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In this paper we present the results of a numerical modelling work aimed at predicting the kinetics of 

microalgae production in a lab-scale photobioreactor. The experimental equipment is composed of a flat-plate 

bioreactor exposed to the light irradiation, and of a tank equipped with a hydraulic pump to secure the culture 

circulation. The numerical model addresses both the hydrodynamics of the experimental equipment and the 

kinetics of the relevant bio-chemical reactions. The hydrodynamics of the reactor was modelled as the one of 

a plug flow with a longitudinal dispersion, whereas the hydrodynamics of the tank was modelled as a cascade 

of continuous flow stirred tank reactors. The gaseous species transfer from the liquid free surface to the 

atmosphere was also considered. The relevant bio-chemical processes involved were modelled using 

common first-order rate expressions for the microalgae growth, and the effect of both thermal and 

photosynthetic phenomena, as well as the inhibition effects induced by substrate limitation and oxygen 

excess, have been taken into account. A calibration procedure has been conducted and showed that the 

model is able to reproduce with a satisfactorily degree of accuracy the experimental results, thus paving the 

way for its use as a production forecasting tool.  

1. Introduction 

The large number of high-value bio-compounds which can be obtained from microalgae has drawn the 

attention of a variety of industrial sectors for which microalgae represents a promising feedstock source for the 

production of more sustainable products (Brennan, Owende, 2010, Molino et al., 2020).  

Microalgae have traditionally been cultivated in simple and low-cost open photobioreactors, often referred to 

as “open raceways ponds”. Open ponds are the cheaper method for the large-scale production of microalgae 

as they do not require artificial irradiation sources, they have low energy and maintenance requirements, and 

they do not compete for land, if implemented in areas with limited crop production potential. However, such 

photobioreactors suffer of poor mixing, light and CO2 utilisation, and moreover the cultures can easily be 

contaminated, thus precluding their use for the preparation of high-value products by the pharmaceutical and 

cosmetics industries, for instance. 

Closed photobioreactors are designed to overcome some of the major problems associated with the open 

pond production system (Brennan, Owende, 2010, Fekete et al., 2018). Closed photobioreactors consist of an 

array of straight glass or plastic tubes which capture irradiation for the microalgae to grow. Microalgae cultures 

are re-circulated either with a mechanical pump or by an airlift system providing a mechanism for mixing and 

gas exchange (Eriksen, 2008, Converti et al., 2006, Muharam et al., 2017). Furthermore, closed 

photobioreactors minimize contamination risks, they offer better control over operative conditions (such as pH, 

temperature, light, CO2 concentration), they prevent water loss by evaporation, and they permit higher cell 

concentrations, thus making them the most suitable approach for the largescale production of microalgae 

(Janssen et al., 2002, Huang et al., 2017). 

However, even in closed photobioreactors, production forecasting and optimization is challenging because 

microalgae growth depends on a number of parameters, including radiation, temperature, nutrients availability 
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as well as on certain inhibitory conditions (e.g. excess of oxygen). In this context, mathematical models offer a 

great opportunity to study the simultaneous effect of different factors affecting algal growth. The first efforts for 

modelling microalgae growth kinetics date back to the work by Droop (1974) who predicted algal growth based 

on the substrate concentration. Since then, a number of researchers have developed models based on single 

factors such as light intensity (Huisman, 1999, Mazzelli et al., 2018), temperature (Franz et al., 2012), 

photosynthesis and photoinhibition effects (Wu, Merchuk, 2001), or accounting for multiple phenomena 

(Sánchez-Zurano et al., 2021) 

A detailed biokinetic model that includes the crucial physical and bio-kinetic processes has been recently 

proposed by Solimeno et al. (2015). This model counts for the carbon-limited algal growth, the transfer of 

gases to the atmosphere, the photorespiration, photosynthesis and photoinhibition phenomena, and assumes 

the growth of microalgae to be a function of light intensity and temperature, as well as of the availability of 

nutrients. In the present work we aim at using such a bio-kinetic model to predict the growth kinetics 

experimentally observed in a lab-scale flat-plate photobioreactor. The bio-kinetic model has been enriched 

with a model for addressing the hydrodynamics of the equipment and it has been calibrated with an 

experimental set of data, with the final aim of developing a predictive and reliable production forecast tool. 

