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ABSTRACT 
The mathematical modeling of enzymatic reactors for esterification of fatty acids with sugars in 
the production of biosurfactants has been a useful tool for studying and optimizing the process. 
In particular, artificial neural networks and fuzzy systems emerge as promising methods for de-
veloping models for those processes. In this work, regarding artificial neural networks application, 
coupling of networks to reactor mass balances was considered in hybrid models to infer reactant 
concentrations over time. Computationally, an algorithm was constructed incorporating material 
balances, neural reaction rates, and step-by-step numerical integration (employing the classical 
Runge-Kutta method). Besides, based on an available set of experimental data, fuzzy logic was 
applied for modeling and optimization of the conversion of esterification as a function of opera-
tional process parameters (such as time, temperature and molar ratio of substrates). All computa-
tional development was carried out using the Matlab software. The neural networks were able to 
predict the kinetic behavior of xylose esterification process by applying them to reactor mass bal-
ances, obtaining R2 values above 0.94, indicating a good predictive capacity. The trained fuzzy 
models were able to simulate the relationships between input variables and the output variable, 
enabling the construction of surfaces and estimating the optimal operational condition at 60 h of 
reaction, 55°C, molar ratio of substrates of 5:1 and enzyme loading of 37.5 U/g. The same condi-
tion was obtained when applying the particle swarm optimization algorithm. Thus, this work pre-
sented a complete tool based on computational intelligence for modeling, simulation, and optimi-
zation of biosurfactant synthesis. 
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INTRODUCTION 
 Given the need for more sustainable alternatives to 
products available in the market, biosurfactants emerge 
as a promising option to synthetic surfactants [1]. Like as 
to synthetic surfactants, biosurfactants can form micelles 
and reduce surface and interfacial tensions, making them 
suitable for commercial applications [2]. Biosurfactants 
stand out to synthetic surfactants due to their biodegra-
dability, low toxicity, use of substrates from renewable 
sources and waste from various production processes, 
which can reduce manufacturing costs, making them 
more attractive to industries [3,4].  Furthermore, biosur-
factants are more efficient as they further reduce surface 
tension compared to chemical surfactants, requiring a 

lower concentration for maximum surface tension reduc-
tion, in a way that can be used in commercial products of 
the food, beverage, and cosmetics industries [5,6].  

The esterification of fatty acids with carbohydrates 
has a significant commercial interest [7], because it 
yields sugar fatty acid esters, which find extensive appli-
cations in the food, pharmaceutical, cosmetic, and petro-
chemical industries [8]. This reaction can be carried out 
through either chemical or enzymatic routes, with the 
chemical route requiring high temperatures and an alka-
line catalyst, potentially leading to the formation of toxic 
by-products [9]. In contrast, the enzymatic route offers 
mild reaction conditions, along with high selectivity, low 
toxicity, and high product quality and purity [10]. The 
mathematical modeling of enzymatic reactors for the es-
terification of fatty acids with sugars in the production of 
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biosurfactants can be a useful tool for studying and opti-
mizing the process. Particularly, artificial neural networks 
and fuzzy systems emerge as promising methods for de-
veloping models for the mentioned process. 

Artificial Neural Networks (ANNs) are a powerful 
technique for problem-solving in chemical engineering, 
capable of modeling nonlinear systems with a relatively 
simple neural network structure [11,12]. The use of ANNs 
in the mathematical modeling of enzymatic esterification 
reactors has been extensively studied by various au-
thors, aiming to optimize the production of biodiesel, es-
ters of aromatic carboxylic acids, and biosurfactants [13-
15]. ANNs also may be used to enhance productivity, 
quality, and consistency, having applications in medical 
chemistry, hydrology, engineering, and pharmaceutical 
research [16,17]. 

The Adaptive Neuro-Fuzzy Inference System (AN-
FIS) is a technique that combines the power of neural 
networks and fuzzy inference systems, providing a 
method for the fuzzy modeling procedure to learn infor-
mation on a data set [18,19]. ANFIS has been presented 
as a powerful tool for optimizing the reaction parameters 
of enzymatic reactors to produce biosurfactants and bi-
odiesel, and other applications [20-22]. 

The production of biosurfactants through the ester-
ification of fatty acids (oleic and lauric) and carbohy-
drates (fructose, lactose and xylose) in the presence of 
solvents such as tert-butanol and 2-methyl-2-butanol, 
using the commercial immobilized lipase B from Candida 
antarctica and with silica magnetic microparticles 
(SMMPs) as biocatalysts, has been experimentally eval-
uated by Lima et al. [23,24]. Torres [14], in turn, per-
formed the kinetic modeling of this process through three 
distinct approaches: semi-mechanistic phenomenologi-
cal modeling, the use of a model based on the Ping Pong 
Bi Bi mechanism; by using artificial neural networks in an 
empirical kinetic modeling; and the initial development of 
a fuzzy model. 

