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a b s t r a c t
Using reﬂectance data and water sample data from 75 stations in several eutrophic lakes of East China (Lake
Taihu, Lake Gehu, Lake Dongjiu) between 23 April and 3 May 2010, we evaluated several recently proposed remote sensing algorithms to estimate chlorophyll-a concentrations (Chla, 1.0–42 μg/L) and phycocyanin pigment
concentrations (PC, 0.1–7.7 μg/L). These lakes experience phytoplankton blooms of the cyanobacteria Microcystis
aeruginosa every year due to eutrophication. It was found that after local tuning of the algorithm parameterizations, most algorithms yielded acceptable results for Chla retrievals while accurate PC retrievals were more challenging due to changing species composition (PC:Chla ratios) and low PC concentrations. For the data ranges in
the study region, the best Chla algorithm yielded RMSErel (Relative Root Mean Square Error) of ~46% (R2 =0.92,
n=75) and the best PC algorithm yielded RMSErel of ~83% (R2 = 0.88, n=75). Based on these observations, it is
recommended that local tuning of algorithm parameters should be performed for remote sensing applications,
and future efforts should emphasize on application of the algorithms to satellite data.
© 2012 Elsevier Inc. All rights reserved.

1. Introduction
Freshwater ecosystems occupy less than 1% of the earth's surface,
but they deliver goods and services of enormous global value (Johnson et
al., 2001). However, with increasing human activities and economic
development, freshwater eutrophication has become one of the most
widespread environmental and social problems around the world
(Smith, 2003). One indication of such eutrophication is the frequent
cyanobacterial blooms (Kutser et al., 2006). Cyanobacteria are known to
produce a variety of toxins and have negative effects on human health
and aquatic life (Chorus & Bartram, 1999), posing a major threat to drinking and irrigation water supplies as well as ﬁshing and recreational use of
surface waters worldwide (Paerl & Huisman, 2009; Paerl et al., 2011).
Several lakes in East China such as Lake Taihu (the third largest freshwater lake in China) experience recurring cyanobacterial blooms of
Microcystis aeruginosa every year (Duan et al., 2009; Hu et al., 2010).
According to ecological theory and in situ observations in Lake Taihu, a
four-phase development hypothesis has been proposed for the process
of the cyanobacterial bloom forming (Kong & Gao, 2005): dormancy in
winter, recruitment in spring, growth and ﬂoat to the water surface in
summer, and sink to the sediment in autumn. During the early bloom
stage, phytoplankton in this region are represented by more than 70
species in four main groups: cyanobacteria — 16 species; diatoms — 16
species; green algae — 28 species; and ﬂagellates — 14 species (Chen et
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al., 2003), while mature blooms are usually comprised of only one or
two species (mainly Microcystis aeruginosa) (Chen et al., 2003; Guo,
2007; Stone, 2011; Zhang et al., 2011). As the phytoplankton species
composition changes in different bloom phases, the optical characteristics of the water column will also vary, for example by altering the relative contribution of the different pigments to light absorption. Previous
bloom monitoring efforts focused on summer and autumn blooms, rather than on the algae recruitment in the spring (Duan et al., 2010; Le et al.,
2009; Ma et al.,2006a; Ruiz-Verdu et al., 2008; Simis et al., 2005a; Wang
et al., 2011; Zhang et al., 2008). However, early detection allows local authorities to make appropriate changes in water supply and catchment
management. Hence, it is crucial to detect and quantify cyanobacterial
blooms in their early stages.
Satellite remote sensing has been used for bloom assessment in many
freshwater lakes (Gons, 1999; Hunter et al., 2010; Simis et al., 2005b;
Wang et al., 2011; Wynne et al., 2008). A widely used proxy for bloom
monitoring is the concentration of chlorophyll a (Chla) (Gons et al.,
2002; Kutser et al., 2006). However, Chla is not unique to cyanobacteria
as all the phytoplankton contain Chla. In contrast, phycocyanin (PC) is a
unique pigment in cyanobacteria, and thus provides a more useful indicator of cyanobacterial biomass (Ruiz-Verdu et al., 2008; Simis et al.,
2005a). Although its cellular content can vary between species and in response to changing environmental conditions, all cyanobacteria contain
at least some PC (Ruiz-Verdu et al., 2008). More importantly, the PC pigment absorbs light strongly around 620 nm (Bryant, 1981), allowing
quantiﬁcation of its concentration from remotely sensed data once
appropriate spectral bands and inversion algorithms are available
(Ruiz-Verdu et al., 2008; Simis et al., 2005a, 2007). However, developing
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such algorithms to estimate Chla and PC concentrations in freshwater
lakes is not a trivial task due to optical complexity of these ecosystems.
For the estimation of Chla from remotely sensed data, several
methods have been proposed, among which are a near-infrared/red
band ratio empirical method (Gons, 1999; Simis et al., 2007), a NIR/red
band ratio semi-analytical method (Gons, 1999), and a three-band
empirical method (Dall'Olmo et al., 2003; Gitelson et al., 2008). PC algorithms have often been based on the 620-nm absorption or reﬂectance
features (Dekker et al., 1991; Hunter et al., 2010; Randolph et al., 2008;
Ruiz-Verdu et al., 2008; Schalles & Yacobi, 2000; Simis et al., 2005a).
However, in waters with low PC concentrations, absorption at 620 nm
due to Chla is not zero and should be included (Hunter et al., 2010;
Ruiz-Verdu et al., 2008; Simis et al., 2005a).
Previous records showed that in Lake Taihu, the phytoplankton
community included cyanobacteria, diatoms, green algae, and ﬂagellates, and the community structure shifted to cyanobacteria dominance
in mid-summer (Chen et al., 2003; Song et al., 2010). It is unclear how
existing algorithms perform in estimating both Chla and PC concentrations in the optically complex shallow lakes like Lake Taihu, especially
during initial bloom formations when cyanobacteria are not the dominant phytoplankton group. Indeed, none of the published algorithms
for PC retrievals has been tested.
Thus, objectives of the present study were: 1) to assess the performance of existing algorithms for Chla and PC retrievals for three turbid
lakes of East China during spring bloom formation; and 2) to identify
the most applicable algorithms using regional parameterizations.
2. Data and methods
2.1. Study region
Lake Taihu (31.15N, 120.15 E), with a surface area of 2338 km² and
average depth of 1.9 m, is the third largest freshwater lake in China.
Lake Gehu (117 km²) and Lake Dongjiu (8 km²) ﬂow into Lake Taihu
through small rivers, which are located in the upper reaches of the
Lake Taihu basin (Fig. 1) (Qin, 2008). In recent years, these three lakes
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have experienced signiﬁcant pollution due to rapid economic growth
in the surrounding region. Increasing eutrophication and reoccurring
algal blooms pose a signiﬁcant threat to the millions of people who
rely on the lakes for drinking water supply (Duan et al., 2009; Guo,
2007; Xu et al., 2010).
2.2. Field data collection
Water samples and optical data were collected at 92 stations during
a survey between 23 April and 3 May 2010 (Fig. 1). Of these data, 17 stations were removed due to lack of PC measurements. At each station, remote sensing reﬂectance (Rrs(λ)) was measured with a hand-held
spectrometer, following the NASA Ocean Optics protocols (Mueller &
Fargion, 2003). The viewing angle of the measurement was ~40° from
nadir, and the relative azimuth angle to the sun was ~135°. Water samples were collected at the surface (to about 30 cm water depth) with a
standard 2-liter polyethylene water-fetching instrument immediately
after Rrs measurement. The samples were stored with ice bags for
about 4 h before conducting pigment absorption and concentration
measurements in the laboratory.
2.2.1. Water sample analysis
Chla was measured spectrophotometrically (Gitelson et al., 2008;
Ma et al., 2006a; Simis et al., 2005a). A sample was ﬁrst ﬁltered onto a
47-mm Whatman GF/F glass ﬁber ﬁlter, which was soaked in 90% ethanol in the dark for 4–6 h. The sample in ethanol was then heated to 80–
90 °C for 3–5 min. Absorbance at 665 and 750 nm of the extract was
measured with a UV2401 spectrophotometer (Shimadzu Corp., Japan)
and Chla was calculated against a ﬁltered water as the reference.
There was no standard technique for PC pigment extraction, and we
chose the method of Abalde et al. (1998) for in this study. About
250 mL of the water sample was concentrated onto the 47-mm
Whatman GF/F glass ﬁber ﬁlter, and then preserved in liquid nitrogen.
In the laboratory, the ﬁlters were frozen in liquid nitrogen and thawed
at room temperature 3 times to disrupt cells. Then, the ﬁlter was cut
into small pieces and ground into homogenate with 3–5 mL of 0.05 M

