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To my family.

I may not have gone where I intended to go, but I think I have ended up

where I intended to be.

Douglas Adams



A B S T R A C T

Microalgae are often seen as a promising candidate to contribute
to energy generation in the future. However, the link between the
energy contained in the biomass and the required energy to grow
the microalgae, especially to mix the culture, is complex. Mixing
has a direct effect on photosynthesis since it affects the way cells
are successively transported between light and dark zones. The
hydrodynamics modulate the frequency at which light is perceived
by the cells.

In this thesis the question of nonlinear response of the photosyn-
thesis process to varying light signals at different time scales has
been investigated.

First, the impact of light frequency and photoacclimation on pho-
tosynthesis have been experimentally studied using a self-developed
LED device to expose the green algae Dunaliella salina to light-dark
cycles at different frequencies. The results support the hypothe-
sis that mid-term photoacclimation depends on the average light
intensity. Then, models have been developed according to our exper-
imental observations. The effect of light-dark cycle frequency on the
response of a mechanistic model for photosynthesis and growth has
been studied and our results have confirmed that increasing the light
supply frequency enhances photosynthetic efficiency. A model for
photoacclimation has also been developed assuming both a change
in the number and the cross section of the photosystems. Finally, a
3D hydrodynamic model for a raceway type culturing device has
been used to compute Lagrangian trajectories numerically. Based
on the trajectories, time-dependent light signals for individual cells
have been calculated. Using these light signals, a photosynthesis
model was integrated in order to investigate the dependency of
photosynthetic efficiency on hydrodynamic regime.
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R E S U M É

Les microalgues sont souvent considérées comme des candidats
potentiels pour la production d’énergie. Cependant, le lien entre
l’énergie contenue dans la biomasse et l’énergie nécessaire pour
cultiver les microalgues, en particulier pour agiter la culture, est
complexe. Le mélange turbulent a un effet direct sur la photosyn-
thèse car il affecte la façon dont les cellules sont successivement
transportées entre la lumière et les zones sombres. En particulier,
l’hydrodynamique module la fréquence à laquelle la lumière est
perçue par les cellules.

Dans cette thèse nous avons étudié la réponse de la photosynthèse
à divers régimes lumineux. Tout d’abord, l’impact de la fréquence
d’éclairement et de la photoacclimatation a été étudié expérimentale-
ment. Pour cela, un dispositif à base de LED a été développé et des
cycles lumière-obscurité de fréquences variables ont été appliqués
à la chlorophycée Dunaliella salina. Les expériences ont ainsi con-
firmé l’hypothèse selon laquelle la dynamique de photoacclimatation
dépend de l’intensité lumineuse moyenne. Puis, des modèles ont été
développés à partir de nos observations expérimentales. L’effet de cy-
cles lumière-obscurité a été étudié à l’aide d’un modèle mécaniste de
photosynthèse et de croissance et il a été montré que l’augmentation
de la fréquence lumineuse augmente l’efficacité photosynthétique.
Ensuite, nous avons développé un modèle de photoacclimatation,
qui prend en compte une réponse du nombre et la taille des pho-
tosystèmes. Enfin, un modèle hydrodynamique 3D a été simulé
pour un raceway. Cela a permis de reconstruire numériquement
les trajectoires lagrangiennes de cellules, et donc d’évaluer le signal
lumineux qu’elles pero̧ivent. Ces trajectoires réalistes, couplées à un
modéle de photosynthèse ont permis de mieux comprendre l’effet
du mélange sur l’efficacité photosynthétique.
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Z U S A M M E N FA S S U N G

Mikroalgen werden häufig als vielversprechende Technologie zur
Erzeugung erneuerbarer Energie bewertet. Das Verhältnis von En-
ergie in der erzeugten Biomasse und benötigter Energie der Kultur
hängt in komplexer Weise von den Kultivierungsbedingungen ab.
Auf die kontinuierliche Mischung der Kultur wird ein wesentlicher
Teil der benötigten Energie verwendet. Die Mischungsintensität bes-
timmt den Transport der Zellen zwischen hellen und dunklen Zonen
im Medium und hat daher direkten Einfluss auf die Wachstumsraten
der Algen. Die zeitabhängige Lichtintensität, welche einzelne Zellen
absorbieren ist von der Hydrodynamik im System bestimmt.

In dieser Arbeit werden nichtlineare Effekte zeitveränderlicher
Lichtsignale mit unterschiedlichen Zeitskalen untersucht. Im ersten
Ansatz wird das Wachstumsverhalten von Mikroalgen unter dem
Einfluss variabler Lichtsignale mit einem neuen Versuchsaufbau
untesucht. Der Versuchsaufbau verfügt über eine frei programmier-
bare LED-Beleuchtung um die Grünalge Dunaliella salina unter dem
Einfluss von hell-dunkel Zyklen zu studieren. Ein wichtiges Resultat
dieser Studie ist, dass die physiologische Anpassung des Chloro-
phyll Gehalts unabhängig von der Alternationsfrequenz des Signals
ist. In einem zweiten Ansatz, wird der Effekt von hell-dunkel Zyklen
unterschiedlicher Wechselfrequenz auf ein mechanistisches Modell
für Photosynthese studiert. Es wird gezeigt, dass eine höhere Fre-
quenz höhere Reproduktionsraten stimuliert. Es wird ein Modell
für Lichtakklimatisierung entwickelt, welches die physiologische
Anpassung von Wirkungsquerschnitt und Anzahl der Photosysteme
berücksichtigt. In der letzten Studie wird ein 3D Modell für die
Hydrodynamik in der Kultur verwendet um Trajektorien der Zellen
zu berechnen. Auf Basis dieser Trajektorien werden zeitabhängige
Lichtprofile abgeleitet und ein Modell für Photosynthese numerisch
integriert.
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1
I N T R O D U C T I O N

The beginning is the most important part of the work.

Plato
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One of the first publications claiming the hypothesis of global

warming by increasing athmospheric CO2 content was written by

Manabe in 1980 [52]. Today, global warming as a consequence of an-

thropogenic CO2 is a hot topic, which leads to extensive discourses

in the scientific, ecologic, political and economical context. Current

predictions of the development of the surface temperature give a

very pessimistic outlook towards the end of the century, while politic

measures for the decrease of emission of climate gases on global

scale continuously fail. At the same time, certain countries invest

billions of Euros directly by subsidies and indirectly by other reg-

ulative measures in reducing carbon emission on a national scale.

At a closer look many of the political measures appear to be driven

by specific national industry lobbies and the political will of fu-

ture independence from import of fossil combustibles and uranium.

There are numerous approaches for the production of energy with a

reduced carbon emission such as: Hydraulic energy, Wind energy,

Solar Energy, Combustion of regenerative wood stock, Carbon Cap-

ture and Storage Systems (CCS), Core fusion (ITER) and Biofuel. All

of those approaches have their advantages and limitations. While

the cost for utilization of fossil energy will increase due to scarcity

of the resources and a possible implementation of a global Emission

certificate market 1 , many of those technologies are likely to find a

niche in the energy market of the future. The time line for this post-

industrial evolution depends however strongly on the political will.

Unfortunately, policy makers are in a position to trade off growth

today against highly uncertain consequences of climate change in

the future.

1. There exist Emission Certificate markets, but they are national and oftentimes
their impact on emission is minor.
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Microalgae play important roles in the global ecology, and are

therefore an important factor to consider in the research framework

of anthropogenic CO2 emission. Microalgae are unicellular organ-

isms living in salty or sweet water, and “have chlorophyll a as their

primary photosynthetic pigment” [45]. While this definition includes

a wide variety of organisms, it is sufficient for the context of this

study to see microalgae as unicellular photosynthetic organisms.

Without a doubt, production of organic carbon in the oceans from in-

organic carbon (primary production) is the most important ecologic

function of these photosynthetic microorganisms. Phytoplankton

fixes about 45− 50Gty−1 of carbon, while terrestrial plants fix about

45− 68Gty−1 [49]. Most of this carbon processes through the marine

food chain in order to be re-mineralized at the end, while a fraction

of this carbon is fixed in calcium carbonates and non degrading

organic carbon [17] and is therefore permanently removed from

the carbon cycle. Another role of microalgae in carbon emission

mitigation could be to contribute to CO2 valorization: They can be

cultivated in artificial ecosystems and consume CO2 rich gaseous

flue gas. Some species can store high amounts of lipids that can

be turned into biofuel [72, 60], other species can be digested in an

anaerobic process and lead to methane production [67]. They can

thus potentially be a key actor for the future set up of the third

biofuel generation and constitute a future source of green energy.

Micralgae growth conditions in natural environment and artifi-

cial culturing both imply turbulent hydrodynamics. This means,

that each individual cell travels along a certain trajectory through

the medium. According to this, the conditions regarding nutrient

concentration, temperature and light exposure change with time

also. Observations show, that a change in the hydrodynamics can
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significantly change growth dynamics. When using dynamical mod-

els with estimated light signals from hydrodynamic simulation or

measurement, these effects can be studied. Due to their different

characteristics, natural (oceanic) environment has to be differentiated

from artificial microalgae cultures.

In the Ocean, the hydrodynamics is very slow. A typical travel

time from the surface to a very deep ocean layer and back is several

hours [38]. The direct consequence of this slow hydrodynamics is a

slow rate of change in the environmental parameters. Due to slow

mixing and the large scale of the system, an indirect consequence

is the heterogeneity of the medium in the parameters for nutrient

availability. This is a vital factor since marine phytoplancton in the

ocean mixed layer is generally nutrient limited. Light limitation

plays also a role here, but the rate on which the perceived light of the

cells change is very slow. This is also because of a weak light gradient

due to the low distance-specific light attenuation of seawater.

In artificial cultures, such as open raceway ponds or closed pho-

tobioreactors (PBR) [60], the conditions differ. Although there is

also a certain rate of mixing, the hydrodynamics is a lot faster and

due to a high culture density the light gradient within the culture

is a lot higher. For optimal growth, the growth medium is typically

saturated in nutrients and CO2. As a function of the intended culture

density and design restrictions, the depth of the culture volume can

vary between about 40 cm for open raceway ponds down to 1 cm for

very high density closed PBR. In order to homogenize the medium

and to avoid sedimentation, these cultures are mixed intensively.

As a consequence of the small dimensions, fast mixing and high

attenuation, the algae are exposed to a light signal which can vary

on time scales down to 10−6 seconds [60]. It is generally assumed,
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that increased mixing improves growth. In this context, approaches

aiming at improve and rationalize the design of such culturing sys-

tems [60, 61] have been proposed, especially for photobioreactors.

The less intensive raceway processes have not, as far as we know,

been studied in this context.

1.1 applications of bioreactors

Cultivation of microalgae for Biofuel generation is one application

of bioreactors but not the only one. Indeed, bioreactors can be found

in various fields of biotechnology, such as wastewater treatment,

food and pharmaceutical industry. They are used to grow several

types of microorganisms, archae, bacteria, yeast, fungi, cyanobacte-

ria, microalgae or even undifferentiated cells of higher organisms

such as mammals. Their size ranges from systems of volume lower

than one cubic meter for high added value production, to several

thousand cubic meters for wastewater treatment. The possibilities

of applications are only limited by the capabilities of the utilized or-

ganisms and the expense to cultivate them in self contained systems.

Modern biotechnology can be expected to push the frontiers of this

technology much further in the near future.

Industrial production of microalgae is a much younger technol-

ogy, whose main objective is to produce biomass from which high

added values compounds (colouring, antioxydant,...) are extracted.

There are to date no industrial application for biofuel production,

exploiting the potential of microalgae to store lipids. However, the

existing microalgae production systems (mainly under the form of

raceways) are among the largest industrial bioreactors. An industrial

raceway occupies several thousands square meters, for a volume
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Figure 1: Industry-Scale raceway culturing system (project salinalgue)

Figure 2: Full production cycle for biofuel production from microalgae

that can exceed thousand cubic meters. Example for a large scale

algae bioreactor is shown in figure 1. Fig. 2 presents schematically

the production chain for Biofuel generation from microalgae. The

emitted flue gas from an industry site is a necessary CO2 input for

the microalgae culture. The microalgae are cultivated and in a final

step the lipids are extracted and refined for the use as fuel.
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1.2 main factors affecting microalgae growth

The following paragraph explores the factors that affect produc-

tivity of these microalgal based production systems. Firstly the

dependence of growth rate from light and nutrient availability will

be discussed.

Photosynthesis on the scale of a single photoreactioncenter

There exist different pathways for the conversion of photon en-

ergy to chemical energy. Some basic principles are common in

the mechanism for all autotrophic organisms: there is a membrane

called thylakoid, which contains key proteins involved in the primary

conversion of photon energy. The thylakoids are embedded in or-

ganelles called chloroplasts for eukaryotic organisms but not confined

for prokaryote organisms. Thylakoids are encapsulating an aqueous

phase which is called the thylakoid lumen. The thylakoid lumen

integrates four major protein complexes:

– Photosystem I (PSI)

– Photosystem II (PSII)

– The Cytocrome b6f complex

– The ATP synthase

These Proteins and their interactions are illustrated in fig. 3.

The basic principles can be understood based on the presented

pathway, even if other pathways exist for photon conversion. The

first step in the pathway is oxidation of a water molecule by means

of the PSII. This reaction is a multi-step process: Firstly, photons are

captured by the chlorophyll antennae, then the energy is transferred
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Figure 3: Schematic illustration of the thylakoid source:Tameeria, Wikicom-
mons

by photochemical quenching 2 from one chlorophyll molecule to the

other and finally to the PSII. The PSII in its excited state is highly

oxidizing and splits a water molecule into molecular oxygen and

two H+ ions. The separated electrons trigger an electron transfer

chain: by means of the plastoquinones and the cytochrome protein,

an additional H+ ion is transferred inside the thylakoid lumen and

the electron is transferred to the PSI. The PSI uses the electron

and the excitation energy of more photons for the reduction of

NADP+ toNADPH+H+. Finally, the ATP synthease uses the proton

chemical and electric potential between both sides of the membrane

to synthesize ATP from ADP + and Pi.

The fluxes of electrons and molecules generated by these light

reaction supplies energy for the dark phase of photosynthesis (Calvin

2. Photochemical quenching denominates energy transfer between molecules
contributing to primary production. One important process of energy transfer
is the Förster resonance energy transfer (FRET) [39]. It is a quantum mechanic
process transferring the energy of an excited state from one molecule to another
by means of a virtual photon. It is limited to distances which are smaller than the
wavelength of the photon.
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cycle), fixing CO2 and transforming it into a small sugar (3-phospho-

glycerate).

Photoinhibition

Extreme light conditions or very rapid changes in the light signal

can lead to significant damage of the PSII reaction centers (c.f. Ander-

son et al. [1]). A damaged PSU has to be repaired by the synthesis of

a new protein. Similar to the long term photoacclimation processes,

this repair process is relatively slow and thus strong photoinhibition

is followed by a regeneration period.

Photoinhibition is " a light-dependent irreversible inacti-

vation of the PSII reaction center activity, which can be

restored only via the degradation (subsequent to photoin-

hibition) and synthesis of the D1 protein " (Tyystrjarvi

and Aro, 1996 [70])

The inactivation of the protein occurs whenever the photoreaction

centre gets hit by an excess number of photons in a short period.

Statistically, this effect can also be observed for low light irradiances,

but in this case the intracellular repair mechanisms are sufficient to

prevent significant decreases in productivity.

Photoacclimation

Phytoplankton reacts physiologically to changes in light intensity,

both at fast time scale by modulating its actual photosynthetic ac-

tivity, but also by adapting at longer time scale its photosynthetic

apparatus. Mid and long-term processes are called photoacclimation.
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In a very simplified scope cells can enhance their light harvesting

machinery to a low irradiance level in order to use the incident

light most efficiently. They can reduce it at high light, in order to

avoid damage of the photosynthetic apparatus due to overexcita-

tion. Photoacclimation processes leads thus to modulations of their

sensitivity to light. There exist different mechanisms for photoaccli-

mation which differ in the timescale of response to the change of

environmental light intensity.

Short term photoacclimation denominates all processes of the cell in

order to adapt to the current light conditions without the synthesis

of new proteins. This shifts the optimal light intensity closer to the

actual irradiation and leads to a higher efficiency under constant

conditions. Various physiological mechanisms may be affected. One

class of mechanisms deactivates the excitons after the photon ab-

sorption. The energy can be re-emitted as fluorescence photons or

dissipated thermally [18]. The latter processes are denominated by

the term Non-photochemical quenching (NPQ). There is evidence that

NPQ is indirectly triggered by a pH gradient across the thylakoid

membrane [40] involving the xanthophyll cycle.

To longer periods of unfavorable light conditions, the algae react

by structural and physiological changes in order to avoid photoin-

hibition and optimize growth. This long term processes imply the

synthesis of functional proteins, which is a very slow process and

can be considered the limiting factor. By experiments, two dominant

mechanisms could be identified: The alteration of the amount of

chlorophyll per PSU and the alteration of the number of PSUs [27].

The cellular chlorophyll content is closely linked to these processes.

Generally one could say, more chlorophyll means more photosynthe-

sis for low irradiance . These acclimation processes can be quantified
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by the carbon specific chlorophyll content of the cells. Typically,

models for photoacclimation use this value as a state variable.

Growth and Nutrient Uptake

The general dynamics of microalgae in a batch culture is shown

in fig. 4: In the first phase, the biomass grows exponentially, while

substrate nitrogen is consumed. After nitrogen depletion, growth

continues until a certain level where growth stops.

Assuming that the cells have an internal nutrient stock, this evo-

lution can be explained as follows: In the first growth phase, the

intracellular nutrient pool is filled up to a maximum concentration.

After the depletion of the nutrients in the medium, the intracellular

stock is decreased which leads to a gradually decreasing growth rate

with progressive depletion of the internal quota. Droop [20] claimed,

that this dynamics can be observed for nitrogen or phosphorus lim-

ited growth and not only for Vitamin B12 as it is reported in the

first data supporting such a mechanism. There is plenty evidence

proving that the assumptions of an intracellular pool of limiting ele-

ment driving growth holds true for various conditions [68, 21]. This

observation supported the Droop model, firstly published in 1966

[20], where the growth rate is not a function of external substrate (as

assumed by Monod [54]) but of the internal elemental quota. There

are numerous studies on the Droop model, this includes an approach

to extend it for the use with multiple nutrients [11, 14] or to put it

into a mechanistic framework [56]. Due to its scientific impact in

the past decades, the Droop Model can be seen as an accepted gold

standard for nutrient limited growth for unicellular organisms. In
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Figure 4: Dynamics of intracellular nitrogen and biomass for a batch photo-
bioreactor growth experiment, assuming the Droop Model source:
[7]

his model, Droop proposes the model variable q for the internal

nitrogen quota of the cells with the growth rate dependency:

µ(q) = µ(·)
(
1−

Q0
q

)
(1.1)

Whereas Q0 is the minimum nitrogen quota that allows the cell to

grow.
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1.3 quantitative description of photosynthesis

Photosynthesis Irradiance curve

Since the beginning of 20th century there have been efforts to

measure and formalize the response photosynthetic organisms to

different light irradiances. The firstly documented formulation for

the limitation of Photosynthesis by light irradiance is proposed by

Blackman in the year 1903 [8]. He describes the relation between

Photosynthesis and irradiance as a linear increase for low irradiances

and as constant after a certain saturation intensity. The response

of photosynthesis to different light intensities – or Photosynthesis

Irradiance curve (PI curve) – is today one of the most important char-

acteristics to describe the photosynthetic response of phytoplankton

population. It is defined as the dependency between the growth

rate and the light intensity. In the following decade, many mathe-

matical formulations for this characteristic property of plant growth

dynamic were developed. In table 1 several formulations from the

literature are listed. All of these static models for the dependence

of photosynthesis from irradiance feature a saturation effect for ir-

radiance exceeding a certain value. Furthermore, the formulations

by Steele [69] and Peeters and Eilers [23] feature also the effect of

photoinhibition. It is worth noting, that the formulation of Peeters

and Eilers contains many parameters. This is due to the fact that it

is a steady state solution of a dynamical model for photoinhibition.

The parameters represent physiological properties and their model

is capable of the description of the reponse to variable light signals

also. Their model is presented in detail in paragraph 1.4.
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P(I) Reference Inhibition
I

I+I1/2
Monod[53] no

I
Î
· e1−

I
Î Steele [69] yes

tanh( IIk ) Jassby and Platt [43] no

kαγδI
αβI2+αδI+γδ

Peeters and Eilers[23] yes

Table 1: Empirical functions for light limited photoresponse using irradi-
ance I and the parameters: Half saturation irradiance I1/2, max-
imum productivity irradiance Î, and characteristic irradiance Ik
(cmp. [3])

Today, the measurement of photosynthesis irradiance curves is

part of the standard toolbox for photosynthesis research. It can be

measured by monitoring cell numbers, CO2 consumption or oxygen

production in order to quantify the growth response of the algae to

different irradiances. It should be highlighted that PI curves – by

definition – imply a static interpretation of the growth response. This

is sufficient for the characterisation of the ecological niche of a species

but not for exact growth rate predictions in natural conditions.

Studies with dynamical light conditions

While PI curves are a static interpretation of the irradiance de-

pendency of photosynthesis, there also exists a certain number of

studies accounting variable light conditions. One of the most simple

approaches is to observe physiological changes during a Ligh-Dark

or Dark-Light transition, as it has been presented in a study of

Neidhardt et al. [55]. In their study, pigment evolution and other

charactersitics were tracked after High Light Low Light (HL-LL)

transition. Furthermore, the PI curve was measured before and after

14



the transition. Before the development of LED lighting, the creation

of precisely defined dynamical light signals for cultivation of microal-

gae has been a challenge. For the imitation of realistic illumination

patterns very innovative technical approaches were developed, such

as the experimental setup of Grobbelaar 1989 [33].

Recently, many studies have been carried out for the investigation

of the impact of fast LD cycles with LED lighting, such as Vejrazka

et al. [71] or Sforza et al. [66]. An important reason for this is

that the biological response of such rapid cycles is considered to

be the major factor for the potential increase in growth rate with

mixing frequency for large scale cultures. In this spirit, there is a

high number of studies focusing on an optimal design in order to

maximize this gain in growth rate while keeping energy input to

a minimum for specialized, high density Photobioreactors (PBR)

experimentally: Qiang & Richmond focus on flat panel reactors [64],

Doucha and Lívanský [19] on a special open design for biomass

concentration, while Barbosa et al. and Bosma et. al. [4, 10] focus on

bubble column reactors.
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Figure 5: Important dependencies in the model of Geider et al. [30]. In
particular: (A) Photosynthesis-Irradiance curve, (B) nitrate assimi-
lation rate vs. intracellular nitrate, (C) chlorophyll synthesis vs.
nitrate assimilation Rate, (D) respiration vs. nitrate assimilation
source: [30]

1.4 dynamic models for photosynthesis

The experimental findings from variable light conditions could

not be explained by static models and motivate the development

of dynamical models describing the growth of microalgae. In the

following paragraphs, several dynamical microalgae growth models

are presented. All of them target a specific time scale, either the

fast time scale of the photosynthesis process [23] or the time scale of

growth and acclimation [30].
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Geider’s Model for slow time scales

Geider et al. [32] developed a dynamic photosynthetic model

for the understanding of oceanic growth phenomena such as bloom

events. In the oceanic environment, the kinetics is slow while nutrient

limitation and temperature variation play an important role. The pro-

posed model includes mechanisms for nutrient uptake, chlorophyll

synthesis and temperature dependent photosynthetic production

and respiration. The model is built around some empirical prop-

erties which are widely accepted in the literature. Some of these

properties are presented in fig 5:

– The slope of the chlorophyll specific Photosynthesis Irradiance

curve is identical for different chlorophyll quota(see fig 5 A)

– Nitrate assimilation in the cells saturates at a certain level of

intracellular nitrogen, as in the Droop model.(see fig 5 B)

– Chlorophyll Synthesis is positively linked to nitrogen assimila-

tion and Irradiance.(see fig 5 C)

– Nitrogen uptake increases the respiration level in the cell due to

its energy demand.(see fig 5 D)

The model is based on mass balances for carbon(C), nitrogen(N)

and chlorophyll a(Chl). In the model, photosynthetic productivity

follows a Poisson function of irradiance I:

PCphot(I) = P
C
max(T,Q)

[
1− exp

(
−αChlθCI

PCmax(T,Q)

)]
(1.2)
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Whereas αChl is the Chl a-specific initial slope and θC is the Chl:C

ratio. The maximum photosynthetic production PCmax is a function

of the intracellular Nitrogen quota Q and of the Temperature T:

PCmax = PCref

[
Q−Qmin

Qmax −Qmin

]n
χ(T) (1.3)

In these equations, Qmin and Qmax represent the minimum and

maximum N:C quota. n is a Shape-factor for the nitrogen depen-

dency. χ(T) is a function of the temperature T .

