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ABSTRACT
Phytoplankton underpin marine food webs and carbon cycling, 
converting dissolved carbon dioxide into organic matter and 
exporting it to deeper layers. However, these organisms are sensi
tive to environmental changes that affect their growth and com
munity structure differently, which may be represented by their 
taxonomic structure or cell size categories. Consequently, there is 
increasing interest in developing and improving satellite-based 
models for estimating the abundance of phytoplankton size classes 
(PSCs) and different taxonomic groups. Satellites can reliably esti
mate two key properties related to phytoplankton biomass and 
ocean dynamics: chlorophyll-a concentration (Chla), the primary 
pigment of phytoplankton, and sea surface temperature (SST), 
which is associated with water masses and often related to nutrient 
availability. In this study, we tested different approaches and devel
oped regional models to retrieve PSCs from satellite data. The 
regional models were fitted to the South Brazil Bight (SBB) in the 
Southwestern Atlantic Ocean. The in situ training and validation 
datasets were obtained from oceanographic cruises conducted in 
the SBB during 2019–2022. We applied different model parameter
isation schemes to compare SST-independent and SST-dependent 
models with both global and regional fits. The models were applied 
to both in situ data and satellite observations from Ocean and Land 
Colour Instrument (OLCI) sensors on board Sentinel 3A and 3B 
satellites, alongside the Multi-scale Ultra-high Resolution (MUR) 
SST product. The regional SST-dependent approach consistently 
outperformed alternatives across all size classes, achieving correla
tion coefficients (ρ) greater than 0.7, bias less than 0.14, and mean 
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absolute error (MAE) of less than 0.36. By comparison, the regional 
SST-independent approach (ρ > 0.54, bias < 0.17, MAE < 0.38) and 
the global SST-dependent approach (ρ > 0.59, bias < 0.11, and MAE  
< 0.40) showed weaker performance. These results highlight the 
importance of regional SST-dependent models for improving PSC 
estimation accuracy in the SBB and similar regions where SST 
variability affects nutrient availability, phytoplankton biomass, and 
community structure.

1. Introduction

Phytoplankton, being at the base of the food web in the pelagic marine ecosystem, serves 
as the primary link between atmospheric carbon uptake and the biological realm. 
Consequently, phytoplankton play a pivotal role in biological processes that are critical 
to the biogeochemical carbon budget. Phytoplankton cell size determines the fate of 
assimilated carbon: for example, smaller phytoplankton cells remain suspended longer in 
the upper ocean layer, whereas larger cells sink faster, preferentially transporting the 
organic carbon in the cells to the deep ocean. A part of the motivation to identify and map 
phytoplankton size classes (PSCs) or taxonomic groups by satellite remote sensing is to 
improve the spatial and temporal coverage of observations. Such products are essential 
for validating biogeochemical models, a task that cannot be fully accomplished by in situ 
sampling techniques alone.

The advent of ocean colour sensors has facilitated the acquisition of quasi-synoptic 
global distributions of marine phytoplankton, typically represented by the concentration 
of chlorophyll-a (Chla), the major phytoplankton pigment (Jeffrey 1997). For nearly three 
decades, missions equipped with sensors dedicated to ocean-colour applications have 
been operating (Groom et al. 2019). These data have proven to be a valuable resource for 
detecting changes in phytoplankton dynamics in a warming climate (Behrenfeld et al. 
2016; Dutkiewicz et al. 2019). Several models have been developed to take satellite 
products beyond total Chla to estimates of PSCs (Brewin et al. 2010, 2011, 2015; Sun et 
al. 2023; Turner et al. 2021). Abundance-based models that use Chla to underpin the size 
partitioning have been extensively used with good results for both global and regional 
applications (Brewin et al. 2010, 2011, 2015; Sun et al. 2023; Turner et al. 2021). Some of 
these approaches have incorporated ancillary data such as sea surface temperature (SST) 
in addition to ocean colour, thereby adding an environmental context to the models 
(Brewin et al. 2017; Sun et al. 2023). Other types of models exploit the spectral qualities of 
the ocean-colour signal. Some algorithms are based on spectrally resolved water-leaving 
radiance (Alvain et al. 2005, 2008; Li et al. 2013; Sun et al. 2025), whereas others are based 
on the light absorption coefficient (Ciotti and Bricaud 2006; Devred et al. 2011) or back
scatter coefficient (Kostadinov, Siegel, and Maritorena 2010). These approaches will 
potentially benefit from the utilisation of hyperspectral sensors, such as the Plankton, 
Aerosol, Cloud, ocean Ecosystem (PACE) satellite launched in 2024, which is equipped 
with the Ocean Colour Instrument (OCI). A primary objective of the mission is to improve 
the retrieval of the composition of phytoplankton communities from space (Cetinić et al. 
2024). However, alongside advances in retrieval schemes that employ hyperspectral data, 
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there is also a recognized need to access long-term changes using historical ocean-colour 
time series from multispectral sensors (e.g. SeaWiFS, MODIS, VIIRS, MERIS, and OLCI, 
among others). Furthermore, there is a pressing need for further improvements in PSC 
retrieval in coastal environments are critical, given the optically complex nature and high- 
frequency dynamics of these waters.

Recent studies have suggested that incorporating SST into abundance-based models 
could enhance the estimation of PSC, given that a decrease in phytoplankton size is frequently 
observed alongside an increase in temperature, and vice versa. Models that depend only on 
Chla, would not be able to capture such a temperature dependence. In fact, improvements of 
this kind have been demonstrated using this approach (e.g. Brewin et al. 2017; Sun et al. 2023). 
Here, we focus on models designed to retrieve the size structure of phytoplankton commu
nities using multispectral ocean-colour data, alongside SST data. The SST incorporation in the 
model is based on two aspects: the influence of temperature on phytoplankton physiology, 
such as the maximum of photosynthesis at light saturation conditions and also nutrient 
uptake rates (López‐Urrutia and Morán 2015), and its covariation with nutrient availability 
(Brewin et al. 2017; Marañón et al. 2012). Typically, relatively colder water masses are richer in 
nutrients, especially under upwelling conditions. Furthermore, SST is routinely obtained from 
thermal infrared and microwave sensors and is a well-established, validated, and accurate 
variable (Minnett et al. 2019), which is available from satellites. As ocean-colour and SST are 
independent datasets, they are not subject to the same errors and interferences, making SST a 
robust complement to ocean-colour data for use in PSC models.

There are several global PSC models (Brewin et al. 2010; Devred et al. 2006; Hirata et al. 
2008; Sun et al. 2023), which are not generally considered optimal for regional applications 
(Oliveira et al. 2025). In the global ocean, latitudinal and seasonal differences, such as light 
limitation in high latitudes during the winter (Arteaga, Pahlow, and Oschlies 2014), and 
nutrient limitation in tropical and subtropical regions (Arteaga, Pahlow, and Oschlies 2014; 
Martiny et al. 2013), can influence phytoplankton growth. In addition, shelf and coastal waters 
may pose additional challenges to the parametrisation of models that are not considered in 
global models. These include the influence of suspended material and coloured dissolved 
organic matter in the underwater light field, various sources and processes regulating the 
intrusion of nutrients up to the surface, and a more diverse phytoplankton community. 
Consequently, the employment of regionally tuned models may yield more precise outcomes 
concerning phytoplankton size structure (Turner et al. 2021).

The present study focuses on improving a recently developed regional abundance- 
based model for a subtropical shelf region (Oliveira et al. 2025) by incorporating SST 
dependence into the model. Two variants of incorporating SST dependence into regional- 
tuned model are investigated, and the performance is evaluated against regional SST- 
independent and global SST-dependent algorithms.

