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a b s t r a c t
A novel algorithm is developed and validated to estimate phycocyanin (PC) pigment concentrations of the most
common cyanobaterium, Microcystis aeruginosa, in Taihu Lake (China's third largest freshwater lake) using data
from the Medium Resolution Imaging Spectrometer (MERIS). First, a PC index (PCI) is deﬁned as remote-sensing
reﬂectance (Rrs, sr−1) at 620 nm normalized against a baseline formed linearly between Rrs(560) and Rrs(665).
Because PC has a local absorption peak at ~620 nm, PCI is shown in both theory and model simulations to exhibit
a monotonic functional relationship with PC concentration. Field measurements also support this hypothesis,
from which an empirical algorithm is developed to estimate PC concentrations between ~1 and 300 μg/L with
unbiased RMS uncertainties of 58%. Radiative transfer simulations further show that such a ﬁeld-based algorithm
can be applied directly to MERIS Rayleigh-corrected reﬂectance (Rrc) after adjusting algorithm coefﬁcients.
Spectral analyses and image comparisons indicate that such an algorithm is nearly immune to perturbations
from thick aerosols, thin clouds, signiﬁcant sun glint, and extreme water turbidity. Mean usable data coverage increases from b1% to N 50% when using Rrc as compared to Rrs processed using standard atmospheric correction
algorithms in SeaDAS. The robust algorithm performance and signiﬁcantly improved data coverage lead to the
establishment of a long-term (2002–2012) time-series of PC concentrations in Taihu Lake, which show both seasonal and inter-annual changes. Test of the algorithm over other lakes, including Dianchi Lake (a typical plateau
lake of China), suggests that the same band-subtraction approach might be applicable to other inland water bodies, although local bio-optical conditions due to different sediment and phytoplankton compositions need to be
considered when applying such an empirical approach.
© 2014 Elsevier Inc. All rights reserved.

1. Introduction
Eutrophication of lakes and estuaries has been increasingly reported
in recent decades, where one indicator is the recurrence of algal blooms
(Duan, Zhang, Zhang, Song, & Wang, 2007; Hu et al., 2010). Frequent
algal blooms may pose risks to drinking and irrigation water supplies
as well as to aquaculture and recreational water use (Paerl &
Huisman, 2009; Paerl et al., 2011), thus having negative effects on
both the environment and human health (Chorus & Bartram, 1999). A
common measure of bloom intensity is chlorophyll-a pigment concentrations (Chla, mg m−3), which is also the focus of many remote sensing
algorithms. However, because Chla is a universal index for all phytoplankton (or algae), it is not a reliable means for differentiating between
phytoplankton types. Blooms of cyanobacteria (also called blue–green
algae) in freshwater lakes are often more harmful to the environment
⁎ Corresponding author.
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than other types of blooms (Paerl & Huisman, 2009; Paerl et al., 2011;
Ruiz-Verdú, Simis, de Hoyos, Gons, & Peña-Martínez, 2008; Simis,
Peters, & Gons, 2005). Hence, identifying and quantifying cyanobacterial
blooms is highly desirable by both the research and management communities, especially when blooms of different types can occur in the
same region.
Remote sensing is advantageous over traditional ship-borne or
laboratory-borne methods for examining algal blooms due to its synoptic and frequent coverage. Because freshwater cyanobacteria contain
phycocyanin (PC), an accessory pigment with a diagnostic absorption
peak at ~620 nm (full-width-half-maximum of ~75 nm), cyanobacteria
blooms can be detected uniquely using remote sensing measurements.
Indeed, several algorithms have been proposed for estimating PC from
ﬁeld-measured remote sensing reﬂectance (Rrs, sr−1) spectra
(Dekker, 1993; Hunter, Tyler, Présing, Kovács, & Preston, 2008;
Schalles & Yacobi, 2000; Simis et al., 2005), which have been applied
for case studies. The efforts in the algorithm development, validation,
and application are summarized in Table 1. Speciﬁcally, Dekker (1993)
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Table 1
PC retrieval algorithms and their applications from the published literature.

Algorithm form
0.5 R(0_)600 + R(0_)648 – R(0_)624

=>

Spectral shape, SS(681), same as FLH

Reference

Usage

(Dekker 1993)

Development

(Ruiz–Verdú et al. 2008)
(Simis et al. 2005)
(Simis et al. 2007)
(Randolph et al. 2008)
(Ruiz–Verdú et al. 2008)
(Le et al. 2011)
(Duan et al. 2012)

Area

Data source

10 lakes in Netherlands

In situ

Application

62 lakes and reservoirs, Spain;

In situ

Development

2 lakes in Netherlands

In situ

validation
Application
Application
Application
Application

57 lakes and reservoirs in Europe
Geist and Morse Reservoirs, USA
62 lakes and reservoirs, Spain;
Taihu Lake, China
Taihu Lake, China

In situ
In situ
In situ
In situ
In situ
QuickBird; MERIS,
case study
In situ
In situ
CASI–2, case study
CASI–2, case study
In situ
In situ

(Wheeler et al. 2012)

Application

Missisquoi Bay; Lake Champlain

(Schalles & Yacobi, 2000)
(Ruiz–Verdú et al. 2008)
(Hunter et al. 2009)
(Duan et al. 2012)
(Hunter et al. 2008)

Development
Application
Application
Application
Application
Development

Carter Lake, USA
62 lakes and reservoirs, Spain;
Norfolk Broads, UK
A series of shallow lakes, UK
Taihu Lake, China
Lake Balaton, Hungary

Application

Loch Leven and Esthwaite Water, UK

CASI–2; AISA, case study

(Duan et al. 2012)
(Wynne et al. 2008)
(Wynne et al. 2010)
(Stumpfet al. 2012)

Application
Development
Application
Application

Taihu Lake, China
Great Lakes, USA
Great Lakes, USA
Lake Eric, USA

In situ
MERIS, case study
MERIS, case study
MERIS, time series

(Vincent et al. 2004)

Development

Laurentian Great Lakes, USA

Landsat 7 ETM+

Non–linear least–squarefitting to QAA–
derived total absorption

(Becker et al. 2009)

Development

Lake Erie and Ontario, USA

MODIS, case study

Linear Spectral Mixture Models Using
end–members of water constituents

(Hunter et al. 2009)

Application

A series of shallow lakes, UK

CASI–2

(Dash et al. 2011)

Development

Lac des Allemands, USA

OCM, case study

–a B1 + b B3 –c B5 + d(B7)

Rrs 556.4 – Rrs (510.6)
556.4 – 510. .6

proposed a band-subtraction method to examine the relative height of
Rrs(624) against two neighboring bands (Rrs(600) and Rrs(648)) as
an index for PC. Schalles and Yacobi (2000) proposed a simple band
ratio of Rrs(650)/Rrs(625) to estimate PC, and the same band-ratio concept was also used by Ruiz-Verdú et al. (2008) and Hunter, Tyler, Willby,
and Gilvear (2008), Hunter, Tyler, Gilvear, and Willby (2009) with adjustment of the band positions. The PC absorption maximum around
620 nm was implicitly included in the empirical regressions. The PC absorption was later derived explicitly through empirical regression using
the R(709)/R(620) band ratio (Simis et al., 2005), and then converted to
PC concentration using PC-speciﬁc absorption. This approach was tested
by several others in different environments (Duan, Ma, & Hu, 2012; Le
et al., 2011; Randolph et al., 2008; Simis et al., 2007; Wheeler,
Morrissey, Levine, Livingston, & Vincent, 2012). Hunter, Tyler, Carvalho,
Codd, and Maberly (2010) and Hunter, Tyler, Présing, et al. (2008)
adopted the three-band concept of [Rrs−1(λ1) − Rrs−1(λ2)] ×Rrs(λ3)
originally developed for Chla, but selected three wavelengths optimized for PC retrievals where λ1 = 615 nm, λ2 = 600 nm, and
λ3 = 725 nm. All these algorithms rely on the spectral band around
620 nm to detect either explicitly or implicitly PC absorption.
When a spectral band at 620 nm is not available from satellite
sensors, alternative empirical approaches have been developed. For example, Vincent et al. (2004) used several Landsat ETM+ bands and an
empirical algorithm to map PC distributions in Lake Erie. Becker,
Sultan, Boyer, Twiss, and Konopko (2009) developed nonnegative linear
least squares algorithm to decompose total absorption into individual
absorption components (including PC pigment absorption) using data
collected by the Moderate Resolution Imaging Spectroradiometer
MODIS data. Dash et al. (2011) showed an empirical algorithm using
Ocean Color Monitor (OCM) bands at 556 nm and 511 nm to estimate
PC in a small lake. Hu et al. (2010) examined the MODIS reﬂectance at
859 nm to delineate surface scum of cyanobacteria in Taihu Lake.
Wynne et al. (2008) used a spectral curvature around the 681-nm to
map cyanobacterial blooms in Lake Erie using data collected by the