Eq. 1.2 implies two important features of the model:

– Light saturated growth depends exclusively on the cellular nitro-

gen quota Q

– Light limited growth rate depends also on the Chl:C ratio θC

Alternative Formulations for Acclimation Dynamics

Bernard [7] presented a different formulation of the photoacclima-

tion dynamics including nutrient dynamics. His model is based on

the Droop model for nitrogen assimilation. For photoacclimation dy-

namics he introduced a variable İ∗, which is the current acclimated

light intensity. At all instances, I∗ approximates the received light

intensity:

İ∗ = δµ(q, I)(I− I∗) (1.4)

The chlorophyll content θ consequently appears as a derived value

from the variables for intracellular nitrogen quota q and I∗.

θ = γmax
kI∗

I∗ + kI∗
q (1.5)

18



Figure 6: Schematic of the three states model of Eilers and Peeters. X1 is the
open state, X2 the closed state and X3 the inhibited state (source:
[74])

Further, in his model the growth rate is defined as the following

function

µ(i, q, I∗) = µ̃
(
1−

Q0
q

)
I

I+
K∗sI
θ + I2/Kil

(1.6)

Remark that this formulation follows a Haldane curve [35]. The

coefficient Kil represents photoinhibition effects. Higher values of

this coefficient impose a pronounced decrease in the productivity

for high light irradiances. As the model of Geider, this formulation

assures as well a constant initial slope of the chlorophyll specific PI

curve for different acclimation states.
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Eilers Peeters’ model for fast and intermediate time scales

While Geider and Bernard among others provide models for the

slow timescales of of nutrient uptake and pigment adaption. For

rapid changes in the light conditions, there exists also approaches

featuring a mechanistic formulation for fast physiological responses.

Eilers and Peeters [22] presented a dynamic model to account for

the fast timescale of photosynthesis, and explain the photoinhibition

mechanisms. The model simplifies photosynthesis to the function

of "‘photosynthetic factories"’ which can be in three different states:

open(X1), closed(X2) and inhibited(X3). Transitions between these

states represent photochemical and enzymatic processes. Fig. 6

shows the three states and the transitions between them. The ex-

citation of the photosystems appears with the rate αI, while the

deexciation – respectively photochemical quenching – happens at

the rate γ. In addition to these transitions between open and closed

state, there is also an inhibition process (at the rate βI) which turns

photocenters from closed to inhibited due to overexcitation with

excess amounts of photons, and a enzymatic repair process at the

rate δ turning inhibited photocenters back to the open state. For the

steady state solution of the model one obtains:

p(I) =
kαγδI

αβI2 +αδI+ γδ
(1.7)

This is a classical Haldane shape [35] photosynthesis irradiance curve.

Eilers and Peeters furthermore propose extensions for temperature

dependence and oxygen consumption as a function of photoinhibi-

tion. However, a key result of their study is the following:
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"Our main finding is that static interpretations of pro-

duction [irradiance] curves are incomplete and confusing.

We feel that many of the controversies in the literature

about the existence and importance of photoinhibition

can be explained in this way. [...] [I]t is not appropriate

to search for sophisticated theoretical production curves,

except perhaps for steady state conditions. But steady

state conditions are rare in nature." [22]

This statement is based only on the dynamic nature of inhibition

processes. We will see in chapter 5, that adding acclimation processes

supports this conclusion even more.

The dynamical model for photoinhibition proposed by Han [36]

differs structurally only minimally from the model of Eilers and

Peeters. In fig. 7, its structure is presented. When comparing it to

the structure of Eilers and Peeters, it can be seen that it only differs in

the repair process transition, which turns the inhibited photocenters

back to closed state instead of open state as in Eilers and Peeters.

The steady state solution for both models as in eq. 1.7 is structurally

identical. Due to the seperability of the time scales in both models, all

other solutions should be quantitatively similar as well. Nevertheless,

analytical deductions might be different. The Han model and its

properties will be discussed in depth in ch. 4. It can be said that

the model of Eilers and Peeters [23, 22], respectively the model of

Han [36] is the quasi gold standard for the dynamic modelisation

of photoinhibition. To the author’s best knowledge, most recent

approaches are based on these. However, a recent study consider

single photon transitions and intermediate states replacing the linear

open/closed transition [76]. There exists a model by Esposito et al.

[25], which directly couples the model of Geider with the Han Model.
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Figure 7: Structure of the Han Model [36] showing the three state variables
open A, closed B and inhibited C and the respective transition
terms.

In order to simplify the structure they removed the fast dynamics of

the Han model. With their model the authors aim on the dynamics

in the ocean and shallow water zones.

García-Camacho’s dynamic model for photosynthetic productivity including

photoacclimation and -inhibition

In a recent study, García-Camacho [29] present a mechanistic

model including photoinhibition and acclimation. Their work adresses

an important research gap: The inclusion of mid-term and short term

processes in one physiological model. Fig. 8 shows a representation

of photosynthesis, illustrating the important processes which are

considered in their model. When comparing to fig. 6, it is obvious

that the structure of the Eilers and Peeters model builds the basis

for their approach.The constant transition rates for repair processes
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Figure 8: Schematic representation of Photosynthesis, as it is the basis for
the model of García-Camacho et al. [29] (source:[29])

and photosynthetic production are replaced by Monod functions in

order to describe these processes more precisely. For acclimation

processes, they choose a logistic approach, which allows for different

acclimation kinetics for HL-LL transitions compared to LL-HL tran-

sitions. Due to the complexity and the vast amount of parameters of

the model, however, it is hard to collect enough data to convincingly

validate it.

1.5 the effect on hydrodynamics on photosynthetic ef-

ficiency

Microalgae cultures typically have a very high particle density

which consequently causes also a high optical density. Due to mixing,

cells are continuously advected between dark area and bright regions.

Due to the dynamic nature of photosynthesis, this drastic changes in

23



light intensity received by the cells can lead to significant effects on

the growth rate.

This mechanism has led several authors to analyze flow patterns

and mixing by hydrodynamic models. Hydrodynamic modeling re-

sults are typically represented by time dependent velocity fields for

local water flows (Euler approach) or trajectories of single (virtual)

particles (Lagrangian Approach). Both results are equivalent, given

the formulations have a comparable resolution. Velocity fields pri-

marily allow for a macroscopic analysis of i.e. local dispersion or en-

ergy dissipation. Pruvost et al. [63] proposed an innovative toric PBR

design while presenting an in-depth analysis of its hydrodynamic

properties. By validation with Particle Image Velocimetry (PIV), they

ended up with a trust-able model which allows for the comparison

of different impeller models for mixing and the prediction of disper-

sion dynamics. On a macroscopic scale, these characteristics imply

how much energy must be invested for mixing in order to provide

good growth conditions. In a more recent work, Pruvost et al. [62]

presented an approach for coupling hydrodynamics with a biological

model using lagrangian particle trajectories using the toric reactor

design. Similarly to Luo and Al-Dahhan [50], they found that the

average light intensity which is calculated based on the trajectories

is different from the average light intensity for the volume. While

Luo and Al-Dahhan propose that this could be a measure to improve

efficiency of photobioreactors, Pruvost et al. show that this effect

is energetically inconsistent and that it indirectly results from the

non-equally distributed resistance time of the simulated particles in

the volume. Pruvost et al. consequently applied different strategies

to correct this factor and finally define consistent light profiles with

a static photosynthetic model. As they say, such a model does not
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account for flashing light effects. So finally they showed, that an

influence on the growth rate by design of the hydrodynamic proper-

ties can only be estimated using models which account for cycling

LD effects.

Sastre et al. [65] propose the application of a helical static mixer

for tubular PBR. They claim to reach very high Reynolds numbers

with this mixer. The objective of this extreme mixing is to provide

highly variable light signals for individual cells with high frequen-

cies. This high mixing frequency should stimulate dynamical effects

of photosynthesis, such as the flashing light effect. In a more detailed

CFD analysis by Perner-Nochta and Posten [59], it is shown that

indeed frequencies up to 1 khz in the light signals could be reached.

They document that with their approach near wall effects are not

well represented. This is remarkable, since Pruvost interpreted accu-

mulation at the walls as an indicator for nonhomogeneous particle

density. In chapter 6, we observe a similar effect using a completely

different model for hydrodynamics at the bottom of the raceway

volume. Considering models for radiative transfer and the overall

deduction of light signals, however, the distribution of the biomass

in the reactor plays an important role.

Regarding raceway pond culturing systems, modeling effort is

focused on the effect of macroscopic external parameters such as

temperature and surface light irradiance [42, 16]. The effect of mixing

has been empirically studied by CFD, and design improvements have

been proposed [48, 15]. However, these Eulerian approaches rely

on macroscopic consideration and do not take into account the

variability of the light signal on single cell scale. Therefore they

are not feasible in order to estimate which mechanisms play the
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important roles and what is the effect of mixing, beyond nutrient

homogenization.

The flashing Light effect

Short term fluctuations of light intensity can modify photosyn-

thetic activity. This effect was firstly described by Phillips and Myers

[44]. They found that growing cells illuminated with short light

flashes have shown a more efficient growth (Quantum Yield) than

under continuous illumination. The growth rate increase changes

with flashing frequency and the duration of light and dark periods

and can lead to a growth rate of up to 25 % [26].

Falkowski and Raven [26] present two possible physiological pro-

cesses as possible mechanics behind the flashing light effect: (1)

Enhanced post-illumination respiration and (2) the disequilibrium

between photosynthetic electron transport and the Calvin(-Benson)

cycle. The first hypothesis follows the logic that respiration increases

with light intensity, but also with the length of illumination. Effec-

tively, the respiration enhancement due to light exposure is claimed

to be much smaller for flashing light signals with high flashing fre-

quencies due to this reduced respiration rate. Indeed, Beardall et

al.[5] show that there is an increase of post-illumination dark respi-

ration which increases with the duration of the illumination phase.

The second hypothesis is based on the argument, that the Calvin

cycle is the bottle neck for the production in continuous illumination.

For sufficiently short light flashes, the ATP which is generated by

the electron which are produced during the light phase are sufficient

to aliment the comparably slow Calvin cycle throughout the dark

phase and allow for its continuous operation.

26



These two physiological mechanisms are not the only ones to be

considered to contribute to the flashing light effect. Iluz et al. [41]

proposes three other mechanisms to contribute as well: photoinhi-

bition, thermal dissipation and the xanthophyll cycle. According to

them, the amount of which each off these mechanisms contribute to

the flashing light effect will strongly depend on the conditions. Even

though all presented mechanisms are very different in nature, they

are all expected to lead to increased growth rate with flash frequency.

This is due to the fact that all of these effects create a negative feed

back with extended exposure to high light irradiances. For pho-

toinhibition this feedback effect is very plausible and simple: Long

term high irradiation periods increase photodamage and therefore

reduce the number of active photocenters. According to this, higher

flashing frequencies will reduce the photodamage due to the shorter

illumination period leading to a higher overall efficiency of the pho-

tosynthetic apparatus. Thermal dissipation, xantophyll cycle are

protective mechanisms which can mitigate the amount of photodam-

age short term by dissipating excess energy non-photochemically.

Especially photoinhibition and photoprotective mechanisms work

on similar time scales while both being negative feed back effects.

This makes it very difficult to identify the influence of one single

process in flashing light experiments.

For the creation of models this creates a difficult situation: Dif-

ferent mechanisms which are inseparable in their time scale will

lead to a similar behavior of the biological system. A model consid-

ering all possible mechanisms at once will consequently be highly

over-parametrized to the collectible data. What can be observed is

that many authors include only selected physiological mechanisms,

while describing the flashing light effect well e.g. [75]. This approach
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is acceptable for using the model as a predictive tool for growth rate.

Nevertheless, it should always be considered, that the validation

of the model is not a proof that the considered effect in the model

is actually the experimentally observed one. In this Thesis we will

exhaustively discuss and use the model of Han for photoinhibition.

Depending on the specific application, what is called photoinhibition

should be more appropriately interpreted as the sum of photoinhi-

bition and all other effects reducing photosynthetic production at

similar time scales.

1.6 objective of this thesis

This thesis investigates of the growth rate improvement effect from

mixing of raceway cultures. In this context, the influence of specific

hydrodynamic regimes on the response of dynamical biological

models is regarded. To approach this task four major challenges

have to be addressed: (1) Suitable dynamical biological models have

to be formulated, (2) The influence of dynamical light signals has

to be investigated, (3) Important macroscopic dependencies have

to be validated experimentally and (4) Hydrodynamics has to be

considered realistically as a basis for the estimation of realistic light

signals.

Ch. 3 presents an experimental study on the growth rate and

pigment evolution for LD cycles of different cycling frequencies.

This experimental study shows that microalgae photoacclimate in

the same way to signals with the same average light dose but dif-

ferent cycling frequencies. In ch. 4 we can show that the observed

flashing light effect can be well described by the proposed model for

photoinhibition and nutrient uptake. It appears, that this effect can
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contribute to growth rate increase by mixing. The observed evolution

of pigment content from ch. 3 has motivated the development of

the acclimation model in ch. 5. While this model shares important

properties with well known acclimation models, it includes photoin-

hibition processes. In order to assess the hydrodynamic conditions in

raceway systems realistically, the final study proposes the coupling

of a hydrodynamic model with a model for photoinhibition and

the derivation of the growth rate of the entire system based on this.

Apart from the signal cycling frequency, also the standard deviation

of the light signal has been identified to have an influence on the

overall growth rate.
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2
M AT E R I A L A N D M E T H O D S

By three methods we may learn wisdom: First, by reflection, which is

noblest; Second, by imitation, which is easiest; and third by experience,

which is the bitterest.

Confucius
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This chapter presents the material and the methods which have

been used during this thesis. Firstly, the experimental setup that has

been used to collect experimental data supporting then the model

developments is presented. The computer driven Marine Environ-

ment simulator [51] has been modified for this study in order to

generate the fast varying light pattern representing light fluctua-

tions at a single cell scale. The specific developments which have

been carried out are explained in paragraph Light supply. Secondly,

the simulation tool used to simulate the raceway hydrodynamics

is presented, providing estimations of the lagrangian trajectories of

microalgae cells inside the water volume.

2.1 experimental methods

In ch. 3, an experimental study on the growth of Dunaliella salina

is presented. An innovative experimental setup has been developed

and utilized for this. In the following paragraphs the methods

applied for this experiments are presented. These paragraphs are an

extended version of the Materials and Methods section of the article

manuscript.

2.1.1 Algae, growth medium and pre-cultivation conditions

Laboratory experiments were conducted with the Chlorophyceae

Dunaliella salina strain CCAP 18/19, from the Culture Collection

of Algae and Protozoa (CCAP) in sterile filtered F/2 medium [34],

prepared from aged, Mediterranean Sea surface water (38 g L−1)

collected at the permanent Point B SOMLIT station (43
◦
41,10’N
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and 7
◦
18,94’E). The seawater was filtered through 1 µm Durapore

filter mounted in an housing for single cartridge to eliminate the

majority of particles and stored in the dark at room temperature

for 2 months. Before use, the seawater was filtered through 0.1 µm

Durapore filter, then autoclaved at 120
°C for 30 min. After cooling

and sterile addition of macro- and micronutrients [34], the medium

was transferred to the photobioreactors through a 0.2 µm sterile

filter.

The strain was maintained and propagated in the same medium

in polycarbonate flasks. Pre-cultures were grown for at least 10

generations at 300 µE m−2 s−1 in the exponential phase in light-dark

(12:12) incubator (SANYO MLR-351) at 27
°C.

2.1.2 Experimental design

Growth experiments were performed in 8 aseptic, double-walled

borosilicate glass photobioreactors (SCHOTT DURAN) with a ca-

pacity of 600 mL. The reactors were placed in two experimental

chambers, each of them with two independent compartments. A

closed water circuit with a cryastat inside the double walls main-

tained a constant temperature of 27
°C in the reactors – a value which

is reported to be optimal for the growth of this strain [28]. Mag-

netic stirrers were used to homogenize the cultures. Bubbling was

provided with air filtered by a Whatman filter (0.2 µm). pH was

regulated at 8.3 using CO2 controller linked to pH sensors in each

culture [6]. The same conditions were applied to both vessels in each

compartment in order to duplicate the experiment.
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Light supply

Photobioreactors were illuminated with LEDs (Led SmartArray, 12

x Nichia LEDs, 6W; Lumitronix). 6 LEDs were identically set up in

each box on each side of the two cultures (fig. 9), connected to an

open-source electronics prototyping platform Arduino to generate

continuous light (CL) and flashed illumination (FL) at the desired

intensities and frequencies.

The Arduino board supplies a pulse width modulation (PWM)

signal as an output, which – using high power LED drivers which

were available at this time – would consequently lead to flickering

at frequencies between 100 Hz and 10 kHz. In the utilized setup we

used the Arduino board with the ‘LED shield’ from a small retailer.

The Arduino board allows for the free programming of any light

signal using 255 discrete intensities levels. Each LED shield supplies

4 high power LED drivers in order to apply a current to the LEDs

which is proportional to the input signal from Arduino. In order

to minimize the flickering effects from the (PWM) signal, the input

signal for the Drivers has been smoothed out by a RC Low pass

filter which is a feature of the LED shield. Control measurements

showed, that the light fluctuation amplitude from the PWM signal

was below 15 %, which is a reasonable result compared to 100 %

when not using the RC filter. The fact that the light signal is virtually

limitless customizable is an important feature for a follow-up studies,

in which more realistic light profiles can be.

For each experiment, the two duplicates in the right compart-

ment were exposed to continuous light (CLA/CLB), named there-

after 400A-cont and 400B-cont. Other photobioreactors were ex-

posed to flashing light in the three other compartments (FLA/FLB),
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Figure 9: Schematic representation of experimental setup. In each box of
this experimental chamber, grey rectangles indicate the position
of the light sources. In the right part of the chamber, the two
duplicates are exposed to continuous light (CLA/CLB).In the left
part, the two duplicates are exposed to flashing light (FLA/FLB)

named 800A∆tlight−∆tdark
and 800B∆tlight−∆tdark with pulsed light

conditions resulted in precise duration of flashes (∆tlight) and dark

(∆tdark).

2.1.3 Culture conditions

Turbidostat experiments were performed using a computer driven

culturing system [24]. In order to be able to supply the specific

light profiles for this study, the light device has been replaced by a

freely programmable LED system. This continuous culturing method

implies daily adjustment of the dilution rate to ensure that nutrients

are non limiting and to keep the cells at a constant density and in

replete condition. Culture medium was renewed with a peristaltic

pump to insure a constant culture volume, set at 500 mL. 8 peristaltic

pumps have been used. These experiments were performed to

determine the effects of different dynamic light signals on growth
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rate and several physiological properties. Cultures were kept at a

low optical density in order to reduce shelf-shading. All nutrients

(such as N, P, S, macronutrients) were provided in excess, so that

algae growth was limited only by light availability. To maintain a

constantly homogeneous light distribution in each culture during

the entire experiment, cultures were stabilized at 2 10
5 cells mL−1.

Measurements were conducted during two experiments for 17 days

and 16 days. Different light regimes with an equal average total

light dose were applied. The intermittent light regime consisted of

equal light-on (I=800 µE m−2 s−1) and dark intervals (L:D = 1:1),

and was compared with continuous light of equal mean irradiance

(I=400 µE m−2 s−1), close to the optimal intensity for the growth of

Dunaliella salina [28]. Flashed light signals (I= 800 µE m−2 s−1), with

a duration of lighting flash ∆t of 30 s (f=0.017 Hz), 15 s (f=0.033 Hz),

2 s (f=0.25 Hz) and 0.1 s (f=5 Hz) were applied. In addition, signals

with different LD ratios were applied: 2s of HL phase (I=1000 µE

m−2 s−1) with 3s of dark phase (L:D = 2:3) and 2s of HL phasee

(I=600 µE m−2 s−1) with 1s of dark phase (L:D = 2:1) are applied.

Consistently to previous studies [28], these light intensities do not

lead to inhibitory effect on Dunaliella salina growth. Irradiance was

monitored in 5 positions in each photobioreactor using a light meter

(Biospherical Instruments US-SQS/D) (fig.9).

All parameters listed thereafter were measured daily, starting on

day 1 for cell size and abundance and on day 4 for all others. The

tested light regimes are summarized in table 2.
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Experiment Condition code Light intensity f Flash time Dark time

(µE m−2 s−1) (Hz) (∆tlight) (s) (∆tdark) (s)

1 (17 days) 8002−2 800 ± 25.4 0.25 2 2

80015−15 800 ± 20.1 0.033 15 15

80030−30 800 ± 19.3 0.017 30 30

400-cont1 400 ± 21.5 - ∞ -

2 (16 days) 8000.1−0.1 800 ± 25.4 5 0.1 0.1

8002−3 1000 ± 20.1 0.2 2 3

8002−1 600 ± 19.3 0.33 2 1

400-cont2 400 ± 21.5 - ∞ -

Table 2: Description of light regimes tested employed for Dunaliella salina
growth in turbidostat culture. Alternating cycles of light and
dark have same integrated light intensity corresponding to 400

µE m−2 s−1 of continuous light. Pulsed light conditions resulted
in precise duration of flashes (∆tlight) and dark (∆tdark). Each
experiment was done in a biological duplicate in two independent
photobioreactors

2.1.4 Cell size and abundance

After inoculation, the changes in population density and mean

diameter were monitored in triplicates, using a Coulter Counter

Beckman (Multisizer 3) with a 50 µm aperture tube. In parallel, cell

abundance was also determined using a monitored liquid particle

counter (Hiac 9703+). Daily averages of the cells abundances of

turbidostat cultivations remained stable for consecutive days, which

indicates the equilibrium state of the cultures regarding growth rate

and dilution. In this setup, turbidostat cultivations in steady state

has been stabilized to 2 10
5 cells mL−1.

Based on the dilution rate (d, day−1) and the apparent growth

rate (µa, day−1), the specific growth rate (µ, day−1) was calculated

according to the following relation: µ = d + µa.
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2.1.5 Pigment extraction and analysis

Pigments were extracted and quantified from the algae starting

with day 4 of the cultivation period. Samples of 3 mL cell suspension

were taken from the reactors once per day and transferred to 10 mL

tubes wrapped with aluminium paper to prevent photobleaching

[47]. Extraction was done using 6 mL of 90% acetone per tube,

thereafter stored during 1 hour at -20
◦C. Cells were precipitated by

centrifugation at 2000 rpm for 5 minutes. Absorbance was measured

at 470 nm, 644.80 nm, 661.60 nm and 700 nm, corresponding to

absorption maxima of carotenoids, chlorophyll a and chlorophyll b

respectively [47], with a UV/Vis spectrophotometer (Perkin Elmer,

Lambda 2). Pigment composition is presented as the temporal

average ± SD of two replicates (four replicates for continuous light).

Concentrations of chlorophyll a (Ca), chlorophyll b (Cb) and of

total carotenoids (Cx+c) were calculated from the equations accord-

ing to Lichtenthaler [47]: [Ca] = 11.24A661.6 − 2.04A644.8 (µg mL−1

solution)

[Cb] = 20.13A644.8 − 4.19A661.6 (µg mL−1)

[Cx+c] = (1000A470 − 1.90Ca − 63.14Cb)/214 (µg mL−1)

2.1.6 Elemental stoichiometry

Samples (6.8 mL) were first filtered onto pre-combusted (4h at

450
°C) GF/C filters (Whatman) and then dried at 60

°C before anal-

ysis with a CHN analyser (2400 Series II CHNS/O - Pekin Elmer).

Nitrogen (pmol-N cell−1) and carbon (pmol-C cell−1) cells contents

37



were estimated using the cell abundance measured at the time of

sampling.

2.1.7 Lipid analysis

Total lipid concentration was quantified according to the Bligh and

Dyer’s method [9]. Samples of 200 mL cell suspension were precipi-

tated by centrifugation at 2000 rpm for 10 minutes. Then, cell pellets

were frozen and stored at -80
°C waiting for extraction. Two succes-

sive extractions with a monophasic mixture of chloroform:methanol:

salt water (1:2:0.8 v/v) were done. Chloroform and water were then

added for phase separation (2:2:1.8 v/v). The chloroform phase was

evaporated and total lipids (TL) were stored at -80
°C under nitrogen

atmosphere to avoid oxidation, until analysis.
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2.2 hydrodynamic simulation of raceway systems with

freshkiss

In ch. 6, the implementation ’FRESHKISS’ of a hydrodynamic

model for raceway systems is used for modeling light profiles of

single algae cells in raceway systems. The following paragraph

presents the basis of this approach.

