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Abstract:

The occurrence and related risks from cyanobattbl@mms have increased world-wide
over the past 40 years. Information on the aburelamal distribution of cyanobacteria is
fundamental to support risk assessment and manageoivities. In the present study, an
approach based on Empirical Orthogonal FunctionHE&halysis was used to estimate the
concentrations of chlorophyll a (Chla) and the ofzacterial biomarker pigment
phycocyanin (PC) using data from the MODerate rg8mi Imaging Spectroradiometer
(MODIS) in Lake Chaohu (China's fifth largest fresiter lake). The approach was
developed and tested using fourteen years (200@)2§IMODIS images, which showed
significant spatial and temporal variability of thEC:Chla ratio, an indicator of
cyanobacterial dominance. The results had unbi&dé8 uncertainties of <60% for Chla
ranging between 10 and 300/L, and unbiased RMS uncertainties of <65% forde@veen
10 and 50Qug/L. Further analysis showed the importance ofientrand climate conditions
for this dominance. Low TN:TP ratios (<29:1) anéwlted temperatures were found to
influence the seasonal shift of phytoplankton comityuThe resultant MODIS Chla and PC
products were then used for cyanobacterial riskpmgpwith a decision tree classification
model. The resulting Water Quality Decision MatfWQDM) was designed to assist
authorities in the identification of possible ingakreas, as well as specific months when
higher frequency monitoring and more intense watestment would be required if the
location of the present intake area remained thees&emote sensing cyanobacterial risk
mapping provides a new tool for reservoir and ledeaagement programs.

Keywords: Remote sensing; PC; Algal bloom; Lake Chaohu; Clganterial dominance
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|. Introduction

Freshwater is one of the planet's most valuableue®s and an essential life-sustaining

element and necessary for the survival of nealyeabsystems. However, insufficient

availability and ongoing degradation of this reseuis threatening 1.1 billion people around

the globe (UN 2006). One growing threat is the @asing frequency of cyanobacterial

blooms in freshwater lakes and reservoirs (ChongsBartram 1999, Paerl et al. 2011), 87%

of the surface freshwater suitable for drinkinghigider 1996). Cyanobacteria can produce

a variety of toxins with negative effects on hunmealth and aquatic life (WHO 2011). The

threat posed by cyanobacterial blooms has increaged the past 40 years (Chorus and

Bartram 1999, Duan et al. 2009, O’Neil et al. 2012)

With increased population pressure and depletedngiwater reserves, surface water both

from rivers and lakes/reservoirs is becoming maeduas a raw water source (Falconer and

Humpage 2005). The monitoring of water bodies arekhiwater supply systems for

cyanobacteria and cyanotoxins is not yet commoatigeain most countries in the world, as

sampling and analysis are time-consuming and laiiensive (Chorus and Bartram 1999,

Hunter et al. 2010). There is a clear need for liindetection and quantification of

cyanobacterial blooms to control public health siglue to compromised drinking-water

sources.

Remote estimation of the concentrations of phyttgiian pigments provides helpful
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information to assess the risk of cyanobacteriabivls. The estimation of Chlorophyl

(Chla) has been used to provide basic informatiomplankton biomass and its distribution

has been used for decades (Morel and Prieur 1®iif)cannot be used to specifically

determine the abundance of cyanobacteria when pthyoplankton groups co-occur (Duan

et al. 2012a, Hunter et al. 2009). The estimatiophycocyanin (PC) is a good indicator of

cyanobacteria biomass, but is often more challengiroptically complex waters (Bresciani

et al. 2014, Qi et al. 2014b, Simis et al. 200%)e Telative contribution of cyanobacteria to

total phytoplankton biomass, the ratio of the PCCtda concentrations (PC:Chla), can be

used to indicate cyanobacterial dominance (Duaal. #012a, Shi et al. 2015a, Simis et al.
2007). Specifically, remotely sensed Chla and P& @hoducts are used in risk assessment
models based upon the World Health Organizationdange levels for recreational

waterbodies_(Hunter et al. 2009, Shi et al. 201%5hjs suggests that remote sensing might

be able to make a significant contribution to cyaawierial hazard identification and risk

assessment.

There are a number of sensors designed for ocdanremote sensing. MODIS Terra/Aqua

systems provide a very useful instrument for regutenitoring and long term studies

(2000-) of lake and reservoir conditions (Olmansbral. 2011, Wang et al. 2012), with

algorithms ranging from simple empirical regressida semi-analytical inversions which

have successfully been used to estimate Chla coatens (Kerfoot et al. 2008, Moses et

al. 2009, Wang et al. 2011). However, unlike globe¢an products, there are no standard

Chla products in coastal and inland waters, whegpécally active constituents vary
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independently (I0OCCG 2000). Importantly, MODIS E¢Aqua bands from 412 to 869 nm
are often saturated in coastal and inland watees tduelevated atmospheric and water
turbidity, as these systems were mainly designeddean use with a highly sensitivity and

narrow dynamic range_(Hu et al. 2012). For inlandtesbodies, novel Chla retrieval

approaches must be developed using non-saturatargisb present in the land and
atmosphere based sensors (Qi et al. 2014a). Ii@ddODIS does not has a 620 nm band,
making it difficult to build direct PC algorithmsabed on radiative transfer (Kutser et al.

