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Abstract−A multi-layer feed-forward artificial neural network has been presented for accurate prediction of the vapor
liquid equilibrium (VLE) of CO2+alkanol mixtures. Different types of alkanols namely, 1-propaol, 2-propanol, 1-butanol,
1-pentanol, 2-pentanol, 1-hexanol and 1-heptanol, are used in this study. The proposed network is trained using the
Levenberg-Marquardt back propagation algorithm, and the tan-sigmoid activation function is applied to calculate the
output values of the neurons of the hidden layers. According to the network's training, validation and testing results,
a six layer neural network is selected as the best architecture. The presented model is very accurate over wide ranges
of experimental pressure and temperatures. Comparison of the suggested neural network model with the most important
thermodynamic correlations shows that the proposed neuromorphic model outperforms the other available alterna-
tives. The predicted equilibrium pressure and vapor phase CO2 mole fraction are in good agreement with experimental
data suggesting the accuracy of the proposed neural network model for process design.
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INTRODUCTION

Accurate prediction of vapor-liquid equilibrium is important in
the modeling and design of processes that use supercritical fluids
for separation processes. The study of CO2-alkanol mixtures is of
special interest in the extraction of biomolecules with supercritical
carbon dioxide, in the extraction of alkanols from aqueous solutions
with CO2 and in the production of n-alkanols from syngas. Super-
critical CO2, in particular in combination with alkanols, has been
identified as an attractive environmentally benign solvent since it is
non-toxic, non-flammable, inexpensive and easily recyclable [1,2].
To determine the proper operating conditions for such processes, it
is necessary to carry out phase equilibrium calculations over a wide
range of pressures and temperatures. Information about the phase
behavior of binary mixtures can be obtained from direct measure-
ment of phase equilibrium data or by using thermodynamic models
[3]. The capabilities of different thermodynamic models for predict-
ing the phase equilibrium of high pressure asymmetric mixtures con-
taining CO2 have been investigated [4,5].

Elizalde-Solis et al. [6] studied the phase behavior of binary sys-
tems of CO2+1-hexanol and CO2+1-heptanol by using the Peng-
Robinson equation of state (PR EOS) [7] with the Wong-Sandler
(WS) mixing rules [8]. Secuianu et al. [9,10] used the Soave-Redlich-
Kwong (SRK) EOS[11] coupled with Huron-Vidal (HV) [12] mix-
ing rules and a reduced UNIQUAC model [13] to represent the com-
plex phase behavior of CO2+1-heptanol system at different tem-
peratures. According to their reported results, at the high tempera-
tures of 411.99 and 431.54 K and low temperatures of 292.0 and
316 K the predicted equilibrium pressure and vapor phase CO2 mole
fraction are not accurate enough for process design.

Lee [14] and Oliver et al. [15] reported the VLE data for the CO2

+1-pentanol and CO2+2-pentanol systems and Elizalde-Solis et al.
[16] presented the high-pressure VLE data for CO2+1-propanol,
CO2+2-propanol and CO2+1-butanol binary mixtures. However, their
modeling approach does not give reliable VLE predictions at all
ranges of pressures and temperatures.

The modeling by the conventional thermodynamic models requires
the use of many adjusted parameters. The adjustment of these param-
eters is tedious and it is never certain to get the best set of parame-
ters due to the problem of local minima [17].

Due to the shortcomings of the aforementioned models, an artifi-
cial neural network is presented for prediction of high pressure VLE
of different binary mixtures of carbon dioxide and alkanols. The
results obtained illustrate the possibility of an alternative modeling
approach for predicting the VLE of CO2-alkanols mixtures.

PROPOSED ARTIFICIAL NEURAL NETWORK (ANN) 
MODEL

A neural net consists of numbers of simple processing elements
called neurons [18]. Each neuron of neural network is connected to
others by means of a direct communication link, each with an as-
sociated weight, which represents information being used by the
net to solve the problem as shown in Fig. 1. The artificial neurons
are arranged in layers wherein the input layer receives inputs (ui)
and each succeeding layer receives weighted outputs (wjiui) from
the preceding layer as its input, resulting therefore, in a feedforward
ANN, in which each input is fed forward to its succeeding layer
where it is treated. The outputs of the last layer (vk) are real physical
parameters [19,20].

