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Abstract

Western Lake Ontario (WLO) and Hamilton Harbour (HH) experience significant eutrophication
challenges. Despite an overall decrease inlith@éging nutrient phosphorus (P) inputs, recurrent
nuisance Cladophorg and cyanobacterial harmful algal blooms (cHABS) are observed in nearshore
hotspots of WLO and HH, respectively. These events hint at a complex interplay of contributing factors
including not only of P availability but nutrient enrichment in general, as well as invasive mussel
species altering ecosystem dynamics, climate change, and other anthropogenic influences. As a result,
continued and consistent monitoring is of paramount impoetaButrophication in WLO and HH is

also linked to the expanding urbanization within the Golden Horseshoe, which includes the Greater
Toronto Area (GTA), along with nutrient point and nonpoint load sources from stormwater
management systems and agricultwatersheds. Of importance are also the nutrient inputs flowing
from Lake Erie through the Niagara River creating local productivity zones at the river mouth.

Traditional fieldbased monitoring methods face limitations, including high costsudahbtersity,

limited temporal resolution and inadequate spatial coverage. In that respect, remote(BS)siray

offer an alternative approach, leveraging the water colour (optical properties) to detect optically active
constituents (OACSs) like Chlorophydl (Chl-a) that can provide proxies for phytoplankton abundance

in algae. The distinct spectral signatures of &hlake multispectral imagery a valuable tool for water

guality assessment that can complement ongo#sgirmonitoring.

This thesis presenéscomprehensive analysis aimed at enhancing the capacity for monitoring nearshore
algal blooms in the oligmesotrophic WLO and eutrophic HH through publicly available {sigétiat
resolution (<100 m)RS satellites data, specifically Landsat 5, 7, 8,18 &entineR. The research
explores the optimal combinations of atmospheric correction methods and refleicidecesto
develop semempirical based Ch retrieval models specific to the (sub)regions considered. As an
additional application, the satisdl based Chh data are used to assess the sptiaporal variability

and trends of algal productivity over the past decade, identifying productivity hotspots and anomalies.

The thesis is structured in five chapters, beginning with a general intreictChapter 1, followed

by Chapter 2, which offers the necessary background for understanding the research presented in the
thesis. Chapters 3 and 4 delve into comparative evaluations-afr€tileval methods and tirrseries

analysis of algal bloom damics, respectively. The thesis ends with Chapter 5, which synthesizes the

main findings and offers conclusions and future research directions.

Chapter 3 presents a comprehensive comparative evaluation of atmospheric correction processors and

reflectancendexes, assessing their performance iradncentration retrieval from a muftiatform



collection of satellite data. By analyzing satellite scenes from different platforms alongsitie in
measured Ckh data, the chapter develops predictive linegression models. The results highlight
the superior performance of certain combinations, particularly ACOIcldreected Landsat 8 and
Sentinel2 imagery utilizing two band ratio indexes, that is Hogreen or blugo-red, in capturing
Chl-a concentratia with acceptable accuracy.

Delving into theChl-a dynamics,Chapter 4 presents a tirseries analysis using LandsataBid 9
imagery from 2013 to 2028 reconstructhe spatiaktemporal patterns and hotspot3/#LO and HH
After preprocessing a collectioof Levell images with the optimal combination of atmospheric
correction method and retrieval index, as identifie@liapter 3a timeseries collection of estimated
Chl-a concentration mapare produced. By applying three alggiowth indicators namey bloom
intensity, extent, and severjtglong with averaging annual and montbktimated Chh concertation
maps and conducting a Matndall trend analysis, ware able to examinalgal bloom dynamics,
seasonality, andelineateareas of concermhe esults should help iplanningmonitoringand design

eutrophication managemestrategiedor the region

The findings from this thesis underscore the potential of space RS in advancing water quality
monitoring that can inform management practices. By identifying the most effective methods for Chl
aconcentration retrieval and providing a nuanced understanding of algal growth dynamics, the research
in this thesis contribute® both fields of aquati®S and water quality monitoring. The comparative
analyses, model developments, and sp&ialporal investigations not only offer practical tools for
water quality assessment but also set the stage for future studies leveraghigemearning and
existing satellite datasets. The work demonstrates the critical role of taRSexpplications in
addressing eutrophication issues, advocating for integrated monitoring approaches to sustain aquatic

ecosystems in the face of changemyironmental conditions.
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Chapter 1

Genetatroducti on

1.1 Motivation

The motivation for my research stems from the pressing issues of eutrophication in Hamilton Harbour
(HH) and the nearshore zone of Western Lake Ontario (WLO), that experience nutrient enrichment due
to urban and agricultural runoff, as well as other pressirom industrial activities, invasive species,

and climate warming. These anthropogenic pressures have escalated the (re)occurrence of harmful
(HABs) and nuisance algal blooms, degrading water quality, disrupting ecosystems, and imposing
adverse socikeconomic impacts on the region. Recognizing the limitations of traditionaitun
monitoring methods, motivated me to explore the potential of dpate optical remote sensing (RS)

as a complementary tool, presenting a promising avenue for historicadéarréaltime water quality

assessment.

Driven by the need to refine remote sensing methodologies for monitoring algal abundance, Chapter 3
evaluates various paths for producing esgecific RSderived Chlorophyta (Chl-a) concentration

models to idetify the most accurate ones. This effort underscores the importance of selecting an
appropriate schemiea combination of atmospheric correction processor aneh@trieval indexi

which directly impacts the precision of remote sensing analyses, ebpétialigo-mesotrophic

conditions where retrieving low Glalconcentration is challenging.

Having tested different retrieval approaches, Chapter 4 builds on this foundation by selegtiogghe
scheme for conducting a tinseries analyses of algal aldamce in WLO and HH. The chapter shows
the potential of spaeleorne RS in filling the gaps of isitu data during certain months (especially
during winter) and years (e.g., 2020 due to COVID), by providing a comprehemapingof algal
bloom dynamics ahhotspots over the laskevenyears. Additionally, my work helps alleviate the lack
of high-spatialresolution satellitelerived studies on Lake Ontario's waters, in contrast to the well

studied eutrophic Lake Erie.

I hopemy findings will serve as a vahble resource for both local and global stakeholders, enhancing
decisionmaking capabilities for local authorities in managing water quality and providing an
integrated, multidimensional insight in&dgal dynamics including bloom occurrences the regon
from 2013 to 2023as well ascontribuing to advancing the precision and effectivenes<bka

retrieval methodologiethrough the use afpacebornedataat a global scale.



1.2 Research Objectives

The overall objective of this thesis is to enhatheedfectiveness and application sfhaceborne multi
spectral remote sensingmap the distributions a€hl-ai in space and time. As a case study, | focus
on thewesterrbasin ofLake OntarigqWLO) and Hamilton Harbouman embayment connected to WLO
by ashipping channellhe working hypothesis is that bgfining RS-based water quality assessments
existing gaps in eutrophication mappican be overcomd he specific objectivesf each chapter are

asfollows:
Chapter 3bjectives:

1 Evaluating the performapaf 27 Chlaretrieval indexes across eleven Lef2gbroducts from
four satellites(Landsat 5, 7, 8 and Sentir®)|, using 600 irsitu matchups collected between
20002022.

1 Developing Chlaretrieval regression models in order to compare their performance across 28

scenarios, depending on data categorization and satellite platform.
Chapter dbbjectives:

1 ProducingChl-a maps from 2012023 with Landsat &nd 9 imagery for detailed spatial
temporal analysis by employing three algabwthindicatorsi intensity, extent, and severity
I andGeographidnformationSystem(GIS) products such as averatj@nnual and monthly
estimated Chh concentrationas well as trend maps to observe spdaéiaipaal variability,
trends, and identify (re)emerging productivity hotspots.
Validatingthe findings with insitu dataas well as publisheaports from othesources
Offering insights into algal blooms at locations and tinvéh in-situ datagaps(for instance,
during COVIDcausedshutdowns), and suggesting monitoring strategies informethdoy

identified seasonatendsand hotspots.

1.3 Research Contributions and Impacts

Each of the core chaptelise(, 3 and4) of thisthesismakes a unique contribution to the literature of
aquatic remote sensing and offers distinct applications for water quality monitoring. Chapter 3,
submitted to the journal Remote Sensing and currently under review, undetiseorgmrtance of the

Chl-a retrieval indexes using various sensansl highlightsthe critical role of satellite selection,-in

situ data categorization, and atmospheric correction in enhancing model accuracy. The breadth of this



analysis, encompassing 600 matchup data points, thioymgnt of four satellite platforms, and the
application ofelevenatmospheric corrections alongside 27 retrieval indexes, sets this chapter apart
from similar studies in terms of scope and extent. Furthermoreotihh@rehensiveness of matchup

data, in tems of counts and ranggtimarily within the oligemesotrophic range, where performance
assessment is notably more challenging than in eutrophic conditions, further enhances the chapter's
contribution to the field. The findings of this chapter can be us#l,caution, in case studies with

similar optical conditions, for methodology development, particularly in selecting the appropriate
atmospheric correction for preprocessing and applying the most sensitive reflectance index for

retrieving Chia concentréion, based on each study's data range and satellite platform used.

Chapter 4overcomesthe limitations of conventional field surveys in algabwth monitoring by
utilizing Landsat 8nd9 imagery to reveal the spati@imporal dynamics of algal blooms from 2013
to 2023. The insights gained from this chapter not only deepen the understaradgaj dfnamics in

the region through satelligerived maps and indicators but also enable theient allocation of
monitoring resources, such as timilake samplingto coincide with bloom periodsr increasing
sampling frequencyn Chl-a hotspots.The outcomes of this chapter are anticipated to benefit
environmental agencies in decisioraking egarding monitoring programs and the mitigation of algal
blooms in WLO and HH.

1.4 Thesis Outline

This thesis comprisda/e chapters, structured to systematically address the analyStd-afretrieval
methods and their application to map @doncentratia time-seriesn WLO andHH. Chapter 1 sets

the stage with an introduction, outlining the motivation, research objectives, contributions, impacts,
and the thesis outline. Chapter 2 delves into the necessary background and theory, w@tering
colour remee sensingthe importance of atmospheric correction, and sampirical retrieval of Chl

a concentration culminating with a summary. Chaptersad 4 presented in manuscript format,
explore diverse aspects of remote sensBitapter 3 compares semnprical retrieval schemes for
Chl-a concentrationandChapter 4 conducts a tirgeries analysis of R&erived Chla concentration

using Landsat 8nd9 imagery Chapter 3 and #llow a consistent structure:dhtroduction Materials

and Methods,Results, Discussion, andConclusion. Chapteb concludes with a summary of key
findings, remaining researchchallenges potential applications, and recommendations for future
research. Supplementary to the main text, the thesis includes references, a glossary defining technical

terms and jargon, aridio appendices providing additional materials@mapters 3and4, respectively



Chapter 2
Background and Theory

2.1 Introduction

The assessment and monitoring of water quality are crucial for the protection and sustainable use of
inland waters such as lakes, which play a pivotal role in environmental sySegen et al., 2020)
Serving as habitats for diverse species and being integral to nutrient and carbon cycles, these water
bodies are essential components of our natural Wbddnhofer & Oppelt, 2016 However, they face
significant threats from anthropogenic activities and climate chdeadéing to degradation through
contamination with pollutants like heavy metals, nutrients, and microorgafiximshofer & Oppelt,

2016) Traditional monitoring methods, primarily fielthsed, have been the mainstay but are often
hampered by their lalo-intensive nature, high costs, and inability to effectively capture the temporal
and spatial variality of water quality phenomen@ube et al., 823). Over the past few decades,
satellite remote sensing technologies have emerged as vital, complementary tools to these traditional
methods, offering a meansngtrieveand analyze water qualiproxiesover vast spatial and temporal
scaleg(Tavora et al., 2023)By measuring the watéeaving radiance in the visible to ndafrared
spectrum, remote sensing can infer properties related to water clarity, biota, and hydrology, thus
providing essential information for understarglithe dynamics of various water quality indicators,

such as Chh, andotheroptically active constituent©@ACs) (Dornhofer & Oppelt, 2016)

Remote sensing operates on the principle of analyzing the radiation that is either reflected off the
surface of water bodies or emitt@gdermal)by them. This process involves the consideration of spatial,
tempral, spectraland radiometricresolutionsof the sensors usedpatial resolution defines the
smallest area on the ground that a single pixel in the image represents, which can range from tens of
meters in Landsat images to centimetric resolutionsrimanned aerial vehicl@JAV)-mounted
sensorsfor example Temporal resolution indicates the frequency with which a sensor captures images
of the same area, varying france a dayo once every few weeks, depending ondtisting platform

Spectral redation refers to the number of spectral bands or wavelengths of light that the sensor can
measure, impacting the ability to discern different materials or phenomena on the Earth'slsaastface.

but not least, radiometric resolutiamthe sensitivity of asensor to detect subtle differences in the
intensity of electromagnetic energy, enabling it to distinguish between different levels (shades) of

brightnesgin a certainvavelength)



The evolution of higkspatialresolution(< 100 m)remote sensing overdHast50 years, particularly
through the Landsat series of satellites, has enhanced the ability to study and monitor the water quality
of coastal and inland watef3avora et al., 2023)These technologies have been instrumental in
identifying and quantifying the distribution of key water quality parameters, albeit with the necessity
of performing atmospheric correction to mitigate the influence of atmospheric scattering and absorption
on the captured signals. The integration of data from various sensors, indladitgat 8and9 and
Sentinel2, alongside irsitu measurements, has facilitated the development of models for estimating
Chl-a concentratiorand other indicators at regional gtobal scales, underscoring the importance of

remote sensing in proactive water qualitgnitoring

2.2 Water Colour Remote Sensing

Water colour remote sensing is the measurement of the colour of the water from satellites or aircraft to
determine water propies and constituent&seeFigure 21). The essence ofiater colour remote
sensinglies in deciphering the intricate relationship between the concentration of water constituents
and the scattering signdlknown as wateleavingradiancei captured by these sens¢ks Yang et

al., 2022) For OACs such as Chh, Total Suspendedsolids (TSS, andcoloured dissolved organic
matter CDOM) (seeFigure 22), models can be established based on the relationship batheeent

optical propertieslQP9g and remote sensing reflectance

The interaction of sunlight with the Earth's surface, particularly with water bodies, is a complex process
influenced by multiple factors. As sunlight passes through the atmosphere, it can either be reflected off
the watersurface or penetrate the water, where it is then either absorbed or scattered byD/stigus
including phytoplankton, ncealgal particles, and CDONDOrnhéfer & Oppelt, 2016)The fate of
absorbed light and its scattering directiomhether forward or backward determines the radiance

that is eventually detected by sensors. In the context of ageatimte sensing, the focus is on the
remote sensing reflectancY '), a critical metric invater colour remote sensitigat is defined by the

ratio of backscattering to the total absorption and backscattering od$ight

Y _fn eé . (2.1)

wheredis absorption by OACs is the backward scatterind is the water leaving radiancC

is downwelling irradiance anyY is the remote sensing reflectance.
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2.3 Importance of Atmospheric Correction

Atmospheric correction is a critical process in the analysis of satellite imagery, particularly in the field
of water colour remote sensing. The radiance measured aiploé-atmosphereTOA) by satellite

sensors is a composite signal, comprising radiaemanating from within the water, radiance
interacting with the water surface, and radiance scattered by atmospheric gases and aerosols all
effectively summarizes in equation ZPRavora et al., 2023)

b 0 0 © 0 0 0 0 (2.2)

whereeach component of the total radiance at T(@ ) (epresents different sources of scattering and
absorption, from moleculaib ) and aerosold” and 0 ) scattering in the atmosphere gpecific
contributions from sunglint ), surfacereflected background sko ), whitecaps and foant ),

and the critical wateleaving radianced ) all measured in the unit ofidianceV m? sr! nm?. The
significance ofatmospheric correctiobecomes evident when considering that 90% of the signal
captured by remote sensdsglirectly affected byheatmosphere, leaving only a small fraction (10%)
as the wateleaving radiance of interest for remotnsing analysg®drnhofer et al., 2018; Tavora et

al., 2023) This overwhelming influence of atmospheric necessitates the accurate removal of these
contributiongo isolate the pure signal emanating from water bodies.

