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ABSTRACT

Frequent outbreaks of cyanobacterial blo
economic development of its neighbori
paper takes Taihu Lake as the stu
development status. Then, based ensing data from MODIS and Landsat 8 satellites,
the normalized vegetation in ed to identify the blooms, and the dynamic detection
method of cyanobacterial bl s is constructed by combining with the remote sensing inversion of
water temperature. At the sa e spectral performance of each band is integrated to excavate
the characteristic info bacterial bloom, and the algorithm in this paper is used to

aracteristics, which is used as the basis of the dynamic warning model
LightGBM method is introduced to realize the all-weather spatial and
dhitoring of cyanobacterial blooms in Lake Tai. Analyzing the monitoring data
del on the intraday change process of cyanobacterial bloom in Lake Taihu, it is
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1. Introduction

Taihu Lake is the second largest freshwater lake in China, with a mild climate and rich specialties in
its basin, which has been famous as the land of fish and rice since ancient times. Lake Taihu is a
famous tourist attraction in Jiangsu Province because of its beautiful and fascinating scenery [1-2
However, with the increasing human activities, the Taihu Lake area is facing serious w
environment problems, and the recent summer outbreaks of cyanobacteria almost every year e
cast a shadow over the lake, bringing great challenges to water resources management an
environmental protection [3-6].

The cyanobacterial outbreak in Taihu Lake is often referred to as eutrophication

overproliferation of algae, and also a kind of secondary pollution, which us
blue color of water [7-10]. Generally speaking, “bloom” is a natural
freshwater, involving cyanobacteria (i.e., cyanobacteria), green algae,” dia so on. The
naturally occurring bloom phenomenon will disappear quickly ang not brimg environmental
impacts [11-14]. However, the frequent outbreaks of blooms in 4 e, Dianchi Lake, Chaohu
an factors, and humans yearn
and phosphorus (mainly
sulting in eutrophication of
tion capacity, resulting in frequent

for the discharge of nitrogen (mainly ammonium, nitrate,
orthophosphate and various forms of phosphate) in water
freshwater, exceeding the environmental capacity and self-puri

Literature [19] combined field observation agm e remote sensing data to analyze the
influencing factors of the intensity of Lake acterial bloom during several years, and
described the changes in the compositio on community, climate, and water quality,

and revealed that the temperature and ndex were the important parameters affecting
the structure of phytoplankton co e [20] determined that the water level of Lake
Taihu was the influencing factor bacterial bloom by analyzing the correlation analysis of

of cyanobacteria, and constructed the hazard function
of cyanobacterial bloom in Lake Taihuffevaluated the economic loss caused by cyanobacterial bloom,
and management of cyanobacteria in Lake Taihu. Literature
for monitoring and predicting harmful cyanobacterial blooms,
oring network for cyanobacterial blooms, realized the prediction of

cyanobacteria j
framework in
iterature [22] monitored the spatial and temporal distribution of
ms in Lake Taihu using Landsat images from a cloud computing platform and
percentage of the area of cyanobacterial blooms and the frequency index of
looms, indicating that cyanobacterial blooms in Lake Taihu diffused from the north
central, western and eastern parts of the lake. Literature [23] designed a cyanobacteria

orological conditions could affect the occurrence of cyanobacterial bloom on multiple time
scales, which verified the effectiveness of the model. Literature [24] proposed a fine range of
continuously varying response thresholds to characterize the relationship between Chla
concentration and NH4-N, total nitrogen (TN) and total phosphorus (TP) concentrations, pointing
out that TP is the dominant factor affecting the spatial variation of cyanobacterial blooms in most
areas of Lake Taihu. Literature [25] used the QPSO-RF machine learning algorithm to study the
extent of the cyanobacterial zone in Lake Taihu, revealing that the cyanobacterial bloom usually
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begins to grow in the northwestern part of the lake, then spreads to the center of the lake, and
dissipates earliest in the northwestern part. Literature [26] aimed to develop predictive models
through evolutionary computation to provide early warnings of cyanobacterial outbreaks, showing
that both spatially explicit and generalized models are suitable for most of the early warnings of
cyanobacterial blooms, and developing a detailed understanding of the environmental conditions o
cyanobacterial growth in Lake Taihu. Literature [27] embedded the relevant processing program i
EarthEngine to develop an actionable workflow for monitoring cyanobacterial blooms, and util

