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statistical mechanical equation of state in different temperatures, pressures andmole fractions. The temperature
dependent parameters of the equation of state have been calculated using corresponding state correlation based
on only the density at 298.15 K as scaling constants. The obtained mean of deviations of modified equation of
state for density of all pure ionic liquids for 1662 data points was 0.25%. In addition, the performance of the arti-
ficial neural network (ANN) with principle component analysis (PCA) based on back propagation training with
28 neurons in hidden layer for predicting of behavior of binary mixtures of ionic liquids was investigated. The
AADs of a collection of 568 data points for all binary systems using the EOS and the ANN at various temperatures
andmole fractions are 1.03% and 0.68%, respectively.Moreover, the excessmolar volume of all binarymixtures is
predicted using obtained densities of EOS and ANN, and the results show that these properties have good agree-
ment with literature.
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1. Introduction

The research community has considered ionic liquids (ILs) as inter-
esting compounds since 2005. These compounds have lots of advan-
tages when compared to other solvents. Phosphonium-based ILs are a
readily accessible family of ILs. They have greater properties as com-
pared with nitrogen cation-based ILs in some applications. The ILs are
used as extraction and synthesis solvents, electrolytes in batteries and
super capacitors, and in corrosion protection [1]. Pyridinium-based ILs
can also be used as extractants to remove aromatic sulfur compounds
in extractive desulfurization. They can effectively extract the sulfur con-
tent from the oil phase [2]. On the other hand, pyridinium-based ILs are
applied in the synthesis of organic compounds. For example, they in-
crease the reaction rate and product yields of Diels–Alder reactions [3].

Binarymixtures of ILswith extra fluids have been employed for elec-
trochemical applications (solar cells) [4]. Besides, themixtures of ILs can
improve the thermodynamic and transport properties of working fluids
as well as the efficiency of the chemical equipments such as batteries,
photo electrical cells, and other electro chemical equipment. Moreover,
the ILmixtureswith supplementary compounds such as alcohols permit
the modification and control of the properties of the mixtures to suit a
given situation [4].
g Society of China, and Chemical Ind
It should be stated that although there are a lot of experimental data
for volumetric properties of ILs, prediction of these properties is still a
vital task because these compounds have been in focus as substances of-
fering many highly talented applications [5–8]. It is needed to decide
whether the use of these fluids could be extended from the laboratory
level to large-scale industrial applications, therefore the prediction of
volumetric properties of these fluids is a key task.

In recent times, several models have been proposed to predict the
densities of ILs. For example, a group contribution equation of state
based on electrolyte perturbation theory is used to calculate the densi-
ties of ILs by Wang et al. [9]. They separated ILs to several groups
counting cations, anions, and alkyl substituent groups. The performance
of the model was examined by describing the densities of a large num-
ber of imidazolium-based ILs over a broad range of temperatures
(293.15–414.15 K) and pressures (0.1–70.43 MPa). The model was
found to estimate the densities of ILs with an overall average relative
deviation (ARD) of 0.41% for correlation and an ARD of 0.63% for
prediction.

Shen et al. [10] calculated the densities of ILs using the Patel–Teja
equation of state together using the modified Lydersen–Joback–Reid
group contributionmethod. The correlation accuracy in terms of overall
average absolute relative deviation (AARD) is 4.4% for 918 data points of
density at ambient temperature and atmospheric pressure. The temper-
ature dependence of Sanchez–Lacombe EOS ismodified to find accounts
that hydrogen bonding and ionic interactions existed in ILs by Machida
et al. [11]. They used a simple function in the form of the Langmuir
ustry Press. All rights reserved.
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equation that reduced to the original SL EOS at high temperature. The
ε*-modified SL EOS could represent volumetric data for ionic liquids to
within an absolute average deviation (AAD) of 0.054%, whereas, the
original Sanchez–Lacombe EOS gave AAD value of 0.21%.

In addition, Abildskov et al. [12,13] clarified a technique to correlate
the densities of pure ILs based on a corresponding state form for the
direct correlation function integrals. The results show excellent agree-
ment with the experimental data for nearly all substances over all
ranges of conditions. The obtained AADs of these models from experi-
mental data for 7 and 46 set of ILs are 0.051% and 0.034%, respectively.

