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The differences among phytoplankton carbon @phy) predictions from six ocean color
algorithms are investigated by comparison within situ estimates of phytoplankton
carbon. The common satellite data used as input for the algathms is the Ocean
Color Climate Change Initiative merged product. The matchg in situ data are derived
from ow cytometric cell counts and per-cell carbon estimages for different types of
pico-phytoplankton. This combination of satellite andn situ data provides a relatively
large matching dataset N > 500), which is independent from most of the algorithms
tested and spans almost two orders of magnitude irCpp,y. Results show that not a single
algorithm outperforms any of the other when using all matchp data. Concentrating
on the oligotrophic regions (Chlorophyll-a concentrationB, less than 0.15 mg Chim 3),

where ow cytometric analysis captures most of the phytoplakton biomass, reveals
signi cant differences in algorithm performance. The biagsanges from 35 to C150%

and unbiased root mean squared difference from 5 to 10 mg C m3 among algorithms,

with chlorophyll-based algorithms performing better tharthe rest. The backscattering-
based algorithms produce different results at the clearesivaters and these differences
are discussed in terms of the different algorithms used formtical particle backscattering
coef cient (byp) retrieval.

Keywords: phytoplankton carbon, carbon-to-chlorophyll,
cytometry, optical water class, algorithm uncertainty

ocean color remote sensing, picophytoplankton, ow

1. INTRODUCTION

One of the standard products from ocean-color remote senisitige concentration of chlorophyll-
a (B) in the surface layers of the ocean, which is an estimatigshgtoplankton abundance. This
product has proven to be extremely useful for various applicati@.g.Platt and Sathyendranath,
2009. More recently, there has been a growing interest in monitgrthe standing stock of
phytoplankton in carbon units CEOS, 201 in addition to chlorophyll units. There are many
reasons for this interest, which include calculation of paityn production using carbon-based
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models Behrenfeld et al., 2005; Westberry et al., 2P08An accepted approach to estimating phytoplankton carbon at sea
estimating phytoplankton loss rategi{ai et al., 2008, 20);,0 is to use a ow-cytometer to count phytoplankton cells sorted
comparison with estimates of phytoplankton biomass in carborinto di erent types. Using laboratory-based estimates otcar
units from marine ecosystem modelB\{tkiewicz et al., 2005  per cell and typical (or measured mean) cell diameters for those
and establishing the budget of the pools of carbon in thephytoplankton types, the total carbon is computed by adding
ocean CEOS, 201¥ their turnover rates Casey et al., 20),3 the carbon contribution of each phytoplankton cell type. This
and their exchanges with the atmospheric and terrrestrials obtained by multiplying the number of cells enumerated with
domains CEOS, 201y With increasing appreciation of the the ow cytometer by the carbon per celb(gRand et al., 2001;
di erent roles of various phytoplankton functional types in the Oubelkheir et al., 2005; Martinez-Vicente et al., 201Such
oceanic biogeochemical cycléss(Quéré et al., 2005there is  methods have an upper limit on measured cell size, depending
a corresponding need to know the pools of carbon associatezh how the ow-cytometer is set up (typicaly < 50mm).
with the di erent phytoplankton types, rather than just the tbta ~ We present in this work a comparison of six dierent
phytoplankton carbon. algorithms for estimating phytoplankton carbon from spaceeTh

A handful of algorithms have been proposed for derivingalgorithms have been selected as representative of allngxisti
phytoplankton carbon from satellite data. These includestate-of-the-art approaches. The comparisons are based on a
methods based on particle back-scattering coe ciebpf at  newly-compiled, global, ow-cytometric dataset that is uged
a single wavelengthBghrenfeld et al., 2005; Martinez-Vicentecompute thein situ picophytoplankton carbon, matched with
et al., 2013 empirical relationships based on chlorophyll satellite data from the same location, and for the same dag. Th
concentration Gathyendranath et al., 2009; Maranon et al., }014performance of these products is explored in di erent optical
and methods based on allometric considerations combined wi water classes. The comparison is limited to picophytoplankton,
either the spectral slope of the particle back-scattering spect because the ow-cytometric database dealt largely with gfde
(Kostadinov et al., 2009, 20L@r with the phytoplankton class. The objective of the comparison is to learn more about
absorption characteristicsRpy et al., 2007 Of these, the the advantages and limitations of the algorithms, rathearth
method proposed by/artinez-Vicente et al. (201%ealt with a to rank them. We expect that the results will allow a more
fraction of the phytoplankton community (diameter 20mm), informed use of phytoplankton carbon products from satellites
whereas those oBehrenfeld et al. (2005)Sathyendranath for example, when they are compared with model outputs, and
et al. (2009) and Marafon et al. (2014gealt with the whole serve to identify areas where improvements are needed and
phytoplankton community. The methods based on allometricpotential avenues for achieving them. The analysis also ttimg
structure Kostadinov et al., 2009, 2016; Roy et al., 2047 the  light some of the limitations of thi situ database, and highlights
other hand, have the advantage of being able to target théewhcareas where progress is needed, to enable better validation o
of the phytoplankton community, and partition phytoplankton satellite data.
carbon among any user-de ned size-intervals. Comparison of
these algorithms is not straightforward, because of ther@inees 2. METHODOLOGY
in approaches used and the products obtained. Furthermore,
they have been subjected to varying degrees of validatith, w 2.1. In Situ Dataset
di erences in the number of validation points used and in As part of this study, more than 12,000 observations of
their regional and seasonal coverage. Another di cultyslie picophytoplankton abundance have been collated from
with having access tin situ data in su cient quantity and coastal and oceanic regionsaple 1), building upon a dataset
comprehensive enough for algorithm assessment. compiled by the modeling community through MAREDAT

Various methods foin situ measurements of phytoplankton (http://maremip.uea.ac.uk/maredat.html) Bitenhuis et al.,
carbon in the laboratory or in the eld have been reviewed by2012. Additional data come from a long-term observation
Casey et al. (201350me of then situ methods require a proxy program, the Atlantic Meridional Transect (AMT); as well as
measurement, which is then calibrated against phytoplanktorecently available data collected independently during ANZT-2
carbon. Subsequently, the carbon concentration is intefrem  and in the Paci c Gra et al., 201% and from other regions in
measurements of the proxy, which would typically be easier tthe Atlantic ocean Taylor et al., 2013 The dataset assembled
measure than the carbon concentration itself. The proxiekigle  consists of cell counts (in cells per milliliter), from watensples
adenosine triphosphate (ATP${nclair et al., 1979the refractive  originating between 0 and 200 m depth, and collected in the
index of phytoplankton cellsStramski, 199F and the forward period between 1997 and 2014, to match satellite obsengtion
light scatter by phytoplankton cells in a ow cytometeCdsey available. Flow cytometry analysis of the samples providés ce
etal., 201 Redalje and Laws (198ased chlorophyll-a labeling abundances segregated into di erent types of phytoplankton.
and showed that the speci c activity of carbon in chlorophyll- At this stage, the database consisted of 12,431 sample entries.
a became equivalent to that of total phytoplankton carbon inOnly the picophytoplankton cells<(2mm) were available in the
incubations of 6-12 h, and so chlorophyll-a labeling could beMAREDAT dataset, which were separated iftmchlorococcus
used to infer phytoplankton carbon and growth rateSra spp., Synechococcuspp. and picoeukaryotic phytoplankton.
et al. (2015used ow cytometer cell sortingdra et al.,, 2013  For consistency, only information on the same phytoplankton
to measure phytoplankton carbon in sorted samples, therebtypes were extracted from the additional data sourcasokov
avoiding contamination of results by non-pigmented particle et al., 1998; Tarran et al., 2001, 2006; Taylor et al., 2013;
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TABLE 1 | Summary ofin situ data.

