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Highlights

What are the main findings?

e  Satellite and in situ POC algorithms agree to within 15%.
e A chlorophyll-based algorithm matches performance of more complex ones.

What are the implications of the main findings?

e DPotential for merging satellite and in situ records of POC.
e Inopen ocean, a chlorophyll-based algorithm will be best, as there are more measure-
ments of this than of optical backscatter.

Abstract

Carbon fluxes from the atmosphere to the ocean and from the ocean surface to the deep
ocean are a key pathway in the long-term sequestration of anthropogenic CO,. Particulate
Organic Carbon (POC), which comprises living plankton, detritus and other microscopic
organisms, is a very dynamic carbon pool in surface waters, so an ability to assess POC
reliably from satellites and autonomous profilers is fundamental to the quantification of
the reservoirs and fluxes of carbon within the ocean, and to assess their response to climate
change. In situ records from sample filtration during dedicated hydrographic surveys are
limited both in terms of spatial coverage and time, so reliable algorithms are required that
make use of readily available autonomously collected data that provide much better spatial
and temporal coverage. In this paper, algorithms that use ocean colour data from satellites
to estimate POC are re-assessed, and then the satellite-derived products are compared
with near-surface in situ observations from biogeochemical (BGC) Argo profilers. The
satellites and in situ BGC-Argo records match each other to within 30%, but a regional bias
persists that may be related to the BGC-Argo fluorometers overestimating the chlorophyll
concentration in the Southern Ocean. A simple coarse-resolution regional correction to
the observed chlorophyll-a concentration and backscatter coefficient, plus the removal of
clear outliers, improves the agreement to approximately 15%. The association of POC with
the surface chlorophyll value is so strong that an algorithm based on chlorophyll-a alone
provides an almost equally good estimate of POC compared with more complex algorithms
that incorporate additional bio-optical variables such as the backscattering coefficient.

Keywords: particulate organic carbon; satellite; ocean colour; BGC-Argo floats; backscatter;
chlorophyll; global
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1. Introduction

Sequestration, i.e., the removal of carbon dioxide from the atmosphere to the depths
of the ocean, is a complex web of physical, biological and chemical processes [1]. Firstly,
there is the two-way transfer of CO, between the atmosphere and ocean, mediated by
wind, waves, rain, ocean alkalinity, temperature and the partial pressure of CO; in the
water. Secondly, the dissolved carbon dioxide in the water may be assimilated into organic
matter through photosynthesis by phytoplankton, which may, in turn, be consumed by
zooplankton and organisms at higher trophic levels. Thirdly, waste excretion, mortality and
aggregation lead to a “rain” of organic matter sinking through the water column, which
may undergo bacterial respiration and decomposition or some fraction of it may reach the
bottom intact. There is also vertical transport through the mixing and physical advection of
water masses. Phytoplankton is a variable component of the Particulate Organic Carbon
(POC) found in the pelagic ocean, with detrital material and other living organisms making
up the rest of the POC pool.

Chlorophyll-a (Chl-a), the main pigment contained in phytoplankton, is a commonly
used measure of phytoplankton concentration. The direct measurement of chlorophyll is
a time-consuming process involving the collection of water samples and their filtration,
followed by the assay itself, leading to large gaps in the data coverage. The remote sensing
of ocean colour using satellites, which use algorithms to infer Chl-a from reflectances
measured at multiple wavelengths in the visible domain, is therefore an important tool
for extrapolating the sparse in situ observations to large scales. Ocean colour methods
exploit the absorption characteristics of Chl-a to underpin the satellite-based algorithms.
The fluorescence response of phytoplankton to broad-band excitation by visible light
from the sun, or to single wavelength excitation on autonomous observing devices, also
serves as an indicator of Chl-a concentration. However, various factors, such as observation
conditions, the physiological status of the phytoplankton and the species composition of the
plankton community, can influence the conversion between fluorescence and chlorophyll
concentration. The intercomparison of absorption-based and fluorescence-based tools for
monitoring Chl-a is also not trivial, because algal physiology has a stronger influence on
the fluorescence signal [2] than on phytoplankton absorption coefficients [3-5].

Particulate Organic Carbon can also be estimated from satellite-observed radiances,
with a number of algorithms being proposed (see a review of various types of algorithms
in Evers-King et al. [6]). Satellite-based algorithms can only provide measurements within
the first optical depth, within which the light level drops by a factor of e ! compared with
its surface value. For the wavelengths of interest, this depth typically ranges from ~5 to
~40 m depending upon water clarity. Consequently, complementary tools are needed to
observe POC at depth; in fact, recent papers [7,8] have espoused estimating POC from
optical backscatter at 700 nm, by,,(700), measured by biogeochemical (BGC) Argo floats.

The core Argo programme co-ordinated the deployment and processing of au-
tonomous profilers that provide physical measurements of conductivity, temperature and
depth every 10 days from the surface down to 2000 m. The original objective of near-global
uniform coverage of physical measurements with 3000+ floats has been continuously met
since November 2003. Recognising the potential offered by such an autonomous platform,
effort has been spent on developing a host of biogeochemical sensors that can augment the
physical sensors on these floats. There are presently a few hundred such floats in operation
(see Figure 1), although coverage is far from uniform as they have been deployed with
various scientific goals in mind rather than with the aim of establishing a quasi-global
homogeneous operational dataset. The synergy between ocean colour and BGC-Argo floats
is well-recognised, and further improvement is identified as a priority [9].
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Figure 1. Number of active BGC-Argo floats providing profiles within each month.

This paper seeks to bring together estimates of POC from satellites, BGC-Argo floats
and shipborne observations to produce a consistent dataset spanning more than a decade.
This could then be exploited to understand the drivers of fluxes and allow an initial look at
interannual changes, whether in response to climate modes such as ENSO or long-term
climate change. To develop this dataset, we need to construct algorithms for POC from
satellite and Argo data that are unbiased with respect to the limited in situ observations,
and consistent with each other. In Section 2, we introduce the various sources of data, and
their coverage, with Section 3 providing the intercalibration between them, culminating
in POC algorithms for both satellite and Argo float data that are consistent with the in
situ measurements. Section 4 then discusses the slight regional biases that exist between
algorithms, with Section 5 providing a summary of the findings.

2. Data and Methods

There are three types of data that are used together in this study—those from ship,
satellites and BGC-Argo floats. The ship data on POC [10] are a collation of near-surface
observations from a multitude of oceanographic research cruises. The data coverage is
quasi-global and spans many decades, with the POC measured using a broadly consistent
protocol involving the filtration of near-surface water samples, drying and the removal of
the inorganic component using acid (see Section 2.1 of Evers-King et al. [6]). Kong et al. [10]
had an initial dataset of 5972 observations; after the removal of inland records and those for
which no synoptic satellite ocean colour data were available, there remained 3288 records
spanning 1997 to 2020, with a large proportion of the observations coming from the Atlantic
Meridional Transect programme (AMT, see Figure 2).

