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Abstract. In order to address the problem that the harmony search and particle swarm
optimization algorithms are easy to fall into local optimum when solving high-dimensional
complex problems, a particle swarm optimization algorithm based on multi-subgroup harmony
search (i.e. PSO-LHS) is proposed. With respect to the PSO-LHS, we introduce the Levy flight
and give the parameter adaptive adjustment method in the harmony search algorithm. By the aid
of a hierarchical search strategy for enhancing the global search ability of PSO-LHS, the bottom
layer is composed of a series of sub-populations with the Levy flight harmony search algorithm.
Moreover, the upper layer consists of the optimal individuals of each sub-population to form an
elite group, and the particle swarm algorithm is used for improving the accuracy of local search.
In the process of searching, the sub-population exchanges information with the upper elite to
improve the diversity and search efficiency of the population. The experimental results
demonstrate that our PSO-LHS algorithm has better efficiency and global convergence
compared with HS, PSO and improved HS algorithm.
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1 Introduction

Optimization problems generally exist in many fields such as scientific research, engineering technology,
and economic management. In view of the disadvantages of traditional optimization methods such as low
computational efficiency and easily fall into local optimization, in recent years, the intelligent
optimization algorithm represented by harmony search and particle swarm optimization algorithms have
been rapidly developed and widely used [1]. The intelligent optimization algorithm is easy to realize and
has a wide range of applicability. However, the intelligent optimization algorithm is easy to fall into the
local optimal solution in the optimization process, because it does not rely on the analysis of the
mathematical model of the objective function [2]. In order to overcome the shortcomings of intelligent
optimization algorithms, various improved methods have been studied to enhance their search
performance, and can be roughly categorized into two types. One is to modify the algorithm itself,
including improvement of algorithm parameters [3], improved incremental structure, strengthen local
search [4], improve mutation operator to enhance population diversity [5] and so on. The other is fusion
algorithm. For example, Chegini et al. [6] combined the PSO algorithm, the sine and cosine algorithm,
and the position update equation in the Levy flight method to improve the exploration ability of the PSO
algorithm; Assad et al. [7] proposed a new algorithm based on a mixture of harmony search and
simulated annealing and inherited its advantages through complementary algorithms; Ouyang et al. [8]
introduced a new global speed update strategy and proposed a hybrid harmony search particle swarm
optimization algorithm with global dimension selection, which accelerates the convergence speed of the
HS algorithm.

* Corresponding Author

116



Journal of Computers Vol. 31 No. 6, 2020

Generally, both HS and PSO algorithms have well performance in the face of small-scale optimization
problems. However, as the actual optimization problem becomes more and more complex, their
optimization efficiency and the solution quality appear to be “inadequate.” In view of the almost
complementary advantages of HS and PSO, many scholars have combined these two algorithms to learn
from each other’s strengths and weaknesses, and have developed algorithms with the better performance
[9]. At present, there are two main ways of combining HS with PSO.

(1) Introduce the basic operation of the harmony search algorithm into the PSO algorithm to improve
the performance of the PSO algorithm [10], or the basic operation of the PSO algorithm is introduced
into HS calculation [12] to improve the performance of HS algorithm.

(2) Mix the two algorithms with equal status. For example, Zhao et al. [15] adopted the evolutionary
method of group multiples, combining harmony search with particle swarm optimization; Chen et al. [16]
introduced a dynamic crossover operation and proposed a dynamic crossover particle swarm optimization
algorithm based on harmony search combined with the random search capability of HS.

Based on the above review of improved intelligent optimization algorithms and the development trend
of HS and PSO hybrid optimization algorithms, we propose a new PSO-LHS algorithm that combines
with the advantages of these two improved methods of optimization algorithms. Not only the parameters
of the algorithm are modified, but HS and PSO are combined in a new way to make overall
improvements. The technical achievements main contributions of this article are as follows:

(1) In order to improve the empirical value of traditional HS algorithm parameters, levy flight is
introduced to improve HS parameters, and a harmony search algorithm based on levy flight is proposed.

(2) In order to enhance the diversity of the population, the levy-based flight HS algorithm is divided
into multiple sub-populations; the hierarchical search strategy is used, and combined with the particle
swarm optimization algorithm, the local search and global search of the effective coordination algorithm
are effectively coordinated.

(3) The fusion mode of PSO-LHS algorithm can not only combine PSO and HS but also theoretically
combine any two or more evolutionary algorithms, which can derive many hybrid evolutionary
optimization algorithms.

(4) Experimental results simulated on benchmark functions demonstrate the effectiveness and
superiority of the PSO-LHS algorithm.