A neuron in the hidden layer sums the weighted inputs from n
connections plus a bias value (bhj) to produce an internal activity
signal aj

h (for neuron j of the hidden layer)
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(1)

and then applies a transfer function to the sum

(2)

Where j=1, 2, …, m, zj=output of the jth neuron, fh=activation or
transfer function applied to the hidden layer, bhj=bias of the jth neu-
ron, wji=synaptic weight corresponding to ith synapse of jth neu-
ron, ui=ith input signal to the input layer; n=number of input signals
to the input layer.

The resulting signal from Eq. (2) propagates through outgoing
connections to the neurons of the succeeding layer where it under-
goes a similar process (for instance outputs zj of the hidden layer
fed to neuron k of the output layer gives the outputs vk) such that:

(3)

Where ak
o is an internal activity signal (for neuron k of the output

layer). Finally, we have:

(4)

Where; k=1, 2, …, l, bok=bias of the kth neuron t the output layer
and fo=activation function applied to the output layer. Combining
Eqs. (1) and (2) the relation between the output vk and the inputs ui

of the neural network is obtained:

(5)

The activation function serves mainly as a type of filter or gate that
lets some signals move forward and stops others as they progress
from the input nodes to the output nodes. Thus, the smaller the value
of the neuron’s output is, the less its effect on the next neurons would
be. In this work the hyperbolic tangent sigmoid activation function
is used for the hidden layer, which can be written in the following

form:

(6)

For the output layer, a linear activation function is used:

fh(ak
o)=ak

o (7)

The number of neurons in the input and output layers is determined
by the number of independent and dependent variables, respectively.
The user defines the number of hidden layers and the number of
neurons in each hidden layer. Model development is achieved by a
process of training in which a set of experimental data of the inde-
pendent variables are presented to the input layer of the network
[18-20]. The outputs from the output layer comprise a prediction
of the dependant variables of the model. The network learns the
relationships between the independent and dependent variables by
iterative comparison of the predicted outputs and experimental out-
puts and subsequent adjustment of the weight matrix and bias vector
of each layer by a back propagation training algorithm. Hence, the
network develops a model capable of predicting with acceptable
accuracy the output variables lying within the model space defined
by the training set. Consequently, the objective of ANN modeling
is to minimize the prediction errors of validation data presented to
the network after completion of the training step.

In this work, the Levenberg-Marquardt back propagation algo-
rithm [20] is used for network training. The training performance
index F(w) to be minimized is defined as the sum of squared errors
between the target outputs and the network's simulated outputs:

F(w)=eT(w)e(w) (8)

where w is the set of all network weights, e is the error vector com-
prising the error for all the training examples. When training with
the Levenberg-Marquardt method, the weights are corrected by using
the following recurrence formula:

ws+1=ws−(Js
TJs+λI)−1Js

Tes (9)

Where the Jacobian matrix J contains the first derivatives of the net-
work errors with respect to weights and biases, and λ is the learning
rate. The weights correction continues until the training error func-
tion, F(w), approaches to a minimum.

To predict the VLE of CO2-alkanols mixtures by the proposed
ANN model, the input data to the network were taken from differ-
ent sources [6,9,10,14-16]. The equilibrium temperature, the CO2

mole fraction in the liquid phase, the physical properties of each
pure alkanols (critical pressure, critical temperature and acentric
factor) were selected as input variables, while the equilibrium pres-
sure and the CO2 mole fraction in the vapor phase were selected as
output variables. Experimental data sets were chosen with temper-
ature range from 313.15 to 443.46 K and the pressure range from
1.14 to 21.391 MPa respectively. The experimental data used for
training and generalization of ANN model are those reported by
Elizalde-Solis et al. [6] for CO2+1-hexanol and CO2+1-heptanol
systems and by Secuianu et al. [9,10] for CO2+1-heptanol system.
Silva-Oliver et al. [15] reported the VLE of for the CO2+1-pen-
tanol and CO2+2-pentanol systems. Also, Lee et al. [14] reported
the VLE data for the binary mixture of CO2+2-pentanol. Elizalde-
Solis et al. [16] presented the high-pressure vapor-liquid equilibria of
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Fig. 1. Schematic diagram of a feedforward neural network model.
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CO2+1-propanol, CO2+2-propanol and CO2+1-butanol binary sys-
tems. The temperature and pressure ranges of different CO2-alkanols
systems used in this work are listed in Table 1.

