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ABSTRACT

Phytoplankton are responsible for most of the primary production in the oceans.
Their dynamics are essential for ecological modelling and climate change studies. In
this study, we analyzed distinct perspectives of remote sensing (RS) estimation of
phytoplankton structure in optically-complex waters: (i) in a global perspective, we
analyzed the challenges of estimating phytoplankton size classes (PSCs) from satel-
lite, compared their performance in open-ocean and coastal waters, and discussed
the elements that might be playing important roles; (ii) in a regional perspective,
we used a coastal station in the South Brazil Bight (SBB), Southwestern Atlantic,
as a case study to investigate how the phytoplankton pigments combined to other
techniques (optical-microscopy and phytoplankton absorption coefficient) could be
used to improve the estimation of phytoplankton assemblages in this region; (iii) and
also, evaluated the application of remote sensing algorithms using abundance and
spectral-based approaches applied to in situ and satellite-retrieval of PSCs to analyze
their responses to temporal and spatial changes. Coastal waters presented a distinct
pigments structure compared to the open ocean, however, their variability was not
higher than open-ocean waters. The satellite-retrievals of chlorophyll-a concentra-
tions (Chla) presented higher errors for coastal waters, with mean absolute error of
55% and 72% for open-ocean and coastal, respectively. The bias indicated an over-
estimation for coastal waters 7% and an underestimation 9% for open-ocean waters.
The PSC model performance, on the other hand, varied with the size class consid-
ered, with picophytoplankton presenting the worst metrics. The SBB region presents
complex meteo-oceanographic dynamics, with local upwellings, oceanic fronts, me-
anders and eddies. The phytoplankton community in the ANTARES-Ubatuba sta-
tion is characterized by mixed assemblages composed mainly of diatoms, nanoflag-
ellates, and picophytoplankton in mostly oligomesotrophic conditions (0.1<Chla<1
mg·m-3). However, this scenario can shift to a high phytoplankton biomass condition
(Chla> 5 mg·m-3) in some events. The locally tuned PSC model parameters were
close to the values estimated in previous studies. The spectral-based approach is
indicated to studies in a changing ocean because it is based on the spectral changes,
instead of in previously set biomass relationships. The seasonality of the satellite-
retrieved PSCs in the SBB showed an overall pattern to be out-of-phase with sea
surface temperature (SST), similarly to Chla. Our finds highlight the suitability of
SST for future improvements in the regional tuning of the PSC model (correlation
coefficient for Chla and SST ρ=-0.35). To the best of our knowledge, this is the
first study to evaluate these types of RS PSC models in the coastal area of SBB.
Further improvements are needed but this study shows promising results, helping
to understand future changes in phytoplankton assemblages in this region.

Keywords: Phytoplankton Size Classes. time series. remote sensing. satellite.
MODIS.
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SENSORIAMENTO REMOTO DA ESTRUTURA DA
COMUNIDADE FITOPLANCTÔNICA EM ÁGUAS COSTEIRAS:

UM ESTUDO DE CASO NA BACIA DE SANTOS

RESUMO

O fitoplâncton é responsável pela maior parte da produção primária nos oceanos.
Entender sua dinâmica é essencial para a modelagem ecológica e estudos de mudan-
ças climáticas. Neste estudo, analisamos diferentes perspectivas de estimativa da
estrutura da comunidade fitoplanctônica por sensoriamento remoto (SR) em águas
opticamente complexas: (i) em uma perspectiva global, analisamos os desafios de
estimar as classes de tamanho do fitoplâncton (do inglês Phytoplankton Size Classes
- PSCs) a partir de dados de satélite, comparando seu desempenho em águas oceâ-
nicas e costeiras, e discutindo os elementos que podem estar desempenhando papéis
importantes nessa relação; (ii) em uma perspectiva regional, utilizamos uma estação
costeira na Bacia de Santos, Atlântico Sudoeste, como estudo de caso para investigar
como os pigmentos fitoplanctônicos combinados a outras técnicas de microscopia óp-
tica e coeficiente de absorção do fitoplâncton, poderiam ser utilizados para melhorar
a estimativa de comunidades fitoplanctônicas nesta região; (iii) além disso, avaliamos
a aplicação de algoritmos de sensoriamento remoto usando abordagens baseadas na
abundância e em dados espectrais aplicadas à estimativa in situ e por satélite de
PSCs para analisar suas respostas a mudanças temporais e espaciais. As águas cos-
teiras apresentaram uma estrutura de pigmentos distinta, mas variabilidade similar
às águas oceânicas. As estimativas das concentrações de clorofila-a (Chla) por sa-
télite apresentaram maiores erros para águas costeiras, com erro absoluto médio de
50% e 72% para mar aberto e costeiro, respectivamente. O viés indicou um excesso
de estimativa para águas costeiras 7% e uma subestimação 9% para águas de mar
aberto. O desempenho do modelo PSC, por outro lado, variou com a classe de tama-
nho do fitoplâncton considerada. A região da Bacia de Santos apresenta dinâmicas
meteo-oceanográficas complexas, com ressurgências locais, frentes oceânicas, mean-
dros e vórtices. A comunidade fitoplanctônica da estação fixa ANTARES-Ubatuba é
caracterizada por agrupamentos mistos compostos principalmente por diatomáceas,
nanoflagelados e picofitoplâncton em condições predominantemente oligomesotrófi-
cas (0,1<Chla<1 mg·m-3 ). No entanto, este cenário pode mudar para uma condição
de alta biomassa fitoplanctônica (Chla> 5 mg·m-3) em alguns eventos. Os parâme-
tros do modelo PSC ajustados localmente foram próximos dos valores estimados em
estudos anteriores reportados na literatura. A abordagem espectral é indicada para
estudos em um oceano em mudança porque é baseada nas respostas espectrais, ao
invés de se basear nas relações de biomassa pré-definidas. A sazonalidade das PSCs
obtidas por satélite na Bacia de Santos mostrou em geral, um padrão fora de fase
com variações na temperatura da superfície do mar (TSM), semelhante a Chla. Nos-
sos resultados indicam a relevância de se considerar variações da TSM em esforços
futuros de aperfeiçoamento no ajuste regional de modelos para a estimativa de PSCs
(coeficiente de correlação para Chla e TSM ρ=-0,35). Até onde sabemos, este é o
primeiro estudo a avaliar esses tipos de modelos SR para estimativa de PSC na área
costeira da Bacia de Santos. Ainda que mais esforços devam ser desenvolvidos para
aperfeiçoar os modelos de estimativa de PSCs, este estudo apresentou resultados
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promissores que podem ser úteis para ajudar no entendimento sobre mudanças em
curso e futuras nas comunidades fitoplanctônicas nesta região.

Palavras-chave: classes de tamanho do fitoplâncton. série temporal. sensoriamento
remoto. satélite. MODIS.
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1 INTRODUCTION

Marine phytoplankton are autotrophic organisms able to use sunlight and carbon
dioxide dissolved in the seawater to produce organic matter. They are the foun-
dation of most marine ecosystems’ food web and play a key role in the carbon
biogeochemical cycle. Considering climate change projections, an increase in sea
surface temperature is occurring (FOX-KEMPER et al., 2021), which will likely change
phytoplankton diversity, resulting in loss of ecological resilience with consequences
to productivity and functioning of the marine environment (HENSON et al., 2021),
and a higher frequency of harmful algal bloom events in coastal waters is expected
(PORTNER et al., 2019). Understanding the phytoplankton assemblages’ succession
and dynamics can provide stakeholders with information to make better decisions
in dealing with these changes.

Due to their relevance, there are many techniques used to identify and quantify phy-
toplankton assemblages in situ: one is the optical microscopy, in which a specialized
technician identifies the taxonomic groups and counts the cells. This procedure is
very time-consuming and is still considered the most reliable method for micro and
nanophytoplankton cells, but is not recommended for cells smaller than 2mum (pi-
cophytoplankton) (EDLER; ELBRÄCHTER, 2010). Methods less time-consuming are
also available, such as flow-cytometry and High Performance Liquid Chromatogra-
phy (HPLC) which quantify the phytoplankton pigments; however, each one of them
has drawbacks (IOCCG, 2014). For instance, these methods are not able to identify
detailed taxonomy and flow-cytometry can miss cells that are not in the operational
range of the instrument.

The chemotaxonomy applied to HPLC data which retrieves phytoplankton groups
or size classes by the pigments’ relative concentrations is one of the most used, due
to its practicality in sampling, analysing and also covering all the phytoplankton
size ranges. It is also important in the remote sensing context, due to its close
relationship to the spectral absorption of the phytoplankton (BIDIGARE et al., 1990;
BRICAUD et al., 2004). Chlorophyll-a is the main phytoplankton pigment, with high
absorption in the blue and red spectrum of sunlight (BIDIGARE et al., 1990). However,
other pigments also have an important contribution to light absorption, with their
maximum absorption peak in slightly different wavelengths (BIDIGARE et al., 1990;
BRICAUD et al., 2004). Thus, different pigment composition in the phytoplankton
community results in a different absorption spectrum.

Monitoring and characterizing the phytoplankton assemblages on a global or even
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regional scale is unfeasible considering solely in situ approaches, for this reason,
models to derive phytoplankton assemblages using satellite data have been studied
in the last decades (NAIR et al., 2008; IOCCG, 2014; RUDORFF; KAMPEL, 2012; MOUW

et al., 2017; BRACHER et al., 2017). The usually available dataset validation input for
these models is the diagnostic pigment analysis (DPA) obtained from data derived
from HPLC (VIDUSSI et al., 2001; UITZ et al., 2006), giving the phytoplankton size
classes, which is a way to classify the phytoplankton based on the usual size of each
major taxonomic group (BRACHER et al., 2017). This size classification is usually also
related to zooplankton preying preference and their role in the carbon cycle, e.g.,
diatoms are usually part of the microphytoplankton size class and are more likely
to export carbon to the depth (JEFFREY et al., 2011) (this will be further described
in the next Chapter 2).

There are three main approaches to access PSCs from remote sensing (RS) models:
(i) the abundance-based approach, which receives as input the chlorophyll-a con-
centration (Chla); (ii) the spectral-based approach, which receives spectral data as
input, such as remote sensing reflectance, light absorption or backscattering coef-
ficients; and (iii) the so-called ecological-based approach which adds to Chla and
spectral data environmental variables, such as sea surface temperature, wind speed
and stress (see IOCCG (2014), Bracher et al. (2017) and Mouw et al. (2017) for an
overview of these approaches).

Most of the RS models were designed for global ocean data (BRACHER et al., 2017),
except the ecological-based approaches (RAITSOS et al., 2008) which had regional de-
velopment. However, local tuning to more complex waters such as continental shelf
and coastal waters have also been successfully applied (see Liu et al. (2021) and
Turner et al. (2021)). Regional models used to retrieve phytoplankton size classes
and their role in the carbon cycle are receiving more attention due to the need
to understand long-term regional variability (BRACHER et al., 2017; BREWIN et al.,
2021). Coastal waters are also relevant for human activities, such as leisure activ-
ities and as food sources (i.e., fishing and marine aquacuture). Nonetheless, these
waters are also highly sensitive to the changing environmental conditions, driven by
temperature changes (FOX-KEMPER et al., 2021), which could intensify, for instance,
the increase in algal blooms events (PORTNER et al., 2019), reduction in the fishing
stocks or depletion of ideal conditions for the cultivated species.

The South Brazil Bight (SBB), in the Southwestern Atlantic, is a dynamic region
with multi-scale processes affecting its biology (BRANDINI et al., 2018). This area is
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used for oil and gas exploration, cargo transport (with important Ports in Paranaguá,
Santos, Rio de Janeiro, among others), fishing, and leisure purposes. Due to discov-
eries of oil and gas reservoirs in the north portion of the South Brazil Bight in
the 2000s, large infrastructure related to this industry were installed and the exist-
ing ones expanded in the following years (TEIXEIRA, 2013), inducing a population
growth and change in the land cover and use (IWAMA et al., 2017). The population
in the North Coast of São Paulo increased more than 25% from 2000 to 2010, and
by projected values reached 329 thousands inhabitants in 2020, representing 45%
growth from 2000 (SEADE, 2022). The population increment was not followed by
a proportional improvement on the sanitation infrastructure. Thus environmental
problems are intensified by this large population living by the sea or within 100 km
from the coast (MMA, 2008). In addition, the geographical and geological charac-
teristics of the region makes the population more exposed to landslides and floods
(IWAMA et al., 2017).

The SBB also maintain a rich community of marine animals, both resident and
migratory (MMA, 2007). Fishing is an important source of food and socioeconomic
activity for the local population, and some fishing methods are considered a cutu-
ral identity for the traditional population (DIEGUES et al., 1999). The region is also
considered naturally propitious to aquaculture due to its enclosed bays and usually
protected waters, which is confirmed by the local production of mussels, scallops,
and fish (FAGUNDES et al., 2004; BUENO et al., 2011). Tuning a regional phytoplank-
ton size class RS model to the region would help to understand the phytoplankton
community structure and the effects of the environmental dynamics on the phyto-
plankton assemblages. Considering this, the following section presents the general
and specific objectives of this study.

1.1 Objectives

1.1.1 General objective

Study the application of remote sensing PSC models to coastal and continental
shelves waters, based on phytoplankton pigment variability. And, at the local scale,
evaluate the performance of locally-tuned PSC models to a coastal site in the South
Brazil Bight, Southwestern Atlantic, for environmental studies of the phytoplankton
community structure.
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1.1.2 Specific objectives

a) Analyse differences between oceanic and coastal waters based on phyto-
plankton diagnostic pigments;

b) Evaluate the fitting performance of an abundance PSC model, remote
sensing-based to oceanic and coastal waters;

c) Analyse the phytoplankton community structure and pigment composition
of a coastal site in the South Brazil Bight;

d) Analyse the optical properties and indexes of the phytoplankton assem-
blages;

e) Evaluate the application of two remote sensing PSC models: one using the
abundance-based approach, and another with the spectral-based approach,
to determine the PSCs at a coastal site in the South Brazil Bight, using
global and local tuning;

f) Analyse the temporal variability of the PSCs at the coastal site in the
South Brazil Bight, using a MODerate Resolution Imaging Spectrometer
- Aqua (MODISA) remotely-sensed time series from 2002-2020.

This document structure is based on independent but complementing chapters, each
chapter is a manuscript published or (to be) submitted to a scientific journal, except
for the Introduction (Chapter 1), the Theoretical background (Chapter 2), and Final
remarks (Chapter 6). The specific objectives will be met by the following chapters:
a and b, Chapter 3; c and d by Chapter 4; and e and f by Chapter 5.
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2 THEORETICAL BACKGROUND

2.1 Phytoplankton size classes: definition and concept

Photosynthesis is the process that transforms carbon dioxide and water into oxygen
and organic matter. This process is the foundation of terrestrial and aquatic/marine
food webs and one of the key processes in the carbon biogeochemical cycle (ROY et al.,
2011; NAIR et al., 2008). On land, terrestrial plants are responsible for this production,
but in the aquatic ecosystems, the tiny cells of different species of phytoplankton
are the main producers.

Differently from forests, visually and tangibly diverse, phytoplankton are often seen
as an uniform component of the marine primary producers, but they are composed
of a diverse community (JEFFREY et al., 2011). However, their diversity is not eas-
ily assessed. Phytoplankton taxonomy identification requires some sort of in situ
sampling, i.e., sampling the cells to identify the groups, by visual/optical identifica-
tion (UTERMÖHL, 1958; OLSON; SOSIK, 2007), genomics sequencing (especially for
picophytoplankton, which due to its size (<2µm) are difficult to identify by visual
features) (IOCCG, 2014; RIBEIRO et al., 2018) or chemotaxonomy (ROY et al., 2011).

This identification is important due to the ecological role and characteristics of each
marine phytoplankton taxonomic group. Diatoms, dinoflagellates, coccolithophorids,
and cyanobacteria, all of these groups according to their physiologic characteristics,
size, and composition will play different roles in the biogeochemical cycles (LEQUÉRÉ

et al., 2005) and sustain the marine ecosystem’s primary production. Not to men-
tion the risk imposed by harmful algal bloom species, which should be regularly
monitored to avoid marine animals and human intoxication (BABIN et al., 2008).

The phytoplankton functional types (PFTs) classification is a way to reduce biolog-
ical complexity by aggregating taxonomic groups of phytoplankton based, mainly,
on their biogeochemical roles (LEQUÉRÉ et al., 2005). Classifying phytoplankton by
their main ecological trait was initially proposed by ecological studies (see the review
by Nair et al. (2008)). This classification received an especial relevance by biogeo-
chemical and climate modellers (such as LeQuéré et al. (2005) and Henson et al.
(2021)), where they could be aggregated, simplifying the model, or isolated, mak-
ing the model more complex, which is useful for diversity studies (see, for instance,
Masuda et al. (2017)).

These types can be further combined in phytoplankton size classes (PSCs), as the
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classification proposed by Sieburth et al. (1978). Even though this classification does
not contemplate all the functional types usually used, there are still many ecological
and biogeochemical processes related to cell size (NAIR et al., 2008) (see Table 2.1).

Table 2.1 - Phytoplankton Size Classes (PSCs) and Phytoplankton Functional Types
(PFTs).

Size Class
Diagnostic Pigment PFT name Description
Pico (<2 µm)
Zeaxanthin
Chlorophyll-b

Pico-autotrophs Pico-eukaryotes and non N2-fixing photosynthetic
bacteria, such as, Synechococcus and Prochlorococcus.
They have a high surface-to-volume ratio; are able to
succeed in low nutrient and high light conditions; are
broadly distributed in the oceans and have an impor-
tant role in primary production but are insignificant
in exporting matter to the depth.

N2-fixer Tricodesmium 1 and N2-fixing unicellular prokary-
otes. They are able to use N2 from atmosphere, which
is advantageous in warm and nutrient-poor waters,
but not efficient otherwise.

Nano (2-20 µm)
19’-hexanoyloxyfucoxanthin
19’-butanoyloxyfucoxanthin
Alloxanthin

Calcifiers Coccolithophorids. They have an important role in
the marine carbonate flux, but high CO2 concentra-
tion (low pH) reduces their calcification rate (RIEBE-
SELL et al., 2000).

DMS-producers Phaeocystis and small (<20 µm) autotrophic flag-
ellates produce dimethylsulfoniopropionate (DMSP)
and convert it into DMS. These organisms affect the
atmospheric sulfur cycle.

Mixed-Phytoplankton
(Chrysophyceae)

Chrysophyceae. Their size range vary from 2-200 µm,
thus they are present in the nano and microphyto-
plankton, here the chrysophycea will be in the nano
and dinoflagellates in the microphytoplankton.

Micro (20-200 µm)
Fucoxanthin
Peridinin

Silicifier Diatoms. Due to their size, they contribute to car-
bon export far more effectively than smaller plank-
ton through direct sinking of single cells, key-grazing
pathways, and through mass sedimentation events at
the end of the spring blooms when nutrients are de-
pleted.

Mixed-Phytoplankton
(autotrophic dinoflagellates)

Dinoflagellates. They represent phytoplankton of het-
erogeneous size and taxonomic composition for which
no distinct biogeochemical role is defined. This PFT
constitutes the background biomass of phytoplank-
ton, which do not bloom in the open ocean, have low
seasonality, and no direct impact on the cycles of S,
Si, or CaCO3.

SOURCE: Adapted from LeQuéré et al. (2005) and Nair et al. (2008). Diagnostic pigments
from Uitz et al. (2006).

The PSC classification is useful from an ecological and pragmatical perspective. In
large cells, the pigments are "packaged" into chloroplasts (organelles responsible for
photosynthesis in eukaryotic cells), and due to the self-shading, the absorption per
unit of pigment concentration is less efficient than if they were homogeneously dis-
tributed into the cell cytoplasm (BRICAUD et al., 1995; BRICAUD et al., 2004; PRIEUR,
1981). Thus, when the specific absorption (absorption per pigment concentration)
is calculated, small cells present higher values than large cells. This phenomenon,
for the best of our knowledge, was first named as "package effect" by Kirk (1975),

1Tricodesmium usually form colonies, which would exclude them from picophytoplankton. How-
ever, due to the diagnostic pigment it is associated, we opted to maintain them on the picophyto-
plankton size-range.
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but has been known at least since Duysens (1956).

Regarding the pigments, chlorophyll-a is the main photosynthetic pigment but is
not the only one. Different pigments are related to different taxonomic groups (JEF-

FREY, 1997; JEFFREY et al., 2011). The endosymbiosis hypothesis describes these
differences as a result of a sequence of endosymbiosis events (JEFFREY et al., 2011),
that is well established for cyanobacteria and chloroplasts, but is further extended to
other groups of cells, considering a secondary and even tertiary endosymbiosis (DEL-

WICHE, 1999). This hypothesis helps to explain why some groups share pigments
(e.g. zeaxanthin which occurs in all cells) and others are exclusive to a group (e.g.
peridinin occurs only in dinoflagellates) (see Jeffrey et al. (2011) and the references
within).

Even though most of the pigments are not exclusively related to a specific taxonomic
group, they are used as indicators of the presence and abundance of these groups,
usually aggregated into PSCs (VIDUSSI et al., 2001; UITZ et al., 2006). These pigments
and the phytoplankton size classes are included in the Table 2.1. The phytoplankton
pigments will have an effect in the light absorption spectrum, and in the package
effect described previously, which is used as an indicator of the groups and the PSCs
present in the water.

In a broader perspective, considering the carbon cycle, marine phytoplankton are
only a fraction of the particulate organic carbon (POC) pool, also composed of zoo-
plankton, non-autotrophic bacteria and detritus (CEOS, 2014; MIDDELBURG, 2019;
BREWIN et al., 2021). The other pools are dissolved inorganic carbon (DIC), dissolved
organic carbon (DOC) and particulate inorganic carbon (PIC) (see Figure 2.1). As
discussed by Brewin et al. (2021) and CEOS (2014), some of these pools are not fea-
sibly retrieved by available technology of satellite sensors but are estimated through
modelling. For this reason, the authors highlighted the need of improving the accu-
racy of the satellite-retrievable pools, along with in situ autonomous detection and
quantification strategies.
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Figure 2.1 - Ocean carbon cycle and its sampling techniques.

Pools, fluxes and processes that form the ocean biological carbon pump (OBCP), and
current methods used to monitor them. Bold black text and thick black arrows represent
the key export pathways and interactions with other domains (land and atmosphere).
Global stocks of the different carbon pools in the ocean are given in the box on the left;
the four major kinds of pools – DIC, DOC, POC and PIC – are given in different colours.

SOURCE: Brewin et al. (2021).

2.2 Obtaining phytoplankton size classes from satellite data

The phytoplankton bio-optics is modulated by their pigments and cells structure
(i.e., size, shape, layers). The light scattered and absorbed by the cells suspended
in the water will result in a colour, which when using a sensor, both in situ or on
satellite platforms to measure top of atmosphere radiance (in this context, a radiant
flux reflected by the water surface after cross the atmosphere) can be converted to
the surface remote sensing reflectance following Gordon et al. (1988) (Equation 2.1)
and atmosphere correction:

rrs(−0, λ) = Lu(λ)
Ed(λ) = G(λ) bb(λ)

a(λ) + bb(λ) (2.1)
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Where rrs(−0, λ) is the remote sensing reflectance in the subsurface (sr-1), Lu(λ) is
the water upwelling radiance (W m2 sr-1), Ed(λ) is the downwelling irradiance (W
m2), G(λ) is accounting for illumination conditions, sea surface properties, and the
shape of the marine volume scattering function (GORDON et al., 1988), bb(λ) is the
backscattering coefficient, and a(λ) the absorption coefficient.

However, phytoplankton are not the only optically active constituents in ocean wa-
ter. Water itself is optically active (scattering in the blue and absorbing in the red
and infra-red), non-algal suspended particulate matter (detritus, inorganic matter),
and coloured dissolved organic matter, all will affect the water-leaving radiance
(MOBLEY, 2004).

The inherent optical properties (IOPs) can be expanded as a sum of their compo-
nents (IOCCG, 2006). Thus, a(λ) is represented in the Equation 2.2, where aw(λ) is
the water absorption coefficient, acdom is the absorption due to coloured dissolved
organic matter (CDOM), also known as yellow substances, Gelbstoff (yellow sub-
stance in German) and gilvin from Latin to pale yellow, suggested by Kirk (1976),
aph is the absorption coefficient of phytoplankton, and ad is the absorption due to
non-algal or detritus particulate matter (organic and inorganic).

a(λ) = aw(λ) + acdom(λ) + aph(λ) + ad(λ) (2.2)

And bb(λ) is represented in the Equation 2.3, as the sum of bbw backscattering of the
water and bbp backscattering of the particulate matter. CDOM is considered mostly
absorbing, thus its backscattering is considered negligible (KIRK, 2011).

bb(λ) = bbw(λ) + bbp(λ) (2.3)

These equations and the usual spectral behaviour of these constituents are used in
semi-analytical approaches to retrieving IOPs from remote sensing reflectance. For
satellite platforms, it is also required an atmosphere correction, which is basically
removing the atmosphere and ocean-atmosphere interface signal (gases, aerosols,
water, dust, glint, and whitecap) from the reflectance (IOCCG, 2010). This is not an
easy task, especially for coastal waters as discussed by Hu et al. (2000), but this is
not the focus of this study.

Morel and Prieur (1977) suggested a water classification that has been widely used.
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By that time Chla was widely sampled and one of the main biological variables of
interest for ocean-colour studies. Thus, the authors separated two classes of water,
the Case-1 waters are those in which all the active optical constituents co-vary with
phytoplankton (MOREL, 1988), ideally composed only by phytoplankton and their
pigment’s byproducts such as Dissolved Organic Matter (DOM) and organic detritus
(MOREL; PRIEUR, 1977). And Case-2 waters, would be ideally only composed of
inorganic particles with no pigments (MOREL; PRIEUR, 1977).

This definition was later updated, making the definition of the Case-2 waters broader
than the previous one. Thus, Case-2 waters are those waters where CDOM and
inorganic particles make an important or dominant contribution to optical properties
(MOREL, 1988), varying independently from phytoplankton. This classification was
important for empirical algorithms to retrieve Chla, because it was possible to relate
the concentration of the pigments with changes in the remote sensing reflectance
curves, when applied to Case-1 waters (MOREL, 1988).