indicators of Lake Taihu, examined the environmental evolution of the lake
emphasized that the evolution of the Lake Taihu basin is affected by the compl

n, revealing the
gress of remote sensing
the optical properties of
and concluded that the
many significant advances,
roved the understanding of the

research on cyanobacterial blooms in inland waters,
cyanobacteria, chlorophyll, etc., and the application of sat
remote sensing algorithms for cyanobacterial pigmentation

the data basis for dynamic ion, and®the normalized vegetation algorithm is selected and
optimized, combined with erature remote sensing inversion as the identification and
detection algorithm of cyan idl bloom. Subsequently, by extracting the main features of
e spatial and temporal changes of cyanobacterial blooms, and
combining with the Lig orithm, a set of dynamic early warning models for cyanobacterial

temporal and ecasting of the Lake Tai cyanobacterial bloom, and analyze the temporal and
spatial charactewiStics of its intra-day change process.

' 40" ~31°32' 58" N, 119°52' 32" ~120°36’ 10" E, with an area of 2,427.8km?
including 51 islands, with an average water depth of 1.9m, and the maximum water depth of nearly
3m, which is a typical inland large-scale shallow water lake. Centered on Taihu Lake, the entire Taihu
Lake basin spans Zhejiang, Jiangsu and Shanghai provinces and cities, and is one of the most densely
populated and economically developed areas in China. However, in recent years, along with the rapid
economic development, the ecological environment of the basin continues to deteriorate, and the
problem of eutrophication of Lake Taihu is becoming more and more serious.

As can be seen from Figure 1, Lake Tai can be divided into nine lake areas from west to east: the
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western littoral zone, the southern littoral zone, the center of the lake, Zhushan Bay, Meiliang Bay,
Gonghu Bay, the eastern littoral zone, and East Taihu Lake. According to the 2012 Annual Water
Resources Bulletin of Taihu Lake Basin and Southeast Rivers, the water quality of East Taihu Lake,
East Coastal Area and Wuli Lake is IV in the whole year, with a total of 446.2 square kilometers,
accounting for 19.1% of the whole lake area, Gonghu Lake is V, with a total of 163.8 squar
kilometers, accounting for 7.0%, and the rest of the lake area is worse than V, with a total of 1,7
square kilometers, accounting for 73.9%. Lake Taihu is moderately eutrophic during the whole

and the lakes are moderately eutrophic in Meiliang Lake, Zhushan Lake, the center of the lake, th

managing cyanobacterial bloom in Taihu Lake has been urgent, and it is necessa
remote sensing monitoring system for cyanobacterial bloom outbreaks to lay afo
realization of early warning and prediction of the bloom.

Western
Coastal

Fig. 1. Taihu lake subregion

amic detection of cyanobacterial blooms

data, compares the two cyanobacterial bloom identification methods and selects the
threshold identification method, and realizes the remote sensing inversion of water
with the single-window and split-window algorithms, so as to launch the dynamic

Optical Remote Sensing Image Data Acquisition and Preprocessing

As the main means of surface information acquisition, remote sensing satellite technology imaging is
based on its mounted visible light camera, imaging spectrometer and other instruments, the satellite
will be acquired by the surface information for preliminary processing, transmitted to the ground
receiving station, the received image data for transformation, correction and other work, to generate
image data for different purposes. This section describes the remote sensing data and pre-processing
processes and methods of MODIS and Landsat 8 satellites respectively, which are derived as the
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principles of remote sensing detection of cyanobacterial bloom in Taihu Lake.

3.1.1. MODIS satellite remote sensing data and pre-processing. EOS satellite is the abbreviation of a
series of satellites planned to be launched by the U.S., and the MODIS data used in this paper are
included in them.Terra/MODIS satellite has been launched successfully since 1999, and has bee
continuously used for surface observation, climate change analysis and other researches. T
satellite passes through China at about 10:30 a.m., 705 km from the ground, and the Aqua/MOBIS
satellite was launched in 2002 and passes through China at about 13:30 a.m. Therefore, the t
satellites can realize daily observations of the earth's surface and climate change. Therefo
satellites can realize two observations of the ground per day.The maximum spati
MODIS data is 250m, and the number of bands is 36, covering the range from visibl
infrared. Among all the free satellite data, MODIS has a long history of use a i
remote sensing of water bloom monitoring because of its easier access and 1
days return).

