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Abstract

In chemical industries, precision in calculations and process simulations is crucial. One of the most influential
parameters is the molar density of a fluid under various pressure and temperature conditions. Equations of state
(EOS) are common among the methods for determining molar density. Usually, the error resulting from
predicting molar density using EOS is generally high at high temperatures and pressures due to the increased
intermolecular effects. Additionally, due to the form of EOS concerning volume or molar density, calculating
molar volume at specified temperature and pressure requires suitable numerical methods for root-finding. This
article aims to present an effective method for estimating the molar density of benzene using two crucial
machine learning methods, namely Multi-Layer Perceptron-Artificial Neural Network(MLP-ANN) and
Adaptive Neuro-Fuzzy Inference System (ANFIS). This study used 302 sets of experimental data to train these
two methods. Additionally, another set of 60 experimental data was used to compare the errors of the methods.
The Peng-Robinson (PR) equation was also employed in this article to evaluate the performance of machine
learning methods better and calculate molar density. The results showed that the mean relative errors (MRE)
for the MLP-ANN, ANFIS, and PR methods for the 362 data points are 0.838%, 1.791%, and 4.834%,
respectively. The results demonstrated that using machine learning methods can reduce computational errors,
with the error from predicting using the PR equation being almost five times that of MLP-ANN. In this article,
the MLP-ANN method outperformed ANFIS due to its computational efficiency and lower error in predicting
molar density.
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Multi-Layer Perceptron-Artificial Neural Network; Adaptive Neuro-Fuzzy Inference System; MACHINE
LEARNING; PVT; Peng-Robinson Equations of state.

1L.INTRODUCTION

Benzene is an aromatic hydrocarbon with
significant applications in the petrochemical,
pharmaceutical, and petroleum industries. This
material is used as an industrial solvent to produce
plastic materials and various chemicals.
Understanding the thermodynamic properties of
fluids is crucial in designing equipment, modeling,
and optimizing chemical processes. A fluid's most
critical thermodynamic parameter is molar density,
which depends on pressure and temperature.
Typically, EOS is employed to obtain this
property. EOS are categorized into three groups:
empirical, semi-empirical, and theoretical [1-3].
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However, these equations may only provide
satisfactory performance in prediction. Predicting
the thermodynamic properties of fluids at high
temperatures and pressures often comes with
relatively high errors due to deviations from ideal
behavior [4]. Additionally, EOS for volume or
molar density is usually of third order or higher,
requiring numerical root-finding methods for
volume or molar density calculations, which can
pose a significant challenge.

In chemical engineering, modeling a system
considering all phenomena is challenging and
often costly. Over time, a vast amount of data has
become available to researchers through modeling


https://doi.org/10.30473/ijac.2024.71138.1295

K. Shayesteh, et al / Using Machine Learning Methods to Estimate the Molar Density of ... | 13

and laboratory experiments [5]. Researchers can
use machine learning models to make accurate
predictions in various fields, such as technical and
engineering, basic sciences, medicine, and
agriculture, resulting in cost-effective solutions. In
implementing the machine learning model, with
the help of experimental data, the best prediction
algorithm should be presented by creating a
relationship between the data and choosing the
model [6].

Data is the first loop of the machine learning
process obtained through simulations or laboratory
experiments. These data can be accessed with
minimal costs by examining various sources and
articles. Additionally, the factors the studied
parameters depend on regarding the data must be
specified. Essentially, what data serves as input to
the system and what constitutes its output need to
be determined. Then, the type of machine learning
model should be selected to achieve the best
performance. Various machine learning models
exist, including Principal Component Analysis
(PCA), t-distributed Stochastic ~ Neighbor
Embedding (t-SNE), and Density-Based Spatial
Clustering of Applications with Noise (DBSCAN)
[7-10]. When using a machine learning model,
there should be abundant data for learning to
predict a system's different conditions. The
learning model should also be appropriate to
minimize  errors.  Adherence to  these
considerations may result in suboptimal outputs.
Artificial Neural Network (ANN) and Adaptive
Neuro-Fuzzy Inference System (ANFIS) are
essential machine learning methods. With suitable
experimental data, machine learning methods can
be utilized with minimal error for predicting
properties [11, 12].

