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Particulate Organic Carbon (POC) plays a vital role in the ean carbon cycle. Though
relatively small compared with other carbon pools, the POCqol is responsible for large
uxes and is linked to many important ocean biogeochemical pocesses. The satellite
ocean-color signal is in uenced by particle composition, &e, and concentration and
provides a way to observe variability in the POC pool at a ramgof temporal and spatial
scales. To provide accurate estimates of POC concentratiofrom satellite ocean color
data requires algorithms that are well validated, with unagainties characterized. Here,
a number of algorithms to derive POC using different opticatariables are applied to
merged satellite ocean color data provided by the Ocean ColoClimate Change Initiative
(OC-CCI) and validated against the largest database df situ POC measurements
currently available. The results of this validation exes& indicate satisfactory levels
of performance from several algorithms (highest performae was observed from the
algorithms ofLoisel et al., 2002 Stramski et al., 2008 and uncertainties that are within the
requirements of the user community. Estimates of the standg stock of the POC can be
made by applying these algorithms, and yield an estimated meéd-layer integrated global
stock of POC between 0.77 and 1.3 Pg C of carbon. Performance 6the algorithms vary
regionally, suggesting that blending of region-speci ¢ ajorithms may provide the best
way forward for generating global POC products.
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Evers-King et al. Estimating POC from Ocean Color

1. INTRODUCTION pool leads to the covariance between chlorophyll a concéotrat
([Chl]) and POC concentrations, although some scatter exist
Total particulate organic carbon (POC @) in the ocean is these relationships, as a result of variability in the phytoktan
a key currency used in studies of both the biological export ofommunity composition, physiological factors that can a ect
carbon from the surface to the deep ocean, and the avatiabilithe carbon-chlorophyll ratio in phytoplankton, and the variab
of food for marine organisms. The pool of POC in the ocean isontribution of substances other than phytoplankton (inciogl
relatively small (estimates include: 0.43 Pg C in the rghtt  detritus and bacteria) to POC (see discussion and refegence
attenuation depth-Gardner et al., 200&2.28 Pg C over a 200 within Stramska and Stramski, 2Q0Sathyendranath et al.,
m surface layer-Stramska, 2009 Despite the relative small 2009.
size of the POC compartment, its components (phytoplankton, pPOC is readily quantiable by lItering seawater samples,
baCteria, ZOOplankton, and OrganiC detritUS) are reSpOngt and forms a key Component of many bi0|ogica| ocean
large uxesinthe ocean, because of their high turnoversatéle  models. However,in situ samples are expensive to collect,
organic tissue generated by photosynthesis in the sunliioce |eading to a scarcity of data that hinders e orts to both
is either exported from the surface via the “biological pump’yalidate ocean models and develop a complete understanding
(Volk and Ho ert, 1985; Ducklow et al., 20p1transferred to  of POC dynamics. Satellite ocean color data oers the
higher trophic levels through the food chain, transformedoin opportunity to quantify POC at the global scale on an
detritus, or recycled via the microbial |00p, with some Of(ﬂ@ almost da||y basis. Ocean color or more Speci Ca”y the
into the pool of dissolved organic (DOC) and inorganic carbonyater-leaving radiance and corresponding remote sensing
(DIC). Organic particles are therefore involved in two impamt  re ectance spectra, and derived [Chl] are recognized as
carbon uxes in the ocean, primary production and export to Essential Climate Variables (ECVs) by the Global Climate
either the deep ocean or the DOC and DIC pools, in additionopserving System@COS, 201)L This is in recognition of
to being an integral part of the marine food web. In addition thejr importance for studying various biological variabksd
to the components of POC arising from local sources, POGrocesses in the ocean. In fact, of all the oceanic ECVs that
may be transported to a particular location from distant s®8C are amenable to remote sensing, ocean color is the only
for example, by currents that move POC horizontally in thepne that targets a biological property. In response to the
ocean, or by transport of POC of terrestrial Origin to the aoga GCOS requirementsy the European Space Agency (ESA) Ocean
by river out ow. Though POC is typically treated as a singleColor Climate Change Initiative (OC-CCI) has generated a
pool, there is growing awareness of the importance of di erentime series of merged satellite products for climate research
particles, such as de ned by their size, because of theietiari ysing data from the ESA satellite sensor MERIS (MEdium
of biogeochemical functions, and their e ect on ocean opticakpectral Resolution Imaging Spectrometer) and NASA (National
properties. For example, it has been shown that around 40% @feronautics and Space Administration) satellite sensorgViea
POC concentration in the oligotrophic regions may be asdedia (Sea-viewing Wide Field-of-view Sensor) and MODIS-Aqua
with bacteria alone(ho and Azam, 199@nd submicron detrital  (Moderate-resolution Imaging Spectroradiometer-Aqua).eTh
particles can also make a signi cant contribution to the PO@bo products include the normalized remote-sensing re ectances
(Mel'nikov, 1979. Similarly, relatively large particles (generallyr at SeaWiFS wavelengths and [Chl], as well as some
larger than a few micrometers) can play an important role in POGadditional inherent optical properties (IOPs) such as absorpti
export (e.g.Boyd and Newton, 1995; DallOlmo etal., 2)0he  and backscattering coe cients of phytoplankton and other
importance of particles characteristics in determining ti¢ical  particulate matter, and diuse attenuation coe cient for
signal of POC has also been recognized. downward plane irradianc&y at 490 nm. There is a recognized
The theoretical work of Stramski and Kiefer(199),  need in the user community for additional products from
assuming spherical and homogenous particles, indicated thgtean color that deal directly with POC, including sepanatio
small particles can make an important contribution to theof the contribution of phytoplankton, and the size distributio
backscattering signal in the oceans. Further work has shtb@n of particles. Further, these products need to be regionally
impact of non-sphericity and intracellular structures on @@ti  optimized and their uncertainties well characterized. Bofh o
properties, particularly backscattering ¢yer, 1979; Kitchenand these requirements may be addressed via optical classircatio
Zaneveld, 1992; Quirantes and Bernard, 2004, 2006; Clava@g., Moore et al., 2009 whereby waters are classied
et al., 2007; Matthews and Bernard, 2013; Robertson Lagccording to their spectral or bio-optical properties. Optical
et al., 201). Work by Cetinic et al. (2012)linked variation  classi cation allows specic algorithms to be applied to the
in the beam attenuation coe cient with p|ankt0n Community di erent Optica| water types (resu]ting in a g|0ba|, merged
composition, and variability in particle backscattering fwit product) and provides provides a methotii¢ore et al., 2009:
Changes in partiCle composition due to remineralization. ThE)Gackson et al., in pre)sma[ can be used to calculate per pixe|
also highlighted how measurement artifacts might in uenceerrors. Other methods exist: e.g., formal error propagatiose(
the observed relationships between POC and optical propertiest a|., 201)) or estimation of uncertainties based on model-
Further work has explored separation of the phytoplanktonohservation comparisonMaritorena et al., 2010 However,
component in POC—through both indirecBghrenfeld et al., the users consulted within the OC-CCI project expressed a

