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Enhancing the performance of existing distillation columns has received considerable attention from the chemical
process industry; however, success depends strongly on the optimization step. The authors propose a practical method
employing a particle swarm optimization (PSO) methodology for optimal retrofitting of existing distillation columns.
The PSO algorithm allows a problem with multiple potential solutions to be solved by moving the particles around the
search space via simple PSO methodology formulations. MATLAB was used to implement the algorithm and was then
connected to an HYSYS model. Two industrial cases were examined in distillation retrofit optimization of the separation
sequence for zeotropic and azeotropic mixtures to evaluate the efficiency of the PSO methodology. The results show that
the methodology is competitive with conventional optimization techniques such as the response surface methodology,
coordinate descent methodology, and genetic algorithm. Not only the structural variables but also the operating variables are simply and effectively optimized. Notably, the operating cost savings were calculated as 34.2% and 12.8% for
ethylene dichloride purification and acetone–methanol separation processes, respectively. Furthermore, the reduction
of carbon dioxide emission was investigated after retrofitting distillation sequences.

Introduction
Most industrial chemists are involved in separating
the components of large quantities of chemical mixtures
into pure or purer forms, which accounts for 10–15% of
the world’s energy consumption (Sholl and Lively, 2016).
Among many separation technologies, distillation plays the
most important role in chemical process industries (Hewitt
et al., 1999). However, a major disadvantage of distillation processes is their low eﬃciency (Long and Lee, 2012;
Halvorsen et al., 2013). There is also a need to increase the
production capacity. Furthermore, improving the energy efficiency in this process can be beneficial for carbon dioxide
(CO2) mitigation (Kansha et al., 2010).
Motivated by the substantial energy consumption of distillation process, various solutions for distillation retrofitting
have been proposed and developed. The process modification technologies include replacing the internals of the existing column with a high-performance one (Summers et al.,
1995; Schultes, 2003; Long and Lee, 2017a), changing the
operating pressure (Long and Lee, 2014), changing the feed
thermal conditions (Demirel, 2006), adding a side condensReceived on June 5, 2018; accepted on July 22, 2018
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er (Demirel, 2006) or side reboiler (Long and Lee, 2013a),
and rearranging the process sequence (Amminudin and
Smith, 2001). Furthermore, technologies in process integration, such as heat-pump-assisted distillation (Long et al.,
2016), self-heat recuperation technology (Long and Lee,
2017a), and multi-eﬀect distillation (Long and Lee, 2014),
are expected to bring significant improvement. Additionally,
process intensification techniques, such as dividing wall columns (DWCs) (Figure 1(a)) (Kolbe and Wenzel, 2004; Long
et al., 2010) and thermally coupled distillation sequences
(Long and Lee, 2011, 2013c), are promising solutions to
reduce the operating cost and/or enhance the production
capacity. Recently, hybrid membrane distillation sequences
(Motelica et al., 2012; Long and Lee, 2017b) have been proposed to improve the performance of the existing process.
The realization of those improvements is mainly dependent on the optimization, which is essential for distillation
retrofitting. Several optimization methodologies have been
proposed for distillation retrofit projects. One simple methodology involves the optimization of only one variable at a
time while the other variables are kept constant (Premkumar
and Rangaiah, 2009). However, this approach does not allow
interactions between variables to be identified or quantified.
To overcome this drawback, the response surface methodology (RSM), which relies on statistical principles, was developed to optimize the structure of the DWC in retrofitting
side-stream columns (SSCs) (Long and Lee, 2013b), as well
as the thermally coupled extractive distillation sequence with
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problem that has multiple potential solutions by moving the
particles around the search space via simple PSO formulations. The position of each particle is adjusted according to
its experience and that of the most successful particle of the
entire swarm (Wu et al., 2011), consisting of both stochastic
and deterministic components. This algorithm should move
the swarm toward the best solutions. Compared with the
GA, the advantages of PSO are that it is easy to implement
and there are few parameters to adjust. Thus, the computational eﬀort required to obtain high-quality solutions via
PSO is less than the eﬀort required to obtain the same highquality solutions via the GA.
In this paper, we propose a simple and eﬃcient practical
approach for optimization in distillation retrofitting using
PSO. The proposed methodology was implemented in a
MATLAB environment connected to an HYSYS model. Two
industrial cases—the separation of zeotropic and azeotropic
mixtures—were tested to demonstrate the application of
PSO for optimal distillation retrofitting. The results show
that the PSO is competitive with the RSM, CDM, and GA,
which are well proven in chemical process optimization. Not
only the structural variables but also the operating variables
are simply and eﬀectively optimized.

