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 Microalgae have the potential to produce enough biofuels to meet current US 
fuel demands. In order to achieve this potential, photobioreactors (PBRs) that 
are efficient, scalable, and affordable need to be developed. Models are an 
analytical tool that can be used to evaluate various PBRs. In this article, a 
physics-based dynamic model was developed for growing microalgae in a 
vertical flat panel photobioreactor that may be used to improve PBR efficiency 
independent of scale. A model was used to estimate the microalgae growth and 
by-product production as a function of incident light. A physics-based feed 
forward controller that uses an estimated amount of CO2 consumption to 
determine the amount of additional CO2 to be added to the system during 
photosynthesis, was developed. This was used in conjunction with a feedback 
controller for growing microalgae inside a PBR. 
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INTRODUCTION 
 
Microalgae can convert carbon dioxide (CO2) into storage 
lipids that may be refined into biofuels. More CO2 is being 
produced now than in previous years, and there is a 
limited supply of fossil fuels in the world. Under the right 
conditions, microalgae will utilize available CO2 to 
produce lipids that may help supplement the limited fuel 
supply. There are two control objectives to this process 
namely, maximizing biomass growth and maximizing 
storage lipid production. These two objectives are 
achieved through sequential phases in the process, and 
hence would each have separate controllers. The focus 
of this article is on improving biomass production by 
regulating key variables (for example, pH, dissolved CO2, 
dissolved O2, and temperature). While the use of models 
and controllers to improve lipid production are not 
discussed  here,  there  is  still  a  benefit   to   be   gained  

 
 
 
*Corresponding author. E-mail: 
michael.buehner@woodward.com. 

through the use of such techniques in combination with 
the selection of an appropriate microalgae strain (Chisti, 
2007). 

A program of research sponsored by the National 
Renewable Energy Laboratory (NREL) from 1978-1996 
estimated that microalgae could produce lipids at the rate 
of 7,000-15,000 gallons/acre/year (Sheehan et al., 1998). 
This is almost 35 times the productivity of lipids from 
Jatropha, at roughly 200-250 gallons/acre/year (Chisti, 
2007), and almost 350 times the productivity of lipids 
from corn, at roughly 20-25 gallons/acre/year (Chisti, 
2007). This means that microalgae could meet 50% of all 
transport fuel needs of the United States while using only 
2 to 4.5 million hectares, which translates to about 1.1-
2.5% of the existing US cropping area (Chisti, 2007). 
While this is encouraging, there have been numerous 
challenges with scaling up to a large production facility 
(Richmond, 2000). The primary challenge has been to 
design economical photobioreactors (PBRs) that are able 
to utilize intense light and maintain appropriate gas 
concentrations  at  a   commercial   scale   (Chisti,   2007;  



 

 

 
 
 
 
Richmond, 2000; Merchuk and Wu, 2003; Janssen et al., 
2000, 2003; Richmond and Zou, 1999; Carvalho et al., 
2006; Deschenes et al., 2005). 

System models provide a valuable tool for evaluating 
the different reactors and control strategies. The majority 
of the existing models are for tubular reactors. A variety 
of linear and non-linear models have been developed to 
address this for tubular reactors (Merchuk and Wu, 2003; 
Janssen et al., 2000, 2003; Richmond and Zou, 1999; 
Deschenes et al., 2005; Camacho Rubio et al., 2003; 
Camacho Rubio et al., 2004; Chisti, 1989; Chisti et al., 
1988, 1990; Kurano and Miyachi, 2005). Vertical flat 
panels have a large surface area to volume ratio that 
gives them advantages over tubular reactors. However, 
there have been significantly less publications on vertical 
flat panel reactors, which is the style of reactor addressed 
in the work presented here.  

Model based controls have been developed in 
(Deschenes et al., 2005; Celikovsky et al., 2008; 
Berenguel et al., 2004; Camacho Rubio et al., 1999; 
Mailleret et al., 2005a, b). Most of these papers model 
growth as a function of light using a Monod kinetics 
model. The Monod model describes how bacteria go 
through exponential, linear, and decaying growth phases 
as they consume their nutrients. This idea is extended to 
how microalgae grow in a light limited closed PBR, which 
is an entirely empirical model that works well for some 
situations, but lacks physical intuition of growth in a light 
limited environment. In the work presented here, a 
scalable model is developed that addresses these 
phases by considering the physics of resource limited 
microalgae growth inside a vertical flat panel PBR. 

