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Biosurfactants, synthesised by microorganisms, are surface-active compounds capable of reducing surface 
tension and increasing system’s emulsification. Several factors, such as the use of waste instead of synthetic 
substrate, can influence biosurfactant production. Hence, modelling and optimization are extremely important 
to find an economic route for its application in industrial scale.The classical numerical methods based on 
gradient usually fail to obtain nhe optimum kinetic parameters because they often converge to local 
minima.Stochastic global search algorithms, such as the Genetic Algorithm (GA), have been showing a great 
potential to detect optimal solutions in complex systems as bioprocesses. This work aims to evaluate the 
procedure that employs GA for estimating the kinetic parameters involved in biosurfactant production from 
agro-industrial waste using Bacillus subtilis. Three different models were proposed to describe biomass 
growth, substrate consumption, biosurfactant synthesis and dissolved oxygen in the medium. The technique’s 
quality was evaluated from the normalized sum of squared errors (SSE) and correlation coefficient (R2), 
calculated by the software MATLAB 2017a for each model. Two of the tested models have to be considered to 
achieve the optimal solution, once both presented are remarkable performance reproducing the dynamics of 
most variables, obtaining R² values superior to 0.9 and normalized SSE near to 0. 
Keywords: Genetic Algorithm; Parameter Estimation; Global optimization; Biosurfactant production; Agro-
industrial Waste. 

1. Introduction 

Most surfactants used worldwide are derived from petroleum and represent a potential threat to the 
environment due to their recalcitrant nature (Aparna et al., 2012). It is in this context that emerge the 
biosurfactants, surface active molecules produced by microorganisms that can be used in petrochemical, 
food, cosmetics, and pharmaceutical industries (Santos et al., 2014). They also have several applications in 
environmental protection that include EOR, oil spills control, biodegradation, and detoxification of oil 
contaminated industrial effluents and soil (Khopade et al., 2012). 
Moreover, biosurfactants are biodegradable, less toxic and can be synthesized from renewable sources by a 
wide variety of microorganisms, which makes each of them unique. The recently reported renewable sources 
most included agro-industrial waste such as ground nut and soybean oil refinery residue, distillery and whey 
wastes, potato peels and rice straw (Amodu et al., 2016). Agro-industrial wastes have a great potential to be 
used as substrates in biosurfactant production due to their high nutritional power (Santos, 2015). It became 
clear on Secato’s et al (2016) work that Bacillus subtilis is capable of producing biosurfactant in industrial 
waste growth medium. 
Although many studies reported biosurfactant synthesis, very limited information is available about its kinetic 
production, as well as renewable substrate’s consumption by microorganisms. Asit deals with the metabolism 
of living organisms, the system’s behaviour is slightly predictable, complicating the math modelling. In these 
cases, numerical methods for model fitting based on gradient are not applied because of non-convexity of the 
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error landscape, with several local minima being present. On the other hand, Artificial Intelligence has been 
employed to model and optimize high complexity systems, as biochemistry processes, where the use of 
exacts methods are considerably restricted (Link & Weuster-Botz, 2006, Pappu & Gummadi, 2017, 
Dhanarajan et al., 2017). 
Stochastic approaches are the most proper way to find the ideal solution or optimum point because they are 
based on probability rules, which make them be considerably strong and effective for complex system’s 
optimization (Chowdhury & Garai, 2017).One of these methods is Genetic Algorithm (GA), founded in Charles 
Darwin’s evolution theory. It relies on genetic operators, as mutation and crossing-over, to generate new 
possible solutions, and natural selection mechanism, to privilege the most adapted individuals. Thus, the 
algorithm increases the probability of convergence to the global optimum point. 
This work aims to model the kinetics of renewable substrate consumption, biomass growth, product formation 
and dissolved oxygen in the culture medium, as well as optimize the parameters involved in biosurfactant 
production from Bacillus subtilis using GA as the global optimum search mechanism. 

