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Abstract

Western Lake Ontario (WLO) and Hamilton Harbour (HH) experience significant eutrophication
challenges. Despite an overall decrease in the limiting nutrient phosphorus (P) inputs, recurrent
nuisance (Cladophora) 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 importance. Eutrophication 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 agricultural watersheds. Of importance are also the nutrient inputs flowing

from Lake Erie through the Niagara River creating local productivity zones at the river mouth.

Traditional field-based monitoring methods face limitations, including high costs, labour intensity,
limited temporal resolution and inadequate spatial coverage. In that respect, remote sensing (RS) may
offer an alternative approach, leveraging the water colour (optical properties) to detect optically active
constituents (OACs) like Chlorophyll-a (Chl-a) that can provide proxies for phytoplankton abundance
in algae. The distinct spectral signatures of Chl-a make multi-spectral imagery a valuable tool for water

quality assessment that can complement ongoing in-situ monitoring.

This thesis presents a comprehensive analysis aimed at enhancing the capacity for monitoring nearshore
algal blooms in the oligo-mesotrophic WLO and eutrophic HH through publicly available high-spatial-
resolution (< 100 m) RS satellites data, specifically Landsat 5, 7, 8, 9, and Sentinel-2. The research
explores the optimal combinations of atmospheric correction methods and reflectance indexes to
develop semi-empirical based Chl-a retrieval models specific to the (sub)regions considered. As an
additional application, the satellite based Chl-a data are used to assess the spatial-temporal 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 introduction in Chapter 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 of Chl-a retrieval methods and time-series
analysis of algal bloom dynamics, 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

reflectance indexes, assessing their performance in Chl-a concentration retrieval from a multi-platform
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collection of satellite data. By analyzing satellite scenes from different platforms alongside in-situ
measured Chl-a data, the chapter develops predictive linear regression models. The results highlight
the superior performance of certain combinations, particularly ACOLITE-corrected Landsat 8 and
Sentinel-2 imagery utilizing two band ratio indexes, that is blue-to-green or blue-to-red, in capturing

Chl-a concentration with acceptable accuracy.

Delving into the Chl-a dynamics, Chapter 4 presents a time-series analysis using Landsat 8 and 9
imagery from 2013 to 2023, to reconstruct the spatial-temporal patterns and hotspots in WLO and HH.
After preprocessing a collection of Level-1 images with the optimal combination of atmospheric
correction method and retrieval index, as identified in Chapter 3, a time-series collection of estimated
Chl-a concentration maps are produced. By applying three algal growth indicators, namely bloom
intensity, extent, and severity, along with averaging annual and monthly estimated Chl-a concertation
maps and conducting a Mann-Kendall trend analysis, we are able to examine algal bloom dynamics,
seasonality, and delineate areas of concern. The results should help in planning monitoring and design

eutrophication management strategies for the region.

The findings from this thesis underscore the potential of space-borne RS in advancing water quality
monitoring that can inform management practices. By identifying the most effective methods for Chl-
a concentration retrieval and providing a nuanced understanding of algal growth dynamics, the research
in this thesis contributes to both fields of aquatic RS and water quality monitoring. The comparative
analyses, model developments, and spatial-temporal investigations not only offer practical tools for
water quality assessment but also set the stage for future studies leveraging machine learning and
existing satellite datasets. The work demonstrates the critical role of tailored RS applications in
addressing eutrophication issues, advocating for integrated monitoring approaches to sustain aquatic

ecosystems in the face of changing environmental conditions.
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Chapter 1

General Introduction

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 pressures from 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 socio-economic impacts on the region. Recognizing the limitations of traditional in-situ
monitoring methods, motivated me to explore the potential of space-borne optical remote sensing (RS)
as a complementary tool, presenting a promising avenue for historical and near-real-time water quality

assessment.

Driven by the need to refine remote sensing methodologies for monitoring algal abundance, Chapter 3
evaluates various paths for producing case-specific RS-derived Chlorophyll-a (Chl-a) concentration
models to identify the most accurate ones. This effort underscores the importance of selecting an
appropriate scheme — a combination of atmospheric correction processor and Chl-a retrieval index —
which directly impacts the precision of remote sensing analyses, especially in oligo-mesotrophic

conditions where retrieving low Chl-a concentration is challenging.

Having tested different retrieval approaches, Chapter 4 builds on this foundation by selecting the proper
scheme for conducting a time-series analyses of algal abundance in WLO and HH. The chapter shows
the potential of space-borne RS in filling the gaps of in-situ data during certain months (especially
during winter) and years (e.g., 2020 due to COVID), by providing a comprehensive mapping of algal
bloom dynamics and hotspots over the last eleven years. Additionally, my work helps alleviate the lack
of high-spatial-resolution satellite-derived studies on Lake Ontario's waters, in contrast to the well-

studied eutrophic Lake Erie.

I hope my findings will serve as a valuable resource for both local and global stakeholders, enhancing
decision-making capabilities for local authorities in managing water quality and providing an
integrated, multidimensional insight into algal dynamics, including bloom occurrences, in the region
from 2013 to 2023, as well as contributing to advancing the precision and effectiveness of Chl-a

retrieval methodologies through the use of space-borne data at a global scale.



1.2 Research Objectives

The overall objective of this thesis is to enhance the effectiveness and application of space-borne multi-
spectral remote sensing to map the distributions of Chl-a — in space and time. As a case study, I focus
on the western basin of Lake Ontario (WLO) and Hamilton Harbour, an embayment connected to WLO
by a shipping channel. The working hypothesis is that by refining RS-based water quality assessments
existing gaps in eutrophication mapping can be overcome. The specific objectives of each chapter are

as follows:
Chapter 3 objectives:

o Evaluating the performance of 27 Chl-a retrieval indexes across eleven Level-2 products from
four satellites (Landsat 5, 7, 8 and Sentinel-2), using 600 in-situ matchups collected between
2000-2022.

e Developing Chl-a retrieval regression models in order to compare their performance across 28

scenarios, depending on data categorization and satellite platform.
Chapter 4 objectives:

e Producing Chl-¢ maps from 2013-2023 with Landsat 8 and 9 imagery for detailed spatial-
temporal analysis by employing three algal growth indicators — intensity, extent, and severity
— and Geographic Information System (GIS) products such as averaged annual and monthly
estimated Chl-a concentration, as well as trend maps to observe spatial-temporal variability,
trends, and identify (re)emerging productivity hotspots.

e Validating the findings with in-situ data as well as published reports from other sources.

e Offering insights into algal blooms at locations and times with in-situ data gaps (for instance,
during COVID-caused shutdowns), and suggesting monitoring strategies informed by the

identified seasonal trends and hotspots.

1.3 Research Contributions and Impacts

Each of the core chapters (i.e., 3 and 4) of this thesis makes 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, underscores the importance of the
Chl-q retrieval indexes using various sensors and highlights the 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, the employment of four satellite platforms, and the
application of eleven atmospheric corrections alongside 27 retrieval indexes, sets this chapter apart
from similar studies in terms of scope and extent. Furthermore, the comprehensiveness of matchup
data, in terms of counts and range, primarily within the oligo-mesotrophic 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 used, with 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 Chl-a concentration, based on each study's data range and satellite platform used.

Chapter 4 overcomes the limitations of conventional field surveys in algal growth monitoring by
utilizing Landsat 8 and 9 imagery to reveal the spatial-temporal dynamics of algal blooms from 2013
to 2023. The insights gained from this chapter not only deepen the understanding of algal dynamics in
the region through satellite-derived maps and indicators but also enable the efficient allocation of
monitoring resources, such as timing lake sampling to coincide with bloom periods or increasing
sampling frequency in Chl-a hotspots. The outcomes of this chapter are anticipated to benefit
environmental agencies in decision-making regarding monitoring programs and the mitigation of algal

blooms in WLO and HH.

1.4 Thesis Outline

This thesis comprises five chapters, structured to systematically address the analysis of Chl-a retrieval
methods and their application to map Chl-a concentration time-series in WLO and HH. 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, covering water
colour remote sensing, the importance of atmospheric correction, and semi-empirical retrieval of Chl-
a concentration, culminating with a summary. Chapters 3 and 4, presented in manuscript format,
explore diverse aspects of remote sensing: Chapter 3 compares semi-empirical retrieval schemes for
Chl-a concentration, and Chapter 4 conducts a time-series analysis of RS-derived Chl-a concentration
using Landsat 8 and 9 imagery. Chapter 3 and 4 follow a consistent structure of: Introduction, Materials
and Methods, Results, Discussion, and Conclusion. Chapter 5 concludes with a summary of key
findings, remaining research challenges, potential applications, and recommendations for future
research. Supplementary to the main text, the thesis includes references, a glossary defining technical

terms and jargon, and two appendices providing additional materials for Chapters 3, and 4, 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 systems (Sagan 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 world (Dornhdfer & Oppelt, 2016). However, they face
significant threats from anthropogenic activities and climate change, leading to degradation through
contamination with pollutants like heavy metals, nutrients, and microorganisms (Dornhofer & Oppelt,
2016). Traditional monitoring methods, primarily field-based, have been the mainstay but are often
hampered by their labour-intensive nature, high costs, and inability to effectively capture the temporal
and spatial variability of water quality phenomena (Dube et al., 2023). Over the past few decades,
satellite remote sensing technologies have emerged as vital, complementary tools to these traditional
methods, offering a means to retrieve and analyze water quality proxies over vast spatial and temporal
scales (Tavora et al., 2023). By measuring the water-leaving radiance in the visible to near-infrared
spectrum, remote sensing can infer properties related to water clarity, biota, and hydrology, thus
providing essential information for understanding the dynamics of various water quality indicators,

such as Chl-q, and other optically active constituents (OACs) (Dérnhéfer & Oppelt, 2016).

Remote sensing operates on the principle of analyzing the radiation that is either reflected off the
surface of water bodies or emitted (thermal) by them. This process involves the consideration of spatial,
temporal, spectral and radiometric resolutions of the sensors used. Spatial 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 resolutions in unmanned aerial vehicle (UAV)-mounted
sensors, for example. Temporal resolution indicates the frequency with which a sensor captures images
of the same area, varying from once a day to once every few weeks, depending on the orbiting platform.
Spectral resolution 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's surface. Last,
but not least, radiometric resolution is the sensitivity of a sensor to detect subtle differences in the
intensity of electromagnetic energy, enabling it to distinguish between different levels (shades) of

brightness (in a certain wavelength).



The evolution of high-spatial-resolution (< 100 m) remote sensing over the last 50 years, particularly
through the Landsat series of satellites, has enhanced the ability to study and monitor the water quality
of coastal and inland waters (Tavora 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, including Landsat 8 and 9 and
Sentinel-2, alongside in-situ measurements, has facilitated the development of models for estimating
Chl-a concentration and other indicators at regional to global scales, underscoring the importance of

remote sensing in proactive water quality monitoring.

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 properties and constituents (see Figure 2.1). The essence of water colour remote
sensing lies in deciphering the intricate relationship between the concentration of water constituents
and the scattering signals — known as water-leaving radiance — captured by these sensors (H. Yang et
al., 2022). For OACs, such as Chl-a, Total Suspended Solids (TSS), and coloured dissolved organic
matter (CDOM) (see Figure 2.2), models can be established based on the relationship between inherent

optical properties (IOPs) 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 water surface or penetrate the water, where it is then either absorbed or scattered by various OACs,
including phytoplankton, non-algal particles, and CDOM (Dérnhéfer & Oppelt, 2016). The fate of
absorbed light and its scattering direction — whether forward or backward — determines the radiance
that is eventually detected by sensors. In the context of aquatic remote sensing, the focus is on the
remote sensing reflectance (Rgs), a critical metric in water colour remote sensing that is defined by the

ratio of backscattering to the total absorption and backscattering of light as in:

N A N ¢
Res(2,07) = Ca(/l)+bb(/1) ) 2.1

where a is absorption by OACs, b, is the backward scattering, L, is the water leaving radiance, E,

is downwelling irradiance and Ry 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 at the top-of-atmosphere (TOA) by satellite
sensors is a composite signal, comprising radiance emanating from within the water, radiance
interacting with the water surface, and radiance scattered by atmospheric gases and aerosols all

effectively summarizes in equation 2.2 (Tavora et al., 2023):
Ly = Lg + [Lg + Lagl + L7 + LTgy + LA + LiPA (2.2)

where each component of the total radiance at TOA (L,) represents different sources of scattering and
absorption, from molecular (Lgz) and aerosol (L, and L,g) scattering in the atmosphere to specific
contributions from sunglint (L7°4), surface-reflected background sky (L% ), whitecaps and foam (L{2*),
and the critical water-leaving radiance (L}%4) all measured in the unit of radiance W m sr! nm™!. The
significance of atmospheric correction becomes evident when considering that 90% of the signal
captured by remote sensors is directly affected by the atmosphere, leaving only a small fraction (10%)
as the water-leaving radiance of interest for remote sensing analyses (Ddrnhofer et al., 2018; Tavora et

al., 2023). This overwhelming influence of atmospheric necessitates the accurate removal of these

contributions to isolate the pure signal emanating from water bodies.

The complexity of atmospheric correction is compounded by the diverse optical properties of
atmospheric particles and gases, which require sophisticated algorithms to correctly remove their
effects from the satellite-detected signal. Different water bodies, classified as case one (primarily
phytoplankton) and case two (varied concentrations of optically active substances), demand distinct
approaches to atmospheric correction due to their unique absorption and scattering characteristics.
Traditional atmospheric correction algorithms may over- or under-correct the signal in case two waters,
highlighting the need for specialized processors tailored to the specific conditions of each water body.
The development and application of various aquatic atmospheric correction processors, such as
ACOLITE, POLYMER, and C2RCC, reflect the ongoing efforts to refine this process, offering more
reliable methods to derive water-leaving reflectance and, subsequently, water quality parameters from

satellite imagery.

The success of atmospheric correction is crucial not only for the accurate retrieval of water-leaving
radiance but also for the subsequent derivation of water quality products. Given the large atmospheric
contribution to the measured TOA radiance, the choice of atmospheric correction processor and the

algorithms used to derive products from above-water reflectance can significantly impact the estimates



of these water quality parameters. As showcased in Figure 2.3, the selection of atmospheric correction

can tremendously affect the derived R especially in the blue to green range.
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Figure 2.3. Comparing the performance of various atmospheric correction methods for deriving Rgs from a

Sentinel-2 image, adopted from Tavora et al. (2023), reused under the CC BY 4.0 license.

2.4 Semi-Empirical Retrieval of Chl-a Concentration in Water

The retrieval of Chl-a concentration from aquatic environments using remote sensing technologies has
evolved through the application of various bio-optical models, which can be broadly categorized as
empirical, semi-empirical, semi-analytical, quasi-analytical, and analytical (D. 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 light interactions within water bodies (Dornhofer & Oppelt, 2016; Gholizadeh et al.,
2016; D. R. Mishra et al., 2017). Empirical models establish a direct statistical relationship between in-
situ measurements of Chl-a and remotely sensed reflectance, typically requiring extensive site-specific
calibration. In contrast, semi-analytical and quasi-analytical models derive from the inversion of
radiative transfer equations, attempting to directly link apparent optical properties (AOPs) like

reflectance, with IOPs of water constituents (D. R. Mishra et al., 2017).

Unlike purely empirical models that rely on statistical relationships without physical grounding, semi-
empirical models integrate physical principles with empirical data, enabling more versatile applications

across different water types and conditions (D. R. Mishra et al., 2017). Semi-empirical models,



particularly relevant for Chl-a retrieval, capitalize on specific spectral features of water constituents
that influence light absorption and scattering. The successful application of semi-empirical models for
Chl-a retrieval is underscored by their ability to interpret the spectral signatures of waters with varying
Chl-a concentration. For instance, waters with high Chl-a concentration exhibit distinct spectral
characteristics, such as local extrema at 550 nm and 685 nm, reflecting the direct influence of pigments
on the light absorption and scattering. Yet, the bands of 685 to 550 nm are not the sole bands for
estimating Chl-a concentration; there exist numerous numerical retrieval indexes based on a variety of
bands, that are tailored for this purpose (H. Yang et al., 2022). For example, a commonly used index in
the analysis of VIIRS images is the ratio of 550 to 480 nm. As illustrated schematically in Figure 2.4,
the remote sensing reflectance for different concentrations of Chl-a demonstrates how the ratio of 550
to 480 nm can be instrumental in estimating Chl-a concentration effectively. This method, refined
through validations against in-situ measurements, exemplifies the practical utility, simplicity and most
importantly reproducibility of semi-empirical models in translating spectral data into meaningful

estimations of water quality parameters.
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Figure 2.4. Schematic representation of remote sensing reflectance across different concentrations of Chl-a,
highlighting the utility of the 550 nm to 480 nm ratio for Chl-a estimation in VIIRS images, adopted from
Mehta & Flores (2018) with reuse permission.

