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ABSTRACT

Filamentous algae (FA) can form readily harvestable floating mats or attached turfs that facilitate their application in waste-
water treatment systems. However, large-scale implementation is hindered by our inability to predict performance as a function
of key operational parameters. A predictive mathematical model would be a valuable tool for designing efficient FA-based
systems. Developing accurate models is challenging due to dynamic environmental conditions and the spatial complexities of
FA cultures. In this work, a model was developed to mathematically describe the biomass productivity of static FA cultures
(mats and turfs) in relation to the incident light intensity and temperature. The model was validated against published data to
investigate the influence of time-dependent inhibition (inhibition from sustained light exposure) on productivity. When time-
dependent inhibition was included in the model, predictions were within ~10% of experimental values, however, without
including time-dependent inhibition there was a sixfold overestimation of biomass productivity. The model could also generate
predictions of the effects of time-dependent inhibition during diurnal light fluctuations using experimentally determined rate
constants. The model represents a powerful tool for optimizing the design and operational parameters in FA cultures that could

be further expanded to incorporate the influence of nutrient and CO, availability.

1 | Introduction

The use of filamentous algae (FA) in algae-based wastewater
treatment systems has many potential benefits over microalgae,
including ease of harvesting, high resistance to predation,
competitive dominance over competing organisms, and the
ability to maintain monocultures beneficial for downstream
biomass utilization (Lawton, de Nys, and Paul 2013; Lawton
et al. 2021; Liu et al. 2020; Neveux et al. 2016; Roberts, de Nys,
and Paul 2013). However, as more focus has been given to the
use of microalgae, there are major research gaps in aspects such
as species performance, nutrient and carbon uptake, algae-
bacteria interactions, and performance prediction that hinder

the use of FA-based wastewater treatment systems at large scale
(Liu et al. 2020). The biomass productivity of FA is a key per-
formance parameter to be optimized when scaling up FA-based
wastewater treatment systems (Lawton et al. 2021; Neveux
et al. 2016). Selecting design and operating parameters that
optimize biomass productivity requires mathematical models
that can relate FA growth to key variables. Biomass productivity
of FA cultures is multidimensional and depends on many fac-
tors including nutrient concentrations, light intensity, temper-
ature, pH, and pond depth (Béchet, Shilton, and Guieysse 2013).

In outdoor systems, light intensity and temperature have a
controlling impact on algal productivity (Béchet, Shilton, and
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Guieysse 2013). Studies on various FA species indicate the
significant impact of temperature and light on photosynthesis
and respiration, and consequently the biomass productivity of
outdoor cultures (Graham, Arancibia-Avila, and Graham 1996;
Graham et al. 1982; Graham et al. 1995; Necchi Jr 2004;
Pitawala et al. 2024; Pitawala et al. 2023). Although photo-
synthesis is dependent on both light intensity and temperature,
the respiration response consists of two separate components —
light-enhanced respiration and dark respiration, of which the
latter only depends on temperature (Duarte et al. 2013;
Falkowski and Owens 1978; Pitawala et al. 2023). Light inten-
sity mainly influences the reactions generating the energy
needed for growth and maintenance of cellular functions, while
temperature influences enzymatic activity within the algal cell
(Manhaeghe et al. 2019). A mathematical model must be able to
represent the effect of light and temperature on the growth of
FA in relation to both photosynthesis and respiration.

Importantly, light and temperature are not practically control-
lable in outdoor cultures. Cultures are subject to both short-
term diurnal fluctuations and long-term seasonal variations in
light intensity and temperature. Ideally, a model can account
for these variations when predicting productivity. In addition to
contemporaneous effects of variations in light and temperature,
long-term seasonal fluctuations present in temperate regions,
lead to variations in the average growth conditions (average
light exposure, daylight hours, and temperature). These long-
term variations in the average growth conditions lead to bio-
chemical compositional changes in the algal cells due to accli-
mation which directly influences the cellular mechanisms
affecting the biomass productivity levels (Pitawala et al. 2024;
Pitawala et al. 2023). Therefore, the influence of both short-term
and long-term variations in the light intensity and temperature
need to be accounted for when modeling the performance of
outdoor FA-based wastewater treatment systems.

A mathematical model that could account for all these varia-
tions would be a valuable tool for understanding and predicting
the influence of key parameters on biomass productivity.
Numerous growth models have been developed for microalgae
to aid in large-scale design and operation (Darvehei, Bahri, and
Moheimani 2018; Shoener et al. 2019). These models can
account for various aspects affecting microalgae growth,
including light availability, temperature, nutrient and carbon
concentration, and pH. Among the available models, the algal
growth model developed by Huesemann et al. (2013) to predict
microalgal productivity by considering the light attenuation by
biomass due to self-shading, has proven to be useful (Gao
et al. 2018; Huesemann et al. 2016; Van Wagenen et al. 2014).
However, in comparison to microalgae (which are unicellular
and therefore evenly distributed in a well-mixed growth pond),
modeling the growth of FA is complicated by its uneven dis-
tribution in a pond. FA consists of cylindrical filaments formed
by the longitudinal joining of cells that result in cultures con-
taining spatially heterogenous macroscopic structures. These
include tumble cultures, where clumps of filaments are tumbled
around as a suspension within the culture (Cole, de Nys, and
Paul 2014; Cole et al. 2016; Lawton et al. 2021), turf mats in
which filaments grow attached to a surface in algal turf
scrubbers (ATS) (Hariz, Lawton, and Craggs Lawton, and
Craggs 2023a, 2023b) and filamentous algal nutrient scrubbers

(FANS), or as stable floating mats located on the surface of the
pond (Pikosz, Messyasz, and Gabka 2017; Piotrowski, Graham,
and Graham 2020; Pitawala et al. 2024). Mathematical models
must be able to account for the effect of the differences in
physical attributes of the various FA cultures.

