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a b s t r a c t
A novel approach was developed to estimate phytoplankton biomass in eutrophic turbid lakes,
using MODIS bands designed for land and atmospheric studies. The Baseline Normalized Difference Bloom Index (BNDBI) uses the difference of remote-sensing reﬂectance (Rrs, sr−1 ) at 555 nm
(band 4) and 645 nm (band 1) after baseline correction using bands at 469 nm and 859 nm:
(Rrs (555) − Rrs (645))/(Rrs (555) + Rrs (645)). BNDBI takes advantage of the Chl-a’s absorption minimum
near 572 nm and absorption maximum near 667 nm. Using data from Lake Chaohu, the index showed a
strong relationship with Chl-a concentrations in conditions that would normally saturate more sensitive
ocean-color sensors. Extensive ﬁeld measurements were used to calibrate and validate the algorithm
with unbiased root-mean-square-error (URMSE) of 47.9% when compared to in situ Rrs data. A reduced
sensitivity to atmospheric effects was accomplished by using a baseline correction approach, anchored
at 469 nm and 859 nm to correct the radiances at 555 nm and 645 nm. Radiative transfer simulations
showed that the algorithm can be applied directly to MODIS Rayleigh-corrected reﬂectance (Rrc) after
adjusting algorithm coefﬁcients (URMSE uncertainty of 56.4% for MODIS Rrc data) for Chl-a concentrations <1000 g L−1 . Comparative analyses showed that the index was resistant to changes in turbidity
and organic matter concentrations. Theoretical simulations, image comparisons and spectral analyses
demonstrated that the index was robust in a range of complex atmospheric and surface conditions, with
different aerosol types, optical thickness (a 555), solar/viewing geometry, sun glint and thin clouds. A
comparison with other MODIS and MERIS Chl-a algorithms for turbid waters showed that BNDBI provided
consistent results with the advantage of using MODIS wavebands that remain unsaturated in high turbidity conditions. The BNDBI opens new possibilities to explore bio-optical dynamics in turbid eutrophic
lakes using data from a range of satellite sources.
© 2016 Elsevier Ltd. All rights reserved.

1. Introduction
Due to the synoptic coverage and temporal consistency of satellite acquired data, remote sensing has greatly improved real-time
monitoring of water quality and the rapid detection of environmental threats such as eutrophication and harmful algal blooms
(Odermatt et al., 2012; Matthews, 2010). Especially, phytoplankton pigment concentration (Chl-a in g L−1 ) is the most commonly
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derived parameter in water-quality remote sensing mainly because
of its utility in determining bloom intensity and trophic status
(Matthews, 2010; Qi et al., 2014a; Schaeffer et al., 2012). The
increase in recent publications on remote detection of phytoplankton follows the growing need for better information on algal bloom
dynamics and the risks they pose to drinking and irrigation water
supplies (Guo, 2007; Duan et al., 2009a), aquaculture and recreational water use (Paerl and Huisman, 2008; Paerl and Huisman,
2009).
In China, following three decades of rapid economic development, eutrophication has become the most important water quality
problem (Zhang et al., 2015). A recent investigation from the China
State Environmental Protection Agency (SEPA, 2013) indicated that,

Y. Zhang et al. / Ecological Indicators 69 (2016) 138–151

139

Table 1
Chl-a estimation algorithms with concentration range and area of application using MODIS imageries derived from the published literatures.
Algorithms
OC2
OC3
OC4
CIA
Red-NIR
Green-Red
EOF

Application Area

Chl-a range(g L−1 )

Reported Accuracy
−1

Lake Erie/the Mississippi Delta
Lake Tanganyika/the Northern Adriatic Sea
Lake Erie/New Caledonia/the Northern
Adriatic Sea
Global oceans

<10
<10
<10

RMSE = 1.74 g L
RMSE = 0.23 g L−1
RMSE < 2.43 g L−1

≤0.25

Lake Kinneret/Reservoirs of the Dnieper
River/the Sea of Azov
Tampa Bay
Lake Taihu

10–100

RMSE(log) = 0.165
URMSE = 16.2%
R < 35 g L−1
RMSE < 1.5 g L−1
RE < 41.7%
URMSE = 63.3%
RMSE(log) = 0.29

<80
<100

of the six largest freshwater lakes in China, all but Lake Poyang and
Lake Dongting were eutrophic (SEPA, 2013), where massive algal
blooms have limited the availability of fresh water to the surrounding population. These four lakes are Lake Taihu, Lake Chaohu, Lake
Hongzehu and Lake Dianchi (Duan et al., 2009b; Jia et al., 2011; Dai
et al., 2012). The campaign from national and local governments
to reduce eutrophication in these lakes would beneﬁt from a better
understanding of both real-time conditions as well as the long-term
dynamics of water quality. Creating a reliable and robust remote
sensing approach, including Chl-a retrieval algorithms are fundamental to achieve this understanding as well as identify potential
drivers.
Typical ocean-color sensors such as Sea-viewing Wide Field-ofview Sensor (SeaWiFS), Moderate Resolution Imaging Spectroradiometer (MODIS) and Medium Resolution Imaging Spectrometer
(MERIS) provide high acquisition frequencies, bands ideally positioned for the detection of water constituents and high signal-noise
ratios. MERIS, which has not been accessible since April 2012, had
provided important insights into the concentrations of optically
active substances in large lakes (Matthews and Odermatt, 2015;
Palmer et al., 2015). MODIS (1999-present for Terra, 2002-present
for Aqua) has a high frequent (daily) and synoptic global coverage, as well as appropriate spatial resolutions (250/500/1000 m)
for large lake analysis. There is some concern that the aging MODIS
system may also cease to provide these important data, given
that it has far exceeded their initial design life (Cao et al., 2013).
MODIS is equipped with several medium-resolution bands (“sharpening” bands designed for land use), and is also the prototype
for the Visible Infrared Imager/Radiometer Suite (VIIRS) (Hu et al.,
2004a; Le et al., 2013a). The continued development of MODIS Chla algorithms for lakes will inform algorithm development for VIIRS
because of its MODIS heritage.
In many shallow lakes like the study lakes, multiple optically
active components such as suspended particular matter (SPM),
colored dissolved organic matter (CDOM) and phytoplankton inﬂuence remotely sensed reﬂectance. Each of these components can
vary in an independent manner (IOCCG, 2000). In these optically
complex waters, classiﬁed as case 2 (Morel and Prieur, 1977), the
accurate estimation of Chl-a by remote retrieval remains a challenge. In the remote sensing of phytoplankton biomass, one or
more of the following optical features are used: (1) an absorption maximum at 442 nm (Bricaud et al., 1995; Gitelson et al.,
1992); (2) a secondary absorption maximum at 665 nm (Bricaud
et al., 1995); a reﬂectance maximum near 572 nm (Gitelson et al.,
1992; Schalles et al., 1998a); (3) a reﬂectance maximum around
700 nm (Gitelson et al., 1992; Vasilkov, 1982; Vos et al., 1986);
and (4) a ﬂuorescence maximum near 685 nm (Matthews and
Odermatt, 2015; Palmer et al., 2015; Gower et al., 1999; Gower,
1980; Gitelson et al., 1994). As the most commonly used Chl-a
algorithms, OC2, OC3 and OC4 have been applied to case 1 waters
and a limited number of Chl-a case 2 waters (Table 1), as the
primary Chl-a absorption bands exist on all medium resolution

