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ABSTRACT Many process synthesis and design problems in engineering are actually mixed integer
nonlinear programming problems (MINLP), because they contain both continuous and integer variables.
These problems are generally recognized to be complex and intractable by virtue of the combinatorial
characteristic. In order to effectively solve process synthesis and design problems, a global particle swarm
optimization (GPSO) algorithm is proposed in this paper. GPSO algorithm makes two improvements on
original particle swarm optimization (PSO) algorithm: first, it introduces a global inertia weight, which
is beneficial for improving its global searching capacity during the whole optimization process; second,
it adopts a mutation operation with a small probability, which enables the GPSO algorithm to get rid of the
local optimum easily. Simulation results show that the GPSO algorithm has high efficiency on finding the
optimal solutions, and it has stronger convergence than the other four particle swarm optimization algorithms.

INDEX TERMS Process synthesis, global particle swarm optimization algorithm, global inertia weight,

mutation, convergence.

I. INTRODUCTION

In order to establish an optimal construction, the selec-
tion, arrangement, and operation should be implemented for
processing units, and this procedure is defined as process
synthesis [1]. More specifically, it does not dominate the
optimal interconnection of processing units, but also deter-
mine the optimal type and design of units in a process
system. When the system function is confirmed, the system
structure and the performance of the processing units are
still not ensured. The work is essentially combinatorial and
open-ended and has drawn much attention from researchers
recently. The process synthesis and design problem belongs
to a kind of constrained optimization problem. It has both
integer and real variables, and is associated with some equal-
ity and inequality constraints. To solve this kind of com-
plex problem, some efficient methods are needed to satisfy
all its constraints and minimize (or maximize) its objective
function. On the other hand, particle swarm optimization
algorithm (PSO) [2] is an easy and practical intelligent opti-
mization algorithm. Moreover, the PSO and its many vari-
ants have been applied into many optimization problems,
such as wastewater treatment network planning [3], image
classification [4], multi-workshop facility layout problem [5],
lipid extraction from microalgae [6], efficient object tracking
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in a video [7] and multi-compartment vehicle routing
problem [8].

The PSO has two important steps including velocity
updating and position updating, which can be expressed as
follows:

k+1 _ k k k
Vi = Vijtcrxrx (pb;j—x; ;) + c2 x 2 x (gb; — x; ),
ey
k+1 __ k k+1
xl,] = x’,l + Vi,j . (2)
Here, i = 1,...,M) is the index of a particle,
jG = 1,...,N) is the index of a variable, k is the current
iteration number, pb is the best position of particle i, gb is
the best solution, ¢ and ¢, are learning factors, r| and », are
random numbers uniformly generated in [0, 1]. In addition,
Vij and x;; ; are the velocity component and position compo-
nent of the ith particle at generation &, vf}H and xl(‘TH are the
velocity component and position component of the ith particle

at generation k + 1.

Il. A GLOBAL PARTICLE SWARM OPTIMIZATION
ALGORITHM
In order to improve the performance of the PSO, a global
particle swarm optimization algorithm (GPSO) is proposed
in this paper, and the GPSO includes five steps:

Step 1 (Set Parameters): IPSO parameters include popu-
lation size PS, the maximal iteration number NI, learning
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factors c¢; and ¢y, the minimal mutation rate p,;, and the
maximal mutation rate py,.y, the period of a cosine function
T which is used to generate a inertia weight.

Step 2 (Randomly Generate PS Particles): Randomly gen-
eratethejth(j =1, ..., N) variable of theith(i= 1, ..., PS)
particle from a uniform distribution in the ranges [xq4z., x40 ]
G = 1,2,...,N). Here, N is the total number of variable,
xgr(G=1,...,N)and x4y are the lower bound and the upper
bound for the jth variable.

Step 3 (Velocity Updating and Position Updating): The
velocity updating of the GPSO is different from that of the

original PSO, and it adopts a new strategy as follows:
+1

Vil = o'Vl + ciri(pia — xiy) + car(pea — xip). (3)
In which, i is the particle index; j is the variable index; ¢ is
the iteration numbers so far; pb represents the best position of
particle i so far; gb represents the best solution in the swarm so
far; c; and ¢, are acceleration constants; r; and r, are random
numbers between 0 and 1. In addition, ' is inertia weight,
and it is given by
o' = (cos(81) + 1)/2. 4)

where 6 is angular frequency, and = 27 /T. Therefore, o’
is a periodic function with respect to the iteration numbers
t. Due to the utilization of a cosine function, o' always
owns large values during each period, which is beneficial to
improving the global searching capacity of the GPSO.