2.5 Summary

Chapter 2 serves as the foundation for this thesis by reviewing the principles and methodologies used
for the remote sensing of Chl-a concentration in oligo-mesotrophic waters of Western Lake Ontario

and Hamilton Harbour. The chapter underlines the importance of assessing and monitoring water



quality, then delves into the nuances of remote sensing, detailing the critical resolutions — spatial,
temporal, spectral, and radiometric — that enable the accurate capture and analysis of water quality
parameters over extensive areas and periods. This discussion sets the stage for a deeper exploration of
water colour remote sensing and the significance of atmospheric correction and outlines the
underpinnings and the diverse modeling approaches — ranging from empirical to semi-empirical and
analytical methodologies — employed in the retrieval of Chl-a with an emphasis on semi-empirical

models that are being used in the subsequent two chapters.
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Chapter 3
Comparative Evaluation of Semi-Empirical Approaches for
Satellite-Derived Chlorophyll-a Concentration Retrieval in the

Nearshore and Offshore Waters of a Large Lake (Lake Ontario)

3.1 Introduction

Eutrophication of freshwater bodies is a global environmental concern. It is driven primarily by nutrient
enrichment, most often accelerated by anthropogenic activities such as agricultural fertilizer
application, wastewater discharge, and urbanization (Mamun 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 habitats (Li et al., 2021). In extreme cases, harmful algal blooms (HABs)
occur through the rapid proliferation of algae, in particular cyanobacteria (Sagan et al., 2020). The
occurrence of HABs is influenced by a complex interplay of biogeochemical and physical factors,
including nutrient availability (mainly phosphorous and nitrogen), water temperature, and

hydrodynamics (Adams 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 outlet (Markovic et
al., 2019). The major drivers of eutrophication in these areas are excess nutrient runoff associated with
rapid urbanization of the Greater Toronto Area (Higgins et al., 2012) and surrounding agricultural and
industrial activities (Hui et al., 2021). Other contributing factors include nutrient-rich inflow from Lake
Erie via the connecting Niagara River (Malkin et al., 2010), changes in water temperature and
circulation patterns (Blagrave et al., 2022), and ecological disturbances such as the invasion by nuisance
mussels (Blagrave et al., 2022). Given these rapidly changing dynamics, continued water quality

monitoring of the nearshore and offshore waters of Western Lake Ontario (WLO) remains essential.

Traditional field-based water quality monitoring methods have played an integral role in tracking and
assessing trophic changes in large lakes over 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) techniques have emerged
as a valuable complimentary tool, enhancing traditional water quality monitoring with their ability to
provide large-scale, frequent, and cost-effective observations of water bodies (Gholizadeh et al., 2016).
Multispectral satellites like Landsat 5, 7, 8, and Sentinel-2 are now extensively used for lake

eutrophication monitoring at a global scale (Beck et al., 2016). In RS research, Chlorophyll-a (Chl-a)
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concentration, as the key photosynthetic pigment, is most commonly used to map algal abundance in
surface waters and monitoring eutrophication trends (Maeda et al., 2019; Pirasteh et al., 2020). The
accuracy of Chl-a estimations highly depends on the applied atmospheric correction and the selection
of appropriate retrieval algorithms (Grendaité & Stonevicius, 2022). By carefully addressing these

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

The estimation of Chl-a concentration using multispectral satellite data has been growing in recent
years (H. Yang et al., 2022). This trend is notably tied to the launch of the Sentinel-2 satellite
constellation in 2015, which added a red-edge 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 with the anticipated launch of
NASA's 10-m super-spectral Landsat Next in 2030, which promises even finer spectral resolution,
likely improving water colour remote sensing. A limited number of recent studies in the 10- to 30-meter
resolution range have compared the performance of different atmospheric corrections and Chl-a
concentration retrieval indexes (Table 3.1). Not surprisingly, these studies show that models to retrieve
Chl-a concentration from satellite data tend to perform best for the data range and the region they were

trained on.

Our work builds on the previous studies in Table 3.1 by including expanded ranges of Chl-a retrieval
indexes, atmospheric correction processors, satellites, and in-situ data. Specifically, we evaluate the
performance of 27 of the most used Chl-a concentration retrieval indexes applied to 11 types of Level-
2 products from four distinct sensors, paired to 600 near-synchronous, co-located in-situ matchups in
the western basin of Lake Ontario. We focus on Lake Ontario because, unlike 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 10- and 30-meter resolution satellite imagery applied to the western

part of the lake.

The Chl-a data are categorized according to seasonality, location, and Trophic State Index (TSI). Each
data category is then calibrated for a given sensor using the in-situ matchup data. The results form the
basis of a comparative analysis of the sensors' performances and the effectiveness of the Chl-a
concentration estimation 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 in general.
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Table 3.1. Summary of recently published studies comparing atmospheric corrections and Chl-a retrieval

indexes
Number of Water-Truthing” Imagery Matchups T !
Study Chl-a Number of Radiometric Comparable™ Number Coilelll‘l)ao:aof
Reference Retrieval Chl-a Data Matchup P " Atmospheric Corrections &
. R, Sensors of Scenes Matchups
Indexes Points Availability
(Pahlevan et al ACOLITE, GRS,
2;2 0 ” 5 123 v OLI, MSI N/A MEETC2, Polymer, N/A
SeaDAS, iCOR
(Abdelal et al., DOS, ATCOR, DSF, EXP,
2022) 8 50 v OLI, MSI 3 LSSR 2019
(Warren et al., ACOLITE, C2RCC, iCOR, B
2019) 2 N/A v MSI 60 12gen, Polymer, Sen2Cor 2016 -2017
(Boucher et al.,
1 LI 11 D 2013 - 201
2018) 6 35 X (6) 0S 013 -2015
(Soria-Perpinya 9 146 v MSI 44 C2RCC, C2X, C2XC, and 2017 — 2021
et al., 2022) Polymer
(Tavares et al., ACOLITE, C2RCC, GRS,
2021) 6 o7 v MSI NA iCOR, SeaDAS, Sen2Cor 20172019
(Saberioon et
19 ~40 MSI 10 ACOLITE 2017 —-2018
al., 2020) X
(Tian et al., SeaDAS, ACOLITE,
2022) 4 139 v OLI 61 C2RCC, iCOR 2019 - 2021
(Nazeer & 17 120 X TM, ETM+ 27 6S 2000 — 2012
Nichol, 2016) ’
(Buma & Lee, 4 40 X OLI, MSI 3 FLAASH, QUAC 2015
2020)
(Soriano-
Gonzalez et al., 7 27 X MSI 13 ACOLITE 2016 - 2018
2019)
(Barreneche et SeaDAS, POLYMER,
al,, 2023) 17 214 X OLI, MSI 92 ACOLITE 2004 — 2020
D h et al.
( eu;;l 8? a 3 108 X ETM-, OLI 16 LEDAPS, L8SR 2013 2015
(Ansper & ACOLITE, C2RCC,
Alikas, 2019) 28 12 v MSI NA POLYMER, Sen2Cor 2015 -2017
(Ha et al.,
MSI 2 ELM 2016 — 201
2017) 9 30 v S 016 —2017
(Rodriguez-
TM, ETM+, 2001 —2003
Lopez et al., 11 39 X ? ’ 14 DOS
OLI 2017 —-2019
2020)
(Ogashawara et ACOLITE, C2RCC, C2X,
al., 2021) 5 2 v MSI ! iCOR, MAIN, Sen2Cor 2019
(Soomets et al.,
21 41 MSI 41 2R 2X 201
2020) v S C2RCC, C 018
(Grendaité & ACOLITE, iCOR,
Stonevicius, 10 30 v MSI 7 Sen2Cor, C2RCC, C2X, 2018 — 2019
2022) POLYMER
LEDAPS, LaSRC,
TM, ETM- Sen2Cor, ACOLITE,
Current Study 27 600 X OLL MSI 236 ATCOR, C2RCC, DOS 1, 2000 — 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 excluded from the table.

Abbreviations in alphabetical order: 6S: Second Simulation of the Satellite Signal in the Solar Spectrum, ACOLITE: Atmospheric Correction for OLI Lite,

ATCOR: Atmospheric and Topographic Correction, C2RCC: Case 2 Regional CoastColour, C2X: Case 2 eXtreme, C2X-COMPLEX, DOS: Dark Object

Subtraction, DSF: Dark Spectrum Fitting, ELM: Empirical Line Method, ETM+: Enhanced Thematic Mapper Plus, FLAASH: Fast Line-of-sight Atmospheric
Analysis of Hypercubes, GRS: Glint Remove Sentinel, LaSRC: Landsat Surface Reflectance Code, L§SR: Landsat 8 OLI Surface Reflectance, LEDAPS: Landsat

Ecosystem Disturbance Adaptive Processing System, MAIN: Modified Atmospheric Correction for Inland Waters, MSI: Multispectral Instrument, OLI:

Operational Land Imager, QUAC: Quick Atmospheric Correction, SeaDAS: SeaWiFS Data Analysis System, Sen2Cor: Sentinel-2 Atmospheric Correction, TM:

Thematic Mapper
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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 as the 13" largest lake in the

world (Huang et al., 2012). It has a drainage area of around 64,000 km?, a surface area of 19,000 km?,

and a total volume of 1,650 km?. The lake's mean depth is 87 m, and the maximum depth is 244 m. The

water residence time is approximately 6-8 years, and the lake's shoreline extends over 1,150 km. Our

study focused on the western basin of the lake, abbreviated WLO, which represents a critical water

resource for an estimated nine million people (Blagrave et al., 2022). WLO covers about one third of

the entire surface area of Lake Ontario (Figure 3.1). Also included in our study is Hamilton Harbour

(HH), a 20 km? embayment at the western tip of WLO connected to the lake via a shipping channel.
Since 1987, HH has been designated an Area of Concern (AOC) under the Canada-US Great Lakes

Water Quality Agreement. As a result, HH has a much higher density of water quality monitoring

stations compared to WLO as can be seen in Figure 3.1.
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Figure 3.1. Map of the study area showing in-situ measurement locations of matchup data. Diamond and square

markers represent Hamilton Harbour (HH) and Western Lake Ontario (WLO) measurements, respectively. Each

marker is colour-coded according to the respective trophic state.
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Historically, WLO has experienced water quality issues due to both urban and rural non-point sources
of nutrients and contaminants delivered to the lake via rivers and storm sewers (Munawar & 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 in the lake ranges on average
from 6 to 8 pg/L, while the Chl-a concentration varies between 0 and 17 pg/L, depending on the location
(Auer et al., 2021; Dove & Chapra, 2015). As expected, HH exhibits significantly higher TP and Chl-
a concentration, with the latter often exceeding 10 pg/L, that is the threshold value commonly used to

define an algal bloom (Binding et al., 2021).

The primary drivers of eutrophication in WLO and HH include rapid urbanization, ecosystem and
climate change (Higgins et al., 2012; E. Howell, 2018; Hui et al., 2021), while invasive dreissenid
mussels transform phosphorus into more readily bioavailable forms that promote algae growth (Higgins
etal., 2012; E. Howell, 2018; Mohamed et al., 2019). The onset, duration, and intensity of algal growth
are further influenced by environmental factors such as temperature, sunlight, and wind mixing (Adams
et al., 2022; Binding et al., 2021). The 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 recreational activities in addition to value drop of lakefront properties (Li et al., 2021).

3.2.2 In-Situ Chl-a Concentration Data

In-situ matching data on Chl-a concentration were extracted from the three databases identified in Table
3.2. These databases have varying data availability periods and Chl-a concentration measurement
methods (Table 3.2). The datasets were filtered based on two criteria: (i) a maximum time window of
+ 4 days between the in-situ measurements and satellite image acquisition dates, and (ii) a sampling
water depth ranging from near-surface to a maximum of 1 m. A small portion of the datasets contained
pheophytin-corrected records; consequently, the matchup analysis was conducted based on uncorrected
Chl-a concentrations. In cases where uncorrected Chl-a concentration measurements were unavailable,
pheophytin-corrected Chl-a data were 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). We used Carlson's TSI, which considers concentrations higher
than 7.3 pg/L as characteristic of eutrophic to hypereutrophic waters and lower values as characteristic
of oligotrophic to mesotrophic waters (Carlson, 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 Chl-a concentration across all matchups was 10.5 pg/L, with a standard deviation of 11.3
pg/L. See Table A1.2 in the supplementary materials (Appendix I) for further details on the in-situ Chl-
a matchup data. A time-series plot of the in-situ data is also presented in Figure Al.l1 of the

supplementary materials colour-coded with their corresponding satellite matchups.

Table 3.2. Overview of in-situ data sources used in this study. ECCC = Environment 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
S O izati Chl-a Extraction Method
ouree reanization Availability @ bxtraction Yietho Data (%) Study Site (%)
Hamilton Harbour Water Quality ECCC 1987 — 2019 (National LaboraFory for 68% 50, 08%
Data Environmental Testing, 2021)
t Lakes Nearst - Wat
Gireat Lakes Nearshore - Water MECP 2000 - 2017 (MECP, 2015, 2016) 15% 43% 2%
Chemistry
Great Lakes Water Quality
Monitoring and Surveillance ECCC 2000 — Present (Strickland & Parsons, 1972) 17% 52% 0%
Data
100% 100% 100%

In this chapter, in-situ Chl-a data were categorized into four categories (Figure 3.2): 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)' subcategories, and the 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 the accuracy of satellite-derived Chl-a concentration estimations.
For instance, a chi-squared test from in-situ measurements revealed a significant association between
location, and the TSI categories (x? = 235, p =< 0.001, V = 0.63), which reflects the typically more

eutrophic conditions encountered in HH than WLO.
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Figure 3.2. Boxplots of in-situ data, categorized by location, seasonality, and Carlson's Trophic State Index

(TSI).

3.2.3 Remote Sensing Data

Landsat 5, 7, 8, and Sentinel-2 all capture multispectral images (Yan et al., 2022). Landsat 5, launched
in 1984, provided data in seven spectral bands at a 30-meter resolution. Landsat 7, launched in 1999,
introduced an additional 15-meter panchromatic band (Yin et al., 2023). Landsat 8, launched in 2013,
enhanced the radiometric resolution and introduced nine spectral bands, including an ultra-blue and a
cirrus band (O’Reilly & Werdell, 2019). The Sentinel-2 A/B constellation, launched in mid-2015,
carries the multi-spectral instrument (MSI) with 13 spectral bands and variable spatial resolution from
10 to 60 meters (Warren et al.,, 2019). The differing spatial, spectral, radiometric and temporal
resolutions of these satellites impact their capacity to estimate Chl-a concentration in water bodies
(Beck et al., 2016; Lisboa et al., 2020). The literature suggests that the inclusion of an ultra-blue band
at approximately 440 nm and the improved signal-to-noise ratio (SNR) of Landsat 8 and Sentinel-2
yields more accurate Chl-a concentration estimates compared to the previous generation satellites
(Concha & Schott, 2016; Philipson et al., 2016). Table 3.3 summarizes the key features of each of the

satellites mentioned 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 scenes; Landsat 8: 49 scenes; and Sentinel-2: 19 scenes. Each scene

contained at least one high-quality pixel coinciding with an in-situ measurement location. Most of the
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downloaded RS scenes were acquired within + 1 day of the in-situ sampling dates and at most within
+ 4 days. Such close temporal matching is important given the rapidly changing algal patterns often

observed in lakes (Adams et al., 2022).

Table 3.3. Overview of Landsat 5, 7, 8, and Sentinel-2.

