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ARTI CLE | NFC ABSTRACT
ggfelievgg’éolrﬁ (il 2021 A hybrid algorithm is presented that combines strong points
Revised 19 Jur?e 2021 Partic_:le Swarm Optimization (PSO)and Generalized' Reduce
A ted 12 Julv 2021 Gradient (GRG) algorithm to keep a good compromise betw
ccepte uly exploration and exploitation. The hybrid PSG@GRG quickly
- approximates the optimum solution using PSO as a global s
Keyvx_/ords. engine in the first phase of the search process. The sol
Hyb_r|d globatlocal search accuracy is then improde during the second phase of the ses
enging L process using the GRG algorithm to probe locally for a pre
Particle swarm optimization solution(s) in the vicinity of the current best position obtained
(PSO)’_ , PSO. The Inearest neighbors {KN)-based Purely Uniform
Generalized reduced gradient Distributed (PUD) initial swrm is also applied to increase t
(GRG) aIgon_thm, convergence speed and reduce the number of function evalu
k—neellrest.nelghborsﬂidN) (NFEs). Hybridization between both algorithms allows
algorlthm,. L proposed algorithm to accelerate throughout the early stage
Purely uniform distributed optimization using the high expldian power of PSO wherea:

swarm.

promising solutions will possess a high probability to be explo
in the second phase of optimization using the high exploite
ability of GRG. This prevents PUbased hybrid PS@GRG from

becoming
between
algorithm

benchmark

trapped in local
exploration and exploitation.
is compared with other
optimization  problems

optima wdil maintaining a balanc

The competence of

a wide

statkthe-art algorithms on
having

range

dimensions and varied complexitiefppraising offerd algorithm

performance

revealed great competitive

results on

the Mul

Comparison Test (MCT) and Analysis of Variance (ANOVA) te
Results demonstrate the superiority of hybrid RSRG comparec
to standard PSO in terms of fewer NFEs, fast convergeped,

and high escaping ability from local optima
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1. Introduction

Compéegineering opti miiznactlauadmna rpg e bl emiBe risqufah ayr
l inear-damdienenti abl e const rEaxianctts ognd nmd lzjad d toinv
do not ef fGQocnisetnrtaliyn esdo | Qpet i mi z hthd vwoen rPa olbitreemsr (&
di fferentiable search spadlg, Roebcjeenctliyy e mamdy anx

al gorithms der i veddefvreo aonpieadeanp kto g a v@@R{Riedeint h

A mo ntgh e m, the Swarm Intelligence Optimizatio
phenomena and biactcogsichér déhavi arkBind of bion
can deal wi-t hmersit@amal hiimgthr i cate asduevatrd aibtl €

better computing perf[®@r m&wae mandatel mpbenaoe ds
comprise simple agents, &ahdti hbéefawt ewttbkbmehy
surroundings. Although each agent al one can &
mul tiple agents | ead to the emélrgPace¢ei ofe i 8w
Optimizat[flJonAftPSOpl ony Op8,i mArztaitfiiooi alACB®de Cc
al gor[Blt hmsrefly Algo6GI btvmW¢ Fk) Opt i mi z gtli on (G
Bat Al gor[LRhni(@OBA)Opti mi zat [jl&n @&rl gy r Wd Ihfm @ ftOiAr
(GWO) al[ghr iMommrch Butterfllyh OKti mi zaer dn Op MI
(KHO) allghor Et @pphant Her di Mgy OpuchoprpaBdBane hEHO.
in the class of SI1 O algorithms. Thegehalrgorint
var i ousD2aBmMeesdks have exhibited good performance in differenineegng fields

including feature selectiorf29], structuralweight minimization [30i 34], shape andopology
optimization [351 37], damage detectiof88i 40], and performanecbased design optimization

[41].