The study area encompasses the continental shelf of the South Brazil Bight, located 
within the Southwestern Atlantic Ocean. This region is of particular interest due to its 
dynamic oceanographic processes, including seasonal coastal upwelling and mesoscale 
eddies and meandering of the Brazil Current (Castro 2014; Silveira et al. 2023). Earlier 
studies (Oliveira et al. 2025; Oliveira et al. 2021) have suggested that temperature 
significantly influences PSC in the study region. This study aims to assess whether 
incorporating SST dependencies can improve PSC retrieval accuracy, evaluating both in 
situ and satellite performance of the models.
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2. Methodology

2.1. Study area

The South Brazil Bight (SBB), located in the Southwestern Atlantic Ocean, is bounded to 
the north by Cabo Frio (23° S) and to the south by Cabo de Santa Marta (28.4° S). The 
western continental side is bordered by the coastal regions of the following states: Rio de 
Janeiro (RJ), São Paulo (SP), Paraná (PR), and Santa Catarina (SC), and the eastern offshore 
side is delineated by the 3000 m isobath (see Figure 1).

The hydrography structure of the SBB has been extensively documented in previous 
studies (Castro and Miranda 1998; B. Castro et al. 2006; Emílsson 1961; Miranda 1982; 
Silveira et al. 2000). According to Silveira et al. (2000) and Mahiques et al. (2004), certain 
characteristics of the SBB continental shelf structure impact its hydrodynamics and 
sedimentological patterns. These characteristics include its width along the shelf, which 
is shorter in the northern portion (Cabo Frio) varying from 50 to 60 km, and wider in the 
centre portion (off Santos) varying from 200 to 230 km. And the orientation of the coast
line is from E-W direction in the northern portion and NE-SW direction further south.

Three main water masses are placed over the continental shelf, slope, and oceanic 
domains. The Tropical Water (TW) is a warm ( > 20°C), saline ( > 36), and nutrient-poor 
water mass that dominates the surface ocean layer and is transported southward along 

Figure 1. The South Brazil Bight in the Southwestern Atlantic Ocean. Sampling stations represented by 
black triangles and bathymetry in meters (GEBCO Compilation Group 2024).
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the continental slope by the Brazil Current (Castro et al. 2006; Emílsson 1961), also 
extending over the continental shelf near the shelf break (Silveira et al. 2000). The 
South Atlantic Central Water (SACW) underlies the TW and is characterised by lower 
salinity (34.6–36), lower temperatures ( < 20°C), and high nutrient concentrations, with 
seasonal upwelling on the inner- and mid-shelf driven by persistent north-easterly winds 
that enhance vertical transport during the austral spring and summer (B. M. Castro and 
Miranda 1998; Cerda and Castro 2014; Brandini, Tura, and Santos 2018). The Coastal Water 
(CW) occupies the nearshore surface layer formed by the mixing of TW, SACW, and low 
salinity freshwater from river discharge (Castro and Miranda 1998). A fourth water mass, 
the La Plata Plume Water (PPW) is characterised by low salinity ( < 33.5) and low tem
perature ( > 10 °C), in addition to variable nutrient concentrations (Möller et al. 2008), and 
exerts a notable influence within the southernmost region of the SBB, particularly in the 
vicinity of São Sebastião Island. The influence is indicated by the Subtropical Shelf Front 
(SSF) which transports the PPW northwards (Brandini, Tura, and Santos 2018).

The water column is subject to the influence of atmospheric processes, including the 
passage of cold fronts during the austral winter and spring months. These events result in 
a shift in prevailing winds from a northeast to a southeast direction, thereby enhancing 
water column mixing (de Castro Filho et al. 2015). Mesoscale oceanic eddies along the 
meandering Brazil Current front drive the SACW onto the shelf as the current flows south- 
westward along the shelf break (Campos, Velhote, and Silveira 2000; Silveira et al. 2000), 
while in the winter, there is the northward advection of the PPW into the SBB (Brandini, 
Tura, and Santos 2018; Piola et al. 2000). Collectively, these processes influence the 
hydrographic conditions of the SBB region, thereby affecting variability in phytoplankton 
assemblages (Oliveira et al. 2021).

Several studies have examined phytoplankton distribution patterns and their rela
tionships with environmental drivers in the SBB (Alves Junior et al. 2015; Bergo et al. 
2017; Ribeiro et al. 2016; Tenenbaum et al. 2004; Villac, Cabral-Noronha, and Pinto 
2008). Though these studies are somewhat geographically limited and seasonally 
fragmented, there are clear cross-shelf differences in phytoplankton composition, 
characterised by differences in the relative importance of phytoplankton groups 
such as diatoms, dinoflagellates, cyanobacteria, and picoeukaryotes (Brandini 2018). 
With respect to pico-sized phytoplankton, a numerical dominance of cyanobacteria is 
commonly observed at the surface of the mid- and outer-shelf regions, and is influ
enced by the proximity of oligotrophic, warm waters from the Brazil Current, leading 
to low nutrient concentrations (Alves Junior et al. 2015; Bergo et al. 2017; Ribeiro et al. 
2016). Within the euphotic zone at the mid and outer-shelf regions, the genus 
Synechococcus belonging to the cyanobacteria group, and flagellated picoeukaryotes 
exhibit higher abundances. However, at the shelf break, this community is replaced by 
cells belonging to the genus Prochlorococcus of the same order (Synechococcales) as 
Synechococcus, under the extremely oligotrophic conditions of the water column. 
Conversely, nearshore areas display a distinct phytoplankton composition, where the 
background of pico-sized phytoplankton is supplemented by a remarkably diverse 
coastal phytoplankton assemblage of larger organisms, particularly in upwelling areas 
and those influenced by estuarine inputs (Brandini et al. 1997; Fernandes and Brandini 
2004; Valentin, Andre, and Jacob 1987). The dominant taxonomic groups in these 
coastal regions are diatoms and flagellated cells of nano- and micro-sized 

8788 A. L. OLIVEIRA ET AL.



phytoplankton (Fernandes and Brandini 2004; Tenenbaum et al. 2004; Villac, Cabral- 
Noronha, and Pinto 2008). The distribution of these diatom-rich waters along the inner 
shelf is primarily influenced by tidal and geostrophic currents (Brandini 2018).

2.2. In situ sampling and measurements

The in situ dataset was obtained from oceanographic cruises carried out as part of the 
Regional Environmental Characterisation of the Santos Basin (PCR-BS) project (Moreira et 
al. 2023). The sampling grid followed the isobaths of eight transects perpendicular to the 
coastline, from shallow (continental shelf) to deep waters (continental slope and plateau). 
The number of stations in each transect ranged from 6 to 8, depending on the extent of 
the continental shelf, yielding a total of 60 stations that were sampled twice to encompass 
the austral winter/early-spring (8 August 2019 to 27 October 2019) and summer/early- 
autumn (14 December 2021 to 29 March 2022) seasons, with a total of 120 surface (≤5 m) 
water samples, to support satellite-based analysis.

Vertical profiles of water-column temperature and salinity, as well as the maximum 
Chla concentration and mixed-layer depths were obtained with a Sea-Bird Electronics 
9plus CTD profiler equipped with a pressure, conductivity, and chlorophyll-a fluorescence 
sensor, among others, deployed at each station.

Surface seawater samples were collected directly from the Niskin bottles and filtered 
onto Whatman GF/F filters using a 60 ml polypropylene syringe coupled to a 25 mm filter 
holder for laboratory analyses of dissolved inorganic nutrients. Prior to each station, the 
syringe was washed with Milli-Q ultrapure water and rinsed thrice with sample water. 
Seawater samples were collected in 10 ml sterilized Falcon bottles for nitrate, nitrite, 
phosphate and silicate analyses, and in 25 ml amber glass bottles previously rinsed with 
10% HCl for ammonium samples. All samples were collected in triplicate and stored at −  
20°C until laboratory analysis. At the onshore laboratory, the concentrations of nitrate, 
nitrite, phosphate, and silicate were determined using an AA3-Seal autoanalyzer, while 
ammonium was determined using a Hitachi U-1100 spectrophotometer (Grasshoff, 
Kremling, and Ehrhardt 1999).

For the analysis of phytoplankton pigment, 5 L of seawater were filtered using 25 mm 
diameter GF/F membrane filters (Millipore, MA). The filters were then stored in liquid 
nitrogen until laboratory analysis. The concentrations of primary and secondary pigments 
were obtained using the High Performance Liquid Chromatography (HPLC) method as 
described in Sanz et al. (2015), with quality control as described in Aiken et al. (2009).