2. Process Description 

The experimental procedure was developed by Santos (2015) and the data was used to model and optimize 
system’s behaviour. Substrate consumption, biomass growth, biosurfactant production and dissolved oxygen 
concentration were monitored for 24 h in a batch fermentation process. The microorganism utilized was 
Bacillus subtilis. The inoculum was prepared in a broth medium, which mostly contained peel beet and 
residual glycerine. Peel beet was the sugar source while glycerine was added for microorganism maintenance 
during sucrose hydrolysis into glucose. 
The inoculum was taken to a jacketed stirred bioreactor with 7 L of maximum volume capacity and 
temperature, pH and dissolved oxygen sensors. System’s aeration was measured online while the remaining 
variables were determined by sample’s collection from reactional medium. Biomass growth was observed 
through spectroscopy measures every 3 h. Glucose concentration was inferred from a calibration curve, 
established by a laboratory biochemical test kit. 
The process optimization was performed in MATLAB R2017a using the GA functions available in the Global 
Optimization Toolbox. The population size, number of generations, selection and mutation functions were 
defined as 350, 100, stochastic uniform (‘selectionstochunif’) and gaussian (‘mutationgaussian’), respectively. 
The crossover function and fraction, as well as migration direction, interval and probability were set to 
scattered (‘crossoverscattered’), 0.8, ‘both’, 20 and 0.3, respectively. The kinetic parameters’ initial values 
were defined as a vector ‘vr’ and restricted by a lower bound vr*0.05 and upper bound vr*6. 
The optimization function aims to minimize the normalized sum of the squared errors (SSE) between the 
experimentally determined concentrations and those calculated throughout the simulation. The tested models 
were Aiba-Shonda’s (1969), Levenspiel’s (1999) and Andrews’ (1968) original proposals for specific growth 
rate. At the end of the simulation, the code exhibits the optimized parameters; the normalized SSE and 
variable’s graphical behaviour. The program runtime is estimated between 30 and 60 minutes. 

2.1 General Equations 

The mass balance equations in batch bioreactor that describe the biomass growth (Gaden, 1955), substrate 
consumption (Jurecicet al., 1984) and dissolved oxygen (Pirt, 1975) are listed by Eq. (1) to Eq. (4).The 
balance for product formation can be mathematically expressed by several proposals. Three of them are 
presented in ‘Individual Model Equations’ section. 

𝐝𝐝𝐝𝐝
𝐝𝐝𝐝𝐝

= 𝛍𝛍𝐝𝐝𝐝𝐝            (1) 

𝐝𝐝𝐝𝐝
𝐝𝐝𝐝𝐝

= −𝛍𝛍𝐝𝐝𝐝𝐝+ 𝟏𝟏
𝟐𝟐
𝐤𝐤𝟏𝟏𝐝𝐝𝐂𝐂𝐤𝐤− 𝛍𝛍𝐦𝐦𝐦𝐦𝟐𝟐  𝐝𝐝 𝐏𝐏𝐧𝐧          (2) 

𝐝𝐝𝐂𝐂𝐦𝐦𝟐𝟐
𝐝𝐝𝐝𝐝

= 𝐤𝐤𝐋𝐋𝐚𝐚(𝐂𝐂𝐦𝐦𝟐𝟐𝐝𝐝− 𝐂𝐂𝐦𝐦𝟐𝟐)− 𝐐𝐐𝐦𝐦𝟐𝟐𝐝𝐝          (3) 

𝐐𝐐𝐦𝐦𝟐𝟐 = 𝐦𝐦𝐦𝐦 + 𝛍𝛍𝐝𝐝
𝐘𝐘𝐦𝐦

           (4) 

Where X, P, S, and Scare biomass, biosurfactant, glucose and sucrose concentration (g L-1), respectively. 
Additionally, µx and µS are the specific growth and substrate rates (h-1), µmO2 is the maximum oxygen 
consume rate (h-1) and n, k and k1 are kinetic parameters. The variable kLa refers to the oxygen transfer 
volumetric coefficient (h-1),CO2 is this gas’ concentration (g L-1),CO2S is the saturated oxygen concentration (g 
L-1), QO2 is the specific consumption rate (gO2 gcells

-1 h-1).mo is related to the maintenance coefficient for 
oxygen (gO2 gcells

-1 h-1) and Yo is the gas conversion factor to cells (gO2 gcells
-1). Notice that substrate’s 
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equation has a positive term even though glucose is consumed during all the experiment. It is due to peel 
beet’s sucrose hydrolysis into glucose, contributing to substrate’s concentration rise. 

