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Abstract

Simulations of vapor-liquid equilibrium (VLE) are widely used given their impact on the scale, design, and extrapolation of different
operational units. However, due to a number of factors, it is almost impossible to experimentally study each of the VLE systems. VLE
simulations can be developed using representations that are strongly dependent on the nature and interactions of the compounds forming
mixtures. A model that helps in predicting these interactions would facilitate simulation processes. A Gray Box Neural Network Model
(GNM) was created as Binary Interaction Parameters predictors (BIP), which are estimated using state variables and information from pure
components. This information was used to predict VLE behavior in mixtures and ranges not used in the mathematical formulation. The
GNM prediction capabilities (including temperature dependency) showed an error level lower than 5% and 20% for mixtures considered
and not considered in the training data, respectively.

Keywords: Acetone-Alcohol System; Peng-Robinson; Non-Linear Evaluations; ANN prediction.

Modelamiento de equilibrio Liquido-Vapor usando redes neuronales
grises como predictor de parametros de interaccion binaria

Resumen

Las Simulaciones de Equilibrio Liquido Vapor (VLE) son ampliamente utilizadas dado su impacto en el escalamiento, disefio y
extrapolacion de diferentes operaciones unitarias. Sin embargo, dado considerable factores, es casi imposible experimentalmente estudiar
cada uno de los sistemas de VLE. La simulacién de VLE puede ser desarrollada utilizando representaciones que son fuertemente
dependientes de la naturaleza e interaccion de los compuestos que conforman la mezcla. Un modelo que ayude en la prediccion de esas
interacciones facilitara el proceso de simulacion. Una Red Neuronal Gris (GNM) fue creada como un predictor de parametros de interaccion
binaria, los que son estimados utilizando variables de estado e informacion de componentes puros. Esta informacién fue utilizada para
predecir el comportamiento de VLE en mezclas y rangos no utilizados en la formulacion matematica. Las capacidades predictivas del GNM
(incluida la dependencia de temperatura) mostraron errores menores al 5% y al 20% para mezclas consideradas y no consideradas en los
datos de entrenamiento, respectivamente.

Palabras clave: Sistemas Acetona-Alcohol; Peng-Robinson; Evaluacién no-lineal; prediccion ANN.

1. Introduction simulations have on the unit operations of purification and
separation [1]. The design of these unit operations is not

Simulations of vapor-liquid equilibrium (VLE) are possible without estimating equilibrium, where temperature,
widely studied and used in the industry, given the impact that  pressure, chemical nature, and concentrations are correlated
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by empirical, semi-empirical and/or phenomenological
relationships. The equilibrium between phases is established
once there are no observable variations in chemical, thermal,
and force potentials between each phase under consideration.
The chemical potential equality is normally expressed in
terms of fugacities (f) and equalities of each component i in
each phase under consideration [2].

At low pressures, the gas phase and the liquid phase
fugacities can be represented in function of fugacity
coefficients (). Both terms, ¢V and ¢ (fugacity coefficients
in the vapor (V) and the liquid (L) phase, respectively) can be
expressed by using a suitable Equation of States (EOS), such
as Peng-Robinson, van der Waals, Soave-Redlich-Kwong
(SRK), among others, and the representation of partial
properties (Equation 1):

1 v [rop RT
Lng; = Eszw [(E - 7] dv — LnZ 1)

)T,V,nj

In Equation 1, Z is the compressibility factor; the
derivative part represents the partial derivative of component
i keeping the temperature, volume, and the moles of the other
components constant.

