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Today the water quality of many inland and coastal waters is compromised by cultural eutrophication in con-
sequence of increased human agricultural and industrial activities. Remote sensing is widely applied to mon-
itor the trophic state of these waters. This study investigates the performance of near infrared-red models for
the remote estimation of chlorophyll-a concentrations in turbid productive waters and evaluates several near
infrared-red models developed within the last 34 years. Three models were calibrated for a dataset with chlo-
rophyll-a concentrations from 0 to 100 mg m−3 and validated for independent and statistically different
datasets with chlorophyll-a concentrations from 0 to 100 mg m−3 and 0 to 25 mg m−3 for the spectral
bands of the MEdium Resolution Imaging Spectrometer (MERIS) and MODerate resolution Imaging Spectro-
radiometer (MODIS). The MERIS two-band model estimated chlorophyll-a concentrations slightly more accu-
rately than the more complex models, with mean absolute errors of 2.3 mg m−3 for chlorophyll-a
concentrations from 0 to 100 mg m−3 and 1.2 mg m−3 for chlorophyll-a concentrations from 0 to
25 mg m−3. Comparable results from several near infrared-red models with different levels of complexity,
calibrated for inland and coastal waters around the world, indicate a high potential for the development of
a simple universally applicable near infrared-red algorithm.
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1. Introduction

Inland and coastal waters represent complex ecosystems and pro-
vide a multitude of ecosystem services (Costanza et al., 1997) to
human populations. Due to the essential nature of these services for
human welfare, the sustainable management of these ecosystems is
an issue of environmental and political concern, and the development
of new strategies for the sustainable management of inland and
coastal waters might prevent costly measures for the rehabilitation,
treatment, and development of new water supplies in the future.

Remote sensing is widely applied to monitor the trophic state of
inland and coastal waters (e.g., Kallio et al., 2001; Koponen et al.,
2002, 2007; Strömbeck & Pierson, 2001; Thiemann & Kaufmann,
2002) and provides important information for the development of
new strategies for the sustainable management of these ecosystems.
The concentration of chlorophyll-a (chl-a), a pigment found in
every phytoplankton species, is a measure of the productivity of wa-
ters and one of the standard water quality parameters for the evalua-
tion of the trophic state of inland and coastal waters (Baban, 1996;
Carlson, 1977; Lillesand et al., 1983). The estimation of chl-a concen-
trations from remotely sensed data requires the development of algo-
rithms with a maximal sensitivity to the concentration of chl-a and a
minimal sensitivity to the concentrations of the rest of the constitu-
ents present in the water.

Many researchers initially concentrated on the interpretation of
remotely sensed ocean color and the development of algorithms for
oceanic Case I waters (e.g., Gordon & Morel, 1983). In typical Case I
waters, the reflectance is influenced by absorption and scattering by
phytoplankton particles, the associated debris from grazing by zoo-
plankton and natural decay, and colored dissolved organic matter
(CDOM) released from the debris (Bricaud et al., 1981; Gordon &
Morel, 1983; Morel & Prieur, 1977). Case I waters comprise the
open ocean and are found in coastal areas without a continental
shelf and input of terrigenous particles, and in some upwelling re-
gions (Gordon & Morel, 1983). Contrary to Case I waters, the reflec-
tance in Case II waters is controlled by inorganic particles and the
contribution of phytoplankton pigments to total absorption in ideal
Case II waters is minimal (Morel & Prieur, 1977). Reflectance of
Case II waters is influenced by re-suspended sediments, terrigenous
particles and CDOM, and particulate and dissolved materials of an-
thropogenic origin (Gordon &Morel, 1983). Inland and coastal waters
are optically complex and may combine the optical properties of Case
I and Case II waters. Reflectance of these waters is controlled by the
combined effects of absorption and scattering by phytoplankton par-
ticles, inorganic and organic particles, and CDOM.
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Standard algorithms for the estimation of chl-a concentrations in
the open ocean rely on reflectances in the blue and green spectral re-
gions (O'Reilly et al., 2000). In inland and coastal waters, the reflec-
tance in these spectral regions is highly affected by the presence of
particles and CDOM and the combined absorption by phytoplankton
pigments, particles, and CDOM in the blue and green spectral regions
is seldom correlated with the concentration of phytoplankton parti-
cles. Consequently, the algorithms typically applied for the remote es-
timation of chl-a concentrations in oceanic waters are ineffective in
many inland and coastal waters and researchers have directed their
efforts toward the development of different algorithms for the remote
estimation of chl-a concentrations in these waters (e.g., Dekker et al.,
1991; Gitelson et al., 1985; Gitelson, 1992; Gons, 1999; Gons et al.,
2000; Gons et al., 2002; Gons et al., 2008; Gower, 1980; Gower et
al., 1999; Kallio et al., 2001; Neville & Gower, 1977; Strömbeck &
Pierson, 2001; Vasilkov & Kopelevich, 1982).

Studies of the optical properties of inland and coastal waters
revealed the potential of the red and near infrared (NIR) spectral re-
gions, where the reflectance is less affected by the presence of parti-
cles and CDOM, for the remote estimation of chl-a concentrations
and initiated the development of algorithms based on these spectral
regions. These algorithms take advantage of several spectral features
related to chl-a in the red and NIR spectral regions.

Some algorithms are based on the quantification of the reflectance
(ρ) peak at 685 nm caused by solar-induced chl-a fluorescence
(Neville & Gower, 1977). Gower (1980) suggested using the peak
magnitude at 685 nm above a baseline from 650 to 730 nm, the fluo-
rescence line height (FLH), for the estimation of chl-a concentrations.
Today the estimation of chl-a concentrations through the FLH is
typically applied in coastal waters and parts of the open ocean
(Gower & King, 2007; Ryan et al., 2009). Disadvantages of the FLH
include its sensitivity to the natural variability of the chl-a specific
absorption coefficient of phytoplankton, a⁎φ(λ), the re-absorption of
fluoresced light by chl-a, and the natural variability of the quantum
yield of chl-a fluorescence (Babin et al., 1996).

Many algorithms for the remote estimation of chl-a concentrations in
inland and coastal waters are based on the reflectance peak around
700 nm, caused by a minimum in the combined absorption by phyto-
plankton pigments and water (Gitelson, 1992; Han & Rundquist, 1997;
Vasilkov & Kopelevich, 1982), and the reflectance trough at 675 nm.
The latter is related to the chl-a absorption maximum in the red region.
Some algorithms explored the ratio of the reflectance at the peak around
700 nm to the reflectance at the peak around 560 nm,which is related to
a minimum in the combined absorption by phytoplankton pigments,
particles, and CDOM. Close relationships, with Pearson correlation coeffi-
cients (r) of 0.91 to 0.99, were found between ρ(700)/ρ(560) and chl-a
concentration for the rivers Don and Donec in Russia, the Azov Sea, and
Lake Balaton in Hungary (Gitelson et al., 1986). Alternative algorithms
included the position and magnitude of the reflectance peak around
700 nm (e.g., Gitelson, 1992; Gitelson & Kondratyev, 1991), the reflec-
tance ratios ρ(705)/ρ(675) and ρ(705)/ρ(670), (e.g., Dekker, 1993;
Gitelson et al., 1985; Han & Rundquist, 1997; Mittenzwey et al., 1991,
1992; Quibell, 1991), and some more complex empirical algorithms
(e.g., Mittenzwey et al., 1991).