The ANN method is a machine-learning approach
inspired by the human brain. The human brain
consists of many neurons, each responding to
signals it receives. When interconnected in a
network, these neurons can perform complex tasks
such as image processing and language learning
[13, 14]. Each neuron comprises weight
coefficients, a transfer function, and a bias
(threshold). The transfer function can be any
function like tanh(x). Learning algorithms
determine weight coefficients and bias [15]. Each
data is multiplied by the weight coefficient of each
neuron, then added to the bias and entered into the
transfer function. The Feed-forward method is
typically used to optimize weight coefficients and
biases [16]. The available data are repeatedly
entered into the neural network and reduced by
adjusting the error coefficients in the output [17].
The simplest type of ANN is the Perceptron, and if
it has multiple layers, it is called MLP (Multi-
Layer Perceptron). Optimization methods such as
Particle Swarm Optimization (PSO) can be used to

optimize weight coefficients and biases. Shanhui
Zhao [18] used the PSO algorithm to optimize the
MLP-ANN modeling for enhanced performance.
Asadollah Karimi et al. [19] utilized the PSO
algorithm for optimizing biodiesel production, and
Shiva Nazari et al. [20] used the same method for
modeling cation exchange processes in gypsum
walls.

Dr. Lotfi Ali Zadeh [21] first introduced fuzzy
systems in 1965. These systems are more
comprehensible due to their simple mathematical
calculations, making it easier to model complex
processes with the help of fuzzy systems. Fuzzy
systems are comprised of membership functions
and rules. Fuzzy systems eliminate classic if-then
rules and implement a newer approach based on
experts' knowledge of actual processes [22]. Each
input can have multiple membership functions, and
each function has specific data ranges between 0
and 1. Using fuzzy systems requires an expert to
determine the number of membership functions,
function ranges, and rules based on experience.
The combination of MLP-ANN and FIS (Fuzzy
interface system) has recently led to the creation of
ANFIS. ANFIS determines its function ranges and
rules using ANFIS learning algorithms to
minimize output errors and eliminate the need for
an expert. This optimization method is called a
hybrid learning algorithm [23].

Considerable research has been conducted using
machine learning methods to predict models or
fluid properties. Dehaghani et al. [24] utilized
ANFIS to predict the molar density of natural gas,
yielding highly favorable results. Baghban et al.
[25] compared the solubility of CO; in ionic
solutions using both MLP-ANN and ANFIS
methods alongside an EOS. They demonstrated
that employing machine learning methods can
significantly reduce prediction errors. Jhin et al.
[26] predicted the radical scavenging activities of
anthocyanins using the ANFIS method. Onu et al.
[27] employed ANFIS to model the
thermochemical purification process to produce
energy from biogas, and Dolatabadi et al. [28] used
MLP-ANN to model the adsorption of color and
metal ions from aqueous solutions by sawdust.
Additionally, Areerachakul [29] utilized MLP-
ANN and ANFIS to estimate surface waters'
biochemical oxygen demand (BOD) parameters.
This article aims to calculate and predict the molar
density of benzene. Machine learning algorithms
such as ANFIS and MLP-ANN were utilized to
accurately predict benzene's molar density using
experimental data. Furthermore, the PR EOS is
also used to compare the performance of machine
learning methods in predicting molar density.
Ultimately, the methods are compared to predict
molar density by comparing MRE.
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2.EXPERIMENTAL

