Eurasian Chem.-Technol. J. 27 (2025) 235-250

The journal of the Institute of Combustion Problems

https://ect-journal.kz

https://doi.org/10.18321/ectj1671

ANN applied in the Separation of Isopropanol/Water by Azeotropic Distillation

by Pressure Oscillation

Daniel Chuquin-Vasco'*, Adriana Castillo-Cevallos?, Erika Cazorla-Garcia®, Maria Augusta Guadalupe?,
Geoconda Velasco-Castelo® and Fernando Mejia-Peiiafiel®

tUniversitat Politecnica de Valencia, Valencia, Espafia
2SOLMA, Advanced Mechanical Solutions, Mechanical Engineering, and Construction Services, Quito, Ecuador
3Escuela Superior Politécnica de Chimborazo (ESPOCH), Riobamba, Ecuador

Article info

Received:
4 June 2025

Received in revised form:
15 July 2025

Accepted:
28 August 2025

Keywords:

Artificial neural network (ANN)
DWSIM

Diisopropyl ether

Isopropanol

Simulation

Abstract

In this study, an artificial neural network (ANN) was developed to predict the
concentrations of isopropanol (IPA) and diisopropyl ether (DIPE) in a pressure-
swing azeotropic distillation system for the separation of isopropanol/water
mixtures. To build the ANN, a simulation was validated using the open-source
software DWSIM, and a sensitivity analysis was performed to determine the output
variables (targets) to be predicted: IPA and DIPE molar fractions. Additionally,
different experiments were carried out to obtain a set of 400 data pairs for the
training and validation of the ANN. The design of the ANN was implemented in
MATLAB, using the Bayesian regularization algorithm with 50 neurons in the
hidden layer. The mean squared error obtained in the testing phase was 0.00186,
and the regression coefficient was 0.964. To validate the ANN, an analysis of
variance (ANOVA) was performed with a set of 25 data points, considering the
input variables used in the ANN design. After the analysis of variance, it was
concluded that the results predicted by the ANN did not present significant
differences from the experimental values, with a reliability of 95%. Therefore, the
developed ANN can be reliably used to predict the concentrations of IPA and DIPE
in an isopropanol/water mixture separation process.

1. Introduction

is pressure swing distillation, which leverages varia-
tions in the liquid-vapor equilibrium under different

The separation of azeotropic mixtures represents
a significant challenge across various industrial sec-
tors, especially in chemistry and pharmaceuticals.
Azeotropes are combinations with a constant boil-
ing point, making separation through conventional
distillation complicated and resulting in products of
low purity. A problematic example is the isopropa-
nol-water azeotrope, which is found in numerous
industrial applications.

Recently, efforts have been made to overcome
the limitations of traditional distillation methods
through the development of innovative and efficient
techniques and technologies. One promising strategy
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pressures to separate azeotropic mixtures. By modi-
fying pressure conditions during distillation, it's pos-
sible to overcome the azeotropic nature and improve
separation efficiency [1].

To achieve optimal performance in pressure
swing distillation and effectively separate isopropa-
nol-water azeotropes, it's essential to incorporate
advanced predictive tools. In this context, Artificial
Neural Networks (ANNs) emerge as a prominent
solution. ANNs are a branch of artificial intelligence
specialized in modeling and predicting complex
temporal data, making them particularly suitable
for capturing the dynamic behavior of distillation
systems.
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1.1. Isopropanol

Isopropanol (IPA), also known as 2-propanol or
isopropyl alcohol, with the chemical formula C;H;0,
is a versatile and economical solvent used in the
chemical and cosmetic industries. Its physical char-
acteristics, compatible with those of alcohol, water,
and hydrocarbons, make it an invaluable resource.
IPA serves as a primary ingredient in the production
of acetone and various other compounds. It finds
extensive use as an antiseptic and disinfectant for
domestic, hospital, and industrial purposes [2].

1.2. Diisopropyl ether

Diisopropyl ether (DIPE) is an important compo-
nent in the chemical industry, and its unique phase
equilibrium properties allow the use of advanced dis-
tillation techniques like azeotropic distillation (HAD)
and pressure-swing distillation (PSD) to achieve effi-
cient separation, making it a favorable component
in the distillation process [3]. In addition, due to
its nonpolluting nature, DIPE represents a suitable
candidate as a gasoline additive, supporting cleaner
production processes [4].

1.3. Azeotrope

The term "azeotrope," derived from the Greek
words "a" (without), "zeo" (to boil), and "tropos"
(change), meaning "boiling without change," de-
notes a mixture of two or more components where
the components remain at a constant temperature
and pressure. An azeotrope is distinguished from a
pure component by the fact that, upon variation of
pressure, the boiling temperature and composition
of the mixture change [5]

1.4. Distillation

Distillation is the primary method for purifying
liquids, used to separate a liquid from unwanted
non-volatile substances through vaporization. This
separation process leverages variations in the vapor
pressures of the mixture's components at a specified
temperature. When liquid and gas phases interact
during distillation, it's termed rectification, whereas
in the absence of interaction between phases, it's
called simple distillation. In the rectification zone,
where phases interact, the gas phase increases its
content of the most volatile component, while the
liquid phase does so with the heavier component

[6].

