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1 EXECUTIVE SUMMARY

Oceans constitute nearly the 70% of Earth's surface and hold an important population of
aquatic microscopic plant-like organism, the so-called phytoplankton. These organisms are
considered to be responsible for approximately 50% of the planetary primary production
[Behrenfeld et al., 2006] and are at the base of the trophic chain. Large scale factors such as
climate, ocean circulation, and mainly, anthropogenic activities, affect phytoplankton
biomass and its spatio-temporal variability. Therefore, due to their relevant role in the ocean,
it is critical to complement their knowledge. Phytoplankton are also defined as a sort of
sentinels of changes in the ocean, because they rapidly respond to environment perturbations.
Light, nutrients and temperature are the most important agents that influence phytoplankton
production [Behrenfeld et al., 2008]. Phytoplankton cells respond to the change of these
variables with different physiological strategies which aims to increase the efficiency of light
capturing, photosynthetic capacity, growth and persistence. There are two main types of
phytoplankton response: photoadaptation and photoacclimation. The former describes
changes that might happen at genotype level, and are expected to occur at a long evolutionary
time-scale. The latter is a cellular process enables phytoplankton to change (i.e., increase or
reduction) the intracellular chlorophyll-a concentration (Chl) which can be observed and
quantified also by using space-borne observations [Moore et al., 2006; Dubinsky and
Stambler, 2009]. The photoacclimation is commonly described in terms of variation of the
ratio between Chl and phytoplankton carbon (Cphyto) the well-known Chl:Cphyto ratio. Even if
in the last twenty-years, several studies have shown that ocean warming causes an expansion
of the low-Chl and low-productivity areas (e.g. subtropical gyres) [Martinez et al., 2009],
two main questions are not fully addressed: (1) which is the physiological response — in terms
of temporal oscillations (or temporal cycles) — of phytoplankton to global warming/climate
change on both global and regional scales? (ii) which are the main drivers of the
phytoplankton changing and of the physiological signal oscillations? Summarizing,
PhysioGlob is a multi-disciplinary project that wants to study the inter-annual
physiological response of phytoplankton to global warming using long-term satellite
observations (i.e. entire ESA OC-CCI time-series) through the use of Chl:Cpnyto ratio.

The key parameter in PhysioGlob is the phytoplankton carbon biomass proxy, Cpnyto, based
on the particulate backscattering coefficient (bvp, A). bvp is related to the particles
concentration in seawater, on their size distribution, refractive index, shape and structure
[Twardowski et al., 2001; Slade and Boss, 2015]. Former research suggested that by, is mostly
influenced by submicron non-algal particles [Stramski et al., 2004]. However, it has been
recently shown that most of by 1s due to particles with equivalent diameters between 1 and
10 um [Organelli et al., 2018], thus including the contribution of phytoplankton cells and
supporting thus the use of by, for Cpnyto computation [Behrenfeld et al., 2005; Martinez-
Vicente et al., 2017]. One of the most used and applied algorithm for by, retrievals from space
is the Quasi-Analytical Algorithm (QAA), that is also the selected algorithm in the ESA
Ocean Color (OC) — Climate Change Initiative (CCI) framework. The first critical issue is
thus to evaluate the efficiency of the QA A-based by retrievals over the global ocean by using
a large in-situ dataset. In the first year, PhysioGlob demonstrated that high efficiency of
QAA in byp detection by using both in-situ and satellite observations. In addition,



75
76
77

79
8o
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
08
99
100
101
102

103

104
105
106
107
108
109
110
111
112
113
114
115
116

another important result found is the necessity to include the Raman Scattering
correction on ESA OC-CCI Rys prior the application of QAA [Pitarch et al., 2020]. Cpnyto
is also strictly connected to a specific coefficient, the background contribution of non-algal
particles (NAP) to the total by, (hereafter b{)‘p), historically defined as a single constant value
[Behrenfeld et al., 2005]. PhysioGlob demonstrated that b’lfp varies both in space and
time on a global scale by using a large in-situ dataset [Bellacicco et al., 2019]. It derives
that the inclusion of its spatio-temporal variability is mandatory in order to refine Cphyto from
space. During the second year, a refined algorithm of Cpnyto from space was developed.
The Cpnyto algorithm, based on satellite Chl and byp, shows higher accuracy in respect
to the available in-situ Cpnyto global database either if some caveats are found and have
to be taken into account for its correct use [Bellacicco et al., 2020]. After these steps, it
was, consequently, possible to go through the multi-annual physiological responses (i.e.
trends and other oscillatory modes) of phytoplankton to global warming using long-term
satellite data. The database of Chl, byp and Cpuyto 1s surely suitable for mean and variability
studies, Earth System Model (ESM) assessment, as well as for detecting extreme climate
events. Several peer-reviewed papers have used Chl within the ESA CCI Ocean Colour
database in connection with ESM. However, to define linear and not-linear trends as well
as multi-year oscillatory components, the use of satellite-derived Chl probably suffers
from differences in sensor combination and related-processing along the entire time-
series. Indeed, it has already been highlighted how time series resulting from merged R
measurements might be slightly impacted by changes in the combination of operating
satellites from which the Chl has been derived [Garnesson et al., 2019]. In addition, it has
been argued that changes in the optical properties of the sea due to climate change might
impact the performances of retrieval ocean colour algorithms along the time series
[Dutkiewicz et al., 2019]. All these critical features, on Chl together with the reported
caveats of satellite Cpnyto, partially prevented the use of these satellite data to observe
and characterize the inter-annual oscillations of a derived parameter as the Chl:Cpnyto
with sufficient accuracy and efficiency.

2 OBJECTIVES AND WORKPLAN

Oceans constitute nearly the 70% of Earth's surface and hold an important population of
aquatic microscopic plant-like organism, the so-called phytoplankton. Phytoplankton
organisms are considered to be responsible for approximately 50% of the planetary primary
production and are at the base of the trophic chain [Behrenfeld et al., 2006, 2015]. They also
capture carbon dioxide which dissolve into the sea from the atmosphere through the well-
known photosynthesis process; these organisms are thus fundamental actress in the global
carbon cycle. In addition, phytoplankton are defined as sentinels of changes in the ocean
because they can rapidly respond to environmental perturbations. Several factors such as
climate, ocean circulation and anthropogenic activities, can affect the phytoplankton biomass
and its spatio-temporal distribution [Behrenfeld et al., 2015] and due to their relevant role in
the ocean is important to complement their knowledge (e.g., distribution, ecology,
physiology). With the ongoing climate change, phytoplankton dynamics are thus
consequently expected to change.
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Light, nutrients and temperature are the most important variables that lead phytoplankton
production and define the so-called “Integrated Growth Environment” [Behrenfeld et al.,
2002, 2008]. Phytoplankton organisms respond to fluctuations in light, nutrients and
temperature with different physiological strategies which aims to increase the efficiency of
light capturing, photosynthetic capacity, growth and persistence [Geider et al., 1997, 1998;
Maclntyre et al., 2002]. In such a context, there are two different types of phytoplankton
responses to environmental variations: (i) photoadaptation and (ii) photoacclimation. The
former describes the changes that might happen at genotype level, and are expected to occur
at a long evolutionary time-scale [Moore et al., 2006]. The latter identifies the “short-term”
phenotypic response to changes in irradiance conditions at cellular level [Moore et al., 2006].
This process consists mainly in the regulation of intra-cellular pigment amounts (e.g.,
chlorophyll-a) and other components of the photosynthetic machinery (e.g., electron
transport chain, photosystem I and II concentration, and their efficiency) in order to optimize
the photosynthesis and growth [Dubinsky and Stambler, 2009].

The most important and easily observable effect due to photoacclimation is the variation
(e.g., increase or reduction) of the main intra-cellular photosynthetic pigment concentration,
the chlorophyll-a (hereafter Chl; mg m™). The photoacclimation-induced cellular changes
can be observed on the time scale ranging from minutes to seasons [Maclntyre et al., 2000;
Halsey and Jones, 2015], and can therefore be detected and quantified using space-borne
observations. This physiological adaptation can be accounted in terms of variation of the ratio
between Chl and phytoplankton carbon (Cpnyto), the well-known Chl:Cpnyio ratio [Maclntyre
et al., 2002], a variation that is consistent with the physiological adjustment to environmental
factors. It is generally accepted that Chl:Cphyto 1s also an important property in evaluating
phytoplankton community dynamics and its seasonality [Laws and Bannister, 1980; Halsey
and Jones, 2015]. Despite the natural phytoplankton population variability (e.g., health of the
cells, life stages and so on), here, all phytoplankton cells are assumed to behave in the same
way. In order to optimize photosynthesis, phytoplankton cells need to produce an amount of
Chl that strictly depends on nutrient concentration, light availability and temperature. Over
the annual cycle, changes on these parameters have an impact on the phytoplankton
abundance and on the cellular Chl concentration in seawater. However, Chl and Cphyto do not
covary always over the different temporal cycles (e.g., seasonal, year) [Behrenfeld et al.,
2004, Bellacicco et al., 2016]. Indeed, even if, historically, in satellite oceanography, Chl has
been used as the only available proxy of algal biomass concentration [Siegel et al., 2013], its
retrieval does not take into account the physiological adjustments that phytoplankton
undergoes in response to changes in environmental conditions. The use of satellite Chl alone
does not allow to distinguish between an intracellular and community dynamics variations
(Figure 1) [Bellacicco et al., 2016]. For this ambiguity, Chl cannot be considered a/ways the
best indicator for phytoplankton biomass concentration [Behrenfeld et al., 2008; Bellacicco
etal., 2016].

Behrenfeld et al., [2005] developed an alternative algal biomass concentration proxy,
Cphyto (mg m>;), trying to exclude therefore the physiological effects that can be find in the
use of Chl. The Cpnyto 1s based on the particulate backscattering coefficient, bpp (A) which is
related to the particles concentration in seawater, on their size distribution, refractive index,
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shape and structure [ Twardowski et al., 2001; Slade and Boss, 2015; Organelli et al., 2018].
Former research suggested that by, is mostly influenced by submicron non-algal particles
[Morel and Ahn, 1991; Stramski and Kiefer, 1991; Stramski et al., 2004]. However, it has
been recently shown that most of by, is due to particles with equivalent diameters between 1
and 10 um [Organelli et al., 2018], thus including the contribution of phytoplankton cells
and supporting the use of by, for the retrieval of: (i) particulate organic concentration (POC)
[Loisel et al., 2001; Thomalla et al., 2017], (ii) particle size distribution (PSD) [Kostadinov
et al., 2009, 2016] and (ii1) Cpnyto [Behrenfeld et al., 2005; Bellacicco et al., 2016; Martinez-
Vicente et al., 2017] that, as previously mentioned, is the key parameter for phytoplankton
physiology studies. It is thus clear that efficiency in the by, retrievals from space is a crucial
issue for ocean biology and global ocean carbon estimations.

Nowadays, in the European Space Agency (ESA) Ocean Colour (OC) - Climate Change
Initiative (CCI) framework, the Quasi-Analytical Algorithm (QAA) [Lee et al., 2002, 2013,
2014] is the selected algorithm to retrieve byp. Specifically, the ESA OC-CCI project aims at
creating a long-term, consistent, uncertainty-characterized time-series of ocean colour
products for use in climate-change studies [Brewin et al., 2015; Sathyendranath et al., 2019].

In such a context, while in the case of Chl the uncertainties are fully provided, the satellite
bvp products lack such information (see also the Product User Guide on http://www.esa-
oceancolour-cci.org) that is also crucial for POC and Cpnyto. This absence of statistical
assessment is influenced by the paucity of a sufficient number of in-situ observations for the
determination of uncertainties. It derives that a validation and, in case, an “update” of QAA
can be potentially impactful in order to enhance the performance of by, detection from space
and the resulting Cpnyto computation.

High abundance of cells Low abundance of cells
with low Chl with high Chl

o TR
°e 020

@ ©O @
.

Chl:Cphyto = 1 Chl:Cphyto = 4

Figure 1: Example of the ambiguity in the use of satellite Chl to detect phytoplankton abundance in seawater.
On the left, high abundance of cells with low Chl content; on the right, low abundance of cells but with the
same Chl concentration of the left conditions. It derives that by using satellite Chl, we cannot distinguish
between the left and right situations which have a different community dynamics and related description (4 cells

vs 1 single cell).

As mentioned above, the temperature is one of the main environmental forcing that affects
phytoplankton production. It has been well documented that ocean warming, mostly due to
anthropogenic activities, determines an expansion of the low-Chl and low-productivity areas,
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such as the oligotrophic gyres [Martinez et al., 2009; Boyce et al., 2010]. Satellite
observations revealed an inverse relationship between inter-annual and inter-decadal changes
in Sea Surface Temperature (SST) and surface phytoplankton Chl concentration [Behrenfeld
et al., 2015]. It implies that Chl tends to decrease when temperature increases, and viceversa.
Bellacicco et al., [2016] showed the impact of SST onto phytoplankton seasonality in the
Mediterranean Sea. Since Chl is used for phytoplankton biomass, with the ongoing ocean
warming, the increase of SST can determine a continuously decrease of phytoplankton stocks
and productivity in different areas of the ocean. Due to the explained impact of physiological
processes on Chl space-borne estimations, a deeper study on the relationship between both
Chl and the Cpnyto with SST is needed. An analysis of trend and oscillatory modes of
parameters along multi-years of satellite observations should be an important step for the
comprehension of the future ocean productivity.

Additionally, the estimation and evaluation of the weight and changes of phytoplankton
physiological signal, Chl:Cpnyto, based on long-term satellite observations may be decisive in
respect to one of the future research ESA challenges which is to study the response of the
marine ecosystem and associated ecosystem services to natural and anthropogenic changes
(i.e. global warming). Even if we are able to distinguish changes in phytoplankton biomass
from changes in physiology, we currently do not know the inter-annual variability of
physiological process, and we are also unable to describe how and where those signals have
been increased or decreased in the different areas of the ocean.

The main scientific goal of PhysioGlob is thus to define the inter-annual oscillations
of physiological response of phytoplankton to global warming using long-term satellite
observations. To this aim, some others sub-goals are defined:

1. To infer satellite retrieval uncertainties, and possible source of errors, on by, of the
satellite ESA OC-CCI time-series and, if possible, define an updated version of the QAA
by using in-situ data on a global scale;

2. To develop/refine a byp-based phytoplankton carbon (Cpnyto) satellite product based on the
updated version of QAA;

3. To extract and study trend and oscillations of the physiological signal (Chl:Cpnyto) and its
relationship with different physical forcing (e.g., SST, nutrients, light) on a global ocean
scale.

Originally, three tasks were planned to achieve the main goals. After the first year, the
tasks were expanded for a total of four tasks. Below some details for each task with the
background and the gaps to be filled. Figure 2 overviews the work plan and schedule of
the planned reports, ESA-meeting and expected scientific publications. Table 1 reports
the main symbols and acronyms in PhysioGlob.