In general case of a hydrodynamic system, the Navier-Stokes

equations have to be solved. For this task, there exists commercial

software like FLUENT and COMSOL which can solve complex flow

patterns using methods of finite difference, finite elements or finite

volumes.

The raceway pond has an open water surface. Open surfaces

complicate the problem considerably and demand for the solution of

the parabolic free surface Navier-Stokes equations [13]. As a matter

of fact, the treatment of these equations with classical methods lead

to issues regarding computation and can hardly guarantee important

physical properties such as the positivity of the water depth.

Bernard et. al. [12] therefore have suggested to use a modified

Saint-Venant system. This approach is possible, since the flow in a

raceway pond can be considered as a shallow water flow. They pro-

pose to use a ‘multilayer Saint-Venant System’, which is an approach

which is proven to feasible [2].

The Saint-Venant approximation is applicable for shallow water

volumes. In this approximation, the water velocity is averaged over

the (shallow) depth column z: u(x, z, t) = ū(x, t). The multilayer

Saint-Venant system considers a stack of such shallow water systems

and the water exchanges between these layers.
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To further simplify the calculus, the hydrostatic assumption has

been taken: no vertical acceleration exists apart from the direct

surrounding of the paddlewheel. The paddlewheel itself is simplified

as a volumetric force on the water, and can be decomposed in a

component in x and z direction:

Fwheel(x, z, t) = Fx(x, z, t)ex + Fz(x, z, t)ez (2.1)

With this force term, the 2D hydrostatic Navier-Stokes equations

are the following:



∂ρ

∂t
+
∂ρu

∂x
+
∂ρw

∂z
= 0

∂ρu

∂t
+
∂ρu2

∂x
+
∂ρuw

∂z
+
∂p

∂x
=
∂
∑
xx

∂x
+
∂
∑
xz

∂z
+ Fx(x, z, t)

∂p

∂z
= −ρg+

∂
∑
zx

∂x
+
∂
∑
zz

∂z
+ Fz(x, z, t)

Where (u,w) represents the velocity vector, p(x,z,t) is the pressure,

g the gravity acceleration and ρ the water density. Σij represents the

viscosity tensor. The first equation describes mass conservation, the

second impulse conservation and the third one energy conservation.

This system is then solved with the constraints: t > T0, x ∈ R and

zb(x) 6 z 6 η(x, t) with η(x, t) being the position of the open water

surface. For the calculus, the equations are resolved for each layer.

However, the average value of all layers for the velocity is used in

the consecutive steps u(x, z, t) ≈∑N
α=1 uα(x, t).

These equations have been discretized according to Audusse et.

al [2] and expanded to a 3D mesh representing the raceway. Fig.

10 shows a representation of the 2D mesh structure at the bottom

of the raceway. For the 3D simulation, this mesh consisting of
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3360 vertices has been extruded in 20 layers. The numerical solver

was implemented in C++ and needed approximately 2 weeks of

calculation for 60.000s of simulation time.

Fig. 11 shows the raceway volume superposed with information

of the velocity magnitude and an exemplary trajectory. In general,

the velocity field is calculated by the multi-layer Saint-Venant ap-

proach and trajectories are subsequently calculated by tracing virtual

particles assuming that they follow the velocity-field of the water.

Particles which – due to the time discretisation would exit the volume

are reflected by the boarders of the volume.

-7,5 7,5 

0

X

-2,4 

2,4 

0

Y

Figure 10: Picture and 2D mesh of the raceway system in INRA, Narbonne
(length = 15 m, width = 4,80 m)
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Figure 11: 3D representation of the water volume and its velocity field
in the numerical simolations. A particular trajectory is also
represented.
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3
L O N G - T E R M A D A P T I V E R E S P O N S E T O

H I G H - F R E Q U E N C Y L I G H T S I G N A L S I N T H E

U N I C E L L U L A R E U K A R I O T E D U N A L I E L L A

S A L I N A

Life is short, the art long, opportunity fleeting, experiment treacherous,

judgement difficult.

Hippokrates of Kos
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In this chapter, an experimental study on the long term reaction

of Dunaliella salina to LD cycles is presented. The objective is to

investigate reactions in the pigment content and the growth rate of

the algae to dynamical light conditions. The experimental conditions

are chosen adequately in order to quantify the increase in growth

rate for increasing light flashing frequencies – the flashing light

effect. The hypothesis that microalgae acclimate to the average light

dose, is furthermore put to the test by the presented study. Other

studies following the pigment evolution under controlled variable

light conditions for an extended time period of comparable length

do – to the authors best knowledge – not exist.

Experiments with flashing light stimulation of microalgae are

carried out for over 60 years now [44]. The recent development

of high power LED light sources however makes it a lot easier to

provide a setup for such an experimental study; Some recent studies

aim on the investigation of the response of microalgae growth to

flashing light signals [71, 66]. Both studies measure an increase in

growth rate with increased LD frequency; Due to lacking data about

chlorophyll content [71] or the relatively short growth phase [66],

these studies do not allow to distinguish acclimation from short term

effects.

For the experiment, we have developed a novel setup which is

presented in ch. 2. It uses a freely programmable microcontroller

(Arduino) in conjunction with high power warm white LEDs. Con-

tinuous cultures were kept in duplicates for an extended time period

and cell abundance, pigment evolution and other physiological pa-

rameters have been tracked for different LD cycle signals.
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Abstract

Biofuels from microalgae are a promising solution in a society in which renewable energy

development has become a major challenge. To compete with fossil fuels, it is necessary

to get high productivity at a lower cost. Research efforts are thus necessary to opti-

mize microalgal cultivation processes. Productivity is tightly related to photosynthetic

efficiency, and therefore to light availability at cell scale. In a highly turbid medium,

the light signal received by a single floating phytoplankton cell in a dense culture is

a succession of flashes. The growth characteristics of microalgae under dynamic light

conditions are thus fundamental information to understand nonlinear properties of the

photosynthetic process and to improve photobioreactor design and operation. Studies of

the long term consequences of dynamical light on photosynthesis require a very specific

experimental set-up; hence, available literature data on this topic is scarce. In order to

investigate the growth response of the unicellular photosynthetic eukaryote Dunaliella

salina (Chlorophyceae) to intermittent light exposure, different light regimes using LEDs

with the same average total light dose were applied in this study. Continuous illumination

and flashing light with different durations of light flashes (∆t of 30 s, 15 s, 2 s and 0.1 s)

were compared. Specific growth rate, photosynthetic pigment, lipid productivity and ele-

mental composition were measured for two duplicates of each condition using continuous

cultures. Under intermittent light specific growth of increasing frequency rate from 0.25

to 0.93 day�1 was measured. Photosynthesis efficiency has enhanced with light frequency,

while no significant differences in carbon specific and chlorophyll content were observed.

Pigment analysis shows that – within this range of LD frequency – cells photoacclimated

to the average light intensity.
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1. Introduction

The use of fossil fuels as a major form of energy is unsustainable since it is leading

to resources depletion and the accumulation of greenhouse gas in the environment (Höök

and Tang, 2012). Thus, the development of regenerative energy sources that can reduce

fossil fuel consumption and particularly petroleum derived transport fuels is a crucial

challenge (Chisti, 2008).

In the context of renewable energy, unicellular photosynthetic microorganisms (abu-

sively called “microalgae”) using photons as energy source to fix carbon dioxide (CO2)

have received specific attention. Because of their high biomass productivity and growth

rate (doubling times may be as short as 3.5h (Gordon R., 2012)), compared with terrestrial

plants, and the high lipid content of some species (up to 50% dry weight triacylglycerols

(TAG) (Amaro et al, 2011)), microalgae are currently promoted as a key player in the

third generation biofuel feedstock (Mata et al, 2010). Indeed, some species of algae which

grow in a wide range of aquatic environments (Hannon et al, 2010), have the capacity to

store high TAG quantities (Rodolfi et al, 2009) after nutrient starvation or exposure to

excess light. Microalgae cultures can mitigate industrial CO2 emissions while being inde-

pendent from fertile soil and do therefore not compete with agricultural food production

(Gouveia and Oliveira, 2009).

In industrial cultures phytoplankton growth is limited by light (Sarmiento and Gruber,

2006). The photosynthetic organisms are exposed to a variable and dynamic environment.

Particularly, hydrodynamics induce vertical motion which mixes the water column and

chaotically changes the position of individual microalgae cells and therefore the light they

receive. In artificial culture systems, the effect of this coupling between hydrodynamics

and biology is larger as changes in light perceived by cells can be very fast, with time

constants ranging from milliseconds to tens of minutes.

Microalgae are generally cultivated in open pond raceway systems or closed photo-

bioreactors (PBRs). Raceway ponds are shallow artificial culture systems (about 10-40

cm depth). Paddle wheels create a turbulent flow leading to a complex hydrodynamical

mixing. In such dense cultures, the high optical density leads to strong light gradients.

Due to intense turbulence and the strong light gradient, algal cells are exposed to time

varying light intensities (Pulz, 2001). Hydrodynamics determines the cell trajectories in

the medium and therefore, for given light conditions at the surface pond, the received
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light signal: individual cells move back and forth from high light to total darkness. The

light perceived by a single cell is thus a succession of rapid light/dark (L/D) changes

(Litchman, 2000; Perner-Nochta and Posten, 2007; Vejrazka et al, 2011; Boulanger et al,

2013). In heavily mixed photobioreactors, light signals experienced by cells were char-

acterized by fluctuation rates of up to 1 kHz (Perner-Nochta and Posten, 2007). Few

studies have so far been carried out in open ponds, in which realistic trajectories of cells

are still unknown.

To compete with fossil fuels, the use of microalgae has to reach high productivity

at a low cost. Research efforts are thus necessary to reduce the energy required for

mixing while improving productivity. The link between productivity and mixing, through

its effect on light supply at the cell scale, must then be elucidated as the pattern of

light delivery controls photosynthetic efficiency (Richmond, 2004; Posten, 2009). This

effect is even more important when dealing with photoinhibition occurring for outdoor

cultures inevitably exposed to high light intensities. Peak intensities from sunlight can

be as high as 1500 µmol photons m�2 s�1 (Litchman, 2000). One of the known causes

of photoinhibition induced by high light exposure is the production of highly reactive

oxygenic species and byproducts that induce photo-oxydative damages (Murata et al,

2007; Li et al, 2009). Increasing light intensities saturate the photosystem so that the

photosynthetic yield decreases. This inhibiting effect is counteracted by a repair process,

which works more slowly (Murata et al, 2007; Nixon et al, 2010).

Microalgae photoacclimate in order to adapt their light harvesting efficiency to the

available light. Photoacclimation operates through physical adjustment of the photosyn-

thetic system at the time scale as the cell growth. Such adaptation involves changes in cell

pigmentation or in structural characteristics such as adjustments in the number and/or

the size of photosystems antennas (Falkowski and Owens, 1980; Falkowski and LaRoche,

1991; Herzig and Dubinsky, 1992). An increase in cellular photosynthetic pigment content

(such as chlorophyll) is for instance commonly observed in strains grown under low irradi-

ances. Accordingly, pigment content decreases in cells exposed to high irradiances in order

to minimize photo-oxidation processes (Richardson et al, 1983; MacIntyre et al, 2002).

While photoacclimation in continuous irradiance conditions has already been studied and

documented (Herzig and Dubinsky, 1992; MacIntyre et al, 2002; Garcia-Camacho et al,

2012), acclimation mechanisms of the photosynthetic apparatus in fast and dynamic light
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condition have not been investigated experimentally. One important research question

is, whether algae exposed to flashing or fluctuating light acclimate to the peak intensity

or to an intermediate value. In raceways, irradiance fluctuations experienced by cells are

closely dependent upon the rotation speed of the paddle wheel. Hence, knowledge of the

photosynthetic response to fluctuating lights will shed light on the relation between the

energy input for the paddle wheels and the system productivity.

Data from the literature suggest that a rapid alternation between light and darkness

is beneficial to photosynthetic efficiency (Gordon and Polle, 2007; Grobbelaar, 2010; Ve-

jrazka et al, 2011; Sforza et al, 2012). In some cases of fast cycles, full light integration

has been shown, meaning that cells use flashing light and continuous light with the same

efficiency of equal average intensity (Phillips and Myers, 1954; Kok, 1956; Terry, 1986;

Grobbelaar et al, 1996; Matthijs et al, 1996; Nedbal et al, 1996). Nevertheless, the thresh-

old for this full light integration is not well defined as flash frequencies from 5 Hz to 1 kHz

have been reported (Kok, 1956; Terry, 1986; Matthijs et al, 1996; Nedbal et al, 1996).

The way algae respond to flashing light is still unclear and may well be species specific.

These time scales are representative of photobioreactors conditions, and the effect of light

fluctuation within a less intensely agitated raceway is less documented. So far, few data

have been reported on the photoacclimation of algae growth under flashing light, only

some studies evaluated flash effects only on short term based on photosynthetic oxygen

evolution (Kok, 1956; Grobbelaar et al, 1996; Nedbal et al, 1996; Brindley et al, 2011)

or without waiting acclimation (Vejrazka et al, 2011) or even in short-term batch (Sforza

et al, 2012).

This work focuses on the effect of light modulation on growth for Dunaliella salina.

Experiments were performed to understand if, for a given light dose, the pattern of light

exposure impacts growth rate and several physiological properties (pigments, lipids, ni-

trogen quota). The response to continuous or intermittent light regimes with different

frequencies has been studied in long-term turbidostat experiments. Photosynthetic re-

sponse and photoacclimation processes have then been compared.

2. Materials and Methods

Materials and Methods can be found in ch. 2.1.
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3. Results

3.1. Growth of Dunaliella salina as a function of flash modulation frequency

The experiment showed strongly consistent results between the two duplicate cultures

of each light condition. Unless otherwise specified, results are provided as average values

between the two duplicates cultures.

3.1.1. Specific growth rate

Growth rates measured for the different light regimes during turbidostat experiments

can be found in table 1. The specific growth rate increased with the cycle frequency,

with a highest value of 1.03 � 0.048 day�1 (mean � SD, n=4) observed under continuous

illumination. Under intermittent light, when L/D frequency increased from 0.017 Hz to

5 Hz, Dunaliella salina presents specific growth rates ranging from 0.25 � 0.029 to 0.93�

0.033 day�1 (mean � SD, n=2), i.e. from 1.1 to 4 times lower than continuous light

(Fig. 1). A Tuckey test shows that each condition leads to a growth rate value which is

significantly different from each other condition with a 95% confidence level (α � 0.05;

F0.05,3.8=4.07, F=14.49, P=0.001, ANOVA and Tuckey HSD test).

Condition code f (Hz) µ (day�1) (� SD)

80030�30 0.017 0.25 � 0.03

80015�15 0.033 0.44 � 0.01

10002�3 0.2 0.65 � 0.04

8002�2 0.25 0.73 � 0.02

6002�1 0.33 0.78 � 0.03

8000.1�0.1 5 0.93 � 0.03

400-cont - 1.03 � 0.05

Table 1: Specific growth rate under continuous and flashing light conditions. Each experiment was done
in a biological duplicate in two independent photobioreactors

3.2. Chlorophyll content

Chlorophyll a content and C:Chl a ratio are presented in figure 3. In all treat-

ments, Chl a cell content increased for nine days before stabilizing at 4.21 � 0.24 pg

cell�1 in average (Fig. 2). Dunaliella salina presents Chl a content ranging from 4.08

� 0.24 (8002�1) to 4.53 � 0.29 pg cell�1 in continuous light (mean � SD) (Fig.3).

An ANOVA test shows that there is no significant difference between each conditions

(α=0.05; F0.05,6,63=2.25,F=2.12,P=0.012). C:Chla ratio (µgC/µgChla) ranged from 26.2

� 7.15 to 33.7 � 6.1.

50



Figure 1: Evolution of specific growth rate µ for reference and flashing light experiments. Results are
provided as average values between the two duplicate cultures of each light condition (� SD)
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Figure 2: Dynamic effect of various illumination conditions on Chlorophyll a content (pg cell�1) of
Dunaliella salina cells cultivated in turbidostat reactors. Results are provided as average values (� SD)
between the two duplicate cultures
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Figure 3: Chlorophyll a cell content (pg cell�1) (left ordinate, black bar plots) and C:Chl a ratio (right
ordinate, grey bar plots) of Dunaliella salina under different light regimes for two independent photo-
bioreactor runs. Results are provided as average values (� SD) between the two duplicate cultures after
the equilibrium
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Figure 4: Carbon cell content (pmol-C cell�1) (left ordinate, black bar plots) and molar C:N ratio
(right ordinate, grey bar plots) of Dunaliella salina under different light regimes for two independent
photobioreactor runs. Results are provided as average values (� SD) between the two duplicate cultures
after the equilibrium

3.3. Carbon and nitrogen stoichiometry

The same homogeneity is observed in carbon and nitrogen cells content (Fig. 4).

Carbon cell content ranged from 9.96 � 1.37 (FL2�3) to 11.8 � 1.22 (FL0.1�0.1) pmol-

C cell�1. The molar C:N ratio of Dunaliella salina presented values from 7.73 � 0.51

(80030�30) to 8.64 � 0.85 (8000.1�0.1).

3.4. Lipid content

In figure 5, the results for the lipids/C (µgLipids/µgC) ratio of Dunaliella salina as

a function of growth rate µ are presented. The total lipid content increased with the

growth rate increase, with a highest value of 0.76 � 0.09 µgLipids/µgC (mean � SD,

n=4) observed under continuous illumination (µ = 1.03 � 0.05 day�1). The total lipids

content increased from 0.16 � 0.001 to 0.24 � 0.004 µgLipids/µgC between 0.25 day�1

(80030�30) and 0.73 day�1 (8002�2). Finally, between 0.78 day�1 (8002�1) and 0.93 day�1

(8000.1�0.1), cells contained 0.47 � 0.14 to 0.51 � 0.086 µg cell�1.
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Figure 5: Lipids/C (µgLipids/µgC) ratio of Dunaliella salina as a function of growth rate µ. Different
colors indicate the light conditions: (blue) 50% illumination, (magenta) continuous light, (green) 2s/3s,
(red) 2s/1s
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4. Discussion

The data which have been presented in this study investigates important physiological

characteristics of Dunaliella salina such as growth rate, pigment and lipid content. We

carried out the experiments with continuous cultures in turbidostat operation at (con-

stant) low cell density (2 105 cells mL�1). Due to the low cell density and the illumination

of the culture from different sides, it was possible to maintain homogeneous light distri-

bution in the reactors for the full duration of the experiment (two weeks). Carrying out

such experiments in batch mode would not have been possible since variations of cell

density, and hence of light distribution would have perturbed the results. Since photoac-

climation processes takes more than a week, the turbidostat operation is essential for

tracking physiological evolution in a constant cell environment.

4.1. Effect of light flashes frequency on cellular growth of Dunaliella salina

The first clear effect of the light frequency on Dunaliella salina, at a given light dose

can be observed on the division rate. In turbidostat cultures maintained at equivalent

cell densities the specific growth rate increases with increasing flash frequencies (from

0.25 to 0.93 day�1), with continuous light yielding the highest growth rate (1.03 day�1).

This maximum growth rate is besides higher than commononly reported in literature,

generally less than 0.7 day�1 for this species (Garćıa et al, 2007; Mendoza et al, 2008).

Flash frequency affects the short term photosynthetic efficiency and has an effect

on the long term growth of microalgae. Terry (Terry, 1986) described such improved

photosynthetic efficiency with increased light flash frequency as the result of the ”light

integration effect”.

Electron turnover processes are an important mechanism conditioning operations of

the photosystems II. These processes are the first step in the electron transport chain and

describe cycles between the photon-induced excitation of reaction centres and the subse-

quent electron separation, which implies de-excitation. After de-excitation the reaction

centre is ready for the absorption of a new photon. If new photons are absorbed during

the phase of de-excitation, the energy has to be dissipated thermally. The efficiency of

the turnover process is optimal if reaction centres always receive photons shortly after

de-excitation, while not receiving any in saturated state. The electron turnover, which is

the first step in photosynthetic production, has a time scale of about 10 ms (Falkowski

and Raven, 1997; Malcata, 2011). For cycle lengths much shorter than 10 ms, full light
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integration can be expected. For full light integration, the growth rate for the LD signal

equals the growth rate for continuous light with the average light intensity. In our study,

full light integration was not achieved, but for the highest frequencies we approximate

this condition. Growth rates for the LD signals have been measured inferior to those for

continuous illumination, while approaching this value with increasing frequency. For cycle

lengths much longer than the electron turnover time the increase in growth rate cannot be

explained by the light integration effect alone. One mechanism for lower frequencies is the

possibility that the excess energy from the flash might be stored in electron pools which

are a part of subsequent reactions. This energy pool can be a combination of the plasto-

quinone pool, NADPH or reduced compounds of the Calvin cycle (Vejrazka et al, 2011).

During the light phase, this pool gets filled and during the dark phase the slower dark

reactions synthesize ATP using the stored energy. Furthermore, short term photoprotec-

tive mechanisms such as the xanthophyll cycle might intensify efficiency improvements

from flashing light. Extended exposure to higher light intensities for lower cycle frequen-

cies can lead to increased thermal dissipation rates and thus lower the photosynthetic

efficiency (Casper-Lindley and Bjrkman, 1998; Iluz et al, 2012). In the present study, a

deeper analysis of the photosynthetic yield and non photochemical quenching would be

necessary to conclusively identify the physiological mechanism behind this growth rate

increase.

Mathematical modelling can also help to understand the response to light frequency.

Simple models describing the state of the PSU in a caricature way (open, closed, inhibited)

have been developed (Eilers, P H C and Peeters, J C H, 1988; Han, B P, 2001). The

transition between these theoretical states is straightforwardly related to the incident

photon flux. The mathematical analysis of these models reveals that photosynthetic

efficiency increases with frequency of light supply (Hartmann et al, 2014). To get a more

mathematical intuition of reasons of this increase, two extreme cases can be considered.

The first one is an extremely fast alternation between dark and light intensity I, so that

the cells cannot make the difference with continuous light. This explains that the growth

rate, when frequency is very high, tends to the one obtained with continuous light at

the average light intensity Ī � I
2
. The growth rate (denoted µpIq for a constant light

intensity I) is then µpĪq. For a very low frequency, the situation is inverse. Considering

a very slow alternation of light and dark periods – for example with light duration in the
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range of hours – the transient period between these two regimes can be assumed to be

negligible compared to light period. During the light period, growth rate is µpIq while it

is zero for dark period. Finally, the average growth rate is µpIq
2

. This is the lower limit of

the growth rate for very low frequencies. Finally, because of the concavity of the growth

response µpIq (considering non inhibiting light ), the property µpIq
2
¤ p I

2
q can be verified

(Hartmann et al, 2014). This explains why the slow varying regime is less favourable for

growth.

This analysis shows that the static growth response to light can explain the observed

increased of average growth with cycling frequency. Another way of explaining this, is to

consider the yield of light use, defined by ηpIq � µpIq
I

. Fig. 6 shows the evolution of the

photosynthesis yield assuming that the growth rate µpIq can be represented by a Haldane

model (Bernard, 2011). This yield is constant (and maximum) for low light, and then

it decreases with the light intensity. The different lines in the figure indicate the yields

during the light phase, for the different light conditions. The expected yield for all flashing

conditions is inferior to the continuous light condition (magenta). Distributing double of

photon flux (2I = 800 µE m�2 s�1) with I = continuous illumination = 400 µE m�2 s�1)

on 50% of the time is less efficient as a photon flux which is equally distributed on the

time interval: ηp2Iq   ηpIq. As a consequence, the average growth rate µpIq � ηpIqI is

lower for the LD signal:
1

2
ηp2Iq2I � ηp2IqI   ηpIqI

Analogously, a light signal, of average Ī where a fraction p of the time is illuminated,

leads to a light phase intensity I � Ī
p
. The average growth rate is thus:

¯� pηp
Ī

p
q
Ī

p
� ηp

Ī

p
qĪ

For constant average light Ī, µ̄ is thus an increasing function of the proportion p of the

time where light is on. As a consequence, the signal 1000-2-3 should lead to a lower

growth rate than the signal 600-2-1. Unfortunately, the experiment 1000-2-3 can only be

compared to the experiment 600-2-1 which is at the same time at faster frequency and

better yield: the better yield for this 600-2-1 is explained by these two factors which both

contribute to photosynthesis enhancement.
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Figure 6: Caricatural representation of the photon efficiency as a function of light intensity following the
Haldane model. The different experimental culturing conditions are indicated as lines (magenta) cont.,
(red) 2s/1s (green) 2s/3s (blue) conditions with LD phases of equal length.
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4.2. Effect of flash frequency on pigment content and on the biomass production

In the natural environment, slow light variations induce a physiological response of

the photosynthetic system to optimize the light harvesting efficiency of photosynthetic or-

ganisms. Photoacclimation describes these phenotypic changes of algae to light variations

(Falkowski and LaRoche, 1991). Cells are thus known to actively adapt cell pigmenta-

tion, biochemical composition (such as Chl:C and C:N ratios) or structural characteristics

such as adjustments in the number and size of photosynthetic units when irradiance is

constant for hours to days (Falkowski and Owens, 1980; Herzig and Dubinsky, 1992). An

increase in cellular photosynthetic pigment content (such as chlorophyll) is commonly

observed in strains grown under low irradiances. Accordingly, pigment content decreases

in cells exposed to high irradiances in order to minimize photo-oxidation processes (Mac-

Intyre et al, 2002; Havelková-Doušová et al, 2004). Cellular photosynthetic pigment is

thus a main indicator of the state of light acclimation of the cells. This phenomenon

has already been documented in continuous irradiance conditions (Herzig and Dubinsky,

1992; MacIntyre et al, 2002). However, acclimation mechanisms and time scales of the

photosynthetic apparatus under flashing light had not been studied.

