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Thitiporn Phongkidakarn 2013: Economic Dispatch using Cuckoo Search Algorithm.
Master of Engineering (Electrical Engineering), Major Field: Electrical Engineering,
Department of Electrical Engineering. Thesis Avisor: Assistant Professor

Dulpichet Rerkpreedapong, Ph.D. 105 pages.

This thesis presents the Cuckoo Search (CS), one of the newest optimization techniques,
to solve economic dispatch problems. This search algorithm is based on the obligate brood
parasitic behaviour of some cuckoo species and the characteristics of Lévy Flights. Cuckoo
Search has fewer parameters to be adjusted and the number of cycles or time to compute than the
other methods. Also in this thesis, the results of two case studies are compared with those
obtained from the particle swarm optimization (PSO). The first case study uses a smooth cost
function with a lossless power system. The second case study uses a non-smooth cost function
due to valve point effects with taking into account losses of the system. Finally the results show
that the Cuckoo Search has less total fuel cost and the number of cycles or time of computation

than the particle swarm optimization.
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2 an g 9 A 90’ o 1
1) MEFFITNNANY UVOIKAN '1J3$ﬂ’[’)’Uﬂ'JfJﬁ']TVUJU'IW‘HﬂTMLﬁf‘]aﬁﬂﬂﬂ'ﬂ

1 a 4 A Aa Y o 1T a a
Twamu YU YUNY uazﬁﬁ"lﬂmmﬁmuau 9 mumuﬂimaqammﬂm NIYFTITUBIATUA
dy o A A 1 Y Y %’ v =~ a = 1w ]
UNWIUDNINLLEYD meimmmw"1wsmuaamLa3ﬂzvlﬂumumcﬂmau%uﬂwmgmm"lummx
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2) MEFIsNNANTao Uz Usenouaelmutazdmu Glffflﬁlu

Y oA Yy A & X Ay 9
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v Aa A Y Y J a S Ya Y [
UﬂﬁﬂﬂTﬁTﬁﬂﬁﬂﬁ@\‘lfﬂiLlﬂiﬂﬂﬂﬂiyﬁTﬂNﬂﬂl@ﬁWﬁﬁﬁllﬂﬂﬂﬂL!ﬂ1§°Vl']
L. A g Yo ~ ~ & ' ¥ g v
optimization (e 14 lamasuiminzauige setlymdiulvgriu Wuaumsnisdiu

a 4 ara 4 .
aalamaasiazWand (Onwubiko, 1999)

' ~ axAq Y o .. . dou Aa @ v Ay
noull a.a. 1940 35N 1¥1UA139 optimization VeaWenFuRIHaea 383 la
o [} o o 79 Y v 9 ara 4 o
NN 19U M3 least square 1 szgnalenuyrimaauiand uazn13vii newton
method gniiun lgnuilymnieauail

= v

1 ~ = o ] Y W . A 1
Tuwa91) .91, 1940 - 1950 IMsuuzienv 1MuNA U optimization NTIANUN

v
MUUAMITIFUFY (linear programming) 1A Y l@lMsAnELELiAIIAUINBE9RBLH D

Y
v A

= 9 o A o >»”>. . Y 1 Y Y 1 I Y
%umﬂwuuu”lﬂmmim:}‘ﬁmsm optimization mi%amqmwmn 1112]15]3&1]‘141/]%‘1@114

a a a 3
Inenenans, Isnssumans, adlacmaas wazisbgenans Wudu

o £ o . I, h M Yo o L] J a 9 a 1
Tuiaqgaiutl M54 optimization 1 1As1AGLATIUIINNINAIUININGT T LA
d A2 o o a Y 4 3 .. .
naneuuiludsdiglunn o @113 Tagmwign AT HMEA3 N3 optimization 19
NIANUARYoE 1NN 1189910NTTIMANNTY09n1591 optimization 119578 111509904

Runu tageai s

A 1A Yy o a o - . Yy
Llaglll@“lllﬂﬂ‘l/lFﬂull']Ilﬂﬂﬂ'ﬁwwuu‘ﬂﬂuﬂiuﬂ'ﬁvn optimization 11’11]
Aa a I { A [ . y X I A { 1
Uszansnn vazituftien 58071 modern optimization method FutluITMIN laitinuumu
.. Y= o Qddy 9 1 @ a Y o d H an
(nontraditional) LLazklmeﬁunﬁumnhl‘ﬂimﬂ‘uﬁwnmmﬁmuwu‘qmﬁm IFU YUOADUID
v
IPINUTNTTY (genetic algorithm), N1591809M150VM NI (simulated annealing), VUADUITHN
[ Y
mmmzanﬁqmmuﬂqmumﬂ (particle swarm optimization) HAzTUADUITHIA UK T

ﬁqﬂﬁaasmummﬁﬂim (ant colony optimization)
o dgl o
4.2 1annNITNUIIUVDINITN Optimization

o T s a 7R q 9 v JZa
13911 optimization HUNTZVIUMINNAAANAAT 3 1VHaANTFST10
. A o AN Y o A o v & A o o
(quantity) tosn1nkaansn Idvzilusmaunseawesduay aaiu dymnhunlslumsih
.. . ' ° a J . = < 9
optimization 920¢ U310 VVUTIADINNAAUAMAAT (mathematical model) 34 Tagna Tiud?

. o ' : . o
901/52 #3AY0IN5911 optimization Ao 1NOADINITMIAIFIFA (maximum) HIDAIAIYA
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Jou o 4 J o 4
(minimum) YeININFUINY152a9A (objective function) LAaEMIHIAIVININTUINY T A9

]
a [

g’/ = o Lﬁ' 1 td'd 1 Y o w . (% 3’/ t:l o
‘]JNﬂﬁ\TE)'Wfﬂ%llﬂ'l'iﬂTHUﬂNf)l!ll"U@N 9 NTYNIT UDIINA (constraints) AIUN TINTIAY

9

MU optimization A NMIMHUA objective function HATNTAHUA constraints LD 1Y

lumsmmmgansogaga
42.1 awlseonuy
& . . = [ A 3 °
a500nUUY (design variable) e Awdsnilumaouvosms
F) A ~ =< ) A Y Aa o ) o
unilymiinz auinge sagnimuaie lsosineanyuzvodszuy Tasmsmvuaaus
¥ v A o ~Aq Yo v Yy o '

panuuuludeudendlsnldmuualuszuulngndesnulyraazilsziom

422 Wansuiagilsveasd

do w s L. 4 do A Y )
ﬁm%umqﬂazﬁaﬂ (ob]ectlve function) ﬁ@ ﬂﬁﬂ%uﬁ@]flﬁﬂﬁﬁWﬂ1ﬁ1’Qfﬂ

A Y o Jo @ 99 Y 1 a SaAa
MIogega Tagazaosmmuaiansuingilseasnlvoglugdvesaumsnindlamansnanod
(Y 4 A ° ' v { < . ..
Tugvesdlseonuuy mefivzhmsmiaivesdnsiiluga maximum 150 minimum
do o PxS d 4 . .
yoalanFuinglseaniu Taen liamnsndion Objective function TugLvosaunisnig

amamaas 1diu
J=f() (1)

100 x = [x1, %y ., X |7 ¥300011)5N051U9U dimension 11 m
T Tuud 1Ty 1veanssh optimization aauannaziluilaymlugilves minimization

problem

Iﬂﬂﬁlﬁulﬂﬁiﬁglﬂﬂifgﬁi‘ﬁﬁTNTﬁW optimization DERY objective function STEN,
J v J I a { o o .. . o . .
Wanguaed ua luanuiiluas ey optimization ©190N13M¥UA objective

d o J
function lava1eWandu (58A31 multicriteria H3® multi goal optimization



16
Y o w
4.2.3 U991NA
Y o w . I A A 9 o w . . . =
UYDINA (constraints) L‘]Juueu"lmmamamﬂmm objective function 3
@ . ] [ . .
Tﬂﬂm"lﬂuﬁ’a constraints %LL“UQL‘]JL! 2 ﬂizmﬂﬁ'aaﬂu ﬁﬂ external constraints L@ internal
I o w { 1
constraints Iﬂﬂ external constraints uJuﬂi’amﬂmms:uuﬁ@gmﬁamimmmmlﬁ’aammu
. . 3 Y o w Ao 2 ) &
119 internal constraints anuamﬂmnmwumuiﬂa@aammmmu gﬂuuum"lﬂsum

constraints Lﬂu”lﬂﬁ’mumiﬂ (2)
Umin < u(t) < Umax (2)

. A v o 1 o A . 9, . g
constraints ¥ iANUdNWUTAed s iden 13Ty objective function #1738
1 9 Jd o » = = ! (J = 9 . . .
NUBAINN DIWINTUVDY constraints UNsidasuudasm ﬂW]E]‘U‘V]]lﬂiﬂﬂ objective function
<} = A 19 1 = @ v & o . IRA . A o o A 1 ARy
nvziimsasuuilasmdraywaeinu aadu lumsm optimization ﬁﬂﬁiﬂﬂluﬂﬂm‘l/lll@lmﬂ
. . 5 9 Y Y . { o 9 ' .
objective function ICADITDAAADINDY constraints ‘ﬁmﬁuﬂll’; ﬂTiLL‘]N‘]J‘isz/]sllfN constraints
vy Y A 2 ¥ . | g A =
ﬁﬁﬂ’iﬂlL‘]Jﬂ@GIHJLﬂ‘i’ENWiﬂEWN Hua 2 ﬂizm‘w llﬂ!l,ﬂ equality constraints lﬂul,\if]ull"llﬂ
o Y A . . L I A A o Y A
NMUUANIYATOINUY (=) LAY inequality constraints Auaeu lvnsmuadiamsoanne (<,
) [ { n 9. 3 . Y { .
> dwmsuunatlyvin 1 laimsmvua constraints 19113 925 onlayn11191 unconstrained

problem
4.2.4 Mansumaaaos

° . . - ] [ A d .
Tunsh optimization ﬁ’Juiﬂﬂ%W‘Uﬂ‘UﬁiyﬁﬁﬂLﬂmmU non-linear #39
I A . . . ~ ] A t:gllo o 1 =< o
Lﬂu‘]jﬂluﬁwm objective function 1/1@g“lugﬂﬁumﬁﬂmawmawmmmm FITIWITONING
o ya Ao o A ' 0 Y Y Y
Uszmnaaumsainan lvlmdniam il odeunmsmmaou’la Taedszanaliiy
A 2o o g & @ ' = ' Ju a g . . 'Y
AuMINUEVFMAaUYUn e aunIAINa1Izizen WanFuFuau (linear function) AN
Yy A tdy o w 1 @ Yy =) t:yl I Jo o w
szmnaliiuaumsnimusmaamnuasad Nazisenaumsiindu fensumaaes

14 o [ 1
(quadratic function) Taguuuwesuna'1Uved quadratic function axsaen laasaumsi (3)

fx) = xTAx 3)
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{ I a 4 o a . . o [
Iﬂ‘c’l‘ﬁ A L‘lJHLiJ“I/]ﬁﬂ“l)’ﬁ‘JJ‘JJ”IGI'imu?u%N (real symmetric matrix) §1MIU x
v A g ° A Ay 19 1 P ~ o A v ~
nﬂmmﬂummmﬂﬂﬂﬁhquﬂ °1uﬂimﬂlmmmuwwau (complex number) fﬂmiﬂﬂgﬂlmu

~ dy ! .. S Yo =
auN1IN (3) 121 Hermitian form soeu ldaaumsn (4)

f(x) = x*Ax 4)

{ [ .. . ) @ v Ad o a
Taeh 4 111U Hermitian matrix §1%35U x nadafidlusunundedou uag
A * = o . ~ ' a < .
INTOIHUNY  UAAIDINITN conjugate transpose TasNANUUANA 1Y IUNT NG 4 Tu quadratic

. g o &
form 118 hermitian form az1ilug iy fail

Quadratic Form (Real) Hermitian Form (Complex)
dy dy dyy dyp dp o dy,
. L .
a e 2 a
12 12
A . ) ry— W
ES
_aln ® ¢ 1y ann_ _aln Yy A w’ nn _|

MNN 3 15euNeuANNLANAINTEHIN quadratic form 1A% hermitian form
1311: Onwubiko (1999)

{ * d Jd o ]
Taed a, 11U complex conjugate MoNVDY g, tiioWouiandula o Tiogly
o w 1 a ' A < . . .
3‘]]5118\1 quadratic form 137 SAUABNIATHITAN NI N A4 1T positive definite matrix
A Il a .. . . J Y1 A J <

Wi@]lll Tagilenuved positive definite matrix ﬂm’JUlTJ”I WNTNFANUING 4 A il iy

.. . =3 A T [} o 4 o A 1q 1 4
positive definite NABDIND x Ax > 0 T1UITULINIADT x nﬂmaw1u1%ﬁuﬂ

@ Y o

ﬂmauﬁﬁmm positive definite matrix Netden 3 Yo

U

=De
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)M K g K, i positive definite matrix 16! K +K, Aaztlu positive
definite matrix A28

2) WaAAUDA positive definite matrix K = A4 vz positive definite
matrix H3© positive semidefinite matrix

3) pivot L8y eigenvalue ﬂﬂﬁQMSQ positive definite matrix iy

VINITUD

a 4 1 [ 1

Uszinnvouunsng annsouiitesn 1alassalieglugil quadratic form
‘H%@ﬂiﬂﬂ?h eigenvalue Tao

Yy T o o o o Ay 19 1 ¢ ' .. .

01 x Ax > 0 @1HITUNINNDT x nﬂﬁ%ﬂhluiﬂfﬂuﬂ 138N 4 91 Positive definite
matrix (eigenvalue Y93 4 NAINNI 0)

Y T o o s o Ay 19 1 ¢ A ' . .

D x Ax 2 0 NTUNINADT x nﬂmw"lu”l%gmﬂ 13810 4 31 Positive semi-
definite matrix (eigenvalue Y93 A AWIANIHS 0N 0)

kY T ) o 4 v A 19 1 ¢ A ' . .

D1x Ax <0 AMUITUNINADT x nﬂmw“luclfnqua 1380 A4 11 Negative definite

matrix (eigenvalue Y93 4 Nafesnn 0)

[
v A

Y VI ) o 4 19 1 J = ' . .
01 x Ax S 0 SIMIVINNDT x %ﬂ@3%1N1%ﬂu8 1390 A4 21 Negative semi-

q

definite matrix (eigenvalue Y93 A A Tosn M3 omIn 0)

1 x"Ax < 0 Y30 x'Ax > 0 SISV x VA1 (580 4 91 Indefinite matrix

aums Tagn 11/ve quadratic function eansoleuIieglugiasaunms

'
(Y =

4 ° 1 v Jdo s {
(5) Tatiioin5¥1a1 YWUTOUAUNIL (Gradient) Y93 quadratic from Nz ldaun1N (6)

v J

oz YWUTOUADADY (Hessian matrix) AIAUA1IN (7)

flx) = %xTAx + bTx + ¢ (3)
Vf(x) = Ax+b (6)
) W
ax2 6x16xn]

H(x) = V?f(x) = =A (7

2f@) @) J

xpn0x1 0x2
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% $ g @
Tustandula o Aidlu nonlinear a13159 191 8NN15V04 taylor series

expansion Uszanaalaisuiign x I&dsaunsi @)
fO) = f(x*) + V) (x —x*) + %(x — %) TH (") (x — x7) ()

3’, Y 1 S A * Y
Tﬂﬂﬂ?iﬂi%ll"lmuu WTnﬂ%TﬂﬂTiWTﬂ"l‘ll@ﬂﬂﬂﬂGIf‘Ll‘VIi]ﬂ X UINAY first
{ g 2 g
order term ﬁgﬂumammﬁuﬂmﬁ'umq (linear) LLEI%‘]J’Jﬂ@S]}’JEJ second order term gt umnow
. d’ v . A d’d dy o 1 Qy t&
YB3 quadratic Iﬂﬂ'ﬂ@]ﬂ hlgh order term mam@u‘nmawmammmmmm”lﬂ FIFINITO

BTUHANMITAIANINN 4 AQLLTA

nonlinear

| .
| linear

(x*)

MNN 4 M3 linearization Taely taylor series expansion
N311: Onwubiko (1999)
4.3 Concave Functions ti6i¥ Convex Functions

a Jd o { Y
UYINUDY convex function ﬁ@ﬁﬂﬂ%uﬁﬁ@ﬂﬂﬁ@ﬂﬂﬂﬁuﬂ’lﬁ

fOx; +(1—0)xz) < 0f(x) + (1—6)f(xz) )
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<3 { Q) a o a J '
Ty x, 1o x, Hugala 9 MuaFnvesdnuineidx,, x, € R uaz § Ua1od

U

1 a Jd
Tue29 0 < 6 < 191992 W91381 convex function 198N hessian matrix 14 1ag WIAFU £ (x)

g . 1A . . g . . .
921U convex function 18 Aotile hessian matrix V4 f(x) 1Wu positive definite 130 positive

. . ' . . g . . . . .
semi-definite LD hessian matrix Y94 f(x) 1u negative definite 130 negative semi-definite 9
= o & .

i58AWINFUIT1UI concave function

% Convex function A Concave function

| | A "_\\

A 4

A 4

MWN 5 Convex function 11@E Concave function

31: Onwubiko (1999)

ﬂmﬁu‘ﬂﬁﬂlﬂﬂ Convex function
o a o J o
1) ldinaradigaluilendu
2) eigenvalue Y94 hessian matrix V2 <0

. .8 I . . . o Y !
3) Hessian matrix (1 positive-definite/semidefinite @1HIUNN €] AUDI x

AUTY 1/AU09 Concave function
o a Y
1) ldinagagagalulandu
2) oh eigenvalue YD hessian matrix VZ>0

< o [ '
3) Hessian matrix 11]1 negative-definite/semidefinite G115 UNH ] AU X
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9
idu TaonanmsnugIuved duality na1n i ndynugadula o aunsodouldodluglves

.. . = e . Y a 4 y A =
1511 Maximization ¥3® Minimization |9 Tﬂfflumiamﬁwwﬂtymuummmmmw

Y ] [
ULV duality YuaINOU 18299195 Lincar Programming tien1gamganiogagaae 11

Y

suiUves duality Taea liifludail

Tyn1v9ansnIgagega

'
o

I o
1Y dual NUTgyriiveansnIgadiga

c 0 T
Maximize ¢ x

o w

meldvoing Ax <bLaz x>0
Minimize yTb

o w

Meldvetina y'A>c andy >0

X X X,
V1| 9 dy, m | =Y
2 | 91 Ay a,, | =0,
ym aml m2 amn = bm
= C, = C, = E.