Step 4 (Mutation): In order to improve the capacity of
escaping from the local optimums, a mutation operation is
introduced in this paper, and it is given by

xf,Z‘ =pi1g +F x rand() x (pi 4 — Pl 2)- &)
Here, F is scale factor, xfjl is the dth (d = 1,...,N)

dimension of the ith particle at the (k + 1)th iteration.
Pi1.aPha.q> Pi3.g) is the dth dimension of the i1(i2, i3)th per-
sonal best particle, and i1 # i2 # i3. This mutation operation
is determined by a mutation rate which is given by

pt = Pmin + Omax — Pmin) X t/NI. 6)

Here, p' is the mutation at the rth iteration, p,;; and pax
are the minimal mutation rate and the maximal mutation
rate, respectively. At the beginning of optimization process,
the value of p’ is small, it does no harm to the convergence of
the GPSO, and it can guarantee the diversity of the swarm.
In the late optimization, the value of p’ is large, which
is beneficial to avoiding the premature convergence of the
GPSO.

Step 5 (Perturbation): The history best particles can pro-
vide useful and potential reference for all the individuals of
the population, thus they are incorporated into the perturba-
tion operator. In short, the new formulation of perturbation is
given by:

xl.’;l « xf;?] + rand() x (pb;_; — pbj, 4)- @)

iy and ip are two randomly chosen indexes, and i, # i), 7 i.
The probability of perturbation is set to 1/(SN), which only
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adjusts each dimension with a very low probability. By using
Eq.(7), GPSO is able to conduct local search and gradually
improve the individuals of the population.

Step 6 (Stopping Condition): If the iteration number ¢
reaches the maximal iteration number NI, stop running the
GPSO procedure, otherwise, repeat steps 3 and 4.

Among the above steps, Step 3 uses a dynamic inertia
weight to balance the global search and local search, Step
4 uses mutation operator to maintain the diversity of popu-
lation, and Step 5 uses perturbation operator to improve the
exploration capacity with respect to solution space.

Ill. PROBLEM FORMULATION
The chemical process synthesis problem aims to choose the
optimal flowsheet structure and the parameters which charac-
terize the operation of a desired process. In order to define the
search space of candidate flowsheet alternatives, a superstruc-
ture is to be postulated based on preliminary screening. This
superstructure is a MINLP problem [13] which is given by
F = mincly +f(x),
X,y
s.t. h(x) =0,
g(x) =0,
Alx) =a,
vBy + Cx <d,
xeX={xeR, xr <x<x
yeY={lye{0,1}" Ey <e} ®)

vy,

Here, x denotes the vector of continuous variables in the
set X, and y is the vector of 0 — 1 variables which must
meet linear inter constraints Ey < e. f(x), h(x) = 0, and
g(x < 0) represent nonlinear functions involved in the
objective function, equations, and inequalities, respectively.
Finally, Ax = a is the subset of linear equations, and
By+ Cx < d is linear equalities of inequalities which contain
the continuous and binary variables.

Regarding the synthesis problem, the continuous variables
x are composed of temperatures, flows, pressures, and sizes.
Moreover, the binary variables y represent the potential exis-
tence of process units which are embedded in the superstruc-
ture. The formulas 2(x) = 0 and Ax = a are associated with
material and energy balances and design equations. Process
specifications are represented by g(x) < 0 and by lower
and upper bounds on the variables in x. Logical constraints
that must hold for a flow sheet configuration to be chosen
from in the superstructure are denoted by By + Cx < d and
Ey < e. The cost function contains fixed cost charges in the
term cTy for the investment, while operating costs, revenues,
and size-dependent costs for the investment are involved in
the function f (x).