Initially, 362 experimental data were compiled for
the study by reviewing sources [30]. These data
points have molar densities ranging from 0.00198
to mol/(cm®) and 0.009302 mol/(cm®). The
temperature range is 428.14 K to 723.18 K, and the
pressure range is 8.86 bar to 355.06 bar. Of these,
302 data were used to train ANFIS and MLP-ANN
algorithms. Additionally, 60 data were randomly
selected from the dataset for validation to ensure
coverage across the molar density range. Machine
learning methods rely on empirical data. In this
article, temperature and pressure are considered
input data to the system, while molar density
serves as the output data from the system. Figure
1A illustrates a schematic of the ANFIS algorithm,
showing its rules and membership function. Figure
1B depicts a schematic of MLP-ANN, specifying
the number of neurons in the hidden layer, with its
input and output similar to ANFIS.

(A
Output layer(1 neuron)
Density
(mol/ecm3)
Hidden layer (10 neurons)
(B
Input mf rule Output mf Output
—
T(K) ~~—~—,
e S~
i“;’/ Density(mol/cm3)
b, o, )
P(bar)

Fig. 1. Schematic of algorithms (A: MLP-ANN, B:
ANFIS)

In Figure 1(a), it can be observed that the data is
first multiplied by the weight coefficients of each
neuron. It is then summed with bias and input into
the transfer function.

The MRE, as indicated in Equation 1, was
employed to assess errors.

IDensityc1c—Densityexp |

1
MRE = - %%,
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Densityexp

This paper also employed the PR EOS to compare
with machine learning methods. According to
Equation 2 (The constants of the equation are given
in equations 2-1 to 2-5.), the constants of the PR
equation can be calculated by having Te, P¢, ®, and
k. The PR EOS is among the best equations for

estimating hydrocarbon materials' molar density
[31].

RT aa
P= (V=b)  V(V+b)+b(V—b) @
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q= 0.457§:-R Te (2-1)
b =0.07780~< (2-2)
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k = 0.037464 + 1.54226w — 0.26992w? (2-4)

Ty = (2-5)
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As it turns out, the PR EOS is a third-degree
polynomial in molar volume with temperature,
pressure, and constants. Molar density is the
inverse of molar volume. Therefore, the PR
function is also a third-degree function concerning
molar density. Numerical root-finding methods
must be employed to determine molar density. This
paper utilized the super-Halley method, a powerful
root-finding technique [32], to calculate molar
density. The iteration function of the super-halley
method is given by Equation 3.

T4l PTG ) ot) ™ T fCke)
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The algorithm for the super-Halley method to
calculate the molar volume of benzene is presented
in Figure 2. It is worth noting that, to solve the
super-Halley equation, an initial guess is required
to start the trial-and-error process. Investigations
indicate that the super-Halley method heavily
depends on the initial condition; therefore,
choosing a suitable initial condition is necessary to
prevent the super-Halley method from diverging.
Studies show that the best initial condition for the
trial-and-error process is the molar volume
calculated assuming an ideal gas. Hence, for a
given temperature and pressure, the initial guess is
determined first based on Equation 4, the ideal gas
law:

V=— (4)
Then, following the algorithm presented in Figure
2, the super-Halley method determines the molar
volume. It is important to note that, according to
the algorithm, if |V,., — V| <eor |[f(V)| <e,
the desired solution is obtained. Otherwise, by
substituting V,,,., intoV},, the process of finding the
root of the equation is repeated until the absolute
result becomes less than e. In this paper, the value
of ¢is considered 107!° to enhance calculation
accuracy.
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Fig. 2. Molar volume rooting algorithm

The weaknesses of the ANFIS and MLP-ANN
algorithms include their extensive computational
requirements and time-consuming program
execution. Notably, the challenges associated with
the ANFIS algorithm are significantly more
severe. If the input parameters for ANFIS are
numerous, the computational workload of ANFIS
becomes excessively high. Additionally, when
experimental data are scarce for both algorithms,
the training process becomes challenging,
increasing the prediction error for these two
algorithms.