Fig. 1. Study region and sampling locations in Lake Taihu, Lake Dongjiu, and Lake Gehu.
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Table 1
Statistics of the bio-optical water quality parameters measured in Lake Taihu. Chla: chlorophyll-a; PC: phycocyanin; SPM: suspended particulate matter; SPOM: suspended particulate organic matter; SPIM: suspended particulate inorganic matter; aph(620): phytoplankton absorption coefﬁcient at 620 nm; aph(665): phytoplankton absorption coefﬁcient at
665 nm; ag(440): CDOM absorption coefﬁcient at 440 nm. “Low PC” and “High PC” indicate samples with PC b 2 μg/L and PC > 2 μg/L, respectively.
All (n = 75)

Chla (μg/L)
PC (μg/L)
SPM (mg/L)
SPOM (mg/L)
SPIM (mg/L)
aph(620) (m−1)
aph(665) (m−1)
ag(440) (m−1)

Low PC (n = 67)

High PC (n = 8)

Mean

Range

Mean

Range

Mean

Range

13.06 ± 13.43
0.85 ± 1.43
40.41 ± 34.57
7.97 ± 4.46
32.44 ± 32.30
0.36 ± 0.34
0.68 ± 0.76
0.70 ± 0.32

0.99–42.44
0.09–7.71
10.15–162.73
2.47–19.65
7.68–145.60
0.05–1.56
0.07–3.61
0.31–1.36

10.89 ± 11.63
0.42 ± 0.32
40.72 ± 36.43
7.29 ± 3.98
33.43 ± 33.79
0.29 ± 0.27
0.55 ± 0.60
0.69 ± 0.33

0.99–42.23
0.09–1.45
10.15–162.73
2.47–17.13
7.68–145.60
0.05–1.10
0.07–2.37
0.31–1.36

31.23 ± 14.43
4.50 ± 1.93
37.85 ± 10.54
13.63 ± 4.47
24.22 ± 13.34
0.87 ± 0.45
1.75 ± 1.10
0.79 ± 0.17

5.97–42.44
2.53–7.71
26.72–55.40
6.20–19.65
12.32–47.48
0.19–1.56
0.22–3.61
0.48–1.05

