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Microalgal and cyanobacterial resource recovery systems could significantly advance nutrient recovery
from wastewater by achieving effluent nitrogen (N) and phosphorus (P) levels below the current limit of
technology. The successful implementation of phytoplankton, however, requires the formulation of
process models that balance fidelity and simplicity to accurately simulate dynamic performance in
response to environmental conditions. This work synthesizes the range of model structures that have
been leveraged for algae and cyanobacteria modeling and core model features that are required to enable
reliable process modeling in the context of water resource recovery facilities. Results from an extensive
literature review of over 300 published phytoplankton models are presented, with particular attention to
similarities with and differences from existing strategies to model chemotrophic wastewater treatment
processes (e.g., via the Activated Sludge Models, ASMs). Building on published process models, the core
requirements of a model structure for algal and cyanobacterial processes are presented, including
detailed recommendations for the prediction of growth (under phototrophic, heterotrophic, and mixo-

trophic conditions), nutrient uptake, carbon uptake and storage, and respiration.
© 2018 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND

license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

Introduction

Nutrient removal requirements for water resource recovery fa-
cilities (WRRFs) are nearing the limit of current technologies (e.g.,
the limit of biological nutrient removal (BNR) is roughly 3 mg N-L™!
for total nitrogen and 0.1 mgP-L! for total phosphorus (USEPA,
2007)). As effluent requirements become more stringent, removal
of both nitrogen and phosphorus past the current limit of tech-
nology requires the development of new technologies capable of
reliably scavenging all forms of nutrients, including dissolved
organic nitrogen and dissolved organic phosphorus (Bott and

* Corresponding author.
E-mail address: jsguest@illinois.edu (J.S. Guest).
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Parker, 2011). Microalgal resource recovery systems could signifi-
cantly advance nutrient management of wastewaters by simulta-
neously achieving effluent concentrations of nitrogen and
phosphorus below the current limit of technology and allowing for
nutrient reuse (e.g., as fertilizer (Leow et al., 2015; Metting, 1996)).
Although technical and economical bottlenecks still exist, the broad
and sustained adoption of algal and cyanobacterial treatment
processes is contingent upon the ability to reliably and accurately
simulate full-scale performance in response to reactor and process
design, influent composition, and environmental conditions. This
ability is hindered by a lack of model fidelity and transparency
regarding model structure and underlying science.

Some microalgae and cyanobacteria have the ability to utilize
phototrophic, heterotrophic, or mixotrophic (i.e., phototrophic and
heterotrophic simultaneously) metabolisms (e.g., Chlorella vulgaris

2589-9147/© 2018 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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Abbreviations

ADM1 Anaerobic Digestion Model 1

ASMs Activated Sludge Models (1, 2, 2d, 3)

BNR Biological nutrient removal

COD Chemical oxygen demand

CTMI Cardinal temperature model with inflection

DO Dissolved oxygen

HRAP High-rate algal pond

IWA International Water Association

N Nitrogen

P Phosphorus

PBR Photobioreactor

Pl Photosynthesis-Irradiance

S Model state variable representing a soluble
component

Sno Soluble nitrate and nitrite

Ss Readily biodegradable soluble COD

Trax Maximum temperature at which growth can occur
Tmin Minimum temperature at which growth can occur
Topt Optimal temperature which results in the highest

growth rate

WRRF Water resource recovery facility

WWTP Wastewater treatment plant

X Model state variable representing a particulate
component

XpA Active autotrophic biomass

XpH Active heterotrophic biomass

X Inert suspended solids

Yu Yield of heterotrophic biomass on COD

(Adesanya et al., 2014), Spirulina platensis (Zhang et al., 1998), and
Synechocystis sp. (Lopo et al., 2012)). The metabolism being used
depends on environmental conditions, such as substrate availabil-
ity and lighting. Additionally, the presence or absence of nutrients
(both currently and in the cell’s recent past) can affect carbon up-
take and partitioning (e.g., as biomass or storage compounds).
These complex processes are frequently handled by formulating
models with either (i) more variables (i.e., compared to most
models of heterotrophic bacteria) or (ii) incorrect simplifying as-
sumptions that diminish model accuracy. These contrasting ap-
proaches have resulted in hundreds of models for algae, indicating
a lack of clear direction for this field.

Initial modeling efforts sought to understand phytoplankton
behavior in natural ecosystems (e.g., (Jergensen, 1976; Steele,
1962)), but translation of empirically derived models from nature
to engineered systems requires verification and possibly modifi-
cation. Additionally, disparate approaches to algal and cyano-
bacterial process modeling, highly variable experimental
conditions (for model calibration and validation), and a lack of re-
gard for existing chemotrophic model structures (e.g., ASMs,
ADMT1) have also impeded the development of generalizable model
structures and well-defined parameters relevant to WRRFs (a.k.a.
wastewater treatment plants, WWTPs). Recent review articles have
summarized the breadth of models available to simulate algal
growth (e.g., (Darvehei et al., 2018; Lee et al., 2015)), but there is no
clear indication of when subcomponents should be considered or
excluded (e.g., simulate organic carbon uptake or not) nor is there a
rationale or guidance for choosing any particular equation to
simulate each subcomponent. Recent process models developed by
the authors (Baroukh et al., 2014; Guest et al., 2013; Wégner et al.,
2016) have attempted to reconcile these differences, but an
industry-wide, harmonized consensus is still lacking. To advance
the broader implementation of algae and cyanobacteria process
models by researchers and practitioners, it is critical to establish a
unified modeling framework that is capable of accounting for
relevant process and environmental conditions while simulta-
neously avoiding unnecessary complexity.

The objective of this work was to critically review approaches to
algae and cyanobacteria modeling and propose a unified frame-
work for phytoplankton process modeling in the context of WRRFs.
As researchers attempt to balance model complexity with accuracy,
the range of disparate phytoplankton wastewater treatment
models continues to grow. To gain a better understanding of cur-
rent approaches to modeling, a critical literature review was per-
formed to characterize core components of modeling algal and

cyanobacterial bioprocesses and elucidate their relative importance
to the overall accuracy and complexity of wastewater models.
Based on the available information, a modeling framework is pro-
posed that can be used for future research and development in
order to advance phytoplankton model fidelity and transparency as
well as allow for its integration with current International Water
Association (IWA) models (e.g., (Batstone et al., 2002; Henze et al.,
2000)). This work synthesizes the findings and recommendations
from an international collaboration of phytoplankton modelers
working toward the development of a unified modeling framework
for microalgal and cyanobacterial process models. Building on
recent process models developed by the authors and on recent
reviews, the results from an extensive critical literature review of
324 articles and conference proceedings presenting algae/cyano-
bacteria models is presented to identify state variables and pro-
cesses that can serve as the core, unified modeling framework for
phytoplankton-based bioprocesses.

Methods

A comprehensive review of algal and cyanobacterial modeling
literature was conducted through Scopus based on the presence of
search terms in the title, abstract, or keywords of research articles.
The search terms for this review utilized “wildcards” to efficiently
search for multiple variants of a word at once (e.g., model,
modeling, and models are all found using the term “model*”) as
well as a proximity search to ensure the word “model*” was within
10 words of “grow™” or “metabol*”(i.e., “w/10"). The specific search
used was: “title-abs-key((alga* or cyanobact® or phytoplank*) and
(grow® or metabol*) w/10 model*) which yielded 2,402 research
articles on January 26, 2018. Each paper was then screened to
determine if it met any of the following exclusion criteria: (i) it did
not model growth, (ii) it did not pertain to cyanobacteria or
eukaryotic algae, (iii) there was no new or updated model pre-
sented, (iv) the model presented was a simple regression of
experimental data, or (v) the paper was a review. Following
screening, citations as well as citing papers were examined for each
included paper in order to capture any research articles that may
have been excluded from the Scopus search; these papers were
included if they did not meet any of the exclusion criteria. The
literature review yielded a total of 324 articles and conference
proceedings that met the inclusion criteria (i.e., 2,078 did not meet
inclusion criteria; a full list of the included papers can be found in
Listing S1 of the supplementary information, SI).

For each research article included in this review, model
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components were extracted and classified based on the processes
being simulated — including the process rate equations for growth,
nutrient uptake, and storage — as well as state variables (e.g.,
inorganic carbon, ammonium, nitrate, phosphate), main forcing
variables (incident irradiance, temperature, background turbidity),
metabolisms considered (phototrophic, heterotrophic, and/or
mixotrophic), inclusion of photoacclimation, and how the
photosynthesis-irradiance (PI) relationship was modeled. Finally,
approaches to explicitly model pH, irradiance within the reactor,
gas transfer, and other supporting processes were also evaluated to
identify paths forward.

Mechanistic modeling of phytoplankton
Energy sources

Photoautotrophic growth of microalgae and cyanobacteria is the
most frequently modeled metabolism (included in 93% of articles).
Broadly speaking, phytoplankton photosynthesize CO into organic
carbon using the energy garnered from light (Blankenship, 2002).
Given this ability to convert inorganic carbon to organic carbon,
phytoplankton are considered to be primary producers (Falkowski
and Raven, 2007). As a result of their dependence on light, accu-
rately simulating lighting conditions (e.g., continuous vs. diurnal,
light intensity) and the response of phytoplankton to light (e.g.,
increased/decreased growth rate) is of utmost importance, which is
rarely included as a consideration in other WRRF processes. In
addition to light and inorganic carbon, photoautotrophic growth
requires nutrients (namely nitrogen and phosphorus). In the
absence of nutrients, algae produce storage compounds that can
later be metabolized once nutrients are available ((Guest et al.,
2013), Fig. 1). Discussions on how to model light, carbon, and nu-
trients can be found below.

Modeling heterotrophic or mixotrophic growth of microalgae
has recently received increased attention due to the higher pro-
ductivities and lower operational costs associated with these
growth regimes compared to photoautotrophic growth (Abreu
et al., 2012; Adesanya et al.,, 2014; Liang et al., 2009). While
photoautotrophic growth primarily utilizes CO, as the carbon
source, heterotrophic growth involves organic carbon and mixo-
trophic growth can utilize both sources ((Adesanya et al., 2014;
Lowrey et al., 2015); Fig. 1). Experimental studies have shown that
mixotrophic growth rates of some microalgae are the sum of
autotrophic and heterotrophic growth rates operated indepen-
dently (Adesanya et al., 2014; Lee, 2001), but autotrophic activity
can affect heterotrophic activity (Chojnacka and Noworyta, 2004)

and vice-versa (Nieva and Valiente, 1996). While mixotrophic
growth does increase the number of uncertain parameters
requiring calibration, this metabolism has the potential to improve
algal productivity at WRREFs, lowering effluent nutrient concen-
trations and decreasing costs. Though interest in these growth
conditions has increased, only 9.6% of models reviewed considered
non-photoautotrophic metabolism. Initial heterotrophic and mix-
otrophic modeling efforts were developed to describe the produc-
tion of specific molecules (e.g., astaxanthin (Zhang et al., 2016),
phycocyanin (Zhang et al., 1998), and lutein (Zhang et al., 1999b)) or
simulate high density monocultures (e.g., Haematococcus sp.
(Barbera and Mestre, 2002; Garcia-Malea et al., 2005; Moya et al.,
1997; Zhang et al., 2016), Chlamydomonas reinhardtii (Zhang et al.,
1999a), Chlorella protothecoides (Zhang et al., 1999b), or Spirulina
platensis (Zhang et al., 1998)) and often relied on mass balances
coupled with a growth model. More recent models have focused on
specific growth rates, yields, and productivities as functions of
carbon (e.g., glucose, acetate (Turon et al., 2015), or glycerol
(Villanova et al., 2017)) or nutrients (e.g., nitrogen and phosphorus
(Palabhanvi et al., 2014)) as well as pH, O,, and irradiance (i.e., for
mixotrophic conditions (Bose and Chakraborty, 2016)). When
modeling either of these growth regimes, the implications on dis-
solved oxygen (DO) need to be considered (e.g., produced during
photoautotrophic growth and consumed during heterotrophic
growth).

General model structures

When attempting to simulate growth in silico, models must
possess adequate accuracy to represent the processes that are
occurring while simultaneously minimizing complexity. The
simplest way to simulate growth is with a logistic model ((Verhulst,
1838); Table 1), which does not explicitly represent the interactions
between an organism and its internal or external environment;
growth is solely dependent on population. However, growth of
microorganisms has long been observed to be affected by envi-
ronmental conditions surrounding the cell, especially regarding
substrate and nutrient concentrations (Monod, 1949). Though us-
ing the logistic model is not computationally intensive, its insen-
sitivity to environmental conditions limits is applicability to
wastewater treatment. Nonetheless, 5.6% of papers reviewed used
this model. The empirically-based Monod model ((Monod, 1949);
Table 1) — which is structurally the same as the mathematically-
derived Michaelis-Menten model (Michaelis and Menten, 1913) —
approximates kinetics as a hyperbolic relationship between growth
and an external factor (e.g., organic carbon, nutrients, oxygen,

Phototrophic (301)

inorganic
carbon

Mixotrophic (14)

Heterotrophic (21)

organic

biomass] [ light

carbon

biomass

biomass ]

inorganic
carbon

organic/
stored 9
stored
carbon
carbon

Fig. 1. Energy and carbon sources that are used by algae in each of the three metabolisms. Numbers in parentheses are manuscripts in the literature review that utilized that

metabolism. Specific citations can be found in Listing S1 of the SI.
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Table 1
Growth models with associated equations, citations, and a list of parameters.
Model Equation Parameters Citation
Logistic B 1- X u = specific growth rate [d™!] Verhulst (1838)
H = Hmax Xmax limax = Maximum specific growth rate [d™!]
X = biomass concentration [g-m™]
Xmax = Maximum biomass concentration [g-m™]
Monod _ S Ks = half-saturation constant [g-m™] Monod (1949)
H = Hmax Ks +S S = substrate concentration [g-m]
Droop -~ -4 q = subsistence quota [g-cell"'] Droop (1968)
B =Htmax{ 1 - g Q = cell quota [g-cell™']
Haldane/Andrews S K; = inhibition constant [g-m] (Andrews, 1968; Haldane, 1930)
H = Hmax 2

S)
KS+S+E

irradiance). This relationship is defined by the maximum specific
growth rate and half-saturation constant (i.e., the concentration at
which the growth rate is half the maximum rate; Fig. 2). The Monod
model is widely used in the wastewater industry because it can be
calibrated easily (due to having two parameters), closely approxi-
mates reality for many chemotrophic prokaryotes, and is accurate
across a wide range of conditions for bacteria and archaea when
substrate concentrations are below inhibitory levels. As a result,
Monod has been adapted for use in the ASM models (Henze et al.,
2000), ADM1 (Batstone et al., 2002), and number of custom models
embedded in simulation platforms (e.g., GPS-X™ (Hydromantis,
2017), BioWin (EnviroSim, 2017), and Sumo® (Dynamita, 2017));
of the phytoplankton models reviewed, 48% used a Monod
equation.

A layer of complexity was added to the substrate-growth rela-
tionship when microalgae were observed to exhibit a notable lag
between nutrient uptake and growth (Ketchum, 1939), suggesting
these two processes may be partially decoupled (Droop, 2009,
1968). Further, microalgae were found to take-up and store nutri-
ents (notably nitrogen and phosphorus) in excess of what was
needed for growth (Ketchum, 1939). In configurations or process
designs in which algae are exposed to fluctuating nutrient con-
centrations, the Droop model formulation ((Droop, 1968); Table 1)
is better positioned to simulate the lag that occurs between uptake
and growth due to luxury nutrient uptake and internal nutrient
stores ((Stevenson et al., 1996); Fig. 2). This model — which is based
on phenomena observed in both batch and continuous cultures
(Droop, 1975, 1974) — utilizes maximum specific growth rate at
high concentrations of internal stores (similar to, but different
from, Monod), but also includes a subsistence quota parameter (i.e.,
the minimum internal concentration of a nutrient or substrate

( Monod (155) — h
external substrate - rowth
| extemal substate JE8
\ 4 o
M
Droop (60) — — N 14
i
external substrate %
o
uptake internal quota 8
A _4 e
Q.
" AndrewsiHaldane (39) ——=- ) @
[external substrate] [ inhibition ]
. [ arowth | —1high
L B | growsL | substrate/

Mmax

=
3
5]
x

N

Mmax

needed for growth to occur). Correlating the growth rate to internal
substrate/nutrient content — the amount of which is determined by
uptake and consumption — allows this model to decouple nutrient
uptake and growth (Cunningham and Maas, 1978; Droop, 2009,
1968; Flynn, 2008; Stevenson et al., 1996; Sunda et al., 2009).
Though this formulation is more appropriate for modeling phyto-
plankton growth, only 19% of the articles reviewed used a Droop
equation.

Excessively high nutrient (e.g., ammonia) or substrate (e.g., ac-
etate) concentrations have, at times, been shown to decrease
growth rates due to inhibition (e.g., through ammonia toxicity or
increased maintenance energy requirements (Chen and Johns,
1996)). High oxygen concentrations can also inhibit photosyn-
thesis (Blankenship, 2002). Component concentrations that could
be inhibitory may be modeled via the empirical Haldane model for
enzymatic reactions ((Haldane, 1930); Table 1) — also referred to as
the Andrews equation given that it was first used for growth of
microorganisms based on observations by Andrews (1968) and
confirmed for phytoplankton in laboratory experiments by (Aiba,
1982) — which is formulated similarly to the Monod model but
includes an inhibition parameter (12% of models reviewed; Fig. 2).

When light reaches the cell, phytoplankton can grow photoau-
totrophically as defined by the relationship between photosyn-
thesis and irradiance (PI). The simplest way to achieve this is with a
Monod expression (18% of articles; e.g., (Béchet et al., 2015; Concas
et al,, 2012)). Slightly more intricate models have been developed
and implemented for engineered systems, including the Poisson
single-hit model (5.0%; (Sakshaug et al., 1989; Skjelbred et al.,
2012)), the Smith model (1.6%; (Broekhuizen et al., 2012; Kenny
and Flynn, 2016; Smith, 1936)), and the Jassby-Platt model (3.7%;
(Breuer et al., 2015; Jassby and Platt, 1976; Van Wagenen et al.,

Cell Quota (Q)

Fig. 2. Conceptual representation of three most common growth rate equations used in algae modeling detailing how external substrate concentrations influence growth rates.
Numbers in parentheses are the number of manuscripts that used that equation to model growth. If an article used multiple formulations, all were counted. Specific citations can be

found in Listing S1 of the SI. Parameter definitions can be found in Table 1.
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2014); Table 2). While more complex than Monod, these models do
not account for the potential inhibitory effects of prolonged light
exposure. The Steele model (10%; (Drewry et al., 2015; Gongalves
et al.,, 2016; Steele, 1962; Wagner et al., 2016)) and the Eilers and
Peeters model (11%; (Guest et al, 2013; Ketheesan and
Nirmalakhandan, 2013; Peeters and Eilers, 1978)) — similar in
structure to (Andrews, 1968) — are able to account for photo-
inhibition. A further discussion of photoinhibition is included
below.

