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s FaLiaunanIsdangndayaras RUSPINI DATA SET fatdanesiia

K-means, PSO-Clustering & EPSO-Clustering

Method Number Of Cluster# Number of Distance Avg. Intra-
Clusters Data from Cluster
Vectors centroid distance
1 20 12.5297
2 23 10.3833
K-means 4 11.3967
3 17 13.6997
4 15 8.9739
1 20 12.5959
PSO- 2 23 10.4051
4 11.4296
Clustering 3 17 13.7591
4 15 8.9583
1 20 12.5377
EPSO- 2 23 10.319
4 11.3940
Clustering 3 17 13.7585
4 15 8.9450

11: “An evolutionary particle swarm optimization algorithm for data clustering,” by

Alam, S., Dobbie, G., & Riddle, P. (2008), 2008 IEEE Swarm intelligence symposium,

St.,Louis MO USA., September 21-23,2008. |IEEE.

2. MSA-PSO

Jiang,Huang uaz Chen (2009) l@vintauanisaanisuitlymaridusaiiag

. , , , y » S e :
uuulaAg9 (Dynamic continuous functions) Aaen1sliuLes nguARBUARLLAENAN
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TunsAumuLLTiasiiu (local search) MR warNITAUMIBLILITIBSAUEgNIAsd Ty
MSA-PSO

Taulefisimefansniadailuaraninanfunldmuauiianaaainisinaand
1% a g a dgl/ [ o o o a R
ANENNIINABTAILANNITLIUNNT WUIAATUTIUARS azvinnsUiueynialudanesiu
o ’f.’, .e:ll d' 1 . dl | o—ulz v K 1
ANUIYN 7 ATeNeRNTALLRLUAN fitness value Buduieiduidvuny uaziiunnan
manlasunlasassiaulsuasiardudiunng uazilssiivdieynipaziiuanlvsaazdnuly
R A . 4 we A o , .
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The flowchart of MSA-PSO 15
m: Each swarm’s population size
n: Swarm’ number
F: Regrouping period
L: Accelerating period
L-FEs: Max FEs during accelerating period
Max-FEs: Max fitness evaluations, stop criterion
Initialize m*n particles (position and velocity)
Divide the population mto n swarms randomly, with m
particles m each swarm.
FEs=0; gen=0
While FEs < 0.95 *Max-FEs
gen=gen+1;
For =l:m*n
Find lbest
Ford=1'D
If rand=0.35
Vid=w* Vid + c1 * randlid * (pbestid -Xid)
+c2 * rand21d * (Ibestid-Xad)
Vi = min(max(Vi®, Vi ). Vi)
XA =X v
Else
X; %= pbest;
End
End
If X & [Xoin Xuws]”
Calculate the fitness value
FEs=FEs+1
Update pbest
End
End

If mod (gen. L)=—=0,

Sort the Ibest according to their fitness value and refine
the first 0.25n best Ibest using accelerating operators.
FEs=FEs + 0.25n* L -FEs

Update the comresponding pbest
End
If mod (gen. B)—0,
Regroup the swarms randomly.
End
End

Refine the best solution achieved so far using accelerating
ODEerators.

21
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