Journal of Environmental Management 310 (2022) 114782

Contents lists available at ScienceDirect

Journal of Environmental Management
journal homepage: www.elsevier.com/locate/jenvman

Classifying diurnal changes of cyanobacterial blooms in Lake Taihu to
identify hot patterns, seasons and hotspots based on hourly
GOCI observations
Siqi Wang a, Xiang Zhang a, b, *, Nengcheng Chen a, b, Weijia Wang c
a

State Key Laboratory of Information Engineering in Surveying, Mapping, and Remote Sensing (LIESMARS), Wuhan University, Wuhan, 430079, China
National Engineering Research Center for Geographic Information System, School of Geography and Information Engineering, China University of Geosciences (Wuhan),
Wuhan, 430074, China
c
Taihu Laboratory for Lake Ecosystem Research, State Key Laboratory of Lake Science and Environment, Nanjing Institute of Geography and Limnology, Chinese
Academy of Sciences, Nanjing, 210008, China
b

A R T I C L E I N F O

A B S T R A C T

Keywords:
Eutrophic lake
Cyanobacteria scums
Diurnal changes
Environmental contributions
Blooms management
GOCI

Occurrence of cyanobacterial blooms in most lakes has dramatic changes in time and space. However, most
current studies only focused on daily or seasonal scales to obtain a relatively coarse resolution result. To explore
the possibility of fine changes occurring within a day in Lake Taihu (China), the area coverage of surface cya
nobacterial blooms was quantified from the hourly Geostationary Ocean Color Imager (GOCI) data using a GOCIderived cyanobacterial index. Based on that, diurnal change characteristics were explored at two scales, and the
environmental impacts were investigated. For that, an classification method was first designed to identify the
types of diurnal change patterns of cyanobacterial blooms automatically. This method classified the patterns into
four types, including the decreasing (Type1), decreasing first and then increasing (Type2), increasing (Type3),
increasing first and then decreasing (Type4). Based on that, the types of diurnal change patterns of blooms in
Lake Taihu (from April 1, 2011 to October 31, 2020) were identified at pixel (500 m) and synoptic scales. Results
indicated that Type1 and Type3 were two hot diurnal change patterns of blooms, and lakeshore was the hotspot
occurring severe diurnal changes, and autumn was the hot season occurring frequent diurnal changes. Specif
ically, hotspot of Type1 was lakeshore, while hotspot of Type3 was Central Regions. Environmental impacts were
analyzed at two scales. At pixel scale (500 m), diurnal variation of temperature affected the regional occurence of
each type ofdiurnal changes patterns of blooms, and the afternoon temperature played the most critical role (p <
0.001, N = 8316). The occurrence frequency of Type1 was positively (R = 0.41) related with the afternoon
temperature, and the occurrence frequency of Type3 was negatively (R = -0.37) related with it. Diurnal variation
of wind speed was another key factor impacting the occurrence of obvious diurnal blooms changes, and the wind
impacts should be distinguished when the wind speed was over or below 3.5 m/s. At synoptic scale, the inter
action of multi environmental factors influenced the diurnal change degree of blooms area, and the environ
mental contributions were 71%.Comparing with the existing manual classifying workat synoptic scale, the
designed classification method can identify the types of diurnal change patterns of blooms at a higher spatial
resolution (500 m). These explorations on diurnal dynamics of cyanobacterial blooms in Lake Taihu provide a
new insight for advanced cyanobacteria dynamics studies and regional water management.

1. Introduction
Lake is a crucial life-giving resource for humans, and plays important
role in climate regulations on Earth (Pekel et al., 2016). Due to the
intensification of human activities and climatic change, lakes have been
greatly threatened by simultaneous synergy of various environmental