The network was trained, validated and tested by using 70%, 15%
and 15% of all experimental data points, respectively. The set of
data has been used to develop the neuromorphic model. A trial-and-
error approach was used to minimize the error function (Eq. (8)) in
order to determine the optimal combination of number of hidden
layers and number of neurons. The minimum mean square error in
validation test occurs when four hidden layers with 17, 14, 19 and
6 neurons in the first, second, third and fourth hidden layers are tried,
respectively. The number of neurons in the input and output layers

are 5 and 2, respectively. The presented optimal network architec-
ture can be used for predicting P (equilibrium pressure) and y (mole
fraction) as a function of T (equilibrium temperature), x (mole frac-
tion in the liquid phase), Tc (critical temperature of an alkanol), Pc

(critical pressure of an alkanol) and ω (acetnric factor of an alkanol).

RESULTS AND DISCUSSION

The training, validation and testing results of the proposed feed-
forward neural network are displayed in Figs. 2-4. As shown, there
is a very good agreement between the experimental data and the
trained ones regarding equilibrium pressure (P) and vapor phase
CO2 mole fraction (y). The correlation coefficients (R2-value) of
the trained, validated and tested equilibrium pressure data are 0.9963,
0.9975 and 0.9978, respectively, as shown in Figs. 2-4. Also, the
R2-value of the trained, validated and tested vapor mole fraction
data are 0.9915, 0.9863 and 0.9824, respectively, suggesting that
the proposed network is an optimum neuromorphic structure for
CO2-alkanols VLE predictions.

Figs. 5-11 show the P-x-y predictions of the proposed ANN model
in comparison with the experimental data of different binary sys-
tems namely CO2+1-propanol at 373.16, 397.48 and 426.68 K; CO2

+2-propanol at 344.23, 413.45 and 443.46 K; CO2+1-Butanol at
354.06, 398.98 and 430.25 K; CO2+1-Pentanol at 353.93, 374.93
and 426.86 K; CO2+2-Pentanol at 332.1, 374.15 and 431.78 K; CO2

Table 1. The ranges of experimental conditions regarding differ-
ent binary systems covered in this study

System Temperature range (K) Pressure range (MPa)
CO2+1-Propanol 344.82-426.68 10.6-15.80
CO2+2-Propanol 334.04-443.46 2.03-13.80
CO2+1-Butanol 354.06-430.25 2.07-16.20
CO2+1-Pentanol 333.08-426.86 3.57-18.64
CO2+2-Pentanol 332.10-431.78 2.12-15.73
CO2+1-Hexanol 324.56-432.45 2.27-20.13
CO2+1-Heptanol 313.15-431.54 1.14-21.40

Fig. 2. Trained versus experimental data.

Fig. 3. Validated versus experimental data.
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+1-Hexanol at 353.93, 397.78 and 432.45 K and CO2+1-Heptanol
at 313.15, 374.63 and 431.54 K. respectively. As shown in these
figures the predicted results are in good agreement with the meas-
ured data for all experimental systems covered in this study.

Table 2 represents the comparison between proposed ANN model
predictions and SRK EOS (coupled with Huron-Vidal (HV) mix-
ing rules and reduced UNIQUAC model) regarding CO2+1-hep-
tanol system. It should be noted that Elizalde-Solis et al. [6] obtained
poor VLE predictions regarding CO2+1-heptanol system by using
the PR-EOS coupled with the Wong-Sandler mixing rules. As shown
in Table 2, the average absolute deviations in equilibrium pressures
predictions (AADP%)

Fig. 4. Tested versus experimental data.

Fig. 5. Comparison of the proposed ANN model predictions with
the experimental data regarding CO2+1-propanol system. Fig. 8. Comparison of the proposed ANN model predictions with

the experimental data regarding CO2+1-pentanol system.

Fig. 9. Comparison of the proposed ANN model predictions with
the experimental data regarding CO2+2-pentanol system.

Fig. 6. Comparison of the proposed ANN model predictions with
the experimental data regarding CO2+2-propanol system.

Fig. 7. Comparison of the proposed ANN model predictions with
the experimental data regarding CO2+1-butanol system.
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(10)

and the average absolute deviations in the vapor phase CO2 com-
positions predictions (AADy%)

(11)

using the presented neural network are much lower than those pre-
dicted by the SRK/HV/UNIQUAC model at different equilibrium
temperatures.

