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ABSTRACT 
Recently, the focus on increasing process efficiency to reduce energy consumption has driven the 
adoption of alternative systems, such as Petlyuk distillation columns. It has been proven that, 
when compared to conventional distillation columns, these systems offer significant energy and 
cost savings. From an economic standpoint, achieving high-purity products alone does not ensure 
the feasibility of a process. Instead, balancing the trade-off between product purity and cost ne-
cessitates multi-objective optimization. While conventional optimization methods are effective, 
novel strategies like Bayesian optimization offer distinct advantages for handling complex sys-
tems. Bayesian optimization requires no explicit mathematical model and can efficiently optimize 
even when starting from a single initial point. However, as a black-box method, it demands a de-
tailed analysis of hyperparameters, such as the acquisition function and the number of initial 
points, to ensure optimal performance. This work presents a case study of a Petlyuk distillation 
column, focusing on the influence of key hyperparameters in Bayesian optimization. Additionally, 
the role of uncertainty in the optimization process is explored, as it is a critical factor in real-world 
applications. By simulating uncertainty, this study provides insights into its impact on the optimi-
zation process. 
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INTRODUCTION 
In chemical engineering, complex systems such as 

Petlyuk distillation columns have been analyzed to 
achieve considerable energy savings compared to tradi-
tional distillation columns, due to its configuration, a Pet-
lyuk column consists of a prefractionator and a main col-
umn, where vapor and liquid streams are thermally cou-
pled, thus, unlike conventional sidestream columns, it 
uses a single reboiler and a single condenser. Therefore, 
various methodologies have been employed for the op-
eration and design of Petlyuk columns, including non-

linear programming (NLP) [5] and mixed-integer nonlin-
ear programming (MINLP) [10]. Traditional solvers for 
NLP and MINLP problems frequently face convergence 
challenges. In practice, these solvers often fail to identify 
the global optimum due to the non-convex nature of the 
problem. Alternative solution approaches, such as ge-
netic algorithms, have been explored. However, their 
performance improvements over the past two decades 
have been limited [9], highlight the need to explore alter-
native methods, such as data-driven optimization. In this 
manner, Bayesian optimization (BO), a black-box 
method, does not require an explicit mathematical model 
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of the problem suited to this problem. The core of this 
method is the construction of a surrogate probabilistic 
model, most commonly a Gaussian process (GP), which 
efficiently guides the sequential acquisition of new data 
through an acquisition function. Whose role is to balance 
the trade-off between exploration and exploitation. In 
practical terms, exploration targets points where the sur-
rogate model variance is high, while exploitation focuses 
on points with a high surrogate model mean. This balance 
allows BO to intelligently select evaluation points for the 
objective function, thereby guiding the search toward the 
optimal value effectively. Moreover, the optimal solution 
is reached either after a specified number of iterations or 
when a stopping condition based on the objective func-
tion is achieved. This method is especially suited for han-
dling expensive objective functions, where “expensive” 
refers to high computational or experimental costs. Addi-
tionally, the objective function can be expressed as a 
multi-objective function [4]. The problem to be ad-
dressed can be formally stated as follows: "Given an ini-
tial set of potentially noisy process measurements of sys-
tem outputs, determine the optimal operational policy 
that maximizes a defined operational target. In this con-
text, the process outputs may include stream composi-
tions, such as mole fractions, or other composition met-
rics. Achieving the specified operational target requires 
selecting a set of input variables to enforce optimal op-
eration. As evident from this definition, the problem falls 
within the domain of dynamic optimization. However, it is 
important to note that dynamic process calculations are 
not involved. Instead, it is assumed that the application 
of input variables drives the system to a new steady 
state, where calculations are repeated iteratively until the 
target conditions are satisfied. BO emerges as a robust 
alternative to the reinforcement learning methodologies 
commonly utilized in modern artificial intelligence sys-
tems, offering a structured and efficient approach to ad-
dress such optimization challenges. This work proposes 
a data-driven optimization strategy tailored for complex 
process systems, such as the Petlyuk column, where tra-
ditional optimization methods are computationally ex-
pensive. The approach utilizes a multi-objective function 
that aims to minimize cost while maximizing the desirable 
component purities in each output stream of the Petlyuk 
column. Furthermore, the impact of random noise on the 
BO process is investigated to assess the feasibility of the 
proposed strategy in real-world applications  

