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Abstract

Marine particles lock atmospheric CO2 into organic structures that sink and export
carbon into the ocean interior, a process known as the biological carbon pump (BCP).
Part of this flux of particulate organic carbon (POC) is attenuated in the mesopelagic
ocean as respiration, disaggregation and solubilisation wear out the sinking particles and
return the organic carbon into its inorganic form. Sediment traps and imaging systems
have revealed the importance that particle material composition and microstructure have
in the degradation of mesopelagic POC flux. However, the data collected are scarce
and have too many spatiotemporal biases to provide a mechanistic picture of which
particle attributes, particle dynamics and biogeochemical factors control it. Here, I
present a stochastic model of Lagrangian marine particles that mechanistically interact
with each other and their biogeochemical environment as they sink through the water
column. A Lagrangian framework tracks particles throughout their life history and allows
recording their fractal radius, porosity, density, stickiness and sinking velocity, providing
information of particle attributes alongside POC fluxes. The model is applied globally
to quantify spatial variations in the vertical attenuation rate of POC flux (Martin’s
b) and its dependence on proposed controlling factors such as NPP, phytoplankton
community composition and seawater temperature. I find that Martin’s b is lowest in
productive, diatom-rich ecosystems and highest in oligotrophic, picophytoplankton-rich
ecosystems. Particle density and ballast provided by the opal sourced by diatoms are
the particle attributes that contribute the most to the transfer of POC flux to the
mesopelagic, and particle dynamics of coagulation and zooplankton egestion assist in
spreading the opal amongst the broader pool of particles. These results emphasise the
role of both surface water conditions (NPP and phytoplankton community composition)
and mesopelagic conditions (particle transformation dynamics) in controlling the BCP-
mediated transfer of carbon to the ocean interior.



Extended abstract

Marine particles are invisible to the naked eye, nevertheless are central to the marine
carbon cycle. Carbon enters the oceanic system as atmospheric carbon dioxide (CO2),
which diffuses into seawater and is fixed by phytoplankton cells, forming organic carbon.
Phytoplankton sustain a food web that produces a myriad of biogenic marine particles
that sink into the ocean interior, forming a rain of marine snow. Marine particles are
the vectors that connect the productive surface ocean with the darker ocean interior
and the seafloor sediments, carrying particulate organic carbon (POC) that sustains the
metabolism of marine life. The transport of large amounts of carbon from the atmosphere
into the ocean interior as marine particles is a process known as the biological carbon
pump (BCP) and contributes to the oceanic storage of atmospheric carbon. After marine
particles are produced, respiration, disaggregation and solubilisation take place, which
return POC into its inorganic form, i.e., CO2, attenuating the flux of POC along depth.
The rate at which the flux of POC is degraded in the mesopelagic ocean (100–1000 m)
has an impact on atmospheric CO2 concentrations, making the ocean’s BCP a research
topic of particular value in the light of climate change mitigation policies and projections
of future CO2 storage in the ocean.

Global observations of POC flux started to be taken more than 30 years ago, when the
U.S. launched the Joint Global Ocean Flux Study to investigate POC distribution, cycling
and composition. Observations made since then by sediment traps, radionuclides, imaging
systems and remote sensing indicate that the amount of POC sequestered in the deep ocean
(< 1000 m) is controlled by an amalgam of environmental and ecosystem factors, including
seawater temperature, oxygen (O2) concentration, net primary production (NPP) and
composition of the phytoplankton and zooplankton communities. However, oceanographers
still do not understand the mechanisms by which those climate-sensitive factors control
the global pattern of POC flux degradation in the mesopelagic ocean (100–1000 m). That
is due to the intimate interplay between all of those factors, the economic costs and
technical challenge of sampling the vast ocean to obtain more observations, mismatches
in the values reported by different observational technologies, and the lack of a unifying
protocol on the key depths and moment of the year to sample POC flux to ensure
intercomparability between ocean locations.

With regard to modelling the BCP, the conventional practice has been designing models
that take an Eulerian perspective at POC flux. POC is calculated as a continuum property,
i.e., an average concentration of particulate material in a water volume, inherently assuming



that all particles in there are identical. Eulerian models are an excellent approach to
simulate rates of change of dissolved tracers, like phosphate, nitrate or dissolved inorganic
carbon, which lack a discrete nature. However, when it comes to particulate tracers, like
POC, a Lagrangian approach becomes more natural and the only way to track particles
individually. Tracking particles allows recording for each one a set of attributes, like
size and sinking velocity, which evolve along the particle’s trajectory. Thus, ensemble
properties, like flux, emerge from the pool of different particles, each with distinct life
histories. A simulation as such can provide insights into the controls at the particle
level that affect mesopelagic degradation of POC flux..

This thesis presents a stochastic model of Lagrangian marine particles called SLAMS-
2.0 (Stochastic, Lagrangian Aggregate Model of Sinking particles, v2.0). I apply it to
understand the particle attributes, particle dynamics and biogeochemical controls that
affect the decline in POC flux with depth, as characterised by the POC flux attenuation
rate (the Martin’s b) and the fraction of surface POC flux that reaches the deep ocean (the
transfer efficiency, Teff). SLAMS-2.0 follows up the efforts made by Jokulsdottir and Archer
(2016) in developing a stochastic particle tracking model for the ocean’s BCP. SLAMS-2.0
explicitly represents particle microstructure, composition, stickiness and sinking velocity
according to fractal scaling and Stokes’ law and tracks particles as they gravitationally sink
through the water column and interact with their biogeochemical environment. Particles
are created in the surface ocean through a probabilistic model of phytoplankton functional
type (PFT) seeding, coagulate with one another using Jackson (2001)’s collision model,
and interact with zooplankton following Kiørboe (1997)’s encounters model. Consequently,
large aggregates can be formed and there is biotic reprocessing into faecal pellets. Further
to that, the biogenic silica (bSi) and calcium carbonate (CaCO3) content of particles
provided by calcifying and silicifying phyto- and zooplankton is dissolved at the saturation
horizon, and the POC is remineralised through heterotrophic metabolism following Q10

kinetics and O2 limitation. Particles disaggregate into daughter particles following an
empirical approach to particle breakup, and loss of solubilised material happens during
zooplankton sloppy feeding and bacterial growth. The key insight is to reinterpret the
deterministic equations that govern phytoplankton growth, coagulation, grazing, etc., as
probabilities that govern whether a particle is likely to be created as one of four PFTs
(diatom, coccolithophore, dinoflagellate or picophytoplankton), whether it will coagulate
with another particle or not, or whether it will be grazed upon or not. The fluxes of
POC and accompanying biogenic ballasting materials, bSi and CaCO3, emerge from
the stochastic dynamics and composition of the ensemble of particles, instead of being
prescribed using a decaying function. Hence, a distinct feature of SLAMS-2.0 is that
Martin’s b and Teff are extracted using a first-principles, mechanistic approach from a
surface-to-depth profile of sinking Lagrangian particles.



Ocean biogeochemical modelling is a discipline with standardised procedures, and
the steps commonly followed to develop a model have been used to divide this thesis
into three parts and seven chapters.

Part I reviews the research topic of the ocean’s BCP, from the context of why it
matters to the metrics used to study it. In Chapter 1, I introduce the role of the BCP
in the coevolution of the Earth’s ocean and climate system. I present the different
components that make up the BCP (sub-pumps and food web components) and stress
the relationship between those and the environmental-sensitive factors that control the
strength and efficiency of the downward transfer of POC flux, and which are changing in
the light of anthropogenic climate change. I review two main competing theories about
our current understanding of the factors that control the global pattern of Martin’s b,
Henson et al. (2012) vs Marsay et al. (2015), and present the lack of consensus in published
work as to how to quantify the BCP’s magnitude and efficiency. I conclude explaining
how a Lagrangian and mechanistic model of marine particles becomes a suitable tool to
map particle characteristics and dynamics to the factors that control oceanic POC flux.
The first part of Chapter 2 contains the mathematical realisation of SLAMS-2.0, that is,
the mathematical characteristics of Lagrangian and stochastic particle modelling. The
second half of the chapter reviews common biogeochemical models that use particle-based
descriptions. Those models offer an illustrative example of what makes SLAMS-2.0 a
computationally efficient simulation to model billions of marine particles.

Part II is dedicated to methodology. In Chapter 3, I present the model equations
and I navigate through the intellectual challenge of model development, describing the
biogeochemical theory and the assumptions made to implement those into a Lagrangian
and stochastic framework. SLAMS-2.0 is a modular model, where food web processes
and biogeochemical forcing can be easily switched on and off to explore their effect on
particle fluxes. As such, I have made an effort to find the appropriate level of complexity
and mechanisation that will allow the simulation to have the most skill in predicting
POC, CaCO3 and bSi fluxes while keeping time and computational costs low. Chapter 4
contains the oceanographic data compilation that I will use to constrain the response
of SLAMS-2.0 in the following chapter. The data are POC, PIC (particulate inorganic
carbon, or CaCO3) and bSi fluxes from five distinct ocean locations with long particle
flux time-series: EqPac, HAUSGARTEN, OSP, PAP-SO and BATS/OFP. I also discuss
the challenges of aggregating flux data in time and depth to produce quasi climatologies
of particle fluxes. Chapter 5 addresses model calibration, for which I have used a
derivative-free optimisation algorithm called DFO-LS, a method that finds local minima
solutions and that has been shown to perform more efficiently than other optimisation
methods for global biogeochemical models. Seven parameters are chosen for calibration
and the skill of the optimiser is assessed in terms of model overfitting and reproduction
of locally observed metrics of the BCP at the five time-series sites (Martin’s b, Teff,



remineralisation length scale, particle export efficiency, POC/PIC ratio, bSi/PIC ratio
and the slope of the particle size distribution).

Part III aims to answer the research questions outlined at the end of Chapter 1 by
running SLAMS-2.0 on a global grid with the locally calibrated parameter set. Chapter 6
presents the simulated global distributions of various metrics of the BCP, as well as particle
fluxes, particle attributes averaged by depth, PFTs relative abundance, coagulation
intensity and zooplankton grazing intensity. I then compare the outputs of SLAMS-2.0
against observations and modelling results from data-constrained (Weber et al., 2016;
DeVries and Weber, 2017) and empirical (Henson et al., 2012; Marsay et al., 2015) models.
SLAMS-2.0 shows a global annual mean pattern of Martin’s b and Teff that is qualitatively
comparable to published studies and is able to reconcile, or find a common ground, for
Henson et al. (2012) and Marsay et al. (2015) schools of thought, which had shown
opposite global patterns for Martin’s b. Through a sensitivity analysis, I investigate three
biogeochemical variables (NPP, diatom relative abundance and seawater temperature)
that I suspect have the most effect on Martin’s b and Teff. Regression analyses of various
particle attributes and the inspection of how global patterns of fluxes and ecosystem
structure overlap, allows me to trace back the ocean’s surface and mesopelagic mechanisms
by which modelled POC is allocated into different particle size classes, velocity classes
and compositions. This way, I manage to separate out the effects of the different particle
attributes on the pattern of Martin’s b. Lastly, a practical goal was set to extract from
the Lagrangian ensemble of particles a linear relationship between Martin’s b and its
most relevant biogeochemical controls. Such a functional form can be easily plugged
in Earth system models, overcoming the impracticalities of incorporating an expensive
simulation of mechanistic Lagrangian particles whilst providing a parameterisation for
Martin’s b driven by local forcing, instead of the canonical prescribed form. Chapter 7
rounds off by summarising the key points of the methodological approach presented in
this thesis and its main findings. It discusses model limitations, future work and provides
suggestions for improving measurements and the representation of the particle processes
needed to improve our mechanistic understanding of the ocean’s BCP.
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1.1 Motivation

1.1.1 A fundamental reaction for life on Earth

Our planet Earth has an exceptional atmosphere that has allowed life to proliferate beneath.
The amount of atmospheric heat-trapping gases, popularly known as “greenhouse” gases
(carbon dioxide, water vapour, methane...), is neither elevated, which would create a
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planet with a scorching surface, like that of Venus, nor too small, which would originate
a frozen surface, like that of Mars. At some 0.04% by volume of our atmosphere, the
most abundant greenhouse gas, carbon dioxide, represents only a tiny fraction of the
total Earth’s atmospheric composition, which is fundamentally nitrogen (78% by volume)
and oxygen (21% by volume). But that partitioning between oxygen (O2) and carbon
dioxide (CO2) has created the perfect balance for life to thrive. However, the composition
of our atmosphere has not always been like that.

During the Precambrian period (comprising over 80% of the Earth’s history), there
were trace amounts of O2 in the atmosphere and plenty of CO2, the latter believed
to have been up to 100–1000 times the present atmospheric CO2 concentration (pCO2,
or partial pressure of CO2) of 418 ppm1 (Kasting, 1993, Fig. 2). Since the Sun was
fainter back then, a CO2-driven atmospheric greenhouse would have been the factor
keeping the Earth’s surface temperature above freezing and thus maintaining water in
a liquid form, a prerequisite for life (Catling and Zahnle, 2020). A popular theory in
science is that life might have originated at the bottom of the sea, around hydrothermal
vents (Martin et al., 2008), where it was protected from uninhabitable surface conditions,
with high volcanic activity, the constant bombardment of meteorites and deadly UV
radiation (as there was not a protective ozone (O3) layer yet). The first organisms, which
appeared around 4000 Mya, had a chemosynthetic metabolism and would synthesise
their proteins, sugars and fats from the CO2 dissolved in the water using the chemical
energy released by the inorganic substances that spew from the vents. The photosynthetic
metabolism would have appeared later and closer to the surface ocean, using the radiant
energy of the Sun to drive the synthesis of complex biomolecules. First photosynthetic
organisms did not generate O2 as a byproduct; photosynthesis was anoxygenic. Later on,
around 3200–2700 Mya (Catling and Zahnle, 2020), a biotic innovation appeared that
would change our planet forever: photosynthetic organisms learned to use an unlimited
source they had around, water. By splitting it using sunlight, they would free hydrogen
(needed to reduce CO2 into sugars, C6H12O2) and release O2; oxygenic photosynthesis had
appeared. Photosynthesis is the only reaction on Earth that produces all the available
O2. As the photosynthetic metabolism became more widespread, the gradual increase
of O2 in the atmosphere catalysed two transcendental events. One was the evolution of
aerobic metabolic pathways, known as aerobic respiration, which used O2 to synthesise
biomolecules, a strategy that offered a higher energy yield than the original anaerobic
metabolism. That released a constrain for the appearance of multicellular life. The
second one was the formation of an ozone layer that provided a shield against UV

1Atmospheric pCO2 measurement from July 2021. The units, ppm (parts per million), indicate that
there are 418 parts of CO2 in one million parts of air, or that a little bit more than 0.04% by volume of
our atmosphere is made of CO2.
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radiation. That allowed organisms to colonise land. The overall reaction of (oxygenic)
photosynthesis is the reverse of (aerobic) respiration:

6CO2 + 6H2O + light
photosynthesisÐÐÐÐÐÐÐÐ⇀↽ÐÐÐÐÐÐÐÐ

respiration
C6H12O6 + 6O2. (1.1)

The metabolic success of O2 is materialised in the burst of sea life known as the Cambrian
explosion (541–530 Mya), with the rapid surge of hard-bodied, large animals and most
of present-day lineages.

With the emergence of O2, a coupled biological–geochemical mechanism that would
regulate the planet’s surface temperature had emerged: the carbon cycle. By moving
carbon (C) between the atmosphere, photosynthetic organisms, soils, the ocean, sediments,
and rocks, the carbon cycle recycles an atom that results in warmer temperatures when
released into the atmosphere. The carbon cycle balances the inputs of CO2 into the
atmosphere, where volcanism has been the main contributor in the geological past, with the
removal via (i) silicate rock weathering on the continents and bounding to calcium ions in
the oceans, forming carbonate rocks2, (ii) the absorption by photosynthetic organisms on
land and the surface ocean, forming living biomass, (iii) the burial of organic carbon (dead
biomass) in sediments on land and the seafloor, forming fossil fuels, and (iv) the dissolution
in the oceans, making seawater more acidic. The last time our planet would see a high
atmospheric pCO2, of 2000 ppm, would be in the Triassic, around 200 Mya (Foster et al.,
2017). Since then, a long-term decline in atmospheric CO2 to < 300 ppm (preindustrial
value) has been achieved through silicate weathering and organic carbon burial.

The past 800,000 years (late Quaternary) is the only time in the geological record for
which scientists have robust evidence of Earth’s past climate. During that period, the
carbon cycle has gone through cyclical changes called glacial–interglacial cycles (Fig. 1.1).
The frequency of the cycles can be compared to that of the variations in the Earth’s
orbit, the Milankovitch cycles, which altered the amount of solar energy received at
the Earth’s surface, leading to cycles of ice ages (or glacial periods, with decreasing
atmospheric pCO2) and warm epochs (or interglacial periods, times with increasing
pCO2). Glacial–interglacial cycles last around 100,000 years, where glacials develop when
the Northern Hemisphere is less tilted towards the Sun, decreasing summer insolation and,
consequently, ice sheets built on land. The mechanisms by which a decrease in insolation,
and thus temperature, lowers atmospheric pCO2 in the glacial periods is an active area of
research involving the ocean system, the largest reservoir of carbon ready to be mobilised
on glacial–interglacial timescales (103–105 years) (Broecker, 1982; Archer et al., 2000;

2Chemical weathering of silicate rock by acid rain releases calcium and bicarbonate ions (CaSiO3 +
2CO2 + H2O → Ca2+ + 2HCO –

3 + SiO2) that are carried by rivers into the oceans, where precipitation
of calcium carbonate happens (2HCO –

3 + Ca2+ → CaCO3 + CO2 + H2O) and carbonate rocks form over
time as CaCO3 is buried in the sediments and turns to rock (limestone).
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Sigman and Boyle, 2000; Kohfeld and Ridgwell, 2009; Sigman et al., 2010). Briefly, those
mechanisms include (i) ocean physics, like increased solubility of CO2 in the colder surface
ocean (Khatiwala et al., 2019) or ice sheets stopping the upwelling of deep CO2-rich
waters (Stephens and Keeling, 2000), (ii) ocean biology, like increased phytoplankton
growth due to increased iron fertilisation favoured by winds from colder, drier continental
areas (Martin, 1990), and (iii) ocean chemistry, like changes in the “rain rates” of organic
carbon to calcium carbonate, which affect whole-ocean alkalinity3 and, thus, the solubility
of atmospheric CO2 (Archer and Maier-Reimer, 1994). During the interglacials, warming
must have liberated to the atmosphere the carbon stored in the ocean during the glacial
periods. Since CO2 is a greenhouse gas, its release and removal from the atmosphere has
acted amplifying the changes in temperature triggered by changes in the Earth’s orbit.

1.1.2 The anthropogenic perturbation

In the past three centuries, humans, with our industrial and technological revolutions
supported by changes in agricultural land use (e.g., deforestation) and burning of fossil fuels
(e.g., generation of electricity), are perturbing the carbon cycle. The Global Carbon Project
(Friedlingstein et al., 2020) estimates the total discharge of CO2 into the atmosphere
since 1750 of ∼2560 Gt CO2 (equivalent to ∼700 Gt C4), half of which was released only
between 1990 and 2020. Atmospheric pCO2 has risen from a preindustrial of ∼280 ppm to

3Here are some concepts needed to understand the relationship between seawater alkalinity and
atmospheric CO2. Alkalinity (ALK) is the seawater’s acid buffering capacity; otherwise said, the excess of
bases (proton acceptors) over acids (proton donors), ALK = [HCO –

3 ] + 2[CO 2–
3 ] + [OH–] – [H+]. The

ocean receives ALK from riverine inputs after chemical weathering of emergent rocks on land. Alkalinity
is a conservative property and thus riverine inputs must balance with marine precipitation and burial
of CaCO3 (CaCO3 formation removes ALK). Thus, in the eventuality of a deficit or excess of ALK
(i.e., after enhanced or decreased CaCO3 burial), the ocean readjusts the ALK budget through CaCO3
dissolution. The depth below which seawater is undersaturated with respect to CaCO3, so dissolution
becomes thermodynamically favourable, is called the carbonate saturation horizon (CSH), and depends on
the concentration of carbonate ion (CO 2–

3 ). The CSH is a transition separating shallower seafloor sediments
where CaCO3 is preserved (as there is abundant CO 2–

3 ), from deeper seafloor sediments, where CaCO3
starts to dissolve (as CO 2–

3 become scarce). Variations of the CSH controls ocean’s ALK and atmospheric
CO2 through the redistribution of CaCO3 in the water, a mechanism called carbonate compensation. Here
is how it works. In the situation of increased transfer of organic carbon to the ocean interior (for instance,
after iron fertilisation), there will be an increase in the amount of organic carbon degraded in the deep
ocean and, thus, in the amount of CO2 regenerated at depth. Increased CO2 lowers the concentration of
CO 2–

3 in the deep ocean as the CO 2–
3 soaks up the excess protons (H+) released by the dissolution of CO2

in water, following Le Chatelier’s principle (↑CO2 + H2O ⇌ H2CO3 ⇌ HCO –
3 + ↑H+ ⇌ ↓CO 2–

3 + ↑H+).
As CO 2–

3 ions disappear (and thus ALK decreases), CaCO3 must readily dissolve to replenish CO 2–
3 and

restore ALK. That pushes up (or shoals) the CSH, with the consequence that CaCO3 starts to dissolve
closer to the surface, decreasing the burial rate of CaCO3. Since CaCO3 burial is the main mechanism by
which the ocean removes the ALK input from rivers, a decrease in CaCO3 burial translates into an excess
in the input of ALK. Higher whole-ocean ALK increases the ability of seawater to hold more atmospheric
CO2 (which adds protons to the water), i.e., a greater ALK increases CO2 solubility. The increase in the
stock of surface CO 2–

3 (after CaCO3 dissolution) propagates gradually through depth and, thus, the CSH
bounces back down and CaCO3 burial rate is reestablished. By this point, steady state between riverine
inputs and sedimentary burial has been reached, carrying with it a decrease in atmospheric CO2.

41 Gt C = 1 Pg C = 1 billion metric tons = 1015g C = 3.67 GtCO2.
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Figure 1.1. Time evolution of the atmospheric levels of CO2 (pCO2) in parts per million (ppm)
over the past 800,000 years (late Quaternary). A cyclical pattern is present, with ice ages (or
glacial periods, times with decreasing pCO2) and warm epochs (or interglacial periods, times
with increasing pCO2) clearly distinct. Currently, we are in an interglacial period, and the last
glacial maximum (LGM) occurred 18,000–22,000 years ago. Enlarged are the postindustrial
years (the Industrial Revolution started in 1750), with the anthropogenic perturbation increasing
atmospheric pCO2 from a preindustrial of ∼280 ppm (< 0.03% by volume) to the current 418 ppm
(> 0.04% by volume). Since 1958, data are from the Mauna Loa (Hawaii) station, which has
the longest-running record of direct measurements of atmospheric pCO2, known as the Keeling
curve. Before 1958 and all the way back to 800,000 years ago, data are from Antarctic ice
cores, where ancient air was trapped in bubbles in polar ice, a proxy for past atmospheric pCO2
conditions. ppm = ratio of the number of moles CO2 in a given volume of dry air to the total
number of moles of all air constituents in this volume. Source: author’s elaboration with data
from https://scripps.ucsd.edu/programs/keelingcurve/.

the current 418 ppm, a rate of increase unprecedented in the past 800,000 years (Fig. 1.1),
pushing the Earth away from known past climate conditions. Despite Callendar first
warning us in 1938 about the warming effect that increased amounts of the greenhouse
gas CO2 would have in the atmosphere, humanity turned a blind eye to it.

The oceans are estimated to have absorbed already a quarter of the total anthropogenic
CO2 emissions (155–170 Gt C, Khatiwala et al., 2013; Gruber et al., 2019; Friedlingstein
et al., 2020) (Fig. 1.2). Had not been by the capacity of the ocean to sequester CO2, today
there would be at least ∼200 ppm5 more of atmospheric CO2 (Parekh et al., 2006), making
our planet warmer and thus an uninhabitable place for most forms of life –e.g., enhanced
wildfire regimes and tropical storms, desertification and erosion with loss of soil nutrients,
reduction of freshwater reserves, meltdown of polar ice and release of deposits of the
greenhouse gas methane, sea-level raise, change in the intensity and direction of the global

5Value estimated by idealised box models of the ocean–atmosphere carbon cycle, like that of Sarmiento
and Toggweiler (1984) and Toggweiler (1999), and which attribute the ocean’s uptake of ∼200 ppm to the
“soft-tissue” biological carbon pump. That value of 200 ppm is in the low end of the full capacity of the
ocean to reduce atmospheric pCO2 as there are other mechanisms acting on top of the soft-tissue pump,
like changes in the solubility of CO2 mediated by temperature and alkalinity.

https://scripps.ucsd.edu/programs/keelingcurve/
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ocean conveyor belt, ocean deoxygenation and acidification, etc. (Cavallaro et al., 2018,
SOCCR2). Life on Earth depends on the capacity of the sea to sequester CO2.
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Figure 1.2. Balance of sources and sinks of CO2 in gigatons of CO2 released per year (Gt CO2 yr−1)
over the period 1850–2020. At present, the annual increase of CO2 in the atmosphere is less than
half of the calculated emissions, with some quarter being absorbed by land (via photosynthesis)
and another some quarter by the ocean (via dissolution in cold waters and its transport to
depth). Source: Global Carbon Project, supplemental data of Global Carbon Budget 2020, v1.0,
https://doi.org/10.18160/GCP-2020.

1.1.3 The ocean carbon pump

The ocean water column is the largest reservoir of carbon in our planet (38,703 Gt C)
after sedimentary carbonate rocks (∼100,000,000 Gt C). It contains 45 times more carbon
than the atmosphere and 15 times more than land plants and soils (Fig. 1.3). Practically
all of the carbon stored in the ocean is in its dissolved phase. The predominant form
(38,000 Gt C) is the dissolved inorganic carbon (DIC), the sum of dissolved CO2 and
the carbon species it produces when it reacts with water, i.e., acid carbonic (H2CO3),
bicarbonate ion (HCO –

3 ) and carbonate ion (CO 2–
3 ). The second most abundant form

(700 Gt C) is the dissolved organic carbon (DOC, operationally defined as organic particles
< 0.2 µm in diameter), released by the marine plankton (phyto-, zoo- and bacterioplankton)
as a result of their metabolic activity. DOC storage represents a small fraction of the
total water-column carbon storage, however a quantity similar to the carbon stored in
the atmosphere (860 Gt C). Notice how if only 2% of the amount of DOC stored in the
ocean would oxidise, it would release to the atmosphere more CO2 (2% × 700 Gt C ×
3.67 = 51 Gt CO2) than that already emitted by fossil fuels in a year (37 Gt CO2 yr−1,
Fig. 1.2). Two other less abundant forms of carbon exist in the ocean and are in the
transient, particulate phase. One is the particulate organic carbon (POC), which in
Fig. 1.3 is in the form of marine biota (or all plankton, 3 Gt C), but also encompasses

https://doi.org/10.18160/GCP-2020
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non-living material (plankton waste products) that sinks in the water column in the
form of marine particles. The other is the particulate inorganic carbon (PIC), the least
abundant form of oceanic carbon (∼0.03 Gt C, Brewin et al., 2021), encompassing all
the calcium carbonate (CaCO3), predominantly formed by calcifying organisms (mostly
plankton, but also corals or molluscs) and, to a lesser degree, formed spontaneously in
supersaturated waters. PIC and POC formed in the surface ocean rain to the seafloor
sediments, where they accumulate and cement, forming over time deposits of carbonate
rocks (limestone) and fossil fuels, respectively.
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Figure 1.3. Global carbon storage in 2020 in gigatons of carbon (Gt C), with its four main short-
term reservoirs: the atmosphere (860 Gt C), land (∼3700–4700 Gt C), the ocean (∼40,500 Gt C)
and the underground on land and sea (∼1000–2000 Gt C). The long-term reservoir of carbon, the
sedimentary carbonate rocks (∼100,000,000 Gt C), is not shown. Dissolved inorganic carbon (DIC)
includes four carbon species: dissolved carbon dioxide (CO2), carbonic acid (H2CO3), bicarbonate
ions (HCO –

3 ) and carbonate ions (CO 2–
3 ). Marine biota refers to plankton biomass, which is a

form of particulate organic carbon (POC) and biogenic calcium carbonate (CaCO3). Dissolved
organic carbon (DOC) is a byproduct of the biological carbon pump generated from POC, a
transient form of carbon. Seafloor sediments represent the amount of POC and CaCO3 that reach
the seafloor. Source: redrawn from Friedlingstein et al. (2020) after REUTERS.
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The reason the ocean is able to hold much more carbon than the atmosphere is due
to the particular chemistry of CO2 in seawater. Due to the slightly basic pH of seawater,
most of the atmospheric CO2 gas that reacts with water gets converted into nongaseous
DIC species (∼90% of DIC is HCO –

3 and ∼9% is CO 2–
3 )6, and very little remains as CO2

gas (< 1%). That particular chemistry of CO2 in seawater causes a reduction in the
CO2 gas pressure in the surface water that allows more diffusion from the atmosphere,
following Henry’s law. Once in the water, DIC is further pulled downwards, to the deep
ocean, by a combination of ocean physical, chemical and biological mechanisms collectively
known as the ocean carbon pump (after Volk and Hoffert, 1985). The ocean carbon pump
takes up surface water CO2 and transfers it to the deep ocean (> 1000 m), where it
accumulates and becomes isolated from the atmosphere on a millennial timescale (the
ocean overturning timescale) before it is upwelled back to the surface ocean and outgasses
into the atmosphere. Thus, the ocean carbon pump creates a surface-to-depth gradient in
the distribution of carbon in the ocean, with deep waters enriched in DIC with respect to
the upper ocean, further lowering surface water pCO2 and thus reinforcing the diffusion
of more atmospheric CO2 into the ocean. The CO2 sequestered by the ocean carbon
pump has tempered the Earth during glacial ages (Fig. 1.1).

Volk and Hoffert (1985) distinguished three ocean carbon sub-pumps, corresponding
to different forms of carbon found in the marine environment (Fig. 1.4):

• the solubility carbon pump, a physicochemical pump controlled by seawater tem-
perature and operating on DIC;

• the carbonate counter pump (or hard-tissue pump), a biochemical pump controlled
by calcifying phyto- and zooplankton (coccolithophores and foraminifera) and
alkalinity and operating on CaCO3 (a form of PIC), and

• the soft-tissue pump, a biochemical pump that depends on the photosynthesis of
phytoplankton and operating on biologically produced (biogenic) organic carbon
(POC and DOC).

The carbonate counter pump and the soft-tissue pump collectively form the biological
carbon pump (BCP). The term “biological” refers to the biologically produced material
(POC, DOC and PIC) (Boyd et al., 2019)7, and the term “pump” refers to the transport

6HCO –
3 and CO 2–

3 are proton acceptors (i.e., bases) thus, dominant forms in a basic solution like
seawater (see a Bjerrum diagram).

7The term “biological” in BCP originally meant that the transfer of biogenic carbon to the deep ocean
was mediated by biological processes, which generated fast-sinking particles transferred to depth by gravity
(Volk and Hoffert, 1985; Buesseler et al., 2007b). That idea is currently outdated, as evidenced by the
presence of deep carbon in the form of neutrally-buoyant and slowly-sinking POC as well as DOC that
would not reach the deep ocean if fast gravitational sinking (mediated by biological processes) was the
sole mechanism supplying carbon to depth (Giering et al., 2014; Omand et al., 2015; Dall’Olmo et al.,
2016; Villa-Alfageme et al., 2016; Baker et al., 2017; Bol et al., 2018). Thus, the definition of the BCP has
been broadened (see the reviews of Boyd et al., 2019; Le Moigne, 2019) to also include physical processes,
like ocean mixing and subduction, which mediate the supply of an important fraction of the deep biogenic
carbon.
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of that carbon against a concentration gradient, from the surface waters (low DIC) to the
deep ocean (high DIC) (Volk and Hoffert, 1985). The BCP is thought to be responsible
for two-thirds of the vertical gradient of DIC, with the solubility pump accounting for
the other third (Sarmiento and Gruber, 2006; Marinov et al., 2008).
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Figure 1.4. Schematic representation of the ocean carbon pump, with its three sub-pumps:
solubility carbon pump, soft-tissue pump and carbonate counter pump (the latter two collectively
known as the biological carbon pump, BCP). This artistic depiction of the BCP emphasises the
role of the gravitational pump, the BCP mechanism contributing the most in the sequestration of
biogenic carbon (food-web generated). Here is some information on magnitudes. POC export (POC
flux below 100 m) represents ∼10% of the surface ocean primary production, POC sequestration
(POC flux below 1000 m) represents ∼1%, and POC burial (at the seafloor) is < 0.1% (Passow and
Carlson, 2012). The soft-tissue carbon pump exports ∼10 times more carbon than the carbonate
counter pump (Sarmiento et al., 2002). On a century timescale, the solubility carbon pump
dominates the sink of carbon, but on a millennial timescale the BCP is thought to be controlling
the glacial–interglacial oscillations (Parekh et al., 2006). In terms of carbon inventory size, from
larger to smaller: DIC > DOC > POC > PIC (Brewin et al., 2021). DIC, dissolved inorganic
carbon; CO2, carbon dioxide; H2CO3, carbonic acid; HCO –

3 , bicarbonate ion; CO 2–
3 carbonate

ion; Ca2+, calcium ion; DOC, dissolved organic carbon; POC, particulate organic carbon; CaCO3,
calcium carbonate (also termed particulate inorganic carbon, PIC).

1.1.3.1 The solubility carbon pump

The solubility carbon pump is propelled by low temperatures, which increase the solubility
of gases in seawater. Thus, the solubility carbon pump is mainly active at high latitudes,
where the cooling of surface waters favours the dissolution of atmospheric CO2 as well as
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increases water density. Those heavy, cold surface water masses rich in DIC sink to the
ocean interior (downwelling), becoming part of the deep ocean circulation “conveyor belt”
and isolating carbon from the atmosphere from centuries to millennia. Eventually,
ocean mixing and upwelling currents bring these deep waters to the ocean surface
and CO2 outgasses into the atmosphere. CO2 outgassing is especially strong in the
tropics, where warm waters cannot retain as much CO2, and the Southern Ocean,
with a wind-driven upwelling.

1.1.3.2 The biological carbon pump (BCP)

The BCP is propelled by the photosynthesis of phytoplankton living in the sunlit surface
ocean (the euphotic zone, or upper ∼100 m), which uptake the CO2 dissolved in seawater
and fix it, producing POC and reducing atmospheric pCO2. That process is what
we know as marine primary production and accounts for about half of the global net
primary production (NPP) (Field et al., 1998). On their part, calcifying phytoplankton
(coccolithophores) take up HCO –

3 to form their carbonate shells (coccoliths), producing
CaCO3. That process, calcification, releases CO2 to the surrounding shallow water, which
escapes to the atmosphere, counteracting the soft-tissue pump.

Phytoplankton sustain the marine food web and, as they get eaten or die, primary
production and calcareous material get transferred to “marine snow”, a myriad of biogenic
detrital particles left behind by the operations of the marine food web (see the reviews of
Stemmann and Boss, 2012; Turner, 2015). Marine snow (> 0.5 mm in diameter) include
things like clumps of aggregated phytoplankton (phytodetritus), faecal pellets produced by
zooplankton, discarded organic and mineral components (e.g., phytoplankton exudates or
zooplankton moults), zooplankton dead bodies, and combinations of those, which mostly
aggregate by sorption onto larger particles. The association of POC with calcareous
particles (PIC), denser than organic material, adds ballast, increasing particle sinking
velocity and enabling a faster transfer to depth (e.g., Klaas and Archer, 2002). Those
larger and denser particles sink away to the ocean interior, pulling carbon from the surface
into the deep ocean and thus forming a rain, or flux, of POC and PIC.

The IPCC (Intergovernmental Panel on Climate Change) stipulates that an atom of
carbon is considered sequestered in the ocean when the return to the atmosphere happens
more than a hundred years since it was initially fixed by phytoplankton. That criterion is
met when the atom of carbon is transported below the 1000 m depth horizon (the deep, or
bathypelagic, ocean), where the ocean ventilation timescale is of 100–1000 years (Passow
and Carlson, 2012). There are three main mechanisms by which the BCP sequesters
biogenic carbon in the deep ocean (Boyd et al., 2019; Le Moigne, 2019).
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• Gravitational sinking of particles due to their large size and/or high density. This
mechanism is commonly known as the gravitational pump and it is the most studied
BCP mechanism as, on average, has the highest contribution in the sequestration of
biogenic carbon.

• Transport by vertically migrant zooplankton (both migrating diurnally and ontoge-
netically), which ingest particles in the surface ocean and migrate at depth (typically
∼400 m), where they avoid predation and release the metabolised food as compact
faecal pellets (egestion), DOC (excretion), DIC (respiration) and body carcasses
(death).

• Transport by physical processes of downward water motion (subduction and dis-
placement of the mixed layer depth), which carry surface particulate material that
has been fragmented into suspended POC and solubilised into DOC to the ocean
interior.

Whereas the particles carried by the migrant and the physical transport pumps bypass
the upper mesopelagic ocean (100–500 m), where the decomposition (remineralisation)
of the organic carbon begins, the particles carried by the gravitational pump do not
short-circuit the upper mesopelagic. Sinking gravitational particles are thus fully exposed
to processes that will transform them and attenuate the particulate flux. Thus, before
being sequestered, the sinking POC experiences (Boyd and Trull, 2007; Collins et al.,
2015): (i) remineralisation into CO2 as the organic carbon is consumed and respired by
zooplankton and heterotrophic bacteria; (ii) disaggregation into smaller particles either
abiotically (by spontaneous breakup induced by water shear or by collision to other
particles) or mediated by zooplankton as they mishandle food particles before ingestion
(termed “sloppy feeding” after Jumars et al., 1989), and (iii) solubilisation into DOC
and suspended POC by particle-attached bacteria (termed “microbial gardening” after
Mayor et al., 2014). Respiration by bacteria is the main sink of POC in the mesopelagic
ocean and thus the primary source of DIC and regenerated dissolved nutrients in the
ocean interior (Buesseler and Boyd, 2009; Sanders et al., 2014). Depending on how close
to the surface ocean POC is regenerated into DIC, oceanic carbon may be stored for
as little as months to as long as millennia (DeVries et al., 2012).

The attenuation of POC flux in the mesopelagic presents a global distribution that is
thought to be controlled either by factors that stimulate the sinking flux of POC (e.g., NPP
or mineral composition of the phytoplankton community) or by factors that stimulate
its mechanical attenuation (e.g., temperature or O2 concentration, on which respiration
depends) (Weber et al., 2016; DeVries and Weber, 2017; Cram et al., 2018). Those
ecosystem and environmental factors have been studied using an amalgam of different
in situ sampling, remote sensing and modelling approaches (see review in Brewin et al.,
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2021) without a common framework on how to bring together contrasting spatiotemporal
scales (e.g., Bisson et al., 2018) or apply reference metrics (e.g., Buesseler et al., 2020b).
The variety of methods has generated a wide range of values around the magnitude of the
downward flux of POC. Thus, the BCP is though to export to the ocean interior between
3.8 and 11 Gt C yr−1, or 7–29% of the global NPP (50 Gt C yr−1, Carr et al., 2006),
and to sequester 0.12–0.66 Gt C yr−1, or 0.24–1.3% of the global NPP (Table 1.1). That
implies that ∼83–99% of the exported carbon flux is lost as DIC into the mesopelagic,
or that 1–17% of the exported carbon flux is sequestered in the mesopelagic. Only a
tiny fraction of the NPP, < 0.1%, is eventually buried into the sediments. Oil, gas
and coal are examples of marine snow falling to the ocean floor and being buried and
crushed under tons of sediments for millions of years.

Table 1.1. Global POC flux estimates at export depth (∼100 m) and sequestration depth
(∼1000–2000 m) from a variety of measurement techniques, biogeographical scales and temporal
scales.

Reference Export
flux

(Gt C yr−1)

Sequestration
flux

(Gt C yr−1)

Export
efficiency

(%)

Sequestration
efficiency

(%)

Martin et al. (1987) 0.12
Lampitt and Antia (1997) 0.34
Laws et al. (2000) 11 21
Gehlen et al. (2006) 5–10 14–29
Dunne et al. (2007) 9.6 19∗

Lutz et al. (2007) 4.6 0.31 9.2∗ 6.7†

Honjo et al. (2008) 5.7 0.43 16 7.6
Henson et al. (2012) 4 0.66 10 19
Lima et al. (2014) 6.0 0.21 13 5.5
Siegel et al. (2014) 5.7 11
Guidi et al. (2015) 0.33
DeVries and Weber (2017) 6.7 13∗

Bisson et al. (2018) 3.8–5.5 7–10
Stock et al. (2020) 6.4 0.47 13∗ 7.3†

∗ Export efficiency value not reported in the study but calculated afterwards assuming a global NPP of
50 Gt C yr−1 (Carr et al., 2006) as 100 × (POC export flux/NPP).

† Sequestration efficiency value not reported in the study but calculated afterwards as 100 × (POC
sequestration flux/POC export flux).

1.1.4 Hypotheses on the effects of a higher pCO2world on the BCP

Scientists expect a gradual slowing of the ocean BCP-mediated uptake of CO2 if fossil
fuel emissions continue to accelerate (Boyd, 2015; Moore et al., 2018; Friedlingstein
et al., 2020; Stock et al., 2020). Nevertheless, it is challenging to predict with certainty



1. Introduction to my research problem 14

the net effect of the anthropogenic perturbation on the BCP. Think of the cumulative
effects of multiple climate-derived stressors (increased seawater temperature, sea-ice
melt, water stratification) with a differing sign of action (positive vs negative feedbacks),
an associated seasonality and operating at different spatial scales (local vs ubiquitous)
(Boyd and Trull, 2007; Turner, 2015; Moore et al., 2018). It is hypothesised that, in
the light of climate change, these four biogeochemical variables will have the highest
impact on the BCP: seawater temperature, phytoplankton community composition, O2

levels and light and nutrient availability for NPP (Passow and Carlson, 2012; Sanders
et al., 2016). Here is a checklist of their proposed effects on the BCP, where negative
feedbacks on the BCP (i.e., processes that mitigate the effect of a perturbation) are
denoted by a “−” sign and positive feedbacks (i.e., processes that amplify the effect
of a perturbation) are denoted by a “+”.

• Seawater temperature, with direct controls on (i) vertical supply of deep nutrients
to surface waters, (ii) heterotrophic and (iii) autotrophic metabolism and (iv) water
thermodynamics.

– (i) A warmer ocean will be more stratified and less well mixed, which will
reduce the supply of deep macronutrients (nitrate, phosphate and silicic acid)
to surface waters through convection. Two consequences can be drawn.

∗ A more starved phytoplankton, which will mean a reduced POC export
flux to the ocean interior (+).

∗ But an increase in stratification will confine phytoplankton in the very sur-
face layer, where there is more light. NPP could be boosted (and therefore
increase POC export flux) if it is sustained by some other form of nutrient
supply that is not vertical mixing, e.g., through exogenous supply (warming
of the upper ocean will increase storm frequency, promoting pulsed delivery
of nutrients into the euphotic zone), or through autochthonous supply
(stratification could increase the retention and utilisation of regenerated
nutrients) (−).

– (ii) Heterotrophic respiration rates increase with temperature (Iversen and
Ploug, 2013; Marsay et al., 2015; Laufkötter et al., 2017; Cram et al., 2018).

∗ With higher respiration rates, POC in the ocean interior will be reminer-
alised into DIC at a faster pace, meaning that DIC stock will increase
in the deep layers (−). At the same time, surface, warmer layers will
be outgassing more CO2. Both effects could overall increase the vertical
gradient of DIC, favouring the drawdown of atmospheric CO2 by the ocean
in the short term (−).
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∗ But higher respiration rates of surface POC will reduce the export of
organic carbon to the deeper ocean, thus reducing, in the long term, DIC
stock in the deep ocean (+).

∗ Increased remineralisation of surface organic matter will also result in an
increased nutrient supply (regenerated production) to the euphotic zone,
boosting NPP in the short term (−).

– (iii) Phytoplankton growth rates increase with temperature.

∗ Higher growth rates increase NPP and, thus, POC export flux (−).

∗ Higher growth rates lead to a higher intake of macronutrients, which get,
in the long term, depleted, causing phytoplankton starvation (+).

– (iv) A warmer ocean has a higher kinetic energy and water is less viscous.

∗ In a higher kinetic energy environment and in less viscous water, particles
will be colliding at higher rates, thus favouring the formation of larger
particles, which sink faster to the ocean interior (−).

∗ But higher collision rates could also work the other way round, favouring
particle fragmentation after impact, thus, breaking up large particles into
smaller, slow-sinking particles (+).

∗ Warmer waters are less viscous, and particles in less viscous water settle
faster (De La Rocha and Passow, 2007) (−).

• Phytoplankton starvation (induced after a reduced nutrient supply from deep waters)
will prompt shifts in phytoplankton community composition (Lam et al., 2011;
Henson et al., 2012; Boyd, 2015; Bach et al., 2019). Smaller taxa (picophytoplankton
and coccolithophores), which can grow with less nutrients, will be favoured over larger
taxa (diatoms). That affects (i) the magnitude of the POC flux exported from the
surface layer, (ii) the mineral composition of the flux (ballast effect and calcification
rates), (iii) the lability of the organic carbon and (iv) grazing relationships.

– (i) If the flora composition shifts to one dominated by smaller phytoplankton,
two things can happen in terms of the intensity of the flux of POC.

∗ The average size of a particle will be reduced, thus reducing the sinking
speed of aggregates (Stemmann and Boss, 2012; Bach et al., 2019) and,
therefore, reducing POC export flux (+).

∗ The release of transparent exopolymer particles (TEP), primarily produced
by larger phytoplankton (Passow, 2002), will decrease. Since TEP create
a sticky matrix that holds aggregates together, the reduction in the TEP
stock will reduce the formation of large, fast-sinking aggregates, and
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thus reduce POC flux (+). But it has been observed that a more acidic
environment, alongside the higher metabolic rates in a warmer ocean,
could also increase the release of TEP (Campoverde et al., 2018) (−).

– (ii) Changes in the flora composition come with changes in the mineral
composition of the flux and the amount of calcification.

∗ If picophytoplankton (i.e., non-mineralising phytoplankton) increase their
abundance over calcifying coccolithophores and silicifying diatoms, there
will be a reduction in the ballast effect on POC flux (+).

∗ If coccolithophores, denser than diatoms, increase their relative abundance,
there will be an increase in the ballast effect on POC flux (Armstrong
et al., 2002) (−).

∗ Calcification will increase if coccolithophores become more abundant.
Calcification is a process that increases CO2 in the water column, thus
offsetting the positive influence of the ballast effect of coccolithophores (+).
Furthermore, increasing amounts of dissolved CO2 in the surface ocean will
create a more acidic environment, which in turn will reduce calcification,
thus reducing mineral ballast (+).

– (iii) If there is a reduced biomineral content in particles, the organic carbon
embedded in them will become more labile, as it will be more accessible
to particle-attached bacteria (reduced physical protection), thus affecting
negatively particle resilience in the water column (Armstrong et al., 2002;
Francois et al., 2002) (+).

– (iv) Grazing relationships (i.e., coupling between a phytoplankton cell and
the predator’s mouth) will be affected. If the fora composition shifts to one
dominated by smaller cells before the zooplankton’s feeding structure can adapt
to smaller prey cells, there will be a decoupling between the sizes of prey and
predator. Consequently, there will be an accumulation of non-grazed biomass
in the euphotic zone and a reduction in the amount of particles that could have
potentially been exported to the mesopelagic via fast-sinking faecal pellets
egested by zooplankton (Lam et al., 2011) (+).

• Reduced O2 levels in the water column (triggered by an increase in stratification in a
warmer ocean) will affect (i) respiration and (ii) zooplankton diel vertical migration
(DVM) (DeVries and Weber, 2017; Laufkötter et al., 2017; Cram et al., 2018).

– (i) Increased stratification, and thus reduced ventilation of the ocean interior,
will increase deoxygenation and the expansion of hypoxic waters, poisonous for
aerobic metabolism (+); but it could also have POC preserved by depressing
heterotrophic respiration (−).
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– (ii) Zooplankton, limited by the availability of O2, will get confined to better
ventilated waters, which are shallower. Heterotrophic respiration will increase
in surface layers (+) as well as the production of compact faecal pellets (−).

• Increased light availability and nutrient stocks (due to melting of sea ice in a warmer
world) will affect NPP.

– (i) A lesser extent of sea ice cover will increase light penetration, and thus light
availability in the surface ocean. That will boost NPP (−) and the growth of
larger phytoplankton species (diatoms), with higher light requirements than
smaller species (Marañón, 2009) (−).

– (ii) Melting of the ice will release nutrients into the water, boosting NPP in
the short term (−). But, in the long term, nutrients stripped out from the
surface ocean and not replenished will drive phytoplankton to starvation (+).

– (iii) The input of freshwater (meltwater runoff), which is more buoyant than
seawater, will weaken vertical mixing, causing shoaling of the mixed layer depth
and confining phytoplankton even closer to their light source (the uppermost
surface ocean) (−).

1.1.4.1 The scientific and the public response

Our inability to resolve the direction of change in the BCP-mediated sequestration of
atmospheric CO2 has made of this an active area of ocean research in the past 30 years
(Boyd and Trull, 2007; Jin et al., 2020), with major ocean POC flux surveys starting
in the 1980s (VERTEX8) and 1990s (JGOFS9). Since then, progress has been made in
three key areas: (i) advancing our understanding of the climate-sensitive mechanisms
that control the efficiency of the biological pump of POC to the deep ocean through
mesocosm experiments, field campaigns and numerical modelling (Doney et al., 2002;
Ito and Follows, 2005; Boyd and Trull, 2007; Buesseler et al., 2007b; Sanders et al.,
2016; Siegel et al., 2016; Boyd et al., 2019; Henson et al., 2019; Le Moigne, 2019);
(ii) improving the various technological equipment that sample the ocean to obtain a
wider coverage and more reliable measurements that allow intercomparison between
methodologies (Bisson et al., 2018; Giering et al., 2020), and (iii) improving the still
crude representation of ocean biology in Earth system models (ESMs), including those
used by the IPCC (Séférian et al., 2013, 2020; Moore et al., 2018; Cavicchioli et al.,
2019; Stock et al., 2020). In that light, several interdisciplinary field programs, like

8Vertical Carbon and Exchange (Martin et al., 1987).
9Joint Global Ocean Flux Study (Doney et al., 2002).
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the NASA’s EXPORTS10 (U.S.), COMICS11 (U.K.), GOCART12 (U.K.), CUSTARD13

(U.K.), FLUXES (Spain), WHOI’s Ocean Twilight Zone14 (U.S.), and more, have taken
off in the past five years to provide an increased number of observations and improved
observational technologies, and platforms like JETZON15 have been created to improve
data sharing. This thesis is part of COMICS (Controls over Ocean Mesopelagic Interior
Carbon Storage, NE/M020835/2), a large grant project funded in 2015 by the Natural
Environmental Research Council (Sanders et al., 2016). It aims to achieve a mechanistic
understanding of the key processes that control mesopelagic carbon remineralisation,
both from an observational and modelling perspective.

The situation has also raised public awareness. Our incomplete understanding of
ocean biological CO2 sequestration poses a drawback for improving the estimates of the
relative partitioning of carbon between the ocean and the atmosphere in future climatic
scenarios and paleoenvironmental reconstructions (Heinze et al., 2015; Jin et al., 2020).
That is a necessary step to inform the public of the appropriate socioeconomic strategies
to be taken to reduce our footprint on the ocean system and mitigate the adverse effects
of a weaker BCP. In 2009, the United Nations Environment Programme (UNEP) coined
the term “blue carbon” to refer to the carbon sequestered by marine ecosystems via the
BCP (Nellemann et al., 2009, UNEP). It brought to light that half of the carbon captured
by photosynthesis globally is blue carbon, and most of it is sequestered around the coasts,
with their enhanced primary production and advective waters. That highlighted to the
world’s governments the essential ecosystem service the oceans provide by sequestering
atmospheric CO2 through the BCP and the importance of adequately managing coastal
ecosystems –amongst others– to slow down climate change.

1.1.5 Metrics to characterise the BCP

The gravitational pump is the most studied BCP mechanism to date (Boyd et al., 2019)
and the one for which metrics have been defined to quantify the sequestration of biogenic
carbon. Three main types of metrics exist.

• According to the “strength” of the BCP, which is set in the surface ocean, and
corresponds to the amount of POC exported from the surface to the mesopelagic
ocean. It is measured by the metric particle export efficiency (PEeff, after Buesseler
and Boyd, 2009).

10https://oceanexports.org
11https://www.comics.ac.uk
12https://projects.noc.ac.uk/gocart/
13https://roses.ac.uk/category/custard/
14https://twilightzone.whoi.edu
15www.jetzon.org

https://oceanexports.org
https://www.comics.ac.uk
https://projects.noc.ac.uk/gocart/
https://roses.ac.uk/category/custard/
https://twilightzone.whoi.edu
www.jetzon.org
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• According to the “efficiency” of the BCP, which is set in the subsurface ocean, and
has four complementary views in the literature: (a) how much of the POC exported
survives respiration in the mesopelagic, measured by the metric transfer efficiency
(Teff, after Buesseler and Boyd, 2009), (b) how deep POC penetrates the subsurface
ocean before being respired, measured by the metric remineralisation length scale
(z∗, after Lutz et al., 2002), (c) the rate of attenuation of POC flux in the subsurface
ocean, measured by the metric Martin’s b (after Martin et al., 1987), and (d) the
association of POC with ballast minerals, measured by the metric POC/PIC ratio
(after Armstrong et al., 2002) and bSi/PIC ratio (after Honjo et al., 2008).

• According to the “fate” of the exported carbon, which is determined by the particle
size distribution (PSD) and is measured by the slope of that distribution (ξ, after
Guidi et al., 2009).

A strong and efficient BCP sends more atmospheric CO2 to the deep ocean via fast-
sinking organic particles that escape remineralisation/disaggregation/solubilisation and
thus reach deeper depths. The fate of the carbon is intimately associated to the size
of the carrier particles, with different sizes having a different life history. In the next
Secs. 1.1.5.1–1.1.5.6, I describe the metrics aforementioned (PEeff, Teff, Martin’s b, z∗,
POC/PIC, bSi/PIC and ξ), which will be used in this thesis to characterise the BCP.

This thesis uses specific terminology to refer to ocean depths, which I want to clarify
before moving on. Surface ocean is used as a synonym of euphotic zone (depth of 1% of
incident irradiance), epipelagic ocean or the first ∼100 m of the water column. Subsurface
ocean is the water column that lies below the surface ocean and I also refer to it as the
ocean interior. Mesopelagic ocean is that section of the ocean interior between 100–1000 m
and is also known as twilight zone. Lastly, bathypelagic ocean is the section of the ocean
interior below the mesopelagic (< 1000 m) and I frequently refer to it as the deep ocean.