MODIS data preprocessing mainly includes geometry correction, ‘@rea“eroppin
conversion, Rayleigh scattering correction, and cloud mask, as show :

, reflectance

1) Geometry Correction. The positional offset and image deformat data are very large,
and the first step of geometric correction is very necessary. Infthis papegwe utilize the MCTK plug-in
in ENVI software to directly complete the geometric correctio ata.

2) Area Cropping. In order to reduce the impact g
improve the efficiency of data processing, this paper crof
and only retains the image data of the Taihu yaters
based on the cropped image data.

dundantiimage data on the processing and
the geometrically corrected image data
and the subsequent image processing is

3) Reflectance conversion. After the
by ENVI software, the original DN y; s in the image are converted into two datasets in

(pr04) needed for the subse ioW of cyanobacterial blooms, it is necessary at this time to

first carry out the reflectance conversion work to convert all the pixels in the image to atmospheric

(1)

8 used are red and near-infrared bands, and the NDVI algorithm belongs to the
ithm, which is able to reduce the error brought by atmospheric radiation to a certain
hile MODIS data want to eliminate atmospheric errors and carry out accurate atmospheric
ork is more difficult, therefore, the preprocessing of MODIS is not carried out in this
r the atmospheric correction, only the Rayleigh scattering correction is applied to the data.
rrection is shown in equation (2):

Pros-raiecign = 1OA_Re flec tance* TgHZO I'T, - p, (2)

where 7, is the absorbing gas transmittance, TgHZO is the water vapor absorption transmittance,

and p, isthe Rayleigh scattering reflectance obtained using the 6S radiative transfer model.
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5) Cloud mask. Since the optical image data are susceptible to the influence of clouds and fog, the
presence of clouds will cover the complete water surface of Lake Taihu thus affecting the extraction
accuracy of the water bloom, so it is necessary to remove the thin clouds first when carrying out
cyanobacterial water bloom extraction. In this paper, according to the existing research, a
single-band thresholding algorithm is utilized to remove the thin clouds over the lake surface, an
the area with Rrc(1640)>0.03 is identified as a cloud and eliminated.

3.1.2. Landsat 8 satellite remote sensing data and pre-processing. Launched successfully in 201
Landsat 8 is the eighth satellite of the United States Landsat program and is equipped withighe Land
Imager (OLI) and the Thermal Infrared Sensor (TIRS). The satellite has 11 bands, of w;

resolution of 15m, and Landsat 8 has a revisit period of 16 days. Since its sugces
satellite has been widely used in the fields of resource investigation, envi

improve the rate of data processing, this paper will crop the imag
and only retain the image data of the Taihu Lake waters, a
based on the cropped image data.

geometric correction,
quent image processing is

radiometric calibration of Landsat satellites, the
be used to perform automatic radiometric cali

3) Atmospheric Correction. In this secti
Flaash is used to correct the images. Flaash
to calculate the atmospheric par s of reflectance inversion model, and estimates the
atmospheric attributes throu e speetral features of the image pixels to realize the image
pixel-level correction.

3.2. Introduction to common etation indices

The spectral character
there is a reflection

egetation are obvious and unique: due to the role of chlorophyl],
the green band of visible light, while the absorption valley is formed in

the blue and red ed by the structure of leaf cells, in the near-infrared wavelengths to form
slope effect”, the reflectance is greatly increased, and therefore the use of
the nea d visible wavelengths for linear or non-linear combination of operations to form

at can reflect the distribution and growth of green vegetation on the surface of
fore, the linear or non-linear combination of near-infrared and visible light bands is

ating the vegetation index, and then extract information about cyanobacteria by setting a
threshold value.
In the following, two common vegetation indices are introduced, and their effects on the
identification and extraction of cyanobacterial bloom information are analyzed to select the optimal
algorithm.