Models for the remote estimation of chl-a concentrations are
based on a fundamental relationship (Gordon, 1973; Gordon et al.,
1975) of remote sensing reflectance, ρrs(λ), and the inherent optical
properties of water — the absorption coefficient, a(λ), and the back-
scattering coefficient, bb(λ):

ρrs λð Þ ¼ f λð Þ
Q λð Þ

bb λð Þ
a λð Þþbb λð Þ ð1Þ

where f(λ) describes the sensitivity of the reflectance to variations in
the solar zenith angle (Morel & Gentili, 1991) and Q(λ) expresses the
bidirectional properties of the reflectance (Morel & Gentili, 1993).
Gons (1999) reformulated the ratio ρ(705)/ρ(675) in terms of a(λ)
and bb(λ) for subsurface irradiance reflectance spectra and parti-
tioned a(λ) into the absorption coefficients of phytoplankton, aφ(λ),
non-algal particles, aNAP(λ), CDOM, aCDOM(λ), and water, aw(λ), to
develop a semi-analytical model in the form:

Chl�a½ � ¼
ρ 704ð Þ
ρ 672ð Þ aw 704ð Þ þ bbð Þ−aw 672ð Þ−bb

p

aφ
� 672ð Þ ð2Þ

where a⁎φ(672) is the chl-a specific absorption coefficient of phyto-
plankton at 672 nm and p was introduced to improve the fit of the
model. This model is based on several simplifications: (a) the absorp-
tion at 672 nm is controlled by chl-a and water and is minimally af-
fected by the rest of the constituents, (b) the absorption by
pigments, particles, and CDOM at 704 nm is insignificant compared
to the absorption by water, and (c) bb is wavelength independent
and can be derived from the reflectance in the NIR region. The coeffi-
cients for a⁎φ(672) and p were retrieved through regression for data-
sets from several inland waters.

Dall'Olmo et al. (2003) applied a conceptual model, originally
developed for the estimation of the total foliar chl-a content in terrestrial
vegetation (Gitelson et al., 2003), to turbid productive waters:

½Chl−a�∝ ρrs
−1 λ1ð Þ−ρrs

−1 λ2ð Þ
h i

� ρrs λ3ð Þ ð3Þ

where ρrs−1(λ1) is considered maximally sensitive to absorption by
chl-a, even though it is still affected by absorption and scattering by
the rest of the constituents, and ρrs−1(λ2) is minimally sensitive to ab-
sorption by chl-a. If the sensitivities of ρrs−1(λ2) and ρrs−1(λ1) to the
presence of NAP and CDOM are comparable, it is possible to remove
the effects of the absorption by these constituents through the sub-
traction of ρrs−1(λ2) from ρrs−1(λ1). ρrs(λ3) is minimally sensitive to ab-
sorption by chl-a, NAP, and CDOM and representative of bb(λ). The
multiplication of [ρrs−1(λ1)−ρrs−1(λ2)] with ρrs(λ3) should remove
the effects of the variability in bb(λ) on the chl-a estimation. The op-
timal wavelengths for the estimation of chl-a concentrations from 2
to 180 mg m−3 were identified at λ1=670 nm, λ2=710 nm, and
λ3=740 nm (Dall'Olmo & Gitelson, 2005). The three-band model re-
lies, similar to Gons' model (Gons, 1999), on a wavelength indepen-
dent bb in the spectral range from λ1 to λ3. For waters without high
concentrations of NAP and CDOM it is possible to disregard the sub-
traction of ρs−1(λ2) and this special case corresponds to a two-band
model developed by Stumpf and Tyler (1988):

½Chl−a�∝ ρrs
−1 λ1ð Þ � ρrs λ3ð Þ ð4Þ

which is fundamentally different from the widely applied reflectance
ratio (Gitelson et al., 1985; Gitelson, 1992; Mittenzwey et al., 1991):

½Chl−a� ∝ ρrs
−1 λ1ð Þ � ρrs λ2ð Þ ð5Þ

where ρrs−1(λ1) is the reflectance around the chl-a absorptionmaximum
in the red region at 675 nm and ρrs−1(λ2) represents the reflectance peak
around 705 nm.

Even though the three-band (Eq. 3) and two-band models (Eqs. 4
and 5) are potentially susceptible to the natural variability of the chl-a
specific absorption coefficient of phytoplankton and the quantum
yield of chl-a fluorescence, they were successfully applied for the re-
mote estimation of chl-a concentrations with field spectrometers
(Gitelson et al., 2008, 2011; Yacobi et al., 2011), satellites (Moses et
al., 2009), and modeled reflectance spectra (Gilerson et al., 2010).

The objective of this study was to investigate the performance of
NIR-redmodels for the estimation of chl-a concentrations in turbid pro-
ductive waters. This study shows (1) the importance of the red and NIR
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spectral regions for the remote estimation of chl-a concentrations in
turbid productive waters, (2) the application of three NIR-red models,
calibrated and validated for the spectral bands of the MERIS and
MODIS satellite sensors, for the remote estimation of low-to-moderate
chl-a concentrations, typical for many inland and coastal waters, for in-
dependent and statistically different datasets, and (3) the potential of a
simple two-bandNIR-red algorithm for theMERIS satellite sensor to ac-
curately estimate chl-a concentrations in comparisonwith severalmore
complex recently published NIR-red algorithms.

2. Methods

2.1. Field measurements

Field data were collected at 89 stations in summer and autumn 2008
and at 63 stations in spring and summer 2009 in the Fremont Lakes
State Recreation Area in Nebraska, USA, which comprises of 20 sandpit
lakes. The highly variable bio-physical and bio-optical conditions found
in the Fremont Lakes are typical for many inland and coastal waters and
make these lakes ideal for the development of algorithms for the remote
estimation of chl-a concentrations in turbid productive waters.

The field measurements included a standard set of water quality
parameters and hyperspectral reflectance measurements. Surface
water samples for the laboratory analysis of the chl-a concentrations,
suspended solids, and the absorption coefficients of total particulates,
NAP, phytoplankton, and CDOM were collected at a depth of 0.5 m
and stored in a dark and cool container for subsequent filtration
through Whatman GF/F filters.

Volume scattering coefficients, β(θ, λ), were measured in 2009
with a customized ECO Triplet sensor (WET Labs, Inc.) and corrected
for salinity, aw(λ), ap(λ), and aCDOM(λ). The values for aw(λ) were
taken from Mueller (2003) and the values for ap(λ) and aCDOM(λ)
from the laboratory measurements. The volume scattering of particles,
βp(117°, λ), and volume scattering of water, βw(117°, λ) were derived
from the corrected volume scattering coefficients, β(117°, λ), to
calculate the particulate backscattering coefficients, bbp(λ). The
backscattering coefficients, bb(λ), were calculated from the sum
of bbp(λ) and the backscattering coefficients of pure water, bbw(λ),
(WET Labs, Inc., 2008). Additional field measurements included water
transparency, measured with a standard Secchi disk, and turbidity,
measured with a HACH® 2100 portable turbidimeter.

