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Abstract

Reactions and processes that occur in microalgae and bacteria systems are difficult to
understand because most of them take place simultaneously and they are strongly
interdependent. In comparison with conventional wastewater treatment technologies, less is
known about the physical, chemical and biochemical reactions and processes that occur in
microalgae-bacteria treatment systems, such as high rate algal ponds (HRAP). In this paper we
develop an integral mechanistic model describing the complex interactions in mixed algal-
bacterial systems. The model includes crucial physical, chemical and biokinetic processes of
microalgae as well as bacteria in wastewater. Carbon-limited microalgae and autotrophic
bacteria growth, light attenuation, photorespiration, temperature and pH dependency are some
of the new features included. The model named BIO_ALGAE was built using the general
formulation and structure of activated sludge models (ASM), and it was implemented in
COMSOL Multiphysics™ platform. Calibration and validation were conducted with high
quality experimental data from triplicated pilot HRAPS receiving real wastewater. Calibration
was conducted adjusting 6 parameters selected after a Morris’s sensitivity analysis: microalgae
and heterotrophic bacteria specific growth rate, decay of heterotrophic bacteria and the transfer
of gases to the atmosphere. The model was able to simulate the dynamics of different
components in the ponds and the relative proportion of microalgae and bacteria. Furthermore,
the model was used to investigate the relative effect of the factors that affect microalgae growth
and the through practical study case the effect of different influent organic matter concentration
on total biomass production and the relative proportions of microalgae and bacteria. The
proposed model could be an efficient tool for industry to predict the production of microalgae,
as well as to design and optimize the operations in contaminants removal from wastewater using
algal-bacterial interactions.

Keywords:

Microalgae-bacteria model, wastewater, high rate algal ponds (HRAP), biomass production,
microalgae/bacteria proportion, light attenuation, Monod kinetics.

Highlights

- New integral mechanistic model for microalgae-bacteria wastewater treatment systems is
developed.
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- The model was implemented in COMSOL Multiphysics™ platform, calibrated and validated
using experimental data for two different periods.

- The model was able to accurately reproduce the dynamics of different components of the
system.

- Usefulness of the model was demonstrated with practical study case.

1. Introduction

In the past decade, an increasing amount of research has been conducted on
microalgae-bacterial systems for wastewater treatment. These efforts were initially
stimulated by the interest in producing biofuel from microalgae (Park and Craggs, 2011;
Milano et al., 2016), but, compared to conventional wastewater treatment technologies,
the potential total cost savings, including in electrical power, are great enough to pursue
this topic independently of biofuels production (Suganya et al., 2016).

The system is based on the interactions of microalgae and bacteria in wastewater
exposed to light. Algae photosynthesize and produce the oxygen used by bacteria,
reducing or eliminating the need for mechanical aeration (Tricolici et al., 2014, Sayeda
et al., 2016). Assimilation of nutrients (i.e. nitrogen and phosphorus) by algae is a
further form of treatment (Liang et al., 2013), and pathogen inactivation also occurs in
these algal-bacterial systems (Abdel et al., 2012).

Algal-bacterial wastewater treatment was originally carried-out in unmixed
ponds — shallow oxidation ponds and deeper facultative ponds (Oswald and Gotaas,
1957), with mixed raceway ponds (specifically named high rate algal ponds) being
introduced at full scale for increased cultivation control and algal productivity (Oswald
et al., 1957). Using the produced algae biomass for biofuel feedstock was suggested
shortly thereafter Oswald and Golueke (1960). Various other reactor designs have been
proposed such as transparent vessels (e.g. tubular photobioreactors) and attached growth
systems (e.g., algal turf scrubbers, Christenson and Sims, 2012). However, these other
types of reactors are not a full scale reality, and belong to a more experimental domain
in the field of wastewater treatment. These more complex and costly designs in
comparison to mixed raceway ponds will be less competitive with conventional
electromechanical treatment technologies.

In comparison with conventional treatment technologies, less is known about the
physical, chemical and biochemical reactions and processes that occur in microalgae-
bacteria wastewater treatment systems. Most of these reactions and processes take place
simultaneously and they are strongly interdependent (Garcia et al., 2006. Also, they are
dependent on ever-changing outdoor environmental conditions such as light intensity,
temperature, and the flow and quality of the influent wastewater. In order to predict
performance and optimize reactor design, it is necessary to have a deep pond
wastewater treatment system ecological understanding.

Mathematical models offer an opportunity to study microalgae-bacteria
interactions, can provide useful tools for design, and can control real-world parameters,
which can all lead to increase bioreactor efficiency (Bitog et al., 2011). While much
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research has been conducted on microalgae models over the years (e.g. Dropp, 1968;
Bernard et al., 2009), only recently has research intensively began on the integration of
microalgal growth on biological wastewater treatment (microalgae-bacteria models).
The very first modeling in this area was pioneered by Buhr and Miller (1983), and it
focused on the simultaneous growth of algae and bacteria in high-rate algae ponds
(HRAPSs). HRAPs, which are shallow, low-energy, and paddle-wheel mixed treatment
ponds, are typical in advanced pond wastewater treatment systems. Since Buhr and
Miller (1983), other more sophisticated models have been developed mostly based on
parameters and processes similar to those defined by the River Water Quality Model 1
(RWQM1) of the International Water Association (Reichert et al., 2011). However,
while RWQML includes expressions for growth of microalgae on N (ammonium and
nitrate) and P (orthophosphate), it does not include expressions for essential C
limitations (carbon dioxide and bicarbonate) which can occur in algae growing in
wastewater systems (Gehring et al., 2010). In the model by Sah et al. (2011) algal
growth was described as a function of either ammonium or nitrate, with preference for
ammonium. Halfhide et al. (2015) developed a simplified algae-bacteria model to
simulate ammonia removal from wastewater, assuming the irradiance as limiting factor
for algae growth. Likewise, Steen et al. (2015) proposed a simplified version of the
Activated Sludge Model no. 3 (ASM3) based on the biomass growth of ammonia
oxidizing bacteria, nitrite oxidizing bacteria, and microalgae.