1. Proposed Optimization Methodology
Fig. 1 Simplified flow sheet illustrating the (a) DWC and (b) TCEDSSR

a side rectifier (TCEDS-SR), shown in Figure 1(b), in retrofitting of extractive distillation (Long and Lee, 2013c).
The coordinate decent methodology (CDM) solves optimization problems by sequentially performing approximate
minimization along coordinate directions (Wright, 2015). It
corresponds to an iterative method in which each iteration
is performed by setting most of the components of the variable vector x at their values from the current iteration and
approximately minimizing the objective with respect to the
remaining components. The main advantages of the CDM
include the simplicity of each iteration, simple implementation, and high eﬃciency. Recently, it was utilized to maximize the performance in retrofitting a natural-gas liquid
fractionation process (Long et al., 2016).
The genetic algorithm (GA)—an eﬀective stochastic optimization method based on natural selection and evolution—has been used to find the optimal structure of
DWCs (Gómez-Castro et al., 2011; Ge et al., 2014). The
algorithm evolves a group of solutions (initial population)
during a certain number of iterations (generations) using
three basic operators: selection, crossover, and mutation
(Gómez-Castro et al., 2011). The drawback of the GA is
its expensive computational cost (Hassan et al., 2005). The
particle swarm optimization (PSO) algorithm is another
population-based stochastic optimization technique (Kennedy and Eberhart, 1995) inspired by the social behavior of
bird flocking, fish schooling, and swarming theory (Blum
and Li, 2008). By using the PSO algorithm, we can solve a
334

The DWC optimization is a complex and challenging
process owing to the presence of several variables, including both structural and operating variables, and their interaction. Novel and alternative optimization approaches
are needed in many applications when the problems are
complex and nonlinear (Yang and He, 2015). Recent developments of DWC optimization methods can be mainly
divided into deterministic and stochastic approaches. Deterministic approaches (e.g., linear programming, nonlinear
programming, and mixed-integer nonlinear programming)
take advantage of the analytical properties of the problem to
generate a sequence of points that converge to a global optimal solution (Lin et al., 2012). However, these approaches
do not involve randomness in the development of future
states of the system. Thus, a deterministic model will always yield the same output from a given starting condition
or initial state. Furthermore, important diﬃculties arise in
the implementation of this approach owing to the modular
architecture of the process simulators, in which the diﬀerent blocks (processing units) are user-supplied “black box”
models. Additionally, there usually is no access to the original code, and derivative information is not available either
(Javaloyes-Antón et al., 2013).
To overcome the main diﬃculties that arise in the deterministic approaches, derivative-free algorithms can be considered (Javaloyes-Antón et al., 2013). Many derivative-free
search algorithms are population-based procedures, where
an individual represents a particular solution to the optimization problem and a population is a set of individuals
competing with each other regarding their objective function values (Javaloyes-Antón et al., 2013). Because these alJournal of Chemical Engineering of Japan

gorithms do not require gradient information, it is possible
to treat the objective function as a black box. This black-box
evaluation can be performed using any simulation software
if an interface between the process simulator and the optimizer is provided.
Most real-world problems are multimodal, and global
optima are generally extremely diﬃcult to obtain. Many
successful methods in global optimization are based on
stochastic components, as they allow one to escape from
local optima and overcome premature stagnation (Kramer et al., 2011). Stochastic methods oﬀer a probabilistic
guarantee of locating the global solution: their convergence
theory usually states that the global minimum will be identified in an infinite time with a probability of 1 (Kvasov and
Mukhametzhanov, 2018). Assuming exact computations and
an arbitrarily long run time, deterministic methods ensure
that after a finite time, an approximation of a global minimizer will be found (within prescribed tolerances). Furthermore, stochastic approaches reduce the computational time
of solving an optimization problem and have been found to
be more flexible and eﬃcient than deterministic approaches
(Lin et al., 2012). Recently, nature-inspired metaheuristic
algorithms, especially those based on swarm intelligence,
have become popular and are widely used because of their
simplicity and eﬀectiveness (Zhang et al., 2015). Among
the many swarm-intelligence-based algorithms, PSO has
received considerable attention and is popular.
The optimization problems related to distillation retrofitting drive a highly nonlinear model with heavy interactions
among the design variables. For solving these problems,
derivative-free optimization methods, such as PSO, provide
a suitable approach. Figure 2 shows a flowchart illustrating
the PSO algorithm used in this study and the connection between HYSYS and MATLAB. The PSO methodology starts