1.1.5.1 The particle export efficiency (PEeff)

Particle export efficiency (PEeff)16, is the fraction of NPP that leaves the base of the
euphotic zone (z0) as POC flux (F ),

PEeff = F (z0)
NPP

, (1.2)

where F (z0), the POC flux leaving the base of the euphotic zone, is often referred to as
export production or POC export flux. Areas with a strong BCP are those with a high
PEeff, where most of the new particles produced by NPP events leave the surface ocean
intact, as sinking POC. PEeff ranges globally from 0.02 to 0.96 (depending on the reference

16PEeff has various synonym terms in the literature: particle export ratio, pe-ratio, p-ratio or e-ratio.
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surface ocean depth, Buesseler et al., 2020b), meaning that as little as 2% and up to 96%
of the depth-integrated NPP leaves the surface ocean. PEeff is typically low in subtropical
and tropical areas because of the high temperatures facilitating the remineralisation of
POC in the surface layer (Henson et al., 2012; DeVries and Weber, 2017). On the contrary,
PEeff seems to be high in the high-nutrient, low-chlorophyll (HNLC) regions (Southern
Ocean, subarctic North Pacific and the eastern equatorial Pacific)17, where cool advective
waters might be tempering the surface ocean, reducing the decomposition of POC.

1.1.5.2 The transfer efficiency (Teff)

The transfer efficiency (Teff) is the fraction of POC export flux (F (z0)) that survives
attenuation above a reference ocean interior depth, typically 1000 or 2000 m,

Teff(z0 → 1000 m) = F (1000)
F (z0)

. (1.3)

Ocean regions with an efficient BCP are those with a high Teff, where most of the POC
exported from the surface ocean reaches the deep ocean intact, having escaped mesopelagic
remineralisation (conversion of POC to DIC) and solubilisation/disaggregation (conversion
of particulate matter to dissolved matter) during downward transport. According to some
modelling studies (Marsay et al., 2015; Weber et al., 2016; DeVries and Weber, 2017),
global Teff values seem to correlate positively with NPP and negatively with temperature,
following this gradient (from high to low Teff): polar regions > tropics > subtropical
gyres. That distribution shows that carbon exported in polar and tropical regions is
stored for longer in the deep ocean, constituting that a more efficient BCP.

1.1.5.3 The rate of attenuation of POC flux with depth (Martin’s b)

An efficient BCP has a low vertical attenuation of POC flux, so that most of the POC
export flux reaches the deep ocean. A marine POC flux profile has a decaying shape with
depth and it typically shows two sections: in the upper 1000 m of the water column, an
exponential decrease, and beneath 1000 m, the decrease becomes asymptotic (Fig. 1.5).
That shape implies that most of the attenuation occurs < 1000 m, and what passes that

17High-nutrient, low-chlorophyll (HNLC) regions are repleted with surface macronutrients but,
paradoxically, phytoplankton biomass (or chlorophyll) remains low all year round. HNLC areas cover ∼30%
of the world’s oceans and consist of three upwelling regions: the open subarctic North Pacific, the eastern
equatorial Pacific and the ice-free region of the Southern Ocean. Martin and Fitzwater (1988) suggested
that the relatively low productivity in HNLC regions is due to the low availability of micronutrient iron.
That happens because HNLC areas are remote offshore provinces far from continental aeolian iron inputs.
Iron is an indispensable micronutrient for phytoplankton growth and it is found primarily in the catalytic
centres of enzymes. Iron scarcity knocks out larger phytoplankton species, with higher nutrient, and thus
iron, requirements. Alongside the low levels of iron, there are high levels of zooplankton grazing that
crop small phytoplankton biomass (Frost, 1991). The dual control iron–zooplankton grazing (so-called
“ecumenical iron hypothesis” after Morel et al., 1991) keeps phytoplankton, and thus chlorophyll levels,
low, and leaves a large stock of surface macronutrients unused.
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threshold depth mostly reaches the seafloor. A common practice in biogeochemical models

to approach the attenuation of POC flux along depth is by fitting the power-law model

proposed by Martin et al. (1987), known as the “Martin curve” (Eq. 1.4 and Fig. 1.5),

F (z) = F (z0) (
z

z0
)
−b

, (1.4)

where F (z) (mg C m−2 d−1) is the POC flux at depth z (m), z0 (m) is the base of the

euphotic zone (usually taken to be the fixed depth of 100 m, Buesseler et al., 2020b)

and b is the dimensionless exponent of the power-law and corresponds to the slope of

the attenuation curve of the POC flux.
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Figure 1.5. Schematic representation of a generic Martin curve and its effects on atmospheric
pCO2 depending on the slope, b, of the curve. Zoomed in is an underwater image of marine
particles (image credit: BBC Blue Planet II series). z0 is the base of the epipelagic, or euphotic,
zone; z∗ is the remineralisation length scale; POC is particulate organic carbon; BCP is biological
carbon pump. Export flux is the name given to the flux of POC below the epipelagic (∼100 m, 1%
incident irradiance), sequestration flux is the flux of POC below the mesopelagic (∼1000 m, nitrate
maximum and the greatest extent of vertically migrating zooplankton) and burial is the flux of
POC to the sediments (∼3500 m). Those three types of fluxes equilibrate at different timescales
depending on the latitude: POC is exported from the epipelagic in a matter of weeks to decades,
POC is sequestered in a matter of centuries and POC is buried in a millennium/geologic timescale.
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The exponent b is known as the “Martin’s b” (or just b) and describes how quickly the
export flux is attenuated with depth, being essentially a metric for the attenuation rate of
POC flux with depth, dF (z)

dz . Higher values of b mean that most of the remineralisation
happens at shallower depths, and thus the attenuation rate of POC flux with depth is
high, with potential impacts on atmospheric pCO2 (Kwon et al., 2009; Wilson et al., 2019).
In many studies, b is assumed to have a global average value of 0.858 (after the dataset of
Martin et al., 1987) and ranges regionally from 0.20 to 2.0 (Francois et al., 2002; Henson
et al., 2012; Marsay et al., 2015). There are two main schools of thought regarding the
global ocean spatial patterns of b and Teff (summary in Table 1.2).

• School of though of Henson et al. (2012): high Teff, along with low b, are expected
in the oligotrophic ocean (supported by Buesseler and Boyd, 2009; Guidi et al.,
2009; Lam et al., 2011; Lima et al., 2014; Guidi et al., 2015). Henson et al. (2012)
argue that higher Teff along with lower b observed in low-latitude, oligotrophic
systems are attributed to a higher recycling ecosystem in the upper ocean due
to the tight coupling between phytoplankton and zooplankton growth. Thus,
zooplankton quickly graze phytoplankton cells, which never enter a bloom phase
(low PEeff). Zooplankton grazing packages phytoplankton cells into compact, fast-
sinking faecal pellets (so-called “packaging effect”), which explains the high Teff

to the ocean interior. Phytoplankton communities in oligotrophic ecosystems are
dominated by picophytoplankton and coccolithophores. Those cells are less labile
than high-latitude dominating diatoms, thus more difficult to digest. Consequently,
organic carbon decomposes more slowly and the attenuation of the flux is slower,
which explains the low b associated with the high Teff. Opposite to the regime of
oligotrophic systems is that of high-latitude, blooming systems (high PEeff). There,
the phytoplankton community is dominated by the more labile diatoms (resulting
in high b) and there is decoupling between the accelerated phytoplankton growth
and zooplankton grazing, where blooming diatoms outpace zooplankton, and a lot
of material that had potential to sink fast as faecal pellets is left ungrazed (low
Teff). Overlapping with that division oligotrophic/blooming systems, the so-called
“ballast effect” could also be at work by favouring higher transfer of carbonate-rich
particles (those that contain coccolithophores) vs slower transfer of the less dense
opal-rich particles (those that contain diatoms).

• School of thought of Marsay et al. (2015): low Teff, along with high b, are expected
in the oligotrophic ocean (supported by Weber et al., 2016; DeVries and Weber, 2017;
Cram et al., 2018). Marsay et al. (2015) and supporting studies argue that the lower b
(or, conversely, higher Teff) observed in high-latitude and equatorial upwelling regions
is due to the lower temperatures. In those colder regions, heterotrophic respiration
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in the upper water column is lower, which attenuates POC more slowly (low b).
At the same time, the larger size of the exported particles (large phytoplankton
cells) contributes to a stronger transfer to deeper depths (high Teff). In subtropical,
oligotrophic systems, the reverse pattern is observed: higher respiration rates due to
warmer temperatures result in higher b values, and the smaller size of the exported
material results in a lower Teff.

Table 1.2. Henson et al. (2012) vs Marsay et al. (2015) paradigms on the downward transfer
of POC flux as characterised by b, z∗, PEeff and Teff. Oligotrophic refers to the nutrient-poor
regions of the ocean, i.e., the subtropical and tropical open ocean, and eutrophic refers to the
nutrient-rich regions, i.e., high-latitude regions and the upwelling equatorial Pacific. The size of
picophytoplankton is 0.2–2 µm in diameter, nanophytoplankton (coccolitophores) are 2–20 µm
and microphytoplankton (diatoms) are 20–200 µm.

Henson et al. (2012) Marsay et al. (2015)

Oligotrophic Eutrophic Oligotrophic Eutrophic

Phytoplankton
composition

Nano/pico- sized,
CaCO3-rich

Micro- sized,
opal-rich

Nano/pico- sized,
CaCO3-rich

Micro- sized,
opal-rich

b ↓ ↑ ↑ ↓
z∗ ↑ ↓ ↓ ↑
PEeff ↓ ↑ ↓ ↑
Teff ↑ ↓ ↓ ↑

Two critiques can be made to the former two positions. Firstly, Henson et al. (2012)
and Marsay et al. (2015) paradigms are based on curve-fitting procedures of average data.
Therefore, they do not capture the seasonal differences of of the ecosystems, where intra-
annual variability in a given location can be larger than regional differences (Buesseler
and Boyd, 2009). Secondly, Henson et al. (2012) and Marsay et al. (2015) studies are held
on the depth range over which POC flux observations have been made, which is the upper
2000 m for Henson et al. (2012) vs the upper 500 m for Marsay et al. (2015). Reliance on
deep observations (2000 m) neglects the upper water column, where most of the respiration
occurs, but reliance on shallower measurements (500 m) misses the attenuation mechanisms
that occur deeper in the water column, like zooplankton-mediated disaggregation (Briggs
et al., 2020). Therefore, one could argue that Henson et al. (2012) and Marsay et al.
(2015) miss the mechanisms that control POC flux attenuation, and what they capture is
just the plain attenuation of POC flux at two different water column sections.

Buesseler and Boyd (2009) developed another body of theory to highlight the role of
the seasonality of the ecosystem in the transfer of POC to the deep ocean, as illustrated
in Fig. 1.6. As can be seen, the strength and efficiency of the BCP change for a given
location throughout the year (KIWI, OSP, K2). The seasonality (the composition of
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phytoplankton species in terms of their size), the bloom stage, and the nature of particle

degradation (solubilisation, respiration and fragmentation by zooplankton) determine

the overall strength and efficiency of the BCP and its regional variability. Buesseler and

Boyd (2009) also challenge the ballast hypothesis. They argue that the site with the

strongest and most efficient BCP, the northern North Atlantic (represented by NABE in

Fig. 1.6), has a pump driven by diatoms, and thus dominated by opal, instead of CaCO3,

as would be expected by the ballast hypothesis (Klaas and Archer, 2002).

Figure 1.6. Buesseler and Boyd
(2009)’s empirical relationship be-
tween transfer efficiency, Teff, and
particle export efficiency, PEeff.
Low Teff are indicative of high
attenuation of POC flux in the
mesopelagic and low PEeff are
indicative of high attenuation of
POC flux in the euphotic zone.
The circle sizes are proportional
to NPP in the ocean sites, which
are located in the NE Atlantic
(NABE), Antarctic (KIWI), NW
Pacific (K2), subarctic NE Pa-
cific (OSP), subtropical Pacific
(ALOHA) and tropical Pacific
(EqPac). A number is added in
between parentheses for a site
that has more than one sample
represented. The contour lines
from 1 to 40% show the fraction
of NPP that reaches a depth
100 m below the euphotic zone.
Source: redrawn from Buesseler
and Boyd (2009).
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The Martin curve (Eq. 1.4), despite originally being derived empirically to a local

dataset of few18 sediment traps in the oligotrophic NE Pacific, is of widespread use because

it offers a simple relationship between POC flux and depth. Thus, it has been assumed

to have global application and has been adopted as the gold standard equation in 3-D

models of the marine carbon cycle (e.g., Gnanadesikan et al., 2004; Najjar et al., 2007;

DeVries et al., 2012; Bernardello et al., 2014; Maerz et al., 2020; Omand et al., 2020) and

observational studies (e.g., Lampitt and Antia, 1997; Francois et al., 2002; Honjo et al.,

2008; Henson et al., 2012; Guidi et al., 2015; Marsay et al., 2015) to calculate subsurface

POC fluxes and thus obtain distribution of particle fluxes, remineralised nutrients and

respiration rates in the water column. Nevertheless, it is possible to find a mechanistic
18A total of 87 flux observations in the upper 2000 m of the water column.
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(i.e., from first principles) derivation of the Martin curve using the advection-diffusion-
reaction equation of a tracer (see Appendix A). It can be shown that b can be derived
assuming steady state and that particle sinking velocity increases linearly with depth –a
reasonable assumption considering that, as particles sink, they accumulate more mineral
materials that get sorbed into them and add ballast. The faster the particle sinks, the
more chances to escape remineralisation by bacteria or zooplankton. Thus, a low b (low
attenuation of POC flux at the subsurface ocean) could be achieved either by a low
remineralisation rate or by a high particle sinking velocity.

But the Martin curve has also had its detractors. Lutz et al. (2002) and Armstrong
et al. (2002) were the first to disapprove of it because it had been derived from not
too deep (> 2000 m) sediment traps, thereby underestimating the flux in the deep
ocean. Lutz et al. (2002) proposed an exponential fit for the attenuation of POC flux
with depth (see Sec. 1.1.5.4 below) and Armstrong et al. (2002) proposed a “ballast
model” where POC flux is modelled alongside ballast mineral flux. In any case, the
interest of oceanographers in empirical fits to the relationship POC flux vs depth dates
from the beginning of the 1980s, before the seminal work of Martin et al. (1987) and,
as a result of that, today we have a range of functions modelling the attenuation of
POC flux with depth: from power-law (e.g., Betzer et al., 1984; Martin et al., 1987;
Pace et al., 1987; Antia et al., 2001) and exponential equations (e.g., Lutz et al., 2002;
Boyd and Trull, 2007), to rational equations (e.g., Suess, 1980) and ballast equations
(e.g., Armstrong et al., 2002; Francois et al., 2002).

All those models, although empirically derived, have been found to have distinct
mechanistic interpretations (see synthesis of Cael and Bisson, 2018), be that sinking
velocity is constant with depth (exponential model), that remineralisation is a second-
order kinetic process (rational model) or that mineral components add more ballast and
protection from bacteria (ballast model). But here is the problem: although all those
equations are based on different mechanistic assumptions, they seem to fit equally well a
given set of local observations (Gloege et al., 2017; Cael and Bisson, 2018). Consequently,
it is not possible to identify characteristic sets of mechanisms controlling POC flux for
given locations. More concerning is that when those equations (with an equally good fit
locally, but based on different mechanisms) are used in ESMs to make future projections
of atmospheric pCO2 , they yield different estimates of pCO2 (Lauderdale and Cael, 2021).
Antia et al. (2001) expressed that the quest for a universal fit of POC flux with depth would
prove difficult. Such a general equation would assume some common, universal underlying
mechanisms processing the material that rains from the euphotic zone, something that
it is well known not to hold true; contrasting regional differences exist in the ocean, for
instance in terms of mode of export (bloom-pulsed, eutrophic systems vs more stable,
oligotrophic systems, e.g., Lampitt and Antia, 1997) and mineral composition of the
particles (opal vs carbonate ocean, e.g., Honjo et al., 2008).
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1.1.5.4 The remineralisation length scale (z∗)

The depth by which most of the POC flux (specifically, 63% of it) has already been
remineralised in the water column is known as remineralisation length scale (z∗, an e-
folding length scale). Lutz et al. (2002) derived z∗ empirically from an exponential
fit to POC flux data as

F (z) = F (z0) e−(z−z0)/z∗ . (1.5)

Nevertheless, a mechanistic derivation for z∗ can be found from the advection-diffusion-
reaction equation after assuming constant sinking speed with depth (see Appendix A).

The POC flux parameters z∗ and b offer complementary information. An efficient
BCP is such with an associated b that is low or, complementarilly, with a z∗ that is
high. The lower the b, the lower the POC flux attenuation rate over depth implying
that, at any depth horizon, less POC has already been remineralised, and that there is
more POC intact. Consequently, relatively more material will be remineralised at deeper
depths than at shallower depths, thus increasing z∗. A deeper z∗ means that CO2 is
returned to poorly ventilated, deep waters, for which it takes more time to outgas to the
atmosphere, and therefore increase atmospheric pCO2 . Corollary: a high z∗ and a low b
correlate with a low atmospheric pCO2 and, thus, with an efficient biological pump of
carbon to the deep ocean (Kwon et al., 2009; Marsay et al., 2015).

1.1.5.5 Ballast minerals and the POC/PIC and bSi/PIC ratios

Since POC is a labile material and is almost neutrally buoyant19, it must be associated
with heavier materials, called ballast, to settle gravitationally in the ocean water column.
Two biogenic minerals serve as ballast: biogenic silica (bSi)20 in diatom frustules (mainly)
and radiolarian tests (secondarily), and CaCO3 in coccoliths (mainly), foraminiferal tests
and pteropod shells (secondarily). Three seminal papers published in 2002 around the
ballast hypothesis (Armstrong et al., 2002; Francois et al., 2002; Klaas and Archer, 2002)
advocated that since CaCO3 is denser than bSi (2.9 vs 1.921 g cm−3), it must be globally
the most important facilitator of POC transfer to the deep ocean.

PIC, or the carbon in CaCO3, is primarily produced in the ocean by coccolithophores,
which are thought to enjoy good growing conditions in warmer, less seasonal, low-latitude
systems. In those systems, PIC might increase Teff to the deep ocean compared to
high-latitude systems, where coccolithophores are less abundant (Lam et al., 2011; Henson
et al., 2012). But, despite calcification dominates biomineralisation in low latitudes, PIC

19POC density, 1.06 g cm−3, is only a little higher than that of seawater, 1.03 g cm−3.
20Also termed biogenic opal, or just opal.
21Density corresponding to hydrated amorphous silica, SiO2·0.4H2O.
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flux does not correlate with POC flux at export depth (Lam et al., 2015). Correlation
is only found in sediment traps > 1000 m, and the correlation is higher for CaCO3

than for bSi fluxes (Klaas and Archer, 2002). Although correlation does not mean
causation, that observation is the one in which the ballast hypothesis is supported.
According to Klaas and Archer (2002), bSi is produced by diatoms and, if it were the
main ballast material, POC fluxes would present a pattern correlating with diatom
abundance, which is not observed in sediment trap data nor modelling studies (Henson
et al., 2012; Lam et al., 2015; Weber et al., 2016).

Be PIC or be bSi the main carrier of POC in the sinking flux, ballast minerals affect
Teff. Furthermore, their relative contribution to POC flux reveals information on the
mechanisms that control the transfer of POC flux to the deep sea, either by increasing
the density of particles and, therefore, their sinking velocity (Klaas and Archer, 2002),
or from protecting soft organic matter (OM) from particle-attached bacteria (Francois
et al., 2002). Honjo et al. (2008) used the POC/PIC ratio along with the bSi/PIC ratio
at 2000 m to draw the line between two ocean BCP regimes, with different efficiency
considering the main ballasting material: (a) the “silica ocean”, where those ratios are
≥ 1 and covers 20% of the world pelagic ocean, including the North Pacific Boreal Gyres
and the Antarctic Zone in the Southern Ocean, and (b) the “carbonate ocean”, where
molar POC/PIC and bSi/PIC flux ratios at 2000 m would be < 1, and applies to the 80%
of the ocean. In the silica ocean, few carbonate particles are available to ballast POC
and a massive export of opal assumes the ballasting role for CaCO3. The BCP sequesters
more carbon in the silica ocean than in the carbonate ocean because the BCP exports
lots of POC with little loss of alkalinity from the surface (Honjo et al., 2008).

1.1.5.6 The slope of the particle size distribution (ξ)

In observational studies, particulate fluxes have been typically calculated by normalising
the weight of the material collected by the sediment trap to the trap collection area
and deployment time. However, larger and fluffy aggregates, which make up the largest
fraction by volume of the sinking POC flux, are difficult to collect and study from the
trap samples as their fragile nature leaves them reduced into mush (Guidi et al., 2008).
Nevertheless, advances in in situ imaging techniques in the past 20 years (Guidi et al.,
2008; Stemmann and Boss, 2012) have made possible studying aggregate sizes from images
and producing particle size distributions (PSDs) that can be used to calculate carbon
fluxes as the product of particle concentration per size class × mass × average sinking
velocity22(Guidi et al., 2008; Stemmann et al., 2008).

22Particle sinking velocities are difficult to estimate accurately (McDonnell and Buesseler, 2010). A
common method to estimate particle sinking velocities is with the help of sediment traps moored in
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Particle size data are necessary to better understand the fate of carbon fluxes in the
ocean (Guidi et al., 2009; Stemmann and Boss, 2012; Sanders et al., 2014; DeVries and
Weber, 2017; Bach et al., 2019) as it appears that the distribution of the mass flux into size
classes provides information about the processes forming/consuming the aggregates and
the transfer of material along with size classes. For instance, PSDs can reveal processes like
faecal pellet production after zooplankton grazing events or TEP-mediated coagulation
of particles, all of which increase the average size of a particle by transforming small
particles into larger, rapidly sinking ones, thus increasing POC flux to the deep ocean.
Conversely, microbial degradation or zooplankton fragmentation decrease the average
size of an aggregate, thus reducing POC flux to the deep ocean.

Nowadays, marine particle size data can be readily accessed from the global database
EcoTaxa and its Particle module23. It is a collaborative platform and repository where
particle size measurements come from the UVP (Underwater Vision Profiler, sees in the
size range 60–10,000 µm) and the LISST (Laser In Situ Scattering and Transmissometry,
sees in the size range 1–500 µm) instruments (see reviews of Stemmann and Boss, 2012;
Giering et al., 2020). From the data on particle sizes and abundances, PSDs can be built as

N(d) = N0 (
d

d0
)
−ξ

, (1.6)

where N(d) is number of particles per volume of seawater normalised by the particle size
range d (num.L−1 µm−1), or number spectrum for short; N(d0) is particle concentration
at reference diameter d0 (commonly taken to be the smallest size category “seen” by the
imaging system); ξ is the dimensionless slope of the distribution. The spectral slope has
a negative value meaning that the particle count decreases with increasing size following
a power-law. Indeed, large particles have a smaller contribution to POC fluxes in terms
of total mass and particle count (Sheldon et al., 1972). ξ varies widely regionally, in time
and with depth, ranging between 5 and 2 (Guidi et al., 2009), where 5 entails a steeper
slope, and indicates a large proportion of smaller particles in the flux, whereas 2 indicates
a less higher count of small particles in the flux (but still more abundant than larger ones).

The value of ξ can be typically calculated using UVP data (Guidi et al., 2008; Cram
et al., 2018), but it has also been determined from satellite backscattering observations at
multiple wavelengths (Kostadinov et al., 2009) and in models (DeVries et al., 2014). It
has been found that ξ is steepest (higher) in the subtropical oligotrophic areas, implying
a dominance of smaller particles (i.e., picophytoplankton and coccolithophores), whereas
ξ is more even in higher latitudes, implying a relatively higher concentration of larger
particles (i.e., diatoms) (Kostadinov et al., 2009; DeVries et al., 2014; Cram et al., 2018).
different water depths (Berelson, 2002). However, the method suffers from this (wrong, but necessary)
assumption: that the ocean is in steady state and, thus, that flux that leaves some surface depth (where
the upper trap is) sinks to some deeper depth (where the lower trap is) at a constant speed, vertically
(as in a funnel) and not being affected by sinks (remineralisation losses, advection) nor sources (lateral
influxes from exogenous material) (Berelson, 2002; Giering et al., 2017). Nothing far from reality.

23http://ecotaxa.obs-vlfr.fr/part/

http://ecotaxa.obs-vlfr.fr/part/
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1.2 Research problem

The observational community has not agreed yet on a common spatiotemporal framework
for sampling POC flux. In the meantime, the modelling community is still coming to terms
as to what is the best mathematical treatment for the rate of attenuation of POC flux
with depth. Those two aspects combined have created sound incongruities in published
results of the BCP’s magnitude and efficiency. To cite some.

• Prescription of a spatially uniform b in many global biogeochemical models –e.g., b =
0.97 in Kwon and Primeau (2008), b = 0.86 in Bernardello et al. (2014) and the
CMIP2 (Najjar et al., 2007), b = 0.82 in DeVries et al. (2012) or b = 0.40 in Aumont
et al. (2015). In reality, it is well documented that b is highly variable in space
(trophic region) and time (season), by up to an order of magnitude global wide
(Henson et al., 2012; Guidi et al., 2015; Weber et al., 2016).

• Conflicting global patterns of b and Teff (i.e., school of thought of Henson et al.
(2012) vs school of thought of Marsay et al. (2015)), which arise due to the use
of observational data sets of POC fluxes collected in different sections of the
water column, different moments of the year and with different technologies24. The
variability in calculated b introduced by differing sampling times and depths is called
extrinsic variability and comes from: (i) sampling campaigns carried before or after
the bloom period and thus collecting data with different degrees of representativity
of the annual cycle (Buesseler and Boyd, 2009; Lam et al., 2011), (ii) the inconsistent
definition of the deep ocean as the 500, 1000 or the 2000 m depth (Marsay et al.,
2015), (iii) different treatment of the definition of the reference depth used to
calculate export flux in observational studies (which use the euphotic zone depth)
and modelling studies (which use the 100 m depth to facilitate the analyses) (Bisson
et al., 2018; Buesseler et al., 2020b), or (iv) the placement of the deep trap with
regard to the surface trap for a strategy of 1-D sampling of the water column,
avoiding lateral additions of materials (Siegel and Deuser, 1997). On the other hand,
intrinsic variability is inherent to the use of different observational technologies, from
sediment traps and radionuclide methods to emerging autonomous optical techniques
and satellite data products. Those differ in how well they capture different features
of the ecosystem: (i) resolution of the smallest possible particle seen or filtered,
(ii) distinction of living vs non-living material, (iii) maximum possible sampling
(or seen) depth or (iv) preservation of the vertical signal of POC flux, avoiding
additions from horizontal sources (not in equilibrium). Overall, the extrinsic and

24Examples of current in situ methods to measure POC flux: (i) gel-filled sediment traps, (ii) marine
snow catchers, (iii) UVPs, (iv) underwater cameras like P-cam and LISST-Holo, (v) backscatter sensors on
gliders and BGC-Argo floats, (vi) radioactive pairs disequilibrium (234Th and 210Po) and (vii) mesocosms.
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intrinsic factors result in undersampling and oversampling biases and yield POC
flux observations with a large error associated. Bisson et al. (2018) showed that,
locally, observed inter-annual monthly variations could be as large as the long-term
(climatological) monthly mean.

• Mismatching temporal scales between the data used to drive global models of the
BCP (climatological scales) and the POC flux data sets available to force/validate
those models (from punctual, short-term campaigns that miss most of the year’s
cycle) (e.g., Siegel et al., 2014; DeVries and Weber, 2017). There are only a few
long-term sediment trap measurements made over the globe, like those of BATS
and HOT. The use of short-term measurements to optimise global models of POC
flux, which use climatological scales, further contributes to the huge spread in the
estimates of modelled POC export fluxes, ranging 4–11 Gt C yr−1 (see Table 1.1).

• Uncertainty as to what should be the exact shape of the particle flux profile
(e.g., power-law, exponential, rational). Different shapes are statistically indistin-
guishable from the power-law Martin curve but carry different implications for flux
attenuation and the mechanisms controlling the BCP (Cael and Bisson, 2018).

• Imbalance between the metabolic demand supported by the exported POC flux and
the carbon demand of heterotrophic metabolism, which is two to three times higher
(Steinberg et al., 2008; Burd et al., 2010; Herndl and Reinthaler, 2013; Giering et al.,
2014).

Despite more than 30 years of field and modelling work on the BCP (Doney et al.,
2002), oceanographers still do not understand the exact operating mechanisms that relate
biogeochemical forcing to the attenuation rate of POC flux with water depth (Boyd and
Trull, 2007; Sanders et al., 2016; Siegel et al., 2016; Boyd et al., 2019). Several hypotheses
have been already formulated to link biogeochemical forcing to key parts of the BCP
–e.g., seawater temperature and O2 availability to remineralisation rates of organic carbon,
phytoplankton community composition to particle ballast, light and nutrient limitation
to the amount of exported material, or euphotic zone food-web dynamics to the degree of
packaging of the exported particles. Nevertheless, to build a mechanistic theory on the
controls of the biological pump of organic carbon to the ocean interior, a new generation
of modelling approaches and new observational technologies need to be developed (Bisson
et al., 2018; Cael and Bisson, 2018; Brewin et al., 2021).

Although many factors are intertwined in defining the pattern for the attenuation
rate of POC flux with depth (i.e., Martin’s b), the question can be vastly simplified
from the general agreement that b is dependent on the balance between particle sinking
velocity and the rate of organic carbon remineralisation (as per derivation of the Martin
curve from the advection-diffusion-reaction equation of a tracer, see Appendix A). Thus,
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fast-sinking particles, which are likely to reach greater depths before most of their organic
carbon is remineralised, and low levels of remineralisation favour the transfer of organic
carbon to the deep ocean (Sanders et al., 2014).

Figure 1.7. Schematic linking
the concepts of biological carbon
pump (BCP), proposed biogeo-
chemical controls, Martin’s b, at-
mospheric pCO2 , particle sinking
velocity and remineralisation rate.
Note that the ratio between the
particle sinking velocity and the
remineralisation rate is the metric
remineralisation length scale, z∗
(see Appendix A).

Biogeochemical controls
- temperature
- phytoplankton community composition
- oxygen levels
- nutrient and light limitation
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Current Eulerian biogeochemical models have proven successful in explaining the global
distribution of dissolved nutrients in the ocean. However, they are unsuited for improving
our understanding of the controls that affect the attenuation of particulated nutrients,
e.g., POC and PIC, which are Lagrangian in nature. Furthermore, the biogeochemical
modelling community has been using models based on an obsolete and parameterised
view of the BCP (the Martin curve) that needs to be replaced by a mechanistic one
that varies in space and time. The new mechanistic approach must put marine particles
–instead of dissolved tracers– at the centrepiece of the model, and consider particle
chemical composition, microstructure and its transformations (Burd et al., 2010; Sanders
et al., 2014; Boyd et al., 2019). This thesis precisely addresses the development of a
Lagrangian model of marine particles –the mechanistic units of the BCP– to provide a
Lagrangian-based parameterisation for the Martin’s b. It is expected that this method can
contribute to build a body of theory on the biogeochemical factors that control particle
sinking velocity and remineralisation rates, the two parameters that define b.

1.2.1 Marine particles, the mechanistic units of the BCP

To date, there are still no global biogeochemical models that approach the BCP as
an ensemble of Lagrangian, discrete particles that are tracked along the water column,
since they are created until they disappear. Current formulations are Eulerian and thus
model particulate matter as average concentrations in water volumes (that is discussed
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in Chapter 2). Consequently, the attenuation of POC flux with depth is simulated
coarsely, not considering that the particles responsible for the bulk of POC range from
a myriad of sizes (from < 1 µm to > 1 cm) and sinking velocities (< 1 m d−1 for small
algae to > 100 m d−1 for large marine snow, Stemmann and Boss, 2012). In Eulerian
models, POC fluxes are calculated from a few predefined particle sinking speeds and
then propagated to the ocean interior using empirical POC flux vs depth relationships
(e.g., Martin’s b) that are spatially uniform and lack mechanistic foundations. That
has lead to a considerable spread in the calculations of particle fluxes to the ocean
interior (as shown in Table 1.1).

That scenario conflicts with the widespread availability of supercomputers as well as
improved mathematical realisations to efficiently model millions of particles (Shima et al.,
2009). Nowadays, it is already possible to develop models that consider the millions of
particles that are in the ocean using Lagrangian descriptions and thus simulating the
BCP from a bottom-up approach (e.g., Jokulsdottir and Archer, 2016). To advance our
knowledge on the BCP-mediated sequestration of carbon in the ocean, marine particles
not only need to be put at the core of the mechanistic descriptions of the BCP, but need
to be related to the ecosystem that produces and transforms them correctly (Sanders
et al., 2016). The details of that relationship are not understood yet because in situ
data are difficult to collect, oceanographic fieldwork campaigns are expensive and the
ocean is a vast and variable system, altogether making in situ data scarce and patchy
(Boyd and Trull, 2007; Boyd, 2015).

Marine particles25 are at the core of the BCP and constitute its mechanistic units.
Particle attributes record the biogeochemical transformations that particles have undergone
throughout their life history, since they were created at the surface ocean until they
disappear as remineralisation, disaggregation and solubilisation attack the particulate
carbon and return it back into its dissolved form. To which extent each of those mechanisms
consume the particulate carbon and how their intensity is affected by the surrounding
biogeochemical conditions of temperature, O2 levels or phytoplankton community compo-
sition is a question that could be resolved by paying attention to how the particle attribute
“size” changes as the particle sinks (Weber et al., 2016; DeVries and Weber, 2017). Size is
a central property in ecology because it is a structuring dimension along which ecosystem
dynamics of various types can be projected (Stemmann and Boss, 2012, and references
therein): particle sinking velocity, amount of packaged nutrients, particle-to-particle
interactions (particle coagulation rates), particle-to-zooplankton encounters (zooplankton
encounter rates), extent of colonisation by bacteria, scavenging rates, etc. Thereby, a
model capable of resolving the size of the individual marine particles could provide an
improved perspective on the main mechanisms that control the temporal and spatial
variations of the downward flux of POC (Weber et al., 2016; DeVries and Weber, 2017).

25By definition, a particle is a solid body with a diameter > 0.2 µm.
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1.2.2 My approach: a mechanistic model of marine particles

Jokulsdottir and Archer (2016) built a 1-D model of Lagrangian marine particles called
SLAMS (Stochastic, Lagrangian Aggregate Model of Sinking particles), which provided
insights into how the physicochemical attributes of aggregates that coagulate and fragment
in a streamlined BCP had dependencies on sea surface temperature and the magnitude
and seasonality of primary production. SLAMS explicitly represented fluxes of particulate
materials allowing direct comparison to a growing number of such observations (e.g., Lutz
et al., 2002; Guidi et al., 2009). Mathematically, SLAMS is characterised by three aspects:
(i) it uses a Lagrangian framework, which tracks individual, discrete particles as they move
through the model space and calculates the physicochemical attributes of the particles
(e.g., mass, size, porosity, sinking velocity) at each point in space; (ii) it is a stochastic
model, which uses probabilities to make decisions about the outcomes of processes highly
uncertain, and uses the Monte Carlo method to sample the probability distributions of
such processes; (iii) the model is solved algebraically to focus on the value of a model
with a good compromise between time and memory costs.

The model presented in this thesis, SLAMS-2.0, expands the work of Jokulsdottir and
Archer (2016) by (i) improving the representation of phyto- and zooplankton types and
food web processes, (ii) adding more spatially varying forcing variables that control the
BCP (temperature, nutrients, oxygen, irradiance, mixed layer depth) and (iii) extending
the 1-D model grid to a global array.

1.3 Aim, objectives and research questions

The overall goal of this thesis is to improve our understanding of the mechanisms that
control the global pattern of Martin’s b, which characterises the attenuation of the
sinking flux of POC.

The specific objectives that will facilitate the achievement of that goal are:

• to develop a model of Lagrangian marine particles in the context of the BCP
(SLAMS-2.0) with simple dynamical rules and that is modular in design, creating
a virtual environment where particle processes and biogeochemical forcing can be
easily switched on and off to explore their effect on the pool of particles;

• to calibrate the model using available flux observations of POC, PIC and bSi for
contrasting ocean biogeochemical sites; and

• to apply the model to explore the biogeochemical (top-down) controls and particle
(bottom-up) controls on Martin’s b and Teff and help reconcile the two canonical
views on their global patterns, i.e., Henson et al. (2012) vs Marsay et al. (2015).
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This thesis is part of the COMICS project (NE/M020835/2) and contributes to
accomplishing the COMICS modelling objective: to extract from the ensemble particle
dynamics of SLAMS-2.0 a first-order relationship of the most relevant controls that
characterise the attenuation of POC flux with depth. Given the computational expense
of incorporating Lagrangian descriptions of particle dynamics in current ESMs, and
the need to overcome the use of prescribed attenuation rates (the Martin’s b), such
a simple functional form could be easily implemented in ESMs to govern the vertical
distribution of organic carbon in the ocean as a function of local forcing and improve
current estimates of the biological sequestration of POC.

SLAMS-2.0 is used to answer the following research questions.

• How relevant is the presumed dominant control of temperature on b through its
effects on the dynamics of marine particles?

• How relevant is the control of diatoms vs coccolithophores abundance (ballast
hypothesis) on the transfer of POC to the deep ocean?

• What are the physicochemical attributes that characterise the particles that reach
the deep ocean?

• What is the role of coagulation and zooplankton repackaging in the attenuation of
POC flux?

• How relevant are surface water conditions (primary production and phytoplankton
community composition) with respect to mesopelagic conditions (particle transfor-
mation processes) in characterising particle fluxes?
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2.1 A mechanistic model

I inherited the first version of my simulation, SLAMS-1.0, from Jokulsdottir and Archer
(2016). They built a particle-based simulation that routinely tracks biogenic marine
aggregates along the 1-D vertical scale of a motionless water column as they sink and engage
in particle dynamics, chemical and biological processes. The representation of the biology
and the physicochemical environment in SLAMS-1.0 was still rudimentary and did not offer
the whole picture of the proposed mechanisms controlling the BCP (see Fig. 1.7). The first
task of my thesis project was to continue developing SLAMS-1.0 into a more sophisticated,
or mechanised, simulation to answer the research questions laid out in Sec. 1.3.

I have developed SLAMS-2.0 to understand the particle attributes, the particle
dynamics and the biogeochemical factors that control the transfer of POC flux from the

35
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surface to the deep ocean. It is thus an explanatory model of the causal relationship

between particle and biogeochemical factors and their effects on the sinking flux of POC.

An explanatory model is a bridge built between the hypotheses that the researcher

wants to test and the observable measurements that the researcher has collected from

the literature. The model is the construct (the model equations, parameters and the

model forcing) that reflects the hypotheses to be tested. If it successfully represents the

observations, it is often assumed to inherently possess predictive power and, therefore, be

used to predict new, future or past observations, becoming a predictive model.

Models can be classified as empirical or mechanistic depending on how much we know

about the laws governing the causal factors. A mechanistic model of marine particles would

use equations for primary production, particle dynamics or zooplankton grazing based

on biogeochemical principles (laws). In the face of incomplete mechanistic knowledge,

one would build an empirical model, where equations are parameterised and bear no

relationship to underlying mechanisms. Published models of ocean biogeochemistry often

claim to be mechanistic when they are semi-empirical, or somewhere between empirical

and mechanistic. Whereas physical models of the ocean are derived from first principles,

to date there is still no holistic mechanistic view of the BCP, with all its components fully

mechanised, but only some, like the aggregation of sinking particles (Armstrong et al.,

2002; DeVries et al., 2014; Jokulsdottir and Archer, 2016; Maerz et al., 2020; Omand et al.,

2020). SLAMS-2.0 is a mechanistic description of marine particle dynamics in the context

of the BCP, where planktonic processes and particle interactions have been mechanised.

The degree of mechanisation stops at the particle level (it does not enter the enzymatic

level), and I do not have a food web structure self-regulated by evolutionary mechanisms

of competition and exclusion, like the trait-based model of emergent phytoplankton

communities of Follows et al. (2007) (the Darwin model).

The degree of mechanisation of a model is linked to the degree of complexity needed

in a model. How much complexity is needed for the model to have explanatory and

descriptive power is a topic that has been hotly contested in the literature (e.g., Flynn,

2003; Anderson, 2005; Friedrichs et al., 2007; Kriest et al., 2010; Ward et al., 2013, 2014;

Schartau et al., 2017). The answer is an open research question. It depends on various

aspects, namely: (i) the purpose of the model, that is, the hypothesis that needs to

be tested; (ii) how much resolution the research question needs, that is, the degree of

biogeochemical detail; (iii) how much data we have available to justify the choices made

in the model, so that the choices are not unfounded; and (iv) the portability of the model

to broader geographic scales, which requires more flexibility in model’s formulations.
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2.2 SLAMS’s approach to simulating marine particles

2.2.1 Lagrangian modelling

Lagrangian, and its analogous Eulerian, are two terms that come from the realm of fluid
dynamics and refer to two ways to sample the water. Whereas Eulerian measurements
are made over time from a fixed point in space, like bottom-moored sediment traps,
Lagrangian measurements are made by following a parcel of water as it moves over
time and space, using instruments like freely-drifting neutrally buoyant sediment traps.
Likewise, biogeochemical ocean models can be classified as Eulerian or Lagrangian
according to how the flux of particles is measured (Fig. 2.1).

Figure 2.1. Schematic of Lagrangian vs
Eulerian modelling perspectives of marine par-
ticles. Each squared cell represents a model
grid cell. Lots of Lagrangian particles move
through a fixed Eulerian spatial grid. In
the Eulerian scheme, the concentration of the
particulate tracer, C, is measured at each grid
cell, which implicitly assumes that the tracer is
homogeneously distributed across the cell and
each particle contributing to the concentration
has the same physicochemical characteristics.
In the Lagrangian scheme, each particle in a
cell is individually tracked. The concentration
of a specific material in a cell results from the
ensemble of particles, each carrying n moles of
the tracer.

Lagrangian
Particle A:
nA=nA(t)

1 A
x

Eulerian
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Eulerian biogeochemical models simulate the concentration of particulate tracers
over time and space at each model grid box (or cell) according to local environmental
conditions. Those tracers, like POC flux or phytoplankton biomass, are assumed to
be evenly distributed in the grid box and have the same physicochemical properties
throughout, which is the same as assuming that particles are all identical to each other
in the modelled water volume. Therefore, particles are modelled for each grid box as a
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continuum property of seawater by calculating the sources-minus-sinks (SMS) term of
the advection-diffusion-reaction equation of a tracer (Eq. 2.1).

∂C
∂t

= ∇ ⋅ (uC) + ∇ ⋅ (κ∇C) + SMS(C), (2.1)

where C is a tracer, or substance; u is 3-D velocity field; κ is the turbulent diffusion
coefficient, and SMS is the reaction sources-minus-sinks term.

In reality, there are not two particles alike in the ocean. Each particle has undergone
a unique life history that has left a characteristic imprint of properties such as material
composition, density, size and porosity. Thus, the Eulerian way of averaging entire
populations of dissimilar particles using a mean value and a unique variable (e.g., particle
size) leads to loss of descriptive power of the particle population that makes up the flux
of POC. The Lagrangian approach, instead, considers the entire population of individual
particles as well as all particle variables (or attributes) of interest, like size, porosity, density,
stickiness or sinking velocity. A Lagrangian model tracks each individual, discrete particle
as it moves throughout the model grid space, since it is created (e.g., as a phytoplankton
cell after primary production events) until it disappears (e.g., by remineralisation).
Consequently, the Lagrangian framework of SLAMS-2.0 simulates the chemical and
microstructural attributes of the individual particles at each point in the grid space
as they gravitationally sink and experience changes in their material composition by
biogeochemically interacting with their ecosystem (e.g., via coagulation, grazing, bacteria
attachment, dissolution below the lysocline, etc.). Each particle in the model space
has its associated set of equations describing the particle state. There are as many
equations per particle as attributes need to be modelled, where particle attributes are
calculated from first principles from the amount of material packed in the particle and a
particle shape descriptor. It can be easily seen that the Lagrangian approach becomes
computationally expensive when modelling thousands of particle histories. That is the
main reason why, to date, there are still no Lagrangian models of the planktonic system
coupled to ocean general circulation models (OGCMs). With billions of particles in the
ocean, a Lagrangian treatment of them needs to use computational tricks to achieve
computational economy. In the case of SLAMS-2.0, that trick is the super droplet method
of Shima et al. (2009), where clone particles are grouped into clusters whose number
keeps unchanged during coagulation (see Sec. 2.3.1.2 below).

The Lagrangian framework is regarded because particle macro properties such as
average sinking velocity, POC export flux or the rate of attenuation of POC flux with
depth (Martin’s b) emerge from the dynamics of the ensemble. Contrarily, in the Eulerian
framework those are parameterised. Usually, there are no more than a few prescribed
particle sinking velocities (e.g., Yool et al., 2013), or those can be altered with depth using
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depth-dependent functions, such as the Martin curve (Gloege et al., 2017). As a result,
either the diversity of marine particles is reduced to a few parameterised particle classes,
or macro properties like Martin’s b need to be imposed to calculate derived variables and
cannot be studied causatively to understand what mechanisms control them.

2.2.2 Governing equation in a particle-oriented model

The governing equation of a Lagrangian, particle-oriented model is a population balance
equation called the Smoluchowski coagulation equation (Smoluchowski, 1916) (Eq. 2.2).
A population balance equation describes how changes in the particle state (size, velocity,
chemical composition) propagate through the population of particles in time and space
as particles collide and coagulate, fragment, are digested, etc. It essentially describes
the spatiotemporal evolution of the population of particles. The rationale for Eq. 2.2
is as follows. Consider a dispersion of initially identical marine particles (i.e., primary
particles) where, after some time of coagulation, appear aggregates of various sizes and
with different particle concentrations associated to these sizes (e.g., Ni aggregates of
size ri, Nj aggregates of size rj ...),

∂N(rk, t)
∂t

= α
2 ∑i+j=k

β(ri, rj)N(ri, t)N(rj , t)

− αN(rk, t)
∞

∑
i=1
β(rk, ri)N(ri, t)

− w(rk)
z

N(rk, t)

+ SMS(rk, t).

(2.2)

where: N(rk, t) = particle number concentration (num.m−3) of an aggregate of radius rk
at time t, such that rk = ri + rj

β = coagulation kernel, i.e., number of particle pair collisions occurring per
unit volume and unit time (m3 s−1)

α = stickiness coefficient (unit-less, between 0 and 1)
w(rk) = sinking velocity of a particle of size rk
z = thickness of the water layer (or grid box)
SMS = biological sources-minus-sinks term

N(rk, t) is the time evolution of the average number concentration of particles of size
rk at a given time t and gets plotted as a particle size distribution (PSD). The first term
of Eq. 2.2 is the birth of particles of size rk as a result of coagulation of particles of sizes ri
and rj and the second term, preceded by a negative sign, is the death of particles of size
rk when coagulating with any other particles. Physical coagulation is the primary source
transferring particles from smaller to larger size classes in the surface ocean (Jackson
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and Burd, 2015). It is a two-step process involving (1) collision of particles brought
together by transport mechanisms (the coagulation kernel β denotes the intensity of
collision) and (2) coalescence of the particles if they remain stuck to each other after
collision (the stickiness coefficient, α, denotes the intensity of coalescence). The third
term in Eq. 2.2 is the gravitational sinking of particles, a loss term that happens when
big, fast-sinking particles (created from smaller ones) escape the depth interface, leaving
behind the smaller ones. The fourth term, the SMS, represents the addition or loss of
particles due to food web processes, like the production of faecal pellets (source), which
competes with coagulation in the formation of large aggregates (Jackson, 2001; Stemmann
et al., 2004), or remineralisation (sink), which degrades particles. Thus, there are three
processes in Eq. 2.21 competing in the particle distribution: coagulation, gravitational
sinking and biological sources and sinks of particles. The Smoluchowski equation shows
that coagulation is a density-dependent process (notice how the coagulation rates are
multiplied by N(rk, t)), which implies that it unfolds quickly, for instance during times
of high phytoplankton abundance.

The coagulation submodel of SLAMS-2.0 (after Jackson, 2001) is based on the
Smoluchowski equation, which is no more than a particle size distribution. But instead of
being solved numerically or analytically, the solution of the distribution is an emergent
property of the simulated Lagrangian particle dynamics.

2.2.3 Stochastic modelling and the Monte Carlo method

In stochastic simulations, the outcomes of processes that are highly variable are treated
probabilistically. For instance, in SLAMS-2.0, one of several processes that are modelled
stochastically is the seeding of phytoplankton functional types (PFTs), which has
four possible outcomes: (a) coccolithophores, (b) diatoms, (c) picophytoplankton and
(d) dinoflagellates (Fig. 2.2). If PFT seeding was treated deterministically, the outcome
(a, b, c or d) would be decided upon solving a phytoplankton growth-limited equation,
so that the PFT displaying the highest growth rate at that specific time step would be
chosen. In a stochastic, or probabilistic, treatment, the four possible solutions of the
growth-limited equation are first converted into relative frequencies2 and next sampled

1Eq. 2.2 is a modified version of the original Smoluchowski equation (1916), which has been expanded
to incorporate particle biogeochemical processes (i.e., SMS) after Burd and Jackson (1997); Jackson (2001);
Burd and Jackson (2009).

2The terms relative frequency, frequency and probability mean different things but sometimes are used
interchangeably. Frequency is how many times an outcome DO has occurred. It is a term reserved for
observed data, e.g., tossing a coin ten times and getting six heads gives a frequency of six (an absolute
number). Relative frequency is how often an outcome DO occurs. It is the absolute frequency divided by
the number of trials, e.g., 6/10 = 0.6 in the previous example. Probability is how many times we THINK an
event will occur. Probability is a term used for expected data, e.g., the probability of getting a head from
each coin flip is the number of outcomes we are interested divided by the number of possible outcomes,
1/2 = 0.5. The probability of an outcome A in an experiment is the limit of the relative frequency of the
outcome when the experiment is repeated an infinite number of times.
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lots of times based on computer-generated random numbers. Outcomes that are more
probable (i.e., have a higher relative frequency) will be sampled more times. This random
sampling of the PFT frequency distribution is repeated many times over for each model
time step, enough times to get a decent sampling of the PFT seeding response. By
doing that, random noise is injected into the model solution and the variability of the
system can be captured. Thus, a given set of initial conditions will never yield the
exact same results, but an average outcome with an associated error. This way, the
outcome of a process modelled stochastically becomes statistical rather than exact, a
convenient way to capture the fluctuations that occur in natural systems. Conventional
ocean biogeochemical models are deterministic, thus cannot simulate the variability in
natural systems. Stochastic models do recognise it and therefore are likely to be a more
accurate representation of nature (Gillespie, 1975).

0
0 1

rnd

f (rnd)

1

f (x)

F (x)

0

1

Diat Pico DinoCocco x

0
0 1rnd

F (rnd)

1

0

1

Diat Pico DinoCocco x

Figure 2.2. The Monte Carlo method applied to sampling phytoplankton functional types
(PFTs) in SLAMS-2.0. rnd is a random number uniformly distributed between 0 and 1; x is
the random variable “phytoplankton functional type”, with its four possible outcomes as Cocco
(coccolithophores), Diat (diatoms), Pico (picophytoplankton) and Dino (dinoflagellates); f is the
relative frequency distribution function; F is the cumulative distribution function. Consider a rnd
drawn by the computer from a uniform distribution between 0 and 1 (red arrow pointing to rnd).
This random number is used to select a particular PFT, xi, from the cumulative distribution
function F (x). Each F (xi) are the relative frequencies assigned to each PFT according to the
biogeochemical laws that control phytoplankton growth (based on limitation by light, temperature
and nutrient), and therefore F (xi) are values known by the researcher. By randomly sampling
F (x) many times, we get the f(x) of the PFTs.

The Monte Carlo method (MCM)3 is the name given to the random sampling of
the probabilistically weighted response of a process. Besides PFT seeding, there are

3After the Monte Carlo Casino in Monaco.
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other processes in SLAMS-2.0 that, due to their intrinsic large stochastic component,
also receive a stochastic treatment via the MCM: selection of particle pairs for collision,
execution of coagulation or particle encounter by zooplankton. Realise that in all processes
modelled using the MCM, the computer-generated random number operates on the
possible outcomes of a variable that has been generated based on biogeochemical laws.
For instance, in the collision of particles, the MCM operates on the mechanistic collision-
coalescence formulation of Jackson (2001).

2.3 A review of particle-oriented biogeochemical models

2.3.1 Smoluchowski-centered particle models

Particle coagulation is a phenomenon not unique to marine particles. It has been widely
studied in the fields of atmospheric physics (formation of snow flakes from ice crystals,
formation of clouds from water droplets, coagulation of pollutants), geology (sedimentology,
formation of basins, CO2 storage by soil particles), planetary sciences (protoplanet
formation) or chemical engineering (compound formation in bioreactors, polymerisation).
The subject is also recently attracting lots of attention in the study of marine microplastics
to clean seawater (e.g., Van Sebille et al., 2020). Smoluchowski (1916) was the first to
put together the processes of birth of particles of different size classes due to coagulation.
His equation was later modified to be applied in marine systems with the addition of
gravitational sinking and the biological input of new sources of particles (Eq. 2.2).

Ocean biogeochemical models attempting to resolve the distribution of marine partic-
ulate material into various particle size classes need to solve the Smoluchowski equation
or parameterise it. Fig. 2.3 provides an overview of the types of methods that common
published models in the ocean biogeochemical modelling (OBM) literature use to solve
the Smoluchowski equation, with branches into deterministic (inherently Eulerian) and
stochastic (inherently Lagrangian) modelling methods. The most widespread approach
(Gehlen et al., 2006; Karakaş et al., 2009; DeVries et al., 2014; Cram et al., 2018; Omand
et al., 2020) is the deterministic, Eulerian framework, which becomes computationally
expensive when more than 2–4 particle attributes are being modelled. Per contra,
stochastic, Lagrangian frameworks do not have a problem with the number of attributes
being modelled. However, they are still an emergent technique in OBM as those
have a more complex implementation. To the author’s knowledge, to date SLAMS-
1.0 (Jokulsdottir and Archer, 2016) is the only published model of Lagrangian marine
particles that coagulate, sink and interact in a simplified ocean ecosystem without those
particle processes being parameterised. The Lagrangian implementation of particle
aggregation and biogeochemical interactions with their ecosystem is still a challenge due
to the lack of mechanistic understanding of those processes.
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Mathematical methods to solve
the Smoluchowski equation

Analytical

Apply to a few idealised cases, e.g.,
monodisperse systems of particles

Numerical

Apply to monodisperse and
polydisperse systems of particles

Deterministic

Solve the Smoluchowski
PDE (size and time) or ODE (time).
Use Eulerian description of particles

Bin method

Solve the discretised
Smoluchowski equation

Jackson
(1990, 1998, 2001)

Riebesell &
Wolf-Gladrow

(1992)
Stemman et al., (2004)
Gremion et al., (2021)

r
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(r
)

Bulk method

Solve the continuous
Smoluchowski equation

Kriest & Evans
(1999, 2000)
Kriest (2002)

Gehlen et al., (2006)
Karakas et al., (2009)
DeVries et al., (2014)
Cram et al., (2018)
Omand et al., (2020)
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)

Stochastic

Probabilistic interpretation of
the Smoluchowski equation.
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Direct
simulation method
(Gillespie, 1975)

1 computational particle
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Zahnow et al., (2011)

Super droplet
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(Shima et al., 2009)
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Jokulsdottir & Archer
(2016)

Fakhraee et al., (2020)
SLAMS-2.0,
this thesis

Figure 2.3. Tree diagram with common approaches in the ocean biogeochemical modelling
literature to solve the Smoluchowski equation. The Smoluchowski equation models how rapidly
the diversity of particles present at some moment in the system is changed. PDE stands for partial
differential equation and ODE stands for ordinary differential equation. Stochastic methods are
also known as particle-based methods.