Among all gl obal search algorithmswi dRESQ amagse o
engi n€OPsoght heept i mal dest godaopfi hesrssugsuct ur al d
det eptthi othopol ogy[4 ®4ppt | aned A tbhlaseidt Ydesi g[B05oPpt i mi z.
PSO algorithm can -leifnfeiascioennmedxy, -daainidelmee mnombl e
spaces since it does not require prior knowl
transformeaetri onas,) potl adoti onsfS5Bo handle constrain

Despite tyheof8&ftheail goec i t hms, none of these al
adequately superior performal@¢cle3iThesel aeealal s
di sadvawtiagewst i |l i zati on. First, effective par
chall engi ng stwaashka sfeodr aviRgreermatshums. convergence a
| ocal optima is also another pr obHem iemstoaumd
although BA is potent in | ocal search, occasi

thusnot c¢apable®utofglcalalpidngasdPSIO wamkmb sfoimed i Imo c
optima or exhibit. sl ow convergence speed

I n recent aygarwitthmadiyf f er ent pgtorpateegiogse hna vt eh
aboment i ondxdbsPs sPuaersamet er tuyamagbehtybdri dnztatab
most common methods thaGuhbtbaeameeDeeapgelada pi
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algorithm based on the combinati onaiorhitrdghe AFE
i mprove both the | ocal and gl obal spa@riah cap
2020Yil dizdan and Baykan BhAB@& | gugge hitmed oa i me\
di versity and gl obal usattigeBhC caal pgaobriilhiétnyi nosfh ti til la
wei ght was al so ardrdwelda ttoo tereh asred eo cti H{@yL Muxep | or a't
and Z6BRwegper oposed a hybrid Grasshopper Opti mi
for gl obah dmtitnmiizsatsitoudy, the 1 ocal search o
with variable coefficient together with the r
exploration and exploitation capiaki leitawalof ht
introduced a novel hybrid algorithm named F
capability of the fireworks al gorithm with |
combined through the BRtAUIt he[6d6 PBeanpd mye dc cefvfei
PS®Oashreylbri di zed altghtaSiStAh msB 8s@unacdh -BHEW, for diff e
optimizatilBwmz py olbbdb@gims, Chaos strategy, El i tis
oppolsaded | earning are some other met hods th
ameliorate thestpamRiS@dwePnce of t he

Il n this study, a new hybrid optimization al ggo
Reduced Gr aadliggonttiot(hGmRR@l) ocal t search abil ity of
Purely Uniform Distribut gl ¢ PabDéekrfling it e mtl Sstwraa
enhatnhcee convergence speed of the opti-@GRGati on
algorithm wot hi tUBssPpbeeéahod and introduced in
successfully for some CO®@ishemagidcame nandnengnde
compl exities. The efficiency amal soampuaraeady wo ft
o tehr D th dhdee t al dgr iptenrniso Mmil n g pltdhe Compari son Te
Analysis of Var.iance (ANOVA) test

The r ematihmphererofi s organized as foll ows. Det ¢
algorithms ar ample gerstpeedc tidyv ebSlyet gdmo Se=&REG hybr
with the PUD operat®r tihe pxe®eatmedprddowerBedd t t
nonlinear benchmark functions. Fi ndiil d yu gk s
Se®&t .

2. Particle swarm optimization (PSO)

The PSO whpgoopobed by KenAlddgednonEbédehddtocki
and <s<oooipaelr at i.lotnhiod @ligarsi t kera,c ht lpesr poooenlgai denr eod
potenti alb hseolouttiiom zla® 50 nt Ipe o pabchpatticlen ra swaifm
approaches the optimum solution using its veloeg@gtor w , personakexperienced &'Qi and

the besexperiencef theswarm 0o Qi o

In the first iteration of the PSO, the initial swawith O particlesis generated by distributing a
uniform random population in the search spdaering the optimization mcessthep osi t i on
vecdbowbmBhh andel ovwectdbyos v ofeach particoberceémsniumpg :
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t hper sbeabsi tdoonn Mo abneds t posheéi cOD N

w B as foll ows:

@ 0 1 o i000Qi® dQ id0o0Q® & 0 (1)

® QO &0 o 1 (2)
whewneée $ hewam si ze; D i s t hespdaiknesn stihoen coufr rteme

numbieanad Qare the posidfi oththe p d® phgsbibie b bhj4 h

di mensiresp@cikrieliyy t he consotarmnidcti @eap d atcit wel; y,
per sonal (cognitive) iamidlaseci alndblEmtnuédye r sons
anmdi s t he i ner useddakeapehalgntebetweatetexploration and exploitation

power of the algorithmThe lineary decreasing inertia weight factor is applied in this study

[51,52]

~

- ] 1 Q

; 3
1 Q7 5 3
wheo es t he maxi mum aintde raartid ode mautnebth ki me m and
mi ni mum Vv aleudsd falh avteo gthifa snestia s b i, t eresstpiecrnts vel y.

In this algorithm, the velocity vector is limited o1t ¢ 11 Fof each dimension size to control

the particles step size of each particla.f t er updating the wvelocity
particles wité@édiaréhevalaaceddsphtt the objecti
position 1t kienbdeitvtiedru atlh abdeooé peachi partiboke wil/l

t heeur rent position. Mor eover, i f a particle
obtai nntehd&enbiyr e sweiwn, |[thhd so be updated. The
continued until the stop conditions are met.

3. Generalized reduced gadient (GRG) algorithm

The GRG alrgoobruisttrarh issearch al gorithms, which i
nolni near objective function andt ltenBayladrntex ma
equation and t he hloidrs arGi optni mihzadt iicre quatl i ty
be converted to equalities tihr cawng heqguhesdt irdad dnietd

NLP model can be formed as foll ows:

0 "FQu

YO &’Q‘)‘Q’j@(‘l’) T Q pkMB R Qn (4)
a u o

wher evhvBm contains the orioginmdalt hede siliggre Rwnarair a |
the vimmtdldesote the | oweri,amd spEker geadygidatf off
can be defined as:

N Qd T_a?FhB qa— (5)
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rar Qo1 Q

N "Qu —h—M h— 6

© o Te P Te ©)
where t wobwivtehc tNolr seloewme ht D ahdments are part.i
0.The Jacob(Qaonf nahter i xonstraints iI's also part.i
di fferential of the constraints and objective
QN QAQA 1 "QOQ K (7)
AQ 0Qa VQW T (8)

whe@Q@nduware vectors of di ffaemde etsipalctdiveplac&m
Qi n t eRapsv es:

Qw 0 0VQa 9)

™)\
Start )

( Specify the design variables j

!

LCalculate objective function and reduced gradientJ

!
Q;ve;@ —Yes—>< End )

,‘/
No
b

(@ =\
Determine search direction (forward or backward) ‘

| :

[ Choose a step size for each iteration ~ |«———

: N
Update design variables using Newton’s Method
(NM)
( R P Y
Redu.ce <«—No— GIM oonverged\»
step size | 7
\ &
n -
- N -
Iterate to determine /State variables™
c N «—Yes— (
| variables within the range | ‘{t(’f range
. ,.
[ <
- N
|n|mum \alue Increase
e y step size snze
End
C )

8Fl owchart of the GRG algorithm.



H. Vernd&ma@urnal of Soft Comp2(20 861N Ci vid9ll Engi ne

Subst Qufurteend 9 qi n{( @ Eaf®d and rearranging the r
gradicemain be defined as:

n"Qd N "Qa N QWL 0 (10

The potenti al constraint strategy capnr oabllseom be
as eyuabns[TLkAcobsdi mglsyearch directri oannyi ss mfad u
movement, the present active constr BRanpthss osnt ay

al gornist retmp!| ew eldacko idnrt o the constraint bounda
not precisel yt hseani s hieadciothyse o hb b hleu,sulnfchte 0@R G
met lwodrkesalriltytee gr adi erdtgop#djhenct i on

