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ytoplankton chlorophyll-a (chla) concentrations in turbid waters by means of
remote sensing is challenging due to the optical complexity of case 2 waters. We have applied a recently
developed model of the form [Rrs

−1(λ1) − Rrs
−1(λ2)]×Rrs(λ3) where Rrs(λi) is the remote-sensing reflectance at

the wavelength λi, for the estimation of chla concentrations in turbid waters. The objectives of this paper are
(a) to validate the three-band model as well as its special case, the two-band model Rrs−1(λ1)×Rrs(λ3), using
datasets collected over a considerable range of optical properties, trophic status, and geographical locations
in turbid lakes, reservoirs, estuaries, and coastal waters, and (b) to evaluate the extent to which the three-
band model could be applied to the Medium Resolution Imaging Spectrometer (MERIS) and two-band model
could be applied to the Moderate Resolution Imaging Spectroradiometer (MODIS) to estimate chla in turbid
waters.
The three-band model was calibrated and validated using three MERIS spectral bands (660–670 nm, 703.75–
713.75 nm, and 750−757.5 nm), and the 2-band model was tested using twoMODIS spectral bands (λ1=662–672,
λ3=743–753 nm). We assessed the accuracy of chla prediction in four independent datasets without re-
parameterization (adjustment of the coefficients) after initial calibration elsewhere. Although the validation data
set contained widely variable chla (1.2 to 236 mg m−3), Secchi disk depth (0.18 to 4.1 m), and turbidity (1.3 to
78NTU), chla predicted by the three-band algorithmwas strongly correlatedwith observed chla (r2N0.96),with a
precision of 32% and average bias across data sets of −4.9% to 11%. Chla predicted by the two-band algorithmwas
also closely correlated with observed chla (r2N0.92); however, the precision declined to 57%, and average bias
across the data setswas 18% to 50.3%. These findings imply that, provided that an atmospheric correction scheme
for the red and NIR bands is available, the extensive database of MERIS and MODIS imagery could be used for
quantitative monitoring of chla in turbid waters.

© 2008 Elsevier Inc. All rights reserved.
1. Introduction

Remote sensing of water-constituent concentrations is based on
the relationship between the remote-sensing reflectance, Rrs(λ), and
the inherent optical properties, namely, the total absorption (a) and
the backscattering (bb) coefficients (e.g., Gordon et al., 1988):

Rrs λð Þ∝γ
bb λð Þ

a λð Þ þ bb λð Þ ð1Þ

where λ is the wavelength (nm) and γ is dependent on the geometry
of the light field emerging from the water body. a(λ) is the sum of the
n).

l rights reserved.
absorption coefficients of phytoplankton pigments (apigm), colored
dissolved organic matter (aCDOM), tripton (atripton, non-algal particles),
and pure water (awater):

a ¼ apigm þ aCDOM þ atripton þ awater ð2Þ

To retrieve chla concentrations from spectral reflectance, one
needs to isolate the chla absorption coefficient, achla, which is a part of
apigm. In open ocean waters where water and pigments are the
primary components of Eq. (2), chla is typically derived using the blue
and green spectral regions (e.g., Gordon &Morel, 1983; Morel & Prieur,
1977). In turbid waters, however, these spectral regions cannot be
used for retrieving chla because of the overlapping, uncorrelated, and
much larger absorptions of dissolved organic matter and tripton (e.g.,
Dall'Olmo et al., 2003; GKSS,1986; Gitelson,1992; Gons 1999; Gitelson
et al., 1987; 2007).

mailto:gitelson@calmit.unl.edu
http://dx.doi.org/10.1016/j.rse.2008.04.015
http://www.sciencedirect.com/science/journal/00344257


3583A.A. Gitelson et al. / Remote Sensing of Environment 112 (2008) 3582–3593
A variety of algorithms have been developed for retrieving chla in
turbid waters. All are based on the properties of the reflectance peak
near 700 nm (e.g., Gitelson et al., 1985; Gitelson, 1992; Gower et al.,
1999; Stumpf & Tyler, 1988; Vasilkov & Kopelevich, 1982). These
include the ratio of that reflectance peak to the reflectance at 670 nm
(the red chla absorption band), or the ratio R705/R670 (Dekker, 1993;
Gitelson et al., 1985; Gitelson & Kondratyev, 1991; Gitelson, 1992; Han
& Rundquist, 1997; Mittenzwey et al., 1992), and the position of this
peak (Gitelson, 1992). Using vector analysis, Stumpf and Tyler (1988)
showed that the ratio of the near infra-red (NIR) and the red bands of
AVHRR and CZCS can identify phytoplankton blooms and has the
potential to provide estimates of chla above 10 mg m−3 in turbid
estuaries. Gons (1999) and Gons et al. (2000) used the ratio of
reflectances at 704 nm and 672 nm and the absorption and
backscattering coefficients at these wavelengths to assess widely
ranging chla concentrations. In order to obtain bb, the backscattering
coefficient in Eq. (1), reflectance at 775 nm was also used. Later, this
algorithm was adapted for use with MERIS satellite imagery (Gons et
al., 2002). This MERIS algorithm was calibrated using spectral data
taken from shipboard measurements and validated for various inland
and coastalwaters coveringa chla concentration rangeof 3–185mgm−3.
Alternatively, good correlations have been found between chla and the
band ratio R725/R675 (Dall'Olmo & Gitelson, 2005; Hoge et al., 1987;
Pierson & Strömbäck, 2000; Yacobi et al., 1995). Ruddick et al. (2001)
analyzed how errors in reflectance measurements affect chla retrievals
for a NIR to red reflectance ratio algorithm with a general choice of
wavelengths. They have found that the effect on chla retrieval depends
strongly on the choice of the NIR wavelength if the error is spectrally
neutral, suggesting a new type of algorithm, where the NIR wavelength
used for retrieval is chosen dynamically for each spectrum to be
processed. A prerequisite for application of the algorithm is the
availability of reflectance data with sufficient spectral resolution in the
700–740-nm range and goodwavelength accuracy to enable the critical
NIR wavelength to be accurately located.

Recently, Dall'Olmo et al. (2003) provided evidence that a three-
band reflectance model, originally developed for estimating pigment
contents in terrestrial vegetation (Gitelson et al., 2003, 2005), could
also be used to assess chla in turbid waters. Themodel relates pigment
concentration to reflectance R(λi) in three spectral bands λi (Gitelson
et al., 2003):

