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Abstract 

Phytoplankton are the primary producers in the ocean, forming the base of the marine food web. 

Among them, coccolithophores hold particular significance due to their ability to form extensive 

blooms and their unique role in oceanic calcium and carbonate cycling, as well as related 

biogeochemical processes. Current limitations in using satellite imagery to derive accurate 

phytoplankton data, such as chlorophyll concentrations and phytoplankton functional types stem 

from insufficient in situ reflectance measurements to develop models and validate satellite 

reflectance. To address this, we deployed a suite of hyperspectral radiometers equipped with 

autonomous solar tracking capability, collectively known as SAS Solar Tracker (Satlantic 

Inc./Sea-Bird, denoted as SAS-ST hereafter), atop a commercial ferry traversing the Salish Sea, 

Canada. We specified the optimal geometry for SAS-ST installation, as well as the identification 

and flagging of unfavourable meteorological conditions, correction for sun glint and skylight 

contributions, mitigation of structural interferences, and subsequent application of bidirectional 

reflectance distribution function (BRDF) corrections to ensure optimal data quality. Assessment 

of the final data quality was conducted using a quality assurance method that considers spectral 

shape similarity, revealing that approximately 92% of the acquired reflectance data aligned well 

with the global database, indicating high quality. During the data collection period of this 

research in the summer of 2016, an unprecedented coccolithophore bloom occurred in the Salish 

Sea area. Coccolithophores, a distinctive phytoplankton species, are encased in calcium 

carbonate plates called coccoliths, which can be shed into the water during later stages of the 

blooms, significantly augmenting water reflectance. Based on its unique spectral features, our 

research successfully identified the presence of the coccolithophore bloom and further 

categorized the bloom spectra into growing and decaying stages. The hyperspectral reflectance 
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SAS-ST data were initially convolved to the Sentinel-3A OLCI 10 spectral bands spanning 400 

to 709 nm. Comparison of Sentinel-3A OLCI satellite spectra with SAS-ST in situ data revealed 

that reflectance acquired by the OLCI satellite was underestimated, particularly in the 400-443 

nm range and the decaying bloom category. Consequently, we developed an adapted machine 

learning algorithm based on wavelengths ranging from 490 nm to 709 nm, which increased the 

overall prediction accuracy for OLCI-measured coccolithophore spectra from 0.794 to 0.891, and 

enhanced the Kappa coefficient from 0.14 to 0.60. By leveraging data from autonomous 

shipborne In situ SAS-ST and Sentinel-3A OLCI, my research overcomes current limitations of 

coccolithophore detection algorithms in coastal waters impacted by river plumes, while also 

providing new insights into coccolithophore dynamics and potentially enhancing their remote 

sensing.
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Chapter 1: Introduction 

1.1 Overview 

Ocean colour satellite sensors, characterized by their ability to monitor spectral variations 

in water leaving radiance or reflectance across the visible bands of the electromagnetic spectrum, 

serve as a practical tool for large-scale, synoptic monitoring of aquatic environments, thus 

providing a comprehensive assessment of the environment's bio-optical variables (Werdell et al., 

2018; Groom et al., 2019; Sathyendranath et al., 2017, 2023). Utilizing satellite sensors for ocean 

colour analysis enables extensive monitoring of key bio-optical variables, including 

phytoplankton through the retrieval of chlorophyll-a (the primary phytoplankton pigment; Mélin 

et al., 2011) and phytoplankton functional types (PFTs; IOCCG, 2014), as well as other optically 

active constituents such as coloured dissolved organic matter (CDOM; Mannino et al., 2014) and 

non-algal particles (Dogliotti et al., 2015). Ocean colour data provide important information for 

addressing ecosystem-based fisheries management, analysis of ocean biogeochemical cycles, 

assessment of ecosystem health, and examination of climate change impacts (Sathyendranath et 

al., 2023; Brewin et al., 2024). Ocean colour satellites can monitor distinctive PFTs like 

coccolithophores, whose unique optical properties make them particularly visible in satellite 

observations. This highlights their significance as an important phytoplankton group to track, 

with satellite sensors offering a valuable tool for studying their presence and bloom dynamics on 

a global scale. 
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Coccolithophores, a distinctive group within the phytoplankton community, are 

characterized by their unique exoskeleton comprised of an assemblage of individual calcium 

carbonate plates called coccoliths (Young et al., 2003). This characteristic feature highlights their 

unique role in marine ecosystems and biogeochemical cycles, particularly in oceanic calcium and 

carbonate cycling and associated biogeochemical processes through the formation of these 

calcareous structures (Balch et al., 2011; Balch and Mitchell, 2023). Among the various species 

of coccolithophores, Emiliania huxleyi is notably predominant, exhibiting a wide latitudinal 

distribution that extends from tropical to subpolar oceans (Holligan and Balch, 1991; Tyrrell and 

Merico, 2004). These organisms exert a strong influence on the optical properties of the water, 

increasing water reflectance due to the backscattering properties of their coccospheres. In the 

later stages of their bloom cycle, when E. huxleyi overproduces and sheds coccoliths, the 

detached coccoliths further enhance backscattering, significantly contributing to the observed 

increase in water reflectance (Groom and Holligan, 1987; Holligan et al., 1993; Brown and 

Yoder, 1994). This interaction with light imparts a distinctive milky-turquoise hue to the ocean, a 

phenomenon that renders these unique blooms particularly conspicuous using ocean colour 

satellites, thus facilitating their detection and monitoring from space (Gordon et al., 2001; Balch 

et al., 2005).  

The successful use of satellite ocean colour remote sensing to retrieve ocean variables, 

including PFTs such as coccolithophores, relies on the vicarious calibrations and validation of 

the satellite data through in situ measurements acquired at the ocean surface (Mélin, 2022; 

Valente et al., 2022). Specifically, this involves the system vicarious calibration of the satellite 

sensor and rigorous atmospheric correction of top-of-atmosphere measured radiance (LTOA) to 



 

 

 

3 

align with in situ measurements, thereby enabling the accurate derivation of above-water remote 

sensing reflectance (Rrs0+) and biogeochemical products (Zibordi et al., 2015a, 2015b; Mélin, 

2022; Valente et al., 2022). The scientific community has undertaken significant efforts to collect 

and systematically archive ocean colour in situ measurements (Valente et al., 2022), including 

contributions from several long-term international programs that provide Fiducial Reference 

Measurements (FRMs). For instance, the Marine Optical BuoY (MOBY), a fixed mooring in situ 

radiometric system deployed off the coast of Lanai, measures incident sunlight and water-leaving 

radiance at various depths (Clark et al., 2003). Another example is the Ocean Colour component 

of the Aerosol Robotic Network (AERONET-OC), which provides fully normalized water-

leaving radiance through standardized measurements conducted at different sites using identical 

systems and protocols, calibrated with a single reference source and method, and processed with 

the same codes (Zibordi et al., 2006, 2009). 

Effectively separating the atmospheric signal from LTOA necessitates high-quality in situ 

matchup radiometric data. This data is required for both the development and validation of 

atmospheric correction models, thereby enhancing the accuracy of derived products such as 

water-leaving radiance (Lw) and remote sensing reflectance (Rrs0+)  (Ruddick et al., 2006; 

Ahmad et al., 2010). The validation of atmospherically-corrected Lw and Rrs0+ typically involves 

comparative analyses with in situ measurements acquired from a variety of platforms, including 

moored buoys (Antoine et al., 2008), stationary platforms (Zibordi et al., 2006, 2009; 

Vansteenwegen et al., 2019; Tilstone et al., 2020; Vanhellemont and Ruddick, 2021), and mobile 

platforms such as research vessels and ships of opportunity (Simis and Olsson, 2013; Brando et 

al., 2016; Carswell et al., 2017; Tilstone et al., 2020; Giannini et al., 2021; Brewin et al., 2024). 
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The above methodologies serve as solutions to mitigate the lack of in situ measurements, thereby 

optimizing the utility of ocean colour satellite data and atmospheric correction models. 

However, off the western coast of Canada, the availability of in situ matchups for satellite 

optical sensors, including those for multispectral Sentinel-3 series, is constrained due to the high 

expenses associated with ocean-based fieldwork, the labour-intensive nature of manually 

adjusting the radiometer's geometry on ships-of-opportunity, and the frequent cloud cover, which 

diminishes the quality of costly field-collected data. To address these problems, this research 

utilizes the SAS Solar Tracker (denoted as SAS-ST), a suite of autonomous hyperspectral 

radiometers installed on a commercial ferry that crosses the Salish Sea multiple times daily. Its 

effective deployment and successful operation greatly enhanced the understanding of the Salish 

Sea area, especially given the limited number of available matchups before its implementation 

(Carswell et al., 2017). In addition to increased spectral resolution, SAS-ST also enables 

spatially continuous measurement of the water body when deployed on mobile platforms, 

different from stationary above-water sensors such as AERONET-OC (Zibordi et al., 2006, 

2009) and WATERHYPERNET (Vanhellemont and Ruddick, 2021). This advancement not only 

enhances the ability to supplement the network of fixed platforms, but also expands the capacity 

for research and observation in various marine environments, including coastal waters, as in this 

research (Brewin et al., 2024). This move from multispectral to hyperspectral, from fixed 

platform and occasionally cruise to consistent mobile platform, has resulted in the availability of 

a large in situ ocean colour dataset for this research. Moreover, the methodology outlined in this 

work is adaptable to other regions worldwide that lack in situ reflectance data, utilizing ships-of-

opportunity platforms.  
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Coinciding with the SAS-ST acquisition period, an unprecedented coccolithophore 

bloom, one order of magnitude more intense than typical blooms (Balch and Mitchell, 2023), 

occurred in the Salish Sea area (NASA, 2016; Chandler et al., 2017; Simpson et al., 2022; 

Nemceka et al., 2023). The SAS-ST acquired above water radiometric data throughout the entire 

life cycle of this coccolithophore bloom. The current approach for identifying and monitoring 

coccolithophore bloom dynamics and distribution patterns across global oceans mainly relies on 

satellite technology and associated algorithms (Balch and Mitchell, 2023). Additionally, the 

widely accepted coccolithophore flagging algorithms were developed primarily for Case 1 open 

ocean waters (Moore et al., 2012), rendering them unsuitable for application to coccolithophore 

blooms occurring in Case 2 coastal waters, as in our case. Therefore, the in situ hyperspectral 

measurements provided by SAS-ST in the Salish Sea was crucial to enable a more detailed 

analysis of the reflectance characteristics of coccolithophores bloom development, supporting 

the development of a more refined detection algorithm for coccolithophore monitoring in the 

coastal region. 

A variety of methodologies have been developed and implemented for detecting and 

characterizing coccolithophore bloom events using satellite observations, effectively identifying 

and monitoring bloom dynamics and distribution patterns across global oceans, thereby 

enhancing our understanding of their potential impacts on marine ecosystems and 

biogeochemical cycles (Balch and Mitchell, 2023). These approaches utilize the distinctive 

reflectance patterns of coccolithophore blooms, including the coccolith flag algorithm proposed 

by Brown and Yoder (1994) and later modified by Iglesias-Rodríguez et al. (2002), as well as an 

optical water type classifier proposed by Moore et al. (2012). Other approaches for 



 

 

 

6 

coccolithophore detection are the estimation of particulate inorganic carbon (PIC) concentrations 

from ocean colour imagery, given that coccolithophores are the major producer of PIC among 

the many calcifying marine organisms (Tyrrell et al., 1999; Smyth et al., 2002; Balch et al., 

2011). PIC primarily comprises calcium carbonate produced by various planktonic organisms, 

such as coccolithophores, foraminifera, and pteropods, with coccolithophores responsible for the 

majority of optical PIC backscattering, while larger PIC particles associated with foraminifera 

and pteropods have minimal optical impact (Balch et al., 1996; Balch and Mitchell, 2023). Two 

widely used PIC algorithms are the two bands or three bands (2B/3B) method proposed by Balch 

et al. (2005) and Gordon et al. (2001), which have been accepted as NASA's standard PIC 

algorithms, along with the two-band colour index algorithm introduced by Mitchell et al. (2017). 

1.2 Research Objectives  

The main goal of my research is to develop a machine learning model to characterize 

coccolithophore bloom development based on in situ autonomous radiometry and Sentinel-3A 

data. This was accomplished by analyzing a unique time series of above water reflectance data 

acquired with an autonomous set of radiometers deployed in the Queen of Oak Bay Ferry, 

crossing the Salish Sea, Canada, during the development of an intense coccolithophore bloom. 

Prior to the model development, the installation, deployment settings, flags and corrections and 

quality control of the in situ radiometric data were performed. The following specific objectives 

were addressed: 

(1) Develop a methodological framework to facilitate the acquisition, processing, and quality 

control of above water remote sensing reflectance obtained with the SAS Solar Tracker 
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system, focusing on robust procedures to ensure high quality measurements under ideal 

environmental conditions. To accomplish this, a set of autonomous radiometers were 

installed aboard the ferry, ensuring optimal geometry for data acquisition. Flags were 

developed to filter out measurements under adverse meteorological conditions, and 

corrections were applied for sky glint, ship superstructure perturbation and BRDF effects, 

followed by a quality control procedure to ensure data reliability. This high quality in situ 

dataset was then used to train a machine learning model for the coccolithophore bloom 

development stages classification in Objective 2. 

(2) Utilize in situ measurements collected with SAS-ST as validation matchups for satellite-

derived (OLCI from Sentinel-3A) atmospherically corrected Rrs0+, and leverage both 

datasets to develop regional machine learning models aimed at monitoring both the 

occurrence and temporal evolution of coccolithophore blooms in the Salish Sea. To 

accomplish this, the in situ dataset from Objective 1, which involved a detailed 

processing of in situ SAS Solar Tracker measurements, was used to develop a machine 

learning model for characterizing coccolithophore bloom development stages. This model 

was then applied to Sentinel-3A imagery to enable large scale monitoring of bloom 

dynamics in the Salish Sea.  

Overall, this research advances our knowledge to use remote sensing data, both in situ and 

satellite, to track coccolithophore bloom dynamics by analyzing a robust and comprehensive 

dataset that integrates autonomous shipborne in situ reflectance measurements with satellite-

derived reflectance data. The outcome of this thesis enhances the availability of in situ matchups 

that support the validation of satellite ocean colour sensors in the Salish Sea through the 
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successful operation of the autonomous SAS-ST system aboard a commercial ferry, thus 

contributing to the global effort to define operational methods for increasing in situ data to 

validate present and future satellite platforms. Furthermore, by combining satellite data with the 

large in situ reflectance dataset, I developed a regional machine learning model aimed at 

satellite-based monitoring of coccolithophore blooms in the Salish Sea with high detection 

accuracy. Beyond regional applications, the methodological framework established in this study 

can be adapted to other oceanic regions, contributing to improved measurements of 

coccolithophore distributions in the global ocean. This is essential for refining estimates of 

oceanic carbon fluxes, understanding associated biogeochemical cycling, and assessing potential 

impacts on fisheries and marine ecosystem health. 

1.3 Thesis Structure  

This thesis is separated into two main papers to address the research objectives. Chapter 2 

(Objective 1) provides a methodological framework for the acquisition, processing, and quality 

control of above-water remote sensing reflectance acquired with the autonomous ship-borne in 

situ radiometers-SAS-ST. It should be noted that Chapter 2 is the published paper Wang and 

Costa (2022); however, we acknowledge that Wang is the principal author (defined as the co-

author who is responsible for 90% or more of a paper’s contents). Chapter 3 (objective 2) uses 

the in situ measured Rrs0+ collected with SAS-ST obtained as part of objective1, in conjunction 

with Sentinel-3A atmospherically corrected Rrs0+ to develop regional machine learning models 

for coccolithophore bloom monitoring. Lastly, the conclusion (Chapter 4) unites these two 

objectives and summarizes the broad implications of my work.  
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Abstract 

Present limitations on using satellite imagery to derive accurate chlorophyll concentrations and 

phytoplankton functional types arise from insufficient in situ measurements to validate the 

satellite reflectance, Rrs0+. We installed a set of hyperspectral radiometers with autonomous solar 

tracking capability, collectively named SAS Solar Tracker (Satlantic Inc./Sea-Bird), on top of a 

commercial ferry, to measure the in situ reflectance as the ferry crosses the Salish Sea, Canada. 

We describe the SAS Solar Tracker installation procedure, which enables a clear view of the sea 

surface and minimizes the interference caused by the ship superstructure. Corrections for 

residual ship superstructure perturbations and non-nadir-viewing geometry are applied during 

data processing to ensure optimal data quality. It is found that the ship superstructure 

perturbation correction decreased the overall Rrs0+ by 0.00055 sr-1, based on a black-pixel 

assumption for the infrared band of the lowest-acquired turbid water. The BRDF correction using 

the inherent optical properties approach lowered the spectral signal by ~5-10%, depending on the 

wavelength. Data quality was evaluated according to a quality assurance method considering 

spectral shape similarity, and ~92% of the acquired reflectance data matched well against the 

global database, indicating high quality. 
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2.1 Introduction 

Ocean colour satellite sensors are a practical approach for large-scale synoptic monitoring of 

aquatic environments by providing bio-optical variables such as chlorophyll concentration (a 

direct proxy for phytoplankton biomass) and inherent optical properties (Sathyendranath et al., 

2017; Werdell et al., 2018; Groom et al., 2019). However, proper vicarious calibration (space 

sensor calibration) and atmospheric correction of top of atmosphere measured radiance (LTOA) 

are required to retrieve accurate water-leaving radiance (Lw) and, consequently, remote sensing 

reflectance (Rrs0+) and biogeochemical products (Zibordi et al., 2015a, 2015b). For space sensor 

calibration, Fiducial Reference Measurements (FRMs), which come with uncertainty budgets 

including those for sensors calibration and high-quality protocols for data acquisition, are 

ultimately required (Ruddick et al., 2019). Long-term international programs providing FRMs 

are, for example, the Marine Optical Buoy (MOBY), the Buoy for the Acquisition of a Long-

Term Optical Time Series (Bouée pour L'acquisition de Séries Optiques à Long Terme, 

BOUSSOLE), the NASA bio-Optical Algorithm Data set (NOMAD), the Ocean Reflectance 

Models (ORM) and the Ocean Colour component of the Aerosol Robotic Network (AERONET-

OC). Generally, these programs have provided a range of 46 to 241 high-quality matchups over 3 

to 7 years for vicarious calibration of various ocean colour satellites (Zibordi et al., 2015b). For 

addressing the atmospheric signal from LTOA, high quality in-situ radiometric data is also 

required for the development and validation of optimal atmospheric correction models (Ruddick 

et al., 2006; Ahmad et al., 2010; Müller et al., 2015; Carswell et al., 2017; Zibordi et al., 2018; 

Giannini et al., 2021). Atmospherically-corrected Lw and Rrs0+ are generally validated in 

comparison with in-situ matchups acquired with radiometers installed on moored buoys (e.g., 
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Antoine et al., 2008), stationary platforms (e.g., Zibordi et al., 2006, 2009; Vansteenwegen et al., 

2019; Tilstone et al., 2020; Vanhellemont and Ruddick 2021), and mobile platforms such as 

research vessels and ship of opportunities (e.g., Simis and Olsson 2013; Brando et al., 2016; 

Carswell et al., 2017; Ottaviani et al., 2018; Tilstone et al., 2020; Giannini et al., 2021). Among 

mobile platforms, deploying sensors aboard research vessels is the most common approach and 

requires different levels of human interaction to provide optimal geometry for data acquisition. 

For instance, Ruddick et al. (2006), Carswell et al. (2017), Phillips and Costa (2017) and Tilstone 

et al. (2020) adjusted the geometry as required according to the Sun and vessel position. Hooker 

et al. (2012), Simis and Olsson (2013), Brando et al. (2016) and Ottaviani et al. (2018) deployed 

instead radiometers with the autonomous capability of defining optimal geometry based on real-

time Sun position and ship orientation. 

