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Biodiesel is assumed a renewable and environmentally friendly fuel that possesses the potential to substitute petroleum diesel. +e
basic purpose of the present study is to design a precise algorithm based on Gaussian Process Regression (GPR)model with several
kernel functions, i.e., Rational Quadratic, Squared Exponential, Matern, and Exponential, to estimate biodiesel properties. +ese
properties include kinematic viscosity (KV), pour point (PP), iodine value (IV), and cloud point (CP) as a function of fatty acid
composition. In order to develop this model, some variables are assumed, such as molecular weight, carbon number, double bond
numbers, monounsaturated fatty acids, polyunsaturated fatty acid, weight percent of saturated acid, and temperature. +e
performance and efficiency of the GPR model are measured through several statistical criteria and the results are summarized in
root mean square error (RMSE) and coefficients of determination (R2). R2 and RMSE are sorted as 0.992 & 0.15697, 0.998 &
0.96580, 0.966 & 1.38659, and 0.968 & 1.56068 for four properties such as KV, IV, CP, and PP, respectively. It is worth to mention
this point that the kernel function Squared Exponential shows a great performance for IV and PP and kernel functions Ex-
ponential and Matern indicate appropriate efficiency for CP and KV properties, respectively. On the other hand, the results of the
offered GPR models are compared with those of the previous models, LSSVM-PSO and ANFIS. +e outcomes proved the
superiority of this model over two former models in point of estimating the biodiesel properties.

1. Introduction

In the age of increasing greenhouse gases, a sharp fall in oil
resources and rising fossil fuel prices forced the authorities
to attend to biomass resources much more than previous
[1–4]. All of these convincing reasons make the biofuels,
such as biodiesel and bioethanol, suitable and major alter-
natives for fossil fuels [2, 5, 6]. Biodiesel has high adaptability
to the environment and on the other hand is reproducible
fuels [7, 8]. For these convincing reasons, this fuel is a

suitable replacement for petroleum diesel [9–11]. Some fuels
such as biodiesel can be acquired by alcoholics and chain
reactions of animal fats and vegetables with several light
alcohols involving ethanol and methane while acidic cata-
lysts or alkaline is applied to them [12].+ese chain reactions
mainly diminish the oil viscosity. +e general properties of
biodiesel mainly depend on the construction of employed oil
[13]. Many different and determinative properties such as
density, IV, KV, flash, PP, and CP are mentioned for the
quality of biodiesel [14, 15]. +e fact is that the experimental
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evaluation of these properties is simple, but it required
expansive time and cost. +e offering model should predict
the fuel properties, and on the other hand, it should enhance
the quality of biofuel; therefore, it is essential to propose an
accurate and reliable model. To approximate the Cetane
number about biodiesel, Ramadhas et al. proposed a mul-
tilayer feed forward model [16]. To estimate the Cetane
number and fatty acid methyl esters (FAME), Hansen and
Bamgboye suggested a novel correlation [17]. To measure
the iodine and saponification value of different types of
biodiesel, Gopinath et al. suggested a multiple linear re-
gression model. +ey could reduce estimation error to about
3.4% [18]. Phankosol and coworkers expanded an experi-
mental model based on double bond and carbon numbers in
various temperature span to evaluate biodiesel viscosity. +e
Average Absolute Deviation (AAD) for this algorithm is
estimated to be about 6.95% [19]. Rocabruno-Valdés and
coworkers performed an artificial neural network (ANN) to
predict the number of cetane, biodiesel density, and dynamic
viscosity. MSE for validation set of this model is about
1.842× 10−3 [20]. Talebi et al. formed a modern system to
analyze and evaluate biodiesel features according to profile
of FAME [21]. Miraboutalebi and coworkers handled an
ANN model to evaluate cetane numbers. By analyzing
statistical data, it can be understood that RMSE and R2 are
about 2.53 and 0.95, respectively [22]. Hong and coworkers
employed fatty acid methylparaben esters profile to ap-
proximate the biodiesel features. +e range of Average
Absolute Error (AAE) in Hong work was between 0.14 and
7.5 percent [23]. Giwa and coworkers employed a multilayer
perceptron neural network (MLP) to approximate the
number of cetane in biodiesel features. +eir model is in-
spired from five fatty acids [24]. Hosseinpour and coworkers
predicted the number of cetane by mixture of ANN and
partial least square. In this method, the percent error (PE),
R2, and MSE are about 1.06, 0.99, and 0.72, respectively [25].
Mostafaei proposed a system known as ANFIS to predict the
number of cetane in biodiesel [26]. It is noteworthy to
mention that, because of the deficiency of worthy and useful
experimental data, expanding an accurate model can be
helpful to researchers. In recent years, a minority of esti-
mated models such as artificial intelligence methods have
been executed to evaluate material properties and processes
in different applications [27–33]. Recently, with extensive
development in technology and science, some novel and
smart methods are suggested such as GMDH (Group
Method of Data Handling), GPR, ANFIS, ANN, and
LSSVM; by means of these useful methods, many complex
and nonlinear problems can be modelled in many different
branches [34–38].