Most of these previous models use a relatively low number of parameters to
describe the inherent complexity of algae cultures and/or focus on single processes
within the system, neither of which considers that microalgae-bacterial technologies are
systemic processes that involve multiple components (e.g. carbon, nitrogen, and
dissolved oxygen (DO)). For example, widely accepted microalgae-bacteria models,
such as RWQML1 and Sah et al., (2011) do not include carbon limitation on the growth
of microalgae and autotrophic bacteria and any reference to the effects of high value
dissolved oxygen in culture medium on microalgae activity.

In this paper we complete the microalgae model previously developed by the
authors (Solimeno et al., 2015, 2017), including crucial physical, chemical and
biokinetic processes of microalgae as well as bacteria in wastewater treatment systems.
The model, which is called BIO_ALGAE was mainly built by coupling the model of the
authors (Solimeno et al., 2015) with the ASM3 (lacopozzi et al., 2007). These models
were used as base model to represent the microalgae and bacteria activity, respectively.
The new most relevant features of the model are: the inclusion of carbon limitation on
the growth of microalgae and the growth of autotrophic bacteria. Also, this model
includes factors to represent photosynthesis, photolimitation, light attenuation,
photorespiration, temperature dependency and the implementation of hydrodynamics in
the system.

Altogether the main purpose of this study was to develop, calibrate and validate
the integral microalgae and bacteria model with high quality experimental data from
triplicate raceway ponds located at the Delhi, California wastewater pond treatment
plant. The implementation of BIO_ALGAE in the COMSOL Multiphysics™ software
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allowed to simulate the dynamics of different components in the ponds and the relative
proportion of microalgae and bacteria. Also the model was used for to applications: 1)
to analyse the relative effect of the factors that affect microalgae growth, and 2) a study
case on the effect of influent concentration of organic matter on the relative proportions
of microalgae and bacteria. Our idea is to create a basis for a highly accepted platform
that will be extensively used for different research purposes. Also, in the future, we
believe that this model could help the industry to design and operate efficient systems.

2. Model description

2.1 Conceptual model

In order to facilitate the comprehension of the model, Fig. 1 shows a general
simplified schematic representation of the conceptual model describing the complexity
of microalgal-bacterial interactions.

Photosynthetic processes are activated with light. While microalgae (XaLc)
grow, they fix inorganic carbon (Scoz and SHcos), consume substrates (SnHs, Snos and
Spos4) present in wastewater and supply oxygen (So2) required by heterotrophic bacteria
(XH) to oxidize organic matter. During bacterial organic matter oxidation, CO2 is
produced and it is available for photosynthesis and nitrification. Nitrification is a two-
step process: first ammonium oxidizing bacteria (Xaos) convert ammonia and
ammonium to nitrite (Snoz) and second nitrate oxidizing bacteria (Xnos) finish the
conversion of nitrite to nitrate (Snos) (Diehl et al., 2007).

As result of microalgal activity, hydroxide ion concentrations (Son) and pH
increase. With increasing pH, bicarbonate-carbonate equilibrium is displaced, pushing
carbon species towards the formation of carbonate (Scos), lead ammonia volatilization,
and phosphorus precipitation (Nurdogan and Oswald, 1995; Serodes et al., 1991).

In darkness, both heterotrophic bacteria (X+) and microalgae (XaLc) have a net
CO2 release through oxidation of organic matter and endogenous respiration,
respectively. With this release, concentrations of hydrogen ions increase and pH
decreases, and the bicarbonate-carbonate equilibrium shifts and the carbonate turn into
bicarbonate (Swcos). This bicarbonate can be used as a substrate again in the presence of
light. Microalgae respiration and bacterial growth reduce the oxygen level within the
water. When oxygen levels are low, nitrate can become the primary source of oxygen,
and denitrification occurs. This process is performed under anoxic conditions by
denitrifying bacteria that reduce nitrate (Snos) into nitrogen gas. In fact, denitrifying
bacteria are considered the same heterotrophic bacteria (Xu) that under oxygen
depletion circumstances can facultative use Snos instead of So2.

Microalgae and bacteria processes are influenced by temperature, which also
affects chemical equilibria, pH and gas solubility (Bouterfas et al., 2002). Furthermore,
in HRAPs the excess of DO and CO: is gradually transferred from the culture medium
to the atmosphere.
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Fig. 1. General simplified schematic representation of the conceptual integrated model showing the main algal-
bacterial interactions in a high rate algal pond, during day (left) and night (right). Components which enter the ponds
with the influent are marked with * and processes are indicated by arrows. Particulate and dissolved components and
processes are described in Sections 2.2.

2.2. Model components

The model uses the common nomenclature of the IWA models and considers 19
components — 6 particulate and 13 dissolved — implicated as variables in the physical,
chemical and biokinetic processes. In the following two sections components are
described, as well as their main role in processes and their interactions with other
components.

2.2.1. Particulate components

In the model all particulate constituents (microorganisms as well as organic
matter) are subject to decay except Xi (inert particulate organic matter).
Microorganisms, of course, are subject to growth. None of these particulate organic
constituents can be practically/easily distinguished from one another in the mixture of
material in HRAPs. Microorganism concentrations listed below therefore can be
modeled, but their experimental measurement is complicated. In fact, one tremendous
advantage of the model is its capacity for predicting microorganisms concentrations.