Task #1: How accurately can be retrieved the by, from space on a global scale with the
QAA? Which are the major sources of errors in this retrieval?
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The QAA is a multi-level algorithm that concatenates a sequence of empirical, analytical
and semi-analytical steps to retrieve spectral total non-water light absorption and particulate
backscattering (anw and bvp) and to decompose anw into its CDOM, algal and non-algal
contributions [Lee et al., 2002, 2014]. Specifically, on byp, some studies suggested some
degree of by, overestimation by the QAA [Huot et al., 2008; Brewin et al., 2012], but their
reference byp data were sub-products of Chl measurements. QAA estimations from satellite
R:s showed a bias of +16.4% with respect to in-situ by, for the Adriatic Sea [Melin et al.,
2011]. Using the in-situ NOMAD dataset [ Werdell and Bailey, 2005], a by, overestimation
of +38% by the QA A with respect to the observed value was reported [ Werdell et al., 2013].
Other results, based on in-situ matchups, showed a bias of +2.5-8.8% for the QA A-derived
bvp in Arctic waters, and of +9.5% to +16.4% in low-latitude waters [Zheng et al., 2014].
Pitarch et al. [2016] reported a slight underestimation within 10% in the Mediterranean Sea.
Most recently, QAA-derived byp from different satellite sensors (i.e. MODIS, VIIRS, OLCI)
showed good performance with respect to a large in-situ by, dataset collected from
Biogeochemical (BGC)-Argo floats [Bisson et al., 2019].

Nowadays, the uncertainties associated to QAA-based by, retrievals globally are poorly
known. In order to provide a best-effort by, uncertainty assessment, this task aims at
evaluating the efficiency of QAA for global by retrievals by using a large database of
correspondent in-situ Rrs and bpp data on a global scale.

Task #2: Is the background particulate backscattering coefficient variable in space and
time? Or is it a constant value? Which is the best method for its computation?

Here, the byp-based phytoplankton biomass model is presented. As mentioned in Section
1, Behrenfeld et al. [2005] developed an alternative algal biomass concentration index, in
terms of phytoplankton carbon, Cphyto (mg m™). Cphyto i based on the by as follows:

Conyto = [bop) — b, V)] - SF [Eq. 1]

where A is the wavelength, Cpnyto being the phytoplankton carbon biomass expressed in mg
C m?; bu, (M) is the particulate backscattering coefficient; bfs, (\) is the background
contribution of non-algal particles (NAP) to the total by,, while SF is the scaling factor
(13,000 mg C m?) chosen to give satellite Chl:Cphyto values (average value of 0.010)
consistent with laboratory results, and an average contribution of phytoplankton to total
particulate organic carbon (around 30%) to be consistent with field estimates [Behrenfeld et
al. 2005]. The main issue in Eq. 1 is the computation of b'lﬁp.

In the original work, bl’,‘p was estimated as fraction of the byp that does not covary with Chl,
and estimated it as the offser of a linear regression between satellite-derived byp and Chl (i.e.,
5 years of ocean color data) when Chl concentrations were greater than 0.14 mg m™. This
offset was defined as the background of the backscattering due to NAP and refers only to a
fraction of the total by, signal caused by NAP that thus does not covary with Chl (i.e.
phytoplankton).
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In Behrenfeld et al., [2005] (hereafter Be05), bl’,‘p is assumed to be a constant value both
on space and time scales (i.e. 3.5:10* m™"). Be05 attributed it to “a stable heterotrophic and
detrital component of the surface particle population and therefore independent of the
phytoplankton dynamics”. Recently, Bellacicco et al. [2016] (hereafter Blc16) applied
Be05’s approach for distinct bioregions and seasons in the Mediterranean Sea, and showed
that by, has instead a marked regional and seasonal variability. Such a result thus confirmed
that the heterotrophic and detrital components at the sea surface are neither negligible nor
stable, but highly variable in seawater [Siokou-Frangou et al., 2010]. The variability of the
bl’,‘p by Blcl6 was also later confirmed by Bellacicco et al., [2018] for the global ocean
(hereafter Blc18). Indeed, Blc18 highlighted two distinct oceanic areas: the productive sub-
polar North Atlantic Ocean, where bl’,‘p and particle biomass (i.e. phytoplankton cells) are
anti-correlated; and the Southern Ocean, where bl’,‘p signal is mainly driven by inorganic
particles, such as algal coccoliths [Balch et al., 2016, 2018], bubbles or foam that occur in
the stormy seas [Stramski et al., 2004].

Task #2 aims at evaluating which is the best method for b’,ﬁp estimations and if b’,ﬁp has
a significant spatio-temporal variability that has to be accounted for in the Cpnyto
computation from space. To this specific aim, a large in-situ database of correspondent
bvp and Chl measurements is used.

Task #3: Definition of a refined bvy-based phytoplankton carbon biomass and production
of daily satellite phytoplankton carbon biomass time-series (1997-2019).

In this task, the aim is to refine daily Cpnyto satellite products taking into account the results
found in Tasks #1 and #2: the possible correction on QAA for satellite by retrievals together
with the spatial and temporal bl’,‘p variability. A comparison with the previous Behrenfeld et
al., [2005], Bellacicco et al., [2018] approaches is planned. Another semi-empirical
algorithm for Cphyto can be evaluated. This started from the relationship between in-situ flow
cytometry-based carbon and byp at 470nm [Martinez-Vicente et al., 2013, 2017].

Task #3 has the goal to produce daily Cpnyto satellite maps, from 1997 to 2019, based
on the “revised” QAA for bbvp retrievals coupled with the correct method for
b’,ﬁp estimations and, if exists, its spatio-temporal variations.

Task #4: This task is referred to address the question of possible shared mechanisms of
variability between Cpnyo, Chl:Cpiyo, SST (and others physical forcings) as derived from
multi-years ESA OC-CCI data time-series ranging from seasonal to inter-annual scales.

To identify variability in this dataset, we rely here on multi-channel (or multivariate)
singular spectrum analysis (M-SSA), an advanced method for the analysis of spatio-temporal
datasets which provides an efficient and robust tool to extract dynamics from relatively short,
noisy time-series [Ghil et al, 2002]. The goal is to classify components of the single (or
coupled) time-series into trends, oscillatory modes, and noise. Having in mind that, by
using M-SSA, the trends do not need to be linear and that the oscillations can be amplitude-
and phase- modulated.
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As a first analysis, a single time-series could be studied in separate M-SSA analyses to
evaluate similarities among the inter-annual variabilities of the Chl:Cpnyto, SST, and other
parameters such as mixed layer depth (MLD), light availability. Then, we will proceed with
a joint M-SSA analysis of the time-series to better understand the spatio-temporal structure
associated with inter-annual variability in the Chl:Cpnyto, or phytoplankton indices, and global
ocean temperature fields. This coupled analysis will also help in addressing the question to
which extent the inter-annual oscillatory modes found in the Chl:Cpnyto can be attributed to
its response to inter-annual variability in SST fields.

A similar approach has already been used by Groth e al. [2017] to study the inter-annual
variability of the ocean temperature field in association with wind stress forcing. Here, the
idea is essentially to follow a similar approach but with different variables: Chl:Cpnyto against
SST, instead of SST versus wind stress.

I:l QAA focus - by, investigation - Cohyta - ChI:C,,,,, inter-annual oscillations study
Kick-off meeting (T0) —10th
December 2018 Technical Note 1 (TO + 6) Mid-Term
ﬁ I‘ ] Review
Papers v ('] * % hxd To+12
submitted/published/in
preparation in high quality O O Months O O k/ g:p‘;’:rm
Joumnals
Task 1 H 3 4 5 6 7 g 9 10 11 12 To+12
Reports & Technical 1
Technical Note 2 (TO + 18) Final Report
©) e jo) ®) %0 *!
Task 1 2 3 4 5 6 7 8 9 10 11 12 [*
1
.
3
>
o
13
aY)

Figure 2: Overview of the work including ESA-meetings, published (stars with same color of the related Task)

and expected scientific papers (triangles), bi-monthly reports and technical notes (orange circles).

Chphyto Phytoplankton Carbon biomass (mg m™)
Chl Chlorophyll-a (mg m™)
Chl:Cphyto Chlorophyll-a to Phytoplankton Carbon ratio
bup Particulate backscattering coefficient (m™)
bp Background particulate backscattering coefficient by non- algal particles (m™)
Ris Remote Sensing Reflectance (sr'!)
ESA European Space Agency
0OC-CCI Ocean Color - Climate Change Initiative
QAA Quasi-Analytical Algorithm
SSA Singular Spectral Analysis
M-SSA Multi-Channel Singular Spectral Analysis

Table 1: Symbols and acronyms definition in PhysioGlob.
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3 WORK PERFORMED

Task #1

Here, the context, method and the performed worked about Task #1 are presented. The
main goal of this task is to evaluate the efficiency of QAA algorithm for global by, retrievals
by using a large database of correspondent in-situ Ry and by, data. For more details see
Pitarch et al. [2020] (see Section 6).

Scientific context

Retrieval of water inherent optical properties (IOPs) from both field and ocean colour
radiometry is at the base of several biogeochemical and physical oceanographic studies
[Behrenfeld et al. 2005; Bellacicco et al., 2016]. IOPs of algal and non-algal particles can be
derived from remote sensing reflectance spectra (Rys; units of sr ') by using appropriate
algorithms [Lee et al., 2002; Brewin et al., 2015; Loisel et al., 2018]. Among IOPs, the
particulate optical backscattering coefficient (bnp; in m!) is related to the particle
concentration in seawater, on their size distribution, refractive index, shape and structure
[Twardowski et al., 2001; Slade and Boss, 2015; Organelli et al., 2018]. Former research
suggested that byp is mostly influenced by submicron non-algal particles [Morel et al., 1991;
Stramski et al., 2004]. However, it has been recently shown that most of by, is due to particles
with equivalent diameters between 1 and 10 um [Organelli et al., 2018], thus including the
contribution of phytoplankton cell and supporting the use of by, for the retrieval of: (i)
particulate organic concentration (POC) [Loisel et al., 2001; Thomalla et al., 2017]; (i1)
particle size distribution [Kostadinov et al., 2009, 2016]; and (iii) phytoplankton carbon
biomass concentration (Cphyto; mg m ) [Behrenfeld et al., 2015; Bellacicco et al., 2018], a
key parameter also for phytoplankton physiology studies [ Behrenfeld et al., 2005; Siegel et
al., 2013; Halsey and Jones, 2015]. Efficiency in the by retrieval is crucial for ocean biology
and global ocean carbon estimations.

On one hand, radiative transfer theory provides the link between by, and optical
radiometry [Mobley, 1994]. Therefore, inversion algorithms for by, detection from optical
radiometry can be developed. In particular, the QAA [Lee et al., 2002] is a multi-level
algorithm that concatenates a sequence of empirical, analytical, and semi-analytical steps to
retrieve spectral total non-water light absorption and backscattering (anw and byp) first and to
decompose anw into its CDOM, algal and non-algal contributions. Specifically, about byp,
some studies suggested some degree of byp overestimation by the QAA [Huot et al., 2008;
Brewin et al., 2012], but their reference by, data were sub-products of chlorophyll-a (Chl)
measurements. QAA estimations from satellite Ris showed a bias of +16.4% with respect to
in situ by, for the Adriatic Sea [Melin et al., 2011]. Using the in-situ NOMAD dataset
[Werdell et al., 2005], a by, overestimation of +38% by the QA A with respect to the observed
value was reported [ Werdell et al., 2013]. Other results, based on in situ matchups, showed
a bias of +2.5-8.8% for the QAA-derived bpp in Arctic waters, and of +9.5% to +16.4% in
low-latitude waters [Zheng et al, 2014]. Pitarch et al. [2016] reported a slight
underestimation within 10% in the Mediterranean Sea. Most recently, QA A-derived by from
different satellite sensors (i.e., MODIS, VIIRS, OLCI) showed good performance with
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respect to a large in situ bpp dataset collected from biogeochemical (BGC)-Argo floats
[Bisson et al., 2019].

Currently, in the European Space Agency (ESA) Ocean Colour (OC) Climate Change
Initiative (CCI), QAA is the selected algorithm to retrieve bpp. Specifically, the ESA OC-CCI
project aims at creating a long-term, consistent, uncertainty-characterized time series of
ocean colour products, for use in climate-change studies [Sathyendranath et al., 2020]. In
such a context, while in the case of Chl the uncertainties are fully provided, the by, satellite
products lack such information that is also crucial for POC and Cphyto estimations [Bellacicco
et al., 2019]. This absence of statistical assessment is influenced by the paucity of a sufficient
number of in situ observations for the determination of uncertainties.

Nowadays, the uncertainties associated to QAA-based by, retrievals globally are not
known. In order to provide a best-effort bpp, uncertainty assessment, this work aims at
evaluating the efficiency of QAA for global by, retrievals by using a large database of
corresponding in situ Rys and by, data (N = 2881). In details, we use the updated version of
the recent in situ global bio-optical dataset [Valente et al, 2019] together with field
measurements from the BOUSSOLE buoy [Antoine et al, 2006] and two different
oceanographic cruises in the Tyrrhenian and Adriatic Seas [Pitarch et al., 2016]. Unlike
previous studies, here, the QAA performance is considered at multiple bands that further
allow the evaluation of the by, spectral slope retrievals against in situ measurements. The
goals of this paper are thus: (i) to define the accuracy of the QA A for by, retrievals using only
in situ Ry data; (i1) to validate the CCI Rys with in situ corresponding data; and (iii) to evaluate
the performance of the QAA using satellite CCI Ry as input data.

Methods

Assessment of the Quasi-Analytical Algorithm (QAA)

The original algorithm [Lee et al., 2002] has undergone many updates and developments
by several researchers. The QAA version here used is based on the algorithm for the CCI
bands which is currently integrated in the SeaWiFS data analysis system (SeaDAS) [Lee et
al., 2014].

The sub-surface Ry (named ry) is calculated as r,s = R;5/(0.52 + 1.7R ) and modeled
as a function of the IOPs as: s = gou + gu?, with u = by /(a + by), g0 = 0.089 and gl =
0.1245. This approach provided good results in the Mediterranean Sea in case of oligotrophic
and coastal waters [Pitarch et al., 2016; Bracaglia et al., 2019].

The QAA uses an empirical inversion of Ry to retrieve absorption and then it solves total
backscattering (bp) analytically. by, is calculated by subtraction of pure seawater
backscattering (bpw) for an average temperature of 14 °C and an average salinity of 38 PSU
[Zhang et al., 2009]. by is first estimated at a reference wavelength of A = 555 nm and then
the calculation is extended to other wavelengths by assuming a power law by, =
bpp(Ao) (A/Ag)™™ for the by, with a spectral slope:

75 (443)
n=np Il — P2 €Xp (—pg %6—55)]
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Equation above is widely used for QAA retrievals of by, at multiple wavelengths.
Nevertheless, we use the in situ dataset presented here to evaluate the accuracy of analytical
1. The functional form of Equation above is used and the default numerical coefficients p1 =
2.0,p2=1.2 and p3 = 0.9 [Lee et al., 2014] are replaced by unknown variables established
by non-linear regression. To this aim, we used the iterative bi-square method, which
minimizes a weighted sum of squared errors, where the weight given to each data point
decreases with the distance from the fitted curve [Huber and Ronchetti, 1981]. This
procedure makes the curve sensitive to the bulk of the data and the effect of outliers is
reduced. The error function is minimized through the trust region algorithm [Moré et al.,
1983]. In addition, the 95% confidence prediction bounds are also computed.