Medium Resolution Imaging Spectrometer (MERIS). The underlying
basis for these latter algorithms is that the dominant phytoplankton pigments co-vary with PC concentration or cyanobacteria are the dominant
phytoplankton in a speciﬁc environment (e.g., Taihu Lake). However,
this assumption may not be true if multiple phytoplankton functional
types coexist or some macroalgae (e.g., Ulva prolifera, Sargassum) may
also cause enhanced NIR reﬂectance. In this regard, application of such
empirical algorithms to other coastal or inland environments may be
hindered by the unknown bio-optical properties of those lakes.
As the PC algorithms that utilize a ~620-nm band are all based on shipor airborne-retrieved Rrs, their routine applications to satellite data still
require further research. Some studies discussed the potential for using
MERIS data to estimate PC (Kutser, Metsamaa, Strömbeck, & Vahtmäe,
2006; Reinart & Kutser, 2006) and others showed MERIS-derived PC
products for case studies (Gons, Hakvoort, Peters, & Simis, 2005;
Wheeler et al., 2012), yet systematic applications to long-term timeseries of MERIS data utilizing its 620-nm band have not been reported.
This is perhaps because it is notoriously difﬁcult to derive reliable Rrs estimates from satellite measurements over turbid waters, especially lakes.
Wang, Shi, and Tang (2011) and Zhang, Ma, Li, Zhang, and Duan (2014)
showed improved atmospheric correction for Taihu Lake of China using
the shortwave infrared (SWIR) bands of MODIS. Yet, MODIS is not
equipped with a spectral band at ~620 nm, thus deeming it not optimal
for PC retrievals although its NIR bands could be used to delineate surface
scum of cyanobacteria (Hu et al., 2010). Alternatively, MERIS has a spectral
band at 620 nm but does not contain a SWIR band, making atmospheric
correction difﬁcult over turbid lakes. Adding to these difﬁculties are
frequently occurring, non-optimal observing conditions such as clouds,
sun glint, and thick aerosols (Hu et al., 2010). These conditions make it
extremely difﬁcult for accurate atmospheric correction, as standard data
processing software (e.g., SeaDAS, Baith, Lindsay, Fu, & McClain, 2001)
masks these data, preventing any further processing. On the other hand,
the European Space Agency has made available the software package
BEAM which is speciﬁcally designed to process data collected by MERIS
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and other sensors. However, the atmospheric correction schemes in either
the “Lake Module” or the “Neural Network Module” for BEAM did not
work well for Taihu Lake as the derived Rrs magnitude and spectral
shape did not appear correct (e.g., the 620-nm feature disappeared).
Consequently, there is no reliable satellite-based Rrs time series for inland
water bodies, to our best knowledge, that can be used for testing
PC-retrieval algorithms and establishing long-term data records.
While efforts are still ongoing to improve atmospheric correction of
satellite data, alternative approaches for retrieving various in water optical constituents (e.g., Chla, PC) from satellite measurements that take
into consideration these many difﬁculties must be developed. In particular, such approaches must be tolerant to perturbations that can result
from variable aerosol conditions, thin clouds, and sun glint. The primary
goal of this study is therefore to develop and validate such an approach
for quantifying PC concentrations under both optimal and non-optimal
conditions, which can then be applied to a multi-year time series of
satellite data for investigating the spatial and temporal variability of
cyanobacterial blooms in major inland water bodies in support of local
management efforts.
The study is focused on Taihu Lake to demonstrate such an approach
because of its size, location, frequent cyanobacterial blooms, and data
availability. Taihu Lake is the third largest freshwater lake in China. It
is located in the Yangtze River delta between 30.93–31.55°N and
119.88–120.60°E (Fig. 1). The average water depth is about 1.9 m and
the water surface area is about 2338 km2. The lake's drainage basin
covers Jiangsu, Zhejiang, and Anhui Provinces and the Shanghai Municipality, with a total area of 36,895 km2 (Sun & Huang, 1993). The drainage basin is regarded as one of the most developed regions in China,
which contributed about 10% of the nation's GDP with only 0.4% of
China's territory (Qin, Xu, Wu, Luo, & Zhang, 2007; Zhang et al., 2013).
Accompanied with this rapid economic growth through urbanization
and industrialization was the increased wastewater discharge into the
surrounding rivers and the lake. As a result, increasing eutrophication
and recurrent algal blooms have occurred in recent years, posing a

signiﬁcant threat to millions of people relying on the lake for drinking
water supply (Duan et al., 2009; Guo, 2007).
The lake has been studied extensively using ﬁeld, laboratory, and
remote sensing measurements. Akyuz, Luo, and Hamilton (2014) used
ﬁeld and laboratory measured water quality parameters (Chla, total
nitrogen, total phosphorus, and Secchi disk depth) to document longterm (1991–2011) changes along a transect from north to mid-lake, and
observed an increasing trend toward eutrophication in recent years. Hu
et al. (2010) used the MODIS ﬂoating algae index (FAI) data product to
study spatial and temporal variability of toxic cyanobacteria blooms
(when they formed surface scum) dominated by Microcystis aeruginosa
between 2000 and 2008, and they found increasing bloom extents and
duration after 2005. Duan et al. (2009) combined data from several different satellite sensors to document bloom occurrences in the previous two
decades. Remote sensing algorithms to estimate Chla, PC, and other
parameters have also been proposed (Duan et al., 2010; Le et al., 2009,
2011; Sun, Li, Le, et al., 2013; Sun, Li, Wang, et al., 2013), but they were
almost entirely based on ﬁeld measured Rrs without application to
satellite data. Although it is well known that the dominant phytoplankton
species in the blooms is the PC containing M. aeruginosa, to date nobody
was able to quantify PC concentrations in Taihu Lake using satellite data,
not to mention deriving its long-term distributions. Thus, the ﬁrst challenge is to develop a robust PC retrieval algorithm that is applicable to
satellite data, especially when non-optimal observing conditions prevail.
Speciﬁcally, using data collected from in situ surveys and MERIS for
Taihu Lake, the study has the following objectives:
1. to develop and evaluate a practical PC retrieval algorithm for turbid
lakes, using Taihu Lake as an example and based on MERIS data
with a partial atmospheric correction;
2. to derive a satellite time series (2002–2012) of PC distributions in
Taihu Lake to examine spatial and temporal patterns of variability;
3. to make recommendations for future sensor design and algorithm
development.

Fig. 1. Location of Taihu Lake, China. Following convention, the lake is divided into several lake segments. The red and yellow symbols indicate in situ measurements stations during two
cruise surveys in August and November 2011, respectively.
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The paper is arranged as follows. The data collection and processing
methods are described ﬁrst. Then, the theoretical basis of the PC retrieval algorithm is presented, and such a concept is validated using in situ
data and radiative transfer simulations. The sensitivity of the algorithm
to perturbations is evaluated using MERIS data collected under variable
conditions, including thick aerosols, thin clouds, high sun glint, and extreme turbidity. Then, the algorithm is applied to MERIS full-resolution
(FR, 300 m) data to generate a time-series (2002–2012) to study spatial
and temporal variability of PC distributions in Taihu Lake. Finally, the
algorithm's potential in differentiating cyanobacterial blooms from
other bloom types and application to other inland water bodies is
discussed. Note that in this context the term “bloom” refers to high concentrations of phytoplankton suspended in the water column or ﬂoating
on the water surface (i.e., scums) due to either biological growth or
physical aggregation.
2. Data and methods
2.1. In situ data
Water samples and optical data at 37 stations were collected during
two cruise surveys in August 2011 and November 2011, respectively
(Fig. 1). In situ Rrs(λ) was measured with a hand-held ASD (Analytical
Spectral Device, Inc.) spectrometer following the NASA Ocean Optics
protocols (Mueller et al., 2003). Particulate backscattering coefﬁcients
(bbp(λ), m−1) were measured with a HydroScat-6 (HS6) spectral backscattering sensor below the surface at 10–30 cm. Surface water samples
(b 30 cm) were collected after Rrs measurements were taken and analyzed on the same day in the laboratory.
PC was measured using a spectroﬂuorophotometer (Shimadzu
RF-5301, 620-nm excitation and 647-nm emission) and a reference
standard from Sigma Company (Abalde, Betancourt, Torres, Cid, &
Barwell, 1998; Zhang et al., 2007). The samples were ﬁrst ﬁltered
through glass ﬁber ﬁlters (Whatman GF/F, 47-mm diameter), and
then frozen in liquid nitrogen. Filters were thawed and frozen three
times each to break the cyanobacteria cells. Filters were then cut into
small pieces and ground into a homogenate with 3–5 ml of 0.05 M
Tris–HCl (pH = 7.0) buffer. Samples were placed in a 10-ml centrifuge
tube and stored at 4 °C in the dark for about 24 h after which extracts
were puriﬁed by centrifugation at 10,000 × g for 30 min.
Chla was measured spectrophotometrically using NASA recommended and community-accepted protocols (Gitelson et al., 2008; Ma,
Tang, & Dai, 2006; Mueller et al., 2003). Suspended particulate matter
(SPM) concentrations 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 burning organic matter from the ﬁlters at
550 °C for 3 h and weighing the ﬁlters again (Gitelson et al., 2008; Ma,
Tang, & Dai, 2006; Neil, Cunningham, & McKee, 2011).
Inherent optical properties (IOPs), including absorption coefﬁcients
of total particulate matter (ap(λ), m− 1), phytoplankton pigments
(aph(λ), m−1), colored dissolved organic matter (CDOM; or gelbstoff)
(ag(λ), m−1) and detritus (ad(λ), m−−1), were determined in the laboratory. ap(λ) and ad(λ) were measured using the quantitative ﬁlter
technique recommended by NASA (Mueller et al., 2003). All absorption
measurements were made with a Shimadzu UV2401 spectrophotometer. Details of water sample collection, measurement protocols, and processing methods can be found in Duan et al. (2012), Ma, Tang, and Dai
(2006), and Ma, Tang, Dai, Zhang, and Song (2006).
2.2. Satellite data
MERIS Level-1B full-resolution (FR, 300-m) data for the study area
were obtained for the entire mission (2002–2012) from the NASA
Goddard Space Flight Center through its Ocean Biology Processing
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Group (OBPG, http://oceancolor.gsfc.nasa.gov). MERIS has a swath
width of 1150 km and 15 spectral bands from 413 nm to 900 nm, covering the entire earth every 3 days at reduced resolution (RR, 1.2 km).
Depending on the location, the FR coverage is generally lower than
the RR coverage. Between December 2002 and April 2012, a total of
535 FR granules covering the study region were available, at an average
frequency of once per week.
There is currently no reliable atmospheric correction that can
produce accurate MERIS Rrs data for Taihu Lake. Therefore, a partial
atmospheric correction to correct for the gaseous absorption and
Rayleigh (molecular) scattering effects was applied to the Level-1B
data using routines and look up tables (LUTs) embedded in the software
(SeaDAS, version 6.4). The resulting Rayleigh corrected reﬂectance (Rrc,
dimensionless) were mapped to a cylindrical equidistant (also called
rectangular) projection for further analyses.
The map projected Rrc data were used to estimate PC using the algorithm described below. Then, after excluding pixels identiﬁed as clouds
(these pixels had extremely high reﬂectance; see criteria deﬁned
below), annual mean, climatological monthly mean, and monthly
mean PC concentrations were generated, from which distribution statistics of each lake segment were derived.
To understand the impact of partial atmospheric correction (as compared with the full atmospheric correction) on algorithm performance,
atmospheric parameters were extracted from the SeaDAS LUTs and
superimposed on Rrs. These parameters included aerosol optical thickness at 869 nm (τ869), aerosol reﬂectance (ρa), diffuse transmittance
from the sun to the ocean (t0) and from the ocean to the satellite (t),
extraterrestrial solar constant (F0(λ)), solar zenith angle (θo), satellite
zenith angle (θ), and the relative azimuth angle (ϕ).