Within the scope of autonomous measurements from stationary and mobile platforms, 

predefined optimal geometry of acquisition, flagging of non-optimal environmental conditions, 

data correction for the effects of Sun glint and skylight contributions, and structure interferences 

are the most important to obtain high-quality Rrs0+ measurements (Hooker and Morel 2003; 

Zibordi et al., 2006, 2009, 2015a; Simis and Olsson 2013; Ottaviani et al., 2018). First, 

maintaining optimal viewing geometry is a considerable challenge in shipborne reflectance 

measurement as the ship and the Sun are constantly moving. The general ideal geometry of 

acquisition, as recommended in the literature, is as follows: a viewing zenith angle (θv) of the 

upwelling radiance sensor (Lt) of 40o, and a viewing azimuth angle (φv) between the sensors and 

the Sun of 90 o < φv <135 o (ideally 135 o) to minimize Sun glint (Mobley 1999; Simis and Olsson 

2013). At the same time, the sensors should be deployed to avoid the effect of ship shadow, sea 
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spray, and minimize ship superstructure perturbation (Mobley 1999; Hooker and Morel 2003; 

Ottaviani et al., 2018). Second, the instantaneous cloud cover conditions affect the spectral 

(ir)radiance distributions from the Sun and sky, thus resulting in variation in measurements of 

sky radiance and in the sky glint contribution to the upwelling radiance (Mobley 1999; Ruddick 

et al., 2006). Therefore, clear sky conditions are ideal for high-quality measurements. As such, 

meteorological flags need to be applied. Finally, the presence of a fixed platform or the research 

vessel itself modifies the radiance field, since the platform shadow or multiple reflections 

between the superstructure and the water can fall into the sensor’s field of view (Hooker and 

Morel 2003).  

Here, we provide a framework for the acquisition, processing, and quality control of 

above-water remote sensing reflectance acquired with the SAS Solar Tracker (Satlantic Inc./Sea-

Bird, denoted as SAS-ST). This autonomous sensor is installed aboard a ship of opportunity, the 

Queen of Oak Bay (QoOB) ferry, which crosses multiple times each day the Salish Sea off the 

west coast of Canada. The data processing included screening via meteorological flags, reflected 

sky radiance correction, superstructure signal correction and BRDF corrections, followed by 

quality control of Rrs0+ based on method by Wei et al. (2016). The defined framework was based 

on published protocols (Mobley 1999; Hooker and Morel 2003; Simis and Olsson 2013), and 

adapted for acquiring high-quality Rrs0+ measurements according to the local conditions. The 

purpose of these measurements is to provide matchups for validation of satellite-derived 

atmospheric corrected Rrs0+, and the development of regional hyperspectral-based bio-optical 

models for deriving biogeochemical products (e.g., phytoplankton functional types). Off the west 

coast of Canada, the number of available matchups is restricted due to the limited research vessel 
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trips, required labour on the ships of opportunity to manually adjust the radiometer’s geometry 

(Komick et al., 2009; Carswell et al., 2017) and the frequent cloud coverage (Hilborn and Costa 

2018). Therefore, the successful operation of the autonomous SAS-ST is very desirable in this 

area. The methodology presented here is adaptable to other regions of the world lacking in-situ 

reflectance data, and provides a step forward to complement a network of fixed platforms above-

water sensors such as AERONET-OC (Zibordi et al., 2009) and WATERHYPERNET 

(Vanhellemont and Ruddick 2021). 

 2.2 Materials and Method 

2.2.1 Study Area 

The Salish Sea is an estuarine system in the southwest of Canada, extending about 200 km in 

length by 30 km in width with an average depth of 150 m (Figure 1 A). It is composed of the 

Strait of Georgia (SoG), the Puget Sound and the Juan de Fuca Strait, and it is connected to the 

Pacific Ocean via the Juan de Fuca Strait in the South and the Johnstone Strait in the North. 

Since the northern passage is very constricted, most of the water exchange between the Salish 

Sea and the Pacific waters flows through the southern passage (Masson, 2002; Pawlowicz et al., 

2019). A vital feature of the SoG is the significant freshwater inputs from the Fraser River 

(Johannessen et al., 2003; Yunker and Macdonald, 2003), which drive southward estuarine 

circulation, and the corresponding river plume extends into and occasionally entirely across the 

central and southern SoG(Li et al., 2000; Halverson and Pawlowicz, 2008, 2011; Pawlowicz et 

al., 2017, 2019).The river plume has a high concentration of total suspended matter (TSM), and 

coloured dissolved organic matter (CDOM) due to its terrestrial origin, which produces optically 
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complex waters with the highest light attenuation, particularly in the spring and summer times 

(Loos and Costa, 2010). The discharge of the Fraser River typically peaks with a freshet in mid-

June following snowpack melt (Masson, 2002, 2006). 

Biologically, the Salish Sea typically has maximum diatom-dominated spring blooms 

followed by weaker fall bloom events (Allen and Wolfe, 2013). The timing of the spring 

phytoplankton bloom varies interannually and is mediated by light availability due to cloud 

cover, wind dynamics, and timing of spring freshwater outflow (Collins et al., 2009; Masson and 

Peña, 2009; Allen and Wolfe, 2013; Phillips and Costa, 2017; Suchy et al., 2019). The second 

most abundant phytoplankton group in this region is dinoflagellates, peaking in the summer and 

early fall (Pospelova et al., 2010). Calcifying phytoplankton, such as coccolithophore (Emiliania 

huxleyi), uncommon within the SoG (Haigh et al., 2015), were observed to flourish in July and 

August of 2016 when SAS-ST acquired data for the research presented here. With the high 

particulate discharge from the Fraser River, the Salish Sea is thus an optically dynamic coastal 

system (Loos and Costa, 2010). 
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Figure 1| (A) The Salish Sea study area. Red line indicates the track of the Queen of Oak Bay. 

Two yellow dots are Entrance Island (49.21 N, 123.81 W) and Halibut Bank (49.34N, 123.72W) 

for local wind measurement; (B) SAS-ST is installed on the deck of the Queen of Oak Bay (red 

circle) at a total height of 19 m above the water surface; (C) SAS-ST is mounted on top of a 

custom-fabricated pedestal, and the base of the pedestal is bolted to a welded stand. 

2.2.2 Dataset 

Here we describe the installation of the SAS-ST on the QoOB and data acquisition and 

processing. Biogeochemical data from the BC FerryBox, which automatically measures a series 

of environmental oceanographic parameters, aided in the ferry’s perturbation correction 

approach and the characterization of the water spectral types. 

2.2.2.1 SAS Solar Tracker Installation and Acquisition Geometry  

The SAS-ST was installed on a commercial ferry, BC Ferries Queen of Oak Bay, about 139 m 

long and 27 m wide. The ferry sails at approximately 20 knots (10.3 m/s) from Departure Bay, 
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Nanaimo to Horseshoe Bay, West Vancouver, BC, totaling a distance of about 55 km (Figure 

1A). The SAS-ST is mounted 19 m above the water surface on top of a custom-fabricated 

pedestal designed by Ocean Networks Canada (ONC), and the base of the pedestal is bolted to a 

welded stand (Figure 1B, C). The SAS-ST is equipped with a drive unit as a base and thus has 

the advantage of solar tracking capability, which permits autonomous operation to maintain 

optimal viewing geometry (Satlantic, 2016). The SAS-ST consists of two hyperspectral 

radiometers to measure sea surface total upwelling radiance, Lt(λ), and sky radiance, Li(λ), with a 

3° half-angle field of view (FOV), and a third sensor to measure the upper hemisphere 

downwelling irradiance, Es(λ) (Figure 2A). These sensors perform automated measurements up 

to a frequency of 3Hz, and automatically adjust their integration time to the instantaneously 

measured light intensity (Satlantic, 2016; Tilstone et al., 2020). In addition to the three 

radiometers and the drive unit, a GPS receiver and a junction box (including power and 

communication components) are mounted onto the SAS-ST system. The true ship heading data is 

acquired by a Hemisphere Vector GPS sensor installed by ONC beside SAS-ST, which processes 

signals from two GPS antennas to determine the true ship heading. These data are fed into the 

SAS-ST’s acquisition module housed in the junction box. This auxiliary GPS was required 

because the metal structure of the ferry causes the internal SAS-ST GPS’s heading measurement 

to lack the necessary accuracy. The SAS-ST serial data stream and auxiliary GPS heading 

measurement are sent to a serial-to-Ethernet converter, served on the ONC local area network 

(LAN) on a transmission control protocol (TCP) port. Mounted in the ONC telemetry box is a 

small computer that runs a driver developed on a Linux operating system. It has Ethernet 

connectivity and collects SAS-ST data from the LAN, stores the data, and sends it to ONC’s 
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server onshore. This setup allows for data to be downloaded in near real-time directly from 

ONC’s Oceans 2.0 portal (https://data.oceannetworks.ca/DataSearch). 

To avoid the effects of sun glint and reduce ship shadow and ship superstructure 

influence, the Lt(λ) and Li(λ) sensors were positioned at a fixed viewing zenith angle, θv = 50o, 

and programmed to maintain a sensor-sun azimuth φv = 120±5°, following Hooker and Morel 

(2003) (Figure 2A). The value of θv was adapted from the optimal guidelines to keep the FOV of 

the Lt sensor further away from the ferry and avoid ship shadow, while φv was chosen around 

120°, roughly the median of 90°-135°, to allow the drive unit to operate within a range of angles. 

These parameters are programmed as part of the “deployment setup” (see Appendix A, Section 

1) before the system starts acquiring data, and can be changed as needed. To attain the optimal 

geometric conditions, the ferry run from 12:50 to 14:30 local time was designated for data 

acquisition during the spring and summer.  

 The preset φv is maintained using the autonomous stepper motor platform that triggers the 

required positioning according to the ship heading and the solar azimuth. The geometric setup 

was planned for the ferry run that approximately coincides with the time of imagery acquisition 

by several operational ocean colour satellites. First, for the optimal time of data acquisition 

(12:50 to 14:30 LT), the solar azimuth angle relative to the ferry heading, indicated as g in Figure 

2B, changed within the 90° to 140° range, with the Sun always at starboard. This is important 

because the port side, where the SAS-ST was installed, was not directly illuminated by the Sun, 

so that the ship reflections in the region where the 𝐿. FOV falls (orange area in Figure 2B) are 

minimized. The defined geometry of acquisition adjusted optimal guidelines (Mobley, 1999) to 

https://data.oceannetworks.ca/DataSearch
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local conditions, and the data analysis followed the protocol of Hooker and Morel (2003) to 

minimize the interference of the white wall of the ship (Section 2.2.2.2.4). Moreover, based on 

the solar geometry at typical times of acquisition (θs ≈ 30°), a ship’s shadow measuring 14 m in 

extent (grey area in Figure 2B) was predicted to be cast at the port side, a fact which was 

confirmed during field observations. The ship’s shadow was within the FOV of the 𝐿. sensor 

when the rotator angle (denoted as a, with reference to the home position) was lower than -50°.  

Therefore, any SAS-ST data acquired at a lower than -50° were filtered out from further 

analysis.  

 

Figure 2| (A) SAS-ST geometry of acquisition. Red bars are the three radiometers with θv = 50°. 

The solar zenith angle θs is about 30° at the time of data acquisition in spring and summer. (B) 

Position of SAS-ST regarding the ferry and the Sun. The red bar indicates SAS-ST, blue 

indicates water, the orange stripe indicates the Lt footprint, and the grey area indicates ship 
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shadow as far as 14 m from the ship wall. g  is 90° to 140°, and a is -15° to -50°. Note that the 

ferry is not drawn to scale. 

2.2.2.2 SAS Solar Tracker Data Processing 

This section explains the data calibration and the meteorological flags used to preprocess the raw 

SAS-ST data. After the calibration and the application of the screening flags, data were subjected 

to sky and sun glint, ship perturbation, and BRDF corrections. 

2.2.2.2.1 Calibration and Flags 

An application with batch-mode capability, PySciDON (Python Scientific Framework for 

Development of Ocean Network application; Vandenberg et al., 2017), was developed by our 

research group to apply the calibration files to the raw data stream for each sensor. The software 

accounts for the rotator angle and Sun azimuth angle flag, time and wavelength interpolation, 

longitude or time binning, meteorological flags, Mobley’s wind-based rs factor correction 

(Mobley, 1999), and the correction for the ship superstructure perturbation. This application also 

provides band simulations for Sentinel-3 and MODIS-Aqua (not used in this research) and 

general statistical tools, including mean, median, and standard deviation for the specified binning 

mode. Sensors were freshly calibrated before deployment (and optics were cleaned bi-weekly 

during deployment), and the calibration files from Satlantic Inc. provide descriptions of the 

format of the raw data files. More details can be found in Vandenberg et al. (2017) and the 

Satlantic Inc.’s Instrument File Standard document (Satlantic, 2011). 

2.2.2.2.2 Meteorological Flags 
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The definition of meteorological flags followed the recommendations of Wernand (2002) to 

address unfavourable measurement circumstances, such as low light, dusk and dawn, and 

precipitation. The author defined a precipitation flag based on the ratio (denoted as r) between Es 

(λ = 940 nm) and Es (λ = 370 nm) to infer the influence of Mie scattering by raindrops at 370 nm 

and absorption by H2O at 940 nm (Eismann, 2012). This part of the spectra is beyond SAS-ST’s 

spectral range (350-800 nm); therefore, the precipitation flag uses 720 nm, which is also an 

absorption band of water vapour (Eismann, 2012), as also suggested by Wernand (2002). The 

low-light and dawn/dusk flags were also adjusted to the wavelength range of the SAS-ST. The 

meteorological flags were therefore specified as follows: 

Flag 1, Es(λ = 480 nm) >2 𝑢 W · cm−2 · nm−1: selecting significant Es (not low light). 

Flag 2, Es(λ=470nm)/Es(λ=680 nm)>1: masking spectra acquired at dawn/dusk. 

Flag 3, r=Es(λ = 720 nm) / Es(λ = 370 nm): value defined according to a predefined threshold 

masking spectra affected by rainfall and high humidity. 

The definition of Flag 3 took into consideration approximately 35000 in situ Es spectra 

acquired with the SAS-ST system at different meteorological conditions between 13:00 and 

14:30 LT from June 18 to July 13, 2016. All the measured in-situ spectra were averaged every 1 

minute, resulting in about 1400 averaged spectra. Humidity data at 1-minute intervals were 

acquired with an RM Young Temperature RH installed on the ferry. Additionally, a camera was 

installed horizontally on top of the SAS-ST supporting frame, to acquire sky photos with a 

similar viewing geometry as the Es sensor. Weather conditions were determined based on the 

visual evaluation of 1400 sky photos, which were organized into four classes: rainy, overcast, 
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variable clouds (corresponding to 100%, 75%, and 50% cloudy conditions), and clear sky 

(corresponding to <=25% cloudy and clear sky conditions). 

To address Flag 3, Es and humidity data measured simultaneously were associated with 

the four weather classes. With this dataset, a discriminant analysis (Gao, 2005) was applied to r 

(N=1,400) to determine the threshold value between two neighbouring classes of weather 

conditions (denoted as 𝑢∗) according to: 

𝒖∗ = 𝒖𝟏∗𝝈𝟐%𝒖𝟐∗𝝈𝟏
𝝈𝟏%𝝈𝟐

 (1) 

where 𝑢 and 𝜎 are the mean and the standard deviation of the two neighbouring weather classes. 

The spectra were organized according to 𝑢∗ into the weather condition classes. An accuracy 

assessment was conducted following a confusion matrix approach, which summarizes agreement 

and disagreement in the classified and in-situ, with the matrix’s diagonal elements representing 

the counts correctly classified (Rosenfield and Fitzpatrick-Lins, 1984). 

2.2.2.2.3 Deriving Rrs0+ 

Different approaches are available to derive Rrs0+, each with a certain level of complexity. For 

instance,  Ruddick et al. (2006) suggested considering the spectral shape of the Rrs0+ for 

moderately- to highly-turbid waters. Simis and Olsson (2013) developed the “fingerprint 

method” to minimize the atmospheric gas absorption features in the reflectance spectrum by 

optimizing the sky radiance contribution to the water radiance signal. Gege (2014) and Groetsch 

et al. (2017) put forward a three-component reflectance model, which considers a spectrally 

resolved offset to correct for residual Sun and sky glint. This method generally performs best 
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with local IOPs measurements, which can not always be applied to the water conditions of our 

study area. Here, the remote sensing reflectance (denoted as 𝑅!"#$$ ) was calculated following 

Mobley (1999) considering its good performance, simplicity and the wide use by the community 

(e.g., Zibordi et al., 2009; Zibordi 2016): 

𝑹𝒓𝒔𝑴𝟗𝟗(𝝀) =
𝑳𝒕(𝝀);𝝆𝒔𝑳𝒊(𝝀)

𝑬𝒔(𝝀)
   (2) 

where the numerator represents the water-leaving radiance, 𝐿$(l), and rs is the fraction of sky 

radiance (𝐿%) that is measured by the sea viewing sensor (𝐿&), (Mobley, 1999). Variable 

illumination and surface roughness conditions make the determination of rs a challenge (Mobley, 

1999).  The value of rs is usually less than 5% of the acquired Li (Morel and Bricaud, 1981). 

However, the sky glint (𝜌"𝐿'(𝜆)) can have a similar magnitude of Lw, and therefore the choice of 

rs significantly influences the accuracy of 𝑅!"#$$  calculations (Mobley, 1999). The value of rs 

was defined considering the local wind speed measured at Entrance Island (49.21 N, 123.81 W) 

and Halibut Bank (49.34N, 123.72W) (Figure 1A), available on the website of Environment and 

Climate Change Canada. Data from the ship anemometer were not used, due to challenges in 

correcting for the movement of the ferry. 

2.2.2.2.4 Ship superstructure perturbation correction  

The ship superstructure influences the above-water radiometry by introducing a signal to the 

radiance field measured by the sea viewing sensor. Here, we considered that the ship wall was 

always under non-sunlit conditions, which minimizes any superstructure reflection onto the 

water. Further, any data acquired at rotator angles lower than -50° (less than 14 m from the ship 
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wall) is removed from further analysis due to possible measurements of shadowed waters.  