According to the Center for the study of carbon dioxide 
and global change (Center for the Study of Carbon 
Dioxide and Global Change, 2008), aquatic plants (such 
as microalgae) are very sensitive to the amount of 
dissolved CO2 available for photosynthesis. In particular, 
an elevated CO2 concentration can lead to a dramatic 
increase in biomass. For most experiments and PBR 
setups, the amount of dissolved CO2 available for 
photosynthesis is regulated by bubbling through a CO2 
enriched gas stream (for example, air mixed with pure 
CO2 to achieve a desired ppm CO2). The primary control 
objective is to supply CO2 to the microalgae as it is being 
consumed by photosynthesis to maintain a desired pH in 
the media. One of the biggest difficulties in maintaining 
the proper CO2 concentration at a large scale is dealing 
with the long transportation delay between when the CO2 
concentration in the input gas stream is changed and 
when the CO2 reaches the media. This is addressed by 
using the physics-based controller methodology presen-
ted here. 
 
 

MICROALGAE MODELLING 
 

A   photobioreactor   (PBR)   model    that    characterizes  
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microalgae growth in a resource limited environment was 
developed. While many other PBR models exist, they 
mainly use an empirical model to model resource limited 
growth. Monad models describe how bacteria grow in a 
media where the growth changes from exponential in the 
beginning (when there are plenty of nutrients in the 
media) to a decaying growth phase, where nutrients 
deplete out of media (Dette et al., 2005; Deschenes et 
al., 2005). In practice, there is a linear growth stage (due 
to light limited growth) that is somewhat approximated in 
the Monad models, but not properly modelled based on 
the physics of the PBR. This is addressed here by using 
a physics-based model of microalgae growth inside a 
closed PBR. Early results on this method were published 
in Buehner et al. (2009). 

Figure 1 shows one of the PBR test beds used to 
validate the model. In the larger PBR bath (on the left), 
there were four PBRs. Each PBR consisted of vertical flat 
panels submerged in a water bath. Sensors were placed 
throughout the PBR to measure the amount of dissolved 
O2 (DO), pH, and optical density (OD). The OD sensor 
correlated well to dry mass and was used to measure 
microalgae accumulation. Input gas streams of pure CO2 
and air were continuously delivered through mass flow 
controllers. These gas streams were then mixed and 
bubbled through the flat panels. The act of bubbling this 
gas created a sparging (gas exchange) between the CO2 
rich bubbles and the elevated dissolved O2 in the media 
during intense periods of photosynthesis. During photo-
synthesis, this sparging provided both the necessary CO2 
to the media required for photosynthesis, while removing 
the potentially toxic build-up of DO. The sparging also 
helped to mix the microalgae, which increased the 
amount of microalgae exposed to light (and hence 
increased growth from photosynthesis). 

In order to make a model that is scalable, physical units 
were selected as densities and concentrations. The 
aggregate values may be obtained by multiplying the 
densities and concentrations by the reactor dimensions 
and (gas) mass flow rates, respectively. A density based 
model is developed by considering the growth dynamics 
in a single flat panel. Figure 2 illustrates the dynamic 
interactions of a single flat panel.  

Sun light is incident to the PBR water basin. Most of 
this light enters the bath and is available for photo-
synthesis by the microalgae, while the rest is reflected. 
The amount of reflection is based on the angle of 
incidence of the incoming light. The flat panel PBRs are 
submerged in a water basin that provides some structure 
for the flat panels themselves, regulates the temperature 
of the microalgae and media mixture inside the closed flat 
panels, and distributes the sunlight that enters the bath. 
The media mixture is an industry standard mixture that 
essentially mimics nutrient rich seawater. In the presence 
of light, microalgae exposed to light will photosynthesize 
to  produce  more  biomass.   During   this   process,   the
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Figure 1. Vertical flat panel photobioreactor test bed. 

 
 
 

 
 

Figure 2. Individual flat panel design. 

 
 
 
microalgae interact with  the  media  to  remove  nutrients 
and dissolved carbon while releasing DO back into the 
media. For sustained growth, the microalgae need the 
media to be supplied with additional dissolved carbon 
and purged of built up DO from  photosynthesis,  which  it 

gets  from  the  sparging  process  mentioned  previously. 
The interaction between the bubbles and the media make 
up the water chemistry sub-system, and the interaction 
between the microalgae cells and the nutrient rich media 
make    up    the    photosynthesis    sub-system.    These
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Figure 3. Simulation model of a photobioreactor. 

 
 
 
phenomena are captured in the PBR model in Figure 3 
that contains the three major sub-systems, namely the 
light sub-system (red), the photosynthesis sub-system 
(green), and the water chemistry sub-system (blue). 