the slope of the regression between direct measuremetig,pf
and computedCypy, was 0.8 ? D 0.6,p< 0.05). According to

o 3
Area Nu:;z:gti;ﬁ:'w C?&yat(cr?]?urgs ) References this result, the estimates of picoplankt@ypy in our dataset are
Selected median  IQR/2) signi cantly correlated with direct estimates of phytoplaok
match-ups carbon, and could be an overestimate of direct observations
(Total) of Cpny, Which include nanophytoplankton, although a larger
Paci ¢ and 267) 183 NA  Graffetal, 2015 sample is required to support this conclusion.
Atlantic Ocean
Atlantic Ocean 174 (5,860) 106 45  Zubkovetal, 2.2. In Situ and Satellite Match-up
(AMT) 1998; Tarran et al., Se|ection
2001, 2006 o . .
Western English 0 (1.196) NA Tarran. 2015 Thein situ databa§e described above was matchgd with merged
Channel (WCO) Tarran and Bruun, oge.ar)-color satellite data from the Ocean Color Climate @gan
2015 Initiative (OC-CCI) (Sathyendranath et al., 201These merged
Atlantic Ocean 48 (224) 11.7 35 Tayloretal, 2013 Products were used to maximize the possibility of nding
Global Oceans 333 (5,153) 121 59  MAREDAT matchingin situ data as well as to use a set of common inputs
(Buitenhuis et al., to the di erent algorithms. The OC-CCI version 2 data had a
2012) daily sinusoidal projection (binned) and a 4 km spatial resiolo.
All data 557 (12,490) 115 53  This study These satellite data were used as input<igy algorithms: total

B from OC4v6 by, from the Quasi-Analytical Algorithm (QAA)
v5 (a modi cationto v4 inLee et al., 2002, 20ut that does not
include Raman scatteringyestberry et al., 2013; Lee and Huot,
2019. Second, the water class membershifwére et al., 2001,
2009; Jackson et al., 2017

The procedure for match-up selection was the same as that
used for particulate organic carbon (POC) dafarérs-King et al.,
2017. The day of year theén situ sample was collected was
matched with the same day of year from the merged satellite
products. Then all relevant data were extracted from a3pixel
set with the sample location at the center. The number of valid
data, within the 3 3 grid, and mean and standard deviation of
the valid points were recorded for each compu@ghy product.
The 3 3 grid was used to identify where su cient satellite data
were available. In this dataset only 11 matched points hadi® va

type proposed byBuitenhuis et al. (2012)60fgCcell® for . . -
pixels or less. Th&,y, algorithms were applied to the central
ProchlorococcLepp., 154fgC celf for Synechococcapp. and pixel of the satellite matched up data. The match-up process

1319fgCcell® for picoeukaryotic phytoplankton. These values . . .
of" (i) are comparable to values from the BermudaAtlanticTime-reduced the sample size considerably. Further reduction came

sees Sy (BATSFisey et ol 20 Prochiorococcapp. 191 (e averagig Getueen 0nc 1o ) oy projes
and Synechococcspp., whereas picoeukaryotic phytOF)Ianktonleavin 647 data points Finall, to rgmovegoutliers ?hem?:inp
" (i) values are lower than in BATS. The total picophytoplankto%otton? 5 ercenfijle wére rer?:’ove d from the datzllset leavin
carbon concentration per sampjgi.e.,Cpny(j) is the sum of the P ’ 9

L . . o N D 557 for the analysis. The geographical distribution of match-
contributions from each picophytoplankton type (i. 1), . .
and will be hereafter refgrreg tg Q;h ata gti)\//r()an ﬁoéég?%njgnd up database for the picophytoplankton carbon concentration,
depth Y Cohy, is given inFigure 1L The match-up dataset usable for the

The choice of phytoplankton types included in this algorithm comparison was only about 5% of the inital data

computation, as well as the parameters used for the conversicﬂable D. Itis worth emphasizing that the match-up data set has

to carbon, matches the modeling community approachnOt been used for the calibration or development of most of the

as represented irBuitenhuis et al. (2012)The choice of algorithms compared (see section 4).

phytoplankton types is such that phytoplankton types with

diameter >2nmm are not taken into account. Furthermore, 2-3. Ocean-Color Phytoplankton Carbon

the choice of a mean carbon concentration per cell for eachlgorithms

phytoplankton type does not permit accounting for anyThe following section describes the six algorithms compared
variations in size or cellular carbon spatially or temporallyin this exercise. All the phytoplankton algorithms were

for each type of phytoplankton. To test our choice of carbonimplemented using as input data the appropriate OC-CCI
conversion parameters we compared direct measurements pfoduct for consistency and to isolate the e ects of the di eren

Cphy With estimates computed using the conversion factorslgorithms. Table 2 provides a comparison of the input data

above. In samples from the AMT-2RI(D 15) (Gra etal.,201),  and the phytoplankton size range that is included in the

Gra et al., 2015; Tarran, 2015; Tarran and Bruun, 20{see
Table 1). The carbon concentratiorQypy, in mg Cm 3) for each
phytoplankton group i) and for each samplg)( Cpny(i,j), was
calculated as follows:

Conyli,j) D 10 ® N(i,j)" (i) 1)

whereN(i,j) is cell abundance (cell mL) for each of the three
phytoplankton typesi(D Prochlorococcuspp., Synechococcus
spp. or picoeukaryotic phytoplankton) at sampleand " (i)

is cellular carbon per cell (fgCcell) for each of the
picophytoplankton types. The factor 18 converts mL to
and fgC to mgC. We used the meé(i) for each phytoplankton
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FIGURE 1 | Geographical distribution of the match-up datasetl{ D 557) used for algorithm testing. Color scale is concentratin of picophytoplankton, Cppy in
mgCm 8,

TABLE 2 | Summary of Cppy algorithms main characteristics and median values prediet for the in situ match-up database (N D 557).

Model  Algorithm type Input (wavelength) Output Cphy (Median  IQR/2) References

A Chlorophyll-based B All sizes 16.8 6.7 Sathyendranath et al., 2009

B Chlorophyll-based B All sizes 9.2 52 Marafién et al., 2014

C Backscattering-based by, (440) All sizes 18.7 5.2 Behrenfeld et al., 2005

D Backscattering-based by, (470) D <2mm 209 6.4 Martinez-Vicente et al., 2013

modi ed, see section 2.3.2

E Allometric conversion bbp spectral slope from the 490, 510, 05<D<2mm 56 0.8 Kostadinov et al., 2009, 2016
and 555 nm bands, and bbp at 443 nm

F Allometric conversion  appy (676) andB D<2mm 50 22 Roy et al., 2017

Chlorophyll concentration, B, in mg Chlam?2; optical particulate backscattering coef cient, Ry, inm 1, phytoplankton absorption coef cients &hy, iNmM 1. pico phytoplankton carbon
concentration, Gy, inmgC m 3.

outputs of each algorithm. These are important charactessti relationship betweerin situ measurements of total particulate
of the algorithms, required for the interpretation of the udts.  carbon andB. For this model Cyp,y in Equation (2) below is an
For phytoplankton carbon,Cppy in mgCm 3, six products upper bound on the total phytoplankton carbon:

were derived and they are briey described in this section.

