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Abstract
Minimizing the molecular potential energy function is a real-life problem which can help to predict the three-
dimensional structure of the protein by knowing its steady state of the molecules. In this paper, we propose a 
new hybrid algorithm by combining the flower pollination algorithm and the genetic algorithm in order to 
minimize a simplified model of the energy function of the molecule. The proposed algorithm is called Hybrid 
Flower Pollination and Genetic Algorithm. We use the flower pollination algorithm to balance between the 
exploration and the exploitation process in the proposed algorithm. Also, we divide the population into sub-
populations and applying the arithmetical crossover operator in each sub-population in order to increase 
the diversity of the search in the algorithm. Further, we apply the genetic mutation operator in the whole 
population in order to avoid the premature convergence and avoid trapping in local minima. Moreover, we 
compare the proposed algorithm against 3 benchmark algorithms, in order to investigate its efficiency. The 
numerical experiment results show that the proposed algorithm is a promising and efficient algorithm and can 
obtain the global minimum or near global minimum of the molecular energy function of the simplified model 
with up to 200 degrees of freedom faster than the other comparative algorithms.

Keywords
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Introduction
One of the important roles in the determination of 

ground states or stable states of certain classes of mo-
lecular clusters and proteins is to minimize their poten-
tial energy functions. In most cases, the potential ener-
gy function is nonconvex and therefore has many local 
minimizers; the minimization of the potential energy 
function is a very hard problem.

The minimization of the potential energy function 
problem can be formulated as a global optimization 
problem. Finding the steady state (ground) of the mol-
ecules in the protein can help to predict the 3D struc-
ture of the protein, which helps to know the function of 
the protein. The difficulty of the problem arises from the 
number of local minimizer of the energy function grows 
exponentially with the size the molecule [1].

Potential energy functions for proteins typically have 
multiple local minima whose number increases exponen-

tially with the number of degrees of freedom [2,3]. Many 
researchers have suggested efficient function-minimiza-
tion algorithms [4] in order to predict protein structure 
by exploiting protein-specific properties.

There are several effective methods for determining the 
native conformation of a protein using energy minimiza-
tion, for example, the truncated Newton method [5] as well 
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as a combination of the limited memory BFGS quasi-New-
ton and Hessian-free Newton methods [6], and smoothing 
methods [7]. However, few of these methods exploit sim-
ilarities of sequence-related pairs of proteins. The authors 
in [8] applied Homotopy Optimization using Perturbations 
and Ensembles (HOPE) to find the global minimizer of the 
potential energy function associated with a particular pro-
tein model. These methods require the differentiability of 
the objective function. However, computing the Jacobian 
(derivative of the objective function) is a difficult and ex-
pensive operation. Also, the objective function might be no 
smooth. This is a motivation for many researchers to devel-
op stochastic global optimization algorithms such as Swarm 
Intelligence (SI) algorithms. SI take inspiration from the 
behavior of a group of social organisms. These algorithms 
are applied to solve the energy minimization problem, for 
example, genetic algorithms [9-12] simulated annealing 
[3,13-15] random method [1,16-18] variable neighborhood 
search [19] Particle Swarm Optimization (PSO) (known as 
a stochastic swarm intelligence algorithm [20]).

This paper studies an approach based on flower pollina-
tion, namely Flower Pollination Algorithm (FPA) proposed 
in 2012 by Xin-She Yang [21] in order to solve the energy 
minimization problems. Although many researchers are 
applied the FPA to solve many optimization problems such 
as [22-27] it suffers from the premature convergence and it 
may get trapped in local minima especially when it applies 
to solve large scale global optimization problem such as the 
problem of minimization of potential energy function. In 
order to solve the problem of the premature convergence of 
the FPA, we propose a new hybrid flower pollination algo-
rithm and genetic algorithm in order to solve the molecu-
lar potential energy function minimizations. The proposed 
algorithm is called Hybrid Flower Pollination and Genetic 
Algorithm (HFPGA). The proposed HFPGA algorithm is 
based on three mechanisms. The first mechanism is ap-
plying the flower pollination algorithm with its powerful 
performance with the exploration and the exploitation pro-
cesses. The second mechanism is based on the dimension-
ality reduction and the population partitioning processes by 

dividing the population into sub-population and applies the 
arithmetical crossover operator on each sub-population. 
The partitioning idea can improve the diversity search of 
the proposed algorithm. The last mechanism is to avoid the 
premature convergence by applying the genetic algorithm 
mutation operator in the whole population. The combina-
tion between these three mechanisms accelerates the search 
and helps the algorithm to reach to the optimal or near op-
timal solution in reasonable time.

