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Abstract: The dissimilarity measure and clustering approach about the heterogeneous dataset are studied,and a Weighted
Mahalanobis Distance —based Quantum Clustering (WMDQC ) algorithm is presented in this paper.Data often do appear in
homogeneous groups,the WMDQC utilizes the structural information to improve the clustering accuracy.Unlike the numeric data,
categorical data are often unbalancedly distributed,whose distribution are often unrelated with their distance measure.These
characteristics are very similar to the particle world in quantum mechanism,so the WMDQC ascertains the clustering centers by
the rewriting quantum potential.Further,a WMDQC-based method WMDQCM is proposed,the WMDQCM mines the structural clue
by the agglomerative hierarchical clustering AHC algorithm to construct the weight matrix.By presenting the above to the
WMDQC,the final clustering results are obtained.The new WMDQCM exhibits its robustness to initialization and clustering
capability to heterogeneous dataset.Experimental results compared with other methods demonstrate that the proposed method has
promising performance.

Key words: heterogeneous data;dissimilarity measure; Mahalanobis distance; quantum potential ; clustering algorithm

W OB AR T M EERIEG R LR, BB IRAE A P 0 M5 8, A e A Mahalanobis 3B & sk JE 2 JF M AR AR 0 AR 1 AR
o RBBRBEGSIT EETESTHEG TOSA R T HGME, E5Z T HEAXAER T HEOBX, B E T —HH
8 A B PEHIE BT B K WMDQC ik, it it —F 4 &z Bk e AHC Fik 5 WMDQCM B %5 %, A AHC ik & 3 20053k
HAPHA TRENEME R, FREREN, 7 ELAERY, EWMAET REMRE, LA — 26 £ NN,

el : BB s AR S E 2 s Mahalanobis 3B 5 ;2T #ak B R Aok

DOI:10.3778/1.issn.1002-8331.2009.23.018 &4 4-:1002-8331(2009)23-0063-04  CHKbRIAE: A h[&l5 Je4 . TPIS1

1 Bis TEARESE B KB M | e R PR i SRS, 2 44

BRI F AT e SEISIRREA h 0 & B2k FOM Bokat HAESCOLES B MEER I 2L WA B
2, N R B R P I A E SR, LRI E ik A- BRI R MOR A FOE S RESC I 2R IS A SRS, K
HISREH B E . 4T, RS EARREA, e J sy AETIREIBIEEE (h—prototype ) B SR HIL S RE T4
KAWL XSO M 2 G R PRI B B — SR T AL
AL 9 ) SRR AR o) o R P i A P, A 4 KRR R B o ) 288 v OV BRI i B RS SR B 15
RIBME U LRI, WA KB RO R T . R

AR L BATBOCE AR IR AR 5 B SR I 25 AR E T2 (Quantum Clustering, QC) EiENE S 1F7E,
P, SRR AR 2 SR e (5 8 R m e e s (HFEEEANE B R E R A0 SRS BB et A
RIERE. FITRBMZEM LR . EEIZI A T B 251 (5 825 Maha—

WIS B MR AR I B2 T e BRSO e B2k lanobis BEESIIRG FAMIASLE) Mahalanobis B85 B A REAR
s JEIBIR SRR I s T2 BRI FFmL 5 B TAE A BB M2k, AR )
B AR A BT BEAR B A A AT oM S2sialiigs MR HORIT SRR &7 388, #2108 75 T AU Maha-
FEKR | Rf L)t AR S B A R M , i A ke SRR A lanobis 55 1) & 758 25( Weighted Mahalanobis Distance_based

JERI H 12007 A TR AR TR E KRS BWH

BT ZEEAE(1969-) , 5, I3 LW ov A, BB 5 10 R A5 B 5 % 24 E R (1964-), 55, 38087 il LA S0l , 32
TR TT I A N TR RS RN B R4 e E B2

RS A Y :2008-04-28  f&1M1 L #):2008-06-26



64 2009,45(23)