Tris–HCl (pH = 7.0) buffer, which was placed in a 10-mL centrifuge
tube. The tube was kept in the dark at 4 °C for approximately 24 h.
Then, the extract was puriﬁed by centrifugation at 10,000 ×g for
30 min, and PC containing clear supernatant was collected and
transferred to a 10-mL ﬂask that was ﬁlled up with 0.05 M Tris–HCl
(pH = 7.0) buffer solution. The PC concentration was measured by a
spectroﬂuorophotometer (Shimadzu RF-5301) at a scan speed of
60 nm·min−1, band pass at 5 nm, response time of 2 s, a 620-nm excitation and a 647-nm emission, and a reference standard from Sigma
Company (Abalde et al., 1998; Zhang et al., 2007). Suspended particulate matter (SPM) concentrations were determined gravimetrically
from samples collected on pre-combusted and pre-weighed GF/F ﬁlters
with a diameter of 47 mm, dried at 95 °C overnight. SPM was differentiated into suspended particular inorganic matter (SPIM) and suspended
particular 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 et al., 2006a; Neil et al., 2011).
Absorption coefﬁcients of total particulate matter, phytoplankton
pigments, and detritus were determined using the quantitative ﬁlter
technique (Mitchell, 1990; Mueller & Fargion, 2003; Yentsch, 1962)
with 47-mm GF/F ﬁlters and a Shimadzu UV2401 spectrophotometer.
After measurement of the total particulate absorption (ap(λ)), the ﬁlter
was soaked in methanol for 4 h to fully extract phytoplankton pigments, and rinsed with ﬁltered water. The remaining detrital particles
on the ﬁlter were measured to determine detrital particle absorption
(ad(λ)), and the difference was the absorption (aph(λ)) of phytoplankton pigments. CDOM absorption was determined from the ﬁltered
water (Millipore ﬁlter with 0.22-μm pore size) using a spectrophotometer and distilled water as the reference.

ratio algorithms, and (iii) three-band algorithms. Corresponding to
the spectral bands of the Medium Resolution Imaging Spectrometer
(MERIS) onboard the ENVISAT mission of the European Space Agency
(ESA), the band-ratio algorithms for Chla and PC retrievals were
developed as (hereafter referred to as the Chla and PC band-ratio
algorithms) (Dekker, 1993; Ruddick et al., 2001):
½Chlaα

½PCα

Rrs ð709Þ
Rrs ð665Þ

Rrs ð709Þ
:
Rrs ð620Þ

Three different types of algorithms were evaluated for Chla and PC
retrievals. These include (i) band-ratio algorithms, (ii) nested band-

ð2Þ

The rationale for the band choice is that while the 709-nm band is
sensitive to Chla for the combined effect of Chla ﬂuorescence and absorption as well as particulate backscattering (Wynne et al., 2008), the
665-nm band is sensitive to Chla absorption and the 620-nm band is
sensitive to PC absorption (Randolph et al., 2008).
From radiative transfer theory, Rrs is proportional to bb/(a + bb)
(Gordon et al., 1975), where a is the total absorption coefﬁcient and
bb is the total backscattering coefﬁcient. Thus, assuming bb is wavelength independent in the NIR where absorption by other constituents
is much smaller than aw (Gons, 1999; Gons et al., 2005; Kirk, 1994),
we have
aðλ1Þ ¼

Rrs ðλ2Þ
 ½aðλ2Þ þ bb −bb
Rrs ðλ1Þ

bb ð778:75Þ ¼ 1:61 

2.3. Candidate algorithms to estimate Chla and PC

ð1Þ

Rrs ð778:75Þ
:
0:082−0:6  Rrs ð778:75Þ

ð4Þ

Assuming that a(665) is dominated by Chla pigment and water, and
a(709) is dominated by water, Gons et al. developed a semi-analytical

10.0

50.0
Chla
40.0

8.0

PC

30.0

6.0

20.0

4.0

10.0

2.0

0.0

1

3

5

7

9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39 41 43 45 47 49 51 53 55 57 59 61 63 65 67 69 71 73 75

Station number
Fig. 2. Chla and PC measured from discrete sampling stations of the three lakes. 83% of the stations are in Lake Taihu.
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ð3Þ
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algorithm for Chla retrieval (Gons et al., 2002, 2005) (hereafter referred
to as the Gons algorithm):
aChla ð665Þ ¼

½Chla ¼

Rrs ð709Þ
p
 ðaw ð709Þ þ bb Þ−bb −aw ð665Þ
Rrs ð665Þ

aChla ð665Þ
aChla ð665Þ

ð5Þ

ð6Þ

∗
where p is 1.062, and aw(709), aw(665) and aChla
(665) (Chla massspeciﬁc absorption coefﬁcient at 665 nm) are 0.70 m−1, 0.40 m−1, and
0.0161 m2·mg−1, respectively.
At 620 nm, a is assumed to be dominated by Chla pigment, PC pigment, and water. Thus, we have

apc ð620Þ ¼ að620Þ−aChla ð620Þ−aw ð620Þ:

ð7Þ

Then, based on Eq. (5), empirical correction factors δ and γ are introduced to relate the Rrs ratio to pigment absorption (Simis et al., 2005a,
2007):
a½ChlaþPC ¼