Hyperspectral reflectance measurements were collected with two
inter-calibrated Ocean Optics® USB2000 spectrometers in areas of opti-
cally deepwater in the spectral range from400 to 900 nmwith a spectral
resolution of ~0.3 nm. One of the spectrometers was connected to a 25°
field-of-view optical fiber. The optical fiber was taped to a 2-m long,
hand-held dark blue pole and the tip of the fiber was kept just
beneath thewater surface tomeasure the below-surface upwelling radi-
ance, Lu(λ), at nadir on the sun-lit side of the boat. The second spectrom-
eter was connected to an optical fiber fitted with a cosine collector to
create a 180° field-of-view. The optical fiber was mounted on a mast at
thehighest possible point on the boat tomeasure the incident irradiance,
Ed(λ), at zenith concurrently with the upwelling radiance. Themeasure-
ments were collected from 10 a.m. to 2 p.m. with widely variable solar
zenith angles. Inter-calibration of the instruments, to account for
potential differences in their transfer functions, was achieved through
synchronized measurements of the upwelling radiance, Lref(λ), from
a white Spectralon® reflectance standard (Labsphere, Inc.), and the
irradiance incident on the standard, Eref(λ). The remote sensing reflec-
tance was computed by:

ρrs λð Þ ¼ Lu λð Þ
Ed λð Þ �

Eref λð Þ
Lref λð Þ � 100� ρref λð Þ

π
� t
n2 � F λð Þ ð6Þ

where ρref(λ) is the irradiance reflectance of the Spectralon® reflec-
tance standard, π is introduced to transform the irradiance
reflectance ρref(λ) into a radiance reflectance, t is the water-to-air
transmittance, n is the refractive index of water relative to air
(n=1.33 at 20 °C), and F(λ) is the spectral immersion factor (Ohde
& Siegel, 2003). The spectra were processed in real time with the soft-
ware CDAP, developed at CALMIT, University of Nebraska-Lincoln,
and the median of at least six spectra collected at each station was
considered representative for the station.

2.2. Laboratory measurements

Chl-a was extracted in 99.5% ethanol at a temperature of 78 °C in
subdued light conditions in a laboratory at the University of Nebras-
ka-Lincoln (Nusch, 1980). The samples were centrifuged for 5 min
after an extraction time of 4 h and chl-a concentrations were mea-
sured fluorometrically with a Turner 10-AU-005 CE fluorometer
(Welschmeyer, 1994). The fluorometer was calibrated every 3 months
with a 100 mgm−3 chl-a standard from Anacystis nidulans (C6144-
1MG from Sigma Aldrich). Therefore the chl-a was dissolved in 1 L
99.5% ethanol and the concentration of the standard was measured
spectrophotometrically (Ritchie, 2008). Standard curves to study the
linearity of the single point calibration of the fluorometer for chl-a
concentrations from 0 to 200 mgm−3 were created at the time of
calibration and included a series of 10 dilutions. The concentrations of
total suspended solids (TSS), inorganic suspended solids (ISS), and
organic suspended solids (OSS) were measured gravimetrically
(Eaton et al., 2005).

The absorption coefficients were analyzed with the quantitative
filter technique (Mitchell et al., 2003). The measurements of the opti-
cal density of the particles retained on the filters were made shortly
after the filtration of the water samples with a Cary 100 spectropho-
tometer in the range from 400 to 800 nm. The signal from a Milli-Q
saturated reference filter was subtracted automatically and ap(λ)
was calculated by:

ap λð Þ ¼ ln 10ð Þ
V
A

0:3893� ODfp λð Þ−ODnull

h i
þ 0:4340� ODfp λð Þ−ODnull

h i2� �

ð7Þ

where ODfp(λ) is the optical density of the sample, ODnull(λ) is the aver-
age optical density of the sample from 780 to 800 nm required for the
null point correction of the measurements, V is the volume of water fil-
tered in m3, and A is the area of the filter in m2. The quadratic function
for the pathlength amplification correction (Cleveland & Weidemann,
1993) included in the equation was derived by Dall'Olmo (2006) for
water samples from lakes and reservoirs in Nebraska and laboratory cul-
tures ofMicrocystis and Synechoccus. The effects of the absorption by pig-
ments were removed after Ferrari and Tassan (1999) and aNAP(λ) was
measured similarly to ap(λ) after a 20 minute reaction time. The subtrac-
tion of aNAP(λ) from ap(λ) resulted in aφ(λ).

The filtrates from the TSS measurements were filtered through
0.2 μm Whatman nylon membranes for the analysis of aCDOM(λ).
The absorption coefficients were measured shortly after the filtration
of the samples with the Cary 100 spectrophotometer in the range
from 200 to 800 nm and the signal from a Milli-Q water reference
sample was subtracted automatically. The samples were kept at a
constant temperature to minimize a temperature related absorption
feature found around 750 nm (Pegau et al., 1997). The absorption co-
efficients were calculated as:

aCDOM λð Þ ¼ ln 10ð Þ
l

ODs λð Þ−ODnull½ � ð8Þ

where ODs(λ) is the optical density of the sample, ODnull(λ) is the av-
erage optical density of the sample from 780 to 800 nm for the null
point correction, and l is the pathlength of the cuvette in m. More



Table 1
Descriptive statistics of the water quality parameters measured in 2008.

N Min Max Median Mean Standard deviation CV (%)

Chl-a (mg m−3) 89 2.27 200.81 27.44 33.54 29.44 87.8
Secchi disk depth (m−1) 89 0.51 4.20 0.98 1.21 0.70 57.9
Turbidity (NTU) 89 1.51 19.20 6.79 7.59 4.39 57.8
TSS (g m−3) 89 1.19 15.00 6.80 7.30 3.26 44.6
ISS (g m−3) 87 0.15 5.85 0.80 1.11 0.95 85.7
OSS (g m−3) 87 0.81 12.80 6.00 6.26 2.97 47.5
ap (675) (m−1) 80 0.0470 4.4867 0.4996 0.5915 0.5683 96.1
aNAP (675) (m−1) 80 0.0031 0.2940 0.0595 0.0725 0.0554 76.4
aφ (675) (m−1) 80 0.0440 4.4051 0.4017 0.5190 0.5623 108.3
a⁎φ(675) (m2 mg−1) 80 0.0059 0.0285 0.0143 0.0156 0.0052 33.3
aCDOM (440) (m−1) 80 0.4553 1.4525 0.8946 0.8806 0.2468 28.0
aCDOM (675) (m−1) 80 0.0069 0.0333 0.0153 0.0158 0.0057 36.1
SCDOM (nm−1) 80 0.0156 0.0185 0.0173 0.0172 0.0006 3.6

Chl-a — chlorophyll-a concentration, TSS — concentration of total suspended solids, ISS — concentration of inorganic suspended solids, OSS — concentration of organic suspended
solids, ap(675) — total particulate absorption coefficient at 675 nm, aNAP(675) — absorption coefficient of non-algal particles at 675 nm, aφ(675) — absorption coefficient of
phytoplankton at 675 nm, a⁎φ(675) — chl-a specific absorption coefficient of phytoplankton at 675 nm, aCDOM(440) and aCDOM(675) — absorption coefficients of CDOM at 440
and 675 nm calculated after Bricaud et al. (1981), N — number of samples, and CV — coefficient of variation.
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details of the steps in the laboratory analysis of the water samples are
presented in Gitelson et al. (2011).