stresses (Hou et al., 2017; Jiang et al., 2020). Cyanobacterial blooms are
a major environmental problem in lakes, and it severely jeopardizes the
public health, water quality, and damage ecological functions, struc
tures and aesthetics of aquatic ecosystems (Ai et al., 2020; Amorim and
Moura, 2021). Meanwhile, lake eutrophication triggers excessive
reproduction of cyanobacteria in waters, and this effect is further
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magnified under suitable weather conditions (Matthews, 2014). The
resulting lake eutrophication and severe climate change catalyze the
global cyanobacterial blooms increasing in frequency, magnitude, and
duration continuously (Ho et al., 2019).
Under particular conditions, cyanobacteria cells can form dense
blooms and induce a marked visible discoloration of the water. As a
typical eutrophic lake, Lake Taihu has been facing severe cyanobacterial
blooms in every summer and autumn (Qin et al., 2007, 2021). These
frequent blooms events decrease the water clarity, and even produce toxin
sometimes. It subsequently induces a series of health and water quality
problems, severely threating the ecological service function of the lake
(Guo, 2007). To mitigate the adverse effects caused by cyanobacterial
blooms, it is necessary to give an effective, proactive blooms management
in Lake Taihu (Duan et al., 2014; Huisman et al., 2018; Kim et al., 2020).
In this study, the term “bloom” refers to the events where cyanobacteria
cells form surface scums or aggregate near the surface of water.
Satellite remote sensing technology is a low-cost and high-efficient
way for monitoring cyanobacterial blooms disasters (Kutser et al.,
2006; Mishra et al., 2013; Shi et al., 2015). It provides large-scale and
long-term monitoring of cyanobacterial blooms. Several satellite in
struments have been used for monitoring cyanobacteria, including the
Medium Resolution Imaging Spectrometer (MERIS; Gorham et al.
(2017)) and Hyperion (Kutser, 2004). And the Moderate Resolution
Imaging Spectroradiometer (MODIS) has been extensively used to reveal
the spatiotemporal variability of cyanobacterial blooms in Lake Taihu
(Huang et al., 2019; Shi et al., 2019; Wang et al., 2019). The MODIS
sensor only observed two times during the day. While the cyanobacterial
blooms in most lakes are often accompanied by dramatic spatiotemporal
changes. The short-term (e.g., diurnal) changes of cyanobacterial
blooms can occur within a day, which requires higher-frequency ob
servations to grab these finer changes.
Geostationary Ocean Color Imager (GOCI) was launched in 2010 by
the Korea Ocean Satellite Center (KOSC) of South Korea (Ryu et al.,
2012). The most advanced feature of GOCI sensor is its eight hourly
observations per day. The frequent observations of GOCI make it
possible to detect the diurnal changes of cyanobacterial blooms in Lake
Taihu, and the application potentials of it have been initially confirmed
(Fang et al., 2018; Huang et al., 2015). For example, based on the hourly
GOCI data from 2011 to 2016, the diurnal change patterns (DCPs) of
cyanobacterial blooms in Lake Taihu were manually identified at syn
optic scale, and three typical patterns were summarized (Qi et al., 2018).
Nevertheless, the spatial characteristics on each type of DCPs of blooms
have not been fully investigated yet. It is difficult to identify the types of
DCPs of cyanobacterial blooms in lake at pixel scale, as the manual
identification procedure is time consuming. Thus, it is necessary to give
an automatic identification on the types of DCPs of cyanobacterial
blooms in lake at pixel scale.
To address these problems, a classification method was designed
using the hourly GOCI data to identify the types of DCPs of cyano
bacterial blooms automatically, making it can be further applied at pixel
scale (500 m). Based on that, the diurnal changes of cyanobacterial
blooms in Lake Taihu were fully explored (e.g., the hot patterns, seasons
and hotspots of diurnal blooms changes), and its environmental
response was also analyzed. Through these analytical results, the largescale water environmental management can be significantly improved
from daily scale to sub-daily scale.
Specific objectives are: (1) To estimate the area coverage of surface
cyanobacterial blooms in Lake Taihu using the hourly GOCI data from
April 2011 to October 2020; (2) To design an classification method to
identify the types of DCPs of cyanobacterial blooms in lake at pixel (500
m) and synoptic scales; (3) To characterize the spatiotemporal

characteristics of each type of DCPs of cyanobacterial blooms in Lake
Taihu from long-term GOCI observations; (4) To explore the impacts of
diurnal variations of temperature and wind on diurnal blooms changes
at pixel scale, and discuss the overall environmental contributions on
diurnal change degree of blooms area at synoptic scale.
2. Materials and methods
2.1. Study area
As the third largest freshwater lake in China, Lake Taihu plays an
important role in drinking water supply, agricultural irrigation, shipping
transportation, and fish resources (Qin et al., 2018). Meanwhile, Lake
Taihu is near the densely populated cities, resulting high nutrients in this
lake. Consequently, it has been facing various environmental problems
caused by cyanobacterial blooms (Deng et al., 2019; Yin et al., 2021).
Therefore, Lake Taihu is selected as the study area. As the large number of
aquatic vegetation in eastern coastal interfere the cyanobacterial blooms
extraction from satellite images (Cao and Han, 2021; Shi et al., 2020). The
region of water vegetation area is not included in our study (Fig. 1).
2.2. Data acquisition and preprocessing
Datasets include the hourly GOCI level-1 data (500 m), the daily
MODIS level-0 data (500 m), the monthly MODIS level-3 land surface
temperature products (1 km), the hourly ERA5-Land wind speed data (9
km), and the daily in situ meteorological data. Acquisition and pre
processing of these datasets are introduced as following.
Datasets were provided by multi-sources. First, the GOCI level-1 im
ages and MODIS Aqua/Terra level-0 images were downloaded from
NASA’s Goddard Space Flight Center website (GSFC, https://oceancolor.
gsfc.nasa.gov/). To unify the number of daily observations, only the cases
(days, N = 1414) when eight GOCI images were both cloud free were
considered in this study. Consequently, a total of 1136 daily MODIS level0 images, and 11,312 hourly GOCI level-1 images were acquired from
January 1, 2011 to December 31, 2020. Monthly MODIS level-3 land
surface temperature products (MYDLT1M and MODLT1M) from April 1,
2011 to January 31, 2015 were downloaded from Geospatial Data Cloud
site (http://www.gscloud.cn/). Hourly ERA5-Land wind speed data (10 m
u-component and v-component of wind) from April 1, 2011 to October
31, 2020 was downloaded from Copernicus Atmosphere Monitoring
Service (https://cds.climate.copernicus.eu/cdsapp#!/home). And daily
in situ meteorological data from April 1, 2011 to October 31, 2020 was
provided by China meteorological data sharing service system (http://cdc
.nmic.cn/), which was collected at the Dongshan meteorological station
(31.06◦ N, 120.43◦ E) around Lake Taihu.
The preprocessing of datasets consists of three main parts. First, all
MODIS level-0 images were preprocessed to level-1 data (calibrated
spectral radiance). And these MODIS level-1 images were continued to be
processed to the level-2 Rayleigh-corrected reflectance (Rrc (λ)) data after
corrections for ozone, water vapor absorption, and molecular (Rayleigh)
scattering. Above preprocessing was done by SeasDAS 7.5.3. Then, the
Chlorophyll-a (Chla) concentration was estimated from the MODIS level2 Rrc (λ) data, and it was used to provide the daily Chla concentration (μg/
L) in Lake Taihu at synoptic scale. The estimation model was developed
and fully validated by Shi et al. (2017) in Lake Taihu, and its calculation
details are provided in supplementary material (Text S1).
Second, the temperature (1 km) and wind (9 km) conditions were
quantified at pixel scale. Temperature difference, morning temperature,
afternoon temperature, and day temperature were quantified from two
MODIS level-3 temperature products (MYDLT1M and MODLT1M). The
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Fig. 1. Geographical location of Lake Taihu, showing the locations of the meteorological station (DongShan) and the experiment area (Blue Green Area) in this study.
(For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)