The SRK-HV-UNIQUAC model predictions are compared with
the proposed neural network model regarding CO2+1-heptanol exper-
imental data at 374.63 and 431.54 K in Figs. 12 and 13. ADP% (ab-

solute deviation% in equilibrium pressure prediction) versus P at
high range of operating pressures

(12)

and ADx% (absolute deviation% in liquid phase CO2 composition
prediction)

(13)

were used for evaluating the prediction errors. As shown in Figs.
12 and 13, the modified SRK prediction errors regarding equilib-
rium pressures and CO2 liquid mole fractions are oscillatory and
much higher than the predictions of the proposed neural network
model.

The proposed ANN model accuracy is further evaluated by com-
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100
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--------- Pip

exp
 − Pip

pred

Pip
exp----------------------

ip=1
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exp

 − xip
pred
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exp
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Fig. 10. Comparison of the proposed ANN model predictions with
the experimental data regarding CO2+1-hexanol system.

Fig. 12. Comparison of the proposed Neural Network (—) and
SRK-HV-UNIQUAC (----) models with experimental equi-
librium pressures at two different temperatures (◆ T=
374.63 K and ■ T=431.54 K) regarding CO2+1-heptanol
system.

Fig. 13. Comparison of the proposed Neural Network (—) and
SRK-HV-UNIQUAC (----) models with experimental liq-
uid phase CO2 mole fractions at two different temperatures
(◆ T=374.63 K and ■ T=431.54 K) regarding CO2+1-
heptanol system.

Fig. 11. Comparison of the proposed ANN model predictions with
the experimental data regarding CO2+1-heptanol system.

Table 2. Comparison between the ANN results and prediction re-
sults by SRK-HV-UNIQUAC EOS regarding the CO2+
1-heptanol

T
(K)

AADP%
(SRK)

AADP%
(ANN)

AADy%
(SRK)

AADy%
(ANN)

316.15 05.9 0.104 1.7 1.142
333.15 03.2 0.127 0.4 0.140
353.15 05.8 0.163 0.1 0.081
374.63 12.6 0.034 0.5 0.191
411.99 14.4 0.006 3.2 0.171
431.54 20.0 0.019 1.7 0.128
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paring its predictions with those obtained through the Peng-Robinson
PR EOS coupled with Van der Waals (VW) and the Wong-Sandler
(WS) mixing rules regarding CO2+1-propanol, CO2+2-propanol
and CO2+1-butanol systems in Table 3. As shown in Table 3, the
average absolute deviations in equilibrium pressures predictions
(AADP%) and the average absolute deviations in the vapor phase
compositions predictions (AADy%) using the presented ANN model
are always lower than those of the PR-VW and PR-WS models.

Table 4 represents the comparison between the proposed ANN
model and the Patel and Teja equation of state (PT EOS) [21] coupled
with WS mixing rules regarding two binary systems of CO2+1-
pentanol and CO2+2-pentanol at different temperatures. As shown

in Table 4, the predictions of the proposed ANN model for estima-
tion of the equilibrium pressure and vapor phase CO2 composition
are always better than those obtained through the PT EOS. To obtain
a relatively good match between EOS predictions and the experi-
mental data, it is necessary to fit the EOS mixture parameters to
the VLE data at each temperature. However, in the proposed ANN
model such a fitting procedure is not required.

The proposed ANN model predictions are compared with all ex-
perimental data in Figs. 14 and 15. The correlation coefficients (R2-
value) for equilibrium pressure and vapor phase CO2 mole fraction
predictions are 0.9968 and 0.9908, respectively, indicating a very
good agreement between the experimental and predicted values.