Computer Engineering and Applications THENL TR 5 A

Quantum Clustering, WMDQC VT E R, dE— R WMDQC -
i FEE 2R 12 R 8 2% ( Agglomerative  Hierarchical Clustering ,
AHC)S %, ilid AHC B3 S Rz S Ae AR v Y 25 1) , 7RI
Hedilh B4 7T WMDQC 51K 9 2 38 77 % (Mahalanobis
Distance_based Quantum Clustering Method , MDQCM ), 1% J7 %
BRI Tk T 45015 S0 A 312408 . A 2RI & H A
PRI AR 1)

2 ErRER Y

P PR BURRL T8 SRR, IE 87 b 2 i i
JE B T RERSRARAT S £ AR R L . B B 7 AT 2 SN )
AU B () RSB | B B 7 R W B 5 SO - (E—E Y
P SRR 5340, BRI R R oA 5345 4 X
SRR« 10 25 0] 3 A7 45 A8 31— 4R TOBR TR A BT, R 2R
EAEIREA T —E TEELR B P, I, B aess T —
AMG I, B BRI T F s B, Bk ok 7
B 43 AT B P P A o T O R TR -2 A R B RN L, T
DL i S 1) SR A e B Rk B TH R 3408 AR & -2
RESKHf BT 1 AR S

ORI R B A5 7 R — MR — , it =X
(DFR, ERERF R AR . B BT R )
( scale—space ) ':PEI"J*/I\XE(WUE!;ZIK% X={x1 9 X2y TS Xy T ,x,,} CR,
x=(xy, %0, x,)" € R [0) JBAS R A 5 9 6(scale parame—
ter) ) EHUTB BLORFAFEAS sl i 20 A1 o MBS B S s TR B B E
PETRR, GG S-SR R Y A k= (2) PRt

()’

90(9«7)=2,6;7 (1)

Vx ):E+(82/2% (2)
Hr o DR, V BT AREREL, £ LR BHIEE, V A28
FET,6 TR E—i) — N RFRENT 24, s A, R
A & {RLG AN R 27344t

X — R, SRR (DORARQ), ISR T
SARERRECHP B B R AR A AR ] B B 2, B - A RER
HR(2) =R (3) PR

! . > (xx) (xx, )exp[—l—z(x—xl ) (x-x,)]
d : 25

Vie)=E— 2 : (3)
Y expl- 12 (x-x, ) (x—x,)]
26

i

AR —ME TS B ae R B #is., H
W d FEEEEAS R Hamilton 5219 B /NG O] BEAFIEAE , vT
DL AR SR FAE DR T P RZ ), AR R RFE
R E=d/2. X T2 HAg —ANRA v, BETE, Bl n=1, 50
(2) . F2) kAT i e = (4) s

V(x):l—z(x—x1 )T(x—xl ) (4)

26

ST ER T, ik Vv oRAE R BERER B V B ME
W% E A LLEER(2) R A
E:—minm (5)

®

AR B AT AR RERRL T IREN /N, A LA,

FRAERL 0 7 A AR EL B v, 20 AT B LR BT LU R
FHEAG BT, W7 LRSS X — (0 - AL R i E

R,

3 SR B PR I R Rk

[X 25 Mahalanobis 85 2% JE T HEARR B 7 22, B 250K,
RGN, B 5 T 2 250 B2, Oh T S8 R SR
SRR RN EE R, DUT 3R — LT ALY Mahalanobis #H
BER T, B x e X, 1=, 00, %0, X5 0
i), | <USN, HET 1 4ER 53 REME, S5 m A0SR m I, B X
) SRR
3.1 Sy RIEVE R SR G

X R R MBI SRR, Bl R
RN (WFEAR R 0E ) A SRR R . SR ST 3]
19 o FREUE SUE AR /R 53 2R R PE ) AR Sk B S EE S, naX
(6) 7R .

i
s(xi,xj):Za(xi,,,x,,,)(l$i$n,1Sj$n,i75j,l$p </) (6)