The rest of this paper is organized as follows. Section 2 reviews the basic theories of HS and PSO
optimization, the advantages and shortcomings of the existing methods are analyzed in depth as well.
Then the detail of the improved algorithm is shown in section 3. Finally, experimental results and
conclusions are made in section 4 and section 5, respectively.

2 Related Work

Harmony search (HS) is a new type of intelligent optimization algorithm proposed by Geem in 2001 [17].
It simulates the principle and process of music tuning. In the HS algorithm, a solution component is
randomly generated in the harmony memory HM if a random in the range of (0,1) is less than the
memory access probability HMCR, otherwise, a variable is randomly generated in the search space. If the
generated solution is a solution variable selected from HM, fine-tuning is performed using the bandwidth
BW. The update process of the traditional harmony search algorithm is defined as follows:

,r€(0,1). )]

i

{x +r*BW, 1<PAR

new
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1

Particle swarm optimization (PSO) is a new swarm intelligence optimization algorithm proposed by
Kennedy and Eberhart in 1995 [18]. In the PSO algorithm, the position of each particle represents a
candidate solution in the search space, and the particle has two characteristics of position and velocity.
The update equations for standard particle swarm optimization speed and position are defined as follows:
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Where v, and x, represent the velocity vector and position vector of the i-h particle, respectively; @
is the inertia weight; p, represents the individual extreme value; ¢, and ¢, are acceleration constants; 7
and r, are two random numbers uniformly distributed in the range of (0, 1).

Harmony search and particle swarm optimization are heuristic intelligent optimization algorithms.
They have their own characteristics and advantages but also have some shortcomings. The harmony
search algorithm owns a strong global search ability, but has the poor local search ability, slow
convergence rate and low search efficiency in the late evolution. By contrast, the particle swarm
optimization has a fast convergence speed, but its global search capability is poor, since the fast
convergence speed results in the quick decrease of population diversity decreases and the issue of
premature convergence.

According to the introduction, there are two main ways to combine HS and PSO. One way is to use
one algorithm to improve the other [10]. To some extent, this method improves the convergence
performance of the algorithm, but it is not enough to change the essential characteristics of the algorithm
optimization. Another way is to mix the two algorithms with equal status [15]. This hybrid approach
faces the same problem, that is, the two algorithms are in the same position, the division of labor between
the two is not clear, and their respective advantages have not been fully utilized. Therefore, there is still a
lot of space worth digging in the fusion of harmony search and particle swarm optimization. This paper
proposes a new particle swarm optimization algorithm for multi-subgroup harmony search. Starting from
the organizational structure of the individual, the PSO-LHS algorithm adopts the hierarchical structure to
separate the global search and the local search, which not only speeds up the convergence speed, but also
effectively balances the local search ability of the global search.

3 Harmony Search Algorithm Based on Levy Flight (LHS)

In the traditional HS algorithm, the harmony memory considering rate (HMCR), pitch adjustment rate
(PAR), and bandwidth (BW) are fixed based on experience, which affects the search performance of the
algorithm. In order to overcome the shortcomings resulting from the constant parameter, the levy flight is
introduced to improve the performance of the HMCR and BW algorithms.

In the traditional harmony search algorithm, HMCR, PAR and BW are selected according to
experience. But when the algorithm starts to run, the smaller HMCR, PAR and larger BW are beneficial
to the global search of this algorithm. When the algorithm is iterated multiple times, the larger HMCR,
PA, and smaller BW make it easier for the algorithm to find the optimal solution in the local range.
According to the above considerations, the dynamic adaptive adjustment of HMCR, PAR and BW are
carried out. The expressions are defined as follows:

HMCR,_ — HMCR
T

max

HMCR, = HMCR . + o min £) + (1— a)levy(s) . 4

Where ¢ is the current iteration number; HMCR_,
rate; HMCR

is the maximum of harmony memory considering

X

is the minimum of harmony memory considering rate; 7, is the maximum number of

n

iterations; Levy(s) is Levy Flight Random Walk Strategy, s is the step size, i.e. levy(s) =ﬁ, where
1%

# and v are drawn from normal distributions. That is, where ,LlNN(O,O'i),V~N(0,1), O'z =

(L0t pysinzp/2)
T+ p)/2]p277""

function that satisfies the variance of 1, i.e. @ ~ N(u,1), where the expected value u is determined by

1
v 3 . . o .
VB :E’ is the Gamma function; & represents a normal distribution density

the number of iterations of the algorithm.