For optically complex waters (Case-2), regional approaches and semi-analytical algo-
rithms used to derive the IOPs are suggested (SATHYENDRANATH, 2000). However,
even with these models, the satellite-retrieval of IOPs is limited, due to the ambigu-
ity in the inversion as discussed by Defoin-Platel and Chami (2007). It means that
different values of IOPs could result in the same remote sensing reflectance. The
authors used synthesized data with some constraints to simulate realistic coastal-
waters IOPs, and found that this ambiguity is higher under some conditions. For
instance, highly absorbing waters (high CDOM) will result in low reflectance in the
blue, which will increase ambiguity in the absorption coefficient estimations. Or,
in another example, highly scattering waters will produce high reflectance and in-
crease ambiguity in the backscattering estimations. The strategies suggested by the
authors to handle these ambiguities were to invest in inverse models focused on local
scales and seasons, the use of ancillary data, and the use of neighbours pixels to help
reduce the ambiguity of the results.

The strategies for satellite-retrieval of IOPs and Chla are important in this study
because these are the main inputs to estimate the PSCs. There are different ap-
proaches to retrieving PSCs from remote sensing data. They are usually classified
in three classes (IOCCG, 2014; BRACHER et al., 2017):

a) Abundance-based approaches: rely on remotely-sensed Chla or other proxy
of abundance based on (phytoplankon absorption coefficient, for instance),
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they usually retrieve the dominant PSC or multiple PSCs. It is easy to
apply because it is based on relatively simple equations. Some of these
algorithms assume that there is a maximum asymptotic Chla for small
cells above which Chla is attributed to large cells (CHISHOLM, 1992). The
drawback of this approach is that it can not predict a changing relation-
ship between PSCs and Chla in a changing ocean (BREWIN et al., 2011b;
BRACHER et al., 2017).

b) Spectral-based approaches: there are different algorithms for this approach.
They differ in the inputs, receiving remote sensing reflectance (or normal-
ized radiance) (ALVAIN et al., 2005; ALVAIN et al., 2008; LI et al., 2013),
absorption (CIOTTI et al., 2002; CIOTTI; BRICAUD, 2006; DEVRED et al.,
2006), and backscattering (KOSTADINOV et al., 2009; KOSTADINOV et al.,
2016). And having as output, size classes fraction (DEVRED et al., 2006),
size index (CIOTTI et al., 2002), multiple taxa (ALVAIN et al., 2005), single
taxa (WESTBERRY et al., 2005). Differently from the abundance-based ap-
proaches they are not based on an assumption of static relation between
Chla and cells sizes, presumably being able to capture changes in these
relations.

c) Ecological approaches: receive as input spectral data and Chla in addi-
tion to environmental variables, such as sea surface temperature (SST),
wind speed, photosynthetically active radiation (PAR), mixed layer depth
(MLD), location and season (RAITSOS et al., 2008; PALACZ et al., 2013). The
idea is that by training the algorithm with these ecologically relevant data
it will be able to give more accurate results for phytoplankton groups.

Specifically focusing on the retrieval of phytoplankton groups, Werdell et al. (2014)
investigated the ambiguities in the inverse IOP models. They also investigated which
conditions make them perform poorly and how they affected the performance in
retrieving two phytoplankton groups (diatoms and the dinoflagellate, Noctiluca mil-
iaris). The authors found out that a hyperspectral sensor reduced the root mean
square error (RMSE) of the modelled IOPs, and consequently, the estimation of
the abundance of the studied groups. They also found that the depth of the bloom
(maximum Chla depth) highly influenced the bias observed in the results.

Intercomparison between the various approaches and algorithms are complicated by
the differences on their results, and input data for the estimations, as mentioned
previously. Despite this challenge, Brewin et al. (2011b) were able to adapt the
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output results of the techniques so all of them retrieved the dominant PSC from
satellite remote sensing. For the in situ comparison, the authors used HPLC (from
different parts of the world) and phytoplankton cell counts (in the North Atlantic)
databases, in contrast to most of the models, which usually only use HPLC for
validation.

For the intercomparison, the authors adopted two criteria: (1) probability of detec-
tion, based on the scoring technique, i.e., giving different scores for correct classifica-
tion, near-correct classification and incorrect classification; and (2) misclassification
matrices, i.e., classifying the errors in two types: error of omission, when a satellite
prediction fails to recognize a phytoplankton size class identified in situ, and error
of commission when a satellite prediction incorrectly identifies a pixel as a different
phytoplankton size class. Their results indicated that all the approaches (spectral,
ecological and abundance-based approaches) presented a similar accuracy. However,
each model had its performances varying according to the size class considered, the
input satellite data sources and in situ validation data types. The authors high-
lighted that improving in situ observations would benefit ongoing research in this
field.

2.2.1 Ocean colour space missions

Satellite-based ocean-colour remote sensing is dependent on the radiometers, sensors
able to measure the water-leaving radiance. Technical features of the sensor data
collection evolved since the first ocean-colour sensor was launched: (1) temporal
resolution, how often they cover the same area, (2) spatial resolution, the spatial size
of the pixel sampled by the sensor, (3) spectral resolution, number of electromagnetic
wavelengths intervals which the sensor is able to sample, (4) radiometric resolution,
number of grey-scale values, i.e., digital numbers the sensor can measure, and (5)
signal-to-noise ratio.

The pioneer ocean-colour sensor was the Coastal Zone Color Scanner (CZCS) mis-
sion, launched in 1978 by the National Aeronautics and Space Administration
(NASA), had only six bands (four of which were primarily designed for ocean colour)
(NASA, 2019), and was used as a proof-of-concept for the remote sensing applica-
tion for ocean biology (IOCCG, 2014), and it was first used to estimate chlorophyll-a
concentration. The following missions were able to apply the learnt lessons from
the CZCS to improve the technical aspects of the radiometers. Simultaneously, the
understanding of ocean bio-optics improved, allowing the development of new ap-
proaches to ocean-colour retrievals (SATHYENDRANATH, 2000).
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Different nations were able to launch their spectrally resolved ocean-colour radiome-
ters into space since the CZCS was launched. Groom et al. (2019) reviewed the
past, ongoing and future ocean-colour missions, their requirements and uses. The
authors emphasized long-term data archive by different missions, such as the Aqua
MODerate resolution Imaging Spectroradiometer onboard Aqua satellite (MOD-
ISA), operating since 2002, with 9 bands in the visible and centred in wave-
lengths especially projected to attend ocean-colour applications. Also, future mis-
sions, with hyperspectral sensors, which, as indicated by the authors, are the future
in ocean-colour satellite sensors. The NASA Plankton Aerosol Cloud ocean Ecosys-
tem mission (PACE), is an example and is expected to be launched in 2023/2024
(https://pace.oceansciences.org/mission.htm). The hyperspectral sensor promises to
improve the phytoplankton functional types studies, by giving signals in wavelengths
that were not provided by the previous sensors.

However, the hyperspectral data are not available for time series/climate change
studies yet. Time-series studies require long-term data. Thus, initiatives similar to
the European Space Agency Climate Change Initiative (ESA-CCI), which merged
the data archive from different sensors (i.e., Sea-viewing Wide Field-of-View Sensor
(SeaWiFS), MODIS, Medium Resolution Imaging Spectrometer (MERIS), Visible
Infrared Imaging Radiometer Suite (VIIRS), Ocean and Land Colour Instrument
(OLCI)) to produce a long and comparable database are mandatory for climate
change studies. The challenges to such a merged database pass through standardizing
the algorithms to atmosphere correction and retrieving the geophysical parameters,
complicated by the differences between the sensors (SATHYENDRANATH et al., 2017).

Considering these challenges, and reducing their effect, a merged database is al-
ready available as mentioned above by ESA-CCI (see Sathyendranath et al. (2012)
and Brewin et al. (2015b)). According to Groom et al. (2019), by 2029 the ocean-
colour record "will start to be of sufficient duration to discriminate climate change
impacts from natural variability, at least in some regions". Thus, past, current and
future missions will form a continuous dataset of ocean-colour observations, aiding
researchers to identify the changes in earth’s climate and in the biology of marine
ecosystems.
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3 THE CHALLENGES OF FITTING PHYTOPLANKTON SIZE
CLASS MODELS IN OPTICALLY-COMPLEX WATERS

3.1 Introduction

Coastal zones are, in general, intensively used for fishing, aquaculture, leisure, and
transport of cargo. They are more vulnerable in sea level rise scenarios, with an
increase in erosion and floods (PORTNER et al., 2019). Despite the small surface
cover, they are composed of highly productive ecosystems and their role in the
carbon biogeochemical cycle has been increasingly investigated (BORGES et al., 2005;
DAI et al., 2022). The ecosystem’s diversity and dynamics are a challenge for remote
sensing studies due to intricate spatial distribution. The optical active constituents
in these waters makes it even more complex.

In the initial phase of bio-optical model development, the models were usually fo-
cused on Case-1 waters, defined as waters in which all the optically-relevant con-
stituents co-vary with phytoplankton (MOREL; PRIEUR, 1977), whereas Case-2 wa-
ters were defined as optically more complex where the optical constituents can vary
independently of phytoplankton. Case-1 waters are usually open-ocean waters, even
though the waters in particular locations can transition between Case-1 and Case-
2 over time (LEE et al., 2006). More recently, several studies have broadened this
classification, by applying the concept of optical water types (OWTs) which uses
the reflectance spectra to classify the optical classes (MÉLIN; VANTREPOTTE, 2015;
VANTREPOTTE et al., 2012). This approach emphasizes the diversity of OWTs in
the coastal waters and how it can be used for improving the performance of semi-
analytical algorithms for optically complex waters (VANTREPOTTE et al., 2012).

Semi-analytical algorithms for retrieval of absorption coefficients and particulate
backscattering and empirical algorithms for retrieval of Chla — a common input
variable in models used to estimate phytoplankton size classes (PSCs) — from
remote-sensing reflectance from either in situ or satellite data are known to per-
form better in Case-1 waters (DEFOIN-PLATEL; CHAMI, 2007). Most of the PSC
models were also developed for application in open-ocean waters (BREWIN et al.,
2010; DEVRED et al., 2011; SATHYENDRANATH et al., 2001; UITZ et al., 2006), though
some models have been successfully applied to more optically-complex waters, such
as coastal and continental shelf waters (LIU et al., 2021; GITTINGS et al., 2019; SUN et

al., 2019; SUN et al., 2017; TURNER et al., 2021). In the latter cases, the authors usually
carried out the regional tuning of satellite-retrieval algorithms for Chla and PSCs.
Despite such efforts, satellite-based methods for the retrieval of PSCs in optically
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complex waters remain a challenge.

Bracher et al. (2017) described the lack of regional capability of PSC models as a gap,
and identified the weak signal of the phytoplankton absorption in high absorbing
waters (high CDOM) and the interference of high scattering conditions by non-
algal particles as the main challenge, requiring local tuning and validation, usually
not feasible due to the lack of in situ data or high uncertainties in the retrieved
data. However, the possibility that the phytoplankton communities themselves might
be different between coastal and open-ocean waters, with associated changes in
their optical properties, thereby contributing to the poor performance of open-ocean
algorithms in coastal waters, has not received much attention (but see Catlett and
Siegel (2018) and Babin et al. (2003)).

Despite these obstacles, interest has been growing in using satellite data to monitor
regional ecosystems to manage ecological services and model ecosystems for forecast-
ing the effects of climate change (SATHYENDRANATH et al., 2017). At the same time,
the advent of new satellite sensors—such as the Italian recently launched (March
2019), PRISMA (Prototype Research Instruments and Space Mission technology
Advancement), the German missions: DESIS (DLR Earth Sensing Spectrometer)
launched in June 2018 and EnMAP Environmental Mapping and Analysis Program
launched in April 2022, and the US mission: PACE (Plankton, Aerosol, Cloud, ocean
Ecosystem) with the sensor OCI (Ocean Colour Instrument), with high spectral res-
olution (hyperspectral missions)—holds the promise of better algorithms to monitor
more complex waters, pushing the community to develop improved algorithms that
would exploit the capabilities of hyperspectral sensors.

Considering this challenge, in this study, we discuss the possibility of aggregating
global coastal-water phytoplankton diagnostic pigments samples to fit PSC models.
The driving questions of this study were: (a) Are the pigments composition of open-
ocean and coastal waters statistically different? (b) Are open-ocean waters more
similar as a group than coastal waters regarding the phytoplankton diagnostic pig-
ments? (c) Does the empirical Chla algorithm perform better for open-ocean waters
than for coastal water? (d) How do PSC model’s parameters differ when fitted to
open-ocean and coastal waters data?

The specific objectives are the following: (1) to analyse the differences in pigment
characteristics between open-ocean and coastal waters; (2) test if open-ocean waters
are statistically more similar as a group than coastal waters; (3) test if the satellite-
based Chla estimations from Aqua MODerate Imaging Spectrometer (MODIS) have
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lower uncertainties in open-ocean waters than in coastal waters, and (4) test the dif-
ferences in PSC model’s parameters for the open-ocean and coastal waters, (BREWIN

et al., 2010) and evaluate their performances.

3.2 Materials and methods

We used HPLC pigments data from 1989 to 2019 extracted from the NASA SeaBASS
archive (WERDELL et al., 2003) for the study. Samples collected more than 50 km from
the land were classified as open-ocean, following Stock and Subramaniam (2020)
and samples collected within 50 km from the land were classified as coastal waters.
The 50 km threshold was used as a first approach, but we acknowledge that other
partitioning strategy could also be tested, such as, bathymetry (e.g., the 200m depth
used by Brewin et al. (2015) to remove coastal and continental shelf waters from the
analysed dataset), or divisions based on ecological and oceanographic dynamics, for
instance, the Longhurst provinces (LONGHURST, 1998; LONGHURST, 2007).

Samples collected from depths greater than 10 m from the surface, located inland,
and with Chla greater than 1000 mg·m-3 were not considered in the analysis. TChla
lower than 0.0001 mg ·m-3, the detection limit of HPLC analysis were set as zero.
In addition, when there were data from the same date and geographic location only
those closest to the surface were retained, to avoid duplicates. After applying these
criteria, the dataset consisted of a total of 10100 samples, with 4668 samples from
coastal waters and 5432 from open-ocean waters (Figure 3.1).We used R program-
ming language for the statistical analysis. For organizing and extracting the pigment
data from SeaBASS and for match-ups we adapted the codes shared by Stock and
Subramaniam (2020).

Aiken et al. (2009) quality control steps for HPLC data require all carotenoids and
accessory pigments to perform the regression and differences with TChla which are
used as quality assurance for the extracted pigments. This step was not performed
in this study, because many of the datasets shared on SeaBASS did not provide all
the pigments required. However, here we relied on the quality assurance provided
by the data providers and the quality check described by Werdell et al. (2003).
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Figure 3.1 - Map with the location of the HPLC SeaBASS data used in this study, subset
in (A) coastal (less than 50km from land) and (B) open-ocean waters (more
than 50km from land).

SOURCE: Author’s production.

3.2.1 Diagnostic pigments

Considering that not all the pigments presented a normal distribution and that
T-test requires a normal distribution to be applied, we applied both (T-test and
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Wilcoxon test which can be applied to different distributions) to diagnostic pigments
(DPs) normalized by total chlorophyll-a (TChla) to compare coastal and open-ocean
waters.

DPs are the pigments used in the equations defined by Vidussi et al. (2001) to
estimate phytoplankton size classes, and are composed by the following seven pig-
ments: fucoxanthin (Fuco), peridinin (Perid), zeaxanthin (Zea), total chlorophyll-a
(TChla) and total chlorophyll-b (TChlb), alloxanthin (Allo), 19'- hexonoyloxyfucox-
anthin (Hex-fuco) and 19'- butanoyloxyfucoxanthin (But-fuco). TChla is the sum
of monovinyl chlorophyll-a, divinyl-chlorophyll-a, chlorophyllide-a, chlorophyll-a al-
lomers and epimers, this is important for the HPLC pigments quantification, for now
on when we present the comparison between pigments, we use TChla, but when we
present the validation with satellite data, we use Chla.

3.2.1.1 Cluster analysis and the elbow method

Cluster analysis (k-means) combined with the elbow method was applied to test
if coastal waters presented more differences within clusters than those of the open-
ocean waters. K-means was applied successively to the data set (diagnostic pigments
normalized by TChla) varying the number of clusters from 2 to 15 groups. Then
the total distance within the clusters, represented by the total sum of squares of the
clusters, were plotted against the number of clusters. A sharp reduction in the total
sum of squares by increasing the number of clusters would indicate that the ideal
number of clusters was achieved.

3.2.1.2 Principal component analysis

Principal component analyses are usually applied to reduce the dimensionality of a
multivariate data set; however, it is also useful to provide an idea of the variables
contributing the most to the data variability. In this study, it was applied to open-
ocean and coastal-water subsets of diagnostic pigments and the divinyl chlorophyll-b
concentrations. All pigments were normalized by TChla, scaled, and centred previ-
ously to the analysis.

3.2.2 Match-ups

MODIS-Aqua was chosen for the match-ups because it provided the longest consis-
tent source of ocean colour data from the same sensor, from 2002 to the present.
However, merged databases from different ocean colour missions, such as ESA OC-
CCI and Gloub-Colour which have applied statistical methods on the merging to
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standardize the data are equally good candidates for this type of analysis and should
be considered in future studies.

There are different match-ups strategies when considering PSC algorithms. The rec-
ommended approach is to use 3h as time window and 3 x 3 pixels as spatial window
to MODIS in 1.1km nominal spatial resolution considering the in situ location (BAI-

LEY; WERDELL, 2006). However, as discussed by Stock and Subramaniam (2020),
to increase the number of match-ups, less strict criteria have been consistently ap-
plied. In this study, we used the same-calendar-date (keeping a 24 h window) NASA
MODIS Level 3 Chla with 4 km nominal spatial resolution and used a 3 x 3 pixel
spatial window, obtaining the median value. Points which presented less than 3 valid
pixels or where one or more pixels in the window presented 20% or more of difference
from the median were excluded, following Stock and Subramaniam (2020).

For the coastal water the 4 km spatial resolution and the 24 h time window can be
an additional source of uncertainty, due to the proximity with the land that could
contaminate the pixel signal, the patchy nature of the distribution of the components
on the sea surface and the short term variability more usual in coastal waters. This
will be further discussed later on the text.

These data were compared with in situ Chla for both subsets to test if there is
a significant difference between the performances of remote sensing retrievals for
coastal and open-ocean waters. NASA ocean colour default Chla product is a merged
algorithm composed of OC3M and CI (HU et al., 2012). The transition between CI
and OC3M occurs at the range of Chla between 0.15 and 0.2 mg· m-3, when the
CI is applied (https://oceancolor.gsfc.nasa.gov/atbd/chlor_a/), from this point we
will refer to the default empirical chlorophyll-a algorithm of NASA as OCx.

For the open-ocean waters subset, to avoid non-open ocean conditions in situ and
estimated Chla higher than 3 mg·m-3 were excluded from the analysis, following
Stock and Subramaniam (2020). This criterion was used only for the match-ups
analysis, resulting in the removal of 9 match-ups, less than 1% of the match-ups.
Thus we considered it did not substantially affect the statistical analysis considering
the differences between coastal and open-ocean waters performance of Chla empir-
ical algorithm. After the application of this criteria a total of 948 match-ups were
obtained, 401 for coastal and 547 for open-ocean waters (Figure 3.2).
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Figure 3.2 - Map with the location of the match-ups obtained from MODISA 4 km nominal
spatial resolution for the same-calendar-date (A) coastal (less than 50km from
land) with 401 match-ups and (B) open-ocean waters (more than 50km from
land) with 547 match-ups.

SOURCE: Author’s production.
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3.2.3 Statistical metrics

The statistical metrics applied to compare the match-ups and the in situ validation
of the models were the determination coefficient (R2), correlation coefficient (ρ),
root-mean-square error (RMSE), median absolute difference (MAD), mean absolute
error (MAE), and bias. These metrics were calculated using the following equations:

RMSE = 10
√∑n

i=1(log10(Mi)−log 10(Oi))2

n (3.1)

MAD = 10median(| log10(Mi)−log10(Oi)|) (3.2)

MAE = 10

(∑n

i=1 | log10(Mi)−log10(Oi)|
n

)
(3.3)

bias = 10

(∑n

i=1 log10(Mi)−log10(Oi)
n

)
(3.4)

Where Mi and Oi are the modeled (satellite) and observed values, respectively, and
n is the number of observations.When the metrics were applied to Chla data the
log10 transformation was applied, as presented in the Equations 5.5-5.8. When it
was applied to percentages no log-transformation was applied.

Additionally, sea surface temperature (SST) from the Group for High Resolution
Sea Surface Temperature (GHRSST), Level 4 multiscale ultrahigh resolution (MUR)
product, with daily data with 0.01 degree spatial resolution ( 1.1km), for the match-
ups dates were also downloaded (NASA, 2015) 1 and re-sampled in order to match the
spatial resolution of the Chla imagery. The ecology of phytoplankton and previous
studies indicated SST as an important variable in phytoplankton physiology, growth,
and abundance (GEIDER, 1987; GEIDER et al., 1997; STRAMSKI et al., 2002; BOUMAN

et al., 2003; MARÃNÓN et al., 2014). Thus, this was used to discuss the possible
relationship between the SST and the performance of the PSC model, which has
already been reported by previous studies (BREWIN et al., 2017; TURNER et al., 2021;
STOCK; SUBRAMANIAM, 2020).

1The GHRSST uses the SST from different sensors to produce a daily high spatial resolution
products. For more details check ghrsst.org/ghrsst-data-services/products/.
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3.2.4 Model parameterization

Brewin et al. (2010)’s model has been parameterized and tested for different regions
with consistent results. To evaluate the feasibility of a generalized coastal-water PSC
model, we parameterized the Brewin et al. (2010)’s model to the subsets of coastal
and open-ocean waters. A validation dataset (8.6% and 10% of the SeaBASS data
for coastal and open-ocean waters, respectively) was not included in the dataset used
for the parameterization (the remaining data, around 90% of the SeaBASS initial
dataset). We used the match-up dataset for the in situ and satellite validation of
PSCs.

The satellite PSC outputs were compared to the in situ PSCs determined from the
pigment dataset following Uitz et al. (2006). This method uses diagnostic pigments
(DP) ratios (i.e., DP/∑DP) to determine the fraction of each size class (micro, nano
and picophytoplankton) for the Chla (see Chapter 4 for more details). Following Uitz
et al. (2006), we tuned the weights for each subset (open-ocean and coastal waters)
using a multiple linear regression model and compared the statistics to the Uitz
et al. (2006) results. The weights (Wi) were then used to estimate the C, using
the product of the weight and the concentration of the respective pigment (Pi).
Following Equation 3.5.

C =
7∑

i=1
Wi · Pi (3.5)

Where C is the chlorophyll-a concentration estimated, Wi is the weight attributed to
each pigment i, and Pi is the pigment concentration. The pigments in this sequence:
(1) Fuco, (2) Perid, (3) Hex-Fuco, (4) But-fuco, (5) Allo, (6) TChlb, and (7) Zea.

Part of the Fuco (P1) is due to the nanophytoplankton pool, since Fuco is also
present in nanophytoplankton such as prymnesiophytes and chrysophytes. Thus,
the correction described in Devred et al. (2011) was applied (see Equation 3.6-3.9).
When the P1,n was equal to P1, the value of P1,n was set as zero.

We also applied the correction described by Brewin et al. (2010) to account for Hex-
fuco that is part of the pico-eukaryotes in ultra-oligotrophic conditions. We used the
suggested threshold of Chla<0.08 as described by Brewin et al. (2014a). Following
the Equations 3.9 and 3.10.

23



P1,n = 10(0.680·log 10(P3)+0.680·log 10(P4)) (3.6)

P1,m = P1 − P1,n (3.7)

Fm = P1,m · W1 + P2 · W2

C
(3.8)

Fn =


P1,n·W1+

∑5
i=3 Wi·Pi

C
, if C > 0.08 mg · m−3

12.5·C·W3·P3
C

+ P1,n·W1+
∑5

i=4 Wi·Pi

C
, if C < 0.08 mg · m−3

(3.9)

and

Fp =


∑7

i=6 Wi·Pi

C
, if C > 0.08 mg · m−3

(−12.5·C+1)·W3·P3
C

+
∑7

i=6 Wi·Pi

C
, if C < 0.08 mg · m−3

(3.10)

The tuned weights of the DPs ratios were then used to estimate the PSCs fractions
(following Equations 3.8-3.10), which were then multiplied by the Chla to estimate
the chlorophyll for each size class, and used as input to parameterize Brewin et
al. (2010)’s model. Thus, the chlorophyll-a concentrations of the picophytoplank-
ton (Cp), nanophytoplankton (Cn) and microphytoplankton (Cm) and the total
chlorophyll-a concentration (Chla) were fitted to the Equations 3.11 and 3.12 using
a standard, non-linear least-squared fitting procedure (Levenberg-Marquardt). The
fitting can be done with the chlorophyll concentrations in the logarithm transformed
values or with the fractions, with no need to logarithmic transformation. Here both
approaches were tested.

Cp = Cmax
p · [1 − exp(−Sp · Chla)] (3.11)

Cn,p = Cn,p
max · [1 − exp(−Sn,p · Chla)] (3.12)

Where Cn,p is the chlorophyll-a concentration of the pico and nanophytoplankton
combined, Cmax

p and Cn,p
max are the chlorophyll-a asymptotic maximum associated

with the picophytoplankton, and the combined nano and picophytoplankton. Sp

and Sn,p are the initial slopes.

These parameters were used to estimate the micro and nanophytoplankton fractions
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using the following equations:

Cm = Chla − Cn,p (3.13)

Cn = Cn,p − Cp (3.14)

The bootstrap method (EFRON; TIBSHIRANI, 1994) was used to estimate these pa-
rameters, by re-sampling and fitting the model 1000 times (with replacement), thus
the variability of the estimated parameters were computed. The R packages boot
and minpack.lm were used for applying the bootstrapping method (CANTY; RIP-

LEY, 2021) with the non-linear least square Levenberg-Marquart fitting to the data
(ELZHOV et al., 2016). The bias, standard error and the values in the confidence
interval of 95% were also obtained.

3.2.5 Schematic diagram

The Figure 4.3 presents an overview of the methodology used in this chapter, in-
cluding the databases used (SeaBASS, MODIS-Aqua, MUR) and the processing
steps.

25



Figure 3.3 - Schematic diagram of the processing and analysis of this chapter.

SOURCE: Author’s production.

3.3 Results

The results of the statistical tests showed a significant difference (p-value<0.01)
between coastal and open-ocean waters for all diagnostic pigments. Coastal waters
presented higher concentrations of TChla (Figure 3.4A) compared to open-ocean
waters, with average of 14.96 ± 10.3 mg·m-3 and 0.55 ± 1.04 mg·m-3, for coastal
and open-ocean waters, respectively. Fuco (Figure 3.4C) and Allo (Figure 3.4F)
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normalized by TChla were also higher in coastal waters; however, the histogram for
these pigments showed more than one peak for open-ocean waters (multimodal and
bimodal distribution, respectively, for Fuco and Allo) indicating potential subgroups.
Zea, TChlb, But-fuco and Hexa-fuco presented higher contributions in open-ocean
waters (Figure 3.4 B, E, F, G, and H, respectively). Zea presented a multimodal
distribution for open-ocean waters (Figure 3.4B).

