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A Hybrid EOF Algorithm to Improve MODIS
Cyanobacteria Phycocyanin Data Quality in a Highly
Turbid Lake: Bloom and Nonbloom Condition
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Abstract—Extensive monitoring of cyanobacterial blooms in
lakes and reservoirs can provide important protection for drinking water sources. In most inland waterbodies, phycocyanin (PC)
concentrations are the best indicator of cyanobacteria distribution.
PC has a characteristic absorption peak near 620 nm; however, reflectance at this wavelength is only available from MEdium Resolution Imaging Spectrometer (MERIS) and Ocean and Land Colour
Instrument (OLCI) sensors. MERIS stopped providing data after 2012 and OLCI was only recently launched (February 2016).
The Moderate Resolution Imaging Spectroradiometer (MODIS) on
Terra and Aqua is currently the only satellite instrument that can
provide well-calibrated top-of-atmosphere radiance data over an
extended number of years to the present. In this study, we develop
and validate a new approach based on empirical orthogonal function (EOF) to quantify PC concentrations in a turbid inland lake
(Lake Chaohu, China). Based on Rayleigh-corrected reflectance
data (Rrc ) at 469, 555, 645, and 859 nm, the concentrations of
PC were estimated by regression of 87 concurrent MODIS-field
measurements for bloom and nonbloom conditions. The validation
(N = 93) showed R2 = 0.40 and unbiased RMS = 60.86%. Application of the algorithm from 2000 and 2014 showed spatial distribution patterns and seasonal changes that confirmed in situ and
MERIS-based studies of floating algae mats. The spatial information on PC concentrations in Lake Chaohu had a reduced sensitivity to perturbations from thin aerosols and high sediments.
This EOF approach allows us for new insights in the long-term
dynamics of shallow lakes and reservoirs where having a better
understanding of cyanobacterial blooms is important.
Index Terms—Empirical orthogonal function (EOF), lake
Chaohu, moderate resolution imaging spectroradiometer
(MODIS), phycocyanin (PC), remote sensing.
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I. INTRODUCTION
AKES and reservoirs provide important ecological services: as sources of drinking water, regulating climate,
maintaining ecological diversity, flood regulation as well as direct and indirect economic benefits (e.g., fisheries, tourism).
These functions are closely related to social development,
health, and livelihoods of the local population. Lake Chaohu,
China is the fifth largest freshwater lake in China and the main
source of drinking water in Chaohu City, Anhui, China [1], [2].
Due to the rapid development of the lake basin, substantial pollution from point sources and airborne sources have led to an
increasing eutrophication of the lake. Cyanobacterial blooms
have increased in frequency and dimension [3], [4], with economic, social, and health impacts on the local community of
more than one million people. However, due to the complex optical conditions of this shallow lake and the elevated atmospheric
turbidity of the region, a clear understanding of the temporal and
spatial dynamics of cyanobacterial blooms by remote sensing
in Lake Chaohu remains an ongoing challenge.
Satellite remote sensing is an important tool for monitoring
water quality in lakes [5]–[8]. Most studies of cyanobacterial
bloom focus on the estimation of chlorophyll-a concentrations
(Chla). However, where multispecies phytoplankton blooms occur, Chla is poor indicator of cyanobacterial blooms [9]. Phycocyanin (PC) concentrations are a more specific indicator of
cyanobacteria distribution [10]–[12]. With a characteristic absorption peak near 620 nm [13], PC specific algorithms have
shown great promise [12], [14].
Most of the PC empirical algorithms are based on band-ratios
(e.g., 709 nm/620 nm and provide relatively satisfactory results
in turbid inland waters [12], [14], [15]. Based on Gons’ (1999)
approach to retrieve the Chla concentration, Simis et al. employed bands 620, 709, and 779 nm of the MEdium Resolution
Imaging Spectrometer (MERIS) in a bio-optical PC model [9].
This algorithm was based on in situ measured remote sensing
reflectance (Rrs (λ)) using a handheld spectrometer. As case II
waters are very turbid and atmospheric conditions over much of
Asia are highly complex, atmospheric correction remains relatively difficult, limiting the applications of this approach in Chinese lakes. Qi et al. successfully employed MERIS Rayleighcorrected reflectance (Rrc ) data in a PC index using a correlation of baseline heights at 620 nm and the two adjacent bands
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Fig. 1. Location of Lake Chaohu, China. The insert map shows that the lake is near the Yangtze River. Following convention, the lake is divided into three lake
segments. The symbols indicate in situ measurement stations during cruise surveys from 2013 to 2015.