Despite the extensive development of models describing mi-
croalgae growth (Darvehei, Bahri, and Moheimani 2018), to
date no model has been specifically designed to predict the
productivity of FA-based wastewater treatment systems and
there are gaps in the available data required to develop one.
Furthermore, the applicability of modified microalgal growth
models for FA tumble cultures, where the FA cells experience
rapid fluctuations in light due to mixing similar to cells in mi-
croalgal cultures, has not been investigated. Although there is
no mathematical growth model specifically designed for static
FA-based wastewater treatment systems (turf or floating mat
cultures), there exist several versions of a model developed to
predict the attached growth of FA species Cladophora in the
Great Lakes of Canada (Auer and Canale 1982; Higgins, Hecky,
and Guildford Hecky, and Guildford 2005, 2006; Kuczynski
et al. 2020). In the literature, the model is known as the Great
Lakes Cladophora Model (GLCM). The latest version of GLCM
(GLCM v3) developed by Kuczynski et al. (2020) follows a
similar discretized procedure to that used in the microalgal
model developed by Huesemann et al. (2013). Both models
consider the algal biomass to consist of separate layers instead
of one homogenous unit, allowing for the model to account for
the stratified self-shading effect caused by algae. In the micro-
algal model, the number of layers in a culture remains constant
over time, as the microalgal cell suspension occupies the entire
volume of the culture. In contrast, the number of layers in a
mat-forming FA model can change with time, as the mat con-
tinues to grow in thickness (i.e. in the vertical direction). The
GLCM v3 incorporates the increase in the depth of the attached
growth mat by defining a constant biomass density to every
layer, which once reached, triggers expansion into a new ver-
tical layer (Kuczynski et al. 2020). The use of a constant biomass
density is one potential limitation of the GLCM that may lead to
unrealistic predictions of mat thickness, as in actuality the mat
becomes more compacted as biomass accumulates (Kuczynski
et al. 2022). As such, it would be preferable to have a model that
could account for such variations in biomass density. This
approach was implemented by Kuczynski et al. (2022) by re-
placing the fixed value for biomass density with a non-linear
equation describing biomass density as a function of mat
thickness that accounts for the mat compression observable in
their experimental data.

In addition to the spatial inhomogeneity of FA cultures, the
static nature of mats and turfs has important implications that
should be considered in a mathematical model. In particular, as
FA cells are fixed in relation to incident light, cells near the
surface of the mat or turf will be continuously exposed to high-
intensity light. It has been shown that time-dependent inhibi-
tion of photosynthetic activity which occurs due to sustained
light exposure, significantly impacts static FA cultures where
the cells are exposed to higher photooxidative and heat stresses
for prolonged periods (Belay 1981; Pitawala et al. 2023). As
such, in systems where the algal biomass remains static in
stable floating mats or attached growth turfs, the influence of
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sustained light exposure time should be considered for accurate
model predictions.

The aim of this study was to develop mathematical growth
models to describe two types of static FA systems: (i) filamen-
tous algae nutrient scrubbers (FANS) and (ii) surface filamen-
tous algal mats (FAM), where FA is attached to the bottom of a
pond or float on the surface, respectively. The mathematical
framework used in GLCM v3 to discretize the algal mat and
determine the change of biomass in the system were the chosen
basis for developing the model presented here. In this work,
three significant modifications were made to the GLCM model,
involving (i) incorporating mat compaction due to biomass
accumulation (similar to what was recently done in Kuczynski
et al. (2022), (ii) inclusion of time-dependent inhibition of
photosynthetic activity, and (iii) for surface mats (FAM),
inverting the orientation. The freshwater FA Oedogonium was
selected based on the findings from previous studies, which
have shown its potential for wastewater treatment and down-
stream biomass utilization (Cole et al. 2016; Lawton et al. 2017,
Lawton et al. 2021; Neveux et al. 2016). The model utilizes
species-specific parameters of Oedogonium grown under aver-
age winter conditions in Melbourne, Australia, based on the
experimental data obtained in the study done by Pitawala et al.
(2023). The model accounts for the influence of light intensity
and temperature on the biomass productivity of FA Oedogo-
nium grown in floating mats or turf beds. It can be applied to
other species and seasonal conditions for which parameter
values can be determined. The model can be used as a tool to
help understand and predict the performance of outdoor FA-
based systems where the biomass experiences short-term diur-
nal fluctuations in light intensity and temperature and can be
applied to account for long-term seasonal variations.

2 | Materials and Methods

2.1 | Filamentous Algae Cultivation

Freshwater filamentous alga Oedogonium, sourced from stock
cultures previously described (Pitawala et al. 2023), was initially
acclimated to the average winter conditions in Melbourne,
Australia (300 + 25 umol.m™2.s™" with 13:11 dark: light cycle at
15°C) inside a light and temperature controlled growth cham-
ber (BI-RIC-600, Biora, Australia). For this purpose, 600 mL
transparent plastic containers filled with 450 mL of modified
MLA medium (Liu et al. 2023) were inoculated with the algal
biomass from the stock cultures (~300 mg, fresh weight) and
transferred into the growth chamber for acclimation for 7 days.
During the growth period, aeration was provided to the algal
cultures using air stones placed at the bottom of the container
with an airflow rate of around 100 mL. min~" to promote the
formation of the FA mat.

To determine the physical mat properties relevant to the model,
the acclimated biomass was allowed to form surface-covering
floating mats in the 600 mL plastic containers (surface area
~0.0085 m?) under the same growth conditions. The entire culture
medium was replaced weekly to ensure that no nutrient depletion
occurred. Once a surface-covering mat was formed, the air stone
was removed, 24 h prior to taking the measurements to ensure

that the mat spread throughout the entire surface of the con-
tainer. Thereafter, the formed filamentous algal mats were used to
parameterize variations in mat depth and light attenuation
through the algal mat as a function of biomass density, as
described in the following section.