Fih. shows the gener all gfolrowdamerntdledah 5BRB&E BRGEN
pr es e nt3e]d7 4

4. Proposed hybrid PSGGRG algorithm

| m hi s, st luebhy GRG ist hure e dh atnloee | o0 caan d seexapéclmhii It iatt y oo f

the PSO in sonsceadpticetrcaetsisorntsh eorfmotrheee t he PUD op
to increase the convergence rate and reduce t
Given that COPs are-conostulmy ngompleeucamdg t hme NI
i sshueet.ai | s of t-basedopywybkeidd P&Dago rtihteh meaxrte sprbess

4 .Aur el y dursitfre vwartne d
Al t hough, the standard PSO starts with a gr ol

s ear c hmasyp ancoet effectylawueli yobel yodeséedi buted sw
shown Eigrrandom generation ofi ntghe pa&aarimclmaydaée
some subspaces of the search spaces, sa that
very <c¢close distance, whi ch wi |l | saecahp celwcee srsel a
FurthergnbowRi Zo.s some subspaces may not even cc
the i1 nitial swarm. Thereforetltyhe nsrzeasefd tle
cover the overall search space for high di mei
such condi anaomcsietaleeedt ot al NFEs and, as a resu
time of the optimization process

I n this study, the purely wuniform dtildoriebut ec
efficiently the search domRailnp e rTahteo rp rfoonmi sgee noef
initial swarm is that the percfdr hygnae ocofdi nige
particles with the same fitness so that no t
certain radius from each other. For this purp
i's cal cul antecadk elsdbiomieN fgkime t hod - darada mda tsr iac naolng o r
both classific[@bi Al saond trheeg rdeesvsoiiadn subspaces 0
covered as much as possible by particles from
initiagl aswammrticles of the swarm are evaluat
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stage, and then the dense particles in the ne¢
these modifications result inhtheagdnerd a&tsi avn t
fitness functi ons 3(haa)v,e ibleleunsh ereast devsg d nheeF aPgUeDd 1 n
for -di mapnsi onal search space. To efficiently
possible in thaiseaoambest age,paatcettes are ra
uni form distribution and added to the curre
performed d&dNaifrrusildg pkarticles d&fb},het siwar pnr ¢
consi decraddyes the probability of 4cosbowsagthe
fl owchart ofNNblasepr PUDso®gppek at or .
= .
ﬁﬂ:* 90
"9 °e
- o
oo |
09 L l\
e *°|\
o |
,,-'" 8 ° @ 8% ® ,’1_: Very close
H<Z © ® . | adjacentparticles
No covered areas ! @7--__ 9@ ® o ® o ® ,a '
- =~
ee 2O P et@l,
° e T %% 0
— °
Figlnitial swarandemkEyateddb®®0O i buti on (n=
. —9—5—0—“ °
o ¢ e ® o e
® e
° e * * o .
ot ® ® 9 ¢ % ®
o . ® 0909 @
@ e o
o u @
) @ )
o [ ] Da :0 9“00
L @ @
a‘ ) ~ v @ eo?® o
® "] [*] 099 °
. * ° 4 ° 99 e e
® [ ] ] @ i 00 @ 0'0 o
e * e °*e e o © ey
u
[ ] & ® e e P
a) b)

Fi@gPurely uniform distribd#ded)drtial rando
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Initialize parameters |
Rmin=(UB-LB)/10

Y

(G R

Generate random particles within range

§ Y ,

' Calculate distance between particles using
e 1%\
Knnsearch method

.

4

'Find the k-nearest neighbors of each query
particle

Y

Remove a particle from the pair with a
distance of less than Rmin

>Hﬂ

/ Number of
‘%iclcsy —Yes—>{HEnd )
No

Y

A
@ =
/® " yes | Add arandom particle to
Ww . the population
No

: |
(Rmin = Rmin+0. IJ

Fi4Fl owchaptopBBtheper at or .

