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ⅦI 

RESUMO 

Devido à sua complexidade, o fitoplâncton é frequentemente classificado em Grupos 

Funcionais de Fitoplâncton (PFTs), facilitando a compreensão de seu papel na regulação 

climática, nos ciclos biogeoquímicos e nas teias tróficas. Diversos métodos permitem 

determinar a composição fitoplanctônica, com destaque para o uso de dados ópticos da 

cor do oceano. Esta pesquisa teve como objetivo empregar a reflectância 

hiperespectral in situ para propor modelos capazes de discriminar PFTs em uma região 

costeira de águas opticamente complexas, visando suas aplicações em dados derivados 

de satélite. Para tanto, foram realizados cruzeiros científicos com coleta simultânea de 

amostras para análise de pigmentos fitoplanctônicos e de reflectância hiperespectral de 

superfície. Modelos de PFTs baseados em grupos quimiotaxonômicos foram 

desenvolvidos utilizando funções ortogonais empíricas (EOF) e modelos lineares 

generalizados (GLM). O desempenho dos modelos foi avaliado por validação cruzada, 

cujos resultados indicaram estimativas bem-sucedidas para clorofila-a total (TChla) e 

para cinco grupos funcionais (diatomáceas, criptófitas, dinoflagelados, haptófitas e 

prasinófitas). Já para as classes de cianobactérias (Prochlorococcus e Synechococcus), o 

desempenho foi moderado e insatisfatório, respectivamente. Em um primeiro exercício 

de aplicação dos modelos a uma imagem do sensor OCI/PACE, observaram-se padrões 

espaciais dos PFTs consistentes com um gradiente costa-oceano, com dominância de 

diatomáceas em regiões costeiras eutróficas e de cianobactérias em águas oceânicas 

oligotróficas. Esses resultados fornecem evidência inicial de que os modelos propostos 

podem ser aplicados com confiabilidade a produtos de sensoriamento remoto, embora 

uma validação extensiva com dados independentes ainda seja necessária. Em síntese, 

este estudo representa um avanço significativo na estimativa remota de tipos funcionais 

de fitoplâncton, ao mesmo tempo que identifica claramente os desafios a serem 

superados para futuras aplicações operacionais. 

Palavras-Chave: Sensoriamento Remoto; Cor do Oceano; Águas de Caso 2; 

HPLC/CHEMTAX; OCI/PACE. 
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ABSTRACT 

Due to its complexity, phytoplankton is frequently classified into Phytoplankton 

Functional Types (PFTs), facilitating the understanding of their role in climate 

regulation, biogeochemical cycles, and trophic webs. Several methods allow the 

determination of phytoplankton composition, with emphasis on the use of ocean color 

optical data. This research aimed to employ in situ hyperspectral reflectance to propose 

models capable of discriminating PFTs in a coastal region with optically complex 

waters, aiming at their application to satellite data. To this end, scientific cruises were 

conducted with simultaneous collection of samples for pigment analysis and surface 

hyperspectral reflectance. PFT models based on chemotaxonomic groups were 

developed using Empirical Orthogonal Functions (EOF) and Generalized Linear Models 

(GLM). Model performance was assessed through cross-validation, whose results 

indicated successful estimates for total chlorophyll-a (TChla) and for five functional 

groups (diatoms, cryptophytes, dinoflagellates, haptophytes, and prasinophytes). For the 

cyanobacteria classes (Prochlorococcus and Synechococcus), performance was 

moderate and unsatisfactory, respectively. In a first exercise applying the models to an 

image from the OCI/PACE sensor, spatial patterns of PFTs consistent with a coast-ocean 

gradient were observed, with dominance of diatoms in eutrophic coastal regions and 

cyanobacteria in oligotrophic oceanic waters. These results provide initial evidence that 

the proposed models can be reliably applied to remote sensing products, although 

extensive validation with independent data is still needed. In summary, this study 

represents a significant advance in the remote estimation of phytoplankton functional 

types, while clearly outlining the challenges to be overcome for more reliable 

operational applications. 

Keywords: Remote Sensing; Ocean Color; Case-2 Waters; HPLC/CHEMTAX; 

OCI/PACE. 
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PREFÁCIO 

O autor dessa dissertação tem uma forte ligação com o sensoriamento remoto, tendo 

essa área do conhecimento sido parte do seu processo de formação como técnico em 

geoprocessamento e oceanólogo. Desde os primeiros momentos na universidade, ao 

envolver-se em projetos relacionados a cianobactérias e ao fitoplâncton de forma geral, 

esses micro-organismos fotossintetizantes tornaram-se parte central de sua trajetória 

acadêmica. Nesse contexto, surgiram questionamentos sobre como integrar essas duas 

áreas do conhecimento, cuja convergência foi encontrada na bio-óptica marinha. 

Inicialmente voltado à análise da biomassa fitoplanctônica, o interesse evoluiu para a 

discriminação de grupos funcionais de fitoplâncton (PFTs) no espaço, tema que passou 

a constituir uma questão central desta pesquisa.   

Nesse sentido, a presente dissertação foi desenvolvida com o objetivo de contribuir para 

os estudos de PFTs a partir de estimativas de concentração derivadas de técnicas de 

sensoriamento remoto da cor do oceano. Desde a década de 1990, diversos grupos de 

pesquisa têm investigado a possibilidade de estimar PFTs a partir de observações 

espaciais. Os primeiros estudos evidenciaram limitações tecnológicas, especialmente 

relacionadas à resolução espectral dos sensores disponíveis à época. Nas décadas de 

2010 e 2020, com lançamentos de sensores multiespectrais com mais bandas (eg. 

OLCI/Sentinel-3) e sensores hiperespectrais (eg. OCI/PACE), novos estudos e 

abordagens surgiram para a estimativa de PFTs, ampliando as possibilidades de 

investigação, de forma a desbravar essa nova fronteira do conhecimento. 

Mas o conhecimento não se constrói sozinho, ele se apoia nas descobertas dos que nos 

antecederam. A pesquisa é um exercício contínuo, marcado por acertos e falhas, com 

uma única constante: nada é estático, tudo está em permanente transformação. Sob essa 

óptica, essa dissertação está dividida em quatro capítulos: (1) o primeiro de caráter 

introdutório, apresentando aspectos relacionados ao fitoplâncton e a bio-óptica marinha; 

(2) o segundo, onde são traçados os objetivos dessa dissertação de mestrado; (3) o 

terceiro, onde é proposto um artigo científico intitulado “EOF‐based Hyperspectral 

Model to retrieve Phytoplankton Functional Types on Coastal Waters”; e (4) o último, 

onde são apresentadas as considerações finais deste trabalho. 
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     CAPÍTULO 1: INTRODUÇÃO 

1.​ DIVERSIDADE DO FITOPLÂNCTON MARINHO 

O fitoplâncton, grupo extremamente diverso e complexo de micro-organismos 

fotossintetizantes aquáticos, desempenha um papel ecológico intrínseco aos ambientes, 

tanto do ponto de vista biológico quanto do ponto de vista geoquímico (Field et al., 

1998; Salmaso et al., 2015). Apesar de representar cerca de 2% da biomassa 

fotossintética da Terra, esse grupo é responsável por cerca de 50% da produção primária 

líquida global (Field et al., 1998), atuando como base da teia trófica dos ambientes 

aquáticos e sendo a principal fonte de matéria e energia desses ambientes (Falkowski, 

1994; Rousseaux & Gregg, 2015; Henson et al., 2021).  

Além disso, o fitoplâncton tem papel crucial na regulação do clima e nos ciclos 

biogeoquímicos, estando diretamente associado com a absorção, fixação e soterramento 

de carbono, com a produção global de oxigênio, e com o afundamento e a ciclagem de 

nutrientes (Winder & Sommer, 2012). Adicionalmente, diferentes tipos de fitoplâncton 

também influenciam a bioecologia local, afetando a dinâmica de zooplâncton, peixes e 

mamíferos, como sugerido por Cury et al. (2008) no ecossistema de Benguela, onde o 

predomínio de flagelados favorece o crescimento de sardinhas, enquanto o predomínio 

de diatomáceas beneficia a anchoveta. 

Sabe-se que o grupo em questão está presente em dois dos três domínios da vida, 

Bacteria e Eukarya (Blankenship, 2002; Simon et al., 2009), representados por uma 

ampla variedade de linhagens evolutivas dos principais clados da árvore da vida, que 

adquiriram a fotossíntese através do processo de endossimbiose (Simon et al., 2009; 

Johnson & Martiny, 2015). De maneira geral, apesar de décadas de estudos focados na 

diversidade do fitoplâncton marinho, o conhecimento sobre sua real diversidade e 

riqueza de espécies permaneceu por muito tempo limitado (Simon et al., 2009; Guiry, 

2012).  

As primeiras iniciativas mais robustas, com base em dados taxonômicos e morfológicos 

clássicos, estimaram a existência de 3.444 a 4.375 espécies de fitoplâncton marinho 

(Sournia et al., 1991). No entanto, análises moleculares em escala global, como as 
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realizadas pela expedição Tara Oceans, revelaram que o número de espécies 

morfologicamente descritas pode ser apenas uma fração da diversidade real (Ibarbalz et 

al., 2019). Para as linhagens eucarióticas, como diatomáceas, dinoflagelados e 

haptófitas, a diversidade ribossômica detectada foi tipicamente de três a oito vezes 

superior ao número de morfoespécies descritas, indicando a existência de linhagens 

ainda não cultivadas ou descritas dentro da comunidade planctônica (de Vargas et al., 

2015; Ibarbalz et al., 2019). 

Em uma escala global, a distribuição, a diversidade e a composição das comunidades 

fitoplanctônicas é marcada por forte regionalização, com diferentes grupos taxonômicos 

ocupando nichos ambientais distintos (Flombaum et al., 2013; Dutkiewicz et al., 2020; 

Li et al., 2023). Essa heterogeneidade espacial reflete uma combinação de fatores 

ambientais e biológicos, incluindo a disponibilidade e a razão de nutrientes, a 

temperatura, a intensidade luminosa e a ação da pastagem seletiva, que atuam de forma 

integrada na estruturação das comunidades (Striebel et al., 2012; Lehtinen et al., 2017; 

Dutkiewicz et al., 2020). As diatomáceas, por exemplo, dominam altas latitudes, mares 

marginais e zonas de ressurgência costeira, onde concentrações mais elevadas de nitrato 

e silicato e processos de mistura mais intensos da coluna d’água favorecem seu 

crescimento e diversidade (Dutkiewicz et al., 2020; Li et al., 2023). Em contrapartida, 

as cianobactérias, dos gêneros Prochlorococcus e Synechococcus, dominam em regiões 

mais oligotróficas, especialmente nos giros tropicais e subtropicais, e têm suas menores 

concentrações em latitudes mais altas (Flombaum et al., 2013). 

Nesse sentido, os organismos do fitoplâncton apresentam uma natureza bastante diversa, 

do ponto de vista taxonômico, morfológico e fisiológico. Isso implica em diferenças 

significativas de morfologias celulares, funções bioquímicas, requisitos elementares, 

estratégias tróficas e sua relação com ciclos biogeoquímicos (Pan et al., 2010; 

Dutkiewicz et al., 2020; Figura 01). Em uma perspectiva biogeoquímica, podem ser 

observadas diferentes contribuições, como por exemplo, cianobactérias diazotróficas 

afetam mais significativamente o ciclo do nitrogênio, fixando o conteúdo atmosférico 

desse elemento, enquanto diatomáceas irão impactar na ciclagem da sílica, elemento 

utilizado para a produção de suas frústulas (Henson et al., 2021). Já em uma visão 

morfométrica, o fitoplâncton menor tende a afundar mais lentamente e permanece por 
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mais tempo na camada de mistura, participando dos processos biogeoquímicos, 

enquanto células maiores afundam mais rápido e podem chegar até mesmo ao fundo 

antes mesmo de serem decompostas, levando os nutrientes associados a elas para o 

fundo por décadas (IOCCG, 2014). 

 

Figura 1. Exemplo de diversidade do fitoplâncton. A) Rhizaria (Bigelowiella natans); 
B) Prasinófita (Tetraselmis chuii); C) Prasinófita (Nephroselmis pyriformis); D) 
Euglenozoa (Eutreptiella sp.); E) Criptófita (Rhodomonas salina); F) Haptófita 
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(Scyphosphaera apsteinii); G) Dinoflagelado (Akashiwo sanguinea); H) Diatomácea 
(Coscinodiscus radiatus). Fonte: Simon et al., 2009. 

A alta variabilidade taxonômica e morfo-funcional do fitoplâncton levou à classificação 

desses organismos em Grupos Funcionais de Fitoplâncton (Phytoplankton Functional 

Types - PFT) (Nair et al., 2008). Nesse contexto, a organização de PFTs se trata de 

agrupamentos conceituais do reservatório autotrófico marinho, onde as espécies 

fitoplanctônicas são classificadas com base em traços funcionais (eg. características 

únicas e mensuráveis que permitem a categorização dos organismos em grupos). 

