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8.1 Introduction

The existence of phytoplankton, and an understanding of their importance
in natural water bodies, can be traced back to the early use of microscopes
in the 1670s. By the mid-1800s it was recognized that some microscopic
life-forms were photosynthetic (see Karlusich et al., 2020, for a history
of early phytoplankton research). The first appreciation of the process of
photosynthesis began to evolve with the identification of photosynthetic
oxygen production by Joseph Priestly in 1774 (Shevela and Björn, 2018).
The first “models” of photosynthetic processes, which are still components
of more sophisticated phytoplankton models used today, were Liebig’s law
of the minimum (von Liebig, 1840), which represents the most limiting
resource in biological growth; and the representation of photosynthesis as
the stoichiometric combination of water, carbon dioxide, and energy to
create organic matter (Ingen-Housz, 1796).

A variety of mathematical models have been applied to phytoplank-
ton physiology and their roles in biogeochemical cycles and ecosystem
functioning. An example of a simple statistical model is the tight rela-
tionship between total phosphorus and chlorophyll concentration found
in freshwater lakes (Dillon and Rigler, 1974). More sophisticated statistical
techniques, such as machine learning, can provide spatially resolved predic-
tions of phytoplankton population diversity (Flombaum et al., 2020). Due
to a need to understand the impact of individual processes on plankton
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dynamics, the most common approach has been to develop process-based
models.

In process-based (or mechanistic) models, the most significant processes
are individually parameterized, and their impact on plankton dynamics
summed. Such models usually consider the flow of matter (and energy)
from one “pool” such as inorganic nutrient to a second pool such as phyto-
plankton biomass, and then to a grazer pool, and a detrital pool (Fig. 8.1A).
This is the classic NPZD configuration. Process-based modeling is the most
common approach taken to quantifying phytoplankton dynamics and is the
focus of this chapter.

The first process-based model to explain phytoplankton blooms in the
natural environment was developed more than 70 years ago (Riley, 1947).
Riley described the plankton with a single phytoplankton component. The
Riley study was followed by models that considered more components of
the plankton (Steele and Henderson, 1981). Subsequent studies have in-
cluded more complete descriptions of phytoplankton growth (Jassby and
Platt, 1976; Geider, 1987), and more complex biogeochemical cycling
(Fasham et al., 1990). Since the beginning of the 21st century, modelers
have become yet more ambitious, both in their representation of phyto-
plankton and in the many functional roles phytoplankton play in aquatic
environments.

This ambition saw three, initially distinct, directions taken (Fig. 8.1).
The first direction saw modelers significantly increase the number of func-
tional roles of phytoplankton (i.e., additional pools in the NPZD format,
Quere et al., 2005), with a goal, partly, to align with similar approaches for
the terrestrial system and with global Earth system and climate models in
mind (e.g., Haxeltine and Prentice, 1996). They began to consider addi-
tional elements (such as iron and silica), more complex processes (such as
mixotrophy and nitrogen fixation), and sometimes with large numbers of
plankton types (Follows et al., 2007). A second direction recognized the key
role organism size played in rates of planktonic processes (Platt and Den-
man, 1977), with modelers developing multiple size-class (Moloney and
Field, 1989), and even size-resolving (Baird and Suthers, 2007) plankton
models. A third direction, coined “trait-based modeling” and common to
models of other ecological systems, involved representing varying rates due
to different taxa as a changing parameter value for the same mathematical
description of a phytoplankton process (Wirtz and Eckhardt, 1996; Jones et
al., 2010; Bruggeman, 2011).
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Figure 8.1 Schematic of biogeochemical models with phytoplankton types. A: Simple
NPZ model (Edwards and Brindley, 1999); B: Functional biogeochemical eReefs model
(Skerratt et al., 2019); C: Size-resolved model (Baird and Suthers, 2007).

The distinction between functional-type, size-based, and trait-based
modeling quickly broke down as researchers became motivated by a new
range of academic challenges and practical applications, such as harm-
ful algal bloom dynamics, resolving more ecological properties such as
biodiversity, or to capture subtle changes in algal communities due to cli-
mate change. In these new configurations, functional-type models were
inevitably capturing different size-classes (large blooming diatom species
with fast sinking rates vs. tiny nonsinking cyanobacteria); trait-based models
looked to size-relationships for changing parameter values, and size-based
models needed functional complexity to represent biogeochemical pro-
cesses accurately (Baird et al., 2020). Thus models of plankton diversity
often contain elements of all three approaches (Dutkiewicz et al., 2020).