From a dynamical perspective, the results of these experiments highlight the kinetic

adaptation in microalgae. The acclimation period until the equilibrium pigment content

was reached had a length of nine days for each light conditions. It has – to our best

knowledge – never been measured before for a comparative number of different cycle

frequencies.

From a static perspective, the presented results show no immediate effect of the LD cy-

cle frequency on the pigment content and therefore the final state of acclimation at same

total light dose after equilibrium. Chlorophyll a cell content and Chlorophyll/carbon

(Chl:C) ratio are independent of light frequency. It can therefore be assumed that for

these fast varying light signals only the average light dose matters for the final acclimation

state. Exposed to flashing light, cells acclimate to the average light intensity indepen-

dently from fluctuations. This result coincides with predictions from dynamical models

(Bernard, 2011) but is verified experimentally for the first time. Acclimation processes

were too slow to follow the light signal generated. Indeed, genetic regulation of pigment

synthesis are processes working on time scales which are much slower (hours to days)

than the frequencies used in this study (Kana et al, 1997).
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Acclimation to average light intensity is also confirmed by the intracellular concentra-

tions of carbon, whose values are independent of light variations after equilibrium. Light

is a major determinant not only for carbon (C)-fixation, but also for the cellular content of

major elements like nitrogen (N) (Hessen and Anderson, 2008). Carbon/nitrogen (C:N)

ratio is used as an indicator of phytoplankton physiological state (Redfield, 1963; Pahlow,

2000). This molar C:N ratio of Dunaliella salina has been unaffected by light variation

frequency in our study. This result is coherent with model predictions indicating that the

ratio is constant and represented as a static function of the mean light intensity (Fasham

et al, 1990; Doney et al, 1996; Faugeras et al, 2003).

4.3. Effect of flash frequency on the total lipid content

The relationship between light availability and lipid storage is complex, and many

parameters influence the ability of algae to produce lipids. While the effect of nitrogen

deprivation on lipid synthesis is well documented (Rodolfi et al, 2009), the influence of

flashing lights has been rarely studied.

It seems that total lipid content is directly correlated to the average photosynthetic

efficiency (c.f. 5). The highest lipid content appears for continuous light, and in a lesser

extend for the high frequency light variation (0.1s/0.1s). The slowest LD alternation

provided the lowest lipid amount as it provided the lowest growth rate.

A direct consequence of this point is that optimizing lipid productivity should be

carried out in this spirit: the metabolic stress derived from change in light condition

should enhance photosynthesis efficiency.

4.4. Upscaling to real systems and future work

Throughout the experiment, LD cycles were used in order to mimic the effect of mixing

in large scale culturing systems. In this framework, the cycling frequency represents

the mixing speed of the medium. Even though sketchy, this representation helps to

understand the complex dynamical processes of photoinhibition and photoacclimation,

but it is probably risky to extrapolate to the real smoother light signal perceived by a

single cell. Hence, such results may indicate that increasing the mixing rate enhances the

photosynthetic yield. However, this increase stays moderate since typical velocities in a

raceway are between 0.1 and 0.5 m/s. The extrapolation of the response curve on Figure

1 for L/D in the range of minutes, would imply that while multiplying the frequency by

5, a maximum increase of the growth rate by less than 30% is expected. However, the
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energy input for the multiplication of the velocity by 5 – thus increasing the mixer speed

– scales superlinearly (energy loss is often assumed to be proportional to the power of

three of the fluid velocity). This may reduce the interest of trying to increase productivity

in raceway by enhanced hydrodynamics.

5. Conclusion

Data characterizing the long term response of photosynthesis to dynamic light signal

are scarce. Such processes are often described along a single factor, such as light in-

tensity, pre-acclimation state or biomass concentration. What reveals this study is that

to understand the global picture, these factors must be considered simultaneously, and

the response to light pattern must be addressed in a 3 dimensional state-space (acclima-

tion state, light dose, LD cycle frequency). While it is already impossible to cover all

possible signals in this framework with ordinary growth experiments, the task becomes

infinitely complex when using more realistic light signals i.e. derived from hydrody-

namic simulations (Perner-Nochta and Posten, 2007) or adding day night cycles. For

the understanding on dynamic effects in photosynthesis, it is thus essential to couple the

experimental work to a modelling approach. Indeed, once models have been calibrated

(Hartmann et al, 2014), it becomes imaginable to explore this 3D space through extensive

simulation, and infer inherent properties on the cell photosynthetic efficiency when faced

to realistic dynamic light signals.
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4
T H E E F F E C T O F P H O T O S Y N T H E S I S T I M E S C A L E S

O N M I C R O A L G A E P R O D U C T I V I T Y

Mathematics is a game played according to certain simple rules with

meaningless marks on paper.

David Hilbert
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In this chapter, the theoretical response of the photosynthetic

apparatus to rapidly varying light signals is studied. The objective

is to understand – using a dedicated model for rapid time scales

– the impact of the light supply on photosynthesis efficiency and

especially the productivity enhancement with increased mixing rate.

In this context, we have used the Han model as it is presented in

Chapter 1, which considers three possible states of the photosystems:

open, closed and inhibited. The transitions between the different

states are functions of the photon flux. The mathematical analysis

of this model, when considering periodic LD signals gives a hint on

the effect of photon supply frequency on productivity and explains

the decrease of growth rate at high light intensities. Similar studies

have already been carried out by Wu and Merchuk [73] who used

the very similar model of Eilers and Peeters [23], to describe the

fast time scale processes of photosynthesis. Later on, Papáček et al.

[58, 57] provided analytical solutions for periodical LD cycles with

any ratio and intensity of the light dark cycles.

The presented approach goes beyond the analysis of the response

of the Han model to LD cycles. It also relates photosynthetic activity

to growth using the Droop model [20], to account for slower time

scales for nitrogen and carbon acquisition processes. The model

is finally analyzed assuming (1) slow fast approximation, stating

that some fast variables can reach their pseudo steady state during

the phases where light is constant (2) averaging properties, stating

that slow variables only adapt to the average value of a fast varying

signal.
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Abstract Microalgae are often seen as a potential biofuel

producer. In order to predict achievable productivities in

the so called raceway culturing system, the dynamics of

photosynthesis has to be taken into account. In particular,

the dynamical effect of inhibition by an excess of light

(photoinhibition) must be represented. We propose a model

considering both photosynthesis and growth dynamics.

This model involves three different time scales. We study

the response of this model to fluctuating light with different

frequencies by slow/fast approximations. Therefore, we

identify three different regimes for which a simplified

expression for the model can be derived. These expressions

give a hint on productivity improvement which can be

expected by stimulating photosynthesis with a faster

hydrodynamics.

Keywords Microalgae � Photosynthesis � Modeling �
Photoinhibition � Biofuel

Introduction

Microalgae have received a specific attention in the

framework of biodiesel production and renewable energy

generation since a decade. Their high actual photosynthetic

yield compared to terrestrial plants (whose growth is lim-

ited by CO2 availability and access to nutrients) could lead

to large potential algal biomass productions which is orders

of magnitude higher than biofuel from field crops [30].

After a nitrogen limitation, this biomass can reach a very

high lipid content (up to 60 % of dry weight [18]). These

possibilities have led some authors to consider that mic-

roalgae could be one of the main biofuel producers in the

future [7, 14]. Moreover, the ability of microalgae to fix

CO2 in a controlled way opens up applications in mitiga-

tion systems [1, 20]. Microalgal biofuel production systems

could therefore be associated with industrial powerplants

with a high CO2 production. In the same spirit, microalgae

could be used to consume inorganic nitrogen and phos-

phorus, and improve wastewater treatment technology [26].

These advantages put microalgae in a good position for

renewable energy production at large scale [7]. In the

coming years there might be large scale industrial plants to

produce microalgae. However, the culture of algae is not

straightforward and suffers from many limitations [5, 22].

As a matter of fact, growth rates in mass cultures are often

reduced due to an excess of light which is inhibiting the

photosynthesis process. Consequently, productivity is often

below its optimal value. Better understanding photoinhi-

bition and therefore improving growth efficiency of the

algae is a key issue. The dynamics of photoinhibition has

been described by models [10, 11, 13], but its effect on cell

cultures is challenging to predict since photoinhibition is a

dynamic mechanism. The level of photoinhibition experi-

enced by a cell does not depend only on the level of light
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intensity that the cell is exposed to, but as well on the

length of exposure. The damaging effect of photoinhibition

is counterbalanced by a recovery process that also needs to

be considered. In most cultivation systems, the light

intensity that cells are exposed to constantly varies as cells

move within the culture due to mixing. It should therefore

be possible to optimize the hydrodynamics regime to

minimize the effect of photoinhibition. Another difficulty is

that the level of photoinhibition has an impact on the rate

of nitrogen uptake, even under nitrogen-limiting condi-

tions. In order to account for this interaction between

photoinhibition and nitrogen absorption, this study aims at

analyzing the Han photoinhibition dynamics model cou-

pled with the Droop model for nitrogen consumption.

The Droop model [8, 9] has been widely studied and

proved to accurately reproduce situations of nitrogen lim-

itation [4, 9, 25]. The Droop model has been validated for

the prediction of microalgal growth in the case of nitrogen

limitation for biodiesel production [17].

This paper is organized as follows: In a first part, we

recall the Droop model. Secondly, we introduce the light

influence in this model. In a third part, we propose analytic

approximations of the model for the whole frequency

range. In the last part, the applicability of the model and the

approximations are discussed.

The Droop model

The Droop model has been proven to appropriately repre-

sent the effect of macronutrients, such as nitrogen on the

growth rate of microalgae [9]. It is known to predict a

unique non trivial equilibrium if the culturing conditions

(i.e. influent concentration of nitrogen sin and dilution rate

D) are kept constant [3, 15]. In contrast to the simpler

Monod model [19], the Droop model considers a depen-

dence of growth on the intracellular nitrogen concentration

or quota q. This defines nutrient uptake and growth as

uncoupled processes. In the following, the differential

equations present a modified version of the Droop model

(as in [2]) representing the evolution of the biomass

(x) with an inorganic nitrogen substrate s.

ðDÞ
_s ¼ Dsin � qðs; qÞx� Ds

_q ¼ qðs; qÞ � lðqÞq
_x ¼ lðqÞx� Dx

8
<

:
ð1Þ

In this model the absorption rate q(s, q) and growth

rate l(q) are generally defined as Michaelis–Menten and

Droop functions:

qðs; qÞ ¼ q0

s

sþ Ks

� ð1� q=QlÞ ð2Þ

lðqÞ ¼ l0ð1�
Q0

q
Þ ð3Þ

where Ks is the half saturation constant for substrate uptake

and Q0 the minimal cell quota. At the quota Q0, the growth

rate equals 0. In Eq. (1), a factor (1 - q/Ql) is introduced to

account for the down regulation of the uptake when the

quota becomes high. It thus limits the internal quota to the

following interval [2]:

Q0� q�Qm�Ql ð4Þ

Qm is the maximum cell quota which is obtained in

conditions where nutrients are not limiting. As a direct

consequence, the growth rate is also bound:

0� lðqÞ\lmax ¼ l0ð1� Q0=QmÞ ð5Þ

where lm is the maximum growth rate reached in non

limiting conditions. The parameters of the Droop model

can be estimated well with growth experiments under

nutrient limiting conditions [2]. The Droop model has been

widely studied [3, 15, 28] and validated [4, 9, 25, 28].

However, it cannot directly be used for the description of

photobioreactors or raceways since it does not account for

light limitation.

Integration of the photosynthesis time scale

In a microalgae culturing device, the light perception of a

cell can vary at a time scale faster than the inherent uptake

and growth time scales of the Droop model [16, 21]. The

fast dynamics of the photosynthetic processes within the

chloroplasts have thus to be taken into account. On a

molecular scale two photosystems types (denoted PSI and

PSII) are involved in the photon harvesting process [27].

The photosynthetic production is triggered by the simul-

taneous excitation of both photocenters. In the Han model

[12], it is assumed that the activation of the second pho-

tosystem (PSII) is the limiting factor in photosynthetic

productivity. These photosystems can be damaged by an

excess of energy due to an excess of absorbed photons. The

key proteins within the photosynthetic units (PSUs) can be

however repaired at a slow rate. Photosystem damage and

recovery are the two main processes which drive the

dynamics of photoinhibition.

The PSII is assumed to be in one of the three states:

open (A), closed (B), or inhibited (C). Open PSUs may be

excited by photons, trigger the photosynthetic process, and

turn to the closed state. The turnover rate for this process is

the product of the PSII’s cross-section r and the light

intensity I. A closed PSU may return to an open state at the

rate 1
s, whereas s represents the turnover time of the

18 Bioprocess Biosyst Eng (2014) 37:17–25
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electron transfer chain. If facing excessive radiation, a

closed PSU can also be destroyed by incident light. The

rate for photoinhibition processes is defined by the product

kd r I, kd being the PSII’s damage parameter. Inhibited

PSUs can be repaired by chemical processes in the cell at a

constant rate kr. The equations for the three states

(according to [12]) consequently are:

dA

dt
¼ �IrAþ B

s
ð6Þ

dB

dt
¼ IrA� B

s
þ krC � kdrIB ð7Þ

dC

dt
¼ �krC þ kdrIB ð8Þ

A, B, and C are the relative frequencies of the respective

states, the sum of A, B, and C is therefore 1 and the system

can be completely described by two equations only.

To couple this model with the Droop model, we consider

that growth rate results from the product of the total cross-

section of the cell PSUs in open state (resulting thus from their

number and size) and light. In line with the Droop model, we

assume that the PSUs number and size are related to the

internal nitrogen quota with a Droop relationship. In that

spirit, the Droop relationship can be seen as a factor

describing the total cross-section of all PSUs. As a conse-

quence, the total cross-section of productive PSUs is assumed

to be proportional to r 1� Q0

q

� �
A:The growth rate in terms of

inorganic carbon fixation rate is then proportional to the

product of the light intensity I with the total cross-section of

the active photocenters.

lðI; A; qÞ ¼ lm 1� Q0

q

� �

� rIA ð9Þ

where lm is a parameter such that lmrI0A = l0 for a constant

light I0, and the associated fraction of open states A.

In the following considerations, only 2T-periodic light is

studied. Assuming state periodicity, we can compute:
Z

2T

_Adt ¼ �
Z

2T

IrAdt þ
Z

2T

B

s
dt ¼ 0 ð10Þ

Since A is periodic, we have then:

IAr ¼ �B=s

where IA and �B denominate the mean values over one

period. Following this equation, �B can be used as an

indicator for the photosynthetic productivity; by definition

it is bound in the interval [0,1].

�B ¼ IArs: ð11Þ

In the following section, we will compute �B as a function of

the light intensity and frequency. Depending on the frequency

domains, two approximations (�Bslow and �Bfast) will be given.

Model analysis

Motivation

In this section, the mathematical behavior of the Droop–

Han model under periodic forcing of light is investigated. It

is worth noting that the time scales associated with the

kinetics of light response and nitrogen consumption differ

by several orders of magnitude. Indeed, the excitation/

relaxation and photodamage/recovery processes have time

scales slower than the hour, while the nitrogen uptake has a

time scale of hours to days [2]. As a result, using quasi

steady state approximations [24], the analysis of the

Droop–Han model will be performed in two steps. First,

the light-response will be discussed, and then the effect of

nitrogen consumption on this light response will be

investigated.

The light response of the model implies two additional

time scales of very different magnitude. It can thus be

identified as a slow/fast system which can be approximated

using singular perturbation theory [24].

Light Response

We rewrite the Han model using B = 1 - A - C, it is a

system with slow/fast time scales:

dA

dt
¼ �ðrI þ 1=sÞAþ ð1� CÞ=s ð12Þ

dC

dt
¼ kdð�ðkr=kd þ rIÞC þ rIð1� AÞÞ ð13Þ

which can be written in the classical form of a slow/fast

system:

_x ¼ � � ðMxþ bÞ ð14Þ

� ¼
1 0

0 kd

� �

; b ¼
1=s

rI

� �

;

M ¼
�ðrI þ 1=sÞ �1=s

�rI �ðkr=kd þ rIÞ

� � ð15Þ

Using an exemplary parameter set as shown in Table 1,

the absolute values of the entries of M and b are in the

range 0.1–6 whereas kd is on the order of 10-4.

Table 1 Model parameters according to [31]

Parameter Value Unit

kr 4:8� 10�4 s-1

kd 2:99� 10�4 �
1/s 0.1460 s-1

r 0.0019 m2/(l mol)

I0 2,000 lmol s�1m�2

Bioprocess Biosyst Eng (2014) 37:17–25 19
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This shows that the system of Eqs. (13, 14) has a slow/

fast dynamics with a time scale ratio of kd. The dynamics

of C is more than a factor 1,000 slower than the dynamics

of A. Although the considered parameters depend on the

species, this key time scale property remains qualitatively

true for any species due to the nature of the involved

physiological processes.

In order to study analytically the model response to fluc-

tuating light, we consider a caricatured light pattern as follows:

IðtÞ ¼ I0; for 0\t\T

0; for T\t\2T

�

ð16Þ

Note that the solution of the Han model (14), at steady

state, for a continuous light I0, can be straightforwardly

computed as follows:

�BSSðI0Þ ¼
rI0s

1þ srI0 þ kd=krsðrI0Þ2
ð17Þ

In order to analytically study the model response to various

light frequencies, two domains of the light variation fre-

quency have to be distinguished: slow frequencies with

T [ 10 � s � 100 s, and fast frequencies with T B 100 s.

In the following paragraphs, the approximations for the

low and the high frequency domains are given, as shown in

Figs. 1 and 2. All approximations consider a forced peri-

odic state of the system.

Low frequencies

For large values of T, the fast dynamics of A (Eq. 12) will

reach its slow manifold, given by (rI ? 1/s) A = (1 - C)/

s. The slow dynamics can therefore be represented by

Eq. (13), where A is replaced by its expression with respect

to C. An analytical expression can be derived for C (cal-

culation not shown). The average value along the period

2T can then be determined (see ‘‘Appendix A1’’), leading

to the following expression for �B :

�Bslow ¼ 1þ dðI0Þ
kr

1

T

ð1� cð0ÞÞð1� cðI0ÞÞ
1� cð0ÞcðI0Þ

� �

�
�BSSðI0Þ

2

ð18Þ

with

dðIÞ ¼
kds ðrIÞ2

1þsrI

kr þ ðrIÞ2
1þsrI

ð19Þ

cðIÞ ¼ e� krþkd
ðrIÞ2
1þsrI

� �
T ð20Þ

High frequencies

For small T, the dynamics of C in Eq. (13) is so slow that

C stays approximately constant over one period. As a

consequence, Eq. (13) leads thus to a value of C as a

function of the mean value of I and IA on one period. This

value can then be used in Eq. (12) and defines the dynamics

of B, as shown in ‘‘Appendix A2’’.

�Bfast ¼
rI0

2

g� hþ sgh

g2 þ kdðrI0Þ2
2kr
ðg� hÞ

ð21Þ

g ¼ ðrI0 þ 1=sÞ ð22Þ

h ¼ 1

T

ð1� að0ÞÞð1� aðI0ÞÞ
1� aðI0Það0Þ

ð23Þ

aðIÞ :¼ e�ð1=sþrIÞT ð24Þ

Fig. 1 Direct effect of light on the growth rate: variation of the mean

value of B over a period with respect to light intensity. The plot

results from the approximations for slow frequency ð �Bmin, red),

intermediate frequency ( �Bint, dashed cyan) and fast frequency ( �Bmax,

dotted black) (color figure online)

Fig. 2 Approximations of the growth rate over different domains of

light frequency ( �Bslow : purple dash-line, �Bint : cyan line, �Bfast : green

dash-line, �Bmax : red-line) against LD-frequency f = 1/T on a

logarithmic scale (color figure online)
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Monotony of the productivity with respect to light

period

Property The approximated growth rate response com-

posed by �Bfast, �Bslow reproduces a continuous and

decreasing function in T from Bss(I0/2) down to Bss(I0)/2.

The results obtained through this approximation are rep-

resented on Fig. 2.

Proof First, let us show that the successive approxima-

tions continuously join up together. Using the rule of de

l’Hôpital, the limits of �Bslow can be estimated for T ! 0

and T !1:

lim
T!0

�Bslow ¼ �Bint ¼
rI0s

ð2þ 2srI0 þ kd=krsðrI0Þ2Þ
ð25Þ

lim
T!1

�Bslow ¼ �Bmin ¼ BSSðI0Þ=2 ð26Þ

The limit for long periodicities is the steady state

solution, i.e. 0 during night period and �BSS during light.

Finally, the average response is �Bmin ¼ BSS=2. Considering
�Bfast, the same type of calculation leads to:

lim
T!0

�Bfast ¼ �Bmax ¼
sr I0

2

1þ sr I0

2
þ kd=krsðr I0

2
Þ2

� � ð27Þ

lim
T!1

�Bfast ¼ �Bint ð28Þ

The limit of �Bfast for low frequencies coincides with the

limit of �Bslow for high frequencies. The limit of �Bfast for high

frequencies is the steady state solution for continuous

illumination with the mean intensity I ¼ I0=2. As shown in

‘‘Appendix A3’’, both approximations �Bfast and �Bslow are

decreasing functions with respect to T. The monotonic

behavior of the functions in respect to T is presented in Fig. 2.

Dynamics of the Droop variables

In most cultivation systems, algae are cultivated under

nutrient-saturating conditions to maximize the productivity.

Consequently, we assume s�Ks, and the nitrogen absorption

rate, as given by Eq. (2) is only a function of q. The

dynamics of q in system Eq. (1) does only depend on q, and

this stable linear equation can be solved at steady state. The

intracellular concentration of nitrogen can be determined, by

calculating the equilibrium value of q (Qeq):

Qeq ¼
q0 þ lm

�BðI; TÞQ0
q0

Ql
þ lm �BðI; TÞ ð29Þ

where �BðI; TÞ is the mean photosynthetic productivity and

can stand for any of the presented approximate values. The

growth rate can then be computed as follows:

l ¼ lm 1� Q0

QeqðI; TÞ

� �

�BðI; TÞ=s

¼ lHðI; TÞ 1� Q0

QeqðI; TÞ

� �

ð30Þ

Figure 3 shows the resulting growth rate l as defined in

Eq. (30) the theoretical photosynthetic productivity

neglecting any nitrogen limitation lH and the equilibrium

value for the intracellular nitrogen Qeq as defined in Eq. 29.

The function �BðI; TÞ was assumed to be equal to

Bslow(I, T). As presented, high light conditions lead to a

lowered Q and therefore a slight reduction of the growth

rate, compared to the photosynthetic efficiency only

considered with the Han model. Further more, the

influence of the steady state value Qeq turns to a constant

factor for intermediate and high productivities. Therefore,

in the case of non limiting nitrogen, it can be disregarded.

Parameter identification

From measurements of substrate, biomass and intracellular

nitrogen under different conditions, the key parameters of

Droop’s model can be identified [2]. As it has been discussed,

the limited nitrogen quota fluctuation due to light (when

nitrogen is not limiting) hardly influences growth rate.