Reference
D’sa et al. (2006), Witter et al. (2009)
Mzlin et al. (2007), Horion et al. (2010)
Mélin et al., (2007), Witter et al. (2009),
Dupouy et al. (2010), Loiselle et al. (2014)
Hu et al.2012a
Moses et al. (2009), Yacobi et al. (2011)
Le et al.2013a
Qi et al.2014b

ocean color spectrometers including MODIS (Matthews, 2010).
However, the OC2-OC4 algorithms were developed for retrieving <10 g L−1 Chl-a, which presents a limitation in waters with
high turbidity and high biomass (Odermatt et al., 2012). Similarly,
the color index-based algorithm (CIA) is a peak-above-baseline
algorithms example of Chl-a algorithms using combinations of
MODIS bands, which is best suited for oligotrophic waters (Hu
et al., 2012a). The development of “three-band algorithms” and
“four-band algorithms” have improved Chl-a estimation accuracy
in highly turbid waters. Most of these, were developed and validated using in situ Rrs data (Le et al., 2013b; Gitelson et al., 2008).
A new Chl-a algorithm based on red and green wavebands provided by Le et al. (2013a) was applied in estuarine waters using
MODIS spectral Rrs () processed with SeaDAS (Le et al., 2013a). Yi
and An (2014) developed a four-band quasi-analytical algorithm
for assessment of chlorophyll-a concentration in coastal waters
using MODIS, but this did not have full/accurate atmospheric correction (Yi and An, 2014). Importantly, the spectral bands of MODIS
used in these algorithms are often saturated in coastal and inland
waters (Hu et al., 2012b), leading to a signiﬁcant reduction in
the availability of data. Recently, an approach based on Empirical Orthogonal Function analysis was validated in surface waters
of Lake Taihu (Qi et al., 2014b). This approach analyzed the spectral variance of normalized Rayleigh-corrected reﬂectance (Rrc ) at
469, 555, 645, and 859 nm, and related it to Chl-a using concurrent MODIS and ﬁeld measurements. However, the accuracy of
this algorithm was strongly inﬂuenced by the model-constructiondataset.
In the present study, we developed and validated a novel
approach to determine real-time and long term Chl-a records
for turbid eutrophic lakes using MODIS unsaturated spectral
bands following partial atmospheric correction. The approach was
intended to explore spatial and temporal variability of phytoplankton blooms in major inland waterbodies as well as to support of
local management efforts to identify bloom initiation and extent.
We also discuss the limitations and applications of this new algorithm and make recommendations for future development.

2. Study site
Lake Chaohu, Lake Taihu, Lake Hongzehu and Lake Poyanghu
are four large freshwater lakes in the east of China, with surface
areas of 760 km2 , 2400 km2 , 1600 km2 and 3000 km2 respectively
(Xie et al., 2009; Feng et al., 2012; Zhang et al., 2014). Lakes Chaohu
and Taihu have signiﬁcant problems of increasing eutrophication
and reoccurring algal blooms.
Water samples and optical data from Lake Chaohu were collected during seven cruise surveys in 2013 and 2014 (Fig. 1a). These
data were used for the algorithm development (2013) and validation (2014). Field data from Lake Taihu, Lake Hongzehu and Lake
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Fig. 1. Location of Lake Chaohu, Lake Poyanghu, Lake Hongzehu and Lake Taihu. The different symbols indicate in situ measurements stations in Lake Chaohu (a), Lake
Poyanghu (b), Lake Hongzehu (c) and Lake Taihu (d). Following convention, Lake Chaohu is divided into three lake segments.

Poyanghu were also used to evaluate algorithm performance in
different lakes (Fig. 1b–d).
3. Materials and methods
3.1. In situ data
In situ Rrs () was measured with a hand-held ASD (Analytical Spectral Device, Inc.) spectrometer following the NASA Ocean
Optics protocols (Mueller et al., 2003). As recommended by Mobley
(Mobley, 1999), a viewing geometry with an azimuth of 135◦ and
zenith of 40◦ , was used to avoid water surface reﬂection from direct
sun. Each water spectrum was sampled 90◦ azimuth with respect to
the sun and with a nadir viewing angle of 45◦ . The detector integration time was either 136 ms or 272 ms. The separate dark reading
was obtained each time the integration time was changed. The
measurement sequence, repeated 5 times for each measurement,
began with a measurement of a standard 25cm × 25 cm plaque (25%
reﬂectivity), water and sky radiances (each preceded by a dark offset reading). The water surface reﬂectance factor  was assumed
to be 0.028 but clearly depended on sky conditions, wind speed,
and solar zenith angle (Mobley, 1999). The viewing direction of 40
deg from the nadir and 135 deg from the Sun was considered a reasonable compromise. This method has been widely used in sea and
inland lakes studies with success in conditions where wind speeds
less than 5 m s−1 (Mobley, 1999; Ahn, 2006; Dev and Shanmugam,
2014; Sun et al., 2015). The viewing direction was set by adjusting the instrument angle to minimize the effects of Sun glint and
non-uniform sky radiance while also avoiding instrument shading.
The measurements were made from a location that minimized
shading, reﬂections from superstructure, ship’s wake, associated
foam patches and whitecaps and specular reﬂection of sunlight.
A HydroScat-6 backscattering sensor was used to measure
total backscattering coefﬁcients, including the contribution of pure
water at six wavelengths of 420, 442, 470, 510, 590, and 700 nm,
under the guidance of the manual from HOBI Labs (HOBI Labs Inc,
2008). The measured backscattering coefﬁcients were examined
to remove outliers and the mean of the remaining measurements
was calculated. Next the sigma correction was made to improve
the accuracy of the backscattering measurements, using the equipment default value of 0.015 as backscattering probability (Ma et al.,