In order to investigate the general performance of the 
proposed algorithm, we test it on a scalable simplified 
molecular potential energy function with well-known 
properties established in [28].

The reminder of the paper is organized as follows. In 
Section 2, the definition of the molecular potential en-
ergy function is described. The overview of the standard 
flower pollination algorithm and genetic algorithm are 
presented in Sections 3 and 4, respectively. The proposed 
algorithm is described in detail in Section 5. The numer-
ical experimental results are presented in Section 6. The 
conclusion and future works make up Section 7.

Molecular Potential Energy Function
In this section, we present the definition of the molec-

ular potential energy function as follows.

The derivation of the potential energy of a mole-
cule comes from molecular mechanics, which describes 
molecular interactions based on the principles of New-
tonian physics. An empirically derived set of potential 
energy contributions is used to approximate these mo-
lecular interactions. We consider the molecular model 
that consists of a chain of m atoms centered at x1, . . . , 
xm, in a 3-dimensional space. For every pair of consecu-
tive atoms xi and xi+1, let ri,i+1 be the bond length which is 
the Euclidean distance between them as in Figure 1a. For 
every three consecutive atoms xi, xi+1, xi+2, let θi,i+2 be the 
bond angle corresponding to the relative position of the 
third atom with respect to the line containing the pre-
vious two as in Figure 1b. Likewise, for every four con-

         

Figure 1: (a) Euclidean distance; (b) Bond angle; (c) Torsion (dihedral) angle.
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secutive atoms xi, xi+1, xi+2, xi+3, let , 3i i+ω  be the angle, 
called the torsion angle, between the normal through the 
planes determined by the atoms xi, xi+1, xi+2 and xi+1, xi+2, 
xi+3 as in Figure 1c.

The force field potentials corresponding to bond 
lengths, bond angles, and torsion angles are defined in 
[19] as 
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Where 1
ijc  is the bond stretching force constant, 2

ijc  
is the angle bonding force constant, and 3

ijc  is the tor-

sion force constant. The constant 0
ijr  and 0

ijθ  represent 

the “preferred” bond length and bond angle, respective-
ly, and the constant 0

ijω  is the phase angle that defines the 
position of the minima. The set of pairs of atoms sepa-
rated by k covalent bond is denoted by Mk for k = 1, 2, 3. 

In addition to the above, there is a potential E4 which 
characterizes the 2-body interaction between every pair 
of atoms separated by more than two covalent bonds 
along the chain. We use the following function to rep-
resent E4:
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Where rij is the Euclidean distance between atoms xi 
and xj.

The general problem is the minimization of the total 
molecular potential energy function, E1 + E2 + E3 + E4, 
leading to the optimal spatial positions of the atoms. To 
reduce the number of parameters involved in the poten-
tials above, we simplify the problem considering a chain 
of carbon atoms.

In most molecular conformational predictions, all 
covalent bond lengths and covalent bond angles are as-
sumed to be fixed at their equilibrium values 0

ijr  and 0
ijθ

, respectively. Thus, the molecular potential energy func-
tion reduces to E3 + E4 and the first three atoms in the 
chain can be fixed. The first atom, x1, is fixed at the origin, 
(0, 0, 0); the second atom, x2, is positioned at (-r12, 0, 0); 
and the third atom, x3, is fixed at (r23 cos(θ13 ) - r12 , r23 
sin(θ13 ), 0).

Using the parameters previously defined and Eq. (1) 
and Eq. (2), we obtain
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Although the molecular potential energy function (3) 
does not actually model the real system, it allows one to 
understand the qualitative origin of the large number of 
local minimizers the main computational difficulty of 
the problem, and is likely to be realistic in this respect.

Note that E3, Eq. (1), is expressed as a function of tor-
sion angles, and E4, Eq. (2), is expressed as a function of 
Euclidean distance. To represent Eq. (3)

 as a function angles only, we can use the result estab-
lished in [29] and obtain
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for every four consecutive atoms xi, xj, xk, xl. Using the 
parameters previously defined, we have

( )( ) = 10.60099896 4.141720682 cosij ilr − ω  for all ( ) 3,i j M∈    (5)

From Eq. (3) and Eq. (5), the expression for the potential 
energy as a function of the torsion angles takes the form
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Where i = 1, . . . , m-3 and m is the number of atoms 
in the given system. as shown in Figure 1(c).