1. Xawc [g COD m?3]: Microalgae biomass. It increases with growth processes
pertinent to microalgae and decreases by endogenous respiration and inactivation of
microalgae. Not present in influent wastewater.

2. Xu [g COD m™]: Heterotrophic bacteria. These organisms use organic matter as a
source of carbon and energy. They growth in aerobic as well as anoxic
heterotrophic conditions and decrease by endogenous respiration and decay. These
bacteria are responsible for hydrolysis processes and they are also present in the
wastewater influent.
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Xaos [g COD m=]: Ammonium oxidizing bacteria. Bacteria responsible for the first
step of nitrification, the conversion of ammonium to nitrite. These microorganisms
are produced by aerobic growth and decrease by endogenous respiration and decay.
They are assumed to be present in the wastewater influent.

Xnos [g COD m]: Nitrate oxidizing bacteria. Bacteria responsible for the second
step of nitrification, the conversion of nitrite to nitrate. These microorganisms are
produced by aerobic growth and decrease by endogenous respiration and decay.
They are assumed to be present in the wastewater influent.

Xs [g COD m?]: Slowly biodegradable particulate organic matter. Fraction of the
particulate organic matter COD which can be hydrolyzed and converted into readily
biodegradable organic matter COD (Ss) and inert organic matter (Si). A large
fraction of Xs is assumed to originate from decay of microorganisms and it is also
present in the wastewater influent.

X; [g COD m?]: Inert particulate organic matter. It is the remainder after
particulate organic matter hydrolysis and it increases by endogenous respiration of
microorganisms. It is also present in the wastewater influent.

Note that particulate components are expressed in g COD m?, as it is common

practice to express organic matter concentrations in all IWA models. Microalgae and
bacteria biomass is transformed from COD to TSS (total suspended solids) assuming a
ratio COD/TSS= 0.80 (Sperling, 2007; Khorsandi et al., 2014).

2.2.2. Dissolved components

7.

10.

Snha [g NH4*-N m~]: Ammonium nitrogen. Ammonium enters the ponds with the
influent and is produced through endogenous respiration of all types of
microorganisms in the model and decay of microorganisms. It is consumed through
the growth of microalgae, heterotrophic bacteria (X+) and during the first step of
nitrification by ammonium oxidizing bacteria (Xaos).

Snuz [ NH3s-N m=®]: Ammonia nitrogen. It is in acid-base equilibrium with
ammonium (Snna), and comes into play in the model only as a gaseous compound.
Its volatilization rate is modeled as a function of pH, temperature, and mixing
intensity.

Snos [g NOs-N m™]: Nitrate nitrogen. Nitrate can enter the pond with the influent,
although usually in negligible concentration. It is produced during nitrification by
nitrite oxidizing bacteria (Xnos). Nitrate can be assimilated by microalgae (XaLc)
and heterotrophic bacteria (XH), and can also be used (consumed) as electron
acceptor by heterotrophic bacteria, which are assumed to be facultative.

Snoz [g NO2-N m3]: Nitrite nitrogen. Nitrite can enter the pond with the influent,
although usually in negligible concentration. It is generated as an intermediate step
the nitrification process. It is consumed by nitrite oxidizing bacteria (Xnos) and
heterotrophic bacteria (Xn) during denitrification.
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11.

12.

13.

14.

15.

16.

17.
18.

19.

Spo4 [g PO4- P m™®]: Phosphate phosphorus. It enters with influent wastewater and
is released from oxidation of organic matter. It is assimilated during the growth of
microalgae, heterotrophic bacteria (Xn) and autotrophic bacteria (Xaos, Xnos). It is
generated during respiration and decay of all microorganisms.

So2 [g O2 m™®]: Dissolved oxygen. It is produced during photosynthetic growth of
microalgae and it can be transferred to/from the atmosphere. It is consumed during
aerobic respiration and decay of all types of microorganisms.

Scoz [g CO2-C m™®]: Dissolved carbon dioxide. It is in chemical equilibrium with
bicarbonate (Swcos) and carbonate (Scos). It is generated during respiration and
decay, and can be transferred to/from the atmosphere. It is consumed by both
microalgae (Xawc) and autotrophic bacteria (Xaos and Xwnos), and is produced
during the growth of heterotrophic bacteria, and respiration and decay of all types
of microorganisms.

Shcos [g HCO3-C m®]: Bicarbonate. It is in chemical equilibrium with carbon
dioxide (Scoz) and carbonate (Scos). It is consumed by microalgae.

Scos [g CO3*-C m?]: Carbonate. It is in chemical equilibrium with bicarbonate
(SHcos) and carbon dioxide (Scoz2). Carbonate cannot be directly used by microalgae
and autotrophic bacteria.

S [g H* m]: Hydrogen ions. They are involved in acid-base equilibria including
the carbonate, ammonium, and phosphate systems. Hydrogen ions are produced by
ammonium oxidizing bacteria (Xaos) and heterotrophic bacteria (Xu). They
decrease during the growth of microalgae and nitrifying bacteria (Xnos), and during
endogenous respiration and decay of all microorganisms.

Son [g OH-H m™®]: Hydroxide ions. They are in equilibrium with hydrogen ions.

Ss [g COD m?]: Readily biodegradable soluble organic matter. Fraction of the
soluble organic matter directly available for biodegradation by heterotrophic
bacteria (Xn). It is contained in the influent wastewater and is produced during the
hydrolysis of biodegradable particulate organic matter (Xs).

