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Abstract

Lakes are regarded as sentinels of change, where shifts in environmental conditions
significantly affect lake phenology. A significant consequendid®€thange is the perceived
increase in the frequency, magnitude, and severity of algal blooms in lakes globally. Algal
bloomdincreased productivity in lakes pose significant ecological, economic and health risks,
impacting fisheries, tourism, and freshwater access. The impacts of external nutrient loading
from anthropogenic sources are wadlcumented; howeveblooms have been observed to
occur in even remote lakes. Climate change is a hypothesized driver of these recent algal bloom
trends, such as increasing global air temperatures, water temperatures, lake ice loss,
precipitation intensityanddrought. Past research on tihgactof climatic drivers on algal
biomass dynamidsasoftenbeenlimited to lab, mesocosm, or short termed observations, due
to limited in situ data. New remote sensing data products make use of historic multispectral
satellite image archives to providgeaterspatial and temporal coverage of algal biomass
concentrations, allowing for longer time series observational studies to be coralsstizage
areas Using data provided by the European Space Agency (ESA) Climate Change Initiative
(CCI) Lakesprgect (product version 2.00), daily chlorophyha (chl-a; proxy of algal
biomass), Lake Surface Water Temperature (LSWT) and Lake Ice Cover (LIC) fronto2002
2020 werederived from five North American Great Lakes: Great Bear Lake (GBL), Great
Slave Lake (GSL), Lake Athabasca (LA), Lake Winnipeg (l-\&hd Lake Erie (LE).
Additional atmospheric and lake physical variables were provided liutoppean Centre for
Medium-Range Weather Forecasts (ECMWF) ERA&nddata as part of the ERA5 climate
reanalysis product including:r2 air temperature (T2m), Total Precipitati@PT), Surface
Net Solar Radiation (SNSR), Surface Runoff (SR) and Subsurface Runoff (SSR), Wind Speed
(WS) and Lake Mixayer Depth (LMLD). Such data products allow for comprehensive time
series analysis on the interaction effects of atmospheric and lakegllparameters on algal

biomass dynamics.

Winter temperatures exhibit the highest rate of chaelgdive to other seasgnshere

LIC loss isimportantfor Northern hemisphere lakesowever its effect on algal biomass
iv



dynamics is relatively unknown. To investigate how di€ation alterslgal biomass in North
AmericanGreatLakes annual and seasonal algal biomass, LSWT and LIC parameters were
calculated for the five study lakes using ESA CCI Lakes data. Algal biom@adse3.G1 i

0. 75 tyrhand LSWT( b 0.637 0.14 K yrh) were found tancreasewith a general
decrease in LIQ b -0:88i -1.08 Days yt) from 2002 to 2020Vector autoregressions
(VARSs) showed that ilNorthernLakes NL; GBL, GSL and LA), LSWT and LIC parameters

provide greater explanatory power for annual/seasona cbhcentration$ (B i X )

compared td@outhern Lake$m B i m&@ @ Additionally, LIC parametersrerefound to
provide higher explanatory power foiLs during the spring season compared to LSWT.
However, higher explanatory power does not indicate predictive capacity, where machine
learning methods may provide strongeedictive models

To determine if LIC may act as a predictor of algal biomass parameters, multiple linear
regression (MLR) andrtificial neural networks (ANN)were constructed usingerpixel
observations of annuakasonal algal biomadsSWT, and LIC parameters. Irrespective of
season, LSWT only models returned lower prediction error (median NRMSE = 0.82) compared
to LIC only models (median NRMSE = 0.93). However, models consisting of both LIC and
LSWT returned the lowest predictive error (ne@dNRMSE = 0.75)While LIC did not act as
a strong predictor of algal biomassramdom fores{RF) classifier was used to determine
whetherLIC could classify the presence &dke-specificanomaliesn chl-a concentrations.

The RF model found that LIC paramet@ce on/off)had the highest mean accuracy decrease
on averagéor NLs during thespring seasarLIC timings are changing, where it was found to
have greater importance on springtime abnormal algal biomass growth in NLs. While LIC was
important at this time compared to LSWT, the impact of other important atmospheric and lake
physical variables on algaldsnass dynamics are not well understquatticularly at a smaller

temporal scalei.g., daily).

To assess the potential interaction effects between algal biomass, atmospheric, and lake
physical parameters, a network analysis was conducted using a High Order Dynamic Gaussian
Bayesian Network (HEDGBN) for the original time series, the stationary, fstationaryand
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resi dual signal s at : daiy/rthyreerdgys, wveeklyp mweeklandr an g e s

monthly averages)lit was found thaLSWT, T2m and SNSR were the most important
parameters on average, where LSWT exhibited the highest importance on the daily scale
compared to the monthly. Additionall},MLD returned increased importance at longer
temporal frequencigswhile SSR returned increased importance at shaeenporal
frequencies. &mperature interactions weraixed, typically returning both positive and
neative interaction, whileSNSR typically exhibited a positive interaction with-ehlwhile

LMLD exhibited a frequent negative interactio®PT and WS were found to be the least

important parameteis all study lakes

This thesis provides some of the first analyticsdsof the ESA CCI Lakes product
productthat undergoes regular updatesery two years or 3@s new satellite and situdata
become available, and algorithfes the retrieval of chl, LSWT and LICarebeing improved
As such, improvements are expected in futetease®f the productlimiting the accuracy of
some findings in the thesis. Of the data presented, there is evidence that LIC is a significant
contributor to spring algal biomass dynamicsNds; however Southern LakeéSL; LW and
LE) exhibit more complex interactions, likely due to anthropogenic impacts. This thesis
identifies the complexitpf LSWT interactions with algddiomass anddentifies LMLD as a
predominantly negative effe@h the developmentfoalgal biomass.Algal biomasses are
increasing, where increases LSWT yield higher algal biomass peaks (at varying times
throughout the year) within the study lakes. Future climate scenarios may provide conditions

favorable for algal biomass growth, whéterthern landscapes are at the greatest risk.
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Erie. AB = All Basins, CB = Central Basin, NB = North Basin, SB = South Basin, EB = East
Basin, WB = West Basin. MC = Mean G&] XC = Max Chla, BC = Abnormal Chh, BD =
Abnormal Chia Days, PC = Peak GAIDOY, MT = Mean LSWT, XT = Max LSWT, AT =
Anomaly LSWT Days, PT = Peak LSWT DOY, ON = Ice On DOY, OF = Ice Off DOY and
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Table B.7.7. Summer Autoregression results for each parameter where AlCc = Akaike information
criterion second order, fpe = final prediction error, aywd Standard error. GBL = Great Bear
Lake, GSL = Great Slave Lake, LA = Lake Athabasca, LW = Lake Winnipeg and LE = Lake
Erie. AB = All Basins, CB = Central Basin, NB = North Basin, SB = South Basin, EB = East
Basin, WB = West Basin. MC = Mean Gh] XC = Max Chta, BC = Abnormal Chh, BD =
Abnormal Chia Days, PC = Peak CAIDOY, MT = Mean LSWT, XT = Max LSWT, AT =
Anomaly LSWT Days, PT = Peak LSWT DOY, ON = Ice On DOY, OF = Ice Off DOY and
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Table B.7.8. Fall Autoregression results for each parameter where AICc = Akaike information
criterion second order, fpe = final prediction error, ayw standard error. GBL = Great Bear
Lake, GSL = Great Slave Lake, LA = Lake Athabasca, LW = Lake Winnipeg and LE = Lake
Erie. AB = All Basins, CB = Central Basin, NB = North Basin, SB = South Basin, EB = East
Basin, WB = West Basin. MC = Mean Gh] XC = Max Chta, BC = Abnormal Chh, BD =
Abnormal Chia Days, PC = Peak CAIDOY, MT = Mean LSWT, XT = Max LSWT, AT =
Anomaly LSWT Days, PT = Peak LSWT DOY, ON = Ice On DQOY, OF = Ice Off DOY and
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Chapterl: 1 ntroducti on

1.1 Motivation

There is a perception that tfrequency magnitudeand severity of algal bloonfsave
increasedylobally in recent decadeposing significant environmental, economic and human
health issues (Paerl & Huisman, 2008inter et al.,2011 Brookset al.,2016;Pick, 2016;
Favotet al.,2023. There has been a larger increase in blooms in recent years cortgpared
thoseof past decadeHou et al.,2022) Phytoplanktorare ecologically important for lakes,
as theyform the basis of aquatic food welsi€ld et al., 1998; Wilkenet al., 2018, are
significant contributors of global biogeochemical cycling (Carr & Whitton, 1982; \&fedlr,

2015), and contribute ~40% of atmospheric oxygenation (Falkowski and Raven, 2007).
Additionally, phytoplankton are photosynthetic autotropdsdkey in the storage and cycling

of phosphorus, cycling of iron, and the fixation/rematization of nitroger(Gimenezet al.,

2018. Lakes are considered sentinels of change, where the shift in algal species composition
and biomasss key to indicators of biogeochemical and lake physit@ngegAdrian et al.,

2009; Konget al.,2017a). The excess of algae leads to increased bacterial respiration of DO
during algal decomposition, resultingdeepwateranoxia Wellset al.,2015. Shifts in algal
community structurgintroduction of invasivespeciesand anoxianay also limit or suppress
native zooplanktonRomanet al.,2019 Senaret al.,2019. Blooms may result in beach and
lake closures, impacting tourism and water sports industries, while anoxia can lead to fish Kills,
significantly impacting fisheriesMooreet al.,2019 Smithet al.,2019. Nuisance blooms can

clog water intakepipes and disrupt drinking water availability, while many genera of
cyanobacteria produce neurotoxins which can result in neurolodieaiatological,and

hepatologicalllnessegHilborn & Beasley, 2015).

The trend in increasing algal biomass and bloom formation is traditionally attributed to
the anthropogenic introduction of allochthonous macro and micronutri€ctsr(dler, 1977;
Huismanet al.,2005. However, inrecentyears,blooms have been observed to occur within
remote and oligotrophic lakes with minimal anthropogenic influeRak( 2016;Favotet al.,

2019; Smol, 2019. Global climate change is an anticipated driver of these recent trends in



algal biomassRaerl & Huisman, 2008Bartosiewiczet al.,2019; Ho & Michalak, 2020
There has been an increasglobal air temperaturesf ~1.09C (Portneret al.,2022) with
high-latituderegions experiencing the greatest incrg&®een & Simmonds 2010eong et

al., 2014).Higher air temperatures drive freshwater warming, where many genera of algae
yield a higher growth raté\ells et al.,2015. Changes$n temperatureanalso affect the rate

and duration of stratificatiorKfaemeret al.,2015, lake mixing regimesAdrianet al.,2009;
Ficker et al., 2017, and even nutrient exchange, which can affect algae in different ways
(Tammeorget al.,2020; HarrowLyle & Kirkwood, 202J). Shifts in precipitatioraffect the

rate of external loadingOfeed & Band 1998Coffey et al.,2019, flushing Ho & Michalak,

2020 and mixing Bakker & Hilt, 201§ within a lake, which ultimately affects algal biomass
growth Reichwaldt & Ghadouani, 20)2Factors such as wind speed and light availability
will also impact algagrowth dynamicsHuanget al, 2016; Zhouwet al, 2021). The presence

and duration of lake iceoveris a key factor incontrolling lake mixing regimeslight
availability, and the duration of thgrowing seasonRumyantsevaet al., 2019. Canadian
winter temperatures are increasiag a higher ratéghan inany other seasofZhanget al.,
201%), thusdisproportionately impacting overwintering conditions. &gh,it is imperative

to understand how this change in ice cover may impact algal biomass.

There have been many studileathave addressed the impacts of atmospheric and lake
physical variables on algal biomadgnamics; howeverthese are often limited t&ab-
controlled experiments, mesocosm studies, asibrtterm observations, due to data
limitations.In addition,very few observational studieave been conducted thre connection
between changes in lake ice cover and algal biomass. The effects of lake ice cover change on
algal biomassare relatively unknown.New remote sensing data produesd climate
reanalysis data sets haalowedcomprehensivebservational studies to better understand the
dynamics betweedimateinducedvariables and algal biomass. Such research may be used to

improve algal biomass forecasts, projection modeldearly warning systems.



1.2 Objectives

The primary objective of this research is to determine the influémeteclimate
induced atmospheri@nd lake physical variables havetbetrends,variability, and dynamics
of algal biomasin five North American Great Lake&reat Bear Lakehgreaftereferred to
as GBL), Great Slave Lake (GSL), Lake Athabasca (LA), Lake Winnipeg (LW) and Lake Erie
(LE) over a 19-year period(20027 2020. These lakes are selected to provide varying
latitudinalandanthropogeniconditions where theNorthernLakes(NL; GBL, GSL,and LA)
reside within primarily natural watersheds with minimal anthropogenic developwigife,
theSouthern LakeéSL; LW and LE) reside within heavily developed watersheds (agriculture
and urban)Due to limitedin situ observatios, complete time seriesf lake biological and
physicalcharacteristic¢e.g, algal biomass, lake iceurface water temperatures, eacjoss
many lakes (particularlin Northern regions) are not available. Utilizing new remote sensing
data products provided ke European Space Agencies (ESA) Climate Change Initiatives
(CCI) Lakesproject, it is possible to provide a comprehensive analysis of algal biomass trends,
variabilities, and dynamics. The ESA CCI Lakes proguwotiides a harmonizedKm daily
gridded imagery from 20022020 of various lake parameters including lake ice classification,
chlorophyl-a concentration (chl-a; proxy of algal biomass)and lake surface water
temperaturefLSWT). Additional gridded climatic parameters such as precipitation, wind
speed, net surface solar radiation, land air temperature, and surfezgfage runoff
provided by the European Centre for Medigange Weather Forecasts (ECMWF) ERA5S

landallow for additional interaction effects analysis.

This research aimed to achieve three main object{l¢sleterminef lake ice affects
the trends and variability of algal biomass, (2) determine if lake ice is a predictor of algal
biomass, and (Fssesand comparghe interaction effects of lake physical and atmospheric

forcings on algal biomass dynamics.

1.3 Structure

This thesis is comprised of a total sdvenchapters andtructured in a manuscript

format. This first and current chapter highlights the general motivatimmgose,and
3



objectives regarding algal biomass dynamics, its environmenitzdrs, and how remote
sensing products may be used to fill in current data gdpter 2 provides an-ttepth review

of how environmental variables associated with climate chaffgetthe abiotic and biotic
drivers within a lake,thus affectingthe growth rate,concentration,and community
composition of algae in freshwater lakes. Chapter 2 also provides information regarding how
these variables are changing and their implicaionkkephenologyand areview of remote
sensing techniques and challenges within freshwater systems, providing an overview of
empirical, machinéarning,and bicoptical chtaretrieval techniques. Additional information

is providedon Bayesian network analysis techniques to provide additional context for the
methodology ofChaptel6. Chapter Xovers an overview of the study aseal data sets used for this

thesis. All research conducted in the three following chapddar$) was carried oufor the same five
North American Great Lakes and used the same ESA @dsand ERA5land data.

Chapter4 addresses lake ice as a potential drivetrends and variabilityn algal
biomasswithin study lakes over a gear period. This researetxplores thgreprocessing of
the ESA CClLakes product andassessethe trends and variance of various annual and
seasonakthl-a concentrations (proxy of algal biomasEsSWT, and lake ice cover(LIC)
parametersThis chapter is planned for submissiorote of the following journaldzrontiers

in Water Water, or theJournal of Great Lakes Research

Chapter5 exploreswhether LIC is a predictor of algal biomassing empirical and
machine learning techniquds.addition,classification techniques using a random forest (RF)
modelwereimplemented to determinghetherLIC can determine whether a given pixain
return thelake an abnormal algal biomass concentratiorhis chapter is planned for
submission to one of the following journdigontiers in WaterWater, or theJournal of Great

Lakes Research

Chapter6 expands upon the previous studies by assessing the interaction effects of
manyphysical and atmospherficrcings of lake®n the dynamics adlgalbiomassat a higher
temporal resolution (daily monthly scale). This chapter utilizes a Hi@inder Dynamic

Gaussian Bayesian Network (HQGBN) to provide a Directed Acyclic Graph (DAG), to

4



simplify the interactions, and provide a dynamic context, as there is often a lagged response
between an environmental trigger and an algal biomass resgdnse&hapter is planned for
submission to one of the following journdisontiers in WaterWater, or theJournal of Great

Lakes Research

Chapter7 summarizes the findings of the previous chapters, identifies key challenges,
and directs the potential for future work. The manuscripts are included in their ofdgmat
and therefore may include some repetition in dataset descriptions, study areas, and

methodologies between chapters.



Chapter 2 Al g al bi omass respadhmasgretdol eavir
det ectg atnerlelimattee sensor s

2.1 Introduction

The earliest recorded descriptions of algal blooms (AB) were made by Giraldus
Cambrensis in 1188 (Reynolds & Walsby, 1975). After the discovery of microorganisms in
1665 by Robert Hooke and the work of Dr. Arthur Hassall in 1838ssall, 185Q)
phytoplankton were defined by Victor Hensen
waterso (Hensen, 1887; Whi ppl e, 1899; Reyno
were known as the main growth drivers of ABs by 1899, where the effects of ptesspha
(Atkins, 1924) and land use (Lack&ySawyer, 1945) were assessed by the early te2®iid
century. ABs became a significant issue within North Amemca he 19500s ( Scot
Carmi chael; 2008), where Lake Erie became ki
the 19601970s due to dissolved oxygéDO) depletion (Ludsiret al., 2001 Manivanan,

2008. ABs were associated with economic loss and health risks (Gorham, 1964; Reynolds &
Walsby, 1975), the consequences of which prompted research by David Schindler in the
Experimental Lakes Area of Canada, which had shown the impact of phosphorus owthe gro

of algae in a natural system (Schindler, 1974). Studiesd thata reductionn phosphate

based detergents could reduce phosphorus (P) loading (Gakstatter & Allum, 1978t Maki
1984), where voluntg reductions began in thénited Statesnd Canada in the lai®70sand
werebanned by the detergent industry in 1994 (Litke, 1999).

P limitation success in reducing eutrophication/AB occurrence (Schietcddr 2016;
Smithet al.,2015) was shotlived, as AB occurrences increased globally by the turn of the
21st century (Crossmaet al.,2019). A 20year time series (1998017) study of the Western
Basin of Lake Erie had found an increase in the duration (days) and severity of annual
cyanobacteriaABs (Sayerst al.,2019). ABs have been observed to increase in frequency in
recent decades (Hoet al., 2022) where increases in intéres agriculture, reduction of
wetlands/forests, increase in nitrogéch waste waters, and dissemination of invasive species
are prevalent theories for the increase in ABs (Mitsch, 2017; Weteak, 2021). Global
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climate change is considered a significant driver of ABs taedshift to toxin producing
cyanobacteria (Paerl & Huisman, 2008; Salnmetsa.,2018), which can result in neurological,
hepatologicaland hematological damage (Hilborn & Beasley, 2015). While some consider
climate change a major driver (Paerl & Otten, 2013; Edkiral.,2022), others contest that
anthropogenic nutrient loading is a mandatory prerequisite (\WWaag, 2021, Chenet al.,

2014). Climate change impacts various environmental variables, which ultimately impact the
lifecycle and growth rate of algae.