Based on the study, approximately there are no studies
around biodiesel properties such as PP, CP, KV, and IV; in
other words, there is not any accurate and smart model to be
able to model these four parameters. +is work aimed to
extend a detailed model to approximate the biodiesel
properties as mentioned above in point of fatty acid methyl
ester utilizing the GPR algorithm. To achieve this goal, an
extensive dataset is utilized and has been evaluated for the
model accuracy and precession by statistical parameters.

2. GPR Method

2.1. A Summary of Gaussian Process Regression. Gaussian
Process (GP) is described as a complex of random variables,
in which some variables have a multivariable distribution of
Gaussian. GPRs are nonprometric probabilistic models
which are based on kernel. Suppose a training set, {(xi, yi);
i� 1, 2, . . ..} that yi andxi ∈ Rd and both of them are from
unknown distributions. A trained GPR model predicts the
value of ynew which its input is the matrix xnew. Suppose a
linear regression function, y� xTβ + ε, which ε ∼ N(0, 02).
+e GPR method tends to explain y by presenting hidden
variables which can be shown by l(xi) that i� 1, 2, 3, . . .., n,
which starts from a Gaussian Process (GP) while the
common distribution of l(xi)′s is a Gaussian function and
fundamental function, b. l(xi)′s is a covariance function that
catches the smoothness of y. +e base function has to project
x in a feature space. +e dimension of feature space is p.
Covariance and mean are the principal parameters by which
a GP is described. Suppose the mean function of l(x) is
m(x)� E(l(x)) and its covariance function is k(x, x′)�Cov
[l(x), l(x′)]. Now assume the GPR model is like
y� b(x)Tβ + l(x), which b(x) ∈ Rd and l(x)
∼GP(0, k(x, x′)). θ is a hyperparameter of k (x, x′) and
therefore can be expressed like k(x, x′|θ). Generally, several
algorithms approximate θ, σ2, and β for training a suitable
model and allocate initial values and some specifications
such as k and b as parameters. +is study investigates four
disparate and important kernel functions such as Rational
Quadratic, Matern, Exponential, and Squared Exponential.
Equations (1)–(4) present these specifications, respectively,
and in these equations, σl is the scale of characteristics
length which means how x′s can be far from y′s to become
uncorrelated. σf is standard deviation, r�

�����
(xi −



xj)
T(xi − xj), and on the other hand, α is a positive pa-

rameter with complexity in scale. It is important to mention
that σf and σl should be greater than zero [39].+is could be
possible only through θ which included two parameters θ1 �

log σl and θ2 � logσf.
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In such previous equations, four base functions are
studied here as well; these functions include constant, empty,
linear, and pure quadratic as can be seen in equations
(5)–(8), respectively. +e specifications of base functions are
as follows:
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(6)
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2

 , (8)

which B� (b(x1), b(x2), . . . , b(xn))T.
For estimating θ, σ2, and β, the function known as

marginal log-likelihood that mentioned in equation
(9) should be maximized. K(X, X|θ) in matrix

k(x1, x1) · · · k(x1, xn)

⋮ ⋱ ⋮
k(xn, x1) · · · k(xn, xn)

⎛⎜⎝ ⎞⎟⎠ is covariance function. +e

final goal is maximizing the equation
log P(y|X, β(θ, σ2), σ2, θ)  based on σ2 and β. +e function
in the log is known as the likelihood function. Firstly, al-
gorithm calculates β (θ, σ2); this should be maximized in
respect to σ2, β, and θ. +is assists to obtain β − profile
likelihood that mentioned above and as mentioned previ-
ously, it should be maximized by two parameters σ2 and β.