Si [g COD m™]: Inert soluble organic matter. Fraction of the soluble organic matter
that is not readily available for biodegradation by heterotrophic bacteria (Xn). It is
in the influent wastewater and is produced during the hydrolysis of biodegradable
particulate organic matter (Xs).

2.3. Model processes

In this section, a detailed description of bacterial processes involved in

wastewater treatment is described. A description of the microalgae processes, chemical
equilibrium reactions, and transfer of gases to the atmosphere was reported previously
(Solimeno et al., 2015).

Using Monod kinetics, bacterial processes were modelled in the same way as

microalgae processes. The main inspiration for building the bacteria processes was the
River Water Quality Model 1 (RWQM1) and Activated Sludge Model 3 (ASM3)
(Reichert et al., 2001, lacopozzi et al., 2007). A certain number of simplifications were
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made in order to make easier the control of biochemical processes. This means that in
comparison to ASM3, the model does not consider processes related to the storage of
readily biodegradable soluble organic matter (Ss). Anaerobic biological processes, such
as fermentation and sulfate reduction, which can sometimes be important in wastewater
treatment, were also omitted because the relatively oxidized nature of microalgal-
bacterial processes. Moreover, absorption and desorption of phosphate on particular
matter were neglected.

Table S1 in the Supporting Information shows a list of the processes included in
the complete model (bacteria and microalgae) and the equations describing their rates.
Table S2 in SI shows the matrix of stoichiometric parameters. A complete list of
parameters and stoichiometric coefficients used in the model is located in SI, Tables S3-
S6.

- Aerobic and anoxic growth of heterotrophic bacteria (Xn) (Processes 4a, 4b, 5 and 6
in Table S1, SlI). Growth of heterotrophic bacteria was modeled with Monod kinetics.
Anoxic and aerobic heterotrophic processes use the same parameter and coefficient
values. Anoxic processes include an additional reduction factor (ny), similar to the
ASM3 model (Gujer et al., 1999).

In aerobic conditions, heterotrophic bacteria assimilate the readily biodegradable
substrate (Ss) (coming with the influent or produced during the hydrolysis of
biodegradable particulate organic matter (Xs)), and growth consuming both ammonium
and ammonia (SnH4, Snns) and nitrate (Snos) as nitrogen source. Note that in the matrix
of stoichiometric parameters (Table S2, SI) only the ammonium reaction rate is affected
by bacterial growth because the concentration of ammonia is already in chemical
equilibrium with it. Aerobic processes are generally the most responsible for the
production of new bacteria biomass (Henze et al., 1987).

At dissolved oxygen concentrations less than 0.5 g m™ heterotrophic bacteria use
nitrate (Snos) as electron acceptor and convert it in nitrogen gas (N2) (denitrification)
(Korner and Zumft, 1986). The denitrification is implemented in the model as
separating processes with Snos and Snoz as substrates for heterotrophic bacteria
(processes 5 and 6 in Table S1, Sl), (lacopozzi et al., 2007). In HRAP this process can
occur at night, when photosynthesis is not happening (Garcia et al., 2000)

The temperature dependence of bacterial processes is modeled with an
Arrhenius type thermal factor (frme) (Sah et al., 2011; Langergraber et al., 2009;
Reichert et al., 2001). This factor increases exponentially with temperature (T, given in
°C) (Reichert at al., 2001):

frme(T) = @T-Topt 1)

where Topt was assumed equal to 20 °C, and 6 is the temperature coefficient,
which was assumed equal for both heterotrophic and autotrophic bacteria.

- Aerobic and anoxic endogenous respiration of heterotrophic bacteria (Xn) (Processes
7 and 8 in Table S1, Sl). These processes are modeled as the product between the
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maximum rate of endogenous respiration (Kresp,H), the concentration of heterotrophic
bacteria, the thermal factor (the same as used for growth), and the Monod function as it
relates limiting oxygen and nitrogen concentrations respectively for aerobic and anoxic
conditions. Endogenous respiration produces CO2 and transforms alive biomass into
inert organic matter (Xi).

- Decay of heterotrophic bacteria (Xu) (Process 9 in Table S1, SI). Decay of bacteria
transforms alive biomass into dead slowly biodegradable (Xs) and inert (Xi) organic
matter (Van Loosdrecht and Henze, 1999). This process is expressed as the product of
the maximum rate of decay (kdecayH) by the concentration of bacteria and the thermal
factor (the same for growth). The process is assumed to continue with the same rate
under aerobic and anoxic conditions (Henze et al., 1987).

- Growth of autotrophic bacteria (Xaos and Xnos) (Processes 10 and 11 in Table S1, Sl).
These bacteria are responsible for the biological conversion of ammonium to nitrate
nitrogen (nitrification) using molecular oxygen as electron acceptor. Nitrification is
implemented in a two-step process (lacopozzi et al., 2007).

- Endogenous respiration of autotrophic bacteria (Xaos and Xnos) (Processes 12 and 13
in Table S1, Sl). This process is modeled in the same way as the aerobic endogenous
respiration of heterotrophic bacteria.

- Decay of autotrophic bacteria (Xaos and Xnos) (Process 14 in Table S1, Sl). This
process is modeled in the same way as the decay of heterotrophic bacteria using
different decay rates, Kdecay,ao8 and Kdecay,NoB, respectively for Xaos and Xnos.

- Hydrolysis (Process 15 in Table S1, SI). Hydrolysis is the process of transformation of
slowly biodegradable particulate organic matter (Xs) into readily biodegradable soluble
organic matter (Ss) catalyzed by heterotrophic bacteria.

