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ABSTRACT 

 This work has been carried out to find the optimum values than can be used to 

obtain high mole fractions of n-butyl acetate and methanol at the bottom segment and top 

segment respectively of a transesterification reaction integrated distillation column. The 

experimental setup was taken to be a developed Aspen HYSYS model. The experimental 

design was done and model equations were developed using the responses of the 

experimental simulation carried out with the aid of Design Expert. The good agreements 

between the model simulation results and the experimental simulation oneswith R-squared 

values of 0.9388 and 0.9852 respectively for the bottom n-butyl acetate and the top 

methanol mole fractions revealed that the developed models were good representations of 

the mole fractions. In addition,the achievements of the approximate optimum values of the 

objective functions given by the theoretical optimization carried out using Excel Solver 

when the optimum values of reflux ratio and reboiler duty were used to run the 

experimental simulations were indications of the validities of the optimum results that 

were obtained. 
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INTRODUCTION 

 

Transesterification is one of the classic organic reactions that have enjoyed numerous 

laboratory uses and industrial applications. Organic chemists make use of this reaction quite 

often as a convenient means to prepare esters. On some occasions, transesterification is more 

advantageous than the ester synthesis from carboxylic acids and alcohols. For instance, some 

carboxylic acids are sparingly soluble in organic solvents and accordingly difficult to subject 

to homogeneous esterification whereas esters are commonly soluble in most of organic 

solvents. The ester-to-ester transformation is particularly useful when the parent carboxylic 

acids are labile and difficult to isolate. Some esters, especially methyl and ethyl esters, are 

readily or commercially available and thus they serve conveniently as starting materials in 

transesterification. This reaction can he conducted under anhydrous conditions to allow 

employment of moisture-sensitive materials (Otera, 1993). Also, this reaction can be 

accomplished using the conventional ‘reactor plus separation’ method or using the ‘reaction 

integrated distillation’ method. 

 

Reaction integrated distillation, otherwise known as the reactive distillation, is a process that 

combines both separation and chemical reaction in a single unit. It is very attractive whenever 
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conversion is limited by reaction equilibrium (Balasubramhanya and Doyle III, 2000) 

because it combines the benefits of equilibrium reaction with distillation to enhance 

conversion provided that the product of interest has the largest or the lowest boiling point 

(Taylor and Krishna, 2000). It has a lot of advantages which include reduced investment and 

operating costs due to increased yield of a reversible reaction by separating the product of 

interest from the reaction mixture (Pérez-Correa et al., 2008), higher conversion, improved 

selectivity, lower energy consumption, scope for difficult separations and avoidance of 

azeotropes (Jana and Adari, 2009). However, due to the integration of reaction and 

separation, reactive distillation exhibits complex behaviors (Khaledi and Young, 2005) such 

as steady state multiplicity, process gain sign changes (bidirectionality) and strong 

interactions between process variables (Jana and Adari, 2009). These complexities which 

have made the modeling of the reactive distillation process extremely difficult (Giwa and 

Karacan, 2012) have made its optimization also a challenging task to chemical engineers 

because this process is a multivariable one. 

 

The traditional ‘one-factor at a time’ technique used for optimizing a multivariable system is 

not only time consuming but also often easily misses the alternative effects between the 

factors involved in the process. Besides, this method requires carrying out a number of 

experiments to determine the optimum levels, which may be untrue. These drawbacks of 

single factor optimization process can be eliminated by optimizing all the affecting 

parameters collectively with the aid of Central Composite Design (CCD) using Response 

Surface Methodology (RSM) (Bandaru et al., 2006).  

 

Response Surface Methodology (RSM) is a widely used technology for rational experimental 

design and process optimization in the absence of mechanistic information (Box and Draper, 

1987; Myers and Montgomery, 1995). RSM initiates from Design of Experiments (DoE) to 

determine the values of the factorsto be used for conducting experiments and collecting data. 

The data are then used to develop an empirical model that relates the process response to the 

factors. Subsequently, the model facilitates to search for better process response, which is 

validated through experiment(s). The above procedure iterates until an optimal process is 

identified or the limit on experimental resources is reached (Chi et al., 2012). RSM has seen 

diverse applications in almost every area of scientific research and engineering practice, 

including the development of chemical and biochemical processes (Agatonovic-Kustrin et al., 

1998; Baumes et al., 2004; Dutta et al., 2004; Hadjmohammadi and Kamel, 2008; Shao et al., 

2007; Tang et al., 2010; Yan et al., 2011a,b). 

