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Abstract: Many classical clustering algorithms like Average-link, K-means, K-medoids, Clara, Clarans and so on are all based on a
single cluster-center and are only apt to discover convex-structured clusters. Other methods, e.g., CURE and DBSCAN, use more than one
point to represent a cluster and can find some well-separated clusters of arbitrary shape. However, they only consider the original scale of
the input data; thus, they cannot depart over-lapped or noisy clusters. To this end, this paper is used to propose a multilevel core-set based
agglomerative clustering algorithm (MulCA). The idea of MulCA is that the clustering structure is described by multi-level core set.
Clustering process is achieved through procedure which the top of the core set automatically becomes the underlying data set. In addition,
through the introduction of random sampling based &-core set (RBC), MulCA algorithm is applied to large-scale data sets. A large number
of numerical experiments fully verify the algorithm MulCA.

Key words: multilevel; core-set; aggregation; large size
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Fig.1 Cluster centers in K-means and K-medoids
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Fig.2 Representative or dense points in CURE and DBSCAN
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Fig.4 Determination of Corel-points and a-Corel-sets
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Fig.5 Clustering results of MulCA for the data in Fig.4 (a) by the a-Corel-set in Fig.4 (c)
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Fig.6 Faliure case of MulCA based on the one-level a -Corel-set
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Fig.9 Comparison of clustering methods over six data-sets with different shaped-clusters
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Fig.11 Clustering results over the noisy data set
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Table 2 Clustering results of real data-sets
F2 HSEHIREARLR

My Accuracy

MulCA (%) k-means (%)  Average-Linkage (%) DBSCAN (%)
usps (0,1) 99.84 (0.3,0.08) 98.56 57.46 94.22 (9.4,12)
usps (0,2) 94.61 (0.4,0.03) 82.05 64.63 66.61 (10.3,12)
usps (4,9) 75.60 (0.5,0.2) 78.78 52.79 44.03 (8.6,11)
usps (5,8) 88.96 (0.4,0.1) 84.36 51.23 37.12 (9.6,11)
usps (0,1,5)  81.48 (0.6,0.04) 79.80 45.72 70.37 (8.6,11)

wine 71.91 (0.3,0.05) 70.22 38.76 53.37 (51,7)
iris 96.00 (0.3,0.05) 89.33 68.67 73.33 (0.5,11)

2.5 MulCAEEMSHILE 51Tt

1245 T alUAS [, 6 A~ 254t 45 191 35 2R SR MEAf 2R 1T LU A ) 11T o UAB % K38 23 B Hi 4 I 2R 28 %%
AL,

K13 45 H T oo BUAS [FIE I ,6 AN B 52 1 T 38 B kA 2R T DL HE, 2 o BUMELAE 0.05 BT B, 6 K58 4 £
PR I SR R R A (6 AN B AE 40 ) J 56 2.1 5 B 9 MU 38 14T 56 34T+ 28 6 47 £ 42 LL X Iris,wine Fl usps (0,1)).

© PERREERSMROT  httpy/ www. jos. org. cn



502 Journal of Sofiware A% % 3% Vol.24, No.3, March 2013

10 03
0.8 [ 0.4
0.6 —Ja=05
0.4 B 06
0.2 I 0.7
0.0

enlone circle2 spiral iris  wine  usps

Fig.12 Average clustering accuracy varing with &

B2 alUAN[FIELIN 6 A Hiodh 5 )~ 28 SR 2 Al %<

10 I o003
0.8 ] =0.05
0.6 ] 5=0.08
0.4 = 0.1
02 I 0.2
0.0

enlone circle2 spiral iris  wine usps

Fig.13 Average clustering accuracy with different o

B 13 op BOANIFIELIN 6 > iodha 52 ) ~F- 24 SR 2y %<
3 MAFRMELEE

3.0 MATAMBRBIREENEIEER

ST BB T 1 RS 1.4 T BIH0 MulCA B9 I 10 A4 o o[ L lnnj,lHi,

-«

MulCA S350k LB 32 R A ik, o] DL LA 25 3845 3138 - X 45008 1) MulCA B9

(@) SEAFE] X IR/ 746 Xo;