4 .Q@ener al steps-GRG twh & hh WD b pR3I@t or

I n the propoGRG@ alygariidtdPngo it ibtelsms@®Boned by sati
conditions d&forcamver gpaur e.s e, the best sol uti ¢
starting poidur tfhogr Itohcept GRs@sigsncgh t he ®GRGedr adi
al gorith wi || | ead tpwmsliidm aotnh g Vv impirmivtey tthfe t©Ip
described3 i AfBSecticomvizagedhgl adha&l GR&Gar ch pr oce
condition(s) ohethedal gbrthkemtiesmination crit
obtained by the GRG al gorithnl GB®nadg n sciodhesreeqdu ea
the PSO algorithm wil.l continue the opAtsi mi zat
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shown 5n tFiigs. cycle continues wuntil satisfyini
guality of the optimum solution is improved i
GBP bt ained &gt adSXQ hagshpeoi G@RGOM i Eventual l vy, t he
obtained by the GRG algorithm is presented as:s
GRG.t should be mentioned tthheaki mben mambmumoNF
could be consideredcasdt heogéspraf tbkhempnapbe
this paper, the GRG algorithm is employed if

evelryycl es.
Initialization

Generate initial population based on PUD
Initialize PSO parameters
Evaluate initial population and determine
gbest and pbest

PSO Main Loop

——>{ Update particle position and velocity }——

!

Limit particle position and velocity

!

Update gbest and pbest
A 1

v

Some
Iterations with no
improvemen

No

GRG Method Yes
l No

[GRG Method for pbest local improvementj

!

{GRG Method for gbest local improvement]

Termination
condition

Fi®38The general f | owcyhbaPréle @fl gtohra tphrnroposed
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The hybridi zR$OomndetGR&Genal | ows t he proposed
t hroughout the early stages of the search pr

whereas, in the | ater stages of optimizati on,
be extpeldo using the exploitati onGR®iflridodm éc arhis
trapped i n | ocal optima while maintaining a

exploitation. The g6R&r awi thl oWweh®UD dobh&r.ae oPS

4. Bhe constraint handling approach

I n this palpeged ac presntarlaiynt handl i n€Opperoach
seadamaibmG0OPs includes feasiPdref mlmnadiod Ind ealnlis b | ¢

the constraints atmhienfmedasi bllne csopnatcrea,stat ilneast
vi ol ated. Hence, the constraint functions can
This implies thaancciddtsed eachfgwertcst icoam ibre one way

penalty function can be defined as:

O Qo QQOoR YO'Y (11

when@denotthétear gbi e)ftuincedenot es thenalytngatmv &l u e
iter@at eomd s a pendadftiynedacasor ,

0 —h oo (12)
wheg & m™Qow HQ plBhi. The f wnicstiaonwiedlhfad veindront he

i-t h conGoh;r—ajicmtdenot ens ksteilgpement assi gannfdeinad f unct |
denotmpeswaermheof the penalty function.

Il n this method, the initial penalty shoul d be
value should also be increased] [7ifn Eleg yi nit teir a
value selection and the updating strategy for
penalty function methods. | f t healcgpmraiatghem e d
generate oautsoldet itcdhhre Oreatshédl eontgamnowy,. i f t he
approaching the boundary outside the feasible
mi g ht resmaiveyead. Mor eover, at | east otntee o f t
optimum solution. Therefore, searching the en

mo me nf7q.us

I n this paper, t hee lpebaaasdeddy oma rtahnee treercso manreen d a t
[7B A& p, tithgwd photherwjde ¢.Moreovieg®, TE8ITLP

t hem w prel sEinipfl @ 1™t hem w cmel s wi fp,t hen
— w pmotherwjiéde ommandQQi s s@Owhefies the curr
cycle number.
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5. Results