Exemplos disso são agrupamentos por aspectos morfológicos, classes de tamanho ou 

funções ecológica/bioquímica comuns, mesmo que não tenham alguma relação do ponto 

de vista filogenético (Nair et al, 2008; Salmaso et al., 2015; IOCCG, 2014). Um 

conhecimento mais profundo dos PFTs é uma forma pragmática e essencial para a 

compreensão dos ciclos biogeoquímicos nos oceanos, atuando também como um 

importante indicador do funcionamento dos ecossistemas e da exportação trófica de 

carbono (Le Quéré et al., 2005; Dutkiewicz et al., 2020), além de ser uma importante 

ferramenta para a modelagem climática e ecológica (Brotas et al., 2023). 

Existem inúmeros métodos disponíveis para quantificação e determinação da 

composição de espécies fitoplanctônicas nos oceanos, cada uma delas apresentando 

benefícios e limitações (Chase et al., 2017). Sabe-se que, no entanto, houve uma grande 

evolução desde as primeiras abordagens realizadas em microscópios ópticos até a 

abordagem voltada ao sensoriamento remoto da cor do oceano (IOCCG, 2014).  No 

entanto, a complementaridade entre as diferentes técnicas é fundamental para superar as 

limitações individuais de cada método e obter uma caracterização mais completa da 

comunidade fitoplanctônica (Nair et al., 2008; Lombard et al., 2019). 

As metodologias mais clássicas se baseiam na microscopia óptica, que permite a 

descrição detalhada da diversidade fitoplanctônica por observação direta (Johnson & 

Martiny, 2015). Essa metodologia é especialmente importante e relevante pois permite a 

identificação de organismos até a nível de espécies, uma vez que hajam características 

morfológicas distinguíveis para isso (Karlson et al., 2010). No entanto, essa 

metodologia apresenta limitações, pois pode ser laboriosa quando se há um grande 

número de amostras, apresenta uma capacidade limitada de identificar organismos 

menores (eg. nano e picoplâncton), bem como a necessidade de especialistas treinados, 
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além de ser um tipo de análise espaço-temporalmente limitada a coletas (Lombard et al., 

2019). A citometria de fluxo atua como uma técnica complementar à microscopia, 

permitindo a quantificação eficiente de células menores, como Prochlorococcus, 

Synechococcus e picoeucariotos, que frequentemente escapam à identificação por 

métodos morfológicos tradicionais (Johnson & Martiny, 2015). 

Entre os principais avanços neste campo pode-se destacar o uso de Cromatografia 

Líquida de Alta Eficiência (HPLC) como ferramenta para detectar e determinar a 

abundância de pigmentos marcadores quimiotaxonômicos do fitoplâncton (Wright et al., 

2005; Barlow et al., 2008; Johnson & Martiny, 2015). Essa metodologia permite estimar 

as concentrações relativas dos grupos de fitoplâncton se utilizando de razões de 

pigmentos marcadores para determinar as contribuições de cada grupo para a biomassa 

total (Mendes et al., 2007; Lee et al., 2022). Esta abordagem tem a vantagem de cobrir 

toda a assembleia fitoplanctônica em uma única análise, fornecendo uma avaliação 

quantitativa da composição da comunidade, contudo pigmentos marcadores não são 

necessariamente únicos a um determinado grupo, podendo haver também variabilidade 

na pigmentação acessória dentro de um mesmo táxon, além desta análise estar 

espaço-temporalmente limitada a coletas (Johnson & Martiny, 2015). 

Técnicas moleculares emergiram como ferramentas complementares para o estudo da 

diversidade fitoplanctônica, permitindo acessar uma escala de detalhe inovadora 

(Johnson & Martiny, 2015). O sequenciamento de DNA de nova geração possibilita a 

caracterização massiva de comunidades por meio de genes marcadores, revelando uma 

diversidade muito superior àquela conhecida por métodos morfológicos tradicionais (de 

Vargas et al., 2015). Essas abordagens fornecem não apenas informações taxonômicas, 

mas também sobre a diversidade funcional e as interações bióticas, como a mixotrofia e 

o parasitismo (Karlusich et al., 2020). No entanto, apresentam desafios significativos, 

uma vez que os dados gerados são complexos e de difícil análise, há vieses inerentes à 

amplificação genômica e a interpretação quantitativa é limitada por variações no 

número de cópias dos genes alvo (Johnson & Martiny, 2015).  

Outra possibilidade para se estudar os PFTs é a utilização de dados ópticos, incluindo 

medições de absorção de luz e de medidas da cor da água, i.e., da reflectância espectral 

(Chase et al., 2017). Essa metodologia, aplicada ao sensoriamento remoto da cor do 
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oceano, vem se tornado uma abordagem crescente nas últimas décadas (Lombard et al., 

2019).  

2.​ BIO-ÓPTICA MARINHA NA DETECÇÃO DE PFTs  

O Sensoriamento Remoto (SR) da cor do oceano vem se tornando uma ferramenta 

essencial para diversos segmentos das ciências naturais, auxiliando na identificação e no 

monitoramento de feições ou padrões encontrados em diferentes regiões da superfície 

da água a partir de sensores a bordo de satélites, aeronaves e drones (Bukata et al., 

1995; Kirk, 2010; Ventura et al., 2017). Trata-se de uma forma passiva de 

sensoriamento remoto em que o Sol atua como fonte primária, emitindo radiação 

eletromagnética que se propaga pelo espaço sob a forma de fótons, exibindo 

comportamento dual onda-partícula, sendo essa energia coletada pelos detectores dos 

sensores (Kirk, 2010). A energia oriunda do Sol abrange um amplo espectro que se 

estende de aproximadamente 100 nm a 4 mm, com seu pico de emissão na faixa do 

visível (400–700 nm), à qual o olho humano é sensível e cujo espectro de cores varia do 

violeta ao vermelho (Duffie & Beckman, 2006). 

Uma vez que os fótons entram nos limites do sistema terrestre, inicia-se uma sucessão 

de processos de interação. Um esquema conceitual pode ser observado na Figura 02. 

Inicialmente, os fótons interagem com compostos e partículas da atmosfera, como 

nuvens, gases e aerossóis, sendo submetidos a fenômenos de absorção, espalhamento e 

transmissão (Seidlitz et al., 2001; Jensen, 2009). A absorção e o espalhamento 

dependem da afinidade espectral do alvo, onde a absorção ocorre quando parte da 

energia dos fótons é transferida para o alvo incidente e transformada em outras formas 

de energia; e o espalhamento, por sua vez, pode assumir diferentes formas (Rayleigh, 

Mie ou não seletivo), conforme a relação entre o comprimento de onda da radiação e o 

tamanho das partículas presentes na atmosfera, redistribuindo a radiação 

eletromagnética em múltiplas direções (Bukata et al., 1995; Kirk, 2010). Esses 

processos resultam em uma atenuação espectral que varia conforme as características 

físico-química dos objetos e o comprimento de onda da radiação incidente, e, são a base 

dos estudos de bio-óptica marinha (Seidlitz et al., 2001; Kirk, 2010). 
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Figura 2. Esquema conceitual dos processos ópticos na atmosfera e na água que 
determinam a quantidade e a natureza espectral da luz recebida por um sensor. Fonte: 
Lehmann et al. (2023). 

A parcela da radiação solar que é transmitida através da atmosfera pode então alcançar 

alvos na superfície terrestre, como oceanos e demais corpos d’água (Hoepffner & 

Zibordi, 2009; Morel, 2009; Kirk, 2010). Ao incidir sobre a superfície oceânica, parte 

da energia pode ser refletida especularmente ou quase especularmente (eg. sunglint), 

dependendo da rugosidade superficial, enquanto o restante penetra na coluna d’água 

(Bukata et al., 1995). Da fração que adentra o meio aquático, uma porção será absorvida 

e outra será espalhada pelos componentes opticamente ativos presentes na água. Em 

águas costeiras, esses componentes incluem o fitoplâncton, a matéria orgânica 

dissolvida colorida (Colored Dissolved Organic Matter - CDOM), o material em 

suspensão total (Total Suspended Matter - TSM) e partículas não algais (Non-Algal 

Particles - NAP), como detritos e formas coloidais, além da própria água pura, que 

também contribui para a atenuação da luz (Morel, 2009; Kirk, 2010).  

Na coluna d’água, a radiação pode ser absorvida, sendo convertida em outras formas de 

energia, ou espalhada, tendo sua direção de propagação alterada. Esses processos 
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dependem do comprimento de onda e das características dos constituintes. Por exemplo, 

a clorofila-a (Chla) presente no fitoplâncton apresenta picos de absorção nos 

comprimentos de onda do azul e do vermelho (Morel, 2009), enquanto o TSM tem seu 

maior espalhamento nos comprimentos de onda do verde e do vermelho, o que por sua 

vez modifica a coloração da água (Doraxan et al., 2002). Um exemplo das diferentes 

colorações de água pode ser visto na Figura 03. A propagação dos fótons ocorre até que 

a energia luminosa seja exaurida na coluna d’água, em uma dada profundidade limite, 

ou até encontrar o fundo, em regiões mais rasas (Ackleson, 2003). Em regiões costeiras, 

a penetração da luz tende a profundidades menores, dada a maior complexidade óptica 

da água, influenciada por aportes terrígenos, descargas fluviais e maior concentração de 

partículas e matéria orgânica (Hoepffner & Zibordi, 2009). 

 

Figura 3. Exemplos de diferentes composições dos componentes opticamente ativos da 
água e seu impacto na cor do oceano. Fonte: Vandermeulen, 2025. 

Parte da radiação que interage com a água e seus constituintes ópticos é direcionada de 

volta para a superfície, fenômeno denominado retroespalhamento, retornando à 

atmosfera carregando informações sobre a composição e a concentração dos 

componentes presentes (Morel, 2009). Esse sinal emergente sofre novamente atenuação 

ao atravessar a atmosfera até ser captado por sensores em diferentes plataformas. No 

caso dos satélites, a energia registrada pelo sensor percorre toda a espessura da 

atmosfera outra vez, sofrendo novamente processos de atenuação (Bukata et al, 1995; 
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Jensen, 2009). Contudo, o sinal registrado pelos sensores satelitais não corresponde 

exclusivamente à radiação refletida pela água, recebendo também contribuições da 

atmosfera e seus constituintes, do efeito de sunglint, e, em águas rasas, do efeito de 

fundo, incluindo sedimentos e organismos associados a ele (Doraxan et al., 2002; 

Hoepffner & Zibordi, 2009). Ressalta-se que, todavia, quando a medição é realizada em 

superfície, por radiômetros instalados em embarcações ou torres fixas, têm-se medidas 

de radiação refletida e de radiação incidente isentas das incertezas satelitais, 

especialmente no âmbito da correção atmosférica (Brando et al, 2016).  

Nessa perspectiva, Bracher et al. (2020) apontam que dados radiométricos oriundos do 

sensoriamento remoto são a melhor forma de se monitorar os ecossistemas aquáticos, 

sendo uma importante ferramenta para avaliar a abundância e a biodiversidade do 

fitoplâncton. Isso porque o uso do sensoriamento remoto oferece uma maneira única de 

se obter dados com alta resolução espaço-temporal da superfície dos oceanos (Bracher 

et al. 2017), auxiliando na limitação que é observada em outras metodologias para 

estudos de grupos fitoplanctônicos (McClain, 2009). Outras estratégias observacionais, 

como cruzeiros e fundeios, não conseguem se aproximar da cobertura e resolução 

espaço-temporal dos sensores remotos, de forma que o uso dessas ferramentas pode ser 

fundamental para a obtenção de informações de PFTs, mesmo com resoluções ainda 

grosseiras e incertezas relativamente altas (IOCCG, 2014). 

A história da estimativa do fitoplâncton por sensoriamento remoto remonta do final da 

década de 1960, quando experimentos embarcados em navios e aeronaves 

demonstraram pela primeira vez que a luz retroespalhada pelo oceano carregava 

informações sobre a concentração de Chla na superfície (Clarke et al., 1970). Os autores 

demonstraram que o aumento da Chla estava associado a uma diminuição relativa da 

radiação na região azul do espectro e a um acréscimo na região verde, estabelecendo a 

base para a oceanografia óptica por satélite. Esse princípio foi posteriormente 

incorporado ao Coastal Zone Color Scanner (CZCS), lançado em 1978, que produziu os 

primeiros mapas globais de Chla, e em satélites e missões subsequentes, como o 

Sea-viewing Wide Field of View Sensor (SeaWiFS) (Garver et al., 1994).  

A Chla, é tida como o proxy mais utilizado da biomassa fitoplanctônica, uma vez que é 

uma forma pigmentar comum a todos os organismos presentes no fitoplâncton (Huot et 
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al., 2007). No entanto, a Chla por si só não fornece uma descrição completa da natureza 

complexa da estrutura e função da comunidade fitoplanctônica, uma vez não permite 

discriminar os diferentes grupos funcionais que compõem a comunidade (IOCCG, 

2014; Bracher et al., 2017). Sabe-se, no entanto, que mesmo na atualidade a estimativa 

de PFTs por satélite é uma tarefa complexa (Nair et al., 2008; Bracher et al., 2017; 

Canuti, 2025). Ainda nos anos 90, Garver et al. (1994) apontaram que com as limitações 

tecnológicas e os sensores disponíveis na época, os quais eram multiespectrais, 

dificilmente seria possível desenvolver algoritmos robustos para a discriminação de 

grupos fitoplanctônicos. 