Duplicate subsamples for the analysis of the absorption coefficient of coloured dis
solved organic matter (CDOM) were filtered by gravity directly from Niskin/Go-Flow 
bottles using a Whatman Polycap Aqueous Solution filter device with a pore size of 
0.2 μm. These subsamples were stored in pre-combusted glass bottles wrapped in alumi
nium foil and kept refrigerated (4 °C) until further laboratory analysis (Mannino et al. 
2019). The CDOM absorption coefficient was determined by spectrophotometric absor
bance measurements of the filtered CDOM samples at room temperature in a 0.1 m 
optical path quartz cell in an onshore laboratory.

The absorption coefficient of particulate matter was measured by filtering up to 2 L of 
water samples on board in duplicate using 25 mm Whatman GF/F (0.7 μm nominal pore 
size) filters, with the time of filtration not exceeding 40 min. The filters were stored in 
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liquid nitrogen until laboratory analysis. The absorption coefficient of particulate matter 
was determined onshore using the transmittance-reflectance method (Tassan 2002) using 
a Shimadzu UV-2450 dual-beam spectrophotometer equipped with an integration 
sphere. For the absorption coefficient of detritus, a sodium hypochlorite solution with 
around 0.1% of active Cl (NaClO) was added to the filter after the measurement of the 
absorption of particulate matter (described above). This solution bleaches the phyto
plankton pigments, and after 15 min, it is gently washed from the filter, which is measured 
again for the absorption coefficient of detritus (Tassan and Ferrari 1995, 2002). The 
absorption coefficient of phytoplankton is obtained by subtracting the absorption coeffi
cient of detritus from the absorption coefficient of the particulate matter (Tassan and 
Ferrari 1995, 2002). The absorption coefficients of CDOM, particulate matter, detritus and 
phytoplankton were analysed using the same spectrophotometer. For further details on 
measurements, stations, and analysis, please refer to Moreira et al. (2023).

2.3. Satellite data

For the satellite application, Sentinel-3A and −3B OLCI images, with a nominal spatial resolu
tion of 300 m and daily revisits, were downloaded for the sampling days of the validation 
dataset from <https://search.earthdata.nasa.gov/search. > . The images were processed using 
NASA’s SeaDAS software version 8.1, from L1 to L2, through the Ocean Colour (OC) suite. The 
Chla algorithm is a mixed version of OC4 (O’Reilly and Werdell 2019) and CI (colour index) (Hu, 
Lee, and Franz 2012) as described by J. Werdell et al. (2023). When Sentinel-3A and −3B Ocean 
and Land Colour Instrument (OLCI) images were both available matching the sampling date 
and location, the image closer to the local time of sampling was selected. In situ data were 
matched with the processed satellite images using a window of 3 × 3 pixels centred on the 
sampling locations. The matchup was considered valid if the windows contained a minimum 
of five valid pixels and a coefficient of variance no greater than 20% (Stock and Subramaniam 
2020). For the valid matchups, the median value was used.

For models requiring SST, we used the Group for High Resolution Sea Surface 
Temperature (GHRSST) Multi-scale Ultra-high Resolution (MUR) Level 4 daily data with a 
0.011° spatial resolution grid (JPL MUR MEaSUREs Project 2015). The MUR SST product was 
utilized for the present work, instead of the Sentinel-3 Sea and Land Surface Temperature 
Radiometer (SLSTR) SST, because it corresponds to the foundation depth (~10 m), which is 
more representative of the first optical depth. The SST data were resampled to match the 
spatial resolution of the OLCI images (i.e. 300 m).

2.4. In situ data analysis

2.4.1. Canonical correspondence analysis
A multivariate Canonical Correspondence Analysis (CCA) (Ter Braak and Verdonschot 
1995) was used to identify the environmental variables that have important relationships 
with PSCs, to help explain what triggers their variability and succession, and to identify 
environmental variables that could be used to improve PSC models in the study region. 
CCA was applied using the R package ‘vegan’. A detailed escription of abbreviations and 
symbols is availible in Table A1.
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2.4.2. Diagnostic pigment analysis
Prior to the diagnostic pigment analysis (DPA), the quality of the pigment concentrations 
was controlled using the criteria described by Aiken et al. (2009). Chla concentrations in 
the picoplankton ( < 2 μm), nanoplankton (2–20 μm), and microplankton ( > 20 μm) were 
then estimated following the DPA method described in Uitz et al. (2006) and the updates 
proposed by Brewin et al. (2010) and Devred et al. (2011).

The weighted sum of the seven diagnostic pigments (Cw) should be equivalent to the 
value of the total chlorophyll-a concentration (TChla), and is obtained following 
Equation (1): 

where Wi is the weight of the ith pigment, and Pi is the concentration of the ith pigment. 
The seven diagnostic pigments are i= {fucoxanthin, peridinin, 19’-hexanoyloxyfucox
anthin, 19’-butanoyloxyfucoxanthin, alloxanthin, total chlorophyll-b, and zeaxanthin}. 
The weights used were i= {1.41, 1.41, 1.27, 0.35, 0.60, 1.01, and 0.86}, respectively (Uitz 
et al. 2006). TChla is the sum of the following pigments that are separated in the HPLC 
analysis: monovinyl chlorophyll-a, divinyl- chlorophyll-a, chlorophyllide-a, chlorophyll-a 
allomers and epimers.

The fractions for pico (Fp), nano (Fn), and microplankton (FmÞ were estimated following 
Brewin et al. (2015) using Cw (Equations 2-4): 

and 

To account for the fucoxanthin present in nanoplankton, a part of the contribution of this 
pigment was assigned to the nanoplankton fraction, P1;n which was calculated as follows 
(Equation 5): 

where P3 and P4 refer to 19’-hexanoyloxyfucoxanthin and 19’-butanoyloxyfucoxanthin, 
and q1 and q2 refer to the coefficients estimated by Devred et al. (2011) for the NOMAD 
dataset (Werdell and Bailey 2005), 0.531 and 0.708, respectively. The corresponding 
concentrations of Cp, Cn, and Cm were then obtained multiplying by TChla by the 
respective Fp, Fn, Fm.
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2.4.3. Development of the PSC models
To parameterise the PSC models, a subset of samples (80%, N = 96) was randomly selected 
for the training dataset. We investigated the performance of four different model para
metrisations for estimating PSC, all based on adaptations of the abundance-based (AB) 
approach of Brewin et al. (2010):

(A) the ‘classical’ AB approach regionally fitted (SST-independent),
(B) the AB approach using an SST-threshold to regionally fit the model in two steps 

(above/below the SST-threshold),
(C) an SST-dependent AB approach, regionally fitted using a ‘SST moving window’, 

following Sun et al. (2023) (regional SST-dependent), and
(D) same as (C) but using the global fit of Sun et al. (2023) (global SST-dependent).

As mentioned, the models are adaptations of the AB approach of Brewin et al. (2010) 
using regional fits (A) and incorporating SST dependencies (B and C) (only D corresponds 
to a global fit, SST-dependent approach). The global AB approach (Brewin et al. 2010) was 
not included in the comparison because it has already been demonstrated that the 
regional fit works better for the SBB (Oliveira et al. 2025). Further details of the model 
parameterisations are given below.

Model A – Abundance-based regional fit (SST-independent). This model is based on the 
abundance-based (AB) approach using the TChla as input and exponential functions 
(Equations 6- 9) to estimate the fractionated Chla corresponding to picoplankton (Cp), 
pico- and nanoplankton (Cp,n) and microplankton (Cm) size classes, as described in Brewin 
et al. (2010), according to Equations (6- 9): 

and 

The regionally adjusted model parameters for picoplankton, and combined pico- and 
nanoplankton, respectively, are the maximum asymptotic chlorophyll-a concentration 
(Cmax

p , Cmax
p;n ), and the slope Dp and Dp;n, which also determine the size-partitioned Chla 

as TChla tends to zero for picoplankton (Figure 2). The fitting of these parameters is 
achieved using the TChla, equivalent to the weighted sum of the diagnostic pigments 
(Cw) (Equation 1), and the fractioned chlorophyll-a concentrations Cp, Cn, Cm and Cp;n 

(Equations 1-5). The fitting was done on log-transformed data. In this model the para
meters Cmax

p , Cmax
p;n , Dp and Dp;n are constant, i.e., do not change with SST.