The complexity ofatmospheric correctiofis compounded by the diverse optical properties of
atmospheric particles and gases, which require sophisticated algorithms to correctly remove their
effectsfrom the satellitedetected signal. Different water bodies, classified as case one (primarily
phytoplankton) and case two (varied concentrations of optically active substances), demand distinct
approaches tatmospheric correctiodue to their unique abguiion and scattering characteristics.
Traditionalatmospheric correcticagorithms may oveior undercorrect the signal in case two waters,
highlighting the need for specialized processors tailored to the specific conditions of each water body.
The devebpment and application of variowmjuatic atmospheric correction processagch as
ACOLITE, POLYMER, andC2RCQ( reflect the ongoing efforts to refine this process, offenrge
reliablemethods to derive watdeaving reflectance and, subsequently, wgtelity parameters from

satellite imagery.

The success dadtmospheric correctiois crucial not only for the accurate retrieval of wdeaving
radiance but also for the subsequent derivation of water quality products. Given the large atmospheric
contribution to the measured TOA radiance, the choicatmiospheric correction processuord the

algorithms used to derive products from aboxaer reflectance can significantly impact the estimates



of these water quality parameteAs showcased iRkigure 23, the selection of atmospheric correction
can tremendously affect the derivy * especially in the blug green range.
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Figure 23. Comparingthe performance of various atmospheric correction methods for deq'4 figom a
Sentinel2 image, adopted frofMavora et al. (2023Yeused under the CC BY 4.0 license

2.4 Semi-Empirical Ret rieval of Chl -a Concentration in Water

The retrieval of Chl concentration from aquatic environments using remote sensing technologies has
evolved through the application of various Hoiotical models, which can be broadly categorized as
empirical, semiempirical, semianalytical, quasanalytical, and analyticdD. R. Mishra et al., 2017)

Each of these methodologies approaches the challenge of quantifying water quality parameters with
differing degrees of reliance on direct measurements, statistical correlations, and physical
understandings of lighinteractions within water bodi€¢Pornhofer & Oppelt, 2016; Gholizadeh et al.,
2016; D. R. Mishra et al., 201L7mpirical models establish a direct statistical relationship between in
situ measurements of Ghland remotely sensed reflectance, typically requiring extensivessigfic
calibration. In contrast, seranalytical ad quasianalytical models derive from the inversion of
radiative transfer equations, attempting to directly lagparentoptical properties (AOP9 like
reflectancewith IOPs of water constituen(®. R. Mishra et al., 2017)

Unlike purely empirical models that rely on statistical relationships without phygsmahding, semi
empirical models integrate physical principles with empirical data, enabling more versatile applications
across different water types and conditidbs R. Mishra et al., 2017)Semiempirical models,



particularly relevant for Ckh retrieval, capitalize on specific spectral features of watestttaents
that influence light absorption and scatterifidne successful application of seampirical models for
Chl-aretrieval is underscored by their ability to interpret the spectral signatures of waters with varying
Chl-a concentration. For instaac waters with high Ckh concentration exhibit distinct spectral
characteristics, sudmslocal extema at550 nm and 685 nm, reflecting the direct influencpiginents

on the light absorption and scatteringget, the bandsof 685 to 550 nnare not the sle bandsfor
estimating Chla concentration; therexistnumerous numerical retrieval index@ssed on a variety of
bands, that arilored for this purposgH. Yang et al., 2022} or example, a commonly used index in
the analysis of VIIRS images is the ratio of 550 to 480 nm. As illustetieeimatically irFigure 24,

the remote sensing reflectance for different concentrations ed @énonstrates how the ratio of 550
to 480 nm can be instrumental in estimating-€lgoncentratioreffectively. This method, refined
through validations against-gitu measurements, exemplifies the practical utisitgnplicity and most
importantly reproducibilityof semiempirical models in translating spectral data into meaningful

estimations of water quality parameters.
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Figure 24. Schematiagepresentation aemotesensingreflectanceacrossdifferent concentrations o€hl-a,
highlighting theutility of the 550 nm to 480 nratio for Chta estimation in VIIRSimagesadopted from
Mehta & Flores (2018yvith reusepermission.

2.5 Summary

Chapter 2 serves #ise foundationfor this thesis byeviewing the principles and methodologiesed
for the remote sensing of Ghlconcentration in oliganesotrophic wateref Western Lake Ontario

and Hamilton HarbourThe chapteunderlinesthe importance of assessing and monitoring water



quality, then delves into the nuances of remote sensing, detailing the critical resdlusjpatsal,

temporal, spectral, and radiometfidhat enable th@ccuratecapture and analysis of water quality
parameters over extensive areas and periods. This discussion sets the stage for a deeper exploration of
water colar remote sensing and the sigo#fnce of atmospheric correctiand outlines the
underpinnings and the diverse modeling approachasging from empirical to ser@impirical and

analytical methodologies employed in the retrieval of Clal with an emphasis on semaimpirical

modelsthat ae being used ithe subsequertivo chapters
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Chapter 3
Comparati ve EvalBRnpiiroinc aolf ASpepmioac hes
Sat edDlert #ed ChaGaomogerytirlati on Retri ev

Near shore and Of fshore Waters of a L

3.1 Introduction

Eutrophication of freshwater bodies is a global environmental concern. It is driven primarily by nutrient
enrichment, most often accelerated by ambgenic activities such as agricultural fertilizer
application, wastewater discharge, and urbanizatidamun et al., 2021)Cultural eutrophication
promotes excessive growth of algae, leading to deterioration of water quality and overall ecosystem
health, and the loss of aquatic habitaist al., 2021) In extreme cases, harmful algal blooms (HABS)
occur through the rapid prolifation of algae, in particular cyanobactef@agan et al., 2020 he
occurrence of HABs is influenced by a complex interplay of biogeochemical and physical factors,
including nutrient aailability (mainly phosphorous and nitrogen), water temperature, and
hydrodynamicgAdams et al., 2022)

In the western portion of Lake Ontario algal blooms are a particular concern in nearshore areas
including Hamilton Harbour (HH), the Toronto shoreline, and the Niagara River (d#ekovic et

al., 2019) The major drivers of eutrophication in these areas are excess nutrient runoff associated with
rapid urbanization of the @ater Toronto AregHiggins et al., 2012and surrounding agricultural and
industrial activitiegHui et al., 2021)Other contributing factors include nutriemth inflow from Lake

Erie via the connecting Niagara Rivévlalkin et al., 2010) changes in watetemperature and
circulation patternBlagrave et al., 2022and ecological disturbances suchrasihvasion by nuisance
mussels(Blagrave et al., 2022)Given these rapidly changing dynamics, amnid water quality

monitoring of the nearshore and offshore wateM/eftern Lake Ontario (WLO) remains essential.

Traditional fieldbased water quality monitoring methods have played an integral role in tracking and
assessing trophic changes in largketaover the past several decades. While these methods are
essential, they face limitations due to their high costs and personnel requirements, as well as their
restricted spatial and temporal coverage. In this context, remote sensing (RS) technigasrsehgee

as a valuable complimentary tool, enhancing traditional water quality monitoring with their ability to
provide largescale, frequent, and cestfective observations of water bod{€holizadeh et al., 2016)
Multispectral satellites like Landsat 5, 7, 8, and Sennare now extensively used for lake

eutrophication monitoring at a global scéBeck et al., 2016)In RS researciChlorophylla (Chl-a)
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concentrationas the key photosynthetic pigment, is most commonly used to map algal abundance in
surface waters and monitoring eutrophication trefizeda et al., 201®irasteh et al., 2020The
accuracy of Chh estimations highly depends on the applied atmospheric correction and the selection
of appropriate retrieval algorithms Gr endai t a & SByocarefullyi addressing theBed 2 2 )

aspects, RS can provide essential data on water quality trends and dynamics.

The estimation of Ckh& concentratiorusing multispectral satellite data has been growing in recent
years(H. Yang et al., 2022)This trend is notably tied to the launch of the Sentnhehtellite
constellation in 2015, whitadded a regdge band and increased spatial resolution down to 10 meters.
High spatial resolution is particularly important for monitoring nearshore waters where land adjacency
is a challenge. Further improvements are expected in the near future withtittipated launch of
NASA's 10m superspectral Landsat Next in 2030, which promises even finer spectral resolution,
likely improving water colour remote sensing. A limited number of recent studies in-ttee3Emeter
resolution range have comparece therformance of different atmospheric corrections andaChl
concentratiometrieval indexesTable 31). Not surprisingly, these studies show that models to retrieve
Chl-a concentration from satellite daend to perform best for the data range and the region they were

trained on.

Our work huilds on the previous studies Trable 31 by including expanded ranges of &hietrieval
indexes, atmospheric correction processors, satellitesnasith data. Specifically, we evaluate the
performance of 27 of the most used -@ldoncentratiometrieval indexes applied to 11 types of Level

2 products from four distinct sensors, paired to 600-agachronous, ctocated insitu matchups in

the wetern basin of Lake Ontario. We focus on Lake Ontario becaudi&e upstream Lake Erie,
whole-lake assessments of spatial and temporal trends in algal abundance remain limited. We aim to
contribute to filling this gap using 1@nd 36meter resolution satellite imagery applied to the western

part of the lake.

The Chta data are categorized according to seasonality, location, and Trophic State Index (TSI). Each
data category is then calibrated for a given sensor using-8ielimatchup data. The results form the

basis of a comparative analysis of the sensors' perfeesaand the effectiveness of the -Ghl
concentratiorestimation schemes for both nearshore and offshore waters of the lake. Our work should
help support future RS studies on the water quality and ecosystem health of Lake Ontario and those of

large lakes irgeneral.
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Table 31. Summary of recently published studies comparing atmospheric corrections aade@Gidval

indexes
Number of Water-Truthing * Imagery Matchups
- - Temporal
Study Chl-a Number of Radiometric -
. Comparable Number . ] Coverage of
Reference Retrieval Chl-a Data Matchup Atmospheric Corrections
. S Sensors of Scenes Matchups
Indexes Points Availability
(Pahlevan et al ACOLITE, GRS,
2021) " 5 123 n OLI, MSI N/A MEETC2, Polymer, N/A
SeaDAS, iCOR
(Abdelal et al., _ DOS, ATCOR, DSF, EXP,
2022) 8 50 n OLI, MsI 3 L8SR 2019
(Warren et al., - ACOLITE, C2RCC, iCOR, .
2019) 2 NIA n MSI 60 I12gen, Polymer, Sen2Cor 20161 2017
(Boucheret al., < "
2018) 6 351 0 OLI 11 DOS 20137 2015
(Saria-Perpinya 9 146 n MSI m C2RCC, C2X, C2XC, and 20171 2021
et al., 2022) - Polymer
(Tavares et al., ACOLITE, C2RCC, GRS, ,
2021) 6 o7 n MSI NIA iCOR, SeaDAS, Sen2Cor 20171 2019
(Saberioon et N < ,
al., 2020) 19 40 o} MSI 10 ACOLITE 20177 2018
(Tian et al., SeaDAS, ACOLITE, .
2022) 4 139 n OLI 61 C2RCC, ICOR 20197 2021
(Nazeer & < "
Nichol, 2016) 17 120 0 ™, ETM+ 27 6S 20007 2012
(Buma & Lee, 4 40 6 oLl, MsI 3 FLAASH, QUAC 2015
2020)
(Soriane
Gonzélez et al., 7 27 6 MSI 13 ACOLITE 201671 2018
2019)
(Barreneche et < SeaDAS, POLYMER, N
al,, 2023) 17 214 0 OLI, MSI 92 ACOLITE 200471 2020
(Deuztgi';)et al. 3 108 8 ETM+, OLI 16 LEDAPS, L8SR 20137 2015
(Ansper & ACOLITE, C2RCC, .
Alikas, 2019) 28 12 o MSI NIA POLYMER, Sen2Cor 2015 2017
(Ha et al., "
2017) 9 30 n MSI 2 ELM 201671 2017
(Rodriguez .
. ™, ETM+ 20017 2003
Lopez et &, 11 39 6 ’ ’ 14 DOS N
2020) oLl 20177 2019
(Ogashawara et ACOLITE, C2RCC, C2X,
al., 2021) 5 32 n MSI ! iCOR, MAIN, Sen2Cor 2019
(Soomets et al.,
2020) 21 41 n MSI 41 C2RCC, C2X 2018
(Grenda ACOLITE, iCOR,
Stonevi 10 30 n MSI 7 Sen2Cor, C2RCC, C2X, 20181 2019
2022) POLYMER
LEDAPS, LaSRC,
3 ™, ETM+, Sen2Cor, ACOLITE, i
CurrentStudy 27 600 0 oLl MsI 236 ATCOR, C2RCC, DOS 1, 20007 2022
! FLAASH, iCOR, Polymer,
QUAC

* The word "truth" although common, might be misleading, as field data measurement inherently involves error.

** Only limited to the list of sensors used in this study. Also, studies based on simulated satellite imagery are eauiutieddble.