A further motivating factor in the evolution of phytoplankton models
has been new observational techniques, including spectrally resolved ab-
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sorption measurements (Clementson and Wojtasiewicz, 2019a,b), “omics”
(i.e., genomics, metagenomics; Karlusich et al., 2020), and hyperspectral
satellite observations. To take advantage of these new observations, model-
ers are providing more bespoke parameterizations that are informed by the
new observations (e.g., particle scattering properties; Soja-Woźniak et al.,
2019), and model outputs for direct comparison with observations, (e.g.,
spectrally resolved apparent optical properties; Fujii et al., 2007; Dutkiewicz
et al., 2015a; Jones et al., 2016).

This chapter looks across the range of phytoplankton modeling ap-
proaches described above to provide insights into the process descriptions
that have been used to parameterize phytoplankton processes, with an em-
phasis when these descriptions vary between functional types.

8.2 Photosynthesis and chlorophyll synthesis

Phytoplankton absorption. Phytoplankton absorption represents one of
the most obvious and achievable processes to distinguish between phy-
toplankton types. Absorption spectra are available for both the most im-
portant individual pigments for absorption (Clementson and Wojtasiewicz,
2019a) and for a variety of phytoplankton species (Clementson and Wo-
jtasiewicz, 2019b). With the use of spectrally resolved optical models,
plankton modelers have been able to calculate phytoplankton absorption on
either functional group-specific spectrally resolved absorption coefficients
(Dutkiewicz et al., 2015a; Gregg and Rousseaux, 2017) or functional-
group-specific pigment assemblages with cell sizes (Baird et al., 2020). The
importance of these studies is that phytoplankton absorption coefficients
are such fundamental parameters (being the initial slope of the photosyn-
thesis vs. irradiance curve and contributing to attenuation of light) as well
as being a sensitive parameter in biogeochemical models. Additionally, phy-
toplankton absorption influences water-leaving radiances, allowing model
simulations to be directly assessed against satellite products (Laiolo et al.,
2021).

Photosynthesis. The processes of photon absorption, leading to carbon
fixation, is a complex quantum/molecular chain of chemical reactions
(Falkowski and Raven, 2013). Models of photosynthesis range from simple
photosynthesis vs. irradiance curves with an initial slope of the absorp-
tion cross section and saturating at a photosynthesis maximum rate, to
those with photoinhibition (Jassby and Platt, 1976), to even more com-
plex models that consider reactive oxygen build-up dynamics (Baird et al.,
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2018) or flash kinetics (Rubio et al., 2003). Interestingly, though important
differences in photophysiology between phytoplankton functional groups
exists, these differences have rarely been distinguished in multiple functional
type models. For example, dinoflagellates contain a form of the Rubisco
(Ribulose-1,5-bisphosphate carboxylase-oxygenase) enzyme used in pho-
tosynthesis that has a significantly different temperature tolerance to other
forms, as seen in the photoinhibition of zooxanthellae that drives coral
bleaching (Baird et al., 2018), yet biogeochemical models of dinoflagel-
lates commonly have the same photophysiological representation as other
phytoplankton groups (Wild-Allen et al., 2010).

Chlorophyll synthesis. The pigment content of a phytoplankton cell is im-
portant for both the calculation of the absorption cross section and often,
because of the use of optical sensors, the quantification of phytoplankton
biomass. As a result, models have been developed that consider pigment
synthesis so as to represent a dynamical chlorophyll content, and there-
fore ratio of chlorophyll to carbon of cells (Geider et al., 1997), and these
are commonly applied in multiple functional type models. Typically, these
models are quantified based on the chlorophyll-a (Chl-a) molecule, al-
lowing a changing Chl-a pigment content, in combination with a Chl-a
specific absorption spectra, to determine phytoplankton absorption. More
niche components of chlorophyll synthesis models include a cost of biosyn-
thesis (Geider et al., 1997) and the dependence of the pigment synthesis on
the opaqueness of the cell (Baird et al., 2020).