According to their common characteristics, they can be gexli Cony D 65 g0-63 @)
into chlorophyll-based, backscattering-based and alloimet
algorithms.

Algorithm B (Marafion et al., 2004was also developed from an
empirical relationship usingn situ measurements ds, and not
2.3.1. Chlorophyll-Based Algorithms originally designed as an algorithm for ocean color application
This family of algorithms use chlorophyll concentration asHowever, the estimates of total phytoplankton carbon oritgaia
an input, B with units of mgChlam 3. Chlorophyll in this  from applying a conversion factor to microscope (counting cells
study is obtained from OC-CCI merged dataset with thewith diameter,D > 5mm) and ow cytometry @ < 10mm)
algorithm OC4v6, which is a band switching algorithm, mginl phytoplankton cell counts. This model is formulated in
a fourth-order polynomial relationship between remote $egs Equation (3) as:

re ectance in the blue and green bands. The two algorithms in

this group use the same input and have a similar formulation, CpnyD 62 B8 (3)
however, the assumptions made in their construction and

hence their de nition of Cyny are dierent. Algorithm A Because of the dierence in their de nition o€y, Algorithm
(Sathyendranath et al., 200&as developed from an empirical A and Algorithm B have been considered separately in our
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analysis. A priori, the expectation is that both chlorophyll- This equation explains considerably less variance in therabde
based algorithms, using total chlorophyll concentratiorirgmit ~ data ¢2 D 0.4) than ther? of 0.89 reported in the original
data, will overestimate the picophytoplankton carbon fromwork. However, it makes the de nition o€,y by this model
our in situ match-up dataset, since they are both designedirectly comparable to than situ data. The second modi cation
to calculate total phytoplankton carbon, rather than just thewas to adjust the backscattering coe cient wavelength fribma
picophytoplankton in our dataset. Further, itis also worthimgf ~ available value, 490 to 470 nm. To do so, the spectral slopeof th
that the conversion factors used to compute phytoplanktorby, from the OC-CCI data was obtained by doing an ordinary
carbon from cell abundance in Algorithm B are di erent to the least squares t to the log transformed data and calculated the
ones used in oun situ match-up dataset. newby,,(470) needed for Equation (5).

2.3.2. Backscattering-Based Algorithms 2.3.3. Allometric Type Algorithms

Some semi-empirical algorithms use the (wavelength depehderThese algorithms belong to a family of algorithms that use
optical particulate backscattering coe cienty, in m 1, to optical properties to compute phytoplankton size structure and
estimateCphy. The backscattering coe cient in this study is then convert it into biomassNouw et al., 201). Algorithm E
obtained from the OC-CCI merged dataset by applying thgKostadinov et al., 20)6retrieves the absolute and fractional
algorithm by the Quasi-Analytical Algorithm (QAA) v5 (a phytoplankton carbon biomass in three phytoplankton
modi cation to v4 in Lee et al., 2002, 2007In essence, the size classes (or, approximately equivalentphytoplankton
QAA rst computes by(555), from combining remote sensing functional types) picophytoplankton (0.5-8m in diameter),

re ectance at 555nm with an empirical relationship betweemanophytoplankton (2-26m) and microphytoplankton
remote sensing re ectance ratios and the total absorptiof20-50mm). The algorithm uses retrievals of the particle size
coe cient and the backscattering of pure seawater (modeled)distribution (PSD) to estimate particle volume. Note thaeth
Then, to propagate theb,,(555) at other wavelengths, the PSD is estimated for all particles in suspension in the water.
algorithm uses a band ratio (again blue to green bands) t®@article volume is then converted to carbon concentratiosiag
compute the backscattering spectral slope. The same QAA a compilation of existing allometric relationships betweéres
product is used for both backscattering baggghy, algorithms, and carbon content of phytoplankton cellsiénden-Deuer and
but at di erent wavelengths. Algorithm CHehrenfeld et al., Lessard, 20Q0Derived carbon concentration is then divided by

2009 usedy,(443) as an input: 3 to estimate the living phytoplankton carbon fraction. ThddPS
retrievals themselves are based on a PSD algorittwst@dinov
Cohy D 13000  (bypp(443) 0.00035). (4) etal., 200p which relates the spectral slope and magnitude of the

backscattering coe cient spectrum to the underlying paraerst
As this algorithm was developed from MODIS-Aqua (Moderateof an assumed power-law PSD, via look-up tables (LUTs)
Resolution Imaging Spectroradiometer) ocean-color datal anconstructed using Mie theory modeling. In the implementation
443nm is a native OC-CCI band, no spectral adjustmentised here, the input backscattering spectrum comes from the
is therefore needed. However, it is worth noting that thestandard QAA products of the OC-CCI dataset, which are
algorithm was developed originally using the GSM algorithnderived using_ee et al. (2002algorithm, as summarized above.
(Garver and Siegel, 1997; Maritorena et al., 2002; Siegél et &his is di erent from the original implementations<{ostadinov
2009, but in this test, theby, input come from the QAA et al., 2009, 20)6 where the Loisel and Stramski (2000)
algorithm. The Cypy derived with this algorithm includes all algorithm was used to retrieve spectbgh. The PSD parameters
the phytoplankton size ranges. Algorithm DJértinez-Vicente —retrieved are the power-law slope)(and the scaling parameter
et al., 201p is another semi-empirical algorithm, developed(i.e., dierential particle number concentration at a reface
from the relationship betweerinsitu ow cytometry-based diameter of 2rm, No, [m “]). Kostadinov et al. (201&jpplied an
carbon and by(470), but is included in the comparison empirical correction to the PSD scaling parameltgy obtained
with some changes. The rst modi cation was to re-compute from the model LUT, to improve absolute phytoplankton carbon
the coe cients in the original equation by using the same concentration estimates.
computation of picoplankton as the one used in this work, A further allometry-based method, Algorithm Ry et al.,
which meant ignoring the nanoeukaryotes, cryptophytes an@017, uses chlorophyll concentration and the absorption
coccolithophorids contributions to the picoplankton carbomca ~ coe cient of phytoplankton at 676 nmay(676), to compute
use the same carbon to cell conversion factors as in thisystughytoplankton carbon. In this algorithm, the exponent of the
(i.e., those of MAREDATBuitenhuis et al., 2033 This re- phytoplankton size spectrum ) is rst computed from the
calculation led to lower (pico)phytoplankton carbon estingte speci c-absorption coe cient of phytoplankton at 676 nm,
which were, on average, 27% less than the published valuesagf(676) using a method developed Byy et al. (2013)This
phytoplankton carbon (from pico- and nano-plankton) used in algorithm uses as inpuB from OC4v6 anday,(676) from
Martinez-Vicente et al. (2013Vhen the new picophytoplankton QAA, both standard products in the OC-CCI dataset. The
Cphy estimate was used with the original situ by, data, the estimated exponent of the size spectrunand the allometric
resulting twas: relationships between the cellular content of phytoplankton