2.4. Stoichiometric and parameter values

The complete stoichiometric matrix is presented in Table S2 in the Supporting
Information and is based on the structure of IWA models (Petersen matrix). Values of
physical, chemical and biokinetic parameters are shown in Table S3, SI. Mathematical
expressions of the stoichiometric coefficients for each process are shown in Tables S5-
S6, Sl. Using Tables (S1-S2, Sl), the reaction rate for each component of the model (r;)
Is obtained using:

Iy = X Vii P (2)
where i is the number of the component and j is the number of the processes; p;
is the reaction rate for each process j and vij is the stoichiometric coefficient. As
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example, the reaction rate of heterotrophic bacteria (Xn) is described in the Supporting
Information, page S13.

The expressions of stoichiometric coefficients related to microalgae and bacteria
processes are based on the fractions of carbon hydrogen, oxygen, nitrogen and
phosphorus (Table S6, SI).

3. Pilot plant and experimental verification

High quality experimental data for model calibration and validation were
collected from three sets of triplicate HRAPs ponds (3.5 m? and 0.3 m deep), named
South, Middle, and North, which were fed municipal wastewaters (Fig. 2). These small
pilot raceways were located at a full-scale facultative pond-HRAP facility treating an
average of 2,300 m3d? of wastewater from the inland community of Delhi, California
(Fig. 3). Data for this work were obtained during experiments conducted to optimize
wastewater treatment in conjunction with algae biomass production, harvesting, and
conversion to liquid biofuel.

Experimental data from the Middle pilot ponds were used. These ponds had 4.2-
day hydraulic retention time (HRT), were fed with facultative pond effluent and were
mechanically aerated at night from 6:00 pm to 6:00 am. Mechanical aeration was
applied in order to maintain enough dissolved oxygen (DO) in the ponds at night when
oxygen was not produced by photosynthesis in order to have nitrification activity.
INDICA LA CANTIDAD DE BOMBAS DE AIRE, SU MARCA Y EL CAUDA DE
AIREThe ponds received regular influent pulses (approximately 26.5 L/pulse) during
the hours of 7:00 am to 4:00 pm. Each pond had a rotating paddle wheel with a rotation
speed of approximately 10 rpm. In order to monitor the hourly DO, pH, and temperature
(°C), probes were installed per pond set. The probes recorded measurements using
Neptune System’s Apex Fusion software program.

Samples from influent and pond effluents were taken at 9:00 am =2 hours for
four to six consecutive days in June and July of 2016. Within 48 hours of sampling,
assays were conducted to determine the concentration of ammonia (g N m?), nitrite (g
N m), nitrate (g N m™), total nitrogen (g N m™®), alkalinity (g CaCO3 m?) and total
suspended solids (g TSS m®). COD (g O2 m?) influent was analysed only from the first
sample of each experiment. These concentrations, as well as the hourly data from the
Neptune software probes, were the main data for the model. Additionally, microscopic
algal analyses were conducted on one of the four to six consecutive days for each
experiment to identify the biological make-up within the ecosystem of each pond.
Genera of microalgae common to the pilot ponds included Chlorella, Closterium,
Chlorococcum, Oscillatoria, Spirogyra, Synedra, Ulothrix, Westella, Coelastrum,
Micratinium, Cyclotella, Nitzchia, Pediastrum, Scenedesmus, and Stigeoclonium.

Samples were analysed according to Standard Methods (APHA 1995).
Modifications were made to the methods for nitrate and total nitrogen according to
Hach Company Methods 10206 and 10071 (Hach, 1992), respectively. Nitrite, nitrate,



400
401
402
403

404
405
406
407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422

423

424

425
426
427
428
429
430
431
432
433
434
435
436
437
438

and total nitrogen analysis were conducted using a Hach DR 3800 spectrophotometer
(Hach, Loveland, Colorado) instrument. Ammonia analysis was conducted using a
Timberline Model TL-2800 Ammonia/Nitrate Analyzer (Timberline Instruments,
Boulder, Colorado) instrument.

4. The BIO_ALGAE model

The model was implemented in COMSOL Multiphysics™ v5.1 software. The
pilot raceways were represented in a 1D domain and were considered to be in a state of
perfect mixing — a reasonably simplification due to their small size that streamlines the
simulations to reduce computational time. The domain was 3.5 m long and a periodic
condition was applied at boundaries to reproduce the continuous culture flow.
Hydraulic and transport equations of aqueous phase species (i.e. dissolved and
particulate) were added to represent the motion of the culture through the pond.
Injection of dissolved oxygen (60 L/min) at night from 6:00 pm to 6:00 am was
implemented in the model to reproduce the mechanical aeration of the middle ponds.
Furthermore, assuming that each point of a section receives the same quantity of
photons due to perfectly homogeneous of the pond, it was possible to calculate the light
attenuation trough an average light intensity representing any point of the culture
medium. In this way though the pond depth was not incorporated into the domain
design (1D), the exponential decrease of light intensity as it penetrates into the pond has
been considered. Average light intensity (lav. [umol m?s?]) was described using
Lamber-Beer’s Law and is attenuated by the presence of particulate components (Xc =
XaLctXn+Xi+Xs+Xaos+Xnos) and the depth (d) of the pilot raceways (Eqg. 3).

= Io: (1—exp (Ki-X¢ - d) (3)

Ki-Xc-d

where, lo [umol m?2s?] is the incident light intensity and Ki is the extinction
coefficient for particulate biomass [0.07 m? g] (Molina et al., 1994).

A detailed description of hydrodynamic, transport of species, light intensity and
the equations used in the model are reported in our previously work (Solimeno et al.,
2016 and in Supporting Information, Tables S3-S4.