2.3. Model calibration and validation

Three NIR-red models were calibrated and validated for the spec-
tral bands of the MERIS (Eqs. 3 and 5) andMODIS (Eq. 4) satellite sen-
sors to estimate chl-a concentrations in the Fremont Lakes. The
models were calibrated for the dataset collected in summer and fall
2008 and validated for the dataset collected in spring and summer
2009. The accuracy of the models was assessed through the mean
absolute error (MAE), the root mean squared error (RMSE), and the
mean normalized absolute error (MNAE). To compare the absolute
estimation errors of these algorithms with the errors from several re-
cently published NIR-red algorithms, a one-way analysis of variance
(ANOVA), followed by Tukey's honestly significant difference multi-
ple comparison procedure (Tukey's HSD), was performed in PASW®

Statistics 18.0 (SPSS, Inc.).

3. Results and discussion

3.1. Bio-physical and bio-optical water quality parameters

The descriptive statistics of the water quality parameters measured
in the Fremont Lakes in 2008 and 2009 (Tables 1 and 2) indicate optical
conditions typical for turbid productive inland and coastal waters (e.g.,
Kallio et al., 2001; Koponen et al., 2002, 2007). Chl-a concentrations
ranged from 2.3 to 200.8 mgm−3 in 2008 and from 4.0 to
Table 2
Descriptive statistics of the water quality parameters measured in 2009.

N Min Max

Chl-a (mg m−3) 63 3.97 196.39
Secchi disk depth (m−1) 63 0.39 3.32
Turbidity (NTU) 63 1.08 23.40
TSS (g m−3) 63 1.32 22.89
ISS (g m−3) 63 0.10 6.22
OSS (g m−3) 63 0.85 17.00
ap (675) (m−1) 63 0.0650 2.8214
aNAP (675) (m−1) 63 0.0071 0.1131
aφ (675) (m−1) 63 0.0411 2.7204
a⁎φ(675) (m2 mg−1) 63 0.0091 0.0203
aCDOM (440) (m−1) 63 0.3530 1.3489
aCDOM (675) (m−1) 63 0.0027 0.0234
SCDOM (nm−1) 63 0.0165 0.0210
bbp(570) (m−1) 44 0.0237 0.1740
bbp(660) (m−1) 44 0.0155 0.0944
bbp(740) (m−1) 44 0.0144 0.0900
196.4 mgm−3 in 2009. The distributions of the chl-a concentrations
measured in 2008 and 2009 were significantly different from normal
distributions (Shapiro–Wilk test, pb0.01) and skewed toward lower
chl-a concentrations with only 14 stations with chl-a concentrations
of more than 50 mgm−3 in 2008 and 9 stations in 2009.

TSS concentrations ranged from 1.2 to 15.0 g m−3 in 2008 and
from 1.3 to 22.9 g m−3 in 2009. ISS concentrations ranged from 0.1
to 5.8 g m−3 in 2008 and from 0.1 to 6.2 g m−3 in 2009. The contribu-
tion of ISS to TSS ranged widely from only 2.8 to 57.8% in 2008 and 2.4
to 61.1% in 2009. The median contribution of ISS to TSS was 12.2% in
2008 and 19.2% in 2009.

The water quality parameters measured in 2008 and 2009 (Tables 1
and 2) were statistically significantly different (Mann–Whitney U test,
p≤0.05), with the exception of Secchi disk depth (p=0.16), TSS
(p=0.06), and ISS (p=0.60).

The spectra of ap(λ), aNAP(λ), aφ(λ), and aCDOM(λ) showed a high
variability in 2008 and 2009 (Fig. 1). The particulate absorption coef-
ficient, ap(440), was typical for inland and coastal waters and ranged
from 0.292 to 6.860 m−1 in 2008 and from 0.287 to 7.482 m−1 in
2009 with coefficients of variation of 56.2% in 2008 and 87.7% in
2009. Spearman correlation coefficients (rs) indicated a close rela-
tionship (pb0.01) with the chl-a (rs=0.82), TSS (rs=0.78), OSS
(rs=0.75), and ISS (rs=0.40) concentrations in 2008. The absorption
coefficient of phytoplankton, aφ(440), ranged from 0.061 to
5.598 m−1 and was highly correlated with the chl-a concentration
(rs=0.80). These relationships were comparable to those in 2009,
where the correlations of ap(440) with chl-a (rs=0.92), TSS
(rs=0.90), and OSS (rs=0.92) concentrations were even stronger
Median Mean Standard deviation CV (%)

16.07 30.03 35.19 117.2
1.12 1.37 0.77 56.0
4.73 6.08 5.31 87.4
5.83 6.67 4.67 70.1
1.00 1.39 1.40 100.2
4.50 5.28 3.99 75.6
0.2922 0.4764 0.5371 112.7
0.0447 0.0504 0.0270 53.6
0.2282 0.4261 0.5220 122.5
0.0136 0.0137 0.0021 15.3
0.6475 0.6852 0.2203 32.1
0.0086 0.0100 0.0047 47.0
0.0182 0.0182 0.0009 5.2
0.0855 0.0822 0.0397 48.3
0.0562 0.0526 0.0248 47.2
0.0601 0.0559 0.0248 44.4
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Fig. 1. Representative spectra of the absorption coefficients of total particulates (a), non-algal particles (b), phytoplankton (c), and CDOM (d) for 21 stations with chl-a concentra-
tions from 2.3 to 132.4 mg m−3.
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due to relatively low concentrations of ISS in spring 2009, and
aφ(440) was highly correlated with the chl-a concentration
(rs=0.96). Even though ap(440) was related to the chl-a concentra-
tion in 2008 and 2009, it was still influenced by aNAP(440). The contri-
bution of aφ(440) to total particulate absorption ranged widely from
9.6 to 93.4% in 2008 and from 8.0 to 91.1% in 2009. Some of the spec-
tra of aNAP(λ) showed a deviation from the typical exponential shape
(Fig. 1) comparable to spectra taken at the Baltic Sea (Babin et al.,
2003).

In the red spectral region, mainly phytoplankton pigments con-
tributed to total particulate absorption and the median contribution
of aφ(675) to ap(675) was 87.6% in 2008 and 83.9% in 2009. Conse-
quently, aφ(675) was highly correlated (pb0.01) with the concentra-
tion of chl-a in 2008 (rs=0.87) and 2009 (rs=0.98). The relatively
small aNAP(675) and aCDOM(675) compared to aφ(675), in the waters
studied (Tables 1 and 2), confirm the importance of the red spectral
region for the development of algorithms for the remote estimation
of chl-a concentrations in inland and coastal waters.

