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The seasonal succession of phytoplankton assemblages is important to ascertain the dynamics of an aquatic
ecosystem structure, whereas its occurrence in response to hydrodynamic alterations is not clearly understood.
In view of the characteristics of annual water level variation formed by the Three Gorges Dam Project (TGDP),
our understanding about how these changes aﬀect phytoplankton structure and dynamics is still very limited due
to the shortage of long-term observation data. In this study, we used Huan Jing 1 charge-coupled device images
over the past decade to examine the phytoplankton succession dates between cyanobacterial and green algal
blooms in the backwater area of the Three Gorges Reservoir (TGR). The results indicated continuous wavelet
transform-based peak analysis is an eﬃciency tool that can illustrate the temporal pattern of phytoplankton
succession using satellite-derived chlorophyll ɑ and Cyano-Chlorophyta index thresholds. Water level, air
temperature, pH and total nitrogen/total phosphorus ratio were four important factors aﬀecting the decline and
rise phase of cyanobacterial blooms in the TGR from 2008 to 2018. Given that the upstream dam operation is
likely to alter ecological and environmental conditions in the backwater area, this mechanism, so-called “waterlevel linkage”, could alleviate the persistent period of cyanobacterial and green algal blooms. Remote sensing
together with time series analysis provided a useful method to examine the seasonal succession of phytoplankton
assemblages in the TGR, and these ﬁndings provided strategic insight for the water-quality management in the
post-TGDP period.

1. Introduction
Phytoplankton assemblages are extremely sensitive to environmental changes in most large temperate lakes and reservoirs (Reynolds,
2006). Interactions between anthropogenic and natural drivers can
strongly aﬀect phytoplankton community structure, thereby resulting
in periodic and predictive phytoplankton succession (e.g. critical transition from cyanobacterial bloom to green algal bloom) at an annual
scale (Litchman et al., 2010; Thomas et al., 2018). As such, the seasonal
succession of phytoplankton assemblages is generally considered as an
indicator of aquatic ecosystem changes at diﬀerent spatiotemporal

scales (Domingues et al., 2007; Wu et al., 2016Yang et al., 2017).
Comprehensively ascertaining the competition and co-existence of different bloom-dominating groups in eutrophic water bodies and their
responses to environmental drivers is an important task for ecologists,
water resource managers and policy makers ( Ji et al., 2017; Zhu et al.,
2013).
The seasonal ﬂuctuation of phytoplankton biomass has been well
characterised in algal ecological dynamic models, such as plankton
ecology group (Sommer et al., 1986), phytoplankton responses to environmental change (Reynolds and Irish, 1997) and simulation of an
analytical lake models (Benndorf and Recknagel, 1982), which focus on