2006). Particulate backscattering coefﬁcients (bbp (), m−1 ) were
derived by removing backscattering coefﬁcients of pure water.
Surface water samples (<30 cm) were collected after Rrs measurements and analyzed on the same day in the laboratory. Chl-a
concentrations were measured spectrophotometrically using NASA
recommended standard protocols (Gitelson et al., 2008; Mueller
et al., 2003), using 90% acetone for pigment extraction. Suspended
particulate matters (SPM) were determined gravimetrically from
samples collected on pre-combusted and pre-weighed GF/F ﬁlters
(47 mm diameter, dried overnight at 95 ◦ C). SPM was further differentiated into suspended particulate inorganic matter (SPIM) and
suspended particulate organic matter (SPOM) by combustion of
organic matter at 550 ◦ C for 3 h and reweighing the ﬁlters (Gitelson
et al., 2008; Mueller et al., 2003; Neil et al., 2011). The transparency
was measured by Secchi disk.
Inherent optical properties (IOPs) (Appendix A), including
absorption coefﬁcients of total particulate matter (ap (), m−1),
phytoplankton pigments (aph (), m−1), colored dissolved organic
matter (CDOM; or gelbstoff) (ag (),m−1) and detritus (ad (),m−1),
were determined in the laboratory. ap () and ad () were measured using the quantitative ﬁlter technique recommended by
NASA (Mueller et al., 2003). The absorption coefﬁcients of the
total particulate matter at (), phytoplankton pigments, and NAP
(non-algal particulates) ad () were determined using 47 mm GF/F
ﬁlters and a Shimadzu UV2600 spectrophotometer (Ferreira et al.,
2013). The absorbance spectra of non-algal particles ad () = at () −
aph () were measured after the pigments were bleached with
sodium hypochlorite, and then absorption spectra of phytoplankton pigment were derived following: ad () = at () − aph ()
(Ferrari and Tassan, 1999). CDOM absorption [ag ()] was determined from ﬁltered water (Millipore ﬁlter with 0.22 m pore size)
using spectrophotometer (Shimadzu UV2600) with Milli-Q water
as the reference.
3.2. Satellite data
MODIS Level-0 data collected by both Terra and Aqua
(2000–2013) were obtained from the NASA Goddard Space Flight
Center through its Ocean Biology Processing Group (OBPG, http://
oceancolor.gsfc.nasa.gov). MODIS data has a swath width of
2330 km and a temporal resolution of at least once per day. MODIS
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sensors for ocean studies have 9 bands (412–869 nm) with a 1km
spatial resolution and a narrow dynamic range (Hu et al., 2012b).
However, these bands are often saturated for inland lakes and
coastal areas due to elevated atmospheric and aquatic turbidity.
The MODIS instruments designed for land and atmosphere use
have 7 spectral bands from 469 nm to 2130 nm with a lower sensitivity and higher dynamic range. Although not designed for the
aquatic studies, these bands have potentially wide applications for
coastal and inland waters (Kahru et al., 2004; Hu et al., 2004b,
2010). The ground resolution of the 645 and 859 nm bands is 250 m,
while bands at 469, 555, 1240, 1640, and 2130 nm have a 500 m
resolution. In this study, bands at 555, 645, 469 and 859 nm were
used.
MODIS data were processed using SeaDAS (version 6.4) and
converted to calibrated radiance (Level-1B). As a full atmospheric
correction through SeaDAS often resulted in data loss due to incorrect data masking and high uncertainties in the retrieved remote
sensing reﬂectance (Rrs , sr−1 ), a partial atmospheric correction was
made to correct for the gaseous absorption (mainly by ozone) and
Rayleigh (molecular) scattering effects, resulting in Rayleigh corrected reﬂectance (Rrc , dimensionless):
Rrc () = t () − r () = a () +  × t () × t0 () × Rrs ()

(1)

where t is the top of atmosphere (TOA) reﬂectance after adjustment of the atmospheric (gas) absorption, r is the reﬂectance due
to Rayleigh scattering, a is the reﬂectance due to aerosol scattering
and aerosol-Rayleigh interactions, t and t0 are the diffuse transmittance from the image pixel to the satellite and from the sun to the
image pixel, respectively. Note that a , t, and t0 are functions of
aerosol type, aerosol optical thickness, and solar/viewing geometry. The above formulation assumes negligible contributions from
whitecaps and sun glint.
Rrc data were mapped to a cylindrical equidistant projection
for further analysis. Rrc data at 645 nm, 555 nm, and 469 nm were
used to compose the Red-Green-Blue true color images to screen
for clouds and sun glint. After visual inspection and data quality control, a total of 1382 data granules between 2000 and 2013
were found to contain minimal cloud cover and sun glint, therefore suitable for algorithm development and time-series studies.
Concurrent (same day) Rrc data for ﬁeld measurement locations
(termed ‘matching pairs’) were identiﬁed, using the median value
of a 3 × 3 pixel box centered at the ﬁeld measurement location
(to minimize the potential impact of straylight). After quality
control, 55 ﬁeld measurements in Lake Chaohu and 60 ﬁeld measurements in the other three lakes were matched for algorithm
validation.
MERIS Level-1B full-resolution (FR, 300-m) data for the study
lakes were obtained from the NASA Goddard Space Flight Center through its Ocean Biology Processing Group (OBPG, http://
oceancolor.gsfc.nasa.gov). The same partial atmospheric correction was made to correct for the gaseous absorption and Rayleigh
(molecular) scattering effects in the Level-1B data using routines
and look up tables (LUTs, SeaDAS, version 6.4).

3.3. Bio-optical model and simulations
Due to close inspection of in situ Rrs spectra (see Section 4.1),
the baseline normalized difference bloom index (BNDBI) was used,
based on the normalized difference of Rrs at 555 nm and 645 nm
corrected for the baseline formed by Rrs at 469 nm and 859 nm
as:
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BNDBI = (Rrs 555 − Rrs 645 )/(Rrs 555 + Rrs 645 )
Rrs 555 = Rrs 555 − B555
Rrs 645 = Rrs 645 − B645



B555 = Rrs 469 ×



B645 = Rrs 469 ×

(859 − 555)
(555 − 469)
+ Rrs 859 ×
(859 − 469)
(859 − 469)
(859 − 645)
(645 − 469)
+ Rrs 859 ×
(859 − 469)
(859 − 469)



(2)



The standard relationship between Rrs and IOPs (Gordon et al.,
1988) was used to determine BNDBI:
Rrs () ∝

bb ()
a () + bb ()

(3)

which is based on the total backscattering coefﬁcient (bb ) and
total absorption coefﬁcient (a). These IOPs are often separated into
operationally deﬁned components such as the dissolved (gelbstoff,
represented by “g”) and particulate fractions (algal and non-algal
components, represented by “ph” and “d”), and water (IOCCG,
2006):
a () = aw () + aph () + ad () + ag ()
bb () = bbw () + bbp ()

(4)

where aw () and bbw () for pure water are given by Pope and Fry
(Pope and Fry, 1997) and Morel (Morel, 1974), respectively. aph ()
is the absorption coefﬁcient of all phytoplankton pigments, which
can be expressed as
aph () = a∗ph () × Chla