The first ocean colour sensor was the Coastal Zone Colour Scanner, launched in 1978,
but continuous global records of ocean colour began with the launch of SeaWiFS in 1997,
with several different sensors being launched over the ensuing decades, with generally
increasing performance in terms of spatial resolution, swath width, number of bands and
radiometric precision. The European Space Agency’s Ocean Colour Climate Change Initia-
tive (OC-CCI) programme has supported work to homogenise data from these different
instruments to create a self-consistent multi-decadal dataset of optical water measurements,
including remote sensing reflectances and various derived bio-optical products, including
Chl-a and particle backscattering coefficients and derived products. We used the latest
version of the OC-CCI data (v6.0), which, at the time of access, spanned September 1997
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to April 2023. The data used here were daily files with a 0.042° x 0.042° grid that use
all available ocean colour sensors to provide an average of the reflectances at multiple
wavebands (Figure 3), along with the derived products; see Sathyendranath et al. [11] for
more details.
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Figure 2. Locations of the near-surface in situ records of POC in the Kong et al. database [10].
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Figure 3. Illustration of the different wavelengths used in remote sensing by both ocean colour
satellites and BGC-Argo profiling floats. The Ocean Colour CCI project processes ocean colour
data from multiple sensors to retrieve the sea surface reflectance (Rys) at the various wavelengths
that past and present visible light sensors have used. From these are calculated the particulate
backscatter coefficient (bbp), and absorption coefficients for absorption by dissolved and detrital
(agg), phytoplankton (apn) and total (atot), at six key wavelengths (412, 443, 490, 510, 560 and
665 nm, indicated by the blue circles). Of these, those also marked in green are used to produce an
estimate of chlorophyll concentration (Chl-a). The diffuse attenuation coefficient at 490 nm, k4490,
is also calculated from Rys. In this work we also use the backscatter products at 560 and 665 nm to
extrapolate to the value at 700 nm. For sub-surface remote sensing from BGC-Argo floats, chlorophyll
is determined from in vivo fluorescence, using an excitation pulse at 470 nm, with the resultant
emission being recorded at 695 nm. BGC-Argo floats also usually record the optical backscatter at
700 nm, with a few profilers also measuring it at 532 nm (blue circles).

The BGC-Argo data were downloaded from the Coriolis data server (https://www.
coriolis.eu.org/Observing-the-Ocean/ARGO (accessed on 23 March 2023)). The data
fields used were BBP700 and CHLA_ADJUSTED, where the latter name indicates some
delayed mode processing to bring values more in line with contemporary shipborne
measurements. These are both optical measurements, but at different wavelengths from
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the satellite observations (Figure 3), and based on different properties, i.e., backscatter and
fluorescence, rather than radiances. In this investigation the quality flags for by, were
ignored, in order to obtain the greatest amount of data, with the data subsequently assessed
for anomalies and outliers disagreeing with other observations. The profile depths are not
evenly spaced throughout the water column; therefore, to ensure a good representation of
the vertical structure, profiles were only kept if there were at least 50 measurements with
the deepest being at least 150 m below the surface. (This enabled us to check that each
profile had near-zero values at depth, and that there were no strong biases in the sensors.)
A simple five-point median filter was then applied to remove outliers, since large values of
by, (700) may exist due to the occasional presence of aggregates of particles or zooplankton.
Finally, the data were linearly interpolated to a regular 1 m vertical grid. In many cases
there are no valid measurements in the top few metres, so a “surface” value was defined as
the average of the interpolated values at 5, 6 and 7 m. As many of the BGC-Argo floats have
no data in the top few metres, this definition of a “surface value” is a compromise aiming
to maximise the number of useful comparison points that coincide with the optical depth
observed by the satellites. Clearly the existence of sharp stratification could lead to some
discrepancy between the layers observed by satellite and profiler. [Notably, in this work
we only use these “surface” measurements from the BGC-Argo floats, but the selection
of profiles with records below 150 m helps ensure that the optical sensors are performing
as expected].

3. Results from Intercomparing Datasets

In this paper, we compare a number of different datasets and algorithms against
each other. Our analysis focuses on the ability to observe consistent features in different
datasets, i.e., whether they show the same spatial or temporal patterns, rather than on the
absolute magnitude of the estimated POC. Therefore, in most of the analyses we consider
log10(POC), so that the fractional changes at low POC values are considered as important
as at high POC values, and we also make a linear adjustment to these logarithms, so that
the best-fit line is y = x. This means that comparisons are made on the degree of correlation
(r?) and the root mean square difference (RMSD), without that being affected by the gross
underestimation or overestimation of a particular dataset or algorithm. In the end, we
bring all these adjustments or “tuning” together to result in algorithms that are unbiased
with respect to the in situ data.

Ideally, one would have a fully calibrated POC dataset based on BGC-Argo measure-
ments that were also compatible with shipborne and satellite-based estimates. As there
were only a few direct matchups of BGC-Argo profiles with ship data, our approach was to
first assess satellite records through comparison with near-surface in situ data and then
compare BGC-Argo data with satellite estimates.

The range of POC values encountered in the ocean spans more than two orders
of magnitude. In order to develop algorithms that would reveal spatial and temporal
variations at both low and high concentrations, we worked exclusively with logarithms of
the values from the ships, satellites and BGC-Argo floats, rather than using absolute values,
which would lead to algorithms that matched the high values particularly well. Fitted lines
are calculated using “Model 2” statistics, i.e. assuming that there are equal errors in both
sets of measurements, rather than taking one set as the “ground truth”.
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3.1. Assessment of Satellite Remote Sensing Algorithms

There are several published algorithms for inferring POC from Rys or derived products.
Here we considered those proposed by Loisel et al. [12] and Stramski et al. [13]:

Loisel: POC = (400/0.0096) by, (490) Ch1*#> (1)
Stramski I: POC = 203.2 (Rys(443) /Rys(555)) % @)
Stramski II: POC = 308.3 (Rys(490)/Rys(555)) 6% 3)

For comparison we used a matchup database compiled by Kong et al. [10] of ship-
based near-surface POC values, with the OC-CCI remote sensing radiance values updated
from v4.2 to v6. These were assessed by fitting lines to log-log plots, identifying and
removing outliers and fitting a line to the remaining data. The number of outliers was
broadly similar (see column 2 of Table 1), reflecting the fact that these were probably mainly
due to issues with the ground truth data (a few extreme values were in Chesapeake Bay, and
a number of others came from a single AMT cruise, for which procedures may have been
different). On the basis of the r? value and the fewest outliers, the Stramski II algorithm was
deemed the best. However, 555 nm is not one of the standard wavelengths in the OC-CCI
dataset, so we used the 560 nm channel and tuned the coefficients appropriately:

(modified): POC = 320 (Rys(490)/Rys(560)) 7 4)

Table 1. Fitting statistics for various satellite ocean colour algorithms assessed against shipborne
measurements of POC. There were 3288 matchups.

