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ABSTRACT

Chemical process models often involve high non-linearity due to thermodynamic and kinetic rela-
tionships, with non-convex bilinear terms adding complexity to process optimization. Recently,
data-driven models, particularly artificial neural networks (ANNs), have gained traction for repre-
senting chemical processing units. The predictive accuracy of ANNs depends on data quality, var-
iable interactions, and network architecture, the latter being an optimization challenge itself. This
study proposes and evaluates two strategies to optimize ANN architecture for modeling a propyl-
ene glycol production process from glycerol. The process includes a reactor and two distillation
columns, with training data generated through simulation in Aspen Plus by varying design and
operating variables. Two approaches are compared: random ANN structure generation and archi-
tecture optimization using the ant colony algorithm, a method suitable for discrete problems. De-
cision variables include the number of hidden layers and neurons per layer, with the objective of
minimizing mean squared error. Both methods yield ANN predictions with high accuracy (R? >
99.9%), closely matching simulation data. However, the ant colony algorithm achieves a better fit
despite slower convergence, demonstrating its effectiveness in fine-tuning ANN architecture for
chemical process modeling.

Keywords: Artificial Intelligence, Artificial Neural Networks, Glycerol, Stochastic Optimization, Network Archi-

tecture

INTRODUCTION

Rigorous models for process equipment are built
upon well-established physical and chemical principles,
such as design equations, mass and energy balances,
thermodynamic relationships, and, in some cases, cost
equations. These models enable the precise representa-
tion of system behavior across various operating condi-
tions, offering a robust foundation for process analysis
and optimization.

Despite their advantages—such as high accuracy,
clear interpretability, and alignment with physical laws, as
highlighted in numerous studies—rigorous models have
significant limitations. Researchers have pointed out
challenges including the high cost of constructing these
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models, particularly for large and complex systems. Ad-
ditionally, they require a deep understanding of the sys-
tem and often involve extensive fine-tuning to achieve
accurate predictions [1]. Moreover, the computational
demands of rigorous models can be prohibitive, espe-
cially when simulating intricate or highly dynamic pro-
cesses.

These challenges have accelerated interest in data-
driven models, which address many of these limitations.
Data-driven science, often referred to as the fourth par-
adigm [2], is transforming how we approach research and
problem-solving. Montdns et al. [3] highlight that, unlike
rigorous models, data-driven approaches rely on vast
amounts of empirical data to uncover patterns, trends,
and insights, bypassing the need for exhaustive system-
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specific knowledge. These methods enable faster model
development and adaptation, particularly for complex,
nonlinear systems.

The development of data-driven models is an area
of significant interest in Process Systems Engineering. An
example of this can be seen in the work by Kwon et al.
[4], where data-driven models are applied to the analysis
of processing units for controlling distillation columns.
Among the various types of data-driven models, machine
learning models stand out due to their ability to identify
complex patterns without the need for explicit formula-
tion.

Cavalcanti et al. [5] conducted an extensive review
compiling a range of successful studies on the applica-
tion of Artificial Intelligence (Al) in Process Engineering.
This comprehensive study covers various fields, particu-
larly showing how ANNs can replace complex phenome-
nological models, offering the advantage of reduced
computational effort.

For an ANN model to perform satisfactorily, both the
quantity and quality of the data used for training must be
appropriate. Regarding quantity, the performance of ANN
models is enhanced as the amount of data available for
training increases [6]. Of course, the number of data
points required will depend on the complexity of the sys-
tem being modeled by the neural network. Likewise, the
quality of the information used for training the network is
crucial. The use of such strategies for process design ap-
plications presents a challenge, as the units necessary
for generating data to train the network are not available.
One strategy that can be employed under such circum-
stances is the use of rigorous models for data generation
[7].

Recent research has focused on optimizing artificial
neural network (ANN) architectures to enhance their pre-
dictive performance and computational efficiency. Evolu-
tionary algorithms and metaheuristic approaches have
been widely explored to automate the design of ANN
structures, allowing for improved adaptability to complex
systems [8]. In process modeling applications, strategies
incorporating statistical criteria for model selection, such
as the Akaike Information Criterion (AIC), have been em-
ployed to refine ANN architectures and enhance their
predictive capabilities [9].