Table 3.1 - Diagnostic pigments concentrations and TChla statistics in mg·m-3, for coastal
and open-ocean waters. Mean, minimum (min), maximum (max), standard de-
viation (Sd) and percentage of null concentrations (below the detection limit).

Pigments
Coast Ocean

Mean Min Max Sd Zero(%) Mean Min Max Sd Zero(%)

TChla 4.74 0.02 330.3 10.3 0 0.59 0.0052 17.23 1.04 0

TChlb 0.2 0 5.8 0.32 6 0.04 0 1.13 0.07 15

Fuco 1.14 0 44.81 2.15 1 0.16 0 8.54 0.46 6

Zea 0.2 0 7.33 0.51 5 0.05 0 0.92 0.05 3

Perid 0.52 0 134.71 3.73 9 0.02 0 1.56 0.05 22

But-fuco 0.02 0 0.62 0.04 23 0.03 0 0.63 0.04 5

Hex-fuco 0.09 0 7.89 0.18 13 0.08 0 2.64 0.12 1

Allo 0.17 0 26.98 0.64 7 0.01 0 1.25 0.05 31
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Figure 3.4 - Histogram of phytoplankton pigments considering coastal and open-ocean wa-
ters, pigments concentrations were normalized by total TChla, thus they are
dimensionless (except for TChla histogram).

Light grey histograms represent open-ocean waters and dark grey coastal waters, vertical
dashed black lines indicate the median TChla and pigments ratios for open-ocean waters,
and vertical dotted black lines the median for coastal waters.

SOURCE: Author’s production.
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The k-means analysis and the elbow method indicated that the subset of open-ocean
waters presented slightly higher distances within clusters than coastal waters (Figure
3.5). The maximum total sum of squares for coastal waters was 32669 and for open-
ocean waters 38031, and 70707 when considering both subsets (dimensionless since
they are representing the normalized concentrations of the pigments).

In addition, we applied the k-means clustering to the entire dataset considering
two groups and then compared the groups separated regarding the distance from
land (coastal and open-ocean waters). For the majority of the samples (75%) the
geography clustering matched the pigments clustering (k-means). However, 18% of
the coastal waters and 32% of the open-ocean waters presented different clustering
results, i.e. were identified by the distance from the coast as one group and when
considering the pigments k-means were clustered with the other group.

Figure 3.5 - Differences within groups and number of clusters for open-ocean and coastal
waters subsets and both.

SOURCE: Author’s production.
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3.3.1 Diagnostic pigments data distribution

The two first principal components explained 49% of the variability of the diagnostic
pigments ratios for open-ocean waters and 41% for coastal waters. Different patterns
were observed for coastal and open-ocean waters. When considering both groups
(Figure 3.6A) it is possible to distinguish the most parts of the coastal and open-
ocean waters, but also latitude differences, with low latitudes more influenced by Zea
and high latitudes by Fuco. In the ocean subset it is possible to clearly distinguish
high and low latitudes (Figure 3.6B), while in the coastal water this pattern is not
clear (Figure 3.6C), most part of the samples seems to be aggregated.

Some pigments ratios were aggregated in the PCA, which means that at least for
the first and second principal components they vary in a similar pattern. For open-
ocean waters these pigments are: (i) But-fuco, (ii) TChlb, and (iii) DVChlb. For the
coastal waters the aggregations were observed for (i) Allo and Perid; (ii) Hex-fuco
and But-fuco, and (iii) Zea and DvChlb.

Figure 3.6 - Principal components analysis results.

The colour gradient represents the latitudes, dark blue is the high latitudes (towards the
poles) and light blue is the low latitudes (towards the equator). Triangle represents open-
ocean water and circle coastal-water samples. The red labels in the plotting area are the
pigments ratios variability axes for each set of data in the PCA, the longer the axes the
higher the variability.

SOURCE: Author’s production.
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3.3.2 Match-ups performance

The match-ups results considering coastal and open-ocean waters presented an over-
all good agreement for both subsets, with R2 0.67 of and 0.70 and RMSE of 1.83
and 2.15, for open-ocean and coastal waters, respectively (Figure 3.7 and Table 3.2).
However, when the differences between the satellite estimations and the in situ mea-
surements are analysed, the open-ocean waters presented lower errors than coastal
waters— 40% open-ocean and 43% coastal, considering the median absolute differ-
ence. The same is observed in the mean absolute error, which indicated 55% and 72%
error for open-ocean and coastal (both parameters are interpreted as the difference
from 1). This indicates that coastal waters have more extreme values, i.e., conditions
that made the Chla estimations fail or overestimate, such as turbidity, dissolved or-
ganic matters and/or bottom reflectance in optically shallow waters—which were
not removed in this overall analysis. The bias indicated an average overestimation
of 7% for coastal waters and an underestimation of 9% for open-ocean waters (a bias
of 1.07 indicates a overestimation of x1.07 i.e., 7% from the observed variable).
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Figure 3.7 - Chlorophyll-a concentration match-ups for OCx of MODIS and HPLC from
SeaBASS.

The dashed black line is the 1:1 line. Red circles were sampled less than 50km from land
and blue triangles were sampled more than 50km from land.

SOURCE: Author’s production.

Table 3.2 - Match-ups statistics for coastal and open-ocean waters, with the coefficient of
determination (R2), RMSE, MAD, MAE, Bias and number of match-ups (n).

R2 RMSE MAD MAE Bias n

Coast 0.70 2.15 1.43 1.72 1.07 401

Ocean 0.66 1.83 1.40 1.55 0.91 547

Both 0.76 1.97 1.41 1.62 0.97 948
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3.3.3 PSC model parameters and performance

Before parameterizing the satellite remote sensing PSC model (BREWIN et al., 2010),
we applied a parameterization to the in situ PSC model based on DP ratios (UITZ et

al., 2006), as previously explained. The DP ratio weights have been tuned by different
studies for global and regional datasets. We estimated the weights for open-ocean
and coastal-water datasets, and compared their values with the values obtained by
other studies (Table 3.3). The weights estimated for coastal waters were higher than
the weights for open-ocean waters, except for the TChlb ratio. The pigment But-
fuco ratio had negative values, to avoid this, the multiple linear regression (MLR)
model was constrained to positive values, resulting in a null value for this pigment.
The same occurred for both datasets (open-ocean and coastal) and this was also
observed in the weights estimated by Chase et al. (2020). However, other studies
opted for keeping negative values, such as Turner et al. (2021) for Allo.

Table 3.3 - Diagnostic pigments ratio weights for open-ocean, coastal and both types of
waters compared to other studies. The multiple linear regression was performed
constraining the weights to positive values. For brevity, in the table Turner et
al. (2021) (T21), Chase et al. (2020) (C20), Brewin et al. (2014a) (B14a).(*)
MLR estimated in this study.

DPs Uitz Ocean* Coast* Both* T21 C20 B14a

Fuco 1.41 1.77 1.95 1.94 2.20 2.62 1.72

Perid 1.41 1.17 1.99 1.99 1.08 1.32 1.27

Hex-fuco 1.27 0.93 1.09 0.91 0.86 0.87 0.68

But-fuco 0.35 0 0 0 3.63 0 1.42

Allo 0.6 3.70 4.53 4.53 -0.10 2.64 4.96

TChlb 1.01 1.62 1.38 1.39 1.21 0.94 0.81

Zea 0.86 0.58 1.82 1.82 0.99 1.52 1.28

The TChla estimated using the DP ratios and weights following Uitz et al. (2006)
was used to compare with the measured TChla of the in situ dataset and repa-
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rameterization, to check if the new tuning improved the statistics and reduced the
errors (Table 3.4). All the coefficients of determination were higher than 0.9, but the
median absolute difference and mean absolute error were lower when adopting the
weights estimated with the multiple linear regression (MLR) reparameterization of
this study. This reduction in the differences was higher for the coastal-water dataset,
in which when adopting Uitz et al. (2006) weights presented a median absolute dif-
ference of 42%, and when adopting the tuned weights it was reduced to 9%, the
same was observed in the bias which presented a an understimation of 31% with
Uitz’s weights and an overestimation of 4% with the MLR weights. Considering this
reduction in the differences, the tuned weights were adopted to determine the in
situ PSCs for the present work.

Table 3.4 - Statistics comparing the DPs weights comparing the chlorophyll-a estimated
by the weights and the chlorophyll-a concentration measured in situ. Consid-
ering (UITZ et al., 2006) weights and multiple linear regression fitting (MLR).

R2 MAD MAE Bias

Uitz 0.97 1.33 1.35 0.77

Uitz open-ocean 0.94 1.23 1.27 0.83

Uitz coastal 0.97 1.42 1.47 0.69

Both MLR 0.96 1.14 1.22 1.10

Open-ocean MLR 0.96 1.2 1.24 0.84

Coastal MLR 0.97 1.09 1.15 1.04

The bootstrapping results for Brewin et al. (2010)’s model re-parameterization to
open-ocean and coastal waters are presented in Table 3.5. The results using the
fitting applied to fractions presented values of Di closer to 1 than when applying
the fit to Ci in the logarithm transform version (data not shown), thus we opted to
keep the fraction fit parameters. The maximum asymptotic values were higher for the
coastal-water dataset with Cmax

p of 0.371 mg·m-3 and Cp,n
max of 1.397 mg·m-3. While

the initial slopes were higher for open-ocean waters with Sp of 7.210 and Sp,n of 1.291.
All the estimated parameter were significant with p-value<0.001. Comparing the
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parameters estimated in this study with the parameters from other studies (TURNER

et al., 2021; LAMONT et al., 2018a; BREWIN et al., 2010; BREWIN et al., 2014b) its is
possible to observe that almost all of them were closer to the parameters estimated
for open-ocean waters, with low asymptotic maximum chlorophyll and high initial
slopes (Table 3.6). Except for the Cmax

p estimated with the size-fractionated filtration
by Brewin et al. (2014b), which presented a Cmax

p of 0.730 mg·m-3. The Di values
were higher than 0.5 for open-ocean and coastal waters, but the values for coastal
water were lower, which as also observed in the results presented by Turner et al.
(2021).

Table 3.5 - Bootstrapping statistics (1000 resampling with replacement) for the estimated
PSC model parameters. The values in parenthesis are the 2.5% and 97.5%
confidence intervals on the bootstrap parameter distribution. The bootstrap
standard error (SE) of the estimations is also presented. All the parameters
presented p-value<0.001.

Par Ocean Coast

Value SE Value SE

Cmax
p 0.107 (0.1021 to 0.1122) 0.003 0.371 (0.3260 to 0.4107) 0.0216

Sp 7.210 (6.710 to 7.683) 0.248 1.397 (1.157 to 1.642) 0.1236

Cmax
p,n 0.687 (0.6409 to 0.7290) 0.0224 2.840 (2.427 to 3.232) 0.205

Sp,n 1.291 (1.201 to 1.385) 0.0470 0.216 ( 0.1787 to 0.2521) 0.0187
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Table 3.6 - Comparison of parameters estimated for PSC model. SFF stands for size-
fractionated filtration, the method used to estimate the size-fractionated Chla.
All the others used the diagnostic pigment analysis approach, with HPLC (high
performance liquid chromatography). The Di factor is the product of Si and
Cmax

i , where i is p or p, n.(*) Parameters from all data fit, see Brewin et al.
(2014b) supporting information ts01.

Ref Cmax
p Sp Dp Cmax

p,n Sp,n Dp,n

Ocean 0.107 7.210 0.772 0.687 1.291 0.886

Coast 0.371 1.397 0.518 2.840 0.216 0.613

Brewin et al. (2010) 0.107 6.801 0.727 1.057 0.851 0.899

Brewin et al. (2014b)*(SFF) 0.730 1.047 0.763 2.611 0.364 0.951

Brewin et al. (2014b)* 0.155 4.615 0.712 1.204 0.774 0.930

Turner et al. (2021) 0.15 3.6 0.54 0.81 0.97 0.786

Lamont et al. (2018a) 0.11 8.94 0.983 0.72 1.36 0.979

Using the validation subset of the dataset, i.e., the values that coincide with the
MODIS match-ups, the reparameterized Brewin et al. (2010)’s model was applied
to in situ TChla and satellite estimated Chla (OCx) and the results compared to the
size fractions estimated by the diagnostic pigment analysis of the reparameterized
Uitz et al. (2006) model. The Chla of each PSC presented better results for nano
and microphytoplankton with R2 >0.6 for in situ validation and >0.40 for satellite
validation (considering open-ocean and coastal waters) (Table 3.7) than the results
obtained for picophytoplankton.

The results for picophytoplankton chlorophyll concentrations were poor, with ρ<0.6,
open-ocean waters presented the lowest correlation coefficient (0.29) for satellite
validation, the bias indicated an overestimation of 16% for Cpico of open-ocean for
in situ and satellite validation, respectively. It seems to be affected by the maximum
limit established. It is possible to see in the scatter plot the dots being flatted in this
upper limit for in situ (see Figures 3.8 A) and satellite estimations (3.9A). The mean
absolute error was similar for picophytoplankton for open-ocean and coastal waters
(around 90%). With the bias close to 1. However, this was not observed in the mean
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absolute error of the microphytoplankton with values of 1.91 and 1.75, indicating
an average error of 91% and 75%, for open-ocean and coastal water, respectively.
The bias indicated an average overestimation of 39% and 29%, for open-ocean and
coastal water. The scatter plots of the validation are also presented (Figure 3.8 and
Figure 3.9).

For the fractional contributions, the algorithm performance were relative poor for
all size classes (considering the correlation coefficient), especially for the fractional
nanophytoplankton, which presented negative values for the coastal water dataset.
Considering the MAE and the bias, it presented errors of, 12 to 22%, and bias
ranging from -3 to 1% (notice that for fractions no log-transformation were used,
thus the results are presented as fraction, unitless). The performances of the satellite-
retrievals were poorer than in situ validation. Coastal and open-ocean performances
for fractions were better for open-ocean waters with higher correlation coefficients
and lower errors (Table 3.7 and plots not shown).

The performances reported in this study for in situ validation were very similar to
the reported by other authors when applying the Brewin et al. (2010) model (see
Table 3.8). The correlation coefficient reported were usually higher than 0.9 for Cm,
presenting lower values for Cp, with values ranging from 0.40 (TURNER et al., 2021)
to 0.64 (BREWIN et al., 2015), which were very similar to the values reported by this
study. The RMSE varied from 0.24 to 0.34 (BREWIN et al., 2015) considering all the
size classes, presenting a lower range than the reported in this study, which varied
from 0.23 to 0.47.

It is possible to observe that low SST are related to overestimation of picophyto-
plankton size classes (Figures 3.8 A and D; Figures 3.9 A and D). On the other hand,
high sea surface temperature is related to the overestimation of microphytoplankton
size classes, for open-ocean and coastal waters. It is illustrated by the residuals of
the fractions versus SST (see Figure 3.10). The picophytoplankton is overestimated
for temperatures lower than 10°C (Figures 3.10 A and D), which is also observed
for pico and nanophytoplankton (Figures 3.10 A and D). The opposite pattern is
observed in microphytoplankton (Figures 3.10 C and F).
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Table 3.7 - Validation statistics of the PSC model. The Chla metrics were calculated in the
log10-space. The fractions metrics were in linear space. RMSE is root-mean-
squared error, MAE mean absolute error and bias.

Open-ocean waters

in situ Satellite

Variable ρ RMSE MAE bias ρ RMSE MAE bias

Cp 0.32 2.95 1.90 1.16 0.29 2.98 2.0 1.16

Cn 0.90 1.70 1.47 1.12 0.70 2.40 1.89 1.04

Cm 0.90 2.26 1.91 1.39 0.78 2.96 2.34 1.2

Fp 0.69 0.17 0.13 -0.03 0.33 0.19 0.14 -0.01

Fn 0.32 0.15 0.12 0 0.13 0.16 0.13 0.01

Fm 0.57 0.2 0.15 0.02 0.56 0.2 0.15 0

Coastal waters

in situ Satellite

Variable ρ RMSE MAE bias ρ RMSE MAE bias

Cp 0.60 2.44 1.92 1.18 0.48 2.69 2.08 1.25

Cn 0.80 2.614 2.02 1.13 0.64 3.32 2.45 1.22

Cm 0.94 2.21 1.75 1.29 0.81 3.38 2.53 1.38

Fp 0.61 0.16 0.12 0.01 0.47 0.18 0.14 0

Fn -0.16 0.19 0.15 -0.02 -0.23 0.19 0.16 -0.02

Fm 0.52 0.23 0.2 0.01 0.35 0.26 0.22 0.01
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Table 3.8 - Statistic metrics comparison for the validation of PSC. Considering this study
and others. (*) To compare the RMSE from this study to others, here we did
not applied the conversion back from log-space with the base 10.

Parameter ρ RMSE N Distribution Reference

Cm 0.90 0.35* 547 Global This study (Open-ocean)

Cn 0.90 0.23* 547 Global This study (Open-ocean)

Cp 0.32 0.47* 547 Global This study (Open-ocean)

Cm 0.94 0.34* 401 Global This study (Coastal)

Cn 0.80 0.42* 401 Global This study (Coastal)

Cp 0.60 0.39* 401 Global This study (Coastal)

Cm 0.91 0.34 5841 Global Brewin et al. (2015)

Cn 0.93 0.24 5841 Global Brewin et al. (2015)

Cp 0.64 0.26 5841 Global Brewin et al. (2015)

Cm 0.86 418 NW Atlantic Ocean Turner et al. (2021)

Cn 0.67 418 NW Atlantic Ocean Turner et al. (2021)

Cp 0.40 418 NW Atlantic Ocean Turner et al. (2021)

Cm 0.98 0.30 374 Southern Africa Lamont et al. (2018b)

Cn 0.86 0.33 374 Southern Africa Lamont et al. (2018b)

Cp 0.45 0.30 374 Southern Africa Lamont et al. (2018b)
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Figure 3.8 - PSC validation for the in situ dataset, for open-ocean and coastal waters.

A, B and C are the plots for open-ocean waters, and D, E and F are the plots for coastal
waters. The dashed-dotted black line is the 1:1 line and the dashed grey line is the model
threshold for picophytoplankton (A and D) and pico and nanophytoplankton (B and E).
The colour gradient scale represents the sea surface temperature in Celsius degrees.

SOURCE: Author’s production.
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Figure 3.9 - PSC validation for the satellite match-ups, for open-ocean and coastal waters.

A, B and C are the plots for open-ocean waters, and D, E and F are the plots for coastal
waters. The dashed-dotted black line is the 1:1 line and the dashed grey line is the model
threshold for picophytoplankton (A and D) and pico and nanophytoplankton (B and E).
The colour gradient scale represents the sea surface temperature in Celsius degrees.

SOURCE: Author’s production.

41



Figure 3.10 - Residuals for the fractions of in situ dataset, for open-ocean and coastal
waters.

A, B and C are the plots for open-ocean waters, and D, E and F are the plots for coastal
waters. The dashed black line is the zero line for picophytoplankton (A and D) and pico
and nanophytoplankton (B and E). The colour gradient scale represents the latitudes in
degrees.

SOURCE: Author’s production.

3.3.4 HPLC from SeaBASS

The pattern observed in the PCA for the open-ocean data, with aggregations of high
and low latitudes, which was not observed for coastal waters, may actually be related
to the distribution of the data sampled (Figure 3.11 Table 3.9). Most of the data
sampled in coastal waters are at latitudes lower than 45°N and 45°S (93%), while for
open-ocean waters it is more evenly distributed, even though low latitudes still have
more samples (67%), especially for spring and winter (for each hemisphere, austral
seasons for the southern hemisphere and boreal for the northern hemisphere), even
in the open-ocean samples. The seasons preferentially sampled are summer, fall, and
spring, following this order, with the samples taken during winter being usually at
low latitudes.

Considering open-ocean waters, high latitudes are usually more productive than
low latitudes, with higher average concentrations of TChla, 0.917 mg·m-3 and 0.422
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mg·m-3, respectively for high and low latitudes. High latitudes also present higher
concentrations of Fuco, 0.321 mg·m-3 compared with 0.088 mg·m-3 at low latitudes
(Table 3.9). Regarding coastal waters, samples from low latitudes presented higher
average TChla, 4.993 mg·m-3 compared with 1.422 mg·m-3 at high latitudes. Indeed,
all the pigments presented higher concentrations at low-latitude coastal waters. Con-
sidering the percentage of samples with some pigments that were below detection
limits, open-ocean waters sampled at low latitudes presented high percentages of
non-detectable concentrations of Allo (40%) and Perid (26%).

Figure 3.11 - SEABASS HPLC samples in open-ocean (more than 50km from land)
and coastal water (less than 50km from land), in high and low latitudes
(45° threshold).
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Table 3.9 - Diagnostic pigments concentrations and TChla statistics for open-ocean and
coastal waters at high and low latitudes.

Ocean

Pigments
High latitudes (N=1801) Low latitudes (N=3631)

Mean Min Max Sd Zero(%) Mean Min Max Sd Zero(%)

TChla 0.917 0.019 16.685 1.42 0 0.422 0.005 17.227 0.729 0

TChlb 0.044 0 1.116 0.081 16 0.040 0 1.129 0.063 14

Fuco 0.321 0 8.536 0.669 0 0.088 0 5.219 0.289 8

Zea 0.01 0 0.227 0.02 7 0.064 0 0.919 0.054 0.2

Perid 0.027 0 1.56 0.075 15 0.013 0 1.079 0.039 26

But-fuco 0.037 0 0.571 0.049 2 0.021 0 0.634 0.029 7

Hex-fuco 0.108 0 1.252 0.119 1 0.073 0 2.642 0.116 1

Allo 0.024 0 1.248 0.079 12 0.01 0 0.591 0.029 40

Coast

Pigments
High latitudes (N=328) Low latitudes (N=4354)

Mean Min Max Sd Zero(%) Mean Min Max Sd Zero(%)

TChla 1.422 0.039 24.498 2.601 0 4.993 0.021 330.304 10.618 0

TChlb 0.083 0 0.516 0.078 2.4 0.205 0 5.802 0.333 6

Fuco 0.562 0.001 11.337 1.303 0 1.185 0 44.809 2.195 0.5

Zea 0.012 0 0.207 0.022 18 0.217 0 7.33 0.53 4

Perid 0.034 0 0.513 0.059 12 0.558 0 134.71 3.857 9

But-fuco 0.013 0 0.257 0.029 18 0.023 0 0.621 0.039 23

Hex-fuco 0.039 0 0.581 0.073 19.5 0.095 0 7.886 0.189 12

Allo 0.036 0 0.734 0.08 6 0.175 0 26.98 0.659 7

3.4 Discussion

3.4.1 PSC models

The PSC model and the validation analysis presented in this study for open-ocean
and coastal waters subsets performed, in general, worse than other studies (see
Brewin et al. (2010), Turner et al. (2021), Lamont et al. (2018a)). Despite the over-
all poor results observed, we could notice some interesting features which can be
related to latitudinal and seasonal differences. These features are the overestimation
of picophytoplankton and nanophytoplankton and the underestimation of microphy-
toplankton in low SST, observed for open-ocean and coastal waters.

Other studies have discussed latitudinal and seasonal differences in the phytoplank-
ton pigments. Kramer and Siegel (2019), for instance, studied the clustering and vari-
ability of phytoplankton pigments, considering a global data set (which also included
coastal water samples) and local data sets (time-series data from coastal locations
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only). The authors found a latitudinal pattern in the EOF (empirical orthogonal
function), with the mode 1 positively related to the microphytoplankton pigments
(Fuco, Perid) positive at high latitudes, and negatively related to picophytoplankton
pigments (Zea, DvChlb), negative at low latitudes— a similar pattern observed in
our study. The authors also reported more phytoplankton groups retrieved for local
data sets when analysed isolated, than the number of groups retrieved by the global
data set.

Babin et al. (2003) observed that for some coastal waters the spectrum of aph(λ) as
a function of chlorophyll-a described in Bricaud et al. (1995) presented significant
variability, the authors attributed this variability mainly to high concentrations
of phaeopigments, which play a minor role in open-ocean waters. These examples
illustrate the issue discussed in this study, since differences in pigments composition
(not only in the diagnostic pigments) may affect well-established relationships for
open-ocean conditions, causing them to fail in some coastal-water conditions.

These relationships are not constant and may also fail in a changing environment,
as discussed by Sathyendranath et al. (2017). Thus, even for open-ocean waters, it
is important to keep track of these relationships, using up-to-date data to check and
validate them. Because, as the authors put it, in the context of climate change "the
past may not be a reliable guide to the future".

The main point though is that the open-ocean waters present this general ecolog-
ical pattern of diatoms (Fuco see Jeffrey et al. (2011)) in high latitude spring and
cyanobacteria (Zea see Jeffrey et al. (2011)) in oligotrophic tropical waters, which
is usually not so clearly observed in coastal waters due to more complex and diverse
phytoplankton assemblages, here illustrated by the ratios of diagnostic pigments
and TChla. Admittedly, diatoms are also found in coastal waters, but at least in
some regions, their abundance tends to be episodically determined, for example, by
the intensity of local upwelling. Thus, for these waters, the size classes may not
be as structured as in the open ocean, which makes it difficult to infer them using
chlorophyll-based algorithms designed for the open ocean. That is why regional val-
idation and tuning of phytoplankton algorithms are required, and why it would not
be reasonable to just adopt the global ocean model algorithms for regional applica-
tions.

Regional tuning of PSC algorithms is a two-step process: First, in equation Equation
3.5 (UITZ et al., 2006), the pigment-specific weights have to be adjusted, and then,
the regionally-tuned equation has to be used to partition the total chlorophyll-a into
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the three size classes (see Equations 3.8-3.10), before the parameters of the size-
class model are fitted. In our study, the re-assignment of weights to the diagnostic
pigments was found to be particularly important in coastal waters and contributed
to reducing the uncertainties in the algorithm performance. We note, however, that
Chase et al. (2020) and Brewin et al. (2014a) did not observe significant differences
in the PSC fractions when using different weights for the western North Atlantic
Ocean, and Atlantic Ocean, respectively.