2.3.1.1 Eulerian methods

Numerical deterministic (Eulerian) methods have two sub-branches (Fig. 2.3).

• Bin methods, which solve the discretised version of the Smoluchowski equation,

which is pieced into particle sizes (bins, or sections). Those are illustrated with the

pioneering work of Jackson (1990, 1998, 2001).

• Bulk methods, which solve the continuous version of the Smoluchowski equation.

Those are illustrated with the pioneering work of Kriest and Evans (1999, 2000).
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Those two methods can easily solve the PSD if the number of particle attributes (e.g., mass,
radius, particle number, etc.) is kept low (typically 1–2, Grabowski et al., 2019).

Jackson (1990)’s (J90 hereafter) model has multiple particle size classes (bins, or
sections), which are explicitly represented as model variables. These size classes (r) are
co-dominant via fractal scaling with mass classes (m), as m(r) = crD (where c is a factor
of proportionality and D is the fractal power), thus forming a 2-D lattice of variables
(i.e., the modelled distribution). The model uses standard coagulation laws (as those
described in Burd and Jackson, 2009) to form new particles after the coagulation of two
smaller ones. There is a substantial computational cost in resolving the discretised version
of the Smoluchowski distribution as there are many variables (as many as particles) for
which the aggregation kernels have to be computed. The problem of solving for the
continuous evolution of the distribution (a PDE) is transformed into one of solving for all
of the bin concentrations using a set of coupled ODEs for each N(rk, t). A bin method
will therefore describe the PSD in great detail (multiple size classes) at the expense of
becoming computationally expensive when used in a global biogeochemical model with
high spatial resolution, with many grid points for which to solve ODEs.

Kriest and Evans (1999) (KE99 hereafter) describe the PSD using a continuous
Smoluchowski distribution. To describe particle state, KE99 use three particle attributes:
mass (m) and particle number (N), which are related to the radius of the particles (r)
via a power-law relationship, i.e., n(r) = dN

dr = cNr−ε and M(r) = dm
dr = cmr−η. Particle

mass and number allow simulating the concentration of phytoplankton as both a nitrogen
concentration and a number of plankters after the aggregates are integrated over the model
space. The continuous Smoluchowski equation is solved for the size distribution (not for
the individual size classes N(rk, t), as there are not any) using: (i) standard coagulation
laws, which transfer particles from one size class to another and (ii) a sinking velocity
(w) computed as a function of the particle size using another power-law relationship
w(r) = cwrζ . The main assumptions are that the particles are well-mixed and that there
is a sufficiently high number of particles, allowing to treat the populations of particles
(pools) as concentrations varying as continuous, Eulerian concentrations.

The rest of Eulerian biogeochemical models presented in Fig. 2.3 (Stemmann et al.,
2004; Gehlen et al., 2006; Karakaş et al., 2009; DeVries et al., 2014; Cram et al., 2018;
Omand et al., 2020) are an application of the slab (0-D) PSD formulations of J90 and
KE99 to larger model spaces, essentially 1-D and 3-D, and with more complex ocean
biogeochemical settings, which include disaggregation, zooplankton grazing and microbial
activity, amongst others. Stemmann et al. (2004) implemented J90’s bin approach to
model particle dynamics in a 1-D Nutrient-Phytoplankton-Zooplankton-Detritus (NPZD)
biogeochemical model to simulate PSD in the subsurface ocean (100–1000 m) of the French
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JGOFS site in the NW Mediterranean Sea. Gehlen et al. (2006) implement KE99 bulk
mathematical description of the PSD into the 3-D global biogeochemical circulation model
PISCES. Karakaş et al. (2009) apply the continuous PSD of KE99 into an ocean coupled
ecosystem model to simulate the 1-D, water-column marine snow aggregation dynamics
in the NW African upwelling zone. DeVries et al. (2014) implement KE99’s description
of the PSD in a particle aggregation/disaggregation model that they call PRiSM, which
they couple to the 3-D ocean biogeochemical model ROMS, and use it to simulate the
water-column PSD in the NW African upwelling region. Cram et al. (2018) mechanise
PRiSM by including the effects of particle mineral composition (ballast effect), oxygen
and temperature. They use the new mechanistic model to globally evaluate the effect
of such factors on the transfer efficiency of POC between the euphotic zone and 1000 m
(Teff). Omand et al. (2020) modify PRiSM and derive the total flux of particles from the
depth and volume of each particle size class (instead of mass and particle number).

In bulk method models, the calculation of particle macro properties like the total
number of particles and the mass flux typically becomes something like

T (z) = ∫
∞

r

dN
dr

= cN ∫
∞

r
r(z)−ε dr, (2.3)

F (z) = ∫
∞

r
n(z, r)M(z, r)w(r)dr. (2.4)

The above Eulerian descriptions contrast with SLAMS-2.0, where there are no equations
such as Eqs. 2.3 and 2.4 to calculate particle numbers and fluxes of materials. In a
Lagrangian model, those emerge from the integration of the ensemble of sinking individual
particles –see the corresponding Eqs. 5.4 and 5.5 in Chapter 5.

2.3.1.2 Lagrangian methods

The models of J90 and KE99 are based on a deterministic interpretation of the processes
that modify the distribution of particles in size classes. That means that once the initial
conditions of the system are known, the same starting conditions will always yield the
same result. However, real particle aggregation events are stochastic as not every collision
between two colliding particles leads to an aggregation event. Therefore, aggregation
events are better represented by a probabilistic function that estimates the outcome of
aggregation events, rather than a deterministic function for the expected values. Numerical
stochastic methods, or simply particle-based methods, offer the solution. Interactions
between particles occur in a probabilistic manner, where probabilities are based on
standard coagulation laws (e.g., Burd and Jackson, 2009) and particles are modelled as
Lagrangian, discrete entities. Particle-based methods have two sub-branches (Fig. 2.3).
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• The direct simulation method, developed by Gillespie (1975), and which follows
each individual particle in the system.

• The super droplet method, developed by Shima et al. (2009), and which clusters
particles that are identical to each other (in terms of average depth and physic-
ochemical attributes) into a single computational entity called super droplet (or
super particle). Each computational super droplet represents a given number of real
particles.

Gillespie (1975), for his direct simulation method, developed a Monte Carlo algorithm
for droplet populations that is now called the stochastic simulation algorithm (SSA).
Gillespie (1975) uses the Monte Carlo method to repeatedly draw a random waiting
time for which the next pair of particles in the grid cell will coalesce. Gillespie (1975)’s
SSA, though, becomes expensive for a large population of particles. Note that when
two particles collide, they will create a third one; thus, particle collision will lead to
rapid growth in the number of particles –scaled by a power of two in binary collisions–,
making the coagulation problem unmanageable (Grabowski et al., 2019). Based on
the SSA, Shima et al. (2009) developed a new Monte Carlo algorithm for their super
droplet method (SDM) that avoids the squared growth of the number of particles after
coagulation. In the SDM, particle collision scales linearly with the number of super
particles; otherwise said, the number of super particles keeps unchanged as coagulation
proceeds. Shima et al. (2009)’s Monte Carlo algorithm proceeds in four steps: (1) all the
N super droplets in the grid cell are listed, (2) from that list, a sublist of N/2 randomly
generated, non-overlapping pairs is selected for coagulation, (3) the probability that two
super droplets will coagulate is calculated based on coagulation laws and a computer
generated random number, (4) coagulation is executed (or not) for each of the N/2 pairs.

Gillespie’s direct simulation method has been more recently used by Zahnow et al.
(2011). The authors came up with a fractal-like structure representation of marine particles
in a 3-D synthetic turbulent flow. They used Stokes’ equation for the vertical motion of
particles and applied the standard rules of particle coagulation and fragmentation, using
random numbers to help make decisions about particle splitting and time before reaching
a steady state. The PSD evolves from the dynamics of the ensemble. However, the model
does not contain ocean biogeochemical processes of sources and sinks of particles. It is
purely a model of dynamic particles for coastal, turbid areas.

Jokulsdottir (2011) showed that the SDM implemented into SLAMS-1.0 replicates both
the numerical solution of the discretised version of the Smoluchowski equation (after Burd
and Jackson, 2009) as well as the analytical solution (after Wetherill, 1990), proving that
the SDM is a good proxy to replicate coagulation kinetics similarly to coagulation theory.
Other applications of the SDM have also proven successful in approximating the behaviour
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of real particle coagulation (see a review in Grabowski et al., 2019). More recently, SLAMS-
1.0 has been applied by Fakhraee et al. (2020) to explore the effects of changes in the
atmospheric concentration of O2 in the geological past as well as changes in the dominant
plankton type, dust input and SST in the Teff of the BCP through Earth’s history.

The accuracy of the solution yielded by the SDM is controlled by the size of the
population of particles that is sampled and the number of repetitions of the sampling
process in one time step (Boje et al., 2019). Since the MCM converges to the exact
solution as the size of the sample increases, the memory costs to store particle information,
and the runtime costs to run a model with lots of particles, can be very large if the
random sampling is set to occur many times per time step. Thus, the modeller must make
a compromise between accuracy of the solution (i.e., number of sampling events) and
computational economy. In SLAMS-2.0, thanks to an optimised4 model design, run time to
reach equilibrium at a single location is short: ∼20 min (equivalent to 10 model run years)
for a single water column of 4000 m depth in a Mac machine with four processor cores.

Shima’s SDM not only is an excellent option to simulate particle populations at a low
computational cost, but it is also the only viable method to resolve the internal state
of a particle with many attributes associated (Shima et al., 2009; Jokulsdottir, 2011;
Boje et al., 2019; Grabowski et al., 2019). Although adding more particle attributes
has a cost in that more super particles are needed to cover the increased variety of
particles produced without losing accuracy, model run time is independent of the number
of internal coordinates a particle has. In other words, in the SDM, model run time does
not scale with the number of particle attributes but with the number of computational
particles. The SDM thus becomes a computational trick to reduce model runtime and
memory costs in SLAMS-2.0 due to three main reasons.

• It represents a large number of real particles that share the same properties (i.e., are
clones) within a single computational Lagrangian entity. It is called super droplet
in Shima et al. (2009) and cluster in SLAMS-2.0.

• The number of clusters does not increase with stochastic binary coagulation –which
would grow the number of clusters to the squared power– but with the addition of
particles from biological sources –which grow the number of clusters linearly.

• It can hold a large number of particle attributes without slowing down the model.
4SLAMS-2.0 uses a structure of arrays of “derived type” (Fortran90). The structure is the particle and

the arrays are the members of the structure (the particle attributes). The arrays have a common length
corresponding to the maximum number of particles that can be simulated. When SLAMS-2.0 modifies
particle attributes after biogeochemical interactions, it accesses structure members. Derived types allows
holding various data types (real, integer, character, logical) in the structure (e.g., particle radius is a real
number, but particle initial type is an integer number).
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2.3.2 Non-Smoluchowski particle models

There is a second class of particle-based models that model marine particles in a Lagrangian,
discrete way but do not recreate PSDs because coagulation is not represented in the model
formulations. Those models are what I call non-Smoluchowski particle models. I review
two cases: Lagrangian models of marine particles that are living cells (instead of marine
snow) (Sec. 2.3.2.1) and hybrid Lagrangian-Eulerian planktonic models (Sec. 2.3.2.2).
With this, I will finish the review of particle-oriented models in the OBM literature.

2.3.2.1 Lagrangian modelling of plankton

In the field of oceanography, Lagrangian modelling of marine particles is not unique
to marine snow. There are other entities treated as Lagrangian marine particles, like
phytoplankton (Woods and Onken, 1982; Woods, 2005), planktonic foraminifera (Van
Sebille et al., 2015), microbes (Hellweger et al., 2014), fish eggs/larvae (Paris et al.,
2013; Ådlandsvik et al., 2009) or squid (Sinerchia et al., 2012). Quite remarkable is the
Lagrangian plankton model of Woods and Onken (1982). They broke with the classical
Eulerian-continuum method used in NPZD modelling, where plankters are treated as a
continuum property of water (e.g., Fasham et al., 1990), and developed the Lagrangian
ensemble (LE) method, which follows an ensemble of individual plankters (phyto- and
zooplankton) along their life history, simulating at a biochemical level the cellular processes
of growth, reproduction and death (Sinerchia et al., 2008). This way, processes that are
highly non-linear, and thus problematic to parameterise in Eulerian modelling, like the
development of phytoplankton blooms as a consequence of cell division, do not proceed
at an average rate, where no account is taken of the variability of individual plankters.
Instead, LE modelling considers all the individual cellular growth rates and computes
the average from the ensemble of plankters. That is a more mechanistic approach to
understanding the interactions between plankters and their ecosystem. The LE model
has been exclusively used by the research group lead by John Woods at Imperial College.
Their publications, from 1982 to 2012 (last year of published records), are listed here:
http://www.virtualecology.org/docs/index.cgi.

In LE modelling, as in the SDM, each computational plankter represents a subpop-
ulation of identical plankton particles based on the properties of one plankter. The
LE model, like SLAMS, does not use partial differential equations. However there are
other fundamental differences between the LE model and SLAMS. (a) The LE model
does not consider particle-to-particle interaction (collision, aggregation, disaggregation,
prey detection by zooplankton), as SLAMS does; it only allows particle-to-concentration
interaction. (b) The LE models plankters (phyto- and zooplankton) whereas SLAMS
models the wider realm of marine particles, which includes plankters and also spans

http://www.virtualecology.org/docs/index.cgi
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to faecal pellets, TEPs, dead plankters and aggregates of those. (c) The LE model is
focused on the dynamics and energetics of plankters, whereas SLAMS is focused on the
characterisation of the sinking flux of biogenic carbon in the BCP.

2.3.2.2 Hybrid Lagrangian–Eulerian planktonic models

Here are two cases of biogeochemical models that apply a hybrid Lagrangian–Eulerian
framework to simulate non-coagulating Lagrangian particles in their aquatic environment.

Xue et al. (2018) developed a property-carrying particle model where Lagrangian,
discrete estuarine particles carry with them many internal coordinates that correspond to
the state variables of an NPZD Eulerian model. NPZD time-derivatives operate on each
particle to determine the concentration of a generic particulate tracer remaining after
all the ecosystem model processes have operated at the end of the time step. Note that
those particles do not carry physicochemical attributes (as in SLAMS-2.0), but ecosystem
time-derivates and a 3-D location property. Thus, the calculation of the trajectory of a
particle is not based on its physicochemical attributes but pre-computed based on the
output of an off-line hydrodynamic model. Xue et al. (2018) applied their model to a
freshwater estuary. For each grid cell of the model space, an initial particle number is
prescribed proportional to the water volume input from the river that discharges into
the great lake. Particle number evolves according to the NPZD model acting on each
particle, and particles move according to the hydrodynamic model.

Maerz et al. (2020) developed a fractal-like structure representation of marine particles
and implemented it into the global biogeochemical model HAMOCC (HAMburg Ocean
Carbon Cycle Model). Maerz and colleagues developed a detailed representation of
marine particles that considers their size, sinking velocity, volume, stickiness, number of
primary particles or amount of packed material. Particles are created from the HAMOCC
available tracer concentration at a given grid cell of POC, CaCO3, opal and dust. Those
materials are encapsulated into primary particles according to reference sizes, volumes
and densities of diatoms, coccolithophores, detritus and dust particles. Those particles
undergo remineralisation of organic carbon and dissolution of opal and calcium carbonate.
However, the Lagrangian representation of particulate material finishes at the level of
particle aspect description and sinking. Aggregation and fragmentation are implicitly
represented by imposing a PSD slope that assumes homogeneous composition of aggregates.
Thus, Maerz et al. (2020) model is not a particle-tracking simulation that can resolve the
Smoluchowski equation as an emergent property, as that is imposed. But interestingly,
the Martin curve slope does emerge from the fluxes of POC.
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3.1 Overview of SLAMS-2.0

SLAMS-2.0 is a stochastic model of Lagrangian marine particles written in Fortran90.

It simulates particle physicochemical attributes as they biogeochemically interact with

their ecosystem and gravitationally sink through a 2-D water column. I have developed

SLAMS-2.0 to mechanistically link environmental forcing to critical living components of

the BCP and thus gain a quantitative understanding of the environmental controls that

affect the attenuation of POC flux in the ocean. The model has two modules (Fig. 3.1).
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Figure 3.1. Schematic of the characteristics of the components of SLAMS-2.0 (Stochastic,
Lagrangian Aggregate Model of Sinking particles, version 2.0), model forcing (input arrows) and
model outputs (output arrows). Particle attributes with superindex d are diagnostic variables,
those with superindex p are prognostic variables, and those with superindex c are held constant.
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• A particle module that resolves particle physicochemical attributes and tracks
their depth position as they interact with each other and their biogeochemical
environment (Sec. 3.3). A modelled particle consists of an amount of material
distributed amongst many primary particles organised within the structure according
to a fractal dimension value. Identical particles are grouped into clusters, the
computational units tracked by SLAMS-2.0 (Fig. 3.2). Particle transformations are
simulated after particle-particle or particle-environment interactions by updating
the physicochemical attributes of mass, volume, radius, porosity, density, stickiness
and sinking velocity according to fractal scaling law and Stokes’ law. There are 18
particle attributes (16 physicochemical attributes, a depth position in the water
column and a particle multiplicity factor), 12 sources of primary particles (diatoms,
coccolithophores, dinoflagellates, picophytoplankton, TEPs, clays, zooplankton
faecal pellets, copepods, radiolarians, foraminifera, pteropods and zooflagellates)
and six sources of materials to form primary particles (organic carbon, transparent
exopolymer carbon, biogenic silica, calcite, aragonite and clay) (Fig. 3.2).

• A biological carbon pump (BCP) module that contains the biogeochemical processes
that create, transform and degrade particles (Sec. 3.4). The BCP module has access
only to two particle attributes: the number of primary particles and the moles of
material embedded in the particle –the rest of attributes are calculated from those
two using fractal scaling and Stokes’ law. The BCP is made of these components:
two macronutrients (NO –

3 and SiOH4), CO 2–
3 , O2, aeolian clay, PAR, tempera-

ture, MLD, phytoplankton cells (silicifying diatoms, calcifying coccolithophores,
dinoflagellates and picophytoplankton), zooplankton bodies (silicifying radiolaria,
calcifying foraminifera and pteropods, zooflagellates and copepods) and implicit
heterotrophic bacteria. The BCP processes represented in SLAMS-2.0 are: primary
production, which follows standard P − I kinetics (Geider et al., 1997) and is limited
by temperature and macronutrient availability; TEP production, which is dependant
on large phytoplankton cells; particle coagulation, which follows Jackson (2001)’s
collision kinetics and uses TEP-mediated sticking; particle-zooplankton encounters,
which depend on the standing stock of POC, DVM rules of feeding vs mortality risk
and feeding behaviour strategy following Kiørboe (1997)’s formulations; zooplankton
grazing, which follows a size-dependent relationship as well as standard CaCO3

dissolution kinetics (Jansen and Wolf-Gladrow, 2001) and Q10 and O2 limitation
kinetics (Cram et al., 2018); bacteria respiration and solubilisation, which follows
the same Q10 and O2 respiration kinetics as zooplankton; abiotic mineral dissolution
of CaCO3 and bSi, which follows standard dissolution kinetics based on saturation
coefficients and dissolution rates; and particle physical breakup, which uses an
empirical model of particle fragmentation (Goldthwait et al., 2004).
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rp

Npp = 11

Particle

Np = 31
Cluster

Organic carbon

Transparent exopolymer carbon

CaCO3 (calcite or aragonite)

Biogenic silica

Clay

Model grid box, 1 m3

Primary particle

Figure 3.2. Schematic of a Lagrangian particle in SLAMS-2.0. A model grid box with sinking
computational particles (clusters) is depicted. I have highlighted in brown a cluster that represents
31 identical particles. From those 31 identical particles, one has been enlarged. The enlarged
particle is an aggregate made of 11 identical primary particles formed by a combination of the six
model materials. Np is number of particles that make up the cluster, Npp is number of primary
particles in the aggregate structure, and rp is the radius of the particle.

SLAMS-2.0 improves the mechanisation of the BCP offered by its predecessor version,
SLAMS-1.0 (Jokulsdottir and Archer, 2016), where (i) biological processes were imposed
regardless of the local environment conditions (e.g., there is no macronutrient, nor
temperature (T ) nor photosynthetic active radiation (PAR) control on phytoplankton
growth), (ii) there are not different zooplankton types, and the processes of encountering
food particles and grazing are all parameterised, (iii) remineralisation is not coupled to
O2, (iv) mineral dissolution is not coupled to depth, nor CO 2–

3 , and (v) biogenic particle
creation does not conserve biomass. The main changes with respect to SLAMS-1.0 are
the development of two plankton probabilistic models: one for seeding phytoplankton
cells based on environmental forcing and another for particle encountering and grazing
by zooplankton. The code has also been modified to be implemented on a global grid
of environmental forcing and uses efficient structures to store particle information and
optimised loops1, which have reduced model runtime.

At the core of SLAMS are two realisations that make it different from other models
in the OBM literature: that POC fluxes are made of discrete marine particles and that
BCP events are hugely stochastic. Thus SLAMS becomes a stochastic particle-based

1For instance, by vectorising loops (or getting rid of for loops whenever possible), placing independent
code outside loops or having the inner loop operating on the most left-hand side dimension of an array (in
Fortran90), preallocating space or explicitly declaring the size of all variables.
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simulation, where the mathematical facets of Lagrangian and stochastic modelling become
computational tricks to improve computational economy.

• In Lagrangian modelling, particles are modelled discretely, rather than as a continu-
ous Eulerian mass. That feature is made computationally feasible by grouping lots
of identical particles into computational particles (the clusters).

• In stochastic modelling, (i) BCP processes are approached using probabilities that
are randomly sampled with the Monte Carlo method (MCM) and (ii) unknown
parameters are approached with a MCM extraction from a range of possible values.
From all simulated BCP processes in SLAMS-2.0, particle coagulation has a distinct
Monte Carlo algorithm, which was developed by Shima et al. (2009) and called the
super droplet method (SDM). The SDM helps to keep SLAMS-2.0 computational
expense low by keeping the number of computational particles unchanged as binary
coagulation proceeds. That process would make particle numbers grow exponentially
in standard binary coagulation procedures (as explained in Sec. 2.3.1.2 in Chapter 2).

Contrary to most biogeochemical particle-oriented models (see Fig. 2.3), SLAMS-2.0
does not use time derivatives to model the impact of the BCP on the particle attributes
but algebraic equations. BCP rate processes are modelled using the analytical solution of
the the time derivatives. Those analytically-derived solutions operate on the amount of
particle material and number of primary particles. From the new particle state of moles
and primary particles, the rest of physicochemical attributes are calculated diagnostically
(via fractal-scaling law and Stokes’ law) and the depth position is calculated prognostically.
As a consequence of resolving thousands of particle cluster states, a rain of particles is
generated. Particle fluxes of POC, PIC and bSi emerge from the statistical ensemble of
particles, particle size spectra can be built and average BCP rates of stochastic processes
are calculated for every depth layer and on monthly basis.

Next, I describe the model equations and the assumptions used. All cited parameters
are in Table C.1 in Appendix C, with a detailed description of how values have been
assigned to them. The model code is available at https://doi.org/10.5281/zenodo.5570253,
and a brief user guide is provided in Appendix B, outlining how to set up a model
experiment and a summary of model output files.

3.2 Model temporal and spatial framework

SLAMS-2.0 uses a large time step size (∆t = 8 h) and a small grid box volume (∆V = 1 m3)
when compared to conventional biogeochemical models (∆t < 1 h and ∆V > 1000 m3).
Those two parameters control the number of clusters circulating when a repeating annual
cycle of POC flux is reached (i.e., model equilibrium state). Equilibrium is desired with

https://doi.org/10.5281/zenodo.5570253
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an accompanying sufficiently large number of clusters to ensure that the population of
particles is as diverse as possible, but not too abundant to reduce the computational
load particles and avoid a memory-demanding simulation. The choice of ∆t and ∆V is
inherited from SLAMS-1.0, where the temporal and spatial framework of the model was
chosen accordingly to keep computational costs low while producing enough clusters in
each grid box for model results to be comparable to observations (Jokulsdottir, 2011).

With model time step ∆t = 8 h, POC flux equilibrium is reached in within 10 model run
years, which take a convenient runtime of ∼20 min on a Mac machine with four computer
cores for a water column of ∼4000 m. Since SLAMS-2.0 does not use differential equations
but algebraic equations, the long ∆t (longer than some ecosystem’s rate parameters)
does not cause numerical instability. Furthermore, an adaptive time stepping is used
for particle coagulation, where ∆t is recomputed internally by the SDM algorithm for
collisions that occur in a narrower time frame.

SLAMS-2.0 represents the cycle of day and night, as required by some BCP events
that can only happen during the daylight period, like primary production, or during the
nighttime, like the vertical migration of zooplankton to the surface ocean. A modelled day
(24 h) contains three time steps where, for convenience, daylight lasts for two time steps
(16 h) and nighttime one time step (8 h). That partitioning of daylight/nighttime duration
is typical of mid-latitude regions in the summer and has been applied homogeneously
throughout the global grid of SLAMS-2.0, regardless of the latitude and time of the
year. The use of that fixed partitioning is justified based solely on debugging reasons
and needs to be made spatiotemporal dependent in the next application of SLAMS-2.0.
However unnatural the diurnal time stepping is for some locations and moments of the
year, the PAR0 (W m−2 = J m−2 s−1) and the NPP (mol C m−2 s−1) forced into the model
have been normalised to the number of daylight, sunny seconds of a day. Thus, the
intensity of radiation and the amount of organic carbon injected into SLAMS-2.0 are
not affected by the choice of diurnal time stepping. What is affected is the frequency
at which the model is pulsed with primary production events.

The model physical space is a water column closed by a sea surface and a seafloor. A
water column has a height H given by the local seafloor depth and it is sliced into depth
layers of a thickness ∆z = 10 m each. A depth layer in the water column has a volume
∆V = 1 m3 and thus a theoretical cross-sectional area of (∆V /∆z) 0.1 m2. There is no
advection nor diffusion moving the particles in the 3-D water field as SLAMS-2.0 has
not been coupled to an OGCM. Thus, water motion dynamics are parameterised via a
turbulent kinetic energy dissipation rate and a temperature-dependent water dynamic
viscosity. See Appendix C.1 for the equations of parameterised water physics.
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Each water column is forced at the surface with data of local PAR0, NPP, chl a and
Fdust. It has a depth-layer distribution of T and nutrients (NO –

3 , SiOH4, CO 2–
3 , O2) along

H, and it has an imposed mixed layer depth (MLD). Unlike other popular biogeochemical
simulations (e.g., MEDUSA, COBALT, HAMOCC), variables like dissolved nutrients or
NPP are not updated time step after time step from the model pool but are constantly
forced into the simulation. That is because the BCP module of SLAMS-2.0 does not
resolve well the flows of such variables given the large time step ∆t of the simulation.
See Sec. 4.2 in Chapter 4 for the reference sources of the forcing variables.

SLAMS-2.0 can be run at many water columns simultaneously, each with their
independent, enclosed particle and BCP system, i.e., there is no inter-column exchange
of materials. A global ocean representation can be achieved by creating a global grid
of water columns. In that case, the computational cross-sectional area of the water
column still remains 0.1 m2, although the actual area is given by the resolution of the
global latitude/longitude grid chosen. Thus, an assumption is made that the processes
happening in the 0.1 m2 cross-section are representative of the actual and much larger
cross-sectional area. Currently, SLAMS-2.0 uses a coarse latitude/longitude grid to speed
up computations, which is of 2.8○ resolution (∼280 km), equivalent to 64 × 128 grid
points on the horizontal space.

3.3 The particle module

3.3.1 Description of particle state

In SLAMS-2.0, modelled particle attributes (Table 3.1) are local to the Lagrangian
particle. Particle aggregates are built up from a heterodisperse suspension of primary
particles coagulating or being packaged by zooplankton into faecal pellets. The concept
of primary particle in SLAMS-2.0 refers to any non-porous, compact particle that cannot
be disaggregated into sub-entities, and there are six types (Fig. 3.3), all with distinct
origins, material compositions and sizes. A particle is called aggregate when it is made up
of more than one primary particle aggregated together. Groups of identical particles, be
aggregates or primary particles, are tracked together by the Lagrangian framework in
computational units called clusters. A cluster thus represents a large number of clone
particles (i.e., with shared average water depth and physicochemical attributes). A certain
number of clusters can be created before reaching low computational speed –subject to
machine specifications where the simulation is running, but generally ∼20,000 clusters.

All particles are first created from a carbon and a mineral quota specific for a type of
primary particle. The quota is randomly selected from a range of possible values according
to prescribed boundary quotas, e.g., [θmin

C , θmax
C ]. The amount of material is then shaped
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Table 3.1. Variables that define particle state in SLAMS-2.0. Those can be grouped into three
types: 16 physicochemical attributes, depth position and particle multiplicity in the cluster.

Attribute description Symbol Units

amount of organic carbon (Corg) nCorg mol
amount of transparent exopolymer carbon (TEC) from TEPs nTEC mol
amount of bSi, the hydrated form of silica, SiO2·0.4H2O nbSi mol
amount of biogenic calcite, a form of CaCO3 ncalc mol
amount of biogenic aragonite, a form of CaCO3 narag mol
amount of clay in the form of kaolinite, Al2O3·2SiO2·2H2O nclay mol
number of primary particles in the aggregate particle Npp
3-D fractal dimension D3
dry mass mp g
volume Vp µm3

radius of each primary particle rpp µm
radius of the particle rp µm
porosity Pp 0–1
density ρp g cm−3

stickiness αp 0–1
sinking velocity wp m d−1

depth position in the water column zp m
number of particles in the cluster (multiplicity factor) Np
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y
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Figure 3.3. Types of primary particles represented in SLAMS-2.0. The diatom represented is a
triangular diatom of the genus Triceratium sp.; the coccolithophore is the species Emiliania huxleyi;
the dinoflagellate is of the genus Gonyaulax sp.; the picophytoplankton is a Prochlorococcus sp.;
the copepod is from the Calanoida order; the foraminifera belongs to the genus Globigerina sp.;
the pteropod belongs to the Thecosomata clade; the radiolarian is from the genus Actinomma
sp., and the zooflagellate is a generic heterotrophic nanoflagellate. Living zooplankton are not
modelled as Lagrangian particles but as a concentration that interacts with the particles.

into a particle according to fractal scaling and Stokes’ law for the calculation of sinking
velocity. The 3-D fractal dimension, D3, is the only particle attribute held constant. Four
particle attributes are calculated prognostically: the number of moles of the different
materials i (ni), the number of primary particles in the aggregate (Npp), the multiplicity
factor (Np) and the depth position (zp). For ni, Npp and Np the increment or decrement
is given by the changing surrounding BCP (by using the analytical expression of the
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time-derivative process that affects the particle) and for zp the new value is calculated
from the new sinking velocity (using Euler time stepping, as zp(t) = zp(t − 1) +wp(t)∆t).
The rest of the physicochemical attributes are calculated diagnostically every time step.
Their equations are summarised in Fig. 3.4 and defined in Appendix C.2. The calculations
of those attributes are the same as in SLAMS-1.0 (Jokulsdottir and Archer, 2016) except
for the porosity and sinking velocity, which have slight changes. For a comparison
with observed particles in seawater, Table 3.2 shows the modelled attributes of density,
volume, size and sinking velocity of the six primary particle types that are seeded
into the model in the surface ocean.

Moles of material i

n =
∑

i=1

ni

Stickiness
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mTEP/ρTEP

V S
p

Volume
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Figure 3.4. Schematic of SLAMS-2.0’s diagnostic particle attributes and their equations.
Discussed in Appendix C.2.

3.4 The biological carbon pump module

The material that fuels the BCP is the phytoplankton cells that are seeded in the ocean’s
sunlit layer according to temperature, light and nutrient availability (Sec. 3.4.1) (Fig. 3.5).
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Table 3.2. Comparison of modelled vs observed particle attributes of density, volume, diameter
and sinking velocity in six types of primary particle. Values are provided as ranges. Observations
are from a compilation of data, where a total of 32 references were screened for values and which
is available at https://doi.org/10.5281/zenodo.5233652. Observed diameters, when not available,
have been computed from the observed volume considering sphericity.

Primary
particle

Density
(g cm−3)

Volume (µm3) Diameter (µm) Sinking velocity (m d−1)

Mod. Obs. Mod. Obs. Mod. Obs.

Diatom 1.13 184−23,000 100−107 7.1−35 4−200 0.18−4.6 0.30−35a

Cocco. 1.90 79−314 25−104 5.3−8.4 3−14 0.87−2.2 0.15−10b

Dino. 1.06 8,400−210,000 200−107 25−74 10−200 0.74−6.3
Pico. 1.06 0.42−21 0.10−25 0.93−3.4 0.6−4 0.00−0.01
TEP 0.800 26,000−30,000 37−39 1−100d −(11−12)
Clay 2.70 8.38 2.52 0.10−20c 0.37

a Miklasz and Denny (2010); b Jansen et al. (2002); c Schulz et al. (2012); d Passow (2002).

In regions of the ocean exposed to terrigenous dust, there is aeolian deposition of clay

particles (Sec. 3.4.3). During their lifetime, large phytoplankton cells (diatoms and

dinoflagellates) that are under stress exude TEPs that glue marine particles together

(Sec. 3.4.2). After that, zooplankton consume living phytoplankton and detrital particles.

The amount of zooplankton found in the water column depends on the moment of the

day and depth in the water column following DVM rules (Sec. 3.4.5.1), and particles

will be encountered by zooplankton depending on the turbulence of the surrounding

environment and zooplankton feeding behaviour (Sec. 3.4.5.2). Ingestion of food particles

and assimilation of the material leave behind new forms of particles: zooplankton faecal

pellets and dead bodies. Zooplankton feeding also includes the fragmentation of food

particles as the plankter mishandle them (sloppy feeding), dissolution of the CaCO3 present

in the particle in the zooplankton digestive system, excretion and respiration (Sec. 3.4.5.3).

Aggregates are formed with the various types of primary particles available after the

described food web processes. Aggregation consists in physical collision followed by

coalescence aided by TEP (Sec. 3.4.4). But aggregates are also degraded and disintegrated

due to: bacterial metabolism (Sec. 3.4.7), dissolution of the bSi and CaCO3 content

below the lysocline (Sec. 3.4.8), physical breakup of unstable particles and disintegration

by photolysis of buoyant particles (Sec. 3.4.6).

All those BCP processes are evaluated sequentially at every time step. An auxiliary

function is then run to clean up the model space from single primary particles that are

poorly sticky and, thus, will never aggregate, by packing them into clusters.

https://doi.org/10.5281/zenodo.5233652
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Figure 3.5. Schematic of the mechanistic model of Lagrangian marine particles in the context of
the biological carbon pump (BCP) simulated in SLAMS-2.0.
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3.4.1 Production of phytoplankton cells

SLAMS-2.0 represents four phytoplankton functional types (PFTs) as primary particles, in
correspondence with the four major ecological groups in the ocean (Le Quéré et al., 2005;
Sarmiento and Gruber, 2006, Panel 4.2.2): silicifying diatoms, calcifying coccolithophores,
large motile dinoflagellates and biomass-dominant picophytoplankton. Those PFTs
have distinct biogeochemical roles, respond differently to environmental conditions and
are of quantitative importance in at least some region of the ocean (Margalef, 1978;
Li, 2002; Zwirglmaier et al., 2008).

The mineral parts of the modelled phytoplankton are made directly from the available
dissolved SiOH4 (for diatoms) and CO 2–

3 (for coccolithophores) forced into the model,
and the organic component is made based on the locally forced NPP. At every time
step, the NPP is transformed into 20 clusters2 of phytoplankton and then each cluster is
assigned a PFT and a number of identical phytoplankton cells (primary particles). To
seed those clusters, there are three decisions to be made: (i) how many of each PFTs
will be seeded, (ii) how many primary particles should each cluster contain and (iii) at
which depth of the euphotic zone the PFT cluster should be allocated. I have developed
a probabilistic model to execute those three steps (illustrated in Fig. 3.6), where a stock
of phytoplankton primary particles is seeded from NPP and modulated according to local
temperature, macronutrient availability (NO –

3 and SiOH4) and PAR0.
Mathematically, the probabilistic model to seed PFTs relies on the calculation of

phytoplankton growth rates, which follow a standard growth limitation equation,

µi = µmax, i
0 ×LiT ×LiN ×LiPAR, i = 1 ... 4 PFTs, (3.1)

where µi (divisions d−1) is the PFT specific growth rate and it is scaled down by three
dimensionless factors: LiT (Eq. 3.2a), a temperature factor that follows Q10 kinetics and
limits µmax, i

0 (divisions d−1), the maximum growth rate at 0○C; LiN (Eq. 3.2b), a nutrient
factor that considers limitation by NO –

3 and SiOH4 and follows Michaelis–Menten/Monod
kinetics; and LiPAR (Eq. 3.2c), a PAR0 limitation factor that uses the Smith (1936) function.
The dependency of µi on the limitation factors is written using the multiplicative law,
which assumes that the three factors act simultaneously, as the product.

LiT = Qi10
T
10 , (3.2a)

LiN = [NO –
3 ]

[NO –
3 ] + kiN

× [SiOH4]
[SiOH4] + kdiat

Si
, (3.2b)

LiPAR = PARz¿
ÁÁÀPARz

2 + ( µiT
αichl θ

i
chl∶C

)
2
, (3.2c)

2As explained in Jokulsdottir and Archer (2016), 20 is a number that was estimated from a trade-off
between computational economy and particle diversity.
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Figure 3.6. Schematic of the probabilistic model used in SLAMS-2.0 to seed phytoplankton
primary particles based on environmental forcing (temperature, macronutrients and PAR0) and
phytoplankton physiological traits (the photosynthetic parameters). Four phytoplankton functional
types (PFTs) are considered: diatoms, coccolithophores, dinoflagellates and picophytoplankton.
Photosynthetic parameters and forcing variables are combined using the laws of phytoplankton
growth (see Eq. 3.1) to calculate the growth rates of the PFTs at the different depth layers
of the euphotic zone, µPFT(z). Next, growth rates are transformed into probabilities pPFT

(pPFT = µPFT/∑µPFT), obtaining (i) the depth distribution of those PFTs probabilities, pPFT(z)
and (ii) the overall pPFT at the euphotic zone. I then sample 20 times those two probability
distribution functions (F (PFT)) with the Monte Carlo method (MCM). By sampling pPFT, I
get the most likely type of PFT that can grow in the overall euphotic zone, and by sampling
pPFT(z), I get the most likely depth for allocating it. I thus make 20 clusters of the most likely
PFTs and seed them into their likely depths. The number of primary particles (cells) in each of
the 20 clusters, NPFT

pp , is decided by dividing the local NPP forced into the model by 20, thus
allocating the same biomass ∆B into each cluster. Next, ∆BPFT is discretised into NPFT

pp cells
by dividing it by a Corg cell quota (θPFT

C ) of the corresponding PFT randomly sampled from the
possible range of values [θmin,PFT

C , θmax,PFT
C ].

where Qi10 is a temperature dependence constant that states that for every 10○C increase
of T , the physiological rate (µ) changes by a factor of Q10, which for most biological
systems doubles or triples the base rate value; kiN (mmol N m−3) and kdiat

Si (mmol Si m−3)
are the half-saturation constants for NO –

3 and SiOH4 uptake, two frequently limiting
macronutrients in the ocean; PARz is the PAR at depth z (Eq. 3.3); µiT = µmax, i

0 × LiT
(first two terms in Eq. 3.1); αichl (g C (g chl)−1 m2 (µmol photons)−1) is the chl-specific
initial slope of the P–I curve; and θichl∶C (g chl g C−1) is the chl:C ratio (Eq. 3.4).

PARz is calculated from PAR0 (W m−2) according to the Beer–Lambert law with
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a PAR attenuation coefficient kPAR:

PARz = PAR0 e
−kPARzeu , (3.3)

where kPAR (m−1) is a single euphotic zone zeu (m) value and is the sum of the attenuation
properties of seawater, kw (m−1), and phytoplankton shading, kchl (m2 (mg chl)−1): kPAR =
kw + kchl [chla]. The parameter zeu is defined as the upper layer of the ocean where
PARz > 1% of PAR0. Therefore, the phytoplankton growth rate µi(z) is evaluated at
all the depth layers where the previous condition is true.

θichl∶C is based on Geider et al. (1997)’s model describing phytoplankton chl:C un-
der balanced growth,

θichl∶C = θchl∶C

1 + α
i
chl θchl∶C PARz

2µiT

, (3.4)

where θchl∶C (g chl (g C)−1) is an average observed chl:C ratio in phytoplankton
Once the four µi are calculated, the actual growth rates that are passed into the proba-

bilistic model are the MIN value between µi and a hypothetical maximum threshold value
for phytoplankton growth, µmax. The optimal µi(z) lies beneath the uppermost surface,
where a better compromise between surface light and bottom-upwelled nutrients exists.

3.4.2 Production of TEPs

Transparent exopolymer particles (TEPs) are an excretion of mucilaginous, sticky polysac-
charides released by large phytoplankton in stress (e.g., when they are in bloom conditions).
TEPs act as a sticky matrix for aggregation, boosting particle coagulation (Passow,
2002; Azetsu-Scott and Passow, 2004) and, since are less dense than water (density of
0.70–0.84 g cm−3), TEPs make aggregates more buoyant.

In SLAMS-2.0, TEPs are produced by the large PFT groups, diatoms and dinoflagel-
lates. Out of the 20 PFT clusters seeded, I select those made of diatoms and dinoflagellates
and extract from them 30% (fTEP) of the total cluster organic carbon (Corg). I recalculate
the properties of the phytoplankton cells after they have produced the exudates, so that
those shrink after releasing Corg. The exuded sticky biomass is encased into two TEP
clusters, or a 10% of the amount of PFT clusters (20), coinciding with the fact that
TEP production accounts for some 5–10% of the NPP (Mari et al., 2017). The ratio
between the number of TEP clusters and the number of PFT clusters is a balance that
matters for coagulation to develop correctly. The number of primary particles in each
TEP cluster, Npp, is just the cluster biomass divided by the carbon content of a TEP,
which is a random value from [θmax,TEP

C , θmin,TEP
C ]. There are no reported values in the

literature for the carbon content of a TEP, so my choice for the values of θmax,TEP
C and
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θmin,TEP
C are such that allow modelled TEPs to stay in Mari (1999)’s carbon content
range (0.25 × 10−6r2.55

p µg C (TEP)−1) and Passow (2002)’s size range (1–100 µm). The
TEPs are exuded at the depths where the selected PFT clusters are or, if there are less
than two PFTs exuding, the depth is probabilistically chosen.

3.4.3 Dust deposition of clay particles

The main origin of marine aeolian dust inputs are the deserts, being North Africa, the
Middle East and Southeast America the most active sources (Schulz et al., 2012). Dust
is composed of a mixture of minerals such as quartz, carbonates, soluble salts and
aluminosilicates (feldspars and clays). The relative composition is variable, depending
on the source region, but clay, and in particular kaolinite, usually dominates the bulk
of the total aerosol mass (Journet et al., 2008).

In SLAMS-2.0, all the aeolian-borne dust particles are clays of type kaolinite (Al2O3·
2SiO2·2H2O). These terrigenous particles are inert as they do not interact with the
BCP module (e.g., there is no dissolution of dust and it does not provide micronutrients,
like iron for phytoplankton growth). Their only function is to provide ballast for the
sinking rain of particles. To minimise the influence of clusters of dust type in the model,
dust particles are seeded every 10 days all in one cluster. For that, I accumulate the
aeolian dust flux deposition, Fdust (g dust m−2 s−1), that has been forced into the model
in that ten-day period into the 10th day. The amount of primary particles in the dust
cluster, Npp, is the dust biomass divided by the clay particle quota, θclay, with a value of
0.10 pmol clay (particle)−1 to keep dust particle diameter at ∼2.5 µm, following reported
equivalent spherical diameter (ESD) values of 0.1–20 µm (Schulz et al., 2012).

3.4.4 Particle coagulation

Small primary particles coagulate to form larger ones following the rules of coagulation
theory. Three physical transport mechanisms (Brownian motion, water shear and
differential settling; Fig 3.7) bring particles together, making collision possible, and
a TEP-mediated mechanism sticks particles together, making coalescence possible.

The development of coagulation theory started with McCave (1984), who built
a marine particle collision model. Later on, Jackson (1990) consolidated the main
transport mechanisms by which marine particles collide and combined his collision model
with phytoplankton growth kinetics to develop a two-state model. There, coagulation
processes were unimportant at low phytoplankton concentrations but dominated at
high concentrations, with a transition phase characterised by decreasing fluid shear
and increasing phytoplankton size and stickiness. The mechanisms by which particles
stuck to each other were still unknown but Hill (1992) realised that the inclusion of
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Figure 3.7. Schematic of the coagulation
model used in SLAMS-2.0, with three particle
collision mechanisms and a TEP-mediated
coalescence. The collision mechanisms are:
random thermal Brownian motion (βBr), ve-
locity gradients in the fluid flow (shear stress,
βsh), and differences in the settling velocities
of individual particles (differential settling,
βds). A single collision mechanism can end
up controlling collision rates, for instance, if
particles are too small, < 1 µm (βBr dominates)
or if particles are too big (βds dominates).
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abundant non-phytoplankton particles was needed to produce model results comparable
to field observations of fluxes. Soon after, laboratory and fieldwork by Alldredge et al.
(1993) proved the existence of sticky, non-phytoplankton particles responsible for particle
aggregation, the TEPs. To date, marine coagulation theory is still developing, with
three areas of critical importance: the incorporation of the fractal nature of aggregates in
coagulation kernels, the development of a mechanistic model for particle disaggregation and
the development of a mechanistic model for particle stickiness (Burd and Jackson, 2009).

SLAMS-2.0 uses a modified version of the particle collision algorithm of SLAMS-
1.0, which was based on the formulation presented in Burd and Jackson (2009). The
collision kernels used in standard coagulation theory (i.e., Burd and Jackson, 2009) have
been theoretically derived for impermeable and non-fractal particles and proven to do
not capture observed kernels in experiments where porous and fractal latex spheres are
involved (Li and Logan, 1997a,b). Thus, in SLAMS-2.0 I have applied, instead, Jackson
(2001)’s empirically derived rectilinear collision kernels from the experimental data of
porous, fractal spheres of Li and Logan (1997a,b),

βBr =
2
3
kBT

µ

(rpi + rpj)
2

rpi rpj
, (3.5a)

βlam
sh = 4

3
γ(rpi + rpj)

3 (laminar shear,MAX(rpi , rpj) < η), (3.5b)

βturb
sh = 1.3γ(rpi + rpj)

3q0.88 (turbulent shear,MAX(rpi , rpj) > η), (3.5c)

βds = π(rpi + rpj)2 ∣wpi −wpj ∣ q0.984, (3.5d)

where the collision kernels β (m−3 s−1) represent the volume swept by a particle in a unit
of time on its way to colliding into another particle; kB (J K−1) is the Boltzmann constant;
T (K) is water temperature; µ (kg m−1 s−1) is the dynamic viscosity of water; γ (s−1)
is water shear rate; q is MIN(rpi , rpj)/MAX(rpi , rpj); rpi and rpj (m) are the radii of
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particles i and j; wpi and wpj (m s−1) are their corresponding sinking velocities; and η (m)
is the Kolmogorov length scale. η is used to separate between turbulent shear (Eq. 3.5b)
and laminar shear (Eq. 3.5c), and thus apply one of the two water shear collision kernels.

Particles will coalesce after collision only if, at least, one of the two particles involved in
the collision has some degree of stickiness (i.e., αp > 0), following SLAMS-1.0’s formulation.
With the three collision kernels added together and the collision efficiency given by the
stickiest particle, the probability that the particles of one cluster will coagulate with
the particles of the other cluster is

pcoagu = (βBr + βsh + βds) ×MAX(αpi , αpj) ×
∆t
∆V

. (3.6)

pcoagu is used to build the probabilistic model for cluster coagulation of Shima et al.
(2009), the SDM, which proved of successful implementation in SLAMS-1.0. The SDM
represents collision events between two clusters of many particles, which significantly
speeds up the computation. It uses the MCM to randomly sample non-overlapping pairs
of clusters that are evaluated for collision, and rescales ∆t if necessary for particles to
meet in the appropriate window time frame. Jokulsdottir and Archer (2016) developed
a formulation based on the rules of conditional probability (their Eq. 17) to calculate
the number of particles in a cluster involved in the collision with the particles of the
other. That calculation operates inside the coagulation algorithm.

The probability of collision between two particles is thus a function of the concentration
of particles (the more particles, the more clusters are sampled), their sizes, the difference
between the sinking velocities of two particles, seawater temperature and the intensity of
turbulent shear. The main advantage of the SDM, and what keeps it computationally
stable, is that the number of cluster particles does not change as particles coagulate.
After coagulation, the number of particles always decreases, but the number of clusters
is unchanged thanks to the SDM, which keeps the simulation computationally stable.
Mass and the number of primary particles are conserved in the process. It is all about
the redistribution of primary particles.

3.4.5 Zooplankton

In SLAMS-2.0, I have separated the zooplankton community into micro- and mesosized
zooplankton (i.e., 20–200 and 200–20,000 µm). Modelled mesozooplankton are represen-
tative of Calanoid copepods (metazoans), which are present in all marine environments
and usually make up 70% by mass of all net-collected zooplankton (Lalli and Parsons,
1997). Modelled microzooplankton consist of protists (unicellular) and I have partitioned
the assemblage into four major groups (Biard et al., 2016; Steinberg and Landry, 2017):
radiolarians (silicified shelled amoebas), foraminifera (calcitic shelled amoebas), pteropods
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(aragonitic snails) and zooflagellates (heterotrophic dinoflagellates and ciliates). Thus,
SLAMS-2.0 models a total of five zooplankton functional types (ZFTs). Zooplankton,
while in their living state, are not modelled as Lagrangian particles but as a biomass;
when they die, the living zooplankton biomass is encased into Lagrangian particles. In
Sec. 3.4.5.1 I describe the diel vertical migration (DVM) approach that I have adopted
to distribute zooplankton biomass spatiotemporally in the water column. In Sec. 3.4.5.2
I describe how the zooplankton biomass encounters the raining flux of particles (prey
items) according to two main feeding strategies, cruisers and ambushers. In Sec. 3.4.5.3 I
describe how zooplankton ingest and digest the POC biomass encountered.

3.4.5.1 Zooplankton biomass model

The first step to model zooplankton biomass is to link it to the standing stock of POC
biomass –the potential food items. Nevertheless, an empirical relationship between
zooplankton biomass and POC biomass that holds globally has not been found yet. Thus,
in SLAMS-2.0, I have adopted an approach that uses the rules of DVM to spatiotemporally
distribute the biomass of zooplankton in the water column. Those rules are based on
the trade-off between the gain from feeding and the risk of mortality following day/night
time stepping and depth in the water column.

Backscattering observations (Bianchi et al., 2013; Behrenfeld et al., 2019) have shown
that diel vertical migrants (mostly mesozooplankton) feed in the euphotic waters during
night, when their fish predators are resting. After consuming phytoplankton and other
non-migrating zooplankton, they migrate down into the twilight zone, just before daylight
arrives, to escape predation. They will then metabolise the ingested surface POC at depth
through respiration, egestion and excretion (Steinberg and Landry, 2017). In SLAMS-2.0,
I have implemented the empirical formulation of Bianchi et al. (2013) to estimate the
depth where zooplankton descend at daylight to escape predation and digest the food,

zday
DVM = 398 − 0.56 ∆O2 − 115 log10(chla) + 0.36 MLD − 2.4 ∆T, (3.7)

where zday
DVM is in metres, ∆O2 (mmol m−3) and ∆T (○C) are the O2 and T gradients

between the euphotic zone (0–25 m) and the twilight zone (150–500 m), and chla (mg m−3)
is the chlorophyll forced into the model.

In SLAMS-2.0, the DVM depth is not a discrete depth but a range of depths
∆zDVM (or migrating layer with upper and lower boundaries) where zooplankton are
more abundant than anywhere else in the water column. Zooplankton abundance
is modelled using a characteristic ratio to POC biomass, as explained in the next
paragraph. Fig. 3.8 illustrates SLAMS-2.0’s DVM algorithm, with four types of DVM
depth boundaries encasing two ∆zDVM: the upper and lower boundaries of the night



3. Model description 69

DVM depth (znight, upp
DVM and znight, low

DVM ), and the upper and lower boundaries of the day
DVM depth (zday, upp

DVM and zday, low
DVM ). I assume a thickness for ∆zDVM randomly chosen

between 10 and 100 m (after Bianchi et al., 2013) and calculate the upper and lower
boundaries around that thickness. The day DVM depth is zday

DVM (Eq. 3.7) whereas for
the night DVM depth I consider the depth where there is maximum concentration
of phytoplankton cells, zbounty,

znight, upp
DVM =MAX(zbounty −

1
2

∆znight
DVM, 0) (∆znight

DVM = rand[10,100]), (3.8a)

znight, low
DVM =MIN(zbounty +

1
2

∆znight
DVM, H) , (3.8b)

zday, upp
DVM =MAX(zday

DVM − 1
2

∆zday
DVM, 0) (∆zday

DVM = rand[10,100]), (3.8c)

zday, low
DVM =MIN(zday

DVM + 1
2

∆zday
DVM.H) , (3.8d)

Each pair of DVM boundaries differentiates three sections in the water column
(Fig. 3.8), each of them with distinct POC to zooplankton ratios: θDVM night

POC∶Z = 0.50 (↑Z:POC),
θDVM day

POC∶Z = 1.5 (≃Z:POC) and θPOC∶Z = 3.0 elsewhere (↓Z:POC). Those ratios are mul-
tiplied by the standing stock of POC biomass at a specific depth to transform it
into zooplankton biomass, Bzoo (mol C). Notice that there can only be zooplankton
(i.e., Bzoo > 0) when POC “food” is present. The value of the POC:zooplankton ratio
is not a trivial one. Buitenhuis et al. (2013) show that observed global autotrophic
(picophytoplankton, diazotrophs, coccolithophores, diatoms, phaeocystis) to heterotrophic
(bacteria, micro-, meso-, and macrozooplankton, pteropods and foraminifera) ratio
in the ocean is ∼1:1, and the depth profiles of the biomass of phytoplankton (di-
atoms+picophytoplankton+coccolithophores) would be ∼3 times those of the biomass of
zooplankton (microzooplankton+mesozooplankton). In SLAMS-2.0, I use that fraction,
3:1, as the bottom line for the POC:zooplankton ratio (i.e., θPOC∶Z; from that ratio, I
derive the other two indicated above). However, considering that POC matter is more
than just phytoplankton matter, the actual ratio could be higher.