However, a major drawback of conventional distilla-
tion isits high energy consumption required for sepa-
rating mixtures. Moreover, the significant emissions
of CO, contribute to global warming. Therefore, en-
hanced distillation processes must be developed to
address these issues, achieving energy-saving per-
formance and environmental protection [7].

1.5. Azeotropic distillation

Separation based on distillation can become
highly complex when attempting to separate high-
ly non-ideal mixtures. While various unit operations
have been successfully developed, there's always
room for enhancing distillation techniques [8]

Process intensification represents a major pre-
vailing trend in chemical process engineering for
separating an azeotropic mixture. Azeotropic distil-
lation is a technique employed to fractionate a com-
pound exhibiting azeotropic behavior [9].

In separation processes, the topic of azeotropic
mixtures generates considerable interest in the
chemical industry, particularly in sectors where sol-
vents are utilized. This is because a large number of
solvents are involved in non-ideal systems that often
result in the formation of azeotropes [10].

Azeotropic mixtures can be effectively separated
through azeotropic or extractive distillation, accom-
plished by adding a substance known as a "carrier"
to the distillation system. This addition facilitates
the breakdown of azeotropes, making it an excellent
choice for the separation and purification of the in-
volved components [11].

1.6. Pressure swing azeotropic distillation

Pressure swing azeotropic distillation is widely
utilized as an effective process for separating pres-
sure-sensitive azeotropes in chemical industrial pro-
cesses. This distillation method proves to be more
cost-effective compared to traditional techniques
such as extractive distillation, as it eliminates the
need for an additional solvent to achieve breakdown.
Pressure swing azeotropic distillation involves the
separation of mixtures using two columns operating
at varying pressures. To achieve this, a high-purity
product is required at one end of the columns, while
the other end utilizes a recycling stream with a com-
position close to the two azeotropes [12].

Pressure Swing Distillation (PSD) of azeotropic
mixtures operates on the principle that a change in
pressure can alter the relative volatility of a liquid
mixture. As the operating pressure is increased, the
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azeotropic point is shifted to lower the composition
value of the lighter components, enabling separa-
tion without the need for separating agents when
volatility increases and a significant positive change
in the azeotropic point occurs [12].

1.7. Simulation for Isopropanol Separation

According to Buitrago et al. [13] chemical process
simulation is a computer program employed to mod-
el steady-state behavior by determining pressures,
temperatures, concentrations, and flow rates. In to-
day's industry, one of the key tools is software that
enables the creation of models and the execution of
simulations of chemical and physical processes. The
purpose of simulation software is to meet design re-
guirements, decrease the required time, and reduce
production costs.

The heuristic methodology proposed by Niu &
Rangaiah [14] stands as an excellent option for op-
timizing operational conditions, comprising four
steps: baseline case analysis, generation of an en-
hanced simulation without capital investment, gen-
eration of integrated solutions, and comparison of
revamp solutions. This novel technology finds appli-
cation in isopropanol (IPA) production, as it involves
both primary and secondary reactions governed by
chemical equilibrium. Consequently, its separation
process encompasses intricate reactions. The simu-
lation of IPA is conducted using Aspen Plus, where
a stream of fresh propylene enters at (-47.6°C and
101.325 kPa), and recycled propylene is mixed in a
molar ratio of 4.65:1. These streams are pressur-
ized and preheated before entering the trickle bed
reactor. Meanwhile, another reactive water stream
is pressurized to 7500 kPa to feed the reactor. Two
variables were considered in this process: excess
propylene, where the number of columns has been
reduced from seven to three with the new method,
and excess water, with five columns.

To enhance the overall efficiency of the process,
Chua et al. [2] propose using reactive distillation for
IPA production in two different ways: employing an
excess of propylene to generate pure IPA without
the need for waters below the azeotropic mixture,
albeit this alternative is highly challenging and cost-
ly; and with excess water, which requires further
separation of IPA and water involving an azeotrope
to avoid propylene-propane separation, thus achiev-
ing nearly complete propylene conversion.

According to Xu et al. [15], process design for iso-
propanol manufacturing employed MESH equations
(material balance, vapor-liquid equilibrium, summa-

tion of molar fractions, and energy balance). Propyl-
ene hydration and ether, to obtain IPA, are fed to
a catalyst bed. The UNIFAC method has been suc-
cessfully used to predict activity coefficients in the
liquid phase and equilibrium constant expressions
for non-ideal systems. The Redlich-Kwong equation
of state was utilized to predict the non-ideal vapor
phase behavior of the system. Aspen Plus software
has been successfully employed in catalytic distilla-
tion, where easier convergent results were obtained
for the propylene hydration process, utilizing the in-
tegrated RadFrac distillation unit to gather all pro-
cess data informatively.