Hooker and Morel (2003) assume that the reflection of a white ship’s superstructure onto the 

water (denoted 𝐿𝑠ℎ𝑖𝑝(𝜆)) has the same spectral composition as 𝐸s(𝜆), and that the infrared 

reflectance (e.g. 780 nm) from clear waters was negligible. Thus, the contribution of 𝐿𝑠ℎ𝑖𝑝(𝜆)) to 

Lt(𝜆), can be written as 

𝑳𝒔𝒉𝒊𝒑(𝝀) = [𝑳𝒕(𝟕𝟖𝟎);𝝆𝒔𝑳𝒊(𝟕𝟖𝟎)]
𝑬𝒔(𝟕𝟖𝟎)

𝑬𝒔(𝝀) = 𝑹𝒓𝒔𝑴𝟗𝟗(	𝟕𝟖𝟎)𝑬𝒔(𝝀)  (3) 

At any wavelength, the reflectance corrected for the sky and ship perturbation contributions, 

denoted 𝑅!"
#$$%"&'((𝜆), was calculated as 

𝑹𝒓𝒔
𝑴𝟗𝟗%𝒔𝒉𝒊𝒑(𝝀) = [𝑳𝒕(𝝀);𝝆𝒔𝑳𝒊(𝝀);𝑳𝒔𝒉𝒊𝒑(𝝀)]

𝑬𝒔(𝝀)
   (4) 

Substituting for 𝐿"&'((𝜆)	in Eq. 4, we have: 

𝑹𝒓𝒔
𝑴𝟗𝟗%𝒔𝒉𝒊𝒑(𝝀) = [𝑳𝒕(𝝀);𝝆𝒔𝑳𝒊(𝝀)]

𝑬𝒔(𝝀)
− 𝑹𝒓𝒔𝑴𝟗𝟗(	𝟕𝟖𝟎)  (5) 

where 𝑅!"#$$(	780) is a constant reflectance at 780 nm and corresponds to the ship contributed 

reflectance, 𝑅!"
"&'(. To define this constant, Lt and the corresponding Li and Es measurements 

were chosen from the day with the lowest water reflectance, acquired under the lowest water 

turbidity conditions (turbidity data from the FerryBox system). For these conditions, we selected 

approximately 731 𝑅!"#$$ spectra from July 06, 2016 (Level 3A). The measured 𝑅!"#$$(780) 

therefore corresponds to 𝑅!"
"&'(, and Eq. 5 can be re-written as:  
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𝑹𝒓𝒔
𝑴𝟗𝟗%𝒔𝒉𝒊𝒑(𝝀) = [𝑳𝒕(𝝀);𝝆𝒔𝑳𝒊(𝝀)]

𝑬𝒔(𝝀)
−	𝑹𝒓𝒔

𝒔𝒉𝒊𝒑  (6) 

2.2.2.2.5 BRDF correction 

To minimize the non-isotropic distribution of the water-leaving radiances in optically complex 

waters, a BRDF correction was applied following the inherent optical properties approach 

proposed by Lee et al. (2011). We developed a Python version of the code, adapted from the IDL 

version developed by Talone et al. (2018). The approach considers a two-step process: first, the 

quasi-analytical algorithm (QAA) method (Lee et al., 2002, 2011) is applied to 𝑅!"
#$$%"&'((𝜃, 𝜑) 

to retrieve the IOPs. Second, the derived IOPs and accompanying G coefficients at nadir view 

are used to calculate the 𝑅!"
#$$%"&'((0,0). More specifically, with the input of seawater 

absorption, seawater backscattering (Lee et al., 2011), and 𝑅!"
#$$%"&'((𝜃, 𝜑), total absorption at a 

reference wavelength (𝜆, =	555 or 670 nm in QAA_V6) 𝛼(𝜆,)	and particle scattering 𝑏*((𝜆,) 

are calculated first. Particle scattering, 𝑏*((𝜆), is then calculated by applying the power-law 

model on 𝑏*((𝜆,) (𝜆, =	555 or 670 nm). Total absorption at all wavelengths, 𝛼(𝜆), is derived 

based on 𝑅!"
#$$%"&'((𝜃, 𝜑) and 𝑏*((𝜆). The bidirectional effect corrected reflectance,

𝑅!"
#$$%"&'((0,0),	is then calculated using the following equation: 
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𝑹𝒓𝒔
𝑴𝟗𝟗%𝒔𝒉𝒊𝒑(𝟎, 𝟎, 𝜽𝟎, 𝝀)

= L𝑮𝟎𝒘(𝟎, 𝟎, 𝜽𝟎, 𝝀) + 𝑮𝟏𝒘(𝟎, 𝟎, 𝜽𝟎, 𝝀) ∗
𝒃𝒃𝒘(𝝀)
𝒌(𝝀) R

∗
𝒃𝒃𝒘(𝝀)
𝒌(𝝀)

+ L𝑮𝟎
𝒑(𝟎, 𝟎, 𝜽𝟎, 𝝀) + 𝑮𝟏

𝒑(𝟎, 𝟎, 𝜽𝟎, 𝝀) ∗
𝒃𝒃𝒑(𝝀)
𝒌(𝝀) R ∗

𝒃𝒃𝒑(𝝀)
𝒌(𝝀)  

(7) 

 

where k is the summation of 𝛼(𝜆), 𝑏*((𝜆)	𝑎𝑛𝑑	𝑏*+(𝜆). 𝐺,+,	𝐺-+,	𝐺,
(,	𝐺-

( are model coefficients 

for water and particles and are dependent on angular geometry and phase function but 

independent of water IOPs (Lee et al., 2011). 

2.2.2.2.6 Water types clustering and data quality evaluation  

Optical water types clustering methods can generally be grouped into two categories. The first 

category focuses on the spectral magnitude of Rrs, such as in Le et al. (2011), Moore et al. (2009, 

2014), and Jackson et al. (2017). The second category considers the spectral shape of Rrs for 

optical water types clustering. For example, Wei et al. (2016) (hereafter referred to as W16) 

compare the target spectral shape to a database composed of various global waters, divided into 

23 water types including clear blue oceanic waters (type 1) and yellowish sediment-laden waters 

(higher types). W16 has been proven effective in categorizing various water types and can also 

be used to evaluate the quality of independent above-water spectra (Barnes et al., 2019), and it is 

therefore used also in this research. As it focuses on the spectral shape of Rrs rather than its 

magnitude, this shape-based classification method minimizes the effect of Rrs magnitude on the 
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water types clustering. The subsequent quality assurance also follows method developed by 

W16:  

Step 1: After applying the corrections for sky glint, ship perturbation and BRDF effects on  Rrs0+, 

the final reflectance is denoted as 𝑅!", which was convoluted to the corresponding Sentinel 3A-

OLCI 11 bands from 400 to 709 nm using the Sentinel-3A OLCI Spectral Response Functions 

(SRF) available from the European Space Agency (2021). Sentinel-3A OLCI bands are 

considered in this study, since the products generated from this satellite are the main focus of a 

broader program on the coast of British Columbia (Giannini et al., 2021). However, the adopted 

approach can easily be extended to any satellite-derived Rrs0+. The seven selected OLCI spectral 

bands (412, 443, 490, 510, 560, 665 and 681 nm) are the closest to those adopted by W16.  

Step 2: Each OLCI	𝑅!" spectrum was normalized to the root-sum-squares of 𝑅!"	corresponding 

to all wavelengths of the spectrum: 

𝒏𝑹𝒓𝒔(𝝀) =
𝑹𝒓𝒔(𝝀)

I∑ 𝑹𝒓𝒔(𝝀𝒊)𝟐𝒏
𝒊,𝟏

𝟐
		 (8) 

where i =1, …,7 indicates each specific band. Each spectrum was assigned to one of the W16’s 

water types by calculating the “spectral angle”, 𝑐𝑜𝑠 𝛽, between the predefined reference 

spectrum, 𝑛𝑅!"∗, and 𝑛𝑅!" (Kruse et al., 1993): 



 

 

 

28 

𝒄𝒐𝒔𝜷 = ∑ [𝒏𝑹𝒓𝒔∗∗𝒏𝑹𝒓𝒔]𝒏
𝒊,𝟏

I∑ [𝒏𝑹𝒓𝒔∗(𝝀𝒊)]𝟐𝒏
𝒊,𝟏 ∑ [𝒏𝑹𝒓𝒔(𝝀𝒊)]𝟐𝒏

𝒊,𝟏

  (9)      .  

Step 3: A quality score is computed as the ratio of the number of wavelengths in 𝑛𝑅!" falling 

within the upper and lower bounds of 𝑛𝑅!"∗	given by the corresponding W16 water type. Five 

quality assurance (QA) scores are possible in this analysis (1.00, 0.86, 0.71, 0.57, 0.43), 

corresponding to 7, 6, 5, 4 or 3 wavelengths of 𝑛𝑅!" falling within the range of one of the W16 

water types. Spectra with a QA >= 0.71 were deemed of high quality and used for further 

analysis.   

2.2.2.3 FerryBox ancillary data 

Ancillary data were collected with a FerryBox system measuring salinity (PSU) with a SeaBird 

SBE45 thermosalinograph, Chl-a concentration (ug l-1) with a WET Labs ECO Triplet 

fluorometer, and CDOM fluorescence (ppb) and turbidity (NTU) with a WET Labs ECO Triplet 

BBFL2 scattering fluorescence sensor. Data processing details, including biofouling correction 

of the sensors and quenching correction for Chl-a measurements, are reported in Travers-Smith 

et al. (2021). 

2.3 Results  

2.3.1 Meteorological flags  

Flags 1 and 2 were defined in Section 2.2.2.2.2. The mean (𝑢), standard deviation (𝜎), and the 

calculated threshold (𝑢∗) for r used to define meteorological Flag 3 (Eq. 1) for the four weather 

conditions are displayed in Table 2. Generally, rainy conditions are associated with the lowest 

mean value of r (0.86 +/- 0.05), and the defined range for this weather condition is r<0.92. The 
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value of 𝑢∗	discriminating between overcast and variable cloudy conditions is 1.1, while clear 

sky conditions exhibited the highest average of r (1.29, +/- 0.04), and 𝑢∗=1.26 is obtained 

between clear sky and variable clouds. Figure 3 illustrates the variability of r and the associated 

humidity measurements and photographs of the sky for June 27, 2016, which experienced 

different cloudy conditions. Note that for cloudy conditions, r is mostly lower than 1.26, thus 

allowing successful isolation of such measurements, as confirmed by the confusion matrix 

(Table 3). The matrix shows that clear sky conditions are correctly classified in about 98.5% of 

the measurements, which allows us to easily flag all other sky conditions (cloudy, overcast, 

rainy) unsuitable for analysis. However, it is important to note that the defined thresholds were 

ineffective in resolving variable cloud conditions, as about 32% were erroneously classified as 

clear sky conditions. Still, the r defined for clear sky conditions was implemented in PySciDON 

(Vandenberg et al., 2017) as part of our operational analysis of valid spectra, and all approved 

(not flagged) Es spectra were further inspected for possible cloudy conditions.  
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Figure 3| Plot of humidity and r=Es (λ = 720 nm) / Es (λ = 370 nm) of June, 27, 2016 which 

experienced different cloudy conditions. The sky images above correspond to sky conditions at a 

specific time. The duration of the specific sky condition is indicated by the black arrow lines. 

 

 

 

 

Table 2| Mean, standard deviation, and the r=Es (λ = 720 nm) / Es(λ = 370 nm) range between the 

four weather condition groups. 
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Table 3| Confusion matrix of four groups of weather conditions. 

 

 

 
Predicted Group Membership (%) 

In-situ Groups Rainy Overcast Variable 

cloudy 

Clear 

sky 

Rainy (N=164) 97.6 2.4 0 0 

Overcast (N= 212) 12.7 76.4 9.9 0.9 

Variable cloudy (N= 401) 2.2 14.0 51.9 31.9 

Clear sky (N= 582) 0.3 0.2 1.0 98.5 

 

2.3.2 Rrs0+ calculation 

SAS-ST data collected in the longitude range (W123.936°, W123.348°) were divided in 49 bins 

(0.012° longitude step), each corresponding to ~900 m on the ground, which approximates a 3 

Sentinel-3A OLCI pixels window as used in Giannini et al. (2021). For the sky glint correction 

Group Mean Std. Deviation r range 

Rainy 0.86 0.05 < 0.92 

Overcast 1.02 0.08 > 0.92 and < 1.1 

Variable clouds 1.19 0.1 > 1.1 and < 1.26 

Clear sky 1.29 0.04 > 1.26 
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(𝑅!"#$$), these sites were split into groups corresponding to their proximity to two meteorological 

stations maintained by the Canadian government. Wind speed measurements were taken from 

Entrance Island (Environment and Climate Change Canada, 2021a) for longitudes between 

W123.936° and W123.636° (sites 1-25), and from Halibut Bank (Environment and Climate 

Change Canada, 2021b) for longitudes between W123.636° and W123.348° (sites 26-49). The 

measured wind speed ranged from 0.7 to 10.7 m/s with the corresponding rs ranging from 0.0355 

to 0.0480 (Mobley, 1999). The rs correction typically resulted in a decrease in reflectance for 

clear waters with the lowest Rrs of 48% (blue bands) and 14% (green bands), while typical turbid 

waters decreased by 27% (blue bands) and 8% (green bands). 

Sites 8 to 32 on July 6, 2016, provided data over the waters with the lowest turbidity 

(turbidity < 2.0 NTU; i.e., <0.5 mg/l)., and the 𝑅!"#$$ from these cases was therefore used to 

evaluate the correction for the ship superstructure. The 𝑅!"#$$ values of 0.00196±10-4, 

0.00202±8.1*10-5, 0.00109±5.7*10-5, 0.00062± 4.2*10-5 sr-1 were found for 450, 550, 650, 750 

nm, respectively. As seen in Figure 4A, there was no indication of an increase in reflectance as 

the rotator angle approaches from its maximum to minimum values (from -22.5° to -46.7°, 

corresponding to a distance from the ship wall of 20.9 m and 15.5 m, respectively). At distances 

below 14 m (a = -51.2°), a decrease in 𝑅!"#$$(	780) was deemed indicative of interference from 

the ship shadow. Data corresponding to a rotator angle lower than -50° were therefore removed 

from further analysis. The measured 𝑅!"#$$(780) corresponds to		𝑅!"
"&'(, and the histogram in 

Figure 4B shows a mean value of u=	0.000612 sr-1 and a corresponding standard deviation of 𝜎 

=0.000030 sr-1. Considering the mean value and a confidence level of 2𝜎, corresponding to 95% 



 

 

 

33 

of the Level 3A 𝑅!"#$$(780), the retrieved 𝑅!"
"&'( was 0.00055 sr-1. This 𝑅!"

"&'( value ensures 

longitude-binned Level 4 𝑅!"
#$$%"&'((𝜆)	in the infrared bands from clearest water close to zero 

and non-negative, and it may vary for a different ship superstructure environment (Hooker and 

Morel 2003). The 𝑅!"
#$$%L&'( value for the clearest water was on average decreased to 0.00141, 

0.00147, 0.00054, 0.00007 sr-1 for the 450, 550, 650, 750 nm bands, respectively. The 𝑅!"
L&'( 

correction factor consisted of about 13%, 7%  and 22% of the 𝑅!"#$$  for the waters with higher 

turbidity from the Fraser River plume in the blue, green and red regions of the spectrum, 

respectively, while it was negligible for spectra collected in coccolithophore bloom conditions. 

 

Figure 4|(A) The violin plot of L3a resolution 𝑅!"#$$(	780)	 [sr-1] (N=725) and the water surface 

footprint in relation to the ship wall distance for July 06, 2016. It is noted that at a distance lower 

than 14.2 m (a = -51.2°), there is a decrease in  𝑅!"#$$(	780), which indicates the ship shadow 

influence observed when a < -50°; (B) The histogram of 𝑅!"#$$(	780)	[sr-1] (N=561) for the 

dataset after deleting 164 spectra influenced by ship shadow. The red dashed line indicates the 
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value determined to represent superstructure contributed reflectance (𝑅!"
"&'( = 0.00055 sr-1 for this 

research).  

The IOPs-based BRDF correction was applied to generate the final reflectance, 𝑅!". The 

𝑅!"	dataset was divided into two groups, since the optical properties vary considerably in the 

presence of a bloom: Group 1 (high and low turbidity waters with no coccolithophore bloom) 

corresponding to 11 days from June 26 to August 14, 2016 (N=513 spectra), and Group 2 

(coccolithophore bloom) corresponding to 5 days from August 15 to August 25, 2016 (N=213 

spectra). Figure 5 shows representative 𝑅!" spectra for Group 1 and Group 2, and Appendix A 

Section 2 in the supplementary material shows the summary plot of 𝑅!", together with the 

accompanying Es, Li, Lt for the sampled days. The results of the BRDF correction (Figure 6) 

show wavelength-dependent differences defined by the percentage difference	𝜀: 

𝜺 = ] 𝑹𝒓𝒔
𝑹𝒓𝒔
𝑴𝟗𝟗1𝒔𝒉𝒊𝒑 	 − 𝟏_ ∗ 𝟏𝟎𝟎          (10) 

Noticeably, 𝑅!"	is lower than 𝑅!"
#$$%"&'(	by	5	to	10%, with the more significant differences 

found at green wavelengths (Figure 6).  
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Figure 5| Representative 𝑅!"sr-1] with their median (solid lines) and 1st and 3rd interquartile range 

(shaded areas) based on a ~900 m range, showing typical lowest turbidity, typical plume, and 

coccolithophore bloom from July 06, 2016, and August 22, 2016.  
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Figure 6| Joyplot for Group 1 (non-coccolithophore bloom conditions) and 2 (coccolithophore 

bloom conditions) of BRDF correction percentage difference	𝜀 for Sentinel-3A bands from 400 

to 709 nm. 

2.3.3 Quality check and optical water types clustering 

For Group 1 (N=513), 92% of the 𝑛𝑅!"	presented a QA score equal to or higher than 0.71 

(Figure 7A, B), meaning that at least five out of seven at specific wavelengths (412, 443, 490, 

510, 560, 665 and 681 nm) of individual 𝑛𝑅!" spectrum are within the 𝑛𝑅!"∗	range for each 

water type cluster defined by W16. Also, 60% of the spectra have a score of 1.0; the majority of 

these spectra belong to water type 11, i.e. medium- and high-reflectance waters, as indicated in 

Figure 7C and D. About 8% (N=41) of the spectra showed the lowest QA score of 0.57, and 

among these, 78% were found in water type 9. These waters exhibit the lowest reflectance in the 

dataset, corresponding to the clearest water types. We further investigated the possible source of 

the low QA scores and found that for these 41 spectra, the 𝑛𝑅!"	corresponding to bands centred 

at 490 nm and 510 nm fell out of the boundary defining the W16 water types (Figure 7E). For 

Group 2 (N=231), 94% of the 𝑛𝑅!" showed QA score equal to or higher than 0.71 (Figure 8A, 

B). Figures 8A and B also show that 78% of the spectra are scored as 1.0. The majority belongs 

to water type 11, with reflectances evenly distributed across the whole range, as indicated in 

Figures 8C and D. However, the method reported by W16 does not consider algal bloom 

conditions, and as such it is not appropriate for evaluating all the spectra in Group 2. 

Nevertheless, the QA evaluation showed a higher percentage of high-quality scores than for 

Group 1, likely due to the high reflectance signal measured during the coccolithophore bloom 
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conditions. In these conditions, only about 7% (N=15) of 𝑅!" showed a QA score lower than 

0.71, mainly from water type 11 (Figure 8A,B). Further analysis of these low QA score spectra 

showed that bands centred at 490 nm, 510 nm, and 560 nm were not included in any W16 water 

type (Figure 8E). 

 

Figure 7| QA quality assurance results for Group 1. (A) Bar plot of the number of points at each 

water type and each quality score; (B) Frequency plot of each quality score, PDF represents 

probability density function, and CDF represents cumulative distribution function; (C) 

Histogram of 𝑅!"(560) colour coded by quality scores; (D) Histogram of 𝑅!"(560) colour coded 
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by water types; (E) Number of points fall out the range of each QA cluster in that wavelength for 

41 points from Group1 which has a score <0.71.  

 

Figure 8| QA quality assurance results for Group 2. (A) Bar plot of the number of points at each 

water type and each quality score; (B) Frequency plot of each quality score; (C) Histogram of 

𝑅!"(560) colour coded by quality scores; (D) Histogram of 𝑅!"(560) colour coded by water 

types; (E) Number of points fall out the range of each QA cluster in that wavelength for 15 

points from Group2 which has a score <0.71. 

For each group and water type, the	𝑅!" varied in magnitude but presented a similar shape 

(Figure 9 and 10). The 𝑛𝑅!" from Group 1 is clustered into optical water types 8 to 15, excluding 

13 (Figure 9B). The	𝑅!" in Group 1 ranged from 0.001 – 0.006 sr-1, 0.001 – 0.01 sr-1, and 0.0005 

– 0.0035 sr-1 in the blue, green, and red bands, respectively (Figure 9A). Specifically, the highest 

𝑅!"  (~ 0.01 sr-1 at 560 nm) are observed within water types 10 and 11, which are generally 

associated with slightly higher turbid waters (Figure 11C); the lowest 𝑅!" (< 0.002 sr-1) are 
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observed in many of the water types and are associated with low turbidity (< 2.0 NTU; Figure 

11C). For Group 2, dominated by coccolithophore bloom conditions, the 𝑛𝑅!" are clustered into 

optical water types 8 to 14 (Figure 10B). For these waters, the lowest	𝑅!" at 560 nm (<0.01 sr-1) 

are associated with oceanic waters (>26 PSU; Figure 12A), which in turn are characterized by 

lower turbidity (< 3.0 NTU), higher Chl-a (>14.0 ug l-1), and lower CDOM (< 2.0 ppb). The 

highest 𝑅!" at 560 nm (0.03-0.04 sr-1) are for water types 11 and 12, and correspond to the 

highest turbidity (> 5.0 NTU) and CDOM (> 2.2 ppb), and lowest Chl-a (< 3.0 ug l-1). 
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Figure 9| Plots of SAS-ST reflectance 𝑅!" [sr-1] (A) and normalized reflectance	𝑛𝑅!" (B) for 513 

points from Group 1. Radiometry measurements are clustered into optical water types 8 to 15, 

excluding 13. A coloured line in each water type indicates the median of the cluster. 

 

Figure 10| Plot of SAS-ST reflectance 𝑅!" [sr-1] (A) and normalized reflectance 𝑛𝑅!" (B) for 231 

points from Group 2. Radiometry measurements are clustered into optical water types 8 to 14. A 

coloured line in each water type indicates the median of the cluster. 
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Figure 11| Reflectance 𝑅!" [sr-1] from Group 1, which is colour-coded in the corresponding (A) 

Salinity (PSU), (B) CDOM fluorescence (ppb), (C) Turbidity (NTU), and (D) Chlorophyll (ug/l) 

values. 
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Figure 12| Reflectance 𝑅!" [sr-1] from Group 2, which is colour-coded in the corresponding (A) 

Salinity (PSU), (B) CDOM fluorescence (ppb), (C) Turbidity (NTU), and (D) Chlorophyll (ug/l) 

values. 

