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ABSTRACT 
New research on complex intensified distillation schemes has popularized the use of several com-
mercial process simulation software. The interfaces between process simulation and optimization-
oriented software have allowed the use of rigorous and robust models. This type of optimization 
is mentioned in the literature as "Black Box Optimization", since successive evaluations exploits 
the information from the simulator without altering the model that represents the given process. 
Among process simulation software, Aspen Plus® has become popular due to their rigorous cal-
culations, model customization, and results reliability. This work proposes a comparative study for 
Aspen Plus software and Microsoft Excel VBA®, Python® and MATLAB® interfaces. Five distillation 
schemes were analyzed: conventional column, reactive column, extractive column, column with 
side rectifier and a Petlyuk column. The optimization of the 𝑇𝑇𝑇𝑇𝑇𝑇 (Total Annual Cost) was carried 
out by a modified Simulated Annealing Algorithm (m-SAA). The evaluation criteria are the time per 
iteration (𝑇𝑇𝑇𝑇) and 𝑇𝑇𝑇𝑇𝑇𝑇 values. The results indicate that the best option to carry out the optimization 
was by using the VBA interface, however the one carried out with Python did not differ radically 
(12%).  
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INTRODUCTION 
The optimization of complex processes is challeng-

ing because optimization problems tend to be nonconvex, 
discontinuous and nonlinear, and consequently, there is 
not certainty to the global optimum solution [1]. The ab-
sence of precise derivatives in their models and the con-
vergence failures that can generate discontinuities in the 
optimization “surfaces” of the functions make the task of 
finding the global optimum very difficult.  

The optimization of processes using stochastic al-
gorithms has become very relevant because they can be 
implemented in a relatively simple way by making an in-
terface with commercial process simulators that are re-
sponsible for solving mathematical problems by modeling 
the involved units in the process [2]. Commercial process 
simulators act as a powerful calculator for highly nonlin-
ear mathematical models without losing model rigorously. 

This type of software is also known as black box model-
ing software [3] because the user typically does not 
come into direct contact with the model equations that 
describe the process it simulates. 

Optimization algorithms began to be developed to 
directly use the interface between Aspen Plus-VBA using 
Excel as an IDE [4-5]. MATLAB developed its direct inter-
face with Aspen Plus becoming one of the most popular 
options to solve chemical process optimization problems 
[6]. Most recently, the Aspen Plus–Python connection 
has been studied showing good results in its implemen-
tation [7] making use of stochastic optimization libraries 
developed by the scientific community [8]. The literature 
is extensive for all the cases and has been applied for 
single and multi-objective optimization. 

There are studies comparing interface methodolo-
gies for Aspen Hysys® software [9], but not for Aspen 
Plus. Ponce-Rocha et al. [10] compare the computing 
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time between iterations and the best solution between 
the Aspen Plus-MATLAB and Aspen Plus-Python inter-
faces for a case study of a bottom distillation train, find-
ing that the interface with Python has the shortest time 
and the best solution compared to the one made with 
MATLAB. 

METHODOLOGY 

Optimization framework 
In the black box optimization, the writing/reading re-

sults are from the contribution of 1) Process simulation 
software, 2) Middleware protocol, 3) Wrapper protocol 
and the 4) Platform with the optimization algorithm [11]. 
The middleware protocol allows the automation of the 
process simulator and the transfer of information in both 
directions, for Windows it is ActiveX automation. The 
Wrapper protocol works to interpret the information 
transferred by the previous protocol and make it useful 
for both parties. Accordingly, to Muñoz López et al. [11] 
interface can be divided into four other parts: 

 Simulation: The simulation is carried out with the 
desired characteristics, for a set of variables 
where its convergence is ensured. The necessary 
techniques are applied to ensure that the 
simulation is not corrupted when beginning the 
optimization process. Aspen Plus V12 software 
was used. 

 Control interface: ActiveX (COM) framework is 
used to build this interface. It allows you to have 
the API (Application Programming Interface) to 
manipulate applications that run on Windows. 

 Information interface: Transfer the required data. 
The middleware is a set of ASCII type files that 
contain variable information (name, value, scale 
factor, specification, units, etc.) and is generated 
only when the simulation converges. This 
information makes the Aspen Plus–Optimizer 
routine possible. Middleware is considered the 
bottleneck of computational performance.  