Pigment concentration∝ R−1 λ1ð Þ−R−1 λ2ð Þ� �� R λ3ð Þ ð3Þ

Reciprocal reflectance in the first spectral band λ1, R−1(λ1)~ (achla +
aCDOM+atripton+awater+bb) / bb, should be maximally sensitive to achla;
thismeans thatλ1 has to be restrictedwithin the range of 660 to 690 nm
(Dall'Olmo&Gitelson, 2005). However, in addition to absorptionbychla,
R−1(λ1) is also affected by absorption by tripton, CDOM, and water as
well as backscattering by all particulate matter bb. The effect of (atripton+
aCDOM) and bb (in the denominator of Eq. (1)) can be minimized using a
second spectral band,whereR−1(λ2) isminimally sensitive to absorption
by chla (i.e., achla(λ2) bb achla(λ1)) and (atripton+aCDOM) in band λ2 is quite
close to that in band λ1. Thus, this band position should meet two
conflicting requirements: (a) to be quite close to λ1 in order to meet the
requirement atripton(λ1) ~ atripton(λ2) and aCDOM(λ1) ~ aCDOM(λ2) and (b)
it should be quite far from λ1 to provide achla(λ2) bb achla(λ1). It was
shown that λ2 should be in the range from 710 to 730 nm (Dall'Olmo &
Gitelson, 2006; Gitelson et al., 2007). The underlying assumption is that
both (atripton+aCDOM) and bb are spectrally flat in the red-NIR region. The
difference, R−1(λ1) − R−1(λ2) ~ [achla (λ1)+awater(λ1) − awater(λ2)] / bb,
however, is still affected by bb; if backscattering varies between
samples, the model output would be different for the same chla. To
account for this, a third spectral band λ3 has been used, where re-
flectance is minimally affected by achla, atripton, and aCDOM, and the
total absorption at λ3 is a measure of the absorption by water, i.e.
a(λ3) ~ awater. The NIR range, where a ≫ bb and RNIR ~ bb, meets
these conditions (e.g., Babin & Stramski, 2002; Gons, 1999). Thus,
the three-band model [R−1(λ1) − R−1(λ2)] ×R(λ3) ~ achla (λ1); it
allows one to isolate the chla absorption coefficient. The two-band
model R−1(λ1) ×R(λ3) is a special case of the conceptual model (Eq.
(3)) when achla(λ1) ≫ bb, and achla(λ1) ≫ atripton(λ1) + aCDOM(λ1)
(Dall'Olmo & Gitelson, 2005).

The algorithmfor chla estimationwas testedusingobservations from
lakes and reservoirs with variable optical properties in Nebraska and
Iowa (Dall'Olmo&Gitelson, 2005). Itwas found that thevariability in the
quantum yield of chla fluorescence, and the chla specific absorption
coefficient, among other factors, considerably affect the accuracy of
remote chla estimation (Dall'Olmo & Gitelson, 2006). Instead of re-
parameterization of the models (adjustment of the coefficients) for
water bodies with specific optical properties, Dall'Olmo and Gitelson
(2006) suggested tuning the spectral band positions in order to mini-
mize these effects.

Thus, to use this model for chla estimation over a wide range of
optical properties, trophic conditions and geographical locations, the
positions of the spectral bands and their widths must be identified. A
wide bandwidth offers the advantage of improved signal-to-noise
ratios, but the use of wide bandwidths needs to be assessed with
respect to the impact on the ultimate accuracy achieved in determin-
ing the chla concentrationwhen employing a three-bandmodel. Once
the spectral configuration is determined and understood, one should
be able to specify the requirements for a simple three-band radio-
meter having enough sensitivity to measure accurately the low values
of water reflectance in the red and near infra-red regions.

Satellite remote sensing of turbid waters has been hindered by the
lack of an atmospheric correction that does not assume zero water-
leaving radiance in the NIR. An alternative correction scheme based on
the short-wave infra-red bands of the Moderate Resolution Imaging
Spectroradiometer (MODIS) has been recently shown to retrieve accu-
rate water-leaving radiance over optically complex waters (Wang &
Shi, 2005). On the other hand, the Medium Resolution Imaging
Spectrometer (MERIS) is provided with a greater spectral resolution
thanMODIS in the red and NIR. Encouraged by the availability of these
satellite products, we studied the performance of a MERIS implemen-
tation of the three-band model and a two-band model that could be
implemented using MODIS data. Those results are presented here.

The study had three objectives: (a) to locate the positions and
widths of the spectral bands of the three-band model and develop an
algorithm for accurate chla assessment, (b) to evaluate the accuracy of
the three-band algorithm with wide spectral bands and with no re-
parameterization (adjustment of coefficients), and (c) to test the
three-band algorithmwith the spectral bands of MERIS and to test the
two-band algorithm with the spectral bands of MODIS.

2. Data, methods and techniques

2.1. Datasets used

To assess the accuracyof themodel inpredicting chla concentrations,
five independent datasets containing the spectral optical properties of
the water column were used. The first dataset was used for model
calibration, while the second through fifth were used for model
validation. The calibration dataset containing 145 samples was taken
in 2001–2002 in lakes and reservoirs in Nebraska and Iowa. Two
complementary types of Eastern Nebraskawater bodies were sampled:
(1) sandpit lakes with particulates dominated by algae, and (2) re-
servoirs, where a gradient of suspended sediments is elevated near the
inlet and gradually declines towards the dam. Data were collected in 19
campaigns, from June 2001 to October 2001 and from May 2002 to
October 2002. The calibration dataset also included 16 stations collected
at Lake Okoboji, Iowa (for details see Dall'Olmo and Gitelson, 2005). The
second and third datasets were collected from April to October 2003
and 2005 in sandpit lakes and reservoirs in Eastern Nebraska and
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contained 155 and 85 stations, respectively. The fourth dataset contain-
ing 17 stationswas collected in LakeMinnetonka (Minnesota) onAugust
17th, 2005 and the fifth one, containing 18 stations, was collected in the
Choptank River (Chesapeake Bay, Maryland) on April 5th–6th, 2006.

2.2. Accuracy assessment

Tofind the optimal positions and thewidth of each bandused in the
conceptual model, the linear best fit functions between chla and the
three-band model (Eq. (3)) were calculated using an iterative
approach. We also found the linear best fit functions between chla
and the two-band model R−1(λ1)×R(λ3) with MODIS spectral bands
(λ1=662–672 nm, λ3=743–753 nm). The accuracy of the chla pre-
dictionwas then assessed for the four validationdatasets by comparing
the predicted chla values with those measured analytically in the
laboratory (described below). This comparison was quantified by
means of the percent difference between predicted chla (chlapred) and
analytically measured chla (chlameas):

ei ¼ 100� chlapred;i−chlameas;i
� �

=chlameas;i ð4Þ

Systematic and random errors were characterized by the mean
normalized bias (MNB) and by the normalized root mean square error
(NRMS), respectively; these metrics were defined as:

MNB ¼ mean eið Þk ð5Þ

NRMS ¼ stdev eið Þk ð6Þ

We also characterized the accuracy of chla predictions for all data
acquired, with some outliers excluded. Stations for which εiN2stdev
(ε) were considered outliers and removed (Zibordi et al., 2004), and
MNB, NRMS, slopes and intercepts of the chlapred,i–chlameas,i relation-
ships were recalculated.

2.3. Field measurements

At each station a standard set of water quality parameters was mea-
sured. These included Secchi disk depth (measured using a standard
white disk) and turbidity (measured using a portable Hach 2100 tur-
bidimeter). In addition, surface water samples were collected at a depth
of 0.5 m below the surface and stored in the dark in a cooler with ice.
Surface sampleswerefilteredon thedayof collectiononGelman typeA/E
glass fiber filters and frozen for laboratory analyses of chla, CDOM, and
TSS (see below).