2.2 Climate Change Impacts on Lake Phenology

There is significant evidence that climate conditions are changing at an accelerated rate
within the last 100 years compared to the past, driven by anthropogenic activities (Hallegraeff,
2010; Waterset al., 2016). Lakes are considered sentinels of change, where the impacts of
changes in environmental conditions are reflegtethe health and productivity of lakes
(Adrian et al.,2009). Conditions such as shifts in air temperatures, more frequent and intense
heatwaves/droughts, desertification, and moegudent/intense precipitation events trigger
change in lakes such as: increased water temperatures, reduction in water levels, aeolian dust
deposition, higher external/internal loading, reduction of lake ice duration, changes in mixing
classifications, loger thermal stratificationmethanogenesisand acidification of lakes.
Ultimately, such significant change to lake physical and biogeochemical structures can

significantly affect the biota within the lake, leading to increased algal bloom potential.

2.2.1Air Temperature Increase

Environmental conditions are changing aheterogeneouand unprecedented rate,
impacting freshwater lake physical and biogeochemical systfslfay et al.,2020. Air
temperatures have increased by 1.09°C from 1838022 due in part tahe anthropogenic
emission of various greenhouse gases, Methane (ChH), Nitrous Oxide (NO), and CQ)
(Portneret al., 2022). The rise in air temperatures coincides with a rise in freshwater
temperatures, with an average increase of ~0.834°C per decade (Konsatet al.,2009;

O 0 R eaeatdl.J2015; Yanget al.,2019; Woolwayet al.,2022). Regional studies coincide with
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global results in various regions: 0.26°C per decade in ChinaefX&le,2022), 0.40° 0.46°C
per decade in western Russia (Filaéhal.,2019), 0.23°(per decadén Austria (Niedristet
al., 2018), 0.25°C per decade in Colorado, US (Robetri., 2017), 0.40°C per decade in
Europe (Stefanidist al.,2022), amongst others (Woolwayal.,2019).

2.2.2Heatwaves and Droughts Increase

In addition to increases in average annual temperatures, global studies have reported
increasesin temperature anomalie@/arotos et al., 2013 Liu & Duan, 2018; Perkins
Kirkpatrick & Lewis, 2020)Heatwave intensity has incredfeom 11 8°C per decadéL950
i 2014) whereNorthernCanada, Europe and Asaasethe most affected (PerkisiGrkpatrick
& Lewis, 2020).Climate models predict double the frequency of severe drought conditions for
Europe at a 2 3°C global temperature increa@amaniegeet al.,2018).The frequency of
100year droughtss also anticipated to increase, particularly in the-mebst andNorthern
latitude regions4haoet al.,2020).Increaseddrought and heatwave conditions increase the
duration and severity of stratification ardwer lake water levels (Zhai et al. 2023).
Additionally, drought conditions result in dried soil surface conditions, limiting percolation

potential andncreasingsurface runoff during rainfall eventRékkasaget al.,2023).

2.2.3Desetrtification Extension

The extension of drought conditions, along with anthropogenic terrestrial
modifications, is a primary driver of desertification, primarily for asdmtarid, and semi
humid regions (Emadodiet al., 2019; Huanget al., 2020). Desertification increases the
amount of suspended aeolian dust (A&jagal.,2017), resulting in higher iron (Fe) deposition
( O6 Neeal. |2012). Atmospheric dust is pheteduced to ferrous ions (B (Shi et al.,
2012), which igeoxidizedto ferric ions (F&") in waters of a pk 6, while waters with a pH
< 6 will not oxide and remain soluble (Molet al.,2014).However, droughtonditionsare
regional and not a global change, as various regions show heterogeneous chaagal(Dai
2018).



2.2.4Precipitation Changes

Climate models suggest an increase in global avenaaggpitation from 1979 2020,
with mean trends of 0.006 0.0102 mm day per decade (Gu & Adler, 2023). Despite the
average increase precipitation, thehange is highlyreterogeneousyhere various tropic and
subtropical regions have seen reduced precipitation, while high latitudes showed an increase
(Dai et al., 2018). Regionghat experience increaseutecipitationare also expected to see
extreme drought conditions, as shifts in precipitation are primarily a result of increased
intensity (Zhaoet d., 2020). Global land regionsare expected t@bserve an increase in
precipitation extremes by 32+8% 55+13% than present by 2100 under varying climate
scenarios (Thackey et al., 2022). Others have fourtiat, while the frequency of intense
precipitation is increasing, the magnitude is only increasing significantly for the northwestern
hemisphere (Papalexiou & Montanari, 2019). Regional studies indicate an observed increase
in heavy storms by 7%, 14% of veryawy storms,and 20% of intense storms foxetUS from
190871 2000 (Groismaret al.,2004). A UK study returned similar results, with an observed
increase in intense precipitation events from 192609, with more intense events projected
(Kendonet al., 2014). Intense precipitation events prevent percolation, increasing surface
runoff/flood risks, particularly when followed by drought events (Sreithl.,2013). Arctic
precipitation isexpectedo increase at greaterrate than previously projected, where there is
an expected transition from snaw rain in the summer/fall seasons, impacting lake ice

formation timings (McCrysthaet al.,2021).

Despite the changes to summer/fall conditionshas been observed that winter
temperatures are increasing at the highest rate, particularly fetatigide regions (Hansen
et al., 2006; Houzeet al., 2019; Zhanget al., 2019%). As a result of changes in water
temperaturesand precipitation patterndake ice phenology has observed a significant

reduction globally\\Voolwayet al.,2020.

2.2.5Reduction of Ice Cover

Ice-free duration for Northern hemisphere lakdses increased from 0.63 days per

decade over the past 1y@arsto an increase of 1.83 days per decade from 192605
9



(Bensoret al.,2012), where ice duration trends were found to be six times fasteri(2945)
compared to any other previous quarter centuries (Shetralg2021). Regional studies have
returned similar findings: 2.2 days per decade in the Great Lakes BlasthernWisconsin

(Hewitt et al.,2018), 1.2 days per decadeNorthernEurope (Lopezt al.,2019), 0.31 0.34

days per year in Northeastern Canada, 0.0014 days per year iNorthernEurope, 0.34

0.60 days per year in Alaska, US,0i13. 05 days per year 1inetCentr a
al., 2016), and 1.91 2.21 days per decade in China (Yabal., 2016). Similar to air
temperaturesiNorthern latitude lakes have experienced higher ice loss and earlier break up
rates compared to lower latitude lakes @uwal.,2017), wheregate of changés often due to

air temperatures, lake morphometry, elevation, precipitatol cloud cover (Brown &
Duguay, 2010). Lakes have been observed to change in ice cover classification, where
perennial icecovered lakes have begun to show seasonal melt (@bwlk 2019; Sharmat

al.,, 2013), seasonal ieeovered lakes have transitioned to intermittent coverage, and
intermittently covered lakes no@xperieneno winter ice coverage (Sharretal.,2019). The
number of intermittently iceovered lakes is expectéalincrease significantly under varying
climate scenarios, where by 2080, the current ~15,000 intermittesbveeed lakesare
expected to increase between 35,3a00215,600 (scenarios: 28°C global air temperature
increase). Ice coverlaysan important role in facilitating theurationof light exposure, the

timing of lake mixing, and the duration of stratification.

2.2.6Shift in Lake Mixing Classes

Lake mixing indicateshat the lgpolimnion and epilimnion in a lake have equalized
temperatures and densities, allowing for a cycling of waters within the water column (Jewson
et al.,2009). Mixing supports and enables the transfer of macro and micronutrients from the
benthos throughout the water column, increasing their availal$tiockenreiteet al.,2021).

Lakes are classified by the patterns and seasonality of mixing a lake experiatde2 (
and Figure 2.3, which is controlled bythe morphomiy of the lake the sources of

inflow/outflow, precipitation, wind speed, cloud coyetc. Rochaet al.,2022).
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Table 2.1. Lake mixing classes as defined by Lewis (1983).

Mi xi ng Mi xiSmlCl a ¢ Definition
: |l ce forming | akes wit
Continuo h i ) L
onmict roughear .t gpica y
P seasonal strati ficat.i
. No-nhce forming | akes w
Continuo
. throughout the year.
pol ymic | . .
Pol ymi seasona s_trat| |ca_t|_
. .l ce formingrlegkid sarwint
Di scontir
OlymiCthroughout the_y_ear._
P seasonal strati ficat.i
. . No-hce forming | akes w
Di scont i
events throughout the
war m pol ) : .
seasonal stratificat.i
l ce forming | akes wit
Col d mon event (typical at hig
Mo nomi ¢ cover). Strat-spredgyun
No-hnce forming | akes w
Warm monc . . . ) .
mi Xxi ngStervaetnitf.i ed spri
l ce forming | akes wit
Di mi ct - during spring and f al
summer and winter mo n
No-hnce forming | akes w

Mer omi ¢ ) per enstiradt iyfi ed.

. . |l ce forming | akes whi
Ami ct i - . . .
perennially stratifie

It has been observed that as a result of earlier ice breakup, earlier mixing occurs, which
allows for longer open water seasons, resulitnthe occurrence csummerstratificationin
arctic lakes, transitioning from a cold monomictic to a dimictic cl&scentet al.,2012).
Historically, dimictic lakes have also been observed to transition to wiaonomictic lakes,
and even polymictic lakes to dimictiddrian et al., 2009; Fickeret al.,2017. A study by
Woolway & Merchani{2019)found that of 600 globally distributed lakes, 100 will change in
mixing class, of which 17 will transition from dimictic to warm monomictic. The gbift
dimictic mixing ensures summer stratification, which can significantly affect the rate of

internal loading and dissolved oxygen (DO) within the lake, significamibacting thebiota.
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Figure 2.1. Examples of annual lake mixing classes (Dimictic, @dtthomictic,and Warm Monomictic).

2.2.7Increased Severity and Duration of Stratification

Due to the increases in global air temperatureafwavesand droughts, the duration
and severity of thermal stratification has increased in recent years for freshwater lakes
(Kraemeret al., 2015; Janeet al., 2023; Wanget al., 2023). Stratification occurs when
prolonged solar radiative flux and air temperatunesatea difference in water density and
temperatures between the epilimnion and hypolimnion, preventing nutrient exchange
(Andersonet al.,2017). Lake morphometry awdnd speedhlso play aale in the timing of
stratification (Tanentzagt al.,2008). Lakes express a heterogeneous pattern of stratification,
particularly in large and deep lakes, which take longer to stratify, have shorter stratification
periods, and show greater persistence of temperature anomalies (Woolway and Merchant,
2018). Lhder climate scenario models, it is anticipated that lakes globally see stratification

occur 22.0+7.0 daysarlier anddissipate 11.3+4.7 days later thanrently seen (Woolwagt
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al., 2021). Under various climate projections, it is anticipated thatil@886 ofNLs will shift
to the same thermal regimeslodv-latitudelakes by 2080 2099 (Maberlyet al.,2020)

Precipitation and wind events can initiate mixing, increasing internal loading within
the benthos and external loading due to runoff (Weinke & Biddanda, 2019; &ihalng022).
The increase in turbidity from external and internal loading in surface waters increases the rate
of stratification onset due to higher irradiance scatter in suwatersand limited penetration
throughout the water colum@é@atset al.,2006; Butcheet al.,2015. The longer stratification
occurs, the more intense the stratfion is (thinner thermocline, higher temperature
difference between the epilimnion and hypolimnion), thereby further increasing its duration,
as surface waters take longer to cool (Messtai.,2021). Stratification is also known to play
arole inmethanogenesis, where extended periods of anoxia increase benthic releasmof CH
eutrophic lakesRartosiewiczet al.,2019; D'Ambrosio & Harrison, 2021). The prospect of
methanogenesis may exceed the offset of carbon sequestration performed by algae
(Skwierawskj 2022).

2.2.8C02 Deposition

The emission of C@is considered the mostignificantgreenhousgas contributingo
anthropogenic warmingncreasing the deposition @02 in lakes Rao & Riahi, 2006
Mustafaet al.,2021). The deposition of C&On waters results ithe formation of inorganic
carboncompoundscarbonic acidH2COs) and bicarbonate (HCE) (Talling, 1976; Cole&

Prairie 2013) For waterbodies with low primary productivitgligotrophic), thedeposition of
H>CQOs decreases the pH, while high productivity (eutrophic waters) results in an increase in
pH due to carbon sequestratidralling, 1976; Verschooet al.,2013. Acidification may be

more likely to occur during the fall as algal levels decline, and more alkaline in the summer
(Ravenet al.,2020).

There is significant evidence of shifts in environmental conditions globally, where
waters are becoming warmer, precipitation events (drought and rain) are becoming more

extreme and frequent, lake ice is reducing, lake mixing regimefangingand stratification
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rates are increasing. Water chemistry profiles are changing due to increases in external loading,
higher rates of internal loading, CO2 depositimmd reductions of DO in benthic wateld.s

are experiencing the greatest rate of change thedefore areat the greatest risk. These
impacts will have a significant effect on algal growth cycles, bionaassmulation,and

species compositions.

2.3 Impact of Changes inLake Phenology onAlgal BiomassDynamics

Lakes are changing in response to the change in clichatetoshifts inphysical ad
biogeochemicaparameterqFigure 2.2). The impacts of these changes are dynamic and
complex and vary both spatially and temporally. The impact of changasious physical or
atmospheric parameters differs depending on lake morphometry, algal community
composition, anthropogenic influences, watershed terrain, etc. Various studies provide insight

into how shifts in environmental parameters imghetdynamics oélgal homass.
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Figure 2.2. Pathways of biotic and abiotic drivers of algal bloofitse blackarrows represent a positive interaction (an
increase in the driver results in an increase in the target), red arrows a negative interaction (an increase in thatdriver re
in a decrease in the targedjid theorange arrowsepresenboth a positive and negative interaction.

2.3.1Impacts of Temperature onAlgal Biomass

The increase in water temperature is frequently reported as the most significant climatic
contributor to increased algal biomass accumulation, due to the impact warmer temperatures
have on algal growth optimumBderl & Huisman, 200&aerl & Otten, 2013Crosset al.,

2015; Borowitzka et al., 2016; Thomas & Litchman, 2016¢obler, 202). Algal growth
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optimums aregeneraspecific, where various genera of cyanobactérea Anabaenaand
Microcystig proliferate at higher water temperatures (optima of ~30°C) while diatoms and
dinoflagellates (optima of ~12 20°C) proliferate in cooler waters (Paerl & Otten, 2013). A
study by Ho and Michalak (2019) showed that summer temperatures were a drivinghfactor
algal biomass accumulation, and prolonged summer conditions drove cyanobacterial
dominance in continental US lakes. Others had found that increased water temperatures are
driving the dominance of toxin producers, where various cyanobacteria have been observed to
express higher toxicitfLamb et al.,2019).NLs may also sean increase ityanobacterial
dominance due to the increase in lake thermal regimes supporting invasive species northward
migration (Gobler, 2020). The increase in temperaturdlfothern regions results in a loss in
permatfrost, loweringlbedo,and increasing regional radiance absorption (Chadbuat.,

2017). Permafroghawis also linked tdrowning, increasing dissolved organic carbon (DOC),
DOM and N, concentrations, impacting algal abundance and species compdaitiek €t

al., 2022; Myrsteneret al., 2022; Colemanet al., 2023. The increase in nutrients drives
primary productivity which can increasautochtonous DOM,ukeling primary productivity

further (Miller et al.,2009; Creeckt al.,2018). When primary productivity isigh, however,

surface waters become turbid and therefore waters become light limiting, reducing primary
producton (Gameiroet al.,2011). The limitation of light penetration intensifies the rate of

stratification in lakes.

2.3.2Stratification Effects onlnternal Loading

The increasen stratification may increase the growth rate of algae due to stable, non
turbulent water conditions, conditiotisat often favour cyanobacterial dominance (Brasil
al., 2016; Lehmaret al.,2017). The accumulation of epilimnetic algae results in the eventual
deposition of decaying algae in the benthos, where bacterial respiration increases, decreasing
DO levels, where prolonged stratification prevemiging, and furtherincreaseshe severity
of hypolimnetic hypoxia (DO < 2mg1) (Nolanetal., 2019).The decompositioof algae in
the benthos will also increafiee deposition of nutrientspnverting organic P to inorganic P,

which can be madavailableduring the following mixing cycle@rihel et al., 2017, Kim,
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2018. Hypoxia may also increase the rate of hypolimnetic internal loading via lower redox
potential (Woolwayet al.,2021). Sedimented Fds reducedinderhypoxic conditions to Fg,

where low redox can break fRecomplexes increasing P availability (Tammeetrgl.,2020;
HarrowLyle & Kirkwood, 2021). Stratified waters provide a competitive edge to
cyanobacteria, which can migrate from the photic zone to the nutrient rich benthos, facilitating
further growth (Huismaret al., 2018). Cyanobacteria acqeiFé* for facilitating nitrogen
fixation, where F& can limit cyanobacterial growth, however’Fean be acquired via iron
chelators i(e., sideophores) (Molokt al., 2014). Hypoxia may also indirectly support
cyanobacterial dominance. Hypoxic conditions cause zooplankton to digperskallower
waters, altering grazing patterns and reducing their efficiency, leading to suppression and
potential mortality (Kimmelet al., 2009; Nolaret al., 2019 Romanet al., 2019. Poorer
nutritional quality of cyaabacteria may also increase their dominance dseléztive grazing

by zooplankton@aron & Hutchins, 2012; Senetral.,2019. Mixing can disrupt water column
stability, allow aeration of the benthos and disperse benthic nutrients, providing advantages to

nonrmotile algae such as diaton&ommeret al.,2012; Jewsoet al.,2009).

2.3.3Mixing Controls on Nutrient Availability

Mixing controls the timing of benthic nutrient suspension winezerc (P, N, C, and
silicon (Si)), and micronutrients (Fe, copd€u), andzinc (Zn) facilitate algal growth and
cellular reproductionand areprimarily found intheir dissolved form Raven, 19881990;
Smayda, 2008Bonachelat al.,2012;Songet al.,2012 Lin et al.,2016. P is considered the
primary controlling nutrient of algal bloom formation (Schindler, 1974; Coeteyl.,2009).
However, cyanobacteria have been hypothesized to bémefitost from N loading, as they
can metabolize proteins from multiple N sources, both terrestrial and atmosgharnief al.,
2017 Errattet al.,2018). A lower N:P promotes cyanobacteria over other algel@r{dleret
al., 2008).Algae also require C for the metabolic process during photosynthesis,cahicé
sourced from DOM (comped of ~50% DOC) oby atmospheric depositioTéalbotet al.,
1990;Zeebe & WoltGaldrow, 2001Badeet al.,2007; Moody & Worrall, 2017Ravenet al.,

2020). Micronutrients also plagn importantrole in algal community compositions, where
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higher Fe supports cyanobacteria due to its rolezifiddtion (Honget al.,2017; Luoet al.,

2019; Freemaret al., 2020. Higher Cu may also support cyanobacteria by increasing Fe
bioavailability hanget al.,201%), while Zn is also used fgrhotosynthesis, itan become
phytotoxic in largeamountqOhki, 1976; Lahiveet al.,2011; Cheret al.,201%). Depending

on the lake mixing structure, the timing and duration of mixing can impact the community
composition and when algal biomass peaks occur,evb@ol turbulent waters will support
nornrmotile algal growth $almaso, 2010 During winter, waters are typicallygtratified;
however,turbulent waters provide earlier nutrient resuspension, therefore favaawegal
genera of dinoflagellates in spring phytoplankton assemblages over diiamt al.,2011;
Hjreneet al.,2019) The duration of mixing is important, as a short mixing cycle between the
onset of mixing and stratification does not allow for full overturn, resulting in lower benthic
DO, increasing interndbading,and has been known to lead to algal blooms, even for remote
lakes (Favoet al.,2019;Reinl et al.,2021). Mixing is not only controlled by changes in air
temperature, as strong wind and precipitation events can initiate mixing, primarily for

polymictic lake systems (Woolwast al.,2017; Holgersort al.,2022).