Landsat 5 Landsat 7 Landsat 8 and 9 Sentinel-2 A/B
OLI and TIRS
™ ETM+ MSI
Sensor (OLI-2 and TIRS-2 for Landsat 9) S
Operating Dates 1984 — 2013 1999 — Present 2013 — Present 2015 — Present
No. of Bands 7 8 11 (9 OLL 2 TIRS) 13
Spatial Res. (m) 30 (15 for 30 (15 for panchromatic 30 (15 for panchromatic band, 100 10 (4 bands), 20 (6 bands), 60
panchromatic band) band) for TIRS) (3 bands)
. ~5 (Sentinel-2 A and B
Temporal Res. (days) 16 16 8 (Landsat 8 and 9 combined) combined)
Radiometric Res. (bit) 8 8 12 (14 for Landsat 9) 12

430 -2,300 (OLI)

Spectral Range (nm) 450 -2,350 450 - 2,350 10,600 — 12,500 (TIRS) 443 — 2,190
3 430 — 450 433 - 453
_ uB ) ) (443) (443)
@, R 450 — 520 450 — 520 450 515 457523
2 B (485) (483) (482) (490)
§ N 520 — 600 520 — 600 525600 542578
= G (560) (560) (561) (560)
% 3 630 — 690 630 — 690 630 — 630 650 — 630
° R (660) (661) (655) (665)
g , ] ] ] 697713
£ REL (705)
g 732748
2 Arsz ’ ’ ’ (740)
g R ] i ] 773 -793
-% RE3 (783)
% 2 760 — 900 760 — 900 ] 784 — 900
= NIRL (830) (835) (842)
© . 845 — 885 935 - 955
NIR2 ) ) (865) (865)

Abbreviations in alphabetical order: G: Green, B: Blue, NIR: Near-Infrared, R: Red, RE: Red-Edge, TIRS: Thermal Infrared Sensor, UB:
Ultra-Blue

3.2.4 Atmospheric Correction Processors

Atmospheric correction is a crucial step to accurately retrieve Chl-a concentration from satellite data
because at-sensor radiance is affected by atmospheric gaseous molecules and aerosols, especially at
shorter wavelengths (Tavares et al., 2021; Z. Wang et al., 2019), as well as by other factors such as
air-water interface, wind, and sunglint (Pahlevan et al., 2020a; Pereira-Sandoval et al., 2019). While
some atmospheric correction processors considered here can correct sunglint-related effects to a degree,

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-1 and Level-2 (LEDAPS-corrected) products are publicly available, and the Level-1
imagery is also compatible with the ACOLITE, ATCOR, DOS1, FLAASH, and QUAC processors. In
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the case of Landsat 8, Level-1 and Level-2 (LaSRC-corrected) are publicly available through the
EarthExplorer data hub, and the satellite is compatible with all the above-mentioned processors plus
C2RCC and iCOR. Finally, Sentinel-2, through the Copernicus data hub, freely offers Level-1 and
Level-2 (Sen2Cor-corrected) products, also compatible with the ACOLITE, C2RCC, DOSI, iCOR,
and Polymer processors. Although atmospherically corrected Sentinel-2 products (MSIL2A) are
available for download, their global coverage only commenced in late 2018. Hence, we applied the
Sen2Cor processors independently on Sentinel-2 Level-1 images using the ESA SNAP software. Table
A1.3 in the supplementary materials summarizes the atmospheric correction methods utilized in this

study.

3.2.5 Chl-a Retrieval Indexes

The Chl-a retrieval methods for satellite imagery broadly fall into four groups: empirical, semi-
empirical, analytical, and semi-analytical (Pahlevan et al., 2020a; Tan et al., 2017). In this chapter, we
focus on semi-empirical methods, which strike a balance between simplicity, reproducibility and speed
as well as analytical accuracy (Ddérnhofer & Oppelt, 2016; Pirasteh et al., 2020). Semi-empirical
algorithms 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, 2020). These approaches analyze the inherent optical properties (IOPs) of water
constituents by selecting the most suitable method and band combinations for retrieving water quality
parameters (Pirasteh et al., 2020; Yin et al., 2023). Semi-empirical models employ feature engineering,
describing each pixel of an optical RS image through a numerical feature vector. This vector is then fed
into a statistical or machine learning algorithm to develop a regression model for estimating water
quality parameters, such as the Chl-a concentration (Gholizadeh et al., 2016; Ilteralp et al., 2022). Semi-
empirical methods offer ease of implementation, reproducible results, and reasonable Chl-a
concentration estimation accuracy without overfitting risk (Tan et al., 2017). The choice of semi-
empirical methods is also dictated by the limited availability of in-situ matchup data for our study site

that semi-analytical approaches depend on (Ogashawara et al., 2021).

Upon conducting an extensive literature review, 27 commonly used semi-empirical Chl-a indexes were
selected. These indexes employ various band combinations to retrieve the Chl-a concentration from the
matching vector of pixel values. The applicability of these indexes varies across different satellite
platforms. Notably, Sentinel-2 and Landsat 8 demonstrate broader compatibility owing to their superior

spectral resolution, particularly in ultra-blue, red-edge, and narrow near-infrared bands. The selected
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indexes, together with the corresponding formulas (band math), names, references, and applicability,

are found in Table 3.4. 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 pixel values and in-situ Chl-a concentration.

Table 3.4. Chl-a retrieval indexes used in this study.

Index Also Known Supported
Code Band Math As Sensors Key References
UB
I 5 - OLI, MSI (Salem et al., 2017)
UB
I, — OLI, MSI . .
G OC3E (A. Gitelson et al., 1993; Kahru & Mitchell, 1998;
I B T™, ETM+, Morel & Prieur, 1977; O’Reilly et al., 1998)
3 G OLIL, MSI
I, @ TM, ETM+, MSI
NIRZ - (A. A. Gitelson et al., 2002)
I — OLI, MSI
" G
=]
B2 B T™, ETM+, . . .
% Ig 7 - OLL MSI (Hewson et al., 2001; Zarco-Tejada & Ustin, 2001)
fg I G TM, ETM+, (Guitelson et al., 1986; Lillesand et al., 1983; Yasuoka
& 7 R OLI, MSI & Miyazaki, 1982)
REL (Dekker & Peters, 1993; Dierberg & Carrlker, 1994;
Ig < - MSI Gons, 1999; Mittenzwey et al., 1992; Moses et al.,
2009)
«é RE? (A. A. Gitelson et al., 2009; A. A. Gitelson &
m Iy — - MSI Kondratyev, 1991; Koponen et al., 2007; Moses et al.,
N R
2009)
NIR1
Iio - TM, ETM+, MSI . . .
R (Birth & McVey, 1968; A. A. Gitelson & Yacobi,
NIR2 1995; Matthews, 2011; Moses et al., 2017
Im —_ OLI, MSI )
R
I G—-R NDGRI T™, ETM+, (Ahamed et al., 2011; Cheng et al., 2013; Feng & Hu,
12 G+R OLI, MSI 2016; Tucker, 1979)
RE1—R . . .
I3 _— NDCI MSI (S. Mishra & Mishra, 2012; S. P. Mishra & Jena, 2012)
§ RE1+R
<l RE2 —R
R —c— = - MSI -
2 RE2 +R
N RE3 —-R
= I _— - MSI -
g RE3 +R
=]
NIR1 —R
“ Lig — TM, ETM+, MSI
NIR1 +R
NIRZ — R NDVI (Rouse et al., 1973, 1974)
I _— OLI, MSI
NIR2 +R
, s RO T, 30 Gt 5 K
18 C KIVU OLI, MSI gren, ; Mays - 5 Yy -
1992)
R + RE2 (Blaustein, 1992; Moses et al., 2009; Toming et al.,
Io RE1———— - MSI 2016)
<
a I RE1 — R +2RE3 - MSI (Kutser et al., 2016)
o
I 1 1 RE2 MSI (Dall’Olmo et al., 2003; Dall’Olmo & Gitelson, 2006;
21 [R T RE1 x Gordon et al., 1975; Moses et al., 2009)
1 1
[E - m] (A. A. Gitelson et al., 2008; Le et al., 2013; W. Yang et
Iy e - MSI

[z -

al., 2010)
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- }LUB

Ag
G—-UB - R
I3 (/IR - AUB)( CI OLIL MSI (C. Hu et al., 2012; Neville & Gower, 1977)
—UB)
A — g TM, ETM+
—R-— - - ? ’ Nevill 19
5 o G—R (AB — AR)(B R) OLL MSI (Neville & Gower, 1977)
£ Are1 — A ‘ . ,
5 I RE1—R — (ﬁ)(REZ MCI or MSI (A. Gitelson et al., 1994; J. Gower et al., 2005; J. F. R.
= 25 Rez =R R SLH R. Gower et al., 1999; Neville & Gower, 1977)
RE1—-R
L Are1 — AR )(NIR2 = R) MPH MSI (Matthews et al., 2012; Neville & Gower, 1977)
Anirz — Ar
< NIR2 — R i ; iani et al. ; Floricioi .
3 Iy SABI OLL MSI (Alawadi, 2010; Candiani et al., 2005; Floricioiu et al.,
g B+G 2005)

Abbreviations in alphabetical order: 2BDA: 2-Band Algorithm, 3BDA: 3-Band Algorithm, 4BDA: 4-Band Algorithm, FLH: Fluorescence Line Height, MCI:
Maximum Chlorophyll Index, MPH: Maximum Peak Height, NDCI: Normalized Difference Chlorophyll Index, NDGRI: Normalized 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 Pearson's r and Spearman's p coefficients. The former was calculated

as:

— Y[(U-D)(log (chlameas)—log (chlameas))] (3 1)

VE[I-D?]xX[(log (chlameas)—10g (chlameas))?]

where I is the spectral index (i.e., the independent variable or predictor) and chla,,.,s is the measured
in-situ Chl-a concentration (i.e., the dependent variable or response). Spearman's p coefficient was
given by:

_ 6Yd?
p=1-"03 (3.2)

where d is the difference between a pair of ranks and n is the number of data. For both correlation
coefficients, the values range from -1 to 1. Statistically, a significant correlation exists when the

absolute values of r and p fall within the range 0.5 to 1.

Regression analysis is often used in to assess the performance of semi-empirical RS-derived models
against the water-truth parameters. Here, we employed the following metrics to assess the models’

predictive capability (Barreneche et al., 2023; Cao et al., 2020; Pahlevan et al., 2020a):

RMSLE = |2 £{1108(chlapeqs) ~ 108(chlama) 1) (3.3)

RMSE (ng/1) = [>Z{(hlanees — chlamoa)?] (3.4)
1 chlameas

Bias = 107218 Cehtapoq P (3.5)
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]

chlameas)

MAE = 105 Ze(Gies

(3.6)
_ l chlameas—Cchlamod
MAPE (%) = 100 x -3 [~ eae—rtmed (3.7)
MDAPE (%) = 100 X (3.8)
where 7 is the median of /<4emedD=chlmeas Ol ypore j = 1 n
chlameqs((i))
£ (%) = 100 x (10¥ — 1) (3.9)
: : chlameas
where Y is the median of |log (m)
B (%) =100 x (10%Z — 1) X sing(2) (3.10)
: : chlameas
where Z is the median of [log (m)]
R2=1-— Y{[log(chlameqs)—log(chlamoq)]?} (311)

Z{[lOg(Chlameas)_IOg(Chlameas)]2}

where the Y, signs above denote summation over i =1, ..., n. Generally, 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 R? imply better goodness of
fit. Bias values near one indicate little bias, while values above and below one indicate average under-
and over-prediction, respectively. Mean absolute percentage error (MAPE) and median absolute
percentage error (MDAPE) measure the percentage error, with 0% implying perfect prediction.
Similarly, the metrics € and g 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 comprehensive model performance assessment. Note that, for some of the
metrics a base-10 logarithmic transformation was used to enhance data normality and reliability
(Pahlevan et al., 2020a). The overview of data and key steps of the methodology are summarized in

Figure 3.3.
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Figure 3.3. Flowchart of this study’s methodology
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3.2.7 Scheme Selection

In order to perform the regression analysis and develop an RS-derived Chl-a (Chlags) model 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 for the Chlagg model were first identified.
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 arose when the top primary features showed nearly equal
scores. Under these circumstances, correlation metrics were factored into the decision-making, as detailed

in the next section.

3.3 Results

3.3.1 Feature Importance Scoring by RF

Feature importance analysis by RF ranks the significance of input variables in predicting the target output
through a tree-based learning mechanism. In this chapter, RF was used to quantify the importance of the
different combinations of retrieval indexes and atmospheric correction methods (i.e., the schemes) for the
different data sources and categories (i.e., the different scenarios). The results, shown in Figure 3.4, 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 other scenarios multiple schemes
were of comparable importance. Among the atmospheric correction processors, QUAC and FLAASH
tended to dominate for Landsat 5 and 8, Level-2 (LEDAPS) for Landsat 7, DOS1, C2RCC, and ACOLITE
for Sentinel-2. Generally, FLAASH, DOS1, Level-2, and QUAC products performed best. Out of the 28
scenarios, Level-1 (uncorrected data) only emerged as the top product in 3 scenarios, hence, underscoring
the critical importance of atmospheric correction prior to processing satellite data. Interestingly, iCOR and
Polymer were never among the top processors, although they showed relatively high importance in several
scenarios. In terms of the Chl-a indexes, I3, 14, and I;s were favoured by Landsat 5 and 7, 11, I3, Is, and I»4
by Landsat 8, and I3 and I;s by Sentinel-2. Overall, I; emerged as the preferred index for Chl-a concentration

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

Correlation analysis was applied to examine relationships between in-situ Chl-a concentration and the
corresponding spectral indexes derived from atmospherically corrected matchup pixels (Mortula et al.,
2020; Soria-Perpinya et al., 2021). Figure 3.5 presents the resulting correlation coefficients for the retrieval
indexes. A heatmap of only R? values from the correlation analysis is also provided in Figure A1.2 of the
supplementary materials. These figures reveal that some indexes, such as I»7, exhibited an overall negative
correlation, that is, an increase in the index value corresponds to a decrease in Chl-a concentration.
Conversely, indexes such as for example I, exhibited a positive correlation for most scenarios, indicating
a direct relationship between the index value and the Chl-a concentration. However, the majority of
correlation metrics were in the range 0.5, indicating statistically insignificant correlation. Furthermore,
the results indicated that, regardless of the data category, both Sentinel-2 and Landsat 8 constantly had
superior correlations compared to the other 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, the optimal scheme (i.e., combination of
atmospheric correction processor and Chl-a retrieval index) for each scenario was selected. Next, a linear
regression was fitted between the scheme-derived and matchup Chl-a concentration to generate a predictive
equation for Chl-a. The predicted versus matchup (measured) Chl-a concentration are plotted in Figure 3.6.
Details on the performance metrics, as well as the regression equations are presented in Table A1.4 of the
supplementary materials. The plots in Figure 3.6 are colour-coded by satellite (Landsat 5, 7, 8, and Sentinel-
2, left to right) and identify the four in-situ data categories defined in section 3.2.2: 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, RMSE, and R? are also

shown on the plots.
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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 zero slopes, indicating ineffective predictive power. The best
performance for Landsat 5 occurred in the SS category, with a slope and R? of 0.38, indicating over- and
under-prediction at low and high concentrations, respectively. The Landsat 7 models generally yielded low
slopes, except for the WLO location subcategory model (slope: 0.40, R%: 0.38, RMSE: 1.5 pg/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 0.43, RMSE of 1.4 pg/L, and R? 0of 0.39. Sentinel-2 models generally
outperformed those for the other satellites, with slopes from 0.14 to 0.54, RMSE from 1.2 to 7.0 pug/L, and
R? from 0.16 to 0.52. We attribute this to Sentinel-2's superior spatial, spectral, and radiometric resolution.
Most models for Sentinel-2 were atmospherically corrected using ACOLITE or DOS1. For the subcategory
OM, Sentinel-2 exhibited the best performance (slope: 0.52, RMSE: 1.2 ug/L, R* 0.52) and, hence,
provided the best option for the lower Chl-a 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, Sentinel-2 and Landsat 8 demonstrate superior performance, with
RMSLE values ranging from 0.18 (Mrg.wLo and Mis.om) to 0.49 (Mrg.an) for Landsat 8, and 0.15 (Ms2-En)
to 0.38 (Msz-an) for Sentinel-2. The average RMSLE for all seven scenarios is 0.34 for Landsat 8 and 0.27
for Sentinel-2, suggesting a slightly better performance for the latter. In contrast, Landsat 5 and 7 have
RMSLE ranges of 0.21-0.41 and 0.18-0.52, respectively. The other performance metrics similarly imply
the superior performance of Sentinel-2, followed by Landsat 8. For example, Sentinel-2, Landsat 8, 7, and
5 have R? ranges of 0.16-0.52, 0.08-0.39, 0.04-0.38, and 0.01-0.38, respectively. The comparable
performance 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
Sentinel-2 models were trained with less data than those for other satellites, mainly due to its more recent
launch in mid-2015 and limited correspondence with in-situ measurements during the years of COVID-19

restrictions.

