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Abstract
Developing reliable optimization approaches for chemical integrated processes, such as distil-
lation, is a world-wide necessity. Distillation holds a large share of the capital expenditure in
industry and, therefore it is very important to find methods to reduce the overall investment and
operating costs. This work aims to adapt the concept of a hybrid optimization method into a
pre-existing Multi-objective Evolutionary Algorithm (MOEA). This hybrid method enables the si-
multaneous optimization and analysis of process parameters. It involves the transformation of
the conventional multi-objective optimization into a parameter-specific procedure. Furthermore,
stopping criteria are also implemented and a technique which targets the maintenance of diver-
sity among individuals is developed. The hybrid MOEA shows promising results in obtaining
good solution sets by balancing exploration and exploitation of solution spaces.

I. Introduction

Designing integrated production systems for
factory sites is a growing necessity in the
globally competitive field that is the chemi-

cal industry. Companies constantly need to come
up with new ways to increase efficiency in the man-
ufacturing/processing of chemical products. One
of the processes that most significantly contributes
to capital investment and operating costs in chem-
ical plants is distillation. To this day, this process
still represents one of the most important methods
for the separation of compounds. Therefore em-
ploying new techniques involving integration of pro-
cesses is extremely important in achieving more ef-
ficient distillation [1].
Several apparatuses have been created with the

goal of increasing process integration in distilla-
tion processes, such as the Dividing Wall Column
(DWC) and the Reactive Distillation Column (RDC).
These configurations are currently implemented in
the industry and enable great savings in energy
demand and, consequently, operating and invest-
ment costs, when compared to conventional appa-

ratuses [2, 3]. Moreover, studies have shown that
higher energy savings are possible by integrating
the DWC and the RDC even further in the Reactive
Dividing Wall Column (RDWC). The RDWC has
been patented in 1984 and due to the high process
intricacy and limited understanding of inherent func-
tional mechanisms, so far no industrial applications
of this apparatus exist [4]. Increasing knowledge
of this configuration relies on optimization methods
and simulation tools. These are useful resources
in achieving optimal design of chemical processes.
In process design, Evolutionary Algorithms (EAs)

are a particularly popular class of optimization ap-
proaches [5]. An adaptation of a Global Optimiza-
tion Evolutionary Algorithm (GOEA) has been de-
veloped by Ernst [6], in the shape of a powerful
software tool designated as Advanced Process Op-
timizer (AdvPO). Despite the good performance of
the AdvPO, it is never assured that an EA is able to
find the real global optimum. Creating new meth-
ods to increase the chances of reaching the pro-
posed goal is essential. Therefore, the aim of this
work is to expand the AdvPO’s existing algorithm by
implementing a Hybrid Global Multi-objective Opti-

1



mization Algorithm that will allow running the EA,
while simultaneously conducting a study on the be-
haviour of certain parameter problems, in the pur-
pose of increasing the probability of obtaining opti-
mal solutions [7].
This extended abstract is structured in the fol-

lowing manner: first, background knowledge of im-
portant concepts concerning distillation, global op-
timization and the AdvPO is introduced (Section
II); next, the methodology used to achieve the pro-
jected goals is explained (Section III); followed by
the results obtained from the application of those
methods, along with a discussion on the matter
(Section IV); lastly, conclusions are drawn and an
outlook on possible future work is presented.

II. Literature Review

i. Distillation Columns

Distillation is the physical process of separating a
liquid mixture of components to obtain purified prod-
ucts that have different boiling points, where the
more volatile components are removed from the
mixture [8]. The interior of distillation columns is
composed of several stages wheremass exchange
occurs between the liquid traveling downwards and
the vapour traveling upwards in the column. This
mass exchange causes a share of the liquid to con-
vert into vapour phase and a share of the vapour
to convert into liquid phase. The biggest part of the
liquid that evaporates belongs to the light compo-
nent and the majority of the vapour that condenses
is held by the heavy component, leading to separa-
tion of light and heavy components at the overhead
and bottom of the column, respectively [8].
The idea of conducting a reaction in a DWC has

