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具有差分进化算子的社会蜘蛛群优化算法*
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Abstract:暰Objective暱Asocial飊spideroptimizationalgorithm (SSO)isanovelmeta飊heuristicop灢
timizationalgorithm,ithasbeenwidelyconcernedbyscholarsinthisfieldsinceitwasputfor灢
ward,andithadbeensuccessfullyappliedinmanyfields,butthealgorithmisstillintheearly
stagesofthestudy,theconvergencespeedandcomputationalaccuracyofthealgorithmneedto
beimproved.暰Methods暱Inordertoenhancetheconvergencespeedandcomputationalaccuracy
ofthealgorithm,inthispaper,asocial飊spideroptimizationalgorithmwithdifferentialmutation
operator(SSO飊DM)hadbeenproposed,andwasappliedtothefunctionoptimizationproblem.
Theimprovementinvolveddifferentialmutationoperator.Asocial飊spideroptimizationalgo灢
rithmwithdifferentialmutationoperator(SSO飊DM)wasvalidatedbyfivebenchmarkfunc灢
tions.暰Results暱Differentialmutationoperatorenhancedtheconvergencespeedandcomputa灢
tionalaccuracyofthealgorithm.暰Conclusion暱Theresultsshowedthattheproposedalgorithm
wasabletoobtainaccuratesolution,anditalsohadafastconvergencespeedandahighdegree
ofstability.
Keywords:social飊spideroptimizationalgorithm,differentialmutationoperator,meta飊heuristic
optimizationalgorithm,functionsoptimization
摘要:暰目的暱社会蜘蛛群优化算法 (SSO)是一种新颖的元启发式优化算法,自从它被提出之后就受到该领域学

者的广泛关注,并且也被成功应用到许多领域。但是由于社会蜘蛛群优化算法还处在算法的研究初期,该算法

的收敛速度与收敛精度还需要进一步提高。暰方法暱将差分进化算子引入到社会蜘蛛群优化算法(SSO飊DM)中,
并将改进的算法应用于函数优化问题中,通过5个标准

测试函数来验证基于差分进化算子的社会蜘蛛群优化算

法(SSO飊DM)的优化性能。暰结果暱差分进化算子增强了

社会蜘蛛群优化算法的收敛速度与收敛精度。暰结论暱本
研究中所提出的算法能够获得精确解,并且它也具有较

快的收敛速度和较高的算法稳定性。
关键词:社会蜘蛛群优化算法暋差分进化算子暋元启发

式优化算法暋函数优化

中图分类号:TP186暋暋文献标识码:A暋暋文章编号:

1005灢9164(2017)03灢0247灢11
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0暋Introduction

暋暋Swarmintelligenceoptimizationalgorithmorig灢
inatesfromthesimulationofvarioustypesofbio灢
logicalbehaviorinnatureandhascharacteristicsof
simple operation,good optimization performance
andstrongrobustness.Inspiredbythisidea,there
aremanybio飊inspiredswarmintelligentoptimiza灢
tionalgorithmsareproposed,suchas,antcolonyop灢
timization(ACO)[1],differentialevolution(DE)[2],

particleswarmoptimization (PSO)[3],fireflyalgo灢
rithm (FA)[4],glowworm swarm optimization
(GSO)[5],monkeysearch (MS)[6],harmonysearch
(HS)[7],cuckoo search (CS)[8],bat algorithm
(BA)[9],etal.Swarmintelligenceoptimizationalgo灢
rithmcansolveproblemswhichtraditionalmethods
cannothandleeffectivelyandithasshownexcellent
performancein manyrespects,anditsapplication
scopehasbeengreatlyexpanded.
暋暋Thesocial飊spideroptimizationalgorithmispro灢
posedbyErikCuevasin2013[10],itisanovelmeta灢
heuristic optimization algorithm by simulating
social飊spiderbehavior.Social飊spidersarearepre灢
sentativeexampleofsocialinsects[11].Asocial飊spi灢
derisaspiderspecieswhosemembersmaintaina
setofcomplexcooperativebehaviors[12].Whereas
mostspidersaresolitaryandevenaggressivetoward
othermembersoftheirownspecies,social飊spiders
showatendencytoliveingroups,forminglong飊last灢
ingaggregationsoftenreferredtoascolonies[13].In
asocial飊spidercolony,each member,dependingon
itsgender,executesavarietyoftaskssuchaspreda灢
tion,mating,webdesign,andsocialinteraction[13飊14].
Thewebisanimportantpartofthecolonybecause
itisnotonlyusedasacommonenvironmentforall
members,butalsoasacommunicationchannel[15]a灢
mongthem.Therefore,importantinformation(such
astrappedpraysormatingpossibilities)istransmit灢
tedbysmallvibrationsthroughtheweb.Suchinfor灢
mation,consideredasalocalknowledge,isemployed
byeachmembertoconductitsowncooperativebe灢
havior,influencingsimultaneouslythesocialregula灢
tionofthecolony[16].TheSSOalgorithmisbased
onthesimulationofthecooperativebehaviorofso灢
cial飊spiders.InSSOalgorithm,individualsemulatea