Hyperspectral reflectance measurements were taken from a boat
using two intercalibrated Ocean Optics USB2000 radiometers. Data
were collected in the range of 400–900 nm with a sampling interval
of 0.3 nm and a spectral resolution of ~ 1.5 nm. Radiometer 1, equip-
ped with a 25° field-of-view optical fiber, was pointed downward
to measure the below-surface upward radiance, Lup(λ) at nadir. The
tip of the optical fiber was kept just below the water surface, on
the sunny side of the boat, by means of a 2-m long, hand-held black
pole. Interferences in the light field by the boat and the equipment
were considered negligible owing to the small diameter (~0.5 cm) of
the tip of the optical fiber and the high turbidity of these waters. Most
of the lakes and reservoirs sampled had rather short fetches (of
the order of tens of meters) and were protected by trees; thus, even
under windy conditions, waves were almost absent, except for the
Choptank, where waves of 1 m occurred on the first day of a two-day
campaign.

To simultaneously measure incident irradiance Einc(λ), radiometer 2,
connected to an optical fiber fitted with a cosine collector, was point-
ed upward and mounted on a 2.5 m mast. The integration time of this
radiometer was up to 10 times shorter than that of radiometer 1. How-
ever, the variations in illumination conditions can be considered negli-
gible during the short time taken to collect one measurement (~30 s),
and the data recorded by radiometer 2 were considered representative
of the overall downward irradiance. Solar zenith angles ranged from
approximately 20° to a maximum of 55°. All measurements were taken
over optically deep water.

Tomatch the transfer functions of the radiometers, intercalibration
of the instruments was accomplished by measuring simultaneously
the upwelling radiance Lcal(λ) from a white Spectralon reflectance
standard (Labsphere, Inc., North Sutton, NH) and the corresponding
incident irradiance Ecal(λ). The above-water surface remote-sensing
reflectance at nadir was computed as:

Rrs λð Þ ¼ tF λð Þ Lup λð Þ Ecal λð Þ
n2π Einc λð Þ Lcal λð Þ Rcal λð Þ ð7Þ

where Lup(λ) is the below-surface upwelling radiance at nadir, Lcal(λ) is
the upwelling radiance from the white Spectralon reflectance stan-
dard, Ecal(λ) is the irradiance incident on the calibration panel, Rcal(λ)
is the reflectance of the Spectralonpanel linearly interpolated tomatch
the band centers of each radiometer, t is thewater-to-air transmittance
taken equal to 0.98, n is the refractive index of water relative to air
taken equal to 1.33, F is the spectral immersion factor computed fol-
lowing Ohde and Siegel (2003), and π is used to transform the irra-
diance reflectance R into a remote-sensing reflectance. Collection of
spectrawas done using an in-house datamanagement program, CDAP/
CALMIT, University of Nebraska-Lincoln.

The critical issue with regard to the dual-fiber approach is that the
transfer functions, which describe the relationship of the incident flux
impinging on the sensor to the data numbers produced by both radio-
meters, should be identical. We studied the identity of the two radio-
meters used in this study and confirmed that the difference between
their transfer functionsdidnot exceed0.4% (Dall'Olmo&Gitelson, 2005).

While measuring the ‘just-below-surface’ radiance, the tip of the
optical fiber was held at 5 cm depth below the water surface to the
extent possible, with the primary limiting factors being the ability to
hold themeasurement pole at the same level during the entire period of
measurement and the surface roughness of the water body. On a few
occasions, because of choppy and windy weather conditions, it was
found virtually impossible to hold the tip of the optical fiber at the same
depth. Hence we quantified the error associated with the discrepancy
between the actual tip position and the assumed tip position (5 cm
below the water surface) and its effect on the estimation of chla
concentration. By tying the optical fiber to a graduated stick, the
upwelling radiance was measured at different depths (at least four) in
the water body, starting from around 5 cm below the surface down to
70 cmbelow the surface. Several scanswere taken at each depth and for
each scan the downwelling irradiance was also measured simulta-
neously through the cosine collector mounted on top of the boat.
Median values were taken for each depth at the different stations. The
deepest depth at which the measurements were takenwas determined
case-by-case by examining the signals as they were recorded. For very
turbid lakes, the deepest level at which the measurements were taken
was about 30 cm below the surface, whereas, for relatively clear lakes, it
was about 70 cm. However, measurements were taken from at least
four depths regardless of turbidity.

There were 85 stations measured in 2005 in Nebraska lakes and re-
servoirs, 17 stations in Lake Minnetonka, and 12 stations in the Choptank
River. For each station, the vertical diffuse attenuation coefficient of the
water column for upward radiance, Ku(λ), was calculated according to
the Lambert–Beer law for each interval between the four depths:

Lupz2
λð Þ=Lupz1

λð Þ ¼ e−Kuz ð8Þ

where Lupz1
λð Þ is the upward radiance at the upper level, Lupz2

λð Þ is the
upward radiance at the lower level, and z is the depth difference (in
meters) between the two levels.



Table 1
Descriptive statistics of the optical water quality parameters measured: TSS, total
suspended solids; ISS, inorganic suspended solids; OSS, organic suspended solids;
aCDOM (440 nm), absorption coefficient of CDOM at 440 nm; atrip(440), absorption
coefficient of tripton at 440 nm; SD, standard deviation and CV = (SD/average of
parameter), coefficient of variation in %

a. Calibration dataset. Nebraska & Iowa lakes and reservoirs measured in 2001–2002,
145 Stations

Min Max Median Average SD CV

Chlorophyll-a, mg m−3 4.4 217.3 36.1 46.3 41.2 89
Secchi disk depth, cm 18 299 63 81 56.8 70
Turbidity, NTU 1.7 78.0 16.9 20.1 15.7 78
TSS, mg L−1 0.2 213.5 14.0 20.4 25.9 127
OSS, mg L−1 0.5 213.5 10.0 13.7 25.8 188
ISS, mg L−1 0.0 139.8 2.5 7.6 15.3 201
aCDOM(440), m−1 0.5 4.4 1.0 1.2 0.66 55
atrip(440), m−1 0.4 6.7 2.0 2.2 1.34 60

b. First validation dataset. Nebraska lakes and reservoirs measured in 2003, 155 stations

Min Max Median Average SD CV

Chlorophyll-a, mg m−3 1.7 236.5 18.4 26.6 32.99 124
Secchi disk depth (cm) 27 409 83 111 79.66 72
Turbidity, NTU 1.3 67.5 8.5 11.6 10.08 87
TSS, mg L−1 2.0 45.5 11.5 14.6 9.97 68
OSS, mg L−1 2.0 34.5 8.0 9.3 5.76 62
ISS, mg L−1 0 32.0 1.8 5.2 6.85 131
aCDOM(440), m−1 0 4.4 0.9 1.3 1.01 78
atrip(440), m−1 0.3 6.5 1.3 1.5 0.98 64

c. Second validation dataset. Nebraska lakes and reservoirs measured in 2005, 85
stations

Min Max Median Average SD CV

Chlorophyll-a, mg m−3 1.2 202.8 15.0 41.2 50.1 122
Secchi disk depth (cm) 21 371 93 104 73.9 71
Turbidity, NTU 1.6 57.0 7.2 14.0 13.3 95
TSS, mg L−1 2.0 32.5 7.8 12.0 9.0 75
ISS, mg L−1 1.8 28.6 6.7 10.03 8.3 82
aCDOM(440), m−1 0.3 1.77 0.62 0.68 0.30 44
atrip(440), m−1 0.13 4.34 0.78 0.94 0.75 80

d. Third validation dataset. Lake Minnetonka, Minnesota, August 2005, 17 stations