METHODOLOGY 
The use of BO that can be used to evaluate expen-

sive objective functions, as mentioned before the term 
“expensive” can be used for both economic or computa-
tional cost to evaluate a process or an experiment. In the 
absence of a Petlyuk column to realize the experiments, 

the commercial simulator Aspen plus was used to mimic 
the behavior to obtain the results of the expensive objec-
tive function. Moreover, in the figure 1 explains the 
Bayesian optimization process, where the core are two 
steps [2]: First, the estimation of the black-box function 
from data through a probabilistic surrogate model, the 
most common a GP and secondly, maximizing an acqui-
sition function that trade off the parameters of explora-
tion and exploitation. Therefore, the criteria of the con-
vergence test can be in different ways as a stop criterion 
for a condition in the objective function or a defined num-
ber of iterations, the last one was selected for a more 
balanced comparative of the hyperparameters; by stop 
the optimization process after 50 iterations in all cases. 

 
Figure 1. Flow chart for the BO process. Key steps, such 
as GP and the acquisition function, are denoted in blue. 
The optimization loop begins with the IP obtained from 
the simulation and adapted to the GP, and then the next 
sample is determined by the Acquisition Function. 
Furthermore, the loop terminates when the user objective 
function criteria are met for the convergence test. 

To analyses the Petlyuk column, the involve mixture 
consists of feed flow (F=800 kmol/h) of benzene(A), tol-
uene(B), and xylene(C) (figure 2) also known as a BTX 
mixture [3]. Therefore, the selected manipulated varia-
bles  are the Distillate flow rate of the main column(D), 
reflux ratio (R), liquid flow rate (LR) and vapor flow 
rate(VR) to the pre-fractionator column, the interval of 
the manipulated variables in the same order are: D ∈ [5–
100] kmol/h, R ∈ [2–35], LR ∈ [20–150]  kmol/h and VR ∈ 
[20–150] kmol/h. The BO process is computing using the 
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Scikit-Optimize library [6], in Python and establish a con-
nection with the ASPEN Plus simulator through Windows 
Component Object Model (COM) access. Additionally, all 
manipulable variables are normalized in the GP and de-
normalized for use in the Aspen Plus simulator. 

 
Figure 2. Flowsheet of a Petlyuk column system, 
consisting of a main column and a prefractionator, the 
locations of streams and stages are illustrated. 

The multi-objective function, defined in Equation 1, 
is formulated as a minimization function, where we aim to 
maximize the desired composition of the component of 
interest in each stream: the distillate (XDA), the lateral 
side (XSB), and the bottoms (XBC). In this case study, the 
function also seeks to improve economic performance by 
maximizing the desirable components in each stream 
while minimizing the total operational cost (TOC), which 
is calculated based on the costs of cooling water and 
steam incorporated into the ASPEN simulation. Moreover, 
the composition variables obtained from the Aspen Plus 
simulation are already normalized to values between 0 
and 1. However, in the case of TOC, two preliminary BO 
runs are conducted, using default values Matern for the 
kernel and LCB for the acquisition function. These runs 
define the upper (UB) and lower (LB) bounds of TOC val-
ues by minimizing and maximizing TOC as an objective 
function. The resulting bounds are then used to perform 
a min-max normalization, as defined in Equation 2 [8]. 
This normalization ensures that the multi-objective func-
tion maintains an equitable trade-off among all decision 
variables. 

Ω𝑖𝑖 = �𝑋𝑋𝐷𝐷𝐵𝐵,𝑖𝑖 + 𝑋𝑋𝐷𝐷𝐶𝐶,𝑖𝑖 − 𝑋𝑋𝐷𝐷𝐴𝐴,𝑖𝑖� + �𝑋𝑋𝑆𝑆𝐴𝐴,𝑖𝑖 − 𝑋𝑋𝑆𝑆𝐶𝐶,𝑖𝑖 − 𝑋𝑋𝑆𝑆𝐵𝐵,𝑖𝑖� +
�𝑋𝑋𝐵𝐵𝐴𝐴,𝑖𝑖 + 𝑋𝑋𝐵𝐵𝐵𝐵,𝑖𝑖 − 𝑋𝑋𝐵𝐵𝐶𝐶,𝑖𝑖� + 𝜙𝜙𝑇𝑇𝑇𝑇𝑇𝑇,𝑖𝑖    (1) 