The details of each sub-system are described in the 
remainder of this subsection. 

 
 
Incident light sub-system 

 
The incident light sub-system determines the amount of  
light that will reach the microalgae, which is a function of 
incident light to the PBR bath, sun position, amount of 
mixing, culture density, and PBR geometry. About 43% of 
the full spectrum of sunlight is photosynthetically active 
radiation (PAR) which is the amount of light available for 
photosynthesis on earth. PAR is the light intensity in the 
400 to 700nm range. For cloudfree environments there 
are models based on time, place, and geometry (Duffie 
and Beckman, 1991); however, this sub-system is not the 
focus of our study presented here. Instead, the amount of 
incident PAR was measured using a sensor. To simplify 
the model, it is assumed that all of the measured PAR is 
available for photosynthesis. In the growth model, a sun 
utilization parameter will account for the actual amount of 
light that is utilized for photosynthesis. 

 
 
Photosynthesis sub-system 

 
The photosynthesis sub-system models the dynamics of 
the microalgae as they utilize photons from the sun, CO2, 
and nutrients to produce oxygen (O2) and more micro-
algae. The rate at which microalgae grow depends on 
their  ability  to  utilize   the   incident   light   and   on   the 

availability   of   nutrients.   Assuming   there   are   ample 
nutrients available, microalgae growth is primarily a 
function of input light. Growth only happens when there is 
available light; however, they will respire all of the time 
(that is, in both the presence and absence of light). 
During respiration, the microalgae will utilize O2 and 
stored carbon as an energy source and release CO2 back 
into the media. Respiration results in a loss of biomass. 
In the presence of light, growth (and hence carbon 
assimilation) will dominate the metabolic process

1
. The 

result is that growth will be a function of the amount of 
microalgae that are exposed to light. In closed PBRs, 
microalgae are grown to thick densities that will result in 
light limited growth. This phenomenon is illustrated in 
Figure 4.  

When the culture is sparse, there are an excess 
number of PAR photons that are not being utilized.Under 
this condition, microalgae will grow exponentially, since 
the produced algal mass will not be limited by available 
photons. This is illustrated on the left side of Figure 4. At 
some point, the algal density will become great enough 
that all of the incident light will be utilized. At densities 
greater than this, the microalgae growth rate will be 
linear. This is illustrated on the right side of Figure 4. As 
the density continues to increase, a smaller fraction of the 
microalgae will be able to receive the amount of light 
required for photosynthesis and respiration will be the 
dominant metabolic activity. In the model, this feature is 
captured by saturating the density in the growth term. 
When the density gets above a critical density, labelled 
mdense, the amount of growth resulting from photo-
synthesis becomes linear while the density lost due to 
respiration   remains   exponential.   These    effects    are

                                                           
1Microalgae contain the enzyme Rubisco that utilizes both CO2 and O2 as 
substrates. 
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Figure 4. Light limited growth inside a closed photobioreactor. 

 
 
 
described by the following nonlinear differential equation. 
 

 
 
Were 
 

 
 

 
 
The state variable malgae is the amount of microalgae 
inside the PBR and its derivative, namely ṁ algae, is the 
growth rate of microalgae inside the PBR. The term KPAR 
is the sun utilization parameter that converts incident 
light, namely IPAR, into microalgae growth rate, and the 
constant R is the rate of biomass loss due to respiration 
(in the dark). The microalgae also respire while exposed 
to sunlight, so the respiration term is still appropriate 
during growing times. However, the rate of respiration is 
known to be greater during sunlight exposure. This 
discrepancy is hard to measure directly. Instead, it is 
included in the KPAR parameter (that is, photorespiration 
results in a smaller sun utilization parameter). Finally, the 
parameter mdense is the critical density above which the 
growth becomes linear.  

For model validation, the model parameters in Equation 
1 were fit to data. An example plot of the modelled and 
measured growth is shown in Figure 5. 
 