2.3.4External L oading Driven by Precipitation

Increased wind speeds may induce mixing, stimulating agaith for relatively
shallow lakes, as win@ave action can trigger mixing, suspending sedimented inorganic P
(Huang et al 2016; Zhouet al 2021). Precipitation events allow for a mobilization of
allochtonous sediments, often bound with nutrients, dependitigesuarface conditions of the
catchment, where agricultural regions are often associated with high nutrient loading (Creed
& Band 1998; Coffeyet al.,2019). Although increasing external lang, precipitation will
induce flushing in lakes, disrupting stable growth conditions, dependilake morphometry
(Ho & Michalak, 2020; Bakker & Hilt, 2016). Lake waters become turbid following
precipitation events, increasing the rate of stratification, where significant precipitation events
followed by long periods of stratification and high tengteres are the predominant caofe
cyanobacterial dominance (Paerl & Scott, 2010; Paerl, 2018; Ceffal, 2019). Rainfall

events can replenish epilimie nutrients, prolonging/supporting cyanobacteria and higher
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biomass Jameset al., 2008; Reichwaldt & Ghadougn2012; however they may also
disrupt/collapse high biomass and blooming eveddsdbser& Simonsen, 1993]Jones&
Poplawski, 1998Ahn et al.,2002 Jameset al.,200§. Others have observed no significant
correlation between precipitation and agal biomagssSkméinet al.,1999; Haakonssoet al.,
2017;Wiltsie et al.,2018). Precipitation, along with temperature are significant contributors

to lake ice formation timings, and ice type compositions (Ariano & Brown, 2019).

2.3.5Lake IceControls on the Succession oAlgae

Overwintering lakes were historically assumed ecologiaiymant; howeveninder
ice algal biomasses and even blooms have been observed (HangtoR015;Block et al.,
2019. Waters under ice are typicabyratified; howeversnow depth and ice composition are
the primary controllers of light penetration, which can induce mixing under ice (Patsilin
2019). Highest algal biomass has been observed itowered lakes without snow
(Kalinowskaet al.,2019. Mixotrophs and diatoms favour the cold and dark water conditions
present under ice and during spring conditions, where the typical succession of algae begins
with spring biomasses dominated by diatoms aryptophyceagleading to green algae in
early summer and cyanobacteria in late summeral $enerpont Domiet al.,2007 Fang
& Sommer, 201y, The reduction in ice cover has been observed to favour various
dinoflagellates €.g. Ceratium hirundinelldin spring assemblageSglmascet al.,2018. In
some cases, cyanobacteria have been observed to dominate spring assemblages when winter
temperaturesncreaseand lightis not limited (Blenckneet al.,2007; Cameromet al.,2022;
Rohweret al.,2023).The presence of lakee controls the timing of mixing and the duration

of stratification, indicating its importance in algal biomass assemblages throughout the year.

Climates are changing at a rapid ratbere theeffects on algal biomagisloom trends
and community compositiorre complex. Lakegliffer in their response due to their
morphometry, legacy nutrients, climate conditions, etc. Higher temperatures increase algal
growth rates to an optimum, the exceeding of which exhibits a negative €ffeduration of
stratificationis controlledby the duration ofakeice, wind, and precipitation events, which

can affect the amount of internal and exteloadlingssignificantly impacting algal biomasses
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depending on theommunity compositiondVhile there is an understanding of the important
growth factorsforward modes for bloom formation predictiohave not been developedue

to the inherent complexity of these interactions and lack of (Jatzssseret al.,2019).The
application of remote sensing systems has allowed the use of historic image archives to provide
comprehensive spatial and temporal coverage of algal biomass trends, potentially improving

our understanding of these complex interactions.

2.4 Application of RemoteSensing for Algal BiomassRetrieval

To improve our understanding of algal biomass dynamics, remote sensing can be
applied to extend the isitu data record by providing approximations from satellite or aerial
observations. Remote sensing provides instant observations at a wider spatitath ol
range, at the expense of limited accurate to sensor issues, turbid water conditions,
over/underfitting of retrieval algorithms, and atmospheric correction igdleisebzadelet
al., 2021 Mathewset al.,2023. Freshwater lake monitoring is a considerable challenge, with
an estimated ~117 million lakes globally at a size of > 0.002 knsitu monitoring is often
limited to nonremote, anthropogenically significant lakes (Verpooeteal.,2014). Due to the
spatial extent of lakegx situobservations have become a poputathod asin situsampling
is lengthy expensiveand not always possible (Bosstal., 2019). Remote sensors detect
differences in incoming/outgoinglectromagnetic radiation (EMR)Mhere ncoming spectral
irradiance (Esun) interacts with various surface and atmospheric molecular compounds with
varying levels ofabsorption, reflection and transmissidiffering by wavelength, impacting
the outgoing radiance§) (Jensen, 20055urface features can be detected by the difference
in EsunandLs at given wavelengthgrom gamma (18°m) to radio waves (£0n)) measured
with a spectroradiometer (Jensen, 2005). Studies as eaBplasd (1975) have utilized
remote senson® detectalgal biomass in waters. Since then, a wide variety of satellites have

been appliedo detectlgal biomass.
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2.4.10verview of Satellite Systems

There is a wide variety of remote sensors available, the applicability of waiis
depending on the field of study. Remote senstagbe active or passive, each of which may
be multispectral or hyperspectral. Active vs passive sensors differ in their method of data
collection, where active sensors emit a signal for illumination, while passive sensors getect
primarily via solar illumination (Zhuet al., 2018). Hyperspectral sensors measuseat
continuous intervals as small as 1nm, while multispectral sensors meéasairarregular
intervalsthat coverEMR ranges from 10nm to >100nrBt(artet al., 2019) Continuous
measurements of hyperspectral sensors can improve surface fdahdifcation; however,
they are much more data intensive than multispestealsorsand have less applicability for
historic data analysis and image archivisigh€entet al.,2004;Stuartet al.,2019) Therefore,
multispectral satellite sensors are better suitebng-term observations of algal biomass.
However, satellites are limited by cloud cover and often have poorer spai@dtal
resolution due to their orbital pagBchottet al.,2016; Rastet al.,2018).Satellitesensoryary
in their spatial/temporal resolution, in which higher temporal resolution means larger swath
width and lower spatial resolutio®¢hottet al.,2016; Rastet al.,2018).

Satellite image quality and file size also depend on theduth, which determines the
number ofunique observations the sensor recoedg @ 6 bit system detects 64 2inique
observations, while 1Bit can detect 4096 {9 observations)Nika, 1997; Geracet al.,
2013). The number of alorgack detectors the sensor has may also improve the $@nal
noise ratio (SNR) by increasing their surface scanning durafiermteet al.,1997 Schott
et al.,2016;Rastiet al.,2018). Sensors with low biepth and SNRe(g, Landsat 5 and 7)
may be unable to discern between dark surface features amdidveer applicability in
oligotrophic waters&chottet al.,2016. A wide range of satellites have been used to retrieve
surface water algal biomass concentrations, where optical satellites such as the Landsat satellite
series (TM, ETM+ and OLI), MODerate resolution Imaging Spectroradiometer (MODIS),
MEdium Resolutionmaging SpectrometédMERIS), andhe Sentinel satellite series (2A and
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3A) are the most commonly usetihe retrieval of surface water algal biomass must first

minimize the impacts of atmospheric and optically active constituents (OACS).

2.4.2Interactions of Light and the Atmosphere: AtmosphericCorrection

Atmospheric aerosols (water vapour, aeolian dust, atmospheric gases, etc.) are highly
heterogenous, impacting the rate and direction of irradiance scatter, and atmospheric pressure
affecting the optical depth observed by a senS@rrfote et al., 1997. As atmospheric
conditions vary, so too will thes observed by the satellite (Soeg al.,2021). Freshwater
systems are also highly heterogenous, where OACs such as algal addahgarticles
(NAPs) vary in concentrations, thereby impacting the inhexgtital propertieglOPs)of the
water (Wertheet al.,2022). The apparent optical properties (AOPs) observed by the sensor
as surface remote sensing reflectance),(Rre dependent on the I0Ps, and therefore vary
significantly, where it is important to first address what the contribution of the atmosphere is
before making assumptions of the surface water conditionsgfPain 2022). Atmospheric
correction over freshwates, however, complicateghd often a source of error in algal biomass

retrieval algorithms.

The application of atmospheric correction can be either image or radiatnafer
basedA commonly used imagbkased correction is that of the Dark Object Subtraction (DOS)
method (Vincent, 1972; Chavez, 1988; 1996), which asstimaésll L..of shaded relief areas
are due to atmospheric haze, representing a black body (black pixel assumption). Conversely,
radiative transfeassumes norLambertian surface angsesvarious atmospheric forward
models to calculate two scatter models: Rayleigh (scatteatipspheric gases), and Mie
(scatter by atmospheric aerosol s wi(Righre a di a
2.3) (Vermoteet al, 1997). Radiative transfer models such as Second Simulation of a
Satellite Signal in the Solar Spectrum (6S) (Taetrél., 1990; Vermoteet al., 1997) and
LibRadtran (Mayer & Kylling, 2005)however, include the black pixel assumption (Dark
Dense Vegetation (DDV) model) for estimating aerosol optical thicknesse al., 2016;
Mdaller-Wilm, 2017). Many early algal biomass retrieval algorithms had used the DOS method

(Worth et al., 1989 Ritchie et al., 199Q Lathropet al., 1991, Carrick et al., 1994, while
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studies by the late 2000s commonly used radiative transfer correction médeoioraes

Novo et al.,2006; L et al.,2007; Wuet al.,2009 Hanet al,2010. Both DOS and radiative
transfer models violate the black pixel assumption, as freshwater lakes are often the darkest
features for many satellite images, whegssignals are due to the IOPs and AOPs of water,
and not just contributed by the atmospheBeéegelet al, 2000 Wanget al., 2019. The
violation of the black pixel assumption may introduce erroneous geasanomalouor
non-physica), particularly over turbid waters (Wargg al., 2019). To avoid these errors,
researchers have used simplified radiative transfer equations, correcting for only Rayleigh
scattering, and retaining atmospheric aerosol contrib(itlatthewset al.,2012; Matthews &
Odermatt, 2015Zhanget al.,2016 Taoet al.,2017 Pahlevaret al.,2020. Improved aerosol
contribution models over lakes are a current and significant field of research for accurate
retrieval of freshwater quality parametekdo{kov et al.,2022;Panet al.,2022;Wanget al.,

2023; Zhacet al., 2023). Although atmospheric correction may introduce some errors, it is

the differentiation of algal biomass signals from other OACs that is difficult.
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Figure 2.3. Geometry and pathways of visilMIR atmospheric scatter observed by a satellite sensor WBEYEY is the
exoatmospheric irradiance, 8 _ is the downwelling ozone transmittance, ¥ is the upwelling ozone
transmittance)) is the observed at satellite radianeeis the solar zenith angles- is the satellite zenith angl#y is the
solar elevation anglé&o is the satellite elevation angfe, is the solar azimuth angle and is the satellite azimuth angle.

2.4.3Interaction of Light and Water: Complications by OACs

The diffusion of light at the awater interface can vary by the geometry of light,
surface water conditions.€., waves), and the presence of OACs. Factors such as solar glint
occur when the Esun is at a low solar elevation angle ihcreasing the observéd (Dinnat
& Le Vine, 2008). The surface water conditions impact the diffusion of light, as still waters
cause specular reflection, while rougirfaces can result in Lambertian or AGambertian

diffusion Oe Keukelaereet al., 2023 Yang et al., 2023. Specular reflection is definday
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Snell'slaw, in which the solar zenith andleffis equal to the sensor viewing anglel, while

a Lambertian surfaceflects thencoming Eunin all directions (Reifsnyder, 196Bukataet

al., 1995; Yanget al., 2023). Only a portion of incoming 4z will reflect off the airwater
interface, andhe remaining light will be either absorbed or transmitted through the medium,
resulting in subsurface scatter and reflecti®miielet al., 2004). Esun penetration in water is
dependent on the concentration/composition of OACs and the wavel@fgthre 2.4)
(Shanmuga Priyaet al.,2022). Marine waters have observed light penetration of ~1000m at
4507 490nm (Reynolds & Lutz, 2001), however only up to ~55m at 475nm is observable by
satellite sensors (Gordon & McCluney, 1975). In shallow, clear waighs phay reflect from

the bottom of the lake increasing the obserkgdintroducing error in retrieval algorithms
(Bi el s k,i202& Delitsc®t al.,2022).However, lightpenetration in freshwatéakesis
highly variable, due to the significant variance of OACs.
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Figure 2.4. Freshwater optics for the remote sensing of phytoplankton where: CDOM is Colour Dissolved Organic Matter,

SPM is Suspended Particulate Matt}sr, fY is the subsurface spectral irradiarw{;e;’ is the absorption coefficient at a
given wavelength, anﬂLH is the backscatter coefficient.

OAC:s refer to constituents present in waters that contribute tostbbserved by a
sensor (the IOPs of the water), which include coloured dissolved organic matter (CDOM), non
algal particles (NAPs) and the photosynthetic pigments of algae such as: chlowm iyl
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a), chlorophyltb, chlorophyltc, phycocyanin, etc. (Xuet al.,2019 Sagaret al.,2020. The
concentration and composition of OACs affect the rate of transmittance, absorption, scatter,
and reflection of water; and are the primaource of variance for freshwateBe{/lin et al.,
2008;SojaWo T n et alk2020). The contribution of IOPs is determined by the absorbance
of the matter and its Dbackscatter, whi ch
wavelength, and the assumption that the attenuation length of light is proportional to the
concentratiorof the medium $mith & Baker, 1978; Bukatet al.,1995;Carderet al.,1999).

These assumptions may be valid for pwager; however, in freshwatdakes,|OPs are in
constant fix, making the establishment of forward models difficddnsseret al., 2019

Moore et al., 2017. For example, the absorption rate of-atbbserved by a sensor varies
dependingon theconcentration and presence/concentration/composition of NAPs (Schalles,
2006). Chia exhibits an absorption peak at 440nm, coinciding with CDOM [dAdPS;
therefore the presence of CDOM or NAPs may be confused witkadctlthese wavelengths
(figure 2.5)(Giardinoet al.,2018). Recent research has implemented prior classification of
optical water types (OWTS), to separate pixels bysing supervised/unsupervised classifiers

for the development of different algal biomass retrieval algorithms (Mebral., 2014;
Spyrakoset al., 2018; Neil et al., 2019; Rodrigueset al., 2022. Algorithms developed for
differing OWTshavéeen found to improve algal biomass retrieval as the variance in IOPs is
minimized (Dallosch & Creed, 2021; Daegal.,2023). Algal biomass retrievalgorithms

usein situ observations in combination with..to derive an inverse model, using empirical,

bio-optical and machine learning techniques.
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Figure 2.5. Absorption spectral curve @hlorophylta, Phycocyanin, Coloured Dissolved Organic Matter (CDOM) and
Non-algal Particles (NAPs)Adapted from: Roesler (2@) andPoniedziaelet al. 017).

2.4.4Empirical RegressionM ethods for Algal BiomassRetrieval Algorithms

Empirical regression techniques for algal biomass retrieval are one of the most
frequently implemented due tbeir simplicity and low computation timeDdermattet al.,
2012;Yanget al.,2022). The empirical approach formulates a regression/multiple regression
betweenLs andin situ observations of ckh as a proxy of algal biomagRuiz-Verduet al.,

2008. Regression methods utilize, situ observations of surface water &hpaired within

+1-7 days ofL. observations at wavelengttigat strongly denote algal presence, typically at

the absorbance (440 and 670nm) and reflectance peaks (550nm and >700nm) @calles
2006). Hyperspectral sensors can specifically target these peaksyver, multispectral
sensors measute.at a wider spectral range, within fewer radiometric bands (Johahsén

2023). Depending on the multispectral satellite, not all absorbance or reflectance peaks are
covered, where wider bandwidths may also include other OAC pegiksicantly impacting

the sensorstapacity to resolve cd (Li et al.,2019). Multispectral sensors typically employ

band mathematics, where various bame@susedo minimize the impact of signal mixing, and
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maximize the signal expected from @&l often targeting bands centered on the maximal

absorption and reflectance of each parameter (¢aag,2022).

Common empirical retrieval algorithms use a ratio of blue ¢0.84m) or red (0.6
0.7um) to green (0-5.6um) or NIR centered bands (>0.7u'Reilly et al., 1998 Sasset
al., 2007 Haet al.,2017 Salemet al.,2017). Band ratios such as blue:green have shown high
applicability in oligotrophic waters @deret al., 2004; Sudheeet al., 2006; Danget al.,
2023), where the majority of the optical signal is that of water and,chénds used in
algorithms such as the ocean colour chloropt
& Werdell, 2019). For turbid waters, a band ratio of theMéd edge (620nm; maximal
refectance) to NIR bands (670nm; maximal absorpt@sshown improved retrievaHan et
al., 1994;Singhet al.,2014), as longer wavelengths are less impacted by tripton and sediments
due to the high absorption of water minimizing backscatted &ncreasing the cid
fluorescence signal (Schalles, 2006; Matthews, 2011). The success of band ratios varies, as
studies have found success with other ratios such as bluéteed& Jordan 2005 and
green:redBrezoniket al.,2009. More advanced band mathematics have also been employed
such as the threleand algorithms (Gitelson et al. 2003; 2011), normalized difference algal
index (Ghunowaet al.,2019), floating algal index (Pag al.,2018;Rodriguezldpezet al.,
2023), empirical orthogonal fations (Xi et al.,2020), and lineéheight algorithms (Zeng &
Binding, 2019; Tonget al.,2022). The relationship between ehéindL. may not be linear,
where polynomial and quadratic equations have been apphiegyverare prone to overfitting
(Tiwari et al., 2022). Machine learning methods have been used to address issues of non

linearity.

2.4.5Machine L earning M ethods for theRetrieval of Algal Biomass

Various machine learning methods have been used for the retrieval of algal biomass
parameters such as support vector machines (SVMs), random forests (RF), and artificial neural
networks (ANN). SVM methods include the use of regression, or SVR, whichlassifg
high-dimensionaldata by defining a hyperplane, which is determined bylm@ar mapping

function via a kernel, which can be linear, polynomiadiial, etc. (Awad & Khanna, 2015).
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The hyperplane defines the weights and bias to derive a relationship béwefevarious
radiometric bands and situ chl-a, whichhasbeen used for algal biomass retrieval problems
in previous studie@Konget al.,2017; Kim et al.,2014).