Among the four satellites, the Chl-a concentration predicted by the Landsat 7 models tend to exhibit the
lowest slopes relative to the in-situ concentrations, averaging 0.14 across all seven data categories (Figure

3.6). The average slope is slightly better for Landsat 5 (0.19) and Landsat 8 (0.22), but distinctly superior
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for Sentinel-2 (0.40). In principle, a perfect match between satellite-derived and in-situ measured Chl-a
should yield a 1:1 slope. Given this, models such as My7.a1, Mr7.u, Mi7.ss, as well as Mps.un and Mys.ss,
with slopes less than 0.04 can be considered entirely ineffective. However, even for the better performing
Sentinel-2 models, the slopes are less than the theoretical 1:1 slope. This means that above and below a
threshold value a given model under- and over-predicts the Chl-a concentration, respectively. For the HH
plus EH categories this threshold is approximately 12.0 pg/L, while for the WLO plus OM categories it is
about 1.2 pg/L. One factor contributing to the less than 1:1 slope could be the different spatial scales of the
satellite versus in-situ Chl-a concentration. While the former average Chl-a concentration over entire pixels,
the in-situ measurements sample the small-scale heterogeneity in phytoplankton distributions in the lake’s
surface waters. The range of the in-situ Chl-a (point) measurements can thus be expected to exceed that of
the satellite-derived concentrations. On a model-predicted versus in-situ Chl-a concentration plot (Figure

3.6) this would translate in a slope of less than one.

3.4.2 Performance of Data Categories

Among the various categorization approaches, the 'All' category (no filtration) shows the poorest results,
with RMSLE values as high as 0.49 and R? values as low as 0.08. Categorizing according to seasonality
does not seem to be effective either, with the AW and SS categories exhibiting RMSLE values in the ranges
0.37-0.52 and 0.37-0.48, respectively. When in-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 from 0.31 to 0.44.

The most promising results were obtained when in-situ 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 is not entirely surprising, given that the higher Chl-a concentration 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 Processors

Among the final 28 top-performing models, only two were developed using Level-1 (i.e., without
atmospheric correction) imagery, underscoring the vital importance of atmospheric correction as a
preprocessing step. ACOLITE and LEDAPS feature prominently, with six and five top-performing models,
respectively. Three out of the six ACOLITE-corrected models apply to Sentinel-2 imagery. Among the five

30



LEDAPS-corrected models, four are associated with Landsat 7 and one with Landsat 5. Regarding
performance, the RMSLE 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 Sentinel-2 are
available, the simpler DOS1 seems to be preferred for correcting Sentinel-2 data. Only for Msy.uy is the
more advanced Polymer selected. Similarly, Landsat 8 models often perform better with simpler
atmospheric correction processors, such as QUAC for Mis.om, or even with uncorrected Level-1 as in the
case of Mrs.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 the other for Landsat 7, while none of the top-performing models use iCOR-

or Sen2Cor-corrected data.

3.4.4 Performance of Retrieval Indexes

The I; index (blue-to-green ratio) scores highest, appearing nine times in the top-performing models. This
corroborates literature reports of I3's efficacy (Soriano-Gonzalez et al., 2019). Of the nine instances, two
were for Sentinel-2 and Landsat 8 each, four for Landsat 7, and one for Landsat 5. The second most frequent
retrieval index among the 28 models is I3, with five appearances, three of which are for Sentinel-2 with
average RMSLE and R? values of 0.30 and 0.39, respectively. In third position, we find L4, with two
instances each for Landsat 8 and 7. The 14, Is, I7, and ;> indexes each appeared twice, while I, appeared
only once. Importantly, 18 of the 27 originally retained retrieval indexes from the literature are not included
within the top-performing models. Notably, simple 2-band ratios appear to perform better than more
complex 3-band ratios, while the sole 4-band index is not among the top performers. Overall, the most
favoured combinations were the atmospheric correction processors ACOLITE paired with the I5 retrieval

index.

3.4.5 Performance of Individual Bands

Out of the final 28 top-performing models, the green band is included in 25 models, and the blue band in
21. Both bands feature prominently in retrieval indexes, for example I3, Iis, and I24. While their performance
varies, they often yield promising results when paired with the red band, such as in Msz.an, Ms2.aw, and
Mso-en. The red band is utilized in 15 of the top-performing models and appears in various retrieval indexes,

including Ig, I7, and I;,. Despite the wide range of performance outcomes, the red band proves particularly
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effective in some models, for example Ms».ss. The near-infrared band, which is only used in L4, appears in
two models: one for Landsat 5 the other for Landsat 7. However, both models show unsatisfactory
performance (R? of 0.19). Another band that appears in just two models is the ultra-blue, featured in I; and
I, for Mrswro and Msy.un, with a better performance for Miswio (RMSLE of 0.18 and an R? of 0.39).
Contrary to expectations, the red-edge bands of Sentinel-2 do not appear in any of the retrieval indexes used
in top-performing models. The most sensitive bands for modeling low concentrations of Chl-a are red,
green and blue (RGB). Only at higher Chl-a concentration does a reflective peak in the red-edge become
more distinguishable. The low Chl-a concentration training data likely explains why the red-edge bands

were not used in the Sentinel-2 models: the highest Chl-a concentration for Sentinel-2 matchups is 17 pg/L.

3.4.6 Uncertainties

Several potential sources of uncertainty may impact the results presented. One significant source is the
influence of various OACs, such as suspended solids and coloured dissolved organic matter (CDOM),
which can directly affect water-leaving radiance and, therefore, can cause misestimations of Chl-a
concentration (Pirasteh et al., 2020). Spatial heterogeneity of in-situ Chl-a concentration could be another
source of uncertainty because small-scale variability of the Chl-a concentration across small spatial scales
may not be captured at the spatial resolution of the satellite images (Le et 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 processors, none perfectly replicates the water-leaving radiance.
Comparisons of calculated remote sensing reflectance with in-situ water-leaving reflectance show that even
high-performing models can have median errors of up to 30% for the green and red bands, and up to 60%

for the blue band (Pahlevan et al., 2021), with mean absolute differences of up to 60% (Warren et al., 2019).

3.5 Conclusions

This chapter assesses the influences of a variety of factors, including selection of satellites, in-situ data
categories, atmospheric correction processors, and retrieval indexes, on the performance of RS-derived Chl-
a models for the nearshore and offshore waters of the western basin of Lake Ontario, including Hamilton
Harbour. Sentinel-2 is found to systematically outperform other satellites in Chl-a concentration retrieval.

The results further emphasize the importance of categorizing in-situ Chl-a 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 Chl-a 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 Chl-a concentration retrieval models. Another key 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 applications. This chapter adds to the literature on semi-
empirical satellite-derived Chl-a retrieval approaches, that are emerging as essential tools in water quality

monitoring that can help mitigate eutrophication issues in large freshwater lakes.
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Chapter 4
Time-Series Analysis of Satellite-Derived Chl-a Concentration from
2013 to 2023 in Western Lake Ontario and Hamilton Harbour Using
Landsat 8 and 9 Imagery

4.1 Introduction

The Laurentian Great Lakes, as North America's largest freshwater system, hold significant ecological,
economic, and cultural value. They preserve biodiversity, support recreational and commercial activities,
and are essential for drinking water supply (Mohamed et al., 2019). Lake Ontario, the easternmost of these
lakes, lies between the Canadian province of Ontario and the US state of New York. Outflow from eutrophic
Lake Erie via the Niagara River represent a major water and nutrient source (particularly of phosphorus, a
key limiting factor) to the western basin of Lake Ontario (ECCC & 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 over-enrichment, leads to algal blooms and reduced dissolved oxygen levels
(Hiriart-Baer et al., 2009a; E. T. Howell & Benoit, 2021b; Sagan et al., 2020). High anthropogenic
phosphorus loadings originate from wastewater and stormwater outflows (Chomicki et al., 2022), as well
as non-point sources like urban runoff and agricultural fertilizer applications (Sagan et al., 2020). Harmful
algal blooms (HABs) can disrupt a lake's ecological balance, causing biodiversity loss and socio-economic
impacts, for instance by limiting activities and services like swimming, fishing, and water supply (Li et al.,
2018). Studies have highlighted the occurrence of the nuisance benthic algae Cladophora (Dove & Chapra,
2015) from Burlington Beach to Humber Bay along Lake Ontario's north shore and harmful cyanobacterial
blooms (cHABs) in Hamilton Harbour (ECCC & U.S. EPA, 2022). There is therefore an urgent 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, Toronto waterfront, and the

Niagara River.

Long-term water quality monitoring programs are essential for reporting on status and trends and
identifying key factors that drive algal blooms (Tan et al., 2017). Effective monitoring requires data that
reflects spatial and temporal variations across multiple sites (Mansaray et al., 2021). However, 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 laboratory analyses (Pokrzywinski
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et al., 2022; Tan et al., 2017). Satellite-based monitoring offers a cost-effective alternative, delivering
comprehensive observations with frequent overpasses, enabling the estimation of key water quality
indicators such as Chlorophyll-a (Chl-a) concentration which serves as indicator of eutrophication (Lobo
et al., 2021). This approach offers broader spatial and temporal coverage and is less labour-intensive
compared to traditional ground-based measurements (Tuygun et al., 2023). When aligned with in-situ data,
satellite-derived models yield time-stamped, geolocated data that can identify trends and irregularities

beneficial for detecting (re)emerging productivity hotspots (Sagan et al., 2020).

The optical response of phytoplankton biomass to solar radiation energy is significantly correlated with the
concentration of Chl-a (Cao et al., 2020; Tan et al., 2017; Xiao et al., 2023). This photosynthetic pigment
indicates the presence of phytoplankton, including cyanobacteria (Chegoonian et al., 2023), and can serve
as an indirect indicator of nutrient status (Leggesse et al., 2023). Water colour remote sensing is based on
the fact that changes in the concentration of photosensitive parameters, like Chl-a, lead to alterations in the
optical properties of a water body, consequently changing its reflectivity (Yuan et al., 2022). Because Chl-
a pigments exhibit distinct spectral signatures, their concentration can be estimated using remote sensing
data (Souza et al., 2021). By integrating in-situ near-surface concentrations of Chl-a with reflectance data
from coincident satellite overpasses, a regression-based models can be produced (Khan et al., 2021). Such
models can then be extrapolated to yield Chl-a concentration for images without matchups, proving

advantageous for time-series analysis of algal blooms, especially when field data gaps exist.

The availability of various satellites, each with different spatial, spectral, radiometric, and temporal
resolutions, enables time-series analysis of Chl-a concentration. Key among these are medium-spatial-
resolution (< 1000 m) satellites (sensors in parenthesis) such as Sentinel-3 (OLCI), Aqua/Terra (MODIS),
EnviSAT (MERIS), and Suomi NPP/ NOAA-20 (VIIRS), OrbView-2 (SeaWiFS), as well as high-spatial-
resolution satellites (< 100 m) like Landsat 1 to 9 (MSS, TM, ETM+, OLI, OLI-2), and Sentinel-2 A/B
(MSI) (Tavora et al., 2023). High-spatial-resolution sensors, such as OLI (30 m) typically have longer
revisited periods (16 days, halved when combined with OLI-2) compared to medium-spatial-resolution
counterparts like MODIS and OLCI (250-500 m), which offer near-daily coverage but with a larger pixel
size. Landsat and Sentinel-2 constellations have been more frequently used for small inland lakes, while
MODIS is popular for coastal and oceanic waters due to its moderate spatial resolution and optimal revisit
time (Khan et al., 2021; Tavora et al., 2023). The 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, Landsat 8, launched in 2013. To maintain consistency in the satellite-derived Chl-a
concentration products, we exclusively utilized Landsat 8 and 9 data, resulting in a combined revisit time

of 8 days, 30-m spatial resolution and five optical bands ranging from ultra-blue to near-infrared. 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), as well as the appearance of Landsat 7's ETM+ scan line error in 2003, we did not
include Landsat 5 or 7 imagery in this study. Additionally, despite offering a finer 10-meter spatial
resolution since mid-2015, we decided against employing Sentinel-2 (MSI) data because of their different
spectral characteristics, and the computational demands of processing multiple tiles for mosaicking.
Interestingly, a recent similar study by Niroumand-Jadidi et al. (2022) reported that Landsat 9 images

exhibited less grainy noise and relatively higher accuracies in matchup analysis compared to Sentinel-2.

Numerous recent studies have estimated Chl-a concentration of inland waters using Landsat 8 and the
recently launched Landsat 9 (Niroumand-Jadidi et al., 2022) imagery. Some of these studies emphasize
developing and testing retrieval algorithms and assessing their performance (Chegoonian et al., 2023;
Villota-Gonzalez et al., 2023) while others analyze spatial-temporal trends over short periods in one
(Poddar et al., 2019; D. Wang et al., 2022) or several (Boucher et al., 2018; Markogianni et al., 2018) case
studies. However, only a few of these studies have a temporal extent enabling meaningful trend analyses.
Existing studies with time-series analyses of Chl-a using similar sensors and with at least two years of data

are briefly compared with our study in Table 4.1.

The objective of this chapter is to generate Chl-a concentration maps for Western Lake Ontario and
Hamilton Harbour from 2013 to 2023, using Landsat 8 and 9 imagery, with a focus on the contrasting
conditions in nearshore and offshore waters. The study, validated through in-situ data matchups, examines
the spatial and temporal dynamics of algal blooms using the methodology outlined by Binding et al. (2021)
to calculate algal bloom intensity, extent, and severity. We further explore trends and hotspots in Chl-a
concentration based on these indicators and analyze trends in annually and monthly averaged estimated

Chl-a concentration maps derived from the satellite data.

4.2 Materials and Methods

The overall methodology is summarized in Figure 4.1. It encompasses the in-situ and remote sensing data
collection, atmospheric correction via ACOLITE, implementation of the Chl-a retrieval model, evaluation

through performance metrics, and estimation 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?) but still ranks as the 13" largest lake globally. The
lake has a 6-to-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 St. Lawrence River. Lake Ontario serves as a drinking water source for nine million people
and accommodates 36 water treatment plants along its shores (ECCC & U.S. EPA, 2022). It receives
nutrients from multiple sources, including agricultural and urban runoff, municipal wastewater treatment

and industrial effluents, and stormwater outflows (E. T. Howell & Benoit, 2021a, 2021b).

Here, we focus on the western section of Lake Ontario (Figure 4.2), which includes three Areas of Concern
(AOCs): the Toronto waterfront, the Niagara River outflow area, and Hamilton Harbour. The latter is a
shallow, semi-enclosed embayment connected to Lake Ontario via a shipping channel. It spans 21.5 km?
and reaches depths up to 24 m (Munawar & Fitzpatrick, 2018). Compared to other nearshore zones of Lake
Ontario, Hamilton Harbour is characterized by calmer waters and warmer summer temperatures (Munawar
et al., 2017), which favour cHABs and the development, and persistence, of hypoxia and anoxia in the
hypolimnion (Zastepa & Chemali, 2021). The algal blooms in Hamilton Harbour and the other AOCs cause
significant socio-economic (including tourism, real estate, and water quality) and ecological (including food

web resilience, and habitats) costs (Carmichael & Boyer, 2016).

Our study area extends from the western end of Lake Ontario eastwards to Oshawa, Canada, and Olcott,
USA. Some of the nearshore regions are considered mesotrophic (E. T. Howell & Benoit, 2021a, 2021b),
the offshore waters are mostly oligotrophic (Dove & Chapra, 2015) and hypereutrophic conditions are
observed for Hamilton Harbour (Hiriart-Baer et al., 2009a). Harmful algal blooms (HABs) in Hamilton
Harbour are dominated by cyanobacteria, while the northern Mississauga-Oshawa waterfront, especially
Toronto Harbour, are dominated by Cladophora growing on the shallow lakebed to depths where light can
penetrate (Anderson et al., 2019; E. T. Howell & Benoit, 2021b; Munawar & Fitzpatrick, 2018).
Cladophora provides habitat for aquatic life but its excessive growth can have negative economic impacts
(e.g., on lakefront real estate prices), impair recreational activities (e.g., swimming, boating and fishing)

and clog water intakes (E. T. Howell & Benoit, 2021b; U.S. EPA & Government of Canada, 2022).