2006, Tao et al. 2017). In recent years, artifiorélligence approaches, neural network

models, support vector machine (SVM) algorithms &mdpirical Orthogonal Functions

(EOF), have been used to estimate of pigment coratem (Bonansea et al. 2015, Craig et

al. 2012, Schiller and Doerffer 2005, Sun et a090These models are focused on reducing

the dimensionality of remotely sensed data andgbr out features that would not
normally be evident. They do not directly addrdss lbio-optical properties of the specific
phytoplankton pigment, but rather empirically addrehanges that are due to the variability

of the bio-optical properties within a set of mplé images.

Lake Chaohu supports an important commercial fgghimdustry as well as tourism and
recreation activities (Xu et al. 2005). The westgegtion of Lake Chaohu was, until 2007,
the major potable water source for Hefei City (dapital city of Anhui province, China).

The eastern lake is still the main drinking-wateurse for Chaohu City. Due to the
increasing occurrence of cyanobacterial bloomshéndastern lake, authorities are looking

for new approaches to manage water supplies tocityswith nearly 1 million people
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(Zhang et al. 2015). The objectives of this studgrev 1) to develop and evaluate
MODIS-based algorithms to estimate Chla and PCgu&i®F approaches, and explore
potential benefits of EOF analytics under thickoset; 2) to derive a satellite series
spatial-temporal distributions of Chla, PC and H@aCin 2000-2014 and explore their
influencing factors; 3) to assess the potentialthe#sk of cyanobacterial blooms in current
drinking-water sources and recommend the possililed sites for drinking-water source.
While there are a number of studies using MODI§uantify cyanobacteria, cyanobacteria

blooms, and cyanobacteria bloom phenology (Beckat. €009, Kutser et al. 2006, Wynne

et al. 2013); this is the first study to focus gramobacterial dominance and their driving

forces over such an extensive dataset.
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1. Materialsand Methods

2.1 Study area

Lake Chaohu (117.24117.90E, 31.40-31.72 N) is the fifth-largest freshwater lake of
China, with an average water depth of 2.5 m andirface water area of 770 kmits
residence time is about 150 days in the rainy seasd 210 days in the dry season (Tu et al.

1990). Nine rivers contribute 90% of the total watdlow to the lake (Yang et al. 2013),

while the Yuxi River outflows from eastern lake at®e the Yangtze River (Fig. 1). Before
the 1960s, Lake Chaohu was well-known for its scéeiauty and for the importance of its
fisheries and lake-related economic activities (2997). However, the lake has suffered

from eutrophication and frequent cyanobacteriabiyie in recent decades (Kong et al. 2013,

Zhang et al. 2015), due to local rapid populatioowgh and economic development.

Nutrient-rich inflows to the west lake from the NeinRiver, Shiwuli River and Pai River
which discharge about 10 million tons per year ofreated domestic and industrial
wastewater from Hefei City (capital of Anhui Prov&) (u et al. 2005).. This has led to an
elevated eutrophication of the western lake, witleeemean concentrations of TP and TN

were significantly higher than these in the eastake (Yang et al. 2013). As a result of

increasing eutrophication and the reoccurrencgafi@ebacterial blooms, the water supply to
Hefei City was changed to Dongpu Reservoir fromtersLake Chaohu in 2007 (Zhang et
al. 2015). Note that the west, central, and e&st $8gments are hereinafter termed WL, CL,

and EL, respectively.
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2.2 Data

2.2.1 Field data

Water samples and optical data were collected adabpling stations during seven field

investigations between May 2013 and April 2015 a&ké& Chaohu (Fig.1 and Table 1), with

a total of 259 sampling points collected. Water jglas were collected at the surface (~30

cm water depth) with a standard 2-liter polyethglevater-fetching instrument. The samples

were stored in cold dark condition before filterindaboratory conditions.

PC was measured using a spectrofluorophotometéméslizu RF-5301, 620-nm excitation

and 647-nm emission) and a reference standard &igma Company_(Duan et al. 2012b,

Qi et al. 2014b). Chla was measured spectrophotaally using NASA recommended and

community-accepted protocols (Mueller et al. 20@)spended particulate matter (SPM)

concentrations were measured gravimetrically oncprabusted and pre-weighed 47 mm

GF/F after drying overnight at 105°C overnight (&al. 2017, Duan et al. 2012b).

2.2.2MODISData

Cloud free data granules covering the study repemveen February 2000 and December

2014 were obtained from the U.S. NASA Goddard Spdigit Center (GSFC) (Table S1).

Level-0 data were processed using SeaDAS versiprto/ generate calibrated at-sensor

radiance. An initial attempt to use SeaDAS to gateerabove-water remote-sensing

reflectance Rs) (Wang and Shi 2007) was unsuccessful due to tedvaerosol
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concentrations and sun glint, even after adjustitegprocessing options (e.g., the default

limit of aerosol optical thickness at 869 nm wasréased from 0.3 to 0.5, and the default

cloud albedo was raised from 2.7% to 4.0%, etcuafbet al. 2014, Feng et al. 2012). The

R was derived after correction for Rayleigh scatigiand gaseous absorption effects (Hu et
al. 2004). As the ocean bands were frequently stgdrover Lake Chaohu due to the turbid
atmospheric and lake conditions; they were not eygal in this study. The 250m MODIS
bands at 645 nm and 859 nm and the 500 m band®at, 555 nm, 1240 nm, 1640nm
and 2130 nm cover a higher dynamic range than @earo bands and, therefore, rarely
saturate in turbid waters (Hu et al. 2012). As 1240 nm, 1640 nm and 2130 nm bands

often contain substantial noise due to detectafaats (Wang and Shi 2007), only four

bands at 469, 555, 645, and 859 nm were employ#dsiistudy.