It is known that for oligotrophic waters the Raman scattering plays a significant role that
is not accounted for in the semi-analytical R modelling. Therefore, a pertinent question is
how much this phenomenon affects the semi-analytical by, retrievals. With this aim, Lee et
al. [2013] developed empirical correction formulas to compensate the Raman scattering on
the Rys. Here, we assess the effects of this compensation on the difference between the in situ
bvp and Rys-derived bpp. The statistical assessment was also replicated in other different cases:
(1) validation of satellite CCI Rys against in situ Rys; and (ii) byp retrievals after the application
of QAA to satellite R;s (Raman corrected), were compared to in situ measurements at the
different available wavelengths.

Estimated data y; are compared to reference data x; by using the following statistical
indexes: relative bias (units of %), relative root-mean square error (RMS, units of %) and

determination coefficient (1)
1 N
bias = 100—2” ‘
N. 4 Xi
=

N

1 C— x\2
RMS = 100 —E (y‘ x‘)
N xl-

=1
5 YL =i — )

o (B - 02 50— 97

Data

In Situ Data

The in situ database is composed of three distinct datasets containing multi-spectral Ry
and byp: the recently updated global in situ database [Valente et al., 2019] (hereafter V19
dataset), an in situ dataset collected by the National Research Council (CNR) during two field
campaigns in the Mediterranean Italian Sea (hereafter CNR dataset) [Pitarch et al., 2016]
and the time-series of data acquired by the BOUSSOLE buoy in the northwestern
Mediterranean Sea (hereafter BOU dataset) [Antoine et al., 2006, Antoine et al., 2008;
hereafter. The three in situ databases were quality-checked as described below. All the Ry



441
442
443
444
445
446
447
448
449
450

451
452

453
454

data were band-shifted to the CCI bands (those of the NASA SeaWiFS instrument, namely
412, 443, 490, 510, 555, and 670 nm). The band-shifting procedure [Melin et al., 2015] is a
technique to compensate small band differences in multispectral Ry data. It takes into account
the spectral shape of the absorption and scattering that contribute to Rys and constitutes a
more accurate approach than a simple linear interpolation. Considering every wavelength an
independent measurement, the final dataset accounts for a total of N = 2881 Rys and by, co-
located measurements around the global ocean (Figure 3). As shown in Figure 4, the total Rys
and by spectra cover from oligotrophic open-ocean to more eutrophic coastal waters as the
range of Rys and bvp values vary between 0-0.02 sr ! and 107*-10"" m™! respectively.
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Figure 3: Geographical distribution of the in situ Ry vs. by, matchups. Some areas (A1, A2, and A3) concentrate
a high point density and are highlighted in zoomed maps. Pink, yellow, and green dots refer to V19, BOU, and
CNR data, respectively.
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Figure 4: R and by, spectra for the three-different datasets: V19, BOU, and CNR. Pink, yellow, and green
lines refer to V19, BOU, and CNR data, respectively.

V19 Dataset

Rys and 1OPs, aggregated within +6 nm, were downloaded. V19 is a global compilation of
in situ data that was acquired from many sources (e.g., MOBY, AERONET-OC, SeaBASS,
NOMAD, MERMAID, AMT, and many others), motivated by the validation of the ocean-
colour products from the ESA OC-CCI products. Methodologies were implemented for
homogenization, quality control and merging of all data. No changes were made to the
original data, other than averaging of observations that were close in time and space,
elimination of some points after quality control and conversion to a standard format [ Valente
etal., 2019].

In this study, data were selected only if valid and corresponding R.s and bpp measurements
at all CCI bands were available. Such condition determines a total of N = 319 matchups.
Remaining minor by, wavelength mismatches were removed by linear interpolation to the
CCI bands. Although V19 is a merged dataset from multiple datasets, the condition we set
for the matchup left data that were originally from the NOMAD dataset only.

BOU Dataset

The BOUSSOLE (BOUee pour 1’acquiSition d’une Série Optique a Long termE) project
started in 1999, and its activities are developed on a site located in the northwestern
Mediterranean Sea (7°54'E, 43°22'N, Figure 3, panel A2). Essential information about the
site characteristics, the measurement platform, and the instrumentation was previously
documented [Antoine et al., 2006; Antoine et al., 2008 a, b]. The by, data were collected at 9
m nominal depth with a Hobilabs Hydroscat-4 (442, 488, 550, and 620 nm) and processed as
in Antoine et al. [2011]. In addition, a quality control on by, was applied that required a
spectral by slope, calculated from every pair of two consecutive bands, within given bounds
(more than —1 and less than 6). R;s data were derived with a set of Satlantic 200-series
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multispectral radiometers [Organelli et al., 2016 and references therein]. The Ry is available
at a varying number of the following bands, depending on the time period: 412.5, 442.5, 490,
510, 555, 560, 665, 670, and 681.25 nm. Since the application of the QAA requires Ry at
443, 490, 555, and 670 nm, only R records whose native bands matched those needed by
the QAA algorithms were selected (within a +6 nm range). Data at 412.5 nm and 442.5 nm
were band-shifted to 412 nm and 443 nm [Melin et al., 2015], respectively. In the green
region, if the Rys at 555 nm was available, it was directly sampled and the R at 560 nm was
ignored. If the Rs at 560 nm was available when the R;s at 555 nm was missing, the Rrs at
560 nm was band-shifted to 555 nm. Similarly, in the red region, between the Rys at 665 nm
and 670 nm, preference to Rys at 670 nm was given. Rys data at 681.25 nm was not considered
for the analysis. Data was generally available within two hours from the local noon. The time
series at sub-daily resolution were reduced by calculating the daily medians.

CNR Dataset

Data belong to two field campaigns conducted in 2013 and 2015 in Italian seas,
encompassing a high optical range between open and coastal waters. Measurements were
performed between 8:30 h and 16:00 h UTC. IOPs and Rs were collected sequentially at each
station, with a maximum delay of ~1 h and ship drift of maximum few hundreds of meters.

Backscattering (bp) was measured with an ECO-VSF3, manufactured by WET Labs, Inc.,
at the wavelengths 470, 530, and 660 nm. This instrument measures the volume scattering
function at three backward angles and calculates by by integration of a polynomial fit. Final
data are the result of a binning across the first optical depth.

Radiometry was performed with OCR-507 radiometers, manufactured by Satlantic, Inc.,
measuring at the center bands 412, 443, 490, 510, 556, 665, and 865 nm. In-water upwelling
radiance at nadir (Ly) sensor was mounted onto a free-falling T-shaped structure, with the
multicast technique. Above-water downwelling irradiance (Es) data were collected by a
reference sensor, mounted at the top of the ship’s deck. Ris was computed using the SERDA
software developed at CNR. All the R, data were band-shifted to the CCI bands for
consistency with the satellite Rys. Further details about this dataset are provided in Pitarch et
al. [2016].

Satellite ESA OC-CCI Rrs Data

The ESA OC-CClI version 4.0 global daily Ry data at 4 km resolution for the period 1997—
2017 were downloaded [Jackson et al., 2019]. CCI products are the result of the merging of
SeaWiFS, MERIS, MODIS, and VIIRS data in which the inter-sensor biases are removed
[Melin et al., 2016]. This version 4.0 includes the latest NASA reprocessing R2018.0 that
mostly accounts for the aging of the MODIS sensor. ESA OC-CCI provides the daily R, data
and associated uncertainty maps in terms of bias and RMS, which were generated with a
procedure that included comparison to in situ data and optical water type analysis [Jackson
etal., 2019].

In this work, a conservative extraction procedure was followed, in which the center Ry
data within a 3 x 3 pixel box was extracted only if all the 9 pixels were not flagged, therefore
minimizing possible land border, cloud or other environmental contaminations, and obtaining
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the highest quality of matchups. Finally, for each single Ry, the bias was also extracted and
then compensated pixel-by-pixel.

Results
QAA Performance for byy Retrievals from In Situ Data

QAA-retrieved byp from in situ Ry is here compared to in situ measured by,. Comparisons
are made at the native bands of each in situ byp instrument for the cases of BOU and CNR
and at the CCI bands for V19. Statistics are also presented for each band and dataset. A first
assessment consists of applying the QAA without performing the compensation for Raman
scattering. Here, results show a general overestimation of around +43.4% for V19 (Table 2)
that is not significant given the overall noise expressed by the RMS (125%). This high RMS
is the likely consequence of the different protocols, instrumental and geophysical noises
affecting all single contributors to the V19 dataset (Table 2). In the case of the BOU dataset,
an overall overestimation of +49.2% is found for all the bands which is statistically
significant given the related RMS (58.7%). On the other hand, the QAA applied to the CNR
dataset showed the highest performances, with a bias of +3.3% and a RMS below 23%.

Table 2: Statistical descriptors of the difference between the QAA-derived by, and in situ by, for each dataset,

without Raman scattering compensation.

Band (nm) Bias (%) RMS (%) r? N

412 403 1284 035 319
443 4.7 1204 037 319
490 445 1278 041 319
V19 510 45.0 1271 042 319
555 452 1242 044 319
670 43.1 1142 047 319
All 434 1253 043 1914
442 445 507 073 172
488 713 792 073 172
BOU 550 2.0 365 078 172
620 52.0 602 073 172
All 49.2 587 075 688
470 1.8 251 088 93
CNR 530 7.7 28 089 93
660 96 207 093 93
All 33 29 088 279

To understand the importance of the Raman scattering correction in semi-analytical byp
retrievals, the analysis is repeated with corrected Rys [Lee et al., 2013]. The application of the
Raman scattering correction reduces both bias and RMS nearly for all the by, at all bands
(Table 3 and Figure 5). Indeed, for the V19 dataset, the bias decreases to 12% with respect
to the retrievals obtained without correction of the Raman scattering (Table 2). The RMS
reduction is around 34%. For the BOU data, the RMS and bias improve of about 11% and
12%, respectively. In the case of the CNR dataset, statistics show a modest increase in
accuracy except for A = 660 nm, which is likely influenced by chlorophyll-a fluorescence.
Although fluorescence peaks at around A = 660 nm, the ECO-VSF 3 sensor, used to collect
the CNR dataset, has a full width at half maximum (FWHM) of about 20 to 30 nm, so a
fluorescence interference may not be excluded.
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Overall, these results are somewhat expected as the Raman scattering correction produces
a smaller effect in coastal waters [Lee ef al., 2014], which represent a significant part of the
CNR dataset with respect to the two other datasets (Figure 5). The overall statistics are in
agreement with previous comparisons that showed negligible biases over noise at global scale
[Brewin et al., 2015] and at regional level [Pitarch et al., 2016]. Results in this section
highlight the importance of applying the Raman scattering correction to the source Ry prior
to semi-analytical by retrieval in order to increase the accuracy.

Table 3: Statistical descriptors of the difference between the bp,-QAA derived and in situ by, for each dataset

with Raman scattering compensation.

Band (nm) Bias (%) RMS (%) r? N

412 28.5 946 045 319
443 307 950 047 319
490 322 934 050 319
V19 510 326 928 051 319
555 327 904 052 319
670 307 831 054 319
All 312 916 052 1914
442 33.0 201 073 172
488 572 648 073 172
BOU 55 18.2 271 078 172
620 39.0 478 073 172
All 37.0 470 075 688
470 6.5 26 088 93
CNR 530 25 213 089 93
660 142 230 093 93
All 173 23 089 279
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Figure 5: Scatter plots of QA A-derived by, vs. in situ by, data for each wavelength and dataset considered and
for the merged dataset. Raman correction is applied to Rys. The dashed line represents the 1:1 ratio. Pink, yellow

and green dots refer to V19, BOU and CNR data, respectively.

Estimation of the by, Spectral Slope from R,s Data

The in-situ dataset described above is used to assess the proposed relationship in the QAA
and perform a model to data fit that is compared to the common QAA v6 equation [Lee et
al., 2014]. Figure 6 shows a comparison of the independent variable (i.e., the blue-to-green
band ratio r1s(443)/15(555)) with respect to 17 derived from the in situ byp. Fitting a functional
form of mother equation returns a curve (p1 =2.2, p2 = 0.9 and p3 =0.5) and a 95% prediction
interval, which is around +1 wide, caused by the high scatter of the data cloud. The difference
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between n computed here and the one derived via QAA is much smaller than the width of
the prediction interval, thus making them equivalent for prediction purposes. Therefore, by
the principle of parsimony, the operational n functional form (dashed line in Figure 6)
remains valid. However, one must keep in mind that the low predictive value of this
relationship may result in by extrapolations to bands outside the reference one (usually 555
nm) that accumulate significant errors. In particular, within a worst-case scenario, an error in
n estimation, An = 1, will lead to a ~26% error when extrapolating byp from 555 nm to 412
nm.
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Figure 6: 1 calculation considering all the in situ data available: V19 (pink dots), BOU (yellow dots), and CNR
(green dots). The solid curve is the best fit of original equation to all the data (p1 =2.2, p2 = 0.9 and p3 = 0.5).
The 95% confidence prediction bounds are represented by the grey shaded area. The dashed curve is the 1
estimation from Ry as defined in original Equation. Pink, yellow, and green dots refer to V19, BOU, and CNR

data, respectively.

Validation of CCI R

Prior to applying to satellite data an algorithm that has been developed with in situ data,
assessing the quality of the satellite Ris with respect to in situ measured Ry is desirable in
order to identify possible biases. Therefore, this section uses the in situ Ry contained in the
three datasets to evaluate the CCI Rys. There is a total of 882 matchups for V19, 581 for BOU,
and 252 for CNR. Good agreement between in situ values and the CCI Rys products is found
(Figure 7, Table 4) at all wavelengths, rather consistently with other previous results [ Brewin
et al., 2015]. Overall, all datasets display similar performance, with negligible biases with
respect to the overall noise expressed by the RMS. In the case of A = 670, increased RMS is
mostly due to the low values Ry, except for CNR, that contains a higher data range. It is
concluded that the CCI Ry do not require adjustments at the studied wavelengths.

The magnitude of this RMS expresses a high bound for the overall uncertainty of the Rys
product as it is a measure of the errors in the comparison experiment, including those within
the in situ data. The fraction of this error which is attributable to the satellite data only is
likely to be much lower. To have a measure of this fraction, a comparison to global in situ
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dataset with a traceable uncertainty budget would be desirable, though such option is
presently not available.
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Figure 7: Scatter plots of CCI Ry versus in situ Ry, for the six different wavelengths. The dashed line represents

the 1:1 ratio. Pink, yellow, and green dots refer to V19, BOU, and CNR data, respectively.