The spectra of the chl-a specific absorption coefficient of phyto-
plankton, a⁎φ(λ), showed a high variability and indicate seasonal dif-
ferences in the physiological status of the phytoplankton and
species composition in the Fremont Lakes. a⁎φ(440) and a⁎φ(675)
were only slightly correlated with the chl-a concentration and
the correlation decreased with an increase in chl-a concentration
(rs=−0.27 for a⁎φ(440) and rs=−0.39 for a⁎φ(675), pb0.05) in 2008
(Fig. 2). In 2009 the relationship was less variable than in 2008 with
a slight increase of a⁎φ(440) and a⁎φ(675) with an increase in chl-a
concentration (rs=0.68 for a⁎φ(440), pb0.05 and rs=0.24 for
a⁎φ(675), p=0.06). The differences of the relationships aφ⁎(λ) versus
chl-a concentration in 2008 and 2009 may be related to seasonal
differences in the species composition of the phytoplankton community
and, therefore, differences in the composition of phytoplankton
pigments and pigment package effects (Bricaud et al., 1995).

The spectral slope of the absorption coefficient of CDOM, SCDOM, ran-
ged from 0.0156 to 0.0185 nm−1 in 2008 and from 0.0165 to
0.0210 nm−1 in 2009 and is typical for inland (e.g., Binding et al.,
2008) and coastal (e.g., Babin et al., 2003) waters. The SCDOM values
were normally distributed and averaged 0.0172 nm−1 in 2008 and
0.0182 nm−1 in 2009. Small seasonal differences were found in 2008,
where the average SCDOM was 0.0173 nm−1 in the summer and de-
creased slightly to 0.0171 nm−1 in autumn, compared to 2009, where
the average SCDOM reached its maximum of 0.0185 nm−1 in spring
and decreased to 0.0175 nm−1 in summer. The conspicuous intra-an-
nual differences found in aCDOM (440) and SCDOM might indicate differ-
ences in the molecular weight of humus (Carder et al., 1989; Hayase &
Tsubota, 1985) caused by seasonal differences in the input and decom-
position of organic materials and different sources of CDOM.

The spectra of the backscattering coefficients, bb(λ), were comparable
to spectra of moderately turbid inland and coastal waters (e.g., Kutser
et al., 2009). The backscattering coefficients ranged from 0.024 to
0.174 m−1 at 570 nm, from 0.016 to 0.095 m−1 at 660 nm and from
0.015 to 0.090 m−1 at 740 nm. They decreased from 660 to 740 nm for
10 out of 44 stations and, even though the differences in bb(660) and bb
(740) were statistically insignificant (Mann–Whitney U test, p=0.48),
the reliability of models for the remote estimation of chl-a concentra-
tions, in which a wavelength independent bb(λ) in the range from 660
through 750 nm is assumed, is potentially affected.
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Theparticulate backscattering coefficients, bbp(λ),were closely relat-
ed to the OSS concentration and minimally related to the ISS concentra-
tion. The increase in the correlation coefficient of the relationship bbp(λ)
vs. TSS from rs=0.80 for bbp(570) to rs=0.84 for bbp(740) shows an in-
creased effect of the particle concentration on bbp(λ) at longer
wavelengths.

3.2. Reflectance

The reflectance spectra collected in 2008 and 2009 (Fig. 3) showed
a high variability in the visible and NIR spectral regions and are com-
parable to spectra collected around the world (e.g., Yacobi et al.,
2011; Yang et al., 2010). In the blue spectral region, the reflectance
was low and without any distinctive spectral features due to com-
bined absorption by phytoplankton pigments, NAP, and CDOM. The
trough related to the chl-a absorption maximum, typically found at
440 nm in oceanic waters (Bidigare et al., 1990), was concealed by
the absorption by NAP and CDOM for many stations with chl-a con-
centrations from 0 to 50 mg m−3. The reflectance increased in the
green region and reached a maximum around 570 nm, where the ab-
sorption by phytoplankton pigments was minimal and reflectance
was mainly affected by NAP and CDOM. The reflectance in the red
and NIR regions was characterized by a trough at 675 nm, which cor-
responds to the red chl-a absorptionmaximum (Bidigare et al., 1990),
and a peak around 700 nm, related to a minimum in the combined
absorption by phytoplankton pigments and water (Gitelson, 1992;
Vasilkov & Kopelevich, 1982). The magnitude of the reflectance
was highly variable and the coefficients of variation in the different
spectral regions ranged from 42.1 to 81.9% in 2008 and 31.1 to 86.2%
in 2009 (Fig. 3).

3.3. Blue-green vs. red spectral region

Maximum band ratios (O'Reilly et al., 2000) for the remote esti-
mation of chl-a concentrations in oceanic waters in the form of the
MERIS OC4E and MODIS OC3M-551 algorithms rely on band combi-
nations in the blue and green spectral regions. These spectral regions
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Fig. 3. Remote sensing reflectance spectra for the waters sampled in 2008 (a) and 2009
(b). The thick line represents the coefficient of variation of the reflectance.
are highly affected by the absorption by NAP and CDOM in inland and
coastal waters.

This is exemplified by spectra of aφ(λ), aNAP(λ), aCDOM(λ), and aw(λ)
for a station in a lake with a chl-a concentration of 4.6 mgm−3 and
TSS concentration of 3.5 g m−3 (Fig. 4). In the blue region, the contribu-
tion of aφ(442.5) to total absorptionwas only 18.0% compared to contri-
butions of 36.8% by aNAP(442.5) and 44.5% by aCDOM(442.5). The
contribution of aw(442.5) to total absorption was minimal. These
relationships changed only slightly at 490 and 510 nm. In the green re-
gion, the contribution of aφ(560) to total absorption decreased to 6.2%,
the combined contribution by aNAP(560) and aCDOM(560) was 72.5%,
and the contribution by aw(560) increased to 21.3%. The total
absorption coefficient was closely related to the absorption by NAP
and CDOM for wavelengths from 400 to 565 nm and decreased
exponentially (R2=0.9995) toward longer wavelengths.

Thus, in the waters studied, the MERIS OC4E algorithm, based on
the maximal ratio of ρ(442.5)/ρ(560), ρ(490)/ρ(560), and
ρ(510)/ρ(560) and the MODIS OC3M-551 algorithm, based on the
maximal ratio of ρ(443)/ρ(551) and ρ(489)/ρ(551) were unable to
accurately estimate chl-a concentrations. The normalized absolute
error (NAE) exceeded 186.6% when the MERIS OC4E algorithm was
applied for the station shown (Fig. 4) and the MNAE was still 34.4%
when the same algorithm was applied for the Fremont Lakes 2009
dataset with chl-a concentrations from 0 to 100 mg m−3 (Fig. 5).