2.2 Individual Model Equations 

This study works with different proposals for microorganism behaviour. The particular equations of each model 
are exhibited in Table 1.All the tested models indicate an inhibitory factor in the system: Andrews suggests 
that substrate may be interfering in microorganism growth, while Levenspiel and Aiba-Shonda propose that it 
is the product formation. Levenspiel’s model considers the maximum product concentration achieved 
experimentally whereas Aiba-Shonda’s contemplate only the instantaneous product concentration.  
The variable µm express the maximum specific growth rate (h-1), YXS is the theoretical biomass yield and KS 
and mS are the substrate’s saturation constant and maintenance coefficient (g L-1). Pmax represents the 
maximum biosurfactant concentration achieved experimentally, µO2 is the oxygen consumption rate (h-1) and 
KO2 is the gas saturation constant (g L-1). Finally, k2, k3, m, n and N are kinetic parameters and Kp and Ki  are 
the inhibition constant for product and substrate (g L-1), respectively. 

Table 1: Individual equations for each tested model. 

 Aiba-Shonda Levenspiel Andrews 

µx µm
S

(KS + S)
Kp

(P + Kp) µm
S

(KS + S) �1 −  
P

Pmax
� µm

S

KS + S + S2

Ki

 

µs Yxs µO2

S
(mS + S) 

µx
Yxs

+ mS Yxs µO2

S
(mS + S) 

µO2 
CO2

(KO2 +  CO2) - 
CO2

(KO2 +  CO2) 

dP
dt  k3µxX− k2S Pn µO2k3e−m S X − k2S PN µO2k3e−m S X − k2S Pn 

3. Results and Discussion 

The kinetic performance of substrate consumption, product formation, cell growth and dissolved oxygen for 
biosurfactant production from Bacillus subtilis in renewable medium are reported in Figures 1 to 4, 
respectively. The asterisks represent the values measured experimentally by Santos (2015) and the curves 
show the dynamic trend calculated by the GA for each variable. 
Figure 1 shows the initial increase of substrate’s concentration due to sucrose hydrolysis into glucose in the 
beginning of the experiment. Then, glucose concentration presents the expected downward trend, once it is 
consumed by the microorganism in order to grow and synthesize products. Figure 2 reveals that the 
biosurfactant production initially increases but around 2 to 10 h, rely on the model, it switches to a decay 
and/or stabilization behaviour. At the same time, Figure 3 illustrates the fast cell concentration raise until 10 h 
of experiment, when the growth velocity is reduced, achieving steady state in some tested models. This 
performance is characteristic of exponential and stationary phases of microorganism growth curve. Figure 4 
displays the awaited drop pattern of dissolved oxygen in culture medium, reaching zero or close 
concentrations since 10 h of simulated data. 
The squared correlation coefficients (R2) between the simulated and experimental data for each variable and 
model are shown in Table 2. The normalized SSE displayed by GA in the end of the simulations can also be 
observed in Table 2. 
Levenspiel’s and Andrews’ models weren’t able to represent the development of experimental glucose 
concentration. On the other hand, Aiba-Shonda’s equation exhibited a conduct very similar to the reality and 
the best estimated substrate behaviour, achieving R² = 0.9717. 
With regard to biosurfactant production, none of the tested models successfully predicted the experimental 
behaviour, implying that additional studies are necessary to predict the synthesis process. The system’s 
complexity, heterogeneity of growing medium, limited comprehension of microorganism metabolism and little 
information about biosurfactant production in renewable mediums denote some of the obstacles to 
mathematically express and simulate the biosurfactant’s concentration pattern. 
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Figure 1: Glucose concentration results for Aiba-Shonda,Levenspiel and Andrews models.  

 

Figure 2: Biosurfactant concentration results for Aiba-Shonda, Levenspiel and Andrews models. 

 

Figure 3: Biomass concentration results for Aiba-Shonda, Levenspiel and Andrews models. 

 

Figure 4: Dissolved oxygen concentration results for forAiba-Shonda, Levenspiel and Andrews models. 