Rrs ð709Þ
−1
 ðaw ð709Þ þ bb Þ−bb −aw ð620Þ  δ
Rrs ð620Þ

aChla ð665Þ ¼



Rrs ð709Þ
−1
 ðaw ð709Þ þ bb Þ−bb −aw ð665Þ  γ :
Rrs ð665Þ

ð8Þ

ð9Þ

With an additional conversion factor ε to relate the two absorption
terms in Eqs. (8) and (9), PC absorption and concentration can be derived as (hereafter referred to as the Simis algorithm):

apc ð620Þ ¼


Rrs ð709Þ
−1
 ðaw ð709Þ þ bb Þ−bb −aw ð620Þ  δ −½ε  aChla ð665Þ
Rrs ð620Þ

ð10Þ
apc ð620Þ
½PC ¼ 
apc ð620Þ

2.4. Accuracy assessment
For each algorithm retrieval, two error terms were used: α= Yi − Xi
represents the absolute error while β = (Yi − Xi)/Xi represents the relative error. The algorithm performance was assessed using four indices,
namely root mean square error (RMSE=root mean square of α), relative root mean square error (RMSErel = root mean square of β), mean
normalized bias (MNB= arithmetic mean of β), and normalized root
mean square error (NRMS = standard deviation of β) (Gitelson et al.,
2008). Note that MNB is a measure of the systematic errors, while
NRMS is a measure of random errors.
3. Results
3.1. Data distributions
The ﬁeld data shows high dynamic range and substantial variability,
with Chla ranging between 0.99 and 42.44 μg/L and PC from 0.09 to
7.71 μg/L (Table 1 and Fig. 2). Of all sampling sites, 67 sites show PC concentrations of b 2.0 μg/L, while the other 8 sites have concentrations
from 2.53 to 7.71 μg/L. Most of these high-PC samples were collected
from Lake Gehu (Fig. 1), where algae can be visually observed from
the surface water by the naked eye. Two contrasting relationships are
found between Chla and PC. For PC b 2.0 μg/L, Chla increases with increasing PC with a coefﬁcient of determination (R2) of 0.69. For
PC > 2.0 μg/L, Chla decreases with increasing PC, with R 2 = 0.84
(Fig. 3). Because the PC:Chla ratio is an indicator of the relative abundance of cyanobacteria in the total phytoplankton biomass (Randolph
et al., 2008), these results suggest that Lake Gehu is more dominated
by cyanobacteria than Lake Taihu for the sampling period except for a
few locations in the west of Lake Taihu (Fig. 1). It should be noted that
the data was not divided into a calibration set and a validation set,
since the existing algorithms were previously tested.
3.2. Chla algorithms

ð11Þ

where δ, γ and ε are 0.84, 0.68, and 0.24, respectively, and aw(709),
∗
aw(665), aw(620) and apc
(620) (the PC-speciﬁc absorption coefﬁcient at
620 nm) are 0.727 m−1, 0.401 m−1, 0.281 m−1, and 0.007 m2·mg−1,
respectively. The above Chla and PC algorithms are the nested bandratio algorithms.
Recently, a three-band algorithm has been developed to estimate
Chla concentrations in lakes (Dall'Olmo et al., 2003; Gitelson et al.,
2008) and has been shown effective for MERIS data (hereafter referred
to as the Gitelson algorithm):
h
i
−1
−1
½Chla ∝ Rrs ðλ1 Þ−Rrs ðλ2 Þ ⋅Rrs ðλ3 Þ:
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The three algorithms were applied to the in situ Rrs(λ) data (Fig. 4),
and their performance was examined (Table 2 and Fig. 5). The 709:665
band-ratio algorithm performs reasonably well (Fig. 5a; R2 = 0.91,
RMSE = 3.97 μg/L and RMSErel = 62.45%). The algorithm overestimates
Chla, with MNB = 28.43% and NRMS = 55.97%. The Gitelson algorithm
shows similar performance with R2 = 0.93 (Fig. 5c), while the semi-

ð12Þ

The algorithm is based on the following assumptions: (a) bb is
spectrally invariant between λ1 and λ2; (b) aph(λ1) > > aph(λ2); and
(c) ad(λ1) + ag(λ1)≈ ad(λ2) + ag(λ2). Here “d” means detrital particles
and “g” means Gelbstoff or colored dissolved organic matter (CDOM).
For MERIS, λ1 to λ3 are chosen to be 665 nm, 709 nm, and 753 nm, respectively (Gitelson et al., 2008). Compared to two band algorithms, the
−1
−1
design of [Rrs
(λ1) − Rrs
(λ2)] is used to minimize the effects of detritus
and CDOM on Chla retrievals when their absorption coefﬁcients are
much smaller than aw. This algorithm was also used to estimate PC concentrations (Hunter et al., 2008) (hereafter referred to as the Hunter algorithm):
h
i
1
1
½PC ∝ Rrs ðλ1 Þ−Rrs ðλ2 Þ ⋅Rrs ðλ3 Þ
where λ1 was chosen to be the PC-sensitive wavelength, 620 nm.