IV. EXPERIMENTAL RESULTS AND ANALYSIS
In order to verify the performance of the GPSO, eight uncon-
strained problems are selected, and they are given by

n
fir) =) " x7. —100 < x; < 100 9)

i=1
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fr="Y (100xit1 —x7)* + (xi — 1)),
i=1

—100 < x; <100 (10)

fi =) _( — 10cos(2mx;) + 10),

i=1

-10<x <10 (1)
1 n n X
2 i
- § 2 _ | | Zr 1
& 4000 i1 K i=1 COS(\/Z) ’
—600 < x; < 600 (12)

N 2
fs =20+ e — 20exp(—0.2,/ %)

Zﬁvzl cos(2mwx;)

N ), =32 <x; <32 (13)

—exp(
N N

fo=Y il +[]hl. =100 <x <100 (14)

i=1 i=1

N
fr = 418.9829N — " (x; sin(/|xi[).
i=1

—500 < x; < 500 (15)

N i
=" x)% —100 < x; < 100 (16)
i=1 j=1

Five PSO algorithms are used to solve the above eight
unconstrained optimization problems with dimension size
N = 100, and they are PSO™’ [9], PSO™7 [9], BBPSO(Bare
bones particle swarm optimization) [10], BBPSO+GJ(Bare
bones particle swarm optimization with Gaussian jumps) [11]
and GPSO, respectively. Moreover, their parameters are set as
follows: For PSO7, learning factors c; = ¢, = 2, population
size PS = 40, the maximal iteration number NI = 100,
the initial value of a chaotic sequence is y(0) = 0.48; For
PSOTS, c1 =cy =2,PS =40, NI = 100, the initial value of
a chaotic sequence is y(0) = 0.48; For BBPSO, ¢ = ¢; = 2,
PS = 40, NI = 100; For BBPSO+GlJ, ¢ = ¢ = 2,
PS = 40, NI = 100, scale parameter n = 1.1; For GPSO,
c1 = ¢y = 2, PS = 40, NI = 100, the period of a cosine
function T = NI /10, the minimal mutation rate p,,;, = 0.01,
the maximal mutation rate py, = 0.1, scale factor F = 2.
50 runs are carried out in each case, and the optimization
results are shown in Table 1:

Here, the terms finin, finax> faver and fgq are the minimal
value, maximal value, average value and standard deviation
of 50 objective function values, respectively, for each prob-
lem. According to Table 1, the GPSO is better than the other
four methods in most cases. The values of fyin, finax> and faver
obtained by the GPSO are better than those obtained by the
other four PSO algorithms for all unconstrained optimization
problems. The values of fi,in, finax> faver and fzq obtained by
the GPSO are better than those obtained by the other four
PSO algorithms for the first six unconstrained optimization
problems. Moreover, GPSO can obtain the optimal solutions
for f1, f3, fa, f5, fo and fg, but any of the other algorithm
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fails to find an optimal solution for any problem. In addition,
a statistical analysis based on t-test is used to distinguish
whether the results of GPSO are statistically significantly
better than those of the other. The term > indicates that
GPSO is significantly better than any other PSO algorithm in
achieving optimization results. In short, the GPSO has shown
stronger convergence and stability than the other four PSO
algorithms. In order to verify and analyze the performance
of the GPSO, Figs 1-8 plot the average convergence curves
of five PSO algorithms for four unconstrained optimization
problems.

As can be seen from Figs 1-8, the convergence rates of
PSO'7 and PSO™ are very slow, and the convergence rates
of BBPSO, BBPSO+G]J are slightly faster than PSOT” and
PSO™8. Based on a close observation from the above eight
figures, the average convergence curves of GPSO decreases
rapidly in the early optimization process, and its convergence
rate is faster than those of the other four PSO algorithms.
Furthermore, GPSO finally converges to a relatively low level
for any of the eight unconstrained optimization problems
compared with the the other four PSO algorithms.

To testify the performance of GPSO on solving process
synthesis and design problems, four examples are considered,
and they are explained as follows:

Example 1: Example 1 has one nonlinear constraint,
and researchers have used different methods to solve this
problem. Costa and Oliviera [14] used an evolution algo-
rithm (EA) to solve Example 1. EA simulates the evolution
process of natural system, and it only needs the information of
objective functions and constraints. Cardoso et al. [15] used
simulated annealing algorithm (SA) to solve Example. SA is
a powerful tool, it summarizes the similarities of optimization
problems and physical process of annealing. The mathemati-
cal model of Example 1 is given by

Min f(x,y) =2x+y
st. 1.25—x>—y <0,
x+y <16,
0<x<l.6,
y e {0, 1. (17)

The best solution is located at (x,y) = (0.5, 1), and the
corresponding objective function value is equal to f = 2.