The problem is then to find ( )14 25 3, ,..., m m−ω ω ω , where 
[ ]0,5ij ∈ω , which corresponds to the global minimum of 

the function E, represented by Eq. (6). E is a non-convex 
function involving numerous local minimizers even for 
small molecules.

Finally, the function f (x) can be defined as
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and 0 ≤ xi ≤ 5, i = 1, . . . , n.

Despite this simplification, the problem remains very 
difficult. A molecule with as few as 30 atoms has 227 = 
134,217,728 local minimizers.

Standard Flower Pollination Algorithm
In the following, we will give an overview of the main 

concepts and structure of the flower pollination algorithm.

Main concepts
The Flower Pollination Algorithm (FPA) is a na-

ture-inspired population based algorithm developed by 
Yang in 2012 [21]. The main objective of the flower pol-
lination is to produce the optimal reproduction of plants 
by surviving the most fittest flowers in the flowering 
plants. The flower pollination process is an optimization 
process of plants in species.
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( )1X  = X X Xt t t t
i i j k∈+ + −                       (10)

Where X ,Xt t
i j  are pollens (solutions) from the dif-

ferent flowers of the same plant species. If Xt
i  comes 

from the same species or selected from the same popula-
tion, we have a local random walk (Lines 13-17).

Step 3.4: Evaluate each solution  in the popula-
tion and update the solutions in the population accord-
ing to their objective values (Lines 19-26).

Step 3.4: Rank the solutions and find the current best 
solution g∗.

- Step 4: Produce the best found solution so far.

Genetic Algorithm
Genetic algorithms (GAs) have been developed by J. 

Holland to understand the adaptive processes of natural 
systems [30]. Then, they have been applied to optimiza-
tion and machine learning in the 1980s [31,32]. Tradi-
tionally, GAs is associated with the use of a binary repre-
sentation but nowadays one can find GAs that use other 
types of representations (continues). GA usually applies 
a crossover operator by mating the parents (individuals) 
and a mutation operator that randomly modifies the in-
dividual contents to promote diversity to generate a new 
offspring. GAs uses a probabilistic selection that is orig-
inally the proportional selection. The replacement (sur-
vival selection) is generational, that is, the parents are 
replaced systematically by the offspring’s. The crossover 
operator is based on the n-point or uniform crossover 
while the mutation is a bit flipping.

Selection operator
The selection stage is important in GA in order to 

chose the individuals from the population for crossover 
operator. There are many kinds of selection operator 
such as roulette wheel selection, rank selection, tourna-
ment selection and elitist selections.

Mutation operator
The main role of the mutation in GA is to increase 

the exploration process of the algorithm and avoid the 
premature convergence in the population by associating 
a random number from (0,1) with each gene in each in-
dividual in the population P and mutate the gene which 
their associated number less than Pm.

Arithmetical crossover operator
An arithmetical crossover operator [33] is applied on 

each partition (sub-population) in the proposed HFPGA 
algorithm in order to explore the search space and in-
crease the diversity of the search. Procedure 1 shows the 
main steps of the arithmetical crossover operator.

Characteristics of flower pollination
The pollination process is very important for flower re-

production. The process is done by transferring the pollen 
by using pollinators such as insects, birds, bats,...etc. There 
are two major processes for transferring the pollen.

Biotic and cross pollination process: In the biot-
ic pollination, pollen is transferred from one flower to 
another flower in different plant by a pollinator such as 
insects and birds. Biotic, cross-pollination may occur at 
long distance and is considered as a global pollination 
process with pollinators performing Lévy flights.

Abiotic and self pollination process: Abiotic or self 
pollination process is a fertilization of one flower from 
pollen of the same flower of different flower of the same 
plant. In this type of pollination, wind and diffusion in 
water help pollination of such flowering plants. Abiotic 
and self pollination process are considered as local pol-
lination.

Flower pollination algorithm
We highlight the main steps of the standard Flower 

Pollination Algorithm (FPA) as follows. (Algorithm 1)

- Step 1: The algorithm starts by setting the initial val-
ues of the most important parameters such as the popu-
lation size pop, switch probability p and the maximum 
number of generations MGN (Line 1).