Abbreviations: TGDP, Three Gorges Dam Project; TGR, Three Gorges Reservoir; HJ-1, Huan Jing 1; CCD, charge-coupled device; Chlα, chlorophyll α; Rrs, remote
sensing reﬂectance; PSD, phytoplankton succession date; CCRSDA, China Centre for Resources Satellite Data and Application; 6S model, second simulation of the
satellite signal in the solar spectrum; CCI, Cyano-Chlorophyta index; CWT, continuous wavelet transform; a, approximation sub-band; d, detail sub-band; R2,
determination coeﬃcient; N/P, total nitrogen/total phosphorus
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the biotic and abiotic drivers of phytoplankton succession. On the basis
of these models, the phytoplankton community structure should demonstrate annual periodic dynamics. For example, two evident peaks
within a year (i.e. a cyanobacterial bloom in spring and a eukaryotic
algal bloom in summer) should emerge in the phytoplankton biomass in
eutrophic lakes and reservoirs (Carey et al., 2016). A unimodal phytoplankton biomass within a year (i.e. a cyanobacterial or eukaryotic
algal bloom during the transition from spring to summer) should be
observed in oligotrophic water bodies due to nutrient limitation
(Sommer et al., 2012). However, the limited number of sampling sites
has proven that these algal ecological dynamic models cannot elucidate
the spatiotemporal pattern of phytoplankton succession, especially in a
large water body where various algal groups dominate in diﬀerent
periods or co-exist in patches (Shi et al., 2015). Although computational
aquatic ecosystem dynamic models have also been extensively utilised
in the rapid analysis of the spatiotemporal dynamics of the phytoplankton community structure, this strategy involves skill-intensive,
labour-intensive and time-consuming processes (Wallace and Hamilton,
2000). These limitations illustrate the need to develop techniques that
can extend the traditional models to characterise the regional-scale
dynamics of phytoplankton assemblages rather than by only understanding the ﬁeld-scale phytoplankton succession.
Remote sensing overcomes some limitations of traditional models
and exhibits the potential to delineate the spatial distribution of individual algal blooms using diﬀerent remote sensor data, such as Terra/
Aqua MODIS, Landsats ETM+/OLI, Envisat MERIS, Sentinel-2A MSI,
Huan Jing 1 (HJ-1) charge-coupled device (CCD) and airborne AISA
images (Matthews and Odermatt, 2015; Oyama et al., 2015; Page et al.,
2018; Song et al., 2012; Xing and Hu, 2016; Zhang et al., 2011). In the
previous decade, remote sensing has improved the comprehension for
distinguishing the diagnostic pigments of diﬀerent bloom-dominating
groups in inland waters [e.g. chlorophyll ɑ (Chlɑ) and phycocyanin]
(Kudela et al., 2015) and in coastal waters (e.g. fucoxanthin and peridinin) (Cannizzaro et al., 2008; Shang et al., 2014). However, the subtle
remote sensing reﬂectance (Rrs) changes in phytoplankton succession
cannot be examined by only using remote sensor data with uncertain
time interval caused by the complex climate conditions. This limitation
can be partially attributed to the diﬃculties of extracting weak Rrs
characteristics of phytoplankton community structure. The lack of time
series analysis for the growth and extinction of group-speciﬁc blooms is
another possible limitation for remote examination of phytoplankton
succession.
A time series dataset is often nonlinear and non-stationary due to
various frequencies, annual variations, interannual ﬂuctuations and
noise (Deng and Wang, 2017; Verma and Dutta, 2012). Numerous
methodologies are available for decomposing time series and examining abrupt changes. Such methodologies are statistics-based, such
as TIMESAT, which is a software for analysing time series of remote
sensor data (Jönsson and Eklundh, 2004), and breaks for additive
seasonal and trend (Verbesselt et al., 2010) and Fourier-based tools,
such as wavelet transform (Wagenseil and Samimi, 2006). The current
study attempted to introduce time series analysis for examining the
variations in the Rrs spectrum in response to the seasonal succession of
phytoplankton assemblages.
Over the past decades, cyanobacterial and eukaryotic algal (e.g.
green algae) blooms have occurred in several tributaries in the Three
Gorges Reservoir (TGR) in China (Liu et al., 2012; Zeng et al., 2006).
Therefore, TGR provides an excellent experimental site and data source
for exploring the temporal pattern of phytoplankton succession. The
objectives of this study are as follows: (1) to establish a spectral characteristics time series that indicates cyanobacterial and green algal
blooms, (2) to develop a time series analysis method that identiﬁes the
phytoplankton succession date (PSD) between the two phenotypes of
blooms at an appropriate time scale and (3) to survey the temporal
pattern and environmental drivers of phytoplankton succession in the
TGR.
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Fig. 1. Locations of Lakes Gaoyang and Hanfeng (Sampling sites 1–9 and 1–17
for ship surveys in 2016 and 2018, respectively).

2. Materials and methods
2.1. Study area
The study area included Lakes Gaoyang and Hanfeng along the
Xiaojiang River, which is a primary tributary in the TGR (Fig. 1). In the
previous decade, eutrophication was observed in the Xiaojiang River
because of biological sewage and agricultural and industrial wastewaters from upstream rivers and the Yangtze River due to backwater
eﬀect. Recurrent algal blooms occurred frequently after the construction of the Three Gorges Dam Project (TGDP) (Li et al., 2012; Xiao et al.,
2016).
As a Yangtze River-connected lake, Lake Gaoyang is located at the
Xiaojiang River backwater area formed by the TGDP and approximately
30 km downstream from Wuyang Dam. Lake Hanfeng is located upstream of Lake Gaoyang in the Xiaojiang River and originated from the
water storage of Wuyang Dam since May 2012. After 5 years of Wuyang
Dam commissioning, the water level in Lake Hanfeng has been stabilised at beyond 169 m to relieve the ecological problems in the waterlevel ﬂuctuation zone of 145–175 m in the Xiaojiang River (Yang et al.,
2017).