(560 and 710 nm) for Lake Taihu, China, establishing a longterm (2002–2012) time-series of PC concentrations [16].
For the existing water-color sensors, the recently launched
Sentinel-3A Ocean and Land Color Imager (OLCI) of the European Space Agency has a 620 nm band (http://www.esa.int/
Our_Activities/Observing_the_Earth). These data will help provide coverage of sensors with a 620 nm waveband, but leaving a
gap that began in 2012. The moderate resolution imaging spectroradiometer (MODIS) has an extended period of operation,
from 1999, and an elevated revisit time with a spatial resolution
that is appropriate for large lakes (250, 500, and 1000 m). The
sensitivity of water-color bands of the Terra/Aqua MODIS sensor is problematic for turbid inland waters as they were primarily
designed for clear oceanic water [17]. In addition, aerosol correction over most of Asia reduce the effectiveness of both land
and water bands for remote sensing reflectance (Rrs ). Therefore, the majority of semiempirical and semianalytical PC (and
even Chla) algorithms cannot be applied.
In recent years, artificial intelligence approaches, neural network models [18], support vector machine algorithms, and
empirical orthogonal functions (EOF) have been applied successfully to the estimation of pigment concentration [19]–[21].
These models focus on the features of the dataset, rather than
the bio-optical properties of the specific phytoplankton pigment
[22]–[24].
In the present study, we develop an EOF-based approach using MODIS Rrc data to estimate PC concentration dynamics.
The resulting algorithm was validated and used to create a longterm time-series data for cyanobacterial blooms in the eutrophic
and turbid Lake Chaohu. This paper is the first study that employs MODIS Rrc data to create a long-term PC concentration
dataset for inland shallow lakes.
II. STUDY AREAS AND DATASETS
A. Study Area
Lake Chaohu (117°16 54 –117°51 46 E, 31°25 28 –31°43
28 N, Fig. 1) is the fifth largest freshwater lake in China,
with an area of 770 km2 and an average depth of 2.69 m
[25], [26]. Due to the rapid development and industrialization
in Hefei City, China over the last four decades, there has


been an increase in point and diffuse pollution sources, which
has resulted in increasing eutrophication and large-scale
cyanobacterial blooms [27]. As a result, the western section of
the lake is no longer (from 2007) used as a potable water source
for Hefei City and considerations are being made to stop using
the eastern part of the lake as a drinking water for Chaohu City.
B. Field Data
Water samples and optical data were collected during nine
cruises between 2013 and 2015 in Lake Chaohu. Water samples
were collected at the surface (maximum depth of 30 cm) with a
standard two-liter polyethylene water-fetching instrument. The
samples were stored with ice in the dark until measurement in
the laboratory.
The concentrations of Chla and PC were measured by a spectrofluorophotometer (Shimadzu RF-5301), and suspended particulate matter (SPM) concentrations were measured gravimetrically on precombusted and preweighed 47 mm GF/F after
drying overnight at 105 °C overnight [14]. It should be noted
that large spatial variations within the lake led to high standard
deviations with respect to mean for Chla and PC concentrations
in each cruise survey (see Table I), in particular between June
and September.
C. MODIS Data
Of the more than 10 000 data “granules” available between
February 2000 and December 2014, 1806 cloud-free data granules of MODIS Terra/Aqua Level-0 (raw digital count) data
were obtained from the U.S. NASA Goddard Space Flight Center (see Table II). Level-0 data were processed using SeaDAS
version 7.2 to generate calibrated at-sensor radiance. An initial
attempt to use SeaDAS to generate above-water remote-sensing
reflectance (Rrs ) [28] was unsuccessful due to elevated aerosol
concentrations and sun glint, even after adjusting the processing options (e.g., the default limit of aerosol optical thickness
at 869 nm was increased from 0.3 to 0.5, and the default cloud
albedo was raised from 2.7% to 4.0%, etc.) [29], [30]. The Rrc, λ
was derived after correction for Rayleigh scattering and gaseous
absorption effects [31]:
Rrc,λ = πLt,λ ∗ /(F0, λ × cosθ0 ) − Rr,λ