PAR_. — PAR

PAR, = PAR_, + ma"ﬁ/z ™ gr tan(f) 5)
BW =a, @ Levy(s). 6)
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Where PAR_, represents the maximum of pitch adjustment rate and PAR ; represents the minimum

min

of pitch adjustment rate; @ is point multiplication; a, represents step size control, the value is calculated
by using the square root of the expected population mean of HS algorithm, which satisfies the

requirement a, = JE(®x) .
4 Particle Swarm Optimization Algorithm Based on Multi-subgroup Harmony Search

Based on a full analysis of the harmony search and particle swarm optimization search mechanism and
information flow mechanism, the two algorithms are combined in a hierarchical structure, so that the new
algorithm can not only jump out of the local optimum but also coordinate well local search and global
search.

The organization of individuals in the PSO-LHS algorithm is shown in Fig. 1. The bottom layer is
composed of n sub-populations with the Levy flight harmony search algorithm ( LHS,, LHS,,...,LHS, ),

which is mainly responsible for global search; the optimal individual of each sub-group of the bottom
layer constitutes the upper elite group, which is evolved by PSO algorithm. It is mainly responsible for
the local search of the elite group and accelerates the convergence speed of the algorithm. The PSO-LHS
algorithm can be divided into the following two stages.

PSO

upper layer

bottom layer

x Information exchange

LHS

Fig. 1. PSO-LHS combination mode

Phase 1: Use the LHS algorithm for global search while providing initial values for the upper PSO
algorithm

Firstly, randomly initialize n-population, denoted as LHS,,LHS,,...,LHS, , and each sub-population

runs the LHS algorithm independently. Secondly, after iterating a certain number of algebras,
information interaction between different sub-populations is performed, and one individual is randomly
selected from each sub-population and communicates with randomly generated individuals in the other
two sub-populations. Finally, optimal individuals of each sub-population are selected to form the upper
elite group as the initial value of the upper PSO algorithm.

Phase 2: Co-evolution of upper PSO algorithm and LHS sub-population

In the optimization process, two algorithms are iterated alternately and judged by whether the stopping
criterion is satisfied or not. That is, the optimal individual of each sub-group at the bottom layer
constitutes the upper elite group. After several algebras carried out by the PSO algorithm, the stopping
criterion is judged. If the stopping criterion is satisfied, the result is output and the algorithm stops;
otherwise, the worst individual in each sub-population is selected to communicate with the best
individual in the elite group, and the worse individual is accelerated to the optimal individual. At this
point, the entire algorithm ends. The n sub-groups restart the operation of the LHS algorithm and
continue to cycle until the stop criterion is satisfied.

The evolutionary process design of the PSO-LHS algorithm is shown in Fig. 2.
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Initialization of n sub-
populations of LHS
algorithms and termination
criteria
)

n sub-populations independently run
the LHS algorithm a certain number of

times

phase 1 4 l

Randomly select one individual in
each subgroup to communicate with
individuals randomly generated from
the other two subgroups

Is the new solution
better than the old solution?

sccer

N

Take the best individual of each LHS
subgroup to form the upper elite group

L

The PSO algorithm is used to initialize
the particle velocities and iterate a
certain number of times

phase 2 |

Termination criteria?

\I/ N
select the worst individual in each

subgroup to communicate with the best
individuals in the elite group

Is the new solution
better than the old solution?

accept

Fig. 2. PSO-LHS flow chart
4.1 Information Exchange between the Sub-populations at the Bottom

In order to strengthen the information interaction between different sub-populations in the evolution
process and enhance the diversity of the population, one individual in each population is randomly
exchanged with the individuals in the other two sub-populations randomly generated. The specific steps
are defined as follows:

Step 1: In the ¢-th iteration, randomly select an individual x,,,, from the sub-group LHS,;

Step 2: In other two sub-groups LHS LHS randomly generate an individual x LS00 >

%n+l 7 iY%n+2
X .
LHS;942 °

Step 3: Update X, as follows:

new

Xims; = Xwns, + r(xLHSi%nH T XLHS 12 ) iff(xLHSi%n+1 )2 'f(xLHSi%n+2 )

re(0,1). @)

new

Xrus, = Xrws, T r(xLHS,-%Mz _xLHS[%,H]) > iff(xms,-l,/ﬂ,,+l )< f(xLHS‘-%,HZ)

Step 4: If f(x]ys ) is better than f(x,,5 ), accept x;j , otherwise x,,; will not change.
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4.2 Information Exchange between the Sub-populations at the Bottom

In order to speed up the searching speed of the algorithm, the worst individuals in each sub-population
are selected to communicate with the best individuals in the elite population, and the poorer individuals
are accelerated to approach the best individuals. The specific steps are defined as follows:

Step 1: For the ¢-th iteration, find the best individual Gbest in the elite group;

Step 2: Find the worst individual x _» ineach sub-population;

worst; (i=1,2,..