Each time step, all the estimated Bzoo at a particular depth is assigned to one of the
five ZFTs probabilistically, according to the proportion of large vs small phytoplankton.
Thus, if (pdiat + pdino) ≥ 50%, Bzoo has a higher chance of being of type mesozooplankton
than of microzooplankton. However, if microzooplankton type is chosen, a further decision
has to be made favouring one of four microzooplankton types (radiolaria, foraminifera,
pteropods or zooflagellates). Each type has an assigned a priori probability (pradiol, pforam,
ppterop and pflagel) which will be a posteriori manipulated according to the MCM and the
availability of SiOH4 and CO 2–

3 , the nutrients needed to form the mineral parts of silicifying
and calcifying microzooplankton. If the concentrations of such nutrients at z ≤ 1000 m
are zero, the probabilities of microzooplankton with mineral parts are assigned a 0.
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Figure 3.8. Schematic of the zooplankton diel vertical migration (DVM) model used in SLAMS-2.0
to compute zooplankton biomass and zooplankton-particle encounter kernels. Four boundaries are
represented: the upper and lower boundaries of the night DVM depth (znight, upp

DVM and znight, low
DVM ),

and the upper and lower boundaries of the day DVM depth (zday, upp
DVM and zday, low

DVM ). Those
differentiate three regions in the water column at day and night: the DVM depth layer (∆zDVM),
the region above ∆zDVM and the region below ∆zDVM, with a zooplankton biomass (Z) that is
characteristically smaller (↓), higher (↑) or slightly equal (≃) to particulate organic carbon (POC)
biomass, following the DVM rules based on the trade-off between gain from feeding and risk
of mortality. Two zooplankton feeding strategies that show vertical structure are represented
to calculate zooplankton-particle encounter kernels: cruisers, or active zooplankton that search
prey while swimming, and ambushers, or passive zooplankton that remain motionless waiting for
their prey. During the day, cruisers hide at depth to reduce their risk of mortality –cruising is a
behaviour that increases conspicuousness to fish predators. During the night, cruisers are back
in the surface waters to feed while their predators are less able to detect them in the darkness.
Ambushers do not display migrating behaviour; they are spread throughout the water column and
are second to abundance when they share a water region with cruisers.

3.4.5.2 Zooplankton encounter model

In the same way that coagulation occurs when two particles encounter each other,
zooplankton grazing is only possible if there is an encounter between a zooplankton
individual (predator) and a particle (the prey). The calculation of the encounter probability
between a prey particle and a zooplankton predator requires Bzoo to be encased into
a number of zooplankton organisms, Nzoo, that have a defined radius, rzoo, and a
swimming speed, vzoo. The equations to characterise those zooplankton variables are
in Appendix C.3 and are based on the empirical formulations of Kiørboe (2013), Brun
et al. (2019) and Pinti et al. (2019), respectively.

Encounters in SLAMS-2.0 are viewed from the perspective of the particles (the prey).
Thus, the encounter probability (penc) that needs to be calculated is that of a particle
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being encountered by a zooplankton individual, and not the other way around.There
are two main encounter mechanisms between a particle and a zooplankton individual in
SLAMS-2.0 (after Kiørboe, 1997): behavioural locomotion, βbe, and the physical transport
of water shear, βsh. Mirroring the formulation of pcoagu (Eq. 3.6),

penc = (βbe + βsh) ×Nzoo ×
∆t
∆V

, (3.9)

where (βbe + βsh) (m3 s−1) represents the volume of water ∆V that a particle navigates
in a time step ∆t on its way to encountering zooplankton, and Nzoo is the number of
zooplankton individuals in the grid box (calculated after encasing Bzoo into a number of
zooplankters according to a zooplankton carbon quota, calculated in Appendix C.3).

The calculation of βbe depends on the zooplankton locomotion (or feeding) behaviour,
with two main strategies distinguished: cruisers vs ambushers (Kiørboe, 2011), which
switch according to depth in the water column and day/night time stepping (Fig. 3.8).
Cruisers are those predators that search prey while actively swimming (e.g., copepods and
zooflagellates). Since a cruising behaviour increases conspicuousness to predators (Ohman
and Romagnan, 2016; Prowe et al., 2019), to reduce the risk of detection and capture
by visually hunting predators, like planktivorous fish, cruisers migrate at depth at dawn.
Thus, during the day they are mostly found at depth, in dark waters below zday, upp

DVM .
At night, cruisers migrate upwards to surface waters to feed and are mostly found at
depths above znight, low

DVM . Ambushers are motionless zooplankton that wait to intercept
a prey (i.e., foraminifera, radiolarians and pteropods). They do not display migrating
behaviour as cruisers do, and thus constitute a resident community. Their abundance is
second to that of cruisers when both groups are sharing a region in the water column.
The encounter kernels presented in Eq. 3.9 are (after Kiørboe, 1997):

βcrui
be = π(ridetect + rp)

2
vizoo (cruisers, if PAR0 > 0 and z > zday, upp

DVM , or

if PAR0 = 0 and z ≤ znight, low
DVM )

(3.10a)

βamb
be = π(ridetect + rp)

2
wp (ambushers, otherwise), (3.10b)

βlam
sh = 4

3
γ(ridetect + rp)

3 (laminar shear, (ridetect + rp) < η), (3.10c)

βturb
sh = 1.3γ(ridetect + rp)

3 (turbulent shear, (ridetect + rp) > η), (3.10d)

where (ridetect+rp) (m) is called the reaction distance and is the sum of the detection radius
of the animal (i = Mz or µz) and the radius of the particle; ridetect = Ri ri, where Ri is a
detection radius factor that accounts for zooplankton bodily extensions or chemical cues
(in the parameter list) and ri is from Eqs. C.19b and C.20b; vizoo (m s−1) is the zooplankton
swimming speed (Eq. C.22). Notice that βcrui

be > βamb
be because the zooplankton swimming

speed is higher than the sinking velocity of a particle, which is neglected in Eq. 3.10a.
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In summary, SLAMS-2.0 uses the DVM rules that reduce the risk of mortality to
allocate zooplankton biomass in the water column. The migrating vs non-migrating
behaviour in SLAMS-2.0 is given by two locomotion (or feeding) strategies, cruisers
(migrants) and ambushers (non-migrants).

3.4.5.3 Zooplankton grazing

All the particle clusters in the grid box are evaluated individually for encountering
zooplankton, where the calculated penc is compared to a random number (rand) from a
homogeneous distribution [0, 1]. If penc > rand, the particle is encountered and evaluated
for ingestion depending on the particle’s OM content. To prevent that unpalatable food
particles, with a low OM content, are ingested, only particle clusters with a fraction of
OM > f ing, surf

OM at depths < 1000 m and OM < f ing,deep
OM at depths > 1000 m are ingested.

In the absence of a mechanistic model to treat fragmentation induced by the action
of zooplankton swimming-induced currents, SLAMS-1.0 used an empirical formulation
based on the observations of Goldthwait et al. (2004). In that formulation, the number of
daughter particles a parent particle fragments into is based on the radius of the particle. In
SLAMS-2.0, though, I have decided to treat the process of fragmentation by zooplankton
parametrically to test the effect of a single controlling factor (a parameter, instead of a
range of particle sizes) on the model output. A fraction, fsloppy, of the total mass of the
intercepted particle cluster is fragmented and released as dissolved material (DOC + DIC
+ SiOH4) as the zooplankton handle it in a sloppy manner with their appendages, rather
than fragmenting it through swimming-induced currents into daughter particles.

The amount of particle cluster ingested will be metabolised by zooplankton in five
steps (Fig. 3.9): (1) dissolution in the zooplankton guts of the CaCO3 present in the
ingested food, releasing DIC; (2) egestion of a fraction of the ingested material that
is not absorbed, packaging it into faecal pellet clusters; (3) excretion of a fraction
of the absorbed material that is not assimilated, releasing DOC, DIC and SiOH4;
(4) respiration of the assimilated organic material that is not transformed into net
secondary production (NSP), remineralising POC into CO2, and (5) death, where dead
biomass is encased into ZFTs clusters.

The ingested cluster is not treated as discrete particles anymore but as food biomass.
Since digestion is primarily an acidic process, there is dissolution of the ingested CaCO3

food biomass (BCaCO3) in the digestive system of a zooplankton organism, which is released
as DIC (BDIC). For the dissolution of CaCO3 in the zooplankton digestive system, I use
the model of Jansen and Wolf-Gladrow (2001) in which dissolution limitation factors
for the two forms of CaCO3, Lcalc and Larag, are calculated. Those two depend on the
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Figure 3.9. Flow chart of the zooplankton grazing model used in SLAMS-2.0. penc is the
probability of particle-zooplankton encounter; f ing, surf

OM and f ing,deep
OM are the fractions of organic

matter (OM) in a surface ocean and deep ocean food particle, respectively; fsloppy is the fraction
of intercepted material fragmented due to sloppy handling of the food particle; rzoo is the radius
of a zooplankton organism; βC is the absorption efficiency of carbon (C); knz is the C-specific
net growth efficiency; T is seawater temperature; O2 is oxygen concentration. Ingestion is the
process of intake of food into the feeding apparatus. Absorption is the process of diffusion of
food from the gut/vacuole to the circulatory system. Egestion refers to the production of faecal
pellets. Excretion refers to the production of urine products. Assimilation is the incorporation of
matter into tissues as gross secondary production. After respiration takes place, the assimilated
biomass is considered net secondary production (NSP). Encounters depend on the zooplankter
size (meso- vs microzooplankton), so it is the production of faecal pellets. At each time step and
each depth layer, zooplankton dead bodies can be one of five main zooplankton functional types
(ZFTs): copepods (mesozooplankton), foraminifera, pteropods, radiolarians or zooflagellates (the
latter four, microzooplankton). ZFT is decided probabilistically upon the abundance of large vs
small phytoplankton functional types.

magnitude of CaCO3 undersaturation in the zooplankton digestive systems (guts for
mesozooplankton, food vacuoles for microzooplankton):

Lcalc =
⎧⎪⎪⎪⎨⎪⎪⎪⎩

(1 − [CO 2–
3 ]zoo

[CO 2–
3 ]calc

sat
)
ηcalc

if [CO 2–
3 ]zoo < [CO 2–

3 ]calc
sat ,

0 if [CO 2–
3 ]zoo ≥ [CO 2–

3 ]calc
sat ,

(3.11a)

Larag =
⎧⎪⎪⎪⎨⎪⎪⎪⎩

(1 − [CO 2–
3 ]zoo

[CO 2–
3 ]arag

sat
)
ηarag

if [CO 2–
3 ]zoo < [CO 2–

3 ]arag
sat ,

0 if [CO 2–
3 ]zoo ≥ [CO 2–

3 ]arag
sat ,

(3.11b)

where Lcalc and Larag are the fractions of carbonate dissolving per minute in the



3. Model description 74

zooplankton digestive systems; [CO 2–
3 ]calc

sat and [CO 2–
3 ]arag

sat (mmol m−3) are the calcite
and aragonite saturation concentrations, for which a surface ocean (100 m) value has
been assumed (42.7 mmol m−3 after Jansen, 2001); [CO 2–

3 ]zoo is the concentration of
CO 2–

3 in the zooplankton digestive system, calculated as the quotient between the
amount of CO 2–

3 in the ingested food biomass and the volume of the gut or vacuole
(Vgut = 4

3πr
3
Mz and Vvacu = 4

3πr
3
µz, where digestive system volumes are assumed to equal

the volume of the zooplankton organism); and ηcalc and ηarag are the calcite and aragonite
dissolution order reactions. When the digestive system is supersaturated with respect to
CaCO3 ([CO 2–

3 ]zoo ≥ [CO 2–
3 ]calc

sat ), no dissolution occurs, and when the digestive system is
undersaturated with respect to CaCO3 ([CO 2–

3 ]zoo < [CO 2–
3 ]calc

sat ), dissolution is possible.
Finally, the released DIC biomass (BDIC) is the analytical solution of the differential

equation dBDIC/dt = (κCaCO3LCaCO3 + 1/φi) ×BCaCO3 (Jansen and Wolf-Gladrow, 2001,
Eq. 1), which is an exponential equation,

BDIC = Bcalc −Bcalc exp
⎛
⎝
(−κcalcLcalc +

1
φi

)∆t
⎞
⎠

+Barag −Barag exp
⎛
⎝
(−κaragLarag +

1
φi

)∆t
⎞
⎠
,

(3.12)

where κcalc and κarag (s) are the calcite and aragonite dissolution timescales and φi (s)
is the gut passage time (i = Mz or µz).

The fraction of CaCO3 not dissolved in the zooplankton digestive system will be
allocated into faecal pellets as mineral components cannot be absorbed, only organic
material. The fraction of matter doomed for egestion, Begest = (Bing −BDIC) × (1−βC), is
packaged into faecal pellet particles. A faecal (pellet) particle in SLAMS-2.0 is usually an
aggregate of Nfpp faecal primary particles with a porosity between 40–70% ([Pmin

fp , Pmax
fp ],

in the parameter list) (Ploug et al., 2008). A faecal cluster is created per food cluster
ingested, with a number of faecal particles Nfp.

To decide the number Nfp into which the egested biomass Begest will be split into,
I have designed an algorithm that keeps the size of faecal particles proportional to the
size of the food particles ingested. The method uses the bulk volume of the faecal
particle, V B

fp , to scale the material content of the ingested particle –I use the solid volume
and not, for instance, the radius because the radius implies already a porosity, which
might be very different in the ingested vs faecal particles. I calculate V B

fp (µm3) as
a function of the prosome length, PL (mm), of the zooplankton individual, following
Stamieszkin et al. (2015) empirical formulation,

V B
fp = 10(5.4 + 2.58 × log10(PL)), (3.13)
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where PL is calculated in Appendix C.3 using a temperature–PL empirical relationship.
I use V B

fp to calculate the ratio between the bulk volume of the faecal pellet and the
solid volume of the particle ingested, as qvol = V B

fp /V S
p . That value is used to scale

up or down the ingested particle’s molar content (as qvol ∑i nip), mass (as qvolmp) and
solid volume (as qvol V

S
p ). Those scaled quantities become the potential attributes of

the new faecal particle (mfp, ∑i nifp and V S
fp). Next I calculate the number of faecal

particles in the faecal cluster as Nfp = (Npmp)/mfp, where the numerator is the total
mass of the ingested cluster of particles and the denominator is the mass of one faecal
particle (notice: particle, not cluster). The last attribute needed to constitute the faecal
particle is Nfpp, which through fractal scaling law can compute all the other faecal
attributes left to be known. Two cases arise.

• Case 1: Nfp > 1, the total mass of the ingested cluster is larger than the mass of
a single faecal particle. In that case, I split the ingested cluster mass into faecal
particles according to the calculated V B

fp , V S
fp and porosity chosen from a range

[Pmin
fp , Pmax

fp ] modified according to mineral content (higher mineral content favours
more porous structures). Those three attributes can compute Nfpp using fractal
scaling.

• Case 2: Nfp ≤ 1, the mass of a single faecal particle is larger than the total mass of
the ingested cluster. In that case, it is necessary to scale down the original target
volume of the faecal particle, V B

fp , until Npmp = Nfpmfp. For that, I scale down V S
fp

by factors of 10, and when the mass balance is achieved, I am ready to compute the
faecal particle attributes following Case 1.

After putting aside a fraction (1 − βC) for egestion and a fraction (1 − knz) for
excretion (Fig. 3.9), I calculate the amount of assimilated POC food biomass (BPOC)
that will be respired and remineralised into CO2 (BCO2). For that, I calculate first the
zooplankton respiration rate, λ, which follows Q10 kinetics for temperature limitation and
Michaelis–Menten/Monod kinetics for O2 limitation (after Cram et al., 2018),

λi =MIN(λmax, i
0 Qi10

T
10 , λmax, i) × [O2]

[O2] + kO2

, (3.14)

where λmax, i
0 (d−1) is the maximum zooplankton C-specific respiration rate at 0○C,

λmax, i (d−1) is a threshold zooplankton C-specific respiration rate, and kO2 (mL L−1)
is the half-saturation constant for O2 uptake. BPOC is the analytical solution of the
differential equation dBCO2/dt = λBPOC, which is an exponential equation,

BCO2 = BPOC −BPOC exp(−λi∆t). (3.15)
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In SLAMS-2.0, zooplankton die due to natural causes only and are encased into a
new type of primary particles: the dead zooplankton bodies (Fig. 3.3). The calculation
of the dying zooplankton biomass, Bdead

zoo , happens when all particles in the depth layer
have been evaluated for ingestion and only if a fraction of the ingested biomass has
been assimilated into NSP,

Bdead
zoo = Bzoo −Bzoo exp(−mi∆t). (3.16)

Bdead
zoo is encased into Npp primary particle dead bodies according to the zooplankton

carbon body quota, i.e., Npp = Bdead
zoo /θiC (θiC is the zooplankton body C quota, computed

in Appendix C.3). The ZFT of the Npp formed had already been assigned at the
moment of forming Bzoo.

3.4.6 Particle physical breakup and photolysis

Particle breakup happens in SLAMS-2.0 if an aggregate meets one of two criteria: (a) it has
an unstable structure because it is poorly sticky (mathematically executed as αp < 10−20

and rand > 0.99) and/or (b) it is sinking through a turbulent environment (rp > η). There
is still no mechanistic formulation to model particle physical disaggregation. However,
it is understood (Goldthwait et al., 2004) that it depends on (i) the size of the particle,
where the number of fragments increases exponentially with increasing aggregate size, and
(ii) particle lability, where less labile (or more fragile) aggregates tend to fragment more
readily and into more fragments than more labile ones. Following those two premises,
I have developed a mechanistic formulation for aggregate breakup in SLAMS-2.0. The
number of fragments, or daughter particles, in which an aggregate will break up, Nfr, is a
function of rp and the mineral fraction in the particle with respect to (Corg + TEC), the
proxy to particle fragility (i.e., higher mineral content destabilises particles as mineral
spicules and shells make the structure more open). Following Goldthwait et al., 2004,
Fig. 5, the function can be modelled with a power-law shape equivalent to

Nfr = 2 r

⎛

⎝

∑i ni
nCorg + nTEC +∑i ni

⎞

⎠

p , i = calc, arag, bSi & clay, (3.17)

and the particle is fragmented if the product Nfr × rand > 2, a threshold value to avoid
excessive particle breakup. It follows that the parent aggregate must have an amount
of primary particles Npp ≥ Nfr to be able to disintegrate.

Photolysis is applied to particles that meet the following three criteria: (a) are in
the upper 1 m of the water column, and (b) are big enough to have a weak structure
(rp > 10 mm), and (c) are positively buoyant (ρp < ρw). Photolysis breaks those particles
into their dissolved material components. Photolysis rarely happens in SLAMS-2.0 as not
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many particles meet the criterion of being bigger than 10 mm (quite a large number for
marine aggregates). The proposed mathematical realisation for photolysis, inherited from
SLAMS-1.0, is not a mechanisation of photolysis, but more of a fudge function of what is
expected to happen to particles that will never sink and that are in direct contact with
surface ocean radiation. The bar on particle size for photolysis has been set high to do
not immediately photolyse all particles in the surface ocean that become relatively large,
so to give them some more lifetime to interact with the surrounding particles, offering
them an opportunity to sink if their density becomes larger than that of seawater. Thus,
the large particle size is a proxy for photolytic lifetime, retarding degradation by light.

3.4.7 Bacteria metabolism

Around 50% of the POC produced by primary production is converted into DOC by
processes such as zooplankton excretion, zooplankton fragmentation during sloppy feeding,
viral lysis of phytoplankton cells and microbial solubilisation (Anderson and Tang, 2010).
Many marine heterotrophic bacteria can produce sticky polysaccharides (Herndl and
Reinthaler, 2013), which help attach them to the aggregates they feed on by producing
hydrolytic enzymes to solubilise particulate material and use the generated DOC as a
resource for growth and maintenance. In SLAMS-2.0, the metabolism of bacteria is
represented with two processes: (i) respiration, which follows the formulation kinetics
based on T and O2 used in zooplankton respiration (Eqs. 3.15 and 3.15) and releases
CO2, and (ii) solubilisation of small particles (rp < 0.2 µm, particles operationally defined
as DOC), which releases DOC, DIC and SiOH4. Those small particles will never collide
with another particle as they became too small after remineralisation, disaggregation and
dissolution processes. In SLAMS-2.0, I collect all the solubilised material belonging to
small particles (in that depth layer, in that time step) and accumulate the organic carbon
until I have put together enough to form a cluster of several sticky TEP particles.

3.4.8 Abiotic mineral dissolution

Abiotic mineral dissolution operates on both CaCO3 and bSi (there is no dissolution of
clay). The abiotic dissolution of CaCO3 is homologous to that of zooplankton digestive
system dissolution of CaCO3 (biotic) using distinct dissolution limitation factors for calcite
and aragonite, Lcalc and Larag (Eqs. 3.11a and 3.11b). In the case of abiotic dissolution,
those depend on ambient saturation concentrations, which are functions of depth (or
pressure). Following the empirical formulation in Jansen et al. (2002),

[CO 2–
3 ]calc

sat = 88.7 exp(0.189 (z − 3.82)), (3.18a)

[CO 2–
3 ]arag

sat = 117.5 exp(0.176 (z − 3.06)), (3.18b)



3. Model description 78

where z is depth in km and 3.82 km and 3.06 km are the saturation horizon depths for
calcite and aragonite, respectively. Waters where [CO 2–

3 ] > [CO 2–
3 ]sat are supersaturated

with respect to mineral CaCO3 and no dissolution occurs; it is the case of surface
waters. If [CO 2–

3 ] < [CO 2–
3 ]sat, the water is undersaturated with respect to mineral

CaCO3 and dissolution occurs; it is the case of deep waters, which are corrosive to
calcareous shells and skeletons.

The released DIC biomass (BDIC) is also the analytical solution to the differential
equation of dissolution kinetics,

BDIC = Bcalc −Bcalc exp (−κcalcLcalc∆t)

+Barag −Barag exp (−κaragLarag∆t) .
(3.19)

The dissolution kinetics of bSi mirrors that of CaCO3. Since most of the water
column is so highly undersaturated in SiOH4, i.e., [SiOH4] < [SiOH4]sat (Sarmiento and
Gruber, 2006), bSi dissolution readily occurs and one can express the dissolution of
opal directly without a limitation factor,

BSiOH4 = BbSi −BbSi exp (−κopal∆t) , (3.20)

where κopal (s) is the bSi dissolution timescale.
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4.1 Introduction

Climatological environmental data are needed to drive SLAMS-2.0’s ecosystem functioning

and to calibrate the model output. The forcing data sets used to run SLAMS-2.0 (NPP,

chl a, PAR0, NO –
3 , SiOH4, CO 2–

3 , O2, T , MLD, Fdust) are of more conventional acquisition

compared to the calibration data sets used to constrain its response (POC, PIC and bSi

fluxes as well as particle number concentrations). Forcing data sets are already found

in a globally gridded format and statistically processed. On the contrary, particle flux

data are available for point locations in the ocean and are heterogeneous in time and

space, making it difficult for building global climatologies. Furthermore, the collection

79
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of particle flux data is not synchronised with closely related variables, like in situ NPP
data, needed to force SLAMS-2.0 and calculate flux-related metrics.

A decision was made to calibrate SLAMS-2.0 only with particle flux data from long-
term, fixed-point time series, which provide quasi climatological data on surface-to-depth
profiles. That criterion has restricted my compilation of calibration data sets to five
locations only: EqPac, in the upwelling equatorial Pacific (0○N, 140○W), HAUSGARTEN,
in the Arctic Atlantic (79.0○N, 4.3○E), Ocean Station Papa, in the subarctic eastern
Pacific (50○N, 145○W), Porcupine Abyssal Plain time-Series Observatory, in the blooming
NE Atlantic (49○N, 16.5○W) and Bermuda Atlantic Time-Series/Oceanic Flux Program
joint site, in the subtropical NW Atlantic (31.6○N, 64.2○W). This chapter provides the
reference sources of the calibration and forcing data sets and addresses the problem
of data choice and data aggregation (i.e., statistical treatment) to produce local quasi
climatologies of particle fluxes, particle number concentrations and NPP.

4.2 Model forcing data sets

SLAMS-2.0 is driven by ten local forcing variables, introduced into the model every time
step: PAR0, the solar radiation in the range of 400–700 nm incident on the surface ocean;
[chl a], the concentration of photosynthetic pigment chlorophyll a integrated for the
euphotic layer; NPP, the production of phytoplankton biomass integrated for the euphotic
layer; Fdust, the wind-borne, aeolian flux of dust deposited into the surface ocean; [O2],
the seawater concentration of dissolved oxygen along a depth profile; T , the seawater
temperature along a depth profile; [NO –

3 ] the seawater concentration of macronutrient
nitrate along a depth profile; [SiOH4], the seawater concentration of macronutrient silicic
acid along a depth profile; [CO 2–

3 ], the seawater concentration of carbonate ion along
a depth profile, and MLD, the mixed layer depth. These ten biogeochemical variables
are based on oceanographic and satellite observations. Next I detail the sources and
processing of the model forcing data sets and Fig. 4.1 shows the global distribution
of their annual climatological means.

4.2.1 Light

Data sets of PAR0 exist from satellite products, but those produce incomplete pictures
above 60○N and below 60○S during the cold months of the year as the satellites cannot
see through the cloud thickness and the winters have days without sunlight. Thus, I
have created my own PAR0 (W m−2) product from the solar constant using standard
trigonometric/astronomical equations. I have calculated PAR0 with dependencies on:
(i) latitude, (ii) day of the year (Julian day), (iii) the atmospheric properties of absorption
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Figure 4.1. Global ocean distribution of the climatological annual mean of SLAMS-2.0’s forcing
variables at a spatial resolution of 1○×1○. NPP is a satellite estimate from Carr (2002), chlorophyll a
is a MODIS-Aqua product, PAR0 is from trigonometric/astronomical equations combined with
input data of the fraction of clouds and ice covering the sea (obtained from CMIP model estimates),
temperature, oxygen and macronutrients (nitrate, silicic acid) are from the World Ocean Atlas
2013 (WOA13), carbonate ion concentration is from the Global Ocean Data Analysis Project for
Carbon (GLODAPv2), MLD is from the climatology of De Boyer Montégut et al. (2004) that
uses the variable density criterion, and aeolian dust flux is a composite model estimate.
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and scattering, (iv) the ocean surface reflectivity (albedo), (v) the amount of cloud
and ice covering the sea (monthly climatologies from https://psl.noaa.gov/data/gridded/
cmip3-clouds-rad-precip/ and composite model estimate borrowed from my supervisor,
respectively), and (vi) the time of the day. For any modelled location in SLAMS-2.0,
the daily cycle of day and night alternates with two time steps dedicated to the daytime
period and one time step to the night period (16 h in daylight and 8 h in the darkness).
PAR0 (see calculation in Appendix D) is the average PAR0 received per unit area during
the daylight period of a particular Julian day.

4.2.2 Primary production

Traditionally, observations of NPP have been obtained in situ in shipboard incubation
experiments of phytoplankton where cells would uptake radioactive inorganic 14C through
photosynthesis. But the elevated cost of oceanographic campaigns has produced a reduced
set of in situ NPP observations, with poor spatial and temporal coverage, making them
not the first choice for validating biogeochemical models (Carr et al., 2006). Luckily,
alongside oceanographic campaigns, satellites have been recording worldwide, all-year-
round ocean colour. The optical signal detected by ocean colour radiometers is influenced
by the concentration of seawater components that interact with light, such as chl a
in phytoplankton cells. That chl-based signal is transformed into NPP. Satellite-based
estimates of NPP outnumber in situ measurements as they are available at synoptic scales.
Today, there exist more than 20 satellite-based models that estimate NPP from ocean
optics in combination with other remotely sensed properties, such as SST and PAR0, and
assumptions about the shape of the P − I curve, the depth of NPP integration and the
value of the photosynthetic parameters (see review of Carr et al., 2006).

I have compiled NPP data from four satellite-based models commonly used in the
OBM literature: the Vertically Generalized Productivity Model (VGPM, Behrenfeld
and Falkowski, 1997), the Carbon-based Productivity Model-2 (CbPM, Westberry et al.,
2008), the Carbon, Absorption, and Fluorescence Euphotic-resolving model (CAFE model,
Silsbe et al., 2016) and the Carr (2002) model. Those four models produce the spatial
maps of annual averages of NPP shown in Fig. 4.2 after applying strategic interpolation
to fill in those areas of the ocean not seen by the satellite when covered by clouds. The
interpolation algorithm that I have designed operates over locations where there have
been ≥ 2 months in the year when an NPP data value was available and interpolates
linearly in time using the Matlab’s function interp1. VGPM, CbPM and CAFE are
driven with data products from the MODIS-Aqua satellite sensor (chl a, PAR0 and
SST) and are already available as finished data sets at the Ocean Productivity site
(http://sites.science.oregonstate.edu/ocean.productivity/). Carr (2002)’s model is driven

https://psl.noaa.gov/data/gridded/cmip3-clouds-rad-precip/
https://psl.noaa.gov/data/gridded/cmip3-clouds-rad-precip/
http://sites.science.oregonstate.edu/ocean.productivity/
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with data products from a different satellite sensor, the SeaWiFS (chl a and PAR0, but SST
from AVHRR satellite sensors). I have recalculated the Carr (2002) model output using a
carbon to chl a ratio of 50 g C (g chla)−1 (from Fasham et al., 1990, after value not reported
in the Carr model), and input data from extended periods compared to the originally
chosen by the author. Thus, chl a and PAR0 are from SeaWiFs 9 km monthly climatology
for the whole satellite lifespan, 1997–2010 (hhttps://oceandata.sci.gsfc.nasa.gov/SeaWiFS),
SST is from AVHRR Pathfinder v5.0 global 4 km monthly climatology for 1985–2001
(https://www.ncei.noaa.gov/products/avhrr-pathfinder-sst) and seawater temperature
to calculate the maximum photosynthetic rate at the base of the mixed layer is from
WOA13 (https://www.nodc.noaa.gov/OC5/woa13/woa13data.html).

Figure 4.2. Global map of net primary production (NPP) estimated from four algorithms: (top
left) the VGPM (Vertically Generalized Productivity Model) based on MODIS-Aqua products,
(top right) the CbPM (Carbon-based Production Model-2) based on MODIS-Aqua products,
(bottom left) the CAFE model based on MODIS-Aqua products and (bottom right) the Carr
(2002) model based on SeaWiFs and AVHRR products. Printed on top of each map is the globally
integrated average values of NPP for each model.

The VGPM and Carr (2002) model predict higher NPP in the northern North Atlantic
and lower NPP in oligotrophic areas than the CbPM and CAFE models (Fig. 4.2). It has
been already noted that the VGPM model has a large uncertainty in the northern North
Atlantic when compared to in situ observations (Tilstone et al., 2009, 2015; Milutinovic
and Bertino, 2011) due to errors in photosynthetic rate functions and irradiance-depth
dependent functions. Per contra, the CAFE and CbPM model predict higher NPP
estimations in the Equatorial upwelling region, tropical and subtropical oceans. Those
four models differ in how NPP is globally distributed, and their globally integrated average

hhttps://oceandata.sci.gsfc.nasa.gov/SeaWiFS
https://www.ncei.noaa.gov/products/avhrr-pathfinder-sst
https://www.nodc.noaa.gov/OC5/woa13/woa13data.html
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values (VGPM MODIS, 51.6 Gt C yr−1 < Carr (2002), 54.4 Gt C yr−1 < CAFE MODIS,

63.1 Gt C yr−1 < CbPM MODIS, 70.5 Gt C yr−1) are not in all cases close to the global

value of 50 Gt C yr−1 based on in situ data (Carr, 2002; Carr et al., 2006).

The NPP from Carr (2002) has been chosen to run SLAMS-2.0 due to closer

resemblance with in situ NPP estimates at five ocean locations selected for model

calibration (see Sec. 4.3.2 below). Considering that not all three time steps in a modelled

day receive PAR0, the NPP (mol C m−2 d−1) is distributed over the sunny seconds of a day,

and thus inputted into SLAMS-2.0 in units of mol C m−2 s−1 for the time steps exposed to

daylight. Another primary productivity variable used by SLAMS-2.0 is [chla] (mg m−3),

which is from a monthly climatology from MODIS Aqua product 9 km available at NASA’s

Ocean Color Web (https://oceancolor.gsfc.nasa.gov/atbd/chlor_a/). I have averaged

monthly data of chl a for the period 2002–2019 and have applied the same extrapolation

criterion as per the NPP data set to the regions covered by clouds.

4.2.3 Nutrients

[NO –
3 ] (mmol m−3), [SiOH4] (mmol m−3) and [O2] (mL L−1) are from the World Ocean

Atlas 2013 (WOA13), where macronutrients are from García et al. (2013b) and oxygen

is from García et al. (2013a), all available at https://www.nodc.noaa.gov/OC5/woa13/

woa13data.html. Since monthly climatologies are only available for upper water column

depths (monthly O2 data go down to 1500 m and monthly macronutrients only go down

to 500 m), I have created a water depth climatology using monthly climatologies for upper

water column values and annual climatologies for the lower water column values. Monthly

climatological values are interpolated to the days of the month (as well as to the depth

grid and latitude/longitude grid chosen) using Matlab’s function griddedInterpolant,

and then allocated equally for the three time steps of the day.

[CO 2–
3 ] (mmol m−3) is an annual, depth-distributed global climatology calculated using

a program developed for CO2 system calculations, CO2SYS (Lewis and Wallace, 1998; Van

Heuven et al., 2011), using default dissociation constants and input data (alkalinity, CO2,

SST, salinity, silicate and phosphate) as compiled by the Global Ocean Data Analysis

Project version 2 (GLODAPv2.2016b), available at https://www.nodc.noaa.gov/archive/

arc0107/0162565/2.2/data/0-data/mapped/. For SLAMS-2.0, the annual climatological

value is homogeneously spread over the three time steps of each modelled day. Thus, all

year-round modelled time steps have the same [CO 2–
3 ] forcing value.

https://oceancolor.gsfc.nasa.gov/atbd/chlor_a/
https://www.nodc.noaa.gov/OC5/woa13/woa13data.html
https://www.nodc.noaa.gov/OC5/woa13/woa13data.html
https://www.nodc.noaa.gov/archive/arc0107/0162565/2.2/data/0-data/mapped/
https://www.nodc.noaa.gov/archive/arc0107/0162565/2.2/data/0-data/mapped/
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4.2.4 Physical forcing

T (○C) is also from WOA13 (Locarnini et al., 2013). Like for the case of O2, monthly
climatologies of T go down to depth of 1500 m so I have constructed a complete water
depth climatology using monthly climatologies for upper water column values and the
annual climatology for the lower water column values using griddedInterpolant.

MLD (m) is from the monthly climatology of De Boyer Montégut et al. (2004) that
uses the variable density criterion, and is accessible at IFREMER/LOS Mixed Layer
Depth Climatology website (http://www.ifremer.fr/cerweb/deboyer/mld).

Fdust (g m−2 s−1) is an annual climatology from a composite model estimate (borrowed
from my supervisor’s data repository, but unknown source). The climatological annual
value, in units of g m−2 y−1, is converted into the units of g m−2 s−1 and homogeneously
spread over each modelled time step throughout the year. Thus, all year-round modelled
time steps have the same dust forcing value.

4.3 Model calibration data sets

4.3.1 Particle flux data

4.3.1.1 Sediment traps, radionuclides and optical systems

Oceanographers have been collecting flux data since the 1970s using these two methods:
the deployment of free-drifting and stationary sediment traps, which provide a direct
estimation of the particle flux (Buesseler et al., 2000), or the measurement of the activity
of particle-reactive radionuclides, such as the natural radionuclide pairs 238U/234Th and
210Po/210Pb1 (Buesseler et al., 2001), which constitute an indirect estimation of the particle
flux. Traditionally, fixed-point sediment traps operating over decades have provided the
backbone of particle flux observations (e.g., Honjo et al., 2008). However, they have many
trapping issues, especially in the upper 1000 m. Three common factors impact sediment
trap results: (i) hydrodynamics of the flows surrounding the traps, which subject the traps
to motions that are faster than those of the sinking speed of particles, leaving the slow
sinking pool of particles uncollected, (ii) the catch of motile zooplankton (“swimmers”)
that degrade the organic material in the trap cup and are preserved along with the true
settling particles, and (iii) the dissolution of inorganic material after collection (Buesseler
et al., 2007a; Lampitt et al., 2008). Those make upper ocean sediment traps prone to
undersampling by as much as 90% of the flux (Buesseler et al., 2007a). Consequently,
sediment traps became less of a popular method at the turn of the 21st century, being
superseded by radionuclides, which are more flexible on the period they collect data over

1These radionuclide pairs differ in their spatial and timescale of use: regional and weeks for 238U/234Th
and basin and months for 210Po/210Pb.

http://www.ifremer.fr/cerweb/deboyer/mld
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(Th estimates typically integrate over ∼3 weeks) and are also employed to assess the
collection efficiency of traps and calibrate them (Buesseler et al., 2007a; Ceballos-Romero
et al., 2016; Roca-Martí et al., 2016). Despite the caveats of sediment traps, they are
still a recurrent choice for measuring POC fluxes as they are the only method that
can provide direct estimations of flux into the deep ocean2 and the seafloor as well as
information on the chemical composition of the particles.

More recently, improved autonomous optical technologies, like profiling floats, gliders
and sediment traps equipped with bio-optical sensors, have allowed estimating fluxes
indirectly from the observation of particle sizes and assumptions about their relationship
with mass and velocity (Guidi et al., 2009; McDonnell and Buesseler, 2012; Estapa et al.,
2017, 2019; Iversen and Lampitt, 2020). In situ imaging systems such as the bio-optical
profiling float UVP (Underwater Vision Profiler) can avoid the biases attributed to
sediment traps and can sweep large areas taking snapshots of marine aggregates at a
rate difficult to beat by other methods.

4.3.1.2 Time-series sites

Compilations of particle flux data spanning various oceanic regions are known to be
dysfunctional (Buesseler et al., 2007a; Friedrichs et al., 2006, 2007) due to: (i) sparsity of
the observations in the horizontal scale (oversampling of coastal areas and the Northern
Hemisphere vs undersampling of polar oceans, open oceans and the Southern Hemisphere)
as well as the vertical scale (most of the fluxes have been collected at > 500 m while
the euphotic zone, where particles are created, and the upper part of the mesopelagic,
where the vertical attenuation of POC flux is most prominent, remain undersampled);
(ii) collection is often limited to the warmer seasons in the colder latitudes, with the
winters undersampled; (iii) collection happens in time periods that remain unsynchronised
between locations, some locations choosing to sample before the bloom peak, others after,
and (iv) differing methodologies across sampling projects/campaigns, even when using
the same technology (e.g., choice of the export depth to deploy sediment traps, Buesseler
et al., 2020b). With data collection biased towards certain areas and periods, it is difficult
to choose the right spatiotemporal interpolation method to create a global climatology.
Thus, the field of oceanography has not seen the emergence of a global climatology of
particle flux data yet, as there are already for dissolved tracers (e.g., World Ocean Atlas)
or primary production (e.g., satellite-based maps of primary productivity).

2Deep ocean fluxes captured by sediment traps still need careful interpretation as the expected
downward flux of particles is corrupted by ocean physics in the submesoscale (i.e., vertical scales of ∼100 m,
horizontal scales of ∼1–10 km and temporal scales of ∼1–30 days Lévy et al., 2012) that drift particles away
from the original site and add new material from horizontal sources. That causes the vertical decoupling
between the source of particles in the sunlit surface layer during NPP events and the transferred material
to depth.
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Particle flux data needed to drive a global model optimisation analysis must be
selected and merged with care given the aforementioned dysfunctionalities. The ideal data
sources are time-series sites, which have a wealth of particle flux data collected over a long
period of time (from years to decades), usually complemented by other biogeochemical
data such as in situ estimates of NPP, abundance on the different PFTs and ZFTs, or
respiration rates. Time-series sites, although limited globally to some 20 projects (between
still operational and defunct, Fig. 4.3), are the most reliable data sources. They use
consistent methodologies through time, are robust (many replicates, quality controlled
and calibration of in situ data with remote sensors) and provide true climatologies of
the annual cycle after decades of operation.

HAUSGARTEN

CIS

PAP-SO
DYFAMED

L1/K276

BATS/OFP ESTOC
CB

CVOO
CARIACO

South Georgia

Palmer

OSP
K2/S1

KNOT
M

HOT-ALOHA
SEATS

EqPac

CQ/CC

AST BBT

SOTS

KERFIX

Operational Closed

Figure 4.3. Map of global open-ocean (> 1000 m) flux sediment trap programs with fixed-point
moorings. Locations include time-series, where moorings have been deployed repeatedly over many
years, and temporary moorings, with a shorter time span, but no less than one year. Operational
stations (green) are those currently active as of 2021. In bold text are the five locations that I
have selected to calibrate SLAMS-2.0: EqPac (Equatorial Pacific Process Study), HAUSGARTEN,
OSP (Ocean Station Papa), PAP-SO (Porcupine Abyssal Plain time-Series Observatory) and
BATS/OFP (Bermuda Atlantic Time-Series/Oceanic Flux Program joint site). I have built this
map based on the following global networks of time-series observatories: OceanSITES (http://www.
oceansites.org/index.html), FixO3 for the Atlantic Ocean (http://www.fixo3.eu/observatory/),
the International Group for Marine Ecological Time Series study (https://igmets.net/metabase)
and WHOI’s exhaustive data compilation on sediment traps.

As illustrated in Fig. 4.3, the lack of a global grid completely filled with long-term
flux observations imposes a constrain on the calibration and validation of a global model
of Lagrangian marine particles like SLAMS-2.0. On top of that, time-series data are
not always made readily accessible to the potential users as they still need to be quality
controlled or have restricted access due to publication privileges. For this thesis, I
have only had ready access to flux data of POC, PIC and bSi (mmol m−2 d−1) from

http://www.oceansites.org/index.html
http://www.oceansites.org/index.html
http://www.fixo3.eu/observatory/
https://igmets.net/metabase
www2.whoi.edu/site/changingocean/wp-content/uploads/sites/84/2019/07/TS_at_a_glance_MASTER_FULL_153188.xls
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five long-term studies carried out in fixed-point time-series stations distributed across
distinct biogeochemical provinces.

• The U.S. JGOFS Equatorial Pacific Process Study experimental site (EqPac), in the
upwelling region of the equatorial Pacific. It consists of an array of seven moored,
time-series sediment traps deployed along the 140○W meridional from 9○N–12○S
in 1992. I have selected data from the most equatorial stations, at 3○N–1○S, in
the HNLC region of the equatorial Pacific, which is inside the Pacific Equatorial
Divergence (PEQD) province of Longhurst (1995). Hydrographic details in Honjo
et al. (1995).

• The Long-Term Ecological Research (LTER) observatory HAUSGARTEN, in the
eastern Fram Strait, off Svalbard, at the Atlantic-Arctic boundary. It consists of
an array of moored, time-series sediment traps between 78.3–80.0○N, 3.0–7.0○E. It
was established in 1999 by the Alfred Wegener Institute. I have selected the central
station, at around 79.0○N, 4.3○E, which falls within the Atlantic Subarctic (SARC)
province of Longhurst (1995). Hydrographic details in Soltwedel et al. (2005).

• Ocean Station Papa (OSP), in the southern portion of the Alaska Gyre in the NE
subarctic Pacific. Co-located with station P at 50○N, 145○W, it has had a sediment
trap moored between 1982–2006. It is in one of three major HNLC regions, it is also
part of the “silica ocean” of Honjo et al. (2008) and falls within the Pacific Subarctic
Gyre-East (PSAG-E) province of Longhurst (1995). Although the bottom-anchored
mooring was dismantled in 2006, the site is used for field campaigns, like the first
EXPORTS expedition in 2018. Hydrographic details in Timothy et al. (2013).

• The Porcupine Abyssal Plain time-Series Observatory (PAP-SO), in the NE Atlantic
off the SW of the U.K., at 49.0○N, 16.5○W, characterised by a strong spring NPP
bloom, where a fixed-point mooring has been in placed since 2002. PAP-SO falls
within the North Atlantic Drift (NADR) province of Longhurst (1995). Hydrographic
details in Hartman et al. (2012).

• The Bermuda Atlantic Time-Series/Oceanic Flux Program joint site (BATS/OFP),
in the northern Sargasso Sea, in the subtropical NW Atlantic. In 1978, the Woods
Hole Oceanographic Institution started the OFP mooring, a sediment trap at 31.6○N,
64.2○W, making it the longest operational time series of POC, PIC and bSi flux
data. The site is co-located with BATS, established during the U.S. JGOFS in 1988,
collecting fluxes of POC alongside hydrographic, biological and chemical data in
the upper Sargasso Sea since then. The study site falls within the North Atlantic
Subtropical Gyre-West (NAST-W) province of Longhurst (1995). Hydrographic
details in Conte and Weber (2014).
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Those five sites are all open-ocean (> 1000 m), so that particle fluxes are dominated
by local biogeochemical factors rather than land inputs. Furthermore, fluxes are well
covered in the vertical scale, especially in the euphotic layer and the bottom of the
mesopelagic, as well as in the temporal scale, with data points in most months of the
year. Three out of five are still operational time-series stations (HAUSGARTEN, PAP-SO
and BATS/OFP). Bottom-moored, sediment trap time-series data were easily available
through publications and online platforms, and I have supplemented them with radioactive
tracer data and surface-tethered trap data from shorter-term studies happening in those
time-series sites. The source data can either be processed, with already applied statistical
analysis to calculate means and standard deviations (e.g., OSP data from Roca-Martí
et al., 2021), or it can come as the underlying “raw” data, as collected from the instruments
without statistical processing (e.g., OSP data from Murray et al., 1996). I have focused
data search around three key water depths, coinciding with the depths most frequently
sampled by traps: the bottom of the euphotic layer (zeu) at ∼100 m, the bottom of the
mesopelagic (zmeso) at ∼1000 m and a bathypelagic depth (zbathy) at ∼3000 m.

4.3.1.3 Data compilation

Limiting the observations used to calibrate SLAMS-2.0 to five well-sampled locations
makes it possible to construct annual averages that resemble valid climatological values.
Thus, I expect to compensate the little worldwide spatial coverage that five locations can
offer with values that can be meaningfully compared with the climatological output of
SLAMS-2.0. In Table 4.1 I have outlined the three depth horizons at which observations
of POC, PIC and bSi fluxes from sediment traps and radionuclides have been extracted to
construct my local annual averages, as well as the abundance of data points in each of those
depths and the data sources. The data set that I have put together has a total of 7013
data points, where BATS/OFP accumulates 50% of all of them, followed by OSP (28%),
HAUSGARTEN (10%), PAP-SO (10%) and EqPac (2%). The bulk of the collected data is
in zmeso (Fig. 4.4a) and POC flux has a higher count than PIC and bSi. The origin of the
∼98% of the data is sediment traps, the remaining ∼2% (157 data points) are surface fluxes
derived from radionuclides. I have made use of trap and radionuclide data indistinctively.
In some instances, radionuclides are in close agreement with sediment traps (e.g., OSP
data from the first EXPORTS campaign, Estapa et al., 2021), in others radionuclides are
the most reliable source of surface data (e.g., EqPac, Murray et al., 1996) and in some
others are the major source of data in the surface ocean (e.g., PAP-SO, Le Moigne et al.,
2013). All the data that I have compiled for each location are available on a table at
https://doi.org/10.5281/zenodo.5233654 and plotted in Figs. 4.5–4.9 for visual inspection.

https://doi.org/10.5281/zenodo.5233654
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Figure 4.4. (a) Number of particle flux data points from sediment traps and radionuclides
and (b) their associated average relative uncertainty compared on a monthly basis (groups) for
each of the five locations used to calibrate SLAMS-2.0 (stacks: EqPac, HAUSGARTEN, OSP,
PAP-SO and BATS/OFP) and three key ocean depths (stack elements: euphotic, mesopelagic and
bathypelagic). The total number of data points is 7013, where BATS/OFP accumulates 50% of all
of them, followed by OSP (28%), HAUSGARTEN (10%), PAP-SO (10%) and EqPac (2%). The
% uncertainty is the sum of systematic and random errors divided by the monthly average value.
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http://bats.bios.edu/bats-data/
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A thorough analysis of the data plotted reveals the temporal heterogeneity of the
data points: some months are better sampled than others (e.g., Feb and Aug in EqPac,
the warmer months for OSP and PAP-SO) and PIC, and specially bSi, rely on fewer
monthly measurements, and in some extreme cases all measurements are reduced to one
month in the whole year (e.g., Oct in EqPac for surface PIC and bSi). There is also
spatial heterogeneity, with the euphotic layer depth being missed in HAUSGARTEN
and BATS/OFP and a general better coverage of the mesopelagic and bathypelagic
ocean compared to the surface. Notice as well the decaying shape in the POC flux plots,
and the lack of such a trend in PIC and bSi fluxes, with a messier vertical structure
that, in most locations, does not even appear to decrease with depth, but the opposite
(e.g., BATS/OFP and the rest, but mind OSP). And a final remark. When plotting
flux data on a depth axis, one is assuming that those observations have been taken
from a water column that is in steady state (i.e., between an observation made at an
upper depth and an observation made at a lower depth, there has been time for the
pulse at the upper depth to arrive at the lower depth). However, observations could
not reflect that vertical funnel if not taken with care. Sometimes, there is an addition
of foreign material from horizontal sources due to unaccounted lateral advection. That
often explains the unexpected vertical trends in data (e.g., increase of the flux of material
with depth, like PIC flux, when a decrease was expected).

4.3.1.4 Data aggregation

To transform the compiled flux data of POC, PIC, and bSi into values comparable to
SLAMS-2.0 flux outputs, I have to aggregate the data into monthly means and then
calculate the annual averages of those fluxes. Dealing with data estimated using different
methods (sediment traps vs radionuclides) and with differing statistical treatments applied
to them (raw data vs data that have already been averaged from raw data points), is
a challenge that welcomes the consideration of the simplest method to aggregate the
data points: aggregating the multiple observations made in each month into a single
value (the monthly average) –instead of separating by seasons or bloom phases–, and
propagating the uncertainties associated with the data using the standard method of
adding in quadrature, as explained further below.

Particle flux observations have associated uncertainties due to a combination of
bad measurement practices (e.g., a miscalibrated trap or a technique that undersam-
ples/oversamples) and unknown and unpredictable changes in the experimental envi-
ronment (i.e., electronic noise in the circuit or currents deviating the trap). I call the
uncertainty due to challenges with the instrumentation systematic error and it can be
corrected if experiments are designed carefully. The uncertainty caused by unknown



4. Data 98

and unpredictable variations in the environment is the random error, it has a Gaussian
distribution and can be dealt with if enough replicates are taken. Field data uncertainty
is presented in a variety of ways that make no easy treatment of the uncertainty. The
most common case is not to find a reported measure of uncertainty associated with the
data. It is the case of the POC, PIC and bSi fluxes of the OFP time-series, probably
because the systematic error is too low and replicates for the same day are not taken.
However, when observations do come with an associated error, it can be the systematic
error (e.g., the 234Th-derived fluxes of POC, PIC and bSi in Le Moigne et al. (2013)
for PAP-SO) or, if replicates have been taken, the standard error of the mean, which
is a random error (e.g., the trap-derived POC, PIC and bSi fluxes in Marsay (2012)
for PAP-SO). Other times, the nature of the reported uncertainty is not specified, like
BATS fluxes of POC in Stewart et al. (2011). To overcome that heterogeneity in reported
uncertainties, I have assigned a common systematic error to all observations of POC,
PIC and bSi flux following the average systematic errors found in sediment traps after
the U.S. JGOFS. Honjo et al. (2008) report those errors as being 5% for POC and PIC
and <10% for bSi, which I have approximated to 7.5%.

Next, I outline how I have aggregated the data points, propagated their error and cal-
culated the BCP flux-related metrics of PEeff, Teff, molar ratio of POC/PIC and bSi/PIC.

1. I have binned monthly the flux data of each of the three materials i to calculate
monthly flux averages, xi.

2. I have calculated monthly values of BCP flux-related metrics. The molar ratios of
POC/PIC and bSi/PIC and the Teff are computed with the corresponding monthly
flux averages. To compute PEeff (POC flux at zeu/NPP), I have used NPP estimates
from the Carr (2002) model (see Sec. 4.3.2 below for a justification of the choice of
this model). To facilitate the analysis, I have assumed that NPP estimates have no
uncertainties associated, i.e., that they are the true values.

3. I have calculated the associated error of the monthly binned values, a combination
of systematic and random errors. Since all individual data points for a given i

have the same assigned systematic error, the monthly systematic error of flux is
simply the product of the fractional systematic error times the monthly flux average
i.e., ∆xi, sys = ∆xi

xi
⋅ xi. The systematic error of BCP metrics, which are quotients, is

calculated by propagating the errors of the divided quantities. For instance, the
systematic error associated with POC/PIC is the sum in quadrature of the individual

systematic errors, ∆xPOC/PIC, sys = xPOC/PIC×
√

(∆xPOC
xPOC

)
2
+ (∆xPIC

xPIC
)

2
. The random

error of monthly averaged flux data corresponds to the standard error of the
monthly mean, SEi,m, and it is calculated as the standard deviation of each monthly
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variable, σi,m, divided by the square root of the number of monthly observations Ni,
i.e., SEi,m = σi,m/

√
Ni. The random error of BCP metrics is calculated by applying

a sum in the quadrature of the standard errors, ∆xPOC/PIC, rand = xPOC/PIC ×√
(SEPOC
xPOC

)
2
+ (SEPIC

xPIC
)

2
.

4. I have calculated the annual averages of fluxes and BCP metrics as weighted
arithmetic means, dividing the sum of monthly means pondered by their number of
associated observations by the total number of observations.

5. I have calculated the corresponding associated uncertainty by propagating the
monthly random and systematic errors using the error propagation formula for
weighted averages, which divides the uncertainty summed in quadrature by N . The
N chosen for the annual average of POC/PIC and bSi/PIC is the associated to
the POC, PIC or bSi measurement in the quotient that has the minimum number
of entries; for PEeff, N is the associated to POC at zeu, and, for Teff, N is the
associated to the POC measurement in the quotient that has the minimum number
of entries. I have computed the net annual error by summing the annual systematic
and random errors in quadrature, i.e., net =

√
sys2 + rand2.

The above procedure generates the annual means and associated uncertainties of POC,
PIC and bSi fluxes summarised in Table 4.2. Of the five locations selected, BATS/OFP
has the minimum amount of uncertainty associated with observations across all depth
intervals. Of all three depth horizons, zeu has the largest uncertainties due to large
inter-monthly variations in export fluxes –notice in Figs. 4.5–4.9 how spread the data
are for any given month, which can equal the total spread in one year.

4.3.2 The Carr (2002) model for NPP

NPP observations are required to calculate PEeff . To evaluate which satellite-based model
(VGPM, CbPM, CAFE or Carr (2002)) produces NPP estimates that best resemble in
situ data at my five ocean locations, I have carried out a correlation analysis. After
constructing the global compilations of satellite estimates of NPP shown in Fig. 4.2, I
have extracted the NPP values at my five locations and have compared them with in
situ NPP observations collected from the literature (Table 4.3).

As noted in the recent publication of Marra et al. (2020), in situ estimates of NPP
are scarce worldwide, which makes finding and putting together a data set of in situ NPP
observations a challenging task not unique to this thesis. Marra and colleagues claim
to present a data set of in situ NPP with “wide geographic coverage”; however, they
could only put together data for nine locations in the entire ocean, which are not even
covered for all months of the year. At my five locations, the lack of NPP measurements is
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Table 4.2. Annual means of particle flux data of POC, PIC and bSi (mmol m−2 d−1) and
their associated absolute uncertainty (combination of systematic and random errors, summed
in quadrature and expressed as absolute error) for the five studied ocean locations (EqPac,
HAUSGARTEN, OSP, PAP-SO, BATS/OFP) at three relevant ocean depths (zeu, zmeso and
zbathy). The sources of the data are annotated in Table 4.1.

