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Abstract As a classical data mining technique,clustering is widely used in fields as pattern recognition, machine learning, artifi-
cial intelligence,and so on. By effective clustering analysis, the underlying structures of datasets can be identified. As a commonly
used partitional clustering algorithm, K-means is simple of implementation and efficient on classifying large scale datasets. How-
ever,due to the influence of the convergence rule, the traditional K-means is still suffering problems as sensitive to the initial
clustering centers,cannot properly process non-convex distributed datasets and datasets with outliers. This paper proposes the
DC-Kmeans (density parameter and center replacement K-means) »an improved K-means algorithm based on the density parame-
ter and center replacement. Due to the gradually selecting of initial clustering centers and continuously update imprecision old cen-
ters,the DC-Kmeans is more accurate than the traditional K-means. Two novel methods are also proposed for optimally cluste-
ring: 1) a novel clustering validity index (CVD ,SCVI (Sum of the inner-cluster compactness and the inter-cluster separateness
based CVD) ,is proposed to evaluate the results of the DC-Kmeans;2)a new algorithm, OCNS (optimal clustering number deter-
mination based on SCVD ,is designed to determine the optimal clustering numbers for different datasets. Experimental results

demonstrate that the proposed clustering method is effective for many kinds of datasets.

Keywords Clustering algorithm.Clustering validity index,Optimal clustering number,Cluster center,Data mining
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Fig. 2 Calculating the inter-cluster separability and the

inner-cluster compactness of SCVI
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Fig. 3 Spatial distribution of the Normal dataset and the growth
trends of SCVI
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B M AR (CHTP, 1708, STRTE, DRI,
COP 1, SMV 7, BCVI [0, DCVIT ) i ok fig #E 47 L 4K
Hy T 75 48 5 {E s K B A5 3 o A S R A R CHL T R
STR 4y Bl #wic & CH', 1" Al STR™, #H Jx #1, DBI, COP,
SMV,BCVI,DCVI #1 SCVI # #5ic > DBI™ ,COP~ ,SMV™,
BCVI™ ,DCVI™ 1 SCVI
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Table 1  Software and hardware configuration environment of
experiment
CPU Inter(R) Core (TM)i7-8565U CPU @ 1. 80GHz
RAM LPDDR3 2133 MHz(8 GB)
Hard disk NVMe PCle # # [ & # 4
0S Microsoft Windows 10 Enterprise (64 bit)

6.1 MK BIEEHIE
e 2 A, Sz e BT 0 i RO 4 8 AN IR
a0 (3R 2 PYET 8 ANEUIE D A 8 A UCT H 32 AL &% 2 ) Bl
2 (F2P)E 8 AN BRSO .
F 2 8 AR (R 8 ) M 8 A UCT B L A8 2 2] B4 46
Us 8 ) ryili ik
Table 2 Description of 8 (the first 8) simulated datasets and 8 (the

last 8) UCI real machine learning datasets

DataSets I\]I):r;:l;;r IE;::Z:; Dimension Ri:;c
Normal 200 5 2 [2,14]
D900 900 9 2 [2,30]
R15 600 15 2 [2,24]
N7 28000 7 2 [2,167]

K3 102000 3 2 [2,319]
Curve 180 3 2 [2,13]
Pathbased 300 3 2 [2,17]
Semicircle 300 3 2 [2.17]
Iris 150 3 4 [2,12]
Seeds 210 3 7 [2,14]
Haberman 306 2 3 [2.17]
Column 310 3 6 [2.17]
Hayes-Roth 132 3 5 [2,11]
Tonosphere 351 2 34 [2.,18]
PageBlocks 5473 5 10 [2,73]
Magic 19020 2 10 [2,137]

Bl 45 TR 1M 8 MBI M Zs M Bl . an
&l 4(a) F 725, Normal B ¥8 805 5 255, Hodh A4S 28 5 4R
EERIE A0 OF HaZ Bk S A e — SE B B . W&l 4(b) —
Bl 4Ce) s ¥ d 48 D900, R15, N7 F1 K3 4r & 9,15,7
M3 AR, N7 M K4 &R R R s 45 . X 4 Bl
AR BYERTE 43 A HL A 5 P SR 8k R B I 43 B Mk B R AL )
M 7 X Le A s AR A — S s e AL, 4D — B4 i
78 ) Curve, Pathbased il Semicircle i 3EBRIE 70 A 19 B 4 46 .
B 4D, Curve UGN 3 RN 3 A [FL.C BN,
4(@) 7R T Pathbased % 48 1 23 8] 4 i . 78 3 A~ B4 46
e, N ER B TS BROR R — AR R RS R . anE 4 (b
Jt7R » Semicircle Z 4 48 B 90 40 7 .