Abbreviations in alphabetical order: 6S: Second Simulation of the Satellite Signal in the Solar Spectrum, A@@hbEpheric Correction for OLI Lite,
ATCOR: Atmospheric and Topographic Correction, C2RCC: Case 2 Regional CoastColour, C2X: Case 2 eXtre@OMPZEX, DOS: Dark Object
Subtraction, DSF: Dark Spectrum Fitting, ELM: Empirical Line Method, ETM+: Enhanbedhatic Mapper Plus, FLAASH: Fast Lioé-sight Atmospheric
Analysis of Hypercubes, GRS: Glint Remove Sentinel, LaSRC: Landsat Surface Reflectance Code, L8SR: Landsat 8 OLI Sat@cecREEDAPS: Landsat
Ecosystem Disturbance Adaptive Processing é3ystMAIN: Modified Atmospheric Correction for Inland Waters, MSI: Multispectral Instrument, OLI:
Operational Land Imager, QUAC: Quick Atmospheric Correction, SeaDAS: SeaWiFS Data Analysis System, Sen2Co2 3¢mirspheric Correction, TM:

Thematic Maper
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3.2 Materials and Methods

3.2.1 Study Site

Lake Ontario, the smallest and most easterly of the Great Lakes, ranks a$ kh@dst lake in the
world (Huang et al., 2012)t has a drainage area of around 64,008, knsurface area of 19,000 km
and a total volme of 1,650 krh Thelake's mean depth is 87 andthe maximum deptts 244 m. The
water residence time is approximateh §ears, andhe lake'sshoreline extends over 1,150 km. Our
study focused on the western basin of the lake, abbreviated WLO, welpicrsents a critical water
resource for an estimated nine million peofi&agrave et al., 2022)/NVLO covers about one third of
the entire surface area of Lake Ontgfigure 31). Also included in our study is Hamilton Harbour
(HH), a 20 knd embayment at the western tip of WLO connected to the lake via a shipping channel.
Since 1987, HH has been designated an Area of Co(B&€) under the CanaddS Great Lakes
Water Quality Agrement. As a result, HH has a much higher density of water quality monitoring
stations compared to WLO as candeen inFigure 31.
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Figure 31. Map of the study area showingsitu measurement locations of matchup data. Diamond and square
markers represent Hamilton Harbour (HH) and Western Lake Ontario (WLO) measurements, respectively. Each

marker is coloucoded acording to the respective trophic state.
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Historically, WLO has experienced water quality issues due to both urban and rupainbsources

of nutrients and contaminants delivered to the lake via rivers and storm elweasvar & Fitzpatrick,

2018) The lake features mesotrophic to eutrophic nearshore zones and an oligotrophic offshore core
(E. Howell, 2018)In recent years, the total phosphorus (TP) concentration irktheglages on average

from 6 to 8 ear/oln,cewhirlaet itohne vGhrli es bet ween 0 and
(Auer et al., 2021; Dove & Chapra, 20185 expected, HH exhibits significantly higher TP and-Chl

a concentration, witlthe later often exceeding 10 ug/L, that is the threshold value commonly used to
define an algal bloor{Binding et al., 2021)

The primary drivers of eutrophicatian WLO and HH include rapid urbanization, ecosystem and
climate changd€Higgins et al., 2012; E. Howell, 2018; Hui et al., 2Q2d}ile invasive dreissenid
mussels transform phosphorus into more readily bioavailable forms that promote alga€idigyitis

etal., 2012; E. Howell, 2018; Mohamed et al., 20T8E onset, duration, and intensity of algal growth

are further influenced by environmental factors such as temperature, sunlight, and windAdamg

et al., 2022; Binding et al., 202I)he harmful effects of eutrophication in the region include water
supply issues, human and pet health risks, diminished aquatic life, and economic impacts on tourism
and receational activities in addition to value drop of lakefront prope(tiest al., 2021)

3.2.2 In-Situ Chl -a Concentration Data

In-situ matching data on Cllconcentrationwvereextracted from the three databasiestified inTable

3.2. These databases have varying data availability periods ard cimcentratiormeasurement
methods Table 32). Thedatasets were filtered based on two criteria: (i) a maximum time window of
+ 4 days between the-gitu measurements and satellite image acquisition dates, and (ii) a sampling
water depth ranging from neaurface to a maximum of 1 rA.small portion of he datasstcontained
pheophytircorrected records; consequently, the matchup analysis was conoasteldonincorrected
Chl-aconcentrationdn cases where uncorrected @tdoncentration measurements were unavailable,
pheophytircorrected Chh data wee utilized. This process resulted in 600 matchup data points for
WLO and HH, covering the period from 2000 to 2022.

Of the total matchup data, 22% were collected during autumn/winter (September to February) and 78%
in spring/summer (March to August). Wead Carlson's TSI, which considers concentrations higher
than 7.3 ug/L as characteristic of eutrophic to hypereutrophic waters and lower values as characteristic
of oligotrophic to mesotrophic watef€arlson, 1977)With this definition, 51% of the matchups fell

in the oligotrophic/mesotrophic category, and the other 49% in the eutrophic/hypereutrophic category.
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The mean Chkhc oncentrati on across all mat chups was 10
eg/L. SeeTable A12in thesupplementary materialdppendix ) for further details on the isitu Cht
a matchup data. A timseries plot of the hsitu data is alsgresented inFigure All of the

supplementary materials colecoded with their corresponding satellite matchups.

Table 32. Overview of insitu data sources used in this study. ECCC =tenwment and Climate Change
Canada; MECP = Ministry of Environment, Conservation and Parks (Province of Ontario).

Location

WLO + HH WLO HH
- Published Data . Fraction of Fraction within
Source Organization Availability Chl-a Extraction Method Data (%) Study Site (%)
Hamilton Harbour Water Quality ECCe 10871 2019 (Natlonal Laborat.ory for 63% 506 98%
Data Environmental Testing, 2021)
Great Lakes NearshoraNater MECP 20007 2017 (MECP, 2015, 2016) 15% 43% 2%
Chemistry
Great Lakes Water Quality
Monitoring and Surveillance ECCC 20007 Present (Strickland & Parsons, 1972) 17% 52% 0%
Data
100% 100% 100%

In this chaptery in-situ Chta data were categorized into focategoriesKigure 32): the 'All' category

includes all the data, the location category separates data between WLO and HH, the seasonality
category has 'Autumn/Winter (AW)' and 'Spring/Summer (SS)' subcategamigghe TSI category

divides the data among the 'Oligotrophic/Mesotrophic (OM)' and 'Eutrophic/Hypereutrophic (EH)'
subcategories. The categorization helps in evaluating the performance of each scheme and to better
understand the factors that influence éloeuracy of satellitelerived Chia concentration estimations.

For instance, a ckiquared test from igitu measurements revealed a significant association between
location, and the TSI categories. ( ¢ o,u) T, 1@ ¢, which reflects the typicsl more
eutrophic conditions encountered in HH than WLO.
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Figure 32. Boxplots of insitu data, categorized by location, seasonality, and Carlson's Trophic State Index
(TS)).

3.2.3 Remote Sensing Data

Landsat 5, 7, 8, and Sentisehll capture multispectral imagégan et al., 2022)Landsat 5, launched
in 1984, provided data in seven spectral bands3@traeter resolution. Landsat 7, launched in 1999,
introduced an additional #fmeter panchromatic barfdfin et al., 2023) Landsat 8, launched in 2013,
enhanced the radiometric resolution and introduced nine speatrds hincluding an ultrblue and a
cirrus bandl O6 Rei | I 'y & . We Sehtinkll A/B c@nétdlaion, launched imid-2015
carries the multspectral instrument (MSI) with 13 spectral bands and vargda#alresolution from

10 to 60 meter{Warren et al., 2019)The differing spatial, spectral, radiometric and temporal
resolutions of these satellites impact their capacity to airGhia concentration in water bodies
(Beck et al., 2016; Lisboa et al., 202T)e literature suggests that the inclusion of an-blwa band

at approximately 440 nm and the improved sigoatoise ratio (SNR) of Landsat 8 and Sentipel
yields more accurate Chll concentration estiates compared to the previous generation satellites
(Concha & Schott, 2016; Philipson et al., 200&)ble 33 summarizeshe key features of each of the

satellites mentined above.

In total, 236 matchup scenes were selected after quality control for cloud, snow, shadow, and
overlapping land pixel artefacts. The scenes were distributed as follows among the different satellites:
Landsat 5: 79 scenes; Landsat 7: 89 scersg]dat 8: 49 scenes; and Sent2i€l9 scenes. Each scene

contained at least one higfuality pixel coinciding with an Hsitu measurement location. Most of the
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downloaded RS scenes were acquired within + 1 day of thigursampling dates and at mosthin
*+ 4 days. Such close temporal matching is important given the rapidly changing algal patterns often
observed in lakeAdams et al., 2022)

Table 33. Ovewiew of Landsat 5, 7, 8, and Sentitiel

Landsat 5 Landsat 7 Landsat 8and 9 Sentinel2 A/B
OLl and TIRS
Sensor ™ ETM+ (OLI-2 and TIRS2 for Landsat 9) MSl
Operating Dates 1984i 2013 19997 Present 2013i Present 20157 Present
No. of Bands 7 8 11(9 OLI, 2 TIRS) 13
Spatial Res. (m) 30 (15 for 30 (15 for panchromatic 30 (15 for panchromatic band, 10 10 (4 bands), 20 (6 bands), 6
panchromatic band) band) for TIRS) (3 bands)
Temporal Res. (days) 16 16 8 (Landsat 8 and 9 combined) - (Sentme?z Aand B
combined)
Radiometric Res. (bit) 8 8 12 (14 for Landsat 9) 12
Spectral Range (nm) 45071 2,350 4507 2,350 10;3000![ i; %?)(go('ll::i?s) 4437 2,190
= ) ) 43071 450 4337 453
‘gn = (443) (443)
2 4507 520 4507 520 45071 515 4571 523
= = (485) (483) (482) (490)
(_35 5207 600 5207 600 5257 600 5427 578
= = (560) (560) (561) (560)
3 6307 690 63071 690 63071 680 65071 680
P - (660) (661) (655) (665)
= 6971 713
@ = ) ) ) (705)
S 73271 748
a = i ) i (740)
s 7731 793
g = (783)
x 7607 900 7607 900 ] 7847 900
= = (830) (835) (842)
© 8457 885 93571 955
= i ) (865) (865)

Abbreviations in alphabetical order: G: @ne B: Blue, NIR: Neainfrared, R: Red, RE: ReHdge, TIRS: Thermal Infrared Sensor, UB:
Ultra-Blue

3.2.4 Atmospheric Correction Processors

Atmospheric correction is a crucial step to accurately retrievea€bhcentration from satellite data
because asensor radiance is affected by atmospheric gaseous molecules and aerosols, especially at
shorter wavelengthSavares et al., 2021; Z. Wang et al., 20E% well as by other factors such as
air-water interface, wid, and sunglinfPahlevan et al., 2020a; PereBandoval et al., 2019While

some atmospheric correction processors considered here can correct-seladdidteffects to a deee,

an investigation of these effects is beyond the scope of our study.

The availability of atmospheric correction processors varies across the four satellites. For Landsat 5
and 7, both Level and Leve2 (LEDAPScorrected) products are publicly awdile, and the Level
imagery is also compatible with the ACOLITE, ATCOR, DOS1, FLAASH, and QUAC processors. In
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the case of Landsat 8, Levkland Level2 (LaSRGcorrected) are publicly available through the
EarthExplorer data hub, and the satellite is patible with all the abovenentioned processors plus
C2RCC and iCOR. Finally, Sentin2| through the Copernicus data hub, freely offers L-évahd

Level2 (Sen2Coicorrected) productslso compatiblevith the ACOLITE, C2RCC, DOS1, iCOR,

and Polymer praessors. Although atmospherically corrected Senfineroducts (MSIL2A) are
available for download, their global coverage only commenced in late 2018. Hence, we applied the
Sen2Cor processors independently on Senfinadvell images using the ESA SNAPfsware Table

Al.3in the supplementary materials summarizes the atmospheric correction methods utilized in this

study.

3.2.5 Chl-a Retrieval Indexes

The Chla retrieval methods for satellite imagery broadly fall into four groups: empirical,- semi
empirical, analytical, and seranalytical(Pahlevan et al., 2020a; Tan et al., 2017 thischapter we

focus on semempirical methods, which strike a balancenmatn simplicity, reproducibility and speed

as well as analytical accura€ipdérnhofer & Oppelt, 2016; Pirasteh et al., 2028miempirical
algoiithms for water quality assessment integrate water spectral theory with statistical techniques to
establish relationships between the optically active constituents (OACs) in water and corresponding RS
data(Buma & Lee, 2020Q)These approaches analyze the inherent optical properties (IOPs) of water
constituents by selecting the most suitable method and bamtiretions for retrieving water quality
parametergPirasteh et al., 2020; Yin et al., 2028emiempirical models employ feature engineering,
describing each pixel of an optical RS image through a numerical feature vector. This vector is then fed
into a statigtal or machine learning algorithm to develop a regression model for estimating water
guality parameters, such as the-@lglboncentratiorfGholizadeh et al., 2016; literalp et al., 20229mi
empirical methods offer ease of implertsion, reproducible results, and reasonable-aChl
concentration estimation accuracy without overfitting r$kn et al., 2017)The choice of semi
empirical methods is also dictated by the limited availability efiin matchup data for our study site

that semianalytical approaches depend(@gashawara et al., 2021)

Upon conducting an extensiveeliaiture review, 27 commonly used semnipirical Chiaindexes were
selected. These indexes employ various band combinations to retrieve-theo@béntration from the
matching vector of pixel values. The applicability of these indexes varies across different satellite
platforms. Notably, Sentindl and Landsat 8 demonstrate broader compatibility owing to their superior

spectral resolution, partitarly in ultrablue, rededge, and narrow nearfrared bands. The selected
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indexes, together with the corresponding formulas (band math), names, references, and applicability,
are foundn Table 34. Next, these indexes were applied to atmospherically corrected images, selecting
the most important feature and atmospheric correction processor, followed by regression analyses

between the retrieved pixehalues and irsitu Chla concentration.

Table 34. Chl-aretrieval indexes used in this study.

Index Also Known Supported
Code Band Math As Sensors Key References
0 ? - OLI, MSI (Salem et al., 2017)
0 Yo oL, Msl _ :
(6] OC3E (A. Gitelson et al., 1993; Kahru & Mitchell, 1998;
0 ¢} TM, ETM+, Morel & Prieur, 1977;
ko) OLI, MSI
© == .g) Y T™M, ETM+, MSI
— - (A. A. Gitelson et al., 2002)
“ 0 Yy
(o] —_— OLl, MSI
2 O
g v 6 T™M, ETM+, ] ) )
% (©) v oLl MS! (Hewson et al., 2001; Zar€bejada & Ustin, 2001)
g 0 0 } T™, ETM+, (Guitelson et al., 1986; Lillesand &, 1983; Yasuoka
& Y OLI, MSI & Miyazaki, 1982)
Y@ (Dekker & Peters, 1993; Dierberg & Carrlker, 1994,
K©) ~ - MSI Gons, 1999; Mittenzwey et al., 1992; Moses et al.,
2009)
g v (A. A. Gitelsonet al., 2009; A. A. Gitelson &
Q 0 —_— - MSI Kondratyev, 1991; Koponen et al., 2007; Moses et ¢
Y
2009)
0 v o TM, ETM+, MSI _ ‘ .
Y ) (Birth & McVey, 1968; A. A. Gitelson & Yacobi,
. 0 Yy 1995; Matthews, 2011; Moses et al., 2017)
(o} —_— OLI, MSI
Y
0 0 Y NDGRI T™M, ETM+, (Ahamed et al., 2011; Cheng et al., 2013; Feng & H
Y OLI, MSI 2016; Tucker, 1979)
v Y@ Y . . .
2 (0] Yo v NDCI MSI (S. Mishra & Mishra, 2012; S. P. MishraXena, 2012)
X
[}
3 Py a—
g o0 Yo v ; VY
E YQ Y
S Yo Y
5] 0 - MSI
£ Yo 'Y
(=} e -
= © o q)Y .Y TM, ETM+, MSI
0Qy Y
5ay Y NDVI (Rouse et al., 1973, 1974)
0 - . OLI, MSI
0y 'Y
) 5 v BRG Index o T™, ETM+, (Brivio et al., 2001; A. Gitelson et al.|_1993; Kahru &
O Elmgren, 2014; Mayo et al., 1995; Mittenzwey et al.
KIVU OLI, MSI
1992)
v Y'Q (Blaustein, 1992; Moses et al., 200@ming et al.,
Y - MSI
(o) Y® . S 2016)
< Y oY
[a] ko) Y@ © - MSI (Kutser et al., 2016)
Q S
. p p . (Dall 60l mo et al ., 2003
o Y Yo Ya MSI Gordon et al., 1975; Moses et al., 2009)
[ . . .
0 Y Y@ . MSI (A. A. Gitelson et al., 2008; Le et al., 2013; W. Yang
I - I al., 2010)
YQ Y@
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Ko} (¢]] OLI, MSI (C. Hu et al., 2012; Neville & Gower, 1977)

e
™, ETM+
K 0 = 06 - ' ' Neville & Gower, 1977
T (©) oY — 60 Y oLl MS! (Nevi wer, )
o
L 0 YO Y YQ MCI or MSI (A. Gitelson et al., 1994; J. @er et al., 2005; J. F. R.
w = = v SLH R. Gower et al., 1999; Neville & Gower, 1977)
Y@ 'Y
(0] _ = Qv Y MPH MSI (Matthews et al., 2012; Neville & Gower, 1977)
< 0 QY 'Y i jani . ; icioi .
8 o 0 "(I : SABI oL, Ms! (Alawadi, 2010;Candiani et al., 2005; Floricioiu et al
< 6 O 2005)

Abbreviations in alphabetical order: 2BDA:Band Algorithm, 3BDA: 3Band Algorithm, 4BDA: 4Band Algorithm, FLH: Fluorescence Line Height, MCI:
Maximum Chlorophyll Index, MPH: Maximum Peak Height, NDCI: Normalized Difference Chlorophyll Index, NDGRI:aMeu Difference Green and Red
Index, NDVI: Normalized Difference Vegetation Index, RLH: Reflectance Line Height, SLH: Scattering Line Height

3.2.6 Performance Metrics

Correlation was assessed using Pearsoargl Spearman’s coefficients. The former was calculated

as:

i B T (3.1)

where'as the spectral index (i.e., the independent variable or predictogand is the measured
in-situ Chla concentration (i.e., the dependent variable or respoSgearman's coefficient was
given by:

" p 2 (32)

whereQis the difference between a pair of ranks and the number of datdor both correlation
coefficients, the values range frorh to 1. Statistically, a significant correlation exists when the

absolute values afand” fall within the range 0.5 to 1.