2.2 | Determination of Filamentous Algae Mat
Properties

The cultured FA mats were used to quantify the variation of
mat depth and light attenuation through the mat with respect to
the areal biomass density. Each culture was used to obtain one
data point for both parameters. Initially, images were taken to
determine the mat depth and the mat surface area using the
image processing software, ImageJ. As the algal mats were not
uniform throughout, four images of the side of the transparent
plastic container were taken orthogonal to each other (Fig. S1).
The thicknesses of the mat in the four images were determined
using the image processing software and the average was taken
as the mat depth. Additionally, the surface area of the mat was
determined from aerial images using the same software. After
taking the images, the transparent plastic container containing
the FA mat was used to determine the light attenuation through
the algal mat.

Light attenuation through a medium can be represented by
Beer-Lambert's law, which defines light intensity as a function
of depth (Eq. 1) (Béchet, Shilton, and Guieysse 2013; Kuczynski
et al. 2020).

I, = Iee ka2 €Y

where, I, is the photosynthetically active radiation (PAR) at the
surface (umol.m™%s™%), I is the PAR at a position (z) within the
medium (umol.m™2s™%), k, is the light extinction coefficient
through the medium (m™") and z is the depth from the surface
to the considered point in the medium (m).

To determine the light extinction coefficient of the FA mat, the
transparent container was placed inside another container with
the sides covered to ensure only vertically penetrating light was
registered. Then, the light intensity reaching the bottom of the
setup (I;) was measured using an underwater full-spectrum
quantum sensor (MQ-510, Apogee, USA) placed under the
two containers during illumination from the top (Fig. S2). To
eliminate the light absorbed by the culture medium and the
container material, the light intensity at the bottom of the setup
(I,) was measured again after replacing the container with the
algal mat with a container with a blank culture medium. Then,
the light extinction coefficient of the algal mat was determined
using Eq. 2, which was obtained by reordering Eq. 1.

1 Il
oIn|—= 2
Dmat " [12 ) ( )

where, kg is the light extinction coefficient through the FA mat
(m™Y), Dy is the mat depth (m), I; and I, are the light inten-
sities (umol.m2s™') measured at the bottom of the setup with
the algal mat and blank medium, respectively.

ka[g = -
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Finally, to determine the areal biomass density (X in g
DW.m™?), the biomass was harvested by passing the culture
through a stainless-steel mesh strainer (pore size < 700 um).
The retained biomass was then centrifuged using methods
previously described (Liu et al. 2023) and the dewatered bio-
mass was weighed to obtain the fresh weight (FW). A small
portion of the dewatered biomass was weighed, and oven-dried
for 48h at 60°C and the dry weight (DW) was measured to
determine the FW: DW ratio. The remaining portion of dewa-
tered biomass was reinoculated into a 600 mL container with
fresh modified MLA medium and transferred to the growth
chamber to allow the floating mat to form, to obtain another
data point for these investigations. The FW: DW ratio obtained
was used to calculate the areal biomass density relevant to the
determined mat depth and light extinction coefficient. The data
points for mat depth and light extinction coefficient were
plotted against the respective areal biomass density to obtain
functions representative of the variations in these mat-related
properties.

2.3 | Theory

As discussed, the proposed filamentous algae growth models
build upon the basic concepts of the latest version of the Great
Lakes Cladophora Model (GLCM v3) (Kuczynski et al. 2020),
which models the growth of attached FA mats on the bottom of
lakes. The models presented here were developed on the
premise of the formation of a continuous FA mat, either float-
ing on the surface (FAM) or attached to the bottom of a pond
(FANS) that will continue to grow vertically as the areal bio-
mass density increases with time. A graphical comparison of a
microalgal model (Huesemann et al. 2013), GLCM v3, FANS,
and FAM models is illustrated in Figure 1.

231 | Model Framework

The developed models predict the variation in the areal biomass
density and FA mat thickness of freshwater FA Oedogonium
with time by considering the light intensity and temperature
variation across the prediction period. To simplify the modeling
approach, the following assumptions were applied:

(b)

FIGURE1 |
the FANS model, and (c) the FAM model.

« Light intensity and temperature are the only limiting fac-
tors for the productivity and cellular responses of the FA
(e.g. no nutrient or CO, limitation).

« Filamentous algae biomass forms a stable mat either
floating on the water surface (FAM) or attached to the
bottom (FANS) of a pond.

« No mixing occurs that disturbs the formation of the
algal mat.

» The algal mat is filled layer by layer, with additional newly
formed biomass being added to the bottom (FAM) or top
layer (FANS) (Lawton, de Nys, and Paul 2013).

« Light is only incident on the water surface perpendicularly.

« Temperature is the same throughout the culture medium
and FA mat.

The modeling procedure summarized by the model framework
illustrated in Figure 2 is as follows. Initially, the algal mat is dis-
cretized into layers and the light intensity incident at the midpoint
of each of the layers is determined, thus incorporating self-shading
into the models. Then, the incremental change in the areal biomass
density of each layer for a given timestep is calculated from the
areal biomass density at the beginning of the timestep and the
respective growth due to photosynthetic activity and loss due to
respiration at the given temperature and incident light at the
beginning of the timestep. Then, the total areal biomass density of
the mat is calculated by summing the areal biomass densities of all
the layers. Finally, before moving on to the next timestep, the
algal mat is redivided into discrete layers of equal thickness,
while adding any remaining biomass to the bottom layer (see
Section 3.2.1). With time, as the biomass density and mat thickness
increase, the number of layers will also increase, while the thick-
ness of each layer remains the same. The above steps are repeated
until the model has been run for the specified period.