2.2. In situ data collection
Ship surveys were conducted 13 times during March–October of
2016 and May–August of 2018 in the Xiaojiang River. The surveys were
performed between 10:30 and 11:30 am Beijing time, which was consistent with the overﬂight timing of HJ-1 A/B satellites. Eight cruises
sailed in Lake Gaoyang but only ﬁve in Lake Hanfeng due to shallow
water, which prevented sailing activities in the summer of 2016.
Cyanobacterial and green algal blooms were observed during the
sampling periods.
Sampling sites 1–17 with various eutrophication grades are located
along the Xiaojiang River (Fig. 1). We collected 33 and 51 water samples at approximately 0.25 m under the water surface during (2016)
and after (2018) the Wuyang Dam commissioning, respectively. Half of
the water sample was ﬁltered using Whatman GF/C ﬁbreglass ﬁlters
with pore size of 1.2 μm for the laboratory analysis of Chlɑ (Sartory and
Grobbelaar, 1984). We deﬁned the Chlɑ concentration beyond 10 μg/L
as a bloom following Brian and Malcolm (2002). Approximately 1 L of
water sample was collected by using a polymethyl methacrylate sampler and preserved with acid Lugol's solution (1% ﬁnal concentration).
After 48 h of sedimentation in the dark, the supernatant was removed,
688
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Fig. 2. A 10-year time series of water levels in Lakes a) Gaoyang and b) Hanfeng corresponding to HJ-1 CCD image acquisition date.

resolution of a CCD imagery is 30 m, and the revisit interval of HJ-1 A/
B satellites is 2 d. A 10-year time series (September 2008–August 2018)
of 286 cloud-free CCD images was available for monitoring algal
blooms in Lakes Gaoyang and Hanfeng using four multispectral bands
(i.e. blue band, 430–520 nm; green band, 520–600 nm; red band,
630–690 nm; and near-infrared band, 760–900 nm). Thirteen of these
CCD images were captured at the same time as our ship surveys.
HJ-1 CCD images were pre-processed using MATLAB 2014a and
ENVI 4.8 in three steps, namely, radiometric calibration, geometric
rectiﬁcation and atmospheric correction. Radiometric calibration was
conducted using the calibration coeﬃcient of each CCD band provided
by the CCRSDA. Geometric rectiﬁcation was conducted with a rectiﬁed
ETM + image. Geometric errors were limited to less than one pixel. The
second simulation of the satellite signal in the solar spectrum (6S
model), which has been widely applied in accurate remote monitoring
of lakes and reservoirs, was selected as an atmospheric correction
method. The 6S model not only uses bidirectional reﬂectance distribution function in the radiative transfer calculations but also considers aerosol scattering, gas absorption and Lambert radiator (Vermote
et al., 1997). The input parameters, such as the altitude of target and
atmospheric and aerosol models, of the 6S model referred to the geometric conditions from the XML ﬁle of the CCD image and the standard
modes provided by the 6S model based on the geographic and seasonal
information. The response function of each CCD band was obtained

and 0.1 ml of homogeneous remainder was placed in a 20 mm × 20 mm
settling chamber to quantify cell counting at the algal group level using
a CX31 microscope (Olympus, Japan), following the methods described
by Hu and Wei (2006) and Utermöhl (1958). We deﬁned the bloomdominating group as single algal group with a relative cell counting that
exceeds 60% of the total phytoplankton population (Xiao et al., 2016).
These results were used to calibrate and validate the remote examination of phytoplankton succession.
Water levels in Lakes Gaoyang and Hanfeng referred to the waterlevel data under and in front of Wuyang Dam. These data were provided
by the integrated automation adjustment system of Wuyang Dam. Air
temperature in the study area was acquired from the weather service
data from the Chongqing Municipal Bureau of Meteorology. Water
chemical parameters including pH, total nitrogen and total phosphorus
were obtained from the Chongqing Municipal Bureau of Ecology and
Environment. Fig. 2 and Table 1 showed the annual and interannual
water-level ﬂuctuations and limnological characteristics in Lakes
Gaoyang and Hanfeng.
2.3. Satellite images
This study selected HJ-1 CCD images as remote sensor data downloaded from the China Centre for Resources Satellite Data and
Application (CCRSDA) (http://www.cresda.com/CN/). The spatial

Table 1
Limnological characteristics of Lakes Gaoyang and Hanfeng during and after the Wuyang Dam commissioning.
Sampling period

2016

Study area

Lake Gaoyang

2018
Lake Hanfeng

Mean (minimal–maximal)
Water level (m)
Lake area (km2)
Water depth (m)
Turbidity (NTU)
Chlɑ (μg/L)
Phycocyanin (μg/L)
pH
Dissolve oxygen (mg/L)
Ammonia nitrogen (mg/L)
Total phosphorus (mg/L)
Total nitrogen (mg/L)

162 (145–174)
7.5 (7–8.5)
6.5 (1–12)
20.2 (3.4–62.3)
19.47 (0.89–226.51)
1.2 (0.03–8.83)
8.57 (7.06–9.53)
10.36 (4.81–22.88)
0.104 (0.09–0.11)
0.09 (0.05–0.17)
1.26 (0.64–1.85)

