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K -mean algorithm for optimizing the number of clusters
based on particle swarm optimization
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Abstract: K-mean algorithm is a widely used clustering method, but it is difficult to determine the number of clusters;
and the clustering result is sensitive to initial cluster centers. We present a novel K-mean algorithm for optimizing the
number of clusters based on particle swarm optimization. The algorithm denotes the position of a particle with the coor-
dinates of cluster centers and wildcards. The coordinates of cluster centers are dynamically adjusted by defining the new
plus and new minus operators in the particle update formula. In addition, an improved Davies-Bouldin index is employed
to evaluate the efficiency of a clustering result. Experimental results of 5 sets of artificial and real-world data validate the
advantages of the proposed algorithm.
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2 MR IAF(Related work)
2.1 )8R (Description of problems)
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22 K-¥{H 58k KB 5 AR (K -means algo-
rithm and state-of-the-art)
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optimization algorithms)
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(K -means algorithm for optimizing num-
ber of clusters based on PSO)
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Fig. 1 Structure of particle coding
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3.2 THRLEEYIER AL (Initialization of particle swarm)
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3.3 &ML PEHY (Fitness evaluation)
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3.4 TR % Hr (Particle update)

TlORL BE BT JEPSOY S B BA 1T, 5 4% GE Sl B 38
T AN [) 9 2, A SR FH 52 BORN 38 0 A V5 G .
W AT AR A 2 K@) B Ok, w2 H IR S R
0 AC AT 2 et A7 DU ) iE 5, IX AL LT 2 WA E X
(). T3 A, TORL S AN 5 3R R R IR AR B, 38
IR RBEH, XA DART 2 R G AL BRI, O iR
Y bR n) L, LRIE 0K B T B R EAT, B SE XS

“

K@ “=7 F“+7 5T E R E X, IF
BE R =7 R C3 AR CIERE B 45 HORT IR ok B
B

2 FEWORL A (2) A ok (8) R (t), 1, g
1,2,---,N, E%qﬁ%%ﬁ%‘]ﬁxiq(tﬁﬂxm( ), 4=

Cd TG, BT e X
EX 1 EX=
g (1) = (t) =
Tig(t) — jq(t), WIR, iﬂiq( ) Tjq(t) # Q@
21 (), WR 2ig(1) = @, @jo(t) # @, v 2 X;
Q,  WHR x,(t) =Q, x;,(t) #AQ r<\
Q, W, z,,(t) = Q, z;,(t) =

(&)

Ao roA[0, 1 I BEHL R, Ao N D BEE 1 B A,
1 () A A (¢ ) B LI Bl

[, xR X

EX2 EXF:
2iq(t)F24(t) =
Tig(t) + 2jq(t), WR 244 (1), 54(t) # Q;
vig(t), WR 2, (1) = Q, z;,(t) #Q, 7 > X
Q, WER 2,,(t) = Q, x5,(t) #Q, r < X;
@,  WR x;,(t) = Q, z;,(t) = Q.
(6)

5«77 5@ SURFIZ, vig (1) [ —Vnin, Vmasx) T
BEHLIZEER.
T Bl e X, g i an T I poR: BE R A X
vij (1) = wog; (t)Ferr (py (£ =i (1)) +
Cara(pgi (t) =45 (1)), )
zi;(t+1) = :Eij(t)—/&:vij(t +1).

JQ(7)7|<?HH§%E’J1‘“M¢E¥)?/\JWE , JE i X
Horfry « =7 3 L AU T RIS Ak
b (R S, SR S, S T SRR B REE. )
b, KBNS CRAUE T TIORLARE IR 2 FE 1, S 1
A S SIS X I
3.5 S (Steps of the proposed algorithm)
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4.1  PRHHE £ (Data sets)
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Table 1 Description of data sets
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S1 200 4 2 50
So 180 6 3 30
Ss3 720 8 2 90
Iris 150 3 4 50, 50, 50
Wine 178 3 13 59,71, 48
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Fig. 2 Distribution of data sets

4.2 G55 K5 Hi(Results and analysis)
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Table 2 Results of 10 trials

pAETES gl THERI% KA IEHIREL
S1 1(0) 0(0) 10
So 1(0) 0(0) 10
S3 0.901(0.004)  2.11(0.002) 10
Iris 0.894(0.002)  2.44(0.003) 10
Wine  0.857(0.013)  2.59(0.005) 10

B A ELB, K345 T L Rh 5k 06 T Iris B s
LT R IR &5 3. Jorh, W AP v SR R4 H
ANKEE, WAK = 3. K-¥MEEERETHE N
AR, BLARUCSIGHE BE AR P, 15 B R a2
RO, g SR R R B R R, SRR TR R 2T
ASCHEE L PSOK L GCUKSE W, IR KR EREAL T
TR TR LR R A O R RBURR B, HAT 5 v 1) 3R
FKpiE. Nis Tt &, & SCE LT GCUKE
1, X IEARIL T PSOLE SE Rt it B A7 L GA B s
() AR g A LE T-PSOK S L, A SCE VAR AL R
2 F [) I 3 AL AR, DRI H 32 47 I ) 2 vy
TPSOKH .

A3 ARFEGRELER
Table 3 Clustering results of different algorithms

Bk ali f BERI% BT/
K-%MH  0.653(0.184) 15.6(1.023) 0.57
PSOK  0.897(0.003) 2.45(0.005) 231
GCUK  0.891(0.009) 2.51(0.004) 3.83
ACHHE 0.894(0.002)  2.44(0.003) 2.88

5 &5iE(Conclusions)
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LSRR AR 0 SR 2R 45 UG UE T BT R S A R
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