2005; Kostadinov et al., 201and direct methods&ra et al.,  preference for uncertainties based on comparison viitisitu
2012, 201)5 The contribution of phytoplankton to the POC data Sathyendranath et a|.’ in press
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Remote sensing of POC through ocean color radiometryli erent methodologies for treating POC blanks, summarizing
requires the exploitation of some optical signal that is aséed that the e ect of DOC adsorption on lters (if not accounted
with the material. In fact, optically, the beam attenuationfor with an adequate blank correction) can cause substhntia
coe cient of particles @), particle scattering coe cientlfy),  bias at low POC concentrations. In the database used here, a
backscattering coe cientlf,;) and the attenuation coe cient of large quantity of the samples from low POC regions (i.e., the
downward irradianceKy are all sensitive to particle abundanceoligotrophic gyres) are from the AMT cruise programme, where
(to a rst order), and to particle composition (through a multiple-volume intercept blank methodology is used to reduce
refractive index), size, shape and internal structure. & haen potential bias from blanks. Where data was provided at depth,
demonstrated that POC is correlated wiith situ ¢, measured measurements were averaged over 10m to provide the “surface
using transmissometersGardner et al., 1993; Bishop, 1999;value for the matchup. Optical weighting of these measurement
Claustre et al., 1999; Stramska and Stramski, R&ich has were considered, however given the variability of the wifees
provided a robust optical method for measuring POC usingsampled and associated mixed layer depths, and the necessary
insitu devices. Althoughb, and ¢, are not among the data assumptions to apply an optical model for this purpose, it was
products that are routinely retrieved from remote sensingdecided not to introduce additional sources of uncertaifiy
satellite-based algorithms exist for retrieving POC frolintlae  these data points.
optical properties listed above, as well as from remote-sgnsin
re ectance values. 2.2. Extraction of Satellite- In situ Matchups

This paper compares ve di erent algorithms for estimating Matchup extraction was based on the procedure developed for
POC concentrations, selected as being representative igfdvarthe OC-CCI. The daily, 4 km, sinusoidally projected OC-CCI
approaches that are prevalent for POC retrieval from oceanversion 2 data $athyendranath et al., 20Q1@&ere searched to
color data. Each algorithm is applied to dierent optical nd satellite data associated with eaahsitu data point. The
properties derived from satellite ocean color data, and eaels u OC-CCI data is a merged product from three sensors, each
di erent formulations for linking the parameters to the POC with a di erent overpass time. However these overpass times
concentration. Matchups betweémsitu measurements of POC are generally around 12 p.m. 2.5h, meaning a maximum
and satellite ocean color allow for the validation, intergzarison  time di erence between then situ and satellite data of <12
of global performance, and estimation of uncertainties eiséed h. The OC-CCI data used contain all of the relevant optical

with the POC calculated using these algorithms. and biogeochemical properties necessary for implementation o
the di erent algorithms under consideration, as well as water

2. METHODS class membership of each pixel which quanti es the similesit
between the remote-sensing re ectance spectrum at that pixel

2.1. Collation of an In situ Database and the characteristic mean and covariance spectra assdciat

For this study, POC concentration data were collectedvith each of the optical classe&wkson et al., in préssee also
from a number of existing databases and from individualthe OC-CCI product user guide (http://www.esa-oceancolor-
contributors. Databases collated included PANGAEAcci.org/?g=documents). The OC-CCI data were interrogdted
(https:/lwww.pangaea.de/) and SeaBAS%idell and Bailey, assess the availability of data covering the latitude anditade
2009, and those compiled byartiny et al. (2014)and the of the in situ data point, on the same date as thesitu data
Biological and Chemical Oceanography Data Managemempllection. If the central pixel contained valid data, thetada
O ce (BCO-DMO, USA). Further data were included from the surrounding eight pixels are also extracted from the seledatd
Atlantic Meridional Transect (AMT) (including data derived (a3 3 pixel box, corresponding to a 12 km 12 km region) .
from both CTD and the ship's clean water supply) and otherThe central value and the mean, median, and standard dewiati
cruises in the Southern Ocean (see a description of the Goatumber of valid pixels out of the nine pixels, the optical clagh wi
Hope line and associated data collection Thomalla et al., the dominant membership, and the calculated POC products
2017). Operationally, POC is de ned as all the organic carbonusing various algorithms applied to the central and mean pixel
that is retained on GF/F Iters (nominal pore size of 0.7). To  values, are returned as output, along with thesitu data values
measure POC, samples are collected on pre-combusted@}#50 and metadata.

GF/F lters and dried overnight at 6% before analysis. To

remove particulate inorganic carbon, lters are acidi edrwr 2.3. Candidate Algorithms

by adding low-carbon HCI directly or by overnight exposureFive dierent algorithms for determination of POC
to the fumes of a concentrated HCI solution in a desiccatorconcentration were considered. For consistency of comparison,
Filters are then dried, packed in pre-combusted tin capsulesll algorithms were implemented using the appropriate variables
combusted at 96@ in an elemental analyser to convert thefrom the OC-CCI product suite. Another reason for using
organic carbon in CQ. The liberated C@ is nally detected the OC-CCI products is that a rigorous algorithm selection
by thermal conductivity $harp, 197§ Acetanilide is used as procedure for atmospheric correctiofM(iller et al., 201pand

a standard. The procedure for applying a blank however ism-water properties Brewin et al., 2015(including derivation
not always consistent across studies, and as such could beofa[Chl], IOPs and the diuse attenuation coe cient), had
source of bias within the data set collated hetetinic et al. been put in place, to ensure quality of products. Furthermore,
(2012)(and references therein) have studied the consequenceshiEing a merged product, OC-CCI coverage is higher than that
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available from single-sensor products, ensuring a highenlmer  t coe cients of the power function of the same form as Equatio

of match-up points within situ data. However, we recognize (1) were determined to be 189.29 and -0.87. A power function
that all the ve candidate algorithms were initially devpéa, was found to provide better error statistics compared with thos
implemented and tested using other ocean-color products, andsing modi ed ts of those typically used in maximum band ratio
that any systematic di erences between the OC-CCI productalgorithms for [Chl].

and the datasets used by the algorithm developers, could be a

potential source of di erence in performance. Therefore, ieth 2 3 2. Algorithm B Based on Backscattering by

description of the algorithms, we also provide details of hbw/ t pgrticles

algorithms were implemented in the original work. This algorithm Co(B)), also proposed bgtramski et al. (2008)