The models were executed using MATLAB 2023b software, with
input parameters that can be categorized as (i) user-defined and
(i) species-specific parameters (Figure 2). The species-specific
parameters are determined experimentally and used to calibrate
the model for the FA species being considered. It is important to
note that the species-specific parameters will change with the
algal species used and also with the average growth conditions
due to seasonal acclimation. In this study, the model was

Continuous
- floating FA
mat

Attached
~ growth
FA mat

(c)

Graphical representation of (a) microalgal growth model, (b) the latest version of the Great Lakes Cladophora Model (GLCM v3) and

1205 of 1305



Initial areal biomass density

Xo)
% 0o e e
: Filamentous Algae Mat (FAM) Model 1
1 |r _____________________ : i Mat depth variation with
: ' = ' 1 total biomass density Dyt (x)
' 1 Discretisation of the algal mat I :
: : < into layers : | Layer depth
; = .i': \ ! _:T (Dla_\'er)
' (= l
1 - E : :
1 | 3|5 | ;
! : it : \ Incident light intensity
1 - - —
' (I Determination of the light ! : Toty)
: ; incident at the midpoint of L—:— 1 : - .
: : o | “ (N Light extinction coefficient
. : * v T (kalg)
I I - s o i . !
- |
: :- B _o- ______________________ 1 1 Water temperature
2 = —
' : 53 Calculation of the change in : ) Ty
: o8 biomass density (dX/dt) of ]
: : § g 10mas=eai111:igw(er )¢ ! ' | Specific net photosynthetic rate
' 'S - : L (UPnet(1T))
] 1 I
I e e e s Y 1
: 1
1
: Determination of the new :
1 biomass density of the entire i LEGEND
. culture by numerically adding 1 P
1 up the biomass density of all : - Model input
: the layers : (user-defined)
L | - Model input
1 : (model calibration)
- Model output
Variation of biomass Variation of algal mat ‘ ‘ ‘ - Model process

density with time

FIGURE 2 |

calibrated using data relevant to FA Oedogonium grown under
average winter conditions in Melbourne, Australia. For ease of
modeling, the coding of the FAM model was embedded with two
core functions: AlgalMat layers and GrowthCalc (Figure 2). The
main script was developed using MATLAB live scripts providing
an interactive interface where users can enter the user-defined
parameters easily. The MATLAB codes for all three sections of the
models are included in the supporting information.

2.3.2 | Model Equations and Parameters

The equations incorporated into the models can be categorized
into three groups:

1. Discretization of the algal mat

2. Light attenuation within the algal mat

3. Determination of the change in the areal biomass density
with time

thickness with time

The framework of the filamentous algae growth models.

Parameter values were defined using experimental data col-
lected in this study and from the study conducted by Pitawala
et al. (2023) to calibrate the models, as discussed in the fol-
lowing sections. It is important to note that the model is thereby
best suited to predicting the performance of Oedogonium
in outdoor systems with similar growth conditions to that of
winter in Melbourne, Australia.

2.3.3 | Discretization of the Algal Mat

The first set of equations is used at the start of each time step to
discretize the algal mat into layers. As previously mentioned, the
GLCM v3 assumes a constant biomass density in each layer, which
can lead to unrealistic mat thicknesses as the biomass density
increases. FA mats can be expected to be compacted with an
increase in areal biomass density, which was observed in the ex-
perimental work conducted in this study (Figure 3a). This com-
paction is represented in the variation in mat depth with areal
biomass density, which was described mathematically by Eq. 3.
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FIGURE 3 |
Oedogonium as a function of areal biomass density (X).

Dinar(x) = 0.0067+X 03403 3)

where, Dy, is the FA mat depth (m) and X is the areal biomass
density (g DW. m™2). This equation has the same form to the
equation presented in Kuczynski et al. (2022). The values are
different, which could be explained by fitting the curves to data
sets obtained on different FA (Oedogonium and Cladophora). At
the start of each timestep, the model uses Eq. 3 to calculate the
depth of the FA mat based on the areal biomass density at the
start of that timestep. Then, using a user-defined layer thickness
that governs the resolution of the model, the number of layers
of the FA mat is calculated using Eq. 4.

D,
n= mat  (X) (4)

D layer

where, Dpq; (x) is the depth of the FA mat calculated using
Eq. 3, Djgyer is the user-defined layer depth (or thickness) (m),
and n is the number of layers that the algal mat is discretized
into (rounded up to a whole number with any additional bio-
mass added to the bottom-most (FAM) or uppermost (FANS)
layer the thickness of which will be less than Dy, ).

2.3.4 | Light Attenuation Within the Algal Mat

Once the algal mat has been discretized, the next set of equa-
tions determines the attenuated light reaching the mid-point of
each of the layers. This procedure has been used in both mi-
croalgal models and GLCM v3 to account for the self-shading
created by the algal cells (Huesemann et al. 2013; Kuczynski
et al. 2020).

For FAM, as the FA mat is on the surface of the pond in this
model, attenuation of the light is predominantly due to absorption
and scattering by the algal biomass. In microalgal growth models,
light attenuation by self-shading has been parameterized using a
light extinction coefficient (k) that is proportional to a specific
extinction coefficient and the biomass concentration of the

o
[e)
1

D
(=]
1

S
(e}
L

kg = 11153831 m’"

Light Extinction Coefficient (m™)
(3]
S

0 T T ‘ T T
50 60 70 80 90 100 110

Areal Biomass Density (g DW.m?)

Experimentally determined variation in (a) algal mat thickness and (b) light extinction coefficient (kqg) of filamentous alga

culture (Béchet, Shilton, and Guieysse 2013; Higgins, Hecky, and
Guildford 2006; Huesemann et al. 2013; Kuczynski et al. 2020).
Interestingly, the light extinction coefficients of the Oedogonium
mats were found to remain relatively consistent at 111.5 + 8.3 m™*
(Figure 3b), with no significant variation within the range of areal
biomass densities tested (p > 0.05). This is difficult to explain but
is in correspondence with other observations of a constant light
extinction coefficient through attached FA mats in previous
studies (Flynn 2014; Malkin 2008).

It has been found that 10% of the incident light on a water surface
is lost from reflection (Higgins, Hecky, and Guildford 2005),
which is not included in the Beer-Lambert's law (Eq. 6.1).
Therefore, Eq. 1 can be modified by incorporating a 10% reduc-
tion of incident light due to reflection at the pond surface as
follows (Eq. 5).