MU 6 310UVVDI duality

#31: Onwubiko (1999)

VINMINATUUY fauls Xps Xy 5enesX, %Qﬂﬁﬂﬂ?ﬁ primal variable mmﬂtym primal

problem Tuvmizidmls y,, y, ...y 9ni3en11 dual variable Y94 dual problem tionf3ouiiion

o

J o

primal problem A1 dual problem wldanudunus aail
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1) mdlsean objective function U84 primal problem aznataiiuinsives
To517U04 dual problem luvaizi@oatu A1neHvedtos1TAYD primal problem 92 na 1Tl
mauilsed ‘VI"’:; objective function U9 dual problem

2) 930NNV DIRAYZAeu9n 11 primal problem Tuiilu T dual
problem ﬁ%ﬂl‘ﬂéﬂumﬂ Tu primal problem Tadlu T dual problem

3) 5@@‘1]‘5811\1?‘]{51]@% objective function %L‘}J?'mumﬂ maximization 14 primal
problem 114 minimization 11 dual problem

4) 911U constraints 11 dual problem ZMAUTIUIUVOIAST U primal
problem

5) 109151 dual problem 9219110V constraint 11 primal

problem

6) dual Y94 dual problem Ao primal problem
4.5 ﬂmﬁﬂﬂaﬂ’)’lﬂlﬂﬂ’lgﬁu

o ° , 1 ' v 3 ) °
Tagna Ty lunsei optimization daulugriuezidlumsmmdiga i liay
' 9 ) v
niuesueiisananmimagadmgamiiv iesinmataaie q Nagldlumsman
.o . A\ J S 9 v = A g
Maximization 1% Minimization 41 3Ad1wnY tazansaasutyrinduuny
maximization problem W@ﬂuﬁtym minimization problem 1aTaemslamsesvuneay ) 1

. . . Y o v A (% 3‘, = J 4
11)Tu objective function 1183117151191 minimum Ha991nHU ldATEIINBAD () YOS
o Ay v o . . . A AR A @ dy v o
Maouh 1891nn15911 minimization 809 FiFennanmstin amauiAfNMITINZAY

Y
Yo A

(optimality) Fadenduaums 1daail
maximize f (x) = —minimize[—f(x)] (10)
4.5.1 Local Maxima/ Local Minima t.8% Global Maxima/ Global Minima

Y
MINNANUUDY Local maxima 14 Global minima Hid a1nsoesuie’la

d‘ =~ 1 1 9 = = 1 . d' [} d'
NN NN 7 YANDYFINIYAVIUAYY VELTYNIN local maximum LASIANDYFINFAVD

y J v o I !
local maximum NIKHUA VLFENN global maximum Tunnnaunu global minimum L‘]Jui]@lﬁ’ﬂﬂ

U

o A .. ?x}; d'dy = a a a S Y I
AN gAVDA local minimum Navua Tunil awnsodeuesineludndiamdas laiu
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1) Waf%u f(x) 957 local maximum 719a x AReiile
fx) < f(x7)
Tagiign x e deandosiuitenly [x — x*| < e >0
2) WariFu fx) 923 local minimum 7199 x_ AAeLle
fx) = f(x)
Tagiin x e deandosiuidenly [x — x*| < ee> 0

F(x)

Global Maximum

Local Maximum

Global Minimum

MWN 7 ANUFURUTUDI minima 118 maxima
1311: Onwubiko (1999)

4.5.2 Necessary Conditions l91& Sufficient Conditions U®N local minima/ local

maxima

J o { o ] . .. H *
Wandu f(x) Agnimuanieldzea < x <b vzl relative minimum 7199 x
{ * =<3 4 [ { o * * a’/ g )
Tash a<x <bnaalelia e >0 la q M1 fx) - fx) >0 Tag [x - x | < e natimvualy

1 ' o & = * Y ¥
NTWITOMIMNOUNUTVDN f (x) NIA x 14
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TufT 5079158071 Taylor Series Expansion ¥841M01 f(x) - f(x) > 0
* * * 1 *\T * *
f) = f(x) + VF(x)(x —x*) + E(x_x) H(x*)(x —x*)

1
fO)=fx)+ V() —x") + o0 (x —x)TH)(x — x*)

* ) ' 1
M f(x) - f(x ) = 0 WuHINeAMNN VF (") (x — x*) + > (x —
\ P} '
x)TH(x") (x — x*) = 039znaiuld 2 nsdl Ao
1) VF(x*) = 0 W30M3tNA weak minimum nya x (Necessary condition)

1 Y1 g * I .. Y * 1 v W 9
amnsonan 1ddge x” 9211199 local minimum ud1 V£ (x*) = 0 ualuniendunu s
Vf(x*) = 0udr hienunsana1n1@19ziiae local minimum 0g#ga x 31z x o197 1dine

. a . gn
79 maximum 30 saddle point nlé
2) V2 f(x*) >0 YERRREIGI strong minimum ‘ﬁi]ﬂ x (Sufficient condition)

' 1 * I v w
awsonan Iadge x 9215u9a local minimum 1d V2£ (x*) > 0 wazlumanaunu a

5

V2f(x*) > 0 ud awnsoaglIain9ziiyga local minimum ogfiga x

RN

v
*

£4
1. wqyf]ﬁmmmﬁﬂﬂ“l%'"lﬁ’ﬂu?ﬂ x M3 relative maximum

*

Y . A . a 49! A ~ 1 1
2. 911 minimum Y199 maximum NAUVU N3 x Tﬂaﬂ”lummmmm

v I o Y v Y1
ayvusvoslangu lansnim agldn

fEH = £ _

> m* (positive)or m~(negative) (11)

limy,_,,

E.‘J: YU h ﬁJﬂﬂﬁﬁuEJ‘VIN@HM‘]J’JﬂWﬁ@VINﬂTUﬁ‘]J nuumwm m
=
NﬂT@HWu‘ﬁGU’ENﬁQﬂ‘]fu uag m"lwmauwu‘ﬁmmﬁmﬂm ‘I/]E]HQHVIJJ

2
Vuo
Hag m’ UAUMITY 92 laj

aunsoldla
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J(x)
A

Negative slope

Positive slope

FF) b N ‘_I__.??j____

H Jd o { 1 U @
mwi 8 Mendui lienansamaveseyiius 1a

1311: Onwubiko (1999)
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3. 8171 minimum %30 maximum (AAYUNIAFANY (endpoint) YDILFIINS

Y

o 7w dau A 3 A Z wo L 3 ' '
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=

o o Jo A
pyusvesiansunyaganiela

) o do A ot + A Y A o
4. SMSUWINFUNTAT minimum 150 maximum NN € 9 Tﬂﬂ‘ﬂm
<

o J I [

s o s Y1 o & Jou d I =
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Nty
3
Stationary point
=0
» X
0
a da A S o
MNN9 ﬁm%uwmwmauwumﬂuqufmﬁgﬂ x=0

1311: Onwubiko (1999)

v = d v Y 12Y o w
5. myrnurnzanigavesianFunaedssuulidideding
[ ~ < o o 2 9Y o w X
mMymanzauigavesiandurateasuun lulides1na (Unconstrained
. . . B L v 9 2 o ax . = as a A
Multivariable Optimization) Tudeilazuaiindues Gradient method 1NBIIBIAYD 1HOIDN
s { o - - ) [ d v $ g . . 4
Gradient method 1T ug 11 11n1591 optimization dw5UWINFUNIY multivariable DN
o 7w ' < {2 ' . <
msormaevueanansu lded1931a59 TagluNtiazuiie Gradient method 0oniily 2 35

laun Steepest Descent Method bi6¢ Newton-Rhapson Method (Onwubiko, 1999)

I a J 1 3 1 1
Tuanmiluasawds Jaymaiulnajagiilunuy constrained problem uagUHANAD ]
= Y= Y A g . A
miLiﬂugﬂﬂﬂ”liLLﬂ‘ﬂﬂJu‘Vi”l‘VIL‘ﬂuu‘]_l‘]_l unconstrained problem (H93910
1o & o 4 .
1) Tunatym hisuiludessmuaton'ly (constraints)
{ 2 1 a a
2) ﬁﬁi%’uﬁ’ﬂmmﬁgﬂu constrained problem ldvenafitlsz@niam TJNﬂiy‘VH
o { { & '
mmuﬁ’aﬂﬂﬁ%m%’uﬁ'ﬁmwﬁgﬂu unconstrained problem 15 WA
a oy A . o q Y Y o an A
3) M3i30U3MALAYD unconstrained problem vz IR landnmsvesdsnldlu

Y
constrained problem JESRTITY
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I . Y
111 unconstrained problem a5 lFuATamImaIu

v
ad A =

4) a0 lFuflanin

9

. . Aa Y v
engineering NUANUFUFOU 1@

o [ A g . Aax 9 1 a9 (% [
dmuiyminilu unconstrained problem 3 UITUNTYrIBEMAITAWNU LADE
] I a @ ) o .
uaie It 2 33udn d A9 direct search method 118¢ descent method §1115U7% direct search
I 1 o . . . ' ' . . .
method 13T H 1FMiAaevuves objective function Tae 131855 v1a partial derivative UDJ

a,

Marsulunszuiumamdaey dslinninda enfonizin nongradient method 1% 5337
511 descent method FUTR AT IABUVEITaRF U TAoNTIAN first derivative YOIWART 1IN
¥elumsmmasy uazluu19nszuIUMI0193imMI 19A1Ue4 second derivative YNNG
ihunfaae Taena11ud23% descent method 923152 ANTNMANNNIIT direct search method

Y
o ’Ju“lmgi]xﬁ N33 descent methods 191 gradient method

5.1 MSMANHIZANNGARI07T Gradient method

'
do AA o

Gradient voIWenFuUNTAWlsHa8M {x,, x,....x } anso@ouliodlugl

v @ N Y
ﬂf]ﬂllul')ﬂlﬁ@illﬂ

of /0x,
af/.axz (12)

0f /0%nl s

Vf =

[
o w [

. < wa | Y o A A
Gradient lﬂuﬂmﬁmﬂﬁﬂﬁWﬂﬂlﬂﬂﬂiuﬁﬁﬂ%u Luﬁ)\‘lﬂWﬂﬂWﬂWﬂﬁ!ﬂﬁﬂuﬂqﬂﬂﬂﬁlﬂ

1 o A A a . (A J v =
AN 9 voaantu Taetndoud laufian19ves Gradient i]$W1J’Nm€U’E)\1ﬁQﬂ°b'uGU’éN§ﬂTI
A A N PN . ] A 4 ! &
maauﬂﬂﬂzummmu NANNUDY gradient direction UHNITYNIT steepest ascent Taoa 11
a = = A~ A4 A & o A &£ &
NANINUDI steepest ascent i]zumiLﬂaﬂumJaama3Jm‘imaaummﬂ@@muﬂﬂmam}ﬂwm RN
Y 1 [

o Y tﬂ' d‘ a d‘ ] A o 9
mmuualvumsaaeun lunanisves steepest ascent Ulﬂﬁﬂﬂ 9 @81@1%%%@%1ﬂﬂ ﬁ]ghlﬂ

Y A A & Y] Y o
mumamﬁma@umﬂumuim ANNTN
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MNN 10 NANIVDY steepest ascent
131: Onwubiko (1999)

4 4 a 1
1Hp9nnnnes gradient VLUTAIDINANVO steepest ascent LASATAUUD
4 . =2 a A A A = a
NNABT gradient ITUTAIDINANIUD steepest descent vaolionaoud I lunanisvesay
. Y do A A [ g}J 1 o d v [ Y
gradient w2 lamlensuianacison ) ANUU ﬂ”liﬂ”lﬂ”li]ﬂ@l”lﬁfﬂ‘l@dﬂﬂﬂslfuilzﬁ”lmiﬂﬂﬂﬂiﬂﬂ
A ~ a v Y Y] . I~ Y [} 1o A
m3maeud I luirmeasanud iy gradient 9w 1an1 1 wzmadigarsogagaves

Y]

o o & o a . ! o 7w . 7w
Wantu S1tludesfmuafian1eves search direction ITHANWUSNY gradient YoIanFUAIY

I o . o
Gradient method (TUA5EUIUMTIH (Tterative process) Tagsiimsnsz laaain
: o : a { o ] J 1A k1
vanile x* Tdsdnganile < ludiemanh ldaweslandulisunnniuvioanaslu
Tymuesmsmamgegansommganudiau aunszng lanuvunz auoenu Taod

v o J 1 d a <
ﬂ’ﬂllﬁiJWU‘ﬁ"UENfﬂﬁﬂi%TﬂﬂﬁluLma$ﬂi\13~lﬁNfﬂilfﬂu

xk+tt = xk 4 akgk (13)

e

'
v A

Taeh d* = NANIMIIAADUNATIN k (Search direction)

e

]
v A

¥ = szgzn1anmasuNATaN k (Step size)
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[~ 1
Gradient method 924U 2 nau ﬁ@ first order method L% second order method

Y
Jo A o

VuednuWenFuRmua i@ 1130%1A first partial derivative H3© second partial derivative

U

Ry

9

] o o { . . Jd o
1an3e 1 Turdetiazinae Steepest descent method N0 1% first derivative VoW aAF1U
o - A A 7w a9 9
ﬂwwuﬂwﬁmqmsma@umm@ﬂuuﬁmw 118 Newton-Raphson method Naoeldy second
. . Jd o o a A A Jd
derivative Y0IWenFUINMMUARAN M IAAD UNVDIRAUUTINTY

[

ﬂifgﬁ”lﬁﬁiﬂﬂﬂumﬁﬁ”l gradient method Ao 92U search direction d 11AZ step
. ! g . ' Y A = 1 a o Y a ! .
size A TUAQY iteration 961913 M ‘V]Lﬁ’ﬂﬂlléllu"lﬂGlﬁﬂgjlﬂui]ﬁ’fﬂ"lclﬂlﬂﬂﬂ"lﬁi;]i’)ﬂﬂ (diverge) t1ag
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Y Y add' Y A 1 g =1 1 Aay led’Q Y o d' A 1
Wilﬂgﬁﬂll@]“]ﬂ 50 1Haenm step size A Hogra1yIs Lm')‘ﬁﬂufllll“]fﬂthﬂT]q@ 10 N1TNIN

. Ao qw . .ooan . a
V04 step size A Nl objective function Y1 optimal NFA
5.1.1 Steepest Descent Method

J 4 I a 1
ms l¥mauveanmes gradient 1uiamalun1smiaA minimum Vo4

% a 49! g’/ ~ 9 Qddy 1
Wansu gnanvuasansnlull n..1847 Tag Cauchy N34 steepest descent method I8 NOW
A 9 o 4 9 X ' vy A A a 0w
DUADIMHUAYAFUAUVULINOY LANATOUNAIWNANIVOA steepest descent T MUy

1o S o ' A o Y . Jd o
YOINMITIAWIFA 1INUUINT update A1 11500 ) auNTZNT AR optimal VoAU
o @ ' S Y < ) Y

ponu dmiudymvesmsmisgeganu aunsoudasdmiudymvesmsmadigala
TAgdApIMImIAININNGAUDY objective function f(x) Busananyh liinammngaves

. 3 . P, ) dydy a an ) Jd o 9 Yo A
objective function f(x) AU IR UTILBTUIITMIMIAIIAURININTU a2 14757

' Yy 9 o =) ' 1
ﬂ'ﬁ1'33J1"111\1@]1!11.!ﬂ131’ﬂ?ﬂ@]@‘1ﬁl]@\115]14ﬂﬂﬂ@\iﬂﬁﬁ?ﬂﬁj\ii}ﬂﬂ@qﬂ
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O S W
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MAA 11 MvoalansunineIToan Steepest Descent Method
1311: Onwubiko (1999)

[ ] Y Yy Y A = 1 7o
91100510 2 Mwaziiu Idnnsmmemudeionaasiamvesiandu
4 % =1 { 1 1 4 o a 1 Y
Weduls x, nag x, Imsnfasuuasa 1 uazdesmsman x, uaz x, A lnmamiandu
Aga duns1MNeAIuYILeNaAND contour 11AZNANINUDY Gradient FeazamNT0dUNa 18