Each EOS can hold important information about mixture
behavior, such as the Peng-Robinson a; and b; coefficients.
When mixtures are modelled, mixing rules, which account
for molecular interactions, are needed. Equations 2 and 3
show the modified van der Waals mixing rules, where an, and
bm are the EOS coefficients of mixture and k;; is a temperature
dependent binary interaction parameter (BIP) [2]. The BIP
holds the dissimilar molecular contribution information
needed for mixture representations.

a;; = Jaa(1—kj) (2

by, = X1 x;b; (3)

am = Z?Z’} XiXjQij

Artificial Neural Networks (ANNSs) are normally used as
a predicting tool, where knowledge of phenomenological
representations is not important. Nevertheless, due to the
huge quantity of internal parameters that may be used in an
ANN, over-fitting and poor generalization problems can be
observed [3]. A Hybrid Neural Network, also known as Gray-
Box Neural Network Model (GNM), can be considered as an
improved ANN, which incorporates
phenomenological/empirical equations in its architecture. In
fact, the GNM can be thought of as a hierarchical network of
sub-networks. The sub-networks are assigned to perform
small calculations restricted by some physical-chemical
constraints, such as mass and energy balances [3]. The
incorporation of restrictions not only improves the general
prediction of the modified network; it also improves the
extrapolation capabilities.

GNMs have been used for a wide gamut of applications,
such as fed-batch bioreactors [3], Williams-Otto reactor [4],
maximization in methanol conversions [5], wastewater
systems [6], and empirical improvement of equations of state
[7], among others.

Regarding VLE, classical ANNs have been applied to
determine pressure (P) —temperature (T) — liquid (x;) or vapor

(yi) molar fractions relationships at equilibrium [8-12]. A
different approach was proposed by Urata et. al. [13]. In their
work, activity coefficients were estimated by separating the
calculation in two independent ANNs and using pure
component data as ANN input information: the normal
boiling point divided by molecular weight, critical density,
and dipole moment. Even though the estimations showed low
deviations, thermodynamic inconsistencies were observed.
Ramirez et al. [14] developed an ANN capable of
determining the four-suffix Margules parameters. The ANN
training was performed using a group-contribution
methodology where the ANN input variables were the
number of interactions between different functional groups,
the pressure, the temperature, the functional group quantities,
the molecular weights, and the mole fractions. The proposed
methodology represented the VLE correctly, but their results
showed local minimum issues.

In the present work, a methodology that incorporates a
suitable EOS (Peng-Robinson Equation of State; PR-EOS) in
the formulation of a GNM is presented in order to predict the
VLE. Specifically, the aim of this work is to determinate
binary interaction parameters by using pure component data
and an EOS represented in a neural-network-like structure.
Additionally, in order to achieve the main objective, common
activation functions were replaced by complex mathematical
formulations (including iterative estimations). The last
modification can be seen as a methodology to improve the
applicability of GNMs. Simple hydrocarbons mixtures were
considered for the GNM evaluation. VLE information was
used for GNM training, VLE extrapolation, and binary
interaction parameters prediction. The GNM predicted
binary interaction parameters, extrapolated VLE information
(with deviations on average lower than 5%) and, to a certain
degree, determinate VLE of mixture not considered in the
GNM training (deviations on average lower than a 20%).

2. Materials and methods

In the Present work, Matlab 7.1 was used as simulator.
This version was used given its simplicity at the moment of
modifying ANN/GNM functions and parameters (activation
functions, transfer function, and training process
methodologies). The embedded ANN toolbox was used in the
programming. For a proper and simpler creation/evaluation
of the GNM, VLE data from binary systems (Acetone-
Butanol at 99.46 kPa [15], Acetone-Ethanol at 101.33 kPa
[16], and Acetone-Methanol at 13.33 kPa [17]) were used.
The data was composed of yi-x;-P-T information and the
boiling points, molecular weight, molecular diameter, critical
pressure, critical temperature, and acentric factor of each
component. Furthermore, since VLE information for the
three systems is limited in the literature, interpolation of the
yi-Xi-P-T data was performed (by using the PR-EQOS and a
lineal correlation temperature dependency of the predicted
BIP) in order to obtain 500 total data points useful for training
and validation of the GNM.

3. Thermodynamic modeling

As previously specified, the PR-EOS (Equation 6, where a
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and b are adjustable parameters) was used in the formulation of
the GNM. Different EOS could have been used; nevertheless, the
PR-EOS was chosen for its simplicity (parameters determination
from critical properties and acentric factor) and improved
representation of some liquid properties [18].

