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A Design and Analysis of Improved Firefly Algorithm
Based on the Heuristic

Hyunsook Rhee' - Jungwoo Lee™ - Kyungwhan Oh™

ABSTRACT

In this paper, we propose a method to improve the Firefly Algorithm(FA) introduced by Xin-She Yang, recently, We design and
analyze the improved firefly algorithm based on the heuristic. We compare the FA with the Particle Swarm Optimization (PSO) which the
problem domain is similar with the FA in terms of accuracy, algorithm convergence time, the motion of each particle. The compare
experiments show that the accuracy of FA is not worse than PSO's, but the convergence time of FA is slower than PSO's. In this paper,
we consider intuitive reasons of slow convergence time problem of FA, and propose the improved version of FA using a partial mutation
heuristic based on the consideration. The experiments using benchmark functions show the accuracy and convergence time of the

improved FA are better than them of PSO and original FA.

Keywords : Firefly Algorithm, Particle Swarm Optimization, Partial Mutation, Nature-inspired Stochastic Optimization
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Ed&sng ol& s}y 9% AdA 7t HEH
## 3H(Nature-inspired Stochastic optimization) ¥H< &
£z} st ¥o] A& Ho|skrH4,56]

A 7o G834 HAS GuFE 2F9 Hol F
t Egold, 48 /MAY AEL] 9 ¥ AdAY A
& W3, FEY F34 § AdA 9y EFES 34
oz mdysie] dugFel & Aotk oL A
o2 HHH 7 FPAFE 2FEA T ANERE 2=
won todt Felagoz duFe FYEEE FY
T &0l FHHL gtk thEHSE Genetic Algorithm
(GA), Simulated Annealing (SA), Ant Colony Optimization
(ACO), Neural Network (NN), YA Swarm Optimization
(PSO) &o] olo] ETFHH45678]. E=3 FHZolE Xin-
She Yangel €]} Firefly Algorithm(FA)[9]2te A2$ 2
AA 7Ivre] HA3Z o] AHIY FAE ubiEo]9
Wage] o JAHQ ol WHE RdAso FojA 3
g A3z,

£ =2dAs, AQA 7k G854 A3 dEE
AR AR dnEFe =¥ FEETY FE w S A
3L o] & 7]&ES] FAd| A£-3le] 7/§4E FA (Improved FA)
& A¥). ol Aldshe B AP dxFoEAM o
3¢ EudeA 1 AFel dFE PSOY 71&9 FAE &
T HAZ | AT 28402 MY FAE A3
& W7t PSOU FAE AHE819lE WEt $4¢ dA3E
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2.1 Particle Swarm Optimization (PSQ)

19959 James Kennedy®l 10 H&Ed 2o& Aot
PSOE[10] Q78 ARASS 7oz & HAHa whyo)
. PSOS| 7 9A B¢ Fol7 A9 s 3 FnE ®
Ase) 7| RH o 249 F7oIA A %2 (bird flocking)
9] o]E &S A Aol

nA9 BolA gre g f()=1(x,%,..x,)
o] 49 HiZk(global minima)& &t Fcin Ak
PSOCIA, A A7 Pe 7t & ii=1..,N) = 339
ae (5:VP) 2 gadad. 474 %= x4 P9 94
2% =X, X0 %,) Vie g oF 2x=z
Vi =(vi]’vi2!'"’vfn)_ Pi= i9 HAHYA2A
P =(Dus Pipss D) s} o] ZERT. 2 AR 87

A% #4(fitness function) S (%) = =ojan.

7t JAEL phestdt F2& AN HH 94X Pig 7}
A 1 ol%e] HAHPAE & 4 A €k EF 1 ol

o] phest= WA UA9] pbest T4 HH YK o|u, Pg e}

FA8 Pe = ghestzt R2n A3 X g 2ot

olAl Z AR I FAFNE olFdn AN HA 3
Alpbest) st A3 Yere] W (ghest) FBE o] §ato] n}
A F0 @& ¥ J A RN £E§ T o] A
A},

Vi =V, +c]r,(pw. X )ren(p,;=%;)
(4 2-1)

WARs: G, G AEE gFem, i, he 7

011149 FAg AGeSolt vy Vi) g AsA
A= HUYEE Vmax B 209, 228 Vi 2 A3

Ax, BAAAZ, Vi BT AU Vo 2 A8,
A% g PHOE $E7 FAAY theel ol FRRAe
3 2 YA P9l ohe A7k A,

Xij = %5 ¥ Vi) (3 2-2)

daegel deMde S8, #4715 A (inertia-weight)
MdE F7H BjAde] £ A e Fo] A= ATH1LL

V=0V, +en(p; =X )+ en(p, =X, ;)
(4] 2-3)

dehuE @ = 7tEAG Ben dunelFe] A g
Azt 2o g4 59 Aol FFBAE Ao 4L
ot mehN BEEEAY AL 74 QA o]F Azl
FFE Fol LT A AT AAd 4FL F7]
& Aot

2.2 Firefly Algorithm (FA)

20099 Xin-She Yangol <J#}A A7|¥ Firefly Algori-
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Tocl/r? (4] 2-4)

Attrh, 715 WL EF(absorption)$ch, mheha] & b
gEol7t ARe Y M7E dAsE b 29 A
ra Fuvr 4we Fste Axd F5A4(absorption
coefficient) ¥ o gt mel7} §9 o] Foi ot dhc},