wind speed and wind direction were quantified from the EAR5-Land
wind speed data. The calculation details are provided in supplemen
tary material (Text S2). Third, based on in-situ meteorological data, the
daily average air temperature (AT, ◦ C), wind speed (WS, m/s), sunshine
duration (SSD, hour), and accumulative precipitation before 7 days to 1
day (Pre7d, mm) were calculated at synoptic scale.

2.3. Diurnal changes detection of cyanobacterial blooms
2.3.1. Area coverage of cyanobacterial blooms
A GOCI-derived alternative floating algae index (AFAI) was adopted
to quantify the area coverage of surface cyanobacterial blooms in Lake
Taihu. It has been effectively used for the detection of cyanobacterial
Fig. 2. Flowchart of DCPC, three steps to
identify the type of DCPs of cyanobacterial
blooms automatically based on its diurnal
area fluctuation trends for each case (day).
These types are the decreasing (Type1),
decreasing first and then increasing (Type2),
increasing (Type3), increasing first and then
decreasing (Type4). First, AFAI products are
calculated from eight GOCI images to derive
the area coverage (Ct = αt or βti ) of cyano
bacterial blooms at synoptic or pixel scale.
Second, eight values of C1 ~C8 on adjacent
times were averaged continuously and iter
ated until there were only three values of a
(1), a(2), a(3). Third, Δ1 = a(2)− a(1) and
Δ2 = a(3)–a(2) are calculated with these
three values to determine the type of DCPs of
cyanobacterial blooms.
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blooms in Lake Taihu (Qi et al., 2018), and its calculation details are
provided in supplementary material (Text S3). According to previous
studies (Qi et al., 2016, 2018; Wang and Hu, 2016), two fixed thresholds
were used to identify the intense blooming pixel (AFAI >0.12, i.e., 100%
scum) and no bloom pixel (AFAI < -0.001, i.e., 0% scum) in Lake Taihu.
Based on that, the proportion of intense blooming pixels was counted at
synoptic scale, referred as the integrated areal proportion (α) of cya
nobacterial blooms. And a linear interpolation was conducted to derive
the partial scum coverage within a pixel, referred as the areal density
(βi ) of cyanobacterial blooms. It is calculated by Eq. (1).

2.4. Statistical analysis
The statistical analysis was conducted by constructing regression
equations between the variables, and the impacts of selected variables
were quantified by correlation coefficients. It had two parts of the work:
(1) the impacts of the diurnal variations of temperature and wind on the
spatial distribution of obvious diurnal blooms area fluctuations (vari
ance >1%) at pixel scale; and (2) the environmental contribution on the
extent of diurnal blooms changes from the long-term observations at
synoptic scale. Above work was introduced as following, and more de
tails are provided in supplementary material (Text S4). Additionally, the
occurrence frequency of each type of DCPs of cyanobacterial blooms was
calculated. The term “frequency” used in this study was referred as the
rate at which the specific DCPs occurs or is repeated over a particular
period of time or in a given sample.
Spatially, the impacts of environmental conditions (temperature and
wind) on the regional occurrence of diurnal blooms changes were
explored by linear regressions using Pearson’s correlation coefficients
(Giani et al., 2020; Guo et al., 2019; Jiang et al., 2015). First, the impacts
of diurnal temperature (temperature difference, morning temperature,
afternoon temperature and day temperature) on the occurrence fre
quency of each type of DCPs of cyanobacterial blooms were investigated.
Second, the impacts of the diurnal variations of wind (wind speed and
wind direction) on the occurrence of obvious diurnal blooms area fluc
tuations (variance >1%) were also explored.
Temporally, based on the long-term data from 2011 to 2020, the
environmental contribution on the extent of diurnal blooms changes was
analyzed by a structure equation model (SEM) (Huang et al., 2020). The
impact of cyanobacterial biomass (Chla concentration) was also
considered (Huo et al., 2019; Shi et al., 2017). SEM is essentially a
regression tool, which integrates the multiple variables into one latent
variable to reflect the synthesis impacts of these single variables (Hop
craft et al., 2012). Path coefficients (similar to correlation coefficients)
reflect the relationships between variables. Here, the overall environ
mental condition was a latent variable, quantified by four environ
mental variables (temperature, wind, sunshine duration, and
precipitation). The extent of diurnal blooms changes was another latent
variable, quantified by two cyanobacteria variables (daily average
blooms area, and accumulated change of blooms area).

