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Abstract
In this study, phenol production process was simulated. Further, the performance of distillation column was optimized 
through maximizing the mole fraction of cumene in upstream flow. Response surface methodology was applied for design 
of experiment, modelling, and optimizing the cumene mole fraction in upstream flow of separation column. The analysis of 
variance was performed for finding the important operative parameters as well as their effects. In this experiment, the effects 
of three parameters on separation performance were investigated, including number of tray (A), column temperature (B), 
and reflux ratio (C). Further, radial basis function (RBF) was applied to model the separation column. To develop the neural 
network model, leave-one-out method was used. This robust model was used for optimizing the performance of separation 
column. The statistical and artificial intelligence system were capable of predicting mole fraction in upstream flow of distil-
lation column in different conditions with R2 of 0.99 and 0.93, respectively. According to statistical and RBF models, the 
optimized values of cumene mole fraction are 0.45 and 0.44, respectively.
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Introduction

Phenol is a simple organic substance comprised of cycloben-
zene and a hydroxyl group used as an intermediate substance 
in production of phenolic resins, base phenol A, caprolac-
tam, adipic acid, alkyl phenols (cresols, xylenes, nonyl-
phenols), aniline, and chlorinated phenols (such as penta 
chlorophenol). Further, this substance is used in production 
of disinfecting materials and lotions, ointment, pain killers, 
soap, etc.

There are several phenol productions based on cumene 
route such as Sunoco/UOP, KBR, and GE/Lummus. Since 
about 90% of phenol production around the world is based 
on cumene route (Schmidt 2005), this study focuses on 
assessing and optimization of this process. It is important 
to note that there are some other routes to produce phenol, 

but the selectivity of these methods is low and they are not 
economical (Yadav and Asthana 2003).

The computer simulation programs such as HYSYS and 
ASPEN PLUS have been widely used in chemical industry 
for design and optimization (Davis 2002; Munoz et al. 2006; 
Aspelund et al. 2010; Bassyouni et al. 2014; Sunny et al. 
2016; Zolfaghari et al. 2017). Smejkal and Soos made a 
comparison between the capability of HYSYS and ASPEN 
PLUS in simulation of reactive distillation column (Smejkal 
and Šoóš 2002). They reported good agreement between the 
results of these two simulation programs. There are only 
few types of researches for simulation of phenol production 
process. Chudinova et al. developed a mathematical model 
to describe the benzene alkylation with propylene using Bor-
land Delphi 7. The error of the model was less than 7.5%. 
Through optimization of process by this model, it is found 
that the catalyst consumption could be reduced to 10–15% 
and cumene concentration in product mixture could increase 
to 25wt% (Chudinova et al. 2015).

In phenol production process, separation of excess 
cumene from cumene hydroperoxide is critical. This process 
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takes place in a distillation column. The performance of dis-
tillation column as a process unit can be affected by different 
parameters during the separation. It is clear that controlling 
the process and finding the optimized parameters are chal-
lenging for process engineers. The lack of knowledge about 
the transfer phenomena in column and thermodynamic equa-
tions as well as relations between operation parameters leads 
to low efficiency. In separation process, the performance of 
column depends on operating parameters and their interac-
tions with different degree of sensitivity. So, using a system-
atic approach to find out the influences of different parame-
ters on the yield and consequently determining the optimum 
conditions is of interest. In traditional approach of assessing 
the effects of operative parameters, one parameter is vary-
ing while the other factors are kept constant. This method is 
time-consuming and cost consuming. Further, the interac-
tions between parameters are not considered. To face this 
issue, a set of design of experiment (DoE) methods could 
be used. Recently, DoE techniques have been used in several 
fields of science and engineering (Wu et al. 2014; Boudjema 
et al. 2018; Ferdosh et al. 2012; Moghaddam et al. 2016; 
Zeynali et al. 2016; Heydari and Pirouzfar 2016; Bagheri 
et al. 2018). DOE consists of various methods. Fractional 
factorial design (FFD) and response surface methodology 
(RSM) are the two most applicable techniques to find out the 
interactions between operative parameters and their effects 
on output response.