When formulating a growth equation, these models can be
multiplied (e.g., Droop for phosphorus multiplied by Andrews for
nitrogen. Multiplication was first postulated by (Baule, 1917) and
used in 44% of papers) or combined through a threshold formula-
tion, where growth rates are only impacted by the most limited
nutrient or substrate ((von Liebig, 1841); used in 11% of papers).
However, the multiplicative approach is only applicable when
model components (e.g., light, nutrients, carbon, etc.) are inde-
pendent, indicating that multiplying model components is over-
used. Thus, the threshold formulation should be used to account for
scenarios where growth is dependent on multiple components
(e.g., limitation by N and P). More complex relationships must be
accounted for when the two compounds interact nonlinearly in the
cell. For example, a phosphorus limitation reduces the nitrogen
uptake efficiency (Bougaran et al., 2010).

Nutrient uptake, storage, and mobilization

In scenarios where phytoplankton are used for secondary or
tertiary treatment of municipal wastewaters (i.e., when treating
waters with dilute nutrient concentrations), phytoplankton growth
can be dependent on either external or internal nutrients. In terms
of macronutrients, phytoplankton are unique in their ability to
metabolize multiple forms of nutrients (e.g., NO3, NHZ, NO3, and
DON for nitrogen (Dortch, 1990; Flynn et al., 1997; Liu et al., 2012):
PO3 and DOP for phosphorus (Brown and Shilton, 2014; Liu et al.,
2012)). The respective rates of N and P uptake are not indepen-
dent: rather, algae can modify their N:P ratio via growth rate
(typically between 2.3:1 to 23:1 on a mass basis) in response to
fluctuating nutrient concentrations, which commonly occur at
WRRFs (Gardner-Dale et al., 2017; Geider and La Roche, 2002). The
form of nitrogen that is being taken up affects growth rate as well as
pH. Specifically, nitrate or nitrite must be reduced to be metabo-
lized, which results in slower growth due to expending reducing
equivalents toward nitrogen (Fuggi et al., 1981; Sanz-Luque et al.,
2013). Ammonia does not require reduction, but its uptake lowers
pH (Fuggi et al., 1981). Therefore, the pH implications of the form of

Table 2

nitrogen being taken up should be considered when creating a
model. In addition to macronutrients, micronutrients (e.g., zinc,
manganese, etc.) are necessary for growth (Kropat et al., 2011) and
can limit productivity if lacking (Carvalho et al., 2006; Singh et al.,
2016). Micronutrients have been shown to be present in waste-
waters (Westerhoff et al., 2015) and, in many cases, can be sufficient
to support growth (Daneshvar et al., 2018).

The simplest way to predict nutrient uptake rate is by making
substrate a linear function of biomass growth rate with a yield
coefficient (e.g., Yy (Henze et al., 2000); 16% of papers reviewed).
When modeling nutrient dynamics of phytoplankton, however, the
decoupling between uptake and growth necessitates the two pro-
cesses to be modeled separately (Droop, 2009; Ketchum, 1939). In
the case of microalgae, it is not uncommon to expect nutrient up-
take to tend to increase with nutrient concentration following
Michaelis-Menten kinetics (Michaelis and Menten, 1913) — which is
structurally similar to the Monod model — and be down-regulated
by the corresponding internal nutrient quota ((Bougaran et al.,
2010; Droop, 1968); used in 39% of papers reviewed). In non-
inhibitory, nutrient-replete conditions, some phytoplankton will
take-up nutrients in excess of that required for growth. This luxury
uptake of nutrients will continue until the maximum internal quota
is reached (Brown and Shilton, 2014; Carey et al., 2012; Elrifi and
Turpin, 1985). If nutrient concentrations become inhibitory (e.g.,
free ammonia above 35mg-N-L! (Abeliovich and Azov, 1976)),
Haldane kinetics should be used. In nutrient-deplete conditions,
however, growth does not simply cease; though biomass growth
rates decrease, algae will continue to metabolize organic or inor-
ganic carbon and will instead produce carbon-storage compounds
(e.g., carbohydrates, lipids, or a combination of the two) so that
growth can resume when nutrients become available in the future
(see below (Ball et al., 1990; Guest et al.,, 2013; Guschina and
Harwood, 2006)). While Michaelis-Menten kinetics are necessary
to model nutrient uptake, the model requires two calibrated pa-
rameters (rather than one when utilizing a yield coefficient). This
equation can be simplified if nutrient concentration is several or-
ders of magnitude greater than the half saturation coefficient (e.g.,
when growing cultures on WRRF sidestreams such as anaerobic
digester centrate). In this case, the uptake rate for that nutrient will
be so close to the maximum specific uptake rate that the half-
saturation coefficient can be considered negligible, simplifying
the model.

Following uptake, nitrogen and phosphorus are metabolized to
form intermediate biomass compounds when carbon is available
(Blankenship, 2002). When luxury uptake occurs, algae have been
shown to store phosphorus as polyphosphate (Brown and Shilton,

Models of photosynthesis-irradiance response with associated equations, citations, and a list of parameters.

Model Equation

Parameters

Citation

Eilers and Peeters I
2+ fmax (1 + B)]_
’ :12715
(E) + ZoEo B+1

Monod -~ I
“’ - "LIHJXI(I +l
Platt and Jassb: al
] v W= Hmax * tanh ( >
Umax

Poisson single hit model I
H= Hmax (1 —e K[)

Smith al
p’ = Mmax—z

H%ﬁx + (al)

Steele = paxol-el1=)

1 = specific growth rate [d]

I = light intensity [uE-m™2-s7']

llmax = Maximum specific growth rate [d™!]
Is = optimum irradiance [uE-m™2-s7!]

B = attenuation coefficient [-]

K; = half saturation intensity [uE-m2-s]
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o. = initial slope of PI curve [m?-ug™]
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Peeters and Eilers (1978)

Monod (1949)
Jassby and Platt (1976)

(Poisson, 1837)

Smith (1936)

Steele (1962)
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2014). Additionally, nitrogen may be stored either as intracellular
pools (Coppens et al., 2014; Thoresen et al., 1982) or as amino acids,
though not as readily as phosphorus (Elrifi and Turpin, 1985). These
nutrient stores will then be utilized during nutrient deplete con-
ditions, if carbon is available. As a result, careful consideration must
be taken when deciding how to incorporate the effect of nutrients
on algal metabolism.

Carbon uptake, storage, and mobilization

In addition to nutrients, the uptake of organic and/or inorganic
carbon should also be considered carefully (included in 26% of ar-
ticles). Carbon uptake is commonly modeled using Michaelis-
Menten or Haldane kinetics, depending on whether or not the
compound can be inhibitory at higher concentrations (Baroukh
et al,, 2017) and on the amount of existing internal carbon stores
(Concas et al., 2016; Guest et al., 2013). Apart from uptake, carbon
utilization is dependent on several interrelated factors that must be
considered concurrently. For example, under low light or dark
conditions, algae cannot photosynthesize enough to meet main-
tenance requirements, so they will consume either external organic
carbon (i.e., mixotrophic or heterotrophic metabolism) or stored
carbohydrates/lipids (Baroukh et al., 2017; Guest et al., 2013). As a
result, carbon usage should be modeled with switching functions
(introduced in ASM1 (Henze et al., 1987)) to account for these
factors.

In many algal species (e.g., Chlorella sorokiniana, Chlamydomonas
reinhardtii, and Scenedesmus obliquus (Guschina and Harwood,
2006; Harwood and Guschina, 2009; Subramanian et al., 2013;
Vitova et al., 2015)), carbon storage compounds (e.g., carbohydrates
and lipids) accumulate in the cell in response to nutrient-deplete
conditions (Fig. 3). Broadly, these two compounds have been
modeled in numerous ways, most consistently as a function of
biomass concentration using a yield coefficient (4.6% of articles;
e.g., (Dillschneider and Posten, 2013; Mohammad Mirzaie et al.,
2016)). More complex models for these compounds involve
switching functions dependent on nutrient availability as well as
the relative concentrations of each storage compound; these
models do not have a consistent structure (7.1 % of articles (Baroukh
et al., 2014; Guest et al., 2013; Mairet et al.,, 2011)). Given the
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Fig. 3. Simulation of accumulation of carbohydrates and lipids in phytoplankton using
the PPM model from Guest et al. (2013). Storage compounds are formed in nutrient
deplete conditions and are consumed in nutrient replete conditions. Numbers in pa-
rentheses are manuscripts that modeled carbohydrates only, lipids only, both carbo-
hydrates and lipids (not shown), or a generic storage compound (not shown in the line
plot). One day-night cycle is equivalent to 24h (i.e,, 14 h of day and 10h of night).
Specific citations can be found in Listing S1 of the SI.

relatively limited knowledge of storage compound dynamics in the
timescale of dynamic wastewater processes, there is no clear model
that is optimal, but in general, carbohydrates and lipids should both
be modeled separately (2.8% model carbohydrates only, 8.7% model
lipids only, 3.7% model both together as a generic storage com-
pound, 1.2% model both separately). Additionally, carbohydrates
typically are produced and consumed faster than lipids, but also
reach the maximum internal concentration sooner (Davis et al.,
2016; Laurens et al., 2014). Lipids, conversely, are produced at a
slower rate, but accumulate to a greater extent in many species of
algae (Davis et al., 2016; Laurens et al., 2014). As an added layer of
complexity, biomass composition can change both over diel cycles
and also in response to design decisions (e.g., SRT (Gardner-Dale
et al., 2017)), necessitating more mechanistic modeling of these
metabolic processes. Oxygen consumption should also be accoun-
ted for using Monod kinetics when modeling stored carbon usage.
In addition to this, stored carbohydrates have been shown to be
interconverted to lipids, further increasing the potential intricacy of
this sub-process (Pick and Avidan, 2017). Given the complexity of
modeling carbohydrate and lipid accumulation, carbon storage
should only be considered if nutrient-deplete conditions are ex-
pected to exist or if the cells are exposed to fluctuating lighting
conditions (e.g., diel, natural lighting) in the scenario being
modeled.

Light

Irradiance and dissipation

Light is an energy source during photoautotrophic and mixo-
trophic algal growth for photosynthesis. Accurately predicting light
distribution is essential for modeling algal growth and metabolism.
Photosynthetically active radiation (PAR) — the spectral range of
radiation that photosynthetic cells can use — occurs between
wavelengths of 400-750 nm (Wilhelm and Jakob, 2011). Three
types of irradiance models were identified in (Béchet et al., 2013):
type I models which use incident or average irradiance to predict
the rate of photosynthesis for the entire culture, type Il models
which estimate overall reactor productivity as the sum of depth-
resolved productivities within the system, and type III models
which account for both light gradients and short light cycles for
individual cells. Type I models are simplest, but type Il models tend
to exhibit greater accuracy for a small increase in complexity. Type
Il models are likely to be too complex for WRRFs given the need for
individual-based (a.k.a. microscopic) models (Gujer, 2002). As light
penetrates a phytoplankton cultivation system, it can be attenuated
through absorption or scattering by cells or by the reactor itself
((Posten, 2009; Wagner et al., 2018; Wang et al., 2014); Fig. 4). Light
extinction can be exacerbated by high concentrations of highly
diffusive particulate matter (Borowitzka, 1998). The Beer-Lambert
law (Table 3) is widely used in phytoplankton modeling (35% of
articles) and accounts for light extinction due to absorption by
pigments and scattering by the cells as well as absorption and
diffusion due to non-cellular components (Martinez et al., 2018).
Often, the extinction coefficient is taken as the absorption rate
(Koller et al., 2017). For dilute cultures, the attenuation coefficient
has been proposed to be expressed as a nonlinear function of ab-
sorption and scattering coefficients (Kirk, 1984; Morel, 1988).
Modifications to this equation may be required to simulate the
effects of multiple scattering, when applicable (e.g., (Tam and
Zardecki, 1982)), or to account for the disparity in coefficient
values between natural and engineered systems.

Photoinhibition and photoacclimation
When modeling the effects of irradiance in engineered systems,
temporal changes in light intensity need to be considered,
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Fig. 4. Simulation of light penetration into reactor (lower graphic) using Beer-Lambert
as a function of irradiance (upper graphic, y-axis) and time (x-axis). Light is simulated
using a 14-hour sinusoidal wave. Green shading represents light in reactor (i.e., darker
colors correspond to lower light). (For interpretation of the references to color in this
figure legend, the reader is referred to the Web version of this article.)

especially in naturally lit scenarios which will follow a diel cycle.
Some algae have developed the ability to adapt in response to
changing lighting conditions (Carvalho et al., 2011). Photoinhibition
(i.e., the reduction in growth due to exposure to excess light) can
begin affecting growth within 1 min if irradiance is high enough
((Béchet et al., 2013); Fig. 5). Under high light intensities, photo-
acclimation processes are used to mitigate photoinhibition,
whereby the chlorophyll production is suppressed and carotenoids
(i.e., photo-protective pigments) are synthesized (Aburai et al,
2015; Anning et al., 2000; Garcia-Camacho et al., 2012; Guihéneuf
and Stengel, 2015; Koller et al., 2017; MacIntyre et al., 2002;
Safafar et al., 2015; Vaquero et al., 2014; Xie et al., 2016). This
photoacclimation strategy takes place at a time-scale of days or
weeks (Combe et al., 2015) and contributes to chlorophyll:carbon
mass ratio variations typically within a factor of five (Falkowski,
1983). (Anning et al., 2000) studied the PI response curves of
microalgae cultures pre-acclimated at different light irradiances
and showed 65% higher growth rates and higher chlorophyll con-
tent for the cells pre-acclimated in the dark. (Bouterfas et al., 2002)
compared multiple PI models and found that the Eilers and Peeters
model is the most accurate when simulating growth in response to
high irradiance. This phenomenon is of utmost importance for
wastewater treatment given that particulate and dissolved mate-
rials increase medium turbidity, reducing the light penetration and
maintaining a low average light in the water. On top of this,
pigment synthesis can be strongly impacted by nitrogen limitation
as the pigment content is related to the protein content, which is
itself related to the nitrogen status (represented by the quota q in

Table 3
Model of light penetration with associated equation and a list of parameters.
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Fig. 5. Conceptual representation of photoacclimation. Numbers in parentheses are
manuscripts that included this process. Specific citations can be found in Listing S1 of
the SL

the Droop model (Griffiths et al., 2014)). Nitrogen limitation has
also been shown to strongly reduce chlorophyll content (Breuer
et al.,, 2015; Geider et al., 1993).

(Geider et al., 1998) were among the first to introduce chloro-
phyll as a state variable in their models, in addition to the carbon
and nitrogen contents. They expressed the rate of pigment syn-
thesis per carbon unit as proportional to the product between the
rates of photosynthesis and nitrogen uptake. More recently
(Bernard et al., 2015), proposed a model whereby chlorophyll is
proportional to the cellular nitrogen content. Beyond nitrogen,
temperature also has a strong effect on photoacclimation (Geider,
1987), which has been represented by a model relating the chlo-
rophyll quota to the current light irradiance and temperature. More
complex models exist (Flynn, 2001; Garcia-Camacho et al., 2012;
Nikolaou et al., 2016), but the computational intensity of these
models relative to the increase in fidelity precludes their use in the
context of modeling WRRFs. Accounting for photoacclimation in
model development is crucial to represent successive phases with
low turbidity (where cells are subjected to high light) and growth
periods in a highly turbid medium (for which average light is low);
only 6.8% of models reviewed included this process. For studies
focusing on growth in a permanently turbid medium, cells will be
mostly dark acclimated, and photoacclimation can be neglected.
However, growth model calibration must be carried out in low light
conditions (or equivalently in a very turbid medium) in order to
ensure sufficient accuracy.

Temperature

The influence of temperature on process dynamics can be
tantamount to that of light ((Ras et al., 2013); 34% of articles

Model Equation

Parameters Citation

Beer-Lambert [ = Ig-eka*(Xtkug)-z

[ = light intensity [pE-m™-s7'] (Beer, 1852)
z = depth [m]

Ip = incident light intensity [LE-m™-s7']

X = biomass concentration [g-m]

kpg = background turbidity [g- m3)

k, = attenuation coefficient [m?-g™!]




8 B.D. Shoener et al. / Water Research X 2 (2019) 100024

included temperature). Wastewater treatment processes culti-
vating phytoplankton typically have reduced depths (i.e., less than
0.5 m), and therefore lower thermal inertia than deeper, in-ground
reactors. When subjected to the solar irradiance, temperatures
within the reactor can vary from 5 C to as high as 56 C (De-Luca
et al., 2017; Dermoun et al., 1992; Talbot et al., 1991; Tredici and
Materassi, 1992). Microalgae and cyanobacteria can be particu-
larly sensitive to environmental temperatures in engineered sys-
tems due to its effect on enzymatic activity and stability (Béchet
et al., 2011; Bernard and Rémond, 2012). The impact of tempera-
ture on metabolism can be represented in mechanistic models
accurately predicting the temperature dynamics over the course of
the day (Béchet et al., 2011, 2010), but its effect has commonly been
neglected or minimized in biological models, often by using an
Arrhenius formulation ((Arrhenius, 1889); 40% of models consid-
ering temperature; Fig. 6 and Table 4).

The response of growth rate to temperature has been proposed
to follow an asymmetric curve for most microorganisms ((Rosso
et al,, 1993); 3.6% of articles that included temperature; Fig. 6 and
Table 4). This response is defined by three cardinal temperatures:
Tmin, the minimum temperature that will support growth; Trhax, the
maximum temperature that will support growth; and Ty, the
optimum temperature for growth. The asymmetry of the growth
curve results from differential effects on cellular physiology at
temperatures lower or higher than T, At low temperatures, the
rates of enzymatic biochemical reactions are affected (Blankenship,
2002). At high temperatures, structure and stability of some
cellular components, such as key enzymes or membrane com-
pounds (mainly lipids or proteins), are denatured (Ras et al., 2013;
Salvucci and Crafts-Brandner, 2004). The consequences on cell
metabolism and integrity lead to an increase in mortality (Serra-
Maia et al., 2016). Growth rates at temperatures greater than Tygx
or less than Ty,;, are considered to be zero. The deleterious effects of
high temperature exposure are also temporally dependent, and the
concept of thermal dose has been used to quantify the damages at
high temperature (Béchet et al., 2017; Holcomb et al., 1999). Given
the potential impacts that temperature can have on biomass, a
temperature model should be carefully chosen and calibrated (a
more detailed review of temperature models can be found in
(Grimaud et al., 2017)).

Respiration and maintenance

While the main focus of this critical review is on phytoplankton
growth and related processes, carbon loss through endogenous
respiration and maintenance should not be neglected when

Specific Growth Rate

Temperature

Fig. 6. Conceptual representation of response of growth to temperature. Numbers in
parentheses are manuscripts that included this process. Specific citations can be found
in Listing S1 of the SI

constructing a model (included in 57% of models reviewed). These
processes are often considered to occur at a constant rate (e.g.,
(Decostere et al., 2013); 47% of the models that included respira-
tion); this assumption is valid for maintenance energy re-
quirements, but endogenous respiration is impacted by multiple
factors (e.g., light, temperature, pH, etc. (Béchet et al., 2017; Ippoliti
et al., 2016)). Maintenance energy is dependent on the ATP re-
quirements of the organism and, as such, does not change (Beeftink
et al., 1990). The ATP demand can be met through multiple routes,
depending on the situation being modeled (i.e., if carbon storage
products are being formed or not). For instance, cells can meet
maintenance requirements first through storage products and only
rely on endogenous respiration in the absence of these internal
stores (Beeftink et al., 1990). In addition to reducing biomass con-
centrations, respiration can also lead to DO consumption, which
can have an impact on any aerobic chemotrophic organisms in the
system. As such, incorporation of maintenance and endogenous
respiration (as one mechanism to meet maintenance ATP demands
(Guest et al., 2013)) is advisable.