Regression analysis is often used in to assess the performance -ehgantal RSderived models
against the watear r ut h par amet er s. Her e, we empl oyed the
predictive capabilitfBarreneche et al., 2023; Cao et al., 2020; Pahlevan et 20af02

YO YOO -B 1 1Td&k & 17T dx 6 (33)
YO OYRAD B GG OB 6 (34)
y o -B ———

6 QOip T (39)
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660 pr (36)

b6o0®» pnmM-B—m——— (3.7)
D060 pmrmis (3.8)
wherei ds the median of *whereQ pi8 it

- P pmmpm p (3.9)

where®is the median ofi | €——
I b ptmpm p i QeHQ (3.10)

where @®is the median ofi T ¢——

Y p 2 (3.11)

B

where theB signs above denote summation overl , n.éGenerally, lower absolute values for the
root mean squared logarithmic error (RMSLE), root mean squared error (RMSE), and mean absolute
error (MAE) indicate better model performance, while higher values for R2 imply better goodness of
fit. Bias values mar one indicate little bias, while values above and below one indicate average under
and ovefprediction, respectively. Mean absolute percentage error (MAPE) and median absolute
percentage error (MDAPE) measure the percentage error, with 0% implyirectpprédiction.
Similarly, the metrics and’ report relative errors, with 100% indicating an accurate median prediction
while values above (below) 100% indicate model overestimation (underestimation). Using these
metrics together enabled a comprehemshodel performance assessment. Note that, for some of the
metrics a bas&0 logarithmic transformation was used to enhance data normality and reliability
(Pahlevan et al., 2020a)he overview of data arkky stepsf the methodologyare summarized in

Figure 33.
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3.2.7 Scheme Selection

In order to perform the regression analysis and develdRSaterived Chla (# E 1 )Amodel for a given
scenario (i.e., a given satellite and data category combination), the primary (most significant) feature (i.e.,
the retrieval index) as well as atmospheric correction processor férihe Model were first idetified.

Random Forest (RF) scoring was used in the selection of the optimal scheme for each satellite and data
category. Although in most cases, the scheme selection could be determined from the highest RF
importance score, additional considerations amsken the top primary features showed nearly equal
scores. Under these circumstances, correlation metrics were factored into the -tegisiay as detailed

in the next section.

3.3 Results

3.3.1 Feature Importance Scoring by RF

Feature importance analysis by Rifks the significance of input variables in predicting the target output
through a tredased learning mechanism. In thisapter RF was used to quantify the importance of the
different combinations of retrieval indexes and atmospheric correction métleodte schemes) for the
different data sources and categories (i.e., the different scenarios). The resultsngfigume 34, exhibit

notable differences in scheme importance across scenarios. While in some scenarios a scheme clearly
dominated, indicating a distinct preference for that specific scheme, in otharissemultiple schemes

were of comparable importance. Among the atmospheric correction processors, QUAC and FLAASH
tended to dominate for Landsat 5 and 8, L&/@LEDAPS) for Landsat 7, DOS1, C2RCC, and ACOLITE

for Sentinel2. Generally, FLAASH, DOS1, el-2, and QUAC products performed best. Out of the 28
scenarios, Level (uncorrected data) only emerged as the top product in 3 scenarios, hence, underscoring
the critical importance of atmospheric correction prior to processing satellite data. Ingdye&IIOR and

Polymer were never among the top processors, although they showed relatively high importance in several
scenarios. In terms of the Ghlindexes, 4, 14, and Lswere favared by Landsat 5 and %, Is, ls, and b4

by Landsat 8, and &ndl.sby Sentinel2. Overall, i emerged as the preferred index for-@lcloncentration

prediction across all satellites and data categories.
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3.3.2 Correlation and Regression Analysis

Correlation analsis was applied to examine relationships betweesitinChla concentration and the
corresponding spectral indexes derived from atmospherically corrected matchup(Mieida et al.,

2020; SoriaPerpinya et al., 2021figure 35 presentshe resulting correlation coefficients for the retrieval
indexes. A heatmap of only’Ralues from the correlation analysis is also providegigure A12 of the
supplementary materials. These figures reveal that some indexes, sychxdshited an overall negative
correlation, that is, an increase in the index valogesponds to a decrease in -@htoncentration.
Conversely, indexes such as for exampjeelxhibited a positive correlation for most scenarios, indicating

a direct relationship between the index value and theaGldncentration. However, the majoriof
correlation metrics were in the range 0.5, indicating statistically insignificant correlation. Furthermore,
the results indicated that, regardless of the data category, both S2raimélLandsat 8 constantly had
superior correlations compared to thitber satellites. Of note is that while correlation analysis shows the
strength and direction of the relationship, it does not provide insights into the models' prediction accuracy

or biases.

Based on the results of the RF and correlation analyses, theabpgicheme (i.e., combination of
atmospheric correction processor and-&h¢trieval index) for each scenario was selected. Next, a linear
regression was fitted between the schalméved and matchup Chlconcentration to generate a predictive
equatiorfor Chl-a. The predicted versus matchup (measureda@iancentration are plotted Figure 36.

Details on the performance metrics, as well as the regression equations are pneJettiedAl4 of the
supplementary materials. The plats-igure 36 are colourcoded by satellite (Landsat 5, 7, 8, and Sentinel

2, left to right) and identify the four igsitu data categories defined in sect®8.2: All (no filtering),
location (HH or WLO), seasonality (AW or SS), and TSI (OM or EH). The retrieval index and atmospheric
correction processor, as well as the values for the matchup count, regression slope, RM3Ereaals @R

shown on the plots.
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Figure 36. Plots comparing modeled vs. measured-&bbncentration across satellites and data categories,

demonstrating the regression models' performance
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Landsat 5 and 7 data typically exhibited higher RMSE, from 1.5 (WLO) to 14.1 pg/L (EH). In contrast,
Landsat 5's HH and EH categories had nearly gleymes, indicating ineffective predictive power. The best
performance for Landsat 5 occurred in the SS category, with a slop€e’ ah@.B8, indicating overand
underprediction at low and high concentrations, respectively. The Landsat 7 models gsfieldely low

slopes, except for the WLO location subcategory model (slope: (?40,38, RMSE: 1.5 ug/L). Landsat

8 models had slopes between 0.11 and 0.43, and RMSE between 1.3 and 12.7 pg/L. The best Landsat 8
model for WLO data yielded a slope of 0.8MSE of 1.4 ug/L, and Hf 0.39. Sentine2 models generally
outperformed those for the other satellites, with slopes from 0.14 to 0.54, RMSE from 1.2 to 7.0 pg/L, and
R2from 0.16 to 0.52. We attribute this to Senti@sl superior spatial, spectrahdaradiometric resolution.

Most models for Sentingd were atmospherically corrected using ACOLITE or DOSL1. For the subcategory
OM, Sentinel2 exhibited the best performance (slope: 0.52, RMSE: 1.2 ugiL0.B2) and, hence,
provided the best option fohé lower Chia concentration range due to its higher sensitivity (higher

radiometric resolution) to variations in water colour.

3.4 Discussion

3.4.1 Performance of Satellites

Overall, compared to Landsat 5 and 7, Sentthahd Landsat 8 demonstrate superior perémce, with
RMSLE values ranging from 0.18 (Mwio and Ms.om) to 0.49 (Ms.ai) for Landsat 8, and 0.15 @)

to 0.38 (Ms2an) for Sentinel2. The average RMSLE for all seven scenarios is 0.34 for Landsat 8 and 0.27
for Sentinel2, suggesting a slightly better performancetfa latter In contrast, Landsat 5 and 7 have
RMSLE ranges of 0.20.41 and 0.18.52, respectively. Thether performance metrics similarly imply

the superior performance of Senti2elfollowed by Landsat 8. For example, Sentidelandsat 8, 7, and

5 have R ranges of 0.14.52, 0.080.39, 0.040.38, and 0.0D.38, respectively. The comparable
performane of Landsat 5 and 7 is consistent with the similar sensor configurations of both satellites. The
weak performance of Landsat 5 and 7 is likely due to their lower SNR. It is also worth noting that the
Sentinel2 models were trained with less data thandHos other satellites, mainly due to its more recent
launch in mid2015 and limited correspondence witksitu measurements during the years of CONED

restrictions.

Among the four satellites, the Galconcentration predicted by the Landsat 7 modeid te exhibit the
lowest slopes relative to the-gitu concentrations, averaging 0.14 across all seven data cat¢gwiges

3.6). Theaverage slopes slightly better for Landsat 5 (0.19) and Landsat 8 (0.22), but distinctly superior
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for Sentinel2 (0.40). In principle, a perfect match between satel@eved and irsitu measured Chd

should yield a 1:1 slope. Given this, models such asMML_7.4H, Mi7.ss, as well as Mb.wn and Ms.ss,

with slopes less than 0.04 can be considered entirely ineffective. However, even for the better performing
Sentinel2 models, the slopes are less than the theoretical 1:1 slope. This means that above and below a
threshold value a given model undand ovespredicts the Chh concentration, respectively. For the HH

plus EH categories this threshold is approximately 12.0 ug/L, while for the WLO plus OM categories it is
about 1.2 pg/L. One fact@ontributing to the less than 1:1 slope could be the different spatial scales of the
satellite versus usitu Chla concentration. While the former average-@laloncentration over entire pixels,

the insitu measurements sample the sraallle heterogengit i n phyt opl ankton distri
surface waters. The range of thesitu Chta (point) measurements can thus be expected to exceed that of
the satellitederived concentrations. On a mogeédicted versus isitu Chla concentration plotHigure

3.6) thiswould translate in a slope of less than one.

3.4.2 Performance of Data Categories

Among the various categorization approaches,;Alfecategory (no filtration) shows the poorest results,
with RMSLE values as high as 0.49 antivalues as low as 0.08. Categorizing according to seasonality
does not seem to be effective either, with the AW and SS categories exhibiting RMSLE vdda&ariges
0.37-0.52 and 0.3D.48, respectively. When -situ data are categorized based on location, the WLO
category performed moderately better, with RMSLE values ranging from 0.17 to 0.21, while the HH
category showed slightly higher RMSLE values fror81 to 0.44.

The most promising results were obtained whesitin data are categorized according to TSI. The EH and

OM categories have relatively low average RMSLE values of 0.18 and 0.20, respectively. The superior
performance for the EH category istmmtirely surprising, given that the higher @htoncentration yield

more intense spectral signatures (higher reflectance). This observation is supported by other performance
metrics, such as MAE and MAPE.

3.4.3 Performance of Atmospheric Correction Processor s

Among the final 28 togperforming models, only two were developed using Ldvdl.e., without
atmospheric correction) imagery, underscoring the vital importance of atmospheric correction as a
preprocessing step. ACOLITE and LEDAPS feature prominentli, siitand five togperforming models,
respectively. Three out of the six ACOLITd®rrected models apply to SentiZimagery. Among the five

30



LEDAPS-corrected models, four are associated with Landsat 7 and one with Landsat 5. Regarding
performance, the RME for ACOLITE-corrected models ranges from 0.16 to 0.41, while for LEDAPS
corrected models, RMSLE ranges from 0.20 to 0.49.

Surprisingly, even though more sophisticated atmospheric correction processors specific to-3artnel
available, the simpler OS1 seems to be preferred for correcting Senfinddta. Only for Mzwn is the

more advanced Polymer selected. Similarly, Landsat 8 models often perform better with simpler
atmospheric correction processors, such as QUAC feobily] or even with uncorréed Levell as in the

case of Ms.wLo. Nonetheless, more specialized atmospheric correction processors, like FLAASH (three
times) or C2RCC, also rank among the top performers. By contrast, ATCOR is only preferred in two
models, one for Landsat 5 and thhestfor Landsat 7, while none of the tpprforming models use iCOR

or Sen2Corcorrected data.

3.4.4 Performance of Retrieval Indexes

The k index (blueto-green ratio) scores highest, appearing nine times in thgeidprming models. This
corroborates litettare reports of3ls efficacy(SorianeGonzéalez eal., 2019) Of the nine instances, two

were for SentineR and Landsat 8 each, four for Landsat 7, and one for Landsat 5. The second most frequent
retrieval index among the 28 models ig With five appearances, three of which are for Senfingith

average RMSLE andRalues of 0.30 and 0.39, respectively. In third position, we figdwlith two
instances each for Landsat 8 and 7. Thds,| I7, and L2 indexes each appeared twice, whil@ppeared

only once. Importantly, 18 of the 27 originally retained retrieval indexes from the literature are not included
within the topperforming models. Notably, simpletdand ratios appear to perform better than more
complex 3band ratios, while the B 4-band index is not among the top performers. Overall, the most
favoured combinations were the atmospheric correction processors ACOLITE paired wihettieval

index.

3.4.5 Performance of Individual Bands

Out of the final 28 togperforming models, thgreen band is included in 25 models, and the blue band in
21. Both bands feature prominently in retrieval indexes, for examplg &nd bs. While their performance
varies, they often yield promising results when paired with the red band, such asain Mes2aw, and
Ms2en. The red band is utilized in 15 of the {pprforming models and appears in various retrieval indexes,

including k, I7, and L.. Despite the wide range of performance outcomes, the red band proves particularly
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effective in somenodels, for example Mss The neatinfrared band, which is only used iy &ppears in

two models: one for Landsat 5 the other for Landsat 7. However, both models show unsatisfactory
performance (Rof 0.19). Another band that appears in just two moigetse ultrablue, featured in;land

I> for Miswio and Mszun, with a better performance for Mvio (RMSLE of 0.18 and an Fof 0.39).
Contrary to expectations, the redge bands of Sentin2ldo not appear in any of thetrieval indexesised

in top-performing models The most sensitive bands for modeling low concentrations e @h¢ red,

green and blue (RGB). Only at higher @htoncentration does a reflective peak in theadde become

more distinguishable. The low CGhlconcentration traininglata likely explains why the regtige bands

were not used in the Sentiremodels: the highest Ghlconcentration for Sentin@d mat chups i s 17

3.4.6 Uncertainties

Several potential sources of uncertainty may impact the results presentesig@fieant source is the
influence of various OACs, such as suspended solids and coloured dissolved organic matter (CDOM),
which can directly affect watdeaving radiance and, therefore, can cause misestimations ed Chl
concentratior(Pirasteh et al., 2020ppatial heterogeneity of-situ CH-a concentration could be another
source of uncertainty because srsalale variability of the Chkh concentration across small spatial scales

may not be captured at the spatial resolution of the satellite inflagex al., 2013)Similarly, temporal
mismatches between measurements and satellite data introduces uncertainties. Only 11% of the
measurements were synchronous (i.e., on the same day) with the satellite overpass. Lastly, atmospheric
errors are an unavoidable source of uncertainty in aquatic remote sensing studies. Despite significant
improvements in atmospheric correction processwie perfectly replicates the wateaving radiance.
Comparisons of calculated remote sensing reflectance wéikuinvaterleaving reflectance show that even
high-performing models can have median errors of up to 30% for the green and red bangsoas@Pti

for the blue ban@Pahlevan et al., 202yith mean absolute differences of up to 60arren et al., 2019)

3.5 Conclusions

This chapterassesses the influences of a variety of factors, including selection of sateHgis, data
categories, atmospheric correction processors, and retrieval indexes, on the performasumioéRSht

a models for the nearshore and offshore waters of the western basin of Lake Ontario, including Hamilton
Harbour. Sentine? is found to systematically outperform other satellites inadtdncentration retrieval.