groupofspiderswhichinteracttoeachotherbased
onthebiologicallawsofthecooperativecolony.The
algorithmisdividedintotwodifferentsearchagents
(spiders):Malesandfemales.Dependingongender,

eachindividualisconductedbyasetofdifferentev灢
olutionaryoperatorswhichmimicdifferentcoopera灢
tivebehaviorswhicharetypicalinacolony.Differ灢
enttomostofexistentswarmalgorithms,mostof
swarmalgorithmsmodelindividualsasunisexenti灢
tiesthatperformvirtuallythesamebehavior.Under
suchcircumstances,algorithmswastethepossibility
ofaddingnewandselectiveoperatorsasaresultof
consideringindividualswithdifferentcharacteristics
suchassex,task飊responsibility,etc.Theseoperators
couldincorporatecomputationalmechanismstoim灢
proveseveralimportantalgorithmcharacteristicsin灢
cludingpopulationdiversityandsearchingcapaci灢
ties.
暋暋Inthispaper,asocial飊spideroptimizationalgo灢
rithm withdifferential mutationoperator (SSO飊
DM)hasbeenappliedtofunctionsoptimization.The
improvementinvolvesdifferentialmutationopera灢
tor.Differentialmutationoperatorenhancesthecon灢
vergencespeedandcomputationalaccuracyofthe
algorithm.A social飊spideroptimizationalgorithm
withdifferentialmutationoperatorisvalidatedby5
benchmarkfunctions.Theresultsshow thatthe
proposedalgorithmisabletoobtainedaccurateso灢
lution,anditalsohasafastconvergencespeedanda
highdegreeofstability.

1暋TheSSOalgorithm

暋暋TheSSOassumesthatentiresearchspaceisa
communalweb,whereallthesocial飊spidersinteract
toeachother.Inthisapproach,eachsolutionwithin
thesearchspacerepresentsaspiderpositioninthe
communalweb.Everyspiderreceivesaweightac灢
cordingtothefitnessvalueofthesolutionthatis
symbolizedbythesocial飊spider.Thealgorithmisdi灢
videdintotwodifferentsearchagents (spiders):

Malesandfemales.Dependingongender,eachindi灢
vidualisconductedbyasetofdifferentevolutionary
operatorswhichmimicdifferentcooperativebehav灢
iorsthatarecommonlyassumedwithinthecolony.
暋暋Aninterestingcharacteristicofsocial飊spidersis
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thehighlyfemale飊biasedpopulations.Inorderto
emulatethisfact,thealgorithmstartsbydefining
thenumberoffemaleandmalespidersthatwillbe
characterizedasindividualsinthesearchspace.The
numberoffemales (Nf )israndomly selected
withintherangeof65%-90%oftheentirepopula灢
tion(N ).So,Nfiscalculatedbythefollowinge灢
quation:

暋暋Nf =floor[(0.9-rand*0.25)*N], (1)

暋暋Whererandisarandomnumberbetween [0,

1],whereasfloor(.)mapsarealnumbertoaninte灢
gernumber.Thenumberofmalespiders(Nm )is
computedasthecomplementbetweenNandNf .It
iscalculatedasfollows:

暋暋Nm =N-Nf. (2)

暋暋ThegroupFstandsforfemalepopulation(F=
{f1,f2,…,fNf

}),thegroup M standsfor male
population(M={m1,m2,…,mNm

})andthegroupS
standsforentirepopulation,suchthatS=F 暼M.
1.1暋Fitnessassignation
暋暋Inthebiologicalmetaphor,thespidersizeisthe
characteristicthatevaluatestheindividualcapacity
toperformbetteroveritsassignedtasks.Inthisap灢
proach,everyindividual(spider)receivesaweight
(wi)whichrepresentsthesolutionqualitythatcor灢
respondstothespider(i)ofthepopulation(S).
Inordertocalculatetheweightofeveryspiderthe
nextequationisused:

暋暋wi=J(si)-worsts

bests-worsts
, (3)

暋暋WhereJ(si)istheobjectivefunctionvalueof
thesocial飊spiderindividual (si).Thevaluesof
worstsandbestsaredefinedas:

暋暋bests=max(J(sk))
k暿{1,2,…,N}

andworsts=min(J(sk))
k暿{1,2,…,N}

.