Algorithm No. of Outliers Slopes r? RMSD
Loisel 224 0.928 0.938 0.116
Stramski I 232 0.933 0.957 0.097
Stramski II 223 1.006 0.963 0.100
modified 224 1.000 ! 0.963 0.099

! Note that, as the modified Stramski was developed with these data, the slope is 1.0 by design.

This led to similar results to Stramski II (see Table 1), and is thus implemented for the
satellite data throughout the rest of the paper.

Figure 4 illustrates the benefits of working exclusively in log space, as the scatter about
the best-fit line appears roughly similar across the dynamic range, whereas in absolute
values, the typical size of the deviations from the line is greater at large values (Figure 4a),
i.e., it is heteroscedastic. Whilst the switch to logarithms does result in an increased r? value,
it also helps highlight some deficiencies in the data. First, the satellite-derived log;oPOC
values do not go below 1.34 (POC = 22 mg m~2), indicating that very low POC values are a
challenge for satellite-based algorithms. Therefore, de facto, we accept that concentrations

below 22 mg m~3

are undetectable using these satellite algorithms. Second, there is a
cluster of outliers lying below the main distribution. Some of these are in extremely coastal
waters, which tend to be regions of great spatial heterogeneity. Our assessment procedure,
involving identifying and discarding outliers more than three standard deviations from the
line, removes 224 such points (representing 6.8% of all the observations), and leads to the
reduction in RMSD from 0.150 to 0.099 and the increase in r* from 0.918 to 0.963 (which are

the values given in Table 1).
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Figure 4. Scatter plots of 3288 in situ POC values against estimates from the modified Stramski
algorithm, displaying in (a) absolute values and (b) logarithms. Some of the extreme in situ values
were recorded in Chesapeake Bay; another cluster of outliers (in the green thombus) are for satellite
estimates of log1oPOC more than 0.3 below the in situ values.

3.2. Matching Satellite and BGC-Argo Data to Assess Relative Performance

We explored two independent algorithms that seek to relate BGC-Argo optical signals
to the POC concentration. The first is based on by, alone, following the approaches
first proposed by Loisel et al. [14] and Cetini¢ et al. [15], and will hereafter be termed
“LC”. Loisel et al. [14] developed an algorithm that was linear in by, at 555 nm, and
Cetini¢ et al. [15] expanded the idea using a much larger dataset of by, observations at
700 nm, which is relevant for the BGC-Argo floats. They found negligible differences
between diatom and non-diatom communities, but noted differences between sampling
strategies, and between the mixed layer and below it. In a posterior analysis, Gali et al. [7]
found very similar POC vs. by, (700) linear slopes in surface waters of the Mediterranean
and subpolar North Atlantic, whereas smaller and larger slopes were found, respectively,
in the Southern Ocean and in subtropical gyres. In this work, we adopt the coefficient used
by Gali et al. [7] for the subpolar North Atlantic (see Equation (5)), and apply it for surface
estimations in all regions. (As our subsequent analysis involves rescaling estimates from
algorithms to match observations, the initial scale factor is unimportant; the key thing is
that the LC estimate is a monotonically increasing function of by, (700) alone.)

LC: POC = 41,550 by, (700) (5)

where this algorithm is only being applied to surface values of by,,. The second algorithm
investigated is that of Koestner et al. (2022) [8], hereafter “K22”, which is a function of both
by, and Chl-a, with the latter acting as a constraint on how large the POC value could be.
The K22 algorithm is given by

K22: POC = 89.423 by, (700)°'%! (Chl-a/by,,)” (6)

If POC < 33.4 POC — 1.636 POC — 21.2 (7)

where y = 0.7591 + 0.1934 logio(byp). The magnitudes produced by the LC and K22
algorithms differed by more than a factor of two. To explore the effect of the choice
between these two on the distribution of the outputs rather than just on the magnitude, the

https:/ /doi.org/10.3390/rs18050832


https://doi.org/10.3390/rs18050832

Remote Sens. 2026, 18, 832

8 of 24

logarithm of the output from the LC was rescaled to match the range of the logarithm of
the K22 estimates:

rescaled LC: log19(POC 1104 1.c) = 0.7781 log19o(POCrc) + 0.5472 (8)

which is equivalent to making the original algorithm proportional to by, ~ 0.7781. Figure 5
shows a comparison of this rescaled LC with the K22 algorithm for all the locations for
which BGC-Argo observations are available. POC estimates from the scaled LC increase
monotonically with by,,, whereas for the K22 algorithm low Chl-a values limit its estimates
of POC, such that for large bbp values an associated very low Chl-a value will reduce
the inferred POC estimate by as much as a factor of ten (one unit in the logarithm scale).
Although the LC algorithm has been rescaled so that its best-fit line with respect to the K22
estimates is the 1:1 line, there are strong differences at the extremes, with the rescaled LC
producing higher peak values, whilst the K22 algorithm returns much lower POC estimates
than the rescaled LC at very low by,, values. We proceed by using a rescaled LC algorithm
alongside the K22 one in order to investigate how the additional information from the Chl-a
values affects the geographical patterns and the comparisons with in situ and satellite data.

sl X X ]
X j%« SHIEX X
%
XX
Chl-a (mg.m®) %
25F X 0.8-10 % X X .
X 04-0.8

0.2-04

0.1-0.2
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0.02 - 0.05
X 0-0.02

log10(POC mg.m™) rescaled LC

1 1.5 2 2.5

log10(POC mg.m3) K22

Figure 5. Scatter plot of surface POC estimates from K22 and the rescaled LC algorithms), segregated

according to chlorophyll concentration (Chl-a), ranging from dark blue for the lowest Chl-a to pink
for the highest values. The black line shows the 1:1 relationship, which is the simple “Model 2” linear
fit to all the data (because that was the intention of the rescaling in Equation (8)).

Next, we compare the output of both algorithms with values derived from the satellite
data. For this, we match the BGC-Argo surface observations with ocean colour data from
the OC-CCI project, and apply the modified Stramski algorithm (Equation (4)) to them. To
enable a large number of matched points for validation and analysis, the proximity criteria
were relaxed from the exact pixel and same day to a median of observations within -2 days
and +£1 pixel. Appendix A shows that this greatly increased the number of matchups for
comparison, whilst only adding a little uncertainty to the satellite values.

Figure 6 shows the correspondence of POC estimates from satellites with those
from the rescaled LC and K22 algorithms applied to BGC-Argo surface data. There are
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36,886 matchups with valid estimates from the Stramski, LC and K22 algorithms. In this
analysis, the two BGC-Argo-based algorithms are linearly adjusted in log space so that
the best-fit lines with respect to the satellite estimates are the y = x lines. This does not
imply that the satellite estimates are “more correct” but simply allows us to focus on the
regional and temporal variations without being distracted by differences in scaling. The
scatter plots in Figure 6a,c depict one sixth of the points, whilst the population density plots
(Figure 6b,d) use all the points and show how they are concentrated close to the 1:1 line.
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Figure 6. Comparison of the two by,,-based algorithms with matched satellite data. (a) Scatter plot
and (b) population density plot showing correlation of LC with modified Stramski applied to satellite
data. The crosses only show one sixth of all the points, with the red ones indicating those that lie
more than three S.D. from the best-fit line and the blue crosses being the “good” matchups. The first
value for r2 and RMSD are for the good data, with those in parentheses being the initial results when
all data were used. Algorithms have been adjusted so that best-fit line is the 1:1 line. (c,d) are the
corresponding plots for the K22 algorithm. (e) The mean bias (BGC-Argo estimates from the LC and
K22 algorithms minus satellite estimate from the modified Stramski algorithm) calculated for each
3-month period.