We also note that there are dierences in how the ve ysedy, (555), the particulate backscattering coe cient at 555 nm
algorithms compared here were developed and implemente@) asinput. The equation has the form:

in the original work. For example, two of the algorithms
(algorithms A and B presented below) were derived solely
from coincidentally collecteth situ data, whereas Algorithm D
(G06—described below) combinedsitu measurements of POC
and beam attenuation, with satellite-derived measuremserit

di use attenuation coe cient. Algorithms A and B are based Stramski et al. (2008}ested two approaches for calculating
on some 50 measurements, whereas the POC—bheam attenuathm for the eventual determination of POC: rstly, the method
coe cient relationship used in Algorithm D was based on over of Ma one and Dana (1997 as re ned byBoss and Pegau
3,000 measurements. Algorithm C (described below) reliea o (2001)was used to derive spectral backscattering coe cient from
largein situ database of [Chl] and backscattering ratio to estimaten situmeasurements of volume scattering function at?L4ext,
total particle scattering coe cient from particle backsoating  using a two-step empirical approachiramski et al. (2008hen
coe cient, and then relies on an extensive literature revieo  calculatedyy by removing the backscattering coe cient for pure
nd a conversion factor between particle scattering coecie water [they used pure-water backscattering coe cients pragbs
and POC. Here we use a common set of satellite data (OC-CCly Buiteveld et al. (19949nd byMorel (1974) and reported that
to compute POC using the di erent algorithms and comparethe di erence between the measurementdgf was likely within
the products against a common setiofsitu data. Where there the range of errors associated with the measurements tHeesse
are di erences between how the various steps in the algorithmand therefore did not substantially impact the performancthef
were implemented in the original work, and how OC-CCl treatedalgorithm for deriving POC]. Thenby,, was empirically related
similar steps in its product generation, they are highlightedto POC concentrations (Equation 2jtramski et al. (2008)
since such di erences could have potential impact on algorithnprovide various ts to this equation, but the parameters siddc

Co(B)(mg m 3) D 53606.7 bpy(555)C 2.468. 2)

performance. above correspond to the results (number of observatiéns
. ) 54) excluding upwelling data, which provided better uncertyi

2.3.1. Algorithm A Based on Remote-Sensing metrics, and may better re ect the data within the databasedu

Re ectance here. Secondly, to provide the remote-sensing congéixgmski

This algorithm (designate@o(A)) proposed byStramski et al. et a].(2009 used either a direct empirical relationship between
(2009 uses remote-sensing re ectance at 443 and 555 Nihe backscattering coe cienttf,) andRys or the Quasi Analytical

(equation 1) as inputs, and takes the following form: Algorithm (QAA) approach ofLee et al(2003 to derive by
from Rs. They found that the comparison with measureg,
Ris(443) 1.034 was improved considerably when an empirical correction based

Co(A)(mgm ) D 203.2 R<(555 (1) ontheir measurements d,, was applied to the QAA algorithm.
s(555) Thus, this algorithm uses a two-step approach: s is derived
The model parameters were determined using some 53 pairs ibm Rys, and then thatby, is used in Equation (2) to calculate
co-locatedn situmeasurements of both POC and spectral value®OC.
of Ris from oligotrophic and upwelling waters of the East Atlantic  In the computation of OC-CClhby, products, the QAA
and the South Pacic. The authors have provided various tsmodel was used, along withhang et al. (2009for the pure-
to the models for di erent pairs of wavebands f&s and for  water backscattering coe cientSathyendranath et al., 2016
di erent selections of data. The one we have used here is basad QAA the spectral backscattering coe cient is calculated
on all data, and for the 443-555 waveband pair, as recommendedpirically usingRs at 440 nm and at 555 nm. A power
by the authors. This algorithm is currently used by the NASAlaw is then used to calculate the particle backscattering
Ocean Biology Processing Group to generate the global POtoe cients at other wavelengths given the value of the
data product from ocean color data. Tk values in the OC- spectral backscattering coe cient arigh,(555), estimated from
CCI product suite were used as input to this algorithm for thean analytical relationship usingrs(555) and the absorption
validation exercise presented here. We note that a simila€ POcoe cient (a(555)). These values of, were used to compute
algorithm based on the blue-to-green re ectance ratio hasrb POC in the calculations presented here, without any empirical
developed and validated with the data from the Southern Oceacorrection. For this algorithm a linear t provided the bester
(Allison et al., 201)) For the Southern Ocean algorithm the beststatistics in the original study &tramski et al. (2008)
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2.3.3. Algorithm C Based on both Backscattering used to retrieve the parameters of the PSD, namely the slope
Coef cient and Chlorophyll-a Concentration () and the dierential number concentration at a reference
This algorithm Co(C)) is based on a combination df,,(490) diameter of 2 m, (No), given and by, at 443nm. The LUTs
and [Chl], and was proposed hyoisel et al. (2002§3). They are constructed using theoretical forward simulations gdifie
derivedby,, and [Chl] from SeaWIFS data using the method ofcode Bohren and Hu man, 198R Finally, to computeC,, the
Loisel and Stramski (200@nd the OC4 algorithm (based on PSD is integrated to calculate particle volume in the 0.5 to B0
O'Reilly et al., 1998respectively. They then used a relationshipdiameter range, and then volume is converted to carbon using
proposed byTwardowski et al. (200130 compute the total existing allometric relationships derived from phytoplankto
particle scattering coe cient given the particle backscettg  cultures (Menden-Deuer and Lessard, 2Qpa@ssuming biogenic
coe cient (byy) and [Chl] (designated in Equation 3). They origin for all the scattering particles. An empirical correct is
then adopted a conversion value of 400 mg C4to go from total applied toN, (based on PSD validation statistics) to achieve more
scattering coe cient to POC concentration. Combining thes realistic absolute carbon concentration valuésgtadinov et al.,
steps yields the following algorithm: 2019.

Co(C)(mgm °) D 41666.7 bpy(490) B*?°.  (3) 2.4, Separation of Matchups by Optical
Algorithm C is implemented here using thee et al. (2002DAA Water Class and Calculation of

approach (fotby), and a more recent OC4 (v6) for [Chl]. Uncertainties

The OC-CCI product suite includes memberships of each pixel
2.3.4. Algorithm D Based on the Diffuse Attenuation in 14 optical classes, following the fuzzy logic classi cation
Coef cient for Irradiance and Beam Attenuation methodology ofVloore et al. (2009)with some modi cations as
Coef cient described inJackson et al. (in pressyhe memberships of the

This algorithm Co(D)), based onGardner et al.(2009, uses 14 optical water classes associated with the satellite nnagch
a two-step relationship relating{4(490) to beam attenuation were extracted alongside the radiometric and biogeochamic
coe cient for particles ), and then the beam attenuation properties required for the validation. Each matchup point
coe cientto POC: was then assigned to the optical class that had the dominant
membership in the central match-up pixel. The statistical
analyses were carried out for the global dataset as well as for
subsets of the data grouped according to dominant optical class
These uncertainty metrics per optical class were then used to
assign uncertainties at each pixel, by calculating the weigh
average of the metrics associated with each of the wateesl|ass

Co(D)(mgm 3D 12 (317 cp C 0.785). (5) with the membership of the classes in that pixel providing the

) ) weighting function.

In Gardner et al. (2006)K4(490) is obtained from SeaWIFS  giagistical analysis used in the assessment of each afgorith
data where the algorithm ofueller (2000)is used, based on \yas pased on that used by OC-CCI (8&ewin et al., 2015 The
water-leaving radiances at 490 and 555 @ardner et al. (2006) K olmogorov-Smirnov test for normality of thim situ matchup
used an extensive database (number of observations = 3,462k showed a signi cant deviation of normality for Igg
of concurrent measurements of POC and beam attenuatiofansformed and un-transformed datga €0.001). Therefore, for
coe cient from Atlantic, Paci c and Indian Oceans, to demthe  completeness, the statistical analysis was conducted fotdg,
parameters of Equations (4) and (5) empirically. transformed using parametric tests and for un-transformexdad

TheKq(490) values used in the comparison presented here aging non-parametric, rank-based, statistics. Statisticalrios
obtained from the OC-CCl version 2 data, which uses the métho ;o mpyted were:

G D exp(1.124 log 10K4(490)C 1.1361)), 4)

and

of Lee et al(2009.