2.3MODIS Chlaand PC products

According to past and present field measuremerake lChaohu has three general optical
conditions: "clean” water, a highly turbid statendoated by elevated concentrations of

suspended matter, and a cyanobacteria-bloom-doadin@iao et al. 2017). Of the three

conditions, water with high-suspended matter hhgyher R. compared to clear water areas,

but this difference was much smaller than that betwthese water conditions and

bloom-dominated waters. Bloom-dominated reflectainctihe near-infrared band (859 nm)

showed a high differentiation.

Following earlier studies in waters with high contrations of suspended matter, we used
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FAI=0.02 as the threshold for the pixels of pur@armbacterial bloomHu et al. 2010).

However, three situations arise which reduce ttHectteness of FAI class separation:
water-land boundary effects, bands with stripingseo and small-scale cyanobacterial
blooms. To reduce the misidentification of non-mooonditions for bloom conditions near
land boundaries, all images were visually inspedisel distribution of the number of pixels
in each scene that were affected by a water-landdrary effect was determined. The bloom
and non-bloom images were classified using thedstahfar outlier threshold (the average
value plus two standard deviations: 285 pixels B8 knf); among the 1806 scenes of
MODIS images, 1156 scenes with non-bloom (classohditions, and 650 scenes with

bloom conditions (class ).

The general approach followed multi-step procesg. (), which began with the Raleigh
correction of MODIS LO data to determine reflec&arR.. The floating algae index (FAI)
was applied to each scene and the distributionxeipwith FAI>0.02 was derived. Using a
standard far outlier threshold (average value plgsstandard deviations), an area threshold
(285 pixels or 17.80 kfn was used to differentiate the non-bloom imagéasécl) and
bloom (class Il) images. If the area of cyanobaatéloom was smaller than 17.80 knit
was considered a non-bloom image and Model | wgsared. If the bloom area was larger
than this threshold, it was considered to be arblonage, and Model Il was employed. The
input parameters of the Model | and Model 2 wer¢emhgined by regression of EOF

decomposition values with in situ measured ChlaR@doncentrations, respectively.

10
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EOF is used to reduce multi-band reflectance aatantorrelated and independent variables
(i.e., EOF modes) which are then applied to re¢rieater quality parameters (Barnes et al.

2014, Craig et al. 2012, Qi et al. 2014a). The tgreent of the EOF algorithms followed

three steps: (1) The first step was to normalis2Rh spectra to derive the NRdata, and
perform an EOF analysis (eg. using the princomgtion in MATLAB™) on NR.. The
output of the EOF decomposition includes the seetor of each EOF mode; each score
vector is a linear composition of the four origitends. The output also includes the load
value of each band, namely, the coefficients far lihear combination from the original
bands to the score vector of each mode; and thanear contributions that describe the
degree of the original band variance explaineddpheéEOF mode. (2) The second step was
to use a training set of in-situ samples to impletee linear regression analysis with the
score values of EOF modes. The relationship betwe®f modes and changes in the
concentrations of phytoplankton pigment (Chla or) B&€g. using the regress function in

MATLAB ™) followed:

B,+B T+ B T+ B T3+ BT, = pigment concentration (1)

where T, T,, T;, and T, were the score values of the four modes ahg_g) were the
regression coefficients. (3) The final step waayply the EOF based Chla or PC algorithms

to the MODIS image datasets. More detail are wedlcdibed in Tao et al. (2017).

2.5 Cyanobacterial risk mapping

A decision tree classification model (Fig. S1) lshea Chla and PC:Chla was developed to

11
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assess cyanobacterial risk (Hunter et al. 2009) @&pproach was inspired by the WHO
guidance levels, which uses the concentration @napacterial cells (or an equivalent
concentration of Chla) to estimate the level ok r8YHO 2011). However, the WHO

guidance levels do not differentiate the actuairaies of cyanobacteria from that of the total

phytoplankton biomass_(Tyler et al. 2009). To iatkc the relative contribution of

cyanobacteria to total biomass, several previoudiess used a proxy indicator (Duan et al.

2012Db, Shi et al. 2015a, Simis et al. 2007), exg@@ss the ratio of the PC concentration to
the Chla concentration. We used this ratio, PC:Gblandicate waters with a cyanobacterial

dominance .

2.6 Accuracy assessment

The algorithm performance was assessed using folires, namely the relative root mean
square error, unbiased RMSE (URMSE) in relativecpeatage (100%), mean normalized

bias (MNB), and normalized root mean square eM&N|S), defined as:

RMSE, ¢ = 100 /% n o (&)? (2)

1 i=xi\?
URMSE(%) = \/;2?:1 (ﬁ) X 100% (3)
MNB = 100mean(;) (4)
NRMS = 100stdev(e;) (5)

where & represents the relative difference between algoritetrieved and measurement
concentrations for th&" measuremeny is the algorithm result anxlis the measurement,
and n the sample size. URMSE was used to avoid devistibat cause skewed error

distributions. MNB is a measure of the systematiore, NRMS is a measure of random

12
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[11. Results

3.1 Algorithm development and validation

Large spatial and temporal variabilities in Chla &C were observed during the 7 cruises
(Table 1). Chla ranged from 6.85 to 122988L, PC ranged from 8.88 to 4807.48/L,
and PC:Chla varied between 0.09 and 50.39. Spatt2hla and PC were much higher in
WL than those in CL and EL. Temporally, the aver@pa and PC were highest in summer

(from May to September) while bloom initiation ocad in early spring (April).