Step 3: Make the worst individual learn from the best individuals in the elite group, as follows:

Xpew, = Xrpory, T1(GeSE' —x, ) 7€ (0,1). 8)

new; — “worst;

Step 4: 1If f(x

new;

) is better than f(x,,,, ), accept x, otherwise x will not change.

new; worst;

4.3 Global Convergence of PSO-LHS Algorithm

In reference [19], Solis and Wets prove that the stochastic optimization algorithm converges to the global
optimal solution with probability 1. On this basis, this paper proves the global convergence of the PSO-
LHS algorithm.

Hypothesis. 1: for the optimization problem <ux,f >, if f(D(x,£)< f(x), and £e€X , then

f(D(x,8))<min{ f(x), f(&)} . Where X is the feasible solution space, f is the fitness function, and &

is the solution that D the algorithm has searched in this iteration process.
Hypothesis. 2: for any Borel subset A in X, if its Lebesgue measure v(A4)>0 , then there is

1_[(1—,ul (A4)) =0 among them,  (A) is the probability obtained by measuring 1, .
t=1
Lemma assumes that the objective function f solved by the algorithm is a measurable function, and

its solution space X is a measurable subset and satisfies hypothesis 1 and hypothesis 2. Let {P,} 7 be

the sequence of solutions generated by the algorithm, then lim, , [F,, €R,]=1 among them,

I~>oo[

P[P,, € R,] is the probability of the solution P,, € R, generated by the 7-th iteration of the algorithm,
and R, is the set of global optimal points.

Theorem. LHS-PSO algorithm converges to the global optimal solution with probability 1.
Proof. Let the iterative function D of the LHS-PSO algorithm is:

{Pg,t s f(B )< f(x,)
¥ ’xi,t) =

D(P, :
X S (B ) > f(x,)

g

€)

Where 7 is the number of iterations, P, is the global best positions for the 7-zh iteration update of

t
PSO and x;, is the global best positions for the #-th iteration update of LHS.
Prove that it satisfies hypothesis 1:

D(Rb,’,,xl.,,) ZR, = D(Pg,,,xl.’,) & Rg,W <t. (10)
1—1
P(D(P,,,x,) € X\R) <[]~ (R,)). 1)
t=0
-1
P(D(P,,,x,,) € X)=1-P(D(P, ,.x,) € X \R ) 21-TT(1- 4 (R,)). (12)

t=0

It can be proved that it satisfies hypothesis 1.
Prove that it satisfies hypothesis 2: Let Y, for the LHS algorithm in the #-#4 iteration to search solution.

If the LHS algorithm is run alone, Y, converges to the global optimal solution R with 1. In the LHS-PSO
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algorithm, for Y, satisfying f(Y,)> f(F,,), the next generation is P,
lim, , P{Y, eR}=1.

which is easy to prove:

e

1>lim,_,, P{Y eR}> 1-ﬁ(1 — 1, (A))=1. (13)

t=1
When f(Y,)< f(F,,), the union of the particle swarm sample space must contain the solution space

X,ie. XcU_ M

ito

For particles i,, M, , =X satisfying x,

I

where M, is the support set of the particle i sample space in the 7-th generation.

=F, =P, , for other particles i satisfying:

M, =x,(t =D+ o(x,(1 =1) = x,(t =2) + G\ (B,, =X, =D)) + D, (F, ., —x,(t=1)). (14

Where 0<U <¢,, 0<,<c,. . When formula (11) is established, obviously there is
v(M,, " X)<ov(X). max(c|P, X i b6 | Py X, ;i )<0.5*diam;(X), Where diam (X)

i,7,t—1 A ,Jst-1 -
represents the length of X in the j-r7 dimension component. Because x;, —>c¢F +c¢,b,/c,+c,

lim,,, M, =0. As the number of iterations t increases, v(M,, N X)<v(X). But because of M, . =X,

soU’, M, , =X, The Borel subset A=M,,, which defines X, has U(A)zz,ul.’,(A)zl. Thus it can be
i=1
proved that hypothesis 2 is satisfied.
According to the lemma, the PSO-LHS algorithm converges to the global optimal solution with

probability 1, so the theorem holds.