Depth EqPac HAUSGARTEN OSP PAP-SO BATS/OFP

POC flux, mmol m−2 d−1

zeu 7.34 ± 0.69 1.27 ± 0.14 6.51 ± 0.52 5.08 ± 0.81 2.21 ± 0.07
zmeso 0.39 ± 0.04 0.61 ± 0.04 0.51 ± 0.02 0.25 ± 0.05 0.19 ± 0.01
zbathy 0.36 ± 0.02 0.85 ± 0.05 0.19 ± 0.01 0.36 ± 0.03 0.15 ± 0.00

PIC flux, mmol m−2 d−1

zeu 2.23 ± 0.18 0.13 ± 0.02 2.21 ± 0.24 0.38 ± 0.11 0.13 ± 0.03
zmeso 0.57 ± 0.06 0.14 ± 0.01 0.44 ± 0.02 0.33 ± 0.04 0.22 ± 0.01
zbathy 0.63 ± 0.04 0.36 ± 0.03 0.29 ± 0.01 0.34 ± 0.02 0.22 ± 0.00

bSi flux, mmol m−2 d−1

zeu 0.61 ± 0.12 0.04 ± 0.01 3.36 ± 0.57 0.01 ± 0.00 0.06 ± 0.01
zmeso 0.24 ± 0.03 0.26 ± 0.02 0.93 ± 0.05 0.08 ± 0.01 0.06 ± 0.00
zbathy 0.39 ± 0.03 0.80 ± 0.05 0.64 ± 0.03 0.15 ± 0.01 0.06 ± 0.00

also noted, with yearly-complete NPP in situ observations only at BATS/OFP, almost
complete at OSP, sporadic observations at EqPac and HAUSGARTEN, and none at all at
PAP-SO. Thus, only in situ NPP estimates for BATS/OFP, OSP and EqPac are used in
the correlation exercise between the satellite models and in situ NPP (Table 4.4), which
shows that Carr (2002) is the model that most closely fits local in situ NPP.

4.3.3 Particle number concentration data

I downloaded particle number concentration (num.L−1) data from the particle imaging
online repository EcoTaxa (http://ecotaxa.obs-vlfr.fr/part/), where data are stored by
sampling events in 15 size classes geometrically spaced in a sequence spanning 1, 2, 4, 8,
..., 8190, 16400 µm. I could only find particle number data for all my calibration sites
except the EqPac site. To aggregate the data, at each of the four locations I have searched
for nearby depth profiles containing particle number. Next, I have summed over particle
size classes to get the total particle number, as shown on Table 4.5. I have calculated the
associated uncertainty in two steps. First, I have calculated the standard deviation of
the particle number for each size class amongst the different depth profiles found nearby
the location. Second, when summing over particle size classes, I have propagated the size
class standard deviations by adding them in quadrature. I have selected the calculated
averages for three depths: 50, 200 and 500 m. Particle number data carry most of the
uncertainty at the uppermost depth, which is remarkably high for OSP.

http://ecotaxa.obs-vlfr.fr/part/
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Table 4.4. Squared correlation coefficients (R2) between five satellite-based estimates of NPP
(VGPM MODIS, CbPM MODIS, CAFE MODIS, CAFE SeaWiFS, Carr 2002) and their in situ
observations counterparts at EqPac, OSP and BATS/OFP. The highest R2 are highlighted for
each location.

VGPM MODIS CbPM MODIS CAFE MODIS CAFE SeaWiFS Carr 2002

EqPac (0○N, 140○W)

0.29 -0.47 0.20 0.53 0.68

OSP (50○N, 145○W)

0.63 0.68 0.62 0.66 0.70

BATS/OFP (31.6○N, 64.2○W)

0.65 -0.37 0.85 0.74 0.84

Table 4.5. Total particle number observations (num.L−1) from EcoTaxa and their associated
error (random uncertainty propagated from particle size classes and expressed as absolute error)
for four ocean locations where data was available (HAUSGARTEN, OSP, PAP-SO, BATS/OFP)
at three relevant ocean depths (50, 200 and 500 m).

Depth HAUSGARTEN OSP PAP-SO BATS/OFP

50 m 402 ± 353 519 ± 1311 59.6 ± 31.4 186 ± 88.4
200 m 32.2 ± 14.5 340 ± 884 14.8 ± 6.00 74.7 ± 11.1
500 m 24.9 ± 1.40 101 ± 98.8 14.9 ± 5.16 132 ± 31.5
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5.1 Introduction

Any simulation, like SLAMS-2.0, models the relationship between x inputs (ocean forcing)
and y outputs (particle fluxes and BCP metrics). That relationship is built using
parameters, the gears of a model, and SLAMS-2.0 counts on 84 (Table C.1). After a
model is setup, most often, it will not represent reality accurately as there is a mismatch,
or misfit, between model outputs (predictions) and empirical observations (actual target
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values). Thus, assuming that the mismatch is attributable to the parameters and not a

poor model construct, model parameters need to be tuned, or calibrated, for the model

to match observations before being used in an application.

This chapter aims to constrain the particle response of SLAMS-2.0 through its sensitive

(adjustable) parameters by assimilating in situ flux observations of POC, PIC and

bSi (mmol m−2 d−1), as compiled in Chapter 4. Although I did also compile observations

of particle number concentration (num.L−1), I will not use those to calibrate the model

for three reasons: (i) those are not long-term observations, (ii) they have an unspecified

uncertainty (not provided by EcoTaxa, but could be relatively large) and (iii) SLAMS-2.0’s

coagulation module, based on Jackson (2001)’s formulation, is not fit for reproducing the

high observed particle abundances of porous and fractal aggregates, but impermeable

spheres, or beads. What SLAMS-2.0 can correctly simulate in terms of particles are

relative abundances of small vs large particles, and thus the modelled slope of the PSD

should be comparable to that of observations.

Calibration has two steps: identifying the most sensitive parameters that will be subject

to adjustment (parameter sensitivity analysis) and determining their optimal value, that

which minimises the mismatch between model predictions and real-world observations

(parameter optimisation analysis)1. Model output and observations are used to build a

statistical model (misfit function) of the mismatch between those. An optimiser minimises

the misfit function by computing new parameter values and reassessing the misfit that

those generate iteratively until a minimum is found. The parameter values become optimal

when generating model results that have a minimum data–model misfit. Amongst several

optimisation algorithms available, I have chosen a derivative-free, least squares, local

optimiser, DFO-LS (Derivative-Free Optimisation using Least Squares) recently developed

by Cartis et al. (2019). DFO-LS is suited for (i) inverse problems (where there are more

unknown parameters than data available to constrain them), (ii) model outputs that have

noise due to the use of stochasticity, (iii) it is a bounded algorithm, limiting the search to

parameter range values chosen by the modeller, and (iv) it is quick to run (Roberts, 2018).

This optimisation exercise is not intended to get a perfect fit of the model to data, which

is problematic given the insufficient number of particle flux observations available and the
1A parameter optimisation analysis is also referred in the oceanography literature as inverse problem

(e.g., Fennel et al., 2001) and data assimilation process (e.g., Schartau et al., 2017). Indeed, whereas
model development is a forward problem, where parameters are mapped to the observations, parameter
optimisation is an inverse problem, where parameters are estimated from observations (i.e., the inverse of
a forward problem). Data assimilation is a particular class of inverse problems in which the unknown
parameters are treated as the initial conditions of the modelled system. They take over the role of the
state variables and are estimated by combining the model with available observations of the actual system.
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high non-linearity (i.e., flexibility) of SLAMS-2.0, with a propensity to overfit2 data due
to non-mechanistic reasons. Instead, the aim is to improve the match to data of a default
model run for simultaneously five ocean sites placed in distinct ocean biogeochemical
provinces while using a parameter set kept in between reasonable physiological boundaries.

Multiple factors can affect the success of an optimisation analysis (Evans, 2003;
Friedrichs et al., 2006, 2007; Ward et al., 2010).

(a) The model construct –is it lacking processes, or the design is overly complicated?
can the processes represented in the model explain the observed data?

(b) The parameter set used to calibrate the model –how many parameters does the
configuration set contain? how sensitive is the model output to the parameter set
selected for calibration? what is our knowledge of the range of possible values that
a parameter can take?

(c) The calibration training data set –how many observations of the type we are
interested in are available? how robust is the averaged data set (random errors)?
are there large errors associated to their collection (systematic errors)?

(d) The model forcing data –is the forcing data not synchronised with the timing of the
observation data set used to train the optimisation algorithm? are there large errors
associated with those data? do the data available offer strong enough constraints
on the output fields I am most interested in?

(e) The misfit function design, which considers the shape used to define the misfit
(e.g.,absolute difference vs squared difference), the weighting factors (mean, variation)
and how different data types have been combined.

(f) The type of optimisation algorithm and the algorithm’s settings used to avoid
getting trapped in local optima.

This is how SLAMS-2.0 treats some of the factors mentioned above. (a) The model has
a complex construct and a relatively large parameter set. (b) Ecosystem parameters are
difficult to quantify empirically as they are highly variable in time, space and across taxa.
(c) Unlike data on dissolved inorganic tracers, the flux data that I am using to calibrate
SLAMS-2.0 (POC, PIC and bSi fluxes), are still limited in time and space, as explained
in Chapter 4. Data sparsity in time and space also make data aggregation and statistical
treatment noisy, increasing the errors associated with data. SLAMS-2.0 finds itself in a
situation where there are more parameters than observations available to constrain them.

2Overfitting is an issue that can occur when the number of parameters in a model exceeds the number
of observations available to constrain them. It is in essence a memorisation of the training data (and any
associated random noise). To illustrate it, think of a polynomial equation, where each degree we add
(i.e., each one more parameter we add to our set) is one more flexor point that helps to better fit the data.
The higher the degree of the polynomial equation, or the higher the number of parameters, the better fit
to data.
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Thus, more data than the currently available would be needed to determine whether
SLAMS-2.0 reproduces observations for the right mechanistic reasons and not due to over
parameterisation, which overfits the data. However, that problem cannot be dealt with
in this thesis. (d) The model forcing variable NPP and the observations of POC, PIC
and bSi fluxes are disjointed as they are not measured simultaneously. It is not ideal
constraining a model output using forcing variables that are not connected to the model
output, but I have no choice. (e and f) There exist more suited optimisers than DFO-LS
to optimise SLAMS-2.0, like Bayesian approaches (e.g., Bisson et al., 2018), as well as
misfit function designs with weighting factors that would factor in the different nature
of the data that I am using; those could (or not) provide a more optimum calibrated
parameter set. Nevertheless, I have opted for the simplest method to optimise SLAMS-2.0
as the first step towards more advanced optimisation methods that I will use in the future.

5.2 Parameter optimisation scheme

5.2.1 Definition variables and training dataset

To improve the performance of the particle cycling of SLAMS-2.0, the definition vari-
ables that I have chosen are annual means of POC flux (mmol C m−2 d−1), PIC flux
(mmol C m−2 d−1) and bSi flux (mmol Si m−2 d−1). I have not included in the pool of
definition variables BCP metrics, like Martin’s b or Teff, because those are post-processed
fluxes that would confuse the optimiser’s response. The corresponding observations for
those three types of flux materials, which constitute the training data for the optimiser,
were obtained for five locations with abundant flux data and that are representative of
distinct oceanographic regimes (see Chapter 4): EqPac experiment site in the equatorial
Pacific, Long-Term Ecological Research observatory HAUSGARTEN in the arctic Atlantic,
Ocean Station Papa (OSP) in the subarctic Pacific, Porcupine Abyssal Plain time-
Series Observatory (PAP-SO) in the North Atlantic and the Bermuda Atlantic Time-
Series/Oceanic Flux Program (BATS/OFP) site in the subtropical North Atlantic.

Whereas SLAMS-2.0 can reproduce the surface-to-depth profile of those particulate
flux tracers, available observations are usually restricted to a few key depths (export depth,
sequestration depth and bathypelagic depth). Thus, I have chosen those three depth
horizons to draw my model outputs and observations from. I have not interpolated the data
between depths to avoid introducing bias to the observational dataset. Thus, I have a total
of 45 (= 3 flux material types × 3 depths × 5 locations) data points to optimise SLAMS-2.0.
The number of observations available to optimise SLAMS-2.0 gets surpassed by the number
of model parameters (84) in which the model output pivots. Nevertheless, it is beyond
the scope of this thesis to build a globally gridded dataset of particulate flux tracers.
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5.2.2 The misfit function design

A misfit function quantifies the model–data mismatch. I use a two-step calculation to
construct my misfit function: (1) calculation of the differences between the modelled
flux outputs and the corresponding observations at each of the five ocean locations and
(2) combination of those five local misfits into an overall misfit.

The function for the local misfits fj at each ocean location j is a square root of
a sum of weighted squared residuals:

fj =

¿
ÁÁÀ 9
∑
i=1

(pi,j
mi,j − oi,j

⟨oi⟩
)

2
, (5.1)

where i = 1 . . . 9 are the nine flux variables (3 flux materials × 3 depths) available at each
location j; ⟨oi⟩ is a mean of all available observations of type i; the squared residual,
(mi,j − oi,j)2, is the difference between mi,j model outputs of i variables at j locations
and oi,j observations of the same i, j; pi,j is a coefficient that equals 1 if the output
variable is present in the observation set or 0 otherwise. Eq. 5.1 does not have weighting
factors, which appear in other misfit function designs (e.g., Schartau and Oschlies, 2003;
Friedrichs et al., 2007; Ward et al., 2010), and are implemented based on subjective
preferences of the authors; thus, I give all my observations equal weight, regardless of their
associated error. That is the most straightforward approach to reducing the model-data
misfit and avoiding introducing biases that negatively affect calibration results (Hemmings
and Challenor, 2012). I calculate individual misfits fj on a per-location j basis rather
than a variable i basis. I have summed over output variables i rather than locations j
because the correlation of variables at each location is higher than that of a specific
variable across different locations. Said otherwise, the variation that a variable offers
says more about the characteristics of the different locations than the characteristics of
the flux materials. Note that Eq. 5.1 will emphasise shallow fluxes more because they
have a bigger absolute value compared to deeper fluxes.

The shape of Eq. 5.1 is that of the square root of the sum of squared errors (SSE)
normalised beforehand. It follows the design of Schartau and Oschlies (2003) and
Kriest et al. (2017). Squaring the pairwise errors (or residuals) prevents positive and
negative residuals from cancelling each other out in the summation, which could lead
to underestimating the model–data misfit. It also amplifies larger residuals due to
the quadratic growth of the squared function, which dominate the misfit value and
therefore are penalised more strongly.

Next, fj is passed onto the optimiser, which internally calculates the overall misfit, f ,
the sum of the squared fj over the five studied ocean locations j,

f =
5
∑
j=1

fj
2. (5.2)
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An f close to 0 (fmin) represents a good fit between model and observations and is the
optimiser’s target value. DFO-LS will search for fmin following a least-squares procedure.
Based on previous misfit history from previous parameter configurations, DFO-LS tries to
solve a curve fitting (or regression) problem, where the target curve is that with the least
sum of all pairwise squared residuals, mathematically expressed as least ∑Ni=1 (oi −mi(p))2

(a mathematical construct, DFO-LS knows nothing about o nor m), where p = p1, . . . pn

is the parameter space created by the n parameters that are being tuned. DFO-LS will
search the parameter space p as it reevaluates the least-squares model internally built.
In the course of several iterations, the misfit f will converge to a minimum, f → fmin.
Due to the highly non-linear nature of SLAMS-2.0, DFO-LS is likely to get trapped
in one of many local minima (Fig. 5.1). Therefore, it is not possible to know if the
optimised parameters p correspond to the true global minimum nor how good they are in
relation to that global minimum. That is a limitation that local optimisers, like DFO-LS,
face. However, there are mechanisms to avoid the optimiser getting stuck in a local
minimum, like restarting the parameter space searches.
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Figure 5.1. Schematic representation of a 1-D optimisation topography, where the misfit function
is mapped to one parameter. Squares indicate hypothetic windows of action and arrows the
direction of local search paths. A global minimum in the parameter search space is a point where
the misfit value is smaller than any other point in the search space and a local minimum is a point
where the misfit value is smaller than nearby points. Each misfit minimum has an associated basin
of attraction. When the optimiser is initialised, the search starts anywhere in the optimisation
topography and will only descend. A random restart is triggered after the optimiser gets stuck in
a local minimum (black point). Source: redrawn and adapted from Hengenius et al. (2014).

5.2.3 Selection of the parameters to calibrate

In an ecosystem model, a parameter summarises a physiological or a biogeochemical
process that has not been mechanistically described yet by a functional relationship.
Parameters are often measured in idealised empirical settings, where plankton cultures
are grown under controlled environmental conditions. That empirically estimated value
must represent a broad spectrum of environmental conditions (from temperate to high
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latitude systems, from the surface to the deep ocean) as well as a heterogeneous mixture
of species within a plankton group. Parameters are thus the Achilles heel of models: black
boxes of physiological/biogeochemical processes with a questionable representation of the
actual process. Modellers often turn to model optimisation techniques to constrain
highly uncertain parameters.

As our knowledge of ocean biogeochemistry increases, models incorporate more
parameterised processes. A general trend has emerged: the number of unconstrained
parameters exceeds the amount of data available to validate those. As the number of
parameters increases, so does the mathematical flexibility (degrees of freedom) to better
fit a model to a given data set, like a polynomial equation of a higher degree. Models with
more parameters are more capable of reproducing specific data sets. However, they do a
poor job reproducing new data from other locations where they have not been calibrated
for. Thus, overparameterised models are expected to suffer from little portability and
less explanatory power (Friedrichs et al., 2006).

The large number of ecosystem parameters in SLAMS-2.0 (Table C.1) is a common
feature with most biogeochemical models (Table 5.1). Optimisation is usually applied
on a subset of model parameters, those that are more fundamental to the model output,
and which we expect the data available to constrain best. To get a ballpark estimate of
how sensitive the model output is to a subset of 43 tuneable parameters (from the list
of 84, as presented in Appendix C), I have calculated the misfit change of the overall
misfit function for each tuneable parameter pi, as:

∆f(pi) = ∣f(pupp
i ) − f(plow

i )∣ , (5.3)

where f is the overall model-data misfit value at the upper pupp
i and lower plow

i boundary
of a parameter pi. Only the parameter of interest is changed to the target boundary;
the rest of the parameters are kept fixed in their default value. The boundaries are
estimates obtained from a literature research, with a posterior guess of their reasonable
physiological limits. More robust methods exist for choosing the subset of parameters for
optimisation (e.g., that presented in Friedrichs et al., 2006, 2007). However, the more
first-hand approach of Eq. 5.3 is enough for a more ballpark assessment.

I have plotted the ∆f(pi) results in Fig. 5.2, where I have cut off parameters that
had a negligible effect on ∆f(pi). In red are the seven parameters that I have selected
for optimisation and have ranked higher on the ∆f(pi) calculation. I have put the cut in
seven after running twin experiments3 varying the number of parameters between 6–11 to
assess how parameter number could affect the outcome of the optimisation experiments.

3A twin experiment is a calibration experiment where real observations are replaced by synthetic
observations.
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Table 5.1. Number of ecosystem parameters in other common marine biogeochemical models.
The number of parameters reported on this table comes from a recount after screening tables in
the main text and/or appendixes.

Acronym Full model’s name No. params. Reference

BEC Biogeochemical Elemental Cycling 175 Moore et al. (2001)
BLING Biogeochemistry with Light, Iron,

Nutrients and Gases
40 Galbraith et al. (2010)

COBALT2 Carbon, Ocean Biogeochemistry
and Lower Trophics

80 Stock et al. (2020)

Diat-HadOCC Hadley Centre Ocean Carbon Cycle 60 Totterdell (2019)
HAMOCC5.1 Hamburg Oceanic Carbon Cycle 90 Maier-Reimer et al. (2005)
M4AGO Microstructure, Multiscale,

Mechanistic, Marine Aggregates in
the Global Ocean

30 Maerz et al. (2020)

MEDUSA-2.0 Model of Ecosystem Dynamics,
nutrient Utilisation, Sequestration
and Acidification

75 Yool et al. (2013)

PlankTOM10 – 160 Le Quéré et al. (2016)
PISCES-v2 Pelagic Interactions Scheme for

Carbon and Ecosystem Studies,
volume 2

90 Aumont et al. (2015)

TOPAZ Tracers of Ocean Phytoplankton
with Allometric Zooplankton

80 Dunne et al. (2010)

Those twin experiments showed that it is not the number of parameters that affect the
calibration performance of SLAMS-2.0, but their value at the start of the optimisation
analysis. Seven is high enough to incorporate sufficient BCP processes and low enough
to avoid model overfitting (Friedrichs et al., 2007).

The seven selected parameters are listed in Table 5.2. Two phytoplankton cell
mineral quotas, θdiat

Si∶C and θcocco
calc∶C, with controls on the chemical composition, size and

sinking velocity of the phytoplankton cells seeded. Two zooplankton grazing parameters,
f ing, surf

OM and fsloppy, the first with controls on the chance of a particle being ingested by
zooplankton and therefore processed into faecal pellets and dead bodies, and the second
with controls on the amount of food particles left behind as dissolved material during
an ingestion event. Two zooplankton DVM parameters, θPOC∶Z and θDVM night

POC∶Z , with
controls on the abundance of zooplankton in different depths in the water column. One
bSi cycle-related parameter, κopal, with controls on the amount of bSi that returns
to the dissolved pool.

5.2.4 The optimiser

DFO-LS (Cartis et al., 2019) is a derivative-free optimisation method that does not require
the user to provide information on the derivatives (gradients) of the misfit function, nor
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Figure 5.2. Parameter misfit sensitivity
analysis showing the parameters ranked
according to which ones the optimiser
(DFO-LS) is more sensitive to. High-
lighted in red are the parameters that will
be subject to optimisation. See Table C.1
for the meaning of each parameter. Note
the log10 axis.

1 10 100 1000 10000
Gradient of the overall misfit function

Not for optimisation
For optimisation

Table 5.2. List of SLAMS-2.0 parameters subject to optimisation with their rank in the parameter
sensitivity analysis, their default value and the boundary values.

Symbol Meaning Rank Value Boundaries Units

θdiat
Si∶C Diatom cell Si:C ratio 3 0.30 0.03 – 0.65 mol Si (mol C)−1

θcocco
calc∶C Coccolithophore cell

PIC:POC ratio
1∗ 0.90 0.50 – 2.50 mol PIC (mol POC)−1

θPOC∶Z Standard POC:zoo.
biomass

5 3.0 1.5 – 10 –

θDVM night
POC∶Z

POC:zoo. biomass at the
night DVM depth

7 0.50 0.20 – 2.0 –

fsloppy Sloppy feeding loss
fraction

4 0.20 0.05 – 0.40 –

f ing, surf
OM Fraction of OM in an

appetitive surface particle
2 0.30 0.10 – 0.80 –

κopal Opal dissolution timescale 6 0.008 0.005 – 0.050 d−1

∗ Parameter to which the model flux output has more sensitivity to, as shown in Fig. 5.2.
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does it attempt to estimate them internally (by using finite differencing, for instance).
Instead, it navigates the multi-dimensional parameter space using least squares. The
DFO-LS way of navigating the parameter space is prescribed explicitly for noisy model
evaluations (for which the accurate evaluation of derivatives is impossible) or expensive
function evaluations (so finite differencing is too costly). SLAMS-2.0 outputs are neither
noisy (to optimise it, I am running it using a sequence of pseudo-random numbers, so
repeated calls to the model produce the same outputs) nor function evaluations are
costly (on average, a function evaluation with the optimiser running at five locations is
completed within 1 h). Instead, DFO-LS has become convenient for SLAMS-2.0 for other
reasons, mainly: (i) a least-square misfit problem is inherently faster than calculating
the derivatives of my misfit function, (ii) DFO-LS allows imposing bound constraints on
parameter values or outputs to guide the solution within theoretically justifiable limits,
and (iii) DFO-LS has been shown to perform more efficiently than other derivative-free
methods for global biogeochemical models (Oliver et al., 2021)4. DFO-LS is a local
optimisation method, in that it finds local minima, and it is paired with a globalisation
method to aide the optimiser to approach the global minimum. Typically this is done
by restarting the optimiser from different initial parameter values and testing whether
the optimiser converges to the same solution (Fig. 5.1).

I have obtained DFO-LS from the software package OptClimSO (Oliver, 2019), a
Python interface that regulates the sequential workflow between the output files of a given
climate model, the associated model parameter configuration and an optimiser (the user
can choose between four: DFO-LS, Py-BOBYQA, Gauss-Newton, CMA-ES). OptClimSO
and its documentation can be downloaded from https://github.com/SophyOliver/OptClim.
See Appendix E for details on how I have implemented OptClimSO in SLAMS-2.0.

5.3 Results and discussion of the optimisation

The calibration of SLAMS-2.0 has involved, in first place, running so-called twin exper-
iments, which aim to assess how suitable the optimiser is for calibrating SLAMS-2.0
and, in second place, optimisation experiments, where the parameters of SLAMS-2.0 are
tuned in accordance to the model misfit to data. Each twin and optimisation experiment
has 10 replicates that differ in the initial parameter configuration values (Table F.1),
selected randomly using Matlab’s lhsdesign function. The definition variables are particle
fluxes of POC, PIC and bSi × 3 depths × 5 locations and the number of parameters
to optimise is seven and listed on Table 5.2.

4Oliver et al. (2021) found that DFO-LS requires less function evaluations than CMA-ES to recover
parameters from a model calibrated with synthetic data.

https://github.com/SophyOliver/OptClim
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5.3.1 Twin experiments

A twin experiment is almost identical to an optimisation experiment. The difference
is that in a twin experiment, real observations of the modelled system are replaced
with synthetic data that a previous model run have produced. Therefore, in a twin
experiment, the actual system is known (the synthetic observations), and since it comes
from model-generated data, it should not be excessively complicated for the model to
eventually reproduce it in the course of some optimiser generations. A twin experiment
is expected to easily produce a misfit of 0, or very close to it, and therefore retrieve
the exact reference parameter set or be very close to it.

Fig. 5.3 shows the ability of DFO-LS to retrieve a synthetic parameter configuration
of a SLAMS-2.0 run in the form of parameter trajectory plots. Those show the trajectory
that the values of the seven parameters chosen for model tuning take in the course of up to
255 generations. All the possible values taken by the parameters are realistic as parameters
are bounded to physiological/biogeochemical known limits. The trajectories are displayed
along with the target value, the one given to the parameter to produce the synthetic data
set, and which a twin experiment aims to recover. The filled-in circles shown mark the
generation number when the lowest misfit was achieved for a twin configuration. Not
all parameter trajectories make it until the last 255th iteration as an experiment will
stop when reaching the maximum number of unsuccessful restarts. When a low misfit
occurs early, that means that the optimiser is getting trapped in local minimum basins
(Fig. 5.1). All parameters except θdiat

Si∶C show a dispersed trajectory amongst the replicates,
meaning that not all of them point towards the target value. For instance, θdiat

Si∶C, the
third-most sensitive parameter, has the 10 replicates approaching the synthetic target
value after ∼100 generations, and thus all hit the target regardless of the initial parameter
configuration. For less sensitive parameters (θPOC∶Z, θDVM night

POC∶Z , fsloppy and κopal), the
evolution of the trajectory does get influenced by the initial parameter value and are
more difficult to displace from the initial trajectory towards the target.

θdiat
Si∶C presents the ideal steep misfit function shape, with a large decrease in either

side of the target value, meaning that θdiat
Si∶C carries a lower uncertainty in its value or,

otherwise said, a small deviation from its optimal value increases the model-data misfit.
DFO-LS starts effectively tuning parameters after the first Nparameters + 1 generations
so that after eight generations one would expect finding the steep phase of the misfit
curve, and that is the case for the three most sensitive parameters (θcocco

calc∶C, f
ing, surf
OM ,

θdiat
Si∶C). The least sensitive parameters present a flat misfit function shape, meaning that
those parameters carry a higher uncertainty, otherwise said, a small deviation from their
optimal value has little effect on the model–data misfit. Parameters with a flat misfit
function shape can take any value in their bounded parameter space while providing a
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Figure 5.3. Parameter trajectory results of of the twin experiment, with the 10 experimental
replicates. The evolution of the value of the seven parameters chosen for calibration is shown for
up to 255 generations, or optimiser iterations. The y axis is limited to the boundaries of each
parameter. The black horizontal line is the target value (i.e., the parameter’s value in the synthetic
observations set) and the filled-in circles mark the parameter’s value at the best generation
(i.e., the optimiser iteration with the lowest misfit). Parameter symbols are: θdiat

Si∶C, diatom cell Si:C
ratio; θcocco

calc∶C, coccolithophore cell PIC:POC ratio; θPOC∶Z, standard POC:zooplankton biomass;
θDVM night

POC∶Z , POC:zooplankton biomass at the night DVM depth; fsloppy, sloppy feeding loss fraction;
f ing, surf

OM , fraction of OM in an appetitive surface particle; κopal, opal dissolution timescale.

similarly low model–data misfit (Ward et al., 2010). The rest of results produced by the
twin experiment (overall misfit function reduction and fraction of the misfit attributed
to each ocean site) are in Figs. F.1 and F.2. Replicate 7 achieves the lowest overall
misfit, fmin = 0.134, a value that represents a percentage decline with respect to the first
generation’s misfit of 98.1% and it is achieved in the generation number 158.

The general outcome of the twin experiment is that DFO-LS is capable of dealing with
the rough optimisation topography of SLAMS-2.0 when given enough initial parameter
options and some 150 generations to iterate. Due to the rough optimisation topography of
SLAMS-2.0, the optimiser gets trapped in several local minima. Thus, model calibration
ends up having multiple solutions (best generations) as I have several sets of best
parameters that produce local minima. That is the scenario that the calibration
of SLAMS-2.0 poses.

5.3.2 Optimisation experiments

I have carried out optimisation experiments for two cases: (a) fitting model to data
simultaneously for the five ocean locations (OSIM experiment) and (b) fitting model to
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data individually on a location basis (OIND experiment). OIND experiments aim to
inspect whether optimisation on a location basis produces BCP metrics more adjusted
for each location than the simultaneous fitting in OSIM.

5.3.2.1 Misfit function minimisation for OSIM

Fig. 5.4 shows the overall misfit reduction in the OSIM experiment in each of the
10 replicates. Given the complexity of simultaneously adjusting model output to three
types of flux data (POC, PIC and bSi), DFO-LS seems to do quite well reducing the
overall model-data misfit. The misfit function shows higher initial misfits when compared
to the mirror twin plot (Fig. F.1). Notice that not all replicates make it till the last
generation (255) as the optimiser stops when it reaches a maximum number of unsuccessful
restarts. Restarts are decided internally by the algorithm when it gets stuck in a
local minimum and cannot reduce the misfit any further. The highest misfit reduction,
fmin = 40.8, occurs for replicate 4 at iteration 52, drawing a baseline that can be taken as
the minimum misfit that DFO-LS is capable of achieving. That baseline is more than
10 times higher than that of the twin experiment (fmin = 0.134) but more than 10 times
lower than that of the default, non-optimised run (fmin = 776, not shown here).

Figure 5.4. Overall misfit trajectory
of the optimisation experiment, with
the 10 experimental replicates. The
evolution of the overall misfit is shown
for up to 255 generations, or optimiser
iterations. The filled-in circles mark the
value of the best generation, or optimiser
iteration with the lowest misfit, and the
shown replicate trajectories stop there.
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Fig. 5.5 shows the contribution of each location (Fig. 5.5a) and each pair material-
depth of collection (Fig. 5.5b) to the overall misfit in the best iteration of each experimental
replicate of OSIM. Black dots show the fmin reached by each of the optimisation replicates,
which are more than 10 times higher than those in the mirror twin runs (Fig. F.2). In
the best replicates, the pair OSP-bSi at export depth carry most of the misfit, whereas
it is EqPac-PIC and EqPac-bSi at sequestration depth the variables carrying most of
the misfit in the worst replicates.
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(a) Fraction of the overall misfit explained by each location variable.
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(b) Fraction of the overall misfit explained by each material-depth variable.
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Figure 5.5. (a) Optimisation’s best generation misfit and fraction of the overall misfit accounted
by each location and (b) material-depth of settling pairs in each of the 10 experimental replicates.
Replicates are ordered decreasingly by their overall misfit value. The default model run (d) is the
first one being represented.

5.3.2.2 Misfit function minimisation for OIND

For the OIND runs, the misfit reduction trajectory is in Fig. F.3. OIND runs have only
six replicates, which use the initial parameter configurations of the OSIM replicates 5–10.
Given that, in an OSIM experiment, five local misfits are added together (compared to
just one misfit term in an OIND experiment), the misfit reduction achieved by individually
fitting each location to data will be greater than for simultaneous fitting over all sites.
Thus, in an OSIM experiment, fmin = 40.8, whereas for the OIND experiments: EqPac
has fmin = 4.00, HAUSGARTEN has fmin = 37.3, OSP has fmin = 1.90 and BATS/OFP
has fmin = 0.82. PAP-SO is the exception, with a large fmin = 198 (larger than OSIM’s
fmin), proving the hardest location to optimise individually (see Table F.2) and, thus, the
one benefitting the most from the simultaneous fitting as its large OIND misfit gets offset
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by the misfit of the locations with lower misfits, like BATS/OFP and OSP. The better
model fit to BATS/OFP data results from that location providing the highest percentage
of data points for the calibration dataset (50%, as shown in Fig. 4.4 in Chapter 4).

5.3.2.3 Optimised modelled fluxes vs observations

In Fig. 5.6a, the optimised parameter set produced by the OSIM replicate with the
lowest misfit (replicate 4, fmin = 40.8) is used to visualise how the optimised model
response fits to observations of annual means of POC, PIC and bSi flux. That response is
compared with the fit achieved by individually fitting locations to data in each OIND
experiment (each row of subplots in Fig. 5.6b).

A first glance at Fig 5.6a reveals that the model fit provided by the OSIM experiment
(blue line) is similar to that provided by the OIND experiments. The more locations (data)
an optimisation experiment incorporates, if it were overfitting, we would expect a worse
fit, which is not observed here (there is equally good performance in OSIM compared to
OIND). That suggests that the model is not overfitting data for individual stations in
the OSIM experiment and that DFO-LS can be applied in SLAMS-2.0 to simultaneously
fit data across a variety of locations with distinct biogeochemistry. Fig 5.6a further
illustrates that it is not possible to get a perfect fit to all three types of fluxes for all
five locations simultaneously. The most considerable improvement in the OSIM model
response occurs for bSi flux, for which all locations displayed a default value a lot higher
than the observed. Regarding the POC flux response, all locations have got a better
fit to data at intermediate and deeper depths, but not so much at the ocean’s surface.
The optimised PIC flux response is a lot more smooth than the default one. Observed
surface PIC flux at EqPac and OSP are markedly higher than at deeper depths, a feature
that the optimised model response does not capture. The OIND fits in Fig. 5.6b are not
markedly better for POC fluxes than the OSIM fit, but an improvement is seen at OSP
and BATS/OFP. PIC flux fits for OIND are also slightly more in line with observations
than for OSIM, but cannot reproduce the surface peaks at EqPac and OSP. The same
can be noted for bSi fluxes, with OIND fitting observations better.

None of the OSIM and OIND runs can reproduce surface POC fluxes as high as
those observed (except HAUSGARTEN), which suggests that low modelled surface POC
flux could result from an NPP forcing that is too low to reproduce the observed POC
fluxes. To test whether the choice of the NPP data set used to run SLAMS-2.0 affects its
ability to simulate high surface POC fluxes, I have forced SLAMS-2.0 with four other
satellite-based NPP models (VGPM, CbPM, CAFE and SeaWiFS) as well as in situ
NPP data for BATS/OFP and OSP (data as presented in Table 4.3) using the calibrated
parameter set produced by the best OSIM experiment. The plotted results (Fig. 5.7)
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(a) OSIM experiment.
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(b) OIND experiments.
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Figure 5.6. Modelled vs observed annual means of POC, PIC and bSi fluxes for (a) the
simultaneous fit to the five ocean locations (OSIM) and (b) the individual fit to each ocean
location (OIND). Two model instances are shown: the default response (black line) and the
optimised (blue line). Data (red circles) display the standard deviation. The default run is based
on the best guess of the parameter set before optimisation. The misfits associated are: OSIM,
f = 40.8; default model run, f = 776; EqPac OIND, f = 4.00; HAUSGARTEN OIND, f = 27.3;
OSP OIND, f = 1.90; PAP-SO OIND, f = 198; BATS/OFP OIND, f = 0.82.

suggest that in situ estimates of NPP improve the model fit to observed POC fluxes.
POC flux sourced from satellite estimates of NPP lags slightly behind the fuelled by in
situ NPP (for the two time-series sites where that comparison can be made) and presents
misfit variability depending on the choice of satellite-based model. That test shows that
model performance is sensitive to choice of the NPP data set used to force the model
as primary production is the source of POC. Unfortunately, in situ NPP forcing, which
naturally keeps a close matchup with in situ POC observations, is not available for all
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locations nor on a global gridded format, as NPP satellite-based estimates are. Thus,

it is not possible to use it to scale up model fit to data.
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Figure 5.7. Effect of different NPP forcings (five satellite-based estimates and in situ estimates)
on the modelled POC, PIC and bSi fluxes. Runs use the optimised parameter set produced by
the best OSIM experiment (simultaneous fit to data from the five locations using the NPP forcing
of the Carr (2002) model). The satellite-based estimates of NPP are from: the VGPM (Vertically
Generalized Productivity Model) and the CbPM (Carbon-based Production Model-2), both based
on MODIS-Aqua products; the CAFE model, based on MODIS-Aqua and SeaWiFS products,
and the Carr (2002) model, based on SeaWiFS and AVHRR products. In situ NPP estimates
with a complete annual cycle were only available for OSP and BATS/OFP.
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5.3.2.4 Optimised parameter set

An illustration of the spread presented by the values of the most optimum parameters
that DFO-LS has found is shown in Fig. 5.8. It collects the parameter values and misfits
associated to the best OSIM and OIND experiments shown in Fig. 5.6 (exact parameter and
misfit values listed in Table F.2) as well as the next six best OSIM experiments, which had
a similar minimum misfit of around 43 (see the seven runs hitting the baseline in Fig. 5.4).

Fig. 5.8 displays how the parameters to which DFO-LS manifested highest sensitivity
(θcocco

calc∶C, f
ing, surf
OM , θdiat

Si∶C and fsloppy, as per Fig. 5.2) have a rather consistent low/high value
across runs, whereas the remnant less sensitive parameters (θPOC∶Z, κopal, θDVM night

POC∶Z ) have
values inconsistently spread along the parameter range. That indicates that DFO-LS
has a more steady response (i.e., it is more predictable where it is going to) regarding
parameters that show a higher sensitivity to the optimiser. For those more sensitive
parameters, DFO-LS finds a more consistent pattern across runs (e.g., all θdiat

Si∶C values
are in the lower boundary) than when optimising less sensitive parameters, for which
DFO-LS gets inconsistently stuck in the upper or lower boundary of the parameter
range (e.g., κopal’s experiment 4 vs experiment 5). The misfits associated to the OSIM
experiments (in red, varying between 40.8–44.5) cannot be compared with the misfits
of the OIND experiments (in maroon, varying between 0.82–198) because the OIND
experiments have less terms in the misfit function construct (45 for OSIM vs 9 for OIND),
which will result in a relatively smaller misfit.

Overall, DFO-LS finds better fit model–data for these parameter conditions (after
the prescribed boundaries):

• less silicified diatoms (with θdiat
Si∶C < 0.15 mol Si (mol C)−1), in agreement with the

values of 0.11 mol Si (mol C)−1 (Sarthou et al., 2005) and 0.13 mol Si (mol C)−1

(Brzezinski, 1985) reported for general diatoms;
• less calcified coccolithophores (with θcocco

calc∶C < 1.2 mol PIC (mol POC)−1), also in
agreement with the values reported by Daniels et al. (2014) for the two most
ubiquitous coccolithophore species in the ocean, Emiliania huxleyi (θcocco

calc∶C = 0.70
mol PIC (mol POC)−1) and Coccolithus sp. (θcocco

calc∶C = 1.20–1.55 mol PIC (mol POC)−1);
• higher amount of POC lost due to sloppy feeding fragmentation (fsloppy > 25%);
• surface ocean particles do not require a high Corg content to be deemed appetitive

by hungry zooplankton (f ing, surf
OM = 0.10);

• zooplankton biomass is, on average, 1/7 of POC biomass (θPOC∶Z ∼7);
• at the night DVM depth, zooplankton biomass constitutes, on average, 77% of POC

biomass (θDVM night
POC∶Z ∼1.3).
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Figure 5.8. Comparison of the parameter values and associated model–data misfits (f) given
by the seven SLAMS-2.0’s parameters optimised. Shown are the seven best seven experimental
replicates of OSIM (model fit to all available data simultaneously) and each best replicate of OIND
(model fit to local data individually). For reference, the default parameter value, i.e., my best
guess for the non-optimised run, is shown on top (black horizontal line). The misfits associated to
the OSIM runs (red dots) and OIND runs (maroon dots) are the same for each parameter subplot.
The three OSIM light blue bars (1–7) correspond to the experimental replicates 4 (f = 40.8), 3
(f = 41.2), 5 (f = 41.7), 7 (f = 42.5), 6 (f = 43.5), 10 (f = 44.1), 9 (f = 44.5). The dark blue OIND
bars correspond to EqPac’s (E) replicate 9 (4.0), HAUSGARTEN’s (H) replicate 5 (f = 27.3),
OSP’s (O) replicate 6 (f = 1.9), PAP-SO’s (P) replicate 7 (f = 198) and BATS/OFP’s (B) replicate
8 (f = 0.82). The left-hand side y axis is limited to the boundaries of each parameter and the
right-hand side, in log10, is bounded between 0.82–776 (the minimum f found in the optimised
runs and the f of the default, non-optimised, run). Parameter symbols are: θdiat

Si∶C, diatom cell Si:C
ratio; θcocco

calc∶C, coccolithophore cell PIC:POC ratio; θPOC∶Z, standard POC:zooplankton biomass;
θDVM night

POC∶Z , POC:zooplankton biomass at the night DVM depth; fsloppy, sloppy feeding loss fraction;
f ing, surf

OM , fraction of OM in an appetitive surface particle; κopal, opal dissolution timescale.

From that analysis, I can conclude that it is not possible to identify a unique parameter

set solution after assimilating particle flux data for multiple locations with SLAMS-2.0.
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That agrees with the conclusions reached by Gehlen et al. (2006) and Kriest and Oschlies
(2013) when calibrating global models against individual observations of particle flux.
However, the current calibration analysis cannot distinguish whether that is due to (i) the
few number of observations with which SLAMS-2.0 has been calibrated, (ii) the use
of data that, once averaged to smooth out bloom periods (i.e., observed surface peaks
of POC, PIC and bSi fluxes), are still not representative of a climatological average,
the period of time in which the model forcing operates, (iii) the fact that SLAMS-
2.0 might be missing or incorrectly representing some significant BCP processes, or
(iv) the naturally non-linear response of a complex model like SLAMS-2.0, with the
optimiser getting trapped in local optima.

5.4 Results and discussion of the validation calculations

Validation experiments are commonly carried out to test whether an optimised parameter
set can fit well a new set of data withhold from the optimisation runs. However, due
to the scarcity of new POC, PIC and bSi flux data available to carry out a validation
analysis and the still not perfect fit of the optimised model to data (Fig. 5.6), I will
validate the optimised parameter set calculating BCP metrics that are of general use in
the literature. Thus, for the five ocean locations SLAMS-2.0 has been calibrated with, I
have calculated various relevant metrics of the BCP, as defined in Sec. 1.1.5: b, z∗, PEeff,
Teff, molar ratio of POC/PIC flux, molar ratio of bSi/PIC flux and ξ.

5.4.1 Calculation of SLAMS-2.0’s emergent properties

5.4.1.1 Particle fluxes

The calculation of BCP-related metrics in SLAMS-2.0 needs, first of all, calculating the
flux associated with the rain of sinking Lagrangian particles. Surface-to-depth flux profiles
of POC (Corg+TEC), PIC (calcite+aragonite) and bSi are calculated prognostically at the
end of each month from the ensemble of Lagrangian particles crossing virtual sediment trap
deployment depths, spaced out every 10 m for the top 100 m of the water column, then
every 100 m for the mesopelagic (100–1000 m) and next every 250 m for the bathypelagic
(1000–4000 m). The flux of the material is calculated as it would be from a real oceanic trap:

flux of material (mg m−2 d−1)

=material in trap (mg) ⋅ 1
catchment area

(m−2) ⋅ 1
deployment time

(d−1), (5.4)

where the trap’s catchment area in SLAMS-2.0 corresponds to the surface area of a
modelled water column and the deployment time is 30 days. Fluxes are thus normalised
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monthly. SLAMS-2.0 does not have 3-D movement of particles, which could actually
disperse the depth position of particles in a horizontal area of ∼100–500 km (Siegel and
Deuser, 1997). But since the modelled water columns were particles are gravitationally
sinking are wide enough (∼280 km), it can be assumed that the catchment area of my virtual
sediment traps are large enough to encompass particles that could have been transported
horizontally, and thus we are correct assuming that horizontal influxes of particles are
negligible compared to their vertical gravitational sinking. Once the monthly fluxes are
computed, I compute from those some BCP metrics (POC/PIC, bSi/PIC, Teff and PEeff).
I then calculate the annually averaged fluxes. The annually averaged BCP metrics are
of two types: those computed from the monthly BCP metrics (POC/PIC, bSi/PIC, Teff

and PEeff) and those computed from the annually averaged fluxes (b, z∗ and ξ).

5.4.1.2 Particle spectra

The calculation of particle abundances are also prognostic at the end of each month from
the ensemble of particles crossing virtual imaging systems deployment depths with the
same spacing as the sediment traps,

number concentration of particles in bin d (num.L−1)

= no. particles imaged for d (num.) ⋅ 1
searched volume

(L−1) ⋅ 1
no. picture frames

, (5.5)

where the so-called bins are the diameter categories d in which particles are binned
(16 bins between 0.2 and > 32,768 µm, following EcoTaxa’s classification), and the volume
searched by the imaging system is the total sampled height around the deployment depth
times the area of a modelled water column. The imaging system samples the ±5 m depth
boundaries around the deployment depths of the top 100 m of the water column, then
the ±50 m depth boundaries for the mesopelagic deployment depths and next the ±125 m
depth boundaries for the bathypelagic deployment depths. The number of picture frames
is the number of times the imaging system has “photographed” particles and equals 90
(the number of time steps in a day times 30 days).

To build discrete particle size number distributions (PSD), I have followed the power-
law model of Eq. 1.6, where N(d) (num. L−1 µm−1) is calculated by dividing the number
concentration of particles in a bin by the bin width d, and the equation’s reference
diameter d0 corresponds to that bin size with the largest particle count. For those bins
with particle counts ≤ 1, particles have been added into one last bin. The actual range
of size bins used in SLAMS-2.0 oscillates between 0.2 and 4100 µm, thus extending to
the smallest possible particle size and limited in the upper boundary by the maximum
size permitted after applying the collision kernels of Jackson (2001).
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5.4.2 Comparison of modelled metrics of the BCP against observations

In Table 5.3, I show how the metrics of the BCP compare for different cases: (i) SLAMS-
2.0 before and after optimisation, (ii) the observations data set, (iii) four empirical models
(Guidi et al., 2015; Henson et al., 2012; Marsay et al., 2015; Dunne et al., 2005) and
(iv) published values from fieldwork. In order to compare SLAMS-2.0’s modelled metrics
with the outputs of published empirical models, I have recalculated the metrics of Henson
et al. (2012), Marsay et al. (2015) and Dunne et al. (2005) using the forcing climatologies
I had available, which can differ in period of time from the ones used originally by
the authors as some climatologies have been superseded from online repositories (see
explanation below). In the case of SLAMS-2.0 and the empirical models, the BCP metrics
are annual averages, whereas observed metrics (Other) can be anything between a one-time
measurement, a monthly average, a seasonal average or an annual average.

Guidi et al. (2015) estimated b from a global collated sample of carbon flux profiles re-
constructed from a median of (i) UVP-observed PSDs (0–1000 m) and (ii) measurements of
238U/234Th disequilibrium combined with deep sediment traps. The local median flux val-
ues were then regionalised according to Longhurst (1995)’ 56 ocean biogeographic provinces.
Henson et al. (2012) estimates of b, PEeff and Teff are based on the combination of three
algorithms (Carr (2002) to estimate NPP, Henson et al. (2011)’s statistical fit to SST to
compute PEeff from observations of 234Th-derived POC fluxes, and Lutz et al. (2007)’s fit
to NPP to compute POC flux at 2000 m from deep sediment trap flux observations) and a
global database of POC fluxes (234Th-derived POC export fluxes from various authors and
sediment trap-derived POC fluxes at 2000 m from Honjo et al. (2008)). I have recalculated
Henson et al. (2012)’s metrics using climatological data from their same sources but
slightly different periods: SST from AVHRR Pathfinder version 5.0 global monthly
climatology for 1985–2001 (https://www.ncei.noaa.gov/access/metadata/landing-page/
bin/iso?id=gov.noaa.nodc:AVHRR_Pathfinder-NODC-v5.0-climatologies) and chl a and
PAR0 from SeaWiFS monthly climatology for the whole satellite lifespan, 1997–2010
(hhttps://oceandata.sci.gsfc.nasa.gov/SeaWiFS). Dunne et al. (2005)’s PEeff is based
on a statistical fit to T and chl a after a global compilation of export measurements
from a combination of shallow sediment traps and 234Th. I have recalculated it using
the equation reported in the supplementary material of Henson et al. (2012), which
slightly differs from Dunne et al. (2005)’s original formulation, and have used the same
SST and chl a data sets as per Henson et al. (2012). Marsay et al. (2015)’s global b
and z∗ are calculated from a statistical fit to average upper water (500 m) T that was
constructed using sediment trap POC flux data from four North Atlantic and four North
Pacific locations. I have recalculated Marsay et al. (2015)’s metrics using seawater T
from WOA18 (https://accession.nodc.noaa.gov/NCEI-WOA18), which I have averaged
for the upper 500 m of the water column.

https://www.ncei.noaa.gov/access/metadata/landing-page/bin/iso?id=gov.noaa.nodc:AVHRR_Pathfinder-NODC-v5.0-climatologies
https://www.ncei.noaa.gov/access/metadata/landing-page/bin/iso?id=gov.noaa.nodc:AVHRR_Pathfinder-NODC-v5.0-climatologies
hhttps://oceandata.sci.gsfc.nasa.gov/SeaWiFS
https://accession.nodc.noaa.gov/NCEI-WOA18
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Table 5.3. Comparison of relevant metrics of the BCP (b, z∗, PEeff, Teff, molar ratio of POC/PIC flux, molar ratio of bSi/PIC flux and ξ) at five
ocean locations (EqPac, HAUSGARTEN, OSP, PAP-SO and BATS/OFP) in different cases: (i) SLAMS-2.0 before (DEF) and after (OSIM, OIND)
optimisation, (ii) the observations data set (particulate flux and particle number concentration, as per Chapter 4), (iii) four published empirical models
(Guidi et al., 2015; Henson et al., 2012; Marsay et al., 2015; Dunne et al., 2005) and (iv) available on-site fieldwork values (Other). Values are expressed
as mean annual values (± error) [R2-adj]. b is calculated from the power-law fit in Eq. 1.4 and z∗ is calculated from the exponential fit in Eq. 1.5. Both
metrics use the reference depth z0 = 100 m in SLAMS-2.0 and the location’s zeu for the observations. PEeff uses NPP estimates from the Carr (2002)
model. In SLAMS-2.0, POC is Corg + TEC and PIC is calcite + aragonite. The depths zeu, zmeso and zbathy represent are in Table 4.1. ξ is calculated
using the Junge-type distribution in Eq. 1.6. Henson et al. (2012) values are split into two: as per Guidi et al. (2015) recalculation (first) and as per my
recalculation (second).

BCP metrics SLAMS-2.0 results Observations Published empirical models Other

OSIM OIND DEF Guidi Henson Marsay Dunne

EqPac (0○N, 140○W)

b 0.60 [0.95] 0.58 [0.95] 0.53 [0.98] 1.25 [1.0] 0.69 0.48/0.43 1.50 0.59–0.81, 1.03, 1.35–1.69c, f , i

z∗ 650 [0.92] 612 [0.94] 681 [0.82] 272 [1.0] 116 217, 307–495f , l

PEeff 0.06 (<0.01) 0.05 (<0.01) 0.10 (<0.01) 0.095 (<0.01) 0.03 0.09 0.020, 0.140f , e

Teff (zeu → zmeso) 0.30 (0.02) 0.28 (0.02) 0.31 (0.02) 0.074 (0.033) 0.35, 0.61i , f

Teff (zmeso → zbathy) 0.09 (<0.01) 0.08 (0.01) 0.13 (0.01) 0.041 (<0.01) 0.28 0.077–0.125c

POC/PIC (zeu) 11.9 (5.1) 6.6 (1.3) 5.5 (1.3) 9.5 (0.7)
POC/PIC (zmeso) 7.0 (10.8) 9.0 (13.5) 9.0 (9.9) 0.67 (0.01)
POC/PIC (zbathy) 7.7 (4.5) 10.3 (12.1) 8.5 (8.2) 0.57 (<0.01) 0.60m

bSi/PIC (zeu) 1.9 (0.7) 0.63 (0.10) 4.1 (0.8) 0.28 (0.02)
bSi/PIC (zmeso) 3.0 (4.5) 2.7 (4.1) 19.3 (21.5) 0.41 (0.01)
bSi/PIC (zbathy) 9.0 (5.2) 8.9 (10.8) 34.7 (33.3) 0.63 (0.01) 0.70e

ξ (50 m) 2.6 [1.0] 2.3 [1.0] 2.6 [1.0] – 3.6–4.1g

ξ (100 m) 2.5 [1.0] 2.6 [1.0] 2.0 [1.0] –
ξ (500 m) 13.9 [1.0] 12.4 [1.0] 8.6 [1.0] –
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Table 5.3 (Continued) Comparison of metrics of the BCP.

