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A B S T R A C T

Common optimization methods for enhanced distillation include sequential iteration methods and
metaheuristic algorithms, which typically face tedious computation and are easily trapped into local
minimum. Therefore, it is essential to develop a strategy that enables simultaneous evaluation of
multiple solutions. In this paper, a global optimization framework integrating MATLAB and Aspen Plus
for liquid-only extractive dividing wall column (LEDWC) and conventional extractive distillation (CED)
systems is proposed to enhance both computational efficiency and search robustness. All possible
combinations of key variables, including distillate and entrainer flow rates, feed stage, and total stage
numbers, etc.—are considered systematically. They are arranged in full permutation within a sufficiently
wide range. The permutation is then divided into multiple matrices by MATLAB. They are sequentially
input into sensitivity analysis module in Aspen Plus through communication with MATLAB. Each group
of integrated variables which satisfies the given constraints is used for the total annual cost (TAC)
calculation. The mixture of ethanol (EtOH) and water, which can form a minimum boiling azeotrope
(89.6% (mol) EtOH) at 100 kPa, is taken as a study system. Five different feed mixtures are taken for
comprehensive analysis. The TAC profiles as a function of the total number of stages for the left column
(NCL) in the LEDWC clearly indicate that the proposed strategy successfully identified multiple local
minima, demonstrating its capability to detect and escape suboptimal regions in highly nonlinear
systems. The existence of local minima can be attributed to the coupling interaction between structural
and process variables, as well as the influence of flow characteristics within the column. This work
indicates that as NCL increases, there is a competitive effect between the decrease in reflux ratio for the
left column (RRCL) and the increase in reboiler temperature, leading to fluctuations in energy con-
sumption; while changes in the distillation flow rate for the left column cause nonlinear changes in RRCL
and the liquid flow rate between the left and right columns, further promoting the emergence of
multiple local minima during the TAC optimization process. Additionally, analysis of the flow charac-
teristics within the column revealed that the back-mixing phenomenon commonly observed in CED is
absent in LEDWC, suggesting that back-mixing may be an important factor contributing to the more
frequent occurrence of local optima.
© 2025 The Chemical Industry and Engineering Society of China, and Chemical Industry Press Co., Ltd.
All rights are reserved, including those for text and data mining, AI training, and similar technologies.

1. Introduction

The optimal design of enhanced distillation columns involves
multiple manipulated variables [1], resulting in a nonlinear pro-
gramming problem [2,3]. There are two major strategies, which
are the sequential iteration methods and meta-heuristic algo-
rithms [4—6]. The former optimizes variables consecutively with
some parameters being fixed, which neglect the other options, in

order to enhance computational efficiency. Cui et al. [7] manipu-
lated product purities through reflux ratios with fixed distillate
flow rates utilizing sequential iteration method. It didn't consider
the effects of distillate flow rates. Li et al. [8] incorporated distillate
flow rates into consideration. However, the extractive distillation
column (EDC) was optimized under the fixed conditions of
entrainer recovery column (ERC) in this process. As sequential
iteration simplifies the process by optimizing variables in a fixed
order, it is limited by its inability to explore the entire feasible
domain, often leading to suboptimal solutions.

In contrast, meta-heuristic algorithms can be more effective in
achieving optimal solutions. Liu et al. [9] incorporated chaotic
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sequences into differential evolutionary algorithms to generate
ergodic variables, thereby enhancing optimization efficiency and
reducing the likelihood of local solutions. Compared to the con-
ventional differential evolution algorithm, the improved algorithm
avoids prolonged stagnation during optimization, indicating a
stronger capability to escape local optima. He et al. [10] provided a
novel optimization approach based on the NSGA-II algorithm, a
multi-objective method that simultaneously optimizes total
annual cost (TAC), carbon emissions, and thermodynamic effi-
ciency. The purpose of this approach is to prevent the optimization
from converging to local optima. It is achieved through
population-based search, non-dominated sorting, and crowding
distance mechanisms, which enhance global exploration and
maintain solution diversity as well. Ma et al. [11] introduced a
hybrid approach that integrates equation-oriented methods with
genetic algorithms for the optimization of dividing wall column
(DWC) systems. The convergence is improved by permitting larger
simulation tolerances when divergence occurs under stricter set-
tings. It reduced TAC by more than 10% compared to sequential
iteration methods.