 Optimization: The optimization is carried out 
according to the optimization algorithm. For 
Python, Spyder IDE 5.4.1 was used. In the case of 
MATLAB, R2022a was used. For VBA, Excel 
Microsoft® 365 2022 version was used. 

 
This overall process is shown in Figure 1. Table 1 

presents some general commands to perform any activ-
ity that requires connection with any of the programming 
languages discussed. Step (1) refers to the line of code 
to open the Aspen Plus document.  
 

Figure 1. Overview of the interface implemented between 
Aspen Plus and MATLAB/Excel (VBA)/Spyder (Python). 

It is possible to work with the .bkp or .apw  exten-
sion file. In this work the .apw extension file was used. 
This form of programming is designed so that both, the 
code file and the simulation are at the same address, so 
that simply entering the name of the simulation is enough. 
In the case of MATLAB, it is necessary to define the ver-
sion of Aspen Plus that will be used. In the case of VBA, 
the "On Error Resume Next" code is used, and this is to 
close the pop-up screens that are typical of the language 
each time a step is carried out. For Python, the "import 
os" library is used to identify the location address where 
the code file is saved, while the “import win32com.client” 
library is the one that allows the Aspen Plus software to 
operate. 

Step (2) and (3) are commands for filling information 
in Aspen Plus and calling simulation results respectively 
(In the case of Python it is necessary to place double \ to 
avoid errors in communication). y is a number, and X is a 
variable that will be used for subsequent operations. Step 
(4) is the command to restart the simulation. This com-
mand is not recommended if working with complex sim-
ulations difficult to converge. In the cases of MATLAB 
and VBA the use of this command affects the time per 
iteration to almost double it. Step (5) is the command to 
run the simulation and step (6) is to close it.  

It must be considered that in an optimization pro-
cess steps (1) and (6) are only performed once per opti-
mization, that is, the simulation is opened, the optimiza-
tion process is executed for 𝑛𝑛 iterations and once this fin-
ished, the simulation is closed. This is because opening 
and closing the simulation as an environment takes a long 
time and this could affect the demand for RAM memory 
resources of the computer equipment. In the case of Py-
thon, the iterative process of this type of optimization 
causes RAM to accumulate, so it is necessary to reset the 
connection every certain number of iterations to avoid 
exponential growth in the time per iteration. This work 
recommends resetting the connection every 125 itera-
tions. 
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An error called "ExceptionDump" may occur, which 
appears when the call is fast enough to prevent the com-
pletion of the protocols described above and corrupt the 
optimization process. This error displays the legend: 

 "An unexpected error has occurred. An er-
ror log has been generated in: C:\file\loca-
tion\aspenplus_ExceptionDump_date.dmp". 

The authors recommend using a delay time between 
0.05 and 0.1 seconds that gives the platforms time to fin-
ish the calling protocols. These are shown in Table 2. de-
lay is a number that refers to the delay time that will be 
carried out between each iteration. The line of code must 
be written before line (5) mentioned in Table 1. 

In the case of the Python platform, it is necessary to 
call "from time import sleep" to be able to execute the 
action. In VBA it is not necessary to place a delay as it is 
rare to see this error in your process.  

Table 2: Recommended lines of code to avoid the con-
nection error between the platform and Aspen Plus. 

Platform Code 
MATLAB pause(delay); 

Python 
From time import sleep 
sleep(delay) 

 
The optimization was performed using the m-SAA 

algorithm proposed by Cabrera Ruiz et al. [2] which 
makes use of dynamic bounds and normalization of vari-
ables to improve the search for the optimum and find it 
faster. This algorithm was programmed in the same way 
for all platforms without the reinit function (line (4) in Ta-
ble 1), the only difference between programming lan-
guages are their own random number functions. Addi-
tional parameters of the optimization algorithm are pre-
sented in Herrera Velázquez et al. [12]. The normalization 
of the variables is done as shown in Eq. 1. 

 
𝑉𝑉𝑉𝑉𝑖𝑖 = �𝐵𝐵𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 − 𝑉𝑉𝑖𝑖� �𝐵𝐵𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 − 𝐵𝐵𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙��  (1) 

 
where 𝑉𝑉𝑉𝑉𝑖𝑖  is the value of the normalized variable 𝑉𝑉𝑖𝑖 , 
𝐵𝐵𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢   and 𝐵𝐵𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙   are the upper and the lower bound of 
variable 𝑖𝑖  respectively. The stopping criterion was de-
fined the same way for all schemes and platforms: 6 
reannealing’s of 350 iterations each, giving a total of 
2,100 iterations, ensuring a study of at least 200 itera-
tions for each variable. The computer used for all optimi-
zations has an Intel(R) Xeon(R) W-3235 CPU at 3.30 GHz 
with 48 GB of RAM with the Windows 10 operating sys-
tem (which is the most stable version for all platforms).  