In contrast to the blue and green regions, the contributions of aNAP
(675) and aCDOM(675) to total absorption were only 2.0 and 4.5%, re-
spectively, in the red region (Fig. 4). The contribution of aφ(675)
increased to 20.9% and the main contribution came from aw(675)
with 72.6%. The minimal absorption by NAP and CDOM and distinc-
tive absorption features of chl-a, with maximal absorption around
675 nm and minimal combined absorption by water and phytoplank-
ton pigments around 700 nm, in addition to the well-known absorp-
tion coefficient of water (Kou et al., 1993; Pope & Fry, 1997), made
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the red region suitable for the development of algorithms for the re-
mote estimation of chl-a concentrations in inland and coastal waters.

Many of these algorithms relied on the magnitude of the reflec-
tance peak around 700 nm. With an increase in chl-a concentration,
the magnitude of the absorption peak at 675 nm and its width in-
crease and the point of the minimal combined absorption by phyto-
plankton pigments and water, responsible for the reflectance peak
around 700 nm, shifts (Fig. 6) toward longer wavelengths (Gitelson,
1992; Vasilkov & Kopelevich, 1982). The shift in the position of the re-
flectance peak is apparent for the Fremont Lakes 2008 dataset, where
it shifted from 688 nm for a chl-a concentration of 9.8 mg m−3 to
704 nm for a chl-a concentration of 81.2 mg m−3.

3.4. NIR-red models for estimating chl-a concentrations

The FLH, firstly applied for the remote estimation of chl-a concen-
trations by Neville and Gower (1977), showed a very weak relation-
ship with chl-a concentration for the Fremont Lakes 2008 dataset
(R2=0.22). Gitelson (1992) studied the shift in the position of the re-
flectance peak around 700 nm toward longer wavelengths with an in-
crease in chl-a concentration and suggested to use the reflectance line
R² = 0.91
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Fig. 7. Relationship of ρ(705)/ρ(670) and chl-a concentration.
height (RLH), the magnitude of the reflectance peak above a baseline
from 675 to 730 nm, instead of the FLH. Even though the values were
still widely scattered around the regression line, the relationship of
RLH versus chl-a concentration was reasonable (R2=0.48), when
the RLH was applied to the Fremont Lakes 2008 dataset, and im-
proved significantly (R2=0.82), when the RLH was normalized to
the reflectance minimum around 675 nm (Gitelson, 1992). Simpler
models, like the two band model ρ(705)/ρ(670), where ρ(705) is
close to the average position of the reflectance peak in the NIR region
and ρ(670) is the reflectance close to the chl-a absorption maximum,
estimated chl-a concentrations very accurately and the relationship
of ρ(705)/ρ(670) vs. chl-a concentration was very close (R2=0.91,
Fig. 7). This model (Eq. 5) has been applied successfully in many stud-
ies since it was devised in 1985 (Gitelson et al., 1985).

The optimal spectral regions for the three-band model (Eq. 3) and
the two-band model (Eq. 5) were identified for the Fremont Lakes
2008 dataset through minimal values of the standard error of the esti-
mate (STE) for linear regressions between the measured chl-a concen-
trations and model values (Dall'Olmo & Gitelson, 2005). The optimal
wavelengths for the three-band model (Eq. 3) were λ1=666 nm,
λ2=712 nm, and λ3=724 nm and the optimal wavelengths for the
two-band model (Eq. 5) were λ1=666 nm and λ2=713 nm.

3.5. Model calibration

Relationships between chl-a concentrations and model values were
established for the dataset taken in 2008. The three-bandmodel (Eq. 3)
and the two-band model (Eq. 5) were calibrated within the spectral
bands of MERIS, and the two-bandmodel (Eq. 4) was calibrated within
the spectral bands of MODIS.λ1 was set toMERIS band 7 (660–670 nm)
and MODIS band 13 (662–672 nm) and λ2 for the three-band model
(Eq. 3) and two-band model (Eq. 5) was set to MERIS band 9
(703.75–713.75 nm). The optimal λ3 for the three-band model (Eq. 3)
and two-bandmodel (Eq. 4) coincidedwith one of the atmospheric ab-
sorption bands of water vapor (Grossmann & Browell, 1989) and is,
therefore, inapplicable for the estimation of chl-a concentrations with
satellite sensors. The STE for the identification of the optimal λ3

increased only slightly when λ3 was set to MERIS band 10 (750.0–
757.5 nm) for the three-band model (Eq. 3) and MODIS band 15
(743–753 nm) for the two-band model (Eq. 4):

MERIS three� band model¼ ρrs
−1 band 7ð Þ–ρrs−1 band 9ð Þ

h i
� ρrs band 10ð Þ

ð9Þ

MERIS two� band model¼ ρrs
−1 band 7ð Þ � ρrs band 9ð Þ ð10Þ

MODIS two� band model¼ ρrs
−1 band 13ð Þ � ρrs band 15ð Þ: ð11Þ

For chl-a concentrations ranging from 0 to 100 mgm−3, the MERIS
three-bandmodel (Eq. 9) and MERIS two-band model (Eq. 10) showed
very close relationships (R2=0.95)with chl-a concentration,whichdif-
fered only slightly from linear relationships (Fig. 8). Therewas a reason-
able linear relationship (R2=0.75) between chl-a concentrations and
the MODIS two-band model (Eq. 11), though the spread of the points
from the best fit function is apparent for stations with low-to-
moderate chl-a concentrations, from 0 to 25 mgm−3, where the reli-
ability of this model was very low. The algorithms for the remote esti-
mation of chl-a concentrations, identified through the calibration of
the models, were:

Chl�a ¼ 315:50� MERIS 3BMð Þ2 þ 215:95� MERIS 3BMð Þ þ 25:66 ð12Þ

for the MERIS three-band model (Eq. 9)
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Chl�a ¼ 25:28� MERIS 2BMð Þ2 þ 14:85� MERIS 2BMð Þ–15:18 ð13Þ

for the MERIS two-band model (Eq. 10) and

Chl�a ¼ 190:34� MODIS 2BMð Þ–32:45 ð14Þ

for the MODIS two-band model (Eq. 11).

3.6. Model validation

The independent and statistically significantly different dataset col-
lected in 2009 was used for the validation of the models. Firstly, the
reflectances measured in 2009 were simulated in the spectral bands of
MERIS and MODIS and themodel values were calculated by Eqs. (9)–
(11). Secondly, the chl-a concentrations were estimated by Eqs. (12)–
(14). Finally, the estimated chl-a concentrations, chl-aestimated, were
compared with the observed chl-a concentrations, chl-aobserved.

3.6.1. MERIS three-band algorithm, two-band algorithm and enhanced
three-band index

For chl-a concentrations from0 to 100 mgm−3, the results of the val-
idation (Fig. 9a and c, Table 3) of theMERIS three-band and two-band al-
gorithms (Eqs. 12 and13)were practically identical. The difference in the
MAE was small and statistically insignificant (Student's t-test, p=0.63).

trations from 0 to 100 mgm−3 (Fremont Lakes 2008 dataset).
For chl-a concentrations in the range from 0 to 25 mg m−3, the differ-
ence in the MAE was statistically significant (Student's t-test, pb0.01).
The MERIS two-band algorithm was more accurate than the MERIS
three-band algorithm, with an MAE of 1.2 mgm−3 compared to
1.9 mgm−3 for the MERIS three-band algorithm and an MNAE of
11.5% compared to 21.5% for the MERIS three-band algorithm (Fig. 9b
and d, Table 4).