5 Experimental Results and Analysis

In order to verify the advantages of the proposed algorithm in global search ability, search speed and
stability, the harmony search algorithm (HS), particle swarm optimization algorithm (PSO) and the
harmony search algorithm with Levy flight (LHS) are selected for experimental comparison. In this paper,
3 unimodal functions, 7 simple multimodal functions and 10 hybrid functions in CEC2017 are introduced
to be tested in the case of high dimensions D=50 and 100, respectively. The search scope of the function

is [100,—100]", and the experimental results are given in Table 2.

Table 1 lists the parameters of each algorithm, among which HS, PSO, and LHS adopt a single
population, the number of individuals is set to 60, the number of iterations 7. =1000, o ~ N(25.5,1).

The PSO-LHS algorithm proposed in this paper uses 6 sub-groups, 10 individuals per sub-population,
and the optimal individuals of each sub-population constitute the upper elite group. The iteration stops
for 50 rounds, and the LHS and PSO run for 20 generations in each round. During optimization, the
algorithm randomly initializes individuals in the search space. In order to exclude randomness, the
experiment is run 25 times independently, and the optimal value, average value, worst value, and
variance are recorded as comparative evaluation indexes. The experiment is simulated based on the
python3.7+pycharm2018 platform.

Table 1. Algorithm parameter settings

Algorlthm wmax wmin cl CZ BW PAR HMCR PARmax PARmin HMCRmax HMCRmin pop pop max
num S17€
PSO 09 04 14962 14962 — — — — — — — 1 60 1000
HS — — — — 0.01 099 02 — — — — 1 60 1000
LHS — — — — — - — 0.99 0.01 0.99 0.1 1 60 1000
PSO-LHS 09 0.4 14962 14962 — — — 0.99 0.01 0.99 0.1 6 10 50/20

In Table 2, the optimal value and the average value are used as evaluation items. The smaller the
optimal value is, the better the optimization effect will be. If the optimal value is the same, compare the
mean value. The smaller the mean value is, the better the optimization effect will be. It can be seen from
the situations marked in bold in Table 2 that PSO-LHS has a better optimization effect for unimodal
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functions, simple multimodal functions, and hybrid functions. Compared with the 50 and 100 dimensions,
the results of LHS algorithm in the F, ~ F,, F,, F,,, F,, F; and F,; functions are better than those in

the 50 dimension, and the optimization results of other functions in the 50 dimension are better than those
in the 100 dimension. Therefore, in the practical application, we should choose the appropriate
dimensions for different optimization problems, so as to obtain better optimization results. In general, the
PSO-LHS algorithm has strong global search ability. The optimization performance of a single peak,
multi-peak and mixed function is better than that of a single algorithm. It is not easy to fall into a local
optimum, has a faster optimization speed, and also obtains a better solution than a single algorithm.

Table 2. Comparison results of HS, PSO, LHS and PSO-LHS algorithms

HS PSO LHS PSO-LHS

Best Worst Mean Var Best Worst Mean Var Best Worst Mean Var Best Worst Mean Var

50 8.73E 9.56E 9.39E 1.75E 7.19 2.13E 1.39E 3.01E 9.93E 2.87E 1.41E 2.42E 5.14E 1.32E 2.10E 1.17E
F +01 +01 +01 +02 E+00 +01 +01 +01 +00 +01 +01 +01 +00 +02 +01 +02
! 100 9.27 9.53E 9.53E 1.93E 1.68 4.59E 1.79E 2.21E 3.82E 8.57E 6.92E 8.29E 1.18E 4.59E 1.92E 1.94E
E+01 +01 +01 +02 E+01 +01 +01 +01 +01 +01 +01 +01 +01 +01 +01 +01

50 1.07E 1.24E 1.06E 2.10E 1.11E 1.29E 1.06E 2.21E 7.19E 5.92E 1.27E 1.17E 6.83E 2.10E 1.50E 1.04E

F +02 +02 +02 +02 +02 +02 +02 +02 +00 +01 +01 +02 4+00 +02 +01 +02

? 100 9.22E 1.07E 9.22E 9.22E 1.05E 1.28E 1.04E 1.24E 1.48E 1.40E 1.41E 1.43E 1.48E 1.42E 1.41E 1.40E

F

+01  +02 +01 +01 +02 +02 +02 +02 +01 +02 +02 +02 +00 +02 +02 +02

50 7.65E 439E 2.42E 1.33E 1.89E 1.15E 9.60E 1.34E 3.26E 2.01E 7.48E 1.66E 5.26E 4.72E 3.09E 2.52E

F, +00 +01 +01 +01 +01 +01 +01 +02 +00 +01 +00 +01 +00 +01 +01 +01
100 3.75E 2.38E 9.65E 147E 2.83E 8.91E 8.44E 9.55E 3.62E 1.65E 1.95E 1.20E 1.91E 4.43E 3.11E 2.76E
+00 +01 +00 +01 +01 +01 +01 +01 +00 +01 +01 +01 +00 +01 +01 +01