RT a
P = T vomreo-n) “)

As extensively described in the literature, for a pure
component, both parameters can be determined by using
critical properties and temperature corrections.

By combining equations 1 and 4, the fugacity coefficient
for the liquid phase can be calculated (Equation 5) where, Zjiq
is the compressibility factor of the liquid phase. The
expression for the vapor phase fugacity coefficient is similar
to Equation 5, but representative values of the vapor phase
have to be used (i.e. Zvap, Vvap, and yi; [2]).

Ln(¢;) = :_1; (Zig—1) =~ Ln [Z”q (1 - )] *
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The previous equation needs the gas or liquid phase
compressibility factor, which is obtained from the PR-EOS
cubic expression (Equation 6; [2]). In Equation 6 A is equal
to anP /R?T? and B is equal to bmP/RT.

73— (1-B)Z?+ (A—2B —3B?)Z — (AB — B? —
B3) =0 ()

4. Gray box neural modeling

The theory behind artificial neural networks will not be
thoroughly discussed here; more information can be found in
references [19-20]. As mathematically proven by Cybenko
and Hornik et al. [21-22], a Feed-Forward-Neural-Network
(FFNN) with a single hidden layer can approximate, with a
high degree of accuracy, any non-linear function. Even
though ANNs can correctly approximate non-linear
functions, they are classified as data-based models, which
imply that the prediction is based on specific data sets. The
use of data sets allows good estimation of variables inside the
same data set limits, but extrapolation cannot fully be trusted
given the lack of boundary restrictions.

GNMs, on the other hand, have proved to reduce the
previous problems by embedding phenomenological
equations in a Neural-Network-like architecture. In this
architecture, the ANN focuses on phenomenological
parameter determination while the phenomenological
equation helps in the extrapolation, interpolation and/or
boundaries application (recognized as series configuration).
Further benefits, such as the reduction of neural internal
parameters, better starting points for training, reduction of
over-fitting, improved network adaptation, and improvement
in generalization have been observed [3].

5. PR-EOS gray box neural model generation

The first step in the GNM creation is the architecture
definition. Fig. 1 shows the PR-EOS GNM architecture. As
defined in this work, and observed in Fig. 1, different artificial
neurons (circles) are interconnected at different levels in order
to create a neural architecture specific for the problem
formulation. The dashed box in Fig. 1 represents an embedded
ANN, which is a classical ANN that possesses one Input Layer,
one Hidden Layer (HL), and one Output Layer (OL). The
embedded ANN, which possesses parameters that have to be
estimated during the training process, has a FFNN architecture.
The number of parameters has to be optimized in order to
produce a useful output; that means, to define the most suitable
number of neurons in the hidden layer to generate the binary
interaction parameters (10 neurons in the HL in the present work
with Hyperbolic Tangent Sigmoid as transfer function; this
number was obtained by finding the minimum number of
neurons in the HL that produce an unaffected goodness-of-fit
statistics). It must be highlighted that the training process is
performed by the back propagation technique; therefore, no
BIPs are needed in order to perform the training independently
of the embedded ANN estimate output (the BIP). By
considering the defined architecture, the VLE information
(which is the global output) will be transformed as it is back
propagated in the GNM to estimate the BIPs. The input
information of the embedded ANN was chosen based on pure
component information and the recognition that the embedded
ANN outputs are a function of the temperature. The selection of
different inputs can be modified easily. In fact, to estimate binary
interaction parameters, an optimization process of the input
information could be performed in order to determinate the most
suitable pure component and/or group contribution data useful
to obtain the best non-linear mathematical representation. In the
present work, the embedded ANN Input information are the
pressure, temperature, boiling points (BP;), molecular weights
(MW;), and molecular diameters (MD;) of each component i in
the mixture.