In order to produce IPA, Arifin & Chien [16] pro-
pose a distillation/absorption process for separat-
ing binary liquid mixtures with homogeneous azeo-
tropes. They utilized the commercial steady-state
simulator Aspen Plus to perform mass and energy
balances (mass and energy transfer equations, and
the equilibrium isotherm). They integrated the con-
tinuous distillation process with cyclic absorption
processes, using average quantities corresponding
to the Aspen ADSIM cycle as feed flow rates to the
Aspen Plus distillation columns.

In order to separate IPA and diisopropyl ether
(DIPE), Guang et al. [17] propose employing ex-
tractive distillation, which offers enhanced control
capabilities by incorporating a solvent to separate
this mixture. However, introducing a solvent could
potentially cause significant environmental damage.

1.8. ANN applied to chemical processes

Neural networks (ANNs) are a form of artificial
intelligence inspired by the human brain, involving
deep learning through interconnected neurons. This
adaptable system enables computers to recognize
errors and improve decision-making with minimal
human intervention [18-24]. Over recent decades,
ANNSs have become a powerful tool in scientific and
engineering, excelling at predicting complex, non-
linear phenomena. By processing nonlinear rela-
tionships and mapping complex input-output rules,
ANNs offer practical solutions to intricate problems,
emulating brain functions [25—-29].

The application of ANNs in the industrial realm
of chemical processes offers several advantages, no-
tably high efficiency and rapid results attainment.
Artificial neural networks provide a variety of novel
techniques to address issues in sensor data analysis,
fault detection, and process control, being utilized in
chemical engineering [30].

Eurasian Chemico-Technological Journal 27 (2025) 235-250



238 ANN applied in the Separation of Isopropanol/Water by Azeotropic Distillation by Pressure Oscillation

According to Panerati et al. [31], ANNs are con-
sidered a highly powerful tool assisted by artificial
intelligence. Chemical engineers have utilized this
tool for countless applications over the years. Arti-
ficial neural networks are computational tools that
provide a minimalist mathematical model of func-
tional neurons alongside raw data through a learn-
ing algorithm. They can be employed for tasks such
as modeling, classification, and prediction. Chemical
engineers have applied ANN in a wide range of fields
including energy, industrial chemical production,
food, pharmaceuticals, biotechnology, and water.
For instance, Cristea et al.[32] developed ANN mod-
els to predict the sorption capacity of a carbonized
rice husk—shungite mixture in oil-contaminated soils,
achieving high predictive accuracy (R? up to 0.998)
and demonstrating strong interpolation capability.

Two main uses of ANNs stand out: determining
the characteristics of an industrial process (yield,
efficiency, etc.), the final properties of products,
and analyzing quantitative structure-activity rela-
tionships. Within the chemical industry to produce
all derivatives, the most employed type of ANN in
the industry is the Multilayer Perceptron (MLP),
with a smaller proportion utilizing Support Vector
Machines, Generalized Regression Neural Networks
(GRNN), Functional Neural Networks, and Radial
Basis Function Neural Networks (RBFNN), based on
supervised training algorithms. Himmelblau [33],
designed a knowledge base with simulations to en-
hance reservoir characteristics and design scenarios
by implementing artificial neural networks.

In recent years, Advanced Process Control (APC),
such as Model Predictive Control (MPC), has been
introduced in the chemical process industry to en-
hance operational efficiency. Shin et al. [34] utilized
a linear model to predict computer workload for
simulation and improvement over a long period,
but high accuracy was not achieved in the supervi-
sion system of a distillation column. Therefore, an
artificial neural network (ANN) model was adopted
instead of the linear model to increase optimization
speed and model accuracy. In the present study,
a depropanizer was simulated using Aspen HYSYS
software, considering all feasible operating scenari-
os to generate massive dynamic simulation data. An
optimization algorithm model was incorporated into
the MPC system to assess its performance, changes
were made to the setpoint, and disturbances were
applied to the model, comparing the efficiency of
MPC with conventional control, such as PID feed-
back.

To enhance crude distillation systems with inte-
grated heat, Ochoa-Estopier et al. [35] considered a
novel approach in their study. They employed an ar-
tificial neural network model to depict a distillation
tower, where the tower configurations and heat
exchangers are tailored to an optimization frame-
work, systematically defining operational condi-
tions that contribute to the economic improvement
of production.

This work stems from the scarcity of previous re-
search utilizing Artificial Neural Networks (ANNs) for
predictive purposes in pressure swing distillation of
the isopropanol/water mixture. The lack of studies
underscores the originality and relevance of apply-
ing ANN methodologies to this industrial process.
Leveraging the predictive capabilities of neural net-
works in extractive distillation can enhance efficien-
cy, optimize operational parameters, and provide
valuable insights into the separation of isopropanol/
water. Moreover, its significance extends beyond
prediction, as it lays the groundwork for future re-
search addressing hybrid energy optimization meth-
odologies, combining genetic algorithms and neural
networks.