carbon Cge) and cell volume Ve reported by Menden-

Cohy D 18000 (bpp(470) 43 10 %),N D 70. (5) Deuer and Lessard (200Cgre then used to compute the
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concentration of phytoplankton carbonC, in mgCm 3)
contained in the cells within any speci ed diameter range. To
do so, the allometric parameters corresponding to the mixed
populations of phytoplankton are derived from the allometric
relationships found for individual groups of phytoplankton, as
reported inMenden-Deuer and Lessard (200by performing
linear regression. The derived allometric relationshipused
then to compute the magnitude of the carbon-to-chlorophyll
ratio ( ), using the derived allometric expressions for the
concentrations of chlorophyll and phytoplankton carbon,
Ciotal- Finally, phytoplankton carbon for the specied size

Pearsons correlation coe cient for lgg transformed data,
and Spearman's correlation for un-transformed dattg §nd
rsrespectively),

Root mean square di erences (RMSD),

Signed average biag)(

Median absolute percentage deviation between predictions
and observations, (MAPD in %) was an estimate of bias and
precision was estimated as the interquartile range (IQR) ef th
absolute percentage deviation for the untransformed data.
Center pattern root mean square dierences for Jgg
transformed and un-transformed data §, and

range is computed as the product of and satellite-
derived chlorophyll concentration (for more details sBey
et al.,, 2013, 20)7 The allometry-based algorithms E and
F were used to compute picophytoplankton concentratio
within a diameter range 0.2-2.0im, which is directly
comparable with the size range included in the matchimgitu
database.

In summary, each method is thus based on a satellit
measurement that provides underlying variability in theukisig
Cphy (re ectance ratio or analytically-derived backscattehieh

Slope and interceptS 1) from a Type-Il linear regression
(Reduced Major Axis) for log, transformed and un-
transformed data.

"ro provide an indication of the stability of the statistics and
to compute con dence intervals on them, bootstrappirigfion,
1979; Efron and Tibshirani, 19p3vith random re-sampling
and replacement was used to construct 1,000 di erent datasets
from which con dence intervals were computed for some of
the statistical metrics above. These metrics were computed f
is then combined with selected empirical relationships tlales all the algquthm§ tested against the match-up dataset as a
whole and, in adition, they were also computed after segnegati

those measurements using either linear or non-linear . -
. . m.phy( Sing € the match-up dataset according to the dominant water class
relationships and sometimes including more than one steph suc

as viaB). The strength of this study lies in the use of theat the central match-up pixel. Because of the nature of the

OC-CCI satellite dataset as a common source of inputs fopcean color CCl satellite data and th@&,, algorithms, it is

. . - expected that algorithm performance will degrade toward more
all the algorithms, which removes sources of uncertaingmir . .
. . S turbid environments (water classes 8 and over). Furthernmibre
other parts of the satellite processing. A limitation, howegve L . -
. : o statistical results per water class provided a measure of dispers
comes from the dierences in the de nition of th&,p, for .
. . . of the phytoplankton Carbon product among algorithms,
each algorithm Table 2. It is expected that the algorithms o . . . .
. . ; . describing in which optical environments the algorithms sho
which compute totalCypy (i.e., Algorithms A, B, and C) will s
A N greater agreement. The statistics per water class were used to
be most comparable to the situ data when the contribution

to the phytoplankton Carbon by nano and picoplankton is notproducg uncertainty maps (RMSD and bias). .TO generate Fhe
signi cant uncertainty maps, the optical class memberships at each pixel,

and the per-class uncertainty values for each class were used to
produce a weighted average uncertainty value for the pixéh, wi
the weighting function being provided by the class membership.

2.4. Statistical Metrics and Their > W .
Contribution to the Study Th|s is the method followed by the OC-CCI and described fully
in Jackson et al. (2017)

Ranking of algorithms according to their performance is a
classic exercise for the ocean-color community, that hatved
from comparisons of chlorophyll algorithmsO(Reilly et al., 3. RESULTS

1999 to more complex and comprehensive approaches recent| L . . .

(Brewin et al., 2015; Kostadinov et al., 2D1Typically, a %’{'1' Distribution Of in Situ Data and

battery of statistical metrics is used to construct an inadx Accuracy of Algorlthms

overall performance against a set of matched data witeitu ~ The sources and geographic distribution of theitu data, as well
observationsErewin et al., 2075 In this exercise, however, we as the corresponding median values of the picophytoplankton
do not use a scoring system to rank algorithms, since oneef thcarbon data are summarized able 1 The spatial distribution
aims of this work is to provide an overall idea of the currentof the match-upsKigure 1) shows their limited coverage of the
accuracy of the phytoplankton Carbon product from a group ofoceans, with most of the data (71%) located in the Northern
algorithms. The Kolmogorov-Smirnov test for normality oftim ~ Hemisphere and from the Atlantic Ocean. The overall median
situmatch-up data showed a signi cant deviation from normality value of Cyny from the match-up database was 11.7 5.3

