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Biological Carbon Pump
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What is it?
• Transfers organic C from the surface to the abyss
• Surface + Sub-surface components

Major planetary flux of C 
• 5 – 12 PgC/yr
• Keeps atm CO2 ~200 ppm lower
• Sustains deep-water ecosystems (fisheries)

Uncertainties
• Current magnitude vs. net oceanic C uptake?
• Driving processes?
• Steady state?
• How will it change in the future?

Sources of uncertainties
• Severe undersampling
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Objective: Mechanistic understanding and quantification of BCP

Tools:
• Satellite data: Ocean-Colour Radiometry
• In-situ data: Biogeochemical-Argo floats
• Models: NEMO-MEDUSA
• Data assimilation: EnKF

Objective and Tools
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Ocean-Colour Climate Change Initiative:
• ESA-funded merged product [Sathyendranath et al., 2017]

• Decadal scale: 1998-2018
• Error characterised (needed by DA) [Brewin et al., 2013]

Carbon pools:
• Particulate Organic Carbon [Evers-King et al., 2017]

• Phytoplankton carbon [Martinez-Vicente et al., 2017]

• Carbon from Phytoplankton Functional Types

Satellite Ocean-Colour Data: Carbon pools
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Evers-King et al. Estimating POC from Ocean Color

FIGURE 8 | POC estimated using the five candidate algorithms applied to a monthly composite of OC-CCI data from May 2005 (A) Stramski et al. (2008) (Rrs), (B)

Stramski et al. (2008) (bbp), (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 20o W for each algorithm, and the associated [Chl] from the OC-CCI data.

gyres, and higher concentrations in turbid shelf and coastal
regions. However, there are some notable differences between
the POC concentrations estimated by the different algorithms.
Algorithm A and C perform similarly (Figures 8A,C). Algorithm
B (Figure 8B) produces estimates that are generally higher
relative to Algorithm A and C, particularly at low POC
concentrations. Algorithm D (Figure 8D) underestimates at
higher POC concentrations relative to all other algorithms, whilst
at low concentrations its estimates are generally higher than

algorithms A and C, and lower than algorithm B. In contrast,
Algorithm E (Figure 8E) estimates lower POC concentrations
relative to the other methods. A transect, extracted along
from 20o west, shows the regional differences in algorithm
estimates for POC, and the associated OC-CCI [Chl] for
reference (Figure 8F). Histograms of these products (not shown),
show a similar range to the in situ data used for validation
(≈ 10–1,000), though values greater than 1,000 mg m−3

are scarce in the satellite products (though higher values
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Martínez-Vicente et al. Satellite Algorithms for Phytoplankton Carbon

FIGURE 9 | An example of the Cphy product for May 2005, estimated using each of the algorithms (A–F) applied to the monthly OC-CCI data. Black color in the

gyres indicate values close or below 5 mgCm−3, light gray indicates invalid retrieval or unavailable input data.

on similar approaches perform alike. So it is worth examining
each of these approaches in some detail, to explain the differences
observed in the results for oligotrophic waters.

The two chlorophyll-based algorithms were designed
to consider all the phytoplankton groups: Algorithm A
(Sathyendranath et al., 2009) provides an upper limit to the
phytoplankton contribution to the total particulate carbon
pool and Algorithm B (Marañón et al., 2014) is based on
phytoplankton carbon computed from flow-cytometric data
supplemented with microscopic counts for larger phytoplankton.

Yet, when compared with only one fraction of the total
phytoplankton pool (the picophytoplankton in this study), the
results are similar, with Algorithm A slightly overestimating and
Algorithm B slightly underestimating in situ Cphy. Algorithm A
was designed as the upper limit to the phytoplankton carbon,
hence this result is as expected. Algorithm B was computed using
a similar conversion method between cell count and carbon
concentration to the one used in this study, but with different
conversion coefficients. We speculate that a possible reason for
the difference observed between the predicted Cphy by Algorithm
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Satellite Ocean-Colour Data: Carbon fluxes

Net primary production: 1998-2018 (Kulk et al., 2020)
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Phytoplankton phenology from space

Production and analyses of datasets of phytoplankton 
phenology metrics using new algorithm and new version of 
ESA OC-CCI Chl-a

Climate indicators to assess biological changes:
Global phytoplankton phenology: 

Global oceans, 1997-2018, 5-Day and 1x1 deg resolution
Input data: OC-CCI v4.0 Chlor-a L3, 4km res., 5-day

SST-CCI v2.0 L4, 5km res., daily

Arctic phytoplankton phenology: 
Arctic region, 1997-2018, 8-Day and 1km resolution
Input data: OC-CCI v3.1 Chlor-a L3, 1km res., 8-day

SST ECMWF ERA-Interim, 12.5km res., monthly
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Satellite Ocean-Colour limitation

Only surface (~40 m)
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Biogeochemical Argo:
• Argo variables: T, S, depth
• New variables: oxygen, chl-a, suspended particles, NO3, pH, light
• 0-2000 m, 2-10 day cycle
• Target: ~1000 floats

Carbon pools and fluxes:
• Sub-surface C stocks and export fluxes
• Can see under-sampled processes

In-situ Biogeochemical-Argo floats
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In-situ Biogeochemical-Argo floats
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In-situ Biogeochemical-Argo floats
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Chl-a



In-situ Biogeochemical-Argo floats

Chl-a

Suspended particles

Chl-a



BGC-Argo data: export and fragmentation fluxes

212

Small particles

Large aggregates

inter-calibration with an additional C-Star on the Lagrangian float
as described below.

