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Improved K -means clustering algorithm for selecting initial clustering
centers based on dissimilarity measure

LIAO Ji-yong, WU Sheng'!, LIU Ai-lian

(School of Information Engineering and Automation, Kunming University of Science and Technology, Kunming 650500,
China)

Abstract: Selecting a reasonable initial clustering center is the premise of correct clustering. Most of the existing
K-means algorithms have some shortcomings, such as randomly selecting clustering centers and unable to deal with
outliers, an improved K -means clustering algorithm for selecting initial clustering centers based on dissimilarity measure
is proposed. According to the dissimilarity of each data object, the dissimilarity matrix is constructed, and two measures
of mean dissimilarity and total dissimilarity are defined. Then the initial clustering center is determined according to
the criteria, and the median of data points in each cluster is used to replace the mean value for the subsequent iteration
of clustering center, so as to eliminate the effect of outliers on clustering accuracy. In addition, the proposed algorithm
maintains consistent results every time, and has better robustness in initializing and handling outliers. Finally, experiments
are performed on the synthetic datasets and UCI datasets. Compared with three classical clustering algorithms and two
improved K -means algorithms, the proposed algorithm has better clustering performance.

Keywords: clustering analysis; K -means algorithm; initial clustering center; off-group points; dissimilarity measure;
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1 DSI SCHR[16) 2000 2 5
2 Flame SCHR[17) 240 2 2
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4 R15 CHR[17] 600 2 15
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24 WHER
241 ANLTEBREESL
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T I S5 S5 R 2 A, AT AR LR SR

1) WNR 213G e bRk E, K-means Al K -
mediods 512 K R HUR I %, AP HIE KRR
&4 F K-means. K -mediods. OFMMK-means .75,
HZ LR R R B RBAAA 2 T H AR LR
0%, TTEFA SR H Ja 2 B2k A s WA 2R
ol 42 2 HUE O T B SRS BAF, Hoof 1% 18]
% JE 72 i UK ) Flame #4542, TIEFA SR+ Ho Al
5P AR, AE A B A [A) B B AE N 3 5] BB A R A
DS1. Aggregation. R15 {4 42 i, K-means % JL ot
'] OFMMK-means. K-mediods. AP 5y 1 5 8 &0 1
ANEE; 117 TK-DM 5% B8 08 dE 1 Ab 3G M 2 T Il
HE R, IF HLT S 200 RS S SR 4 —
B, i A 1 R SR AR i 40 T R B B v A J sk
HHE R A B B ARR A

2) B 1 2 & HIEAE S R BRI SRR,
1(a)~1(b) F1 1(e) 1 7] LLF tH, K-means. K -mediods
OFMMK-means 5.1 JR RV RE B AV, & RO FHEL
B F B R, R BUR Ko A BEVLYE, A
MG 1A B HESE, HIR K0 5 5 5
PrEERAEE AL BBER KB A 2. AP K AR
R0 f IR 2 B AR Hh ) S A (H
L(c) W] LU Y, 1 550245 31 1) 2R 2R O Bz i KT
FRRE L U H . NE 1) 7T UF H AR SR
TE AL 55 BE 43 A7 35 R ¥ ) I 00 4R I T e i HLAS 3
R SR 2R 80U, X A2 TR N TK-DM 53 BE 25 £8 1 HI46
R U, SO v A A BB R PRI
B SRz, PRAUE T BE AR E 1.