Table 4: Statistical descriptors of the difference between satellite CCI Ry and in situ Ry for each dataset.

Band (nm) Bias (%) RMS (%) r? N

412 —-19.6 42.7 0.37 147
443 —-16.9 30.6 0.53 147
490 -5.0 19.3 0.66 147
V19 510 -0.4 15.3 0.73 147
555 —4.6 18.7 0.78 147
670 28.4 117.9 0.47 147
All -3.0 54.2 0.73 882
412 —4.0 22.5 0.50 96
443 -3.7 239 0.63 97
490 -1.9 11.1 0.66 97
BOU 510 —6.4 11.9 047 97
555 9.5 16.0 0.64 97
670 24.2 49.5 031 97
All 3.0 26.0 0.89 581
412 —-10.7 24.8 042 42
443 2.6 18.2 0.53 42
490 -0.4 13.2 0.75 42
CNR 510 -3.7 14.9 0.81 42
555 0.9 19.9 0.88 42
670 —4.9 83.1 0.90 42
All —2.7 21.9 0.87 252

QAA Performance for by, Retrievals from CCI Data

After assessing the quality of the QAA retrievals with in situ by, and the quality of the
CCI Rys respect to in situ Ry, the QAA is applied to the CCI Ry to retrieve the by, that are
then compared to the in situ data. In agreement with our findings, CCI Ry are corrected for
Raman scattering. Results of this comparison are shown in Figure 8 and Table 5. For V19,
biases are not significant (less than 30%) in comparison of RMS values (less than 60%). On
the other hand, similarly to the statistics derived from section before, QAA-derived by, as



614  compared to the BOU data displays significant positive biases. Comparison with CNR data
615  shows the highest performances, with bias of +2.7% and RMS of 48%. The conclusions from
616  our analysis are consistent with previous comparisons to QAA, reporting negligible biases
617  above noise level both at global and regional scales [Melin et al., 2007, 2011; Bisson et al.,
618  2019;].
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620  Figure 8: Scatter plots of QAA derived by, from CCI Rrs versus in situ by, data for each wavelength and dataset

621 considered and for the merged data set. The dashed line represents the 1:1 ratio. Pink, yellow, and green dots
622  refer to V19, BOU, and CNR data, respectively.

623 Table 5: Statistical descriptors of the difference between the QAA-derived by, from satellite CCI Ry and in situ
624 by, for each dataset with Raman scattering compensation. Figure A4 provides a graphical representation of this
625  table.

Band (nm) Bias (%) RMS (%) r? N

412 24.2 51.8 0.66 147
443 26.8 53.9 0.67 147
490 29.1 56.0 0.68 147
V19 510 29.9 56.8 0.67 147
555 31.0 58.1 0.67 147
670 31.6 60.7 0.62 147
All 28.8 56.3 0.68 882
442 56.6 62.7 0.67 97
488 86.9 96.2 0.64 97
BOU 550 41.9 50.2 0.70 97
620 66.8 75.3 0.69 97
All 63.1 73.1 0.69 388
470 10.1 52.9 048 42
CNR 530 7.8 54.9 046 42
660 -9.6 33.5 0.63 42
All 2.7 48.1 0.50 126
626  Task #2
627 Here, the context, method and the performed worked about Task #2 are presented. The

628  main goal of this task is to evaluate which is the best method for bfj, estimations and if bg,,

629  coefficient has a significant spatio-temporal variability that has to be accounted for in the
630  Cpnyto computation from space-borne observations. For more details see Bellacicco et al.,
631 [2019] (see Section 6).
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Scientific context

In the ocean, the pool of non-algal particles (NAP) includes: (i) heterotrophic organisms
such as bacteria, micro-grazers and viruses, (ii) organic particles of detrital origin such as
faecal pellets and cell debris, (iii) mineral particles of both biogenic (e.g. calcite liths and
shells) and terrestrial origin (e.g. clays and sand), (iv) bubbles [Sosik et al., 2008] and (v)
plastics. Understanding of the spatial and temporal dynamics of NAP in the open ocean can
improve estimations of carbon export and sequestration [4zam et al., 1983; Bishop and Wood,
2009]. NAP can covary with phytoplankton abundance or accumulate regardless of algal
dynamics. In such a context, a possible way to monitor these particles and distinguish
between these two fractions is via their optical backscattering properties and relationship with
chlorophyll-a. Unfortunately, only a few studies have concerned the backscattering
properties of NAP up to date (bbNAP; units of m™") [Cho and Azam, 1990; Morel and Ahn,
1990, 1991; Stramski and Kiefer, 1991], as a consequence of the difficulties in directly
measuring this optical coefficient. Indeed, optical backscattering sensors measure
backscattering of all particles suspended in seawater (bpp; units of m-1) [Dall’Olmo et al.,
2009, 2012, Westberry et al., 2010], which includes algal particles among the others. The
NAP signal cannot be separated from that of phytoplankton. However, total by, offer the great
advantage to be measured by satellite and in situ from Biogeochemical-Argo (aka BGC-
Argo) floats. Using byp we can thus observe the global ocean with high spatial and temporal
resolutions.

The first attempt to derive boNAP in the open waters was by Behrenfeld et al. [2005]
(hereafter Be05) using five-years of ocean colour remote sensing data. They computed the
fraction of the by that does not covary with phytoplankton chlorophyll-a concentration (Chl;
units of mg m™), and estimated it as the offset of a linear regression between satellite-derived
byp and Chl when Chl concentrations were > 0.14 mg m™. This offset was defined as the
background of the boNAP (hereafter blgp; units of m-1) and refers only to a fraction of the
total byp signal caused by NAP that thus does not covary with Chl (i.e. phytoplankton).

In Be05, blgp is assumed to be a constant value both in space and time (i.e. 3.5:10* m™).
Be05 attributed it to “a stable heterotrophic and detrital component of the surface particle
population and therefore independent of the phytoplankton dynamics”. Recently, Bellacicco
et al. [2016] (hereafter Blc16) applied Be05’s approach for distinct bioregions and seasons
in the Mediterranean Sea, and showed that blf,p has instead a marked regional and seasonal
variability. Such a result thus confirmed that the heterotrophic and detrital components at the
sea surface are neither negligible nor stable, but highly variable in seawater [Siokou-Frangou
et al., 2010]. These observations were consistent with field observations of Chl and by, from
the BOUSSOLE buoy in which the Chl-by, relationship was highly dependent on the season
of the area [Antoine et al., 2011]. The variability of the blgp by Blc16 was also later confirmed
by Bellacicco et al., [2018] for the global ocean (hereafter Blc18). Indeed, Blc18 highlighted
two distinct oceanic areas: the productive sub-polar North Atlantic Ocean, where blf,p and
particle biomass (i.e. phytoplankton cells) are anti-correlated; and the Southern Ocean, where
blgp signal is mainly driven by inorganic particles, such as algal coccoliths [Balch et al., 2016,
2018], bubbles or foam that occur in the stormy seas [Stramski et al., 2004]. However, ocean-
colour data used in these works are only sensitive to the surface layer. The increasing number
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of BGC-Argo floats, equipped with by, sensors, can therefore expand the analysis to
underlying layers.

The relationship between by, and Chl is also influenced by phytoplankton specific
composition and diversity (e.g. size, shape, internal structure), physiology (e.g.,
photoacclimation) and the nature of NAP itself [Stramski et al., 2004; Dall’Olmo et al., 2009,
2012]. Therefore, an analytical fit between by, and Chl that includes these factors may
improve blgp estimations. In such a context, Brewin et al., [2012] (hereafter Br12) presented
a relationship between byp and Chl that accounted for modifications in phytoplankton size.
The model, based on surface in situ observations, included separated by, terms for small and
large cells that dominated the overall fit at different Chl ranges. This model also estimated
blgp, as the offset of the fit between by, and Chl in clear waters where this relationship
converged to a flat value for low Chl values. The blgp parameter was interpreted as a constant
background of NAP (e.g. heterotrophic bacteria, detritus, viruses, minerogenic particles),
possibly partly influenced by very small phytoplankton (e.g. prochlorophytes).

In this study, the Br12 model is applied to an extensive global dataset of Chlorophyll-a
fluorescence, here converted in Chl, and by, (700) measurements acquired from BGC-Argo
profiling floats. In detail, we estimate blgp across different oceanic areas (i.e. from productive
to ultra-oligotrophic zones), months, and in two distinct layers of the water column: at the
surface and within the euphotic layer. To interpret our estimations of blgp, we use as a
reference of the blf,p value in each region the median by, at 950 — 1000 meters also derived
from BGC-Argo observations. At these depths by, 1s entirely due to the fraction of NAP that
does not covary with Chl [Poteau et al., 2017].

Method
b, estimation: the model

In this study, the model developed by Brewin et al., [2012] is used to compute blgp. The
bvp 1s modeled as a function of Chl and takes into account the fractional contributions of small
and large phytoplankton, as follows:

bbp = Cin : [bf)p,l - be,Z] [1 - e_Sl.Chl] + bf)p.z - Chl + bllgp

where the subscript 1 and 2 refer to two populations of phytoplankton cells partitioned
according to size: 1 is for cells < 20um while 2 is for cells > 20um; by, ; and by, , refer to
the Chl-specific bpp coefficients associated with environments dominated by the two
populations of phytoplankton; CI" and S; refer to the maximum Chl concentration population
1 can reach and the initial slope relating the Chl concentration of population 1 to total Chl,
respectively.

The term blf,p refers to the background by, coefficient. The general equation of the model
can be simplified as:

bpp = ¢ [1—eCS1CD] 4 by .- Chl + b,
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in which b, , is the slope, b, is the intercept of the fit, while ¢ = C{"[b,,, — by, ,| and
Syterms are the coefficients of the non-linear part of the model. The by ,, blgp, ¢ and
S, coefficients are found from fitting Equation above to by, and Chl data by using the iterative
bi-square method. The initial guess for the four parameters are reported in Table S1 (see
published paper). These values are in the range and order of magnitude of the values reported
in Brewin et al., [2012]. This model reduces to the Be05, Blc16 and Blc18 linear models if
the non-linear term is discarded out, which would be the case where by, ; and by, ;tend to
the same value. This model represents an evolution of the previous published model (i.e.
Be05, Blc16 and Blc18) because of it takes into account the phytoplankton populations
variability in the Chl-byp relationship and thus for b‘gp estimations. In addition, the inclusion
of the non-linear term introduces more flexibility reducing the fit errors for the areas here
analyzed (see Figures S1 and S2 on the published paper).

The equation above is applied to each area (spatially-resolved with the temporal
aggregation approach), and for every month (spatially- and temporal-resolved approach) for
the two layers. The ratio between the blf,p value found in the surface and in the bottom layers,
and analogously for the euphotic layer, enables understanding the difference between upper
and deeper layers for each area of interest. It is computed as:

— bK

bk — bp,surface
bp bk

bp,bottom

— bk .
bk __ “bp,euphotic
bp ™

k
bbp,bottom

In addition to this ratio, % is here defined as the fraction of the blgp with respect to the

median by, (in %) giving an understanding on the relationship between NAP and particle
biomass in the different areas, and the layers, of the ocean:

R k
bk = bﬂ
bp " py,

Model fit and statistics

For all the computations, Chl measurements below the value of 0.01 mg m™ are considered
too noisy for a proper estimation of blgp and are filtered out from the dataset. The model in
Equation above is fitted to the data using the iterative bi-square method which minimizes a
weighted sum of squared errors, where the weight given to each data point decreases with
the distance from the fitted curve [Huber, 1981]. Therefore, the error function is sensitive to
the bulk of the data and the effect of outliers is thus reduced. This error function is minimized
through the Trust-Region algorithm [Moré and Sorensen, 1983] and the final fit estimate is
found after a maximum of 400 iterations. For each blgp the 95% confidence intervals and two-

standard deviation as confidence limit (£2c) are computed. In order to assess the model
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performance for the blgp calculation, the root mean square (RMS; in m™) error between the
modeled-by, and measured-by, are computed. The RMS is calculated according to:

1 N 2
RMS = N E - (bbp,modeled,i _bbp.measured.i)
i=

Data

An array of 425 BGC-Argo profiling floats was deployed around the World’s oceans as
part of several national and international programs (http://biogeochemical-argo.org), and
collected data from 30/05/10 to 31/12/18 every one up to ten days. These floats acquired 0-
1000 m vertical profiles of pressure, temperature and salinity by a Seabird Scientific SBE 41
Conductivity-Temperature-Depth (CTD) sensor, Chlorophyll-a fluorescence (FChla;
excitation at 470 nm, emission at 695 nm) and the angular scattering function at 700 nm by
Seabird-WetLABS combo sensors (mostly FLBB, ECOTRIPLET, or MCOMS).
Chlorophyll-a fluorescence is then converted to Chl concentration (units of mg m™) and the
angular scattering to particulate optical backscattering coefficient bpp (units of m™) (see
supplementary materials in the published paper). All the data were downloaded from the
Coriolis database (ftp:/ftp.ifremer.fr/ifremer/argo/dac/coriolis) and quality controlled (see
supplementary material). The BGC-Argo floats (more than 35000 correspondent Chl and by,
data) over global ocean used in the present study are partitioned into 18 areas (Figure 9). The
dataset of Chl and byp here used, represents the update version of the databases BOPAD-prof
and BOPAD-surf by Organelli et al. [2017]. The depth of euphotic zone, Zey (units of m),
which is the depth where PAR reaches 1% of its surface value, was estimated from the Chl
profile through the iterative process described in Morel and Maritorena [2001].
Subsequently, the first optical depth, Z,q (units of m), was calculated as Ze./4.6 [Morel,
1988]. Finally, for each profile, the mean and standard deviation of Chl and by, were
calculated within: 1) the surface layer: the layer between sea surface and the first optical
depth; ii) the euphotic layer: the layer between sea surface and euphotic zone; and iii) the

bottom layer: the layer between 950 and 1000 m.
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Figure 9: Geographical distribution of the BGC-Argo dataset on a global ocean scale. Each colour represents
sampling areas and abbreviations. * indicates data acquired in four regions below 30°S which have been
delineated by using temperature profiles [Gray et al., 2018]: Sub-Tropical Zone (STZ) with a temperature at
100 m above 11°C; the Sub-Antarctic Zone (SAZ) with a temperature at 400 m below 5°C; the Polar Frontal
Zone (PFZ) with the minimum temperature between 0 and 200 m above 2°C; the Antarctic Southern Zone and

Seasonal Ice Zone (ASZ_SIZ) minimum temperature between 0 and 200 m below 2°C.