1A ; a v o oA dou A 2 o & '
NMNANNUDY gradient fl‘ﬂﬁ‘ﬂNU],‘]JEJ\WHLL‘HHQﬂﬂWI’ENﬁQﬂ“]fuﬂﬂﬁ;fﬂ%u ANUU 5}1ﬁlﬂﬁﬂ1§ﬂ1ﬂ1
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4 4 2 S
indouNnInaiuaAnlga optimum amnsonaasIdiiu

xktl = xk — AkVF(xk) (14)

y : y

TUADUVDINITARIGAVD objective function #1M15D0T UG IAAIH

1) MnuagaGEuAY x’ 1Az tolerance & Taofmuali k =0

2) A1 Gradient ¥4 objective function t1dMuA1 90 x* ag’l1l

3) asNaeuN VF(x¥) < & vise'li draeandesnuvemnuailenoy
fasuvelaiiuiign x* uad1 liaeandestutermualifhdesaly

4) M3 update A1 <" AEumsh (14) Tasdamves 1€ 10115

5) 111 A% 741197 first derivative 04 f(x*) ﬁﬂ'wﬁﬁqﬂ udumua A
aaluaumsii (14) Snasaniiazans 18 " dudavoeni

6) MU k =k + 1 tazisuyite 2 Ini
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5.1.2 Newton-Raphson method

FJoIdeunq steepest descent method Ao AIWTDNIYA optimum 184
111899109071 18010M3 14 gradient vosilarFuiunsvszuanFuduues objective function
wishy i sz ansamlumsidalndm optimum 16 11nmaraiiseinge second
partial derivative Y94 objective function Tumsilszanas Tagasiiaunmsadienuaunisi (13)

ooz Taylor series expansion U8 objective function f (x) ‘ﬁi]ﬂ x+ Axla
flx+ Ax) = f(x) + VT f(x)Ax + 0.5(Ax)TV?f (x)Ax (15)

] o v { %
M1A1 optimum YBIWINTU 91NNT take derivative aUMIN (15) RIUNU

Ax taz iy 0 9218

g+HAx =0 (16)
Taef g = Vf(x)
H =V?f(x)

Y I . . A o A T, 4
01 H 11y nonsingular matrix ¥30UUAD T1NITDHIAN inverse YOI H 1a

v
[ Y

{ 2
@aiu A saeuaunIIN (16) ety

Ax = —H g (17)

Y
v

i 391 aunsn (17) 15 search direction Ndounaoudn 11/
Xk+1 — xk _ Ak(H—l)kgk (18)
X = Xk — AH V() (19)

Y
% U

Y
YUndU 1M1 Newton-Raphson method 191

1) MUUAIAITUAY x” 1aZA tolerance & LAZMHUA k=0
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. { o d v {
2) M1A1 gradient g 7199 x* 21 |lg| < & ud1 vg ldmaouvoalendunga x*
1 - I
3) i ||gk|| > £ ¥11A1 Hessian matrix (Hk) iuae (H 1)k (Hessian matrix i)y
positive definite matrix Lﬁ@@sl}’e)\imiﬁw{ﬂﬁ%jﬂ)

4) 91 search direction ANNTUNIT

d“ = —(H™)*g" (20)
5) mruald x =x" + 2kd" Tasunuam & naumsi 20) 11 X' =x"
[ v 9
- ) g agmaan M9 objective function Jisdiga miummuald k=k + 1 uay

Fuvide 2 Ina

Y ~ d % QY o v
6. ﬂ1‘§1"i1ﬂ1!1”i3~l1$ﬁ?~lﬂi}ﬂﬂl®\‘iﬁﬂﬂﬂiuﬁﬁ1€lﬂ3!!ﬂi!!ﬂﬂlﬁlﬂﬂ1ﬂﬂ
1 A Jd o v 29 o w X
ﬂ131’i”Iﬂ"llﬁﬁJ”lgﬁﬂJqu@GlJ@QﬁﬂﬂGD'UTia"IEJ@I’JLL']JiLL‘]J‘]JiJQJ@ﬁ]"Iﬂﬂ (Constrained
o 18 v v & Vo= o .7, 4 2 .
Multivariable Optimization) Tudeilaznannamsim optimization "Uﬂﬂﬂﬂlu‘l/i”lmﬂu nonlinear
. X g { ] a 4 a [ '
constraint Fuilulginutesluduiainisy tiesnnlasdnaudymaiulvgazdl
A a2 o o Jy? o w 4 g . B
[ouluiliosnilsznouratsa Tun13vi optimization A S utlayinilu constrained 22N
A A ' . A< ) Y v 9 & a
W@ luaau algorithm ¥o3fay MU unconstrained A28 waz TuidpiiazHsan
4 <3| Y o A . . A A Ao A 1w
constrained 11U 2 HUVAWNU AD equality constraints vieleu lunlinIoananeminy tas
. . . A A Aa A 9 ! A ' v A ' = ' v
inequality constraints m’ﬂuaullmwmﬂiawmﬂuaﬂmmmmmu NIDUINNINMIBNINY
) o A . . 9 A AA 1 .
’dWiﬁJﬁﬂluTiTVILﬂu equality constraints 22 1HimAANITeNI1 Jacobain method LAY Lagrange’s

Y ) 1 { o . . . A Aa 1
method Tumsudtlym vazdmsudamiiilu inequality constraints 92 1Hnatinnisona

Karush Kuhn Tucker 114015 uﬁ}ﬂmum (Onwubiko, 1999)
d v A9 o w .
6.1 WINFULVVNUDIINA (Constrained Problem)
v 9 dy a =R A A a d‘ E o S d’d
Gluﬁ’lsll@u‘ﬂ$’E)‘ﬁ‘U']fJfl\n‘ﬁﬂTiW'i'é]mﬂuﬂﬂi‘ﬁiuﬂWiﬁWﬂ’lﬁ@U‘l@ﬂﬁﬂﬂ"])'u‘ﬂll
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constrained Tnggiunuvoayn1Milu conhstrained problem Ao M311A1 x N lAMAOUVDS

d v 1 { o 4 [ £
Wandu f(x) iameenga Taofmuaou luasll
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gix) <0, i=12,...,m
h,(x)=0, k=1,2,..,n

A d o A 9Y o w
6.2 AUANTAVININFULVUNVDIINA
A S A . = g’/ Y 9 [ [ g
A ANTAYDININFUNN constrained UNINNA 4 YBAIIAY AN
A do 24 F 4 . 4 _
1) Qoulvimnuaen luawwasensu/asuasmaeuimanz ey (optimum
. J v 1 1 .. du A & .
point) VBIWINFU ©UBAINIT A1 minimum VOIWINFUNIIY constrained problem Lo
Y

. 1A o X A A .. . Y
unconstrained problem 2190 uANReINU B9 lunsaHAT minimum point ansar la lae 1y

necessary conditions L& sufficient conditions

Vil =0
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axiax]'

I = [ ] = positive definite
x*
ad o = <o ' 4 A o

2) 11!ﬂﬁﬂl‘ﬂﬂWﬁ@‘U‘ﬂL‘Viiﬂ%ﬁi]"ll’é)\'iﬁ\'iﬂ“l)'l!f]QﬂumﬂﬂlmﬂﬂlﬂﬂﬁﬂuqﬂmﬂWWuﬂ
™ e S 11 \ ) g
NW131910 Khun — Tucker necessary conditions 3EIHUINAIAVUUDN gradient voalanFuIzu
positive linear combination U\ gradient UDN constraints

Y . . . A o = o A d . v
3) 91 objective function NN UAN local minima 111 unconstrained ¥1NNI 2
A A A J . Y - !

9 mawmimwﬂﬂgmmﬂu constrained problem 1992 1871 minimum wa1oA1

4) Tup13ansaiugi objective function NHUATAT minimum F1151

unconstrained

AR UATIHSY constrained 919921A1 local minima laHa1A
63 MIMANHIIZAUTNGARI8T Jacobian Method
@ . 9 v d v .
NanNNI1IVDY Jacobian method %zhauwu‘ﬁﬂm%mm constrained Glumsm

o J Jd o Y A { Y Jd o
pUYWUFYOITINTY f(x) A59N 1 Nearoandoany constrained g(x) = 0 TasdizUuuvveiansu
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X = (X1, Xg, ey X)) 1)

9= (91,92 - 9m)" (22)

Flxp.x)

Constrained
.
CUrvce

X

Constrained |
minimum

\ v, = b
Contour of constramned
¥ optimum objective value

<

Constramt g (X) =x; — b =10

,_-i AN Y o o 29 o w
MAUN 12 GIJE]“IJL"]JG]ﬂJE]QﬂﬂJUW1‘1/]3J"U?Ji]1ﬂmm$hlilil"l]@iﬂﬂﬂ

131: Onwubiko (1999)
2 ] Y1 v S AN 1 o A ° AN ¥ 3
nnmtazmu 1 slansun luimssvuaieu v maoun ldaziilu
9 T A A ° A Yo L R Ay Y g Y R R A
dualse uaeimamvuaiou lldnuiansunds sevesan gzt uduiny Faliaa
A o a 4 Jd o 9y Y J v
UAVAY BN NITUT gradient VOIWIAFU A28 Taylor’s theorem 3% I auMITUBINIAFY
. <
1laconstrained 11U
= 2
flx+ Ax) — f(x) = Vf(x)Ax + O(ij) (23)

gx + Ax) — g(x) = Vg(x)Ax + o(Ax}) (24)

v ) b4
Tagi 0(Ax?) iflumenve high order Fevzerundle o(Ax?) - 0 duiueg

annsnanglvesaunisi (23) uag 24) 18ii

af (x) = Vf(x)ox (25)
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dg(x) = Vg(x)ox (26)

Y 1
fvua liaun15ves constraints g (x) = 0 uag dg(x) = 0 AU MNAUMIA

25) uaz 26) vz 1dauma Ty
df (x) = Vf(x)ax =0 (27)

Vg(x)ox =0 (28)

Smmual x = (y, 2) Taoi Y=, ¥y es¥,) Hu dependence variable YERLE!

{2 "o o 4 I Y] { 2 1
Lgﬂﬁﬁﬁuagﬂumuﬂiﬁuuaz 2=z, z,,...,2,) 111 independence variable n3eawmlsn luvu 0Y

ﬁ’nﬁ’mﬂiﬁu AT gradient vector ﬂl@ﬂﬂﬂf{%’mmz constrained @11y
Vf(y, z) = (Vyf,V,0) (29)
Vg(y,2) = (Vyg V,8) (30)

I
2218 Jacobian matrix (J) 1@ control matrix (C) 1w

vygl
Vy:gz (31)
Vygm
vzgl
\v}
J=V,g= ngz (32)
V.9m

Mnaumsh 27) uag 28) aunsadioulugdaumsini il

f(y,2z) = V,foy + V,foz (33)



e

36

Joy = —Coz (34)

1 Jacobian matrix !f]dJu nonsingular matrix 31NANUNIT 7 (34) 2218
dy = —J71Coz 35)

0f(v,2) = (Vof = Vyf]7'C)0z (36)

1 a d o { [
NNTUMTN (36) MUITDUYY constrained gradient VOININYU f‘ﬁﬁi’)ﬂﬂéjﬂﬂﬂﬂ z

Vof = 2420 = v,f— V,f]7iC @7

0cz

TumsAnYIE89YY sensitivity 91291 IARYIHAVEIN T Asuuasamediu

=

YN0VBIAUMS constraints NIADAT optimal value NA1IND T1AINITONIA optimal value

VINTAUMS constraints g(x) = 0 BONNT LALFIAMAINGIINA U VW HITUINNAUMS

constraints (Jasuntlasa luidlu g;(x) = ag; udr A fagimanaeunlasa lifluedels

= a 4 . M. . oot : 3 £ 1 y
Flumsansizv sensitivity analysis TuTandiilu nonlinear programming U ﬁiuiiﬂ‘ﬂﬂﬂ

a vy Yy o - 7
Lﬂw1$ﬂ1§lﬂaﬂullﬂa\1ﬂ’]uaﬂ g Glﬂa 1 NUYA optimal value NTUU

NnaUMIRINEaNAITRU 1 g;(x) = 0 ansadenlulditu
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dg(x) = Joy + Coz
fmualy ag(x) # 0 Sy
dy =] tag — J71Coz
unumiidasly af(y, 2) 118

of v,2) = Vyf]'dg + V.foz
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Vf= V,f—V,71C

A . . i - ' < . 4 &
NYA optimal point Xy = (yo,zo)cm%zwmsmnwswmﬂmmu stationary 19U

o 1 . . (] o & 1
1 1¥a1 constrained gradient V,f iauilugud aeiu agldn

VE(yo,20) = Vyof]_lag(%'zo) (38)
130
daf .
75 = V0 (39)

o o " - . 4 \
aunN1InN (39) VS YNLIYNI sensitivity coefficients %ﬂﬂeﬂ%mmmzuamwms
asuutlaanin1eaIuuNLeveaa U3 constraint g 3z dIHanonsilasuualasvea £ T

9
Yosvualvu

6.4 MIMIAUNILTUNTAR8ID Lagrange Method

a2 Aax zé

I { ) o .
Lagrange method 11udn35m3nilan 15 lumsudifaymdmsy constrained

v
v A

9 4 d v & . B o W % 9
problem IﬂﬂﬂlcﬁﬂuwuﬁﬂlﬂQﬂQﬂ%uﬂﬁﬂ%ﬁ1!\1 (first derivative) LlagﬂUTNﬁTﬂfy)ﬂJﬂQ@?LLﬂﬁ 01
o o .4 TR - o 4 g
frual objective function NABINS optimize 1M 111 f(x1, %,) wagimuaou luiilu

. . N
equality constraint 11l
g(x1, %) = 0 (40)
{ < ) L v o 1 <
Taeh x, Hulanduves x, Falanuduiuisenin x, uaz x,1iu
X = 0(xz) (41)

v
[ Y

{ x> 3
JUU ﬂ"lﬂﬁﬂanTﬁ (41) mmm@ﬂuﬁm%umm lelﬁjl‘]_]u
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F(xy) = f(@(x2), x2) 42)

A A
!,Lazu’e)u"l"lleum X, f19

h(x;) = g(B(x3),x;) =0 (43)

[

E4
NAIRTU F = f(xg, %) dnsnvioyiusueaiadsu daail

dF = 2L dx, + 2L dx, (44)
Oxz

=&
= ¥ o dou A o
NNTANUNITN (44) ﬂzllﬂauwuﬁmmﬂaﬂwmwﬂu X, 1A x,

4aF _ a_f+a_fﬁ (45)

dxl 6x1 axz dx1

4aF _ a_fﬂ+a_f (46)

de 6x1 de axz

A ° 3 > A . .
AINFUNITN (42) Lag (43) ﬁ’]i]’]ﬁﬂﬁ']ﬂ']@aﬂﬂlﬂu minimum Y84 objective

° v 7’ o o & 4 o 4
function IﬂﬂﬂTﬁUQiﬁJGHWU‘ﬁﬂlﬂﬂﬂﬂﬂ%u F(Xz) uazeuwuﬁmmﬁau% h(Xz) mmug{uﬂ ﬁ]gllﬁ)

aF(ry) _ Of | Of d0(x) _ o

dxz axz 0x1 dxz (47)

dh(xz) _ 0g | 0g dP(xz) _
dxz - axz axl dxz - 0 (48)

1nnggn e ansommua’la
r ar
4 [axa )49 _

Vf—AVg =0 (50)
1= Y (51)

dg
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Iﬂﬂ“ﬁ A1y Lagrange multiplier ﬁjﬂg‘fu wld Lagrange function (Lagrangean) 3
L(x, ) = f(x) =g (x) (52)
wazaz'la necessary condition 911 gradient U9 Lagrangean Lﬁiﬁﬂﬁuﬂ{
L(x,A) =0 (53)
NafUAINST 999 (Lagrange Multiplier)

TR~ T = . . .4 v
Lagrange multiplier Huariamsasunlasues objective function NEADAAND

1Y d' < = . . A
numMsnlasuuilasued constraint TaaNilunaun15v99 Lagrange multiplier A0

_ df
A= dg; (54)

6.5 MIMAUNULAUNGAA07S Karush Kuhn Tucker

3 ax ! o Y { .
Karush Kuhn Tucker (11355719 lumsvimaeuve slansuni constraints
< . . a2 A o 9y 1 ..
11 inequality constraints Ta u3 11y Vve9 Karush Kuhn Tucker 101 1a 111101 minimum

yoalandu £ (x) Taodiou iy
h(x)=0
gx) <0
st stack 1111 constraint g(x) < 0qsaums
s? = (s?,s2,..,s2) (55)

U fuz"lﬁ;ﬂgmu Lagrangean Eﬂu
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L(x,s,u) = f(x) —ATh—u"vg(x) =0 (56)
Iﬂﬂ‘ﬁ AT @9 Lagrange multiplier
115} uf Ao KKT multiplier

A o J v Jd o 3‘/ A ~ o
AINFUNITN (56) ‘VI1ﬂWiWWﬂTGHWU‘EﬂJBQﬂQﬂ%uﬂNV} I Myunu x, s, plag A

g_i = Vf(x) — ATVh — u"Vg(x) =0 (57)
S= 25 =0, i=12.,m (58)
= (@ +5) =0 (59)

S =h@ =0 “?