The results further emphasize ihgortance of categorizing-situ Chla concentration data based on the
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trophic state and tailoring algorithms to each category accordingly. Green and blue are found as the
preferred bands for Cla concentration estimation. However, the effectiveness of spectral bands depends
on the specific index, satellite, and atmospheric correction method used, which must be carefully evaluated
in the development of Clad concentration retrieval models. Anoth@y finding is that model complexity

does not necessarily correlate with improved retrieval accuracy, implying that simpler models should be
given appropriate consideration in RS water quality applicatidris.chapteadds to the literature on semi
empilical satellitederivedChl-a retrieval approaches, that are emerging as essential tools in water quality

monitoring that can help mitigate eutrophication issues in large freshwater lakes.

33



Chapter 4
Ti meeri es Anal ys-Dserove8@dhdéenttreati on
2013 to 2023 in Western Lake Ontario

Landsat 8 and 9 I magery

4.1 Introduction

The Laurentian Great Lakes, as North America's largest freshwater system, hold significant ecological,
economic, and cultural value. Thpreserve biodiversity, support recreational and commercial activities,
and are essential for drinking water sup@hiohamed et al., 2019).ake Ontario, the easternmost of these
lakes, lies between the Canadian province of Ontario and the US state of New York. Outflow from eutrophic
LakeErie via the Niagara River represent a major water and nutrient source (particularly of phosphorus, a
key limiting factor) to the western basin of Lake OntdEB€CC & U.S. EPA, 2022)The northern and
western nearshore areas of the basin are further strongly influenced by the Greater Toronto Area (GTA)
and the industrial city of Hamilton, respectively. These nearshore areas, including Hamilton Harbour,

continue to face eutrophication challenges.

Eutrophication, due to nutrient ovenrichment, leads to algal blooms and reduced dissolved oxygen levels
(Hiriart-Baer et al., 2009a; E. T. Howell & Benoit, 2021b; Sagan et al., 208Qh anthropogenic
phosphorus loadings originate from wastewater and stormwater ougfGhesnicki et al., 2022)as well

as nonrpoint sources like urban runoff and agricultural fertilizer applicat{®agan et al., 2020Harmful

algal booms (HABSs) can disrupt a lake's ecological balance, causing biodiversity loss andcsmmmic
impacts, for instance by limiting activities and services like swimming, fishing, and water gupglial.,

2018) Studies have highlighted the occurrence of the nuisance benthicCtdglaphora(Dove & Chapra,
2015)from Burlington Beach to Humber Bay along Lake Ontanmrth shore and harmful cyanobacterial
blooms (cHABs) in Hamilton HarboyECCC & U.S. EPA, 2022)There is therefore arrgent need for
effective management strategies to combat eutrophication and its adverse effects in Western Lake Ontario,
including the three listed Areas of Concern (AOCs): Hamilton Harbour, Tomwaterfront and the

Niagara River.

Long-term water qualit monitoring programs are essential for reporting on status and trends and
identifying key factors that drive algal bloor(iBan et al., 2017)Effedive monitoring requires data that
reflects spatial and temporal variations across multiple gitssisaray et al., 2021However, field
observations often cover a limited number of sites over short durations due to the substantial costs involved

in maintaining field personnel and equipment, as well as the subsequent labamatgsge£Pokrzywinsk
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et al.,, 2022; Tan et al., 2017patellitebased monitoring offers a cesffective alternative, delivering
comprehensive observations with frequent overpasses, enabling the estimation of key water quality
indicators such as Chlorophdl(Chl-a) corcentration which serves as indicator of eutrophicafimibo

et al., 2021) This approach offers broader spatial and temporal coverage arss imb®wintensive
compared to traditional grourthsed measuremerfeuygun et al., 2023When aligned with irsitu data,
satellitederived models yield timstamped, geolocated data that can identify trends and irregularities

beneficial for detecting (re)emerging productivity hotsg§8agan et al., 2020)

The optical response of phytoplankton biomass to solar radiation energy is significantly correlated with the
concentration of Chh (Cao et al., 2020; Tan et al., 2017; Xiao et al., 202B}s ptotosynthetic pigment
indicates the presence of phytoplankton, including cyanoba¢@miegoonian et al2023) and can serve

as an indirect indicator of nutrient stafueggesse et al., 2023Water colour remote sensing is based on

the fact that changes in the concation of photosensitive parameters, like-@hlead to alterations in the
optical properties of a water body, consequently changing its refleqtfign et al., 2022)Because Chl

a pigments exhibit distinct spectral signasiy their concentration can be estimated using remote sensing
data(Souza et al., 2021By integrating irsitu nearsurface concentratiortd Chla with reflectance data

from coincident satellite overpasses, a regressamed models can be produ¢ktian et al., 2021)Such

models can then be extrapolated to yield-&ldoncentration for images without matchups, proving

advantageous for timseries analysis of algal blooms, especially when field data gaps exist.

The availabity of various satellites, each with different spatial, spectral, radiometric, and temporal
resolutions, enables tirseries analysis of Cla concentration. Key among these are medapatiat
resolution (<1L000m) satellites (sensors in parenthesishsas SentineB (OLCI), Aqua/Terra (MODIS),
EnviSAT (MERIS), and Suomi NPINOAA-20 (VIIRS), OrbView2 (SeaWiFS), as well as higipatiat
resolution satellites (400m) like Landsat 1 to 9 (MSS, TM, ETM+, OLI, Of), and Sentine?2 A/B

(MSI) (Tavora et al., 2023)High-spatiatresolution sensors, such as OLI (30 m) typically have longer
revisited periods (16 days, halved when combined with-B)ldompared to mediurapatiatresolution
counterparts like MODIS and OLCI (28D0 m), which offer neadlaily coverage but with a larger pixel

size. Landsat and Sentidglconstellatios have been more frequently used for small inland lakes, while
MODIS is pgular for coastal and oceanic waters due to its moderate spatial resolution and optimal revisit
time (Khan et al., 2021; Tavora et al., 202Bhe Landsat series, initiated with the launch of Landsat 1 in
1972, has progressed to Landsat 9, launched in 2021, which features capabilities nearly identical to its
predecessor, lmmsat 8, launched in 2013. To maintain consistency in the satdhiteed Chia
concentration products, we exclusively utilized Landsat 8 and 9 data, resulting in a combined revisit time

of 8 days, 30m spatialresolution and five optical bands rangimgrh ultrablue to neainfrared. Due to
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the low SNR of the TM and ETM+ sensors, which makes them unfit for retrieving water quality products
(Tavora et al., 2023)@s well as the appearance of Landsat 7's ETM+ scan line error invgd@8] not
include Landsab or 7 imagery in this studyAdditionally, despite offering a finer ideter spatial
resolution since mi@015, we decided against employing SenttéMSl) data because of their different
spectral characteristics, and the comagpional demands of processing multiple tiles for mosaicking.
Interestingly, a recent similar study BiroumandJadidi et al. (2022reported that Landsat 9 images

exhibited less grainy noise and relatively higher accuracies in matchup analysis compared te2Sentinel

Numerous recent studies have estimatedaCtncentration of inland waters using Landsat 8 and the
recently launched Lradsat 9(NiroumandJadidi et al., 2022dmagery. Some of these studies emphasize
developing and testing retrieval algorithms and assessing their perforif@@megoonian et al., 2023;
Villota-Gonzalez et al., 2023while others analyze spati@mporal trends over short periods in one
(Poddar et al., 2019; D. Wang et al., 20@2%evera(Boucher et al., 2018; Markogianni et al., 20t83e

studies. However, only a few of these studies have a temporal extent enabling meaningful trend analyses.
Existing studies with the-series analyses of Ghlusing similar sensors and with at least two years of data

are briefly compared with our stuéty Table 41.

The objective of thichapteris to generate Ckd concentration maps for Western Lake Ontario and
Hamilton Harbour from 2013 to 2023, using Landsat 8 and 9 imagery, with a focus on tastount
conditions in nearshore and offshore waters. The study, validated thresig diata matchups, examines
the spatial and temporal dynamics of algal blooms using the methodology outliBedlimg et al. (2021)

to calculatealgal bloom intensity, extent, and severity. We further explore trends and hotspotsan Chl
concentration based on these indicatord analyze trends in annlyaland monthlyaveragd estimated

Chl-a concentratioimapsderived from the satellite data.

4.2 Materials and Methods

The overall methodology summarizedn Figure 41. It encompasses the-gitu and remote sensing data
collection, atmospheric correction via ACOLITE, implementation of theaGbtrieval model, evaluation

through performance metrics, andistion and analysis of algal bloom indicators.
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4.2.1 Study Area

Lake Ontario, situated as the easternmost and terminal lake in the Laurentian Great Lakes (LGL) chain, is
the smallest LGL in terms of surface area (19,000 km?2) but still ranks as‘therdést lake globally. The

lake has a 4®0-8-year water residence time. It receives water primarily from upstream Lake Erie via the
Niagara River, supplemented by inflow from multiple rivers and canals. The lake discharges at its eastern
end into the StLawrence River. Lake Ontario serves as a drinking water source for nine million people
and accommodates 36 water treatment plants along its SfECE&C & U.S. EPA, 2022)It receives
nutrients from mulfdle sources, including agricultural and urban runoff, municipal wastewater treatment
and industrial effluents, and stormwater outflqzs T. Howell & Benoit, 2021a, 2021b)

Here, we focus on the western section of L@keario Figure 42), whichincludes three Areas of Concern
(AOCs): the Toronto waterfront, the Niagara River outflow area, and Hamilton Harbour. The latter is a
shallow, semenclosed embayment connected to Lake Ontario via a shipparmel. It spans 21.5 km?

and reaches depths up to 24Munawar & Fitzpatrick, 2018YCompared to other nearshore zones of Lake
Ontario, Hamilton Harbour is characterized by calmer waters and warmer summer tempg@viatuaasar

et al., 2017)which favour cHABs and the development, and persistence, of hypoxia and anoxia in the
hypolimnion(Zastepa & Chemali, 2021Jhe algal blooms in Hamilton Harbour and the other AOCs cause
significant socieeconomic (including tourism, real estate, arader quality) and ecological (including food

web resilience, and habitats) co&Earmichael & Boyer, 2016)

Our study area extends from the western end of Lake Ontario eastwards to Oshawa, Canada, and Olcaott,
USA. Some of the nearshore regions are considered mesot(BpHAicHowell & Benoit, 2021a, 2021b)

the offshore waters are mostly oligotropliidove & Chapra, 2015and hypereutrophic conditions are
observed for Hamilton HarboiHiriart-Baer et al., 2009aHarmful algal blooms (HABs) in Hamilton
Harbour are dominated by cyanobacteria, while the northessisgéiaug@shawa waterfront, especially
Toronto Harbour, are dominated 6Yadophoragrowing on the shallow lakebed to depths where light can
penetrate(Anderson et al.,, 2019; E. T. Howell & Benoit, 2021b; Munawar & Fitzpatrick, 2018)
Cladophoraprovides habitat for aquatic life but its excessive growth can have negative economic impacts
(e.g.,on lakefront real estate prices), impair recreatiawivities (e.g., swimming, boating and fishing)

and clog water intakg&. T. Howell & Benoit, 2021b; U.S. EPA & Government of Canafi@2)

The study area's bathymetry and surrounding land use and land cover arénshigre 42. Thefigure

al so highlights the nearshore water s@Bindhhg@gdtalned as
2015) which represent the typic@ladophorahabitat where growth is both pghorus and lightlimited

(Jabbari et al., 2023)
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Table 41. Comparative summary of recenbyblished timeseries studies on Ghlretrieval using moderat®-high-spatiatresolution multispectral imagery

(top-performing methods and features are identified in bold).