In this work, ANNs are proposed for modeling chem-
ical processing units, employing two different strategies
for architecture optimization. The first strategy relies on
randomly generated configurations, while the second uti-
lizes the ant colony optimization algorithm [10]. In both
approaches, key performance parameters are recorded
to enable a subsequent comparison of their effective-
ness. The study begins with an overview of the case
study, followed by a detailed description of the method-
ology used to generate the data and evaluate the pro-
posed optimization strategies. Finally, the results are
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analyzed and discussed, highlighting the advantages of
each approach.

CASE STUDY

Sanchez-Gdmez et al. [11] proposed various pro-
duction schemes for propylene glycol, including conven-
tional and reactive distillation-based configurations. In
this study, the focus is on the conventional processing
scheme, which is presented in Figure 1.

The feed to the process consists of a crude glycerol
stream, represented as a 1:1 mass ratio mixture of glyc-
erol and water, with a total flow rate of 100 kmol/h. This
stream enters a reactor where glycerol reacts with hy-
drogen to produce propylene glycol. However, a second-
ary reaction also occurs, forming ethylene glycol as a by-
product.

The reactor effluent is separated using a direct dis-
tillation sequence, where propylene glycol is obtained as
the distillate product from the second column, achieving
a molar purity of at least 99%. Further details about the
process are provided in the work by Sanchez-Gémez et
al. [11]. The initial conditions for the process are given in

Table 1.
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Figure 1. Propylene glycol production process from glyc-
erol and hydrogen.
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METHODOLOGY

The analysis has been divided in two stages: (i) data
generation, and (ii) development of artificial neural net-
works. These stages are described below.

Information Generation

To gather sufficient data for neural network model-
ing, the analysis begins with an initial simulation in Aspen
Plus of the conventional propylene glycol production pro-
cess (Figure 1), operating under the initial conditions out-
lined in Table 1. The focus is on modeling the reactor and
the two distillation columns using artificial neural net-
works.

Python programming enables interaction with Aspen
Plus simulations [12]. A customized code has been devel-
oped to automatically access and modify variables within
the simulation, identified as input variables in Table 1. The
simulation was executed under various conditions, gen-
erating response variable values for 500 random designs.

To define feasible ranges for input variables,
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Table 1: Manipulated and response variables for sensitivity analysis.

Reactor
Manipulated Initial Values Range Response
Diameter 0.Tm Tto6m Heat Load
Length 10m 3to10m Composition
Operation temperature 225°C 200 to 250 °C
Columns 1 and 2

Manipulated Initial Values Range Response
Number of Stages (NS) 20 (COL1) 10 to 35 Diameter

40 (COL2) 2510 50
Feed Stage 5 (COL1) From 2 to NS Composition at bot-

20 (COL2) toms and dome

320 kcal/s (COL1)
183 kcal/s (COL2)
0.5 (COL1)
2.6 (COL2)

Reboiler Heat Load

Reflux ratio

157 to 788 kcal/s
91 to 457 kcal/s
0.1t0 10

Condenser heat load

Temperature at S1,
S2, SN and SN-1

evaluation intervals were established based on the initial
process conditions (Table 1), ensuring the design and op-
erational parameters align with practical standards.

Non-converging or thermodynamically inconsistent
simulations were filtered out, leaving a dataset of 351
valid simulations for subsequent economic analysis. For
each case, the total annualized cost (TAC) of the process
was calculated using Guthrie's method, annualizing
equipment costs over 10 years [13].

At the end of this process, the dataset is ready for
training and testing the neural networks. An important as-
pect of the data used to train an artificial neural network
is its quality. In this case, the data to be used meets this
characteristic, as they come from rigorous simulations
conducted in a commercial simulator, Aspen Plus. This
simulator is widely recognized in the industry for its abil-
ity to accurately and reliably model chemical processes.
By using such a simulator, it is ensured that the gener-
ated data are representative of actual operational condi-
tions, if adequate datasets and sub-models are em-
ployed.

Development of Artificial Neural Networks
(ANNSs)

To determine whether the generated data was suf-
ficient, an ANN was developed and trained using Python
and the TensorFlow library. For this initial evaluation, a
network with two hidden layers, each containing 32 neu-
rons, was employed. The Adam optimization algorithm
was used to adjust the weights of the connections be-
tween neurons, with the ReLU (Rectified Linear Unit) ac-
tivation function. In all cases, the output variable was the
total annualized cost (TAC) of the equipment being mod-
eled. The dataset was split into training and validation
data, using percentages of 80% and 20%, respectively.
The results of this preliminary assessment were
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satisfactory, indicating that the amount of data gener-
ated was adequate.