Apesar disso, a importância ecológica e biogeoquímica dos PFTs estimulou o 

desenvolvimento de uma variedade de algoritmos para aplicação em SR da cor do 

oceano, seja para identificar grupos dominantes (Alvain et al., 2005, 2008; Mustapha et 

al., 2014; Navarro et al., 2014), obter classes de tamanho do fitoplâncton (Ciotti & 

Bricaud, 2006; Hirata et al., 2011; Brotas et al., 2013), derivar pigmentos acessórios 

(Pan et al., 2010; Bracher et al., 2015;  El Hourany et al., 2019; Kramer et al., 2022), 

estimar a abundância celular (Thyssen et al., 2015; Lange et al., 2020) ou ainda derivar 

a concentração de clorofila de cada PFT (Moisan et al., 2017; Li et al., 2019; Xi et al., 

2020; Vishnu et al., 2022). 

Na atualidade, o uso de algoritmos baseados em Funções Ortogonais Empíricas 

(Empirical Orthogonal Function - EOF) vem se mostrando uma forma bastante acurada 

de se estimar a concentração de Chla de PFTs (Bracher et al., 2020), avaliando a 

variância ou forma espectral nos dados de reflectância da superfície ou da reflectância 

do sensoriamento remoto (Rrs). Apesar disso, os métodos de sensoriamento remoto 

requerem medições in situ para sua validação e aprimoramento (Brando et al., 2016; 

Chase et al., 2017). Dados de reflectância hiperespectral são essenciais, fornecendo 

informações relativas à composição da comunidade fitoplanctônica, através de 

diferenças na forma e na magnitude do espectro de reflectância (Xi et al., 2017; Kramer 

et al., 2022).  

Estes dados, obtidos por radiômetros, são isentos de erros associados às incertezas 

satelitais, como a correção atmosférica, e apresentam maior resolução espectral do que a 

maioria dos sensores satélites da cor do oceano, o que favorece a confecção de modelos 
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e algoritmos, especialmente na era de plataformas de maior resolução espectral (Xi et 

al., 2017). Isso ocorre em razão da variabilidade na absorção e no espalhamento de luz 

nos diferentes PFTs ocorrer em pequenas faixas espectrais específicas a cada grupo (eg., 

Figura 04), diferentemente de outros compostos opticamente ativos.  Assim, uma maior 

disponibilidade de bandas radiométricas implica em uma maior representatividade 

desses organismos na reflectância da água (Kramer et al., 2022). Dessa forma, os dados 

in situ são utilizados na criação, validação e ajuste de sensores e modelos com maior 

resolução espectral. 

 
Figura 4. Exemplo de variabilidade no espectro de porcentagem de reflectância de 
diferentes grupos de fitoplâncton em cultivo. Fonte:  Schalles, 2006. 

Nesse sentido, o lançamento do sensor Ocean and Land Color Instrument (OLCI), a 

bordo do satélite Sentinel-3 da ESA, trouxe avanços nessa problemática de PFTs, com 

maior resolução espectral, ainda que permaneça no campo multiespectral (Brewin et al., 

2017; Vishnu et al., 2022; McKibben et al., 2024). Todavia, o lançamento de missões 

satelitais hiperespectrais, como as missões Plankton, Aerosol, Cloud, Ocean Ecosystem 

(PACE), Environmental Mapping and Analysis Program (EnMAP) e Hyperspectral 
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Precursor of the Application Mission (PRISMA), fornecem uma perspectiva futura 

extremamente favorável para estudos voltados a composição da comunidade 

fitoplâncton global (Werdell et al., 2019; Lange et al., 2020; Cetinić et al., 2024). 

Portanto, essa pesquisa pretende propor modelos regionais de PFTs na superfície do mar 

a partir de dados in situ de reflectância hiperespectral, avaliando sua aplicabilidade em 

dados de sensoriamento remoto em águas costeiras.  

3.​ OBJETIVOS 

Objetivo Geral: 

Propor modelos bio-ópticos para estimar a concentração de grupos funcionais de 

fitoplâncton (PFTs) a partir da reflectância hiperespectral de superfície, em regiões 

costeiras, visando a aplicação dos mesmos para detecção remota desses grupos.  

Objetivos Específicos: 

I.​ Quantificar e descrever os diferentes grupos fitoplanctônicos encontrados na 

costa sul-sudeste do Brasil em campanhas oceanográficas realizadas entre 2011 

e 2025.  

II.​ Identificar os modos dominantes de variabilidade da reflectância hiperespectral 

de superfície na área de estudo, relacionando-os a diferentes PFTs; 

III.​ Propor e auto-validar modelos de estimativa de concentração dos PFTs baseados 

na reflectância hiperespectral in situ; 

IV.​ Avaliar mapas de distribuição espacial dos PFTs estimados a partir dos modelos 

propostos em imagens do sensor hiperespectral OCI, a bordo da missão PACE 

(Plankton, Aerosol, Cloud, Ocean Ecosystem). 
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Abstract 

Due to its complexity, phytoplankton are often represented as Phytoplankton 
Functional Types (PFTs), to facilitate understanding of their role in climate 
regulation, biogeochemical cycles, and trophic webs. Several methods currently 
estimate phytoplankton composition using ocean color data. This study aimed to 
employ in situ hyperspectral reflectance to develop and evaluate models for 
discriminating PFTs in a coastal region with optically complex waters, with a focus 
on their application to hyperspectral satellite data. To this end, scientific cruises were 
conducted with concurrent collection of samples for HPLC pigment analysis and 
hyperspectral surface reflectance data. PFT models based on chemotaxonomic groups 
were developed using Empirical Orthogonal Functions (EOF) and Generalized Linear 
Models (GLM). Model performance was assessed through cross-validation,indicating 
successful estimates (R > 0.7) for total chlorophylla (TChla) and five functional 
groups (diatoms, cryptophytes, dinoflagellates, haptophytes, and prasinophytes). For 
cyanobacteria (Prochlorococcus and Synechococcus), performance was moderate (R 
= 0.66) and unsatisfactory (R = 0.37), respectively. In an initial application to an 
image from the OCI/PACE sensor, the models estimated spatial patterns of PFTs 
consistent with the expected coastocean gradient in phytoplankton composition 
observed in the area, with diatom dominance nearshore and cyanobacteria in 
oligotrophic waters. Although these results indicated the potential for applying the 
models to remote sensing products, extensive validation with independent data is still 
needed. In summary, this study advances in the remote estimation of phytoplankton 
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functional types in optically complex waters, while highlighting challenges for more 
reliable operational applications. 

Keywords: Remote Sensing; Ocean Color; Case-2 Waters; HPLC/CHEMTAX; 

OCI/PACE. 

1. INTRODUCTION 

Phytoplankton comprise an extremely diverse and complex group of aquatic 

photosynthetic microorganisms, playing a fundamental ecological role from both 

biological and geochemical perspectives (Field et al., 1998; Salmaso et al., 2015). 

Although they represent only about 2% of Earth's photosynthetic biomass, this group is 

responsible for approximately 50% of global net primary production (Field et al., 1998), 

acting as the base of the trophic web in aquatic environments and as the main source of 

matter and energy in these ecosystems (Falkowski, 1994; Rousseaux & Gregg, 2015; 

Henson et al., 2021). Furthermore, phytoplankton play a crucial role in climate 

regulation and biogeochemical cycles, being directly associated with carbon uptake, 

fixation and burial, global oxygen production, and nutrient cycling (Winder & Sommer, 

2012).  

This group of organisms exhibit a highly diverse taxonomic, morphological and 

physiological nature, which implies significant differences in cell morphologies, 

biochemical functions, elemental requirements, trophic strategies, and in their 

relationships with biogeochemical cycles (Pan et al., 2010; Dutkiewicz et al., 2020). 

This high variability has led to the classification of these organisms into Phytoplankton 

Functional Types (PFTs) (Nair et al., 2008), which constitutes a conceptual grouping 

based on functional traits, even without necessarily having a phylogenetic relationship 

(Nair et al., 2008; Salmaso et al., 2015; IOCCG, 2014). A deeper knowledge of PFTs is 

fundamental for understanding ocean biogeochemical cycles, also serving as an 

important indicator of ecosystem functioning and trophic carbon export (Le Quéré et al., 

2005; Dutkiewicz et al., 2020), in addition to constituting a valuable tool for climate and 

ecological modeling (Brotas et al., 2023). 

Several methods are available for quantifying and determining the composition of 

phytoplankton species in the oceans, each with its own benefits and limitations (Chase 
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et al., 2017). Great progress has been made from the first approaches using optical 

microscopy to current ocean color remote sensing techniques (IOCCG, 2014). Among 

the main advances, the use of High‑Performance Liquid Chromatography (HPLC) 

stands out as a tool to determine the abundance of pigments defined as chemical 

markers of PFTs. Another possibility is the use of optical data, including light 

absorption measurements (Ciotti et al., 2002) and water spectral reflectance (Chase et 

al., 2017). 

From this perspective, Bracher et al. (2020) pointed out that radiometric data obtained 

by remote sensing constitute a unique and powerful tool to monitor aquatic ecosystems, 

being an important tool to assess phytoplankton abundance and biodiversity. Remote 

sensing offers a unique way to obtain high spatiotemporal resolution data of the ocean 

surface, overcoming limitations present in other methodologies for studies of 

phytoplankton groups (McClain, 2009). Chlorophyll‑a (Chla), the photosynthetic 

pigment present in all phytoplankton organisms, is traditionally used as the most 

common proxy for its biomass, and it is a product routinely derived from remote 

sensing techniques (Morel & Berthon, 1989; Huot et al., 2007; Stoer & Fennel, 2024). 

However, Chl‑a alone does not provide a complete description of the complex structure 

and function of the phytoplankton community, because it does not allow discrimination 

of the different functional groups that has essential roles in the ocean functioning 

(IOCCG, 2014; Bracher et al., 2017). 

The ecological and biogeochemical importance of PFTs has stimulated the development 

of a variety of algorithms for application in ocean color remote sensing, aiming from the 

identification of dominant groups (Alvain et al., 2005, 2008; Mustapha et al., 2014; 

Navarro et al., 2014) to obtaining phytoplankton size classes (Ciotti & Bricaud, 2006; 

Hirata et al., 2011; Brotas et al., 2013), derivation of accessory pigments (Pan et al., 

2010; Bracher et al., 2015; El Hourany et al., 2019; Kramer et al., 2022), cell 

concentration (Thyssen et al., 2015; Lange et al., 2020) or chlorophyll‑a concentration 

per PFT (Moisan et al., 2017; Li et al., 2019; Xi et al., 2020; Vishnu et al., 2022; Konik 

et al., 2024). Currently, algorithms based on Empirical Orthogonal Functions (EOF) 

have proven to be reasonably accurate for estimating PFT Chla concentrations (Bracher 
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et al., 2015; Xi et al., 2020), by assessing the variance or spectral shape in surface 

reflectance or remote sensing reflectance (Rrs) data. 

Despite these advances, remote sensing methods require in situ measurements for 

validation and improvement (Chase et al., 2017). Hyperspectral reflectance data are 

essential, as they provide information about phytoplankton community composition 

through differences in the shape and magnitude of the reflectance spectrum (Xi et al., 

2017; Kramer et al., 2022). Besides to overcome the atmospheric correction signal, a 

large source of uncertainty in the satellite data, the in situ radiometry usually provides 

higher spectral resolution than most ocean color satellites (Xi et al., 2017), favoring the 

development of models and algorithms, especially in the era of higher spectral 

resolution sensors (Kramer et al., 2022; Zhang et al., 2026). In this sense, the launch of 

the Ocean and Land Colour Instrument (OLCI) on board ESA's Sentinel‑3 satellite has 

brought advances to the study of PFTs, offering higher spectral resolution, although it 

remains in the multispectral domain (Brewin et al., 2017; Vishnu et al., 2022; 

McKibben et al., 2024).  

However, the launch of hyperspectral satellite missions, such as NASA's Plankton, 

Aerosol, Cloud, ocean Ecosystem (PACE) mission, provides an extremely favorable 

future perspective for studies focused on global phytoplankton community composition 

(Werdell et al., 2019; Lange et al., 2020; Cetinić et al., 2024). Considering the 

importance of assessing the phytoplankton functional groups and their dynamics from 

remote data, and given the recent advances in hyperspectral sensors on board satellites 

and UAVs, the main goal of this study was to develop a bio-optical regional model, 

based on the in situ hyperspectral reflectance data and pigments-based phytoplankton 

composition, to distinguish PFTs at the sea surface of the Southwestern Atlantic coastal 

waters, which represents the first regional model for estimating PFTs in this area. 