In this context, the present work aims to contribute 
to the mathematical modeling of biosurfactant produc-
tion by developing a hybrid-neural model capable of cal-
culating xylose concentration values over time. This in-
volves using neural networks to directly infer reaction 
rates. More specifically, hybrid-neural models for infer-
ring the concentrations of reactants over time were de-
veloped, employing neural networks to directly provide 
reaction rates, being the kinetics coupled with reactor 
mass balances. Additionally, to complement the fuzzy 
model developed by Torres et al. [25] (also described in 
Torres [14]), data was incorporated from the factorial de-
sign by Lima et al. [23], allowing a more comprehensive 
understanding of the effect of input variables on the sys-
tem output. This way, fuzzy logic was employed to create 
a model aimed at predicting optimal operational process 

conditions (such as time, temperature, molar ratio of sub-
strates, etc.), to maximize product conversion. 

MATERIAL AND METHODS 

Application of Neural Networks to Infer 
Reaction Rates 

For the development of artificial neural networks, 
data provided by Lima et al. [23] were employed, pertain-
ing to the kinetics of xylose ester synthesis obtained 
through the esterification of oleic or lauric acid in tert-
butyl alcohol medium. The experimental conditions in-
cluded 300 rpm agitation, 1g of molecular sieve, a fatty 
acid/xylose molar ratio (SMR) of 5:1 (or 1:0.2), an enzyme 
activity load of 37.5 U/g of acid, and an initial xylose con-
centration of 20mM. Kinetic data were collected from the 
beginning of the reaction up till 72 hours, conducting ex-
periments with both fatty acids at temperatures of 46ºC 
and 55ºC. The biocatalysts employed were commercial 
lipase B from Candida antarctica immobilized (CALB-IM-
T2-350) and derivatives of CALB immobilized on silica 
magnetic microparticles (SMMPs) with octyl groups 
(CALB-SMMP-octyl) or with octyl and glutaraldehyde 
groups (CALB-SMMP-octyl-GLU). 

To construct the neural network for the hybrid-neu-
ral model application, concentrations of xylose (mM) and 
reaction temperature were used. The neural networks 
were grouped based on the type of fatty acid and biocat-
alyst. The target response variable used in training the 
networks was the sugar consumption rate (mmol.L-1.h-1), 
calculated using the numerical derivative method from 
experimental data on concentration and time. Table 1 
presents the sets of neural networks trained with exper-
imental data for both temperatures, 46ºC and 55ºC. 

Table 1: Specification of each trained ANN set. 

Network Biocatalyst Fatty Acid 
ANN- CALB-IM-T- Oleic 
ANN- CALB-IM-T- Lauric 
ANN- CALB-SMMP-octyl Lauric 
ANN- CALB-SMMP-octyl-GLU Oleic 
ANN- CALB-SMMP-octyl-GLU Lauric 

 
To develop the hybrid-neural model, the coupling of 

neural networks to reactor mass balances was per-
formed, aiming to infer concentrations of reactants over 
time. As the experiments were conducted in a batch re-
actor, Equation 1 represents the mass balance for this re-
actor type. 

𝒅𝒅𝒅𝒅
𝒅𝒅𝒅𝒅

= −𝚪𝚪𝑿𝑿     (1) 

Where 𝛤𝛤𝑋𝑋 is the xylose consumption rate, 𝑋𝑋 is the xy-
lose concentration, and 𝑡𝑡 is the reaction time. In the im-
plementation of the hybrid-neural model, 𝛤𝛤𝑋𝑋  is the output 
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of the neural network; therefore, is possible to obtain xy-
lose concentration values over time by solving the differ-
ential equation. For this purpose, the classical Runge-
Kutta method can be used for integration. The integration 
method was applied using the "ode15s" subroutine in the 
software Matlab. 

The construction and training of neural networks 
were performed using the "feedforwardnet" function in 
the software Matlab. This function also allows data split-
ting for training, validation, and testing, with a distribution 
of 50%, 25%, and 25%, respectively, ensuring at least 
three data points for each training stage. 

In this work, feed-forward neural networks with an 
input layer, a hidden layer, and one neuron in the output 
layer were employed. The training was conducted using 
the "trainlm" function, which implements the Levenberg-
Marquardt method. The model's performance criteria in-
cluded evaluating the determination coefficients for both 
the network training stage and the final response of the 
hybrid-neural model. 