(1)
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TABLE I
STATISTICS OF THREE WATER QUALITY PARAMETERS—CHLA, PC AND SPM—DETERMINED FROM SURFACE WATER SAMPLES COLLECTED FROM CRUISE
SURVEYS FROM 2013 TO 2015
Chla (μgL–1 )

PC (μgL–1 )

SPM (mgL–1 )

Date

N

Mean

Range

Mean

Range

Mean

Range

201305
201306
201307
201309
201409
201501

56
31
45
25
33
30

42.50 ± 55.58
165.80 ± 304.65
54.62 ± 56.64
160.83 ± 251.75
44.57 ± 28.43
54.36 ± 36.89

8.19–257.65
15.16–1229.83
12.75–260.80
20.11–1131.96
16.63–157.87‘
17.86–138.55

130.79 ± 190.87
513.56 ± 1603.55
111.94 ± 196.12
254.98 ± 552.82
72.47 ± 111.36
42.50 ± 55.97

12.48–909.92
30.74–4807.72
9.85–776.55
12.48–2682.32
6.57–558.76
9.85–321.27

38.21 ± 17.27
79.06 ± 63.24
111.29 ± 55.11
50.12 ± 26.33
67.27 ± 20.22
31.80 ± 10.05

10.00–92.86
27.00–324.00
38.00–244.00
20.00–138.00
19.00–112.00
12.00–65.00

TABLE II
NUMBER OF MODIS IMAGES IN THE STUDY, FROM 2000 TO 2014
Year

Jan.

Feb.

Mar.

Apr.

May

Jun.

Jul.

Aug.

Sep.

Oct.

Nov.

Dec.

Tot.

2000
2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013
2014
Tot.

\
9
12
23
6
9
9
16
11
7
14
10
5
3
14
148

1
5
11
6
11
5
5
13
15
1
7
5
5
5
3
98

6
10
7
16
16
16
11
14
19
\
16
3
8
11
7
160

7
7
3
10
17
24
10
16
10
7
10
10
10
9
5
155

6
12
2
8
13
11
14
19
19
8
11
8
6
7
9
153

4
1
3
10
13
8
11
4
4
12
7
2
2
4
4
89

8
10
9
13
15
12
7
10
10
4
2
9
4
4
5
122

\
5
15
7
4
6
9
7
7
13
20
2
3
10
4
112

5
10
18
16
12
6
8
2
6
8
7
6
6
7
3
120

2
7
29
17
18
14
17
15
13
17
10
7
8
16
13
203

7
15
22
17
25
10
17
22
24
15
19
5
13
11
10
232

7
3
10
16
8
22
21
11
26
18
29
8
10
7
18
214

53
94
141
159
158
143
139
149
164
110
152
75
80
94
95
1806

where λ is the wavelength of the MODIS spectral band, Lt ∗
is the calibrated at-sensor radiance after correction for gaseous
absorption, F0 is the extraterrestrial solar irradiance, θ0 is the
solar zenith angle, and Rr is the reflectance due to Rayleigh
(molecular) scattering estimated using the 6S radiative transfer
code [32]. The Rrc data were geo-referenced into a cylindrical
equidistance (rectangular) projection [33]. As the ocean bands
were frequently saturated over Lake Chaohu due to the turbid
atmospheric and lake conditions; they were not employed in
this study. The 250 m MODIS bands at 645 and 859 nm, and
the 500 m bands at 469, 555, 1240, 1640, and 2130 nm cover
a higher dynamic range than the ocean bands and, therefore,
rarely saturate in turbid waters [34]. As the 1240, 1640, and
2130 nm bands often contain substantial noise due to detector
artifacts [28], only four bands at 469, 555, 645, and 859 nm
were employed in this study.
Concurrent datasets of MODIS reflectance data and in situ PC
measurements were used, considering a time window of ±3 h.
To prevent the potential influence of patchiness in the optical
properties of the measurement, a homogeneity test was used
based on a 3 × 3-pixel box centered at each in situ samples site
(pixel size = 250 m × 250 m). If the coefficient of variance
(CV) of the 3 × 3 box was >0.4, the corresponding matching
pair was discarded from the regression. With this strict quality