The RF method utilizes a series of regression ttedseparate the inputs into clusters
based on the total error observed within each cluster. For application in phytoplankton biomass
retrieval by remote sensors, multivariate band inmats be used as predictor variables
(whi 8 @) to the response variable of enlor PC (). Regression trees as described by
Breimenet al, (1984) use a series of linear regressions to determine predictor thrablavlds
produce the lowest possible error for teeponse variable. The predictor variable split points
(0 b 8 0) are binary and result in terminal nodes of the response varahled <), where
the binary split only stops due to a predefined criterog (hinimum number of observations).
Regression trees tend to overfit the training data, haveiksyand high variance, where other
empirical measurement options are preferred. However, RF methods use many regression
trees, where the input training observations are bagged, in which each tree consists of different
training data. The process of baggingpseteduce variance in the testidgtaand show
improved results compared to a smgegression tree. Breiman (1996) describes the bagging
process where the total data $Bt¢onsists of observation pairso o i pi8 (0 , where
@ « offl (in whiche offl is a predictor) and is derived from multiple bagé ( (in
which Qis the number of bags). When bagging, a randomized observationgdm FE
phB 0 may either not be used at all in the model, or used more than once across all bags and
even within the same bag (Breiman, 1996). RF methods have been used to desive chl
concentrations from satellite data (Shial.,2022; Xuet al., 2022; Leggesset al., 2023;
however, other machine learning approaches such as an ANN are also commonly
implementedFor a more in depth look at baptical models, please refer to supplementary
section A.

The structure of an ANN is composed of 3 primary layErgure2.6): input, hidden,
and output, in which the hidden layer is represented by a complekvgeights and biases to

determine nodegor neuron)activation, mimicking the human brain proceddati &
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Srinivasan1997;Chang & Bai, 2018 ANN excel at identifying complex, nonlinear patigr

and typically require a high number of training observation pairs compared to other empirical
methods, where the higher the number of inputs, nades layers, the more complex the
network and the longer the training tinéh@ng & Bai, 2018 Many ANN structures have
been used for algal biomass retrieval, such as convolutiofrial et al., 2022 Xu et al.,

2023, or back propagation (Xet al.,2022 Zhuet al.,2022), however a common structure

for regression purposes is thmgle layer feedforward neural network (SLFMN)e structure

of which use x,y pairé who ) as defined byChang & Bai, 2018)

0"Q ® VQO W @ Q phlofB ) (2.

in which 0 arethe total hidden nodesQhetotal input samples@@ @ O B Y Q

pltiof8 O which arethe weightdth hiddennode) 0 b B  Q pigloB O are

the weiglts of theith hidden node to the outpd® & the activation function an@ the bias

of each hidden nod&he nodes activation is calculated via an activation functien Linear,

cosine, RelLU, etc.), based on the given weights and biases, calculating the output layer
(Apicellaet al.,2021). Weights and biases are determined by the optimization funeten (
stochastic gradient descgnallowing users to define parameters such as learning rate and
momentum, to find the coefficientbat return to lowest errofTielemanet al., 2017). The
number of epochs determines how many time$tteN is trained with the same inputs, while

the batch size indicates the numbetraining data is used, and thereby the number of training
iterations within each epocfiang & Bai, 2018 The higher the number of epochs, the longer

the training time, where too many iterations can cause overfitting (&tealn2021). Several
studies have used SLFN for algal biomass retrieval, with improved performance over standard
linear regressions (Baruahal.,2001; 2002Wanget al.,2008 Song 2011; Songt al.,2012;

Huoet al.,2014 Chenet al.,2017 Batur& Maktav,2019). The performareof inverse models

such as an ANN depends on the timing betwieesitu observations an®s observations,

atmospheridnterference,and presence of OACSyariz et al., 2019 Dong et al., 2020).
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Attempts have been made to construct forward madshg) semianalytical methods such as
bio-optical retrieval. Morein-depth examples of RF and ANN methods can be found in
supplementary sectioil.

R, Matrix (1:n)

Input Layer
Hidden Layer
ain Output Layer
Chl-a/PC

Figure 2.6. Artificial Neural Network Structure for ckd/PC retrieval.=|=; Jrepresents the weighls, e represents the
activation function.

2.4.6Bio-Optical Methods for theRetrieval of Algal Biomass

The development of forward models for algal biomass retrieviaéshwatetakesis
difficult due to the spatigkmporal change in IOPs, as an inversion model of AOPs and IOP
to Rrs are requiredOgashawaraet al., 2017). Casel waters (oligotrophic) have forward
models developedMorel & Prieur, 1977) however casdl requires an inversionlOP
inversionusesRrsto derive an absorption coefficient at a given wavelen@th () of water

(& _),chla(® _);along with thad _ of water(Simiset al.,2005. The change in the

turbidity of water is proportional to the ratd ¢y _ andc _ , as calculated by tHéubelka
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Munk remission function (Ogashawartal.,2017).The inversion of IOPs from Rrs assumes

thatthe observed absorption is dueiio  _ , ® _ , the absorption of tripton (or other

NAPs;®d  _ )and the absorption of CDOMY  _ ), withcd _ aproduct ofo _

and® _ (Roesler & Perry, 1995T.he spectral shape of each parameter is described

by Beero6s | aw; as the concentration @wncrease

andin situconcentration (Smith & Baker, 1978; Roesenl,1989).Chl-a retrieval (proxy of

algal biomass) can be calculated based on these inversions, as seen by Gons (1999), and later
adapted for satellites such as MERIS and Landsat with high sutestisy(f = 0.68i 0.96)

(Gonset al.,2002 Simiset al.,2005 Allan et al.,2015. Studies have found higher inversion
precision compared to empirical (Allat al.,2015; Konget al.,2015).The complexity and
variability of IOPs inlakescan make the definition of the spectral shapes diffiaultere

models are often lake specific (Elevedal.,2017). For a moren-depthlook at bicoptical

models, please refer to supplementary seci®n

2.4.70verview of Bayesian Networks Application

This research makes use tohe-seriesanalytics to infer the interactions within a
multivariate system as they change over time and affect algal biomass dynamics. Any given
time series may be composed of three given signals: the stationarstationary and the
residuals Kulshreshtha202Q. A stationary signal denotes the presence of seasonality within
the data, whereby the mean and variance do not change oveMinkedy, 2013. The non
stationary signal denotes the presence of a trend, where the mean and variance change with
time (Hamnond & White, 1996). The residuals of a time series denote the noise and error, in
which the change over time is randofaufer, 2008. Statistical analysis often makes an
assumption of homogeneity and normality, where the data are assumed stationary and normally
distributed,however,this is rarely true witlhreatworld data and are often left unchecked
(Hoekstragt al.,2012).

To better understand the dynamics of algal biomass response in a system of varying

atmospheric and lake physical variables, a Bayesian network (BN) analysis is preferred over
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standard regression methods. Regression metteods Qrdinary Least Squares) utilize a
frequentist approach, in which model coefficients are fixed and constant across repeatable
samples (Lawet al.,2014).BNs however, fit probabilities or distributions based on a fixed
sample, where the parameters are random @tal,2014), andherefore areonsidered more
flexible (Ickstadtet al.,2011; Rhodes, 201 8tataCorp, 2015Given that the parameterization

of frequentist and BN methods vary, so do therapimatiors, both on a technical and
theoretical basis. The frequentist approachstructonfidence intervals for each predicted
value for given a hypothetical number of samples, where 95% of the intervals constructed
would contain the true valudlprey et al.,2016. Conversely, with a BNMipproachgredible
intervals (wsterior probability interval) are constructed for each forecasted observation, in
which there is a 95%robability thatthe value lies withinKlor et al., 2020. Therefore, in
regards to hypothesis testingssuming that given null hypothesis is true, a frequentist
approach looks to understand how likely you are to observe youlmstad, 8N approach

asks how likely the null hypothesis is given your provided data (Rhodes, 3Git@Corp,

2015. BNs offer some distin@dvantagessuch as the incorporation of prioiSamanigo,

2010, areconsidered more comprehensive due to the use of the entire posterior distribution
returning direct uncertaintyvén de Schootet al., 2013, can determine complex
interdependencies between variables and can easily predict for multiple explanatory variables
(JacksorBlakeet al.,2022).

Other machine learning methods such as an Artificial Neural Network (ANN) and
Random Forest (RF) are oftendtuipped for determining variable interdependencies, as they
frequently take aoushkktalc2020bThexincragsepim avalable data (
size and scope has led tdaagescale blackbox optimization problemwhere it becomes
increasingly difficult to understand which decision variables returned the desired result (Chen
et al., 2022). For these reasonthe BN approachis most suitable forresearch goals in

understanding the dynamicsalfjalbiomasdn freshwater lakes.
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This research specifically implements a Dynamic Gaussian Bayesian Network
(DGBN), however, to better understand its utility in achieving our research objectives, a typical
discrete BN will be first describeghd built upon from there.

2.4.7.1Discrete Bayesian Networks

A BN is trained using a set of discrete data amongst multiple variables and comprised
of two components: a directed acyclic graph and a probability distribiBielmagtianet al.,
2005). The goal of the BN is to identify the interdependencies of the input variables by
calculating the conditional dependence of all variables. A variable with no dependency is
considered a parent node in the network and is represented by a mardwailljyotable.
Variables with conditional dependence are considered a mhdd and are represented as a
joint probability table. Therefore, the state of the child nodei$¢ conditionally dependent on
the state of the parent nodés ( which is described as % . A simplified network with
three given nodes Bf5H , may represent one of three fundamental connectiaidd?2.2).

A network may be comprised of one or all three connection types.

Table 2.2. Graphical separation indicating the conditional independence and probability decompositibreehade
network. Modified from Nagarajaet al.,2013.
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A BN follows the Markov assumption, in which a node is conditionally independent of nodes
thatdo not descend from it, while a child node is conditionally dependent on its parent nodes
(Nagarajaret al.,2013). The joint probability distribution of the variables within the network

is enabled by the Markov assumption, in which the joint probabilities are a product of
conditional probability distributions as described by the following equation by Nagatajan

al. (2013):

~ " ~

0 & 0 s ( 2.

Where® is a given variable and is the set of parents &f. A set of connected parent and

child nodeghatare separate from the rest of the network are considered a Markov blanket. As
seen inTable2.2, each ordered or unordered pair of nodes are connected via a directed arc (or
vertex). Various methods can be implemented to determine the optimal structure of the
network and the direction of the nodes. A constraaged approach calculates all possible
combinations of conditional independertests and, although effectivis, limited to smaller
networks with a lower number of variables (Bretdtaal.,2018). Wnversely, the network can

be trained using a scoelbmsed approach, where the network structure is determined by
maximizing the likelihood of the data estimation (Bredtaal.,2018). More recent methods
have utilized a heuristic search technidjo&t seels to minimize the BN search space. Many
heuristic methods may also be considered sbased. Hybrid methods seek to optimize the
network structure using both constraint and sd@®ed methods. A detailed look at the
different optimization structures cde seen inTable 2.3 The network now has a given
structure organized between parent and child nodes, where the state of the child node is a
conditional probability of the state of their parent. Therefore, scenarios can be derived from

the parent nodes to determine the state of the child node.

Table 2.3. Summary of fundamental Bayesian network optimization structures as described by Nagarajan et. al. (2013).

Type Al gor i Description Sour c¢
Const-r et TS : Spretets
Bas e PC Usedgl @]l gsleNRect i on 2001
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Type Al gor i Description Sour c¢
GreSshri Si mple forward se Margar
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Scor e Search space prov
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both an increase
Anneal 1995
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Type Al gor i Description Sour c¢

Expansion of HS

. v
M%')lmi' r?]b'il_search space by L Tsamared
relabdds, which t al2006
( MMHC) o b
_ maxi mi ze the netyv
Hy br i , , o
Simil ar KB g ¥MEi&EE n
Spars and max steps areFri edma
Candiduntil the network 1999

I mproves.

There are several ways in which the BN can be used to answer questipns (
probabilistic reasoning or belief updating) a user may have regarding the system, known as
inference (Pearl, 1988\agarajanret al., 2013). Probabilistic reasoning utilizes either hard
(instantiation of one or more variables) or soft (new distribution for one or more variables)
evidence to determine the change in the network probabilities under a given hypothesis testing
problem Nagarajaret al.,2013). Exact inferencing appliBayestheorem in conjunction with
local computations to obtain exact probability values of a given targetimmdeyer are often
limited to small/simple networkdN@garajaret al.,2013). Approximate inferare algorithms
instead estimate the local probabilities using a Monte Carlo simulation and are therefore more
applicable tohigh-dimensionalnetworks where the multivariate distribution is complex
(Nagarajaret al., 2013; Kwisthout 201§. Casual inference methods look to determine the
change in the network based on the effects of interventions (separate dataset modified by the

user). A summary of various inference methods can be fouhahile2.4.

Table 2.4. Summary of Bayesian network inferences as described by Nagaraja(2€x13).

Type Met ho Description Sourc

The change in the
Conditassessed given a « Nagarea
Probabnodes, uwsheifcuh iisn e al2013

Probel design factors or
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MaximuLOOkS to find the N a

£ £ . g
Posteinoda®have the hig al2013
probability, whict
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Discrete BN have been appliedvarious fields such as healthcakcl{achlanet al.,
2020; Kyrimi et al., 2021), economics@emelaet al., 2001; Masmoudiet al., 2019), risk
managemenihakzadet al.,2013;RuizTagle 2022), geneticsvigneset al.,2011;Suet al.,
2013), and environmental@uileraet al.,2011;Bartonet al.,2012) modelling. Despite the
wide applicability, such network structures are limited to discrete datasets, lirthigirg
potential when only continuous measurements are available. If a network analysis is desired
when only continuous data is available, as is often the case in economics and environmental

modelling, a Gausan Bayesian Network (GBN) can be implemented.

2.4.7.2Gaussian Bayesian Networks

A GBN is structured the same as a BN, in which it is composed of a béw&gver,
all random variables are continuous and assuBagsiardistributions. Therefore, all parent
nodes are an assuméaussiardistribution, and all child nodes are a conditional multivariate
Gaussiardistribution, as opposed to the marginal and joint probability tables of the discrete
BN (Grzegorczyk201Q. The GBN therefore assumes a univariate normal distribution within
the local network and a multivariate normal distributiorthe global networkNeapolitan,
2004;Nagarajaret al, 2013) However, some studies have allowed local networks to violate
this assumption utilizing neparametric BN (Vitaleet al., 2020; Marellaet al.,2019). The
parentchild node relationship is therefore represented as a lB@assiarmodel as defined
by Quesadat al (2025):

R0 ® I I ® E 1 o N ( B).

Where® represents the target node @ B o s the set of parent nodes far,
represents the density function of a normal distributionjs the independent coefficient
(intercept),f B K are the parent coefficients (slope), whileis the variance (error) of

w. The parenthild node connections are represented by multivar@aeissianlinear

regressiondiowever this method differs from the frequentist approaches both as described in

Section2.4.46, and through the method of inferende&rovided thatall nodes are linear
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Gaussiammodels, the joinGaussiaristribution of the network can be written as described by
Quesdaet al (2021):

Ao Aede T 1 1 on (2.

Whereco @B ho represents the number of nodes within the networkj aftepresents

the total amount of parent nodes éor The model coefficients are estimated usigaussian

multivariate linearegressiomistribution. Optimization and structure of the models is the same

as a discrete BN, where any measure of metrics can be used as §able ih3 Once the
network is constructed, the network can be used to inference new data based on the
distributions of the parent nodeBaple2.4).

Like discrete BNs, GBNs have also been applied to a variety of fields, including
medical (Huanget al., 2011; Wanget al., 2020), economics (Chargt al., 2020), risk
managementArfin & Yodo, 2021;Liu et al.,2023), genetics (Liet al.,2020; Graafland &
Gutiérrez 2022), environmentakZpanget al.,2012;Meineriet al.,2015), and algal biomass
(JacksorBlake et al., 2022 Denget al., 2023 modelling. There are instances where both
discrete and continuous variables are needed, in which case a mixed -disctieteous BN
(MBN) is used (Huwet al.,2022). Mixed data networks function the same as the discrete and
continuous case. The MBN are inferenced as a conditional p@assian(CLG) network,
where discrete variables may only asta parent node and not a childde Bgttcher&
Dethlefsen, 208, Hu et al.,2022), however, CLG networks can be modified for inferencing
discrete data (Lernet al.,2013. Discrete, continuous, and mixed BN are all considered static
models, as they do not account for the temporal dorNagdrajaret al.,2013), where those
thatdo are known as a Dynamic BN (DBN). This research makes use of only continuous data,
and therefore only a Dynamic Gaussian Bayesian Network (DGBN) is described in section
2.4.73.
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2.4.7.3Dynamic Gaussian Bayesian Network

The DGBN is a desired network analysis method when concerned with the interaction
of variables as they change over tin@@uésadeet al., 2021). The structure of a DGBN is
similar to that of the GBNhowever, each variable is described in the temporal doéain

® 0MNQ phB hap phedd . Variables are also conditionally dependent on the past
observations of other variables by a given tstep Nagarajaret al.,2013). A timestep (lag
interval) is measured at the temporal frequency of the inputidataléily observations where
0 represents a-@lay lag,0 represents a-8ay lag, etc.). The time step indicates which ordered
pairs of variables are represented in the multivariate liGeassiarequation. For example, a
network in which variablé> ato is paired with the same variahile ato , the ordered pair is
of 0dp p. The joint probability of the DGBN now includes all time slice® a given
horizon"Yas described by Quesaelzal (2021a):

nNoOMMBR  0dyg /O né& Ly ( B).

Whered & hd By is the vector of all the nodes in a time slizewhereo
Tiph8 A'Yand™Yis the maximum number of time slic8ere are four main assumptions of the
DGBN as described hyagarajaret al. (2013)

1. The stochastic process is fimtder Markoviani(e., any variable at timeis dependent
only on the past variables at time p).
2. Variables at the same tinbare conditionally independent given their immediate past.
3. The temporal profile of a variable cannot be written as a linear combination of the
temporal profile of any othervariablesft , each variabl ebs tempo
4. Often assumed the temporal process is homogeneous and inviagiatiig observed

phenomena are under the same rules for the entire study period).

Interaction effects can only be observed at the minimum temporal scale of the input
data; thereforeany effects at a smaller scale cannot be observed in the nebwgrita(ly data

inputs cannot account for hourly effects). Assumptioi&sdte required for constructing an
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accurate DGBNhoweverassumption 4 is often not true with most realld dataand instead
used to simplify the modeN@agarajaret al.,2013). Flexible modelthatrelax assumption 4
typically require a higher number of observations (Xuan \enlal., 2012). Studies have
successfully implemented DBGN with ntwwmogenous dat&fzegorczyk, 2018Quesadat

al., 2021a). A first-orderMarkovian network as described by Koller and Friedman (2009) is
one in which the state of a given time slice is dependeonigrthe preceding time slice (fige

2.7), which is important to understand given assumptions 1 and 2.

p
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Time slice ¢ Time slice 7 +1 Time slice 0 Time slice 0 Time slice 1 Time slice 2
(a) B (b) By (¢) DBN unrolled over 3 steps

Figure 2.7. An example of a simplified DGBN where (a) represertisatime slice, (b) represents a DGBN with 0 time
slices, and (c) represents a DBN with 3 time slices. Taken from Koller & Friedman, 2009.

The joint distribution of &first-order Markovian model can then beummarizedas the

following equation as described by Quesatial (2021):

hbg nd N6 o (9).