MU (58) tag (59) aansnangal Ididy

1igi(x) =0 (61)

dowlufitmiualy KT il
1) ¥11A1 gradient Y94 Lagrange function (Lagrangean) L‘Vhquﬂfjuff
2) Constraints ‘ﬁfﬁ“ﬁuﬂ

h(x) =0 (equality constraint)

glx) <0 (inequality constaint)
3) Complementary slackness YD1 slack variable us = 0
4) Feasibility U914 inequality constraint Siz =0

5) Sign condition Y94 inequality multiplier 4 = 0

o 1 Jd v o J o
1M IUNITNIAT maximize sllmﬁﬂﬂﬁ]mfﬂzﬂmuﬂgﬂuumlmﬂﬁﬂwuuaz KKT

[

a
.. &
condition AN
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Maximize f(x)
subject to h(x) =0
glx) <0

Vi(x) —ATVh — uTvg(x) =0
KKT condition

u=0, i=12,...m

Vi(x) —ATVh— uTvg(x) =0

“glx)=0

h(x) =0

gx) <0
9 [ 1 Jd o o d o
TIHMIVUNITINIAT minimize “Ui’]\‘ﬁ/o\hﬂslﬂﬁlzﬂ”lﬁuﬂgﬂuﬂﬂﬂl@ﬂﬁﬂﬂ‘]fuuﬂz KKT

condition wﬂ‘ﬁ
Minimize f(x)
subject to h(x) = 0
gx) <0

Vi(x) —ATVh — uTvg(x) =0
KKT condition

u<o, i=12,...m

Vi(x) —ATVh — uTvg(x) =0

ug(x)=0

h(x) =0

gx) <0

7. MInelrianeeallseHda (Economic Dispatch)

] [ o {9 1 o o a 9| :
Yymimsnelnaaediilszuda e darmndesmammmaimanaaliihannse
o A Y 1 di =l dy a d' a 'o d‘ é o w a
fuiia lflueazinsesvesszuy Tastinnomasnlslumsnaadinga damdimsnan
o Ay vy v ' 9 o w 9 ! '

IWdha 1Az deuiisanonenudesmsmad IWihvesszuy auiudyminisse Tnas

[l -] A .. . = Jd o 1
pgNlszndarutluyminsmiaNtmang ey (Optimization Problem) TastWandsua0351A101
¢ a & S Y L. . X 3 A
wornauduiansuidhane (Objective Function) a1y l1auannish (62) (Wood and

Wollenberg, 1996)

Fr = YN F(P) (62)
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o w

e P o madvihawaa 1damaseasuiia 1 i

1

X v A a =) ] < v o
F 9 WINFUVDITIMAUFDINAITIN WU eTlu ‘]JTI/W]’[’]GD"JTIN

=
f
=
T f
A

J o 1 &l a A o A Y A LA ] I
F@P) Ao Manfuvessimanyomasvounsosnuiia 1 i Tmiseilu

1INADY) 139

Tasazaoudlulamdeu lvussmsnanmas i ldasetuanudesnisuay

JoTnavueamanaamad Wi aaaun1an (63) uaz (64)

Iiv=1Pi — PD + Ploss (63)

Pi,min < Pi < Pi,max (64)

e P, Ao Anwdesmsmat lwihuesszuu
P,. 9 MANNGYTOUVDITZU
N fio Sauveunsesiudialiih
P o mdmanan lihdgaveansosiuiialuiii i
P fieo midsmanaa llihgegaveaniesduiialuihii i

i,max QU Q

a X { A A 1 ] v R
TavdnAuaaansuvesrinudemaci s lulyminmsneTvaaeelsendaguilu
Jd v . ' a
WaNFU31AINI 18U (Smooth Cost Function) 90g Iuglvesauns Ina luliea (Polynomial)

aaranalunIng 13 uazaunisn (65)

Fi(Pi) = al-Pl-z + biPi + Ci (65)

]
=1

A = [ a Q( d o U dy a A o A 9, 3
110 a, b, 1Az ¢, Aodulsz@nsveslansusimausomasvounsoatuila Wi ;
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Cost (5/h)

Output, P (MW)
H Jd o 1 4 a $ 4 o a
MW 13 MarFusImauromaInIuFeuveunsoanuiia i

1301 Perez-Guerrero and Cedeno-Maldonado (2005)

1 1 o { 4 o a
TudymimsseTvanedeilszndanilinan1nanal (Valve Point Effect) 975114100

d o ~ [} = o dy = o Y 1 [
Wan®us1A19 1510580 (Non-Smooth Cost Function) U 99z ldTymimstie Tvanodis

Y v 9 1 o 2 49!
ﬂ‘izwﬂﬂﬁmmcﬁumauuazmﬂmmimuammmwu

A A 4 . A A A g A A o Aa Y
HaNNAINYAIAT (Valve Point Effect) A9 WaﬂlﬂﬂGUULu@QiﬂﬂlﬂﬁfNﬂ’]l,uﬂ]lww'l

v
Y AA o

F [ { 1 F o o A
wiulohvwalvgiidsauvesnarildlumsdase levuiluswauuin shnmatlanaa

1] 1] Y 1 1]
Hugaume 17 1dmaa Inihlumssaaiivannaiu taziioszuuianudeams s lWihnun

o—

v &2 g A

ds@’ %} Y ds@’ o a S o A = 1 A a S o A
U aarudedeuiu et ldunuu Taeihmsitlanaldinges Fesenneniimsitlanaidom

o q ¥ A A N S o o q Ya .
#0992 14 Incremental Heat Rate aaad taziioinmsilanainiusnaziir1ving Throttling

A dg@l 1 < o Y A é! v A o =
Losses INNAUDE195IA13 1029291119 Incremental Heat Rate /NuUUuuUiunnula salums
4 2 X,99a v A o q Ya A
wnAuih lfinanu liaetioave Incremental Heat Rate tazyilrinansnsiew

7w A a o ! ! o 7w

(Ripple) VAT dU Insvealandusimanemasaaanslunini 14 Favzsih ldilan sy

' g A Ao A a an
VDITIAAUTDWANNANHUSTUNITN (66) (IA1TU, 2551)
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Fi(Pi) = aiPL-Z + biPi + Ci + |ei X Sl.n(fi X (Pi,min - Pl))| (66)

d‘ A LY a Q‘{ d v 1 dy a 1Y d' d' a
o e llny f 7D gulszansvealansus I uFaINas BUIUDINTNNHANINADINGA

1§ vouaTearuia Wi i

Cost (Sh)

Ourput, P (MW)

a Jd o & a Aa s A ' ty 4 J A o a
MNN 14 ﬁﬂﬂ%u:immu%mwawmmm%ﬂumiﬂaﬂﬂ"l@mmuau 3 AIUDNUATOINUUA

R
71301: Perez-Guerrero and Cedeno-Maldonado (2005)

8. MANNGYTLVDITZUY

=)

msutia Tnan ldaTsa lWiheen amdnesugemans sulludesiamidagadelu
=

szuuas Dl TIse Idhezlioasanldnemge uadiegrialnavin Twaauin magapdelu

1 s ° Yy 1 IS ¥
JTUUTYTSUAIG Vn‘l‘Vf“hJlﬁ?JTSﬁiJiumTQ!ﬁiHﬁﬁ’]ﬁﬂillﬂ

TagazNasanszuuaann Usznoudle T3 nih 2 159 9o Tvian



Load

M 15 dae813159' W70 2 Tsanae Tvaa

H a 4 a @
ﬁ?ﬂ: AULITINTTUAEAT UHIINGIRT 1T

° I U
muald R, R, wag R iHuanudunuaiodasi a,b uag ¢

[

mas Idhgapdelumeds (p) viny

P, = 3|L|*R, + 3ILI*Ry + 3| + L|*R,

awud 19 7, wa 1, Syglaniu a2l (142 = 11| + 11,

[

faa Tihgapdeluaiods azlinuilu

P, = 3|LI?R, + 3|LI*R, + 3|11 + I|*R,

= 3|LI*Rq + 3IL1°Ry + 3(IL] + I1:1)*R.

= 3|I1|2(Ra + R.) + 3 X 2|I1||I;|R, + 3|12|2(Rb +R.)

3|1I11%Ry + 3ILI1%R, + 3(I1L1% + L ||| + |1;1%)*R,

45

(67)

(68)
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Y [
i muald P uag P, Ae mMaawan 3 lavesTse lWdhmsaes Felidilsznouas

I o { o I
11U cos B, 11az cos B useauntie Wu v, v,

nszuai lnasenainlse Inihuaas 159 Hauilu

| = =—2
1 V3|V;| cos 6,
LUag
— P2
2| = V3|V, cos 6,

wnua |z, %] luaums

P = 3|11|2(Ra+Rc)+ 3X2|11||IZ|RC+ 3|12|2(Rb +Rc)

(2

w2 daumsmasgadoluszonds duieduvesiidanan e luih dlu

2 Rg+R. R,

P, = + 2P, + P}

Rp+R,

L 1v112(cos 6,)2

Taeh

B, = Rg+Rc
1 |[V112(cos 81)2
By, = Re
127 vV 1(cos 61)(cos 62)
— Rp+R¢
BZZ

T |Val2(cos 6,)?

P
2 |v4|Iv2(cos 61)(cos 6,) 2 V5|2 (cos 6,)?

(69)

(70)

(71

(72)

(73)

(74)
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= 1 1" o a a‘{ =S . A A = 1
B,,, B, 0% B,, (38071 Adulss@nsmsgayas (Loss Coefficients) H30i38NDNDEN

11°

1811 ardulsz@nT B (B Coefficients) Hvitiaendlu 1/MW

Y 9
A A %

LY a Q\{ 9 1 a o Y 1 &l d‘
Tag Mdwilsz@ns B ldnnuaasiuiinmsnda Tasmstvualduaaziuiniu
o = 1 = 1 A o w 9 1 A A
danall Tnan vazaums lumsmimanugyds manugaydsmas liihvewdas niuiing
H 9
nann 181uvzeglugves square matrix I order U INTATITNLAZTINIY ties line

FAINNU (81U, 2524)
9. MIAUMUVVUNNIHIN (Cuckoo Search)

Y 1T 3 ax A A a ' 1
mssumunn AU Msn@eunungAnssunsne lvesunnuman Tag
1 1 o v JA = =) 1 o . 9 JY
unnumvz lluswesunaenugoudusivzizoninunladd (Host Birds) §1unTaaas
1 Id' 1 [ (] (] 1 ) J ] 1 Qy A Qy [ 9 Y [
Nlaneglusalulylvvewiu unTeadonas Tou lvvesunnumnnasenss wda liladieds

Tninou'ld (Yang and Deb, 2009)

T i) liveaunnumingdniani livesun Teadianiios tiognunnimdndn
@ A o = @ n o o o A o A g
ponu Huzlidymnagnuizaula lvvesunlaadeonainsuiloun Taad lieg tioriums

NN AIULLNVDIDINT

A qv v ' a ) ' ) a9y A
e v lvnelumseTuemsaumuunn i sz lenggaund 3 9o Ao
1 1 1 ?z}z Qy ] v % d‘ A 1
1) unnurnzan 14 1 Wesdenss nazazine livessiu 13 lusshaeng
2) sehduaz lintiaanings azauiiulldsguaa’lyla
o o [ P A [
3) sgfmuasiuswesunleaanisla (n) uaz linnelasunnuningnauny Tag

I 1 ] I ] 1 ==
unTaaanmanuiaziu () 9YIEHINO0 DN 1

= 1 9 1 Aa A v o a Y Y3 K
INNITANHIAN 9 llﬂW‘]J'J"IWf]ﬁﬂﬁﬁl]ﬂ']ﬁﬂusllﬂ\?ﬁﬂ'lﬁa"lﬂc]fu@ llﬂllﬁﬂ\iclﬁl‘ﬂuﬂ\i

anvaMsnaeuNVed Lévy Flights
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10

-10¢F

-200F

-30 A A ' 'l L
-20C -10C 0 10C 20C 30C 40C

MNA 16 MNLAAINITIAADUNVDN Lévy flights
d' a A 4
Nan: AAANIY LazAME (2555)
A~ Y as Y '
olmIasasunayriilny

xi(t+1) = x + a @ Lévy(d) (75)
A A ] A A Yy o ' A Yy 9
1 a >0 AvvMATUADUNNITINUINATdIMYRITRyrinaul aumsdeamilu
o ) 1 a ] 1 a & . Aa A
aumsdmsumsgumaau Taena lmsgunaduili Markov Chain Nlian U150
) Y ,%’ (Y] o [} ] 1 I ~ A
aumisna lyuegiudmmislutgiusazanuingdluvesman)dsunlag wseaning
A . g . =2~ Y =KX o a ua = g ax '
@D fo Entrywise Multiplications mumwmmﬂﬂmﬂ‘umiﬂgmm‘m”l%”luwmmﬁmm
MINzauNgALDUNGUBYNIA (Particle Swarm Optimization, PSO) 1AM GUNIUAUYDY Lévy

) ¥ a A a 2 o X A v
Flights 14U eddseansammannuulumsdrisianunmsaum

Lévy(A)) ~u = t7, (1<A<3) (76)



MIGUNINMTNADUNYO Lévy Flights
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awwly Mantegna's algorithm NW‘ﬁ?ﬂﬁluﬂ”l’iﬁ%INﬁ?llmldw Tag Mantegna's algorithm 9%

9 o ' Aa = A o a R
FINAUAVFUATNNITNTSIRWNULADYTNIW AUANUNITN (77) uag (78) 9aNDINUI

Taeh a oglus190.3 53 1.99

(e

1/a
[1‘(1+a)sin (%)]
Oy = |—==1

ayzl

Tumsmmaausa

u
Sstep = |v|_1/“
Tagi

u = randnls] * o,
v = randn[s] * g,

A A Jd o U ) ] =2
14 randn[s] D ﬁdﬂ%qummmmumumﬂ 1939s

stepsize = 0.01 - step * (s — xbest)

d' A o ] 1 9 d‘dd‘
1 xbest D AUHUINOUNUINANG A

UN3ITIY

(77)

(78)

(79)

(80)

81

(82)
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v & X ) '

mmg’qama 3 U9 YUADUNWUFIUVDINTAUN VU UNNUYII (Cuckoo Search)

a9

A3

Yo A

Y
amnsoagliunoulaaail
o LYY 4
1) Mmuaianguinglsean fx), x = (x,....x,)"
B < o o A .
2) afwlsznnsisuduve n Taodludmaususudu x (i=1.2,....n)

J ) { o P 1 1 o
3) ATAIUNATUTIUIUTOUN M UA HIpDUNUFINABInganT® T 114 1dh

Y
Q/

~ )] 139 Y o g}J A
VYUADUN 9 me"luﬂ‘lw‘mmumum 4

a [ Jou J [ g A @ ] a
4) dsziugammwuessainniansuinglszan F vasnnuu@mensalwinnsediv

[ o o s
AunmvesTenelantuinglszaenn F
o 1 A 1 1 1 o ™ .S o [}
5) e ldunnfewdisy drar F Sawnnd F, dnmmsunungs j dufmaenln
9 o [ 3’; 9 = 1 I (B A o Y o o
6) Tasmsaunusilmituszdesdimanuingiumnnnna p, idmua 13 dmsy
2 d' [N ] 1 gjay L 9 1 A LY ]
Fai liruan p, 1dnesmswdarguaenmssln
<3 ) A A A o Ax
7) INUMABLNANGA HI0TINTAUN N
Y

=) o o 9 cfd' Y Y o ?111 d'
8) iFeadauwaanin laviniunay lihvuaeun 3

v 9 Yo A o Aa
9) Haansganiy i]3llﬂﬂ'lﬁaUﬂﬂﬂq@!lagi\iﬂﬂﬂmﬂ']w

begin
Objective function f(x). x = (zi.....za)"
Generate initial population of
n host nests X; (i=1,2,...,n)
while (t <MaxGeneration) or (stop criterion)
Get a cuckoo randomly by Lévy flights
evaluate its quality/fitness F;
Choose a nest among n (say, j) randomly
if (F; > Fj),
replace j by the new solution;
end
A fraction (pa) of worse nests
are abandoned and new ones are built;
Keep the best solutions
(or nests with quality solutions);
Rank the solutions and find the current best
end while
Postprocess results and visualization
end

v v .
MNA 17 Pseudo code UDINITAUWILULUNNUNIN

nn: Yang and Deb (2009)



A 9
LTUAU

adalsznnsGuduves n Taodlusmousasudu x = 1.2....n)
v
smsgqulaslddnyausmadeniives Levy Flights 931854 i
v
Usziiiuganwuesssnnilenduinglszasd F,
v
ﬁwmazﬁmh816}’5’§ﬂym$m§m§auﬁﬁum Lévy Flights 921854

v

a [ o 4
Usziiugauamvesisnnlanduinglsvasd F

v

Fi<Fi

\ 4
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1% 1 flu3sudlaym
[ -/ d'OJ .S o 1
> himsunuind jiluseeulm]

) o (= Y ~ 1 I 1 1 A o
ﬂu’i’i'ﬁxﬂﬁﬂﬂﬂﬂii IﬂEﬁ]$9’]’E'J\HJﬂ'lﬂ'ﬂiJH'ﬁ]%L‘]Juiﬂﬂﬂ'J'lﬂ1 p, NNIUA