Min Max Median Average SD CV

Chlorophyll-a, mg m−3 7.03 97.1 16.39 32.2 26.4 0.99
Secchi disk depth (cm) 40 310 120 141 90 0.68
TSS, mg L−1 2.8 19 5.2 8.6 5.9 0.69

e. Fourth validation dataset. Choptank River, Maryland, April 2006, 18 stations

Min Max Median Average SD CV

Chlorophyll-a, mg m−3 4.26 60.9 8.7 15.6 14.2 0.91
Turbidity, NTU 8.9 25.3 13.9 15.1 25.3 1.68
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The reflectance at the uppermost level (z1) was then calculated
from the radiance extrapolated to z1 from the measured radiance at z3
by plugging the calculated Ku into the Lambert–Beer's equation and
rearranging the terms. The reflectance thus calculated at z1=5 cmwas
treated as the predicted reflectance value to be compared with the
actual reflectance measured at what was assumed to be z1. The
relative error associated with the variation in tip position from the
assumed 5 cm depth was calculated using Eq. (4) where chlapred,i is
chla concentration retrieved from reflectance calculated at z1=5 cm,
and chlameas,i is chla concentration retrieved from reflectance
measured at the assumed tip position. Assessment of the error
associated with the departure of the position of the tip of the fiber-
optic from the assumed depth below the water surface is presented in
the Appendix A. The relationship between chla predicted by the three-
band algorithm and chla measured was very close with r2N0.99,
RMSE=1.83 mg m−3. The three-band algorithm overestimated chla
with MNB=2.49% and NRMS=7.16%. The relationship between chla
predicted by the two-band algorithm and chla measured was very
close with r2=0.99, RMSE=2.78 mg m−3. The two-band algorithm
underestimated chla with MNB=−9.9% and NRMS=13.9%.

2.4. Laboratory measurements

Pigment samples were extracted in hot ethanol, and chla
concentration was quantified fluorometrically (Welschmeyer, 1994).
The concentrations of total suspended solids (TSS), organic suspended
solids (OSS), and inorganic suspended solids (ISS) were determined
gravimetrically (American Public Health Association, 1998). Spectral
measurements of absorption by the constituents on filters were
carried out for the datasets collected in 2002, 2003, and 2005
immediately after every field campaign with a Cary 100 Varian
spectrophotometer (detail in Dall'Olmo & Gitelson, 2005).

3. Results

3.1. Constituent concentrations and compositions

The datasets encompassed varying optical conditions and included
a wide range of phytoplankton taxonomic groups including Chryso-
phyta, Chlorophyta, Cyanophyta, Cryptophyta, and Pyrrophyta (details
in Dall'Olmo and Gitelson, 2005; Dall'Olmo et al., 2005). In each of the
datasets taken in Nebraska and Iowa from 2001 through 2005, the
concentrations of chla, TSS, OSS, and ISS, as well as the Secchi disk
depth and turbidity, varied over two orders of magnitude (e.g., 1–
240mg chlam−3, 0.2–210mg TSS L−1). In LakeMinnetonka chla varied
more than ten-fold while Secchi depth and TSS spanned seven-fold
and six-fold, respectively. In the Choptank River chla varied fourteen-
fold and turbidity changed more than two-fold (Table 1).

As in the case of the first dataset taken in Nebraska in 2001–2002
(Dall'Olmo & Gitelson, 2005), chla and TSS in the subsequent datasets
were not significantly correlated (pN0.05). For all datasets, the
coefficient of determination (r2) for a linear relationship between
chla and TSSwas lower than 0.1 (pN0.8, see also Fig. 2 in Gitelson et al.,
2007). The lack of a significant relationship between chla and TSS
indicated that each parameter was independently controlling the
optical properties of these waters, thereby confirming that these were
Case 2 waters (Morel & Prieur, 1977).

3.2. Reflectance spectra

Remote-sensing reflectance was highly variable over the visible
and NIR spectral regions. Spectra recorded in all five datasets, shown
in Fig. 1, were quite similar in magnitude and shape to typical
reflectance spectra collected in turbid waters (Dall'Olmo & Gitelson,
2005; Gitelson et al., 2000; Lee et al., 1994; Schalles 2006). Reflectance
in the blue range (400–500 nm) was very low. In the lakes and
reservoirs of Nebraska and Iowa (Fig. 1A), the reflectance was below
0.005 sr−1 with more than ten-fold variation between stations. In Lake
Minnetonka the blue reflectance was even lower (below 0.003 sr−1).
Reflectance in this spectral region did not have pronounced spectral
features for the broad range of turbidity and chla concentrations at all
sites; a reflectance minimum near 440 nm, corresponding to the chla
absorption peak, was distinct only when chla was above 150 mg m−3

(e.g., Fig. 1C).
Reflectance in the green range (500–600 nm) was much higher

than in the blue range (Fig. 1). Green reflectance (around 550 nm)
varied from 0.002 through 0.02 sr−1 for the lakes and reservoirs in
Nebraska, manifesting high variability in scattering and also in aCDOM
and atript between samples. In Lake Minnetonka and the Choptank
River, the variability of green reflectance was lower (three-fold and
four-fold, respectively), and minimal reflectance values were not as
low as for the lakes and reservoirs in Nebraska and Iowa (about
0.005 sr− 1 as opposed to 0.002 sr− 1).

Multiple factors contribute to the reflectance patterns in the blue
and green spectral regions. These include absorption by dissolved



Fig. 1. Remote-sensing reflectance spectra used in this study. (A)–(C) Reflectance spectra of Nebraska and Iowa lakes and reservoirs taken in 2001 and 2002 (A), 2003 (B), 2005 (C).
(D) Reflectance spectra taken over Lake Minnetonka in 2005. (E) Reflectance spectra taken over Chesapeake Bay, Choptank River, Maryland in 2006. Coefficient of variation is
calculated as std/average (R), where std is standard deviation of reflectance, R.
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organic matter and tripton as well as backscattering by particulate
matter. As a result, the blue to green ratio R(440)/R(550) used in open
ocean waters (e.g., Gordon & Morel, 1983) was poorly related to chla.
For all datasets, the r2 of the chla vs. R(440)/R(550) relationship was
below 0.3, although statistically significant (pb0.01); thus, this
algorithm was inadequate for estimating chla with precision in
these Case 2 waters (see also Fig. 4 in Dall'Olmo et al. (2005) for
Nebraska lakes and reservoirs and Fig. 4 in Gitelson et al. (2007) for
Chesapeake Bay and its tributaries).
In the red region (600–700 nm) reflectance had several spectral
features. Waters containing blue-green algae (e.g., Simis et al., 2005)
exhibited a reflectance trough around 625 nm (Fig. 1). A second
minimum around 675 nm corresponds to the red chla absorption
maximum and was pronounced for chla above 10 mg m−3. However,
as in Dall'Olmo and Gitelson (2005) and Gitelson et al. (2007), the
reflectance around 675 nm was poorly correlated with chla con-
centrations, which was responsible for only 3 to 5% variation in Rrs

(675). As described above, in addition to chla, the reflectance near



Fig. 2. Root mean square error of chla estimation in the calibration dataset plotted as a
function of wavelength for λ2 (A), λ3 (B) and λ1 (C). Minimal values of RMSE have been
found for λ1 in the range 665 through 676 nm. For λ2 the range was 700–735 nm, and
for λ3 the range was 733–780 nm.