 

In Response Surface Methodology, when all independent variables (x1, x2,. . .,xk) are 

measurable, manipulable and continuous in the experiments, with negligible error, the 

response surface y can be expressed by  

 

   kxxxfy ,,, 21           (1) 

 

where the form of the true response function f is unknown and perhaps very complicated, and 

εis a term that represents other sources of variability not accounted for in f. Usually, ε 

includes effects such as measurement error on the response, background noise, the effect of 

other variables and so on. ε is usually treated as a statistical error, it is often assumed to have 

a normal distribution with mean zero and variance ε
2
(Wang et al., 2012).  

 

In order to contribute a quota to solving the problems faced by chemical engineers in 

optimizing the transesterification process in a reaction integrated distillation column, this 
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work has applied Design Expert to develop for top methanol and bottom n-butyl acetate mole 

fractions models that were then optimized using Excel Solver. 

 

 

PROCEDURES 

 

Experimental Design 

 

In this work, Central Composite Design, carried out with the aid of Design Expert (Stat-Ease, 

2005), was used for the design of the experiments for the transesterification process used for 

the production n-butyl acetate in a reaction integrated distillation column. The independent 

(manipulated) variables of the process were the reflux ratio and the reboiler duty while the 

dependent variables were the mole fraction of methanol at the top and the mole fraction of n-

butyl acetate at the bottom segment of the column.  

 

For convenience, the notations shown in Table 1 were employed for the transesterification 

process having two manipulated (independent) variables. 

 

Table 1. Notations of the factors 

Notation Factor Unit 

X1 Reflux ratio kgmol recycled liquid/kmol liquid distillate 

X2 Reboiler duty kJ/s 

 

With respect to the notations shown in Table 1, for the statistical calculations, the variables 

xi‘s were coded as according to Equation (2). 

 

 
i

ii

i
X

XX
x




           (2) 

 

where xi is dimensionless value of an independent variable, Xi is the real value of an 

independent variable, X is the real value of the independent variable at the center point and 

iX is the step change from the center point. 

 

In addition, the center point value and the step change were calculated using Equations (3) 

and (4) respectively shown below. That is, 

 

2

min,max, ii

i

XX
X


          (3) 

 

and 

 

2

min,max, ii

i

XX
X


          (4) 

For this work, a 2
2
-factorial central composite experimental design with α = 1.41 having eight 

non-center points and five center points leading to a total number of 13 experimental runs 

was employed. The levels of the independent variables used are as shown in Table 2. 

 

Table 2. Levels of independent variables in the experimental plan 
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  Coded levels 

  # Factor -1.41 -1.00 0.00 1.00 1.41 iX  iX  

 

  Uncoded levels 

  1 Reflux ratio 1.59 2.00 3.00 4.00 4.41 3.00 1.00 

2 Reboiler duty 0.38 0.50 0.80 1.10 1.22 0.80 0.30 

 

Shown in Table 3 is the design matrix of the experimental design of the transesterification 

process for the production of n-butyl acetate (bottom product) and methanol (top product). It 

can be noticed from the table that the standard number is not the same as the run number. 

This was made so in order to test the replicability of the process and the experimental 

simulation setup. 

 

Table 3. The central composite design matrix of the experiment 

S/N Standard No. Run No. 
Coded variable Uncoded variable 

Reflux ratio Reboiler duty Reflux ratio Reboiler duty 

1 2 1 1.00 -1.00 4.00 0.50 

2 4 2 1.00 1.00 4.00 1.10 

3 10 3 0.00 0.00 3.00 0.80 

4 5 4 -1.41 0.00 1.59 0.80 

5 7 5 0.00 -1.41 3.00 0.38 

6 13 6 0.00 0.00 3.00 0.80 

7 1 7 -1.00 -1.00 2.00 0.50 

8 3 8 -1.00 1.00 2.00 1.10 

9 11 9 0.00 0.00 3.00 0.80 

10 6 10 1.41 0.00 4.41 0.80 

11 12 11 0.00 0.00 3.00 0.80 

12 8 12 0.00 1.41 3.00 1.22 

13 9 13 0.00 0.00 3.00 0.80 

 

After designing how the experiments would be run, the experimental setup was then designed 

with the aid of Aspen HYSYS in form of a model. 