The modelling methods based on artificial neural net-
works (ANNs) offer good tools to simulate the separation 
processes. These methods were used in several fields of sci-
ence and engineering to describe the input–output relations 
(Tashaouie et al. 2012; Rahmanian et al. 2012; Dolatabadi 
et al. 2018; Hazrati et al. 2017). Motlaghi et al. applied ANN 
to model and consequent optimization of a crude oil distil-
lation column (Motlaghi et al. 2008). Osuolale and Zhang 
developed a strategy based on ANN to model exergy effi-
ciency in distillation columns using process operational data. 
After developing the ANN model, this model was used in 
finding the optimal condition of distillation operation to 
increase the energy performance of distillation process (Osu-
olale and Zhang 2016).

The aim of the present study is consisted of two parts. 
First goal is simulation of the phenol production process 
using ASPEN-HYSYS. Second goal is to investigate the 
influences of several operative parameters including num-
ber of trays, column temperature, and reflux ratio on the 
performance of distillation column for cumene separation 
as an important unit in phenol production process. In phe-
nol production process, separation of excess cumene from 
cumene hydroperoxide is critical. The cumene mole frac-
tion in upstream flow of distillation column was selected as 
the output response. The major novelties of this study are 
applying the DoE method, simulation of the process using 

Aspen-Hysys, and developing a model based on ANN as 
well as process optimization. RSM was selected for DoE, 
modelling, and optimizing the conditions of production pro-
cess. For simulating the process by ANN, a robust model 
was developed through applying radial basis function (RBF) 
network. The model allows predicting the composition of 
cumene mole fraction in upstream flow by changing the 
operative parameters of column without running conven-
tional simulation. This robust model was used for optimiza-
tion the separation process.

This effort could be resulted in improving the yield, envi-
ronmental aspects of phenol production as a strategic sub-
stance and decreasing the production cost. In other words, 
the optimized operative conditions of distillation column 
were proposed as the best candidates for the phenol process 
on the basis of the Hysys simulations, optimization results 
obtained by DoE method as well as RBF. According to the 
author’s knowledge, simultaneous using of Aspen-Hysys 
simulation, RSM, and RBF for modelling of separation pro-
cess has not applied, yet.

Methodology and procedure

Process description

Phenol and acetone are produced in a three-step process 
from benzene and propylene called Hock process (Yadav and 
Asthana 2003). Cumene (isopropyl benzene) is an interme-
diate substance. In this process, two rather cheap substances 
(benzene and poly propylene) could be converted to two 
rather costly products (phenol and acetone). In first step, 
cumene is produced through alkylation of benzene with pro-
pylene. At the moment, all the cumene is produced commer-
cially through using zeolite-based processes (Schmidt 2005). 
In the second step, cumene is oxidized by oxygen which 
results in cumene hydroperoxide (CHP) production. This 
reaction is auto-catalyzed by CHP. Finally, CHP is degraded 
into phenol and acetone in the presence of a mineral acid 
catalyst (Fig. 1). The main by-product of side reaction of 
cumene oxidation is dimethyl phenyl carbonyl (DMPC).

In Fig. 2, the process flow diagram of phenol produc-
tion process (Sunoco process) has been presented. As is 
shown, feed cumene is mixed with recycled cumene from 
the next steps and the mixture is oxidized to CHP in two 
bubble columns (oxidizers). These two oxidizer columns 
are in series with respect to cumene mixture stream. It is 
important to note that more reactors could be used accord-
ing to the capacity of unit (Schmidt 2005). The excess air is 
released into atmosphere from the top of the bubble columns 
after passing through an absorber to remove hydrocarbons. 
In distillation column, excess cumene is separated from CHP 
and is recycled to the feed column. Then, CHP is sent to 
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a cleavage column and will be decomposed to phenol and 
acetic acid in the presence of a mineral acid catalyst. In the 

next step, the output stream of cleavage unit is washed by 
water to remove the sulfuric acid. Then, the mixture of phe-
nol and acetone is sent to a separation column. In final step, 
pure acetone and phenol will be produced.