for log, 5 transformed and un-transformed data and the residualsng Cm 3 (median  IQR/2), with values ranging from 1.7 to
(p<0.001). Therefore, statistical metrics that assume nbiyna 60.2 mgCm?3. As a comparison,chlorophyll concentratioB)(
would be less reliable. For completeness, the statististsiwere  from the coincident satellite data was 0.120.08 mg Chlam?,
computed for log, transformed data, using parametric tests;ranging from 0.01 to 3.53 mgChla M. The median values of
and for un-transformed data, using non parametric, rankdms C,py, from the algorithms applied to the matching daféaple 2)
statistics. Statistical metrics computed were: were not signi cantly di erent to theCppy in situ (Mann-Witney
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test,N D 557,p < 0.05). Relative frequency histograms of thesa negative bias, less than 7 mgC¥ The un-biased RMSD
data Figure 2 however, show some bias. The peaks of th€l), which gives an idea of the dispersion of the predictions,
histogram of the chlorophyll-based algorithms (Algorithms ranged from 8.9 mg C n® for Algorithm E (Kostadinov et al.,
and B) were closest to thiesitu; the backscattering-based models2016 to 29 mg C m 2 for Algorithm D, (Martinez-Vicente et al.,
(Algorithms C and D) were double the median of situ and 2013 as modied in this work. The lowest median absolute
allometric algorithms (Algorithms E and F), were half finesitu ~ percentage di erence (MAPD), a measure of accuracy, for the
median valueFigure 2). The distribution spread of chlorophyll- untransformed data was for Algorithm BMaranon et al.,
based algorithms were about the same or wider thanithgtu 2019, in agreement with the bias indicator for log and non-log
(C.V. between 40 and 56%), with backscattering and allometriransformed data. The inter-quartile range of the MAPD (IQR), a
algorithms having narrower distributions (C.V. lower th80%). measure of precision of the algorithm, was lowest for AldontE
Figure 3 shows the results from the algorithm estimates(Kostadinov et al., 20)6and coincided with another indication
of Cphy againstin situ derived estimates ofCyny and the of dispersion { ) in the non-log statistics, but di ered for the
relevant statistical metrics are imable 3 All the algorithms log-transformed data.
showed di erent predictions ofCphy, but as expected, there  Overall, chlorophyll-based algorithms had higher correlati
were commonalities among models that shared the samand indicators of lower bias (i.e., MAPD), whereas allometric
formulation. For example, both chlorophyll-based algorithm algorithms had indicators of lower dispersion (i.&., IQR of
(Figures 3A,B presented an elongated cloud with a weak butMAPD). Between algorithms, there was a factor 4 of di erence
positive ( 0.6) and signi cant correlation within situ data, between the maximum and minimum predictions from the
and stayed mostly along the 1:1 line, with slopes close to &jgorithms for all matchups pooled together as a median the.,
whereas both backscattering-based algorithiigures 3C,0), median of the fractional di erence between the minimum and
had weaker correlations (0.4) and, although the slopes wherethe maximum predictions by the algorithms in each match-up
also close to 1, the data cloud does not capture the &gy  point).
measurements. Contrary to the other two groups of algorithms  An additional way to assess model performance is to study
the allometric-based do not share a formulation, hencertheitheir emergent propertiesdé Mora et al., 2006 Here we
results Figures 3E,F di er signi cantly among them. have compared thén situ and the algorithm derivedCyy,y to
The statistical metricsTable 3 provide a range of values the chlorophyll concentrationB (standard OC4v6 OC-CCI-
among the algorithms tested, showing that there is not arlslea product) for the match-upsKigure 4andTable 4, to investigate
superior performance of a single algorithm on all metricsthe behavior of theC,p,:B ratio. Figure 4A displays the positive
The bias () ranged from 3.5 mgCm?3 for Algorithm B  correlation between the satellite derivé®l(for the whole of
(Marafién et al., 20)4to 15 mgCm 3 for the Algorithm the phytoplankton assemblage) and tire situ derived Cony
D (Martinez-Vicente et al., 20)3as modied in this work. for the picophytoplankton fraction only, over more than two
Chlorophyll and backscattering based algorithms had a pasiti orders of magnitude of chlorophyll concentration. Becau$e o
bias, less than 15 mg C ri, whereas allometric algorithms had the mismatch between the particle assemblag® iand Cohys
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FIGURE 2 | Relative frequency distribution o€ppy of the in situ data compared with the algorithms outputs. Note change in tie scale of y-axis for Algorithms C and E.
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FIGURE 3 | Density plot ofin situ vs. algorithmCpp,,, from the match-up database (N D 557). Black solid line is the 1:1 line and blue dashed line ifié Type Il linear
regression (Reduced Major Axis) tted to thdog 1o converted data. (A) Sathyendranath et al. (2009)(B) Marafion et al. (2014) (C) Behrenfeld et al. (2005)
(D) Martinez-Vicente et al. (2013jnodi ed, (E) Kostadinov et al. (2009, 2016) (F) Roy et al. (2017)

the overall values reported for th€,, B ratio are smaller mgCmg Chlal, thein situ Conyto-satelliteB-ratio falls within
than they would be if the ratio had been derived froBr or close to observed values in oligotrophic areas. For it&an
for picoplankton only. However, with a median value of 91Sathyendranath et al. (2009¢ported average values of this
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TABLE 3 | Summary of statistics of algorithm performance (algorithsA—F, columns) forlog1g and untransformed data N D 557).

Statistic A B C D E F

log 10 TRANSFORMED DATA

p 0.61 0.61 0.32 0.31 0.42 0.32

9 0.35 0.02 0.33 0.02 0.43 0.02 0.48 0.02 0.37 0.02 0.57 0.03
0.23 0.02 0.02 0.03 0.28 0.03 0.33 0.03 0.24 0.02 0.32 0.04

1 0.27 0.01 0.32 0.02 0.33 0.02 0.35 0.02 0.29 0.01 0.47 0.03

S 0.90 0.05 1.27 0.07 0.75 0.17 0.86 0.21 0.44 0.05 147 0.44

| 0.34 0.04 0.29 0.05 0.53 0.04 0.48 0.05 0.34 0.02 0.81 0.10

UNTRANSFORMED DATA

Is 0.58 0.54 0.36 0.37 0.49 0.52

9 199 137 222 1.63 246 175 326 234 11.3 0.67 13.0 0.83
955 1.45 355 1.82 108 1.84 150 241 7.04 0.74 476 1.01

1 174 116 218 154 221 1.62 29.0 216 8.86 051 121 0.83

S 1.76 2.16 177 3.87 2.29 0.25

| 2.65 8.42 1.57 10.9 3.46 3.62

MAPD IQR/2 551 70.1 46.1 194 78.9 814 99.9 98.8 55.1 18.0 53.2 18.6

Statistics provided have uncertainty estimates (95% con dence interu from 1,000 bootstrap realizations (See section 2.4). Bold numbers are the bestgelts for each statistic: highest
value for g and rp, lowest for , l and MAPD, and closest to one for S.
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FIGURE 4 | Density plot of covariance between OC-CClI standard chloropyll product and Cpp,y from the match-up database N D 557). (A) In situ Gppy,

(B) Sathyendranath et al. (2009)(C) Marafién et al. (2014) (D) Behrenfeld et al. (2005) (E) Martinez-Vicente et al. (2013jnodi ed, (F)Kostadinov et al. (2009, 2016)
(G) Roy et al. (2017) Blue dashed line is the Type Il linear regression (Reduced a Axis) tted to the log1¢ converted data. Black solid line is the regression line
between chlorophyll andin situ for comparison with the regressions by the algorithms. For@mparison, data in(A) are repeated (gray) in the other panels.

ratio greater than 100 mgCmg Chla for prymnesiophytes, of 80-117 mgC mg Chld for oligotrophic regions. Therefore,
cyanobacteria andProchlorococcusp. Direct observations of the Cy,y:B ratio used as reference in this study compares well
pico and nano plankton carbon in the Northern and Southernwith existing observations reported in the literature, désphe
Atlantic gyres produced carbon-to-chlorophyll ratio esties, mismatch between the phytoplankton assemblages considered.
on average, of 106 and 190 mg C mg ChlarespectivelyGra These data are repeated as the background of the other panels in
etal., 201p Maranon et al. (2014also reports values in the range Figure 4for reference along with their corresponding regression
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TABLE 4 | Summary of statistics for theCppy to B relationships.