3.2.1. Ratio Vegetation Index (RVI). Due to the large difference in reflectance of green vegetation in
the near-infrared and red light bands, the Ratio Vegetation Index (RVI) is defined as in equation (3):
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RV]:pnit/pred (3)

Egs. p,, and p, represent the reflectance in the near-infrared and red light bands, respectively.

Specific vegetation index (SVI) is closely related to vegetation LAI, leaf dry biomass and chlorophyll
content, and is widely used to detect and calculate vegetation biomass. Areas covered with healthy,
green vegetation have Specific Vegetation Index (SVI) values much greater than 1 due to the str
absorption in the high infrared and red light bands, whereas clean water, buildings, bare so
vegetation with severe pests and diseases usually have SVI values less than 1. On lakes with den
cyanobacterial cover, the SVI is generally greater than 2, and if the cyanobacteria are
sparse, the SVI is generally near 1. The sensitivity of the RVI is dependent on th
vegetation cover and is very sensitive when the cover is high, while the sensi
significantly when the surface vegetation cover is less than 50%. Specific veget
susceptible to atmospheric conditions, so in general the images should be atmoSphe
to obtain the true reflectance of the surface for calculation.

3.2.2. Normalized Vegetation Index (NVI) and Enhanced Vegetation Index [). Considering the
problem of the infinite increase of the ratio vegetation index due act thabthe near-infrared
reflectance of the particularly lush vegetation is much higher t tance of the red light
band, the normalized vegetation index (NDVI) with a value field of ~ 1) is used as in Eq. (4):

NDVI = (pm'r _pred )/(pm'r + (4)

ear-infrated and red light bands, respectively.

where p,. and p, represent the reflectance in the

The normalized vegetation index (NVI) obtained
to a certain extent, eliminate the effects cau

lization of the ratio vegetation index can,
s in the sensor observation angle, solar

response of the vegetation.

Normalized vegetation index is wi
growth detection. When the grou i ered by green vegetation, the NDVI is generally
positive, and the value increas

etween the near-infrared and red light bands in a nonlinear
esults in increased sensitivity to low-covered areas and

vegetation index reflects the
way, and this nonlin
decreased sensitivity t
the surface, the nali egetation index is easy to saturate, and synchronous growth can not be
achieved. It hds been preved that the advantage of using NDVI will be more obvious in the

EV]:25X pm'r_pred (5)
pnir + Clpred +L _CZpblue

he

P and p,. are the reflectance of near-infrared, red and blue light bands,

ctively, i and C, are the atmospheric correction parameters for red and blue light, with

values of 6 and 7.5, respectively, and L is the soil conditioning parameter 1. The enhanced
vegetation index, with the introduction of the atmospheric correction parameter and the soil
conditioning parameter, can effectively make up for the shortcomings of the normalized vegetation
index, increase the sensitivity to the high-vegetation-covered areas, and reduce the influence of the
atmosphere to a greater extent to improve the monitoring of vegetation by weakening the
background signal of the vegetation canopy and soil changes. It can also improve the monitoring of
vegetation by weakening the background signal of vegetation canopy and soil variations by
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minimizing the influence of the atmosphere.

3.3.  Remote sensing inversion of water temperature

The data sources used for remote sensing inversion of water temperature in this section include
MODIS thermal infrared and the RS sensor carried by HJ-1B star. Among them, MODIS ima
recognizes water temperature by applying split-window algorithm, and HJ-1B thermal infrased
image recognizes water temperature by applying single-window algorithm.

3.3.1. Single Window Algorithm. The equation for the transmission of surface therma
through the atmosphere systematizes the sources of the total amount of radiation recei
covering the thermal radiation from surface objects, the upward radiation from the
the downward portion of the radiation. Thermal radiation is also subject to theyph
attenuation due to its absorption by the atmosphere as it passes thr
attenuation of surface radiation and atmospheric radiation is an importan
of thermal radiation, and the surface temperature is calculated by physical mo
transmission process.