2. METHODS 

2.1 Study Area 
The study area comprises the Brazilian Continental Shelf (BCS), located in the 

Southwestern Atlantic Ocean (SWAO), extending approximately between 20°S and 

35°S (Fig. 05). This region encompasses two distinct zones of the BCF: the southeastern 
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shelf, between 20°S and 28.5°S, and the southern shelf, between 28.5°S and 35°S. The 

southeastern portion is characterized by a significant variation in its width, being 

narrower in the Abrolhos-Campos region and progressively widening southward, 

reaching its maximum extent of approximately 200 km from the coastline to the shelf 

break (Rodrigues & Lorenzzetti, 2001). In contrast, the southern continental shelf 

exhibits a more uniform morphology, with a mean width of about 140 km throughout its 

entire extension (Soares & Möller Jr., 2001).  

 

Figure 5. Map showing the study area. The white circles indicate the sampling stations 
in the SWAO (Southwest Atlantic Ocean). The colored lines mark the local depth 
isobaths, such as light blue (50 m), grayish green (100 m), light green (200 m), 
yellow(1000 m), orange (2000 m), and red (4000 m). 

Ocean circulation in the region is dominated by two boundary currents flowing in 

opposite directions. The Brazil Current (BC) flows southward, transporting warm, 

saline, and oligotrophic waters along the continental slope (Möller Jr. et al., 2008). In 

contrast, the Malvinas Current (MC) moves northward with cold, nutrient-rich waters, 

influencing the outer shelf of the southern portion of the area (Möller Jr. et al., 2008; 

Piola et al., 2008a). The encounter of these two currents occurs in the Brazil-Malvinas 
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Confluence Zone (BMC), between approximately 35°S and 40°S, generating intense 

thermohaline gradients, high mesoscale variability, and elevated biological productivity 

(Garcia & Garcia, 2008; Pezzi et al., 2009). 

The region is also influenced by coastal upwelling, particularly during austral spring 

and summer (Guimaraens & Coutinho, 1996; Mazzini & Barth, 2013). In the 

southeastern zone, the most prominent upwelling centre is located in Cabo Frio, where 

persistent northeasterly winds combined with a sharp change in coastline orientation 

and the local topography favour the ascent of cold, nutrient‑rich South Atlantic Central 

Water to the surface (Rodrigues & Lorenzzetti, 2001). In the south zone, near Cabo de 

Santa Marta, coastal upwelling events also occur under similar wind forcing, promoting 

localised increases in phytoplankton biomass (Campos et al., 2013; Mazzini & Barth, 

2013). Additionally, other smaller upwelling zones have also been observed along the 

southeastern shelf, including off São Sebastião and Cabo de São Tomé (Rodrigues & 

Lorenzzetti, 2001). All these upwelling features enhance biological productivity and 

locally modify sea surface temperature and nutrient concentrations, contributing to the 

biogeochemical heterogeneity of the study region (Carvalho et al., 2022). 

The region receives strong influence from continental discharges, with the main input 

related to the La Plata River plume, which discharges a high load of freshwater onto the 

shelf (Piola et al., 2008b). The reach of this plume has a seasonal characteristic, 

reaching latitudes of 28°S in autumn and winter due to the impulse promoted by 

southeastern winds, whereas in summer and spring its reach is restricted due to the 

predominance of northeastern winds (Piola et al., 2000; Möller Jr. et al., 2008). Another 

very important input is related to the estuarine system of Patos Lagoon, which 

contributes with freshwater and sediment discharges that locally influence the properties 

of the southern shelf (Ciotti et al., 1995; Soares & Möller Jr., 2001). 

The BCS region harbors several large metropolitan areas, including Rio de Janeiro, 

Vitória and Florianópolis (Dominguez, 2009), including several main port cities, such as 

Santos, Itajai and Rio Grande (Marta-Almeida et al., 2020). These urban areas are 

potential sources of freshwater and terrestrial runoff, nutrients, suspended particulate 

matter, and even urban/industrial effluents (Gonçalves-Araujo et al., 2018), which could 

locally influence the dynamics of the optical properties of surface waters and, 
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consequently, the remotely sensed ocean colour signal (Franz et al., 2021). Therefore, 

this region is characterized by a complex oceanic dynamic that includes the interaction 

of boundary currents (Carvalho et al., 2022), continental discharges (Piola et al., 2000, 

2008b), and upwelling processes (Rodrigues & Lorenzzetti, 2001), resulting in an 

optically complex environment (Giannini et al., 2013). The region is classified as 

Case-2 waters, where light attenuation is influenced not only by water and 

phytoplankton but also by inorganic particulate material and colored dissolved organic 

matter (Garcia et al., 2005; Giannini et al., 2013). 

2.2 Data Acquisition and Analyses 
This section outlines the methodology for data acquisition and processing of 

phytoplankton pigment/PFT concentrations and hyperspectral remote sensing 

reflectance data. A total of six scientific cruises were conducted in the BCS region 

between 20 and 35°S (Table 01), associated with the ReNOMO, INCT Mar COI, and 

MCT-II projects, comprising 71 oceanographic stations with simultaneous collection of 

water samples for pigment analysis and radiometric data. Most of these stations were 

carried out in the austral summer and spring, inherently reflecting the conditions of 

those seasons. 

Table 1. General information about the cruises used in this study, including the name, sampling 
region, period and the number of oceanographic stations (n). BCS - Brazilian Continental Shelf. 

Cruise Sampling region Sampling period Season n 
ReNOMO I Southern-BCS 18 - 20 Oct. 2023 Spring 12 
ReNOMO II Southern-BCS 07 - 08 Oct. 2024 Spring 8 
ReNOMO III Southern-BCS 18 - 20 Mar. 2025  Summer 9 

INCT Mar COI I Southern-BCS 06 - 09 Nov. 2023 Spring 4 
INCT Mar COI II Southern-BCS 29 May - 04 Jun. 2024 Autumn 2 

MCT II S-SE-BCS  6 Dec 2010 - 11 Jan 2011 Summer 36 

2.2.1 Phytoplankton pigments and PFT concentrations  
In each station, water samples were filtered in dim light through Whatman GF/F filters, 

with pore size 0.7 µm and 25 mm diameter, using vacuum pressure system, under low 

pressure (≤5 mmHg). After this the samples were immediately frozen (–80°C) for later 

HPLC analysis.  

The procedure for this analysis was carried out using an HPLC, from Shimadzu, with a 

C8 column, following the method of Zapata et al. (2000), which was discussed and 
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optimized by Mendes et al. (2007), and aligned with the international protocols 

established in the global intercalibration exercises promoted by the JCR - Joint Research 

Centre/European Commission (Canuti et al., 2022). Commercial pure pigment standards 

from the DHI (Institute for Water and Environment, Denmark) were used to calibrate 

the HPLC system. 

Total Chlorophyll-a (TChla) concentrations were determined by the sum of 

monovinyl-chlorophyll-a (Chla) and divinyl-chlorophyll-a (DVChla) concentrations. 

The absolute and relative biomass concentration of each phytoplankton taxonomic 

group was calculated using CHEMTAX v1.95 (Mackey et al., 1996), based on a ratio 

matrix of class-specific accessory pigments and TChla. Seven chemotaxonomic groups 

were identified in the region: Prasinophytes (green flagellates), Diatoms, 

Dinoflagellates, Haptophytes, Cryptophytes, Synechococcus and Prochlorococcus. The 

initial pigment ratio matrix, adapted from Lima et al. (2019), included 16 phytoplankton 

pigments, with TChla serving as total biomass for all groups. To optimize the initial 

pigment ratio matrix, 60 matrices were generated by multiplying each ratio by a random 

function, following the approach described by Wright et al. (2009). The six output 

matrices with the lowest root mean square error (RMSE) residuals were averaged to 

obtain the final optimized result.  

2.2.2 In Situ Hyperspectral Reflectance  
The radiometric measurements carried out in this research employed two sets of 

hyperspectral radiometers: an above-water HyperSAS (Hyperspectral Surface 

Acquisition System) and a free-fall profiling in-water system, the HyperPRO, both 

equipped with the HyperOCR sensors, from Seabird. Although each instrument 

followed a distinct sampling and processing methodology, both ultimately provided the 

same variable, the remote sensing reflectance (Rrs). 

2.2.2.1 In-water: HyperPRO 
The radiometric data from the cruises conducted under the MCT-II project (2010-2011) 

were acquired using a free‑fall profiler HyperPRO. The system comprises two 

hyperspectral sensors (350–800 nm, ~3.3 nm resolution), including a downward‑facing 

HyperOCR‑R measuring upwelling radiance (Lu) and an upward‑facing HyperOCR 

irradiance sensor measuring downwelling irradiance (Ed). The equipment was freely 

 



28 

deployed from the vessel, collecting continuous vertical profiles of Ed (z) and Lu(z) at 

each station. To derive Rrs, the diffuse attenuation coefficients for downwelling 

irradiance (Kd) and for upwelling radiance (Ku) was estimated using the traditional 

K-analysis method (Smith & Baker, 1984, 1986) as the negative slope of the natural 

logarithm of Ed over a depth interval (Eq. 1). 

(z))] (01) 𝐾𝑑 =− 𝑑𝑑𝑧  [𝑙𝑛 (𝐸𝑑
Where Kd is diffuse attenuation coefficient for downwelling irradiance; z is the depth 

interval (m); and Ed is downwelling irradiance.  

The same procedure is applied for Ku, based on the Lu(z) measurement. Kd(Ku) is 

computed between the Ed(Lu) measurements nearest the surface and either the first 

optical depth or the depth of the upper mixed layer, whichever is shallower (Zibordi et 

al., 2004). After obtaining Kd and Ku, the Ed and Lu profiles were extrapolated to just 

beneath the sea surface (z = 0—) and then propagated to above the surface (z = 0+) using 

refraction and transmission coefficients (Lee et al., 2013; Ruddick et al., 2019). Finally, 

the Rrs is calculated as shown in Eq. 2. 

 [sr⁻¹] (02) 𝑅𝑟𝑠 =  𝐿𝑊𝐸𝑑(0+)
Where Lw is the emergent radiation immediately above the surface; and Ed (0+) is the 

solar irradiance immediately above the surface. The final output consists of Rrs spectra 

as a function of radiation wavelength. 

2.2.2.2 Above-water HyperSAS 
The radiometric data from the cruises conducted under the ReNOMO and INCT Mar 

COI projects (2023, 2024, and 2025) were acquired using the HyperSAS system, which 

is equipped with radiance and irradiance sensors positioned above the sea surface. This 

hyperspectral system operates within a wavelength range of 350 to 800 nm, comprising 

136 high-resolution spectral channels. 

The HyperSAS system employed includes two HyperOCR-R radiance sensors. One of 

these sensors was oriented toward the ocean to measure the total above-water radiance 

(Lt), while the other was directed toward the sky to provide sky radiance (Li), both 
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expressed in μW cm⁻² nm⁻¹ sr⁻¹ (Verma et al., 2021). The system also incorporates a 

HyperOCR irradiance sensor to measure downwelling spectral irradiance (Ed), in μW 

cm⁻² nm⁻¹. In addition, a tilt sensor is coupled to the system and used as a data quality 

filter, since excessive inclinations may lead to spurious measurements originating from 

the other sensors (Mueller et al., 2003). 

Data acquisition was carried out under favorable environmental conditions to ensure 

that the recorded signal was predominantly derived from the water column (Fargion & 

Mueller, 2000). Furthermore, the adopted observation geometry consisted of orienting 

the radiance sensors at a zenith viewing angle of 40°, and azimuth angles between 90° 

and 135° relative to the solar plane, with measurements collected for a minimum 

duration of five minutes at each station (Ruddick et al., 2019). From the radiometer 

outputs, it is possible to compute the water-leaving radiance (Eq. 3). 

 (03) 𝐿𝑊 =  𝐿𝑇 − ρ 𝐿𝑖
Where Lw denotes the radiance emerging from the water surface after interaction with 

optically active constituents within the water column; ρ represents an estimate of sea 

surface reflectance, expressed as a function of solar–sensor geometry and wind speed 

(Mobley, 1999; Zhang et al., 2017). Finally, Rrs, in sr-1, was calculated (Eq. 4). 

 [sr⁻¹] (04) 𝑅𝑟𝑠 =  𝐿𝑊𝐸𝑑
Where Rrs is the remote sensing reflectance and Ed is the downwelling solar irradiance. 

The mentioned processing was performed with HyperCP software (HyperInSPACE 

Community Processor; digital repository: https://github.com/nasa/HyperCP). HyperCP 

enables the application of a series of data quality corrections, including sunglint 

correction (Zhang et al., 2017), correction of near-infrared (NIR) residuals (Ruddick et 

al., 2006), and correction for the bidirectional reflectance distribution function (BRDF) 

effect (Lee et al., 2010). The final output consists of Rrs spectra as a function of 

radiation wavelength. 

 

https://github.com/nasa/HyperCP
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2.3 EOF-based model for PFT retrieval 
Given that the PFT estimation model relies on two hyperspectral Rrs datasets acquired 

by two distinct radiometers, the initial step is to render them compatible by interpolating 

both datasets at a 0.1 nm interval. The methodology for model construction and 

validation follows the approach proposed by Bracher et al. (2015) and Xi et al. (2020), 

although it was adapted to the specific characteristics of our dataset. It is worth noting 

that different sample sizes (n) were used for each PFT model, as the occurrence of these 

groups varied across sampling stations. Stations where the concentration of a given PFT 

was zero were excluded from the construction of the respective model, ensuring that 

only non‑zero concentrations were considered. Figure 06 presents the stepwise 

framework of the methodology. 