Model B – Abundance-based regional fit with an SST-threshold. In this model, we 
adopted an SST threshold and fitted Equations 6-9 to the in situ training dataset, after 
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partitioning the data into two parts: below and above the SST-threshold. Even for the 
limited range of SST in the study region (17.6–27.8 °C), a variation of the parameters was 
observed with a change in SST, when the parameters were fitted to running bins of 30 
samples, and the results plotted against the mean SST values for those bins (Figure 3). The 
observed variation was then used to determine the SST threshold: The parameter Dp 

presented values lower than 0.6 for temperatures below 24.5°C, with a clear increase 
above this temperature. Dp;n presented values greater than 0.9 for the entire SST range. 
But there were still some temperature-dependent changes, with two plateaus at the 
extremities of the SST range and a valley in the centre (at around 23.8 °C) (Figure 3(a)). 
The maximum asymptotic chlorophyll concentrations showed a rough Gaussian-like 
curve for Cmax

p and Cmax
p;n , with peak also at 23.8°C (Figure 3(b)). Based on these variations 

of the parameters with temperature, we selected 23.8°C, which was also the median 
temperature of the training dataset, as the thermal threshold and fitted the model 
separately for stations with temperatures below/above it.

Model C – Abundance-based SST-dependent regional fit. There have been previous 
models that were developed for PSC estimation that included SST. Different stra
tegies have been proposed to account for the effect of SST on PSC. Brewin et al. 
(2017) used logistic functions for four SST-dependent parameters, such that the 
model required a set of 16 parameters overall. Then, Sun et al. (2023) developed a 
17-parameter model, which will be described in more detail in the next section. 
Here, we fit a 15-parameter model for the SBB region. The starting point for this 
model is the same as for Model B, in which we used a bin size of 30 and applied a 
sliding running bin to estimate the parameters Cmax

p;n ;Cmax
p , Dp;n and Dp (Figure 3). 

Figure 2. Relationship between TChla and Ci(sized fraction chlorophyll), each curve represents the 
relationship for TChla and Ci for each PSCs (pico, nano, pico+nano, and micro) showing the adjusted 
curves for model A, as defined by the initial slope (Dp;Dp;n) and asymptotic chlorophyl (Cmax

p , Cmax
p;n ) 

values, determined by the Equations 6-9.
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However, instead of using the results for identifying a temperature threshold for 
partitioning the data into two groups, in Model C we fit a continuous function to 
capture the temperature dependence.

In contrast to the curves observed by Sun et al. (2023), the Cmax
p;n and Cmax

p curves in this 
study tended to follow a Gaussian curve (see Equations 10 and 11 and Figure 3(b)). This 
deviation from the Sun et al. (2023) curves may be attributed to the narrower range of SST 
in the region. The relationship between Dp and temperature could be explained using a 
logistic relationship (Equation 13 and Figure 3(a)), as in Brewin et al. (2017). Nevertheless, 
in contrast to the curve described in Brewin et al. (2017) and Sun et al. (2023), the fitted 
Dp;n values in this study did not follow a logistic curve (Figure 4(a)), with values greater 
than 0.9. Hence, an inverted Gaussian curve with a fixed upper limit was used to fit the 
training dataset for this equation (Equation 12). The relationships between the parameters 
and the SST observed in Figure 3 are represented by Equations (10-13): 

Figure 3. The curves represent the values fitted to running bins of 30 samples and the mean SST 
values for those bins. The black dashed line denotes the median temperature of the training dataset. 
The coloured dashed curves represent the fitted values of the parameters (Di and Cmax

i , where i is the 
corresponding size class pico or pico and nanoplankton) for model C.

8794 A. L. OLIVEIRA ET AL.



where the parameter Ka is the height of the peak of Cmax
p;n , Kb is the corresponding SST, Kc is 

the width of the curve, and Kd is the lower limit for Cmax
p;n (Equation 10). Equation 11 is also a 

Gaussian with parameters Li i ¼ a; b; c; dð Þ, as described above (for the Ki parameters). 
Equation 12 (for Dp;n), on the other hand, is an inverted Gaussian. Therefore, Ma is the 
depth of the trough for the minimum Dp;n, and Mb is the corresponding SST. In this case, 
the upper bound for Dp;n is set to one, as values greater than one would be physically 
unrealistic. For Dp, Oa and Od are the upper and lower bounds (see Figure 3(a)) of Dp, and 
Oc is the midpoint of the slope between Dp and SST (see Equation 13).

Model D – Abundance-based SST-dependent global fit. For comparison, we applied the 
Sun et al. (2023) model with globally fitted SST-dependent parameters, which were 
determined following the same approach as that described above. The authors employed 
a much larger database including samples from the global oceans collected across a 
broad range of latitudes and used significantly larger bin sizes (ranging from 3,000 to 
10,000 samples, with increments of 1,000). For the running fit of each bin, the bin was slid 
from low to high temperature in increments of one sample, with the equations being 
fitted each time. The range of temperatures in the work of Sun et al. (2023) was 
considerably broader for their global dataset than that observed for the SBB in the present 

Figure 4. Relationships between SST and the parameters: (a) Cmax
p , (b) Cmax

p;n , (c) Dp, and (d) Dp;n, for 
models a to D. The grey box in the plots represents the SST range of the SBB in-situ data.
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study, and ranged from −1.8°C to 32.15°C, with a mean value of 14.47°C. The authors 
developed a model with 17 parameters by adopting a two-term Gaussian function for 
Cmax

p (Equation 14, Figure 4(a), Model D) and a quadratic polynomial function for estimat
ing Cmax

p;n (Equation.15, Figure 4(b), Model D), while keeping the logistic functions for Dp;n 

and Dp (Equations 16 and 17, Figure 4(c,d), Model D). Figure 4 shows the relationship 
between SST and the model parameters such as Figure 3, but in this case for all models (A- 
D) and a global SST range for comparison. 

2.4.4. Validation exercise: application to in situ and satellite data
An independent, randomly selected, subset of in-situ samples (20%, N = 24), namely the 
validation (testing) dataset, was used to evaluate the performance of each model, using 
Chla and SST as model inputs and comparing the results of the fractions and size- 
fractioned Chla with the in situ DPA PSC data.

The PSC models were also applied to the satellite data, and the results compared with 
the in situ DPA size classes, and the performance metrics were calculated, as outlined in 
the next section.

2.4.5. Performance metrics and best algorithm selection
The performance metrics chosen to evaluate the PSC models were Pearson’s correlation 
coefficient (ρ), bias (δÞ, root mean square error (RMSE, ε), mean absolute error (MAE, ψÞ, 
and slope (Equations 18-22): 
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where Mi and Oi are the modelled and observed values, respectively.
In addition, a visual two-dimensional radar chart was used to help select the best 

performance model. The performance metrics were normalised (Equations 23-27) 

where j represents each PSC model for the comparison and the subscribed ‘norm’ 
indicates the normalised metrics. The results were then plotted on radar charts. The 
determination coefficient (ρ2) was used (instead of ρ) to avoid negative values. The 
radar chart areas were then calculated, and the chart with the lowest area indicated the 
best performance model. This method provides an effective way to visually and quantita
tively identify the best performances considering multiple metrics. However, it should be 
interpreted with caution, since it can exaggerate small metric differences. The polar 
coordinates were calculated considering the number of vertices, and then the sine and 
cosine of the angles were multiplied by the values of the set of normalised performance 
metrics for each PSC model, finally obtaining the polygon area. The final Equation (28) is 
shown below: 

where ri are the normalised performance metrics, θi are the corresponding polar coordi
nate angles, considering a polygon with n vertices (a sequence of equal interval angles up 
to 2π).