 

Growth in terms of gas conversion 
 

As microalgae grow, they  consume  carbon,  which  they  

get from dissolved CO2 and other nutrients from their 
surroundings while releasing O2. In general, microalgae 
biomass is 50% carbon by dry weight (Chisti, 2007). A 
mole of CO2 has a mass of 44 grams and 12 of these 
grams come from carbon. Based on these premises, the 
expression that 1 g of microalgae can fix 1.83 g of CO2 
may be derived as follows 
 

 
 
A simplified equation for photosynthesis

2
 is given by 

 
12H2O+6CO2+light→C6H12O6+6O2+6H2O                (4) 
 
This equation states that for every gram of CO2 
consumed, there is a gram of O2 produced. While this is 
true, it does not account for all of the O2 that is produced. 
This results from the fact that O2 molecules come from 
splitting water, which provide energy for all of the 
metabolic processes inside the microalgae. Therefore, 
there is not a one-to-one correspondence of O2 
molecules produced to CO2 molecules fixed. The excess 
energy that is not used to fix CO2 is used for other 
metabolic processes such as fixing nutrients from the 
surrounding media and cell repair. This is often echoed in 
the literature by the fact that it takes 8 photons of light to 
produce one O2 molecule, but that it takes 8-12 photons 
of light to assimilate a CO2 molecule (Johnston, 1976). 
Assuming that 10 photons of light are required to  fix  one 

                                                           
2Note that the reverse of photosynthesis is respiration, which is given by 
C6H12O6 + 6O2 + 6H2O        12H2O + 6CO2 + energy 
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Figure 5. Growth model verification. 

 
 
 
CO2 molecule, the amount of O2 produced will be: 
 

 
 
Since these values are based on densities, they are 
independent of reactor size, which means that the 
resulting models will be independent of scale. Based on 
the assumptions in Equations 3 and 5, the CO2 
consumption rate (density) and O2 produced rate 
(density) may be expressed in terms of the growth rate 
(density). In particular, the mass production and 
consumption rates (per gram microalgae) of CO2 and O2, 
respectively, are 
 

 
 

 
 

In general, the relationships may be expressed as: 
 

 
 

 

where, KCO2 and KO2 are the amount of gas 
consumed/produced per mass of microalgae growth and 
may be in units other than grams gas per gram 
microalgae. 

 
 
Water chemistry sub-system 

 
The water chemistry sub-system models both the 
dissolved gases and nutrients available to the microalgae 
in the media. The dissolved gases are a function of both 
the gases being delivered and the internal gases being 
consumed and generated by the microalgae. The main 
purpose for bubbling CO2 rich air through the media is to 
regulate the concentrations of dissolved O2 and dissolved 
CO2 (via mass transfer). In general, the gas transfer rates 
may be modelled locally as a first order dynamic system. 
Due to the distributed nature of the system, the model 
would require many cascaded first order systems. 
However, cascaded first order models add unnecessary 
complication and additional states. Instead, this 
phenomenon may be essentially captured by using a first 
order plus dead time model (Camacho and Bordons, 
2004), which is the method used here. 
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Figure 6. Dissolved oxygen model verification. 

 
 
 

Oxygen production model 

 
When the media in the PBR is at equilibrium with air, 
there is about 8.3 mg/L of dissolved O2 in the media, 
which is maintained through bubbling air when there is no 
growth or respiration. During high growth periods, 
dissolved O2 will build up in the system and is eventually 
purged at night. This is described by the following 
dynamic model. 

 
(10) 

 

 
 
Here, is the flow rate of gas into the PBR,  is a 

lumped parameter that determines the lag time for mass 

transfer of DO between the media and bubbles , is 

the DO level that the media will equilibrate to, and is 

the rate of oxygen produced through photosynthesis (see 
subsection, Growth in terms of gas conversion). For a 
specific   reactor   setup,   the   lag    time    for    reaching 

equilibrium will be a function of the size and frequency of 
the bubbles, the location and pattern of the holes that 
bubbles come out of, the dimension of the flat panel 
reactor, and the volume of bubbles in the reactor. Since 
these parameters will vary from reactor to reactor due to 
manufacturing variability and operational variability, they 
were grouped into two parameters, namely the flow rate 

gasthat is proportional to the volume of bubbles in the 

reactor during bubbling, and a lumped parameter that 

is the rate of mass transfer for a given bubble 
configuration. For the system here, the product 

determines the overall rate of oxygen diffusion 

between the bubbled gas and the media.  

As the rate of bubbling  decreases, the lag time 

given by  increases, which means that the 

mass transfer between bubbles and media takes longer. 

In the limit as  (that is, no gas is bubbled through 

the media),  which means that there is no mass 

transfer between the bubbles and media. In this case, DO 

will build up in the media at rate . This is illustrated 

in Equation 11. A simulation with parameters fit from data 
is provided in Figure 6. 
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Figure 7.DO model verification (zoomed in). 