3.RESULTS AND DISCUSSION

As mentioned in sections 1 and 2, a relatively large
amount of experimental data is required to train
MLP-ANN and ANFIS to ensure a successful
learning process. For this purpose, 302 benzene
data were used to train both methods. In the MLP-
ANN method, the inputs consist of temperature
and pressure, while the output is the molar density.
The type of neural network used is MLP, with 10
neurons in its hidden layer. In general, the neural
network used has a hidden layer, which, as
mentioned, has 10 neurons, and an output layer,
which has one neuron. The way these neurons are
connected can also be seen in Figure la. The
neuron is connected to all the neurons in the next

layer. The Bayesian Regularization learning
algorithm was employed for MLP-ANN training,
and an epoch of 1000 was considered .Also, the
log-sigmoid transfer function (logs) was used for
the hidden layer, and the linear transfer function
(purely) was used for the output layer. The
obtained error for 302 benzene data is 0.84%, and
for 60 data, it is 0.83%, indicating excellent
estimation of benzene data.

In ANFIS, the training data are precisely the same
as those for MLP-ANN, encompassing 302
benzene data. This algorithm has 8 membership
functions of the trimf (triangular membership
function) type for each input. The reason for using
trimf can be understood by considering Figure 3
because different membership functions such as
gaussmf(Gaussian membership function), dsigmf
(difference between two sigmoidal membership
functions), and trapmf ( trapezoidal membership
function) were examined. It was shown that the
trimf  membership function had the best
performance for this system, and as there are two
inputs, the number of rules is 64. Also, a trimf
membership function is considered for each rule.
The Hybrid learning algorithm was utilized for
training, with an epoch of 3 and zero tolerance. The
errors obtained for 302 data are 1.82%, and for 60
data, it is 1.59%.

Furthermore, to compare the capabilities of
machine learning methods, the results of predicting
MLP-ANN and ANFIS methods were compared
with the PR EQOS. The prediction error for the PR
EOS is 4.63% for 362 data. According to Table 1,
the prediction errors of the methods are presented.

MRE% (362 data)
o = N w IS (8] (o)} ~

dsigmf gaussmf trapmf trimf

Type of membershp function

Fig. 3. Error types of membership functions

Table 1. MRE obtained for the studied methods

MLP-ANN ANFIS
Train data (302) 0.84% 1.82%
Test data (60) 0.83% 1.59%

MLP-ANN and ANFIS exhibit acceptable errors.
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Examining the error between MLP-ANN and
ANFIS suggests that, due to the presence of
adjustable parameters in the MLP-ANN method,
such as weight coefficients and biases, the
performance of MLP-ANN is superior to ANFIS.
As shown in Figure 1B, the neural network
consists of two layers. The hidden layer comprises
10 neurons, and the output layer has one neuron.
To further investigate the number of neurons in the
hidden layer and how many neurons to select in the
hidden layer, an investigation was conducted,
which can be seen in figure 4; according to figure
4, it is clear that the higher the number of neurons
in the hidden layer The error also decreases, but the
error increases again after 10 neurons in the hidden
layer. It can be concluded that 10 neurons are very
suitable for the hidden layer

10 ~

III-I
2 5 8

10 15
Number of Neurons

MRE% (362 data)
o N B~ OO

Fig. 4. The error of the number of neurons in the hidden
layer

The system has two inputs. Since each must
connected to all neurons in the next layer, each
neuron in the hidden layer has two inputs.
Therefore, each neuron has two weight coefficients
and ten biases. In the next layer, with one neuron
and ten inputs, there are ten weight coefficients and
one bias. Thus, the number of parameters in the
MLP-ANN method is 41. In contrast, in the ANFIS
method, considering eight membership functions
for each input, each with three unknown
parameters and 112 variables in the output
according to 64 rules, the number of parameters is
very high, resulting in a longer learning and
optimization time than MLP-ANN.