Process simulation

Oxidation process simulation

In Fig. 3, the oxidation process has been shown. In this 
section of process, cumene feed, air, and recycle stream of 
cumene enter into mixer 1, and consequently, CHP is pro-
duced in three series reactors. In this study, aerated reactors 
were replaced by conversion reactors according to simula-
tion restrictions. The reactions of oxidation section and con-
version values are presented in Table 1. The inlet feed is pure 
cumene with flow rate and temperature of 100 kg mol/h and 
25 °C, respectively. Further, the flow rate and pressure of air 
stream are 100 kg mol/h and 101.3 kPa, respectively. Since 
the oxidation reactions are exothermic, the temperature in 
first reactor is fixed at 110 °C; and the temperature of next 
reactors was found to be at 115 °C and 119 °C, respectively. 

Fig. 1  Reaction of phenol & acetone production through cumene 
route

Fig. 2  Phenol production process
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The output stream of mixer 2 consisted of 18% cumene, 
37%  H2O, 39% formic acid, 4.5% CHP, and a few amount 
of DMPH carbonyl. The flow rate and temperature of output 
stream were 119 °C and 1908 kg mol/h, respectively.

Concentration process simulation

In the next step, stream enters into the concentration section. 
As shown in Fig. 2, in a distillation column, CHP will be 
separated from unreacted cumene. CHP will be transferred 
into the next section and cumene will be recycled to the bub-
ble columns. The thermodynamic model used to simulate 
the distillation column is SPRV. The schematic view of this 
distillation column is shown in Fig. 4.

Conversion process simulation

In this section, CHP and other reactants enter into three 
conversion reactors in series, as shown in Fig. 5. In these 

Fig. 3  Oxidation process section

Table 1  The reactions of 
oxidation section and their 
conversion percentage

Reactions Conversion percentage

First reactor Second reactor Third reactor

Cumene + O2 → CHP 12 5 3.67
Cumene + 0.5O2 → DMPH carbonyl 0 0.6 0.16
Cumene + 0.5O2 → AMS + H2O 0 0.01 0
Cumene + O2 → acetophenone + CH3OH 0.5 0.05 0.4
CH3OH + O2 → formic acid + H2O 100 100 100

Fig. 4  Distillation column (cumene column)

Fig. 5  Conversion process 
section
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reactors, CHP converts to acetone and phenol. The reac-
tion kinetics is presented in Table 2. The catalyst of main 
reaction is low levels of  H2SO4. To improve the preciseness 
of simulation, a stream comprising of 20 kg mol/h pheno-
late sodium, 40 kg mol/h sulphuric acid, and 40 kg mol/h 
sodium hydroxide enters into third reactor. The thermo-
dynamic model that was used to simulate the distillation 
column is SPRV.

Response surface methodology

There are two methods for investigating the influences of 
operative parameters on the process performance (conven-
tional and DoE method). In this study, 3 operative param-
eters are involved in distillation column. In conventional 
method, one factor is changing and all the other factors are 
kept constant. And this procedure is repeated 3 times. So, it 
is clear that this method including a lot of experiments and 
doing that is a time-consuming and cost-consuming work. 
But in design of experiment methodology, all the factors 
are changed simultaneously. So, the number of experiments 
will decrease notably. Further, in DoE possible interactions 
between operative parameters could be considered. RSM is 
a hybrid statistical-mathematical methodology that could be 
used in design of experiment as well as analyzing the experi-
mental data using analysis of variance. Further, statistical 
model may be generated. This developed model is a useful 
tool to optimize the process. In this approach, design points 
consisted of factorial, axial, and center points (Montgomery 
2017). The number of experiments could be calculated by 
the following equation:

where n is the number of operative parameters. The terms 
 2n, 2 × n, and Nc are the number of factorial, axial, and center 
points, respectively. Since the number of operative param-
eters is 3, the numbers of factorial and axial points are 8 and 
6, respectively. Further, the number of center points is 5.

(1)N = 2n + 2 × n + Nc

The experimental strategies in statistical section are (Ι) 
performing the design of experimental layout, (ΙΙ) model 
development, and (ΙΙΙ) optimization.

For modelling and optimizing the performance of dis-
tillation column, a central composite design (CCD) with 
5 replicates at the center point was performed. The upper 
and lower limits of the operative parameters are shown 
in Table 3. The final goal of the design of experiments 
is seeking for optimal conditions to operate the distilla-
tion column with highest cumene mole fraction and lowest 
column temperature, lowest number of trays, and lowest 
reflux ratio.