Thiscombines the GBN structure with a temporal component where the child nodes of a given
time slice can only have parents from 1 time slice prior. However, in some cases, connections
betweeno and observations 6 p may occur, in which high order Markovian models
(known as a high order DGBN, or HOGBN) are neededdigh-order Markovian models
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exponentially increase the complexity of the network, and therefore require significant training
time (Quesadat al.,2021a). To reduce model complexity, the arcs can be directed to only the
most recent time slice, known as a transition network (Que=aalg 2021b), as this is often

the target of interest when constructing a DBN. AnBIGBN can be represented as explained
by Santot al (2014), where&d is® & hd 8 iy for § variables iri Ytotal time slices,

and the conditional independencies for the probability distribution s
no M MBRY O . From here the network can be restricted so that directed arcs are
only calculated from the present time slice to any other time slice -finter slice),
disregarding arcs within a time slice (inrtrane slice) Figure2.8). The notation for the present
time slice can be regarded@sor © , where in the contextaf & hd B < ,0

is the present time sliced., if Y v, the present time slice & , ando is 5 time slices
prior), orf) O o MY 0 isthe present sliceé., if Y v, the present time slice
is0, ando is 5 time slices prior). A DGBN typically utilizes its network learning and
optimization which incorporates the temporal domain as se€ale2.5. Learning structure
types, however, remain the same as described in s@dfighl Once the networks are learned,
inferences can be made in the same way as GBN, as described 4abtavever the data

is forecasted as a time series, considering the temporal sequence of the events.

Figure 2.8. Example of an order 2 Markovian network where arcs are only directed toward the latesicem@uesadat
al., 2021
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Table 2.5. Summary of fundamental dynamic Bayesian network optimization structures as described by Napatajan

(2013)
Type Met h o ( Description Source
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Type Met h o« Description Source

Car(lRaJ
MCMC)

DGBN considers the temporal domain when constructing the interactions between
variables as they change over time. Such methods are usefatimeconomicéDabrowski
et al.,2016; Lytvynenkoet al., 2020, genetics sequencin@é€rrinet al.,2003; Suteet al.,
2022 and even environmental monitorinGHanget al., 2023 Valero-Leal et al., 2002.
Several studies hawesedstatic BN and GBN tenquireabout the effects of the interaction of
algalbiomasswith various environmental variableRigosiet al.,2015; Moeet al.,2016; Shan
et al.,2019; Jianget al., 2021; JacksoiBlake et al., 2022). There are currently no studies
applying a DGBNto understandhe interaction effects of various atmospheric and lake
physical variables on algal bi@ss dynamics, as this requires significant data gXaral.,
2021),however, itis considered a desirable product for future analysis (8teln2019). This
research proposes the usesatellitederived chl-a concentrations to fill the DGBN data

requirementsthus incorporating the temporal domain.

2.5 Conclusion

The impacts of climate change on algal biomass dynamézomplex, with differing
impacts depending on lake morphometry, watershed environments, algal community
compositions,and anthropogenic influencekimited comprehensive analysémve been
performed to identifythe interactions between climate change and algal biomass dynamics,
mainly due tothelack ofin situ observationsSatellite remotesensing providenew avenues
for determining interaction effects of climate and algal biomass dyndipissplementing
in situ observatios with estimates retrieveftom historic image archivesuing stateof-the-
art algorithms Remote sensing of algal biomass in freshwaters is difficolvever, as the
atmospheric and OAC in waters can introduce errors in retrieval algorithms. New remote

sensing data products are currently available, allowing researchers to focus on improving our
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understanding of how these variables are changing over time, and how this change coincides

and is affected by other environmental data.
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Chapter3: St uArye a Dan é

3.1Study Area

Five North American Great Lakes have been selected for this study; Lake Erie, Lake
Winnipeg, Lake Athabasca; Grealave,and Great Bear Lake. These lakes were selected as
they are large and therefore resolvable using coarse spatial resolution satellite imagery (1km
grid) and coarse climatic gridded data (9km paddprovide a range of temporal to arctic lake
systems with varying climatic and land use conditions. Gridded data within each lake and the
surrounding catchment will be used inaalbsequerthapters of this thesi®\ map of the study

area along with the general land use of the regions can be fokigline3.1

10°0'0"W 100°0'0"W 90°0'0"W 80°0'0"W

120°0'0"W

Figure 3.1. Map of study lakes and their corresponding basins and rivers. Landdsverationprovided by ESA CCI
Landcover(http://maps.elie.ucl.ac.be/CCl/viewer/download.php).
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3.1.1Lake Erie

Lake Erie is the smallest by volume of water of the Laurentian Great Lakes, with a
surface area of 25,744 Kmand is relatively shallow, with an average depth of miand
composed of three distinct basiMestern, Central and Eastern (EPA, 2020). Western
basin of Lake Erie is the shallowest, with an average deptli.4m, and the most turbid. The
central basin is moderately deep, with an average uniform depth ofm1®/3le the Eastern
basin is the deepest, with an average depth af PA, 2020). The lake has a retention time
of ~2.6 yearsand80% of the lakés inflow is a result of the Detroit River. Approximately 12
million people live within the Lake Erie watershed, in which a significant amount of toxic ABs
have occurred, prompting significant research by various agencies. Most of the watershed is
composedf urban and agricultural regions, whibhve contributedjreatlyto theobserved
eutrophicationThe lake is dimictic, in which mixing and subsequent internal loadaogr
during spring and fall, with summer and winter stratification. As Lake Erie is relatively
shallow, most years result in high icever; howeverfrequent breaks and melts occur
(Fujisakiet al.,2012).

3.1.2Lake Winnipeg

Lake Winnipeg is the IDlargest in the world, with a surface area of 23,756, ks
very shallow, with an average depth of +h2and composed of twasins:north and south
(Government of Manitoba, 2021). The north basin iddahgestand deeper of the two basins,
with an average depth of ~13.3m compared to ~9m of the south basin, while the south basin
remains more eutrophic. The lake has a retetitio@ of 3-5 years, with four major tributaries:
Red, Winnipeg,Saskatchewanand Dauphine rivers (Govement of Manitoba, 2021).
Approximately 7 million people live within the Lake Winnipeg watershed, in which the
population oftoxin-producingcyanobacteria has increased greatly since the 1990s, due to an
increase in nutrient loading (Government of Manitoba, 2021; Binelirad., 2018). The lake
is polymictic, in which mixing event®ccurat irregular intervals, often triggered by wind and
precipitation events due to the shallowness of the lake. The lake experiences annual ice
coverage with some breakup thghwut the winter months. As the south basin is shallower
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than the north, it experiencas iceoff date ~2 weeks earlier than the north basin (ECCC,
2020).

3.1.3Lake Athabasca

Lake Athabasca is the smallest of those selected in this study with a surface area of
7,770km? andis relatively shallowwith anaverage depth of ~201@ (Mitchell & Prepas,
1990). There are notell-definedbasins within the lakéself; howeverthe Western side of
the lake is significantly more shallow (maximum depth = 16m) than the eastern side of the lake
(maximum depth = 124m) (Mitchell & Prepas, 199)e Athabasc®&iver (mergedvith the
Peace and Birch Rivers) contributes to 53% of theGaikdélow, while Fond dulLac, McFarlne
and Birch rives contribute21%, 6% and 3% respectively (Mitchell & Prepas, 1990; Leconte
et al.,2008). The terrestriakgion of the watershed is relativelpdevelopedwith the largest
humansettlementfFort Chipewyan, located on tiWestern edge of Lake Athabasca with a
population of 852 (Statistics Canada, 2016). Western edge of Lake Athabasca is also the
most turbid due primarily to the inflow of the Athabagtaer; howeverthe majority of the
lake is considered oligotrophic with low algal biomass (Mitchell & Prepas, 1990). Indigenous
people have reported an increase in algal grolgthas been attributed tosgiharge from oll
sands mining operations transportebugh theAthabasca River (Bilet al.,1994; Timoney,
2008; Parl ee & DO6Souza, 2019) . Lake Athaba
biannually (spring and autumn), with winter and summer stratification (Leetiaie 2008).
Of theNorthernGreat Lakes (Lake Athabasca, Great Bear Lake and Great Slave Lake), Lake
Athabasca has the shortest ice cover duration, with ardajl&horter ice cover season

compared to Great Slave Lake, where midwinteakup is very uncommon (Bussieres, 2008).

3.1.4Great Slave Lake

Great Slave Lakéasa surface area of 28,450 kiand is one of the deepest lakes in
the world with an average depth of ~88(Rouseet al.,2008). The lake is distinguished by
three main basingentral,Northern,andEastern, in which thEasterrbasin is considered the

deepest portion and thdorthern basin the shallowest (Avalon Rare Metals Inc, 2011,
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Schertzeet al.,2008). Despite the depth and volume of lddee, it has a retention time of 16
years with ~75%f theinflow from the Slave Riveand most otheoutflow in the Mackenzie
River (Evans, 2000; Gibsoet al., 2006). The watershed surrounding Great Slave Lake is
relatively undisturbed, with somguilt-up regions including Yellowknife, ForProvidence,

and Fort Resolution. Althouglligotrophic Great Slave Lake has been observed to experience
cyanobacterial blooms in Yellowknife Bay in SepteanB013 (Pick, 2016Ruhlandet al,
2023. The lake is dimicti@nd, thereforegxperiences two annual mixing cycles (Roessal.,
2008). Great Slave Lake experiences annual ice cover and hatag Her ice on date and a

21-dayearlier ice off date compared to Great Bear Lake (Woo & Rouse, 2008).

3.1.5Great Bear Lake

Great Bear Lake is the ninth largest in the world, with a surfacet8dal53 kmd and
an average depth of ~T6 (Johnson, 1975; Rouse¢ al.,2008). The lake is distinguishéxy
five arms; McVicar, Keith, SmithDeaseand McTavish, wher&cTavish isthe deepest and
McVicar is the shallowest and considered its own basin (Johnson, 1975; Cleaehr2015).
The two main sources of inflow in Great Bear Lakethe Johnny Hoe River (McVicar arm),
and the Camsell River (McTavigtrm)with the Whitefish Rver (Smith arm)and theDease
River (Dease arm) also contributinghile the Great Bear River is the main outflow (Keith
arm) (Chavarieet al., 2015). Due to the volume and low outflow, Great Bear Lake has the
longest residence time of the selected lakes of 124 years (Johnson, 1975). The watershed
surrounding Great Bear Lake is relatively undisturbed, with the settlement@fqbel as t he
largestpopulated area and sormepacts ofmining operation (Schindler, 2001). Great Bear
Lake is considered an oligofhic systenand, althouglalgal blooms have not been reported,
studies have found that productiviigs increasetfom 20032018 (Sayergt al.,2020). The
lake has traditionally been considered a cold mononsgstem; howevergcent studies have
shown that some regions of the lake are transitioning/currently dimictic (Roase2008).
Great Bear Lake experiences annual ice cover with the longest ice cover duration of the
selected lakes (Woo & Rouse, 2007).
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3.2 Data Sources

To ensure a complete time seriedake physical and biological parametesatellite
derived daily data provided by the European Space Agency (ESA) Climate Change Initiative
(CCI) Lakes data product (Carretal.,2022 Carreaet al, 2023, and European Centre for
Medium-Range Weather Forecasts (ECMWF) ERA&nddata as part of the ERAS5 climate
reanalysis product (Mufioz, 2018)to be used (2002 2020) Of the ESA CCI Lakes data
producs, Lake Water Leaving Reflectance (LWLR; satellite derivedachtoduct), Lake Ice
Cover LIC), and Lake Surface Water Temperat(iWT) is to be usedlhe ESA CCI lakes
product also includes Lake Water Level, Lake Water Extent, and Lake Ice Thickoesst
used hereinOf the ERA5-Land data2-m air temperature, Hourly Land Total Precipitation,
Hourly Land Surface Net Solar Radiation, Hourly Land Surface/Subsurface Runoff, and
Hourly Land 10m U & V Wind Componenis to be used.

3.2.1European Space Agency (ESA): Climate Change Initiative (CCI) Lakes+

The ESA CCI Lakes+ produ@ims to provide a consistent and valid global lake
database with the longest period of combined satellite observations, covering multiple lake
wide variables (Carrea et al., 2022). The specific objecidiethe project assess climate
research community needs, develop algorithms for produce and provide various lake products,
validate through independent climate research groups, and generate new interest in earth
observation data for inland water researchisTresearch looks to provide validation and
application of these datasets for monitoring algal biomass dynamics as they relate to
atmospheric and lake physical variables, all of which are impacted by climate deacdlg®f
the data products were develdpesing different satellites at varying spatial and spectral
resolutions. All products have been harmonized to a common°®1&ti2ddelongitude (ca. 1
km) grid (Carreat al, 2022) at a daily scal#/hile the ESA CCI Lakes+ produalsoprovides
lake water level (LWL), and lake water extent (LWE) variabbedy LWLR, LIC and LSWT
wereused for the purpose of this thesis LWL and LWE do not vary per pixel
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3.2.1.1Lake Water Leaving Reflectance (LWLR)
The LWLR product is developed using MERIS and Senté#eOLCI satellites, with

MODIS algorithms currently in development to bridge the data availability gap between the
MERIS and SentineBA launch and decommission dates. The v2.0 product provides
normalzed wateileaving reflectances (Rw) for visibIR radiometric bands corresponding

to MERIS/SentineBA bands (443200 nm) andAquaMODIS bands 405877 nm;2012
2015).In situ chl-a measurements were provided by the Lake-@tical Measurement and
Matchup Data for Remote Sensing (LIMNADES) database which is maintained by the
University of Stirling and the GloboLakes project (https://limnades.stir.ac.uk). The images
were preprocessed in the ESA Sentinel Application Platform (SNAP) to identify watertexten
and dynamic pixel classification using an AN®I determine optical water types (OWTSs)
Atmospherically corrected imagéRBOLYMER v4.12)were matched witin situobservations
within a temporal window of several days (Carreaal., 2022). The LWLR product
development team hdssted multiple empirical retrieval algorithms (utilizing the RER

edge bangsand sentanalytical modelswhich varied in performance depending on OWT
(Carreaet al.,2022). The poorer performance of the ANN may have been attributed to the
limited number of training and matgp data.Uncertainty mapping isletermined via the
weighted OWT membership score, along with uncertainty functions from the algorithm
validations Algorithms were validated using a Rourabin comparison, where each algorithm
was tested for each OWT (Simis et al., 20P&ta may be missing due to cloud/ice cover, and

due to extreme solar zenith angleshmh-latitudelakes during some winter months.

3.2.1.2Lake Ice Cover(LIC)

The LIC product was developed using MODIS Terra/Agyal 1B topof-atmosphere
(TOA) calibrated radiance produc(MOD02/MYDO02). Lake water pixels were identified
using ESA CCI land cover (v4.0) data at a 150m resolufibe.v2.0and beyonditilizes a
random forest based classification for distinguishing ice, cloud and open water.classes
classification algorithm makes use of bandg, Solar zenith angle, geolocation (latitude and
longitude) and rasterized QA bands (MODOZ)he LIC product provides 3 output bands
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defining the LIC flags (forms ice/does not form ice), LIC class (1 = water, 2 = ice, 3 = cloud,
4 = bad), and the classification uncertainty, which is defined using the model accuracy
assessment via independent statistical validati©arréaet al., 2022. This data product
enables the identification of total ice cover extent-doeand iceoff timing. Some
misclassifications may occur due to shoreline mixed pixilation along with some temporal
continuity issues with the MODIS Terra and Aqua sensoas@ et al.,2022).

3.2.1.3Lake Surface Water Temperature(LSWT)

The LSWT was developed using a geophysical invergiaran optimal estimation
technique. This method utilizes a classification system to ideatifl thereforeexclude all
nonwater pixels via the visiblSWIR bands of the ASTR and AVHRR satellites. A Bayesian
inference of thd.SWT is defined by the difference of the modelled aadelliteretrieved
values. The modelled datxe derived from numerical weather predictions as inputs of a
radiative transfer equation (Singsal.,2020). Multiple differing satellites are used to compare
modelledand observed values, where irs@nsor adjustments are made using AVHRR as a
referenceUncertainty is calculatedefined by the standard deviation of the estimated error
distribution (Carrerat al., 2023)which are used with water detection scores, sensitivity of the
retrieval and the ckhsquare valueQuality indicators are defined usitige uncertainty measure,
distance from shoreline, cBguare test eté quality value of O indicates no data3indicates
poor data quality, while-8 indicates acceptable qualitissing daily data prior to 2006 is
due to the lower coverage of ATSR at this time (Sietial.,2020).

3.2.2ERA5-Land Hourly Data

ERA5-Land is a reanalysis data product offering a greater spatial resol0tiSrioy
0.1°% 9 km native grid)compared to its ERA5 counterpd€.5° by 0.5°; 31 km native grid).
The reanalysis product uses midele datain conjunction with earth observations (terrestrial
and atmospheric) to provide simulated hourly global climate data from 1950 to present. Factors
such as air temperature, humidity and pressure are also corrected for altitude. As the ERAS

dataaresimulated, uncertainty occurs, with uncertainty increasing with the decrease in time
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(early years have higher uncertainty than preseERA5-Land is widely used for many surface
modelling applications, informing policy, business and decision making. For the purposes of
this thesis, several ERASand products are used to inform multiple lake physical and
atmospheric impacts on algal biomdgsamics Total Precipitation{PPT), Surface Net Solar
Radiation (SNSR), Surface Runoff (SR), Subsurface Runoff (SSR), Wind Speed (WS), Lake
Mixing Level Depth (LMLD) and Air Temperature (T2m)

3.2.2.1Total Precipitation (PPT)

The ERA5 hourly data product models the total precipitation (snow and rain) as
modelled by the sum dhargescaleand convective precipitation patterns. Tlhegescale
precipitation data is derived from the ECMWEF integrated forecasting system (IFS) cloud
scheme, which represents the formation of clouds by changes in atmospheric conditions
(pressuretemperatureand moisture). The convective precipitation is generated by the IFS
convectionschemewhich identifies convection at smaller scales. All modefiestipitation
data are measured in meters (m) and does not factor fog, dew, or atmospherically evaporated
water (Mufioz, 2019). Precipitation is an important component in the mixing of the water

column and mobilization of surface and subsurface nutrients.

3.2.2.2Surface Net Solar Radiation(SNSR)

The ERAS hourly data product models the Surface Net Solar Radiation (SNSR), which
measures the amount of direct and diffuse shortwaves radiatiod (02 Om) at t he
surface andsubtracted by the surface albedo. Radiative flux is measured at tiod- top
atmosphere (TOA) and takes into accoboththe absorption and scaitay of radiancewithin
the atmosphere due to clouds, aerosols, and atmospheric gases. All modelled SNSR data are
measured irjoules per square meter (F’)m(Mufioz, 2019). Solar radiation is an important
component of algairowthand influences water temperature/stratification.