Fig. 3. Chlorophyll-a concentrations measured in Nebraska and Iowa lakes and re-
servoirs in 2001 through 2002 plotted versus predicted chlorophyll-a using the three-
band model (Eq. (9)). Dotted lines indicate two RMSE of chla estimation.
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675 nm was also affected by absorption and scattering by other
constituents.

A distinct peak located between 690 nm and 715 nm (with the
peak towards 690 nm for low chla and towards 715 nm for high chla),
appeared in almost all spectra for chla exceeding 5 mg m−3. This peak
is the result of both high backscattering and a minimum in absorption
by all optically active constituents including pure water (Gitelson et
al., 1985; Gitelson, 1992; Vasilkov & Kopelevich, 1982; Vos et al., 1986).
The magnitude of the peak varied widely, being comparable to the
magnitude of the green peak for moderate-to-high chla (Fig. 1). As in
other turbid waters, chla was poorly related to the magnitude of the
peak; for all datasets the r2 of the peakmagnitude vs. chla relationship
was between 0.02 and 0.07 (pN0.7), which illustrates that back-
scattering by inorganic and non-living organic suspended matter
played a critical role and largely controlled reflectance in this spectral
region.

Finally, reflectance in the near infra-red range (NIR, 700–750 nm)
varied widely, reaching 0.008 sr−1 and being consistently higher than
the reflectance in the blue range (Fig. 1). The coefficient of variation of
reflectance in this spectral region was greater than in the blue, green,
or red portions of the spectrum, varying between 75% and 110% for the
lakes and reservoirs in Nebraska and Iowa as well as for Lake
Minnetonka, and above 30% for Choptank River (Fig. 1). In this region
of the spectrum, the reflectance is mostly controlled by the scattering
by all particulate matter. Wide variations of NIR reflectance suggests
large variations in inorganic and organic suspended matters in the
waters studied as confirmed by the ancillary data presented in Table 1.

3.3. Model calibration

In order to find the optimal positions of λ1, λ2, and λ3 and the
width of each band in the conceptual model (Eq. (3)), we tuned the
model according to the optical properties of the water bodies studied.
The calibration dataset contained 145 samples taken over water
bodies with various optical properties (Table 1). To find the optimal
position of λ2, we chose initial λ1=670 nm, within the range of
maximum red chla absorption, and initial λ3=740 nm, in the NIR
rangewhere variations in particulate backscattering control variations
in reflectance. We regressed the model [Rrs−1(670) − Rrs

−1(λ2)]×Rrs(740)
vs. chla for the range of 600 to 750 nm; the root mean squared error
(RMSE) of chla estimation showed minimal values in a wide range of
λ2 between 700 and 735 nm (Fig. 2A). In the second iteration, we
found λ3, after fixing λ2=720 nm and regressing the model [R−1rs
(670) − Rrs

−1(720)]×Rrs(λ3) vs. chla. The RMSE was minimal in a wide
range of λ3 between 733 and 780 nm (Fig. 2B). In the third iteration,
we found λ1 by regressing the model [Rrs−1(λ1) − Rrs

−1(720)]×Rrs(740) vs.
chla. The RMSE was minimal for λ1 over a range between 658 and
674 nm corresponding to the short-wave wing of the red chla ab-
sorption maximum. Importantly, the spectral bands with minimal
RMSE included the spectral bands of MERIS.

We selected the final values of the bandwidths to be consistent
with the bandwidth of visible bandpass filters (http://www.cheshir-
eoptical.com). Band 1 was defined as 660 through 670 nm, band 2 was
between 700 and 730 nm, and band 3 was between 740 and 760 nm.
Using these bands, the relationship between chla concentration in the
calibration dataset (Table 1a), and the three-band model with the
above spectral bands was highly significant with r2N0.939, pb0.0001
(Fig. 3). Thus the three-band algorithm has the following form:

chla ¼ 23:09F0:98ð Þ þ 117:42F2:49ð Þ R−1
rs 660� 670ð Þ−R−1

rs 700� 730ð Þ� �

�Rrs 740� 760ð Þ ð9Þ

The two-band model, R−1(λ1)×Rrs(λ2), assuming Rrs(λ2)=Rrs(λ3) in
Eq. (3), was calibrated with the spectral bands of MODIS (Band
1=662–672 nm, Band 2=743–753 nm). The relationship between chla

http://www.cheshireoptical.com
http://www.cheshireoptical.com


Table 2a
Results of the three-band algorithm (Eq. (9)) validation with wavebands λ1=660–
670 nm, λ2=700–730 nm, λ3=740–760 nm

Datasets N n (se)
mg m−3

m (se) r2 NRMS
%

MNB
%

RMSE
mg m−3

CV %

NE&IA-2003 155 2.84 (0.86) 0.89 (0.02) 0.91 52.6 2.73 8.7 32.6
NE-2005 85 4.57 (1.1) 0.95 (0.02) 0.97 46.0 14.9 11.2 27.3
Lake
Minnetonka

17 −2.39 (0.7) 1.07 (0.03) 0.98 20.7 −12.2 4.2 13.7

Choptank
River

18 3.33 (1.2) 0.96 (0.02) 0.93 47.9 29.7 6.0 38.1

All together 275 4.32(0.90) 0.94 (0.02) 0.96 51.9 18.3 7.8

N is the number of samples. m and n are the slope and intercept, respectively, of the
chlapred vs. chlameas linear relationship with their standard errors (se) and the
coefficient of determination (r2); NRMS = stdev (εi) % is the normalized root mean
square error; MNB = mean (εi) % is the mean normalized bias; RMSE is the root mean
squared error of chla prediction and CV = RMSE/mean chla is the coefficient of variation.
All parameters are statistically significant (pb0.0001).
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concentration and the two-band model with MODIS spectral bands
was also found to be linear and highly significant (r2=0.928,
pb0.0001, Fig. 4). The two-band algorithm has the following form:

chla ¼ − 16:2F1:8ð Þ þ 136:3F3:2ð Þ
� R−1

rs 662�672ð Þ � Rrs 743�753ð Þ� � ð10Þ

3.4. Evaluation of algorithm accuracy

In this section of the paper, we present the evaluation of the
performance of the three-band algorithm with wide spectral bands
(Eq. (9)) and the two-band algorithm with MODIS spectral bands (Eq.
(10)). The evaluation was based on comparison of the chla concentra-
tions predicted by these algorithms with chla concentrations
measured analytically for four independent datasets (Table 1b–e).