Algorithm Median Cphy B IQR/2 p BC
(mg C/mg Chla)
In situ 91.3 473 0.6 221 BC7.94
A 143 341 N.A. N.A.
B 785 54 N.A. N.A.
C 162 102 0.7 534 BC10.7
D 180 115 0.7 70.2 BC10.5
E 479 295 0.8 6.70 BC4.85
F 525 18.6 0.4 305 BC1.03

Cpny Was computed from the algorithms and B from the standard OC-CCI chloropyil
product for the match-up dataset (ND 557). Pearson correlation () was computed for
log1p converted data. Type Il linear regression (Reduced Major Axis) wasmputed for
untransformed data, with dependent variable @ny and independent variable is B.

line. Algorithms A and B are chlorophyll-based, thereforeith

3.2. Algorithm Comparisons for Individual
Optical Water Types

An optical water class, in this context, is de ned by a mean
remote sensing re ectance spectrum representative of paaticu
optical characteristics, i.e., an end-member spectrum. Each
extracted satellite pixel coinciding with a match-up situ
data has contributions from the dierent end-members in
di erent proportions. The water class contributing with the
largest proportion to the pixel water class membership is classed
as belonging to that water classatkson et al., 20L.7The
geographic locations of the match-up points per water class and
the number of observations per class are showrFigure 5.
There was a good correspondence between the geographic
location of the optical water types (note that the classes are
numbered such that D 1 is the most oceanic type and 14

the most coastal type) iRigure 5A and theCppy concentrations
(Figure 1), such that the higher-numbered optical classes tend
to be representative of higher concentrations of phytoplankto

predictions fall on the line of the equations used, respelgtive carbon. The majority of the data (63%), though can be classed as
Equations 2, 3 irFigures 4B,C Their predictions are close to representative of an oligotrophic environmentl(to 6,8 < 0.15
the in situ data cloud and the resulting median phytoplanktonmg Chlam 3). A boxplot summary of the descriptive statistics

carbon-to-chlorophyll ratio encompass thie situ reference

per optical water class per algorithm is provideigure 6).

value, Algorithm A providing an upper limit, as expected from Table 5 summarizes the mediarCyny values highlighting a

the assumptions made in its construction. Backscatteriagehl

steady increase from oceanic to coastal waters, except for

algorithms (Algorithms C and D, irFigures 4D,E respectively) D 13, which only hasN D 5 observations, and is hereafter
overestimate theCyny:B reference relationship, specially atdiscarded from the analysis. The magnitude and the increase
the lower concentrations of chlorophyll, and produce mediarof the picophytoplankton carbon is in agreement with oceanic
phytoplankton carbon-to-chlorophyll ratio values up to two and coastal dataT@rran et al., 2006 For instance, using the
times greater than the reference. However these algoritn@irrent carbon conversion parameters on existing abundance

capture some of the variability around the prediction line,igéh

data (rarran and Bruun, 20105C,ny median in the coastal area of

is in the same order of thia situ data. Algorithms using inherent the Western English Channelis 12.16.1 mgCm 3 (N D 68).
optical properties with allometric conversions (Algorithms E  Algorithm performance per water class was quanti ed by the
and F, inFigures 4F,G respectively) underestimate the referencesigned bias () and the center-pattern RMSLL() (se€eTable 5and
Cphy:B reference relationship, with Algorithm E showing aFigure 7). These statistical indicators of performance improved

narrower distribution of data points than Algorithm F.

by limiting the analysis to oligotrophic waters { to 6) as

The in situ Gyny dataset is representative only of a fractionexpected: bias,, was similar or lower than those obtained
of the particle population (picophytoplankton). However, itswhen considering all data, for all the algorithms (sectiaf, 3
geographical distribution, the media@y,, concentrations and Table 3. Center-pattern RMSD1 an indicator of precision,

carbon-to-chlorophyll ratios derived from this dataset are

was, on average, half that when considering all data, inidigat

agreement with existing observations in oligotrophic odean decreased noise in the retrieval for all algorithms (for non

conditions. Taking into account this charcteristic of thatdset,

log results, section 3.1). Chlorophyll-based algorithmd, fen

the overall performance of the algorithms was on the lowaverage, similar and 1 to the allometric-based algorithms,

side, with chlorophyll-based algorithms producing slightwer
bias and allometric algorihms slightly lower dispersion. éug

with back-scattering based algorithms producing higheslasiad
higherl values.

algorithms there was a median dispersion of a factor 4 between Mesotrophic waters (0.18 B < 0.7 mg Chlam?3, or optical
minimum and maximum predictions. The algorithms were alsowater classes 7-10) comprise 32% of data. With respect to the

tested on their ability to produce realistic@yy:B ratio, which

results obtained for all data available (section 3.1), Hierophyll

again highlighted great dispersion in predictions among andased algorithms had an increasedwhereasl was similar.
within algorithms types. Arguably, part of the dispersion ireth Backscattering-based algorithms had higher uncertesnten

statistical results may have arised from the fact thatithsitu

chlorophyll-based algorithms in the more turbid waters (ig

Cony dataset is representative only of a fraction of the particleptical class numbers) in the untransformed dakagire 7D).

population (i.e., picophytoplankton). Therefore if we limiteftet

Bias increased for all of the algorithms for these water ekass

study to the optical cases where picophytoplankon is expectekcept for Algorithm E, which remained negative and reldgive
to dominate the phytoplankton carbon pool and the chlorophyliconstant at 60%. However, the results for mesotrophic and
content, we would expect an improvement on the results frommore turbid waters, should be taken with caution as the use of
the algorithms. In the next part of this study we present resultin situ G,ny data comprising only picophytoplankton is more

obtained from segregating the data into optical water types.

problematic in these waters.
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FIGURE 5 | Distribution of theCppy from the match-up dataset per optical water class.(A) Geographical distribution.(B) Number of data per optical water class.

TABLE 5 | Median Cppy from in situ matchups and non-log average bias () and un-biased RMSD { ) of the different algorithms (algorithms A-F, columns heads) per
water class number {) in mgCm 3, alongside with the number of observations per water class\;).

Water class Median Cppy (MgCm 3) N; A B C D E F

1 1 1 1 1 1
1 4.8 51 2.6 4.0 2.3 3.6 13.3 7.0 15.5 8.2 0.2 35 2.8 3.4
2 75 30 1.2 3.9 3.8 3.7 9.1 6.2 10.7 7.2 2.3 3.8 4.1 3.9
3 6.4 67 3.2 3.3 25 3.3 10.1 4.2 12.0 4.7 1.8 34 3.3 3.3
4 10.5 68 3.1 5.7 3.6 55 10.3 10.3 13.1 12.2 4.9 55 5.3 4.9
5 12.9 81 3.6 6.3 3.9 6.1 7.1 10.4 9.6 12.3 7.2 5.9 6.7 5.2
6 13.6 54 4.2 8.3 3.7 8.2 5.1 11.8 7.7 13.6 8.9 8.2 7.3 6.9
7 13.8 60 6.6 5.7 1.7 5.5 3.3 8.5 55 10.2 8.8 5.3 7.3 54
8 15.9 49 9.5 8.3 0.6 8.3 4.4 8.8 8.0 9.9 11.7 10.2 10.0 8.0
9 20.4 33 184 145 11.1 16.1 8.9 13.9 16.2 16.8 16.4 143 8.4 13.6
10 21.1 34 360 236 333 30.2 14.1 16.9 22.9 21.2 13.0 114 4.5 28.8
11 16.7 16 443 330 45.3 46.8 12.6 242 20.6 32.3 8.8 10.2 5.0 224
12 34.0 9 79.1 157 1032 255 99.8 46.2 141 59.5 143 120 31.8 30.1
13 6.8 5 19.1 19.2 11.9 21.1 113.1 119.8 144.8 157.4 4.2 12.6 3.3 8.8
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FIGURE 6 | Box-whiskers plots of Cppy (in mgCm 3) for the optical water classes (OWC in the gures) 113 corrg®nding to sub- gures (A-M) respectively. The
output of each algorithm (A—F)is compared to the in situ measurement for each optical water type. Note change of veital scale in plots(I-M), corresponding to
optical water classes greater than 9. Box, Inter Quartile Rare (IQR); red line, median; whiskers, 1.5 IQR.