     

 
Figure 6. Schematic framework of the EOF-based model for predicting seven PFTs on 
hyperspectral remote sensing reflectance 

Each Rrs spectrum was then standardized by subtracting the mean spectral value and 

subsequently dividing by the spectral standard deviation of the dataset (Taylor et al., 

2013). The purpose of using EOF is to reduce the high dimensionality of the data and to 
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derive the dominant signals that best describe the variance within the dataset (Bracher et 

al., 2015). The standardized Rrs spectra were then subjected to a singular value 

decomposition (SVD) to derive the EOF modes, as shown in Eq. 5. 

 (5) 𝑋 = 𝑈Λ𝑉𝑇
Where X is the standardized Rrs matrix; U is the matrix of scores (associated with EOF 

modes); Λ is singular values (general importance of each mode); V is the matrix of 

loadings (spectral pattern of each EOF); and the superscript T denotes the transposition 

of V matrix. 

For the prediction of Chla for each PFT, generalized linear models (GLMs) were 

developed, expressing log‑transformed Chla concentrations for each PFT (and for TChla 

as well) as a function of a subset of EOF scores. Only EOF modes whose standard 

deviations accounted for more than 1% of the standard deviation of the first EOF mode 

were selected as significant; the remaining modes were omitted (Xi et al., 2020). A 

stepwise automatic routine was used to select the most significant regression model by 

minimizing the Akaike information criterion (AIC). AIC estimates prediction error 

based on the number of scores, identifying the best model for the dataset (Bracher et al., 

2015). The regression models for predicting each PFT are presented in Eq. 6. 

 (6) 𝑙𝑜𝑔(𝐶𝑃) =  𝑎 +  𝑏1𝑢1 + 𝑏2𝑢2 +  ...  + 𝑏𝑛𝑢𝑛 
Where CP is the Chla concentration of each PFT; a is the intercept; b1, 2 … n are the 

regression coefficients; u1, 2 … n are the EOF scores; and n is the number of EOF scores 

used by the model. 

A repeated k-fold cross-validation technique was then applied. Specifically, a 10-fold 

cross-validation with 5 repetitions was used (Mnich et al., 2020). This method partitions 

the data into 10 subsets of approximately equal size; in each repetition, nine subsets are 

used for model training and the remaining subset for validation, with the process 

repeated 10 times so that each observation serves exactly once as validation data. The 

procedure is repeated five times to reduce the variability associated with the random 

partition (Yang et al., 2011). This approach is widely recognized to provide more stable 
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and less biased estimates of prediction error, particularly when the number of 

observations is limited (Kim, 2009; Mnich et al., 2020). 

The regression model performance was also assessed by calculating the Pearson 

coefficient of correlation (R), median absolute error (MDAE, Eq. 7), median percentage 

difference (MDPD, Eq.8), and bias (Eq. 9) for the cross-validation (and for the whole 

dataset). R, MDAE, MDPD and bias were obtained using the log10-scaled predicted 

versus log10-scaled observed PFT Chla. The equations for these statistical metrics are 

given as follows: 

​ (7) 𝑀𝐷𝐴𝐸 = 𝑚𝑒𝑑𝑖𝑎𝑛𝑖=1𝑀  (𝐶𝑃𝑖 − 𝐶𝑂𝑖)| | 
​ (8) 𝑀𝐷𝑃𝐷 =  𝑀𝑒𝑑𝑖𝑎𝑛 𝑜𝑓 (𝐶𝑃𝑖−𝐶𝑂𝑖)| |𝐶𝑂𝑖  × 100⎡⎢⎣ ⎤⎥⎦ 

  (9) 𝑏𝑖𝑎𝑠 =  100𝑀 𝑖=1
𝑀∑ (𝐶𝑃𝑖−𝐶𝑂𝑖)𝐶𝑂𝑖

Where, M is the number of observations; CO is observed PFT Chla. 

2.4. Application of the EOF-PFT model to satellite data 
The description of the data used and the steps employed in this example application of 

the PFT model to satellite data is presented in this section of the methodology. To this 

end, an Rrs product from the PACE mission was used, aiming to estimate the 

concentrations of the different PFTs and thus make a first evaluation of their suitability 

for this platform. 

2.4.1 Plankton, Aerosol, Cloud, ocean Ecosystem (PACE) data 
Rrs satellite data were obtained from the Ocean Color Instrument (OCI) onboard 

NASA’s Plankton, Aerosol, Cloud, ocean Ecosystem (PACE) mission via the electronic 

repository of NASA’s Earthdata (NASA, 2025a). OCI is a hyperspectral imaging 

radiometer that provides continuous spectral coverage from 340 to 890 nm with 5 nm 

bandwidth, with either 2.5 or 1.25 nm sampling, since March 2024 (Meister et al., 

2024). The spatial resolution at nadir is approximately 1.2 km, with global coverage 

achieved within 1–2 days (Werdell et al., 2024). To avoid sun glint contamination over 

 



33 

ocean surfaces, OCI performs an along‑track tilt maneuver of ±20° every orbit (Werdell 

et al., 2019). The instrument offers more than 120 visible spectral bands, a substantial 

increase compared to heritage multispectral sensors (Vandermeulen et al., 2025). Level 

2 (L2) Rrs products were obtained from the ocean apparent optical properties suite and 

are currently available as provisional data (Werdell et al., 2024). 

2.4.2 Spectral Convolution of in situ Rrs to PACE Rrs 
In order to directly compare hyperspectral Rrs measurements obtained in situ with the 

Rrs products of OCI/PACE, a spectral convolution was applied, considering the relative 

Spectral Response (RSR) function of the sensors bands, which describes the detector’s 

sensitivity at each wavelength within the bandwidth (Franke et al., 2006; Kumar & 

Mehta, 2024). The RSR is determined in the laboratory prior to launch and accounts for 

the optical characteristics of the system, including filters, mirrors, lenses, and the 

quantum efficiency of the detector (Meister et al., 2024). The RSR functions for 

OCI/PACE are available from the NASA Ocean Biology DAAC repository 

(https://oceancolor.gsfc.nasa.gov/resources/docs/rsr/sources/).   

The spectral adjustment is applied to simulate what the sensor would measure while 

considering the differences between its spectral response and the field measurement. 

This is accomplished by numerically integrating over the entire wavelength range where 

the RSR is significantly greater than zero (Eq. 10). The result of the convolution is a 

single value per band, exactly what the satellite would measure if it were in place of the 

field instrument. 

 (10) 𝑅𝑟𝑠𝑠𝑖𝑚 (λ) =  ∫𝑅𝑟𝑠𝑟𝑎𝑑 (λ)× 𝑅𝑆𝑅(λ)×𝑑λ
∫𝑅𝑆𝑅(λ)×𝑑λ

Where, Rrssim(𝜆) is the OCI/PACE simulated reflectance, Rrsrad(𝜆) is the reference 

hyperspectral data; and the RSR is the OCI/PACE Relative Spectral Response. 

2.4.3 Applying EOF-based model on PACE data 

The EOF‑based PFT model was applied to an OCI/PACE image from March 20th 2025, 

to test the mapping of the spatial distribution of PFTs in a zone of SWAO. First, a new 

 

https://oceancolor.gsfc.nasa.gov/resources/docs/rsr/sources/
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EOF analysis was performed using the in situ Rrs data spectrally convolved to the 

PACE/OCI band set. This step yielded the EOF loadings and scores characterizing the 

spectral variability of the simulated data. Subsequently, to derive PFT Chl‑a 

concentrations from the satellite imagery, the OCI/PACE Rrs data were standardized 

and projected onto the EOF loadings, generating a new set of EOF scores. 

These new scores were then used in the regression equation (Eq. 6) to retrieve the 

spatial distribution of Chl‑a for each PFT, employing the regression coefficients and 

intercepts previously determined from the EOF analysis of the in situ convolved data. 

Finally, spatial maps were produced for TChl‑a and for the following PFTs: 

Prasinophytes (Pras), Diatoms (Dia), Dinoflagellates (Dino), Haptophytes (Hapt), 

Cryptophytes (Cryp), Synechococcus (Syn) and Prochlorococcus (Proc). 

3. RESULTS 

3.1 Total chlorophyll-a and phytoplankton community composition 

Surface TChla varied considerably among the different oceanographic samplings in the 

SWAO, ranging from 0.05 to 13.71 mg m⁻³ (Figure 7). The highest concentrations were 

associated with periods of microalgal blooms off the coast of Santa Catarina/Brazil, in 

October 2023 and October 2024 (Figures 7a and 7b). Nevertheless, some stations within 

the lowest latitudinal band (20–25°S) deviated from this general pattern. Stations 80a 

and 80c close to Cape São Tomé, as well as stations 70 and 71 near the mouth of the 

Paraíba do Sul River, showed higher phytoplankton biomass and diversity than adjacent 

stations at similar latitudes (Figure 7f).  
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Figure 7. Phytoplankton functional types (PFTs) in the Southwest Atlantic Ocean 
(SWAO) coastal waters. The primary y-axis shows the relative contribution (%), and the 
secondary y-axis (white circles) shows the total phytoplankton biomass (in TChla 
[mg.m-3]). Letters separated by cruises or projects, with columns arranged from left to 
right in order of increasing distance between the station and the coastline. a) ReNOMO 
I; b) ReNOMO II; c) ReNOMO III; d) MCT II: 30-35°S; e) MCT II: 25-30°S; f) MCT 
II: 20-25ºS; g) INCT Mar COI. 

Similarly, Figure 7 also allows the observation of a clear differentiation in community 

structure along the coast‑offshore axis. At stations closest to the coastline, characterized 

diatoms predominated overwhelmingly, followed by minor contributions from 

cryptophytes and dinoflagellates. Moving towards the outer shelf and slope, a gradual 

replacement of these dominant groups by picoplanktonic forms was observed, 

predominantly cyanobacteria (Synechococcus and Prochlorococcus) and, to a lesser 

extent, haptophytes and prasinophytes.  

3.2 EOF-based analysis of the Rrs data 
The spectral shapes and magnitude of the in situ hyperspectral Rrs are shown in Figure 

08. In this figure, two distinct sets of water classes can be observed. One of them is 

characterized by a reflectance peak between 350 and 450 nm, in the violet and blue 
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wavelengths, a typical case of clear waters (Case 1 waters), where the water signal is 

predominant and there is a low optical contribution from phytoplankton (Mascarenhas 

& Keck, 2018). The second pattern, with a reflectance peak at 550 and 600 nm, within 

the green wavelength range, but with a less intense tail extending to 700 nm and the 

reduction in reflectance in the violet and blue spectrum, when compared to the spectra 

of clear water, suggests an optically more complex water (Case 2 water), where 

phytoplankton is the dominant signal and there are contributions from total suspended 

material (TSM) and colored dissolved organic matter (CDOM; Schalles, 2006). 

 

Figure 8. Remote sensing reflectance (Rrs) dataset. The grey lines indicate the spectral 
shapes and magnitude of each oceanographic station. The red line corresponding to the 
average spectra of the dataset. 

These Rrs spectra were used to derive the significant EOF modes (Figure 09). Eight 

significant EOF modes were identified, with the first four modes accounting for 99.85% 

of the total variance. EOF1 accounts for approximately 79% of the variability in the 

dataset, indicating low reflectance in the ultraviolet wavelengths (eg. 350 nm), followed 

by absorption across the remaining wavelengths, suggesting a feature likely associated 

with the signal of pure water. EOF2 explains 16% of the total variability in the dataset, 

exhibiting a pronounced valley between 350 and 500 nm, which may indicate the 

influence of CDOM absorption in the violet and blue wavelengths, as well as a peak 

between 500 and 700 nm, indicative of reflectance from suspended particles 
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(phytoplankton and non-algal particles). EOF3 explains 3.5% of the observed 

variability, showing a peak between 425 and 575 nm, suggesting reflectance driven by 

some type of phytoplankton organisms and absorption of non-algal particles. EOF4 

accounts for 0.8% of the variability, presenting two peaks, one between 400 and 550 nm 

and another between 625 and 700 nm, and a trough between 550 and 625 nm, indicating 

interactions associated with sets of accessory phytoplankton pigments. The remaining 

EOFs (EOF5, EOF6, EOF7, and EOF8) exhibit patterns that explain less than 0.1% of 

the variability. 

 

Figure 9. Distribution of the spectral loadings for the Empirical-Orthogonal Functions 
(EOF) modes derived from in situ hyperspectral remote sensing reflectance (Rrs) with 
their respective contribution (%) to the total variance. 

3.3 PFT model evaluation 
After the AIC selection, each PFT model was proposed (Table 02) as a linear regression 

with an intercept and regression coefficients for each EOF mode (as shown in Eq. 6). 

Each PFT employed between three and seven EOF modes, with Synechococcus being 
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the group that used the fewest EOFs in its formulation (e.g., EOF2, EOF6, and EOF8), 

whereas prasinophytes and cryptophytes used the greatest number (both excluding 

EOF7). EOF2 was the only component selected across all PFT models, suggesting that 

it likely captures the principal signal associated with phytoplankton, given both the 

proportion of explained variability and the optical component signatures it represents. 