Pearsons correlation coe cient for log transformed data,
2.3.5. Algorithm E Based on Spectral Backscattering and Spearman’s correlation for un-transformed data gnd
Coef cient: rsrespectively),
This algorithm Co(E)) was developed byostadinov et al. (2009) Root mean square di erences for Iggtransformed and un-
and Kostadinov et al. (2016)lt correlates the slope } of transformed data (RMSD 9, in log,, for the transformed
backscattering as a function of wavelength to the slopefthe data and mg m? of POC for the untransformed data),
particle size distribution (PSD) that is assumed to follow a pew Bias for log, transformed data and untransformed data))((
law. The method has three steps: rstly,is calculated from in log, for the transformed data and mg n of POC for the
the spectrabbp values at 490, 510, and 555 nm extracted from untransformed data),
the OC-CCI matchup data (for which OC-CCI usése et al. Median absolute percentage deviation between predictions

(2002). Note that in Kostadinov et al. (2009%nd Kostadinov and observations (MAPD in %), an estimate of bias and
et al. (2016)byy is instead retrieved using the formulation of  precision was estimated as the interquartile range (IQR) ef th
Loisel and Stramski (2000$econdly, look-up-tables (LUTs) are  absolute percentage deviation for the untransformed data,
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Center pattern root mean square deviatich){ in mg m 3),  histogram of Algorithm A is very similar to that of thin situ
which is the error of the predicted values with respect to thedata, with both histogram shapes and peak locations reproduced
observations, irrespective of the average bias betweewthe tAlgorithm B tends to overestimate the POC values relative to
distributions. It is related to the RMSD and bias as follow3: in situ data at the lower end of POC concentrations, resulting
=9 - 2 and was calculated for both the leatransformed  in the rst peak in the histogram being o set toward the
and un-transformed data, right of the gure (i.e., toward higher POC concentrations)
Slope and intercept (S, I) from a Type-Il linear regressiorBy contrast, Algorithm C underestimates POC slightly, at th
(Reduced Major Axis) for log transformed and un- lower end. The range of estimates provided by Algorithm D
transformed data. is narrower than that of thein situ data. Algorithm E also
has a narrower range, and in general underestimates POC
concentrations. Both algorithms D and E show signi cantf&hi

in both peaks of the distribution relative to those of thesitu

To provide an indication of the stability of the statisticsdan
to compute con dence intervals on them, bootstrappirigfron,
1979; Efron and Tibshirani, 199®&ith random re-sampling and

: data.
replacement was esed to construct 1,000 di erent datasete f.ro As could be expected from the histogrant&gure 3), there
which con dence intervals were computed for some statistics

Statistics were computed for the whole dataset, and also afte generally a high correlation between the algorithm e a

. . . and in situ measurements of POC, withvalues between 0.75
segregating the data according to dominant water clasyet t . . .
. and 0.82 for all algorithms testedrigures 4A-B. It is of
central matchup pixel.

note that all algorithms show a small cloud of underestimated
concentrations associated with highsitu POC. These points
3. RESULTS are from di erent data sources, and from di erent regions, and
. . . . as such, outliers do not appear to be related to any systematic
3.1. Distribution of Validation Data and errors in the in situ measB?ements. Furthermore, not all of
Matchups these substantial underestimates are associated with comm
Geographic distribution of the data in thia situ data base is data points across all the algorithms. It is important to note,
shown inFigure 1, with the color scale representing the averagéowever, that although we compare the satellite-derived POC
POC concentration (mg m?) over measurements made in the with in situ POC over a very broad range, extending to very
top 10 m (totalN D 63,704, depth averagedl D 19,282). high values >1,000 mg m, the original formulations of the
Figure 2shows thédn situ data with valid satellite data matchups algorithms were not, in general, implemented with such high
(N D 3891), colored according to the concentration of POC (MgPOC data.
m ) measured. A number of expected patterns can be observed. The scatter plots and uncertainty statistics for Algorithm A
Firstly, the number of valid matchups is much reduced refativ shown in Figure 4A and Table 1 suggest that this algorithm,
to the total number of data points in thia situ database. This is on average, performs better than the other algorithms shawn i
a result of several factors including: the averaging ofithgitu  Figures 4B—E Algorithm A has the smallest bias, a linear t that
data over the top 10m, elimination of data points outside ofis closest to the 1:1 line, with a slope of 0.92 and a relatively
the OC-CCI period (1997-2012); and failure of matchup whersmall intercept value (the second smallest after Algorithjn C
there were no satellite observations corresponding to the daand also the highest (albeit slightly) correlation coe ote
and location of thein situ sampling. Other factors are spatially and the smallest values (albeit slightly) of the Root Mean
heterogenous, such that there is some regional skew in tt®quare Dierence. The statistical parameters are consistently
likely success of obtaining a matchup, for example cloud covejood for Algorithm A, though the results for Algorithm C
has a spatially and temporally variable in uence on matchumalso present some advantages. The performance of Algorithm
availability, such that in some areas itis less likely thabéchup  C has a slope of 1 and intercept closest to zero, but has
will be found, e.g., in the tropics, or during winter in the mid a slightly higher RMSD, CRMSD and bias compared with
latitudes—where satellite coverage was relatively pooer€rh Algorithm A (Figure 40). Algorithm B has relatively small bias,
is a high concentration of data in the Atlantic—as a resulthowever other parameters are clearly inferior compared with
of the substantial AMT cruise data. Similarly, there is a highalgorithm A (Figure 4B). Some statistical parameters associated
concentration of data from some coastal regions, partidylar with the performance of Algorithm D are signi cantly inferio
in the northern hemisphere. Observed concentrations of POGompared with those associated with algorithms A and C,
follow an expected distribution, with higher values in cadst especially the slope and intercept of linear t which indicate
and shelf regions, and lower concentrations in the oligphic  a large deviation of this t from the 1:1 lineFgure 4D).
gyres Figure 2). A bimodal distribution can be observed in the As a result, low values of POC are overestimated, and
in situ data, as a result of the high numbers of data from thehigh values underestimated, compared with timesitu data.
AMT cruises which go predominantly through the oligotrophic The statistical performance for Algorithm E is poorest with
gyres, and from coastal regions, which tend to be predomigant signi cant negative bias and the best t regression devigti

high-POC areasHigure 3). greatly from the 1:1 line Rigure 4E). Performance statistics
are summarized for all algorithms in the rst section of
3.2. Algorithm Performance Table 1 A statistical analysis was also conducted for the non-

The histogram of thein situ data frequency distribution is transformed data, and provided in the second section of
replicated to a degree by all the algorithmisigure 3. The Tablel
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FIGURE 1 | Geographic distribution of Particulate Organic Carbon (PO) measurements within thein situ database. The color scale represents the averaged POC
concentration (mg m 3) over the top 10 m.
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FIGURE 2 | Locations of OC-CClI satellite data matchups and associatedh situ concentrations of Particulate Organic Carbon (mg m3).