L,=09 « I ee ka2 ©)
where, I, is the PAR at the surface (in p.mol.mfzsfl), I, is the
PAR at a position (z) within the algal mat (in pmol.m™>s™"), kqyq
is the light extinction coefficient through the algal mat (in m™)
and z is the depth from the surface to the considered point in
the algal mat (m). This equation is used in the models to
determine the light intensity at the midpoint of each of the
layers of the discretized algal mat.

For the FANS model, it is also necessary to account for light
attenuation due to the water column above the mat. As such,
the equation used to determine the light incident at the mid-
point of each layer (Eq. 5) is replaced by Eq. 6 to account for the
shading caused by the water column above the biomass.

I, =09 -

IO .e_kalg °Z . e_kwaler °h (6)

where, kg is the light extinction coefficient through the water
column (m™!) and & is the height of the water column above the
attached growth turf (m). It is important to note that in the
proposed model the use of Beer Lambert's Law only accounts
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for the variation in light distribution with depth of the culture.
It does not take into account other complexities such as partial
cloud cover that can make the light distribution uneven in
large-scale outdoor systems.

2.3.5 | Determination of Areal Biomass Density

The final set of equations is used to calculate the change in areal
biomass density with time. Similar to the GLCM v3 model, the
rate of change of areal biomass density is determined at each
timestep using an exponential growth model based on gross
photosynthetic rate (Pgyos) and losses due to respiration (Ryo)
(Eq. 7).

dx
E = (MPgross - luRtot) X (7

where X is the areal biomass density (g DW. m™?), Hpgross is the
specific gross photosynthetic rate (d™") and ug,,, is the specific
total respiration rate (d™'). The net photosynthetic rate (Ppe,) is
represented by the difference between Pgyoss and Ry Therefore,
Eq. 7 can be rearranged to Eq. 8.

ax
E = Hpnet X (8)

Photosynthesis-irradiance (PI) response curves are used to
study the cellular responses of both microalgae (Maclntyre
et al. 2002; Schwaderer et al. 2011) and FA (Kuczynski
et al. 2020; Necchi Jr 2004; Vieira and Necchi 2003) in response
to variations in light intensities at a given temperature, pro-
viding insights into the biomass productivity under fluctuating
light conditions (Duarte et al. 2013; Kuczynski et al. 2020). The
equation developed by Platt, Gallegos, and Harrison (1981) and
used by Kuczynski et al. (2020) to represent the three distinct
regions of PI curves (light-limited, light-saturated, and photo-
inhibited region) as a continuous function, was modified here
by including a dark respiration term so as to represent the
variation in the specific net photosynthetic rate with the
irradiance level (Eq. 9):

HMpnet,s (T) Mpnet,s (T)

9

oty pret(r)s 1 Bupnet 1y * 1
luP,net(I,T) = IuPnet,s (T) 1-e e

—~ Mrd ()

where ., is the specific net photosynthetic rate (day™),
Mppe,s i the maximum specific net photosynthetic rate when
there is no photoinhibition (day ™), O, pret 1S the initial slope in
the linear range (day™'wmol 'm’s), §, p,, is the component
representing photoinhibition (when photoinhibition is not
present this component is equal to zero) (day™'umol'm?s), I is
the light intensity (umol.m™2s™") and Ugq is the light inde-
pendent specific dark respiration rate (day ™). The form of Eq. 9
is graphically illustrated in Figure 4.

In previous experiments by Pitawala et al. (2023), the P, and
dark respiration (Ry) of FA Oedogonium acclimated to average

winter conditions in Melbourne, Australia was measured under
short-term exposure to eight different light and five different
temperature levels (between 10 and 1100 umol. m™2 s~ and
15°-35°C, respectively). To incorporate the influence of both
light intensity and temperature, this cellular response data was
fitted to Eq. 9 to obtain the PI curve coefficient values at each
temperature (Table 1). Subsequently, the temperature-specific
PI curve coefficient values were used to obtain a function to
describe the temperature dependence of each coefficient
(Figure 5). All the data fitting activities were performed using
the curve fitter app in MATLAB 2023b.

Finally, the variation in the specific net photosynthetic rate
under varying light (I) and temperature (T) levels can be rep-
resented by Eq. 10-13, with the outputs from the equations
visualized in Figure 6.

Hra (ry = 0.0565 « 1.05(7=20) 10)
T2 (15
[_[zm]] (11)
Oupnee (1) =0.06 < e
HMpnets (1) = 0.2255 (00625 « T) (12)
ﬁ,u,Pnet =718 - 1010, (04387 .T) 13)

The models incorporate these equations to represent the cel-
lular responses to irradiance and temperature. The increase in
the areal biomass density over a time interval of At is then
computed in the models using Eq. 14:

X(t+A)=X() o elema an * AD (14)
23.6 | Incorporation of Time-Dependent Inhibition of
Photosynthetic Activity

As previously mentioned, exposure to high light intensity levels
for a prolonged period can increase photoinhibition damage to
algal cells in static FA cultures (mats or turfs). In a recent
experimental study, we found that time-dependent inhibition in
Oedogonium exposed to constant light intensity was significant
even at light-limiting conditions, and could be well represented
by first-order kinetics (Pitawala et al. 2024). As the available
data did not cover the complete range of temperature and
irradiance levels of interest (18, 79, 337, and 1093 pumol. m 2.
s~!and 15°C, 25°C and 35°C), it was extrapolated to provide the
parameters needed for the model (Table S1). Using these values,
the time-dependent inhibition of photosynthetic activity could
be incorporated by modifying Eq. 8 which determines the rate
of change of biomass density (Eq. 15).

dx

dt = Mppet (1,T)°€_k""’”“”°" et leX (15)

where, kiqnipirion 1S the rate constant of the exponential decay due
to time-dependent inhibition relevant to the exposed irradiance
() and temperature (T) level (min) and ¢ is the exposure period
to the irradiance level associated with the time-dependent inhi-
bition (min). Based on the extrapolated data (Fig. S3- S4), the
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FIGURE 4 |

Graphical representation of the variation in the specific net photosynthetic rate (i, ner) With irradiance level (I) described by Eq. 9

under conditions without photoinhibition (8, pnet =0) and with photoinhibition (B, pnet > 0).