The study area's bathymetry and surrounding land use and land cover are shown in Figure 4.2. The figure
also highlights the nearshore waters, defined as littoral zones with a depth < 15 meters (Binding et al.,
2015), which represent the typical Cladophora habitat where growth is both phosphorus- and light-limited
(Jabbari et al., 2023).
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Table 4.1. Comparative summary of recently-published time-series studies on Chl-a retrieval using moderate-to-high-spatial-resolution multispectral imagery

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

Temporal Chl-a Matchups Satellite Matchups Retrieval Algorithm
Reference Study Area Cove[:*a e Time Total Range Sensors Used Atmospheric Radiometric Method Selected Features” Performance
g Window  Count”  (ng/L) Correction Products Metrics”
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etal., 2022) Wa(tag“;‘;‘es 2022 +3d 105 180 MSI C2RCC, Res (MDN, RF, SVR) AITVIS-NIR bands MAPE =
Polymer 38.0%
RMSE =9.57,
AURE =
Yin et al., Lake Taihu 1984 31 1-65 ™ LEDAPS . 2659 (Various band combinations 36.7%
+1d R SE (Exponential) p(865)
2023) (China) 2021 44 1-83 OLI LaSRC RS xponentia {ested) RMSE = 11.5,
AURE =
38.1%
RMSE =
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Rodriguez et Water Bodies 22001139 +3d 2 0-37 oLCI C2RCC Rps Nf‘f ((SL\‘E\CAM)E;‘;\‘}) All VIS-NIR bands ) l;g’[ifAE _
al., 2021) (Mexico) 20 0-30 MSI C2RCC Rgs > e g6
RMSE = 8.47,
MAE = 6.23
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(Cao, Ma, . 43 ™ SE and .
Melack, et al., L?&E:;m 129(;3149’ +3h 95 19'; " ETM+ ACOLITE Rec ML (SVR, RFR, Va”";‘(frs@?f;;‘;‘l band 1\1/}2413815]5;31560}
2022) 96 : OLI XGB) °
SE (PLSR) and
(Sagan et al Multiple 2013— 06— ML (SVR, DNN) Various band combinations (four RMSE =2.02,
g2020) ? Water Bodies 2018 - 96 7'9 5 OLI, MSI C2RCC Ps and Inversion band rations and four shape MAPE =
(USA) : Models (WASI, algorithms) 11.66%
NN Inversion)
Various bands and band _
(Leggesse et Lake Tana 2016— _ 931 0- OLI LaSRC Il\{/IlI;R(A)I(\]é\I]’}SXi; ’ combinations (different depending Rl\l/{/[Sfl{E9.:79,
al., 2023) (Ethiopia) 2022 191.6 Ps ? T on the model but range from 12 for
GB) AB and XGB up to 87 for ANN) 0.082
Various bands and band
Multipl . . p(443) p(655) p(865)
(Caoetal, o tPE 2013- “6h s 0.04- oLl - Ree SEand ML (RF, ~combinations (=, sEo pess)  RMSE=7.1,
2020) (China) 2018 258.7 XGB) p(865) — p(655) + [1609—655] x MAPE = 24%
[p(655) — p(1609)])
. . RMSE =1.63
(Yao et al., Beibu Gulf 2013— Same _ SE and ML (ANN, Various bands and band -
2021) (China) 2020 day 110 2-15 oL FLAASH Ps SVM, GBDT) combinations N{[;l:‘f;
o 0
. p(655) p(865) p(655) p(482)—p(655)
(F. Zhang et Guanting 1985— so— | ™ ETM+ OLI . @82y p(655) p(562)°  p(362) °  RMSE=5.67,
Reservoir - 102 (inter-sensor ACOLITE Rgs SE (Linear) 1 _
al., 2021) ! 2019 38.7 Sens e saasD) p(865)—p(482) MRE = 25.7%
(China) normalization) T 665)  p(8651p(a82)
i - - Various band combinations RMSE = 0.47,
(H;O;tlal" Ya“gctlf?’ River 22001240 54 55 0&55 OLI LaSRC s SE (Quadratic) ( p(482) ) MAPE =
) (China) : Vp(443)+p(4B2)%+p (865 )% 25.8%
SE (Linear, Power.
L ’ Various bands and band RMSE =
(X-Yanget  Donghulake 1987 +1d 65 10| M, ETM+, OLI FLAASH ps Exponential, T p(562)-p(655) 11.19%, R?=
al., 2020) (China) 2018 160 Logarithmic and combinations (————-) B
Cubic) p(562)+p(655) 0.86
. SE (Linear.
Pearl River . Various bands and band RMSE = 1.21,
(YUZa(;]Z;t)al" Estuary 220()124 { B % 4(1)06 oLl FLAASH Ps I?)u:g:l?rgicc’ combinations (p(%s) 70(865)_‘7(655)) MAPE =
(China) Exﬁonential), P65 p(363)+p(655) 15:3%
SE (Linear.
Western Lake - ’. RMSE = 8.49,
Current Study Ontario 2013~ +2d 51 0.5~ OLI and OLI-2 ACOLITE Pw Quadra‘uc,. Cubic, Various band combinations (2 (482)) MAPE =
2023 46.0 Exponential) and p(655)
(Canada) ML (MDN) 78.8%

Abbreviations in alphabetic order: 6S = Second Simulation of a Satellite Signal in the Solar Spectrum, AB = AdaBoost Regression, ACOLITE = Atmospheric Correction for OLI 'lite', ANN = Artificial Neural Networks, AURE =
Average Unbiased Relative Error, C2RCC = Case 2 Regional Coast Colour, CB = Cubist Regression, ConvLSTM = Convolutional Long Short-Term Memory, DL = Deep Learning, DNN = Deep Neural Networks, ELM = Extreme
Learning Machine, ETM+ = Enhanced Thematic Mapper Plus, FLAASH = Fast Line-of-sight Atmospheric Analysis of Spectral Hypercubes, GB = Gradient Boosting, GBDT = Gradient Boosting Decision Tree, iCOR = Improved
Coupled Ocean-Atmosphere Radiative Transfer, LaSRC = Landsat Surface Reflectance Code, LEDAPS = Landsat Ecosystem Disturbance Adaptive Processing System, MAE = Mean Absolute Error, MAPE = Mean Absolute
Percentage Error, MARE = Mean Absolute Relative Error, MDN = Mixture Density Networks, ML = Machine Learning, MLR = Multivariate Linear Regression, MSI = Multispectral Instrument, MR = Multiple Regression, NN =
Neural Networks, OLCI = Ocean and Land Colour Instrument, OLI = Operational Land Imager, PLSR = Partial Least Squares Regression, RFR = Random Forest Regression, RMSE = Root Mean Square Error, SE = Semi-Empirical,
SIAC = Surface Information in the Atmospheric Correction, SVR = Support Vector Regression, TM = Thematic Mapper, VIS-NIR = Visible and Near-Infrared, WASI = Water Colour Simulator, XGB = Extreme Gradient Boosting
* For the top-performing models. The performance metrics are between observed vs predicted Chl-a (otherwise noted). The unit of RMSE is pg/L.

 Between observed Chl-a and the selected feature(s)
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Figure 4.2. Map of the study area

4.2.2 In-Situ Chl-a Concentration Data

Calibrating and validating Chl-a retrieval models, whether using semi-empirical or machine learning
(ML) methods, requires in-situ matchups for ground-truthing or in this case water-truthing (a commonly
used misnomer as field data carry their own errors). We examined various water quality databases from
binational academic and government sources to gather in-situ Chl-a concentration data from 2013 to
2023. The data underwent screening, selecting measurements from near-surface depths (< 1 m) and
taken within +2 days of satellite overpass, with available water pixel coverage in a 3 x 3 window around
the measurement locations. Preference was given to pheophytin-corrected records, using uncorrected
data only when corrected versions were unavailable. This yielded 51 matchup points, summarized in

Table 4.2, and illustrated in Figure 4.3.
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Table 4.2. Description of the in-situ data used for the matchup analysis

Pi t tial Matchups
Source Publisher Chl-a Extraction Method 1gmer.1 Spatia P
Correction Coverage Counts  Frequency
Hamilton Harbour Wa_ter Quality Data ECCC (Natfonal Laborator}f for Pheophytin- HH 17 33%
(Access Link) Environmental Testing, Corrected
2021)

i c Pheophytin- WLO Offshore

Water Chemistry (Great Lalfcs Nearshore MECP (MECP, 2023) eophytin: shore 1 2%

Areas) (Access Link) Corrected and HH

Great Lakes Water Quality Monitoring and (Strickland & Parsons, WLO Nearshore

E U ted 10 20%
Surveillance Data (Access Link) cee 1972) neorrecte and Offshore °

Hamilton Harbour Area of Concern (AOC)

L . MECP (MECP, 2023) Uncorrected HH 8 16%
Monitoring (Access Link)
A national harmonized dataset of discrete Pheophytin
chlorophyll from lakes and streams (2005- USGS (Arar & Collins, 1997) C P }; d WLO Nearshore 5 10%
. orrecte
2022) (Access Link)
Total 51 100%
50 50
+  Measurment Location: Hamilton Harbour ¥ * l\:‘lean (= SD) for Hamilton Harbour = 13.06 (+ 10.36)
45 % Measurment Location: WLO (Nearshore) 45 % Mean (+ SD) for WLO (Nearshore) = 1.51 (= 0.90)
+  Measurment Location: WLO (Offshore) # Mean (+ SD) for WLO (Offshore) = 177 (= 0.73)
40 Temporal Matching Window: =0 days 01 e Outliers
- Temporal Matching Window: 1 days =
%] @  Temporal Matching Window: =2 days * ERd .
f —— Matching Platform: Landsat 8 =
£ 30 o £ 30
k-] —— Maching Platform: Landsat 9 £
g * E
2 =
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52 S0
2 * %
=15 i * =15
&} * - § 5
10 * 10
*
* "
; : : (@) - (b)
» Ly '
LI % LI , - = =)
2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 Hamilton Harbour ~ WLO (Nearshore) ~ WLO (Offshore)
Date Measurement Location
=
?1 Water Depth < 15 m Toronto i
@ Water Depth -
=l
R
o
-+
= =
o B
5 =+

20 Km

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

Figure 4.3. Temporal and spatial distribution of in-situ Chl-a 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 plots.
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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, respectively, by NASA and USGS, orbit in a Sun-

synchronous, near-polar circular path at an altitude of 705 km, covering a scene size of 185 km cross-
track by 180 km along-track. Landsat 8 is equipped with the Operational Land Imager (OLI) and
Thermal Infrared Sensor (TIRS), whereas Landsat 9 carries the upgraded OLI-2 and TIRS-2. Both OLI
and OLI-2 are push-broom sensors, with significant advancements in signal-to-noise ratio (SNR) and
radiometric resolution compared to the Enhanced Thematic Mapper (ETM+) sensor of Landsat 7 (Cao
et al., 2020; Niroumand-Jadidi et al., 2022). Additionally, both include nine spectral bands with a 30 m
spatial resolution, along with a 15-m 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, capable of capturing 4096 and 16384 shades of a given
wavelength, respectively (Chegoonian et al., 2023; Niroumand-Jadidi et al., 2022) allowing detailed

detection of subtle variations in water-leaving radiance.

In this chapter, a total of 420 Level-1 Terrain Corrected Product (L1TP) Landsat collection 2 images
(359 from Landsat 8 and 61 from Landsat 9) covering 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 L1TP 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 Level-1 products apt for pixel-level time-series
analysis. The next step was to mask non-water pixels and apply atmospheric correction — converting
Level-1 digital numbers (DN) to water-leaving reflectance (p,,) — using the ACOLITE processor.
Sections 1 and 2 in the supplementary materials (Appendix II) elaborate on both steps in more detail.
After applying quality masks and generating Level-2 products, a total of 342 usable images remained

for subsequent application of Chl-a retrieval model.

4.2.4 Atmospheric Correction using ACOLITE

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

Belgian Institute of Natural Sciences (RBINS), has been used for converting Level-1 DNs into water-
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leaving reflectance (p,,,) values. ACOLITE provides two 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 sunlight (Tavora et al.,
2023). ACOLITE's effectiveness has been demonstrated in various Chl-a retrieval studies as can be
seen in Table 4.1. Additionally, multiple studies have reported ACOLITE's superior performance
against other processors using in-situ reflectance matchups (Pereira-Sandoval et al., 2019; Tian et al.,

2022; Warren et al., 2019).

Additionally, ACOLITE was used to mask non-water pixels, including cloud, cloud shadow, land,
snow, ice, or even too shallow waters where bottom reflectance might interfere. The water-leaving
reflectance, p,,,, more accurately termed water-leaving radiance reflectance (Doerffer, 2015), is defined

as (Tavora et al., 2023):

.
w0y, ,2) = w2 &P g (6, $,2) (4.1)

Eq(65,0%)

where 6, , 6, and ¢ are respectively viewing direction, solar zenith angle and azimuthal angle measured
relative to the Sun's azimuthal direction. L, is the water-leaving radiance just above the water surface
(0M), E; is the downwelling irradiance, and A is representative of each band. With the Sun at the zenith,
py €quals  times the nadir-viewing remote sensing reflectance Rzs (sr!). Both p,, and Rgs are the most

used radiometric products in Chl-a retrieval studies.

4.2.5 Chl-a Retrieval Model

The Chl-a retrieval methods found in the literature exhibit a large diversity, reflecting varying
approaches by different researchers. Mishra et al. (2017) and Olivetti et al. (2020) separated these
methods into five categories: empirical, semi-empirical, analytical, semi-analytical, and quasi-
analytical. In recent years, with advancements in machine learning (ML) in remote sensing, a distinct
category for ML models has been recognized for describing Chl-a retrieval algorithms (Chegoonian et

al., 2023).

In this chapter, semi-empirical approach is utilized. The semi-empirical models establish a regression-
based relationship, often explicit, between in-situ Chl-a concentration and remote sensing reflectance
of bands or band combinations that are referred to as reflectance indexes. These indexes range from

simple two-band algorithms such as band ratios or normalized difference indexes (Ogashawara et al.,
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2021), to three-band algorithms like KIVU, and even four-band algorithms such as Surface Algal
Bloom Index (SABI) (Beck et al., 2016; Buma & Lee, 2020).

Initially, the 8 reflectance indexes described in Table 4.3 were selected as candidates for developing a
semi-empirical model. A feature importance analysis, based on SHapley Additive exPlanations (SHAP)
values and correlation coefficients, was conducted using the matchup concentrations and the averaged
reflectance indexes within a 3 x3 window of co-located 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 influences the estimation of Chl-a concentration
(Appling et al., 2022). The feature importance analysis identified the blue-to-red ratio index (I3) as
particularly significant (see Figure A2.4).

Table 4.3. Selected Chl-a retrieval indexes as input features of predictive models

Index
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p(482)
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p(655)
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The selection of the blue-to-red ratio index for estimating Chl-a concentration is supported for several
reasons. Firstly, it is particularly effective for estimating Ch-a in turbid waters (Hafeez et al., 2019;
Paltsev & Creed, 2022; Sherman et al., 2023; Stumpf et al., 2016) where the optical properties of non-
algal particles significantly affect reflectance, which is characteristic of case two waters like the
hotspots at river outflows of Western Lake Ontario (Salem et al., 2017). Secondly, the index has been
recommended for its efficacy in detecting cyanobacteria (Shi, 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 Chl-a retrieval from Landsat imagery (Han & Jordan, 2005; Matus-Hernandez et al.,

2018; Sass et al., 2007; X. Yang et al., 2020), underscoring its applicability and reliability across
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different water bodies and conditions. Several regression types, including linear, quadratic, cubic, and
exponential, were tested with the blue-to-red ratio as input. The exponential regression appeared as the

most promising fit (see Figure A2.5).

4.2.6 Performance Metrics

In this chapter, based on the work of Seegers et al. (2018) and more recent recommendations by
Pahlevan et al. (2020b), the 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 met in water colour remote sensing with limited matchup
counts (Seegers et al., 2021). RMSE 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 particularly effective as it does not exaggerate outliers and

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

RMSE = /%Z?ﬂ(Mi — E)? (4.2)

MAE = (31, 1M; - Ey)) (4.3)

MAPE = 2% yn MiEi 4.4)

n M;

where n, M and E represents the number of samples, the measured (in-situ) and estimated (modeled)

Chl-a concentration, respectively.

