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,\bstract
l,\olutionary tlllslcring in dvntntic nalworl(s is th( plocess of generating a srquence ol cl[sters {o caplur! the Irue
naturc of evolution in interactioDs nnlong indi\idurls.'lherc are several dillerent approachcs to s01\e th(
evolulion,lrJ clttstering problenl:ln(l a rel1ltivel\ ne\\ one is the multiobiective optimizatiotr tising genetic tlgorithms.
In this prpcr, we have proposed a ncl! evolutionan' clustering algorifhm using multiobieciiv"e oprimi)ntion or\ll(1,\l\lO. Il\Perimental results on r.cal arld \\rthrtir datx sho$ ihat the proposed algorithm providcs bettcr-
ilccurllcY compnred to prtlious algorithlns irr tcrnls ol the t\!o relevaDt patameters - accurac\ ol clnstering l\ith
rrsprcl t0 currcnt dti:l and drifl from thr clllsl(.r\ found fr-om prcyious steps.

Kerrvords: (leltctic Alsorithrls. MrLltrobjcctivc Oplinlzation,
I)il1a !liltxlg. Clustcring. Dynat cNetu,olks.

l. Introduction

Indir,irluirls ol ohiccts are louically conllcct.d in nctworks.
citlrcr dcnsclr'. ol sparscll. 'fhc dense group cau bc drlilcd
ils clLlslcr 0r cot ntLr jlr ( lustcring is the orga]]izittion ol'
rlnta prllc|rrs iDtt rLroLrps bascd on some n-ielsrtrcs of
srrnrlllrties or' logrcal conncclions l9l. i'he stLrci_v ol' r.eal
lorld dvrrantrc nctrvorks rs a grou,ing scicltific iield thal
combitlcs trl(iilioliLl social nct*,olk analysis (SNA). link
runalr,sis (l.A) and nrulti-aqenl systelns (!1.\S) \\rrhin
nct\olk scieitcc and nelu,otk theoty. ivlost ol tLtc corllplex
dvnamic nctrvolks can be rnoilelcd as gr.aphs. *hclt- nocles
rcprescnt iIdivtdual objects alld edgcs rcpt.esenl r.latjon
ilrrous 1l)osc inclilrclulls. -l'l.rc clvramic behavior of thc
rrclllork can bc rnposed bl kecpilu a sci of graphs lor a
pilrlrcuhr lintrl rtnrlo* Iiach staljc graph iu tlrc sct
corrcsporrcls lo lllr nc1\\,ork lirr a par'licLrlaI tilttcstantf. lhe
p|oxrmitl' bcl$cerr indivicluals can be ntoclcled bv DLlttin!
*'ei:tht in lhe edgcs. 'I'lte unqertajnly ho*"u",i .rn lr-"
cstablishcd in the 1tanslbrnlation ol graplts o!er Limcs.
lrynamic rre1,,roIk a11alysis leads to flndi]]g patte[l i11 t]re
cluslc nq oJ't co]1IILlnity. llcnce. this type of a|alysis can
hc bcucllcial lbr nLtntcroirs culilics likc social ne1n.or.k
dc!clopc|s. Lclecon]lnllnication opctalols or fbr cictcclil1g
llrc !roul i)l rndir'iclLr,-rls rcspousiblc 1dl spamntinq or iunk
crrlrils

\'larrv apploachcs hrrc bccn ptoposecl lbr.thc aruil..sis and
tcnlrorrl cvolutron ol dyDamic Detworks in ffl. ifl. lf2l.
ll.rl. lll. 1151. 1201. 1211. 1221. 123 . l24l lo !-arch rhe
cvolulion ol cluslL-rs Llt dyna[ric trel\!or.k \\ith 1.nti]oral
drla. soure ol lhcse nrethods l-f l. ll2l. 1151. l22l enplol rhe
conccpt ol ('hrklablr'1i.,/. d1. in l2l. lhcsc ntctltods plocluce
ll sc.lLlcncl ol tltLsl.ts by itrtrotlucittg a liante\\otk cilllcal
I n4rr:r'll srnoothncss Ihrs lramcrvork ilssumes thrl abrltpl
ahal!cs ol cllrslL-rinq ln a sholl tirrte pcriod arc no1
,rlcsillrblt. tlrLrs lt srn()olh cach comntunily ovcr. 1imc.
SnroolhllcsS is dr'irDt'd b)' tradiug-off bet\\'ccn t$o
conlPcting crilcria -l,rrl/)1r.)/ rort. *hich lneaDs thot the