The complete workflow of the various processing steps leading to the best model 
selection is shown in Figure 5.
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2.5. Spatial-temporal PSC variability in the SBB

Finally, the best-selected model was applied to analyse the spatio-temporal variability of 
PSCs in the study region (SBB) using OLCI ocean colour and MUR SST products. To 
maximize the surface coverage, 8-day composites (1 km) were used and selected to 
represent two contrasting seasons during the in situ survey periods: austral winter and 
summer. These seasons are characterised by distinct water masses and oceanographic 
processes; summer is dominated by TW, with occasional upwelling events in Cabo Frio, 
whereas winter is dominated by SSF, with cold waters from the south, as described in the 
study area section.

Figure 5. PSC model selection workflow, indicating the in-situ data subsets of the validation/testing 
and model training; satellite data acquisition and matchups for the application and evaluation of the 
PSC models and the selection of the best-performing model.
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3. Results

3.1. Variability in the environmental properties of the SBB

Considering the limited spatial extent of the study region (Figure 1), the SBB 
exhibited marked environmental variability (Table 1), primarily influenced by terri
genous inputs and seasonal hydrographic dynamics, such as spring-summer coastal 
upwelling Cerda and Castro (2014). TChla ranged from 0.06 to 2.38 mg m−3, with a 
mean of 0.27 mg m−3. SST varied from 17.67°C to 27.86°C, with a mean of 23.39°C, 
while salinity ranged from 32.6 to 37.3, with a mean of 35.9.

The first CCA component explained more than 95% of the total variability (Figure 6). 
The results show a strong positive relationship of Cm (microplankton) with TChla, 
silicate, phosphate, aph, and ap, and a negative relationship with SST. Conversely, a 
positive relationship of picoplankton concentration (Cp) was found between SST, depth 
of maximum chlorophyll fluorescence (DCM), salinity, and local depth, while negatively 
related to TChla. The observed positive relationship between nanoplankton concen
tration (Cn) and the mixed-layer depth (MLD) should be interpreted with caution, since 
the sampling area extends over different depth ranges, and MLD variability is strongly 
linked to both local depth (including freshwater influence on the shelf) and seasonality 
(e.g., deeper MLD during the winter). Despite weaker associations of Cn with TChla and 
SST, its distribution more closely resembled that of Cp, showing negative relationships 
with TChla and positive with SST. This pattern supports the grouping of these two size 
fractions in the PSC models. Overall, these results reinforce the inclusion of SST as a 
key variable in PSC models for the SBB, considering its strong linkage with nutrients, 
Chla and PSC, consistent with findings from other continental shelf systems (Turner et 
al. 2021).

Table 1. Statistics of measured water properties. The units of each variable are in parenth
eses. Minimum (min), maximum (max), mean and standard deviation are shown. TChla, sea 
surface temperature (SST), mixed-layer depth (MLD), depth of the chlorophyll-a maximum 
(DCM), ammonia (NH4), nitrite (NO2

−), nitrate (NO3
−), silicate (SiO4

−4), absorption coefficient 
for non-algal particulate matter (anapÞ, absorption coefficient for phytoplankton (aph), 
absorption coefficient for coloured dissolved organic matter (acdomÞ, and absorption coeffi
cient for particulate matter (ap).

Variable Min Max Mean Standard deviation

TChla (mg m−3) 0.06 2.38 0.26 0.30
SST (°C) 17.67 27.86 23.39 2.54
Salinity 32.66 37.31 35.88 1.22
MLD (m) 3 182 34 40
Depth (m) 30 2450 926.84 956.42
DCM (m) 3 130 62.67 34.45
NH3 μ Mð Þ 0.02 1.16 0.27 0.29
NO2

− μMð Þ <0.01 0.46 0.04 0.05
NO3

− μMð Þ 0.01 6.47 0.23 0.701
SiO4

4- μMð Þ 0.08 11.18 2.29 2.43
PO4

3- μMð Þ <0.01 0.68 0.21 0.12
anap 443ð Þ m� 1ð Þ <0.001 0.073 0.003 0.008
aph 443ð Þ m� 1ð Þ 0.003 0.070 0.012 0.009
acdom 443ð Þ m� 1ð Þ <0.001 0.238 0.039 0.047
ap 443ð Þ m� 1ð Þ 0.003 0.104 0.014 0.015
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3.2. Parameterisations of the PSC models

The values of the parameters of the PSC models obtained for the SBB compared with 
other studies showed similarities (Table 2). Model A, the regional reparameterisation of 
the classical AB approach (Brewin et al. 2010), showed similar picoplankton parameters 
(Cmax

p and Dp) compared with other studies (Brewin et al. 2011, 2017; Sun et al. 2023), while 
the pico- and nanoplankton parameters, mainly Cmax

p;n , were lower, 0.44 mg m−3 in this 
study and > 0.77 mg m−3 in the other studies (Table 2).

Model B is also similar to that of Brewin et al. (2017) but using an SST threshold and 
regionally fitting the parameters in a two-step framework (above/below the threshold). 
For Model C, compared with Model D, the main difference is the number of parameters; 
Model C has 15 parameters, while Model D has 17 parameters. The other difference is the 

Figure 6. Canonical correspondence analysis biplot. Purple arrows refer to the environmental vari
ables, black dots and black text to phytoplankton size classes, triangles to oceanic stations (> 200 m 
depth) and circles to continental shelf stations (< 200 m depth). Pink and green represent the summer 
and winter campaigns, respectively.
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magnitude of the parameters, considering that some of them are related to the tempera
ture range of the training datasets, as illustrated in Figure 4 and related equations.

3.3. In situ PSC application and validation

The independent in situ validation dataset (n = 24) was used to evaluate the performance 
of the four PSC models. All models performed reasonably well in estimating the size- 
fractionated chlorophyll-a concentrations (Figure 7), with ρ values above 0.54, 0.69, 0.68, 
and 0.69 for Cp, Cp;n, Cn, and Cm, respectively. For the pico size class, the best results were 
observed for the regional SST-dependent Model C. The weakest performance was 
observed for the regional SST-independent Model A, followed by the global SST-depen
dent Model D. For the pico-nano size class, the best performance was obtained for the 
regional SST threshold Model B, and for the micro size class, the best performance was for 
Model C (Figure 7). According to the radar chart areas, Models B and C, with area values of 
1.75 and 1.76, respectively, performed best (since smaller areas indicate better overall 
performance) (Figure 9 and Table 4).

Some outliers with high uncertainties for any of the fractioned Chla of the three 
size classes ( > 0.8 absolute error) were highlighted in red in Figure 7. We investigated 
potential factors that might be responsible for these outliers. The sample highlighted 
with a red circle is correspondent to a station near the shelf break (D5) sampled during 
the summer, in which Cm from the PSC models was underestimated in relation to the 
DPA, while Cn and consequently Cp;n were overestimated (absolute error > 0.8) (Figure 
7c, g, k, o). The opposite happened for the samples highlighted with red squares and 
diamonds, which presented a high overestimation of Cm (absolute error > 0.8) and a 
minor underestimation of Cp;n for the PSC models in comparison with DPA. The red 

Table 2. Parameter (par) values for models a (SST-independent), B (SST-threshold), Cmax
i and Di (SST- 

dependent), and comparative studies.
SST-independent SST-threshold SST-dependent

Par
Model 

A

Brewin 
et al. 

(2011)

Brewin 
et al. 

(2015)

Sun et 
al. 

(2023)

Model B 
(this 

study) 
≤23.8°C

Model B 
(this 

study)  
>23.8°C

Brewin 
et al. 

(2017)  
< 15°C

Brewin 
et al. 

(2017) 
≥15°C Par

Model 
C (this 
study) Par

Model D 
(Sun et 

al. 2023)

Cmaxp;n 0.44 0.78 0.77 0.95 0.44 0.56 1.83 0.86 Ka 0.769 Ua 0.003
Kb 24.08 Ub −0.08
Kc 1.886 Uc 1.61
Kd 0.204

Cmaxp 0.13 0.15 0.13 0.17 0.20 0.11 0.31 0.13 La 0.377 Va 0.52
Lb 23.78 Vb 12.71
Lc −1.092 Vc 8.95
Ld 0.116 Vd 0.30

Ve 27.52
Vf 4.61

Dp;n 0.99 0.89 0.94 0.87 0.92 1 0.60 0.93 Ma 0.107 Ja 0.39
Mb 23.54 Jb 0.33
Mc 1.259 Jc 8.02

Jd 0.55
Dp 0.76 0.75 0.80 0.67 0.45 0.97 0.26 0.74 Oa 0.483 Oa 0.65

Ob 2.164 Ob 0.22
Oc 25.23 Oc 12.79
Od 0.504 Od 0.09
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squares represent stations sampled at deep waters during the winter (E7 and C7), 
while the red diamonds represent stations sampled at the inner shelf during the 
summer (B3 and E2).