 
 
 

In Figure 6, the top graph shows both the DO sensor 
and the modelled output. For reference, the input to the 
DO model (that is, the DO production rate from the 
growth model) is provided. This bottom graph illustrates 
one of the challenges to growing microalgae, which is the 
potential problem of DO build up. During peak growing 
hours, DO is being produced at rates up to 7 
(mass/volume/time), which has the potential to quickly 
raise the level of DO to a point where growth will cease. 
Even with continuous bubbling, the DO levels build up to 
1.5 times the normal equilibrium with air; however, the 
microalgae are still able to grow in this environment 
without many inhibitory effects. 

In order to see the first order dynamics of the DO 
model, a zoomed in version of Figure 6 is shown in 
Figure 7. By examining the DO model and sensor in the 
top plot, the DO data is a slightly smoothed (and scaled) 
version of the modelled O2 production from growth. For  a 

particular example, examine the two graphs between 
hours 52 and 53 in Figure 7. Here, there are two distinct 
peaks in production rate (bottom graph in Figure 7) that 
appear as one smoothed peak to the sensor and model 
(top graph in Figure 7). This is a result of the mass 
transfer dynamics between the bubbles and the media. 
 
 

Carbon dioxide consumption model 
 

The input gas stream is an air-plus-CO2 gas stream 
where the amount of added CO2 varies. This variation 

may change the equilibrium value . There is a 

delay from when the CO2 concentration changes and 
when the new gas mixture arrives at the media, which is 
captured by the delay . An analogous method may 

be used to model the dissolved inorganic carbon (DIC), 
which is modelled in Equation 12. 



 

 

Buehner et al.          40 
 
 
 

      (12) 

 

Here, is the CO2 gas concentration required for a 

specific pH. As CO2 is removed from the media through 

photosynthesis (that is, ), the value of will be 

increased to help replace the consumed CO2. Therefore, 
this value is always changing during active growth to 
maintain a constant pH. Due to the distributed nature of 

the system, there is a delay of between when the 

commanded CO2 concentration changes, and when the 
CO2 reaches the media. This phenomenon is demon-
strated in the next major heading (section), where CO2 is 
used to regulate pH. 
 
 

pH model 
 

As CO2 dissolves in the media, it breaks down into 
different species, namely aqueous CO2 (CO2(aq)), 

carbonic acid (H2CO3), bicarbonate ( ), and 

carbonate ( ). The combination of all of these species 

makesup the total DIC. The amount of aqueous CO2, 
namely CO2(aq), is a function of temperature and 
pressure, which is governed by Henry’s Law. Based on 
the DIC and Henry’s law, the following chemical equation 
will reach equilibrium. 
 

(aq)+ ⇋ ⇋ +
+ ⇋ +

+            (13) 
 

The amount of each of carbonic acid, bicarbonate, and 
carbonate species determines the pH. As pH increases, 
the equilibrium shifts to the left. Similarly, as the pH 
decreases, the equilibrium shifts to the right. As 
microalgae grow, CO2(aq) is removed from the sur-
rounding media, which causes the equilibrium to shift to 
the left and the pH to rise. Some strains of microalgae will 
also utilize bicarbonate as a carbon source. The 
microalgae still require CO2, which they get by splitting 

bicarbonate into ⇋  + 
-
. The release of the 

-
 also causes the pH to increase. It is unclear which 

method of carbon assimilation dominates the pH 
increase, but both result in a pH increase and are hence 
grouped together in one term for the model presented 
here. 

The addition of dissolved CO2 decreases the pH of the 
media. It can take 2-3 s for carbon to completely dissolve 
and only a fraction of the input CO2 dissolves before 
leaving the vent. Therefore, there are some dynamics 
associated with the pH in the media, which are captured 
by the first order dynamics (transfer function) in Equation 
14. The pH model is linearized about an operating pH (for 
example, a pH of 7.3). 
 

 

 
 
 
 

Here,  is the lag time associated with the DIC settling 

into the appropriate species and  is the conversion 

factor from DIC to pH units.  
Combining the DIC and pH models from above results 

in the following first order model 
 

   (15) 

 

 
 
 

PHYSICS-BASED MICROALGAE CONTROL 
 
For the PBR models and controllers presented here, the 
only commanded input is CO2 flow rate, which affects the 
CO2 concentration in the input gas stream. It is well 
understood that the dissolved CO2 concentration in media 
may be sensed via pH, which was describe in detail 
previously. Therefore, the control objective is to maintain 
the appropriate dissolved CO2 concentration by 
regulating the pH of the media. Proper pH regulation via 
input CO2 gas has been shown to have a large impact on 
microalgae production (Center for the Study of Carbon 
Dioxide and Global Change, 2008; Logothetis et al., 
2004; Yue and Chen, 2005), and in some cases, can 
improve the biomass yield by up to 500%. In a larger 
PBR configuration, there may exist long transport delays, 
which will affect the achievable pH regulation. Through 
the use of the our developed controller architectures, we 
can characterize the achievable pH regulation that may 
be attained for a specified PBR configuration.  