The points in red (in the left-hand panels of Figure 6) indicate those more than three
standard deviations (S.D.) away from the mean line, and are classified as outliers. A
number of these outliers are noted for low satellite values (~1.5 in logjy units) but with
log19BGC-Argo values above two. Roughly half of those corresponded to just two Argo
floats in the middle of the tropical Atlantic, and could potentially be due to water ingress
affecting a long series of profiles. (An instrument malfunction is deemed more likely than
episodic atmospheric deposition as the anomalous readings persisted over many months.
In future work the quality flags on the BGC-Argo data will be heeded to help address
whether anomalous values can be definitely attributed to problems with the optical sensor.)
For the LC algorithm there are also some additional outliers for log;oPOC estimates around
3.2; these are not present for the K22 algorithm, and are likely to be in low Chl-a waters,
where that acts as a constraint on K22’s estimates (see Figure 5). The automatic outlier
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detection flags ~1.9% of points in Figure 6a, and ignoring them reduces the root mean
square difference (RMSD) from 0.250 to 0.164, with an increase in r? to 0.80. Only 1.3% of
points are flagged in Figure 6¢ for the K22 algorithm, with the RMSD being reduced from
0.162 to 0.141 and r? improved to 0.85.

We now consider whether any particular locations or periods were associated with
biases between these algorithms. Figure 6e shows a time series of the mean anomaly (BGC-
Argo estimate minus satellite value) for each 3-month period. Although there may seem to
be a slight trend, this is not significant given that the spatial sampling is far from uniform
and varies with time according to various deployment campaigns. Figure 7 explores the
bias between BGC-Argo algorithms and satellite estimates in a spatiotemporal context.
Broadly, there is a latitudinal variation in the bias, with both the BGC-Argo algorithms
yielding lower values than the modified Stramski (satellite) algorithm in the northern
high latitudes and reading higher in the Southern Ocean (south of 30°S). Notably, the
implementation of LC by Gali et al. [7] used lower coefficients for the Southern Ocean.

K22
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Figure 7. Seasonal variation in the bias (the mean of BGC-Argo minus satellite) according to the
two by, algorithms. The lower plots show the latitudinal average, clearly depicting the consistent
pattern of underestimation in high northern latitudes and overestimation in the Southern Ocean.
(a) Mapped bias of LC algorithm for January-March, (c) for April-June, (e) for July-September, (g) for
October-December. Panel (i) brings together the latitudinal variations for these 4 seasons. Panels
(b,d,fh,j) show the corresponding plots for the K22 algorithm.

For the latter region the effect is most pronounced in January-March and then October-
December, i.e., over the austral summer season. In a similar vein, the boreal summer
in the subarctic Atlantic has a higher bias (less negative) than the other half of the year.
This could be due to low viewing angles affecting the satellite ocean colour values in
winter or a property of the summer phytoplankton community structure in haline-stratified
waters. Gali et al. [16] has suggested that deep convection processes in the high-latitude
oceans may deplete POC reserves to levels too low for accurate retrieval from satellite
data. As the standard satellite retrieval does not go below log;oPOC = 1.35 (see Figure 4b),

https:/ /doi.org/10.3390/rs18050832


https://doi.org/10.3390/rs18050832

Remote Sens. 2026, 18, 832

11 of 24

this could induce a negative bias (BGC-Argo estimate minus satellite) for wintertime.
However further work is required to fully understand the seasonal variation in bias at
these high latitudes. Satellite records of coccolithophore blooms [17] were examined to see
whether they were affecting the satellite estimates in summer, but no connection was found.
These latitudinal variations prompted the re-examination of the data used as input for
the algorithms, specifically a known overestimation of Chl-a concentration by BGC-Argo
floats [2]. In Appendix B we examine both the by,(700) and Chl-a estimates, contrasting
them with the matched satellite data, with the satellite by, at 700 nm being determined
from an extrapolation of the values at 560 and 665 nm wavelengths.

3.3. Correction for Regional Chlorophyll Overestimation

A pointwise comparison of POC estimates from the LC algorithm against the satellite
records (Figure 8a) yields an r2 value of 0.824 after the outliers are removed. However,
there are clearly a number of high values for LC (log;oPOC > 2.4) that do not match well
with the satellite estimates. A higher 2 value is obtained for the K22 algorithm, as its use
of Chl-a values has significantly reduced those high estimates. In Appendix B we note
that the BGC-Argo logio(byp) values are lower than the corresponding satellite estimates
by about 0.2, except for at very low values, with the bias varying little with Chl-a or the
region. On the other hand, the difference between the BGC-Argo and satellite estimates of
Chl-a does appear to be a function of Chl-a, bbp and the region. Figure 8c,d show the effect
of adjusting for these apparent biases and then reapplying the LC and K22 algorithms.
For the LC algorithm, the applied change in by, just reduces the range of the estimates,
without improving r?. Whilst the by, change also reduces the range of outputs for the K22
algorithm, the changes in the input Chl-a values, especially with region, reduce the scatter

and thus improve r?.
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Figure 8. Comparison of POC from various satellite and BGC-Argo algorithms, with only every tenth
point plotted for clarity. The left-hand panels use the LC algorithm and the right-hand one uses K22.
The fitted straight lines were calculated using Model 2 statistics, i.e., considering error equally in y-
and x-terms, with the red lines using all the data, and the blue lines being the fits once the outliers,
depicted by red crosses (typically 2%), were excluded. (a,b) compare the two BGC-Argo algorithms
with satellite estimates using the modified Stramski algorithm (Equation (4)). The RMSD values
in (a) are 0.134 and 0.122. (c,d) show the results when the Argo algorithms are applied to adjusted
values of bbp and Chl-a (see Appendix B). (e,f) compare BGC algorithms with the same algorithms
applied to satellite estimates of by, and Chl-a. (g/h) show the variation due solely to the algorithms
by comparing BGC algorithms applied to satellite data with the modified Stramski applied to satellite
data. In all cases the dashed green line represents y = x.