(1)

βi = (AFAIi − ( − 0.001))/(0.12 − ( − 0.001))

2.3.2. Diurnal change patterns classification (DCPC) method for
cyanobacterial blooms
A diurnal change patterns classification (DCPC) method for cyano
bacterial blooms was developed to classify the DCPs of cyanobacterial
blooms into four types automatically. The DCPC method consists of
three parts (Fig. 2): (1) AFAI values were calculated for eight available
GOCI images in a day to get the area coverage (α, or βi ) of cyanobacterial
blooms in lake regions; (2) For eight values (Ct = αt or βti ) per day, the
adjacent values were averaged to get a new group of values and then
iterated for these new values until there were only three values, which is
a(1), a(2), a(3). These three values can be calculated by Eq. (2). (3) DCPs
of cyanobacterial blooms were finally classified into four types based on
its diurnal area fluctuation trends, including decreasing (Type1),
decreasing first and then increasing (Type2), increasing (Type3),
increasing first and then decreasing (Type4). Mathematically, based on
two difference values of Δ1 = a(2)− a(1), and Δ2 = a(3)–a(2), the types
of DCPs of cyanobacterial blooms were Type1 ∈((Δ1 < 0)∩(Δ2 < 0)),
Type2 ∈((Δ1 < 0)∩(Δ2 > 0)), Type3 ∈((Δ1 > 0)∩(Δ2 > 0)), Type4
∈((Δ1 > 0)∩(Δ2 < 0). To unify the number of daily observations, only
cases (days) with eight hourly and cloud free GOCI measurements in a
day were further applied with DCPC method.
a(t) =

1
(Ct + 5Ct+1 + 10Ct+2 + 10Ct+3 + 5Ct+4 + Ct+5 )
32

(2)

where Ct is initial eight values at t moment of the day, and t is positive
integer between 1 and 3.
2.3.3. Manual interpretation on the types of DCPs of cyanobacterial blooms
Due to no field data available to validate the accuracy of DCPC
method directly, the types of DCPs of cyanobacterial blooms were
manually interpreted at synoptic scale for each case (day). These manual
classification results were used as the validation dataset, which was
identified by two kinds of judgments. One was manually identified in
this study, and another was manually identified in previous studies (Qi
et al., 2018). In this study, the types of DCPs of cyanobacterial blooms in
Lake Taihu were manually identifiedthrough the visual interpretation
on eight colored maps per day. The identification procedure was
detailed in supplementary material (Text S5).

3. Results
3.1. DCPs of cyanobacterial blooms detected by DCPC method
3.1.1. Comparison with the manual classification results
The validation of DCPC method was conducted by comparing the
agreement between automatic classification results (by DCPC method)
and manual classification results (Section 2.3.3). First, the automatic
classification results (by DCPC method) were compared with the manual
classification results identified in this study, as it is shown in Fig. 3. It
showed that it was difficult to manually identify the types of DCPs of
cyanobacterial blooms for the cases (days) of variance <1%. The correct
rate of the group with the cases (days) of variance >1% was apparently
improved. This group had the highest correct rate (87.02%) and lowest
missing rate (8.40%), showing a high agreement with the manual
identification results. It illustrated that the DCPC method performed
much better with the cases (days) having obvious diurnal blooms area
fluctuations (variance >1%).
Second, the automatic classification results (by DCPC method) were
compared with another manual classification results provided by Qi
et al. (2018) from 2011 to 2012 (days, N = 36). The classification results
of four cases (days) were different. Their manual classification results
were both Type2 (increasing first and then decreasing), and the

2.3.4. Diurnal change degree on area coverage of cyanobacterial blooms
Based on integrated areal proportion of cyanobacterial blooms (αt ) in
8
∑
a day, the daily average blooms area (Marea =
αt /8) and accumu
lated change of blooms area (Aarea =

8
∑
t=2

t=1

t

|α − αt− 1 |) were calculated.