clusteiing should rcilect as nearly as possible the currcnt
tirrrc slcps coming data. A:nd teupontl cor1. rvhrch rtcens
that caclt clustering sltoLlld not changc dranlaticallv fr ont thc
plcvious time steps.

in this paper wc have proposecl NIICAMO alsoritbm rvhich
Iml cmcnt\ rt t iur , ol(cpl as lbl h l rr lr .rrr rn.prurc.l
fttrcrr a..1snn1anr schcme. Ihe propn...,1 211i.,11111 L
l'Lrlortll\ h(.llcf irr IeInrs of ac..lt"ajy \\tlll urp.., ,,,
previoLrs algoritllnrs. l he result is suppolted bv
experin'rentation rvith synthetic and real data. In thc
ibllou,ing sections u,e will elaborate the proposed alsorithm.

2. llchtcd \\'ork

Sevcral genetic algorithms provided eflictenl solutions jdr
multioblecltve optimizatiotrs. Solre \\,ell-kno$ n
lrultiobjectivc gelletic algorithlns are vcctor cvaluated c.,\
1101. Niched Palero Ceuctic Aigorithm l8l. Wcirhr Basccl
r ierrcri. Alturrrhnr ll8 . Non dunrin.rtccl So,trn._ ,,..r,.rr,
\ll'nrrtlrrn r\:CAij lo . Strcncrh l,arcr,. 1 ,,,,LIIL,11.1I1

Algorithm (SPEA) l4 | and more. Gcneral pr.oblcms rvitli ai1
these multi-objective evolutionary algor.ithlns arc that
i.rtttputrtrorrll conrplerrrl r. Or VA ) lurrcrc V r, rlre
nun.rber of ob.jectives and N is the population siTe). thcir
non elitism approach and the necd to specil! a shannu
parametel.

In Folino ct al. 16l used NSC42 llll lor dcrecting
eomnrLrnities in dynamic networks. NSGA2 is thc in.rprovccl
versiou ofNSCA i16l rvhich alleviates all tltc above thrcc
ploblcms b1, iltroducing a new sclection opelator whiclt
cleatcs a nmtiDg pool bv contbiuing the parent and oflspt.inu
populations and uscd crotvclin-q distauce lbr diversitv
prcservatiou.

In our proposed algor.ilhru. nc harc used Sp|A2 Ll5l
SP|r\2 is an improved elgorithnr ol SphA rvrth respect 1o
Iitness and dlversity nteasuretrrct.lt. Sp[]A2 Lrsed arl
inrploved lituess assigt.ln.leDt schene. u,hich takes iJito
account how tltanv iudivjduals domurate and dominatetj hr
r ..trrr'lc lurvtdrrri. )l,LA2 used I th n.:r'e,t ncrr:lrb.,r. r,,
prcservc diversity of solutions ancl gives bcttet: clualitr
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population in sholt period of time than NSGA2. Wc have
irsed SI)llA2 10 prcdict dilfercnt chrster of nctrvork in
dilfurellt limc sta|np. ln ne\t sections wc rvill shou. our

1.r|oposed algorithnr si!es bctler resuil $ith rcspccl ro l6].