Lumped pathway metabolic modeling

Metabolic modeling uses biochemical data representing a spe-
cies’ or community’s metabolism to develop stoichiometric pa-
rameters for cellular operations (e.g., yield coefficients for
substrates; 3.4% of the papers utilized metabolic reconstructions).
Metabolic models can incorporate different energy sources (e.g.,
photoautotrophic, mixotrophic, and heterotrophic growth (Juneja
et al., 2016; Yang et al., 2000)), different metabolic pathways
leveraged under a given set of environmental conditions (e.g.,
nutrient replete and deplete), and the accumulation of storage
compounds (Guest et al., 2013; Radakovits et al., 2012). Full meta-
bolic models typically involve entire genome reconstructions,
comprised of individual reactions (i.e., between 200-3,000) and
metabolic flux analyses (Baroukh et al., 2015; Chang et al., 2011).
Although metabolic reconstructions provide a very thorough view
of phytoplankton metabolism, the complexity hinders process en-
gineers from implementing metabolic models of phototrophic
technologies at WRRFs. Several models build upon the concept of
metabolic reconstructions while taking a simpler approach that
may be considered more accessible and valuable for developing
processing parameters at WRRFs through metabolic modeling. In
WRRF modeling of chemotrophic processes (e.g., enhanced bio-
logical phosphorus removal, EBPR), the concept of “lumped
pathway metabolic modeling” has been applied (e.g., (Smolders
et al., 1994)), which groups reactions based on whether interme-
diate compounds accumulate. These grouped (or “lumped”) re-
actions are assumed to occur simultaneously and are modeled as a
function of one parameter (Roels, 1983). As such, lumped pathway
metabolic modeling has the potential to simplify metabolic re-
constructions, given that they have on the order of 10 reaction
equations as opposed to >100 equations present in some re-
constructions ((Filipe and Daigger, 1999; Guest et al., 2013); Fig. 7).

WRRF modeling platforms typically use empirical yield co-
efficients for the ASMs to help describe sludge accumulation within
the system ((Figueroa-Torres et al., 2017; Henze et al., 2007); Fig. 7),
with the general recommendation to conduct experiments to
develop yield coefficients for a specific WRRF (Henze et al., 2007;
Rieger et al., 2012). Any variation in yield coefficients between
WRRFs is generally believed to be caused solely by environmental
influences such as pH, temperature, and fluctuating substrate
concentrations (Henze et al., 2007). However, yield coefficients
have a foundation in the metabolic pathways an organism is using
(e.g., glycolysis, pentose phosphate pathway, etc.), indicating that
values for these coefficients can be theoretically grounded. If
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Table 4
Models of temperature impacts on growth with associated equations and a list of parameters.
Model Equation Parameters Citation
Arrhenius Ea E, = activation energy [m?-kg-s2] (Arrhenius, 1889)
Hmax (T) = Mmaxe KT k = Boltzmann constant [m? kg-s2-K™']
T = absolute temperature [K]
CTMI (T — Tmax) « T = temperature [C] Rosso et al,, (1993)

T) = T omax)
Hmax (T) “max(Topt_Tmm)

<T _ Tmin)Z
[(Topt — Trnin)(T — Topt) — (Topt — Tmax) (Topt+Tmin — 2T)]

Topt = optimum temperature [C]
Tmin = Minimum temperature [C]
Tmax = Maximum temperature [C]

Empirical (311)

—> biomass

substrate

Fig. 7. Conceptual representation of model complexity by type. Empirical models
convert substrate to biomass through the use of yield coefficients. Lumped pathway
models use simplified metabolic reactions to simulate growth. Metabolic flux models
track individual metabolites as they are consumed and converted in the cell. Numbers
in parentheses are manuscripts that included this process. Specific citations can be
found in Listing S1 of the SL

metabolic pathways are conserved, derived theoretical values can
then be used regardless of situation being modeled. Variability in
terms of growth rate will still exist due to environmental condi-
tions, but this variation can be accounted for in associated sub-
processes (e.g., maintenance) rather than by yield coefficients.
Lumped pathway metabolic models allow stoichiometric pa-
rameters to be based on phytoplankton metabolism while simul-
taneously reducing complexity (relative to metabolic models) and
increasing reproducibility (relative to empirical models). Using
lumped pathways also grounds many parameters (e.g., P/O ratio) in
fundamental, well-established ranges while decreasing the number
of unknown stoichiometric parameters in the model, thus
increasing the model’s innate mechanistic friction, lowering the
degrees of freedom, and simplifying the final model structure
(Baroukh et al., 2014; Guest et al., 2013; van Aalst-van Leeuwen

et al., 1997). While there are many benefits to using full metabolic
models, the additional complexity often precludes their inclusion
in algal models.

Inclusion of other organisms

In the context of wastewater treatment, maintaining a com-
munity of one type of organism is challenging, if not entirely un-
realistic. In the context of algae and cyanobacteria, chemotrophic
bacteria (e.g., heterotrophic bacteria, nitrifiers) and predatory or-
ganisms (e.g., zooplankton) can be present, which impact the dy-
namics of the entire system being modeled ((Mehrabadi et al.,
2016; Wolf et al., 2007); other organisms were included in 21% of
models). The relationship between heterotrophic bacteria and
photoautotrophic phytoplankton has long been known to be sym-
biotic, where bacteria and phytoplankton exchange products:
chemotrophic bacteria produce CO, and consume DO while
phytoplankton take-up CO, and produce DO (Rich, 1963). This
interaction can be particularly beneficial for photoautotrophic
phytoplankton because high DO concentrations can inhibit photo-
synthesis (Kaplan and Reinhold, 1999). However, higher biomass
concentrations (stemming from chemotrophic organism growth)
can also limit photosynthesis by reducing light to suboptimal levels.
Additionally, phytoplankton and chemotrophs (including auto-
trophs) will be competing for substrates (N, P, inorganic carbon,
etc.). If the phytoplankton are utilizing mixotrophy or heterotrophy,
they will be competing with the chemotrophic bacteria for organic
resources, which can impact system performance (Grover, 2000;
Thingstad et al., 1998). Predators and grazers commonly have much
more detrimental impacts on algal performance, which is primarily
a result of algal biomass being directly reduced (Baird et al., 2003).
Depending on the conditions, predators can result in frequent
turnover of algal communities, preventing the system from treating
the water as anticipated (Sutherland et al, 2017). Whether
including bacteria, predators, or both, considering other organisms
can quickly increase the complexity of a model due to the need to
account for all the parameters the organism can affect (e.g., oxygen,
CO,, organic carbon, pH, light penetration, etc. (Solimeno et al.,
2017; Zambrano et al., 2016)). However, if phytoplankton are in a
closed system (e.g., a closed photobioreactor), invasive organisms
can be assumed to be negligible if not present in the influent.

Physico-chemical processes

Gas-liquid mass transfer

Gas-liquid mass transfer was included in 17% of reviewed arti-
cles. The most important dissolved gases in phytoplankton pro-
cesses are oxygen (0O5), carbon dioxide (CO3), and ammonia (NH3);
depending on their concentration, they can either promote or
inhibit growth. Generally speaking, algae require 1.8—2.4 g CO, for
each gram of biomass grown, which results in a N demand of 0.02-
0.25g per gram of algae (given that the C:N ratio can vary from
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roughly 2.6—32gC-g N'! (Geider and La Roche, 2002; Leow et al.,
2015; Li et al, 2017)). Microalgae also produce approximately
1.5-1.92g O,-g biomass™' (Grobbelaar et al., 1988; Mufoz and
Guieysse, 2006). Moreover, CO, and NH3 can significantly impact
pH (see below). CO; and NH3 are also involved in bacterial pro-
cesses and consequently play an important role in algal-bacterial
interactions, necessitating their accurate simulation in WRRF pro-
cess models (Solimeno et al., 2017, 2015).

In the case of gas-liquid system with a relatively dilute liquid
phase, Henry’s law is generally used to describe the equilibrium
relationship (Eq. 1 in Table 5). Due to the continuous production
and/or consumption of gaseous components by biological pro-
cesses, however, gas-liquid mass transfers occur continuously. The
driving force of gas-liquid mass transfer is therefore the difference
between the saturation concentration and the real concentration in
the liquid phase (Eq. 2 in Table 5). The local mass transfer coefficient
represents the resistance of the interface to transfer. For gases with
low solubility (e.g., 0 and CO,), dissolution into the liquid phase is
more challenging, while more soluble gases (e.g., NH3) are more
difficult to remove from solution. The mass transfer rate depends
on gas and liquid physico-chemical properties, temperature, and
turbulence of the medium.

Several models exist to describe this mass transfer rate,
including Higbie's penetration theory (Higbie, 1935) or the double
layer model (Lewis and Whitman, 1924). However, both the local
mass-transfer coefficient and the interfacial area require calibra-
tion, and determining these parameters is challenging. Therefore,
the combination of both parameters (i.e., the local mass transfer
coefficient and the interfacial area) is often considered; this com-
bined coefficient is typically referred to as kiga. The prevalence of
aeration in the activated sludge process has resulted in extensive in
situ determination of the oxygen-specific kia value (i.e., krapy)
(Amaral et al., 2017; Kayser, 1979) as well as models to describe it
(Gillot et al., 2005). Overall mass transfer coefficients for other
gases with low solubility (e.g., CO,) are usually calculated from the
oxygen transfer rate using Higbie's penetration theory (Eq. 3 in
Table 5). In order to determine the effect that these gaseous com-
pounds can have, gas-liquid mass transfer should be considered
when constructing a WRRF model.

pH/acid-base equilibrium

Acid-base equilibrium considers the change in concentration of
one or several compounds of interest (e.g., CO2,aq, HCO3, and CO%‘)
in aqueous phase and the subsequent effect it has on pH and
therefore microalgal processes ((Bronsted, 1923; Lowry, 1923); 13%
of models). Similar to compounds involved in liquid-gas transfer,
these compounds are continuously produced or consumed by
biological processes. Contrary to liquid-gas transfer, however, acid-
base equilibrium occurs rapidly compared to biological processes.
As a result, equilibrium is often assumed to be established
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instantaneously (i.e., on the order of 10% and 10° d™! (Jupsin et al.,
2003; Reichert et al.,, 2001; Solimeno et al., 2015)). The direct
impact of pH on algal growth (included in 16% of models) is rather
limited when pH is between 5-8.5, depending on the algal species
and other operational parameters such as temperature (Benemann
et al,, 1987; Berge et al., 2012; Mayo, 1997). Algal growth can affect
pH by consuming CO, during photosynthesis, resulting in a net
increase in pH as protons are consumed to maintain chemical
equilibrium (Berenguel et al., 2004). In addition to the bicarbonate
system, the nitrogen species present in solution have an impact on
pH. If ammonium is applied as the nitrogen source, pH drops due to
the release of protons during assimilation; conversely, pH can rise
when nitrate is used due to the consumption of protons needed to
assimilate nitrate (Nguyen and Rittmann, 2015). Most phyto-
plankton models for municipal wastewater treatment exclude pH
dependence for algal growth (Broekhuizen et al., 2012; James et al.,
2013; Mayo, 1997), but pH indirectly affects algal growth by
changing the relative concentrations of substrates such as CO;
(Decostere et al., 2016; Wolf et al., 2007). Additionally, high pH (i.e.,
above 9) may induce inhibition of algal growth by free ammonia
(Abeliovich and Azov, 1976; Konig et al., 1987).

Some models simulate pH as a function of the bicarbonate
system (Decostere et al., 2016; Fernandez et al., 2010; Liehr et al.,
1988), but the simplicity of these models results in inaccuracy
when other pH-altering components are present. The River Water
Quality Model 1 (RWQM1 (Reichert et al., 2001)) introduced a set of
differential equations to model the acid-base equilibria for inor-
ganic carbon, ammonia, and phosphate, as well as the water acid-
base equilibrium. This approach was later modified to a system of
differential (for biological process rates) and algebraic (for fast
chemical reactions) equations (DAE), where pH is numerically
estimated by closing the charge balance (i.e., mono-dimensional
numerical methods) in the system (Broekhuizen et al., 2012;
Gehring et al., 2010; Wolf et al., 2007). The application of DAE
systems to predict pH is commonly used to model other waste-
water systems, as it reduces the stiffness of the model compared to
differential equation systems (Batstone et al., 2012, 2002; Hellinga
etal., 1999). This approach has been improved by (Vangsgaard et al.,
2013) by formulating a set of equations describing the mass bal-
ances and equilibrium equations of weak acids and bases and a
charge balance, which are solved using a multidimensional
Newton-Raphson method. During the last few years, the acid-base
system has been better described by including the effect of ionic
strength, ion pairing, and developing improved numeric solvers to
ensure robustness in the calculations (Flores-Alsina et al., 2015;
Lizarralde et al., 2015; Solon et al., 2015). Other common ways to
estimate pH changes in water systems are by closing proton or
alkalinity balances (Luff et al., 2001; Serralta et al., 2004).

Table 5
Equations for modeling gas-liquid mass transfer.
Equation Parameters Eq. No.
Cs; Kyi = Henry's law coefficient [mol-L!-atm™] 1
Ky = i Cs; = concentration of i in the liquid phase under equilibrium conditions (i.e., saturation concentration) [mol-L™']
pi = partial pressure of i in the gas phase [atm]
pi = kygi-a-(Csi — G) pi = mass transfer rate [mol-s™'] 2
C; = concentration of i in the liquid phase [mol-L]
a = interfacial area between liquid and gas [m?]
ki/ci = local mass transfer coefficient [m-s]
kiao, Do, kiaoz = overall mass transfer coefﬁcient for' 0, [ml»s’l] 3
kea; = D, kia; = overall mass transfer coefficient gas i [m-s™']

Doy = 0, diffusivity in liquid [m?-s™!]
D; = diffusivity in liquid of gas I [m?-s™']
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Calibration/validation and uncertainty/sensitivity analyses

Whether constructing a new model or tailoring an existing one
to a specific scenario, a model should always be calibrated and
validated (to the degree possible) prior to use (69% of models were
calibrated, but only 36% were validated). Calibration involves
adjusting parameter values to fit the model to collected and
reconciled data (i.e., data that have been cleaned and ensured are
accurate (Hauduc et al., 2010)); validation ensures that the model
also matches data from a different set of conditions (distinct from
the calibration dataset) by comparing the calibrated model to
another set of data (Rieger et al.,, 2012). This step in building a
model is important because it ensures that model outputs are both
reliable and reproducible; in the context of wastewater treatment, a
model that can accurately predict performance can mean the dif-
ference between meeting discharge requirements or not. Calibra-
tion of WRRF models is often performed manually, which
frequently results in unreliable output values (Sin et al., 2005).
Though calibration protocols have been proposed (e.g., BOMATH
(Vanrolleghem et al., 2003), STOWA (Hulsbeek et al., 2002), and the
IWA Unified Protocol (Rieger et al., 2012)), there is no consensus on
calibration methodology, making the comparison and evaluation of
calibration across models incredibly challenging. While calibrating
all parameters is extremely difficult and prone to errors — partic-
ularly for complex models with many parameters (e.g., RWQM1
and ADM1 with 24 and 45 parameters, respectively) — most of the
variability in a model is often due to a subset of parameters. This
subset can be determined through a sensitivity analysis (Sin et al.,
2005). Ensuring that these parameters are calibrated carefully is
essential; other parameters do not need to be calibrated as carefully
or standard values can be sourced from previously published arti-
cles. Model prediction quality can be evaluated in relation to quality
of fit (e.g., through the use of Akaike or Bayesian Information Cri-
terion (Grimaud et al., 2017)) or by examining the percentage of
experimental data falling within the confidence interval of the
model output (Ramin et al., 2017; Wagner et al., 2018).

Uncertainty and sensitivity analyses can be used in tandem to
determine how parameter variations affect output variability as
well as which parameters affect model outputs the most. Broadly,
uncertainty analyses in WRRF modeling pass randomly chosen
input values through the model and record the outputs to deter-
mine either the range of potential outputs or estimate the likeli-
hood of meeting a target value (e.g., discharge requirements
(Loucks et al., 2005)). Uncertainty analyses can be conducted with
Monte Carlo simulation, wherein probability density functions are
assigned to inputs and are randomly sampled tens of thousands of
times (Saltelli et al., 2006; Sin et al., 2009). To reduce the compu-
tational burden of characterizing uncertainty around WRRF process
model results, Latin hypercube sampling (LHS) can be used to
reduce the required number of simulations in a Monte Carlo anal-
ysis by discretizing probability density functions into equal prob-
ability portions (Helton and Davis, 2003; McKay et al., 1979;
Shoener et al., 2016).

Following the uncertainty analysis, model inputs and outputs
can be compared to determine parameter sensitivity. Similar to
calibration procedures, there is no universal sensitivity analysis
procedure, though sensitivity analyses can be broadly categorized
as local or global. Morris one-factor-at-a-time (Morris, 1991) and
Markov-Chain Monte Carlo (Sharifi et al., 2014) are examples of
global sensitivity analyses, whereas differential analysis (Brun et al.,
2002) is local. Sensitivity metrics can be used to concisely compare
sensitivities of model outputs to individual inputs (e.g., Spearman’s
rank correlation coefficient (Iman and Conover, 1982; Marino et al.,
2008; Wang et al., 2015)). When evaluating a model, the analysis
chosen should depend on the core objective (e.g., reducing model

structural uncertainty or input uncertainty) which should be
explicitly stated when describing the model (only 30% of models
utilized sensitivity analyses, 26% of which did not describe the
procedure used). Rigorously performing uncertainty and sensitivity
analyses will not only simplify model calibration and validation, but
will also help to inform future experimentation by identifying
critical information needs for model application and development.
For instance, if a particular model output is very sensitive to a
highly uncertain parameter, extensive experimentation could be
conducted to ensure the parameter is accurately calibrated and the
model can be validated.

Integration with existing WRRF models

Standard wastewater modeling nomenclature

As we seek to develop phytoplankton-based processes for
wastewater treatment, the likelihood of broad adoption of devel-
oped models will be directly influenced by their alignment with
existing WRRF modeling structure and nomenclature. To the de-
gree possible, any phytoplankton models developed should be able
to be integrated with the IWA’s Activated Sludge Models (e.g.,
ASM2d and ADM3) and Anaerobic Digestion Model 1 (ADM1).
There may be circumstances or applications of phytoplankton
modeling that necessitate or warrant alternative model structures,
but it should be recognized that any deviations will reduce trans-
parency and the likelihood of adoption by industry.

The original IWA ASM1 publication popularized a standard
approach to naming the state variables upon which pseudo-
mechanistic model structures are built (Henze et al., 1987). Each
state variable defines one fundamental component around which a
dynamic mass balance is determined. The ASM1 state variable
structure allows for grouping of different sets of variables by their
fundamental composition (e.g., chemical oxygen demand, nitrogen,
phosphorus), and by the processes which act upon them (e.g.,
biomass state variables undergo growth and decay) through rate
equations. In addition to establishing a straightforward nomen-
clature (discussed below), the ASM1 also used a Petersen matrix
(Petersen, 1965), which concisely displays an entire model (both
kinetics and stoichiometry) and helps ensure the maintenance of
mass balances.