2. Methodology
2.1. Process description

Figure 1 depicts the process for isopropanol sep-
aration based on the proposal by [17]. The main
equipment includes distillation columns, decanters,
pumps, and reboilers to achieve the required pro-
cess temperatures and pressures.

Fresh feed (F) of water/IPA/DIPE enters the top
tray of column CSCOL-1, operating at 1 atm pres-
sure, where water is removed as a bottom product.
When the overhead vapor (V3) from the high-pres-
sure column (CSCOL-3) mixes with the overhead va-
por (V1) from the low-pressure column (CSCOL-1),
a heterogeneous liquid stream is created, feeding
the decanter (Dec-1) after cooling the aqueous lig-
uid (Lac) returns to the top tray of the low-pressure
column (CSCOL-1), and the organic liquid feeds
the intermediate tray of the low-pressure column
(CSCOL-2). Isopropanol product is obtained at the
bottom of the column (CSCOL-2). The distillate
(D2) feeds the top of the column (CSCOL-3), while
high-purity DIPE is obtained in column (CSCOL-3) as
a bottom product (B3), and this is recycled V3.
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Table 1. Feed stream conditions

Table 3. CSCOL -2 operating parameters

Parameter Value Unit
Pressure 1 atm
Temperature 298.2 K
Feed (molar flow) 100 kmol/h
IPA - Mole fraction 0.70 -
DIPE - Mole fraction 0.30 -
Initial water composition 90 %

Source: [17]
Table 2. CSCOL -1 operating parameters
Parameter Value Unit

Pressure 1 atm
Theoretical trays number 5 -
Feed tray location 1 -
Feed flow 100 kmol/h
IPA - Mole fraction (distillate) 0.36 -
IPA - Mole fraction (bottom) 0.00045 -
DIPE - Mole fraction (distillate) 0.147 -
DIPE - Mole fraction (bottom) 0.00005 -
Water - Mole fraction (distillate) 0.49 -
Water - Mole fraction (bottom) 0.99 -
Distillate molar flow 21.2 kmol/h
Lower molar flow 9 kmol/h
Thermal load on the condenser 612.7 K
Thermal load on the reboiler 414.2 K

Source: [17]

Parameter Value Unit
Pressure 1 atm
Theorical trays number 21 -
Feed tray location 3 -
Feed flow 36.8 kmol/h
IPA - Mole fraction (distillate) 0.1225 -
IPA - Mole fraction (bottom) 0.999 -
DIPE - Mole fraction (distillate) 0.6583 -
DIPE - Mole fraction (bottom) 0.0002 -
Water - Mole fraction (distillate) 0.2191 -
Water - Mole fraction (bottom) 0.0009 -
Thermal load on the condenser 550.3 K
Thermal load on the reboiler 609.2 K
Reflux ratio 0.991 -
Source: [17]
Table 4. CSCOL -3 operating parameters
Parameter Value Unit
Pressure 5 atm
Theoretical trays number 9 -
Feed tray location 1 -
Feed flow 29.793 kmol/h
IPA - Mole fraction (distillate) 0.136 -
IPA - Mole fraction (bottom) 0.0005 -
DIPE - Mole fraction (distillate) 0.620 -
DIPE - Mole fraction (bottom) 0.999 -
Water - Mole fraction (distillate) 0.244 -
Water - Mole fraction (bottom) 0.0008 -
Distillate molar flow 26.8 kmol/h
Bottom molar flow 2.993 kmol/h
Thermal load on the reboiler 318.0 K

Source: [17]

CSCOL-1

CSCoL-2

Fig. 1. Simulation of IPA separation by pressure swing in DWSIM Source: Modified from [17].

E2
34,60 kW

CsCoL-3

L

B2
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2.2. Methodology

The first part of the study involves simulating the
process depicted in Fig. 1, based on the input flow
conditions and equipment parameters specified in
Tables 1-4. Subsequently, a sensitivity analysis is
conducted to determine the input and output vari-
ables to be used for constructing the ANN. Finally,
the ANN is trained and validated through statistical
analysis to assess its predictive capability. Figure 2
illustrates the methodological framework employed
for ANN design.

N " 6. Data training
.operat?ng and Testing 7. Statistical
parameters (Coef. Pearson, Analysis (ANOVA)
MSE) L )
- V)
2.pwsIM
simulation and 5. ANN design
validation
.. ) . un @@
o5 D
3. Sensitivity 4. Data
analysis processing
-

Fig. 2. Methodological scheme of the designed ANN.

2.3. DWSIM simulation

The proposal is developed using the Open-Source
DWSIM software, which has a graphical user inter-
face that allows comparison of different types of
chemical processes. DWSIM was employed to repro-
duce the behavior of the improved isopropanol sep-
aration process. By systematically varying the oper-
ating parameters, a database of 400 data pairs was
generated, which was subsequently used to train,
test, and validate the ANN.