log P y|X, βσ2, θ  � −
1
2

(y − Bβ)
T

K(X, X|θ) + σ2In 
− 1

(y − Bβ)  −
n

2
log 2 π −

1
2
log K(X, X|θ) + σ2In


. (9)

3. Data Gathering

56 laboratory data of IV were extracted from previously
reported sources [18, 21]. 25 and 44 experimental data were
employed for PP and CP, respectively [40, 41]. In addition,
59 data were utilized for KV of biodiesel [19, 24]. Data are
separated into two categories: 75 percent of the total data are
randomly selected for training and the rest are categorized
into a testing set for validating model. +e input data for
evaluation of KV are double bounds number (dn), carbon
number (Cn), and temperature (K). To estimate the IV, the
input data are weight percent of poly unsaturated fatty acid
(PU), monounsaturated fatty acid (MU), and, moreover, the
number of double bonds. To estimate CP, input data include
weight percent of saturated fatty acid (C0), carbon number
(Cn), and molecular weight (Mw). For evaluation of PP, the
input data include number of double bond, molecular
weight, and carbon number. Cn, dn, and Mw are expressed in
the following formulas:

Cn �  Ci Xi, (10)

dn � C1 + 2 × C2 + 3 × C3, (11)

Mw � 14 × Cn + 1(  − 2 × dn + 32, (12)

C0 �  C0 Xi. (13)

In these formulations C3, C2, andC1 represent the sum
of triunsaturated fatty acid methyl esters, di, and mono,
respectively. Xi indicates mass fraction [26].

4. Results and Discussion

+is study introduced a new algorithm known as GPR to
predict the Biodiesel properties. +e principle goal of this
section is the graphical and statistical analysis of the GPR
algorithm. Figures 1–4 show the graphical view between

predicted and experimental output; in other terms, these
figures, which are known as data index charts, attempt to
compare the experimental output with predicted values
graphically. Usually in experimental papers, there is a slight
difference between the actual values and the modelled values
[42–44]. Figures 1–4 represent the data index for four
different biodiesel properties such as IV, KV, PP, and CP and
each figure is divided into four subfigures that compare the
performance of the network in disparate kernel functions.
Subfigures a, b, c, and d represent disparate kernel functions
of GPR, as follows: Exponential, Matern, Squared Expo-
nential, and Rational Quadratic, respectively. Carefully in
these figures, it can be understood that all kernel functions
have a nice cover between experimental and predicted
outputs and have a good prediction. As can be observed, the
estimated and experimental values nicely overlapped which
show the proposed GPR algorithm has great efficiency in the
prediction of disparate properties of biodiesel.

Figures 5–8 indicate the regression plot for each bio-
diesel property and each figure compares the performance of
the GPR model among four different GPR kernel functions.
As can be seen in the four figures, the majority of test data
accumulated near y� x line. As can be understood from the
regression plot, increasing in test data accumulation rate
near y� x line resulted in high accuracy in the GPR model.
As mentioned earlier, these charts represent a graphical and
general view, and it generally can be seen that all test data are
near y� x line. Based on these charts, the result of the GPR
model has an acceptable performance in all biodiesel
properties.

In order to acquire a better understanding of regression
charts and more explanations, Tables 1–4 are prepared.
According to Table 1 which is related to KV property, if
consider closely R2 field, the test value for the Matern kernel
function is 0.992 which is more appropriate in comparison
with other kernel functions. +e RMSE value for this kernel
function is 0.15697. If consider Table 2 carefully, for IV, the
best R2 value for test data is 0.998 while the RMSE value is
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Figure 1: Data index graph for train and test data for KV property based on different kernel functions of GPR.
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Figure 2: Continued.
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0.96580 and this belongs to the Squared Exponential kernel
function. As can be seen in Table 3, the best R2 value in test
data for CP property belongs to exponential function with a
value about 0.966 while Squared Exponential kernel function
for PP property in Table 4 has the best value for R2 about
0.968. +e RMSE values for CP and PP are 1.38659 and

1.56068, respectively. As can be seen in regression plots
(diagrams 5–8) and the reported data in Tables 1–4, the
fitting line for each property is near y� x line. It can be
deduced that the GPR algorithm has appropriate accuracy
for the prediction of biodiesel properties. In order to check
out the proposed model more meticulously with the
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Figure 3: Data index graph for train and test data for KV property based on different kernel functions of GPR.
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Figure 2: Data index graph for train and test data for KV property based on different kernel functions of GPR.
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Figure 4: Data index graph for train and test data for KV property based on different kernel functions of GPR.
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Figure 5: Continued.
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Figure 5: Regression plot for KV property based on different kernel functions of GPR.
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Figure 6: Regression plot for IV property based on different kernel functions of GPR.
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Figure 7: Regression plot for CP property based on different kernel functions of GPR.
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Figure 8: Continued.
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outcomes of ANFIS and LSSVM models reported in pre-
vious literature [45], Tables 1–4 are prepared as numerical.

