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1. Introduction 

The most significant thermal separation method of the chemical 

processing industry is distillation. However, in spite of all 

known benefits and wide use, the main disadvantage of 

traditional distillation is the heavy energy consumption. This is 

on account of the fact that the distillation columns can take up 

more than half of the operational costs in an industrial chemical 

facility. Distillation is a very common separation process used 

in the petrochemical and chemical industries. It capitalizes on 

the component mixtures, varying the volatility of component 

mixtures [1], [2]. The refining part has to be streamlined to 

satisfy the growing necessity of higher energy efficiency 

criteria and the quest to achieve greater yields and purity in 

most areas. Accordingly, major initiatives are underway to 

create more efficient systems with reduced dimensions and 

higher energy efficiency. The idea of cycle heightening is 

interesting, mechanically speaking, because it implies the use 

of small volumes, which leads to significant improvements in 

safety and, consequently, the downsizing of separation 

measures. These properties are achieved through the use of 

falling film technology, which has been well recognized and 

studied for a long time [2].  

Distillation and Absorption share a common physical basis: the 

transfer of mass between the gas and liquid phases at the 

interface. This process is characterized by a volumetric mass 

transfer coefficient on both the vapor/gas side (kVa) and the 

liquid side (kLa). However, designing distillation columns 

based on absorption mass transfer data is not successful due to 

considerable inaccuracies in estimating the peak-like 

theoretical plate for distillation (HETP) [3]. 

Simulation has been extensively utilized in practical 

applications for cluster and persistent substance measurement 

activities over the past two decades. Over the past two decades, 

there has been a remarkable increase in the use of readily 

available computational techniques by engineers. Based on 

these choices, experts can easily employ more substantial 

methods of analysis and synthesis. 

Aspen HYSYS is a cycle reproduction condition intended to 

serve many training ventures. It is an intelligent, natural, open, 
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and extensible program. It likewise has many extra choices to 

expand its abilities into specific industries. With this program, 

thorough, consistent, state- and dynamic models of plant 

configuration can be developed. Aside from that, checking, 

investigating, operational improvement, business planning, and 

resourcing can be performed with the guidance of the cycle test 

system. Through its intuitive interface, measurement factors 

and unit activity geography can be controlled without any 

problem [4], [5]. 

The mass transfer coefficient is determined by many variables 

derived from the simulation process in the Aspen Hysys 

program. Yongli et al [6] adopted a correlation to predict the 

mass transfer coefficient based on the Sherwood number and 

Reynolds number by utilizing various binary systems.  

𝑆ℎ𝐺 = 1.01 𝑅𝑒𝐺
0.7 𝑊𝑒𝐺

0.4 𝑆𝑐𝐺
0.5                                (1) 

Where: 

• ShG - Gas-side Sherwood number, a dimensionless number 

representing the ratio of convective mass transfer to 

diffusive mass transfer on the gas phase. 

• ReG - Gas-side Reynolds number, which indicates the flow 

regime of the gas; it depends on gas density , gas velocity, 

characteristic length or hydraulic diameter, and gas 

viscosity . 

• WeG - Gas-side Weber number, which describes the ratio 

of inertial forces to surface tension forces; it uses gas 

density, velocity, characteristic length, and surface tension. 

• ScG - Gas-side Schmidt number, which represents the ratio 

of momentum diffusivity to mass diffusivity; it depends on 

gas viscosity, density, and gas diffusivity. 

Radev et.al. [7] proposed the use of the penetration model to 

determine the gas-side mass transfer coefficient. This 

coefficient is tested in a laboratory column with sieve trays 

under atmospheric pressure, specifically in a methanol-water 

mixture. 

But Stefanov and Ivanov [8] proposed predicting the volumetric 

gas-side mass transfer coefficient KOGa from measurements 

conducted in binary systems consisting of methanol-ethanol, n-

propanol-water, and methanol-ethanol. Hence, the predictive 

model established in this study can be effectively implemented 

in a glass laboratory column equipped with a single filter tray 

[9]. 

Shahana et.al. [10] focused on using artificial neural networks 

for the identification of heat-integrated distillation columns, 

specifically modeling the dynamic nature of the process. 

However, it does not address the prediction of mass transfer 

coefficients in distillation columns. Neural Network for 

Identification of Heat-Integrated Distillation Column. 

Singh et al. [11] focused on developing theoretical and ANN-

based models for a binary distillation column, validated against 

experimental data. They found that the Neural network model 

predicts top product composition accurately and developed 

models that align well with experimental data. 

In 2022, Osman and El Arabi [12] focused on utilizing an 

artificial neural network (ANN) to model a distillation column, 

with the goal of optimizing product purity through Model-

Based Predictive Control. They successfully implemented the 

ANN to develop a realistic model based on data from an Aspen 

HYSYS simulation. Additionally, the integration of Dynamic 

Matrix Control (DMC) optimized with the NSGA-II algorithm 

demonstrates effective, offset-free dynamic control.  