Table 3. Comparison between the ANN results and prediction results by PR-VW and PR-WS EOSs regarding three different systems

System T
(K)

AADP%
(PR-VW)

AADP%
(PR-WS)

AADP%
(ANN)

AADy%
(PR-VW)

AADy%
(PR-WS)

AADy%
(ANN)

CO2+1-Propanol 344.82 31.10 1.6 0.007 0.149 0.013 0.0051
373.16 6.2 0.7 0.014 0.077 0.006 0.0021
397.48 4.5 1.6 0.022 0.083 0.005 0.0020
426.68 03.09 0.7 0.019 0.127 0.012 0.0035

CO2+2-Propanol 334.04 8.5 1.2 0.039 0.097 0.013 0.0073
344.23 14.30 1.7 0.107 0.014 0.012 0.0042
353.72 2.3 0.3 0.031 0.051 0.008 0.0100
373.18 3.4 0.6 0.064 0.036 0.024 0.0019
398.62 7.1 0.3 0.073 0.050 0.015 0.0064
413.45 3.0 0.8 0.065 0.018 0.015 0.0022
443.46 3.6 1.5 0.073 0.062 0.020 0.0125

CO2+1-Butanol 354.06 5.7 0.5 0.025 0.003 0.003 0.0013
398.98 3.7 0.9 0.036 0.005 0.008 0.0024
430.25 4.8 2.8 0.202 0.006 0.011 0.0036

Table 4. Comparison between the ANN results and prediction results by PT-WS EOS

System T (K) AADP% (PT EOS) AADP% (ANN) AADy% (PT EOS) AADy% (ANN)
CO2+1-Pentanol 343.69 1.90 0.120 5.76 1.41

374.93 0.24 0.005 0.60 0.37
426.86 1.10 0.110 0.52 0.39

CO2+2-Pentanol 343.61 1.14 0.020 1.32 0.31
374.15 1.31 0.015 1.40 0.26
397.56 0.59 0.015 0.36 0.28
431.78 0.86 0.140 0.87 0.82

Fig. 14. Comparison between proposed ANN model predictions
and experimental equilibrium pressures.

Fig. 15. Comparison between proposed ANN model predictions
and experimental vapor phase CO2 mole fractions.
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As shown in these figures, the proposed feed-forward neural net-
work model can be used for accurate prediction of CO2-Alkanol
vapor-liquid equilibrium conditions and proper design of high pres-
sure separation units.

CONCLUSIONS

Accurate prediction of the high pressure/temperature phase behav-
ior of CO2-alkanol mixtures, particularly in supercritical conditions,
is essential for the design of separation processes. Therefore, a feed-
forward neural network model with four hidden layers is developed
to predict the vapor-liquid equilibrium of seven binary mixtures of
CO2-alkanols. The presented model is very accurate over wide ranges
of experimental pressure and temperatures. The correlation coeffi-
cient (R2-value) for equilibrium pressure and vapor phase CO2 mole
fraction predictions are 0.9968 and 0.9908, respectively, indicating
a very good agreement between the experimental and predicted val-
ues. Comparison of the suggested neural network model with the
most important thermodynamic correlations shows that the proposed
nuromorphic model outperforms the other available alternatives.
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NOMENCLATURE

T : equilibrium temperature [K]
Tc : critical temperature of an alkanol [K]
P : equilibrium pressure [MPa]
Pc : critical pressure of an alkanol [MPa]
y : mole fraction of CO2 in the vapor phase
x : mole fraction of CO2 in liquid phase
Np : number of equilibrium pressure data points
Ny : number of vapor phase CO2 composition data points
AADP% : percent of average absolute deviation in predicting the

equilibrium pressure
ADP% : absolute deviation percent in pressure prediction
AADy% : percent of average absolute deviation in predicting the

vapor composition
ADx% : absolute deviation percent in prediction of liquid CO2 mole

fraction
R2-value : correlation coefficient
zj : output of the jth neuron
fh : activation function applied to the hidden layer
fo : activation function applied to the output layer
bhj : bias of the jth neuron in the hidden layer
bok : bias of the kth neuron in the output layer
wji

I : synaptic weight corresponding to ith synapse of jth neuron
wkj

h : synaptic weight corresponding to jth synapse of kth neuron
ui : ith input to the input layer
vk : kth output of the output layer
h : hidden layer
o : output layer
n : number of input layer neurons
m : number of hidden layer neurons

l : number of output layer neurons
i : neuron i in the input layer
ip : index of the component ip
j : neuron j in the hidden layer
k : neuron k in the output layer
F : error function
J : Jacobian matrix
λ : learning rate
s : iteration number
e : the error vector
I : identity matrix
T : transpose of a matrix
aj

h : an internal activity signal (for neuron j of the hidden layer
ak

o : an internal activity signal (for neuron k of the output layer
ω : acentric factor
exp : experimental
pred : predicted
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