Figure 1. Architecture definition of the PR-EOS GNM (to avoid an unclear
representation, only 5 neurons have been represented in the HL).
Source: The Authors.
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The embedded ANN output is defined in the architecture
by a proper representation of the phenomenological equation
in a neural-network-like architecture. In a GNM, different
mathematical operations must be used to fully represent the
phenomenological equation. Mathematical operations, other
than classical ANN operations (such as roots, logarithms,
exponentials, among others), can easily be programmed by
specifying the mathematical expression in a neuron transfer
function or in a neuron activation function.

Following the Fig. 1 architecture, once the embedded
ANN calculation is performed (ki), the information is
forwarded to two neurons (gt and ¢v) followed by a third
neuron (equal fugacity that estimate y;). The most important
characteristics of these neurons are:

e Each input signal is unweighted (weight equal to 1). The
weights are kept constant during the GNM creation by
modifying the training algorithms (the values of the
weights are restored after the modifications performed by
the Levenberg-Marquardt Backpropagation training
process).

e The identity transfer functions are used in each neuron.
Therefore, each neuron output is the evaluation of the
activation function, where the bias was set to 0.

e The activation functions are replaced by a set of equations
rather than one equation. The set of equations allows the
estimation of fugacity coefficients (as described from
Equation 1 to Equation 6) or the vapor phase mole
fraction (obtained by fugacity equality, g xi / @V = yi).
The inputs of a neuron, in the phenomenological
representations, are useful variables for the full
estimation of important parameters/variables of the VLE
representation.

Both neurons ¢ and ¢ are representation of Equation
5, where the information of ki, critical properties of each
component (Pci, Tci), acentric factor of each component (@)
, and mole fractions (y; or x;, depending on the phase that is
intended to be represented) are used as feed to the neurons.
Additionally, in the same neuron the mixing rules are used to
estimate an and bm, and the PR-EQS in its cubic form, to
estimate Zjiq or Zvap. The estimation of both compressibility
factors was performed by the software by evaluating the
cubic equation roots. For the estimations of fugacity
coefficient, the higher root was used for the gas phase, while
the lower root was used for the liquid phase. After the
estimation of both fugacity coefficients, the VLE is
calculated by the neuron fiV=fi* which corresponds to the
equilibrium representation. Specifically, in this neuron, the
inputs are the liquid and vapor fugacity coefficients of
component 1 (in a binary system) and the molar fraction of
the liquid phase. By using the equilibrium representation, the
molar fraction of component 1 in the gas phase is estimated.
The y; information is used as feed and estimated as output in
the GNM. Independent of this recursive architecture, it must
be kept in mind that the main objective is to find an embedded
ANN able to determinate binary interaction parameters with
phenomenological restrictions (EOS).

Once the architecture was specified, the GNM training
was performed together with the optimization of the number
of neurons in the HL. The training process corresponds to the
determination of the ANNs internal parameters (weights and

Collection of Experimental VLE Data and
Neural Network Representation of

Phenomenological Equations

such as
needed (not performed in this work)

ization, as

J

Initial Definition and specify the Variable

that the embedded Classical ANN Will
Predict and Use

Phase of Choice of the Parameters of the

neural network

‘ Training Phase

\L , Number of Neurons in Layers ‘

Validation and Index of Agreement and [

Modification of Neural Network Sthers ]

Parameters

Analysis of Results

Figure 2. Procedure for PR-EOS GNM modeling
Source: Adapted from [23]

bias of each neuron) by performing sensitivity analyses on an
objective function, which is optimized by different methods.
After calculation of the new weights, the fixed GNM weights
were restored to their values by using a modified version of
the Matlab algorithm (trainlm).

As a methodological resume of the GNM creation, Fig. 2
is incorporated. This figure could help to better understand
the creation process and to use it in the case that other VLE
representations are intended to be used. The dashed line box
represents the typical process of the classical ANN
parameters selection, which could include selection of neural
network type, number of hidden layers, training algorithm
selection, activation function, and others [24]. In the present
work only the number of neurons in the hidden layer was
modified as an improvement parameter.