control criteria, a total of 180 matching pairs were selected;
nearly half samples of this dataset (N = 87) were randomly
selected for training, with the remaining samples (N = 93) used
for algorithm validation.
III. GENERATION OF MODIS PC PRODUCT
A. Algorithm Approach (Flow Chart)
The general approach followed multistep process (see Fig. 2),
which began with the Raleigh correction of MODIS L0 data
to determine reflectance Rrc . The floating algae index (FAI)
was applied to each scene and the distribution of pixels with
FAI > 0.02 was derived. Using a standard outlier threshold
(average value plus two standard deviations), an area threshold
(285 pixels or 17.80 km2 ) was used to differentiate the nonbloom images (class I) and bloom (class II) images. If the area
of cyanobacterial bloom was smaller than 17.80 km2 , it was considered a nonbloom image and Model I was employed. If the
bloom area was larger than this threshold, it was considered to be
a bloom image, and Model II was employed. The input parameters of the Model I and Model 2 were determined by regression
of EOF decomposition values with in situ measured PC concentrations. More explanations for each step are described below.
1) Spectral Differences Between Lake Water Conditions:
According to past and present field measurements, Lake Chaohu
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images were classified using the standard outlier threshold
(the average value plus two standard deviations: 285 pixels or
17.80 km2 ); among the 1806 scenes of MODIS images, 1156
scenes with nonbloom (class I) conditions, and 650 scenes with
bloom conditions (class II).
3) Model Construction: Concurrent datasets of MODIS Rrc
reflectance data and in situ PC measurements for different types
of water bodies were used to construct models for the two image
classes. For nonbloom (class I) images, Rrc (859) of the nearinfrared band was subtracted from the Rrc of the other bands
to reduce influence of suspended matter (see the section below
“Influence of suspended sediments”), assuming a monotonically
positive relationship between the near-infrared reflectance and
suspended matter [29], [30]. The modified images and coincident samples were used to determine a model for the nonbloom
images. For class II, we used Rrc data directly for modeling.
B. PC EOF Algorithm

Fig. 2.

Schematic of the processing procedure of MODIS PC products.

has three general optical conditions: “clean” water, a highly
turbid state dominated by elevated concentrations of suspended matter, and a cyanobacteria-bloom-dominated state [see
Fig. 3(a)–(c)]. Of the three conditions [see Fig. 3(d)], water
with high suspended matter had a higher Rrc compared to
clear water areas, but this difference was much smaller than
that between these water conditions and bloom-dominated waters. Bloom-dominated reflectance in the near-infrared band
(859 nm) showed a high variance.
2) FAI Threshold Setting: FAI has been used to identify surface blooms in coastal zones and inland lakes [33] by employing
a baseline subtraction using wavebands 645 and 1240 nm as the
baseline and calculating its difference with Rrc at 859 nm as:
FAI = Rrc (859) − Rrc (859)

(2)



Rrc (859) = Rrc (645) − [Rrc (1240) − Rrc (645)]
∗ (859 − 645) / (1240 − 645) .

EOF is a statistical method that can be employed to analyze
the structural features of variable matrices [19], [36], [37]. This
method was originally introduced in the study of meteorology
and climatology [38]; but has recently been shown to be effective for remote sensing of coastal waters [19], [37], [39]. The
present study utilized an EOF approach developed by Craig
et al. [19], but focused on PC pigments using MODIS modified
data.
1) Principle of the EOF Algorithm for PC Concentration
Estimation: The result of EOF decomposition is a set of orthogonal variable where the first mode represents the largest
part of variance of the original data, and each larger mode represents less and less of the total variance [40]. By selecting the
first several modes, a reclassification of the original data can be
performed with the loss of only minimal information of variance
[19]. The EOF decomposition of MODIS Rrc data (see Fig. 5)
showed that the first mode contained 83.84% of the variance.
With the exception of Rrc at 469 nm, the shape of the EOF decomposition for the first mode was similar to the average shape
of Rrc [see Fig. 5(a)], indicating the importance of the overall
spectral amplitude. To reduce the impact of amplitude to the
spectral shape, we normalized Rrc according to (4) to derive the
normalized reflectance raleigh corrected (N Rrc ) spectra [see
Fig. 5(b)] [19]:
N Rrc (λ) =

(3)