Moreover, this method is improved to predict the phase behavior of
mixtures of ILs and organic solvents [14].The results show that the aver-
age absolute deviations of this method from literature for ionic liquid
mixture at high and low pressure are 0.17% and 0.21%, respectively.

It should be stated that for predicting the densities of ILs some com-
putational methods have been recommended. For example, the specific
density and molar liquid volume of 40 imidazolium-based ionic liquids
were predicted using the COSMO-RS method, a thermodynamic model
based on quantum chemistry calculations by Palomar et al. [15]. Conse-
quently, the calculated and experimental density values of ILs (and also
other common solvents) were fitted by linear regressions with coeffi-
cientofdeterminationR2N0.99andstandarddeviationsSDb20kg·m−3.
. As well, Trohalaki et al. [16] reported QSPR method for predicting the
densities of ILs. Ostwald solubility coefficients and partition coefficients
of organic solutes in eight different ionic liquids are correlated by
molecular descriptors calculated solely from their structures. Two to
four-parameter best multilinear regression models were obtained
with coefficients of determination ranging from 0.913 to 0.992.

Besides, the different thermodynamic properties of ILs are modeled
using several SAFT equations of state. For example, Rahmati-Rostami
et al. [17] added an additional polar contribution to the Helmholtz free
energy to both PC-SAFT and SAFTVR equations of state for calculating
of the solubility of H2S in ILs. They enhanced the accuracy of the pro-
posed model, but, this came at the expense of increasing the number
of model parameters. For pure components, the average relative devia-
tion between the calculated and experimental densities is less than
2.42% in the PC-SAFT model and 5.44% in the SAFT-VR approach and
for binary mixture of ILs and H2S, the average deviation of less than 5%
in the calculation of the mole fraction of H2S in the ionic liquids. Also,
Hung et al. [18] used an extended Riedel (ER) model and an artificial
neural network (ANN) model for density prediction of mixtures of ILs
and molecular solvents. Average absolute relative deviations of the ER
model and the ANN model are 0.92% and 0.37%, respectively, which in-
dicates that both developed models can achieve a universal and accu-
rate density prediction of IL mixtures.

Some simple and accurate van derWaals (vdW)-family equations of
state are recognized to predict the volumetric properties of molecular
and ILs using Papari et al. [19]. The average absolute deviation of the cal-
culated densities of studied ILs from vdW–CS–β, compared with those
obtained from the experiment and the AAD for 997 data point is
1.42%. Yousefi et al. [20,21] extended the TM EOS [22] (based on
statistical–mechanical perturbation theory) to pure and binary
mixtures of ILs. The overall average absolute deviation of calculated
densities from experimental data for 1633 data points for nine pure
ILs is 2.05%. Besides, this model predicts the densities of mixture of ILs
for 428 data points with a mean AAD of 1.69%.

However, these models have some limitations due to the use of
many adjustable parameters or combining rules. Therefore, they some-
times need a sufficient amount of data for calibration and justification
purposes that makes them computationally incompetent. In such
cases, an artificial neural network (ANN) can be an appropriate option
for modeling the different thermodynamic properties. The relationship
between the physical and thermodynamic properties is extremely non-
linear, and the ANN approach is a particularly capable algorithm to
approximate a certain property such as density using learning the
relations between the input and output data [23]. Consequently,
thermodynamic properties can be modeled by the ANN method as an
alternative tool [24,25]. Recently, the ANNs have been intensively ap-
plied to different fields. The major reason for this fast development
and varied applications of neural networks is their capability to virtually
approximate any function in a stable and efficient way.

Formerly, Tao–Mason equation of state (TM EOS) [22] has been
successfully improved to fluid and their mixtures [26–28]. Besides,
the applications of equation of state and artificial neural networks
approaches [23,29] were studied to predict the properties of pure
polymers. This research concentrates on the potential of both new
versions of TM EOS and ANN with principle component analysis
(PCA) to estimate of thermodynamic properties of ILs and their mix-
tures in broad range of temperatures, pressures and mole fractions.
As a final point, the efficiency of these methods is evaluated with ex-
perimental data and other equations of state.