The efficiencyofantdheappmprt@iRcGsbhead d PHBGRG ( WiIStOh P UD
operator) algorithms in solving mathemati cal
COPs ar e iinmv etsh ii IFear 2@l test pnoblem, the results of the proposed
algorithms including the Best, Average, Worst, Standard deviation (Std.), Median, total NFEs,

and the average rank based on these performance indices are presented in comparison to the
results of the PSO, EACA, ABC, and CBO algorithrm he par ameter settings
algorithms are set based on thlp.r€&€bemmepdhatoD
i setgmt@Qf or all , awfersehtehmensi on ofTheaodtumpr obl e
number of i tXk0dantdi oenasc hi sp rs@lili etm® si su sLdIgvoedth t t B b
personal compuC€eweé @PtUh2@ ®AE = .|

Tabl e
Parameter settings of all .compared algorithms in
Algorithm Parametesetting References
PSO Cognitive coefficient = 2, Social coefficient = 2, Start inertia weight = 0.6 [79]
PSOGRG SO o
Final inertia weight = 0.6.
PGP
Gamma = 1, Beta = 2, Alpha = 0.2; Mutation coefficient damping ratio = [80]
FA _
0.98, m = 2.
CA Acceptance ratio = 0.35, alpha = 0.25, Befa5: (81]
Number of bee = gaulation size, Number of food = population size / 2, [82]
ABC b
Limit = 50.
CBO Codficient of restitution=p E GR A @) O (83]
5.1 Benchmark mathematical constrained test
Il n this section, a chall engi+thg nmart hfeuoqdeticic arvse

and coswsttrhaivmatr i ou® s d e e ®so o bhkeefaft iocfa ctyhe pr opo:
al gorithm. For this purhpmas & nsokaa acaled Isl ebrugripn gp rma
COP whtdghly bumpyi BuB#HgliBpat ed

8
_ET EFcBUA Géio ¢ GEio T © (13)
3O0AEOHAO
VoL o T
(14)
Vod @ x®E ™

whemew pmE p&&8d areophe mivaati iadti esshdeiamensi on of
probl @Bm@ .2-di mensi onal p Kreampedtsi be mpiyewumfct i on
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Keane Bump Function

Fi@A perspective view of Keaoed®sr @aumpy funct

Keanepvesti gatoodd emhiusi ng d Zopiatr abhil redr yGAe mwciotdhi n g
i nver si on, mut a,tainodn , a nmadieMd fzodr mik in&gc cooonstrain
funcBiRonF@rMhe=obbappnedi mat elfdy. a6htz2®drve&EF@s®.r F
n50t he wevhbalk. @déothdr NCFEs was. oBhasemd et al al s
probl em wit hhuasned owi trheoluitr 2 Bainnddg,0p8=k o rl nb athhe i m= s
wi t htohuee bi rt hi ng atl goohwidtsgourey, etrtagmeed o pt i mu . Ya6 ue
aftlér B6&s Ho werew eap p lryeibnigt tathiremagng wept | munmD .so9d9 @t i o
was obwiaBhe@&EFEBEoOr t hnes Othaspet | momud b toanwineldo ut
rebirtBi MagfOBMarsBBEs whialleg otrhiet h m Oc.o8v2yDelr, NeBcE st o
after applying t.the rebirthing technique