However, the monolithic structure of these meta-heuristic al-
gorithms still imposes limitations on flexibility and adaptability,
particularly when addressing large-scale, strongly coupled opti-
mization problems. To address the limitations of conventional
monolithic algorithm structures, recent research has increasingly
focused on modular optimization frameworks. Ramírez et al. [12]
provided flexible, component-based structure that facilitates the
embedding of diverse objective functions and evolutionary stra-
tegies, offering improved adaptability for multi-objective chemical
process optimization tasks. Cai et al. [13] proposed a cooperative
metaheuristic algorithm based on heterosis theory, which in-
corporates a subpopulation structure and a
search—escape—synchronize module. This modular strategy en-
hances both global exploration and local exploitation capabilities,
significantly reducing the risk of premature convergence. Simi-
larly, Beck et al. [14] developed the Paddy evolutionary algorithm,
in which biologically inspired modules (seeding, selection, and
sowing) collectively guide the search process. The modular design
improves population diversity and convergence stability while
avoiding direct dependence on the objective function during early
search stages. These studies highlight the advantages of modular
strategy integration in enhancing search robustness, promoting
candidate diversity, and accelerating convergence.

Currently, most meta-heuristic algorithms for distillation col-
umns still rely on a systematic, point-by-point evaluation of each
solution within the entire search space [9]. This results in signifi-
cantly increased computational costs when dealing with highly
coupled variables or large-scale design problems [15,16]. There-
fore, it is necessary to develop optimization modules capable of
simultaneously evaluating multiple candidate solutions and inte-
grating seamlessly with meta-heuristic algorithms.

In this study, a novel modular optimization strategy that can be
integrated into broader algorithmic frameworks. Is proposed to
enhance the efficiency of distillation column design and overcome
the limitations associated with local minimum in highly nonlinear
systems. A systematic analysis of various combinations of key
decision variables is performed through integrated communica-
tion between MATLAB and Aspen Plus, enabling efficient global
exploration of the design space. In addition, the influence of var-
iable coupling on local minima is investigated. To validate the
effectiveness of the proposed optimization strategy, the liquid-
only extractive dividing-wall column (LEDWC) is selected as the
case study. The strategy is also applied to the conventional
extractive distillation (CED), and the occurrence of local minima is
comparatively analyzed for both configurations.

Fig. 1. Schematic diagram of LEDWC.

Fig. 2. The equivalent model of LEDWC.

Fig. 3. Schematic diagram of CED.

Table 1
The price of heat steam.

Steam
pressure/Pa

Latent heat of
vaporization/kJ·kg- 1

Price/USD·GJ- 1 Temperature/K

2.5 × 105 2147.26 7.11 412.14
6.4 × 105 2057.85 7.51 440.43
2.3 × 106 1849.46 8.47 494.98
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Table 2
The specific ranges for each variable in LEDWC.

EtOH/water molar ratio 10/90 30/70 50/50 70/30 90/10

NCL Lower bound 18 18 18 18 18
Upper bound 65 65 65 65 65

NCR Lower bound 8 8 8 8 8
Upper bound 40 40 40 40 40

NF-E-CL Lower bound 2 2 2 2 2
Upper bound 10 10 10 10 10

NF-CL Lower bound NF-E-CL+1 NF-E-CL+1 NF-E-CL+1 NF-E-CL+1 NF-E-CL+1
Upper bound NCL—2 NCL—2 NCL—2 NCL—2 NCL—2

NF-L-CL Lower bound NF-CL+1 NF-CL+1 NF-CL+1 NF-CL+1 NF-CL+1
Upper bound NCL—1 NCL—1 NCL—1 NCL—1 NCL—1