2.4 Discussion 

Our results show that optimizing the geometry of data acquisition, filtering data acquired under 

unstable illumination conditions (e.g., dawn/dusk, cloudy and rainy), and correcting for skylight 

radiance, ship superstructure, and BRDF effects, allowed for Rrs0+ data retrieval with high quality 

when compared with the W16 quality assurance dataset.  

The first consideration for optimal data quality is the geometry of data acquisition 

(Mobley, 1999; Hooker and Morel 2003; Zibordi et al., 2006; Simis and Olsson 2013; Garaba et 

al., 2015; Brando et al., 2016; Vansteenwegen et al., 2019; Tilstone et al., 2020). Here, with 
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optimal configuration, the spectral measurements were acquired on the non-sunlit side of the 

ferry to minimize the reflected ferry signal on the above-water radiance measurements (Hooker 

and Morel, 2003), and at an adapted sensor viewing zenith angle to avoid ship superstructure 

shadows and an optimal sensor-Sun azimuth angle to minimize the skylight radiance signal on 

the above-water radiance measurements (Mobley, 1999). Various skylight radiance correction 

approaches are available (e.g., Mobley, 1999; Ruddick et al., 2006; Lee et al., 2010; Groetsch et 

al., 2017) requiring different complexity of input data to successfully correct for skylight 

radiance. For instance, the method suggested by Gege (2014) and Groetsch et al. (2017) applies a 

three-component model, in which, using optimized local IOPs, it corrects for the residual sun and 

sky glint signal on the above-water measurement. We tested (analysis not shown here) this 

approach with a small set of IOPs measurements collected concomitant to some of the SAS-ST 

data, and the results were similar to those obtained with the method by Mobley (1999). Although 

Mobley’s method is commonly used, the rs factor is not wavelength-dependent, resulting in 

higher uncertainties for longer wavelengths (Lee et al., 2010). Still, for similar geometry and 

environmental conditions (wind speed < 13.0 m/s and clear skies), Garaba and Zielinski (2013) 

showed that Mobley’s method performed similarly to three other approaches, with the advantage 

of ensuring non-negative Rrs0+ retrievals in the near-infrared. Also, uncertainties in the wind 

speed impact the rs factor, especially in the blue bands (Mobley, 1999).  

The ship-specific superstructure correction factor 𝑅!"
"&'( was determined as 0.00055 sr-1. 

Although this factor is not commonly addressed in above-water radiometry measurements (e.g., 

Simis and Olsson 2013; Brando et al., 2016), it can cause significant uncertainties in the final 
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Rrs0+. Talone and Zibordi (2019) have shown that the structure signal (in this case, a fixed tower 

covered with a white sheet) was relatively more pronounced in the near-infrared than at visible 

wavelengths, and decreased with the inverse square of the distance between the platform and the 

sensor footprint. For a similar distance as in our study (15-21 m), Talone and Zibordi (2019) 

estimated a tower perturbation factor of about 10% to 3% for the 750-800 nm range, resulting in 

𝑅!"
"&'( = 0.00002 sr-1 at 780 nm. This value is one order of magnitude lower than the value 

determined for the QoOB, likely because of the larger structure of the QoOB (19 m in height and 

139 m in length) compared with the experimental tower used by the authors (15 m in height and 

~10 m in length). For a smaller ferry, the Queen of Alberni, using the same SAS-ST and ship 

perturbation approach adopted here, Gianinni et al. (2021) defined 𝑅!"
"&'(= 0.00005 sr-1, a value 

similar to the one in Talone and Zibordi (2019).  

A correct evaluation of the dependence of the measured signal on the viewing geometry 

and the bidirectional effects (Morel and Gentili 1996; Morel et al., 2002; Zibordi et al., 2009; 

Lee et al., 2011) is important for validating satellite-based retrieved reflectance, or water 

radiance (Zibordi et al., 2009; Talone et al., 2018) and comparing above-water radiometric data 

acquired under different geometric conditions (Wei et al., 2016). Here, a BRDF correction was 

required because the data quality was evaluated against the W16 global Rrs0+ database, composed 

of reflectance measurements acquired with a nadir viewing geometry. The BRDF correction was 

found to decrease Rrs0+ in this research by ~5-10%, as also found by Talone et al. (2018).  

The final evaluation of Rrs0+ is preferentially performed against in situ measurements of 

below water Rrs and/or measurements collected with various instruments at the same location 
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(e.g., Hooker et al., 2002; Lee et al., 2010; Zibordi et al., 2016; Tilstone et al., 2020). However, 

collecting below-water Rrs is not possible with our measurement setup. Instead, our 𝑅!"	data set 

was evaluated against a global water dataset. This evaluation was conducted considering two 

different clusters of data: Group 1, representing clear and turbid waters and Group 2, 

representing coccolithophore bloom conditions (Ianson et al., 2018). Group 1 exhibited values of 

𝑅!" well within the ranges of those measured by Komick et al. (2009), Phillips and Costa (2017), 

Carswell et al. (2017), and Giannini et al. (2021) in the same region. Group 1 consisted of a 

diverse group of waters, as indicated by the large salinity range (12 to 27 PSU) corresponding to 

Fraser River plume to oceanic waters (Loos and Costa 2010; Traver-Smith et al., 2021). In these 

waters, the bio-optical constitutes were generally characterized by a large range of CDOM 

fluorescence (0.05-6 ppb) and turbidity (1-5 NTU). Higher 𝑅!"	values are associated with the 

lower salinity of the Fraser River plume and estuarine waters (Loos and Costa 2010; Phillips and 

Costa 2017; Travers-Smith et al. 2021). For Group 2, the 𝑅!" spectra were well within the ranges 

observed by Moore et al. (2012), Neukermans and Fournier (2018) and Cazzaniga et al. (2021) 

for waters under coccolithophore bloom conditions. Specifically, Cazzaniga et al. (2021) have 

shown high values (𝑅!"(550)» 0.03 sr-1) for the peak of a coccolithophore bloom, intermediate 

values (𝑅!"(550)» 0.02 sr-1) for receding bloom conditions, and low values (𝑅!"(550)<0.01 sr-1) 

for the start and the end of bloom. Similarly, our spectra showed 𝑅!"(560) > 𝑅!"(500) likely 

representing the start of the bloom (water types 11 and 12; Figure 10). Other spectra showed an 

increase at 𝑅!"(500)(water types 8, 9, and 10), probably associated with a high concentration of 

detached coccoliths indicative of receding bloom conditions (Neukermans and Fournier, 2018; 

Cazzaniga et al., 2021).  
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The evaluation of 𝑅!" data showed an overall high quality, with about 92% of Group 1 

and 94% of Group 2 with a QA score >=0.71. A QA score <0.71 was only observed for 8% 

(N=41) of Group 1, and corresponded to the lowest 𝑅!" for which the out-of-range wavelengths 

were 490 and 510 nm. This was not expected, since uncertainties of 𝑅!" retrievals are mostly 

associated with shorter wavelengths (Mobley, 1999; Hlaing et al., 2013; Wei et al., 2020). 

However, the W16 method relies on normalizing 𝑅!" at each wavelength with respect to the 

integral over all 𝑅!" (Eq. 8). Erroneous values of 𝑅!"	at 412 and 443 nm can therefore influence 

the shape of the corresponding nRrs, and consequently, the water type to which it belongs.  

Although our protocols for Rrs0+ measurements with the SAS-ST followed rigorous 

criteria for data acquisition and processing, there is still a level of data variability and uncertainty 

that it is difficult to account for (Ruddick et al., 2019; Vabson et al., 2019; Tilstone et al., 2020; 

Alikas et al., 2020). These uncertainties may also explain the 8% of acquired spectra with lower 

quality (QA <0.71). Recent evaluations of international field-based radiometers (Tilstone et al., 

2020), including similar Satlantic HyperOCR radiometers as those used here, indicated that the 

inaccuracies in downwelling-irradiance measurements resulted in the largest 𝑅!"	variability, 

especially for the blue (3.5%) and red (3.0%) wavelengths. The Es spectra collected for this 

research at around solar noon (see Appendix A, Sec. 2) exhibited very low variability in clear-

sky conditions; thus, we do not expect the same level of uncertainties reported in Tilstone et al. 

(2020). The quantification of specific uncertainties in 𝑅!" measurements is challenging, 

especially considering the lack of simultaneous, below-water reflectance measurements. Our 𝑅!" 

data showed high quality, and has been effectively used for the evaluation of atmospheric 
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correction procedures for Sentinel-3A OLCI (Gianinni et al., 2021). To provide vicarious 

calibration for satellites, an uncertainty budget of the FRM is a requirement, which should be 

further investigated by accounting for the environmental conditions during data acquisition, such 

as in Alikas et al. (2020). 

2.5 Conclusions 

Validation of ocean colour satellite Rrs retrievals requires a large number of high-quality Rrs0+ 

matchups (Müller et al., 2015; Werdell et al., 2018; Valente et al., 2019). However, the 

availability of such matchups is often limited due to the difficulty of acquiring high-quality data 

over large spatial and temporal domains (Tilstone et al., 2020). These constraints are reported for 

many study regions (e.g., Valente et al., 2019, Tilstone et al., 2020, Gianinni et al., 2021), and it 

is specifically an issue along the west coast of Canada (Komick et al., 2009; Carswell et al., 

2017; Hilborn and Costa, 2018; Gianinni et al., 2021). Autonomous radiometers mounted on 

fixed towers, such as AERONET-OC (Zibordi et al., 2006, 2009), the newest 

WATERHYPERNET hyperspectral network (Vansteenwegeno et al., 2019; Vanhellemont and 

Ruddick 2021) can also provide a large number of high-quality matchups. Another option is to 

utilize mobile platforms such as ships. We presented the protocols to deploy the SAS-ST 

instrument on a commercial ferry, together with the evaluation of the large volume of high-

quality Rrs0+ data acquired along the coastal waters of BC, Canada. The summary of our results 

and recommendations are as follows:  
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1. The application of meteorological flags in PySciDon successfully identified 98.5% of the 

spectra as acquired under clear-sky conditions. The remaining 1.5% of Es spectra were manually 

inspected. 

2. The ship-specific superstructure perturbation signal amounted to 𝑅!"
"&'(= 0.00055 sr-1. This 

value is about 25% of the Rrs0+ signal in blue and green bands for relatively clear waters, and 

about ~10% in the same bands for waters with higher reflectance (Appendix A, Sec. 2). 

Therefore, an accurate estimate of  𝑅!"
"&'( is critical to successfully retrieve the reflectance in blue 

and green bands, especially for low-reflectance waters. 

3. The correction for the BRDF effects lowers Rrs0+ by ~5-10%, allowing for proper comparison 

among Rrs0+ measurements from the literature and matchups used to validate satellite retrievals. 

4. Quality evaluation showed overall high scores: ~92% of Group 1 and 94% of Group 2 are 

associated with a score >=0.71, implying that the data can be used for validation of atmospheric 

corrected satellite-retrieved Rrs.  

The methodology presented here is adaptable to other ships, to enable surveys of different water 

types and complement fixed platforms such as AERONET-OC (Zibordi et al., 2009) and 

WATERHYPERNET (Vanhellemont and Ruddick 2021). Further work will focus on providing 

the error budget based on estimates of the uncertainty contribution from the sensor’s calibration, 

data processing and environmental variability, essential for FRMs (Zibordi et al., 2015b; Vabson 

et al., 2019; Tilstone et al., 2020; Alikas et al., 2020).   
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Chapter 3: A machine learning algorithm for monitoring 

coccolithophore blooms using autonomous shipborne in situ and 

Sentinel-3A reflectance data in the Salish Sea, Canada 
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Abstract 

Coccolithophores, a unique phytoplankton species, are enveloped in calcium carbonate plates 

called coccoliths, which can be shed during the later phase of the blooms, greatly enhancing 

water reflectance. These organisms influence the biogeochemical processes related to oceanic 

calcium and carbonate cycling due to their crucial role in calcite generation and carbon 

exportation within marine ecosystems. This study is focused on analyzing the spectral 

characteristics of the remote sensing reflectance (Rrs) during coccolithophore blooms that 

occurred in 2016 in the Salish Sea, Canada, utilizing the temporally continuous hyperspectral 

radiometric dataset obtained from the SAS Solar Tracker (denoted as SAS-ST) radiometer 

deployed onboard a commercial ferry, alongside satellite images from the Ocean and Land 

Colour Instrument (OLCI) aboard the Sentinel-3A satellite. This research succeeded in 

identifying the occurrence of a large coccolithophore bloom and further categorized the bloom 

spectra into the growing and decaying stages. The comparison of Sentinel-3A OLCI satellite 

spectra versus SAS-ST in situ data indicates that Rrs acquired by OLCI is underestimated, 

especially in the 400-443 nm range and during the decaying phase. A modified machine learning 

algorithm is developed based on wavelengths from 490 nm to 709 nm, resulting in an increase in 

overall prediction accuracy for OLCI-measured coccolithophore spectra from 79.4% to 89.1%, 

an improvement in the accuracy for detecting decaying blooms from 29.5% to 65.3%, and an 

increase in the Kappa coefficient from 0.14 to 0.66. 
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3.1 Introduction 

 Coccolithophores are characterized by a unique exoskeleton encompassing an 

assemblage of individual calcium carbonate plates, called coccoliths, which make them 

distinctive among phytoplankton species (Young et al., 2003). These marine organisms 

synthesize particulate organic carbon (POC) through the process of photosynthesis and generate 

particulate inorganic carbon (PIC) via calcification (Krumhardt et al., 2017), which exerts an 

impact on the oceanic calcium and carbonate cycling and associated biogeochemical process 

(Balch et al., 2011; Bach et al., 2015). Within diverse coccolithophores species, Emiliania 

huxleyi emerges as the most prevalent species, flourishing from tropical to subpolar oceans 

(Holligan and Balch, 1991; Tyrrell and Merico, 2004). Rising global temperatures linked to 

climate change may cause a significant increase in coccolithophore populations across most 

oceanic waters, with research based on field data and satellite remote sensing indicating their 

migration towards higher latitudes in response to these changes (Winter et al., 2014; Balch, 

2018; Neukermans et al., 2018). 

Their ecological importance and sensitivity to climate changes underscores the necessity 

for coccolithophore monitoring, with satellite remote sensing serving as an important tool due to 

the scarcity of in situ observations (Balch and Mitchell, 2023). Spectrally, these organisms 

increase the total water reflectance due to the high light backscattering by coccospheres and, in 

the later phases of the bloom, by detached coccoliths (Balch, 2018). As a result, they impart a 

vivid milky-turquoise hue to the ocean, making these distinctive blooms readily detected using 
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ocean colour satellite imagery (Gordon et al., 2001; Balch et al., 2005; Balch and Mitchell, 

2023).  

Advances in satellite technology have made satellites essential tools for monitoring 

coccolithophore blooms due to their capability to provide large-scale, synoptic views of oceanic 

conditions and phytoplankton distributions. These advancements have further facilitated the 

exploration of coccolithophore bloom extension across the global ocean and their migration 

towards higher latitudes as a response to climate change (Winter et al., 2014; Neukermans et al., 

2018). Different methodologies have been established for identifying coccolithophore bloom 

occurrences from satellite observations. For instance, Brown and Yoder (1994) initially applied a 

coccolithophore detection flag based on thresholds of normalized water-leaving radiance (Lwn) 

and their ratios for three bands at 440 nm, 520 nm and 550 nm on Coastal Zone Colour Scanner 

(CZCS) imagery. Iglesias-Rodríguez et al. (2002) subsequently modified the coccolithophore 

bloom classification algorithm for application to the Sea-viewing Wide Field-of-view Sensor 

(SeaWiFS) imagery by making minor wavelength adjustments to 443 nm, 510 nm, and 555 nm 

and the corresponding thresholds. This algorithm, as coded into NASA's Ocean Colour processor 

(l2gen of SeaDAS), is also currently implemented on the Moderate Resolution Imaging 

Spectroradiometer (MODIS) and the Visible Infrared Imaging Radiometer Suite (VIIRS) 

imagery. In this implementation, Lwn(510) is substituted by Lwn(531) or Lwn(489), respectively, an 

adjustment made while recognizing the potential for diminished efficacy (Moore et al., 2012; 

Cazzaniga et al., 2021). This algorithm, as coded into NASA's Ocean Colour processor (l2gen of 

SeaDAS), is also currently implemented on the Moderate Resolution Imaging Spectroradiometer 

(MODIS) and the Visible Infrared Imaging Radiometer Suite (VIIRS) imagery, with Lwn(510) 
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being substituted by Lwn(531) or Lwn(489), respectively, an adjustment made while recognizing 

the potential for diminished efficacy (Moore et al., 2012; Cazzaniga et al., 2021). Alternatively, 

remote sensing reflectance (Rrs) is used to produce optical water type membership maps, which 

portray the degree of membership to the given coccolithophore optical water type (Moore et al., 

2012).  

Other approaches for coccolithophore detection are the estimation of PIC concentration 

from ocean colour imagery, given that the optical PIC backscattering in the sea is primarily 

associated with coccolithophores and their detached coccoliths (Tyrrell et al., 1999; Smyth et al., 

2002; Donlon et al., 2012). The larger PIC particles, predominantly associated with foraminifera 

and pteropods, contribute negligible backscattering per unit mass, and therefore exert minimal 

influence on optical properties (Balch et al., 1996). The standard NASA PIC algorithm is based 

on the particulate backscattering coefficient (bbp, m-1) derived from two or three spectral bands 

(Gordon et al., 2001; Balch et al., 2005). Mitchell et al. (2017) introduced a more recent 

methodology, known as the two-band colour index algorithm, which takes advantage of the 

relationship between PIC concentrations and differences in reflectance at green and red 

wavebands. The above PIC detection methods for coccolithophores rely on analyzing satellite 

reflectance data, applying algorithms that can distinguish high reflectance associated with 

coccolithophore blooms, and establishing thresholds based on empirical relationships between 

reflectance and coccolithophore concentrations (Balch and Mitchell, 2023). 

Despite the extensive use of satellite observations and associated algorithms for 

coccolithophore bloom research, particularly in recent decades (Neukermans et al., 2018; Balch 
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and Mitchell, 2023), very few in situ reflectance data associated with coccolithophores are 

documented in the literature. For example, Garcia et al. (2011), Iida et al. (2002), and Smyth et 

al. (2002) recorded only 16, 9, and 4 coccolithophore spectra, respectively, over several days of 

fieldwork. A notable exception is the study by Cazzaniga et al. (2021), which utilized in situ 

AERONET-OC measurements, autonomous multispectral radiometer systems deployed on fixed 

offshore structures that are part of the Ocean Colour component of the Aerosol Robotic Network 

(Zibordi et al., 2009). This setup allowed the study to capture four coccolithophore bloom events, 

each lasting approximately two months.  

Given the scarcity of in situ coccolithophore bloom spectra, in situ hyperspectral 

measurements from Case 2 waters are needed to provide ground-truth data for satellite 

observations including the new hyperspectral satellite sensors, PACE (Werdell et al., 2019), 

PRISMA (Loizzo et al., 2018), EnMap (Guanter et al., 2015), and multispectral Sentinel-3 

satellites. In situ data can also be used to calibrate and refine remote sensing algorithms, ensuring 

accurate representation of the biological and optical properties of coccolithophores across 

different environmental conditions. Such calibration is crucial for enhancing the reliability of 

satellite-derived estimates of coccolithophores and their associated PIC (Balch and Mitchell, 

2023). Further, in situ spectral measurements are also important to fill knowledge gaps in space 

and time due to the inherent limitations in satellite spatial resolutions (300 to 1000 m) and data 

processing procedures. Although it is commonplace to generate 5-day, 8-day, or even monthly 

global composites of satellite imagery to address cloud cover and the temporal discontinuity of 

satellites (e.g., Brown and Yoder,1994; Iglesias-Rodríguez et al. 2002; Moore et al. 2012), this 

practice poses significant challenges. Temporal averaging of satellite data can obscure the fine 
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temporal resolution required to detect critical changes in the reflectance of blooms at various 

coccolithophore developmental stages. Due to the rapid development and dissipation of 

coccolithophore blooms, frequent monitoring, potentially on a daily or even hourly basis, may be 

required to capture their distinct evolving stages accurately. Near-real-time information about 

coccolithophore blooms is crucial for managing fisheries, monitoring ecosystem health, and 

assessing broader environmental changes in marine systems (Balch and Mitchell, 2023). In 

contrast to satellite data, in situ observations, whether through autonomous moving platforms 

(e.g., Tilstone et al., 2020; Wang and Costa, 2022) or fixed platforms such as AERONET-OC 

(Zibordi et al., 2009) and WATERHYPERNET (Vanhellemont and Ruddick, 2021), offer a more 

temporally continuous dataset, that allows a better understanding of the dynamic of 

coccolithophore blooms than binned satellite data. 