2.3. Accuracy assessment
Several measures were used to assess algorithm performance and
product uncertainties at pixel level. These include R2 and root-meansquare-error in log space, RMSE, and unbiased RMSE (URMSE) in relative percentage (100%):
rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
1 XN
2
ðlog10ðyi Þ−log10ðxi ÞÞ
RMSEðlog Þ ¼
i¼1
N

sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ

ﬃ
1 XN yi −xi 2
RMSEð%Þ ¼
 100%
i¼1
xi
N

URMSEð%Þ ¼

sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ

2
1 XN
yi −xi
 100%
i¼1 0:5ðy þ x Þ
N
i
i

ð1Þ

ð2Þ

ð3Þ

where xi and yi refer to the measured and predicted values for the ith
sample. Data were log-transformed prior to statistical analysis because
geophysical data cover a large dynamic range with distributions often
tending toward log-normal (Campbell, 1995). Both Chla and PC in
Taihu Lake showed approximately log-normal distribution (Fig. 2a).
The use of URMSE (2(y − x)/(y + x)) in addition to the typical RMSE
((y − x)/x) was originally proposed by Hooker, Lazin, Zibordi, and
McLean (2002), which is to avoid outliers that cause skewed error distributions. This is particularly useful when both x and y may contain
large errors (e.g., if x approaches 0.0 due to measurement errors, (y −
x)/x will be extremely large). The unbiased RMS concept has also been
used by Hu, Lee, and Franz (2012) to gauge algorithm performance.
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Fig. 2. Scatter plots showing the relationships between (a) PC and Chla, (b) PC and SPM, (c) PC and bbp442, and (d) SPM and bbp442 for ﬁeld experiments conducted in August and
November 2011 The two vertical lines in (a) denote a PC range (7–50 mg /L) where PC is highly correlated with Chla.

3. Results
3.1. Data distributions
Most of the sampling was conducted in Meiliang Bay, Zhushan
Bay, and north of the Central Lake and NW Lake (Fig. 1) where
cyanobacterial blooms often occur (Hu et al., 2010). Table 2 summarizes
the water quality and bio-optical properties determined from in situ
measurements and water sample analyses. For both cruise surveys
(August and November 2011), PC was highly dynamic and variable, especially during August. In general, PC was strongly correlated with Chla
for the intermediate PC range of 7–60 μg/L (R2 = 0.61, N = 23) and
weakly correlated with both SPM and bbp(442) (R2 b 0.22, N = 37)
(Fig. 2). The relationship between bbp442 and SPM also showed a strong
correlation (R2 = 0.65, N = 29), indicating that bbp442 is mainly driven
by SPM (mostly non-living particles). Together, these results indicate
that the optical properties in Taihu Lake are optically complex, and
there is generally no co-variation between living and non-living constituents. Such complexity not only poses a challenge when developing
inversion algorithms, but also makes it difﬁcult to parameterize optical
models for simulating Rrs using in-water IOPs. Here, the mean Chla and

SPM concentrations and mass-speciﬁc IOPs observed in this study or
obtained from the literature (Table 3) were utilized in model simulations. Speciﬁcally, SPM mass-speciﬁc absorption and backscattering
coefﬁcients of non-living particulate matter (ad⁎(443) and bbp⁎(443),
m−1 L/mg) were determined from the mean values of the Taihu Lake
data. Because this study did not separate PC-speciﬁc and non-PC
speciﬁc absorptions, the Chla-speciﬁc non-PC pigment absorption coefﬁcient at 443 nm (anon-pc⁎(443), m2 mg−1) was from Simis and Kauko
(2012), and the PC-speciﬁc pigment absorption coefﬁcient at 620 nm
(apc⁎(620), m2 mg−1) was from Purves, Orians, and Heller (1995).
3.2. PCI algorithm development and validation
3.2.1. Algorithm theoretical basis and simulations
Fig. 3a shows the in situ Rrs spectra measured during the two cruise
surveys. Close inspection of these spectra together with their corresponding PC concentrations revealed that the magnitude of the local
Rrs trough around 620 nm appeared to be related to PC concentrations.
This can be explained, at least in principle, by the PC absorption peak
located at ~ 620 nm (Bryant, 1994; Simis et al., 2005). Therefore, we
hypothesized that a PC Index (PCI), deﬁned here as the height of the

Table 2
Bio-optical and water quality properties measured in Lake Taihu from two cruise surveys in August 2011 (#1) and November 2011 (#2). Chla: chlorophyll a concentration; PC: phycocyanin (concentration); SPM: suspended particulate matter; SPIM: suspended particulate inorganic matter; SPOM: suspended particulate organic matter; ap(443): particulate absorption
coefﬁcient at 443 nm; ag(443): CDOM absorption coefﬁcient at 443 nm; ad(443): detrital absorption coefﬁcient at 443 nm; aph(443): phytoplankton pigment absorption coefﬁcient at
443 nm; bbp(442): particulate backscattering coefﬁcient at 442 nm.
Survey #1

PC (μg/L)
Chla (μg/L)
SPM (mg/L)
SPIM (mg/L)
SPOM (mg/L)
ap443 (m−1)
aph443 (m−1)
ag443 (m−1)
ad443 (m− 1)
bbp442 (m−1)

Survey #2

N

Mean

Std

Median

Min

Max

N

Mean

Std

Median

Min

Max

28
28
28
28
28
28
28
28
28
22

37.60
46.81
40.25
26.93
13.32
4.33
2.18
1.02
2.15
1.27

56.92
47.70
12.64
10.02
7.60
1.69
1.68
0.28
0.55
0.36

13.26
28.24
39.13
28.28
10.85
3.66
1.70
1.05
2.19
1.35

1.58
12.82
18.90
6.40
5.55
2.91
0.71
0.42
1.02
0.39

263.71
222.57
70.95
53.85
39.95
10.03
7.68
1.57
3.15
1.76

9
9
9
9
9
9
9
9
9
7

22.31
25.24
20.55
13.33
7.22
2.06
0.89
0.45
1.17
0.76

27.01
16.22
1.89
2.55
2.69
0.56
0.50
0.21
0.33
0.19

11.73
17.19
21.32
12.32
7.05
1.95
0.75
0.36
1.21
0.80

2.13
10.65
17.20
10.15
3.12
0.94
0.39
0.23
0.55
0.36

92.25
62.56
22.68
16.96
11.80
3.07
2.13
0.83
1.72
1.05
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aph(λ) is the absorption coefﬁcient of all phytoplankton pigments,
which can be expressed as

Table 3
Parameterization in the PC-PCI (phycocyanin index) model simulations.
Parameter

Mean value

Source

Chla (μg/L)
SPM (mg/L)
ad⁎(443) (m−1 L/mg)
bbp⁎(443) (m−1 L/mg)
anon-pc⁎(443) (m2 mg−1)
apc⁎(620) (m2 mg−1)

46.81
40.25
0.053
0.010
0.026
0.034

Taihu Lake, this study
Taihu Lake, this study
Taihu Lake, this study
Taihu Lake, this study
Simis and Kauko (2012)
Purves et al. (1995)

±
±
±
±

47.70
12.64
0.013
0.007



local Rrs trough at 620 nm above or below an imaginary baseline
constructed between Rrs(560) and Rrs(665) (MERIS band locations;
Fig. 3b), would vary monotonically with PC, and furthermore that PC
can be derived from PCI once a functional form between these two parameters is determined. To test such a hypothesis, the following theoretical analyses and model simulations were used.
Mathematically, PCI is deﬁned as:
0

PCI ¼ Rrs 620−Rrs ð620Þ
0
620−560
Rrs ð620Þ ¼ Rrs ð560Þ þ
 ðRrs ð665Þ−Rrs ð560ÞÞ:
665−560

ð4Þ

bb ðλÞ
aðλÞ þ bb ðλÞ

aph ðλÞ ¼ anon−PC ðλÞ þ aPC ðλÞ ¼ anon−PC ðλÞ þ aPC ðλÞ  PC;

where aPC⁎(λ) is the PC-speciﬁc absorption coefﬁcient (m2 mg−1, Fig. 3b)
and PC is the concentration in μg/L. bbp is for total suspended particulate
matter (SPM, including cyanobacterial and non-cyanobacterial particles).
Although M. aeruginosa may have unique diagnostic backscattering properties due to the gas vacuole, in practice bbp was measured without further
partitioning into individual components. The ﬁeld measurements showed
no correlation between bbp and PC (Fig. 2b) but a high correlation between
bbp and SPM. Thus, bbp is usually treated as a whole.
To illustrate the concept of how PCI is related to PC, all variables in
Eqs. (4)–(7) except for PC were assumed to be constants. Then, because
aPC⁎(560) is much smaller than aPC⁎(620) and aPC⁎(665) is negligible
(Fig. 3b), R′rs(620) in Eq. (4) may be approximated as a constant.
Combining Eqs. (4)–(7), PCI can then be derived as
PCI ≈ A0 –Rrs ð620Þ ¼ A0 –B0 =ðC0 þ D0  PC Þ;