2. Methods  

The microalgae strain selected for the experimental tests is the Acutodesmus obliquus strain 276-3b, formally 

Scenedesmus obliquus (Turpin) Kützing, obtained from the SAG Culture Collection of Algae (Göttingen, 

Germany). The photobioreactor prototype (Figure 1 left) is made up of two flat-panels, a mixing tank and a 

hydraulic circulator. Between the two hydraulic panels a luminous source system is placed, which is 

composed by a customizable LED (Light Emitting Diode) matrix and an optical guide for the optimization of the 

light distribution on the panel surface. The panels are made of transparent polycarbonate with a surface area 

of 1.5 m2. Each panel is partitioned into 28 channels (alveoli), with a 0.0004 m2 rectangular cross section and 

a total length of about 40 m. The mixing tank is made up with a HDPE material, with a working volume of 

0.026 m3. The experiments were conducted in batch mode, with a flow rate of 20.2 m3/day, a mixed red-blue 

light spectrum with an average irradiance of 150 µE(m2 s)-1 and a room temperature kept at 25°C. 

The biomass concentration was periodically measured by dry weight measurements. A small sample of the 

culture broth was periodically collected, filtered through a 1.5 µm pore-size glass fiber filter, dried at 105°C 

and finally weighted. Temperature, pH, dissolved oxygen and carbon dioxide concentrations in the broth were 

constantly monitored by probes located at the output of the photoreactor.  

 

 

Figure 1: left) Schematization of the lab-plant for microalgae growth. Nutrients are added at the process start-

up. CO2 is supplied at the tank exit. Gaseous species are released to the atmosphere from the liquid free 

surface. Right) Graphical representation of the components considered by the kinetic model. Arrows indicate 

species that are either consumed or produced, or both, by the microalgae. The bells group species in 

chemical equilibrium with each other.  

2.1 Hydrodynamics modelling 

The plant has been modelled addressing both the hydrodynamics and the chemical kinetics of the process. 

The hydrodynamics of the tank has been modelled as a cascade of equally sized continuous flow stirred tank 

reactors (CSTRs). In each CSTR it is assumed that the broth is well mixed such that there are no gradients in 

nutrients, gases or biomass concentrations. The chemical kinetics are taken into account as detailed in the 

work by Solimeno et al. (2015), and the transfer of the gaseous species to the atmosphere is considered as 

well. Therefore, the mass balance for an i-component in the α-reactor reads as: 
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𝑑𝐶𝛼,𝑖

𝑑𝑡
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𝑉𝛼
𝐶𝑖,𝑜𝑢𝑡 +  �̇�𝑖,𝑎𝑡𝑚 +  Σ𝑟𝑖                                                                                                             (1) 

where 𝐶𝑖 is the i-component concentration, �̇� the flow rate, 𝑉𝛼 the volume of the reactor, �̇�𝑖,𝑎𝑡𝑚 the mass 

transfer rate of the specie to the atmosphere, and Σ𝑟𝑖 the reaction rate of the i-component. The transfer to the 

atmosphere of the gaseous species was assumed to occur only from the first of the three CSTRs adopted for 

the hydrodynamic modelling of the tank, and it was computed as �̇�𝑖,𝑎𝑡𝑚 = (𝑘𝐿𝑎)𝑖(𝐶𝑖
𝑆𝐴𝑇 −  𝐶𝑖) where (𝑘𝐿𝑎)𝑖 is 

the free surface mass transfer coefficient between the liquid and the ambient atmosphere, and where 𝐶𝑖
𝑆𝐴𝑇 is 

the saturation concentration of the specie in the liquid phase.  

