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8 % Harmony search(HS)& AEL stLUE 4% o HMES Fxok= 3% i stey9] B7E ol8shA] ¢
A9t PSO(particle swarm optimization)= 718 UR9] Bt HYHS] Br1E olgste] siE ZoRieh I=iv &
AollA= HS2E PSOS] fAREE Zot PSOQ] At 7HA & HSoll A8sto] arelEe] o= FIA7I12A 615l
o} PSO ¥aEES A8sP| Yolxle /I8 YA local bestet H(swam)] global best7} 83t &2 oA
+= HS7F harmony memory(HM)°llA 7FF WU stHUE /A5 IS PSOLE Wi fARRE Igo g Bkt o]
of wgt HMQ] 7 U stEYE Ax] PSO9] local bestZ, 7 £2 32 U= PSO9 global best #i& 7t
Fsigict. ol Zol PSOS] YAt ML HS Sha] AHsEo] mUstol HS| A5e FHAZ 4 Aotk B o
9] A= gt ol gt A} AE B3l Hla gRlsigieh. 1 AR FEdE dAol Qlot 71& HSHEo

Aokst HS-PSO7} W19 9253kS oF 2= 9Jgir}.

Abstract Harmony search(HS) does not use the evaluation of individual harmony when referring
to HM when constructing a new harmony, but particle swarm optimization(PSO), on the contrary,
uses the evaluation value of individual particles and the evaluation value of the population to
find a solution. However, in this study, we tried to improve the performance of the algorithm by
finding and identifying similarities between HS and PSO and applying the particle improvement
process of PSO to HS. To apply the PSO algorithm, the local best of individual particles and the
global best of the swam are required. In this study, the process of HS improving the worst
harmony in harmony memory(HM) was viewed as a process very similar to that of PSO.
Therefore, the worst harmony of HM was regarded as the local best of a particle, and the best
harmony was regarded as the global best of swam. In this way, the performance of the HS was
improved by introducing the particle improvement process of the PSO into the HS harmony
improvement process. The results of this study were confirmed by comparing examples of
optimization values for various functions. As a result, it was found that the suggested HS-PSO
was much better than the existing HS in terms of accuracy and consistency.

Key Words : HS, PSO, local best, global best, optimization, HM, HS-PSO

1. NE Akto]l @3= T o3t BAS ‘NP-hard g1 3§},

. . . o Ego] o] FAES HEt g2 Fole 4
|, AeE FH4 vlgo Ao o]olg a3t o] WO 2L Shelol AgF o] HAo] Eoj=

o1 S| A AR HASR IOl B o0 s oy 0] 9. wiet FrelaE WL A
o el we A4Y Hdst BA TEe Bye

e

*Department of Electronic Engineering, Gachon University
Received August 02, 2023 Revised August 12, 2023 Accepted August 16, 2023



N
o
=
o
Hi
o2}
HT
=
P
ofm
r=
~
J

Eo3=2Al HM163 Maz

&t A2 AR AIZE Yol AREAA] THEEA
+ £FHE ASte £2 dite s 7 sty
EAl(harmony search) €18]&L2 Zong Woo
Geem[1]o] ARt A& AT}t FAE sfZst] gt
ek F2Ag HRolth

vet FelaE LueZol B A% A 7 AFA
L 349 SmUE 2S Wi ol BS 285
o3 gt s 5

Apolch. webs 5% sty 42 v gris
=t vl 7HA& #olal A9 3= 7] 6]
P72 o8 §19 APAGS HETH2I.

HS 2arejE2 B2 243} ZA1E ool glof &
A 24l 71goA AR 5 Sl THE HE FEAaE
of Hlsf| of=] o] Sl AAH diRte = 75 "k
TARo=, dHdow A 59 uj7j4(3,4,5]5
Z735hH =k

HSE 283 24 siaxt oEo] 45 ol Bkt
AT o] AP IF o7t PSO(particle
swarm optimization) ¥1&&(6,7,81% A5l
As WAdel T AFoltt. E5] Omrandt Mahdavi
7} A9kt global-best harmonies search[9]2= &
TYES M2 sty E AT o 71& 94 24
< o2y W=z HM) F 23 skzyol 77ke o
HUg mHsto] Agstes =453tk GHS+= PSO
LE YA Ao JE Lo, ol 5Y
o AR el X2t BTN Y 22 PR}
9] Aol 95 FFS W= W4lolrh. ZOU 5110
GHSE 7fAlstazt PSOE wHist A2 whajo] &t
g%, NGHSE Aijtelant. & ¢uds 25 22
SHRY A4 dAloA PSO L E|Eo)A J7he vk
HalS ARSSIT

HS= M2 g +4T o ZE dH|sigt ¥
A9g ol-gsh= FM(exploration)®] A
o] gl WA 7]& ol9] B7ME HxRoHA| et vt
PSO= Z+ YAt B $2 WFo s Aol s 7 9]
29| AA} P2} F H19 HIIAE ol&si A=
L e AstERE E-&(exploitation)’dol o]
AUt} o]t F Foli= AT 39 A/ Fpo]

flo A

(2o

£ 7MLt HS= PSO°| HIs| 30| #l=1 39|
ol Sloid= PSO7F fefelth. & ==olAe
HSe PSO| 3R] &-8-9< dsiste] HS €arels
Fee FIAZILAL 2t

ArE FaEEe] s B7HE f8) dsrE
Joz 1732 Rl /A 9] HSeF HEe] PSOS HSE 2
3 & ohE A9l GHS % NGHSS #-8sto] 2%
£ Bk
2 =0 #4218 AR olof 28°lA HSel
3 M&stal 3ol A= PSOel sl Aestirod 4
ol Al £ =m0l A AIjReE 2 eSS At 5
Jolre A g Fastel 71E9] WA AAE