by initializing a population of p particles with random positions and velocities within an initial d-dimensional search
space. Each particle, whose particular position is xi, moves
with a velocity vi. The fitness of each particle is evaluated. A
new current best position xpbest is updated for particle i when
this particle detects a location that is better than any previously found location (Yang, 2010). In addition, a current
global best position xgbest for all particles exists at any time
t during the iterations. Each particle then moves toward the
position of the current global best xgbest and its own best location xpbest in the history, while at the same time it tends to
move randomly. The new velocity vector is estimated using
the following equation (Yang, 2010):

vit+1 = wvit + c1r1(x pbest − xit ) + c2r2 (x gbest − xit )

(1)

where w is an inertia weight controlling the influence of the
previous velocity vit on the new velocity vit+1; r1 and r2 are
uniform random numbers between 0 and 1; and c1 and c2
are two positive constants. c1 is called the cognitive parameter, which represents the weight of the statistical acceleration term for each particle moving to its own best position.
c2 is called the social parameter, which represents the weight
of the statistical acceleration term for each particle moving
to the best position of the group. If c1 and c2 are small, the
particles may oscillate in a region far from the target area,
and the convergence speed is low. If c1 and c2 are large, the
particles can move toward the target area quickly. Therefore,
the convergence speed is high, but the particles do not make
it easy to find the optimal solution, owing to the limited
search area (Kennedy and Eberhart, 1997).
The new position can then be determined:

xit+1 = xit + vit+1

(2)

where vit+1 is the pseudo-velocity representing the position
change rate of particle i.
The PSO is implemented in MATLAB and linked with
the HYSYS model. Through MATLAB code, MATLAB can
obtain the value of variables from HYSYS and then run the
PSO procedure before sending variable information back
to HYSYS. HYSYS then automatically runs the simulation
according to the information sent from MATLAB. This procedure is continued and iterated until the optimum point is
reached. The basis of the comparison of the design configurations is the reboiler duty.

2. Case Studies
Two case studies are presented to illustrate the proposed
methodology.

Fig. 2
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PSO algorithm

2.1 Case 1—Vinyl chloride monomer (VCM) purification
process
2.1.1 Process description SSCs are widely used and a
promising solution for the separation of ternary mixtures
(Long et al., 2015). They are generally employed when a
trace amount of an intermediate component must be removed, when the fraction of the intermediate component
335

Fig. 3
Table 1

Simplified flow sheet illustrating the (a) existing SSC and (b) retrofitted DWC
Table 2 Column hydraulics, energy performance, and product specifications of the existing SSC

Feed conditions for the EDC case
Feed conditions

Component
Ethylene
Carbon tetrachloride
1,1-Dichloroethane
1,2-Dichloroethane
Trichloroethylene
1,1,2-Trichloroethane
3,4-Dichloro-1-butene
Temperature [°C]
Pressure [bar]
Mass flow [kg/h]

Liquid stream
[mol%]
0.06
0.28
0.29
98.74
0.25
0.06
0.32
80
1.8
67,636

Vapor stream
[mol%]
2.07
0.37
0.01
97.18
0.09
0.23
0.05
115
2.5
116,455

SSC
Number of trays
Tray type
Column diameter [m]
Number of flow paths
Tray spacing [mm]
Maximum flooding [%]
Condenser duty [kW]
Reboiler duty [kW]