𝜙𝜙𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐,𝑖𝑖 = 𝑐𝑐𝑐𝑐𝑐𝑐𝑡𝑡𝑖𝑖−𝐿𝐿𝐵𝐵𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
𝑈𝑈𝐵𝐵𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐−𝐿𝐿𝐵𝐵𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐

  (2) 

Some aspects are analyzed: First, the number of in-
itial points is varied. Instead of providing random infor-
mation, these initial points are designed to generate 

insights into the possible optimal zone using an initial BO 
run with default values. This initial run starts with a single 
point at the center of the search space for all manipulated 
variables. The optimal result obtained from this run is 
then used to generate initial points (IPs) by varying the 
optimal manipulated variables within a random range of 
±5%, creating new initial points. This approach aims to 
provide high-quality information to the Gaussian Process 
(GP) rather than relying on arbitrary random points in a 
non-optimal region. Second, this process is executed us-
ing different acquisition functions, including Expected 
Improvement (EI), Lower Confidence Bound (LCB), and 
Probability of Improvement (PI). Additionally, uncertainty 
is analyzed by incorporating noise into the results. This is 
done by introducing cumulative noise (ε) into the objec-
tive function value (Ω), adding random variations at a 
level of ±5% of the value of Ω, as shown in Equation 3. 

Γ𝑖𝑖 = Ω𝑖𝑖 + ε    (3) 

RESULTS 
As is denoted in tables (1-6), each of the different 

acquisition functions with the variation of the initial points 
was computed, with the iteration at which the optimal 
value is reached also counting the initial points added. 
First, in the case of EI (tables 1-2), there is no notable 
difference in the objective value of the optimal solution 
achieved with an increase in the number of initial points. 
Even with 30 initial points, the objective value does not 
show a significant increase compared to using 20 initial 
points; instead, it decreases to the level observed with 5 
initial points. Moreover, this minimal change in the objec-
tive function indicates that when the purity product frac-
tions are analyzed across all optimal solutions, there is no 
sharp difference. The purities achieved are 0.99, 0.96, 
and 0.96 for XDA, XSB, and XBC, respectively, for all cases. 
On the other hand, only the flow of VR is the manipulable 
variable that shows a notable change from 150 kmol/h (1 
initial point) to 110.02 kmol/h (5 initial points). Therefore, 
regarding the economic aspect, the solutions related to 
the R value fall within the same interval, which is directly 
related to operational costs. In this manner, the trend of 
no notable difference continues. 

Secondly, for the LCB acquisition function (tables 3-
4), there is a slight increase in the optimal value of the 
objective function. This results in a slight improvement in 
the achieved purity of the products, allowing the purity of 
the intermediate component XSB to reach up to 0.96 and 
the bottom component XBC to reach 0.98. However, in the 
trade-off with TOC, there is an increase of more than 
0.47x 106 USD/year, and this occurs only when using 
more than 10 initial points. Only the case with 30 initial 
points can achieve a trade-off with similar economic per-
formance to EI, while also achieving better purity values 
for the components (XSB = 0.964; XBC = 0.986). 



 

Panales-Pérez et al. / LAPSE:2025.0317 Syst Control Trans 4:1029-1034 (2025) 1032  

Table 1: Manipulable variables Petlyuk column EI. 

IP Manipulable variables 
D R VR LR 

     
     

     
     
     

Table 2: Results BO EI. 

IP Description TOC 
x  

 

Ω Iter 
XDA XSB XBC 

     -  
     -  
     -  
     -  
     -  

Table 3: Manipulable variables Petlyuk column LCB. 

IP Manipulable variables 
D R VR LR 

     
     

     
     
     

Table 4: Results BO LCB. 

IP Description TOC 
x 

 

Ω Iter 
XDA XSB XBC 

     -  
     -  

     -  
     -  
     -  

Table 5: Manipulable variables Petlyuk column PI. 

IP Manipulable variables 
D R VR LR 

     
     

     
     
     

 

 

 

Table 6: Results BO PI. 

IP Description TOC 
x 

 

 

Ω Iter 
XDA XSB XBC 

     -  
     -  

     -  
     -  
     -  

 
Finally, in the case of PI (tables 5-6), the perfor-

mance shows the trend of EI, with achieved purities of 
0.99 (XDA), 0.96 (XSB), and 0.96 (XBC). The results are 
very similar, with the difference in the objective function 
between the cases of 1 and 10 initial points being just 
0.001. In this manner, the economic aspect also shows 
only slight differences. Additionally, when comparing the 
different acquisition functions, the differences are mini-
mal. 