2. Methodology 

This study explores the potential of artificial neural networks 

(ANNs) to predict the mass transfer coefficient (K) in a tray 

distillation column. The mass transfer coefficient is a critical 

parameter that directly impacts separation efficiency, making 

its accurate prediction essential for optimizing column design 

and operation. To achieve this, the research adopted a two-

pronged approach, combining Aspen HYSYS simulation and 

ANN modeling, as illustrated in the process flow diagram in 

Fig. 1. We provide a detailed explanation of the methodology, 

focusing on the highlighted steps shown in the diagram, along 

with the relevant equations as shown in Table 1. 

The process flow diagram (Fig. 1) outlines the workflow of the 

study, which consists of the following key stages: 

• A high-fidelity simulation of the tray distillation 

column was performed using Aspen HYSYS. 

• Operational data, such as liquid and vapor flow rates, 

tray geometry, temperature profiles, and 

compositions, were generated. 

 

Figure 1. PFD for the process. 

2.1. Aspen HYSYS Simulation 

The study employed the Aspen HYSYS process simulator to 

create and simulate models of the separation process using both 

traditional and integrated (continuous distillation) methods. The 

diagram in Fig. 1 illustrates the model created for the traditional 

separation process using Aspen HYSYS. According to the 

illustration, the procedure utilized a single piece of equipment, 

specifically a distillation column. The distillation process began 

with a feed stream consisting of a mixture of benzene and 

toluene. This mixture entered the distillation unit at a 

temperature of 70 oC and a pressure of 1.5 bar. The mixed feed 

had a flow rate ranging from 1000 to 5000 kmole /hr. The mole 

percentage of benzene varied between 0.3 and 0.8, while the 
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reflux ratio ranged from 1.36 to 2.51. The NRTL fluid package 

(Non-Random Two-Liquid), a fluid package in Aspen HYSYS, 

refers to a thermodynamic model used for predicting the 

behavior of non-ideal liquid mixtures. was utilized for 

simulating the conventional process [13], [14]. 

The molar flow rates of the components involved in the 

distillation model are presented in Fig. 2. The feed material is 

introduced into the distillation device, which has two 

fundamental components: benzene and toluene. Pressure and 

temperature remain constant throughout the simulation process.  

Table 1. Inlet and Outlet Conditions for Distillation Column. 

 Column: T-101/ COL1 Fluid Pkg: Basis-1 /NRTL - Ideal 

Conditions 

Name Feed2 @COL1 Dist @COL1 Bott2 @COL1 

Vapor 0.000 0.000 0.000 

Temperature [°C] 70.00 79.25 135.4 

Pressure[bar] 1.500 1.000 2.000 

 

Figure 2. Aspen Hysys configuration. 

The overall volumetric gas-phase mass transfer coefficient, 

KOGa, is calculated from equation (2) [8]: 

𝐾𝐺𝑎 =
𝑢𝐺𝜌𝐺𝑁𝑂𝐺

ℎ𝑓𝑀
                 (2) 

Where: 

• KGa - Overall gas-phase volumetric mass transfer 

coefficient, uG Superficial gas velocity, the gas flow rate 

per unit cross-sectional area of the column. 

• ρG - Gas density. 

• NOG - Number of overall gas-phase transfer units (NOG), a 

dimensionless measure of mass transfer difficulty across 

the gas–liquid interface. 

• ℎ𝑓- Height of a transfer unit (HTU) or height factor. 

• M -Molar mass of the transferred component, used to 

convert mass flux into molar flux. 

To anticipate the KOGa value, it is necessary to have knowledge 

of how to estimate the vapor-side mass transfer coefficient KOG 

and the interfacial area separately. 

2.2. Artificial Neural Network (ANN) Modeling 

K is crucial to the separation efficiency, and its correct 

prediction makes the design and operation of the column 

optimal. The ANN model took reflux ratio, feed flow rate, and 

benzene mole fraction in the feed as the input variables, which 

reflect the intricate interdependence existing between the 

operating variables and K. The model was trained using a large 

amount of experimental data obtained under different 

conditions. The ANN, with the advanced optimization 

algorithms of STATISTICA 12, carefully learned the complex 

associations of the data and was able to eventually provide high 

prediction accuracy of K. Such data-driven methodology can be 

of great benefit, versus the classical empirical correlations, 

which usually have difficulties with complex mixtures and 

operating regimes. The resulting ANN model can be useful to 

distillation engineers and scientists, as it can help them forecast 

K with high confidence and optimize the distillation processes 

to be more efficient and sustainable [15] [16]. The neural 

network is a complicated network in which the nodes perform 

calculations, guided by an activation function, and the links 

transfer signals among nodes, and each link is allocated a 

weight that identifies the extent to which it magnifies the signal. 