When the results are plotted for the relative proportions (fractions) of Chla in each class 
(Figure 8), the distributions of the data points are different from those for the concentra
tions (as shown in Figure 7). The statistical metrics also change correspondingly (Table 3). 

Figure 7. Independent validation of the PSC models applied to the in situ dataset, comparing the size- 
fractionated chlorophyll-a concentrations derived from the diagnostic pigment analysis (indicated in 
the ×axis by ‘pigments’) and from the respective PSC models: Model a (SST-independent model) (a–d); 
model B (SST-threshold model) (e–h); model C (15-parameter SST-dependent model) (i-l); model D 
(17-parameter SST-dependent model (global parameters)) (m-p). The dashed purple line corresponds 
to the Cmax

p and Cmax
p;n in a and b. The dashed blue line is the Cmax

p and Cmax
p;n for SST < 23.8°C and the 

dashed red line is the Cmax
p and Cmax

p;n for SST ≥ 23.8°C in figures e and f. The dashed black line in all 
figures is the 1:1 reference line. Here, n is the number of observations, ρ is the correlation coefficient, δ 
is the bias, ε is the root mean square error, and ψ is the mean absolute error. Red shapes indicate the 
outliers discussed in the text, the circle is station D5 sampled in summer, the squares are stations E7 
and C7 sampled in winter, and the red diamonds are stations B3 and E2 sampled during summer.
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However, the overall performance was still the best for models B and C, as in the case for 
the fractionated chlorophyll concentrations (Figure 9 and Table 1).

3.4. Satellite PSC application and validation

When the PSC models were implemented on OLCI ocean colour data (processed with a 
combination of OC4 and CI chlorophyll algorithms) and MUR SST data, and compared with in 
situ data, the results showed a reasonable performance for all size classes, with ρ values > 0.48, 
0.67, 0.68, and 0.73 for Cp, Cp;n, Cn, and Cm, respectively (Figure 10). Poorer performance was 
consistently observed for the pico-size class for all models. Model B showed the best overall 

Figure 8. Independent validation of the PSC models applied to the in situ dataset, comparing the size 
fractions derived from diagnostic pigment analysis (indicated in the x axis by ‘pigments’) and 
modelled size fractions derived from: Model a (the SST-independent model) (a–d); model B (SST- 
threshold model) (e–h); model C (15-parameter SST-dependent model) (i–l); and model D (17- 
parameter SST-dependent model (global parameters)) (m–p). The dashed black line in all the figures 
is the 1:1 reference line. n is the number of observations, ρ is the correlation coefficient, δ is the bias, ε 
is the root mean square error, and ψ is the mean absolute error.
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Figure 9. Radar charts of the performance metrics of each model (A–D) (a) for the fractionated Chla of 
each size class (Cp, Cn, and Cm) and (b) the correspondent fractions (Fp, Fn, and Fm) when compared 
with the in situ validation data.

Table 3. Radar charts areas for the in situ PSC validation. Rows in bold indicate 
the best performance models, with the smallest mean area.

Model Cp Cp;n Cn Cm Mean

Model A 2.06 1.75 1.76 2.26 1.96
Model B 1.21 1.68 2.04 2.07 1.75
Model C 0.98 1.91 2.23 1.93 1.76
Model D 1.96 1.89 1.74 2.08 1.92

Model Fp Fp;n Fn Fm Mean

Model A 2.23 1.87 1.08 1.75 1.73
Model B 1.36 1.63 1.29 1.62 1.47
Model C 0.95 1.55 0.99 1.55 1.26
Model D 1.96 2.29 2.14 2.31 2.17

Table 4. The calculated areas of the radar charts for the satellite validation. 
Rows in bold indicate the best performance models, with the smallest mean 
area.

Model Cp Cp;n Cn Cm Mean

Model A 1.98 1.62 1.9 2.09 1.90
Model B 1.7 1.56 1.22 1.65 1.53
Model C 1.95 1.76 1.3 1.64 1.66
Model D 1.96 1.69 1.8 2.32 1.94

Model Fp Fp;n Fn Fm Mean

Model A 2.03 1.59 1.33 1.36 1.58
Model B 1.15 1.4 1.03 1.55 1.28
Model C 1.33 1.21 1.19 1.39 1.28
Model D 2.27 2.31 2.38 2.38 2.34
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performance for all size classes when considering the radar chart area for the fractionated Chla 
concentrations (Cp, Cp;n, Cn, and Cm), although it performed similarly to Model C for the 
estimated size fractions (Figure 10–12 and Table 2) . Accordingly, both in situ and satellite- 
based validations identified Model B and C as the best performing models for the study 
region. Validation of the OLCI-derived Chla product (Sentinel-3A and 3B) showed a strong 
agreement with in situ observations (Figure 13), with a correlation coefficient of 0.86, log- 
transformed bias of −0.05, RMSE of 0.193, and MAE of 0.142. These results suggest that the 
main uncertainties of the PSC models are not associated with the input satellite Chla product.

Figure 10. Satellite validation between in situ derived diagnostic pigment analysis (indicated in the x 
axis by ‘pigments’) and satellite-modelled size-fractionated chlorophyll-1063” =“0”>a concentrations 
derived from: model a (SST-independent model) (a–d); model B (SST-threshold model) (e–h); model C 
(15-parameter SST-dependent model) (i–l); and model D (17-parameter SST-dependent model (global 
parameters)) (m-p). The dashed purple line is Cmax

p and Cmax
p;n in a and b. The dashed blue line is Cmax

p 
and Cmax

p;n for SST < 23.8°C and the dashed red line is Cmax
p and Cmax

p;n for SST ≥ 23.8°C in e and f. The 
dashed black line in all the figures is the 1:1 reference line. n is the number of observations, ρ is the 
correlation coefficient, δ is the bias, ε is the root mean square error, and ψ is the mean absolute error.
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The performance of the size fractions was poorer for Model D compared to models B 
and C (Figure 11, 12) . The nano-sized fraction had the poorest results for all models, with 
correlation coefficients ≤0.5.

3.5. Spatio-temporal variability of PSC in the SBB

Since the overall results of the PSC models were reasonable, we applied Model C 
(regional SST-dependent), which was shown to be the best model for estimating 
both size fractions and fractionated Chla, to satellite data to analyse the spatio- 
temporal variability of PSC within the SBB. For this, we used 8-day (1 km) composites 
of OLCI OC and MUR SST products within two seasonal periods sampled during the 

Figure 11. Satellite validation between in situ derived diagnostic pigment analysis (indicated in the 
×axis by ‘pigments’) and satellite-modelled size-fractionated fractions of chlorophyll-a concentrations 
derived from: model a (SST-independent model) (a–d); model B (SST-threshold model) (e–h); model C 
(15-parameter SST-dependent model) (i–l); and model D (17-parameter SST-dependent model (global 
parameters)) (m–p). n is the number of observations, ρ is the correlation coefficient, δ is the bias, ε is 
the root mean square error, and ψ is the mean absolute error.
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Figure 12. Radar charts for the size classes and models, satellite validation. With the performance 
metrics of each model (A–D) (a) for the fractionated Chla of each size class (Cp, Cn, and Cm) and (b) the 
correspondent fractions (Fp, Fn, and Fm) when compared with the in situ validation data.