ð8Þ

ð5Þ

2

dPCI=dPC ¼ B0  D0 =ðC0 þ D0  PC Þ :

ð9Þ

Clearly, the relationship between PCI and PC is monotonic under the
above assumptions, where PCI increases with PC. This indicates that PC
can be derived from PCI without ambiguity and explains conceptually
why the magnitude of the local Rrs trough around 620 increases with
PC (Fig. 3b).
The above conceptual equations assumed that the inﬂuence of PC
absorption on Rrs(560) was negligible as compared with its inﬂuence
on Rrs(620). In reality this is not the case because although aPC⁎(560)
is much smaller than aPC⁎(620), it is not negligible. Then, to test this
conceptual model using more realistic aPC(λ), the aPC⁎(λ) spectrum in
Fig. 3b (Purves et al., 1995) together with the mean bio-optical properties listed in Table 3 (ag(443) from Table 2) were used to model Rrs and
simulate the PCI-PC relationship:




aph ðλÞ ¼ anon−PC ðλÞ þ aPC ðλÞ ¼ anon−PC ðλÞ  Chla þ aPC ðλÞ  PC; ð10Þ

where the total backscattering coefﬁcient (bb) and total absorption coefﬁcient (a) are
aðλÞ ¼ aw ðλÞ þ aph ðλÞ þ adg ðλÞ
bb ðλÞ ¼ bbw ðλÞ þ bbp ðλÞ

ð7Þ

where A0, B0, C0, and D0 are all constants that do not change with PC.
From Eq. (8), the following derivative relationship can also be derived:

The design of PCI is the same as that for MODIS ﬂuorescence line
height (FLH) (Letelier & Abbott, 1996), MERIS maximum chlorophyll
index (MCI) (Gower, King, Borstad, & Brown, 2005), MODIS ﬂoating
algae index (FAI) (Hu, 2009) and color index (CI) (Hu, 2011) as well
as the most recent three-band subtraction Chla algorithm (Hu et al.,
2012), except that different wavelengths are used to target different optical constituents and account for variations of different bio-optical
properties. The design of PCI is also the same as the baseline subtraction
method of Dekker (1993), but the three wavelengths are shifted to
MERIS bands because MERIS does not have a 600-nm band (as originally
proposed by Dekker, 1993). Also, PC absorption at the 560-nm MERIS
band is much smaller than at 600 nm (Fig. 3b), causing less perturbation
to Rrs due to PC pigment.
For most waters, Rrs is proportional to the water's IOPs through
Rrs ∝
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adg ðλÞ ¼ ag ðλÞ þ ad ðλÞ ¼ ag ðλÞ þ ad ð443Þ  SPM  expð‐0:012ðλ‐443ÞÞ;

ð11Þ

ð6Þ

Here, the subscript w is for water molecules and aw(λ) and bbw(λ)
are given by Pope and Fry (1997) and Morel (1974), respectively.



1:0

bbp ðλÞ ¼ bbp ð443Þ  SPM  ð443=λÞ

:

ð12Þ

Fig. 3. a) Rrs spectra measured from Taihu Lake during the two cruise surveys in August and November 2011. Note the enhanced reﬂectance in the NIR due to surface scum (mats) of
cyanobacteria. In this context the scum is also regarded as a bloom. b) Illustration of the PCI algorithm concept. PCI is deﬁned as the distance between the measured Rrs(620) and a reference baseline formed linearly between Rrs(560) and Rrs(665) (red dashed line). The three wavelengths (vertical bars) were chosen based on the availability of MERIS bands and spectral
characteristics of the PC-speciﬁc absorption coefﬁcient (solid black line) (Purves et al., 1995).
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Fig. 4. (a) Conceptual relationship between PC (in log scale) and PCI, based on radiative transfer simulations following the approach of (Lee et al., 2011). In the simulations, all in-water
IOPs were parameterized from the Taihu Lake measurements and published values (Table 3), and only PC concentration was allowed to vary. (b) Similar to (a), but all in-water IOPs
(including PC) were ﬁxed while CDOM absorption at 440 (ag440) was changed between 0.1 and 2.0 m−1. Corresponding to a 20-fold CDOM change (0.1–2.0), PCI only changed from
25.5 to 21.4 (rectangle in (a)), equivalent to PC changes from 45.2 to 33.5 μg L−1 (a decrease of 26%).

Combining Eqs. (4)–(7) and Eqs. (10)–(12), the model simulated the
PCI changes as a function of PC, with results shown in Fig. 4a. The results
agree well with the conceptual expression in Eq. (8). Most importantly,
PCI is sensitive to PC changes for the entire data range. Such characteristics form the theoretical basis to develop an empirical algorithm between PCI and PC from ﬁeld measurements. Note that in the Rrs
model simulations all parameters except for PC were held constants,
which were obtained from either Taihu Lake measurements or the published literature. This is because of the lack of correlations among most
IOPs (Fig. 2) so it is difﬁcult to parameterize the relationships among
these IOPs in the model simulations.
While the sensitivity of PCI to perturbations from suspended sediments will be evaluated below using MERIS data because the highturbidity events can be visually identiﬁed from MERIS red–green–blue
imagery, the sensitivity of PCI to perturbations from CDOM absorption
was simulated in a similar fashion as for Fig. 4a (i.e., all IOPs except
CDOM absorption were kept constant in the simulations). The results in
Fig. 4b suggest that even for a 20-fold change in aCDOM(443) from 0.1 to
2.0 m−1 (this actually encompasses the whole CDOM range from Taihu
Lake, see Table 2), PCI only changed from 25.5 to 21.4, equivalent to PC
changes from 45.2 to 33.5 μg L−1 (a decrease of 26%). Thus, the PCI
algorithm is much less sensitive to CDOM changes than to PC changes.
The algorithm sensitivity to CDOM ﬂuorescence was estimated using
simple calculations and ﬂuorescence efﬁciency reported in the literature
(Hawes, Carder, & Harvey, 1992). For ﬁxed excitation wavelengths in the
blue, quantum yield at the maximum ﬂuorescence wavelength (CDOM
ﬂuorescence FWHM is about 100 nm) was generally b10−4 nm−1.
Integrating this over the entire excitation range (400–600 nm) would
yield a quantum yield of about 0.01 or 1% for a single emission wavelength. The percentage of CDOM absorption to total absorption in the
blue wavelengths is about 1/3 for Taihu Lake (Table 1). Thus, even if all
CDOM-absorbed photons were ﬂuoresced at the surface (in reality
this is impossible), its contribution to Rrs would be 1/3*1%/(2π) =

0.00048 sr− 1 (assuming isotropic ﬂuorescence). The minimum
Rrs(620) from Taihu Lake is about 0.01 sr−1 (Fig. 3a). Therefore, the
contribution of CDOM ﬂuorescence to the measured Rrs in the PCI
wavelengths is at most 5%, indicating minimal inﬂuence to the measured Rrs (and thus the PCI algorithm). This estimate is consistent
with the measurement of Hu (1997) from a CDOM-rich river (the
Shark River of Florida, USA), where the solar-stimulated CDOM ﬂuorescence was estimated (based on the ﬁlling of the solar Fraunhofer lines)
to be negligible.
3.2.2. Algorithm development and validation using ﬁeld data
The analytical expression in Eq. (8) and the model simulation results
shown in Fig. 4 provided support for the PCI-PC concept, yet for simplicity most variables were kept unchanged in the model. To account for realistic changes in the environment, ﬁeld data collected in Taihu Lake in
August and November 2011 were used to establish an empirical relationship between PCI and PC (Fig. 5a), from which the PCI-based PC retrieval algorithm (namely PCI algorithm) was established as
PC ¼ 3:87e

1154PCI ðRrs Þ

:

ð13Þ

The relationship was derived from non-linear least-square ﬁtting,
and it appeared to be applicable for PC between ~ 2.0 and 300.0 μg/L.
However, if the data for PC b 8 μg/L were isolated, the relationship
would not be as robust (yet the correlation between PC and PCI was
still statistically signiﬁcant). Therefore, the applicability appeared to
be restricted to PC N 8 μg/L. Nevertheless, if the data for PC b 8 μg/L
were treated as a whole, they could still be distinguished from the
rest, indicating that the PCI could separate low-PC from higher-PC
data even though its ability to differentiate data within the low-PC
range could not be demonstrated using the limited ﬁeld data here.
Such ability may be further examined using large quantity of MERIS
data, as shown below.