Following earlier studies in waters with high concentrations
of suspended matter, we used FAI = 0.02 as the threshold for
the pixels of pure cyanobacterial bloom [35] [see Fig. 4(a)].
However, three situations arise that reduce the effectiveness
of FAI class separation: water-land boundary effects, bands
with striping noise, and small-scale cyanobacterial blooms. To
reduce the misidentification of nonbloom conditions for bloom
conditions near land boundaries (see Fig. 4), all images were
visually inspected; the distribution of the number of pixels in
each scene that were affected by a water-land boundary effect
was determined [see Fig. 6(d)]. The bloom and nonbloom

Rrc (λ)
.
Rrc (λ) dλ

859
∫469

(4)

The normalization process significantly reduced the degree
of spectral dispersion for different PC concentrations, making
the common spectral variation easier to identify. The cumulative
variance contribution of N Rrc for the first two modes was 66%
and 34%, compared to 84% and 14% for Rrc .
Although the normalization of the spectra does not affect the
possibility of interpretation of the spectral variables, a significant change in each mode shape was observed. The shape of
N Rrc mode 1 was similar to the shape Rrc mode 2; however,
with a larger variance contribution (66% compared to 14%).
The shape of the N Rrc mode 2 was similar to Rrc mode 3 prior
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Three typical waters in Lake Chaohu. (a) Clear water. (b) Water with high concentrations of SPM. (c) Algal bloom water. (d) Their R rc spectra.

Fig. 4. Example of the nonbloom image affected by land adjacency effect. (a) MODIS RGB image with no blooms from 27 April 2013. (b) Corresponding
MODIS FAI imagery and three lake coastal areas. (c) Average FAI results of the three lake coastal areas, land adjacency effects (red dashed circles) are evident
where the water-land boundary is 0. Two pixels in west and east lake segment and one pixel in central lake show land adjacency effect, indicated by FAI > 0.02.
(d) Statistics of the pixel thresholds in all individual nonbloom images between 2000 and 2014. Note that the dashed line denotes the mean value plus two standard
deviations (285 pixels, equal to 17.80 km2 ), which was selected as the threshold value to distinguish MODIS bloom and nonbloom images.

but with a much larger variance contribution (34% compared
to 2%). The normalization process of Rrc data improved the
identification of dominating spectral patterns. The four modes
[see Fig. 5(d)] can be interpreted as signatures of the dominant

changes of the water constituents. Mode 1 reflects the variation of the Chla absorption; and mode 2 has a peak in green and
near-infrared absorption bands similar to vegetation reflectance;
mode 3 is similar to the absorption of PC.
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Fig. 5. MODIS R rc (a) and N R rc (b) spectra (469, 555, 645, and 859 nm), which correspond to in situ measurements. Loadings and variance explained for
modes 1–4 of the EOF analysis of (c) R rc and (d) N R rc . Note that CP means cumulative proportion, a synonym for cumulative variance contribution.

To explore the differences in EOF modes at different PC
concentrations, we grouped the PC concentrations in four categories (high: > 100 μgL–1 ; medium: 50–100 μgL–1 ; normal:
30–50 μgL–1 ; low: < 30 μgL–1 ) and compared N Rrc spectral
distributions [see Fig. 6(a)]. No clear differences in N Rrc between PC concentration categories were evident. On the other
hand, the score values of three of the four modes were clearly
different [see Fig. 6(b)], indicating that the EOF decomposition
enables new information about PC conditions to become evident. The score values of the first mode and the second mode
are positively correlated to the PC concentration; however, the
score value of the third model generally exhibits a declining
trend as the concentration increases. The fourth mode shows
little difference between PC concentration categories.
2) Procedures of Determining the EOF Algorithm: The development of the EOF algorithm followed three steps.
The first step was to normalize the Rrc spectra to derive
the N Rrc data, and perform an EOF analysis (e.g., using the
princomp function in MATLABTM ) on N Rrc . The output of
the EOF decomposition includes the score vector of each EOF
mode; each score vector is a linear composition of the four
original bands. The output also includes the load value of each
band, namely, the coefficients for the linear combination from
the original bands to the score vector of each mode; and the
variance contributions that describe the degree of the original
band variance explained by each EOF mode.