NF-CR Lower bound 2 2 2 2 2
Upper bound NCR—1 NCR—1 NCR—1 NCR—1 NCR—1

DCL/kmol·h- 1 Lower bound 9 29 49 69 89
Upper bound 11 31 51 71 91

FS-LEDWC/kmol·h- 1 Lower bound 5 10 15 20 30
Upper bound 20 25 40 55 70

DCR/kmol·h- 1 Lower bound 89 69 49 29 9
Upper bound 91 71 51 31 11

DL/kmol·h- 1 Lower bound 100 × (1-molar ratio) 100 × (1— molar ratio) 100 × (1— molar ratio) 100 × (1— molar ratio) 100 × (1— molar ratio)
Upper bound 100+ FS-LEDWC—DCL 100+ FS-LEDWC—DCL 100+ FS-LEDWC—DCL 100+ FS-LEDWC—DCL 100+ FS-LEDWC—DCL

Table 3
The specific ranges for each variable in CED.

EtOH/water molar ratio 10/90 30/70 50/50 70/30 90/10

NEDC Lower bound 18 18 18 18 18
Upper bound 65 65 65 65 65

NERC Lower bound 8 8 8 8 8
Upper bound 40 40 40 40 40

NF-E-EDC Lower bound 2 2 2 2 2
Upper bound 10 10 10 10 10

NF-EDC Lower bound NF-E-EDC+1 NF-E-EDC+1 NF-E-EDC+1 NF-E-EDC+1 NF-E-EDC+1
Upper bound NEDC—2 NEDC—2 NEDC—2 NEDC—2 NEDC—2

NF-ERC Lower bound 2 2 2 2 2
Upper bound NERC—1 NERC—1 NERC—1 NERC—1 NERC—1

DEDC/kmol·h- 1 Lower bound 9 29 49 69 89
Upper bound 11 31 51 71 91

DERC/kmol·h- 1 Lower bound 89 69 49 29 9
Upper bound 91 71 51 31 11

FS-CED/kmol·h- 1 Lower bound 5 10 15 20 30
Upper bound 20 25 40 55 70

Fig. 4. The global optimization framework.
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2. Simulation

The separation of the ethanol (EtOH)—water mixture, which
forms a minimum-boiling azeotrope at 100 kPa with an EtOH
concentration of 89.6% (mol), is taken as the study case in this
paper. Ethylene glycol (EG) is selected as the entrainer for the

extractive distillation (ED) process [17—19]. The physical proper-
ties of the mixture are provided in Table S1 (in Supplementary
Material) [20—22]. Steady-state simulations are carried out using
Aspen Plus V11 software.

The vapor—liquid equilibrium data are obtained from the lit-
eratures [23—25]. It is correlated using the non-random two-liquid

Fig. 5. The global optimizations for the TAC of LEDWC at different EtOH/water feed molar ratios: (a) = 10/90, (b) 30/70, (c) 50/50, (d) 70/30, and (e) 90/10.
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(NRTL) model. As shown in Fig. S1, the correlation and experi-
mental data can be matched well. Therefore, the NRTL equation is
taken for all the subsequent simulations.

2.1. LEDWC configuration

LEDWC has evolved from extractive dividing wall column
(EDWC), offering the advantages of energy saving over tradi-
tional extraction methods, as well as enhanced single-column
controllability compared to EDWC. Demonstrating strong en-
gineering feasibility and commercial potential, it is expected to
find broader application in the future. The LEDWC designed for
the separation of the azeotrope is illustrated in Fig. 1. A
vertically continuous partition wall divides the LEDWC into the
left column and right column, labeled CL and CR, respectively.
There is a liquid-only transfer stream between the CL and CR.
This stream divides the section below the EtOH—water
mixture feed location into two parts, effectively removing
water and a portion of EG early on, which are then directed to
CR for further separation. Ultimately, EtOH and water are
drawn as products at the top of the CL and CR, respectively,
while EG is recycled from the reboilers in both sections. The
LEDWC equivalent model is developed using the RadFrac
model in Aspen Plus, as shown in Fig. 2. Heat transfer through
the continuous partition wall is not considered in this model.

The pressures on each side of the LEDWC are left out of opti-
mization. The optimization for LEDWC involves six structural
variables and six process variables. The structural variables include
the total number of stages for CL and CR (NCL andNCR), the feed and
entrainer stages for CL (NF-CL and NF-E-CL), the liquid stream with-
drawal stage for CL (NF-L-CL) and feed stage for CR(NF-CR). Moreover,
the process variables are two reflux ratios for CL and CR (RRCL,
RRCR), the distillate flow rates for CL and CR (DCL, DCR), the liquid
stream flow rate between CL and CR (DL), and the feed flow rate of
the entrainer (FS-LEDWC).