TABLE1 |

The PI curve coefficient values were obtained for the winter acclimated dataset for each temperature at eight different light levels (18,

79, 178, 337, 491, 722, 871, and 1093 umol. m™> s). The individual PI curve fits at each temperature are presented in the supporting information

(Figures S6- S10).

PI curve coefficient values

Temperature (°C) MPnet,s (day™) O, Pnet (day 'pmol *m?s) By, Pnet (day'pmol *m?s) Mra (day™) R’

15 0.6389 0.0592 0 0.0433 0.9593
20 0.7970 0.0531 0 0.0565 0.9677
25 1.1423 0.0389 0 0.0738 0.9488
30 1.2301 0.0274 0.0001 0.0964 0.8918
35 2.1160 0.0150 0.0034 0.1260 0.8624

inhibition rate constant (Kj,nipision) could be described as a func-
tion of light and temperature exposure levels by Eq. 16.

kinhibition I,rT) = ((1 X 10_4)' 11’1(T) - 00002) of (16)

3 | Results and Discussion

3.1 | Model Validation

The framework of the FANS and FAM models is built upon a
mechanistic understanding of FA growth, with the models
parameterized using data from controlled laboratory experiments.
While this approach should yield a robust model, it is important
to evaluate the predictiveness of the models against actual ex-
perimental data. Most previous studies done using freshwater FA
Oedogonium for wastewater treatment (Cole et al. 2016; Lawton

et al. 2021; Neveux et al. 2016) have used tumble cultures, where
the algal biomass is mixed throughout the culture volume. As
such, data from these studies cannot be used for validating these
models in which the biomass is maintained as static mats. For-
tunately, more applicable data is available from a recent study by
Hariz, Lawton, and Craggs (2023a) investigating the influence of
operational parameters on filamentous algae nutrient scrubbers
(FANS). In the study, a monoculture of FA Oedogonium was
grown attached to a textured liner fixed to the bottom of a
nutrient scrubber under controlled environmental conditions
(Table 2). Importantly, the flow rate within the system was
maintained low enough to avoid detachment of the algal fila-
ments from the liner. This means that the Oedogonium biomass in
this study was maintained as a stable attached growth turf, as
represented by the FANS model.

As a constant light intensity was maintained during the light
period in this study (Hariz, Lawton, and Craggs 2023a), the
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functions developed to represent time-dependent inhibition pres-
ent in static cultures using extrapolated data can be incorporated
into the FANS model. This provides the opportunity to understand
and validate the influence of time-dependent inhibition on system
performance in static FA cultures. Based on the available labora-
tory data for Oedogonium (Pitawala et al. 2024), no inhibition was
observed at the lowest light level (18 umol.m™%s™") while at the
other three tested light levels (79, 337, and 1093 p.mol.m_z.s_l),
the inhibition rate constant was found to linearly increase with the
exposed light level. This suggests the presence of a threshold light
exposure level, only above which time-dependent inhibition

occurs. To gain preliminary insights into the influence of this
phenomenon on the performance of outdoor systems with static
biomass, a threshold light exposure level of 50 umol.m™2.s™" was
defined. This value was chosen as it represents an approximate
midpoint between the two light levels where time-dependent
inhibition was not present (18 umol.m 2s™') and where it was
present (79 umol.m 2s™"). Future work expanding this dataset
would allow for this phenomenon to be incorporated into the
FAM model to more fully account for the influence of diurnal
fluctuations in outdoor culture systems, thereby increasing the
accuracy and utility of the model.

Based on this, two versions of both the FAM and FANS models
were developed for validation: one with and the other without
incorporating time-dependent inhibition. Table 2 lists the input
conditions for the FANS model compared to those maintained
in the study by Hariz, Lawton, and Craggs (2023a). For vali-
dation, the biomass productivity values predicted by the models
were compared with the value of 9.3+1.7g DW. m™ 2 day™'
reported by Hariz, Lawton, and Craggs (2023a).

The results from the model simulations are reported in Figure 7.
The versions of FAM and FANS models without the time-
dependent inhibition predicted biomass productivity values
which were over 6-fold higher than the reported experimental
values. In comparison, the version that included time-
dependent inhibition predicted biomass productivities of 10.59
and 11.05g DW. m™2 d~', respectively, aligning closely with
the experimental value of 9.3+1.7g DW. m~2 d7' (Hariz,
Lawton, and Craggs 2023a). These findings emphasize the
importance of considering time-dependent inhibition in static
cultures, as neglecting this phenomenon in predictive modeling
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TABLE 2 | Operational parameters reported in Hariz, Lawton, and Craggs (2023a) and the corresponding values used for the model simulations.
Values reported in Hariz, Lawton and Values used for the model
Parameter Craggs (2023a) simulations
Light intensity (umol.m™2.s™) 600-650 625
Light: dark cycle 14:10 14:10
Temperature (°C) 22 22
Initial biomass density (g DW. m™) 70-80 75
Harvesting frequency (days) 4 4
Depth of the nutrient scrubber (cm) 5 5

(a) FAM model (without time-dependent inhibition)
Biomass productivity = 64.28 g DW.m2.d"

N w £ (&,
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(c) FANS model (without time-dependent inhibition)
Biomass productivity = 64.23 g DW.m?2.d"
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(b) FAM model (with time-dependent inhibition)
Biomass productivity = 10.59 g DW.m2.d"

(9]
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(d) FANS model (with time-dependent inhibition)
Biomass productivity = 11.05 g DW.m2.d"

(9]
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FIGURE 7 |

Biomass productivity and mat thickness predictions for a 4-day culture of Oedogonium using the (a) FAM model version without

time-dependent inhibition, (b) FAM model version with time-dependent inhibition, (c) FANS model version without time-dependent inhibition and
(d) FANS model version with time-dependent inhibition. The culture conditions used for the model simulations are defined in Table 2. The user-
defined initial areal biomass density was set at 75g DW.m™%, which is within the optimum initial standing crop reported for unialgal nutrient

scrubbers with FA Oedogonium (Hariz, Lawton, and Craggs 2023a).

can lead to dramatic overestimation of system performance. The
relatively small differences in the values predicted by the FANS
and FAM models suggest that both stable floating mats and
attached growth turfs can be expected to perform similarly
under given temperature and light conditions.