6. Results

Fig. 3 and Fig. 4 shows the results obtained (estimations
of yi values, represented in yi-xi-T graphs) by applying the
GNM after being trained with the VLE data sets of different
Acetone-Alcohol mixtures at different pressures. Fig. 3
shows the full data set used for training (bold curves) and, at
the same time, the prediction capabilities of the y; values
(fixed xi) for conditions not used during training (dashed
lines). It can be observed that the tendency of VLE acetone-
ethanol mixture was properly estimated by the GNM in the
range where the data set information was not included in the
training process. Of course, the embedded ANN performs
calculations of the binary interaction parameters which were
fed to the PR-EOS and the different formulations previously
described.

Fig. 4 focuses on the predicted values representation and
compares specific experimental data (van Winkle, 1956) with
those estimated by the presented methodology. The lines are
used as references and do not represent experimental values.
As observed in the figure, there is a tendency to obtain higher
deviations of the gas phase representation (y;) as the
concentration is closer to the equimolar mixture range (i.e. at
the higher contribution of the a;; parameter). Even though the
error is considerable under these conditions, the error was
lower than 10% and on average, the deviation was lower than
5%.
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One of the main objectives of the present work was to
predict, from pure component data, binary interaction
parameters. Fig. 5 shows the obtained k;; parameters as a
function of temperature, where the line is added to describe
the effect of temperature on the BIP (slope of 0.0018). As
observed in the figure, the binary interaction parameter
(which ranges between -0.004 to 0.013) describes a linear
functionality with temperature. The values describe a
relatively similar interaction between even molecules and
uneven molecules (i.e. relatively low kj).

The prediction capabilities were analyzed by the Index of
Agreement (IA; [24]); see Equation 7. In Equation 7 O; and
P; are the observed and predicted output values; n is the total
number of data; and pi’=pi - om and 0i’=0; - om are the
differences between the mean value of the observations (om)
and the predicted and observed output values, respectively.

T (Pi—0)?

A=1-35—"5
X3Py +l0: D2

U]

Once the previous equation was applied to the predicted
values of known mixtures (Acetone-Ethanol; Dashed Line of
Fig. 4) the Index of Agreement found was equal to 0.988,
which implies a considerable agreement (higher than 95% of
accuracy) for the total estimations performed for the system
under consideration.

The prediction capability of the system was further
analyzed by evaluating a mixture of components not used in
the training data. The mixture Methanol (1) — Ethanol (2) at
101.33 kPa, 348.15 K, x;=0.242 and y;=0.326 [16], was
compared with the predicted values. As evaluated, an error of
approximately 18% was obtained with a predicted kjj value of
-0.016. This number indicates that there is a lack of the GNM
representing capability. Of course, there is no alcohol-alcohol
pair used in the training set; therefore a reduction in the
prediction capability was expected.

Once comparing the GNM results with other works that
have used ANN for predicting VLE, a relatively similar
performance of the present GNM was observed. Si-Maussa
et al. [23] focused in the VLE prediction of carbon dioxide—
esters mixtures and reported Absolute Relative Deviations in
the order of 4.95% and 0.19% for pressure and mole fraction
estimations, respectively. Similarly, Karimi and Y ousefi [25]
studied a VLE of four binary refrigerant systems. In their
work, medium average errors as high as 5.15% were
observed for mole fraction estimations. In both of the
previously mentioned manuscripts, comparisons with EOS
were performed. In both works it was observed that the ANN
performed better than the EOS. In the present manuscript this
comparison cannot be performed since the prediction is
embedded in the EOS and therefore the errors that the EOS
models have intrinsic in their representations are passed to
the GNM results. Furthermore, in both mentioned works the
focuses have been interpolating data. In the present
manuscript extrapolations at other ranges of the system
conditions and mixtures were performed. Is in these points
that present work makes an important difference since, by
predicting binary interaction parameters instead of VLE data
the network could be used (if considerable input data is used
during training) to not only interpolate within input data
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mixtures, it could be used to predict non input mixtures
behaviors.