Existing methodologies for identifying coccolithophore blooms from satellite 

observations are primarily developed for Case 1 waters, where ocean colour variability is driven 

solely by phytoplankton and co-varying components (Sathyendranath et al., 2017; Balch and 

Mitchell, 2023). These existing remote sensing algorithms are based on two or three spectral 

bands, which primarily rely on knowledge about the water's optical properties. However, in 

complex Case 2 waters, such as the Salish Sea in this study, the optical properties are more 

variable and not always accessible, with significant optical constituents like coloured dissolved 

organic matter (CDOM) and suspended particles from the Fraser River plume. This variability 

makes it challenging to monitor coccolithophore blooms accurately in these regions, and models 

for satellite-based coccolithophore monitoring in Case 2 waters are scarce. Machine learning 
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techniques, as discussed below, can overcome these challenges by learning directly from 

complex, high dimensional data without the need for prior knowledge of optical properties. 

The proliferation of accessible machine learning algorithms, along with their 

demonstrated success in inference and classification tasks in the sciences, has driven their 

growing adoption in ocean remote sensing, including ocean colour remote sensing (Gray et al., 

2024). Machine learning methods have been extensively applied in a range of tasks involving 

ocean colour data. For instance, machine learning algorithms have been developed to retrieve 

inherent optical properties (IOPs) from remote sensing reflectance (Rrs) data (e.g., Ioannou et al., 

2013; Fan et al., 2021) . Additionally, machine learning has been employed to estimate 

chlorophyll-a (Chla) concentrations from satellite-derived reflectance in global waters (e.g., El-

Habashi and Ahmed, 2019; Kolluru and Tiwari, 2022). In applying machine learning to 

coccolithophore bloom detection, Shutler et al. (2010) characterized bloom events in shelf seas 

and coastal zones affected by suspended particulates. Their approach leveraged both the spectral 

characteristics of dense coccolithophore blooms and their spatial and temporal features to 

distinguish true coccolithophore blooms from false positives caused by resuspended lithogenic 

sediments (Balch and Mitchell, 2023). After filtering the normalized water-leaving radiance 

(Lwn) to eliminate background suspended particulates signals, the filtered Lwn data were 

processed using the established spectral coccolithophore detection algorithm by Brown and 

Yoder (1994) for further coccolithophore classification. Essentially, this approach aligns with 

Brown and Yoder (1994) coccolithophore detection algorithm, with the addition of a preliminary 

step for background particle signal filtering. 
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To address the shortage of reflectance-based algorithms for monitoring coccolithophore 

blooms in Case 2 waters influenced by river plumes, my goal is to develop a robust methodology 

for detecting and classifying the developmental stages of these blooms, including growth and 

decay in Case 2 waters, using remote sensing data. The research integrates an unprecedented 

time series of daily hyperspectral above-water measurements of coccolithophore bloom spectra, 

collected using the SAS Solar Tracker radiometer (SAS-ST; Satlantic Inc./Sea-Bird) onboard a 

commercial ferry in the Salish Sea, British Columbia, Canada, with satellite imagery from the 

Ocean and Land Colour Instrument (OLCI) aboard Sentinel-3A. These large volumes of datasets 

are processed using advanced machine learning techniques to achieve the study’s objectives. The 

specific objectives are: (1) to develop a novel machine learning algorithm trained on the SAS-ST 

in situ dataset to classify coccolithophore bloom stages based on their unique reflectance 

characteristics, and  (2) to further apply the model to OLCI satellite imagery to enable large scale 

detection of coccolithophore bloom in optically complex Case 2 waters. This work contributes to 

the field of ocean colour remote sensing by providing a transferable framework for 

coccolithophore monitoring in coastal waters and advancing the understanding of 

coccolithophore bloom dynamics in complex aquatic environments. 

3.2 Materials and methods 

 3.2.1 Study area 

Situated in the southwestern region of Canada, the Salish Sea is an estuarine system, 

stretching approximately 200 km in length and 30 km in width, with a mean depth of 150 m 

(Figure 13). It comprises three main components: the Strait of Georgia (SoG), Puget Sound, and 
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the Juan de Fuca Strait. This network of water bodies interfaces with the Pacific Ocean through 

the southern Juan de Fuca Strait and the northern Johnstone Strait. Due to the constriction of the 

northward route, the southern passage predominantly facilitates water exchange between the 

Salish Sea and the Pacific waters (Masson, 2002; Pawlowicz et al., 2019). An essential 

characteristic of the SoG is the considerable influx of freshwater from the Fraser River, which 

promotes southward estuarine circulation (Johannessen et al., 2003; Yunker and Macdonald, 

2003). The resultant river plume traverses and occasionally pervades the entire central and 

southern areas of the SoG (Li et al., 2000; Halverson and Pawlowicz, 2008, 2011; Pawlowicz et 

al., 2017, 2019). The river plume contains elevated levels of total suspended matter (TSM) and 

coloured dissolved organic matter (CDOM), thereby generating optically complex waters 

characterized by high light attenuation, particularly during the spring and summer periods (Loos 

and Costa, 2010; Phillips and Costa, 2017). The outflow from the Fraser River typically 

culminates in a freshet around mid-June due to the melting of the snowpack (Masson, 2002; 

Masson, 2006). Given the substantial particulate outflow from the Fraser River, the Salish Sea 

exhibits considerable optical dynamics, thus characterizing it as an optically complex coastal 

system (Loos and Costa, 2010). 

From a biological perspective, the Salish Sea typically experiences a cyclical pattern with an 

intense diatom-led spring bloom followed by relatively milder fall bloom events (Allen and 

Wolfe, 2013; Suchy et al., 2019; Marchese et al., 2022; Vishnu et al., 2022; Pramlall et al., 

2024). The occurrence of the spring phytoplankton bloom is subject to interannual variations, 

primarily driven by factors such as the availability of light contingent on cloud cover, wind 

dynamic patterns, and the temporal occurrence of spring freshwater discharge (Collins et al., 
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2009; Masson and Peña, 2009; Allen and Wolfe, 2013; Suchy et al., 2019). Dinoflagellates 

constitutes this region's second most abundant group of phytoplankton, showing maximum 

biomass in summer and early autumn (Pospelova et al., 2010; Vishnu et al., 2022). Calcifying 

phytoplankton, such as coccolithophore (Emiliania huxleyi), are rarely found within the SoG 

(Haigh et al., 2015). However, in July and August 2016, concurrent with the data acquisition 

period for this research, the Salish Sea region witnessed an extraordinary coccolithophore bloom 

of Emiliania huxleyi, marking an unprecedented event in the recorded history of coccolithophore 

occurrences in this area (NASA 2016; Chandler et al., 2017; Simpson et al., 2022; Nemceka et 

al., 2023). Approximately 100 km northwest of the track of SAS-ST (Figure 13), water samples 

collected on August 14, 2016 revealed coccolithophore cell concentrations as high as 40,000 

cells/mL in the bright turquoise waters (Esenkulova et al., 2021), significantly exceeding the 

typical concentrations of thousands of cells per milliliter in the literature and could be recognized 

as intense coccolithophore bloom (Hovland et al., 2014; Balch and Mitchell, 2023). 
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Figure 13| The Salish Sea study area. The red line indicates the track of the Queen of Oak Bay, 

approximately 55 km. The numbers indicate the location of the stations. Data was measured 

while the Queen of Oak Bay sailed from Departure Bay, Nanaimo, to Horseshoe Bay, West 

Vancouver, BC (in the direction from station 1 to 49). Two yellow dots are Entrance Island 

(49.21 N, 123.81 W) and Halibut Bank (49.34 N, 123.72 W) for local wind measurement used in 

SAS-ST Rrs calculation.  

3.2.2 Dataset 

To confidently utilize Sentinel-3A OLCI data in regions with coccolithophore blooms, an 

evaluation of the uncertainties of the remote sensing radiometric products is essential. To achieve 

this, ground truth above water radiometric data were collected using SAS-ST and processed 

following stringent protocols, serving as a reference for the satellite data. Secondly, optical 

constituents measured by the BC FerryBox system aided in understanding and classifying the 

diverse coccolithophore bloom spectra captured concurrently by SAS-ST. Finally, properly 

atmospherically corrected Sentinel-3A OLCI images underwent thorough screening to ensure 

reliable satellite data products for further Rrs evaluation. 

3.2.2.1 In situ Reflectance: SAS-ST 

SAS Solar Tracker, a suite of hyperspectral radiometers equipped with autonomous solar 

tracking capability, was installed aboard a ship of opportunity, the Queen of Oak Bay (QoOB) 

ferry, which traverses the Salish Sea multiple times daily. In addition to increased wavelength 

resolution provided by the hyperspectral capacity of SAS-ST (spectral ranges from 350 to 798 
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nm), SAS-ST also enables spatially continuous measurement of the water body when deployed 

on mobile platforms, different from stationary above-water sensors such as AERONET-OC 

(Zibordi et al., 2006, 2009) and WATERHYPERNET (Vanhellemont and Ruddick, 2021). SAS-

ST  data collection was scheduled during the ferry run from 12:50 to 14:30 local time in the 

spring and summer to approximately align with the image acquisition times of several 

operational ocean colour satellites. This research employs a dataset comprising 15 clear sky days 

from August 11, 2016, to August 30, 2016.  

Raw SAS-ST data underwent calibration utilizing the PySciDON software (Vandenberg 

et al., 2017) and the application of the screening flags, followed by sky glint and ship 

perturbation corrections as detailed in Wang and Costa (2022). Specifically, the remote sensing 

reflectance was calculated following Mobley (1999) (denoted as 𝑅!"#$$ ) to correct for skylight 

contributions through: 

𝑹𝒓𝒔𝑴𝟗𝟗(𝝀) =
𝑳𝒕(𝝀) − 𝝆𝒔𝑳𝒊(𝝀)

𝑬𝒔(𝝀)
 

In the equation, the numerator corresponds to the water-leaving radiance, 𝐿$(l), and rs is the 

fraction of sky radiance (𝐿%) that is measured by the sea viewing sensor (𝐿&), with the value of rs 

determined based on local wind speed measured at Entrance Island (49.21 N, 123.81 W) and 

Halibut Bank (49.34N, 123.72W) (Figure 13). Then, the ship superstructure introduced 

reflectance, 𝑅!"
"&'(, was subtracted from  𝑅!"#$$. The ship-specific superstructure correction factor, 

𝑅!"
"&'(, determined as 0.00055 sr-1 for the QoOB by Wang and Costa (2022), was subtracted from 

𝑅!"#$$ through: 
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𝑹𝒓𝒔
𝑴𝟗𝟗%𝒔𝒉𝒊𝒑(𝝀) = 𝑹𝒓𝒔𝑴𝟗𝟗(𝝀)−	𝑹𝒓𝒔

𝒔𝒉𝒊𝒑 

 

with 𝑹𝒓𝒔
𝑴𝟗𝟗%𝒔𝒉𝒊𝒑 representing sky glint and ship superstructure perturbation corrected reflectance. 

Lastly, 𝑹𝒓𝒔
𝑴𝟗𝟗%𝒔𝒉𝒊𝒑 was corrected for bidirectional effects following the inherent optical 

properties approach for optically complex waters proposed by Lee et al. (2011) with code 

developed by Wang and Costa (2022) to have the final reflectance for further analysis. The final 

reflectance (denoted as RrsSST hereafter) from each day were binned in 0.012° longitude 

intervals, equivalent to ~900 m on the ground and approximates a 3x3 Sentinel-3A OLCI pixel 

window as explained in Section 2.2.3. For this research, each day corresponded to 49 stations 

(except for station 29 on August 18, 2016, which was filtered out), amounting to 734 stations 

collected by SAS-ST for all 15 days. 

3.2.2.2 FerryBox data: optical constituents 

Biogeochemical data derived from the BC FerryBox, an automated system that measures 

various oceanographic environmental parameters such as chlorophyll-a concentration (ug/L), 

turbidity (NTU), CDOM fluorescence (ppb) and salinity (PSU), facilitated the understanding and 

categorization of diverse coccolithophore bloom spectra measured concurrently by the SAS-ST. 

Salinity (PSU) was measured via a SeaBird SBE45 thermosalinograph, the concentration of 

chlorophyl-a (Chla, ug/l) was measured through a WET Labs ECO Triplet fluorometer, and the 

fluorescence of CDOM (ppb) and turbidity (NTU) were measured by employing a WET Labs 
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ECO Triplet BBFL2 scattering fluorescence sensor. Detailed data processing procedures, 

including biofouling correction for the sensors and quenching correction for Chla measurements 

are presented in Travers-Smith et al. (2021). 

3.2.2.3 Sentinel-3A OLCI reflectance 

 Level 1 Sentinel-3A OLCI images (Donlon et al., 2012) for the Salish Sea area were 

processed with POLYMER v4.14 (Steinmetz et al, 2016), which has shown the best performance 

compared with official L2, C2RCC and C2RCCNN in the area of study as shown in Giannini et 

al. (2021). The primary objective of the POLYMER algorithm is to segregate the atmosphere and 

residual sun glint signal from those scattered by the seawater (Steinmetz et al, 2016). This 

processor employs a three-parameter polynomial configuration to model atmospheric 

contribution and residual sun glint, and models oceanic reflectance with two variable parameters: 

the chlorophyll concentration, Chl (mg/m3), and a scaling coefficient, fb, for particle 

backscattering (Park and Ruddick, 2005; Steinmetz et al, 2016). The water reflectance model 

applies to both Case 1 and Case 2 waters and considers BRDF effects (Park and Ruddick, 2005; 

Steinmetz et al, 2016). Ultimately, the algorithm employs a spectral matching technique to 

optimize the parameters of the models mentioned above using 7 OLCI bands ranging from 412 

nm to 665 nm, facilitating the best spectral fit for the total reflectance measured by the sensor. 

A total of 8 images with 389 corresponding SAS-ST station matchups were analyzed. 

Matchup data from the OLCI (denoted as RrsOLCI hereafter) were extracted from a 3x3 macro-

pixel window centered on the SAS-ST in situ station location, with a temporal difference not 

exceeding 3 hours. Within the 3x3 window, spectra for 9 pixels were exported with SNAP 9.0.0 
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using the following procedure: First, pixels with bitmasks of 2 (indicating cloud) and 3 

(indicating land and cloud) were filtered out, while bitmasks of 2048 (indicating out-of-bands) 

and 0 were kept for a further quality check, as suggested by Steinmetz et al. (2016). It is worth 

noting that no Case 2 flags are shown for our highly reflective coccolithophore water. Second, 

outlier pixels within the 3x3 macro-pixel were defined as those with Rrs at 560 nm more than 1.5 

times the standard deviation (SD) from the median; these outliers were eliminated to avoid their 

adverse influence on the matchup statistical analysis (Bailey and Werdell, 2006; Cui et al., 

2010).  

Further, it was required that a minimum of five pixels within the 3x3 window remain 

unflagged and that their coefficient of variation (CV) at 560 nm falls below the threshold of 0.15 

(Bailey and Werdell, 2006). Finally, median values of the 384 macro-pixels were further 

evaluated considering water mass mismatches indicated by dominant surface current direction 

derived from a local CODAR system (Giannini et al., 2021; Nasiha et al., 2022) for matchup 

analysis with in situ SAS-ST data. From this step, we eliminated 45 macro-pixels recognized as 

water mass mismatches, reducing the number of macro-pixels (or samples hereafter) to 339 for 

matchup analysis.  

 3.2.3 Data analysis  

 The following data analysis procedures were performed: (1) classifying the 

coccolithophore bloom RrsSST data into three groups concerning its evolutionary stages based on 

their spectra characteristic; (2) using RrsSST as input features to train supervised machine learning 

models, specifically random forest classifiers (RFC); (3) selecting the optimal model considering 
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the evaluation of RrsOLCI data for the different bands against time and spatially corresponding 

RrsSST, which was then applied to RrsOLCI spectra. 

3.2.3.1 Classification of coccolithophore bloom stages 

The coccolithophore bloom classification relies on the spectral characteristics of the 

hyperspectral RrsSST and the corresponding nRrsSST normalized at 560 nm. This classification was 

based on the spectral features located in the 400-550 nm range and around 670 nm, along with 

the reflectance magnitude. Based on these features, three distinct bloom stages were identified: 

no bloom, growing coccolithophore bloom, and decaying coccolithophore bloom. Due to the 

lack of in situ water samples to enable cell identification, the absorption and Rrs features of 

coccolithophore from Neeley et al. (2015) and Neukermans and Fournier (2018) were used for 

classification of coccolithophore bloom development stages. 

During the growing bloom stage, E. huxleyi cultures exhibit significant absorption, 

peaking within 400-470 nm and gradually decreasing towards 550 nm, alongside a moderate 

absorption around 670 nm (Neeley et al. 2015). This strong absorption by photosynthetic 

pigments potentially leads to a decline of reflectance in the corresponding wavelengths. Groom 

and Holligan (1987) and Cazzaniga et al. (2021) also noted a comparable phenomenon wherein 

the blue reflectance typically diminishes relative to the green at the onset of bloom due to an 

elevated pigment concentration or cell-to-coccoliths ratio. This observation is supported by the 

radiative transfer simulations of reflectance from E. huxleyi blooms conducted by Neukermans 

and Fournier (2018). These authors showed that during the initial bloom phase, the absorption 
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originating from the coccolithophore affects the magnitude and shape of the Rrs by diminishing 

the reflectance in the blue wavelengths.  

For the decaying bloom stage, Figure 8 by Neukermans and Fournier (2018) illustrates 

that the initial and final stage spectra of coccolithophore blooms, with varying initial cell 

densities, are characterized by the presence or absence of two absorption features around 470 nm 

and 670 nm, linked to pigments within the cell cores. Notably, when all coccoliths have been 

shed and no living cores remain at the final stage, these absorption features flatten, and the Rrs 

magnitude increases several-fold. The presence of the highly scattering detached coccoliths 

suspended in the water during the final stage of the bloom is linked to the stereotypical bright 

milky turquoise colour typically observed during coccolithophore blooms  (Balch et al., 2005). 

Figure 9A and 9B from Neukermans and Fournier (2018) also demonstrate that nRrs exhibit 

minimal spectral shape variability during the decaying bloom stage, particularly in the blue 

wavelengths. 

In brief, the coccolithophore bloom initial stage, defined as the growing bloom phase, 

was characterized based on the shape of the reflectance, particularly with lower nRrs values in the 

400-550 nm range and moderately lower values around 670 nm. Additionally, the chlorophyll-a 

fluorescence signal around 680-685 nm in nRrs is prominent in this phase due to the active 

photosynthetic pigments. For the following stage, defined as the decaying bloom phase 

(coccoliths shed and no living cores remain), the reflectance absorption features around the 470 

nm flatten, and the magnitude increases several folds, along with minor spectral shape variability 

in nRrs. Spectra when coccolithophore blooms are not occurring exhibit low and flat reflectance 



 

 

 

67 

signals over the entire spectra – indicating clear water (Phillips and Costa, 2017; Giannini et al., 

2021; Nasiha et al., 2022; Wang and Costa, 2022). 

3.2.3.2 Evaluation of OLCI Sentinel-3A Rrs 

To ensure the accuracy and reliability of remote sensing data and to facilitate a more robust 

understanding of coccolithophore bloom dynamics, Rrs retrieved from OLCI was evaluated 

against in situ SAS-ST matchup samples across three different coccolithophore bloom spectral 

groups. The following statistics were used: the root mean square error (RMSE), mean absolute 

relative difference (MAD, expressed in %), mean relative difference (MRD, expressed in %), 

being determined as (Concha et al., 2021): 

𝑅𝑀𝑆𝐸 = i
1
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where 𝑅𝑟𝑠NOPQ is the Sentinel-3 OLCI derived 𝑅𝑟𝑠(𝜆), 𝑅𝑟𝑠LLR is the SAS-ST measured in 

situ 𝑅𝑟𝑠(𝜆), and N is the number of matchup samples. The regression slope, intercept, and 

determination coefficient (r2) values between RrsOLCI and RrsSST were calculated using simple 

linear least-squares regression techniques (Cazzaniga et al., 2021).  