2.2. CED configuration

CED typically involves two columns, consisting of the EDC and
ERC. The EDC primarily realizes the separation of components in the
feed, while the ERC deals with the recovery of the entrainer. In this
study, EG serves as the entrainer and is preheated before being
introduced into the stage near the top of the EDC. Concurrently, the
EtOH—water mixture is preheated and fed into the stage near the
bottom of the EDC. This configuration ensures the relative volatility
between the key components being adjusted along the whole col-
umn, thereby achieving effective separation, as illustrated in Fig. 3.

The optimization for CED involves five structural variables and
five process variables. The structural variables include the total
number of stages for EDC and ERC (NEDC and NERC), the feed and

entrainer stages for EDC (NF-EDC and NF-E-EDC), and feed stage for
ERC (NF-ERC). Additionally, the process variables comprise two
reflux ratios for EDC and ERC (RREDC and RRERC), two distillation
flow rates for EDC and ERC (DEDC and DERC), and the entrainer feed
flow rate (FS-CED).

2.3. Constraints and optimization objectives

In this study, the LEDWC and CED are operated at 100 kPa with
a stage pressure drop of 0.6868 kPa. Five EtOH—water feed com-
binations are considered. The corresponding molar ratios (EtOH/
water) are as follows: 10/90, 30/70, 50/50, 70/30 and 90/10. The
fresh feed and entrainer, maintained at 303.15 K, is preheated to
reach a saturated liquid state, with an overall flow rate of
100 kmol·h- 1. The recycled entrainer is cooled down to 303.15 K.
The purities of EtOH and water are set at 99.5% (mol) and the
purity of the recycled entrainer is at least 99.99% (mol). The TAC
minimization is taken as the objective function. It can be calcu-
lated by Eq. (1) [26]:

TAC = Operating cost+
Capital cost
Payback year

(1)

where the operating cost consists of heat steam and cooling water,
and the price of cooling water is 0.354 (USD·kW- 1·h- 1) [27], the
price of heat steam is determined by the Trouble Less Valve system
and listed in Table 1 [28]; the capital cost is estimated by the total
installment cost including column shells and trays, heat ex-
changers, etc. [29]; a payback period of 10 years is assumed, with
an operating time of 8000 h every year [30]. The detailed equa-
tions for calculating the operating and capital cost are presented in
the Supplementary Material.

2.4. Optimization procedure

To achieve global optimization, the optimization process is
based on the communication between MATLAB and Aspen
Plus. The reflux ratio is specified by the design specification
module to achieve control over product purity. For the other
variables, MATLAB generates multiple data matrices containing
different variable values within the specific ranges of the
variables. The variable specific ranges under different feed
conditions for LEDWC and CED are listed in Tables 2 and 3,
respectively.

The data matrices are sequentially transmitted to Aspen Plus
via an ActiveX server for sensitivity analysis. MATLAB monitors
Aspen Plus's operational status at 2-s intervals to check the
completion of computations and detect all the system-related
interruptions. Simulation results vectors that satisfy the con-
straints are selected from Aspen Plus, and then the TAC is

Table 4
The LEDWC optimized variables and corresponding TAC values at different feed molar ratios of EtOH/water.

10/90 30/70 50/50 70/30 90/10

NCL 32 52 52 48 43
NCR 21 21 15 18 12
NF-E-CL 4 4 4 4 4
NF-CL 19 42 42 35 33
NF-L-CL 27 47 47 43 41
NF-CR 5 3 8 6 4
DCL/kmol·h- 1 9.78 29.94 50.03 70.23 90.42
FS-LEDWC/kmol·h- 1 9.90 13.00 22.10 37.00 47.10
DCR/kmol·h- 1 90.40 70.21 50.00 29.80 9.60
DL/kmol·h- 1 98.00 80.20 69.90 61.10 55.00
TAC/USD·a- 1 488007 559093 634546 698340 742257
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calculated by MATLAB. The vector corresponding to the minimum
TAC is identified and recorded accordingly. The global optimiza-
tion process is shown in Fig. 4. To improve computational effi-
ciency, this study uses a multi-threading method for parallel
computing, with each thread assigned a fixed NCL or NEDC value for
optimization. The entire computation is performed on a 64-bit
Windows 10 operating system equipped with a 2.6 GHz AMD
EPYC 7Y43 48-core processor and 32.0 GB of RAM.