The dataset used for the PSC model parameterization seems to play an essen-
tial role in the performance. In this study, we used a multi-year (1989-2019) and
global dataset for the parameterization. The application of this model in different
regions and for different time-frame results in different parameters and performances
(BREWIN et al., 2010; TURNER et al., 2021; LAMONT et al., 2018a). Brewin et al. (2015),
for instance, also compared a multi-year dataset, from 1992 to 2012 and obtained
relatively better statistics for PSCs, with coefficient of correlation >0.9 considering
Cm and Cp,n and >0.6 for Cp. The authors removed stations collected on water
with depths lower than 30m. They analysed 5841 HPLC samples, which 91% were
located in waters with depth >200m and the remaining 9% located in continental
shelves, and applied a more strict quality control in the HPLC data.

It is important to highlight that environmental conditions such as sea surface tem-
perature (SST) may be used to improve their performances. As observed in the
validation figures (Figures 3.8 and 3.9), contributed to some of the spread in the
fits, and was related to overestimation in microphytoplankton (at high temperatures)
and picophytoplankton (at low temperatures). Sea surface temperature, as shown
by other authors (BREWIN et al., 2017; TURNER et al., 2021; STOCK; SUBRAMANIAM,
2020) has proven to improve the PSC models’ performance, thus it is highly recom-
mended to be included as a tuning variable, as in Brewin et al. (2017). Approaches
used in ecological models, in which environmental conditions are allowed to modu-
late PSC retrievals, as in Stock and Subramaniam (2020), are also worthy of further
exploration. Our results indicated that temperature influence on PSC models is also
valid for coastal waters, and not only for open-ocean waters.

3.5 Final considerations

In this paper, we assessed the differences in pigment composition in coastal waters
relative to open-ocean waters, and why it is a challenge to fit phytoplankton size
class models in coastal areas. According to our findings, the variability in pigment
composition in coastal waters was not higher than that in the open ocean. However,
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the pigment structure in coastal waters does appear to be distinct from that in
the open ocean, and this difference might explain, at least partially, why it is not
straightforward to apply open-ocean algorithms in coastal waters. The OCx (default
empirical Chla algorithm) presented higher errors for coastal waters. On the other
hand, the PSC model performances varied according to the size-fraction considered.
In situ validation presented, in general, better performance than satellite validation
for coastal and open-ocean waters. The parameters of the model were dependent on
the re-parameterization dataset.

Considering these findings, the following issues must be addressed to fitting regional
PSC models for open-ocean and coastal waters:

1. Are the assumptions in the PSC models regarding the pigment structure main-
tained in the region?

2. Are the satellite retrievals for chlorophyll-a concentration (for example, OCx)
reliable for the region?

In addition, recent studies have found that adding other variables, such as sea sur-
face temperature, wind speed, and sea height anomalies as inputs to PSC models can
also improve their performances (BREWIN et al., 2017; TURNER et al., 2021; STOCK;

SUBRAMANIAM, 2020), which is relevant for regional studies in an ecological-based
perspective (IOCCG, 2014). This was suggested for temperature in our results. More-
over, efforts to increase in situ data collection are still required to advance the re-
trieval of satellite-derived PSCs. It would be particularly advantageous if multiple
methods (e.g. HPLC, flow cytometry, optical microscopy, size-fractionated filtration,
among others) could be applied to the same samples, given the limitations of indi-
vidual methods for measuring size classes and taxonomic groups. The insights that
we can obtain when the same samples are subjected to multiple methods for mea-
suring size classes and taxonomic composition are investigated in the next chapter
(Chapter 4).
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4 PHYTOPLANKTON ASSEMBLAGES AND OPTICAL PROPER-
TIES IN A COASTAL REGION OF THE SOUTH BRAZIL BIGHT

4.1 Introduction 1

The marine phytoplankton comprise diverse photosynthetic organisms that sustain
the oceanic animal population (JEFFREY et al., 2011)— and, therefore, the fishery
production. They are also responsible for removing almost a third of the carbon diox-
ide released into the atmosphere by human activities (GRUBER et al., 2019; SABINE et

al., 2004), and play essential roles in biogeochemical cycles of carbon (all phytoplank-
ton taxonomic groups), silicate (diatoms), calcium (coccolithophores), and nitrogen
(cyanobacteria) (LEQUÉRÉ et al., 2005). Due to their global importance, studying
marine phytoplankton abundance and taxonomic diversity is a rich research field,
with different methodological approaches, e.g., optical microscopy, flowcytometry,
quantitative cell imagining, genomic sequencing, and phytoplankton diagnostic pig-
ment analysis (DPA) in use.

Diagnostic pigment analysis is a technique based on the composition of pigments
within phytoplankton taxonomic groups, and use different statistical methods to
identify these groups (JEFFREY et al., 2011; KRAMER; SIEGEL, 2019; MACKEY et

al., 1996) from data on major phytoplankton pigments. The drawback of this ap-
proach is that some pigments can occur in more than one group (e.g., fucoxanthin,
is a biomarker of diatoms but occurs in other groups as well), whereas others may
occur exclusively within a specific group, but do not occur in all the species of
the group (e.g., peridinin, dinoflagellates) (JEFFREY et al., 2011). In addition, in-
terpreting the results may be complicated by the adaptive nature of the pigments,
such that pigment composition may vary in different ecological and environmen-
tal conditions (IRIGOIEN et al., 2004; SCHLÜTER et al., 2000; ZAPATA et al., 2004).
Nevertheless, phytoplankton community structure can be retrieved with reasonable
confidence when using quality-controlled pigment data and appropriate statistical
approaches (CATLETT; SIEGEL, 2018; KRAMER et al., 2018; KRAMER; SIEGEL, 2019).

There are some studies in which different approaches to measuring phytoplankton
size classes were compared. Brewin et al. (2014a) compared the size-fractionated
filtration with DPA. They observed that DPA overestimated nano-sized fraction

1This Chapter is already published: Oliveira, A. L., Rudorff, N., Kampel, M., Sathyendranath,
S., Pompeu, M., Detoni, A. M. S., Cesar, G. M. (2021). Phytoplankton assemblages and optical
properties in a coastal region of the South Brazil Bight. Continental Shelf Research, 227(June).
https://doi.org/10.1016/j.csr.2021.104509
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and underestimated pico-sized fraction compared with SFF in mainly oligotrophic
waters and drew attention to the importance of using more than one single method
to determine phytoplankton size structure in situ. Chase et al. (2020) compared
flowcytometry and imaging (flowcytoBot) with DPA in mixed trophic conditions
(0.18-5.14 mg·m-3) and observed that DPA overestimated micro-sized and pico-sized
fractions compared with flowcytometry and underestimated nano-sized fraction. The
authors then applied this information to the derivation of the model parameters to
improve the phytoplankton size fraction estimation.

The South Brazil Bight (SBB) has great importance for the fishery, oil and gas in-
dustries in the South-Western region of the South Atlantic Ocean (CASTELLO et al.,
2009; MATSUURA, 1996; VASCONCELLOS; GASALLA, 2001). Previous studies in the
region have reported on the phytoplankton community structure, size classes, and
dynamics using different approaches such as optical microscopy (??BRANDINI et al.,
2014; GAETA et al., 1999; MOSER et al., 2016); chemotaxonomy (LIMA et al., 2019);
flowcytometry (RIBEIRO et al., 2016), and size-fractionated chlorophyll-a concentra-
tion (SUSINI et al., 1995). Although each of these studies has focused on a different
part of the SBB, they have all highlighted the importance of the water masses to de-
scribe the distribution of the phytoplankton assemblages. Nevertheless, these studies
spanned relatively short periods (usually less than a year), and therefore could not
investigate phytoplankton community dynamics at the annual time scale.

Information on the complex oceanographic dynamics, which drive phytoplankton
primary production in the SBB, is essential for understanding the variability in the
phytoplankton community structure in the region (BRANDINI et al., 2018). Three
water masses interact in the SBB: Tropical Water (TW, T>20°C, S>36psu), trans-
ported southward by the Brazil Current (BC) in the surface layer, mainly olig-
otrophic; the nutrient-rich South Atlantic Central Water (SACW, T: 6-20°C, S:
34.6-36psu), transported beneath the TW (> 200 m); and the Coastal Water (CW,
with variable temperature and lower salinity) closer to the shore, influenced by the
mixing of local river discharges and shelf waters (CASTRO; MIRANDA, 1998). The
Plata Plume Water (PPW), as described by Möller et al. (2008), plays a seasonal
role in the region during the austral winter. The La Plata River plume dispersion
in the S-SE Brazilian continental shelf during the austral winter is associated with
the northward displacement of the westerlies and the associated Ekman transport,
which drives low-salinity and nutrient-enriched waters against the coast, enhancing
local productivity (PIOLA et al., 2000; PIOLA et al., 2008). Piola et al. (2000) re-
fer to this seasonal incursion across the SBB as the Subtropical Shelf Front (SSF)
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associated with the transport of a mixture of the PPW and Sub Antarctic Water.

Brandini et al. (2014) investigated the temporal cross-shelf dynamics of the phy-
toplankton community structure in the south region of the SBB from November
2005 to June 2006 and suggested that the variability of phytoplankton assemblages
is driven by inputs other than the continental runoff into these waters. According
to these authors, phytoplankton diversity and biomass increases in winter, mostly
induced by the PPW advection and in summer, when it is driven by the intrusion of
the nutrient-rich SACW into the mid-shelf. Influx of river outflow into the vicinities
of the sampling site are known to have a low volume (107 m3·s-1 is the average river
discharge into the north coast of São Paulo) (COMITÊ DE BACIAS HIDROGRÁFICAS

DO LITORAL NORTE (CBHLN), 2017). It has therefore been suggested that the PPW
is one of the main sources of nutrient-rich, cold, and low-salinity waters into the
region in autumn-winter (PIOLA et al., 2008; CIOTTI et al., 2018), associated with the
SSF (BRANDINI et al., 2018). Other mesoscale and sub-mesoscale features, such as
coastal eddies, could also induce mixing or stratification of the water column and
potentially change phytoplankton assemblages (e.g., CARVALHO et al., 2019, LÉVY

et al., 2014, SIEGEL et al., 2011). Wind-driven mixed-layer deepening by local and
mesoscale winds are also known to play an important role in the dynamics of the
phytoplankton assemblage in the region (GAETA et al., 1999).

In the present study, we characterize the phytoplankton assemblages and the envi-
ronmental drivers of their succession at a coastal time-series station located in the in-
ner portion of the SBB, off Ubatuba coast (23.60°S-44.96°W): the Antares-Ubatuba
station. The phytoplankton community structure and optical properties were anal-
ysed using microscopy data, DPA, and the phytoplankton spectral absorption. The
phytoplankton pigment composition obtained from HPLC is analysed applying hi-
erarchical cluster analysis to indicate the main taxonomic groups (JEFFREY et al.,
2011; KRAMER et al., 2020; KRAMER; SIEGEL, 2019). PSC are also determined using
DPA (e.g., UITZ et al. 2006) and compared with the microscopy dataset. A locally-
tuned version of the DPA is also tested for comparison. Relations between the DPA
taxonomic groups and PSCs with the specific phytoplankton absorption coefficient
(a∗

ph(λ)), package effect index (Q∗
a) (BRICAUD et al., 2004), and size index derived

from the absorption spectra (Sf ) (CIOTTI et al., 2002) are analysed to characterize
the optical properties of the phytoplankton assemblages.

51



4.2 Materials and methods

4.2.1 Study area

The study area is located in the region described by Castro and Miranda (1998) as
the South Brazil Bight (23–28.5°S) limited to the north by Cape Frio (23°S) and
to the south by Cape Santa Marta (28.5°S). The shelf is divided into three zones:
inner-, mid- and outer-shelf, regarding its hydrodynamic differences (CASTRO et al.,
2006; CASTRO; MIRANDA, 1998). The time-series station (from here on referred to
as Antares-Ubatuba) is indicated in the inner-shelf of the SBB, on the isobath of
40-43 m, depending on tide height (Figure 4.1).
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Figure 4.1 - Location of the South Brazil Bight and the Antares-Ubatuba time-series sta-
tion (23.60°S-44.96°W) on the north coast of São Paulo, Ubatuba, Brazil,
SW-S Atlantic (isobaths in meters).

SOURCE: Author’s production.

As previously mentioned, meteo-oceanographic processes with different temporal
and spatial scales influence the study region’s water quality. Local and mesoscale
wind field (speed, direction, and duration) is a key parameter related to upwellings,
mixing of the water column, which affects the phytoplankton assemblages (??GAETA

et al., 1999). In particular, the processes that most affect the water quality of the
SBB are: (i) the passage of atmospheric cold fronts that occur throughout the year,
which are more frequent and severe during the austral winter and spring (CASTRO

et al., 2015), changing the prevailing wind direction from Northeast to Southeast,
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and mixing the water column; (ii) the intrusion of the SACW on the continental
shelf mainly during the austral spring and summer, driven by continuous north-
easterly winds (CASTRO et al., 2006), especially at the Cape Frio and Cape Santa
Marta upwelling cells, which in addition, may form the Cape Frio Upwelling Front
(CFUC) as described by Cerda and Castro (2014) and could reach the study area (see
also Brandini et al. (2018)) (see Figure 4.2A-B); (iii) mesoscale eddies observed at
the meandering onshore front of the Brazil Current that flows southwards following
the shelf-break, which also favours the intrusion of SACW onto the shelf (CAMPOS

et al., 2000; SILVEIRA et al., 2000); and (iv) the northward advection of the PPW,
described as the SSF (BRANDINI et al., 2018; PIOLA et al., 2000)(Figure 4.2C-D).

Figure 4.2 - MODIS/Aqua 8 days composition of sea surface temperature (A and C) and
chlorophyll-a concentration (B and D) showing the oceanic fronts that may
influence the study area (dashed lines in black): Cape Frio Upwelling Front
CFUF (A and B) observed from October 7th to 14th, 2012, and Shelf Sub-
tropical Front SSF (C and D) observed from June 9th to 16th, 2016.

SOURCE: Author’s production.
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4.2.2 Measurements

4.2.2.1 Phytoplankton pigments and taxonomy

The phytoplankton diagnostic pigment concentrations were determined by High Per-
formance Liquid Chromatography. The samples were collected during 41 campaigns
between July 2012 to May 2017. Surface water samples ( 1 m) were collected with
a Niskin bottle, and 1 L of sample was filtered through glass fiber filters (0.7 µm)
GF/F (Whatman®). Filters were stored and transported to the laboratory in liquid
nitrogen and then maintained in an ultra-freezer at -80°C. All the samples (stored in
dry ice) were sent for analysis at the NASA Goddard Space Flight Center, following
quality control protocols and using the HPLC method described in VanHeukelem
and Hooker (2011).

For the qualitative and quantitative analyses of phytoplankton taxonomy, surface
seawater samples were collected and fixed with formaldehyde neutralized with hex-
amethylenetetramine (final concentration 0.4%). An aliquot of 50 mL of the sample
was placed in sedimentation chambers (72 h decantation) and observed following the
method described in Utermöhl (1958), under an inverted microscope (Zeiss Axiovert
35). Pico- and nanoflagellates were counted in transects (for at least 400 organisms)
and separated according to their size. Nano (other than flagellates) and microplank-
ton were counted in the entire chamber and identified up to the lowest possible
taxon (genera and species). The optical microscopy analysis present limitations in
the quantification of pico-sized cells (SHERRARD et al., 2006), so its quantification
was most likely underestimated, but we still decided to maintain these data for a
rough comparison with the HPLC DPA.

The phytoplankton biovolumes were calculated from the number of cells using geo-
metric shapes that best suited each phytoplankton group commonly occurring in the
study region, as analysed by optical microscopy. Since measuring the geometrical
dimensions of the cells is very time consuming, only 13 samples (out of 41) had their
biovolumes estimated. The mathematical equations used here were taken from Sun
and Liu (2003), and the cell linear dimensions (i.e., height, width, depth, and more
depending on the geometric shape) were taken from microscopy observations . The
biovolumes were corrected to account for shrinkage caused by sample fixation, fol-
lowing Montagnes et al. (1994). After calculating the biovolume, the carbon biomass
was estimated using the equations described in Menden-Deuer and Lessard (2000)
(see Table 4.1) and then multiplied by the number of cells per litre of the respective
taxonomic groups. The final biomass was converted to mgC·m-3.
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Table 4.1 - Equations applied to estimate the biomass in pgC per cell from the biovolume
of each major phytoplankton group identified by microscopy, and the reference
group, according to Menden-Deuer and Lessard (2000). V is the biovolume (µ
m 3).

Major groups from this study Reference group Equation for biomass
estimation (pg C per cell)

Flagellates and coccolithophorids
(picoplankton and nanoplankton)

Mixed protist phytoplankton
<3000µm3 0.261 · V 0.86

Diatoms <3000µm3 Diatoms <3000µm3 0.288 · V 0.811

Diatoms >3000µm3 Diatoms >3000µm3 0.116 · V 0.881

Dinoflagellates (nanoplankton and
microplankton) Dinoflagellates 0.76 · V 0.819

4.2.2.2 Phytoplankton absorption coefficients

For the particulate absorption coefficient, surface water samples were collected with
a Niskin bottle, and 1 L of sample was filtered through glass fibre GF/F filters (0.7
µm) (Whatman®The filters were folded and packed in an aluminium foil envelope
and immediately stored in liquid nitrogen until the analysis. The particulate (ap) and
detritus (ad) (after depigmentation with 10% sodium hypochlorite NaClO, 0.1% of
active Cl (TASSAN; FERRARI, 1995)) absorption coefficients were measured using an
integrated sphere mouthed in a dual-beam spectrophotometer (Shimadzu UV-2450)
(MITCHELL et al., 2002). Phytoplankton absorption was obtained by subtracting ad

from ap. In the beginning of the time-series sampling, the method used for the
particulate absorption was the quantitative filter pad technique with the transmit-
tance method (T) (MITCHELL et al., 2002), since the Antares-Ubatuba station, even
though coastal, is not much subjected to riverine or resuspension sediment load.
In January 2016, however, the Transmittance-Reflectance (T-R) Method (TASSAN;

FERRARI, 1995; TASSAN; FERRARI, 2002) was also implemented to compare and
evaluate improvements. The T method overestimated the absorption signal, espe-
cially at the shorter wavelengths (R2 = 0.98, RPD = 17%, RMSE= 0.0078 m-1 at
440 nm). Hence, the T-R method was selected as the “new” standard for the station.
An empirical spectral adjustment was applied to the T method dataset to match
the T-R measurements and obtain a consistent time-series minimizing the effects of
methodological uncertainties.

The spectrally-resolved specific absorption coefficient was calculated by dividing the
phytoplankton absorption coefficient at each wavelength (λ) by the corresponding
total chlorophyll-a concentration (TChla) (i.e. the sum of monovinyl chlorophyll a,
divinyl-chlorophyll a, chlorophyllide a and chlorophyll a allomers and epimers).
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4.2.2.3 Sea water properties

Temperature and salinity were measured using a calibrated Conductivity-
Temperature-Depth (CTD) profiler (SeaBird and Falmouth NXIC). Dissolved oxy-
gen concentration (DO2) and inorganic nutrients, i.e., ammonium (NH4+), nitrate
(NO3−), nitrite (NO2−) and total inorganic phosphorous (H2PO4−), were also mea-
sured and used to determine the trophic index (TRIX) according to Vollenweider
et al. (1998) and Giovanardi and Vollenweider (2004) for coastal waters (Equation
4.1):

TRIX = [log10(PO4 · TN · TChla · D%O2) + 1.5]
1.2 (4.1)

where, TChla is the total chlorophyll-a concentration (mg·m-3); D%O2 is the per-
cent deviation of the oxygen concentration from saturation conditions, TN is the
dissolved inorganic nitrogen given by N −NO3− +N −NO2− +N −NH4+(mg·m-3);
and H2PO4 is the reactive inorganic phosphorus calculated as P −H2PO4−(mg·m-3).

DO2 was measured using the Winkler technique described in Strickland and Parsons
(1968). Nutrient concentrations were determined according to their specific methods
i.e., Ammonium (NH4) according to Aminot and Marcel (1983), Nitrate (NO3) +
Nitrite (NO2) according to Armstrong et al. (1967), Phosphate (PO4) according to
Murphy and Riley (1962) and Silicate (Si(OH)4) according to HANSEN, H. P.; KO-
ROLEFF (1983). Until 2014, they were manually determined on discrete samples;
thereafter, concentrations were obtained by continuous flow analysis using an Auto-
Analyzer (Seal AA3) (the automatic and the manual approaches present differences
lower than 0.5% for the analyzed nutrients). The trophic status (Equation 4.1) was
classified according to the TRIX value(PRIMPAS; KARYDIS, 2011), i.e., ultraolig-
otrophic (<1.6), oligotrophic (1.6-2.8), mesotrophic (2.8-4.0), eutrophic (4.0-5.3),
and dystrophic (>5.3).

4.2.3 Data analysis

4.2.3.1 Diagnostic pigments analysis

To identify general phytoplankton taxonomic groups from the concentrations of the
diagnostic pigments, a hierarchical cluster analysis was adopted, following Latasa
and Bidigare (1998), Catlett and Siegel (2018), Kramer and Siegel (2019). We ap-
plied the following steps: (1) calculate a Pearson correlation matrix for the pigments
normalized by TChla (such that the correlation index varies from -1 to 1); (2) es-
timate the correlation distances as 1 − ρ, where ρ is the Pearson correlation; (3)
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estimate the cluster linkages using the Ward minimum variance method (squared
distance) (MURTAGH; LEGENDRE, 2014); (4) evaluate the cluster validity by estimat-
ing the correlation between the distance matrix (calculated in the step 2) and the
cophenetic distances (i.e. distances between pigments in the dendrogram) for the
hierarchical clustering result. The analysis was carried out using R programming
language.

To determine the fraction of TChla associated with each taxonomic group identified
in the cluster analysis, we used the Uitz et al. (2006) model. We also applied a mul-
tiple linear regression model to estimate the coefficients of each diagnostic pigment.
The results obtained in the regional approach were compared to the global approach
(UITZ et al., 2006). A similar approach proposed by Chase et al. (2020) was adopted
for the locally-tuned model and CHEMTAX, to avoid assigning each phytoplankton
type into a single size class. Instead, here we used microscopic analysis to determine
the proportion of each phytoplankton type that fell into nano and micro size classes.
If the fractions in both size classes were non-negligible, then that type was split into
two size classes accordingly.

The size index proposed by Bricaud et al. (2004) was calculated for each campaign,
using the proportions of each phytoplankton size class, and reducing them to single
number representative of the mean size of the sample, see Equation 4.2. It was
applied to compare the computed optical properties (described in the next Section
4.2.3.2).

SI = (50 · microplankton% + 5 · nanoplankton% + 1 · picoplankton%)
100 (4.2)

Where micro, nano, and picoplankton in the equation are the percentages of each
phytoplankton size class estimated by DPA. This size index is given in micrometer
(µm).

For comparison, we also determined the relative contribution of phytoplankton
groups to the overall chlorophyll-a biomass using CHEMTAX v1.95 chemical tax-
onomy software (MACKEY et al., 1996) with class-specific accessory pigments and
chlorophyll-a ratios. CHEMTAX uses factor analysis and the steepest-descent al-
gorithm to best fit the data to an initial matrix of pigment ratios, i.e., the ratio
between the respective accessory pigments and chlorophyll-a. The initial pigment
ratios of major algal classes used here were obtained from an average output matrix
determined from regional data collected over the SBB, compiled from Lima et al.
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(2019), wherein the chemotaxonomic groups were identified according to Jeffrey et
al. (2011).

In the case of CHEMTAX, to be consistent with the ratios used by the authors (LIMA

et al., 2019) the chlorophyll-a was calculated as the sum of Monovinyl Chlorophyll-
a and Divinyl Chlorophyll-a, and is hence different from the TChla used in the
hierarchical cluster analysis. In addition, some modifications were necessary to adapt
the pigment dataset analysed in this work to the input pigments used in Lima et
al. (2019). In Lima et al. (2019) the βϵ-carotenoid and the ββ-carotenoid were
resolved and considered separately. However, in the present study these pigments
were summed and considered as ββ-carotenoid. This latter pigment was found in
most of the phytoplankton groups identified by the CHEMTAX ratios in Lima et
al. (2019).

The locally-tuned phytoplankton groups and size fractions obtained from the di-
agnostic pigment analysis were compared with the taxonomic groups and carbon
biomass estimated from the microscopic analysis—converting number of cells per
litre to biovolume (µm3) and then to biomass in (mg C· m-3).

4.2.3.2 Computed phytoplankton optical properties

The measured phytoplankton absorption coefficient and TChla were used to com-
pute the specific phytoplankton absorption coefficient (i.e., the absorption coefficient
normalized by TChla, a∗

ph(λ)), where λ is the wavelength. The specific absorption
coefficient was computed for all wavelengths λ from 400 to 700 nm.

A package effect index (Q∗
a(440)) at wavelength λ=440 nm and a size index (Sf ) were

then computed from the normalized absorption spectra. The package effect index
(Q∗

a(λ)) is defined as the ratio of the absorption coefficient of the phytoplankton
pigments (aph(λ)) within the cells by the absorption coefficient of the same pigments
if they were dispersed in a solution (asol(λ)) (BRICAUD et al., 2004; MOREL; BRICAUD,
1981; SATHYENDRANATH et al., 1987) (Equation 4.3):

Q∗
a(λ) = aph(λ)

asol(λ) (4.3)

The package effect index decreases from a maximum of 1, when no package effect
is observed, to smaller numbers (>0), as the package effect increases. The value
of asol(λ) is calculated using the concentration of each phytoplankton pigment in
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the sample and the specific absorption coefficient of each pigment when in solu-
tion (a∗

sol,i) (Equation 4.4). We also applied the missing term correction (Equation
4.5), empirically obtained by Bricaud et al. (2004), which is especially important
for oligotrophic waters. Bricaud et al. (2004) observed that the measured aph(λ)
was sometimes higher than the spectra reconstructed from pigments (i.e., asol(λ)).
They argued that measurement uncertainties could not explain the discrepancy, as
they would have introduced a random noise instead of systematic bias. The authors
adopted the hypothesis of Nelson et al. (1993) that the observed difference was due
to pigments that were not measured by the HPLC (carotenoids or phycobiliproteins)
or to other light-absorbing compounds (cytochromes, flavins, quinones) extracted in
the measurement of the aph(λ). Hence, a “missing term”, amiss(λ), was introduced
to account for the bias. For λ=440 nm,we have:

asol(440) =
∑

Cia
∗
sol,i(440) + amiss(440) (4.4)

with
amiss(440) = 0.0525 · TChla0.855 (4.5)

The index of package effect (Q∗
a) was only calculated for 440 nm.