The choice of the learning algorithm is crucial. In
this article, the Levenberg-Marquardt learning
algorithm was used for MLP-ANN training in
addition to the Bayesian Regularization learning
algorithm. The results showed that the MRE for the
Levenberg-Marquardt learning algorithm for 302
data was 3.84%. In other words, in the MLP-ANN
method, incorrectly selecting the Levenberg-
Marquardt learning algorithm, compared to
Bayesian Regularization, led to a 457% increase in
the MRE for predicting the molar density of
benzene. One of the most significant reasons for
this error may be the data not falling within the

range. If the data are not in the range due to reasons
such as errors in the experimental method or
different fluid behavior at that point compared to
the surrounding data, the algorithm's learning will
have errors, especially in ANFIS, as it changes the
membership function ranges based on the data
value, disrupting the function's performance in that
range.
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methods, B) ANFIS, and c) PR EOS with experimental
data

DOI: 10.30473/ijac.2024.71138.1295



https://doi.org/10.30473/ijac.2024.71138.1295

K. Shayesteh, et al / Using Machine Learning Methods to Estimate the Molar Density of ... | 17

According to Figure 5, the validation of machine
learning methods, MLP-ANN and ANFIS, along
with the PR EOS, is demonstrated with 60
experimental data points. Based on Figure 5A, the
ANN has effectively estimated the molar density.
The PR EOS (Figure 5B) exhibits a high MRE.
Only very high and low molar densities can be
predicted well, and the prediction of intermediate
molar densities has a significant error. In Figure
5C, corresponding to the ANFIS method, it is
observed that it performs better in predicting high
densities than all methods; however, it has a
significant prediction error for low densities. By
comparing the predictive capabilities of the studied
methods, the MLP-ANN method is the most
suitable for predicting the molar density of
benzene. Despite its very low prediction error, it
requires fewer training computations than the
ANFIS machine learning method. Moreover,
unlike the PR EQS, it does not require the
calculation of molar density through numerical
root-finding methods. Therefore, in this study, the
ANN machine learning method is the most suitable
among MLP-ANN, ANFIS, and the PR EOS. In
this research, an appropriate solution for predicting
material properties has been presented. Usually,
experimental equations require laboratory data to
determine their parameters using optimization
tools. With this solution, these equations usually
cannot cover all the data well. It may cause
problems at some points, but machine learning
methods with proper training can easily cover all
data and have fewer prediction errors. Most
importantly, the steps of machine learning training
are much easier than empirical equations.

4.CONCLUSION

This article focused on evaluating and comparing
two machine learning methods and an EOS for
calculating the molar density of benzene. For this
assessment, 302 experimental data were used to
train ANFIS and MLP-ANN algorithms for
predicting the molar density of benzene. These
data points have molar densities ranging from
0.00198 to mol/(cm®) and 0.009302 mol/(cm?®).
The temperature range is 428.14 K to 723.18 K,
and the pressure range is 8.86 bar to 355.06 bar.
Additionally, 60 randomly selected data out of 362
benzene experimental data were chosen for
validation. Both machine learning methods,
ANFIS and MLP-ANN, could effectively predict
benzene's molar density. However, the PR EOS
predicted benzene molar density with a higher
relative error. Using the MRE for the 302
experimental data, MLP-ANN and ANFIS
demonstrated good predictions with errors of
0.84% and 1.82%, respectively. The PR EQS, with
a relative error of 4.81%, predicted benzene molar
density but with higher error rates. The obtained