Example 2: Example 2 contains a nonlinear constraint.
This problem was firstly proposed by Kocis and Grossmann
[16], and it was solved by Costa and Oliviera [14] and Car-
doso et al. [15]. The mathematical model of Example 2 is
given by

Min f(x1,x2,y) = =y + 2x1 + x2
s.t. x1 —2exp(—xp) =0,
—x1+x2+y =<0,
05<x <14,
y € {0, 1}. (18)
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TABLE 1. Comparison of PSO™7, PSOT8, BBPSO, BBPSO+GJ and GPSO on four unconstrained problems.

Problem Algorithm fmin fmaz faver fsd t-test
f1 pso™’ 2.4090e+05 2.9042e+05 2.7097e+05 9.8412e+03 >
PSOT™8 2.3294e+05 2.8633e+05 2.6589e+05 1.2009e+04 >
BBPSO 8.5648e+04 1.6825e+05 1.3690e+05 1.8766e+04 >
BBPSO+GJ 2.3436e+04 5.1067e+04 3.5332e+04 6.1579¢+03 >
GPSO 0 1.4045e+04 3.0798e+02 1.9840e+03 -
f2 PSO"’ 9.6338e+10 1.5763e+11 1.4031e+11 1.2103e+10 >
pPSOT 1.1207e+11 1.6346e+11 1.4187e+11 1.2528e+10 >
BBPSO 4.7961e+10 1.4951e+11 9.1958e+10 2.3476e+10 >
BBPSO+GJ 2.9402e+09 1.9034e+10 1.1858e+10 3.7125e+09 >
GPSO 9.9000e+01 3.0712e+08 6.6312e+06 4.3487e+07 -
fs psO™’ 3.0584e+03 3.8295e+03 3.5947e+03 1.7293e+02 >
PSO™S 3.2843e+03 3.8239e+03 3.5902e+03 1.3226e+02 >
BBPSO 1.8973e+03 3.0327e+03 2.4068e+03 2.2955e+02 >
BBPSO+GJ 7.3666e+02 1.1133e+03 8.9568e+02 9.1093e+01 >
GPSO 0 9.1914e+02 3.9289e+01 1.4363e+02 -
fa psoO™’ 2.1268e+03 2.6519e+03 2.4317e+03 1.1815e+02 >
PSO™8 2.1181e+03 2.6208e+03 2.4115e+03 1.1943e+02 >
BBPSO 9.4045¢+02 1.8745e+03 1.2603e+03 1.6393e+02 >
BBPSO+GJ 1.5630e+02 4.3077e+02 2.9513e+02 5.7215e+01 >
GPSO 0 2.1856e+01 1.1734e+00 3.9091e+00 -
fs PSO™’ 1.9962e+01 1.9965e+01 1.9963e+01 7.9508e-04 >
pPSOT 1.9962e+01 1.9965e+01 1.9963e+01 7.5218e-04 >
BBPSO 2.0382e+01 2.0861e+01 2.0651e+01 1.3986e-01 >
BBPSO+GJ 1.3199e+01 1.6970e+01 1.5671e+01 8.0264¢-01 >
GPSO 0 2.5571e-01 1.1133e-02 4.9129¢-02 -
fe pPsO™’ 3.8808e+03 4.5983e+03 4.2736e+03 1.5462e+02 >
PSO™® 3.9742e+03 4.5304e+03 4.2632e+03 1.2155e+02 >
BBPSO 2.0370e+03 3.1141e+03 2.5874e+03 2.5396e+02 >
BBPSO+GJ 6.1854e+02 9.9257e+02 7.9870e+02 9.5587e+01 >
GPSO 0 1.4962¢+02 3.3824e+00 2.1282e+01 -
fr psO™’ 2.9663e+04 3.7190e+04 3.4588e+04 1.7729¢+03 >
PSO™® 2.9783e+04 3.7288e+04 3.4407e+04 1.8511e+03 >
BBPSO 1.8809e+04 2.4690e+04 2.1811e+04 1.5188e+03 >
BBPSO+GJ 2.0428e+04 3.0866e+04 2.3041e+04 1.7881e+03 >
GPSO 1.1041e+03 2.2358e+04 1.6350e+04 3.3406e+03 -
fs PSOT’ 6.7910e+05 1.1444e+06 9.2397e+05 1.2963e+05 >
pPSO™ 5.9046¢+05 1.1348e+06 8.7236e+05 1.2916e+05 >
BBPSO 3.4127e+05 6.5673e+05 4.6532e+05 7.8082e+04 >
BBPSO+GJ 2.3368e+05 6.3853e+05 4.4073e+05 8.5042¢+04 >
GPSO 0 1.2788e+06 1.9208e+05 3.9057e+05 -
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FIGURE 3. The average convergence curves of five PSO algorithms for f5.