3. I'r'oblcnr lbrmulation

l.c1 li ,71 bc a finjte sct of tinle steps aDd /' 11.,l'li
be a set of individuals or objects. A static network lf'at trme
/ can be rrodeled as a grapir Ct - (l,l:) whele l,'is a sct of
objccts, callcd nodcs or vc iccs and l'' is a set of links.
callcd cdecs. thal conncct two elentcnts of I'at limc/. Thus
(i'rs thc glaph lcprcscnling a slapshot ofthe nctwork -lf'at
linrc /. An cdgc (a'.r/) €lj' il indivrdual rr and r. have
interacted xl limc /

.\ dltrrttttc nel'rolk \ls J s(qrrclt(( of srati. neluorks
,7\f.. ..-Af rrlrrr. crch netunrk M rs.t ,rrrpslrnr of rhe

nct\vork at tintcslamp 1. A chlstel in a static Detu,ork J\f is a
gt oup of vcltices consisling of a subsct of 11 having a high
dcnsity o1-cdges insidc tbe cluster and a lowel- density of
erlscs outsidc oi thc clustcr 16]. l.ct C' is a sub,gr.aph oi'G'
bc a cluslcr al tinrc t A clustcring Cn': le t',...,e1't,of
nctrvo|k -lf' tl tiDrc 1 is a paftitioning of the graph G' in
gloLrl'rs oi uodcs such that tbr cach couple ol groups or
corrrrnurilics C,' arrd C,'e en' a\d Lt ,'at l' .' A.

,\ nnLlliobicclire oplimization probler'11 deals \\,11h nlorc than
ol]c oblcclivc lilnctioDs thal arc to be lriniutizcd or
nrarin-rizecl. 1'1rcsc oblectivcs can be contlicting. sublcct to
ccrlain collstlaints ancl olicn lead to choosil'tg tilc bcst tradc-
oll lmouu tlicnt. lt\,olutionary clustcring comltriscs of lu'o
. ,r".l'itrrr. ,'lri|irire Ilrr. riL'n< l,' r'fl llt,/(.

3.1 llultiobjectivc Evolutionary Clustcring

A multiobjcctivc cvolulionary clustcling problen
(!) fr,7., . , fr,) lor a static letwork J\f'can be clefined as

ntiu?/CR'), r= 1,...,/r where Q- l ent',..., CRr'l is thc set
ol tcasible cluslcls of -lf'at time stamp t,arLdf=f 1...,Ft,
ts :r scl of lsinglc cr.itcrion t'uuctions l6l. IJach ?,: O ' R is
ru dillcrcnt objecrive liurction that dctcrmines the feasibility
ol dlc chlstering obtained. f is a vector of conflicting
\rbicctrvcs that ntrLsl be simultaneously optimizcd. there is
nol on. u irlue soiution to the problcru but a sct of solutions
i|. li)ulrd through the use ofPareto optjmality theory f5l.

(ir|cn 1\'o solutron C?1 and C.R:€O, solution C?r is said
(, Jorrlrlratc solulion C3?, denoted as C1?-1< C17.. if and
,,nl) 11.

:., T,(CRt) < r i(eR?) r, )i f 1(C17,) < ? i(CIl.,)
;::.r r:. all lhc obieclive lunction of C?1 shoLrld be better or
:: .:: ;o C.?. and at least one objectivc firnction is bcner
:i-.:: C?- C)n thc other hand, non-dominated solutions is
,,:: :i[ ..rhich an upgrading in one objcctive llecd a ruin of
-r.'ti:r fhcsc sohltions are called Pareto-optimal. Formally
r:; :j:irJ PJr.ro rjptimal sohltions f] is defined as

Md. Shiplu Hawlader, Kaynat Quaylum and Saituddrn \1: - ::-:

3.1.1 Snapshot cost

Snapshot Cost (SC) measures how u,ell a cliiii.: C
represents the network .Mrat time t. Connnotin s{.-. .
very efl-ective to detect snapshot cost of clusrer li9 . .
Cn': 1e t',.... C{'} be a clustering of a network -7\f oi_::.:
G'at timc t. 1'l\e cotnntunit\, .rcoreof CJI'ls dclln:: .-
ibllou,s

k

CS{C?r)- I s,:or efei)L,
i=1

where.