(4)

1.2暋Modelingofthevibrationsthroughthecommu灢
nalweb
暋暋Thecommunalwebisusedasamechanismto
transmitinformationamongthecolony members.
Thisinformationisencodedassmallvibrationsthat
arecriticalforthecollectivecoordinationofallindi灢
vidualsinthepopulation.Thevibrationsdependon
theweightanddistanceofthespiderwhichhasgen灢
eratedthem.Sincethedistanceisrelativetothein灢
dividualthatprovokesthevibrationsandthemem灢

berwhodetectsthem,memberslocatedneartothe
individualthat provokesthe vibrations,perceive
strongervibrationsincomparisonwithmemberslo灢
catedindistantpositions.Inordertoreproducethis
process,thevibrationsperceivedbytheindividuali
asaresultoftheinformationtransmittedbythe
memberjaremodeledaccordingtothefollowinge灢
quation:

暋暋Vibi,j=wj*e-d2
i,j, (5)

暋暋Wheredi,jistheEuclidiandistancebetweenthe
spidersiandj,suchthatdi,j=暚si-sj暚.Although
itisvirtuallypossibletocomputeperceivedvibra灢
tionsbyconsideringanypairofindividuals,three
specialrelationshipsareconsideredwithintheSSO
approach:

暋暋栙Vibrations(Vibci )areperceivedbythein灢
dividuali(si)asaresultoftheinformationtransmit灢
tedbythememberc(sc)whoisanindividualthat
hastwocharacteristics:Itisthenearestmembertoi
andpossessesahigherweightincomparisontoi
(wc >wi).

暋暋Vibci=wc*e-d2
i,c. (6)

暋暋栚Vibrations(Vibbi )perceivedbytheindivid灢
ualiasaresultoftheinformationtransmittedby
thememberb(sb ),withbbeingtheindividualhold灢
ingthebestweight(bestfitnessvalue)oftheentire
populationS,suchthatwb=max(wk)

k暿{1,2,…,N}
.

暋暋Vibbi=wb*e-d2
i,b. (7)

暋暋栛Vibrations(Vibfi)perceivedbytheindividu灢
ali(si )asaresultoftheinformationtransmittedby
thememberf(sf),withfbeingthenearestfemale
individualtoi.
暋暋Vibfi=wf*e-d2

i,f. (8)

1.3暋Initializingthepopulation
暋暋TheSSOisaniterativeprocesswhosefirststep
istorandomlyinitializetheentirepopulation (fe灢
maleandmale).Thealgorithmbeginsbyinitializing
thesetSofNspiderpositions.Eachspiderposition,

fiormi,isann飊dimensionalvectorcontainingthe
parametervaluestobeoptimized.Suchvaluesare
randomlyand uniformly distributed betweenthe
pre飊specifiedlowerinitialparameterbound (plow

j )

andtheupperinitialparameterbound(phigh
j ),just

asitisdescribedbythefollowingexpressions:
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暋暋f0
i,j =plow

j +rand(0,1)*(phigh
j -plow

j )
k=1,2,…,Nm;j=1,2,…,n

,m0
k,j =

plow
j +rand(0,1)*(phigh

j -plow
j )

k=1,2,…,Nm;j=1,2,…,n
. (9)

暋暋Wherei,jandkaretheparameterandindividu灢
alindexesrespectivelywhereaszerosignalstheini灢
tialpopulation.Thefunctionrand(0,1)generatesa
randomnumberbetween0and1.
1.4暋Cooperativeoperators
1.4.1暋Femalecooperativeoperator
暋暋Inordertoemulatethecooperativebehaviorof
thefemalespider,anewoperatorisdefined.Theop灢
eratorconsidersthepositionchangeofthefemale
spideriateachiteration process.Such position
change,whichcanbeofattractionorrepulsion,is
computedasacombinationofthreedifferentele灢
ments.Thefirstoneinvolvesthechangeinregardto
thenearestmembertoithatholdsahigherweight
andproducesthevibration (Vibci ).Thesecond
oneconsidersthechangeregardingthebestindivid灢
ualoftheentirepopulation(S)whoproducesthe
vibration (Vibbi ).Finally,thethirdoneincorpo灢
ratesarandom movement.
暋暋Sincethefinalmovementofattractionorrepul灢
siondependsonseveralrandomphenomena,these灢
lectionismodeledasastochasticdecision.Forthis
operation,auniformrandomnumber(rm )isgener灢
atedwithintherange[0,1].Ifrmissmallerthana
threshold(PF ),anattractionmovementisgenera灢
ted;otherwise,arepulsionmovementisproduced.
Therefore,suchoperatorcanbemodeledasfollows:

暋暋fk+1
i =

fk
i +毩*Vibci*(sc-fk

i)+毬*Vibbi*(sb-fk
i)+

暋暋毮*(rand-1
2

);rm <PF

fk
i -毩*Vibci*(sc-fk

i)-毬*Vibbi*(sb-

暋暋fk
i)+毮*(rand-1

2
);rm >

ì

î

í

ï
ï
ï
ï

ï
ï
ïï PF

.