Fig. 5. PCI algorithm development and performance assessment using in situ data. (a) Relationship between PC (in log scale) and PCI determined from in situ Rrs. The solid line represents
the best-ﬁt function derived from non-linear least-square ﬁtting. (b) Performance evaluation of the PCI algorithm using the leave-one-out-cross-validation approach. Dashed line is the 1:1
reference line.
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In the absence of independent data for testing the new PCI
algorithm, evaluation was performed through testing its ‘predictive’
ability using the leave-one-out-cross-validation approach (Efron,
1983). Non-linear regression was performed for all but one data pair,
and the predicted data for that data pair were compared with the measurement. This process was repeated 37 times for each data pair. The
statistical measure of such a predictive algorithm is listed in Fig. 5b,
where URMSE and RMSE are shown to be 57.7% and 85.4%, respectively
(R2 = 0.64, p b 0.01). The log-transformed RMSE is 0.26. As a comparison, RMSE uncertainty in the global open-ocean Chla data product was
reported to be ~89% (0.277 in log-transformed RMSE) (Gregg & Casey,
2004), and for speciﬁc regions including the Gulf of Mexico and West
North Central Atlantic the log-transformed RMSE in the satellitederived Chla were generally N 0.3. Uncertainties in the Rrs-derived Chla
for a moderately turbid estuary (1–100 mg m−3, Tampa Bay, Florida)
using a three-band algorithm and local parameterization were reported
to be 40–70% (Le, Hu, English, Cannizzaro and Kovach, 2013). Compared
with these reported Chla uncertainties from the state-of-the-art algorithms and given the nature of measurement difﬁculty in determining
PC concentrations from water samples (due to both water patchiness
and pigment extraction protocols), the performance of the PCI algorithm may be regarded as satisfactory.
3.2.3. Algorithm sensitivity to aerosol perturbations
The PCI algorithm in Eq. (13) was developed from ﬁeld measured
Rrs. As stated above, satellite Rrs data for turbid lakes are generally
not available due to difﬁculties in atmospheric correction. Thus, the
algorithm cannot be applied directly to satellite-derived Rrs data. On
the other hand, satellite-based Rrc data can be easily derived, which
can be used to overcome some of the difﬁculties in the standard atmospheric correction to increase data coverage (see below). In order to establish an Rrc-based PCI algorithm, the following radiative transfer
simulation was performed.
Based on radiative transfer theory and assuming a non-coupling
ocean-atmosphere system, the top-of-atmosphere (TOA) reﬂectance
(ρt(λ), after adjustment of the gaseous absorption) can be expressed
as (Gordon, 1997)
ρt ðλÞ ¼ ρr ðλÞ þ ρa ðλÞ þ t ðλÞρwc ðλÞ þ T ðλÞρg ðλÞ þ πt ðλÞt 0 ðλÞRrsðλÞ;
ð14Þ
where ρr is the reﬂectance due to Rayleigh scattering, ρa is that due to
aerosol scattering and aerosol-Rayleigh interactions, ρwc is the whitecap
reﬂectance, ρg is the sun glint reﬂectance, T is the direct transmittance
from the ocean to the satellite.
In the absence of whitecaps and sun glint, Rrc can be expressed as
Rrc ðλÞ ¼ ρt ðλÞ‐ρr ðλÞ ¼ ρa ðλÞ þ πt ðλÞt 0 ðλÞRrsðλÞ;

ð15Þ

where ρa(λ), t(λ), and t0(λ) are functions of aerosol type, aerosol
optical thickness (τ869), and solar/viewing geometry. Once these unknowns are determined, the relationship between Rrs(λ) and Rrc(λ)
(and therefore between PCI(Rrs) and PCI(Rrc)) can be established.
These unknowns were extracted from SeaDAS LUTs for variable
aerosols and solar/viewing geometry. For illustration purpose, the results for maritime and coastal aerosols at scene center and scene edge
are shown in Fig. 6.
For all conditions considered, there is a tight relationship between
PCI(Rrs) and PCI(Rrc) (R2 N 0.99), indicating that the former could be
derived from the latter. In other words, when accurate Rrs is not available from satellite measurements, PCI(Rrc) can be used as a surrogate
for PCI(Rrs). When all results were combined (Fig. 6e), the relationship
between PCI(Rrc) and PCI(Rrs) was derived as:


2
PCIðRrcÞ ¼ 2:51  PCIðRrsÞ–4:39 R ¼ 0:99 :

ð16Þ
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Combining Eqs. (16) and (13), the Rrc-based PC retrieval algorithm
was derived as:
PC ¼ 4:74e

460PCIðRrc Þ

:

ð17Þ

Note that the uncertainty in the PCI(Rrc) for PCI(Rrc) N5.0 × 10−4
was estimated to be 2.85 × 10−4. Thus, the additional uncertainty by
using PCI(Rrc) instead of PCI(Rrs) was [exp(± 0.046 × 2.85) − 1] ×
100% ≈ ±14%. Combined with the PCI(Rrs) algorithm uncertainty in
Eq. (13), the overall uncertainty of the Rrc-based PCI algorithm (in
terms of URMSE) was estimated to be 72%. Note that such uncertainties
are a measure of data scattering and should not be treated as biases. Indeed, some of the data scattering in Fig. 5 could be due to uncertainties
in the laboratory measured PC concentrations (N 10%, see Randolph
et al., 2008) and patchiness in PC-rich waters (see Section 4.3).
3.2.4. Algorithm sensitivity to non-optimal observing conditions
Taihu Lake is located in East China where the atmosphere is often
turbid and clouds often prevail. During summer when blooms often
occur, there is also frequent sun glint that poses an additional challenge
in atmospheric correction of satellite data. Furthermore, wind-induced
sediment resuspension can rapidly change the apparent optical properties (e.g., reﬂectance). Thus, whether the PCI algorithm is robust under
these non-optimal conditions needs to be evaluated. Because of the
lack of reliable models to simulate these conditions, evaluation of the
PCI algorithm performance under these conditions was based on
image comparisons, spectral analyses, and histogram comparisons.
The PCI algorithm in Eq. (17) was applied to the entire MERIS timeseries for Taihu Lake to derive PC distributions. No cloud or glint
masking was used during this initial application, i.e., PC was derived
from all non-zero data. In addition to generating the PC images, red–
green–blue true color images were also generated using the Rrc(665),
Rrc(560), and Rrc(443) data as the R, G, and B channels, respectively.
The RGB and PC images of the entire MERIS dataset were visually
inspected side by side, together with spectral analysis and histogram
comparisons, to determine how the PCI algorithm performed under various conditions. Such inspections provided additional measures of the
algorithm consistency and its capacity in bloom tracking. For example,
the NASA OBPG used histogram matching to evaluate algorithm performance (http://oceancolor.gsfc.nasa.gov/ANALYSIS/PROCTEST/arOCIm_
srOCIm/hist_comp.html), and the US NOAA National Ocean Service
(NOS) has been using visual inspection (together with other measures)
to interpret harmful algal blooms of Karenia brevis in the Gulf of Mexico
(http://tidesandcurrents.noaa.gov/hab/bulletins.html). The analyses of
the MERIS imagery in this study indicated that the algorithm was robust
under nearly all observing conditions, including thin clouds, thick aerosols, signiﬁcant sun glint, and extreme turbidity. These are illustrated in
the ﬁgures, sample spectra, and histograms below.
Fig. 7 shows an example where the PCI algorithm is insensitive to
perturbations due to sun glint, thick aerosols, and thin clouds. The two
RGB images 3 days apart were generated from data collected under different conditions over different parts of the lake. In Fig. 7a, there is a
large portion in the southern lake that experience signiﬁcant sun glint
(the yellowish color). Yet the PC values derived under this condition
(Fig. 7b) were similar to those derived under non-glint conditions
from another day (Fig. 7e). This effect is clearly shown in the spectral
analyses in Fig. 7c and f as well as in the histogram comparisons in
Fig. 7g. Despite the signiﬁcantly different Rrc spectra collected in similar
locations but under different conditions, the PCI values (and therefore
the PC values) for both the bloom and non-bloom waters appeared to
be tolerant to these variable conditions. The median PC values of the circled region in both days agreed with each other to within 10%. Likewise,
pixels under thin clouds (circled in red in Fig. 7d and e) also appeared to
be insensitive to cloud perturbations. Note that compared with Fig. 7a,
thicker aerosols prevailed over the western lake in Fig. 7d, yet the retrieved PC values from both images were very similar (Fig. 7b and e).
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Fig. 6. Relationship between Rrc-based PCI (dimensionless) and Rrs-based PCI (units: sr−1) with changing atmospheric conditions (aerosol type and optical thickness, τ869) and solar/
viewing geometry, based on model simulations. Two aerosol types were used in the simulations: (a, c) coastal aerosol with 50% relative humidity (c50) and (b, d) maritime aerosol
with 90% relative humidity (m90). Model simulations were performed (a, b) for scene edge and (c, d) near scene center. (e) Relationship between Rrs-based PCI and Rrc-based PCI
under all conditions considered. The solid line represents the linear best-ﬁt function (R2 = 0.99) between these two parameters.

These results indicate that the PCI algorithm appear to be robust when
MERIS Rrc was ≤0.25 for all spectral bands.
Fig. 8 shows another example where signiﬁcant sun glint was present over the entire lake. Similar to those shown in Fig. 7, although the
Rrc spectra for both bloom and non-bloom waters are dramatically different (Fig. 8c and f), their PC values are very similar (Fig. 8b, e, and g).
Fig. 8d also shows thick aerosols and some scattered thin clouds, yet the
PCI algorithm appeared to be immune to these perturbations as long as
MERIS Rrc was ≤0.25 for all spectral bands. The median PC values of the
circled region in both days agreed to within 30%. Note that the sun glint
reﬂectance, Lg, for Fig. 8a was estimated to be 0.094 sr− 1. This is 18
times higher than the “high glint” threshold used in SeaDAS to ﬂag
pixels. Even under such an extreme condition, the PCI was still

applicable. The PCI algorithm also appeared to be insensitive to perturbations by wind-induced turbidity events (Fig. 9). In two subsequent
days on 24 and 25 April 2008, signiﬁcant turbidity changes occurred
in most of the lake waters (Fig. 9a and c), yet their corresponding PC images in Fig. 9b and d showed tolerance to such signiﬁcant turbidity
changes, as revealed by the very similar PC distribution patterns for
pixels both impacted and not impacted by the turbidity changes. Histogram comparison between the two drastically difference cases showed
that for the entire lake, the median PC value changed by 25% because
more bloom patches were found in Fig. 9b than in Fig. 9d, but for the
sediment-rich waters outlined in blue, the median value was nearly
identical between the two cases, indicating tolerance of the PCI algorithm to turbidity changes caused by sediment resuspension.
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Fig. 7. Examples showing that the PCI algorithm is insensitive to perturbations due to sun glint, thick aerosols, and thin clouds. (a) and (b) show MERIS RGB and PC images on 7 November
2010, while (d) and (e) show MERIS RGB and PC images on 4 November 2010. The Rrc spectra from 6 locations are extracted and shown in (c) and (f). Points 1 and 4 show blooms at
approximately the same locations, while points 2, 3, 5, and 6 show non-bloom locations. Note that points 1 and 2 are in the sun glint region yet the bloom and non-bloom features can
be well recognized in (b). The thin clouds over the western lake in (d) (red circles) do not appear to inﬂuence the derived PC values in (e). The histograms in (g) show the PC distribution
statistics in the area outlined by the blue circles, which covers both the glint and non-glint regions. Difference between the median values is about 10%. Note that although the enhanced
reﬂectance in the NIR of the point 1 spectrum is a result of surface scum of cyanobacteria, in this context it is also called bloom.