D http://cs. joensuu. fi/sipu/datasets/

» https://archive. ics. uci. edu/ml/datasets. php
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Fig. 4 Spatial distributions of the eight simulated datasets
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Fig.5 Three-dimensional spatial distributions of the eight UCI real machinelearning datasets
T3 T ARWIHEMN 16 NEIREMN A= MR 347,D900 BB ITA 9 D FHEARA 100 MREA S BN
fiE . AREEE 2B AR GBI Z5 K 38 3 xS BUFIP M O A RO RO R HLTE — Se R AR v A e B, 1R 4 A
83, XWTHEMBIEE.“V"ERERAGERDE 177 5 v B B 75 18] 43 A 3 B, DC-Kmeans 55 %% B % X5 2 Fh 5085
BORE LR AR, X RER B A YRR . N 73R 3 10 5R SEFEAT UL A AR T, ) Isf 30 W A K RUASE 450 K i) B 9 B E AT AL 3L
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Table 3 Spatial distribution characteristics of sixteen datasets

Data Sets Points Number Cluster Formation Overlapping Camber Arc Balanced Outlier
Normal 200 5% 40 X X Ni Nj N,
D900 900 9% 100 X X NG N N
R15 600 15 % 40 X X N N N
N7 28000 7 % 4000 X X N N, N,
K3 102000 14400+43500+44100 X X N X J
Curve 180 20+80+80 X N X X X
Pathbased 300 93+97+110 X Ni X X X
Semicircle 300 90+99+111 X N4 X X X
Iris 150 3 %50 NA X N NA X
Seeds 210 3% 70 N X Ni N N
Haberman 306 824225 N X X X N
Column 310 60-+100+150 N X X X N
Hayes-Roth 132 30+51+51 < Ni X X X
Tonosphere 351 1264225 N X X X X
PageBlocks 5473 4913+329+28+88+115 NA X X X N
Magic 19020 6688+12332 J X X X N,
6.2 DC-Kmeans B9 1% 88T F4 ARBLAREE Purity HLEE
S50 o 22 SR B ST 2 T LT T 46 AT o 5 L A Table 4 Purity comparisons among different algo(r;}{fnj/)
AN
FH W SN PEA 46 b5 A F-Measure, Entropy , Purity %, A8 3Cfifi Data Sets K medoids  KmeansT = DC Kmeans
FH Purity H5BR0K I 41 5 25 25 S 19 i B 4 205 U0 < Mol e o v
) K |C ‘ m R15 72.20 91.22 99.67
purity= > — max( = ) 2D N7 81.28 87.14 100. 00
=1 n G K3 85. 88 85. 88 100. 00
) 4 Q [eYe
S C AR C o B R 4 515G m, 258 . Pt 010 g o
WL 2 C, 10 K AR S o S A H e oo e
S ELBRHCHR 95 107 40 4 69 O X QA B, A0S Purity B s LT
*ﬁ;ﬁgﬁ%{kﬂgﬁﬁﬁ%ﬂﬁ?thﬁo Column 69. 39 71.23 71.29
Hayes-Roth 42.35 46.97 46.97
F 451 T K-medoids, K-means+ + , DC-Kmeans 3 Ff Ionosphere 66. 10 70.31 71.51
PageBlocks 90.01 89.97 91.78

T NFER 2 RV 16 S EPE 5 AY b B B Magic 64. 87 65.07 65. 46
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TEIX ][ 2,14 (9 SCVICK) BRI . T Rl 2% 507 I % RiE 1Y
K & SCVI #8458 76 A A B4 48 L3R A e (2 AR 4.