(10)

暋暋Where毩,毬,毮andrandarerandomnumbersbe灢
tween [0,1],whereaskrepresentstheiteration
number.Theindividualscandssrepresentthenearest
membertoithatholdsahigherweightandtheen灢
tirepopulation(S),respectively.
暋暋Underthisoperation,eachparticlepresentsa
movementwhichcombinesthepastpositionthat
holdstheattractionorrepulsionvectoroverthelo灢

calbestelement(sc )andtheglobalbestindividual
(sb )seenso飊far.Thisparticulartypeofinteraction
avoidsthequickconcentrationofparticlesatonly
onepointandencourageseachparticletosearcha灢
roundthelocalcandidateregionwithinitsneighbor灢
hood (sc ),ratherthaninteractingtoa particle
(sb )inadistantregionofthedomain.Theuseof
thisschemehastwoadvantages.First,itprevents
theparticlesfrom movingtowardstheglobalbest
position,makingthealgorithmlesssusceptibleto
prematureconvergence.Second,itencouragesparti灢
clestoexploretheirownneighborhoodthoroughly
beforeconvergingtowardstheglobalbestposition.
1.4.2暋Malecooperativeoperator
暋暋Accordingtothebiologicalbehavioroftheso灢
cial飊spider,malepopulationisdividedintotwoclas灢
ses:Dominantandnon飊dominantmalespiders.Dom灢
inantmalespidershavebetterfitnesscharacteristics
(usuallyregardingthesize)incomparisontonon飊
dominant.Dominantmalesareattractedtotheclo灢
sestfemalespiderinthecommunalweb.Incon灢
trast,non飊dominantmalespiderstendtoconcentrate
onthecenterofthemalepopulationasastrategyto
takeadvantageofresourcesthatarewastedbydom灢
inantmales.
暋暋Foremulatingsuchcooperativebehavior,the
malemembersaredividedintotwodifferentgroups
(dominantmembersDandnon飊dominantmembers
ND )accordingtotheirpositionwithregardtothe
medianmember.Malemembers,withaweightvalue
abovethemedianvaluewithinthemalepopulation,

areconsideredthedominantindividuals (D ).On
theotherhand,thoseunderthemedianvaluearela灢
beledasnon飊dominantmales (ND ).Inorderto
implementsuchcomputation,the malepopulation
(M ={m1,m2,…,mNm

})isarrangedaccordingto
theirweightvalueindecreasingorder.Thus,thein灢
dividualwhoseweight (wNf+m )islocatedinthe
middleisconsideredthemedianmalemember.Since
indexesofthemalepopulationinregardtotheen灢
tirepopulationareincreasedbythenumberoffe灢
malemembers(Nf ),themedianweightisindexed
by(Nf+m ).Accordingtothis,changeofpositions
forthemalespidercanbemodeledasfollows:

暋暋mk+1
i =
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mk
i +毩*Vibfi*(sf -mk

i)+毮*(rand-1
2

)

暋暋wNf+i >wNf+m
;

mk
i +毩*(暺

Nm
h=1m

k
h*wNf+h

暺
Nm
h=1wNf+h

-mk
i)

暋暋wNf+i 曑wNf+m

ì

î

í

ï
ï
ï
ïï

ï
ï
ï
ïï .

(11)

暋暋Wheretheindividual(sf )representsthenea灢
restfemaleindividualtothemalememberi,where灢

as (暺
Nm
h=1m

k
h*wNf+h

/暺
Nm
h=1wNf+h

)correspondto

theweightedmeanofthemalepopulation(M ).By
usingthisoperator,twodifferentbehaviorsarepro灢
duced.First,theset(D )ofparticlesisattractedto
othersinordertoprovokemating.Suchbehavioral灢
lowsincorporating diversityintothepopulation.
Second,theset(ND )ofparticlesisattractedto
theweightedmeanofthemalepopulation(M ).
1.5暋Matingoperator
暋暋InSSO algorithm,Dominant members (D )

andfemalespidersperformthe matingoperation.
Eachmalespiderhasaspecificmatingradius(r),

whichisdefinedas:

暋暋r=
暺
n

j=1
phigh

j -plow
j

2n . (12)

暋暋Duringmating,theweightofspidersinvolved
inmatingthatcanaffactthequalityofthenextgen灢
erationofspiders.Theinfluenceprobability(Psi )

ofeachspiderisassignedbytheroulettemethod,

whichisdefinedasfollows:

暋暋Psi= wi

暺
j暿Tg

wj

. (13)

暋暋Iftheweightofthenewlyformedspideris
greaterthanthelightestspiderofthepreviousspi灢
derpopulation,thenewspiderwillreplacetheligh灢
testspiderinthespiderpopulation.Instead,thenew
spiderwillbeabandonedandthespiderpopulation
willnotchange.
1.6暋Computationalprocedure
暋暋Thecomputationalprocedureforthealgorithm
canbesummarizedasfollow:

暋 暋 The Social飊spider optimization algorithm
(SSO)

暋暋Step1:ThinkNasthetotalnumberofn飊di灢
mensionalcolony members,definethenumberof
malespiders(Nm)andfemalespiders(Nf)inthe
entirepopulation(S).
暋暋Nf =floor[(0.9-rand*0.25)*N],Nm =
N-Nf,

Whererandisarandom numberbetween [0,1],

whereasfloor(.)mapsarealnumbertoaninteger
number.
暋暋Step2:Initializerandomlythefemale(F={f1,

f2,…,fNf
}),male(M ={m1,m2,…,mNm

})mem灢
bers(whereS = {s1 =f1,s2 =f2,…,sNf =fNf

,

sNf+1=m1,sNf+2=m2,…,SN =mNm
})andcalculate

theradiusofmating.

暋暋r=
暺
n

j=1
phigh

j -plow
j

2n .

暋暋Step3:Calculatetheweightofeveryspider
ofS.
暋暋For(i=1;i<N+1;i擣擣)

暋 暋wi = J(si)-worsts

bests-worsts
, where bests =

max(J(sk))
k暿{1,2,...,N}

,worsts=min(J(sk))
k暿{1,2,...,N}

,

暋暋Endfor
暋暋Step4:Femalespider暞smovementaccordingto
thefemalecooperativeoperator.
暋暋 For(i=1;i<Nf +1;i擣擣)

暋暋CalculateVibciandVibbi

暋暋If(rm <PF );whererm 暿rand(0,1)

暋 暋fk+1
i = fk

i + 毩*Vibci*(sc - fk
i) +

毬*Vibbi*(sb-fk
i)+毮*(rand-1

2
),

Elseif
暋 暋fk+1

i = fk
i - 毩*Vibci*(sc - fk

i) -

毬*Vibbi*(sb-fk
i)+毮*(rand-1

2
),

Endif
暋 Endfor
暋暋Step5:Movethemalespidersaccordingtothe
malecooperativeoperator.
暋暋Findthemedianmaleindividual(wNf+m )from
M .
暋暋For(i=1;i<Nm +1;i擣擣)

暋暋CalculateVibfi

暋暋If(wNf+i >wNf+m )

暋暋mk+1
i =mk

i +毩*Vibfi*(sf -mk
i)+毮*
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(rand-1
2

),

Elseif

暋暋mk+1
i =mk

i +毩*(暺
Nm
h=1m

k
h*wNf+h

暺
Nm
h=1wNf+h

-mk
i),

EndIf
暋暋Endfor
暋暋Step6:Performthematingoperation
暋暋For(i=1;i<Nm +1;i擣擣)

If(mi 暿D )

FindEi

暋暋暋暋暋If(Eiisnotempty)

暋暋暋暋暋Fromsnew usingtheroulette
method

If(wnew >wwo )

swo =snew

EndIf
暋暋暋暋暋Endif
暋暋暋Endif
暋暋Endfor
暋暋Step7:ifthestopcriteriaismet,theprocessis
finished;otherwise,gotoStep3.

2暋Differentialmutationoperator飊basedsocial
spideroptimizationalgorithm(SSO飊DM)

2.1暋DifferentialMutationoperator(DM)

暋暋Thedifferentialevolution (DE)developedby
Stornand Price,isastochasticsearchalgorithm
basedonpopulationcooperationandcompetitionof
individualsand has been successfully appliedto
solveoptimizationproblemsparticularlyinvolving
non飊smoothobjectivefunctions[17飊22].Theoptimiza灢
tionprocessinDEiscarriedoutbycombingthe
simplearithmeticoperatorswiththeclassicalevolu灢
tionoperatorsofmutation,crossoverandselection
toevolvefromarandomlygeneratedpopulationtoa
finalsolution.Thedifferentialmutationoperationis
definedby[23].
暋暋xk+1

i =xk
i+(1-Y)暳(xk

l-xk
m)+Y暳(xk

g-xk
j),

(14)

Wherej,l,gandmarerandomintegersuniformly
selectedfrom the setX = {x1,x2,...,xn}and
i曎j曎l曎 m 曎g,inotherwordtheindicesare
mutuallydifferent.Yisdefinedby

暋暋Y=kcur

kmax
, (15)