2. Theory

2.1. Tao–Mason equation of state

The common equations of state are rooted in the van derWaals fam-
ily of cubic equations or equations based on the results of statistical me-
chanics and computer simulations [30–32]. The TM EOS belongs to the
second category. Tao and Mason added a perturbation correction term
(which affects the attractive forces) to Ihm–Song–Mason (ISM) equa-
tion of state [33] to present an advanced equation of state (TM EOS)
[22]. The TM EOS for pure system is as follow:

P
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where ω, λ and ρ are the Pitzer acentric factor, adjustable parameter
and the number density, respectively. TC, B2, α and b are the critical tem-
perature, the second virial coefficient, the scaling parameter, the effec-
tive van der Waals co-volume, respectively.

The second virial coefficient together with the parameters α, and b
requires the usage of the TM EOS. It should be mentioned that if the in-
termolecular potential is not accessible, the informationof experimental
second virial coefficient data is sufficient to calculate the values of α and
b [22]. In this case, there are numerous functions, usually based on the
corresponding state principal that lead to the computation of the second
virial coefficient.

In themain text, α and b are formulated based on the Boyle temper-
ature (TB) and volume (VB) [22].
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where the constant a1, a2, c1, and c2 are −0.0648, 1.8067, 2.6038, and
0.9726, respectively.
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The Tsonopoulos correlation can be calculated second virial coeffi-
cient in the lack of adequate experimental data [34].
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In this project, a new corresponding state correlation was tested in
order to assess whether TM EOS can be applied to predict the densities
of pure ILs and theirmixtures. B2 is correlated bymeans of onenew scal-
ing parameter (molar density at 298.15 K) that has been developed and
presented as follow:

B2ρr ¼ 1:033−3:0069
298:15

T

� �
−10:588

298:15
T
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þ 13:096
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T

� �3
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T
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where ρr is density at room temperature.
In Tao andMason examination, the dimensionless quantitiesα/VB and

b/VB are universal functions of the reduced temperature (T/TB). They can
be calculated from the exponential formulae based on a LJ (12-6) model
potential [22]. At this point, the scale factors TB and VB are the Boyle tem-
perature and volume, and can be stated based on the room temperature
parameters. The empirical equations given in Ref. [22] for α/VB and b/VB
as a function of T/TB can be rescaled by 298.15 K and ρr (density at
298.15 K) in place of TB and VB as pointed out by Eslami [35].
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a1= −0.0860 a2 = 2.3988,
c1 = 0.5624 c2 = 1.4267.
Thus, the temperature-dependent parameters of the equation of

state can be determined using density value at room temperature.
Before, the TM EOS was extended to the refrigerant mixtures as

follow [26]:
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where Gij is a pair distribution function calculated by Ihm et al. [33]:
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where η is the packing fraction of the mixture:
For a pure system, I1 = (α − B2) ζ(T) Φ(bρ) which Φ(bρ) and ζ(T)

are temperature dependence and density dependence parameters.
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that
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where Tcmix is the traditional pseudocritical temperature.
In the present study, the second virial coefficient and two

temperature-dependent parameter assessments can be extended to
mixtures via simple geometric mean of liquid density at the room
temperature:
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The λ parameter is obtained from some experimental P–V–T data at
high density and permits the whole procedure self-correcting.

2.2. ANN modeling

The artificial neural network (ANN) is the non-linear mathemat-
ical techniques which get huge attention because of its simplicity,
flexibility, and accessibility to different training algorithms as well
as its large modeling ability [36–38]. An ANN is derived based on
the activity process of the human brain and has been applied to
model of many scientific disciplines up to now [37–40]. Several applica-
tions and good explanations of the ANNwere presented in earlier pub-
lications [41,42].

The structure of an ANN forms the input layer (independent vari-
ables), the output layer (dependent variables) and one or more neuron
layers called hidden layers can be placed between them (Fig. 1). The
number of net layers, the number of neurons in each layer, the nature
of learning algorithms and neurons transfer functions define the con-
struction of an the ANN.

2.3. Principles component analysis (PCA)

PCA is a statistical technique that modifies an orthogonal transfor-
mation to change a set of observations of maybe correlated variables
to a set of values of linearly uncorrelated variables named principal
components. It is a method of recognizing patterns in data, and stating
the data in such a way as to highlight their similarities and dissimilar-
ities. The PCA is a great tool for analyzing data, while patterns in data
can be hard to find in data of high dimension. The other key advantage
of the PCA is that you compress the data by reducing the number of
dimensions, without much loss of information.