Assuming that the growth rate response for continuous

illumination �BSSðIÞ (Haldane curve) is available, two

parameters can be determined. The parameters g1 and g2 can

be estimated by a least-square fit of the function �BSSðIÞ, as it is

defined in Eq. (17), normalized by the value of its maximum:

�BSS ¼
rI0s

1þ g1I0 þ g2I2
0

ð31Þ

with

Fig. 3 Intracellular nitrogen ratio at equilibrium (Qeq, red) in respect

to irradiance at steady state for the slow frequency approximation
�Bmin (Eq. 29). The growth rate l given by the Droop–Han model

(blue dash-line) is compared to the growth rate lH computed without

the Droop term (green line) (cf. Eq. 9) (color figure online)
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g1 ¼ sr ð32Þ

g2 ¼ kd=krsr
2 ð33Þ

In order to calculate the independent values of s and r,

the following quantity can be calculated for different

values of I0:

F1ðI0Þ ¼ I0 �
1

�BminðI0Þ
� 1

�BintðI0Þ

� �

¼ 1:5

r
þ 1:5sI0 ð34Þ

As F1 is a linear function of I0, a linear regression

enables the determination of the values of s and r. As a

consequence, r, s and kd
kr

can be determined by measuring

�Bmin and �Bint with respect to I0 only. To get the absolute

values of kd and kr, a possible approach is to use the

productivity response �Bslow as a function of T. Since the

system has only one remaining degree of freedom, a least-

square fitting can provide this value.

With the proposed method, measuring the growth rate

response for various irradiances and light–dark (LD) fre-

quencies leads to the identification of all the model

parameters.

Preliminary validation of the Droop–Han model

The methodology presented in the previous section is only

valid in the case of a simple square signal with light and

dark periods of equal length. Furthermore, it is necessary to

use diluted cultures to ensure a homogeneous light distri-

bution within the reactor and avoid an additional flashing

effect. In recent experiments, Vejrazka et al. [29] provided

data for the growth of Chlamydomonas reinhardtii in LD

cycles at a LD ratio of 0.1. Although, their experimental

setup differs from the preconditions in the presented

approach, Vejrazka’s results are in agreement with the

prediction of the Droop–Han model as can be seen in

Fig. 4. The ‘‘inflexion point’’ can therefore be identified for

this experiment between 10 and 50 Hz. The growth rate for

100 Hz is equal to the growth rate under continuous light

with average light intensity. These results meet very well the

predictions of the Droop–Han model and its analytical

approximations for established periodic regimes. Neverthe-

less, data covering more variations of I0 and T would allow a

better model calibration and a more quantitative validation.

Discussion

With the proposed coupled model, new insights about

microalgal response to varying light signals have been

obtained. When algae are exposed to periodic flashing

light, the Droop–Han model predicts that the growth rate is

an increasing function of the light frequency as shown in

Fig. 2. It includes plateaus for very low and very high fre-

quencies. A plateau or inflexion point is obtained in a inter-

mediate domain. This specific shape seems to be compatible

with the experimental results of Vejrazka et al. [29], then

supporting the model validity, as illustrated on Fig. 4.

The characteristic shape directly illustrates key proper-

ties of the Han model: the two gradients in growth rate

correspond to the two time scales of the inhibition-repair

process and the activation–relaxation process. For very

slow light variations, growth is limited by strong inhibition

during the light phase. With increasing frequency, the

degree of inhibition turns to a constant equilibrium

throughout each LD cycle. As a result, for increased fre-

quency, there is less photoinhibition during the light phase,

which results in an increased productivity of the photo-

system. With further increasing frequency, the degree of

photoinhibition remains constant, while the open-closed

dynamics changes from two alternating states to a constant

equilibrium value throughout the entire LD cycle. The

equilibrium state reached for high frequencies leads to an

increased growth rate compared to the very slow alternat-

ing state. The maximum growth rate is the one obtained for

a constant illumination with the mean light intensity I0/2.

This latter point coincides with the theoretical proof of

Celikovsk, et al. [6]. The inhibition at I0/2 is of course

lower than the inhibition at I0. It is less clear that, with a

Haldane model, the growth rate at I0/2 is always greater

than half the value of the growth rate at I0:1

Fig. 4 Growth rate as a function of the frequency of the light signal

in the case of a simple square signal (plain lines: theoretical

prediction using the Han model; blue circles: experimental data from

Vejrazka et al [29]) (color figure online)

1 This property can be shown by remarking that the Haldane curve

BSS(I) is always under its initial tangent for I = 0. Straightforward

geometrical considerations based on Thales Theorem prove this

result.
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lHðI0Þ
2
� lH

I0

2

� �

ð35Þ

This effect is even stronger for the portion of the

Haldane curve far from the initial tangent i.e. for

photoinhibiting light intensities.

This point is important, since it provides an estimation

of the flashing effect scale at a given flashing light intensity

I0. The possible productivity gain between a process where

the cells stay too long exposed to a high light and a process

where the alternation is fast is the difference between

Bss(I0/2) and Bss(I0)/2. For algae whose photoinhibition is

low (at this light intensity), the increase in productivity will

then be very low and it will not compensate for the addi-

tionally invested mixing energy. This effect can however

be stronger when photoinhibition is higher. An efficient

management procedure could therefore consist in increas-

ing the agitation velocity only at high light, when the

microalgae experience a strong photoinhibition.

It is also interesting to note that the intermediate growth

rate for which a plateau, or simply an inflexion point is

obtained, corresponds to the Haldane model Bss(I0/2), but

for which the inhibition term has been doubled (kd/kr in the

model). This provides a hint on the respective effect of the

flashing effect for low and high frequencies.

Conclusion

The model properties have been derived analytically using

a slow/fast approximation. The resulting formulas have a

very simple form compared to the exact solution of the Han

model [6]. Based on these formulas, a measurement pro-

tocol has been proposed to deduce the parameters of the

model which relies on the dependency between growth rate

and cycle frequency. It can also be derived from the link

between growth rate and the maximum light intensity I0.

Concerning the physiological parameters describing the

photosynthetic system, the proposed method for parameter

identification varies fundamentally in complexity from

other approaches, as proposed by [23] and [31]. Our

approach is a simple procedure implying neither a tricky

numerical integration of the system nor additional off line

measurements. This simplifies the experimental protocol

and the calculation. In addition, our simple analytical

expression allows for a better estimation of the approxi-

mation error.

The resulting formulas for the growth rate do not only

allow for the determination of the physiological parame-

ters, they also show a characteristic dependency between

signal frequency and growth rate which enables an easy

experimental validation of the model. The shape of the

curve explains the ‘‘Flashing Light Effect’’ and shows that

the increase of growth rate with fluctuation frequency is not

linear but shows a very characteristic saturation for inter-

mediate frequencies. Only a weak increase in growth rate

can be expected with frequency augmentation in this

domain. This insight can lead to important consequences

for the design of raceways and photobioreactors. The

dynamics of nitrogen assimilation and nutrient limited

growth play an inferior role under the conditions we were

assuming.

The proposed model is suitable to investigate the effect

of the hydrodynamic regime on the growth rate of micro-

algae cultures due to photoinhibition. Regarding biofuel

production with raceways and photobioreactors, the light

variability on faster time scales is typically caused by

mixing. The results from this study give important insights

and are a first step in understanding the coupling of

physical and biological models. With further research on

the Droop–Han model, the light intensity dynamics at the

scale of the microalgae can be optimized by the design of

the process and an increased productivity can be achieved

using the same total light dose. Increasing efficiency in

biomass production by optimized photobioreactors is an

important step on the way to the industrial use of

microalgae.

Acknowledgements This work was carried out in the framework of

the ARC Nautilus funded by INRIA.

Appendix A: analytical derivation

A1. Low frequency signal

Equation (11) is taken as an expression for the productivity

of the photosynthetic system and the mean value during

one period is taken. The domain of the integral can be

restricted to the light phase of the cycle only, since during

the dark phase B = 0.

�Bslow ¼
1

2T

Z

T

Bdt ð36Þ

By replacing A by 1 - B - C, and assuming that A rests in

its equilibrium while C is periodically oscillating:

B ¼ srIA ð37Þ

we get:

�Bslow ¼
1

2

srI0

1þ srI0

1� 1

T

Z

T

Cdt

0

@

1

A ð38Þ

Analogously, the differential equation for C can be

reformulated
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_C ¼ � kds
ðrI0Þ2

1þ srI0

þ kr

 !

C þ ðrI0Þ2

1þ srI0

ð39Þ

This equation can be easily solved. C0 is determined by

applying the periodic boarder condition. Several

simplification steps lead to the following expression for

the integral:
Z

T

Cdt ¼ C0 � dðIÞ
�

ð1� cðIÞ þ dðIÞTÞ ð40Þ

Using expression Eq. (38), we get expression Eq. (18).

A2. High frequency signal

Under the precondition that the periodicity of the signal is

short, we already showed that the dynamics of C is negli-

gible. In contrast, the transition process of A and B has to

be taken into account. The expression for the mean growth

rate has to account for the entire period, since B C 0 during

the dark phase. The expression for the growth rate turns to:

�Bfast ¼
1

2T

ZT

0

Bdt þ
Z2T

T

Bdt

0

@

1

A ð41Þ

The first integral being during the light period and the

second during the dark period. To solve the integrals, an

expression for A(t) has to be determined from the

differential equation. By assumption that C is a constant

value and with periodical boarder conditions, Eq. (13) can

be solved with the result:

AðtÞ ¼ A0 þ
1� C

1þ I0rs

� �

eð�
t
s�I0rntÞ

� 1� C

1þ I0rs
; for t 2 ½0; T � ð42Þ

AðtÞ ¼ AT þ 1� Ceð�
t�T
s Þ

� �
� 1� C; for t 2 ½T; 2T �

ð43Þ

With Eqs. (42) and (13), periodical boarder conditions and

the assumption _C ¼ 0, a value for C can be determined to:

C ¼ kdðrIÞ2

2Tkr

Tg� Th

g2 þ kdðrIÞ2
2Tkr

Tg� Thð Þ
ð44Þ

with the expressions:

g ¼ 1

s
þ rI0; h ¼ ð1� a0Þð1� aIÞ

Tð1� a0aIÞ
; aI ¼ e�

1
sþrI0ð ÞT ;

a0 ¼ e�
T
s

ð45Þ

Knowing the value of C, the integrals in Eq. (41) can be

resolved and B can be formulated as:

�Bfast ¼
rI0

2

g� hþ sdh

g2 þ kdðrIÞ2
2kr
ðg� hÞ

ð46Þ

A3. Proof of monotony

Low frequency

It can be shown, that the function:

Uðx; a; bÞ ¼ ð1� e�axÞð1� e�bxÞ
xð1� e�ðaþbÞxÞ ð47Þ

is strictly monotonic decreasing in x and it holds

Uðx; a; bÞ[ 0 for a [ 0, b [ 0, x [ 0.

Further, �BslowðI; TÞ can be defined as follows:

�BslowðI; TÞ ¼ 1þ dðIÞ
kr

UðT ; kr; vÞ
� �

� �BSS=2 ð48Þ

with v ¼ kr þ kd
ðrIÞ2

1þsrI
, consequently, �Bslow is strictly

monotonic decreasing in T.

High frequency

�Bfast can be written as:

�Bfast ¼
rI0

2

g� Uð1=s; g; TÞ þ sgUð1=s; g; TÞ
g2 þ kdðrIÞ2

2kr
ðg� Uð1=s; g; TÞÞ

ð49Þ

Derivation with respect to T yields:

o�Bfast

oT
¼

g2ðkdrI2

2kr
þ rIsÞ

g2 þ kdðrIÞ2Þ2
2kr

ðg� Uð1=s; j; TÞÞ
� �2

� oUð1=s; g; TÞ
oT

ð50Þ

Taking into account the parameters, it is clear that the

fraction is positive. With the property
oUð1=s;g;TÞ

oT
\0, it is

shown that �Bfast is strictly monotonic decreasing with

respect to T.
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5
D Y N A M I C C O U P L I N G O F P H O T O A C C L I M AT I O N

A N D P H O T O I N H I B I T I O N I N A M O D E L O F

M I C R O A L G A E G R O W T H

Nature is relentless and unchangable, and it is indifferent as to whether its

hidden reasons and actions are understandable to man or not.

Galileo Galilei
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In the previous chapter, effects of short-term light fluctuations were

studied based on a model for nutrient uptake and photoinhibition.

In raceway systems, the received light signals not only consist of

high changing frequencies. Due to the exponential light gradient, the

fastest variations of the light signal appear close to the surface. In the

darker regions of the volume, the rate of changes in light intensity

are much lower considering a comparable movement speed of the

particles. Apart from this, the external conditions of the raceway

system such as weather, the diel cycle or seasonal changes impose

mid- to long-term changes of the light signal. This motivates the

development of models including short term and long term reactions

of the photosynthetic production capacity. The key process for long

term adaption is photoacclimation.

As presented in ch. 1, there are different approaches for modeling

photoacclimation [30, 7]. While there are also approaches providing

models for phtoinhibition and acclimation at the same time [29, 25],

they are not adapted for the application with raceway cultures. The

approach of Esposito et al. does not account for an adaption due

to acclimation processes on the scale of the photocenter while the

approach of Garcia-Camacho et al. has a very complex structure and

many parameters.

In the following chapter, we present a dynamical model includ-

ing photoacclimation, photoinhibition and nutrient limitation while

maintaining a very simple structure. The model is based on two

well-studied models for photo-acclimation [7] and inhibition [36]. It

is formulated according to the widely discussed assumption that

the initial slope of the PI Curve is independent from the chlorophyll

content of the cells.
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Abstract

The development of mathematical models that can predict photosynthetic productivity of mi-

croalgae under transient conditions is crucial for enhancing large-scale industrial culturing

systems. Particularly important in outdoor culture systems, where the light irradiance varies

greatly, are the processes of photoinhibition and photoacclimation, which can affect photopro-

duction significantly. The former is caused by an excess of light and occurs on a fast time scale

of minutes, whereas the latter results from the adjustment of the light harvesting capacity to the

incoming irradiance and takes place on a slow time scale of days. In this paper, we develop a

dynamic model of microalgae growth that simultaneously accounts for the processes of pho-

toinhibition and photoacclimation, thereby spanning multiple time scales. The properties of

the model are analysed in connection to PI-response curves, under a quasi steady-state assump-

tion for the fast processes and by neglecting the slow dynamics. For validation purposes, the

model is calibrated and compared against multiple experimental data sets from the literature.

In particular, these calibration results provide a means of distinguishing between the s-strategy

and the n-strategy of photosystem adaptation, thereby shedding light on the mechanisms that

underlie photoacclimation.

Keywords: photoinhibition, photoacclimation, photosynthesis, modeling, dynamic, biofuel
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1. Introduction

Microalgae are often considered a promising alternative for production of renewable en-

ergy (Wijffels and Barbosa, 2010). Claimed advantages of this approach are a higher actual

photosynthetic yield compared to field crops, a reduction in fresh water consumption, and

independence to agriculturally usable land (Williams and Laurens, 2010). These advantages

could lead to large-scale production of algal biomass that is not in direct competition with food

production. Moreover, microalgae culture systems can be coupled with wastewater treatment

technologies (Sialve et al., 2009), can produce high added-value products such as cosmetics,

pharmaceuticals and nutraceuticals (Brennan and Owende, 2010), and can even contribute to

CO2 mitigation due to their inherent ability to fix carbon during photosynthesis (Talec et al.,

2013). Nonetheless, numerous problems need to be overcome on the path to a sustainable

large-scale biofuel production. Optimizing the entire production chain in order to reduce the

production costs as well as the environmental impact presents many challenges, and among

them improving the algal biomass production efficiency has top priority. As well as developing

a better understanding of the key mechanisms underlying photosynthesis, the development of

more accurate mathematical models combining mass-conservation principle and phenomeno-

logical knowledge holds much promise in this context.

Two key processes are involved in the way light conditions affect the photosynthetic yield.

Photoinhibition causes a loss of photosynthetic yield due to an excess of photons, which dam-

age some of the key proteins in the photosynthetic apparatus. Photoacclimation, the process

by which microalgae adjust their pigment content and composition to light intensity, alters the

rate of photosynthetic production. These two processes act on different time scales: photoin-

hibition occurs on a time scale of minutes, whereas photoacclimation acts on a time scale of

days. In order to achieve optimal microalgae productivity, understanding the processes of nutri-

ent assimilation, photoinhibition and photoacclimation, together with their interactions, is thus

paramount. A number of mathematical models are available that account for photoacclimation

at the slow time scale (Geider et al., 1997; Bernard, 2011; Geider et al., 1998), yet they neglect

the photoinhibition processes. Conversely, models have also been proposed which describe

photoinhibition in the fast time scale (Eilers and Peeters, 1993b; Han, 2001), but they do not

account for photoacclimation.

It is the main objective of this paper to develop a dynamic model of microalgae growth that

couples photoinhibition and photoacclimation with carbon and nitrogen uptake. We rely on
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existing and validated models wherever possible and couple them so as to preserve biophysi-

cal consistency. Nutrient assimilation is described by the well-accepted and validated Droop

model (Droop, 1983). Photoinhibition is described by the model proposed by Han (Han, 2001),

originating in the work of Eilers and Peeters (1993b) who first introduced the concept of pho-

tosynthetic factories (also known as photosynthetic units). A related, yet simpler, coupling

between a photoinhibition model and the Droop model has been studied by Hartmann et al.

(2014). An extension of this coupling that incorporates photoacclimation processes constitutes

the main novelty of the developed model. Specifically, we propose a modification of the photo-

synthesis rate and pigment synthesis rate expressions to account for photoacclimation effects,

and we express both the effective cross section and the number of photosynthetic units—which

are parameters in the Han model—as functions of the chlorophyll content by means of empiri-

cal relations (Falkowski and Raven, 2007). This approach leads to a simple expression for the

photosynthesis rate, which is readily amenable to mathematical analysis under a quasi-steady-

state approximation.

The remainder of this paper is organized as follows. Existing models of slow and fast

processes, including nutrient limited growth, photoacclimation and photoinhibition, are first

reviewed in Sect. 2. The dynamic model coupling these processes is described in Sect. 3, and

the properties of the resulting PI-response model are analyzed. A calibration of the coupled

model against several experimental data sets from the literature is presented in Sect. 4, followed

by a discussion in Sect. 5. Finally, Sect. 6 concludes the paper and draws future research

directions.

2. Modelling of Slow and Fast Processes in Microalgae

2.1. Nutrient-Limited Growth – The Droop Model

Droop (1968) observed that microalgae keep growing for some time after nutrients have

been depleted. Monod kinetics are unable to model this behavior and therefore are not suitable

for predicting microalgae growth under nutrient limitation. A better way to represent nutrient-

limited growth is by separating the nutrient uptake rate, denoted by ρ hereafter, from the growth

rate, denoted by µ. This idea was followed by Droop (1968, 1983) in relating the growth rate

to the internal elemental nutrient quota. Since its introduction, the Droop model has been

widely studied (Lange and Oyarzun, 1992; Bernard and Gouzé, 1995; Vatcheva et al., 2006)

and thoroughly validated (Droop, 1983; Sciandra and Ramani, 1994; Bernard and Gouzé, 1999;

Vatcheva et al., 2006).
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In a continuous and homogeneous microalgae culture, the mass-balance equations for the

nutrient (inorganic nitrogen) concentration s in the bulk phase, the biomass concentration x,

and the carbon-specific nitrogen quota q of the cells (in units of gN/gC) are given by

ṡ = D sin − ρ(s, q)x−D s

ẋ = µ(q, ·)x−Dx−Rx
q̇ = ρ(s, q)− µ(q, ·) q ,

(1)

with D and R denoting the dilution rate and the endogenous respiration rate, respectively; and

sin, the nutrient concentration in the feed.

Recently, an extension of the Droop model has been proposed by Bernard (2011) for ac-

counting the effect of light conditions on the growth rate µ in the form

µ(q, ·) = µ̄

(
1− Q0

q

)
φ(·), (2)

where µ̄ stands for the maximum growth rate, i.e., the growth rate reached under non-limiting

conditions; Q0, the minimal cell quota, so that µ(Q0, ·) = 0 and q ≥ Q0; and, φ(·) is a satura-

tion function. In particular, an expression of φ(·) will be developed in Sect. 3 that accounts for

the state of the photosystem units.

The nutrient uptake rate ρ, on the other hand, can be expressed as (Geider et al., 1998)

ρ(s, q) = ρ̄
s

s+ ks

(
1− q

Ql

)
, (3)

where ρ̄ stands for the maximum nutrient uptake rate; ks, the half-saturation constant for sub-

strate uptake; and Ql, the limit quota for the nitrogen uptake, so that ρ(s,Ql) = 0 and q ≤ Ql,

with equality corresponding to nutrient-replete conditions.

2.2. Pigment Content

Photoacclimation is the mechanism by which both the chlorophyll content and the pigment

composition change in response to variations in the light irradiance. Such changes take place

on a time scale of days, and it has been suggested that microalgae use photoacclimation as

a means to optimize their growth at low irradiance as well as to minimize damage at high

irradiance (Falkowski and Raven, 2007).

One way to describe photoacclimation is by accounting for the change in the chlorophyll

content over time. Following Bernard (2011), the chlorophyll content, c, is assumed to be

proportional to cellular protein content as a first approximation, which is itself represented by
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the particulate nitrogen content x q:

c = γ(Ig)x q, (4)

where Ig represents the light irradiance at which the cells are acclimated, also called growth

irradiance. Introducing the carbon-specific chlorophyll quota θ := c/x (in units of gchl/gC),

the foregoing relation can be rewritten in the form

θ = γ(Ig) q . (5)

Here, we choose to express γ(·) in the form of the hyperbolic function

γ(Ig) = γ̄
kI

Ig + kI
, (6)

with parameters γ̄ and kI . Moreover, the dynamic evolution of Ig is related to the current light

irradiance I by the following equation

İg = δ µ(q, ·) (I − Ig) , (7)

thereby assuming that the adaptation speed is proportional to the irradiance difference (I − Ig)
as well as to the current growth rate µ(·), with the constant proportionality coefficient δ. On

the whole, a change in the current irradiance I affects Ig via (7), which in turn modifies the

chlorophyll quota θ via (5).

2.3. Photosynthetic Production and Photoinhibition – The Han Model

The Han model (Han, 2001), which is inspired by the model of Eilers and Peeters (1993a),

describes the effect of light irradiance on microalgae growth. This model considers the damage

of key proteins in photosynthetic units to be the main contribution to photoinhibition. Partic-

ularly appealing in the Han model is the description of complex photosynthetic processes in

terms of three possible states of the photosystem II (PSII) unit only, namely: open, A; closed,

B; and, inhibited, C.

The equations giving the rates of change in the fractions of open, closed and inhibited PSUs

are:
Ȧ = −I σ A+

B

τ

Ḃ = I σ A− B

τ
+ kr C − kd σ I B

Ċ = −kr C + kd σ I B ,

(8)

with initial conditions such that A(0) +B(0) + C(0) = 1. A number of remarks are:
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• Photosynthetic production is described by the transition between open state and closed

state. Excitation is assumed to occur at a rate of σI , with σ being the effective cross

section of the photosynthetic unit (PSU), whereas deexcitation is assumed to occur at a

rate of 1
τ
, with τ the turnover time of the electron transport chain.

• Photoinhibition occurring at high light irradiance corresponds to the transition from

closed state to inhibited state. This process is assumed to occur at a rate of kdσI . The

reverse transition from inhibited state to closed state accounts for the repair of damaged

PSUs by enzymatic processes in the cell, a mechanism that is assumed to occur at a

constant rate kr.

Interestingly, expressions for the fractions of open, closed and inhibited states at steady

state as a function of the irradiance I can be obtained via basic algebraic manipulation of (8).

For instance, the steady-state expression A∞ for the open state A is given by:

A∞(I) =
1

1 + τ σ I +K τ σ2 I2
, (9)

with K := kd/kr.

3. Multi-Scale Model of Microalgae Growth Coupled with Photoinhibition and Photoac-
climation

The proposed model couples three dynamic processes, namely (i) the dynamics of PSUs,

(ii) the dynamics of intracellular nitrogen content, and (iii) the dynamics of chlorophyll content.

These processes span four different timescales ranging from milliseconds for the open-closed

dynamics of the PSUs up to several days for the dynamics of intracellular nitrogen quota q.

3.1. Coupling Between Growth, Photoinhibition and Photoacclimation

Our model builds upon the Droop-Han model of Hartmann et al. (2014) and incorporates

photoacclimation processes via the dynamics of the chlorophyll quota θ introduced in Sect. 2.2.