There are several software for performing the design of 
experiment. In this study, Design Expert software is used 
to design experimental layout, data analysis, and process 
optimization. In this method, data processing is performed 
in coded forms. Operating parameters were coded by the 
following equation:

 where Xi and xi are the coded form and real value of opera-
tive parameter. And xi,high and xi,low are the maximum and 
minimum values of the operative parameters, respectively.

Radial basis function

ANN is a simple model of human neural network that could 
perform data processing. There are several different types 

(2)Xi =

xi −
xi,high−xi,low

2
xi,high−xi,low

2

Table 2  The reactions of conversion section and their conversion percentage

Reactions Conversion percentage

Fourth reactor Fifth reactor Sixth reactor

CHP → acetone + phenol 60 100 –
DMPH carbinol → AMS + H2O 20 99 –
Phenol + AMS → cumylphenol 2.1 1.99 –
Phenol + 2 acetone + 3H2O → 6 acetaldehyde 0.07 0.06 –
2 acetone → mesityloxide + H2O 2 1.09 –
2 sodium phenoxide + sulfuric acid → sodium sulfate + 2 phenol – – 86.4
Sulfuric acid + 2 sodium hydroxide → sodium sulfate + 2  H2O – – 13.6

Table 3  Operative ranges of process parameters

Parameter Code Range

Number of tray A 3–35
Column temperature (°C) B 175–180
Reflux ratio C 0.7–5
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of ANN, but all of them consist of two main component: 
(Ι) neurons that perform data processing on input data and 
(ΙΙ) connections that determine the transferring of informa-
tion between neurons. The type of connection between neu-
rons, neuron layout (network topology), and how to train the 
network are critical issues in development of ANN-based 
model.

RBF neural network is a nonlinear layered feed forward 
network that consists of 3 layers (input, hidden, and output 
layers) and uses radial basis function as activation function. 
In this research, MATLAB 2010a was used to devise and 
train the networks. The architecture of RBF is shown in 
Fig. 6.

The role of first layer (input layer) is just receiving the 
input data and transferring it to the next layer (hidden layer). 
Main portion of data processing is performing in hidden 
radial basis layer. The distance box produces several ele-
ments that are the differences between input and weight 
matrix. Then, the bias is added and the result elements are 
introduced to Gaussian function (f1) which in MATLAB 
environment is termed radbas. And third layer is an output 
linear layer. The function of f2 in output layer is a linear 
transfer function (in MATLAB termed purelin).

Model development and data processing were performed 
for normalized operative parameters. data normalization was 
done as follow:

 where Xi and xi are normalized and real values, respectively. 
And xi,high and xi,low are high and low levels of parameters, 
respectively.

In this study, for data mining, RBF was selected to gener-
ate a robust model. The properties of RBF are as follows:

Mean squared error goal.
Spread of radial basis function.
Maximum number of neurons.
Number of neurons to add between displays.

(3)Xi = 0.05 + 0.9 ×

(
xi − xi,low

)

xi,high − xi,low

Further, trail-and-error method was used to develop the 
optimized neural network. Mean squared error (MSE) could 
be calculated as follows:

where ypred. and yreal are predicted and real parameters, 
respectively. And n is the number of data.

Cross‑validation—leave one out method

In this method, since there are N data, the dataset is divided 
into two partitions with (N − 1) data and one data. The goal 
of performing this partitioning is to set the section with one 
data as validation dataset and the other section with (N − 1) 
data as training dataset. This procedure will be repeated 
N times. So, this validation method termed one-leave-out 
cross-validation.

In other words, for network training by this method, 
in each step, (N − 1) data are used to train a network with 
optimized properties and 1 data of dataset will be out of 
consideration. Then, this trained network is validated by 
this one data that would be out of consideration in previ-
ous step. Since this procedure is repeated N times, finally, 
there would be N predicted data (validation data) that could 
be compared with goal (experimental data) to calculate the 
model accuracy.

The accuracy and preciseness of network prediction were 
assessed by determination coefficient (R2). This index could 
be calculated as follows:

(4)MSE =

∑n

i=1

�
yi,pred. − yi,real

�2

n

(5)R2
= 1 −

∑n

i=1

�
yi,real − yi,pred.