3.4.1. Three-band algorithm validation
Comparison of the measured (chlameas) and predicted (chlapred)

estimates of chla by the three-band algorithm (Eq. (9)) is presented in
Tables 2a and 2b and Fig. 5A and B. For chla ranging from 1.2 to 236mg
m−3, the RMSE of chla prediction did not exceed 7.8 mg m−3. The
slopes of linear relationships between chlapred and chlameas varied
among the datasets from 0.89 to 1.07 (Table 2a). The three-band
algorithm predicted chla with a relative random uncertainty across
the data sets from 20.7% to 52.6%with average bias between 2.73% and
29.7%. When it was applied to all data together the algorithm
predicted chla with a relative random uncertainty of 51.9% and with
average bias of 18.3%. Chla below 10 mg m−3 contributed greatly to
NRMS and MNB (Table 2a).

When we ignored outliers with εN2stdev(ε), both the systematic
and random errors decreased significantly (Table 2b). While the
magnitudes of relative random uncertainties were still highest for chla
below 10 mg m−3, NRMS ranged from 15 to 37%, and bias varied from
−5 to 11%. It is noteworthy that the removal of outliers changed
significantly neither the slope nor the RMSE of chla estimation.
However, the removal of outliers did move the intercept closer to the
origin for each dataset. For all datasets combined, the r2 for the
relationship between chlapred and chlameas was 0.96 (pb0.0001) with
a slope of 0.95±0.02 and a RMSE of chla prediction of 7.8 mg m−3,
averaging 15% of the observed chla.

3.4.2. Two-band algorithm validation
Comparison of the measured and predicted estimates of chla by

the two-band algorithm with MODIS spectral bands is presented in
Fig. 4. Chlorophyll-a concentrations measured in Nebraska and Iowa lakes and
reservoirs in 2001 and 2002 plotted versus chlorophyll-a predicted by the two-band
model using the MODIS spectral bands (Eq. (10). Dotted lines indicate two RMSE of chla
estimation.
Tables 3a and 3b and Fig. 6. For the range of chla from 1.2 to
236 mg m−3 RMSE of chla prediction was below 13.2 mg m−3

(Table 3a) and averaged 27% of the observed chla. Slopes of the
chlapred vs. chlameas relationships ranged over 0.91–0.98 for each
site, the slope for all data was 0.92±0.02. The two-band algorithm
predicted chla with a relative random uncertainty across the data
sets from 18% to 92% with average bias between 31% and 95%.
When it was applied to all data together, the algorithm over-
estimated chla concentration with average bias of 53%.

Importantly, RMSE of chla prediction for each dataset was higher
than that for the three-band algorithm. As for the three-band
algorithm, the highest values of relative random error were found
for chla concentrations below 10mgm−3, whichmainly contributed to
high MNB and NRMS (Fig. 6B). In 6 out of 275 cases, all with
chlab5 mg m−3, the two-band algorithm prediction was six times
higher than the measured chla. Importantly, however, when outliers
with εN2stdev(ε) were omitted from the error analysis, the resulting
mean error was significantly smaller (Table 3b, Fig. 6). Among
individual datasets, MNB ranged from 18% to 56% and NRMS from
18% to 80%, and for all data together, MNBwas 34%, NRMSwas 51% and
RMSE of chla prediction wasb11 mg m−3.

4. Discussion

The three-band model (Eq. (3)) was calibrated using data taken
over lakes and reservoirs in Nebraska and Iowa and the specific form
of this model as expressed by the three-band algorithm in Eq. (9) was
applied for predicting chla concentrations for four independent
datasets taken in inland and estuarine waters. It was found that this
algorithm does not require further optimization of spectral band
positions and site-specific parameterization to accurately estimate
chla in water bodies with widely varying bio-optical characteristics
(Table 1).
Table 2b
Results of three-band algorithm (Eq. (9)) validation after removing outliers with
εN2stdev(ε)

Datasets N n (se)
mg m−3

m (se) r2 NRMS
%

MNB
%

RMSE
mg m−3

CV %

NE&IA-2003 146 2.46 (0.95) 0.89 (0.02) 0.93 26.2 5.4 8.3 31.2
NE-2005 78 3.78 (1.05) 0.95 (0.02) 0.97 36.8 4.9 8.6 20.9
Lake
Minnetonka

14 −1.31 (0.71) 1.05 (0.03) 0.98 14.8 −4.9 4.6 14.8

Choptank
River

15 1.45 (0.64) 1.01 (0.02) 0.96 21.1 11.1 3.5 22.0

All together 253 2.17 (0.55) 0.95 (0.02) 0.96 32.1 7.25 7.8

All parameters are statistically significant (pb0.0001).



Table 3b
Results of two-band algorithm (Eq. (10)) validation after removing outliers with
εN2stdev(ε)

Datasets N n (se)
mg m−3

m (se) r2 NRMS
%

MNB
%

RMSE
mg m−3

CV %

NE&IA-2003 141 4.55 (0.95) 0.95 (0.02) 0.92 36.2 18.6 10.2 38.2
NE-2005 73 12.10 (1.8) 0.94 (0.02) 0.94 57.3 50.3 14.8 36.1
Lake
Minnetonka

13 6.82 (0.71) 0.94 (0.03) 0.98 25.3 25.5 6.15 42.1

Choptank
River

14 11.91 (0.8) 0.98 (0.02) 0.94 15.2 31.2 10.7 68.0

All together 241 6.16 (0.7) 0.97 (0.02) 0.95 33.0 22.9 10.9

All parameters are statistically significant (pb0.0001).

Fig. 5. Comparison between the chlorophyll-a concentration predicted by the three-
band algorithm (Eq. (9)) and lab measured chlorophyll-a in water samples.
(A) Chlorophyll predicted versus measured for four validation datasets; filled circles
are outliers with εiN2stdev(ε). (B) The relative error of chla prediction plotted versus
measured chla concentration.
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Findings in this paper are in accord with the results of sensitivity
analyses of the two-band and three-band models (Dall'Olmo &
Gitelson, 2006). We found that the three-band algorithm was more
accurate in chla assessment with λ1 between 658 and 674 nm, where
it was expected to be minimally sensitive to variation in specific chla
absorption coefficient among the different samples (Dall'Olmo &
Gitelson 2006).
Table 3a
Results of the two-band algorithm (Eq. (10)) validation with wavebands λ1=673–
683 nm, λ2=λ3=743–753 nm

Datasets N n (se)
mg m−3

m (se) r2 NRMS % MNB % RMSE
mg m−3

CV %

NE&IA-2003 155 5 (0.86) 0.94 (0.02) 0.92 59.2 31.7 12.3 46.3
NE-2005 85 14.5 (2.1) 0.91 (0.02) 0.94 89.3 73.1 15.8 38.4
Lake
Minnetonka

17 8.7 (0.7) 0.92 (0.03) 0.98 49.8 49.1 7.5 67.0

Choptank
River

18 12.1 (1.8) 0.98 (0.02) 0.93 18.3 47.3 11.9 76.0

All together 275 10.8 (1.3) 0.92 (0.02) 0.92 90.2 53.3 13.2

N is the number of samples. m and n are the slope and intercept, respectively, of the
chlapred vs. chlameas linear relationship with their standard errors (se) and the
coefficient of determination (r2); NRMS = stdev (εi) % is the normalized root mean
square error; MNB = mean (εi) % is the mean normalized bias; RMSE is the root mean
squared error of chla prediction and CV = RMSE/mean chla is the coefficient of variation.
All parameters are statistically significant (pb0.0001).
In the Chesapeake Bay and its tributaries minimal RMSE was also
achieved for λ1 in this spectral range (Gitelson et al., 2007). Dall'Olmo
and Gitelson (2005) found that maximal RMSE occurred in a narrow
range of λ1 near 685 nm, where the models are strongly affected by
variability in quantum yield of chla fluorescence. For Chesapeake Bay
data, Gitelson et al. (2007) showed that even a slight shift in λ1 from
667 nm to a longer wavelength (678 nm) resulted in considerable
increase in RMSE of chla estimation. Gons et al. (2002) suggested that
“by the use of the 664 nm instead of the 672 nmwaveband, the MERIS
algorithmmight be less accurate than the original because the shorter
wavelength is off the red absorption peak of chla." In contrast, the
sensitivity analysis of Dall'Olmo and Gitelson (2006) showed that the
use of shorter waveband is preferable for three-band algorithm. For
the calibration dataset and the four datasets used in this study for
algorithm validation, the range of 660 to 674 for λ1 achieved minimal
RMSE values.