(5)

where aph *() is the phytoplankton speciﬁc absorption coefﬁcient (m2 mg−1 ) and Chl-a is the chlorophyll-a concentration in
g L−1 . bbp is the total suspended particulate matter (SPM, including cyanobacterial and non-cyanobacterial particles). In the present
study, bbp was measured in the ﬁeld without partitioning into
individual components as measurements showed no correlation
between bbp and Chl-a and a high correlation between bbp and SPM
(see Section 4.1).
The relationship between BNDBI and Rrs (Eq. (6)) leads to a nonlinear relationship between the algorithm and Chl-a.
BNDBI =

Rrs (555) − B555 − Rrs (645) + B645
˛1 × Chla + ˇ1
=
Rrs (555) − B555 + Rrs (645) − B645
˛2 × Chla + ˇ2

(6)

˛1 = a∗ph (645) × bb (555) − a∗ph (555) × bb (645)
ˇ1 = ac1 (645) × bb (645) − ac1 (555) × bb (645) − B555 + B645
˛2 = a∗ph (645) × bb (555) + a∗ph (555) × bb (645)
ˇ2 = ac1 (645) × bb (645) + ac1 (555) × bb (645)
+ 2bb (555) × bb (645) − B555 − B645
This can be further transformed to show the relative relationships between BNDBI and Chl-a:
BNDBI ≈ A0 − B0 / (C0 + D0 × Chla)

(7)

where A0 , B0 , C0 , and D0 are all constants that do not vary with
Chl-a. The change of BNDBI with increasing Chla is nonlinear:
d (BNDBI) /d (Chla) = B0 × D0 /(C0 + D0 × Chla)

2

(8)
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Fig. 2. (a) Conceptual relationship between Chl-a and SPIM (in log scale) and BNDBI(Rrs ), based on radiative transfer simulations following the approach of Lee et al. (2011).
In the simulations, all in-water IOPs were parameterized from the Lake Chaohu measurements and published values. The grey bar shows that all in-water IOPs (including
Chl-a and SPIM) were ﬁxed while CDOM absorption at 440 (ag 440) was changed between 0.1 and 1.0 m−1 . (b) Relationship between Chl-a (in log scale) and BNDBI determined
from in situ Rrs and MODIS spectral response function. (c) Performance evaluation of the BNDBI. Solid line is the 1:1 reference line.

Combined with Eq. (2), the resulting equations form the basis for
the empirical relationship between BNDBI and Chl-a using on ﬁeld
measurements. Note that in the Rrs model, all parameters except
for Chl-a were held constant as there was no correlation between
Chl-a and the other IOPs. The model simulation (Fig. 2a) provided
support for the BNDBI-Chl-a concept, as most variables were kept
unchanged in the model.
Mass speciﬁc absorption coefﬁcients for IOPs of Lake Chaohu
were calculated and utilized in model simulations (Mobley,
2016), including (aph *(555) and aph *(645) in m2 /mg), SPM
mass-speciﬁc absorption and backscattering coefﬁcients of
non-living particulate matter (ad *(443) and bbp *(443), m−1 L/mg)
(aph *(555) = 0.00682 m2 mg−1 ; aph *(645) = 0.0092 m2 mg−1 ; ad *
(443) = 0.0772 m−1 L/mg; bbp * (443) = 0.0160 m−1 L/mg).
ad () = ad ∗ (443) × SPM × exp (−0.012 × ( − 443))
ag () = ag (440) × exp (−0.015 × ( − 440))
∗



1.0

bbp () = bbp (443) × SPM × 443/

(9)
(10)
(11)

The model simulation results (Fig. 2a) following the approach of
Lee et al. (2011) provided support for the BNDBI-Chl-a concept, yet
for simplicity most variables were kept unchanged in the model.
To account for observed changes in the environment, all of the ﬁeld
data collected in Lake Chaohu in 2013 (N = 114) were used to establish an empirical relationship between BNDBI and Chl-a (Fig. 2b and
c). The in situ Rrs was ﬁrst preprocessed multiplying by MODIS spectral response function, then the BNDBI algorithm was determined
by non-linear least-square ﬁtting as
Chla = 982.3 × BNDBI 4 + 71.86 × BNDBI 3 + 562.4 × BNDBI 2
+ 79.05 × BNDBI + 6.6

(12)

The relationship appeared to be applicable for Chl-a between
∼10.0 and 1000.0 g L−1 , which are discussed in detail below. As
the BNDBI algorithm (Eq. (12)) was developed from ﬁeld measured Rrs , it could not be applied directly to satellite-derived Rrs
data without atmospheric correction. In the absence of whitecaps
and sun glint, Rrc (Eq. (1)) can be used to establish the relationship between Rrs () and Rrc (), and therefore between BNDBI(Rrs )
and BNDBI(Rrc ). To test the relationship between Rrc -based BNDBI
and Rrs -based BNDBI with changing atmospheric conditions, seven
aerosol types were extracted from SeaDAS LUTs. Aerosol optical
thickness (a 555) and solar/viewing geometry (solar zenith angle
0 ; sensor zenith angle  and relative azimuth angle ) were
set for Lake Chaohu (Fig. 3). For all conditions considered, there

was a strong correlation between BNDBI (Rrs ) and BNDBI (Rrc )
(R2 = 0.999). This showed that, when accurate Rrs are not available
from satellite measurements, BNDBI(Rrc ) can be used as a surrogate
for BNDBI(Rrs ). When all results with different atmospheric conditions above-mentioned were combined (Fig. 3a), the relationship
between BNDBI(Rrc ) and BNDBI(Rrs ) was near unity:
BNDBI (Rrc ) = 1.051BNDBI (Rrs ) − 0.007

(13)

3.4. Validation with Rrs and Rrc data
In order to test and validate the performance of the BNDBI
algorithm, several approaches were utilized: the in-situ Rrs data
of Lake Chaohu in 2014 were tested; the in-situ Chl-a and synchronous MODIS Rrc data of Lake Chaohu were validated and; the
algorithm was validated using Rrs and MODIS Rrc data of Lake
Taihu, Lake Poyanghu and Lake Hongzehu. Finally, we compared
the new algorithm performance with typical Chl-a algorithms,
including a three-band algorithm (Duan et al., 2010), four-band
algorithm (Le et al., 2013b), FLH (Gower et al., 2004), MERIS-MCI
(Gower et al., 2005), MERIS-MPH (Matthews and Odermatt, 2015;
Matthews et al., 2012), MODIS-EOF (Qi et al., 2014b), MODIS-twoband (Gitelson et al., 2008) and MODIS four-band algorithms (Le
et al., 2013b; Yi and An, 2014).
3.5. Accuracy assessment
Algorithm performance and product uncertainties at pixel level
were assessed by R2 , root-mean-square-error in log space, RMSE,
and unbiased RMSE (URMSE) in relative percentage (100%):