Lake Gaoyang

Lake Hanfeng

Mean (minimal–maximal)
164 (146–175)
5.5 (4.5–7)
7 (0–20)
28.9 (8.4–72.6)
5.62 (0.2–22.67)
0.29 (0.08–1.07)
8.29 (7.79–8.29)
8.49 (5.74–11.5)
0.15 (0.1–0.17)
0.11 (0.05–0.29)
1.48 (0.31–2.47)

689

160 (145–174)
7.2 (6.5–8.4)
6.4 (0.8–11.5)
14.6 (1.7–42.8)
10.32 (0.27–89.75)
0.84 (0.04–5.41)
8.02 (7.19–8.78)
12.1 (5.29–26.43)
0.124 (0.09–0.17)
0.07 (0.02–0.11)
0.89 (0.56–1.35)

172 (169–175)
7 (6.9–7.1)
13 (6–20)
25.2 (6.9–60.1)
25.23 (14.8–57.46)
2.97 (0.16–4.1)
8.45 (7.69–8.84)
6.31 (4.82–9.66)
0.132 (0.09–0.159)
0.15 (0.06–0.36)
1.79 (1.17–2.64)
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To distinguish the two bloom-dominating groups, we created a spectral
index to indicate the distinctive diﬀerences in the shapes and magnitudes of their Rrs spectra. The ratio of peak–valley depths between reﬂectance peaks at 570 (green band) and 640 nm (red band) and the
reﬂectance valleys of cyanobacterial cells located at 475–500 (blue
band) and 620–640 nm (red band) represented as the CyanoChlorophyta index (CCI) in Eq. (2) (Zhou et al., 2018). The CCI
threshold was eﬀective for distinguishing cyanobacterial (high CCI
value) and green algal (low CCI value) blooms. This threshold represented the mid-point between the lowest CCI measured in the cyanobacterial bloom states and the highest CCI for green algal blooms. We
determined the criterion and realised that Chlɑ and CCI thresholds indicate the two bloom-dominating groups in terms of spatial distribution.

Original signal of time series

Approximation sub-bands

Continuous wavelet transform

Change segmentation

Detailed sub-bands

Abrupt change examination

Peak analysis on appropriate wavelet decomposition level
Peak visualization
Peak width
Abrupt change
Peak
Peak height threshold

CCI = (CCD1 − CCD3)/(CCD2 − CCD3)

where CCD1, CCD2 and CCD3 were mean water surface Rrs of blue,
green and red bands within 3 × 3 pixel box around the sampling site,
respectively.
2.5. Wavelet decomposition model

Fig. 3. Flowchart of CWT-based peak analysis. After the original time series is
decomposed into detailed sub-bands, peak analysis can be used in examining
the abrupt change points in the time series.

Statistics-based time series analysis requires a priori basis function
to ﬁt some components and eﬀectively represents the time series
characteristics in certain phases but not in other segments of a nonstationary time series (Flandrin et al., 2004). Continuous wavelet
transform (CWT), as a Fourier-based method, provides a ﬂexible approach for examining the diﬀerent change forms of time series by
scaling a wavelet base function and quantifying a wavelet coeﬃcient at
each possible scale (Huang et al., 1998; Khorrami and Moavenian,
2010). An oscillatory function can resolve the temporal location and
pinpoint where the correspondence between the spectral signature of
phytoplankton community structure and mother wavelet is high. Consequently, we utilised a routine written in MATLAB 2014a of the CWT
to examine the seasonal ﬂuctuations in the mean CCI time series that
were established from the corresponding sampling sites on each corrected CCD image during the bloom periods of 2008–2018.
The decomposition of CWT can be represented as a tree (Fig. 3),
where the CCI time series is passed through low and high ﬁlters,
yielding approximation (a) and detailed (d) sub-bands (Mallat, 1999).
The approximation sub-bands that contained the low-frequency components of CCI time series maintained a periodic tendency due to the
growth and extinction of bloom-dominating groups. By contrast, the
detailed sub-bands contained the high-frequency components of CCI
time-varying trend, which enabled the capture of subtle abrupt changes
in phytoplankton succession.