暋暋wherekcuristhecurrentiterationandkmaxisthe
numberofmaximumiterations.
2.2暋Theflightcharacteristicsofsocialspiders
暋暋Theflight(ballooning)ispropertiesofmany
socialspiders.Socialspiderscanachieverapiddiffu灢
sionbymeansofflightbehavioratacertainstage.
Theflightisanimportantwaytorealizelongdis灢
tancediffusionofspiders,theflightdistancesome灢
timescanreachhundredsofkilometers.Thisisalso
themainreasonfortherapidspreadofsocialspi灢
ders.Inspiredbythisfeature,assumethatsocialspi灢
derssometimeschangetheirpositionaccordingto
thischaracteristic.
2.3暋Thenecessarypropertiesandtheoreticalanaly灢
sisoftheSSO飊DMalgorithm
暋暋(A)Thenecessaryproperties(Theflightchar灢
acteristicsofsocialspiders)

暋暋Thearticleusesdifferentialmutationoperator
tosimulatetheflightcharacteristicsofsocialspi灢
ders.Supposethateachfemalesocialspiderhas
flightcharacteristic,thecalculationformulaofthe
positionchangeoftheflyingcharacteristicofthefe灢
malesocialspiderisasfollows:

暋暋fk+1
i =fk

i +(1-Y)暳(fk
l -fk

m)+Y暳
(fk

g -fk
j), (16)

Wherej,l,gandmarerandomintegersuniformly
selectedfrom thesetF = {f1,f2,…,fNf

}and
i曎j曎l曎 m 曎g,inotherword,theindicesare
mutuallydifferent.YisdescribedinEq.(15).
暋暋Becausetheflightcharacteristicsofsocialspi灢
dersare shown in a stage,defining a random
number飊Zandathresholdvalue飊R.Where,Zisa
randomnumberbetween[0,1],Risaconstantwith
avalueof0.5.WhenR <Z,femalesocialspiders
performtheoperationoftheflightcharacteristics,

otherwise,femalesocialspidersperformtheopera灢
tionoftheoriginalalgorithm.
暋暋(B)TheoreticalanalysisoftheSSO飊DMalgo灢
rithm
暋暋InSSO飊DMalgorithm,theparameter(Z)that
controlsvariablesfortheflightcharacteristicsoffe灢
malesocialspiders,italwaysobligesthefemaleso灢
cialspiderstotakerandomexecutestheoperationof
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theflightcharacteristics,which greatly enhances
populationdiversityinthealgorithmandpromotes
explorationofthesearchspacethatleadstofinddi灢
versesolutionsduringoptimization.Thismechanism
isveryhelpfulforresolvinglocaloptimastagnation
evenwhentheSSO飊DMalgorithmisintheexploita灢
tionphase.
暋暋TheproposedSSO飊DMconsistsessentiallyina
strongco飊operationofthetwoevolutionaryalgo灢
rithms.ThemaindifferencewithSSOisinthemu灢
tationoperation.Thisefficientcombinationstrategy
ofDMandSSOimprovestheglobalsearchcapabili灢
ty,avoidingconvergencetolocalminimaandaccel灢
eratestheconvergence.TheSSO飊DMcanbesum灢
marizedasfollow (Fig.1):

暋暋Social飊spideroptimizationalgorithm withdif灢
ferentialmutationoperator(SSO飊DM)

暋Step1-Step3:Thesameastheoriginalalgo灢
rithm.
暋Step4:Femalespider暞smovementaccordingto
thefemalecooperativeoperator.
暋For(i=1;i<Nf +1;i擣擣)

暋暋CalculateVibciandVibbi

暋暋CreateZasarandomnumberinrange(0,1)

暋暋IfZ<0.5
暋暋暋fk+1

i =fk
i +(1-Y)暳(fk

l -fk
m)+Y暳

(fk
g -fk

j),

暋暋Else
暋暋If(rm <PF );whererm 暿rand(0,1)

暋 暋 暋fk+1
i = fk

i + 毩*Vibci*(sc - fk
i)+

毬*Vibbi*(sb-fk
i)+毮*(rand-1

2
),

暋暋ElseIf
暋 暋 暋fk+1

i = fk
i - 毩*Vibci*(sc - fk

i)-

毬*Vibbi*(sb-fk
i)+毮*(rand-1

2
),

暋暋EndIf
暋暋EndIf
EndFor
Step5-Step7:Thesameastheoriginalalgorithm.

Fig.1暋TheflowchartofSSO飊DMalgorithm

3暋Simulationexperimentsandresultanalysis

暋暋Inthissection,fivestandardtestfunctions[24]

areappliedtoevaluatetheoptimalperformanceof
SSO飊DM.Thespacedimension,scopeandoptimal
valueoffivefunctionsareshowninTable1.These灢
lectedbenchmarkfunctionscanbedividedintotwo
categories(i.e.,unimodalbenchmarkfunctionsand
multimodalbenchmarkfunctions).Theyaref1 ~f3

forunimodalbenchmarkfunctions,f4 andf5 for
multimodalbenchmarkfunctions.
3.1暋Experimentalsetup
暋暋Allofalgorithmswereprogrammedin MAT灢
LABR2012a,numericalexperimentwassetupon
Inter(R)Core(TM)i5飊4590 CPU and4 GB
memory.
3.2暋Comparisonofeachalgorithmperformance
暋暋TheproposedSSO飊DMalgorithmiscompared
withsomeswarm intelligenceoptimization algo灢
rithms,suchas,SSO,ABC,BA,GGSA and DE,