45
Valve
3.8
1
609.6
84.5
20,980
11,381
Purity [mol%]

EDC

99.6

Table 3 Optimized variables, constraints, and objective details (Case 1)

is dominant in the feed, or when columns are used as prefractionators (Smith, 2005; Long et al., 2015). Nevertheless,
when a high-purity side product is required, the SSCs are
designed with significant energy requirements (Rooks et al.,
1996). Thus, many configurations have been proposed to enhance the performance of SSCs (Long et al., 2015).
Ethylene dichloride (EDC), which is mainly used to produce VCM, is a major chemical intermediate and belongs to
the group of chemicals with the highest annual production
rate (Al-Hajri and Chadwick, 2010). To purify EDC from
light and heavy impurities, the SSC presented in Figure 3(a)
is used (Long et al., 2015). The feed conditions are shown in
Table 1, and the existing SSC specifications are presented in
Table 2. Owing to high energy requirement in this column,
improvement of the energy eﬃciency is required.
2.1.2 Proposed configuration One solution to retrofit
SSCs is to replace existing trays and install a new dividing
wall to implement DWCs. The initial structure and operating conditions of the retrofitted DWCs were obtained using
a shortcut method. Then, the rigorous simulation of the
DWC was performed using Aspen HYSYS before the main
design variables were optimized via the PSO methodology.
The PSO was implemented in MATLAB and linked to the
HYSYS model to investigate the optimal operating cost.
To examine the preliminary ranges of each variable
336

Decision
variables

Lower
bounds

Higher
bounds

N1

7

11

N2

25

29

12
9
72,000
22,000

16
13
74,000
24,000

N3
N4
FV [kg/h]
FL [kg/h]
Table 4

Constrained
values

Optimization
objective

EDC purity is
99.6 mol%
EDC recovery is
85.1%

Reboiler duty
minimization

PSO parameters used to set the optimization framework
Parameter

Max. Iterations
Number of particles
Personal learning coeﬃcient (c1)
Global learning coeﬃcient (c2)
Inertia weight (w)

Value
1,000
30
1.5
2.0
1.0

(shown in Table 3), single-factor testing was implemented.
Table 4 shows the PSO parameters used to set the optimization framework. The reboiler duty of the retrofitted DWC
was considered as the objective to minimize, and an EDC
purity of 99.6 mol% and EDC recovery of 85.1% were the
constraints. Figure 4 shows the convergence of the minimiJournal of Chemical Engineering of Japan

zation procedure of PSO, indicating that the reboiler duty
decreased substantially in the first 200 iterations. It decreased slightly when the iteration number was 200–550 and
then remained at the lowest value. Because the problems
related to DWC optimization are complex and nonlinear,
the optimization curve is not smooth and sometimes has a
sudden drop, as shown in Figure 4. After the PSO was performed, the minimal reboiler duty of 7,406 kW was determined, as shown in Figure 3(b). This reduces the operating
costs by 34.2% compared with the current SSC.
A GA relying on bio-inspired operators, such as mutation, crossover, and selection, was also used to optimize the
structure of the DWC (Gómez-Castro et al., 2011; Ge et al.,
2014). The GA algorithm was implemented in MATLAB
and was connected to Aspen HYSYS. The result shows that
the operating costs can be reduced by 33.4%. A minimum
reboiler duty of 7,530 and 7,627 kW is achieved by using
the CDM (Long et al., 2018) and RSM (Long et al., 2015),
respectively, for DWC optimization, as shown in Table 5.
These results indicate that PSO achieves better results than
the GA, CDM, and RSM.
The relative payback period, which is defined as the time
needed to recover the increased investment compared with
the investment in the base case, was estimated as three
months (shown in Table 5) owing to the large reduction in
operating costs. Furthermore, the optimized design leads
to a better distribution of the vapor flow, which requires
smaller diameters. Therefore, a 10% increase in the capacity
can be achieved by the retrofitted DWC. The reduction in
CO2 emissions (34.6%), which is related to the lower energy