0(x;,=x;,)
1 (o, #2;,)
3.2 SEA I PR SR
I ERIREZR I R IR SR Y, IS A AR Z ) 1) 225X
B R R I cx—x,= (o (o, 0) s 0 (x5 20) s o+, 0 (X X)) s X =261
KX s K=o ) o L1 DX PR RPE 03 43 A A AR 2 [1)
BYRE 5, AR 8 T[] — 288, Hia]HY) Mahalanobis #H.25 F
d,(xx 2=\ (x-x) X (x,—x,) (7)
YAMEA R T AN A2 S, S B, ) i 25 F
AL Mahalanobis 25 415X (8 ) #4151

d,, (x ,x )=

o(x;,,x,)=

Is. | Is. |
bi’di(x. X, X )+57’d; (x.,x,%.) (8)
5, bl | 0 ot &

Is;1+ls |
J

Forlt X AR A P T= -xl'x_k:? X T INX,
X P A R 3 =4 G A, Hh G R
AMLALE X EARHEAE X RS A A — ML X R E )
B ST IE AR 51,1 IS, IHTE I RS, thef i
Mahalanobis P2 FAEARRE , REFEAY 0 BIAH R AOAUE . 5K
(8) B IFHL AL T REA ) Z5HRFAE , ) P IXFER) SR 2R3 T 1
LSRRI MRS

SN, O TIREE S THAR SRR BTSSR
AU SR H Ward’s linkage J71ER AHC EFSRINZGEAR, KA
AHC B 25— B2 IR BRI, vl AN R 2 1
RIS EIREA MR 2, ARG IS Mahalanobis % AN
RERA | DATIG 2 K R ) SRR B
3.3 BH6 s SN

SCHR[7HE L (2) H SHYBUELTE R 4[0, 2], it EHE
95 AN BB SR, S T i R A N ZRes ), SR B SCIR(9 189 7
TS S TIR SR L. R R R S gy K-
LRI J5 25040 Gamma 23 AFAERY , B Gamma 23 A 2400 Y
%7712 (moments methods) A8 8. 1%, i EH K487



FHRAE IR AMBEEBENEFRET EAE

2009,45(23) 65

o R 6 R— AR AU A RHZHL, FF T
HALH K- 4R [MHBR PRSP . XX TR —1

THEEREAR X, H K-3T4R x(m%jﬁ‘ii{j:st:( Z [l x| ’ W(K-1),
Ken, KT m AEEREAR, B =1, - mom<n, WX m ASFEAR
RSV S D7 00 T = D, S 4 K

SR TT 23 ATE) Gamma S3ATRERY . I AFEA LT 0 7 220t
TR AR B0 J5) O 418 5007 2200 0 A, T Ak 5 1=

(2 G0 m=1)3 552, RN AR 007 209 200 53

S Gamma 43 A7 B P B BE2H . AR 7 1%, AR5 BT
BIEE 1.2 ANFEIRE, Gamma 3 A B IAS EE 2. TRAIRS %L

(shape parameter)a Fll REZ%(scale parameter )3, fEE R a=

(/)" 3sB=1" Is 3 3305 . P Gamma 23 AR TFH B 60 R B 2805 ,
= (9) R

S=aB (9)

X RRNE, TEIR T e B E NGRS B 5 1Y
AR, WEHIRE T HIRNER,
3.4 LA Mahalanobis B 35 it -8R

EET I, RIERFESRE 4 i &Pl R
SN FHRHE : (1)l TR Bkl i, T LUk FEfRg
Yy S ATASEAEAL A LTI s (2) ARG8T B LA /N, 2
B0 S A B LR, I B AR e . BT, W T
FEARA 4340, T LIRS R MBI AR E R 2y, PR
T AH S B SR B i AR AR AR 22 5, kT 52 oA
ARPTRIS, T, v LU SCXFE— NI R 2R, AR
BRINTF .

1 3T AL AY Mahalanobis FH B ) & 1 B 2%

(WMDQC) ¥k

LR WIGAAE 8 .c=0 imd FIPE SRR SRR , ¢ AL,
md &R

SR 2 MR EREARREE V;

L3 c=c+1;

SPBR A4 ARAEFEARNIAGE v, FEARBE IR REAS ok Bl
HEER Va=min [V}, B4V (x,) =V 0020, AES ¢ 28T
Hty;

B S HHE d(x,0,) <md SAFRITAEHEAR «, R 0. £
IR RS 5 x S AHIT OB AN SRS, MRS o, SRR 0, 28,
FEMAEAEE X PR x5

AR 6 IR X hEs FREEH, RN YR 3.