been first referred in 1984 by Kaibel [9], however
due to its complexity the modelling of a RDWC
did not start until 2004 and only in 2007 the first
experiment was conducted [10]. A schematic of
the reactive dividing wall column is presented in
Figure 1. The left hand side of the dividing wall
is called the prefractionator P , where the reaction
takes place, and the right hand side of the divid-
ing wall is called the main column MC, where the
separation of highly pure products occurs. In re-
active distillation a catalyst is used to conduct the
conversion of reactants into products. The most
commonly applied system of reactions to RDC is
the CABD, where the acronym refers to the order
of volatilities of the components involved, indicat-

ing that D is the light-boiling component and C is
the heavy-boiling component [4]. The CABD reac-
tion system has the following equilibrium chemical
reaction:

A+ B −−⇀↽−− C+ D (1)

Since a DWC conducts the separation of a mini-
mum of three highly pure components, a third prod-
uct has to exist in the separation zone in order to
allow the functioning of the RDWC. This necessity
can be fulfilled if the CABD system is prolonged
by adding a middle-boiling component E, obtaining
the CAEBD group of reaction systems [4]. In the
prefractionator of the RDWC, the light boiling com-
ponent D and the heavy boiling component C are
separated, allowing the middle boiling component
E to leave at the overhead and bottom of the pre-
fractionator. In the upper part of the main column
the components D and E are separated and in the
lower part the components E and C are separated.
Reactive distillation enables conversion rates of al-
most 100% and, coupled with a DWC in the RDWC
separation of three high purity products is possi-
ble. The major advantages of this apparatus are
the outstanding energy, investment and operating
costs savings, along with reduced space require-
ments. However, it also presents some drawbacks:
the catalyst is confined by the given space in the
column; the apparatus works at one pressure only,
reducing operation flexibility; the reboiler has to re-
move all the heat a the highest temperature and the
condenser has to remove all the heat at the lowest
temperature.

Figure 1: Schematic of the reactive dividing wall column.

Schröder et. al [4] have introduced a semi-
shortcut method to rapidly predict the minimum
vapour demand of the RDWC. Since the prefrac-
tionator of a RDWC can be considered as a con-
ventional RDC and the main side of the RDWC be-
haves like a DWC, the decomposition represented
in Figure 2 can be realized. Resorting to the Un-
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derwood equations [11], the semi-shortcut method
results in:

VP = VRD (2)
VMC = max(V1, V2) (3)
VRDWC = VRD + VMC (4)

Figure 2: Schematic of the integrated three-column re-
active distillation sequence.

The effects of the reaction system on the energy
saving potential of the RDWC have been systemat-
ically investigated by Schröder et. al [12] and in all
cases promising savings of up to 28% have been
observed when compared to conventional RD se-
quences. Due to the high complexity of processes
inherent to the RDWC, this apparatus has not yet
been applied to industry.

ii. Global Optimization

Global optimization is a procedure which aims to
achieve the best possible state of a certain problem,
considering the main objectives and restrictions ap-
plied to it. By convention, optimization problems
are mostly defined as minimizations and if a crite-
rion f is subject to maximization it is appropriate
to apply minimization to its negation −f . For a do-
main X = (x1, x2), a local optimum is an optimum
of a smaller subset of the domain X, while a global
optimum is an optimum of the entire domain [5]. In
a simplified way, an optimization problem can be
written as:

minimize f(x)

subject to hi(x) = 0, i = 1, ...,m

gj(x) ≤ 0, j = 1, ..., p,

(5)