Development of Fuzzy Systems Modeling 
For the development of the ANFIS modeling, kinetic 

data provided by Lima et al. [23] were employed for the 
xylose esterification with fatty acids (oleic or lauric) in 
tert-butyl alcohol medium. The experimental conditions 
included 300 rpm agitation, 1g of molecular sieve, a fatty 
acid/sugar molar ratio of 1:0.2, 20mM of xylose, and an 
enzyme load of 37.5 U/g of acid. Data collection spanned 
from the beginning of the reaction until 72 hours, con-
ducting the experiment at temperatures of 46ºC and 
55ºC for each type of biocatalyst used, namely CALB-IM-
T2-350, CALB-SMMP-octyl, and CALB-SMMP-octyl-
GLU. 

In addition to the kinetic data provided by Lima et al. 
[23], data from an experimental design procedure were 
also utilized in this stage. The operational conditions are 
outlined in Table 2, with a reaction time of 48 hours. 
These data were used in conjunction with the kinetic data 
for constructing the fuzzy models. 

Table 2: Operational Conditions of the factorial design 
[23]. 

Fatty acid Oleic Lauric  
Temperature(ºC)    
Acid/sugar ratio (SMR)    
Enzymatic Load (U/g)    

 
The Neuro Fuzzy Designer tool in the software 

Matlab was employed for model construction, enabling 
the creation of the ANFIS model through graphical user 
interfaces. The datasets were separated based on the 
catalyst type used, resulting in three distinct models: AN-
FIS1 for CALB-IM-T2-350, ANFIS2 for CALB-SMMP-oc-
tyl, and ANFIS3 for CALB-SMMP-octyl-GLU. To enhance 

the fitting quality, additional data points were incorpo-
rated through interpolation in the kinetic data at the 36-
hour mark. 

The input data for ANFIS were organized in a file, 
with columns representing the values for fatty acid, tem-
perature, SMR (substrate molar ratio), enzyme load, time, 
and xylose conversion, respectively. Each row repre-
sented one of the experimental data points. These data 
were loaded into the software, and in conjunction with 
the Neuro Fuzzy Designer tool, linguistic values of the 
model and the membership function were defined. 

Optimization of reaction parameters through PSO 
From the trained ANFIS networks, the particle 

swarm optimization (PSO) algorithm was employed to as-
sess the optimized operational condition for the xylose 
esterification reaction in each network and for each fatty 
acid. The software Matlab, utilizing the PSO routine, can 
be utilized for this purpose, enabling the application of 
the PSO algorithm in the fuzzy network. Due to the rou-
tine's nature of seeking the global minimum, the ANFIS 
network output was defined as negative to pursue the 
global maximum of the network [26]. Import to say that 
other optimization methods could also be considered, 
such as genetic algorithms or simulated annealing. All are 
classical robust algorithms often used to solve global op-
timization problems. 

RESULTS 

Development of Modeling by Artificial Neural 
Networks 

The neural networks were trained with the aim to in-
ferring xylose consumption rate in the esterification re-
action during biosurfactant synthesis, using concentra-
tion and temperature information as input for the net-
work. During training, the network utilized experimental 
data to learn data behaviors, while validation was con-
ducted to assess the network's generalization ability us-
ing some data, and testing was performed to evaluate the 
neural model's performance. The adopted criterion was 
the coefficient of determination (R2), obtained by com-
paring the network output value with the experimental 
value of the output variable. For the network to be con-
sidered promising, the final R2 values need to exceed 
0.95. 

The number of neurons in the hidden layer was de-
termined following the same training criterion, evaluating 
the final behavior of the network in the hybrid model. 
There is a possibility that the network is promising with 
two different quantities of neurons, or they differ only 
due to the randomness of the training initialization. For 
these reasons, it is possible to obtain more than one net-
work for each dataset. The neural networks ANN1-3, 
ANN3-1, ANN4-2 and ANN5-2 have three neurons in the 
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hidden layer, while the neural network ANN2-1 has two 
neurons. Overall, all networks have R2 values above 0.98, 
due to the criterion adopted during training, with some 
exceeding 0.99.  