The original ASM1 (Henze et al., 1987) sets out a nomenclature
that specifies attributes of the state variables, and allows straight-
forward grouping of the state variables based on inherent charac-
teristics and the processes acting on them (46% of articles focusing
solely on wastewater; 5.0% of all articles). A capital letter specifies
the component category (“S” for soluble and “X” for slowly biode-
gradable or particulate) and subscripts are then used to uniquely
identify the component. Subscripts may specify if a component is
readily biodegradable (e.g., Ss) or inert (e.g., X|) or can identify the
short-form chemical composition (e.g., Sno for soluble nitrate and
nitrite). Biomass components typically use the nomenclature Xg
followed by a second subscript to distinguish between biomass
types (e.g., Xgu for heterotrophs, Xga for autotrophs). The subse-
quent IWA models ASM2 (Henze et al., 1995), ASM2d (Henze et al.,
1999), ASM3 (Gujer et al., 1999), and ADM1 (Batstone et al., 2002)
maintained this nomenclature structure, adhering to the S and X
prefixes for soluble and particulate components. The ASM2 model
report also explicitly states that the X components must be elec-
trically neutral (no ionic charges) whereas the soluble components
may carry charges.

Further model development by academic researchers and
commercial simulation companies has generally followed the
established IWA nomenclature, but diversity in model complexity
and approach to naming state variables has led to some confusion
and inconsistency across the wastewater modeling industry.
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(Corominas et al., 2010) summarized many of the issues faced with
conflicting variable names, including consistency of variable names
and meanings (e.g., “b” has been used to stand for “biomass” or
“biodegradable”), usage of upper or lower cases, and different units
associated with the same variable (e.g., biomass has been repre-
sented by g COD-m™3, g-C-m™>, or mol-C-m™>). Additionally, state
variable definitions should incorporate the processes which act
upon them; this aspect is often disregarded when identifying var-
iables. (Corominas et al., 2010) proposed a structured methodology
for setting names for state variables and model parameters, using a
series of subscripts to represent biodegradability, organic/inorganic
nature, organism name (if relevant) and any other distinguishing
characteristics. This standardized nomenclature has not been
broadly adopted, however. To the degree possible, developers of
new models should also use existing ASM and ADM variables (e.g.,
Xy for stored lipids, Xcy for stored carbohydrates (Guest et al.,
2013)) and only focus on adapting variables that are not already
represented (e.g., Xarg for algae biomass). Ultimately, nomenclature
congruent with IWA naming conventions must be adhered to if
phytoplankton pseudo-mechanistic models are to be usable by the
wastewater industry.

Integration approaches

In order to develop plant-wide models that include
phytoplankton-based processes alongside activated sludge or
anaerobic digestion processes, existing integration techniques for
ASMs and ADM1 can be leveraged. At present, there are three main
approaches to plant-wide dynamic WRRF modeling: (i) the in-
terfaces approach (Nopens et al., 2009; Vanrolleghem et al., 2005;
Volcke et al., 2006; Zaher et al., 2007); (ii) the standard supermodel
approach (Jones et al., 2007; Seco et al., 2004); and (iii) the tailored
supermodel approach (Grau et al., 2007). A summary of these ap-
proaches can be found in (Grau et al., 2009). A number of software
packages are commercially available for whole-plant simulations
(e.g., GPS-X™, BioWin, WEST®, and Sumo®), taking advantage of
both the interface and supermodel (e.g., GPS-X™, BioWin) ap-
proaches for whole-plant modeling. Although the interface
approach can use state variable transformers to add new unit
processes to models, developing these transformers is typically
difficult (Grau et al., 2009). The supermodel approach requires the
development of new state variables and processes, but allows for
greater flexibility in terms of model development and is therefore
more frequently used in practice (e.g., used in GPS-X™, BioWin,
and Sumo®). Additionally, when integrating models, a continuity
check should be performed to avoid inconsistencies in mass bal-
ances (see (Rieger et al., 2012) for details).

Path forward
Model development

Algae modeling needs in wastewater treatment

Accurately modeling full-scale phytoplankton treatment sys-
tems — accounting for reactor design, influent composition, algal-
bacterial interactions, and environmental conditions — is essen-
tial. Models should be able to accommodate different reactor types
(e.g., HRAPs, raceway ponds, PBRs, etc. (Shoener et al., 2014)) as
well as influents (e.g., raw sewage, primary or secondary effluent,
etc.). In order for a model to be useful, an objective should be
established prior to model construction (e.g., prediction, control,
monitoring, etc.) which will help practitioners navigate tradeoffs
between complexity and accuracy (Bernard et al., 2015). A model
should also be as simple as possible while maintaining the ability to
assist with decision-making (Daigger, 2011).

Key factors in model development

The number of disparate models uncovered during this review
and the absence of critical model components (e.g., calibration and
validation methodology) in many papers underscore the need for
more rigorous phytoplankton model formulation procedures.
Before constructing a model, researchers must first consider envi-
ronmental and reactor conditions to determine which processes to
include and which equations can best simulate that process
(Table 6). This consideration is of particular importance given that
several influential components are frequently omitted from pub-
lished models (e.g., carbon, phosphorus, and temperature were
only included in 27%, 26%, and 24% of reviewed articles, respec-
tively). When considering growth, Monod kinetics are adequate in
circumstances with stable nutrient conditions (e.g., chemostats
with fixed environmental conditions) and substrate concentrations
below inhibitory values. In configurations or process designs in
which algae are exposed to fluctuating nutrient concentrations,
Droop model formulation should be used to decouple nutrient
uptake and growth. Additionally, high ammonia or substrate (e.g.,
acetate) concentrations that could be inhibitory may be modeled
via Haldane/Andrews (Andrews, 1968; Haldane, 1930); similarly,
inhibition from high irradiance can be modeled via the Eilers and
Peeters or Steele expressions (Eilers and Peeters, 1988; Steele,
1962). Given that the choice of a PI sub-model will only have an
impact at high light intensities (where photoinhibition and pho-
toacclimation may occur (Eilers and Peeters, 1988)), if only non-
photoinhibitory situations are being considered, the simplest
model that can still accurately simulate the process may be chosen.
For substrate uptake and utilization, given the dynamicity of
WRREFs, organisms must be modeled with their history in mind. For
example, if the organism was previously in N-replete conditions
but then experiences N-deplete conditions, it will continue
growing off internal reserves before forming storage compounds.
Additionally, the impacts of changing environmental conditions on
phytoplankton processes should be assessed (e.g., temperature
changes across seasons); excluding environmental history or dy-
namic conditions will limit the accuracy of a model.

In addition to selecting model components carefully, the model
foundation should be built upon a mechanistic understanding of
phenomena. This will not only improve the generalizability and
accuracy of the model, but may also reduce the number of cali-
brated parameters, provide a theoretically grounded range for
biochemical model parameters, and increase model transparency
by reducing the number of empirical parameters. This compre-
hensive understanding will also enable the integration of separate,
but related models (e.g., hydrodynamics), which will be critical to
translate laboratory-scale data into predictions of full-scale per-
formance. Also, when gathering experimental data, it should be
noted that diel cycles will often necessitate frequent sampling
(multiple times per day) to enable model validation. High-
resolution models require multiple measurements each day (or
even each hour) in order to capture diel variability; this is crucial
during model calibration and validation. More broadly, the lack of
clearly defined calibration and validation procedures is a serious
shortcoming in many of the papers reviewed (17% of papers that
calibrated their models did not specify a procedure). Calibration
and validation need to be conducted to assess the accuracy and
precision of a model appropriately and ensure the fidelity of a
model is upheld. If a model cannot be calibrated and validated
reliably, it cannot be utilized for a full-scale reactor, let alone as a
component of a WRRF model.

Broader context

WRRF practitioners are tasked with protecting the health of the
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Table 6

Summary of recommendations for model construction, components, and assessment including relative importance and additional information regarding recommendation. An
X denotes the recommended frequency with which to consider a given topic. If a different letter is used (e.g., M), a specific equation(s) is recommended for use when modeling
that component (e.g., Monod; see definitions at bottom of table). Percentages listed are the number of articles that included that particular component in the presented model

(this percentage did not influence the subsequent recommendations).

Topic

Percent Used When to Consider

Details

Frequently Sometimes

Rarely

Model Construction Threshold formulation 11% X
Multiplicative formulation = 44%

Model Component  Carbon 27% M
Nitrogen 53% DorA
Phosphorus 26% D
Light 66% M or E&P
Temperature 24% X
Carbon storage 16%
Respiration 57% X
Other organisms 16%
Mass transfer 17%
pH 16%

X
X
X

Use if at least one factor is potentially limiting.

X Only applicable when growth components are independent.
Inorganic carbon if only considering photoautotrophic;
Organic carbon if only considering heterotrophic;

Organic and inorganic carbon if considering mixotrophic.
Include if concentration fluctuates, if modeling nutrient
recovery, or if potentially inhibitory;

Consider impacts on growth and pH.

Include if concentration fluctuates or if modeling nutrient
recovery.

Consider light penetration into reactor and scattering;

If potentially inhibitory, include impacts of photoacclimation.
Include to assess impact on algal growth kinetics;

Consider model choice if potentially inhibitory.

Include if nutrient-deplete conditions or other accumulation
triggers (e.g., thermal stress or high light intensity) exist, or if
subjected to fluctuating lighting conditions.

Maintenance energy requirements are constant, but
endogenous respiration rates are not.

Consider if not growing algae in pure culture.

Consider if CO, can be limiting, or if NH5 or O, can be inhibitory.
Consider if system is not well-buffered or can cause inhibition.

M = Monod; D = Droop; A = Andrews; E&P = Eilers and Peeters; X — no specific model recommended.

public and the aquatic environment, and an inaccurate model could
have serious deleterious effects on WRRF investment, design, and
performance. When proposing a model, the phytoplankton pro-
cess should be considered as part of an entire WRRF, not just an
independent unit. Promising model structures should be able to
handle the frequent changes that occur at WRRFs. In order to
ensure models are accessible to the broadest possible audience
and can be compared easily, IWA nomenclature should be used
more frequently to increase WRRF model inter-compatibility. The
ASMs proposed the use of a stoichiometric matrix to quickly and
efficiently display the model structure. However, only 6.2% of
papers reviewed used a stoichiometric matrix. This approach
should be used to make models simpler to interpret and to
implement in simulation software, thus widening the user base of
phytoplankton models and accelerating their broader adoption at
full-scale WRRFs. Microalgal resource recovery systems have
tremendous potential to improve WRRF function achieving
effluent nutrient concentrations below the current limit of tech-
nology. In order to realize this potential, however, WRRF practi-
tioners must first believe that the tools available to them are
accurate and reliable. This trust can only be attained if algae
process models adhere to the same level of rigor and transparency
as current IWA models.

Conclusion

e Algal and cyanobacterial technologies have the potential to
achieve effluent nutrient concentrations below existing bio-
logical nutrient removal systems, but there is no established
modeling framework for engineered phytoplankton treatment
systems.

o In the context of wastewater treatment, a Droop formulation for
nutrient uptake and an Eilers and Peeters formulation for irra-
diance response can accurately simulate external and internal
conditions.

e The effects of temperature fluctuations on phytoplankton
growth rates should be assessed with either an Arrhenius or
CTMI formulation.

e Lumped pathway metabolic models rooted in a mechanistic
understanding of biochemical processes can simplify model
structure and reduce parameter uncertainty.

e Calibration and validation should be rigorous and clearly
defined.

Acknowledgements

This work supported by the National Science Foundation
Graduate Research Fellowship Program (GRFP) for B.S. and S.S., and
the Paul L. Busch Award from the Water Environment & Reuse
Foundation (now the Water Research Foundation) for J.G. The
CONICYT doctoral grant supported C.M. The IPL Algae in Silico
project supported C.M. and O.B. The Phycover Research Project
(ANR-14-CE04-0011) funded by the French National Research
Agency (ANR) and the French clusters Trimatec, Mer Bretagne
Atlantique, and Mer Méditerranée supported O.B. and ].-P.S. The
authors would also like to thank Elena Ficara and Francesca Casagli
for their thoughtful comments during the drafting of this
manuscript.

Appendix A. Supplementary data

Supplementary data to this article can be found online at
https://doi.org/10.1016/j.wroa.2018.100024.

References

Abeliovich, A., Azov, Y., 1976. Toxicity of ammonia to algae in sewage oxidation
ponds. Appl. Environ. Microbiol. 31, 801-806.

Abreu, A.P,, Fernandes, B., Vicente, A.A., Teixeira, J., Dragone, G., 2012. Mixotrophic
cultivation of Chlorella vulgaris using industrial dairy waste as organic carbon
source. Bioresour. Technol. 118, 61—66. https://doi.org/10.1016/j.biortech.2012.
05.055.


https://doi.org/10.1016/j.wroa.2018.100024
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref1
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref1
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref1
https://doi.org/10.1016/j.biortech.2012.05.055
https://doi.org/10.1016/j.biortech.2012.05.055

14 B.D. Shoener et al. / Water Research X 2 (2019) 100024

Aburai, N., Sumida, D., Abe, K., 2015. Effect of light level and salinity on the
composition and accumulation of free and ester-type carotenoids in the aerial
microalga Scenedesmus sp. (Chlorophyceae). Algal Res. 8, 30—36. https://doi.org/
10.1016/j.algal.2015.01.005.

Adesanya, V.0., Davey, M.P, Scott, S.A., Smith, A.G., 2014. Kinetic modelling of
growth and storage molecule production in microalgae under mixotrophic and
autotrophic conditions. Bioresour. Technol. 157, 293—304. https://doi.org/10.
1016/j.biortech.2014.01.032.

Aiba, S., 1982. Growth kinetics of photosynthetic microorganisms. In: Microbial
Reactions, Advances in Biochemical Engineering. Springer, Berlin, Heidelberg,
pp. 85—156. https://doi.org/10.1007/3540116982_3.

Amaral, A., Schraa, O., Rieger, L., Gillot, S., Fayolle, Y., Bellandi, G., Amerlinck, Y.,
Mortier, S.T.E.C., Gori, R., Neves, R., Nopens, 1., 2017. Towards advanced aeration
modelling: from blower to bubbles to bulk. Water Sci. Technol. 75, 507—517.
https://doi.org/10.2166/wst.2016.365.

Andrews, J.E, 1968. A mathematical model for the continuous culture of microor-
ganisms utilizing inhibitory substrates. Biotechnol. Bioeng. 10, 707—723.
https://doi.org/10.1002/bit.260100602.

Anning, T., MacIntyre, H.L,, Pratt, S.M., Sammes, PJ., Gibb, S., Geider, RJ., 2000.
Photoacclimation in the marine diatom Skeletonema costatum. Limnol. Ocean-
ogr. 45, 1807—1817. https://doi.org/10.4319/10.2000.45.8.1807.

Arrhenius, S., 1889. Uber die Dissociationswirme und den Einfluss der Temperatur
auf den Dissociationsgrad der Elektrolyte. Z. Phys. Chem. 4U, 96—116. https://
doi.org/10.1515/zpch-1889-0408.

Baird, MLE., Walker, S.J., Wallace, B.B., Webster, L.T., Parslow, ].S., 2003. The use of
mechanistic descriptions of algal growth and zooplankton grazing in an estu-
arine eutrophication model. Estuar. Coast Shelf Sci. 56, 685—695. https://doi.
0rg/10.1016/S0272-7714(02)00219-6.

Ball, S.G., Dirick, L., Decq, A., Martiat, ].-C., Matagne, R., 1990. Physiology of starch
storage in the monocellular alga Chlamydomonas reinhardtii. Plant Sci. 66, 1-9.
https://doi.org/10.1016/0168-9452(90)90162-H.

Barbera, E., Mestre, M., 2002. Modelling mixotrophic growth of microalgae Hae-
matococcus lacustris. Afinidad 59, 386—390.

Baroukh, C., Munoz-Tamayo, R., Steyer, ].-P., Bernard, O., 2015. A state of the art of
metabolic networks of unicellular microalgae and cyanobacteria for biofuel
production. Metab. Eng. 30, 49—60. https://doi.org/10.1016/j.ymben.2015.03.
019.

Baroukh, C., Munoz-Tamayo, R., Steyer, ].-P., Bernard, O., 2014. DRUM: A new
framework for metabolic modeling under non-balanced growth. Application to
the carbon metabolism of unicellular microalgae. PLoS One 9 e104499. https://
doi.org/10.1371/journal.pone.0104499.

Baroukh, C., Turon, V., Bernard, O., 2017. Dynamic metabolic modeling of hetero-
trophic and mixotrophic microalgal growth on fermentative wastes. PLoS
Comput. Biol. 13 e1005590. https://doi.org/10.1371/journal.pcbi.1005590.

Batstone, DJ., Amerlinck, Y., Ekama, G., Goel, R, Grau, P, Johnson, B., Kaya, I,
Steyer, J.-P,, Tait, S., Takdcs, I, Vanrolleghem, P.A., Brouckaert, CJ., Volcke, E.,
2012. Towards a generalized physicochemical framework. Water Sci. Technol.
66, 1147. https://doi.org/10.2166/wst.2012.300.

Batstone, DJ., Keller, J., Angelidaki, I., Kalyuzhnyi, S.V., Pavlostathis, S.G., Rozzi, A.,
Sanders, W.T.M., Siegrist, H., Vavilin, V.A., 2002. The IWA anaerobic digestion
model no 1 (ADM1). Water Sci. Technol. 45.

Baule, B., 1917. Zu Mitscherlichs Gesetz der physiologische Beziehungen. Land-
wirtsch. Jahrb. 51, 363—385.

Béchet, Q., Chambonniere, P., Shilton, A., Guizard, G., Guieysse, B., 2015. Algal pro-
ductivity modeling: A step toward accurate assessments of full-scale algal
cultivation. Biotechnol. Bioeng. 112, 987—996. https://doi.org/10.1002/bit.25517.

Béchet, Q., Laviale, M., Arsapin, N., Bonnefond, H., Bernard, O., 2017. Modeling the
impact of high temperatures on microalgal viability and photosynthetic activity.
Biotechnol. Biofuels 10, 136. https://doi.org/10.1186/s13068-017-0823-z.

Béchet, Q., Shilton, A., Fringer, 0.B., Munoz, R., Guieysse, B., 2010. Mechanistic
modeling of broth temperature in outdoor photobioreactors. Environ. Sci.
Technol. 44, 2197—2203. https://doi.org/10.1021/es903214u.

Béchet, Q., Shilton, A., Guieysse, B., 2013. Modeling the effects of light and tem-
perature on algae growth: State of the art and critical assessment for produc-
tivity prediction during outdoor cultivation. Biotechnol. Adv. 31, 1648—1663.
https://doi.org/10.1016/j.biotechadv.2013.08.014.

Béchet, Q., Shilton, A., Park, J.B.K., Craggs, RJ., Guieysse, B., 2011. Universal tem-
perature model for shallow algal ponds provides improved accuracy. Environ.
Sci. Technol. 45, 3702—3709. https://doi.org/10.1021/es1040706.