Chl-a Matchups

Satellite Matchups

Retrieval Algorithm

Temporal - ! - -
Reference Study Area Coverage T|me Total* Range Sensors Used Atmospherlc Radiometric Method Selected Feature's Performar}ce
Window  Count (egl Correction Products Metrics
Various bands and band -
. ) . RMSE =0.10
(Tan et al., Erhai Lake 1987 3.61 . . L -
2017) (China) 2016 +8d 73 26.7 T™, ETM+ LEDAPS Y SE (LinearMLR) combinations z z PRM?E =
z ) 4.1%
Grand Lake 2013 .
(Guoetal,  and Hudson 2017 '5 1709 01 60 oLl LaSRC ML (MR, SVR, Comb?gzrt'izt:zba”ds and band RMSE = 0.36
2022) Reservoir 2015 ® MSI Sen2Cor RFR) 2 y z ' e
located (USA) 2020 A
(Lobo et al Multiple 2015 0.6 SE (Polynomial "XTmu " ogu
2021) N Water Bodies 2020 +2d 136 455 7 MSI SIAC " andPower-Law) = — MAPE = 90%
(Brazil) : XTu " 90u
; Rio de la Plata ' T Various band combination
(Maciel et al., 2018 " 0.47 ) _
2023) estuary l(Sotln 2020 | 43 177.6 MSI ACOLITE SE (Quadratic) (z 2 ) RMSE =4.9
America) z z
(Chegoonian Buffalo Pound 2014 17 ACOLITE, =|4 3 SE (Linear) and z etc. RMSE =
tal. 2023 Lake 2020 +3d 193 125 OLI, MSI iCOR 1 ML (MDN. SVR 13.96, MAPE
etal, ) (Canada) i (MDN, SVR) All VIS -NIR bands =315
SE (Multivariate
Multiple . 100 . OLI LaSRC Quadratic . RMSE = 2.04
(N:linszzérzai/) et Water Bodies 22001272) +2d 129 0526 MSI Sen2Cor Multivariate Linear Varlogosn?gzgzoinsd band RMSE =1.19
o (USA) 207 - (PlanetScope) 6S Multivariate RMSE = 4.41
Linear)
. . RMSE =1.94
Multiple ' . SE (Linear) and Variousbands and—— _ '
(Hafzegfg‘;t al. " \Water Bodies 12%91% Sdi’;e 120 0'2%' TM, ETM+, OLI 6S ML (SVR, RFR, . vod Q"QEE‘ _1f§
[ — T Dt
(China) ANN, CB) Z Y ye MAE = 1.13
Multiple i (in SeaDAS), MAPE =
(Cao, Ma, Liu, . 2013 +3 h and 74 0.17 OLl ACOLITE , . SE and ML | 31.4%
etal, 202) ~WaterBodies o0, :3d 105 180 M| C2RCC, v (MDN, RF, SVR) AlVIS-NIR bands MAPE =
(China)
Polymer 38.0%
RMSE = 9.57,
AURE =
(Yinetal., Lake Taihu 1984 +1d 31 17 65 ™ LEDAPS v SE (Exponential) —— (Various band combinations 36.7%
2023) (China) 2021 - 44 1i 83 oLl LaSRC P tested) RMSE = 11.5,
AURE =
38.1%
RMSE =
19.99, MAE =
. . . 13.81
(Arias- Multiple ’ 40 07 32 OLl LaSRC " . _
Rodriguez et Water Bodies 220011% +3d 32 0137 oLcl C2RCC v MSLE(éL\'/’;/TaQLa,\;“)’ All VIS -NIR bands 212’;"5,5&5 _
al., 2021) (Mexico) 20 07 30 MSI C2RCC Y ! ! 8'86 -
RMSE = 8.47,
MAE = 6.23
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(Cao, Ma, . ) 43 . ™ SE and )
Melack, et al., Laéz‘l’amu 1984 +3h o5 1.47 ETM+ ACOLITE v ML (SVR, RFR, Various ba_nd; and band RMSE < 160,
2022) (China) 2019 26 99.1 oLl XGB) combinations MAPE < 35%
SE (PLSR) and
Multiple ' . ML (SVR, DNN) Various band combinations (four RMSE = 2.02,
(Sagggotit al., Water Bodies 220011% T 96 (;5:5 OLI, MSI C2RCC " and Inversion bandrations and four shape MAPE =
(USA) ’ Models (WASI, algorithms) 11.66%
NN Inversion)
Various bands and band _
(Leggesse et Lake Tana 2016 i 031 oD} oLl LaSRC B '\FgllzlgA;‘gBS\A/S combinations (different depending R'\,/\IASAEREQ_'N’
al., 2023) (Ethiopia) 2022 191.6 ’GB) T on themodel but range from 12 for 0.082
AB and XGB up to 87 for ANN) )
Various bands and band
(Cao etal., ngé’:“gl;ies 2013 w6h o5 0.047 oLl ; v SEand ML (RF, ~ combinations{—,—— ——  pMsg=7.1,
2020) (China) 2018 - 258.7 XGB) "Peu T Quu MAPE = 24%
"Quu "pomp
Yao et al., Beibu Gulf 2013 Same . SE and ML (ANN, Various bands and band RMSE = 1_'63’
110 27115 OLI FLAASH MAPE
2021) (China) 2020 day SVM, GBDT) combinations 19 4%_
Guanting ) . TM, ETM+, OLI _—
(F. Zhang et : 1985 - 5.07 S can . } RMSE =5.67,
al., 2021) Resgrvow 2019 i 102 38.7 (inter- sensor ACOLITE Y SE (Linear) —_ . MRE = 25.7%
(China) normalization) T
i ] i Various band combinations RMSE = 0.47,
(He et al., Yangtze River 2014 . 0.57 ) _
) +5d 55 oLl LaSRC SE (Quadratic) Z MAPE =
2021) (China) 2020 75 (—ﬁ) 25 8%
SE (Linear, Power, Vari band d band RMSE =
(X.Yanget  Donghu Lake 1987 107 Exponential, arious bands and ban S
al., 2020) (China) 2018 1d 65 160 | '™ ETM+ O FLAASH Logarithmic and combinations¥——3—) 11-39;'652‘
Cubic) R :
. SE (Linear
Pearl River ' . o Various bands and band RMSE =1.21,
(Yuan et al., 2014 " 0i B Quadratic, _
2022) Estuary 2021 ' 25 400 oul FLAASH Logarithmic, combinations¥—, ———) MAPE =
(China) E . kA 15.3%
xponential)
SE (Linear
Western Lake : . X . RMSE = 8.49,
CurrentStudy  Ontario 2019 +2d 51 0.51 OLl and OLF2 ACOLITE Quadratic, CubIC, /40115 hband combinationé—) MAPE =
2023 46.0 Exponential) and z
(Canada) ’ ML (MDN) 78.8%

Abbreviations in alphabetic order: 6S = Second Simulation of a Satellite Signal in the Solar Spectrufd#®oest Regression, ACOLITE = Atmospheric Correction for OLI 'lite’, ANN = Artificial Neural Networks, AURE =
Average Unbiased Relative Error, C2BG Case 2 Regional Coast CalpCB = Cubist Regression, ConvLSTM = Convolutional Long Sfierm Memory, DL = Deep Learning, DNN = Deep Neural Networks, ELM = Extreme
Learning Machine, ETM+ = Enhanced Thematic Mapper Plus, FLAASH = Fastfisight Atnospheric Analysis of Spectral Hypercubes, GB = Gradient Boosting, GBDT = Gradient Boosting Decision Tree, iCOR = Improved
Coupled Ocea\tmosphere Radiative Transfer, LaSRC = Landsat Surface Reflectance Code, LEDAPS = Landsat Ecosystem Disturbanderécizgsiing System, MAE = Mean Absolute Error, MAPE = Mean Absolute
Percentage Error, MARE = Mean Absolute Relative Error, MDN = Mixture Density Networks, ML = Machine Learning, MLR = Muéivamear Regression, MSI = Multispectral Instrument, MR =tidiel Regression, NN =

Neural Networks, OLCI = Ocean and Land Geltnstrument, OLI = Operational Land Imager, PLSR = Partial Least Squares Regression, RFR = Random Forest Regressi®to®® Mi8Br=Square Error, SE = Selmpirical,

SIAC = Surface Infomation in the Atmospheric Correction, SVR = Support Vector Regression, TM = Thematic MappdiiR/4SVisible and Neatnfrared, WASI = Water Colar Simulator, XGB = Extreme Gradient Boosting
noted). The wunit of RMSE is

" For the topperforming models. The performance metrics a®veen observed vs predicted @ ot her wi s e eg/ L.

ABetween observed Glaland the selected feature(s)
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Figure 41. Flowchart ofmethodology
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Hamilton
Harbour

Figure 42. Map of the study area

4.2.2 In-Situ Chl -a Concentration Data

Calibrating and validating CHd retrieval models, whether using seempirical or machine learning

(ML) methods, requires isitu matchups for grournluthing or in this case watgruthing (a commonly

used misnomer as field data carry their own errors). We examined various watgrdgiabases from

binational academic and government sources to gatkstuirChla concentration data from 2013 to

2023. The data underwent screening, selecting measurements fromumeaf ace dept hs (O
taken within £2 days of satellite overpasgh available water pixel coverage in & 3 window around

the measurement locations. Preference was givphdophytincorrected records, using uncorrected

data oty when corrected versions were unavailable. This yielded 51 matchup points, sumnmarized i
Table 42, andillustrated inFigure 43.
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Table 42. Description of the irsitu data used for the matchup analysis

Pigment Spatial Matchups
Correction Coverage Counts  Frequency

Source Publisher Chl-a Extraction Method

Hamilton Harbour Water Quality Data (National Laboratory for Pheophytin

) ECCC ) : HH 17 33%
(AccessLink) Environmental Testing, Corrected ?
2021)
Water Chemistry (Great Lakes Nearshor Pheophytin WLO Offshore
A ; MECP (MECP, 2023) phy 11 22%
Areas) AccessLink) Corrected and HH
Great Lakes Water Qualitylonitoring and (Strickland & Parsons, WLO Nearshore
. ) ECCC Uncorrected 10 20%
Surveillance DataAccessLink) 1972) andOffshore ?
Hamilton Harbour Area of Concern (AOC
o . ( MECP (MECP, 2023) Uncorrected HH 8 16%
Monitoring (AccessLink)
A national harmonized dataset of discret Pheophvtin
chlorophyll from lakes and streams (200t  USGS (Arar & Collins, 1997) CorrSCt):ed WLO Nearshore 5 10%
2022) Accesslink)
Total 51 100%
50 50
+  Measurment Location: Hamilton Harbour ¥ * l\:‘lean (= SD) for Hamilton Harbour = 13.06 (+ 10.36)
45 5 Measurment Location: WLO (Nearshore) 45 ® Mean (+ SD) for WLO (Nearshore) = 1.51 (= 0.90)
+  Measurment Location: WLO (Offshore) # Mean (= SD) for WLO (Offshore) = 1.77 (= 0.73)
40 Temporal Matching Window: =0 days 0T e Outliers
- Temporal Matching Window: 1 days =
%] @  Temporal Matching Window: =2 days * ERd .
f 2w Matching Platform: Landsat 8 = 30
27| — Matching Platform: Landsat 9 £7
E * =
225 £ 25
IS 1
S0 220
2 L S
=15 . il * =15
o +* § ~
10 t 10
* e -
: 0ol s (a) . . (b)
g+ g i LI | , - ==
2013 2014 2015 2016 207 2018 2019 2020 2021 2022 2023 2024 Hamilton Harbour ~ WLO (Nearshore) WLO (Offshore)
Date Measurement Location

Water Depth < 15 m Toromto
Water Depth > 15 m

43°40

43220

+

43°18'

Ontario

43°20'

Hamilton

43°16'

20 Km

-79°52' -79°50 -79°48" -79°40" 797200 =797

Figure 43. Temporal and spatial distribution of-&itu Chla concentration matchups. (a) and (c) represent the
temporal and spatial distribution of the matchups, respectively while (b) visualizes data ranges for each region

in box plos.
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https://open.canada.ca/data/en/dataset/c50e3bb8-97f5-48be-a910-a8a7b59f85ff
https://data.ontario.ca/dataset/water-chemistry-great-lakes-nearshore-areas
https://open.canada.ca/data/en/dataset/cfdafa0c-a644-47cc-ad54-460304facf2e
https://data.ontario.ca/dataset/hamilton-harbour-area-of-concern-aoc-monitoring
https://www.usgs.gov/index.php/data/a-national-harmonized-dataset-discrete-chlorophyll-lakes-and-streams-2005-2022

4.2.3 Remote Sensing Data
Landsat 8 and 9, launched in 2013 and 2021, respectivgllWASA and USGS, orbit in a Sun

synchronous, negrolar circular path at an altitude of 705 km, covering a scene size of 185 km cross
track by 180 km alongrack. Landsat 8 is equipped with the Operational Land Imager (OLI) and
Thermal Infrared Sensor [KS), whereas Landsat 9 carries the upgradedZrd TIRS2. Both OLI

and OLI2 are puskbroom sensors, with significant advancements in sigrabise ratio (SNR) and
radiometric resolution compared to the Enhanced Thematic Mapper (ETM+) sensor sdtl4@Ao

et al., 2020; Niroumandadidi et al., 2022)Additionally, both include nine spectral bands vetBO m

spatial resolution, along with a 4B panchromatic band. The central wavelengths of both sensors are
almost identical, including bands at 443, 483, 561, 655, 865, 1609, 2201, 592, and 1373 nm and offer
radiometric resolutions of 12 and 14 bits, dapaof capturing 4096 and 16384 shades of a given
wavelength, respectivelChegoonian et al., 2023;ildumandJadidi et al., 2022allowing detailed

detection of subtle variations in waieaving radiance.

In this chapter a total of 420 Level Terrain Corrected Product (L1TP) Landsat collection 2 images
(359 from Landsat 8 and 61 from Landsat 9)arting the period from March 2013 to September 2023
were downloaded from the USGS EarthExplorer data hub, encompassing all available images without
a cloud cover filter pertaining to path 17 and 18, row 30, covering the western part of Lake Ontario.
The LITP scenes have already undergone radiometric and geometric (orthorectification) corrections by
employing Ground Control Points (GCPs) and Digital Elevation Model (DEM) data, for topographic
displacement, thereby providing premier quality Lelrebroducts pt for pixeklevel timeseries
analysis. The next step was to mask-@ter pixels and apply atmospheric correctioconverting

Levell digital numbers (DN) to watdeaving reflectance”( ) i using the ACOLITE processor.
Sections 1 and 2 in theapplanentarymaterials(Appendix 1) elaborate on both steps in more detail.
After applying quality masks and generating Le2edroducts, a total of 342 usable images remained

for subsequent application of Caketrieval mode

4.2.4 Atmospheric Correction using ACOLITE

Readily available surface reflectance products (L-2ydbr Landsat, corrected using LaSRC, lack the
quality for deriving water quality products such as-@ldoncentratior(Tavora et al., 2023)n this
chapter Atmospheric Correction for OLI "lite" (ACOLITE, v20221114.0), developed by the Royal

Belgian Institute of Natural Sciences (RBINS), has been used for convertinglLBWd into water
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leaving reflectance () values. ACOLITE providesvo atmospheric correction algorithms: the default
dark spectrum fitting (DSF) and exponential extrapolation (EXP) model, with the former chosen for its
reliability, as EXP may overestimate errors related to adjacency effects and s(irdgbrta et al.,
2023) ACOLITE's effectiveness has been demonstrated in varioua @tlieval studies as can be
seenin Table 41. Additionally, multiple studies have reported ACOLITE's superior performance
against other processors usinggitu reflectance matchugBereiraSandoval et al., 2019; Tian et al.,
2022; Warren et gl2019)

Additionally, ACOLITE was used to mask nevater pixels, including cloud, cloud shadow, land,
show, ice, or even too shallow waters where bottom reflectance might interfere. Théeatey
reflectance; , more accurately termed waleaving radianceeflectancé€Doerffer, 2015)is defined
as(Tavora et al., 2023)

e ey ek (4.1)

where— , —and%.are respectively viewing direction, solar zenith angle and azimuthal angle measured
relative to the Sun's azimuthal directién.is the watedeaving radiance just above the water surface

(mt ,’O is the downwelling irradiancend_ is representative of each band. With the Sun at the zenith,

" equals' times the nadiviewing remote sensing reflectande (sr'). Both” andyY are the most

used radiometric products in Caretrieval studies.

4.2.5 Chl-a Retrieval Model

The Chla retrieval methods found in the literature exhibit a large diversity, reflecting varying
approaches by different researchéviishra et al. (2017) and Olivetti et al. (202€parated these
methods into five categories: empirical, semipirical, analytical, semanalytical, and quasi
analytical. In recent years, wildvancements in machine learning (ML) in remote sensing, a distinct
category for ML models has been recognized for describing@trieval algorithms (Chegoonian et
al., 2023).

In this chaptersemiempiricalapproach is utilizedThe semiempirical moels establish a regression
based relationship, often explicit, betweersitu Chla concentration and remote sensing reflectance
of bands or band combinations that are referred to as reflectance indexes. These indexes range from

simple tweband algorithmsuch as band ratios or normalized difference indéRgashawara et al.,
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2021) to threeband algorithms like KIVU, and even feband algorithms such as Surface Algal
Bloom Index (SABI)(Beck et al.2016; Buma & Lee, 2020)

Initially, the 8 reflectance indexelescribed inrable 43 wereselected as candidates for developing a
semiempirical model. A feature importance analysis, based on SHapley Additive exPlanations (SHAP)
values and correlation coefficients, was conducted using the matchup concentrationsasachtiesd
reflectance indxes within a %3 window of celocated pixels. In this context, SHAP values serve as a
powerful tool to interpret the predictive model by assigning an importance score to each input feature,
revealing how significantly each reflectance index influencesestimation of Ch& concentration
(Appling et al., 2022)The feature importance analysis identified the itueed ratio index @) as
particularlysignificant(seeFigure A24).