3. Results and Discussion

3.1. Optimization results

The optimization results for LEDWC are shown in Fig. 5, with
the specific optimized values for each variable listed in Table 4.
They all fall within the variable ranges specified, and no variables
reach their extreme values. Significant differences in TAC are

Fig. 6. The global optimizations for the TAC of CED at different EtOH/water feed molar ratios: (a) 10/90, (b) 30/70, (c) 50/50, (d) 70/30, and (e) 90/10.
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observed under different feed conditions, primarily due to the
increasing difficulty of separation. The curves overall exhibit a
trend of first decreasing and then increasing, indicating that there
is a minimum TAC value under each feed condition. For EtOH/
water feed molar ratios of 10/90, 30/70, 50/50, 70/30 and 90/10,
the corresponding minimum TAC values are 488007, 559093,
634546, 698340, and 742257 USD·a- 1, respectively. In addition, it
clearly identifies multiple local optima, indicating that the pro-
posed optimization module has good global search capabilities
and can effectively escape local optima to achieve better optimi-
zation results.

The optimization results for CED are shown in Fig. 6, with the
specific optimized values for all variables listed in Table 5. The
value results also show that no variables reach their extreme
values. The overall trend is similar to the optimization results for
LEDWC. For EtOH/water feed molar ratios of 10/90, 30/70, 50/50,
70/30 and 90/10, the corresponding minimum TAC values are
551823, 637197, 695667, 739048, and 754913 USD·a- 1,
respectively.

To further validate the feasibility of the global optimization
method proposed in this study, the same feed conditions as those
in the literature (EtOH/water feed molar ratios of 85/15) were
selected for optimization. During the optimization process,
consistent with the literature, no preheating treatment is applied
to the CED feed. The optimization results are shown in Fig. 7. The
literature employed a sequential iterative method, achieving a TAC
of 587394 USD·a- 1 [31], whereas the optimizationmethod used in
this study resulted in a TAC of 575951 USD·a- 1. This indicates that
the proposed strategy has stronger global search capabilities and
can effectively escape local optima.

3.2. Local minima analysis

This section analyzes the impact of selected structural and
process variables of the LEDWC on the occurrence of local minima.
The results for the CED system are mainly shown in the
Supplementary Material.

3.2.1. Structural variables
The effect of NCL on the performance of the LEDWC is analyzed

in this section. The variations in energy consumption, RRCL, and the
reboiler temperature of the CL during the optimization process are
illustrated in Fig. 8. The results indicate that energy consumption,
similarly to the TAC, fluctuates with changes in the number of
stages, exhibiting multiple local minima. As the number of NCL
increases, the RREDC tends to decrease, thereby reducing the en-
ergy consumption of reboiler. However, due to pressure drops
within the column and changes in the bottom composition during
the optimization, the reboiler temperature rises, which in turn
increases the energy consumption of reboiler. The interplay

between these opposite effects results in fluctuating energy con-
sumption of reboiler, characterized by multiple local minima, ul-
timately contributing to the presence of multiple local minima in
the TAC during the optimization.

3.2.2. Process variables
This section investigates the impact of DCL on LEDWC perfor-

mance. As DCL varies, RRCL is adjusted accordingly to meet product
purity requirements; simultaneously, DL is dynamically regulated
to ensure the convergence of the simulation process. The trends in
TAC, RRCL, and DL during the optimization process are illustrated in
Fig. 9. It can be observed that RRCL increases with the increase in
DCL, indicating that the energy consumption of CL also increases;
however, the changes in DL are irregular, suggesting that the en-
ergy consumption of CR exhibits fluctuating changes. Ultimately,
this instability in energy consumption leads to the appearance of
multiple local minima in TAC as DCL varies.