7. Conclusion

A methodology to estimate binary interaction parameters
was implemented in this work. A GNM was used, in which
the PR-EOS was formulated in a neural-network-like
architecture in order to limit and improve the prediction
capabilities of an embedded ANN. The embedded ANN
focuses on estimate binary interaction parameters useful in
the representation of VLE. As observed in the results, the
generated GNM successfully represented the VLE of
mixtures used in the GNM training (deviations on average
were lower than 5%) and was able to estimate the
temperature dependence of the binary interaction parameters.

Further evaluation of the GNM, with mixtures not used
during training, showed a lower VLE prediction (i.e. k;). This
lower prediction capability (deviations in the order of 20%)
was explained by a lack of representability of the system
(non-alcohol-alcohol pair used during training) and the need
to define the most suitable parameters that should be used as
input in the embedded ANN in order to improve the
prediction capabilities of the GNM.

Additionally, an innovative methodology to incorporate
non-linear evaluations in a neural-network-like architecture
was developed. As far as the authors are aware, additive and
multiplicative evaluations have mainly been used as
transfer/input functions. The possibility of incorporating
polynomial expressions and other mathematical expressions
could improve and extend the use of GNM in more complex
phenomenological/empirical representations.

In terms of the Peng-Robinson EOS, the present
methodology will be limited by the same restrictions as the
Peng-Robinson possesses. Nevertheless, a gamut of possible
modifications can be foreseen that could improve the
applicability of the presented work. For example, the
methodology could be extended by using considerable data
sets during the training; using an increased number of
parameters as feed to the embedded ANN in order to improve
the prediction of BIPs; incorporating group contribution
methods in the estimation; considering activity coefficients
for the liquid representations; using other EOS; using Gibbs
Excess Free Energy representations in neural network-like
architecture; and/or incorporating long- and medium-range
interactions (ionic in nature), among others. In summary, a
powerful and simple tool for the estimation of state variables
and VLE information was developed. The authors hope that
this developed tool generates a significant impact on
decision-making and is well received by industry and
academia.

References

Prausnitz, J.M., Lichtenthaler, R.N. and de Azevedo, E.G., Molecular
thermodynamics of fluid-phase equilibria. Pearson Education, 1998.

Hadi, J.A., Hadi, J.G., Najmuldeen, G.F., Ahmed, I. and Hasany, S.F.,
Gas-liquid equilibrium prediction of system CO2-aqueous ethanol at
moderate pressure and different temperatures using PR-EOS.
Chemical Industry and Chemical Engineering Quarterly/CICEQ,
19(3), pp. 339-346, 2013. DOI: 10.2298/CICEQ120324067H.

[1]
[2]

231

(3]

[4]

[3]

(6]

(71

(8]

(9]

[10]

(11]

(12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

Psichogios, D.C. and Ungar, L.H., A hybrid neural network
principles approach to process modeling. AIChE Journal, 38(10), pp.
1499-1511, 1992. DOI: 10.1002/aic.690381003.

Cubillos, F.A., Acufia, G. and Lima, E.L., Real-time process
optimization based on grey-box neural models. Brazilian Journal of
Chemical Engineering, 24(3), pp. 433-443, 2007. DOL:
10.1590/S0104-66322007000300012.

Alavi, M., Jazayeri-Rad, H. and Behbahani, R.M., Optimizing the
feed conditions in a dimethyl ether production process to maximize
methanol conversion using a hybrid first principle neural network
approach. Chemical Engineering Communications, 201(5), pp. 650-
673, 2014. DOI: 10.1080/00986445.2013.782294.

Anderson, J.S., McAvoy, T.J. and Hao, O.J., Use of hybrid models in
wastewater systems. Industrial and Engineering Chemistry Research,
39(6), pp. 1694-1704, 2000. DOI: 10.1021/ie990557r.
Bravo-Sanchez, U.l., Rico-Martinez, R. and Iglesias-Silva, G.A.
Improvement of the empiricism in the BACK equation of state via
hybrid neural networks. Industrial and engineering chemistry
research, 41(15), pp. 3705-3713. 2002. DOI: 10.1021/ie010773b
Mohanty, S., Estimation of vapour liquid equilibria of binary systems,
carbon dioxide—ethyl caproate, ethyl caprylate and ethyl caprate using
artificial neural networks. Fluid Phase Equilibria, 235(1), pp. 92-98,
2005. DOI: 10.1016/j.fluid.2005.07.003.