Table 2. Estimated intercepts and EOF-based regression coefficients for each phytoplankton 
functional type (PFT) model. 

  Intercept EOF1 EOF2 EOF3 EOF4 EOF5 EOF6 EOF7 EOF8 
TChla -0.2136 -0.0077 0.0117 — -0.0522 — -0.0399 0.1183 — 
Pras -1.4031 -0.0115 0.0235 0.0148 -0.0421 -0.0839 -0.1057 — 0.2219 
Dia -0.9218 -0.0110 0.0188 — -0.0584 -0.0631 — 0.2038 -0.1745 

Dino -1.4965 -0.0088 0.0154 — -0.0463 — -0.0554 — 0.157 
Hapt -1.2025 -0.0033 0.0115 — -0.0337 — -0.1322 0.1275 0.1012 
Cryp -1.8208 -0.0174 0.0273 0.0132 -0.0870 -0.1367 -0.1269 — 0.2798 
Syn -1.0329 — 0.0040 — — — -0.0711 — 0.0957 
Proc 0.1747 -0.1058 0.0162 -0.2332 0.1901 — — 0.8093 — 

 

The model was evaluated by the regressions between TChla and PFTs Chla 

concentration determined by using HPLC-CHEMTAX (x‐axis) and the EOF‐based 

hyperspectral model prediction (y‐axis) (Figure 10). Although 71 oceanographic 

stations were obtained, with hyperspectral radiometric data and in situ PFTs, the number 

of concomitant samples for most groups varied because some groups were not detected 

in some stations. This is especially the case for Prochlorococcus, which was found in 

approximately half of the samples (n = 35). The full-fit correlation between in situ 

observed concentrations and those estimated by the EOF-based models for each PFT 

(Figure 10) demonstrated statistically significant agreement (p-value < 0.0001) for all 

groups. 
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Figure 10. Regressions between TChla and PFT chlorophyll-a concentrations 
determined by HPLC-CHEMTAX (x-axis) and those predicted by the EOF-based 
hyperspectral model (y-axis). The linear regression fit is shown in black, while the 1:1 
line is shown in red. Each blue point represents a matchup between model-estimated 
concentrations and in situ observations. 

Pearson’s correlation coefficients (Table 3) ranged from 0.48 to 0.93, indicating a strong 

positive linear relationship between the analysed variables for most PFTs. Only 

Synechococcus deviated, showing a moderate correlation (R = 0.48), deviating 

markedly from the pattern observed in the remaining groups. All other PFTs yielded 

correlations exceeding R = 0.70, including cryptophytes (R = 0.93), TChla (R = 0.92), 

dinoflagellates (R = 0.91), prasinophytes (R = 0.90), diatoms (R = 0.88), haptophytes (R 

= 0.87), and Prochlorococcus (R = 0.78), collectively indicating a consistent and robust 

linear association between the full fit measured variables for these groups. 

TChla was identified as the best-performing model according to the error metrics, 

exhibiting the lowest bias and MDPD (Table 04). The negative MDPD values, ranging 

from –22.4% to –5.9%, indicate that the model systematically underestimates the 

concentrations of all analyzed phytoplankton groups, with median percent deviations 

between 6% and 22% below the observed values. Conversely, most bias metrics are 

positive, suggesting overestimation for the majority of samples or groups, only 
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dinoflagellates and diatoms showed underestimation. This divergence between metrics 

may suggest that the error distribution of the model is asymmetric. In this case, the use 

of MDPD may be smoothing the effects of this asymmetry, being more centered on the 

underestimation of PFT concentrations, while bias, as an absolute metric, may be 

influenced by a few samples that are overestimated by the model, generating large 

positive deviations. In the specific case of dinoflagellates and diatoms, both indicators 

converged to underestimation, suggesting that, in fact, the model underestimates at least 

these groups. 

Table 3. Performance metrics for EOF-based models for Total Chlorophyll-a (TChla) and seven 
Phytoplankton Functional Types (PFTs), including Full-fit statistics and Cross-validation (cv) 
statistics. 

  N R MDAE MDPD bias Slope R_cv MDAE_cv MDPD_cv p-value 
TChla 71 0.92 0.1508 -5.94 1.67 0.8411 0.90 0.1712 -6.36 2.89E-29 
Pras 65 0.91 0.2711 -22.38 11.36 0.8233 0.76 0.3162 -24.87 2.13E-25 
Dia 70 0.88 0.3625 -15.56 -93.99 0.7755 0.85 0.4211 -18.09 9.57E-24 

Dino 71 0.90 0.2101 -12.68 -5.26 0.8161 0.88 0.2368 -13.81 4.45E-27 
Hapt 71 0.87 0.1653 -14.47 23.36 0.7616 0.84 0.1946 -16.35 3.60E-23 
Cryp 64 0.93 0.2315 -15.01 30.29 0.8588 0.84 0.3037 -15.30 4.84E-28 
Syn 71 0.48 0.1770 -16.96 9.67 0.2269 0.37 0.1804 -18.20 2.68E-05 
Proc 35 0.78 0.3239 -14.85 4.65 0.6127 0.66 0.4126 -19.91 2.77E-08 

 

Cross‐validation statistics were used to evaluate the robustness of the TChla and PFTs 

fitted regression models (Table 04). All the statistical parameters obtained from the 

cross-validation procedure were comparable or slightly poorer than the full fit statics 

parameters. In general, Pearson correlation coefficient (R_cv) ranged from 0.37 to 0.9, 

where TChla was the best performer and Synechococcus was the worst. Most of the 

PFTs still maintained a high correlation, except cyanobacteria forms, Prochlorococcus 

and Synechococcus, which present medium (R = 0.66) and low correlation (R = 0.37), 

respectively. MDPDcv also showed some degree of underestimation, ranging from 6 to 

24%, for TChla and all PFTs estimated, similarly to the full fit MDPD. 

3.4 PFT model implementation on satellite data (PACE) 
The EOF-based models were applied to an OCI/PACE imagery for March 20th 2025, in 

the SWAO continental shelf, to provide an example of the model application. The 

spatial maps were produced for TChla and all seven PFTs founded in this region (Figure 

11).  
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Figure 11. Spatial distribution of Total Chlorophyll-a (TChla, A), Diatoms (B), 
Prochlorococcus (C), Cryptophytes (D), Haptophytes (E), Synechococcus (F), 
Dinoglagellates (G) and Prasinophytes (H). These estimates were retrieved from Ocean 
Color Instrument (OCI) onboard NASA’s Plankton, Aerosol, Cloud, ocean Ecosystem 
(PACE) from March 20th 2025. Dark grey areas in the maps show clouds. Each panel 
has its own color scale to highlight specific features of PFT biomass.  

TChla exhibits higher concentrations in coastal regions closer to the continent, 

decreasing progressively with increasing distance offshore. A similar pattern, albeit less 

pronounced, is observed for diatoms, cryptophytes, haptophytes, dinoflagellates, and 

prasinophytes. In the case of Haptophytes and Dinoflagellates, despite their highest 

biomass occurring in proximity to the coast, they appear to exhibit a wider distribution 

extending into offshore waters. In contrast, cyanobacteria (Synechococcus and 

Prochlorococcus) display a more oceanic distribution, with Prochlorococcus confined 

to a zone farther from the coast, while Synechococcus shows a more homogeneous 

distribution across the image. The TChla distribution also reveals a filament-like 

offshore extension of higher phytoplankton biomass originating from the coastal zone, 

suggesting the advection of nutrient-enriched waters toward the open ocean. This 

feature is consistently observed in the distributions of diatoms, cryptophytes, 

haptophytes, dinoflagellates, and prasinophytes, but is absent in Prochlorococcus. Such 
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a pattern could indicate a localized nutrient enrichment driven by mesoscale or 

submesoscale processes (e.g., eddy activity and frontal dynamics), which promote the 

offshore transport of nutrient-rich coastal waters and enhance vertical mixing (Morales 

et al., 2017; Almeida et., 2025). 

4. DISCUSSION 

4.1 PFT modelling from hyperspectral Rrs in the SWAO coastal waters 

In the coastal region under study, to date, there have been no studies that have 

developed, adapted, or calibrated remote sensing models for the estimation of PFTs 

using a chemotaxonomic approach, establishing the present study as a pioneering 

contribution in this regard. However, bio-optical models have been proposed for the 

remote estimation of phytoplankton size classes.  

Notable among these is the model of Ciotti & Bricaud (2006), which proposed a 

bio-optical model to estimate a dominant phytoplankton size index. This model builds 

on previous analyses by Ciotti et al. (2002) and retrieves a spectral index of the 

dominant size class, related to variations in the phytoplankton absorption coefficient due 

to the packaging effect. This model was validated for the Brazilian continental shelf, 

which comprises optically complex Case 2 waters, using SeaWiFS data, with quite 

satisfactory results (Rudorff & Kampel, 2012). More recently, de Lima Oliveira et al. 

(2025) tested four approaches to estimate phytoplankton size classes from satellite data 

in the South Brazil Bight region. The models are based on the abundance method 

proposed by Brewin et al. (2010), which relates total chlorophyll‑a concentration to the 

picoplankton, nanoplankton, and microplankton fractions through exponential 

functions. The study found that the most regionalized approach, which included SST 

data as a modelling parameter, yielded the best results for the South Brazil Bight region, 

as it incorporates an environmental driver into the allocation of biomass among 

phytoplankton size classes (de Lima Oliveira et al., 2025). 

In respect to algorithms for functional groups specific to Brazilian coastal waters, 

studies are scarce. Rudorff & Kampel (2012), in a global review on remote sensing of 

PFTs, highlight that although models exist for coccolithophores (e.g., Brown & Yoder, 
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1994), Trichodesmium (e.g., Westberry et al., 2005), and diatoms (e.g., Sathyendranath 

et al., 2004), most were developed for other regions of the globe and have not been 

validated or calibrated for the Brazilian coast. Regarding pigment composition, Cunha 

et al. (2024) evaluated for the first time the applicability of ocean colour algorithms for 

functional groups in the Northeast region, initially applying the algorithm of El Hourany 

et al. (2019) to estimate six accessory pigments from GlobColour data. The authors 

indicated the feasibility of estimating dinoflagellates and haptophytes by satellite, albeit 

with limitations, especially for zeaxanthin estimation, due to the small in situ dataset 

and the need for more regional calibration. 

In this context, the aim of this research was to accurately estimate TChla and 

phytoplankton community composition in coastal waters of the SWAO, an 

unprecedented effort for this region. This was achieved through the use of an approach 

adapted from Bracher et al. (2015), employing hyperspectral radiometric measurements 

applied to a coastal region of complex waters (Case‑2 waters). Success was achieved 

(R_cv ≥ 0.7 and p‑value < 0.0001) in estimating TChla and five PFTs (diatoms, 

cryptophytes, dinoflagellates, haptophytes and prasinophytes), with moderate success 

for Prochlorococcus (R_cv ≥ 0.5 and p‑value < 0.0001), and systematic errors were 

found in the estimates for Synechococcus (R_cv < 0.5). 

In general, EOF‑based techniques for estimating cell abundance, pigment concentrations 

and PFTs Chla have been used with moderate success in the open ocean (Bracher et al., 

2015; Xi et al., 2020) and in a few optically complex coastal regions (Craig et al., 2012; 

Vishnu et al., 2025). However, in these coastal regions with Case‑2 waters, the Rrs 

signal, and consequently the EOF modes, is dominated not only by the absorption and 

scattering of water and phytoplankton, but also by other optical constituents such as 

CDOM, TSM and Non-Algal Particles (NAP; Kirk, 2010; Mascarenhas & Keck, 2018). 

Our study area, as described in section 2.1, is a dynamic oceanic region and is optically 

highly complex (Giannini et al., 2013). The influence of these components can be seen 

in the first three EOF modes (Figure 09), where these modes encompass the main 

optically active components of the water. 

Empirical EOF‑based models are intrinsically dependent on the quality, dynamic range, 

and spatio‑temporal representativeness of the datasets used in their training and 
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validation phases. One of the most direct pieces of evidence for this dependence comes 

from the finding that the dynamic range of the target group concentrations in the 

training set directly determines the model's ability to predict extreme or rare values 

(Craig et al., 2012; Lange et al., 2020). This can lead to a series of effects, such as poor 

predictive performance for groups whose concentration range is narrow (Vishnu et al., 

2025), failure to extrapolate to concentrations not represented in the training set (Craig 

et al., 2012), systematic underestimation of patch‑distributed groups due to sparse 

sampling (Lange et al., 2020), loss of consistency in long‑term time series due to lack of 

coverage of interannual variability and inter‑sensor inconsistencies (Xi et al., 2023), 

dilution of signals from rare groups by spatial averaging (Vishnu et al., 2022), and 

reduced model robustness due to an insufficient number of matchups (Xi et al., 2020). 

Furthermore, empirical models such as those based on EOF require continuous 

recalibration to keep pace with climate‑induced changes in phytoplankton assemblages, 

rendering them outdated and potentially biased if held static over time (Mouw et al., 

2017). 