ð13Þ
Fig. 3. Relationship between PC and Chla concentrations measured from the three lakes
in East China.
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two groups using a threshold of PC = 2 μg/L, all three algorithms show
an improved performance. Note that this separation is not lake speciﬁc.
For samples collected mainly in Lake Taihu and Lake Dongjiu (Fig. 1)
with PC b 2 μg/L (n = 67, Table 1), the Hunter algorithm performs the
best (λ1 = 620 nm, λ2 =709 nm and λ3 =754 nm), resulting in a R 2
of 0.69 and RMSE= 0.18 μg/L (Table 2, Fig. 6c). The band ratio algorithm
of Rrs(709)/Rrs(620) also performs reasonably well (R2 = 0.62, RMSE=
0.20 μg/L, RMSErel = 83.68%) when restricted to PC b 2 μg/L (Table 2,
Fig. 6a). In contrast, for this low PC range, the Simis algorithm performs
poorly (R2 = 0.47, RMSErel = 9555.78%), mainly due to the incompatible
default algorithm parameterizations with the Lake Taihu waters. Indeed, when the parameterizations are tuned using Lake Taihu data,
the Simis algorithm shows a remarkable improvement (Table 2,
Fig. 6b). Similarly, for the high-PC samples (PC > 2 μg/L, n = 8), the
Hunter algorithm (Eq. (13), 620, 709, 753 nm) shows the best performance, and the Simis algorithm (Eqs. (10)–(11), 620, 665, 709 nm)
also shows signiﬁcant improvement with local parameterizations.

Fig. 4. Remote sensing reﬂectance (Rrs, sr−1) measured from the three lakes in East China.

analytical Gons algorithm shows the highest uncertainties in all statistical measures (R2 =0.92, RMSE=20.86 μg/L, RMSErel =166.83%, MNB=
∗
136.72%, NRMS=96.26%) (Fig. 5b). This is due to the default aChla
(665)
value (=0.0161 m2·mg−1) that is not suitable for these lakes. Indeed,
∗
when a local parameter of aChla
(665)=0.0343 m2·mg−1 is used in the
same algorithm (see below), its performance is signiﬁcantly improved
(Fig. 5b and Table 2).
It should be noted that the performance of the band-ratio algorithm
and Gitelson algorithm is not uniform across the entire Chla range. They
both signiﬁcantly overestimate Chla for Chla b 5 μg/L (RMSErel > 86.8%),
with a much improved performance for Chla>10 μg/L (RMSErel b 23.1%),
thus suggesting their applicability for high Chla ranges.

3.4. Retrieval of aChla(665) and a[Chla + PC](620)
Fig. 7a shows that the Gons algorithm yielded reasonable estimates of aChla(665) when applied to all data acquired from Lake
Taihu, Lake Gehu, and Lake Dongjiu (R2 = 0.97, RMSErel = 38.56%,
MNB=−28.64%, NRMS=25.99%). The Simis algorithm shows a slightly
better performance in aChla(665) retrievals (R2 =0.98, RMSErel =38.21%,
MNB=9.65%, NRMS=37.22%) when Eq. (9) is used. Because the Gons
and Simis algorithms are both based on the same equation (Eq. (3))
with an assumption that total absorption at 665 nm is mainly from
Chla and pure water, the retrieved aChla(665) show strong correlation
between the two algorithms (R2 =0.99).
Fig. 7b shows the comparison between a[Chla + PC](620) (total pigment absorption at 620 nm) derived from in situ measurements and
estimated from in situ Rrs data with the Simis algorithm. Overall, the
algorithm performs reasonably well (R 2 = 0.93, RMSErel = 49.45%,
and MNB = 16.03%), especially for high concentrations (PC > 2 μg/L)
(R 2 = 0.99, RMSErel = 20.82%, MNB = − 15.16%, NRMS = 15.25%).

3.3. PC algorithms
Table 2 lists the performance of three algorithms for PC retrievals.
None of the algorithms shows satisfactory performance, with R 2 ranging between 0.13 and 0.18. However, after the data are separated into

Table 2
Empirical and semi-analytical algorithms used for Chla and PC retrievals from in situ reﬂectance measurements. Linear regression models are in the form of y = a + bx with x
representing the band combinations and y representing Chla or PC concentrations.

Chla

PC

Low (b2)

High (>2)

All

Algorithm

x

a

b

∗
aph
(665)
(m2·mg−1)

∗
(620)
apc
(m2·mg−1)

R2

RMSE
(μg/L)

RMSErel (%)

MNB (%)

NRMS (%)

Ratio
Gons
Gons_Taihu
Gitelson
Simis_Taihu
Ratio
Simis
Simis_Taihu
Hunter
Ratio
Simis
Simis_Taihu
Hunter
Ratio
Simis
Simis_Taihu
Simis_Taihua

709/665
–
–
(1/665–1/709) ∗ 754
–
709/620
–
–
(1/620–1/709) ∗ 754
709/620
–
–
(1/620–1/709) ∗ 754
709/620
–
–
–

22.09
–

−12.38
–

61.62
–
1.09
–
–
3.45
−5.45
–
–
−14.06
2.28
–
–
–

9.52
–
−0.42
–
–
0.69
10.88
–
–
5.32
−1.00
–
–
–

–
0.0161
0.0343
–
0.0343
–
–
–
–
–
–
–
–
–
–
–
–

0.91
0.92
0.92
0.93
0.93
0.62
0.47
0.40
0.69
0.70
0.70
0.89
0.72
0.18
0.13
0.88
0.90

3.97
20.86
3.78
3.57
3.79
0.20
27.89
0.32
0.18
0.99
39.21
1.43
0.96
1.29
29.30
0.56
0.46

62.45
166.83
46.24
64.51
47.83
83.68
9555.78
87.30
64.38
30.67
1205.67
35.20
30.30
177.43
9040.35
83.31
80.29

28.43
136.72
11.11
29.68
16.11
28.74
7664.40
30.17
21.83
5.54
1045.90
−32.18
5.26
99.29
6958.43
23.52
22.66

55.97
96.26
45.18
57.66
45.33
79.18
5750.07
82.54
61.02
32.25
641.18
15.23
31.90
148.03
5810.18
80.46