The next step involves identifying the network con-
figuration that minimizes the mean squared error (MSE)
of the predictions across the entire dataset. The MSE was
quantified using the following objective function:

MSE = %Z?zl(reali — pred;)? (1

Two strategies were evaluated to solve this optimi-
zation problem:

(i) Random generation of network architectures.

(i) A metaheuristic optimization algorithm based on
the Ant Colony Optimization (ACO) approach.

Random Generation

The random generation strategy is widely used as
an effective approach for identifying the optimal neural
network architecture [14]. This strategy begins by defin-
ing the limits for the number of layers and the number of
neurons per layer. A code was implemented to randomly
generate network architectures within these limits, train
them, and evaluate their performance using MSE as the
primary metric. Among all evaluated architectures, the
one with the lowest MSE was selected. A total of 150 net-
work architectures were tested, with additional perfor-
mance metrics recorded, such as the coefficient of de-
termination (R?), prediction error percentage, and com-
putation time.
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Figure 2. Rigorous simulation data (y-axis) vs predictions (x-axis). (a) Reactor with ACO, (b) Reactor with RS, (c)
Column 1 with ACO, (d) Column 2 with ACO, (e) Column 2 wirh RS.

Metaheuristic Optimization Algorithm

Existing ACO algorithm implementations, such as
the ACOR algorithm in the Mealpy library [15], has been
considered. This version of ACOR provides solutions for
both integer and continuous variables. However, due to
specific needs in this study, the original Ant Colony Opti-
mization algorithm was implemented in Python to ad-
dress integer-based decisions. The algorithm parame-
ters, along with the ranges for decision variables, are
summarized in Tables 2 and 3. These last values were
used consistently across both solution strategies.

The number of ants and iterations was set to ensure
a total of 150 networks were trained, enabling a fair com-
parison between the random generation strategy and the
metaheuristic approach. Just as in the random genera-
tion strategy, metrics such as MSE, R?, prediction error
percentage, and computational time were recorded and
used to evaluate and compare the performance of both
approaches.
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RESULTS

As a result of the analysis conducted six neural net-
work models were obtained, two for each process unit
under study, corresponding to each architecture optimi-
zation strategy.

Figure 2 shows a comparison of the predictions ob-
tained from both strategies. The data obtained through
the Ant Colony Optimization algorithm is presented in the
left column, while the corresponding results from Ran-
dom Search are shown on the right. For each case, the 10
predictions with the highest error percentages can be
observed as red points.

Table 2: Parameters for the Ant Colony Optimizer.

Syst Control Trans 4:1644-1649 (2025)

Strat- Itera- Pop- n_best de- al- beta
egy tions ula- cay pha
tion
ACO 25 6 5 0.95 1 1
RG 150 - - - - -
1647



Table 3: Ranges for decision variables.

Variable Range
Number of layers [1, 4]
Number of neurons [1,100]

Table 4 summarizes the performance measures rec-
orded for each model, as well as the architecture that
minimized the MSE. In the last column (Architecture), the
first number represents the number of hidden layers,
while the information in brackets represents the number
of neurons per layer. Among the generated models, only
the reactor model obtained through the random search
strategy exhibited predictions with an error percentage
greater than 5%. In contrast, the remaining models pre-
dicted across the entire dataset with an error below 5%.
In terms of the values of R?, values higher than 99.9% are
obtained for all the cases. However, it is observed that
the Ant Colony Optimizer allowed faster convergence,
particularly for the model of the second distillation col-
umn. It is important to mention that, for both strategies, a
high number of neurons per layer are obtained. This is a
relevant aspect to be considered for future research,
since itis desired to obtain models with a good fitting, but
with simpler architectures.

CONCLUSIONS

In this study, artificial neural networks are used to
represent the performance of equipment from a chemical
process, particularly the production of propylene glycol
from renewable glycerol. Six artificial neural network
models were obtained, each achieving accuracy greater
than 99%. Several parameters were recorded to analyze
their performance and subsequently compare the strate-
gies.

Table 4: Performance measures recorded for each model.

Overall, the random architecture generation strat-
egy yielded slightly better results in terms of MSE and R2.
However, the Ant Colony Optimizer required less time
than the random search approach to determine the opti-
mal architecture.
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