Results

Global overview of bfs,

Aggregated quality-controlled data within the surface layer for all areas and months
(N=36067) are shown in Figure 10a. The by, coefficients increase with Chl but with relatively
constant byp for low Chl values (Figure 10a). This behavior is consistent with previous
observations by Behrenfeld et al. [2005] and Brewin et al. [2012], and is considered to be the
consequence of two distinct oceanic conditions: “photoacclimation-dominance” and
“biomass-dominance” of Chl signal. The former is typical of oligotrophic areas (e.g.
subtropical gyres) where variability of Chl is uncoupled with biomass and the process of
acclimation to light and nutrients drives Chl variations [Siegel et al., 2013; Halsey and Jones,
2015; Barbieux et al., 2018]. On the reverse, the latter case is typical of most productive areas
where Chl and by, strongly covary [Dall’Olmo et al., 2009, 2012; Westberry et al., 2010].
The high Chl- byp co-variability is a clear indication that particles (and biomass) covary with
phytoplankton abundance, while the physiological photoacclimation process playing a
secondary role in determining the Chl variations.

Here, the application of the Br12 model to these BGC-Argo data leads to a blgp equal to
5.0-10% m™! at the surface, a value higher than that found by Be05 (3.5:10* m! at 443 nm).
On the other hand, Br12 reported 7.0-10* m™!' for 470 nm and 5.6-:10* m™! at 526 nm. Blc18
found a median blgp value equal to 9.5-10% m™! based on 19-years of ocean colour data. These
values are comparable as the spectral variability is limited in case of bvp (£30% between

443nm and 700nm when assuming by, decreasing as a power law with slope equal to 0.7). In
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relative terms, our study shows that blf,p dominate within the surface layer as it accounts for
+57% of the total by, measured by all BGC-Argo floats, a remarkably high percentage. An
increased Chl-byp co-variability is observed within the euphotic layer (Figure 10b; N=37322).
The derived blgp is not comparable to our estimates from the surface layer or from previous
satellite observations because it includes deeper layers where there is high particle
concentration, as for example oligotrophic areas such as the subtropical gyres and the eastern
Mediterranean Sea [Volpe et al., 2007; Barbieux et al., 2018]. The first estimation of b'gp for
this layer is a value of 3.9-10% m™!, and accounts for +45% of the total by, suggesting that in

the euphotic layer NAP are more correlated to Chl than at the surface.
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Figure 10: Plot density between Chl and by, (700) within the surface layer (panel a) and the euphotic layer
(panel b). Both panels include the number of observations (N) and the RMS (in m™"). The bl’,‘p estimation (in m
1) with two standard deviation as confidence limit (+2c) is also reported. Chl values < 0.01 mg m™ are not
included in the fit computations. The plots are presented in logarithmic scale in both axes though the fit has
been calculated in linear scale. Dot density is indicated as colour from white (low density) to black (high

density).

Geographical distribution of bl’,‘p

Figure 11a shows b]gp estimations for the surface, euphotic and bottom layers within each
geographical area sampled by BGC-Argo floats. In surface layer, the range of variability
spans between 10* m' and 10 m’!, consistent with global ocean-colour estimations
[Bellacicco et al., 2018]. Lower variability characterizes the euphotic layer (of a factor of
~6), from ~1.0-10* m™! t0 6.0-10* m™!. For the bottom layer, variability is the lowest, between
2.0:10* m™ and 4.0-10* m!. The two upper layers display a latitudinal gradient, with a
general b'gp decrease from northern to southern oceans. blgp in the bottom layer does not show

a clear geographical pattern and remains relatively constant across all sampled oceanic areas.

Figure 11b shows the b/{‘,; for each area, the ratios between the spatially-resolved b'gp found

at the surface and euphotic layers with the estimation for the bottom layer. Globally, bA‘gp is
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higher in the upper layer than the at the bottom from mid- to low-latitudes, while blf,p at the
bottom is higher than at the surface in most productive seas such as the NASPG, SAZ, PFZ
and ASZ SIZ areas [Uitz et al., 2009; Alkire et al., 2014; Artega et al., 2018]. In these areas,

% is only a small fraction of the total by, in surface waters (< 20%; Figure 1l1c) as a
consequence of the higher relative variability in the byp and phytoplankton abundance [A/kire

et al., 2014]. In the NASPG, characterized by high phytoplankton biomass, b—lgp is lower than

10%. It means that by, is more dominated by particles that covary with phytoplankton cells,
thus being more influenced by phytoplankton dynamics. In the Southern Ocean (i.e. STZ,

SAZ, PFZ and ASZ SIZ areas), % ranges from 15% (i.e. PFZ) to 60% (i.e. STZ) for surface

waters suggesting inorganic particles (e.g. coccoliths) can also drive the blf,p signal (Figure
11c). Indeed, coccoliths concentrations covary with by, because they scatter light with high
efficiency [Balch et al., 2016; 2018]. The blgp values, and their order of magnitude, are
consistent with measurements of byp from CaCOs3 reported in Balch et al. [2016] along the
Great Calcite Belt (GCB) (their Figure 2c). Thus, in these areas of the Southern Ocean, the
blgp may be related to the coccolithophorids seasonality (i.e. skeleton compounds of no longer
living cells; blgp is the bpp when Chl is zero) [Balch et al., 2016; 2018; Bellacicco et al., 2018].

In less productive areas (e.g. EMS, IEQ, NASTG, SISTG, SASTG, SPSTG; Figure 11d), ﬁ

is greater than 80% at the surface layer, consistent with previous findings [Brewin et al.,
2012; Bellacicco et al., 2018]. These areas are characterized by limited nutrients availability
determining low phytoplankton biomass, especially pico- and nano-phytoplankton
dominated communities [Bricaud et al., 2004; Mignot et al., 2014], which are rapidly
recycled in the surface layer thus supporting relatively high bacterial and detrital biomass.

For the euphotic layer, much of the by, can be related to phytoplankton biomass as highlighted
by a lower % value of around 60%. This is the consequence of the subsurface chlorophyll

maximum (SCM) which is deeper in the subtropical gyres and oligotrophic seas as found by
Mignot et al., [2014] and Barbieux et al., [2019]. It determines that, at depth, there is an
increase of phytoplankton biomass and of NAP covarying with phytoplankton: the blf,p

coefficient indeed decreases from the surface to the euphotic layers (Figure 11a).
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Figure 11: Geographical distribution of bl’,‘p (in m) in the three layers: surface (gold), euphotic (blue) and
bottom (red) (a). The b’l’,‘; for the surface (gold) and euphotic (blue) layers for each area (b). The dashed line
indicates the case where b,l,;\p estimates between surface or euphotic layer with bottom layer are close to the same
value. Panel ¢ shows the @ (in %) for each area and layer (gold for surface layer; blue for euphotic layer). The
model performance, in terms of RMS (m™!) and interval of confidence at 95% for each bl’,‘p estimation is reported
in the supplementary information (see Figures S3, S4; Table S2; supplementary in the published paper). ASEW
area is not included in this analysis due to the low performance of the model and highest uncertainties in bl’fp
assessment in both layer (for details see the supplementary materials). Note that the areas have been sorted from
the northern to the southern hemisphere. Panel d shows the mean Chl values for each region and layers (gold

for surface layer and blue for euphotic layer). See Figure 9 for locations and abbreviations.

Seasonal variability of b,’,‘p

The blgp values within surface and euphotic layers show a clear seasonal cycle with
maxima during the productive periods (b{;p >5.0-10*) and minima during the low productive
periods (blgp <4.0-10*) in all the areas outside the oligotrophic seas (e.g. NS, NASPG, WMS,
EMS, STZ, SAZ, PFZ, ASZ SIZ) (Figure 12). In the NASPG, blgp shows high values during
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the well-known spring bloom and low values from December to April [Briggs et al., 2011;
Alkire et al., 2014; Mignot et al., 2018]. In the Southern Ocean, and especially SAZ, PFZ and
ASZ SIZ areas, blf,p shows the maxima values from December to April (i.e. period of bloom)
while the minima are detected in the period May-September. In the Mediterranean Sea (i.e.
WMS and EMYS), the seasonal cycle varies within the sub-basins showing different amplitude
and shape, clearly linked to the regional trophic regimes. WMS shows blgp values higher than
the eastern ones confirming the presence of a general decreasing eastward gradient for this
coefficient. In the western basin of Mediterranean Sea, deep-water formation dynamics
and/or the generally shallow nutricline results in a maximum value in April. On the contrary,
maxima generally occur earlier between February and March in the eastern Mediterranean
basin. These results confirm Bellacicco et al., [2016] findings for this semi-enclosed basin.
In their work, blgp was demonstrated to be variable both in space and time with a marked
seasonality in the different bio-regions of both the sub-basins. As shown by Bellacicco et al.,
[2016], periods characterized by lower blgp (e.g. summer) are also associated with higher
variability and uncertainties in the estimations. This is valid for the blgp both in the surface
and euphotic layers, and has to be taken into account in the interpretation of these results (see
Tables S3 and S4 in the supplementary materials of published paper).

The blgp at the bottom layer shows a smoother seasonal cycle in respect to what occur in
the upper layers. As found by Poteau et al., [2017], an annual cycle is only observed at the
Southern Ocean and sub-polar North Atlantic area, regions with the largest amplitude in the
seasonal cycles at the surface and euphotic layer (Figure 12) due to blooms of large
phytoplankton [Alkire et al., 2014; Barbieux et al., 2018]. Poteau et al., [2017], indeed,
suggested that the blf,p at the depth can be mostly related to disaggregation of these large
settling particles.

The seasonal cycle of blgp in the less productive seas for all the layers is low, suggesting
low NAP seasonal variations (e.g. detrital matter, heterotrophic bacteria, virus). The blgp
estimation for each month appears to be nearly constant throughout the year (Figure 12) and

thus bpp may be controlled mostly by blgp, as highlighted also in Figure 11c.
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Figure 12: Temporal variability of bl’,‘p (in m™!) for each area and all the three layers: surface (gold), euphotic
(blue) and bottom (red). The model performance, in terms of RMS (m™!) and interval of confidence at 95% for
each monthly bl’,‘p estimation, are reported in the supplementary materials (see Tables S3, S4 and S5). ASEW
and BAFF areas are not included in the analysis due to the absence/limited number of observations that prevents

the description of the annual cycle. See Figure 9 for locations and abbreviations.

Task #3

Here, the context, method and the performed worked about Task #3 are presented. The
main goal of this task is to refine and developed the algorithm for the Cphyto detection from
space-borne observations. For more details see Bellacicco et al., [2020].

Scientific Context

Phytoplankton is responsible for approximately half of the global primary production and
is at the base of the marine food web [Siegel et al. 2014]. Phytoplankton is consequently a
fundamental actor in the global carbon cycle [Boyce et al., 2010]. Moreover, these organisms
are regarded as sentinels of changes in the ocean because of their capacity to respond rapidly
to environmental perturbations. Several factors, such as ocean circulation, anthropogenic
activities, and climate affect phytoplankton abundance and distribution. In particular,

phytoplankton spatio-temporal patterns are expected to vary with climate change [ Dutkiewicz
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et al., 2019]. Monitoring the distribution of phytoplankton becomes crucial for a full
understanding of the oceanic biogeochemical cycles.

Ocean colour observations have significantly improved our capability of mapping
phytoplankton global distribution since the 1970s. Chlorophyll-a concentration (Chl; in mg
m™) is a consolidated proxy of algal biomass [O 'Really et al., 2019]. However, Chl variability
may not always correspond to actual changes in algal biomass but rather to cellular
physiological adjustments in response to environmental stressors such as light and nutrient
limitation [Laws and Bannister, 1980; Behrenfeld et al., 2014]. Therefore, there has been an
increasing focus towards estimating phytoplankton biomass in units of Carbon (Cphyto; mg C
m™). Cphyto has found application in studies of: (i) primary production [Behrenfeld et al.,
2005; Westberry et al., 2008]; (i1) phytoplankton physiology [Behrenfeld et al., 2008]; (iii)
phytoplankton growth/loss rates [Zhai et al., 2008, 2010]; (iv) comparison with marine
ecosystem models [ Dutkiewicz et al., 2015]; (v) pools of carbon in the ocean (i.e. their stocks
and turnover rates); and (vi) ocean—atmosphere interactions on marine phytoplankton
feedbacks on atmospheric aerosols [Fossum et al., 2018].

Martinez-Vicente et al. [2017] recently reviewed algorithms for deriving Cpnyto from
satellite ocean colour observations. Three groups of algorithms are currently available: (1)
backscatter-based models developed using satellite [ Behrenfeld et al., 2005] or in-situ data
[Martinez-Vicente et al., 2013; Graff et al., 2015]; (i1) Chl-based models [Sathyendranath et
al., 2009]; and (ii1) allometric conversion-based models [Kostadinov et al., 2009, 2016; Roy
et al., 2017]. Among these algorithms, those relying on the particulate optical backscattering
coefficient, by (in m '), raised high interest because by is related to the concentration and
composition of suspended particles in seawater as well as to their size and shape [Stramski et
al., 2004]. Though former research suggested that by, was mainly influenced by submicron
detrital particles, it has recently been demonstrated that most of byp signal in the surface
oligotrophic ocean is due to particles with equivalent spherical diameters between 1-10 pm
[Organelli et al., 2018], thus reinforcing the role of phytoplankton as a source of the open-
ocean byp [Zhang et al., 2020], and thus the usefulness of by to retrieve Cpnyto. However,
satellite bpp-based algorithms show large errors in predicting Cpnyto mainly because the
current formulation does not take into account the spatio-temporal changes of non-algal
particles (NAP) [Bellacicco et al., 2019].

Here we refine the first and widely-applied satellite byp-based Cpnyto model [Behrenfeld et
al., 2005] (hereafter Beh05) and make crucial arrangements to improve its performance.
Beh05 uses the linear relationship between Chl and bpp, to estimate the background
contribution of NAP to byp(443), blgp, which corresponds to by, when Chl is zero (i.e., the

intercept of the linear fit). BehOS5 is based on the following equation:

Cphyto = [bbp(443) — b5, | - SF
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In Beh05, SF is the scaling factor used to convert by into Cpnyto and set to 13000 mg C m™.
by,
that is not strictly dependent on phytoplankton dynamics and physiology. Thus, in Beh05,
by,

of particles ranging from heterotrophic organisms such as bacteria, micrograzers, viruses, to

is assumed to represent a stable surface population of heterotrophic and detrital particles
was assumed as a constant value (3.5-10-4 m™!). However, NAP can include various types

faecal pellets and cell debris, to mineral particles and bubbles [Stramski et al., 2004] that
varies both in space and time. The nature, definition and evaluation of blgp is still under debate
and has been investigated using in-situ [Brewin et al., 2012; Bellacicco et al., 2019; Zhang
et al., 2020] and satellite data [Bellacicco et al., 2016, 2018]. Understanding the spatial and
temporal dynamics of blf,p in open ocean will improve estimations of Cphyto, and more
generally our knowledge on the marine carbon fate.

Beh05 estimated blgp as the offset (intercept) of the least-square regression between
monthly satellite-derived bvp and Chl computed via GSM algorithm [Garver and Siegel,
1997]. The regression analysis used only Chl values higher than 0.14 mg m™ to separate the
changes in Chl due to physiology (i.e., photoacclimation) from actual changes in biomass,
and thus in Cphyto. Bellacicco et al. [2018] used satellite data from the Mediterranean Sea to
estimate blgp for various bioregions and seasons, and showed that blgp varied regionally and
seasonally, thus rejecting the hypothesis of invariance of the heterotrophic and detrital
components at the sea surface [Bellacicco et al., 2016]. Worldwide variability in blgp was
observed [Bellacicco et al., 2018], reporting a median global value of 9.5 10* m™!, nearly
threefold the one found by Beh05. The newly evaluated blf,p resulted in Cphyto that were half
those estimated by Beh05.