Hunter

(1/620–1/709) ∗ 754

6.43

1.27

–

–
–
–
–
–
–
0.0070
0.0352
–
–
0.0070
0.0276
–
–
0.0070
0.0344
Low: 0.0276
high: 0.0352
–

0.17

1.30

154.11

100.68

77.54
117.46

Note: “Low PC” and “High PC” indicate samples with PCb 2 μg/L and PC>2 μg/L, respectively. Gons_Taihu and Simis_Taihu indicate local parameterization instead of the default
∗
∗
parameterization in the corresponding algorithms. Speciﬁcally, aph
(665)=0.0343 m2·mg−1 was used in Gons_Taihu instead of aph
(665)=0.0161 m2·mg−1 in the default Gons
∗
∗
algorithm. The same aph
(665)=0.0343 m2·mg−1 was used in the Simis_Taihu algorithm for Chla retrievals. For PC retrievals, apc
(620)=0.0344 m2·mg−1 was used in the Simis_Taihu
∗
algorithm for all samples (“PC: All”). When data were partitioned to PCb 2 μg/L (“Low”) and PC>2 μg/L (“High”), apc
(620)=0.0352 m2·mg−1 and 0.0276 m2·mg−1 were used in the
Simis_Taihu algorithm, respectively.
a
The combined statistics from the “Low” and “High” retrievals are listed as Simis_Taihu.
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Fig. 5. Algorithm performance for Chla retrievals using in situ reﬂectance data. a) Rrs(709)/Rrs(665) algorithm; b) Gons and Gons_Taihu algorithm (circles are from the default al∗
∗
gorithm coefﬁcient of aph
(665) = 0.0161 m2·mg−1, and crosses are from local coefﬁcient of aph
(665) = 0.0343 m2·mg−1); c) Gitelson algorithm; d) Simis_Taihu algorithm
∗
(aph
(665) = 0.0343 m2·mg−1 determined from local samples was used in the algorithm). Performance statistics are listed in Table 2.

∗
∗
3.5. Variability in aChla
(665) and apc
(620)

The Gons algorithm, with the default parameterizations applied, underestimates aChla(665) (Fig. 7a) but overestimates Chla (Fig. 5b). The
∗
Chla overestimation might be due to the default aChla
(665) value used
∗
in the Gons et al. (2005) algorithm. The value of aChla
(665) (equivalent
∗
to aph
(665) here) was assumed to be 0.0161 m 2·mg −1 in the model
(Bannister, 1974; Gons et al., 2002, 2005), but it can vary substantially
due to changes in packaging effect and pigment composition (Bricaud
et al., 1995). The packaging effect is wavelength-dependent and depends on the cell size, pigment content and the physiological state of
phytoplankton (Ma et al., 2006b). The effect of pigment composition
∗
on aph
(λ) has rarely been discussed due to the lack of detailed pigment
data measured from natural waters (Suzuki et al., 1998). Although pre∗
vious studies revealed that aph
(λ) had an exponential relationship with
Chla (Ma et al., 2006b; Pierson & Strombeck, 2001; Xu et al., 2009), Table 3
∗
∗
shows that aph
(675) and aph
(665) vary differently in different waters and
∗
seasons. The average aph(665) for our study region is 0.0343±
∗
0.0155 m2·mg−1 (Fig. 8a). When aph
(665)=0.0343 m2·mg−1 is used

to estimate Chla using the Gons algorithm, a signiﬁcant improvement is
achieved (crosses in Fig. 5b, “Gons_Taihu” in Table 2).
∗
∗
Unlike aph
(665), apc
(620) is affected not only by the packaging effect and pigment composition, but also by the parameter of ε
∗
(Eq. (10)). Fig. 8b shows the estimated apc
(620) values with the assumption of ε = 0.24, which vary from 0.0179 to 1.1269 m 2·mg −1
∗
with a mean of 0.4049 m 2·mg −1. This apc
(620), derived from the
Simis algorithm using the default algorithm parameter (ε = 0.24), is
40 to 60 times higher than the typical values of 0.0070 m 2·mg −1
reported for various lakes and reservoirs in Spain and the Netherlands
(Simis et al., 2007) and 0.0095 m 2·mg −1 for Lake Loosdrecht (Simis
et al., 2005a). Because the PC:Chla ratio indicates the relative contribution of cyanobacteria to total phytoplankton biomass (Simis et al.,
∗
2007), we calculated apc
(620) using in situ measurements of
∗
aph(620) and the PC:Chla ratio. Fig. 8c shows that apc
(620) varies
2
−1
from 0.0191 to 0.0675 m ·mg
with a mean of 0.0344 m 2·mg −1.
∗
For PC > 2 μg L −1, apc
(620) varies from 0.0221 to 0.0372 m 2·mg −1
∗
2
(mean = 0.0276 m ·mg −1); for PC b 2 μg L −1, apc
(620) varies from
0.0191 to 0.0675 m 2·mg −1 (mean = 0.0352 m 2·mg −1). Therefore,
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Fig. 6. Algorithm performance of PC retrievals using in situ reﬂectance data. a) Rrs(709)/Rrs(620) algorithm (algorithm coefﬁcients were derived for PCb 2 μg/L and PC>2 μg/L separately);
b) Simis algorithm (“Old” indicates default algorithm coefﬁcient, while “New” indicates algorithm coefﬁcient from local parameterization using the two data groups separately. See
“Simis” and “Simis_Taihu*” in Table 2 for statistics); c) Hunter algorithm (algorithm coefﬁcients were derived for PCb 2 μg/L and PC>2 μg/L separately); d) Simis_Taihu algorithm
∗
(apc
(620)=0.0344 m2·mg−1 was used for the whole dataset without data partitioning, but for clarity the results are presented separately). Performance statistics are listed in Table 2.