- Step 2: The initial population xi, i = {1, . . . , n} is ran-
domly generated and the fitness function of each solu-
tion f (xi ) in the population is evaluated by calculating its 
corresponding objective function (Lines 2-5).

- Step 3: The following steps are repeated until the 
termination criterion is satisfied, which is to reach the 
desired number of generations MGN.

 Step 3.1: The global pollination process is started 
by generating a random number r for each solution xi, 
where r ∈ [0, 1].     

Step 3.2: If r < p, the new solution is generated by a 
Lévy distribution as follows.

( )1 1X  = X Xt t t
i i iL+ + ∗+ − g            (8)

Where g∗ is the current best solution, L is a Lévy flight, 
L > 0 and calculated by the following equation. 

( ) ( )
01

2 1 , 0
sin

L s s
s λ

λΓ λ π λ
π + >           (9)

Γ (λ) is the standard gamma function and this distri-
bution is valid for large steps s > 0 (Lines 8-12).

Step 3.3: Otherwise, the local pollination process is 
started by generating a random number, ϵ, ϵ ∈ [0, 1] and 
the new solution is generated as the following
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Numerical Experiments
We test the proposed HFPGA on a simplified mod-

el of molecular potential energy function with various 
sizes and compare the results of the proposed algorithm 
against 3 benchmark algorithms. We program HFPGA 
via MATLAB and take the results of the compared algo-
rithms from their original papers. In the following sub-
section, we report the parameter setting of the proposed 
algorithm with more details. Also we present the perfor-
mance analysis of the proposed algorithm by comparing 
its results against the results of other algorithms.

Parameter setting
We summarize the parameters of the HFPGA algorithm 

with their assigned values in Table 1. These values are based 
on our preliminary numerical experiments or the common 
setting in the literature.

- Population Size pop. The experimental tests show that 
the best population size is pop = 25, increasing this number 
will increase the evaluation function values without any im-
provement in the obtained results.

- Switch Probability p. The switch probability parameter 
p is responsible of switching between the exploration and 
exploitation process in the flower pollination algorithm. In 
our experiment, we find that the best value of the p param-
eter is to set to 0.4. Increasing or decreasing this value can 
negatively effect on the results.

- Probability of Crossover Pc. We apply arithmetical 
crossover operator for each partition in the population and 
we reach that the best value of the probability of crossover 
is to set to 0.6.

- Probability of Mutation Pm. In order to avoid the pre-
mature convergence, we apply a mutation on the whole 
population with value 0.01.

- Partitioning Variables ν and η. It turns out that the best 
sub-population size is to be ν × η, where ν and η equal to 5.

Comparison between the standard flower pollina-
tion algorithm and the proposed HFPGA for min-
imizing molecular potential energy function

In order to test the efficiency of the proposed algo-
rithm, we compare the general performance of the stan-

Procedure 1 Crossover (p1,p2 )

1. Randomly choose ( )0,1λ ∈ .

2. Two offspring ( )1 1 1
1 = ,..., Dc c c  and ( )2 2 2

1 = ,..., Dc c c  are 
generated

from parents ( )1 1 1
1 = ,..., Dp p p  and ( )2 2 2

1 = ,..., Dp p p , 
where

( )1 1 2 = 1i i ic p pλ λ+ − ,

( )2 2 1 = 1i i ic p pλ λ+ − ,

 = 1,...,i D .

3. Return.

The Proposed HFPGA Algorithm
The main structure of the proposed HFPGA algo-

rithm is presented in Algorithm 2 and the main steps of 
the proposed algorithm are presented as follows (Algo-
rithm 2).

- Step 1: The proposed HFPGA algorithm starts by set-
ting its parameter values such as the switch probability p, 
the variables number at each partition ν, the number of 
solution at each population size η, partitions number Part-
no, probability of genetic crossover Pc, probability of genet-
ic mutation Pm and maximum number of iterations maxitr 
(Line 1).

- Step 2: The iteration counter t is initialized and the 
initial population is randomly generated (Lines 2-3). 

- Step 3: For each solution Xt
i  in the population, a new 

solution 1Xt
i
+  is generated by applying one of the two flow-

er pollination operators (global pollination) or (local polli-
nation) depending on the value of the generated random 
number r and the switching probability p (Lines 7-15).