The size index (Sf ) was also calculated to verify the effect of the package effect
on the phytoplankton absorption spectra and the phytoplankton size groups ob-
tained from the diagnostic pigment analysis. The size index was obtained following
Ciotti et al. (2002) and Ciotti and Bricaud (2006), using the absorption coefficient
by phytoplankton normalized by the mean spectral absorption from 400 to 700nm
(a<ph>(λ)), and a non-linear least squared regression fit to obtain Sf (Equation 4.6):

a<ph>(λ) = [Sf · āpico(λ)] + [(1 − Sf ) · āmicro(λ)] (4.6)

where āmicro(λ) and āpico(λ) are the endmember vectors provided by Ciotti and
Bricaud (2006) for the largest (micro) and smallest (pico) cells.

4.2.4 Schematic diagram

Schematic diagram of the measurements and analysis.
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Figure 4.3 - Schematic diagram of measurements and analysis of the Chapter 4.

SOURCE: Author’s production.

4.3 Results

4.3.1 Phytoplankton pigments and taxonomy

Typically, the study site may be characterized as oligo-mesotrophic with average
TChla concentration lower than 1 mg·m-3, including algal bloom events. If excluding
the blooms, the average TChla is 0.5 mg·m-3. When TChla was higher than 5mg·m-3,
i.e., ten times higher than mean conditions, it was considered as a bloom event.

Although TChla has a relatively low variability (mean 0.8 ±1.6 mg·m-3, and me-
dian 0.4 mg·m-3), some exceptionally high values were registered within the sam-
pling period: one on November 13th, 2012 (10 mg·m-3) and another on February
25th, 2014 (6.22 mg·m-3), indicating algal bloom events (Figure 4.4). Microscopy
data on November 13th, 2012 revealed a multispecies bloom, composed mainly of
Mesodinium major, a mixotrophic ciliate known to present symbiosis with crypto-
phytes (JOHNSON et al., 2016) and a variety of diatoms, especially those belonging
to the genus Pseudo-nitzschia. In the second event (February 25th, 2014), the mi-
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croscopy data indicated a dinoflagellate bloom composed mainly of Dinophysis spp, a
mixotrophic dinoflagellate. Simultaneously with this event, an extensive Mesodinium
bloom occurred near the sampling point, which lasted for months (CETESB, 2018).
Alloxanthin (Allo) concentrations during these events were higher compared with
other diagnostic pigments. In November 2012, Allo (1.3 mg·m-3) and fucoxanthin
(Fuco) (1.6 mg·m-3) concentrations were proportionally higher, whereas zeaxanthin
(Zea) concentration was lower than usual (0.5 mg·m-3). These results are in contrast
with the event of February 2014, which presented high concentrations only of Allo
(0.9 mg·m-3) and a very low concentration of Fuco (0.05 mg·m-3).

Figure 4.4 - Barplot of the relative proportion of eight phytoplankton diagnostic pigments
from the Antares-Ubatuba time-series station (23.60°S-44.96°W).

The black dots represent TChla.
SOURCE: Author’s production.

Non-bloom conditions were characterized usually by higher proportions of Zea
(mean 0.122±0.058 mg·m-3) followed by Fuco (mean, 0.077±0.082 mg·m-3) and to-
tal chlorophyll-b (TChlb , monovinyl chlorophyll-b + divinyl chlorophyll-b ) (mean
0.060±0.045 mg·m-3). Peridinin (Perid), Allo, 19'-Butanoyloxyfucoxanthin (But-
fuco) and 19'-Hexanoyloxyfucoxanthin (Hex-fuco) were also present in lower con-
centrations all year round, throughout the sampling period.
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In order to test if there were statistically significant differences between the seasons
aggregated as spring/summer and autumn/winter, a t-test was performed (exclud-
ing the bloom events) for pigments that presented a normal distribution (verified
by a Shapiro-Wilk normality test on the log-transformed pigments concentrations),
and a non-parametric Wilcoxon test for those pigments that did not present a nor-
mal distribution. Some pigments had significantly higher concentrations during the
austral autumn and winter, i.e., TChlb , Hex-fuco, and Allo (see Table 4.2). Zea was
the only pigment that showed a higher concentration in the spring-summer, but the
differences were not statistically significant.

Table 4.2 - Summary of diagnostic pigments and TChla (austral spring/summer and au-
tumn/winter) for 2012-2017. Two algal bloom events that occurred in spring
and summer were not included here (see text). (Mean ± standard deviation;
n = number of observations).* indicates the significant difference between the
seasons (p-value<0.05).

Pigments concentration (mg·m-3) Abbreviation Spring /Summer
(n=16)

Autumn /Winter
(n=23)

Total chlorophyll-a (monovinyl
chlorophyll-a + divinyl-chlorophyll-a +

chlorophyllide-a + chlorophyll-a allomers
and epimers)

TChla 0.421±0.231 0.590±0.350

Total chlorophyll-b (monovinyl
chlorophyll-b + divinyl chlorophyll b) TChlb 0.037±0.026* 0.076±0.050

Total chlorophyll-c (chl c1 + chl c2 (chl
c1c2) + chl c3) TChlc 0.042±0.028 0.068±0.057

19'-Butanoyloxyfucoxanthin But-fuco 0.004±0.006 0.008±0.011

19'-Hexanoyloxyfucoxanthin Hex-fuco 0.028±0.016* 0.040±0.021

Alloxanthin Allo 0.005±0.008* 0.015±0.018

Diadinoxanthin Diadino 0.016±0.017 0.020±0.015

Diatoxanthin Diato 0.001±0.002 0.001±0.001

Fucoxanthin Fuco 0.061±0.060 0.089±0.095

Peridinin Perid 0.016±0.022 0.020±0.026

Zeaxanthin Zea 0.136±0.062 0.112±0.055

Divinyl-chlorophyll a DVChla 0.006±0.009 0.005±0.008

Chlorophyll c1+c2 Chlc12 0.029±0.020 0.048±0.041

Chlorophyll c3 Chlc3 0.013±0.010 0.020±0.019

Photoprotective Carotenoids PPC 0.187±0.088 0.179±0.081

Photosynthesis Carotenoids PSC 0.108±0.092 0.158±0.123

The phytoplankton cell counts obtained from microscopy analysis showed a domi-
nance of nano-flagellates (64%±10%, Figure 4.5A) and preserved the highest pro-
portion when converted to bio-volume and biomass (40%±18%, Figure 4.5C). This
agreement was not observed for the other taxonomic groups (Figure 4.5). Picoplank-
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ton (cyanobacteria and heterotrophic bacteria) was the second most abundant group
when considering cell counts (29%±10%) but presented a lower contribution when
converted to biomass (4%±2%). The diatoms and dinoflagellates (in both micro and
nanoplankton size classes) showed a higher contribution when converted to biovol-
ume and biomass by virtue of their large sizes. Diatoms were mostly represented
in the micro-size (18%±25% of the total phytoplankton biomass) and presented a
minor fraction of nano-size (5%±11%). Dinoflagellates had an approximately even
distribution between micro (12%±7%) and nano (15%±11%) size classes.

Figure 4.5 - Average proportions of phytoplankton cells belonging to each taxon from mi-
croscopic number of cells (A), its estimated biovolume (B) and its estimated
biomass (C), all based on microscopic analysis (N = 13).

SOURCE: Author’s production.

We also compared the total carbon biomass determined by microscopy analysis
with TChla, using log-transformed linear regression. The agreement was good and
significant for the 13 samples analysed (R2 = 0.57, p < 0.005, see Figure 4.6A).
The Carbon-to-TChla ratio presented an average of 35±26, ranging from 11 to 102
(Figure 4.6B). The values found in the literature range from 15 to 176 (SATHYEN-

DRANATH et al., 2009).
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Figure 4.6 - (A) Scatterplot of TCha versus carbon biomass estimated from biovolume
derived from microscopy. (B) Carbon to TChla ratio for each of the campaigns
for which microscopy data were available (N=13).

SOURCE: Author’s production.

4.3.2 Diagnostic pigments analysis

The correlation matrix of the diagnostic pigments (DPs) was calculated for both the
concentrations of pigments normalized to TChla and the absolute pigment concen-
trations. For the correlation matrix, we considered 18 pigments: total chlorophyll-a
(TChla), 19'-butanoyloxyfucoxanthin (But-fuco), 19'-hexanoyloxyfucoxanthin (Hex-
fuco), alloxanthin (Allo), diadinoxanthin (Diadino), diatoxanthin (Diato), fucoxan-
thin (Fuco), peridinin (Perid), zeaxanthin (Zea), divinyl chlorophyll-a (DVChla),
monovinyl chlorophyll-b (MVChlb), divinyl chlorophyll-b (DVChlb), chlorophylls c1
and c2 (Chlc1+c2 ), chlorophyll c3 (Chlc3 ), lutein (Lut), neoxanthin (Neo), violax-
anthin (Viola) and prasinoxanthin (Pras).

The normalized correlation matrix was then used in the hierarchical cluster analysis.
DVChlb was not included in the cluster analysis because it presented no detectable
concentration in more than 70% of the campaigns. The cophenetic correlation coeffi-
cient between the distance matrix (between observations) and the dendrogrammatic
distance (between the model points), calculated using the Ward method, was 0.56,
suggesting a positive correlation and a significant result (p-value << 0.01).

The dendrogram from the hierarchical cluster analysis presented six clusters of phy-
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toplankton taxonomic groups, as described in Jeffrey et al. (2011). The classified
groups corresponded to diatoms, dinoflagellates, cryptophytes, cyanobacteria, hap-
tophytes, and green algae (Figure 4.7). For the size classes, based on microscopic
analysis we grouped diatoms, dinoflagellates, cryptophytes, and haptophytes into
one size class of combined micro and nanophytoplankton, and cyanobacteria and
green algae were assigned to pico-phytoplankton, as the dendrogram indicated an
ecological grouping (co-occurrence) of these assemblages.

The ratio Allo and Chlc12 to TChla increased with TChla (ρ = 0.88 for Allo
and ρ = 0.43 for Chlc12 ), suggesting an association of cryptophytes with higher
TChla conditions (the bloom events). In contrast, the ratios of Zea and MVChlb to
TChla decreased with TChla (ρ =-0.38 for Zea and ρ=-0.28 for MVChlb), suggesting
that cyanobacteria and green algae assemblages were more characteristic of oligo-
mesotrophic conditions. The ratios of the other diagnostic pigments to TChla did
not show any clear patterns associated with TChla, probably indicating that they
were associated with mixed assemblages.

Figure 4.7 - Hierarchical cluster analysis of phytoplankton pigments normalized by TChla.

Six taxonomic phytoplankton groups related to each cluster, according to our interpreta-
tion, are suggested as follows: diatom (orange), dinoflagellate (blue), cryptophyte (dark
blue), cyanobacteria (red), haptophytes (dark green), and green algae (green).

SOURCE: Author’s production.
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To estimate each taxonomic group’s contribution to TChla from the hierarchical
cluster analysis for each campaign, we applied a local tuning of the Uitz et al.
(2006) global phytoplankton size fraction model. After applying a multiple linear
regression model to the selected DPs, we observed that when considering But-fuco
by itself in the model, we obtained a negative weight for this pigment. We also tried
constraining the model to only positive coefficients, but in this case, the But-fuco
was zero, and the Hex-fuco was 2.36, and the comparison of the haptophytes DPA
derived biomass with that determined by microscopy analysis was poorer. There-
after, we considered the Hex-fuco combined with But-fuco in this dataset, because
these pigments were both appeared to be representative of haptophytes in the hierar-
chical cluster analysis. This step improved the correspondence with the microscopic
analysis. The algal bloom events were excluded from this analysis because when
they were included, the results changed substantially: the Allo coefficient was very
much overestimated (> 5, compared to 0.69 without bloom events). The equations
and weights of the locally and globally (UITZ et al., 2006) tuned DPs are presented
in Table 4.3.

One way to evaluate the model performance is to examine whether the sum of the
weighed DPs (∑DP) matched the TChla. This test showed that the locally tuned
model had 11% relative percentage difference (RMSE=0.07 mg·m-3). In contrast,
the globally tuned model had 30% difference (RMSE=0.20 mg·m-3), even though
the coefficients of determination were equal to each other (R2=0.96). The higher the
DP weight, the higher its concentration relative to TChla. In our case, all weights
were somewhat higher than the globally-tuned model (Table 4.3).
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Table 4.3 - Phytoplankton groups and the related Diagnostic Pigment (DP) weights are
shown for the global regression model (UITZ et al., 2006) and the locally-tuned
model from this study (excluding bloom events). Equations considering the
locally tuned weights are also shown. AIC refers to the Akaike Information
Criterion. (*) indicates p-values < 0.05.

Phytoplankton
Groups DPs

Uitz et
al.(2006)
Global

Local tuned
AIC = -94.7
R2=0.96

Equations locally-tuned

Diatoms Fuco 1.41 2.29* fdiat = 2.29 · F uco∑
DP

Cyanobacteria Zea 0.86 0.92* fcyano = 0.92 · Zea∑
DP

Dinoflagellate Perid 1.41 1.90* fdino = 1.90 · P erid∑
DP

Cryptophytes Allo 0.6 0.69 fcrypto = 0.69 · Allo∑
DP

Haptophytes Hex-fuco 1.27 1.34*
fhapto =
1.34 · (Hex−fuco+But−fuco)∑

DP

But-fuco 0.35 1.34*

Green algae TChlb 1.01 1.58* fgreen = 1.58 · T Chlb∑
DP

Using the locally-tuned DP model (Table 4.3), we estimated each taxonomic group’s
contribution to TChla from the hierarchical cluster analysis for each campaign (Fig-
ure 4.8). Diatoms were the most abundant group in 51% of the campaigns (N =
21). These campaigns were generally characterized by high TChla (mean 1.09±2.06
mg·m-3) and low sea surface temperature (22.6±2.8°C), as shown in Figure 4.8. Even
though diatoms were the dominant group in these cases, usually all six phytoplank-
ton groups were also present, characterizing a mixed assemblage, except for two
cases: November 2013, when dinoflagellates were absent, and January 2015, when
cryptophytes were absent.

Cyanobacteria were the second most abundant group, i.e., they had more TChla
associated with them than any other taxonomic group in 36% of the campaigns (N
= 15). These campaigns were associated with low TChla (mean 0.35±0.21 mg·m-3)
and high surface temperature (24.5±2.4°C) (Figure 4.8). Although cyanobacteria
presented the highest contribution in these cases, all the other groups were usually
present, indicating a mixed assemblage. Only in two of those campaigns, one or two
other groups were absent, i.e., cryptophytes or/and dinoflagellates, and these were
the cases with the lowest TChla (0.16 mg·m-3) of the entire series.
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Figure 4.8 - Temporal variation in the TChla with the stations colour-coded according to
the most abundant phytoplankton group estimated by the locally-tuned DPA;
dashed line is the in situ sea surface temperature.

Note that the surface temperature includes stations where HPLC data were not available.

SOURCE: Author’s production.

According to the locally-tuned model (DPA), green algae were the most abundant
group at only three campaigns. Even on these occasions, when the TChla associated
with green algae was higher than that associated with any of the other taxonomic
groups, the TChla associated with green algae was not much higher than those asso-
ciated with cyanobacteria and diatoms. The close association between cyanobacteria
and green algae explains why green algae were grouped with cyanobacteria in the
cluster analysis (Figure 4.7). The mean TChla for these campaigns was generally
lower than the overall average (0.36±0.11 mg·m-3).

In June 2016, dinoflagellates showed the highest proportion of associated TChla
than any of the other taxonomic groups. The TChla was higher than average (0.89
mg·m-3), and the surface temperature lower than average (20°C). In the Febru-
ary 2014 campaign, cryptophytes were dominant (57%), showing the second-highest
TChla (6.22 mg·m-3). For this sample, three phytoplankton groups were absent (di-
noflagellates, green algae, and haptophytes), whereas diatoms were present in low
proportion (10%), and cyanobacteria represented 32% according to the locally tuned
model based on pigments concentrations.
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The comparison of the global Uitz model for phytoplankton size classes and phyto-
plankton groups with the locally-tuned model and the CHEMTAX output matrix
required an adaptation of the results, as illustrated in Table 4. The CHEMTAX
analysis was based on pigment ratios obtained from a previous study, but in the
same SBB region, using a dataset collected over a much broader spatial domain
(LIMA et al., 2019). In that study, the authors showed significant positive corre-
lations between prasinoxanthin (exclusive to prasinophytes) and concentrations of
Lut and Neo (pigments present in chlorophytes and all types of prasinophytes).
Thus, in their output pigment ratio matrix, most parts of these pigments were at-
tributed to prasinophytes. However, the hierarchical cluster analysis of the present
study indicated that it was not possible to resolve different groups of green algae
in the Antares-Ubatuba dataset, and they were kept in a single group (combined
chlorophytes and prasinophytes).

Microscopic analysis indicated that a non-negligible proportion of dinoflagellates
and diatoms were part of the nano-sized fraction (around 50% of dinoflagellates and
30% of diatoms). For this reason, a similar approach from Chase et al. (2020) was
adopted for the locally-tuned Uitz model, in which Perid (dinoflagellates) and Fuco
(diatoms), which are usually entirely attributed to micro-sized cells, were fraction-
ated into micro and nano size classes on the basis of the microscopic data: Perid was
evenly divided between nano- and microplankton, and Fuco, had 30% attributed to
nanoplankton and 70% to microplankton (Table 4.4).
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Table 4.4 - Size classes and taxonomic groups identified using Uitz et al. (2006) model,
locally-tuned, and the CHEMTAX method.

Uitz et al. (2006) Global Locally-tuned CHEMTAX

Microplankton
Diatoms (70%) Diatoms (70%)

Dinoflagellates (50%) Dinoflagellates (50%)

Nanoplankton

Diatoms (30%) Diatoms (30%)

Dinoflagellates (50%) Dinoflagellates (50%)

Cryptophytes Cryptophytes

Haptophytes Haptophytes

Picoplankton

Green algae Prasinophytes

Chlorophytes

Cyanobacteria Prochlorococcus

Synechococcus

Overall, the three approaches agreed well for the microplankton (R2> 0.84 and
RMSE < 0.19) and reasonably well for the picoplankton fractions (R2> 0.76 and
RMSE < 0.09). High differences were observed for the nanoplankton fraction, espe-
cially when comparing the regional CHEMTAX with the global Uitz model (R2=
0.47 and RMSE = 0.18) (Table 4.5. The locally-tuned model and the regional
CHEMTAX presented good agreement for all size classes, with a lower RMSE (0.08-
0.09). This result is perhaps not surprising since both the locally-tuned model and
the CHEMTAX method were run with the local observations as input. But it high-
lights the value of having local observations to improve the quality of regional algo-
rithms.
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Table 4.5 - Statistical parameters comparing the three approaches (UITZ et al., 2006)
Global model, locally-tuned model, and CHEMTAX method) used to esti-
mate the class sizes fractions (R2 = coefficient of determination; RMSE =
Root Mean Square Error).

Locally-tuned vs. Locally-tuned vs. Uitz Global vs.

Uitz Global CHEMTAX CHEMTAX

R2 RMSE R2 RMSE R2 RMSE

Microplankton 0.90 0.10 0.85 0.09 0.84 0.19

Nanoplankton 0.77 0.11 0.73 0.08 0.47 0.18

Picoplankton 0.92 0.05 0.81 0.09 0.76 0.09

In order to compare the results obtained by the locally-tuned model and phytoplank-
ton carbon biomass proportions determined by microscopy analysis (by estimating
the biovolume and then estimating the carbon biomass in mgC·m-3 and then pro-
portions for each taxonomic group), we compared the average proportions of the
pigment biomass (TChla) (see Figure 4.9A-B). In this case, nano- and micro-sized
diatoms presented similar proportions, but with DPA proportions a little higher
than the microscopy ones. Nano and micro-sizes dinoflagellates were underestimated
by the DPA, which could be in part related to the variability in the C:Chla ratio
and partly to the absence of Peridinin in some dinoflagellate species (as will be
further discussed). Nanoplankton biomass, composed of nanoflagellates and coccol-
ithophorids was underestimated by the locally-tuned model, whereas picoplankton
was highly underestimated by the microscopy analyses. This was expected as optical
microscopy analysis is difficult for identifying and counting pico-sized cells and can-
not be considered a reliable estimate for this group. Although it is difficult to draw
any robust conclusion from this type of comparison, since each of the methods has its
own limitations and drawbacks (IOCCG, 2014), it is nevertheless considered useful
as it at least indicates if the estimates in the phytoplankton community are consis-
tent across the different methods used in the analysis. Furthermore, carbon-based
estimates of phytoplankton community structure and those based on chlorophyll
are expected to differ from each other, as the C:Chla ratio changes with photo-
acclimation as well as with community structure. Comparison of carbon-based and
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chlorophyll-based community structure is therefore useful for understanding vari-
ability in the C:Chla ratio in natural communities.

Figure 4.9 - Average proportions of the major phytoplankton groups according to carbon
biomass estimated from (A) microscopy and (B) TChla fractions estimated by
the locally-tuned DP model. The nanoplankton group biomass by microscopy
is an aggregation of nano-sized flagellate and coccolithophorids. In the DP
locally-tuned model, TChla biomass aggregated the haptophytes and crypto-
phytes, whereas cyanobacteria and green algae account for the picoplankton
fraction.

The grey line over the bars are the standard deviation.
SOURCE: Author’s production.

4.3.3 Computed phytoplankton optical properties

In general, campaigns with a higher proportion of diatoms presented a∗
ph(λ) values

close to or below the average spectrum, with mean a∗
ph(440) of 0.06 ± 0.02 m2(mg

Chla)-1 (see Figure 4.10). Two campaigns with the most flattened spectra (Novem-
ber 2012 and May 2017), with values of a∗

ph(440) of 0.015 and 0.023 m2(mg Chla)-1,
presented high proportions of diatoms (52% and 58%, respectively) and a low pro-
portion of cyanobacteria (<5%). Both samples were associated with the two lowest
sea surface temperatures of the study period (17 °C and 19.3°C, respectively), in-
dicating upwelling events. Nitrate concentrations were 0.71 µM/L and 3.72 µM/L,
respectively for November 2012 and May 2017, above the average for the region (0.44
± 0.87 µM/L). Silicate concentration was above average (5.31 ± 2.34 µM/L) only
for May 2017 (8.18 µM/L), but was close to average in November 2017 (4.41 µM/L).
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The first case occurred in the austral spring (November 2012) and was associated
with the influence of the CFUF, promoting the multispecific bloom event with a
variety of diatoms and Mesodinium major detected in our time-series. In the second
case (May 2017, austral autumn) a local upwelling cell was observed near the study
site.

Figure 4.10 - The specific absorption coefficients (a∗
ph(λ)) for different taxonomic groups

with a higher relative contribution of a particular group, even though it is
not necessarily the dominant group. (A) diatoms, (B) cyanobacteria, and
(C) dinoflagellates, cryptophytes, or green algae.

The dashed black curves are the average curve considering all the samples.
SOURCE: Author’s production.

The campaigns with high proportions of cyanobacteria presented a∗
ph values above

or remarkably close to the average spectrum (Figure 4.10B), with mean a∗
ph(440) of

0.09 ± 0.02 m2(mg Chla)-1. The proportion of cyanobacteria varied from 28 to 64%
for these campaigns, meaning that although this group was the one with the highest
relative contribution, it was not necessarily the dominant group (i.e., in some cases,
the other groups'contributions were similar).

The samples with the highest relative contributions of cryptophytes, dinoflagellates,
or green algae to TChla presented a∗

ph(λ) values mostly below or close to the average
(Figure 4.10C). The flattened spectrum corresponds to a bloom event with a high
contribution of Dinophysis spp. collected in February 2014, with a∗

ph(440) of 0.03
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m2(mg Chla)-1. As previously mentioned, Dinophysis spp. is known to show symbio-
sis with smaller phytoplankton species, such as cryptophytes. The campaigns with
the high relative contribution of dinoflagellates (June 2016) and green algae (May
2013, Sep 2014, and Nov 2015) presented a∗

ph(λ) values closer to the average (Figure
4.10C).

The samples that presented the lowest values of the packaging effect index at 440 nm
(Q∗

a) (BRICAUD et al., 2004), which should indicate the presence of larger cells (and
hence higher flattening of the absorption spectra), were those with a high propor-
tion of diatoms, dinoflagellates, and cryptophytes (Figure 4.11 A). The campaigns
with a high contribution of diatoms (>30%) and low contribution of cyanobacteria
(<30%) presented a mean Q∗

a(440) of 0.54 ± 0.19 (N = 14). On the other hand,
the campaigns with high cyanobacteria (>30%) and low diatom (<30%) contribu-
tions presented a mean Q∗

a(440) of 0.74 ± 0.19 (n = 13). The mean Q∗
a(440) for all

stations was 0.62 ± 0.20. The Q∗
a(440) values presented a significant relation with

TChla (ρ = 0.76, p-value<0.01) and with cyanobacteria (ρ = 0.68, p-value<0.01)
but a poor relation with diatoms ( ρ = -0.39, p-value<0.05) and the micro (ρ = 0.36,
p-value<0.05) and nano-sized fractions (i.e., including diatoms and dinoflagellates,
along with haptophytes, and cryptophytes) (ρ = 0.58, p-value<0.01). Q∗

a(440) was
positively related only with cyanobacteria (ρ = 0.68, p-value<0.01).

Figure 4.11 - (A) Package effect index (BRICAUD et al., 2004) at 440 nm vs. TChla. (B)
Size index vs. TChla.

Colours and shapes differentiate the most abundant groups in each sample.
SOURCE: Author’s production.
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The size index (Sf ) of Ciotti et al. (2002) varied from 0.31 to 0.54, with an average
value of 0.40 ± 0.06 (Figure 4.11B). This relatively low variation, and average value
around 0.4, denotes the prevalence of mixed assemblages in the Antares-Ubatuba
site, mostly dominated by nano-size class. The samples with a high contribution of
diatoms (>30%) and low cyanobacteria (<30%) usually presented lower Sf values
(0.38 ± 0.05) due to the package effect of larger cells. Campaigns with a high con-
tribution of cyanobacteria (>30%) and low contribution of diatoms (<30%) usually
presented higher values of Sf (0.43 ± 0.07), indicating a high abundance of smaller
cells. Two apparent exceptions were observed in September 2013 and April 2016,
with an elevated proportion of cyanobacteria (53% and 43%, respectively) and low
Sf values (0.31 and 0.34, respectively). The CHEMTAX results for the campaign of
September 2013 indicated only 14% of Trichodesmium colonies, and zero percent for
the April 2016 campaign. Instead, both campaigns were dominated by Synechococ-
cus cyanobacteria, which does not explain the low Sf values. Values of Sf presented
a poor correlation with TChla (ρ = -0.17, non-significant), as well as with the tax-
onomic groups and the associated aggregated size classes determined from pigment
data.