All flow streams are operated using the modified
UNIQUAC property package. These models enable
the accurate depiction of the non-ideality of the lig-
uid system through the calculation of activity coef-
ficients of the liquid and the modeling of the vapor
phase [36—40].

2.4. Sensitivity analysis

A sensitivity analysis is carried out to determine
the choice of input and output variables in an ANN,
aiming to evaluate the relative importance of these
variables. This analysis helps identify the most rel-
evant features while discarding irrelevant ones,
refining the architecture, and identifying potential
issues. To perform this assessment, potential ma-

nipulated variables were identified, and ranges
of variation were established based on the physi-
cal-chemical principles of the actual process.

2.5. ANN design and training

Training an ANN involves adjusting the connec-
tion weights between neurons to enable accurate
predictions regarding the target output data. Valida-
tion is then utilized to measure the prediction errors
of the ANN, thus assessing its effectiveness. Con-
versely, during the testing phase, the ANN's predic-
tions are evaluated using data pairs not employed
during training.

In the literature, ANNs uses a minimum of 50 data
points for predictive regression algorithms [41-43].
In this work, the dataset generated in Section 2.3
(400 data pairs, see Appendix A) was employed for
ANN design, ensuring an adequate basis for training,
testing, and validation. The ANN was implemented
in MATLAB as a feed-forward multilayer perceptron
(MLP), which is widely applied due to its flexibility in
nonlinear regression tasks [44]. Conforming to the
guidance provided by Chen et al. [45], 70% of the en-
tire dataset (comprising 280 data sets) was utilized
for training and learning purposes. Meanwhile, the
remaining 30% (120 data sets) was designated for
testing to evaluate the ANN's learning capability.

2.6. ANN validation

To validate the artificial neural network (ANN),
a variety of performance metrics were employed.
Among these metrics were the mean square error
(MSE), which calculates the average squared dis-
crepancy between the predicted and observed val-
ues (Eq. (1)), and the regression coefficient (R), which
measures the magnitude and direction of the linear
association between the predicted and observed
values (Eq. (2)) [46—49].Furthermore, an analysis of
variance (ANOVA) was conducted to further evalu-
ate the performance of the ANN.

In addition, an iterative approach was adopted to
optimize the performance of the ANN. This iterative
method sought to reduce the MSE and improve the
correlation coefficients across the training, validation,
and testing stages. Through continuous modification
of the ANN parameters based on performance assess-
ment, the objective was to enhance the network's
capacity to accurately predict the desired results.
Consequently, this iterative procedure enhanced the
effectiveness and dependability of the ANN.
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where n is the number of observations, y are the ac-
tual results (simulation outputs), and y’ are the pre-
dicted targets (ANN outputs).

3. Results and discussion
3.1. Simulation validation

The validation phase of the simulation conducted
in DWSIM entailed a comparison with the investiga-
tion performed by Guang et al. [17]. Tables 5 and 6

were utilized to outline the discrepancies in the mole
fractions and temperatures of significance within

Table 5. Simulation Validation (Mole fractions)

their respective distillation columns. It is noteworthy
that these discrepancies remained below 5%.

3.2. Sensitivity analysis

Sensitivity analyses, outlined in Appendix B, were
conducted to identify the variables that had a sub-
stantial impact on the target compounds. Tables 7
and 8 show the inputs and outputs employed in the
ANN design.

3.3. Design and training of the ANN

Following the sensitivity analysis, the design of
the ANN was conducted (Fig. 3), incorporating six (6)
input variables: feed temperature (T-in), IPA molar
fraction (IPA-in), DIPE molar fraction (DIPE-in), pres-
sure of Column-1(P CSCOL-1), pressure of Column-2
(P CSCOL-2), pressure of Column-3 (P CSCOL-3); and
four (4) output variables: IPA mole fraction from the
bottom of Column-2 (X_IPA-C2), DIPE mole fraction
from the bottom of Column-3 (X_DIPE-DC3), IPA

Column Parameter Guang et al. [17] DWSIM Error (%)
CscoL-1 DIPE (distillate) 0.541 0.533 1.50
Water (bottom) 0.999 0.988 1.2
CSCOL-2 DIPE (distillate) 0.658 0.645 2.02
IPA (bottom) 0.999 0.993 0.6
CSCOL-3 DIPE (distillate) 0.620 0.605 2.42
DIPE (bottom) 0.999 0.999 0
Table 6. Simulation Validation (Temperatures)
Column Parameter Guang et al. [17] DWSIM Error (%)
CscoL-1 T (distillate) 308.20 308.02 0.058
T (bottom) 368.52 385.20 4.520
CSCOL-2 T (distillate) 334.80 355.05 6.049
T (bottom) 354.80 353.32 0.417
CSCOL-3 T (distillate) 387.50 387.00 0.127
T (bottom) 328.00 342.13 4.307
Table 7. ANN inputs
Inputs
Nomenclature Parameter Range Unit
T-in Feed temperature of all streams 200-315 K
IPA-in Mole fraction of IPA feed stream 0.06-0.250 %
DIPE-in Mole fraction of DIPE feed stream 0.06-0.250 %
P CSCOL-1 CSCOL-1 pressure 1.00-3.00 atm
P CSCOL-2 CSCOL-2 pressure 1.00-3.00 atm
P CSCOL-3 CSCOL-3 pressure 2.00-8.00 atm