The difference in the performance of these algorithms for the estima-
tion of chl-a concentrations from 0 to 25 mg m−3 is probably related to
the use of the reflectance at λ3 in the MERIS three-band model. ρ(λ3)
is practically insensitive to absorption by pigments, NAP, and CDOM,
but is susceptible to scattering by suspended particles and is, conse-
quently, highly correlated with TSS (rs=0.65, pb0.01) and the particu-
late backscattering coefficient at λ3 (rs=0.87 for ρrs(band 10) vs. bbp
(740), pb0.01). For chl-a concentrations from 0 to 25 mg m−3, the cor-
relation between bbp(λ) and TSS concentrations increased consistently
toward longer wavelengths — from rs=0.69 at 570 nm to rs=0.72 at
660 nm and rs=0.75 at 740. This indicates an increased effect of the
particle concentration on bb (λ) with an increase in wavelength and,
thereby, invalidates the assumption of spectral independence of bb(λ)
in the wavelength range from λ1 through λ3 for the three-band model
(Dall'Olmo et al., 2003). Thus, the effects of bb(λ) might not be fully re-
moved using ρ(λ3) and could introduce uncertainties in the estimation
of chl-a concentrations if the MERIS three band model is applied.
Especially for chl-a concentrations from 0 to 25 mg m−3, where the
reflectance is highly affected by scattering by suspended particles,
differences in the sensitivity of bb(λ) to suspended particles could
cause significant changes in the output of the MERIS three-band model.
Therefore, even though themodel was calibrated for awide range of bio-
physical and optical water quality parameters, with ISS concentrations
from 0.1 to 5.8 g m−3 and OSS concentrations from 0.8 to 12.8 g m−3,
some caution is advised if the MERIS three-band algorithm (Eq. 12),
derived for the Fremont Lakes, is applied to waters with different ranges
of ISS and OSS concentrations.

Recently, Yang et al. (2010) modified the three-band model and
introduced the enhanced three-band index in the form:

½Chl−a�∝ ρ−1
rs λ1ð Þ−ρ−1

rs λ2ð Þ
h i

� ρ−1
rs λ3ð Þ−ρ−1

rs λ2ð Þ
h i−1 ð15Þ

where the term ρrs(λ3) was replaced by [ρrs−1(λ3)−ρrs−1(λ2)]−1 to
compensate for absorption and scattering by suspended particles at
λ3 in highly turbid waters. We validated the relationship between
chl-a concentrations and the enhanced three-band index, established
for chl-a concentrations from 30 to 120 mg m−3 at Lake Kasumigure,
Japan, for the spectral bands of MERIS (Yang et al., 2010), using the
Fremont Lakes 2009 dataset. Its accuracy was comparable to the
MERIS three-band algorithm, and similarly, it was much less accurate
than the MERIS two-band algorithm for the estimation of low-to-
moderate chl-a concentrations (Tables 3 and 4).

3.6.2. MODIS two-band algorithm
TheMODIS two-band algorithm (Eq. 14)wasmuch less accurate than

theMERIS three-band algorithm (Eq. 12), theMERIS two-band algorithm
(Eq. 13), and the enhanced three-band index (Eq. 15) for the estimation
of chl-a concentrations (Fig. 10a and b), which was especially pro-
nounced for chl-a concentrations from 0 to 25 mgm−3, where the MAE
was 3.1 mgm−3 and the MNAE was 30.9% (Table 4). These results are
expected. Stumpf and Tyler (1988)werewell aware of the limitations re-
lated to the use of spectral bands in the red and NIR regions and sug-
gested to apply the model for the estimation of moderate to high chl-a
concentrations typical for phytoplankton blooms.

3.6.3. Comparison with Gons' algorithm
We investigated the performance of Gons' model (Eq. 2) with sim-

ulated bands 7, 9 and 12 of the MERIS standard product (Gons et al.,
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2005). This model is only slightly different from the MERIS two-band
model (Eqs. 5 and 10) and if the MERIS two-band model is reformu-
lated in terms of a(λ) and bb(λ), it is possible to derive Gons'
model, assuming the effects of aNAP(λ) and aCDOM(λ) are insignificant
compared to the effects of aφ(λ) and aw(λ) in the relevant spectral
regions, and bb is wavelength independent. We found a slightly
non-linear relationship between the estimated and measured chl-a
concentrations. The applied algorithm significantly underestimated
chl-a concentrations with an MAE of 5.9 mgm−3 for chl-a concentra-
tions from 0 to 100 mg m−3 and an MAE of 3.1 mg m−3 for chl-a
concentrations from 0 to 25 mgm−3 (Tables 3 and 4). We, therefore,
re-parameterized the algorithm for the Fremont Lakes 2008 dataset.
The coefficients for a⁎φ(665) and p were found through minimizing
the STE. The identified a⁎φ(665) of 0.0115 m−1 differed only slightly
from the average a⁎φ(665) of 0.0120 m−1 for the Fremont Lakes
2008 dataset. The exponent p was set to 1.024. When we applied
the re-parameterized algorithm for the Fremont Lakes 2009 dataset,
the MAE was 2.3 mgm−3 for chl-a concentrations from 0 to
100 mgm−3 and 1.4 mgm−3 for chl-a concentrations from 0 to
25 mgm−3 and the results were practically identical to the results for
the MERIS two-band algorithm. The difference between the results
Table 3
Performance of the NIR-red algorithms for the estimation of chl-a concentrations from
0 to 100 mg m−3.

Model MAE
mg m−3

RMSE
mg m−3

MNAE
%

MERIS three-band algorithm Eq. (12) 2.5 3.3 18.0
MERIS two-band algorithm Eq. (13) 2.3 3.6 11.6
MODIS two-band algorithm Eq. (14) 4.6 6.1 27.6
Enhanced three-band index Eq. (15) 3.0 4.0 18.5
Gons' algorithm 5.9 8.6 26.7
Advanced MERIS three-band algorithm Eq. (19) 3.4 5.8 15.6
Advanced MERIS two-band algorithm Eq. (20) 2.8 5.0 12.6

MAE — mean absolute error, RMSE — root mean squared error, and MNAE — mean
normalized absolute error.
fromGons' algorithm and theMERIS two-band algorithm seemedmainly
caused by the difference in a⁎φ(665), whereas the re-parameterization of
p seemed to have only a limited effect on the relationship between the
measured and estimated chl-a concentrations. The algorithm was only
slightly affected by variations in bb and 99.2% of its variability were
explained by ρ(band 7)−1×ρ(band 9), i.e. the two-band model (Eq.
10). These findings indicate a high potential for a simpler two-band
NIR-red algorithm, without the retrieval of bb from the NIR wavelengths,
to accurately estimate chl-a concentrations in turbid productive waters.