In the flat-plate reactor the flow dynamics was assumed to be the one of a plug flow reactor with an axial 

dispersion, included in the model to count for the flow non-idealities, and left as a calibration parameter. Thus, 

neglecting all concentration gradients other than the one in the velocity direction, in such an equipment the 

mass balance for a i component reads as: 

𝜕𝐶𝑖

𝜕𝑡
= −

𝜕(𝑢𝑧∙𝐶𝑖)

𝜕𝑧
+  𝒟

𝜕2𝐶𝑖

𝜕𝑧2
+ Σ𝑟𝑖                                                                                                                              (2) 

where 𝑧 is the flow direction, 𝑢𝑧 is the fluid velocity in the flow direction, and 𝒟 is the longitudinal dispersion. 

 

2.2 Reaction kinetic modelling 

Regarding the kinetic modelling of the reactions taking place in the broth, the model by Solimeno et al. (2015) 

has been used. The basic idea of the model is that with light (i.e., in the radiated flat-panel) microalgae growth, 

they consume substrate (carbon and nitrogen) and release oxygen. As a result of the microalgal activity, 

hydroxide ions concentration and pH increase, displacing the equilibrium of the carbon species towards the 

formation of carbonates. In darkness (i.e., in the tank), endogenous respiration and inactivation of microalgae 

take place and release carbon dioxide, the concentration of hydrogen ions increases and pH decreases.  

The model is conceptually depicted in Figure 1 (right), where all the components of the model are reported 

together with arrows indicating the main reactions taking place. The model comprises three gaseous species 

(O2, CO2, NH3), six ion species (NO3
-, NH4

+, HCO3
-, CO3

2-, H+, OH-) and one particulate component, namely 

the microalgae biomass 𝑋𝑎𝑙𝑔. A detailed description of the reaction network can be found in the work by 

Solimeno et al. (2015). Here, for the sake of conciseness we limit ourselves to report the rate expression used 

for describing the growth of algae on nitrates. This has been expressed as the product of a maximum specific 

growth rate 𝜇𝑎𝑙𝑔, multiplied by the local instantaneous concentration 𝑋𝑎𝑙𝑔 and by corrective factors (in the form 

of Monod functions) that limit or inhibit the growth: 

𝑟𝑖 = 𝜇𝑎𝑙𝑔 ∙ 𝑓𝑇,𝐹𝑆(𝑇) ∙ 𝜂𝑃𝑆(𝐼, 𝐶𝑂2
) ∙

𝐶𝐶𝑂2+𝐶𝐻𝐶𝑂3
−

𝐾𝐶,𝑎𝑙𝑔 + 𝐶𝐶𝑂2+𝐶𝐻𝐶𝑂3
− +

𝐶𝐶𝑂2

2

𝐼𝐶𝑂2,𝑎𝑙𝑔

∙
𝐶𝑁𝑂3

−

𝐾𝑁,𝑎𝑙𝑔 + 𝐶𝑁𝑂3
−

∙
𝐾𝑁,𝑎𝑙𝑔

𝐾𝑁,𝑎𝑙𝑔 + 𝐶𝑁𝐻3+𝐶𝑁𝐻4
+

∙ 𝑋𝑎𝑙𝑔 
(3) 

In Eq(3), 𝑓𝑇,𝐹𝑆 =  exp (−
𝑇−𝑇𝑜𝑝𝑡

𝑠
)

2
  is a thermic photosynthetic factor introduced to count for the growth rate 

decrease due to the deviation from the optimal temperature (𝑇𝑜𝑝𝑡 = 25°𝐶, 𝑠 = 13), 𝜂𝑃𝑆 is a photosynthetic 

factor used to count for the effects of light intensity and excess of oxygen on photosynthesis, 𝐾𝐶,𝑎𝑙𝑔 and 𝐾𝑁,𝑎𝑙𝑔 

are affinity constant of microalgae on carbon and nitrogen species, respectively, and 𝐼𝐶𝑂2,𝑎𝑙𝑔 is a CO2 inhibition 

constant. Phosphorous species and their effects on the biological process were not included in the model but 

assumed to be in large excess in the broth and to not be growth-limiting. The reader is referred to the work by 