∗
apc
(620) = 0.0276 and 0.0352 m 2·mg −1 for the two datasets was
used to tune the Simis algorithm performance. Fig. 6b shows remarkable improvement in algorithm performance after these local parameters are used, with RMSE = 0.46 μg/L, RMSErel = 80.29%, MNB =
22.66%, and NRMS = 77.54% (“Simis_Taihu*” in Table 2). Even when
all data are used without partitioning to low and high PC groups, a
∗
mean apc
(620) = 0.0344 m 2·mg −1 still shows signiﬁcant improvement in algorithm performance (Fig. 6d, “Simis_Taihu” for “All” in
Table 2).

4. Discussion
4.1. Challenge in algorithm development: bloom stage and species
composition
The phytoplankton species variations from early recruitment to
bloom formation pose signiﬁcant challenges in remote sensing algorithm development, as most algorithms depend on the mass-speciﬁc

phytoplankton pigment absorption coefﬁcient either explicitly (such
as the Gons and Simis algorithms) or implicitly (such as the band-ratio
algorithms). This effect was clearly shown in the algorithm performance
after local parameterizations. One potential explanation of the high
mass-speciﬁc absorption coefﬁcient in the local data is that the pigment
concentrations may have been underestimated due to inefﬁcient pigment extraction. However, we have no evidence to support this speculation, but rather believe that the high mass-speciﬁc absorption is more
likely caused by the changing pigment composition (Chla in all phytoplankton, Chlb in green algae, and Chlc in diatoms) in different species,
which makes universal parameterizations difﬁcult. For example, all
chlorophyllous pigments absorb light in the red wavelengths, including
620 nm (Simis et al., 2007). Therefore, the algorithms perform poorly
when cyanobacteria are a minor component of the phytoplankton community due to overlapping absorption signatures (Ruiz-Verdu et al.,
2008). In our study region, even when the single cyanobacteria species,
Microcystis aeruginosa, dominates the phytoplankton population, the
size and form of colonial cyanobacteria can vary from spring to summer
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(Oliver & Ganf, 2002), altering the optical properties (Ma et al., 2006b).
In the extreme case when cyanobacteria form surface scums, the elevated NIR reﬂectance is no longer dependent on water absorption, leading
to algorithm failure (Jin et al., 2012; Kutser, 2004; Ruiz-Verdu et al.,
2008).
Changing the PC:Chla ratio also negatively affects the accuracy of the
pigment algorithms (Figs. 2 and 3). Because PC is a unique indicator of
cyanobacterial biomass (Ruiz-Verdu et al., 2008; Simis et al., 2005a),
the PC:Chla ratio represents the cyanobacterial share in the total phytoplankton biomass (Simis et al., 2007). Our samples show a PC:Chla ratio
of 0.07 to 0.31 during the spring bloom. In contrast, during summer and
autumn when cyanobacteria become the dominant algae the PC:Chla
ratio could increase from 1.46 to 40.73 (Ma et al., 2009). Similar changes
were also found from Loch Leven where the PC:Chla ratio increased
from 0.175 at bloom-forming in April to 1.90 in August when
cyanobacteria became dominant (Hunter et al., 2010). The PC:Chla
ratio not only changes in one lake at different bloom stages, but also
varies among Lake Taihu, Lake Gehu, and Lake Dongjiu (Figs. 2 and 3).
This is possibly due to different trophic levels (nutrient concentrations)
and water depths (e.g., 1.57 m in Lake Gehu versus 2.67 m Lake Taihu),
where shallower waters are more easily affected by wind and resuspended sediments and nutrients (Fan et al., 2004). Such inter-lake
changes in PC:Chla ratios may call for lake-speciﬁc algorithms when
more data become available.
4.2. Algorithm recommendations
Given the challenges shown above, the performance of most algorithms tested here should be considered satisfactory for their applicable ranges, especially after local parameterizations are used (Table 2,
Figs. 5 and 6).
For Chla retrievals, both Gons and Simis algorithms (Chla between
1.0 and 42.0 μg/L) could be used with local parameterizations (bb derived from Eq. (4)) (Fig. 5b and d):

Fig. 7. Relationship between measured and in situ Rrs-derived phytoplankton pigment
absorption coefﬁcients: a) aChla(665) derived from the Gons and Simis algorithms
(Eqs. (5) and (9)); b) a(Chla +PC)(620) derived from the Simis algorithm (Eq. (8)).