The in situ median C,p,:B ratio by optical water class were algorithms, Algorithm E Kostadinov et al., 20)@nd Algorithm
also compared to the media@yy,,:B ratio from the algorithms F (Roy et al., 2017 were generally predicting lower than
(Figure 8). Thein situ data (solid gray line and error bars) is observedCypy, and also predicted lower media@yny:B ratios.
repeated as a reference through&igure 8 showing that fori  However, both algorithms had a decreasing tendency for the
from 1 to 6 (oligotrophic waters), the range of variation ismav ~ median values with increasing turbidity (or water class nemb
(106 to 165 mg C mg Chld, median 133 mgCmg Chld) and  in this study), with Algorithm E being closest to observasdor
error bars are overlapping among the optical water classes.1 toigrom 1 to 3.

For mesotrophic waters rom 7 to 10), there was a decreasing  Finally, Figure 9 shows an example of th€yn, product
tendency of then situ Gyhy:B ratio. from algorithms A to D using the OC-CCI monthly product

The analysis of the algorithm predictions of thg,:B  from May 2005. All algorithms reproduce the broad patterns
ratio focusses on the optical water classes 1 to 6, whethat would be associated witllyy i.e., increased values in
Cpny and B are expected to describe the same phytoplanktoiigh-chlorophyll areas (upwelling sites and coastal regiams
assemblage. Essentially, the behavior observed foCghgis  lower concentrations in the gyres, however the salient point
also repeated here. Algorithm A was an upper limit to gy,  this Figure is the large dierences in predictions among the
it is also an upper limit toCypy:B ratio, which decreases with algorithms, as expected from the statistical results.
increasing optical water class numbefigure 8A). Algorithm
B shows relatively little variation of the medig®,n,B ratio 4, DISCUSSION
for the optical water classes of interest and beyond>(6). .

Backscattering-based algorithms, Algorithmi&prenfeld etal., 4.1. The Picophytoplankton C Match-up

2009 and Algorithm D (Martinez-Vicente et al., 20),3showed Dataset

also decreasing medid@,py:B ratio with increasing water class This study has compiled a largén situ database of
number, with large overestimations with respect to the picophytoplankton carbon, building on a combination of a
situ Gyny:B ratio at the clearest waters. The allometric-basedubstantial pre-existing e ort by the modeling community éh
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FIGURE 7 | Center pattern root mean square deviationX() forlog 19 (A,C,E) and non-transformed (B,D,F) data from the Cppy match-up dataset per optical water
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MAREDAT data) and long time series observation programme#n advantage is that only a small fraction of the data havenbee
in the open ocean (Atlantic Meridional Transect, AMT). The used for the development of any of the algorithms tested here.
ambition is to see this dataset growing with time, as new data Algorithms A, B, C, and E are completely independent of the
incorporated. match-up dataset. Algorithm D as implemented bartinez-
There are a number of advantages and limitations for this/icente et al. (2013was developed using a small subset of the
dataset with respectto its use for algorithm testing anddadion. new database < 70, but the subset included nanoplankton.
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validation studies, and therefore, only an average of thiehiag
A 800 _ data in the top 10 m have been selected for convenience.
_— 3 Aot 8 However, the dataset also has limitations. One of them is
that it is only composed of picophytoplankton: though they
are important contributors to the open-ocean phytoplankton
biomass, picophytoplankton form a decreasing proportion of the
phytoplankton biomass in more productive waters, where larger
cells tend to become more importani@ranon et al., 2012;
Marafon, 201p One interesting avenue would be to expand
the database with other phytoplankton grougai(tenhuis et al.,
2013; Sal et al., 20 Nanoplankton can also be counted using
ow cytometry, and microphytoplankton groups counted using

Cypy:B (MgC mgChla™)

123456 78910111213 microscope or automated image processifgggik and Olson,
Optical water class number 2007; Alvarez et al., 20, dut the relationship between carbon

B and abundance becomes more variable for larger and more
800 irregularly-shaped phytoplanktonMoberg and Sosik, 2012;

" Sacca, 206

Because the data are con ned to the surface layers, they may
also be adversely a ected by underestimatioPodchlorococcus
sp. abundance by ow cytometry because of extremely low
uorescence per cellHartensky et al., 1996; Heywood et al.,
2009. Furthermore, by limiting our dataset to the top 10 m, we
have precluded the possibility of testing any potential imphat t

)]
o O
o O

Cypy:B (MgC mgChla™)
N w iy w
o o
o o

00 the vertical structure in the rst optical depth might have on
100 algorithm performance. Examples exist in the literature where
the depth variations in particulate organic carbon been takém
0.0 N . .
1234567 8910111213 account Puforét-Gaurier et al., 20)Pand this may be an avenue
Optical water class number worth exploring also for phytoplankton carbon algorithms.

Finally, the conversion of abundance to carbon using

(o estimates from the laboratory could cause errors in the comgut
T Cony in the eld, if the laboratory estimates do not hold under
_ 700 % # Algorithm F natural environmental conditions. These factors can vaithw
o 600 physiological state and with deptiCésey et al., 20)and have
5 500 been discussed previousliitenhuis et al., 2012; Martinez-
g Vicente et al., 2003 It is important to highlight that in this
Q, 400 study we have used indirect estimates of phytoplankton carbon
E 300 (through cell counts and cell size) only because of the lack of
’1 200 direct measurements. However, methods for direct quasatien
Sy of Cyny have recently become availablerg et al., 2012; Casey
108 TN P etal., 201Band the expectation is that there will be more direct
00" s \\‘: Cpny data available in the future.
Optical water class number Limiting the study to the optical water classes where the
composition of the phytoplankton assemblage is expected to be
FIGURE 8 | Median Cppy ‘B for each optical water class in the match-up dominated by picoplankton { 1 to 6,B up to 0.15 mg Chim?)
dataset per type of algorithm:(A) chlorophyll-based algorithms A and B{(B) median values OCphy and Cphy:B ratio matching the literature

backscattering-based algorithms C and D and(C) allometric algorithms E and (Maraﬁén et al.. 2001 Marafion 201&/9!‘9 obtained. and the

F. Error bars are the IQR/2 for the water class. Gray line and errbars in all | ith "I h’ d ' bili d | ! di .

sub- gures are obtained from the in situ dataset. algorithms results s OYVG mo_re stabi Ity_an_ €ss _ISperSlon
However, some algorithms displayed signi cant di erences
which are discussed hereafter.