In the current research, neural networks are applied to perfectly 

fit a set of experimental data points to create a pure empirical 

model. Individual data points that are experimented with are 

known as training cases or learning cases and collectively form 

the training set or learning set. They include input vectors, the 

values of the input variables, which are related to the 

experimental output value of the particular neural network. It 

has been proposed that to avoid the premature convergence of 

the algorithm, periodic mutation operations might be applied 

[17] [18]. 

Lastly, an Artificial Neural Network (ANN) model was created 

using the Neural Network Toolbox of the STATISTICA 

software. Reflux ratio, feed flow rate, and benzene mole 
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fraction were used as input variables in the model, and the 

normalized K was the output variable [19]. 

The artificial neural network (ANN) was extensively trained to 

use data obtained through Aspen Hysys simulations. After 1000 

iterations, five Artificial Neural Network (ANN) models were 

generated. The most effective of these models was that with a 

3:4:1 structure (the 3 input neurons, four hidden neurons, and 

one output neuron), which had a training accuracy of 95.3% 

3. Results and Discussion 

 The results are shown in Figs. 3 to 5. It is clear that the 

relationship between operational factors and the difficult-to-

measure mass transfer coefficient (KOG.a) on the elusive gas-

side is complex. Fig. 3 presents the elegant pirouette of KOG.a 

when it reaches its most impressive performance with a reflux 

ratio of 1.36 (Fig. 3). According to the studies made by Radev 

et.al.  [7], Stefanov and Ivanov [8], and Yongli et al. al [6]. It is 

clear that the stage that has a high reflux rate, like a generous 

stage, can exchange vapor with liquids extensively, thus 

maximizing the performance of the dance. However, beyond 

this level seems to be unproductive, as observed by the marginal 

decrease of KOG.a as shown in Fig. 3. 
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 Reflux Ratio

0.00015

0.00016

0.00017

0.00018

0.00019

0.00020

0.00021

0.00022

0.00023

0.00024

0.00025

0.00026

K
G
.a

 

Figure 3. Correlation between mass transfer coefficient and 

reflux ratio at a constant feed ratio. 

Fig. 4 creates another picture as it concentrates on the 

movement rate of the dance, which is the feed flow rate. In this 

case, KOG.a is grooved around a moderate feed of 2000 

kmole/hr. On top of this optimal pace, the bustling and the 

hustling become overwhelming, breaking down the harmonious 

transfer and causing a decrease in KOG.a. 

Finally, Fig. 5 introduces the captivating prima ballerina in this 

dynamic interplay, the benzene concentration. As her presence 

diminishes or intensifies, the dance falters. KOG.a reaches its 

peak elegance at a 30% mole fraction of benzene, where the 

balance between the partners is just right. Deviating from this 

sweet spot, either to a solo act (low concentration) or a crowded 

ensemble (high concentration), disrupts the rhythm and leads to 

a graceful decline in KOG.a. 

These interwoven levels, revealed through Figs. 3 to 5, provide 

invaluable insights into the delicate interplay between operating 

parameters and KOG.a. By understanding these subtle dances, 

we can fine-tune our distillation choreography, leading to a 

performance brimming with efficiency and elegance[20], [21]. 

 

Figure 4. Correlation between the mass transfer coefficient 

and the feed entering the distillation at a constant reflux ratio. 
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Figure 5. Interdependence between mass transfer coefficient 

and benzene mole fraction at constant reflux ratio. 

3.1 Critical Analysis of Results 

3.1.1 Reflux Ratio and KOGa 

The maximum KOG at a reflux ratio of 1.36 (Fig. 3) agrees with 

the literature that highlights the equilibrium between the contact 

between the vapor and liquid and hydrodynamic stability. 

Hübschmann [22] established that moderate reflux ratios 

maximize interfacial area in a tray column, whereas excessive 

reflux causes entrainment, which lowers the efficiency of the 

mass transfer. This is in line with similar results of Coelho et al. 

[23] in sieve tray columns, with KOGa peaking at reflux ratios 

of 1.2-1.5. 
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Billet and Schultes [24] demonstrated that structured packing is 

more tolerant of higher reflux ratios (e.g., 2.0-2.5) owing to 

better liquid distribution, implying system dependency. 

The drop of KOGa to below 1.36 (Fig. 3) is probably due to 

entrainment of liquid, as Domingues et.al. [25] and Zarei et.al. 

[26] reported the association between flooding tendencies and 

reflux over-supplies in tray columns. 

3.1.2. Feed Flow Rate and KOGa 

The optimal feed rate of 2000 kmol/hr (Fig. 4) is consistent with 

the findings of Stichlmair et al. [27], who found a trade-off 

between premature flooding and enhanced mixing with 

turbulence. Olujić et al. [28] supported this finding in the case 

of tray columns by observing that too high a feed rate interferes 

with the liquid-vapor equilibrium. 