The Chla algorithm was developed using 87 datss ge@m MODIS and in situ data (half
the data set) (Fig. 3a). There was a statisticalbnificant correlation between the
EOF-modeled Chla and measured Chla, with a coeffiaf determination ( of 0.64 and
RMSE.=70.12%. The data were scattered around the 1€l &nd the Chla algorithm
overestimates Chla with MNB=19.17% and NRMS=67.43%e PC algorithm showed
similar performance with 0.60, and lower uncertainties in all statisticabasures

(RMSE,=38.33%, MNB=26.98%, NRMS=73.50%) (Fig. 3¢).

The performance of the Chla and PC algorithms wssessed using the remaining 93
datasets, and the results showed significant atives between modelled and situ

concentrations. For Chla,%80.40, RMSE,=58.38%, MNB=18.68%, and NRMS=62.74%
(Fig. 3b); while for PC, B0.40, RMSE,=57.96%, MNB=38.11%, and NRMS=69.92%

(Fig. 3d). The performance of the algorithm waseptable considering that four land bands
14
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and a partial atmospheric correction were usedottaptly, the error bars of Chla and PC
also showed reasonable results (Figs. 3e and 8Rjlitidnally, the retrieved PC patterns
from MODIS are spatially consistent in two condiiso (Bloom and Non-bloom) with

MERIS PCI products _(Tao et al. 2017), which havevjged reliable PC estimations in

other inland water bodies (Qi et al. 2014b).

3.2Long-term trend and variability

The EOF-based algorithms were used to derive a-termy Chla and PC values from

available MODIS data, and these values were intednaith annual and monthly means.

3.21Chla

The seasonal mean EOF-derived satellite Chla shasigruficant spatial and temporal

variability (Fig. S2). In general, Chla was highisthe western lake (WL) compared to the
central and eastern lake areas (CL and EL). TheisMhighly eutrophic due to the high

degree of urban wastewater brought to the lakeutirahe Nanfei, Shiwuli and Pai rivers
(Fig. 1), which discharge millions of tons per yeadrwastewater from Hefei City. CL

showed the lower Chla as it receives the much eteaaters from the Hangbu, Baishishan
and Zhao rivers, which account for nearly half led total freshwater input into the whole
lake. The annual mean Chla of WL was consistenjdr than that of CL and EL, and

ranged from 21.16:gL™ in 2004 to 75.65ugL™ in 2012, with a long-term mean of

36.97+16.1ugL™ for the 15-year period (Fig. 4a). For EL, Chlaged from 19.49gL™ in

2001 to 44.18gL™ in 2012 (mean = 31.01+8.4@L™). Chla in CL was the lowest, ranging

15
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between 16.34igL™" in 2005 and 39.6&)L™ in 2010 (mean = 27.19+7.4%L™"). Of the
three lake segments, WL showed the highest inteuarvariability, with a 15-year standard
deviation (SD) of 16.19gL™, and followed by EL (8.42gL™) and CL (7.42ugL™). All
three lake segments exhibited similar temporakpagtwith increasing Chla trend, and Chla
in each segment between 2000 and 2006 was sigttificeower than between 2007 and
2014. Chla showed a noticeable decrease in 20F4.itn general, years with large positive
anomalies included 2007 and 2014, while years laitlpe negative anomalies included 2000

and 2006.

Seasonal dynamics showed multiple Chla maxima pte®eber (CL and EL) and October
(WL) and annual minimum in April in the entire lakBigs. S3 and 5a). All three lake

segments in February showed a second Chla peakoduigh amount of Bacillariophytes

present in early spring (no similar PC peak) (Detal. 2007). WL showed the highest Chla
through the seasonal cycle (21.96-63:68™7), followed by EL (19.26-54.9gL™) and CL

(17.31-51.8%ugL™).

3.22PC

Compared with Chla, estimated PC showed more gignif spatial variability (Figs. S4 and
S5). Annual mean PC was consistently high in Wihwgieaks in 2000, 2001 and 2009, and
relatively low in CL and EL throughout the studyripd (2000-2014) (Fig. 4b). High PC
values further extended to the CL and EL in 201lhe Tong-term mean in WL was

62.02+19.94ugL™, while long-term means were 17.01+6d@L™" and 19.36+4.8gL™ in

16
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CL and EL, respectively.

Seasonal distributions showed higher PC observesdiimmer and autumn (June-October)
(Figs. 5b. and S4). Mean PC reached annual maximdagust (EL) or September (WL and
CL). Similar to the annual mean statistics, WL shdwhe highest mean PC through the
seasonal cycle (66.27+52.46gL™); in contrast to CL (18.16x8.8.ugL™) and EL
(21.68+10.80 ugL™). For all three lake segments, seasonal varigbiiverwhelmed

inter-annual variability.

3.2.3PC:Chla

PC:Chla distributions, derived from Chla and PCduoicis mentioned above showed large
spatial and temporal variability (Figs. 6 and #prk 2000-2014, PC:Chla showed a general
decreasing trend in WL with significant inter-anhuariability (Fig. 4c). In WL, PC:Chla
ranged from 0.67 in 2010 to 2.58 in 2001, with gerage value of 1.72+0.56. Annual mean
PC:Chla in CL and EL were lower, with long-term meeof 0.62+0.24 and 0.64+0.21,
respectively. Similar the Chla and PC patterns, thignPC:Chla also showed significant
seasonality, but with highest PC:Chla in the laténg) and summer (April-August) (Figs. 5¢
and 7). This seasonal variation confirmed previfield surveys on the dominance of green
algae and diatom in the spring, and a shift to opanteria in summer contributing 70%-90%

to the total phytoplankton biomass (Deng et al.20@ et al. 2015).
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V. Discussion

4.1 Algorithm performance

There are several studies for estimating pigmarth as Chla and PC. For Chla, the ratio of
near-infrared (around 700-710nm) to red (around-@nm) reflectance, to highlight the
differences between the absorption maximum andmuim of pigment and water, has been

successfully applied to a wide range of turbid watmdies (Dekker 1993, Mittenzwey et al.