3.3. Performance Per Water Class Performing the statistical analysis across the di erentewat

To further understand algorithm performance, the matchupsclasses reveals some similarities in performance across all
were separated by their optical water class. The total numbeigorithms, and some consistency with the overall perforneanc
of matchups per water class, and their distribution spatially(Figure 7). Algorithms A, C, and D show little di erences

is shown inFigures § 6 respectively. The lower water classedetween them in terms of RMSD across the water classes, with
are associated with oligotrophic regions, such as in thegjyrethe exception of water class 14 (i.e., the most optically coxmple
whilst the higher classes correspond to progressively monsaters) Figure 7A). The RMSD associated with Algorithm E
turbid shelf and coastal waters. Statistical performancéhef follows the same broad pattern as algorithms A and D across
algorithms across the di erent water classes is summarired ithe water classes, although its RMSD is substantially hidtzer t
Figure 7. those algorithms in all instances. Algorithm B shows slight
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FIGURE 3 | Histograms summarizing distribution ofn situ POC data and associated satellite based estimates fofA) Algorithm A Gtramski et al., 2008 Rrs based),
(B) Algorithm B GStramski et al., 2008 by based), (C) Algorithm C (byLoisel et al., 2003 , (D) Algorithm D (byGardner et al., 2009, (E) Algorithm E (byKostadinov
et al.,, 2016).

TABLE 1 | Summary of statistics of the algorithm performances folog; and untransformed data.

Statistic A B C D E

log 10 TRANSFORMED DATA

rs 0.80 0.73 0.79 0.80 0.78

9 0.29 0.01 0.33 0.01 0.34 0.01 0.32 0.01 0.53 0.01

1 0.29 0.01 0.32 0.01 0.31 0.01 0.29 o0.01 0.30 0.01
-0.04 0.01 0.03 0.01 -0.13 0.01 -0.13 0.01 -0.43 0.01

S 0.92 0.01 0.63 0.01 1.00 0.01 0.63 0.01 0.66 0.01

| 0.14 0.02 0.76 0.02 0.13 0.03 0.63 0.02 0.27 0.02

UNTRANSFORMED DATA

p 0.84 0.80 0.84 0.85 0.83

9 420 12.7 443 133 463 13.9 413 12.46 444 131

1 417 124 442 13.1 460 13.8 401 118 417 121
-51.9 13.1 -41.1  14.0 -48.5 14.5 -98.8 12.6 -154 13.1

S 0.15 0.27 0.49 0.13 0.05

| 126 112 58.8 83.3 45.3

MAPD IQR 255 373 42.5 58.0 314 36.5 31.7 34.6 60.9 30.0

For logio: I's is Spearman's correlation; slope and intercept for were calculatewith a Type-Il linear regression model (Major Axis) and the statistics prded have uncertainty estimates
(95% con dence interval), derived from 1,000 bootstrap realizationstor untransformed data: p is Pearson's correlation;9, and 1 are provided with uncertainty estimates (95%
con dence interval), derived from 1000 bootstrap realizations; slop@nd intercept for were calculated with a Reduced Major Axis regression adel; MAPD is the median absolute
percent deviation between predictions and observations and is a measarof bias, and IQR is the interquartile range of the absolute percent error, dris a measure of precision. Bold
italic numbers are the best results for each statistic, for some is theighest value (e.g., & or rp), for some is the lowest (e.g.9, , 1, Intercept and MAPD) and for some is the closest
to one (e.g., Slope).

higher RMSD than the other algorithms in some of the morealgorithms show negative bias in class 14. The center-paftern
oligotrophic water classes (1-5), then largely follows theesa unbiased) RMSD irFigure 7C shows the largest uncertainties
patterns as algorithms A and D. The cloud of outlier pointsare associated with water classes 6, 7, and 8 whilst the largest
observed in the overall comparisons are associated withrwatdi erences in algorithm performance across the water classes a
classes 6, 7, and 8, where RMSD s relatively high for mo&und in water classes 12, 13, and 14. The regional vatiabili

of the algorithms. The estimates of bias for each of the watalgorithm performance, which can be associated with the aptic
classes is consistent with the results from the global aglita water classes, is discussed further in Sections 3.4, 3154.2n
e.g., Algorithm A shows very little bias, and this is coresist below.

across water classes, whilst Algorithm E generally underatgs

across all classeBigure 7B). Algorithm C shows slight negative

bias across most of the water classes, except 12 and 13, whas#t. Mapped Products

algorithms D and B show slight (larger) positive bias in theln addition to application to the matchups points, the POC
more oligotrophic classes. Algorithm B shows large positivalgorithms can also be applied to global satellite data to compar
bias in water class 13, as with Algorithm C; however, botlalgorithm performance at synoptic scales. POC concentration
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FIGURE 4 | Scatter plots and statistics detailing performance ofA) Algorithm A by Stramski et al.(2008) (usingRys), (B) Algorithm B by Stramski et al. (2008)(using
bpp), (C) Algorithm C by Loisel et al.(2002), (D) Algorithm D by Gardner et al. (2006) and (E) Algorithm E byKostadinov et al.(2016). Statistical parameters are as
follows: correlation coef cient (r), bias (), Root Mean Square Differenceq), Center Patterned Root Mean Square Differencel (), slope (s), intercept (1). The solid line is
the 1:1 line, and the dashed line is the line of best t for thetiear regression.
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FIGURE 7 | Calculated RMSD(A), Bias (B), and Center Patterned RMSD(C) for each algorithm per water class based on the matchup stasiics.

were estimated by applying algorithms A-E to a sample set of OGneasurements and would be expected to be associated with
CCI monthly products from May 2005+gure 8). All algorithms ~ POC, i.e., increased POC associated with regions of high [Ch
produce the broad patterns that were observed in ihsitu  in upwelling zones, lower concentrations in the oligotrophic
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FIGURE 8 | POC estimated using the ve candidate algorithms applied to anonthly composite of OC-CCI data from May 2005(A) Stramski et al. (2008)Rys), (B)
Stramski et al. (2008)bpp), (C) Loisel et al. (2002) (D) Gardner et al. (2006) (E) Kostadinov et al. (2016) and (F) POC associated with an extracted transect through
the Atlantic at 20° W for each algorithm, and the associated [Chl] from the OC-Cldata.