If the data set is jointly normally distributed, the PCA is guaranteed
to be independent. The PCA is sensitive to the relation of the original
variables [43].

As a final point, the PCA was used to make a classifier system more
effective and it is based on the assumption that most information
about classes is contained in the directions along which the variations
are the largest. The details of the PCA are clarified in Ref. [44,45].

2.4. Network training and selection of the best network architecture

Multilayer perceptron (MLP) is the most regular neural network
technique in solving problems. The MLP learns the data pattern by
means of algorithms known as “training”, these algorithms adjust
the weights of the neurons that are consistent with the error be-
tween the values of actual and target output where they provide
non-linear regression between inputs and output variables and
are very precious in identifying designs in complex data. One of
the most important training algorithms is the back-propagation al-
gorithm that extensively used to training of the ANN in numerous
applications.

Two transfer functions that is used in the hidden layer and output
layer are Hyperbolic tangent sigmoid transfer function “Tansig” and



Fig. 1. Topology of conventional P−S−1 MLP.

Table 1
Coefficients in Eq. (20)

Ionic liquid A b × 10−4 c × 10−6

C8H15BF4N2 0.5283 −0.67 −0.73
C8H16N2O4S 0.5210 −0.35 −0.72
C8H15N2O4S 0.5535 −0.65 −1.03
C9H15F3N2O3S 0.5608 5.53 −1.95
C9H18N2O4S 0.5243 −0.66 −0.70
C10H15F6N3O4S2 0.5484 −2.40 −0.38
C8H11F6N3O4S2 0.4761 2.10 −1.04
CH4O 0.4155 4.00 −0.99
H2O 0.6614 −8.50 0.44
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Linear transfer function “Purelin”, respectively. Also, the back propa-
gation algorithm of Levenberg–Marquardt (trainlm), was used to de-
termine the best network structure. The trial and error method is the
most basic method of training a net. The number of hidden layers is
to be chosen depending on the difficulty of the problem, but general-
ly one hidden layer is suitable to model most of the problems. In this
technique, the number of hidden layers is initially considered one
and varied one by one to attain the desire objective function outputs
using the trial and error approach. This leaning is continued to
achieve the number of neurons which leads to the lowest error for
the testing subset and presented as the best number of neurons in
the hidden layer.

The average absolute deviation (AAD) and coefficient of determina-
tion (R2) values (mathematical definition of the errors criteria) are de-
fined as follow:

AAD %ð Þ ¼ 1
N

XN
i¼1

ρ exp
i −ρcal

i

ρ exp
i

�����
�����

 !
ð18Þ
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3. Result and Discussion

The volumetric properties of pure ILs and some mixtures were ap-
proximated from the improved TM EOS. Then, the ANN with PCA was
trained over the whole range of temperatures, pressures and mole
fractions.

Some modifications are required to the extent of TM EOS for pure
andmixtures of ILs. 1) Tc in Eq. (1) is changed to 298.15 K. 2) The second
virial coefficient was developed by means of the density and 298.15 K
that simply can be computed in contrast to the critical parameters. Con-
sequently, the numbers of input parameters in the Tsonopoulos' corre-
lation [34] are reduced to just one parameter (ρr) using Eslami
correlation [35]. 3) k in Eq. (2) is a weak function of the acentric factor
so that k is estimated to 1.093 and A2 was changed to 1.64. 4) α and b
parameters were formulated using Eqs. (10) and (11), respectively.
The input parameters in both equations are the molar density at
298.15 K and more accessible than the Boyle temperature and volume.
Overall, using these revisions, the number of input parameters reduced
from five (critical temperature, critical pressure, acentric factor, Boyle
temperature, and Boyle volume) to one (molar density at 298.15 K).
5) In this work, the λ parameter for pure ILs that was adjusted by non-
linear regression method is as follows:

λ ¼ aþ bT þ cT2 ð20Þ

The required parameters for calculation of λ are listed in Table 1. The
abbreviation and physical properties of all pure ILs are shown in Table 2.
The calculations of molar volume of pure ILs were performed by
modified TM EOS with minimum input data and the outcomes of the
computed results have been collected sequentially in Table 3. It can be
seen that the agreement between the calculated molar density and
the experimental data [46–48] is quite appropriate. Generally, the