The third row of Figure 8 contrasts the results for the same BGC-Argo algorithm
applied to the satellite and float data, thereby showing the effect of discrepancies in the
estimates of by, and Chl-a. This shows that if consistent algorithms are applied to satellite
and float data that have been homogenised, the difference in the derived POC values will
be less than 0.06,, i.e., corresponding to absolute values of less than 15%. The last row
shows the analysis when different estimates are made from the satellite data i.e., applying
the LC or K22 algorithm to satellite estimates of by, and Chl-a and comparing the standard
satellite algorithm (Equation (4)) that is based on different wavelengths to that used for the
by, and Chl-a estimates (see Figure 3). This shows that there is significant scatter between
these synoptic estimates due to the assumptions behind each of these POC algorithms.

Figure 9 shows how the algorithm comparisons in Figure 8 vary with latitude. By
comparing the green lines with the blue ones, we note that the strong bias noted in the
Southern Ocean is greatly reduced once the BGC-Argo by, and Chl-a values have been
adjusted to match satellite-derived values. The yellow lines indicate that the Argo-based
and satellite-based algorithms produce very consistent estimates when both are applied
to the OC-CCI radiances, with minimal latitudinal variation. Interestingly the red lines
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in Figure 9a do show a slight regional bias between these algorithms both applied to
satellite data.
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Figure 9. Portrayal of the various POC comparisons in each of the panels in Figure 8 as a function
of latitude. Anomalies in log;oPOC are calculated as the satellite-derived measure (y) minus the
Argo-derived estimate (x), using Model 1 statistics (i.e., using fits partitioning all the error in the
y-component, with (a) showing the mean bias in each 20° latitudinal band, and (b) showing the
root mean square difference (RMSD). All the dashed curves represent comparisons using the LC
algorithm, and the solid ones represent the K22 algorithm. [Note that the biases for the LC and K22
algorithms are very similar in all comparisons, indicating that differences between the BGC-Argo
and satellite retrievals of Chl-a and bbp(700) dominate uncertainty in POC estimates.].

Finally, we complete the set of intercomparisons by contrasting these BGC-Argo-based
algorithms with the in situ observations of POC. Note again that, as close matchups of
BGC-Argo with in situ measurements of POC are rare, this comparison is performed using
the LC and the K22 algorithms applied to the satellite observations of by, (700) and Chl-a at
the locations of the in situ observations. Other satellite-based algorithms are also assessed in
an identical manner to provide contrast. Figure 10 shows six comparisons of satellite-based
estimates with the in situ dataset. In this case there are 3281 points spanning a full range of
latitudes, chlorophyll and POC concentrations. Each comparison identified a number of
outliers that lay significantly far from the main envelope; 82 of these points were common
to three or more of the algorithms, and are plotted in grey but not used in the calculation of
the summary statistics. The majority of these outliers correspond to relatively high in situ
values, and may indicate errors in the “ground truth” or in the satellite data, or they may
represent some oceanic conditions with high spatial heterogeneity.

All the satellite algorithms have been linearly adjusted so that the best-fit line (as-
cribing errors equally to in situ and satellite estimates) is the y = x line shown in red.
Therefore, the useful measures are the 12 value, the RMSD, and whether the differences
between those two estimates are spread uniformly or whether they are more pronounced in
certain conditions. The first panel (Figure 10a) shows the results for the modified Stramski
algorithm, based on satellite radiances, and provides the best r> and RMSD values of all
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six algorithms shown. The LC algorithm (Figure 10b) shows the least good comparison of
the six, but, even then, the metrics are good (r? = 0.890; RMSD = 0.17). The envelope of
points has a slight curve to it; correcting this using an empirical quadratic adjustment (see
Table 2) leads to a slight improvement (Figure 10c).
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Figure 10. (a—f) Comparison of six satellite-based algorithms with matched in situ data. All algorithms
have been adjusted so that the best-fitted straight line corresponds to y = x (shown by the red lines).
There are 3281 matchup points with valid satellite data, of which 82 (shown by grey symbols) were
flagged as outliers in at least three comparisons, and are thus ignored in the fitting statistics. The bias
(satellite-derived estimate minus in situ observation) and RMSD were then assessed as a function of
(g /h) latitude, (i,j) the in situ value for Chl-a, and (k,1) the in situ POC value. [The “Sat” algorithm
in panel (a) refers to the modified Stramski of Equation (4), whereas the rest are evaluations using
BGC-Argo measurements. In this plot all POC and Chl-a values are displayed as logyg of the estimate
in mg m~3].

Table 2. Rescaled versions of previously published algorithms that best match our in situ dataset.
[All algorithms are expressed in terms of logarithms].

Stramski P = —1.5664 R +2.4949
LC (linear adjustment) P =1.3083 B + 5.7582 (=1.3083 G + 0.2843)
LC (quadratic adjustment) P = —0.4216 B> — 1.0976 B + 2.3738
K22 P =1.5885 K — 1.0581
Chlorophyll (linear adjustment) P =0.6203 C +2.355
Chlorophyll (quadratic adjustment) P =0.1863 C2 + 0.8540 C +2.2396

P is log19(POC estimate); R is logio(Rs(490)/Rrs(560)); G is logo(POC estimate derived using coefficients of
Gali et al., [7]); K is log19(POC estimate from K22); C is log1o(Chl-a/mg m~3); and B is log1g (bpp(700)/mg m73),
with both Chl-a and by, (700) being values calculated from the OC-CCI dataset, with the extrapolation for by, (700)
beilng B(= 10)%10(bbp(665)) +X [log1o(byp (665)) — 10g10(bpp(560))], where X = [log10(700) — log10(560)]/ [log10(665)
— 10810 560)].

However, the K22 algorithm (Figure 10d), incorporating the use of both by, and Chl-a
estimates, produces better results, close to those of the modified Stramski. POC, like many
measures of biological presence or activity, tends to have a strong connection with carbon
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or chlorophyll biomass in phytoplankton. A logical extension is to assess how well POC
can be determined from just satellite estimates of Chl-a. A simple linear relation between
log1oPOC and log;oChl-a shows a slightly curved envelope (Figure 10e), which can be
improved further using a quadratic adjustment (Figure 10f, see Table 2). This latter result is
almost on par with the Stramski algorithm (Figure 10a).

The lower panels show how the anomalies (satellite-derived estimate minus in situ
value) are partitioned as functions of latitude, Chl-a and the in situ POC value. One of
the most striking results is that all the satellite algorithms (whether based on by, Chl-a
or ratio of reflectances) overestimate the in situ by 0.12 to 0.22 in the southernmost band
(corresponding to overestimation by 32-66% in absolute units). As all these estimates are
based on satellite-derived measures, this finding is independent of Argo floats with high
Chl-a estimates in this region. There is much greater scatter at high Chl-a (log;oChl > 0) and
high POC, which may indicate greater spatial and temporal variability in the in situ POC
field. Across these three partitions, the Stramski algorithm and the quadratically adjusted
chlorophyll-based algorithm show the lowest range of biases and scatter. Therefore, to
produce consistent surface POC estimates from BGC-Argo observations we recommend
a regional adjustment of the Chl-a values to match the CCI record and then a quadratic
adjustment will allow a strong relationship between log;oChl and log;oPOC.