4.2.7 Algal Bloom Indicators

In the literature, different approaches are used to identify bloom pixels based on satellite-derived Chl-
a concentration products. Studies like those by Cao et al. (2020), and Ma et al. (2022), used a threshold
on the Floating Algae Index (FAI) to flag algal blooms. Others, such as Tan et al. (2017), applied a
Chl-a concentration threshold of > 20 pg/L, whereas Binding et al. (2021, 2023), and Zeng & Binding
(2021) use a more conservative threshold of > 10 pg/L. This lower threshold aligns with the World

Health Organization's guideline for bloom conditions in recreational waters, indicating relatively mild
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or low risk of adverse health effects in cyanobacteria-dominated blooms (Binding et al., 2023;
Soontiens et al., 2019). In this chapter, a Chl-a concentration threshold of > 10 ng/L is selected to flag

bloom pixels.

Next, various indicators for analyzing algal bloom conditions from satellite-derived Chl-a estimates
were evaluated. Commonly used algal bloom indicators include bloom intensity, bloom extent (or
bloom area), bloom severity, and bloom duration, with the latter often used in time-series studies that
use sensors with shorter revisit times (Feng et al., 2021; Ho et al., 2019; Ma et al., 2022; Soontiens et
al., 2019; Yin et al., 2023; Zeng & Binding, 2021). Following the work of Binding et al. (2018, 2021,
2023), the selected algal bloom indicators for this study are: (i) bloom intensity (ug/L) as the average
Chl-a concentration of flagged pixels, (ii) bloom extent (km?) 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
produce three quantitative metrics for each Chl-a concentration map (that is, each scene) that, when
combined with other outputs such as annually and monthly averaged estimated Chl-a concentration
maps plus trend analyses, for example based on the Mann-Kendall test, provide a general view of bloom
conditions across the study area and their intra- and inter-annual variability and multi-year 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 with 5-fold cross-validation, 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 Chl-a concentration maps. Subsequently, three algal bloom
indicators, namely, bloom intensity (Figure 4.4), bloom extent (Figure 4.5), and bloom severity (Figure
4.6), were calculated for each scene. These indicators were plotted on time series figures for Hamilton
Harbour, as well as the nearshore and offshore waters of Western Lake Ontario. A perfect (lossless)
image would encompass approximately 23000, 668000, and 6600000 pixels for Hamilton Harbour,
nearshore, and offshore areas, respectively, at a 30x30 m? spatial resolution. However, factors such as
partial swaths, cloud cover, lake ice, and various quality masks reduce the number of usable pixels per
image. To address data 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 0 to 100 percent. This metric helps in assessing coverage 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 of each 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 each indicator, respectively. It is worth
noting that the maximum bars depict the peak average of each pixels with > 10 pg/L estimated Chl-a
concentration for a given year or month, rather than the maximum pixel value (estimated Chl-a

concentration) within each scene.
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Figure 4.4. 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 pug/L with spikes up to 18.0
ug/L in June 2017. Nearshore regions exhibit slightly lower intensities, with averages around 11.0 pg/L
and the peak of 17.5 pg/L in March 2023. Offshore intensities vary between 10.5 to 13.5 pg/L, with a
significant spike of 21.5 ug/L in February 2023. The annual averages of bloom intensity in Hamilton
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Harbour ranges from 11.0 pg/L in 2020 to 12.5 pg/L 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 show an increasing 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 highest eleven-year records in 2023.
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Figure 4.5. Time-series plots of bloom extent for Hamilton Harbour, nearshore and offshore waters of Western
Lake Ontario. Scatter plots on the left represent the temporal dynamics of bloom extent 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 extent averages and maximums.

Figure 4.5 and Figure 4.6 depict bloom extent and severity respectively. Despite its size, Hamilton
Harbour often records higher bloom extents due to its eutrophic to hypereutrophic conditions,
contrasting with the oligo-mesotrophic nearshore and oligotrophic offshore waters of Western Lake
Ontario, with extents up to 1.8 km?, about 10% of its area. Notably, anomalies include a 25.5 km? plume
in April 2023 from southern 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 in Western Lake Ontario are below 1.0 km?, suggesting localized blooms. The subsequent 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 September, 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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Figure 4.6. 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 the background 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 illustrated in Figure 4.6, 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 0 to 4, peaking at 22 pg. km%*L in May 2017. Yearly and monthly severity trends

closely follow those of bloom extent.

50



4.3.2 Averaged Annual and Monthly Maps of Estimated Chl-a Concentration

In addition to calculating bloom indicators, averaged yearly and monthly maps were generated to
analyze trends, seasonality, and hotspots. Unlike the three indicators based on flagged pixels with > 10
pg/L Chl-a concentration, these maps average across all available pixels grouped by year or month.
Therefore, while related, they serve distinct purposes: the indicators quantify intensity and extent, and

the maps visually represent bloom condition over time.

Figure 4.7 displays the estimated Chl-a concentration, averaged across all images within specific years.
It includes a 10 pg/L algal bloom threshold and Carlson's trophic state index (TSI) thresholds (Carlson,
1977). Non-water areas are marked white, indicating land 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 availability, offering

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 Niagara-on-the-Lake waterfront, notable in 2023) and northern hotspots, like Toronto Harbour in
2022 or 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 broad perspective for assessing yearly changes and
support the analysis from the indicators. For example, Hamilton Harbour's lowest bloom intensity and
extent in 2020 correlate with bluer hue in that year's map, indicating reduced algal activity compared
to greener hues in other years. Figure 4.8 presents monthly averages for estimated Chl-a concentration

maps, better suited for identifying seasonal patterns and pinpointing season-constrained hotspots.

Regarding the seasonal variations, for Hamilton Harbour, the lowest bloom occurs from October to
February, consistent with indicator trends. The monthly maps are valuable for highlighting April to
May as more eutrophic, supplementing indicator data by showing nuanced seasonal shifts. Overall, for
Hamilton Harbour, as observed in the averaged monthly maps, we can identify March to September as
critical periods for 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 pixel colours. 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 with the optical properties of water, thereby making Chl-a estimates 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 leaving some missing pixels in the
maps. During 2013-2023, only 17 images acquired in December were available for processing,
compared to 47 in August, indicating clearer skies in the latter month. Further in-depth interpretation

of these results will be discussed in the following section.
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Figure 4.7. Annually averaged maps of estimated Chl-a concentration for Hamilton Harbour and Western Lake
Ontario, derived from Landsat 8 and 9 imagery acquired between 2013 and 2023
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Figure 4.8. Eleven-year monthly averaged maps of estimated Chl-a concentration for Hamilton Harbour and

Western Lake Ontario, derived from Landsat 8 and 9 imagery acquired between 2013 and 2023
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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 and short-lived but have
high biomass (Binding et al., 2021). Moreover, elevated Chl-a 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 Ontario 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 in-situ records of Hamilton Harbour reveals general
underestimation by our metrics (Figure A2.6), especially for years with extreme outliers like years
2014, 2017, and 2021. However, the alignment within a £1 pg/L margin of error for 2013 to 2016
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 peak as shown by Hiriart-Baer et al. (2009) that indicated
summer (June-August with 14.1+£8.6 ug/L) Chl-a averages nearly twice those of spring (March-May
with 7.6+6.6 ug/L). Our model successfully captured the 2017 peak but failed to predict the 2014's
extreme outliers, with records as high as 185 pg/L, indicating limitations in handling such anomalies.
Limited in-situ data in 2019 and 2021 due to COVID-19 restrictions, and the absent of publicly released
data for 2022 and 2023 highlight 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 comparison of our annual average estimated Chl-a concentration with MODIS-
derived lake-wide annual average values reported on NOAA's National Marine Ecosystem Status
website (NOAA, 2024) indicates high correlation but a steady trend, likely suggesting stable external
nutrient loading over the past decade. The NOAA's satellite-derived estimates are based on a band-ratio
retrieval algorithm developed from Great Lakes National Program Office (GLNPO) monitoring data
(Lesht etal., 2013, 2016), applied to MODIS images from 2013 to 2020. The results of this comparison,
presented in Figure A2.7, with further discussion in the supplementary materials, show that both
estimates are highly correlated, covering the range of 1.5 to 2.0, consistent with in-situ measurements
(Estepp & Reavie, 2015). A slight decrease in bloom extent and severity for Hamilton Harbour may
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reflect localized, concentrated algal blooms, potentially influenced 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 suggest higher bloom intensity from March to September, consistent with in-situ data,

highlighting the importance of focused monitoring during these months.

Nearshore areas demonstrate a bell-shaped bloom intensity trend, with a peak in August, aligning with
field-based observations and indicating nutrient-rich 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 slight decrease in estimated Chl-a concentration, aligning
with other studies indicating offshore oligotrophic conditions and a general decrease in water quality

parameters from the shoreline to offshore.

4.4.2 Uncertainties and Limitations

Time-series analysis of satellite-derived Chl-a concentration faces several challenges and uncertainties.
Despite remote sensing ability to provide broad views of HABs in Western Lake Ontario, understanding
the technology's limitations and the uncertainties in derived products is essential. The key challenge is
the lack of frequent, long-term in-situ and remote sensing matchups during the model
calibration/validation. Finer temporal resolution satellite data often compromise spatial resolution for
shorter revisit times (C. Hu et al., 2019; Ma et al., 2022), affecting the use of Chl-a concentration maps
for small areas like Hamilton Harbour. Spectral resolution limitations, especially OLI's suboptimal
settings for turbid waters and the absent of red-edge (690-790 nm) band, complicate analysis (Cao, Ma,
Melack, et al., 2022). Additional challenges include adjacency effects, affecting pixels up to 40 km
away from the shoreline, the stripping effects, sunglint (Tavora et al., 2023), and the interference of
atmospheric columns as well as lakebed (bottom reflectance), necessitating complex correction

methods.

In-situ data uncertainties arise from measurement depth variability, and intrinsic error in laboratory
extraction techniques, such as High Pressure Liquid Chromatography (HPLC), fluorometry, and
spectrophotometry, with the latter having error margins up to 70% (Chegoonian et al., 2023; Seegers
et al., 2021; Smith et al., 2018). The accuracy of Chl-a retrieval is also affected by temporal difference
between in-situ 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 90x90 m?), and spatial patchiness
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of the bloom within them (Seegers et al., 2021; Soontiens et al., 2019), complicating satellite-derived

bloom analysis.

The selection threshold for algal bloom flagged pixels and bloom indicators further complicates results
interpretation and inter-study comparisons. The regression relationship developed for the Chl-a model
tends to saturate at around 30 pg/L underestimating values at extremely high concentrations.
Furthermore, the impact of other optically active water constituents (OACs) significantly alters the
water-leaving reflectance, challenging semi-empirical band-ratio 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 (CDOM) (Vélez-Nicolas et al., 2021), which
dominate the optical properties and satellite-derived reflectance in blue-green wavelengths (Le et al.,
2013). This introduces uncertainties, particularly in low Chl-a concentration scenarios. Additionally,
the variability of local inherent optical properties (IOPs) due to the diversity in phytoplankton

community compositions, introduces additional bias (Binding 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 absence of a unique optical
signature for cyanobacterial toxins necessitates indirect, proxy-based methods for assessing bloom
toxicity from satellite observations. Despite these challenges, advancements in retrieval algorithms,
including optical water type classifications, ML techniques, and hyperspectral imaging, show promise

in reducing uncertainties and improving accuracy of satellite-derived Chl-a concentration products.

4.5 Conclusions

The analysis of algal blooms in Lake Ontario, particularly through satellite 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 semi-empirical Chl-a retrieval model in this chapter, 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 9 imagery to calculate algal bloom intensity, extent, and severity, alongside
satellite-derived spatial-temporal maps, this chapter enhances 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 peaks, contrasting
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, emphasizing the 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. This resulted
in most bloom extents in Western Lake Ontario being localized and below 1.0 km?. Notably, the spatial
analysis underscored few eutrophic areas aside from specific nearshore and northern hotspots, with
Hamilton Harbour consistently showcasing pronounced eutrophic 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 variations, 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 March to September, particularly in nearshore
areas where a bell-shaped bloom intensity trend peaks in August, aligning with field observations and

emphasizing the nuanced interplay of ecological dynamics across these regions.

These collective findings enhance our comprehension of HABs in Lake Ontario, highlighting the
significant roles of ecological, phenological, and anthropogenic factors in bloom dynamics. By
providing detailed spatial-temporal maps and indicators, remote sensing not only advances our
understanding 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
cutting-edge remote sensing technologies and predictive modeling, makes a significant 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 HABs, thereby 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 of Chl-a concentration retrieval and the monitoring
of algal abundance in Western Lake Ontario and Hamilton Harbour using space-borne remote sensing

spanning multiple satellites. The key findings from the study are summarized as follows.

The performance of 27 commonly used Chl-a retrieval indexes across eleven types of Level-2 products
derived from four distinct satellite sensors was analyzed based on a matchup analysis comprising 600
in-situ surface water Chl-a 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, in-situ Chl-a data categorization (especially according to the range of concentrations),
atmospheric correction processes, and the specific Chl-a concentration retrieval indexes employed.
ACOLITE-corrected Landsat 8 and Sentinel-2 products coupled with simple two band ratios of, for
instance, blue-to-green or blue-to-red, were highlighted as one of the superior schemes for Chl-a
concentration retrieval, especially for eutrophic and hypereutrophic waters. These findings laid the
groundwork for the methodology development in the subsequent time-series analysis and, with caution,

could be generalized for other large water bodies with similar characteristics.

Through the development and application of a semi-empirical Chl-a retrieval model, Chapter 4 yielded
Chl-a concentration maps and algal bloom indicators using Landsat 8 and 9 imagery acquired between
2013 and 2023. For Western Lake Ontario, the results clearly identified nearshore areas receiving
stream or channel discharge as hotspots for algal proliferation. Specifically, Chapter 4 examined the
plume formed near the mouths of the Niagara River and Welland Canal that supply relatively
phosphorus-rich waters from Lake Erie to Lake Ontario. This enabled us to delineate the plume's
extension along the eastern US shoreline of Lake Ontario. Additionally, the trends and seasonality of
several northern hotspots along the Mississauga-Pickering waterfront, including Toronto Harbour and
coastal wetlands like Frenchman's Bay, were mapped. Overall, no significant trends in algal growth
intensity or severity were observed for Lake Ontario's nearshore and offshore waters in the last eleven
years, likely implying stable nutrient loading over the past decade. However, a slight decreasing trend
in bloom extent and severity was observed for Hamilton Harbour 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 near-real-time Chl-a monitoring across large areas but also for filling
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gaps in 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 monitoring programs beyond the traditional time window

in order to detect early blooms starting in March.

Another finding from this study is that increased model complexity does not necessarily lead to better
Chl-a retrieval accuracy, advocating for balancing model simplicity and effectiveness in remote sensing
applications for water quality monitoring. (Note: in a separate study not reported in this thesis, a similar
conclusion for high-spatial-resolution Chl-a mapping using drones was made.) Overall, the message of
this thesis is that remote sensing (both satellite and drone based) can complement and augment
traditional water quality monitoring of lakes. Such integration would benefit the design and assessment
of environmental management and mitigation strategies that address eutrophication issues. Taken
together, the thesis contributed to the fields of aquatic remote sensing by demonstrating the value of

using satellite data for Chl-a concentration retrieval and algal bloom monitoring.

5.2 Research Challenges

This section acknowledges several challenges inherent to the methodologies and technologies of remote

sensing of water quality 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 and retrieval indexes, which is significantly influenced
by the quality — extraction accuracy and range — and, quantity — spatial and temporal distribution and
count — of matchup data used in training and testing the retrieval models. This emphasizes the critical
need for sufficient in-situ data to develop reliable models and to provide improved overlap in temporal
windows between in-situ data and with satellite image acquisition where the latter can be severely

reduced in regions with extensive cloud cover.