In the regards of the bias metric (Table 03) diatoms stood out. Their bias reached -93%, 

which was substantially higher than that of the other PFTs. This happened because, at 

one specific oceanographic station, the observed diatom concentration was very close to 

1 mg m-3 (0.9787 mg m-3). When the logarithmic transformation was applied, values 

near 1 tended to zero.As the bias calculation (Eq. 9) involved a division by the observed 

value, which the denominator approached zero, and the bias metric became artificially 

inflated. Therefore, the high bias for diatoms does not necessarily reflect a 

disproportionately poor prediction, rather, it stems from a mathematical singularity 

arising from the combination of the logarithmic transformation and the structure of the 

bias metric. 

The cyanobacterial genera (Synechococcus and Prochlorococcus) were the groups that 

exhibited the poorest performance among the PFTs proposed by the EOF‑based models 

(Table 04), evidencing a recurring difficulty in estimating these organisms from 

hyperspectral Rrs measurements. Even in studies with global oceanic coverage, the 

retrieval of prokaryotes remains challenging (Xi et al., 2020), suggesting that the 

difficulty is inherent to the weak spectral signature of these groups at low surface 
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concentrations. This may be related to a number of different factors, among them the 

low magnitude and narrow range of the observed concentrations of these groups (Xi et 

al., 2020), thus constituting a limiting factor that may compromise the ability of EOF 

modes to extract pigments group‑specific signals (Bracher et al., 2015).  

The poor performance of our EOF‑based models for Synechococcus and 

Prochlorococcus contrasts with the retrievals founded in the model Multiple Ordination 

ANAlysis (MOANA), proposed by Lange et al. (2020) and offered as one of the 

provisional level 4 products of OCI/PACE (NASA, 2025b). MOANA was developed 

using a training dataset that covered a broad trophic gradient across the Atlantic Ocean, 

to set up regression models based on Rrs, flow cytometry cell counts, and sea surface 

temperature (SST), in order to estimate surface abundances of Prochlorococcus, 

Synechococcus, and autotrophic picocukaryotes in open ocean. MOANA training 

dataset covered from extensive oligotrophic gyres to mesotrophic high latitudes, where 

cyanobacteria forms dominate and strongly influence the optical signal (Flombaum et 

al., 2013; Lange et al., 2020). In contrast, the model proposed by the current research 

focused on coastal waters, where CDOM, TSM and NAP modify the magnitude and 

shape of the Rrs spectrum.  

Another factor that may be related to this limiting performance in estimating these 

groups is the fact that sea surface temperature (SST) was not included as a covariate in 

the proposed models, but was included in MOANA. This variable is extremely 

important because it is a constraint on the distribution of these cyanobacteria groups 

(Flombaum et al., 2013) and acts as a proxy for water‑column stratification, a 

fundamental condition for the development of Prochlorococcus in oligotrophic 

environments (Bouman et al., 2003; 2006). This suggests that incorporating SST as an 

additional covariate in our models could potentially enhance their performance for 

cyanobacteria, particularly Prochlorococcus, by accounting for the thermal and 

stratification niches that favor these groups. 

Additionally, zeaxanthin, one of the marker pigments for cyanobacterial groups, has 

shown weaker retrievals, particularly in environments where its concentration is low 

(Bracher et al., 2015; Chase et al., 2017). This points to an inherent limitation of surface 

remote sensing estimates for these groups when the model is based on pigment 
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composition and/or chemotaxonomic groups. Although zeaxanthin is a reliable indicator 

of cyanobacterial biomass, this pigment is not exclusive to the cyanobacterial lineage, as 

its presence in multiple co‑occurring genera could prevent the accurate discrimination 

between ecologically distinct groups (Pniewski, 2020; Sugiyama & Takaichi, 2020). 

Furthermore, the concentration of zeaxanthin is not static, it is dynamically regulated by 

the xanthophyll cycle, increasing markedly under high light (Pniewski, 2020; Giossi, 

2025). This physiological variability can decouple zeaxanthin concentration from actual 

cyanobacterial biomass, introducing additional uncertainty into remote sensing 

pigments-based retrievals. 

It also suggests that an approach similar to that of Lange et al. (2020), which relies on 

cell abundances rather than PFT Chla, could serve as an alternative for the remote 

estimation of cyanobacteria in coastal waters. Although MOANA was not directly 

developed for coastal environments, the authors explicitly state that the models could be 

retuned for such waters to account for the effects of CDOM, TSM and NAP on the 

spectral signature (Lange et al., 2020). Therefore, the two methodologies can be seen as 

complementary and, acting synergistically, would enable a more precise and accurate 

description of phytoplankton groups at the sea surface from ocean color remote sensing 

measurements. 

Despite the challenges in retrieving cyanobacteria groups, the model successfully 

captured expected spatial patterns of PFT distribution, as illustrated in the PACE image 

from 20 March 2025. Furthermore, the spatial EOF‑derived phytoplankton composition 

maps for 20 March 2025 revealed a decreasing TChla gradient from the coast toward 

the open ocean, with diatoms, cryptophytes, haptophytes, dinoflagellates and 

prasinophytes following a similar pattern, whereas cyanobacteria exhibited a more 

typically oceanic distribution. In this regard, this first example revealed spatial PFT 

distribution patterns that are consistent with the established oceanographic knowledge 

for this region of the southwestern Atlantic (e.g., Islabão et al., 2017; Brandini, 2018; 

Giannini et al., 2021; Bueno et al., 2025), and are further corroborated by the in situ 

findings described in section 3.1. These observations represent the first evidence that the 

proposed models are applicable and may be suitable for use with hyperspectral remote 

sensing data in the region. 
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Notably, the image also captured a filament‑like offshore extension, presented in section 

3.4, detected in all groups except Prochlorococcus. This is an interesting feature, as this 

biomass extension may indicate the influence of processes associated with the 

Brazil‑Malvinas Confluence, where a system of mesoscale eddies and frontal 

instabilities can promote the export of colder, nutrient‑rich shelf waters into the open 

ocean, a process that extends its influence northward to approximately 32‑33°S (Berden 

et al., 2020). Such processes favor phytoplankton groups that depend on greater nutrient 

availability, in contrast to cyanobacteria, which are adapted to oligotrophic conditions 

(Carvalho et al., 2022). 

Despite the ecological coherence of the patterns obtained, the PACE image also 

revealed important limitations of the models. Figure 11 reveals a saturation of PFTs 

biomass in inland waters, for which the models were not trained to provide reliable 

estimates. A second saturation pattern is observed in the Prochlorococcus distribution, 

where the nearshore region, where this group is not expected to occur, is characterized 

by apparent supersaturation. This type of misassignment in high‑chlorophyll areas has 

already been documented for reflectance‑based algorithms, which tend to overestimate 

picocyanobacteria in eutrophic coastal environments (Correa‑Ramirez et al., 2018). 

Such artefacts arise largely from extrapolating the model to optical and biogeochemical 

conditions not represented in the training dataset, especially when the dynamic range of 

the calibration data is insufficient for groups with low biomass contribution (Craig et 

al., 2012; Vishnu et al., 2025). This suggests potential instability in the model when 

handling concentrations near zero. 

To overcome this limitation, we recommend restructuring the original model by 

incorporating new training samples, especially for Prochlorococcus and Synechococcus, 

prioritizing points where these groups exhibit a dominant signal or higher 

concentrations, thereby expanding the model’s dynamic range and reducing saturation 

artefacts in shallow coastal environments (Xi et al., 2020). These improvements, 

together with extensive validation of the proposed models applied to OCI/PACE 

products and other hyperspectral platforms, will be essential to consolidate remote PFT 

estimates in the region, with independent validation using in situ pigment composition 
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data or new field campaigns representing an indispensable step in this process 

(Soja‑Woźniak et al., 2017; Mouw et al., 2017). 

4.2 PFT distribution in the SWAO coast and its ecological and biogeochemical 
impacts  

The phytoplankton groups estimated in this study (diatoms, dinoflagellates, 

haptophytes, prasinophytes, cryptophytes, Synechococcus and Prochlorococcus) play 

distinct and complementary roles in marine biogeochemical cycles, and that’s one of the 

reasons why is so important to have a way to estimate PFTs with high spatiotemporal 

resolution on ocean surface. In addition to having different relationships with 

biogeochemical cycles, PFTs serve as robust indicators of ecosystem functioning and 

represent essential tools for climate and ecological modelling (Le Quéré et al., 2005; 

Dutkiewicz et al., 2020). In the SWAO, the in situ surface distribution of these groups 

followed clear latitudinal and zonal patterns, modulated by regional oceanographic 

features (Figure 7). 

At lower latitudes, phytoplankton biomass was lower, driven by prevailing 

meteorological and oceanographic conditions (eg., notably higher temperatures and the 

oligotrophic nature of the dominant water masses). These conditions favoured the 

development of smaller PFTs, particularly picoplanktonic cyanobacteria and 

haptophytes (Brandini, 2018; Carvalho et al., 2022). Nevertheless, two notable 

exceptions were observed within the 20–25°S latitudinal band, close to stations 80a and 

80c near Cabo de São Tomé, as well as stations 70 and 71 near the mouth of the Paraíba 

do Sul River (Figure 7f). These stations exhibited higher phytoplankton biomass and 

diversity than adjacent sites at similar latitudes. Such deviations are consistent with 

local processes documented in the region. An eddy‑induced upwelling system is known 

near Cabo de São Tomé, associated with quasi‑stationary cyclonic meanders of the BC, 

whic can lift nutrient‑rich SACW onto the continental shelf, promoting surface 

divergence and increasing nutrient availability (Calado et al., 2010; Almeida et al., 

2025). Concurrently, the freshwater discharge of the Paraíba do Sul River introduces 

low‑salinity, silicate‑rich coastal water, which may enhance phytoplankton biomass and 

favour a more diverse community, including diatoms and certain dinoflagellates (Moser 

et al., 2014). 
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Figure 7 also reveals a clear differentiation in community structure along the 

coast‑offshore axis,  pointed on section 3.1. At stations closest to the coastline, 

characterised by greater physical turbulence and higher continental nutrient inputs, 

diatoms predominated overwhelmingly, followed by minor contributions from 

cryptophytes and dinoflagellates (Islabão et al., 2017; Brandini, 2018). From a 

biogeochemical perspective, the dominance of diatoms near the coast implies a tight 

coupling of the carbon and silica cycles, as their siliceous frustules enhance sinking and 

organic carbon export (Tréguer et al., 2018). Cryptophytes, though less abundant, 

contribute to carbon transfer within the microbial food web and are efficient grazer food 

(Qu et al., 2024). Dinoflagellates, even in low proportions, are relevant because many 

species are mixotrophic and some can form harmful algal blooms, which can cause a 

range of dermatological, hepatic, and neurological effects on the biota (Hamdan et al., 

2017; Calbet, 2025). 

Moving towards the outer shelf and slope, a gradual replacement of these coastal groups 

by picoplanktonic forms was observed, with cyanobacteria (Synechococcus and 

Prochlorococcus) becoming dominant, accompanied by smaller contributions from 

haptophytes and prasinophytes (Islabão et al., 2017). This pattern is a direct 

consequence of the shift from a well‑mixed, nutrient‑replete coastal regime to a 

stratified, oligotrophic regime offshore, where small‑celled organisms with high 

surface‑to‑volume ratios are better adapted to low nutrient availability (Brandini, 2018; 

Lima et al., 2019). In this oligotrophic regime, cyanobacteria have low sinking rates, so 

their biomass is largely recycled in surface waters, sustaining the microbial loop in the 

oceanic region (Ger et al., 2014). Moreover, some cyanobacteria are diazotrophic, 

capable of fixing atmospheric nitrogen, which directly influences the nitrogen cycle and 

confers a competitive advantage in  oligotrophic waters (Brandini, 2018). Haptophytes, 

though present in lower biomass in the same offshore waters, also exhibit distinct 

biogeochemical traits linked to their oceanic distribution. Their calcifying species 

produce coccoliths that enhance ballast but simultaneously release CO₂ during 

calcification, affecting the carbon cycle (Eikrem et al., 2016); conversely, non‑calcifying 

haptophytes produce dimethylsulfoniopropionate (DMSP), contributing to the marine 

sulfur cycle (Thomsen et al., 1994; Liu et al., 2009). 
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The clear differentiation along latitudinal and coast‑offshore gradients in PFT 

distribution reinforces the strong influence of regional oceanographic features on 

phytoplankton community structure (Brandini, 2018; Carvalho et al., 2022). The distinct 

biogeochemical roles played by each group underscore the relevance of resolving PFTs 

for understanding marine ecosystem functioning and biogeochemical fluxes (IOCCG, 

2014; Chase et al., 2022;  Li et al., 2023). Therefore, the ability to estimate PFTs from 

satellite remote sensing represents a critical step towards improving ecological and 

climate models in this dynamic and optically complex ocean region. 