3.2.3.3 Machine learning algorithm development with RrsSST and application on RrsOLCI 
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Methodologies for identifying coccolithophore blooms from satellite observations are 

typically designed for Case 1 waters, in which inorganic particulates and dissolved organic 

matter are not dominant (Balch and Mitchell, 2023). Recognizing the existing methodological 

limitations for identifying coccolithophore blooms from satellite observations in Case 2 waters 

(e.g., Brown and Yoder, 1994; Gordon et al., 2001; Iglesias-Rodríguez et al., 2002; Balch et al., 

2005; Moore et al., 2012), the following work scheme was adopted to develop a novel machine 

learning approach that utilizes computational intelligence to implicitly handle the complex 

relationships among optical water constituents in Case 2 waters (Hu et al., 2021). Here, we 

present the steps (Figure 14) for developing a (i) random forest model using 10 bands of OLCI 

(RFC10, 400-709 nm) and (ii) an adapted RFC using 7 bands of OLCI (RFC7, 490-709 nm). The 

adapted model was developed due to the observed relatively poor performance of RrsOLCI 

retrievals at short blue wavelengths. The following steps were adopted:   

Step 1 Data organization: The hyperspectral RrsSST data were labeled as one of the three 

groups (no bloom, growing bloom and decaying bloom) following the method detailed in Section 

2.3.1. Among the 734 RrsSST samples, 374 were labeled as no bloom, 193 as growing bloom and 

167 as decaying bloom. Following this, each spectrum was convoluted to the corresponding 

Sentinel-3A OLCI 10 bands from 400 to 709 nm using the Sentinel-3A OLCI Spectral Response 

Functions (SRFs) available from the European Space Agency (2021). Since the classification of 

coccolithophore blooms relies on the spectral characteristics of the hyperspectral RrsSST and the 

corresponding nRrsSST normalized at 560 nm (Neeley et al., 2015; Neukermans and Fournier, 

2018), both the classified convoluted RrsSST at 10 wavelengths and the corresponding nRrsSST 

normalized at 560 nm at the same OLCI 10 wavelengths are employed as predictor variables (20 
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in total) for a supervised machine learning classifier to predict the target variable, which has 

three categorical levels: no bloom, growing bloom, and decaying bloom. Ratios between 

different wavelengths, which could capture important relationships between spectral bands, were 

tested as additional predictor variables during the machine learning model training. However, 

since they did not enhance the model's performance (results not shown here), band ratios were 

not included in this research. Owing to the incorporation of RrsSST and nRrsSST from 10 

wavelengths in the RFC model, we refer to this model as RFC10 hereafter. 

Step 2 RFC10 machine learning model development: Among different machine learning 

algorithms, the random forest classifier (RFC) was selected for this research due to its superior 

classification accuracy (Breiman, 2001), exceptional tolerance towards outliers and noise, 

resilience against overfitting (Tyralis et al., 2019) and its ability to provide a ranking of the 

predictor variable importance (Cutler et al., 2007). The RFC operates as an integrated algorithm 

grounded in the assembly of decision trees (Breiman, 2001). Combining the corresponding 

classification decision result from each decision tree, the RFC achieves the outcome through a 

voting process, in which the single category prediction with the highest votes is deemed the final 

result. This process enhances the overall model's precision and capacity to generalize, thereby 

elevating its predictive performance (Breiman, 2001). 

The structure of a RFC requires specifying key hyperparameters, such as the number of 

trees (n_estimators) and the maximum depth of each decision tree (max_depth). A training 

dataset, randomly selected from the total sample set (N=734), consisting of 513 samples (70% of 

the total: 255 no bloom, 138 growing bloom, and 120 decaying bloom), was used to train the 
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RFC. The remaining 221 samples (30% of the total: 119 no bloom, 55 growing bloom, and 47 

decaying bloom), designated as unseen data for the RFC trained on the training dataset including 

513 samples, were used as a test dataset to provide a final unbiased evaluation of the model's 

performance.  

 During the training process, five-fold cross-validation was applied to ensure near-

optimal model performance by iterating over different hyperparameter combinations (using 

GridSearchCV from the Python-based sklearn library) and obtaining the corresponding model’s 

accuracy and standard deviation at certain hyperparameters combinations. A five-fold cross-

validation operates by dividing the training dataset into five equally sized "folds" or subsets. The 

model is then trained and tested five times, each time designating a different fold (1/5 of the 

training dataset) as the test set while using the remaining four folds (4/5 of the training dataset) 

as the training set; this process repeats across all five folds. For each combination, the model's 

performance was evaluated by calculating the mean accuracy, which is the proportion of 

correctly classified instances in each fold and averaged to obtain a more reliable overall accuracy 

and the standard deviation (std) of the accuracy across the five folds. The Python code for this 

machine learning algorithm can be find in Appendix B. The hyperparameter max_depth=8 and 

n_estimators=100 were defined for RFC10, which resulted in an optimal accuracy of 

0.967±0.0131 (mean ± standard variation). 

Step 3 Optimization of the RFC10 model-RFC7: Due to the poor performance of the 

RrsOLCI compared with RrsSST at 400-443 nm range (Section 3.3), a modified machine learning 

model (RFC7) was developed to address this limitation. This modification involved selecting 
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only seven specific wavelengths from RrsSST as input variables for the model, excluding the 

wavelengths within the 400-443 nm range due to their demonstrated poor performance in SAS-

ST's OLCI matchup samples. The modified RFC7 model was trained using the same 

methodological framework as described earlier, with these seven wavelengths to train the 

classifier and evaluate its performance. RFC7 resulted in an accuracy of 0.967±0.0145 with the 

hyperparameters setting max_depth = 12 and n_estimators = 100. 

Figure 14| Flow chart showing the development of the random forest classifier using in situ 

RrsSST data and its application to satellite data RrsOLCI for coccolithophore bloom classification. 
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Step 4 RFC10 and RFC7 application on OLCI data: The final step was the evaluation of both 

models' accuracy in classifying OLCI retrieved spectra into non-bloom, growing bloom, and 

decaying bloom categories. For this, we used 339 OLCI retrieved RrsOLCI spectra as samples (no 

bloom 211, growing bloom 33, and decaying bloom 95). A confusion matrix, which summarizes 

the actual versus predicted classifications (Rosenfield and Fitzpatrick-Lins, 1984), was used to 

evaluate the classification accuracy, along with various derived evaluation metrics: precision and 

recall, frequently referred to as user's accuracy (UA), producer's accuracy (PA), and the Kappa 

coefficient (KC) and overall accuracy (OA) (Congalton, 1991). The four metrics' definitions are 

listed below: 

• UA: the ratio of the total number of correct classifications for a particular category to the 

total number of samples predicted as that category. 

• PA: the ratio of the total number of correct classifications for a particular category to the 

actual total number of samples referenced in that category. 

• OA: the ratio of the total number of correctly classified samples to the total number of 

test samples. 

• KC: quantifies the degree of agreement by considering the correctly classified samples 

potentially attributable to random occurrence. KC spans from -1 to 1, where a positive 

value indicates more agreement than would be anticipated by chance, with the agreement 

becoming stronger as the value approaches 1. 
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3.3 Results 

3.3.1 Optical constituents: FerryBox data 

Figure 15 illustrates the continuous spatial and temporal distribution of chlorophyll 

concentration (ug/L), turbidity (NTU), CDOM fluorescence (ppb) and salinity (PSU) obtained by 

the FerryBox system installed on QoOB. The route from Nanaimo to West Vancouver is 

designated as stations 1 through 49, with their specific locations depicted in Figure 13. 

Measurements were made from August 11, 2016 (denoted as 0811) to August 30, 2016 (denoted 

as 0830) as presented in Figure 15. 

The concentrations of the optical constituents were highly variable both spatially and 

temporally. The salinity heatmap indicates a predominantly downward trend in salinity values 

from west to east along the route, decreasing from approximately 27 PSU on the Nanaimo side to 

15-25 PSU on the West Vancouver side, except for a nearly stable measurement at ~ 28 PSU on 

0818 (note that August 18, 2016 is denoted as 0818; Figure 15A). Additionally, the general 

temporal trends in surface water Chla concentration, turbidity, and CDOM fluorescence followed 

similar patterns during the study period. The FerryBox chlorophyll heatmap illustrates that the 

period from 0816 to 0820 generally exhibits higher Chla fluorescence signals (Figure 15B). 

Notably, some stations (e.g., stations 19-23) recorded Chla values exceeding 9 ug/L for most of 

that period, while stations 25-49 on 0818 show a Chla peak value (18 ug/L). Those high values 

reflect the accelerated proliferation of coccolithophore cores, subsequently leading to elevated 

pigment concentrations. 
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The turbidity heatmap displays heightened turbidity levels from 0815 to 0823, during 

which certain stations recorded turbidity values exceeding 5 NTU (Figure 15C). Moreover, for 

stations 21-25 in 0820 and 0822, turbidity exceeded 6 NTU, reaching a peak of 6.5 NTU at 

station 25 in 0820. Note that, spatially, the stations with high turbidity are not associated with 

Fraser River plume waters, thus indicating an association with coccolithophore blooms. The 

elevated turbidity period generally mirrors the higher chlorophyll levels observed during a 

similar timeframe. Regarding the peak days of Chla and turbidity measurements, there is a two-

day shift, with Chla peaking two days earlier than turbidity. Observations of CDOM 

fluorescence display a trend analogous to that of Chla and turbidity measurements, starting with 

lower values in the initial days (<2 ppb), followed by an increase from 0817 to 0823, especially 

at the middle stations of the route, reaching a peak value of 3.1 ppb, before diminishing to lower 

levels once again (Figure 15D). 
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Figure 15| FerryBox heatmap of (A) salinity (PSU), (B) Chlorophyll-a fluorescence (ug/L) 

values, (C) turbidity (NTU), and (D) CDOM fluorescence (ppb). The X axis represents stations 

ranging from 1 to 49, corresponding to samples acquired along the ferry route from Nanaimo to 

West Vancouver, as shown in Figure 13. The Y axis indicates the date and the measured values 

of the variable over consecutive days during the coccolithophore bloom period from August 11 

(0811) to August 30 (0830), 2016. Blue and red refer to the lowest and highest values, 

respectively. 

3.3.2 Classification of coccolithophore bloom development stages 

 According to the spectral analysis method described in Section 3.2.3.1 for reflectance 

(RrsSST) and normalized reflectance (nRrsSST), the results showed that the 734 samples were 

partitioned into three classes, no bloom (n=374), growing bloom (n=193), and decaying bloom 

(n=167). Figure 16 shows the coccolithophore spectra classification through a time series of 

RrsSST and nRrsSST data from 0811 to 0830 captured at station 19 (Figure 13), which is 

approximately at the middle of the ferry route and has representative high concentrations of 

optical constituents as indicated in Figure 15. Note that during the no bloom phase (0811-0815 

and 0830), RrsSST exhibited relatively uniform and low values across the wavelengths, with the 

peak values fluctuating around 0.006 sr-1, except for the data collected on 0811. The 

corresponding nRrsSST exhibited the smoothest spectra among the three phases, lacking the 

concavity around 470 nm typically associated with phytoplankton pigment absorption. This 

uniformity in both RrsSST and nRrsSST supports the classification of this period as the no bloom 
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phase, characterized by the reflectance signal indicative of clear water with low particulate 

matter. 

The growing bloom class (0816-0820) exhibited higher RrsSST values (0.008-0.028 sr-1) 

and a more irregular nRrsSST shape, reflecting an increased concentration of coccolithophores. A 

decline of reflectance in the 400-550 nm is clearly evident in the nRrsSST curves, likely associated 

with the strong absorption by photosynthetic pigments (Figure 16B). Specifically, nRrsSST(470) 

decreased from above 0.60 (0811 to 0815 and 0822 to 0830) to about 0.44-0.56 (0816 to 0820). 

The secondary nRrsSST pigment absorption concave around 670 nm is also representative of 

growing bloom days (Figure 16C). Further, the Chla fluorescence signal around 680-685 nm on 

those days showed evident peaks (Figure 16C). It is also evident that RrsSST (560) during those 

days generally continued to increase from below 0.008 sr⁻¹ before 0816 (except 0811) to nearly 

0.03 sr⁻¹. This increase corresponds to the growing bloom stage, as indicated by the spectral 

fingerprints, which reflect rising cell densities and the associated optical changes characteristic 

of an actively developing coccolithophore population. 

During the decaying bloom phase (0822 - 0825), the two pronounced lower nRrsSST 

signals around 470 nm and 670 nm disappeared, with nRrsSST(470) rising to a narrow range of 

0.64-0.70 and the nRrsSST clearly show small spectral shape variability (Figure 16B). 

Additionally, the absence of significant peaks around the Chla fluorescence at 680-685 nm 

(Figure 16C) further indicates the decrease of active phytoplanktonic pigments. RrsSST(560) 

increased from 0.028 sr-1 on day 0820 to 0.043 sr-1 on day 0822, followed by a significant 

continuous reduction in RrsSST magnitude until day 0825  (RrsSST(560) =0.023 sr-1) (Figure 16A). 



 

 

 

78 

These spectral patterns indicate the decaying phase of the bloom, characterized by decreased 

pigment absorption, fluorescence, and scattering, indicating a reduction in the coccolithophore 

population.  

 Figure 16| Station 19 time series spectra evolution of (A) RrsSST, (B) nRrsSST and (C) a zoomed-

in view of nRrsSST around 670 nm. The RrsSST from 15 days are divided into three groups: no 

bloom (0811-0815 and 0830), growing bloom (0816-0820) and decaying bloom (0822-0825) 

according to their spectra features and accompanying FerryBox data. 

Figure 17 summarizes the spatial and temporal domains of coccolithophore bloom 

development stages based on their spectral characteristic of RrsSST , as illustrated above. The 

figure indicates that the bloom begins in the eastern part of the ferry route (West Vancouver side) 
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and propagates westward (towards the Nanaimo side), with the growing bloom phase starting on 

0815. This timing is consistent with the findings of Wang and Costa (2022), rather than 0816 as 

indicated in Figure 16, which was based solely on the analysis of station 19 instead of all 

stations. 

Figure 17| Heatmap of the classification of coccolithophore bloom development stages based on 

RrsSST. The X axis represents stations ranging from 1 to 49, corresponding to samples acquired 

along the ferry route from Nanaimo to West Vancouver, as shown in Figure 13. The Y axis 

indicates the date and the coccolithophore bloom development stages over consecutive days 

during the coccolithophore bloom period from August 11 (0811) to August 30 (0830), 2016.   

3.3.3 Evaluation of RrsOLCI based on RrsSST 

The matchup analysis generally showed that RrsOLCI is slightly underestimated, especially in 

the shorter wavelengths compared with RrsSST.  Figure 18 shows that, for the three groups of 

spectra acquired at different evolutionary stages of the coccolithophore bloom, RrsOLCI is slightly 

underestimated compared with RrsSST, especially in the shorter blue wavelengths. This 

underestimation is reflected in negative MRD values across all wavelengths (Figure 19 and 
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Table 4). Specifically, at 400, 412, and 443 nm, the high negative MRD (<-25.9%) for all three 

groups indicates a notable underestimation of RrsOLCI compared with the corresponding RrsSST. 

Notably, the RrsOLCI for decaying bloom group performs the worst, with the MRD dropping 

below -30.0%.  

However, a pronounced enhancement in performance for all groups is observed between 490 

and 681 nm, with the absolute minimum MRD lying between -9.4% and -4.3% at 560 nm. For 

709 nm, the discrepancy is markedly pronounced for the non-bloom compared to the two bloom 

groups as shown by the MRD and MAD values. This is because the RrsOLCI signal is notably 

reduced in the absence of coccolithophores, and the usages of a relative measure of difference, 

such as MRD and MAD, rather than absolute ones, like RMSE, may yield unrealistic values 

when Rrs approaches zero. The RMSE values for all three groups at 709 nm fall within a 

similarly low range of 0.005 to 0.008 sr-1, suggesting that this wavelength exhibits satisfactory 

matchup performance. 

 Given the poor performance of the RrsOLCI at shorter 400-443 nm wavelength range, an 

alternative RFC model optimization method was developed. Instead of using all 10 OLCI 

wavelengths for training a coccolithophore bloom classification model (RFC10), a separate 

model was trained using the remaining seven bands after excluding the 400, 412, and 443 nm 

bands (RFC7). 
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Figure 18| The reflectance matchups between Sentinel-3A OLCI and SAS-ST for 339 samples 

across 10 wavelengths. The dotted lines represent the one-to-one relationship between RrsSST  and 

RrsOLCI. 
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 Figure 19| Statistics including the mean absolute relative difference (MAD, expressed in %), 

mean relative difference (MRD, expressed in %), and root mean square error (RMSE) for all 339 

samples and three groups (no bloom, growing, and decaying coccolithophore bloom group). 

 

Table 4| Statistics including the regression slope, intercept, and determination coefficient (r2) 

values calculated using simple linear least-squares regression techniques, the mean absolute 

relative difference (MAD, expressed in %), mean relative difference (MRD, expressed in %), 

and root mean square error (RMSE) for all 339 samples and three groups (no bloom, growing, 

and decaying coccolithophore bloom group). 

  Wavelengths Slope Intercept r2 MAD MRD RMSE 

  400 0.48 0.0001 0.87 52.1 -52.1 0.0049 

  412 0.55 0.0003 0.92 40.4 -40.4 0.0041 

  443 0.69 0.0002 0.96 28.7 -28.4 0.0033 
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  490 0.82 -0.0001 0.97 19.4 -18.7 0.0026 

All samples 510 0.86 -0.0001 0.97 16.7 -15.5 0.0024 

  560 0.94 -0.0002 0.98 11.3 -8.2 0.0018 

  620 0.92 -0.0001 0.98 14.2 -12.1 0.0010 

  665 0.92 -0.0002 0.98 17.1 -14.9 0.0007 

  681 0.96 0.0000 0.98 10.8 -5.7 0.0005 

  709 0.93 -0.0004 0.96 31.3 -30.3 0.0006 

  400 0.77 -0.0013 0.55 53.3 -53.3 0.0023 

  412 0.79 -0.0008 0.64 39.9 -39.9 0.0018 

  443 0.79 -0.0003 0.76 28.5 -28.1 0.0014 

  490 0.80 0.0000 0.81 20.7 -19.6 0.0013 

No bloom 510 0.79 0.0002 0.8 18.3 -16.5 0.0013 

  560 0.85 0.0004 0.78 13.3 -9.4 0.0011 

  620 0.97 -0.0003 0.7 16.5 -13.9 0.0005 

  665 0.95 -0.0002 0.51 20.6 -17.8 0.0005 

  681 1.01 -0.0002 0.54 12.8 -6.5 0.0004 
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  709 0.86 -0.0003 0.36 39 -38.1 0.0005 

  400 0.60 -0.0003 0.26 43.9 -43.9 0.0032 

  412 0.82 -0.0013 0.38 35.6 -35.6 0.0027 

  443 1.13 -0.0028 0.75 25.9 -25.9 0.0020 

  490 1.00 -0.0014 0.89 16.1 -16.1 0.0015 

Growing 

bloom 
510 0.97 -0.001 0.89 12.7 -12.7 0.0014 

  560 0.98 -0.0003 0.82 7.3 -4.3 0.0012 

  620 0.86 0.0005 0.63 9.8 -7.0 0.0008 

  665 0.83 0.0004 0.58 11.3 -8.9 0.0006 

  681 0.84 0.0006 0.57 8.5 -2.1 0.0004 

  709 0.69 0.0004 0.59 19.5 -16.4 0.0006 

  400 0.46 0.0002 0.66 52.3 -52.3 0.0083 

  412 0.55 0.0003 0.76 43.1 -43.1 0.0071 

  443 0.68 0.0003 0.85 30.0 -30.0 0.0057 

  490 0.8 0.0004 0.89 17.7 -17.5 0.0044 
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Decaying 

bloom 
510 0.84 0.0005 0.90 14.6 -14.3 0.0041 

  560 0.93 0.000 0.93 8.1 -6.9 0.0029 

  620 0.92 -0.0003 0.95 10.8 -10.1 0.0016 

  665 0.93 -0.0002 0.95 11.3 -10.6 0.0011 

  681 0.96 -0.0001 0.95 7.2 -5.2 0.0007 

  709 0.99 -0.0007 0.96 18.2 -17.9 0.0008 

 

3.3.4 RrsSST random forest classifier – RFC10 and RFC7 

Figure 20 shows the results of the RrsSST random forest classifier RFC10 for the 

coccolithophore bloom classification. Specifically, Figure 20A shows that based on permutation-

based feature importance, the 20 predictor variables (RrsSST and nRrsSST) are crucial for 

identifying the presence of coccolithophore blooms and discerning their various development 

stages. Notably, nRrs(510) and nRrs(490), mainly influenced by the absorption of 

coccolithophore pigments from 400-550 nm, are the first and fourth most important features of 

the RFC10. Furthermore, Rrs(681), the second most important feature, is mainly influenced by 

chlorophyll-a fluorescence, which peaks within the 680-685 nm range. 