Fig. 4

Iteration process of the PSO in Case 1
Table 5

Condenser duty [kW]
Reboiler duty [kW]
Saving in the condenser [%]
Saving in the reboiler [%]
Operating cost saving [%]
Investment costs [USD]
Saving costs/year [USD]
Payback period [month]
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requirement, is another key advantage regarding the retrofitting of the SSC to the DWC.
2.2 Case 2—Acetone–methanol separation process
2.2.1 Process description Acetone and methanol are
widely employed as solvents in the pharmaceutical and fine
industries (Gil et al., 2009; Fulgueras et al., 2016). Because
a minimum-boiling point azeotrope exists in the acetone–
methanol mixture, as shown in Figure 5, their mixture cannot be separated into pure components using a conventional
distillation column and is normally considered as waste
(Fulgueras et al., 2016).
Extractive distillation is a promising solution for separating this azeotropic mixture. The eﬀectiveness of the separation in the extractive column is mainly influenced by the

Fig. 5

Txy diagram for acetone–methanol at 1.01 bar

Fig. 6 Simplified flow sheet illustrating the existing extractive distillation sequence

Summary of relative performance for various optimization methodologies (Case 1)
Base case

RSM

CDM

GA

PSO

20,980
11,381
—
—
—
—

17,145
7,627
18.3
33.0
32.3
478,288
1,592,587
3.6

17,017
7,530
18.9
33.8
33.1
422,570
1,634,056
3.1

16,965
7,495
19.1
34.1
33.4
394,683
1,649,083
2.9

16,924
7,406
19.3
34.9
34.2
422,570
1,686,291
3.0

—

337

Table 6 Optimized variables, constraints, and objective details (Case 2)
Decision
variables

Lower
bounds

Optimization
Higher
Constrained values
objective
bounds

N1

5

9

N2

13

17

28
14,000

34
14,500

N3
FV [kg/h]

Acetone purity is
99.5 mol%
Methanol purity is
99.5 mol%

Reboiler duty
minimization

Fig. 8

Fig. 7

Iteration process of the (a) GA and (b) PSO

selection of the extractive solvent, which can improve the
relative volatility of the components (Gil et al., 2009). Many
studies on the vapor–liquid equilibrium of the acetone–
methanol system have been performed, revealing that water
is a suitable solvent for extractive distillation (Verhoeve and
De Schepper, 1973; Iglesias et al., 1999). Figure 6 shows the
existing extractive distillation process, which employs one
extractive column and another for solvent recycling. The
optimal design of this sequence involves a 57-tray extractive
column and a 26-tray methanol column (Luyben, 2008; Luyben and Chien, 2010).
2.2.2 Proposed configuration Because of large energy
requirement in the extractive distillation sequence, two columns are rearranged to form the TCEDS-SR. The TCEDSSR sequence was implemented by a thermal link in the
vapor phase, which can eliminate the reboiler in the metha338

Simplified flow sheet illustrating the retrofitted TCEDS-SR

nol column. To minimize the modifications in retrofitting
an existing extractive distillation sequence, the number of
trays of the two columns was kept constant. After the initial
design of the TCEDS-SR configuration, the main design
variables listed in Table 6 were optimized. An optimization tool that combines the advantages of using a process
simulator (Aspen Hysys) with the benefits of the PSO metaheuristic algorithm, which was implemented in MATLAB
code, was used to optimize the TCEDS-SR configuration. To
show the advantage of PSO, a GA, which is similar to PSO
in the sense that the search for the optimal objective function value is driven by the application of population-based
operators in each generation or iteration, was implemented.
Figure 7 shows the convergence of the minimization procedure of the GA and PSO, indicating that PSO is faster and
requires less iterations than the GA. This is because PSO
involves the adjustment of fewer parameters than the GA.
Furthermore, it is easy to implement.
After the optimization procedure, the optimal TCEDSSR shown in Figure 8 was obtained with a reboiler duty of
16,693 kW. This result is better than those obtained using the
GA (17,105 kW), CDM (16,855 kW), and RSM (16,855 kW)
(Long and Lee, 2013c). As shown in Table 7, a considerable
reduction (12.8%) in the reboiler duty was obtained. As
shown in Figure 9(a), a pinch zone, where there is a small
change of the compositions of acetone and methanol, occurs
from the 10th tray to the 18th tray in the existing extractive
column. This pinch zone disappears in the retrofitted extractive column, as shown in Figure 9(b), which indicates that
the separation of methanol and acetone is more eﬃcient.
The pinch zone also appears from the 9th stage to the 12th
stage for both the water and methanol composition profiles,
which was eliminated in the retrofitted methanol column
(Figure 10). The decrease in CO2 emissions is another benefit in retrofitting an existing extractive distillation sequence
to the TCEDS-SR. In particular, the CO2 emissions can be
reduced by up to 12.6% after retrofitting the acetone–methanol separation processes.
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Table 7