BCP metrics SLAMS-2.0 results Observations Published empirical models Other

OSIM OIND DEF Guidi Henson Marsay Dunne

HAUSGARTEN (79○N, 4.3○E)

b 0.49 [0.96] 0.52 [0.94] 0.42 [0.98] 0.27 [1.0] 0.89/0.98 0.38 1.61c

z∗ 745 [0.89] 679 [0.93] 938 [0.81] 1561 [1.0] 460
PEeff 0.05 (0.03) 0.05 (0.03) 0.08 (0.05) >1 (0.95) 0.22 0.48 0.09–1.3n

Teff (zeu → zmeso) 0.18 (0.11) 0.16 (0.09) 0.23 (0.13) >1 (0.24)
Teff (zmeso → zbathy) 0.11 (0.07) 0.09 (0.05) 0.16 (0.09) >1 (0.30)
POC/PIC (zeu) 42.0 (50.3) 19.8 (16.2) 15.5 (16.9) 11.3 (0.25) 6.7–6.9m

POC/PIC (zmeso) 13.9 (16.3) 139 (457) 14.2 (15.7) 5.0 (0.04) 2.8e

POC/PIC (zbathy) 9.5 (8.7) 7.6 (7.3) 11.5 (11.1) 3.1 (0.03)
bSi/PIC (zeu) 7.0 (9.1) 1.7 (1.3) 12.5 (15.6) 0.32 (<0.01)
bSi/PIC (zmeso) 9.7 (9.8) 44.4 (145) 166 (447) 1.9 (0.02) 1.2e

bSi/PIC (zbathy) 10.4 (8.3) 3.8 (3.6) 338 (1059) 2.7 (0.03)
ξ (50 m) 5.9 [1.0] 0.94 [0.79] 4.8 [1.0] 1.7 [1.0]
ξ (100 m) 1.7 [0.99] 1.4 [0.98] 1.1 [0.93] 2.0 [1.0]
ξ (500 m) 4.2 [1.0] – 8.5 [1.0] 2.2 [1.0]

OSP (50○N, 145○W)

b 0.53 [0.98] 0.51 [0.99] 0.49 [1.0] 0.99 [1.0] 0.87/0.83 0.67 0.80, 1.05–1.16, 1.17–1.98c, f , i

z∗ 696 [0.82] 714 [0.70] 778 [0.53] 362 [0.99] 371 77–78, 81f , l

PEeff 0.06 (<0.01) 0.08 (<0.01) 0.11 (<0.01) 0.16 (0.01) 0.11 0.27 0.03, 0.09, 0.13, 0.03–0.14k,a, l , f

Teff (zeu → zmeso) 0.26 (0.01) 0.26 (0.02) 0.29 (0.02) 0.12 (0.01) 0.10, 0.24, 0.16–0.32, 0.56i , l , f , k

Teff (zmeso → zbathy) 0.11 (0.01) 0.12 (<0.01) 0.16 (0.01) 0.04 (<0.01) 0.08 0.06k
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Table 5.3 (Continued) Comparison of metrics of the BCP.

BCP metrics SLAMS-2.0 results Observations Published empirical models Other

OSIM OIND DEF Guidi Henson Marsay Dunne

POC/PIC (zeu) 15.5 (5.6) 4.1 (1.2) 4.5 (1.1) 13.2 (0.41)
POC/PIC (zmeso) 5.2 (5.4) 2.4 (1.7) 5.5 (9.1) 1.7 (<0.01)
POC/PIC (zbathy) 9.8 (7.3) 12.8 (19.4) 17.7 (27.0) 0.75 (<0.01) 2.0e

bSi/PIC (zeu) 3.3 (1.1) 1.7 (0.6) 3.98 (0.93) 4.7 (0.16)
bSi/PIC (zmeso) 3.2 (3.2) 2.7 (1.8) 14.6 (23.7) 2.7 (0.02)
bSi/PIC (zbathy) 13.8 (10.4) 29.0 (41.4) 74.5 (115.5) 2.5 (0.01) 8.8e

ξ (50 m) 0.90 [0.95] 0.85 [0.93] 3.2 [1.0] 2.1 [1.0] 3.8–4.0g

ξ (100 m) 1.0 [0.98] 0.61 [0.80] 0.69 [0.83] 1.4 [0.99]
ξ (500 m) 4.2 [1.0] 3.5 [1.0] 2.1 []0.99 2.6 [1.0]

PAP-SO (49○N, 16.5○W)

b 0.58 [0.95] 0.60 [0.94] 0.54 [0.97] 1.01 [1.0] 0.92 0.69/0.67 1.05 1.7d

z∗ 587 [0.93] 560 [0.96 ] 646 [0.87] 315 [1.0] 255 154–291l

PEeff 0.06 (<0.01) 0.05 (<0.01) 0.10 (0.01) 0.07 (0.01) 0.08 0.24 0.06–0.12h

Teff (zeu → zmeso) 0.21 (0.04) 0.18 (0.04) 0.24 (0.06) 0.09 (0.04) 0.41
Teff (zmeso → zbathy) 0.09 (0.02) 0.06 (0.01) 0.13 (0.02) 0.16 (0.08) 0.14
POC/PIC (zeu) 25.8 (17.3) 7.3 (5.0) 6.6 (4.1) 28.2 (0.54)
POC/PIC (zmeso) 5.6 (6.7) 4.3 (6.3) 7.7 (9.1) 1.2 (0.02)
POC/PIC (zbathy) 4.6 (4.6) 5.0 (2.8) 8.9 (7.7) 1.2 (<0.01) 3.2e

bSi/PIC (zeu) 2.7 (1.6) 0.42 (0.24) 3.2 (1.9) 0.07 (<0.01)
bSi/PIC (zmeso) 3.0 (4.2) 1.5 (2.0) 19.1 (25.6) 0.33 (<0.01)
bSi/PIC (zbathy) 5.1 (4.8) 4.0 (2.3) 34.6 (29.1) 0.40 (<0.01) 0.9e
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Table 5.3 (Continued) Comparison of metrics of the BCP.

BCP metrics SLAMS-2.0 results Observations Published empirical models Other

OSIM OIND DEF Guidi Henson Marsay Dunne

ξ (50 m) 2.3 [1.0] 2.5 [1.0] 2.1 [1.0] 1.6 [0.99] 3.6–4.0g

ξ (100 m) 2.1 [0.99] 2.1 [1.0] 2.4 [0.83] 1.8 [1.0]
ξ (500 m) 2.7 [1.0] 2.1 [1.0] 1.7 [0.98] –

BATS/OFP (31.6○N, 64.2○W)

b 0.84 [0.99] 0.78 [0.99] 0.78 [0.99] 0.86 [1.0] 0.68 0.49/0.46 1.54 0.97b

z∗ 300 [0.93] 335 [0.92] 327 [0.89] 591 [0.99] 104 158l

PEeff 0.04 (<0.01) 0.06 (<0.01) 0.06 (<0.01) 0.09 (<0.01) 0.04 0.06 0.06, 0.09j , l

Teff (zeu → zmeso) 0.10 (0.01) 0.11 (0.01) 0.12 (0.01) 0.09 (<0.01) 0.56l

Teff (zmeso → zbathy) 0.06 (<0.01) 0.06 (<0.01) 0.08 (<0.01) 0.07 (<0.01) 0.26 0.04c

POC/PIC (zeu) 2.6 (1.7) 8.4 (3.7) 1.3 (0.6) 22.3 (0.45)
POC/PIC (zmeso) 2.0 (1.1) 1.3 (0.5) 1.6 (1.1) 0.91 (<0.01)
POC/PIC (zbathy) 0.99 (0.70) 0.78 (0.4) 1.3 (0.8) 0.68 (<0.01) 1.0e

bSi/PIC (zeu) 0.30 (0.18) 0.41 (0.14) 0.63 (0.26) 0.82 (0.03)
bSi/PIC (zmeso) 1.6 (0.9) 0.43 (0.17) 4.34 (3.10) 0.24 (<0.01)
bSi/PIC (zbathy) 1.2 (0.9) 0.37 (0.16) 4.61 (2.89) 0.28 (<0.01) 0.40e

ξ (50 m) 2.7 [1.0] 2.4 [1.0] 2.3 [1.0] 1.5 [1.0]
ξ (100 m) 2.5 [1.0] 2.7 [1.0] 2.5 [1.0] 1.6 [1.0]
ξ (500 m) 2.1 [0.99] – 1.2 [0.91] –
a Charette et al. (1999). b Conte et al. (2001). c Francois et al. (2002). d Lampitt et al. (2008). e Honjo et al. (2008). f Buesseler and Boyd (2009).
g Kostadinov et al. (2009). h Lampitt et al. (2010). i Lam et al. (2011). j Lomas et al. (2013); Owens et al. (2013). k Timothy et al. (2013).
l Mouw et al. (2016b). m Bauerfeind et al. (2009). n Le Moigne et al. (2015).



5. Model calibration and validation 129

Some general inferences can be made from the above Table: (i) that SLAMS-2.0’s
optimised simulation offers an improved performance regarding b, z∗ and PEeff, (ii) that
the mineral ratios (POC/PIC and bSi/PIC) are the metrics more notoriously away from
observed values, (iii) that there is a lot of dispersion in the data (metrics from compiled
observations, metrics from published empirical models and metrics from published results),
and (iv) that there are not enough published values of ξ to assess how well SLAMS-2.0
reproduces that metric. Overall, the most important fact is that model performance
has improved not only in terms of a better fit to depth profile flux observations (as
shown in Fig. 5.6), but also in that the BCP metrics that can be calculated from those
flux profiles are also closer to observed values.

To help with the analysis of Table 5.3, I have plotted in Fig. 5.9 the BCP metrics
calculated from SLAMS-2.0’s output (grey bars and black lines) as well as the metrics
calculated from the fluxes compiled in Chapter 4 (black crosses) and obtained from
published results, which are a mix of empirical fits and on-site fieldwork observations
(coloured stars and reddish lines). Attempting a case by case analysis is too exhaustive,
so I will comment on general trends that emerge from Fig. 5.9. Most importantly,
it can be seen that there is no common pattern between SLAMS-2.0’s outputs and
observations (i.e., data and published values). Instead, it can be said that modelled
outputs are within the ranges drawn by the observations. The large dispersion shown
by observations is a limiting factor to constrain the output of SLAMS-2.0 as there is no
such a thing as a correct value, but a range of values that must be obtained through
the exhaustive collection of published values.

I have identified four reasons to explain the dispersion in the observations shown
in Table 5.3 and Fig. 5.9.

• Different authors use different statistical methods to compute b, i.e., different
reference depths, different collection depths and different integration times. Fig. 5.10
illustrates the problem of the statistical treatment of b in different data availability
scenarios. b is a metric particularly sensitive to the amount of data in the depth
profile from which it is computed. I show that for the same in situ POC export
flux, the b calculated in scenarios 1, 2 or 3 will differ depending on how many POC
flux data points the researcher has access to.

• Different observational technologies (e.g., sediment traps vs radionuclides) use
different time frames of material collection, up to a year for a sediment trap and
around 20 days for Th radioactive pairs.

• Different authors collect observations at different times of the year (e.g., pre-bloom,
bloom or post-bloom period), which can be more or less representative of the annual
mean.
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Figure 5.9. Comparison of SLAMS-2.0’s modelled metrics of the BCP at five ocean time-series
sites against local observations from my compiled data set (Data), empirical modelling studies
and on-site fieldwork studies (coloured stars and reddish lines). The grey bars show the amplitude
in the range of monthly estimates generated by SLAMS-2.0 and the black line shows the annual
mean. The BCP metrics are: the rate of attenuation of POC flux with depth (b, after Martin et al.,
1987), the depth where 63% of the POC flux has already been remineralised (remineralisation
length scale, z∗, after Lutz et al., 2002), the fraction of the NPP that is exported out of the ocean’s
surface layer (particle export efficiency, PEeff, after Buesseler and Boyd, 2009), the fraction of
exported POC flux that reaches the 2000 m depth horizon (transfer efficiency to the deep ocean,
Teff 100 → 2000, after Buesseler and Boyd, 2009), the molar ratio of the POC to PIC flux in
the deep ocean (∼3000 m) (POC/PIC, after Honjo et al., 2008), the molar ratio of the bSi to
PIC flux in the deep ocean (bSi/PIC, after Honjo et al., 2008), the slope of the particle velocity
distribution at 50 m (ξPVD) and the slope of the particle size distribution at 50 m (ξPSD). The
locations are: EqPac, in the upwelling equatorial Pacific (0○N, 140○W); HAUSGARTEN, in the
Arctic Atlantic (79.0○N, 4.3○E); OSP (Ocean Station Papa), in the subarctic eastern Pacific (50○N,
145○W); PAP-SO (Porcupine Abyssal Plain time-Series Observatory), in the blooming NE Atlantic
(49○N, 16.5○W); BATS/OFP (Bermuda Atlantic Time-Series/Oceanic Flux Program) joint site, in
the subtropical NW Atlantic (31.6○N, 64.2○W).
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• If published BCP metrics are calculated from a one-time flux measurement, that
value will show strong dependency on the moment of the year the flux value was
collected, and thus the sort of productive mode the ocean was in. Therefore, their
degree of representativeness of the actual annual mean value can be questioned
(e.g., Charette et al., 1999; Lampitt et al., 2008; Buesseler and Boyd, 2009; Marsay
et al., 2015).
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Figure 5.10. Modes in which Martin’s b is calculated in the literature according to the amount
of data points in the depth profile and their distribution in key depths. In modes 1 and 2, b
can be directly calculated from the Martin curve by isolating it, which has the solution shown.
The value of b is sensitive to the amount of F data points, which differs in modes 1 and 2. In
mode 3, b needs to be calculated in two steps. First of all, an export flux value F (z0) needs to be
extrapolated from the only deep flux value F (z) available by assuming b = −0.858 (canonical b).
Once F (z0) is known, b can be recalculated.

5.5 Conclusions

It can be concluded that SLAMS-2.0’s optimised model response is better than that of
the default model, especially for midwater depths and the bSi and PIC fluxes. The good
performance of the optimisation is also supported by a comparison of modelled BCP metrics
against observations, where SLAMS-2.0 can reproduce ballpark figures of b, z∗, PEeff and
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Teff. Due to (i) the non-linearity of SLAMS-2.0 response, (ii) the possibility that SLAMS-
2.0 may be lacking or inaccurately representing some significant processes, and (iii) the
few and noisy data available to constrain it, DFO-LS struggles to navigate the topography
accurately and, thus, to recreate surface POC peak fluxes in the observations data set.

I had more POC, PIC and bSi flux observations available for DFO-LS to assimilate,
and with more robust annual averages, the performance of the optimiser would have
probably improved, drawing a less noisy landscape. Optimising a model with particulate
flux data is a challenge given the limited availability of data and the different methods
of obtention and statistical processing, with no unique way of doing it. It is also worth
emphasising the uncertainty introduced by the choice of of the NPP data set used
to force the model, with different satellite and in situ estimates having an impact on
the magnitude of the POC flux profiles. I cannot help but stress how important the
collaboration between modellers and observationalists is to elaborate particle flux and NPP
data sets that can be meaningfully used in models of marine particles by identifying the
data points that are less biased and help to differentiate amongst various optimal solutions
in terms of supporting parameters and their physiological meaning. The relevance of
such collaborations cannot be underestimated, as it currently is.

The optimisation exercise presented in this thesis could have benefited from a misfit
function that considers the uncertainty in the data (with various sources of error) and
the parameters (with values that can vary across a wide range without a significant effect
on the model-data misfit). Those uncertainties draw regions of variation around point
solutions (local minima) and produce parameter sets that, although different, do not
produce significantly different model outputs. Looking at regions of solution instead
of point solutions could be the next step to improve the performance of DFO-LS. A
further step taken towards improving the optimisation of SLAMS-2.0 could be using a
Bayesian approach (e.g., Bisson et al., 2018) instead of a data assimilation approach,
as DFO-LS is. Bayesian approaches are probabilistic and can efficiently infer solutions
from noisy observations without using expensive integration methods. Optimised model
outputs are viewed as realisations of a stochastic process, with a distribution that has
a mean and a region of variation.
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A global application of SLAMS-2.0
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6.1 Introduction

In Chapter 5, I have calibrated SLAMS-2.0 with the best available set of POC, PIC
and bSi flux observations at five well-sampled ocean locations (EqPac, HAUSGARTEN,
OSP, PAP-SO and BATS/OFP). I have demonstrated the complexities of calibrating
SLAMS-2.0 with POC, PIC and bSi flux data that are sparse in time and depth, as well
as the challenge of dealing with an optimiser that gets trapped in local minima. In this
chapter, the locally calibrated SLAMS-2.0 is run on a global grid with local biogeochemical
forcing. I then apply the model to investigate the controls that affect the transfer of POC
flux to the ocean interior and their impact on the global patterns of various BCP metrics
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(b, PEeff, Teff, z∗, POC/PIC, bSi/PIC) derived from the Lagrangian ensemble of particles.
A specific objective of this chapter is to reconcile Henson et al. (2012) and Marsay et al.
(2015) school of thoughts, with opposite global patterns for the distribution of Martin’s b.

To include the uncertainty offered by the optimiser for different local minima, this
chapter offers global scale results for two optimised parameter sets from the simultaneous
fit to data (OSIM) experiments: (i) the parameter set with the lowest misfit (OSIM1),
i.e., the best parameter set found by the optimiser, and (ii) the parameter set that is
most different to the first best (OSIM2), inferred from a root-mean squared analysis
(Table 6.1). By running the model globally with two parameter sets different enough,
it is possible to attribute the differences in the modelled patterns of the BCP to the
underlying parameters that have been tuned to produce them.

Table 6.1. Statistical comparison of the seven best OSIM optimised parameter sets with the first
best OSIM parameter set (OSIM1) based on a root-mean squared (RMS) difference normalised.

OSIM1 OSIM2 OSIM3 OSIM4 OSIM5 OSIM6 OSIM7

OSIM1 0 1.41 1.18 1.34 1.31 0.78 1.07

6.2 Description of the results

6.2.1 Global patterns of modelled efficiencies and biogenic fluxes

Fig. 6.1 shows global maps of four commonly used BCP metrics annually averaged with
the OSIM1 (Fig. 6.1a) and (Fig. 6.1b) OSIM2 runs: Martin’s b, PEeff and Teff from 100
to 1000 m and Teff from 1000 to 2000 m. Both OSIM1 and OSIM2 runs show the same
patterns in the four metrics plotted, with just slight differences in the magnitudes of those.

The global maps of Martin’s b (top left panels) show high values of b (i.e., high
attenuation rate of POC flux with depth) in the subtropics (0.70–1.0), and lower values
in the polar oceans and coastal and equatorial upwelling regions (0.35–0.50). Martin et al.
(1987)’s b of 0.86 is reproduced at the VERTEX study site, a group of several locations
in the Pacific off the western coast of the U.S. and Mexico (14–35○N, 108–139○W). The
simulated global b ranges from 0.21 to 0.94 in OSIM1, with a mean of 0.63, and it ranges
from 0.15 to 0.99 in OSIM2, with a mean of 0.64.

The global maps of PEeff (top right panels of Figs. 6.1a and 6.1b) are anticorrelated
with the global maps of b; higher PEeff, or fraction of NPP that is exported as POC,
are found in regions where b is low. Higher values of PEeff occur in polar systems and
upwelling equatorial and coastal regions (∼0.07), where 7% of the NPP is exported out of
the surface ocean . The oligotrophic subtropical regions have a lower PEeff (∼0.03) and,
thus, a BCP that injects less POC to the mesopelagic ocean compared to the polar and
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(a) OSIM1 run.

(b) OSIM2 run.

Figure 6.1. Global maps of SLAMS-2.0’s modelled annual averages of (top left) Martin’s b, (top
right) particle export efficiency and (bottom left) transfer efficiency from 100 to 1000 m (surface
to mesopelagic), and (bottom right) transfer efficiency from 1000 to 2000 m (mesopelagic to deep
ocean) produced with (a) the first best parameter set found by the optimiser (OSIM1 run) and
(b) the optimised parameter set that is most different to the first best (OSIM2 run).

upwelling regions. The simulated global PEeff ranges from 1.5% to 10% in OSIM1, with a
mean of 4.4%, and it ranges from 1.1% to 12% in OSIM2, with a mean of 4.1%.

The global maps of Teff 100 → 1000 m, or surface to mesopelagic ocean (bottom left
panels of Figs. 6.1a and 6.1b), mirror the pattern of PEeff, with high Teff, or transfer of
export POC flux, in the polar oceans and coastal and equatorial upwelling regions. The
simulated global Teff 100 → 1000 m has a lowest value of 11% in the subtropics in OSIM1,
with a mean of 24%, and spanning a wide range between 30–100% in the high latitudes.
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In OSIM2, the lowest value found is of 9.2%, with a mean of 23%. If Teff is looked at the
transition between the mesopelagic and the deep ocean (1000 → 2000 m), as shown in the
bottom right panels of Figs. 6.1a and 6.1b, an inversion can be seen with respect to the
pattern displayed by the 100→ 1000 m. Teff 1000→ 2000 m is highest in the subtropics and
lowest in the high latitude North Atlantic (but not in the North Pacific nor the Southern
Ocean) and coastal and equatorial upwelling regions. It is also worth noting that Teff is
typically higher in the range 1000–2000 m (deep ocean) than in the range 100–1000 m
(mesopelagic ocean). The simulated global Teff 1000 → 2000 m has a lowest value of 44%
in OSIM1 and 43% in OSIM2, with a mean of 66% in OSIM1 and 63% in OSIM2.

Those four BCP metrics described are supported by the flux landscapes depicted in
Fig. 6.2, with the polar oceans and equatorial and costal upwelling regions exhibiting (top
left) high POC export flux (∼30–80 mg C m−2 d−1), (top right) high POC sequestration flux
(∼7.5–20 mg C m−2 d−1) and (bottom right) high opal export flux (∼30–80 mg bSi m−2 d−1).
The globally integrated total POC export is 2.7 Gt C yr−1 in OSIM1 and 2.6 Gt C yr−1

in OSIM2. The (bottom left) PIC export flux pattern is more monotonous than those
of POC and opal, where it is not possible to ascertain a latitudinal PIC export pattern.
It must be noted the big difference in the pattern of PIC export flux between OSIM1
and OSIM2 runs. The integrated PIC export flux is the same for both the Pacific and
the Atlantic basins, 0.13 Gt C yr−1 (value for OSIM1). Per contra, the Pacific ocean
presents a smaller delivery of export bSi flux to the deeper ocean (0.26 Gt Si yr−1 in
OSIM1) than the Atlantic (0.30 Gt Si yr−1 in OSIM1).

POC export flux has a smaller range of variation in OSIM1 (2.0–335 mg C m−2 d−1)
than in OSIM2 (1.5–369 mg C m−2 d−1), with a correspondingly larger average value in
OSIM1 (23.0 mg C m−2 d−1) than in OSIM2 (22.3 mg C m−2 d−1). POC sequestration flux
has a smaller average, coinciding in 7.0 mg C m−2 d−1 for both OSIM1 and OSIM2. PIC
export flux has a smaller range of variation in OSIM1 (10.8–66.2 mgCaCO3m−2 d−1)
than in OSIM2 (11.8–83.9 mgCaCO3m−2 d−1), with a correspondingly smaller average
value in OSIM1 (33.6 mgCaCO3m−2 d−1) than in OSIM2 (49.1 mgCaCO3m−2 d−1). Opal
export flux, per contra, has a larger range of variation in OSIM1 (1.8–195 mg bSi m−2 d−1)
than in OSIM2 (0.98–157 mg bSi m−2 d−1), with a correspondingly higher average value
in OSIM1 (22.5 mg bSi m−2 d−1) than in OSIM2 (15.7 mg bSi m−2 d−1).

To further investigate the relationship between POC flux and the two major ballast
materials (CaCO3 and opal), Fig. 6.3 displays the relative contribution of the ballast
minerals in two sets of molar ratios: (left panels) organic carbon vs inorganic carbon
in CaCO3 (POC/PIC) and (right panels) Si in biogenic silica vs inorganic carbon in
CaCO3 (bSi/PIC). These are mole weight ratios obtained from monthly metric values
annually averaged. The distribution of POC/PIC is generally similar to POC export
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(a) OSIM1 run.

(b) OSIM2 run.

Figure 6.2. Global maps of SLAMS-2.0’s modelled annual averages of (top left) POC flux at
export depth (100 m), (top right) POC flux at sequestration depth (1000 m), (bottom left) PIC
flux at export depth and (bottom right) opal flux at export depth produced with (a) the first best
parameter set found by the optimiser (OSIM1 run) and (b) the optimised parameter set that is
most different to the first best (OSIM2 run).

flux, with higher values in the northern polar oceans, equatorial pacific upwelling region
and Atlantic coastal upwelling regions. POC/PIC is a metric that indicates the amount
of CaCO3 required in particles to deliver POC to the ocean interior. Thus, in regions
with high POC/PIC, there is relatively low CaCO3 available to ballast particles, and
it is opal the mineral that assumes the ballasting role. Thus, in regions with high
POC/PIC, there is high bSi/PIC (Fig. 6.3, right panels) and, correspondingly, high
opal export (Fig. 6.2, bottom left panels).
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(a) OSIM1 run.

(b) OSIM2 run.

Figure 6.3. Global maps of SLAMS-2.0’s modelled annual averages of molar (top left) POC/PIC
ratio at export depth (100 m), (bottom left) POC/PIC ratio at 2000 m, (top right) bSi/PIC at
export depth and (bottom right) bSi/PIC at 2000 m produced with (a) the first best parameter
set found by the optimiser (OSIM1 run) and (b) the optimised parameter set that is most different
to the first best (OSIM2 run).

From Figs. 6.1–6.3 it can be concluded that both optimised solutions (OSIM1 and
OSIM2) offer the same global patterns for the transfer of fluxes of biogenic material to the
ocean interior, just with slight differences in the magnitudes of those (Table 6.2, upper
row). Since the similar dynamics of OSIM1 and OSIM2 are supported by slightly different
parameter sets (Table 6.2, lower row), it can be inferred that differences in the parameters
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do not alter the model dynamics significantly. OSIM1 shows a lower b, or smaller rate
of change of POC flux with depth, which translates into a higher fraction of NPP being
exported out of the euphotic zone (higher PEeff) and a higher transfer efficiency of the
exported material to deeper depths (higher Teff). Those relationships between b, PEeff

and Teff are supported by a higher POC export flux (FPOC) that is positively correlated
with a higher opal export flux (FbSi) but negatively correlated with PIC export flux
(FPIC). The parameter values (Fig. 5.8 in Chapter 5) reveal that those flux relationships
are based on (i) higher silicified diatoms (higher θdiat

Si∶C) and (ii) smaller opal dissolution
timescale (lower κopal), (iii) a coccolithophore community of higher calcified cells (higher
θcocco

calc∶C), (iv) a zooplankton community with higher biomass abundance in relation to POC
food biomass (lower θPOC∶Z), (v) specially at the night DVM depth (lower θDVM night

POC∶Z ),
(vi) and which fragments a higher amount of POC due to sloppy feeding (higher fsloppy).

Table 6.2. Comparison of modelled average metrics of the BCP (b, PEeff and Teff) and biogenic
fluxes at 100 m (FPOC, FPIC and FbSi, in mg m−2 d−1) obtained from the two best SLAMS-2.0’s
optimised runs (OSIM1 and OSIM2) and the corresponding optimised parameter sets associated to
those two runs. Highlighted in red is the variable or parameter displaying the highest value in one
of the two optimised runs, and yellow for the other one. Parameter symbols are: θdiat

Si∶C, diatom cell
Si:C ratio (mol Si (mol C)−1); θcocco

calc∶C, coccolithophore cell PIC:POC ratio (mol PIC (mol POC)−1);
θPOC∶Z, standard POC:zooplankton biomass; θDVM night

POC∶Z , POC:zooplankton biomass at the night
DVM depth; fsloppy, sloppy feeding loss fraction; f ing, surf

OM , fraction of OM in an appetitive surface
particle; κopal, opal dissolution timescale (d−1).

BCP metrics and fluxes

b PEeff Teff (100
→ 1000 m)

Teff (1000
→ 2000 m)

FPOC FPIC FbSi

OSIM1 0.63 4.4% 24% 66% 23.0 33.6 22.5
OSIM2 0.64 4.1% 23% 63% 22.3 49.1 15.2

Parameters

θdiat
Si∶C θcocco

calc∶C θPOC∶Z θDVM night
POC∶Z fsloppy f ing, surf

OM κopal

OSIM1 0.06 0.52 7.8 0.78 0.40 0.10 0.03
OSIM2 0.04 0.50 10 2.0 0.27 0.10 0.05

Collectively, those results present a global spatial pattern of particle flux attenuation
through the water column that is coherent: the subtropical, oligotrophic oceans deliver less
surface POC to the deep ocean and present higher attenuation rates and smaller transfer
efficiencies, whereas the high latitudes and upwelling regions deliver the largest amount
of surface POC and present smaller attenuation rates and larger transfer efficiencies. The
modelled mineral ballast components accompanying the flux of POC to the deeper ocean
show that opal, and not calcium carbonate, presents a synergistic flux pattern to that of
POC. Whereas the delivery of PIC to the deeper ocean is similar for both the Atlantic
and the Pacific basins, the Atlantic presents a higher delivery of bSi than the Pacific.



6. A global application of SLAMS-2.0 141

6.2.2 Global patterns of ecosystem structure

The patterns of the fluxes of the ballast minerals presented in Fig. 6.2 fundamentally arise
from the global distribution of relative biomass stock of diatoms (the primary source of bSi)
and coccolithophores (the primary source of PIC) prescribed in SLAMS-2.0. In the model,
PFTs are seeded in the water column following an a priori distribution of PFT probabilities
calculated according to phytoplankton rules of growth that are randomly sampled using
the Monte Carlo method. The seeding of those PFTs produces the global pattern of
the relative biomass (in %) distribution of diatoms, dinoflagellates, coccolithophores and
picophytoplankton shown in Fig. 6.4. That pattern of relative biomass gives rise to the
global pattern of PFT biomass stock (in mg C m−2) shown in Fig. G.1. According to the
phytoplankton growth rules used for seeding PFTs, diatoms, which are better at taking up
nutrients in high-nutrient, low-light (or chlorophyll) environments, dominate in the seasonal
high latitudes, the upwelling and convective regions of the equatorial Pacific and off the west
coast of continents. Phytoplankton rules of growth dictate that picophytoplankton have
significant abundances in the subtropics and tropic. A combination of coccolithophores
and dinoflagellates make up the remaining background concentration.

Figure 6.4. SLAMS-2.0’s prescribed global distribution of the relative biomass stock of the four
modelled phytoplankton functional types (PFTs): (top left) diatoms, (top right) dinoflagellates,
(bottom left) coccolithophores and (bottom right) picophytoplankton. Relative biomass stock (in
percentage) is defined as the fractional contribution of each PFT biomass to the total phytoplankton
biomass, and it is an equivalent metric to the probability of seeding PFTs in SLAMS-2.0.

Particle size and particle sinking velocity are two particle attributes often used to
link POC transfer efficiency patterns to the BCP mechanisms associated with POC
attenuation. Particle size and sinking velocity emerge from the chemical composition
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of the particles and their fluffiness, both of which are controlled by the phytoplankton
community composition. In Figs. 6.5–6.6, I have mapped over depth the evolution of the
average particle size and sinking velocity for two main categories of particles (large vs
small), and in Appendix G (Figs. G.2–G.9) I provide the rest of the particle attributes
simulated by SLAMS-2.0 (density, porosity, radius of the primary particles, stickiness,
POC content, PIC content, bSi content and clay content). Based on the mapped particle
attribute trends, the size of an average small particle increases with depth (Fig. 6.5a).
However, there is an increase in size for a large particle up to the depth of 500 m (1000 m
in the Equatorial Pacific) and below that depth the particle decreases in size (Fig. 6.5b).
The sinking velocity of both an average small and large particle (Fig. 6.6) increases with
depth. Those changes in size and sinking velocity are supported by an overall increase in
average density for both average small and large particles (Fig. G.2), an overall decrease
in stickiness (Fig. G.5), an overall decrease in POC content (Fig. G.6) and an overall
increase in PIC content (Fig. G.7) and opal content (Fig. G.8). Thus, larger densities
at deeper depths arise from relatively larger contributions of PIC and opal to the total
weight of the particle. The trend for porosity (Fig. G.3) is not so clear for small particles,
as they are already quite compact, but for large particles an increase is seen, especially
off the west coast of North Africa, a region known for the supply of aeolian dust to the
surface ocean. That signal off the west coast of North Africa is also seen for the other
attributes in more or less degree, especially at deeper depths, > 500 m. Larger particles
have an average porosity (given the same depth) higher than small particles, a feature
that emerges due to the fractal nature of aggregates (Alldredge and Gotschalk, 1988).

In order to infer to which particle attributes size and sinking velocity are more sensitive
to, I have correlated those two attributes to the rest of particle attributes simulated
by SLAMS-2.0 for the 500 m depth horizon for an average small and large particle
(Figs. G.10–G.11). For large particles, size is mostly correlated with particle volume
(R2 = 0.45) and POC content (R2 = 0.39), and sinking velocity is mostly correlated with
density (R2 = 0.53) and bSi content (R2 = 0.23). For small particles, the correlations are
stronger and size is mostly correlated with clay content (R2 = 1.0), density (R2 = 0.98)
and sinking velocity (R2 = 0.94), whereas sinking velocity is mostly correlated with clay
content (R2 = 0.94), size (R2 = 0.94) and density (R2 = 0.90).

The seeded primary production in SLAMS-2.0 is processed by a variety of modelled
processes, such as aggregation and zooplankton grazing, which result in the production
of fast-sinking and large particles (as shown in Figs. 6.5–6.6) regardless of whether
the ecosystems is dominated by large (diatoms and dinoflagellates) or small PFTs
(coccolithophores and picophytoplankton). The global distribution of the intensity
of particle-particle interactions (collision and coagulation) and particle-zooplankton
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(a) Small particles. (b) Large particles.

Figure 6.5. Size (ESD) of an average modelled particle at four main ocean depths according to
two main size categories, (a) small (≤ 150 µm) and (b) large (> 150 µm).

(a) Small particles. (b) Large particles.

Figure 6.6. Sinking velocity of an average average modelled particle at four main ocean depths
according to two main size categories, (a) small (≤ 150 µm) and (b) large (> 150 µm).
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interactions is plotted in Fig. 6.7 for four depth horizons (100, 500, 1000 and 2000 m).
The spatial pattern shows that particle collision rates (Fig. 6.7a) are higher in northern
high latitudes, the upwelling equatorial Pacific, the upwelling regions off the west coast of
continents and the subtropical front bordering the southernmost continental perimeter of
the southern hemisphere. Particle collisions end up in successful coagulation in regions
where collision rates are high, as expected (Fig. 6.7b). A prominent feature in the pattern
of successful coagulation is the high coagulation in the equatorial Atlantic offshore the
west coast of North Africa, following the pattern of Saharan aeolian dust deposition, the
major desert dust source region in the world (Jickells and Moore, 2015). The spatial
pattern of particle-zooplankton encounter rates (Fig. 6.7c) is similar to the pattern drawn
by particle-particle interactions, with the encounters being less abundant in the subtropics
and more abundant in the high-latitude systems and the equatorial Pacific.

To gain a deeper insight into the activity of zooplankton, I have plotted in Fig. G.12
the global distribution of the intensity of zooplankton grazing with its different facets of
sloppy feeding, ingestion, egestion (i.e., production of faecal pellets) and respiration. The
pattern reveals that modelled grazing pressure is mostly concentrated in northern high
latitudes, the upwelling equatorial Pacific and coastal regions, resembling the distribution
of the higher biomass stocks of phytoplankton (Fig. G.1), and where the export of NPP to
the deep ocean in form of POC is more efficient (higher PEeff, Fig. 6.1). It can be noted
that higher respiration flows (Fig. G.12d) do not overlap with higher attenuation rates
of POC flux (e.g., Fig. 6.1a) since regions where zooplankton heterotrophic metabolism
is high are also regions with high zooplankton egestion fluxes. Thus, the function of
repackaging that zooplankton grazing does on ingested particles, mixing lighter OM with
ballast minerals, generates ballast fluxes that transfer POC efficiently to the deeper ocean,
compensating for the loss of POC due to respiration.

6.3 Comparison of SLAMS-2.0’s modelled fluxes to other
modelling studies

Martin’s b is the most widely used of the BCP metrics and the most litigious one. Due to
the nature of its mathematical fit (a power-law instead of, for instance, a fraction, like
Teff), b is highly sensitive to the availability of sufficiently depth-resolved data below the
reference depth, as well as the choice of that reference depth (Buesseler et al., 2020b),
which makes it highly variable amongst studies. The pattern of b predicted by SLAMS-2.0
can be compared against that of Henson et al. (2012) and Marsay et al. (2015), the
most cited studies of the global distribution of b (Fig. 6.8). SLAMS-2.0 predicts a b
that follows the same qualitative pattern as that of Marsay et al. (2015), high in the
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(a) Particle collision rate. (b) Particle collision success. (c) Zoo. encounter rate.

Figure 6.7. SLAMS-2.0’s modelled global distributions of (a) particle-particle collision rates, (b)
particle coagulation success and (c) particle-zooplankton encounter rates by depth horizon 100,
500, 1000 and 2000 m.

subtropics and low in the colder and upwelling equatorial and coastal regions. That
pattern is opposite to that presented in Henson et al. (2012), where b is lower in the
subtropics and the equatorial Pacific. Nevertheless, SLAMS-2.0’s b range of variation
(0.21–0.94) is more similar to that of Henson et al. (2012) (0.22–1.2) than that of Marsay
et al. (2015) (0.19–1.8), and so SLAMS-2.0 predicts substantially lower attenuation rates
in the subtropics than Marsay et al. (2015).

The pattern of PEeff simulated by SLAMS-2.0 can also be compared with previous
global studies (Fig. 6.9a)1. Compared to SLAMS-2.0’s estimates, the studies of Henson
et al. (2012) and DeVries and Weber (2017) predict higher maximum PEeff and display
higher PEeff values in all regions. DeVries and Weber (2017) use a satellite-driven
ecosystem model to estimate fluxes of POC and predict a PEeff higher than that of
Henson et al. (2012), and with more zonal variability towards the equator, displaying
maximum values in the poles and modestly elevated along the equatorial upwelling region,

1SLAMS-2.0’s panel for PEeff in Fig. 6.9a is the same as that displayed in Fig. 6.2a (top right panel);
notice how the colour bar has been tuned to macth that of the studies of Henson et al. (2012) and DeVries
and Weber (2017).
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Figure 6.8. Global maps of Martin’s b for SLAMS-2.0 compared to the empirical models of
Marsay et al. (2015) and Henson et al. (2012). Marsay et al. (2015) model is based on a regression
of upper ocean (0–500 m) temperature against b whereas Henson et al. (2012) is based on an
application of algorithms to satellite data of SST and NPP based on a compilation of Th-derived
POC export flux and sediment trap POC flux at 2000 m. Notice that the colour bar has been
customised to reproduce that of Marsay et al. (2015)’s Fig. 3.

in agreement with the studies of Siegel et al. (2014) and Dunne et al. (2005) (not shown,
see Fig. 3 in DeVries and Weber (2017)).

The pattern of POC flux at export depth (100 m) can also be compared with that of
the studies of Henson et al. (2012) and DeVries and Weber (2017) (Fig. 6.9b). Modelled
POC export flux presents lower values than those in the literature but has similar
spatial patterns, high in the northern high-latitudes and upwelling equatorial and coastal
regions, areas characterised by abundant large phytoplankton and high NPP. SLAMS-2.0’s
integrated POC flux at 100 m of 2.7 Gt C yr−1 is at the lower end of published values,
which span from 2.8 Gt C yr−1 at 150 m (Buesseler et al., 2020b), 4.0 Gt C yr−1 at zeu

(Henson et al., 2012), 5.7 Gt C yr−1 at zeu (Buesseler et al., 2020b), 6.3 Gt C yr−1 at
100 m (Stock et al., 2020), 6.6 Gt C yr−1 at zeu (Siegel et al., 2014), 6.7 Gt C yr−1 at
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100 m (DeVries and Weber, 2017) to 9.1 Gt C yr−1 at zeu (DeVries and Weber, 2017).
Notice how the choice of the depth of integration matters as it shifts the value of carbon
export up or down, with same author’s reported values of POC flux lower for deeper
depths. Since most of the attenuation of POC happens just below zeu, a flux measured at
100 m (which is well below zeu in polar areas) underestimates the in situ POC export
flux. The integrated POC flux at 2000 m simulated by SLAMS-2.0 of 0.62 Gt C yr−1 is
comparable to that of 0.43 Gt C yr−1 estimated by Honjo et al. (2008) and Stock et al.
(2020) and 0.66 Gt C yr−1 estimated by Henson et al. (2012).

Compared to PEeff and POC flux at export, the pattern of Teff from the surface to the
deep ocean (Fig. 6.9c) keeps closer resemblance in magnitude to that determined by other
authors (Henson et al., 2012; Weber et al., 2016). It is worth emphasising that whereas
the displayed Teff for Weber et al. (2016) is calculated from 100 → 1000 m, that of Henson
et al. (2012) is from 100 → 2000 m, thus running deeper and thus, reflective of a flux
that has undergone more attenuation processes . SLAMS-2.0 has the very same regional
pattern as that presented by the data-driven ocean circulation model of phosphate of
Weber et al. (2016), with Teff relatively low in the subtropics compared to the rest of the
ocean. Contrarily, Henson et al. (2012) show relatively low Teff in the poles and high
values in subtropical and tropical regions. An inversion in the pattern of Teff is observed
for both SLAMS-2.0 and DeVries and Weber (2017) from the mesopelagic to the deeper
ocean (Fig. 6.9d), where the subtropics have a higher Teff (instead of the upwelling regions,
as it is for the Teff 100 → 1000 m) and the metric is less spatially variable (Fig. 6.9c).

The pattern of PIC and bSi export (Fig. 6.2a, bottom row) can be compared against
the global observations of PIC and bSi fluxes of Honjo et al. (2008) for the 2000 m depth
horizon (the mesopelagic/bathypelagic boundary) (Fig. 6.10, upper row). SLAMS-2.0’s
modelled PIC and bSi fluxes at export depth (100 m) are connected with those at 2000
m depth, and thus comparable in relative magnitude to those of Fig. 6.10. Honjo et al.
(2008) show that observed PIC flux varies less geographically than bSi flux, which also
occurs in SLAMS-2.0. The Atlantic presents a higher maximum PIC flux than the Pacific,
and bSi flux is higher in the Pacific than in the Atlantic, which is at odds with the
pattern modelled by SLAMS-2.0. The global-basin integrated PIC flux at export depth
calculated in SLAMS-2.0 (0.48 Gt C yr−1) is on the low end of prior estimates at export
depth (0.38–1.8 Gt C yr−1, as summarised in Dunne et al., 2007) and closer to the recent
estimate made by Stock et al. (2020) of 0.40 Gt C yr−1. At 2000 m, the global-basin
integrated PIC flux in SLAMS-2.0 (0.47 Gt C yr−1) is similar to that reported in Honjo
et al. (2008) (0.41 Gt C yr−1). When it comes to the global-basin integrated flux of bSi
at export depth, the value estimated by SLAMS-2.0 (1.10 Gt Si yr−1) is below the range
estimated by Dunne et al. (2007) (1.9–5.0 Gt Si yr−1) and still under the recent estimate
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made by Stock et al. (2020) of 2.4 Gt Si yr−1. Contrarily, SLAMS-2.0’s modelled value at
2000 m (0.79 Gt Si yr−1) is comparable to that of Honjo et al. (2008) (0.68 Gt Si yr−1).

Lastly, the global pattern of SLAMS-2.0’s modelled molar ratios of POC/PIC and
bSi/PIC, can also be compared with the observations of deep-sea (2000 m) sediment trap
fluxes of Honjo et al. (2008) (Fig. 6.10, bottom row, c.f. Fig. 6.3, bottom row) and the
modelling study at export depth of Jin et al. (2006), where POC export is driven by
diatoms and coccolithophores (see their Fig. 3, c.f. Fig. 6.3, upper row). In SLAMS-2.0,
calcification by coccolithophores and, thus, biogenic production of PIC, does not account
for the saturation state of the ambient water with respect to calcite (e.g., Gehlen et al.,
2007) (see discussion in Sec. 6.5.5). That makes PIC fluxes at export depth higher than
would be expected if a limitation factor for calcification had been accounted for, and thus
POC/PIC tend to be lower than those estimated by the data-driven model of Jin et al.
(2006). In Jin et al. (2006), POC/PIC export is maximum at the poles, followed by the
subtropics and the Equator, with the Atlantic basin displaying the highest POC/PIC
export ratio. In SLAMS-2.0, the poles, followed by the Equator, display maximum
(i.e., > 1) POC/PIC, with the highest value also occurring in the Atlantic. Honjo et al.
(2008) also display maximum POC/PIC at the poles, whereas the maximum bSi/PIC
occurs in the North Pacific boreal gyres and the Antarctic Zone. SLAMS-2.0 also presents
maximum bSi/PIC in the North Pacific, followed by the subpolar and polar North Atlantic
and the upwelling coastal regions. According to Honjo et al. (2008), locations where
POC/PIC and bSi/PIC are ≥ 1 constitute the “silica ocean”, a diatom-dominated area
where molar export of Si > PIC, and molar export of POC > PIC. Contrarily, regions
where those rations are < 1 constitute the “carbonate ocean”. In silica ocean mode, CO2

is removed from the upper ocean more efficiently than in carbonate ocean mode as there
are lots of export of POC flux with little loss of alkalinity from the surface waters. The
notion that little loss of alkalinity from the surface ocean constitutes an efficient removal
of surface POC was also expressed by Kwon et al. (2009), who demonstrated that an
increase of alkalinity makes the ocean pull more atmospheric CO2. Following that ocean
divide, in SLAMS-2.0 the silica ocean comprises the high latitudes, the equatorial Pacific
and the coastal upwelling regions, areas which, presumably, have a more efficient BCP.

6.4 Sensitivity experiments

I have investigated the sensitivity of SLAMS-2.0 to three biogeochemical forcings hypoth-
esised to control the efficiency of the transfer of POC flux to the deep ocean through
changes in particle characteristics: phytoplankton community composition (Guidi et al.,
2009; Lam et al., 2011; Bach et al., 2016), NPP (Boyd and Trull, 2007; Jokulsdottir and
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Flux of PIC at 2000 m

bSi/PIC at 2000 m

POC/PIC at 2000 m

Flux of bSi at 2000 m

Figure 6.10. Honjo et al. (2008)’s compilation of observed molar annual fluxes of (top left) PIC,
(top right) bSi, (bottom left) POC/PIC and (bottom right) bSi/PIC at 2000 m. The silica ocean,
with bSi/PIC and POC/PIC ≥ 1, is depicted in grey, covering the North Pacific boreal gyres and
the Antarctic Zone. The rest of the ocean is the carbonate ocean, with bSi/PIC and POC/PIC <
1. Reprinted from Honjo et al. (2008) (no permission requested).

Archer, 2016; Henson et al., 2019) and temperature (Weber et al., 2016; Cram et al., 2018;
DeVries and Weber, 2017). For that, I have carried out a sensitivity analysis at two ocean
locations that are distinct enough biogeochemically: Ocean Station Papa (OSP), in the
northern North Pacific, and the Bermuda Atlantic Time-Series/Oceanic Flux Program
(BATS/OFP) joint site, in the subtropical North Atlantic.

The sensitivity analysis has consisted in assessing how sensitive the pattern of POC flux
with depth is to (i) varying surface NPP, (ii) varying temperature profile and (iii) varying
relative biomass abundance of each of the four modelled PFTs. I have varied the forcing
variables within wide ranges according to fractional increments while keeping the rest of
the forcing variables fixed. Of the three variables, temperature perturbations present the
most complex implementation as a change in temperature simultaneously affects many
processes in SLAMS-2.0 that can offset each other and, thus, mask the actual effect of
temperature in the system: temperature-controlled phytoplankton growth, the viscosity of
the water (and thus, particle coagulation rates, particle-zooplankton encounter rates and
particle sinking velocity), respiration rates of zooplankton and bacteria and zooplankton
biomass through the calculation of the DVM depth at night. It can be seen that the
effects of temperature can be split according to a physical/biological divide. Temperature
perturbations have been implemented by keeping unchanged alterations to phytoplankton
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growth (I fix the PFTs probabilities to their annual mean) while affecting the rest of
processes. The results in Fig. 6.11 demonstrate that the pattern of POC flux with depth is
essentially insensitive to temperature. In contrast, the greatest changes in POC flux occur
when altering NPP and diatom relative abundance. As the forcing NPP and the diatom
relative abundance increase, so does the amount of POC exported from the surface ocean.
Interestingly, an inverse relation with the amount of POC flux exported is seen for the
other PFTs (dinoflagellates, coccolithophores and picophytoplankton), where an increase
in the relative abundance generates a decrease in the amount of exported POC flux.

To assess whether NPP and phytoplankton community composition have a significant
impact on the transfer characteristics of POC to the deep ocean, I have calculated the
values of Martin b, z∗, PEeff and Teff 100 → 1000 m that emerge from the perturbed
POC flux profiles (Fig. 6.12). Those show that b (first column across all six rows) is
negatively correlated with the NPP and the relative abundance of the large and silicified
diatoms, meaning that higher attenuation of POC flux is expected at lower NPP levels
and lower relative abundance of diatoms. Conversely, b is positively correlated with the
relative abundance of dinoflagellates, coccolithophores and picophytoplankton, expecting
higher attenuation rates of POC when those smaller PFTs are more abundant. b does
not respond to varying temperature, as expected from the perturbed POC flux profiles
(Fig. 6.11). For all the six forcings to which the sensitivity of the model output has been
tested, OSP, in a subpolar region, presents lower b values compared to BATS/OFP, a
subtropical location. The pattern for z∗ (second column across all six rows) has the
opposite sign to that of b, as expected from the definition of the metrics. Thus, changes
in the NPP and PFT forcings that cause b to decrease will make z∗ increase. Notice how
z∗ went off the scale for higher relative contributions of diatoms to the phytoplankton
biomass. Temperature has, again, no effect on z∗. The change in the magnitude of PEeff

(third column across all six rows) presents a less neat pattern. A higher PEeff is expected
for higher NPP values, higher diatom abundance and lower dinoflagellate abundance,
but the trend is less clear for coccolithophores and picophytoplankton. PEeff seems to
respond to changes in temperature at OSP: as temperature increases, PEeff decreases.
Since PEeff is proportional to POC flux at export (by definition of the metric), and
POC flux at export presents a pattern where it is higher in upwelling and convective
systems, which are colder (Fig. 6.2, top left), PEeff will then reflect this temperature
effect through the amount of POC export. Lastly, Teff 100 → 1000 m (fourth column
across all six rows), like z∗, is a metric negatively correlated with b and thus should
display an opposite behaviour to b. Consequently, higher transfer of surface POC to
depth is observed at higher NPP (at OSP, but the trend is less clear for BATS/OFP)
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Figure 6.11. Sensitivity of modelled POC flux at location (a) OSP and (b) BATS/OFP to varying
(top left) net primary production (NPP), (bottom left) temperature (T ) profile, shown as the
average upper (500 m) water column temperature, and (centre and right) phytoplankton relative
biomass abundance (diatoms, dinoflagellates, coccolithophores and picophytoplankton). Default
(Def.) experiments show the default forcing used to run SLAMS-2.0. NPP and phytoplankton
seeding probabilities are imposed as one unique value in the model, whereas T is imposed as a
depth profile for which I have altered the annual mean in the upper 700 m perturbed by a factor
(the T mean shown is for the first 500 m).
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Figure 6.12. Relationship between six forcing variables (NPP, temperature and relative biomass
abundance of diatoms, dinoflagellates, coccolithophores and picophytoplankton) and four metrics
of the BCP (Martin b, z∗, PEeff and Teff 100 → 1000 m) at two different ocean locations (OSP, in
blue, and BATS/OFP, in red). The default annual means of each of the six forcing variables used
to run SLAMS-2.0 are shown for reference.

and higher diatom dominance. On the other hand, lower transfer efficiency is observed
for increasing levels of the smaller phytoplankton groups.

Overall, Fig. 6.12 suggests that lower flux attenuation (b) or, conversely, higher transfer
of surface POC to the deep ocean (Teff), is expected for higher levels of NPP and diatom
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dominance. There is no temperature signal in such metrics as derived from a model of
Lagrangian marine particles like SLAMS-2.0. Nevertheless, temperature does have an
effect on those metrics when derived empirically (e.g., Henson et al., 2012; Marsay et al.,
2015) or using Eulerian models of the BCP (e.g., Weber et al., 2016; DeVries and Weber,
2017). Temperature is a variable whose various effects on the ecosystem (i.e., temperature-
controlled biological effects vs temperature-controlled physical effects) are challenging to
disentangle. For instance, in the sensitivity analysis carried out with SLAMS-2.0, those
biological vs physical effects have not been fully separated yet on the particle dynamics.
They are probably still offsetting each other, explaining the lack of correlation between
temperature and the BCP metrics as modelled by SLAMS-2.0. Nevertheless, when it comes
to empirical studies and data-driven models of the BCP, which are run with biogeochemical
forcing that results from temperature (e.g., NPP is the result of temperature-controlled
phytoplankton growth), it becomes easier to find a correlation between BCP metrics
derived from such biogeochemical forcing and temperature. Almost all ecosystem variables
in the ocean are correlated with temperature in one way or another. However, when it
comes to particle dynamics, the mechanistic correlation with temperature becomes less
clear and masked by the combination of several biological and physical processes.

6.5 Discussion

Mapping out the metrics that quantify the transfer of the flux of Corg to the ocean interior,
like Martin’s b or Teff, to the underlying marine particle attributes that control the
magnitude and efficiency of that transfer has become a research priority (Buesseler and
Boyd, 2009; Sanders et al., 2014; Siegel et al., 2016; Sanders et al., 2016). I have applied a
Lagrangian model of marine particles globally to illustrate which environmental variables
and particle attributes explain the global pattern of b and Teff. Modelled results show
that a low b (or, conversely, a high Teff) occurs in high latitudes and the upwelling regions
of the equatorial Pacific and the west coast off the continents; b is highest (and Teff is
lowest) in the subtropics. That pattern responds to NPP and percentage abundance of
diatoms, and overlaps with regions of differential zooplankton activity and coagulation.
That latitudinal pattern found by SLAMS-2.0 agrees with the findings of the empirical
study of Marsay et al. (2015) and the modelling studies of Weber et al. (2016) and
DeVries and Weber (2017), and it is at odds with the findings of the empirical study of
Henson et al. (2012) (further supported by Lam et al. (2011) or Guidi et al. (2015)). My
modelled b and Teff emerge from tracking an ensemble of discrete particles built from
structural and chemical characteristics (fractal scaling law and Stokes’ velocity). That
aspect makes this study the first to address the global pattern of b and Teff based on
detailed information of particle attributes of composition and structure and relates them
to the biogeochemical variables and particle dynamics that control them.
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6.5.1 Biogeochemical controls

A range of BCP metrics exist to understand the efficiency and magnitude of the transfer
of POC from the surface to the deep ocean (b, z∗, Teff, PEeff, β). Out of those, b, or
the attenuation rate of POC flux with depth, and Teff (100 → 1000 m), or the fraction
of surface POC flux transferred to the mesopelagic ocean, have become the standards
in the biogeochemical literature to inform of the characteristics of the flux of POC to
the ocean interior. Thus, the following discussion uses one or another indistinctively
to evaluate the functioning of the BCP.