Beeftink, H.H., van der Heijden, RTJ.M., Heijnen, JJ., 1990. Maintenance re-
quirements: energy supply from simultaneous endogenous respiration and
substrate consumption. FEMS (Fed. Eur. Microbiol. Soc.) Microbiol. Lett. 73,
203-209. https://doi.org/10.1016/0378-1097(90)90731-5.

Beer, A., 1852. Bestimmung der Absorption des rothen Lichts in farbigen Fliissig-
keiten. Ann. Phys. 162, 78—88. https://doi.org/10.1002/andp.18521620505.
Benemann, J.R,, Tillett, D.M., Weissman, ].C., 1987. Microalgae biotechnology. Trends

Biotechnol. 5, 47—53. https://doi.org/10.1016/0167-7799(87)90037-0.

Berenguel, M., Rodriguez, F,, Acién, E.G., Garcia, ].L., 2004. Model predictive control
of pH in tubular photobioreactors. J. Process Contr. 14, 377—387. In: https://doi.
org/10.1016/JJPROCONT.2003.07.001.

Berge, T., Daugbjerg, N., Hansen, PJ., 2012. Isolation and cultivation of microalgae
select for low growth rate and tolerance to high pH. Harmful Algae 20, 101-110.
https://doi.org/10.1016/].HAL.2012.08.006.

Bernard, O., Mairet, F., Chachuat, B., 2015. Modelling of microalgae culture systems
with applications to control and optimization. In: Posten, C., Chen, S.F. (Eds.),

Microalgae Biotechnology, Advances in Biochemical Engineering/Biotech-
nology. Springer International Publishing, pp. 59—87. https://doi.org/10.1007/
10_2014_287.

Bernard, O., Rémond, B., 2012. Validation of a simple model accounting for light and
temperature effect on microalgal growth. Bioresour. Technol. 123, 520—527.
https://doi.org/10.1016/j.biortech.2012.07.022.

Blankenship, R.E., 2002. Molecular Mechanisms of Photosynthesis, first ed. Wiley-
Blackwell, Oxford ; Malden, MA.

Borowitzka, M.A., 1998. Limits to growth. In: Wong, Y.-S., Tam, N.EY. (Eds.),
Wastewater Treatment with Algae, Biotechnology Intelligence Unit. Springer
Berlin Heidelberg, Berlin, Heidelberg, pp. 203—226. https://doi.org/10.1007/
978-3-662-10863-5_12.

Bose, A., Chakraborty, S., 2016. Mathematical modelling of the effects of circadian
rhythm on microalgal growth in phototrophic and mixotrophic cultures. Chem.
Eng. Trans. 52.

Bott, C.B., Parker, D.S., 2011. In: Nutrient Management Volume II: Removal Tech-
nology Performance & Reliability (No. NUTR1R06k). WERF.

Bougaran, G., Bernard, O., Sciandra, A., 2010. Modeling continuous cultures of
microalgae colimited by nitrogen and phosphorus. J. Theor. Biol. 265, 443—454.
https://doi.org/10.1016/j.jtbi.2010.04.018.

Bouterfas, R., Belkoura, M., Dauta, A., 2002. Light and temperature effects on the
growth rate of three freshwater algae isolated from a eutrophic lake. Hydro-
biologia 489, 207—217. https://doi.org/10.1023/A:1023241006464.

Breuer, G., Lamers, P.P, Janssen, M., Wijffels, R.H., Martens, D.E., 2015. Opportunities
to improve the areal oil productivity of microalgae. Bioresour. Technol. 186,
294-302. https://doi.org/10.1016/j.biortech.2015.03.085.

Broekhuizen, N., Park, J.B.K., McBride, G.B., Craggs, RJ., 2012. Modification, cali-
bration and verification of the IWA River Water Quality Model to simulate a
pilot-scale high rate algal pond. Water Res. 46, 2911—-2926. https://doi.org/10.
1016/J.WATRES.2012.03.011.

Bronsted, ].N., 1923. Einige Bemerkungen iiber den Begriff der Sauren und Basen.
Recl. Trav. Chim. Pays-Bas 42, 718—728. https://doi.org/10.1002/recl.
19230420815.

Brown, N., Shilton, A., 2014. Luxury uptake of phosphorus by microalgae in waste
stabilisation ponds: Current understanding and future direction. Rev. Environ.
Sci. Biotechnol. 13, 321—328. https://doi.org/10.1007/s11157-014-9337-3.

Brun, R, Kiithni, M., Siegrist, H., Gujer, W., Reichert, P., 2002. Practical identifiability
of ASM2d parameters—systematic selection and tuning of parameter subsets.
Water Res. 36, 4113—4127. https://doi.org/10.1016/S0043-1354(02)00104-5.

Carey, C.C., Ibelings, B.W., Hoffmann, E.P.,, Hamilton, D.P., Brookes, ]J.D., 2012. Eco-
physiological adaptations that favour freshwater cyanobacteria in a changing
climate. Water Res. 46, 1394—1407. https://doi.org/10.1016/j.watres.2011.12.016.

Carvalho, A.P., Pontes, 1., Gaspar, H., Malcata, FX., 2006. Metabolic relationships
between macro- and micronutrients, and the eicosapentaenoic acid and do-
cosahexaenoic acid contents of Pavlova lutheri. Enzym. Microb. Technol. 38,
358—366. https://doi.org/10.1016/j.enzmictec.2005.05.014.

Carvalho, AP, Silva, S.0., Baptista, .M., Malcata, FX., 2011. Light requirements in
microalgal photobioreactors: an overview of biophotonic aspects. Appl.
Microbiol. Biotechnol. 89, 1275—1288. https://doi.org/10.1007/s00253-010-
3047-8.

Chang, RL., Ghamsari, L., Manichaikul, A., Hom, E.EY., Balaji, S., Fu, W.,, Shen, Y.,
Hao, T., Palsson, B.@., Salehi-Ashtiani, K., Papin, J.A., 2011. Metabolic network
reconstruction of Chlamydomonas offers insight into light-driven algal meta-
bolism. Mol. Syst. Biol. 7, 518. https://doi.org/10.1038/msb.2011.52.

Chen, F, Johns, M.R., 1996. Relationship between substrate inhibition and mainte-
nance energy of Chlamydomonas reinhardtii in heterotrophic culture. ]. Appl.
Phycol. 8, 15—19.

Chojnacka, K., Noworyta, A., 2004. Evaluation of Spirulina sp. growth in photoau-
totrophic, heterotrophic and mixotrophic cultures. Enzym. Microb. Technol. 34,
461—465. https://doi.org/10.1016/j.enzmictec.2003.12.002.

Combe, C., Hartmann, P., Rabouille, S., Talec, A., Bernard, O., Sciandra, A., 2015. Long-
term adaptive response to high-frequency light signals in the unicellular
photosynthetic eukaryote Dunaliella salina. Biotechnol. Bioeng. 112, 1111-1121.
https://doi.org/10.1002/bit.25526.

Concas, A., Lutzu, G.A., Pisu, M., Cao, G., 2012. Experimental analysis and novel
modeling of semi-batch photobioreactors operated with Chlorella vulgaris and
fed with 100% (v/v) CO2. Chem. Eng. ]. 213, 203—213. https://doi.org/10.1016/j.
cej.2012.09.119.

Concas, A., Malavasi, V., Costelli, C., Fadda, P., Pisu, M., Cao, G., 2016. Autotrophic
growth and lipid production of Chlorella sorokiniana in lab batch and BIOCOIL
photobioreactors: Experiments and modeling. Bioresour. Technol. 211,
327-338. https://doi.org/10.1016/j.biortech.2016.03.089.

Coppens, J., Decostere, B., Hulle, S.V., Nopens, I, Vlaeminck, S.E., Gelder, L.D.,
Boon, N., 2014. Kinetic exploration of nitrate-accumulating microalgae for
nutrient recovery. Appl. Microbiol. Biotechnol. 98, 8377—8387. https://doi.org/
10.1007/s00253-014-5854-9.

Corominas, L., Rieger, L., Takacs, I, Ekama, G., Hauduc, H., Vanrolleghem, P.A.,
Oehmen, A., Gernaey, K.V., van Loosdrecht, M.C.M., Comeau, Y., 2010. New
framework for standardized notation in wastewater treatment modelling.
Water Sci. Technol. 61, 841—857. https://doi.org/10.2166/wst.2010.912.

Cunningham, A., Maas, P., 1978. Time lag and nutrient storage effects in the tran-
sient growth response of Chlamydomonas reinhardii in nitrogen-limited batch
and continuous culture. Microbiology 104, 227—231.

Daigger, G.T., 2011. A practitioner’s perspective on the uses and future de-
velopments for wastewater treatment modelling. Water Sci. Technol. 63, 516.


https://doi.org/10.1016/j.algal.2015.01.005
https://doi.org/10.1016/j.algal.2015.01.005
https://doi.org/10.1016/j.biortech.2014.01.032
https://doi.org/10.1016/j.biortech.2014.01.032
https://doi.org/10.1007/3540116982_3
https://doi.org/10.2166/wst.2016.365
https://doi.org/10.1002/bit.260100602
https://doi.org/10.4319/lo.2000.45.8.1807
https://doi.org/10.1515/zpch-1889-0408
https://doi.org/10.1515/zpch-1889-0408
https://doi.org/10.1016/S0272-7714(02)00219-6
https://doi.org/10.1016/S0272-7714(02)00219-6
https://doi.org/10.1016/0168-9452(90)90162-H
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref11
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref11
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref11
https://doi.org/10.1016/j.ymben.2015.03.019
https://doi.org/10.1016/j.ymben.2015.03.019
https://doi.org/10.1371/journal.pone.0104499
https://doi.org/10.1371/journal.pone.0104499
https://doi.org/10.1371/journal.pcbi.1005590
https://doi.org/10.2166/wst.2012.300
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref16
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref16
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref16
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref17
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref17
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref17
https://doi.org/10.1002/bit.25517
https://doi.org/10.1186/s13068-017-0823-z
https://doi.org/10.1021/es903214u
https://doi.org/10.1016/j.biotechadv.2013.08.014
https://doi.org/10.1021/es1040706
https://doi.org/10.1016/0378-1097(90)90731-5
https://doi.org/10.1002/andp.18521620505
https://doi.org/10.1016/0167-7799(87)90037-0
https://doi.org/10.1016/J.JPROCONT.2003.07.001
https://doi.org/10.1016/J.JPROCONT.2003.07.001
https://doi.org/10.1016/J.HAL.2012.08.006
https://doi.org/10.1007/10_2014_287
https://doi.org/10.1007/10_2014_287
https://doi.org/10.1016/j.biortech.2012.07.022
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref29
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref29
https://doi.org/10.1007/978-3-662-10863-5_12
https://doi.org/10.1007/978-3-662-10863-5_12
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref31
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref31
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref31
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref32
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref32
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref32
https://doi.org/10.1016/j.jtbi.2010.04.018
https://doi.org/10.1023/A:1023241006464
https://doi.org/10.1016/j.biortech.2015.03.085
https://doi.org/10.1016/J.WATRES.2012.03.011
https://doi.org/10.1016/J.WATRES.2012.03.011
https://doi.org/10.1002/recl.19230420815
https://doi.org/10.1002/recl.19230420815
https://doi.org/10.1007/s11157-014-9337-3
https://doi.org/10.1016/S0043-1354(02)00104-5
https://doi.org/10.1016/j.watres.2011.12.016
https://doi.org/10.1016/j.enzmictec.2005.05.014
https://doi.org/10.1007/s00253-010-3047-8
https://doi.org/10.1007/s00253-010-3047-8
https://doi.org/10.1038/msb.2011.52
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref44
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref44
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref44
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref44
https://doi.org/10.1016/j.enzmictec.2003.12.002
https://doi.org/10.1002/bit.25526
https://doi.org/10.1016/j.cej.2012.09.119
https://doi.org/10.1016/j.cej.2012.09.119
https://doi.org/10.1016/j.biortech.2016.03.089
https://doi.org/10.1007/s00253-014-5854-9
https://doi.org/10.1007/s00253-014-5854-9
https://doi.org/10.2166/wst.2010.912
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref51
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref51
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref51
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref51

B.D. Shoener et al. / Water Research X 2 (2019) 100024 15

https://doi.org/10.2166/wst.2011.252.

Daneshvar, E., Antikainen, L., Koutra, E., Kornaros, M., Bhatnagar, A., 2018. Investi-
gation on the feasibility of Chlorella vulgaris cultivation in a mixture of pulp and
aquaculture effluents: Treatment of wastewater and lipid extraction. Bioresour.
Technol. 255, 104—-110. https://doi.org/10.1016/j.biortech.2018.01.101.

Darvehei, P, Bahri, P.A., Moheimani, N.R., 2018. Model development for the growth
of microalgae: A review. Renew. Sustain. Energy Rev. 97, 233—258. https://doi.
org/10.1016/j.rser.2018.08.027.

Davis, R., Markham, J., Kinchin, C., Grundl, N., Tan, E.C.D., Humbird, D., 2016. Process
design and economics for the production of algal biomass: Algal biomass
production in open pond systems and processing through dewatering for
downstream conversion. National Renewable Energy Laboratory, NREL (Tech-
nical Report No. NREL/TP-5100-64772).

Decostere, B., De Craene, J., Van Hoey, S., Vervaeren, H., Nopens, I., Van Hulle, S.W.H.,
2016. Validation of a microalgal growth model accounting with inorganic car-
bon and nutrient kinetics for wastewater treatment. Chem. Eng. J. 285, 189—197.
https://doi.org/10.1016/].CE].2015.09.111.

Decostere, B., Janssens, N., Alvarado, A., Maere, T., Goethals, P, Van Hulle, SW.H.,
Nopens, 1., 2013. A combined respirometer—titrimeter for the determination of
microalgae kinetics: Experimental data collection and modelling. Chem. Eng. ].
222, 85—-93. https://doi.org/10.1016/j.cej.2013.01.103.

De-Luca, R, Bezzo, F, Béchet, Q., Bernard, O. 2017. Exploiting meteorological
forecasts for the optimal operation of algal ponds. J. Process Contr. 55, 55—65.
In: https://doi.org/10.1016/j.jprocont.2017.03.010.

Dermoun, D., Chaumont, D., Thebault, J.-M., Dauta, A., 1992. Modelling of growth of
Porphyridium cruentum in connection with two interdependent factors: Light
and temperature. Bioresour. Technol. 42, 113—117. https://doi.org/10.1016/0960-
8524(92)90069-A.

Dillschneider, R., Posten, C., 2013. A linear programming approach for modeling and
simulation of growth and lipid accumulation of Phaeodactylum tricornutum.
Energies 6, 5333—5356. https://doi.org/10.3390/en6105333.

Dortch, Q., 1990. The interaction between ammonium and nitrate uptake in
phytoplankton. Mar. Ecol. Prog. Ser. 61, 183—201.

Drewry, J.L., Choi, C.Y., Gharagozloo, P.E., 2015. A computational fluid dynamics
model of algal growth: Development and validation. Trans. ASABE 203—213.
https://doi.org/10.13031/trans.58.10372.

Droop, M.R.,, 2009. 25 years of algal growth kinetics a personal view. Bot. Mar. 26,
99—-112. https://doi.org/10.1515/botm.1983.26.3.99.

Droop, M.R,, 1975. The nutrient status of algal cells in batch culture. ]. Mar. Biol.
Assoc. U. K. 55, 541. https://doi.org/10.1017/S0025315400017240.

Droop, M.R,, 1974. The nutrient status of algal cells in continuous culture. J. Mar.
Biol. Assoc. U. K. 54, 825—855.

Droop, M.R,, 1968. Vitamin B 12 and marine ecology. IV. The kinetics of uptake,
growth and inhibition in Monochrysis lutheri. ]J. Mar. Biol. Assoc. U. K. 48,
689—733.

Dynamita, 2017. Sumo. Dynamita.

Eilers, PH.C., Peeters, J.C.H., 1988. A model for the relationship between light in-
tensity and the rate of photosynthesis in phytoplankton. Ecol. Model. 42,
199-215. https://doi.org/10.1016/0304-3800(88)90057-9.

Elrifi, LR., Turpin, D.H., 1985. Steady-state luxury consumption and the concept of
optimum nutrient ratios: A study with phosphate and nitrate limited Selenas-
trum minutum (chlorophyta). J. Phycol. 21, 592—602. https://doi.org/10.1111/j.
0022-3646.1985.00592.x.

EnviroSim, 2017. BioWin. EnviroSim.

Falkowski, P.G., 1983. Light-shade adaptation and vertical mixing of marine
phytoplankton: A comparative field study. J. Mar. Res. 41, 215—237. https://doi.
org/info:doi/10.1357/002224083788520199.

Falkowski, P.G., Raven, J.A., 2007. Aquatic photosynthesis.

Fernandez, ., Pena, J., Guzman, J.L., Berenguel, M., Acién, F.G., 2010. Modelling and
control issues of pH in tubular photobioreactors. IFAC Proc. Vol. 43, 186—191.
https://doi.org/10.3182/20100707-3-BE-2012.0046.

Figueroa-Torres, G.M., Pittman, ].K., Theodoropoulos, C., 2017. Kinetic modelling of
starch and lipid formation during mixotrophic, nutrient-limited microalgal
growth. Bioresour. Technol. 241, 868—878. https://doi.org/10.1016/j.biortech.
2017.05.177.

Filipe, C.D.M., Daigger, G.T., 1999. Evaluation of the capacity of phosphorus-
accumulating organisms to use nitrate and oxygen as final electron acceptors:
A theoretical study on population dynamics. Water Environ. Res. 71, 1140—1150.

Flores-Alsina, X., Kazadi Mbamba, C., Solon, K., Vrecko, D., Tait, S., Batstone, D.J.,
Jeppsson, U., Gernaey, K.V, 2015. A plant-wide aqueous phase chemistry
module describing pH variations and ion speciation/pairing in wastewater
treatment process models. Water Res. 85, 255—265. https://doi.org/10.1016/].
WATRES.2015.07.014.

Flynn, KJ., 2008. Use, abuse, misconceptions and insights from quota models—The
Droop cell quota model 40 years on. Oceanogr. Mar. Biol. Annu. Rev. 46, 1-23.

Flynn, K.J., 2001. A mechanistic model for describing dynamic multi-nutrient, light,
temperature interactions in phytoplankton. J. Plankton Res. 23, 977—997.
https://doi.org/10.1093/plankt/23.9.977.

Flynn, K., Fasham, M.J., Hipkin, C.R., 1997. Modelling the interactions between
ammonium and nitrate uptake in marine phytoplankton. Philos. Trans. R. Soc.
Lond. B Biol. Sci. 352, 1625—1645.

Fuggi, A., Di Martino Rigano, V., Vona, V., Rigano, C., 1981. Nitrate and ammonium
assimilation in algal cell-suspensions and related pH variations in the external
medium, monitored by electrodes. Plant Sci. Lett. 23, 129—138. https://doi.org/
10.1016/0304-4211(81)90002-X.

Garcia-Camacho, F, Sanchez-Mirén, A., Molina-Grima, E., Camacho-Rubio, F,
Merchuck, J.C., 2012. A mechanistic model of photosynthesis in microalgae
including photoacclimation dynamics. J. Theor. Biol. 304, 1-15. https://doi.org/
10.1016/j.jtbi.2012.03.021.