For the relationship between radiation intensity, temperat
radiation function is shown in Eq. (6) through the abstract concept o

orin transmission
ing of the radiation

vavelength, the Planck
1e blackbody as a benchmark:

G

BA(T)=15(T/U_1) (6)

where B,(T) is the abstract concept its own diation intensity, expressed in units of
W-m?-sr- ,um‘1 . A1 is the wavelength. ] C2 are the radiation constants,

C1=1.19104356*10°W -m™> and C2=I.

ensor observation angle of ¢ in the shooting attitude of the
gy emissivity of the target water body. B (7)) is the intensity of

the atmospheric transufi
satellite, and ¢ is th

ASA website, and the corresponding parameter values can be calculated from
oting time, latitude, longitude, and atmospheric type of the target area, and the

it Window Algorithm. There are a total of eight bands in the thermal infrared spectral
of the MODIS sensor, and the thermal infrared bands mainly used in the water body
temperature inversion are band31 and band32.The core expression of the split-window remote
sensing temperature inversion model for the two thermal infrared bands is shown in Equation (8):

I = Ao +A1T31 _A2T32 (8)

where 7, denotes the actual temperature of the ground object (K), 7;, and 7;, denote the

brightness temperature values of band31 and band32 in the remote sensing image data, which are
calculated by substituting the values after radiative calibration of band31 and band32 in the
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compilation process of the program. 4,, 4 and A4, are the parameters of the split window
algorithm, defined as Egs. (9)-(11):

4 = {Dsz (1_C31 _D31):|a31 _|:D31 (1_C32 _D32)}a32

’ D32C31 _D31C32 D32C31 _D31C32
A4 = 1+—D31
Dy, Gy, - D, Gy, (1
+|:D32 (1_C31 _D31)/(D32C31 _D31C32 ):'bm V
Az — D31
D,,Cy, - D, Gy, (11)
+ |:D31 (1 - Csz - D32 ) / (D32C31 - D31C32 )] bsz

where a,,, b;,,, a,, and b,, are constants and can be taken as a; £-6460363, b, =0.440817,
a,, =0-68.72575 , b,, =0.473453 . Other intermediate parame e calc
(12)-(13):

G =¢&7,(0) (12)
D, =[1-7,)][1+(1-¢)7, (13)
where i referstobands 31 and 32 of MODIS. 7, atmospheric transmittance for viewpoint

The atmospheric transmittance 7,(6) i i e factor in the inversion process of target

ted as in Egs.

feature temperature, which is generall

over the target area, based on which'i relation coefficient with the atmospheric transmittance is
used to estimate 7,(€) with

2

a—n?e
P>
o= ——* (14)
B
where m eric moisture content (g~cm‘2), a and f are constants taken as
a=0, B =0,6321, respectively. p, and p, are the surface reflectance of band19 and
M , respectively.

is a significant linear correlation between the atmospheric moisture content and ,(6),

in
cangbe converted by the corresponding simulation equations. The atmospheric transmittance
imated by the segmented regression equation in the IDL temperature inversion program to
ilitate the calculation.

The atmospheric transmittance is not only determined by the atmospheric moisture content, but
also influenced by several factors, including the sensor viewing angle and the atmospheric profile
temperature. Therefore, it is necessary to correct for the viewpoint of the sensor flight attitude and
the temperature using different temperature intervals by applying the kernel correction to 7,(6).
The core correction is shown in Eq. (15):

7(0) =7,(0)+67,(T) - 67,(0) (15)
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where 7,/(f) is the atmospheric transmittance of the i(i=31,32) nd band after perspective
correction. 7,(6) is the atmospheric transmittance of the satellite at the moment of shooting in the
under-star position. o7,(7) is the temperature correction function for the two bands of the sensor.

ot,(0) is the viewing angle correction function of band31 and band32 in MODIS image, and it
function is expressed as equation (16):

57,(6) =—0.00322+(3.0967x10*) 6* (1

4. Construction of an early warning model for cyanobacterial bloo namic

4.1. Characterization of cyanobacterial blooms

For cyanobacterial blooms, the real-time dynamic changes are large, and if’i nge its
spatial location and distribution by wave movement and wind force. Ther it can'be, started from
izes the spectral
performance of each wave band and the influence on its grg nvironment to mine the
characteristic information of cyanobacterial blooms, with a vie inguishing cyanobacterial
blooms. The coupled image of HJ-1-CCD band of Taihu Lake December 14, 2013 is used in
this section.