These observations not only reveal the underlying nonlinear
behavior contributing to local optima in TAC but also demonstrate
that the proposed strategy can capture such local minima, high-
lighting its effectiveness in escaping suboptimal regions and
improving global search reliability.

3.2.3. Back-mixing
From the curves of TAC and NCL, the local optimum value of

LEDWC is slightly lower than that of CED. To explore the reasons
behind this, this study further analyzes the effects of the two
structures, LEDWC and CED, on the flow behavior inside the
column.

Table 5
The CED optimized variables and corresponding TAC values at different feed molar ratios of EtOH/water.

10/90 30/70 50/50 70/30 90/10

NEDC 29 47 53 49 49
NERC 18 24 24 30 24
NF-E-EDC 3 6 5 4 5
NF-EDC 21 39 45 39 39
NF-ERC 6 9 6 9 3
DEDC/kmol·h- 1 9.81 29.91 50.01 70.35 90.45
DERC/kmol·h- 1 90.41 70.20 50.00 29.80 9.60
FS-CED/kmol·h- 1 8.00 15.00 23.00 35.00 46.00
TAC/USD·a- 1 551823 637197 695667 739048 754913

Fig. 7. The global optimization for the TAC of CED at feed molar ratio of EtOH/
water = 85/15.
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The composition profiles within the optimized CED are
illustrated in Figs. 10 and 11. Different components in EDC and
ERC exhibit different curves. For the EDC, above the NF-E, EtOH is
continuously withdrawn at the top of EDC; consequently, the
mole fraction of EtOH decreases gradually from the top of EDC
downward to the NF-E, while the mole fraction of water corre-
spondingly increases; at the NF-E, the introduction of EG causes a
sudden rise in the mole fraction of EG; between the NF-E and the

NF-EDC, both the mole fraction of EtOH and EG gradually
decrease, whereas the mole fraction of water continues to in-
crease; at the NF-EDC, the addition of fresh feed causes both the
mole fraction of EtOH and water to rise again; from the NF-EDC
toward the bottom of ERC, the mole fraction of EtOH initially
exhibits a minor peak and then declines at the bottom due to the
specification. The mole fraction of EG first decreases at the
bottom and subsequently increases, while the mole fraction of

Fig. 8. The total energy consumption, RRCL and the temperature of the reboiler in CL for the optimized LEDWC with varying NCL at different EtOH/water feed molar ratios: (a) 10/
90, (b) 30/70, (c) 50/50, (d) 70/30, and (e) 90/10.
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water initially rises and then decreases after reaching its peak.
These composition profiles indicate the presence of back-mixing
within the EDC. Finally, water, as the intermediate component,
exhibits back-mixing at stages 28, 46, 52, 47, and 47 under
different feed ratios, respectively. It may increase energy con-
sumption to achieve effective separation and potentially result
in the more local minimum.

The binary mixture composed of water and EG enters the
ERC, where water is withdrawn at the top of the ERC. The
mole fraction of water decreases smoothly along the column.
The inverse occurs for EG. It indicates that no back-mixing

phenomenon caused by concentration peaks occurs within
the ERC.

The optimized LEDWC concentration profiles are shown in
Figs. 12 and 13. In comparison with CED, no obvious concentra-
tion peaks appear in the distillation section of LEDWC. It indicates
that there is no back-mixing, which obviously contributes to
reducing the energy consumption. Meanwhile, since the compo-
sition along the column in LEDWC changes monotonously, the
coupling effects between variables weaken. It results in a
smoother curve of TAC variation with NCL and then reduces the
probability of encountering local optima.