�2

∑n

i=1

�
yi,real − y

�2

(6)y =

∑n

i=1
yi,real

n

Fig. 6  RBF structure
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where ypred., yreal, and y are predicted, real, and average val-
ues, respectively. And n is the number of data. In this study, 
to develop a model, several RBF networks with different 
properties were constructed and trained. Each generated net 
was validated through one-leave-out method as mentioned 
above. Then, the values of R2 for training and validation 
phase were calculated for each network. Next, the average 
values of validation-R2 were compared to select the optimum 
network. Finally, the optimized properties of network were 
set according to the value of the validation-R2 (maximum 
value). It is important to note that in this manner, for data 
generating for comparing with real data a distinct neural 
network is not used, and a hybrid of several networks (N 
nets) as a prediction tool is developed. But for optimization 
and plotting the graphs, a unique optimized network is used.

Result and discussion

In this section, the distillation column that has been used in 
concentration unit is assessed and simulated by applying sta-
tistical analysis and data mining strategy. So, the mole frac-
tion of cumene in upstream flow could be predicted accord-
ing the operative parameters using the developed models.

Statistical analysis

Cumene mole fraction in upstream flow

DoE is performed using CCD. Accordingly, 19 experiments 
have been ran and the results are assessed by applying analy-
sis of variance (ANOVA). ANOVA table of cumene mole 
fraction in upstream flow, which has been obtained from 
RSM methodology, is shown in Table 4.

Values of "Prob > F" less than 0.0500 indicate that the 
model terms are effective. Values greater than 0.1000 indi-
cate the model terms are not important. From Table 4, it is 

clear that reflux ratio (C) could not influence the upstream 
cumene mole fraction, but C2 is a considerable factor. So, to 
support the hierarchy of model, reflux ratio must be consid-
ered as a model term. According to the F-value results, the 
ranking of operative parameter on the basis of importance is 
as follows: B > B2 > A > AB > C2. Adeq Precision of 50.375 
indicates that signal to noise is in acceptable range. The 
model F-value of 322.09 shows that this model is significant. 
Accordingly, there is a little chance that this model F-value 
is due to noise. The precision of a model can be checked 
by determination of an R2 coefficient and adjusted R2. In 
this case, R2 is 0.9938. In other words, 99.38% of response 
variability is achieved by the obtained regression model. 
The adjusted R2 is 0.9907 reasonably close to 1, which is 
in acceptable agreement with R2. The final equation for 
cumene mole fraction in terms of coded factors obtained 
from regression of values is as follows:

For review the predicted data and plotting the related 
graphs, introducing the regression model in actual values is 
preferred. The extracted model in actual values of operative 
parameters for cumene mole fraction is as follow:

 where 3 < number of tray < 35, 175 < column tempera-
ture < 180 (°C), 0.7 < reflux ratio < 5

This model can be used to predict the mole fraction only 
in the limits of operative parameters. To check the adequacy 
of final model, the normal probability plot vs. standardized 

(7)

Up − stream cumene mole fraction = 0.13 + 0.032

× T − 0.16 × B + 5.36 × 10−3 × C − 0.018 × AB

+ 0.12 × B
2
− 0.023 × C

2

(8)

Up − stream Cumene mole fraction = +601.97033

+ 0.082763 × Tray − 6.72548 × Temperature + 0.030599

× Reflux ratio − 4.55000 × 10−4 × Tray × Temperature

+ 0.018785 × Temperature2 − 4.93087 × 10−3 × Reflux ratio2

Table 4  ANOVA table 
for cumene concentration 
in upstream flow in RSM 
methodology

Source Sum of squares Df Mean squares F value Prob > F Comment

Model 0.33 6 0.056 322.09  < 0.0001 Significant
A (tray) 0.010 1 0.010 59.35  < 0.0001 Significant
B (temperature) 0.27 1 0.27 1548.53  < 0.0001 Significant
C (reflux ratio) 2.873E−004 1 2.873E−004 1.66 0.2213
AB 2.650E−003 1 2.650E−003 15.35 0.0020 Significant
B2 0.043 1 0.043 251.97  < 0.0001 Significant
C2 1.639E−003 1 1.639E−003 9.50 0.0095 Significant
Residual 2.072E−003 12 1.726E−004
Lack of fit 2.072E−003 8 2.589E−004
Pure error 0.000 4 0.000
Cor total 0.34 18
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residuals is presented in Fig. 7. It is obvious that the points 
follow a straight line. So, there is no need for transformation.