The second step was to use a training set of in situ samples to
implement a linear multiple regression analysis with the score
values of EOF modes. The relationship between EOF modes and
changes in PC concentration (e.g., using the regress function in
MATLAB) followed:
β0 + β1 T1 + β2 T2 + β3 T3 + β4 T4 = PC concentration
(5)
where Tn were the score values of the four modes and βn were
the regression coefficients. The final step was to apply this EOF
based algorithm to the MODIS image datasets.
3) Training of the EOF Algorithm: Outliers of the spectral
shape anomaly in the training dataset can strongly condition
the EOF score and the regression equation [see (5)]. These
were identified and removed following a visual analysis of the
distribution of the training set data. For identification, we used
the first two principal scores, explaining 85% of the variance
[see Fig. 6(c)] to produce a two-dimensional scatter plot of data
points. Outliers were identified as outside the central area of the
distribution [see Fig. 6(d)]; and removed prior to the regression
analysis.
The Jackknife method was performed to ascertain how many
data points were required to derive a stable model [19]. For all
points of the training set, the EOF score was calculated. The
score of N points was arbitrarily selected as the Jackknife set for
the linear regression analysis to derive the regression coefficients
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Fig. 6. (a) Integral-normalized R rc (NR rc ) and (b) EOF score for different PC concentrations; Illustration of the EOF algorithm, different PC concentrations
can be distinguished by EOF decomposition; (c) Percent variance and cumulative proportion of variance represented for modes 1–4 of the EOF analysis of R rc ;
(d) Example of the influence of abnormal data on the spectral shape.

for the score values of the remaining point positions. We calculated R2 and the root mean square error (RMSE) of the results
with respect to the measured PC concentrations. The process
of selecting point positions was repeated 1000 times to reduce
the random error and to improve the operational efficiency. The
results show that when the number of training points was greater
than 17, the rate of increase of R2 was greatly reduced. The 17
sample points with R2 = 0.50 were the lowest thresholds for the
number of EOF model samples. A similar result was found by
Craig et al. [19]; a minimum of 16 to generate when get a stable
model.
C. Algorithm Evaluation
The accuracy of the algorithm application was assessed using
R2 , RMSE in log space, unbiased RMSE (URMSE) [41], mean
normalized bias (MNB), and the normalized root mean square
error (NRMS) [42]:

1 N
(log10 (yi ) − log10 (xi ))2 (6)
RMSE (log) =
i=1
N



2
yi − xi
1 N
URMSE (%) =
× 100%
i=1
N
0.5(yi + xi )
(7)


yi − xi
1 N
MNB =
× 100%
(8)
i=1
N
xi


NRMS =


2
yi − xi
1 N
i=1
N
xi

(9)

where xi and yi refer to the measured PC and modeled PC,
respectively, for the ith sample. The traditional error was characterized by RMSE, and URMSE was employed to avoid problems caused by skewed error distributions [41]. MNB was used
to look at systematic errors, and NRMS for random errors.
IV. RESULTS
A. Algorithm Calibration and Validation
The training results, which were based on 87 concurrent
dataset between MODIS and in situ measured PC [see Fig. 7(a)],
included 60 sample points for nonbloom conditions (class I)
and 27 sample points for bloom (class II) conditions. A strong
correlation between the estimated PC concentration and the
measured PC concentration (R2 = 0.60) was found, with a
relatively low URMSE of 61.18%. We employed an independent dataset (N = 93) of 67 sample points of class I images
and 26 sample points of class II images to validate the algorithm. The results indicated that the measured PC concentration and the MODIS-estimated PC concentration were relatively uniformly distributed on two sides of the 1:1 line [see
Fig. 7(b)] with a moderately strong correlation (R2 = 0.40).
The URMSE was relatively low (URMSE = 60.86%) and
acceptable.
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PC EOF algorithms: (a) Development and (b) Validation. Note that the dashed lines are 1:1 lines.

Fig. 8. Comparison between PC estimates on the same day using the MERIS PCI algorithm and the MODIS EOF algorithm in (a–b) bloom conditions and (c–d)
nonbloom conditions.