Firefly ¢ag&FdAs 24 wiglEoel7l MR A 7=
MExE A ri 3719 445 Vel o AgHl
o2 oAt stng, ofo g mdygle] HBasit} FA
g3 2ol A0k FA8 AFEEle] &S,

B(r) =B (4 2-5)

z By ojm @ woigole] r=09 we vjw(d
g4 e A7hetn gesae 4, B e 1wy
olz2E Aelsl rol gAelA 1 viniBoloA 7] v

grz go)g 4 . B(r) = A9exe 949 oa) @
Z Z+A(monotonically decrease)dt2 2 o]z d4 9] nitl

2o Ay FAL s A4 7ady B ge
HE 1S Aa,

el gheigols AT e RS UE ThE weE
o] Zow o§FT. o= TE RE WLiEo|E njuzA

olth, th&ol A& uHEo] vzt olFe] FEE AA
e Bge 2dysig

li<l;qm, LEX "'JBoe_rr":fx;"x,-)+a(rand_%),
(4] 2-6)
olw), B =pe} spm X =11~ ﬂ)+ﬁ¥;+a(mnd——)

(2 2-7

FelAEol st JHME BHEE0l €nalEe] HAeL 24 4

9 AelA o]5e] Axe %A Aoa ugw B(r)
ga dege o 5 gk = Li<liam i aguo

£ Jaqgelz vy w: dYE wgw oEu ¥
WA g ol PR Fl@th ol g Be
& UE sl seld AW $4US Heat s,
UadS A 48 A4 154 Rasd 3 dae
of welsl A B4 5, o vebt FmeF WA

m4 Falo] o] AL HofFio)

7tg-A1qt Fale] Al wigliolel 7hAl A (visibility
range) [ & Aost}t. 71 &5A%5 ¥V o Ao ue} @
yhgi Bo) 7} vhE Wil Eole] s A& = 9l ¥
Aed Aot} F
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(4] 2-8)

3. FA%} PSO

£ ZolMe 71E9 FAS #FAH ¢2eE9 Particle
Swarm Optimization(PSO)& A&x Zd, 8 A 9,
ZF dRe] §4 Y FWelA vl ZA3T PSO= FAXH
Ade ARE Fhstd AHa/FNE st Il F
i glom o ZulQlelM e 1 el FEHen §lF
Hlenz FA9 /Mg 9std] olF vl §+43te A&
oju] gl Aol & Aol

<E 1> (g 19 oy Hﬂiiﬂ}?' s Ao, A
ot FHSE FUAAN duegFEe 4% AolE B
F1 Atk

(& 1) HxO &5 HolM2| PSOSt FA Ms H|W

ﬂ

Michalewicz’s (d=16) 98 1016 % 1756
Fosenbrockss {d=16) 98 998 99 1371
De Jong's (d=256) 100 1456 100 2411
Schwsfel's (d=128) 97 814 9 1576
Ackley’s (d=128) 92 924 39 1755
Rastrigin (d=2) %0 178 8 268
Easom’s (d=2) 90 157 %8 213
Grigwank's (d=2} a 143 100 198
<¥ 1>9 #An2HE FAE dl(solution)Z Z+&= o glo]

e A8 % (accuracy)?t Held ¥, gnelF _J %é,‘-i
= PSO7F W2ts AL &g 4= 9t}
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32 4T v
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rand(l) t<0.85-1

- mutation rate U)={ 0 ow. (2 4-1)

loax: e} Z 9] Hu) epoch 5)

2. AR Sddlolge olFWAE e Ao wdd
L=

1

x =x(] —ﬁ)—R(f)ﬁxi +a(rand——) (4 4-2)

(F¥o)7} ofd gl Fol5e] oF 113 : (4] 2-15) 3F}F)

of W, R()= auanzeqn, REO=1-t/t, =
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ol% 9% FHe o we
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42 7|&2| FASt JHME FAS| bl@

<E >E 413N odFe wHoR AokE AAE FA
g 71&2] FAZ (29 Do) Mixvpy #4552 o v
W Age Ao,

Bt

2| AE0 oJ5t07 JHME HIBIE0] YTD2IEQ AL 24 43

(& 2) Y02 &5 HoliMe] 71E2] FAZE JHME FAS|

YsHn

| FA | Improved FA

U Moyl Convinge e | T Acokacy). | Convge tme
Michalewicz's (d=16) 99 1756 100 BE6
Fosanbrocks’s (d=18) 99 an 9 642
De Jong’s (d=256) 100 2411 100 1693
Schwefels (d=128) 9 1576 98 592
Ackley's (d=128) 9 1755 97 511
Rastrigin’s {d=2) 98 268 100 198
fasom’s (d=2) a8 213 9 182
Griewank's {d=2) 100 198 9 75
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dme)Fol A8 7 BES U39 (epoch)dl mel 1o
#oh el Eoll A 7]Ee] FAE 2000 3] whEzlx] RE dhyl
wolgo| @A R RFod. BE HP‘;&%OI“ ol 7k
HEel A A2%e gro] o] TEFch 1YZE B
W g FAZE 71&9 FARY 17I°ﬂ o & A B



4 BEHLIS2=FXB M18-BA H1=(2011. 2)

At ol AAME FAZL 71&9) FART o e o] & gk
£ Fohlcte ouleltt. a2 o|Re| HA Lne]Fe]
TH £EE B2 & 7 2 959YE ¢ 4 At

5. dE % &% a7IN

B =FoHE Xin-She Yangel 98 479 uitiioe)
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