Case Studies 
The five case studies are shown in Figure 2. 𝑁𝑁𝑇𝑇 

Table 1: Starting and execution of the Aspen Plus application from each platform and its main commands for filling 
and reading information. 

Platform Step Code 

MATLAB 

() Aspen = actxserver('Apwn.Document.38.0'); 
[stat,mess]=fileattrib; 
Aspen.invoke('InitFromArchive2',[mess.Name '\Simulation_Name.apw']); 

() Aspen.Application.Tree.FindNode("Simulation\Variable\Path").Value = y; 

() X = Aspen.Application.Tree.FindNode("Simulation\Variable\Path").Value; 

() Aspen.Reinit; 

() Aspen.Engine.Run2(); 

() Aspen.Close; 

Excel 
VBA 

() Set Aspen = GetObject(ThisWorkbook.Path & "\Simulation_Name.apw") 
On Error Resume Next 

() Aspen.Tree.FindNode("Simulation\Variable\Path").Value = y 

() X = Aspen.Tree.FindNode("Simulation\Variable\Path").Value 

() Aspen.Reinit 

() Aspen.Engine.Run 

() Aspen.Close 

Python 

() import os 
import win32com.client as win32 
Aspen = win32.Dispatch('Apwn.Document') 
Aspen.InitFromArchive2(os.path.abspath('Simulation_Name.apw')) 

() Aspen.Tree.FindNode("Simulation\\Variable\\Path").Value = y 

() X = Aspen.Tree.FindNode("Simulation\\Variable\\Path").Value 

() Aspen.Reinit() 

() Aspen.Engine.Run2() 

() Aspen.close() 

 



 

Velázquez et al. / LAPSE:2025.0378 Syst Control Trans 4:1409-1414 (2025) 1412  

refers to the total number of stages, 𝑁𝑁𝐹𝐹 is the feed stage, 
𝐺𝐺 is the ratio of entrainer to feed, 𝐹𝐹𝐹𝐹 is the vapor flow and 
𝐹𝐹𝐹𝐹 is the liquid flow, both in kmol/h. For the 𝐶𝐶𝐶𝐶, 𝑅𝑅𝑅𝑅 and 
𝑃𝑃𝑃𝑃 schemes (Figure 2a, 2b and 2e) the purity and recov-
ery constraints are satisfied by adjusting the reflux ratio 
(𝑅𝑅𝑅𝑅)  and the reboiler load (𝑄𝑄𝐻𝐻)  through internal design 
specifications in the simulator. For the 𝑃𝑃𝑃𝑃  scheme it is 
done on the largest column. In the case of the 𝐸𝐸𝐸𝐸  and 
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 − 𝑆𝑆𝑆𝑆 schemes (Figure 2c and 2d), the constraints 
are adjusted with the 𝑅𝑅𝑅𝑅 on the respective domes, and 
the 𝑄𝑄𝐻𝐻 for the 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 − 𝑆𝑆𝑆𝑆 scheme. The optimization limits 
for each scheme are presented in Table 3. 
 
 
 

Table 3: Optimization bounds [lower, upper]. 
 Variables 
𝐶𝐶𝐶𝐶 𝑁𝑁𝑇𝑇 = [10, 30];𝑁𝑁𝐹𝐹 = [2,  𝑁𝑁𝑇𝑇1 − 1] 

𝑅𝑅𝑅𝑅 𝑁𝑁𝑇𝑇1 = [10, 30];𝑁𝑁𝐹𝐹1 = [2,  𝑁𝑁𝑇𝑇1 − 2]; 
𝑁𝑁𝐹𝐹2 = [𝑁𝑁𝐹𝐹1 + 1,  𝑁𝑁𝑇𝑇1 − 1] 

𝐸𝐸𝐸𝐸 𝑁𝑁𝑇𝑇1 = [35, 45];𝑁𝑁𝐹𝐹1 = [2,  𝑁𝑁𝑇𝑇1 − 2]; 
𝑁𝑁𝐹𝐹2 = [3,  𝑁𝑁𝑇𝑇1 − 1];𝐺𝐺 = [1, 2.5] 

𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇
− 𝑆𝑆𝑆𝑆 

𝑁𝑁𝑇𝑇1 = [20, 40];𝑁𝑁𝑇𝑇2 = [5, 15]; 𝑁𝑁𝐹𝐹1 = [2,  𝑁𝑁𝑇𝑇1 − 2]; 
𝑁𝑁𝐹𝐹2 = [3,  𝑁𝑁𝑇𝑇1 − 1];𝐹𝐹𝐹𝐹 = [40, 100] 

𝑃𝑃𝑃𝑃 

𝑁𝑁𝑇𝑇1 = [5, 15];𝑁𝑁𝑇𝑇2 = [25, 45]; 
𝑁𝑁𝐹𝐹1 = [2,  𝑁𝑁𝑇𝑇1 − 2];𝑁𝑁𝐹𝐹2 = [3,  𝑁𝑁𝑇𝑇1 − 1]; 

𝑁𝑁𝐹𝐹3 = [𝑁𝑁𝐹𝐹2 + 1,  𝑁𝑁𝑇𝑇2 − 3];𝑁𝑁𝐹𝐹4 = [𝑁𝑁𝐹𝐹3 + 2,  𝑁𝑁𝑇𝑇2 − 1]; 
𝐹𝐹𝐿𝐿1 = [20, 110];𝐹𝐹𝑉𝑉2 = [20, 150] 

 

 
Figure 2: Representation of the proposed schemes to carry out the tests and their proposed optimization variables 
and their thermodynamic model used: a) Conventional Column, b) Reactive Column [13] and c) Extractive Column 
[14], d) Thermally Coupled Distillation Scheme with Side Rectifier and e) Petlyuk Column. 
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Mathematical Treatment 
The 𝑇𝑇𝑇𝑇𝑇𝑇 is calculated as show in Eq. 2. 

𝑇𝑇𝑇𝑇𝑇𝑇 �
$

𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌� = 𝐶𝐶𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉 + 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 + 

�𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐼𝐼2022𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐼𝐼2001
� (𝐶𝐶𝑆𝑆ℎ𝑒𝑒𝑒𝑒𝑒𝑒 + 𝐶𝐶𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 + 𝐶𝐶𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 + 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶)

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 (𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌)  

 
𝑠𝑠. 𝑡𝑡.      𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 = 0 

(2) 

 
The 𝑇𝑇𝑇𝑇𝑇𝑇  equation is calculated using the Guthrie 

method [15] where 𝐶𝐶 is the cost of each module. 5 years 
of recovery time was used. 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 is a convergence con-
straint, 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 = 1 when the simulation does not converge 
in Aspen Plus, in this case, the objective functions have a 
penalty value that is 3 times the value of each function 
evaluated for the base design, these values are given in 
Figure 3. 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 = 0  if the simulation converges and the 
functions are calculated with the described model. 𝑇𝑇𝑇𝑇 is 
taken from the time of the complete optimization process 
(without considering the (1) and (6) steps of Table 1, and 
in Python considering the time of the restarts every 125 
iterations) divided by the total number of iterations. 

The optimization was repeated 10 times for each 
case study. To find anomalous data, hypothesis testing 
(Grubbs Test) was used [16], which is denoted by Eq. 3 
for this work. The test was applied to the 𝑇𝑇𝑇𝑇𝑇𝑇 and 𝑇𝑇𝑇𝑇. The 
test was done to achieve 90% confidence (i.e., 2.29). 
 

𝐻𝐻𝑂𝑂: �
|𝑇𝑇𝑇𝑇𝐶𝐶𝑖𝑖 − 𝑇𝑇𝑇𝑇𝑇𝑇������|

𝑆𝑆𝑇𝑇𝑇𝑇𝑇𝑇
≤  2.29,

|𝑇𝑇𝑇𝑇𝑖𝑖 − 𝑇𝑇𝑇𝑇���|
𝑆𝑆𝑇𝑇𝑇𝑇

≤  2.29� 

𝐻𝐻𝐴𝐴: �
|𝑇𝑇𝑇𝑇𝐶𝐶𝑖𝑖 − 𝑇𝑇𝑇𝑇𝑇𝑇������|

𝑆𝑆𝑇𝑇𝑇𝑇𝑇𝑇
>  2.29,

|𝑇𝑇𝑇𝑇𝑖𝑖 − 𝑇𝑇𝑇𝑇���|
𝑆𝑆𝑇𝑇𝑇𝑇

>  2.29�
 (3) 