For all cases examined from the entire 2002–2012 time series, there
was no exception to the above observations, i.e., the PCI algorithm appeared to be robust under nearly all observing conditions. A practical
Rrc threshold of 0.25 was then chosen to screen data. More speciﬁcally,
only when both Rrc(869) and Rrc(560) were N 0.25 was the pixel classiﬁed as non-usable. Otherwise, the pixel was regarded as valid. The Rrc
threshold chosen was actually conservative as in some cases the PC
image appeared valid even when both Rrc(869) and Rrc(560) were
N0.25. However, to increase conﬁdence in the retrieved PC values and
in the following long-term time-series study, Rrc N 0.25 was chosen as
the threshold. Note that this is nearly 10 times higher than the default
cloud-masking threshold of Rrc(869) N 0.027 that is used in SeaDAS
data processing.
3.3. Long-term PC trend and variability
The individual PC images, as derived above, were used to compose
annual means and climatological monthly means, which are presented
in Figs. 10 and 11, respectively. Before 2005, mean annual PC was relatively low in the entire lake. Beginning in 2006, relatively high PC was
found in Meiliang Bay and Northwest Bay, with values peaking in

2007, 2008, and 2010. In 2008, high PC occurred mostly in Meiliang
Bay, Gonghu Bay, and along the coast of the western lake. In contrast,
during 2007 and 2010 high PC values further extended to the Center
Lake. The observed inter-annual changes in PC values and their distributions are in general agreement with the ﬁndings of Hu et al. (2010), yet
the current study is the only one that could provide quantitative PC
estimates. As explained in Hu et al. (2010), nutrient availability (total
N and P) appeared to be the driving force leading to the observed changes in the bloom patterns before and after 2005.
Mean annual PC estimates for each of the seven lake segments are
presented in Fig. 12a. The time-series showed both signiﬁcant spatial
and inter-annual variability from 2003 to 2011. Annual mean PC in
Meiliang Bay was consistently higher than in other bay segments,
which ranged from 5.5 μg/L in 2003 to 12.78 μg/L in 2008, with a long
term annual mean of 8.4 μg/L. The NW Lake is another region where
blooms occur frequently (Hu et al., 2010). In this region, PC ranged
from 3.8 μg/L in 2005 to 11.5 μg/L in 2008, with a long-term annual
mean of 7.2 μg/L. Annual mean PC in Gonghu Bay and Central Lake
were lower, with long term means of 6.9 μg/L and 6.2 μg/L, respectively.
Annual mean PC in Zhushan Bay, SW Lake, and East Lake were the lowest among all seven lake segments, with their long term means of
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Fig. 8. Examples showing that the PCI algorithm is insensitive to perturbations due to sun glint, thick aerosols, and thin clouds. (a) and (b) show MERIS RGB and PC images on 25 May 2011,
while (d)–(f) show MERIS RGB and PC images on 2 June 2011. The Rrc spectra from four locations are extracted and shown in (c) and (f). Points 1 and 3 show blooms at approximately the
same locations, while points 2 and 4 show non-bloom locations. Note that points 1 and 2 are inﬂuenced by signiﬁcant sun glint yet the bloom and non-bloom features can be well recognized in (b). Also note that although the enhanced reﬂectance in the NIR of the points 1 and 3 spectra is a result of surface scum of cyanobacteria, in this context it is also called bloom. The
histograms in (g) show the PC distribution statistics in the area outlined by the blue circles, which covers both the bloom and non-bloom regions. Difference between the median values is
about 30%. For the 25 May 2011 image, sun glint reﬂectance was estimated to be Lg = 0.094 sr−1 for θo = 20.1°, θ = 27.7°, ϕ = 168.5°, and wind = 2.36 m s−1. For the 2 June 2011 image,
Lg was estimated to be 1.5 × 10-7 sr−1 for θo = 18.3°, θ = 37.3°, ϕ = 170.2°, wind = 0.4 m s−1. In ocean color remote sensing, Lg N 0.005 sr−1 is considered as “high glint.”

5.6 μg/L, 5.3 μ g/L and 5.7 μg/L, respectively. In almost every lake segment, the maximum annual mean occurred in either 2007 or 2008.
Indeed, there was a signiﬁcant water quality event in Meiliang Bay in
spring 2007 that received wide national and international news coverage (Duan, Zhang, & Zhang, 2008; Guo, 2007; Wang & Shi, 2008). The results here showed maximum annual mean PC in 2008 instead of 2007
for Meiliang Bay, suggesting that bloom intensity alone cannot explain
declines in water quality. The timing of the bloom and other factors
such as warming can also play a role (Kong, Ma, Gao, & Wu, 2009;
Kong et al., 2007; Ren, Shang, Jiang, Qin, & Jiang, 2008). Thus, it is also
important to establish climatological monthly means in order to assess
the current monthly conditions.
Fig. 11 shows the climatological monthly mean PC distributions
using MERIS time-series (2002–2012) data, where mean PC concentrations for each of the seven lake segments are presented in Fig. 12b.
Seasonal variations were clearly revealed, with higher PC observed in
summer and autumn (June–November). Mean PC reached annual maxima in August or September and annual minima in January or February.
Similar to the annual mean statistics, Meiliang Bay showed the highest
mean PC through the seasonal cycle (2.1–38.3 μg/L, mean = 11.5 μg/L),

followed by NW Lake (1.8–27.5 μg/L, mean = 8.1 μg/L), Gonghu Bay
(2.4–24.5 μg/L, mean = 7.6 μg/L), Zhushan Bay (1.6–27.1 μg/L,
mean = 7.5 μg/L), Central Lake (1.9–27.5 μg/L, mean = 7.4 μg/L), East
Lake (2.6–11.1 μg/L, mean = 5.9 μg/L) and SW Lake (1.7–18.0 μg/L,
mean = 5.8 μg/L). For all lake segments, seasonal variability
overwhelmed inter-annual variability.
Although on average there were N4 images per month between
December 2002 and April 2012, the data were not evenly distributed
in time, making it difﬁcult to calculate monthly means. However,
when data were restricted to those months when at least three images
were available in a month, monthly means and standard deviations
could be derived. Fig. 13 shows the monthly mean time series of PC distributions in the seven lake segments. Similar to the monthly climatology shown in Fig. 12b, the monthly time series revealed PC maxima in
every summer for all lake segments. Yet the timing of signiﬁcant PC increase changed among the segments. For example, Zhushan Bay did not
show signiﬁcant summer increase until 2010, while signiﬁcant summer
increase in the NW Lake started in 2006. These ﬁndings were not
revealed by the annual means (Fig. 12a) where the summer highs
were smeared by other months. The exact causes of the different
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Fig. 9. The PCI algorithm is insensitive to turbidity changes induced by sediment re-suspension. In two subsequent days on 24 and 25 April 2008, signiﬁcant turbidity changes occurred in most of the lake waters as evident in MERIS RGB images in
(a) and (c), yet their corresponding MERIS PC images in (b) and (d) showed tolerance to such turbidity changes. The right-panel graphs show histogram statistics of the PC distributions from the two images. Histograms for the entire lake are shown in
the top right panel, and histograms for the circled area are shown in the bottom right panel. For the entire lake, the median PC value changed by 25% because more bloom patches were found in (b) than in (d), but for the sediment-rich waters outlined
in blue, the median value was nearly identical between the two images, indicating tolerance of the PCI alrithm to turbidity changes caused by sediment resuspension.
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Fig. 10. Annual mean PC distributions derived from MERIS (2003–2011) using the PCI algorithm.

Fig. 11. Climatology monthly mean PC distributions derived from MERIS measurements (December 2002–April 2012) using the PCI algorithm.

L. Qi et al. / Remote Sensing of Environment 154 (2014) 298–317

311

4. Discussion
4.1. Data quality versus data quantity

Fig. 12. (a) Annual mean PC for the seven lake segments derived from MERIS measurements (January 2003–December 2011) using the PCI algorithm. (b) Climatology monthly
mean PC for the seven lake segments between December 2002 and April 2012.

timing for the various lake segments deserve another in-depth study,
as the scope of this current work is to present long-term PC statistics as
baseline data to facilitate detecting and quantifying future PC changes.