Similarly to the previous results, when noise is 
added to the objective function, as shown in Tables 7–12, 
the trend of achieving a high-purity distillate product 
(XDA = 0.999) continues, except for an outlier in the LCB 
acquisition function with 30 IPs. Additionally, both XSB 
and XBC maintain purities of ≥0.95, showing no significant 
difference compared to the noise-free case. 

On the economic side, TOC results remain in the 
range of 4.63 to 6.85 × 10⁶ USD, with an exception for an 
outlier in the EI acquisition function with 1 IP. Thus, no 
improvements are observed in relation to any acquisition 
function, and increasing the number of IPs does not lead 
to better performance in the objective functions. It is im-
portant to highlight, as in the previous case, that adding 
noise does not negatively impact the BO process, and 
good results can still be achieved even with just one IP. 
Moreover, when comparing the different acquisition 
functions with and without uncertainty, the differences 
between the results are minimal. Therefore, the number 
of IPs providing quality information is not necessarily as-
sociated with better objective function performance, re-
gardless of the acquisition function. Additionally, the 
multi-objective function ensures that the trade-off be-
tween purities and TOC remains balanced. However, as 
mentioned before, although TOC stays within a narrow 
range, its scale (10⁶ USD) means that even a slight 
change, especially in the reflux ratio (R), can significantly 
impact TOC, either increasing or decreasing it by a con-
siderable amount. 
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Table 7: Manipulable variables with noise Petlyuk column 
EI. 

IP Manipulable variables 
D R VR LR 

     
     

     
     
     

Table 8: Results BO EI with noise. 

IP Description TOC 
x 

 

 

Γ iteration 
XDA XSB XBC 

     -  
     -  
     -  
     -  
     -  

Table 9: Manipulable variables with noise Petlyuk column 
LCB. 

IP Manipulable variables 
D R VR LR 

     
     

     
     
     

Table 10: Results BO LCB with noise. 

IP Description TOC 
x 

 

Γ Iter 
XDA XSB XBC 

     -  
     -  

     -  
     -  
     -  

Table 11: Manipulable variables with noise Petlyuk col-
umn PI. 

IP Manipulable variables 
D R VR LR 

     
     

     
     
     

 

Table 12: Results BO PI with noise. 

IP Description TOC 
x 

 

 

Γ Iter 
XDA XSB XBC 

     -  
     -  

     -  
     -  
     -  

CONCLUSIONS  
In this work, we present a practical methodology for 

solving multi-objective problems. The results obtained 
demonstrate a favorable trade-off between objectives 
for the Petlyuk distillation column, which serves as an en-
ergy-saving alternative to traditional sequences. This ap-
proach allows for analyzing the feasibility of the process 
without specifying a particular conversion fraction, as is 
typically required in distillation optimization problems. 
The solutions indicate that the achieved trade-off 
demonstrates the possibility of equilibrium between cost 
and product purity, with all cases achieving high purity 
fractions (≥0.96). Furthermore, as mentioned earlier, in 
low-dimensional Bayesian optimization problems like the 
one presented, there is no significant difference in per-
formance based on the number of initial points or the ac-
quisition function used. Additionally, despite variations in 
the number of initial points (IPs), the acquisition function, 
and the influence of noise in the process, no notable dif-
ferences were observed, and all results remained within 
the same range of manipulable variable settings. How-
ever, even a slight change in the normalized cost repre-
sents a relatively significant change in the total opera-
tional cost (TOC) due to its magnitude (10⁶ USD/year). 
While these differences are noticeable, increasing the 
number of initial points does not necessarily lead to bet-
ter performance in the objective function. This work high-
lights the potential of Bayesian Optimization (BO) for pro-
cess simulation, demonstrating that, when combined 
with modern computing power, it can achieve an optimal 
design in just a few fast iterations unlike traditional tech-
niques that rely on explicit mathematical models, which 
often require simplifications. Thus, regardless of the 
number of initial points or the acquisition function se-
lected, in cases with a low number of manipulated varia-
bles and system uncertainties, a multi-objective function 
can still provide a good trade-off for the Petlyuk column. 
Moreover, the procedure is easily extendable to other 
problems, not only those that are complex due to model 
structure but also large-scale or stochastic problems 
where computational costs are significant. These types 
of approaches will be explored in future work. 
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