Olujić et al. [28] also established that modern structured 

packings (e.g., Mellapak™) maintain feed rates of 3000 

kmol/hr without KOGa losses, highlighting hardware-specific 

behavior. 

3.1.3. Benzene Concentration and KOGa 

The peak of the KOGa at 30 percent benzene (Fig. 5) is 

comparable to that of Poling et al. [29], which credited the 

benefits of benzene in mass transfer to its low viscosity and high 

diffusivity. Gmehling et al. [30] verified the same tendencies in 

that case with aromatic systems, where non-ideal interactions 

stabilize interfacial transfer. 

Shiflett and Yokozeki [31] have reported an improved KOGa 

with >40% benzene in ionic liquid (IL)-mediated systems, 

whereby ILs are useful in enhancing phase separation. 

At low concentrations (<10%), Sternling and Scriven [32] 

attributed a drop in KOGa to Marangoni instabilities that form 

chaotic interfacial structures. 

3.2. Neural Network Regression 

The study applied the Neural Network Toolbox of the 

STATISTICA software to apply a Multilayer perceptron 

artificial neural network to simulate the mass transfer 

coefficient in a tray distillation column. The input layer of the 

network included three variables: reflux ratio, feed flow rate, 

and benzene mole fraction. The output layer of the network 

represented the normalized mass transfer coefficient. The data 

obtained from the simulation was utilized to train and test the 

networks. After 1000 iterations, a total of 5 networks were 

generated.  

Table 2 displays the network outcomes obtained during the 

iteration. It indicates that network number 3, specifically MLP 

3:4:1, exhibits the highest training performance with a value of 

0.953179. Fig. 6 depicts the structure of the network, whereas 

Table 3 displays the magnitude of the neurons' weights. Fig. 7 

illustrates the correlation between the simulated outcomes and 

the projected results for the five networks. It is evident that the 

network labeled MLA 3:4:1 closely aligns with the 45-degree 

line. 

 

Figure 6. Architecture of the neural network. 

Table 2. Neural networks. 

 Net Name Training Performance 
Hidden 

activation 

Output 

activation 

Training 

algorithm 

1 MLP 3-9-1 0.836069 Tanh Logistic BFGS 4 

2 MLP 3-9-1 0.800040 Exponential Exponential BFGS 2 

3 MLP 3-4-1 0.953179 Exponential Exponential BFGS 3 

4 MLP 3-6-1 0.825090 Identity Logistic BFGS 4 

5 MLP 3-10-1 0.830321 Logistic Logistic BFGS 2 

Mass 

Transfer 

Coefficien

t 

Reflux 
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Feed flow 

 rate 

Input                          Hidden Layer                  

Output 
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       Figure 7. Simulated results versus predicted ones. 

Table 3. MLP 3:4:1 weight value. 

Connections 3. MLP 3-4-1 
Weight values 

3.MLP 3-4-1 

R -> hidden neuron 1 1.14522 

Feed -> hidden neuron 1 -1.32935 

bz fraction -> hidden neuron 1 0.42898 

R -> hidden neuron 2 0.89596 

Feed -> hidden neuron 2 -3.19161 

bz fraction -> hidden neuron 2 0.84556 

R-> hidden neuron 3 0.12986 

Feed -> hidden neuron 3 -2.1121 

bz fraction -> hidden neuron 3 0.48058 

R-> hidden neuron 4 1.04251 

Feed -> hidden neuron 4 -2.10483 

bz fraction -> hidden neuron 4 0.6298 

input bias -> hidden neuron 1 -0.14529 

input bias -> hidden neuron 2 0.03974 

input bias -> hidden neuron 3 -0.11294 

input bias -> hidden neuron 4 -0.09951 

hidden neuron 1 -> KGa -0.53334 

hidden neuron 2 -> KGa -0.21599 

hidden neuron 3 -> KGa 0.35541 

hidden neuron 4 -> KGa -0.43494 

hidden bias -> Kga -0.12968 

5. Conclusion 

The study's goal of developing a predictive model for 

calculating the mass transfer coefficient in a tray distillation 

column was successfully achieved. Reflux ratio, feed flow rate, 

and benzene mole percentage were used as inputs to train an 

MLP model using STATISTICA's Neural Network Toolbox. 

With a training accuracy of 0.953179 and a near match to the 

45-degree line, MLP 3:4:1 achieved the best performance 

among the five networks after 1000 iterations, with strong 

agreement between simulated and predicted values. These 

findings show that the ANN may accurately predict the mass 

transfer coefficient. To increase robustness, future studies 

might validate the model with experimental data and add 

variables to compare with other machine-learning techniques. 
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