8.3 Impact of phytoplankton on ocean optics

Phytoplankton affect the underwater light field, and the water-leaving ra-
diance, as a result of their absorption, scattering and, in particular cases,
their fluorescence and luminescence (Mobley, 1994). As noted above, the
differing phytoplankton absorption spectra is one of the distinguishing fea-
tures that has been used to model different phytoplankton functional types.
The scattering spectra varies even more among phytoplankton types. This
is in part because scattering is strongly dependent on particle size and some
phytoplankton cell walls, especially coccolithophorids, backscatter strongly.
These differing optical properties result in differing water-leaving radiance,
introducing the possibility of observing phytoplankton functional groups
remotely (Soja-Woźniak et al., 2018).
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8.4 Macronutrient uptake and stoichiometry

Nutrient uptake. Models of nutrient uptake in phytoplankton range from
essentially nutrient-limited growth functions, such as typified by the
Monod growth equation (Fasham et al., 1990), through to models that
consider transport of nutrients to the cell surface and uptake into the cell
interior (Pasciak and Gavis, 1975), as well as internal biochemical process-
ing (John and Flynn, 2000). The most important distinction is between
those models with dynamical stores (or reserves or quotas) of nutrients,
which therefore have nutrient uptake timescales faster than cell growth (of-
ten called surge uptake), and those models such as the Monod equation
that consider growth and uptake in one process (Monod, 1949; Heliweger,
2017).

Stoichiometry. Perhaps the most remarkable marine biogeochemical phe-
nomenon is the consistency of the elemental ratio of dissolved inorganic
nitrogen to phosphorus of the world’s oceans (N:P = 16:1 mol N:mol P),
and a corresponding similar ratio of C:N:P of 106:16:1 of phytoplankton,
coined the Redfield ratio. It was Redfield’s assertion that by combining
elements at a set ratio, and their subsequent remineralization at depth, phy-
toplankton production was controlling the ocean nutrient ratios (Redfield
et al., 1963). Furthermore, he noted that the elemental ratio of phyto-
plankton growing at their maximum growth rate is the Redfield ratio, that
is, when phytoplankton are unlimited by the supply of C, N, or P, the sum
of all their components is also at the Redfield ratio.

There are two important implications for phytoplankton modeling of
Redfield’s framework. Firstly, that when a limiting nutrient is taken up and
is converted into biomass (quantified by C, N, or P), a predictable quantity
of phytoplankton biomass is generated. This constraint explains the success
of aquatic biogeochemical models in quantifying phytoplankton blooms
associated with nutrient injections, such as water column overturning or
coastal upwelling. Secondly, derivations from the Redfield ratio can be
considered a physiological adjustment to environmental conditions (e.g.,
greater internal storage of a replete nutrient compared to a deplete nutrient)
with the turnover of elements through phytoplankton growth remaining at
Redfield, thus maintaining the observed ocean dissolved nutrient ratios.

Variable stoichiometry. Although the elemental ratio of dissolved macronu-
trients in the ocean interior may be at Redfield, surface waters can become
deplete in one nutrient, driving phytoplankton to non-Redfield ratios.
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Early models with variable stoichiometry considered a steady-state be-
tween environmental conditions and cellular elemental ratios (Laws and
Chalup, 1990). By assuming steady-state the phytoplankton state could
still be represented by one variable (i.e., biomass), but the effect of vari-
able stoichiometry could be included in phytoplankton growth rates and
phytoplankton uptake, export, and remineralization. Though this was a
significant improvement at little (computational) cost, it could not resolve
the mismatched timing of uptake of nutrients and photosynthesis (i.e., ni-
trate uptake at night or at depth). This led to the need to develop dynamic
models of variable stoichiometry.

Dynamic energy budgets (DEB) models. DEB theory is a broad descrip-
tion of physiological models of organisms that partitions biomass into one
or more reserves and one or more structures (Kooijman and Kooijman,
2010). Though the term DEB is mostly used for complex animal models,
the DEB approach has been used to consider the interaction of nutrient
uptake, light capture, and growth for phytoplankton (Kooijman and Kooij-
man, 2010; Baird et al., 2001). The key attribute of DEB models, compared
to say the Monod growth or steady-state (Laws and Chalup, 1990) models
mentioned above, is that the supply of nutrients and light can be decoupled
from the growth, allowing cells to have a metabolic memory that smooths
out fluctuations in supply of nutrients, and that individual cells can have
different physiological states.

The quota-style models and the DEB models are similar in the sense that
they allow for non-Redfield uptake and release of resources and must be
formulated to conserve mass. However, by representing the non-Redfield
component in different state variables (quotas vs. reserves), they encour-
age slightly different functional forms for uptake and growth, with quota
models generally following Droop-style models (Droop, 1968).