The results of the,anSd,t FA, p rGARE0 sAeBd@ , PGB O al gor
for the Keaneds bumpyl 02 eam&8diiome nisn omhear @a sa mom
TabP®Bs respEbeti peegsnohedabtenscl| udeprtolhpaPt&Setdh e
algorithm aahtbkydalrsegntiiamem the other compare
t he NFEarfachumd out in the | owest Val ues bwort |
mentioning that, for al/| cases uhpdreorp ocseends i PASeQ
GRG were enhanced after applyingTahkgsPUDr opkt
di mensi ons 5ex ctelpa p dsoeed NnPEGP al gorithm with PUL
solutions compar edGRGy satnadn doarhde rP S@tnepRud €2 do fa | tghc
Best and Averabte b$§ &ahsor we uftdrsSfre=ntoiroen i anggc utrh
opti mum sol uti onhper apes@iRoPBEGddt by PAGR oaldg onrgi t
tdab3 ethe firgt iconenlrwni pttiihwen a3l bbbt bno® pro
proposed algorithms. RRWOWES, whGR hc a sv anugend | @
of BRG50)0.0
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Taba e
Compari son results of5.Keaneb6s bumpy problem (n=
PSO FA CA ABC CBO PSO-GRG PGP
Best -0.634434  -0.599817 -0.634445 -0.634242 -0.634130 -0.634448 -0.634449
Average -0.626494  -0.400488 -0.529209 -0.549381 -0.548245 -0.625281 -0.632458
Worst -0.581363 -0.287488 -0.376375 -0.466548 -0.401325 -0.490594 -0.621936
Std. 0.012689  0.087641  0.088487  0.047079  0.066905  0.029145  0.004184
Median -0.634240  -0.405735 -0.555322 -0.548945 -0.556504 -0.634445 -0.634446
® 3.074789  3.086110  3.076389  3.057021  3.061141  3.075973  3.075468
® 2.994059  3.017713  2.991997  2.993556  3.008029  2.991598  2.992304
Best Design = ® 1.473922  1.410819  1.475373  1.472613  1.477723  1.474809  1.475700
® 0.235087  0.238800  0.235129  0.237445  0.233605  0.236236  0.236575
® 0.235162  0.239277  0.234883  0.234876  0.236858  0.233935  0.233442
Constraints "Q | -1.938204 -1.002E03 -1.265E06 -2.104E03 -3.831E03 -2.931E06 -3.046E7
"Q -0.786320 -0.786861 -0.786299 -0.786786 -0.786204 -0.786332 -0.786307
NFE? n/d n/d 5,600 n/e n/e 5,600 5,200
Average Rank 2.67 6.17 4.83 4.33 4.67 2.50 1.00
Overall Rank 3 7 4 6 5 2 1
*TheequNFEsd é&sionlduti on with apsmolute error | ess tha
The algorithm wael mtoitombwiet h oapaaduthe® nBlBEsr | ess
Tab3 e
Comparison results oflPKeaneds bumpy problem (n=
PSO FA CA ABC CBO PSO-GRG PGP
Best -0.744044  -0.558783  -0.740216 -0.572987 -0.674613 -0.747299  -0.747305
Average -0.717396  -0.373637 -0.633815 -0.507654 -0.606945 -0.741269  -0.741660
Worst -0.649883  -0.262882  -0.491727 -0.466982 -0.550462 -0.693472 -0.693472
Std. 0.024401  0.087521  0.076900  0.028318  0.036180  0.011460  0.015575
Median -0.722268  -0.392195 -0.637958  -0.506425 -0.602725 -0.747286  -0.747287
® 3.136318  9.356265  3.129749  3.330347  3.126558  3.120992  3.124911
) 3.120114  3.109227  3.063582  3.245365  2.960576  3.069567  3.071144
® 3.023238  3.071965  3.014805  3.129597  2.942394  3.016382  3.014750
® 2.914836  0.281657  2.970186  3.056053  2.954436  2.956655  2.960695
Best Design oo 1.414281  0.303940  0.359903  3.069894  2.954242  1.467547  1.466807
® 0.334365  2.990283  1.416733  0.482239  0.306420 0.367869  0.368655
® 0.389125  0.292132  0.389952  0.529499  1.465520  0.359778  0.364679
® 0.397362  0.281131  0.359083  1.657751  0.208071  0.358139  0.356782
® 0.355535  0.282255  0.343383  0.561539  0.134308  0.358082  0.353976
® 0.343091  1.416041  0.356475  0.010000  0.314868  0.352417  0.351564
Constraints "Q | -2.488E02 -1.234E03 -4.766E04 -5720E03 -2.015E01 -1.568E05  -1.412E5
"Q -0.794290  -0.714868 -0.794615 -0.745703 -0.768435 -0.794301 -0.794214
NFE?® n/d n/d n/d n/d n/d 7,600 5,200
Average Rank 3.00 6.33 4.33 5.17 4.50 1.67 1.17
Overall Rank 3 7 4 6 5 2 1