Table 5 summarizes R2 and RMSE values among three
different models for four biodiesel properties. As it can be
understood from Table 5, the GPR model indicates the best

performance for IV property in comparison with ANFIS
and LSSVM-PSO with a value of about 0.998 in R2 while
for other properties ANFIS and LSSVM show more ap-
propriate performance in terms of the view of R2 and
RMSE.
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Figure 8: Regression plot for PP property based on different kernel functions of GPR.

Table 1: +e comparison between four kernel functions for KV property from the point of view of statistical quantities.

Model Phase R2 MRE (%) MSE RMSE STD

GPR (Exponential)
Train 0.998 2.61001 0.00622 0.07884 0.06408
Test 0.975 4.50131 0.12657 0.35577 0.29305
Total 0.991 3.25054 0.03573 0.35577 0.16650

GPR (Matern)
Train 0.994 1.19836 0.02510 0.15841 0.12080
Test 0.992 4.29964 0.02464 0.15697 0.08520
Total 0.993 2.04742 0.02624 0.15697 0.11351

GPR (Squared Exponential)
Train 0.993 2.40750 0.01830 0.13529 0.10158
Test 0.981 5.07691 0.13892 0.37272 0.28103
Total 0.991 2.38574 0.03773 0.37272 0.16620

GPR (Rational Quadratic)
Train 0.994 2.77862 0.02566 0.16019 0.12024
Test 0.969 6.90077 0.08160 0.28565 0.14865
Total 0.991 3.50671 0.03681 0.28565 0.14139

Table 2: +e comparison between four kernel functions for IV property from the point of view of statistical quantities.

Model Phase R2 MRE (%) MSE RMSE STD

GPR (Exponential)
Train 1.000 0.23024 0.15939 0.39923 0.29438
Test 0.984 0.96971 3.15731 1.77688 1.35545
Total 0.998 0.27729 0.79448 1.77688 0.83169

GPR (Matern)
Train 0.999 0.44408 0.44046 0.66367 0.39484
Test 0.993 0.83689 3.02336 1.73878 1.45060
Total 0.997 0.46640 0.98545 1.73878 0.81850

GPR (Squared Exponential)
Train 0.997 0.55285 1.18464 1.08841 0.85742
Test 0.998 0.69364 0.93277 0.96580 0.56754
Total 0.997 0.62869 1.22526 0.96580 0.81806

GPR (Rational Quadratic)
Train 0.996 0.60686 1.30529 1.14249 0.87268
Test 0.996 0.74534 1.93710 1.39180 1.14923
Total 0.996 0.64906 1.56170 1.39180 0.99212
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5. Conclusion

In this paper, a Gaussian Process Regression model using
four different kernel functions such as Exponential, Matern,
Squared Exponential, and Rational Quadratic was proposed.
+is model has the ability to estimate the physical and
chemical features of the biodiesel material where these
properties include KV, PP, CP, and IV. A valuable dataset
was collected from different sources for these biodiesel
properties. On the other hand, the results of offered GPR
model are compared with two previous models, ANFIS and
LSSVM-PSO results. +e graphical and statistical ap-
proaches indicated the GPR model obtained high efficiency
in terms of estimation and evaluation of biodiesel properties.
+e proposed GPR algorithm is easy to apply and re-
searchers can open an account on this algorithm from the

point of view of simplicity and usefulness. +is model can be
helpful for those who desire to work with biodiesel fuels.
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and M. Z. Abdullah, “Influence of fatty acids content in non-
edible oil for biodiesel properties,” Clean Technologies and
Environmental Policy, vol. 18, no. 2, pp. 473–482, 2016.

[14] R. Wang, B. Song, W. Zhou et al., “A facile and feasible
method to evaluate and control the quality of Jatropha curcus
L. seed oil for biodiesel feedstock: gas chromatographic fin-
gerprint,” Applied Energy, vol. 88, no. 6, pp. 2064–2070, 2011.