The model was calibrated using data collected during June 27, 2016 to June 30,
2016, from the first two Middle ponds (M1 and M2) in the triplicate set. Data from the
third pond (M3) was not used due to lack of DO data.

Influent pond concentrations were used to run simulations. Average influent
concentrations are shown in Table 1. Fractions of influent COD were estimated using
values recommended by Henze et al., (2000). Accordingly, the proportion of each
fraction was defined as: 22% Ss, 50% Xs, 10% Si, 8% Xi, and 10% Xwu. The initial
concentrations of components in the Middle ponds M1 and M2 at the beginning of the
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experiments, temperature and irradiance are shown in Table 2. Initial conditions from
M1 pond were considered to run simulations. Unfortunately, the concentration of each
particulate component in the pilot raceway at the beginning of the experiment was not
known. Therefore, initial ratio of XaLc, Xs, Xi, XH, Xaos and Xnos concentrations were
quantified from initial TSS value (from M1 pond) based on previous experiments.

In this model 46 additional parameters were added to the 31 originally-
implemented microalgae parameters (Solimeno et al.,, 2015), for a total of 87
parameters. Most of these parameters were obtained from the existing RWQML1
(Reichert et al., 2001), ASM1, and ASM3 (Gujer et al., 1999, Henze et al., 2000,
lacopozzi et al., 2007). Parameters related to temperature, photorespiration, carbon
limitation and light attenuation were obtained from other literature cited in Supporting
Information (S3).

Morris’s uncertainty method (Morris, 1991) was applied to screening which
parameters had the greater influence on the simulation response. The detailed
implementation of Morris’s uncertainty method (Morris, 1991) is described in our
previously work (Solimeno et al., 2016).

Based on previously uncertainty analysis, the model was calibrated by
adjusting the values of maximum growth rate of microalgae (uaLc), the maximum
growth rate and the decay of heterotrophic bacteria (ux and KdeathH) and the parameters
related to the transfer of gases to the atmosphere (Kao2, Kacoz and Kanns). Calibration
was performed comparing real data with simulation curves. Manual trial of parameters
was used to match measured data as much as possible using graphical representations.
Moreover, characteristic parameters (puaLc, pH, KdeathH, Kao2, Kacoz and Kanns), values
were adjusted in order to minimize the root mean square error (RMSE) between
experimental data and simulated curves. After calibration the model was validated using
data collected from July 17 to July 20, 2016 from the two Middle ponds M1 and M2.

Phosphorus was not considered in the simulations presented here since usually
does not cause any growth limiting effect in high rate algal ponds treating wastewaters
(Shilton, 2005, Garcia et al., 2004).

Practical study cases were conducted to evaluate the relative effect of nutrients
availability (i.e. nitrogen and carbon), temperature and light attenuation on microalgae
growth. Moreover, total biomass production and the relative proportion of microalgae
and bacteria as a function of different influent concentrations of organic matter were
investigated. Keeping the same nutrient concentrations of the influent wastewater in the
pond used for the calibration of the model and the same concentration of microalgae at
beginning of the experiment, two scenarios were evaluated reducing COD influent and
the initial concentration of bacteria (Xn, Xaos and Xnos), inert organic matter (Xi) and
soluble organic matter (Xs) of 50% and 70%.

5. Results and discussion

5.1. Model calibration
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The model was calibrated using duplicate experimental data of pH, DO, TSS,
alkalinity, and nitrogen species concentrations from Delhi, California’s pilot raceway
ponds. The initial concentrations of components at the beginning of the experiments and
the maximum and minimum water temperature and irradiance recorded for the four days
of experiment, are shown in Table 2. TENDRIAS QUE DECIR QUE SE USARON
LAS MEDIAS PARA LAS SIMULACIONES, NO? From the 87 parameters included
in the BIO_ALGAE model (SI, S3), a sensitivity analysis of the maximum growth rate
of microalgae (paLc), the maximum growth rate and the inactivation of heterotrophic
bacteria (uH and kadeath,H) was performed to evaluate the impact of these parameters on
simulation response. In this work, the sensitivity analysis of Kaoz, Kacozand Kannxs was
neglected since the model results, from our previously works (Solimeno et al., 2016,
2015), have proven to be very sensitive to mass transfer coefficients to the atmosphere
and therefore likely to be changed during the calibration. Note that the paLc, ux and
kdeath# Were selected because a global sensitivity analysis of whole set of model
parameters (87) is quite unattainable objective unless high-end computational facilities
are available. Moreover, these three parameters have demonstrated to influence mostly
the model response during the calibration. Results of the sensitivity analysis, as reported
in Figure S1 in the Supporting Information, have confirmed that these parameters
selected (uaLc, uH and Keeath 1) have the greatest impact on simulation outputs, therefore
need to be calibrated. Once the most sensitive parameters of the model were identified,
the calibration was performed in order to fit the model with the experimental data.

Table 3 presents the values of the six calibrated parameters which were used to
obtain the results shown in Figures 4 to 6.

Fig. 4 shows the wave-like pattern of pH and DO concentrations in both the
simulated and experimental data, which is consistent with known pond microalgae and
bacteria activity. During night DO was not near 0 due to mechanical aeration. The
model was able to match pretty well pH and DO values, in fact the the root mean square
error of the simulation was low in relation to measured values (RMSEpn= 0.11 and
RMSEpo= 0.62 g O2 m). This meant a good agreement between experimental data and
simulations (Willmott et al., 1985; Bennet et al., 2013).