score(e!) r:

- Ii..'(i',)' " Y ri
ic' | /-' '"

t l€c(

In equation (2),second term represents number of edge
connecting nodes inside the conrmunity C/. The first tcrnr
conputes the square mean ol

1!-

r -*Fal, r:'
tL't ?,/€('

where 1,,' is the adjacency matrix of 1 and 0. Iu equation (2 )

and (3) 7:, how tightly a node I is corurected in the cluster C'
bv iractiorr of edge connection inside C'. 'fhus accordinr ro
eqration (1), (2) and (3) the obiective function.r)r?ri!rir
rr,'r, rs consrdertrtg thc nllltlbel lJl lntercorurc(llon tn.tdL'
the community and also outside the conmlunlty. More the
corntnunii rcore. more the cluster rcpreseDts the cureltt
netwolk J\f'.

3.1.2 'I emporal cost

The algorithm should maintain the sinilarity between the
current clusters to the previous time steps clusters.
Normalized Mutual Information (NMI). well knowu
entropy measure in information theory. can be used to
neaslLre temporal cost. Let two clustels., = 1Ar...,,4,,) and
8: t\B,...,8,,,1 of a network. Let M be the confusion matrix
rvhose cell .4d; represents how many nodes in clustcr,4,€.,1
thal are also in the cluster BjeB. The Normalized M ual
Information (NMI) is defined as,

NMt(A,B)

2tt , ta. M.. Loo lilL
', '' M,M,

2j'=1 M i log(M t / N) + ri'4 M jloe(M ) / N) (4)

Where r and m are number of groups of the clustering A
and B respectively, M1 and M ,are sum of the i- /li row and
sum of the 7 1, colunu of confusion matrix M respectively
and N is the number ofnodes in the network. NMl is a value
betw€en 0 and l. If clustering A a\d. B arc same, that is ,, :
B, ther NMI(A,B) = I and if A and B are completely
different then NM(,4.8):0. Thus the objective function for
this problcm MMI(C?'. en' t) are to be maximizcd.Il lC? € lr: vCIt'€ Owilhc?'< e?l
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3.2 !lultiobjcctivc Gcnctic .4.lgorith m

(icnctic Algo|ithnrs (G,,1) can proYiclc vcry cilicienr
soluliolls lirr rnLllti-objective oplinizlrtions. A gclrcric siDgle
objectivc GA can be urodilled to fiuri a set ol lnulliplc non-
c](rrrinated solulions in cluslclir)g method. A multi obJcctive
(lA should have a goorl fitness frutction. should prcscrve the
divclsity and shoLrlcl nraintain clitism-

cd!.cs in thc individual. then !r and r is in san're clust0r'o{'
conrponellt.

4.,1 l)valuation

ln this algorirhnr tlrc evalr-ration phase consist o1'calculating
conrmu[ity score. wl'riclr deflnes horv better is the cu]lent
chrstering with respect to the given net\\,olk and normalized
rrLrtual information (NMl), which defines the chrstering
ffuctuatiol] fron the plevious timestamp.

4.5 Assign Rank

Each individual of the population and arcitive is givcn a

rank value, the smaller the better. Aftel giving cach
individuals a rank value, sort thc individuals according to
thc asceDding rank.

r(u) = (-i )

4.6 l'itness Function
'fo renrain the popuiation diverse, we are using distance of
/itlr nearest neighbor. -fhe litness value of each individual is
the suln 01'i1s non-dominated ranl< and the invelse of the
distance ofktl nearest neighbors distance.

f(v): r(v) + (df + 1)-1 (6)

Where o,.r is the distance between inclividual l and its ltlr
rcarest neighbor.

4.7 Population Selection

From the total individuals of population ald archive
poprrlation size individuals are selected as neu,population.
Ilrom the rank 0 to the highest rank, all the individuals are
addccl if mrnber of population of this rank is not cxceeding
ll)L' current poprrlttion size. lf it is excceding. thcn sontc
individuals arc truncated according to thc vahle ol cach
individLrals.