The Chl- by relationship is influenced by phytoplankton specific composition and
diversity (e.g. size, shape, internal structure), physiology (e.g., photoacclimation) and the
nature of NAP itself [Dall’Olmo et al., 2009, 2012]. For these reasons, Brewin et al. [2012]
(hereafter Brel2) developed an analytical non-linear fit between by, and Chl that accounted
for changes in phytoplankton cell size. In Brel2, the offset of the non-linear fit (i.e. blgp)
between byp and Chl in clear waters was interpreted as a constant background of NAP or also
partly influenced by very small phytoplankton (e.g. prochlorophytes) in addition to NAP. In
Brel2, the reported by, values were of 7.0-10* m™' at the wavelength of 470 nm and 5.6- 10"
*m™ at 526 nm. More recently, Brel2 model was used with a large database of 0-1000 m
depth profiles of Chl and by, acquired by the global BGC-Argo float array. blgp was
demonstrated to vary also over depth and to account only for a small fraction of total byp in
productive areas, while being the main source of by in oligotrophic waters [Bellacicco et al.,
2019].

The former evidence suggests that, if a realistic spatio-temporal variation of blgp is

introduced in the Cphyo algorithm, its precision and accuracy can be largely improved.
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Specifically, the hypothesis that blgp varies in space and time is here applied monthly at
the scale of satellite pixel rather than using a unique blf,p value or pre-defined bioregions.
Algorithm outputs are validated against the only available, to the best of our knowledge, in-
situ dataset and compared to the performances of Beh05, Bell8 and Brel2 with single blf,p
values. The performance of the new algorithm is also compared to empirical approaches
[Martinez-Vicente et al., 2013; Graff et al., 2015]. The analysis was developed globally by
partitioning the data among Optical Water Class (OWC) [Jackson et al., 2019] in order to
explore the efficiency and applicability of the different tested approaches.

Method

Computation of bf,

by,

p 1s estimated for every pixel and month by using the following basic relationship:

bf, = by, — k - Chl

with & being the slope of the least-square regression fit between daily Chl and bvp, while
bl',‘p is the intercept of the fit [Behrenfeld et al., 2005]. The term k-Chl thus identifies the
fraction of byp that covaries with Chl [Behrenfeld et al., 2005, Bellacicco et al., 2016, 2018,
2019]. A scheme of the algorithm implementation is shown in Figure S1 (see published
paper).

We computed monthly climatological bpr maps at 25 km by applying equation to daily
Chl and by, data within each month of the year from 1998 to 2019. The estimation of bl',‘p,
and consequently of Cpnyto, relies on good relationships between Chl and by, which then
constitutes the fundamental condition to exploit this method. To this aim, for each b,’,‘p map,
the significance S (through the t-Student Test), the Pearson correlation coefficient (r; not
shown) and the 1o uncertainty maps (due to the linear fit between Chl and bnp) were
computed to give an estimate of the robustness of the fit.

We then applied for each pixel of every resulting monthly bpr map an additional moving
average of 1000 km in order to remove any source of noise and smaller scale variability,
while conserving the large scale oceanic patterns [Resplandy et al., 2019].

Finally, the monthly bpr maps computed with the new approach were interpolated to
obtain daily climatological b,’,‘p maps at 25 km resolution. Daily pixel-based estimates are

then used to assess Cpnyto by applying a revised Equation [Behrenfeld et al., 2005; Bellacicco
etal.,2016,2018] such as:

Conyto = |bop (443) — bf, (443)] - SF
In some pixels, Cphyto may show values less of, or close to 0. This occurred for pixels

where the Chl-by, relationship had a significance S<0.95 and r<0. In those pixels, bpr may
be higher than the by, thus giving non-reliable, negatives, estimations of Cphyto (less than 0;
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e.g. in the subtropical gyres). For those areas, we applied a threshold of Cphyto equal to 0.13
mg C m™ in order to highlight that Cpnyt is expected to be low [Martinez-Vicente et al., 2017].
All match-up points falling in the areas where the Chl-by, relationship showed a significance
S<0.95 and r<0 were not included in the validation and algorithm performance analysis
(suppl. materials in the published paper). Such areas thus need to be interpreted and managed
with caution. For comparative matters, Cpnyto Was also computed following approaches of
Beh05, Bell8 and Brel2 with single b, values of 3.5:10* m™, 9.5-10* m™ and 7.0- 10" m’

!, respectively. In addition, the performance of the new algorithm was compared to the
empirical algorithm of Martinez-Vicente et al. [2017] (hereafter MV17) and Graff et al.
[2015] (hereafter Gral5).

Statistical assessment

Estimated satellite Cpnyto (V;) computed with revised equation were compared to reference
in-situ data (x;) by computing the bias (5; mg m™), the relative bias in percentage (V; in %)
and the standard deviation of the difference (c,; mg m™). The assessment was made for each

OWC individually as well as for all matchups at once:
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Figure 13: Geographical distribution of the matchup dataset (N=396) used for the analysis. Each data is also
associated with the specific OWC (a). Number of matchups per OWC (b).

Data
Ocean color data

The full European Space Agency (ESA) Ocean Colour — Climate Change Initiative (OC-
CCI) time series (1997-2019) of global daily Rss and Chl version 4.2 data at 4 km resolution
was downloaded from the ESA OC-CCI FTP server (https://esa-oceancolour-cci.org;

ftp://oceancolour.org/occci-v4.2/geographic/netcdf/daily/rrs/). ESA OC-CCI data products
are the result of the merging of SeaWiFS, MERIS, MODIS and VIIRS observations in which
the inter-sensor biases are removed. The version 4.2 includes the latest NASA reprocessing
R2018.0 that mostly accounts for the ageing of the MODIS sensor. The ESA OC-CCI
provides the daily R;s data and associated uncertainty maps in terms of bias and root mean
square error. In this work, for each daily Ry, the bias was also extracted and then corrected
pixel-by-pixel, as recommended in the Product User Guide on the ESA CCI website.

Chl was estimated with a blending of the OCI (as implemented by NASA, itself a
combination of CI and OC4), the OC5 and the OC3 algorithms. For each daily Chl value, the
bias was also extracted and compensated at the pixel scale. Daily by, maps at 443 nm were
produced from daily Ry for the same period (1997-2019) by applying the Quasi-Analytical
Algorithm (QAA) [Lee et al., 2002] with prior correction for Raman scattering [Pitarch et
al., 2020]. The accuracy of the QAA in retrieving by, was fully demonstrated. In this work,
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the QAA algorithm is thus selected for its high efficiency in the by, retrievals as well as to
show consistency and coherency with the OC-CCI programme in which the QAA is the
designated algorithm [Brewin et al., 2015, Sathyendranath et al., 2020].

The daily datasets were then under-sampled to 25 km resolution to resolve only the
broader oceanographic scales of variability.

In-situ reference data

The in-situ Cphyto database [Martinez-Vicente et al., 2017] is a compilation of data acquired
from many sources (e.g., MAREDAT, AMT, etc.) for a total of N=557 data points and consists
of carbon biomass of picophytoplankton organisms (i.e., cell size < 2um). It was downloaded
from http://www.zenodo.org (doi: 10.5281/zenodo.1067229). For complete details about the
in-situ dataset see [Martinez-Vicente et al., 2017]. Only pixels with good ($>0.95 and r>0)
satellite relationship between Chl and by, were retained so that the originally 557 data points
decreased to a total of 396 matchups (Figure 13). The final matchup database encompassed
from oligotrophic to mesotrophic waters (Chl from 0.035 to 3.13 mg m™ and Cpnyto from 1.80
to 60.25 mg C m) and OWCs from 1 to 13. OWC from 1 to 6, corresponding to less productive
waters, represented the 56% of the in-situ data.

Results

Algorithm Performance for Cpnyo Retrievals

Results and statistics of the comparison between satellite Cpnyto €stimates obtained with
our algorithm and the previously published ones, and in-situ Cpnyto are reported in Table 6
and Figure 14. Overall, algorithms perform with V values spanning from 23.7% to 203%.
The algorithm here developed shows the smallest bias (V of 23.7%). On the other hand, the
algorithms based on a constant bgp value have lower performance, while Gral5, Beh05 and
MV17 showed a systematic overestimation for low Cpnyto values (Table 6 and Figure 14).

The bpp-based algorithms that use a single bll,‘p constant value (Beh05, Brel12 and Bel18)

show similar c,. Specifically, Brel2 has a blljp twice as high as the value used in Beh0S5,

while Bell8 has a value nearly three times larger than the Beh05 value. V ranges from 23.7%
(Bell8), 80.1% (Brel2), up to 130.3% (Beh05) giving different performance in relation to
the selection of the single value.

In the case of Beh05, a source of discrepancy leading to such a bias may be linked to the
bvp input from the algorithm as also highlighted in Bellacicco et al. [2016]. Indeed, the
original equation was derived using the GSM algorithm [Garver and Siegel, 2002] for
obtaining a relationship between Chl and by, and thus for the bll,‘p estimation, instead of the
QAA, here applied. In addition, it has recently been found that Raman scattering (here
corrected prior the QAA application) plays a fundamental role for the retrievals of by in very
clear waters because, if not corrected, it generates overestimation of by, [Pitarch et al., 2016;
Westberry et al., 2013].

However, these results highlight how the use of a single b]l;p determine a strong
overestimation of satellite Cpnyto, in line with the results of MV17 (Table 6 and Figure 14).
The comparison between our approach and previously published models underlines the
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necessity to account for the spatio-temporal variability of the b,l,fp for satellite-based Cphyto
calculation. However, because of Bre12 and Bel18 show relatively low bias, such approaches
might be used alternatively to our new approach here proposed as it may occur in the most
oligotrophic waters (e.g. subtropical gyres areas). Note that in Brel2, the bll,‘p was at 470 nm

so that the overestimation on Cphyto can decrease if the b{,‘p is reported to the band of 443 nm.

The empirical algorithms of Gral5 and MV 17 give the worst results in terms of V. In case
of Gral5, this is the consequence of the few in-situ measurements used for the algorithm
definition, located in the Equatorial Pacific Ocean and in the Atlantic Ocean. Extrapolation
of their algorithm, developed at 470 nm, to 443 nm, might have had some effect as well.
Regarding MV17, the results found are consistent with what reported in their Tables 3 and 5.

MV 17 reported that the geographical distribution of the in-situ data, the median Cphyto
concentrations and also the carbon-to-chlorophyll ratios are in agreement with previous
observations in oligotrophic oceanic conditions [Graff et al., 2015; Maranon et al., 2014].
The fact that the in-situ Cpnyto dataset used here contains only data from picophytoplankton
population must be taken into account for the interpretation of the algorithm evaluation. In
most oligotrophic waters (OWCs from 1 to 6), 0 shows the lowest values for all the
algorithms, with a maximum value of 14.4 mg m™ (Table 6). However, when analyzing the
V index, the Cpnyto computed by considering the spatio-temporal variability of b,l,fp is the most
efficient (Table 6) except for OWCs 5 and 6 where Bell8 shows the best performance.
Indeed, within OWCs where picophytoplankton is expected to be dominating (OWCs from
1 to 6), the performance of majority of the tested algorithms generally improves (Table 6)
but for Gral5 and MV17. As expected, there is a decrease in the accuracy for all the
algorithms in the OWCs from 7 to 13. This could be influenced by the dominance of nano-
and micro-phytoplankton (cell size > 2um) in these waters, while the picophytoplankton
contribute in low relative proportions [Martinez-Vicente et al., 2017]. Since most of the byp
signal is due to particles with equivalent diameters larger than that those associated with
picophytoplankton [Organelli et al., 2018], a decreasing performance of the byp-based
algorithms in water dominated by larger cells (e.g. nano- and micro-phytoplankton) was
expected (Table 6).



Table 6: Basic statistics for each single approach. For each single approach are reported the bias (3; in mg m™), the standard deviation (c,; in mg m>) and the relative

percentage bias (V; in %). Note that the OWCs 1 and 2 are grouped in one single class to increase number of observations available for the statistics. This is also replicated

for the OWCs 11-12 and 13.
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Figure 14: Match-ups between satellite Cphyto Versus in-situ Cpnyto data for each algorithm (N=396). The dashed
line represents the 1:1 ratio. Gold dots represent in-situ Cphyto data in correspondence of OWCs 1-6; blue dots
represent in-situ Cphyto data for OWCs 7-13. Statistics are reported in Table 6.

Spatial and Temporal Distribution of Cpnyo

The global mean climatology of Cpnyto (Figure 15a) agrees with the expected geographical
distribution [Martinez-Vicente et al., 2017]. Cpnyto highs are found in the most productive
regions such as the high latitudes regions and coastal areas as well as in upwelling systems
such as off Mauritania and Peru, the Benguela and Kuroshio currents, and along the equatorial
belt of the Pacific Ocean (Figure 15a). Cphyto lows are found in mid-latitude areas such as the
subtropical gyres or the Eastern Mediterranean Sea and Black Sea. Cpnyto varies within the same
order of magnitude of recent estimates done by satellite data [Martinez-Vicente et al., 2017]
and biogeochemical models [4rteaga et al., 2016]. The two main oceanic regimes as defined
by Siegel et al. [2005] are also highlighted from our analysis: “photoacclimation-dominance”
and “biomass-dominance”. The former is typical of oligotrophic areas (e.g. subtropical gyres)
where the variability of Chl is uncoupled with biomass and the process of acclimation to light
and nutrients drives Chl variations [Siegel et al., 2005]. In these areas, Cpnyto shows the lowest
mean values (<10 mg C m™). On the other hand, the latter is typical of most productive areas
where Chl and byp strongly covary [ Westberry et al., 2010; Dall’Olmo et al., 2012]. The high
Chl-byp co-variability indicates that particles (and biomass) covary with phytoplankton
abundance, while the physiological photoacclimation process plays a secondary role in
determining the Chl variations. E.g. in the North Atlantic and Southern Oceans, Cpnyto sShows
the highest mean values (>30 mg C m™).
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The amplitude of seasonal variations (i.e., interannual variability) of Cphyto 1S shown in
Figure 15b. Most of the variability is observed at high latitudes (e.g. Baltic Sea, Irish Sea,
Norwegian Sea, North Sea), in the North Pacific and North Atlantic Oceans, as well as in the
Southern Ocean, as G4 values are higher than 12 mg m=. The North Atlantic and Southern
Oceans are characterized by high seasonal variations due to intense productive months
followed by unproductive periods [ Westberry et al., 2016; Balch et al., 2018] (supplementary
materials on published paper). In the North Atlantic Ocean, Cphyto starts to increase in May
reaching the maximum values in June and July (> 50 mg C m™) following the spring bloom.
Then, Cpynyto decreases to the lowest values for the remaining of the year. In the Southern Ocean,
Conyto follows the typical seasonal cycle with high values during the most productive months
which occur from November to March (> 50 mg C m™). Highs are mostly observed in the
Antarctic Circumpolar Current (ACC) and the Patagonia Shelf. Later on, there is a decrease in
Conyto from May to September (supplementary materials on published paper). Additionally, the
northwestern Indian Ocean, known to be an Oxygen Minimum Zone, as well as the Benguela
upwelling system also show significant variability in Cphyto , With Gyq greater than 12 mg m™.
Conversely, mid-latitude areas (e.g. in the subtropical gyres), display much lower variability,
with G less than 2 mg C m™.