A different perspective is obtained when the phytoplankton groups are aggregated
into size classes (following Table 4.4) and an average size index (SI) is computed
(an SI value of 1 represents dominance of picoplankton and 50 indicates dominance
of microplankton) (BRICAUD et al., 2004) and compared with the Q∗

a(440) and Sf

values (Figure 4.12). An inverse relation is expected in these plots from theoretical
considerations: i.e., when SI increases Q∗

a(440) and Sf should decrease. This was
observed for Q∗

a(440) (ρ = -0.42, p-value<0.01), with exceptions for: (1) February
2014 (Dynophysis sp. bloom) which presented low Q∗

a(440)(0.36) and low SI (8.47
µm), and (2) September 2012, which presented high Q∗

a(440) (0.93) and high SI

(33.43 µm) (Figure 4.12A). For the Sf and SI comparison, the relation was highly
scattered but still presented the expected negative correlation but no significant (ρ
= -0.21, non-significant) (Figure 4.12B).
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Figure 4.12 - (A) Package effect Q∗
a(440) (BRICAUD et al., 2004) at 440 nm vs. Size index

(SI) (BRICAUD et al., 2004). (B) Size index (Sf ) vs. Size index (SI) from
Bricaud et al. (2004).

Shapes identify the most abundant size class in each sample. Colour scale is the TChla.

SOURCE: Author’s production.

Comparing the value of the specific absorption coefficient of phytoplankton, the in-
dex of packaging effect and the size index as indicators of phytoplankton community
structure, we see that a∗

ph(λ) and Q∗
a(440) showed a much better agreement with the

phytoplankton groups determined by the DP analysis and with the TChla than
the Sf index, which showed more dispersion. A probable explanation is that the
Sf index is totally independent of the pigment data set, whereas both a∗

ph(λ) and
Q∗

a(440) make use of the pigment data in their calculation. The low correlation in
the Sf values, when examined as a function of TChla and the DPA PSCs, could be
partly due to uncertainties in the absorption data set (in the dataset studied here
the mean coefficient of variation for aph in 440 nm was 8.9% between replicates).

4.3.4 Phytoplankton groups and environmental conditions

The trophic index varied between 1.99 and 4.83 throughout the sampling period
with, 15% of the months classified as oligotrophic (1.6–2.8 units), 76% as mesotrophic
(2.8–4.0) and 9% as eutrophic conditions (4.0–5.3) (see Supplementary Material S4).

The average temperature and salinity during the study period were 23.5°C and 34
psu, respectively. Sea surface temperature was highly variable at the study site,
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ranging from 17.1 °C to 29.7 °C. The Coastal Water, with relatively higher temper-
ature and lower salinity, was the most prevalent water mass, being dominant at the
study site during more than 60% of the campaigns, followed by the Plata Plume
Water, with low temperature and salinity, and the South Atlantic Central Water,
with low temperature and high salinity (Figure 4.13).

Figure 4.13 - Temperature-Salinity (TS) diagram. The sampling campaigns are colour-
coded according to the most abundant taxonomic groups.

The dashed boxes represent the domain of specific water masses: Coastal Water (CW),
South Atlantic Central Water (SACW), and Plata Plume Water (PPW).

SOURCE: Author’s production.

The TChla concentration usually increases with lower temperatures (ρ = -0.25) (as-
sociated with the PPW or SACW intrusions), mostly under conditions favourable for
diatom occurrence, such as mixed water column, with high nutrient concentrations.
Well-mixed and nutrient- rich waters have been known to favour the predominance
of diatoms (GLIBERT, 2016; MARGALEF, 1978).

The CW was characterized by mixed assemblages with the most abundant groups
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in the samples formed either by cyanobacteria or diatoms, in most cases. The few
samples that matched the PPW (N = 4) did not show a clear pattern regarding
TChla (0.51 ± 0.28 mg·m-3) or the dominance of a specific taxonomic group that
would characterize the presence of this water mass. This nutrient-enriched water
mass transported northward during the austral autumn-winter and forming the SSF
(see Figure 4.2) is expected to be an important source of nutrients and new pro-
duction for the SBB (BRANDINI et al., 2018). However, the Antares-Ubatuba site
is located at its northern limit, and the new nutrients may be already exhausted.
The only campaign under the influence of the PPW and SSF with relatively higher
TChla (0.90 mg·m-3 ) and dominance of dinoflagellates (indicated by locally-tuned
DPA) occurred in June 2016. On this date, a public environmental report noted
the presence of an algal bloom associated with Noctiluca scintillans and Dinoph-
ysis acuminata in the region, which was also related to cases of food poisoning
from consumption of bivalves in the area (COMPANHIA AMBIENTAL DO ESTADO

DE SÃO PAULO (CETESB), 2017). Low turbulence of the water column is the fore-
most favourable condition for these organisms (GLIBERT, 2016; MARGALEF, 1978),
whereas their nutritional strategies such as the practice of mixotrophy (LEE, 2008)
are also relevant.

The SACW was observed to reach the surface layer only once in the entire series
(May 2017), according to the TS diagram (Figure 4.13). In this case, the station was
dominated by diatoms, as indicated both by the DPA (58%), and the TChla was
higher than average (1.3 mg·m-3). The SACW is an important source of new nutrients
and promotes new production at the SBB, with coastward sub-surface intrusions and
upwelling cells, which occur especially during the austral spring-summer (BRANDINI

et al., 2018; METZLER et al., 1997). This event (May 2017) was characterized by the
unusual formation of three upwelling cells off Rio de Janeiro, Santos bight, and São
Sebastião Island (which is close to the Antares-Ubatuba station), starting 3 days
before the campaign (Figure 4.14 top).
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Figure 4.14 - Analysed sea surface temperature (NASA/JPL, 2015) for May 21th, 2017
(top) and November 21th, 2012 (bottom), upwelling events (identifiable from
their light blue colour).

The black point in the map indicates the Antares-Ubatuba time-series station. The refer-
ences in the images are CF for Cape Frio, SS for Sao Sebastiao and SB for Santos Bight.

SOURCE: Author’s production.

Intrusions of the SACW at the Cape Frio upwelling cell may also remotely influence
the Ubatuba site during strong upwelling events, forming the southward CFUF
(BRANDINI et al., 2018), which is better detected using satellite SST and Chla maps
rather than the TS diagram, since SACW mixes with CW at the study site. These
intrusions are usually rich in nutrients leading to an increase in TChla, and blooming
of phytoplankton assemblages associated with new production, such as diatoms. For
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instance, the nutrients concentrations were 0.92 µM/L for silicate and 0.34 µM/L for
nitrate, in September 2012 (two months before the CFUF formation), increasing to
4.41 µM/L of silicate and 0.71 µM/L of nitrate in November 2012, when the CFUF
reached the study site (Figure 4.14 bottom). These nutrient inputs are reflected in
the TChla that increased from 0.40 to 10.0 mg·m-3 in this period.

However, nutrient depletion and/or high grazing rates can limit high phytoplankton
biomass accumulation after the upwelling events, during the relaxation phase (CAR-

BONEL; VALENTIN, 1999). In both major Cape Frio upwelling events recorded in our
series, with the CFUF reaching the Ubatuba site, and with the highest TChla values
observed, i.e., November 2012 (10 mg·m-3) and February 2014 (6.22 mg·m-3), grazing
rates were also high, as indicated by the (Pheophorbide-a + Pheophytin-a)/TChla
ratio (0.19 and 0.13, respectively). These high grazing rates are likely one of the
reasons for mixotrophic phytoplankton to be dominant or co-dominant in these two
events (Mesodinium major and Dinophysis, respectively).

In the first case (November 2012), the sea surface temperature measured at the
Ubatuba site indicated the presence of the SACW (17 °C), even though the salinity
was close to 33.5 psu. Satellite SST confirmed the influence of the CFUF, which
started 4 days before the campaign (November 9th) (Figure 13 bottom). The phy-
toplankton community was co-dominated by diatoms and Mesodinium major with
symbiotic association with cryptophytes (as indicated by the DPA with 52% diatoms
and 12% cryptophytes, and microscopy analyses with 60% nanoflagellates and 35%
diatoms). Since the upwelling event had started just 4 days before the campaign,
the nutrients were still abundant (as previously noted), sustaining high phytoplank-
ton biomass accumulation with good physiological status of the population (low
senescence rate of 0.02, calculated as Chlorophyllide-a/TChla).

In the second case (February 2014), although the CFUF was present in the study
region (as indicated by regional satellite SST (NASA, 2015) and Chla (MODIS-
Aqua), not shown here), the sea surface temperature measured at the Antares-
Ubatuba station was much higher (27°C), indicating the prevalence of CW at surface
waters. The DPA indicated dominance of cryptophytes (57%), which in this case, and
differently from the first event, was associated with the dominance of dinoflagellates
(Dinophysis), as indicated by microscopy analysis, with symbiotic association. The
proportion of diatoms, indicated by both DPA (12%) and microscopy was also much
lower. In this case, the upwelling event started more than two months before the
campaign (in December 2013). Hence, the sampling happened at the end of the
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relaxation phase, and the nutrients were below the average for the region, 1.36 and
0.15 µM/L, for silicate and nitrate, respectively.

4.4 Discussion

The Antares-Ubatuba coastal time-series station was characterized by oligo-
mesotrophic waters in most of the analysed period, with generally a relatively low
variability of TChla, except for episodic events that promote phytoplankton blooms,
occurring mainly during the spring-summer season, and were associated with SACW
upwelling in Cape Frio eventually reaching the study site. The two observed blooms
were similar in their high concentrations of the cryptophyte biomarker pigment,
Allo. However, the first bloom event was associated with the mixotrophic ciliate
Mesodinium major, co-dominated with diatoms, as shown by microscopy analysis.
According to microscopy, the second event was a dinoflagellate bloom, although not
matched by a high concentration of peridinin, a dinoflagellate biomarker pigment.
These discrepancies between the phytoplankton group indicated by DPA and the
dominant groups indicated by microscopy reveal the existence of a symbiotic (klep-
toplasty) relationship between the ciliate and cryptophytes (JOHNSON et al., 2016)
in the first bloom event; and between Dinophysis and Mesodinium major in the
second event (RIAL et al., 2013). In addition, fucoxanthin was present in much lower
concentrations during the second event, which was likely a consequence of sampling
in different phases of the bloom, with the second event corresponding to a relaxation
phase (with nutrient depletion). The microscopy analysis revealed indeed a much
lower abundance of diatoms, and the fucoxanthin present was also likely shared by
the dominant dinoflagellates, as this pigment is present even in those species that do
not present peridinin (JEFFREY et al., 2011). These findings highlight the importance
of utilising complementary methods of HPLC pigment measurement and microscopy
analysis to understand better the dynamics of phytoplankton assemblages and their
physiological conditions.

All 17 pigments (except for DVChlb) analysed were present all year round, suggesting
the coexistence of mixed assemblages, as previously reported for the Ubatuba site
(??). Some pigments, especially diagnostic of nano- and microplankton (JEFFREY,
1997; UITZ et al., 2006), had higher mean concentrations during the autumn-winter
(see Table 4.2). The autumn-winter season is more influenced by ‘continuous’ inputs
of new nutrient sources into the euphotic layer by convection and wind-driven mixed-
layer deepening, and the northward advection of the SSF with PPW (BRANDINI et

al., 2018; PIOLA et al., 2000). The increase in phytoplankton biomass during the
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austral winter is relatively well known and reported, especially in the southern SBB
region (BRANDINI et al., 2014). However, in the north portion of the SBB the increase
in the biomass due to the SSF was not clearly observed, which indicates nutrient
depletion along the SSF.

Pigment information can be used as a taxonomic tool to describe the phytoplankton
community and as a proxy for physiological responses under distinct environmental
conditions, such as light availability and grazing pressure (JEFFREY, 1997). In al-
most the entire data set, the most dominant diagnostic pigment was Zea (see Figure
3). This pigment is an essential photoprotective carotenoid, usually related to the
cyanobacteria group (HIRATA et al., 2011; UITZ et al., 2006), although it also occurs
in other groups of phytoplankton (JEFFREY et al., 2011). High Zea to TChla ratios
are expected under high-light conditions or during the senescent stage (declining
concentrations of pigments) (LIMA et al., 2019). Therefore, it could indicate the phys-
iological state of the cells and different light regimes depending on the season (e.g.,
summer and winter). In this study, Zea concentrations and the sum of Photoprotec-
tive Carotenoids (PPC) were not significantly different between spring-summer and
autumn-winter periods (see Table 4.1), indicating that seasonal irradiance difference
is not an important issue for this subtropical coastal region.

The relative content of chlorophyll-a degradation products can be used as a proxy
for grazing pressure and the senescence of phytoplankton cells (JEFFREY, 1997).
High proportions of pigments indicative of grazing (Pheophorbide-a +Pheophytin-
a) were more frequently observed in our data set than that indicative of senescence
(Chlorophyllide-a), suggesting that in the study area, phytoplankton are promptly
consumed.

The phytoplankton groups identified in the microscopy analysis and indicated by
the DPA using hierarchical cluster analysis have already been reported in the SBB
region (BRANDINI et al., 2014; LIMA et al., 2019; MOSER et al., 2014), and more specif-
ically, for the coast of Sao Paulo (??VILLAC et al., 2008). For the Ubatuba site,
??) mentioned the dominance of nanoflagellates (Chlorophyceae, Prasinophyceae,
Haptophyceae, Chrysophyceae, and Cryptophyceae), followed by diatoms (Bacillar-
iophyceae), dinoflagellates (Dinophyceae), coccolithophorids (Haptophyceae), sili-
coflagellates (Chrysophyceae), filamentous cyanobacteria (Cyanophyceae) and eu-
glenophytes (Euglenophyceae).

Various global approaches to obtain the phytoplankton groups through DPA are
similar to each other, but there are small differences in strategies adopted to couple
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proportions of pigments with particular taxonomic groups or size classes. These
differences are especially important to differentiate picoeukaryotes from nano- and
micro-eukaryotes in oligotrophic waters with TChla < 0.25 mg·m-3 (HIRATA et al.,
2011) and ultra-oligotrophic waters with TChla < 0.04 mg·m-3 (BREWIN et al., 2010).
In this study, we did not have such oligotrophic conditions, and the focus was on
the phytoplankton taxonomic groups identified in the hierarchical cluster analysis.
For this reason, we used the Uitz et al. (2006) approach.

However, it should be noticed that when aggregating the phytoplankton groups de-
fined by the hierarchical cluster analysis (i.e., diatoms, dinoflagellates, cryptophytes,
haptophytes, green algae, and cyanobacteria) into the PSCs (i.e., pico-, nano- and
microplankton), some of these groups could be wrongly aggregated. Considering this,
we tuned the PSC aggregation, in the case of dinoflagellates and diatoms, follow-
ing our microscopy analysis, which indicated that around 50% of the dinoflagellates
and 30% of diatoms were part of nanoplankton. The contribution of diatoms and
dinoflagellates to the nanoplankton fraction has also been indicated by Chase et al.
(2020). In their study, the authors evaluated the accuracy of DPA using imaging
flow-cytometry data. Their results showed that the DPA overestimated microphyto-
plankton and picophytoplankton compared with flow cytometry data, and underes-
timated nanophytoplankton contribution to total carbon biomass. We also found a
similar pattern in our analyses comparing the DPA to microscopy data, with overes-
timation of diatoms, mostly composed of micro-sized cells, and underestimation of
the nano fraction. Hence, limitations of both methods, i.e., DPA and microscopy, as-
sociated in the former method with ecophysiological variability of the DP ratios, and
in the latter method with over-representation of nano-sized groups, for instance, are
still a challenge when it comes to improving size class assignments. This result is es-
pecially important for our study area, which presents a high proportion of nanophy-
toplankton, suggesting that additional adjustments should be made to improve the
accuracy of results when applying the DPA approach to determine phytoplankton
groups and PSCs. Despite our attempt to tune the distribution of dinoflagellate
and diatoms in nano and microplankton, the Antares-Ubatuba microscopy dataset
analysed here was limited to a few samples; therefore, further analysis with a more
extensive dataset using techniques such as flow cytometry should be considered
in future studies. We also have to recognise that, because of C:Chla ratios that
might vary between different classes of phytoplankton, and with photo-acclimation,
carbon-based and chlorophyll-based biomass may not always match each other, even
when the methods are perfect.
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Diatoms biomass estimated by cell metrics may be influenced by the volume of
the vacuole, that may vary depending on the species, ranging from 22% to 70% of
the total cell volume (SICKO-GOAD et al., 1984), leading to overestimation in the
diatom biomass (see Figure 4.10). We were not able to estimate the volume of
the vacuole by microscopy in the fixed cells, but this must be considered in future
studies. Furthermore, the assumptions to convert biovolume to carbon mass may not
apply for some diatom groups, as the allometric approach requires a simplification
and “ignores inherent species-specific variability to provide average estimates and
grounds for comparison” (MENDEN-DEUER; LESSARD, 2000).

The locally tuned DP model proposed in this study presented a strong agreement
with the regional CHEMTAX results, which was more detailed regarding the phy-
toplankton groups. In addition, CHEMTAX analysis has already been used to char-
acterize the phytoplankton community in the shelf break of the SBB, focusing,
however, on the distribution of the cyanobacteria Trichodesmium (see Lima et al.
(2019)).

With regard to the phytoplankton optical properties, the a∗
ph(λ) presented a flattened

curve for the stations with a high relative contribution of diatoms (usually micro-
and nanoplankton) and sharped curves for stations with a high relative contribution
of cyanobacteria (picoplankton), as expected (see Ciotti et al. (2002), Devred et al.
(2006), Sathyendranath et al. (2001)). The results observed for the Q∗

a(440) also
reinforced this expected pattern (i.e., stations with a higher contribution of diatoms
had lower values whereas those with a higher contribution of cyanobacteria had
higher Q∗

a(440) values) (BRICAUD et al., 2004). On the other hand, Sf results were not
so straightforward, presenting a low agreement with TChla and the phytoplankton
groups and size classes determined by the DPA.

Some samples presented low values of Sf , even though cyanobacteria were more
abundant. It is not clear why Sf values were relatively low, considering that
cyanobacteria are predominantly picoplankton size organisms, and we expected that
the campaigns dominated by these organisms would present high Sf values (>0.5)
(CIOTTI et al., 2002; CIOTTI; BRICAUD, 2006). A possible explanation for the rela-
tively Sf lower values could have been the presence of Trichodesmium, a filamentous
cyanobacterium (∼1 mm length), which would change the packaging effect associ-
ated with cyanobacteria (DETONI; CIOTTI, 2020). However, Trichodesmium colonies
were detected through CHEMTAX in only one of these campaigns, and they were
not detected in the microscopy analysis. Another possibility is that the presence of
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mixotrophic symbiotic species could be contributing to lower Sf values. Microscopy
analysis showed the occasional presence of a species of diatom Hemialus sp. that
is known to occur in a symbiotic relationship with the cyanobacteria Richelia sp.
(requiring further analysis). We also note that the base vectors for calculation of Sf ,
as proposed by Ciotti et al. (2002) and Ciotti and Bricaud (2006), were not tuned
for the region, which could have affected the performance of the method.

Even though Sf algorithms have already been applied in the SBB region (see Ciotti
and Bricaud (2006)), it was evaluated on a spatial distribution basis, in the presence
of high gradients in TChla (from productive coastal waters to oligotrophic offshore
conditions). Temporal variability at a coastal station, such as those explored in
the present study, is more subtle, and therefore likely less suited for analysis by
the Sf index. Another point that must be considered here is that Sf estimation
was independent of the HPLC dataset, since we used the mean absorption spectra
normalization (see Ciotti et al. (2002)), different from the Q∗

a(440) and a∗
ph(λ) which

required the concentrations of the pigments (see Bricaud et al. (2004)) for their
calculation. Hence, a∗

ph and Q∗
a were not entirely independent of the pigment data,

probably compensating for measurement uncertainties in aph. Phytoplankton optical
properties are the basis of some remote sensing algorithms to retrieve phytoplankton
functional types and phytoplankton size classes (DEVRED et al., 2006; DEVRED et al.,
2011; MOISAN et al., 2017; MOUW et al., 2017; NAIR et al., 2008; RUDORFF; KAMPEL,
2012; SATHYENDRANATH et al., 2001). For this reason, results and relations that
diverge from those expected for remote sensing algorithms should be investigated to
evaluate the particularities of the phytoplankton assemblages in the study area and
to improve potential applications and identify sources of uncertainties. Abundance-
based approaches, relating the PSC to the TChla (BREWIN et al., 2010; IOCCG,
2014; UITZ et al., 2006) or approaches that combine abundance and optical properties
(BREWIN et al., 2010), could perhaps be more suitable than approaches based solely
on specific optical properties for this coastal region. Further investigations should
be undertaken in the future to explore these possibilities.

Overall, our results showed a similar scenario as described by Moser et al. (2014),
mainly characterized by the presence of a typical (sub)tropical phytoplankton com-
munity, i.e., dominated by stress-tolerant pico- and nanoplanktonic taxa, associated
with oligotrophic waters of the Brazil Current (with TW on the surface). The Brazil
Current is a western boundary current with intense mesoscale and sub-mesoscale
activities that influence the inner-shelf of the study area (CALADO et al., 2006;
SOUTELINO et al., 2013). Brazil Current meandering has been associated with SACW
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upwelling (CAMPOS et al., 2000), advection of cyclonic and anticyclonic eddies (CAL-

ADO et al., 2006), and interactions with shelf fronts under the influence of river
discharge (MÖLLER et al., 2008). These dynamic processes affect the availability of
nutrients and water column stratification, causing alterations in the phytoplankton
community, increasing the contribution of ruderal taxa (R-strategists), and reducing
the stress-tolerant taxa (MOSER et al., 2014). When such processes occur, the phyto-
plankton community shifts to diatom-dominated assemblage; however, this scenario
could quickly change to a poor biomass condition due to nutrient depletion or as
grazing rates increases.

Ribeiro et al. (2016) characterized the phytoplankton community in the SBB us-
ing flow cytometry, focusing on the distribution of pico- and nanoplankton that
are poorly studied in the region. The authors reported that the cyanobacteria
Prochlorococcus were more abundant in oceanic, oligotrophic, surface waters (TW).
Our CHEMTAX results showed that the relative contribution of Synechococcus was
always higher than Prochlorococcus, indicating, as suggested by the TS diagram
(Figure 4.13), that TW hardly reaches the inner-shelf region (see Cerda and Castro
(2014)).

The occurrence of major algae bloom events in the study area was registered at the
Ubatuba coastal time series station in 2012 and 2014, associated with the CFUF.
Minor bloom events with potential occurrence of red tides were also reported by the
São Paulo state water agency (CETESB, 2018; COMPANHIA AMBIENTAL DO ESTADO

DE SÃO PAULO (CETESB), 2017), such as in 2016, associated to the PPW SSF, and in
2017 with local upwelling. Although these events cannot be considered as frequent
in the SBB, their early identification and alert are important due to their potential
impacts on social and economic activities (CIOTTI et al., 2018). As already suggested,
a long term monitoring strategy should be promoted in the SBB region (see Brandini
et al. (2018), Ciotti et al. (2018)).

4.5 Conclusions and final considerations

In the present study, a time-series of HPLC pigments, microscopy analysis and bio-
optical data acquired in a coastal region of the SBB was analysed to characterize the
phytoplankton composition and the associated oceanographic conditions. The DPA
with the hierarchical cluster analysis provided a set of phytoplankton groups that
were applied to the locally-tuned Uitz et al. (2006) model, which yielded results that
were consistent with other studies in the region and with the microscopy analysis.
Changes in the phytoplankton assemblages were also evident in the optical propri-
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eties such as a∗
ph(λ), Q∗

a(440) and Sf . Further analysis is required to understand the
Sf variability in the study area.

From the dataset analysed here, two major algal bloom events were identified in 2012
and 2014 (TChla > 5 mg·m-3), and two minor blooms in 2016 and 2017, caused by
different meteo-oceanographic processes, and dominated by different phytoplank-
ton species. These events were also reported by the São Paulo state water agency
(CETESB), but considering the low sampling frequency of the Antares-Ubatuba
station (with monthly collections at best), other minor bloom events could have
occurred in the study region without being noticed or reported in the literature.
Moreover, we analysed a relatively short period (2012–2017) in which we had si-
multaneous HPLC, microscopy and optical data, and although we have captured
the main processes that promote phytoplankton blooms in the SBB, other processes
such as mesoscale features e.g., eddies and meanders of the Brazil Current, and the
passage of strong atmospheric cold fronts, are also likely to influence the phytoplank-
ton assemblages and succession. Considering the importance that some blooms can
present, it is essential to maintain efforts to implement and to sustain continuous
sampling in time-series stations. Long time-series are also required for climate-change
studies (BREWIN et al., 2015a; GROOM et al., 2019; SATHYENDRANATH et al., 2017).

Based on the microscopy and the locally-tuned DPA, we can conclude that the phy-
toplankton community is characterized by mixed assemblages composed mainly of
diatoms, nanoflagellates, and picoplankton (Synechococcus cyanobacteria and green
algae) in mainly oligomesotrophic conditions, that are occasionally changed by the
intrusion of oceanic fronts (CFUF and SSF) and local upwelling. When these events
result in the intrusion of nutrient-rich waters, the assemblages change to higher
biomass conditions, usually accompanied by diatom dominance. The CFUF and
local upwelling potentially causes bloom events, more likely occurring in austral
summer and spring. A summary diagram was included to illustrate these findings
(Figure 4.15).
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Figure 4.15 - Diagram with the oceanographic conditions and the potential consequences
for the phytoplankton assemblages. Darker green in the diagram illustrates
higher concentrations of chlorophyll-a, and the symbols representing the phy-
toplankton groups are illustrative, representing most likely groups found in
the described conditions. Even though they are not exactly quantitative re-
sults, they illustrate expected abundances of these groups at the sea surface,
in the study area.

Diagram elaborated by the authors with use of images from Tracey Saxby, Integration and
Application Network (ian.umces.edu/media-library).

SOURCE: Author’s production.
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5 REMOTE SENSING ESTIMATION OF PHYTOPLANKTON SIZE
CLASSES IN A SUBTROPICAL COASTAL SITE: AN EVALUATION

5.1 Introduction

Understanding the phytoplankton community variability is key to managing marine
areas and anticipating the effects of climate change in marine ecosystems. In the last
two decades, several approaches were designed to obtain remote sensing estimations
of phytoplankton size classes (BREWIN et al., 2010; DEVRED et al., 2011; SATHYEN-

DRANATH et al., 2001; UITZ et al., 2006). These models have been tested both globally
and locally, including coastal and continental shelf waters (LIU et al., 2021; GITTINGS

et al., 2019; SUN et al., 2019; TURNER et al., 2021).