These two indices were used to quantify the diurnal change degree on
the area coverage of cyanobacterial blooms in Lake Taihu at synoptic
scale, and it was referred as the “extent of diurnal blooms changes” in
this study.
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Fig. 3. Comparison results between auto
matic classification results (by DCPC
method) and manual classification results of
DCPs type. Comparison results (left Y-axis)
are presented as black scatter points, where
a point is a case (day). For each case (day),
consistent results were marked with 1, while
different results were marked with − 1, and
0 values indicated that the type of DCPs
cannot be determined by visual interpreta
tion. Bottom left bars of three groups (vari
ance >1%, variance <1%, and all point)
shows the agreement of two classification method. Blue area graph (right Y-axis) is the variance (%) values of eight integrated areal proportions of surface blooms for
each case (day). (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)

Fig. 4. Boxplot of the blooms area coverage (α) at eight moments in a day (2011–2020) for three groups of cases (days), which is all cases (a), cases of variance <1%
(b), cases of variance >1% (c), and cases of four DCPs types (d1-d4). N is the number of cases (days) for each group. t is the observing time from ~08:00 h to ~15:00
h (UTC+8) with an interval of an hour. For example, t = 1 corresponds to ~08:00 h, and t = 2 corresponds to ~9:00 h.

corresponding automatic classification results were Type1 (decreasing)
or Type3 (decreasing). Results of comparison are provided in supple
mentary material (Fig. S8). It indicated that it may be hard to give a clear
classification on Type2 using the DCPC method, as the details of diurnal
blooms area fluctuations were over simplified in this method. But it
provides the possibility to identify the types of DCPs of cyanobacterial
blooms at a finer scale (500 m).

3.2. Spatiotemporal characteristics on DCPs of cyanobacterial blooms
3.2.1. Seasonal characteristics at synoptic scale
At synoptic scale, the types of DCPs of cyanobacterial blooms were
automatically identified by DCPC method for all cases (days) of variance
>1% from April 2011 to October 2020. The seasonal occurrence fre
quencies on four types of DCPs were further counted. As it is shown in
Fig. 5, all cases (days) were distributed evenly in four seasons, including
spring (March to May, N = 64), summer (June to August, N = 64),
autumn (September to November, N = 63) and winter (December to

3.1.2. Area fluctuation characteristics of cyanobacterial blooms in a day
First, all cases (days) were directly classified into three groups (all
cases, cases of variance >1%, and cases of variance <1%), and the
boxplots of blooms area coverage (α) at eight moments were depicted to
analyze their statistic characteristics (Fig. 4(a–c)). Additionally, the
boxplots of blooms area coverage (α) at eight moments were depicted for
each type of DCPs of cyanobacterial blooms, which was identified using
the DCPC method (Fig. 4 (d)).
As it is shown in Fig. 4(a–c), the group with the cases (days) of
variance >1% showed a higher blooms area coverage than the group
with the cases (days) of variance <1%. Through the comparison of Fig. 4
(c) and Fig. 4 (d), it was found that the fluctuation curves at eight mo
ments had a specific shape for each type of DCPs of cyanobacterial
blooms, which was consistent with their definition in DCPC method. The
characteristics became apparent after applying with the DCPC method.
It was further confirmed that the DCPC method performed much better
with the cases (days) obvious diurnal blooms area fluctuations (variance
>1%). For convenience, in this study, the term “variance >1%” refers to
the cases (days) with obvious diurnal blooms area fluctuations.

Fig. 5. Seasonal occurrence frequencies on four types of DCPs of cyanobacterial
blooms in Lake Taihu from April 1, 2011 to October 31, 2020. Red dotted line is
the numbers of cases (days). (For interpretation of the references to color in this
figure legend, the reader is referred to the Web version of this article.)
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Fig. 6. (a-e) Seasonal and long-term distribution on the occurrence frequencies of four types of DCPs of cyanobacterial blooms in Lake Taihu, which is counted from
all cases (days) with obvious diurnal blooms area fluctuation (variance >1%) from 2011 to 2020. (A-E) The number of cases (days) for each pixel (500 m).

February, N = 64). It was found that the occurrence frequencies of
Type1 and Type3 were higherthan that of Type2 and Type4 in all sea
sons. Type1 had the highest occurrence frequency in summer, and Type3
had the highest occurrence frequency in other three seasons. In all, the
occurrence frequencies of four types of DCPs of cyanobacterial blooms
were Type3 >Type1 >Type2 >Type4 (except in summer).

The occurrence frequencies of Type1 and Type3 were higher than
that of Type2 and Type4 (Fig. 6 (e)). Spatially, the occurrence frequency
of each type of DCPs of cyanobacterial blooms had a fixed spatial
characteristic with little seasonal variations. The occurrence frequencies
of Type1 and Type3 had a typical spatial distribution pattern. Type1
mainly occurred in Meiliang Bay, Zhushan Bay, Western Bay and
Southern Bay, and less occurred in Central Region. Type3 mainly
occurred in Central Region, and less occurred in Meiliang Bay and
Southern Bay. While the occurrence frequencies of Type2 and Type4
were evenly distributed in Lake Taihu. Overall, Type1 and Type3 were
two hot DCPs of cyanobacterial blooms, and the occurrence frequencies
of these two types had a typical and fixed spatial distribution pattern.
More details about the annual distributions of the occurrence frequency
of each type were provided in supplementary material (Fig. S5).