Solimeno et al. (2015) for the full reaction network, which includes the microalgae growth on ammonia, the 

microalgae endogenous respiration, the microalgae inactivation phenomena, and the relevant chemical 

equilibria. 

 

2.3 Computational details 

The partial differential equations of Eq(2) describing the species transport in the flat-plate reactor have been 

reduced to a set of ODEs by the method of lines, with 50 nodes used for the domain discretization. Three 

CSTRs have been used to describe the hydrodynamics of the tank, and 10 components are accounted for by 

the bio-kinetic model. This results in a total number of linear equations equal to 530 (= 50 ∙ 10 + 3 ∙ 10). 

The problem has been coded using Fortran95, resorting to the lsode routine of the ODEPACK library for the 

solution of the linear system of ODEs. The code returned the results of a 4 physical-days batch process in 

about 4 wall-clock computational hours, when run on a single CPU of a workstation equipped with an Intel(R) 

Xeon(R) CPU E5-2630 v4 @ 2.20GHz. 
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3. Results and discussion 

The experimental tests were conducted in batch mode, thus neither influent nor effluent liquid flows were 

used. A carbon dioxide flow has been instead insufflated in the broth during the experiment, and adjusted by 

an on-off control system such as to keep the pH value of the broth around 8.0. In the modelling, for the sake of 

numerical stability, we opted for introducing a continuous CO2 injection, whose flow rate was set by a trial and 

error procedure until we observed the pH to be constantly equal to 8 throughout the entire growth process. 

This was seen to occur for a linearly increasing flow rate following a ramp of equation �̇�𝐶𝑂2
= 𝑎 + 𝑏 ∙ 𝑡, with 

𝑎 = 4 nL/day and 𝑏 = 6.4 nL/day2.  

The other species initial concentrations were set as experimentally determined. However, the model relies on 

a number of characteristic parameters whose exact values are unknown. This uncertainty imposed the need 

for a calibration process. As reported by Solimeno et al. (2015) and as simulation results proved, the model is 

especially sensitive to the rate of gaseous species release to the atmosphere. This happens because gases 

participate in a number of processes which have a serious impact on the algal activity. Indeed, high dissolved 

oxygen levels can inhibit microalgae growth, as well as carbon dioxide does at very high concentrations 

because of its acidifying effect. For this reason, the transfer coefficient of gases to atmosphere have been 

adjusted in order to match the data obtained by the experimental run. The main parameters used to calibrate 

the model are reported in Table 1. The reader is referred to the work by Solimeno et al. (2015) for the 

complete set of equations and for the value of the parameters not herein reported.  

Table 1: Main parameters of the simulated microalgal growth process 

Longitudinal 

dispersion 

[m2 d-1]  

Flow rate 

[m3 d-1] 

 

CO2 mass 

transfer 

coefficient [d-1]  

 

O2 mass 

transfer 

coefficient [d-1]  

 

CO2 saturation 

concentration   

[g m-3] 

O2 saturation 

concentration   

[g m-3] 

Specific 

growth rate 

𝜇𝑎𝑙𝑔 [d-1] 

0.1 20.16 4 2 6.89 9.30 1.8 

 

Figure 2a reports both the simulated and experimental temporal evolution of the dissolved CO2 in the broth. It 

can be seen that the two sets of data compare fairly well, with a small deviation appearing only in the late 

stage of the growth process. In Figure 2b the comparison between the computed and the experimental pH 

value is shown.  