The best solution is located at (x1, x2, y) = (1.375, 0.375, 1),
and the corresponding objective function value is equal to
f=2.124.

Example 2*: By eliminating a nonlinear equality
constraint, Example 2 can be simplified as follows:

Min f(x1,y) = —y + 2x1 — In(x1/2)
st. —x; —In(x;/2)+y <0,
0.5<x <14,

y € {0, 1} 19)
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FIGURE 6. The average convergence curves of five PSO algorithms for fg.

The best solution of Example 2* is exactly the same as that
of Example 2.

Example 3: Example 3 was firstly proposed by Kocis and
Grossmann [17]. This problem aims to select one between
two candidate reactors so as to minimize the operating
cost. In addition, this problem was solved by Diwekar and
Rubin [18], Costa and Oliviera [14] and Cardoso et al. [15].
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The mathematical model of Example 3 is given by

Min f(x, y1,y2,v1,v2) = 7.5y1 + 5.5y2 + 7vi + 6v2 + 5x
s.t. y1 +y2 =1,
z1 = 0.9[1 — exp(—0.5vy)]x1,
2 = 0.8[1 — exp(—0.4v2)]x2,
71 + 22 = 10,
X1 +x2 =x,
z1y1 + 2232 = 10,
vy < 10y,
v2 < 10y,
x1 < 20y1,
X2 < 20y,
X1, X2, 21,22, V1, V2 = 0,

y1,y2 € {0, 1}. (20)

The best solution is located at (x,yi,y2, Vi, V2)
(13.36227,1,0,3.514237,0), and the corresponding
objective function value is equal to f = 99.245209.

Example 3*: By eliminating nonlinear equality constraints,
Example 3 can be simplified as follows:

Min f(y1,v1,v2) = 7.5y1 +5.5(1 —y1) + 7Tvi + 6v2

1—
+50 )] +50 V!
0.8[1 — exp(—0.4v7)] 0.9[1 — exp(—0.5vy)]
s.t. 0.9[1 — exp(—0.5v1)] — 2y <0,
0.8[1 — exp(—0.4v2)] — 2(1 — y1) <0,
vy < 10y1,
vy < 10(1 — y1),
vi,v2 20,
y1 € {0, 1}.

The best solution of Example 3* is exactly the same as that of
Example 3. The schematic diagram of Example 3* is shown
in Fig. 9

Example 4: Example 4 is a maximization problem, and it
was solved by Costa and Oliviera [14] and Cardoso et al. [15].

2D
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TABLE 2. Coefficients for Example 4.

a1 = 85.334407
a2 = 0.0056858
a3 = 0.0006262
ag = 0.0022053

as = 80.51249

ag = 0.0071317
a7 = 0.0029955
ag = 0.0021813

ag = 9.300961

a1o = 0.0047026
a11 = 0.0012547
a12 = 0.0019085

The mathematical model is given by

Max f(x1,x2,X3,y1,y2) = —5.357854xf

The coefficients a;(i

— 0.835689y1x3 — 37.29329y; 4 40792.141

s.t. ay + azyax3 + azyxa — asgx1x3 < 92,

as + agyaxs + ary1yz + agx? — 90 < 20,

ag + ajpx1x3 + aiyixy + apxpxy —20 <5,
27 < x1,xp,x3 <45,

y1 € {78, ..., 102}, integer,

y2 € {33, ..., 45}, integer. (22)

1,...,12) can be obtained

from Table 2. The global best solution of Example 4 is
(x1,x3,y1) = (27, 27,78), and the other variables x, and y;
can combine optionally. The optimal objective function value
is equal to f = 32217 .4.

Five PSO algorithms are used to solve the above process
synthesis and design problems, and their parameters settings
are the same as those of fj — fg. Only the population size PS
is reset to 80. 50 runs are conducted in each case, and the
optimization results are shown in Table 3:
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TABLE 3. The optimization results obtained by five PSO algorithms for four problems.