Macromolecular models. The next step in phytoplankton physiological so-
phistication is to split the “reserves” or “quota” into multiple molecular
pools. For example, Inomura et al. (2020) considered internal stores of el-
ements within proteins, pigments, nucleic acids, carbohydrates, and lipids.
As mentioned in the Introduction, this breakdown allows a more meaning-
ful comparison with biochemical and “omic” observations. Furthermore,
it allows for a distinct use of each element beyond simple stoichiometric
combination, such as the separate combinations of N and P in RNA and
protein molecules that leads to different growth versus nutrient status of
N and P (Inomura et al., 2020). The penalty of having 5 stores of each
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element (rather than one) for each phytoplankton type has limited the use
of these models in multifunctional-type three-dimensional environmental
models.

8.5 Micronutrients and silica

Early marine biogeochemical models were generally based on nitrogen
(Fasham et al., 1990). To incorporate multiple phytoplankton functional
groups it has been essential to include more limiting nutrients, as often the
most important differentiating factor is their elemental requirements and
means of obtaining other nutrients. The simplest example is the silica re-
quired by diatoms. The need to represent phosphorus limitation of N-fixers
has resulted in inclusion of phosphorus (Aumont et al., 2015). Iron limi-
tation has been recognized as a limiting nutrient in the Southern Ocean,
impacting on the photosystems of all phytoplankton. The split between
ammonium and nitrate uptake also provides a differentiating factor in algal
groups.

8.6 Nitrogen fixation, calcification, mixotrophy

Biogeochemical models have also incorporated phytoplankton with addi-
tional biogeochemical functions. Organisms that are capable of fixing ni-
trogen (using N2 gas to create organic matter) are ubiquitous in the marine
environment, becoming most important when N is the limiting macronu-
trient. A number of parameterizations for N-fixing organisms have been
used in marine models (Robson et al., 2013; Baird et al., 2020; Dutkiewicz
et al., 2015a; Dutheil et al., 2018). It remains unclear what controls the
distributions of nitrogen-fixing organisms. Modeling studies that explicitly
include both N fixers and the necessary biogeochemical cycles have been
used to explore these drivers (e.g., Dutkiewicz et al., 2012; Landolfi et al.,
2015), finding the importance of phosphorous and iron cycling.

Another important phytoplankton type is the calcifiers (Yool et al.,
2013). Though calcifiers have not become standard in models of phyto-
plankton production, their impact on carbon chemistry has meant they
have been included in many of the global biogeochemical models (Aumont
et al., 2015; Dutkiewicz et al., 2015b). The modeling study of Monteiro
et al. (2016) has been used to analyze the cost and benefits of calcifying,
suggesting that coccoliths may protect from grazing, viruses, and light.
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Mixotrophs have been strongly advocated by some modelers (Mitra and
Flynn, 2010). The importance of mixotrophs lies not only in the different
function they play among the phytoplankton, but also through grazing,
how they structure the rest of the phytoplankton groups (Section 8.7).
Model work has suggested that mixotrophy might also be important in
controlling the size distribution within a phytoplankton community, with
important feedback to marine biogeochemistry (Ward and Follows, 2016).

8.7 Phytoplankton mortality
Phytoplankton mortality due to grazing, sinking, viral lysis, and other
ecosystem processes are the balance to the growth processes described
above. Though many of these processes are assumed the same for all
phytoplankton types, mortality by grazing is often resolved according to
phytoplankton defence (e.g., cell walls). Although it is not the purpose
of this chapter to consider the multiple functional zooplankton types that
are involved in grazing phytoplankton, it is important to note that when
mortality terms, such as zooplankton grazing, selectively impact on phy-
toplankton functional types, this can have as great a role in determining
the phytoplankton community composition as the determinants of phyto-
plankton growth. The paragraph that follows describes a set of numerical
experiments to illustrate the role of grazing selection based on size.

In Baird (2010), a size-resolved pelagic ecosystem was set-up, in which
all parameters values were determined by the size of the plankton. Thus
functional groups in the study were essentially size-classes. Critically for
the discussion here, one parameter in the model was the size-range of prey
for a predator. This essentially determined who ate whom. The study then
undertook a sensitivity analysis to determine the most sensitive biological
parameter. The results clearly showed that the model was more sensitive
to the parameter determining size range of diets than the other parameters
typically associated with phytoplankton functional diversity, such as maxi-
mum growth rates or light absorption. From this, it can be concluded that
model representation of multiple phytoplankton classes must be considered
in the context of the single or multiple zooplankton functional types in the
model ecosystem.