errors for 362 data for PR, MLP-ANN, and ANFIS
were 4.634%, 0.838%, and 1.791%, respectively.
Therefore, it can be concluded that the predictive
performance order is MLP-ANN > ANFIS > PR
EOS for determining benzene molar density.
Additionally, the MRE for the validation of
benzene molar density was 0.83% for MLP-ANN
and 1.59% for ANFIS. Again, it can be concluded
that the predictive performance order is MLP-
ANN > ANFIS > PR for determining benzene
molar density. From comparing the prediction
power of the studied methods, the MLP-ANN
method is the most suitable method for predicting
the molecular density of benzene. Despite the very
low prediction error, compared to the ANFIS
machine learning method for training, it does not
have many calculations for training. Therefore, the
training time of the MLP-ANN method is much
lower than the ANFIS method. Also, unlike the PR
EOS, there is no need to calculate the molar density
through numerical rooting methods. Therefore, in
this study, the ANN machine learning method is
the most appropriate method among the ANFIS
machine learning method and PR EOS. In this
study, two learning algorithms, Levenberg-
Marquardt and Bayesian Regularization, were
studied using the MLP-ANN method to emphasize
the importance of the learning algorithm. The
results showed that selecting the Levenberg-
Marquardt learning algorithm instead of Bayesian
Regularization led to a 457% increase in the MRE
for predicting benzene molar density. It was also
revealed that for the MLP-ANN hidden layer, the
number of neurons is 10, and for the ANFIS for
membership function type, trimf has the lowest
error. It can be said that machine learning methods
are an essential tool for optimizing experiments
and simulations because they have fewer
prediction errors and can model complex systems
well. Machine learning is an essential and widely
used tool because it can be used in all fields, such
as the environment, pure chemistry, Medicine, etc.

REFERENCES

[1]J. B. West and J. B West, The Original Presentation
of Boyle’s Law. Essays on the History of
Respiratory Physiology (2015) 55-60.

[2] R. Menikoff, Empirical equations of state for
solids, in ShockWave Science and Technology
Reference Library, Springer (2007) 143-188.

[3] E. -H. Benmekki, Fluid phase equilibria with
theoretical and semi-empirical equation of state
models, University of Illinois at Chicago (1988).

[4] E. U. Akpan, G. C. Enyi, G. Nasr, A. A. Yahaya,
A. A. Ahmadu, and B. Saidu, Water-based drilling
fluids for high-temperature applications and water-
sensitive and dispersible shale formations, J. Pet.
Eng. 175 (2019) 1028-1038.

DOI: 10.30473/ijac.2024.71138.1295



https://doi.org/10.30473/ijac.2024.71138.1295

Iranian Journal of Analytical Chemistry 10 (2023) 1-15 | 18

[5] R. Beckmiiller, M. Thol, I. Bell, E. Lemmon, and
R. Span, New equations of state for binary
hydrogen mixtures containing methane, nitrogen,
carbon monoxide, and carbon dioxide, J. Phys.
Chem. Ref. Data 50 (2021).

[6] M. R. Dobbelaere, P. P. Plehiers, R. Van de Vijver,
C. V. Stevens, and K.M. Van Geem, Machine
learning in chemical engineering: strengths,
weaknesses, opportunities, and threats, Engr. 7
(2021) 1201-1211.

[7] B. Mahesh, Machine learning algorithms-a review,
IJSR 9 (2020) 381-386.

[8] S. Ray, A quick review of machine learning
algorithms. in 2019 International conference on
machine learning, big data, cloud and parallel
computing, COMITCon 2019. IEEE.

[9] A. Shrestha and A. Mahmood, Review of deep
learning algorithms and architectures, IEEE
access, 7 (2019) 53040-53065.

[10] B. M. S. Hasan and A. M. Abdulazeez, A review
of principal component analysis algorithm for
dimensionality reduction, JSCDM 2 (2021) 20-
30.

[11] D. Karaboga and E. Kaya, Adaptive network
based fuzzy inference system (ANFIS) training
approaches: a comprehensive survey, Artif. Intell.
Rev. 52 (2019) 2263-2293.

[12] M. Sadighi, B. Motamedvaziri, H. Ahmadi, and
A. Moeini, Assessing landslide susceptibility using
machine learning models: a comparison between
ANN, ANFIS, and ANFIS-ICA. Environ. Earth
Sci. 79 (2020) 1-14.

[13] S. Walczak, Artificial neural networks, in
Advanced methodologies and technologies in
artificial intelligence, computer simulation, and
human-computer interaction. 1GI global (2019) 40-
53.