*2 BWMEEEATLARBIESR EOMREELR

pEE WA FR AR K -means K-mediods AP IIEFA OFMMK-means IK-DM
ACC 0.7528(0.2053)  0.7465(0.1421)  0.9757(0.0000)  0.9960(0.0000)  0.9745(0.0017)  0.996 0 (0.000 0)
DS1 purity 0.7519(0.2194)  0.7563(0.0995)  0.9943(0.0000)  0.9679(0.0000)  0.9702(0.0033)  0.9943(0.0000)
NMI 0.7940(0.0547)  0.8538(0.0552)  0.9804(0.0000)  0.9607(0.0000)  0.9661(0.0004)  0.9861 (0.0000)
ACC 0.7985(0.0253)  0.8135(0.0398)  0.8655(0.0000)  0.8655(0.0000)  0.8038(0.0547)  0.8375(0.0000)
Flame purity 0.8032(0.0102)  0.8115(0.0037)  0.8566(0.0000)  0.8941(0.0000)  0.8278(0.0181)  0.8315(0.0000)
NMI 0.3989(0.0012)  0.5665(0.0140)  0.4412(0.0000)  0.5665(0.0000)  0.4521(0.0125)  0.3989(0.0000)
ACC 0.7691(0.1031)  0.8354(0.0352)  0.8665(0.0000)  0.9535(0.0000)  0.9012(0.0341)  0.960 3 (0.000 0)
Aggregation purity 0.7495(0.1236)  0.8136(0.0749)  0.8334(0.0000)  0.9487(0.0000)  0.8945(0.0412)  0.9565 (0.000 0)
NMI 0.8383(0.0685)  0.7899(0.0235)  0.7750(0.0000)  0.9257(0.0000)  0.9257(0.0006)  0.9257 (0.000 0)
ACC 0.8117(0.1254)  0.8133(0.1328)  0.9218(0.0000)  0.9925(0.0000)  0.9087(0.0225)  0.9925(0.0000)
R15 purity 0.7833(0.1052)  0.7853(0.1166)  0.9218(0.0000)  0.9865(0.0000)  0.8917(0.0120)  0.986 5 (0.000 0)
NMI 0.9233(0.0021)  0.9319(0.0015)  0.9354(0.0000)  0.9857(0.0000)  0.9857(0.0002)  0.9857(0.0000)
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3) IK-DM 5% 7 Kb B % 8] 55 2 72 55 B K
Flame 4 G210, 55 — € MR BR 1. 22 KN
IK-DM 53k /& 3 R 7 (0 JRSR B ik, TR L R AR U
Kl -5 RS TR AR BLAE J5 )4 Kt o 5 00 e 4
S PR 2R S o T %, 3K — AL iR € T IK-DM 5
IFACPRARBRIEAR I A7 72— 72 F R BR 1.

25 b RSO HR H 1 TK-DM VA TE 4 N LA

Kl R A 313 B e BRERACR, OF HIK-DM
SERT LUERE B 5 AL B SR OGRS G,
HA M HNE.
242 EIHIEE

9T X IK-DK S35 ) 3R 2R g S B I A (L
PERE— 22 R 20 T, i I UCT h 74> S B SR ik
ATHRE, R 345 Y T B A SEVAI REEPP O FE AR .