Fig. 5 shows the changes in both experimental and simulated bicarbonate
(C_HCQOgs), ammonium nitrogen (N_NH4), nitrate (N_NOs) and nitrite (N_NO3)
concentrations in the HRAPSs. Bicarbonate and nitrate had relatively constant values in
the different days, and the model was able to reproduce quite well the pattern of these
experimental data. Ammonium and nitrite had clearly lower concentration than nitrate
and much more relative variation. The RMSE values were 1.26 g C HCOz m?3, 0.73 g
N_NHs m3 1.72 g N_.NOz m3, 0.16 g N_NO2 m?3. Altogether these results are
indicative of a great nitrification activity, and it is very interesting to see how the model
is very sensitive and can show slight diurnal variations which are not detected with the
experimental samples. For example, it can be seen that higher simulated ammonia
concentrations are observed at night when microalgae do not grow and DO
concentrations are the lowest.
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Average total biomass concentration in M1 and M2 changed from approximately
300 g TSS m™ at the beginning of the experiment to 363 g TSS m= within four days.
Simulated TSS concentrations (Fig. 6) match such growth patterns with a good accuracy
(RMSETss= 8.11 g TSS m=). Moreover, the Fig. 6 shows the simulated curve of
microalgal (XaLc) and bacterial biomass (Xn, Xaos and Xnos). As can be seen much of
the biomass corresponds to microalgae (36.5% in average of TSS) and heterotrophic
bacteria (28%). Nitrifiers biomass is comparatively very low (0.2%), however their
activity is very important. The remaining solids are attributable to Xs (5%) and X
(30.3%). This low amount of nitrifiers in comparison to other bacteria groups has been
also obtained in previous simulation studies (Sams6 and Garcia, 2013; Krasnits et al.,
2009; Silyn-Roberts and Lewis, 2001).

5.2. Model validation

The model was validated with experimental data obtained over four days. Solar
radiation, temperature, and initial conditions of culture medium were different in the
calibration and validation data sets (Table 2). Validation was conducted using the
previous calibrated parameter values (Table 3).

Experimental results of the validation were similar to those of the calibration,
and simulations matched pretty well the data. Fig. 7 shows the pH and DO fluctuations.
The global error of the simulations was slightly higher than in the calibration
(RMSEpr= 0.38 and RMSEpo= 1.88 g O2 m™®), but also the range of variation of the two
parameters was much higher. Nitrates were again the N species with the higher
concentration (Fig. 8). The RMSE values of each component were: RMSEHcos= 2.25 g
C_HCO3 m?3, RMSEnHs= 0.85 g N_NHs m3 RMSEnos= 4.80 g N_NOz m?,
RMSEnoz= 0.18 g N_NO2 m™. Simulated ammonium curve shows that the model was
able to reproduce a wavelike trend of ammonium observed during the calibration,
although with less accuracy (RMSEnws values of validation was 0.85 g N_NHzs m
against 0.73 g N_NHs m calculated from calibration result).

Simulated TSS concentrations fitted well the experimental data and the RMSE
had a similar value to those obtained before during the calibration (RMSEtss= 7.93 g
TSS m3). Likewise of calibration, the model could to estimate microalgal (XaLc) and
bacterial biomass (Xn, Xaos and Xnos) over the four days of simulation (Fig. 9). Again
much of the average biomass corresponds to microalgae (36.2% in average of TSS) and
heterotrophic bacteria (30% in average), while nitrifiers (0.22%) had a low
concentration. The remaining solids were Xs (4.8 %) and Xi (28.7 %). The relative
proportion of particulate components respect to TSS obtained from model validation
matches pretty well to those provided from the calibration.

5.3. Model applications

5.3.1. Analysis of factors affecting microalgae growth
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These results of high nitrate concentration (in average 41.2 g N_NOz m from
calibration results) in conjunction with the relatively low microalgae biomass (in
average 128 g TSS m=from calibration results) suggest C limitation for the growth of
microalgae (note that nitrifiers and microalgae compete for inorganic carbon). In fact
the C:N average ratio in the culture medium was 1:2. In general it is considered that
microalgae growing in wastewater systems such as HRAP, in which no external carbon
dioxide is supplied, are usually carbon limited (Park and Craggs, 2011; Garcia et al.,
2010; Oswald, 1988; Buhr and Miller, 1983).

With a deep analysis of model outputs this hypothesis could be tested and it
could be investigated which factor is more affecting microalgae concentration. Fig. 10
shows the changes of Monod-limited functions values for inorganic carbon, nitrate and
ammonium, as well as the light factor f.(l) (Processes 1a, 1b, in Table S1 in Supporting
Information). As can be seen, Monod functions had values near 1 and therefore
microalgae were no limited by carbon or nitrogen, rejecting the hypothesis of carbon
limitation. In fact, microalgae were strongly influenced by the light factor f.(l), that had
values clearly lower than 1 and reduced growth from 40 to 60 %. This factor takes into
account the effects of light intensity (e.g. photoinhibition, photolimitation and light
attenuation) and is considered to be the main limiting factor in pure microalgae systems
(Larsdotter, 2006 REVISA QUE ESTA REFERENCIA SEA ADECUADA PARA
“PURE SYSTEMS”). Fig. 11 shows the changes in incident light intensity (lo) and
subsequent changes in pond average light intensity (lav) (EQ. 3), which had a direct
effect on the values of the light factor. The effect of the light factor fL(I) on microalgae
growth can be detected in Fig. 6b, where the slope of the main pattern of the curve
slightly changes from days 1-2 to 3-4.

— /\/\
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0,4 -
0,2
O T T T T U T U T T 1
0 10 20 30 40 50 60 70 80 90 100 110
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Nitrate Monod function Ammonium Monod function

Carbon Monod function Light factor

Fig. 10. Changes in the microalgae Monod-limited functions for inorganic carbon, nitrate and
ammonium, and in the light factor (f.) over the 4 days of the experiment. Results obtained from
calibration.
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598
599 Fig. 11. Changes in in incident light intensity (lo) (green line) and average light intensity in the

600 pond (la) (red line) evolution over the 4 days of the experiment. Results obtained from calibration.