Condenser duty [kW]
Reboiler duty [kW]
Saving in the condenser [%]
Saving in the reboiler [%]
Operating cost saving [%]

Summary of relative performance for various optimization methodologies (Case 2)
Base case

RSM

CDM

GA

PSO

17,661
19,134
—
—
—

15,381
16,855
12.9
11.9
11.9

15,381
16,855
12.9
11.9
11.9

15,641
17,105
11.4
10.6
10.6

15,234
16,693
13.7
12.8
12.8

Fig. 9 Composition proﬁles of the (a) existing extractive column and
(b) retrofitted extractive column

Conclusions
We proposed a PSO methodology for eﬃcient optimization of distillation retrofitting, which is a nonlinear and
multivariable problem involving both continuous and integer variables. The applicability of PSO in distillation retrofitting was successfully investigated and evaluated via two
popular configurations using the DWC and TCEDS-SR
techniques. The results show that the PSO methodology is
a promising and attractive solution for the optimization step
in distillation retrofitting. The operating cost savings were
calculated to be 34.2% and 12.8% for EDC purification and
acetone–methanol separation processes, respectively. The
results also indicate that PSO is competitive with proven
optimization methodologies, such as the RSM, CDM, and
GA. In addition, this optimization methodology is suitable
for industrial use because it is eﬀective and simple to implement.
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Fig. 10 Composition proﬁles of the (a) existing methanol column
and (b) retrofitted methanol column
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Appendix

A. Cost correlations
a. Capital cost: Guthrie’s modular method was employed
(Biegler et al., 1997). In this study, the Chemical Engineering Plant Cost Index of 556.8 (2015) was used for cost updating.

Updated bare module cost (BMC)
= UF × BC × (MPF + MF − 1)

(A1)
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TFTB (°C) and Tstack (°C) are the flame and stack temperatures, respectively.

Here, UF is the update factor :
UF=

present costindex
basecostindex

(A2)

MPF is the material and pressure factor. MF is the module
factor (a typical value), which is aﬀected by the base cost. D,
L, and S are the diameter, length, and area, respectively.

BC is bare cost, for vessels :
α

 L   D 
BC = BC0 × 
 ×

 L0   D0 

β

(A3)

Updated bare module cost for tray stack (BMC)
(A4)

= UF × BC × MPF

b. Cost of modification
= Cost of new hardware
× modification factor (Smith, 2005)

(A5)

In this study, the modification factors for the removal of
trays to install new trays, the installation of new trays, and
the installation of a new dividing wall were 0.1, 1.4, and 1.4,
respectively.

c. Cost saving = Energy cost saving − modification cost
(A6)

d. Payback period = cost of project / saving per year
(A7)

B. Estimation of CO2 emission (Gadalla et al., 2005)
In the combustion of fuels, air is assumed to be in excess
to ensure complete combustion, so that no carbon monoxide is formed. The amount of CO2 emitted—[CO2]Emissions
[kg/s]—is related to the amount of fuel burnt, QFuel [kW], in
the heating device, as follows:

 QFuel  C %
CO2  Emissions = 

 NHV  100


α


(A8)

where α (=3.67) is the ratio of the molar masses of CO2
and C, and NHV, which is equal to 47,141 kJ/kg, represents
the net heating value of natural gas with a carbon content of
75%.
The amount of fuel burnt can be calculated using the following equation:

QFuel =

QProc
T T
(h  419) FTB o
λProc Proc
TFTB  Tstack

(A9)

where λProc [kJ/kg] and hProc [kJ/kg] are the latent heat and
enthalpy of steam delivered to the process, respectively, and
340
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