from the CCRSDA. Ground reﬂectance was measured as the water
surface Rrs. Apparent radiance was based on the radiance values of CCD
image. In this study, the validation of atmospheric correction was
analysed by consistency evaluation among the water surface Rrs derived
from the 6S model at the adjacent sampling sites, and by cross-validation analysis with Rrs standard products of Landsat 8 OLI image, respectively.
To remove adjacency eﬀect by land, we extracted the valid water
surface Rrs of each CCD band within a 3 × 3 pixel box around the
sampling site (Bailey and Werdell, 2006). If the valid pixel number was
≥5, then we estimated the water surface Rrs and standard deviation for
four CCD bands at the sampling site. After deleting invalid values
(beyond 1.5 standard deviation), mean water surface Rrs could be calculated based on the remaining valid values within the 3 × 3 pixel box.
2.4. Distinguishing algorithm for bloom-dominating groups
Algal bloom state has low transparency and may carry narrow
fringes of ﬂoating vegetation on the shallow side. The red and nearinfrared reﬂectance can be considerably enhancive, as shown by the
level of algae accumulation on the water surface (Zhang et al., 2012).
Thus, algal bloom identiﬁcation was feasible by estimating the Chlɑ
concentration and assessing whether retrieval value ≥ 10 μg/L. Zhou
et al. (2017) developed and validated the two-, three- and four-CCD
band combinations and band-ratio to retrieve Chlɑ in the TGR (Zhou
et al., 2017). In the current study, the optimum band combination in
Eq. (1) was selected to calibrate a retrieval model of Chlɑ under rapid
change conditions in the phytoplankton community structure. On the
basis of the algal bloom deﬁnition in this study, Chlɑ time series was
used to determine the bloom periods, which were determined as the
summation of all phases with mean Chlɑ ≥10 μg/L from the corresponding sampling sites on each corrected CCD image from September
2008 to August 2018.

Chlα = 56.4 × (CCD3−1 − CCD4−1) × CCD4 + 13.5

(2)

2.6. Peak analysis of CCI decomposition sub-bands
In this study, CWT-based peak analysis included two main steps.
Firstly, the appropriate CCI detailed sub-band and peak height
threshold that must be selected at which the abrupt change points of the
CCI time-varying trend can be detected. Secondly, the wavelet peak
width was calculated to examine the temporal pattern in the seasonal
succession of phytoplankton assemblages.
Depending on the in situ observation of phytoplankton dynamics,
the appropriate CCI detailed sub-band was ﬂexible to estimate the
persistent periods of bloom-dominating groups, that is, by retaining to
the phenology of the algal group (Soleymani et al., 2017). The peak
height threshold was ascertained by selecting the low peak height near
the two endpoints of the selected CCI detailed sub-band.
Wavelet peak visualisation was used to calculate the wavelet peak
width from the selected CCI detailed sub-band. The visualisation of a
wavelet peak was the minimal vertical distance from the peak to the
local minimum on either side of the peak before arriving at the endpoints or another higher peak (Fig. 3). The wavelet peak width was

(1)

where CCD3 and CCD4 were mean water surface Rrs of red and nearinfrared bands within 3 × 3 pixel box around the sampling site, respectively.
Lakes Gaoyang and Hanfeng can assume two distinct states with
respect to primary producers by in situ observations during our ship
surveys, that is, cyanobacteria and green algae at the algal group level.
690
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phytoplankton succession became apparent, was indicative of such
changes. The analysis revealed whether peak height threshold would
allow the further examination of ﬁne-scale abrupt changes based on
whether the wavelet peak width ranges contained the collection timing
of cyanobacterial bloom samples.

determined as the distance between the two points on either side of the
peak, where the selected CCI detailed sub-band intercepted the horizontal line through the midpoint of wavelet peak visualisation. The
PSDs could be deﬁned as the extreme points of wavelet peak width. A
new phytoplankton succession was only started if the adjacent wavelet
peak exceeded the peak height threshold.

3.3. Comparative analysis of the temporal pattern of PSDs
3. Results
Table 2 showed that the horizontal distances between the ﬁrst and
second PSDs examined by CWT-based peak analysis on the d5 was a
good estimator for accurately examining the persistent periods of the
bloom-dominating groups. For example, the temporal diﬀerence between the PSDs derived from CWT-based peak analysis and area replacement estimation [cited from Zhou et al. (2018)] was 7–12 d
(Fig. 6a–c) in Lake Gaoyang in 2016. In most eutrophic large reservoir
with two evident peaks of a cyanobacterial biomass in spring and a
eukaryotic algal biomass in summer, water sampling once a month was
suﬃcient to provide a good overall examination of the phytoplankton
succession (Pobel et al., 2011). Thus, the time diﬀerence of 7–12 d
exhibited relatively acceptable accuracy compared with the sampling
interval (15–30 d) of conventional monitoring for algal blooms, persistent period (20–90 d) of the single bloom-dominated group and
bloom period (80–160 d). In Fig. 6a and d, the comparative analyses
amongst the PSDs derived from the two examining methods and microscopic analysis results of the bloom-dominating groups further illustrated the applicability of the proposed method for examining the
phytoplankton succession during the bloom periods of 2008–2018.