To confirm the accuracy of the MODIS PC concentration
results in the spatial distribution, MERIS and MODIS images
from the same day were selected [see Fig. 8(a) and (b)] in
summer bloom conditions (the transit times of the two satellites

differ by approximately three hours). PC spatial distribution
was estimated using PC index (PCI) with MERIS data following [16]. The two estimates were generally consistent, with
MODIS values slightly higher in the central and eastern lake
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Annual mean PC pattern derived from MODIS (2000–2014) using the EOF algorithm.

areas [see Fig. 8(c) and (d)]. Note that the accuracy of MERIS
PCI algorithm was confirmed in highly turbid lakes in the same
geographic area [16].
B. Long-Term Trend and Variability in PC Concentration
Using the EOF model, with MODIS images from 2000–2014,
the spatial and temporal distribution of the PC concentrations
was determined (see Fig. 9). In 2003 and 2010, PC concentrations in the entire lake were generally low (below 30 μgL–1 )
compared to other years. Spatially, the western lake area had
consistently the highest PC concentration, exceeding an annual
average of 60 μgL–1 in more than half of the 15 years. No
considerable change in the average PC concentrations in the
central and eastern lake area was observed; usually in the range
of 10–20 μgL–1 .

PC concentrations exhibited distinct seasonal features (see
Fig. 10). PC concentrations from January–March were very
low (below 20 μgL–1 ). In April, with an increase in temperature, cyanobacteria entered a stage of rapid growth, and the PC
concentrations increased. In August, the maximum PC concentration was 144 μgL–1 , with a gradual decline until November,
when the temperature and cyanobacteria activity declines. December PC concentrations reached their lowest level (generally
below 10 μgL–1 ). The spatial distribution, which was similar
to the annual average data, showed the highest concentrations
in the western lake area, especially from May to October. Because the aerosol content in the area of Lake Chaohu is relatively
high in summer, the boundary effects became superimposed, and
the PC concentrations at the water edges were distinctly higher
from May to October.
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Monthly mean PC distributions derived from MODIS measurements (2000–2014) using the EOF algorithm.

V. DISCUSSION
A. Analysis of Algorithm Sensitivity
1) Influence of Suspended Sediments: Suspended sediment
content is consistently high in Lake Chaohu, and represents
a central challenge to the accurate estimate of PC. To validate the results of the model, we used a spectral analysis of an
MODIS RGB image with elevated suspended sediment and low
cyanobacteria [see Fig. 11(a)]. The Rrc [see Fig. 11(b)] of the
region with high suspended sediment was significantly higher
than the Rrc of lake areas with lower suspended sediment. This
difference was reduced when Rrc (859) was subtracted from
each Rrc (λ) band prior to EOF analysis [see Fig. 11(d)]. When
Rrc (859) subtraction was not made, a clear overestimation of
the PC concentration resulted (see Model I, Fig. 11(c) and (e)].
When this correction was made, the resulting spatial distribution
of PC was more consistent with in situ PC measurements [see
Fig. 11(f)].
2) Influence of Aerosol Disturbance: Aerosol thicknesses
may strongly influence the use of reflectance-based algorithms
for estimating lake conditions. The robustness of the EOF approach was tested comparing cross lake profiles under different

aerosol conditions (April 20, 23, and 24, 2011) in nonbloom conditions [see Fig. 12(a)–(c)]. As strong winds and rainfall did not
occur, the optical conditions of the lake were expected to remain
consistent over these three days. The results showed a consistent
PC distribution for conditions of a relatively thin aerosols [see
Fig. 12(d) and (e)]; while for relatively thick aerosol conditions,
the results had clear boundary effects [see Fig. 12(f)].
Each cross lake profile, with a total of 75 pixels from north to
south; showed differences in Rrc between thick aerosol and
thin aerosol conditions. Thin aerosols did not significantly
influence the Rrc spectral distribution [see Fig. 12(g)]. For
thick aerosol conditions, the absolute value of Rrc significantly increased, and the variation in the near infrared band
was especially distinct. A change in the spectral shape of Rrc
was detected [see Fig. 12(h)] with a large range of Rrc values in the near-infrared band (0.1036–0.2507). The greatest
change occurred near the water-land border on both sides of the
lake profile, indicating that the boundary effect on the spatial
distribution of PC. As a result of these boundary effects with
respect to aerosol thickness, our analysis of long-term timeseries was expected to have increased error near the lake coast
areas.
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Fig. 11. EOF algorithm in high SPM conditions. Note that (a) shows MODIS RGB from on July 11, 2013, which exhibited areas of high SPM and related R rc
spectrum (b); the resulting shows the EOF analysis mode (c) of Model I, and strong signals are derived from high concentrations of SPM. The phenomenon can
be solved using Model II, as shown in (d). The effect in (f) shows a more reasonable pattern than (e).