Figure 20B shows the relationship for the top two predictor features, nRrs(510) and 

Rrs(681), partitioned according to their corresponding bloom groups. The observed high 
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dispersion highlights the potential of these two predictor features to effectively differentiate 

between the groups, suggesting their importance in coccolithophore bloom classification 

analysis. It is noticeable that the three groups are well grouped, except for minor overlaps in the 

boundaries between groups, especially for the growing and decaying bloom groups. No overlap 

is observed between the no bloom and decaying bloom groups. Specifically, the no bloom group 

is better separated from the other two groups than the separation between growing bloom and 

decaying bloom, and the prediction errors generally increase with the increasing overlap area 

between the two groups. For instance, only six erroneous prediction samples among the test 

samples (N=221) were observed, corresponding to a prediction accuracy of 97.3% (Table 2). 

From the erroneous prediction, four out of six samples were error predictions between growing 

and decaying bloom groups, which happens at the two groups' overlap area (Figure 20B,C). Only 

one sample is an error prediction between no bloom and decaying bloom, and one sample is an 

error prediction between no bloom and growing bloom, and both happen in the two groups' 

overlap area as well.  

By comparing the permutation-based feature importance between RFC10 and RFC7 

(Figure 20A, Figure 21A), a noticeable reordering of predictor variables is observed. 

Permutation importance measures the change in a model’s performance, such as accuracy in this 

case, when the values of a specific feature are randomly shuffled while keeping all other features 

unchanged. The concept is that if a feature is important for predictions, scrambling its values will 

significantly reduce the model's performance. In contrast, if a feature is less important, shuffling 

it will have minimal or no impact (Cutler et al., 2007). Here, the most important predictor 

features in RFC10 remain important in RFC7. Specifically, the top two features in RFC10, 
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nRrs(510) and Rrs(681), decreased to third and sixth in importance in RFC7. Conversely, the 

fourth and sixth features in RFC10, nRrs(490) and Rrs(620) , rose to become the top two 

important predictor features in RFC7. nRrs (490) replaced nRrs(510) likely because both bands 

are primarily influenced by the absorption of coccolithophore pigments in the 400-550 nm range. 

Figure 21B presents the scatterplot of RFC7 for the top two crucial predictor features, nRrs(490) 

and Rrs(620), partitioned by their respective bloom. This distribution closely resembles the 

scatterplot of the top two predictor features in RFC10 (Figure 20B), and similarly, prediction 

errors tend to increase in the regions where groups overlap. Specifically, seven erroneous 

predictions were observed within the test samples (N=221), resulting in a prediction accuracy of 

96.8% (Table 3). Of the errors, four out of seven were misclassifications between the growing 

and decaying bloom groups, occurring in the overlap area of these two groups (Figure 21C). 

Additionally, one error occurred between no bloom and growing bloom, and two between no 

bloom and decaying bloom, both also in areas of group overlap (Figure 21C).  

It is notable that both RFC10 and RFC7 demonstrate similarly strong performance in 

detecting coccolithophore bloom development stages using reflectance data measured by the 

ground-truth SAS-ST. However, when applying RFC10 to broader applications, such as 

Sentinel-3A OLCI, larger classification errors arise, particularly for the decaying bloom group, 

due to the poor performance of OLCI measurements in the 400-443 nm range, as discussed in 

Section 3.3. In contrast, applying RFC7 to OLCI improves classification accuracy by discarding 

the erroneous bands in the 400-443 nm range. 
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Figure 20| (A) Feature importance of 20 predictor variables used in random forest classifier 

RFC10. (B) Scatter plot of the two most important predictor variables, nRrs(510) and Rrs(681), 

for all (n=734) SAS-ST samples colour-coded according to the three groups; Rrs(681) and 

nRrs(510) were chosen as x and y is because these two best separate the three classes. (C) Scatter 

plot of nRrs(510) and Rrs(681) for 70% of the SAS-ST samples as the training dataset for 

RFC10 (semi-transparent coloured dots) and the remaining 30% as the test dataset (solid 

coloured triangle). The vertical line indicates the six erroneous prediction samples, with the line 

colour indicating their false bloom groups and the triangular background colour indicating the 

true groups.  
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Figure 21| (A) Feature importance of 14 predictor variables used in random forest classifier 

RFC7. (B) Scatter plot of the two most important predictor variables, nRrs(490) and Rrs(620), 

for all (n=734) SAS-ST  samples colour-coded according to the three groups; Rrs(620) and 

nRrs(490) were chosen as x and y is because these two best separate the three classes. (C) Scatter 

plot of nRrs(490) and Rrs(620) for 70%  of the SAS-ST samples as the training dataset for RFC7 

(semi-transparent coloured dots) and the remaining 30% as the test dataset (solid coloured 

triangle). The vertical line indicates the seven erroneous prediction samples, with the line colour 
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indicating their false bloom groups and the triangular background colour indicating the true 

groups.  

Table 5| Confusion matrix of RFC10 for SAS-ST testing samples (N=221). 

 

Table 6| Confusion matrix of RFC7 for SAS-ST testing samples (N=221). 

 
True no bloom True growing bloom True decaying 

bloom 

Predict no bloom 118 1 0 

Predict growing bloom 0 51 1 

Predict decaying bloom 1 3 46 

Total 119 55 47 

Overall accuracy 97.3%   

 
True no bloom True growing bloom True decaying 

bloom 

Predict no bloom 118 1 1 

Predict growing bloom 0 51 1 

Predict decaying bloom 1 3 45 

Total 119 55 47 

Overall accuracy 96.8%   
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3.3.5 Coccolithophore bloom RrsOLCI spectra machine learning classification based on RFC10 

and RFC7 

Two sets of procedures are presented due to outcomes of the matchup analysis: (i) apply 

RFC10 on the corresponding RrsOLCI 10 bands (RFC10, 400-709 nm) and (ii) apply RFC7 on the 

corresponding RrsOLCI 7 bands, 490-709 nm).  

RFC10 resulted in an overall accuracy of 79.4% (Table 7). Notably, the no bloom group 

exhibited the most accurate classification results, achieving a user accuracy of 97.7 % and a 

producer accuracy of 100%. As defined in Section 3.2.3.3, user accuracy (UA) is the ratio of the 

total number of correct classifications for a particular category to the total number of samples 

predicted as that category. For example, in the no bloom category, the model correctly identified 

97.7% of the cases that were classified as no bloom. Producer accuracy (PA), on the other hand, 

is the ratio of the total number of correct classifications for a particular category to the actual 

total number of samples in that category. In the case of the no bloom group, PA was 100%, 

meaning all the no bloom samples were correctly identified as such. Conversely, the largest 

misclassification resulted in a producer accuracy from the decaying bloom of 29.5%. Table 7 

also indicates that the user accuracy of the RFC10 model is 97.7% in distinguishing no bloom 

Rrs from growing and decaying blooms, and it achieves 100% in distinguishing decaying blooms 

from the other two categories. However, the accuracy decreases to 31.6% when distinguishing 

growing blooms from the other two categories.  
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Table 7| Confusion matrix of RrsOLCI using model RFC10 trained by RrsSST (N=339 samples). 

 

Compared to the RFC10, The RFC7 model achieved an overall accuracy of 89.1% (Table 

8). Additionally, the Kappa coefficient increased from 0.14 in RFC10 to 0.66 in RFC7, 

indicating that the adapted classifier has a substantially higher classification agreement than the 

original classifier, beyond what would be expected by random chance. Specifically, as shown in 

the confusion matrix of the prediction results (Table 8), RFC7's producer accuracy of the no 

bloom group and the growing bloom group is over 90.0%, similar to the values in RFC10. The 

decaying bloom group's producer accuracy increased from 29.5% (RFC10) to 65.3% (RFC7). 

Regarding user accuracy, the decaying bloom group also attained the highest value of 98.4%, 

trailed by the no bloom group at 96.8%, similar to the values in RFC10. The user accuracy for 

 
True no 

bloom 

True growing 

bloom 

True 

decaying 

bloom 

Total User's 

accuracy 

Predict no bloom 211 3 2 216 97.7% 

Predict growing bloom 0 30 65 95 31.6% 

Predict decaying bloom 0 0 28 28 100% 

Total 211 33 95 
  

Producer's accuracy 100% 90.9% 29.5% 
  

Overall accuracy 79.4% Cohen's kappa  0.14 
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the growing bloom group also experienced a substantial enhancement, moving from 31.6% 

(RFC10) to 50.8% (RFC7). 

The results of the confusion matrix are also presented in a spider plot (Figure 22). This 

effective graphical approach evaluates the behaviour of models across multiple evaluation 

metrics by providing a synoptic visualization of all considered metrics (Seegers et al., 2018; 

Giannini et al., 2021). Note that the accuracies in percentage format have been converted to 

decimal points to accommodate the integration of the Kappa coefficient in this figure. In the 

spider plot, the center signifies a value of 0, while the outermost circle represents a value of 1, 

indicating the best performance. Consequently, the largest polygon shape area defines the best 

overall model performance. As such, the adapted RFC7 demonstrated superior classification 

accuracy over its original counterpart, as it represents the largest area. Most of the differences are 

related to RFC7 improved performance for the Kappa coefficient and the producer’s accuracy for 

the decaying bloom group. 
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Table 8| Confusion matrix of by RrsOLCI using model RFC7 trained by RrsSST (N=339 samples). 

 

 
True no 

bloom 

True growing 

bloom 

True 

decaying 

bloom 

Total User's 

accuracy 

Predict no bloom 210 2 5 217 96.8% 

Predict growing bloom 1 30 28 59 50.8% 

Predict decaying bloom 0 1 62 63 98.4% 

Total 211 33 95 
  

Producer's accuracy 99.5% 90.9% 65.3% 
  

Overall accuracy 89.1% Cohen's kappa  0.66 
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Figure 22| Producer accuracy (PA) and user accuracy (UA) are presented for the three bloom 

groups under RFC10 (blue) and RFC7 (red) coccolithophore classifier models. Additionally, the 

overall accuracy (OA) and Kappa coefficient (KC) for the whole dataset are incorporated. 

3.4 Discussion  

3.4.1 Evolution of the coccolithophore bloom 

The FerryBox chlorophyll heatmap (Figure 15) reveals elevated Chlorophyll-a 

fluorescence readings between 0816 and 0820, indicating increasing phytoplankton biomass. 

These findings align closely with the nRrsSST(470) concavity observed at the same timeframe 



 

 

 

96 

(Figure 16B). This spectral pattern is attributed to increased photosynthetic pigment absorption 

(Neeley, 2015), which from 0816 to 0820 is associated with the coccolithophore growing phase. 

Similarly, these days showed elevated CDOM values, likely a consequence of the decomposition 

of coccolithophore bloom cells during the growing and decaying phase rather than originating 

from Fraser River discharge. Previous studies in this region have suggested that the Fraser River 

is the main source of CDOM in this region; however, these studies did not include datasets 

acquired during coccolithophore bloom conditions (Johannessen et al., 2003; Phillips and Costa, 

2017; Giannini et al., 2021). This is further confirmed by the observation that increased CDOM 

levels in our data are not associated with decreased salinity (Figure 15), which would typically 

indicate input from the Fraser River (Masson, 2006). 

In the Strait of Georgia (SoG), total suspended matter (TSM) is associated both with the 

dynamics of the Fraser River (Loos and Costa, 2010; Phillips and Costa, 2017) and with spring 

and summer phytoplankton blooms (Masson and Peña, 2009; Halverson and Pawlowicz, 2016; 

Phillips and Costa, 2017; Giannini et al., 2021). During the growing phase and a significant part 

of the decay phases of the coccolithophore bloom observed in this research, the FerryBox 

turbidity measurements showed elevated turbidity values exceeding 5 NTU. Concurrently, the 

growing phase of the coccolithophore bloom exhibited Chla concentrations above 9.0 µg/L, as 

shown in Figure 15. Notably, Figure 15 also shows that higher turbidity is associated with higher 

salinity levels, suggesting that the TSM does not represent inorganic particles originating from 

riverine sediments. Given that Phillips and Costa (2017) observed that phytoplankton blooms in 

the SoG with Chla concentrations up to 7.0 µg/L were linked to elevated TSM levels, it is likely 

that the high TSM measured by the FerryBox in this research is also associated with the 
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coccolithophore bloom. As Figure 15 shows, the turbidity peak day (6.5 NTU at station 25 on 

0820) occurs two days later than the Chla peak (18.0 ug/L on 0818), which may be attributed to 

the shedding of coccolith shells after 0820. 

In addition to the time series spectra plot for station 19 shown in Figure 16, the time 

series spectra plot for stations 19 to 23, shown in Figure 23, illustrates the shape and magnitude 

differences, and peak wavelengths shift of the spectra under different water conditions. It is 

noticeable that RrsSST for the non-bloom waters is relatively flat in shape and low in magnitude, 

with the majority peak wavelengths at 562-564 nm and RrsSST peak values below 0.01 sr-1. For 

the growing bloom water, while RrsSST increased to moderate magnitude with peak wavelengths 

at 564-571 nm and RrsSST peak values varied around 0.017 sr-1, nRrsSST (470) decreased to below 

0.6, which is caused by the strong pigment absorption in this stage (Neeley et al., 2015). For the 

decaying bloom water, RrsSST increased to moderate to high magnitude with peak wavelengths at 

around 564 nm and RrsSST peak values above 0.023 sr-1, and the absorption feature in nRrsSST 

(470) disappeared. RrsSST values were extremely high in the decaying bloom water, peaking on 

August 22, with RrsSST(564) reaching 0.043 sr-1. This significant increase contributed to the 

distinctive bright milky turquoise colouring typical of coccolithophore bloom (Gordon et al., 

2001; Balch et al., 2005). 

Figure 23C also shows that the peak wavelengths shift at different bloom development 

stages. Specifically, before the onset of coccolithophore bloom (0811-0815), the majority of the 

RrsSST peak was found around 564 nm. When the bloom starts on 0816, the RrsSST peak 

wavelength shifts to 570 nm at 0819, then the coccolithophores decay and the peak wavelength 
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shifts back to 564 nm at 0822. Comparable blueward shifts in the Rrs maximum wavelength for 

the coccolithophore bloom decaying stage have been observed in studies by Neukermans and 

Fournier (2018). Neukermans and Fournier (2018) indicated that during the growing phase, the 

peak Rrs wavelength is situated within the green spectrum, specifically between 500-550 nm, 

which then transitions towards 400-490 nm wavelengths in the decaying bloom stage. This shift 

is attributed to the liberation of coccoliths and the absence of remaining cores to absorb light. A 

discernible disparity in Rrs maximum wavelength between the current study and the simulations 

conducted by Neukermans and Fournier (2018) is evident. Neukermans and Fournier (2018) 

indicated that the simulated spectra Rrs maximum wavelengths consistently range from 400 to 

550 nm irrespective of the bloom stages. In contrast, we observed a peak Rrs signal within a 

narrower 562-571 nm range. This discrepancy in Rrs maximum wavelength range may be 

attributed to different waters' distinct background optical properties. Neukermans and Fournier 

(2018)’s work pertains to Case 1 waters characterized by low concentrations of CDOM and 

negligible particles backscattering as the background conditions, contrary to Case 2 water in this 

research. Additionally, Neukermans and Fournier (2018) further incorporated enhanced CDOM 

absorption into their Case 1 water simulations, highlighting a potential shift in peak wavelength 

from blue to green bands, similar to what we observed in our data. This simulation was 

corroborated by Cazzaniga et al. (2021) through in-situ AERONET-OC datasets, where 

coccolithophore bloom spectral peaks ranging between 490 nm and 560 nm were observed at a 

site affected by the green-brownish waters from the river plumes, while farther from the river 

mouth peaks occurred over a narrower range between 490 nm and 530 nm. The river plume-

affected measurement aligns with the conditions in our study, suggesting that the likely reason 
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for the reflectance peak at around 560 nm in our data is the presence of background CDOM in 

the coastal area. 

Figure 23| Stations 19-23 time series spectra evolution of (A) RrsSST, (B) nRrsSST, and (C) the peak 

wavelengths and corresponding RrsSST values for each spectrum in (A). The spectrum and 

corresponding values are colour-coded to represent measurements from each day. 

3.4.2 Evaluation of the Random Forest Classifiers 

As shown in Figure 20a, nRrs(490) and nRrs(510), the first and fourth most important 

features used in the RFC10, are influenced by elevated E. huxleyi absorption, peaking from 400 

to 470 nm and gradually decreasing until 550 nm, similar to Neeley et al. (2015). This pattern 

contributes to the concavity observed in nRrs, serving as a significant characteristic to 
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differentiate the coccolithophore development stages (Figure 16B). However, it is also 

counterintuitive that, from our results, nRrs(412) and nRrs(443) are less important than 

nRrs(490) and nRrs(510) (Figure 20A). At 412 and 443 nm, the absorption by E. huxleyi is even 

stronger compared to 490 and 510 nm (Neeley et al., 2015), and as such, it should cause a more 

prominent concavity in nRrs.  We hypothesize that these results are likely attributable to greater 

uncertainties in the short blue wavelengths related to the RrsSST retrievals (Mobley, 1999; Wei et 

al., 2020; Tilstone et al., 2020), likely because the diffuse skylight (𝐿%) reflected off the water 

surface could contaminate the signal detected by the 𝐿& sensor. The skylight is more pronounced 

at shorter wavelengths because the sky is brightest in the blue bands due to Rayleigh scattering 

(Mobley, 1999). Despite the proper corrections applied during SAS-ST data processing, as 

described in Section 3.2.2.1, this contamination can still propagate, leading to increased 

uncertainties in the blue wavelengths of RrsSST. Due to the strong resilience of random forest 

classifiers against noise (Fang, 2011), nRrs(490) and nRrs(510), which gernerally have lower 

reflectance uncertainties (Tilstone et al., 2020), were selected to indicate the influence of 

pigment absorption on reflectance measurements. 

The uncertainties associated with the Rrs at shorter blue wavelengths are also prevalent 

with the RFC10 application on RrsOLCI. In this case, the suboptimal separation of the decaying 

and growing bloom groups may stem from the consistent underestimation of RrsOLCI for the 

decaying bloom, particularly in the 400, 412 and 443 wavelengths (Figure 18 and Table 4). The 

underestimation of RrsOLCI for decaying blooms at these wavelengths resembles the concavity 

observed in the growing bloom spectra, which results from strong pigment absorption. This 

similarity in the spectral shape leads to the erroneous classification of 65 decaying bloom 
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observations (68.4% of the total decaying bloom samples) into the growing bloom category 

(Table 4). However, upon excluding the three problematic 400-443 nm OLCI wavelengths, 

known for their performance shortcomings, the adapted RFC7 misclassification rate dropped to 

28 decaying bloom samples (29.5% of the total decaying bloom samples) being misclassified 

into the growing bloom category (Table 5). Similar poor performance of Rrs values retrieved by 

OLCI in the blue bands was also reported by Mograne et al. 2019 and Giannini et al. 2021. 