VL EEEE o AR, BEPOH v(l<sisco)F#or. %

HRHAUUTY RS
(DFEEAMRIGT A LR , S22 TR
AFRITRIEHZEMER

(2)BRZE ML 1 2 B TR A B TS TS5 1) 5

(3) 28 IR T IR IR IR 2 D )R AN
U, HATA A I S 3

(4)RBAZHIRE KN
TR 5

IR, PO 2 AR AT

(5) SR HAHR M0 B H RGP

ST AL L O B SR RS, 4 R B 2
i), SR B RB TR, R ER RIS R, UL P iR —
FhEERY, WMDQC S AHC S0 B2Eh1E, Wi 2,

Yk 2 F5T WMDQC Bk ERZE 71 (WMDQCM)

BT 3.3 WEVTTTERT S 6 VETR SR

BE 2 AHC SRR , A e P B AR 5

B3 WMDQC Bk Se AR TR R BIRALE R

4 Disege g Ko

AR A EPROR A TIRIGIR AT, H— B 3R 4
T3 BRSPS o BOREAS 51228 P PR RN B LB
—AERIUERR R 1, AR RSP I B IE TSR SR
AU GREAR SRR SR H B e AU (10)
PR :

¢
Z number;
_ =l

Y (10)

number, 55 | ZEP P IESHERISAOFEARANEL, n IFEARI) BEL v
EDBR e WA SRS HE B 157, SRZSRCRAT , BN, IR AH R

TELSE0 R R SEBRE AR SR AN SR 1 s 55 1A
FEAREE—3L 50 MEAEER, (05 4 28 2 MR, o 4 280K
B S AR 121513105 55 2 DEARFEASENE bR 53
RIBVEREAAE 2 5 SCHR 361 BiR A, — 3R 35 4k 47 M
A, BEAREIL K 4 2%, B 4 FPYE N  Phytophthora Rot,
Diaporthe Stem Canker,Charcoal Rot,Rhizoctonian Root,4 Fib
PRI REAHUR 53500 : 17 10 10 .10, {5 FLIEER A58 I HL o i
21 HE28m; 55 3 MR 17 e A TR B AR AR SR
JEPEREIR Y, n) BT PR A R {1, 2}, BEAR GRS 4 oh 2 28, 43
A democrates republicans , /5 B 5256 W KB T &6 A& (E
“oTHIREAS , R4y 232 MR, Ho democrats \republicans 14]
FEAEL 53 0] g 124 F1 1085 55 4 AN RS B2 2 i i DA AR i
kddeup99 i 10947 B2 PRI , 364 998 5% 41 4EH:
AR, 530 9 28 o | B IERHEAS AR 8 N R, 41
HeJmikrh 34 4R mbe, 7 4Eh 2Rk 7 desr 2@tk
A 3 YENATHF , e — M 2R et R P R 4

XFELEAEAS AT WMDQCM 12 ] He g 4 S s Sk
HIFEPRIEAT AL, A RN 2~38 5 PR

1 TRAEA R AR

HEARZFR JRPEER AN g R
Synthetic4 numeric 50 2 4
Soybean categorical 47 21 4
Vote categorical 232 16 2
kddcup99 heterogeneous 998 41 9

2 ESCHEER A bR R A ¥ SR Je 85 H(6=0.707)

Hik md %1 22 K3 K4 BRMEHR(%)

Synthetic4  11.8  0:12 0:15  0:13  0:10 100
Soybean 9.6 0:10 0:10  3:10  0:17 93.62
Vote 11.8  0:108  28:124 87.931

2 RSOTHR 3 SRR S S s
555 ¢ 4 AL SCIRII OB, WMDOCM 53 100 YIEATHI5E



66 2009,45(23)

Computer Engineering and Applications THENL TR 5 A

#3531k WMDQC A kddeup99 FEATE LIS 459
(md=18.5,8=0.707)

ES HARYS  RINER(%) KRZEEENE(%)
normal 188 86.17 86.17
smurf 578 100
back 4 50
neptune 215 100 Py Al R
teardrop 2 100 99.38
ipsweep 3 100
satan 4 75
warezclient 4 25
A4 BICSTE SO 41{EAEAR soybean
1ty b4 (100 %) (%)
Bk Hard k-modes Fuzzy k-modes WMDQCM
R 782 80.45 93.62
5 GO MBS LA AR AR
synthetic4 L[ HL4% (%)
Bk k—means FCM WMDQCM
RIMEHR 96 96 100