Marsay et al. (2015) found a strong correlation between b and temperature (R2 = 0.82),
where the two variables are positively correlated (i.e., the attenuation rate of POC
increases with increasing temperature). Henson et al. (2012)’s study, although it does
not explicitly mention the relationship that their estimated b bears with temperature,
a b–T relationship can be calculated from their model. A contour plot between Henson
et al. (2012)’s algorithm input variables (NPP and SST) and b reveals that temperature
strongly controls Henson et al. (2012)’s b (Fig. 6.13a, with R2 = 0.98), and that the
two variables are negatively correlated (i.e., the attenuation rate of POC increases with
decreasing temperature). That is at odds with the findings of Marsay et al. (2015), where
the attenuation rate of POC increases with increasing temperature. When it comes to
NPP, Fig. 6.13a’s contours are essentially vertical for that variable, indicating that Henson
et al. (2012)’s estimated b is quite insensitive to NPP. To meaningfully compare the
distribution of b values, it is important to bear in mind how differently Henson et al.
(2012) and Marsay et al. (2015)’s b are calculated (summarised for reference in Table G.1).
Whereas the Henson et al. (2012) algorithm heavily relies on an empirically-derived PEeff

using 234Th-derived export measurements regressed against SST and traps at 2000 m to
derive POC flux in the deep ocean, Marsay et al. (2015)’s equation relies on sediment
trap fluxes of POC in the upper water column (50–800 m), which are used to estimate
a b that is regressed against upper-water column (0–500 m) temperature.

I have quantified the sensitivity of SLAMS-2.0’s Lagrangian-derived b and Teff to local
changes in NPP, temperature and phytoplankton community composition and have shown
that Teff and b are most sensitive to changes in NPP and diatom relative abundance,
and insensitive to temperature (effects summarised in Fig. 6.13b for comparison with
Henson et al. (2012)’s findings). That demonstrates that, in SLAMS-2.0, the transfer
of surface POC to the deep ocean is strongly dependent on how much organic carbon
is produced in the surface layer (i.e., NPP) by silicified, sinking phytoplankton cells
(diatoms). Thus, ballast makes a significant contribution to the pattern of Teff and
b, as hypothesised by Francois et al. (2002), Klaas and Archer (2002) and Armstrong
et al. (2002) (the so-called “ballast effect”).
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Figure 6.13. Contour plot of Martin’s b calculated from (a) the empirical model of Henson
et al. (2012), and its dependency on net primary production (NPP) and sea surface temperature
(SST) and (b) the Lagrangian model SLAMS-2.0, and its dependency on NPP and diatom relative
biomass abundance.

Weber et al. (2016) used an ocean circulation inverse model driven with phosphate data
to reconstruct particle flux profiles below 300 m (see details in Table G.1). Similarly to
SLAMS-2.0, Weber and colleagues found that Teff is highest in the equatorial Pacific and
high-latitude regions and lowest in the subtropics. They supported their findings based on
a strong correlation of Teff with picophytoplankton dominance and calcite+silicate export
to POC export (ballast ratio). DeVries and Weber (2017) used the same ocean circulation
inverse model as that of Weber et al. (2016) but had a biological model embedded in it
(see details in Table G.1) and found a similar pattern for Teff in the upper water column
(100 → 1000 m) which, in turn, was controlled by temperature and O2 levels. From
those two modelling studies and supporting findings in the literature (Guidi et al., 2009;
Lam et al., 2011; Cram et al., 2018), it can be concluded that phytoplankton community
structure, ballast minerals, temperature and O2 are popular factors hypothesised to
control the attenuation of POC flux with depth.

The negligible influence of temperature on the sinking flux of Lagrangian particles
in SLAMS-2.0 does not deny the existence of an effect of temperature on b or Teff in
nature, but that its effect on b or Teff through changes in Lagrangian particle dynamics
(particle sinking velocity, particle-particle coagulation, particle-zooplankton encounters,
remineralisation rates of organic carbon, depth of zooplankton DVM) is not strong enough.
Temperature is a proxy for emergent ecological variables, like NPP, which is imposed
in SLAMS-2.0 as model forcing. Thus top-down controls of temperature in the model
through the amount of phytoplankton produced vanish. It can also be hypothesised
that a b–T correlation, as that inferred by Marsay et al. (2015) (b = 0.062T + 0.303,



6. A global application of SLAMS-2.0 157

R2 = 0.82), does not prove direct connection between POC flux attenuation rates and
temperature, but that both variables can be mechanistically linked through various other
underlying processes (e.g., water viscosity, stratification, subsurface chlorophyll maxima,
etc.). Correlation does not always imply direct causation.

In SLAMS-2.0, the high-latitude and upwelling regions displaying high Teff overlap
with regions displaying low b (Fig. 6.1a), which in turn overlap with regions of high
opal export (Fig. 6.2a) that exhibit high (i.e., > 1) molar POC/PIC and bSi/PIC ratios
(Fig. 6.3a). In those opal-rich regions, fewer carbonate particles are available to ballast
POC, and thus bSi assumes the ballast role for CaCO3, following the silica ocean regime
of Honjo et al. (2008). Since that way of BCP’s functioning comes with minor loss of
surface alkalinity , the removal of surface POC is more efficient in high-latitude and
upwelling regions than for the rest of the ocean (Honjo et al., 2008; Kwon et al., 2009).

I have extracted a first-order relationship to link SLAMS-2.0’s modelled b to its
most relevant biogeochemical controls (as per Fig. 6.12): Fdiat (%), the fraction of total
phytoplankton biomass contributed by diatoms, and NPP (g C m−2 d−1), the net primary
production (R2 = 0.63, p-value < 0.05),

b = 1.0 − 0.01Fdiat − 0.20 NPP. (6.1)

Eq. 6.1 offers a parameterisation for Martin’s b that leaves aside assumptions about
the shape of the decaying POC flux (i.e., power-law or exponential decay), separates
its most relevant biogeochemical controls (NPP and opal ballast effects) and provides
an equation that is easier to implement in an ESM than a Lagrangian model of marine
particles. Such an equation is just a starting point towards a mechanistic parameterisation
for the attenuation of POC flux with depth and will be tested in further applications
of SLAMS-2.0 to understand its implications.

6.5.2 Particle attribute controls

To date, there are no descriptions of global patterns of particle attributes as presented in
this thesis, only local descriptions made in mesocosms, like those shown in Ploug et al.
(2008), Iversen and Ploug (2010), Laurenceau-Cornec et al. (2015) or Iversen and Lampitt
(2020). The present thesis is thus the first study to present modelled particle attributes on
a global scale in the ocean. The Lagrangian nature of SLAMS-2.0 makes it possible to get
a “photographic” impression of the average particle in the ocean as it goes through depth.
The model predicts that, at deeper depths, particles are, on average, faster and larger
(Figs. 6.5 and 6.6) as they have had more time to undergo coagulations (which add primary
particles to the aggregate structure) and being added more ballast materials. Indeed,
deeper particles are impoverished in POC with respect to surface particles (Fig. G.6) and
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enriched in opal (Fig. G.8), making them denser as the balance of material composition
shifts from lighter POC to heavier bSi (Fig. G.2) and less sticky as the amount of TEC
decreases (Fig. G.5). Deeper particles are also slightly more porous as the accumulation
of more primary particles in the aggregate structure expands the particle in size following
fractal scaling law, as dictated by the particle structure model used in SLAMS-2.0. The
higher porosities observed in the diatom-dominated area of the equatorial Pacific and
clay-dominated area off the west coast of North Africa (Fig. G.3) can be explained by the
effect that minerals have on the porosities of modelled faecal particles: diatom spicules
(equatorial Pacific) and dust-borne clays (North African coast) favour more open particle
structures, increasing the porosity of faecal particles rather than compressing them.

Modelled sinking velocities (Fig. 6.6b) compare well with observations, where ag-
gregates created in mesocosm experiments are seen sinking at speeds 100–500 m d−1

(Iversen et al., 2010). Regarding modelled particle sizes (Fig. 6.5), modelled large
particles are under the observed ranges for large marine snow (300–3000 µm, Iversen
et al., 2010; McDonnell and Buesseler, 2010). That is because the coagulation model
used in SLAMS-2.0 (Jackson, 2001) has limitations to creating large particles if it is
not using an unrealistically high shear stress regime.

Whereas the average sinking velocity of a particle (small or large) keeps increasing with
depth, the size of larger aggregates does not. Below some threshold depth (∼1000 m), the
average size of a large aggregate decreases with depth, thus showing signs of compression
(or compactness) as the increase in its density due to the accumulation of ballast materials
overcomes the increase in porosity (or fluffiness) due to the addition of more primary
particles, following fractal scaling. That explains why particles that sink faster are not
necessarily, on average, bigger, as shown by the disassociation of correlation between
larger particle sizes and sinking velocity (Figs. G.10 and G.11).

The lack of correlation between the size of an average modelled large aggregate and
its sinking velocity (R2 = 0.05, but not for small particles, R2 = 0.94, Figs. G.10–G.11)
challenges the paradigm that fast-sinking aggregates must be bigger, as generally found for
laboratory aggregates of similar composition (e.g., Alldredge and Gotschalk, 1988; Iversen
and Ploug, 2010) as well as commonly assumed in many biogeochemical models. However,
in situ aggregate sinking velocities have also been seen offering a poor correlation with
aggregate size (Laurenceau-Cornec et al., 2015, 2019; Iversen and Lampitt, 2020), and
even an overall decrease of sinking velocity with size (McDonnell and Buesseler, 2010),
in agreement with the findings of SLAMS-2.0. The variety of relationships size-sinking
velocity found in the literature demonstrates that the various factors that determine
that relationship, such as ballast minerals (Klaas and Archer, 2002), sticky TEPs (Engel
and Schartau, 1999), porosity or degree of packaging (Passow et al., 2019) or ambient
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temperature (Iversen and Ploug, 2013), when combined together, obscure the overall
size-dependency of sinking velocities. In SLAMS-2.0, I have found that modelled sinking
velocity of similar-sized aggregates is largely controlled by density, which for large particles
is mostly controlled by the bSi content and for small particles is mostly controlled by
the CaCO3 and clay content (Figs. G.10b and G.11b). Regarding modelled sizes, results
show that larger particles consist of voluminous aggregates rich in Corg, whereas smaller
particles consist of densely packed material with a high content of clay and CaCO3, in a
similar fashion to the findings of Ploug et al. (2008). Thus, SLAMS-2.0 finds that the
ballast effect of opal and calcite in particles is divided according to particle size class:
bSi is the ballast material of large particles (R2 = 0.23) whereas CaCO3 is the ballast
mineral of small particles (R2 = 0.86), supporting the established paradigm that ballast
by both CaCO3 and bSi may enhance Teff of POC (Francois et al., 2002; Klaas and
Archer, 2002; Armstrong et al., 2002). Porosity, though, does not seem to be a trait that
characterises a specific cohort of particles, as hypothesised by Iversen and Ploug (2010)
and Bach et al. (2016), as it does not show a strong correlation with sinking speed nor
radius (R2 < 0.20). Taken altogether, the results of the particle attribute relationships
suggest that chemical composition and density predict the largest part in the variation
of aggregate sinking velocities, overshadowing the effect of size.

For the ballast hypothesis to be correct, minerals must either increase the sinking
velocities of large aggregates or protect them from microbial degradation (Francois et al.,
2002; Klaas and Archer, 2002; Armstrong et al., 2002). Whereas the protection effect
cannot be proved with SLAMS-2.0 (it has not been explicitly modelled using a mechanistic
parameterisation), an increase in sinking velocity can be seen due to the increasing content
of both bSi and CaCO3 for both small and large particles (Figs. G.10b and G.11b). That
proves the existence of a ballast effect in SLAMS-2.0.

To assess which particle characteristics have the most influence on the attenuation
rate of POC flux with depth, I have plotted b as a function of various modelled particle
attributes for an average fast-sinking particle at 500 m depth, the upper mesopelagic
(Fig. 6.14). I have chosen to highlight fast-sinking particles because of their overall
higher correlation with other attributes when compared to slow-sinking particles. From
the generally low correlation coefficients, it can be speculated that it is not possible to
infer a universal scaling between b and particle attributes easily as, at any depth in
the ocean, there is a highly heterogeneous pool of particles. POC, followed by bSi, are
the two material components that are most correlated with b. For higher b, or higher
POC attenuation rates with depth, a reduction in the volume, and thus radius of the
fast-sinking aggregates, is observed, following the reduction in POC content. Especially
striking is the lack of any correlation between the average sinking velocity of a large
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particle with b. That means that it is not possible to justify lower attenuation rates

of POC flux (or lower b) based on the presence of fast-sinking particles that escape

remineralisation, which is at odds with current understanding of the relationship between

b and particle sinking velocity (e.g., Herndl and Reinthaler, 2013; Cavan et al., 2015;

Cram et al., 2018). The mathematical construct of b from the advection-diffusion-reaction

equation of a tracer (see Appendix A) predicts that higher sinking velocities will lower

b. However, that relationship is not observed in Fig. 6.14; instead, for decreasing values

of b, the sinking velocity is not markedly higher. That can be explained based on the

simultaneous increasing porosities (i.e., decreasing aggregate compactness, or density),

which compensate the increase in ballast by bSi, and so sinking velocities are unchanged.
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6.5.3 Particle dynamics controls

The global distributions of average particle attributes presented in Figs. 6.5–6.6 and
Figs. G.2–G.9 do not show a strong latitudinal pattern. Nevertheless, if each modelled
small (≤ 150 µm) and large (> 150 µm) particle contributing to the average global is
counted (Fig. 6.15), it can be seen that areas of high Teff, like the equatorial Pacific,
have characteristically a higher fraction of large and fast-sinking particles (below 100 m).
That pattern is expected from the more porous, sticky and enriched in POC and bSi
particulate environment material. Those higher numbers of large and fast-sinking particles
are generated by relatively higher collision and coagulation rates (Figs. 6.7a and 6.7c)
and a relatively higher zooplankton activity (Fig. G.12).

(a) Fraction of large particles (> 150 µm).

(b) Fraction of fast-sinking particles (> 100 m d−1).

Figure 6.15. Global maps of SLAMS-2.0’s modelled particle distributions in terms of (a) fraction
of large particles and (b) fraction of fast-sinking particles. Notice that the axes are in log10.

To what extent the modelled zooplankton activities of sloppy feeding (attenuating
POC flux), faecal pellet production (increasing POC flux) and respiration (attenuating
POC flux) contribute to the particle attributes shown and the patterns of Teff is beyond
the scope of the present thesis. Nevertheless, a qualitative inspection of Figs. 6.7c and
G.12 suggest that the low Teff regime of the subtropics could be a consequence of lower
zooplankton-particle encounter rates and, therefore, lower grazing activities. I propose
that, through grazing, zooplankton recycle the rain of particulate material by reprocessing
it in their guts and producing a new ensemble of particles, the faecal pellets, with a
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more well-mixed material composition that includes all the organic and mineral material
ingested. It could well be that if that gut mixing mechanism is not so intense, as it
happens in the subtropics, with a lower zooplankton activity, the rain of particles remains
more “untouched”. Those particles do not get the opportunity to well-mix with others,
remaining smaller and slower-sinking. Otherwise said, a less rich variety of particles
is sinking in the subtropics. Subtropical particles are, in turn, less porous (or more
compact), less sticky and with higher PIC content as this has not had the chance to
undergo dissolution in zooplankton guts. Conversely, particles more intensely processed
by zooplankton (equatorial Pacific regime and northern high latitudes) would offer the
opposite picture: those are more diverse in material composition, stickiness, size and
sinking speed, and those attributes accelerate their aggregation and thus the transfer
signal. A higher abundance of fast-sinking particles in the equatorial Pacific regime and
the high latitudes was also found by the modelling study of Niemeyer et al. (2019).

Phytoplankton abundance results (Fig. 6.4) showed that diatom-dominated communi-
ties overlap with areas where zooplankton metabolic activity is high (Fig. G.12). Those
areas (the northern high-latitudes and the upwelling regions) are high regenerative systems
where opal-rich biogenic particles are potentially subjected to a higher degree of biotic
reprocessing (mixing of the material in zooplankton guts), distributing the bSi initially
present in diatom cells amongst the broader community of particles. The export of OM
that has been more extensively processed by the food web accelerates the transfer of
surface material to the deeper ocean and leads to the high Teff, or low b values, observed
in those ecosystems. That pattern results not only from high NPP and relatively high
diatom abundances (as shown by the sensitivity analyses), but also from food-web particle
dynamics that revolve around the primary producers.

6.5.4 Reconciling Henson et al. (2012) and Marsay et al. (2015) schools
of thought

The particle density-based control on POC transfer efficiency advocated in this thesis is
generated by an active zooplankton community that mix well the ballast opal generated
by diatoms amongst the broader pool of marine particles. The importance of the role of
zooplankton repackaging in the transfer efficiency of POC is supported by an increasing
number of studies (Guidi et al., 2009; Lam et al., 2011; Henson et al., 2012; Villa-Alfageme
et al., 2016; Henson et al., 2019), following Henson et al. (2012)’s school of thought.
Nevertheless, the mechanisms invoked by those observational studies are different from
the ones put forward by SLAMS-2.0.

In Henson et al. (2012)’s school of thought, high Teff, or low b, are seen in low-latitude
(subtropical and tropical) systems, which correlate with higher temperature. Those
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warmer regions are typically non-bloom systems, dominated by small phytoplankton cells
(picophytoplankton and coccolithophores), where there is a paucity between phytoplankton
growth and zooplankton grazing, which crop down the phytoplankton biomass stock.
Henson et al. (2012) argue that zooplankton repackage the phytoplankton cells into tightly
packed, fast-sinking aggregates that lead to a high Teff (100 → 2000 m) signal seen in the
deep-sea sediment trap observations. In productive, high-latitude systems, NPP outpaces
zooplankton grazing. In those regions, large and fluffy, diatom-rich aggregates are not
packed into smaller aggregates by the zooplankton community, which cannot catch up with
phytoplankton growth, leading to the reverse pattern in Teff (low) and b (high). Note that
in SLAMS-2.0 zooplankton grazing is a mechanism used not to “package”, but to spread
opal amongst the community of particles, increasing their average density. Furthermore,
modelled grazing is more intense in high-latitude and the equatorial Pacific, not overlapping
so much with a temperature spatial pattern but with a diatom-abundance pattern.

The results of SLAMS-2.0 support the school of thought of Marsay et al. (2015), where
high Teff, or low b, are seen in upwelling ecosystems (the high-latitudes followed by the
equatorial Pacific), which in turn are colder than neighbouring regions. b is thus positively
correlated with temperature (low b at low temperatures), whereas for Henson et al. (2012),
b was negatively correlated with temperature. Marsay et al. (2015) hypothesise that, in
warmer regions, due to the respiration metabolism accelerated by temperature, the Teff

(100 → 1000 m) signal is weak (thus, b is high) as most of the material is remineralised in
the upper water column. Furthermore, in those regions, with a phytoplankton community
dominated by less labile cells compared to diatoms, the fewer fraction of exported material
to the deep ocean remains more intact as it reaches deeper depths (e.g., 2000 m). That
explains the inversion in the pattern seen between low Teff (100 → 1000 m) but highest
deep ocean Teff (1000 → 2000 m) in the subtropics . The opposite pattern between surface
and deep transfer efficiency is justified based on different mechanisms controlling Teff in
the two zones: a temperature-dependence of respiration in the upper water column and a
lability-dependence in the lower water column, with less labile particles (more resistant
to remineralisation) producing higher Teff. The inversion in the Teff pattern observed in
SLAMS-2.0 for oligotrophic regions can be attributed to the increasing load of CaCO3 in
the sinking flux of particles. As POC is remineralised through depth, the relative weight
of CaCO3 increases through depth, adding ballast to the particle, which increases the
transfer signal. Since CaCO3 is denser than opal, the ballast in oligotrophic systems at
deeper depths might be higher than in opal-dominated areas.

Henson et al. (2012) suggested that Teff to 2000 m is highest in low-latitude systems,
where zooplankton are repackaging material more intensively. That coincided with the
also higher lability-dependant deep Teff of Marsay et al. (2015) for those warmer regions
(see their Fig. 4). SLAMS-2.0 just reveals another dependance for Teff, that which comes
with NPP and phytoplankton community composition.
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6.5.5 Unexpected modelling results

The BCP metrics discussed above are supported by POC, PIC and bSi fluxes at export
depth that, in SLAMS-2.0, have globally integrated values lower than those found elsewhere
in the literature (FPOC = 2.7 Gt C yr−1, FPIC = 0.48 Gt C yr−1 and FSi = 1.1 Gt Si yr−1,
c.f. ranges in Dunne et al. (2007), FPOC = 4.0–11 Gt C yr−1, FPIC = 0.38–1.8 Gt C yr−1

and FSi = 1.9–5.0 Gt Si yr−1). I do not expect SLAMS-2.0 to reproduce published
magnitudes of export fluxes of POC, PIC and bSi because, in the current version of
the model, particles are only transported vertically due to gravity; SLAMS-2.0 does
not have ocean circulation embedded yet. Coupling SLAMS-2.0 to an OGCM, which
would move particles in the 3-D space, is a necessary step to be able to claim that the
simulated fluxes of materials are more or less correct. Notice that those low fluxes of
POC at export depth modelled by SLAMS-2.0 are responsible for the low values of b
and Teff when compared to other studies (Fig. 6.9).

Despite the lower modelled globally integrated POC flux, its latitudinal pattern
is consistent with that in the literature, being highest in the northern high-latitudes
and upwelling regions, where there is abundant large phytoplankton (and high NPP)
(Henson et al., 2012; DeVries and Weber, 2017; Buesseler et al., 2020b). Three reasons
might explain why SLAMS-2.0 predicts a POC export flux lower than in the rest of the
literature. First, is the choice of the reference depth used to integrate the flux globally
(Buesseler et al., 2020b). For instance, in the polar oceans, where zeu is shallower than
the reference depth (100 m), the modelled POC export will underestimate in situ POC
export, contributing to the lower globally integrated POC export fluxes. Second, is the
choice of the NPP forcing used to run SLAMS-2.0, the Carr (2002) model. It is the
same choice as that used by the study of Henson et al. (2012), with the difference that
they use zeu to integrate their export flux, obtaining a higher annually integrated flux of
4.0 Gt C yr−1, and which is lower than that of DeVries and Weber (2017) (9.1 Gt C yr−1

at zeu), probably due to the different choice of NPP forcing (VGPM and CbPM in the
latter). Third, SLAMS-2.0 has been run on a coarse grid for reasons of computational
economy; as a result, the model cannot resolve the high pulses of NPP observed in coastal
upwelling regions, which lowers the globally integrated POC flux.

SLAMS-2.0 predicts a latitudinal pattern for bSi flux at export that completely
misses the high input of bSi flux into the Southern Ocean (an area with abundant SiOH4

ready to be uptaken by diatoms) and predicts quite a strong injection of bSi into the
equatorial Pacific (an area more limited by SiOH4 availability). The lower export fluxes
of bSi in the Southern Ocean are due to the low diatom biomass modelled in that region
(Fig. G.1), despite being the PFT exhibiting the largest relative abundance (Fig. 6.4).
That disconnection between relative abundance and actual biomass is probably caused by
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the use of an NPP forcing in SLAMS-2.0 (Carr (2002)’s model) that is poorly resolved
for the Southern Ocean, not sourcing enough phytoplankton biomass in that area. Carr
et al. (2006) noted that ocean-colour-based models struggle to recreate NPP in HNLC
regions, like the Southern Ocean and the equatorial Pacific, as most satellite models were
not developed with data subject to micronutrient limitation, like iron.

The modelled PIC flux at export depth is the most controversial of all three modelled
material fluxes. Honjo et al. (2008) predict a basin-integrated PIC export flux higher
for the Atlantic than the Pacific basin, whereas the opposite happens in SLAMS-2.0.
On top of that disagreement, Jin et al. (2006) predict a zonal pattern for POC/PIC in
the Pacific basin as: northern high-latitude > subtropic > equator (c.f. SLAMS-2.0,
equator > northern high-latitude > subtropics). For the Atlantic basin, the zonal pattern
predicted by Jin et al. (2006) is: poles > subtropics > equator (c.f. SLAMS-2.0, northern
high-latitudes > equator > subtropics). The modelled PIC export pattern in SLAMS-2.0
overlaps with that of CO 2–

3 ion availability forced into the model. Most probably, the
way in which CaCO3 (PIC) is produced in the model by coccolithophores taking up
CO 2–

3 could be curved by introducing a CO 2–
3 uptake limitation factor (e.g., Gehlen et al.,

2007, Eq. 3). Currently, the uptake of CO 2–
3 by calcifying organisms is not limited by

the saturation state of ambient water, in the same way other growth factors are (nitrate
and silicic acid uptake). This way, the growth of coccolithophores could hopefully be
restricted into the equatorial and subtropical ocean, following Jin et al. (2006).

6.6 Conclusions

I find that the global pattern for the attenuation rate of POC flux with depth (Martin’s
b) is high in the oligotrophic ocean and low in the productive ecosystems. The latitudinal
variability in the Lagrangian-derived b manifests an explicit coupling with NPP and
diatom relative abundance and decoupling with temperature. In productive systems,
there is a diatom-driven export production that penetrates through the mesopelagic ocean
thanks to the characteristically higher density of particles ballasted by opal. Indeed, opal-
rich diatoms have associated higher transfer efficiencies (Teff) or, correspondingly, low b.
Mesopelagic processes that modify the exported flux in the mesopelagic ocean, like coagula-
tion and grazing by zooplankton, spread the opal embedded in diatom frustules across the
broader pool of particles. That fact supports the idea that surface water conditions (NPP
and phytoplankton community composition), as well as upper mesopelagic ecosystem
transformations, affect the BCP-mediated sequestration of POC in the deep ocean.
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7.1 A new methodology to understand the transfer of POC
flux in the ocean

Linking marine particle attributes of composition and structure to the global patterns
of the transfer of POC flux from the surface to the deep ocean is a research priority
in Ocean Biogeochemistry. Current understanding of the mechanisms that control
global patterns of the transfer of POC flux through the mesopelagic are mainly based
on (a) the observation of particle attributes in deep-sea sediment traps, which are
scarce for the surface and mesopelagic ocean; (b) the global application of a fixed
parameterisation for the the attenuation rate of POC flux with depth (Martin’s b), when
it is known to be dependent on local forcing, and (c) the combination of flux estimates
from various methods (radionuclides, remineralised nutrient budgets, remote sensing,
sediment traps) to build empirical relationships connecting surface ocean properties
and deep sea fluxes, without direct observations of flux in between these two water
sections (the mesopelagic). The mesopelagic ocean remains undersampled due to the
technical challenges of maintaining fixed-point sediment traps in those waters, the high
economic cost of research expeditions and the still emergent technology of free-floating
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sediment traps. Thus, to date, oceanographers are still speculating about how the surface
ocean system and the deep sea are connected in terms of transport of organic carbon
in sinking particles. The large unknowns have created significant uncertainties as to
which biogeochemical controls mostly affect the spatiotemporal variation of POC flux
with depth (e.g., temperature, oxygen, phytoplankton community composition, NPP
zooplankton repackaging). A turning point in this research field has been the conflicting
patterns for the latitudinal variation of Martin’s b found by the empirical studies of
Henson et al. (2012) and Marsay et al. (2015). It is speculated that those two patterns
are influenced by the spatial undersampling of the ocean and the methodology used to
estimate b, using data from two different sections of the water column (deep vs surface
ocean, respectively). Alongside, various data assimilation biogeochemical models have
been run to obtain a global view of POC flux and understand the mechanisms that
control its global transfer pattern through the mesopelagic.

This thesis develops a probabilistic model of Lagrangian marine particles that biogeo-
chemically interact with their ecosystem and gravitationally sink through a 2-D water
column. The model is called the model SLAMS-2.0 and the particle processes represented
in it are: particle creation through a probabilistic model of PFT seeding, particle-to-
particle interactions using Jackson (2001)’s model, particle-to-zooplankton interactions
using Kiørboe (1997)’s model, a mechanistic model for the egestion of faecal pellets,
bSi and CaCO3 dissolution kinetics, heterotrophic metabolism following Q10 kinetics
and O2 limitation, and an empirical approach for particle disaggregation. The BCP has
been streamlined and it has dependencies on common forcing variables (PAR0, NPP,
chl a, T , O2, NO –

3 , CO 2–
3 , SiOH4, Fdust, MLD) and has an explicit representation of

phytoplankton and zooplankton functional types. Equations are solved algebraically and
hugely stochastic processes have a probabilistic interpretation. What makes SLAMS-2.0
distinct from other modelling approaches (mostly Eulerian) to study the transfer of
POC flux to the deep ocean is that the metrics of the BCP (e.g., b and Teff) emerge
from an ensemble of Lagrangian marine particles, rather than averaged concentrations of
particulate tracers. In SLAMS-2.0, fractal particles that follow Stokes’ law interact, and
their material is mixed according to the laws of coagulation and zooplankton encounters.
Their composition and structure are transformed from first principles rather than from
imposing a parameterisation on the fraction of mineral material they should contain
or the size category they should belong to.

SLAMS-2.0 has been locally calibrated to improve its representation of local fluxes of
POC, PIC and bSi. The five ocean sites chosen for calibration (EqPac, HAUSGARTEN,
OSP, PAP-SO and BATS/OFP) were selected based on the availability of flux data for
the surface and mesopelagic ocean and relatively good coverage of the annual cycle. Flux
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observations are a limiting factor to constraining the output of a Lagrangian model of
marine particles. A model like SLAMS-2.0 would greatly benefit from a larger number of
long-term time-series sites, with especial emphasis on covering the bottom of the euphotic
layer and the mesopelagic, two depth horizons largely undersampled. Of particular
importance would be pairing POC flux observations (needed for a bottom-up calibration
of SLAMS-2.0) with in situ NPP measurements (needed for a top-down calibration).
It is also worth highlighting that the choice of the optimiser affects the success of the
calibration. In SLAMS-2.0, I have adopted a data assimilation approach, where a
derivative-free optimiser that uses least-squares (DFO-LS) gets trapped in local minima,
thus offering multiple solutions for the calibration of SLAMS-2.0. I propose replacing
DFO-LS by a Bayesian approach in future calibration exercises of SLAMS-2.0. Bayesian
approaches are probabilistic and can efficiently infer solutions from noisy observations
without using expensive integration methods.

7.2 Findings of the research

After calibration, SLAMS-2.0 has been applied globally to understand the mechanisms
that control the global pattern of Martin’s b, which characterises the attenuation rate
of the sinking flux of POC in the mesopelagic. Empirical algorithms driven by satellite
ocean colour and particle flux data suggest that a low attenuation rate of POC flux with
depth (low b or, conversely, high Teff) is expected in low and mid latitudes (Buesseler and
Boyd, 2009; Guidi et al., 2009; Lam et al., 2011; Henson et al., 2012; Lima et al., 2014;
Guidi et al., 2015). Nevertheless, SLAMS-2.0 predicts an opposite pattern, with low b or,
conversely, high Teff, in high latitudes and upwelling systems, a pattern that follows other
data-driven models (Weber et al., 2016; DeVries and Weber, 2017; Cram et al., 2018) as
well as empirical algorithms based on shallow sediment trap data (Marsay et al., 2015).

In SLAMS-2.0, there is a particle density and ballast control through opal on the trans-
fer of POC to the deep ocean. High-latitude and upwelling regions are productive, or high
NPP, ecosystems where the phytoplankton community is naturally dominated by diatoms.
A variety of dynamic BCP processes, such as particle coagulation and zooplankton grazing,
which are more intense in those productive ecosystems as a consequence of the higher
abundance of particles, mix well the assemblage of phytoplankton cells. That spreads the
opal initially associated with diatoms to the broader community of particles, resulting in
the formation of opal-rich, dense particles. Those opal-rich particles are ballasted to the
deeper ocean, generating a signal of high Teff or, conversely, low b. In ocean regions where
the phytoplankton assemblage is dominated by small picophytoplankton (oligotrophic
regions), opal production is minimal, and thus Teff is low, and b is high. Thus, the relative
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importance of opal controlling the mesopelagic transfer of POC flux needs to be framed in
the context of its local production (accompanied by high inputs of POC) and mesopelagic
processes that spread it (coagulation and zooplankton grazing).

The modelled results convey the following key messages.

1. High Teff or, conversely, low b, are predicted for areas with higher NPP and diatom
abundance in the euphotic zone.

2. Those diatom-rich phytoplankton communities are associated with opal ballast
properties.

3. Particles loaded with opal are denser and sink faster, but are not necessarily bigger as
the increase in their density due to the accumulation of ballast materials overcomes
the increase in porosity (or fluffiness) that comes with the addition of more primary
particles following fractal scaling.

4. The downward flux of particles is affected by the particle dynamics of coagulation
and zooplankton grazing, which spread opal components amongst the broader pool
of sinking particles.

5. The intensity of particle dynamics are linked to the structure of the phytoplankton
community in the euphotic zone, with more grazing and coagulation occurring in
areas where more particles are produced (i.e., high NPP areas).

Thus, phytoplankton community structure influences the global patterns of b and Teff

through (i) a mechanistic link to the biogeochemical control of phytoplankton biomass,
or NPP, with more productive areas producing a higher load of export particles, (ii) a
mechanical control on particle density and ballast exerted by the opal that is sourced
by diatoms, and (iii) its coupling to ecosystem functioning processes of grazing and
coagulation, which spread the opal amongst the broader pool interacting particles. These
results highlight phytoplankton community structure and particle dynamics of coagulation
and zooplankton grazing as proxies to understand the transfer of POC from the surface to
the deep ocean and deviate the attention from the overly cited temperature. SLAMS-2.0
does not respond to temperature changes in the ecosystem, which is the most distinctive
finding of this study. The temperature control found in e.g., Henson et al. (2012), Marsay
et al. (2015), Weber et al. (2016) or DeVries and Weber (2017) is probably an artefact
of temperature being a proxy for Eulerian variables used to force those models (NPP,
O2, PAR0). SLAMS-2.0 gives us a hint that Lagrangian-derived b or Teff do not respond
directly to changes in temperature if those do not affect first the composition of the phyto-
and zooplankton system that generates and reprocesses the particles. Further tests are
needed to understand this in more detail, with a sensitivity analysis that separates the
effects of temperature on (a) physical properties (coagulation rates and viscosity-mediated
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sinking velocities) and (b) biological properties (phytoplankton growth, heterotrophic
metabolism and zooplankton DVM). The absence of a b-temperature correlation in SLAMS-
2.0 highlights the message of the important role of complex ecological relationships over
that of simple correlations with ecosystem forcing (Henson et al., 2012; Marsay et al.,
2015) on our way to understanding the controls that affect particle flux attenuation.

Simulating billions of Lagrangian particles is an expensive task to be performed
in Earth system models (ESMs). Thus, a key aim of a Lagrangian model of marine
particles should be deriving a mechanistic parameterisation to inform of the relationship
between ecological controls and particulate fluxes that could be easily implemented
in ESMs to constrain particle fluxes and improve the budgets of the BCP-mediated
sequestration of carbon in the deep ocean. Thus, in this thesis, I have come up with a
parameterisation (Eq. 6.1) that summarises the ecological effects of NPP and diatom
relative abundance on Martin’s b, both of which enhance most notoriously the transfer
efficiency of POC. The equation still needs to be tried and tested. However, it opens
the door to Lagrangian simulations of marine particles becoming testbed models for the
next generation of equations on the attenuation rate of POC flux with depth, leaving
behind the overarching paradigm of the power-law Martin curve.

The present study is the first to model from first principles (fractal scaling law and
Stokes’ velocity) individual marine particle attributes of structure, chemical composition
and sinking velocity on a global scale across all depths, with the accompanying particle
dynamics of particle-particle interaction and zooplankton-particle encounters. That allows
SLAMS-2.0 to unravel the particle attribute and dynamic mechanisms that control the
global patterns of the BCP-mediated sequestration of carbon in the deep ocean. The
results help connecting surface-water particle sources to mesopelagic fluxes.

7.3 Outlook

As demonstrated, a probabilistic model of Lagrangian marine particles like SLAMS-2.0
has shown great promise in reproducing the global patterns of b and Teff and providing
a mechanistic explanation for the factors controlling those patterns from a bottom-up
approach. On top of that skill, SLAMS-2.0 has low computational costs due to an efficient
design and relatively low complexity of the ecosystem model. It also offers a modular
design, where it is easy to implement new processes and study their implications on
the flux of particles in an isolated manner. Nonetheless, SLAMS-2.0 has limitations:
(i) ocean circulation has not been included yet, which conditions the magnitude and
spatial variability of particle fluxes due to the exclusion of physical effects like advection
and diffusion, lateral transport, stratification and mixed layer depth variations, some
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of which are currently parameterised; (ii) the particle coagulation algorithm of Jackson
(2001) was developed for non-porous spheres (beads) and, thus, struggles to reproduce
the high coagulation rates expected for porous marine particles; (iii) the approach to
simulate particle disaggregation has not been tested in other models, and it is an empirical
approximation to particle fragility using the fraction of mineral content in a particle;
(iv) biogenic calcification has not been made dependent on saturation state of ambient
water to curve the growth of coccolithophores and thus constrain PIC fluxes in the
model, which at present have little latitudinal variation; (v) there is neither a self-
regulated, numerical phytoplankton model embedded in SLAMS-2.0 nor a zooplankton
numerical model –those two components are currently prescribed through stochastic
sampling, numerically modelling them will require the current model forcing to become
state variables of the model first.

However, introducing that additional complexity is beyond the scope of this thesis. In
future applications of SLAMS-2.0, all of the processes mentioned above will be considered,
in conjunction with a model calibration that will include observed particle size distributions
(PSDs, obtained from the EcoTaxa repository) and will expand the data set of POC, PIC
and bSi fluxes to other locations. A calibration analysis that considers PSDs may help
to better constrain the contributions of small vs large particles in the transfer of POC
to the ocean interior and, thus, assist in validating simulated particle dynamics. I also
believe that a regionalisation of the patterns of b and Teff according to biogeochemical
provinces (instead of considering them on a grid point basis) might offer neater global
distributions. I expect to run SLAMS-2.0 on more fine-scale global grids to reproduce the
high NPP pulses in coastal areas, which are currently underrepresented in SLAMS-2.0
due to the more coarse grid used. A final consideration would be integrating fluxes and
obtaining the metrics of the BCP on a seasonal basis instead of averaging those for the
annual cycle, where the particle pulses of the bloom periods disappear.

In the results presented in this thesis, due to the need to prioritise the most relevant
findings, I have not explored the relative contributions of faecal pellets, marine snow and
phytodetritus to total particulate flux, nor the average characteristics of such particles.
However, all of that information is currently saved in the model output files, along
with particle size distributions and their slopes and the particle number distribution
for any of the particle attributes modelled. A more in-depth analysis is needed for
the zooplankton grazing flow rates presented in the results, which will benefit from
examining the characteristics of the faecal pellets produced. Nevertheless, zooplankton
flow rates face the problem of insufficiently depth-resolved observations of zooplankton
activity (e.g., MAREDAT).
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The findings of SLAMS-2.0 also have implications for the future of the oceanic
organic carbon sequestration in the light of a warming climate. Because of climate
change, predicted ocean warming, increase in stratification, and decrease in nutrient
supply are expected to favour picophytoplankton growth. Thus, oligotrophic biomes
could be in expansion and diatom-rich biomes in contraction. Oligotrophic regimes have
characteristically less efficient particle export out of the surface ocean and lower transfer
efficiencies to the deep ocean. Consequently, if the BCP system behaves in a linear
way, a warming climate could see a reduction in the oceanic sequestration of organic
carbon. That, in turn, could have positive feedbacks on climate change, amplifying
atmospheric warming. Feedbacks between increased ocean temperatures, reduced global
organic carbon sequestration and hence higher atmospheric CO2 levels leading to higher
atmospheric temperatures could further reduce future ocean CO2 uptake. Predicting and
quantifying climate feedbacks will require improving the mechanisation of Lagrangian
models of marine particles, which in turn will require:

• improving the formulation of coagulation kernels for porous particles since particle
coagulation has extensive implications in the sinking flux of particles;

• improving existing algorithms of satellite estimates of depth-integrated NPP, which
are used to force the model and to which POC fluxes are sensitive to, making the
choice of the NPP algorithm a source of uncertainty in the model output;

• promoting the collection of particle flux data (POC, PIC and bSi fluxes) over
sufficiently long timescales, at relevant depths in the water column (export depth
and sequestration depth most importantly), and at a high enough spatiotemporal
resolution, a task needed to calibrate particle models;

• encouraging the collection of in situ data of zooplankton activity and NPP alongside
observations of particle flux data; and

• urging the ocean biogeochemical community to come to terms with the statistical
methods to compute the attenuation rate of POC flux with depth (Martin’s b),
agreeing at least in reference sampling depths or, alternatively, adopt a new metric
used as the standard, like Teff, which is less sensitive to noisy POC flux depth
profiles.
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A
Derivation of the Martin model

The Martin model was first derived in 1987 by John Martin and colleagues as an
empirical fit of POC flux sediment trap data to depth (Martin et al., 1987). However,
it is also possible to mathematically derive the Martin model from the advection-
reaction-diffusion equation using some assumptions. That process gives us a mechanistic
interpretation for Martin’s b.

A.1 The advection-diffusion-reaction model

The advection-diffusion-reaction equation of a tracer, also known as the tracer conservation
equation, has this generic shape:

∂C
∂t

= ∂C
∂t

∣
advection

+ ∂C
∂t

∣
diffusion

+ SMS(C), (A.1)

where the time evolution of the concentration of a tracer, C, is regulated by the balance
between the transport of the tracer due to the physical process of water motion (advection
and diffusion) and the biogeochemical processes that become internal sources of C and
sinks that degrade C (sources-minus-sinks, SMS).

Suppose that the tracer in question is POC in a motionless water column, with
no mixing nor horizontal transport. In that case, the transport terms are equal to
a sinking term (i.e., the downwards differential of POC keeping the time constant is
D POC

D t = ���∂POC
∂t + w ∂POC

∂z ) and the SMS term is equal to the biogeochemical process
of remineralisation, like so:

∂POC
∂t

= −w∂POC
∂z

− λ POC, (A.2)
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where w is the sinking velocity of marine particles, λ is the remineralisation rate of POC
and POC is a concentration (e.g., mmol POC m−3). The two most common assumptions
used in the literature to solve Eq. A.2 are:

• w is constant throughout depth, and it has as a solution an exponential model, and
• w increases with depth, and it has as a solution a power-law model (the Martin

model).

The exponential model makes sense when one considers non-aggregated, primary
particles. Field observations of non-aggregated particles show constant particle sinking
velocities, regardless of the depth. Nevertheless, when one considers aggregated particles
and their diversity in properties, such as size or density, an increase of sinking velocity
with depth is observed. Next, I will derive both the exponential and the power-law models
for POC flux attenuation with depth. It will become evident that the mathematical
assumptions used to derive those models are their mechanistic interpretations.

A.2 The exponential model

The exponential model assumes constant POC sinking velocity throughout depth (w = cnt).
The starting point is Eq. A.2 and at equilibrium, or steady state conditions, ∂POC

∂t = 0,
and so Eq. A.2 can be written as

w
∂POC
∂z

= −λ POC. (A.3)

Reorganising and integrating Eq. A.3 to get rid of the differentials,
∂POC
POC

= − λ
w
∂z

→ ∫
z1

z0

1
POC

∂POC = − λ
w
∫

z1

z0
∂z

→ ln (POC) +C1 = −
λ

w
z∣z1
z0
+C2

→ ln (POC) = − λ
w
z + (C2 −C1) = −

λ

w
z +C3

→ eln (POC) = e−
λ
w
z+C3 = e−

λ
w
z eC3

→ POC = e−
λ
w
z eC3 ; at z = 0, POC = e0 eC3 ; POC(z0) = eC3

→ POC(z) = e−
λ
w
(z−z0) POC(z0).

(A.4)

where the depth integration limits are the base of the euphotic layer (z0, usually ∼100 m)
and any depth that is below z0 (z1). Likewise, POC flux, F (mmol POC m−2 d−1), is given
by

F (z) = F (z0) e−
λ
w
(z−z0) = F (z0) e−

(z−z0)
z∗ , (A.5)

Eq. A.5 is the exponential model, where z∗ is the remineralisation length scale, or w/λ.
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A.3 The power-law model

The Martin, power-law model assumes that the particle sinking velocity increases linearly
with depth, i.e., w(z) = mz + n (n = 0). Solving Eq. A.2 with that assumption,

∂2POC
∂t2

= ∂(w(z) POC)
∂z

− λ POC

(1)= −(w(z)∂POC
∂z

+POC∂w(z)
∂z

) − λ POC

= −(mz∂POC
∂z

+POC∂(mz)
∂z

) − λ POC

(2)= −(mz∂POC
∂z

+m POC) − λ POC

= −mz∂POC
∂z

− (m + λ) POC.

(1) chain rule

(2) since m does not depend on z, �∂(m�z)
��∂z

(A.6)

At equilibrium, ∂POC
∂t = 0, and so reorganising and integrating Eq. A.6,

mz
∂POC
∂z

= −(m + λ) POC

→ ∂POC
POC

= −(m + λ)
mz

∂z

→ ∫
z1

z0

1
POC

∂POC = −(m + λ)
m

∫
z1

z0

1
z
∂z

→ ln (POC) +C1 = −(1 + λ

m
) ln z∣z1

z0
+C2

→ ln (POC) = −(1 + λ

m
) (ln z1 − ln z0) + (C2 −C1)

→ ln (POC) = C3 − (1 + λ

m
) ln(z1

z0
).

(A.7)

Eq. A.7 has the familiar shape ln y = lnm + n lnx↔ y =mxn. Furthermore, after solving
Eq. A.4 we know that eC3 = POC(z0). Thus,

POC(z) = POC(z0) ( z
z0

)
−(1+ λ

m
)

. (A.8)

Likewise, POC flux, F (mmol POC m−2 d−1), is given by

F (z) = F (z0) ( z
z0

)
−(1+λ

a
)

. (A.9)

Eq. A.9 is the Martin model, also known as the Martin curve. In the literature, the
exponent 1 + (λ/m) is referred to as Martin’s b, where m is the slope of the function that
predicts particle sinking velocity. Note that m, and thus w, is anticorrelated with b.



B
Code availability

SLAMS-2.0 code, available at https://doi.org/10.5281/zenodo.5570253, is written in
Fortran90, a compiled programming language. The code is fully documented with
in-code comments and for a detailed description of the algorithms, refer to Chap-
ter 3 of this dissertation.

The code is modular and it is made up of 24 Fortran90 source files (ended with the
extension .F90) and two header files (ended with the extension .h). It comes with two
supporting files necessary to write information to output binary (.bin) files and read from
those: io.F and FNread_binary.m. Binary, unformatted files take less disk space than
ASCII (formatted) files. The code is compiled and run in any machine that has installed
gfortran or ifort compilers using the Makefile provided alongside. Post-processing scripts
(readSlamsOutputBCP.m and accompanying functions) and scripts used to create model
forcing files (createSlamsInputDataAndDirectories.m and accompanying functions)
are available in the same URL above.

B.1 Experiment configuration

Each SLAMS-2.0 experiment must be run in a separate directory with (i) its own namelist

file, which includes various model parameters and configuration options, (ii) 10 forcing
.bin files, which contain the variables that support ecosystem functioning at each time
step (PAR0, NPP, [chl a], Fdust, [NO –

3 ], [SiOH4], [CO 2–
3 ], [O2], T and MLD), and (iii) soft

links to the code files. I use Matlab to create the .bin forcing files from .mat data
arrays. SLAMS-2.0 can be run in one of two modes: (a) on a single water column
or (b) on a global grid (an ensemble of water columns). Forcing files must be created
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accordingly using the location coordinates (latitude and longitude) and seafloor depth
in which the user wants to run the model.

Amongst the source files, main.F90 is the master file. It contains the program and
calls to all functions and subroutines that make up SLAMS-2.0. As a user, you should
open main.F90 and read the comments at the preamble (preceded by “!”), which contain
information on the structure of output files as well as input files needed to run the model.
The header file blockdefinitions.h controls big chunks of code by activating them or
deactivating them. If you want to run SLAMS2.0 in a lighter mode, keep undefined
BLOCK_PRINT_INFO_TO_THE_SCREEN and BLOCK_PRINT_INFO_TO_THE_SCREEN_EXTENDED,
and defined SAVE_DISK_SPACE.

B.2 Model output files

SLAMS-2.0 produces .bin model output files every modelled month for every depth layer
and are listed in Table B.1. Raw model output is post-processed to calculate particle
and BCP derived properties, classified into the following six types.

• Individual particle attributes, ak (k is for the kth cluster). This type of information
is produced as a model final snapshot of all the particles that are in the simulation,
which are collected into an array that presents their 18 attributes (16 physicochemical,
1 depth position and 1 particle multiplicity factor in the cluster).

• Average particle attributes by depth z and month t, ak(z, t), which produce a
picture of a typical particle in terms of its physicochemical attributes. Those
average attributes can also be optionally classified according to two main particle
size categories (small and large, with 150 µm marking the threshold, Giering et al.
(2020), two main particle velocity categories (slow and fast, with 100 m d−1 marking
the threshold, McDonnell and Buesseler (2010)) and eight particle typologies (living
phytoplankton cell, dead phytoplankton cell, TEP, clay particle, dead zooplankton
body, faecal particle, non-faecal aggregate and non-faecal single particle).

• Integrated particle attributes by z and t: particle number distribution, N(ai, z, t),
expressed as a function i of particle size classes and particle velocity classes; the
slope of the particle number distribution, ξ; fluxes of POC, PIC and bSi, F (z, t);
the slope of the vertical attenuation of POC flux with depth, Martin’s b; particle
export efficiency, PEeff; transfer efficiency, Teff; the ratio of organic to inorganic
carbon, POC/PIC; and the ratio of biogenic silica to inorganic carbon, bSi/PIC.

• Volumetric fluxes of material (C, Si, CO 2–
3 ) from one ecosystem component to

another, i.e.,the sources-minus-sinks terms.
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• Biomass of phytoplankton and zooplankton, abundance of zooplankton individuals
and average carbon cell quota of a phytoplankton cell.

• Average rates of remineralisation, particle collision and zooplankton-particle en-
counter.
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Table B.1. Description of SLAMS-2.0 output files. All files are binary (.bin). Abbreviations: descr, description; z/t, space/time step of recording; dim,
array dimensions.

File name Characteristics

out_cluster_i descr collects in an array the particle attributes calculated as integer values of all modelled particles
z/t recorded three times in the final run year
dim maxNumClusters × 6 × 3

out_cluster_r descr collects in an array the particle attributes calculated as real values of all modelled particles
z/t recorded three times in the final run year
dim maxNumClusters × 20 × 3

out_stats_nParticles descr records the number of extant particles
z/t for every month of every modelled year (nTimesStats)
dim nTimesStats × 1

out_stats_nClusters descr records the number of extant particle clusters
z/t for every month of every modelled year
dim nTimesStats × 1

out_control descr records simulation state information: (1) no. ∆t past, (2) last position occupied in the particle array,
(3) no. times monthly data have been recorded, nTimesFlux, (4) no. sediment trap deployment depths,
nSedTrapDeployDepths, (5) no. imaging system deployment depths, nImagingDeployDepths, (6) no.
times average particle data have been recorded, nTimesAvgAtt, (7) no. times stats. data have been
recorded, nTimesStats, (8) no. times aux. and SMS data have been recorded, nTimesAux
z/t at the end of the simulation
dim 8 × 1

out_flux descr for the water column, records the fluxes of six particulate materials (POC, TEC, bSi, calcite,
aragonite, clay) in units of flow rate per unit area (mg m−2 d−1)
z/t for all particles crossing every depth where the virtual sediment trap is deployed, for every month of
every modelled year
dim 6 × nSedTrapDeployDepths × nTimesFlux

out_flux_seafloor descr for the seafloor, does as before
z/t for all particles hitting the seafloor, for every month of every modelled year
dim 6 × 1 × nTimesFlux
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Table B.1 (Continued) Description of SLAMS-2.0 output files.

File name Characteristics

out_avgparticleatt_sizeclass descr for the water column particles, and according to 16 particle size classes (nSizeClasses), averages 15
particle attributes: (1) no. particles, (2) density (g cm−3), (3) sinking velocity (m d−1), (4) stickiness, (5)
porosity, (6) solid volume (µm3), (7) fractal dimension, (8) radius primary particle, µm, (9) depth (m), (10)
mol Corg, (11) mol TEC, (12) mol bSi, (13) mol calcite, (14) mol aragonite, (15) mol clay
z/t for all particles crossing every depth where the virtual imaging system is deployed, for every month of
every modelled year
dim nSizeClasses × nImagingDeployDepths × 15 × nTimesAvgAtt

out_avgparticleatt_sizeclass_seafloor
descr for all particles hitting the seafloor, does as before
z/t for all particles hitting the seafloor, for every month of every modelled year
dim nSizeClasses × 1 × 15 × nTimesAvgAtt

out_avgparticleatt_veloclass descr for the water column particles, and according to 11 particle velocity classes (nVeloClasses),
averages 15 particle attributes
z/t for all particles crossing every depth where the virtual imaging system is deployed, for every month of
every modelled year
dim nVeloClasses × nImagingDeployDepths × 15 × nTimesAvgAtt

out_avgparticleatt_veloclass_seafloor
descr for all particles hitting the seafloor, does as before
z/t for all particles hitting the seafloor, for every month of every modelled year
dim nVeloClasses × 1 × 15 × nTimesAvgAtt

out_avgparticleatt_maintype descr for the water column particles, calculates four average attributes (radius, density, settling velocity
and porosity) of a typical particle belonging to one of the following eight types (nMainParticleTypes): (1)
faecal particle, (2) non-faecal aggregate, (3) living phytoplankton cell, (4) dead phytoplankton cell, (5)
TEP, (6) clay particle, (7) dead zooplankton body, (8) non-faecal single particle
z/t for all particles crossing every depth where the virtual imaging system is deployed, for every month of
every modelled year
dim nMainParticleTypes × nImagingDeployDepths × 4 × nTimesAvgAtt

out_avgparticleatt_maintype_seafloor descr for all particles hitting the seafloor, does as before
z/t for all particles hitting the seafloor, for every month of every modelled year
dim nMainParticleTypes × 1 × 4 × nTimesAvgAtt
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Table B.1 (Continued) Description of SLAMS-2.0 output files.

File name Characteristics

out_sms descr records the model sources-minus-sinks (SMS) terms (maxNumSmsTerms) in units of flow rate per unit
volume (mol m−3 d−1): (1) C taken up by phytoplankton, (2) CO 2–

3 taken up by coccolithophores, (3)
SiOH4 taken up by diatoms, (4) aeolian dust deposition, (5) TEC released by phytoplankton, (6) TEC
released by bacteria, (7) DOC released due to photolysis, (8) dissolved TEC released due to photolysis, (9)
CO 2–

3 released due to photolysis, (10) SiOH4 released due to photolysis, (11) dissolved clay released due to
photolysis, (12) DOC released due to zooplankton messy feeding, (13) dissolved TEC released due to
zooplankton messy feeding, (14) CO 2–

3 released due to zooplankton messy feeding, (15) SiOH4 released due
to zooplankton messy feeding, (16) dissolved clay released due to zooplankton messy feeding, (17) POC
ingested by zooplankton, (18) TEC ingested by zooplankton, (19) CO2 released due to zooplankton
respiration of POC, (20) CO2 released due to zooplankton respiration of TEC, (21) POC egested by
zooplankton, (22) TEC egested by zooplankton, (23) CO 2–

3 released due to biotic dissolution of CaCO3,
(24) DOC released due to zooplankton excretion, (25) dissolved TEC released due to zooplankton excretion,
(26) CO2 released by mesozooplankton respiration, (27) CO2 released by microzooplankton respiration, (28)
POC egested by mesozooplankton, (29) POC egested by microzooplankton, (30) POC released as
mesozooplankton dead bodies, (31) POC released as microzooplankton dead bodies, (32) C associated to
secondary production of foraminifera, (33) C associated to secondary production of pteropods, (34) C
associated to secondary production of radiolaria, (35) C associated to secondary production of
microzooplankton, (36) C associated to secondary production of mesozooplankton (37) POC released as
zooplankton dead bodies, (38) CaCO3 released as zooplankton dead bodies, (39) bSi released as
zooplankton dead bodies, (40) CO2 released due to bacteria respiration of POC, (41) CO2 released due to
bacteria respiration of TEC, (42) DOC released due to bacteria solubilisation, (43) dissolved TEC released
due to bacteria solubilisation, (44) CO 2–

3 released due to abiotic solubilisation, (45) SiOH4 released due to
abiotic solubilisation, (46) dissolved clay released due to abiotic solubilisation, (47) CO 2–

3 released due to
abiotic dissolution of CaCO3, (48) SiOH4 released due to abiotic dissolution of bSi
z/t for every modelled depth layer (nDepthLayers), for every month of every modelled year
dim maxNumSmsTerms × nDepthLayers × nTimesAux

out_sms_annual descr record a water column average of the sources-minus-sinks (SMS) terms (maxNumSmsTerms) in units
of flow rate per unit area, or flux (mol m−2 yr−1)
z/t at the end of every modelled year (nYears)
dim maxNumSmsTerms × nYears
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Table B.1 (Continued) Description of SLAMS-2.0 output files.