1992). This method depends on empirical lineareggjon to predict Chla of lakes water.

Using similar bands ratio but based on radiatiamgfer modelling _(Gordon et al. 1975),

Gons developed a semi-analytical algorithm for GRlaieval (Gons 1999). Furthermore, a

three-band model was also developed to estimate €icentration (Dall'Olmo et al. 2003),

and the two band ratio model was regarded as aaspease of the three-band model

(Gitelson et al. 2008). Similar to Chla, PC candetected based on the absorption feature

around 620 nm_(Bryant 1994), and current algoritlamesbased on the quantification of the

reflectance trough at this region in remotely sdrdata (Ruiz-Verdu et al. 2008, Simis et al.

2007). However, these algorithms developed in ohlavaters are designed using field
measured remote sensing reflectariRg,(and depend strongly on the absolute accuracy of

satellite-based?s (Duan et al. 2012a, Le et al. 2013). In fact, aatu cyanobacterial

pigments retrievals, especially for PC, from s#atelineasurements in inland waters have
been notoriously difficult to develop due to themgdex and highly variable nature of these

waters.

18



341

342

343

344

345

346

347

348

349

350

351

352

353

354

355

356

357

358

359

360

361

362

MODIS was designed for oceanic waters and easilyrat@ed over turbid waters. Even
without saturation, the requirements of the atmesphcorrection on aerosol optical
thickness (<0.3 at 859 nm) make valid MODRS retrievals extremely sparse in those
waters (Qi et al. 2014a). This would produce thetéd number of MODIS bands, together
with the large uncertainties in the full atmospbeorrection over turbid waters. Given the
difficulties in atmospheric corrections and theunatof the optical variability in Lake
Chaohu, the EOF approach provided reasonable sesulierive long-term cyanobacteria
distribution information. This is especially truéeh@n considering the Chla and PC patters
are reasonable (Figs. S2-S5) and low sensitivitlyigh SPM concentrations contained and
atmospheric aerosols perturbations (Fig. S6). Tineet RGB images in three subsequent
days on 5 and 7 January 2007 were generated fraarcdected under different conditions
(Figs. S6a- S6¢). Figs. S6a- S6b showed an examipége significant turbidity changes
occurred in most of the lake waters in two subsetjdays on 6 and 7 January 2007, yet
their corresponding PC (Figs. S6d- S6e) and Chiayén (Fig. S6) showed tolerance to such
significant turbidity changes, as revealed by teeyvsimilar PC and Chla distribution
patterns for pixels both impacted and not impadtedhe turbid changes. Fig. S6¢c shows
another example where the PC and Chla EOF algmsittame both insensitive to
perturbations due to thick aerosols. Despite thelevtake experience significant aerosols,
yet the PC (Fig. S6f) and Chla (Fig. S6i) valuedarrthis condition were similar to those
derived under non-thick aerosols from another tagsd(Figs. S6d- S6e, S6g- S6h). This
might be due to the spectral normalization whictiiglly remove the sediments and aerosol
effects while retaining most the spectral inforroatiof the four spectral bands, three visible
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bands contain information from cyanobacterial pigtaeThis has also been confirmed in

Lake Taihu and Tampa bay (Le et al. 2013, Qi e2@l4a).

It is important note that the use of EOF and silgike training provides a solution for one
lake, and possibly nearby lakes. The solution tdlikely to transfer to other locations well,
and the two algorithms may not be able to movectlyeo other lakes. Given that the lake
is of high importance for drinking water supplydagiven that the method used to ‘'train’ the
model is transferable with the requirement for addal field work, the approach will

nevertheless be of interest to water managemenomaiigs elsewhere.

4.2 Cyanobacterial dominance and itsdriving factors

Cyanobacterial dominance in anthropogenically ingdeutrophic lakes is an increasing
problem that impacts ecosystem integrity and huwagh animal health_(Downing et al.
2001). Understanding the cause of cyanobacterialimince has been a focal point of

classical and contemporary limnological researchvéths et al. 2003). The established

long-term Chla, PC concentrations and their rafiigg. 8a-8c) provide an opportunity to

further evaluate the driving forces that contrahmgbacterial biomass and potential relation

with physical variability in temperature and nutrtie

Since the earliest studies of phytoplankton ecglogyrients have been invoked as one of

the variables controlling phytoplankton communitirusture and a predictor of the

dominance of cyanobacteria. However, the annualnn@ala and PC in the three lake
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segments do not demonstrate significant positiveetations with annual mean TN and TP

(Fig. 4). In fact, TN and TP showed a general desirg trend throughout the 15 years (Figs.

8d-8e); in contrast, Chla and PC increased, inquéar in the years after 2009. The 15-year

time-series between Chla and PC and nutrientsatidhrow significant correlations (Fig. 8).

Generally, nutrient enrichment is a prerequisitecyanobacterial dominance and bloom

formation, and numerous bioassay experiments hawgodstrated that phosphorus and at

times nitrogen can act as the limiting resourceo@r1974, Tilman et al. 1982, Xu et al.