50 1.43E 2.37E 1.44E 2.19E 4.89E 4.90E 4.89E 2.93E 9.73E 2.90E 1.44E 2.35E 6.21E 4.91E 4.91E 4.89E

F, +01 +01 +01 +01 +01 +01 +01 +01 +00 +01 +01 +01 +00 +01 +01 +01
100 798E 1.80E 2.28E 1.12E 9.89E 9.90E 9.89E 9.76E 1.03E 2.79E 1.62E 1.62E 1.61E 2.79E 2.69E 2.79E
+00 +01 +01 +01 +01 +01 +01 +01 +01 +01 +01 +01 400 +01 +01 +01

50 6.19E 1.86E 2.28E 1.05E 5.62E 1.56E 1.31E 1.02E 3.33E 2.54E 1.15E 2.30E 3.09E 4.55E 5.01E 5.23E

F. +00 +01 +01 +01 +00 +01 +01 +01 +00 +01 +01 +01 +00 +01 +00 +00
100 1.59E 2.71E 245E 1.69E 5.13E 1.18E 8.28E 1.02E 8.70E 8.73E 6.83E 1.42E 3.36E 4.13E 3.52E 3.89E

+01 +01 +01 +01 +00 +01 +00 +01 +00 +00 +00 +01 +00 +00 +00 +00

50 7.68E 2.60E 2.13E 1.50E 7.08E 2.10E 7.08E 7.08E 7.08E 1.02E 6.81E 6.60E 6.26E 2.13E 2.06E 1.83E

F, -0 +01 +01 +01 -01 -01 -01 -01 -01 +01 +00 +00 -01 +01 +01 +01
100 5.62E 5.13E 2.38E 2.96E 7.08E 2.98E 7.08E 7.08E 3.00E 2.30E 1.45E 3.32E 4.92E 4.14E 3.91E 4.10E

-01 401 +01 +01 01 -01 -01 -01 +00 +01 +01 +01 -01 +01 +01 +01

50 4.68E 5.09E 1.70E 8.67E 6.96E 7.54E 2.23E 7.54E 3.87E 7.12E 9.51E 2.50E 4.81E 9.65E 8.76E 8.15E

F, -02 +05 -01 +03 +00 +05 +01 +05 -03 +03 +01 +02 -04 +01 +00 +00
100 2.778E 1.17E 5.61E 1.68E 7.80E 1.38E 5.37E 7.21E 1.68E 3.38E 3.71E 6.53E 1.56E 8.72E 5.37E 6.02E
+00 +06 +00 +04 +00 +06 +01 +00 +00 +04 +02 +02 +00 +02 +00 +00

50 8.63E 9.70E 9.74E 8.84E 6.57E 7.89E 6.78E 7.88E 8.17E 9.12E 8.26E 9.15E 4.65E 6.48E 6.35E 5.64E

F +01 +01 +01 +01 +01 +01 +01 +01 +01 +01 +01 +01 +01 +01 +01 +01
100 8.53E 9.34E 9.63E 8.53E 6.24E 6.06E 6.69E 6.34E 7.41E 9.05E 8.00E 9.00E 5.42E 6.92E 6.62E 6.83E

+01 +01 +01 +01 +01 +01 +01 +01 +01 +01 +01 +01 +01 +01 +01 +01

50 5.04E 1.09E 6.12E 8.59E 4.62E 8.63E 5.14E 5.49E 5.33E 5.26E 8.80E 2.14E 5.07E 5.85E 5.34E 5.45E

F +00 +08 +00 +04 +00 +07 +00 +00 +00 +05 +02 +03 +00 +00 +00 +00
100 7.74E 1.46E 299E 1.53E 8.35E 1.61E 9.77E 2.07E 9.91E 1.95E 2.14E 4.40E 8.13E 1.22E 1.03E 8.72E

+01 +08 +02 +05 +00 +08 +00 +01 400 +06 +03 +03 +00 +01 +01 +00

50 2.09E 4.00E 2.09E 2.16E 2.09E 3.36E 2.10E 2.10E 1.95E 2.10E 2.10E 2.09E 1.17E 2.09E 2.09E 2.09E

F, +04 +04 +04 +04 +04 +04 +04 +04 +01 +04 +04 +04 -02 +04 +04 +04
100 4.19E 4.25E 4.19E 4.18E 4.19E 4.25E 4.19E 4.19E 5.82E 4.19E 4.19E 4.19E 2.89E 4.19E 4.19E 4.19E