Qe

A

[
=

Y o v @ 1 1 9}@3' (Y Y @ (Y [ 1
Pemsusan lirua p, Tnneawdnlsumsadwinuogu

< o Aaa A A
MNUAADUNANGA NIDITINUAUNINW

° A o
t < NUIUTOUNMHUA

v v Y
NA 18 Lmuwwumauﬁu;«gmmmmiﬁ’uwumuuﬂmmm
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10. IEMIMIFIMINZaNIVUNGNIYMA (Particle Swarm Optimization, PSO)
113l 1995 Kennedy 118¢ Eberhart Ia3i3umnatan1sauisiid 3amnms (evolutionary
. . TAAA A ' ° 9 ' .
computation technique) suuliniFeiFen mi‘ﬂﬂ‘ﬁmm%ﬁiJLL’U’UﬂQﬂJlegﬂW (Particle
Swarm Optimization, PSO) (Kennedy and Eberhart, 1995) #45auna1enaanumaiams
o Ada o A 9 = [ 1 2 Y 9
MuranlITanmsoue Tag PSO v ldngufuosmsquguilseminssuaunas 1oy
Usgiiuawazmsnldounlasnanlsennsmonummaeuimanz auiiga (optimal
. = = Y KX v ax a . . ~

solution) %3 PSO 35 UANNUANYAAINUITIUUAD (Genetic Algorithm, GA) A59N1U 52313
A 9 9 1 = (% 1 (% d‘ ] Yo o a 1 g}}
suduldnnmsguimiiounu uaannuasei PSO Lildlgdaduiumsan lutuasums

= ] v 7 o 9 A 1 Y o v W
nasuuas su manaenuguazmsaday v milou GA ua Pso TémstSuilyedaiues

g’/ d' d’ o = L3 a o d‘dQ 3
Turupoumsasundas vazieii PSO vfSeumeunumataNsMUINNLIINUINS
g X 3 ! ' a s o !
ouq Fennu laufFouves Pso Aniludsnldaulaneuazimstimesnldlumsdsulsen
[ f a 4 a [ 4

Yoo Taouuuiassnug IUNANAMEA3 U9 PSO 1115005010 1T (Eberhart and

Kennedy, 1995)

19¢)3 (swarm) nilaelalioynn (particle) n Aogluamavess el lumsdun 4

U q

(ddimensional search space) NspumMsaui & 19 xl.k = (xilk, xizk,..., xl.dk) IR RITAA R
(position) Y90UNAAIN i, Phest = (Pbest," Pbest,"..., Pbest,)) naassumiianouniiing
~ v A o | Aaa A k
NYAUDIOUYMAAIN i, AMHIINANFAVOIDYNIA 1ABTINAD Ghest, =
< . o A

(Gbest,",Gbest,,....Gbest,), AT (velocity) ¥090YMAAIN i D v = (v, v, "\, v,) tag
Uszannsuaazalizon1oYnIA (particle) W30AINTZIN (agent) d1unsnii lSulzinse

{ v o [} 1A [ < 9 . 1 1 ° [
nasuuashlgsdmmislminaesandosnuanuEnfagiiv FnNuuanA1eTE AL
TagiiunagdumiaiangauoeynIn (Phest) 1AZAMUINNANTAYDINGUOYNIA (Gbest) 19

Y] <3 Y { [ 4 . Y]

TumsdsvlgennuiErveseynadaf i dmnsoudas laaanmi 19 #9335 lumsdsuilge

] = a o dy
AITULIIVDIDUNANNATYITAIU
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V prben  E »® Ghest'
-
.J[f ————— »8 Phest!

» Plert
".I

d‘ [ <
HMNN 19 ﬂ'l'iﬂiﬂﬂ?\‘lﬂ'ﬂuli']"ll@\?ﬂlélﬂWﬂ

N30 Park et al. (2005)

9

10.1 A5AUANUDI PSO (Original PSO algorithm, OPSO) M315u1l3eanuniives
pyumagmIamuln lannaunisi (83)

vk = v + ¢ x rand; x (Pbestiy — x5) + ¢, x rand, x (Gbesty — xk) (83)

msliulgeduntsesuaazeynaansomuln laninaunsn (s4)

xgt o= xfy + vl (84)
4y u s o 4 A o
e v, Ao ANV UNIAAIN i NTeUM TN & Tuaia
vournllumsaumd; v, <v, <V, ;i=12..n,
d=1,2,...m
k A o ' o v A A ° A
x, Ao AuidetligiuveseynIAaIf i Nsoumsihaud

k A9 I1UIUVDITDUNITNINU
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n Av UV YMIATUNGY
m Ao Suvesausnlueynianilen)
cl, c2 Ao MAINANNIIT (acceleration constant)

(3 1

rand,, rand, A® MINTLVIBAIDINAUUAND (uniformly distributed) Tasn1s

)Y

[

guaraulugie [0,1]

Q

an dy . . A n 9 o
10.2 A5M3NUFIUV09 PSO (Basic PSO algorithm, BPSO) 11199910 OPSO a4
o Y . 4 = o Y Y = 6 o
M3USDUIAR (step size) VoI Idanuansalumsdumiiganine daiu
1 %l - 4 4 {
BPSO dal¥aiminanunes (w) Wie lmsauramzi (local) taz Iaesu (global)

& o < o Y ~
f"fll@]ﬂ "]NfﬂiﬂﬁUﬂ?\iﬂfﬂlﬂigmﬂqauﬂwﬂlu BPSO ﬁ1ln§ﬂﬂ1u3m1ﬂﬁnﬂﬁuﬂ1ﬁ1ﬂ (85)
Vit = w e vE + ¢y x rand, x (Pbestyq — x5 + ¢, x rand, x (Gbesty — x%,)(85)

A A v 3 Y A
o w A9 AMUIMUNAINUIRNDY
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NauazI15al

4
TuaIdeiiagshimsnadouITMIAUNILLUUNNUNI (Cuckoo Search) NUATHIA
AN AUAFALDUNGUOYNIA (PSO) 1H1999INIBHIA KN ANNFALLLNGNOYNIATILUIAR
= a a A v Aax Y 1 d'Qd
VNMIDIULVVNOANTTUVDIFTIINNANUDUALITMIAUNMVUUNNUNI TAsNITNS
AUNMUVUND UM IAGUUDDNYANTTUNMIIN TUvRIunn U daudsmiaurinzauiga
Y
HUUNGUOYMARGULULNYANTTUNTHIDIMITVRIUNKT oA azuenINHITMIA
{ 1 L] {a @ T 1 au X a
MngaungauuunguaynIadutlunteunuegaunsvats TagluanIseiiaznosan
= A A Jd = = & A
NIAUANYI 2 NTA A N3AN 1 WINFUTIANTIVIE8Y (Smooth Cost Function) taz liTininam
= A Jd o A 1 = . o
gudevosz Uy taznsain 2 WanFus 119 1510581 (Non-Smooth Cost Function) 9
4 { a J a ' :
110911910 NINADINGAIAY (Valve Point Effect) 11z W15 91AIANNFTOV0ITZUY F9Y

L a d a a a J o
14 TsunsupreiinsizideyaBeininisy asiamans MATLAB Tumssuim
WNa

1. nain 1

]
v

! ' A Jd v J i’ a A = =
ﬂilluﬁ"lﬂﬁil"lfﬂﬁaﬂﬂfJNﬂi%WEJﬂ‘VIiJﬁ\‘]ﬂ"]f‘l!iTﬂ1ﬂ'lL‘]5E]LWﬁQ‘V]iﬁJL§EJ‘]J uaz"luummm
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ai bi Ci i,min i,max
Unit ($/(MW)’h) ($/MWh) ($/h) (MW) (MW)
1 0.1525 38.540 756.800 10 125
2 0.1060 46.160 451.325 10 150
3 0.0280 40.400 1050.000 35 225

4 0.0355 38.310 1243.530 35 210
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ai bi Ci i,min i,max

Unit ($/(MW)’h) ($/MWh) ($/h) (MW) (MW)
5 0.0211 36.328 1658.570 130 325
6 0.0180 38.270 1356.660 125 315

nn: Giiveng (2010)
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Cuckoo Search PSO
Unit P, F, UIUTOU P, F, NUIUTDY
(MW) ($/h) (MW) ($/h)

1 43.18  2705.07 4506  2803.05
2 26.17  1732.06 31.64  2017.94
3 201.94  10350.16 179.68  9213.05
4 188.71  9737.35 203.62  10516.08
5 325.00 15693.86 325.00 15693.86
6 315.00 15197.76 315.00 15197.76

Total 1100.00 55416.27 50 1100.00 55441.74 200
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NUIUTOU F($/h)
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a, b, c, d, €, :smin sz

Unit  ($/(MW)’h)  ($/MWh) ($/h) ($h)  (radMW)  (MW)  (MW)
1 0.1524 38.5379  786.7988 450 0.041 150 470
2 0.1058 46.1591  451.3251 600 0.036 135 470
3 0.0280 403965  1049.9977 320 0.028 73 340
4 0.0354 38.3055  1243.5311 260 0.052 60 300
5 0.0211 36.3278  1658.5696 280 0.063 73 243
6 0.0179 382704  1356.6592 310 0.048 57 160
7 0.0121 36.5104  1450.7045 300 0.086 20 130
8 0.0124 36.5104  1450.7045 340 0.082 47 120
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M3519N 4 (90)

a, b, c, d, €, ' min max

Unit ($/MW)’h)  ($/MWh) ($/h) ($/h) (rad/MW) (MW) (MW)
9 0.1090 39.5804 1455.6056 270 0.098 20 80
10 0.1295 40.5407 1469.4026 380 0.094 10 455

130: Elshahed et al. (2011)
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N, R oo 10l16 17 12 14 35 11 13 13 15 16
mdulssandmagads 8)=10° 115 1L 15 10 7 36 12 15 14 1e

17 15 14 11 13 12 38 16 16 18
18 16 14 12 13 12 16 40 15 16

19 18 16 14 15 14 16 15 42 19
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Cuckoo Search PSO
Unit P, F, UIUTOY P, F, UIUTOY
(MW) ($/h) MW) ($/h)
1 206.78 15599.00 206.16 15543.87
2 261.44 20343.20 263.88 20597.34
3 340.00 18319.02 340.00 18319.02

4 300.00 15943.61 300.00 15943.61
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Cuckoo Search PSO
Unit P, F, UIUTOU P, F, UIUTOY
(MW) ($/h) (MW) ($/h)
5 243.00 12000.82 243.00 12000.82
6 160.00 8239.89 160.00 8239.89
7 130.00 6412.11 130.00 6412.11
8 120.00 6110.07 120.00 6110.07
9 80.00 5425.57 80.00 5425.57
10 235.10 18439.03 233.32 18297.68
Total 2076.32 126832.32 50 2076.36 126889.98 300
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NUIUTOU F($/h)
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100 130256.08
150 129482.64
200 128646.49
250 127943.62

300 126889.98
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function [bestnest,fmin]=cuckoo search(n)

if nargin<1,
% Number of nests (or different solutions)
n=25;

end

% Discovery rate of alien eggs/solutions

pa=0.25;

%% Change this if you want to get better results
% Tolerance

Tol=1.0e-5;

%% Simple bounds of the search domain

nd=15;

% Lower bounds

Lb=-5*ones(1,nd);

% Upper bounds

Ub=5*ones(1,nd);

% Random initial solutions
for i=1:n,
nest(i,;)=Lb-+(Ub-Lb).*rand(size(Lb));

end
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% Get the current best
fitness=10"10*ones(n,1);

[fmin,bestnest,nest,fitness]=get best nest(nest,nest,fitness);

N _iter=0;

%% Starting iterations

while (fmin>Tol),
% Generate new solutions (but keep the current best)
new_nest=get_cuckoos(nest,bestnest,Lb,Ub);

[fnew,best,nest,fitness]=get _best nest(nest,new_nest,fitness);

% Update the counter

N_iter=N_iter+n;

% Discovery and randomization

new_nest=empty nests(nest,Lb,Ub,pa) ;

% Evaluate this set of solutions

[fnew,best,nest,fitness]=get best nest(nest,new nest,fitness);

% Update the counter again

N_iter=N_iter+n;

% Find the best objective so far
if fnew<fmin,
fmin=fnew;
bestnest=best;
end
end %% End of iterations

%% Post-optimization processing
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%% Display all the nests
disp(strcat('Total number of iterations=',num2str(N_iter)));
fmin

bestnest

%% Get cuckoos by ramdom walk

function nest=get cuckoos(nest,best,Lb,Ub)

% Levy flights

n=size(nest,1);

% Levy exponent and coefficient

% For details, see equation (2.21), Page 16 (chapter 2) of the book

% X. S. Yang, Nature-Inspired Metaheuristic Algorithms, 2nd Edition, Luniver Press, (2010).
beta=3/2;

sigma=(gamma(1-+beta)*sin(pi*beta/2)/(gamma((1+beta)/2)*beta*2((beta-1)/2)))"(1/beta);

for j=1:n,
s=nest(j,:);
% This is a simple way of implementing Levy flights
% For standard random walks, use step=1;
%% Levy flights by Mantegna's algorithm
u=randn(size(s))*sigma;
v=randn(size(s));

step=u./abs(v)."(1/beta);

% In the next equation, the difference factor (s-best) means that
% when the solution is the best solution, it remains unchanged.
stepsize=0.01*step.*(s-best);

% Here the factor 0.01 comes from the fact that L/100 should the typical
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% step size of walks/flights where L is the typical lenghtscale;

% otherwise, Levy flights may become too aggresive/efficient,

% which makes new solutions (even) jump out side of the design domain
% (and thus wasting evaluations).

% Now the actual random walks or flights

s=s+stepsize. *randn(size(s));

% Apply simple bounds/limits
nest(j,:)=simplebounds(s,Lb,Ub);

end

%% Find the current best nest

function [fmin,best,nest,fitness]=get best nest(nest,newnest,fitness)

% Evaluating all new solutions
for j=1:size(nest,1),
fnew=fobj(newnest(j,:));
if fnew<=fitness(j),
fitness(j)=fnew;
nest(j,:)=newnest(j,:);
end

end
% Find the current best
[fmin,K]=min(fitness) ;

best=nest(K,:);

%% Replace some nests by constructing new solutions/nests

function new_nest=empty nests(nest,Lb,Ub,pa)

% A fraction of worse nests are discovered with a probability pa
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n=size(nest,1);

% Discovered or not -- a status vector

K=rand(size(nest))>pa;

% In the real world, if a cuckoo's egg is very similar to a host's eggs, then
% this cuckoo's egg is less likely to be discovered, thus the fitness should
% be related to the difference in solutions. Therefore, it is a good idea

% to do a random walk in a biased way with some random step sizes.
%% New solution by biased/selective random walks
stepsize=rand*(nest(randperm(n),:)-nest(randperm(n),:));

new_nest=nest+stepsize.*K;

% Application of simple constraints

function s=simplebounds(s,Lb,Ub)

% Apply the lower bound
ns_tmp=s;
[=ns_tmp<Lb;

ns_tmp(I)=Lb(I);

% Apply the upper bounds
J=ns_tmp>Ub;
ns_tmp(J)=Ub(J);

% Update this new move

s=ns_tmp;

%% You can replace the following by your own functions

% A d-dimensional objective function
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function Fcost=fobj(h)

% 1.a (/MW”2) 2. b $/MW 3. ¢ ($) 4.lower lomit(MW) 5.Upper limit(MW)
data=[0.1525 38.540 756.800 10 125

0.1060 46.160 451.325 10 150

0.0280 40.400 1050.000 35 225

0.0355 38.310 1243.530 35 210

0.0211 36.328 1658.570 130 325

0.0180 38.270 1356.660 125 315];

% Demand (MW)

Pd=1100;

% Loss coefficients it should be squarematrix of size nXn where n is the no
% of plants

B=[000000

000000

000000

000000

000000

000000];

n=length(data(:,1));
Aeg=ones(1,n);
a=data(:,1);
b=data(:,2);
c=data(:,3);
I=data(:,4);
u=data(:,5);

P=l;



for i=1:10

PI=P"*B*P;

Pd1=Pd+PI;

ll=diag(1-2*B*P);

Al=inv(ll)*a;

Bl=inv(ll)*b;

H=2*diag(Al);
P=quadprog(H,B1,[],[]1,Aeq,Pd1,Lu);
Fcostl=(a.*P.*P+b.*P+c);

end

Pt=P
Ploss=P1

Fcost=sum(a.*P.*P+b.*P+c)
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function [bestnest,fmin]=cuckoo search(n)

if nargin<1,
% Number of nests (or different solutions)
n=25;

end

% Discovery rate of alien eggs/solutions

pa=0.25;

%% Change this if you want to get better results
% Tolerance

Tol=1.0e-5;

%% Simple bounds of the search domain

nd=15;

% Lower bounds

Lb=-5*ones(1,nd);

% Upper bounds

Ub=5*ones(1,nd);

% Random initial solutions
for i=1:n,
nest(i,;)=Lb+(Ub-Lb).*rand(size(Lb));

end
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% Get the current best
fitness=10"10*ones(n,1);

[fmin,bestnest,nest,fitness]=get best nest(nest,nest,fitness);

N _iter=0;

%% Starting iterations

while (fmin>Tol),
% Generate new solutions (but keep the current best)
new_nest=get_cuckoos(nest,bestnest,Lb,Ub);

[fnew,best,nest, fitness]=get best nest(nest,new_nest,fitness);

% Update the counter

N_iter=N_iter+n;

% Discovery and randomization

new_nest=empty nests(nest,Lb,Ub,pa) ;

% Evaluate this set of solutions

[fnew,best,nest,fitness]=get best nest(nest,new_nest,fitness);

% Update the counter again

N_iter=N_iter+n;

% Find the best objective so far
if fnew<fmin,
fmin=fnew;
bestnest=best;
end
end %% End of iterations

%% Post-optimization processing
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%% Display all the nests
disp(strcat('Total number of iterations=',num2str(N_iter)));
fmin

bestnest

%% Get cuckoos by ramdom walk

function nest=get cuckoos(nest,best,Lb,Ub)

% Levy flights

n=size(nest,1);

% Levy exponent and coefficient

% For details, see equation (2.21), Page 16 (chapter 2) of the book

% X. S. Yang, Nature-Inspired Metaheuristic Algorithms, 2nd Edition, Luniver Press, (2010).
beta=3/2;

sigma=(gamma(1-+beta)*sin(pi*beta/2)/(gamma((1+beta)/2)*beta*2((beta-1)/2)))"(1/beta);

for j=1:n,
s=nest(j,:);
% This is a simple way of implementing Levy flights
% For standard random walks, use step=1;
%% Levy flights by Mantegna's algorithm
u=randn(size(s))*sigma;
v=randn(size(s));

step=u./abs(v)."(1/beta);

% In the next equation, the difference factor (s-best) means that
% when the solution is the best solution, it remains unchanged.
stepsize=0.01*step.*(s-best);

% Here the factor 0.01 comes from the fact that L/100 should the typical
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% step size of walks/flights where L is the typical lenghtscale;

% otherwise, Levy flights may become too aggresive/efficient,

% which makes new solutions (even) jump out side of the design domain
% (and thus wasting evaluations).