(b) 7E Xo LAEH] MulCA 54T 58 2%;

(c) FIRFBEE TN X HE) 3 XOR b il iE X 5 X, (RAR AU 4 B 5 20 3R (0) 45 21K X, (RSDR 1) 49 45 B AH

T3 B R AR BE A X AR R 2 R R,

W 14 iR BE S X L 35 000 A s 75 0 By, o Bl 3 B ik(E B R e 10 8E . BENLRAE LA
J T BEHURAE SR e A% 08 25 700 A T4 X 2 L) P x4 X ] MulCA ki i 3R,
135 B (o) K RIS 45 oy Ak T B A FR 4E.

A7 Xo BN EO o, WL B () 5 2 B8 (o) (M T A 52 2% el 0(1 —

R T HHAE X L HE A MulCA BV A28 T2, 20 B (a) B S Bl B 21 X 1A/ 1+ 4R X0, 75 %
FELLR 3 Flor ik

(1) BUZIm /T 1338 0 IEH e P X e 08 XAE R Xo A6 O A BRI AR BE R AT 38 05 X,
IS IRIEL T O(en®), 525 BB (b)s 25 B (c)2 I 52 2% P AR 07 5 15 25 50 0 442 P00 AR LA R o A% e, D) 75 588 20 - S A 0
PERERE, S A E A O(n®). 1 A U3 b 7 ¥ 06) 1 Fond B« 0 4% 500 25 0 60 AR AL P R0 B f0 e 2 02 Rl A7 10,
SR T AR A B2 A 0 (1) B B, AN BEAR A HB B AR SV E I ST 2 B (] 14 IR 1 47).

(2) R EA A — L3 T R 5 42 1 28 25515 (Clara® L Clarans 59 CURE 53U %5) 5| A BEAL
SRFE I H 15, H e LU R L RAE AR 20 1 Bm S VE N Xo, X AE JL TS 75 B3 AT ] 1) v 4 o (2 — IR B AL R A A 4
BAR KA T N, 2 52 200 75 55 P8, CiE M AR R 2R S5 R (B 14 5 247, 1 TS 1 g, SR 2R 85 A

a

ngjfrn O(nng),~ #2 MY Olnon),

© PERREERSMROT  httpy/ www. jos. org. cn



AR,

(3) H T LT P T VEARAT WY R IR BB, 25 R FBT A3 B X, (K7 5 B0 X HEAT BENLRAEAS B AL
R 5 X (WA 08RGV X PN S 5 X0 b AN 00 AR DL (R R K AR DL (8 R g AT
Hew 42 e X3 133 X 10 e A% O AR AR D Xo 3XRE AN 5 201 S 800HR 48 X rh Rl T R AR ABL I, T SR AR BL P 1)
IPEIRD N O(n'n), 3K X ) e- A0 X S AR 0 O(en®) IXFhIE T BEHLR AR 755 &A% 03 % (random sampling
based &-core set computation, fiii # i RBC) /72 AT LA Rk £ _E T B A 75 1k R B (&1 14 TR 2R 3 47, Je Bl L
REET LS 3 000 s EURE X RG1FET Xo AHELEE 2 4T HEEBENLRFES 210 X, 56 BE I BHE F2 10 4544,
IR RAT 5 14T B AR 10%IM 500 T 43 20 T RIFEIR SR 2845 ).

m— (a) AN BT 8 (1) B a0

= (b) AE N T A 1 HOK (2) BEHLTHE
= (o) B B B 5L MO S (3) ST BIHLTAE e b0 g

Fig.14 Framework of MulCA on the large scale data
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Fig.15 Results of RBC-based MulCA on the data with more and more noise
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Fig.16 Clustering results of MulCA by random sampling
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Fig.17 Clustering results of RBC-based MulCA
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