4.1.1. Image Characterization of Cyanobacterial Blooms. €yanobacterial blooms significantly
increase the chlorophyll content in the water bodydeaditig to changes in the spectral characteristics
of the water body. Figure 2 shows the measured

in Wuxi City. The figure shows that a
absorption of algae and soluble orga

bodies, and its presen
contains algal chloroph

different states of algal bloom are consistent, with different reflectance
bloom covering the surface of the water body in the form of lacquer is
in the figure, and the reflectance of the bloom with low algal concentration
he water surface is low, such as the bloom 2 in the figure, and the water body has

s a submerged plant, which is more affected by the water body and has lower reflectance.

pectral patterns of blooms and aquatic plant 1 are similar, and blooms that are very thickly
attached to the water surface, such as bloom 1, have a higher reflectance than aquatic plants, but
blooms with lower algal concentrations have a lower reflectance than floating-leaf plants.
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Fig. 2. Measured reflectance curve of Taihu Lake on December 44, 2

aquatic plants and terrestrial vegetation were consistent, and%li€ cyanobacterial blooms showed a
decrease in the reflectance in the blue and red ligh d a high%eflectance in the green light with a

cyanobacterial bloom
General water body
—— Terrestrial vegetation
aquatic plant

~— - |=—¢— construction land
| . vqsr}“*’*a,&(/:“.
: I R . N ;);/f
\ y;
BS |-
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0.2 0.4 0.6 0.8 1.0 1.2

Relative reflectance value

Fig. 3. Spectral characteristics of typical features

4.2. Spatial and temporal variability of cyanobacterial blooms

The algorithm proposed in Chapter 3 of this paper was used to batch process all environmental
satellite images to obtain the total area and distribution of cyanobacterial blooms extracted from
each image, in order to carry out the research on the spatial and temporal characteristics of
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cyanobacterial blooms in Lake Taihu.
Taking the maximum area of cyanobacterial bloom per month as the area of cyanobacterial bloom
in that month, the statistics of all the selected images for the area of cyanobacterial bloom during the
second half of 2010-2015 are shown in Fig. 4, which shows that there are few images that meet the
requirements in summer, especially in July, mainly because of cloudy and rainy weather in summe
but from the only images, it can be seen that in 2014 and 2015, the July Lake Taihu cyanobact
bloom outbreaks were smaller in area and the water body was in better condition. Autumn is
most serious season for cyanobacterial bloom in Lake Taihu, the area of cyanobacterial bloom i
autumn is the largest, in which the most serious bloom is in August and September, this 1

under the condition of sufficient nutrient salts, the temperature and light are t in
affecting the cyanobacterial bloom. In summer, after the temperature exceeds degrees,
cyanobacteria will be more inclined to be under the surface of the water becauge t are afraid of
rface of
the water, and the bloom is in large scale. In winter, the area of cyano i decreased
slightly compared with that of fall but still existed because the tion of the water
environment of the lake in recent years led to the growth of the dur terial bloom

W

=

(=]
1

'S

=)

(=)
1

300 1

Bloom area(km?)

. Comparison of cyanobacteria bloom area between moons

of the cyanobacterial bloom area in Lake Taihu between 2010 and 2015

financial resources to manage the water quality and improve the water environment, and the
research work of scholars has also provided the government with the support of the decision-making.
A great deal of publicity and news reports have also made people realize the consequences of
environmental degradation, and the concept of protecting the water environment has been deeply
rooted in people's hearts.
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4.3.  Accuracy Assessment and Selection of Cyanobacterial Blo tion Models

Continuous all-weather monitoring of the intra-day change pr@cess of cyanobacterial blooms is an

amics of cyanobacterial blooms.