The residual versus run number is shown in Fig. 8. This 
is a useful tool to check the lurking variables that influenced 
the response. In this plot, random scattering is of interest. 
The validation tools such as coefficient determination and 
related plots figured out that the response values determined 
by the obtained statistical model were in good agreement 
with experimental data for mole fraction of cumene in 
upstream flow of distillation column. So, this model is found 
to be useful for data prediction, plotting the related graphs, 
graphically assessment of the effect of operative parameters 
as well as finding the optimized conditions.

In Fig. 9a, the interaction effect of the number of trays 
and column temperature on cumene mole fraction is 

displayed while reflux ratio is fixed at 2.85. As can be seen, 
when the temperature reduces and number of trays grows 
simultaneously, cumene mole fraction would be peaked. It 
can be concluded that increasing the column temperature 
and decreasing the number of trays have obviously negative 
effect on response. It is important to note that a decrease 
in the number of trays causes lower cumene mole fraction 
moderately in comparison with increasing the column tem-
perature. In Fig. 9b, cumene mole fraction has been plotted 
vs. number of tray and reflux ratio. As shown, the influence 
of number of tray on response is greater than the influences 
of reflux ratio. This observation is in agreement with the 
result of ANOVA table that marked reflux ratio as an unim-
portant operative factor. Figure 9c reveals that the effect of 

Fig. 7  Normal probability plot 
of residuals for cumene concen-
tration in upstream flow

Fig. 8  Residuals versus run 
number for cumene concentra-
tion in upstream flow
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Fig. 9  3D and contour plot of 
predicted cumene mole fraction 
as a function of a number of 
trays and column temperature, b 
number of tray and reflux ratio, 
and c column temperature and 
reflux ratio
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reflux ratio on response is negligible in comparison with 
column temperature.

Optimization

In this study, minimum value of operative parameters and 
maximum value of response is of interest. To optimize the 
process, after developing a statistical model, desirability 
function approach is used for finding optimized conditions.

In this approach, five different goals have been set as 
follows:

• Ι: maximizing the cumene mole fraction.
• ΙΙ: minimizing the number of trays/minimizing the col-

umn temperature/maximizing the cumene mole fraction.
• ΙΙΙ: minimizing the number of trays/maximizing the 

cumene mole fraction.
• ΙV: Minimizing the column temperature /maximizing the 

cumene mole fraction.
• V: minimizing the column temperature/minimizing the 

number of trays/minimizing the reflux ratio/maximizing 
the cumene mole fraction.

In above strategies, the degree of importance of response 
is set 3 and the degrees of importance of operative param-
eters were set at 2. The reason of minimizing the column 
temperature is to decrease the energy consumption or mini-
mizing the number of trays leads to decrease in construction 
cost. In Table 5, the optimized conditions for each goal have 
been shown.

Data mining

Model development

In this work, for networks deal with cumene mole fraction 
in upstream flow, maximum number of neurons is set at 20 
and number of neurons to add between displays is set at 
1. Accordingly, several networks with different structures 
were investigated. Each network was trained through leave-
one-out method as explained previously. The preciseness 

of artificial networks was assessed by determination coef-
ficient (R2) of validation. In Fig. 10, the average values of 
R2 of validation for different structures of RBF with differ-
ent spread constant and mean squared error goal of 0.01 
have been shown where maximum number of neurons and 
number of neurons to add between displays were 20 and 1, 
respectively. It is found that the maximum R2 is 0.93 that 
belongs to a network with spread constant of 2.148.

Assessing the influence of the variation of mean squared 
error on the values of validation-R2 revealed that this param-
eter has no considerable effect on the prediction performance 
of developed models.