This paper has used linear rescaling (in logarithm space) multiple times in order to
force algorithms to be unbiased with respect to each other and thus to allow a clearer inves-
tigation of the spatial and temporal differences between POC estimates. Considering the in
situ dataset to be an unbiased record of the true values, the adjusted algorithms shown in
Figure 10 are detailed in Table 2. Our linear result for by, alone returns slightly higher val-
ues than the implementation of LC by Gali et al. [7], and is also greater than the coefficients
noted by Johnson et al. [18] in a focused study of Southern Ocean data only. The linear
formulation in log;oChl-a is close to that noted by Legendre and Michard [19] and Stramski
et al. [20]; our much larger in situ database allowed us to generate a robust quadratic adjust-
ment that brought performance up to the standard of the best satellite-based algorithms.

4. Discussion

In this work we have determined POC algorithms for both satellite ocean colour
(CCI) and BGC-Argo data that produce consistent results between the two platforms
and correspond well with the limited in situ matchups. In identifying a consistent set
of algorithms, a key issue is the definition of error that is used. Here, we have used
fractional or relative errors on the grounds that a given percentage error at low or high
POC concentrations is equally important. Therefore, practically all analyses were carried
out in log space. This is particularly useful for looking at patterns of POC and associated
temporal changes; if the chief concern is the POC budget for large basins then it may be
more appropriate to work with absolute errors and achieve the best match possible for the
largest concentrations.

Stramski et al. [20] have further developed satellite algorithms for estimating POC
using the polynomials of logarithmic terms, including a hybrid version designed to work
better in waters with very low POC (<25 mg m~3). However, we did not evaluate those, as
they involved separate tuning for each individual ocean colour sensor, rather than using
the homogenous output from the ocean colour CCII programme.

A clear pattern throughout all the analyses was that the biological communities
and their optical properties seemed to be different south of 45°S [21-23]. The initial
discrepancies noted for POC appear to be related to the overestimation of Chl-a by the
fluorescence sensors on BGC-Argo floats. Roesler et al. [2] had shown regional variations
in the sensors’ overestimation, with the factor being largest for parts of the Southern Ocean.
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Our comparison with OC-CCI chlorophyll estimates confirmed this observation, and we
established and used the bias to adjust the BGC-Argo values to match more consistently the
satellite-derived values. Our comparison was simple, in that we just defined three separate
regions for assessment, but as the region south of 45°S only had 4718 matchups with valid
OC-CC(I data, any separation into smaller regions could have been problematic. Indeed, it
may be more appropriate to compartmentalise the algorithm for different biogeochemical
provinces, for different seasons, or for different optical water types. However, that would
still leave some classes with very few data for validation, especially in shallow coastal
zones, given that standard BGC-Argo floats use a parking depth of 1000 m.

We assessed two algorithms for inferring POC from BGC-Argo float measurements.
We note that Gali et al. [7] implemented the LC algorithm using different coefficients for the
surface mixed layer in different regions; we had to use one set universally in order to have
an algorithm that could be applied globally. Their implementation would have returned
larger values in the subtropical gyres and lower ones in the Southern Ocean than those
given by our “universal” algorithm. The LC algorithm only uses by,,(700) as input, and can
occasionally results in unrealistically large values in regions with low Chl-a (see Figure 5).
The approach, advocated by Koestner et al. [8], incorporates Chl-a, which, in effect, limits
the estimate of POC in low chlorophyll waters. This modifies many of the outlier values,
but slightly increases sensitivity to the different nature of waters south of 45°S.

There is significant disparity between the estimates from the chosen satellite POC
algorithm based on the work by Stramski et al. [13] and applying the BGC-Argo-based
algorithms to the satellite data (Figure 8gh). From a practical perspective, it would make
sense when aiming to create a consistent multi-sensor dataset to apply the same algorithm
to both types of data. The Stramski algorithm cannot be applied to data from BGC-Argo
floats, as these only provide measurements of Chl-a and by (700). Figure 8e,f show that
the best agreement between satellite and Argo estimates of POC occur when identical
algorithms are used on both sources.

The analysis in Figure 10 shows that a POC algorithm based solely on the estimates
of Chl-a exhibits a performance almost equivalent to that of a dedicated satellite multi-
wavelength algorithm developed by Stramski et al. [13]. For the data we used, we could
identify no conditions for which the performance of the Chl-a POC algorithm was markedly
worse than the Stramski algorithm. Admittedly, the comparison excluded coastal waters,
which may encompass conditions where there are other inputs to the POC pool. However,
BGC-Argo floats are not generally designed to operate in such shallow waters. Therefore, a
simple algorithm based solely on Chl-a may be sulfficient for producing POC estimates that
are consistent between satellite and BGC-Argo observation.

5. Summary and Conclusions

In this paper we have considered various observables associated with Particulate
Organic Carbon (POC) in the ocean from three platforms (satellites, BGC-Argo floats
and ships), in order to assess how this key component of the ocean’s biological car-
bon pool might best be monitored. The OC-CCI project has homogenised the data from
over 25 years of continuous satellite observations from multiple sensors to produce self-
consistent datasets of sea surface reflectances, optical backscatter, and associated derived
variables. More recently the fleet of Argo floats has been enhanced with both backscatter
and fluorescence sensors, although the coverage is, at present, far from uniform. These
two datasets can augment the limited number of direct observations of POC by research
vessels. Our work has focused on achieving the best agreement of these three sources
for surface waters. There are a number of well-established algorithms for the estimation
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of POC from satellite data but only two, to our knowledge [7,8] have been used with
BGC-Argo measurements in a near-global context.

As there are few BGC-Argo profiles synoptic with ship-based in situ measurements,
our approach has been to achieve a consistency between BGC-Argo and satellite estimates
(see Figure 11), and then to use the greater number of ship—satellite matchups to assess
different remote sensing approaches. The initial attempts to compare satellite and BGC-
Argo POC estimates showed a clear regional bias, with the values from the floats being
higher than satellite ones for the region south of 45°S. This could partly be attributed to the
overestimation of Chl-a by BGC-Argo floats in these regions [2]. A regional adjustment of
the floats” Chl-a and by, measurements then led to better consistency between satellite and
Argo POC estimates ( Figures 8c,d and 9). Very recently, the OneArgo project has developed
a look-up table [24] for the correction of Chl-a values for their different physiological
situations, so future releases of Chl-a data from floats will have a slightly different regional
variation, and the empirical tuning that we used may no longer be needed.