+04 +04 +04 +04 +04 +04 +04 +04 +00 +04 +04 +04 -02 +04 +04 +04

50 897E 1.19E 891E 1.75E 2.19E 9.23E 9.49E 9.52E 7.13E 2.51E 7.57E 2.10E 6.59E 3.32E 1.53E 1.49E

F, +01 +02 +01 +02 +01 +01 +01 +01 +00 +01 +00 +01 +00 +01 +01 +01
100 9.82E 1.08E 9.55E 1.93E 2.56E 8.80E 7.69E 1.04E 1.15E 1.88E 1.31E 1.69E 1.05E 2.63E 1.74E 1.99E

+01  +02 +01 +01 +01 +01 +01 +02 +01 +01 +01 +01 401 +01 +01 +01

50 7.21E 9.51E 7.19E 1.73E 3.92E 1.14E 9.32E 9.66E 9.16E 2.23E 1.05E 2.37E 5.99E 3.47E 3.05E 4.05E

F, +01 +01 +01 +01 +01 +02 +01 +01 +00 +01 +01 +01 -01 +01 +00 +01
9.57E 9.68E 9.47E 1.93E 3.53E 9.57E 8.67E 9.60E 1.35E 3.56E 3.07E 2.20E 7.04E 1.29E 2.55E 8.27E

100070017 401 401 +01 401 +01  +01 +01 401 401 +01 401 +00 +01 +01 ~+00

123



A Particle Swarm Optimization Algorithm Based on Multi-Subgroup Harmony Search

Table 2. Comparison results of HS, PSO, LHS and PSO-LHS algorithms (continue)

HS PSO LHS PSO-LHS

Best Worst Mean Var Best Worst Mean Var Best Worst Mean Var Best Worst Mean Var

50 2.07E 2.19E 2.09E 1.17E 9.00E 2.19E 2.17E 2.12E 3.41E 2.11E 1.95E 1.69E 8.96E 2.16E 2.17E 2.13E
F +01 +01  +01 -02 -03 +01 +01 +01 +00 +01 +01 +01 -03 +01 +01 +01
B 100 2.09E 2.19E 2.10E 3.80E 4.56E 2.18E 2.17E 2.13E 9.24E 2.12E 2.04E 8.48E 2.94E 2.16E 2.14E 2.13E
+01 +01 +01 -03 -03 +01 +01 +01 -02 +01 +01 +00 -03 +01 +01 401

50 4.63E 548E 4.85E 3.48E 4.46E 5.56E 5.29E 2.34E 4.40E 4.95E 4.85E 1.09E 2.83E 5.11E 4.96E 1.07E

F +03 +03 +03 +04 +03 +03 +03 +04 +03 +03 +03 +04 +03 +03 +03 +04
1 100 9.19E 9.65E 9.41E 9.24E 9.03E 9.87E 9.68E 1.10E 9.14E 1.74E 9.30E 9.38E 8.07E 9.69E 8.56E 8.60E
+00 +00 +00 +00 +00 +00 +00 +01 +00 +01 +00 +00 +00 +00 +00 +00

50 7.80E 8.91E 9.70E 3.20E 5.61E 7.27E 7.95E 1.30E 1.59E 1.01E 4.53E 9.24E 1.24E 4.56E 2.67E 3.92E

F -01 +02  -01 +02 +00 +02 +00 +01 -01 +01 +00 +00 -01 +01 +00 +00
» 100 1.17E 1.22E 1.46E 5.73E 2.08E 1.97E 2.22E 2.22E 8.86E 7.49E 1.53E 3.01E 5.28E 2.10E 1.18E 1.24E
+00 +03 +00 +02 +00 +03 +00 +00 -01 +01 +01 +01 -01 +01 +00 +00