*3 SMEXEUCIHESE LRMRELE

e PR R R K-means K -mediods AP IIEFA OFMMK-means IK-DM
ACC 0.7181(0.1056)  0.8212(0.0682)  0.8933(0.0000)  0.8818(0.0000)  0.8492(0.0441)  0.9000(0.0000)
Iris purity 0.7201(0.107 3) 0.8509(0.0380) 0.8875(0.0000) 0.897 8 (0.000 0) 0.8405(0.0512) 0.9119(0.0000)
NMI 0.7431(0.0165) 0.7582(0.0039) 0.7427(0.000 0) 0.7419(0.000 0) 0.7235(0.0326) 0.766 1 (0.000 0)
ACC 0.5787(0.0432) 0.719 1 (0.005 4) 0.6521(0.0000) 0.7312(0.000 0) 0.6238(0.0547) 0.707 9 (0.000 0)
Wine purity 0.6164 (0.009 8) 0.7258(0.004 1) 0.679 8 (0.000 0) 0.707 3 (0.000 0) 0.6578(0.018 1) 0.725 8 (0.0000)
NMI 0.4140(0.0745)  04182(0.0158)  0.3950(0.0000)  0.4241(0.0000)  0.4352(0.0125)  0.4352(0.0000)
ACC 0.8826(0.0115)  0.8875(0.0069)  0.8939(0.0000)  0.8952(0.0000)  0.8877(0.0025)  0.8952(0.0000)
Seeds purity 0.8879(0.0067) 0.8935(0.0027) 0.8955(0.0000) 0.896 0(0.000 0) 0.8928(0.0230) 0.9001 (0.0000)
NMI 0.6739(0.0105) 0.6814(0.0124) 0.636 8 (0.0000) 0.7101(0.000 0) 0.6812(0.0131) 0.694 9 (0.0000)
ACC 0.3477(0.0334) 0.326 8 (0.0445) 0.3842(0.0000) 0.357 1(0.000 0) 0.3625(0.0225) 0.396 9 (0.0000)
Yeast purity 0.2932(0.0265) 0.2994(0.0225) 0.365 8 (0.0000) 0.3149(0.000 0) 0.3374(0.0264) 0.378 9 (0.0000)
NMI 03745(0.0229)  0.3570(0.0365)  0.4645(0.0000)  0.3051(0.0000)  0.4523(0.0022)  0.4189(0.0000)
ACC 0.4907(0.0221)  0.4065(0.0856)  0.5327(0.0000)  0.5140(0.0000)  0.4968(0.0382)  0.5421(0.0000)
Glass purity 0.4037(0.0012) 0.407 0 (0.006 5) 0.406 5 (0.000 0) 0.4812(0.0000) 0.4005 (0.006 5) 0.4175(0.0000)
NMI 0.2862(0.0367) 0.3274(0.0017) 0.5128(0.0000) 0.4512(0.0000) 0.5128(0.0010) 0.4879 (0.0000)
ACC 0.4702(0.100 1) 0.5065 (0.045 6) 0.5715(0.0000) 0.586 1 (0.000 0) 0.523 6(0.0009) 0.5744(0.0000)
Ecoli purity  0.4483(0.1013)  0.5171(0.0071)  0.5498(0.0000)  0.5557(0.0000)  0.5265(0.0015)  0.5579(0.0000)
NMI 0.5436(0.0745)  0.5712(0.0296)  0.7035(0.0000)  0.7245(0.0000)  0.6636(0.0157)  0.7386(0.0000)
ACC 0.5046(0.0005)  0.5064(0.0008)  0.5105(0.0000)  0.5128(0.0000)  0.4968(0.0017)  0.5128(0.0000)
Waveform purity 0.4995(0.0350) 0.504 5 (0.0004) 0.5110(0.0000) 0.512 6 (0.000 0) 0.503 8 (0.003 3) 0.5126(0.0000)
NMI 0.3162(0.0198) 0.346 8 (0.0274) 0.3605 (0.0000) 0.366 3 (0.000 0) 0.3546(0.007 4) 0.3654(0.0000)
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OFMMK-means 5% 52 45 BUB S BUR, BB HCRA
i, XA RN 3 MURIEAE SRR R AT 46 JR 0 i
1% B2 BE AL IR, HAS 28 R 4t 1) 23 A 1 . AP S5
E Yeast fl Glass 24 4£ _F (I NMIUE &, B A 75 2 F
Je 8 TN AR R TR A R R R AT
12 T H IR S 1 28 5. TIEFA 5% 4E Seeds A1l
Waveform #(#5 4 FRIELF. NEHE ERE, A CH
EES N AR ERVEN R PRE R T 52
PO B BRE, FEAR TR AR 1 5 S AR FR AR AH 22 AN K, ik
P Iris A Waveform %48 82 I 33 40 T HoAd 55002, DRI,
ShG SLIR A5 R, AT DABS IR A S RV A AT,
SLF AT

D) AscE R e R AEEFRERAIG R L
e, HAS 21 3R R 805 B 48 1 S i) 28 0l 250k [,
RFRRIEEE R — 8 Bkt Reta e,

2) FIHEEANE A B A ER S K-means 5%
PMEBEAT ]G 2L 3RO s B T B 1 B B SO0 3R

number of iterations
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Seeds  Yeast Glass Ecoli Waveform
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(b) EACKEL (log)
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Iris  Wine
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FeE R,

NT DB EIE AT R, 24 T &%
SEVETE UCTEUE 45 L2 4T 30 YR IR 25 I 18] RSP 34 3%
FRUREL, AL bR BN S BIE.