Table 2
Abbreviation and physical properties of pure ionic liquids

Ionic liquid Formula Abbreviation MW/g·mol−1 ρ at (25)/g·ml−1

1-Butyl-3-methylimidazolium tetrafluoroborate C8H15BF4N2 [C8MIM][BF4] 226.02 1.205
1-Ethyl-3-methylimidazolium ethyl sulfate C8H16N2O4S [C8MIM][SO4] 236.29 1.314
1-Ethyl-3-methylimidazolium ethyl sulfate C8H15N2O4S [C8MIM][SO4] 235.28 1.209
1-Butyl-3-methylimidazolium trifluoromethanesulfonate C9H15F3N2O3S [C8MIM][CF3SO3] 288.29 1.295
1-Butyl-3-methylimidazolium methylsulfate C9H18N2O4S [C9MIM][SO4] 250.32 1.212
1-Butyl-3-methylimidazolium bis[(trifluoromethyl)sulfonyl]imide C10H15F6N3O4S2 [C8MIM][CF3SO2]2 419.36 1.437
1-Ethyl-3-methylimidazolium bis[(trifluoromethyl)sulfonyl]imide C8H11F6N3O4S2 [C8MIM][N(CF3SO2)2] 391.31 1.521

Table 3
Result of density prediction for all mentioned pure systems

Ionic liquid NP ΔT/K p × 10−5/Pa AAD (EOS)/%

C8H15BF4N2 261 283.15–353.15 1–400 0.68
C8H16N2O4S 261 283.15–353.15 1–350 0.05
C8H15N2O4S 261 283.15–353.15 1–350 0.08
C9H15F3N2O3S 77 293.15–393.15 1–100 0.05
C9H18N2O4S 261 283.15–353.15 1–400 0.61
C10H15F6N3O4S2 237 293.15–473.15 1–600 0.71
C8H11F6N3O4S2 96 293.15–393.15 1–300 0.10
H2O 117 283.2–323.2 1–600 0.01
CH4O 91 293.15–323.15 1–600 0.01
Overall 1662 283.15–437.15 1–600 0.25
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obtained average of the deviations of all pure ILs for 1662 data points
and in broad range of temperatures (283.15 K–473.15 K) and pressures
(0.1–60 MPa) was found in order of 0.25%.

In this work, the obtained deviations from the experimental data for
pure ILs are compared with those obtained using Yousefi and Karimi
[20]. The overall average absolute deviation from literature thatwas cal-
culated by Yousefi and Karimi [20] for 1633 data points is 2.05%.

Alavianmehr et al. [49] applied an ion contribution equation of state
based on the electrolyte perturbation theory for 29 ILs. They tested this
model for estimating densities of 4353 data points over a wide range of
temperatures (272 K–472 K) and pressures (0.1 MPa–204 MPa). The
average absolute deviation (AAD) of the calculated densities from the
experiment is about 0.64%.

In addition, the obtained densities of pure ILs frommodified TMEOS
were compared with Hosseini et al. [50] who developed a cubic equa-
tion of state (CEOS) to model the volumetric properties of different
ILs. The predicted densities of pure ILs were compared with the experi-
mental data over a broad range of pressures (1 to 100MPa). TheAADs of
the calculated densities of 948 data points from literature are 1.82%
using the critical property and0.96% using the surface tension and liquid
density as scaling parameters.

Furthermore, the densities of binary mixture of ILs based on modi-
fied TM EOS in various conditions were computed and compared with
experimental data (Table 2) [51,56].

In this study, to predict the densities of ILs mixtures, the temperature
(T), mole fraction, molecular weight and total molecular weight are used
as input variables and the densities of IL mixtures are used as target. The
ranges of input–output variables for each system are given in Table 4.
Table 4
Summary of the input–output dataset characterization

Ionic liquid T/K M/g·mol−

C8H15BF4N2 + CH4O 293.15–323.15 32.04–22
C8H16N2O4S + H2O 283.15–333.15 66.56–68
C8H15N2O4S + H2O 283.15–308.15 18.02–22
C8H15BF4N2 + H2O 283.2–323.2 59.47–19
C9H15F3N2O3S + H2O 293.15–313.15 31.43–27
C9H18N2O4S + C8H15BF4N2 298.15–308.15 226.02–2
C10H15F6N3O4S2 + C8H11F6N3O4S2 293.15–353.15 405.34
TheMLP is trained, validated, and testedwith random70% (398 data
points), 15% (85 data points), and 15% (85 data points), respectively.