3.6.4. Advanced MERIS three-band and two-band algorithms
Gilerson et al. (2010) studied comprehensive synthetic datasets of

reflectance spectra and inherent optical properties, combined with the
Fremont Lakes 2008 dataset, to evaluate the sensitivities of the MERIS
three-band and two-band models (Eqs. 9 and 10) and the MODIS two-
bandmodel (Eq. 11) to changes in the optical water quality parameters.
In contrast to theMERIS three-band andMERIS two-bandmodels, which
were mainly controlled by terms related to aw(λ) and a⁎φ(λ) and rela-
tively insensitive to aCDOM(λ) and bb(λ), the MODIS two-band model
was very sensitive to changes in the optical water quality parameters
and was found inapplicable for the estimation of low-to-moderate
chl-a concentrations. Gilerson et al. (2010) reformulated the MERIS
three-band and two-band models in terms of a(λ) and bb(λ) and
Table 4
Performance of the NIR-red algorithms for the estimation of chl-a concentrations from
0 to 25 mg m−3.

Model MAE
mg m−3

RMSE
mg m−3

MNAE
%

MERIS three-band algorithm Eq. (12) 1.9 2.1 21.5
MERIS two-band algorithm Eq. (13) 1.2 1.4 11.5
MODIS two-band algorithm Eq. (14) 3.1 3.8 30.9
Enhanced three-band index Eq. (15) 2.5 2.9 22.4
Gons' algorithm 3.1 3.5 26.6
Advanced MERIS three-band algorithm Eq. (19) 1.4 1.6 15.2
Advanced MERIS two-band algorithm Eq. (20) 1.2 1.6 11.9
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separated a(λ) into aφ(λ), aNAP(λ), aCDOM(λ), and aw(λ), to develop
simplified semi-analytical models for the remote estimation of chl-a
concentrations, which were slightly different from Gons' model (Eq. 2):
Advanced MERIS three-band model

Chl�a ¼ MERIS 3 BM aw 754ð Þð Þ−aw 708ð Þ þ aw 665ð Þ½ �
aφ
� 665ð Þ ð16Þ

Advanced MERIS two-band model

Chl� a ¼ MERIS 2 BM aw 708ð Þð Þ−aw 665ð Þ½ �
aφ
� 665ð Þ ð17Þ

where MERIS 3BM andMERIS 2BM are the model values derived from
Eqs. (9) and (10), respectively, using ρrs(band 7), ρrs(band 9), and ρrs
(band 10). The substitution of a⁎φ(665) with a value derived from the
synthetic and field datasets and of aw(λ) with values from the litera-
ture resulted in the final algorithms:
Advanced MERIS three-band algorithm

Chl�a ¼ 113:36�MERIS 3 BMþ 16:45ð Þ1:124 ð18Þ

Advanced MERIS two-band algorithm

Chl�a ¼ 35:75�MERIS 2BM�19:30ð Þ1:124: ð19Þ

The algorithms (Eqs. 18 and 19) were applied to estimate chl-a
concentrations for the Fremont Lakes 2009 dataset. The advanced
MERIS three-band algorithm estimated chl-a concentrations in the Fre-
mont Lakes accurately with an MAE of 3.4 mgm−3 and an MNAE of
15.6% for chl-a concentrations from 0 to 100 mgm−3 (Table 3). The algo-
rithm worked very accurately for chl-a concentrations from 0 to
25 mgm−3 with an MAE of 1.4 mgm−3 and an MNAE of 15.2%
(Table 4). The results for the estimation of chl-a concentrations from
0 to 25 mgm−3 were only slightly different from those of the MERIS
two-band model and the advanced MERIS two-band algorithm (Tables 3
and 4).
3.6.5. Statistical comparison of the NIR-red models
To compare the accuracy of the models an ANOVA, followed by

Tukey's HSD multiple comparison procedure was performed. Tukey's
HSD indicated statistically significant differences, when the absolute
estimation errors from the MERIS two-band algorithm (Eq. 13), the
algorithm with the smallest MAE for chl-a concentrations from 0 to
100 mg m−3 and 0 to 25 mg m−3, were compared to the errors
from the MODIS two-band algorithm (Eq. 14) and Gons' algorithm
(Gons et al., 2005) for chl-a concentrations from 0 to 100 mg m−3

(pb0.05). Differences were more pronounced for chl-a concentra-
tions from 0 to 25 mg m−3, where Tukey's HSD indicated statistically
significant differences, when the errors from the MERIS two-band al-
gorithm (Eq. 13) were compared to the errors from the MERIS three-
band algorithm (Eq. 12), the MODIS two-band algorithm (Eq. 14), the
MERIS enhanced three-band index (Eq. 15), and Gons' algorithm. The
MERIS two-band algorithm (Eq. 13), the re-parameterized Gons' al-
gorithm, the advanced MERIS three-band algorithm (Eq. 18), and
the advanced MERIS two-band algorithm (Eq. 19) successfully esti-
mated chl-a concentrations from 0 to 25 mg m−3 with MAEs from
1.2 to 1.4 mg m−3 and MNAEs from 11.5 to 15.2% (Table 4). These re-
sults indicate a high potential of the simple MERIS two-band model
for the reliable estimation of chl-a concentrations in inland and coast-
al waters with low-to-moderate chl-a concentrations, without any re-
duction in accuracy compared to the more complex models, even
though more research seems required to analyze the sensitivity of
the model to differences in a⁎φ(665). Interestingly enough, Yacobi
et al. (2011), studying the performances of the two- and three-band
models using reflectance spectra taken at Lake Kinneret, estimated
chl-a concentrations very accurately with a linear algorithm only
slightly different from Eq. 13.

4. Conclusions

This study presented a detailed description of the bio-physical and
bio-optical water quality parameters measured in the Fremont Lakes,
Nebraska, which were comparable to water quality parameters typical
for inland and coastal waters around the world. The effects of the pres-
ence of NAP and CDOM, which make the algorithms typically applied
for oceanic waters inapplicable for optically complex inland and coastal
waters, were presented for lakes with a wide range of chl-a and TSS
concentrations. The importance of the red and NIR spectral regions for
the development of algorithms for the remote estimation of chl-a con-
centrations in inland and coastal waters was shown.

Several NIR-red models for the remote estimation of chl-a concen-
trations were evaluated and the rationale behind these models was
presented. The MERIS three-band model estimated chl-a concentra-
tions with an MAE of 2.5 mg m−3 for chl-a concentrations from 0 to
100 mg−3 and with an MAE of 1.9 mg m−3 for chl-a concentrations
from 0 to 25 mg m−3. The MERIS two-band model, estimated chl-a
concentrations with an MAE of 2.3 mg m−3 for chl-a concentrations
from 0 to 100 mg m−3 and with an MAE of 1.2 mg m−3 for chl-a con-
centrations from 0 to 25 mg m−3. These models, and the advanced
MERIS models were the most accurate in chl-a estimation.

This study showed the accurate estimation of chl-a concentrations
by several models using the spectral bands of MERIS, where the sim-
plest model, the MERIS two-band model, provided the most accurate
estimation of chl-a concentrations below 25 mg m−3, and has a high
potential for the development of a simple universally applicable
NIR-red algorithm.
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