- Step 4: Evaluate the fitness function of all solutions 
in the population and select an intermediate population 
from the current one (Lines 16-17).

- Step 5: In order to increase the diversity of the 
search and overcome the dimensionally problem, the 
current population is partitioned into into ν × η, where ν 
is the number of variables at each partition while η is the 
number of solutions at each population (Lines 18-21).

- Step 6: The genetic mutation operator is applied in 
the whole population in order to avoid the premature 
convergence (Line 22).

- Step 7: The solutions in the population are evaluated 
by calculating its fitness function, the iteration counter t 
is increased and the overall processes are repeated until 
termination criteria are satisfied. (Lines 23-25).

- Step 8: Finally, the best found solution is presented 
(Line 26).

Table 1: Parameter setting.

Parameters Definitions Values
pop Population size 25
p Switch probability 0.4
Pc Crossover rate 0.6
Pm Mutation rate 0.01
ν Number of variables in each partition 5
η Number of solutions in each partition 5
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ber of iterations for a simplified model of the molecule 
with different size from 20 to 200 dimensions. In Figure 
2, the solid line represents the standard flower pollina-
tion algorithm results, while the dotted line represents 
the proposed HFPGA. Figure 2 shows that the function 
values rapidly decrease as the number of iterations in-

dard flower pollination algorithm against the proposed 
HFPGA as shown in Figure 2. The main termination cri-
terion reaches to 99% of the global minimum. We set the 
same parameter values for both algorithms in order to 
make a fair comparison. We plot the results in Figure 2 
by plotting the values of function values versus the num-

         

 
Figure 2: Comparison between the standard flower pollination algorithms against HFPGA.
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in its original paper, so we put the mark (-) in GA results. 
We report the best results between the compared algo-
rithms in boldface text. The results in Table 2 show that 
the proposed HFPGA succeeds and obtains the desired 
objective value of each molecular size faster than the oth-
er algorithms in all cases.

Wilcoxon signed-ranks test
Wilcoxons test is a nonparametric procedure or dis-

tribution free test that used in a hypothesis testing sit-
uation involving a design with two samples [34-36]. As 
for the sign test, the Wilcoxon signed rank sum test is 
used to test the null hypothesis that the median of a dis-
tribution is equal to some value. It can be used either in 
place of a one-sample t-test or in place of a paired t-test 
or for ordered categorical data where a numerical scale is 
inappropriate but where it is possible to rank the obser-
vations. It is a pairwise test that aims to detect significant 
differences between the behaviors of two algorithms. ρ is 
the probability of the null hypothesis being true. The re-
sult of the test when ρ < 0.05 which indicates a rejection 
of the null hypothesis, while ρ > 0.05 indicates a failure 
to reject the null hypothesis. The R+ is the sum of positive 
ranks, while R- is the sum of negative ranks.

creases for HFPGA results than those of the standard 
flower pollination algorithm. We can conclude from 
Figure 2 that the combination between the standard 
flower pollination algorithm and genetic algorithm with 
the population partitioning mechanism can improve the 
performance and accelerate the convergence of the pro-
posed algorithm.

HFPGA and other algorithms
We compare the HFPGA against three benchmark 

algorithms Variable Neighborhood Search (VNS), (VNS-
123), (VNS-3) methods [19] and Genetic Algorithm (GA) 
[9]. In order to make fair comparison, we apply the same 
termination criterion of the other compared algorithms 
which stops the search when the algorithm reaches to 99% 
of the global minimum function value.

Comparison results between VNS-123, VNS-3, GA 
and HFPGA: Another comparison results between our 
HFPGA and other 3 benchmark algorithms. We report 
the results in Table 2 and take the results of the other 
compared algorithms from their original papers [9]. In 
Table 2, we report the Average (Avg) and the standard 
Deviation (Dev) of the evaluation function values over 
30 runs. For D > 100, the results of GA were not reported 

Table 2: Comparison results (mean number of function evaluations) between VNS-123, VNS-3, GA and HFPGA.