3.4.3 Inapplicability of other coccolithophore flags 

Following the widely accepted NASA coccolith flag, which is based on thresholds of 

normalized water-leaving radiance (Lwn) and their ratios for three bands from blue and green 

wavelengths (Brown and Yoder, 1994; Iglesias-Rodríguez et al., 2002), none of the RrsSST 

measured in this study were identified as indicative of coccolithophore blooms. However, a large 

coccolithophore bloom breakout in 2016 in the Salish Sea was reported by NASA (2016), 

Chandler et al. (2017), Esenkulova et al. (2021), and Simpson et al. (2022). This discrepancy 

might stem from the inherent nature of our dataset, which pertains to coccolithophore blooms 

that happened in Case 2 coastal waters, whereas the flag methodology by Iglesias-Rodríguez et 

al. (2002) was developed for Case 1 open ocean waters (e.g., Moore et al., 2002). The threshold 

values of the Lwn coccolithophore classifier presented by these authors are determined by a 

parallelepiped algorithm, which categorizes a satellite pixel as either bloom or non-bloom by 

comparing the spectral properties of the pixel's Lwn to the five specific shape and magnitude 

range that qualify as a bloom. For example, the peak of coccolithophore bloom spectra in our 

research varied the most within the green wavelengths, divergent from the NASA coccolith flag, 

which is established on spectral signatures for Emiliania huxleyi blooms from several Case 1 
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open ocean waters, presenting signals at 443 nm surpassing those at 555 nm (Iglesias-Rodríguez 

et al., 2002). The failure of the NASA coccolith flag has also been observed by Cazzaniga et al. 

(2021), suggesting that variations in Rrs and the corresponding triggering of the NASA 

coccoliths flag can be impacted by local water optical complexity not related to the bloom 

phenology. According to Cazzaniga et al. (2021), the algorithm failure could be attributed to the 

green-brownish optically complex waters of a river plume enriched in sediments and CDOM, in 

which the spectral peak ranged between 490 nm and 560 nm, similar to the peak wavelengths 

just over 560 nm of our study. Nevertheless, the authors reported that for the plume-affected 

waters, only at the decaying bloom stage the coccoliths flag is activated due to the shift of Rrs 

maxima toward the blue center wavelengths with Rrs(443) prevailing over Rrs(551), thereby 

inadvertently conforming to the conditions of NASA's coccolith flag. Given these uncertainties 

and discrepancies in the NASA coccolith flag, the introduction of a machine learning-based 

coccolith flag for Case 2 water in the Salish Sea area, as delineated in our research, serves as a 

valuable complement to the existing NASA coccolith flag. It has the added advantage of 

differentiating the coccolithophore bloom spectral data into two distinct stages of bloom 

development, enhancing the understanding and identification of coccolithophore phenology. 

3.4.4 Limitations of the study 

Despite the valuable insights gained regarding coccolithophore bloom classification from 

this study, several limitations should be acknowledged to comprehensively understand the 

findings. First, only one water sample, collected approximately 100 km away from the SAS-ST 

track (Esenkulova et al., 2021), along with satellite imagery (NASA 2016; Chandler et al., 2017), 

confirmed the coccolithophore bloom outbreak in the Salish Sea in August 2016. To address the 
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limitation of relying on a single in situ water sample, future studies could incorporate a larger 

number of samples analyzed using microscopic examination and flow cytometry to count and 

identify coccolithophore species and their development stages. Additionally, the acidification 

method (Riebesell et al., 2011) could be employed to quantify PIC, providing further insights 

into bloom dynamics.  

Second, the generalization of machine learning models, defined as utilizing observed 

training data to make predictions about new, unseen data, is a critical aspect to consider in 

developing and deploying these models for real-world applications (Shalev-Shwartz and Ben-

David, 2014). Nevertheless, the constrained spatial distribution of the SAS-ST dataset, 

specifically its coverage of the QoOB route, does not cover the water body closer to the Fraser 

River, an area characterized by distinct optically active constituents. Consequently, the efficacy 

of the RFC7 model, as trained on a limited dataset within this research, in applying to a broader 

geographical scope within the Salish Sea, remains to be assessed. 

Lastly, because the full scene OLCI images contain large areas of optically diverse waters 

influenced by the Fraser River plume, which are not represented in the SAS-ST training dataset, 

thus applying the RFC7 model beyond the matchup points to the entire image would likely result 

in misclassification. This is due to the model being trained specifically for scenarios where 

coccolithophores are the primary variable, without accounting for other sources of optical 

heterogeneity. Therefore, full-scene classification was beyond the scope of this study and would 

require additional knowledge of the optically active constituents near the Fraser River, which 

could be obtained by analyzing FerryBox data collected along the Queen of Alberni route that 
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traverses the Fraser River plume (Travers-Smith et al., 2021). This approach would allow for the 

quantification of the novel machine learning model’s accuracy and help ensure the reliability of 

coccolithophore bloom classification across broader spatial scales. 

3.5 Conclusions 

The area extent of coccolithophore bloom is projected to increase across most oceanic water, 

driven by rising global temperatures associated with climate changes (Winter et al., 2014). Given 

their ecological importance and sensitivity to climate shifts, monitoring them through satellite 

remote sensing has become essential, especially due to the limited availability of in situ 

observations and the sheer scale of ocean cover. In August 2016, the Salish Sea experienced an 

extraordinary coccolithophore bloom of Emiliania Huxleyi (NASA 2016; Chandler et al., 2017; 

Simpson et al., 2022), coinciding with in situ Rrs data acquisition for this study. This 

unprecedented event, the region's largest coccolithophore bloom ever recorded, provided a 

unique opportunity to investigate coccolithophore dynamics and highlighted the importance of 

monitoring such blooms in optically complex coastal waters. Below are the main findings of this 

research: 

1. For the non-bloom waters, Rrs is relatively flat in shape and low in magnitude. For the 

growing bloom waters, while Rrs increased to moderate magnitude, nRrs(470) decreased to 

below 0.6, as a result of strong pigment absorption in this stage. For the decaying bloom waters, 

Rrs increased to moderate to high magnitude, and the absorption feature in nRrs(470) 

disappeared. Rrs peak value exists in the decaying bloom group, with Rrs(564) at 0.043 sr-1, i.e., 

10 times the lowest value observed during the absence of coccolithophore bloom. 
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2. The 734 samples acquired by SAS-ST were partitioned into no bloom, growing bloom, 

and decaying bloom development stages. Their Rrs and nRrs at 10 OLCI bands were used as 

predictor variables in a random forest classifier (RFC10) to estimate the belonging groups, with 

an overall model prediction accuracy of 0.973.  

3. Rrs acquired by OLCI is underestimated compared with ground truth SAS-ST values, 

especially in the short and blue wavelengths (400, 412, 443 nm). The decaying bloom group 

performs worst in these three bands among the three groups. By applying RFC10 to the 

underestimated OLCI spectra, the satellite spectra could only have a classification accuracy 

79.4%. 

4. By removing Rrs and nRrs from 400 nm to 443 nm from the RFC10 model, the 

coccolithophore bloom classification model RFC7 is developed based on SAS-ST spectra at 7 

wavelengths from 490 nm to 709 nm. By applying RFC7 to the OLCI spectra at corresponding 7 

wavelengths, the total prediction accuracy increased from 79.4% to 89.1%, an increase in the 

accuracy for detecting decaying blooms from 29.5% to 65.3%, and an improvement in the Kappa 

coefficient from 0.14 to 0.66. 

In conclusion, this study makes a significant contribution to coastal coccolithophore 

monitoring efforts (Balch and Mitchell, 2023), providing the first continuous in situ 

hyperspectral observations using a novel autonomous shipborne radiometer system. The 

integration of in situ data from SAS-ST with satellite observations, particularly using OLCI data, 

demonstrates the successful application of remote sensing for coccolithophore bloom detection 

using a novel machine learning model in optically complex coastal waters. This approach is 
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novel as it develops a model based on 7 or 10 spectral bands, specifically addressing the unique 

optical properties of coccolithophore blooms in optically complex Case 2 waters. In contrast, 

conventional models typically rely on two or three spectral bands and are designed for Case 1 

waters. This research also contributes to the global methodology for satellite-based 

coccolithophore monitoring, offering insights into refining techniques for leveraging satellite 

data to better capture bloom dynamics in various marine ecosystem. 
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Chapter 4: Summary and Conclusions  

4.1 Thesis Overview  

The main goal of this research was to characterize coccolithophore blooms within the Salish Sea, 

Canada, using autonomous ship-borne in situ reflectance and satellite reflectance data. We 

defined two research objectives to achieve this goal: 

(1) In Chapter 2, we develop a methodological framework to facilitate the acquisition, 

processing, and quality control of above-water remote sensing reflectance obtained with 

the SAS Solar Tracker system.  

We delineated the protocols for deploying the SAS-ST instrument on a commercial ferry and 

detailed the processing and evaluation procedures for the extensive dataset of high-quality Rrs 

obtained in the coastal waters of BC, Canada. Using autonomous radiometers installed aboard a 

ship of opportunity, as part of this research crucial steps were developed, including predefined 

optimal geometry of acquisition, identification and flagging of non-optimal meteorological 

conditions (n»1400), correction for sun glint and skylight contributions, mitigation of structural 

interferences, and subsequently applying BRDF corrections, and finally Rrs quality control 

(n=744). First, despite the constant movement of both the ship and the Sun, optimal viewing 

geometry was deployed and maintained for SAS-ST to ensure optimal data acquisition, while 

also avoiding the effects of ship shadow and sea spray, and minimizing perturbations from the 

ship's superstructure. Second, clear sky conditions were determined based on a meteorological 

flag derived from the ratio of two wavelengths affected by the Mie scattering of raindrops, 

successfully identifying 98.5% of the spectra acquired under clear-sky conditions. Third, due to 



 

 

 

108 

the modification of the radiance field by the existence of the ferry, the ship-specific 

superstructure perturbation correction factor was applied. This value was determined based on a 

black-pixel assumption for the infrared band of the lowest-acquired turbid water, resulting in an 

overall reduction of Rrs0+  by 0.00055 sr-1. Fourth, to mitigate the non-isotropic distribution of 

water-leaving radiances in optically complex waters, a BRDF correction was implemented, 

resulting in a reduction of Rrs0+ by approximately 5-10%. Finally, quality assessment, employing 

the method introduced by Wei et al. (2016), revealed consistently high scores for over 90% of 

Group 1 and Group 2 spectra, indicating that the data are suitable for effectively validating 

atmospherically corrected satellite-retrieved Rrs. These steps were required for minimizing 

uncertainties associated with above-water in situ radiometric measurements, allowing for higher 

quality reflectance data for further use in the random forest coccolithophore bloom classification 

model and evaluation of Sentinel-3A OLCI reflectance. 

(2) In Chapter 3, we utilized in situ measurements collected with SAS-ST as validation 

matchups for satellite-derived (OLCI from Sentinel-3A) atmospherically corrected Rrs0+, 

and leveraged both datasets to develop and assess regional machine learning models 

aimed at monitoring coccolithophore blooms. 

Through the analysis of a temporally continuous hyperspectral dataset of coccolithophore bloom 

reflectance measured by SAS-ST in the Salish Sea region (n=734), following the processing and 

evaluation protocols outlined in Chapter 2, we successfully identified coccolithophore blooms 

and categorized spectra into no bloom, growing bloom, and decaying bloom classes. Utilizing in 

situ SAS-ST measured Rrs and nRrs at 10 OLCI bands as predictor variables in a random forest 
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classifier (RFC10) enabled us to estimate the spectra's belonging groups with an overall model 

prediction accuracy of 0.973. Applying the RFC10 developed using the SAS-ST 10 bands (400 

nm to 709 nm) to the OLCI spectra resulted in a classification accuracy of  0.794. This lower 

accuracy resulted from including the short wavelength bands (400 nm to 443 nm) in the RFC10 

model. A matchup analysis between Sentinel-3A OLCI satellite spectra and SAS-ST in situ data 

revealed the underestimations of Rrs acquired by OLCI, particularly in the 400-443 nm range for 

the decaying bloom group. Consequently, an adapted random forest classifier (RFC7) was 

developed based on SAS-ST Rrs and nRrs at seven wavelengths from 490 nm to 709 nm, 

excluding data from 400 nm to 443 nm. RFC7 increased the overall prediction accuracy for 

coccolithophore bloom detection in OLCI-measured spectra from 0.794 (RFC10) to 0.891, while 

increasing the Kappa coefficient from 0.14 to 0.66. These findings demonstrate the successful 

integration of in situ and satellite reflectance data to develop robust machine learning models for 

monitoring coccolithophore bloom dynamics in the Salish Sea. 

4.2  Contributions of the research 

This study presents the first detailed evaluation of the autonomous SAS-ST radiometer since its 

launch in 2015. Utilization of SAS-ST has realized a reduction of costs and labour associated 

with ocean-based fieldwork. The reflectance dataset provided by SAS-ST improves the 

understanding of the Salish Sea area, particularly given the scarcity of available matchups prior 

to its successful operation. Additionally, the SAS-ST installation and data processing 

methodology proposed in this study are adaptable to other regions worldwide lacking in-situ 

reflectance data, leveraging ship-of-opportunity platforms, thereby advancing the capacity to 
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supplement a network of fixed platforms hosting above-water sensors like AERONET-OC and 

WATERHYPERNET.  

A central contribution of this thesis is the demonstration of how SAS-ST in situ reflectance 

spectra were crucial for identifying and categorizing coccolithophore blooms into different 

developmental stages (no bloom, growing and decaying bloom). This in situ dataset not only 

supports the development of a random forest machine learning model for detecting bloom stages 

but also provides the ground-truth data needed to validate and refine satellite-based algorithms. 

Furthermore, the application of these models to Sentinel-3A OLCI data revealed the potential for 

using multispectral satellite reflectance measurements for tracking coccolithophore blooms in the 

Salish Sea. In addition, the hyperspectral data from SAS-ST have already proven valuable for 

distinguishing bloom stages, and PACE’s hyperspectral capability will further improve the 

detection and monitoring of coccolithophore blooms, contributing to better global ocean 

biogeochemistry assessments.  

4.3 Limitations and Future Research 

Despite our adherence to stringent criteria for data acquisition and processing in our protocols for 

Rrs0+ measurements with the SAS-ST, as well as efforts to maximize its potential for application 

in coccolithophore monitoring, certain limitations persist within this work.  

The first limitation arose from the unavailability of a true ship-specific superstructure 

correction factor for the QoOB. Although we provided a relatively reliable estimation of its value 

based on the black pixel assumption in the infrared bands for our cleanest water, the lack of 

direct field measurement hampers validation. In future work, we could consider covering a fixed 
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tower with a white sheet akin to the size of the ferry wall of QoOB. This setup would allow us to 

measure how the presence of a white reflective surface, similar to the ferry wall, modifies the 

surrounding radiance field. Alternatively, we could conduct mathematical simulations to achieve 

a similar quantification. 

The second limitation pertains to the assessment of the final Rrs0+ and the accurate 

quantification of particular uncertainties associated with its measurement and data processing. 

These uncertainties arise due to changeable measurement environmental conditions, corrections 

for sky and sun glint, as well as corrections for ship-induced perturbations and BRDF. The 

typical procedure involves comparing above water Rrs0+ against in-situ measurements of 

subsurface Rrs0- or Hydrolight simulation based on concurrent measurements obtained from 

diverse instruments at the same geographical location. However, our measurement setup 

precludes such direct comparisons. Instead, we evaluated our Rrs0+ dataset against a global water 

dataset proposed by W16, which lacks regional specificity. This limitation complicates the 

precise quantification of uncertainties in Rrs0+ measurements. Future efforts should concentrate 

on refining the uncertainty budget by considering environmental conditions during data 

acquisition and various steps in data processing. This approach will enhance the robustness of 

vicarious calibration and atmospheric correction validation provided by SAS-ST for satellite 

observations.  

Finally, despite the utilization of literature discussing the absorption and Rrs characteristics 

of coccolithophores in the analysis, there remains a deficiency in the inclusion of water samples 

to evaluate the effectiveness of categorizing various stages of coccolithophore blooms. 
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Incorporating water samples into the evaluation process would enable the application of light and 

scanning electron microscopy, along with flow cytometry, to count and identify coccolithophore 

species and development stages, in conjunction with the acidification method to quantify PIC. 

This approach would facilitate the acquisition of in situ measurements pertaining to 

coccolithophore cells and detached coccolith concentrations, thereby enabling a more 

comprehensive understanding of the evolutionary phase of each water sample. In future 

investigations focusing on coccolithophores and other phytoplankton blooms, the collection of 

such data should be prioritized. 
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Appendix 

Appendix A: 

1. Deployment setup of SAS-ST. 
• Home orientation: -90o (the angle of home position with respect to the ship heading, 

negative indicates counterclockwise rotation); 

• Backward limit: -90 o (counterclockwise rotation range with respect to the home 

position); 

• Forward limit: 10 o (clockwise rotation range with respect to the home position);  

• High Sun elevation: 90 o (data acquisition happens only if the sun elevation is below 

this angle); 

• Low Sun elevation: 30 o (data acquisition occurs only if the sun elevation is above this 

angle); 

• View angle: 120 o (the drive unit will point the sensors at this azimuth angle from the 

Sun); and 

• View accuracy: 5 o (the motor will adjust the sensors’ pointing direction if it differs 

by more than the view accuracy from the specified view angle; in this case, the 

sensors were pointing at 120±5° azimuth angle from the Sun). 
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2. The summary plot of  𝑅!" and accompanying Es, Li, Lt for the 16 sampled days. 
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Appendix B: Python code for machine learning algorithm  

 

import pandas as pd 

import numpy as np 

from glob import glob 

import os 

import matplotlib.pyplot as plt 

import matplotlib as mpl 

mpl.rcParams["font.family"] = 'Arial'   

mpl.rcParams["font.size"] = 12   

mpl.rcParams["font.weight"] = 'bold'   

 

from sklearn.neighbors import KNeighborsClassifier 

import seaborn as sns 



 

 

 

143 

if __name__ == "__main__": 

    global dateAll 

    global path 

    global pathin 

    global pathout 

     

    path='/Users/wangziwei/Google Drive/202206/' 

    pathin=path+'1 SAS_FB/5_SAS_coccolith_flag_manual/' 

    pathout=path+'1 
SAS_FB/5_SAS_coccolith_flag_manual/3_SAS_manual_coccolith_flag_analysis/' 

        
sas=pd.read_excel(pathin+'all_15_days_SAS_Rrs_nRrs_OLCIwl_name_organized.xlsx',index_c
ol=0) 

    data=sas.drop(['date','pins'],axis=1) 

 

#%% Randon forest 

 

# train test split 

from sklearn.ensemble import RandomForestClassifier 

 

from sklearn.model_selection import train_test_split 

 

x,y = data.loc[:,data.columns != 'bloom_flag'], data.loc[:,'bloom_flag'] 

 

x_train,x_test,y_train,y_test = train_test_split(x,y,test_size = 0.3,random_state = 1) 

 

#%% hyperparameter tuning 

 

def print_results(results): 
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    #print('BEST score: {},BEST PARAMS: 
{}'.format(round(results.best_score_,3),results.best_params_)) 

    print('BEST score: {},STD: {},BEST PARAMS: 
{}'.format(results.cv_results_['mean_test_score'],results.cv_results_['std_test_score'],results.best
_params_,)) 

         

import joblib 

import pandas as pd 

from sklearn.ensemble import RandomForestClassifier 

from sklearn.model_selection import GridSearchCV 

from sklearn.metrics import classification_report, confusion_matrix  

import warnings 

warnings.filterwarnings('ignore', category=FutureWarning) 

warnings.filterwarnings('ignore', category=DeprecationWarning) 

 

tr_features = x_train 

tr_labels = y_train 

 

rf = RandomForestClassifier() 

parameters = { 

    'n_estimators': [5, 50, 100,150, 200,250,300],#,350,400,450,500,513,550], 

     'max_depth': [2, 4, 8, 12, 16, 20]#,24,28,32, None] 

 } 

 

 

cv = GridSearchCV(rf, parameters, cv=5) 

cv.fit(tr_features, tr_labels.values.ravel()) 

 

print_results(cv) 
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#%% 

 

best_model = cv.best_estimator_ 

best_model.fit(tr_features, tr_labels.values.ravel()) 

 

from sklearn.metrics import accuracy_score 

 

y_pred = best_model.predict(x_test) 

accuracy = accuracy_score(y_test, y_pred) 

 

print("Test accuracy:", accuracy) 

 

#%% 

# save model 

joblib.dump(best_model, pathin+'RF_model_v2.3.pkl') 

 

             

 