4.1,1 Mating Pool Crcation

A mating pool is crcated of pool sizc fiont the new
popuiation to apply the genetic valiatioo operato$. To
choose the mating pool, binary toumament with
rep)acement has been used in this algorithm.

t&
1,

I't"'l' ! l'lr I

l ig l: \etrrorl, oJ 7 nodcs cluslcrcd inio il.l.l..1l end 15.6,7) rnd
Lhl] r qcrclrc rcprcscnliltion.

.1. I'roposod Algorithnr
'lhe ploposed algorithm takcs a dyrramic network if=
lRtl. -1f,. ... Jy/ i. the seqlrcnce of graphs G -.

lCr,O... .(;/l ancl thc number of timcstamps 7 as inpul and
gir cs a cluslclinq ol cach netrr olk J\f, ol J\f as output.

-1.1 Inilillizrlion

li)r tlrc lilst tirncstrnlp ol' lirst inpnt rlctwork therc is no
lcrnl)orrl rclirtron rvrth thc prct,iorLs nctrvotk. llre clustcring
rlgor ilhrn is applied only iu snapshot cos1.

1.2 l)opulalion Ironr (;rtph

-As a lirsl slcp ir etch tinlcstantp frotu 2ncl timestantp to ?.
it clculcs l poptrlaliou of llndom iudjr iduals F,ach
r , , t I r r ' 

i r I r r r L I ls l \ (clol ol lerrglh ecluaJ 1o nrutlbcr ol nodes in
lhr if rPlr (;'

.1..1 I)ccorlirrg

,\s caclr individLral gcnc is lvolkiug as an udjaccncy list, if a

noclc in r ol'glaph is rcachablc fiom l by r-naintaining the

'l ahlc I: l-lxrmplc of I inilirr nr ('rossovcr'

I)rr flrl I :

l'ulcntl:

Vlsli:

Ollispr ing:

6

6

1

6

5

1

1

7

4

0

6

5

0

2

3

1
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'1.9 (;cllclic \rrriatioll Opcrrtors
(;rrreric op.ratols arc uscd to crcate ofllprmg lion-r pllcnl or'

nraliDu pool. lherc arc trvo Nicicly Llscd genetrc variation
ol)crxtors nanrclv crossovcI ancl nrutation. Ilr thc follo\\,ing
s,rbscclion a shorl dcscriptiol of lllcsc t\\'o ol)cralols is

! iva n.

J.9.1 ( rossolcr'

Ir lhts irl.tor'illrrr \a !rc (rsirrg rutililrl ctossovcr' ;\ tarrdom
bil vr.lor ol lcnltlh o1-11tln'rb0r oi'thc no(lc in llrc crlr'rent

srirph is crcrl.d. Il-i //r bit is 0 thcr) the lalue ol ihc I 1/r

gcne comcs iiom thc firsl parcnt otllcr$isc it comcs lionr
tlic 1 /, lcnc of second parcnt. As cach ol thc prrcnts

5. l)crli,rnlancc Anirl.\'sis

\ \11 illr(l Droclulrrity arc calculatccl as a ltlcasurc o1

i.ar lir nrrrrcr \,1urlulari1y tlclitrcs thc eoodncss o1 a

.iLr:tL'r'rnl. (iood clusterin-9. u4rich harc irigh ralLrc- of
rrl)(lrlllul\. llrl thosr' in which Lhclc arc dcnsa illlcrnal
a(irriraations bcl\\ !'cn the nodcs NlTllin clListL'r ltLll {)1tlv
-il:rrsr connarlions bclwccli dlllclcnl clustcrs. in thls
rl, .,r,rlrnr l c rLsr tire uroclularity. introduccd ir1, fiiir an ancl

\:.rur.r:r Lll] Icl i b!'lhc numbcl ol-clustcls tbuurl insiclc
., r: r ,r ,r l. thi rrrodulllity Q is dc-lrircd as.