F N7, K3, PageBlocks #l Magic %t #% 4 1 & 28 000 4~
102000 4~.5473 A~ 19020 4~ E 4 4 42, K 11 [ 4 BR 1 4
[2,1671.[2,319],[2,730M[ 2,137 X i) . T 4 2,
Feos mFE 6 LR T PHABIEEMNT R RE, B R 6 A
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Table 5 Values of SCVI™ index on eight simulated datasets
K Datasets
ot Normal D900 R15 N7 K3 Curve Pathbased Semicircle
2 7.706 352. 269 71.788 221.436 19.698 0.551 296. 377 14.034
3 7.600 248. 224 75.927 217.321 15.485 0.402 277.532 9.734
4 8.409 335. 580 88.303 280. 850 23.458 0.536 354. 893 12.720
5 5.839 286.497 78.697 266.379 19. 396 0.457 340.109 10. 878
6 7.062 324.622 84.770 274. 336 24.203 0.513 371. 280 12.843
7 6.492 266. 804 75.834 185. 860 21.129 0. 454 346. 348 12.130
8 7.339 242.516 76.091 215. 441 24.698 0.473 364.556 13.369
9 6.750 210.299 67.738 194. 897 22.260 0.502 353.227 10.676
10 7.714 235.219 72.735 218.020 25.009 0. 549 379. 988 11.814
11 7.010 217.662 51.248 201. 323 22.987 0.536 361.503 10. 240
12 7.647 237.373 53.348 219.131 25.174 0.543 397.172 10.918
13 7.708 222.525 48.373 205. 241 23.502 0. 569 393.946 10. 082
14 8.198 240. 047 49.638 221. 386 25.326 360.570 10. 820
15 227,457 44,971 208.670 23.862 - 351. 862 10. 250
16 - 242.069 48.027 221.933 25.392 - 351.194 10. 630
17 — 230. 148 45,747 209. 569 24.076 — 337.427 10. 234
18 - 242.569 48.520 223.152 25.413 - - —
19 - 231.378 46. 372 211. 625 24,235 - - -
20 - 243.585 48.953 223.615 25.493 - — -
21 — 234.065 46.967 214.027 24.468 - - -
22 — 245.055 49.117 222.73 25.616 — — —
23 — 234.314 47.220 212.502 24.540 — — —
24 - 243.111 49.211 221.842 25.573 — — —
25 - 235.931 - 214,477 24,759 - - -
26 - 244,033 - 222.720 25.759 - — —
27 — 235.537 — 214.251 25.098 — — —
28 — 245. 668 — 222.131 25.985 — — —
29 — 237.613 - 215. 897 25.142 - - —
30 — 243. 882 - 222,046 26.059 - - -
167 — — — 217.996 26.680 - - -
319 — — — — 25.795 — — —
6 84 UCI ELEH 4R SCVI H b
Table 6 CVI values of SCVI™ index on eight UCI real machine learning datasets
K Datasets
o Iris Seeds Haberman Column Hayes-Roth Tonosphere PageBlocks Magic
2 11.158 35.725 559. 488 8964 3665.456 32.429 79145808 41769
3 8.573 30.565 609. 887 8649 2731.935 44,430 67842680 57198
4 11.458 39.778 665.974 11307 3497.953 55.256 85415552 69990
5 9.979 37.656 673.770 9424 2872.127 66. 784 67395928 75415
6 12.390 45.933 761. 896 11156 3381.695 72.524 78670032 88847
7 11. 806 41.575 754. 686 11477 2926.371 78.519 72720576 93746
8 12.692 43.832 834.138 11847 3305.951 88.988 80033016 99568
9 11. 369 40. 969 795. 408 12042 2965.773 100. 360 76201808 101766
10 14.370 50. 636 896.901 13163 3291.707 111.029 77091800 114227
11 13.150 43.134 819. 847 14756 3008.819 115.171 75975976 114162
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(53
Ko Datasets :
Iris Seeds Haberman Column Hayes-Roth Tonosphere PageBlocks Magic
12 14. 348 50. 684 865.571 16152 - 122.271 82999048 125291
13 — 44,230 963.312 14514 — 133.382 80579744 128236
14 - 47.075 998. 450 15408 - 141. 325 86503864 126 858
15 - - 913.581 15836 - 144.766 84464936 140490
16 — — 1008. 586 16497 — 155. 004 92610352 138928
17 - - 979.979 17430 - 158. 369 84908464 139542
18 — — — — — 164. 458 92475552 142773
19 — — — — — — 92072912 148516
20 — — — — — — 96898816 153827
21 — — — — — — 95548784 152908
29 — — — — — — 99750712 158989
23 — — — — — — 86759768 162261
24 _ — — — — — 101636712 169392
25 — — — — — — 100918320 172210
26 - — — — — — 80638400 177547
27 — — — — — — 78092016 176 560
28 — — — — — — 82433072 181244
29 — — — — — — 81010624 182514
30 — — — — — — 83138976 186 500
73 — — — — — — 90426528 311667
137 — — — — — — — 4161489