Fig. 9. The TAC, RRCL and DL for the optimized LEDWC with varying DCL at different EtOH/water feed molar ratios: (a) 10/90, (b) 30/70, (c) 50/50, (d) 70/30, and (e) 90/10.
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Fig. 10. The concentration distributions for the EDC of the optimized CED at different EtOH/water feed molar ratios: (a) 10/90, (b) 30/70, (c) 50/50, (d) 70/30, and (e) 90/10.
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Fig. 11. The concentration distributions for the ERC of the optimized CED at different EtOH/water feed molar ratios: (a) 10/90, (b) 30/70, (c) 50/50, (d) 70/30, and (e) 90/10.
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Fig. 12. The concentration distributions for the CL of the optimized LEDWC at different EtOH/water feed molar ratios: (a) 10/90, (b) 30/70, (c) 50/50, (d) 70/30, and (e) 90/10.
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Fig. 13. The concentration distributions for the CR of the optimized LEDWC at different EtOH/water feed molar ratios: (a) 10/90, (b) 30/70, (c) 50/50, (d) 70/30, and (e) 90/10.
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4. Conclusions

In this study, a novelmodular optimization strategy is proposed
for the nonlinear problems in the optimization of distillation col-
umns. It effectively solves the limitations of conventional
methods, which are prone to becoming trapped in local minimum.

Initially, a variable matrix including all the variable values was
constructed systematically. Subsequently, MATLAB was utilized to
rapidly communicate with Aspen, enabling the effective identifi-
cation of variable combinations that ensure process convergence.
Finally, the TAC of each process associated with the identified
variable combinations was evaluated systematically. For EtOH/
water feed molar ratios of 10/90, 30/70, 50/50, 70/30 and 90/10,
theminimum TAC of LEDWC are 488007, 559093, 634546, 698340,
and 742257 USD·a- 1, respectively; the minimum TAC of CED are
551823, 637197, 695667, 739048, and 754913 USD·a- 1,
respectively.

Furthermore, this paper explores the mechanism behind the
generation of local optima from the perspective of variable
coupling and the flow behavior inside the column. Taking NCL as
an example for structural variables, as NCL increases, the
opposing effects between the decrease in RRCL and the increase
in reboiler temperature due to column pressure drop and
changes in the bottom product lead to fluctuations in energy
consumption, thereby inducing the emergence of local optima.
For process variables, taking DCL as an example, as it increases,
RRCL shows an upward trend to meet separation requirements;
simultaneously, to ensure process convergence, DL is adjusted
within a certain range, with its changes showing no obvious
pattern, further complicating the system response. These
nonlinear interactions reinforce the coupling relationship be-
tween structural and process variables, ultimately resulting in
multiple local minima in the TAC curve. Compared with CED,
LEDWC has fewer local minima in the TAC and NCL curves.
Analysis of the flow characteristics inside the column revealed
that CED exhibited obvious back-mixing, while LEDWC did not
exhibit similar phenomena. This reduces the coupling effects
between variables in LEDWC, thereby decreasing the probability
of local optima occurring.

In conclusion, this study effectively solves the issue of local
minimum by comprehensively exploring the solution, thereby
improving the reliability of the optimization process. This
approach enhances both the efficiency and accuracy of distillation
optimization, while also offering valuable insights for tackling
similar complex optimization challenges in chemical engineering.
Moreover, this modular framework can be further integrated into
meta-heuristic algorithms to accelerate convergence and enhance
adaptability in future optimization tasks.
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Nomenclature

DCL distillation flow rate for CL, kmol·h- 1

DCR distillation flow rate for CR, kmol·h- 1

DEDC distillation flow rate for EDC, kmol·h- 1

DERC distillation flow rate for ERC, kmol·h- 1

DL liquid stream flow rate between CL and CR, kmol·h- 1

FS-CED entrainer flow rate for CED, kmol·h- 1

FS-LEDWC entrainer flow rate for LEDWC, kmol·h- 1

NCL total number of stages for CL
NCR total number of stages for CR
NEDC total number of stages for EDC
NERC total number of stages for ERC
NF-CL feed stage for CL
NF-CR feed stage for CR
NF-EDC feed stage for EDC
NF-ERC feed stage for ERC
NF-E-CL entrainer stage for CL
NF-E-EDC entrainer stage for EDC
NF-L-CL liquid stream withdrawal stage for CL
RRCL reflux ratio for CL
RRCR reflux ratio for CR
RREDC reflux ratio for EDC
RRERC reflux ratio for ERC

Supplementary Material

Supplementary data to this article can be found online at
https://doi.org/10.1016/j.cjche.2025.09.020.
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