8.8 Summary of process descriptions
Models have incorporated the different phytoplankton processes in sev-
eral ways, using different structures and assumptions, depending on their
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specific purpose. Various frameworks exist to define how phytoplankton
grow in different conditions, for example, energy and/or resource alloca-
tion within the cells (e.g., Geider, DEB theory). Many models describe a
number of phytoplankton types (or traits) and the dominant ones emerge
based on competition and selection in the modeled environmental condi-
tions. Some models have required (and have shed light on) our understand-
ing of how phytoplankton traits are related to one another (for example,
which traits are related to phytoplankton size), and the importance of
trade-offs, or evolutionary constraints that dictate trait combinations (Fol-
lows et al., 2007). Some of these approaches have been embedded within
three-dimensional physical models and can follow regional or global bio-
geochemical cycles, including air-sea fluxes of carbon.

8.9 Marine applications
The development of diverse approaches has dramatically improved our
fundamental understanding of phytoplankton ecology as well as provided
model capability to tackle a myriad of pressing scientific problems. It also
means that the practitioner who is assembling these models must balance
the advantage of including each innovation with the cost that complexity
can introduce in terms of computing time as well as the greater variabil-
ity in model behavior. In this section, we give some case studies of the
applications of these phytoplankton models.

Case Study 8.1: Global change

Anthropogenic-driven global change is and will continue to impact the
oceans. Warming and associated changes in mixing and circulation, as
well as increased carbon of the waters (ocean acidification) will af-
fect phytoplankton. Process-based models, as described in this chapter,
provide a laboratory to explore these potential changes. Recent cli-
mate assessment analysis (e.g., IPCC) have included results from Earth
system models (which include atmosphere, land, and ocean) that have
included phytoplankton explicitly within a global context (e.g., Bopp
et al., 2013). These models suggest a global decrease in primary pro-
duction, though with regionally variable patterns of change, including
some high latitude regions having increased productivity. The variable
patterns arise as drivers of change, such as increased phytoplankton
growth rates with warmer water, are balanced against reduced nutrient
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supply as a result of less mixing and altered circulation (Dutkiewicz et
al., 2013). Models can additionally suggest how phytoplankton com-
munity structure might shift in the future ocean. For instance, models
show that smaller phytoplankton might become more dominant, as
they are better adapted to low nutrient conditions (Bopp et al., 2005;
Dutkiewicz et al., 2013). Moreover, model studies can also show that
the differing physiological response to ocean acidification between
phytoplankton species will likely also lead to substantial rearrangement
of phytoplankton communities (Dutkiewicz et al., 2015b, 2019).

Case Study 8.2: Impact of phytoplankton community struc-
ture on carbon export fluxes

The biological carbon pump is responsible for the downward transfer
of organic carbon produced in the surface ocean to the deep layers
via the sinking of organic particles, and its eventual sequestration for
geological timescales (Lam et al., 2011). Estimations suggest that the
biological carbon pump accounts for about two-thirds of the global
oceanic carbon pump. The two main pathways of carbon export are
physical aggregation of phytoplankton cells and their subsequent sink-
ing in the form of large aggregates, or through biological aggregation
of grazed phytoplankton cells and their sinking in the form of dense
zooplankton fecal pellets.

Parameterizations of sinking velocity in most biogeochemical mod-
els used to estimate carbon fluxes are either constant values or scaled
on size and/or depth based on empirical relationships (Kriest and Os-
chlies, 2013; Pasquer et al., 2005; Baird and Emsley, 1999).

The natural variation in the carbon export efficiency is large (or-
der of magnitude in some cases) and occurs over a wide range of
spatiotemporal scales (Buesseler, 1998). The role of planktonic com-
munities in driving these export variations has been suspected since
the 1990s, and extensively studied since then (Boyd and Newton,
1995). Phytoplankton morphological types, through their influence
on particle formation and structure, may indirectly control large par-
ticle sinking velocities (Laurenceau-Cornec et al., 2015). The changes
in the composition of detritus, closely related to seasonal shifts of sur-
face plankton communities, leads to significant modification of detritus



256 Advances in Phytoplankton Ecology

sinking velocities and subsequent alteration of the efficiency, ampli-
tude, and timing of carbon export.