Chapter 4 discusses the inevitable trade-off between temporal and spatial resolution in the selection of
satellite data for time-series environmental studies. High-spatial-resolution sensors are preferred for
local case studies, especially for turbid waters or shoreline waters where land and water pixels may
overlap, and lakebed reflectance can interfere with the sensed signals. However, the drawback of using
high-spatial-resolution sensors, such as Landsat 8 and Sentinel-2, is their longer revisit times, making

time-series analysis challenging, especially for analyzing bloom durations. Additionally, the high cloud

60



coverage in our case study significantly reduces the number of available images, particularly during
wet months. Despite these limitations, high-spatial-resolution satellites are still preferred over medium-
spatial-resolution (< 1000 m) sensors with near-daily coverage when considering nearshore regions.
The latter would be inadequately covered by, for instance, the 300-m resolution Sentinel-3, even though
it might provide a more comprehensive set of imagery and potentially more reliable models due to its

optimal spectral resolutions and additional bands dedicated to Chl-a retrieval.

In conclusion, while these challenges present significant limitations, potential 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 in-situ data collection efforts to support the remote sensing model

calibration and validation.

5.3 Research Applications

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

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

The insights from Chapter 3 could pave the way for 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 effective spectral
indexes for Chl-a retrieval, 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 Chapter 4, especially the satellite-derived 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 heightened risk, facilitating efficient resource
allocation, targeted monitoring, and timely mitigation measures to minimize the socio-economic 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 COVID-19 shutdown) when no field sampling is conducted. Expanding on this,
additional usages of satellite-derived Chl-a products based on near-real-time acquired images —
assuming the models are trained and tested in advance with sufficient matchup data — can be considered.

For instance, web applications, say, within Esri's ArcGIS StoryMaps, Google Earth Engine (GEE)
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environment, or standalone web applications such as EOLakeWatch by ECCC or CyAN by US EPA,
can be leveraged to incorporate near-real-time water quality products for any region of interest and
accessible to the public, to check the status of beaches, for example, while decision-makers could use

them as early-warning tools for planning in-situ inspections.

Overall, the applications of this research extend beyond the academic realm, offering possibilities for
practical tools and methodologies to enhance the monitoring of algal 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 quality 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.

e Building on the work in Chapter 3 using semi-empirical 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).

e Currently, only a very limited number of atmospheric correction processors, such as SIAC, are
available within the GEE environment for converting Level-1 images to Level-2 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 application for converting Level-1 products to the desired Level-2 and
then Level-2 to Chl-a 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 calculated and visualized with just a few clicks from the user. Of course, given GEE's
current processing limitations, there would be a trade-off between the temporal coverage and
its spatial extent of such time-series analysis. However, for an area as large as Hamilton

Harbour, this proposal is feasible.
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e For more reliable results on the seasonality of algal blooms in the region, it is recommended to
add resampled Sentinel-2 images through Harmonized Landsat and Sentinel-2 (HLS) for a
period after the launch of Landsat 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 available matchups through using four satellites instead of just the two
constellations of Landsat 8 and 9 or Senintel-2 A/B separately. Such a collection, specifically
for studying the seasonality of blooms and not for time-series analysis, is recommended for

regions where sufficient in-situ sample collection is available.

All these recommendations 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 methodologies and 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 Materials from Chapter 3

This section provides supplementary visualizations related to the data and results. The scatter plot in Figure
Al.1 illustrates the temporal distribution of in-situ Chl-a matchups, colour-coded based on corresponding
satellite imagery. Figure A1.2 displays a heatmap emphasizing the significance of each scheme in each data
category with respect to in-situ Chl-a concentration, with colour variations representing different R?
performances. Four tables are also presented in this section. Table Al.1 summarizes various definitions of
the Carlson's Trophic State Index (TSI) that exist in the literature. Table A1.2 offers quantitative details of
the in-situ data utilized, while Table A1.3 describes each of the atmospheric correction processors
employed. Table A1.4 delivers a comprehensive description of the RS-derived Chl-a models developed,

along with their performance metrics.
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Figure Al.1. Time-series plot of in-situ data, displaying Hamilton Harbour (HH, diamond markers) and Western
Lake Ontario (WLO, square markers) alongside Landsat 5 (blue), 7 (red), 8 (yellow), and Sentinel-2 (purple)
matchups. The green background represents classes of oligotrophic/mesotrophic and eutrophic/hypereutrophic based
on Carlson's Trophic State Index (TSI). Two outlier concentrations of 137 and 80 pg/L are excluded for better visual

presentation.
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colder ones signify lower R2. Black cells indicate N/A values.

86



Table Al.1. Definition of trophic classes from various studies.

Trophic Classification

Oligotrophic Mesotrophic Eutrophic Hypereutrophic Reference
. 0-33 33-83 83-275 27.5< (Shi, Zhang, Song, et al., 2019)"
Eﬁ e 0-09 09-72 72-555 55.5< (M. Hu et al., 2021; Tuygun et al., 2023)"
E 5 0-1.0 1.0-4.0 4.0-65.0 65.5< (Duan et al., 2008)"
5 0-3.0 3.0-6.0 6.0-20.0 20.0 < (Dove & Chapra, 2015)

" Based on Carlson’s TSI (Carlson, 1977). f Used in this study.

Table A1.2. Descriptive statistics of the in-situ data categorized based on seasonality, study location and Carlson's Trophic State Index (TSI).

Location Category Seasonality Category TSI Category

All HH WLO Autumn/Winter  Spring/Summer  Oligotrophic/Mesotrophic  Eutrophic/Hypereutrophic

Count or ' 600 410 190 132 468 305 295
Frequency (%) 100%  68% 32% 22% 78% 51% 49%
Mean (ug/L) 10.5 14.3 22 9.6 10.7 29 183
Std. Deviation (ug/L) 113 11.8 2.0 10.0 11.7 1.9 1.6
Minimum (ug/L) 0.2 1.0 02 02 03 0.2 73
Maximum (ug/L)  137.0  137.0 13.3 51.9 137.0 72 137.0
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Table A1.3. Atmospheric correction possessors utilized in this study. Level-2 products of Landsat 5 and 7 (LEDAPS- and LaSRC-corrected) are readily available

for download, therefore excluded from the table below.

Latest
Supported Input Processing Main . Version
W . tput P s . P N P
ame Sensors Products Output Products Environment ros Cons Application rocessing Speed (Release
Year)
TOA reflectance, surface level
reflectance, normalized water- Python Graphical Freely available, supports Limited to the
TM. ETM+ DN, TOA leaving reflectance, Rayleigh User Interface (GUI) many sensors, flexible and rocessing of Moderate/Slow 20221114.0
ACOLITE i > reflectance and corrected reflectance, remote and Python customizable, user-friendly, P g Aquatic (depending on the ’
OLI, MSI . . K . Rk R coastal and inland (2022)
ancillary data sensing reflectance, TSM Command Line glint correction, masking, Q/A water selected outputs)
concentration, turbidity, Chl-a Interface (CLI) forum support, batch mode
concentration, and more
Supports many sensors,
DN, TOA . C ial,
T™, ETM+, TOA reflectance, ground Geomatica flexibl d izabl ommereia Land,
ATCOR 3 OLIL MSI reflectance, reflectance, surf (CATALYST), IDL exible and customizadle, manual parameter tal, and Fast 9.4.0 (2022)
DEMs and chectance, surtace 4 Pyih ’ ’ haze removal, topographic selection and coasta’, a s o
ancillary data temperature, water vapour map and Python correction, cirrus Temoval, adjustment water
batch mode
Surface reﬂectance, normalized Freely available, designed for
TOA water-leaving reﬂecFance (Pwn), water, open-source code, Limited to a few Moderate
CIRCC OLL MSI reflectance and Chl-a concentran‘on, TSM Plugin to the ESA based on machine learning and  sensors, unsuitable Coastal and (depending on the
? . concentration SNAP neural network, correction for for non-water inland water P e
ancillary data . selected outputs)
and their related uncertainties many factors (gaseous applications
and more absorption, air pressure, etc.)
Simplifying
Plugin to the QGIS . assumptions, less
Freel; labl t Land.
DOSI ™, ETM*, DN, TOA Surface reflectance (Semi-Automatic im lzerze);\ta V;;i:lab]eé ?::}z; zide accurate for coas::; ;nd Fast 7.10.11
OLI, MSI Reflectance Classification Plugin, P > complex i (2023)
range of sensors, open source . water
SCP) atmospheric
conditions
Reliable, supports a wide
Radiance in Apparent reflectance (upscaled Plugin to the ENVI, range of seTlsors, available for Commercial, Land,
T™, ETM+, BIL or BIP to 10,000), water vapour, cloud multispectral and manual parameter
FLAASH stand-alone C++ : coastal, and Slow 4.7 (2009)
OLI format and map (only for hyperspectral hyperspectral sensors, water selection and
. . module . . water
ancillary data input) and aerosol retrieval and cloud adjustment

masking
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Freely available (basic

iCOR version), generic, requires few .
(previously TOA input parameters, available for Limited sensor Land,
Khown as OLI, MSI reflectance BOA reflectance Plugin to the ESA spaceborne, airborne and illl]ppztﬂ,rlcl)r;l;ztsi coa\i/t:tlé rand Moderate 3.0.0
OPERA) SNAP drone images, correction for tput p
adjacency effects
Freely Available
Unsuitable for
TOA Flexible and robust, Q/A non-water
Polymer MSI reﬂef:tance and Water reflectance and more Python CLI forum support, correction for applications, user- Water Moderate 4.16 (2023)
ancillary data sunglint, batch mode, land unfriendly
mask, cloud mask
Easy to use, supports a wide
range of sensors, does not Commercial. less
DN, apparent Plugin to the ENVI, require ancillary data, does not ’ Land,
T™, ETM+, Apparent reflectance (upscaled . accurate,
QUAC reflectance or stand-alone C++ require knowledge of sensor . coastal, and Fast -
OLI . to 10,000) - unsuitable for
radiance module metadata, available for water
water-only scenes
hyperspectral and
multispectral imagery
Freely available, reliable for
MSI, correction for terrain and
TOA Plugin to the ESA cirrus, and aerosol optical Land, 2.11.00
Sen2Cor MSI reflectance and BOA reflectance SNAP and Python thickness, water vapour, scene Limited to MSI coastal, and Moderate ('2 02'2)
ancillary data CLI classification map and quality water

indicators for cloud and snow
probabilities

* Only limited to the list of sensors used in this study.

Abbreviations in alphabetical order: BOA: Bottom-of-Atmosphere, DN: Digital Number, TOA: Top-of-Atmosphere

Table Al.4. Summary of RS-derived Chl-a models across satellites and data categories. L5 = Landsat 5, L7 = Landsat 7, L8 = Landsat 8 and S2 = Sentinel-2

RMSE MAPE MDAPE € B
Model AC RS-Derived Chl-a n RMSLE Bias MAE R?
(ng/L) (%) (%) (%) (%)
Mis_an ACOLITE Chlags=-14.00xI;s + 11.85 201 11.25 0.41 1.53 2.12 139.00 59.80 87.45 39.15 0.35
M5 _yn QUAC Chlags=4.90x17 + 5.47 123 13.23 0.31 1.25 1.74 84.13 41.30 54.46 24.94 0.01
M5 wio QUAC Chlagg= 1.03xIs + 1.59 82 1.82 0.21 1.02 1.43 36.10 26.69 28.86 12.31 0.19
Miys_aw Level-2 (LEDAPS) Chlagg=-25.20xI3 + 31.74 42 5.35 0.39 1.35 2.08 123.11 51.80 94.68 25.01 0.30
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M5 gs ATCOR Chlagg=-19.68xI;s + 14.74 161 12.15 0.39 1.44 1.99 126.12 50.65 73.14 33.14 0.38
Mys_pn QUAC Chlagg= 11.55xI;> + 13.89 93 14.12 021 115 1.46 43.68 37.41 4145 1230 0.00
Mys_om DOSI Chlagg=-2.48xIs + 7.53 112 1.68 0.22 1.08 1.54 48.03 4224 56.64 1238 0.25
My7—an Level-2 (LEDAPS) Chlagg=-15.52xI; +26.41 216 9.64 0.49 1.56 248 202.12 61.20 107.78 24.78 0.10
My7un ACOLITE Chlagg= 500.40xL4 + 10.26 160 8.99 035 1.26 1.80 109.47 4175 5245 10.17 0.04
My7-wio Level-2 (LEDAPS) Chlagg=-19.41xI3 + 21.53 57 1.51 0.20 1.02 1.47 40.61 34.53 38.17 1135 0.38
My aw Level-1 Chlagg=-47.12x1, + 28.64 39 10.12 0.52 1.72 2.68 210.25 69.72 189.76 59.91 0.19
My gs Level-2 (LEDAPS) Chlagg=-10.74xI; +22.04 178 933 0.48 1.51 235 192.44 56.90 83.35 22.78 0.07
My gn ATCOR Chlagg= 0.01xLx + 17.57 122 775 0.18 1.08 1.42 38.36 3173 40.00 9.08 0.08
My7—om Level-2 (LEDAPS) Chlagg=-15.79xT; + 18.52 94 1.69 0.24 111 1.62 57.22 45.48 63.44 15.65 0.30
Misan FLAASH Chlags= 0.08xL + 3.64 115 12.29 0.49 157 249 204.36 66.45 122.72 46.81 0.08
Mg un FLAASH Chlagg= 0.08xL4 + 5.66 96 12.67 0.44 1.44 221 167.45 60.91 100.66 26.44 0.08
Miswio Level-1 Chlagg=23.72xI, - 24.32 24 1.39 0.18 113 1.39 3871 25.19 31.38 14.02 0.39
Mg aw C2RCC Chlagg=4.72xI; - 0.67 32 11.33 0.46 1.53 2.38 175.36 65.65 102.25 s3.15 0.14
Mg gs FLAASH Chlagg=-27.09; + 36.80 93 11.72 0.45 1.46 2.15 161.20 64.74 103.30 36.31 0.23
Mg en ACOLITE Chlagg=-41.56xI; + 53.14 62 11.58 021 115 1.49 49.88 39.97 45.99 13.32 0.26
Mg om QUAC Chlagg=-0.80xIs +4.22 63 1.25 0.18 1.08 1.41 39.04 32.75 39.32 10.32 0.24
Mgy ant DOSI Chlagg=-17.38xI1s + 9.50 51 6.19 0.38 136 2.00 119.66 54.24 76.54 39.85 0.36
Mgy un Polymer Chlagg=27.64xI, - 0.14 24 6.97 031 1.24 1.79 85.43 4474 68.26 15.53 0.16
Mgs-wio ACOLITE Chlagg=-5.84xI5 + 7.99 27 1.10 0.17 1.03 1.36 35.05 24.10 28.30 0.85 0.37
Mgy aw ACOLITE Chlagg=-17.57xLis + 15.51 18 5.95 037 1.30 1.68 117.28 2620 35.50 10.84 0.49
Mg;_gs DOSI Chlagg= -57.12xI;2 + 12.11 33 5.1 0.37 1.16 2.04 105.54 58.21 104.07 2.28 0.32
Mgy g DOSI Chlagg=22.01xI;5 + 17.93 16 5.50 0.15 1.06 1.32 29.56 2251 2437 13.08 0.32
Mgy om ACOLITE Chlagg=-5.01xI5 + 7.08 35 1.16 0.16 1.03 1.36 33.36 2822 36.06 5.66 0.52
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Appendix Il
Supplementary Materials from Chapter 4

1. Quality Control of Remote Sensing Data using the Quality Assessment (QA)
Band

Each Landsat 8 and 9 collection 2 L1TP scene bundle includes a QA band file, which aids in the initial
characterization of features such as clouds, cloud shadow, ice/snow, water, and land in a scene.
Generated through the CFMask algorithm, this band, formatted as an unsigned 16-bit COG image,
holds quality statistics from the cloud mask and scene details, maintaining dimensions similar to the
original L1TP scenes. The QA band needs conversion to a binary 16-bit format for a detailed
understanding, with each bit depicting unique information and confidence levels about identified
features. Table A2.1 provides descriptions of high-confidence flags used in Figure A2.1, which

showcases distributions of these features across analyzed downloaded scenes.
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Figure A2.1. Percentage coverage of all high-confidence flags across all images, grouped by year from the QA

band analysis
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Table A2.1. Interpretation of the QA band pixel values for identifying high-confidence flags. (Department of the Interior USGS, 2022)