2010). This is also confirmed by that the high Chtel PC patterns primarily occupied in

WL and tended to decrease from the western todltem region in Lake Chaohu (Figs. 5

and 6), consistent with the distribution of nuttgeletermined from field samples (Figs.

8d-8f). However, the role of nutrient concentragion controlling cyanobacteria dynamics

might be limited due to elevated concentrations lamdinter-annual variation, and they are

likely in excess of algal growth demand. Note thhe annual minimum nutrient

concentrations (TN: 1.50 mg/L in 2007; TP: 0.10 Imigy 2010) during 2000-2014 in Lake

Chaohu exceeded cyanobacteria growth requirem@ms 1.26 mg/L, TP: 0.082 mg/L)

recommended to maintain bloom-free conditions ike_&aihu (Xu et al. 2014), which is at

a similar latitude and is dominated blycrocystis blooms. This explains why cyanobacterial

blooms can still thrive for much of the year in kakhaohu, despite the efforts being

undertaken to control nutrient loading.

Compared with TN or TP, the TN:TP ratio has beesmshto impact the phytoplankton

species composition, where low N:P favours the peodn of cyanobacterial blooms (Liu et
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al. 2011, Tilman et al. 1982). When nutrients ao¢ lmiting, the molar elemental ratio
(Redfield ratio) N:P in most phytoplankton is 1§Redfield 1934). A TN:TP ratio of 29:1
differentiates between lakes with cyanobacteriahidance (TN:TP<29:1 by mass) and
lakes without such dominance (TN:TP>29:1) in terapifakes (Smith 1983). Subsequent
multi-lake surveys and controlled experiments hgeaerally supported this hypothesis

(Havens et al. 2003). TN:TP rarely went above 29:CL (4 months) and EL (6 months) in

168 months between 2001 and 2014; while this tlaldsivas surpassed in 18 months of 84
months between 2008 and 2014. The nutrient dat&Vin was only collected during
2008-2014. Using this threshold, all PC:Chla data WL during 2008-2014 were
reorganized and separated into two categories.dntims with TN:TP larger than 29:1, the
corresponding average PC:Chla was 0.64; while nsoloéfiow 29:1, averaged 1.91 PC:Chla
(Figs. 8c and 8f). Note that the annual relativenopacteria to total phytoplankton biomass
(PC:Chla) (Figs. 4c and 6) in three lake segmespeaally WL showed a slight decreasing
trend in recent years, compared with an increadihgTP value (Fig. 4d); and they
displayed a significant negative correlation in #mire lake = -0.39,p < 0.5). The
mechanism proposed to link cyanobacterial dominaoca low TN:TP ratio is that all
species of cyanobacteria are better able to conipeteitrogen than other phytoplankton
when N is scarce. Therefore, when excessive P rigadreates a surplus supply of

phosphorus, N becomes relatively scarce and cyateim are predicted to become

dominant (Smith 1983).

Seasonal succession in the phytoplankton assenshbiegebeen observed in many eutrophic
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lakes, and temperature has been associated as pammtamt factor responsible for the

seasonal shift of phytoplankton commun(Blliott et al. 2006). Field surveys showed that

there was nearly 200 phytoplankton species mamdjuding Chlorophytes (101 species),
Cyanophytes (46 species) and Bacillariophytes (®&iss) in Lake Chaohu (Deng et al.
2007), and the dominated group shifted from grelgaeaand diatoms in the spring to

cyanobacteria in the summer and autumn (Deng eRG07, Li et al. 2015). This is

consistent with our monthly Chla, PC and PC:Chlaes (Figs. 5a-5c and 7). Chla reached

its first peak in February (Fig.5a) due to quickreasing of diatom (Bacillariophytes),

which was a superior competitor at temperatureswbdls °C (Tilman et al. 1986). PC and
PC:Chla showed their first peaks during summer betwJune and September with
increasing temperature (Figs. 5b and 5c). It has beported that diatoms dominated under

conditions of low water temperature in Lake Chadieng et al. 2007). However,

cyanobacteria generally grow better at higher teatpees than other phytoplankton species
such as diatoms and green algae, and this givea®bgateria a competitive advantage at

elevated temperatures (Elliott et al. 2006, Joedirdd. 2008, Paerl and Huisman 2008). Fig.

9 shows that the monthly mean temperatures werkowsgklated with PCr(= 0.71, Fig.
9b), but low with Chla or PC:Chla & 0.22, Figs. 9a and 9c). This is because cyarneiac
contribute a large proportion, 90% or more of tb&lt phytoplankton biomass, at higher
temperatures, in particular in the summer (Li et 2015). Additionally, there are two

cyanobacteria taxa in Lake Chaohdnabaena dominance in spring was overcome by

increasingMicrocystis dominance in summer (Yu et al. 2014, Zhang eP@16). This will
also result in increasing PC concentrations witlraasing temperature, and large seasonal
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variations of Chla and PC:Chla.

Factors causing the dominance of a phytoplanktonmare often difficult to reveal because
several interacting factors including hydrodynareftects are usually involved which are

not necessarily the same in different environmé¢bkulil and Teubner 2000). Nutrients

and temperature are generally regarded as the nmmoportant factors affecting
phytoplankton community succession, but their nedeiimportance depends on the lake and
its location, changes in (wind-driven) turbulenbght availability, and nutrient balance. It
has been reported that many diatoms are superiospplorus competitors and inferior
competitors for light and nitrogen at temperatwe®w 15 °C, whereas many cyanophytes
species are superior nitrogen and inferior phospiercompetitors, showing their

competitive potential at temperatures above 20D€nf et al. 2007, Tilman et al. 1986).