3.2.2.3Surface Runoff(SR)

The ERAS hourly data productodelssurface runoff as the water fltixatexceeds the

infiltration rate using both the Tiled ECMWF Scheme for Surface Exchanges over Land
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(TESSEL) and the Hydrology TESSEL (HTESSEL) models. Runoff is calculated for up to six
surface classes (bare, low/high vegetation, intercepted water, and shaded/exposed snow) and
two water classes (open/frozen water), with four vertically stacked sakslawhose depths

are approximatelly geometric relation. The model includes a soil heat budget (using Fourier
diffusion law) andtakes into account soil water melt/freeze up, where the top layer is a net
ground heat flux and the bottom a zéix. The malel determines the point of saturation,
whereby any excess water (via rainfall) is mobilized either through infiltration or surface runoff
(Balsamoet al.,2009). Vegetation is characterized using the Biospanesphere Transfer
Scheme (BATS) model, which classifies land surface biomes and provides vegetation
characteristics (high or low) and area fraction (high and low) (Balsdralo,2009; ECMWF,

2016). Surface runoff is measured in meters (m) and represents the mean over a grid square.
This product does natdicatemobilization or directionality of the runoff. Surface runoff is an

important component of how much terrestrial nutrient export within the watershed.

3.2.2.4Subsurface Runoff(SSR)

The ERAS hourly data product models the subsurface runoff as the portion of water
thatinfiltrates the soil column using the TESSEL and HTESSEL models. The model utilizes
Darcyodos | aw to calcul ate subsurface water f|
four-layer soil discretization plus the heat budget equation (Balsinab, 2009). The top
boundary of the subsurface runoff is the infiltration rate/surface evaporation, while the bottom
boundary assumes free drainage, and all layetsetweenexhibit water sinks via root
extraction over vegetated regions (Balsagtoal., 2009). All subsequent equations are
processes are calculated in the same way as surface runoff as described in section 1.5.6.
Subsurface runoff is measured in meters (m) and represents the mean over a grid square. This
product does nahdicatemobilization or directionality of the runoff. Subsurface runoff is an
important componerthat determineshe amount freshwater export and subsurface nutrient

mobilization.
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3.2.2.510m U & V Wind Components(WS)
The ERA5 hourly data product models both the Eastward (U) and Northward (V)

oneutral 6 wind speeds. Wind speeds model s 1in
terrainthrought he i ntroduction of O0exposure correct.
the blending height and roughness length for varying surface conditions (low and high
vegetation, buildings, etc.) (ECMWF, 2016). Neutral wind speeds assume the air isrglable a
stratified, thereby providing slower speeds than real conditions dstabde airmassesand

higher than real conditions during unstable air masses. Wind speeds are measured in meters
persecond (mYatlOm above the earthos surface. Wind

lateral mobilization oklgae angromotes lake mixing in shallow waters.

3.2.2.6Lake Mix-Layer Depth (LMLD)

The ERAS5 hourly data product models the depth at which freshwater bodies have a
near uniform temperature gradient with defitom the surface) and is therefore well mixed.
Therefore the model indicates two layers, the upper is the mixing layer and the lower is the
thermocline KMufoz, 2019. The mixing layer depth is modelled through the use of the FLake
model, which is done through the analysis of the lake temperature profile, wind speed,
humidity, precipitationand botHong- and shortwave radiation (Bettal.,2020). The LMLD
is measured in meters (m) and is important in determining the duration of lake mixing events

andsubsequent redox potential of benthic nutrients.

3.2.2.72m Air Temperatures (T2m)

The ERAS 2m air temperature (T2m) represents the temperature (K) of the air as it is
2 m above t he ear ttékéssntosacauritasausatmospiericsnditpmso d u ¢ t
and is calculatedly interpolatingtheEa r t h 6 s witk therlofvestclexel of theH-TESSEL
model(ECMWF, 20186.
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3.3 Conclusion

Algal biomass dynamics remain difficult to identify due to the sparsity of data with
traditional in situ methods, watsampling expenses, and the remote location/quantity of lakes.
The ESA CCI Lakes+ data provides daily surface wateaadncentrations for thousands of
lakes at a 1km gricalong with LSWT and LIC. This data is utilized in the following chapters
to explore algal biomass dynamics as they relate to lake physical and atmospheric forcings

change over time.

Chapter 4 utilizes the LWLR product to calculate seasonal and annual mean/max chl
a concentrations, peak ehltimings, and establish lake specific algal biomass anomalies. The
LSWT product was used to calculate seasonal and annual mean/max LSWTs, YeBk LS
timings, and LSWT anomalieBinally, The LIC product can be used to identify lake ice on/off
timings and lake ice duration. Such derived LSWT and LIC data from the ESA project can be
used to determine thiele LIC plays in the observed seasonal anduahalgal biomass trends
and variability over the past 19 years. LIC is an important factecédorminglakes and their
phenology, potentially affecting algal community structuttes timing of nutrient availability,
stratification, mixing timings, and DQRumyantsevat al, 2019. LSWT is widely regarded
as on of the most important variables in algal growth, directly impacting produckagy!(&
Otten, 2013Borowitzkaet al.,2016; Gobler, 2020

The ESA CCI data provides complete LWLR, LSWT and LIC data for all lakes as
established in section 3.1, providing an opportunity for identifying the trends and variability
for each lake and their subsequent basihesedata can be further used to determine if LIC
is an important predictdor annual and seasonal algal biomasasseen in chapter 5, using

various machine learning techniques as seen in section 2.4.5.

The ERAS data allows for an expansion of analysis beyond LIC, to other lake physical
and atmospheric variables, all of which are impacted by climate change, as explored in chapter
6. Such products provide daily observations of all variables, allowingdimpirehensive
network analysis to determine how these variables interact while chamgingimeusinga

DGBN as seen in section 2.4.7T3e variables used impact algae in different ways: T2m and
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SNSR impacts algal productivityPéerl & Huisman, 2008PPT, SR and SSR act as vectors

for external nutrient mobilization and lake flushirigpffey et al.,2019, LMLD indicates the

level of mixing occurring within the lake water columadffecting nutrient availability and
community compositiongSalmaso, 2010 while WS can act as a disruptor of surface algae

and can initiate mixing in shallower watekéu@nget al2016; Zhowet al2021). The temporal
resolution of the ESA CCI Lakes+ and the ERIA&d dah allows for an identification of
temporal lag effects between these variables and the algal biomass response at as fine as the

daily scale.

The impacts oflake physical variables and atmospheric forcingsalgal biomass
dynamicsremain relatively unknown, where remote sensing technologies improve data
availability and provide avenues for longer time series observational stlidhegollowing
chapters will explore these data products in detail, and identify trends, variances, predictive
capacities and interaction effects between the predictor variables and algal biomasses, to better

understand their dynamiesid how they may changea changing world.
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Chapter4:1l take I ce a Driver odf TAlegqals Binan
i n North AmeriZan Great Lakes:s

4.1 Introduction

It has been hypothesized that the perceivecreasein global algal blooms
(ABs)/biomasss attributedo climate change (Paerl & Huisman, 2008; Pick, 2016; Wietter
al., 2011). The primary driver oAB formation in mid-latitude lakes is predominately
attributed toanthropogenic eutrophicatighroughintensive agriculture, reduction of natural
wetlands/forested environments, increased phospmitragferrrich waste waters and
dissemination of invasive species (Mitsch, 2017; Wateas$, 2021). Recent studidsowever
have indicated thathangesn global climate provide favorable conditions B formation
and biomass growtf\Wells et al, 2015; Traineet al, 2020) even for remotenid (30°N -
60°N) to high (>60°N) latitude lake systems (Ayal8ordaet al, 2021; Favoet al, 2019).
The observed and projected increase inaanl water teqeratures Komatsuet al, 2007,
O Reilly et al, 2015; Filatovet al, 2019 Niedristet al, 2018;Woolway et al, 2019 are
known to prolong the growing seasohdfian et al, 2019, improve algaggrowth rate and
(predominately) increase spatial/temporal range oyanobacteria Ojeng et al, 2014;
Borowitzka et al, 2016;Crosset al, 2015; Gobler, 2090 Furthermore, increasinglobal
temperaturencreass thermalstratification rategFicke et al, 2007; Woolwayet al, 2020,
which fuelsanoxia(Nolan et al, 2019 and provides gotential increasen cyanobacterial
toxicity (Ldrling et al, 2017, both of which can lead tsubsequentsuppression of
zooplanktonl]imiting grazing pressuresé@mbet al, 2019 Caron &Hutchins, 201 Factors
such aghe observed increasing frequency of short but nmbeaserainfall eventgMin et al.,
2011 Groismanet al, 2009, increase nutrient runoff during the growing seadoaltpn et
al., 2018 Jeppensoat al,, 2011, and when followed bstratification due to drought/heatwave
conditions have been knowro significantly increase the probability of AB formation
(Reichwaldt & Ghadouani, 201ZJhe impact of these climatic parameters on AB formation
during the growing seasonuwsell documented in a variety of lab (Hennon & Dyhrman, 2020;
Griffith & Gobbler, 2020), mesocosm (Trochie¢ al, 2010; Mos<t al, 2003; 2004) and
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smallscale (spatial/temporal) observational studiithénaet al, 2010; Qinet al, 2021).
However, the impact of overwintering climate conditions on ABs and algal biomass formation
is less understood due to logistical challenges and the assumption of ecological dormancy
(Block et al, 2019 Hamptoret al, 2015.

Winter airtemperatures havacreasd at a higher rateomparedo any other seaspn
with high latitudes experiencing the highest rate of change (Zétaalg 201%). As aresult,
therehas beemn observed decrease in ice duration for-mgh latitude lakes by 106 days per
century (1995 2016),six times what was observed in earlier periods (1184695) (Sharma
et al, 2021). tecover has widganging impacts on lake ecosystemsntrolling lake mixing
(Pilla & Williamson, 202}, thetiming of internal loadindJewsoret al, 2009, the duration
of the growing seasonAdrian et al, 2019, and the succession of algal community
compositiongDe Senerpont Domist al, 2007 Salmascet al, 2018 Blenckneret al., 2007%.
Additionally, snow or icecomposition can affect the amount of light available under the ice,
resulting in undeice ABs observed in Lake Baik§Hamptonet al, 2015;Kalinowskaet al.,
2019).Despite the contrdhat the presence @fe coverhas on many biotic and abiotic factors
within a lake, there is a lack of observational studies assessing its importance on algal biomass
and AB formation. A significant limiting factorin the observational analysis of lake ice
phenology and algal biomass interactions is the lagksitumeasurements. However, remote
sensing technologies can use historical satellite image archives to provide compreimeesive
seriesanalysis of large lakesorldwide. Comprehensivelata onice and algal biomass can
provide insight into their trends andriability over time and how they may explain their

variance.

This studyusesthree satellitederived thematic products generatedtby European
SpaceAgency (ESA) Climate Change Initiative (CCIl) Lakgsoject (Carreaet al, 2022;
Carreaet al, 208): lake water leaving reflectance chlorophgLWLR chl-a; proxy of algal
biomass) lake ice cover (LIC),and lake surface water temperature (LSWT) for five North
American Great Lakealong a latitudinal transect (North to South); Great Bear Lake (GBL),
Great Slave Lake (GSL), Lake Athabasca (LA), Lake Winn{#4g) and Lake Erie (LE). The
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datasefversion 2.00; Carrea et al., 2022% used to construct a d@ar time series (2002

2020) of annual LIC parameters @{oa (ON), iceoff (OF) and ice duration (DR)), annual and
seasonal (spring, summer, and fall) LWLR algal biomass parameters (mean and maximum chl
a(MC and XC) mean abnormally high clal(a proxy for ABs, denoting relative anomaly lake
chl-a concentrations; BC), abnormally high ehtlays(BD) and peak cka (DOY), and annual

and seasonal LSWT parameters (mean and maximum LSWTa@d XT), LSWT anomaly
days(AT) and peak LSWT DOY (PT)) for each lake and their basins (to account for spatial
heterogeneity as a result of complex lake morphometry). These satetited parameters

will be used to achieve the following objectives: (1) asshsrtterm trends and variabilities

in LIC, LSWT and algal biomass parameters from 2002 to 2020; and (2) assess the role of LIC
and LSWT parameters in explaining the variance in algal biomass over time in a multivariate
space using vector autoregsion (VAR). Due to the control that LIC has on the timing of
nutrient availability via internal loading (mobilized by mixingjuanget al, 20229 and the
greater rate of change, it is anticipated that LIC is a significant driver of algal biomass trends
for the remotéNorthern Lakeg¢NL; GBL, GSL,and LA) (Feineet al, 2022) compared to the
more anthropogenically develop&duthernake regions (LW and LEFurthermoreLIC is
expected to have a greater impact on algal biomass tdemuhg) spring due to earlier light
availability and nutrient release, compared to later in the year when temperature and external

loading play a more critical role.

4.2 Study Area

Five North American Great Lakes were selected to determine the trends and variability
in thechl-a parametes along a latitudinal transect (North to South): Great Bear Lake (GBL),
Great Slave Lake (GSL), Lake Athabasca (LA), Lake Winnipeg (LW), and Lake Erie (LE).

Table 4.1 provides summary of the general characteristics of the lakes.

Table 4.1. Summary of the study lakes morphometry and their sources. Mean depth encompasses the entire lake (including
all basins), residence time indicates the duration in which water remains within the lake, major inflow and outflow rivers
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represent the sources where the majority of water enters and exits the lake, and basins indicate regions within a lake where
there is minimal hydrological connectivity to other regions within the same lake (often a result of lake morphometry).

Lake l':\)/leeatﬂ Sx:fea;e Residence Main Inflow Main Outflow Basins
(ng) (km?) Time (years) River(s) River(s)
4 A Central
GreatBear | 4> 311532 ~124 A JohnnyHoe 4 GroatBear A South
Lake , River Riverl McVi
A Camsell Rivet ver lrieiesy
Arm)®3
Great Slave ) A o A North®?
Lake ~8¢& 28,456 ~16'° A Slave Rivets A M.acke5n2|e A Centrab’
River* ; 7
A Easf
A Athabasca
Ll River
ake " A e
~208 7,776 ~6* A Fond du Lac A Riviére des
Athabasca ~ River Rocher AR
A MacFarlane
River
A Winnipeg
) Rivert0
.Lal.(e ~1210 23.75@3° ~3-.510 A Sf’;lSk?(}Chewaﬂ A Nelson A Northt©
Winnipeg ’ _ River” Rivert! A SoutH°
A Red Rivet®
A Dauphine
Rivert0
A Niagara ;
. A West?
. ; 13 5
Lake Erie ~19% 25,7447 ~2.6" A Detroit Rivef2 River A Central?
A Welland A East?
Canal®

(1) Johnson, 1975; (2) Rouseal, 2008; (3) Chavariet al, 2015; (4) Evans, 2000; (5) Gibsenal, 2006; (6) Avalon
Rare Metals Inc, 2011; (7) Shertztral, 2008; (8) Mitchell & Prepas, 1990; (9) Rasailal, 2013 (10) Government o
Manitoba, 2021; (11) Warraait al, 2017; (12) EPA, 2020; (13) Docker er al., 2021

*Calculated by dividing the total volume of Lake Athabasca by total inflow (Beehatt 1973)

The surrounding watersheds of tNerthern LakegNL; GBL, GSL and LA) are
relatively undisturbed, witthe settlementof Déln as t he | ar gearGBL, popul
Yellowknife, Fort Providenceand Fort Resolutiomear GSL; andrort Chipewyamear LA
(Statistics Canada, 2016chindler, 2001). GSL was impacted by the construction of Bennett
dam in 1967 affectingseasonal flowssedimentationand winter nutrient exporR{ihlandet
al., 2023). However, alLs are impacted by mining operations, such as radium and uranium
mining in the GBL watershed (Muet al, 2012), gold mining in GS[Chételatet al, 2019)
and LA receiving oilsands runoff via the Athabasca RiBait et al, 1994;Schindler, 2001;

Ti money, 200 8; P a)raf theNLs@GSDan& LA exhibit dimtc in&Xing
cycles (econteet al, 2008 Rouseet al, 2009, while GBL is traditionally cold monomictic;
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however it is anticipated thasome regions of the lake are transitioning/currently dimictic
(Rouseet al, 2008; Rao et al, 201). The NLs are typically oligotrophic, with GSL
experiencing some cyanobacterial ABs in Yellowknife Bagyd indigenous groupsave
reporedincreased algal growth in LA (Pick, 2016; Parle®&® Souza, 2019) .

The surrounding watersheds of tBeuthern LakegSL; LW and LE) experience
significant anthropogenic development, including agricultudanization,and industrial
developmentGovernment of Manitoba, 202EPA, 2020) (Figurd.1). Of theSLs LW and
the west basin of LE exhibit a polymictic mixing cycle, where mixing is triggered by
wind/precipitation events, while tigentral andeastern basins of LE exhibit a dimictic mixing
cycle (NUrnberg& LaZerte, 2016Karatayewet al, 2021). Both LW and LE hawxperienced
significant ABs over the past 20 years, with the majority occurring in the north basin of LW
and the eutrophic west basin of LE (Buetdal, 2001; LWIC, 2005; Wassenaair al, 2012;
Binding et al, 2018; Bindinget al, 2019). Of the selected lakes, only LE experiences
intermittent ice cover (Cait al., 2022), with frequent breaks during the ice seasbite GBL,

GSL, LA, and LW all experience a complete ice cover annually (Hostell, 2009; Ziyacet
al., 2020).
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Figure 4.1. Map of study lakes and their corresponding basins and rivers. Land cover delineation provided by ESA CCI
Landcover littp://maps.elie.ucl.ac.be/CCl/viewer/download php

4.3 Data Sources

Complete annual and seasonal time series (202D) were preparedusing a
multivariatedaily satellite data produetvailable fromt he Eur opean Space Ag
Climate Change Initiative (CCIl) Lakgmoject(Carreaet al, 2022). TheESA CCI Lakes
product is a harmonized datati®t includesarious daily metrics for over 2000 of the largest
lakes globally georeferenced on a 1/120 degree latiargtude (ca. 1 km) grid (Carres
al., 2023). For the purposes of this studgke Water Leaving Reflectance (LWLRatellite
derivedchl-a product), Lake Ice Cover (0), and Lake Surface Water Temperat(l8WT)
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areused.Version 2.00 of theLWLR thematigoroductprovideschl-a (mg ni®) retrievals based
onMERIS(20022011)and SentineBA OLCI (20162020)satellitedatg with MODIS (2012
2015)algorithmsbridgingthe data availability gap

The LWLR product makes use of thake Bio-optical Measurement and Matchup Data
for Remote Sensing (LIMNADES) database which is maintained by the University of Stirling
and the GloboLakes projedtt{ps://limnades.stir.ac.yKThein-situ observations were used to

construct empirical, bioptical and ANN retrieval algorithms combined with dynamic pixel
classification of varying optical water typeSafreaet al, 2022). The LWLR product does
present some limitations, such as the impact of turbid water conditions increasing retrieved
algal biomass and potential bias between sensors. The LIC thematic product provides lake
coverclasses (open water, icdpudand 6ébadé (unusable) dat a).
Terra/Aquadata processed using a random fo &) algorithm (Wuet al, 2021).High
overallclassificatioraccuracy (>95%) has been achieved with thelgbrithmin both spatial
(global s¢ of lakes)and temporafseveral ice seasonsansferability assessments (Wu et al.,
2021) However, it is important to note thide presence of clouds as well as extensive cloud
cover periods and low solar illumination ang(es85°), particularly during the fall freezep

at high latitudes, introduce classification errors and limit the retrieval of open water and ice
cover forseveraldays of the year(Carreraet al, 2022). The LSWT product provides surface
watertemperature measuremeiielvin) derived from MODIS Sentinel3A/B SLSTRand

ERADS data utilizing a geophysical inversion technique with various modelled priors (E€arrea
al., 2023). The limitations of the LSWT product include issues with water pixel identification,
static emissivity assumptionand suboptimal lakesatellite geometries. To identify seasonal
threshold timings for the study period (268@20), the ERASLand hourly 2m air
temperature (Kelvin) product provided by tBaropean Centre for MediuvRange Weather
Forecast{ECMWF) was usedMufioz, 2019. Given the known limitations of the current
version of the CCI Lakes datasttte data was preprocessed to mitigate outliers and fill missing
data gaps, such as eliminating pixels with high uncertainty, and otdéng missing values

temporally.