Long-term variability in optical water quality for inland water bodies
has been difﬁcult to examine using satellite ocean color data due to challenges pertaining mainly to atmospheric correction and high frequency
of non-optimal observing conditions (e.g., clouds, thick aerosols, and
sun glint). Atmospheric correction is often unreliable even under optimal
observing conditions (cloud free, thin aerosols, negligible sun glint) due
to optical complexity of in-water constituents. Such complexity can interfere with spectral bands used for atmospheric correction, creating difﬁculty separating the various in-water optical constituents. For the
global ocean, a compromise between data quality and data quantity
was achieved through the use of Rrc(869) N 0.027 (corresponding to
τ869 N 0.3 for maritime aerosols over clear waters) to screen cloud pixels
and low-quality data, although it is well known that such a threshold
may change with space and time (Jedlovec, Haines, & LaFontaine,
2008). In this study, such a threshold led to nearly no data for Taihu
Lake even under cloud-free and glint-free conditions. This is generally
because of the non-zero Rrs at 869 nm and because of the thick aerosols,
resulting in a high frequency of masked data. To overcome the difﬁculty
caused by non-zero Rrs at 869 nm, Wang and Shi (2006) used threshold
values in the MODIS SWIR wavelengths (namely Rrc(1240) = 2.35% and
Rrc(1640) = 2.15%) for turbid waters. Such an approach, however, still
suffers from thick aerosols, thin clouds, and sun glint.
Several regional studies tried to overcome this difﬁculty by artiﬁcially raising the Rrc(869) threshold. Le, Hu, English, et al. (2013) used
Rrc(865) N 0.046 to screen clouds for Tampa Bay, and Feng, Hu, Chen,
and Song (2014) further relaxed this threshold to N0.1 for the Yangtze
Estuary. Yet to remove contamination caused by false negatives
(i.e., thin clouds treated as non-clouds) that result from using the relaxed threshold, images must be visually examined and false negatives
manually excluded.
In this study, image and spectral analyses as well as histogram
comparisons revealed that the PCI algorithm was tolerant to perturbations from thick aerosols, thin clouds, sun glint, and turbidity events

Fig. 13. Monthly mean PC concentrations in the seven lake segments derived from MERIS. The vertical bars indicate standard deviations. To make them statistically meaningful, only when
at least three images with minimal cloud cover existed in a certain month was the monthly mean calculated and presented here. Thus, even though there were MERIS images in every
month, there are some data gaps in these graphs. Note the different scales on the y-axes.
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(Figs. 7–9), and valid PC data could be retrieved provided that Rrc(560)
and Rrc(865) did not both exceed 0.25 at the same time. Note that the
addition of the Rrc(560) threshold was to avoid false positive
cloudmasking due to algae scums, as these scums could result in
Rrc(865) N 0.25 while Rrc(560) was still b 0.25. Incorporating these
relaxed thresholds led to a signiﬁcant increase in data quantity without
sacriﬁcing data quality for the PCI algorithm. Fig. 14 shows that the use
of these carefully selected thresholds resulted in 46–68% (mean =
56.9%) mean valid data coverage per image in Taihu Lake for every climatological month. This means that on average, whenever an image is
collected most (56.9%) of the image pixels are usable by the PCI algorithm. Note that this statistical result also included images with complete (100%) overcast. In contrast, the mean valid data coverage for
the default threshold of 0.027 was nearly 0% (b 1%). Even under the constraints of manual delineation, the threshold of 0.01 would only lead to
the mean valid data coverage of 10–38% (mean = 25%). Clearly, the tolerance of the PCI algorithm to non-optimal observing conditions led to
signiﬁcantly increased valid data coverage, which made time-series
studies and trend analyses possible.
4.2. Cyanobacterial blooms or other blooms
Although the cyanobacterium M. aeruginosa is the dominant phytoplankton species most commonly found in bloom waters in Taihu Lake,
blooms of other phytoplankton species that do not contain the PC pigment also occur (Qian, Chen, & Song, 2008). Then, the PCI could possibly
be used to separate cyanobacterial blooms and non-cyano blooms if another algorithm can detect all blooms, for example the MCI algorithm
(Gower et al., 2005). The logic is that MCI is sensitive to all blooms but
PCI is sensitive to only cyanobacterial blooms. Fig. 15 shows two examples of how a combination of MERIS PCI and MCI imagery could help discriminate between different bloom types. For the 25 April 2008 case
(Fig. 15a–c), the high values in both MCI and PC along the coast of the
western lake indicating that this was possibly a cyanobacterial bloom.
In contrast, only MCI showed high values in Meiliang Bay in the outlined
regions in both examples, indicating that these were possibly noncyanobacterial blooms. Note that similar to MODIS FLH, MERIS MCI
is also sensitive to turbidity perturbations (McKee, Cunningham, &
Dudek, 2007), which can lead to false positive bloom detection
(i.e., high MCI values, but no bloom or overestimated bloom). MERIS
RGB imagery in the southern lake on 14 February 2008 (Fig. 15d

Fig. 14. Mean percentage of usable data per image during each climatological month,
based on variable Rrc thresholds. Rrc(865) b 2.7% is the default option to select cloudfree data in SeaDAS. Rrc(865) b 4.6% is the relaxed criteria allowing for more cloud-free
data as used by (Le, Hu, English, et al., 2013). Rrc(865) b 10.0% is the criteria used by
Feng et al. (2014) to avoid treating extremely turbid water as clouds. The Rrc threshold
of 25.0% was chosen for use in this study to screen for clouds. Note that the 25.0% threshold
applies to both Rrc(560) and Rrc(865), which was determined from spectral and image
analyses as well as histogram comparisons similar to those shown in Figs. 7 and 8.

and e) and in most of the lake on 25 April 2008 (Fig. 15a and b) indicate
highly turbid conditions. For Meiliang Bay, however, the RGB imagery
on both dates showed low turbidity together with high MCI values,
thus indicating non-cyanobacterial bloom waters (Fig. 15c and f).
Can blooms with high Chla but low PC (i.e., non-cyanobacterial
blooms) be falsely interpreted as cyanobacterial blooms? Laboratory
measurements of various phytoplankton pigments showed that in addition to local absorption peaks around 440 and 670 nm, Chla also had a
minor absorption peak around 625 nm (Bidigare, Ondrusek, Morrow,
& Kiefer, 1990), which could be falsely interpreted as PC. However, the
speciﬁc absorption coefﬁcient at this wavelength (~0.0035 m2 mg−1)
is one order of magnitude smaller than that for PC (0.035 m2 mg−1,
Fig. 3b). So its contribution relative to PC is minor. However, for a
mixed bloom assemblage where non-PC phytoplankton dominates,
some (or even most) of the retrieved PC could actually be Chla. Whether
or not such a case could happen will ultimately need to be veriﬁed
through ﬁeld-collected phytoplankton taxonomy data with concurrent
Rrs (or satellite) measurements. In the meantime, the delineation of
high-MCI and low-PC waters may be used to guide ﬁeld surveys once
satellite sensors with both the 620-nm and 709-nm bands are in orbit.
Several previous studies also used MERIS imagery to examine
long-term distributions of cyanobacterial blooms in lakes (Binding,
Greenberg, & Bukata, 2011; Stumpf, Wynne, Baker, & Fahnenstiel,
2012). However, these studies relied on Chla (or similar) indexes to
quantify cyanobacterial blooms under the assumption that this was
the only bloom type in those environments. In waters such as Taihu
Lake where non-cyanobacterial blooms also occur, the newly proposed
PCI algorithm may overcome the difﬁculties of differentiating bloom
types, providing additional advantage over these existing approaches.

4.3. Algorithm strengths and weaknesses, and applicability to other lakes
The most signiﬁcant strength of the PCI algorithm comes from its
simple band-subtraction design, making it applicable to Rrc data and
making it nearly immune to most perturbations from the atmosphere,
thus leading to much increased usable data coverage as compared
with other algorithms relying on Rrs data. As long as PCI is a monotonic
function of PC for a lake environment, such an algorithm design should
be advantageous over other algorithm approaches.
However, for the same reason, the PCI algorithm design may be vulnerable (or even inapplicable) when PCI is no longer a monotonic function of PC due to 1) different sediment composition and/or 2) mixed
phytoplankton assemblage (note that the PCI algorithm is insensitive
to CDOM perturbations so CDOM is not a factor here, see Fig. 4 and
Section 3.2.1). Sediment composition affects Rrs through the spectral
shapes and magnitudes of both absorption (a) and backscattering (bb)
(Eq. (5)). For Taihu Lake, the effects of increasing SPM on a and bb appeared to be cancelled to ﬁrst order, leading to little change in PCI
(and PC) (Fig. 9, and many other cases not shown here). For a lake environment with different sediment type, PCI could be sensitive to SPM
changes. The robustness of the PCI algorithm in this study may also be
due to the dominant cyanobacteria in phytoplankton assemblages although other phytoplankton types do exist in Taihu Lake. For other
lakes where mixed phytoplankton populations exist in the same
timeframe and same region, the accuracy of the PCI algorithm may be
degraded. In contrast, the Simis et al. (2005) algorithm explicitly derives
aph(PC) from total pigment absorption so it may be tolerant to various
species composition. Thus, although the PCI algorithm performed better
than the Simis algorithm for this particular dataset (URMSE and RMSE
in the Simis algorithm using local parameterization are 80% and 106%,
respectively, as compared with 58% and 85% of the PCI algorithm; results not shown here) because the empirical PCI minimizes the impact
of all unknown factors (e.g., sediments) through regression, for another
lake environment the PCI approach could perform worse than the Simis
algorithm for the reasons mentioned above.
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Fig. 15. Examples showing that MCI is sensitive to non-cyanobacterial blooms and high turbidity but PCI is not. (a)–(c) show MERIS RGB, MCI, and PC images on 25 April 2008. (d)–(f) show
MERIS RGB, MCI, and PC images on 14 February 2008. The high MCI and PC values along the west coast of the lake in (b) and (c) indicate a cyanobacterial bloom. Areas circled in red with
high MCI and low PC appear to be caused by non-cyanobacterial phytoplankton blooms, and the high MCI values in most of the southern lake appear to be caused by high turbidity.