In Fig. 11a, the predicted cumene mole fraction by opti-
mized RBF has been scattered versus data generated by 
Hysys simulation. As is shown, acceptable distribution 
around the line y = x proves the agreement of between data 
generated by developed neural network model and Hysys 
simulation. This developed model can be used to predict the 
cumene mole fraction only in the limits of operative param-
eters. In Fig. 11b, the difference between data predicted by 
RBF and Hysys simulation termed residuals has been scat-
tered versus predicted data by RBF. Random distribution of 
residuals is of interest.

Data assessment

According to the prediction result of developed neural net-
work model, the maximum value of cumene mole fraction 
is 0.4407. This value could be achieved when the number 
of tray, reflux ratio, and column temperature are 35, 0.7, 
and 175 °C, respectively. Similarly, the minimum value of 
cumene mole fraction is 0.0361. The number of tray, column 
temperature, and reflux ratio corresponded to this minimum 
value are 3, 4.73, and 180, respectively.

In Fig. 12a, mole fraction of cumene in upstream flow 
of distillation column that was predicted by optimized RBF 
model has been plotted versus number of tray and column 

Table 5  Optimized condition-statistical method

a Values have been rounded

Goal Number 
of  traysa

Column 
tempera-
ture (C)a

Reflux 
 ratioa

Cumene 
mole 
 fractiona

Desirability

Ι 31 175 1.60 0.44 1.000
ΙΙ 3 175 3.12 0.36 0.912
ΙΙΙ 3 175 3.10 0.36 0.878
ΙV 30 175 1.87 0.44 1.000
V 3 175 0.70 0.34 0.911
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temperature while the reflux ratio was fixed at 2.85. By 
comparing with Fig. 9, it is found that the result of RBF is 
in agreement with the result of Hysys simulation, but RBF 
proposed linear relations. Figure 12b, c proves that the effect 
of reflux ratio on cumene mole fraction is less than column 
temperature and number of trays. Further, Fig. 12a, b shows 
that the effect of column temperature on response is severe 
than the effects of number of tray and reflux ratio. These 
observations are in agreement with the results that were 
obtained from ANOVA table (Table 4).

Optimization

After developing the robust RBF model, this model could be 
used to find the optimized conditions. Similar to optimiza-
tion through statistical analysis, five goals have been defined. 
Each criterion is revaluated by assigning weights according 
to their importance. For example in goal ΙΙ, 3 criteria are 

defined. Each of these criteria has different degree of impor-
tance. Accordingly, the importance of each criterion could 
be determined by assigning the weights. In other words, the 
weight could determine the degree of importance of each 
criterion. The optimization process is performed in a way to 
decrease the optimization function. Optimization function is 
defined as follows:

where wi is the weight of each criterion. And yi and yig are 
the criterion and its maximum or minimum value.

In optimization process, the value of optimization func-
tion was checked and the optimized condition according to 
the each goal and assigned weights could be found. The rea-
son of minimizing the column temperature is to decrease the 
energy consumption or minimizing the number of trays leads 

(9)Optimization function =

n∑

i=1

|||
yi − yig

|||
× wi

Fig. 11  a Predicted data by 
RBF versus predicted data by 
Hysys and b residuals versus 
predicted data by Hysys
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to decrease in construction cost. In Table 6, the optimized 
conditions for each goal have been shown.

Conclusion

In this research, an investigation was made on the simu-
lation of phenol production process. The data of cumene 
mole fraction in upstream flow of distillation column (an 
important unit in phenol production process) obtained from 
ASPEN-HYSYS simulation were applied to develop statisti-
cal and artificial neural network models. Statistical analysis 
revealed that number of trays and column temperature have 

significant effect on cumene mole fraction. The predicted 
results of the optimized neural network model proved that 
the effect of reflux ratio on cumene mole fraction is less 
than column temperature and number of trays. Further, the 
effect of column temperature on cumene mole fraction is 
severe than the effects of number of trays. Optimization of 
process based on neural network model revealed that the 
maximum cumene mole fraction in upstream flow is 0.44 
that will be obtained if the number of trays, reflux ratio, and 
column temperature are 35, 0.7, and 175 °C, respectively. 
So, use of these values in distillation column design leads 
to an improved process performance in distillation column.

Fig. 12  Mole fraction of 
cumene in upstream flow as a 
function of a number of tray 
and column temperature, b 
number of tray and reflux ratio, 
and c column temperature and 
reflux ratio
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