3.2.2. Spatiotemporal characteristics at pixel scale
The types of DCPs of cyanobacterial blooms were identified using the
DCPC method. At pixel scale, the occurrence frequency of each type of
DCPs of cyanobacterial blooms was calculated for all cases (days) of
variance >1% from April 2011 to October 2020 (Fig. 6 (e)). Besides, the
seasonal occurrence frequency was also counted for each type of DCPs of
cyanobacterial blooms (Fig. 6(a–d)). The number of cases (days) of
variance >1% was also counted (Fig. 6 (A-E)). These spatial distribution
maps showed that obvious diurnal blooms changes mainly occurred in
lakeshore (Meiliang Bay, Zhushan Bay, Western Bay, and Southern Bay),
and less occurred in Central Regions (Fig. 6 (A-E)). Seasonally, above
spatial characteristics were mainly showed up in three seasons (summer,
spring, and autumn), especially in autumn (Fig. 6 (A-D)). In summer and
autumn, obvious diurnal blooms changes were mainly occurred in
Meiliang Bay, Zhushan Bay and Western Bay. While in spring, obvious
diurnal blooms changes were mainly occurred in Western Bay and
Southern Bay.

3.3. Environmental contributions on diurnal blooms changes
3.3.1. Temperature and wind impacts on spatial distribution of diurnal
blooms changes
Linear regressions between occurrence frequency of DCPs of cyano
bacterial blooms and temperature were conducted for each type of DCPs
of cyanobacterial blooms (Fig. 7). The occurrence frequency of each type
of DCPs of cyanobacterial blooms was related with the regional tem
perature, and it further impacted the formation of their fixed spatial
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Fig. 7. Linear regression results between the occurrence frequency of DCPs of cyanobacterial blooms and temperature for each DCPs type (N = 8316). Significance
levels are significant (**p < 0.001, and *p < 0.05) or not significant (p ≥ 0.05).

distribution pattern. However, the correlation strengths between tem
perature and occurrence frequencies of four types of DCPs of cyano
bacterial blooms were different. The correlation strengths between
temperature and occurrence frequencies of Type1 and Type3 were me
dium, and correlation strengths between temperature and occurrence
frequencies of Type2 and Type4 were low.
Correlations between the occurrence frequencies of Type1 and Type3
and four temperature variables (temperature difference, afternoon
temperature, and day temperature) were different. Specifically, positive
correlations were found between the occurrence frequency of Type1 and
temperature difference (R = 0.28), afternoon temperature (R = 0.41),
and day temperature (R = 0.34). These positive correlations illustrated
that Type1 tended to occur in regions with a higher afternoon temper
ature. Besides, negative correlations were found between the occurrence
frequency of Type3 and temperature difference (R = -0.20), afternoon
temperature (R = -0.37), and day temperature (R = -0.37). These
negative correlations demonstrated that Type3 tended to occur in

regions with a lower afternoon temperature. In all, during the day, if the
temperature rises from morning to afternoon, Type1 is more likely to
occur. Conversely, if the temperature drops from morning to afternoon,
Type3 is more likely to occur.
Based on the hourly ERA-5 wind speed data from 2011 to 2020, the
diurnal variations of wind speed and wind direction in Lake Taihu were
primary investigated by drawing the wind roses at pixel scale (9 km,
Fig. S9). Then, hourly wind speed (mean value) and wind direction
(coefficient of variation and mean value) at 24 moments in a day were
calculated for five sub-regions in Lake Taihu (Fig. S6). In five subregions, the varying shapes of diurnal wind speed in a day were
similar, but the varying ranges of diurnal wind speed were different.
Further, the varying ranges of diurnal wind speed were summarized
for each sub region with a series of boxplots (Fig. 8). Spatially, the
diurnal wind speed in Central Region (3.74 ± 0.68 m/s) and Southern
Bay (4.12 ± 0.93 m/s) were higher than that in Zhushan Bay (2.82 ±
0.33 m/s), Meiliang Bay (3.13 ± 0.33 m/s) and Westerns Bay (3.26 ±

Fig. 8. Boxplots of wind speed in Lake Taihu, which is the statistics on the averaged wind speed at 24 moments from 00:00 h to 23:00 h of the day (UTC+8). The Xaxis is sorted by the number of pixels with obvious diurnal blooms area fluctuations (variance >1%) at five sub-regions. (b) Linear regression results between wind
speed and proportion of pixels with obvious diurnal blooms area fluctuations (variance >1%) at each sub-region.
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4. Discussion

0.39 m/s). Five sub-regions can be classified into two groups with a
threshold of wind speed ~3.5 m/s. And the diurnal variations of wind
speed of these two groups showed an apparent difference. Besides, the
obvious diurnal blooms area fluctuations generally occurred with the
moderate wind speed (below ~3.5 m/s), and negative correlation (R =
-0.77) between them was observed (Fig. 8 (b)).