where x ∈ Rn, f Rn → R, hi Rn → R, gj Rn → R
and m ≤ n . Moreover, x represents the decision
variables, f(x) the objective functions, hi(x) the
equality constraints and gj(x) the inequality con-
straints of the optimization problem [13, 14]. This
type of problems aims to find the global minimum of
one objective function, and so the respective task
is called Single-objective Optimization (SO). How-
ever, in real life applications it is usually neces-
sary to consider more than one objective, having
the need to optimize conflicting criteria in order to
achieve optimal solutions. In these cases the opti-
mization process gets the name Multi-objective Op-
timization (MO). To solve the Multi-objective Opti-
mization Problems (MOOPs) it is necessary to un-
derstand the trade-off behaviour between themany
objectives, obtaining not only one optimal solution
but a set of solutions that are considered equally
good [13]. This concept is governed by the so-
called Pareto optimality, where the optimal set con-
tains non-dominated solutions. A solution x1 domi-
nates x2 (x1 ⊢ x2) if x1 is better than x2 in at least
one objective and equal or better in the remaining
objectives [5]. Figure 3 depicts the example of an
optimal Pareto Front, as well as the dominance con-
cept in a population of 15 individuals, in which indi-
viduals 1, 2, 3 and 4 are not dominated by any other,
and therefore, compose the optimal Pareto-front.

Figure 3: Example of a Pareto front and Pareto domi-
nance concept [5].

In a multi-objective optimization, good solutions
should display three main features [13]:
(i) good accuracy or convergence, i.e. the solu-

tion set should be as close as possible to the
optimal Pareto front;

(ii) good diversity, i.e. the solution set should be
as diverse as possible;

(iii) many solutions, i.e. there should exist a large
number of solutions, since this increases the
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chances of it being the optimal set.

One of the most popular algorithms used in solv-
ing MOOPs is the Evolutionary Algorithm (EA). It
uses a population based search throughout several
generations, in order to evolve into a desired solu-
tion (set). A scheme of the main stages of an EA
can be seen in Figure 4.

Figure 4: Schematic diagram of the basic cycle of an
Evolutionary Algorithm.

One of the biggest issues optimization encoun-
ters is premature convergence of solutions, in
which the algorithm finds itself stuck at a local opti-
mum incapable of exploring the solution space fur-
ther in order to reach better results, closer to the
global optimum. There is one main reason for this
problemwhich is lack of diversity in the solution can-
didates space. To be able to keep a good amount
of diversity between individuals a healthy balance
between Exploration and Exploitation is crucial. Ex-
ploration is the process of inspecting completely
new regions of the search space, while exploita-
tion refers to inspection around the neighbourhood
of previously visited regions [15]. In EAs, explo-
ration is closely related to mutation mechanisms
and exploitation deals with improving individuals by
combining already existing good genes, as done by
crossover mechanisms. Selection operations can
also be seen as exploitation measures, since it en-
sures that individuals sent to the mating pool have
desirable genotypes [5].

iii. Advanced Process Optimizer

The Advanced Process Optimizer is an optimiza-
tion tool created by Ernst [6] and it is based on an
Elitist-Evolutionary Algorithm built specially for the
optimization of chemical processes. The AdvPO is

structured into optimization projects that can be per-
sonalized by the user. It is packed with a Graphical
User Interface (GUI) created inMATLAB that allows
the selection of certain preferences in a specific op-
timization project. The GUI window sequence used
to create an optimization run is exemplified in Fig-
ure 5.

Figure 5: AdvPO GUI windows and menus.

The AdvPO is capable of performing single and
multi-objective optimizations, as well as two-step
optimizations, applied to different chemical process
problems. A hybrid optimization method is imple-
mented for single-objective optimization and it con-
sists on solving the optimization problem with the
use of an EA and simultaneous making a study on
important problem parameters.

III. Methodology

i. Parameter-specific Multi-objective Op-
timization

The need for creating individual optimizations for
certain parameter values is due to the strongly non-
linear behaviour of processes that carry a high de-
gree of integration as is the case for reactive distilla-
tion processes [7]. The optimization of these appa-
ratus falls into the category of Mixed-Integer Non-
linear Programming (MINLP), which is an NP-hard
combinatorial problem, since its solution usually re-
quires extensive search [16]. Furthermore, another
behaviour has been previously caught during ex-
perimentations with single-objective optimization of
the RD and RDWC, using the AdvPO. The feasi-
ble region in the space between vapour flow-rate
V̇ and the feed slip, given by the distillate flow-rate
Ḋ, is nonconvex, which results in many local min-
ima and occasional neutral areas. An example of
this behaviour is depicted in Figure 6, which serves
only as an explanatory visual basis since it is not a
graphical result of a previously conducted optimiza-
tion. The existence of local minima and neutral ar-
eas in the search space makes finding the global
minimum a lot harder due to the higher chances of
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premature convergence.