Eurasian Chemico-Technological Journal 27 (2025) 235-250
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Table 8. ANN ouputs

Outputs
CSCOL-1 CSCOL-2 CSCOL-3
Distillate Bottoms Distillate Bottoms
Mole fractions IPA IPA DIPE DIPE
Nomenclature X_IPA-DC1 X_IPA-BC2 X_DIPE-DC3 X_DIPE-BC3

Unit -

HIDDEN NEURONS

OUTPUTS

T-in

IPA-in X_IPA-CB2 .

DIPE-in X_DIPE-DC3
P-CSCOL-1 X_IPA-DC1
P-CSCOL-2 X_DIPE-BC3
P-CSCOL-3

Fig. 3. Designed ANN.

mole fraction from the organic liquid of Column-1
(X_IPA-DC1), and DIPE mole fraction from the distil-
late of Column-3 (X_DIPE-BC3).

3.4. ANN topology
This section describes the design and structuring

of the ANN by analyzing the correlation coefficient
(R) and the MSE.

3.4.1. Selection of ANN training algorithm and the
number of neurons in the hidden layer

The ANN architecture employed in this study
used three training algorithms that have been pre-
viously demonstrated to be effective in minimizing
the MSE loss function and maximize R: the Leven-
berg-Marquardt (LM), Bayesian regularization (BR),
and scaled conjugate gradient back-propagation
(SCG) algorithms [50-53].

After following a combined trial-and-error ap-
proach (Number of neurons was systematically al-
tered to determine the impact of the architectural
choice of the hidden layer) based on the best coef-
ficient of determination R obtained during training,
the selected trials along with their corresponding
values of linear correlation (R) and mean squared
error (MSE) for various ANN topologies are summa-
rized in Table 9.

Based on the analysis, it is determined that the
optimal structure of the ANN (with a minimum MSE
of 7.60e-04 and maximum R of 0.99188) utilizes the
Bayesian Regularization (BR) algorithm and features
a hidden layer with 50 neurons. The advantage of a
BR algorithm lies in its ability to predict complex rela-
tionships and make less biased decisions [50, 54, 55].

Table 9. Pearson’s correlation coefficient (R) and mean square error (MSE) values

# Levenberg-Marqua Bayesian Regularization Scale Conjugate Gradient

Neu- R R MSE MSE R R MSE MSE R R MSE MSE

rons Train Test train Test Rain Test Train Test Rain Test Train Test
10 9.74E-01 9.56E-01 4.83E-03 8.11E-03 9.71E-01 9.67E-01 5.33E-03 5.99E-03 9.56E-01 9.66E-01 8.15E-03 6.27E-03
20 9.64E-01 9.66E-01 6.46E-03 6.56E-03 9.88E-01 9.39E-01 2.28E-03 1.15E-02 9.62E-01 9.68E-01 6.89E-03 5.97E-03
30 9.81E-01 9.55E-01 3.42E-03 8.34E-03 9.90E-01 9.48E-01 1.80E-03 9.82E-03 9.68E-01 9.53E-01 5.90E-03 8.59E-03
40 9.71E-01 9.61E-01 5.26E-03 7.19E-03 9.94E-01 9.57E-01 1.15E-03 8.23E-03 9.68E-01 9.54E-01 5.90E-03 8.32E-03
50 9.73E-01 9.54E-01 5.05E-03 8.33E-03 9.97E-01 9.64E-01 7.60E-04 1.86E-03 9.72E-01 9.58E-01 4.82E-03 1.25E-02
60 9.76E-01 9.53E-01 4.42E-03 8.57E-03 9.38E-01 9.55E-01 4.14E-04 8.57E-03 9.73E-01 9.31E-01 4.85E-03 1.31E-02
70 9.08E-01 8.09E-01 1.51E-02 3.25E-02 9.50E-01 8.42E-01 3.31E-03 4.97E-02 8.92E-01 8.47E-01 1.73E-02 2.54E-02
80 9.47E-01 7.29E-01 8.79E-03 4.88E-02 9.87E-01 8.26E-01 2.18E-03 5.40E-02 8.89E-01 8.42E-01 1.83E-02 2.44E-02
90 9.91E-01 9.30E-01 1.75E-03 1.38E-02 9.93E-01 8.08E-01 1.24E-03 9.94E-02 9.72E-01 9.58E-02 1.10E-02 2.44E-02
100 9.31E-01 8.40E-01 1.10E-02 2.73E-02 9.09E-01 8.65E-01 5.36E-05 1.11E-01 9.30E-01 7.96E-02 1.12E-02 3.68E-02
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Fig. 4. MSE and R for the ANN.