Garcia-Malea, M.C,, Brindley, C., Rio, E.D., Acién, F.G., Fernandez, J.M., Molina, E.,
2005. Modelling of growth and accumulation of carotenoids in Haematococcus
pluvialis as a function of irradiance and nutrients supply. Biochem. Eng. ]. Eng.
Bioreact. Syst. A Spanish Perspect. 26, 107—114. https://doi.org/10.1016/j.bej.
2005.04.007.

Gardner-Dale, D.A., Bradley, .M., Guest, J.S., 2017. Influence of solids residence time
and carbon storage on nitrogen and phosphorus recovery by microalgae across
diel cycles. Water Res. 121, 231-239. https://doi.org/10.1016/j.watres.2017.05.
033.

Gehring, T, Silva, ].D., Kehl, O., Castilhos, A.B., Costa, RH.R,, Uhlenhut, F, Alex, ]J.,
Horn, H., Wichern, M., 2010. Modelling waste stabilisation ponds with an
extended version of ASM3. Water Sci. Technol. 61, 713. https://doi.org/10.2166/
wst.2010.954.

Geider, R., La Roche, ]., 2002. Redfield revisited: Variability of C:N:P in marine
microalgae and its biochemical basis. Eur. J. Phycol. 37, 1-17. https://doi.org/10.
1017/S0967026201003456.

Geider, RJ., 1987. Light and temperature dependence of the carbon to chlorophyll a
ratio in microalgae and cyanobacteria: Implications for physiology and growth
of phytoplankton. New Phytol. 106, 1—34. https://doi.org/10.1111/j.1469-8137.
1987.tb04788 x.

Geider, RJ., Maclntyre, H.L., Kana, TM.,, 1998. A dynamic regulatory model of
phytoplanktonic acclimation to light, nutrients, and temperature. Limnol.
Oceanogr. 43, 679—694.

Geider, RJ., Roche, J.L, Greene, R.M,, Olaizola, M., 1993. Response of the photo-
synthetic apparatus of Phaeodactylum tricornutum (bacillariophyceae) to nitrate,
phosphate, or iron starvation. J. Phycol. 29, 755—766. https://doi.org/10.1111/j.
0022-3646.1993.00755.x.

Gillot, S., Capela-Marsal, S., Roustan, M., Héduit, A., 2005. Predicting oxygen transfer
of fine bubble diffused aeration systems—model issued from dimensional
analysis. Water Res. 39, 1379—1387. https://doi.org/10.1016/j.watres.2005.01.
008.

Gongalves, A.L,, Pires, J.C.M., Simoes, M., 2016. The effects of light and temperature
on microalgal growth and nutrient removal: An experimental and mathemat-
ical approach. RSC Adv. 6, 22896—22907. https://doi.org/10.1039/C5RA26117A.

Grau, P, Copp, J., Vanrolleghem, P.A., Takdcs, 1., Ayesa, E., 2009. A comparative
analysis of different approaches for integrated WWTP modelling. Water Sci.
Technol. 59, 141—147. https://doi.org/10.2166/wst.2009.589.

Grau, P, de Gracia, M., Vanrolleghem, PA., Ayesa, E.,, 2007. A new plant-wide
modelling methodology for WWTPs. Water Res. 41, 4357—4372. https://doi.
org/10.1016/j.watres.2007.06.019.

Griffiths, M., Hille, R.P. van, Harrison, S.T.L., 2014. The effect of nitrogen limitation
on lipid productivity and cell composition in Chlorella vulgaris. Appl. Microbiol.
Biotechnol. 98, 2345—2356. https://doi.org/10.1007/s00253-013-5442-4.

Grimaud, G.M., Mairet, F,, Sciandra, A., Bernard, O., 2017. Modeling the temperature
effect on the specific growth rate of phytoplankton: A review. Rev. Environ. Sci.
Biotechnol. 16, 625—645. https://doi.org/10.1007/s11157-017-9443-0.

Grobbelaar, J.U., Soeder, CJ., Groeneweg, ]., Stengel, E., Hartig, P., 1988. Rates of
biogenic oxygen production in mass cultures of microalgae, absorption of at-
mospheric oxygen and oxygen availability for wastewater treatment. Water Res.
22, 1459—1464. https://doi.org/10.1016/0043-1354(88)90105-4.

Grover, J.P., 2000. Resource competition and community structure in aquatic micro-
organisms: Experimental studies of algae and bacteria along a gradient of
organic carbon to inorganic phosphorus supply. J. Plankton Res. 22, 1591-1610.
https://doi.org/10.1093/plankt/22.8.1591.

Guest, ].S., van Loosdrecht, M.C.M., Skerlos, S.J., Love, N.G., 2013. Lumped pathway
metabolic model of organic carbon accumulation and mobilization by the alga
Chlamydomonas reinhardtii. Environ. Sci. Technol. 47, 3258—3267. https://doi.
org/10.1021/es304980y.

Guihéneuf, F, Stengel, D.B., 2015. Towards the biorefinery concept: Interaction of
light, temperature and nitrogen for optimizing the co-production of high-value
compounds in Porphyridium purpureum. Algal Res. 10, 152—163. https://doi.org/
10.1016/j.algal.2015.04.025.

Gujer, W., 2002. Microscopic versus macroscopic biomass models in activated
sludge systems. Water Sci. Technol. 45, 1—11. https://doi.org/10.2166/wst.2002.
0089.

Gujer, W., Henze, M., Mino, T., van Loosdrecht, M., 1999. Activated sludge model No.
3. Water Sci. Technol. 39, 183—193. https://doi.org/10.1016/S0273-1223(98)
00785-9.

Guschina, L.A., Harwood, J.L., 2006. Lipids and lipid metabolism in eukaryotic algae.
Prog. Lipid Res. 45, 160—186. https://doi.org/10.1016/j.plipres.2006.01.001.

Haldane, J.B.S., 1930. Enzymes. Longmans, Green and Co., London.

Harwood, ].L., Guschina, LA., 2009. The versatility of algae and their lipid meta-
bolism. Biochimie 91, 679—684. https://doi.org/10.1016/j.biochi.2008.11.004.
Hauduc, H., Rieger, L., Takdcs, I, Héduit, A., Vanrolleghem, P.A., Gillot, S., 2010.
A systematic approach for model verification: Application on seven published
activated sludge models. Water Sci. Technol. 61, 825—839. https://doi.org/10.

2166/wst.2010.898.

Hellinga, C., van Loosdrecht, M.C.M., Heijnen, J.J., 1999. Model based design of a
novel process for nitrogen removal from concentrated flows. Math. Comput.
Model. Dyn. Syst. 5, 351—-371. https://doi.org/10.1076/mcmd.5.4.351.3678.

Helton, J.C., Davis, FJ., 2003. Latin hypercube sampling and the propagation of


https://doi.org/10.2166/wst.2011.252
https://doi.org/10.1016/j.biortech.2018.01.101
https://doi.org/10.1016/j.rser.2018.08.027
https://doi.org/10.1016/j.rser.2018.08.027
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref55
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref55
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref55
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref55
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref55
https://doi.org/10.1016/J.CEJ.2015.09.111
https://doi.org/10.1016/j.cej.2013.01.103
https://doi.org/10.1016/j.jprocont.2017.03.010
https://doi.org/10.1016/0960-8524(92)90069-A
https://doi.org/10.1016/0960-8524(92)90069-A
https://doi.org/10.3390/en6105333
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref61
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref61
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref61
https://doi.org/10.13031/trans.58.10372
https://doi.org/10.1515/botm.1983.26.3.99
https://doi.org/10.1017/S0025315400017240
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref65
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref65
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref65
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref66
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref66
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref66
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref66
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref67
https://doi.org/10.1016/0304-3800(88)90057-9
https://doi.org/10.1111/j.0022-3646.1985.00592.x
https://doi.org/10.1111/j.0022-3646.1985.00592.x
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref70
https://doi.org/info:doi/10.1357/002224083788520199
https://doi.org/info:doi/10.1357/002224083788520199
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref72
https://doi.org/10.3182/20100707-3-BE-2012.0046
https://doi.org/10.1016/j.biortech.2017.05.177
https://doi.org/10.1016/j.biortech.2017.05.177
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref75
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref75
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref75
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref75
https://doi.org/10.1016/J.WATRES.2015.07.014
https://doi.org/10.1016/J.WATRES.2015.07.014
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref77
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref77
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref77
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref77
https://doi.org/10.1093/plankt/23.9.977
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref79
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref79
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref79
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref79
https://doi.org/10.1016/0304-4211(81)90002-X
https://doi.org/10.1016/0304-4211(81)90002-X
https://doi.org/10.1016/j.jtbi.2012.03.021
https://doi.org/10.1016/j.jtbi.2012.03.021
https://doi.org/10.1016/j.bej.2005.04.007
https://doi.org/10.1016/j.bej.2005.04.007
https://doi.org/10.1016/j.watres.2017.05.033
https://doi.org/10.1016/j.watres.2017.05.033
https://doi.org/10.2166/wst.2010.954
https://doi.org/10.2166/wst.2010.954
https://doi.org/10.1017/S0967026201003456
https://doi.org/10.1017/S0967026201003456
https://doi.org/10.1111/j.1469-8137.1987.tb04788.x
https://doi.org/10.1111/j.1469-8137.1987.tb04788.x
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref87
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref87
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref87
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref87
https://doi.org/10.1111/j.0022-3646.1993.00755.x
https://doi.org/10.1111/j.0022-3646.1993.00755.x
https://doi.org/10.1016/j.watres.2005.01.008
https://doi.org/10.1016/j.watres.2005.01.008
https://doi.org/10.1039/C5RA26117A
https://doi.org/10.2166/wst.2009.589
https://doi.org/10.1016/j.watres.2007.06.019
https://doi.org/10.1016/j.watres.2007.06.019
https://doi.org/10.1007/s00253-013-5442-4
https://doi.org/10.1007/s11157-017-9443-0
https://doi.org/10.1016/0043-1354(88)90105-4
https://doi.org/10.1093/plankt/22.8.1591
https://doi.org/10.1021/es304980y
https://doi.org/10.1021/es304980y
https://doi.org/10.1016/j.algal.2015.04.025
https://doi.org/10.1016/j.algal.2015.04.025
https://doi.org/10.2166/wst.2002.0089
https://doi.org/10.2166/wst.2002.0089
https://doi.org/10.1016/S0273-1223(98)00785-9
https://doi.org/10.1016/S0273-1223(98)00785-9
https://doi.org/10.1016/j.plipres.2006.01.001
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref102
https://doi.org/10.1016/j.biochi.2008.11.004
https://doi.org/10.2166/wst.2010.898
https://doi.org/10.2166/wst.2010.898
https://doi.org/10.1076/mcmd.5.4.351.3678

16 B.D. Shoener et al. / Water Research X 2 (2019) 100024

uncertainty in analyses of complex systems. Reliab. Eng. Syst. Saf. 81, 23—69.
https://doi.org/10.1016/S0951-8320(03)00058-9.

Henze, M., Gujer, W., Mino, T.,, van Loosdrecht, M.C.M., 2007. Activated sludge
models ASM1, ASM2, ASM2d and ASM3, Reprinted. In: Henze, M. (Ed.), Scien-
tific and technical report/IWA. IWA Publ, London.

Henze, M., Grady, C.P.L,, Gujer, W., Marais, G. v. R,, Matsuo, T., 1987. Activated Sludge
Model No. 1, IAWPRC Scientific and Technical Reports. IAWPRC, London.

Henze, M., Gujer, W., Mino, T., Matsuo, T., Wentzel, M.C., Marais, G. v R., 1995.
Activated Sludge Model No. 2, IAWQ Scientific and Technical reports. IAWQ,
London, UK.

Henze, M., Gujer, W., Mino, T., Matsuo, T., Wentzel, M.C., Marais, G. V.R., van
Loosdrecht, M.C.M., 1999. Activated sludge model No. 2D, ASM2D. Water Sci.
Technol. 39, 165—182. https://doi.org/10.1016/S0273-1223(98)00829-4.

Henze, M., Gujer, W., Mino, T., van Loosdrecht, M., 2000. Activated Sludge Models
ASM1, ASM2, ASM2d and ASM3. IWA Publishing.

Higbie, R., 1935. The rate of absorption of a pure gas into still liquid during short
periods of exposure. Trans. AIChE 31, 365—389.

Holcomb, D.L., Smith, M.A., Ware, G.O., Hung, Y.C., Brackett, R.E., Doyle, M.P., 1999.
Comparison of six dose-response models for use with food-borne pathogens.
Risk Anal. 19, 1091-1100.

Hulsbeek, J.J.W., Kruit, J., Roeleveld, PJ., van Loosdrecht, M.C.M., 2002. A practical
protocol for dynamic modelling of activated sludge systems. Water Sci. Technol.
45, 127-136.

Hydromantis, 2017. GPS-X™, Hydromantis.

Iman, R.L., Conover, WJ., 1982. A distribution-free approach to inducing rank cor-
relation among input variables. Commun. Stat. Simulat. Comput. 11, 311-334.
https://doi.org/10.1080/03610918208812265.

Ippoliti, D., Gémez, C., del Mar Morales-Amaral, M., Pistocchi, R., Fernandez-
Sevilla, J.M., Acién, E.G., 2016. Modeling of photosynthesis and respiration rate
for Isochrysis galbana (T-Iso) and its influence on the production of this strain.
Bioresour. Technol. 203, 71—79. https://doi.org/10.1016/j.biortech.2015.12.050.

James, S.C., Janardhanam, V., Hanson, D.T., 2013. Simulating pH effects in an algal-
growth hydrodynamics model. ]. Phycol. 49, 608—615. https://doi.org/10.1111/
jpy.12071.

Jassby, A.D., Platt, T., 1976. Mathematical formulation of the relationship between
photosynthesis and light for phytoplankton. Limnol. Oceanogr. 21, 540—547.
https://doi.org/10.4319/10.1976.21.4.0540.

Jones, RM., Dold, PL, Takdcs, I, Chapman, K, Wett, B. Murthy, S,
Shaughnessy, M.O., 2007. Simulation for operation and control of reject water
treatment processes. In: Proceedings of the Water Environment Federation
80th Annual Technical Exhibition & Conference. Presented at the WEFTEC,
Water Environment Federation, San Diego, CA, pp. 4357—4372. https://doi.org/
10.2175/193864707787974599.

Jorgensen, S.E., 1976. A eutrophication model for a lake. Ecol. Model. 2, 147—165.

Juneja, A., Chaplen, EW.R,, Murthy, G.S., 2016. Genome scale metabolic recon-
struction of Chlorella variabilis for exploring its metabolic potential for biofuels.
In: Bioresource Technology, International Conference on New Horizons in
Biotechnology (NHBT-2015), vol 213, pp. 103—110. https://doi.org/10.1016/j.
biortech.2016.02.118.

Jupsin, H., Praet, E., Vasel, J.-L., 2003. Dynamic mathematical model of high rate
algal ponds (HRAP). Water Sci. Technol. 48, 197—-204.

Kaplan, A., Reinhold, L., 1999. CO; concentrating mechanisms in photosynthetic
microorganisms. Annu. Rev. Plant Physiol. Plant Mol. Biol. 50, 539—570. https://
doi.org/10.1146/annurev.arplant.50.1.539.

Kayser, R., 1979. Measurements of oxygen transfer in clean water and under process
conditions. Prog. Water Technol. 11, 23—36.

Kenny, P, Flynn, K., 2016. Coupling a simple irradiance description to a mechanistic
growth model to predict algal production in industrial-scale solar-powered
photobioreactors. J. Appl. Phycol. 28, 3203—3212. https://doi.org/10.1007/
s10811-016-0892-6.

Ketchum, B.H., 1939. The absorption of phosphate and nitrate by illuminated cul-
tures of Nitzschia closterium. Am. ]. Bot. 26, 399—407. https://doi.org/10.2307/
2436840.

Ketheesan, B., Nirmalakhandan, N., 2013. Modeling microalgal growth in an airlift-
driven raceway reactor. Bioresour. Technol. 136, 689—696. https://doi.org/10.
1016/j.biortech.2013.02.028.

Kirk, J.T.O., 1984. Dependence of relationship between inherent and apparent op-
tical properties of water on solar altitude: Optical properties of water. Limnol.
Oceanogr. 29, 350—356. https://doi.org/10.4319/10.1984.29.2.0350.

Koller, A.P,, Lowe, H., Schmid, V., Mundt, S., Weuster-Botz, D., 2017. Model-sup-
ported phototrophic growth studies with Scenedesmus obtusiusculus in a flat-
plate photobioreactor. Biotechnol. Bioeng. 114, 308—320. https://doi.org/10.
1002/bit.26072.

Konig, A., Pearson, H.W,, Silva, S.A., 1987. Ammonia toxicity to algal growth in waste
stabilization ponds. Water Sci. Technol. 19.

Kropat, ]J., Hong-Hermesdorf, A., Casero, D., Ent, P.,, Castruita, M., Pellegrini, M.,
Merchant, S.S., Malasarn, D., 2011. A revised mineral nutrient supplement in-
creases biomass and growth rate in Chlamydomonas reinhardtii: A revised
mineral nutrient supplement for Chlamydomonas. Plant J. 66, 770—780. https://
doi.org/10.1111/j.1365-313X.2011.04537.x.

Laurens, LM.L, Van Wychen, S., McAllister, J.P., Arrowsmith, S., Dempster, T.A.,
McGowen, ].,, Pienkos, P.T., 2014. Strain, biochemistry, and cultivation-
dependent measurement variability of algal biomass composition. Anal. Bio-
chem. 452, 86—95. https://doi.org/10.1016/j.ab.2014.02.009.

Lee, E., Jalalizadeh, M., Zhang, Q., 2015. Growth kinetic models for microalgae

cultivation: A review. Algal Res. 12, 497—512. https://doi.org/10.1016/j.algal.
2015.10.004.

Lee, Y.-K., 2001. Microalgal mass culture systems and methods: Their limitation and
potential. J. Appl. Phycol. 13, 307-315. https://doi.org/10.1023/A:
1017560006941.

Leow, S., Witter, J.R., Vardon, D.R., Sharma, B.K., Guest, ].S., Strathmann, TJ., 2015.
Prediction of microalgae hydrothermal liquefaction products from feedstock
biochemical composition. Green Chem. 17, 3584—3599. https://doi.org/10.1039/
C5GC00574D.

Lewis, W.K., Whitman, W.G., 1924. Principles of gas absorption. Ind. Eng. Chem. 16,
1215—1220. https://doi.org/10.1021/ie50180a002.

Li, Y., Leow, S., Fedders, A.C., Sharma, B.K,, Guest, J.S., Strathmann, TJ., 2017. Quan-
titative multiphase model for hydrothermal liquefaction of algal biomass. Green
Chem. 19, 1163—1174. https://doi.org/10.1039/C6GC03294].

Liang, Y., Sarkany, N., Cui, Y., 2009. Biomass and lipid productivities of Chlorella
vulgaris under autotrophic, heterotrophic and mixotrophic growth conditions.
Biotechnol. Lett. 31, 1043—1049. https://doi.org/10.1007/s10529-009-9975-7.