gyres, and higher concentrations in turbid shelf and cdastaalgorithms A and C, and lower than algorithm B. In contrast,
regions. However, there are some notable di erences betweeXigorithm E (Figure 8E) estimates lower POC concentrations
the POC concentrations estimated by the di erent algorithmsrelative to the other methods. A transect, extracted along
Algorithm A and C perform similarly Figures 8A,Q. Algorithm ~ from 2P west, shows the regional dierences in algorithm
B (Figure 8B) produces estimates that are generally higheestimates for POC, and the associated OC-CCI [Chl] for
relative to Algorithm A and C, particularly at low POC referencefigure 8F. Histograms of these products (not shown),
concentrations. Algorithm D Kigure 8D) underestimates at show a similar range to thén situ data used for validation
higher POC concentrations relative to all other algorithmbilst  ( 10-1,000), though values greater than 1,000 mg®m
at low concentrations its estimates are generally highen thaare scarce in the satellite products (though higher values
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FIGURE 9 | Root Mean Squared Difference calculated for POC as estimatkusing water-class speci ¢ performance of the the ve candidae algorithms applied to
monthly composite OC-CCI data from May 2005(A) Stramski et al. (2008)Rys), (B) Stramski et al. (2008)byp), (C) Loisel et al. (2002) (D) Gardner et al. (2006) (E)
Kostadinov et al. (2016) and (F) the associated OC-CCI water classes.

are more frequent with Algorithm C than with Algorithm 3.5. Mapped Uncertainties

A). Also, the pronounced bimodal frequency distribution of Each algorithm has uncertainties associated with its peréorce

the insitu data is absent in the satellite products, whichfor each water class, calculated from the validation egerci
show a unimodal distribution. This dierence between the These values can be used to estimate uncertainties for pixels
frequency distribution ofn situ data and satellite products could outside of direct matchup locations, using a weighted awerag
have had an impact on the comparative statistics presentdshsed on the percent membership to each of the classes. This
here. procedure was applied to the data irigure 8 to calculate
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FIGURE 10 | Bias as estimated using per water class performance of the veandidate algorithms applied to monthly composite OC-CCI dta from May 2005 (A)
Stramski et al. (2008)Rys), (B) Stramski et al. (2008)bpp), (C) Loisel et al. (2002) (D) Gardner et al.(2006), (E) Kostadinov et al. (2016) and (F) the associated
OC-CCl water classes.

per pixel RMSD and bias. As could be expected from thend bias in the oligotrophic gyres, but relatively higher
performance of the algorithms across the substaniieditu  values appear in the more productive (upwelling and coastal)
data set, Algorithm A Rs based algorithm ofStramski areas. Algorithm E shows high RMSE throughout the image.
et al., 2008 shows low RMSD and bias when uncertaintiesHighest positive bias estimates are associated with atgorit
are calculated Higures 9 10). Algorithms B and particularly B, relating to overestimation in the gyre regiorfSidure 10B.
Algorithm C show higher RMSE, particularly in the gyre Bias for Algorithm E Figure 105 shows negative bias globally,
regions, consistent with the distribution of the matchup- consistent with the general trend toward underestimatibown
based estimates irfrigure 3 Algorithm D has low RMSD in Figures 4E8E
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FIGURE 11 | Percentage error for POC as estimated using per water classgrformance of the Stramski et al. (2008)Rrs) applied to monthly composite OC-CCI data
from May 2005.

4, DISCUSSION optical property (IOP) is derived from th&s and then related
to the POC. They also indicated relatively better perforneanc

4.1. Vanablhty In Algonthm Performance of the Rys relationship over that derived frorby,, highlighting

As a Result of Input Sate"it_e Data, Choice the uncertainties in the derivation df,, as one source of error
of Optical Models, and Regional Optical in estimation of POC from IOPs. Additionally, the relatioriph
Properties between POC and IOPs would be expected to vary as a result

The strength of the relationships between bio-optical projsti of the particle size distribution (PSD), the refractive index
and POC concentration has been quantied in the originaIOf particles, and the fractional POC concentrations within
studies where the algorithms examined above were formujlatedi €rent particle types in the assemblage. For example, signt ca
and in some cases, validated against satellite data. To tM@riationsinthe POC-speci c backscattering coe cient Haeen
extent that some of the satellite data used in the originaTeported for di erent water bodies of the Southern Ocean (see
studies are included in the match-up dataset used here, tHggure 1 in Stramski et al., 1999 Whilst variability in the
impact on the results is likely to be small because th&OC-speci ¢ backscattering introduces uncertainty in tR@C
size of the match-up data used here is much larger thafstimates, a better understanding of the relationship kbetw
that used in any of the previous studies. Furthermore, tharticle characteristics and I0OPs has the potential to provide
comparisons presented here are based on a common satellftther insight into the composition of the POC pool, and
product suite (OC-CCI). However, further insights are gaine therefore to improve POC algorithms. Hence, it is important to
from the biggerin situ data base assembled for this studypursue this line of algorithm development, even if the current
and from the climate-quality data set provided by OC-Performance of these methods might not be as good as that of
CCl. some more empirical approaches. The line of investigation that
Results from the OC-CCl based validation are generalliccounts for the contributions of di erent types of POC to thei
consistent with the observations made ®yamski et al(2009. ~ optical properties is already yielding frui{ramski et al., 2008
The in situ data used by StramskB(ramski et al., 20)8vere The algorithm ofLoisel et al.(200) (Algorithm C) is also
limited to the south eastern Paci ¢ and eastern Atlantic @e a two-step approach, drawing on the relationship betwégn
and covered a POC range of 12—270 mg®nwhilst the range and POC, via a relationship betweds, and [Chl]. Though
for the data used here cover a broader range (2.7-8,097 mgisel et al. (2004jid not directly validate their POC estimation
m 3). The waters sampled bgtramski et al. (2008janged from SeaWiFS data, they found a good match between retrieved
from upwelling to oligotrophic, with signi cant contributios  bpp and that measurech situ in a previous studyl(oisel et al.,
of mineral particle matter to the particle assemblage at som&00). Loisel et al. (2004]id indicate variability in theoy:[Chl]
stations. Consistent with the results her&framski et al. relationship, linked to changes in the particulate pool; they
(2008)found that empirical relationships betwe& and POC  highlighted the variable in uence of small particles consigti
performed better than two-step approaches where an inherertf dead cells, grazers, and mineraiSardner et al. (2006)
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FIGURE 12 | Covariance between POC and [Chl] extracted from the OC-CCI atchups with the in situ database for (A) in situ POC data, (B) POC estimated using
Stramski et al. (2008)Rrs), (C) POC estimated usingStramski et al. (2008)bpp), (D) POC estimated usingLoisel et al.(2002), (E) POC estimated usingGardner et al.
(2006), (F) POC estimated usingKostadinov et al. (2016)