601

602 In addition, it is known that the growth of microalgae is highly dependent on
603  temperature; it increase when optimum temperature is reached and drastically decrease
604  when optimum temperature is exceeded (Solimeno et al., 2017; Dauta et al., 1990). The
605 effect of the photosynthetic thermal factor on microalgae growth is shown in Fig. 12
606  (Processes 1a, 1b, in Table S1 in Supporting Information). As can be seen this factor
607  lowered growth at night and midday (when water temperature was greater than 25 °C).
608  However the global effect of the thermal factor was not as important as the light factor
609  (having values ranging from 0.90 to 0.9.

610
1 - 35
0,8 - - 30
0,6 - - 25
2 O
o o
04 - S0
0,2 - 15
O T T T T T T T T T T 10
0 10 20 30 40 50 60 70 80 90 100 110
611 Time [h]
612
613 Fig. 12. Changes of the thermic photosynthetic factor (fr rs) (blue line) and the water

614  temperature (T) (orange line) over the 4 days of the experiment. Results obteined from calibration.
615

616 5.3.2. Study case: effect of organic matter influent concentration on the relative
617  proportion of microalgae and bacteria

618

619 According to the results presented in the previous section, attenuation of light

620  within the pond was the main limiting factor on microalgae growth. Light attenuation
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depends strongly on particulate components concentration; therefore it could be
expected that with lower organic matter influent concentrations the relative proportion
of microalgae could increase, due to a lower growth of heterotrophic bacteria. To test
this hypothesis, results from calibration were compared with two scenarios where total
COD influent and initial concentration used for the calibration of particulate organic
matter (except microalgae concentration) were reduced by 50% and 70%, respectively.
As can be observed in Fig. 13, simulations indicated that the total biomass production
(in average of TSS) increased from 5.3 g TSS m? d'to 7.4 g TSS md-'with the lower
organic matter. Also the proportion of particulate components changed. Microalgae
production is increased from 2.6 g TSS m? d'to 4.7 g TSS m2d?, while heterotrophic
bacteria and inert particulate organic matter are decreased. The negative net production
of slowly biodegradable particulate matter (Xs) is due to the conversion into readily
biodegradable soluble organic matter (Ss) through hydrolysis process catalyzed by
heterotrophic bacteria. A lower concentration of heterotrophic bacteria reduces the rate
of hydrolysis. Autotrophy bacteria were not considered since their concentration is
usually low.

Moreover, Fig. 13 shows the relative proportion of each particulate component
respect to the total biomass. The proportion of microalgae in microalgae/bacteria
biomass is increased trough an influent less loaded of particulate organic matter (from
56% to 77%). This result is in accordance with previous study by Park and Craggs,
2010, where the proportion of algae in the algae/bacteria biomass for an HRAP
operating at 4-day hydraulic retention time (HRT) with CO2 addition (approximately the
same of our pilot raceways HRT= 4.4 d) was around 80.5%. On the other hand,
microalgae production is relatively low (4.7 g TSS m™2dlin average) comparing to
values measured by Park and Craggs, 2010 (mean areal algal productivity =16.7 £ 7.1 g
m2d?). The low microalgae production suggests that microalgae are limited by carbon
due to the absence of CO: addition. Fig. 14 shows that carbon Monod functions had
values near 1 and therefore microalgae were no limited by carbon. Microalgae
production is reduced due to the light attenuation by the high TSS concentrations in the
culture medium. Although, the light factor (fL) continues to reduce microalgae growth
(~ 60%), an influent with less particulate organic matter slightly increases this factor
promoting the growth of microalgae, especially at days 3-4, where the value of light
factor (fL) was most limiting (Fig. 14).
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Fig. 14. Comparison between light factor (f.) evolution and microalgae Monod-limited function
for inorganic carbon over the 4 days of the experiment as function of COD influent. Red colour
correspond to COD = 232 g TSS m(calibration value) green to COD = 116 g TSS m™ and blue to COD
=70 g TSS m?. Continues and dotted lines correspond to light factor and Monod function values,
respectively.

6. Conclusion

In this paper the integral microalgae-bacteria model BIO_ALGAE for
microalgae culture systems is presented. Biological processes, chemical and physical
parameters affecting simultaneously microalgae and bacteria cultures were implemented
in COMSOL Multiphysics™ software.

Based on RWQM1 and ASM3, BIO_ALGAE model considers carbon limitation
on the growth of microalgae and autotrophic bacteria, and factors to represent
photosynthesis, photolimitation, light attenuation, photorespiration, temperature
dependency and the hydrodynamics of the system.
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Uncertainty parameters from previously sensibility analysis were calibrated and
validated by comparing simulated results and experimental data from triplicate pilot
raceway ponds fed with facultative pond effluent for two different periods of four days.
Results of the calibration and validation have indicated that the model was able to
accurately reproduce total biomass concentrations, pH, dissolved oxygen and nutrient
uptake.

The developed model has demonstrated to be a useful tool to simulate the
performance of microalgae-bacteria wastewater treatment, in order to predict, for
instance, the biomass growth of involved microorganisms (i.e. microalgae and bacteria)
and their relative proportion as function of different COD influent. Moreover, the model
could help to understand better physical and biochemical effects on the overall
functioning system.

The next step in order to better understand microalgal-bacterial wastewater
treatment would be to predict the production of microalgae and nutrient uptake using
the model over a long period of time.
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