High-Confidence Cloud/Cirrus

High-Confidence Cloud

Cloud-Free Water

Cloud-Free Dry Land

Cloud-Free Snow/Ice

Shadow
A B
Q and 22280 55052 54724 23888 21952 21824 30048
Pixel Values
Binary 0101011100001000 11010111000 1rotoiot 110 0101110101010000 0101010111000000 0101010101000000 0111010101100000
Value 01100 00100
Fill
Image data Image data Image data Image data Image data Image data Image data
(Bit: 0)
Dilated Cloud is not
Cloud Cloud is not dilated or no . Cloud is not Cloud is not dilated or no Cloud is not dilated or no Cloud is not dilated or no Cloud is not dilated or no
dilated or no .
cloud loud dilated or no cloud cloud cloud cloud cloud
(Bit: 1) clou
Cirrus Cirrus confidence: no . . Cirrus confidence: no Cirrus confidence: no Cirrus confidence: no Cirrus confidence: no
High confidence High confidence
confidence level set or low cirrus cirrus confidence level set or low confidence level set or low confidence level set or low confidence level set or low
(Bit: 2) confidence confidence confidence confidence confidence
Cirrus
Confidence Low confidence High confidence High confidence Low confidence Low confidence Low confidence Low confidence
(Bit: 14-15)
Cloud . High confidence Cloud confidence . . . . . . . .
High confidence cloud . . Cloud confidence is not high Cloud confidence is not high Cloud confidence is not high Cloud confidence is not high
(Bit: 3) cloud is not high
Cloud
Confidence High confidence High confidence Low confidence Low confidence Low confidence Low confidence Low confidence
(Bit: 8-9)
Cloud
Cloud shad Cloud shad
Shadow Cloud shadow confidence is ouds a' ov ouds a' ov High confidence cloud Cloud shadow confidence is Cloud shadow confidence is Cloud shadow confidence is
. confidence is not confidence is not . . .
not high . R shadow not high not high not high
(Bit: 4) high high
Cloud
Shadow
Confidence Low confidence Low confidence Low confidence High confidence Low confidence Low confidence Low confidence
(Bit: 10-11)
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. Snow/I Snow/I . . .
Snow Snow/Ice confidence is not now ({e now ?e Snow/Ice confidence is not Snow/Ice confidence is not Snow/Ice confidence is not .
hich confidence is not confidence is not hich high hich High confidence snow cover
(Bit: 5) & high high g g g
Snow/Ice
Confidence Low confidence Low confidence Low confidence Low confidence Low confidence Low confidence High confidence
(Bit: 12-13)
Clear . . . Cloud and dilated . . . . . . . .
Cloud or dilated cloud bits Cloud or dilated cloud bits are not Cloud and dilated cloud bits Cloud and dilated cloud bits Cloud and dilated cloud bits Cloud and dilated cloud bits
i are set cloud bits are set are not set are not set are not set are not set
(Bit: 6) set
Water
Land or cloud Land or cloud Water Land or cloud Water Land or cloud Land or cloud
(Bit: 7)
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A similar analysis is conducted on the atmospherically corrected (p,,) images. Figure A2.2 illustrates
the distribution of available water pixels within the region of interest for both groups of Landsat scenes:

the 17/30 and 18/30 path/row configurations.
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Figure A2.2. Water pixel availability of collected imagery

2. Atmospheric Correction using ACOLITE (Further Details)

Minor adjustments have been made to the default settings of ACOLITE to ensure high-quality output
products of p,,, effectively correcting for atmospheric effects. These adjustments are as follows: The
non-water masking threshold, p(1610) band, has been raised from 0.0215 to 0.050; the cirrus masking
threshold, from 0.005 to 0.010; and the TOA reflectance masking threshold, from 0.3 to 0.5 for a more
conservative masking process of non-water pixels. Additionally, the Gaussian smoothing kernel size
for the L2W mask has been increased from the default 3 to 4. Furthermore, cirrus correction using
Landsat's p(1370) band, as well as control of residual glint correction, have been implemented. Also,
EARTHDATA credentials have been provided for accessing ancillary and SRTM DEM data. This has

resulted in high-quality water-leaving products apt for a Chl-a retrieval study. Upon inspecting the pixel
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values of Level-1 images (before atmospheric correction) and ACOLITE-processed images, a
significant difference and improved correlation of the spectral signatures with recorded field Chl-a

measurements of the same pixels can be observed (see Figure A2.3).
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Figure A2.3. Comparing the matchup pixel reflectance's before (prg,) and after (p,,) atmospheric correction.
The thickness of the dashed lines positively corresponds to their in-situ Chl-a concentration. The background

colour scheme depicts the visible spectrum.

3. Chl-a Retrieval Model (Further Details)

In order to better approximate a normal distribution, the in-situ Chl-a data underwent a logarithmic
(base 10) transformation. Figure A2.4 illustrates the results of the feature importance analysis, with (a)
displaying the simple Spearman's and Pearson's correlation coefficients and (b) reporting the SHAP

value, both highlighting the highest importance of I3 in comparison to other reflectance indexes.
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Figure A2.4. Results of the feature importance analysis. Figure (a) illustrates the Pearson (top triangle) and
Spearman's rank (bottom triangle) correlations coefficients. Figure (b) depicts the SHAP value for each feature

indicating their importance in predicting Chl-a.
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After selecting the input feature (I3) for the regression model, the fitted trendline, based on an
exponential trend, is selected with RMSLE of 0.24 and R? of 0.41, as illustrated in Figure A2.5 (b).
The resulting regression equation is then used to generate 'Modeled Chl-a' values, which are plotted
against the 'In-Situ Chl-a,' showcasing the overall performance of the model in Figure A2.5 (a). The
performance metrics of RMSE, MAE, MAPE of 8.49, 5.06, and 78% were calculated (averaged)
respectively, using a 5-fold cross-validation, allocating 80% of the data for training and the remaining

20% for testing in each iteration.
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Figure A2.5. Results of the regression analysis. Figure (a) illustrates the measured vs model Chl-a concentration

relationship. Figure (b) depicts the relationship between the predictor (I3) and response (Chl-a)

4. Spatial-Temporal Variability and Trends (Further Details)

Figure A2.6 presents annual and monthly boxplots for all available in-situ data from 2013 to 2023 for
Hamilton Harbour, with maximum and average points colour-coded to enhance visibility. Despite the
presence of numerous extreme events — highlighted particularly in 2014, 2016, 2017, and the months
of April and October, with the exceptions being September and February 2021 which did not exhibit
any outliers — alongside significant data gaps in 2019 and 2020, and a scant number of records in
January, February, and December of 2022, this dataset was instrumental in validating the bloom

intensity results for Hamilton Harbour.
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Figure A2.6. Annual and monthly boxplots of in-situ Chl-a concentration data from Hamilton Harbour,
compiled from various sources for the period 2013-2023. The green and red lines indicate the average and
maximum values, respectively, for each (a) year and (b) month. The shaded green background denotes different
trophic states based on Carlson's TSI: oligo-mesotrophic (up to 7.2 pg/L), eutrophic (7.2 to 55.5 pg/L), and
hypereutrophic (more than 55.5 pug/L)

For Lake Ontario, due to the insufficiency and spatial distribution of sampling points, we opted for the
NOAA dataset comprising satellite-derived surface Chl-a concentration estimates from the MODIS
sensors, with spatial resolution of 250 m. NOAA's dataset utilizes a band-ratio retrieval algorithm,
based on GLNPO monitoring data, to offer monthly averages that highlight long-term trends and
seasonal variations in Chl-a concentration across the Great Lakes. Our analysis calculated the average
pixel values from annual average maps, incorporating error bars for variability, and plotted these against
NOAA's average estimated Chl-a concentration (see Figure A2.7) accessible through the NOAA's
National Marine Ecosystem Status website. A key distinction is that our data focus on the western part

of Lake Ontario, whereas NOAA's dataset represents lake-wide averages derived from MODIS.

The results of the multidimensional trend analysis conducted by ArcGIS Pro are displayed in Figure
A2.8 for (a) the slope and (b) RMSE of a linear trend, and (c) Sen's slope of the Mann-Kendall test.
Sen's slope, a non-parametric measure, provides a robust estimate of the median trend slope, indicating
the magnitude and direction of trends over time. Here, (a) and (c) indicate the strength and direction of

the trend, while (b) highlights the uncertainties associated with it.
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Figure A2.7. Comparison of satellite-derived annually averaged lake-wide estimates of Chl-a concentration
reported in NOAA dataset (red) versus our maps (blue), from 2013 to 2023. The error bars represent standard

deviations from the measurements.
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Figure A2.8. Maps of trend analysis of 2013-2023 estimated Chl-a concentration maps: (a) slope of linear trend
(b) RMSE of linear trend (c) Sen's slope of Mann-Kendall test

The pixel values of the annual (a) and monthly (b) averaged estimated Chl-a concentration maps are
plotted against their shortest distance from the shore in Figure A2.9, colour-coded based on different

years or months, showcasing an exponential-like distribution with a distinct threshold at 3 km.
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Figure A2.9. Distribution of estimated Chl-a concentration in relation to distance from the shoreline, for (a) the

annual and (b) the eleven-year monthly averages
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Glossary

Algal Blooms

Algal blooms are defined by a significant increase in algal biomass.
Depending on the context and field, the definition might differ. Various
factors could be taken into account, for example, size and community
composition of algae. Here, algal blooms are defined as Chl-a concentration
above 10 pg/L, which aligns with the World Health Organization's guidelines

of exceeding 20,000 cyanobacterial cells per mL.

Apparent Optical
Properties (AOPs)

AOPs are optical measurements that depend on both the IOPs of the water and
the environmental conditions, such as the angle and quality of incident
sunlight and the viewing geometry of the sensor. AOPs, such as water-leaving
reflectance and remote sensing reflectance, are essential for remote sensing
applications as they are directly observable quantities that help in assessing

water quality and other aquatic characteristics.

Apparent

Reflectance

Apparent reflectance is derived when radiance is converted to reflectance, a
value that embodies both the spectral properties of the material under
observation and the methodology utilized in the conversion. It accounts for
external influences such as atmospheric conditions and viewing angles,
making it dependent on the specific circumstances of observation rather than

being a fundamental property of the object.

Atmospheric

Correction

Atmospheric correction is a procedure in remote sensing to eliminate the
effects of the atmosphere on the imagery data. By mitigating the influences of
absorption and scattering phenomena, it retrieves ground reflectance values

that are representative of the true characteristics of the earth's surface.

Case I and Case II
Waters

Case 1 and Case 2 Waters are classifications used in aquatic remote sensing
to distinguish between different types of water bodies based on their optical
properties. Case 1 Waters are primarily influenced by algae and related
organic materials, where the absorption and scattering of light are mostly
governed by chlorophyll concentration. Case 2 Waters, on the other hand, are
characterized by a more complex mix of substances, including sediments,
organic matter, and pollutants, which significantly influence their optical

properties.
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Cyanobacteria

Cyanobacteria, often referred to as blue-green algae (BGA), are
microorganisms that occur naturally in aquatic environments. They flourish
in warm, still or slow-moving waters that have a high nutrient content and get
abundant sunlight. Microcystins are the most commonly found toxins
produced by cyanobacteria. These invisible, tasteless, and odorless toxins

present hazards to the well-being of humans and animals.

Digital Number
(DN)

DN signifies the pixel values in raw images, which are derived from the
quantifiable amounts of energy captured by a sensor. These values are
recorded in pixels, creating digital images, with a range determined by the
sensor's radiometric resolution. For instance, Landsat 8 has a 16-bit resolution,
which produces pixel values between 0 to 65536, where higher values denote

greater radiant energy.

Inherent Optical
Properties (IOPs)

IOPs are the fundamental optical properties of water that are independent of
the ambient light field. They are determined by the water itself and the
materials dissolved or suspended within it, such as phytoplankton, detritus,
and dissolved organic matter. The key IOPs include absorption and scattering
coefficients, which influence how light penetrates, gets absorbed, and is

scattered within the water body.

Irradiance

Irradiance refers to the flux of radiant energy received per unit area of a
surface, usually expressed in W/m? or W/cm? It measures the power of
electromagnetic radiation incident on a surface per unit area, serving to

quantify the intensity of radiant flux impacting a specific area.

Levels (Processing

Levels)

Most satellite data are generally categorized into four distinct processing
levels.

Level 0: Unprocessed, raw satellite data.

Level 1: Data corrected for geometric and radiometric errors, showing
reflectance at the top of the atmosphere.

Level 2: Data adjusted for surface reflectance, including atmospheric
corrections.

Level 3: Final data products (such as Chl-a maps), derived from level 2 data.
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Normalized Water-
Leaving

Reflectance (p,,,,or

[Pwln)

Similar to p,, but when the view angle is corrected so the values are as they
would have been observed in the nadir. Most of the time it is pretty close to

that of p,,.

Optically Active
Constituents

(OACs)

OACs refer to the substances in water bodies that influence its optical
properties. These include phytoplankton pigments, suspended particulate

matter, and CDOM.

Optical Water
Types (OWTs)

OWTs refer to the classification of water bodies based on their optical
properties as observed through remote sensing techniques. This categorization
is determined by factors such as water colour, clarity, and the presence of

substances like sediments and algae.

Radiance (L)

Radiance (L) designates the amount of radiant energy perceived per unit area
from a specific direction per unit solid angle, typically expressed in units of
Wm?sr'um™. It is influenced by several factors including the reflectance
properties of the target, adjacent pixels, atmospheric interactions, and
radiation sources like the sun. Landsat images are supplied in DN values,
which can be transformed into radiance using the equation:

L(A) = [Gain X DN(A)] + Of fset

Radiometric

Calibration

Radiometric calibration is the process of transforming DN values in remote
sensing imagery into physical units such as radiance or reflectance. It accounts
for sensor peculiarities, acquisition conditions, and calibration parameters,
ensuring uniformity and comparability between different images and across

various sensors.

Rayleigh Corrected
Reflectance (Rg¢)

Rayleigh corrected reflectance is used in remote sensing to adjust satellite
imagery for atmospheric scattering, specifically Rayleigh scattering. This
process enhances the accuracy of surface reflectance data by removing the

blue light scattering caused by atmospheric particles.
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Reflectance (p or

R)

Reflectance (p), is a dimensionless ratio that illustrates the proportion of
incident light that is reflected by a surface target. It is utilized in remote
sensing to discern materials based on their distinct spectral signatures,
offering a means to identify and analyze different materials and surfaces. It is
worth noting that antithetical to reflectance are ‘'absorbance' and
'transmittance', representing the fraction of incident light absorbed and

transmitted by the surface, respectively.

Remote Sensing

Reflectance (Rgs)

Remote Sensing Reflectance (Rgs) is a key parameter in aquatic RS. It is
defined as the ratio of the water-leaving radiance [Ly,(1)] to the downwelling
irradiance just above the surface of the water [E;(A)]. Mathematically, it is

expressed as:

Ly (D)

Rprs(1) = 00

Surface Reflectance

(ps or Rg)

Surface Reflectance (ps) delineates the fraction of incident light that is
reflected by the Earth's surface, devoid of atmospheric influences. It is derived
by adjusting top-of-atmosphere reflectance for atmospheric effects, sensor
attributes, and viewing geometry, providing a more accurate depiction of the

Earth's surface properties.
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Top-of-Atmosphere

Reflectance (proa

or Rroa)

To diminish variations between different scene captures, images rendered in
radiance can be converted into TOA reflectance. This metric integrates both
surface and atmospheric reflections and accounts for solar irradiance to ensure
consistency across various observations. This technique primarily serves to
reduce between-scene variability by normalizing for solar irradiance,
facilitating a uniform approach to the analysis of remote sensing imagery. The
unitless parameter equates to the ratio of the reflected energy to the incoming
solar power, and is derived through the formula:

S X Lyoa(A) X d?
Proa ) = ESUN ) x cos (@)

where:

d is Earth-Sun distance in astronomical units (AU)

L1oa(A) is the radiance measured at the top of the atmosphere by a satellite
sensor

ESUN(A) is the mean solar exoatmospheric irradiance (in Wm?um™)
0 is the solar zenith angle (in degrees)

Sentinel 2 images are provided in scaled TOA reflectance.

Water-Leaving
Reflectance (p,,)

Water-leaving radiance reflectance (or commonly known as water-leaving
reflectance although this is somewhat of a misnomer) is a key AOP in the RS
of water quality, paramount for retrieving information on OACs such as Chl-
a. It is a measure of the light that has interacted with the water column and is

reflected back towards the atmosphere and detected by a sensor.

L, (0%,2)
Eq(0%,4)

Where L, (0*,1) and E;(0%,1) are the water-leaving radiance and the

pw(d) =m = TRps (1)

downward irradiance just above the surface respectively, and Rgg (sr'!) is the

remote sensing reflectance.
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