3.4.2.ANN training and testing

The main validation tests for process modeling
are the mean squared error (MSE) and the linear
correlation coefficient R. Table 10 displays the pa-
rameter values for the training and testing phases
of the ANN.

Table 10. R and MSE of ANN designed

Phase MSE R
Training 0.00076 0.997
Testing 0.00186 0.964

The training phase of the ANN yielded a remark-
ably low MSE score of 0.00076, while the testing
phase resulted in a slightly higher MSE of 0.00186
(Table 10), both indicating the model's capability to
generate precise predictions. lllustrated in Fig. 4a,
the MSE progression demonstrates a consistent de-
crease in the training data towards zero, affirming
the robust predictive performance of the ANN. Fig-
ure 4b displays R values for both training and testing
phases, with values of 0.997 and 0.963 respectively,
culminating in an overall R-value of 0.991. These no-
tably high R-values denote a strong correlation be-
tween predicted outputs and actual targets. R-val-
ues nearing 1 signify the superior performance of
the ANN. The validation process established bench-
marks of R-values between 0.96 to 1 and MSE below
0.0020. By satisfying these criteria, the developed
ANN emerges as a dependable and precise predic-
tive model for the specified application.

3.5. Model prediction of X,pn, Xpipe in the columns:
CSCOL-1, CSCOL-2 and CSCOL-3

Following the acquisition of predictions gener-
ated by the Artificial Neural Network (ANN), an in-
terpretative process ensued, employing graphical
analysis to juxtapose the experimental results de-
rived from DWSIM (Experimental/Real) against the
anticipated outcomes projected by the ANN (Pre-
dicted). This comparison was executed utilizing the
identical set of 400 data points employed during the
network's training phase.

3.5.1. IPA mole fraction from CSCOL-1 distillate

In the assessment of the X, in the organic lig-
uid phase of CSCOL-1 sample, the prediction ob-
tained during training exhibits an average error of
7.28%. This discrepancy is primarily attributed to the
low concentrations inherent in experimental data.
Nonetheless, despite these errors, the predicted
values demonstrate a substantial overlap with the
experimental values, as illustrated in Fig. 5.

3.5.2. IPA mole fraction from CSCOL-2 bottom

The prediction of X, from CSCOL-2 bottom yield-
ed an average error of 6.22%, primarily attributed to
the presence of outliers within the dataset. Figure
6 illustrates the alignment of predicted data points
generated by the neural network with the corre-
sponding experimental data points, demonstrating
the model's fitting performance.
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Fig. 6. X;ps prediction in CSCOL-2 (bottom).

3.5.3. DIPE mole fraction from CSCOL-3 bottom

Figure 7 displays the predicted Xppe during the
training phase of the ANN, exhibiting significant
overlap with most of the database concerning the
experimental data. The average prediction error
stands at 2.54%, indicative of the robust fitting per-
formance achieved during the network's training
phase.

3.5.4. DIPE mole fraction from CSCOL-3 distillate

In the distillate of CSCOL-3, the prediction error
for Xppe stands at 4.80%. As depicted in Fig. 8, there
is a notable alignment between the predicted and
experimental data points, affirming the ANN's accu-
rate prediction capabilities.

3.6. ANN model verification

The predictive performance of the artificial neural
network (ANN) for X;px and Xppe Within the CSCOL-1,
CSCOL-2, and CSCOL-3 columns was assessed using
a dataset comprising 25 randomly selected input
variables, including feed temperature (T-in), IPA mo-
lar fraction (IPA-in), DIPE molar fraction (DIPE-in),
and pressures of CSCOL-1, CSCOL-2, and CSCOL-3 (P
CSCOL-1, P CSCOL-2, P CSCOL-3). These inputs were
not previously encountered by the ANN during train-
ing. The average prediction error was less than 10%,
which reveals a close correspondence between the
experimental observations and the ANN predictions,
indicative of the network's robust predictive capa-
bilities concerning both distillate and residue mole
fractions from the distillation columns, as depicted
in Fig. 9.
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Table 11. ANOVA

Source Sum of squares DOF Mean square F-Value P-value
Xpa prediction in CSCOL-1 (distillate)
Inter groups 0.00408015 1 0.00408015 0.42 0.5207
Intra groups 0.467761 4 0.00974502
Total (Corr.) 0.471841 49
Xpa prediction in CSCOL-2 (bottom)
Inter groups 0.0446808 1 0.0446808 1.16 0.2865
Intra groups 1.84638 48 0.0384663
Total (Corr.) 1.89106 49
Xoipe prediction in CSCOL-3 (bottom)
Inter groups 0.000133588 1 0.000133588 0.24 0.6236
Intra groups 0.0262873 48 0.000547651
Total (Corr.) 0.0264209 49
Xoipe prediction in CSCOL-3 (distillated)
Inter groups 0.00685952 1 0.00685952 2.24 0.1414
Intra groups 0.14728 48 0.00306834
Total (Corr.) 0.15414 49

In this study, we employed ANOVA functions to
conduct statistical validation of the ANN. The out-
comes of the ANOVA analysis are presented in Table
11, where all P-values (representing the probability
value in statistical significance tests) exceed 0.05. This
suggests an absence of statistically significant dispari-
ties between the means of the observed data and the
predictions generated by the ANN. Therefore, based
on this statistical test, it can be inferred that the con-
structed ANN is statistically reliable for the prediction
of Xipa, Xpiee in the columns: CSCOL-1, CSCOL-2 and
CSCOL-3, with a confidence level of 95%.