3.1. Distinguishing result of bloom-dominating groups
Microscopic analysis revealed that 37 water samples satisﬁed the
criteria of algal bloom label, that is, the relative cell counting of the
single bloom-dominated groups exceeded 60%. Majority of the bloomdominated groups in Lakes Gaoyang and Hanfeng were cyanobacteria
and green algae, respectively.
We utilised 13 corrected CCD images, which coincided in time with
water sampling, to evaluate the interpretations of the proposed method
to distinguish cyanobacterial and green algal blooms. The Chlɑ [determination coeﬃcient (R2) and root-mean-square error between measured values of Chlɑ derived from laboratory analysis and CCD-derived
retrieval values of Chlɑ were 0.74 and 7.1 μg/L, respectively] and CCI
thresholds worked well in identifying the bloom-dominating groups.
The CCI values for 26 water samples with cyanobacterial bloom label
derived from corresponding 3 × 3 pixel box around the sampling sites
were in the range of 0.027–0.187. By contrast, the CCI for green algal
bloom samples decreased to < 0.022. Consequently, the CCI of 0.0245
could be the threshold to distinguish the two bloom-dominating groups
in the study area.

4. Discussion

3.2. Time-varying trend construction for the two typical bloom-dominating
groups

Even though 10-year remote sensing images are not as long as those
by many on-site monitoring for water quality, time-varying trends from
satellite-derived data can enable reservoir managers to detect the potential drivers of seasonal succession of phytoplankton assemblages.
Our eﬀorts established the linear relationships between PSDs and
abiotic factors to interpret the roles of hydrodynamic alteration (water
level), climatic change (air temperature) and water chemical parameters [pH and total nitrogen/total phosphorus (N/P) ratio] on phytoplankton succession in the backwater area of the TGR (Xiao et al.,
2016). The diﬀerent temporal patterns were observed from April to
August during 2008–2018. Fig. 7 showed that positive correlations
were found between mean water level, N/P ratio and ﬁrst PSD, but
negative correlations was expectedly found between pH and ﬁrst PSD in
Lake Gaoyang. By contrast, second PSD had a strong positive relationship with pH, albeit negatively signiﬁcant with N/P ratio. In fact, the
two types of PSDs corresponded to the rise phase of green algal and
cyanobacterial blooms, respectively. The seasonal shifts in bloomdominating groups might be attributed to their relative eco-physiology
strategy, because previous studies revealed cyanobacteria blooms resulted in high pH and low N/P ratio (Shan et al., 2019; Xie et al., 2003).
It was partly in agreement with the ﬁndings in the recent MODIS-derived phytoplankton phenology (Shi et al., 2019).
Meanwhile, air temperature was found to have a hump-shaped

For the bloom period of 2016, the CCI curves shown in Fig. 4 represented the two typical phytoplankton succession patterns in Lake
Gaoyang. The two classes of CCI time-varying trends showed higher CCI
in spring than in other seasons and most of negative CCI in summer. The
CCI curve of Class I was normally found in the river channel with remarkable hydrodynamic changes. By contrast, the CCI time-varying
trend in Class II was generally observed in the bays under relatively
stable hydrodynamic conditions. The magnitude and change pattern of
the CCI curves, which indicated the competition and co-existence between cyanobacteria and green algae, might vary with space and time
due to variable hydrodynamics and phenology of the bloom-dominating
groups.
In the present study, a 10-year time series of Chlɑ was constructed
to determine the bloom periods (Fig. 5). As wavelet base function for
the CWT, daubechies 5 mother wavelet passed the test because it could
provide a good balance between the frequency and time localisation at
the abrupt change points of CCI time-varying trends.
An appropriate level must be selected to guarantee that noise would
not result in many false positives. The CWT-based peak analysis showed
that the peak height threshold on the d5 (Fig. 5), where the
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Fig. 4. Typical examples of the two classes of CCI
time-varying trend in Lake Gaoyang during the
sampling period of 2016. Cyanobacterial and green
algal blooms were observed in the yellow rectangular
boxes around Sampling sites 5 and 7, respectively.
The red rectangular box contained 3 × 3 CCD pixels
around the sampling site in the middle of river or
bay. Only mean CCD Rrs in the red rectangular box
was used to remove adjacency eﬀect by land. The
vertical green and horizontal blue dashed lines indicated CCD image acquisition date and CCI
threshold, respectively.
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Fig. 5. A Chlɑ time series derived from CCD images in Lake Gaoyang from 2008 to 2018 and the corresponding CCI decomposition sub-bands during the bloom
period of 2016.
Table 2
Comparison for sampling timing and persistent period of two bloom-dominating groups.
Number of labelled water samples