The challenge in applying these models to coastal waters is that the models’ as-
sumptions may not suit well to all types of waters (as discussed in Chapter 3), due
to the diverse phytoplankton assemblages (see KRAMER et al. 2020 and KRAMER;

SIEGEL 2019). For instance, different sources of nutrients may drive changes in the
phytoplankton communities by adding nutrients in the euphotic zone through up-
welling which can potentially change the dominant group into the water and increase
overall abundance (see SARKER et al. 2020) or by river inputs adding nutrients and
potentially changing the light penetration in the water column which can indirectly
select phytoplankton groups (see SARKER et al. 2020 and WILTSHIRE et al. 2015),
and grazing pressure over the phytoplankton through a top-down pressure in the
phytoplankton community (see WILTSHIRE et al. 2015), changing the abundance and
dominance according to the herbivores preference. All those processes are potentially
able to induce changes in the predefined relationships established between Chla and
the phytoplankton size classes derived from the DPA, which are the basis for most
of the PSC models.

Among the available PSC models, the abundance-based approaches, such as the one
described in Brewin et al. (2010), seem to be one of the most extensively applied
and re-tuned to different regional seas (LIU et al., 2021; GITTINGS et al., 2019; SUN et

al., 2019; TURNER et al., 2021; LAMONT et al., 2018b). The fact that they rely only
on Chla makes it easier to apply the model to satellite data since Chla products are
routinely estimated and available for download. This is not the case with spectral-
based models, such as the one proposed by Devred et al. (2011), as it requires the
phytoplankton absorption coefficient in different wavelengths. This turns the appli-
cation of this model more time-consuming, especially considering optically-complex
waters, where the semi-analytical models to retrieve phytoplankton absorption co-
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efficients are susceptible to the interference of high coloured dissolved organic mat-
ter absorption and high scattering by non-algal particles (DEFOIN-PLATEL; CHAMI,
2007). Indeed, empirical algorithms for Chla are also affected by the interference of
other inherent optically active constituents, that is why a regional tuning for this
algorithm is also indicated.

In this study, we will look forward to answering the following research questions:
(1) Do these models respond well in this particular subtropical area? (2) Is the per-
formance of the models maintained when applied to satellite data? That will be
answered with the following specific objectives: (a) to parameterize and evaluate
the results of two PSC models (the abundance-based approach proposed by Brewin
et al. (2010) and the spectral-based approach by Devred et al. (2011)) to a sub-
tropical coastal area in the South Brazil Bright (SBB), (b) to use the models to
identify the dominant size class applying them to satellite data (MODISA imagery)
with Generalized Inherent Optical Properties framework with Default Configuration
(GIOP-DC) to Chla and phytoplankton absorption coefficients, and (c) use the mod-
els to characterize the spatial and seasonal variability of Chla and phytoplankton
size structure in the SBB.

5.2 Methods

5.2.1 Study area

The study area and the sampling station were described in the Chapter 4, Section
4.2.1. The sampling period was from July 2006 to July 2019. From 2006 to 2015
it was monthly sampled, and from 2016 on it was less frequently sampled, varying
from 3 to 6 months interval between campaigns.

5.2.2 Measurements

The phytoplankton absorption coefficients, phytoplankton diagnostic pigments, nu-
trients, and temperature were measured as described in the Chapter 4, Section 4.2.2.

5.2.2.1 Fluorimetric method for chlorophyll-a concentration

HPLC analysis were not available for the entire time-series period. Thus, for the
most part of the series the Chla available was the obtained by the fluorometric
method. Chla was measured following the method described in Welschmeyer (1994)
and Shoaf and Lium (1976). Samples were filtered in Whatman GF/F (0.7 µm), kept
in liquid nitrogen until laboratory analysis, when the filters were then immersed in
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5 ml of a solution of 90% acetone:DMSO (6:4 by volume) (SHOAF; LIUM, 1976)
and kept at -4ºC for 24 hours for the pigment extraction, and finally measured
in a calibrated Turner 10- AU-005 fluorometer (WELSCHMEYER, 1994). The total
chlorophyll-a concentrations obtained by HPLC were used to correct the fluoromet-
ric Chla (see Appendix A) to standardized the concentrations used in both PSC
approaches.

5.2.2.2 Absorption coefficient of CDOM

For the coloured dissolved organic matter (CDOM) absorption coefficient the water
samples were filtered in 0.2 µm polycarbonate membranes (Whatman nucleopore)
following Mitchell et al. (2002). Samples were stored in pre-combusted glass bottles
wrapped with aluminum foil and kept under refrigeration (4°C) until laboratory
analysis. The filtered samples were put to room temperature before the analysis to
avoid bias due the thermal difference between the samples and the reference water
(Milli-Q water). Using a 10 cm quartz cell, the absorbance spectra were measured
from 250 to 850 nm in a spectrophotometer (Shimadzu, UV 2450). The CDOM
absorption coefficient was then calculated using the following equation:

acdom(λ) = 2.303
L

· [(ODsample(λ) − ODblank(λ)) − ODoffset] (5.1)

Where L is the optical pathway length in meters, i.e., the quartz cell length (0.1m),
ODsample(λ) is the optical density of the sample, ODblank(λ) is the the Milli-Q water
optical density, measured in the spectrophotometer and the ODoffset is the mean
signal in the offset interval at 683-687nm.

5.2.3 Model parameterization

Even though these models have already been applied to retrieve three size classes
(pico, nano and microphytoplankton) (BREWIN et al., 2010; DEVRED et al., 2011), in
the Chapter 4 we showed that for the available in situ data set of the ANTARES-
Ubatuba station the distinction between micro and nanophytoplankton populations
is complicated when using solely diagnostic pigments. Therefore, we decided to keep
only two populations, i.e., picophytoplankton and a combined population of micro
and nanophytoplankton.

5.2.3.1 Abundance-based approach (BREWIN et al., 2010)

The abundance-based approach was described previously in the Chapter 3, Section
3.2.4. The samples used for the parameterization were collected from 2012-2017 and
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had the HPLC analysis. Initially, the number of samples was 41, but two of them
were removed from the parameterization because they were identified as algal bloom
events, thus the final number of samples for the parameterization was 39.

5.2.3.2 Spectral-based approach (DEVRED et al., 2011)

The re-parameterization of the Devred et al. (2011) model requires phytoplankton
absorption coefficient and Chla (n=80). The phytoplankton absorption coefficient
was fitted to the Chla to retrieve the specific phytoplankton absorption coefficient
of two-components size classes population:

aph(λ) = Cp
max · [apico(λ) − am,n(λ)] · [1 − exp(−Sp · Chla)] + am,n(λ) · Chla (5.2)

Where a is the phytoplankton absorption coefficient in a specific wavelength (λ),
Cp

max and apico are the maximum asymptotic chlorophyll and the specific phyto-
plankton absorption coefficient for picophytoplankton, respectively, am,n is the com-
bined component of micro and nanophytoplankton and Sp is the initial slope of
picophytoplankton.

Devred et al. (2011) have not specifically classified the populations in pico, nano
and microphytoplankton. Instead, the authors classified them as small, medium and
large cells. Here, we opted to use the pico, nano and microphytoplankton classifi-
cation to avoid confusion with the other model (BREWIN et al., 2010). In addition,
Devred et al. (2011) combined the small and medium cells, while considering the
local characteristics of the study area, and we decided to combine the medium and
large cells, as described previously. Thus, from now on, small cells will be referred as
picophytoplankton, and medium and large cells as micro and nanophytoplankton.

After tuning the specific phytoplankton absorption coefficients for each size class,
the values for a set of wavelengths were used to estimate the Chla for each size class,
using the phytoplankton absorption coefficient as input. Devred et al. (2011) used
five SeaWiFS wavelengths, i.e., 443, 490, 510, 555, 670 nm, but here, we opted to
use ten MODIS wavelengths, i.e., 412, 443, 469, 488, 531, 547, 555, 645, 667, 678
nm. The equation system was solved as described in Devred et al. (2011), with a
least-squares with equality and inequality constraints method, using the limSolve
package in R (SOETAERT et al., 2009; VANDENMEERSCHE et al., 2009). The method
does not require Chla as an input, thus it is possible to estimate the Chla for each
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size fraction by solving the following equation system:

aph(λ1) = a∗
pico(λ1) · Cp + a∗

m,n(λ1) · Cm,n

... ... ...
aph(λ10) = a∗

pico(λ10) · Cp + a∗
m,n(λ10) · Cm,n

(5.3)

Where aph(λi) is the measured phytoplankton absorption coefficient at the i wave-
length (i from 1 to 10), Cp is the chlorophyll-a concentrations for picophytoplankton,
and Cm,n for micro and nanophytoplankton. A lower constrain of 0.005 mg· m-3 was
defined for the possible values of Chla concentrations for each size class, following
Devred et al. (2011).

The data set with the diagnostic pigments was used as an independent set of data
(i.e., not used in the parametrization) to validate and evaluate the spectral approach.
It is important to notice that after estimating the parameters in the regional tuning
of Devred's model it can also be applied as an abundance-based approach, by using
the Sp estimated by solving the Equation 5.2. Cp

max as defined in Devred et al. (2011)
is obtained by solving the Equation 5.4, below:

Cp
max · Sp = 1 (5.4)

5.2.3.3 Inter-comparison (DPA and PSC models)

Regarding the diagnostic pigment analysis (DPA) and the PSC models, an inter-
comparison was performed between the PSCs estimated by the DPA (local (Chapter
4) and global DPA (UITZ et al., 2006)) and the PSC models (local (this chapter)
and global parameters (BREWIN et al., 2010; DEVRED et al., 2011)). The idea of this
comparison is to check if the results of the re-parameterization of the PSC models are
actually giving better results than the parameters estimated previously considering
the global ocean.

Firstly, considering the locally-tuned DPA presented in Chapter 4 and the results
from the re-parameterization of PSC models performed in this chapter; the results
obtained for the chlorophyll fraction for each size class were compared. Secondly, the
statistical errors were calculated for other combinations, the global parameters from
PSC models and the fractions estimated using the locally-tuned DPA (4). Finally,
the global parameters were used to estimate the PSC fractions, the global-DPA from
Uitz et al. (2006) and global parameters from Brewin et al. (2010) and Devred et
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al. (2011) were compared.

5.2.3.4 Residuals and correlation analysis

Following the method adopted by Brewin et al. (2019), after estimating the PSC
fractions in the in situ data a correlation analysis was performed between the resid-
ual (the estimated by the model minus the measured) and the environmental vari-
ables available, such as sea surface temperature, nutrients and salinity. The idea of
this analysis is the identify if any of these variables still have a correlation to the
"unexplained part of the measured values". Brewin et al. (2019) used intervals of
temperature in the samples to fit the parameters of the model to those bins and
this way used temperature as an input in the model. However, in this study, due to
the limited number of HPLC samples available, we will not be able to further apply
these results to improve the local model.

5.2.4 Statistical metrics

The statistical metrics applied to compare the estimated values by the models and
the measured values were the determination coefficient (R2), correlation coefficient
(ρ), root-mean-square error (RMSE), median absolute difference (MAD), mean ab-
solute error (MAE), and bias. These metrics were calculated using the following
equations:

RMSE = 10
√∑n

i=1(log10(Mi)−log 10(Oi))2

n (5.5)

MAD = 10median(| log10(Mi)−log10(Oi)|) (5.6)

MAE = 10

(∑n

i=1 | log10(Mi)−log10(Oi)|
n

)
(5.7)

bias = 10

(∑n

i=1 log10(Mi)−log10(Oi)
n

)
(5.8)

Where Mi and Oi are the modeled and observed values, respectively, and n is the
number of observations. When the metrics were applied to Chla data the log10

transformation was applied, considering the known log10 distribution of Chla and
aph (CAMPBELL, 1995; WERDELL et al., 2013), as presented in the Equations 5.5-5.8.
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5.2.5 Satellite data application

For satellite application NASA MODISA level 1A images were downloaded and
processed using SEADAS v8.1 to level 3, with 1.1 km spatial resolution, apply-
ing Generalized Inherent Optical Properties framework with Default Configuration
(GIOP-DC) described in Werdell et al. (2013) and obtaining the Chla, aph(λ), adg(λ)
and bbp(λ) for the following wavelengths 412, 443, 469, 488, 531, 547, 555, 645, 667
and 678 nm. The images were then aggregated per day (for validation exercise)
and per month (for time-series analysis from 2002-2020). The Chla was also ob-
tained by the default NASA algorithm, which is the empirical algorithm OC3M,
merged with the Colour Index (CI) algorithm proposed by Hu et al. (2012) in the
interval of Chla between 0.15 and 0.2 mg·m-3. From now on we will refer to the
default empirical chlorophyll-a algorithm as OCx. For the match-ups we considered
the same-calendar-day satellite images, a window of 3 x 3 pixels, only the dates
that had 5 or more valid pixels and coefficient of variation lower than 20% for Chla
and aph(λ). The validation exercise first considered the validation of the input vari-
ables, Chla (n=23) and aph(λ) (n=21), and then the estimated values for the PSC
fractions.

Additionally, reanalysis of sea surface temperature (SST) from the Group for
High-Resolution Sea Surface Temperature (GHRSST), Level 4 multiscale ultrahigh-
resolution (MUR) in an optimal interpolation approach on a global 0.01 degree grid
(1km) (NASA, 2015) were also downloaded and averaged per month and for the study
area to discuss possible relationships involving changes in sea surface temperatures
and PSCs.

5.2.5.1 Sensitivity analysis with uncertainties for fractional Chla and
aph inputs in the PSC models results

The uncertainties in the Chla and aph(λ) derived from remote sensing reflectances
introduces errors in the PSC results. A sensitivity analysis was performed to estimate
the effect of these uncertainties, considering the uncertainty of 30% for satellite-
derived Chla and aph(λ). They were applied in the PSC models and then compared
with the phytoplankton DPA results.

5.2.6 Schematic diagram

Schematic diagram of the measurements and analysis.
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Figure 5.1 - Schematic diagram of measurements and analysis of the Chapter 5.

SOURCE: Author’s production.
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5.3 Results

5.3.1 Model parameterization

The abundance-based and the spectral-based approaches, as described in Brewin et
al. (2010) and Devred et al. (2011) are interchangeable, i.e., after estimating one it
is possible to estimate the other model’s parameters. The parameters estimated in
this study were compared to parameters reported for other regions (Table 5.1). We
can observe that the initial slope for picophytoplankton (Sp) was relatively low for
the abundance approach (1.72) in comparison to the spectral-based approach (4.81)
and even comparing to other regions (Table 5.1). The Sp for other regions varied
from 3.6 in the Northeast U.S. continental shelf (TURNER et al., 2021) to 8.94 in the
Southern Africa region (LAMONT et al., 2018b). The values for the Cp

max were less
variable, but the value was higher for the Brewin et al. (2010) approach (0.40) than
for Devred et al. (2011) (0.21), and also higher compared to other studies which
varied from 0.11 for the global ocean (BREWIN et al., 2010) and Southern Africa
(LAMONT et al., 2018b) to 0.26 for China coastal waters (West Pacific) (HUAN et al.,
2021).

The specific absorption coefficients for picophytoplankton at 443 nm (a∗
pico(443))

were 0.132 and 0.148, for abundance and spectral-based approach, respectively, val-
ues similar to the estimated by other studies, varying from 0.142 in a coastal water
of China (HUAN et al., 2021) to 0.21m-1 in the Atlantic Ocean (DEVRED et al., 2011).
The spectral curves of the specific absorption coefficient for phytoplankton obtained
with the two approaches used here, indicated notable differences, more pronounced
around 443 nm and 665 nm, especially for the picophytoplankton. Even though the
specific absorption coefficients are from the same area, they were estimated with
different subsets of the Antares-Ubatuba station dataset. The fit using the Devred
et al. (2011) approach presented a curve with high peaks (Figure 5.2 A), while the
Brewin et al. (2010) approach presented a flatter curve (Figure 5.2 B). Regarding
the specific absorption coefficient for the micro and nanophytoplankton size classes
(a∗

m,n), they were more similar to microphytoplankton values reported by other stud-
ies (0.022 to 0.031 m-1) (see Table 5.1). In the present study, the a∗

m,n values varied
from 0.013 (abundance approach) to 0.028 m-1 (spectral approach).
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Table 5.1 - Comparison of the model’s parameters from this study and in other regions.
The two first rows are the parameters estimated in this study, considering
the Brewin et al. (2010) and Devred et al. (2011) as spectral and abundance
models (since they are interchangeable as explained in the text). The area for
the other studies are in parenthesis. Parameters is blank means them were not
estimated in the study.

Model Sp C
p
max a∗

pico(443) a∗
m,n(443) a∗

n(443) a∗
m(443)

This study (Brewin 2010) 1.72 0.40 0.132 (0.102-0.163) 0.013 (0.009-0.016)
This study (Devred 2011) 4.81 0.21 0.148 (0.126-0.170) 0.028 (0.015-0.041)

Brewin et al. (2010) (Atlantic Ocean) 6.80 0.11
Brewin et al. (2011a) (NOMAD) 5.12 0.15 0.155 0.033 0.022*

Devred et al. (2011) (NW Atlantic) 0.18 0.052 0.031*
Devred et al. (2011) (NOMAD) 0.21 0.064 0.022*

Huan et al. (2021) (West Pacific, coast) 3.85 0.26 0.142 0.0701 0.030
Lamont et al. (2018b) (Southern Africa, coastal) 8.94 0.11

Turner et al. (2021) (Northeast U.S. continental shelf ) 3.6 0.15

Figure 5.2 - Specific absorption (a∗
ph) for picophytoplankton and micro and nanophyto-

plankton, considering Devred et al. (2011) (A) and Brewin et al. (2010) (B)
models, with the confidence interval at 95%.

SOURCE: Author’s production.

Regarding the inter-comparison for local and global parameters of PSC models in
the Antares-Ubatuba station, our results indicated that using locally-tuned param-
eters reduced the uncertainties of the estimations. The local parameters bias var-
ied from underestimating 27% (for spectral-based approach) to overestimating 12%
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(abundance-based approach). Considering the global parameters the bias varied from
underestimation of 54% to overestimation of 200% (spectral-based) (see Table 5.2).
Interestingly, for the spectral-based approach, the micro and nanophytoplankton
size class presented better correlation and determination coefficients for the global
parameters, ρ=0.82 (global) and 0.63 (local). However, the picophytoplankton size
class was extremely poor for the global parameters, ρ = -0.19 (global) and 0.56
(local).

Table 5.2 - Diagnostic pigments analysis and PSC compared considering the in situ data
set. Mean absolute error (MAE), root-mean square error (RMSE) and bias for
the chlorophyll-a concentrations were calculated in log10 and then converted
back for the fractions it was estimated with log transformation. (a) Brewin et
al. (2010) and Devred et al. (2011) original parameters were used to estimate
the fractions and compared with the tuned estimations for this study data set;
(b) Brewin et al. (2010) and Devred et al. (2011) original parameters were used
to estimate the fractions and compared with the fractions estimated using Uitz
et al. (2006).(*) indicates p-value<0.01.

Variable ρ MAE RMSE Bias
This study (abundance) Cp 0.76* 1.23 1.31 1.02

Cm,n 0.94* 1.26 1.36 1.12
Fm,n 0.63* 0.09 0.02 0.02

This study (spectral) Cp 0.56* 1.49 1.61 0.73
Cm,n 0.63* 2.2 3.08 0.77
Fm,n 0.41* 0.2 0.04 0.04

Brewin et al. (2010)a Cp 0.63* 2.16 2.3 0.47
Cm,n 0.94* 1.63 1.76 1.62
Fm,n 0.67* 0.26 0.26 0.26

Devred et al. (2011)(NW)a Cp -0.19 8.65 12.07 0.12
Cm,n 0.82* 3.08 3.37 3.03
Fm,n 0.51* 0.43 0.43 0.43

Brewin et al. (2010) vs. UITZ b Cp 0.67* 2.18 2.34 0.46
Cm,n 0.87* 1.81 2.16 1.8
Fm,n 0.65* 0.29 0.28 0.28

Devred et al. (2011) (NW) vs. UITZb Cp -0.24 8.84 12.49 0.11
Cm,n 0.76* 3.39 3.95 3.33
Fm,n 0.49* 0.45 0.48 0.45

Considering the performance of the PSC models, the abundance approach presented
better statistics for the in situ validation for all the size-classes and fractions (Table
5.2, Figures 5.3 and 5.4). For the spectral approach, some stations fall in the lower
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threshold of 0.005 mg· m-3 (Figure 5.3 B). Both approaches underestimated the pico-
phytoplankton fraction in stations with algal blooms (Figure 5.3 A and C). However,
for the spectral approach as the maximum asymptotic chlorophyll-a concentration
and the slope are not directly used in the estimation it is possible to notice that
some values were slightly higher than Cp

max threshold (0.21 mg·m-3) (Figure 5.3 A),
implying that for the spectral approach the boundaries are less strict than for the
abundance approach.

The statistics for the proportional fractions of the PSCs were consistently poorer
than the Chla of each size class. For the spectral-based approach they were very
poor, which could be related the Chla estimation of the spectral-based approach. The
spectral approach Chla is estimated from the phytoplankton absorption coefficients,
for each size class. Comparing the measured Chla and the estimated Chla from the
spectral-based approach, the statistics were reasonable, with R2= 0.56, ρ= 0.75,
RMSE= 0.274mg·m-3 and MDP = 15%, but is a potential source of uncertainties
for the PSC estimations.

Considering that the abundance-based approach here was fitted and "validated" with
the same dataset (n=39, Chla average=0.520 , min=0.165, max=1.497mg · m-3),
except for the two stations with algal blooms that were removed from the fitting
dataset. The abundance approach has an advantage compared to the spectral-based
approach in the in situ comparison, which was fitted with an independent dataset
(n=80, with Chla average=0.480, min=0.131, max= 2.42mg · m-3), t-test and non-
parametric Wilcoxon text did not detect significant difference for the Chla of these
two subsets of Antares-Ubatuba station dataset. However, this must be highlighted
and the results considered with caution.
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Figure 5.3 - Scatter-plots of the chlorophyll-a concentration for each size class modelled
by the abundance and spectral-based approaches and in situ values.
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Bloom stations are represented as the purple triangles, the red squares are stations identi-
fied as outliers in the spectral-based model estimations for picophytoplankton (DEVRED et
al., 2011), the blue squares with a ’x’ are the stations in the threshold of the spectral-based
model. The diagonal dashed black line is the 1:1 reference, the dashed grey horizontal lines
are the threshold of the models, lower bound of 0.005 mg· m-3 in Figure B and upper bound
in 0.4 mg· m-3 in Figure C.

SOURCE: Author’s production.
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Figure 5.4 - Plots of the PSC determined using the abundance-based and spectral-based
models vs. the DPA (fractions of each size class varying from 0-1).
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SOURCE: Author’s production.

For the correlation analysis, Chla was negatively correlated with temperature. This
was also observed by Brewin et al. (2017) when the authors reported a ρ of -0.67,
which indicates that higher fractions of small cells are related to high tempera-
tures. Here this relation was not so pronounced (ρ=-0.35) but was significant (p-
value<0.05)(Table 5.3), indicating that temperature could be used to tune the mod-
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els as performed by Brewin et al. (2017) and Brewin et al. (2019). For residual
analysis, the micro and nanophytoplankton fraction was positively correlated to sil-
icate concentrations for the abundance approach, which could be explained by the
diatoms’ dependence on silicate. However, the n is too small for any robust conclu-
sion (n=10), and this pattern was not observed in the spectral approach. For the
other parameters, correlation were not significant .

Table 5.3 - Residuals analysis and correlation analysis of Chla with environmental vari-
ables.(*) is used to highlight p-value <0.05.

Fm,nspectral Fm,nabundance Chla
Variable ρ p-value n ρ p-value n ρ p-value n

Temperature -0.254 0.146 34 0.007 0.965 39 -0.35 0.029* 39
Salinity 0.317 0.088 30 0.228 0.195 34 0.17 0.336 34

Chla − a 0.178 0.313 34 0.024 0.884 39 - - -
acdom(440nm) 0.016 0.930 34 0.079 0.631 39 0.057 0.73 39

Silicate 0.525 0.119 10 0.638 0.047* 10 0.238 0.508 10
Phosphate 0.558 0.093 10 -0.222 0.538 10 0.119 0.744 10

5.3.2 Satellite application

5.3.2.1 Validation exercise and sensitivity analysis

The application of PSC models to satellite data is highly dependent on the reliability
of the retrievals of the input variables for the region. The number of match-ups
available for our study area was relatively low, 23 for Chla and 21 for phytoplankton
absorption coefficient, but it was still possible to perform a validation exercise, to
draw some conclusions on the reliability of the results for the area. The Pearson’s
correlation coefficient for all the variables were higher than 0.5 with p-value <0.001
(Table 5.4).

Chla was clearly overestimated by OCx (not shown) and GIOP-DC satellite re-
trieval (Figure 5.5), the determination coefficient was 0.61 and the bias was 2.28,
which indicates an overestimation of 128% . This could have higher impact in the
abundance-approach estimations of PSCs. The overestimation of Chla by NASA em-
pirical algorithms in the region have been reported by Giannini et al. (2013) using
in-water remote sensing reflectance in the southern part of the Brazilian continen-
tal shelf (<25°S). For the OC3M algorithm, the authors reported a mean absolute
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percentage difference of 58% and mean relative percentage difference of 35%, with
a determination coefficient of 0.78, with 137 samples. However, the overestimation
reported here was much higher.

The phytoplankton absorption coefficients presented better statistics for the wave-
lengths related to chlorophyll-a absorption peak at 412 nm (Table 5.4), with rela-
tively low bias (underestimation of 3%). The station with the highest value, indicated
with a red square in the Figure 5.6, was sampled on October 16th 2008, the in situ
data showed a low sea surface temperature of 22.1°C and salinity of 34.82 psu, the
in situ Chla was also above the average with 2.33 mg · m -3 (Figure 5.6). The SST
images for this date seem to present upwelling cells close to the sampling area, and
began 5 days previous to the sampling date (data not shown).

Table 5.4 - Statistical metrics for satellite-derived values and in situ measured for Chla
and aph(λ). Satellite-derived Chla and aph(λ) from MODIS GIOP-DC. Number
of match-ups (n), Pearson’s correlation coefficient (ρ), mean absolute error
(MAE), root-mean square error (RMSE), median percentage difference (MPD),
and bias. (*) indicates p-value<0.001 for the correlation.