352广西科学暋2017年6月暋第24卷第3期



whichusethemeanandstandarddeviationtocom灢
paretheiroptimalperformance.Theparametersset灢
tingsofalgorithmsareasfollows.Foralltheopti灢
mizationalgorithms,PopulationsizeN =50,andthe
iterationnumberis1000.30independentrunswere
madeforthesixalgorithms,theresultsobtainedby
sixalgorithmsarepresentedinTable2,andtheevo灢
lutioncurvesandthevariancediagramoff1,f2,f3,

f4,f5obtainedbysixalgorithmsarepresentedin
Fig.2—6andFig.7—11,respectively.
Table1暋Unimodalandmultimodalbenchmarkfunctions

Functions Dim Range fmin

f1(x)= 暺n
i=1x

2
i 30 [-100,100] 0

f2(x)=maxi{|xi|,1曑i曑n} 30 [-100,100] 0

f3(x)= 暺n
i=1ix

4
i +

random[0.1)
30 [-1.28,1.28] 0

f4(x) = 暺n
i=1

[x2
i - 10cos

(2毿xi)+10] 30 [-5.12,5.12] 0

f5(x) = - 20exp (- 0.2
1
n 暺n

i=1x
2
i ) - exp

(1
n 暺n

i=1cos(2毿xi))+20+e

30 [-32,32] 0

Table2暋Simulationresultsfortestunimodalbenchmarkfunc灢

tions

Functions Dim Algorithm Best Worst Mean Std.
f1 30 ABC 3.69E-08 2.32E-06 5.34E-07 5.40E-07

BA 4.58E+02 5.79E+03 3.13E+03 1.39E+03
GGSA 4.45E-20 4.17E-19 1.72E-19 9.49E-20
DE 7.32E+01 1.54E+03 5.50E+02 3.37E+02
SSO 8.63E-02 8.63E-02 8.63E-02 0

SSO飊DM 3.53E-67 3.53E-67 3.53E-67 2.01E-82
f2 30 ABC 5.96E+01 7.39E+01 6.78E+01 3.62E+00

BA 4.29E+01 6.89E+01 5.60E+01 6.54E+00
GGSA 5.25E-10 1.96E-09 1.24E-09 4.04E-10
DE 7.38E+00 2.41E+01 1.48E+01 4.39E+00
SSO 1.47E-01 1.47E-01 1.47E-01 5.56E-17

SSO飊DM 1.20E-37 1.20E-37 1.20E-37 2.12E-53
f3 30 ABC 4.19E-01 1.02E+01 7.09E-01 1.58E-01

BA 6.93E-03 2.09E-2 1.23E-02 3.65E-03
GGSA 3.90E-03 1.39E-01 1.73E-02 2.37E-02
DE 1.75E-02 3.25E-01 1.27E-01 8.00E-02
SSO 1.68E-02 1.68E-02 1.68E-02 0

SSO飊DM 1.22E-04 1.22E-04 1.22E-04 5.51E-20
f4 30 ABC 1.02E+00 1.16E+01 5.47E+00 2.90E+00

BA 1.48E+02 2.51E+02 1.99E+02 2.63E+01
GGSA 7.95E+00 2.38E+01 1.60E+01 4.57E+00
DE 3.43E+01 1.99E+02 1.14E+02 4.99E+01
SSO 6.33E+01 6.33E+01 6.33E+01 0

SSO飊DM 0 0 0 0
f5 30 ABC 9.16E-05 1.58E-03 4.79E-04 3.79E-04

BA 1.85E+01 1.99E+01 1.90E+01 2.50E-01
GGSA 1.48E-10 5.26E-10 3.09E-10 7.42E-11
DE 4.44E-15 1.08E+01 6.46E+00 2.01E+00
SSO 3.12E-01 3.12E-01 3.12E-01 5.65E-17

SSO飊DM 4.44E-15 4.44E-15 4.44E-15 0

暋暋Fig.2暋Dim=30,evolutioncurvesoffitnessvalueforf1

暋暋Fig.3暋Dim=30,evolutioncurvesoffitnessvalueforf2

暋暋Fig.4暋Dim=30,evolutioncurvesoffitnessvalueforf3

暋暋Fig.5暋Dim=30,evolutioncurvesoffitnessvalueforf4

暋暋Fig.6暋Dim=30,evolutioncurvesoffitnessvalueforf5
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暋暋Fig.7暋Dim=30,variancediagramoffitnessvalue
forf1