ETHNH T 9 A REA BN R 23 5 DC-Kmeans £
HIH e i 16 DEIREN Ko, o FEFR 75— 51 R 4R
2R TG 5 v A B S oF B B 4R A ELSE e, Y
TR — AT R TR AT R R bR R X L 14 5 — B K AR Y S
FRRH IOV R 5 — 47 1 2R A RO 45 45 AR XTI 19 #0418
A 1 I SR B 755 X7 R T REAS B 68 i B4 4R # 1E 4 Y

KR FERAFSEH. 555 807 RR Il 2%
B MU RS FRAEL . B0 58 — A7 A 90 38 XU AL B B 7 2
(5,630. 84) F /R 2§ Normal £ 4E I+ K {H 2l 5 B, CH' #5845
PR K (630.84) . MR 7 Al LI H . SCVI™ /] DL 15 %)
JEA 16 AR 4R 0 LI S MR, WL E UL e SR B AR
BARHER K, oh 0. SCVI™ B Xt e 5 Ar P e 1 .

T 7 MR CVIs %t 16 A Hdi 5 09 BB RN
Table 7 Clustering effects evaluated by different CVIs for sixteen datasets
DataSets(Kqp) CH" " STR™* DBI COP~ SMV BCVI™ DCVI— SCVI™
Normal(5) </ (5.630.84) X (2,0.410) </ (5.6.1100  /(5.0.436)  ~/(5.0.210)  ~/(5,0.401)  /(5.0.844)  /(5.0.960)  ~/(5.5.539)
D900
® (9.9332.95)  X(2,4.582)  /(9.21.122)  </(9.,0.349) </ (9,0.166)  (O(8.0.350)0  (O(8,13.943) (O(8,19.158) ~/(9,210.299)
R15
(15) (15,4871.94) X (2,0.933)  ~/(15,24.530) </ (15,0.315) </ (15,0.156) ~/(15,0.253) X (5,7.003) X(5,8.189)  /(15,44.971)
)
N7
N J(7,380485)  X(5,1.798) X (158,71.111) </ (7.,0.274) V(7,0.133) < (7,0.286) V(7.1.614) V(7,1.612) </ (7,185.860)
K3
3 V(3,1667182)  (O(2,0.789) X (209.453.44) </ (3,0.269) < (3.0.129) V(3.0.309) X (12,0.140) X (12,0.136) </ (3.,15.485)
Curve(3) X (8,476.35)  (O(4,0.084) X (8,4.152) </ (3,0.538) % (8,0.291) </ (3,0.531) O(4,0.049) < (3,0.059) W (3,0.402)
Pathbased (3) X (17,407.76)  (O(2,3.912) X (17,0.776)  ~/(3,0.686)  O(4,0.316)  X(14,0.594) X (5,31.789) ~/(3,37.546) ~/(3,277.532)
Semicircle (3) X (16,2312.15) O(2,0.734) X (13,2.727) X (13,0.507) X (13,0.244) X (11,0.516)  O4,0.854)  O4,1.087)  /(3,9.734)
Tris(3) J(3.560.37)  /(3.0.806) O(2,2.272)  (O(2,0.405)  (O(2,0.205)  O(2,0.484) </ (3.,1.088)  /(3.1.323)  /(3.8.573)
Seeds(3) V(3.375.81)  O(2,1.722)  X(13.1.033%)  O(2,0.691)  /(3,0.311)  /(3.0.619)  </(3.3.305)  </(3,4.186) </ (3.30.565)
Haberman (2) X (4,256.30)  ~/(2,5.196) X (4,0.359) X(4,0.847)  ~/(2,0.255) X (13,0.702) X (4,62,003) X (4.73.877) ~/(2,599.488)
Column(3)  X(5,224.38) (O(2,203.77) /(3,435  O(2,0.099)  O(2,0.088)  O(2,0.131) /(3,1170.50) ~/(3,1282.97) ~/(3,8649.06)
Hayes-Roth (3) X (11,1057.89) O(2,16.511) X (9,1.751)  O(2,0.506)  O(2,0.253) X(5,0.572)  O(4,343.05)  ~/(3,432.56) +/(3,2731.94)
Tonosphere (2) /(2,118.82)  ~/(2,0.453)  (O(3,0.067) X (11,1.362) X (12,0.344) X (11,0.686) X (5.5.998) X (5,6.349) </ (2,32.429)
PageBlocks (5) X (47,17915.6) X (3,2650.91) X (42,15.278) X (2,0.365) X (2,0.027) X (68,0.361) X (3.12394817) X (3,16343546) </ (5,67 395928)
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Table 8 Time complexity of 9 CVIs