Figure S14 (supplementary materials on published paper) clearly shows how the single bf,
of Beh05 is located at the lowest limit of possible values, confirming what reported in
Bellacicco et al. [2018], while the Bel18 and Brel2 single values are representative of a wider
area. In the subtropical gyres, bl’,‘p does not significantly deviate from the coefficient found by
Beh05, but in the most productive regions (e.g., North Atlantic and Southern Oceans, high
latitudes seas and coastal upwelling regions), they largely differ with great impact on Cpnyto
estimations. This discrepancy in Cpuyo i still valid in case of the use of Bel18 and Brel2 single
values, but for other areas (e.g. in the subtropical gyres or in the Mediterranean Sea), the use
of the single value of Bel18 or Brel2 yields an underestimation of Cpnyto, while in the productive
Arctic and Southern Oceans Cphyto 1S generally overestimated. This is also indicated in the
seasonal bj,variation as reported in the Figures S2-S13 (see for details the published paper).
In the North Atlantic Ocean, bl’,‘p shows high values during the spring bloom and low values
from December to April. However, in this area, the b,’,‘p is only a small fraction of the entire byp
signal as the consequence of the high variability in the by, and phytoplankton abundance thus
following the phytoplankton dyanamics. In the Southern Ocean, and especially the region
influenced by the ACC and Patagonia Shelf, bl’,‘p shows highs from December to April (i.e.,
due to coccoliths) and lows in the period May-September in accordance also with the Cphyto
seasonal cycle [Bellacicco et al., 2019]. In less productive seas, the seasonal cycle of b,’,‘p is
smooth, suggesting low NAP variations. In these areas, the seasonal b{)‘p change is weak

throughout the year but also dominates the by, signal [Bellacicco et al., 2019]. These areas are
characterized by limited nutrients availability determining low Cpnyto, mostly of
picophytoplankton class, high bacterial and detrital concentrations (Heywood et al., 2006;
Terran et al., 2006; Grob et al., 2007; Organelli et al., 2020). It follows that the use of a varying



Living Planet Fellowship

K
by,

more flexibility in relation to the change of the biogeochemical and trophic conditions.

enables accounting for its seasonal variations in the Cpnyto computation, giving the model

Caveats of the Cpnyio algorithm

Three main caveats of the algorithm have to be pointed out. The first one is that Cpnyto
assumes a constant scaling factor, SF, equal to 13,000 mg C m™ following Behrenfeld et al.
[2005]. This can be an additional possible source of error in the satellite retrievals of Cphyto.
Therefore, one important future effort should be to investigate a refined scaling factor relating
bup to Cpnyto coupled with the bllfp space-time variability as presented in this work. With this

perspective, additional laboratory work should be done to evaluate if change in SF values can
affect the Cpnyto €stimations.

The second caveat of the algorithm is that it relies on a tight relationship between by, and
Chl that is influenced by the algorithms (including the atmospheric correction) used for Chl and
by retrievals as well as environmental conditions. In some areas of the subtropical gyres, the
Chl-by, relationship showed §<0.95 (Figure S2-S13 on published paper) and » smaller than or
close to 0 as also reported by Bellacicco et al. [2018]. The main reason of such relationship
may be the photoacclimation process, known to be dominant in such areas over the year that
introduces variability in Chl that is unrelated to biomass. In these areas, our refined method
must be applied with caution. With this perspective, one future challenge is to solve this
limitation in bll,‘p computation, and consequently, in the satellite Cpnyo. Indeed, as the
subtropical gyres cover about 60% of the global ocean, computation of Cphyto and Chl:Cphyto
can be of great importance to understand the oceanic biogeochemical cycles. Conversely, the
remaining areas of global ocean (e.g. North Atlantic Ocean) present significant positive » and
highly significant S (Figure S2-S13; see published paper) throughout the year indicating that
either by or Chl can be used for determining the phytoplankton dynamics and distribution, as
expected in open-ocean waters. In these areas, the algorithm performance is robust.

The third caveat is that the algorithm validation is restricted only to an in-situ Cphyto data
associated with picophytoplankton carbon. It determines that the algorithm performance has to
be interpreted with cautions in those areas where other phytoplankton size classes dominate.
This means that, currently, it is not possible to define the accuracy for OWCs from 7 to 13.
Indeed, Table 6 shows that there is a decrease in the accuracy for all the algorithms in the
OWCs where nano- and micro-phytoplankton dominates. With this perspective, one future
need is to improve the in-situ Cphyto dataset with new measurements representative of all the
phytoplankton size classes.
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Figure 15: Annual global mean (a) and standard deviation (b) of Cynyo. Note that at high latitudes, the number of
satellite observations used for the mean and standard deviation computations are lower than those used at low or
mid-latitudes due to the winter darkness (i.e. high sun zenith angle).

Task #4

Here, the context, method and the performed worked about Task #4 are presented. The main
goal of this task is to classify components of the single (or coupled) time-series into trends,
oscillatory modes, and noise.

Scientific context

As discussed above, the temperature is one of the main environmental forcing that affects
phytoplankton production. It has been well documented that ocean warming, mostly due to
anthropogenic activities, determines an expansion of the low-Chl and low-productivity areas,
such as the oligotrophic gyres [Martinez et al., 2009; Boyce et al., 2010]. Satellite observations
revealed an inverse relationship between inter-annual and inter-decadal changes in Sea Surface
Temperature (SST) and surface phytoplankton Chl concentration [Behrenfeld et al., 2015]. It
implies that Chl tends to decrease when temperature increases, and viceversa. Bellacicco et al.,
[2016] showed the impact of SST onto phytoplankton seasonality in the Mediterranean Sea.
Since Chl is used for phytoplankton biomass, with the ongoing ocean warming, the increase of
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SST can determine a continuously decrease of phytoplankton stocks and productivity in
different areas of the ocean. Due to the explained impact of physiological processes on Chl
space-borne estimations [Siegel et al., 2014], a deeper study on the relationship between both
Chl and the Cpnyto with SST is needed. An analysis of trend and oscillatory modes of parameters
along multi-years of satellite observations should be an important step for the comprehension
of the future ocean productivity.

Additionally, the estimation and evaluation of the weight and changes of phytoplankton
physiological signal, Chl:Cpnyto, based on long-term satellite observations may be decisive in
respect to one of the future research ESA challenges which is to study the response of the
marine ecosystem and associated ecosystem services to natural and anthropogenic changes (i.e.
global warming). Even if we are able to distinguish changes in phytoplankton biomass from
changes in physiology [Behrenfeld et al., 2015], we currently do not know the inter-annual
variability of physiological process and its temporal cycles, and we are also unable to describe
how and where those signals have been increased or decreased in the different areas of the
ocean.

Data

The full European Space Agency (ESA) Ocean Colour — Climate Change Initiative (OC-
CCI) time series (1997-2019) of global daily Ry and Chl version 4.2 data at 4 km resolution
was downloaded from the ESA OC-CCI FTP server (https://esa-oceancolour-cci.org;
ftp://oceancolour.org/occci-v4.2/geographic/netcdf/daily/rrs/). ESA OC-CCI data products are
the result of the merging of SeaWiFS, MERIS, MODIS and VIIRS observations in which the
inter-sensor biases are removed. The version 4.2 includes the latest NASA reprocessing
R2018.0 that mostly accounts for the ageing of the MODIS sensor. The ESA OC-CCI provides
the daily Ry data and associated uncertainty maps in terms of bias and root mean square error.
In this work, for each daily Ry, the bias was also extracted and then corrected pixel-by-pixel,
as recommended in the Product User Guide on the ESA CCI website. Chl was estimated with
a blending of the OCI (as implemented by NASA, itself a combination of CI and OC4), the
OCS5 and the OC3 algorithms. For each daily Chl value, the bias was also extracted and
compensated at the pixel scale.

Daily bpp maps at 443 nm were computed from daily Ry for the same period (1997-2019)
by applying the Quasi-Analytical Algorithm (QAA) [Lee et al., 2002] with prior correction for
Raman scattering [Pitarch et al., 2020; Bellacicco et al., 2020]. The accuracy of the QAA in
retrieving bpp was fully demonstrated. In this work, the QAA algorithm is thus selected for its
high efficiency in the byp retrievals as well as to show consistency and coherency with the OC-
CCI programme in which the QAA is the designated algorithm [Brewin et al., 2015,
Sathyendranath et al., 2020].

Then, daily Cynyto maps were produced from daily by, for the same period (1997-2019)
following the method developed by Bellacicco et al. [2020]. The datasets were then under-
sampled to 25 km and 100km resolution to resolve only the broader oceanographic scales of
variability.
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Lastly, monthly data of Secchi Disk depth (zsp) at same resolution were used to complement
the information from the ocean colour data for the specific period of 1998-2018. For more
details about the dataset see Pitarch et al. [2021].

The full ESA CCI SST time series (1997-2019) at 4 km resolution was downloaded from
the ESA CCI website (https://climate.esa.int/en/projects/sea-surface-temperature/), and then
remapped at same resolution of ocean colour data (25km and 100km).

In this task, the period of analysis is restricted to 1998-2018 that is the temporal window
common to all the satellite products here used.

Method
Gaps Filling

The ocean colour data contained gaps. Gaps were filled using a Multi-Channel Singular
Spectral Analysis (M-SSA) technique which is a non-parametric spectral estimation method
relying on data only [Kondrashov and Ghil, 2006;2010]. This technique is not based on a priori
parametrized family of probability distribution. The method uses temporal correlation to fill in
the missing data and represents a generalization of the Beckers and Rixen [2003] spatial
empirical orthogonal functions-(EOFs) based reconstruction. Kondrashov and Ghil [2006]
have demonstrated that an increased number of gaps yields the same effect as an increase of
the noise in the measurements. Two different inputs are required to apply M-SSA for satellite
field reconstruction: window-length () and components (M). Both depend on the
characteristics of the time-series, and need to be accurately defined to avoid any bias in the
reconstructed fields. The W represents the length of the sliding window (expressed in number
of observations) used in the M-SSA in order to identify the leading components of the time-
series [Ghil et al., 2002; Kondrashov and Ghil, 2006; 2010]. Diversely, M is the number of
eigen-functions used for signal reconstruction. Here, we applied the M-SSA to monthly ocean
colour data (Chl, byp, Cphyto and zsp) at 100km resolution. SST dataset is excluded due to it does
not contain gaps. The M-SSA was applied on using W=20 and M=5 following the
recommendations listed in Ghil et al. [2002] and Kondrashov et al. [2005, 2010] (Figure 16).
These settings are compatible with the properties of the time series hereby analyzed, taking
into account long, mid- and short-term variations. For more details about the mathematical
equations and theoretical principles at the base of the M-SSA method, see Ghil et al. [2002]
and Kondrashov et al. [2006, 2010].
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Figure 16: MSSA normalized error in relation to the selection of models (M) and windows (). The W=20 and
M=5 gives the best results in terms of minimum error in the reconstruction.

Trends and oscillatory modes computations

As already argued, the primary goal of the ESA OC CClI project is the construction of a time
series for the calculation of oceanic trends and oscillations. Here, we used the lower spatial
resolution product at 100 km resolution over the global ocean. A trend analysis on a global
scale is performed. Seasonal decomposition was made pixel-wise with the publicly available
BEAST code [Zhao et al., 2019]. The Sen’s slope [Sen, 1968] of the de-seasonalized signal
was calculated and the result was tested for significance at 95 % [Mann, 1945; Kendall, 1975].
In order to extract information about the different oscillatory modes (i.e., annual, seasonal,
noise), M-SSA technique was applied following Marullo et al. [2011] and Groth et al. [2017].

Results

Overview of ocean colour and SST datasets (1998-2018)

The first step about is to perform a qualitative description of the datasets. Figure 17 shows
that the use of satellite-derived Chl may suffers from differences in sensor combination and
related-processing along the entire time-series. Indeed, it has already been highlighted how
time series resulting from merged Rys measurements might be slightly impacted by changes in
the combination of operating satellites from which the Chl has been derived as argued in
Garnesson et al. [2019] (Table 7).

Period Mission

January 1998 - February 2002 SeaWIFS

February/June 2002 - December 2010 SeaWIFS, MERIS, MODIS-Aqua

January 2011 - December 2011 MERIS, MODIS-Aqua

January 2012 - April 2012 MERIS, MODIS-Aqua, VIIRS

April 2012 - December 2019 MODIS-Aqua, VIIRS
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Table 7: Time periods of the satellite missions used to generate the ESA CCI Ocean Colour database
version 4.2 at 0.042° horizontal resolution. Please note that the SeaWiFS mission started in September
1997 but for evaluation purposes we considered here only complete years (from 1998 to 2019).

This rapid Chl decrease from 2010 could be also explained by: impact of coastal pixels,
different flags used in processing chains and different atmospheric corrections. However, when
coastal pixels (here pictured with white colour; Figure 18) are removed, the rapid Chl increases
from 2002-2004 does not occur, while the rapid Chl decreases from 2010 still persists either if
with a lower drop (Figure 18b). These peculiar temporal dynamics do not occur in case of Cphyto
or zsp. This critical issue has to be investigated in the next future in order to explain which are
the main reasons at the base of such increases/decreases (e.g. processing chain, atmospheric
correction, sensors merging, algorithms, climate change). On the reverse, SST time series
confirms the well-known temporal dynamics [Pisano et al. 2020]. This first analysis
determined that there are some doubts in the use of Chl data to study inter-annual oscillations.
However, next step has been a spectral analysis to detect and characterize the main recurrent
cycles in the time series.