Nguyen, V.D., Tan, R.R., Brondial, Y. and Fuchino, T., Prediction of
vapor-liquid equilibrium data for ternary systems using artificial
neural networks. Fluid phase equilibria, 254(1), pp. 188-197, 2007.
DOI: 10.1016/j.fluid.2007.03.014

Karimi, H. and Yousefi, F., Correlation of vapour liquid equilibria of
binary mixtures using artificial neural networks. Chinese Journal of
Chemical Engineering, 15(5), pp. 765-771, 2007. DOL:
10.1016/S1004-9541(07)60160-8.

Ganguly, S., Prediction of VLE data using radial basis function
network. Computers and Chemical Engineering, 27(10), pp. 1445-
1454, 2003. DOI: 10.1016/S0098-1354(03)00068-1

Falindez, C.A., Quiero, F.A. and Valderrama, J.O., Correlation and
prediction of VLE of water+ congener mixtures found in alcoholic
beverages using an artificial neural network. Chemical Engineering
Communications, 198(1), pp. 102-119, 2010.

Urata, S., Takada, A., Murata, J., Hiaki, T. and Sekiya, A., Prediction
of vapor-liquid equilibrium for binary systems containing HFEs by
using artificial neural network. Fluid Phase Equilibria, 199(1), pp. 63-
78, 2002.

Ramirez-Beltran, N.D., Vallés, H.R., Estévez, L.A. and Duarte, H., A
neural network approach to predict activity coefficients. The
Canadian Journal of Chemical Engineering, 87(5), pp. 748-760, 2009.
Michalski, H., Michalowski, S., Serwinski, M. and Strumillo, C.,
Vapor-liquid equilibria for the system acetone-n-butanol. Zeszyzy
Nau/1: Politech. Lodz. Chem, 10, pp. 73-84, 1961.

Amer, H.H., Paxton, R.R. and Winkle, M.V., Methanol-ethanol-
acetone. Industrial and Engineering Chemistry, 48(1), pp. 142-146,
1956.

Fordyce, C.R. and Simonsen, D.R., Cellulose ester solutions.
Industrial and Engineering Chemistry, 41(1), pp. 104-111, 1949.
Peng, D.Y. and Robinson, D.B., A new two-constant equation of state.
Industrial and Engineering Chemistry Fundamentals, 15(1), pp 59-64,
1976.

Kosko, B., Neural networks and fuzzy systems: A dynamical systems
approach to machine intelligence/book and disk. Vol. 1 Prentice hall,
1992.

Haykin, S. and Network, N., A comprehensive foundation. Neural
Networks, 2004.

Cybenko, G., Approximation by superpositions of a sigmoidal
function. Mathematics of Control, Signals and Systems, 2(4), pp. 303-
314, 1989.

Hornik, K., Stinchcombe, M. and White, H., Multilayer feedforward
networks are universal approximators. Neural Networks, 2(5), pp.
359-366, 1989.

Si-Maussa, C., Nanini, S., Derriche, R., Buhedda, M. and Bauzidi, A.,
Prediction of high-pressure vapor liquid euilibrium of six binary
systems, carbon dioxide with six esters, using and artificial neural
network model. Brazilian Journal of Chemical Engineering, 25(1), pp.
183-199, 2008.

-first



Vyhmeister et al / Revista DYNA, 84(203), pp. 226-232, December, 2017.

[24] Willmott, C.J., Robeson, S.M. and Matsuura, K., A refined index of
model performance. International Journal of Climatology, 32(13), pp.
2088-2094, 2012. DOI: 10.1002/joc.2419.

[25] Karim, H. and Yousefi, F., Correlation of vapour liquid equilibria of
binary mixtures using artificial neural networks. Chinese Journal of
Chemical Engineering, 15(5), pp.765-771, 2007. DOI:
10.1016/S1004-9541(07)60160-8.