% Now the actual random walks or flights

s=s+stepsize. *randn(size(s));

% Apply simple bounds/limits
nest(j,:)=simplebounds(s,Lb,Ub);

end

%% Find the current best nest

function [fmin,best,nest,fitness]=get best nest(nest,newnest,fitness)

% Evaluating all new solutions
for j=1:size(nest,1),
fnew=fobj(newnest(j,:));
if fnew<=fitness(j),
fitness(j)=fnew;
nest(j,:)=newnest(j,:);
end

end
% Find the current best
[fmin,K]=min(fitness) ;

best=nest(K,:);

%% Replace some nests by constructing new solutions/nests

function new_nest=empty nests(nest,Lb,Ub,pa)

% A fraction of worse nests are discovered with a probability pa
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n=size(nest,1);

% Discovered or not -- a status vector

K=rand(size(nest))>pa;

% In the real world, if a cuckoo's egg is very similar to a host's eggs, then
% this cuckoo's egg is less likely to be discovered, thus the fitness should
% be related to the difference in solutions. Therefore, it is a good idea

% to do a random walk in a biased way with some random step sizes.
%% New solution by biased/selective random walks
stepsize=rand*(nest(randperm(n),:)-nest(randperm(n),:));

new_nest=nest+stepsize.*K;

% Application of simple constraints

function s=simplebounds(s,Lb,Ub)

% Apply the lower bound
ns_tmp=s;
[=ns_tmp<Lb;

ns_tmp(I)=Lb(I);

% Apply the upper bounds
J=ns_tmp>Ub;
ns_tmp(J)=Ub(J);

% Update this new move

s=ns_tmp;

%% You can replace the following by your own functions

% A d-dimensional objective function
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function Fcost=fobj(h)

% 1.a (/MW”2) 2. b $/MW 3. ¢ ($) 4.lower lomit(MW) 5.Upper limit(MW)
data=[0.1524 38.5379 786.7988 450 0.041 150 470
0.1058 46.1591 451.3251 600 0.036 135 470
0.0280 40.3965 1049.9977 320 0.028 73 340
0.0354 38.3055 1243.5311 260 0.052 60 300
0.0211 36.3278 1658.5696 280 0.063 73 243
0.0179 38.2704 1356.6592 310 0.048 57 160
0.0121 36.5104 1450.7045 300 0.086 20 130
0.0124 36.5104 1450.7045 340 0.082 47 120
0.1090 39.5804 1455.6056 270 0.098 20 80

0.1295 40.5407 1469.4026 380 0.094 10 455];

% Demand (MW)

Pd=2000;

% Loss coefficients it should be squarematrix of size nXn where n is the no

% of plants

B=[0.000049 0.000014 0.000015 0.000015 0.000016 0.000017 0.000017 0.000018 0.000019
0.000020

0.000014 0.000045 0.000016 0.000016 0.000017 0.000015 0.000015 0.000016 0.000018
0.000018

0.000015 0.000016 0.000039 0.000010 0.000012 0.000012 0.000014 0.000014 0.000016
0.000016

0.000015 0.000016 0.000010 0.000040 0.000014 0.000010 0.000011 0.000012 0.000014
0.000015

0.000016 0.000017 0.000012 0.000014 0.000035 0.000011 0.000013 0.000013 0.000015
0.000016

0.000017 0.000015 0.000012 0.000010 0.000011 0.000036 0.000012 0.000012 0.000014

0.000015



0.000017 0.000015 0.000014 0.000011 0.000013 0.000012 0.000038 0.000016 0.000016
0.000018
0.000018 0.000016 0.000014 0.000012 0.000013 0.000012 0.000016 0.000040 0.000015
0.000016
0.000019 0.000018 0.000016 0.000014 0.000015 0.000014 0.000016 0.000015 0.000042
0.000019
0.000020 0.000018 0.000016 0.000015 0.000016 0.000015 0.000018 0.000016 0.000019

0.000044];

n=length(data(:,1));
Aeqg=ones(1,n);
a=data(:,1);
b=data(:,2);
c=data(:,3);
d=data(:,4);
e=data(:,5);
I=data(:,6);
u=data(:,7);

P=l;

for i=1:10

PI=P'"*B*P;

Pd1=Pd+PI;

lI=diag(1-2*B*P);

Al=inv(ll)*a;

Bl=inv(11)*b;

H=2*diag(Al);
P=quadprog(H,B1,[],[]1,Aeq,Pd1,Lu);
Fcostl=(a.*P.*P+b.*P+c+abs(d.*sin(e.*(1-P))));

end
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Pt=P
Ploss=P1

Fcost=sum(a.*P.*P+b.*P+c+abs(e.*sin(f.*(1-P))))
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Cuckoo Search via Lévy Flights

Xin-She Yang
Department of Engineering,
University of Cambridge
Trumpinton Street
Cambridge CB2 1PZ, UK
Email: xy227@cam.ac.uk

Abstract—In this paper, we intend to formulate a new meta-
heuristic algorithm, called Cuckoo Search (CS8), for solving
optimization problems. This algorithm is based on the obligate
brood parasitic behaviour of some cuckoo species in combination
with the Lévy flight behaviour of some birds and fruit flies. We
validate the proposed algorithm against test functions and then
compare its performance with those of genetic algorithms and
particle swarm oplimization. Finally, we discuss the implication
of the results and suggestion for further research.

Index Terms—algorithm; cuckoo search; Lévy flight; meta-
heuristics; nature-inspired strategy: optimization:

I. INTRODUCTION

More and more modern metaheuristic algorithms inspired
by nature are emerging and they become increasingly popular.
For example, particles swarm optimization (PSO) was inspired
by fish and bird swarm intelligence, while the Firefly Algo-
rithm was inspired by the flashing pattern of tropical fireflies
[2], [3], [6], [21], [22]. These nature-inspired metaheuristic
algerithms have been used in a wide range of optimization
problems, including NP-hard problems such as the travelling
salesman problem [2], [3], [6], [8], [10], [21].

The power of almost all modern metaheuristics comes from
the fact that they imitate the best feature in nature, especially
biological systems evolved from natural selection over millions
of years. Two important characteristics are selection of the
fittest and adaptation to the environment. Numerically speak-
ing, these can be translated into two crucial characteristics of
the modern metaheuristics: intensification and diversification
[3]. Intensification intends to search around the current best
solutions and select the best candidates or solutions, while
diversification makes sure the algorithm can explore the search
space efficiently.

This paper aims to formulate a new algorithm, called
Cuckoo Search (CS), based on the interesting breeding be-
baviour such as brood parasitism of certain species of cuckoos.
We will first introduce the breeding bebaviour of cuckoos
and the characteristics of Lévy flights of some birds and
fruit flies. and then formulate the new CS, followed by
its implementation. Finally, we will compare the proposed
search strategy with other popular optimization algorithms
and discuss our findings and their implications for various
optimization problems.

978-1-4244-5612-3/09/$26.00 ©2009 IEEE

Suash Deb
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1. CUCKOO BEHAVIOUR AND LEVY FLIGHTS
A. Cuckoo Breeding Behaviour

Cuckoo are fascinating birds, not only because of the
beautiful sounds they can make, but also because of their
aggressive reproduction strategy. Some species such as the
ani and Guira cuckeos lay their eggs in communal nests,
though they may remove others’ eggs to increase the hatching
probability of their own eggs [12]. Quite a number of species
engage the obligate brood parasitism by laying their eggs in the
nests of other host birds (often other species). There are three
basic types of brood parasitism: intraspecific brood parasitism,
cooperative breeding, and nest takeover. Some host birds can
engage direct conflict with the mtruding cuckoos. If a host
bird discovers the eggs are not their owns, they will either
throw these alien eggs away or simply abandon its nest and
build a new nest elsewhere. Some cuckoo species such as the
New World brood-parasitic Tapera have evolved in such a way
that female parasitic cuckoos are often very specialized in the
mimicry in colour and pattern of the eggs of a few chosen
host species [12]. This reduces the probability of their eggs
being abandoned and thus increases their reproductivity.

In addition, the timing of egg-laying of some species is also
amazing. Parasitic cuckoos often choose a nest where the host
bird just laid its own eggs. In general, the cuckoo eggs hatch
slightly earlier than their host eggs. Once the first cuckoo chick
is hatched, the first instinet action it will take is to evict the
host eggs by blindly propelling the eggs out of the nest, which
increases the cuckoo chick’s share of food provided by its host
bird. Studies also show that a cuckoo chick can also mimic the
call of host chicks to gain access to more feeding opportunity.

B. Lévy Flights

On the other hand, various studies have shown that flight
behaviour of many animals and insects has demonstrated the
typical characteristics of Lévy flights [4], [15], [13], [14].
A recent study by Reynolds and Frye shows that fruit flies
or Drosophila melanogaster, explore their landscape using a
series of straight flight paths punctuated by a sudden 90° turn,
leading to a Lévy-flight-style intermittent scale free search
pattern. Studies on human behaviour such as the Ju/"hoansi
hunter-gatherer foraging patterns also show the typical feature
of Lévy flights. Even light can be related to Lévy flights [1].
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Cuckoo Search via Lévy Flights
begin
Objective function f(x), x = (z1,..,2a)
Generate initial population of
n host nests x; (i = 1,2,...,n)
while (¢ <MaxGeneration) or (stop criterion)
Gret a enckoo randomly by Lévy flights
evaluate its qualityfitness F;
Choose a nest among 1 (say, j) randomly
it (F; = Fj),
replace j by the new solution;
end
A fraction (pg) of worse nests
are abandoned and new ones are built;
Keep the best solutions
(or nests with quality solutions);
Rank the solutions and find the current best
end while
Postprocess results and visualization
end

g

Fig. 1. Psendo code of the Cuckoo Search (CS).

Subsequently, such behaviour has been applied to optimization
and optimal search, and preliminary results show its promising
capability [13], [15], [19], [20].

ITI. CUCKOO SEARCH

For simplicity in describing our new Cuckoo Search, we
now use the following three idealized rules: 1) Each cuckoo
lays one egg at a time, and dump its egg in randomly chosen
nest; 2) The best nests with high quality of eggs will carry over
to the next g ions; 3) The ber of available host nests
is fixed, and the egg laid by a cuckoo is discovered by the host
bird with a probability p, € [0,1]. In this case, the host bird
can either throw the egg away or abandon the nest, and build
a completely new nest. For simplicity, this last assumption can
be approximated by the fraction p, of the n nests are replaced
by new nests (with new random solutions).

For a maximization problem, the quality or fimess of
a solution can simply be proportional to the value of the
objective function. Other forms of fitness can be defined in a
similar way to the fitmess function in genetic algorithms. For
simplicity, we can use the following simple representations
that each egg in a nest represents a solution, and a cuckoo
egg represent 4 new solution, the aim is to use the new and
potentially better solutions (cuckoos) to replace a not-so-good
solution in the nests. OFf course, this algorithm can be extended
to the more complicated case where each nest has multiple
eggs representing a set of solutions. For this present work,
we will use the simplest approach where each nest has only a
single egg.

Based on these three rules, the basic steps of the Cuckoo
Search (CS) can be summarized as the pseudo code shown in
Fig. 1.

When generating new solutions x'**?) for, say, a cuckoo 4,
a Lévy flight is performed

*HY =9 4 a @ Leévy(h), (1

where o > 0 is the step size which should be related to
the scales of the problem of interests. In most cases, we can
use o = 1. The above equation is essentially the stochastic
equation for random walk. In general, a random walk is a
Markov chain whose next status/location only depends on the
current location (the first term in the above equation) and the
transition probability {the second term). The product & means
entrywise multiplications. This entrywise product is similar to
those used in PSO, but here the random walk via Lévy flight is
more efficient in exploring the search space as its step length
is much longer in the long run.

The Lévy flight essentially provides a random walk while
the random step length is drawn from a Lévy distribution

Lévy ou =t (1<A=3), 2

which has an infinite variance with an infinite mean. Here the
steps essentially form a random walk process with a power-
law step-length distribution with a heavy tail. Some of the new
solutions should be generated by Lévy walk around the best
solution obtained so far, this will speed up the local search.
However, a substantial fraction of the new solutions should
be generated by far field randomization and whose locations
should be far enough from the current best solution, this will
make sure the system will not be trapped in a local optimum.

From a quick look, it seems that there is some similarity
between CS and hill-climbing in combination with some large
scale randomization. But there are some significant differ-
ences. Firstly, CS is a population-based algorithm, in a way
similar to GA and PSO, but it uses some sort of elitism and/or
selection similar to that used in harmony search. Secondly, the
randomization is more efficient as the step length is heavy-
tailed, and any large step is possible. Thirdly, the number of
parameters to be tuned is less than GA and PSo, and thus
it is potentially more generic to adapt to a wider class of
optimization problems. In addition, each nest can represent
a set of solutions, CS can thus be extended to the type of
meta-population algorithm.

IV. IMPLEMENTATION AND NUMERICAL EXPERIMENTS
A. Validation and Parameter Stidies

After implementation, we have to validate the algorithm
using test functions with analytical or known solutions. For
example, one of the many test functions we have used is the
bivariate Michaelwicz function

2 2

Javy) = —sin(a)sin?™(Z) — sin@y) sin™(2L), (3
where m = 10 and (z,y) € [0,5] x [0, 5]. This function has a
global minimum f, = —1.8013 at (2.20319, 1.57049). The
landscape of this funciton is shown in Fig. 2. This global
optimum can easily be found using Cuckoo Search, and the
results are shown in Fig. 3 where the final locations of the
nests are also marked with ¢ in the figure. Here we have
used n = 15 nests, @ = 1 and p, = 0.25. In most of our
simulations, we have used n = 15 to 50.
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[] 1 2 3 4
Fg. 3. Seawch paths of nests nsing Cuckoo Search. The final locations of
the nests are marked with € in the figure.

From the figure, we can see that, as the optimum is ap-
proaching, most nests aggregate towards the global optimum.
We also notice that the nests are also distributed at different
(loeal) optima in the case of multimodal functions, This means
that CS can find all the optima simultaneously if the number
of nests are much higher than the number of local optima.
This advantage may become more significant when dealing
with multimedal and multiobjective optimization problems.

We have also tried to vary the number of host nests
(or the population size n) and the probability p,. We have
uwsed n = 5,10,15,20,50, 100,150, 250,500 and p, =
0,0.01,0.05,0.1,0.15,0.2,0.25, 0.4,0.5. From our simula-
tions, we found that n = 15 and p, = 0.23 are sufficient for
most optimization problems. Results and analysis also imply
that the convergence rate, to some extent, is not sensitive to
the parameters used. This means that the fine adjustment is not
needed for any given problems. Therefore, we will use fixed
n = 15 and pa = 0.25 in the rest of the simulations, especially
for the comparison studies presented in the next secticn.

B. Test Furictions

There are many benchmark test functions in literature [5],
[17], [16], and they are designed to test the performance
of eptimization algorithms. Any new optimization algorithm
should also be validated and tested against these benchmark
functions. In our simulations, we have used the following test
functions.

De Jong's first function is essentially a sphere function

d
foay=> 1,

i=1

s € [~5.12,5.12], (4)

whose global minimum f, = 0 occurs at x, = (0,0,...,0).
Here d is the dimension.
Easom’s test function is unimodal

flz,y) = = cos(z) cos(y) exp[—(z — =) — (v - )", (5)
where

(x.y) € [~100, 100] x [—100, 100]. (6)

It has a global minimum of f, = —1 at (7,7) in a very small

region.
Shubert’s bivariate function

5 5
Flayu) == icosl(i+ Dz +1] Y cosli+ Dy+ 1], (7)
i=1 i=1
has 18 global minima in the region (x,y) € [-10,10] x
[=10, 10]. The value of its global minima is f, = —186,7309.
Griewangk's test function has many local minima

1 L o -
= N oL | [ §
£ = 2000 o r i=__':°‘°'( \,.r’;') k& @

but a single global mimimum f, = 0 at (0,0,...,0) for all
—600 < z; < 600 where i = 1,2, ...,d.
Ackley’s function is multimodal

|
fx)=—20exp | —02,[=Y 22
\i&
L
B e:cp[& 3 cos(2ray)] + (20 + €), ©)
=1

with a global minimum f, = 0 at x, = (0,0,...,0) in the
range of —32.768 < x; < 32.768 where i = 1,2, ...,d.
The generalized Resenbrock’s function is given by

d=1
5609 =3 [(1=20? +100(ze1s - 23], (10)
=1

which has a minimum f(x,) =0 at x, = (1,1, ...,1).
Schwefel’s test function is also multimodal

d
) =Y [~ zesin(y/ma] )|, 500 < 2 < 500, (11)

with a global minimum of f, = —418.982%d at x; =
420.9687(i = 1,2,...,d).
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Rastrigin's test function
d
f(x) =10d + [z} — 10cos(2mzs)], (12)
im1
has a global minimum f, = 0 at (0,0,...,0) in a hypercube
—5.12< 5; < 512 where i = 1,2,...,4.
Michalewicz's test function has ! local optima

2 A . g'xg Im
F) = —Zsm(:r@)[sm{T)] , (m=10), (13)
where 0 < x; < 7 and i = 1,2,...,d. The global mimimum
is f, = —1.801 for d = 2, while f, = —4.6877 ford = 5.