However, when nutrient concentrations are highan tbyanobacteria growth requirement,
warm water would increase activity rates of cyamtdr@a and enhance the probability of

cyanobacterial dominance (Duan et al. 2009, Lialef011, Wagner and Adrian 2009). A

recent study of cyanobacterial dominance based0®&® US lakes demonstrates that the
relative importance of these two factors was dependn lake trophic state: Nutrients play
a larger role in oligotrophic lakes, while temperatis more important in mesotrophic lakes;
Only eutrophic and hyper-eutrophic lakes exhibsignificant interaction between nutrients

and temperature (Rigosi et al. 2014). In Lake Chaalutrient concentrations are so high

that cyanobacteria growth is mainly controlled bynperature and light availability. The
incidence of cyanobacteria blooms will certainlgrease under future climate warming, if
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there is no significant nutrient reduction.

4.3 Implication for safety evaluation in drinking-water source

Harmful cyanobacterial blooms pose a threat to hiseder ecosystems used for
drinking-water supply due to the production of aytrxins such asnicrocystins (MCs),
which act as a protein phosphatase inhibitors amabtir promoters, causing acute and

chronic poisoning in humans and animals, partityliver injury (Falconer et al. 1983,

Paerl and Huisman 2009). MCs are produced by skeegamobacterial genera including

Microcystis and Anabaena (Chorus and Bartram 1999), the dominant speciesake

Chaohu (Yu et al. 2014, Zhang et al. 2016). As &ermahortage city, Chaohu City with

nearly 1 million people has only one drinking-wassurce in the EL section of Lake

Chaohu (Fig.1). In fact, Hefei City used to rely ¢me WL section as its principal

drinking-water source until it was forced to fineh alternative source due to heavy

cyanobacterial blooms around 2007.

Previous efforts have shown the effectiveness ioigus decision tree for cyanobacterial risk

monitoring and assessment (Carvalho et al. 201 htddwet al. 2009, Shi et al. 2015a, Tyler

et al. 2009). Using the present EOF based approachata from Lake Chaohu during

2000-2014, spatial and inter-annual variations w&nobacterial risk indicated a high

heterogeneity (Figs. 10 and 11). Most of the ladmains at low and no risk, only the WL

occasionally displayed a medium risk in the yed8422009 and 2011-2014. No high risk

years were observed. As expected, the WL showedhitjieest occurrence of low and
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medium risk rank in the entire lake. The EL was ohated by low and no risk while the

conditions of the CL were usually no risk. The w2000, 2001, 2003, 2005, 2009 and 2011

showed the largest areas of low risk. Seasonatilmisbn confirmed an increased risk

during the months with the highest temperaturey(@@ptember), and a reduced risk in the

winter. It's also worthy noticing that the largegiatial variability was revealed in September,

while WL with medium risk rank and CL and EL weretlv with no risk. This may be the

result the prevailing southeast wind in this pertbdt increased the transport of surface

algae to the west. In such conditions, re-accesgiagWL for domestic water supply to

Hefei City remains problematic.

To meet the current drinking-water requirement@baohu City, the distribution of past risk

conditions around the source was used to creatstrédbdted water quality decision matrix

(WQDM, Table 2). Using annual monthly mean Chla &&lin 5 km buffer zones around

the drinking-water source in EL derived from MOD(3000-2014), WQDM was derived

first using the threshold Chla and PC:Chla valugsiaed from the decision tree (Fig. S1).

Then these values were derived from satellite gavaucts and a WQDM was generated

using these values. Results indicated that there generally low risks, and occasionally

medium risks, while none risk occurred between danand March during winter. This

present a significant problem for the drinking wagapply to Chaohu City with potential

increases in human health related risks.

One possible way to remediate the problem woultbbmove the drinking-water source to
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another site in Lake Chaohu. By considering the WiQDased on areas with the highest
frequency of no risk, it's possible to identify theost appropriate water intake areas of the
lake, considering the past 14 years of data (F2gs12d). Several areas in the CL were good
candidates, with 60% or more frequency with no riBlg.12a); however, with a 30%

frequency of low risk (Fig.12b). The closest ofsbeareas was almost 30 km from Chaohu

city. There was no location with 100% frequencyrisk (Fig.12d).

Another option would be supplement water treatnaeming the periods of the year that are
most prone to increased risk in the area of theedbio water intake in the EL. Focused
water treatment in this period to remove MCs wordduce risk for the population of
Chaohu city while not incurring the costs of yeauiird treatment. In general, there were low
and occasionally medium risks in the 5 km buffeme® around the present day
drinking-water source area, with no risk conditioveer occurring only between January
and March (Table 2). As low risk means the surfaeger contained 5~2pgL™ PC and
10-50ugL™ Chla (Fig. S1), this translated to an equivaler.80~3.98igL™ MCs (Shi et al.
2015b). This is higher than the thresholdufL™) suggested by WHO for drinking water

(Otten et al. 2012)

The combination of identifiable thresholds thaidléa increased risk of compromised water
supplies and regular monitoring using remote sengnovides a new tool for the
management of lakes used for domestic water sugppglids also worth mentioning that
present satellite constellations would allow fdatieely rapid detection of changes in lake
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state, allowing for early warning and mitigationtbé drinking water quality during intake.