RMSE (log) =


RMSE (%) =



1 N
yi − xi

N i=1
xi


URMSE (%) =

1 N
2
 (log 10 (yi ) − log10 (xi ))
N i=1



2

× 100%

1 N
yi − xi

N i=1 0.5 (yi + xi )

2

× 100%

(14)

(15)

(16)

where xi and yi refer to the measured and predicted values for
the ith sample. Chl-a in Lake Chaohu had an approximately lognormal distribution (Campbell, 1995). Data were log-transformed
prior to statistical analysis. The use of URMSE in addition to the typical RMSE was proposed by Hooker et al. (2002) and used to avoid
the impact of outliers that skew error distributions. This is particularly useful when both x and y may contain large errors and has
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Fig. 3. Relationship between Rrc -based BNDBI and Rrs -based BNDBI with changing atmospheric conditions (aerosol type and optical thickness) based on model simulations.
(a) Seven aerosol types were used in the simulations according to SeaDAS LUT for a 555 = 0.5, 0 = 40◦ ;  = 20◦ ;  = 40◦ . The solid line represents the linear best-ﬁt function
(R2 = 0.999) between these two parameters. (b) Relationship between Rrs -based BNDBI and Rrc -based BNDBI under one aerosol type and different optical thickness. (c)
Comparison between Rrs -based BNDBI and Rrc -based BNDBI under different observation conditions.

been often used to gauge algorithm performance (Hu et al., 2012a;
Qi et al., 2014b).
4. Results
4.1. Data descriptions
For all cruise surveys (2013–2014), Chl-a was highly variable,
especially during July, August and September (Appendix A). Generally, Lake Chaohu has an elevated turbidity, with a Secchi depth
of less than 50 cm. Chl-a in non-bloom waters (<200 g L−1 ) was
uncorrelated with both SPM and bbp (442) (R2 = 0.043 N = 14)(Fig. 4a
and b). The relationship between bbp (442) and SPM showed a strong
correlation (R2 = 0.689, N = 14)(Fig. 4c), indicating that bbp (442) was
driven by SPM (mostly non-living particles) in non-bloom waters.
Together, these results indicate that there was no co-variation
between living and non-living constituents.
In situ Rrs spectra (Fig. 5a) showed a correlation between the Rrs
maximum at 555 nm and the Rrs minimum at 640 nm with Chl-a
concentrations. This results from particulate scatter around 572 nm
(Gitelson et al., 1992; Schalles et al., 1998a; Schalles et al., 1998b)
and from Chl-a absorption near 665 nm (Bricaud et al., 1995). The
relationship of BNDBI is similar to NDVI and NDWI (McFeeters,
1996; Gao, 1996) but correcting the baseline using Rrs (469) and
Rrs (859) to remove atmospheric effects and turbidity effects from
measurements taken in different times and places.
4.2. Validation
An evaluation was performed to determine the ‘predictive’ ability of BNDBI using the ﬁeld data collected in Lake Chaohu in 2014
(N = 24). The URMSE and RMSE were 47.9% and 64.4% (Fig. 6a),
respectively (R2 = 0.941, p < 0.01). The log-transformed RMSE was
0.218. The performance of the BNDBI algorithm was satisfactory
with respect to open ocean Chl-a data products (Gregg and Casey,
2004). Considering the BNDBI-Rrc algorithm was not derived from
MODIS Rrc data directly, we compared the predicted Chl-a from
MODIS Rrc data with synchronous in situ Chl-a measured in 2013
and 2014 (N = 55). The URMSE and RMSE were 56.4% and 85.2%,
respectively (R2 = 0.777, p < 0.01) (Fig. 6b). The log-transformed
RMSE was 0.259. To improve the accuracy evaluation of the algorithm, the validation dataset was divided in two parts: <100
and >100 gL−1 . The accuracy of BNDBI algorithm was higher for
>100 gL−1 with URMSE 44.4%, RMSE 39.2% and RMSE(log) 0.199
with respect to <100 gL−1 with URMSE 50.7%, RMSE 69.9% and
RMSE(log) 0.232. However, for MODIS Rrc data, there was very similar accuracy between these two range with URMSE 56.2%, RMSE

85.7% and RMSE(log) 0.255 for >100 gL−1 , and URMSE 56.5%,
RMSE 85.2% and RMSE(log) 0.261 for <100 gL−1 .
The BNDBI calibration from Lake Chaohu was used with ﬁeld and
MODIS data from Lake Poyanghu, Lake Hongzehu and Lake Taihu.
Strong correlations between ﬁeld-measured and in-situ Rrs derived
or MODIS-derived Chl-a values were found (Fig. 7), indicating the
robustness of the Chl-a approach in other optical conditions. Even
though the Lake Chaohu based algorithm was shown to be applicable to other lakes, we recommend that algorithm coefﬁcients
should be optimized using local data.
4.3. BNDBI algorithm performance compared with other Chl-a
algorithms
The in situ Rrs data, concurrent MODIS and ﬁeld measurements
of Lake Chaohu were used to compare results from the BNDBI algorithm and the other Chl-a estimation algorithms (Tables 2 and 3;
Fig. 6). The accuracy of the BNDBI algorithm used in situ Rrs data
was as good as the other classic algorithms, with URMSE, RMSE
and RMSE(log), 47.9%, 64.4% and 0.218 respectively. It should be
noted that SPM and CDOM at shorter wavelengths were much more
sensitive to Rrs spectrum compared to the red and NIR range, showing the robustness of BNDBI in these conditions, and conﬁrming
the theoretical basis of the approach. Concurrent MODIS and ﬁeld
data were also utilized to compare Rayleigh-corrected BNDBI and
MODIS EOF algorithms (Qi et al., 2014b). BNDBI gave better results,
with URMSE, RMSE and Pearson, 56.4%, 85.2% and 0.882 respectively (Table 3).
5. Discussion
5.1. Spectrum characteristics and BNDBI values
Analysis of in situ Rrs and concurrent Chl-a indicated that: (1)
when SPIM dominated the IOP of the water, Rrs (645) > Rrs (555)
and −0.34 < BNDBI < 0 (Fig. 8a); (2) When Rrs (645) < Rrs (555) and
Rrs (645) > 0, BNDBI increased with an increase in Chl-a (Fig. 8b);
(3) when Rrs (645) < 0, BNDBI ≥ 1 (Fig. 8c) and; (4) when ﬂoating
algae scums appeared, the Rrs spectrum in NIR range increased the
baseline. With the increase of baseline, when Rrs (555) < −Rrs (645) ,
BNDBI became < −0.34 and increased with the density of surface
algae scums, which could be the criterion for serious algal bloom.
5.2. Data quality versus data quantity
Atmospheric correction and the high frequency of non-optimal
observational conditions (e.g., clouds, thick aerosols, and sun glint)
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Fig. 4. Scatter plots showing the relationships between (a) Chl-a and SPM, (b) Chl-a and bbp 442, and (c) SPM and bbp 442 for ﬁeld experiments conducted in 2013–2014.