4.3 Future prospects for PFT estimates on hyperspectral sensors 

The future of hyperspectral RS data is extremely promising, particularly with regard to 

the discrimination of PFTs. This is because the new spectral resolution, spanning to all 

across the visible radiation, represents a leap forward compared to traditional 

multispectral sensors (e.g., MODIS, VIIRS, MERIS, Sentinel-3), enabling the capture 

of subtle spectral features associated with accessory pigments, fluorescence, and particle 

scattering (Bracher et al., 2017; Cetinić et al., 2024). Nevertheless, despite significant 

advances, challenges remain when working with these hyperspectral data, particularly in 

the atmospheric correction process, in situ validation, and algorithm transferability, 

which must be overcome before remote estimates of PFTs reach their full potential. 

PRISMA is a hyperspectral sensor and has been tested in inland and coastal waters for 

more general retrievals, such as TSM, CDOM, and Chla (Niroumand-Jadidi et al., 2020; 

Bresciani et al., 2022), but also for specific phytoplankton pigments such as 

phycocyanin (Lima et al., 2023). However, despite results showing good agreement 

with in situ data, discrepancies related to glint effect and atmospheric correction have 

been observed, especially in the blue bands (Niroumand-Jadidi et al., 2020). Pellegrino 

et al. (2023) suggested that this limitation could be due to the fact that the standard 

PRISMA products processor was designed for terrestrial applications. Atmospheric 

correction also poses a challenge for EnMAP data, exhibiting underestimation of water 

reflectance and spectral noise at wavelengths below 450 nm, in addition to being 

optimized for clear waters (Soppa et al., 2024). 
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The OCI/PACE reflectance data used in this study to estimate PFTs from space are 

provisional Level‑2 products processed with the standard heritage atmospheric 

correction algorithm (Werdell et al., 2024; NASA, 2025a). Although effective in open 

oceans, this algorithm has known limitations in optically complex coastal waters, as it 

does not handle absorbing aerosols well, ignores non‑zero water reflectance in the 

near‑infrared, and suffers from adjacency and sun glint effects (Frouin et al., 2019). 

These uncertainties may affect the EOF model estimates, especially in coastal regions 

with high CDOM and TSM loads. In addition to the intrinsic limitations of the EOF 

models, the quality of the input reflectance data is also affected by the applied 

atmospheric correction method. To circumvent these limitations, we recommend testing 

alternative processors such as POLYMER (Steinmetz et al., 2011; Steinmetz & Ramon, 

2018) or ACOLITE (Vanhellemont & Ruddick, 2016; Vanhellemont & Ruddick, 2018). 

Future studies may compare the effect of different atmospheric corrections on the 

EOF‑based PFT estimates presented in this work. 

With regard to phytoplankton composition and PFTs, the MOANA (Multiple Ordination 

ANAlysis) algorithm has been implemented on a provisional basis for OCI/PACE 

operational processing stream and provides cell abundance estimates of 

Prochlorococcus, Synechococcus and autotrophic picoeukaryotes (Lange et al., 2020; 

NASA, 2025b). In addition to MOANA, the scientific community has developed 

experimental approaches that more broadly exploit the hyperspectral capability. 

HyperPFT, for example, uses an ensemble of Transformer networks trained on a dataset 

expanded by spectral reconstruction via a Generative Adversarial Network, allowing the 

estimation of eight functional groups and providing per‑pixel uncertainty (Zhang et al., 

2026). The XGBoost‑based model employs decision trees and Shapley Additive 

Explanations analysis, achieving high accuracy for diatoms, cyanobacteria and 

coccolithophores, although with lower performance for dinoflagellates (Craig & 

Karaköylü, 2025). In this sense, the present study joins other research groups in 

breaking new ground, seeking to accurately estimate PFTs from space. 

5. CONCLUSION 

The results demonstrate that phytoplankton biomass and composition in the 

Southwestern Atlantic are strongly regulated by environmental gradients operating 
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across multiple scales. A consistent latitudinal pattern was observed, with lower Chla 

concentrations at lower latitudes, associated with warmer, oligotrophic waters that favor 

small-sized organisms such as cyanobacteria. However, relevant local deviations, such 

as those observed near Cabo de São Tomé and at the mouth of the Paraíba do Sul River, 

in the Southeastern coast, indicate that regional processes, including upwelling induced 

by meanders of the Brazil Current and fluvial input, can enhance nutrient availability 

and promote more diverse and productive communities. This finding underscores the 

importance of the interactions between mesoscale physical forcing and coastal processes 

in structuring phytoplankton communities. 

Along the coast–ocean gradient, the data reveal a clear replacement of functional 

groups, reflecting changes in the physicochemical properties of the water. Coastal 

regions, characterized by higher turbulence and nutrient availability, were dominated by 

diatoms, whereas stratified oceanic areas favored the dominance of picoplankton, 

particularly cyanobacteria. This pattern was consistent across both in situ observations 

and model-derived estimates, indicating that phytoplankton community variability can 

be interpreted as a predictable ecological response to environmental conditions. 

Furthermore, spectral analysis based on EOF proved effective in capturing the main 

optical components of the water column, clearly distinguishing between Case 1 and 

Case 2 waters and highlighting the dominant role of constituents such as phytoplankton, 

CDOM, and TSM in modulating the optical signal. 

EOF-based models exhibited robust performance for most functional groups and for 

TChla, with high correlations and statistical significance, confirming the potential of 

this approach for applications in optically complex coastal waters. Nevertheless, the 

presence of systematic errors, particularly the generalized underestimation and the 

poorer performance for cyanobacteria, reveals important limitations. These limitations 

are associated with both the low representativeness of these groups in the training 

dataset and their weak spectral signature at low concentrations, as well as the absence of 

relevant environmental variables such as sea surface temperature. Discrepancies among 

error metrics also suggest asymmetric residual distributions, emphasizing the need for 

careful evaluation of the statistical indicators employed. 
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Finally, the application of the models to PACE satellite data demonstrated their ability 

to reproduce ecologically consistent spatial patterns, such as the coastal–ocean gradient 

and the offshore export of biomass in the form of filaments associated with mesoscale 

processes. For the first time in the SAWO region, we provide unprecedented evidence 

of these patterns based on a regional bio-optical model. However, it also revealed 

significant limitations related to extrapolation under conditions not represented in the 

training dataset, such as saturation effects in coastal waters and the overestimation of 

Prochlorococcus nearshore. These results suggest that, although promising, the 

approach requires further refinement, including the expansion of calibration datasets, 

improved representation of rare groups, and testing with different atmospheric 

correction algorithms. Overall, this study represents a significant advancement in the 

remote estimation of phytoplankton functional types, while also clearly delineating the 

challenges that must be addressed for more reliable operational applications. 
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CAPÍTULO 3: CONCLUSÕES 

A presente dissertação de mestrado teve como objetivo central propor modelos de 

estimativas de grupos funcionais de fitoplâncton (PFTs) a partir de composição 

pigmentar e da reflectância hiperespectral de superfície, em uma região costeira, 

visando sua aplicação desses em dados satelitais. A área de estudo englobou águas 

costeiras do Oceano Atlântico Sudoeste (SWAO), uma região opticamente complexa 

(águas do Caso 2). Para tal modelagem, foi empregada uma abordagem baseada em de 

Funções Ortogonais Empíricas (EOF), adaptada de Bracher et al. (2015). Os resultados 

demonstraram que o modelo proposto foi bem‑sucedido (R_cv ≥ 0,7 e p‑valor < 0,0001) 

na estimativa da TChla e de cinco grupos funcionais do fitoplâncton (diatomáceas, 

criptófitas, dinoflagelados, haptófitas e prasinófitas), enquanto obteve desempenho 

moderado para Prochlorococcus (R_cv ≥ 0,5) e insatisfatório para Synechococcus (R_cv 

< 0,5). Dessa forma, os objetivos originais da pesquisa foram atendidos de maneira 

ampla, com a ressalva das limitações inerentes à estimativa de cianobactérias em 

ambientes costeiros. 

Do ponto de vista teórico, a presente dissertação traz avanços ao demonstrar que 

métodos empíricos baseados em EOF, tradicionalmente aplicados em águas oceânicas 

(Caso 1), podem ser adaptados com sucesso para regiões costeiras opticamente 

complexas, onde o sinal de reflectância é dominado não apenas pela água pura e 

fitoplâncton, mas também por matéria orgânica dissolvida colorida (CDOM), material 

particulado em suspensão (TSM) e partículas não‑algais (NAP). Na análise dos modos 

da EOF encontrou-se que a maior parte da variabilidade estava contida nos primeiros 

quatro modos de variabilidade, de forma que foi possível caracterizar os principais 

componentes opticamente ativos, contribuindo para a compreensão dos padrões ópticos 

da área de estudo. De forma prática, foi possível utilizar a compreensão desses padrões 

ópticos para propor modelos para estimar a concentração da Clorofila-a Total (TChla) e 

a da Chla de PFT elencado.  

Ao se realizar um primeiro exemplo de uso dos modelos propostos em uma imagem, do 

sensor OCI/PACE, pode-se observar padrões de distribuição espacial dos PFTs, 

marcando um gradiente costa‑oceano, com dominância de diatomáceas em regiões 
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costeiras eutróficas e de cianobactérias em águas oligotróficas oceânicas. Os achados 

são ecologicamente consistentes com o conhecimento oceanográfico consolidado para o 

Atlântico Sudoeste, conforme o conhecimento oceanográfico estabelecido para a região. 

Isso nos fornece uma primeira evidência de que os modelos propostos podem ser 

aplicados com confiabilidade em produtos oriundos de sensoriamento remoto, 

requerendo ainda uma posterior validação extensa com dados independentes. 

A capacidade de estimar a composição funcional do fitoplâncton em alta resolução 

espaço‑temporal a partir de dados hiperespectrais orbitais têm aplicações diretas na 

gestão de ecossistemas costeiros, no monitoramento de florações de algas nocivas 

(FANs), na aquicultura, na modelagem pesqueira e na conservação marinha. Em um 

contexto mais amplo, a capacidade de discriminar grupos funcionais a partir do espaço 

permite que pesquisadores e agências governamentais aprimorem a parametrização de 

ciclos biogeoquímicos em modelos climáticos, reduzindo incertezas associadas ao papel 

do oceano no sequestro de carbono. A inclusão de informações sobre a composição da 

comunidade fitoplanctônica, não apenas sua biomassa total, torna as projeções sobre o 

futuro do ciclo do carbono mais realistas e robustas. 

Apesar dos avanços, também foram identificadas limitações importantes que devem ser 

solucionadas em pesquisas futuras. O desempenho inferior para cianobactérias, 

especialmente do Synechococcus, foi atribuído à reduzida faixa de variação das 

concentrações desse grupo observadas no conjunto de treinamento, assim como a 

limitação do método em relação ao pigmento marcador zeaxantina e à ausência da 

temperatura da superfície do mar (SST) como variável preditora do modelo. 

Recomenda‑se, portanto, a incorporação de novas amostras de treinamento na 

modelagem, prioritariamente em locais onde as cianobactérias apresentem um sinal 

dominante ou concentrações mais elevadas, de modo a expandir a faixa dinâmica do 

modelo e reduzir artefatos de subestimativa e de saturação. Sugere-se, ainda, testar a 

inclusão da SST como covariável em futuras iterações do modelo. 

 


	LISTA DE TABELAS 
	LISTA DE FIGURAS 
	 
	LISTA DE EQUAÇÕES 
	 
	LISTA DE ACRÔNIMOS 
	RESUMO 
	ABSTRACT 
	PREFÁCIO 
	     CAPÍTULO 1: INTRODUÇÃO 
	1.​DIVERSIDADE DO FITOPLÂNCTON MARINHO 
	2.​BIO-ÓPTICA MARINHA NA DETECÇÃO DE PFTs  
	3.​OBJETIVOS 
	Objetivo Geral: 
	Objetivos Específicos: 

	REFERÊNCIAS BIBLIOGRÁFICAS 

	CAPÍTULO 2: ARTIGO CIENTÍFICO 
	1. INTRODUCTION 
	2. METHODS 
	2.1 Study Area 
	2.2 Data Acquisition and Analyses 
	2.2.1 Phytoplankton pigments and PFT concentrations  
	2.2.2 In Situ Hyperspectral Reflectance  
	2.2.2.1 In-water: HyperPRO 
	2.2.2.2 Above-water HyperSAS 


	2.3 EOF-based model for PFT retrieval 
	2.4. Application of the EOF-PFT model to satellite data 
	2.4.1 Plankton, Aerosol, Cloud, ocean Ecosystem (PACE) data 
	2.4.2 Spectral Convolution of in situ Rrs to PACE Rrs 
	2.4.3 Applying EOF-based model on PACE data 


	3. RESULTS 
	3.1 Total chlorophyll-a and phytoplankton community composition 
	3.2 EOF-based analysis of the Rrs data 
	3.3 PFT model evaluation 
	3.4 PFT model implementation on satellite data (PACE) 

	4. DISCUSSION 
	4.1 PFT modelling from hyperspectral Rrs in the SWAO coastal waters 
	4.2 PFT distribution in the SWAO coast and its ecological and biogeochemical impacts  
	4.3 Future prospects for PFT estimates on hyperspectral sensors 

	5. CONCLUSION 
	ACKNOWLEDGEMENTS 
	REFERENCES  

	CAPÍTULO 3: CONCLUSÕES 