Ocean colour

In situ satellite BGCIArgO
bpp | (700)
HP|LC .
Res () Ch' (fluor)
bbp (A) | ormmmmmmmmmmmmmmmmneenene
% '-..-.--.._...bbp*
Chle.ca o
POC,

Figure 11. Summary of the various POC products compared. The in situ measure, POCi, comes
from HPLC or other in vivo measurements. The OC-CCI project has homogenised the data from a
number of ocean colour satellites to produce consistent records of remote sensing reflectance (Rys),
particulate backscatter (by,) and Chl-a (from the ratio of Rys values). We evaluated three published
satellite POC algorithms, and found that a modification of Stramski’s second algorithm (to now use
560 nm) produced the best results; this is designated as POCg,t. An empirical algorithm, POCcy,,
based on the satellite records of Chl-a, was also developed. Two POC algorithms based on BGC-Argo
data were also evaluated: POCy ¢ represents an estimate based solely on the floats’ bbp(700) data, and
applying a universal set of coefficients from Gali et al. [7], whilst POCk», represents the algorithm
of Koestner et al. [8] that utilises both by,,(700) and Chl-a from the BGC-Argo floats. A further pair
of products, POCy ¢+ and POCkyy+, were developed to account for the overestimation of POC in the
Southern Ocean; these involved an empirical adjustment of the by,,(700) and Chl-a records of the Argo
floats (indicated by asterisks) and then the application of the LC and K22 algorithms respectively.
The BGC-Argo based algorithms were assessed against POCg,; for the ~36,000 matchups of floats
with satellite data, and then rescaled versions of those algorithms were applied to satellite-derived
estimates of by,;,(700) and Chl-a for comparison to the 3199 satellite matchups with in situ data.

Different algorithms applied to the same sets of satellite data led to RMSD values of
~0.10 (Figure 8g,h, corresponding to 27% in absolute units) whereas the same algorithm
applied to the different sensors (satellite versus BGC-Argo) yielded an RMSD of only ~0.06
(Figure 8e,f, 15% in absolute units). However, all the algorithms evaluated showed a bias
of ~0.12 to 0.22 in the southernmost region (Figure 10g), corresponding to overestimates
of 32-66%.
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There is a strong association between the recorded in situ POC values and all the
bio-optical estimates, whether they are based on a ratio of sea surface reflectances, a bbp
estimate, a Chl-a estimate or a combination of the latter two. The modified Stramski
algorithm (based on the ratio of reflectances at 560 nm and 490 nm) has the best correlation
with the in situ POC values (RMSD = 0.120 in logarithmic units, corresponding to agreement
to within 32% in absolute units), but a very similar level of performance is found for an
algorithm based solely on the Chl-a estimate, which allows easy portability between satellite
and BGC-Argo data. That algorithm results in an RMSD of 0.123 (equivalent to 33% in
absolute units), with minimal variation with latitude or Chl-a value.

A POC dataset based solely on satellite data will tend to overestimate the amount of
POC in very oligotrophic waters, because the standard algorithms cannot produce reliable
estimates below logoPOC = 1.35 (see Figure 4b). This would lead to an overestimate of
the total POC in such areas. It is anticipated that a dataset that carefully melds data from
satellites, ships and BGC-Argo floats could overcome this bias.

In the analyses covered in this paper, the various comparisons contained a small
number of “outliers”, which could be due to errors in the in situ data or in the satellite/ BGC-
Argo data (or simply a result of strong spatial inhomogeneity). To fully implement these
POC algorithms for satellite or BGC-Argo data, further work is needed to assess the
data quality from these sources, so their estimates can be trusted in the absence of in
situ verification. Furthermore, to utilise the full potential of the BGC-Argo data, these
algorithms need to be validated at depth. Both Gali et al. [7] and Koestner et al. [8] proposed
algorithms to recover vertical profiles of POC, but the in situ data to provide independent
validation appear very limited in their extent.
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Appendix A. Application of Smoothing to Increase Satellite Matchups

To achieve a good statistical evaluation of a comparison between two different sensors,
it is crucial to have a large number of matchups and that they cover the wide range
of conditions that are encountered. This includes not just high and low values for the
variable of interest, but (in our case), a span of latitudes, biogeochemical provinces, seasons,
temperatures and cloud conditions. Also, as physical features, such as eddies, can affect
thermal stability, stratification and phytoplankton community structure [28,29], matchups
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should encompass cyclonic eddies, anticyclonic eddies and the regions between eddies.
Our database contains 89,110 BGC-Argo profiles; of these, 22,487 had an exact match (same
day and 4 km x 4 km pixel) with Chl-a or by, (700) from the Ocean Colour CCI v6.0. To
increase this number, we considered all CCI values within £2 days and +1 pixel, and
calculated the median of these 45 values (to mitigate the effect of outliers); this resulted in
51,500 (51,495) matchups for Chl-a (bpp).

logqo(Chl-a) 10g10(bsp)
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Figure A1l. Comparison of CCI exact match data and median filtered values at the locations of
BGC-Argo measurements. Scatter plots of (a) chlorophyll concentration and (b) bbp (700), with only a
subset of points being drawn. The red lines indicate -2 std. dev. about the mean. (c¢,d) Histograms of
the differences between the two measures. (Note that because this comparison was performed for
matchup locations with BGC-Argo floats, it does not encompass many shallow sea observations and
is thus not representative of coastal upwelling regimes).

A comparison of the exact matchups with the calculated median representatives is
shown in Figure Al. In many cases the median is identical to the exact match; in a few
cases there is a wide disparity, which most likely indicates that the exact match had an
anomalous record. The high correlation coefficients show that the use of this spatiotemporal
median, which has more than doubled the number of matchups, does not appreciably
add to the error budget. For both variables, the scatter in the plot (std. dev. shown by
red lines) is generally ~75% greater for the largest values than for the lowest, indicating
greater heterogeneity in conditions of high values of Chl-a and by,,. (There is also increased
variability in the lowest bin for Chl-a, which is likely due to the sensitivity of the inversion
algorithm to measurement noise or atmospheric correction.)

Appendix B. Comparison of Satellite and In Situ Chlorophyll and
Backscatter Estimates

In comparing POC estimates from satellite and BGC-Argo, it became apparent that a
part of the difference originated in their different estimates of intermediate products, i.e.,
by, (700) and Chl-a. The backscatter value at 700 nm is not a standard Ocean Colour CCI
product; however, the estimates for the longer wavelengths correspond to a linear drop off

https://doi.org/10.3390/1s18050832


https://doi.org/10.3390/rs18050832

Remote Sens. 2026, 18, 832

20 of 24

in logarithmic space, and so the values at 560 and 665 nm may be extrapolated to 700 nm in
a consistent manner (see Figure 3). This follows the methodology used in the creation of
the Ocean Colour CCI product that applies an exponential tail to define backscatter values
at the selected frequencies (see Equation (6) of [30]).

We contrast the by, and Chl-a estimates from BGC-Argo with the values from the CCI
dataset, with a focus on what adjustments are required to make the two datasets consistent.
First, the scatter plots of both the by, and Chl-a data are used together to iteratively remove
all the outliers. This reduced the initial matchup dataset from 37,870 members to 36,320.
Some of these, with high BGC-Argo values and low satellite records, are presumed to be
due to ingress of water into the floats” sensors when at depth, and often have full profiles
that are awry. For many floats, all successive profiles after a certain date will be unusable.
In our analysis, we had not implemented the quality flags in the Argo products; had
we done so, it is likely that many of these would have been discarded. Further outliers
may be due to unrecognised clouds or sea ice affecting the satellite-measured sea surface
reflectances and causing errors in the CCI values. Our simple data editing procedure to
iteratively remove points more than three S.D. from the mean relationship only removes
4% of data pairs and deals with both sensor problems and poor matchups of satellite and
BGC-Argo observations.