(Algorithm D ) also uses a two-step approach, exploiting thephytoplankton carbon estimated from situ PSD measurements
relationship between the beam attenuation coe ciemp)and and direct analytical determinations, showedalues between
POC. This relationship was shown to be strong, whesitu 0.5 and 0.714, depending on the limits of integration of the
POC was compared with transmissometer pro les. Although nd®SD, with wider limits resulting in the lower. As discussed
fully-validated algorithm exists for routine derivatiori g, from by Stramski et al. (2008Kostadinov et al. (2016also notes
satellite ocean color measuremerisrdner et al. (200&howed the impact of uncertainties in retrieved backscatteringsiag
in situ g was strongly correlated with [Chl]r (= 0.845-0.897) from both measurement and theory. In particular, assumptions
andKy(490)) ¢ = 0.846-0.878) derived from SeaWIFS data oveof sphericity and homogeneity used in Mie theory are likely to
di erent oceanic regions. be violated in real seawater particle assemblages, particfda
Algorithm E, by Kostadinov et al. (2016)addresses some backscattering and in coastal and more productive areasc{whi
sources of variability between optical properties and POCh sucare included in the database used here). For a more detailed
as the inuence of the particle size distribution, which wasdiscussion of the sphericity and homogeneity assumption, see
also identi ed as being important bystramski et al. (2008) Kostadinov et al. (2009and refs. therein. Future work needs
The method ofKostadinov et al (2016 uses spectral values to focus on developing and more widely adopting bio-optical
of by, to derive a PSD, which is then converted to POC (andnodels that relax the Mie assumptions (e.Quirantes and
phytoplankton carbon) using allometric relationships. Theds Bernard, 2004, 2006; Clavano et al.,, 2007; Matthews and
of the Kostadinov et al. (2016paper was on phytoplankton Bernard, 2013; Robertson Lain et al., 201W@nderstanding
carbon, computed as 1/3 of POC. Relationships between thef PSD variability, how it relates to backscattering, andvho
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FIGURE 13 | Summary of (A) POC to [Chl] relationships including thén situ POC data collated in this study and the extracted OC-CCI [Chigray dots)] and the
relationships proposed byMorel (1988)(green line),Stramska and Stramski (2005)red line),Legendre and Michaud (1999)blue line), andSathyendranath et al.
(2009) (pink line), a best t line for thein situ data vs. the OC-CCI chlorophyll (dashed line), and the estiated POC usingStramski et al. (2008)(cyan dots) are
provided for context, (B) estimated POC from the previously listed approaches, plogid against the Rys (443) to Rrs(555) to show relationship to this ratio commonly
used in algorithms to derive [Chl].

particle composition a ects scattering over broad marineoegi  that can aect the assessment of uncertainties in algorithm
are required to develop further such detailed mechanistiperformance. Ideally, multiple replicates will be taken to difgn
approaches. uncertainties in then situ measurement, and instruments will
General sources of error associated with any ocean-coldrave a well-characterized calibration history, and be pssed
product include dierences introduced by choice of sensorwith community endorsed methodologies. For POC, the issue
sensor calibration, and the atmospheric correction procedurof blank correction was already highlighted in Section 2.1.
used to retrievdRs. In addition to these, a further consideration, Uncertainties resulting from variable methods used for the
particularly in the cases where algorithms use IOPs, is thim situ data collated for this study may in uence the results
methods used to derive the IOP product from th®s data. presented here, particularly at low POC concentrations. In
The OC-CCI processing uses the Quasi-Analytical Algorithmterms of comparison to matchups, further uncertainties can be
(QAA) of Lee et al. (2002p calculate IOPs, including thls,,  introduced by comparing values at dierent scales, i.e., point
values used in this study. The original studytystadinov et al. measurements may not represent the average over a pixel §in thi
(2016)used the method dfoisel and StramsKR00Q to estimate  case of 4 km in size). These uncertainties will limit thertte
bpp. Stramski et al(2009 also used di erent formulations to accuracy to which any satellite based product can be derived an
calculatebp, from Rs, nding a corrected version of QAA validated. However, issues of spatial mismatch are begirtoing
produced a better estimate di,,, and a strong relationship be addressed with the use of underway systems (for example,
with POC ( = 0.933). The e ect of the choice of method to Brewin et al., 2016
deriveby, on the POC estimates requires further consideration, Despite the diculties highlighted above, the overall
which goes beyond the scope of this study, as this IOP jserformance of the algorithms studied here is encouraging.
particularly poorly understood and validatedede et al., 2002 Percentage error estimates based on the OC-CCI methodology
The di erences in algorithm performance across the di erentshow how well these algorithms can generate products seitabl
water classes indicate that regional variability in perfanoe for the needs of the scientic community. For example, the
of the di erent algorithms can be expected. This is con rmed percentage errors associated with ieamski et al(2009 R
in the mapped regional distribution of uncertaintieBigures 9  algorithm applied to OC-CCI data in May 200%-igure 17),
10). These results suggest that algorithms either need to show that a majority of pixels fall within an error range that i
selected carefully for applications in di erent regions, oath widely accepted by the ocean color community for [Chl] (30%;
a selection of optimal algorithms may have to be blended fof5COS, 201)1
a global product (as done idackson et al., in pressThis o . .
point is also raised irStramski et al. (2008where dierent 4.2. Variability in the Ratio of Particulate
formulations are provided for global application, and exchgli Organic Carbon to Chlorophyll-a
upwelling data. Uncertainties in the underlying satellite alat Further perspective on the performance of the dierent
may also be responsible for a portion of this variability: foralgorithms can be gained by considering the covariance kegtwe
example, an IOP model may be more or less suitable to derivdOC and [Chl]. The relationship between tiresitu POC data
backscattering. It should also be noted that there can alsand satellite [Chl] is shown irFigure 12A where the color
be uncertainties in then situ data and the validation process indicates the associated dominant optical water class. Tdase
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then forms the background for each of the subsequent panelmong phytoplankton themselveSttamski, 1999 Therefore,
of Figure 12 which show the relationship between the POCindependent knowledge of total POC, living phytoplankton
estimated by each algorithm, and the satellite [Chl]. Algori  carbon, and [Chl a] should be the goal of future bio-optical
A shares a commonality in method with the algorithms usedalgorithm development.
to derive satellite [Chl], in that the same re ectance ratio .
are used to derive POC, and [ChI] (at lower concentrations)4.3. Estimates of Total Pools of Carbon
hence it shows a very constrained relationship in this damai The OC-CCI archive can be used to estimate total pools of
of the parameter spac€igure 12B. Other algorithms capture POC in the mixed layer, taking into account interannual and
the scatter in the POC:[Chl] relationship to a greater orskrs regional variability, which is well captured by this merged
degree, though o sets can be seen, associated with the inehavdataset. Algorithms A-D were applied to the monthly OC-CCI
identi ed in the validation exercise, i.e., overestimatiof POC  version 2 data, and the values integrated over the mixeelrlay
relative to lower [ChI] in the case of Algorithm Brigure 120,  depth (derived from MIMOC Schmidtko et al., 20)3assuming
and underestimation of the ratio at low [Chl] using POC from homogeneity over the mixed layer. These were then averaged
Algorithm C (Figure 12D—though it should also be noted that over all the months and for all the years of the OC-CCI version
this algorithm is also dependent on [Chl] to derive POC). As2 (1998-2012) to provide estimates of the average standing poo
with Algorithm A, Algorithm D shows a relatively constraide 0f POC as follows: Algorithm A: 0.86 Pg C, Algorithm B: 1.3
relationship between POC and [Chl]. Algorithm E producesPg C, Algorithm C: 0.87 Pg C, Algorithm D: 0.77 Pg C. These
similar variability between POC and [Chl] as seen in thesitu ~ are larger than the estimate Gfardner et al. (2006and smaller
data, in terms of shape and scatter of the curve, but the bias #1an the estimate ofStramska (2009)Comparison of these
this algorithm toward lower estimates of satellite derivéi®Pis  estimates with those of phytoplankton carbon pools estimated i
clear Figure 12D). a parallel study (Martinez-Vicente et al., in review), iraties that