D Minimum VNS-123 VNS-3 GA HFPGA
20 0.82237 Avg 23,381 9887 36,626 8810

Dev 6711 2912 2057 435.02
40 -1.64473 Avg 57,681 25,723 133,581 21,450

Dev 15,692 9327 4378 1712.089
60 -2.46710 Avg 142,882 39,315 263,266 33,660

Dev 37,268 7499 10,360 3027.66
80 -3.28946 Avg 180,999 74,328 413,948 45,650

Dev 70,386 21,772 13,340 6057.77
100 -4.11183 Avg 254,899 79,263 588,827 63,300

Dev 96,691 19,650 13,057 3286.71
120 -4.93420 Avg 375,970 99,778 - 81,844

Dev 103,186 19,096 - 2043.99
140 -5.75656 Avg 460,519 117,391 - 93,124

Dev 132,113 31,104 - 2328.49
160 -6.57893 Avg 652,916 167,972 - 113,560

Dev 177,969 50,883 - 4791.97
180 -7.40129 Avg 663,722 173,513 - 124,230

Dev 176,733 37,356 - 1322.07
200 -8.22366 Avg 792,537 213,718 - 182,721

Dev 218,568 31,366 - 4657.27

Table 3: Wilcoxon test for comparison results in Table 2.

Compared methods Solution evaluations
Method 1 Method 2 R− R+ ρ-value Best method
HFPGA VNS-123 0 55 0.005062 HFPGA
HFPGA VNS-3 0 55 0.005062 HFPGA
HFPGA GA 0 15 0.043114 HFPGA
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Algorithm 1: Flower pollination algorithm.

1: Set the values of the population size pop (pollen gam-
etes), a switch probability p, where p ∈ [0,1] and maxi-
mum number of generations MGN.

2: for (i = 1; i ≤ pop; i++) do

3: Generate an initial population xi randomly. 

4: Evaluate the fitness function f(xi) for all solutions in 
the population 

5: end for{Initialization} 

6: Set t = 0 

7: repeat 

8: for (i = 1; i ≤ pop) do 

9: Generate a random number r {r is a uniform distri-
bution in [0,1]} 

10: if r < p then 

11: Generate a step vector L, which obeys a Lévy distri-
bution 

12: Set ( )1x  = x xt t t
i i iL g+ ∗+ −  {Global pollination}

13: else 

14: Choose j and k solutions among all the solutions. 

15: Generate a parameter ϵ, ϵ ∈ [0,1] 

16: Set ( )1x  = x x xt t t t
i i j k
+ +∈ −  {Local pollination}

17: end if 

18: end for 

19: for (i = 1; i ≤ pop) do 

20: Evaluate the fitness function f(xi) for all solutions in 
the population 

21: end for 

22: if  1x xt t
i i
+ <  then

23: Set 1 1x  = xt t
i i
+ +

24: else 

25: Set 1x  = xt t
i i
+

26: end if 

27: Rank the solutions and keep the best solution g∗ 

found so far in the population

28: t = t + 1

29: until t ≥ MGN

30: Produce the optimal solution.

Algorithm 2: HFPGA algorithm. 

1: Set the initial values of the switch probability p, the 
number of variables in each partition ν, the number of 
solution in each partition population size pop, partitions 
number Partno, probability of crossover Pc, probability 
of mutation Pm and maxitr. 

2: Set t = 0. 

3: Generate the initial population pop randomly. {Ini-
tialization} 

4: repeat 

5: for (i = 1; i ≤ pop) do 

6: Generate a random number r {r is a uniform distri-
bution in [0,1]}

7: if r < p then 

8: Generate a step vector L, which obeys a L´evy distri-
bution

9: Set ( )1x  = x xt t t
i i iL g+ ∗+ −  {Global pollination}

10: else 

11: Choose j and k solutions among all the solutions. 

12: Generate a parameter ϵ, ϵ ∈ [0,1]

13: Set ( )1x  = x x xt t t t
i i j k
+ + ∈ −  {Local pollination}

14: end if 

15: end for 

16: Evaluate the fitness function of all solutions 
( )1t

if x +

17: Apply Genetic algorithm selection operator. 

18: Partition the population n into ν × η partitions. 
{Partitioning process} 

19: for (i = 1; i < Partno) do 

20: Apply arithmetical crossover operator on each parti-
tion as shown on Procedure 1. 

21: end for 

22: Apply genetic algorithm mutation operator. 

23: Evaluation the new population pop. {New popula-
tion evaluation} 

24: t = t + 1 

25: until t ≥ maxitr {Termination criteria are satisfied} 

26: Produce the optimal solution.
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