Figure 13. Validation of the total chlorophyll-a concentration estimated from the OLCI ocean colour 
product (OC4 and CI), by comparison with in situ data. Here, n is the number of observations, ρ is the 
correlation coefficient, δ is the bias, ε is the root mean square error, and ψ is the mean absolute error.
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in situ survey – the austral winter (26 August 2019 to 1 September 2019) and 
summer (16 March 2022 to 22 March 2022). The 8-day Chla OLCI composite is 
shown in Figure 14(c,d) and the MUR SST composite in Figure 14(a,b) . We see the 
marked difference in SST patterns in the two periods. During the winter, the SST is 
below 25°C and reaches low values around 15°C in the southern SBB shelf, off Santa 
Catarina (Figure 14(a)). In contrast, during the summer, temperatures are above 25°C 
for most of the area, except for the northern part near Cabo Frio (CF), associated 
with coastal upwelling, where temperatures are around 22°C (Figure 14(b)). The 
pattern observed for Chla is of higher phytoplankton biomass over the entire SBB, 
including waters beyond the shelf ( > 200 m), in the winter (Figure 14(c)) compared 
with the same area in the summer (Figure 14(c)). Both periods showed high Chla 
near the coast, but in the winter these high values extended across the shelf, 
especially in the southern sector, which also showed lower SST.

The PSC model results captured the influence of the contrasting patterns of Chla and 
SST between winter and summer in the SBB. In the winter, the pico-size class (Fp) 
contributed less than 50% for most of the continental shelf, with a higher contribution 
in the oceanic domain (near 50%) (Figure 15(a)). In the summer, Fp contribution is about 
75% in part of the shelf and in the offshore oceanic extension, and only the areas closer to 
the coast show contributions below 50% (Figure 15(b)).

Figure 14. Mean conditions in two seasonal periods, 26th August 2019 to 1st September 2019 (a and 
c) and 16th March 2022 to 22nd March 2022 (b and d). A and B are the 8-day composite of the MUR 
SST. C and D are the composites of Chla from the sentinel 3A and 3B OLCI sensors. SS represents the 
São Sebastião Island, and CF represents Cabo Frio. The dashed line represents the 200 m isobath 
indicating the shelf break.
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For the nano-size class (Fn), a higher contribution was observed in the oceanic domain 
(beyond the shelf break) in the winter (40–50%), compared with the shelf ( < 30%) (Figure 
15(c)). In the summer, an opposite pattern was observed with the highest contribution of 
this size class in the shelf domain, except for the region closer to the coastal interface 
(Figure 15(d)).

Micro-sized class dominated the shelf and coastal region in the winter, reaching 
proportions higher than 75% in some areas (Figure 15(e)), and decreased sharply in the 
oceanic domain. In the summer, important contributions of this size class were restricted 

Figure 15. Results of the PSC model C, for the proportions of each size class considered. SS represents 
the São Sebastião Island, and CF represents Cabo Frio. The dashed white line is the 200 m isobath 
representing the shelf break. Images were derived from the sentinel 3A and 3B OLCI sensor and the 
MUR SST composite for these time periods.(a), (c) and (e) represent the results from 26th August 2019 
to 1st September 2019.(b), (d)and (f) represent the results from 16th March 2022 to 22nd March 2022. 
(a) and (d) are the picoplankton fraction; (c) and (d) are the nanoplankton fraction. (e) and (f) are the 
microplankton fractions.

INTERNATIONAL JOURNAL OF REMOTE SENSING 8809



to areas under the influence of the coastal domain (Figure 15(f)), benefiting from the 
nutrients brought in by the continental runoff and coastal upwelling.

The spatial distribution for the size class fractions for the other models considered in 
this study are available in the Supplementary Material.

4. Discussion

The regional PSC SST-dependent Model C and the SST-threshold Model B for the 
South Brazil Bight gave better results than the SST-independent Model A and the 
global SST-dependent Model D models, even with a narrower SST range within the 
SBB, compared with the global SST-dependent models (Sun et al. 2023). It is worth 
considering some notable oceanographic features of the study area such as the 
seasonal cold water intrusion from the La Plata Plume Water during the winter and 
autumn (Piola et al. 2008), the greater influence of the warm and salty Tropical Water 
during the summer and spring, the coastal upwelling events of the South Atlantic 
Central Water (SACW) in Cabo Frio (Cerda and Castro 2014), and the spreading of 
estuarine waters across the inner shelf which is mainly restricted to the inner shelf 
during the summer (Brandini 2018). Of note is the observed SST median of about 
23.8°C found in the in situ dataset, which was successfully used as a threshold for the 
model parameterisation (Model B). During the winter 2019 campaign, the observed 
maximum temperature was 24.55°C (min = 17.67°C, max = 24.55°C, mean = 21.68°C). 
During the spring and summer 2021–2022 campaign, the minimum temperature was 
23.13°C (min = 23.13°C, max = 27.86°C, mean = 25.64°C). For each season, the relation
ship between the PSC community and TChla differs, and these variations are captured 
by the distinct model parameterisations.

The main difference in the SST threshold models is the higher temperature in the SBB 
region, 23.8°C compared to 15°C in Brewin et al. (2017). We see that for both above/below 
the threshold, the Cmax

p;n values were lower than those in the Brewin et al. (2017) model (see 
Table 2), probably due to the differences in the range of temperature involved, and 
indicating that the higher the temperature the lower the Cmax

p;n . The Cmax
p was also lower 

for the upper and lower thresholds compared to Brewin et al. (2017). Conversely, the Dp;n 

and Dp were higher in the SBB compared with the values in Brewin et al. (2017), for both 
upper and lower thresholds.

Previous studies in the SBB suggested that this region hosts a more diverse and 
stable phytoplankton community (Brandini, Tura, and Santos 2018), whereas higher 
latitudes regions such as the Patagonian Shelf are characterised by a more pro
ductive but less diverse phytoplankton community (Fernandes and Brandini 1999; 
Olguin et al. 2006) driven by strong seasonal variability that enhances competition 
among phytoplankton species (de Oliveira Carvalho et al. 2022). However, Carvalho 
et al. (2022) based their findings on data collected during a single season (spring). 
Our results indicate that even the subtropical SBB is subject to marked seasonal 
variability in oceanographic conditions, which may affect the phytoplankton com
munity in line with the patterns reported by Brandini, Tura, and Santos (2018).

In addition, including SST in the PSC model, rather than applying a seasonal division, 
provided more accurate estimates of PSC fractions during recurrent upwelling events 
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(both in coastal and shelf break waters) in the spring and summer. These events locally 
reduce SST, while nutrient intrusions stimulate phytoplankton growth. Although SST 
alone does not directly predict the dominance of micro-sized phytoplankton, it acts as a 
tracer of nutrient enrichment and favourable conditions for biomass accumulation 
(TChla), with greater contributions from micro-sized groups (Fm and Cm), as illustrated 
by the low-SST, high-Chla, high-Fm conditions near Cabo Frio (Figure 14 and 15). 
Therefore, an adjusted Chla-PSC relationship that accounts for lower vs. higher SST 
conditions can improve PSC estimates in complex systems influenced by coastal 
upwelling.

Considering the accuracy of the regional SST-dependent model, our results are con
sistent with the findings of Turner et al. (2021), who showed an improvement in accuracy 
of all size classes when SST dependence was included in the PSC estimation for the 
regional model in the Northeast U.S. continental shelf.

The PSC models failed only on a few occasions identified as possible outliers, with an 
absolute difference of any of the estimated fractionated Chla higher than 0.8. In the case 
of station D5 (shelf break sampled during the summer), the PSC models overestimated Cn 

and Cp, and underestimated the micro-size phytoplankton (Cm) (see Figure 7 c, g, k, o). The 
microscopic cell counts recorded a high microplankton biomass (98x103 cells L−1) 
(Fernandes, Tremarin, and Faria 2022). Hence, the microplankton contribution was rea
sonably well estimated by the fucoxanthin and peridinin pigments which agreed well 
with the microscopic counting, and what also seems to be the case of the other size 
classes estimations by the DPA. The PSC model estimates average conditions based on 
the relationship between TChla, SST and PSCs. However, when these relationships deviate 
from the average, outliers may emerge. For this particular case, the diatom density was 
relatively high at the shelf break in the summer (Fernandes, Tremarin, and Faria 2022), 
while TChla and SST values were not particularly different from the average, nor was the 
nutrient concentration. Therefore, all model inputs indicated average conditions, but the 
actual PSC composition deviated from what was expected. Perhaps previous local upwel
ling induced by shelf break eddies (Palma and Matano 2009) may have triggered the 
higher concentration of microplankton at this location. This community could have been 
sustained even after apparent nutrient depletion, as linkages between physical and 
biological responses have different timings which are not always captured by statistical 
models. These are speculations that could be elucidated with further investigations using 
auxiliary data and highlight the complexities of coastal environments for PSC models.