Table 43. Selected Ché retrieval indexes as input features of predictive models

Index

Index Group . Band Arithmetic
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The selection of the blu®-red ratio index for estimating Glhlconcentration is supported for several
reasons. Firstly, it is particularly effective for estimatingaCim turbid watergHafeez et al., 2019;
Paltsev & Creed, 2022; Sherman et al., 2023; Stumpf et al., 2BB8¢ the optical properties of non

algal particles significantly affect reflectance, which is characteristicasétwo waters like the
hotspots at river outflows of Western Lake Ontg8alem et al., 20175econdly, the index has been
recommended for its efficacy in detecting cyanobac{&tig Zhang, Qin, et al., 2019; Sun et al., 2015)
prevalent in environments such as Hamilton Harbour. Lastly, numerous studies have validated the use
of this ratio for Chia retrieval from Landsat imageijHan & Jordan, 2005; Mattdernandez et al.,

2018; Sass et al., 2007; X. Yang et al., 2020)derscoring its applicability and iagdbility across
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different water bodies and conditions. Several regression types, including linear, quadratic, cubic, and
exponential, were tested with the bligered ratio as input. The exponential regression appeared as the
most promising fit (se€igure A25).

4.2.6 Performance Metrics

In this chapter based on the work ddeegers et al. (20L&nd more recent recommendations by
Pahlevan et al. (202Dldhe coefficient of determination (R?), was replaced by more informative metrics
such as RMSE, MAE and MAPE. The assumption of a Gaussian distribution without outliers
underlying the use of R? is unlikely to be niretwater colour remote sensing with limited matchup
counts(Seegers et al.,, 2021RMSE measures the standard deviation of prediction errors, MAE
averages the absolute errors, and MAPE expresses the error as a percentage of actual values. Although
RMSE is still sensitive to the distribution of errors and assumes a Gaussian distribution, it is a common
statistical metric and widely used in the literature. MAE and MAPE on the other hand provide a more
straightforward error quantification. MAE is padlarly effective as it does not exaggerate outliers and

accurately represents error magnitude. The equations for these metrics are:

YO'YO -B O © (4.2)
060 -B @ ©Os (43)
b6do—B — (4.4)

where n, M and E represents the number of samples, the meastsitd) (@and estimated (modeled)

Chl-a concentration, respectively.

4.2.7 Algal Bloom Indicators

In the literature, different approaches are used to identify bloom pixels basatetitederived Ch

a concentration products. Studies like thoseClay et al. (2020), and Ma et al. (2022sal a threshold

on theFloating Algae Index (FAl) to flag algal blooms. Others, such as Tan et al. (2017), applied a
Chaconcentration t hr e sBimlihgktab@021)2023), and gehd & Binditge r e a s
(202) use a more conservative threshold of O 10 (

Health Organization's guideline for bloom conditions in recreational waters, indicating relatilcely
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or low risk of adverse health effects in cyanobactdaminated bloomgBinding et al., 2023;
Soontiens et al., 2019)n thischapteraChtac oncentrati on t hreshold of
bloom pixels.

Next, various indicators for analyzing algal bloom conditions from satdiiteved Chia estimates
were evaluated. Commonly used algal bloom indicators include bloom intensityy lebdtent (or
bloom area), bloom severity, and bloom duration, with the latter often used isdiiae studies that
use sensors with shorter revisit tinjfeeng et al., 2021; Ho et al., 2019; Ma et al., 2022; Soontiens et
al., 2019; Yin et al., 2023; Zeng & Binding)21). Following the work oBBinding et al. (2018, 2021,
2023) the selected algal bloom indicators for this stady: (i) bloom intensity (ug/L) as the average
Chl-a concentration of flagged pixels, (i) bloom extent (km2?) as the total area covered by flagged
pixels, and (iii) bloom severity (ug km?/L) as the product of the first two indicators. The indicators
prodwce three quantitative metrics for each -@hidoncentration map (that is, each scene) that, when
combined with other outputs such as anlyuahd monthlyaveraged estimate@hl-a concentration
mapsplus trend analyses, for example based on the Mamulalltest, provide a general view of bloom
conditions across the study area and their4rana interannual variability and mulyear trends, as

well as the detection of anomalies and bloom hotspots.

4.3 Results

4.3.1 Time-Series Plots of Algal Bloom Indicators

After calibrating and validating the retrieval model witfofd crossvalidation, using an 80/20 % split

for training and testing respectively, the model was applied to the entire preprocessed Landsat 8 and 9
collections, to generate estimated -@htoncentrationmaps. Subsequently, three algal bloom
indicators, namelyhloom intensity Figure 44), bloom extentKigure 45), and bloom severityHgure

4.6), werecalculated for each scene. These indicators were plotted on time series figures for Hamilton
Harbour, as well as the nearshore and offshore wataféestern Lake Ontario. A perfect (lossless)
image would encompass approximately 23000, 668000, and 66@0&0¢e for Hamilton Harbour,
nearshore, and offshore areas, respectively, at a 30%8patial resolution. However, factors such as
partial swaths, cloud cover, lake ice, and various quality masks reduce the number of usable pixels per
image. To addresdata reliability issues, a fourth indicator representing the percentage of data

availability for each scene was introduced, visualized as vertical lines behind each scatter point, with
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availability ranging from O to 100 percent. This metric helps in asgessverage extent for each area

of interest per scene, where a darker shade signifying 100% availability, representing a perfect overview
of the area with no pixel loss. Annual and monthly averages for each time series are displayed on the
right side ofeach plot, highlighting the annual trends, anomalies, and seasonality of algal blooms.
Notably, calculations for each indicator are derived solely from flagged pixels. The grey and black bars
on the plots represent the average and maximum values of ehciton, respectively. It is worth

noting that the maximum bars depict the peak average of each pixelS #ithg/L estimated Cké
concentration for a given year or month, rather than the maximum pixel value (estimatad Chl

concentration) within eacltene.
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Figure 44. Time-series plots of bloom intensity for Hamilton Harbour, nearshore and offshore waters of
Western Lake Ontario. Scatter plots on the left represent the temporal dynamics of bloom intensity from 2013 to
2023 where the background bars depict data availability for each scene. The bar plots on the right represent

annual and monthly bloom intensity averages and maximums.

In Hamilton Harbour, bloom intensity ranges often between 10.0 to 12.0 pg/L with spikesl8.0

pg/L in June 2017. Nearshore regions exhibit slightly lower intensities, with averages around 11.0 pg/L
and the peak of 175g/L in March 2023. Offshore intensities vary between 10.5 to 13.5 pg/L, with a
significant spike of 21.5 pg/L in Febmya2023. The annual averages of bloom intensity in Hamilton
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Harbour ranges from 11.0 pg/L in 2020 to 1AL in 2019, with monthly averages range between

11.0 pg/L (September) to 13.0 pg/L (February), excluding 2013 and January due to lack of data.
Offshore regions' overall bloom intensity averages are marginally higher by 0.5 pg/L compared to
nearshore, without notable annual trends, though a decline after the peaks in 2019 and an uptrend in
maximums thereafter are observed. Nearshore regions showraasing bloom intensity monthly

trend from January to August, followed by a downtrend back to January. Hamilton Harbour has seen

diminishing peaks since 2017, whereas Lake Ontario reached its highestydaveecords in 2023.
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Figure 45. Time-series plots of bloom extent for Hamilton Harbour, nearshore and offshore waestsrn
Lake Ontario. Scatter plots on the left represent the temporal dynamics of bloom extent from 2013 to 2023
where the background bars depict datailability for each scene. The bar plots on the right represent annual

and monthly bloom extent averages and maximums.

Figure 45 and Figure 4.6 depictbloom extent and severity respectively. Despite its size, Hamilton
Harbour often records higher bloom extents due to its eutrophisypereutrophic conditions,
contrasting with the oligonesotrophic nearshore and oligotrophic offshore waters of Western Lake
Ontario, with extents up to 1.8 kmz2, about 10% of its area. Notably, anomalies include a 25.5 km? plume
in April 2023 from southen hotspots and significant events in offshore waters in May 2022 (2.5 km?)

and March 2015 (2.2 km?), indicating substantial bloom events. However, the majority of measured
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extents inWestern Lake Ontario are below 1.0 km?, suggesting localized bloomsubsequent maps

will provide further hotspot insights. Trend analysis for Hamilton Harbour indicates a decreasing bloom
extend trend, except for, a peak in May 2017. Its monthly distribution shows an uptrend from October
to May, peaking from March to Sephber, and then declining. Nearshore and offshore areas show no
consistent trends, with only extreme events notably affecting bloom extent measurements. However,

offshore maximums show growth similar to their intensity over the past eleven years.
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Figure4.6. Time-series plots of bloom severity for Hamilton Harbour, nearshore and offshore waters of
Western Lake Ontario. Scatter plots on the left represent the temporal dynamics of bloom severity from 2013 to
2023 where théackground bars depict data availability for each scene. The bar plots on the right represent

annual and monthly bloom severity averages and maximums.

Bloom severity, as illustrateid Figure4.6, is defined as the product of intensity and extent, usually
remains low in nearshore and offshore areas, except during significant events. In Hamilton Harbour,

severity ranges from O to 4, peaking a@2km?L in May 2017. Yearly and monthly severity trends
closely follow those of bloom extent.
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4.3.2 Averaged Annual and Monthly Maps of Estimated Chl  -a Concentration

In addition to calculating bloom indicatorayeragedyearly and monthly maps were generated to

analze trends, seasonality,ahdot spots. Unli ke the three indicato
pg/L Chl-a concentration, these maps average across all available pixels grouped by year or month.
Therefore, while related, they serve distinct purpagesindicators quantify intensity and extent, and

the maps visually represent bloom condition over time.

Figure 47 displaysthe estimated Ckd concentration, averaged across all images within specific years.

I't includes a 10 e€g/L algal bl oom t hr gGtson, d and
1977) Non-water areas are marked white, indicatisngd or clouds. Notably, in 2013 and 2018, image
availability was lowest, leading to significant pixel loss in the Hamilton Harbour and central lake areas
due to cloud cover. The launch of Landsat 9 in 2021 significantly increased image availabifityg offe

a clearer view of the area in recent years.

The averaged annual maps reveal few eutrophic areas except for specific nearshore (like St. Catharine
to NiagaraontheLake waterfront, notable in 2023) and northern hotspots, like Toronto Harbour in
2022 o Frenchman's Bay in 2014. Hamilton Harbour consistently shows more pronounced eutrophic
conditions, particularly in its eastern parts near Royal Botanical Gardens (RBG), illustrated as yellow
(eutrophic) in most of the years. These maps offer a broaggutirge for assessing yearly changes and
support the analysis from the indicators. For example, Hamilton Hasbowest bloom intensity and

extent in 2020 correlate with bluer hue in that year's map, indicating reduced algal activity compared
to greenehues in other yearfigure 48 presentsnonthly averages for estimated €htoncentration

maps, better suited for identifying seasonal patterns and pinpointing seastrained hotspots.

Regarding the seasonal variatiors, Hamilton Harbour, the lowest bloom occurs from October to
February, consistent with indicator trends. The monthlysrap valuable for highlighting April to

May as more eutrophic, supplementing indicator data by showing nuanced season@haiitk.for

Hamilton Harbour, as observed in the averaged monthly maps, we can identify March to September as
critical periodsfor algal bloom monitoring. A similar period, but with milder concentrations, also
applies to the algal bloom of the northern shore hotspots, such as Frenchman's Bay. For the southern
shoreline, the period from November to April is marked by lighter migkdurs. However, since this

period falls during the winter months, it's important to take into account the high input of sediments
from the Niagara River, creating a plume which flows easterly towards US shores. This increased
turbidity interferes withtie optical properties of water, thereby making-&lelstimates for this area

during this period, less reliable. Furthermore, similar to the previous figure, cloud cover significantly
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affected both image and pixel availability in December and January desine missing pixels in the
maps. During 2012023, only 17 images acquired in December were available for processing,
compared to 47 in August, indicating clearer skies in the latter month. Furttheptim interpretation

of these results will be discuss$in the following section.
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Figure 47. Annually averaged maps of estimated-@ldoncentration for Hamilton Harbour akdestern Lake
Ontario, derived from Landsat 8 and 9 imagery acquired between 2013 and 2023
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54



4.4 Discussion

While single bloom indicators offer valuable insights, they might not fully capture the complexity of
bloom conditions. A bloom could be extensive yet have low biomass or small anrtivdtbbut have

high biomasgBinding et al., 2021)Moreover, elevated Cfa concentration suggest potential scum
formation without necessarily indicating toxin presence. This section uses previously defined indicators
and yearly/monthly maps to analyze algal blooms' patterns and variations in Hamilton Harbour and
Western Lake Omtrio from 2013 to 2023, as well as addressing limitations and uncertainties.

4.4.1 Spatial -Temporal Variability and Trends

Comparing our bloom intensity results with-gitu records of Hamilton Harbour reveals general
underestimation by oumetrics Figure A26), especially for years with extreme outliers like years
2014, 2017, and 2021. However, the alignment within a £1 pg/L margin of error for 20130 201
indicates reasonable accuracy. Monthly trend analysis shows an underestimate for late summer blooms,
despite earlier onset of blooms observed, starting as early as March and peaking in April, differing from
past decades' data indicating a summer peahawn byHiriart-Baer et al. (2009)hat indicated
summer (Junéugust with 14.1+8.6 pg/L) Chh averages nearly twice those of spring (Maktdy

with 7.6+6.6 pg/L). Our model successfully captured the 2017 peak bu failpredict the 2014's
extreme outliers, with records as high as 185 ug/L, indicating limitations in handling such anomalies.
Limited in-situdata in 2019 and 2021 due to COVID restrictions, and the absent of publicly released
data for 2022 and 2023dtilight the advantages of remote sensing for continuity in environmental

monitoring when field activities are restricted.

Observations reveal no significant trend in bloom intensity and severity for Lake Ontario's nearshore
and offshore waters. A comparisof ourannualaverage estimated Ghlconcentration with MODIS
derived lakewide annual average values reported on NOAA's National Marine Ecosystem Status
website(NOAA, 2024)indicates high correlation but a steady trdikely suggesting stable external
nutrient loading ovethe past decade. TINOAA's satellitederived estimates are based on a batid
retrieval algorithm developed from Great Lakes National Program Office (GLNPO) monitoring data
(Lesht et al., 2013, 2016&pplied to MODIS images from 2013 t020. The results of this comparison,
presented inFigure A27, with further discussion in theupplementarymaterials, show that both
estimates are highly correlated, covering the range of 1.5 to 2.0, consistentsifithrireasurements
(Estepp & Reavie, 20154 slight decrease in bloom extent and severity for Hamilton Harbour may
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reflect localized, concentrated algal blooms, poténtiafluenced by circulation patterns within the
harbour. Annual trend analysis across averaged maps shows an increasing bloom trend in Hamilton
Harbour from 2014, peaking in 2018, decreasing until 2020, and then rising again up to 2023. Monthly
trends sggest higher bloom intensity from March to September, consistent wisituindata,

highlighting the importance of focused monitoring during these months.

Nearshore areas demonstrate a-Seiped bloom intensity trend, with a peak in August, aligning with
field-based observations and indicating nutrigcth conditions favourable for algal proliferation at
river mouths. Notably, the Niagara plume poses a significant algal bloom risk due to its turbidity and
phosphorus levels. Frenchman's Bay shows a slggirease in estimated Gotoncentration, aligning

with other studies indicating offshore oligotrophic conditions and a general decrease in water quality

parameters from the shoreline to offshore.

4.4.2 Uncertaint ies and Limitations

Time-series analysis of sllite-derived Chla concentration faces several challenges and uncertainties.
Despite remote sensing ability to provide broad views of HABgéstern Lake Ontario, understanding

the technology's limitations and the uncertainties in derived productsast@l. The key challenge is

the lack of frequent, lonterm insitu and remote sensing matchups during the model
calibration/validation. Finer temporal resolution satellite data often compromise spatial resolution for
shorter revisit timegC. Hu et al., 2019; Ma et al., 2022ffecting the use of Cld concentration maps

for small areas like Hamilton Harbour. Spectral resolution limitations, especially OLI's suboptimal
settings for turbid waters and the absent ofedgk (690790 nm) band, complicate analyéZzao, Ma,
Melack, et al., 2022)Additional challenges include adjacency effects, affecting pixels up to 40 km
awgy from the shoreline, the stripping effects, sung{ifavora et al., 2023)ynd the interference of
atmospheric columns as well as lakebed (bottom reflectance), necessitating complex correction

methods.