M2 7] LLE Y, 25 5L I 2 4T I 1) 5 E s 2 1
H AR FE RE AR O, 3B AR S BE IR a6 R K
OoFH . 7R B B ORI, AP S HIIE 1T I A B K
AR BUR % . X AP B3 75 Bk 3 A ALLRE 4R
Bl A B a2k A B W 51 R R A e 2 4 DL o 2R
& rpaly 5, AR BTV R 1D B TR) B R R IR AR K
B, B TR [A] 52 2% 35 3 O(n?log™ ). OFMMK-
means 52 H A 5K e /NEVE SR BT U6 R0 5L A
DA T B AR AN B 55 R AR AL, {5 2, OFMMK-means
SRR BRI 1) 3 B 5 R AR BOR IR AR 0%, Ho A2
fhita A 5 BRI B A 3 T —E TIEFA 59k
T ut Kk BRI UG R O, WA A FE Y
HOHE BRI SR 75 L4 Bl K B I [1R). 17 il AL 30k Y

VIE 2K P 0 [ K -means 1 K -mediods &, 4T
FERAR AR BRI 5 AT e, HER R I, I U 5 2
WO 22, 2 B N SRE I AR IR EORE AT I8 18] AH L
Z T, IK-DM F3E AR 248 AH 7 M fe K AB R4 € 4]
IRR RO, FEZHUSE LR, BE A S s ARk
Hde /b AR, AR B 6 F S O R A b 75
1A S 1 R, o 25 B X G K, R O A PR e 1
hn, BBl b, 32 47 B 8] B A% 4t i) K -means A1 K -mediods
Bk
25 &St

Hi T AP A AN IEFA HE I SRR A R A A e
P, 1% B H %5 i K-means. K -mediods \OFMMK-means
F1IK-DM 57 7E Iris A1 Waveform Z85 45 ) VE4N 1
L MR A TR, AMEIE ST 6 IR, 45 T Bk EE
RIS AT I P B 411 46 R 25 v Lo AN v o Pl XoF 2
() LS, AR A 36 VL I B 1. o T TR
7N, FEAR SR P REAR U T 5 R IR R 0.

F4 AMBERERVERETORIEERITEE

K-means K -mediods OFMMK-means IK-DM
ik e
IR L HSERA| ) R HSERA PisTHa HSERH] IR HSERA