For the other outliers, the contrary occurred, with the Cm overestimation by the 
PSC models. In the case of stations C7 and E7, sampled during the winter at deep 
waters, the microscopy analysis revealed a higher proportion of mixotrophic cili
ates, followed by diatoms and coccolithophores in in this oceanic portion of the 
study region (Fernandes, Tremarin, and Faria 2022). This possibly led to an under
estimation of the micro-sized class by the DPA, since the mixotrophic ciliates may 
keep the plastids (and therefore the pigments) from nano-sized cells. The other 
two potential outliers, which also appeared to be overestimating the micro-sized 
cells by the PSC models, were from stations E2 and B3, located at inner/mid shelf 
waters and sampled during the summer. Despite the different conditions, the 
microscopy analysis also revealed a high contribution of mixotrophic 
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dinoflagellates and ciliates (Fernandes, Tremarin, and Faria 2022) (see Figure 7, B3 
and E2 summer), which might also have caused this interference in the DPA 
estimations, i.e. overestimating the nano in the pigments estimations due to the 
plastids (biomarkers pigments), from smaller cells contained in larger cells. In these 
cases, the PSC models seem to be correct in relation to the micro-size classes, but 
not necessarily agreed to the phytoplankton groups that are usually associated to 
them by the DPA estimations, such as diatoms and dinoflagellates. Instead, ciliates 
and other mixotrophic species seem to be the most responsible for the micro-size 
contribution, as revealed by the microscopy analysis. The overall supposition is 
that, for these cases, the average SST and TChla conditions indicated a higher 
contribution of micro-size classes, which were ‘correctly’ estimated by the PSC 
models, but the DPA used as reference were biased due to the presence of 
mixotrophic species.

Considering the highlighted cases, further investigation is required, in particular, the 
presence of mixotrophic species, which are common in the study region and pose a 
challenge to the use of the DPA method (Oliveira et al. 2021) as a ground truth reference 
for phytoplankton size classes. These species introduce uncertainties in the diagnostic 
pigments used to determine the actual phytoplankton size classes present. The occur
rence of these species underscores the importance of using complementary techniques to 
quantify phytoplankton size fractions for satellite-based estimates, such as microscopy, 
biomolecular analyses for pico-sized groups, fractionated chlorophyll-a filtration, and flow 
cytometry, among others.

Moreover, the ‘mixotrophic paradigm’ underscores the necessity for a precise classifi
cation of mixotrophic protists, which are frequently categorized in a manner that is open 
to interpretation (Flynn et al. 2019). It is imperative for marine ecologists to further 
understand the ecophysiology and the role of mixotrophic groups in marine ecosystems, 
as this information is pivotal in evaluating the effects of climate change on marine 
phytoplankton assemblages (Flynn et al. 2019; Mitra et al. 2014), and ultimately, validating 
satellite modelling of marine communities.

5. Concluding remarks

The inclusion of SST in the abundance-based PSC regional model for a subtropical 
area influenced by different water masses and seasonal oceanographic processes 
showed a consistent improvement in the validation results compared with the SST- 
independent model and a global SST-dependent model. This reinforces the rele
vance of regionalized approaches, particularly for coastal environments. The results 
underscore the importance of SST in parameterising the size classes, even in 
regions with narrow ranges of SST, helping to capture nuances of local conditions. 
The CCA analysis also suggests that other variables may be relevant to PSC models, 
such as mixed-layer depth, local depth, and depth of chlorophyll-a maximum. 
Although beyond the scope of this study, the inclusion of these variables could 
be further explored in future studies, though none of these variables are routinely 
available at present at the same temporal and spatial scales as satellite data. 
Future studies should also focus on understanding the impact of mixotrophic 
organisms, which are commonly reported in the region and could lead to 
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misleading results on the size classification of phytoplankton using diagnostic 
pigments, as pigments normally associated with pico or nano-sized fraction could 
be incorporated into larger mixotrophic (or symbiotic) cells, leading to misinter
pretation of the pigment data when it comes to assigning biomarker pigments to 
different size classes.
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Appendix A

Table A1. Definitions of the abbreviations and symbols used in this manuscript.
Abbreviation and 
Symbol Definition Unit

CCA Canonical Correspondence Analysis
CDOM coloured dissolved organic matter
Chla Chlorophyll-a concentration mg m−3

CW Coastal Water
DPA diagnostic pigment analysis
GHRSST Group for High Resolution Sea Surface Temperature
HPLC High Performance Liquid Chromatography
MUR Multi-scale Ultra-high Resolution
PACE Plankton, Aerosol, Cloud, ocean Ecosystem
PSCs Phytoplankton Size Classes
PPW Plata Plume Water
OCI Ocean Colour Instrument
OLCI Ocean and Land Colour Instrument
SBB South Brazil Bight
SACW South Atlantic Central Water
SSF Subtropical Shelf Front
SST sea surface temperature °C
TChla is the sum of the following pigments monovinyl chlorophyll-a, divinyl- 

chlorophyll-a, chlorophyllide-a, chlorophyll-a allomers and epimers, 
in this study this is the in situ chlorophyl-a concentration.

mg m−3

TW Tropical Water
Cw weighted sum of the seven diagnostic pigments mg m−3

Cp, Cn, Cm, Cp,n Concentration of picoplankton, nanoplankton, microplankton, and 
combined pico- and nanoplankton

mg m−3

Cmax
p;n ; Cmax

p Asymptotic maximum values for combined pico- and nanoplankton 
and picoplankton

mg m−3

Dp;Dp;n Fraction of Chla as total Chla tends to zero for combined pico- and 
nanoplankton and picoplankton

dimensionless

Fp, Fn, Fm, Fp,n Fraction of picoplankton, nanoplankton, microplankton, and 
combined pico- and nanoplankton

dimensionless

Ja; Jb; Jc; Jd Parameters for Dp;n in Global SST-dependent dimensionless, ◦C−1, ◦C, 
dimensionless

Ka; Kb; Kc; Kd Parameters for Cmax
p;n in Model C, Ka is the height of peak, Kb is the 

positions of peak centre, and Kc controls the width of the curve, and 
Kd is the lower limit for Cmax

p;n .

mg m−3, ◦C−1, ◦C, mg 
m−3, mg m−3

La; Lb; Lc , Ld Parameters for Cmax
p in Model C, same as Ka to Kd mg m−3, ◦C−1, ◦C, mg 

m−3, mg m−3

Ma;Mb;Mc Parameters for Dp;n in Model C, same as Ka to Kc mg m−3, ◦C−1, ◦C, mg 
m−33

Oa;Ob;Oc;Od Parameters for Dp;n in Global SST-dependent (Model A) and in the 
regional SST-dependent (Model C)

dimensionless, ◦C−1, ◦C, 
dimensionless

Ua;Ub;Uc Parameters for Cmax
p;n in Global SST-dependent model mg m−3 ◦C−2, mg m−3 

◦C−1, mg m−3 mg
Va; Vb; Vc; Vd; Ve; Vf Parameters for Cmax

p in Global SST-dependent model, Va and Vd are the 
height of peaks, Vb and Vc are the positions of peak centres, and Vc 
and Vf control the width of the curve

mg m−3, ◦C, ◦C, mg 
m−3, ◦C, ◦C

W Weights of pigments in diagnostic pigment analyse dimensionless
δ bias dimensionless
ε RMSE root mean square error dimensionless
ψ MAE mean absolute error dimensionless
ρ correlation coefficient dimensionless
δnorm Normalised bias dimensionless
εnorm Normalised RMSE dimensionless
ψnorm Normalised MAE dimensionless
Slopenorm Normalised slope dimensionless
ρ2

norm Normalised determination coefficient dimensionless
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