 

 

Aspen HYSYS Modeling 

 

The modeling of the experimental setup of the transesterification between n-butanol and 

methyl acetate that was used for the production of n-butyl acetate and methanol in a 

transesterification reaction integrated distillation column (Figure 1) of this work was carried 

out using the version 3.2 of Aspen HYSYS (Aspen, 2003). 50 mL/min each of n-butanol and 

methyl acetate was passed into the reactor as feed at a temperature of 25 
o
C and a pressure of 

1 atm. The condenser pressure and the reboiler were taken to be 1.00 and 1.25 atm 

respectively. The column used was a raschig rings packed type with 32 segments excluding 

the condenser and the reboiler. Counted from the top, n-butanol was fed at the eleventh 

segment while methyl acetate was fed at the 21st segment of the column. 

For the developed model, UNIQUAC was used as the property package and Sparse 

Continuation Solver was used as the solution solver. 
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Fig. 1: Reaction integrated distillation column for the transesterification process 

  

The transesterification reaction occurring in the section between the 11th and the 21st 

segment (reaction section) of the column is given as (Equation 5): 

 

)()()()(

39433394

DCBA

OHCHHCOOCCHCOOCHCHOHHC eqK


    (5) 

 

and the reaction rate was taken from the work of Wang et al. (2008) to be (Equation 6): 

 

    DCBA CCRTCCRTr /72670exp10839.2/71960exp10018.2 88 
   (6) 

 

The experimental setup in the form of Aspen HYSYS model was run and the responses 

obtained were entered into Design Expert for model development.  

 

 

Model Development and Optimization 

 

Using the responses of the experiments and selecting quadratic models of the form (Equation 

7) 
2

222

2

111211222110 XbXbXXbXbXbbYp 
      (7) 
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for both the methanol top segment and n-butyl acetate bottom segment mole fractions, model 

equations were developed by estimating the model coefficients (b0, b1, b2, b12, b11 and b12) for 

the top methanol and bottom n-butyl acetate mole fractions with the aid of Design Expert. 

The developed model equations were simulated using the Microsoft Excel Spreadsheet 

(Microsoft, 2010). After the simulations of the model equations, their optimizations were also 

accomplished inthe same spreadsheet environment using Generalized Reduced Gradient 

(GRG) Nonlinear Solving Method. The manipulated variables of the optimization were also 

taken to be reflux ratio and reboiler duty and the objective functions were the maximizations 

of the mole fractions of methanol and n-butyl acetate at the top and bottom segments of the 

column respectively. 

 

 

RESULTS AND DISCUSSIONS 

 

The results of the experimental simulations carried out, as designed by Design Expert, are as 

shown in Table 3 below. The table contains the manipulate variables (reflux ratio and reboiler 

duty) of the process as well as the mole fractions of the top methanol and that of the bottom 

n-butyl acetate. As can be seen from the table, the maximum mole fraction (0.9203) of top 

methanol was obtained when the values of the reflux ratio and the reboiler duty were 4.00 

and 0.50 kJ/s respectively. Also, when a reflux ratio of 2.00 and a reboiler duty of 1.10 kJ/s 

were used to simulate the experimental setup, 0.5753 was obtained as the maximum mole 

fraction of bottom n-butyl acetate from the experimental simulation run. Observing the 

results shown in the table has clearly shown that there were changes occurring as a result of 

changes in the values of the manipulated variables. As such, there is the need to establish 

relationships, in forms of model equations, between the manipulated variables and the 

responses. This then necessitated the use of Design Expert to develop the model equations. 

 

Table 3. Manipulated and experimental response values 

Run No. 
Variable Mole fraction 

Reflux ratio Reboiler duty Top methanol Bottom n-butyl acetate 

1 4.00 0.50 0.9203 0.2909 

2 4.00 1.10 0.5704 0.3599 

3 3.00 0.80 0.7727 0.3653 

4 1.59 0.80 0.8326 0.4931 

5 3.00 0.38 0.9789 0.2813 

6 3.00 0.80 0.7730 0.3655 

7 2.00 0.50 0.9466 0.3325 

8 2.00 1.10 0.7004 0.5753 

9 3.00 0.80 0.7727 0.3653 

10 4.41 0.80 0.7129 0.3196 

11 3.00 0.80 0.7727 0.3653 

12 3.00 1.22 0.5917 0.4506 

13 3.00 0.80 0.7727 0.3652 

 

In developing the model equations, as mentioned earlier, a quadratic form was chosen for 

each of the responses and the model equation were developed with the aid of Design Expert 

for the top methanol mole fraction was given as (Equation 8): 
2

2

2

12121 0.084590.0013430.08638-0.3527-0.020341.1350 XXXXXXYmp 
 (8) 
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while that of the bottom n-butyl acetate mole fraction was obtained to be (Equation 9):  

 
2

2

2

12121 0.013380.021400.1448-0.64260.07536-0.2236 XXXXXXYnbp 
  (9) 

 

As can be observed from the model equations, while some of the coefficients were positive, 

others were negative. This is an indication of the fact that some of the model factors were 

having positive contributions while others were having negative contributions to the overall 

responses of the models. 