Figure 19 shows one example of the general pattern observed for all ocean colour products
(i.e. Chl, Cpnyto or zsp). Cphyto dataset shows no significant cycles except annual, seasonal and
coupled modes (e.g. 12, 6, 3 months) (Figure 19). All the other lower-term cycles can be
defined as noise (peaks are under the red dots in Figure 19). It follows that it is crucial to
understand which is the impact of the annual cycle for all of these parameters. Figure 20 shows
the percent of variance explained by annual cycle (i.e. 12 months/1 year). There is a general
consistence between ocean colour products. zsp shows values of variance greater than 70% at
low and mid latitudes with respect to bup or Cpnyto across many areas. Chl shows high
seasonality in case of Mediterranean Sea, North Atlantic Ocean and low latitudes. In such
areas, the annual cycle explains over the 70% of variance. In the subtropical gyres, the annual
cycle has a reduce impact, but it is well known that in those areas there is not a marked and
recurrent seasonal cycle. The subtropical gyres are sometimes defined as ocean deserts [/rwin
et al., 2009]. In addition to all these features, one has to take in mind that Cphyto product has
caveats that prevent its use in case of oligotrophic areas; e.g. subtropical gyres (see Task #3).
The combination of both Chl (i.e. unexplained rapid increase/decreases) and Cpnyto (i.e.
three caveats; Task 3) limits plus the absence of recurrent significant cycles prevent an
accurate and useful analysis on multi-annual oscillations of the Chl:Cpnyto ratio against
SST. However, other important new insights can be derived from such time-series: the trends
specifically in the period 1998-2018.
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Figure 17: Area of study (a); monthly and annual satellite time-series (b). High and low latitudes pixels were
removed from the analysis due to the winter darkness (i.e. high sun zenith angle).
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Figure 18: Area of study without coastal pixels, depicted in white (a); monthly and annual satellite time-series
without coastal pixels (b). High and low latitudes pixels were removed from the analysis due to the winter darkness
(i.e. high sun zenith angle).
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Figure 19: M-SSA eigenvalues spectra of Cphyto. Red dots indicate the red noise signal.
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Figure 20: Percent of variance explained by the annual cycles: a) Chl; b) byp; ¢) Cpnyto; d) zsp; SST. High and low
latitudes pixels were removed from the analysis due to the winter darkness (i.e. high sun zenith angle).
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Trend of ocean colour and SST data (1998-2018)

Trends of Chl are shown in Figures 21. Pixels where significance is lower than 95% were
masked out (in white). Local Chl trends vary in the range +0.01 mg m™ yr'!. Note that a
negative trend means a reduction of Chl each year, while positive trend means an increase.
Negative trends are mainly observed in Tropical areas (0-20° N/S) and at the equator in the
Pacific Ocean. Significant positive trends are found at high latitudes, and especially in the
Northern Hemisphere as well as in the Southern Ocean (e.g. Patagonia Shelf). No significant
trends characterize subtropical areas. This evaluation shows similar features to those found by
Gregg and Rousseaux [2014] and references therein based on SeaWiFS and MODIS
observations between 1998 and 2012, though with some differences across the northern
Hemisphere, especially in the North Atlantic Ocean, and on the magnitude of the trends. Gregg
and Rousseaux [2014] did not include Arctic Sea in their analysis, and a longer time series as
evaluated here can significantly have an impact on the estimates of the trends at the global
scale.

Chl Trends Distribution
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Figure 21: Statistical distribution of Chl trends (a) and trend map of Chl for the ESA CCI Ocean Colour database
version 4.2, using monthly values from 1998 to 2018 at 0.1° horizontal resolution (b). Trend values are significant
with p-value%>95% (i.e., p-value<0.05). Pixels with p-value%<95% were masked out (white pixels).
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The variable Chl included in the ESA CCI database is less responsive in capturing ESM’s
trends than other Ocean Colour products [Dutkiewicz et al., 2019]. It has been argued that
current Chl retrieval algorithms might not adequately take into account possible modifications
in water optical properties due to climate change [Dutkiewicz et al., 2019]. Trends might also
be affected by changes in satellite combinations from which the Chl product has been derived
[Hammond et al., 2018; Garnesson et al., 2019]. However, the ESA CCI Ocean Colour Chl
dataset has been recommended for detecting trends in phytoplankton phenology [ Henson et al.,
2017]. These issues have to be taken into account also for the other satellite-derived ocean
colour products.

Figure 22 shows trends in Cphyto. Pixels where statistical significance is lower than 95%
were masked out as in case of Chl and successive satellite products. Local trends vary in the
range 1.5 mg m™ yr'!. Note that a negative trend means a reduction of Cphyto €ach year, while
positive trend means an increase. Significant negative trends are mainly observed in mid (i.e.
North Atlantic and Pacific Oceans) and high latitudes (i.e. Arctic and Southern Oceans). The
Indian sector of the Southern Ocean also shows significant negative trends of Cpnyto. No trends
characterize tropical and subtropical areas. This evaluation shows different features with
respect to Chl. Indeed, Chl distribution show a general absence of trends, while the Cphyto
distribution shows a general negative trend as confirmed by the Figure 22a. Because satellite
Conyto 1 a recent satellite products, there is actually a necessity to increase the in-situ data
to improve its robustness and resolve the actual caveats.
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Figure 22: Statistical distribution of Cynyto trends (a) and map (b) using monthly values from 1998 to 2018 at 0.1°
horizontal resolution (b). Trend values are significant with p-value%=>95% (i.e., p-value<0.05). Pixels with p-
value%<95% were masked out (white pixels).
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Figure 23: Statistical distribution of zsp trend (a) and map of zsp using monthly values from 1998 to 2018 at 0.1°
horizontal resolution (b). Trend values are significant with p-value%>95% (i.e., p-value<0.05). Pixels with p-
value%<95% were masked out (white pixels). For more details about zsp see Pitarch et al. [2021].

Figure 23 shows trends in zsp. Local trends vary in the range £0.5 m yr'!. Note that a negative
trend means a reduction of zsp (less transparency) each year, while positive trend means an
increase (more transparency). Significant positive trends are mainly observed in mid (i.e. North
Atlantic and Pacific Oceans) and low latitudes (i.e. subtropical gyres). The Indian Ocean shows
significant positive trends of zsp. No trends characterize many areas. This evaluation shows
different features with respect to Chl and Cpnyto. There is a general positive trend as also
highlighted by the upper panel. It means that there is a general increment of transparency over
the global ocean, and especially in the subtropical gyres as in the North Atlantic Ocean. Future
challenge aims to understand such increase.

Figure 24 shows SST trends over the global ocean. As in case of zsp, a general increase of
SST is detected, especially in case of Arctic Ocean and Pacific Ocean. Future challenges need
to connect the differences trends of ocean colour products (i.e. zsp) and SST in order to
understand and explain the observed patterns.
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Figure 24: Statistical distribution of SST (a); SST trend for the ESA CCI dataset, using monthly values from 1998
to 2018 at 0.1° horizontal resolution (b). Trend values are significant with p-value%=>95% (i.e., p-value<0.05).
Pixels with p-value%<95% were masked out (white pixels).

4 CONCLUSIONS, RECOMMENDATIONS AND CHALLENGES

[*Note that in bold are highlighted the future challenges and urgency for ocean colour products and studies].

Task #1

The main findings of the task and their relevance for ocean color studies are summarized here:

1. Raman scattering compensation of Ry prior to the application of the QAA significantly
reduces errors in the retrieval of by, with respect to in situ byp. Inclusion of this processing
step in operational schemes is recommended.

2. The QAA-derived by from in situ radiometry has negligible biases with respect to in situ
bbp.

3. CCIRy shows low biases but higher RMS differences with respect to in situ data, that could
be excessive for the monitoring of natural change over short periods. Here, the
standardization of in situ radiometry protocols is highly encouraged [/OCCG, 2019], in
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order to reduce the errors when in situ datasets formed by multiple contributors are merged
and used for R matchup analysis.

4. In part as a consequence of the findings above, QAA-derived by, from CCI Rys displays
negligible biases respect to in situ byp, with moderately low RMS errors.

5. In situ radiometry-derived spectral backscattering slope (1) has low predictive value as
compared to 1 derived from by, matchups. In this context, the impact of using the best fitted
curve instead of the widely-used expression is negligible, thus validating the application of
the latter without its retuning.

Notwithstanding these results, one future challenge should be to evaluate the impact of
two other sources of inelastic scattering before the application of QAA on Rys: (i) red
fluorescence, caused by chlorophyll, that usually plays an important role around the peak close
to 685 nm; and (i1) the blue fluorescence, caused by CDOM, that can be relevant close to the
peak at 425 nm [Haltrin et al., 1997].

In addition, there is the need of increasing the amount of spatial and spectral coverage
of high-quality in situ bbp observations. As of today, available multispectral by is limited to
a small number of ship-borne data, or longer datasets but in fixed points (i.e., buoy). On the
other hand, Biogeochemical-Argo floats cover large areas but their data are mainly given at a
single band. Therefore, there is need to significantly increase the amount of by, data at multiple
bands, seasons and geographical regions. New technological developments on autonomous
platforms will aid to enhance data density across many water types, to extend the CCI
uncertainty derivation approach to byp as well, thus allowing the mapping of uncertainties
for every bnvp product.

Lastly, in situ by, measurements lag behind the standards on protocols and uncertainty
characterization with respect to other quantities such as the radiometry [[OCCG, 2019]. Only
when in situ uncertainty-characterized datasets, from instrument characterization to
deployment [Dall’Olmo et al., 2012], become available, more detailed algorithm validation
could be performed and this will help to better evaluate the influence of optically active
constituents (e.g., CDOM, chlorophyll).

Task #2

The main findings of the task and their relevance for ocean color studies are summarized here.

In this work, an extensive global dataset of Chl and by (700) measurements acquired from
Biogeochemical-Argo (BGC-Argo) profiling floats was analyzed. Specifically, we
investigated and describe the spatial, vertical and temporal variability of b, at global scale.
The main results are:

1. bf, shows a similar order of magnitude in both surface and euphotic layers, as previously
published works based on ocean-colour data: ranging between 10 and 10> m.
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2. Inthe surface layer, the bj, increase from southern to the northern hemisphere, confirming
what was found by Bellacicco et al. [2018] using ocean colour data.

3. In the surface layer of most productive areas (e.g. NASPQG), the bl’,‘p is only a small fraction
of the total bvp (< 20%), while in the oligotrophic waters, bl’,‘p is the main contributor to the
total bpp (> 80%). In the euphotic layer of the oligotrophic areas, the bl’,‘p has a lower
contribution to the total byp (average value of 65%).

4. In the surface and euphotic layers, the bl’,‘p shows strong seasonal variability in the main
productive areas of the global ocean, such as NASPG and the Southern Ocean areas. bl’,‘p
has instead a weak temporal variability in the low productivity areas, such as the subtropical
gyres. This is valid also for the bl',‘p estimations at the bottom layer.

The bl’,‘p is a key parameter for satellite estimations of phytoplankton biomass in terms of
carbon [Behrenfeld et al., 2005, 2016; Bellacicco et al., 2016, 2018, 2019; Martinez-Vicente et
al., 2017; Westberry et al., 2008, 2016]. Recently, Bellacicco et al., [2018] highlighted the
difference (of around a factor of 2) in the phytoplankton carbon biomass estimation from space
by using a b,’,‘p variable in space, rather than a single value. Consequently, inclusion of this
reported spatial-temporal and depth variations of b, into phytoplankton carbon models may
help to improve their predictions from remote sensing data [Martinez-Vicente et al., 2017] but
also from BGC-Argo floats [Mignot et al., 2014, 2018].

Remote optical-based predictions and interpretation of phytoplankton carbon models
would also benefit from a better understanding of NAP composition and which particles
generate the byp signal across the world’s oceans. Indeed, submicron detrital particles have long
been considered as the main source of by [Stramski et al., 2004]. However, Organelli et al.
[2018] has highlighted that byp is mainly due to particles with diameters between 1-10 pm
which may also include NAP and aggregates. This latter study thus opens the way to new
questions on the sources of the open-ocean by, signal that are critical to improving our
interpretation of open-ocean byp.

Future research challenges should therefore be directed to: (i) understand the drivers
of the observed spatio-temporal variability and explore the composition of NAP across the
world’s oceans and how it influences the by, and bl’,‘p signal; (ii) study the impact on
biogeochemistry of bf,,, e.g. on the particles assemblage in different ocean trophic regimes (i.e.
subpolar, subtropical); (iii) include bf, spatial and temporal variability into phytoplankton
carbon estimations from space and its connections with phytoplankton physiology; and most
importantly (iv): advance technology for (autonomous) optical measurements of NAP directly,
for example by exploiting the birefringence properties of mineral particles such as calcite
compounds [Guay and Bishop, 2002; Bishop and Wood, 2009], and acquire spectral angular
scattering to better understand the influence of bubbles and plastics [Zhang et al., 1998;
Twardowski et al., 2012].
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Task #3

The main findings of the task and their relevance for ocean color studies are summarized
here.

A revisited version of the original bvp-based algorithm for Cpnyto retrievals from space
[Behrenfeld et al., 2005] has been proposed. The spatio-temporal variations of the background
backscattering coefficient of non-algal particles (bll,‘p) is the crucial part of this refinement

which builds upon a series of recent literature [Bellacicco et al., 2016, 2018, 2019]. The main
findings are:

1. The new Cpnyto algorithm proposed here performs better than any previously published
model, with a relative error of 24% with respect to a reference in-situ dataset.

2. The new algorithm shows the lowest error in Cphyto (14.0%) across most of the OWCs where
the picophytoplankton population dominates. On the contrary, the highest errors (36.6%)
occur in the OWCs 7-13 where larger phytoplankton cells are supposed to dominate.

However, we acknowledge that the refined algorithm, here presented, could be improved
by addressing the caveats mentioned above. Enlarge the databases of quality controlled and
freely accessible in-situ Cpnyto at the different size-classes (pico-, nano-, micro-), measured
simultaneously with an array of optical variables (especially byy) could help to reduce
uncertainties in the Cpnyto retrievals from space. Improving the accuracy of satellite Cphyto
could be of great importance to adding new knowledge on the contribution of the
phytoplankton to particulate organic carbon as well as for the validation of ocean primary
productivity and biogeochemical models at a wider scale [Westberry et al., 2008;
Dutkiewicz et al., 2015].

Task #4

The main findings of the task and their relevance for ocean color studies are summarized here.

The database of Chl, bvp, Cphyto and zsp is surely suitable for mean and variability studies,
Earth System Model (ESM) assessment, as well as for detecting extreme climate events (e.g.
ENSO). However, to define linear and not-linear trends as well as multi-year oscillatory
components, different critical issues are extrapolated. The use of satellite-derived Chl
suffers from differences in sensor combination and related-processing along the entire
time-series. Indeed, it has already been highlighted how time series resulting from merged
R:rs measurements might be slightly impacted by changes in the combination of operating
satellites from which the Chl has been derived [Garnesson et al., 2019]. In addition, it has
been argued that changes in the optical properties of the sea due to climate change might
impact the performances of retrieval algorithms along the time series [Dutkiewicz et al.,
2019]. Moreover, satellite Cpnyto has critical caveats (e.g., absence of a large in-situ dataset
for its validation) that prevent its use for multi-annual variability studies. Such issues
together with a reduced time series length (only 22 years) prevented their use to observe and
characterize the multi-annual oscillations of derived parameter as the Chl:Cphyto with the correct
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and sufficient accuracy and efficiency. Lastly, ocean colour products show the annual cycle as
the main temporal oscillations. Future challenge has to be take into account these main findings
in order to improve satellite products and derived Chl:Cpnyto, and then going thought its
relationship with SST data. This could help to shed light on the ongoing global warming and
its impact on marine ecosystems.
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