One shortcoming of this study is the lack of independent validation
data. The question then becomes whether the PCI algorithm is robust
even for Taihu Lake. The leave-one-out-cross-validation method provides
an alternative when independent data is not available, and such an approach has been adopted by many researchers since its introduction
(Efron, 1983). The temporal consistency check through visual inspection
and histogram comparisons (Figs. 7–9) provided another measure. Indeed, some of the signiﬁcant data scatter in the algorithm development
(Fig. 5), especially for low PC, could be due to the limited data points
and uncertainties in the water sample measurements (see below). The
image-based histogram comparison, on the other hand, revealed very stable algorithm performance under different observing conditions. This
suggests that even though the algorithm coefﬁcients (and correspondingly the derived PC) may be off due to the limited data used in algorithm
development, the errors would only lead to time-independent biases for
the same PC range. Such biases would not impact the interpretation of
the time series data, especially when change detection is desired.
For the same reason, although it appears that the PCI algorithm did
not work well for PC b 8 μg/L, spectral and histogram comparisons
(Figs. 7–9) indicate that the PCI algorithm could lead to consistent
(although not necessarily accurate) PC estimates down to ~ 1 μg/L,
resulting in valid estimates for monthly and annual means.
To test the algorithm's general applicability, the PCI algorithm was
applied to MERIS Rrc data over several other lakes where cyanobacterial
blooms also occur regularly. In each case, the algorithm revealed consistent patterns through time and the algorithm appeared to be tolerant to
perturbations by thin clouds, thick aerosols, and sun glint, suggesting
that a time-series analysis of PC distribution might be conducted for
other lakes once the algorithm is validated using ﬁeld data. Fig. 16
shows an example for Dianchi Lake, a typical plateau lake in southwest
China. Due to lack of concurrent (same day) satellite and ﬁeld data, two
images 3–4 days before and after the ﬁeld measurements (19–20
September 2009) were used to evaluate the PCI algorithm performance.

Because of the possible changes in water conditions between the two
image dates, only when the retrieved PC values from the two images
agreed to ±50% around their mean values were the mean values used
to compare with the ﬁeld measurements (Fig. 16e). The results showed
high correlation between ﬁeld-measured and MERIS-derived PC values,
indicating the feasibility of the PCI approach.
Note that even though the algorithm form (Eqs. (4) and (17)) could
be applicable to other lakes, the algorithm coefﬁcients, determined here
through empirical regression using Taihu Lake data, may need to be
tuned using local data. This is clearly shown in Fig. 16e for Dianchi
Lake where the slope between the ﬁeld-measured and MERIS-derived
PC (using algorithm coefﬁcients tuned for Taihu Lake) differs from 1.0.
This is because 1) the composition of in-water optical constituents
may change in other lakes, and 2) the PC-speciﬁc absorption coefﬁcient
(aPC*) may change by several folds depending on the environment as reported in the literature (Purves et al., 1995; Randolph et al., 2008; Simis
et al., 2005). The variable aPC* reported in the literature might also be
due to the different laboratory methods used for extracting and quantifying PC pigment (Horváth, Kovács, Riddick, & Présing, 2013; Lawrenz,
Fedewa, & Richardson, 2011; Zimba, 2012). Measurement uncertainty
may also explain some of the data scattering observed in Fig. 5. For example, Randolph et al. (2008) reported average errors of 11% for replicate PC samples, while individual samples could have errors N 20%. In
this study, replicate samples were not collected, yet it is speculated
that the lab-determined PC data would have similar uncertainties as reported in the literature. Furthermore, cyanobacteria can form individual
colonies in PC-rich waters, resulting in patchiness and mismatch between water samples and Rrs measurements. Future studies should collect replicate samples to assure consistency between water samples and
Rrs. Nevertheless, the PC distributions maps for Taihu Lake derived from
the algorithm calibrated using local in situ data should be valid to the
extent that they are consistent to each other, and therefore can be
used to detect anomalies and study long-term trend.

314

L. Qi et al. / Remote Sensing of Environment 154 (2014) 298–317

Fig. 16. Application of the PCI algorithm to Dianchi Lake, China. (a,b) MERIS RGB and PC imagery for 14 September 2009. (c, d) MERIS RGB and PC imagery for 23 September 2009. Annotated on the PC images are locations of ﬁeld measurements during 19–20 September 2009. These locations are where the PC data extracted from the two images (b and d) agreed to within
±50% of their mean values, which were used to compare with the ﬁeld-measured PC, shown in (e). Note that the PC images were derived from the PCI algorithm with algorithm coefﬁcients determined from Taihu Lake instead of Dianchi Lake.

4.4. Future sensor design and algorithm development
Unlike previously published PC algorithms (Dekker, 1993; Hunter,
Tyler, Présing, et al., 2008; Hunter, Tyler, Willby, et al., 2008; Schalles
& Yacobi, 2000; Simis et al., 2005), the PCI algorithm utilizes
satellite-derived Rrc instead of Rrs as the input. This is similar to the

MCI bloom detection approach of Gower et al. (2005) and Gower,
King, and Goncalves (2008) who relied on MERIS calibrated radiance instead of MERIS Rrs, but the use of Rrc here further minimizes the impact
of changing sun angle and Rayleigh scattering. The success of such an
approach is mostly attributed to the band-subtraction design of the
PCI algorithm. Such a design, although not new as Dekker (1993)
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already proposed the 600–624–648-nm band subtraction approach
based on in situ Rrs, was rarely attempted in the past two decades by
the research community, possibly due to lack of such spectral bands
from the satellite sensors. Indeed, radiative transfer simulations and
image comparison studies have shown previously that band subtraction
is superior to band ratioing for removing additive errors such as those
from aerosols, thin clouds, and sun glint. This has been demonstrated
by Hu (2009) when comparing the FAI (band subtraction approach)
to NDVI (band ratio approach) data products, and by Hu et al. (2012)
when comparing the band-subtraction CI to band-ratio OC4 (or OC3)
approaches. The study here showed another example of the advantage
of such an algorithm design. In particular, in the absence of complete atmospheric correction, a partial correction to remove gaseous absorption
and Rayleigh-scattering effect was shown to be sufﬁcient to derive PC
concentrations with acceptable uncertainties. The most signiﬁcant
progress from this design is not just the applicability to satellite data
but most importantly the tremendously increased data coverage. Such
an increase would not be possible if one were to use the satellitederived Rrs data. Again, this is because there is currently no atmospheric
correction algorithm to perform well under non-optimal observing conditions. Yet, this does not mean that Rrc data instead of Rrs data should
always be used for algorithm development, as the study shown here is
just a special case because of the PCI algorithm design. For example, if
the same design were to be used for the blue bands to estimate Chla (absorption maximum around 440 nm), the algorithm would perhaps perform poorly because of the interference of CDOM and because of the
impact of absorbing aerosols. Thus, in the long run, improved atmospheric correction is still required to obtain reliable Rrs data under
both optimal and non-optimal observing conditions, as most algorithms
do rely on Rrs data. Nevertheless, the implication of the algorithm success is signiﬁcant for future sensor designs. For monitoring lake water
quality and especially identifying and quantifying harmful
cyanobacterial blooms, a minimum of three well-calibrated bands may
be sufﬁcient if resources are limited. Given the increased use of miniaturized satellites, small payloads such as a three-band camera may be
developed and used for effective bloom monitoring of small inland
water bodies once the PCI algorithm is validated for its general applicability using ﬁeld data.
MERIS stopped functioning in April 2012, leaving no operational
ocean color sensors in space with a 620-nm band to take advantage of
the PCI design for near real-time use. However, there are several
ocean color missions currently being planned that will include this
band in the near future. The Korea Ocean Satellite Center is preparing
the Geostationary Ocean Color Imager II (GOCI-II 500-m resolution)
for launch in 2017 (Yu-hwan Ahn, personal communication). GOCI-II
will have more spectral bands than GOCI (2010–), including a band at
620 nm. ESA's Sentinel-III will have a MERIS-like sensor called Ocean
and Land Color Instrument (OLCI, 300-m resolution) and is expected
to launch around June 2015 (Bryan Franz, personal communication).
Also, NASA's hyperspectral Pre-Aerosol-Cloud-Ecosystem (PACE) mission is being planned for launch in 2019. All these missions will provide
opportunities to further develop, reﬁne, and validate the PCI algorithm
with coordinated ﬁeld measurements.
Band selection for the development of the PCI algorithm in this study
was tailored to ﬁt MERIS data. When hyperspectral data are available,
the positions of the three bands may be determined through spectral
optimization. Such optimizations must also consider the effects of
the narrow-band absorption by some atmospheric gases (e.g., water
vapor). Future algorithm development efforts will also need to not
only use ﬁeld and laboratory based measurements, but also consider potential errors sources from the satellite measurements.
5. Conclusion
A novel algorithm was developed to estimate cyanobacterial
pigment (phycocyanin or PC) concentrations in a eutrophic lake
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(Taihu Lake) in China using MERIS satellite observations. The bandsubtraction algorithm, namely the PCI algorithm, was developed for
use with partially corrected MERIS Rrc data instead of fully corrected
MERIS Rrs data, as the latter was simply not available at frequencies sufﬁcient for time-series studies. The algorithm was thoroughly examined
through bio-optical modeling, radiative transfer simulations, image
consistency checks, spectral analyses, and histogram comparisons. The
performance was found to be acceptable under nearly all conditions
except thick clouds, as the algorithm was shown to be tolerant to perturbations by aerosols, thin clouds, sun glint, and high turbidity. Such
tolerances led to signiﬁcantly increased data coverage, which was critical in the development of a long-term (2002–2012) time series of PC
distributions in Taihu Lake. However, the ﬁndings here represent a
case study for Taihu Lake, and the applicability of the PCI algorithm to
other lakes needs to be veriﬁed using ﬁeld data and consistency checks
similar to those used in this study.
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