4.1. Hot patterns, seasons, and hotspots on diurnal blooms changes
Obvious diurnal blooms area fluctuations (variance >1%) can occur
at anywhere, anytime in Lake Taihu. The occurrence frequency of each
type of DCPs of cyanobacterial blooms had fixed spatial characteristics,
and the occurrence frequencies of two hot patterns (Type1 and Type3)
showed a regional difference (Fig. 6). Type1 primarily occurred along
the lakeshore, and Type3 primarily occurred in Central Regions. While it
showed little difference in the occurrence frequencies of Type2 and
Type4 in different regions, which was evenly distributed in lake regions.
Additionally, lakeshore was the hotspot of diurnal blooms changes, and
autumn was the hot season of it. Long-term MODIS observations indi
cated that the cyanobacterial blooms events often occurred along the
lakeshore (Guo et al., 2022). Besides, Guo et al. (2019) mentioned the
dominance of cyanobacteria in summer/autumn. It illustrated that the
frequent blooms in lakeshore and the dominance of cyanobacteria in
autumn were the basis for the occurrence of obvious diurnal changes of
blooms in Lake Taihu.
According to previous field studies and modeling experiments, the
diurnal changes of blooms were affected by a variety of environmental
conditions (Yao et al., 2017; Zhang et al., 2008; Zhu et al., 2018). For
that, the environmental impacts on the spatial and temporal charac
teristics of diurnal blooms changes were explored quantitatively. The
regional or seasonal difference in environmental conditions can promote
the formation of these spatiotemporal characteristics (Havens et al.,
2017; Wu et al., 2013). The diurnal variations of temperature and wind
were two key factors impacting the characteristics of diurnal blooms
changes, which was also critical for the long-term or inter-monthly dy
namics of blooms in Lake Taihu (Wang et al., 2019; Zhang et al., 2018).
Diurnal variation of temperature had different impacts on the
occurrence frequency of four types of DCPs of cyanobacterial blooms in
Lake Taihu (Fig. 7). During the day, if temperature rises from morning to
afternoon, Type1 is more likely to occur. Conversely, if temperature
drops from morning to afternoon, Type3 is more likely to occur. Thus, it
was concluded that “Hot is hotpots”. Specifically, Type1 was prone to
regions with a hot temperature at afternoon, while Type3 was prone to
regions with a hot temperature at morning. However, the relationships
between diurnal variations of temperature and occurrence frequency of
each type of DCPs of cyanobacterial blooms do not appear the apparent
linear relationships, which may be the reason for reducing the Pearson’s
correlation coefficients in Fig. 7. It showed a more complex nonlinear
relationships between them, which needs further explorations to specify
it.
Besides, diurnal wind speed was another key factor triggering the
obvious diurnal blooms area fluctuations in Lake Taihu. The effect de
gree of wind speed was different when wind speed was over or below
~3.5 m/s. Cao et al. (2006) revealed that gentle breezes (<3.1 m/s)
preceded the formation of blooms in Lake Taihu. However, strong wind
(>3.5 m/s) and breezes (<3.5 m/s) had different impacts on the diurnal
changes of these blooms. The overall impact of multiple environmental
factors explained 71% of diurnal blooms changes (Fig. 9).
The interaction of multiple environmental factors may induce a
water quality response or water ecosystem shift by long-term underlying
mechanisms in Lake Taihu (Lin et al., 2021). Based on these, it was
surmised that the cumulative impacts of multiple environmental factors
may result the spatial characteristics of the diurnal blooms changes in
Lake Taihu. For example, the regional difference of environmental
conditions (temperature and wind) resulted different varying charac
teristics of diurnal blooms in different regions. And these spatial

3.3.2. Environmental contributions on extent of diurnal blooms changes
Reliability test and goodness of fit check were performed to evaluate
the rationality of the constructed SEM. The model passed the reliability
test, and it worked well (Degree of Freedom; DF = 10) and ended with a
normal iteration. The goodness of fit was checked by six indexes of Chisquare to Degrees of Freedom (CMIN/DF), Probability level (P), Root
Mean Square of Approximate Error (RMSEA), Adjusted Fitting Index
Fitting Degree (AGFI), Comparative Fitting Index (CFI), Benchmark
Fitness Index (NFI) (Hopcraft et al., 2012). Specifically, there were no
unsuitable solutions. Second, the values of AGFI (0.946), CFI (0.865)
and NFI (0.956) were significantly higher than 0.9, denoting a good
goodness-of-fit for this model. Third, the value of RMSEA (0.072) was
lower than 0.8, indicating an acceptable model fit. Overall, these results
demonstrated the constructed SEM had a good rationality on variables
selection and model design.
Then, the correlations between variables were further investigated.
As is shown in Fig. 9, the total variance was equal to 0.71, and it illus
trated the environment condition played a key role on diurnal blooms
changes. The overall environmental condition and the extent of diurnal
blooms changes were two latent variables. Specifically, the overall
environmental condition was measured by four environmental variables
of precipitation (Pre7d), temperature (AT), wind speed (WS) and sun
shine duration (SSD), and corresponding path coefficients were − 0.13,
0.18, 0.52 and 0.64 respectively. The extent of diurnal blooms changes
was measured by two variables of daily average blooms area (Marea)
and accumulated change of blooms area (Aarea), and corresponding
path coefficients were 0.94 and 0.60. These path coefficients reflected
the quantitative relationships between the latent variables and its
measured variables. Overall, the environmental condition negatively
related to the extent of diurnal change blooms, and the path coefficient
was − 0.65. Additionally, high Chla concentration would potentially
trigger the obvious diurnal blooms changes, and the path coefficient was
0.51.