[15] M. Balat and H. Balat, “Progress in biodiesel processing,”
Applied Energy, vol. 87, no. 6, pp. 1815–1835, 2010.

[16] A. S. Ramadhas, S. Jayaraj, C. Muraleedharan, and
K. Padmakumari, “Artificial neural networks used for the
prediction of the cetane number of biodiesel,” Renewable
Energy, vol. 31, no. 15, pp. 2524–2533, 2006.

[17] A. Bamgboye and A. C. Hansen, “Prediction of cetane number
of biodiesel fuel from the fatty acid methyl ester (FAME)
composition,” International Agrophysics, vol. 22, no. 1, p. 21,
2008.

[18] A. Gopinath, S. Puhan, and G. Nagarajan, “+eoretical
modeling of iodine value and saponification value of biodiesel
fuels from their fatty acid composition,” Renewable Energy,
vol. 34, no. 7, pp. 1806–1811, 2009.

[19] S. Phankosol, K. Sudaprasert, S. Lilitchan, K. Aryusuk, and
K. Krisnangkura, “An empirical equation for estimation of
kinematic viscosity of fatty acid methyl esters and biodiesel,”

Journal of the American Oil Chemists’ Society, vol. 92, no. 7,
pp. 1051–1061, 2015.

[20] C. I. Rocabruno-Valdés, L. F. Ramı́rez-Verduzco, and
J. A. Hernández, “Artificial neural network models to predict
density, dynamic viscosity, and cetane number of biodiesel,”
Fuel, vol. 147, pp. 9–17, 2015.

[21] A. F. Talebi, M. Tabatabaei, and Y. Chisti, “BiodieselAnalyzer:
a user-friendly software for predicting the properties of
prospective biodiesel,” Biofuel Research Journal, vol. 1, no. 2,
pp. 55–57, 2014.

[22] S. M. Miraboutalebi, P. Kazemi, and P. Bahrami, “Fatty acid
methyl ester (FAME) composition used for estimation of
biodiesel cetane number employing random forest and arti-
ficial neural networks: a new approach,” Fuel, vol. 166,
pp. 143–151, 2016.

[23] I. K. Hong, G. S. Jeon, and S. B. Lee, “Prediction of biodiesel
fuel properties from fatty acid alkyl ester,” Journal of In-
dustrial and Engineering Chemistry, vol. 20, no. 4, pp. 2348–
2353, 2014.

[24] S. O. Giwa, S. O. Adekomaya, K. O. Adama, and
M. O. Mukaila, “Prediction of selected biodiesel fuel prop-
erties using artificial neural network,” Frontiers in Energy,
vol. 9, no. 4, pp. 433–445, 2015.

[25] S. Hosseinpour, M. Aghbashlo, M. Tabatabaei, and E. Khalife,
“Exact estimation of biodiesel cetane number (CN) from its
fatty acid methyl esters (FAMEs) profile using partial least
square (PLS) adapted by artificial neural network (ANN),”
Energy Conversion and Management, vol. 124, pp. 389–398,
2016.

[26] M. Mostafaei, “ANFIS models for prediction of biodiesel fuels
cetane number using desirability function,” Fuel, vol. 216,
pp. 665–672, 2018.

[27] F. Mousazadeh, M. H. T. Naeem, R. Daneshfar, B. S. Soulgani,
and M. Naseri, “Predicting the condensate viscosity near the
wellbore by ELM and ANFIS-PSO strategies,” Journal of
Petroleum Science and Engineering, vol. 204, Article ID
108708, 2021.

[28] S. M. Alizadeh, I Alruyemi, R Daneshfar, M Mohammadi-
Khanaposhtani, andMNaseri, “An insight into the estimation
of drilling fluid density at HPHTcondition using PSO-, ICA-,
and GA-LSSVM strategies,” Scientific Reports, vol. 11, no. 1,
pp. 7033–7114, 2021.

[29] S. Anbazhagan, V. +iruvengatam, and K. Kulanthai,
“Adaptive neuro-fuzzy inference system and artificial neural
network modeling for the adsorption of methylene blue by
novel adsorbent in a fixed-bed column method,” Iranian
Journal of Chemistry and Chemical Engineering (IJCCE),
vol. 39, no. 6, pp. 75–93, 2020.