 
where 𝑇𝑇𝑇𝑇𝐶𝐶𝑖𝑖 is the 𝑇𝑇𝑇𝑇𝑇𝑇 of optimization 𝑖𝑖, 𝑇𝑇𝑇𝑇𝑇𝑇������ and 𝑆𝑆𝑇𝑇𝑇𝑇𝑇𝑇 are 
the average and standard deviation. The same procedure 
was followed for 𝑇𝑇𝑇𝑇. If 𝐻𝐻𝑂𝑂 is true for both, the 𝑇𝑇𝑇𝑇𝑇𝑇 and 𝑇𝑇𝑇𝑇 
are accepted and if 𝐻𝐻𝐴𝐴 is true these results are rejected. 

RESULTS 
A delay of 0.05 second is considered to avoid com-

munication errors, this time is considered in the results 
shown. Table 4 summarizes the results of 10 independent 
optimizations for each of the platforms and for each of 
the proposed schemes, totaling 150 total optimizations 
(30 for each scheme). The results show the average 
value and standard deviation calculated after applying 
the Grubbs test. Figure 3 shows the frequency of appear-
ance of each platform as the best solution in each of the 
evaluated aspects (shown in bold in Table 4). 

Of 130 optimizations performed, 6 were eliminated 
via Grubbs test (4.61%), of which 4 are from the MATLAB 
platform (3 by 𝑇𝑇𝑇𝑇 and 1 by 𝑇𝑇𝑇𝑇𝑇𝑇), 1 from the Python plat-
form and 1 from VBA (both by 𝑇𝑇𝑇𝑇𝑇𝑇). 

Table 4: Summary of results for each scheme and each 
platform. (M = MATLAB, V = VBA, P = Python). 

CASE 𝑻𝑻𝑻𝑻𝑻𝑻 [$ 𝒀𝒀𝒀𝒀𝒀𝒀𝒀𝒀⁄ ] TI [𝒔𝒔] 

CC 

M 284,384 ± 1,181 0.8783 ± 0.0066 

V 290,131 ± 1,181 0.7445 ± 0.0246 

P 283,154 ± 204 0.8678 ± 0.0085 

RC 

M 4,425,792 ± 143,638 0.7678 ± 0.0246 

V 4,323,736 ± 72,576 0.6545 ± 0.0455 

P 4,267,495 ± 48,562 0.8433 ± 0.0438 

EC 

M 519,843 ± 14,398 0.9600 ± 0.0078 

V 478,751 ± 7,185 0.8251 ± 0.0199 

P 498,593 ± 28,551 0.9419 ± 0.0053 

TCDS-

SR 

M 436,695 ± 10,651 1.9364 ± 0.1753 

V 470,608 ± 1,515 1.2959 ± 0.0611 

P 430,604 ± 5,634 1.6973 ± 0.0306 

PC 

M 605,647 ± 91,986 3.3907 ± 0.8229 

V 604,607 ± 74,327 2.3790 ± 0.0971 

P 615,599 ± 75,098 2.2708 ± 0.1907 

 
Figure 3. Frequency of appearance of platforms in each 
category. 

CONCLUSIONS 
The results indicate that Python is the platform that 

shows the best numerical results from the 𝑇𝑇𝑇𝑇𝑇𝑇, especially 
in simple and complex schemes. The platform that shows 
the best 𝑇𝑇𝑇𝑇 is VBA, although in complex schemes it shows 
a slight disadvantage compared to Python. Although the 
𝑇𝑇𝑇𝑇𝑇𝑇 results show a certain deviation between platforms, 
the 𝑇𝑇𝑇𝑇 vary a little (12%) between them. This study does 
not seek to define which platform is better or worse than 
another, it only seeks to find the areas of opportunity and 
improvement between them, as well as to define which is 
the best for the researcher who uses it. According to the 
results, VBA is the best option; however, MATLAB and 
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Python may be better options for numerical results (due 
to the way random numbers are generated on each plat-
form). If a more customizable and open-source environ-
ment is needed, Python is the best option, and if more 
specialized mathematical tools are needed, MATLAB may 
be the best option. 
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