By building spatially explicit historical datasets possible to estimate the relative risk of

positioning (or repositioning) water intakes. Whemst or infrastructure limitations prohibit

the access to low risk lake areas, temporally feduactions to improve treatment (or

increased monitoring) with respect to local comdis can be made. The ultimate solution

will be to reduce nutrient loads of surface watbtg,complex in-lake processes and nutrient

storage do not allow for simple linear solutions.
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V. Conclusions

In this study, we used an EOF approach to estithateoncentrations of Chla and PC from

MODIS in Lake Chaohu. Based on 1806 MODIS imagegimed from 2000 to 2014, we

found that PC:Chla ratio has a great potentialgtect the cyanobacterial dominance, and

the nutrient and climate conditions favor this doeamice. Additionally, long-term

cyanobacterial risk in Lake Chaohu was assessdud avitVater Quality Decision Matrix

based on MODIS Chla and PC products. The resuttgige new insights that could assist

authorities in the identification of possible intakreas, as well as specific months when

higher frequency monitoring and more intense waEatment would be required using the

present intake area in Lake Chaohu. This study detrates that remotely sensed

cyanobacterial risk mapping provides a new tool f@nagement programs for this and

similar lakes and reservoirs.
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Tabd 1. Water quality properties collected in Lake Chaohu. Chla: chlorophyll-a; PC: Cyanobacteria phycocyanin pigments, SPM: suspended particulate

matter.
Date N Chla (ug/L) PC(ug/L) SPM(mg/L) PC:Chla
Mean Range Mean Range Mean Range Mean Range

201305 56 42.50+55.58 8.19-257.65 130.794+190.87 12.48-909.92 38.21+17.27 10.00-9286  4.62+7.48 0.55-50.39
201306 31 165.80+304.65  15.16-1229.83  513.56+1603.55  30.74-4807.72 79.06+63.24  27.00-324.00 2.46+0.79  1.454.36
201307 45 54.62+56.64 12.75-260.80 111.94+196.12 9.85-776.55 111.29+55.11  38.00-244.00 1.76+1.15  0.22-5.25
201309 25 160.83+251.75  20.11-1131.96 254.98+552.82 12.48-2682.32 50.12+26.33 20.00-138.00 1.17+0.56  0.46-2.66
201409 33 44.57+28.43 16.63-157.87 72.47+111.36 6.57-558.76 67.27+20.22 19.00-112.00 1.35+0.99 0.13-354
201501 30 54.36+36.89 17.86-138.55 42.50+55.97 9.85-321.27 31.80+10.05 12.00-65.00 1.10+098  0.09-4.11
201504 39 16.25+13.44 6.85-85.87 22.461+20.99 8.88-113.33 61.16+25.00 26.00-133.00 1.98+1.38 0.53-7.39




Table 2. Cyanobacterial risk levelsin 5 km buffer zones around the drinking-water source in

Lake Chaohu established from MODIS observations during 2000-2014 and a decision tree

(Fig. S1). Note that blue means no risk, green means low risk, yellow means medium risk,

and white means insufficient MODIS data avail able.

Year
Month

Feb.
Mar.
Apr.
May
Jun.
Jul
Aug.

Oct.
Nov.
Dec.




Fig.1 Location and distribution map of Lake Chaohu, China. Note that the red circle located

near Chaohu City is 5 km surrounding zones around drinking-water source.
Fig.2 The processing procedure of MODIS Chlaand PC products

Fig.3 Algorithm training and validations: (a) Chla training; (b) Chla validation; (c) PC

training; (d) PC validation; (e€) Chlaerror bar; (f) PC error bar.

Fig.4 Annual mean of (a) Chla, (b) PC and (c) PC:Chla ratio derived from MODIS for the

three lake areas; (d) Annual mean of TN, TP and TN: TP for whole | ake.

Fig.5 Monthly mean of (a) Chla, (b) PC and (c) PC:Chla ratio derived from MODIS for the

three lake areas; (d) Monthly mean of TN, TP and TN: TP for whole lake.

Fig.6 Annual mean PC:Chla distributions derived from MODIS (2000-2014) in Lake Chaohu.
Note that there are distinct boundary effects due to aerosol thicknesses (Tao et a., 2017), and

long-term time-series data would contain some errors near the |ake coast.

Fig.7 Monthly mean PC:Chla distributions derived from MODIS (2000-2014) in Lake
Chaohu. Similar to annual mean PC:Chla product, there are distinct boundary effects due to
aerosol thicknesses especially in summer seasons (Tao et a., 2017), and long-term time-series

data would contain some errors near the |ake coast.

Fig.8 Time-series of satellite-derived phytoplankton pigments (a-c) and in situ measured
nutrients (d-f) from the three lake segments. The long-time series nutrients data are provided
by local Chaohu Management Bureau. Note that the blue dash line show the datawith TN: TP

larger than 29:1.

Fig.9 Relationship between (a) Chla, (b) PC and (c) PC:Chla and monthly mean temperature

in entirelake.

Fig.10 Annua mean risk rank distributions derived from MODIS (2000-2014) in Lake

Chaohu.

Fig.11 Monthly mean risk rank distributions derived from MODIS (2000-2014) in Lake

Chaohu.



Fig.12 The frequency (a-c) and mean (d) of risk rank distributions derived from MODIS
(2000-2014) in Lake Chaohu: (a) No (b) Low (c) Medium (d) Mean. Note that there is no

high risk rank in Lake Chaohu.
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MODIS agorithms are developed to estimate chlorophyll a (Chla) and phycocyanin (PC)
concentrations.

Long-term Chla, PC and PC:Chla maps are derived from 2000-2014 MODI S data in a eutrophic lake.

Low TN:TP and elevated temperatures influence the seasonal shift of phytoplankton community.

Cyanobacterial risk mapping provides atool for safety evaluation in drinking-water source.