In this subsection, two controller architectures will be 
explored. The first will be a model-based feedback 
controller and the second will be a nonlinear extension to 
the dual feed forward predictive controller from (Buehner 
and Young, 2010, 2015). For pH regulation, a pH growth 
model is abstracted from the physics-based microalgae 
model developed previously. 
 
 
pH growth model 
 

In this subsection, a pH model is extracted for the vertical 
flat panel PBR (Figure 1) that may be used for controller 
development. The pH of the media is primarily a function 
of the amount of dissolved CO2 in the media. The two 
main factors that affect the dissolved CO2 concentration 
in the media are the CO2 concentration in the sparging 
bubbles (which use mass transfer to affect the amount of 
dissolved CO2 in the media), and dissolved CO2 
consumption and production by the microalgae (during 
photosynthesis and respiration). Therefore, the following 
two interactions will be modelled: 
 

 Dynamics  between   commanded   CO2   flow   rate   in 
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Figure 8. Photobioreactor pH growth model. 

 
 
 

sparge gas and the sensed pH in the media. 

 pH change due to microalgae activity (that is, 
photosynthesis and respiration). 

 
As the microalgae consume and produce CO2, they will 
interact with the media to change the pH. Microalgae will 
both photosynthesize (consume CO2) and respirate 
(produce CO2), which will affect the CO2 concentration in 
the surrounding media. Photosynthesis will dominate 
during the daylight hours and respiration will dominate in 
the dark. These phenomenon are captured by the 
previously developed growth model. For the pH model, it 
is assumed that the change in pH will be proportional to 
the change in CO2 concentration. Therefore, a scaled 
version of the CO2 consumption term from the growth 
model is added to the final pH value. This is illustrated in 

Figure 8. In this figure,  is the conversion between 

CO2 consumed and increase in pH. Since this change in 
pH happens within a few seconds of photosynthesis or 
respiration, it does not require the transportation delay or 
diffusion dynamics. 

For the pH model considered here, the model 
parameters are set to: 

 
KpH= -0.3    [CO2 mass flow to pH]                               (17) 

= 0.03  [hours]                                                        (18) 

  = 0.05  [hours]                                                        (19) 

 =    [CO2 to pH]                                                 (20) 
 

When there is a measurement of malgae available, it may 
be used to improve the estimate of ṁ algae by creating 
the following observer: 
 

 
 

Here,  represents the measured dry mass and 

is the modelled dry mass. Using these values, the 

growth rate  is corrected via an observer gain L. By 

appropriately chosing the appropriate constants, this 

 also determines the CO2 consumption and O2 

production rates. For the application considered here, the 
CO2 consumption rate will be used to determine the feed 
forward control input used for pH regulation. Note that the 
open-loop growth model may be obtained by setting L = 0 
in Equation 21. For the growth model considered here, 
the growth model parameters were set to: 
 

KPAR       = 0.01       [m
2
/mol]                                     (22) 

= 0.0045    [1/hours]                                       (23) 

   = 1              [g/L]                                              (24) 

= -0.144      [g/L]                                             (25) 
 

For the simulations considered here, pre-recorded PAR 
data and algae mass data are used to drive the nonlinear 
growth model given in Equation 21. 

Modelled 
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Figure 9. Feedback controller synthesis interconnect. 

 
 
 
pH regulation using feedback controllers 
 
For the feedback controller design, a robust controller is 
designed based on the linear part of the diagram in 
Figure 8. The LTI plant used for controller synthesis was 
 

 
 

where ,  and  were defined in Equation 17-19. 

Note that this simulation has a time delay  of 3 min, 

which is not uncommon for medium to large reactors. 
This delay will limit the pH regulation performance. For 
the purpose of feedback controller design, the pH change 
due to microalgae growth (that is, photosynthesis and 
respiration) is a disturbance on the plant output that the 
feedback controller must reject. A robust control design 
approach (μ-synthesis) is used here for the feedback 
controller (Packard and Doyle, 1993; Zhou et al., 1996), 
which utilizes the interconnect shown in Figure 9.  