暋暋Fig.8暋Dim=30,variancediagramoffitnessvalueforf2

暋暋Fig.9暋Dim=30,variancediagramoffitnessvalueforf3

暋暋Fig.10暋Dim=30,variancediagramoffitnessvalue
forf4

暋暋Fig.11暋Dim=30,variancediagramoffitnessvalue
forf5

3.3暋Resultanalysis
暋 暋Seenfrom Table2,inunimodalbenchmark
functions,SSO飊DMcangetabetteroptimalsolution
forf1,f2andf3andhasaverystrongrobustness.
Forthetestbenchmarkfunctions,standarddevia灢
tionofSSO飊DMislessthanthatofotheralgo灢
rithm.Andthismeansthatintheoptimizationofu灢
nimodalfunction,SSO飊DMhasbetterstability.Sim灢
ilarly,seenfromTable2,SSO飊DMcanfindtheopti灢
malsolutionforf4,andthestandarddeviationsare
zeros.Forf4,f5 ,theprecisionofmeanfitnessval灢
ue,bestfitnessvalue,worstfitnessvalueandstand灢
arddeviationofSSO飊DMarebetterthanotheralgo灢
rithms.Theseresults meanthatSSO飊DM hasa
strongsearchingabilityandagreatstabilityforsol灢
ving multimodalfunctionoptimization.Fig.2-6
showtheevolutioncurvesoffitnessvalueforf1,

f2,f3,f4,f5.FromtheseFigs,wecaneasilyfind
thatSSO飊DMconvergesfasterthanotherpopulation
basedalgorithmsmentionedabove,andthevalues
obtainedbySSO飊DMareclosertotheoptimalvalue
ofbenchmarkfunctions.TheseshowthatSSO飊DM
hasafasterconvergencespeedandabetterprecision
thanSSOandotherpopulationbasedalgorithms.In
sum,proposedSSO飊DMisanalgorithm withfast
convergencespeed,highlevelofprecisionanda
greatperformanceofstability.
暋暋Anotherfindingintheresultsisthepoorper灢
formanceofABCandBA.Thesetwoalgorithmsbe灢
longtotheclassofswarm飊basedalgorithms.Incon灢
trarytoSSO飊DMalgorithm,thereisnomechanism
forsignificantabruptmovementsinthesearchspace
andthisislikelytobethereasonforthepoorper灢
formanceofABCandBA.Itisalsoworthdiscussing
thepoorperformanceoftheDEalgorithminthis
subsection.Generallyspeaking,the DE algorithm
hasbeendesignedbasedon mutation mechanism,

mutationinevolutionaryalgorithmsmaintainsthe
diversityofpopulationandpromotesexploitation,

butduetotheinfluenceofthechoiceoperation,the
individualdifferenceswillgraduallydecrease with
theincreaseofthenumberofiterations,atthesame
time,thedecreaseofindividualdifferencealsoaf灢
fectsthediversityofthevariation,whichleadsto
theprematureconvergenceofthealgorithm,which
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isoneofthemainreasonsforthepoorperformance
ofDE.
暋暋Thereasonforgettingbetterfitnessvaluepro灢
videdbytheSSO飊DMalgorithmisthatthisalgo灢
rithmisequippedwiththeparameter(Z)thatcon灢
trolsvariablesfortheflightcharacteristicsoffemale
socialspiders,italwaysobligesthefemalesocialspi灢
derstotakerandomexecutestheoperationofthe
flightcharacteristics.Thispromotesexplorationof
thesearchspacethatleadstofinddiversesolutions
duringoptimization.Inaddition,twothirdsofthe
individualsintheSSO飊DMalgorithmaredevotedto
explorationofthesearchspaceandtheresttoex灢
ploitation.Thisdesignguaranteesthebalancebe灢
tweenexplorationandexploitation.Thisisalsoa
reasonwhytheproposedalgorithm alwaysguides
searchagentstoexploitthemostpromisingregions
ofthesearchspace,whichalsoassistthisalgorithm
toprovideremarkableresults.

4暋Conclusions

暋暋Inordertoovercomethedisadvantageofstand灢
ardsocial飊spideroptimizationalgorithm,differential
mutationoperatorhasbeenincorporatedintothe
SSOtogenerateasocial飊spideroptimizationalgo灢
rithm withdifferentialmutationoperatorforfunc灢
tionoptimization.Differentialmutationoperatoren灢
hancesthediversityofthepopulation,whichhelps
toimproveitsexplorationability.Fromtheresults
ofthefivebenchmarkfunctions,theperformanceof
SSO飊DMisbetterthan,oratleastcomparablewith
otherpopulation飊basedalgorithm mentionedinthis
paper.SSO飊DMhasafastconvergencespeed,arela灢
tivelyhighdegreeofstabilityanditisalso much
moreaccurateinprecision.
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