[14] M. Islam, G. Chen, and S. Jin, An overview of
neural network. AJNNA 5 (2019) 7-11.

[15] S.-J. Wu, C.-T. Hsu, and C.-H. Chang, Stochastic
modeling of artificial neural networks for real-time
hydrological forecasts based on uncertainties in
transfer functions and ANN weights. Hydrol. Res.
52 (2021) 1490-1525.

[16] B. B. Bezabeh and A. D. Mengistu, The effects of
multiple layers feed-forward neural network
transfer function in digital based ethiopian soil
classification and moisture prediction, Int. Jr.
Electr. Comput. Eng. 10 (2020) 4073-9.

[17] M. Tamulionis and A. Serackis, Comparison of
multi-layer perceptron and cascade feed-forward
neural network for head-related transfer function
interpolation, in 2019 Open Conference of
Electrical, Electronic and Information Sciences
(eStream). 2019. IEEE.

[18] S. Zhao, W. Xu, and L. Chen, The modeling and
products prediction for biomass oxidative
pyrolysis based on PSO-ANN method: An

artificial intelligence algorithm approach, Fuel 312
(2022) 122966.

[19] H. Soltani, A. Karimi, and S. Falahatpisheh, The
optimization of biodiesel production from
transesterification of sesame oil via applying
ultrasound-assisted techniques: comparison of
RSM and ANN-PSO hybrid model, CPPM 17
(2022) 55-67.

[20] S. Nazari, H. R. Momtaz, and M. Servati,
Modeling cation exchange capacity in gypsiferous
soils using hybrid approach involving the artificial
neural networks and ant colony optimization
(ANN-ACO), MESE (2022) 1-10.

[21] L. A. Zadeh, Fuzzy sets, Information and control,
8 (1965) 338-353.

[22] N. Sabri, S. Aljunid, M. Salim, R. Badlishah, R.
Kamaruddin, and M. Malek, Fuzzy inference
system: Short review and design, Int. Rev. Autom.
Control 6 (2013) 441-449.

[23] P. Mitra, S. Maulik, S. Chowdhury, and S.
Chowdhury, ANFIS based automatic voltage
regulator with hybrid learning algorithm, in 2007
42nd International Universities Power
Engineering Conference. 2007. IEEE.

[24] A. H. S. Dehaghani and M. H. Badizad, A soft
computing approach for prediction of P-p-T
behavior of natural gas using adaptive neuro-fuzzy
inference system, Pet. 3 (2017) 447-453.

[25] A. Baghban, M. A. Ahmadi, and B. H. Shahraki,
Prediction carbon dioxide solubility in presence of
various ionic liquids using computational
intelligence approaches, J. Supercrit. Fluids 98
(2015) 50-64.

[26] C. Jhin and K.T. Hwang, Prediction of radical
scavenging activities of anthocyanins applying
adaptive neuro-fuzzy inference system (ANFIS)
with gquantum chemical descriptors, Int. J. Mol.
Sci. 15 (2014) 14715-14727.

[27] C. E. Onu, C. N. Nweke, and J. T. Nwabanne,
Modeling of thermo-chemical pretreatment of yam
peel substrate for biogas energy production: RSM,
ANN, and ANFIS comparative approach, Appl.
Surf. Sci. Adv. 11 (2022) 100299.

[28] M. Dolatabadi, M. Mehrabpour, M. Esfandyari,
H. Alidadi, and M. Davoudi, Modeling of
simultaneous adsorption of dye and metal ion by
sawdust from aqueous solution using of ANN and
ANFIS, Chemom. Intell. Lab. Syst. 181 (2018) 72-
78.

[29] S. Areerachakul, Comparison of ANFIS and
ANN for estimation of biochemical oxygen
demand parameter in surface water, Int. J. Chem.
Eng. 6 (2012) 286-290.