The ratio of POC to [Chl] is important in the context of the phytoplankton carbon represents between 17 and 48% of the total
discussion here for two reasons. Firstly, this ratio is imiapt  POC pool. Whilst this ratio shows considerable variabilitye t
in the context of biogeochemical modeling, and the ecolaigic often assumed value of 1/3 for phytoplankton carbon:POC falls
and physiological processes that in uence this ratio. Selyond Wwithin this range. High levels of variability in the phytoplton
empirical relationships between POC and chlorophyll have beearbon to POC ratio were also observiedsitu by Gra et al.
developed, which can be applied to satellite derived estimat€3019. Satellite based estimates calculatecKbgtadinov et al.
of [Chl]. As mentioned above, these algorithms are typicallf2016 (using a di erent set of mixed layer depth values) suggest
similar to those employing blue:green re ectance ratiog).(e. @ phytoplankton carbon standing stock of around 0.24 Pg C,
Algorithm A from Stramski et al., 2008and as such were implying a corresponding POC stock of around 0.72 Pg C when
not initially considered in the algorithm intercomparisorere. ~ using the 1/3 assumptioriKostadinov et al(201§ showed the
Figure 13A shows a number of these empirical relationshipsgestimated phytoplankton standing stock to be similar to esties
against a background of the sariresitu POC and [Chl] data derived from the application of both th&tramski et a{2009 by,
as shown inFigure 12 Figure 13Bshows POC estimated using based algorithm, combined again with a 1/3 assumption and the
these [Chl]-based algorithms on OC-CCI [Chl] as a functidn o method ofBehrenfeld et a(2009 to SeaWIFS data, and to model
the blue-greerR;s re ectance ratio. The same re ectance ratio is estimates from the Coupled Model Intercomparison Project 5
employed byStramski et a2009 to derive POC, and is also used (CMIP5). The estimate of phytoplankton carbon standing stock
in a number of empirical [Chl] algorithms. A linear regressiof from Kostadinov et al(201§ is similar to that estimated by other
thein situ POC concentrations, against the satellite derived [Chl]size class based approaches, such as th&ogfet al.(2017
results in anr? value of 0.70. Using the various relationshipswhich used size classes derived from absorption to estimate a
shown in Figure 13A to estimate POC based on the satellitetotal phytoplankton carbon stock of 0.26 Pg C. Though the global
[Chl] returns r? values between 0.63 and 0.69, lower than thosestimates of POC from the di erent approaches assessed here are
returned for all the other algorithms assessed. The [Chdola quite similar to each other, the di erences are more pronotthce
approaches show iffigure 13 produce RMSD values (between at smaller scales, as can be sedfigure 8F
0.27 and 0.47) and bias (betweef.03 and 0.117) in the same
range as the other algorithms. 5. CONCLUSIONS

Even though to rst order Chl and POC are positively
correlated in the global ocean, a residual scatter in thé variety of POC algorithms were applied to matchup pixels
relationship remains (e.g., in satellite observatiof$gure 12A  extracted from the satellite OC-CCI ocean color data, and
and in situ observations as well—e.¢(pstadinov et al., 20)2 validated againsh situ data. The database used here represents
Ideally, a POC algorithm should be able to retrieve POGhe largest collection o situ POC data available, to the author's
independently of [Chl] and capture the variable POC/[Chllicat knowledge. The ve algorithms showed strong predictive
correctly. Note that this ratio can vary due to both varidlil capacity for estimating POC, with Algorithm A (based on
in the fraction of living phytoplankton carbon in the total Rs—Stramski et al., 20Q&@nd C (based or.oisel et al., 2002
POC pool, due to the physiology and photoacclimation of theperforming well across the broad range of thmesitu dataset.
phytoplankton component of POCJeider, 1987; Geider et al., Algorithms A and C performed consistently across di erent
1998; Behrenfeld et al., 200%&and species speci ¢ di erences water types as de ned in the OC-CCI data. From the water class
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based validation, errors can be estimated per pixel. For Klgor  contribution and guidance on POC data for the Southern Ocean
A and C, the errors were mostly within the range requested bypS: Algorithm provider, content on history of POC algorithm
the user community. These results suggest a maturity in PO@evelopment, and interpretation of comparative analysis of
algorithms and their suitability for production of long tertime  di erent algorithms. TP: Project leader, scienti c advic8S:
series for climate related studies. However, several kaytpoi Development of the concept and work plan, guidance of
of development are highlighted from the inter comparisonHEK, review and rewriting of various sections of manuscript.
of the dierent algorithms and the various studies reviewedAll authors reviewed and provided comments on the draft
here. Greater knowledge of the composition of the particulatenanuscript.

pool, and how it aects the IOPs of the oceans, may allow

increased accuracy of POC algorithms (within the constsain FUNDING

of the sensitivities of current satellite ocean color raagry),

as well as providing further information on di erent types of The POCO project is funded by the European Space Agency
particles, many of which play important roles in water quality(ESA) under the program of Science Exploitation of Operational
and ocean biogeochemistry. To support this aim, furthesitu ~ Missions (SEOM) following Contract: 4000113692/15/I-LG sThi
data should be collected, including additional measuretsien study is a contribution to the Ocean Color Climate Change
to provide detail on phytoplankton community size structure, Initiative of the European Space Agency, and to the activities
physiology, and photoacclimation. Further, it is recommethde of the National Center for Earth Observations (NCEO) of
that future work seeks to use consistent methodology fonkla the Natural Environmental Research Council (NERC) of UK.
correction of POC measurements, and clarify any trends i thThis study is also a contribution to the international IMBER
low POC region which may be in uenced by these uncertaintiesproject and was supported by the UK Natural Environment
Further understanding of the sources of variability betwee Research Council National Capability funding to Plymouth
POC and optical parameters can then be incorporated iMarine Laboratory and the National Oceanography Center,
to future, semi-analytical algorithms. New understandingSouthampton. AMT data were supported by the UK Natural
of these relationships may also inform future sensoEnvironment Research Council National Capability funding to
development (e.g., hyperspectral sensors) and optical modelidymouth Marine Laboratory and the National Oceanography

techniques. Center, Southampton. This is contribution number 309 of
the AMT programme. TK was supported on NASA grant
AUTHOR CONTRIBUTIONS #NNX13AC92G and by the Division of Hydrologic Sciences,

Desert Research Institute. The contribution of HL was funded
HE: All the calculations, preparation of gures, lead on wrgi by the CNES/TOSCA program in the frame of the COYOTE
the manuscript. VM: Project manager for Pools of Carbonproject.
project; development of matchup processing and statistical
analysis. RB: Provision of code for statistical analysisdasesCKNOWLEDGMENTS
on OC-CCl methodology. GD: Provision ofnsitu data,
content on by, uncertainties and impact of particle sizing. The authors would like to thank Peter Regner for his support and
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ecosystem modeling. TJ: Provision of code for calculatiofisher for his contributions to the project during his studen
of per optical water class uncertainties, based on the OGnternship. The authors would like to thank the participants
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