The algorithm by Gons and collaborators was successfully used for
chla retrieval in turbid waters of the Hudson/Raritan Estuary and of
European lakes and coastal waters (Gons et al., 2000, 2002). The
performance of the algorithm of Gons et al. (2000) was compared by
Dall'Olmo and Gitelson (2005) with the performance of the three-
band algorithm. The accuracy yielded by the three-band algorithm
was better than that yielded by the algorithm of Gons et al. (2000). The
RMSE of chla estimation by the three-band algorithmwas 15 mg m− 3

as opposed to the RMSE of 77mgm−3 from the algorithm of Gons et al.
(2000): see Table 4 in Dall'Olmo and Gitelson (2005) Erratum.
However, it should be noted that the Gons et al. (2000) algorithm
employs a band at 775 nmwhere the noise of radiometers used in the
Dall'Olmo and Gitelson (2005) studywas significant. It might be one of
the reasons for the poor performance of the Gons et al. (2000)
algorithm.

In comparing the performance of the three-band algorithm
(Eq. (9), Figs. 6 and 8) and the algorithm by Gons et al. (2002, Fig. 1),
both adapted for MERIS spectral bands, it was found that the RMSE of
chla prediction was comparable: 7.8 mg m−3 in the algorithm Eq. (9)
versus 9.2 mg m−3 in Gons et al. (2002) algorithm. However, for chla
concentrations below 20 mg m−3, there is significant and systematic
overestimation of chla by the original formulation of the Gons et al.
(2000, Fig. 2) algorithm aswell as by the algorithm adapted for MERIS:
Fig. 1 in Gons et al. (2002). These authors suggested that non-
phytoplankton absorption may explain the tendency to overestimate
chla. Neither Fig. 6A and B nor Fig. 8A indicated such overestimation of
low to moderate chla concentration by the three-band model.

It is noteworthy that the three-band algorithm with wide spectral
bands, optimized for the calibration dataset, enabled accurate chla
predictions ranging over 1.2 to 236.5 mg m−3 (RMSEb7.8 mg m−3),
despite the fact that these water bodies had very different composi-
tions of optically active constituents (chla, tripton, CDOM) and despite
the differences in the taxonomy of phytoplankton (Dall'Olmo and
Gitelson, 2005). Importantly, the three-band algorithm validated in
this study does not require adjustment of the coefficients and does not



Fig. 7. Remote-sensing reflectance spectra taken in 2003 in Nebraska lakes. Chlorophyll-
a concentration was 7.7 and 7.8 mg m−3 while concentrations of TSS were 8.3 g m−3

(thick line) and 4.2 g m−3 (thin line).

Fig. 6. Comparison between the chlorophyll-a concentration predicted by the two-band
algorithm with MODIS spectral bands (Eq. (10) and lab measured chlorophyll in water
samples. (A) chlorophyll predicted versus measured for four validation datasets; filled
circles are outliers with εiN2stdev(ε), (B) the relative error of chla prediction plotted
versus measured chla concentration.
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need inputs consisting of the actual inherent optical properties of the
constituents, which can be variable and difficult to obtain. Addition-
ally, the cost associated with hand-held radiometers and/or simple
three-band cameras allow their use for monitoring the diverse
conditions of coastal and inland waters by means of close range
sensing (from boat) or/and remote sensing (from aircraft).

Importantly, the three-band algorithm was calibrated and vali-
dated with spectral bands that were wider than the channels of the
MERIS system (band 1: 660–670 nm, band 2: 703.75–713.75 nm, band
3: 750–757.5 nm). Therefore, errors of chla prediction by the three-
band algorithm, as calculated for the simulated MERIS bands, are
actually contained within those for the wider channels shown in
Tables 2a and 2b. Therefore, provided that the atmospheric correction
for the red and the NIR regions is available, the MERIS imagery can be
used for accurate quantitative monitoring of chla in turbid waters
where the blue-green algorithms are not useful. The three-band
algorithm described here appears to offer a robust alternative to both
the neural network approach, which is used as the standard MERIS
chla product and the Gons et al. (2002 algorithm that showed
promising results when applied to turbid waters. More work is
required to explore the performance of these algorithms for retrieval
of chla concentration from MERIS imagery. It is also necessary to
understand whether three-band and Gons et al. (2002 algorithms
need site-specific re-parameterization when used for chla estimation
using MERIS imagery.

We also evaluated the accuracy of the two-band algorithm with
MODIS spectral bands (Eq. (10)) for monitoring chla concentrations in
coastal and inland waters. In the range of chla 1.2 to 236.5 mgm−3, the
RMSE of chla prediction was higher than for the three-band
algorithm: 13.2 mg m−3 for the two-band algorithm vs. 7.8 mg/m3

for the three-band algorithm (Figs. 5 and 6; Tables 2a and 3a). One of
the reasons for the poorer performance of the 2-band algorithm with
MODIS spectral bands is that the key assumptions (achla(λ1)≫ bb, and
achla(λ1) ≫ atripton(λ1)+aCDOM(λ1)) might not hold for some of the
water bodies studied. For low chla concentration (below 10 mg m−3),
the backscattering coefficient of inorganic and non-living organic
particles or the absorption coefficient of tripton and CDOM might be
comparable in magnitude to the chla absorption coefficient. Thus, for
the same chla concentration, variations in bb and/or atripton and aCDOM
between samples might cause errors in chla assessment. One example
of such a situation is presented in Fig. 7 where two spectra with
practically the same chla (7.7 vs. 7.8 mg m−3), had significantly
different TSS concentrations: 8.3 and 4.2 mg L−1. Higher TSS
concentrations increased the particulate backscattering that, in turn,
caused an enhancement in reflectance both in the visible and
NIR ranges. As a consequence, there was a significant increase
in predicted chla concentration for the sample with higher TSS
(chlapred=11.5 mg m−3 versus chlameas=7.8 mg m−3).

Importantly, chla predictions by the three-band model were not
statistically different between the two samples presented in Fig. 7
(chlapred were 8.0 mg m−3 and 8.2 mg m−3), because the three-band
model completely removes interferences due to backscattering by
means of Rrs(λ2) and Rrs(λ3). The two-band model, on the other hand,
only accounts for variations in backscattering by means of Rrs(λ3) and
thus, becomes a reliable predictor of chla concentration only at high
values of chla absorption (Fig. 6). This limitation was shown in the
theoretical sensitivity analysis by Dall'Olmo and Gitelson (2006).