Algorithm F used MAREDAT for testing algorithm performance, . . .
but not for its development. So the data for the validation4'2' Algorithm Comparison by Type:

presented here are mostly independent of the data used in tf@hlorOphy” Based, Backscattering Based
construction of algorithms. The geographic distributiontbe  and Allometric

match-up database, though largely limited to the Atlantiith ~ The algorithms presented here were broadly classi ed inte¢hr
some additional points from the Pacic, does cover a varietyclasses: chlorophyll-based, back-scattering based andelic.
of oceanic regions. It is a purpose-built database for saellitin the results presented here, it is evident that algorithrasda
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FIGURE 9 | An example of theCppy product for May 2005, estimated using each of the algorithmgA—F) applied to the monthly OC-CCI data. Black color in the
gyres indicate values close or below 5 mgC m3, light gray indicates invalid retrieval or unavailable iopdata.

on similar approaches perform alike. So it is worth examiningret, when compared with only one fraction of the total
each of these approaches in some detalil, to explain the di eeencehytoplankton pool (the picophytoplankton in this study), the
observed in the results for oligotrophic waters. results are similar, with Algorithm A slightly overestinveg and

The two chlorophyll-based algorithms were designedAlgorithm B slightly underestimatingn situ Gypy. Algorithm A
to consider all the phytoplankton groups: Algorithm A was designed as the upper limit to the phytoplankton carbon,
(Sathyendranath et al., 200provides an upper limit to the hence this resultis as expected. Algorithm B was computed using
phytoplankton contribution to the total particulate carbon a similar conversion method between cell count and carbon
pool and Algorithm B (Marafion et al., 20D4is based on concentration to the one used in this study, but with di erent
phytoplankton carbon computed from ow-cytometric data conversion coe cients. We speculate that a possible reason fo
supplemented with microscopic counts for larger phytoplanktonthe di erence observed between the predic@&gy by Algorithm
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B and thein situ Gyyy could be found in the dierences in fraction) remains valid, whereas the curreirt situ dataset
conversion between cell counts and carbon. Production o$howed an increasdgble 5.
datasets with consistent conversion factors would helpiakte Algorithm F was similar to algorithm E in all water classes
this source of discrepancy. except for water classes 8 to 11, where the uncertainty is
Di erences in results are greater with the backscatteringalmost double compared with the rest of the algorithms,
based algorithm, which produced overestimation@f,, and  pointing perhaps to a vulnerability to uncertainties in the
greater dispersion statistics than the other algorithmscaBee a,n(676) retrieval in these waters. More accurate estimates of
it has been veri edn situ that by, increases with pico and nano phytoplankton carbon by Algorithm F would possibly require
plankton carbon{/artinez-Vicente etal., 2013; Gra etal., 20,L5 improving the retrievals of the inpus,n(676) values, especially
the degradation of results may be linked to the backscateri in high-chlorophyll waters.
input from the algorithm. Algorithm C equation was derived

using the GSM algorithm for obtaining a relationship betwee 5. CONCLUSIONS AND FUTURE WORK

the backscattering coe cient and th8. It has been foundn

situ, that at lowB there may be an overestimation of 8,  Fyurther work is required to extend then situ dataset
by using this satellite-derived relationshipiot et al., 2008; 5 include additional phytoplantkon sizes to evaluate if
Antoine et al., 2011; Brewin et al., 2)l%etin situ data yncertainties can be reduced in the product by including ¢arg
also have shown overestimation of backscattering by the QAﬁhytopIankton to capture phytoplankton dynamics at wider
algorithm (Behrenfeld et al., 20).3it has been found recently, gcales. Despite the limitations of thie situ data used, it has
that Raman scattering plays a role in the discrepancy of thgeen shown that where chlorophyll concentrations are leas th
retrievals of the backscattering coe cient in very clearters (15 mg Chlam?3, chlorophyll-based algorithms provide the
from satellite {Vestberry et al., 20);3causing an overestimation pest estimates dEypy, allometric-based algorithms consistently
in backscattering. This e ect of Raman scattering has beel]nderestim.’;ltecphy and backscattering-based algorithms, can
only identied recently (ee and Huot, 2014 and was not produce large overestimations o€y, at least for the
incorporated in the QAA version used for the production of the particular case of back-scattering data, provided using the
OC-CCl version 2 data used for this study, but can be analyyica QAA algorithm, as implemented in OC-CCI version 2.0. To
corrected [icKinna et al., 201f and future versions of the jmprove back-scattering products from satellites, fundataen
OC-CCl dataset will address this issue. optical work on explaining the relationship between thg,
While validation of the OC-CCI chlorophyll product has ang particles in oligotrophic areas is still needed. Satellite
been performed intensively in Atlantic oligotrophic watersda pageq phytoplankton carbon product, once validated to a level
sh(_)wed low error _stati_sticsB(eWin et al., 201 investigations  ihat meets user requirements, arid situ datasets, similar
to improve the validation oby, and to understand better the o the one presented here, will be useful for validation of

relationships ofby, with particles in oligotrophic areas are marine ecosystem and biogeochemical models at a wider scale
still required Brewin et al., 2015 At a fundamental level, (Dutkiewicz et al., 2015

backscattering is dependent on the refractive index of this,ce
their abundance and size, whose interplay is not yet full
understood. But in addition to phytoplankton, other par'[icles)i:)ATA AVAILABLE
(e.g., detritus) are known to contribute to the backscatigr
signal, and their variability relative to phytoplankton cdul
potentially contribute to the discrepancies observed in shisly.
Algorithm E used in its original formulation an inversion

The Cyny data, computed fromin situ phytoplankton counts,
and the matching G,y data, computed from dierent
algorithms using OC-CCI version 2.0 satellite data, can be

model to retrieve the backscattering spectral sldpssel et al., obtained from http://www.zenodo.org with doi: 10.5281/aen.

2009 that is di erent from the one used in this comparison 1067229.

as input (i.e., QAAv5). The QAA used here invoked a band

ratio to solve for the backscattering spectral slope, and thA\UTHOR CONTRIBUTIONS

may account for at least part of the observed tighter coupling

between B and Algorithm E. Algorithm E provides consistentlyVM-V: Lead writer, collation ofin situ database, statistical
low 1 values across the water classes, although it underesimagalysis and production of code for match-up evaluation.

the in situ data systematically. This may be pointing to aHE-K: Production of code for satellite processing and match-
need to re_adjust the size Sca"ng parameter ("‘ﬂ@), the up eXtI’aCtion, and writer. RB: Provision of code for statidtica

empirical correction for which is now based on a ratheranalysis based on OC-CCl methodology. TJ: Provision of code
limited in situ validation data setKostadinov et al., 20)6 for calculation of per optical water class uncertainties, dase
Ultimately, a better optical closure is needed between modeldhe OC-CCI methodology. GD: Provision afi situ data. AH:

and observed backscattering spectra, and a better undeiisgan Perspectives on ecosystem modeling. SR: algorithm provider,
of the under|ying partic|e assemb|agesy their refracti\l_ﬁc'ms, inpUt in statistical analysis/interpretation. RR and HK: Review
and their relative contributions to the backscattering eme.  ©Of the in situ database. TK and EM: Algorithm providers. JG:

It remains to be validated if at more productive waters, theData provider. GT: Data provider. TP: Project leader, scienti
prediction of low Cyhy (from Algorithm E picophytoplankton advice. SS: Co-lead development of the concept, work plan and
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