65


https://limnades.stir.ac.uk/

4.4 Methods

To identify features such as peak-ehtoncentrations and ON/OF timings, missing
data must be filled, and therefore preprocessingnecessary to construct a complete time
series (20022020) of LIC, LSWT and algal biomas® software version 4.3.1 was used to
develop five algal biomass parametengén chla (MC), max chta (XC), mean abnormal chl
a BC), abnormal chia days BD) andpeak chla DOY (PQ)), three LIC parametersce on
(ON), ice off (OF), andice duration DR)), andfour LSWT parameteraxean LSWT KT),
max LSWT (XT), anomaly LSWT AT) and peak LSWT DOY(PT)) . Daily rasterswere
stacked via water years frobn'SeptembeR00L to 31 August 2020 and masked to daily pixel
guality flags (LI C data@aorprfodlucudof,l algSWTp i pxre
uncertainty by the fAquality | evel d band, whe
2-3 are for use at the ugediscretion, and-8 are recommended for use), which coreetthe
corresponding pixel v alwasusedtdrepreseit Atime seles ofh st a
6,940 days, where missing data values (flagged asswéfgtemporally interpolated linearly.
Annual LICis determine throughwater yeargl September to 31 AugQgb cover the start
(ON) and end ©QF) of each ice season. Algal biomdskl-a concentrationsand LSWTwere
calculated annually by Juliazelendar years to cover the beginning (0B} and end (pre
ON) of the growing season.

Seasonal data were aggregated within three seasons: sprmgerand fall. Seasonal

date thresholds differ between lakes due to significant latitudinal and geographic distances. To
determine seasonal thresholds, the hourly ERA® &ir temperature is used to calculate a
daily mean, which was then used to calculatesffaial mean within the lake boundary. The
daily spatial 2m air temperature means were then used to calculate the DOY mean for the
study period (2002020).Me an DOY t e mp e rKavera maasally Clasdfiédas 1 5
the winter season and excluded from anglysis oLSWT and algal biomass. The remaining
days were enteredto an unsupervisednivariatek-means classifier to determine the threshold

between two clusters. Cluster 1 represents two classes; spring and fall, where spring is defined

66



as the dates after winter (air temperatures > 273.15 K) but before cluster 2 (summer), and fall

is defined as the dates after cluster 2 but before winter.

Five algal biomass parameters were calculated for the interpolated daily algal biomass

rasters: MC, XC, BC, BD, and PC. Since ABs are unlikely to occNLB) abnormal chhis
used as a proxylhe nterquartile range (IQR) and third quartile values (@8jecalculated
using a natural log transform of the @hto eliminate outliers due to potential retrieval error
(eg,chraconcentrati ons 'ia GBLE Ratrievalgrrobrag beg result of
mixed pixelation, turbid water conditions, LIC presence, and sun ghetfollowing equation
wasused to establish the threshétd determining outliers due to retrieval errér: 0o

p® z "O0 "WhereQ is the outlier threshold. Natural log scaled-altioncentration pixelthat
exceed this thresholdvere c| assi fi ed as an out | i &e and
annual/seasonal MC and XC were calculated per pixelPCrepresents the DOY where €hl
awas highest for each pixel. To determine BC, a threshold was calculated usiogra &

@ *‘ 7T,), where the meanr ( and, were calculated from the entire spatial extent of the
lake over the entire study period (2002020). The chh concentrations were also scaled with
a natural log to better represent a normal distribution. Any pixel witls@m= of >2 was
classified as an abnormal ehatoncentratiorfBC). Annual/seasonal BC represents the average
of only abnormal values for that given lake and year/season at each pixel. If-ao chl
concentration exceeds aseore of 2 at a givenixel position at any point in the year/season,

it is classified as ANAO and excluded from s
max chta concentrations for every pixel. This means that we are only looking at pixels/regions
of the lake where ckd concentrations are in the highest of the distribytigpically referring
to the most productive waters of each lakike thresholds are calculated lake wide and not at
the basin levelTo determine the BD, cfd concentrationshat exceeed the BCthreshold
were reclassified as value of 1, while those below the threshold were reclassified as 0. The
annual/seasonal sum was calculated at each pixel to determine the number of dattseabove
threshold.
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The LIC data produavasused to determineach lake'ssnnualON, OF, andDR per
pixel. TheON/OF andDR wereonly calculatecannually, since these parameters occur only
once a year during the wintéro determine the lakeN/OFdate, an annual stack of daily LIC
rasterswascreated by water yeat September t@1 August). The rastewasreclassifiedso
thatall pixelslabelled3 ( ficl oud 0) weesepodverded tai DlAAd O v al ue. At
pixel, the stacked raster (1:365 or 1:366 per leap yeas)inearly interpolated to provide a
value between 1 (water) and 2 (ied)ere observations were not availal#ie each raster stack
begins orl Septembertieforeice formation), th@N date bemsearlier in the stack compared
to theOF. The ON datewascalculated by determining the position within each stabkre
theice pixels (values > 1) persesifor at least 14 days. ThHeF datewascalculated with the
sameprocess; howeverthe raster stackvas inverted, and the positiors corrected by
subtracting the length of the raster st&ckn theretrieved position. Th®R wasdetermined

by calculating the difference between DE andthe ONdates for each pixel.

A total of four annual/seasonal LSWT parameters were calculated from the interpolated
daily LSWT rastersMT, XT, PT,and AT.Pi xel s fl agged wi3twére an un
reclassified as NAvalues, where the missing observations were then linearly interpolated
temporally for each pixeMean and maximum annual/seasonal LSWTs were calculated per
pixel. Peak LSWT DOY represents the DOY where each pixel's LSWT values were highest.
To determine LSWT anomaly days]. SWT threshold was calculated using the sofnthe
median () andstandard deviation,( LSWT across the entire lake/basin from 2&1R20.

Any daily pixel that exceeded the threshold was converted to a 1, while those below the
thresholdwere converted t®. The per pixel sum was then calculated annually/seasonally,
where each pixel represented tiuenberof days in which the LSWT exceeded the lalpecific
threshold.

Globaltrends in the increase in algal biomassifrequency and severigf AB have
been observed to heot accuratebut rathera result of increased surveillance in reporting
(Hallegraeffet al., 2021) It was,thereforeimperative to determinehethemmonotonic trends

exisied within each study lake before any meaningful conclusamad be drawnregarding
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the relationship between LIC, LSWT and algal biomass parameters. To identify monotonic
trends, each lakerasseparated by basin and season, where a mean pixelwadwsed for
each year, for a total of 19 valugg€022020)for each lake/basin/season.MannKendall
testtRpackage O0Kendal)waésusbdio dédtecnine ib al signifeehtrénd was
present (pvalue < 0.1), while a Theben r egr e s s i RabustiinearRedp ctkya g e
Hurtado, 2020) was usdzktween each parameter and ytacalcubhte theslope(i ) for the
directionand magnitudef the trend and the standard errore)gor the variability. The s
indicates how much variance there is between true and predicted values of the regression,
where the higher the.,sthe greater the variability. Heteroskedasticity in linear regression
residuals was calculated using the BreelBchgan test in r (O-Value est 6
< 0.1 indicated a change in the magnitude of variance over time.

Vector autoregression (VARyasemployedto determine the interaction of LIC and
LSWT with algal biomassver time VAR models have been used in the past for AB modelling
(Liu et al, 2007), allowing for simple and flexible multivariate time series modelling,
incorporating past and current observations (Gual, 2021).VAR is similar to multiple
linear regression (MLR) in that it is defined by the linear relationships between each predictor
variableandthe response variable, where each predictor iselby a slope coefficient, with
all parameters sharing a common intercept. Additionally, VAR is an extension of a univariate
autoregression model, in which a linear model of each variable over time is regressed to one
or more priorobservationgn the time series/AR adds the vector of timend thdagged time
of each predictor variable in multiple regressions. The lag component indicates that a prior
observation may be related to th#sequendbservations, wheredylC or LSWT measured
at a prior inteval mayimpactfuture algal biomass parameters, not just those at the same time
step.Chl-a concentrations observed in a lake will likely affect the prevalence of futwe chl
concentrationsBéginet al, 2020).Furthermorelegacy effects due to significant changes in
climatic conditions have been observed in lakes and rivers, altering thermal regimes and
affecting biomass (Kendrickt al, 2018; Woolway & Merchant, 2018). A standard VAR is
calculated using the following equation:
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O 0w E 0 0 (4.2)
wherew represents a set ofendogenous variables, is a coefficienty 0 matrix
(where’Q p8n), ando is a kdimensional vector of theresiduals wheréhe current time
step depends on the previous time step, plus a white noise error metric (Sctia@bjrzp14;
Pfaff, 2008). The traditional VAR assumes all input parameters represent a stgirocass;
however,given the nature of the research questimn}stationaryprocessesvere expected
due to anthropogenidimatechange. Deterministic regress@swereincluded in the VAR,
where both the intercept and trend of the time seviere added to address issues of xion
stationaity, resulting in a modified VAR as given in the following equation:
w 0w E 6 0O 6 4.2
This study wutilized the R package Ovarsbod
is sensitive tamverparameterizatiomnvhen there is a low number of observations and a high
number of parametel®Nicholsonet al, 2017) Lag tests were performed with all potential
combinations of LIGand LSWTparameter$or each biomass parameter. The lag test with the
highest mean adjusted, rand thelowest meanBayesian Information CriterigBIC) and
standard error acrosdl combinations of parametenss selected fause. A MLR was used to
determine if a simplified regression without a lag order provideed a similar or superior
explanation of variance. Once the lagenrdas selected the model performance and error

metrics were used to determine which ld6d LSWTparameters provided the best fit over
the lagged time series (Table).

Table 4.2. Summary of performance and error metrics for VAR models were Adjcorrected (adjusted) coefficient of
determination, AICc = Akaike information criterion second order, BIC = Bayesian Information Criterial-fpal =
Prediction Error, andess Standard error.
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To assess the relative importance of LIC compared to LSWT parameters in explaining
the variance of the change in algal biomass over time, performance metrics across all models
were aggregated into three categories for each elstn,and season: (1) models where only
LIC parameters were included; (2) models where only LSWT parameters were included, and
(3) models where at least one LIC and one LW fametewas included. To determine which
model and, subsequently, which input predictor parameters pdotridbestfit for each algal
biomass parameter, a ranking system was devised using all the performance metrics outlined
in Table4.2. Each model performance metric was ranked for all ldda&sins,and seasons,
where the lower the rank value, the greditercomparativeperformance of the moderhe
model with the lowest mean rank value across all performance metrics was selected as the best
performing. Individual parameter performance was determined by the mean rank when the
parameter was included in theodel. Performance metrics were also aggregated into two lake
groups Northern(GBL, GSL and LA) andsouthern(LW and LE), to identify differences in

parameter performance.

The residuals derived from the VAR models provided insight into the variabilttyeof

response ofalgal biomassto the LIC and LSWT parameters. Residuals showing greater
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fluctuation were indicative of increasing variability in the algal biomass parameter, while the
S quantified the magnitude. All input parameters were rescaled by their mean and standard

deviation to improve comparisobstweerparameters and lakes/basins.
4.5Results

4.5.1Seasonall hreshold | dentification

The data are aggregated into seasonal measures to compare the annual LIC parameters
with the daily algal biomassieasurement&£ach season was usedtald its own time series
from 20022020. Of the ERAS mean lakeide 2m air temperature (2002020), the kmeans

classifier defined the seasonal (spring, summer, fall) threstadd®en in Tabk.3.

Table 4.3. Delineated seasonal thresholds as definedimgéins from ERA5-2n air temperature for comparison of LIC
parameters to algal biomass measurements.

Lake and Season gtg:; Start Date End DOY End Date
GBL Spring 137 17 May 174 23Jure
GBL Summer 175 24 Jure 258 15 Sepgember
GBL Fall 259 16 Segember 286 13 Ociober
GSL Spring 130 10 May 173 22 Jure
GSL Summer 174 23Jure 259 16 Segember
GSL Fall 260 17 Segember 300 27 October
LA Spring 120 30 April 164 13Jure
LA Summer 165 14 Jure 257 14 Sepgember
LA Fall 258 15 Segember 302 29 October
LW Spring 108 18 April 156 5Jure
LW Summer 157 6 Jure 270 27 Sepgember
LW Fall 271 28 Sepgember 310 6 November
LE Spring 72 13 March 136 16 May
LE Summer 137 17 May 287 14 Ociober
LE Fall 288 15 October 366 1 Jaruary

For GBL,theseasonal duration lasts 37, 83 and 27 days for sgimgmerandfall,
respectively, with GSL lasting 43, 85, and 40 days, LA lasting 44, 92, and 44 days, LW lasting
48, 113, and 39 days, and LE lasting 64, 150 and 78 days. These seasonal thresholds define the
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timeframe where lake/basimide means are derived for all parameters for each year of

analysis.

4.5.2Trends of Timeseries

Theil-Sen slopes Rigure 4.2) of each annual and seasonal mean algal biomass
parameter (MC, XC, BC, BD and PQ.IC parameter@N, OF and DRRand LSWT parameter
(MT, XT,ATandPllwer e used t o der ikKendall(MK)destivasusedto | e a
determine significance (p < 0.15igures4.3 for algal biomass time series, 4.4 for LSWT time
series and 4.5 for LIC time serje¥he number of tests is based on the number of lakes and
basins (5 lakes, 10 stiiasins), and the number of seasons (3 season, 1 arnflualjotal
number of tests across all 15 lakes/basins and all 4 seasons for each parameter is 60. A total of
300 MK tests were conducted (15 lakes/basins, 4 seasorp padmetersfor algal biomass
parameters, 240 MK tests (15 lakes/basins, 4 season, and 4 parameters) for LSWT parameters,

and 45 MK tests (15 lakes/basins, 1 season, and 5 parameters) for LIC parameters

For MC, XC and BC parameters, across all seaanddakesasins 63.33% (114ut
of 180 total MK tests) returned significant trends, where 95.61% (109/114 MK tests) were
positive (increasingl b =1 0. @ % ! grg). The spring season shows the greatest
difference in MC, XC and BC trentlse t ween NL and SL, where NL
e g *yr!compared to0 . 05 1grg of ISL. While most trends were positive, LW
consistently returned édecreasing)rend for BC, where 16.67% (2/12 MK tests), were
significant. For BD and PC parameters, across all seasons and lakes, only 20.00% (24/120 MK
tests) returned significant trends, where 4!
250daysyt) and 54.17% (13/24 MKO2%iekIslgysyWer e ne
Summertime BDeturned a higher trend compared to any other season. The trend of PC varies
between lakes and seasons, where PC is occurring earlier in the Fall for NL and later for SL,
while the inverse is true for the summer (figdr2). Map examples of MC can be found in
supplementary figure B.7.1.

73



For ON, OF and DR parameters, across all lakes,JohE8% (8/45MK tests) returned
significant trends, of which, 100% were negatjdecreasing)-0.881 -1.08 Days yt). The
remaining82.22% of tests across all LIC parameters and lakes were not significant, exhibiting
little change, either positive (increasing) or negative (decreasing). Of theigroficant
trends, little change was found f@N in NL, however most SL returned a negative
(decreasingjrend.Of the nonsignificant trends,ite OF and DRvere negative(decreasing)
for all lakes with the exception of LW.

For MT and XT parameters, across all seasons and lakes, only 11.67% (14/120 MK
tests) returned significant trends, where 85.71% (12/14 MK tests)pwsitive (0.03 0.14
K yr1). Both summer and fall show an increase in MT and XT across all lakes, with the
exception of LW. However, Spring MT is highly variable across all lakes, while Spring XT
shows a general increase for NL, and a decrease for SL. Annual MT show a genesalmgcre
trend for NL and an increasing trend for SL, while annual XT is increasing for all lakes. For
AT and PT parameters, across all season and lakes, only 9.17% (11/120 MK tests) returned
significant trends, where 27.27% (3/MK tests) were positive (0.20 0.30 Days y#) and
73.73% (8/11 MK tests) were negativ8.80i -0.67 Days yt). For complete results, refer to
supplementary tabld3.7.1 toB.7 4.
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Figure 4.2. TheilSen slope calculated for 15 lake/basins at an annual/seasonal scale for 12 parameters. The presence of an

i ndi cat es a sserigsas$ dalculatadby a Malkendall tést. GB) = GreatrBear Lake, GSL = Great

Slave Lake, LA = Lke Athabasca, LW = Lake Winnipeg and LE = Lake Erie. MC = MearaCKIC = Max Chia, BC =
Abnormal Chia, BD = Abnormal Chhk Days, PC = Peak GhlDOY, MT = Mean LSWT, XT = Max LSWT, AT =
Anomaly LSWT Days, PT = Peak LSWT DOY, ON = Ice On DOY, OF = [§eD®Y and DR = Ice Duration.
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Figure 4.3. Time series of lake/basinide averages of 5 annual/seasonal algal biomass parameters for 15 lakes/basins. GBL
= Great Bear Lake, GSL = Great Slave Lake, LA = LAktebasca, LW = Lake Winnipeg and LE = Lake Erie. AB = All

basins, CB = Central Basin, SB = South Basin, EB = East Basin, NB = North Basin, WB = West Basin. MC = Mean Chl

XC = Max Chta, BC = Abnormal Chh, BD = Abnormal Chh Days, and PC = Peak GaDOQY. All values are

normalized to improve visualization across lakes/basins.
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Figure 4.4. Time series of lake/basiwide averages of 4 annual/seasonal LSWT parameters for 15 lakes/basins. GBL =
Great Bear Lake, GSL = Great Slave Lake, LA = Lake Athabasca, LW = Lake Winnipeg and LE = Lake Erie. AB = All
basins, CB = Central Basin, SB = SouttsBBaEB = East Basin, NB = North Basin, WB = West Basin. MT = Mean LSWT,
XT = Max LSWT, AT = Anomaly LSWT Days, and PT = Peak LSWT DOY. All values are normalized to improve

visualization across lakes/basins.
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Figure 4.5. Time series of lake/basiwide averages of 3 annual/seasonal LIC parameters flak&§/basins. GBL = Great

Bear Lake, GSL = Great Slave Lake, LA = Lake Athabasca, LW = Lake Winnipeg and LE = Lake Erie. AB = All basins,
CB = Central Basin, SB = South Basin, EB = East Basin, NB = North Basin, WB = West Basin. ON = Ice On DOY, OF =
Ice Of DOY and DR = Ice Duration. All values are normalized to improve visualization across lakes/basins.