C. Comparison of C85 with PSO and GA

Recent studies indicate that PSO algorithms can outperform
genetic algorithms (GA) [8] and other conventional algorithms
for many optimization problems. This can partly be attributed
to the broadcasting ability of the current best estimates which
potentially gives better and quicker convergence towards the
optimality. A general framework for evaluating statistical
performance of evolutionary algorithms has been discussed
in detail by Shilane et al. [18].

Now we will compare the Cuckoo Search with PSO and
genetic algorithms for various standard test functions. After
implementing these algorithms using Matlab, we have carried
out extensive simulations and each algorithm has been run
at least 100 times so as to carry out meaningful statistical
analysis. The algorithms stop when the variations of function
values are less than a given tolerance ¢ < 107%, The results
are summarized in the following tables (see Tables 1 and 2)
where the global optima are reached. The numbers are in
the format: average number of evaluations (success rate), so
927 + 105(100%) means that the average number (mean) of
function evaluations is 927 with a standard deviation of 105,
The success rate of finding the global optima for this algorithm
is 100%.

TABLE 1
COMPARISON OF CS WITH GENETIC ALGORITHMS

Functions/Algornithis GA [o]
T Multiple peaks 52174 = TTT0ER) | U2T £ 105(100%)

Michalewicz's (d=16) 80325 + T014(05%) 3221 + 519(100%)
Rosenbrock’s (d=16) 55723 =+ B001{90%) 5023 + 1937(100%)
De Jong's (d=256) 25412 & 1?3?(100%% 4071 £ 75-1%!.00%}
Schwefel's (d=128) 227329 &+ T572(95% 8820 £ 625(100%)
Ackley’s (d=128) 32720 & 3327(90%) 4936 £ 903(100%)
Rastrigin's 110528 £ 5199(77%) 10354 & 3755(100%)
FEasom’s 19230 £ 3307(92%) 6751 & 1902(100% )
Griewank's TOO25 £ T652(90%) 10012 & 4050{100%)
Shubert’s (13 nenima) 54077 + 4997(89%) 9770 + 3592(100%)

We can see that the CS is much more efficient in finding the
global optima with higher success rates. Each function evalu-
ation is virtually instantaneous on modern personal computer.

TAELE Il
COMPARISON OF CS WITH PARTICLE SWARM OPTIMISATION
Functions/Algoritl PSO [

Multiple peaks. 3719 £ 205(97%) 927 £ 105(1
Michalewicz's (d=16) 6022 + 537(98%) 5221 & 510{100%)
Rosenbrock’s (d=16) 32756 & 5325(08%) 5923 = 1937(100%)

De Jong's (d=256) 17040 4 1123(100%) 4971 & 754{10098)

Schwefel’s {d=128) 14522 £ 1275(97%) A520 £ 625(100%)

Ackley’s (d=128) 23407 + 4325(92%) 4936 £ 903(100%)
Rastrigin's 70401 + STI5(00%) 10354 & 3755(100%)
Easom's 17273 4 2020(00%) 6751 = 1902(100%)
Griewank's 55070 £ 4223(92%) 10912 £ 4050(100%)
Shobert’s (18 minima) 23002 + 3755(02%) 9770 £ 3502(100%)
of d jon and intensificati and less number of
control p eters. As for any metaheuristic algorithm, a good

balance of mtensive local search strategy and an efficient
exploration of the whole search space will usually lead to a
more efficient algorithm. On the other hand, there are only
two parameters in this algorithm, the population size n, and
P Once n is fixed, p, essentially controls the elitism and the
balance of the randomization and local search. Few parameters
make an algorithm less complex and thus potentially more
generic. Such observations deserve more systematic research
and further elaboration in the future work.

V. CONCLUSIONS

In this paper, we have for d a new heuristic
Cuckoo Search in combination with Lévy flights, based on the
breeding strategy of some cuckoo species. The proposed algo-
rithin has been validated and compared with other algorithms
such as genetic algorithms and particle swarm optimization.
Simulations and comparison show that CS is superior to these
existing algorithms for multimodal objective functions. This
is partly due to the fact that there are fewer parameters to
be fine-tuned in CS than in PSO and genetic algorithms. In
fact, apart from the population size n, there is essentially one
parameter p,. Furthermore, our simulations also indicate that
the convergence rate is insensitive to the parameter p,. This
also means that we do not have to fine tune these parameters
for a specific problem. Subsequently, CS is more generic and
robust for many optimization problems, comparing with other
metaheuristic algorithms.

This potentially powerful optimization strategy can easily
be extended to study multiobjecitve optimization applications
with various constraints, even to NP-hard problems. Further
studies can focus on the sensitivity and parameter studies and
their possible relationships with the conv e rate of the
algorithm. Hybridization with other popular algorithms such
as PSO will also be potentially fruitful.
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Abstract

A new metaheuristic optimisation algorithm, ealled Cuckoo Search (CS),
was developed recently by Yang and Deb (2009). This paper presents a more
extensive comparison study using some standard test functions and newly de
signed stochastic test functions. We then apply the CS algorithm to solve
engineering design optimisation problems, including the design of springs and
welded beam structures. The optimal solutions obtained by CS are far better
than the best solutions obtained by an efficient particle swarm optimiser. We
will discuss the unique search features used in CS and the implications for fur-
ther research.

Reference to this paper should be made as follows:

Yang, X.-5., and Deb, 8. (2010), “Engineering Optimisation by Cuckoo Search”,
Int. J. Mathematical Modelling and Numerical Optimisation, Vol. 1, No. 4,
330-343 (2010).

1 Introduction

Most design optimisation problems in engineering are often highly nonlinear, involv-
ing many different design variablez under complex constraints, These constraints
can be written either as simple bounds such as the ranges of material properties,
or as nonlinear relationships including maximum stress, maximum deflection, mini-
mum load capacity, and geometrical configuration. Such nonlinearity often results in
multimodal response landscape. Subsequently, local search algorithms such as hill-
climbing and Nelder-Mead downhill simplex methods are not suitable, only global
algorithms should be used so as to obtain optimal solutions (Deb 1005, Arora 1980,
Yang 2005, Yang 2008).

Modern metaheuristic algorithms have been developed with an aim to carry out
global search, typical examples are genetic algorithms (Glodberg 1989), particle
swarm optimisation (PSO) (Kennedy and Eberhart 1995, Kennedy et al 2001). The
efficiency of metaheuristic algorithms can be attributed to the fact that they imitate
the best features in nature, especially the selection of the fittest in biological systems
which have evolved by natural selection over millions of years. Two important
characteristics of metaheuristics are: intensification and diversification (Blum and
Roli 2003, Gazi and Passino 2004, Yang 2009). Intensification intends to search
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around the current best solutions and select the best candidates or solutions, while
diversification makes sure that the algorithm can explore the search space more
efficiently, often by randomization.

Recently, a new metaheuristic search algorithm, called Cuckoo Search (CS), has
been developed by Yang and Deb (2009). Preliminary studies show that it is very
promising and could outperform existing algorithms such as PSO. In this paper,
we will further study CS and validate it against test functions including stochastic
test functions. Then, we will apply it to solve design optimisation problems in
engineering. Finally, we will discuss the unique features of Cuckoo Search and
propose topics for further studies.

2 Cuckoo Search

In order to deseribe the Cuckoo Search more clearly, let us briefly review the inter-
esting breed behaviour of certain cuckoo species. Then, we will outline the basic
ideas and steps of the proposed algorithm.

2.1 Cuckoo Breeding Behaviour

Cuckoo are fascinating birds, not only because of the beautiful sounds they can
make, but also because of their aggressive reproduction strategy. Some species such
as the ant and Guira cuckoos lay their eggs in communal nests, though they may
remove others’ eggs to increase the hatching probability of their own eggs (Payne et
al 2005). Quite a number of species engage the obligate brood parasitism by laying
their eggs in the nests of other host birds (often other species). There are three basic
types of brood parasitism: intraspecific brood parasitism, cooperative breeding, and
nest takeover. Some host birds can engage direct confliet with the intruding cuckoos.
If a host bird discovers the eggs are not its owns, it will either throw these alien eggs
away or simply abandons its nest and builds a new nest elsewhere. Some cuckoo
species such as the New World brood-parasitic Tapera have evolved in such a way
that female parasitic cuckoos are often very specialized in the mimicry in colour and
pattern of the eggs of a few chosen host species (Payne et al 2005). This reduces the
probability of their eggs being abandened and thus increases their reproductivity.
Furthermore, the timing of egg-laying of some species is also amazing. Parasitic
cuckoos often choose a nest where the host bird just laid its own eggs. In general, the
cuckoo eggs hatch slightly earlier than their host eggs. Once the first euckoo chick
is hatched, the first instinet action it will take is to eviet the host eggs by blindly
propelling the eggs out of the nest, which increases the euckoo chick’s share of food
provided by its host bird (Payne et al 2005). Studies also show that a cuckoo chick
can also mimic the call of host chicks to gain access to more feeding opportunity.

2.2 Lévy Flights

In nature, animals search for food in a random or quasi-random manner. In general,
the foraging path of an animal is effectively a random walk because the next move
iz based on the current location/state and the transition probability to the next
location. Which direction it chooses depends implicitly on a probability which can
be modelled mathematically. For example, various studies have shown that the flight
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behaviour of many animals and insects has demonstrated the typical characteristics
of Lévy flights (Brown et al 2007, Reynods and Frye 2007, Pavlyukevich 2007).

A recent study by Reynolds and Frye (2007) shows that fruit flies or Drosophila
melanogaster, explore their landscape using a series of straight flight paths punc-
tuated by a sudden 90° turn, leading to a Lévy-flight-style intermittent scale-free
search pattern. Studies on human behaviour such as the Ju/ hoansi hunter-gatherer
foraging patterns also show the typical feature of Lévy flights. Even light can be
related to Lévy flights (Barthelemy et al 2008). Subsequently, such behaviour has
been applied to optimization and optimal search, and preliminary results show its
promising capability (Shlesinger 2006, Pavlyukevich 2007).

2.3 Cuckoo Search

For simplicity in describing our new Cuckoo Search (Yang and Deb 2008), we now
use the following three idealized rules:

¢ Each cuckoo lays one egg at a time, and dumps it in a randomly chosen nest;

¢ The best nests with high quality of eggs (solutions) will carry over to the next
generations;

o The number of available host nests is fixed, and a host can discover an alien
egg with a probability p, € [0, 1]. In this case, the host bird can either throw
the egg away or abandon the nest so as to build a completely new nest in a
new location.

For simplicity, this last assumption can be approximated by a fraction p, of the
n nests being replaced by new nests (with new random solutions at new locations).
For a maximization problem, the quality or fitness of a solution can simply be
proportional to the objective function. Other forms of fitness can be defined in a
similar way to the fitness function in genetic algorithms.
Based on these three rules, the basic steps of the Cuckoo Search (CS) can be
summarised as the pseudo code shown in Fig. 1.
When generating new solutions 20+ for, say cuckoo i, a Lévy flight is performed
2 = 2{? + 0 @ Levy(Y), (1)
where a > 0 is the step size which should be related to the scales of the problem
of interest. In most cases, we can use a = ((1). The product & means entry-wise

multiplications. Lévy flights essentially provide a random walk while their random
steps are drawn from a Lévy distribution for large steps

Lévy ~u=¢", (L<A<3), (2)

which has an infinite variance with an infinite mean. Here the consecutive jumps /steps
of a cuckoo essentially form a random walk process which obeys a power-law step-
length distribution with a heavy tail.

It is worth pointing out that, in the real world, if a cuckoo’s egg is very similar
to a host’s eggs, then this cuckoo’s egg is less likely to be discovered, thus the fitness
should be related to the difference in solutions. Therefore, it is a good idea to do
a random walk in a biased way with some random step sizes. A demo version is
attached in the Appendix (this demo is not published in the actual paper, but as a
supplement to help readers to implement the cuckoo search correctly).

3
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Objective function f(z), @ = (zy,.,zq4)";
Initial a population of n host nests =; (i = 1,2, ..., n);
while (¢ <MaxGeneration) or (stop criterion);
Get a cuckoo (say i) randomly by Lévy flights;
Evaluate its quality /fitness F};
Choose a nest among n (say j) randomly;
it (F; > Fy),
Replace j by the new sclution;
end
Abandon a fraction (p,) of worse nests
[and build new ones at new locations via Lévy flights|;
Keep the best solutions {or nests with quality solutions);
Rank the solutions and find the current best;
end while
Postprocess results and visualization;

Figure 1: Cuckoo Search (CS).

3 Implementation and Validation

3.1 Validation and Parameter Studies

It is relatively easy to implement the algorithm, and then we have to benchmark it
using test functions with analytical or known solutions. There are many benchmark
test functions and there is no standard list or collection, though extensive deserip-
tions of various functions do exist in literature (Floudas et al 1009, Hedar 2005,
Malga and Smutnicki 2005). For example, Michalewicz’s test function has many
local optima

d '8-1‘2 2m
f(@) = = sin(a) sin(5)] ™, (m = 10), 3)
i=1

in the domain 0 < z; < 7 for ¢ = 1,2, ...,d where d is the number of dimensions.
The global mimimum f, = —1.801 occurs at (2.20319,1.57049) for d = 2, while
fv = —4.6877 for d = 5. In the 2D} case, its 3D landscape iz shown Fig. 2.

The global optimum in 2D can easily be found using Cuckoo Search, and the
results are shown in Fig. 3 where the final locations of the nests are marked with
o. Here we have used n = 20 nests, o = 1 and p, = 0.25. From the figure, we can
see that, as the optimum is approaching, most nests aggregate towards the global
optimum. In various simulations, we also notice that nests are also distributed at
different (local) optima in the case of multimodal functions. This means that CS
can find all the optima simultaneously if the number of nests are much higher than
the number of local optima. This advantage may become more significant when
dealing with multimodal and multiobjective optimization problems.

We have also tried to vary the number of host nests (or the population size =)
and the probability p,. We have used n = 5,10, 15, 20, 50, 100, 150, 250, 500 and
pe = 0,0.01,0.05,0.1,0.15,0.2,0.25, 0.4,0.5. From our simulations, we found that
n = 15 to 25 and p, = 0.15 to 0.30 are sufficient for most optimization problems.
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Figure 2: The landscape of Michaelwicz’s 2D funetion.

Results and analysis also imply that the convergence rate, to some extent, is not
sensitive to the parameters used. This means that the fine adjustment of algorithm-
dependent, parameters is not needed for any given problems. Therefore, we will use
n = 20 and p, = 0.25 in the rest of the simulations, especially for the comparizon
studies presented later.

3.2 Standard Test Functions

Various test functions in literature are designed to test the performance of optimiza-
tion algorithms (Chattopadhyay 1971, Schoen 1993, Shang and Qiu 2006). Any new
optimization algorithm should also be validated and tested against these benchmark
functions. In our simulations, we have used the following test functions.

De Jong’s first funection is essentially a sphere function

d
flx) =32}, a;€[-512,512], (4)

fml

whose global minimum f(z,) = 0 occurs at @, = (0,0, ...,0). Here d is the dimen-
sion.
The generalized Rosenbrock’s function is given by

d=1

f@) =3 [(1—20)? + 100(zis1 —a2)?], (5)

=]

which has a unique global minimum f, =0 at @, = (1,1, ...,1).
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Figure 3: Initial locations of 20 nests in Cuckoo Search, and their final locations are
marked with <.

Schwefel’s test function is multimodal
d o
f@) =Y [ - asin(y/|ai] )], —500 <z < 500, (6)
i=1

whose global minimum f, = —418.9820d is at «} = 420.0687(i = 1,2, ...,d).
Ackley’s function is also multimodal

1.8\ L&
flx) —Qﬂexp[—[}.Q &Z""—fl —exp[Est(zm:g)H[-‘zn—f,-)_, (7)

with the global minimum f, = 0 at &, = (0,0,...,0) in the range of —32.768 < a; <
32.768 wherei = 1,2,...,d.
Rastrigin’s test function

d
Fx) =10d + > [af — 10cos(2ma;)], (8)
fml
has a unique global minimum f, = 0 at (0,0,...,0) in a hypercube —5.12 < 2; < 5.12
wherei=1,2,....d.
Easom’s test function has a sharp tip

f(@,y) = — cos(x) cos(y) exp[—(z — 7)2 — (y — 7)?), ©)

in the domain (z,y) € [—100, 100] < [-100, 100]. It has a global minimum of f, = —1
at (7,7} in a very small region.
Griewangk’s test function has many local minima

1 d.. . d @€
f(z) mlmﬁ-“m«a{?)w, (10)
: 1 Ve

il i

but a unique global mimimum f, = 0 at (0,0,...,0) for all —§00 < =; < 600 where
i=12,...4d.
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3.3 Stochastic Test Functions

Almost all the test functions in literature are deterministic. It is usually more
difficult for algorithms to deal with stochastic functions. We have designed some
stochastic test functions for such a purpose.