B. Extension and Application of the Algorithm
1) From Qualitative to Quantitative Monitoring: Use of
satellite remote sensing to monitor the dynamics of algal blooms
assumes that the intensity or extension of cyanobacterial blooms
can be derived by estimating the concentration of an indicator
pigment or the modification of surface water conditions.
To accurately compare the distribution of cyanobacterial
blooms to the distribution of PC concentrations, the distributions of the monthly mean PC concentration anomaly [see
Fig. 13(a)] and monthly mean FAI area anomaly [see Fig. 13(b)]
in the western water area of Lake Chaohu were compared. The
two anomaly distributions showed strong similarities, indicating
high consistency between estimates. It should be noted that the
selection of the EOF PC algorithm utilized FAI (see Fig. 4), and
therefore some relation between the two anomaly values was
expected. Generally, a significant linear correlation was present
between the monthly average PC concentration variation and the
frequency of cyanobacterial blooms (r = 0.62, p < 0.01) [see

Fig. 13(c)], indirectly supporting the MODIS EOF estimation
of PC concentration.
2) Applications to Other Lakes: To examine the utility of the
EOF algorithm in other lakes with cyanobacterial blooms, we
applied the approach to Lake Taihu, another shallow eutrophic
lake in the Yangtze River basin (see Fig. 14). We used the same
regression coefficients that were determined from training data
of Lake Chaohu. Compared with the RGB image [see Fig. 14(a)
and (b)], the texture of the MODIS EOF generated cyanobacteria
distribution was relatively similar [see Fig. 14(d)]. Compared
to coincident MERIS PCI results, MODIS EOF results were a
highly consistent [see Fig. 14(c) and (d)]. Although the MODIS
EOF estimation of absolute PC concentration in Lake Taihu
was slightly elevated, the spatial distribution was very similar.
As the results of the MODIS EOF estimation for Lake Taihu
were based on coefficients from Lake Chaohu, we suggest that
better results could be achieved with Taihu specific training
data.
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Fig. 12. EOF algorithm performance: (a)–(c) MODIS RGB images for April 20–24, 2011; (d)–(f) PC concentration distribution estimated by EOF;
(g) Relationships between R rc with no aerosol and R rc from thin aerosol (circle symbol) and thick aerosol (cross symbol). Colors represent R rc of different wavebands, red for 645 nm, green for 555 nm, blue for 469 nm, and magenta for 859 nm. (h) Average R rc spectrum shape with different aerosols. (i) and
(j) show the R rc variances in the profile.
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Fig. 13. (a) Monthly mean PC anomaly. (b) Mean FAI area anomaly. (c) Monthly mean PC time series and monthly FAI frequency derived from MODIS
(February 2000–December 2014) in western Lake Chaohu.

Fig. 14. Comparison between the MODIS EOF algorithm and the MERIS PCI algorithm for Lake Taihu. (a) and (b) show the MERIS RGB and MODIS RGB
images on 4 October 2010, while (c) and (d) show MERIS and MODIS PC results.
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V. CONCLUSION
Using EOF analysis, PC concentrations were estimated using
MODIS data for a shallow eutrophic lake (Lake Chaohu). The
algorithm utilized four MODIS land bands and normalized Rrc
data instead of fully corrected MODIS Rrs data, reducing errors
in an aerosol atmosphere correction and oversaturation, which
occur in MODIS water bands. The algorithm performance was
examined using in situ data validation, comparison to MERISbased algorithms and consistency checks with consecutive images. The algorithm provided robust and consistent results for
most conditions, including high lake turbidity and thin atmospheric aerosols. Thick aerosol conditions were shown to cause
problems related to boundary effects. This approach allows us
for a major increase in available data for the long and short
term study of PC concentrations and cyanobacterial blooms—
1806 MODIS images (2000–2014) used in the present study—
compared to a shorter duration and lower frequency revisit time
of satellite systems with more appropriate spectral bands. The
success of EOF algorithm in Lake Chaohu does not take away
from the need to improve sensor sensitivity and availability of
water specific bands on future satellite systems. Our ability to
monitor and manage cyanobacterial blooms in inland waters
using satellite-based algorithms is a high priority that is only
likely to increase in the future.
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