Fig. 9. Results of structure equation model (SEM) analysis, showing the impact
of environmental condition on the extent of diurnal blooms changes in Lake
Taihu from April 1, 2011 to October 31, 2020. Arrows represent the direct and
indirect connection between variables, and path coefficients describe the con
crete numerical relationship. Error terms in model are named as “e1~e8”.
Latent variables are represented by ellipse, and corresponding indicators are
represented by rectangle. The abbreviations are: Cyanobacterial blooms (CBs);
Daily average air temperature (AT), Wind speed (WS), Sunshine duration (SSD),
Accumulative precipitation before 7 days to 1 day (Pre7d); Daily average
blooms area (Marea), Accumulated change of blooms area (Aarea).
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differences of diurnal changes of blooms final formed the fixed diurnal
changes pattern of cyanobacterial blooms in different sub-regions.
Hence, the long-term water environmental management is a useful
way to mitigate the cyanobacterial blooms.

limitations, the DCPC method performed well in Lake Taihu when
diurnal blooms area fluctuations were obvious (variance >1%).

4.2. Implications for cyanobacterial blooms-centric water management

Our work proposed a novel method for identifying the diurnal
changes characteristics of cyanobacterial blooms, and was conducted in
a eutrophic lake of China based on GOCI dataset (2011–2020). The
designed DCPC method can identify the obvious hourly blooms changes
in a day by classifying the patterns into four main types. And it reached a
highest spatial resolution (500 m) compared the exiting manual iden
tification methods. Then, it was further applied to investigate the
spatiotemporal characteristics of the diurnal blooms changes in Lake
Taihu. In Lake Taihu, two hot patterns of diurnal blooms changes were
observed, which was Type1 and Type3. The hotspots of diurnal blooms
changes were lakeshore, and hot season was autumn. The hotspot of
Type1 was in lakeshore, and that of Type3 was in Central Region.
Besides, the environmental condition (temperature, wind, sunshine
and precipitation) can explain 71% of these diurnal blooms changes.
And the diurnal variations of temperature and wind affected the for
mation of the fixed spatial characteristics of each type of DCPs of cya
nobacterial blooms. First, during the day, if the temperature rises from
morning to afternoon, Type1 is more likely to occur. Conversely, if the
temperature drops from morning to afternoon, Type3 is more likely to
occur. Second, the strong wind (>3.5 m/s) and breezes (<3.5 m/s) have
different impacts on the diurnal changes of blooms, resulting a regional
difference on diurnal changes of blooms. These results can help with
advanced cyanobacteria dynamics studies and cyanobacterial bloomscentric water management.

5. Conclusion

For the spatiotemporal characteristics results on four types of DCPs
of cyanobacterial blooms in Lake Taihu, it provides a new perspective to
address the questions of “Where, When, What” in blooms management.
Specifically, for the question of “Where”, the spatial distribution pat
terns on four DCPs types provide guidance for future targeted sampling
to the hotspots of diurnal blooms changes. For example, as the hotspot of
diurnal blooms changes in Lake Taihu, the lakeshore needs more
attention. For the question of “When”, the surface cyanobacteria accu
mulation of Type1 was prone to occurring before ~08:00 (at night or
early in the morning), whose hotspot was mainly in lakeshore. It can
help determine the optimal timing (before ~08:00) of blooms preven
tion and control in lakeshore for Lake Taihu. Meanwhile, it should raise
a concern when a high temperature in the morning occurring with a
latter drops (e.g., Central Regions in Lake Taihu).
For the question of “What”, it tells us what the possible points are for
future research on cyanobacterial dynamics in lakes. The spatiotemporal
changes of cyanobacterial bloom occurred in a day Lake Taihu were
largely caused by the vertical migration of cyanobacteria (Qi et al.,
2018; Qin et al., 2018; Zhang et al., 2008). Based on eight hourly GOCI
observations per day, these diurnal blooms changes were quantified by
the DCPC method, and their hot patterns, seasons, and hotspots were
discussed in this study. From long-term satellite observations, it helps to
understand the cyanobacteria vertical migration progress in lake regions
at different scales (pixel or synoptic scale). But the direct field mea
surements are still required to test the hypothesis. Meanwhile, future
analysis should focus on the forming mechanisms of Type1 and Type3,
which needs more interdisciplinary studies (e.g., wind filed distribution
impacts). Overall, this study shows unique values to understand the
short-term cyanobacteria dynamics in Lake Taihu at different scales, and
also provides a guidance for future cyanobacterial blooms management.
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