Number in examined persistent periods

Comments

Cyanobacteria
Green algae

26
11

24
13

2 miss examination due to edge eﬀects
2 redundant examination due to edge eﬀects

(3, 0)
March 19

a

(3, 1)
April 29

(1, 2)
May 3

(2, 0)
July 31

(2, 0)
October 2

0

0.05
Temporal difference

Area (km2 )

4

b

Cyanobacteria
Green algae

3
2
1
0

3

3

3

PSD (day of year)

d5

0.05

Mean PSD (day of year)

Bloom-dominating group

3 3 4 4 5 5 6 7 7 7 8 9 10
Month of 2016

c
150

100
2010
200

2012

2014

y = 1.21x 30.27
2
R = 0.66, p < 0.05

d

150
100
90

y = 0.71x+39.46
2
R = 0.72, p < 0.05
150
180
120
PSD (day of year)

PSD (day of year)

relationship with the ﬁrst PSD. This result contradicted the controlled
experiment by Lürling et al. (2013), who suggested that the competitive
advantage of cyanobacteria over green algae can more likely be attributed to other factors or synergistic eﬀects rather than to temperature alone at relatively high temperatures. Using satellite and in situ
observations, the relationship analyses were conducted to pinpoint the
correlations between water-level ﬂuctuation and bloom dynamics in

a

b

c

d

200

200

200

150

150

150

150

100

100

100

152 154 156 158
Mean water level (m)

32
34
36
Mean air temperature (°C)

100
8

210

Lake Gaoyang during the bloom periods of 2008–2018 (Table 3). The
high correlation between water-level ﬂuctuation and Chlɑ suggested
that the growth and extinction of bloom-dominating groups were accelerated by the extended hydraulic retention time (O'Farrell et al.,
2011; Yu et al., 2018). During the water storage period from October to
February the following year, along with the rise in water level
(165–175 m), the decrease in CCI ﬂuctuation was caused by a relatively

200

150

First PSD
Second PSD
2016
2018

8.5
Mean pH

Fig. 6. Coherence assessment for the two examining
methods of PSDs in Lake Gaoyang. a) CWT-based
peak analysis on the selected CCI detailed sub-band
[for interpretation of the references to colour and
symbol was referred to Fig. 3; vertical green dash
lines indicated the date of ship surveys and the corresponding microscopic analysis results of the bloomdominating groups, that is, label numbers (in the
brackets) of cyanobacterial and green algal blooms in
water samples collected from Sampling sites 5–9]; b)
Area replacements between the two phenotypes of
blooms cited from Zhou et al. (2018) (vertical blue
dash lines indicated the PSDs); c) Mean PSDs derived
from CWT-based peak analysis and area replacement
estimation; and d) X- and Y-axis represented the PSDs
derived from CWT-based peak analysis and area replacement estimation, respectively.

9

692

10

First PSD
Second PSD
25
15
20
Mean N/P ratio

Fig. 7. Linear correlations between the PSDs and
mean environmental variables in Lake Gaoyang from
April to August during 2008–2018. a) Mean water
level [ﬁrst PSD (R2 = 0.31, p = 0.042), second PSD
(R2 = 0.05, p = 0.539)]; b) Mean air temperature
[ﬁrst PSD (R2 = 0.03, p = 0.659), second PSD
(R2 = 0.08, p = 0.403)]; c) Mean pH [ﬁrst PSD
(R2 = 0.33, p = 0.083), second PSD (R2 = 0.36,
p = 0.088)]; Mean N/P ratio [ﬁrst PSD (R2 = 0.18,
p = 0.221), second PSD (R2 = 0.1, p = 0.405)].
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Table 3
Statistics of water-level ﬂuctuation and algal blooms in Lake Gaoyang during the bloom periods of 2008–2018.
Year

Duration of water-level rise [daily rise and water level
vs. Chlɑ (R2)]

Duration of water-level fall [daily fall and water level
vs. Chlɑ (R2)]

Persistent period (cyanobacterial and green algal
blooms)

2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
2018

–
55 d
35 d
69 d
52 d
70 d
67 d
69 d
57 d
89 d
10 d

–
60 d (0.3 m/d and 0.89)
75 d (0.06 m/d and 0.63)
133 d (0.15 m/d and 0.35)
63 d (0.16 m/d and 0.57)
84 d (0.35 m/d and 0.51)
72 d (0.25 m/d and 0.46)
78 d (0.28 m/d and 0.32)
103 d (0.21 m/d and 0.33)
85 d (0.32 m/d and 0.82)
90 d (0.19 m/d and 0.81)