LAy 7 A Al 0] B 58 28 A At

Indicator name CHT 1" STR*  DBI COP SMV~ BCVI™ DCVI SCVI
Time complexity On) O On) O@n) On?) On) On) On) max{()(n),()((Cmax)zﬂ
299 MNREIRAETEAN 16 > HdE AR 4 45 2R LAY I [ T #E
Table 9 Time costs of 9 CVIs on 16 datasets
(BT . ms)

Index Data Sets
CH" I STR* DBI— COP~ SMV BCVI~ DCVI™ SCVI—
Normal 0.306178  0.371982 0.419426 0.1156 12.51277 0.336827 0.1222  0.085333 0.31277
D00 0.354855 1.388471 1. 6679682 3.0822 34.575664 0. 450705 0.3019  0.083531 1.22500
R15 0.237672  0.188996 0.9045675 3.3243 19.81088 0.317596 0.2028  0.152038 0.48184
N7 6.991033  2.183214  28.9679679  8.3897 16994, 542 6.921624 6.6962  0.740658 9.60321
K3 11.745666  3.019723  67.5859734  9.9608 173695. 93 20. 760064 12. 291 2.76913 50280. 2
Curve 0.118986  0.087436 0.2904336 0.1409 5.93458 0.374086 0.3374  0.142122 0.71183
Pathbased 0.148132  0.122892 0.4827033 3.1128 8.38431 0. 447399 0.2737 0.15985 0.52954
Semicircle 0.213634  0.150836 0.533001 6 0.2223 9.172443 0.279136 0.1129  0.077221 0.69813
Iris 0.128 0.11508 0.3602043 0.1556 4.314747 0.231061 0.0970  0.063399 0.52646
Seeds 0.325408  0.231361 0.8940186 0.3933 8.074826 0. 436883 0.3308  0.120788 0.92733
Haberman 0.563081  0.182686 0.6108858 0.1886 7.952835 0.282442 0.1340  0.097652 2.71636
Column 0.37709 0.311287 1.518696 0.6132 15. 076676 0.359662 0.2310  0.056488 4.32414
Hayes-Roth ~ 0.615061  0.149635 0.4754025 0.2172 5.403951 0. 286 949 0.1189 0.08293 0.94283
Tonosphere 1.29202 3.246577  22.4185941  0.2544 12.046 136 0.342235 0.8653  0.170367 8. 65894
PageBlocks 4.914185  0.408939  23.3637237  1.7718 221. 54844 1.792903 4.3634  0.252695 199. 267
Magic 10.252633  1.562143  25.8032088  2.8445 4457.2765 4.270277 5.5316 5.53165 2075.63
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