Variable n ρ MAE RMSE MPD Bias
Chlacorr 23 0.78* 2.277 2.492 135.2% 2.277
aph(412) 21 0.70* 1.294 1.411 18% 0.968
aph(443) 21 0.71* 1.31 1.442 24.5% 1.186
aph(469) 21 0.69* 1.406 1.56 33.8% 1.344
aph(488) 21 0.67* 1.492 1.656 45.9% 1.445
aph(531) 21 0.65* 1.411 1.606 22.6% 1.226
aph(547) 21 0.62* 1.436 1.612 23.5% 1.078
aph(555) 21 0.60* 1.462 1.631 28.3% 1.04
aph(645) 21 0.65* 1.553 1.835 31% 1.526
aph(667) 21 0.70* 1.644 1.919 49% 1.632
aph(678) 21 0.70* 1.572 1.866 41.9% 1.543
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Figure 5.5 - Scatterplot of Chla for MODIS GIOP estimations and in situ measurements.

The in situ chlorophyll-a concentrations were obtained from HPLC and fluorometry. The
fluorometry results were corrected to match HPLC TChla (see Appendix ). The dashed
black line is the 1:1 line.

SOURCE: Author’s production.
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Figure 5.6 - Scatterplots of the phytoplankton absorption coefficient with MODIS GIOP-
DC estimations.
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Dashed black line is the 1:1 line. The red square indicates the sample on October 14th of
2008, this seems to be related to a high biomass condition and overestimated for satellite
estimations, mainly in longer wavelengths.

SOURCE: Author’s production.
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Considering the correlation between the Chla and the phytoplankton absorption, as
described in Bricaud et al. (1998), the measured in situ presented reasonable results
with a coefficient of determination of 0.69 (Figure 5.7), lower than the reported for
Case-1 waters (R2>0.9 see Bricaud et al. (1998)). For the satellite retrievals it is
possible to observe that by using the GIOP retrieval this condition is maintained
(Figure 5.7B), resulting in a high coefficient of determination (R2=0.97). This is not
observed when comparing the the OCx estimations for chlorophyll-a (not shown).
The GIOP-DC uses the OCx and Bricaud et al. (1998) as an initial guess for the phy-
toplankton absorption coefficients aph(λ), but after getting the final aph(λ) estimates
the new Chla.

Figure 5.7 - Regression between phytoplankton absorption coefficient at 443nm and Chla:
(A) in situ measurements, (B) MODIS-Aqua estimations (GIOP-DC for Chla
and phytoplankton absorption coefficient).
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Dashed red line is the predicted following the function of aph(λ) = A · CB with estimated
parameters by fitting the equation, as described in Bricaud et al. (1998). The dotted blue
line is the Bricaud et al. (1998) curve, with the parameters at 443 nm (A=0.0371 and
B=0.6145).(A) the regression to in situ data at 443 nm had as parameters A=0.0532 and
B=0.5774 (n = 116, ρ = 0.83, p-value<0.001) and (B) the regression to satellite retrievals
to the time-series returned the parameters A= 0.0394 and B=0.7274 (n = 1112, ρ = 0.98,
p-value<0.001).

SOURCE: Author’s production.

Considering the reliability of the IOPs derived from the semi-analytic model (GIOP-
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DC), except for adg, the aph and the bbp seems to be closely related to Chla. The
correlation coefficients at 443 nm wavelength were -0.13, 0.60, and 0.98, for adg, aph

and bbp (in log10 space), respectively all with p-value<0.001, considering the median
values and applying the correlation of Pearson to all the data available in the time-
series, the Figures 5.8A and B illustrates this for part of the data. The in situ
Pearson correlation coefficient for acdom was also negative -0.05, but not significant
(p-value>0.01). The aph followed the function described in Bricaud et al. (1998)
(Figure 5.7B), as described in the previous paragraph. For adg it is possible to spot
retrievals which presented high Chla and low adg (Figure 5.8C), and also the opposite
(i.e., low Chla and high adg) which may be related to the conditions observed in the
region, where CDOM is likely to vary independently from Chla (CARVALHO et al.,
2014), due to inputs from nearby coastal runoffs or from other sources, such as the
La Plata River plume (PIOLA et al., 2008) during the austral winter. High CDOM
concentrations could be related to the overestimated satellite retrievals of Chla and
with the poor results in the validation exercise (Table 5.4).
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Figure 5.8 - Reflectance and IOPs spectrum from MODIS estimated using GIOP-DC.

(A) phytoplankton absorption coefficient, (B) particulate backscattering coefficient, (C)
non-algal particulate and coloured dissolved organic matter absorption coefficient, and (D)
remote sensing reflectance.

SOURCE: Author’s production.

The satellite-retrievals from spectral-based approach Chla and the in situ Chla were
compared to check if the values retrieved were overestimated for satellite data, as the
OCx and GIOP-DC. Larger difference could affect the comparison between the PSCs
fractions. The Chla estimated by the spectral-based approach had poor performance
(R2=0.39, ρ=0.62, RMSE=0.614 mg ·m-3, MPD=42%), and also overestimated the
Chla compared to the in situ values. However, the overestimation was not so pro-
nounced as the GIOP-DC, which presented a MPD of 135%.

The match-ups considering the in situ phytoplankton pigments analysis presented
a low number (n=7), but still, some conclusions can be drawn from these data.
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The Pearson’s correlation coefficients were not significant (p-value>0.05) and did
not present strong correlation (ρ<0.5) for both models and size classes (Table 5.5).
The errors and the bias indicated that for the spectral based approach the picophy-
toplankton presented a underestimation of around 20%, and an overestimation of
170% for the nano and microphytoplankton. This was also observed for the abun-
dance based, presenting an overestiamtion of all size classes, of 38% for pico and
250% for nano and microphytoplankton, which is related to the overestimation ob-
served in the GIOP-DC estimation of Chla.

Taking into account this overestimation of the Chla observed for the GIOP esti-
mations. We tested the effect on the PSC estimations of an empirical correction,
presented in the Equation 5.9. This correction improved the statistic of the size
classes, presenting a reasonable reduction of the bias, with underestimations of 2%
and 1.5%, respectively for picophytoplankton and nano and microphytoplankton
(Table 5.5).

ChlOCx <corrected> = 10(−0.3458 + 0.6069 · log10(ChlOCx)) (5.9)
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Figure 5.9 - Validation exercise for the chlorophyll-a fractions for the PSCs models, includ-
ing the error bars resulted from the sensitivity analysis. The in situ values
were derived from DPA analysis.
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The error bars were estimated with the ± 30% of the Chla and phytoplankton absorption
coefficient used as input. A and B represent the estimations for the spectral-based approach
(aph(λ)) and C and D represent the estimation for the abundance-based approach (Chla)
the black dots are the estimated values for the Chla estimated by GIOP and the red dots
are the values corrected for the overestimation observed in the GIOP.

SOURCE: Author’s production.

113



Table 5.5 - Statistics of the validation exercise for the PSC chlorophyll-a, considering
MODIS estimated PSCs chlorophyll-a and PSC estimated by DPA. The cor-
relation coefficient and the p-value were calculated in the log10 − space. The
statistics for the corrected Chla for the abundance-based approach were also
included.

Variable n ρ RMSE MAE Bias
Cp spectral 7 0.06 1.657 1.603 0.771
Cm,n spectral 7 0.248 3.566 2.703 2.703
Cp abundance 7 0.146 1.605 1.51 1.385
Cm,n abundance 7 0.268 4.549 3.506 3.506
Cp abundance (corrected) 7 0.144 1.432 1.334 0.979
Cm,n abundance (corrected) 7 0.255 2.161 1.914 0.985

5.3.2.2 Satellite time series analysis

Analysing these results from a time-series perspective (using monthly averages), it
is possible to observe that the spectral-based approach presented higher micro and
nanophytoplankton fractions, ranging from 70% to 90%. The abundance approach
presented a broader range from 32% to 86%, varying in a similar pattern with Chla
(Figure 5.10A and B). The estimations for the abundance approach with the cor-
rected Chla (Figure 5.10A, solid dark purple line) presented a more restrictive range
from 34% to 63% but presented lower fractions of the micro and nanophytoplankton.
It seems that the micro and nanophytoplankton size fractions were out-of-phase with
SST. Cross-correlation analysis between the SST and PSCs fractions showed a neg-
ative correlation with lag=0, and a positive correlation within lag of 5-8 months. A
Pearsons’s correlation test presented negative coefficients for the spectral and abun-
dance based models with significance results (p-value<0.01), ρ = -0.57 and -0.25,
respectively for spectral and abundance-based approaches. It is worth mentioning
that both models performed poorly for the satellite-retrieval of the fractions of the
PSC (data not shown), but we opted to keep the fractions in the time series and the
monthly average images because they are easier to interpret in a single image than
the Chla for each size class, and the variability would be similar to the Chla of the
PSCs.

Chla presented high peaks during the winter months, for some years, e.g., 2015
to 2020, but in some years this was not observed, such as for 2012 to 2014, in
which it seems to present higher Chla throughout the year (Figure 5.10B). The
correlation test and the lag cross-correlation presented negative correlation between
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Chla and SST (ρ=-0.57, p-value<0.01). A seasonality pattern was not clear for the
phytoplankton absorption coefficient at 443. There were peaks throughout the years
but they were not consistent with the seasons. Some abrupt changes were noticed
at the end of 2013, middle of 2005, 2009, 2016 and 2017 which could be related
to algal bloom events (Figure 5.10C). The correlation test showed weak and not-
significant correlation at 443nm, but negative and significant at 645nm (ρ=-0.17,
p-value<0.05). The high peaks at the phytoplankton absorption coefficient could
also be related to the overestimation driven by the increase in CDOM absorption.

CDOM and detritus absorption coefficient presented a clear seasonal pattern, with
peaks usually during the winter-spring seasons (July to October) (Figure 5.10C),
which could be related to cold water coming from the southern region (PIOLA et al.,
2008), supported by the sea surface temperature time series. The cross-correlation
and correlation test presented significant negative correlation for SST and adg(443)
(ρ=-0.55, p-value<0.01), the cross-correlation presented positive correlation with a
lag of 6 months. This was also observed for the particulate backscattering coefficient
at 443nm (ρ=-0.52, p-value<0.01), also presenting positive correlation with a lag
of 6 months (Figure 5.10E). In this study, due to the lack of in situ backscattering
coefficient, it was not possible to validate the GIOP-DC results.
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Figure 5.10 - Time-series of monthly averages of satellite estimations micro and nanophy-
toplankton fractions, chlorophyll-a concentration, the inherent optical prop-
erties derived from GIOP-DC, and sea surface temperature, plotted with all
the other variables in dashed purple line.
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Sea surface temperature (SST) is plotted as the secondary y-axis in all the plots in dashed
purple line. (A) Phytoplankton fractions of micro and nano-size, the solid orange line
for the abundance-based approach (BREWIN et al., 2010), the solid dark purple line for
the abundance-based approach with the corrected Chla as input, and the solid black line
for spectral-based approach (DEVRED et al., 2011), (B) Chlorophyll-a OCx in light-green
and from GIOP-DC in dark green (no-correction applied), (C) Phytoplankton absorption
coefficient at 443nm, (D) Non-algal particulate and coloured dissolved organic matter
absorption coefficient, and (E) Particulate backscattering coefficient.

SOURCE: Author’s production.
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Monthly average maps for the micro and nanophytoplankton fractions for the South
Brazil Bight show that areas closer to the coast present higher fractions of micro
and nanophytoplankton. For the Antares-Ubatuba station this fraction was usually
higher than 50% (for the abundance approach) and higher than 70% for the spec-
tral approach. From June to August it is possible to notice an expansion of micro
and nanophytoplankton fractions further on the continental shelf, with a gradual
retraction of its domain to a minimum area during January (Figure 5.11). A similar
pattern is observed in the spectral approach, but for this approach, the domain of
micro and nanophytoplankton seems to extend further to the offshore, which could
indicate a problem in the fitting of the model to these areas, especially in the autumn
and winter months (May to September) (Figure 5.12).

For sea surface temperature the seasonal variability is noticeable with high tempera-
tures during the austral summer (December to March), and low temperatures during
the austral winter (June to September). Some upwelling events could be masked by
the monthly time averaging. High temperatures dominate the area during the aus-
tral summer months (December to March), when it is possible to spot the cold water
near the coast of Cape Frio, in the north area of the map, indicating the upwelling
domain (5.13 images from January and February). In the austral autumn and win-
ter months (May to September) the cold water starts expanding the domain in the
continental shelf coming from the South.
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Figure 5.11 - Micro and nanophytoplankton fraction from the abundance approach
(BREWIN et al., 2010) (non-correction applied to Chla from GIOP-DC),
monthly averages for 2002-2020.

SOURCE: Author’s production.

Figure 5.12 - Micro and nanophytoplankton fraction, monthly averages the spectral ap-
proach (DEVRED et al., 2011) for 2002-2020.

SOURCE: Author’s production.
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Figure 5.13 - Sea surface temperature averages for 2002-2020.

SOURCE: Author’s production.

5.4 Discussion

5.4.1 PSC Models performances and satellite application

Few studies focused on the evaluation of PSC models in coastal and productive
shelf waters. Liu et al. (2018) reported that the picophytoplankton fraction pre-
sented a poor performance for all the models tested in the northwest Atlantic.
The authors suggested that it could be related to the under-representation of pico-
dominated samples in productive waters. However, this is not necessarily the case
in the Antares-Ubatuba region, which does have an important fraction of picophy-
toplankton, as discussed in the previous Chapter 4, but a low variability in the
fractions sampled in the time series could be a drawback for the model fitting.

Regarding the spectral-based approach, the selection of an appropriate semi-
analytical model used to retrieve the phytoplankton absorption, as discussed by
Brewin et al. (2010) could have an impact on the results of the PSC model. The
GIOP-DC, selected in this study, uses the Bricaud et al. (1998) model to estimate an
initial phytoplankton absorption from Chla. According to the discussion presented
in Brewin et al. (2010), estimations of the phytoplankton absorption which make
assumptions on the shape of the phytoplankton absorption spectrum would not be
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appropriate. However, using the Quasi-Analytic Algorithm (QAA) model, as sug-
gested by the authors, which allows more flexible assumptions the phytoplankton
absorption spectrum (LEE et al., 2002), resulting in a failure of the estimations in
the wavelengths around 665 nm. Here, we opted to use the GIOP-DC.

Liu et al. (2018) found that the Devred et al. (2011) model applied as an abundance-
based approach performed better when compared to other models considering the
accuracy of all the size classes retrieved. However, it could be related to low accu-
racy in the aph(λ) satellite retrievals. The authors also discussed the uncertainties of
satellite retrieved aph(λ) to the model’s estimations. More specifically, they found an
underestimation of aph(λ) in the three wavelengths analysed, i.e., 443, 490 and 555
nm. These models would benefit from a regionally tuned semi-analytical model to
retrieve IOPs and also a locally tuned Chla model to reduce the effect of overestima-
tion of chlorophyll common in optically complex waters (DEFOIN-PLATEL; CHAMI,
2007). The use of regional tuned models to satellite-derived Chla was successfully
adopted in other regions, improving their results (LIU et al., 2021; GITTINGS et al.,
2019; SUN et al., 2019).

Our results presented a better performance for the abundance-based approach for
the in situ "validation". However, this result must be interpreted with caution, as
previously warned in the results section, because the validation of the abundance
approach was performed with the same data set of the fitting. Thus, this apparently
better performance could be related to the non-independence of the dataset used
in the fitting and in the "validation". This was not the case for the spectral-based
approach, validated with a different subset of the Antares-Ubatuba station dataset.
The application of a correction to the input Chla in the satellite validation exercise
reduced the uncertainties in the PSC estimations. This is a good indication that the
use of a local algorithm for Chla could improve the PSC estimations.

The drawback of using the phytoplankton absorption coefficient is that it is also
carrying uncertainties into the model since its estimation depends on the perfor-
mance of semi-analytical models to retrieve bio-optical parameters from satellite
reflectance, which is still a challenge, especially for coastal waters. However, the es-
timation relying only on Chla may not be able to capture more subtle changes in
the phytoplankton communities and it is more sensitive to satellite-retrieved Chla
overestimation, as indicated by the sensitivity analysis performed in this study.
The abundance approach is more sensitive to Chla uncertainties than the spectral-
based approach to uncertainties in phytoplankton absorption coefficient, and also
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this variability is more consistent through different size classes. In contrast, the
abundance-based approach presented a higher difference in the estimation for the
micro and nanophytoplankton fraction. However, the sensitivity analysis adopted
here for the spectral-based approach used a fixed percentage for all wavelengths,
arguably a more appropriate approach for the analysis of spectral data is applying
a wavelength-dependent uncertainty.

Abundance-based models are limited by the assumption that the relation between
abundance (Chla) and the phytoplankton size classes is "constant" or stable, and
does not account for changes in this relation. On the other hand, the spectral models
do not rely on this dependence and would be able to reflect changes in the phyto-
plankton communities in a climate change scenario. Despite the performance slightly
worse than the abundance-based approach for in situ validation in this study, the
spectral-based approach could be potentially better using hyperspectral data to de-
rive aph(λ) and the PSCs as shown by Zhang et al. (2021), when evaluating the use of
hyperspectral data to retrieval phytoplankton pigments from aph(λ). The spectral-
based approach is still more time-consuming and computationally costing than the
abundance-based approach, which is not a problem for modern computers. Apply-
ing a sensitivity analysis to find the ideal number of wavelengths to its application
could reduce the computational cost and improve quality of the results, especially for
its application in hyperspectral sensors, such as the PRecursore IperSpettrale della
Missione Applicativa (PRISMA) and Ocean color Instrument (OCI) from Plankton,
Aerosol, cloud and Ecosystem (PACE) mission.

5.4.2 Spatial-temporal seasonality

The pattern observed for the monthly average fraction of micro and nanophyto-
plankton using the abundance-based approach, presented a clear increase in the
proportion of this size class near the coast, during the austral autumn and winter
months (Figure 5.11). This pattern is likely enhanced in some years, which could be
captured by the multi-annual monthly average image but not so clearly captured in
the time series. However, this result must be interpreted with caution, as this model
was re-tuned considering only one coastal station, the model may not respond well
out of the range of the area where it was adjusted to. The same caution is valid for
the spectral-based approach.

Some interesting patterns were observed considering the time series. Micro and
nanophytoplankton fraction seems to be out-of-phase with SST (Figure 5.10A).
Even though it is not so clear as the adg(λ), it is possible to see an overall pattern.
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It could indicate that SST could be a good variable to improve PSCs estimations in
the region, which was also indicated by the residuals analysis (Table 5.3). However,
other variables should also be investigated, such as mixed layer depth and wind
stress, especially due to the complex dynamics of the region, with the occurrence of
upwellings, meanders and eddies (CASTRO, 2014).

Considering the large difference in the fractions estimated by the abundance and the
spectral-based approaches, the abundance-based approach presented fractions that
are more close to the fractions estimated in the Chapter 4, with higher proportions
of nano and microphytoplankton but in some conditions the picophytoplankton do-
main. The spectral-based approach, presented proportions much higher for the micro
and nanophytoplankton than that indicated by the Chapter 4 (Figure 4.12, the pi-
cophytoplankton represented more than 33% in most many of the in situ samples).
Thus, the variability may be similar, but the values of the proportions must be
further studied.

The particle backscattering and the CDOM and detritus absorption coefficients are
also out-of-phase with the sea surface temperature (Figure 5.10 D and E). This is
particularly interesting considering the possible sources of particulate matter and
CDOM in the region. Gonçalves-Araujo et al. (2019) studied the absorption coef-
ficients of CDOM and particulate matter in different waters masses in the SBB,
from near the coast to offshore areas, and showed a difference in the optically active
components in the Coastal Water (CW) and the Tropical Water (TW) (as discussed
in the Chapter 4). The CW was dominated by particulate matter and CDOM, but
the authors observed a good correlation between CDOM and Chla, indicating an
autochthonous production of CDOM. However, their results were based on the data
from a unique cruise during the austral summer, from 25th to 30th of January, 2013.
It means they were not able to observe the high-CDOM and low-temperature con-
ditions, present during the austral winter in the region (GONÇALVES-ARAUJO et al.,
2019). This must be further investigated to understand the dynamics of those com-
ponents in the area, with in situ validation for those components. Indeed, there is a
project underway in the SBB region ("Chemical and Biological Characterization of
the Pelagic System of the Santos Basin"), whose data may be used in complementary
analyses, in due course.

5.5 Conclusion and final remarks

The evaluation of PSC models for this subtropical area showed that despite the less
computational costing of applying an abundance-based model and the relatively
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better statistics of the retrievals than the spectral-based model, its uncertainties are
more variable, and it is constrained by the conditions in which the fitting data set
was sampled. The in situ validation presented better performance than the satel-
lite retrieval validation exercise, indicating that uncertainties in the satellite-derived
input variables may propagate to higher levels of uncertainties for the derived phy-
toplankton size fractions and associated chlorophyll concentrations. Moreover, the
satellite-derived Chla used for the abundance-based PSC models, is more subject
to uncertainties in coastal waters, with external sources of CDOM and non-algal
particulate matter. Thus, if the goal is to evaluate changes in the phytoplankton as-
semblage, it could be recommended to invest in the spectral-based approach, which
with the perspective of availability of hyperspectral data from new ocean color re-
mote sensing missions (e.g., PRISMA and PACE) would allow selecting the most
suitable wavelengths to estimate the PSCs, reducing the computational-cost of this
approach.

The PSC fractions were different for both methods indicating that differences in
the applied model will certainly change the estimations (and the conclusions) of
the studies. The seasonality of the PSCs in the SBB showed an overall pattern
to be out of phase with the SST seasonality (i.e., when the SST is low the micro
and nano fraction is high), similar to Chla, which is also observed in the structure
of the micro and nanophytoplankton dominance in the continental shelf extension.
This finding highlight the suitability of using SST for future improvements in the
regional tuning of the PSC model. On the other hand, the use of one coastal station
to characterize the seasonality of the entire SBB seems to be inadequate for the
extension of the area, thus further studies to validate and improve PSC models in
the SBB are required.
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6 FINAL REMARKS

"Only with good sea truth data can
we have confidence in the climate
products generated using the
algorithms."

Sathyendranath et al. (2017)

There are many aspects that could be enhanced to retrieve phytoplankton size classes
from satellite imagery for optically-complex waters. In the remote sensing realm, we
can list: (i) atmosphere correction, (ii) semi-analytical and empirical ocean colour
models, (iii) phytoplankton size class models, (iv) sensor resolution (spatial, tem-
poral and spectral), and (v) sensors able to measure different physical properties
of the water/atmosphere interface. In the in situ realm, considering the data used
to validate and adjust the PSC models, the most important aspects are: (i) tech-
nique(s) used to quantify and identify the PSC, (ii) seasonality of the PSCs in the
area, (iii) physical aspects that are potentially driving the PSC distribution which
could be used to improve the PSC models, and (iv) optical aspects of the water
being studied.

Most of these aspects were not the focus of this study, instead, we were able to focus
on only two PSC models. But our findings highlighted the importance of using
different techniques for the in situ quantification of PSCs, and the aspects of each
PSC model considered. Coastal waters have unique pigment compositions which
characterize the phytoplankton assemblages and thus require regional tuning for
PSCs obtained from DPA and RS models. Regarding these last, the abundance-based
approach can derive reasonable estimates if the input variable has low uncertainty
(Chla), which is not always the case for optically-complex waters. Moreover, once
tuned, this approach does not allow changes in the relation between Chla and PSCs,
which can occur in a changing environment. The spectral based approach, on the
other hand, can provide PSC estimates in more optically-complex waters, provided
with the phytoplankton absorption coefficient, and is more flexible in the Chla -
PSCs relations.However, this approach is also influenced by spectral uncertainties
which can lead to higher uncertainties in the retrieved parameters. SST can be an
important parameter determining this relation, both globally and locally, at the
Ubatuba coastal site, and could be further used to improve the PSC estimates by
RS models, which need to be further tested.
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The ANTARES-Ubatuba coastal station is part of a complex system with differ-
ent meteo-oceanographic processes governing the phytoplankton assemblages and
size classes i.e., with the influence of coastal upwelling during spring-summer and
wind-induced mixing and coastal currents transporting rich waters from continental
sources in autumn-winter. This work contributes to the indication of challenges and
requirements of PSC models applied to coastal waters and for the understanding of
phytoplankton assemblages and PSCs at a coastal site at the South Brazil Bight.
To the best of our knowledge, this is the first work to evaluate these types of space-
borne PSC models in the coastal waters of the South Brazil Bight, using a relatively
long time series.

Future perspectives of PSC investigations should invest in autonomous sampling
platforms such as Biogeochemical Argo (BGC-Argo) Floats (REMBAUVILLE et al.,
2017) and in algorithms able to fully explore the potential of the sensors with hy-
perspectral resolution. Ocean and atmosphere dedicated hyperspectral satellite mis-
sions, such as PACE are expected to play an important role in the improvement of
PSC estimates from space, especially at optically-complex waters, taking advantage
of improved atmospheric correction and retrieval of Chla and IOPs.

Our results are a first step in the investigation of PSC algorithms in the ANTARES-
Ubatuba station. As mentioned earlier, many other directions could have been taken
in this investigation, such as focusing on the atmospheric correction performance
and its influence on the models’ performances, or on the selection of the best semi-
analytical models for the SBB waters, or on the evaluation of all available PSC and
PFT models. However, all these possible approaches would face similar challenges,
i.e., the quantity, frequency, types, and quality of in situ data available and the
scarcity of match-ups for validation. For this reason, as highlighted by Sathyen-
dranath et al. (2017), it is extremely important to maintain and build on the in situ
datasets and improve the sampling methods for evaluating the performance of the
satellite sensors and products. Thus, the effort to keep long-term in situ sampling, is
essential for climate change products and satellite sensors validation, which will im-
prove the ability to assess the ocean-colour products and built reliable information
for stakeholders.
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APPENDIX A - REGRESSION OF CHLOROPHYLL-a BY FLUO-
ROMETRY AND HPLC FOR CHAPTER 5

In order to obtain the chlorophyll-a estimated by a fluorometric method which would
meet the concentrations estimated by HPLC, we did a regression in the log10space

between the chlorophyll-a measured by fluorometry and the total chlorophyll-a mea-
sured by HPLC. And using the regression parameters, we corrected the chlorophyll-a
by fluorometry. It is possible to observe in Figure A.1, that the fluorometric method
is consistently larger than the HPLC values in Antares-Ubatuba station. When this
regression was performed not all the analysis used in the study were finished, since it
was in an intermediary moment. As these parameters were the ones used on the cor-
rection of the fluorometry Chla they were reported as used. A regression including
the remaining data presented similar results (n=41, R2=0.87, a=-0.207, b=0.886).

Figure A.1 - Regression analysis applied to correct the chlorophyll-a measured by fluo-
rometry to meet the total chlorophyll-a measured by HPLC.
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