FA9] ds< vlustch

7

oN i

oN,

2. HS ¢12lE

HS ¢18&2 S S508 A o o
2 3RS S o WS AR Sl

gtk o] FaEFol= S A%
k= HM(harmony memory), HM®] 27|15 YERY
+ HMS(harmony memory size), MZ-& 3k 24
Al HME 32 g&3 Uel= HMCR(hamony
memory consideration rate), I*| 24 &ES 1}
El}= PAR(pitch adjustment rate) ¥ x| 23 o
F9E bw(band width)e} 22 w747}t =3kt
(1]. HS ¢18&9] 3 AAE ohZ3t 2ol a9

S
[>
i
N
&2
o
p

o Vg A 2SR x1.ot xv= 4 ¥
9] st AJgtolrt. FarE|E wiAiRs= ok
Y wxe 27)(ms), stEY w22 FE BlE
(mcr) H2] 274 vle(par) E o sty 7}
A Slg(nT) ot
294 sty wEE(HM) 2718

HARE SEITE ol8ste] ®MY [xz, xul,
i=1,--,No|A 27| stRYUE g5t} 243t
oW »/= XL+ Rx (XU~ XL,), j=1,--,HMS =

oL



A&t r~ v(0,1) o[t
360, A2 sty e Y
dwe x MARA 3 RR9 Mg olgs
A2 SR WE o (o0 2 )
WA, TAMOEE Thaxt Zol AYErh
for each i=1 to N
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Step 1

Initialization of an optimization problem and algorithm parameters
For minimizing objective function f(x)
Harmony memory size(HMS), memory considering rate(HMCR), pitch
adjusting rate(PAR), termination criterion(maximum number of search)

Uniform Random Number

Initialization of harmony memory(HM)
Generation of initial harmony
(as many as HMS)

(mcrear ) '
HMCR, PAR
v

Improvisation of a new harmony from HM
@ Memory considering
@ Pitch Adjusting
®Random Selection

Step 2

Step3

A new harmony is better than 3
stored harmony in HM

Termination
Criterion
Satisfied?

O 1. HS 22| &l chAE =&s MExt
Fig. 1. Optimization step procedure of the
harmony search algorithm
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Stepl

Initialization of an optimization problem and algorithm
parameters for minimization object function f(x)
Inertia constant(w), acceleration constant(cl, c2)

l Step2

Initialize the population(swam) and velocity

J Step3

Evaluate the fitness of each particle for local and global
best position

Stepd
A
| Update the position and velocity of each particle |

Termination Criterion
Satisfied?

a8 2. PSO ¢12[&2| tHAE

z| M3t &t
Fig. 2. Optimization step procedure of PSO
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Initializaticn of optimizaticn preblem and algorithm
parameters
-object function
-HMS/HMCR/PAR/C1,C2
-maximum number of search
e
&

Initialization HM/lecal best/global best

!

Improvisaticn of a new harmony
-memory consideration
-random selection

1

‘ Evaluate velocity vector |

+

| Update new harmeny position |

=0

T2 3. HS-PSO Ym2|Ee| el &xst Mt
Fig. 3. Optimization step procedure of HS-PSO

. =X o

AARE A9 A5 B7RE s ARl A9
HSe} PSOE A3t NGHS(novel global HS) & 7}
HZQl PARSt bwE A-&sto] 1449l HSY| 5=
W4t IHS(improved harmony search)?} ¥] w5+,
o o2 85 HEE Yol ARERE E<rolti1ll

Sphere function

B ©

Rosenbrock function

#ie) = B [+000Ge, = 3+ (2 17) %)

Mam

o oo

# 2. p=s50l CHet

[t HS-PSO o0|E22|E Z|X3t Yiie|E

—H0

207

Roastrigrin function
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Griewark function
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Table 1. Basic characters of benchmark functions
Function Trait Search Glgbal
space Optimum
Sphere unimodal | [-100 100] 0
Rosenbrock | unimodal | [-100 100] 0
Roastrigrin | multimodal [-10 10] 0
Griewark multimodal | [-600 600] 0
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Table 2. mean and standard deviation of benchmark functions for D=5

D=5, NI= 20000

s HS IHS NGHS HS-PSO
avg. std. avg. std. avg. std. avg. std.
Sphere 2.8217e-08 | 2.2855e-08 | 2.2196e-09 | 8.4124e-10 0 0 2.2600e-74 | 1.3610e-73
Rosenbrock 171.8392 396.0520 252.8924 942.5320 3.7459 0.1262 5.6499 13.1928
Roastrigrin 4.3582e-06 | 4.3177e-06 | 3.7583e-07 | 1.5963e-07 0.3158 2.0113 1.9540e-15 | 7.1077e-15
Griewark 0.0414 0.0254 0.0275 0.0163 0.1005 0.1213 0.0348 0.0377
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Table 3. mean and standard deviation of benchmark functions for D= 10
D =10, NI= 20000
N HS IHS NGHS HS-PSO
=T avg. std. avg. std. avg. std. avg. std.
Sphere 0.0019 00121 | 2.1506-08 | 7.0350¢09 | 861256176 0 96757613 | 64581e-12
Rosenbrock 362.1611 1.2415e+03 364.4504 1.0795e+03 8.7621 0.1033 70.1066 206.7480
Roastrigrin 0.0217 0.1400 0.2107 0.4076 2.6452 6.7121 0.2711 0.4828
Griewark 0.1415 0.1115 0.0630 0.0350 0.2391 0.2655 0.0827 0.0409
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