The first test function designed by Yang (2010} looks like a standing-wave func-
tion with a region of defects

m d
Hz)=[e” DA P T ] [Jeos?z, m=5 (1)
tm]

which has many local minima and the unique global minimum f, = =1 at x, =
(m,7,...,m) for =15 within the domain —20 < z; < 20 for 7 = 1,2,...,d. Here the
random variables ¢ (i = 1,2, ...,d) are uniformly digtributed in (0, 1). For example,
if all ¢ are relatively small (say order of 0.05), a snapshot of the landscape in 2D is
shown in Fig. 4, while for higher values such as (.5 the landscape is different, also
shown in Fig. 4.

Yang’s second test function is alzo multimodal but it has a singularity

d d
f(@) = (3 elail) exp [ - 3 sin(a?), (12)
i=1 =1

which has a unique global minimum f, = 0 at =, = (0,0,...,0) in the domain
—27 < x; < 27 where i = 1,2,...,d (Yang 2010). This function is singular at the
optimum (0, ...,0). Similarly, ¢ should be drawn from a uniform distribution in [0, 1]
or Unif(0,1]. In fact, using the same methodology, we can turn many determistic
functions into stochastic test functions. For example, we can extend Robsenbrock’s
function as the following stochastic function

d-1
@)=Y [(1 — 2)? 4 100 (wiyy — x§)2], (13)
i=1

where ¢; should be drawn from Unif[0,1]. Similarly, we can also extend De Jong’s
function into its corresponding stochastic form

d
flm) =Y ea, (14)

fm]
which still has the same global minimum f, = 0 at (0,0, ...,0), despite its stochastic
nature due to the factor . For stochastic functions, most deterministic algorithms
such as hill elimbing and Nelder-Mead downhill simplex method would simply fail.
However, we can see later that most metaheuristic algorithms such as PSO and CS

are still robust.

3.4 Simulations and Comparison

Recent studies indicate that PSO can outperform genetic algorithms (GA) and other
conventional algorithms (Goldberg 1989, Kennedy et al 2001, Yang 2008). This can
be attributed partly to the broadcasting ability of the current best estimates, po-
tentially leading to a better and quicker convergence rate towards the optimality, A
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Figure 5: The initial location of 20 nests (left) for function (11) and their final
locations after 15 iterations (right).

general framework for evaluating statistical performance of evolutionary algorithms
has been discussed in detail by Shilane et al (2008).

Now we can compare the Cuckoo Search with PSO and genetic algorithms for
various test functions. After implementing these algorithms using Matlab, we have
carried out extensive simulations and each algorithm has been run at least 100
times so as to carry out meaningful statistical analysis. The algorithms stop when
the variations of function values are less than a given tolerance ¢ < 10-5. The results
are summarised in Table 1 where the numbers are in the format: average number of
evaluations + one standard deviation (success rate), so 3321+519(100%) means that
the average number (mean) of function evaluations is 3321 with a standard deviation
of 519. The success rate of finding the global optima for this algorithm is 100%.
The functions used in the Table are (1) Michaelwicz (d = 16), (2) Rosenrbrock
(d = 16), (3) De Jong (d = 32), (4) Schwefel (d = 32), (5) Ackley (d = 128),
(6) Rastrigin, (7) Easom, (8) Griewangk, (9) Yang's first stochastic function, (10)
Yang's second stochastic function, (11) Generalised Robsenbrock’s funetion with
stochastic components, and (12) De Jong's stochastic function.

‘We can see that CS is much more efficient in finding the global optima with

95



Table 1: Comparison of CS with genetic algorithms and particle swarm optimisation

Functions GA PSO Ccs
(1) 80325 + 7014(95%) 6022 + 537(08%) 3221 + 519(100%)
(2) 55723 + 8001(90%) 32756 + 5325(08%) 5923 + 1037(100%)
(3) 15232 + 1270(100%) 10079 + 970(100%) 3015 + 540(100%)
(4) 23700 + 6523(95%) 92411 = 1163(97%) 4710 + 592(100%)
(5) 32720 + 3327(00%) 23407 £ 4325(92%) 4936 4 003(100%)
(6) 110523 + 5199(77%) 79491 + 3715(00%) 10354 + 3755(100%)
(7) 19239 + 3307(92%) 17273 £ 2020(90%) 6751 + 1902(100%)
(8) 70025 + 7652(90%) 55070 + 4223(92%) 10912 + 4050(100%)
(9) 70025 4 6312(49%) 34056 + 4470(00%) 11254 + 2733(99%)
(10) 35072 + 3730(54%) 22360 + 2649(92%) 8669 + 3480(98%)
(11) 63268 + 5001(40%) 40152 + 6505(30%) 10564 + 4207(99%)
(12) 24164 + 4023(68%) 11780 + 4012(04%) 7723 + 2504(100%)

higher suceess rates. Each funection evaluation is virtually instantaneous on a modern
personal computer. For example, the computing time for 10,000 evaluations on a
3GHz desktop is about 5 seconds. In addition, for stochastic functions, genetic
algorithms do not perform well, while PSO is better. However, CS is far more
promising.

4 Engineering Design

Design optimisation is an integrated part of designing any new products in engineer-
ing and industry. Most design problems are complex and multiobjective, sometimes
even the optimal solutions of interest do not exist. In order to see how the CS
algorithm may perform, we now use two standard but well-known test problems.

4.1 Spring Design Optimisation

Tensional and/or compressional springs are used widely in engineering. A standard
spring design problem has three design variables: the wire diameter w, the mean
coil diameter d, and the length (or number of coils) L.

The objective is to minimise the weight of the spring, subject to various con-
straints such as maximum shear stress, minimum deflection, and geometrical limits.
For detailed description, please refer to earlier studies (Belegundn 1982, Arora 1959,
Cagnina et al 2008). This problem can be written compactly as

Minimise f(z) = (L + 2)w?d, (15}
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subject to
gif) =1- 'ﬁf—éﬁ =0,

pale) =1 19 <,
(16)
93(¢) = g@ — 1. & 0:
d{dd -}
gd'(x) = Wi w—w + 5l0‘§w5 -1 = 0’
with the following limits
005 <w=<20, 025<d<13, 20<L<150. (17)

Using Cuckoo Search, we have obtained the same or slightly better solutions
than the best solution obtained by Cagnina et al (2008)

f. = 0012665 at (0.051690,0.356750, 11.287126), (18)

but cuckoo search uses significantly fewer evaluations.

4.2 Welded Beam Design

The so-called welded beam design is another standard test problem for constrained
design optimisation (Ragsdell and Phillips 1975, Cagnina et al 2008). The problem
has four design variables: the width w and length L of the welded area, the depth
h and thickness h of the main beam. The objective iz to minimise the overall
fabrication cost, under the appropriate constraints of shear stress v, bending stress
a, buckling load P and maximum end deflection 4.

The problem can be written as

minimise f(x) = 1.10471w?L + 0.04811dh(14.0 + L), (19)

subject to
g(z)=w—h=0,
go(m) = &(x) —0.25 < 0,
ga(x) = v(x) — 13,600 < 0,
ga(x) = o(®) — 30,000 < 0, (20)
gs(x) = 0.10471w? + 0.04811kd(14 + L) — 5.0 < 0,
ge(®) = 0125 —w < 0,
g7(x) = 6000 — P(z) < 0,

10
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where
(@) = *5Ee, Q = 6000(14 + £),
D=3yIP T (w T dp, T = V2 wL[§ 4 Ctd?)
35,856 jo}
8 = 55 Gooha» 8=, (21)

a=7ﬁ%‘i‘#, T(z) = (/a2 + 2BL 4 g2,

P = 0.61423 x 100 4 (1 — S/3/8)

The simple limits or bounds are 0.1 < L.d < 10 and 0.1 < w, h < 2.0.
Using our Cuckoo Search, we have the following optimal solution

@, = (w, L,d, k)
= (0.205729639786079, 3.470488665627977, 9.036623910357633, 0.205729639786079),
(22)
with
F(@*)min = 1.724852308507361. (23)

This solution is exactly the same as the solution obtained by Cagnina et al (2008)
= 1.724852 at (0.205730,3.470489,9.036624,0.205729). (24)

We have seen that, for both test problems, CS has found the optimal solutions which
are either better than or the same as the solutions found so far in literature.

5 Discussions and Conclusions

From the comparison study of the performance of CS with GAs and PSO, we know
that our new Cuckoo Search in combination with Lévy flights is very efficient and
proves to be superior for almost all the test problems. This is partly due to the fact
that there are fewer parameters to be fine-tuned in CS than in PSO and genetic algo-
rithms. In fact, apart from the population size n, there is essentially one parameter
pa- If we look at the CS algorithm carefully, there are essentially three compo-
nents: selection of the best, exploitation by local random walk, and exploration by
randomization via Lévy flights globally.

The selection of the best by keeping the best nests or solutions is equivalent
to some form of elitism commonly used in genetic algorithms, which ensures the
best solution is passed onto the next iteration and there iz no risk that the best
solutions are cast out of the population. The exploitation around the best solutions

is performed by using a local random walk
! = z* + ae,. (25)

If g; obeys a Gaussian distribution, this becomes a standard random walk indeed.
This is equivalent to the crucial step in pitch adjustment in Harmony Search (Geem

11
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et al 2001, Yang 2009). If ; is drawn from a Lévy distribution, the step of move
ig larger, and could be potentially more efficient. However, if the step is too large,
there is risk that the move is too far away. Fortunately, the elitism by keeping the
best solutions makes sure that the exploitation moves are within the neighbourhood
of the best solutions locally.

On the other hand, in order to sample the search space effectively =o that new
solutions to be generated are diverse enough, the exploration step is carried out in
terms of Lévy flights. In contrast, most metaheuristic algorithms use either uniform
distributions or Gaussian to generate new explorative moves (Geem et al 2001, Blum
and Rilo 2003). If the search space is large, Lévy flights are usually more efficient.
A good combination of the above three components can thus lead to an efficient
algorithm such as Cuckoo Search.

Furthermore, our simulations also indicate that the convergence rate is insensi-
tive to the algorithm-dependent parameters such as p,. This also means that we
do not have to fine tune these parameters for a specific problem. Subsequently, CS
is more generic and robust for many optimisation problems, comparing with other
metaheuristic algorithms.

This potentially powerful optimisation strategy can easily be extended to study
multiobjecitve optimization applications with various constraints, including NP-
hard problems. Further studies can focus on the sensitivity and parameter studies
and their possible relationships with the convergence rate of the algorithm. In
addition, hybridization with other popular algorithms such as PSO will also be
potentially fruitful. More importantly, as for most metaheuristic algorithms, math-
ematical analysis of the algorithm structures is highly needed. At the moment, no
such framework exists for analyzing metaheuristics in general. Any progress in this
area will potentially provide new insight into the understanding of how and why
metaheuristic algorithms work.
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Appendix: Demo Implementation

Cuckoo Search {CS8) algorithm by Xin-She Yang and Suash Deb
Programmed by Xin-She Yang at Cambridge University
Programming datesz: Nov 2008 to June 2009

Last revised: Dec 2009 (simplified version for democ only)

et e

Papers -- Citation Details:

1) X.-S. Yang, S. Deb, Cuckoo zearch via Levy flights,

in: Proc. of World Congress on Nature & Bieclogically Inspired
Cemputing (NaBIC 2009), December 2002, India,

IEEE Publications, USA, pp. 210-214 (2009).
http://arxiv.org/PS_cache/arxiv/pdf/1003/1003.1594v1 . pdf

2) X.-8. Yang, S. Deb, Engineering optimization by cuckeo search,
Int. J. Mathematical Modelling and Numerical Optimisation,

Vol. 1, Ne. 4, 330-343 (2010).
http://arxiv.org/PS_cache/arxiv/pdf/1005/1006 .2908v2 . pdf

%
This demc program only implements a standard versicn of %
Cuckoo Search (CS), as the Levy flights and generation of %

new solutions may use slightly different methods. 3
The pseudo code was given sequentially (select a cuckoo etec), %
% but the implementation here uses Matlab’s vector capability, %
%
%

PP o et PR SR o5t PE oY adPdopd o opd Pl opt ol gt o

% which results in neater/better codes and shorter running time.

% This implementation is different and more efficient than the

% the demo code provided in the book by

1 "Yang X. 8., Nature-Inspired Metaheuristic Algoirthms, %
% 2nd Edition, Luniver Press, (2010). i %
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*

% Notes:
% Different implementationsz may lead to slightly different
% behavour and/or results, but there is nothing wrong with it,

% as this is the nature of random walks and all metaheuristics.

%

function [bestnest,fmin]=cuckoo_search(n)
if nargin<i,

% Number of nests (or different zolutions}
n=25;

and

% Discovery rate of alien eggs/solutions
pa=0.25;

%% Change this if you want to get better results
% Tolerance

Tol=1.0e-5;

%% S8imple bounds of the search domain

% Lower bounds

nd=15;

Lb=-5*ones(1,nd);

% Upper bounds

Ub=5*ones{1,nd) ;

% Random initial seoluticns

for i=1:n,

nest (i, :)=Lb+{(Ub-Lb).*rand{zize(lb)};
end

% Get the current best
fitness=10"10*cnes(n,1);
[fmin,bestnest,nest,fitness] =get _best_nest(nest ,nest,fitness);

N_iter=0;
%% Starting iterations
while {fmin>Tel),

% Generate new solutions (but keep the current best)
new_nest=get_cuckoos(nest,bestnest ,Lb,Ub}

[fnew,best,nest ,fitness]=get_best_nest (nest,new_nest,fitness);

% Update the counter
N_iter=N_iter+n;

% Discovery and randomization
new_nest=empty_nests(nest,Lb,Ub,pa) ;

% Evaluate this set of solutions

[fnew,beat ,nest,fitness]=get_best_nest(nest ,nevw_nest ,fitness);

% Update the counter again
N_iter=N_iter+n;
% Find the best objective so far
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if fnew<fmin,
fmin=fnew;
bestnest=best;
end

end %)% End of iterations

W

Post-optimization processing

%% Display all the nests

disp(strcat(’Total number of iterations=’,num2str(N_iter)));

fmin

bestnest

Wh e All subfunctions are list below --———-—-————c---—u
%% Get cuckoos by ramdom walk

function nest=get_cuckoos(nest ,best ,Lb,Ub)

% Levy flights

n=size(nest,1);

% Levy exponent and coefficient

% For details, see equation (2.21), Page 16 (chapter 2) of the book

% X. 8. Yang, Nature-Inspired Metaheuristic Algorithms, 2nd Edition, Luniver Press, (2010).

beta=3/2;

sigma=(gamma (1+beta)*sin(pi=beta/2) /(gamma( (1+beta) /2) *beta*2" ({beta-1)/2)})" (1/beta);

for j=1:n,

end

hk

s=nest(j,:);

% This is a simple way of implementing Levy flights
% For standard random walks, use step=1;

%% Levy flights by Mantegna’s algorithm
u=randn(size(s))*sigma;

v=randn(size(s));

stap=u./abs{v)." (1/beta);

% In the next equation, the difference factor (s-best) means that

% when the solution iz the best sclution, it remains unchanged.
stepsize=0.01*step.*(s-best);

% Here the factor 0.01 comes from the fact that L/100 should the typical
% step size of walks/flighte where L is the typical lenghtscale;

% otherwise, Levy flights may become too aggresive/efficient,

% which makes mnew solutions (even) jump out side of the design domain
% (and thus wasting evaluations).

% Now the actual random walks or flights
s=st+stepsize.*randn(size(s));

% Apply simple bounds/limits

nest(j,:)=simplebound=(s,Lb,Ub);

Find the current best nest

function [fmin,best,nest,fitness]=get_best_nest (nest,newnest,fitness)
% Evaluating all new solutions
for j=l:size{nest,1),

frnew=fobj (newnest(j,:});

if fnew<=fitnessz(j),
fitness(j)=fnew;
nest(j,:)=newnest(j,:);
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end
end
% Find the current best
[fmin,K]=min(fitneszs) ;
best=nest(K,:);

%% Replace some nests by constructing new solutions/nests
function new_nest=empty_nests(nest,Lb,Ub,pa)

% & fraction of worse nests are discovered with a probability pa
n=size(nest,1);

% Discovered or not -- a status vector

K=rand(size(neszt))>pa;

% In the real world, if a cuckoo’s egg iz very similar to a host’s eggs, then
% this cuckeoo’s egg is less likely to be discovered, thus the fitness should
% be related to the difference in solutions. Therefore, it is a good idea

% to de a random walk in a biased way with some random step sizes.

%% New solution by biased/selective random walks
stepsize=rand*(nest(randperm(n), :)-nest (randperm(n),:});
new_nest=nest+stepsize.*K;

% Application of simple constraints
function s=simplebounds(s,Lb,Ub)

% Apply the lower bound

ne_tmp=s;

I=ns_tmp<Lb;

ns_tmp(I)=Lb(I);

% Apply the upper bounds
J=ns_tmp>Ub;

ns_tmp (J)=Ub(J);

% Update this new move
a=ns_tmp;

%% You can replace the following by your own functions
% & d-dimensional objective function

function z=fobj(u)

%% d-dimensional sphere function sum_j=1"d (u_j-1}"2.
% with a minimum at (1,1, ...., 1);

z=sum{(u-1).72);
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