Liehr, S.K., Wayland Eheart, J., Suidan, M.T., 1988. A modeling study of the effect of
pH on carbon limited algal biofilms. Water Res. 22, 1033—1041. https://doi.org/
10.1016/0043-1354(88)90151-0.

Liu, H., Jeong, J., Gray, H., Smith, S., Sedlak, D.L., 2012. Algal uptake of hydrophobic
and hydrophilic dissolved organic nitrogen in effluent from biological nutrient
removal municipal wastewater treatment systems. Environ. Sci. Technol. 46,
713—721. https://doi.org/10.1021/es203085y.

Lizarralde, I., Fernandez-Arévalo, T., Brouckaert, C., Vanrolleghem, P., Ikumi, D.S.,
Ekama, G.A., Ayesa, E., Grau, P, 2015. A new general methodology for incor-
porating physico-chemical transformations into multi-phase wastewater
treatment process models. Water Res. 74, 239—256. https://doi.org/10.1016/].
WATRES.2015.01.031.

Lopo, M., Montagud, A., Navarro, E., Cunha, I, Zille, A., Cérdoba, PF. de, Moradas-
Ferreira, P., Tamagnini, P., Urchueguia, J.F, 2012. Experimental and modeling
analysis of Synechocystis sp. PCC 6803 growth. MMB 22, 71-82. https://doi.org/
10.1159/000336850.

Loucks, D.P., Beek, E. van, Stedinger, J.R., 2005. Model Sensitivity and Uncertainty
Analysis. In: Water Resources Systems Planning and Management: An Intro-
duction to Methods, Models and Applications, Studies and Reports in Hydrol-
ogy. UNESCO, Paris.

Lowrey, ]., Brooks, M.S., McGinn, PJ., 2015. Heterotrophic and mixotrophic culti-
vation of microalgae for biodiesel production in agricultural wastewaters and
associated challenges—a critical review. J. Appl. Phycol. 27, 1485—1498. https://
doi.org/10.1007/s10811-014-0459-3.

Lowry, T.M,, 1923. The uniqueness of hydrogen. J. Soc. Chem. Indust. 42, 43—47.
https://doi.org/10.1002/jctb.5000420302.

Luff, R., Haeckel, M., Wallmann, K., 2001. Robust and fast FORTRAN and MATLAB®
libraries to calculate pH distributions in marine systems. Comput. Geosci. 27,
157—-169. https://doi.org/10.1016/S0098-3004(00)00097-2.

MacIntyre, H.L, Kana, TM., Anning, T, Geider, RJ., 2002. Photoacclimation of
photosynthesis irradiance response curves and photosynthetic pigments in
microalgae and cyanobacteria. ]. Phycol. 38, 17—38. https://doi.org/10.1046/j.
1529-8817.2002.00094.x.

Mairet, F., Bernard, O., Masci, P,, Lacour, T., Sciandra, A., 2011. Modelling neutral lipid
production by the microalga Isochrysis galbanaaff. under nitrogen limitation.
Biores. Technol. Spec. Issue: Biofuels - II: Algal Biofuel. Microbial. Fuel Cells 102,
142—149. https://doi.org/10.1016/j.biortech.2010.06.138.

Marino, S., Hogue, 1.B., Ray, CJ., Kirschner, D.E., 2008. A methodology for performing
global uncertainty and sensitivity analysis in systems biology. J. Theor. Biol. 254,
178—196. https://doi.org/10.1016/j.jtbi.2008.04.011.

Martinez, C., Mairet, F, Bernard, O., 2018. Theory of turbid microalgae cultures.
J. Theor. Biol. 456, 190—200. https://doi.org/10.1016/.jtbi.2018.07.016.

Mayo, A.W., 1997. Effects of temperature and pH on the kinetic growth of unialga
Chlorella vulgaris cultures containing bacteria. Water Environ. Res. 69, 64—72.

McKay, M.D., Beckman, RJ., Conover, W.J., 1979. A comparison of three methods for
selecting values of input variables in the analysis of output from a computer
code. Technometrics 21, 239—245. https://doi.org/10.2307/1268522.

Mehrabadi, A., Farid, M.M., Craggs, R., 2016. Variation of biomass energy yield in
wastewater treatment high rate algal ponds. Algal Res. 15, 143—151. https://doi.
org/10.1016/j.algal.2016.02.016.

Metting Jr., EB., 1996. Biodiversity and application of microalgae. J. Ind. Microbiol.
Biotechnol. 17, 477—489. https://doi.org/10.1007/BF01574779.

Michaelis, L., Menten, M.L., 1913. Kinetik der Invertinwirkung. Biochem. Zeitung 49,
333-369.

Mohammad Mirzaie, M.A., Kalbasi, M., Ghobadian, B., Mousavi, S.M., 2016. Kinetic
modeling of mixotrophic growth of Chlorella vulgaris as a new feedstock for
biolubricant. J. Appl. Phycol. 28, 2707—2717. https://doi.org/10.1007/s10811-
016-0841-4.

Monod, J., 1949. The growth of bacterial cultures. Annu. Rev. Microbiol. 3, 371-394.
https://doi.org/10.1146/annurev.mi.03.100149.002103.

Morel, A., 1988. Optical modeling of the upper ocean in relation to its biogenous
matter content (case I waters). J. Geophys. Res. 93, 10749. https://doi.org/10.
1029/]JC093iC09p10749.

Morris, M.D., 1991. Factorial sampling plans for preliminary computational exper-
iments. Technometrics 33, 161—174. https://doi.org/10.1080/00401706.1991.
10484804.

Moya, M.J., Sanchez-Guardamino, M.L,, Vilavella, A., Barbera, E., 1997. Growth of
Haematococcus lacustris: A contribution to kinetic modelling. J. Chem. Technol.


https://doi.org/10.1016/S0951-8320(03)00058-9
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref107
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref107
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref107
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref108
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref108
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref109
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref109
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref109
https://doi.org/10.1016/S0273-1223(98)00829-4
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref111
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref111
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref112
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref112
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref112
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref113
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref113
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref113
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref113
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref114
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref114
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref114
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref114
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref115
https://doi.org/10.1080/03610918208812265
https://doi.org/10.1016/j.biortech.2015.12.050
https://doi.org/10.1111/jpy.12071
https://doi.org/10.1111/jpy.12071
https://doi.org/10.4319/lo.1976.21.4.0540
https://doi.org/10.2175/193864707787974599
https://doi.org/10.2175/193864707787974599
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref121
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref121
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref121
https://doi.org/10.1016/j.biortech.2016.02.118
https://doi.org/10.1016/j.biortech.2016.02.118
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref123
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref123
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref123
https://doi.org/10.1146/annurev.arplant.50.1.539
https://doi.org/10.1146/annurev.arplant.50.1.539
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref125
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref125
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref125
https://doi.org/10.1007/s10811-016-0892-6
https://doi.org/10.1007/s10811-016-0892-6
https://doi.org/10.2307/2436840
https://doi.org/10.2307/2436840
https://doi.org/10.1016/j.biortech.2013.02.028
https://doi.org/10.1016/j.biortech.2013.02.028
https://doi.org/10.4319/lo.1984.29.2.0350
https://doi.org/10.1002/bit.26072
https://doi.org/10.1002/bit.26072
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref131
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref131
https://doi.org/10.1111/j.1365-313X.2011.04537.x
https://doi.org/10.1111/j.1365-313X.2011.04537.x
https://doi.org/10.1016/j.ab.2014.02.009
https://doi.org/10.1016/j.algal.2015.10.004
https://doi.org/10.1016/j.algal.2015.10.004
https://doi.org/10.1023/A:1017560006941
https://doi.org/10.1023/A:1017560006941
https://doi.org/10.1039/C5GC00574D
https://doi.org/10.1039/C5GC00574D
https://doi.org/10.1021/ie50180a002
https://doi.org/10.1039/C6GC03294J
https://doi.org/10.1007/s10529-009-9975-7
https://doi.org/10.1016/0043-1354(88)90151-0
https://doi.org/10.1016/0043-1354(88)90151-0
https://doi.org/10.1021/es203085y
https://doi.org/10.1016/J.WATRES.2015.01.031
https://doi.org/10.1016/J.WATRES.2015.01.031
https://doi.org/10.1159/000336850
https://doi.org/10.1159/000336850
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref144
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref144
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref144
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref144
https://doi.org/10.1007/s10811-014-0459-3
https://doi.org/10.1007/s10811-014-0459-3
https://doi.org/10.1002/jctb.5000420302
https://doi.org/10.1016/S0098-3004(00)00097-2
https://doi.org/10.1046/j.1529-8817.2002.00094.x
https://doi.org/10.1046/j.1529-8817.2002.00094.x
https://doi.org/10.1016/j.biortech.2010.06.138
https://doi.org/10.1016/j.jtbi.2008.04.011
https://doi.org/10.1016/j.jtbi.2018.07.016
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref152
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref152
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref152
https://doi.org/10.2307/1268522
https://doi.org/10.1016/j.algal.2016.02.016
https://doi.org/10.1016/j.algal.2016.02.016
https://doi.org/10.1007/BF01574779
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref156
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref156
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref156
https://doi.org/10.1007/s10811-016-0841-4
https://doi.org/10.1007/s10811-016-0841-4
https://doi.org/10.1146/annurev.mi.03.100149.002103
https://doi.org/10.1029/JC093iC09p10749
https://doi.org/10.1029/JC093iC09p10749
https://doi.org/10.1080/00401706.1991.10484804
https://doi.org/10.1080/00401706.1991.10484804

B.D. Shoener et al. / Water Research X 2 (2019) 100024 17

Biotechnol. 68, 303—309. https://doi.org/10.1002/(SICI)1097-4660(199703)68:
3<303::AID-JCTB639>3.0.CO;2-1.

Munoz, R., Guieysse, B., 2006. Algal—bacterial processes for the treatment of haz-
ardous contaminants: A review. Water Res. 40, 2799—2815. https://doi.org/10.
1016/j.watres.2006.06.011.

Nguyen, B.T., Rittmann, B.E., 2015. Predicting dissolved inorganic carbon in photo-
autotrophic microalgae culture via the nitrogen source. Environ. Sci. Technol.
49, 9826—9831. https://doi.org/10.1021/acs.est.5b01727.

Nieva, M., Valiente, E.F.,, 1996. Inorganic carbon transport and fixation in cells of
Anabaena variabilis adapted to mixotrophic conditions. Plant Cell Physiol. 37,
1-7. https://doi.org/10.1093/oxfordjournals.pcp.a028905.

Nikolaou, A., Hartmann, P., Sciandra, A., Chachuat, B., Bernard, O., 2016. Dynamic
coupling of photoacclimation and photoinhibition in a model of microalgae
growth. J. Theor. Biol. 390, 61—72. https://doi.org/10.1016/j.jtbi.2015.11.004.

Nopens, 1, Batstone, DJ. Copp, J.B., Jeppsson, U, Volcke, E. Alex, ]J.,
Vanrolleghem, P.A., 2009. An ASM/ADM model interface for dynamic plant-
wide simulation. Water Res. 43, 1913—1923. https://doi.org/10.1016/j.watres.
2009.01.012.

Palabhanvi, B., Kumar, V., Muthuraj, M., Das, D., 2014. Preferential utilization of
intracellular nutrients supports microalgal growth under nutrient starvation:
Multi-nutrient mechanistic model and experimental validation. Bioresour.
Technol. 173, 245—255. https://doi.org/10.1016/j.biortech.2014.09.095.

Peeters, J.C.H., Eilers, P.,, 1978. The relationship between light intensity and photo-
synthesis—A simple mathematical model. Hydrobiol. Bull. 12, 134—136. https://
doi.org/10.1007/BF02260714.

Petersen, E.E., 1965. Chemical Reaction Analysis. Prentice-Hall, Englewood Cliffs, NJ.

Pick, U,, Avidan, O., 2017. Triacylglycerol is produced from starch and polar lipids in
the green alga Dunaliella tertiolecta. ]. Exp. Bot. 68, 4939—4950. https://doi.org/
10.1093/jxb/erx280.

Poisson, S.D., 1837. Recherches sur la probabilité des jugements en matiere crimi-
nelle et en matiere civile; précédées des regles générales du calcul des prob-
abilités. Bachelier, Paris, France.

Posten, C., 2009. Design principles of photo-bioreactors for cultivation of micro-
algae. Eng. Life Sci. 9, 165—177.

Radakovits, R., Jinkerson, R.E., Fuerstenberg, S.I., Tae, H., Settlage, R.E., Boore, J.L.,
Posewitz, M.C., 2012. Draft genome sequence and genetic transformation of the
oleaginous alga Nannochloropsis gaditana. Nat. Commun. 3, 1-10. https://doi.
org/10.1038/ncomms1688.

Ramin, P., Valverde-Pérez, B., Polesel, F, Locatelli, L., P16sz, B.G., 2017. A systematic
model identification method for chemical transformation pathways — The case
of heroin biomarkers in wastewater. Sci. Rep. 7, 1-11. https://doi.org/10.1038/
s41598-017-09313-y.

Ras, M, Steyer, J.-P., Bernard, O., 2013. Temperature effect on microalgae: A crucial
factor for outdoor production. Rev. Environ. Sci. Biotechnol. 12, 153—164.
https://doi.org/10.1007/s11157-013-9310-6.

Reichert, P, Borchardt, D., Henze, M., Rauch, W., Shanahan, P, Somlyddy, L.,
Vanrolleghem, P, 2001. River Water Quality Model No. 1 (RWQM1): IL
Biochemical process equations. Water Sci. Technol. 43, 11-30.

Rich, L.G., 1963. Unit processes of sanitary engineering. John Wiley & Sons, Inc.,
United States.

Rieger, L., Gillot, S., Langergraber, G., Ohtsuki, T., Shaw, A., Takdcs, 1., Winkler, S.,
2012. Guidelines for using Activated Sludge Models, Scientific and technical
report. IWA Publishing, London, United Kingdom.

Roels, ].A., 1983. Energetics and kinetics in biotechnology. Elsevier Biomedical Press.

Rosso, L., Lobry, J.R,, Flandrois, J.P,, 1993. An unexpected correlation between car-
dinal temperatures of microbial growth highlighted by a new model. ]. Theor.
Biol. 162, 447—463. https://doi.org/10.1006/jthi.1993.1099.

Safafar, H., van Wagenen, J., Moller, P., Jacobsen, C., 2015. Carotenoids, phenolic
compounds, and tocopherols contribute to the antioxidative properties of some
microalgae species grown on industrial wastewater. Mar. Drugs 13, 7339—7356.
https://doi.org/10.3390/md13127069.

Sakshaug, E., Andresen, K., Kiefer, D.A., 1989. A steady state description of growth
and light absorption in the marine planktonic diatom Skeletonema costatum.
Limnol. Oceanogr. 34, 198—205. https://doi.org/10.4319/10.1989.34.1.0198.

Saltelli, A., Ratto, M., Tarantola, S., Campolongo, F., 2006. Sensitivity analysis prac-
tices: Strategies for model-based inference. Reliability Engineering & System
Safety, The Fourth International Conference on Sensitivity Analysis of Model
Output (SAMO 2004), vol 91, pp. 1109—1125. https://doi.org/10.1016/j.ress.2005.
11.014.

Salvucci, M.E., Crafts Brandner, S.J., 2004. Inhibition of photosynthesis by heat
stress: The activation state of RuBisCO as a limiting factor in photosynthesis.
Physiol. Plantarum 120, 179—186. https://doi.org/10.1111/1.0031-9317.2004.
0173.x.

Sanz-Luque, E., Ocana-Calahorro, F,, Llamas, A., Galvan, A., Fernandez, E., 2013. Nitric
oxide controls nitrate and ammonium assimilation in Chlamydomonas rein-
hardtii. ]. Exp. Bot. 64, 3373—3383. https://doi.org/10.1093/jxb/ert175.

Seco, A., Ribes, ]., Serralta, J., Ferrer, J., 2004. Biological nutrient removal model No.1
(BNRM1). Water Sci. Technol. 50, 69—78.

Serralta, J., Ferrer, J., Borras, L., Seco, A., 2004. An extension of ASM2d including pH
calculation. Water Res. 38, 4029—4038. https://doi.org/10.1016/]. WATRES.2004.
07.009.

Serra-Maia, R,, Bernard, O., Gongalves, A., Bensalem, S., Lopes, F., 2016. Influence of
temperature on Chlorella vulgaris growth and mortality rates in a photo-
bioreactor. Algal Res. 18, 352—359. https://doi.org/10.1016/j.algal.2016.06.016.

Sharifi, S., Murthy, S., Takdcs, 1., Massoudieh, A., 2014. Probabilistic parameter

estimation of activated sludge processes using Markov Chain Monte Carlo.
Water Res. 50, 254—266. https://doi.org/10.1016/j.watres.2013.12.010.

Shoener, B.D., Bradley, .M., Cusick, R.D., Guest, ].S., 2014. Energy positive domestic
wastewater treatment: The roles of anaerobic and phototrophic technologies.
Environ. Sci.. Process. Impact. 16, 1204—1222. https://doi.org/10.1039/
C3EMOO0711A.

Shoener, B.D., Zhong, C., Greiner, A.D., Khunjar, W.O., Hong, P.-Y., Guest, ].S., 2016.
Design of anaerobic membrane bioreactors for the valorization of dilute organic
carbon waste streams. Energy Environ. Sci. 9, 1102—1112. https://doi.org/10.
1039/C5EE03715H.

Sin, G., Gernaey, K.V., Neumann, M.B., van Loosdrecht, M.C.M., Gujer, W., 2009.
Uncertainty analysis in WWTP model applications: A critical discussion using
an example from design. Water Res. 43, 2894—2906. https://doi.org/10.1016/j.
watres.2009.03.048.

Sin, G., Van Hulle, SSW.H., De Pauw, D.J.W,, van Griensven, A., Vanrolleghem, PA.,
2005. A critical comparison of systematic calibration protocols for activated
sludge models: A SWOT analysis. Water Res. 39, 2459—2474. https://doi.org/10.
1016/j.watres.2005.05.006.

Singh, P., Guldhe, A., Kumari, S., Rawat, 1., Bux, F,, 2016. Combined metals and EDTA
control: An integrated and scalable lipid enhancement strategy to alleviate
biomass constraints in microalgae under nitrogen limited conditions. Energy
Convers. Manag. 114, 100—109. https://doi.org/10.1016/j.enconman.2016.02.012.

Skjelbred, B., Edvardsen, B., Andersen, T., 2012. A high-throughput method for
measuring growth and loss rates in microalgal cultures. ]. Appl. Phycol. 24,
1589—1599. https://doi.org/10.1007/s10811-012-9819-z.

Smith, E.L.,, 1936. Photosynthesis in relation to light and carbon dioxide. Proc. Natl.
Acad. Sci. U. S. A. 22, 504—511. https://doi.org/10.2307/86299.

Smolders, G.J.F, van der Meij, J., van Loosdrecht, M.C.M., Heijnen, ].J., 1994. Stoi-
chiometric model of the aerobic metabolism of the biological phosphorus
removal process. Biotechnol. Bioeng. 44, 837—848. https://doi.org/10.1002/bit.
260440709.