In the beginning, a set of observations are changed to a set of data
of linearly uncorrelated variables with a statistical method namely
PCA method. The number of principal component variables in this
plan is like to the original variables but the variable values are linear-
ly uncorrelated.

Because of the difference in dimension andmagnitude of the original
experimental data, the training and testing data should be normalized
before they are fed to the ANN. All data points that made from PCA
were balanced to the range of [0.1, 1] as follow:

Output ¼ input−min inputð Þð Þ
max inputð Þ−min inputð Þð Þ � 0:9þ 0:1 ð21Þ

Over-training is a problem in the ANN and can be overcome by ap-
propriate choice of the number of neurons in hidden layer. The perfor-
mance of the network in training step should increase with increasing
the neuron number; at the same time the performance of the network
in testing data phase leads to the best value at an optimal number of
hidden neurons (see Fig. 2). This trained network is generalized and
has the greatest prediction on testing data. Thus, the use of more or
less than the optimal number of hidden neurons was discouraged. In
this work, the mean square error (MSE) was selected as a measure of
the performance of the net. The net with one hidden layer (28 neurons)
with a mean square error of 1.0141 × 10−5 shows to the greatest pre-
diction in Fig. 2. Fig. 3 shows the progress of training, validation, and
test errors as a function of the number of training epochs (based on
early stopping approach).

Based on testing data, the best neural networkmodelwas employed
to predict the density of ionic liquid mixtures. Fig. 4 shows the compar-
ison between predicted values and experimental values and demon-
strates good harmony between them with absolute average deviation,
AAD = 0.37% and high coefficient of determination, R2 = 0.9999. Fig. 5
shows the error analysis of trained net over temperature variation.

In conclusion, the PCA–ANN and modified TM EOS were compared
with literature values [51–56] for all mixtures of ILs.

The calculated densities of 1-butyl-3-methylimidazolium tetra-
fluoroborate + methanol from modified TM EOS and PCA–ANN at
different temperatures andmole fractions are compared from exper-
imental data [51] and the deviation plot of this system versus mole
fraction at 293.15 K is shown in Fig. 6.
1 Mol fraction (X1) Density of ionic liquid/kg·m−3

6.02 0–1 762.6–1204.9
2.43 0.2224–3.044 991.4–1095
6.02 0–1 994.02–1247.2
3.11 0.1993–0.8418 1119.1–1157.3
3.59 0.0496–0.9456 1107.3–1300.1
50.32 0–1 1194.5–1207.9

0.5 1425–1483
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The absolute average deviation from experimental data [52] for
the predicted densities of the 1-ethyl-3-methylimidazolium ethyl
sulfate + H2O is calculated from new modified EOS and PCA–ANN and
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Fig. 4. Modeling ability of the optimized ANN to predict the effective densities of all
mixtures of ionic liquids: (R2 = 0.999, AAD = 0.48%).
these deviations for 303.15 K are presented in Fig. 7. It should be stated
that the ANN model has good harmony with experimental data and is
better than improved TM EOS.

The TM EOS and the PCA–ANN were performed to calculate the
binary mixture densities of 1-ethyl-3-methylimidazolium ethyl sul-
fate, 1-butyl-3-methylimidazolium tetrafluoroborate, 1-butyl-3-
methylimidazolium trifluoromethanesulfonate in water and deviation
plot of these mixtures from experiment [53–55] versus mole fraction
at 303.15 K are presented in Figs. 8–10. In all figures the PCA–ANN is
better than the modified TM equation of state.

Besides, the densities of 1-butyl-3-methylimidazolium methyl-
sulfate+ 1-butyl-3-methylimidazolium tetrafluoroborate are calculated
from the new equation of state and PCA–ANN at various mole fraction
and temperatures and AAD% plot of binary mixture at 298.015 K is pre-
sented in Fig. 11.