Figure 6: Example of nonconvex feasible regions in the
space V −D.

The basis for the parameter-specific idea in all
the other EA stages is analogous to the procedure
shown in Figure 7. The ranks are used to de-
termine the parameter-specific elite-index and the
crowding distance breaks the tie between individu-
als in entering the last available places in the elite-
count, in the event of having to include Pareto-
fronts with a rank higher than one. These modi-
fications enable the hybrid optimization method in
the AdvPO’s multi-objective evolutionary algorithm.
However, other additions are useful in order to
enhance the performance of the entire algorithm.
Knowing when to terminate an optimization is an
important factor in avoiding unnecessary search
and at the same time accomplishing convergence.
Moreover, creating parameter-specific stopping cri-
teria could result in further decreasing of computa-
tional time.

ii. Stopping Criteria

The stopping criteria here introduced are based on
two performance metrics commonly used in opti-
mization algorithms in the scientific world: the Hy-
pervolume (HV) and a metric that joins the Gener-
ational Distance (GD) combined with the Spread:
Delta operator (∆) in the Weighted Generational
Distance and Spread (WGDS). They are both met-
rics that measure the accuracy and diversity of so-
lution sets. The hypervolume is the n-dimensional
objective space contained by a solution set S and
relative to a reference point, where all objectives
are to be minimized. Mathematically, for each so-

Figure 7: Flow-chart diagram of parameter-specific
Rank and Crowding Distance.

lution i ∈ S, a hypercube h is generated with the
reference point RF and solution i as diagonal cor-
ners [13]. It is the union of all hypercubes built from
a solution set:

HV =

|S|∪
i=1

hi, ∀i ∈ S (6)

A representation of the hypervolume concept for
a two-objectives optimization problem is given in
Figure 8. This figure shows how the hypervolume
evaluates solutions sets: a set completely domi-
nates the other if the hypervolume of the former
is higher than that of the latter, calculated for the
same reference point. In order to use the hyper-
volume metric as a stopping criterion, its calcula-
tion has to be performed dynamically. This means
that for each generation, the hyperspace of the best
Pareto-front is calculated and compared with that of
previous generations. In the AdvPO’s hybrid multi-
objective algorithm, the parameter-specific proce-
dure starts with creating a sorted list with the objec-
tive values. The reference point is then calculated:

RPfi = 1.1max
fi

, i = 1, 2 (7)

Since this is a dynamic hypervolume, the ref-
erence point from one generation to another can
change. If this is the case, the hypervolumes of
previous generations have to be recalculated with
the new reference point, so that all hypervolumes
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Figure 8: Hypervolume of a non-optimal solution set and
the optimal Pareto set for an optimization prob-
lem with two objectives.

are equally comparable. Once all hypervolumes
are properly determined, a variation of hypervol-
ume throughout generations is calculated:

∆HV = HVi −HVi−1 (8)

The weighted generational distance and spread
metric combines generational distance, which is an
accuracy metric, and spread, which is a diversity
metric. The calculation of the generational distance
of a solution set S is done as follows:

GD =
(
∑|S|

n=1 d
p
i )

1/p

|S|
(9)

For p = 2, the parameter di is the Euclidean dis-
tance between a solution i ∈ S and the nearest
member of PF ∗:

di =
|PF∗|
min
k=1

√√√√ M∑
m=1

(fm,i − fm,k)2 (10)

where fm,k is the m-th objective of the k-th member
of PF ∗.
The calculation of the spread of a solution set S

is accomplished with:

∆ =

∑M
m=1 dm,e +

∑|S|
i=1 |di − d̄|∑M

m=1 dm,e + |S|d̄
(11)

where dm,e is the distance between the extreme so-
lutions of S and PF ∗ corresponding to the m-th ob-
jective function, and d̄ is the mean values of di dis-
tances. The parameter di can be any distancemea-
sure between neighbouring solutions. Lastly, the
weighted metric that combines GD with ∆ is [13]:

W = w1GD + w2∆ (12)

where w1 and w2 are the weights attributed to GD
and ∆, respectively. There is no specific criterion
on choosing these weights. For some optimiza-
tions or some specific goals, giving more signifi-
cance to one of the metrics might be advantageous.
Experimentation is necessary to understand which
combination creates better results. A smaller value
of W is always preferred. Just like the HV, the
WGDS metric implemented in the AdvPO is also
dynamic and ∆W is evaluated.
The HV and the WGDS are implemented as

parameter-specific stopping criteria in a similar ar-
rangement. The stopping criterion procedure starts
by checking for each parameter value p weather
the metric result of the current generation lies bel-
low a threshold T : if so, one unit (corresponding
to one generation) is added to a metric counter; if
not, the metric counter is reset to zero. A previ-
ously defined expulsion value E, guarantees that
the parameter value is only given as converged if
E generations have passed and the metric counter
was not reset to zero. In other words, if the met-
ric counter is higher than E it means that for E

generations the metric value has remained under
the threshold T . If this condition is verified, p is re-
moved from the optimization, otherwise this step is
skipped. If convergence has been checked for all
p, there is either convergence of parameter values
or nothing happens and no p are removed from fu-
ture populations. If all p reach convergence, the
hybrid MOEA stops. If a performance metric oper-
ates in a favourable fashion, it should give out good
solution sets for all parameter values, while simulta-
neously decreasing the computational effort of the
algorithm by removing the parameter values that
converge more rapidly.

IV. New Crossover Method

The necessity for a new crossover methodology
for the hybrid optimization method arrives as an
effort to maintain a good level of exploration and
exploitation. Selection and reproduction evolution-
ary algorithms hold the biggest share of influence
in exploration/exploitation and therefore assigning
appropriate rates to these operations will enhance
the probability of creating diverse and high quality
solutions. Mutation always creates uniformly dis-
tributed random individuals, but crossover children
are restrained to the genes of its parents and if
the latter are condensed in different parts of space
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the resulting children will too. The ultimate goal
of this method is to allow individuals with genes
of converged parameter values to be used as par-
ents for crossover children. Creating more diverse
offspring which could potentially lead to a broader
search of the solution space.

V. Graphical User Interface

In the Utility Tools menu two new analysis tools
were added: Compare Pareto-fronts of Parame-
ter values, where the Pareto-fronts of optimization
projects belonging to different parameter-values
can be compared; and Compare Stopping Criteria
of Parameter values, where the stopping criteria of
an optimization project and the convergence of dif-
ferent parameter values can be analyzed. Figure 9
shows the window where the Pareto-fronts of differ-
ent parameter values can be compared. This win-
dow enables the following tasks:
(i) Open and load an optimization project and

choose a specific setting and repetition;
(ii) Visual analysis of: a 3D plot of the objective

space for several parameter values (the plot
can be rotated 360° and a front, top and side
view can be chosen), a 2D plot containing the
global Pareto-front, a 2D plot containing the
parameter-specific Pareto-fronts;

(iii) Mouse-click some of the Pareto-fronts in order
to highlight them and click on the button Com-
pare so that the remaining fronts are disabled;

(iv) Click on the button Clear Selection in order to
re-add the disabled fronts to the plot;

(v) Export the individual plots into image file for-
mats.