,\lg0rilhrtl 1

.,\lgorithur: Ncw ( lLrstcrirr!.,\lrolilhm usin-r.r. Multiobjcctir.c Optimizalion (NITCAMO)
I

.I

::
6:

s

9

l{)
111

ll:
Ir:
ll:
1::
l6
lt:
]N:

I 
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r0:

l:
)2:
Ir:
cnd
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holding tnre acljaccncy info|Dration, thc'otlspring will also
hold it.
r1.9.2 Mutation
'fo mu1a1e alrd crcatc an ollspring. sorne position ol the
individuals are chosen randomly irlcl changed to otller
values. Ilut tbe value should be one of its neighbors in the
cuncnt graph.

-1.10 Archive
Alicr variation opcrators ovcl' thc offlpring becolncs thc
nc\\' poplllatioD and thc old populations arc savcd k) the
llchirc. -lo fit the archivc sizc. thc hrncation nrcchanisrr
uscd hcre also.

whcle rr is the number of edges ofthc uctu<trk. /6 is thc
total number of edges jojtriltg vertices rnside the cluslcr C,
and.1a is the sunl ofthc degrees oftlle nodcs ol clustcr C.

6. Experimental llesult
L11his section we u,ill discuss the experitnental rcsult and irs
ell'cctivencss anrl compare the result \\ ith onc ol'lhe rcccnt
thc algorilhnr narrely Dyn-Moga pioposecl by Folrlo cl
al.in f6]. i:ol this prirpose wc uscd s\nlhctic data as rvell as
rcal iiil data. ln bo{h cascs. oul proposcd algolithnr
successhrlty delects nel\\,ork .qtnrclure ancl is verv
co]rFctilrve with lespecl to othcl algorithnls. Somc slandartl
prr irmctcr lbr thc gcDctic algot ithnr arc c|ossovcr
pr!bcbiiitl, 80%,. nrLLlalion p|obability 20,izi, aDd binaq,
loLrfilanrc[t lb| pool selcctron l7].-lhe populatioD sizc u'as
200. alchivc sizc ol clrtisrl r.vas 200 and numbcr ol-
gcncratiolls i00.

p|occrlurc Nl:( -\\,lO(J\t lff , J['l a dyDarurc nct$,olk o1'g[aph G -. \(;', . .(;' \)
( icrrcralc rnitirl clirslel' C? iej . .. CL I ol (hc net\\'ork J\fr by optimizing only (SC)
lrl / 2

'r\'hile 1 I do
()cate initial population ot landom individual P1 and set t0: 0,i- 0
$hile Al(r,) > l0 ) do

Sclcct individuals lrotlr 1:,, lbr maling pool usine biuary tournameDt rvith leplacement
Applv ctossovct and nrulalion to crcate Npot'f.spling solutions. Copy offipnng 10 P,

l)c-code erch irrdiviclLu I ol'P,Uf,
l:!rlLrale each illdi\'idLral ol P,UL-, rnd assigD lilness value using equation (6)
('o|1 all rton (lolrillated solutiols to /ii.I
il 1j, r >,Vr thcn

tmncirtc lj.. -,\; solutions accordiug to n]aximum dcnsity Yalue
lllsc

copy bcst ,\'7- /i,.1 dontinatcd solutioDs accorclinq to their fitness valuc
eud il
Set 1- /, l

cnd rrhilc
C, /: \\ ilh bighcsl nrodular ity

Se1 / / 1

cnd \\ hile
lietuln the chsterins set C with best cluster.

end proccdurc

1:-
r_t

;;. (*t'l
(7)
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6.1 Synthctic Data

We have created two t)?es of synthetic data, in one number
of different cluster in each timestamp is fixed anc.l il other
one number of cluster changes with timcstanp. For the firsr
t)pe of net$,ork, we fixed number of node 12g and it is
d:vided into .1 groups each of 32 nodes. Each node has
.rreragc degtee of 16. As in f6] we have fixed t\\,o parameter
/ and 2,,,,,. Ilach node has Z-,, number of colulection to the
intemal nodcs in which cjustcr it is sitruted and Z-,,, number
of conncction to the outside of the cluster. 'fhese
conncctiolls are crc'ated randonrly. lotal ten netwolk data
has been crcated for ten tinestamp.