File name Characteristics

out_aux descr records the model auxiliary terms (maxNumAuxTerms): (1) mesozooplankton biomass (mol C m−2), (2)
microzooplankton biomass (mol C m−2), (3) no. mesozooplankton individuals (num m−3), (4) no.
microzooplankton individuals (num m−3), (5) dead mesozooplankton biomass (mol C m−3), (6) dead
microzooplankton biomass (mol C m−3), (7) diatom biomass (mol C m−3), (8) dinoflagellate biomass
(mol C m−3), (9) coccolithophore biomass (mol C m−3), (10) picophytoplankton biomass (mol C m−3), (11) C
cell quota of an average diatom (mol C cell−1), (12) C cell quota of an average dinoflagellate (mol C cell−1),
(13) C cell quota of an average coccolithophore (mol C cell−1), (14) C cell quota of an average
picophytoplankton (mol C cell−1), (15) average probability of having mesozooplankton, (16) average
probability of having microzooplankton, (17) average zooplankton specific respiration rate (s−1), (18)
average bacteria specific respiration rate (s−1), (19) average upper boundary of the DVM depth of
zooplankton at night (m), (20) average lower boundary of the DVM depth of zooplankton at night (m),
(21) average upper boundary of the DVM depth of zooplankton during the day (m), (22) average lower
boundary of the DVM depth of zooplankton during the day (m), (23) average euphotic layer depth (m),
(24) average particle collision kernel, (m3 s−1), (25) average zooplankton-particle encounter kernel (m3 s−1),
(26) average particle coagulation success
z/t for every modelled depth layer, for every month of every modelled year
dim maxNumAuxTerms × nDepthLayers × nTimesAux
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Table C.1. SLAMS-2.0 parameters. The values provided are mostly based on observations but also on values used in other models. Primary production
parameters have been tuned to replicate the world distribution of phytoplankton of the Darwin Project (https://svs.gsfc.nasa.gov/30669). Phytoplankton
cell quotas are based on a compilation of 32 references available at the url link provided. The following parameters have been optimised in a calibration
analysis (see Chapter 5): θdiat

Si∶C, θcocco
calc∶C, f

ing, surf
OM , θPOC∶Z, θDVM night

POC∶Z , fsloppy and κopal.

Symbol Meaning Value Units Literature values

Particle parameters
D3 3-D fractal dimension 2.0 – 1.3–2.3 (Burd and Jackson, 2009)
Pmax

fp Max. porosity of a faecal pellet 0.70 – 0.43–0.65 (Ploug et al., 2008)
Pmin

fp Min. porosity of a faecal pellet 0.40 – as above
θmax,diat

C Max. diatom cell C quota 1,000 pmol C cell−1 0.49–6,494 (https://doi.org/10.5281/zenodo.5233652)
θmin,diat

C Min. diatom cell C quota 8.0 pmol C cell−1 as above
θmax,dino

C Max. dinoflagellate cell C quota 10,000 pmol C cell−1 3.2–1,900 (https://doi.org/10.5281/zenodo.5233652)
θmin,dino

C Min. dinoflagellate cell C quota 400 pmol C cell−1 as above
θmax, cocco

C Max. coccolithophore cell C quota 8.0 pmol C cell−1 0.35–35 (https://doi.org/10.5281/zenodo.5233652)
θmin, cocco

C Min. coccolithophore cell C quota 2.0 pmol C cell−1 as above
θmax,pico

C Max. picophytoplankton cell C quota 1.0 pmol C cell−1 0.0023–0.30 (https://doi.org/10.5281/zenodo.5233652)
θmin,pico

C Min. picophytoplankton cell C quota 0.020 pmol C cell−1 as above
θdiat

Si∶C Diatom cell Si:C ratio 0.30 mol Si (mol C)−1 0.04–0.96 (https://doi.org/10.5281/zenodo.5233652)
θcocco

calc∶C Coccolithophore cell PIC:POC ratio 0.90 mol PIC (mol POC)−1 0.70–1.55 (https://doi.org/10.5281/zenodo.5233652)
θradiol

C∶Si Radiolarian cell C:Si ratio 2.0 mol C (mol Si)−1 as per diatoms
θforam

C∶calc Foraminifera cell POC:PIC ratio 1.0 mol POC (mol PIC)−1 as per coccolithophores
θpterop

C∶arag Pteropod body POC:PIC ratio 1.0 mol POC (mol PIC)−1 as per coccolithophores
θmax,TEP

C Max. TEC quota 150 pmol C (mol TEP)−1 Estimated combining Mari (1999)’s TEC (0.25 × 10−6r2.55

µg C (TEP)−1) and Passow (2002)’s TEP size (1–100 µm)
θmin,TEP

C Min. transparent TEC quota 10 pmol C (mol TEP)−1 as above

https://svs.gsfc.nasa.gov/30669
https://doi.org/10.5281/zenodo.5233652
https://doi.org/10.5281/zenodo.5233652
https://doi.org/10.5281/zenodo.5233652
https://doi.org/10.5281/zenodo.5233652
https://doi.org/10.5281/zenodo.5233652
https://doi.org/10.5281/zenodo.5233652
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Table C.1 (Continued) SLAMS-2.0 parameters.

Symbol Meaning Value Units Literature values

θclay Clay particle quota 0.10 pmol clay (particle)−1 Value that makes possible a size for clay particles of
0.1–20 µm in diameter (Schulz et al., 2012)

f ing, surf
OM Min. fraction of OM in a surface particle

(≤ 1000 m) to be deemed appetitive
0.30 – 0.25 and 0.15 (Yool et al., 2013), 0.33 (Anderson et al.,

2015), both detritus preferences
f ing,deep

OM Min. fraction of OM in a deep particle
(> 1000 m) to be deemed appetitive

0.30 – as above

θchl∶C chl:C ratio 0.025 g chl (g C)−1 < 0.01 to 0.050 (Arteaga et al., 2016), < 0.01 to > 0.1
(Geider et al., 1997)

θC∶N C:N ratio 6.625 mol C (mol N)−1 Based on Redfield ratio (106:16)
θC∶O C:O2 ratio 0.7681 mol C (molO2)−1 Based on Redfield ratio (106:138)
θC∶P C:P ratio 106 mol C (mol P)−1 Based on Redfield ratio (106:1)
fC∶OM Fraction of Corg in OM 0.54 – Calculated from values of the elemental composition of

CHONP in standard carbohydrates, lipids, proteins and
nucleic acids in OM (Anderson, 1995)

fC∶TEP Fraction of TEC in a (dry) TEP 0.75 – 0.51–0.88 (Passow, 2002)
fTEP

d∶w Fraction of dry matter in a wet TEP (the
rest is water)

0.10 – 0.99 (Mari, 1999; Azetsu-Scott and Passow, 2004)

Primary production parameters
µmax,diat

0 Max. diatom-specific growth rate at 0○C 0.70 divisions d−1 0.60 (Le Quéré et al., 2005), 0.33 (Dunne et al., 2013), 0.44
(Le Quéré et al., 2016)

µmax,dino
0 Max. dinoflagellate-specific growth rate

at 0○C
0.53 divisions d−1 0.35 (Le Quéré et al., 2016)

µmax, cocco
0 Max. coccolithophore-specific growth rate

at 0○C
0.38 divisions d−1 0.20 (Le Quéré et al., 2005), 0.23 (Dunne et al., 2013), 0.70

(Le Quéré et al., 2016)
µmax,pico

0 Max. picophytoplankton-specific growth
rate at 0○C

0.35 divisions d−1 0.60 (Le Quéré et al., 2005), 0.26 (Le Quéré et al., 2016)
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Table C.1 (Continued) SLAMS-2.0 parameters.

Symbol Meaning Value Units Literature values

µmax Max. phytoplankton-specific growth rate 2.0 divisions d−1 1.34–2.0 (Gregg et al., 2003, 30○C), 0.4–3.3 (Sarthou et al.,
2005, diatoms), 1.3–2.9 (Oguz and Merico, 2006), 1.0–2.92
(Irwin et al., 2006), 0.52–1.47 (Litchman et al., 2006),
0.1–2.1 (Edwards et al., 2015), 1.3 (Flynn and Raven, 2017)

αdiat
chl Diatom chl-specific initial slope of the

P–I curve
3.7 × 10−5 g C (g chl)−1 m2

(µmol photons)−1
0.35–2.42 × 10−5 (Geider et al., 1997)

αdino
chl Dinoflagellate chl-specific initial slope of

the P–I curve
4.8 × 10−5 g C (g chl)−1 m2

(µmol photons)−1
0.14–1.49 × 10−5 (Geider et al., 1997)

αcocco
chl Coccolithophore chl-specific initial slope

of the P–I curve
3.0 × 10−5 g C (g chl)−1 m2

(µmol photons)−1
0.86–1.50 × 10−5 (Geider et al., 1997)

αpico
chl Picophytoplankton chl-specific initial

slope of the P–I curve
2.5 × 10−5 g C (g chl)−1 m2

(µmol photons)−1
0.95–2.40 × 10−5 (Geider et al., 1997)

kdiat
N Diatom half-saturation cnt. for

NO –
3 uptake

0.65 mmol N m−3 0.2–3.6 (Lehman et al., 1975), 0.1–5.1 (Smayda, 1997), 1.0
(Gregg et al., 2003), 1.6 ± 1.9 (Sarthou et al., 2005),
0.93–1.58 (Litchman et al., 2006), 0.50 (Oguz and Merico,
2006), 1.0–2.0 (Litchman et al., 2007)

kdino
N Dinoflagellate half-saturation cnt. for

NO –
3 uptake

0.50 mmol N m−3 3.8–9.5 (Lehman et al., 1975), 1.0–29 (Smayda, 1997), 0.23
(Oguz and Merico, 2006), 2.5–6.3 (Litchman et al., 2006),
2.5–6.0 (Litchman et al., 2007)

kcocco
N Coccolithophore half-saturation cnt. for

NO –
3 uptake

0.40 mmol N m−3 0.10 (Lehman et al., 1975), 0.50 (Gregg et al., 2003), 0.38
(Oguz and Merico, 2006), 0.15–0.21 (Litchman et al., 2006),
0.20 (Litchman et al., 2007)

kpico
N Picophytoplankton half-saturation cnt.

for NO –
3 uptake

0.23 mmol N m−3 0.50 (Gregg et al., 2003), 0.30 (Oguz and Merico, 2006)

kdiat
Si Diatom half-saturation cnt. for SiOH4

uptake
2.0 mmol Si m−3 4.0 (Le Quéré et al., 2005), 3.9 ± 5.0 (Sarthou et al., 2005),

1.0 (Litchman et al., 2006)
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Table C.1 (Continued) SLAMS-2.0 parameters.

Symbol Meaning Value Units Literature values

fTEP Fraction of a phytoplankton cell exuded
as transparent exopolymers

0.30 – 0.02–0.50 (Thornton, 2014)

Zooplankton parameters
ρzoo

C Zooplankton C density 0.12 g cm−3 Kiørboe (2011)
pMz,high Mesozooplankton high probability for

growth
0.80 – My guess

pMz, low Mesozooplankton low probability for
growth

0.65 – My guess

pradiol Radiolarian probability for growth 0.10 – Based on biomass profiles (MAREDAT, Buitenhuis et al.,
2013) and the value of 5.2% for the total oceanic biota C
reservoir for Rhizarians (Biard et al., 2016)

pflagel Zooflagellate probability for growth 0.60 – as above
pforam Foraminifera probability for growth 0.20 – as above
ppterop Pteropod probability for growth 0.10 – as above
θPOC∶Z Standard POC:zooplankton biomass 3.0 – 3:1 phytoplankton:zooplankton biomass (Buitenhuis et al.,

2013, depth profiles), 2:1 phytoplankton:zooplankton
biomass (Laufkötter et al., 2013, global value)

θDVM day
POC∶Z POC:zooplankton biomass at the day

DVM depth
1.5 – My guess, based on above

θDVM night
POC∶Z POC:zooplankton biomass at the night

DVM depth
0.50 – My guess, based on above

RMz Mesozooplankton detection radius factor 3.0 – Based on Visser (2007)
Rµz Microzooplankton detection radius factor 2.0 – Based on Visser (2007)
fsloppy Sloppy feeding loss fraction 0.20 – 0.20 (Yool et al., 2013)
βC Zooplankton absorption efficiency of C 0.70 – 0.69 (Anderson et al., 2015)
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Table C.1 (Continued) SLAMS-2.0 parameters.

Symbol Meaning Value Units Literature values

knz Zooplankton C-specific net growth
efficiency

0.75 – 0.75 (Anderson et al., 2015)

φMz Mesozooplankton gut passage time 4,800 s 1200 (Irigoien, 1998), 600–18,000 (Besiktepe and Dam,
2002), 1500–7800 (Hansen and Visser, 2016), 800–1200
(Visser and Fiksen, 2013)

φµz Microzooplankton gut passage time 1,200 s as above
mMz Mesozooplankton natural mortality rate 0.050 d−1 0.10 (Visser, 2007, copepods)
mµz Microzooplankton natural mortality rate 0.080 d−1 as above
Respiration parameters
Qdiat

10 Diatom Q10 1.65 – 1.14–1.93 (Le Quéré et al., 2016), 1.5 (Oguz and Merico,
2006), 1.51–1.65 (Sherman et al., 2016), 1.88 (Eppley, 1972),
1.4–2.8 (Raven and Geider, 1988)

Qdino
10 Dinoflagellate Q10 1.65 – as above

Qcocco
10 Coccolithophore Q10 1.65 – as above

Qpico
10 Picophytoplankton Q10 1.65 – as above

QMz
10 Mesozooplankton Q10 1.80 – 1.8–1.9 (Ikeda, 2014), 2.0 (Oguz and Merico, 2006)

Qµz
10 Microzooplankton Q10 1.90 – 2.2–3.0 (Nielsen and Thomas, 1994), 2.0 (Oguz and Merico,

2006)
Qbac

10 Bacteria Q10 2.10 – 2.0 (Kirchman et al., 2009), 1.5–2.01 (Laufkötter et al.,
2017), 1.5–2.7 (DeVries and Weber, 2017)

λmax,Mz
0 Max. mesozooplankton C-specific

respiration rate at 0○C
0.080 d−1 0.010–0.10 (Hernández-León and Ikeda, 2005)

λmax, µz
0 Max. microzooplankton C-specific

respiration rate at 0○C
0.080 d−1 as above
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Table C.1 (Continued) SLAMS-2.0 parameters.

Symbol Meaning Value Units Literature values

λmax,bac
0 Max. bacteria C-specific respiration rate

at 0○C
0.085 d−1 0.12 at 15○C and 0.03 at 4○C (Iversen and Ploug, 2013)

λmax,Mz Max. mesozooplankton C-specific
respiration rate

0.25 d−1 0.010–0.10 (Hernández-León and Ikeda, 2005, mesozoo.)

λmax, µz Max. microzooplankton C-specific
respiration rate

0.30 d−1 0.13 (Cavan et al., 2017), 0.01–0.5 (references in Cavan et al.,
2017), 0.12 at 15○C, 0.03 at 4○C (Iversen and Ploug, 2013)

λmax,bac Max. bacteria C-specific respiration rate 0.30 d−1 as above
kO2 O2 half-saturation cnt. for respiration 0.020 mL L−1 0.34–1.3 (García-Robledo et al., 2016, Costa Rica),

0.0022–0.067 (references in Ploug, 2001), 0.22–0.67 (DeVries
and Weber, 2017, model), 0.090–0.27 (Laufkötter et al.,
2017)

fsolub Bacteria solubility loss fraction 0.10 – 0.5 (Anderson and Tang, 2010), 0.4–0.7 (Stemmann et al.,
2004, use avg. bacteria respiration rate of 0.10 d−1)

Mineral dissolution parameters
κcalc Calcite dissolution timescale 3.5 d−1 1–7 (Jansen et al., 2002, calcite is more stable than

aragonite so it has a lower κ)
κarag Aragonite dissolution timescale 4.5 d−1 as above
κopal Opal dissolution timescale 8.0 × 10−3 d−1 3.0× 10−4 to 0.30 (Fig. 4, Van Cappellen et al., 2002, surface

ocean), 8.0 × 10−3 to 0.18 (Bidle and Azam, 1999, colonised
by bacteria)

ηcalc Calcite dissolution order reaction 2.0 – 1–5 (Jansen et al., 2002)
ηarag Aragonite dissolution order reaction 2.0 – as above
[CO 2–

3 ]calc
sat Calcite saturation concentration in the

surface ocean
42.7 mmol m−3 Jansen (2001) (Table 3.1), after Millero (1995)

[CO 2–
3 ]arag

sat Aragonite saturation concentration in the
surface ocean

42.7 mmol m−3 as above
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Table C.1 (Continued) SLAMS-2.0 parameters.

Symbol Meaning Value Units Literature values

Physical and chemical constants.
kw Absorption coefficient of water 0.040 m−1

kchl Absorption coefficient of chl a 0.015 m2 (mg chl)−1

E Energy of a photon 3.90 × 10−19 J
kB Boltzmann cnt. 1.38 × 10−23 J K−1

NA Avogadro cnt. 6.02 × 1023 mol−1

g Gravity cnt. 9.81 m s−2

MC Molar mass of C 12.011 g mol−1

MCaCO3 Molar mass of CaCO3 100.1 g mol−1

Mopal Molar mass of opal (hydrated amorphous
silica, SiO2·0.4H2O)

67.3 g mol−1

Mclay Molar mass of clay (kaolinite,
Al2O3·2SiO2·2H2O)

226.2 g mol−1

ρOM Density of OM 1.06 g cm−3

ρTEP Density of a TEP 0.800 g cm−3 Mari et al. (2017); Azetsu-Scott and Passow (2004)
ρcalc Density of calcite 2.87 g cm−3

ρarag Density of aragonite 2.90 g cm−3

ρopal Density of opal 1.90 g cm−3

ρclay Density of clay 2.70 g cm−3

ρw Density of water 1.027 g cm−3

µw0 Water viscosity parameter 6.829× 10−6 g cm−1 s−1 Based on an empirical relationship dynamic
viscosity-temperature from tabulated values

bµ Exponent of the water viscosity curve 2160 – as above
Vm(O2) Molar volume of O2 at STP 22.4 L mol−1
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C.1 Water physics

Water physics are parameterised through two foundational hydrodynamic properties: the
dynamic viscosity of seawater (µ) and the turbulent kinetic energy (TKE) dissipation
rate (ε). The variable µ (g cm−1 s−1) tells how much internal resistance the fluid offers
to flow. It is a function of pressure, salinity and T , amongst which T is by far the most
important factor in a marine system. In SLAMS-2.0, I calculate µ as a function of T as

µ = µw0e
(bµ/T ), (C.1)

where µw0 = 6.829 ⋅ 10−6 g cm−1 s−1 is the water viscosity parameter, bµ = 2,160 is the
exponent of the curve and T is in degrees Kelvin. The parameters µw0 and bµ can be
obtained from tabulated values of seawater µ and T . A parameter closely related to water
dynamic viscosity is water kinematic viscosity, ν (cm2 s−1), which is derived as the quotient

ν = µ

ρw
, (C.2)

where ρw = 1.027 g cm−1 is the density of seawater. The TKE dissipation rate, ε (m2 s−3),
is the dissipation of the kinetic energy that stirs the ocean, which originates from the
winds and tides. That energy is dissipated by water viscosity at a micro-scale and it
generates turbulent mixing. The variable ε varies in horizontal space by up to several
orders of magnitude, ranging from 10−7–10−4 m2 s−3 in shelf seas and the coastal ocean up
to 10−10–10−6 m2 s−3 in the open ocean in response to physical forcing (Saiz and Kiørboe,
1995). In SLAMS-2.0, ε is approximated by a log-normal distribution curve constructed
with the values indicated in the previous ranges (after Pearson and Fox-Kemper, 2018),

f(ε) = 1
εσ

√
2π

e
−

(ln ε − µ)2

2σ2 , (C.3)

where ε = logspace(−7,−4,3) if the water column depth H < 200 m (shallow, coastal
waters) and ε = logspace(−10,−6, 4) if H ≥ 200 m (open ocean waters); µ is the mean of
the distribution and its value is the logarithm of the mean value in the ε range, i.e., µ =
ln[∑(ε)/n]; σ is the variance of the distribution and equals 1.2. The distribution f(ε) is
randomly sampled using the MCM. It is known that ε not only varies in the horizontal
space but also with depth, although to a lesser extent (Pearson and Fox-Kemper, 2018).
Thus, in SLAMS-2.0 I have assumed that the vertical, depth distribution of ε is constant.

The combination of ε (Eq. C.3) and ν (Eq. C.2) allows the derivation of two other
hydrodynamic properties used in SLAMS-2.0. One is the water shear rate, γ (s−1), which
measures the water velocity gradients derived from turbulent mixing,

γ =
√
ε

ν
. (C.4)
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The second one is the Kolmogorov length scale, η (m), which is the size of the smallest

possible eddy in the water below which fluid viscosity dominates and all turbulent kinetic

energy is dissipated (as heat) instead of creating turbulent motion,

η = (ν
3

ε
)

1/4
. (C.5)

C.2 The diagnostic particle attributes

C.2.1 Fractal law-derived attributes

Real marine primary particles range in shapes. Nevertheless, modelled primary particles

are assumed to be spherical, to behave hydrodynamically as rounded 3-D bodies. Yet,

modelled aggregates, built up from spherical primary particles, are not rounded but fractal

(after Logan and Wilkinson, 1990). The concept of fractality in marine particles is used as

a measure of the internal chaotic organisation of an aggregate (Kilps, 1993). Thus, when

the primary particles coalesce, they do it disorderly, leaving holes in between and making

the (fractal) aggregates have a rough perimeter instead of a perfectly rounded one.

The fractality of modelled aggregates is represented by a single parameter, D3, the

three-dimensional fractal dimension. In mathematical abstraction, D3 has a value between

3 (for volumetric Euclidean, 3-D structures) and 1 (for lines, Euclidean 1-D structures).

The reported values of D3 in the marine literature range between 1.26–2.49 (Logan and

Wilkinson, 1990; Li and Logan, 1995; Jackson et al., 1997) and are estimates obtained by

measuring on images of particles properties like radius, area, porosity or counts of primary

particles and finding statistical correlations between them –D3 is the power of those fits.

Smaller values of D3 indicate more porous aggregates, and therefore larger in size. Higher

values of D3 are associated with less porous and smaller aggregates (Maggi, 2007). Thus

aggregates have a variable D3 depending on their phase of growth. In SLAMS-2.0, a

crucial assumption is made by keeping the fractal dimension invariant across all aggregates,

with a fixed value of D3 = 2.0 chosen after the synthesis of Logan and Wilkinson (1990).

Keeping D3 fixed is necessary because, unlike observational studies, it is not a derived

parameter from other properties, but the parameter that is used in the simulation precisely

to derive those other particle properties like size, porosity or density. If we could visualise

the aggregates in SLAMS-2.0, with a D3 = 2.0, those would look like somewhat stringy

bodies where newly added primary particles do not hide behind others but lie instead

on the side, trying to spread the body to other directions. Next, I detail how fractal law

scaling is applied to derive the modelled particle physicochemical attributes.
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The first attribute of a particle that is computed after it interacts with its environment
and the moles of the different constituent materials are changed is dry mass, mp (g),

mp = ∑
i=1
ni Mi = ∑

i=1
mi, i = Corg, TEC, bSi, calc, arag, clay (C.6)

where ni is the moles of material i and Mi is the molar mass of the material i (see
Table C.1). Next, I calculate the volume occupied by the solid material (i.e., excluding
the pore spaces), V S

p (µm3),

V S
p = ∑

i=1

mi

ρi
. (C.7)

The radius of the particle, rp, needs three attribute inputs: the number of constituent
primary particles (Npp), their radius (rpp) and the fractal dimension of the particle (D3)
(Meakin, 1998). Fractal law requires making two assumptions about the constituent
primary particles: that they are all identical and, therefore, of the same size, and that
they are spherical. Equally sized primary particles are achieved as Vpp = V S

p /Npp. Under
the assumption of sphericity, rpp = [3Vpp/(4π)]1/3. Thus,

rp = rpp N
1/D3

pp , (C.8)

Eq. C.8 shows that the radius of the aggregate, rp (µm), increases as the fractal dimension
decreases. That is because, with decreasing fractal dimension, the more open the aggregate
structure is, and so the radius increases.

The calculation of the porosity, Pp, of the particle is the next stage. Porosity refers
to the fraction of a particle occupied by interstitial water, i.e., the fraction occupied by
pores filled with water. It can be calculated as 1 minus the fraction of solid material. The
fraction of solid material is given by the quotient of the solid volume of the particle to its
bulk volume, V S

p /V B
p , where V B

p is still unknown at this stage. But I can derive a known
expression for the fraction of solid material using the attributes that I already know,

Pp = 1 −
V S

p
V B

p
= 1 − NppVpp

V B
p

= 1 −
Npp

4
3πr

3
pp

4
3πr

D3p

= 1 −
⎡⎢⎢⎢⎢⎣
( rp
rpp

)
D3

( rp
rpp

)
−3⎤⎥⎥⎥⎥⎦

= 1 − ( rp
rpp

)
D3−3

, rp > rpp.

(C.9)

Notice how non-fractal aggregates (D3 = 3) are impermeable spheres, with no porosity
(Pp = 0). Fractal theory (Eq. C.9) implies that aggregates have a size-dependent porosity,
where porosity increases with increasing size. The fractal nature of marine aggregates
implies that small aggregates are expected to have primary particles separated by a
smaller distance; therefore, small aggregates will be more compact overall, or less porous.
In larger aggregates, the distance between primary particles increases as they have a
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higher fraction of fluid medium incorporated within the particle structure and therefore
are more porous. The mechanistic derivation of P is in agreement with observations
made, for instance, by Engel (2000) and Laurenceau-Cornec et al. (2019).

The next stop is the calculation of the density of the bulk particle, ρp (g cm−3),
which results from the addition of the densities of the solid fraction and the aque-
ous (porous) fraction,

ρp = (1 − Pp)ρS
p + Pp ρw. (C.10)

where ρw is the density of the water and ρS
p is the density of the solid particle, which

excludes the water in the pores (ρS
p =mp/V S

p ). According to fractal law, ρp depends on the
aggregate size in that, as particle size increases, aggregates incorporate more void spaces
into their internal structure, so their Pp increases and ρp decreases. That fractal decrease
in particle density as its size increases is a fundamental property of marine aggregates,
also corroborated by observations (Hill et al., 1998; Khelifa and Hill, 2006; Maggi, 2007,
2013). If aggregates were non-fractal objects, i.e., regular structures of primary particles
separated by a fixed distance, their Pp would be constant with increasing size, and so
ρp would stabilise at larger sizes (Bowers et al., 2017).

C.2.2 Surface reactivity, or stickiness

In inorganic substances, stickiness is a property that manifests as electrostatic forces
(e.g., electrostatic attraction, hydrogen bonding, van der Waals forces), where surface
charges create electrostatic bridges between particles, getting adsorbed into each other.
However, in the presence of OM, stickiness is a force that also arises from an extra element:
organic gel-like sticky surfaces that behave as biological glues. It is the case of a special
case of carbohydrates, TEPs (Alldredge et al., 1993), hydrogels where the constituent
polysaccharides are embedded within a mucilaginous gel-like matrix stabilised by divalent
cation and half-ester sulfate bridging between the individual polysaccharides (Meng and
Liu, 2016; Passow, 2002). TEPs are the only stickiness factor considered in SLAMS-2.0.

In empirical studies of marine particles, stickiness is measured as the probability
that two colliding particles have of sticking to each other due to the presence of TEPs
in the surrounding environment (Kiørboe and Hansen, 1993; Dam and Drapeau, 1995;
Engel, 2000). Although there is still no set formula to compute the stickiness of a particle
as a function of the presence of TEP, it is possible to intuitively derive a mechanistic
formulation based on the findings of empirical studies, as did Jokulsdottir and Archer
(2016). Thus, TEPs have maximum stickiness, αp = 1, and as they get embedded into
aggregates with other particles, the stickiness of the aggregate is calculated as the fraction
of particle volume occupied by TEP volume, as

αp =
mTEP/ρTEP

V S
p

= VTEP
V S

p
. (C.11)



C. Additional tables and equations for Chapter 3 196

C.2.3 Stokes’ sinking velocity

Shape affects the particle’s motion as frictional forces arise from the surface of a sinking
particle. Shape should be accounted in calculations of the sinking velocity of a particle, wp,
but the impact of complex particle shapes on particle motion is a contested subject where,
to date, only empirical equations can be derived for specific problem sets (e.g., Dörgens
et al., 2015). In SLAMS-2.0, the calculation of wp does not explicitly include in the
equation the only considered particle shape-like factor, D3. Thus, in the calculation of
wp, the particle is assumed to be a perfect sphere with a smooth surface, simplifying the
treatment of the hydrodynamic effects of particle shape on wp. That characteristic does
not necessarily imply that modelled aggregates must appear round-like at the surface but,
instead, that can be described by quantities equivalent to those of spheres.

The settling velocity results from a balance of forces. A particle falling in viscous fluid
experiences three (e.g., Maggi, 2013): a downwards gravitational force (Fg), an upwards
buoyancy force that emerges from the weight of the fluid displaced by the particle (Fb),
and a frictional force that pulls the particle upwards, called drag force (Fd).

Fg =mpg = ρpV
B

p g, (C.12a)

Fb =mwg = ρwV
B

p g, (C.12b)

Fd =
1
2
ρww

2
pCDA, (C.12c)

where g is the gravitational constant, CD is the drag coefficient (calculated next), and A
is the projected area of the particle (πr2

p). When the two retarding forces balance
the gravitational force,

Fnet = Fg − (Fb + Fd) = 0, (C.13)

the net acceleration of the particle goes to zero, and the particle keeps falling at a
constant velocity, its terminal velocity wp, which can be computed from Fd in Eq. C.12c.
For that, one must derive first an expression for the drag coefficient CD, which is a
function of the fluid type around the particle.

The water flowing around a sinking particle at terminal velocity can either be
streamlined (laminar fluid flow) or can be forming vortices and turbulence wakes at
the back (turbulent fluid flow). The Reynolds number, Re, makes that distinction. Re
is a dimensionless number that comes from the ratio between the inertial forces (forces
of the motion of the liquid) and the viscous forces (frictional force that arises from
the resistance of the liquid to flow),

Re = inertial force
viscous force

= 2rpρwww
µ

, (C.14)
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where ww is the velocity of the fluid. At low values of Re, viscous effects dominate over
inertial effects, and flows are orderly and laminar. When the fluid velocity increases,
or so does the size of the particle, Re increases leading to vortices and, eventually, to
turbulence. A mechanistic model for the relationship between Re and CD does not exist
in the literature yet, CD has been derived experimentally only for impermeable spheres
(Maggi, 2013), with the White (1974) relationship commonly being used,

CD = 24
Re

, Re < 1 (laminar flow), (C.15a)

CD = 24
Re

+ 6
1 +

√
Re

+ 0.4, Re >> 1 (turbulent flow). (C.15b)

CD derived here for impermeable spheres is assumed to be applicable to fractal aggregates
(Maggi, 2013). Thus, there exist two expressions for wp: one derived for laminar flow
and another for turbulent flow.

To derive wp for laminar flow, CD of Eq. C.15a is substituted into Eq. C.12c and
A is replaced by πr2

p, leaving

Fd = 6πrpµwp, (C.16)

an expression known as the Stokes’ law, a formula describing the upwards force acting
on a sphere of radius rp moving with a steady velocity wp held in a laminar fluid of
viscosity µ. By substituting Eqs. C.12a, C.12b and C.16 into the force balance in Eq. C.13,
and replacing V B

p by (4/3)πr3
p (after having assumed sphericity), the Stokes’ terminal

settling velocity for laminar flow is isolated as

wp =
g(ρp − ρw)dp

2

18µ
, (C.17)

where dp = 2rp is the diameter of the particle (also known as equivalent spherical
diameter, ESD), and (ρp − ρw) is the particle excess density. According to Eq. C.17,
wp increases linearly with density and to the squared power of the radius, with larger
particles experiencing a parabolic increase in velocity. Eq. C.17 is commonly used to
compute particle Stokes’ velocity (Burd and Jackson, 1997; Ploug et al., 2008; Bach
et al., 2016; Laurenceau-Cornec et al., 2019; Maerz et al., 2020) and comes with three
important assumptions: that the flow is laminar (Re < 1) and that the particle is spherical
and impermeable (no fractality nor porosity). To derive wp for turbulent flow, CD of
Eq. C.15b is substituted into Eq. C.12c, leaving

wp =

¿
ÁÁÀ4g(ρp − ρw)dp

3ρwCD
, (C.18)

an expression that is solved iteratively using Newton’s method as the Re has to be
adjusted for the new turbulent wp (mind that Re is calculated with the velocity of the
particle, instead of that of the fluid, for which I don’t have a value in SLAMS-2.0).
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C.3 Zooplankton number, carbon quota, size and swim-
ming speed

Following the method of discretisation of NPP into phytoplankton cells, the discretisation
of the zooplankton biomass, Bzoo, present at a depth into a number of zooplankton
organisms, Nzoo, is achieved by dividing Bzoo by the average amount of organic carbon
that makes a zooplanktoner. The calculation of the zooplankton organic carbon body
quota (θiC) follows the empirical expressions of Kiørboe (2013, Table 2), with a distinct
radius for mesozooplankton and for microzooplankton. For mesozooplankton (Mz),

θMz
C = 10

−0.93 + 0.95 log10 (
4
3
πr3

Mz × ρzoo)
, (C.19a)

where: rMz =
1
2
(0.382/3 ×PLCala) , (C.19b)

and for microzooplankton (µz),

θµz
C = 10

−1.37 + 0.88 log10 (
4
3
πr3

µz × ρzoo)
, (C.20a)

where: rµz =
1
2
(PLCala

10
) , (C.20b)

where θi
C (i = Mz or µz) is the carbon mass (mg C (body)−1); the expression inside the

log10 is the wet mass; ρzoo is the zooplankton carbon density (120 mg C cm−3, Kiørboe,
2011, Fig. 1); and ri (cm) is the radius of a zooplankter and it is estimated from the
prosome length of a Calanus individual (PLCala) (see Eq. C.21 below). Eq. C.19b assumes
that mesozooplankton shape is that of a prolate sphere (Kiørboe, 2011), where 0.38 is the
aspect ratio and the radius is 1/2 of the ESD of the prolate sphere. Eq. C.20b corrects
PLCala for microzooplankton individual by reducing it by a factor of 10, and assumes
sphericity of the microzooplankton by implicitly equating the corrected PL to ESD.

Since copepod PL is strongly related to the temperatures, T , at which growth occurs
(Wilson et al., 2015), I have calculated PL based on a T–PL empirical relationship that
I have built using a data set of PL from non-polar Calanus species. The data set is an
extraction from the bigger copepod trait data set of Brun et al. (2016), from which I
have taken 21 references, and it is available at https://doi.org/10.5281/zenodo.5247486.
It gives this T–PLCala relationship (n = 77, R2 = 0.48):

PLCala = −0.0319T + 2.8574, (C.21)

where T (○C) is SST (the average temperature in the first 20 m in SLAMS-2.0) and PLCala

is between 2–3 mm. To take into account the high uncertainty associated to PLCala, its

https://doi.org/10.5281/zenodo.5247486
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value in Eqs. C.19b and C.20b is chosen randomly between [(PLCala/10), (PLCala × 10)]
(boundaries chosen considering that mesozooplankton are 0.2–20 mm in size).

The zooplankton swimming speed is calculated from Pinti et al. (2019)’s empirical
formulation (Eq. in their associated code),

vizoo = 0.0204 (PLi)0.825 (if i = Mz, PLi = PLCala, or

if i = µz, PLi = PLCala/10).
(C.22)

where vizoo is in m s−1 and PLi is in cm.



D
Calculation of incident PAR at the surface ocean

The calculation of photosynthetic active radiation at the surface ocean (PAR0) from
extraterrestrial solar radiation uses standard trigonometric/astronomical equations and
input observations of cloud cover and ice cover. The process can be split into seven steps.

The first step is the calculation of the solar irradiance at the top of the atmosphere, Itop,
which varies according to latitude (φ) and Julian day (t). For that, I have adopted the
classic model of Brock (1981, Eqs. 1–8),

Itop(φ, t) =
ISC cosZ(φ, t)

Rv(t)2 , (D.1)

where Itop(φ, t) is in W m−2; φ is in radians; t is the day number in the year (e.g., 32 for
the 1st of February); ISC is the solar constant, or average intensity per square meter at
the surface of the Earth, and has a value of 1368 W m−2 (equivalent to units of J s−1 m−2);
Z(φ, t) is the sun zenith angle in radians according to latitude φ and Julian day t; Rv(t)
is the Earth’s radius vector for Julian day t. The equation for Z(φ, t) is

Z(φ, t) = arccos[sin(δ(t)) sin(φ)] + cos(δ(t)) cos(φ), (D.2)

where δ(t) is the sun declination angle in radians, or the angle between the equatorial plane
of the Earth and the axis joining the centres of the Earth and the Sun, and is calculated as

δ(t) = 23.45 sin(2π(284 + t)
365

) 2π
360

, (D.3)

where 23.45 is the Earth’s tilt from the orbit plane in degrees, and the last term, 2π/360, is
a conversion factor from degrees to radians. Lastly, the expression for Rv(t) in Eq. D.1 is

Rv(t) =
1√

1 + 0.033 cos ( 2πt
365)

. (D.4)
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The second step towards the calculation of PAR0 is the calculation of the radiation
that reaches the Earth’s surface at solar noon under clear skies, I0,clear, for which I have
adopted the model of Rosati and Miyakoda (1988, Eqs. 3.3–3.7):

Ibeam(φ, t) = Itop(φ, t) T [1/ cos(Z(φ,t))]
a , (D.5a)

Idiffuse(φ, t) = [(1 −Aa)Itop(φ, t) − Ibeam(φ, t)]1
2
, (D.5b)

I0,clear = Ibeam(φ, t) + Idiffuse(φ, t). (D.5c)

I0,clear is calculated from the sum of a direct component of solar radiation (Ibeam) and a
diffuse sky radiation component under cloudless conditions (Idiffuse); Ta is the atmospheric
transmission coefficient and has a typical value of 0.7; Aa is the absorption by vapour
and ozone and has a typical value of 0.09.

Thirdly, one has to account for the attenuation by clouds on I0,clear, for which I have
used the empirical formula derived by Reed (1977),

I0(φ,λ, t) = I0,clear(1 − 0.62 fC(φ,λ, t) + 0.0019 β(φ, t)). (D.6)

I0(φ,λ, t) (W m−2) is the solar radiation that reaches the Earth’s surface at solar noon
with clouds on the skies at latitude φ, longitude λ and Julian day t. The fractional
cloud cover, fC (0–1), is calculated as C(φ,λ, t)/8, where C is cloud cover data in oktas
(units: 1–8) obtained from a monthly climatology of satellite observations and CMIP3
models from Pincus et al. (2008) available at the NOAA Physical Sciences Laboratory
site (https://psl.noaa.gov/data/gridded/cmip3-clouds-rad-precip/) and interpolated to
daily values. Lastly, β is the Sun elevation angle in degrees, and is calculated as

β(φ, t) = arcsin{sin(φ) sin [23.45 2π
360

sin((t − 82) 2π
360

)]

+ cos(φ) cos [23.45 2π
360

sin((t − 82) 2π
360

)]} 360
2π

,
(D.7)

where 360/(2π) is the conversion factor from radians to degrees.
The fourth step is discounting from I0(φ, t) the radiation that is reflected to the

atmosphere by the surface ocean, termed ocean albedo (α), as well as by the ice covering
the ocean (fice). Added to that, since only the solar radiation in the spectral range
of 400–700 nm (visible light, or shortwave radiation) can stimulate the chlorophyll in
the photosystems, i.e., the photosynthetic active radiation (PAR), I0 will be converted
into PAR0 by applying a conversion factor, fPAR,

PAR0,noon(φ,λ, t) = I0(φ,λ, t) (1 − α) (1 − fice(φ,λ)) fPAR. (D.8)

PAR0,noon(φ,λ, t) (W m−2) is the photosynthetic active radiation reaching the surface
ocean at solar noon. The ocean albedo, α, has a typical value of 0.06, meaning that

https://psl.noaa.gov/data/gridded/cmip3-clouds-rad-precip/
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the ocean reflects 6% of solar radiation. The fraction of ocean covered by ice, fice, is
an annual climatology from a MIT OGCM output interpolated to daily values. The
PAR conversion factor, fPAR, has a typical value of 0.43, meaning that PAR comprises
43% of solar radiation.

Fifth is the calculation of the variation of PAR0 with time of day h, PAR0(φ,λ, t, h). In
Eq. D.8 I have calculated the variation of PAR0 over the calendar year, PAR0,noon(φ,λ, t),
which has a sinusoidal pattern over the 1–365 day cycle, peaking at the summer solstice.
The variation of PAR0 with the time of day, PAR0(φ,λ, t, h), also follows a sinusoidal
pattern, from sunset to sunrise and peaking at noon, after Platt et al. (1990),

PAR0(φ,λ, t, h) = PAR0,noon(φ,λ, t, h) sin(π(h − hsunrise(φ, t))
nh(φ, t)

) , (D.9)

where h is the time of the day in hours; hsunrise(φ, t) is the sunrise time in hours from
midnight (midnight = 00:00), and nh(φ, t) is the number of daylight hours in a day.
The calculation of nh(φ, t) is

nh(φ, t) =
2
15

arccos [− tan(φ) tan(δ(t))] 360
2π

, (D.10)

and hsunrise(φ, t) is calculated as noontime minus half the hours of daylight,

hsunrise(φ, t) = 12 − nh(φ, t)
1
2
, (D.11a)

hsunset(φ, t) = 12 + nh(φ, t)
1
2
. (D.11b)

Sixth, the daily curve of PAR0(φ,λ, t, h) (W m−2) is integrated over the discrete
number of daylight hours (from sunrise to sunset time) to get the total amount of
radiation received per unit area in a day at that location,

TPAR0(φ,λ, tp) =
hsunset(φ,t)

∑
hsunrise(φ,t)

PAR0(φ,λ, t, h) 3600. (D.12)

where 3600 is the number of seconds in an hour. Thus, TPAR0(φ,λ, tp) is the total amount
of radiation received per unit area in the daylight hours, or photoperiod (tp), and has
units of J m−2, which come from the integral in time of W m−2 (=J s−1 m−2).

Seventh, and lastly, TPAR0(φ,λ, tp) is homogeneously distributed over the number of
time steps of a day that are exposed to daylight, n∆t. Each day in SLAMS-2.0 contains
three time steps, thus of a duration of eight hours each (∆t = 8 h); consequently, n∆t

can take the value of 0, 1, 2 or 3 depending on the location and time of the year. But
a decision was made to fix n∆t to 2 time steps, regardless of the location and time,
distributing light everywhere on the globe with a n∆t that is typical of mid-latitude
regions in the summer. The distribution of TPAR0(φ,λ, tp) (J m−2) into time steps exposed
to daylight gives PAR0(φ,λ,∆t) (W m−2), the average PAR0 received per unit area
during the time steps exposed to daylight,

PAR0(φ,λ,∆t) =
TPAR0(φ,λ, tp)
n∆t ∆t 3600

. (D.13)



E
Implementation of DFO-LS in SLAMS-2.0

OptClimSO needs a specific folder and file architecture to work. As a matter of
example, Fig. E.1 shows the directory structure I have used with SLAMS-2.0. There
are two files in OptClimSO that will need some changes before running the optimiser:
runOptimise.py and dfols_optim.json. I have implemented DFO-LS with settings for
noiseless (or smooth) runs by setting trust-region parameters to tr_radius.gamma_dec =
0.5, tr_radius.alpha1 = 0.1, tr_radius.alpha2 = 0.5 in the .json file and specifying
objfun_has_noise = False in the .py file, which also changes some trust-region-related
parameters. Also, in the .json file, I have increased the value of the lower bound of the
trust region radius, rhoend, from the default 10−7 to 0.05 so that the parameter restart
functionality is triggered earlier when DFO-LS gets stuck in a local optimum. When a
local optimiser deals with complex optimisation topographies, it can get trapped in local
minimum points that are not the actual absolute lowest (i.e.,the global minimum). To
circumvent that, the user can either restart DFO-LS when the misfit decreases towards
the minimum very slowly –by using the rhoend functionality–, and/or reinitialise DFO-LS
with a different initial parameter set –by setting up different runs– to ensure more of
the parameter space is searched. Thus, to globalise DFO-LS and search more of the
parameter space, I have chosen 10 different initial parameter sets distributed in a parameter
space randomly using Matlab’s function lhsdesign. That improves the coverage of the
parameter space, which is especially needed with SLAMS-2.0 as twin experiments have
shown that the ability of DFO-LS to find the target parameter value is dependent on the
initial parameter set. I have imposed boundaries on each parameter subject to calibration,
with an upper and lower boundary specified in the .json file. Finally, I have imposed a
limit of 255 function evaluations (maxfun = 255 in the .json file). For the rest of the
options, I have used default presets. The output from DFO-LS is read from a final .json

file that it creates inside the loop folder, with the new misfits and parameter vector.
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user/

SLAMS-2.0/

src/: model .F90 source files

build/: compiler’s built in files

data/: input files used by the model

config/: app specific programs used by the software

Matlab files

optclim/ (subfolders in https://github.com/SophyOliver/OptClim)

dfols/ (Cartis et al. 2019)

pybobyqa/

cmaes/

gaussnewton/

runOptimise.py

Submit.py

SLAMS.py

tests/

twin/

optimisation/

optscript_cluster.sh

dfols_optim.json

runscript.sh

misfit_output.txt

parameter_input.txt

modelinputdata/

namelist_template.txt

list_parameters_config.txt

latitudes_input.txt

longitudes_input.txt

Figure E.1. Tree view of the directory structure that I have used to implement OptClimSO in
SLAMS-2.0.

https://github.com/SophyOliver/OptClim


F
Additional tables and figures for Chapter 5

This Appendix contains ancillary tables and figures referenced throughout the text in
Chapter 5. Table F.1 shows the initial parameter configuration used in the 10 twin and
optimisation replicates. Table F.2 displays the optimised parameter sets obtained in
the best experimental replicates of the optimisation experiments OSIM and OIND. Figs.
F.1 and F.2 show twin experiment results. Fig. F.3 shows results for the optimisation
experiment where locations have been fit individually to data (OIND).

Table F.1. Parameter values of the 10 replicates used in the twin and optimisation experiments.
The parameter values have been obtained with Matlab’s Latin hypercube design function and
imposing a limit to 10% of the parameter boundaries, a limit imposed by DFO-LS search algorithm.
Parameter symbols are: θdiat

Si∶C, diatom cell Si:C ratio; θcocco
calc∶C, coccolithophore cell PIC:POC ratio;

θPOC∶Z, standard POC to zooplankton biomass; θDVM night
POC∶Z , POC to zooplankton biomass at the

night DVM depth; fsloppy, sloppy feeding loss fraction; f ing, surf
OM , fraction of OM in an appetitive

surface particle; κopal, opal dissolution timescale.

Symbol Boundaries Replicate initial value

1 2 3 4 5 6 7 8 9 10

θdiat
Si∶C 0.03 – 0.65 0.58 0.52 0.37 0.48 0.40 0.13 0.28 0.18 0.23 0.32
θcocco

calc∶C 0.50 – 2.50 1.45 0.71 2.07 2.27 1.68 1.50 1.11 1.96 1.30 0.95
θPOC∶Z 1.5 – 10 4.51 5.46 3.79 6.84 5.91 7.52 7.92 8.64 3.45 2.88
θDVM night

POC∶Z 0.20 – 2.0 1.42 0.39 1.05 1.15 1.76 0.69 0.56 1.36 1.55 0.81
fsloppy 0.05 – 0.40 0.21 0.12 0.29 0.19 0.11 0.35 0.15 0.26 0.31 0.24
f ing, surf

OM 0.10 – 0.80 0.39 0.44 0.69 0.22 0.23 0.30 0.59 0.64 0.55 0.48
κopal 0.005 – 0.050 0.044 0.027 0.038 0.041 0.032 0.011 0.023 0.029 0.020 0.017
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Table F.2. Optimised parameter set for the five locations optimised simultaneously (OSIM) and
on an individual basis (OIND) plus accompanying misfit values. The locations are: EqPac, in the
upwelling equatorial Pacific (0○N, 140○W); HAUSGARTEN, in the Arctic Atlantic (79.0○N, 4.3○E);
OSP (Ocean Station Papa), in the subarctic eastern Pacific (50○N, 145○W); PAP-SO (Porcupine
Abyssal Plain time-Series Observatory), in the blooming NE Atlantic (49○N, 16.5○W); BATS/OFP
(Bermuda Atlantic Time-Series/Oceanic Flux Program) joint site, in the subtropical NW Atlantic
(31.6○N, 64.2○W). Parameter symbols are: θdiat

Si∶C, diatom cell Si:C ratio; θcocco
calc∶C, coccolithophore

cell PIC:POC ratio; θPOC∶Z, standard POC:zooplankton biomass; θDVM night
POC∶Z , POC:zooplankton

biomass at the night DVM depth; fsloppy, sloppy feeding loss fraction; f ing, surf
OM , fraction of OM in

an appetitive surface particle; κopal, opal dissolution timescale.

Symbol Boundaries OSIM OIND

EqPac HAUSG. OSP PAP-SO BATS

θdiat
Si∶C 0.03 – 0.65 0.06 0.03 0.03 0.12 0.03 0.03
θcocco

calc∶C 0.50 – 2.50 0.52 0.50 0.50 1.13 0.65 0.50
θPOC∶Z 1.5 – 10 7.8 9.6 8.7 7.5 10 1.5
θDVM night

POC∶Z 0.20 – 2.0 0.78 2.0 2.0 0.66 2.0 0.34
fsloppy 0.05 – 0.40 0.40 0.40 0.40 0.36 0.40 0.40
f ing, surf

OM 0.10 – 0.80 0.10 0.16 0.13 0.16 0.10 0.10
κopal 0.005 – 0.050 0.027 0.025 0.050 0.019 0.050 0.050

f initial* 15,374 822 18,520 59.6 46,367 5,517
fmin 40.8 4.00 27.3 1.90 198 0.82
% reduction in f 99.7 99.5 99.9 96.8 99.6 100.0
Generations 52 108 153 134 41 284
Replicate 4 9 5 6 7 8
* f initial is the misfit associated to the initial parameter configuration, that selected randomly using a
latin hypercube design. f = 776 for the default parameter configuration set.

Figure F.1. Overall misfit tra-
jectory of the twin experiment,
with the 10 experimental repli-
cates. The evolution of the over-
all misfit is shown for up to 255
generations, or optimiser itera-
tions. The filled-in circles mark
the value of the best generation,
or optimiser iteration with the
lowest misfit, and the shown repli-
cate trajectories stop there. In
a twin experiment we look for
the best misfit reduction, which
typically requires 100–150 gener-
ations in those replicates.
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Figure F.2. Twin’s best
generation misfit and frac-
tion of the overall misfit ac-
counted by each location in
each of the 10 experimental
replicates. Replicates are
ordered decreasingly by the
overall misfit. All locations
contribute similarly, ∼20%,
to the overall misfit.
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Figure F.3. Overall misfit
trajectory of the OIND ex-
periment, with the six exper-
imental replicates. The evo-
lution of the overall misfit
is shown for up to 255 gen-
erations, or optimiser itera-
tions. The filled-in circles
mark the value of the best
generation, or optimiser it-
eration with the lowest mis-
fit, and the shown replicate
trajectories stop there.
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G
Additional tables and figures for Chapter 6

This Appendix contains ancillary tables and figures referenced throughout the text in
Chapter 6. Fig. G.1 shows the global distribution of the four phytoplankton functional
types modelled by SLAMS-2.0. Figs. G.2–G.9 show the global distribution of modelled
particle attributes. Figs. G.11 and G.10 show the relationship between pairs of modelled
particle attributes. Fig. G.12 shows modelled zooplankton flow rates. Table G.1 displays
key aspects of the main published studies the outputs of SLAMS-2.0 are compared with.

Figure G.1. SLAMS-2.0’s simulated global distribution of the biomass of four phytoplankton
functional types integrated over the euphotic layer and expressed in mg C m−2: (top left) diatoms,
(top right) dinoflagellates, (bottom left) coccolithophores and (bottom right) picophytoplankton.
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(a) Small particles. (b) Large particles.

Figure G.2. Density of an average modelled particle at four main ocean depths according to two
main size categories, (a) small (≤ 150 µm) and (b) large (>150 µm).

(a) Small particles. (b) Large particles.

Figure G.3. Porosity of an average modelled particle at four main ocean depths according to
two main size categories, (a) small (≤ 150 µm) and (b) large (>150 µm).
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(a) Small particles. (b) Large particles.

Figure G.4. Radius of the primary particles of an average modelled particle at four main ocean
depths according to two main size categories, (a) small (≤ 150 µm) and (b) large (>150 µm).

(a) Small particles. (b) Large particles.

Figure G.5. Stickiness of an average modelled particle at four main ocean depths according to
two main size categories, (a) small (≤ 150 µm) and (b) large (>150 µm).
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(a) Small particles. (b) Large particles.

Figure G.6. POC content of an average modelled particle at four main ocean depths according
to two main size categories, (a) small (≤ 150 µm) and (b) large (>150 µm).

(a) Small particles. (b) Large particles.

Figure G.7. PIC content of an average modelled particle at four main ocean depths according
to two main size categories, (a) small (≤ 150 µm) and (b) large (>150 µm).
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(a) Small particles. (b) Large particles.

Figure G.8. Opal content of an average modelled particle at four main ocean depths according
to two main size categories, (a) small (≤ 150 µm) and (b) large (>150 µm).

(a) Small particles. (b) Large particles.

Figure G.9. Clay content of an average modelled particle at four main ocean depths according
to two main size categories, (a) small (≤ 150 µm) and (b) large (>150 µm).
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