Figure 10 shows the window where the stopping
criteria can be compared and a convergence anal-
ysis can be performed. This window enables the
following tasks:
(i) Open and load an optimization project and

choose a specific setting and repetition;
(ii) Visual analysis of: two 2D plots of the global

and parameter-specific hypervolume, two 2D
plots of the global and parameter-specific
weighted generational distance and spread
and information on the bounds, step-size and
total number of parameter values;

(iii) Insert in edit-boxes which parameter values to
be shown for each stopping criterion and click
on the button Compare in order to see the per-

Figure 9: Compare Pareto-fronts of Parameter values
window of Utility Tools menu with loaded
optimization project, with highlighted Pareto-
fronts.

formance metric value plotted against the num-
ber of generations;

(iv) Export the individual plots into image file for-
mats.

Figure 10: Compare Stopping Criteria of Parameter val-
ues window of Utility Tools menu with loaded
optimization project, showing an error mes-
sage when attempting to see a performance
metric not calculated in that optimization.

VI. Results and Discussion

A test problem was used to verify the correctness
of the developed concepts throughout implemen-
tation. A simple deterministic multi-objective opti-
mization problem with two decision variables and
two objective functions was created and an initial
validation of the hybrid multi-objective optimization
method could be verified.
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For the simulation of a reactive dividing wall col-
umn, a reactive distillation model was used, in
which the prefractionator of the RDWC was mod-
elled as a RDC, which is shown in Figure 11. The
optimization problem associated to this simulation
flow-sheet has two objective functions (vapour duty
and total number of column stages), seven decision
variables (distillate, light feed position, distance be-
tween feeds, vapour duty, number of stages of seg-
ment 1, 2 and 3). Furthermore a constraint is im-
posed to the products’ purity by only allowing con-
versions of at least 99.5%.

Figure 11: Schematic of Reactive Distillation Column
used to simulate the prefractionator of a
RDWC.

A total of 8 optimization runs were conducted:
two repetitions of the hybrid MO optimization
method without any of the other additions (1 and 2);
two runs for the HV stopping criterion with E = 15

and E = 10, respectively (3 and 4); one run for for
the WGDS with equal weights w (5); one run for the
HV with the new crossover method and E = 10 (6);
and two runs for the WGDS with the new crossover
method with equal weights w and weights w1 = 0.6

and w2 = 0.4, respectively (7 and 8). In order to
evaluate the quality of the algorithm with the dif-
ferent concepts, the hypervolume was calculated
from normalized objectives. In Table 1 the maxi-
mum number of generations of each optimization
run is given, along with the calculation of the hyper-
volume and a rating based on a system in which 1
is the best solution set and 2 the least favourable
solution set. The values HV1 correspond to the so-
lution set of the 200th generation and the values
HV2 correspond to the solution set of the final gen-
erations. As it can be seen from the rating results,
the best three Pareto-fronts are associated with the
optimization runs that include the new crossover
method.
The Pareto-fronts of different generations of runs

Run Generations HV1 HV2 Rating

1 200 0.7086 − 5
2 200 0.6786 − 8
3 354 0.7103 0.7103 4
4 229 0.6796 0.6805 7
5 400 0.7043 0.7043 6
6 245 0.7267 0.7272 3
7 400 0.7304 0.7398 2
8 400 0.7321 0.7640 1

Table 1: Computed hypervolumes HV1 and HV2 for the
conducted optimization runs, along with com-
parative rating.

6, 7 and 8 are presented in Figures 12, 13 and 14,
respectively. These runs possess a large solution
space range from early generations, which leads to
a higher diversity among individuals enabling the
discovery of better solutions. It can be concluded
that by keeping genes of converged parameter val-
ues parents that reproduce crossover individuals, a
higher genetic diversity can be maintained through-
out generations and a good balance between explo-
ration and exploitation can be achieved. Moreover,
according to this data sample, the WGDS provides
better results than the HV. It appears that the lat-
ter is less sensitive to solution sets’ changes and
leads to earlier convergence when compared to the
WGDS. However, it cannot be said with certainty
that one metric is better than the other, since the
WGDS delivers good solutions in a high amount of
generations, and the HV generates less favourable
solutions but is capable of reaching convergence in
significantly fewer generations.

Figure 12: Pareto-fronts of optimization run 6 corre-
sponding to generations 50, 100, 200 and
245.