50 1.06E 3.87E 3.87E 3.87E 8.24E 3.87E 3.87E 3.87E 3.04E 3.87E 3.87E 3.87E 1.44E 3.87E 3.87E 3.87E

F, -14 -03 -03 -03 -1 -03 -03 -03 -1s -03 -03 -03 -1 -03 -03 -03

100 3.56E 9.82E 9.82E 9.82E 4.02E 9.82E 9.82E 9.82E 1.22E 9.82E 9.82E 9.82E 1.09E 9.82E 9.82E 9.82E

F

-18 04 -04 -04 -18 -04 04 -04 -18 -04 -04 -04 -18 -04 -04 -04

50 1.20E 6.53E 1.67E 2.24E 8.41E 7.86E 2.56E 3.18E 2.71E 4.52E 2.49E 6.24E 6.46E 2.64E 1.94E 1.35E

E, +00 +04 +00 +03 -01 +04 +00 +00 +00 +02 +01 +01 -02 +00 +00 +00
100 1.73E 5.48E 2.33E 2.21E 1.07E 4.50E 2.98E 5.03E 2.47E 7.28E 3.20E 7.59E 3.77E 2.83E 1.73E 1.45E

+00 +04 +00 +03 +00 +04 +00 +00 400 +02 +01 +01 -01 +00 +00 +00

50 1.93E 3.95E 5.35E 2.02E 5.00E 6.97E 5.00E 5.01E 8.50E 5.46E 2.82E 7.14E 4.47E 5.96E 5.27E 5.04E

F, +00 +08 +00 +05 -01 +08 -01 -01 -01 +06 +03 +03 -03 -01 -01 -01
100 1.00E 7.16E 2.29E 3.87E 5.00E 9.03E 5.00E 5.00E 7.59E 2.32E 8.71E 1.69E 1.29E 5.45E 5.11E 3.47E
+02 +08 +02 +05 -01 +08 -01 -01 +01 +07 +03 +04 -03 -01 -01 +02

50 4.05E 3.60E 4.19E 2.24E 6.05E 3.83E 6.35E 6.51E 6.51E 1.23E 8.43E 8.02E 1.65E 1.72E 1.67E 2.86E
+00 +01 +00 +01 +00 +01 +00 +00 +00 +01 +00 +00 -01 +02 +02 +01
1.15E 4.11E 1.22E 2.24E 8.86E 4.26E 9.13E 1.14E 9.02E 1.83E 1.13E 1.60E 3.34E 3.63E 3.44E 3.62E

+01  +01 401 +01 +00 +01 +00 +01 400 +01 +4+01 4+01 -01 +02 +02 +02

50 1.14E 3.83E 2.38E 1.53E 9.67E 3.69E 2.66E 1.62E 6.82E 5.97E 2.50E 3.11E 4.27E 3.34E 8.64E 2.37E
+00 +02 +00 +02 +00 +02 +00 +01 _-02 +00 +00 +00 -04 +00 -04 -03

100 291E 1.58E 4.44E 1.39E 1.67E 1.70E 2.80E 1.81E 3.57E 8.54E 4.95E 4.39E 1.84E 3.80E 3.17E 1.53E
+00  +02 400 +02 +00 +02 +00 +00 -01 +00 +00 +00 -14 -07 -07 -07

100

£

In addition to numerical comparison, we illustrate the operation of the algorithm in specific functions
to get the convergence of each function more clearly. The data used in the figure is the average value of
25 independent optimizations of the algorithm. The abscissa is the evolutionary algebra and the ordinate
is the optimal value. Fig. 3 and Fig. 4 show the optimization effect of each algorithm in different
dimensions of the unimodal function F|. Fig. 5 and Fig. 6 show the optimization effect of each algorithm

in dimension 100 of the simple multimodal function F, and hybrid function F 5. From Figures 3 to 6, it

can be clearly seen that PSO-LHS can converge with fewer iterations in different dimensions, and has
fast optimization speed as well as high stability. Compared with LHS, the convergence of the LHS
algorithm is better than the HS algorithm. Therefore, the use of levy flight has a good effect on the
improvement of parameters, and combined with the PSO algorithm, the proposed PSO-LHS algorithm
not only maintains the original fast optimization speed, but also has better stability in the later stages.

x10' 5 x1ott
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1 PSO 25 PO
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6 Conclusions

This paper proposes a particle swarm optimization algorithm (PSO-LHS) based on multi-subgroup and
harmony search. The multi-subgroup structure can better maintain the diversity of the population and is
beneficial to the global search. Levy flight is introduced to perturb the parameters of the harmony search
algorithm to get rid of the problem that falls into local optimum. Particle swarm optimization is used to
search local elite groups to speed up convergence. The use of hierarchical structure effectively separates
global search from local search, which can not only accelerate the search speed but also avoid the decline
of population diversity caused by too fast convergence and weaken the global search ability. The
experimental result shows that the PSO-LHS algorithm has superior performance in global search ability
search speed, and stability. The future work is to apply the PSO-LHS algorithm to complex practical
problems.
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