Solimeno, A., Parker, L., Lundquist, T., Garcia, J., 2017. Integral microalgae-bacteria
model (BIO_ALGAE): Application to wastewater high rate algal ponds. Sci. To-
tal Environ. 601-602, 646—657. https://doi.org/10.1016/j.scitotenv.2017.05.215.

Solimeno, A., Samso, R., Uggetti, E., Sialve, B., Steyer, ].-P., Gabarrd, A., Garcia, ., 2015.
New mechanistic model to simulate microalgae growth. Algal Res. 12, 350—358.
https://doi.org/10.1016/j.algal.2015.09.008.

Solon, K., Flores-Alsina, X., Mbamba, CK., Volcke, E.LP, Tait, S., Batstone, D.,
Gernaey, K.V,, Jeppsson, U., 2015. Effects of ionic strength and ion pairing on
(plant-wide) modelling of anaerobic digestion. Water Res. 70, 235—245. https://
doi.org/10.1016/].WATRES.2014.11.035.

Steele, J.H., 1962. Environmental control of photosynthesis in the sea. Limnol.
Oceanogr. 7, 137—150.

Stevenson, RJ., Bothwell, M.L,, Lowe, R.L., 1996. Algal ecology: Freshwater benthic
ecosystem. Elsevier, Burlington.

Subramanian, S., Barry, A.N., Pieris, S., Sayre, R.T., 2013. Comparative energetics and
kinetics of autotrophic lipid and starch metabolism in chlorophytic microalgae:
Implications for biomass and biofuel production. Biotechnol. Biofuels 6, 1—-12.
https://doi.org/10.1186/1754-6834-6-150.

Sunda, W., Shertzer, K., Hardison, D., 2009. Ammonium uptake and growth models
in marine diatoms: Monod and Droop revisited. Mar. Ecol. Prog. Ser. 386, 29—41.
https://doi.org/10.3354/meps08077.

Sutherland, D.L, Turnbull, M.H., Craggs, RJ., 2017. Environmental drivers that in-
fluence microalgal species in fullscale wastewater treatment high rate algal
ponds. Water Res. 124, 504—512. https://doi.org/10.1016/j.watres.2017.08.012.

Talbot, P., Thébault, ].-M., Dauta, A., De la Notie, J., 1991. A comparative study and
mathematical modeling of temperature, light and growth of three microalgae
potentially useful for wastewater treatment. Water Res. 25, 465—472.

Tam, W.G., Zardecki, A., 1982. Multiple scattering corrections to the Beer-Lambert
law. 1: Open detector. Appl. Opt. 21, 2405—2412. https://doi.org/10.1364/A0.
21.002405.

Thingstad, T.E, Zweifel, U.L., Rassoulzadegan, F., 1998. P limitation of heterotrophic
bacteria and phytoplankton in the northwest mediterranean. Limnol. Oceanogr.
43, 88—94. https://doi.org/10.4319/10.1998.43.1.0088.

Thoresen, S.S., Dortch, Q., Ahmed, S.I,, 1982. Comparison of methods for extracting
intracellular pools of inorganic nitrogen from marine phytoplankton.
J. Plankton Res. 4, 695—704. https://doi.org/10.1093/plankt/4.3.695.

Tredici, M.R., Materassi, R., 1992. From open ponds to vertical alveolar panels: The
Italian experience in the development of reactors for the mass cultivation of
phototrophic microorganisms. J. Appl. Phycol. 4, 221—-231. https://doi.org/10.
1007/BF02161208.

Turon, V., Baroukh, C.,, Trably, E., Latrille, E., Fouilland, E., Steyer, J.-P., 2015. Use of
fermentative metabolites for heterotrophic microalgae growth: Yields and ki-
netics. Bioresour. Technol. 175, 342—349. https://doi.org/10.1016/j.biortech.
2014.10.114.

USEPA, 2007. Biological Nutrient Removal Processes and Costs (No. EPA-823-R-07-
002). USEPA, Office of Water.

van Aalst-van Leeuwen, M.A., Pot, M.A,, van Loosdrecht, M.C.M., Heijnen, ].J., 1997.
Kinetic modeling of poly(B-hydroxybutyrate) production and consumption by
Paracoccus pantotrophus under dynamic substrate supply. Biotechnol. Bioeng.
55, 773—782. https://doi.org/10.1002/(SICI)1097-0290(19970905)55:5<773::
AID-BIT7>3.0.CO;2-8.

Van Wagenen, ]., Holdt, S.L., De Francisci, D., Valverde-Pérez, B., Plész, B.G.,
Angelidaki, 1., 2014. Microplate-based method for high-throughput screening of
microalgae growth potential. Bioresour. Technol. 169, 566—572. https://doi.org/


https://doi.org/10.1002/(SICI)1097-4660(199703)68:3%3c303::AID-JCTB639%3e3.0.CO;2-1
https://doi.org/10.1002/(SICI)1097-4660(199703)68:3%3c303::AID-JCTB639%3e3.0.CO;2-1
https://doi.org/10.1016/j.watres.2006.06.011
https://doi.org/10.1016/j.watres.2006.06.011
https://doi.org/10.1021/acs.est.5b01727
https://doi.org/10.1093/oxfordjournals.pcp.a028905
https://doi.org/10.1016/j.jtbi.2015.11.004
https://doi.org/10.1016/j.watres.2009.01.012
https://doi.org/10.1016/j.watres.2009.01.012
https://doi.org/10.1016/j.biortech.2014.09.095
https://doi.org/10.1007/BF02260714
https://doi.org/10.1007/BF02260714
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref169
https://doi.org/10.1093/jxb/erx280
https://doi.org/10.1093/jxb/erx280
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref3a
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref3a
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref3a
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref3a
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref3a
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref3a
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref3a
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref3a
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref3a
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref3a
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref3a
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref3a
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref3a
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref171
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref171
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref171
https://doi.org/10.1038/ncomms1688
https://doi.org/10.1038/ncomms1688
https://doi.org/10.1038/s41598-017-09313-y
https://doi.org/10.1038/s41598-017-09313-y
https://doi.org/10.1007/s11157-013-9310-6
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref175
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref175
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref175
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref175
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref175
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref176
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref176
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref176
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref177
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref177
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref177
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref177
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref178
https://doi.org/10.1006/jtbi.1993.1099
https://doi.org/10.3390/md13127069
https://doi.org/10.4319/lo.1989.34.1.0198
https://doi.org/10.1016/j.ress.2005.11.014
https://doi.org/10.1016/j.ress.2005.11.014
https://doi.org/10.1111/j.0031-9317.2004.0173.x
https://doi.org/10.1111/j.0031-9317.2004.0173.x
https://doi.org/10.1093/jxb/ert175
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref185
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref185
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref185
https://doi.org/10.1016/J.WATRES.2004.07.009
https://doi.org/10.1016/J.WATRES.2004.07.009
https://doi.org/10.1016/j.algal.2016.06.016
https://doi.org/10.1016/j.watres.2013.12.010
https://doi.org/10.1039/C3EM00711A
https://doi.org/10.1039/C3EM00711A
https://doi.org/10.1039/C5EE03715H
https://doi.org/10.1039/C5EE03715H
https://doi.org/10.1016/j.watres.2009.03.048
https://doi.org/10.1016/j.watres.2009.03.048
https://doi.org/10.1016/j.watres.2005.05.006
https://doi.org/10.1016/j.watres.2005.05.006
https://doi.org/10.1016/j.enconman.2016.02.012
https://doi.org/10.1007/s10811-012-9819-z
https://doi.org/10.2307/86299
https://doi.org/10.1002/bit.260440709
https://doi.org/10.1002/bit.260440709
https://doi.org/10.1016/j.scitotenv.2017.05.215
https://doi.org/10.1016/j.algal.2015.09.008
https://doi.org/10.1016/J.WATRES.2014.11.035
https://doi.org/10.1016/J.WATRES.2014.11.035
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref200
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref200
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref200
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref201
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref201
https://doi.org/10.1186/1754-6834-6-150
https://doi.org/10.3354/meps08077
https://doi.org/10.1016/j.watres.2017.08.012
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref205
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref205
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref205
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref205
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref205
https://doi.org/10.1364/AO.21.002405
https://doi.org/10.1364/AO.21.002405
https://doi.org/10.4319/lo.1998.43.1.0088
https://doi.org/10.1093/plankt/4.3.695
https://doi.org/10.1007/BF02161208
https://doi.org/10.1007/BF02161208
https://doi.org/10.1016/j.biortech.2014.10.114
https://doi.org/10.1016/j.biortech.2014.10.114
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref211
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref211
https://doi.org/10.1002/(SICI)1097-0290(19970905)55:5%3c773::AID-BIT7%3e3.0.CO;2-8
https://doi.org/10.1002/(SICI)1097-0290(19970905)55:5%3c773::AID-BIT7%3e3.0.CO;2-8
https://doi.org/10.1016/j.biortech.2014.06.096

18 B.D. Shoener et al. / Water Research X 2 (2019) 100024

10.1016/j.biortech.2014.06.096.

Vangsgaard, A.K., Mauricio-Iglesias, M., Valverde-Pérez, B., Gernaey, K.V, Sin, G.,
2013. pH variation and influence in an autotrophic nitrogen removing biofilm
system using an efficient numerical solution strategy. Water Sci. Technol.: J. Int.
Assoc. Water Pollut. Res. 67, 2608—2615. https://doi.org/10.2166/wst.2013.174.

Vanrolleghem, PA., Insel, G., Petersen, B., Sin, G., Pauw, D.D., Dovermann, H.,
Weijers, S., Gernaey, K., Dommel, W.D., 2003. A comprehensive model cali-
bration procedure for activated sludge models. In: WEFTEC 2003, 76th Annual
Technical Exhibition and Conference. Presented at the WEFTEC, Los Angeles, CA,
USA, pp. 11-15.

Vanrolleghem, P.A., Rosen, C., Zaher, U., Copp, J., Benedetti, L., Ayesa, E., Jeppsson, U.,
2005. Continuity-based interfacing of models for wastewater systems described
by Petersen matrices. Water Sci. Technol. 52, 493—500.

Vaquero, 1., Mogedas, B., Ruiz-Dominguez, M.C., Vega, J.M., Vilchez, C., 2014. Light-
mediated lutein enrichment of an acid environment microalga. Algal Res. 6,
70—77. https://doi.org/10.1016/j.algal.2014.09.005.

Verhulst, P.F,, 1838. Notice sur la loi que la population suit dans son accroissement.
Correspondance mathématique et physique 10, 113—121.

Villanova, V., Fortunato, A.E., Singh, D., Bo, D.D., Conte, M., Obata, T., Jouhet, ].,
Fernie, A.R., Marechal, E., Falciatore, A. Pagliardini, ], Monnier, AL,
Poolman, M., Curien, G., Petroutsos, D., Finazzi, G., 2017. Investigating mixo-
trophic metabolism in the model diatom Phaeodactylum tricornutum. Phil.
Trans. R. Soc. B 372, 1-14. https://doi.org/10.1098/rstb.2016.0404.

Vitova, M., Bisova, K., Kawano, S., Zachleder, V., 2015. Accumulation of energy re-
serves in algae: From cell cycles to biotechnological applications. In: Biotech-
nology Advances, BioTech 2014 and 6th Czech-Swiss Biotechnology
Symposium, 33, pp. 1204—1218. https://doi.org/10.1016/j.biotechadv.2015.04.
012.

Volcke, E.ILP, van Loosdrecht, M.C.M., Vanrolleghem, P.A., 2006. Continuity-based
model interfacing for plant-wide simulation: A general approach. Water Res.
40, 2817—2828. https://doi.org/10.1016/j.watres.2006.05.011.

von Liebig, J.F., 1841. Die organische Chemie in ihrer Anwendung auf Agricultur und
Physiologie. Braunschweig : F. Vieweg.

Waégner, D.S., Valverde-Pérez, B., Plosz, B.G., 2018. Light attenuation in photo-
bioreactors and algal pigmentation under different growth conditions — Model
identification and complexity assessment. Algal Res. 35, 488—499. https://
doi.org/10.1016/j.algal.2018.08.019.

Waégner, D.S., Valverde-Pérez, B., Seebg, M., Bregua de la Sotilla, M., Van Wagenen, J.,
Smets, B.F, Pl6sz, B.G., 2016. Towards a consensus-based biokinetic model for
green microalgae — The ASM-A. Water Res. 103, 485—499. https://doi.org/10.
1016/j.watres.2016.07.026.

Wang, S.-K., Stiles, A.R., Guo, C., Liu, C.-Z., 2014. Microalgae cultivation in photo-
bioreactors: An overview of light characteristics. Eng. Life Sci. 14, 550—559.
https://doi.org/10.1002/elsc.201300170.

Wang, X., McCarty, PL,, Liu, ], Ren, N.-Q., Lee, D.-]., Yu, H.-Q., Qian, Y., Qu, ]., 2015.
Probabilistic evaluation of integrating resource recovery into wastewater
treatment to improve environmental sustainability. Proc. Natl. Acad. Sci. Unit.
States Am. 112, 1630—1635. https://doi.org/10.1073/pnas.1410715112.

Westerhoff, P, Lee, S., Yang, Y., Gordon, G.W., Hristovski, K., Halden, R.U., Herckes, P,
2015. Characterization, recovery opportunities, and valuation of metals in
municipal sludges from U.S. wastewater treatment plants nationwide. Environ.
Sci. Technol. 49, 9479—9488. https://doi.org/10.1021/es505329q.

Wilhelm, C,, Jakob, T., 2011. From photons to biomass and biofuels: Evaluation of
different strategies for the improvement of algal biotechnology based on
comparative energy balances. Appl. Microbiol. Biotechnol. 92, 909—919. https://
doi.org/10.1007/s00253-011-3627-2.

Wolf, G., Picioreanu, C., van Loosdrecht, M.C.M., 2007. Kinetic modeling of photo-
trophic biofilms: The PHOBIA model. Biotechnol. Bioeng. 97, 1064—1079.
https://doi.org/10.1002/bit.21306.

Xie, X., Huang, A., Gu, W.,, Zang, Z., Pan, G., Gao, S., He, L., Zhang, B., Niu, ], Lin, A.,
Wang, G., 2016. Photorespiration participates in the assimilation of acetate in
Chlorella sorokiniana under high light. New Phytol. 209, 987—998. https://doi.
org/10.1111/nph.13659.

Yang, C., Hua, Q., Shimizu, K., 2000. Energetics and carbon metabolism during
growth of microalgal cells under photoautotrophic, mixotrophic and cyclic
light-autotrophic/dark-heterotrophic conditions. Biochem. Eng. J. 6, 87—102.
https://doi.org/10.1016/S1369-703X(00)00080-2.

Zaher, U,, Grau, P,, Benedetti, L., Ayesa, E., Vanrolleghem, P.A., 2007. Transformers for
interfacing anaerobic digestion models to pre- and post-treatment processes in
a plant-wide modelling context. Environ. Model. Software 22, 40—58. https://
doi.org/10.1016/j.envsoft.2005.11.002.

Zambrano, J., Krustok, 1., Nehrenheim, E., Carlsson, B., 2016. A simple model for
algae-bacteria interaction in photo-bioreactors. Algal Res. 19, 155—161. https://
doi.org/10.1016/j.algal.2016.07.022.

Zhang, X.-W., Chen, F, Johns, M.R.,, 1999a. Kinetic models for heterotrophic growth
of Chlamydomonas reinhardtii in batch and fed-batch cultures. Process Biochem.
35, 385—389. https://doi.org/10.1016/S0032-9592(99)00082-5.

Zhang, X.-W., Shi, X.-M., Chen, F, 1999b. A kinetic model for lutein production by
the green microalga Chlorella protothecoides in heterotrophic culture. ]. Ind.
Microbiol. Biotechnol. 23, 503—507. https://doi.org/10.1038/sj.jim.2900760.

Zhang, D., Wan, M., del Rio-Chanona, E.A., Huang, J., Wang, W.,, Li, Y., Vassiliadis, V.S.,
2016. Dynamic modelling of Haematococcus pluvialis photoinduction for
astaxanthin production in both attached and suspended photobioreactors. Algal
Res. 13, 69—78. https://doi.org/10.1016/j.algal.2015.11.019.

Zhang, X.-W., Zhang, Y.-M., Chen, F,, 1998. Kinetic models for phycocyanin pro-
duction by high cell density mixotrophic culture of the microalga Spirulina
platensis. ]. Ind. Microbiol. Biotechnol. 21, 283—288. https://doi.org/10.1038/sj.
jim.2900581.


https://doi.org/10.1016/j.biortech.2014.06.096
https://doi.org/10.2166/wst.2013.174
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref215
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref215
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref215
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref215
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref215
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref215
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref216
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref216
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref216
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref216
https://doi.org/10.1016/j.algal.2014.09.005
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref218
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref218
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref218
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref218
https://doi.org/10.1098/rstb.2016.0404
https://doi.org/10.1016/j.biotechadv.2015.04.012
https://doi.org/10.1016/j.biotechadv.2015.04.012
https://doi.org/10.1016/j.watres.2006.05.011
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref222
http://refhub.elsevier.com/S2589-9147(18)30024-0/sref222
https://doi.org/10.1016/j.algal.2018.08.019
https://doi.org/10.1016/j.algal.2018.08.019
https://doi.org/10.1016/j.watres.2016.07.026
https://doi.org/10.1016/j.watres.2016.07.026
https://doi.org/10.1002/elsc.201300170
https://doi.org/10.1073/pnas.1410715112
https://doi.org/10.1021/es505329q
https://doi.org/10.1007/s00253-011-3627-2
https://doi.org/10.1007/s00253-011-3627-2
https://doi.org/10.1002/bit.21306
https://doi.org/10.1111/nph.13659
https://doi.org/10.1111/nph.13659
https://doi.org/10.1016/S1369-703X(00)00080-2
https://doi.org/10.1016/j.envsoft.2005.11.002
https://doi.org/10.1016/j.envsoft.2005.11.002
https://doi.org/10.1016/j.algal.2016.07.022
https://doi.org/10.1016/j.algal.2016.07.022
https://doi.org/10.1016/S0032-9592(99)00082-5
https://doi.org/10.1038/sj.jim.2900760
https://doi.org/10.1016/j.algal.2015.11.019
https://doi.org/10.1038/sj.jim.2900581
https://doi.org/10.1038/sj.jim.2900581

	Microalgae and cyanobacteria modeling in water resource recovery facilities: A critical review
	Introduction
	Methods
	Mechanistic modeling of phytoplankton
	Energy sources
	General model structures
	Nutrient uptake, storage, and mobilization
	Carbon uptake, storage, and mobilization
	Light
	Irradiance and dissipation
	Photoinhibition and photoacclimation

	Temperature
	Respiration and maintenance
	Lumped pathway metabolic modeling
	Inclusion of other organisms
	Physico-chemical processes
	Gas-liquid mass transfer
	pH/acid-base equilibrium

	Calibration/validation and uncertainty/sensitivity analyses
	Integration with existing WRRF models
	Standard wastewater modeling nomenclature
	Integration approaches


	Path forward
	Model development
	Algae modeling needs in wastewater treatment
	Key factors in model development

	Broader context

	Conclusion
	Acknowledgements
	Appendix A. Supplementary data
	References