½Chla ¼ 29:15 



Rrs ð709Þ
1:062
 ð0:70 þ bb Þ−bb
−0:40
Rrs ð665Þ

ð14Þ

½Chla ¼ 42:87 



Rrs ð709Þ
 ð0:727 þ bb Þ−bb −0:401 :
Rrs ð665Þ

ð15Þ

For PC retrievals, although the Hunter algorithm shows the best
performance for PC b 2 μg/L, when all data are used the Simis algorithm results in much higher R 2 (0.86) and much lower RMSE. For
practical considerations where satellite images are used without

Table 3
Phytoplankton Chla-speciﬁc absorption coefﬁcient at 675 and 665 nm in different waters reported in the literature.
Sampling time (month, year)
10, 2004
06, 2007
10, 2008
04–05, 2010
11, 2007
10, 2007
03–11, 2003
04, 2003
06, 2003
08, 2003
09, 2003
Total, 2003

Sites
Lake Taihu
Lake Taihu, Gehu and
Dongjiu together
Lake Taihu
Shitoukoumen Reservoir
Lake Songhua
Lake Loosdrecht

Lake IJsselmeer

08, 2000

The Baltic Sea

1993–1996

The IJssel Lagoon

∗
aph
(675) (m2·mg−1)

∗
aph
(665) (m2·mg−1)

Chla (μg/L)

Reference

0.0222
0.0218
0.0098
0.0412

–
–
–
0.0343

10.50–47.00
2.37–55.24
3.35–108.90
0.99–42.44

(Ma et al., 2006b)
(Duan et al., 2010)

0.0210
0.0157
0.0107
–
–
–
–
–
–
0.0210
0.0240
0.0200
–
–

–
–
–
0.0153
0.0203
0.0181
0.0165
0.0138
0.0172
–
–
–
0.0146
0.0161

23.44
8.82–19.35
1.53–7.93
48.10–97.50
22.55–26.20
34.85–85.32
31.23–91.67
43.80–75.03
22.55–91.67
1.60–6.00
1.60–2.00
2.00–6.00
3.00–185.00

(Le et al., 2009a)
(Xu et al., 2009)

This study

(Simis et al., 2005a)

(Seppala et al., 2005)

(Gons et al., 2002, 2005)
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Note that the recommendations are based on the limited dataset
collected from three lakes in East China. Whether or not they are applicable to other lakes requires further validation, as optical properties
(and the corresponding algorithm parameterizations) may vary substantially among different lakes. Indeed, a recently proposed algorithm
using a spectral slope in the blue-green reﬂectance to derive both Chla
and PC in a small lake (Dash et al., 2011) yielded no correlation
(R2 b 0.1) between the spectral slope and Chla or between the spectral
slope and PC for our study region, except for PC>2 μg/L (R2 = 0.68,
RMSE = 1.02 μg/L, RMSErel = 28.90%, MNB = 4.75%, NRMS = 30.47%).
Using different band combinations (e.g., 510–560, 560–620) did not
lead to any improvement. The poor correlation apparently resulted
from relatively higher reﬂectance (higher turbidity) and lower Chla
and PC in our study region than in the small lake where the approach
is applicable. Typical interference to algorithm performance includes
suspended sediments and CDOM that do not co-vary with Chla or PC,
but they are rarely considered explicitly in the algorithms. In Lake
Taihu, although CDOM absorption is not extremely high (Table 1,
0.31–1.36 m −1 for ag(440)), SPIM can vary substantially between
7.68 and 145.60 mg/L. Although their effect is implicitly included in
the various algorithm coefﬁcients and parameterizations, the extension
of the algorithms to other lakes requires further tuning and validation.
Nevertheless, there are many other inland lakes such as Lake Chaohu
and Lake Dianci in China facing the similarly extensive cyanobacterial
blooms, and the approach outlined in this case study will ﬁnd applications in a wider context.
4.3. Applications to satellite imagery
From a practical point of view, all algorithms need to be applied to
satellite imagery to test their performance, validity, and applicable
range. Unfortunately, such tests for the cited algorithms have rarely
been available due to a variety of reasons. For our case study here, direct
validation using MERIS satellite data suffered from lack of high-quality
(cloud-free, glint-free, relatively low aerosols) data. Among all polarorbiting satellite sensors, MERIS is perhaps the most applicable sensor
for its 620-nm and 709-nm bands, 300-m spatial resolution, 2–3 day revisit time, and high signal-to-noise ratio. Unfortunately, of all MERIS data
collected during the cruise survey period (23 April to 3 May 2010) or adjacent days, no image was sun glint free with minimal cloud cover. Although data from the Moderate Resolution Imaging Spectroradiometers
(MODIS) are available for their much wider swath width than MERIS,
the sensors are not equipped with the required spectral bands (620
and 709-nm). Likewise, the Geostationary Ocean Color Imager (GOCI)
launched in 2010 measures the study region 8 times a day at 500-m spatial resolution, the lack of spectral bands makes it difﬁcult to use these
algorithms. In the future, MERIS-like sensors on geostationary platforms
may provide the ultimate solution on routine monitoring and quantitative assessment of cyanobacterial blooms in these inland water bodies.
Fig. 8. Mass-speciﬁc absorption coefﬁcients in Lake Taihu, Lake Gehu, and Lake
∗
∗
Dongjiu: (a) aph
(665); (b) apc
(620) calculated from ε = 0.24 in the Simis algorithm
∗
∗
(note that apc
(620) is an algorithm output); (c) apc
(620) calculated from PC:Chla ratios
from in situ measurements over the study region (see text for details). The average
2
−1
∗
apc(620) of 0.0344 m ·mg
from these measurements was used in the Simis algorithm as the algorithm input to improve the algorithm performance.

pre-classiﬁcation of image pixels into different groups, the Simis algorithm (PC between 0.1 and 7.7 μg/L) is recommended (bb derived
from Eq. (4)) (Fig. 6d):

½PC ¼ 34:59 



Rrs ð709Þ
 ð0:727 þ bb Þ−bb −0:281
Rrs ð620Þ

−10:17 



Rrs ð709Þ
 ð0:727 þ bb Þ−bb −0:401 :
Rrs ð665Þ

ð16Þ
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