Fig. 5. (a) Rrs spectra measured from Lake Chaohu during cruise surveys in 2013 and 2014. (b) Illustration of the BNDBI algorithm concept. BNDBI is deﬁned as (Rrs (555) Rrs (645) )/(Rrs (555) + Rrs (645) ). The four wavelength (vertical bars) were chosen based on the availability of MODIS bands.

Fig. 6. Validation results using in-situ Rrs (a) and MODIS Rrc data (b) of Lake Chaohu, respectively. The solid line is the 1:1 reference line.
Table 2
Comparison of BNDBI algorithm and other Chl-a algorithms applied to the dataset from the present study based on in situ Rrs data.
Data

in situ Rrs

Algorithms

Three-band
Four-band
FLH
MERIS-MCI
MERIS-MPH
MERIS-NDCI
MODIS-Two-Band
MODIS-Four-Band
MOIDS-Four-Band
MODIS-BNDBI

Reference

Duan et al. (2010)
Le et al. (2009)
Gower et al. (2004)
Gower et al. (2005)
Matthews and Odermatt (2015), Matthews
et al. (2012)
Mishra and Mishra (2012)
Gitelson et al. (2008)
Le et al. (2013b)
Yi and An (2014)
This study

Modeling dataset

Validating dataset

URMSE

RMSE

RMSE(log)

URMSE

RMSE

RMSE(log)

45.5%
49.4%
43.6%
59.8%
48.0%

52.0%
65.1%
42.2%
73.8%
63.8%

0.208
0.235
0.207
0.291
0.220

52.2%
58.6%
53.7%
58.3%
58.9%

44.1%
76.3%
63.4%
51.1%
58.5%

0.256
0.293
0.273
0.294
0.283

45.6%
57.5%
82.1%
57.7%
55.7%

42.5%
81.5%
52.1%
55.3%
78.1%

0.221
0.273
0.466
0.292
0.261

52.6%
83.1%
88.3%
71.1%
47.9%

71.4%
59.1%
77.6%
54.3%
64.4%

0.267
0.425
0.462
0.366
0.218
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Fig. 7. Application of the BNDBI algorithms to Lake Chaohu, Lake Taihu, Lake Hongzehu and Lake Poyanghu, China, with in situ Rrs (a) and MODIS Rrc (b). Note that the BNDBI
algorithm used for all lakes was based on coefﬁcients determined from Lake Chaohu.

Table 3
Comparison of BNDBI algorithm and other Chl-a algorithms applied to the dataset from the present study based on MODIS imagery Rrc .
Data

Algorithms

Reference

Modeling dataset

Validating dataset

URMSE

RMSE

Median

Average

Pearson

URMSE

RMSE

MODIS
imagery
Rrc

MODISEOF
MODISBNDBI

Qi et al.
(2014b)
This
study

55.5%

73.5%

112.1%

80.4%

–

47.1*
38.6
50.1*
79.3

0.286

–

35.2*
30.5
32.6*
39.4

0.882

56.4%

85.2%

¨
The marks *s̈how
the results from in-situ data.

Fig. 8. The relationship between the Rrs spectrum and BNDBI value. (a) High turbid water with Chl-a 8.94 g L−1 , SPIM 258.5 mg L−1 and BNDBI < 0; (b) non-bloom water
with Chl-a 81.6 g L−1 , SPIM 17.5 mg L−1 and 0 < BNDBI < 1; (c) high Chl-a water with Chl-a 1102.5 g L−1 , SPIM 26.1 mg L−1 and BNDBI > 1.

100%

Mean Percentage of Usable Data

are challenges for long-term analysis of inland waterbodies using
satellite ocean color data. Atmospheric correction is challenging
even under optimal conditions (cloud free, thin aerosols, negligible sun glint). Following the traditional approach to screening
cloud pixels and low-quality data (eg. Rrc (869) > 0.027) (Jedlovec
et al., 2008), little data for Lake Chaohu would be available, as
non-zero Rrs at 869 nm and the thick aerosols predominate. To
overcome these difﬁculties, Wang and Shi (2006) used threshold
values in the MODIS SWIR wavelengths (Rrc (1240) and Rrc (1640))
for turbid waters, while Le et al. (2013b) and Feng et al. (2014)
used Rrc (865) > 0.046 and Rrc (865) > 0.1 for Tampa Bay and the
Yangtze Estuary of China respectively. Fig. 9 shows that the use of
the threshold of Rrc (859) = 0.1 resulted in 79–100% (mean = 90.4%)
valid data coverage per image in Lake Chaohu for every month.
In contrast, the mean valid data coverage for the threshold of
0.027 or 0.046 was nearly 0%. However, using a threshold of 0.1,
algae scums and sun glint in Lake Chaohu can be identiﬁed falsely
as clouds in masking procedures. In this study, image and spectral analyses as well as histogram comparisons revealed that the

Rrc_threshold=0.07

Rrc_threshold=0.08

Rrc_threshold=0.10
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Climatology Month (2000-2013)
Fig. 9. Mean percentage of usable data per image during each climatological month,
based on different Rrc thresholds.
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Fig. 10. The sensitivity of BNDBI to turbidity induced by re-suspension and algal blooms. (a) RGB and (b) Chl-a for 12 Nov 2012, (d) RGB and (e) NDBI for 24 Jul 2013. (c) and
(f) related Rrc spectra from 7 locations with bloom, elevated turbidity and non-bloom conditions.

BNDBI algorithm was tolerant to perturbations from thick aerosols,
thin clouds, sun glint, and turbidity events (Section 5.3), and
valid BNDBI data could be retrieved provided that Rrc (555) and
Rrc (859) did not both exceed 0.30 at the same time. Note that the
addition of the Rrc (555) threshold helped to avoid false positive
cloud masking due to algae scums, as these scums could result
in Rrc (859) > 0.30 while Rrc (555) was still <0.30. More speciﬁcally,
only when both Rrc (859) and Rrc (555)were >0.30 was the pixel
classiﬁed as non-usable, allowing for a total of 1382 data granules
between 2000 and 2013 with minimal cloud cover and sun glint
and therefore suitable for algorithm development and time-series
analysis.