Lastly, a comparison between the results
achieved with the hybrid multi-objective method
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Figure 13: Pareto-fronts of optimization run 7 corre-
sponding to generations 50, 100, 200 and
400.

Figure 14: Pareto-fronts of optimization run 8 corre-
sponding to generations 50, 100, 200 and
400.

and the best results accomplished at the PAT insti-
tute was made. Since these results are available
for the vapour duty only, a purely multi-objective
analysis cannot be performed. Figure 15 shows
a diagram of the vapour duty plotted against the
distillate and it contain the best values achieved
from past optimization runs, the optima achieved
with hybrid SO optimizations and the best individ-
ual vapour duty values generated by the overall
conducted runs presented in this chapter. For most
D, the vapour duty values do not coincide with
the validation data, which presents better results.
In order to achieve solutions that are located in
sparse areas of the solution space a technique
called Two-Step Optimization (TSO) can be used
[17]. This method is based on infiltrating individu-
als that could force the optimization algorithm to
search the solution space in a larger range.

VII. Conclusions and Outlook

Achieving more economically and environmentally
sustainable chemical processes is an essential
step for efficiency growth in the chemical industry.

Figure 15: Examination of vapour duty values achieved
with the hybrid MO optimization method in
contrast to validation data.

The implemented methodology in the AdvPO suc-
cessfully improved the performance of this software
tool, which is specifically oriented to the optimiza-
tion of chemical processes.
The implementation of the mentioned methods

was only made possible by resorting to a test func-
tion. The existence of a simple optimization prob-
lem, with known spatial domain permitted a fast and
accurate evaluation of the correctness of the imple-
mentations. From this point onward, it is possible
to conduct optimizations without having to guess
an appropriate limit for the number of generations.
Instead, the algorithm is capable of automatically
terminating the optimization run once certain re-
quirements (provided previously) are met. Further-
more, by measuring the performance of the solu-
tion sets generated by different optimizations, it can
be observed that the new technique applied to the
crossover operation with the purpose of increasing
space exploration successfully originated improved
results. As a setback, it was not possible to de-
rive a clear conclusion on which stopping criterion
is more suitable for the hybrid MOEA. The weighted
generational distance and spread generated better
solution sets, but the hypervolume achieved admis-
sible Pareto-fronts for a substantially lower amount
of generations.
Considering these aspects, more analysis

should be performed since there are still untested
aspects. Conducting more optimization runs
could potentially lead to better results (better so-
lution sets) and possibly to shorter computational
time/effort. The further analyses that should be
conducted in order to have a broader insight on
the behaviour of the hybrid multi-objective method
are the following:
(i) Perform parameter non-specific multi-
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objective optimization runs in order to create
a better understanding of the advantages of
the hybrid MO optimization method;

(ii) Test the algorithm with different parametriza-
tion of the implemented methods;

(iii) Analyse certain parameter p regions in more
detail by decreasing the step-size of the param-
eter discretization;

(iv) Conduct two-step optimization runs;
(v) Compare the computational effort between

the two presented stopping criteria (HV and
WGDS).

Another suggestion that could positively increase
the performance of the algorithm is the implementa-
tion of adaptive crossover, mutation and selection
operations in the hybrid multi-objective optimization
method. Two measures of population diversity in-
troduced by Mc Ginley [18] could potentially de-
crease premature convergence and computational
effort: the Standard Population Diversity (SPD)
and the Healthy Population Diversity (HPD). The
former is used to control mutation and crossover
rates, while the latter can regulate selection pres-
sure. Overall, more testing is required in order
to achieve better results. Moreover, some of the
implemented changes in the AdvPo’s hybrid multi-
objective optimization algorithm could be adapted
to the existing hybrid single-objective optimization
algorithm.

Nomenclature

Latin symbols

V Vapour flow-rate

Greek symbols

∆ Delta: spread operator

Abbreviations

DWC Dividing Wall Column

GD Generational Distance

HV Hypervolume

RD Reactive Distillation

RDWC Reactive Dividing Wall Column

WGDS Weighted Generational Distance and
Spread
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