The developed neural networks were coupled to re-
actor mass balances in a hybrid model to infer the con-
centrations of reactants over time, using the Runge-Kutta 
method for numerical integration. To achieve this, Equa-
tion 1 is applied in conjunction with these networks, and 
the differential equations are solved using the "ode15s" 
subroutine. Figure 1 illustrates the resulting curves of the 
hybrid modeling for the ANN2-1 neural network, where 
the determination coefficients of the model with the ex-
perimental data at temperatures of 46ºC and 55ºC are, 
respectively, 0.9741 and 0.9935. Overall, the results ob-
tained from the hybrid modeling with direct neural kinet-
ics fully satisfy the conditions imposed as performance 
criterion, where the value of R2 should be greater than 
0.95 (except for the RNA4-2, which presented a slightly 
lower but also good value of 0.9249 at 46ºC). Thus, the 
application of mass balance together with neural net-
works has successfully constructed kinetic curves capa-
ble of inferring the concentration of xylose throughout 
the esterification reaction. 

 
Figure 1: Response curves for the hybrid-neural model at 
temperatures of 46ºC and 55ºC, using the neural network 
ANN2-1.  

Development of Fuzzy System Modeling 
 The application of fuzzy logic in the mathematical 
modeling of biosurfactant production through esterifica-
tion was carried out using a dataset derived from a fac-
torial design and another set of kinetic data. These da-
tasets were classified based on the catalyst used, gen-
erating fuzzy networks for each distinct catalyst. With the 
trained ANFIS models, the ability to simulate experi-
mental data was tested. For this purpose, a regression of 
the model-derived data with experimental data was per-
formed. Coefficient of determination values close to or 

greater than 0.98 were obtained, indicating that the train-
ing was effective in preparing the network to accurately 
infer the experimental data. Figure 2 illustrates the kinet-
ics resulting from the fuzzy model prediction at temper-
atures of 46ºC and 55ºC, with the lauric acid experi-
mental data. 

 
Figure 2: ANFIS modeling at temperatures of 46ºC and 
55ºC from ANFIS3-1 network, for lauric acid. 

Fuzzy modeling has a high ability to infer the output 
variable based on an input value within its domain. In this 
context, surface plots were developed from combina-
tions of input variables, evaluating batch temperature 
(constant during each batch) combined with time (to ter-
minate the batch), fatty acid/sugar ratio combined with 
enzyme load, and temperature combined with fatty 
acid/sugar ratio. Figure 3 illustrates these surfaces, al-
lowing a comprehensive visualization of the fuzzy mod-
eling. The problem had a pattern input of a fatty 
acid/sugar ratio of 5.0, temperature of 55ºC, enzyme load 
of 37.50 UE/g, and a reaction time of 48 hours, when kept 
invariable (i.e., when some not being one of the variables 
whose effects are being analysed). The obtained results 
show the region with global maximum conversion under 
the following conditions: above 48 hours, temperature of 
55ºC, acid/sugar ratio of 1:0.2, and enzymatic load of 
37.5 U/g, even with variations in linguistic values and the 
biocatalyst used. This is consistent with the results ob-
tained by Torres [14]. Additionally, the local maximum ap-
pearing in regions of SMR values below 1:0.2 represent 
the optimal condition for the data obtained in the factorial 
design by Lima et al. [23]. One impact of including data 
from the experimental design is the possibility of also 
identifying this local maximum.  

Application of particle swarm optimization in the 
ANFIS model 
 The particle swarm optimization algorithm was ap-
plied to the constructed fuzzy models with the aim of op-
timizing operational conditions for biosurfactant synthe-
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sis. The optimization was carried out using the "parti-
cleswarm" command in software Matlab. Table 3 pre-
sents the optimized conditions obtained by the optimiza-
tion algorithm for each of the developed models (the re-
spective optimal temperature and SMR values for all net-
works are 55ºC and 5). 

Table 3: Optimized conditions obtained by PSO. 

Network FA Load (U/g) t (h) (%) 
ANFIS- Lauric    
ANFIS- Oleic    
ANFIS- Lauric    
ANFIS- Oleic    
ANFIS- Lauric    
ANFIS- Oleic    

 
The global optimal conditions found by the particle 

swarm optimization algorithm show values close to the 
point with the highest conversion (temperature of 55ºC, 
SMR of 5, enzyme load of 37.5 U/g, and 72 hours of re-
action). 

CONCLUSION 
The training of neural networks was effective in pro-

ducing neural networks capable of inferring experimental 
data. When applying the hybrid-neural model, the neural 
networks were able to predict the kinetic behavior of the 
xylose esterification process in biosurfactant synthesis, 
applied to reactor mass balances. 

The fuzzy models were able to simulate the relation-
ships between input variables (temperature, time, SMR, 
and enzyme load) and the output variable (xylose con-
version), allowing the construction of various response 
combinations. The application of the particle swarm op-
timization to fuzzy models demonstrated the ability of 

this optimization technique to estimate the optimized op-
erational condition.  
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