E. Vyhmeister, has a PhD. in Chemical Engineering obtained at the
University of Puerto Rico, Puerto Rico, 2008. Since obtaining his doctorate,
Dr. Vyhmeister has focused his work on modelling and optimizing industrial
processes. Additionally, Dr. Vyhmeister has focused on different areas
related with Chemical Engineering, such as process scaling, kinetic analysis,
thermodynamic modelling, among others. Currently Dr. Vyhmeister is
working as researcher and academic of the Mechanical and Energy
department at the Universidad de las Fuerzas Armadas, Ecuador.
ORCID:0000-0003-1922-2706

J. Rodriguez-Pino, received the Bsc. in Automatization and Robotics
Engineering in 2014 at the Universidad Andres Bello, Santiago, Chile.
Currently he is working in the industry in industrial automatization areas.
ORCID: 0000-0002-3186-4747

R.N. Rodriguez-Maecker, completed his PhD. degree in natural sciences at
the Duisburg University, Germany, in 2005. Since 2006, he has focused on
different innovative works that have considerable incidence on
methodologies of natural compounds processing in Ecuador. Nowadays Dr.
Rodriguez-Maecker is the Director of the Petrochemical Engineering Career
at the Universidad de las Fuerzas Armadas, Ecuador, where he still focuses
on the development of innovative use of natural resources in Ecuador.
ORCID:0000-0003-1773-402X

R. Galleguillos-Pozo, completed her MSc. degree in Industrial Engineering
in 2010, at the Universidad de Santiago de Chile, Chile. Since 2012, she has
been a Full time Professor and Researcher in the Engineering Faculty of
different institutions. As researcher she has worked on programs and projects
focused on the industrial strategic planning, with emphasis on heuristic
methodologies based on analysis network processes (ANP). Her research
interests include: uses strategies and application of analytical process
networking strategy maps and Balanced Scorecard. Currently, Rosa
Galleguillos-Pozo is working full time at the Universidad Técnica de
Ambato, Ecuador.

ORCID:0000-0003-1316-5835

L. Reyes-Bozo, completed his MSc. and PhD. degrees in Engineering
Sciences in 2006 and 2011, respectively, both of them from the Pontificia
Universidad Catélica de Chile, Chile. Since 2008, he has been a full
professor and researcher in the Engineering Science Department,
Universidad Andrés Bello. He has worked on programs and projects in the
mining field, with emphasis on environmental management. His research
interests include: use of industrial ecology strategies and cleaner production
concepts in industrial process; assessment of biodegradable substances as
froth flotation agents to concentrate sulfide ores; modeling, simulation and
process control. Dr. Reyes-Bozo is currently working at the Universidad
Central de Chile as Director of Research.

ORCID:0000-0002-4523-0139

H. Valdéz-Gonzélez, completed his Bsc. and MSc. at the Universidad de
Santiago de Chile. He obtained his PhD degree in robotics and
automatization at the University of Joseph Fourier, LAG, France. Dr.
Valdéz-Gonzalez is currently working at the Universidad Central de Chile,
Chile, and has dedicated his work to modeling and control of processes.
ORCID: 0000-0002-3754-6862

232

e
UNIVERSIDAD NACIONAL DE COLOMBIA

SEDE MEDELLIN
FACULTAD DE MINAS

Area Curricular de Ingenieria
de Sistemas e Informatica

Oferta de Posgrados

Especializacion en Sistemas
Especializacion en Mercados de Energia
Maestria en Ingenieria - Ingenieria de Sistemas
Doctorado en Ingenieria- Sistemas e Informética

Mayor informacion:

E-mail: acsei_med@unal.edu.co
Teléfono: (57-4) 425 5365




	1.  Introduction
	2.  Materials and methods
	3.  Thermodynamic modeling
	4.  Gray box neural modeling
	5.  PR-EOS gray box neural model generation
	6.  Results
	7.  Conclusion
	References