1 (10,65, 123) (1,2,3) (60,92, 122) 2,2,3) (5,47,134) 1,1,3) (14,61,119) 1,2,3)
2 (39,88, 134) (1,2,3) (24,78,83) (1,2,2) (47,99, 105) (1,2,3) (14,61,119) (1,2,3)
. 3 (76,92, 122) (2,2,3) (64,85,104) (2,2,3) (5,77,135) (1,2,3) (14,61,119) (1,2,3)
s 4 (31,68, 80) 1,2,2) (54,109, 126) (2,3,3) (11,24,107) (1,1,3) (14,61,119) (1,2,3)
5 (65,92, 144) (2,2,3) (58,69, 115) (2,2,3) (87,91,125)  (2,2,3) (14,61,119) 1,2,3)
6 (52,105, 108) (2,3,3) (105,117, 142) (3,3,3) (34,55,142)  (1,2,3) (14,61, 119) (1,2,3)
1 (1950,547,2954) (1,3,3) (2601,4319,489) (1,1,2)  (6,593,3619)  (2,2,3) (254,2214,3819) (1,2,3)
2 (79,4317,4171)  (1,2,3)  (4541,540,2584) (1,1,2)  (20,521,873)  (1,2,3) (254,2214,3819) (1,2,3)
3 (3345,391,2501)  (1,2,2)  (23,716,2797)  (1,2,2) (7,2887,4138) (1,1,3) (254,2214,3819) (1,2,3)
Waveform 4 (611,2858,1090) (1,2,3) (504,2927,2539) (1,1,2) (23,636,1108) (1,2,3) (254,2214,3819) (1,2,3)
5 (3356,2998,280) (2,3,3) (3815,415,3307) (1,1,3) (586,32,3307) (2,2,3) (254,2214,3819) (1,2,3)
6 (99,282,763) (1,1,1)  (2953,2203,10)  (1,2,3) (4996,2285,1) (1,2,3) (254,2214,3819) (1,2,3)
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FER ORI R LA —EL B2 A RO
MEFEIANREPOLATRRE T F—ME FBCRE
gh AR, 1 IK-DM SVE7E 9 A i 45 F R s
1T TR B IMI GG T S R 58 4 — 8, I AN Rk
e 5 LSS BRI AR R L, AT FRAIS T Bk
(IEARIREL, TR b, S0 LA AR U i

T M EAT R E WIAR BRI 0 B0 ) K -means FZ,
SINEHE R (PR R 1 AS S, AR e A A S P AT 2 % A
P R A T LMEAI46 52 s, FER A A 2580 o
By AL E AR B B AT JE 2L R P L kAR
MRS B SIS SRR W, Uk 5 1 EE R I
BOHE RSORE BRI A5 IR 1 s, B I RS E T A AR 2R AT
B R S, B AR Bk b, %o T S BN AR I R R
REP 5. (H 2, AN SCREAE IS AT ok A% v I W 6 () 1 1]
B& 1k T K -means F1 K -mediods &y, {a] $& 1 &1



3090 = # 5 *x K %36 %
MPATHEE S EF R EE T AE. [13] Z=R, Rk, ™Rl TP E R EREYIRESS

£ E 3k (References)

(1]

(2]

(3]

[4]

(5]

(6]

(7]

(8]

(9]

[10]

[11]

[12]

Kacprzyk J, Pedrycz W. Springer handbook of
computational intelligence[M]. Berlin:
Publishing Company, 2015: 578-600.

Li X L, Han Q, Qiu B Z. A clustering algorithm using
skewness-based boundary detection[J]. Neurocomputing,
2018, 275: 618-626.

Chen HZ, Wang W W, Feng X C, et al. Discriminative and
coherent subspace clustering[J]. Neurocomputing, 2018,
284: 177-186.

WulJ, LiuHF, Xiong H, etal. K-means-based consensus

Springer

clustering: A unified view[J]. IEEE Transactions on
Knowledge and Data Engineering, 2015, 27(1): 155-169.
MacQueen J B. Some methods for classification and
analysis of multi-variate observations[C]. Proceedings of
the 5th Berkeley Symposium on Mathematical Statistics
and Probability. Berkeley: University of California Press,
1967: 281-297.

Zhou J, Pan Y Q, Chen C L P, et al. K-medoids method
based on divergence for uncertain data clustering[C].
Proceedings of the 2016 IEEE International Conference
on Systems, Man, and Cybernetics. Budapest: IEEE,
2016: 2671-2674.

Fery B J, Dueck D. Clustering by passing messages
between data points[J]. Science, 2007, 315(5814):
972-976.

Ester M, Kriegel H P, Sander J, et al. A density-based
algorithm for discovering clusters in large spatial
databases with noise[C]. Proceedings of the 2nd
International Conference on Knowledge Discovery and
Data Mining. Portland: AAAI Press, 1996, 96(34):
226-231.

Ankerst M, Breunig M M, Kriegel H P, et al. OPTICS:
Ordering points to identify the clustering structure[C].
of the ACM SIGMOD  International
Conference on Management of Data. Pennsylvania: ACM
Press, 1999, 28(2): 49-60.