4.3.1. LightGBM-based cyan ' om prediction models. It can be seen from the above

the intraday dynamics of cyamobacte
from satellites are usually time=di

cloudy and rainy wea :
cyanobacterial ble de the observation moment of MODIS satellites is still a difficult problem.
l-weather continuous monitoring of cyanobacterial bloom outbreaks in
of retaining the advantages of satellite remote sensing data in spatial
as possible is the key to realizing the prevention and control of regional
disaster dynamics. To this end, some scholars have constructed prediction

the linear or nonlinear relationships between different meteorological variables

of these prediction models rely on actual station data, and it is difficult to retain the temporal
and spatial advantages of the generated cyanobacterial bloom data at the same time. The Landsat 8
satellite reanalysis meteorological dataset provides information on the changes of multiple
meteorological variables (e.g., precipitation, wind speed, and temperature) at 24 moments
throughout the day at a global scale with a spatial resolution of 9 km, which enables all-weather
monitoring of the changes of meteorological conditions in the region. Therefore, this paper will
combine the advantages of MODIS satellite data and Landsat 8 satellite data in terms of spatial and
temporal resolution, and utilize the machine learning (LightGBM) method to realize the all-weather
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spatial and temporal continuous monitoring (forecasting) of cyanobacterial blooms in lakes by
constructing meteorological data-driven cyanobacterial bloom prediction models.

After the model variables and model structure are determined, all input data are divided into
training set (70%), validation set (10%) and test set (20%). In this case, to ensure that both morning
and afternoon test results are available, one morning moment (09:00) and one afternoon momen
(14:00) data fixation are fixedly selected as the test set. Combining the cyanobacterial bloom
data and meteorological data at eight moments per day (08:00 to 15:00 local time, UTC+8),
relationship between model variables was simulated and mined using the LightGBM method. An
after the model training was completed, the Pearson correlation coefficient (R) and r mean

prediction performance is selected and inputted into the all-weather gridded
make all-weather spatial and temporal continuous prediction of the cyangb@cte
Lake Taihu. At this point, the construction and selection of the time-depe t prediétion model for
the cyanobacterial bloom area is completed.

4.3.2. Spatial and temporal characteristics of intraday cyanoba
analyze the spatial and temporal characteristics of the intraday ge process of cyanobacterial
bloom in Lake Taihu, this paper obtains the data covering the aihu and under the date of
“at least one available MODIS image”. Based on the comparati of the model test results, the
are input into the model to realize
area in Lake Taihu from 2010 to
2015. To facilitate the understanding of the model ast results, Figure 6 provides the forecast
MODIS observation period, which are
Ing, afternoon or night.

distributed in different types of time period§ suc

ue-at- value-at-risk
0.280 — 0.3000
‘ ' - 0.2260 - 0.2420
- 0.1720 - 0.1840
- 0.1180 - 0.1260
- 0.06400 - 0.06800

& —L 0.01000 — - 0.01000
E (a) 6:00 hours (b) 7:00 hours
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esults of cyanobacteria bloom outbreak area at five times

Combined all-weather forecasting results of the model, the long-term mean values of the
cyanobactgpia m at 24 moments of the whole day were calculated, based on which its
e whole lake of Taihu and its six subregions) and seasonal (spring, summer, autumn,
020) “characteristics were statistically analyzed, and the results are shown in Figs. 7

urly monitoring results showed that the intraday variation curves of cyanobacterial bloom
area) in Lake Taihu in different seasons had similar shapes, but there were differences in the
range of intraday variations, which were characterized by the small peak of the bloom area in the
morning (08:00-12:00), and the lower bloom area in winter than that in the rest of the three seasons.
The results of the intra-day changes of cyanobacterial blooms (bloom area) in different seasons in
Lake Taihu are shown in Figure 7.
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seasonal characteristics of the outbreak area change curve

rison and summarization of the spatial and temporal differences of intraday changes of
bacterial bloom in Lake Taihu under different regions and seasons using the model in this
paper revealed that the time period of intraday bloom was concentrated in 8:00 a.m. to 12:00 p.m.,
and the area of cyanobacterial bloom under the same partition and season had a similar pattern of
time-to-time changes. Seasonally, the overall area of cyanobacterial bloom in winter was lower than
that in the rest of the seasons, and the area of cyanobacterial bloom in fall was the highest. Regionally,
the area of cyanobacterial bloom in Meilang Bay was lower than that in the rest of the subregion.
Based on the long time series remote sensing data, this paper explores the establishment of the
use of technology for the identification, extraction and early warning of cyanobacterial blooms, and
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innovates the monitoring, prevention and control technology of cyanobacterial blooms in the Taihu

Lake

region.
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