5.3. Algorithm strengths
During the summer blooms, sun glint and thin clouds posed
an additional challenge to atmospheric correction. At the same
time, wind-induced sediment re-suspension can rapidly change the
apparent optical properties. The robustness of the BNDBI algorithm
under such conditions was evaluated by theoretical simulation,
image comparisons and spectral analyses.
Conceptual relationship between Chl-a/SPIM and BNDBI
(Fig. 2a) indicated that BNDBI had the opposite tendency with Chla and SPIM. Spectrum characteristics analysis (Section 5.1) also
demonstrated that when ﬂoating algae scums appeared, BNDBI
became < −0.34 and increased with the density of surface algae
scums, pointing to a possible criteria for algal bloom (Fig. 8c). Two
RGB images were generated from data collected under different turbidity conditions, where algal bloom (Fig. 10a) and wind induced
(3–5 m/s) re-suspension occurred (Fig. 10d). Rrc spectra for bloom,
non-bloom and turbid waters were dramatically different, particularly in the green and red bands (Fig. 10c and f). While values for the
Rrc -green and Rrc -red values in turbid water were much higher than
the points in the bloom and non-bloom waters, their difference is
similar. Consequently their BNDBI values were smaller than that of
bloom and non-bloom waters, allowing for a separation between
bloom and turbid waters.
To understand the performance of BNDBI in sun glint conditions, we carried out atmospheric radiative transfer simulations

using the Cox–Munk sun glitter model (Cox and Munk, 1954). We
simulated two sun glint conditions: a faint one and a strong one. For
the faint one, the reﬂectances from sun glint were 0.0013, 0.0015,
0.0014 and 0.0009 at 469, 555, 645 and 859 nm respectively when
0 = 40◦ , =20◦ and  = 40◦ . And the radiance at 469, 555, 645 and
859 nm became 0.4007, 0.4921, 0.4873 and 0.3362 when 0 = 60◦ ,
=40◦ and  = 0◦ . The simulations show that the baseline between
469 nm and 859 nm of BNDBI showed >80% reduction at 555 nm
and >70% reduction at 645 nm for the effects from sun glint. BNDBI
was highly robust, especially for stronger sun glint. In addition,
two RGB images from the same day were also compared where
one image had extensive sun glint (Fig. 11d) and the other did not
(Fig. 11a). The BNDBI of the image obtained at GMT 04:45 in sun
glint conditions were similar to those derived under non-glint conditions at GMT 03:10 (Fig. 11b). This result was clearly shown in
both spectral analyses (Fig. 11c) and pixel distributions (Fig. 11f).
Pearson and spearman correlations were 0.483 (p < 0.01) and 0.687
(p < 0.01) respectively, both of which showed signiﬁcant similarity
between those Chla distributions under different sun glint. Despite
the signiﬁcantly different Rrc spectra collected in similar locations
but under different conditions, the BNDBI values for the same Chl-a
conditions in both bloom and non-bloom waters were consistent.
These results above-mentioned indicate that BNDBI was robust for
MODIS Rrc ≤ 0.30 for all spectral bands.
Sensitivity to different atmospheric conditions (aerosol types
and optical thickness (a 555) and solar/viewing geometry) was
analyzed in Section 3.3 by theoretical simulations. The inﬂuence
of thin clouds and thick aerosols was explored in examples shown
in Fig. 12. Rrc value at point 1 in thin clouds area is much higher
than that of non-bloom waters (Fig. 12c). Despite differences in Rrc
due to thin clouds and thick aerosol (Fig. 12c), the BNDBI derived
Chl-a estimates were similar (Fig. 12f), for MODIS Rrc ≤ 0.25 for all
spectral bands.

5.4. Comparison with other MODIS algorithms and MERIS
algorithms
As the traditional MODIS Chl-a algorithms such as OCx algorithms were not developed for high biomass and turbid inland
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Fig. 11. The sensitivity of BNDBI algorithm to sun glint: (a) and (b) RGB and Chl-a images for GMT 03:10 on Oct 11, 2013, while (d) and (e) RGB and Chl-a for GMT 04:45 on
the same day. (c) Rrc spectra from 7 locations with different sun glint conditions. (f) Chl-a distribution for the whole lake in non-sun-glint and sun glint conditions.

lakes, we compared BNDBI to the maximum chlorophyll index
(MCI) (Gower et al., 2005) and the maximum peak-height algorithm (MPH) (Matthews et al., 2012) using MERIS data (Fig. 13).
Due to lack of synchronous ﬁeld measurements, Rrc spectra was
used to compare these indices (Fig. 13c and f). The distribution of
both MCI and MPH had similar distribution, while BNDBI distribution was different in the west lake. Using 4 locations to better
understand this comparison (3 in west lake section and 1 inthe
central lake), cyanobacteria detection was performed using the
620 nm and 681 nm bands, and a separate Chl-a algorithm was
used for these cyanobacteria-dominant waters (Matthews and
Odermatt, 2015). It indicated from Fig. 13f that 4# location was
in low Chl-a and high SPIM water due to the signiﬁcant high Rrc
spectrum in red and NIR range, no absorption peaks in 620 nm

and 681 nm and no reﬂectance peak around 709 nm. But 1# and
3# had not only absorption peaks in 620 nm and 681 nm but
also the reﬂectance peak around 709 nm, which revealed these
two locations were in relative low turbid and high Chl-a water.
The Rrc of 2# was higher than 1# and 3# which was the same
as 4# and had no absorption peaks in 620 nm. It indicated that
2# should be located in relative turbid and low Chl-a water.
All of BNDBI, MCI and MPH had similar low value at 4#, but
BNDBI had almost quite different value to the other two indices.
Radiative transfer simulations have shown that MCI is susceptible to interference by inorganic particles (i.e., SPIM) leading to
unexpected increases (McKee et al., 2007; Gilerson et al., 2007;
Gilerson et al., 2008). The MPH Chl-a estimates were more stable than the FLH and MCI values (Matthews and Odermatt, 2015),

Fig. 12. The sensitivity of BNDBI algorithm to cloud conditions. (a) and (b) RGB and Chl-a for GMT 03:00 on Sep 25, 2012, (d) RGB and (e) Chl-a for GMT 05:15 on Sep 26,
2012. (c) Rrc spectra from the same two locations with different cloud conditions. (f) Chl-a distribution in the EL covered with no clouds and clouds.
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Fig. 13. Chl-a distributions in Lake Chaohu derived by BNDBI algorithm from MODIS Rrc , and MCI and MPH algorithms from MERIS Rrc . (a) RGB on April 24, 2008. (b), (d) and
(e) BNDBI, MCI and MPH distributions on April 24, 2008. (c) MODIS Rrc spectra from 4 locations. (f) MERIS Rrc spectra from 4 locations.

Fig. 14. BNDBI algorithm Chl-a estimation error analysis by simulated Rrs . (a) The relationship between input Chl-a and BNDBI derived from simulated Rrs . (b) The in situ
Chl-a and SPIM concentrations from Lake Chaohu, Lake Taihu, Lake Hongzehu and Lake Poyanghu.

but MPH algorithm requires more data from Lake Chaohu for
validation.