[30] R. Maachou, A. Lekfir, A. Bermad, and S. Abdelaziz, “Energy
consumption modeling in activated sludge process using
coupling PCA-ANFIS approach,” Iranian Journal of Chem-
istry and Chemical Engineering (IJCCE), vol. 38, no. 6,
pp. 261–273, 2019.

[31] A. Lekomtsev, A. Keykhosravi, M. B. Moghaddam,
R. Daneshfar, and O. Rezvanjou, “On the prediction of fil-
tration volume of drilling fluids containing different types of
nanoparticles by ELM and PSO-LSSVM based models,” Pe-
troleum, inpress, 2021.

[32] R. Setiawan, R. Daneshfar, O. Rezvanjou, and S. Ashoori,
“Surface tension of binary mixtures containing environ-
mentally friendly ionic liquids: insights from artificial intel-
ligence,” Environment, Development and Sustainability,
pp. 1–22, 2021, inpress.

International Journal of Chemical Engineering 11



[33] D. Ahangari, R. Daneshfar, M. Zakeri, and S. Ashoori, “On the
prediction of geochemical parameters (TOC, S1 and S2) by
considering well log parameters using ANFIS and LSSVM
strategies,” Petroleum, inpress, 2021.

[34] N. Nabipour, R. Daneshfar, O. Rezvanjou et al., “Estimating
biofuel density via a soft computing approach based on in-
termolecular interactions,” Renewable Energy, vol. 152,
pp. 1086–1098, 2020.

[35] R. Daneshfar, A. Bemani, M. Hadipoor et al., “Estimating the
heat capacity of non-Newtonian ionanofluid systems using
ANN, ANFIS, and SGB tree algorithms,” Applied Sciences,
vol. 10, no. 18, p. 6432, 2020.

[36] R. Daneshfar, F. Keivanimehr, M. M. Khanaposhtani, and
A. Baghban, “A neural computing strategy to estimate dew-
point pressure of gas condensate reservoirs,” Petroleum Sci-
ence and Technology, vol. 38, no. 10, pp. 1–7, 2020.

[37] M. B. Vanani, R. Daneshfar, and E. Khodapanah, “A novel
MLP approach for estimating asphaltene content of crude
oil,” Petroleum Science and Technology, vol. 37, no. 22,
pp. 2238–2245, 2019.

[38] A. Baghban and M. Adelizadeh, “On the determination of
cetane number of hydrocarbons and oxygenates using
Adaptive Neuro Fuzzy Inference System optimized with
evolutionary algorithms,” Fuel, vol. 230, pp. 344–354, 2018.

[39] Z. Yun and X. Xu, “Predicting doped MgB2 superconductor
critical temperature from lattice parameters using Gaussian
process regression,” Physica C: Superconductivity and its
Applications, vol. 573, Article ID 1353633, 2020.

[40] H. Imahara, E. Minami, and S. J. F. Saka, “+ermodynamic
study on cloud point of biodiesel with its fatty acid com-
position,” Fuel, vol. 85, no. 12-13, pp. 1666–1670, 2006.

[41] J. F. Sierra-Cantor, C. A. Guerrero-Fajardo, and S. E. Reviews,
“Methods for improving the cold flow properties of biodiesel
with high saturated fatty acids content: a review,” Renewable
and Sustainable Energy Reviews, vol. 72, pp. 774–790, 2017.

[42] A. H. S. Dehaghani, M. S. Taleghani, M. H. Badizad, and
R. Daneshfar, “Simulation study of the Gachsaran asphaltene
behavior within the interface of oil/water emulsion: a case
study,” Colloid and Interface Science Communications, vol. 33,
Article ID 100202, 2019.

[43] M. Mohammadi-Khanaposhtani, Y. Kazemzadeh, and
R. Daneshfar, “Positive coupling effect in gas condensate flow:
role of capillary number, Scheludko number and Weber
number,” Journal of Petroleum Science and Engineering,
vol. 203, Article ID 108490, 2021.

[44] D. D. Nguyen, R. Daneshfar, A. H. S. Dehaghani, and
C.-H. Su, “+e effect of shear rate on aggregation and
breakage of asphaltenes flocs: experimental study and model-
based analysis,” Journal of Molecular Liquids, vol. 325, Article
ID 114861, 2021.

[45] M. Mostafaei, “Prediction of biodiesel fuel properties from its
fatty acids composition using ANFIS approach,” Fuel,
vol. 229, pp. 227–234, 2018.

12 International Journal of Chemical Engineering