The effect of time-dependent inhibition on different layers
within the algal mat was further investigated using the FAM
and FANS model versions with time-dependent inhibition
incorporated (Figure 8). The rate of exponential decay in bio-
mass productivity due to photoinhibition was highest in layer 1
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and layer 28 of the FAM and FANS model, respectively, which
were the layers closest to the water surface and therefore
receiving the highest light levels. Further, the rate of ex-
ponential decay was found to be progressively lesser in layers
deeper into the mat/turf that receives less light, with the
bottom-most layers showing no time-dependent inhibition
(Figure 8). The reduction in the rate of change in areal biomass
density observed at bottom-most layer in the FANS model is
due to the reduction in the incident light with time due to the
addition of a new layer at the top as the overall areal biomass
density of the system increases, rather than time-dependent
inhibition.

3.2 | Model Simulations

Following validation, the developed FANS model with and
without time-dependent inhibition was used to run predictions of
outdoor cultures of Oedogonium by incorporating diurnal varia-
tions in light and temperature levels over periods where the
average growth conditions were similar to the biomass acclima-
tion conditions (winter in Melbourne, Australia). These types of
simulations can offer insights into how fluctuations in light
intensity and temperature affect overall system performance.

Initial simulations were conducted using the FANS model
based on the 3-month winter season (June to August) in Mel-
bourne, Australia which has average temperature and light
intensity profiles that align with the acclimation conditions
applied in the acquisition of data used for the model calibration.
The average diurnal light intensity profile was obtained from a
20-year dataset of 1-min solar data collected at the Melbourne
Airport by the Bureau of Meteorology, Australia. A constant
temperature of 15°C was selected to represent an expected
average water temperature over these months. For these sim-
ulations, the initial areal biomass density and the culture period
was set to 75g DW. m™2 and 4 days, respectively which is
similar to the parameters used in previous studies of outdoor
FANS systems using FA Oedogonium (Hariz, Lawton, and
Craggs Lawton, and Craggs 2023a, 2023b).

Incorporating time-dependent inhibition into the FANS model
required consideration of how to mathematically represent two
aspects: (1) accumulation of photoinhibitory effects under
inconstant light intensity, and (2) recovery from photoinhibi-
tion upon reduced light exposure. Parameterization of time-
dependent inhibition requires experiments to be performed
under constant light so that decay constants can be determined
as a function of a given light intensity. As above, these values
were then used to establish an equation describing Ki,nipision as
a function of light intensity and temperature (Eqn 16). The
incorporation of this equation into the FANS model enabled
the cumulative effect of time-dependent inhibition during
inconstant light to be directly computed as an integral of the
light intensity-time profiles from the meteorological data. This
methodology represents a bridge between experimentally
obtainable parameters describing time-dependent inhibition
and the practically relevant manifestation of this phenomenon —
diurnal inhibition. Such an approach is not limited to static
filamentous algae cultures but could be incorporated into
models describing microalgal or plant growth.

With respect to recovery from photodamage sustained during
inhibitive light, it was assumed that complete recovery occurred
during the night, rather than assuming instantaneous recovery
following reduction to non-inhibitory light levels. The chosen
assumption was based on observations from our experiments
with FA Oedogonium, in which recovery was not instantaneous
when irradiance levels were reduced from above to below an
inhibitory level (Fig. S5). The assumption also corresponds with
observations made for phytoplankton assemblages, which
showed full recovery from exposure to inhibitory irradiance
levels within 4 to 20 h when transitioned to lower light condi-
tions (Belay 1981).

The FANS model without time-dependent inhibition predicted
a biomass productivity of 16.53 g DW. m~2. d~! which was 2.8
times greater than the prediction from the model that incor-
porates time-dependent inhibition (Figure 9). Based on the
findings from the model validation, the predicted productivity
derived from the FANS model without time-dependent inhibi-
tion is likely to be significantly overestimated. The origins of the
overestimation in biomass productivity resulting from neglec-
ting time-dependent inhibition are illustrated in Figure 9. In the
FANS model without time-dependent inhibition, the layers
closest to the water surface, which experience prolonged ex-
posure to high light levels, show no reduction in the rate of
change in areal biomass density. In contrast, the model incor-
porating time-dependent inhibition demonstrates a progressive
decay in biomass productivity in the upper layers, consistent
with experimental observations (Pitawala et al. 2024). The slight
increase in biomass productivity predicted later in the day can
be attributed to the termination of photoinhibition once the
light levels drop. However, the productivities are still less than
those predicted without time-dependent inhibition, showing the
effects of the cumulative photodamage that is not repaired until
the next day. These simulations emphasize the significant
impact of time-dependent inhibition on productivity predictions
in static FA cultures, highlighting the necessity of incorporating
this factor when developing predictive models of static FA
cultures.