Modifying the sinking velocity parameterization in BGC models
with parameterizations based on detritus origin is a way to account for
the influence of planktonic communities on carbon export. It has been
shown that using such a parameterization can resolve the large errors
in estimations of carbon export fluxes calculated from BGC models
using a constant sinking velocity (Laurenceau-Cornec et al., 2015). A
variable sinking velocity of detritus calculated from the relative con-
tributions of different plankton sources could improve the accuracy of
carbon flux estimations made by BGC models.

Case Study 8.3: Harmful algal blooms (HABs)

The modeling of HABs is a good example of where the predic-
tion of the abundance of multiple algal types is highly desirable, and
where it is often only one or a few rare species that are of prime
interest. Approaches to prediction of HABs have included remote sens-
ing (Blondeau-Patissier et al., 2014), statistical modeling, and multiple
functional group processes modeling (Ralston and Moore, 2020). Ral-
ston and Moore (2020) argue that for changing environmental condi-
tions, it is process-based models of phytoplankton functional types that
provide the most robust predictions. They identify 15 different studies
using process-based HAB models, with the processes that are impor-
tant in their parameterizations including rates of growth, mortality,
mobility, and toxin production. Interestingly, HABs are often consid-
ered using individual-based models (IBMs) in preference to Eulerian
(concentration-based) models (Gillibrand et al., 2016). One significant
advantage of IBMs is that life-cycle processes, such as the age of passive
and mobile phases, which are near-impossible to include in Eulerian
models, are naturally represented in IBMs.

Case Study 8.4: Coastal water quality

In the aquatic environment, absorption and scattering by phytoplank-
ton cells reduces the vertical penetration of light. Often anthropogenic
inputs of nutrients increase phytoplankton concentrations, adding to
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the rate of light attenuation and degrading the natural environment.
On the Great Barrier Reef (GBR) off northeast Australia, where
seabed habitats of seagrass and corals are critical for ecosystem func-
tion, changes in optical properties are important metrics of ecosystem
health (Baird et al., 2018).

To represent the impact of phytoplankton on water quality, the
eReefs marine biogeochemical model of the GBR contains 4 phy-
toplankton functional types (small and large phytoplankton, benthic
microalgae, and Trichodesmium) as well as a dinoflagellate coral sym-
biont (Baird et al., 2020). The differences between small and large
phytoplankton and benthic microalgae lie in their size, sinking rates,
and absorption spectra (Fig. 8.2). Another phytoplankton functional
type, nitrogen-fixer Trichodesmium, has the additional processes of ob-
taining nitrogen from dissolved N2 gas and a variable sinking rate, due
to physiological state.

The functional diversity plays two important roles in predicting
water quality. Firstly, the plankton populations are represented with
differing roles in biogeochemical cycling: small phytoplankton main-
tain a low population under tight grazing control; large phytoplankton
escape grazing control and bloom, due to catchment inputs and up-
welling events; Trichodesmium provides a source of nitrogen in deplete
open ocean waters; and benthic microalgae provide a seabed reservoir
that is intermittently resuspended during high bottom-stress events.
Without this functional diversity, biogeochemical models do not cap-
ture the nitrogen cycling on the GBR.

On the GBR, where the bleaching of corals due to the expulsion
of algal symbionts (zooxanthellae) has become an important anthro-
pogenic impact, the modeling of the zooxanthellae has been developed
to include xanthophyll cycling and photosynthetic reaction center dy-
namics (Baird et al., 2018).

The second significant role of diversity of plankton types is to cap-
ture the differing optical properties of the algal types on the spectrally
resolved light field. This is achieved in the eReefs model through spec-
ifying a unique absorption spectra for each functional type (Fig. 8.2),
and then applying this rate of absorption per unit length for the differ-
ent sizes of phytoplankton, and their time-varying pigment content.
This approach captures the impact of the package effect, whereby
highly pigmented cells have a reduced absorption of light per unit of
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pigment (Soja-Woźniak et al., 2020). This sophistication becomes im-
portant for considering the spectral quality of light reaching the seabed.
For benthic plants, light reaching the bottom at the chlorophyll peaks
is absorbed better, and therefore more important than downwelling
light at other wavelengths.