 

 

Figure 2: a) Simulated and experimental dynamics of the dissolved CO2 concentration. b) Simulated and 

experimental pH value of the broth.  

It can be seen that a satisfactorily agreement is reached here as well, even though the CO2 supply procedure 

differs between the two cases, being a continuous injection in the numerical model, and an on-off 

discontinuous injection controlled by the pH value in the experimental tests. These results prove however that 

after calibration our numerical method is able to properly model the increased CO2 need determined by the 

algal biomass growth. 
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Figure 3: a) Simulated and experimental total suspended solid concentration by dry weight measurements. b) 

Temporal evolution of the nitrate concentration.  

In Figure 3a we report the microalgae concentration in the broth as a function of time. A satisfactory 

agreement with the experimental data was reached by using a value of the specific growth rate 𝜇𝑎𝑙𝑔 equal to 

1.8 d-1, which well fits within literature ranges (Solimeno et al. 2015). Figure 3b shows the comparison 

between the experimental and simulated nitrate concentration. Here, the two sets of data agree remarkably 

well in the initial stage of the process, but a significant discrepancy can be observed at a later stage, with the 

model evidently underestimating the NO3
- consumption. This suggests that growth on other substrates (e.g. 

ammonia) may have set in during the growth. However, to date, our experimental setup is not able to 

determine to which extent nitrates are converted to ammonia and used as a substrate for the algal activity.  

 

Figure 4: a) Dissolved oxygen concentration as a function of time for 𝑘𝐿𝑎=2 d-1. In the inset the result of a 

sensitivity analysis of the oxygen mass transfer on the process yield is shown. b) Biomass concentration as a 

function of time for 4 different temperature values.  

Figure 4a reports the temporal evolution of the dissolved oxygen concentration. It can be noted that the model 

correctly predicts the expected increase of the oxygen concentration due to the algae photosynthetic activity, 

and the simulation data agree quantitively well with the experimental results. However, the apparent 

qualitative discrepancy suggests the need for a more careful characterization of the features of the tank 

hydrodynamics in order to obtain more reliable prediction for the oxygen release to the atmosphere. In the 

inset the dependence of the process productivity (computed as (𝑋𝑎𝑙𝑔,𝑓𝑖𝑛 − 𝑋𝑎𝑙𝑔,𝑖𝑛)/(𝑡𝑓𝑖𝑛 − 𝑡𝑖𝑛)) on the oxygen 

mass transfer coefficient is shown, making apparent the substantial detrimental effect of the oxygen 

accumulation on the process productivity for low mass transfer coefficients. Finally, Figure 4b reports the 

numerically predicted temperature effect on the microalgae growth kinetics, which shows that even small 

deviations from the growth optimal temperature are potentially able to induce substantial productivity drops.   
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4. Conclusions 

In this work we developed a model addressing both the hydrodynamics and the bio-chemical kinetics of a 

microalgae growth process. A calibration procedure has been conducted in order to match the simulated 

results with the one of an experimental growth process conducted in a lab-scale flat-plate photobioreactor.  

The preliminary results herein presented show a satisfactorily match with the experimental ones. The model 

was seen to accurately predict the microalgae production rate, the pH value of the broth as well as the 

temporal behavior of the dissolved gaseous species concentration. Discrepancies were observed in the nitrate 

concentration, thus indicating the need for a more careful estimation of the nutrient consumption rate. 

Results made apparent that the model is particularly sensitive to the gas release to the atmosphere, therefore 

future investigations by computational fluid dynamics simulation will be conducted in order to obtain a more 

accurate characterization of the hydrodynamic regimes in both the tank and the reactor, and in order to obtain 

estimates for the mass transfer coefficients based on the equipment hydrodynamics.  

Finally, it is worth noting that the results herein presented were obtained under specific experimental 

conditions. Therefore, the model predictions depend on the parameter set at which the model was calibrated. 

However, results prove our model as a promising tool for a predictive and reliable production forecast of 

microalgae growth.   
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