More specifically, we account for two possible ways that the term φ(·) in (2) can depend on

θ. The first effect is a direct linear dependency of photosynthesis efficiency on the chlorophyll

content, which is in agreement with the work of Faugeras et al. (2004). Since the probability

of a photon encountering an open state is proportional to AI , a second, indirect effect is via

the dependence of the dynamics of A on θ. This latter dependency results from the fact that the

parameter σ introduced in the Han model (8) can itself depend on the current acclimation state.

Indeed, Falkowski and Raven (2007) describe photoacclimation as a process that can follow
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either one of two strategies: the n-strategy corresponds to a change in the density (per biomass

unit) of PSUs, denoted by N subsequently; the s-strategy corresponds to a change in the size of

the PSU, and is thus directly related to the functional cross section σ. In practice, chlorophyll

is thus used either to build new PSUs or to increase the size of the antenna in existing PSUs.

These two acclimation strategies run concurrently, and both can be described by defining N(·)
and σ(·) as functions of the chlorophyll quota θ. Such relationships are further investigated in

Sect. 3.3.

Based on the above considerations, the growth rate µ can be modeled as:

µ(q, θ, I) = ᾱ

(
1− Q0

q

)
θ A(I, θ) I ,

where ᾱ is a constant parameter. At this point, we shall introduce the rate of carbon uptake per

chlorophyll unit, µchl, as

µchl(q, θ, I) =
µ(q, ·)
θ

= ᾱ

(
1− Q0

q

)
A(I, θ) I , (10)

which is also known as the chlorophyll-specific photosynthesis rate.

3.2. Structural Analysis of the PI Response

In experiments assessing photosynthetic efficiency of microalgae, the cells are photoaccli-

mated to a given light intensity for a sufficiently long time and under nutrient replete conditions,

before exposing them to a series of varying light irradiances I . The instantaneous growth rates

obtained under these conditions—ideally via consideration of the carbon fixation rate, but often

based on the O2 production rate too—are measured and yield the so-called PI-response curve

when plotted against I .

A common assumption about PI-response curve experiments is that they are fast enough for

photoacclimation, substrate internalization and growth to be negligible; that is, variations in the

variables θ, q and x can all be neglected. In contrast, variations in the fractions of open, closed

and inhibited states in the Han model can be considered fast in the time scale of PI-response

curve experiments, and one can thus assume that the variables A, B and C reach their steady

states as in (9), without significantly impairing the PI response predictions (quasi-steady-state

approximation). Both approximations of the slow and fast dynamics can be tested via numerical

simulation, and they lead to the following expression of the chlorophyll-specific growth rate:

µPI
chl(θ, I) = ᾱ

(
1− Q0

Qmax(·)

)
I

1 + τ σ(θ) I +K τ σ2(θ) I2
, (11)
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whereQmax(·) denotes the maximal value of the nitrogen internal quota q under nutrient replete

conditions, a value that typically depends on the growth irradiance Ig (Bernard, 2011). A further

simplification gives

µPI
chl(θ, I) = α(·) I

1 + τ σ(θ) I +K τ σ2(θ) I2
, (12)

with α(·) := ᾱ
(

1− Q0

Qmax(·)

)
denoting the initial slope of the PI response curve, i.e., the rate of

change of µchl with respect to the light irradiance I for a vanishing irradiance.

Many authors concur to say that, for many microalgae species, the initial slope α(·) can

be considered to be independent of the value of θ (MacIntyre et al., 2002). Nonetheless, we

like to note that the constant initial slope assumption is still debated; see, for instance, the

paper by Richardson et al. (1983), where microalgae acclimation strategies are divided into six

different categories based on photosynthesis-irradiance response data. We shall come back to

this important point later on in Sect. 5, where it is argued that certain variations in initial slopes

may as well be explained by transients effects in the fraction of inhibited PSUs.

In the remainder of this subsection, we investigate structural properties of the PI-response

curve under the foregoing assumptions of time-scale separation and constant initial slope. The

optimal irradiance value I? maximizing µchl can be determined from (12) as

I?(θ) :=
1

σ(θ)
√
Kτ

. (13)

In turn, the maximal productivity rate µPI?
chl can be expressed in the form

µPI?
chl (θ) := α

√
Kτ

τ + 2
√
Kτ

I?(θ) . (14)

The following property follows readily from (14), provided that the Han model parameters τ

and K are independent of the acclimation state:

Property 1. The maximal growth rate µPI?
chl is proportional to the optimal irradiance I? regard-

less of the pre-acclimated state or the growth irradiance.

Although a direct consequence of the constant initial slope assumption, this property does

not depend on a particular choice of the relationship between σ(·) and θ. Moreover, it is readily

tested using data from experimental PI curves corresponding to different acclimation states.
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3.3. Quantitative Analysis of the PI Response

In order to make quantitative predictions of the PI-response curve or, more generally, for

numerical simulation of the coupled model, relationships must be specified for σ(·) and N(·)
in terms of the chlorophyll quota θ.

We start by noting that σ(·) and N(·) can both be related to the average chlorophyll content

of a single PSU, denoted by Γ(·) subsequently. An immediate relation for N(·) is:

Γ(θ)N(θ) = θ . (15)

On the other hand, we choose to express σ(·) in the form of a power law of Γ as:

σ(θ) = σ0 Γ(θ)γ ,

where the exponent γ depends on the geometric shape of the photosynthetic antenna; for in-

stance, γ = 2/3 in the idealized case that a PSU is assimilated to a sphere. In most of the data

set that we considered, it was not possible to estimate γ, therefore the value 2/3 has been taken.

Now, assuming a general power law relationships between σ and θ as:

σ(θ) = β θκ , (16)

and using (15), a relationship between N and θ follows in the form:

N(θ) =

(
σ0
β

)1/γ

θ1−κ/γ . (17)

Besides their simplicity, expressions of σ(θ) and N(θ) in the form of power laws are also plau-

sible from a biophysical standpoint. It is indeed expected that σ(θ) should be a monotonically

increasing function of θ, as the size of the PSUs typically increases with an increasing chloro-

phyll quota θ. In contrast, the expression of N(θ) in (17) remains flexible enough to predict

either an increase or a decrease in the number of PSUs with respect to θ. This way the pro-

posed acclimation model allow distinguishing between the s-strategy and the n-strategy of PSU

adaptation.

Substituting the power law (16) in the expression of I? in (13), and log-linearizing the

resulting expression yields

log I?(θ) = −κ log θ − log(β
√
Kτ) . (18)

The following property follows directly from (18):
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Property 2. The exponent κ in the power laws (16) corresponds to the (negative of the) slope

in a log-log plot of I? versus θ.

Like Property 1, the linearity of the relationship between log I? and log θ can be readily

tested using data from experimental PI curves corresponding to different acclimation states.

To summarize, a complete expression of the model predicting the PI responses of a given

microalgae at various pre-acclimated states is:

µPI
chl(q, θ, I) = ᾱ

(
1− Q0

Qmax(·)

)
I

1 + τ β θκ I +K τ β2 θ2κ I2
. (19)

This expression is of the Haldane type and comprises the following parameters: K and τ from

the Han model; β and κ from the acclimation model; and the initial slope ᾱ together with

the minimal and maximal nitrogen quotas Q0 and Qmax—or alternatively α in the simplified

version.

4. Calibration and Validation Results using Data Sets from the Literature

A calibration of the new features in the coupled model is carried out using experimental

data sets from the works of Anning et al. (2000) and Falkowski and Owens (1980). The focus

is on the chlorophyll-specific photosynthesis rate (19) as well as on the saturation function γ in

the nitrogen-quota-to-chlorophyll-quota relationship (5).

4.1. Data for Skeletonema costatum

Experimental data by Anning et al. (2000) are for the diatom Skeletonema costatum. They

comprise two acclimation states at different growth irradiances Ig, namely 50 µE m−2 s−1 (LL)

and 1500 µE m−2 s−1 (HL). The LL irradiance corresponds to a chlorophyll quota of θ =

0.082 gchl g−1C , and the HL irradiance to θ = 0.018 gchl g−1C .

Calibration of PI-Response Curves. We neglect variations of the term α in (19) as a first ap-

proximation, and we consider a nonlinear regression approach based on least-square minimiza-

tion to estimate the values of parameters β, κ and α. On the other hand, we use default values

for the Han model parameters kr, kd and τ ; these values are obtained by averaging over the

parameter ranges reported in (Han et al., 2000) and can be found in Table 1.

In order to certify global optimality of the parameter estimates, we use the global optimization

solver BARON (Tawarmalani and Sahinidis, 2005) in the GAMS modelling environment. The
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Table 1: Default parameter values in the Han model and Parameter estimates in the photosynthesis rate (19) for
the data by Anning et al. (2000).

Parameter Value Origin
τ 5.5× 10−3 s default
kr 1.4× 10−4 s−1 default
kd 5.0× 10−8 – default
α 0.0160 gC g−1

chl µE
−1 s m2 estimated from Anning et al. (2000)

β 0.492 µE−1 m2 s g
1/κ
chl g

−1/κ
C estimated from Anning et al. (2000)

κ 0.469 – estimated from Anning et al. (2000)

resulting parameter estimates are given in Table 1, and the fitted PI-response curves (19) are

plotted against the available experimental data in Fig. 1. The predictions are in excellent agree-

ment with this experimental data sets at both light irradiances, also with regards to Property 1,

thereby providing a first validation of the structural assumptions in (19).

Figure 1: PI-response curves for Skeletonema costatum based on the data by Anning et al. (2000). The blue and
red points correspond to acclimation at HL and LL, respectively. The predicted PI responses are depicted in gray
solid lines. The dashed line connects the maxima of both PI curves per Property 1.

Confidence Analysis of PI-Response Curves. In order to assess the confidence of the parame-

ter estimates in Table 1, we apply guaranteed parameter estimation in the bounded-error sense

(Jaulin and Walter, 1993). To conduct the analysis, we consider variations around the available

photosynthesis rate measurements, here variations of ±5%. A large number of scenarios is

generated by sampling the resulting measurement ranges—using Sobol sequences and assum-

ing no correlation between the different measurements—and globally optimal estimates for β,
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κ and α are then computed for every scenario. This way, we obtain the set of all possible

parameter values that are consistent with the available measurements within a ±5% error.

The results obtained for the data set by Anning et al. (2000) are shown in Fig. 2. Projections

of the confidence region onto the (β, κ), (β, α) and (κ, α) subspaces provide parameter confi-

dence ranges as β ∈ [0.45, 0.54], κ ∈ [0.44, 0.5] and α ∈ [0.0158, 0.0172]. Moreover, these

projections reveal the existence of a significant correlation between the parameters β and κ of

the acclimation model, whereas correlations of β or κ with α are rather weak. The envelopes of

both PI-response curves obtained for parameter values in the confidence region are shown on

the bottom-right plot of Fig. 2 as well, confirming the good agreement with the experimental

data.

Figure 2: Confidence region of the parameter estimates β, κ and α for ±5% deviations from the measurement
data by Anning et al. (2000) and corresponding envelopes of PI curves.

4.2. Data for Dunaliella tertiolecta

Experimental data by Falkowski and Owens (1980) are for the chlorophyte Dunaliella ter-

tiolecta. Amongst the available data, four PI curves are selected that were not affected by

‘bleaching’, corresponding to acclimation states at growth irradiances Ig of 60 µE m−2 s−1
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(LL1), 120 µEm−2 s−1 (LL2), 200 µEm−2 s−1 (LL3), and 400 µEm−2 s−1 (LL4). Measurements

of carbon, nitrogen and chlorophyll content per cell are also available for all four acclimation

states, based on which lower and upper ranges for both the nitrogen quota q and the chlorophyll

quota θ can be determined, as given in Table 2.

Table 2: Ranges of nitrogen and chlorophyll quotas from the measurement data by Falkowski and Owens (1980)
at acclimation states LL1, LL2, LL3 and LL4.

Growth irradiance Ig Nitrogen quota Qmax Chlorophyll quota θ
[µE m−2 s−1] [gN g−1

C ] [gchl gC
−1]

LL1: 60 Qmax ∈ [0.250, 0.357] θ ∈ [0.0774, 0.0820]
LL2: 120 Qmax ∈ [0.222, 0.323] θ ∈ [0.0654, 0.0682]
LL3: 200 Qmax ∈ [0.213, 0.286] θ ∈ [0.0436, 0.0453]
LL4: 400 Qmax ∈ [0.172, 0.208] θ ∈ [0.0355, 0.0373]

Calibration of PI-Response Curves. Since experimental information is available for the nitro-

gen quota q in all acclimation states, variations of the term (1 − Q0/Qmax) in (19) can be

accounted for with this data set—we consider a value of Q0 = 0.05 gN g−1C for the minimum

nitrogen quota throughout (Geider et al., 1998; Bernard, 2011). Like previously, we use a

nonlinear regression approach based on least-square minimization to estimate the values of pa-

rameters ᾱ, β and κ, and we define extra variables for the nitrogen and chlorophyll quotas in

the regression problem with bounds as defined in Table 2. As far as the Han model parameters

are concerned, we use the default values of τ and kr in Table 1. On the other hand, the default

value for kd is not deemed suitable as photoinhibition effects are not observed on the avail-

able PI-curve data, so kd is considered an extra variable in the regression problem with bounds

[0, 10−7] initially.

Table 3: Parameter estimates in the photosynthesis rate (19) for the data by Falkowski and Owens (1980).

Param. Value Nitrogen quota Chlorophyll quota
ᾱ 0.055 gC g−1

chl µE
−1 m2 Q60

max = 0.250 gN g−1
C θ60 = 0.082 gchl g−1

C

β 54.8 µm g
1/κ
chl g

−1/κ
C Q120

max = 0.322 gN g−1
C θ120 = 0.065 gchl g−1

C

κ 1.54 – Q200
max = 0.266 gN g−1

C θ200 = 0.045 gchl g−1
C

kd 1.27× 10−8 – Q400
max = 0.208 gN g−1

C θ400 = 0.036 gchl g−1
C

The solver BARON (Tawarmalani and Sahinidis, 2005) in the GAMS modelling environment

is again used to guarantee globally optimal parameter estimates. These estimates are reported

in Table 3, and the fitted PI-response curves (19) are plotted against the available experimental
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data in Fig. 3 in gray solid lines. The predicted responses are generally in good agreement with

the experimental data, thereby confirming the ability of the model to capture the photosynthetic

activity of Dunaliella tertiolecta.

Figure 3: PI-response curves for Dunaliella tertiolecta based on the data by Falkowski and Owens (1980). The
light blue, magenta, red, and blue points correspond to acclimation at LL1, LL2, LL3 and LL4, respectively.
The predicted PI responses are depicted in gray lines, with and without accounting for variations of the term
(1−Q0/Qmax) in solid lines and dotted lines, respectively.

For sake of comparison, we also plot in gray dotted lines on Fig. 3 the fitted PI responses

without accounting for variations of the term (1 − Q0

Qmax
) in (19); that is, the parameter α is

estimated in lieu of ᾱ. These fits, although slightly degraded, remain accurate. Moreover, the

corresponding parameter estimates, β ≈ 32.4, κ ≈ 1.4, and α ≈ 0.042, are in good agreement

with the values in Table 3 as well as with the confidence analysis that follows. This shows that

the PI-response model (19) is robust towards uncertainty in the nitrogen maximal quota Qmax.

Confidence Analysis of PI-Response Curves. As previously, we assess the confidence of the

estimates obtained for the acclimation parameters ᾱ, β and κ in Table 3. We consider varia-

tions of ±5% around the available photosynthesis rate measurements and we apply guaranteed

parameter estimation to obtain the set of all possible values for ᾱ, β and κ that are consistent

with these measurement-error ranges.

The results obtained for the data set by Falkowski and Owens (1980) are shown in Fig. 4. Pro-

jections of the confidence region onto the (β, κ), (β, ᾱ) and (κ, ᾱ) subspaces provide parameter

confidence ranges as β ∈ [32, 65], κ ∈ [1.35, 1.6] and ᾱ ∈ [0.052, 0.058]. These projections

also reveal the existence of a strong correlation between the parameters β and κ, which is likely
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Figure 4: Confidence region of the parameter estimates ᾱ, β and κ for ±5% deviations from the measurement
data by Falkowski and Owens (1980) and corresponding envelopes of PI curves.

due to the absence of photoinhibition effects in this data set. In contrast, the correlations of β

or κ with ᾱ appear to be rather weak. The envelopes of all four PI-response curves obtained

for parameter values in the confidence region are shown on the bottom-right plot of Fig. 2 and

confirm the good agreement with the experimental data.

Calibration of Nitrogen-Quota-to-Chlorophyll-Quota Relationship. Since experimental infor-

mation is available for both the nitrogen quota q and the chlorophyll quota θ in all four ac-

climation states, values of the parameters γ̄ and kI in the nitrogen-quota-to-chlorophyll-quota

relationship (5),(6) can be estimated from this data set too. Note that these relationships can be

rewritten in the form

γ̄
q

θ
− 1

kI
Ig = 1 , (20)

thus making it possible to use a simple linear regression approach for estimating the values of

γ̄ and 1
kI

. For consistency with the foregoing PI-curve calibration, we use the estimated values

of nitrogen and chlorophyll quotas in Table 2 to carry out the estimation.
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Table 4: Parameter estimates in the nitrogen-quota-to-chlorophyll-quota relationship (5),(6) for the data by
Falkowski and Owens (1980).

Parameter Value
γ̄ 0.31 gchl g−1

N

kI 440 µE m−2 s−1

The computed estimates for γ̄ and kI are given in Table 4, and the nitrogen-quota-to-

chlorophyll-quota predictions (black points) are plotted against the available experimental data

(red circles) in Fig. 5; the gray dotted line on this plot is merely an interpolation between the

predictions, since nitrogen or chlorophyll quotas are not available at intermediate irradiances.

Despite some discrepancies at higher light irradiances, these results confirm the ability of the

acclimation model (5),(6) to capture the general trend of the data.

Figure 5: Relation between chlorophyll quota and growth irradiance for Dunaliella tertiolecta. The red circles
correspond to measurements by Falkowski and Owens (1980) at acclimation states LL1, LL2, LL3 and LL4,
respectively. The black points are computed from the calibrated nitrogen-quota-to-chlorophyll-quota relationship
(5),(6), interpolated by the gray dotted line.

Confidence Analysis of Nitrogen-Quota-to-Chlorophyll-Quota Relationship. Following a guar-

anteed parameter estimation approach, confidence in the foregoing parameter estimates is as-

sessed by computing the set of all values for γ̄ and kI that are consistent with the available

measurement ranges of the nitrogen quota q and of the chlorophyll quota θ at all four accli-

mation states. The resulting confidence region is shown on the left plot in Fig. 6, providing

parameter confidence ranges as γ̄ ∈ [0.2, 0.35] and kI ∈ [400,∞). The bounds on γ̄, although
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wide, confirm the order of magnitude for this parameter. On the other hand, kI can take on

arbitrary large values, a result which is best understood from the upper-right plot in Fig. 6,

where a horizontal line can indeed be seen to provide a good fit of the data point due to the

large uncertainty in the nitrogen-quota measurements. This uncertainty is also reflected in the

rather loose model-prediction envelopes on the lower-right plot.

Figure 6: Confidence region of the parameter estimates γ̄ and kI for the measurement data ranges of nitrogen and
chlorophyll quotas given in Table 2 (left plot) and corresponding fit envelopes (right plots).

5. Discussion

The fits obtained by estimating the parameters β, κ and ᾱ (or α) in the chlorophyll-specific

photosynthesis rate (19) are found to be in good agreement with the two data sets by Anning

et al. (2000) (Fig. 1) and Falkowski and Owens (1980) (Fig. 3). Moreover, the resulting param-

eter estimates are found to be rather reliable in view of the confidence regions (Figs. 2 and 4),

despite the presence of a significant correlation between the acclimation parameters β and κ.

• For Skeletonema costatum (Anning et al., 2000), the estimated value of κ = 0.47 and

corresponding confidence range of [0.45, 0.54] suggest that the functional cross section

σ—and hence the size of the PSUs—is an increasing function of θ per (16), although

the rate of increase σ′ is slowing down with θ (concave shape). Considering (17) now,

assuming a value of γ = 2/3 leads to variations of the exponent (1 − κ/γ) in a positive

range, thereby suggesting that the density of PSUs N follows a similar trend as σ with

increasing θ. This behavior can thus be interpreted as a mixed n-s acclimation strategy

of S. costatum.
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• For Dunaliella tertiolecta (Falkowski and Owens, 1980), the estimated value of κ = 1.54

and corresponding confidence range of [1.35, 1.6] suggest that σ is increasing with θ, but

the rate of increase σ′ is itself increasing (convex). This seemingly counter-intuitive be-

havior is made possible by a reduction in PSU density with increasing θ, since a typical

value of γ ≈ 2/3 now leads to variations of (1 − κ/γ) in a negative range. This anal-

ysis therefore suggests that D. tertiolecta would preferentially follow the s-strategy of

photoacclimation.

In sum, the calibration results for either microalgae species illustrate well the potential of the

proposed model to distinguish between competing adaptation strategies for their light harvest-

ing capacity at various irradiance levels. Additional experiments where proxies of σ and N are

measured should be carried out in the future to support these preliminary interpretations.

Likewise, the fits obtained by estimating the parameters γ̄ and kI in the nitrogen-quota-to-

chlorophyll-quota relationship (5),(6) show a good agreement with the data sets by Falkowski

and Owens (1980) (Fig. 5). It is worth mentioning here that the estimated values of kI and γ̄

(Table 3) are consistent with those reported in previous work (e.g., Bernard, 2011). Nonethe-

less, a more careful confidence analysis (Fig. 6) reveals that the nitrogen-quota measurements

carry too much uncertainty to determine reliable estimates, especially for the parameter kI

whose confidence range happens to be unbounded. These calibration results, although promis-

ing, clearly delineate the need for more accurate and richer data sets in order to fully validate

the proposed model.

5.1. Can the Dynamic Model Predict the Data of Neidhardt et al. (1998)?

Experimental data by Neidhardt et al. (1998) are for the microalgae Dunaliella salina. They

comprise two acclimation states at different growth irradiances of 50 µE m−2 s−1 ) (LL) and

2000−2500 µEm−2s−1 (HL). Estimation of primary production is via the O2 production rate by

exposing the pre-acclimated microalgae to a sequence of increasing light irradiances between

4.7 and 4900 µE m−2 s−1, during 150 s at each irradiance level. Moreover, neither the nitrogen

quotas nor the chlorophyll quotas are reported.

As seen from Fig. 7, the initial slopes of the PI-response curves for cultures pre-acclimated

at LL and HL differ greatly, which is in apparent contradiction with the constant initial slope

assumption discussed in Sect. 3.2. Also reported on this figure (solid lines) are the results

of a preliminary calibration showing that such a variation in initial slope can nonetheless be

predicted accurately by the proposed model. More specifically, we simulated the experimental
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protocol in Neidhardt et al. (1998), to more accurately account for the actual repair dynamics.

In this context, it is not assumed that a quasi steady state is reached. The calibration procedure

was carried out on this basis. It is important to do so here, because each stage of the PI-response

protocol (150 s) may be too short for the dynamics of PSU inhibition to fully equilibrate,

especially for a larger chlorophyll quota (LL pre-acclimated state). Indeed, the initial slope is

reduced when A is still smaller than one despite the very low light (since a fraction of C is still

not fully repaired). The initial slope expression is given by (10), with A = 1 − C. The lower

slope is thus an index of the fraction of damaged PSU. The simulations on fig. 7 show that,

respecting the exact experimental protocol, this behaviour can be reproduced by the model.

Figure 7: Dependency between growth rate and acclimation for Dunaliella salina (Neidhardt et al., 1998). (blue
crosses) experimental data for LL acclimation (blue curve) model simulations for LL acclimation (red crosses)
experimental data for HL acclimation (red curve) model simulation for HL acclimation.

6. Conclusions and Future Directions

The dynamic model presented in this paper couples photosynthetic processes that act on dif-

ferent time scales. Photosynthetic production and inhibition act on fast time scales of seconds

or minutes, while the dynamics of intracellular nitrogen and chlorophyll contents are bound

to slow time scales of hours or days. Our model builds upon the well-accepted Droop model

describing nitrogen utilization and microalgae growth, together with the Han model describing

photoproduction and photoinhibition in terms of PSU states. The main novelty lies in the use

of the chlorophyll quota to relate both the acclimation and growth processes with the states of
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the PSUs. Combined with previous (validated) models describing the dynamics of the PSUs

(Han model), nitrogen content (Droop model), and chlorophyll content (Geider et al. (1997);

Bernard (2011)), our model is the first of its kind to link photoinhibition, photoacclimation and

nutrient-limited growth all together.