 

The validities of the models equations were investigated by carrying out their analyses of 

variances (ANOVAs). The results of the analyses of variances of the models are as shown in 

Tables 4 and 5 respectively for the top methanol mole fraction and n-butyl acetate mole 

fraction models. 

 

Table 4. Analysis of variance for top methanol mole fraction model 

Source Sum of squares df Mean square F value 
p-value 

 Prob > F 

Model 0.18 5 0.036 670.98 < 0.0001 significant 

X1-Reflux Ratio 0.013 1 0.013 247.28 < 0.0001 

 X2-Reboiler Duty 0.16 1 0.16 3049.95 < 0.0001 

 X1X2 2.69E-03 1 2.69E-03 50.12 0.0002 

 X1
2
 1.26E-05 1 1.26E-05 0.23 0.6432 

 X2
2
 4.03E-04 1 4.03E-04 7.52 0.0288 

 Residual 3.75E-04 7 5.36E-05 

   Lack of Fit 3.75E-04 3 1.25E-04 4969.69 < 0.0001 significant 

Pure Error 1.01E-07 4 2.52E-08 

   Cor Total 0.18 12 

     

According to Table 4 that shows the analysis of variance for top methanol mole fraction 

model equation, all the model factors were found to be significant because their p-values 

were less than the chosen confidence interval of 0.05 except the square of reflux ratio (X1
2
). 

However, despite the fact that there was a factor in the top methanol mole fraction model 

with p-value greater than 0.05 (that is, square of reflux ratio (X1
2
)), the p-value of the overall 

model was found to have a p-value that was less than 0.05. Thus, the overall model was 

found to be significant. The significance of the overall model was the reason why the square 

of reflux ratio that had a p-value greater than 0.05 was not removed from the model for 

modification. In addition, the existence of model p-value of less than 0.05 is an indication of 

the goodness of the model. 

 

From Table 5 that shows the results of analysis of variance of bottom n-butyl acetate mole 

fraction model, it was observed that, apart from the square of reboiler duty that had a p-value 

greater than the selected confidence interval of 0.05, the p-values of all the other model 

factors were found to be less 0.05. In addition, the overall model p-value was found to be less 

than 0.05. Owing to the fact that the overall model p-value was less than 0.05 (meaning that 

the model was very good), the square of reboiler duty was not eliminated from the factors 

constituting the model equation of the bottom n-butyl acetate mole fraction. 
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Table 5. Analysis of variance for bottom n-butyl acetate mole fraction model 

Source Sum of squares df Mean square F value 

p-value 

 

Prob > F 

Model 0.08 5 0.016 161.17 < 0.0001 significant 

X1-Reflux Ratio 0.032 1 0.032 316.69 < 0.0001 

 X2-Reboiler Duty 0.038 1 0.038 381.27 < 0.0001 

 X1X2 7.55E-03 1 7.55E-03 75.74 < 0.0001 

 X1
2
 3.19E-03 1 3.19E-03 31.97 0.0008 

 X2
2
 1.01E-05 1 1.01E-05 0.1 0.7596 

 Residual 6.97E-04 7 9.96E-05 

   Lack of Fit 6.97E-04 3 2.32E-04 29973.63 < 0.0001 significant 

Pure Error 3.10E-08 4 7.75E-09 

   Cor Total 0.081 12 

     

The validities of the models were further investigated by simulating the model equations 

obtained using Microsoft Excel Spreadsheet. The results of the simulations were compared 

with the experimental simulation values and the comparisons are as shown in Figures 2 and 3. 

 

Shown in Figure 2 is the comparison between the experimental simulation and model 

simulation results of top methanol mole fraction. The good fit between the two results is 

another indication of the goodness of the developed model and this is in support of the 

significance of the model developed. 

 

 
 

Fig. 2: Experimental and simulated top methanol mole fraction against run no. 

 

 

Figure 3 shows the comparisons between the experimental simulation and model simulation 

results for the bottom n-butyl acetate mole fraction model. Even though the fit between the 

results in this case was not as close as in the case of the top methanol mole fraction model, 

the relationship between them was still found to be very good. 
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Fig. 3: Experimental and simulated bottom n-butyl acetate mole fraction against run no. 