5.5. BNDBI algorithm error analysis
The sensitivity of BNDBI to CDOM absorption was simulated
by keeping all IOPs constant except CDOM absorption. The results
indicated that for a 10-fold change in ag (443), from 0.1 to 1.0 m−1
(the CDOM range from Lake Chaohu, Appendix A), BNDBI changed
from −0.022 to −0.066, equivalent to changes in Chl-a from 113.7
to 67.8 g L−1 (a decrease of 40.4%) or in SPIM from 25.4 to 36.6
mg L−1 (an increase of 44%). Thus, the BNDBI algorithm was much
less sensitive to CDOM changes than to Chl-a changes.
Due to relative stable CDOM in Lake Chaohu, the SPIM and Chla analysis was limited to concentrations ranges of 5–100 mg L−1
and 5–1000 g L−1 , respectively (Fig. 14). Simulations of more than
528 reﬂectance spectra from Lake Chaohu datasets with highly
variable optically active constituents were used. Hydrolight input
Chl-a was taken as the “true” value. If SPIM was 5 mg L−1 , Chl-a

overestimation was 100% at Chl-a < 150 g L−1 . If SPIM was
30 mg L−1 , 100% overestimation occurred only for Chl-a < 15 g L−1 .
Conversely, 50% underestimation occurred for Chl-a < 200 g L−1 ,
when SPIM was 100 mg L−1 . Field measurements of Lake Chaohu
showed that the average SPIM was about 30 mg L−1 , and the average
Chl-a was about 50 g L−1 . Therefore, these simulations demonstrated a satisfactory accuracy of BNDBI algorithm for eutrophic
turbid lakes.

5.6. BNDBI for data from other satellites
The BNDBI algorithm was developed for use with green and red
broad MODIS bands (band 1 and band 4), which are available on
many satellite systems (Landsat, SPOT and IKONOS etc.). In theory,
BNDBI may be utilized for datasets with different temporal or spatial resolution as long as appropriate atmospheric corrections that
preserve the green reﬂectance maximum and red reﬂectance minimum area are used. The successful launch of the Suomi National
Polar-orbiting Partnership Satellite on 28 October 2011 with VIIRS
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signiﬁes a new era of moderate-resolution imaging capabilities following the legacy of AVHRR and MODIS (Cao et al., 2013). VIIRS’s
high-quality global data have allowed for important comparisons
with MODIS, which concluded a set of recommendations to ensure
consistency and continuity of VIIRS with MODIS ocean color products (Hlaing et al., 2013; Wang et al., 2013; Vermote et al., 2014; Hu
et al., 2015). Past and future MODIS Chl-a algorithms for lakes will
provide an important basis for VIIRS development within the user
communities and provide a continuity of consistently high-quality
global water color data records from past ocean color sensors.
In the absence of complete atmospheric correction, a partial
correction to remove gaseous absorption and Rayleigh-scattering
effect was sufﬁcient to derive Chl-a concentrations with acceptable uncertainties. Nevertheless, improved atmospheric correction
is still required to obtain reliable Rrs data under both optimal and
non-optimal observational conditions for inland turbid waterbodies.
6. Conclusions
The BNDBI algorithm was developed for Rayleigh-corrected
MODIS data instead of fully atmospherically-corrected MODIS data,
as the latter is not available at frequencies sufﬁcient for a timeseries analysis of shallow lakes in China. Through radiative transfer
simulations, the algorithm was found to give quantitative indication of the variability in BNDBI under different atmospheric
conditions. By image and spectral analyses, BNDBI was shown to
be tolerant to perturbations related to high turbidity, a common
challenge in the study of inland and coastal waters. The increased
data availability obtained using BNDBI with Rayleigh corrected
data allowed for an improved the analysis of long-term Chl-a
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trends in Lake Chaohu. The applicability of the BNDBI algorithm
to other lakes, with different optical properties (Lake Taihu, Lake
Hongzehu and Lake Poyanghu) also provided acceptable results
(URMSE = 57.2%; RMSE = 77.9%; RMSE (log) = 0.265). Our analysis
using in situ Rrs and concurrent Chl-a indicated that BNDBI < −0.34
could be a threshold to indicate conditions of serious algal blooms.
The ﬂexibility of BNDBI allows it to be used across a range of satellite systems and lake conditions, making it an important approach
to monitor algal dynamics in a range of optical (aquatic and atmospheric) conditions.
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Appendix A.
Bio-optical and water quality properties measured in Lake
Chaohu, Lake Hongzehu, Lake Poyanghu and Lake Taihu.

N

Chl-a
(g L−1 )

SPM
(mg L−1 )

SPIM
(mg L−1 )

SPOM
(mg L−1 )

ap
(443)
(m−1 )

aph
(443)
(m−1 )

114

118.09
237.08
40.07
8.19
1612.37
46.56
37.64
34.85
11.01
204.69
9.10
8.03
6.57
2.70
42.84
20.07
47.26
12.94
1.75
471.63
7.55
6.89
4.53
0.84
36.54

72.13
58.41
51.00
10.00
394.00
62.63
21.18
59.00
19.00
112.00
39.46
13.90
38.67
13.33
78.67
36.52
29.95
26.28
7.76
219.00
80.76
75.12
60.50
17.16
543.00

30.21
20.14
25.00
5.00
117.00
52.51
23.20
50.00
6.00
102.00
28.77
13.47
25.33
4.67
64.67
27.86
21.63
20.60
4.20
132.45
72.18
69.63
53.50
13.00
501.00

41.92
51.52
21.00
5.00
358.00
10.13
9.44
6.00
1.00
38.00
10.69
2.22
10.67
6.00
14.67
8.66
15.08
5.80
1.62
149.10
8.58
5.99
7.00
0.00
42.00

6.12
12.28
3.88
1.88
173.15
3.76
1.08
3.89
1.22
5.90
2.69
0.69
2.44
1.64
4.31
2.79
2.44
2.21
0.81
23.11
7.39
5.91
6.19
1.69
36.59

3.38
11.99
1.01
0.24
169.68
1.13
0.76
0.92
0.45
4.29
0.61
0.45
0.45
0.22
2.04
1.07
1.95
0.80
0.11
19.51
1.05
0.75
0.84
0.15
5.08

24

31

59

66

ad
(443)
(m−1 )
2.70
1.14
2.37
1.04
6.50
2.62
0.79
2.68
0.76
4.28
2.08
0.74
2.02
0.87
3.64
1.72
1.10
1.36
0.35
6.27
6.34
5.28
5.20
1.20
31.51

ag
(443)
(m−1 )
0.81
0.39
0.78
0.16
3.04
1.13
0.58
0.92
0.54
3.21
0.71
0.19
0.72
0.27
1.13
1.31
0.88
0.99
0.38
4.26
1.05
0.86
0.60
0.05
3.46

bbp
(442)
(m−1 )
0.95
0.72
0.58
0.22
2.48
1.42
0.48
1.38
0.55
2.55
1.03
0.37
1.11
0.00
1.71
1.13
2.53
0.64
0.15
23.65
1.81
1.12
1.52
0.53
5.37
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