Thus, for a chla concentration below 10 mg m−3, the output of the
two-band algorithm is sensitive to variation in concentrations of TSS,
tripton and CDOM (see sensitivity analysis in Dall'Olmo & Gitelson,
2006). It prevents using the same calibration equation Eq. (10) for
waters with considerably different TSS, tripton and CDOM concentra-
tions. In Fig. 8 relationships between chla concentration and outputs
of the three-band and two-band algorithms are shown for three
independent data sets taken in 2001–2002, 2003, and 2005. The
relationships involving chla vs. the three-band algorithm were not
statistically different for all three data sets. However, the two-band
algorithmwithMODIS spectral bands resulted in slopes and intercepts
that were significantly different and this difference was most
pronounced for low chla concentrations (Fig. 8B). Trying to under-
stand the reason for the significant difference between the



Fig. 8. Chlorophyll concentration plotted versus 3-band MERIS (A) and 2-band MODIS
(B) algorithms for three validation data sets taken in 2001–2002, 2003 and 2005
(Table 1b, c, and d).
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relationships, we analyzed the composition of constituents (TSS,
tripton and CDOM) in data with chla below 15 mg m−3. While median
absorption coefficients of CDOM and triptonwere similar in these data
sets (Tables 1, 2a, 2b, 3a, 3b), mean TSS concentrations were
considerably different: 4.5 mg L−1 in 2001–2002, 6.0 mg L−1 in
2003, and 6.3mg L−1 in 2005. Thus, for low chla concentrations output
of the two-band algorithm was minimal in 2001–2002 and signifi-
cantly higher in 2003 and 2005 causing decrease in intercepts
comparably to that in 2001–2002.

As a result of this, Eq. (10) (calibrated using 2001–2002 data)
overestimated the low chla concentrations in 2003 and 2005. All
outliers in Fig. 6 belong to samples taken in the 2003 and 2005 data
sets with TSS two- to three-fold higher thanmedian value of TSS in the
calibration data set. Their departure from the 1:1 line is due to a
significant difference in the intercepts in the chla vs. two-band
algorithm relationships (Fig. 8B) between the calibration and valida-
tion data sets. To increase the accuracy of the two-band algorithm
applied to MODIS spectral bands, we suggest site-specific calibration
of Eq. (10) when in the range of chla below 10 mg m−3 or if the water
bodies have significantly different CDOM and TSS concentrations.

Finally, there are a few caveats that need to be considered when
attempting to apply this conceptual model to satellite data. Since the
two-band as well as the three-band algorithms rely strongly on
reflectance in the NIR region, there are some specific hurdles that are
to be expected. The strong absorption by water in the NIR greatly
reduces the magnitude of the recorded signal in the NIR region, thus
reducing the signal-to-noise ratio and enhancing the effect of inherent
noise in the recorded signal. The reflectance at λ3 is a multiplicative
factor in the three-band algorithm, thus making the algorithm
sensitive to the magnitude of reflectance in the NIR. When comparing
multi-temporal data for the same region, vertical offsets can often be
observed among the reflectance spectra. This can be, among other
factors, due to different illumination conditions or surface water
roughness. Whatever be the source, such vertical offsets would have a
higher proportional effect in the NIR region because of the lower
reflectance magnitudes, thus affecting the algorithms output. This
only heightens the necessity for a highly accurate atmospheric
correction procedure that yields reliable reflectances in the NIR
region. However, as yet, no operational atmospheric correction
procedure has been developed that has proved universally robust
in the NIR region across waters of varying geophysical characteristics.
In theory, the method suggested by Wang and Shi (2005), which
involves the use of SWIR bands for aerosol model selection, seems
a feasible option. But our practical experience with MODIS-AQUA
data has shown that the detector noise in the SWIR bands is a big
enough source of error so as to decrease the benefit of the use of SWIR
bands. The lower magnitudes of reflectance also mean that there is
increased susceptibility to the effect of spurious signals from
neighboring land or cloud pixels. The success of the application
of this algorithm to satellite data depends heavily on the accuracy of
the atmospheric correction procedure and the retrieval of accurate
reflectances.

The same conceptual model (Eq. (3)) has also been used for other
applications such as non-destructive pigment retrieval from reflec-
tance spectra of plant leaves (anthocyanins: Gitelson et al., 2001;
carotenoids: Gitelson et al., 2002; chlorophyll: Gitelson et al., 2003a),
fruit peels: Merzlyak et al., 2003, total chlorophyll content, biomass
and gross primary production in crops: Gitelson et al., 2003b, 2005,
2006, as well as chla retrieval in inland turbid waters (Dall'Olmo et al.,
2003; Dall'Olmo and Gitelson 2005, 2006; Gitelson et al., 2007) and
hypereutrophic waters with chla above 3000 mg m−3 (Zimba &
Gitelson, 2006). This study brings additional evidence that the
conceptual model may be considered as a unified approach for remote
quantification of absorbing constituents in a variety of systems with
Case 2 waters.
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Appendix A

To assess the error associated with the departure of the position
of the tip of the fiber-optic from the assumed depth below the
water surface, we calculated chla concentrations (Eqs. (9) and (10))
using reflectances extrapolated to a depth of 5 cm and treated them as
the predicted chla (chlapred). We also used Eqs. (9) and (10) to retrieve
chla from reflectancesmeasured at what was assumed to be a depth of
5 cm and treated them as the measured chla (chlameas). RMSE, MNB
and NRMS were found for three datasets (NE-2005, Lake Minnetonka
and Choptank River). For all three datasets put together, the relation-
ship between chla predicted by the three-band algorithm (Eq. (9)) and
chla measured was very close with r2N0.99, RMSE=1.83 mg m−3,
slope=0.9956, and intercept=0.26 mg m−3 (Fig. 9A). The three-band
algorithm overestimated chla, with MNB=2.49% and NRMS=7.16%.



Fig. 9. Relative errors of chla prediction by (A) three-band algorithm (Eq. (9)) and
(B) two-band algorithm (Eq. (10)) associated with variation of tip position from the
assumed depth 5 cm beneath the water surface for 2005 dataset taken over Nebraska
lakes and reservoirs (NE-2005), Lake Minnetonka and Choptank River.
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The relationship between chla predicted by the two-band algo-
rithm (Eq. (10)) and chla measured was also very close with
r2 =0.9948, RMSE=2.78 mg m− 3, slope=1.055 and intercept=
−4.25 mg/m3. The two-band algorithm underestimated chla, with
MNB=−9.92% and NRMS=13.93% (Fig. 9B).

Positive εtip value means that chlameas, based on reflectance
measured at the assumed 5 cm depth, was lower than chlapred,
retrieved from reflectance extrapolated to 5 cm depth, indicating
an underestimation of measured chla (Figs 5B and 6B) while
negative εtip values indicate an overestimation of measured chla.
Thus, some part of the overestimation of low chla values by the two-
band algorithm might be attributed to the discrepancy in the tip
position.
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