The requi oedlsioNBuEsi on wi tllesaspadlamte error
The algorithm asacl mditchm mlbslot aisdeni wdd mbF NONBES
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Tab4 e
Compari son results of2pKeaneds bumpy probl em
PSO FA CA ABC CBO PSO-GRG PGP
Best -0.71083 -0.42773 -0.66698 -0.49294 -0.53417  -0.803530 -0.803619
Average -0.62331 -0.31443 -0.57056 -0.44184 -0.46866  -0.792628 -0.792712
Worst -0.52547 -0.24313 -0.44121 -0.39734 -0.43106  -0.780758 -0.758546
Std. 0.058073 0.042407 0.055441 0.021851 0.023259  0.006264 0.012396
Median -0.64165 -0.31714 -0.57051 -0.44491 -0.46493  -0.792547 -0.792567
&) 6.179856 7.895262 6.107420 9.413282 5.706031  3.161323 3.162461
&) 3.339417 3.179144 3.082757 2.960146 2.431078  3.121573 3.128331
&) 2.877750 6.229477 3.183959 3.089952 3.231847  3.100686 3.094792
&) 3.028898 6.210913 3.106224 3.139072 2.876008  3.063361 3.061451
&) 3.109965 0.130187 3.065760 3.113860 2.746013  3.024778 3.027929
® 3.216482 6.161879 1.068054 0.151008 2.789593  2.986022 2.993826
® 2.923089 0.116712 3.103356 3.006541 3.162986  2.975655 2.958669
) 2.873630 0.181137 0.652909 3.055659 2.823960  2.928689 2.921842
) 2.873586 0.221049 0.484927 3.086395 3.055117  0.492330 0.494825
Best Design ® 0.261387 0.191882 0.294239 0.010000 2.897448  0.478291 0.488357
&) 0.461674 3.009281 2.141949 0.010000 0.377123  0.473688 0.482317
® 2.476116 0.202544 0.914048 3.003675 1.046887  0.471621 0.476645
® 0.271598 5.997859 0.455738 3.178702 3.295561  0.469087 0.471296
) 0.521309 0.178230 0.562195 3.228055 0.010000  0.467744 0.466231
) 0.151406 3.001337 0.583698 3.399763 0.582466  0.460982 0.461420
® 0.399679 0.146228 0.217040 3.175888 0.223557  0.460596 0.456837
® 0.230483 3.128780 0.749454 0.010000 0.609969  0.451792 0.452459
® 0.428238 3.056438 0.314096 1.504638 0.244804  0.451123 0.448267
® 0.255280 0.132435 0.887907 0.937604 0.854372  0.451122 0.444247
® 0.410572 3.063635 0.397180 0.551531 0.604213  0.451122 0.440382
Constraints 2 -0.34800 -0.03235 -0.19350 -0.19619 -0.92646  -4.288E7 1.214E10
0 -0.75806 -0.65044 -0.79085 -0.66649 -0.73621  -0.800389 -0.800449
NFE? n/d n/d n/d n/d n/d 22,000 16,000
Average Rank 3.67 6.00 4.17 5.00 4.50 1.67 1.33
Overall Rank 3 7 4 6 5 2 1
The requioefli N6EEshe sol ultdsospnmwiarh absol ut e
®The algorithm wasl mditoha@lbeslot sisdert wad mdod nDNBEs
The ANOVA and MCT resul ts for di fferent
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In this section, six Constraint Engineering Problems (CEPSs), including pressure vessel, welded

beam, tension/compression spring, speed reducer, tabular columrraedat truss design

optimization problem having various objective functions, constraints, and various design
variables are investigated to demonstrate the performance and efficiency of the proposed

algorithm.