[30] G. C. Straty, M. J. Ball, and T. J. Bruno, PVT
measurements on benzene at temperatures to 723
K. JCED 32 (1987) 163-166.

[31] J. S. Lopez-Echeverry, S. Reif-Acherman, and E.
Araujo-Lopez, Peng-Robinson equation of state:

DOI: 10.30473/ijac.2024.71138.1295



https://doi.org/10.30473/ijac.2024.71138.1295

K. Shayesteh, et al / Using Machine Learning Methods to Estimate the Molar Density of ... | 19

40 years through cubics, Fluid Ph. Equilibria 447 for non-convergent cases and their dynamics,
(2017) 39-71. Math. Model. Anal. 24 (2019) 422-444.

[32] R. Behl, V. Kanwar, and Y. I. Kim, Higher-order
families of multiple root finding methods suitable

COPYRIGHTS
© 2022 by the authors. Lisensee PNU, Tehran, Iran. This article is an open
oY access article distributed under the terms and conditions of the Creative

Commons Attribution 4.0 International (CC BY4.0)
(http:/creativecommons.org/licenses/by/4.0)

DOI: 10.30473/ijac.2024.71138.1295



https://doi.org/10.30473/ijac.2024.71138.1295

Iranian Journal of Analytical Chemistry 10 (2023) 1-15 | 20

L g, dslio g (30 (Joo (B (o (510 crawile (6 p5 0L (s 459, 31 2310w
Ol - iy Il dslze

‘ua.g‘..\m Oy ‘*‘Mu O‘?‘ﬁs c\‘}buw‘ lgy

u‘))l ‘J:)..))l 4&{))‘ ‘}EL’?:A bmb s@."i DM‘) ‘W 09;
* E-mail: k.shayesteh@uma.ac.ir

VEY olo sy )5 YY 2y o dy gt U WY Cuiga) 4 by &9, B

ase

el bod g Lt Giliee Lyl )3 oo Jgo S IS ,85 cela ol 51 S o oo s 2] (g5l dind g Sliaslmo 53 5 ¢ liands golioo 5
s 4 YU celo Lz 5 alos 1> EOS 5l oslial b Jse SIS iaristes 5 o2 colbss Ygans .ol gl Jgo SIS s sl (EOS) s &¥skeo
5 it 28 5 a3 > Jge o deuloes < Jyn il by o3 3190 35 EOS IS5 &y 059 b ) opdle - 35 Jiie 5 0l Ll
e edle (6p53h gy 93 jledlatul b i Jge (JBo (eSS sl Fge (B W) dllde cpl Ban o)y obads; sy caslie (300 Sl
5 65503 degecme oyl g ogMe 3,8 o3l bgy 93 oyl (bisal (sl ()75 (sl 030> degerms YoY 5l adlllae o) .ol ANFIS 3 MLP-ANN sy
5 ole 53k slagbyy 3,8kes iyl sly Wlio cul 3 55 (PR) ppualy Sty dhslae a5 oslisl o (B, (slallas duglio gl 225 2> 5+
<y PR g ANFIS . MLP-ANN ¢la 39, ¢ly (MRE) s slallas Silo oS 3y bt zols 8,8 1,38 oolisl 3y90 Jgo JISo duwloxe
s il |y lslome glallss 15 e il (5 50L (sl g, ) odlitel & o> i gl sl oy FATE § VAN o AVA o5 4 03l alas Y5V
95 e ellad g Slesles S s 4 MLP-ANN g, lio oyl 55 sl MLP-ANN L, 5, L5 PR ahslao §l oolizal b it (slls
ctls ANFIS J o yige 3,8kee Jse IS iarising

W olg a5’
gl =Sy b dolee PVT (puile (6300 (658 (omas s zlisnl pimmm Y Mo 9 iy (Sghuas (gmas 4w

DOI: 10.30473/ijac.2024.71138.1295



https://doi.org/10.30473/ijac.2024.71138.1295