Table 5 contains the AAD%of the calculatedmolar density of all bina-
ry mixtures of ILs using themodified TM EOS and ANN at different tem-
peratures, pressures and volume fractions. Also, three equations of state
[55–57] for all data points that are tested in the present work are stud-
ied and the results are reported in Table 5. As it is clear from Table 5, the
accuracy of the calculated densities of IL mixtures using the ANN is bet-
ter than other EOS, but all of them have an agreement with literature.
The AADs of new EOS, Hosseini et al. EOS [56], Fadaei et al. EOS [56],
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Alavianmehr et al. EOS [58] and ANN for 568 data points are 1.03%,
0.79%, 1.07%, 0.97% and 0.68%, respectively.

In this research, the excess molar volume of binary mixtures of ILs is
predicted using the following equations:

VE ¼ X1 �M1ð Þ þ X2 �M2ð Þ
ρMix

−
X1 �M1ð Þ

ρ1
−

X2 �M2ð Þ
ρ2

ð22Þ

The deviation plot of the calculated excess molar volume of ANN for
C8H15BF4N2 + CH4O at different temperatures and mole fractions, is
evaluatedwith the experiment [51] in Fig. 12. It is shown that the calcu-
lated excess molar volume has good harmony with literature (AAD =
1.30%).

Also, the plot of deviations of the excess molar volume of the modi-
fied TM EOS for C8H15N2O4S+ H2O in different temperatures and mole
fractions is presented in Fig. 13 and the absolute average deviation from
the experiment [53] is 1.44%.

The excessmolar of all systems are calculated fromTMEOS and ANN
and the results are collected in Table 6. This table shows the AAD of TM
EOS and ANN that is 1.65% and 1.17%, respectively.

Besides, the densities of pure ILs are compared with other models
[49,50,57–65] and the outcomes of the calculations are collected in
Table 7. Since the values of AAD can be characterized by the fact that
the calculated values are more or less close to the experimental data,
it can be claimed that our model can predict the experimental density
of pure ILs with a good accuracy.

Finally, Table 8 illustrates the average absolute deviations of densities
of ionic liquid mixtures from other equation of states [9,50,56–58,60–62,
66,67]. It is observed that, our results are supporting the favorite of
the modified TM EOS. But, sometimes, the present work has great
error in contrast to other models but, it must be stated that the present
EOS needs just one input parameter to predict of PVT properties of ILs.

4. Conclusions

In the present work, the modified TM EOS was applied to estimate
the volumetric and thermodynamic properties of pure ILs and their
mixtures in broad range of temperatures, pressures and mole fractions.
The obtained mean of the deviations for density of all pure ILs for 1662
data points was 0.25%. Besides, the performance of the PCA–ANN based
on back propagation training with 28 neurons in hidden layer for
predicting the behavior of binary mixtures of ILs was examined. The
0.6 0.8 1

AAD EOS

AAD ANN

hane sulfonate + H2O frommodified TM EOS and the ANN at different mole fractions and
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Table 5
Result of density prediction for all mentioned mixtures

Ionic liquid NP ΔT/K AAD, This work
(EOS)/%

AAD, This work
(ANN)/%

AAD, Hosseini et al. [56]/% AAD, Fadaei et al. [57]/% AAD, Alavianmehr et al. [58]/%

C8H15BF4N2 + CH4O 112 293.15–323.15 0.68 0.29 0.78 0.95 0.45
C8H16N2O4S + H2O 130 283.15–333.15 0.91 0.69 0.54 0.86 1.13
C8H15N2O4S + H2O 96 283.15–308.15 2.25 1.86 1.54 1.69 1.18
C8H15BF4N2 + H2O 117 283.2–323.2 1.36 1.07 1.19 0.89 0.54
C9H15F3N2O3S + H2O 42 293.15–313.15 0.56 0.28 0.68 1.25 0.87
C9H18N2O4S + C8H15BF4N2 64 298.15–308.15 0.57 0.13 0.79 0.98 0.36
C10H15F6N3O4S2 +
C8H11F6N3O4S2

7 293.15–353.15 0.92 0.46 1.25 0.91 1.02

Overall 568 283.15–353.15 1.03 0.68 0.79 1.07 0.97
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Fig. 12. The deviation plot of the calculated excess molar volume of ANN for C8H15BF4N2 + CH4O at different temperatures and mole fractions, compared with the experiment [51].
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Table 6
Result of excess volume prediction for all mentioned mixtures