Nevertheless, Andrews’ model turned up to be promising for further studies in this area because it showed 
adequate performance, predicting a peak at the same time as the experimental data. In addition, it was able to 
predict biosurfactant’s concentration increase, decrease and steadiness times in accordance with 
experimental data. Yet, improvements in the equations are necessary to achieve better R2 fit and better 
understanding of the microorganism metabolism. 
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Every tested model indicated the biomass raise until 14 h of experiment. However, Andrew’s equation 
matched the experimental data only until 10 h, not corresponding to the expected behaviour afterwards. On 
the other hand, Aiba-Shonda’s and Levenspiel’s models expressed conducts very close to the laboratory 
measures. Even though both models could perceive the inflection point in biomass growth, Aiba-Shonda’s 
presented the best R² value, reaching 0.9883. 
The reduction in the dissolved oxygen concentration in growth medium can be observed in all three tested 
models. This trend is expected since Bacillus subtilis synthesizes biosurfactants via an aerobic fermentation 
route. Yet, only Aiba-Shonda’s did not predict a premature decrease and stabilization in zero between 10 h 
and 24 h. Hence, it was the best model to predict dissolved oxygen’s real evolution, obtaining R² = 0.9919. 

Table 2: R2 and normalized SSE for each model 

  Aiba-Shonda Levenspiel Andrews 

R2 

Glucose 0.9717 0.7239 0.7129 

Biosurfactant 0.0868 0.4205 0.4252 

Biomass 0.9883 0.9731 0.9333 

Dissolved Oxygen 0.9919 0.9693 0.9540 

Normalized SSE  0.7758 1.3974 1.5432 

Table 3: Optimum parameters calculated by GA for Andrews’ model 

k1* Yo  (gO2gcélulas 
−1 ) Yxs (-) mS (g L-1) KS (g L-1) μmO2 (h-1) KO2 (g L-1) μm  (h

-1) 

0 1.6019 0.0895 0.8622 0.3188 0.5031 0 0.3426 

k3* mo  (gO2gcélulas 
−1 h-1) kLa (h-1) n (-) k (-) k2* m (-) Ki (g L-1) 

4.0784 0.0324 9.3024 3.0349 0.1629 0.3184 0.7772 1.7375 

* These units may vary according to the reaction order. 

Table 4: Optimum parameters calculated by GA for Aiba-Shonda’s model 

k1* Yo  (gO2gcélulas 
−1 ) Yxs (-) mS (g L-1) KS (g L-1) μmO2 (h-1) KO2 (g L-1) μm  (h

-1) 

0 16.9210 21.3293 21.3057 9.3691 7.9544 0.0068 0.7494 

k3* mo  (gO2gcélulas 
−1 h-1) kLa (h-1) n (-) k (-) k2* KP (g L-1) 

29.151 0.0379 7.1342 10.3120 5.0589 32.1017 27.6360 

* These units may vary according to the reaction order. 

The graphical results, observed in Figures 1 to 4, show that the best model to predict biosurfactant formation 
in agro-industrial waste growth medium is Andrew’s. Although modifications in the kinetic equations have to be 
made, it presented satisfactory correlation coefficients for all the variables analysed. On the other hand, Aiba-
Shonda’s model was able to accurately anticipate the evolution of substrate consumption, biomass growth and 
dissolved oxygen concentration. Both models were partially successful and should be considered in further 
studies to optimize biosurfactant production in renewable mediums. The optimum parameters calculated by 
GA for these models are exhibited in Tables 3 and 4. 

4. Conclusions 

The simulated data based on Aiba-Shonda’s model presented the expected behaviour for three out of four 
analysed variables, reaching R2valuessuperior to 0.97as well as normalized SSE smaller than 1. Because of 
the system’s significant complexity, it could not predict the biosurfactant formation process. However, 
Andrews’ equation expressed an acceptable conduct for its production, even when it is the most difficult 
variable to estimate. The proposed equation showed an appreciable potential to describe the biosurfactant 
concentration evolution throughout the fermentation process, achieving the highest R2. Both models should be 
considered in further studies in order to better understand the microorganism metabolism in complex growth 
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medium and improve the results. Nevertheless, the optimization strategy was satisfactory to provide the 
models’ parameters. 
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