The model correctly reproduced the technical be-
havior of the Isopropanol/Water azeotropic system
under different operating conditions. As detailed
in Appendix B, variations in operating parameters
strongly affected separation performance: increas-
ing the feed temperature from 200 to 315 K reduced
the IPA fraction in the distillate by about 19%, raising
the IPA content in the feed enhanced its recovery up
to 240%, higher DIPE concentrations decreased the
IPA fraction by 28%, and in CSCOL-1, increasing the
pressure from 1.0 to 3.0 atm reduced the distillate
IPA fraction by 50%, consistent with the thermo-
dynamic promotion of azeotrope stability at higher
pressures. These behaviors were consistently repro-
duced by the ANN, confirming its ability to capture
the observed separation behavior and to serve as a
reliable tool for process analysis. However, deter-

mining truly optimal operating parameters requires
a detailed optimization framework, which is beyond
the scope of the present study and will be addressed
in future research, with an emphasis on energy effi-
ciency and environmental performance.

3.7. Recommended steps for ANN implementation

Figure 10 illustrates a comprehensive schematic
outlining the sequential procedures and requisite
measures essential for integrating an artificial neu-
ral network (ANN) into an industrial workflow. The
subsequent recommendations are proposed for the
seamless integration of ANN into real-time applica-
tions: delineate the objectives of the ANN (whether
for Quality Control or Process Optimization); estab-
lish a historical database suitable for retraining the
ANN; preprocess the database to ensure compatibili-
ty with ANN training requirements; conduct rigorous
training of the ANN using appropriate algorithms;
integrate the ANN into hardware components seam-
lessly integrated into the automated process control
system; institute mechanisms for real-time moni-
toring of ANN performance; periodically update the
ANN utilizing feedback loops to facilitate continuous
enhancement; implement security protocols based
on the prognostic capabilities of the ANN; and thor-
oughly document the entire integration process for
comprehensive understanding and future reference.
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Fig. 10. Generalized diagram to implement the ANN. Source [53, 56, 57].

4. Conclusions

In this research, an artificial neural network
(ANN) was developed to predict the molar fractions
of isopropanol (IPA) and diisopropyl ether (DIPE) in
a pressure-swing azeotropic distillation system. The
database used to train the ANN was generated from
the validation of a simulation. The ANN architecture
consists of 50 hidden neurons and 6 input variables:
feed temperature, IPA molar fraction in the feed,
DIPE molar fraction in the feed, and the pressures of
the three columns. The ANN is capable of predicting
four output variables: IPA molar fraction in the bot-
tom of Column 2, DIPE molar fraction in the bottom
of Column 3, IPA molar fraction in the organic liquid
of Column 1, and DIPE molar fraction in the distillate
of Column 3.

The training of the ANN was carried out using the
Bayesian regularization algorithm, obtaining a test
mean squared error of 0.00186 and a correlation co-
efficient of 0.964. An analysis of variance (ANOVA)
was performed to compare the experimental data
(DWSIM) with the values predicted by the ANN, val-
idating its accuracy in predicting the molar fractions
with a significance level of 95%. The results suggest
that the developed ANN has potential as a predictive
tool to optimize the separation efficiency of IPA/wa-
ter mixtures through pressure-swing distillation, a
process used in the manufacturing of products such
as paints, varnishes, inks, adhesives, and cleaners.

To implement the ANN in real-time, it is recom-
mended to clearly define the objectives, establish

a historical database for retraining, preprocess the
data, train the ANN, integrate it into the automatic
process control system, monitor its performance,
continuously update it through feedback cycles,
implement safety measures based on ANN predic-
tions, and exhaustively document the process. In
future research, computationally efficient and low-
cost strategies will be sought for the real-time im-
plementation of artificial neural networks, as well as
the application of genetic optimization algorithms
to ANNs using hybrid approaches, considering ener-
gy efficiency and environmental impact parameters.
Compared with conventional simulations, ANNs
provide higher predictive accuracy, lower computa-
tional cost, and the ability to capture nonlinearities
without explicit thermodynamic or kinetic mod-
els. Their main limitations are the need for large,
representative, high-quality datasets and reduced
interpretability relative to first-principles models.
Accordingly, ANNs are best used as complementa-
ry tools to conventional modeling, especially when
rapid, reliable predictions and optimization support
are required.
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