In-situ data uncertainties agisrom measurement depth variability, and intrinsic error in laboratory
extraction techniques, such as High Pressure Liquid Chromatography (HPLC), fluorometry, and
spectrophotometry, witthe latterhaving error margins up to 70€hegoonian et al., 2023; Seegers
et al., 2021; Smith et al., 2018}he accuracy of CHd retrieval is also affected by temporal difference
between imsitu measurements and satellite overpasses (in this case £2 days) and the representation of
in-situ samples within larger pixel windows (in this case 3x3 equal to 90%9@md spatial patchiness
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of the bloom within thenfSeegers et al., 2021; Soontiens et al., 20d@plicating satellitelerived
bloom analysis.

The selection threshold for algal bloom flagged pixels and blooitaitwis further complicates results
interpretation and intestudy comparisong.he regression relationship developed for the @mlodel

tends to saturate at around 30 g/ L underest.i
Furthermore, the impactf @ther optically active water constituents (OACs) significantly alters the
waterleaving reflectance, challenging seempirical baneratio algorithms in optically complex
waters(Warren et al., 2021)These algorithms are often confounded by the presence of suspended
sediments and coloured dissolved organic matter (CDQi#&lezNicolas et al., 2021)which

dominate the optical properties and satelliegived reflectare in bluegreen wavelengthéd.e et al.,

2013) This introduces uncertainties, particulairlylow Chla concentration scenarios. Additionally,

the variability of local inherent optical properties (IOPs) due to the diversity in phytoplankton

community compositions, introduces additional {Bisiding et al., 2021)

Moreover, bloom severity indicators do not guarantee corresponding risks of bloom toxicity, due to
variations in phytoplankton community composition and toxigenicity. The absencenimfiee optical
signature for cyanobacterial toxins necessitates indirect, forasgd methods for assessing bloom
toxicity from satellite observations. Despite these challenges, advancements in retrieval algorithms,
including optical water type classifi¢gans, ML techniques, and hyperspectral imaging, show promise

in reducing uncertainties and improving accuracy of satelétéved Chla concentratiorproducts

4.5 Conclusions

The analysis of algal blooms in Lake Ontario, particularly thragagkllite remote sensing and field
surveys, highlights the complexities and challenges in monitoring, understanding, and managing these
ecological phenomena. The application of remote sensing, and particularly the development and use of
a semiempirical Ch-a retrieval model in thichapter has provided unparalleled insights into the
dynamics of algal blooms within Hamilton Harbour and Western Lake Ontario from 2013 to 2023. By
utilizing Landsat 8 and $mageryto calculatealgal bloom intensity, extent,ral severity, alongside
satellitederived spatiatemporal maps, thishapterenhances our understanding of bloom conditions

and the underlying drivers in the region.
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In the past eleven years, Hamilton Harbour displayed a declining trend in bloom pediasticm

with Lake Ontario's nearshore regions, which exhibited an increasing monthly bloom intensity from
January to August, before declining back to January levels. Remarkably, 2023 marked the highest
bloom intensity records across Lake Ontario, empglvagihe variability in bloom dynamics. Hamilton
Harbour often reported higher bloom extents, attributed to its eutrophic to hypereutrophic conditions,
in stark contrast to the predominantly oligotrophic conditions of the lake's offshore waters. Ttad resul

in most bloom extents MWestern Lake Ontario being localized and below 1.0 km2. Notably, the spatial
analysis underscored few eutrophic areas aside from specific nearshore and northern hotspots, with
Hamilton Harbour consistently showcasing pronouregtdophic conditions near the Royal Botanical
Gardens. Seasonal variations revealed the lowest blooms in Hamilton Harbour occurring from October
to February, with an earlier onset observed in March, peaking in April. Despite these localized and
temporal wariations, Lake Ontario's nearshore and offshore areas showed no significant trend in bloom
intensity and severity, suggesting a decade of stable external nutrient inputs. The monthly trends
supported the necessity for heightened monitoring from MarckpteBber, particularly in nearshore
areas where a bedhaped bloom intensity trend peaks in August, aligning with field observations and
emphasizing the nuanced interplay of ecological dynamics across these regions.

These collectivdindings enhance ouromprehension of HABs in Lake Ontario, highlighting the
significant roles of ecological, phenological, and anthropogenic factors in bloom dynamics. By
providing detailed spatidgemporal maps and indicators, remote sensing not only advances our
understandig of algal bloom dynamics but also supports the development of more informed and
dynamic management strategies. This holistic approach, which merges traditional field surveys with
cuttingedge remote sensing technologies and predictive modeling, malgsfaamt advancement

in our efforts to mitigate impacts of HABs and ensure the sustainability of aquatic ecosystems in the
Great Lakes region. Such integration is crucial for developing comprehensive strategies that address
the multifaceted nature of HABthereby contributing to the protection and preservation of these vital

water bodies in the face of evolving environmental challenges.
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Chapter 5

Conclusions and Perspectives

5.1 Summary of Key Findings

This thesis presents a comprehensive exploration ofa@aincentration retrieval and the monitoring
of algalabundancen Western Lake Ontario and Hamilton Harbosingspaceborneremote sensing
spanningnultiple satellites. The key findings from the study are summarized as follows

The performance of 27 commonly used-@hétrieval indexes across eleven types of Levptoducts
derived from four distinct satellite sensors was analyzed based on a matchus aoatysising 600
in-situ surface water Clad data points collected from 2000 to 2022. The study identified that the
effectiveness of retrieval is significantly influenced by several factors, including the choice of satellite
platform, insitu Chla data céegorization (especially according to the range of concentrations),
atmospheric correction processes, and the specifie€bhcentration retrieval indexes employed.
ACOLITE-corrected Landsat 8 and Senti2eproducts coupled with simple two band ratiésfor
instance, bludo-green or blugo-red, were highlighted as one of the superior schemes fea Chl
concentration retrieval, especially for eutrophic and hypereutropsiers These findings laid the
groundwork for the methodology developminthesubsequent timseries analysis and, with caution,

could be generalized fasther large water bodiegith similar characteristics

Through the development and application of a sempirical Chia retrieval model, Chapter 4 yielded

Chl-a concentration mapsnd algal bloom indicators using Landsairgl9 imageryacquiredoetween

2013 and 2023. For Western Lake Ontario, the results clearly identified nearshore areas receiving
stream or channel discharge as hotspots for algal proliferation. Specifichdiger 4 examined the

plume formed near the mouths of the Niagara River and Welland Canal that supply relatively
phosphorusich waters from Lake Erie to Lake Ontario. This enabled us to delineate the'plume
extension along the eastern US shoreline of Lakiu@. Additionally, the trends and seasonality of
several northern hotspots along the MississaRigkering waterfront, including Toronto Harbour and
coastal wetlands like Frenchman's Bay, were mapped. Overall, no significant trends in algal growth
intersity or severity were observed for Lake Ontario's nearshore and offshore waters inetes dsist

years, likely implying stable nutrient loading over the past decade. However, a slight decreasing trend
in bloom extent and severity was observed for Hamillarbour with localized bloom occurrences in
specific areas like Bayfront Park Beach due to circulation patterns. The study also highlighted the

potential of remote sensing for neaakttime Chla monitoring across large areas but also for filling
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gaps n historical data, such as during the 2020 COVID shutdowns. The results of the data series
analyses further suggest a trend of algal growth appearing earlier than the historical average conditions,
hence, stressing the importance of extending monitoriograms beyond the traditional time window

in order to detect early blooms starting in March.

Anotherfinding from this studyis that increased model complexity does not necessarily lead to better
Chl-aretrievalaccuracy, advocating fwalancingnodel sinplicity and effectivenesis remote sensing
applicationdor water quality monitoring(Note: in a separate study not reported in this thesis, a similar
conclusion for higkspatiatresolution Chla mapping using dronasas madg Overall,the messagef

this thesis is that remote sensing (both satellite and drone based) can complemargnaemt a
traditionalwater quality monitoringf lakes Suchintegrationwould benefit the design and assessment
of environmental management and mitigation stratethias address eutrophication issugéaken
togetherthe thesisontributed to the fields aquatic remote sensing lbgmonstrating the value of

usingsatellite datdor Chl-a concentration retrieval and algal bloom monitoring

5.2 Research Challenges

This section acknowledges several challenges inherent to the methodologies and technologis of rem

sensing of water guality monitoring and algal bloom detection, employed across the various chapters.

A key challenge highlighted in Chapter 3 is the highly variable performance of different satellite
platforms, atmospheric correction processors arréevel indexes, whiclis significantly influenced

by the qualityi extraction accuracy and rangj&nd, quantity’ spatial and temporal distribution and
counti of matchup data used in training and testing the retrieval models. This emphasizes the critical
need for sufficient irsitu data to develop reliable models and to provide improved overlap in temporal
windows between #situ data and with satellite image acquisition where the latter can be severely

reduced in regions with extensive cloud cover.

Chaper 4 discusses the inevitable tramfébetween temporal and spatial resolution in the selection of
satellite data for timseries environmental studies. Higpatiatresolution sensors are preferred for

local case studies, especially for turbid waterstwreline waters where land and water pixels may
overlap,and lakebed reflectance can interfere with the sensed signals. However, the drawback of using
high-spatiatresolution sensors, such as Landsat 8 and Seitinekheir longer revisit times, making

time-series analysis challenging, especially for analyzing bloom durations. Additionally, the high cloud
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coverage in our case study significantly reduces the number of available images, particularly during
wet months. Despite these limitations, hgpatal-resolution satellites are still preferred over medium
spatiatresolution (<1000 m) sensors with neataily coverage when considering nearshore regions.
The latter would be inadequately covered by, for instance, then3@8olution Sentine, even thagh

it might provide a more comprehensive set of imagery and potentially more reliable models due to its

optimal spectral resolutions and additional bands dedicated {a 1€hieval.

In conclusion, while these challenges present significant limitatotential solutions exist, such as
developing hybrid models that combine data from multiple satellite platforms to leverage the strengths
of each, as well as ramping up-situ data collection efforts to support the remote sensing model

calibration and vadation.

5.3 Research Applications

This section discusses several potential-waald applications, elaborating on how the research

findings can be utilized in practical scenarios or benefit related stakeholders.

The insights from Chapter 3 could pave thayvor future research in developing robust methodologies

by selecting the appropriate retrieval scheme for a given specific case study. Future machine learning
approaches could build on the feature importance analysis and the identification of effemtival s
indexes for Chhretrieval, as well as atmospheric correction methods across different scenarios. Such
approaches could create more accurate and efficient models that focus on the important features

identified in this research.

The results of Chagr 4, especially the satellitterived indicators for bloom intensity and extent, could
prove valuable for local conservation authorities and environmental agencies. These indicators enable
the identification of algal bloom hotspots and periods of heigitteisk, facilitating efficient resource
allocation, targeted monitoring, and timely mitigation measures to minimize theesmriomic and
ecological impacts of harmful algal blooms in the region. Additionally, the findings from this chapter
fill in spatial and temporal data gaps, providing a clearer picture of periods (such as winter months or
during the 2020 COVIEL9 shutdown) when no field sampling is conducted. Expanding on this,
additional usages of satellitkerived Chla products based on neagaltime acquired image$
assuming the models are trained and tested in advance with sufficient matcliupaddta considered.

For instanceweb applicationssay, within Esri's ArcGIS StoryMaps, Google Earth Eng(@&EE)
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environment, or standalone welpépations such as EOLakeWatch by ECCC or CyANJUS/EPA,
can beleveragedo incorporatenearreattime water quality products for any region of interast
accessible to the publito check the status of beaches, for examplele decisionmakerscould use

them as earhyvarning tools foplanning insitu inspections.

Overall, the applications of this research extend beyond the academic realm, offering possibilities for
practical tools and methodologies to enhance the monitoringalf dynamics. By integrating space

borne remote sensing technologies with conventional environmental monitoring approaches,
stakeholders across various sectors can achieve more informed, effective, and sustainable outcomes in

water guality management.

5.4 Recommendations for Future Research

In this section, we provide recommendations for future research, some of which complement the

findings of each chapter to improve results, while others could constitute the basis for separate studies.

1 Building on thework in Chapter 3 using semmpirical models, we can envision conducting a
comprehensive comparison study on the same 600 matchup dataset with various machine
learning models, including support vector regression (SVR), random forest regression (RFR),
extreme gradient boosting (XGBoost), and more innovative neural network models like

mixture density network (MDN).

1 Currently, only a very limited number of atmospheric correction processors, such as SIAC, are
available within the GEE environment for convegtinevell images to Leve? products on
the backend, and their validity has not been tested as extensively as other commonly used
processors. Assuming that more processors become available for use in GEE in the future, one
could develop a web applicatioarfconverting Levell products to the desired Lex2land
then Level2 to Chla concentration maps, with no processing load on the client's hardware. A
similar analysis to that in Chapter 4 could also be programmed, and algal bloom indicators
could be calalated and visualized with just a few clicks from the user. Of course, given GEE's
current processing limitations, there would be a t@ffletween the temporal coverage and
its spatial extent of such tinseries analysis. However, for an area as lagy&lamilton

Harbour, this proposal is feasible.
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1 For more reliable results on the seasonality of algal blooms in the ra@gsorecommended to
add resampled Sentin2limages through Harmonized Landsat and SerBrn@lLS) for a
period after the launch dfandsat 9 in September 2021 (for example, September 2021 to
September 2023). This approach would reduce the revisit times to 2 days and significantly
increase the number of availabiatchupsthrough using four satellites instead of just the two
constelléions of Landsat &nd9 or SeninteR A/B separately. Such a collection, specifically
for studying the seasonality of blooms and not for {Bades analysis, is recommended for

regions where sufficient aitu sample collection is available.

All these reommendations are contingent upon the availability of sufficient budget and logistical
support, which are critical for the successful execution and completion of these projects. Each of the
recommendations aims to push the boundaries of current meth@okoyl technologies applied in

this research, fostering innovation, and improving the understanding and management of water quality
and ecosystem health by means of remote sensing.
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Appendices
Appendix |

Supplementary Material s from Chapter 3

This section provides supplementaigualizations related to the data and results. The scatter Bligjire
Al.lillustrates the temporal distribution of-gitu Chla matchups, coloucoded based on corresponding
satellite imageryfFigure A12 displays a heatmap emphasizing the significance of each scheme in each data
category with respect to -situ Chla concentration, with colour variations representing differeft R
performanced-ourtables aralso presented in this sectidrable A11 summarizes various definitions of

the Carlsots Trophic StateIndex(TSI) that exist in the literaturd able A12 offers quantitative details of

the insitu data utilized, whileTable A13 describes each of the atmospheric correction processors
employed.Table Al4 deliversa comprehensive description of the-B&ived Chia models developed,

along with their performance metrics.

Figure All. Time-series plot of irsitu data, displaying Hamilton Harbour (HH, diamond markers) and Western
LakeOntario (WLO, square markers) alongside Landsat 5 (blue), 7 (red), 8 (yellow), and S2iftingle)
matchups. The green background represents classes of oligotrophic/mesotrophic and eutrophic/hypereutrophic based
on Carlson's Trophic State Index (TSl)'wo outl i er concentrations of 137 and

presentation.
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