Ionic liquid NP ΔT/K AAD (VE)
EOS/%

AAD (VE)
ANN/%

C8H15BF4N2 + CH4O 112 293.15–323.15 2.10 1.30
C8H16N2O4S + H2O 130 283.15–333.15 2.60 1.94
C8H15N2O4S + H2O 96 283.15–308.15 1.19 1.44
C8H15BF4N2 + H2O 117 283.2–323.2 1.36 1.07
C9H15F3N2O3S + H2O 42 293.15–313.15 0.77 0.44
C9H18N2O4S + C8H15BF4N2 64 298.15–308.15 2.02 1.23
C10H15F6N3O4S2 + C8H11F6N3O4S2 7 293.15–353.15 1.49 0.76
Overall 568 283.15–353.15 1.65 1.17

Table 7
AADs of the calculated densities of pure ILs using the presented two models from the lit-
erature data

Pure ionic liquid NP ΔT/K Δp/MPa AAD/% Ref.

This work 1662 283.15–437.15 0.1–60 0.25
EPHS① 4353 272.15–472.15 0.1–204 0.64 [49]
PHS② 33.6 272.15–472.15 0.1–204 0.60 [49]
PHDC③ 5110 293.15–472.15 0.1–207 0.24 [59]
PHSC④ 3440 293.15–472.15 0.1–207 0.53 [59]
Vdw–Cs–β⑤ 848 293.15–393.15 0.1–35 0.36 [60]
ISM⑥ 3998 293.15–472.15 0.1–200 0.38 [61]
CEOS (from critical property)⑦ 948 293.15–415.15 0.1–65 1.82 [50]
CEOS (from surface tension) 948 293.15–415.15 0.1–65 0.96 [50]
Hosseini et al. 1091 293.15–393.15 0.1–200 0.67 [62]
Fadaei et al. 1091 293.15–393.15 0.1–200 0.35 [57]
GC⑧ 1091 293.15–393.15 0.1–200 0.32 [63]
JAC⑨ 1091 293.15–393.15 0.1–200 0.45 [64]
Gardas et al. 1091 293.15–393.15 0.1–200 2.64 [65]
TM 2207 293.15–472.15 0.1–200 0.79 [58]

① Electrolyte perturbed hard-sphere EOS.
② Perturbed hard sphere EOS.
③ Perturbed hard-dimer chain EOS.
④ Perturbed hard-sphere chain EOS.
⑤ vdW–CS–β equation of state EOS.
⑥ Ihm–Song–Mason EOS.
⑦ Cubic EOS.
⑧ Gardas and Coutinho EOS.
⑨ Jacquemin et al. EOS.

Table 8
AADs of the calculated densities of ILs mixtures using the presented two models from lit-
erature data

Ionic liquid mixtures NP ΔT/K AAD/% Ref.

This work 568 283.15–353.15 1.03
Kiani et al. 348 278.15–353.15 0.33 [60]
Hosseini et al. 348 278.15–353.15 0.39 [66]
Hosseini et al. 215 278.15–353.15 0.38 [62]
Hosseini et al. 283 278.15–353.15 0.41 [56]
CEOS (from critical property)① 1147 278.15–353.15 0.43 [50]
CEOS (from surface tension) 1282 278.15–353.15 0.43 [50]
Fadaei et al. 978 278.15–343.15 0.79 [57]
Papari et al. 898 293.15–353.15 0.43 [61]
Alavianmehr et al. 906 293.15–393.15 0.60 [58]
Wang et al. 610 293.15–393.15 0.60 [9]
Peng–Robinson EOS 719 303.15–343.15 14.92 [67]
Sheikhi et al. 719 303.15–343.15 5.91 [67]

① Cubic EOS.
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AADs of the calculated molar density of all binary systems for 568 data
points using the EOS and the ANN in different temperatures and mole
fractions are 1.03% and 0.68%, respectively. As well, the excess molar
volume of all binary mixtures is predicted by means of obtained densi-
ties of the modified TM EOS and PCA–ANN and the results show that
these properties have good agreement with literature. The AADs of
the calculated excess molar volume of all binary systems using the
EOS and the ANN at various temperatures and mole fractions are
1.65% and 1.17%, respectively.
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