For this robust controller design, the following weights 
were chosen: 
 

 
 

 
 

 = 0.0001                                                             (29) 

 
 

 = 0.01                                                                 (31) 

 
The resulting feedback controller is given by the 
following. 
 

 
 
Simulation results are shown in Figure 10. It may be seen 
that the feedback controller is able to regulate pH to 
+0.1998 to -0.1609 around the pH set point of 7 during 
the high growth period (i.e., when the sun is out and 
measured PAR is more intense). For this example, the 
high growth period is between hours 9 and 17 in Figure 
10. This provides a baseline for comparing the physics-
based feedforward controller architecture presented next. 
 
 
Physics-based pH regulation with growth 
compensation 

 
Physics-based control was achieved by using a modified 
version of the dual feed forward predictive controller 
(DFFPC) architecture presented in (Buehner, 2010; 
Buehner and Young, 2015). In the standard DFFPC, an 
external reference trajectory (labelled r(t)) is decomposed 
into  an  output  trajectory   that    the    plant    can   track
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Figure 10.Simulated feedback only microalgae pH regulation. 

 
 
 
(labelled rff(t)) and a control signal (labelled uff(t)) that will 
drive the plant along the feed forward reference trajectory 
rff(t). In the nominal case, the feedback error (when 
defined as actual plant output (labelled y(t)) minus rff(t)) 
will be zero and is referred to as ―achievable tracking‖. 
The interested reader is encouraged to consult (Buehner 
and Young, 2015) for a more thorough discussion of this 
controller methodology. For the application considered 
here, a special form of this architecture will be 
constructed. 

If the pH model did not include the nonlinear growth 
model, the extension of pH regulation to a DFFPC 
architecture would be straightforward. The only 
modification would be to include the linearization offsets 
inside the feedback loop. However, the nonlinear growth 
model dynamics provide another non-minimum phase 
component. To see this, note that as the microalgae 
grow, the pH changes instantaneously; however, the 
controller must compensate for this change in pH through 

the transport delay .  In  the  DFFPC  architecture,  this 

instantaneous change in pH due to growth may be 
captured by adding it to rff(t). This will restore the DFFPC 
tracking requirement of pH in the sense that the feedback 
error will be zero; however, only changing rff(t) means 
that the measured pH will vary with photosynthesis and 
no compensation will be made by control signal (uff(t)) to 
correct for the amount of CO2 (sensed via pH) that is 
being removed from the media during growth. This 
violates one of the DFFPC design requirements, which 
states that rff(t) must asymptotically track r(t) (and not r(t) 
+ ―some non-zero offset‖). This is addressed by 
subtracting the dynamics that ―pH change due to growth‖ 
will have in the feed forward structure. This will 
(asymptotically) cancel out the addition of the ―pH change 
due to growth‖ that has been added to rff(t). This may be 
observed in the modified DFFPC architecture shown in 
Figure 11. 

In Figure 11, the compensation of growth in the 
reference signals is labelled ―Growth Compensation‖. For 
this example, the plant factorization is: 
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Figure 11. Microalgae pH regulation using a modified DFFPC architecture simulation diagram. 

 
 
 

 
 

 
 

Let  be the disturbance on pH that results from 

growth. Now, there are two inputs and one output, which 
means that there are two closed-loop transfer functions, 
namely one from reference input r(t) to output y(t) and 

one from disturbance  to output y(t). When there is 

no growth (that is, , then the nominal closed-

loop response from r(t) to y(t) is the expected one, 
namely 
 

 
 
However, the nominal closed-loop response from 

to y(t) is 

 

(36) 

 

This piece has no counterpart in the DFFPC presented in 
Buehner (2010), but this  modification  is  required  to  get 

the desired tracking result. The overall closed-loop 
expression (that includes the effects of both the reference 
input and disturbance input) is 
 

 
 

 
 

 
 
For demonstration purposes, the same set of PAR data 
from the previous section is used to demonstrate the 
performance improvement in the nominal case. For the 
simulation here, 

 

 
 
where  is the bandwidth in rad/sec. An example 

simulation with  = 20 is shown in Figure 12. 

In Figure 12, the ability to track the reference changes 

has been improved by  and the amount of variation 

in the pH is +0.1981 to -0.1506 around the pH set point of 
7 during the  high  growth  period,  which  is  about  a  5%  
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Figure 12. Simulated microalgae pH regulation using a modified DFFPC architecture. 