 

The better fit of the top methanol mole fraction model than that of the bottom n-butyl acetate 

model was clearly observed from the difference in the values of the squares of their 

correlation coefficients (Pred R-Squared) because the square of the correlation coefficient of 

the top methanol mole fraction model was estimated to be 0.9852 while that of the bottom n-

butyl acetate mole fraction model was found to be 0.9388. 

 

After ascertaining the goodness of the developed model equations, each of them was 

optimized in spreadsheet environment using the Generalized Reduced Gradient (GRG) 

Nonlinear Solver.The results obtained from the optimization are as seen in Tables 6 and 7 

respectively for the top methanol mole fraction and the bottom n-butyl mole fraction models.  

 

Table 6. Results of optimization for top methanol mole fraction  

Variable Optimum value 

Reflux Ratio 1.50 

Reboiler Duty 0.40 

Methanol mole fraction 0.99 

 

Table 7. Results of optimization for bottom n-butyl acetate mole fraction 

Variable Optimum value 

Reflux Ratio 1.50 

Reboiler Duty 1.85 

n-Butyl acetate mole fraction 0.99 

 

From Table 6, the optimum (maximum) value of methanol mole fraction obtainable at the top 

segment of the column was estimated to be 0.99 when the reflux ratio and the reboiler duty 

were 1.50 and 0.40 kJ/s respectively. Also, for the bottom segment of the column, using the 

bottom n-butyl mole fraction model developed for the optimization, it was discovered that a 

mole fraction 0.99 of n-butyl acetate could also be obtained. 
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In order to know how well the optimization was, the optimum values obtained from the 

theoretical optimizations were used to run the experimental simulations and the results 

obtained are as shown in Figures 4 and 5 in form of composition profiles.  

 

 
Fig.4: Liquid mole fractions of the components obtained from top methanol optimization 

 

Shown in Figure 4 are the mole fractions profiles of the components obtained at the top 

segment of the column when the optimum values of the manipulated variables obtained from 

the optimization of the top methanol mole fraction model were used to run the experimental 

simulation. As can be seen from the figure, as predicted from the optimization, the 

component with the highest mole fraction of approximately 0.98 at the top segment of the 

column was found to be methanol. This experimental simulation result was discovered to be 

in good agreement with the result of the theoretical optimization carried out for the top 

methanol mole fraction. 

 

 
Fig.5: Liquid mole fractions of the components obtained from bottom n-butyl acetate 

optimization 
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Seen in Figure 5 are the profiles obtained when the optimum values of the manipulated 

variables given by the bottom n-butyl mole fraction model were used to run the experimental 

simulation. As can be observed from the figure, the mole fraction of the n-butyl acetate 

present at the bottom segment of the column was found to be approximately 1. This value 

was found to compare very well with the value (0.99) given by the Excel Solver optimization. 

 

 

CONCLUSIONS  

The good results obtained from the simulations of the model equations developed for the top 

methanol mole fraction and the bottom n-butyl acetate mole fraction using Design Expert 

have revealed that the developed models represented the behaviors of the mole fractions very 

well because the values of the squares of their correlation coefficients were 0.9852 and 

0.9388 respectively for the top methanol and the bottom n-butyl mole fractions. Furthermore, 

when the obtained optimum reflux ratio and reboiler duty of 1.50 and 0.40 kJ/s respectively 

for the top methanol mole fraction and 1.50 and 1.85 kJ/s respectively for the bottom n-butyl 

acetate mole fraction were used to run the experimental simulations, the achievements of the 

approximate optimum values of the objective functions predicted by the theoretical 

optimization carried out using Excel Solver showed that the optimum results that were 

obtained were valid. 

 

 

NOMENCLATURES 

A n-Butanol component 

B Methyl acetate component 

b Model coefficient 

C n-Butyl acetate component 

CA Molar concentration of component A (mol/L) 

CB Molar concentration of component B (mol/L) 

CC Molar concentration of component C (mol/L) 

CD Molar concentration of component D (mol/L) 

D Methanol component 

DoE Design of Experments 

k Number of parameters 

Keq Equilibrium constant 

r Reaction rate (mol/L min gcat) 

R Universal gas constant (J/mol K) 

RSM Response Surface Methodology 

T Temperature (K) 

x Dimensionless value of an independent variable 

X Real value 

Ymp Top methanol mole fraction predicted value 

Ynbp Bottom n-butyl acetate mole fraction predicted value 

α The value that determines the location of the star points in central composite design 
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