Problem Algorithm fmin fmaz faver fsd
Case 1 pso™’ 2.0000 22373 2.0104 4.6767e-02
PSOT™® 2.0000 2.0118 2.0015 1.8406e-03
BBPSO 2.0000 2.0000 2.0000 1.3458e-15
BBPSO+GJ 2.0000 2.0000 2.0000 1.3458¢-15
GPSO 2.0000 2.0000 2.0000 5.0895e-08
Case 2* PSO™’ 2.1245 2.1567 2.1282 1.0041e-02
PSOT8 2.1245 2.1547 2.1263 6.1148e-03
BBPSO 2.1245 2.5578 2.1331 6.1285e-02
BBPSO+GJ 2.1245 2.5578 2.1418 8.5781e-02
GPSO 2.1245 2.1245 2.1245 2.0241e-10
Case 3* pso™’ 99.239635 99.239692 99.239643 1.27¢-05
PSO™ 99.239635 99.239726 99.239648 1.88e-05
BBPSO 99.239635 156.876392 101.545105 1.14e+01
BBPSO+GJ 99.239635 156.876392 100.392370 8.15e+00
GPSO 99.239635 99.239635 99.239635 2.98e-14
Case 4 pSO™’ 32217.42778 32217.42778 32217.42778 1.84e-011
PSOT8 32217.42778 32217.42778 32217.42778 1.84e-011
BBPSO 32217.42778 32217.42778 32217.42778 1.84e-011
BBPSO+GJ 32217.42778 32217.42778 32217.42778 1.84¢-011
GPSO 32217.42778 32217.42778 32217.42778 1.84e-011
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FIGURE 10. The average convergence curves of five PSO algorithms for
Case 1.

According to Table 3, all the five PSO algorithms can find
the best solutions for all four process synthesis and design
problems. For Case 4, they find the optimum with the success
rate 100%. For Case 1, GPSO, BBPSO and BBPSO+GJ can
find the optimum with the success rate 100%, but PSOT” and
PSO™ fail. For Case 2*, only GPSO can find the optimum
with the success rate 100%. For Case 3*, GPSO, PSOT7 and
PSO™3 can find the optimum with the success rate 100%, and
the fuer of GPSO is slightly smaller than those of PSOT’
and PSO™®. In all, GPSO has exhibited stronger convergence
and stability than the other four PSO algorithms.
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FIGURE 11. The average convergence curves of five PSO algorithms for
Case 2.

Figs.10-13 depict the average convergence curves of
five PSO algorithms for Cases 1, 2, 3 and 4. For the
first three cases, GPSO can converge to the lowest levels
at the end of generation. For Case 4, all five PSO
algorithms can achieve the highest level at the end of
generation.

By introducing a dynamic inertia weight, a new muta-
tion operator and a novel perturbation operator, GPSO has
stronger convergence and stability than the other four PSO
algorithms, and is able to obtain the optimal solutions for
most of the above problems.
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FIGURE 12. The average convergence curves of five PSO algorithms for
Case 3.

w10

3.24 . . . . : . . : :
322} g

» 32f g

=

= |

T

5378 .

3

2

2 |

Z3. i

5

o

=1

314 —pso™ g

——ps0™®
——BBRED

32 BEPS0+GJ
u ——GP30

31 . . . . | . T 7 7
010 2™ 3 40 50 B) O 80 80 W

Generation

FIGURE 13. The average convergence curves of five PSO algorithms for
Case 4.

V. CONCLUSION

In this paper, a global particle swarm optimization algo-
rithm (GPSO) is designed to solve process synthesis and
design problems. The GPSO introduces an inertia weight
based on cosine function, and adds a mutation operation
after position updating. The former enables the GPSO has
strong global searching capacity over the whole optimiza-
tion process; The latter can not only keep the diversity of
the swarm, but also prevent the GPSO from trapping into
the local optimums. Simulation results demonstrate that the
GPSO has strong convergence and stability on solving most
optimization problems, and it has higher efficiency of find-
ing the global optimums. Compared to the other four PSO
algorithms, the GPSO is more competent for process syn-
thesis and design problems. Our further work will focus on
the applications of the other metaheuristic algorithms [19]
to process synthesis and design problems, such as chaotic
krill herd algorithm [20], differential evolution algorithm
[21]-[24] and monarch butterfly optimization [25].
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