Preliminary calibrations and confidence analyses based on PI response data from the litera-

ture give encouraging results. By making the link among different PI curves, while preserving

a simple structure, the proposed model can serve as a tool for hypothesis testing. Particularly

insightful in this context is the ability to distinguish between the s-strategy and the n-strategy

of PSU adaptation, which sheds light on the mechanisms that underly photoacclimation in var-

ious microalgae species. In order to further discriminate between the n-strategy and s-strategy

of photoacclimation, more experimental data would be needed nonetheless, especially data

covering a wider range of acclimation states and other species. Measuring a larger set of phys-

iological variables, such as the functional cross section (Huot and Babin, 2010), would also

be helpful. Another valuable insight from the proposed model has been that the experimental

protocols used for producing PI response curves may not allow enough time at each irradiance

level for the photoinhibition dynamics to fully develop. In practice, this may lead to overesti-

mating the actual rate of photosynthesis and could explain the variations in initial slopes that

are observed between PI response curves at different acclimation states in some experimental

studies. Finally, a mathematical analysis of the proposed model could provide valuable insight

into the inherent trade-offs and eventually help to identify strategies for enhancing microalgae

productivity in large-scale industrial systems.
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a more detailed view on neidhardt’s data

The following section proposes a deeper insight into the validation

of the model with the data of [55]. Here we show more detailed than

in the preceding section [37] that these data is not in contradiction

with the hypothesis that the initial slope of the chlorophyll specific

PI curve is constant, as it could appear at first glance.

Neidhardts’ data shows a significant difference in the initial slope

of PI curves for pre-acclimated cultures at high light (HL: 2000-

2500 µmol m−2 s−1) and at low light (LL: 50 µmol m−2 s−1). In

these experiments, primary production was estimated by oxygen

evolution using a protocol of 2.5 minutes of illumination for a series

in the interval from 4.7 to 4900 µmolm−2 s−1. Since values for θ are

not reported by [55], we used the coupled model to simulate the

experimental protocol.

The fit obtained after a calibration of the PI Curves is presented

in Fig. 12. Fig. 13 presents the fit and the data for the product of

the number of photosystems and the effective cross section and fig.

14 shows the time evolution of the cellular chlorophyll content. The

corresponding parameter values are reported in tab. 3.

The fit was obtained by step-wise adjustment of three groups of

parameters while minimizing square-distance cost functions. In a

first step, the parameters of the Han model –including two values

for σ respectively for HL and LL acclimation– were deduced in order

to fit the two PI curves. The PI curves are a result of a numeric

integration of the eq. 8 based on Neidhardt’s PI measurement proto-

col. No steady state assumption has been taken at this point (which

is necessary, if the exact protocol for the PI curve measurement is

unknown). Secondly, the parameters for the chlorophyll evolution
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Table 3: Parameters for the fit of the data of [55]

Parameter Value

µ̄ 0.52 s−1

ρ̄ 0.073 gN g−1

C s−1

Ql 0.25 gN g−1

C
Q0 0.05 gN g−1

C
τ 6.04× 10−3 s
kd 1.37× 10−6 –
kr 7.61 · 10−5 –
β 0.00919 (gN/gC)

1/κ

κ 1.82 –
kI 1915 —E m−2 s−1

γ̄ 5093.1 10−16mol/(gN · cell · h)
β̃ 172.745 1/cell
γ 0.791807 –

have been deduced by fitting the data in fig. 14. In a third step,

the parameters κ and γ have been deduced based on the evolution

of N · σ and the two values for σ from the PI curve fits, using eq.

16 and 17. Finally, the parameters for the Droop model have been

estimated based on the values given in [7] and the maximum growth

rates found for the two acclimation states.

For the PI curves, the calibrated model reproduces the general

trend of the data well, despite the apparent contradiction that the

initial PI curve slope is not independent from the acclimation state.

This results from the fact that the fit is not based on the steady state

assumption (for which the θ-independent initial slope is characteris-

tic) but integrates the PI measurement protocol given by Neidhardt.

For the calculation only the fast variables A and B were considered

to reach their equilibrium as a function of the dynamic variable C. If

we assume:
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Figure 12: Dependency between growth rate and acclimation for Dunaliela
salina [55]. The blue curve and the crosses are for LL acclimation
and the red curve and crosses are for HL acclimation.

C(0)LL = Cinf(50µmol/(m
2s)) (5.1)

C(0)HL = Cinf(2000µmol/(m
2s)) (5.2)

⇒ C(0)LL < C(0)HL (5.3)

due to the preacclimation period, and

Ȧ = Ḃ = 0 (5.4)

⇔ A =
B

Iστ
=
1−A−C

Iστ
(5.5)

⇔ A =
1−C

Iστ+ 1
(5.6)

Due to the fast kinetics of A/B transitions compared to C evolution.

For µchl we consequently get:

µchl = ᾱ

(
1−

Q0
q

)
1−C

Iστ+ 1
(5.7)
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Figure 13: Dependency between the product of number of Photosystems
and the effective cross section as a function of the cellular chloro-
phyll content. The blue curve is the fit of the model and the
open circles is the measured data.

Figure 14: Time evolution of the Chlorophyll content of the data from
Neidhard et al. The blue line is model prediction, the crosses
are measured data.
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with the initial slope

∂µchl(C, q)

∂I

∣∣∣∣
I=0

= ᾱ

(
1−

Q0
q

)
1−C

Iστ+ 1
(5.8)

which yields with eq. 5.3

∂µchl(C(0)LL, q)

∂I

∣∣∣∣
I=0

>
∂µchl(C(0)HL, q)

∂I

∣∣∣∣
I=0

(5.9)

As shown, our model yields the different initial growth rate as

a response due to the inhibited state of the algae after the pre-

acclimation period, which reduces the efficiency of photsynthesis

and. Due to the dynamics of the photoinhibition and repair a part of

the inhibited photocenters get repaired throughout the measurement,

which explains that no maximum for the photosynthetic productivity

is obtained for the HL PI curve.

Neidhardt et al. interpret the differnet initial slope of the LL

and HL PI curve as a result of acclimation to the high light signal

implying smaller chlorophyll antennas (which in our model would

be equivalent to a smaller cross section σHL). This interpretation is

not supported by the analysis with our model.

We identified Neidhardt’s spectroscopic measurement of thylakoid

number (denominated as QA in his work) as N · σ. The model

describes very well the dependency of the N · σ as a function of

chlorophyll content (see fig. 13). With the information about σ at LL

and HL acclimation, this allows to well characterize the acclimation

behaviour by the parameters γ and κ. The temporal evolution of

chlorophyll (see fig. 14) is also well described. Overall, the values of

the parameters utilized for this fit are reasonable. Since there is no

explicit information for cellular nitrogen content available, the data

is not sufficient for a certain estimate the parameters for the Droop

109



model. The value of κ = 1.82 is relatively high. In the context of our

model this means that the algae highly prioritize increasing the size

of the photocenter antennas while trading of their number for high

chlorophyll content.
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6
G R O W T H R AT E E S T I M AT I O N O F A L G A E I N

R A C E WAY P O N D S : A N O V E L A P P R O A C H

I was born not knowing and have had only a little time

to change that here and there.

Richard P. Feynman
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In the previous chapters the dynamic effects of photosynthesis

have been studied theoretically and experimentally. The presented

studies give insights on short term and long term effects on the

photosynthetic apparatus. The dynamics of photoinhibition, pho-

toacclimation and nutrient uptake in varying conditions have been

studied and formulated in models.

The consecutive step for growth rate prediction on the scale of

a full size industrial culture is the integration of realistic hydrody-

namic models in a comprehensive approach. Pruvost et al. [62]

presented an approach for growth rate estimation in toric photo-

bioreactors using trajectories from a hydrodynamic model in order

to deduce light signals for the biological model. For the solution

of the hydrodynamics they used the commercial software FLUENT.

The volume of their reactor is small and the fluid circulates at rapid

velocities. Therefore, it is sufficient to solve the model for several

seconds of real time evolution. The volume of a raceway system is

several magnitudes larger than the small reactor, while the water

flow is a lot slower. This leads to the fact that at least 20 hours of

real time have to be simulated.

In order to handle this enormous computational task, the following

chapter uses a hydrodynamic model relying on a multi-layer Saint-

Venant approach. This approach is well adapted to the characteristics

of the raceway system, such as the z-invariant geometry and the

open water surface. Based on the generated trajectories, light signals

are generated and the growth rate of the raceway is estimated. In

this framework, the influence of the standard deviation of LD cycles

on the growth rate is investigated.
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Abstract: Microalgae mass cultiviation is a promising future source of biomass for energy
and food production. In order to optimize productivity of large scale plants and to make them
environmentally and economically sustainable, energy requirements have to be minimized. In
particular, mixing of the growth medium is a major energy input, and its effect on overall
productivity should be better understood. Several dynamic models have been developed to
represent the effect of a rapidly varying light on the photosynthesis process especially for
the effect of photoinhibition on growth. In order to assess the mixing effects in a complex
hydrodynamic regime, we propose to reconstruct the light profile received by a single cell. A
multi-layer Saint-Venant approach is used to simulate the hydrodynamics of the system. It allows
for the computation of Lagrangian trajectories, and finally, when knowing the light distribution,
the light pattern perceived by a cell. This pattern is then used with the dynamical model for
photosynthesis. In a last step, the growth rate of the whole system is estimated as the average
over a set of trajectories.

Keywords: modelling, biofuel, raceway, hydrodynamics, microalgae, optimization

1. INTRODUCTION

Microalgae are considered a new source of biomass and
renewable energy since the 70s (Sheehan et al., 1998).
Advantages of microalgae cultivation compared to terres-
trial plants are a high photosynthetic yield, independence
from fertile soil and a possibly reduced freshwater con-
sumption (Williams and Laurens, 2010). These advantages
can lead to a large algal biomass production which is not
in direct competition with food production. Improving
biofuel production and energy generation from microalgae
receives increasing attention over the last years. Increased
Lipid productivity can be obtained in special conditions
of nutrient limitation and high light illumination. It has
been reported that after a nitrogen limitation microalgae
can reach a very high lipid content (more than 50% of dry
weight) (Metting, 1996).

In a wider perspective, the consumption of CO2 during
photosynthesis can contribute to carbon mitigation (Talec
et al., 2013) . There are also combined approaches for
wastewater treatment technologies (Sialve et al., 2009) and
for a production of high value products such as cosmetics
and pharmaceuticals (Wijffels and Barbosa, 2010). All

these possibilities have put microalgae in a favorable
position for the integration in biorefinery concepts.

For large scale production of microalgal biofuel, many
problems have to be addressed. Light conditions and nu-
trient supply affect the photosynthetic yield, and two
key processes are involved. Among them, photoinhibition
diminishes of photosynthetic yield due to an excess of
irradiance which destroys some key proteins of the pho-
tosynthetic apparatus. This can be represented by models
that take into account the dynamics of the photosynthetic
reaction centers which are represented in resting (or open)
state or active (closed) state. The dynamics of open/closed
transition occurs at a fast time scale (within seconds),
while photoinhibition occurs in the time scale of minutes.
In order to achieve optimal biomass productivities, it is
very important to understand the effects of dynamical
light patterns on photosynthesis dynamics, and especially
on the mechanisms which lead to photoinhibition.

In this work, we propose an integrated approach for the
estimation of growth rate of an open-channel raceway
microalgae culture. In a first step, numerical integration
of an approximation of the Navier-Stokes equation by a
multilayer Saint-Venant approach is carried out in order to
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predict the trajectories of single algae cells in the medium
(Bernard et al., 2013). In a second step, a dynamical
model for photoinhibition (Han, 2001) is calibrated using
experimental data. This model gets numerically integrated
using light profiles corresponding to different trajectories
and calculate the average among them. This average value
is considered to be an estimation of the growth rate of the
complete raceway pond.

2. METHODS & RESULTS

The presented approach for the estimation of the growth
rate of raceway ponds consists of three steps:

(1) Computation of the trajectories and light profiles of
individual algae cells within the raceway volume

(2) Growth rate estimation for each trajectory using a
photosynthesis model

(3) Averaging of the growth rate among individual trajec-
tories resulting in an estimation for the entire system

In the following paragraph we present the hydrodynamic
model presented by Bernard et al. (2013), the Photosyn-
thesis model of Han (2001) and how the average growth
rate for the entire system is calculated. We finally present
structural properties of the model of Han leading to a non-
linear growth response to dynamic light signals.

2.1 Hydrodynamics and single cell trajectories computation

An approximation of the Navier-Stokes equations has been
proposed by Audusse et al. (2011a), which is well adapted
to the conditions in an open raceway pond. Compared to
former multilayer models that are adapted for non miscible
fluids, the so-called multilayer Saint-Venant system with
mass exchanges is a good approximation of the Navier-
Stokes equations. The accuracy and the stability proper-
ties of the multilayer approach have been demonstrated in
Audusse et al. (2011a,b).

Moreover the multilayer model has been successfully con-
fronted with analytical solutions of the hydrostatic Euler
and Navier-Stokes systems with free surface (Boulanger
and Sainte-Marie (2013)). The multilayer model consists
in Galerkin type approximation along the vertical axis
of the Navier-Stokes sytem, it results in a set of partial
differential equations with hyperbolic features and written
over a fixed mesh.

The system is numerically solved by considering a 2D
triangular mesh of the ground surface, the layers defined
by the water depth giving the third spatial dimension. The
discretization technique used a finite volume scheme based
on a kinetic interpretation of the equations. A specific
forcing term mimicking the effect of the paddle wheel was
added (Bernard et al., 2013). The impact of the wheel on
the fluid is considered as a normalized force applied by
the wheel’s blade and equal to the square of the velocity
at each point. Here, a 3D extension to the model presented
in Bernard et al. (2013) was used. The used meshing
represents a real raceway pond of the Environmental
Biotechnology Laboratory of INRA Narbonne (see Figure
1).

Finally, Lagrangian trajectories of several particles are
reconstructed by integrating the velocity field for various

Fig. 1. 3D representation of the water volume and its
velocity field in the numerical simulation. A particular
trajectory is also represented.

Fig. 2. Depth of a single particle as a function of time

initial conditions of the particles. In addition, a Brownian
motion model is applied to better represent the local
diffusion effect.

The raceway simulation has been run for 15 000 seconds.
The simulation starts with static non agitated medium,
and the paddle wheel is immediately set on. Consequently,
the first 3600 seconds of simulation were disregarded, in
order to reach a stabilisation period.

The time dependent depth coordinate for an exemplary
trajectory is presented in fig. 2.

Light intensity profiles are calculated from the trajectories
by applying the law of Beer-Lambert for light attenuation.
The attenuation coefficient was chosen to be a fixed
constant which leads to 5 % of the incident light intensity
at the bottom of the raceway. Consequently, the light
intensity as a function of the water depth z above the
particle is:

I(z) = I0 · e−γ·(z) (1)
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Fig. 3. Light signal received by a single cell as a function
of time

Taking into account the depth of the culture of 0.3m, we
can deduce a value of 15.35m−1 for the parameter γ. A
typical light pattern is presented on fig. 3.

2.2 The Han Model

Han (2001) presented a mechanistic model for photosyn-
thesis which includes dynamical effects of photoinhibition.
This model represents the dynamics of the photosystems
depending of light flux. Photosystems are the first units in-
volved in photosynthesis, they collect photons and transfer
electrons to the rest of the system. They can have three
possible states: open (A) and relaxed, closed while they
are processing photons (B) or inhibited (C) when they
received an excess of photons.

Dynamic processes are represented by the transition be-
tween the states and depend on the photon flux. Primary
production is described by the transition between A and
B. Excitation is assumed to occur at a rate of σI, with
σ being the functional cross section of the photosynthetic
unit (PSU). De-excitation is assumed to occur at a rate of
1
τ , with τ being the turnover time of the electron transport
chain.

At higher irradiation photoinhibition, occurs: PSII’s pass
over from closed to inhibited state at a rate kdσI. At the
same time a repair mechanism compensates this effect at
a constant rate kr.

The equations describing the rates of change in the frac-
tions of open, closed and inhibited states are given by:

Ȧ = −I σ A+
B

τ

Ḃ = I σ A− B

τ
+ kr C − kd σ I B

Ċ = −kr C + kd σ I B.

(2)

Expressions giving the fractions of open, closed and inhib-
ited states at steady state as a function of the irradiance I
can be derived explicitly from 2. The steady-state expres-
sion A∞ for the open state A is given by:

A∞(I) =
1

1 + τ σ I + kd/kr τ σ2 I2
, (3)

Parameter Value Unit

kr 2 · 10−4 s−1

kd 1.82 · 10−16 ·
τ 0.667 s
σ 0.0143 m2/(µmol)
R 4.9250 mol 10−6 cells min−1

Table 1. Estimated model parameters based on
experimental data by (Park et al., 2013) and

data by Combe et al. (2013)

Finally, growth rate is described by a function proportional
to IA. At steady state, this corresponds to a Haldane type
curve:

µ∞(I) = µ̄
I

1 + τ σ I + kd/kr τ σ2 I2
, (4)

2.3 Parameters identification

In order to identify the parameters of the Han model for
the species Dunaliella salina completely it was necessary
to use data from different studies. The light response curve
was taken from Park et al. (2013) describing the pho-
tosynthetic response of microalgae (measured by oxygen
evolution) to different light intensities. With this data, we
fitted a well-parametrized form of eq. 4 by Bernard and
Rémond (2012) In a second step, experiments consist-
ing of measuring the growth rate for different crenellated
light/dark alternation frequencies have been done. For
such caricatural light signals varying at high frequencies,
approximation of the response of the Han model can be
obtained (Hartmann et al., 2013). Such approximations
responses were used to fit the model to data measured
by Combe et al. (2013). It leads to a value for τ and the
respiration rate R.

The increase of the Quantum yield after light to dark
tranistion as published by Neidhardt et al. (1998) imposes
a time scale for the repair process of the photocenters.
From this we deduced the value for kr. However, according
to the data of Park et al. (2013), inhibition plays a minor
role within natural values for the light intensity. Thus the
values for kd and kr have negligible impact on the model
behaviour in real-life conditions.

After a least square fit on the data presented in paragraph
2.3, the parameters turned out as in tab. 1. The fit of the
experimental data is presented in figures 4 and 5.

2.4 Simple factors in light signal affecting productivity

In a preliminary study, the effect of the paddle wheel on
the light received by a cell was studied by a caricatural
light/dark signal with equal periods of light (at intensity
I0) and darkness. In the work of Hartmann et al. (2013),
the effect of the light/dark frequency ω is studied. It
is shown that the average growth rate µ(I0, ω) is an
increasing function of ω, and that the growth rate is bound
within:

1

2
µ∞(I0) ≤ µ(I0, ω) ≤ µ(

I0
2
,+∞) = µ∞(

I0
2

) (5)

This means that for very low frequencies, the system can
be approximated by a system where half of the time growth
rate is obtained for a continuous light at I0, while there is
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Fig. 4. Dependency between Frequency and Growth rate.
Frequency on a logarithmic scale, Circles show mea-
sured values of data by Combe et al. (2013), lines
show model predictions according to Hartmann et al.
(2013)

Fig. 5. Steady state Light response curve for the utilized
parameters

no growht the rest of the time. For a very fast frequency,
much faster that the time scales of the Han model, the
light signal is averaged into a light I0

2 .

The next step is to test this effect with a more realistic
light pattern, derived from a trajectory computed with
our hydrodynamical approach.

Firstly, the effect of the signal variance on the growth
rate at steady state is analysed. Given different signals
with alternation of constant light periods of same length,
between I− δI and I+ δI; The previously considered case
is a specific case for δI = I.

Hypothesis 1. (H1) Assuming that I + δI is in the convex
part of the Han equation (4). In other words:

d2µ∞

dI2
(I + δI) < 0 (6)

Property 1. In order to optimize productivity of large scale
plants and to make them environmentally and econolically

Fig. 6. Average growth rate based on the Han model using
rectangular light signals with different variance and
frequency

sustainalbe, energy requirements have to be minimized
Under Hypothesis H1, we have

µ∞(I + δI) + µ∞(I − δI))

2
≤ µ∞(I)

Proof: This Property is easily proven when considering

the decreasing function (Hypothesis (H1)) dµ∞

dI µ
∞(I). We

have
dµ∞

dI
(I) ≤ dµ∞

dI
(I − δI)

Integrating this expression between I and I + δI, we get

µ∞(I + δI)− µ∞(I) ≤ µ∞(I)− µ∞(I − δI)

This provides the result.

As a consequence, any light signal varying at very low
frequency between I − δI and I + δI would lead to an
average growth rate lower than the growth rate for the
average light I.

The same reasoning holds for δI: increasing δI (provided
that µ∞ stays in a region where it is convex) leads to
a reduced growth rate. This reasoning highlights the two
effects affecting growth:

• Signal frequency which tends to increase growth rate
• Variance of the Light signal which, at low frequency,

tends to decrease the growth rate

Fig. 6 shows results for numerical integrations of the Han
model based on a rectangular signals with different signal
variance and frequency. Coherently with the analytical
prediction, it can be observed that the growth rate in-
creases with frequency and decreases with increasing vari-
ance.

In the next paragraph, a reference trajectory is used so
that the second effect is eliminated and and the result
depends only on the frequency of light dark succession.

2.5 Effect of the paddle wheel velocity

In a simple approach, in order to understand the effect
of the paddle wheel on productivity, it is assumed that
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Fig. 7. Steady state Light response curve for the utilized
parameters, exemplary trajectory

increasing mixing intensity is equivalent to contraction
and dilatation of the time axis of the cell trajectory. This
corresponds to a linearisation of the paddle wheel effect.
Considering one reference trajectory, means that different
mixing intensities are represented by dilation factors of the
time axis. Increased paddle wheel mixing thus corresponds
to a time-contracted reference trajectory.

Based on the light signals the mean photosynthetic pro-
ductivity is calculated from the Han model over the full
trajectory. The travel time has been contracted and dilated
down by a factor of 100. Moreover, together with the
travel time, we simultaneously considered the effect of
incident light irradiation I0 on productivity. The results
are presented in fig. 7.

As it can be observed, a reduced travelling time yields only
about 70 % of the productivity at the original traveling
time for 1000 µmol/s−1m−2) surface light intensity. There
is only an insignificant difference between the result for
the light profile passing a 100 times faster and the original
speed.

2.6 Growth rate prediction for the mixed Culture

In order to estimate the growth rate of the entire culture,
we calculated the average growth rate of all 460 trajec-
tories for different light intensities at the surface. For the
total average growth rate µav we get consequently:

µav =

∑n
i=1 µ̄(zi)

n
(7)

With zi being the time dependent depth coordinate for the
ith trajectory.

The resulting average photosynthetic productivity as a
function of incident light intensity of the culture is pre-
sented in Fig. 9. The individual growth rate of all single
trajectories are presented in Fig. 8. The growth rate and
the average received light intensity of each trajectory is
represented by one point in the 3D Coordinate system.

The average growth rate (fig. 8) of the culture increases
linearly with the surface light intensity. However, due to a

Fig. 8. Average received light intensity and growth rate
as a function of surface light intensity. Each color of
points refers to one surface light intensity.

Fig. 9. Average Value of gross Growth rate between the 460
trajectories for different incident illuminations (blue
dots). The red line indicates the respiration rate.

special characteristics in the hydrodynamic simulation the
average received light intensity has significant variability
among the trajectories (compare fig. 8) for the same
surface intensity.

3. DISCUSSION

With the presented approach, we can estimate the growth
rate of the raceway pond based on the growth response of
individual algae cells. Contrary to similar approaches, we
did not rely on rectangular light signals, but on light pro-
files which have been calculated from the hydrodynamics
of the system.

For the calibration of the Han Model for Dunaliella salina,
data from three different studies have been used. The
increasing productivity as a function of cycle frequency in
the data of Combe et al. (2013) has been identified as an
effect of the open/closed dynamics, which is directly linked
to the value of the parameter τ . Since this increase can
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be observed at frequencies of about 1 Hz, the parameter τ
has been estimated as 0.67 s. This value, unusually high, is
slower than what is considered a typically in the literature
(cf. Falkowski and Raven (2007)). Nevertheless, the study
follows an experimental protocol presented by Falkowski
and Raven (2007), which allows for direct determination
of this physiological parameter. This result might therefore
be taken as a hint for an unusual behaviour of Dunaliella
salina in flashing light conditions.

Structural properties of the Han model show that the
growth response depends not only on the average light
intensity, but also on the frequency and the shape of
the received light profile. This leads to the conclusion
that considering only the frequency of the light signal
is not enough to estimate the photosynthetic efficiency.
Contrarily to several works studying the growth response
as a function of flash frequency, predictions of actual
productivity should also be based on the variance of the
signal. With the proposed approach we suggest a new
paradigm to treat this problem by reconstructing realistic
trajectories.