A series of cross-calibration casts with nearly simultaneous
ship CTD and glider profiles were carried out during the cruises,
with at least two calibration profiles per glider over the entire
field program. The first set of calibration profiles was made during
the deployment cruise, the second during the May cruise, and the
third during the recovery cruise at the end of the experiment (for
the two remaining gliders) for a total of ten cross-calibration
exercises. The typical procedure was to put a Seaglider into a
shallow dive sequence and then hold it at the surface while the
ship was brought alongside (o50 m). When the glider began to
dive, a profile with the ship’s CTD was begun. One additional data
set was collected by chance during the May cruise when a ship’s
CTD profile was taken within 2 km of a diving glider, yielding a
total of 11 independent intercalibrations between Seaglider and
ship optical sensors.

Both glider and ship profiles were smoothed by sequentially
applying a 5-point running median filter and a 7-point mean
filter. The ship’s CTD downcast was interpolated in density space
to match the glider profile. If the r2 value for the linear regression
between the resulting Seaglider and ship optical data was o0.7,
the matchup was rejected as a poor fit. Nine out of the 11 ship
profiles were retained and combined into a single type-II linear
regression to line up glider BB2F bbp and chlorophyll fluorescence
with the ship FLNTU values, e.g., bbp(700) in Fig. 3. Twelve similar
calibration profiles and analyses were performed for the float and
ship; these intercalibrations were used to align values for the
ship’s two C-Stars. Triplet chlorophyll fluorescence was aligned
with BB2F chlorophyll fluorescence for each glider by linear
regression (r2Z0.99 for each regression).

2.3. Spike analysis

Spikes were observed in all optical measurements as rapid,
transient, and often large increases in optical signals (Fig. 4a).
Spike heights were calculated by subtracting a moving ‘‘baseline’’
(7-point running minimum filter followed by 7-point running
maximum filter) from the total profile. The resulting spike signal
contained both occasional large spikes and more uniform, low-
level instrument noise (as seen below 400 m in Fig. 4b). A
maximum noise threshold for each instrument was chosen as
twice the 90th percentile value of all of the filtered spike values
taken prior to 5 May (YD 126) and below 300 m, when large
spikes were rare (black dashed line in Fig. 4b). All spike values
below this threshold were considered indistinguishable from
instrument noise and set to zero.

Baseline and spike signals were each averaged into 2-day,
50 m bins, facilitating inter-platform comparisons by reducing the
impact of sub-mesoscale variability encountered by ships and
gliders. Data from all four gliders were then combined to increase
sample size and spatial coverage. Spike bin averages included
zero values (where no spike was present), hence these bin
averages depend on both spike height and spike frequency. Spike
bins with fewer than 200 data points (zeros included) were
eliminated from further analysis because of high uncertainty
due to the randomness of spike occurrence. Data below 600 m
after 21 May (YD 142) were omitted because gliders encountered
suspended sediments over the Reykjanes Ridge (Fig. 1).

3. Results

3.1. Evolution of the bloom

When the autonomous platforms were deployed on 4 April
(YD 94), chlorophyll fluorescence and bbp measurements in the
upper 200 m were low (Fig. 5a, c); shipboard measured chlor-
ophyll concentrations were o0.5 mg l!1. Chlorophyll fluores-
cence remained low until 19 April (YD 110) and then increased
exponentially between 19–28 April (YD 110–119) at a rate of
0.28 doublings d!1. We refer to this period as the ‘‘early bloom’’,
following the convention of Alkire et al. (submitted for
publication). The early bloom was interrupted by a storm-induced
mixing event that reduced chlorophyll fluorescence between 28
April and 2 May (YD 119–123). After the storm, chlorophyll
fluorescence again increased in the upper 50 m and remained
high from 7 to 15 May (YD 127–136), during which maximum
chlorophyll concentrations of 5 mg l!1 were observed (shipboard
measurements), and the phytoplankton community was domi-
nated by chain-forming diatoms, primarily of the genus Chaetoceros,
but also including Thalassionema and Leptocylindrus (Sieracki and
Rynearson, personal communication). We refer to this period as the
‘‘May bloom’’. At the end of the May bloom, chlorophyll fluorescence
decreased rapidly and remained low through 8 June (YD 160); we
refer to this period as ‘‘post-bloom’’. Shipboard phytoplankton
samples taken early in the post-bloom period were dominated by
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Fig. 3. Cross-calibration of glider and ship particulate backscatter (bbp) at 700 nm
from simultaneous profiles. Y¼1.33 (70.03)X–2.5#10–4 (71.1#10–4); r2¼0.96. 0 2 4 6
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Fig. 4. Backscattering spikes (bbp, 700 nm) from a ship’s FLNTU profile on 9 May
(YD 130). (a) The total signal (gray line) contains large, high-frequency fluctua-
tions (‘‘spikes’’) above 400 m and smaller fluctuations (instrument noise) below
400 m. The ‘‘baseline’’ signal (black line) is established with a 7-point running
minimum filter followed by a 7-point running maximum filter. (b) The spike signal
(gray) is derived by difference; below a minimum threshold (black line), the spike
signal is indistinguishable from instrument noise.
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Optical signal

• Small particles 
generated from 
the fragmentation 
of large 
aggregates

• Major driver of 
flux attenuation

• Sets the depth of 
remineralisation: 
partitioning of C 
reservoir 
between 
atmosphere and 
ocean

[Briggs, Dall’Olmo & Claustre, Science, 2020]



BGC-Argo data limitation

Coarse spatial resolution
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Outlook
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Approaches to combine satellite and BGC-Argo 
data: 

• Investigate mechanisms linking surface to deep pools 
and fluxes using BGC-Argo data + extrapolate satellite 
data using this new knowledge

• Assimilate in global ocean biogeochemical model 
satellite and in-situ data to better quantify and 
understand the biological carbon pump
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