 
 
 
improvement over the feedback controller presented 
previously. The advantage to this method over the 
feedback only case is improved performance (that is, less 
total variation). Also, the amount of recovery time is less 
(that is, faster recovery) with the DFFPC architecture. 
This may be seen by looking at the feedback error plots 
in Figures 10 and 12. With the DFFPC architecture, the 

actual pH that may be tracked (for this choice of ) 

will vary by at least +0.1981 to -0.1506 (around the pH 
set point). This is a fundamental limitation on how much 
the pH will vary. If this is unacceptable, then structural 
changes will need to be made. For example, the time 
delay could be reduced by putting more CO2 actuators 
that are closer to the pH sensors. As an example, let the 
PBR be configured such that the time delay has been 
reduced by a factor of ten (that is, the time delay 
becomes 0.005 h or 18 s). A simulation of this is shown in 
Figure 13.  

The simulation in Figure 13 shows that the pH variation 
due to growth is now +0.1418 to -0.0957  around  the  pH 

set point of 7 during the high growth period. This is an 
example of control-structure interaction (CSI) that may be 
used to evaluate the different PBR design trade-offs. The 
advantage that the DFFPC architecture provides over the 
feedback design is that it characterizes the achievable 
performance analytically. 

This alleviates the potential need to redesign a 
feedback controller for each configuration, which would 
introduce another variation to what the expected 
performance will be for a given PBR setup. 
 
 
Remarks on controller 
 
A nonlinear pH model was developed that was suitable 
for controller development. Using this nonlinear model, 
both feedback and DFFPC controllers were developed for 
pH regulation, and their performance measured in 
simulation. The DFFPC architecture is able to charac-
terize the expected pH regulation that  may  be  achieved
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Figure 13. Simulated microalgae pH regulation using a modified DFFPC architecture with smaller transport delay. 

 
 
 

for a given process delay (and choice of ). Using 

this characterization, the trade-offs between process 
delay and pH variation may be studied.  

For this particular application, it may be observed that 
the CO2 regulation naturally follows the feed forward 
growth model. This was true even in the feedback only 
case, where the feedback controller was reacting to the 
changes in pH. Even in this case, the commanded 
CO2flowrate mimics the PAR driven growth rate during 
high growth periods. This motivates the use of feed 
forward control on this system, where the feed forward 
control input is well modelled by the nonlinear growth 
model. In the case of DFFPC, the second feed forward 
controller (uff(t)) is providing the additional CO2 flowrate 
based on current consumption (from the non-linear 
growth model), and the feedback controller is correcting 
for small errors between the actual pH and the pH that 
the feed forward reference controller (rff(t)) is predicting. 
 
 

CONCLUSION 
 

In the work presented here, the focus was on modelling 
and control of photobioreactors (PBRs) growing 
microalgae for biofuel production.  A  non-linear  dynamic 

physics-based model was developed that accurately 
modelled microalgae growth in a resource limited (for 
example, light-limited) environment. Since this model is 
independent of reactor size, it is a scalable model that 
may be used to evaluate various PBR sizes and 
configurations. This model was verified on experimental 
data from an actual PBR. 
The biggest known factor affecting microalgae growth is 
proper pH regulation. For this, a pH model was 
developed that may be used for controller synthesis. The 
model includes both the media dynamics (that are 
approximately linear around an operating point), and the 
nonlinear growth dynamics (that is, the dynamics of 
consuming and producing CO2 as function of input PAR). 
Using this model, both a robust feedback controller and a 
physics-based DFFPC were synthesized and simulated. 
In order to get the DFFPC architecture to be applicable, 
some modifications were required to define achievable 
tracking for this specific nonlinear system. This demon-
strates that the DFFPC architecture may be applied to 
more than just linear problems; however, the methods will 
be application specific (as is the case here). 

The robust feedback controller was able to keep the pH 
variation to little over 0.36 (peak-to-peak). While this may 
be acceptable for most applications,  it  does  not  provide 



 

 

 
 
 
 
insight into what is achievable. Through the use of a 
modified DFFPC architecture derived from a physics-
based model, the achievable performance of about 0.348 
pH variation (peak-to-peak) may be achieved. This is 
roughly a 3.3% improvement in pH variation. Given the 
sensitive nature of microalgae to pH regulation, this could 
have a significant impact on biomass yield. 

In addition to the case considered here, an example 
was provided that showed the benefit of combining the 
DFFPC architecture and CSI methodologies to further 
improve pH tracking performance. In this case, the pH 
variation was about 0.238 (peak-to-peak), which is over a 
30% improvement in pH variation. This example demon-
strates how the methods presented here could be used to 
improve the mechanical design of the system. This could 
potentially have an additional positive impact on micro-
algae growth and hence biofuel production. 
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