In order to predict the growth rate within the aggregate
system, the average growth rate has been deduced from
460 trajectories. A linear relation between surface light
intensity and aggregated growth rate is found. This could
be interpreted similarly to the average growth rate com-
puted in Bernard (2011), when averaging the Han static
response over the depth of the culturing system. Analytical
computation in this simplified case shows that this is sim-
ilar to shifting the optimal light intensity towards higher
light, and reducing the maximum growth rate. Shifting the
maximum of the curve on fig. 5 is similar to zooming the
response curve for low light intensity, ending up with a
response that becomes approximatively linear.

When regarding the individual values for average growth
rate and depth for different trajectories, there is a sig-
nificant spread for the average depth of the particles. This
indicates, that the simulation time is not sufficient in order
to show the ergodicity of the system.

At the current state of this study, we suspect that a numer-
ical artefact in the integration of the hydrodynamics leads
to an overestimated spatial probability for the particles
at the bottom of the raceway. This imposes consequently
an offset for the average received light intensity of the
particles and leads to growth rates which are underesti-
mated. In the context of the high respiration – which was
found for our calibration – the growth rates are even below
respiration. It should be pointed out that – to our best
knowledge – at present no studies exist which evaluate the
spatial distribution of particles in a hydrodynamic raceway
simulation for sufficiently long simulation time.

4. CONCLUSION

This work investigates how hydrodynamics impacts bi-
ology in microalgae culture ponds. The actual effect on
photosynthetic efficiency is assessed by coupling the La-
grangian trajectories computed from a multi-layer Saint-
Venant hydrodynamical model, to a dynamical model rep-
resenting the fast time scales of photosynthesis. Such study
highlights the idea that experiments conducted to assess

the effect of light/dark frequency on photosynthesis are
not sufficient to characterize the mixing effect in a raceway.
More work is required to better study the impact of the
paddle wheel, by ensuring that basics statistical properties
of Lagrangian trajectories (average depth, equirepartition
of the particules) are not affected by the wheel velocity.
This approach is also the foundation for the development
of a computer driven approach able to optimize the design
of raceways and increase the ratio between the recovered
biofuel from the microalgae and energy consumption for
mixing.
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7
D I S C U S S I O N

One never notices what has been done; one can only see what remains

to be done.

Marie Curie
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The previous chapters have described the photosynthesis behavior

both from experimental and theoretical point of views. Each chapter

has presented a specific aspect of the system while drastically sim-

plifying its complexity. In the following paragraphs the results of

these works are extended and discussed. Some new interpretations

are presenting important aspects of photosynthesis research from a

new perspective while opening opportunities for investigative lab

experiments to productivity prediction at the raceway scale.

7.1 yield of the photosynthetic apparatus as a response

to ld frequency

The analysis of the Han model (but similar results could be ob-

tained with other fast time scale models such as. [23]) has investi-

gated the way photosynthesis reacts to LD cycles. In response to

such periodic light signals, the open (A) closed (B) and inhibited (C)

fractions of PSUs follow a periodic dynamic.

For some changing frequencies the obtained results are intuitive.

If the cycle frequency is much slower than the time scales of the

system, we can assume that the variables reach their pseudo equi-

librium within the light and dark phase. Also, the timespans for

approximating these states are only a small percentage of the entire

cycle. This means that the resulting growth rate is µ(I0) during the

(long lasting) light periods and 0 during the dark periods. It results

that the average growth rate is µ(I0)/2.

If the light frequency is much faster than the involved time scales,

the fractions of open, closed and inhibited photocenters reach a

constant equilibrium which does not change throughout a cycle. It

should be remarked, that physically – due to the quantum nature
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Figure 15: µ(I0)/2 and µ(I0/2) describing the growth rate improvement
with cycling frequency of a LD signal

of light – there is no difference between flashing light with infinite

frequency and continuous light with average intensity. According to

the calculation, the resulting growth rate equals that of continuous

illumination with average intensity. With the average value of the

light I0/2, the mean growth rate is µ(I0/2) in this case. This value is

always higher than µ(I0)/2 because of the concavity of the growth

curve (cf. fig. 15). This can be easily shown using property 1 in ch.

6.

In fig. 16, the evolution of the periodic state of the Han model

for LD cycles with increasing cycling frequency is presented. For

low frequencies, the number of inhibited photosystems C decreases

during the dark phase and increases during the light phase. With

increasing cycle frequency the value of C stabilizes at an average

level. This leads to an increased efficiency of the photosysthetic pro-

duction, because Cav is lower during the light phase, which allows
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Figure 16: Synthetic Scheme describing the response of the variables of
Han model to LD cycles with increasing frequency. In the lower
left: A PI curve indicating the evolution from µ(I0)/2 to µ(I0/2)

for an increased productivity. For these intermediate frequencies, we

found a plateau in the dependency of the photosynthetic production

rate from the cycling frequency. For very high cycling frequencies,

the fast variables A and B no longer follow the light transitions.

Consequently, A and B turns to a average equilibrium values B̄ and

Ā.

For intermediate flashing frequencies, the dynamics of the fast

open/closed subsystem reaches its steady state during each period,

while the slow closed/inhibited system reaches a global constant

value. In this case, the average value of the growth rate can still

be computed and compared with the two other values for extreme

frequencies:

µSS < µint < µmax (7.1)
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This property directly follows from the result in ch. 4. The in-

termediate regime is of particular importance, since this is the one

that is expected under raceway conditions, where time constants of

the hydrodynamics (cf ch. 6) mainly stimulate the dynamics of the

photoinhibited state.

7.2 do we properly characterize the response with ld

experiments

In the field of photosynthesis research, experimental studies us-

ing LD cycles are a regularly used setup. Corresponding to this,

modelling efforts are also often focused on this kind of light signals.

When considering real outdoor conditions and the insights about the

influence on hydrodynamics we achieved in ch. 6 ,it becomes clear

that the representation of mixing effects using LD cycles is far from

reality. While not simulating realistic conditions, LD signals have

two important properties: (1) Easy repeatability and comparability

of different studies and (2) mathematical accessibility for modelling

efforts. Both of these properties are invaluable when aiming on

validation and parameter identification for mechanistic models.

In ch. 6 we have investigated numerically the response of the

Han model to cycles with two different light intensities. The results

showed that there is not only a dependency of the growth rate

on cycling frequency but also on the amplitude, respectively the

standard deviation of the signal (see ch. 6, fig. 6). A step towards a

more realistic behavior could consist in a piecewise constant signal,

without zero illumination and with unequal duration of high and

low light. When limiting the signal structure to two consecutive light

intensities Ilow and Ihigh, while the length of the high light phases
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Figure 17: Light signal corresponding to the function defined in eq. 7.2.

is the pth fraction of the complete cycle length, we end up with the

following definition for such a light signal:

I(t) := Θ

[
t−

⌊
t

T

⌋
· T − p

]
· (Imax − Imin) + Imin (7.2)

The shape of this signal is presented in fig. 17. Θ is the Heaviside

Function and b·c the Floor function. Standard deviation an average

value of this function can be easily calculated as:

Ī = Imin/p+ Imax/(1− p) (7.3)

σI =
Imax − Imin√
p(1− p)

(7.4)

It can be seen that this function allows for the independent ad-

justment of cycle frequency, average light intensity and standard

deviation. A topic for subsequent experimental studies could be to

investigate if the maximum light intensity or the standard deviation

of the light signal has more physiological impact.

As it has been demonstrated in ch. 6, the Han model responds to

such LD cycles in a very plausible manner. According to numerical

and analytical investigation it can be said that the average growth
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rate decreases with increasing variance and increases with increasing

cycle frequency. This follows the idea that the edge cases of zero

standard deviation and infinite frequency are physically equivalent

to a continuous signal with average intensity.

7.3 how much benefit can there be from mixing?

Even without knowledge about the actual hydrodynamics, the

theoretical maximum benefits for growth rate in outdoor algae cul-

tures can be estimated. As in ch. 6, the light intensity inside the

volume is considered to follow an exponential decay from surface

to bottom (this rough approximation could be improved by more

accurate models [62]). Instead of a constant attenuation coefficient,

the attenuation should be defined as a linear function of the biomass

density as it is proposed by Luo and Al-Dahhan [50]:

I = I0 exp(−λ(X) · z) (7.5)

λ(X) = (kx ·X+ kw) (7.6)

Where kw and kx arethe attenuation coefficients for water and

biomass density, X represents the biomass concentration in the

medium. The net growth rate can be computed with the Han model,

considering the steady state solution:

µ(I) = µ0
σI

1+ στI+ kd/krτσ2I2
(7.7)

126



For the estimation of the average growth rate of the culture we

consider furthermore the average value for the growth rate of a

sufficient number of cells N, which float through the volume while

observing the time-dependent light signal Ii(t) for a sufficiently long

time span T . N and T will disappear in the final formulas, so their

actual value are not important.

µ̄ =
1

N

N∑
i=1

1

T

∫
µ(Ii(t))dt (7.8)

This equation can be simplified and solved for two edge cases: (1)

infinitely effective mixing and (2) no mixing. For infinitely strong

mixing we assume the light changes for the cells to be rapid. As a

consequence, the cells adapt to the average light intensity Ī in the

volume while traversing it. For Ī we get:

Ī(X) =
1

L

∫L
0
I(z)dz =

I0
λ(X)L

(1− e−λ(X)) (7.9)

thus we can calculate µ̄ for the complete culture as:

µ̄mix =
1

N

N∑
i=1

µ(Ī)dt = µ(Ī) (7.10)

For the case of no mixing, I(t) is constant for each particle and

turns to I(z).

µ̄stat =
1

N

N∑
i=1

1

T

∫
µ(Ii(t))dt (7.11)

=
1

N

N∑
i=1

µ(I(zi)) (7.12)
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Here, the time integration is trivial due to the constant light intensity.

Furthermore, the particles are stationary and receive a constant light

intensity. Consequently, the sum over N particles can be replaced

by an integration over the volume, considering constant density of

particles.

µ̄stat =
1

V

∫
V
µ(I(z))dV (7.13)

=
1

L

∫L
0
µ(I(z))dz (7.14)

=
1

L

∫L
0
µ0

(
σI(z)

1+ στI(z) + kd/krτσ2I(z)2

)
dz (7.15)

With substitution, this integral can be solved analytically for ∆ =

σ2τ2 − 4 · kd/krτσ2 > 0 to:

µ̄stat =
σ

Lλ
√
∆

[
ln

(
2kd/krτσ

2ν+ στ−
√
∆

2kd/krτσ2ν+ στ+
√
∆

)]ν=I(L,X)

ν=I0

(7.16)

This gives the average growth rate for the static case of no mixing.

It should be highlighted that the resulting term is a function of I0

and X. For the case of ∆ < 0, the solution of this integral is analogue

to the expression developed in [7]. For all presented examples we

assume the same physiological parameters for the Han model as

presented in ch. 4. In fig. 18, the PI curve, both estimations for

the average growth rate and the theoretical improvement due to

mixing is presented. In the presented case, 3 · 106 cells/ml were

assumed for the biomass density. This relates to a light intensity at

the bottom of the volume of about 3%. It can be observed that the

maximal values of µmix and µstat are heavily shifted towards high

light intensities. This is plausible since the particles at the surface

shade the lower part of the volume from high light intensities and

therefore – on average – mitigate photoinhibition. Moreover, the
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potential productivity enhancement due to mixing rate drastically

increases with light intensity. The formulas for growth rate are

formulated as a direct dependency from biomass density X rather

than a light attenuation factor. Based on this, the gross productivities

P̂stat and P̂mix can be defined:

P̂stat(X, I0) = µstat(ρ, I0) ·X (7.17)

P̂mix(X, I0) = µmix(ρ, I0) ·X (7.18)

Pstat(X, I0) = µstat(ρ, I0) ·X− R ·X (7.19)

Pmix(X, I0) = µmix(ρ, I0) ·X− R ·X (7.20)

The respiration rate R is assumed as 10 % of the maximum growth

rate as proposed by Geider [31]. The net productivities Pstat and

Pmix are defined by substraction of dark respiration R · X. In fig.

19, P̂stat and P̂mix are presented as a function of the cell density X.

For this figure, 1000 µmol/(sm2) has been chosen as the surface

light intensity I0. It can be observed, that Pstat peaks for a relatively

low density of about 6 · 106 cells/ml (which refers to 6.8 · 10−2% of

the light intensity at the bottom), while the maximum of Pmix lies

beyond 108 cells/ml (which refers to 7 · 10−51% of the light intensity

at the bottom). The intersections with the linear function describing

respiration loss with these productivities indicate the equilibrium

cell densities for the different situations. It can be observed, that

with increasing cell density, the benefits from mixing are reduced

significantely by respiration. This figure illustrates clearly that the

benefits of mixing are strictly linked to the cell density and that

improvements in productivity can not be expected to be as important

for raceway systems with relatively low cell density as for closed
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Figure 18: (red curve) PI curve according to the Han Model (green curve)
µmix (blue curve) µstat (yellow area) Theoretical gain in growth
rate due to mixing

PBR systems with high density. Dark respiration imposes a limit on

the benefits for cultures with highest densities.

In fig. 20 and 21, the net productivities Pstat and Pmix are pre-

sented as surface plots in dependency of the cell density and the

surface light intensity. The solutions for P = 0 describe the equilib-

rium densities for batch operation. In addition, green lines indicate

equilibrium densities for different dilution rates for continuous oper-

ation (according to µ = D+ R). Both expressions show a completely

different evolution for increasing light intensity and cell density.

Pstat yields positive values only for low cell densities. For high cell

densities the influence of respiration completely dominates and leads

to negative productivities even for very high surface intensities. In

contrast, Pmix – which yields overall much higher productivities – is

positive in most of the domain. The increase of productivity with
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Figure 19: (green curve) Pmix (blue curve) Pstat (yellow area) Theoretical
gain in growth rate due to mixing (red line) losses due to dark
respiration

light intensity is very steep for high cell densities. The plot shows

that there ought to be a cell density giving a maximum value of

Pmix for each light intensity. However, Pmix refers to the hypothetical

situation of infinite mixing and therefore only describes an upper

limit for the growth rate which can be expected.

From these considerations, two fundamental conclusions can be

drawn:

1. For extremely fast mixing, the productivity can be highly

improved when opting for high culture densities. Such a

dense culture can benefit from high light conditions above

800µmol/(sm2).

2. For slow mixing, small culture densities optimize the growth

rate. There is no benefit from extreme light conditions.
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Figure 20: Pstat as a function of cell density and surface light intensity.
Green lines: stable states for batch and continuous cultivation
with different dilution rates

Figure 21: Pmix as a function of cell density and surface light intensity,
Green lines: stable states for batch and continuous cultivation
with different dilution rates
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7.4 use and misuse of pi curves

In order to better assess the potential productivity, the founda-

tion is to provide a sound experimental practice for growth rate

measurements in various conditions of light. This point is far from

evident, and no perfect experimental protocol exists. In the follow-

ing paragraph, important pitfalls of the objective measurement of

photosynthetic responses will be demonstrated.

Using the fit of the data of Neidhardt et al. (cf. fig. 12), we

could show that the preacclimation period of the sample can have

significant influence on the form of the PI curve measured. In this

particular case, this has lead Neidhardt very likely to a misinterpre-

tation of the results. Neidhardt give their measurement protocol in

the publication, which allowed for the identification of this effect.

Unfortunately, the term PI curve is still frequently used in a way as

if it was a static characteristic of a photosynthetic organism, which –

if measured appropriately – describes objectively the photosythetic

capacity of this organism under the environmental conditions from

which this organism has been extracted. While it is true that the

PI curve gives important information about the photosynthetic re-

sponse, our studies show that without precise knowledge about the

exact measurement protocol the PI curve is very hard to interpret.

When following a protocol as the one of Neidhardt with oxygen

measurement and increasing light intensity, three factors with major

influence on the outcome can be identified: (1) The utilized light

source (2) The exact state of the algae before the measurement (3)

The time evolution of light intensity (pattern of light increase).

The light source has influence on the result, because light inten-

sity values say nothing about the spectrum and algae could respond
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differently to different spectra at the same light intensity. The Simula-

tion of Neidhardt’s data showed a clear dependency of the resulting

PI curve from the state of the algae at the beginning of the measure-

ment. In this case, the algae for the HL curve where considerably

inhibited before the measurement and therefore showed a different

initial slope than for the LL curve. While it is possible to mitigate

this effect by prior dark incubation of the sample, it is not easy to

suggest a correct length of this dark incubation phase. Depending on

species and length of the dark incubation, physiological adjustments

can happen and change the result of the experiment. The length of

dark incubation therefore has to be seen as an important part of the

protocol and needs to be chosen carefully. In addition to these effects,

the exact protocol of the measurement itself can have an enormous

effect on the shape of the resulting curve. In fig. 22, simulated curves

for PI protocols with a different measurement interval are presented.

It can be observed, that results vary enormously due to this change

in protocol. It can also be observed, that PI curves are always above

the steady state solution and that they approximate it with longer

measurement intervals. This is plausible since the steady state solu-

tion represents the state of the system which is approximated under

the reported conditions after a sufficiently long time period. Since

for short measurement the culture will suffer less from inhibition,

the observed growth rate is higher than the steady state value. If

the chosen model accounts also for other dynamic effects – such as

photoacclimation – the results could be very different. Therefore it is

not possible to conclude from this result: The longer the measure-

ment interval, the more valuable is result. What can be said, is that

the longer the measurement interval, the closer the result will be to

the steady state solution of the complete model. Unfortunately this
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solution gives no information about the current physiological state

of the culture (e.g. Acclimation state).

Apart from the measurement interval, the choice of the number of

measurement points have a similar effect because it influences the

total measurement time. The longer the total measurement protocol,

the least the result of the last measurement points will be correlated

with the initial state of the algae. According to this, there is no

objective criteria to decide what is the ‘real’ PI curve among the

different possible results.

Dynamical effects which change the outcome of PI curves are

known for over 30 years now. Nevertheless, due to the high effort

which is needed for proper measurements using a single sample for

each light intensity [46], ‘quick and dirty’ single sample measure-

ments are often done – sometimes with poor documentation of the

protocol.

7.5 challenges for long term lagrangian simulation

of open raceways

Hydrodynamic modelling of photobioreactor and raceways which

include complex geometry with moving mechanical agitators (pad-

dle wheel or propeller) is known to be a challenging topic. Here we

consider a hydrodynamic model run under two conditions making

the outputs more delicate. We consider Lagrangian trajectories result-

ing from the velocity field. The reconstruction of these trajectories

requires hypotheses on the velocity field within a volume of the

discretization mesh and hypotheses on the reflexion of the particles

to the surface. There is a lack of physical models to support these

hypotheses. Moreover, a simultaneous computation of thousands
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Figure 22: Results from the Han Model for different measurement protocols
for the PI curve: (blue) 50s measuring intervals (green) 100s mea-
suring intervals (red) 1000s measuring intervals (black) steady
state solution of the Han model

of particles (which is necessary to make statistics on the resulting

trajectories) is thus highly demanding both in terms of CPU and

memory. To address the productivity question, it is necessary to

perform long term simulations:

1. The raceway needs several days in order to reach a stable state

when considering all biological processes.

2. There is no implicit averaging over many particles. Each and

every trajectory has to be integrated individually using the

biological model.

Long term simulations of closed system where the particles explore

periodically the same domain is a typical situation leading to error

accumulation. The fact that the domain is closed means that an

error at some point in time can propagate and accumulate. This
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was clearly observed with long term runs of the Freshkiss code for

simulating cell trajectories over several days. The particle distribution

(even when neglecting any settling property) was eventually not

equally distributed. Particle accumulations near the the bottom of

the raceway were observed after a sufficiently long period, violating

thus the hypothesis of fluid incompressibility. Even if this was

observed with Freshkiss, it is very likely that most of the CFD

software will present biased results for long term run of Lagrangian

trajectories in closed domains (however, since the classical resolution

of Navier-Stokes equations are very resource demanding, they are

not run for more than hours). Much work remains to be done in this

new direction motivated by the specificity of microalgae, and which

was probably not studied in any other domain.

Simulation runs with different wheel speeds of the system show

that the described artifact is not only a large perturbation but also

dependent on the wheel speed and on the length of the simulation

time. This makes it impossible to realistically study the effect of the

wheel speed. The result obtained would only show the effect of the

numerical artifact.

Different strategies can be considered in order to address this

issue:

1. Utilize a finer mesh and reduce the time step, in order to reduce

the numbers of particles leaving the volume (but it may induce

computational costs drastically high).

2. Revisit the discretization scheme for the Lagrangian single cell

trajectory reconstruction to guarantee incompressibility after

each iteration (the Eulerian system in this approach respects

incompressibility)
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3. Introduce an artificial correction term which guarantees homo-

geneity after ith time step.

7.6 can a small scale raceway give information on the

productivity of a large scale raceway?

An important motivation for all the efforts about Experiments

with large-scale raceways is the fact that test runs of industrial-scale

systems are very expensive. Another reason is that such experiments

are strongly dependent on environmental conditions which are influ-

enced by weather and season. This severely limits the comparability

of different outdoor studies carried out at different locations or

and/or different times.

In order to carry out experiments while mitigating these issues

it is imaginable to carry out experiments indoor using small-scale

raceway models. This has the advantage, that the environment can

be perfectly controlled and that the experimental setup is compara-

bly cheap. Small scale model experiments to test full scale design

opportunities is a technique which is often applied in the chemical

and technical industry. More often than not, scaling up industrial

components can prove to be a very challenging task which has to be

treated individually for each different case.

When regarding raceway systems, some issues which have to be

addressed immediately become evident. Changing scales of a race-

way pond changes will influence a considerable number of processes.

Maybe the most important difference is caused by processes which

are linked to the ratio of volume to surface: temperature adaption

and exchange with the environment, evaporation, light distribution

in the volume. Especially the light distribution seems problematic. In
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order to trigger realistically certain physiological processes, the same

light intensities at the surface as for large scale plants are necessary.

Hydrodynamics itself does not scale linearly. One consequence

is that succession of light and dark phases will be much faster in

a small raceway, where each cell encounters more frequently the

paddle wheel and the raceway turns both inducing depth change.

A small raceway will therefore induce more agitation at the cell

scale and thus higher productivity, especially at high light. It is not

clear if a small raceway where cells meet the (unique) paddle wheel

every 20 meters is equivalent to a large raceway with several paddle

wheels so that every 20 meters a new paddle wheel is encountered.

Indeed, the twisting effect in the raceway turns, due to the difference

between the higher interior speed also strongly contribute to vertical

cell displacement. As a consequence, the results obtained at small

scale must be cautiously considered before possible extrapolations

to a large scale.
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8
C O N C L U S I O N

Patience is bitter, but its fruit is sweet.

Jean-Jacques Rousseau

In this thesis, the subject of growth prediction in large industry

scale raceway system for microalgae cultivation has been approached

from an experimental and a modeling perspective. In this context,

the important processes influencing the physiological response of

the microalgae to short term and long term light variations have

been identified and characterized. As a result, we could estimate the

contribution of the different mechanisms to growth rate benefits from

mixing for low density raceway ponds and a high density closed

PBRs. With the presented studies, we could approach the problem

of growth rate prediction in raceway ponds from a theoretical, an

experimental and a simulation perspective.

The insights from this thesis open up some new interesting scien-

tific questions. At the physiological level, the presented modelling

approach highlights how sensitive PI curves can be to the experi-

mental protocol. Model calibration is strongly influenced by the PI

response, and thus the way PI curves are generated and interpreted

strongly influences the model predictions. Another physiological

aspect which should be further investigated is the acclimation strat-

egy of a cell. The model predictions for N- and s-strategy should be

validated in various conditions, and especially in varying light.
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There are still important questions to address before lab experi-

ments can be realistically scaled up to large scale production systems.

One of the issues is the reconstruction of realistic trajectories for

microalgae. There is a real challenge in computing long term La-

grangian trajectories, since error accumulates in such closed system.

Improvements in numerical computation of hydrodynamics from a

Lagrangian perspective should pave the way to more robust trajec-

tory. Experimentally reproducing such signals is not straightforward

and there is probably a research axis to determine light profiles

which excite the photosynthesis apparatus in a comparable way –

leading to efficient system characterization using a procedure of

model parameter identification. Once the enormous methodical gap

between small scale lab experiments and full scale system is closed,

a validation of suitable models with experimental data from outdoor

cultures is imaginable. Closing this gap still requires a considerable

effort both from an experimental and from a modeling perspective.
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