I-or thc second t)pc of network. r.re lrave changed the
number of chrsters in a timestamp to tcst wllether the
algotithm can dctect the change in network structure. Total
mrmbel of node this tirne is 2-56 and for the fiISt timestamp
it is clivided illto 4 clusters. each having 64 nodes. Ten
consrcutivc nel\,orks are generated by cl-roosing eight nodes
liom each comnurily and gener.ating new clusler with these
i2 nodes.

l;igure: 2 shorvs the obtained result for the svnthetic dara
rvith fixed n mbeI of clustering. lrr l-igure: 2 {rupt shows
that Ntl/ value wtdr 2o,,, - 3 for [6] ancl our proposetl
algoritlrm are close but in bottom orlr algodtltm outperforms
thc [6] algorithm \\.ith 2",,t.= 5. According to figrue: 3 our
algoritiun is much stable in historical aspect \ ritll respect to
[6] i1 also have bctter modularity in bolh case 01. synlhetic
data conparcd 10 [6] accordil1g to ]rigure:4.

6.2 lleal-life Data

As real life data set we have chosen thc Football data lrom
the United States college football. The lootball data is fi.or.n
NCAA Football Division 1-A games. Nodes in the graph
replesent the team and edges represent the regular season
games belween two tealrs they connect. 'lhc teams are
divided into conferences and they tend to play between
mcmbers of the same confeLence. Thus thc team cluster is
assumed to be the conference. Wc selcctcd 5 vcars clata
florn 2006 tu 2010 as the 5 timcslJmoi nerwo|k lorol
nodes are 180. 1g7,204,208 alld 216 respectively.
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linr

l.ig. 5r Ilcsull oblarncd with rerl-lrlc (lltl. N \'ll ancl Modu lar ity

I h. I igu|c: i sho\\'s thal. our proposed llgorithm
orLLprrlirrns tlrr l()l igorilhnl in clsc ol'nornralizcd nlutual
inli)rrrrioD (lop) and Modulr|ity (boltoul).
Allcr lhcs. ilrrlysis Nc arc claiuriDs that. out prr4rosed

algolitlru \ ill pellbrnr belter and givc n]olc accurate tesuit
rvrth comparccl to previous algorithr'rs on c\'olutionaly
c[lstcring.

7. (-onclusion

llic ncccl lbr accrnacl, and pel lorn'uncc iu thc ficld of
r'rolLLtionrlv alqrrlithnr ale lhc lcason lin oru al-e01i1irm to
rnplcrncnl ln thrs papcl u'c havc proviricd a lrultioblcctivc
lrclrctic ul!orithur. lhe algor ithtl givls bcsl solutioll \\llicll
is u tlrrLlc ol{ bctr"-ccn l\!o objecli\'.s cLlrrent clata aDd

displac0nlcnt ti1)m hislory. al cach sl!'ps ol lltc algotithrtt.
lrrpcrinrerlal rcsults oD rcaL ancl syntirctic diLta slio\v tllal tllc
proposcd algonthm pror,itlcs betteL accuacv compared to
prcr irrus alr:orithns i11 lcrlns ol tlre two relcvall patanletels

irccllrllr\ ol cllrstcliug \\'i]h rcspecl to currcrll clata and drili
lrLrrr rlrt' rlLrstcls iilrncl liom plevious stcps. lhc luture
rrorli lill l)c to Lrsc acljacency Irst irtsltrd oi nratrix lilr
,trllrLi. rcprcscntalion lnd tltc DalLrrc ol otll rlgorilhnl
\ulglsr lhirl tllc propostd algorilhLr can be it]]plcmcuteci itl

1)alullcl slstcn rnd both liltulc lwlk is crPeclcd to ilrprole
rlie llnlc corrplc\i1y.
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