-1.51(a)

&~
-2 E
—~ o
) E
9 st G
T <
%) O
) :
-3 ——
y ©
g | %)
- =)
-3.5 (o))
LQ

-4
-5 -45 -4 -85 -3 -25 -2 -15 - -25 -2 -15 -1 -05 0 0.5 1

log10(BGC-Argo by,) log0(BGC-Argo Chl-a/mg m™)

Figure A2. Matchups of all BGC-Argo and CCI estimates of (a) bbp and (b) Chl-a, with black dashed
lines indicating y = x. Initial data selection discarded in situ measurements of log(by,,) less than
—5 and logg(Chl-a) less than —2.3. [Note that satellite retrievals of log;o(Chl-a) are not credible
below —2, and indeed in situ analytical techniques are not reliable below 0.01 mg m~3, so there is
no supporting validation for values that low.] An iterative technique is used to remove the extreme
outliers (shown in purple) from each plot in turn leaving the good matchups in blue.

As Roesler et al. [2] had identified regional biases in the BGC-Argo estimates of Chl-a
(with the Southern Ocean being particularly anomalous), we segregated our data into three
broad regions (90-45°S, 45°5-45°N and 45-90°N). A direct comparison of the by, values
(Figure A3a,b) shows an almost linear relationship (in log space), with little difference
between the three regions. The satellite algorithm does not produce values below —3.7,
whereas the Argo sensors do produce a small number of lower values; consequently, the
relationship between the two appears to level out at low values. Figure A3c shows that the
bias between the satellite and BGC-Argo estimates of by, has little dependency on Chl-a.
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Figure A3. Comparison of BGC-Argo and satellite (Ocean Colour CCI) estimates of bbp(700) and
Chl-a. (a) Scatter plot of by, values, coloured by region, with dashed line showing a simple addition
of —0.04. (b) Curves showing the mean satellite values for the three regions, binned in steps of
0.1, and the dotted lines show a slope of one, with offsets of +0.2. (There are ten times as many
observations in the middle region as either of the high-latitude ones; hence, its curve can be reliably
calculated over a greater range of x-values.) (c) The mean bias of satellite minus Argo as a function
of both bbp and Chl-a (using all data together). (d—f) Corresponding plots for Chl-a, with dashed
line in (d) showing an offset of 0.17 and the dotted lines in (e) having offsets of +0.2. Note that the
discrepancy in the Chl-a estimates does vary appreciably with by,,.

The picture is rather different for Chl-a, with a marked deviation from a straight
line and clear differences between the regions (Figure A3d,e). The fluorometers on the
BGC-Argo floats can yield very weak values for fluorescence, which are used to infer very
low chlorophyll concentrations. (Indeed, after the necessary step of removing the noise
floor of the fluorescence values, some returned estimates are negative, which is clearly
meaningless.) In situ analysis using HPLC rarely delivers estimates below 0.01 mg m~3,
and the unrealistically low BGC-Argo values are associated with a wide range of satellite
CClI estimates, averaging to log1o(Chl-a) values a little below —1.

At logio(Chl-a) values greater than zero, the slope of the relationship between BGC-
Argo’s fluorometric estimates and CCI’s radiometric estimates is close to one. The satellite
values are then typically lower by 0.2 in logarithmic units, but for the region south of 45°S
(shown by the red lines), the satellite values are a further 0.2 units lower, or equivalently the
BGC-Argo values for this southern sector are 0.2 units higher than for the rest of the globe,
corresponding to a multiplicative factor of 1.6 in absolute units. Even greater disparities are
noted for records in the southern region within the realm —0.7 < logjoChl-a < 0. Figure 2
of Roesler et al. [2] showed fluorescence-derived values in the Atlantic, Pacific and Indian
sectors of the Southern Ocean to be ~2.5 times greater than for the other sectors, but with a
wide range of values.

To create a homogeneous series of by, and Chl-a values spanning BGC-Argo and
satellite observations, the measurements from one sensor need to be adjusted to match
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those from the other. Here, we have chosen to adjust the Argo observations to match
the satellite ones. At the most basic level, this can be achieved by a simple offset to be
added to all values. For the log values of by, and Chl-a these biases are —0.04 and 0.17
respectively when evaluated on a global basis; after this, adjustment the RMSD values
are 0.137 and 0.373 (see Tables A1l and A2). Figure A3e shows that for Chl-a, there are
different offsets for our three specified regions. (Note that 74% of the matchups occur in
the region spanning 45°5-45°N, so the accuracy of its adjustment will always dominate the
three-region comparison.)

Table Al. Root mean square discrepancies between BGC-Argo observations and satellite-inferred
values of logyo(byp) for locations of matchups, upon application of various empirical adjustments.

by, Error Simple Offset Line-Fitted f(byp_Argo) f(by,p,Chl_Argo)

Global 0.137 0.103 0.091 0.088
90-45°S 0.100 0.094 0.092 0.088
45°5-45°N 0.135 0.096 0.084 0.081
45-90°N 0.136 0.122 0.116 0.109

3 regions 0.132 0.099 0.088 0.085
Area weighted 0.130 0.098 0.088 0.084

There are 4718 matchups in the southern region, 26,988 in the central region and 4524
in the northern one. “Simple offset” corresponds to the bias indicated by the dashed line in
Figure A3a; the next column is for a linear adjustment, the subsequent one is for binned
representation in Figure A3b, and the last column represents correction by the function of
both by, and Chl-a shown in Figure A3c. The results in the ‘global” row are for a single
adjustment applied to all the data, with the subsequent three rows giving the error in three
broad latitudinal bands when separate adjustments are defined. The penultimate row
shows the overall global error if the three regions are separately adjusted, with the last row
showing the effective error if the results for the three regions are weighted according to the
area within them that is at least 1000 m deep (the typical parking depth of Argo floats).

Table A2. Same as Table A1 but for logyo(Chl-a).

Chl-a Error Simple Offset Line-Fitted f(Chl_Argo) f(bbp,Chl_Argo)

Global 0.373 0.233 0.230 0.187
90-45°S 0.290 0.199 0.167 0.151
45°5-45°N 0.339 0.215 0.211 0.166
45-90°N 0.363 0.222 0.211 0.159

3 regions 0.337 0.215 0.207 0.164
Area weighted 0.332 0.213 0.204 0.163

Improved consistency can be achieved with more complex adjustments. Using a linear
fit (as opposed to a simple offset) reduces the RMSD by about 25% for both by, and Chl-a.
Incorporating more detailed adjustments of BGC-Argo values that are functions of both
by, and Chl-a (see Figure A3c,f) only makes a small further improvement to by, (as that
correction was nearly linear), but has a greater impact on the Chl-a values.
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