4.5.3Variability of Timeseries

The varianceof each algal biomass, LSWT and LIC parameter diffdsetiveen
seasons and lakes, as measured bstthifex TheitSen test. Of the MC, XC and BC parameters,
SL typically exhibited higher variancd ( p& ¢ "Q compared to the NLi(
™ ¢ Q@ across all seasons and parameters. The fall and spring seasons showed higher
variances for all lakes(i ¢dr¢ "Q compared to annual and summ€r
™ ¢ Q@ seasons for MC, XC and BC, with the exception of LW which returned high
variance for all seasons. LE frequently had the lowest variance for MC, XC and BC, with the
exception of the fall season. Of the BD and PC parameters, there was little differereznbetw
variances observed for NL o) & @ wand SL(i X& IR w « iwith the exception of
LE EB which observed a significantly higher variance compared to all other lakes in the

summer season. Of the MT and XT parameters, NL observed higher variance in the summer
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season(i p8t 0 compared to the SKi ™ @ . For XT, spring and fall seasons
observed higher variandge  p& @ compared to the annual and summer seafons

o 0 . Of the AT and PT parameters, NL observed higher variance in the spring season
(i P & (¢ & wcompared to Sl o® Q w @ iwhile annual and summer seasons
observed higher variance for 3L  p @ ¢Q ® wecompared to NL(i X® Qo wiThe

fall season for AT and PT returned the lowest variance with no significant differences between
lakes. Of the LIC parameters, SL observed higher variéince ¢ @ dQ & wcompared to

the NL (i U M & w iparticularly for LE Figure4.6).
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Figure 4.6. Theil-Sen standard errorgfcalculated for 15 lake/basins at an annual/seasonal scale for 12 parameters. GBL =
Great Bear Lake, GSL = Great Slave Lake, LA = LAkgabasca, LW = Lake Winnipeg and LE = Lake Erie. MC = Mean
Chl-a, XC = Max Chia, BC = Abnormal Chh, BD = Abnormal Chk Days, PC = Peak GhIDOY, MT = Mean LSWT,

XT = Max LSWT, AT = Anomaly LSWT Days, PT = Peak LSWT DOY, ON = Ice On DOY, OF = Ilcd0ff and DR =

Ice Duration.
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4.5.4Vector Autoregression Results

The VAR is used to determine how LSWT and lexplainedhe trends and variability
of the algal biomass response over time while accounting for the previoustéipse(lag). Lag
selection was determined by the mean performance fadj.and BIC) across all possible
combinations of LSWT and LIC parameters for all seasons. The sample size (n = 19) is further
reduced by the size of the lagi(fag), which limits the number of endogenous variables to be
included. For the MLR (lag = 0) and\@AR with a lagof 1, upwards of 8 input parameters
were included in the VAR model (127 combinations), lag of 2 tested upwards of 5 input
parameters (98 combinations) and a lag of 3 upwards of 3 input parameters (28 combinations).
A lag order of 3 was selected agl 2f 5 total biomass parameters showed the highest mean
adj. ? across the seasons, 4 of 5 showed the lowemtd 5 of 5 showed the lowest BIC (Table
4.4).

Table 4.4. Mean performance and error of MLR (0 lag) and VAR modef3 Idg order) for each algal biomass parameter.
MC represents mean eh) XC ismaximumchl-a, BC is abnormally high cka, BD is abnormally high ckh days, and PC
is maximumchl-a DOY. Bold indicates the begerforming metric for each algal biomass parameter and season.

Adj. 12 S BIC

Parameter | MC XC BC BD PC |[MC XC BC BD PC|MC XC BC BD PC
MLR -0.01 0.00 -0.04 0.07 009 | 100 100 1.02 096 0.94| 65.02 6484 6542 63.02 62.38

[ 043 049 062 014 004 | 073 068 058 093 0.85| 5203 4879 4260 61.66 57.72
é 043 044 061 000 -0.06| 0.72 0.71 058 101 0.88| 50.34 49.65 41.72 6332 57.84
049 049 060 -002 -001|066 065 058 1.01 0814352 4271 3871 5925 51.65

MLR 0.04 005 007 009 0.09 | 097 09 096 095 094 | 63.08 6274 6299 6261 61.89

= 003 008 013 012 017 | 087 083 086 092 079 | 5628 5542 5828 60.84 55.38
UE)' 006 001 012 018 021 | 087 08 086 088 0.76 | 54.66 5550 56.49 5790 5324
0.16 013 019 024 0.09 | 076 0.77 0.78 084 0.78| 4545 47.87 4852 5237 50.40

MLR | 002 002 006 003 004|099 099 097 098 098 | 6441 6441 6364 6395 63.74

g 037 052 056 021 0.00 | 0.78 066 063 085 096 | 54.76 48.06 46.64 57.85 63.00
(% 037 052 058 018 -002| 079 067 062 088 0094|5456 4837 4559 5822 60.55
3 046 056 061 020 013 | 0.73 063 057 085 0.87| 48.62 43.08 39.12 53.33 53.89

MLR | 003 001 001 -0.02 008 | 098 099 099 1.0l 095| 6417 6458 6455 6511 62.86

— 024 033 034 006 0.09 | 068 061 057 093 094 4431 39.70 36.69 6142 62.28
I'(E 019 031 031 004 0213|071 061 057 094 092 4554 40.16 36.06 60.74 59.87
3 023 035 035 007 0.03 | 067 058 053 089 098 4121 36.28 3150 5525 57.99
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To determine the importance of LIC in driving the trends and variability in
annual/seasonal algal biomass, the mean ranking of performance/error metrics for VAR
models(Table 4.2) containing only LICLSWT, and both LIC and LSWT parametexgre
assessed.SWT only VAR models consistently returned higher performance foriN®d € "Q
p @ p for all seasons, with the exception of spring, in which LIC only models were higher
performing(i @& @ & p. LIC only models in NLs returned the highest ranking in the
majority of lake basins for the MC parameter, during the annual, spring and fall seasons (GSL
CB, GSL NB, GSL AB and LA AB)Table4.5). For XC and BC models, LSWT only models
consistently returned a higher performanted(¢ @ @ ) compared td_IC parameters
(i &¢& "06.06). The performance of LSWT only, LIC only and a mix of both varied between

lakes for the BD and PC parameter, showing no discernible pattern.

Table 4.5. Number of lakes/basins with the highest ranking for VAR models consisting of only LIC, LSWéthdrIC and
LSWT within NorthernandSoutherrregions.

Northern Lakes Southern Lakes
LIC LSWT Both | LIC LSWT Both

Season Parameter

Mean Chl-a
Max Chl-a
Abnormal Chl-a

N
N
o
(o]
o

Annual

Abnormal Chl-a Days
Peak Chla DOY
Mean Chl-a

Max Chl-a

Abnormal Chl-a

Spring

Abnormal Chl-a Days
Peak Chla DOY
Mean Chl-a

Max Chl-a

Abnormal Chl-a

Summer

Abnormal Chl-a Days
Peak Chla DOY
Mean Chl-a

Max Chl-a

Abnormal Chl-a

Fall
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Northern Lakes Southern Lakes
LIC LSWT Both | LIC LSWT Both

Peak Chta DOY 3 4 1 1 6 0

Season Parameter

VAR Model performance foNL varied significantly across lakes/basins and seasons
(Figures4.7 and4.8). NL annual VAR models for MC, XC and BC parameters provided

adequat@erformance for MC, XC and BC models (Bi X b T® p, while BD and
PC returned poor results for all seasab<Bi e i T80 It Spring VAR models for
MC, XC and BC parameters returned the lowest performance of any sea&®m (
™ TP

VAR Model performance for SL returned frequent poor results for LW, and adequate
results for LE however frequently poorer in comparison to NLs. SL annual and summer VAR
models for MC, XC and BC parameters provided adequate resuliBi( 18 @

& It while BD and PC also returned poor results for all seasoiBi( T8t ¢ Ty J.
Most SL spring and falVAR models for all algal biomass parameters returned poor

p erformancesd Bi T8t & X Qo Despite the poor performance on average, LW

returned adequate spring VAR model performances fordQ8( ™ & & {§. For
full results, refer to supplementary tabR3 5 toB.7.8.
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Figure 4.7. Plots representing VAR model mean adfor five algal biomass paramete@olour indicates the lake, shapes
the basin and the shade whether the VAR models contained only LIC parameters, only LSWT parameters, or both for (a)
Annual, (b) Spring, (cbummerand (d) Fall.
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Figure 4.8. Plots representing the VAR model mean standard e)diofsfive algal biomass parameters. Qglindicates

the lake, shapes the basin and the shade whether the VAR models contained only LIC parameters, only LSWT parameters,
or both for (a) Annual, (b) Spring, (c) Summer and (d) Fall.
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4 5 5Parameter Performance

VAR models were ranked based on the average rank of each performanceTlrabkleic (
4.2) when a given parameter was included. LSWT parameters were associated with the most
frequent high performing VARnodels across all biomass parameters and seasons for NL
(Figure 4.9). The inclusion of MT and AT in annual NL VAR models returned a higher
performancecompared to that of other parameters for all algal biomass paramet@rs (Q
p& . While not found as the highest performing parameter, OF returned a higher performance
when included in spring and summer NL VAR models across all algal biomass parameters
(i ©& @& . The ON was frequently associated with the poorest performing NL VAR
models across all algal biomass parameters and se@asdng ‘@& . For full results, please

refer to supplementargables B.7.5 to B.7.8

Similar to the NL, LSWTwere associated with the most frequent high performing VAR
models across all biomass parameters and seasons for SL #f@ur€he inclusion of XT,
AT and PT in annual SL VAR models returned a higher performance compared to that of other
parameters for all algal biomass parametergd)¢ @& . Similar to the NL, LIC parameter
performance increased for spring and summer SL VAR models, however, was less consistent
across algal biomass parameters. The inclusid@MNfor spring SL VAR models returned
higher performance for BC, BD and PC { ¢ "@& , while OF returned higher performance
for XC, BC and BD in summeti (¢ @8t . The inclusion of MT and XT in fall SL VAR
models returned higher performance across all algal biomass parametets @& . For

full results, please refer to supplementtatyles B.7.5 to B.7.8
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Figure 4.9. Ranking (1 to 7) of VAR model performance when a given independent variable was included. Model
performance was determined by the calculating the median ordered rank of each VAR model performance metric: Corrected
(adjusted) coefficient of determinatioadj. ), Akaike information criterion second order (AlCc), Bayesian Information

Criterion (BIC), Standard Errordjsandfinal prediction error (fpe). The rankings were calculated separatelNdidhern
LakesandSouthern Lakessing annual/seasonal dafl he yaxis represents the independent variable, theix the

dependent variable. MC = Mean &hl XC = Max Chla, BC = Abnormal Chh, BD = Abnormal Chh Days, PC = Peak

Chl-a DOY, MT = Mean LSWT, XT = Max LSWT, AT = Anomaly LSWT Days, PT = Peak LS®OY, ON = Ice On

DOY, OF = Ice Off DOY and DR = Ice Duration.
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4.5.6Model Performances

The VAR modelswith the highest rankin@Table4.6) for NL explained21%71 99%

of the variance in all alghaliomass parameters across all seasriaB( T i ™ X.

Most of thetop-ranked annual NL VAR models contained MT and AT parameters (45% and

40%, respectively) Table 4.7), where the coefficientshowedf r e quen't posit
(supplementary figurB.7.2). However, the majority dhetop-ranked spring and summer NL

VAR models contained OF and XT parameters (4023% and 35% 40% respectively),

where VAR model coefficients returned a pri-rt
in summer. The majority of top performing fall NL VAR models contained BrEipeters
(38%), which exhibited a primarily negative
parameters (supplementdigure B.72). Of the topranked NL VAR models, MC, XC and

BC parameters returned a higher performadc€Xi @ Xi T@ Pacross all seasons.

Converselythe top-ranked NL VAR models returned a poorer performance for BD and PC

parametersch (Bi ™ ¢ T® @ across all seasons.

The topranked VAR models Table 4.6) for SL returned a poorer performance

comparedo the NL, which explained 109%99% of the variance in algal biomass parameters

across all seasone ((Bi T i &8 uBThe majority of topranked annual and fall SL

VAR models contained primarily XT, AT and PT parameters for most lakes (3@, 31%

T 34%, and 29% 37% r espectively). Annual VAR model
negative when XT and PT were included, annual AT and fall XT, PT and AT were mixed
depending on the lake/basin (supplemenkgureB.7.2). Similar to NL, LIC frequency had
increased amongst the tognked spring and summer SL VAR modé&iswever MT and PT
parameters remained the most freguoccurring (40 45.71% and 42.86%espectively),

where spring VAR model b coefficients were
included summer PT was primarily negative (supplemenkgyreB.7.2). Of the topranked

NL VAR models, MC, XC and BC parameters typically returned a higher performance

(0 'Bi ™ pi & jtacross all seasons. The spring VAR MC and BC models had
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however returned a poorer performan@eBi ™ @ @ in comparison to the XC,
BDand PCmodelsi{Bi 1 b 1

Table 4.6. Top-rankedannual VAR models for each lake and basin performance and error metrics. MT = mean LSWT, XT = Max
LSWT, AT = anomaly LSWT days, PT = peak LSWT DQOY, MC = meara;i{C = max chla, BC = abnormal ckh, BD =
abnormal chla days, PC = peak cfd DOY. Filled box indicates a-palue < 0.1, empty box indicates aglue > 0.1.

Model Ardzj AlCifpis P Model Ardzj AlCifpe s P
- al/--®&1¢| 0.6 140.0.C0. €Yy . al~-&tc¢| 0.6 135.0.50.CEy
c ./~ ®5w| 0.9 117.0.10.3y = ./~ &5w| 0.5 139.0.E50. €]
S . ~ac+re| 0.9 115.0.C0.zy S/~ ete| 0.6 141.0.40. €]
L . 5Nh0G5wW 0.8 124.0.C0. 5y 5 .5ac+hb| 0.6 137.0.€0.Ey
S t/~lehb| 0.7 127.0.C0.4y - ti/~hbt5w| 0.5 134.0.70.E1
< al~l¢ 0.9 14.:0.C0.1Yy . a’;"’k‘)“ 0.8 129.0.€0.4Yy
o /~tehb| 0.9 100.0.C0.1y > -j~at+hb| 0.4 146.0.€0. 71
@ LI~ e 0.9 18.10.C0.1Yy u? = ¢ 0.1 79.10.20.¢1
o .5ac¢+l¢| 0.5 139.0.C0.€1 = .5 -6hb| 0.7 131.0.20.4y
© {/.ehb| 0.5 136.1.40.57 ~  t/~hbt5w| 0.5 138.0.10. €]

al-a¢+l ¢l 0.8 129.0.C0.4y @ a/-t&l¢| 0.5 139.0.CO0. €T
- ./~r®5w| 0.9 117.0.C0.5y _ -/~ &tc¢| 0.6 136.0.30.CEy
< Jeac¢+1 6| 0.9 114.0.C0.:y = ./~ &t¢| 0.6 139.0.30. €y
o .5at+ ¢ 0.8 125.0.C0.4y 2 .5ac¢t!¢| 0.6 138.0.10. €y
© {1 e5w| 0.6 132.0.C0.4y —  t/i~lehb| 0.7 121.0.20. 3
— al/-t®5w| 0.9 100.0.C0.1y =© al-a¢+!'¢| 0.9 114.0.C0.zy
% ‘J~a¢+5w| 0.9 116.0.C0.3y = -/-a¢+l¢| 0.9 82.:0.C0.1y
O ./~ae+hC| 0.9 116.0.C0.5y & ./te&le¢| 0.9 98..0.C0.1y
L .5a¢+hC| 0.5 146.1.C0. 7] 5 ¢ 0.1 82.:1.E1.¢C]I
3 ti~lehC| 0.6 118.0.C0. ¢] Y trac+hb| 0.6 136.0.230.Ey
_ a/-tehb| 0.9 112.0.C0.:z2y al-t®!¢| 0.9 115.0.C0.z2y
o . J~ac+t¢| 0.9 99.10.C0.1y o C~t e 0.7 61.10.C0.CEy
W acsre| 0.9 108.0.C0.2y & ./~ ®5w| 0.9 101.0.C0.1y
5 5 ®t¢| 0.2 152.0.C0.¢I w .5hb+thC| 0.4 146.0.C0. 71
© t/tehc| 0.8 122.0.40.5y —  t/~-e&hb| 0.7 131.0.C0.4y
= al~l&5w 0.6 137.0.C0.E5y . al-a¢t5w 0.4 144.0.20. 71
S rtesw| 0.8 128.0.10.4y§ /~t#5w| 0.6 134.0.C0.CEy

/~ ®5w| 0.8 127.0.C0. 4y ~t®i¢| 0.8 126.0.C0. 4y
® saeti¢| 0.6 139.1.:20.¢€y Y .s5ac¢ri¢| 0.6 129.0.10.41

(o]
(o]



t /~h b 0.1 80.:2.c0. ¢TI t/~- ®hC| 0.7 125.0.C0. ¢
i a’;""c“ 0.9 102.0.C0.zy O al~t ¢ 0.9 44.:0.C0. ¢
p: S l~at 0.8 48.:0.C0.:y _ ~J~a¢+l¢| 0.9 99.!0.10.1Yy
. _/~1ehb| 0.9 118.0.C0.z2y -t ¢ 0.8 47.!0.C0.2y
& .5ae+hCl 0.5 144.1.:0. 71 Y 5. e5w| 0.4 146.0.20. 71

t/~!¢hC| 0.5 117.0.C0. &1 t /~t ¢ 0.7 61.:0.E50.¢ty

al~at¢ 0.7 60. 0.C0.¢ty

< l~at¢ 0.5 70.:i0.10. 7Yy
j . l~a¢ 0.7 63..0.C0.¢ty

.5t &5w| 0.7 133.0.40. ¢ty

t/~ac¢+ - ¢| 0.6 138.0.C0. €Yy

Table 4.7. Frequency of predictor parameter (MT = mean LSWT, XT = Max LSWT, AT = anomaly LSWT days, PT = peak
LSWT DOY) presence in topanked VAR models withitNorthern(NL) andSouthern Lake§SL).

Annual Sprin Summe Fal l
Parame¢ NL SL| NL SL|NL SL|NL SL
MT 459299139469259409239319
XT 159319359149409319%9339%349
AT 459319289119%9339299%289% 349

PT 189379289439259439%389%29¢9

On 159299109179% 8% 6%|339%26¢9
OF 209 6%(409209439179%9189%9149
DR 259209359379% 8% 319289179

4.5.7Model Variance
When looking at the VAR model residuals, it was observed that MC, XC and BC

concentration models returned low variance in GBL SB and the LE EB. BC also returned low
variances for all GBL, GSL and LE compared to the other lakes and algal biomass parameters.
Of the MC, XC and B@arameters, models shedincreagdvariance over time in GBL, LA
and,LE particularly, around 2016020, while LW showd an inverse trend faBC. BD and
PCshowedgreater variability in all lake@igure4.10).
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Figure 4.10. VAR model residuals for five algal biomass parameters, where the colour represents the lake basin.

4.6 Discussion

4.6.1Pre-Processing andSources ofError

Daily chla concentrations at adm grid provided a opportunity to understand the
phenology of algal biomass in many large freshwater lakes. Variance due to retrieval error
introduced a challenge for data analysis, whereppseessing was implementéa mitigate
retrieval error issues. Missing data due to cloud cover, sensor image gaps, and petliers (
retrievedchlac oncent r at i o n $in daidotrophic %akes) reQuired intgrpolation.
While more complex interpolation methods exist, &ineemporal interpolation can provide a

fast, simple and reliable means of interpolating smaller missing data @Qapm¢keet al,
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