Further, the FANS model can provide detailed insights into
variations in light, temperature, and time-dependent inhibition
affecting biomass productivity at different locations within the
algal mat. To explore this, the model was employed to generate
spatial-temporal variations in light intensity and the rate of
change in areal biomass density (dX/dt) over a 24-h period
(Fig. 10). The resulting graphs illustrate a reduction in light
intensity within the depth of the algal mat during the light
period, due to self-shading. This shading effect reduces the
severity of time-dependent inhibition and the associated decline
in biomass productivity, resulting in higher productivity levels
in the lower layers of the algal mat compared to those at the top
(Figure 10). These simulations emphasize the significant impact
of self-shading on biomass productivity, suggesting that deeper
layers may benefit from reduced light stress, thereby enhancing
overall productivity. Understanding these dynamics will be es-
sential for optimizing the performance and operation of FA
cultures, for example in relation to determining an appropriate
harvesting frequency and mat depth. The developed model can
also serve as a predictive tool for optimization and for exploring
the functional mechanisms of such systems.
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FANS model (with time-dependent inhibition)
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Rate of change in areal biomass density (dX/dt) and the incident light intensity at the midpoint of different layers within the FA mat

as predicted by the FAM model (left panels) and FANS model (right panels).

3.2.1 | Further Opportunities for Model Development
and Improvement

Overall, the developed models provide a new foundation for the
predictive modeling of filamentous algal cultures and can be
applied to either floating mats on the surface of ponds or
attached growth turfs, in both engineered and natural systems.
However, the models still have some predictive limitations due
to the limited availability of data needed to assign parameters
spanning the full range of environmental conditions that could
be encountered outdoors. These limitations can be addressed
through future studies to fully exploit the potential of this tool.

Most algal growth models have only been applied using varied
model input parameters specific to the algal species being
considered. However, as previously discussed, the key findings
from previous studies highlight the importance of considering

variations in growth parameters due to seasonal changes when
predicting the year-round performance of outdoor algal cultures
(Pitawala et al. 2024; Pitawala et al. 2023). Accounting for long-
term seasonal fluctuations that lead to changes in both the
biochemical and cellular responses of algae is important for
future applications of growth models.

The current model was calibrated using species-specific data
obtained for a single strain of Oedogonium that was acclimated
under the average winter conditions in Melbourne, Australia.
As a result, the model cannot be expected to accurately predict
the year-round performance of an outdoor culture system in
Melbourne, Australia, or other temperate regions subjected to
seasonal variations that affect the biochemical composition and
cellular responses. Broadening the applicability of this model to
different climates requires data on the cellular responses and
species-specific mat properties to be obtained on biomass

1213 of 1305



FANS model (without time-dependent inhibition)
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(a) Light intensity distribution and (b) the rate of change of areal biomass density (dX/dt) at different locations within the algal mat
in the filamentous algal nutrient scrubber (FANS) over 24 h when exposed to the average diurnal light intensity profile in winter in Melbourne,
Australia at 15°C. The user-defined initial areal biomass density was set at 75g DW. m™
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acclimated to different seasonal conditions. Incorporated
parameters based on this data into the model would improve
the ability to predict the year-round performance of an outdoor
culture system and optimize operational parameters like the
harvesting frequency for different periods of the year. Further,
future studies investigating the effect of multiple recurring ex-
posures to high photooxidative stresses due to diurnal fluctua-
tions and how algae respond to such variations over time
through cellular adaptations would enable further enhance-
ments to the model.

Importantly, this model can provide new insights into algae-
based systems where the biomass remains static (e.g. floating
mats or attached growth biofilms/turfs). These results illustrate
the importance of incorporating time-dependent inhibition into
future models of algal growth, particularly static FA cultures in
which the biomass is exposed to high light levels for prolonged
periods. Currently, the only available data on time-dependent
inhibition for any type of FA are those from the recent ex-
perimental work conducted in our laboratory (Pitawala
et al. 2024). This dataset needs to be expanded to other FA
species to obtain species-specific parameters.

Based on observations of time-dependent inhibition in static
cultures of FA, it can be inferred that algae in fixed or attached
systems may experience higher stress, potentially resulting in
lower productivity levels when compared to mixed tumble
cultures. However, the shading from the upper layers of the mat
could offer sufficient protection against photooxidative stress,
potentially enhancing productivity in the lower regions as
shown in the model simulations. This shading effect might lead
to higher overall productivity compared to tumble cultures.
Therefore, fully developed fixed model predictions can be used
to compare against a well-mixed model representing tumble FA
cultures to gain valuable insights into selecting the optimal FA
cultivation method for achieving the highest productivity levels.

In addition to light intensity and temperature, the model can be
further built upon by incorporating nutrient and carbon limita-
tions to expand the predictive capabilities. It is important to note
that the model currently assumes that the biomass productivity is
not limited by nutrient or CO, availability. However, in outdoor
algae-based wastewater treatment systems, these can be limiting
and can significantly impact the actual productivity of the system.
Furthermore, the presence of ammonia can create toxic condi-
tions for algae, negatively impacting the cellular responses and
affecting biomass productivity (Dai, Qiu, and Forchhammer 2014;
Liu et al. 2023; Markou, Vandamme, and Muylaert 2014; Wang
et al. 2019). The possible impact of grazers on biomass decom-
position (Salovius and Bonsdorff 2004) could also be considered,
particularly in the context of natural systems.

4 | Conclusions

The models developed in this study provide a foundation for the
predictive modeling of both mat-forming and attached FA growth
systems and can be applied to engineered or natural systems.
Furthermore, by incorporating time-dependent inhibition for the
first time into an algal growth model, the validation studies
highlighted the important influence of this phenomenon on static

cultures of FA. This approach provides a bridge between experi-
mentally obtainable rate constants describing time-dependent
inhibition and the diurnal fluctuations experienced outdoors,
which can be applied to any model of algal or plant growth.

Future studies to characterize year-round seasonal acclimation ef-
fects and time-dependent inhibition under diurnal fluctuations will
provide data needed to expand the applicability and increase the
accuracy of the models. Additionally, the model can be extended by
incorporating the influence of nutrients and carbon dioxide present
in outdoor culture systems, on biomass productivity. A fully de-
veloped model has the potential to be a powerful tool for under-
standing the influence of key environmental parameters on the
growth of FA. This can be used to help optimize operational
parameters to maximize FA biomass productivity in outdoor FA-
based cultures in engineered systems and to better understand and
predict the behavior of FA in natural systems.
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