Sheikholeslami G, Chatterjee S, Zhang A. Wavecluster: A
multi-resolution clustering approach for very large spatial
databases[C]. Proceedings of the 24th International
Conference on Very Large Data Bases. New York:
Morgan Kaufmann Publishers Inc, 1998, 98: 428-439.
Wang W, Yang J, Muntz R R. STING: A statistical
information grid approach to spatial data mining[C].

Proceedings

Proceedings of the 23rd International Conference on Very
Large Data Bases. Athens: Morgan Kaufmann Publishers
Inc, 1997, 97: 186-195.

JEARYL, ELAM, BB, S R 4R 52 o0 ) e
K-means 595 [J]. /NURMTHSENLAR 4L, 2018, 39(8):
1819-1823.

(Tang D K, Wang H M, Hu M, et al. Optimizing initial
cluster center of improved K -means algorithm[J]. Journal
of Chinese Computer Systems, 2018, 39(8): 1819-1823.)

(14]

(15]

[16]

(17]

(18]

(19]

(20]

[21]

(22]

bl B SO K308 BB B (0], 3  5 H, 2017,
32(4): 759-762.

(Li W, ZhaoJ Y, Yan T S. Improved K-means clustering
algorithm optimizing initial clustering centers based on
average difference degree[J]. Control and Decision, 2017,
32(4): 759-762.)

Yang M S, Wu K L. A similarity-based robust clustering
method[J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2004, 26(4): 434-448.

Xie H L, Zhang L, Lim C P, et al. Improving K -means
clustering with enhanced firefly algorithms[J]. Applied
Soft Computing, 2019, 84: 105763.

T RE B, B B, IR EEOE, 4. — T A B
f 7% 0o T T E SRR BV (9], FH 5 PR3, 2017, 32(5):
913-919.

(He X X, Guan J Y, Ye X Z, et al. A density-based
and grid-based cluster centers determination clustering
and Decision, 2017, 32(5):

algorithm[J]. Control

913-919.)

TEM, SA Y W, . T A7 E K EE ok 2
BERIETE D). k44, 2018, 29(8): 2470-2484.
(Yu Y W, Jia Z F, Cao L, et al. Fast density-based
clustering algorithm for location big data[J]. Journal of
Software, 2018, 29(8): 2470-2484.)

Lichman M. UCI machine learning repository[EB/OL].
(1998-08-16)[2020-08-05]. http://archive.ics.uci.edu/ml/
datasets.

Nie F P, Wang C L, Li X L. K-multiple-means: A
multiple-means clustering method with specified K
clusters[C]. Proceedings of the 25th ACM SIGKDD
International Conference on Knowledge Discovery and
Data Mining. Anchorage: ACM Press, 2019: 959-967.
Chen W Y, Song Y Q, Bai H J, et al. Parallel spectral
clustering in distributed systems[J]. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 2011, 33(3):
568-586.

Zhang X L, Wang W, Ngrvag K, et al. K-AP: Generating
specified K clusters by efficient affinity propagation[C].
Proceedings of the 2010 IEEE International Conference
on Data Mining. Sydney: IEEE Press, 2010: 1187-1192.
Wang Y T, Chen L H. K-MEAP: Multiple exemplars
affinity propagation with specified K clusters[J]. IEEE
Transactions on Neural Networks and Learning Systems,
2016, 27(12): 2670-2682.

fE& BN

BTG (1996, Y3, TL-L- 2, MR 42 40 2 L33

FIBFFE, E-mail: 1255380612@qg.com;

R (1960—), 55, #z, MRV AFHOR K5

5T 5T, E-mail: ws8146@163.com;

XIZSE (1969-), 1z, Bl %, NI IBIEHAR K 551

S HE ARSI, E-mail: 1004039241 @qq.com.

(Grittmit: £E#H)