Figure 8.2 Pigment-specific absorption spectra of 4 phytoplankton functional
types used in the eReefs marine biogeochemical model of the Great Barrier Reef.
A: Picoplankton spectra used for small phytoplankton based on Synechococcus;
B: Spectra from the dinoflagellate symbiont that inhabits coral polyps and includes
a photoprotective pigment (red line) that is important in the simulation of pho-
toinhibition/photoacclimation; C: Microplankton spectra based on a diatom used
for large phytoplankton and benthic microalgae; D: Spectra from the nitrogen-
fixer Trichodesmium. Original data sourced from Clementson and Wojtasiewicz
(2019a,b).

Case Study 8.5: Operational models

A number of modeling teams have developed biogeochemical mod-
els that are now deployed in operational environments (Fennel et al.,
2019). Operational modeling systems are typically well-tested, post-
development versions that are less likely to contain large numbers
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of phytoplankton types. For example, the NEMO-MEDUSA model
(Yool et al., 2013) deployed by the United Kingdom Meteorological
Office runs as an operational global physical forecasting system con-
taining only two phytoplankton groups (diatom and non-diatom) with
the main distinction between the two being the silica requirement of
diatoms.

Mercator Ocean International runs an operational global model
for short-term forecasts and reanalyses with the biogeochemical model
PISCES (Aumont et al., 2015). Though PISCES contains only two
phytoplankton classes, it interestingly contains additional physiologi-
cal processes compared to MEDUSA. PISCES is a mixed Monod–
quota model. Thus nitrogen and phosphorus limitations are based on a
Monod parameterization, where growth depends on the external nu-
trient concentrations, whereas iron limitation is modeled according to
a classical quota approach (Section 8.6).

Some more complex models have been deployed in regional
operational settings. The eReefs model used in the Great Barrier
Reef/Coral Sea region contains four phytoplankton types (small and
large phytoplankton, benthic microalgae and Trichodesmium), as well
as the dinoflagellate Symbiodinium inside a coral holobiont (Jones et
al., 2016; Baird et al., 2020). In the eReefs case, regional biological
oceanographic properties have determined the phytoplankton function
types: the coastal waters off northeast Australia are highly nitrogen-
limiting with nitrogen fixation providing an important source of ni-
trogen to surface waters, and therefore requiring a nitrogen fixing
phytoplankton, but is rarely silica limited, thus negating the need for a
dedicated diatom functional type.

Ocean-color and biogeochemical data assimilation. Biogeochemical models
commonly assimilate observations by comparing the mismatch of mod-
eled and observed phytoplankton properties. With biogeochemical data
assimilation most commonly using remotely-sensed observations, the abil-
ity to interpret the presence of phytoplankton by a change in water-leaving
radiance is critical. Ocean models that resolve multiple phytoplankton size-
classes can add more variability in model predictions of the distribution
of chlorophyll, and therefore ocean-color: a challenge when assimilating
ocean-color data (IOCCG, 2020).

In terms of multiple phytoplankton functional types, the smaller phyto-
plankton classes contribute disproportionality more to surface ocean-color
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signals, due to higher carbon to chlorophyll ratios and less packaging of
pigments (Soja-Woźniak et al., 2020; Laiolo et al., 2021). The inferred
relationship between chlorophyll and reflectance ratios is driven by the
change of chlorophyll a concentration, the change in the phytoplankton
size-class structure, and on the covariance of other optically significant
constituents with chlorophyll a (Sathyendranath et al., 2017). However,
these relationships are based on global mean relationships between phyto-
plankton chlorophyll and reflectance: thus a timing mismatch in modeled
phytoplankton groups of, say, a progression from small to large phytoplank-
ton could cause a large change in ocean-color, and therefore impose a data
assimilation shock on the model.

At the same time, new hyperspectral satellite sensors, such as the NASA
plankton, aerosol, cloud, ocean ecosystem (PACE) mission will provide
additional data (Gregg and Rousseaux, 2017), and it is hoped that the iden-
tification of phytoplankton functional types will aid in the assessment of
these more complex aspects of biogeochemical models.

8.10 Summary

The observations, parameterizations, and ambitions of scientists to repre-
sent multiple phytoplankton types in aquatic models has increased greatly
over the past decade. Realizing the benefits of this work will require asking
new questions of the models, undertaking more targeted simulations (with
a likely focus on impacts of climate change), and to undertake more sophis-
ticated comparison of simulated and observed phytoplankton diversity.
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