–
60 d (58 d and 2 d)
182 d (39 d and 143 d)
190 d (91 d and 99 d)
198 d (170 d and 28 d)
240 d (201 d and 39 d)
210 d (160 d and 50 d)
206 d (157 d and 49 d)
216 d (151 d and 65 d)
218 d (163 d and 55 d)
143 d (109 d and 34 d)

(0.65 m/d and 0.51)
(0.31 m/d and 0.55)
(0.46 m/d and 0.64)
(0.23 m/d and 0.62)
(0.21 m/d and 0.86)
(0.42 m/d and 0.73)
(0.38 m/d and 0.78)
(0.4 m/d and 0.84)
(0.31 m/d and 0.85)
(0.8 m/d and 0.78)

In the statistics, the events with total and daily water-level ﬂuctuation < 5 m and 0.15 m/d were ignored, except for 2010. Chlɑ concentration and bloom persistent
period were retrieved from the CCD image time series.

5. Conclusion

stable hydrodynamic condition. An opposite scenario occurred in the
water discharge period (the corresponding range of water level was
155–165 m from March to June), which resulted in a substantial CCI
ﬂuctuation (Fig. 4).
It was reported that, cyanobacterial blooms occurred in Lake
Gaoyang during the water discharge period prior to October 2010.
Then, water level in the TGR initially reached 175 m, forming a waterlevel ﬂuctuation zone of 145–175 m. Accompanied by hydrodynamic
dynamics, some eukaryotic algae gradually started competing with
cyanobacteria (Yang et al., 2018). The bloom duration in 2010 extended to more than three times that of 2009 (Table 3). As far as the
backwater area in the Xiaojiang River was concerned, the operation of
Wuyang Dam since May 2012 formed a so-called water-level linkage
mechanism with Three Gorges Dam, by which the summer ﬂood inﬂowing from Lake Hanfeng into Lake Gaoyang was controlled. During
the low-water-level period (the corresponding range of water level was
145–155 m from July to September), an intermittent water-level rise
would trigger critical transition from green algal bloom to cyanobacterial bloom.
Given the high-water-level storage (water level beyond 169 m in
Lake Hanfeng after April 2017) of Wuyang Dam, the low nutrient
concentration and high stability of water column in Lake Gaoyang due
to a remarkable decline in the upstream inﬂow resulted in the distinct
reductions of Chlɑ concentration and bloom duration during the bloom
period of 2018 (Fig. 5 and Table 3). The limit primary production might
alter the critical criteria of phytoplankton succession. For example,
cyanobacteria presented stronger capability than green algae to adapt
to water-level linkage mechanism during the low-water-level period,
because cyanobacteria are typically associated with high temperature
and water column stability ( Ji et al., 2017; Paerl and Huisman, 2009;
Yang et al., 2016). The absence of second PSD in Lake Gaoyang in 2018
was an important diﬀerence compared with that of 2009–2017.
In this study, we concluded that the high-water-level storage of
Wuyang Dam showed a considerable positive eﬀect on algal bloom
prevention in the Xiaojiang River backwater area. The water-level
linkage mechanism between the Wuyang and Three Gorges Dams is
considered as the key contributor to bloom dynamics and the main
indicator of PSDs, thereby providing a basis of the inﬂuence of the
temporal pattern of phytoplankton succession in the TGR. Although
remote sensing together with CWT-based peak analysis provided a
useful screening tool for time-series distribution of blooms, their relative eﬀectiveness should be further evaluated in other tributaries of
the TGR. We could expect that the ecological scheduling operation
based on the water-level linkage mechanism amongst the cascade dams
and Three Gorges Dam would continue to mitigate the occurrence of
harmful algal blooms and promote the water quality in the TGR.

The aquatic ecosystem in the TGR has changed considerably in
natural and social environments over the past decades. The ecological
scheduling operation for algal bloom prevention must urgently characterise the seasonal succession of phytoplankton assemblages at a ﬁne
temporal scale. This study comprehensively analysed a satellite-derived
CCI time series to examine the PSDs between cyanobacterial and green
algal blooms in the TGR. For this purpose, CWT-based peak analysis
ﬂexibly determined the appropriate CCI detailed sub-band and the
corresponding peak height threshold and peak width. The analysis results provided an eﬀective channel to closely examine the temporal
pattern in phytoplankton succession and its complex responses to
water-level linkage mechanism. These results demonstrated that the
proposed method is a considerable knowledge base for the on-going
monitoring of harmful algal blooms. With the aid of CWT-based peak
analysis, reservoir managers can formulate well-directed decisions in
implementing countermeasures for harmful algal blooms in the postTGDP period.
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