HPEREER FRGETE 93.62%, XiGHIE LR E M
HEWFEREL 2 5 58, X4 WMDQCM iRAR plg4li 445w
PEFEZR B R ISTTRNT , AR A LR i A SRS RE , 3X i BH 8
I REARZE M BTEHE , fE B B B A0 R R T
VESCEERT Vote FEAS I ASH 2 (ELAY AL R 5 SR 1) 7 AN
5], B AT BT H et , {H A3 2 BT DUBRAS 1 H B i R 2%
538 3 T B e E PR SR RIS v, AR
RGN A7 T 5, KIS FR L AT FRAR , S RH B BT — e 1Y 5
HAE.

5 gl

H B, BESEBL A 2B M SR SR 2 BR /D 0 T R R
PEEAE I BB IFoT BE A  WF 9T SR AT E i e R R R
St BB A — N T TR B ) B ZE AT R SR
LR T R WMDQC Bk, IRl 5 A0 AHC Bk

BB, HE— AR T WMDQCM B25 757, J7 v 0 N 2ot
248 TREA P R TR A 2 | Ui i e i T Tk
MIZRISIERE . SO PSS T WMDQC HEM sl WMDQCM J7
R ERA R A H R, F P R RS — 2R,
TEACPE R AR, 25 Byt A 8 R R A 0 K it 3
WA R IRAI T2 AL

%25 3k :

[1] Kim M,Ramakrishna R S.Projected clustering for categorical
datasets|J].Pattern Recognition Letters,2006,27:1405-1417.

[2] Wang De—feng,Yeung D S,Tsang E C C.Weighted mahalanobis
distance kernels for support vector machines[J].IEEE Transaction
on Neural Networks,2007,18:1453-1462.

3] Huang Zhe—xue.Extensions to the k—means algorithm for clustering
large data sets with categorical values[J].Data Mining and Knowl-
edge Discovery, 1998,2:283-304.

[4] Huang Zhe—xue,Ng M K.A fuzzy k—modes algorithm for clustering
categorical data[J].IEEE Transactions on Fuzzy System,1999,7(4):
446-452.

[5] Ralambondrainy H.A conceptual version of the k—means algorithm(J].
Pattern Recognition Lett,1995,16:1147-1157.

[6] Chen Ning,Chen An,Zhou Long—xiang.Fuzzy k —prototypes algo—
rithm for clustering mixed numeric and categorical valued datal]].
Journal of Software,2001,12(8):1107-1119.

[7] Horn D, Gottlieb A.Algorithm for data clustering in pattern recog—
nition problems based on quantum mechanics[J].Physical Review
Letters, 2002, 88(1).

[8] Gasiorowicz S.Quantum physics|[M].New York: Wiley, 1996.

[9] Nasios N,Bors A G.Kernel-based classification using quantum me—
chanics|J].Pattern Recognition,2007,40:875-889.

[10] Xie X L,Beni G.A validity measure for fuzzy clustering[J].IEEE
Transactions on Pattern Analysis and Machine Intelligence,
1991,13(8):841-847.

[11] Merz C J,Merphy P.UCI repository of machine learning databases
[EB/OL]http : //www.ics.uci.edu/mlearn/MLR Repository.html.

(_E#E10 50)
45V qe  ZIHE R &, =p(A, A, VB)=3/32,8,=p(A, A, V
B)=3/64,p(A, ,A,)=1/16, It} £=¢, +&, ~0.14,7~0.10,1fi 4,
NA=A | BTEL A NA, €D

1
3/32

(T'),3/32=0.09,

%7 3k :

[1] Wang Guo-jun,Zhou Hong-—jun.Quantatitive logic[J].Information
Sciences, 2009, 179:226-247.

[2] EEE HEE (D[] TRER ,2006,23(2) : 191-215.

(3] TR HEE S 116 525 5 M].2 A Ak B R, 2006.

[4] Hajek P.Matematics of fuzzy logic[M].[S.L]:Kluwer Academic Pub-
lishers, 1998.
T (2 HOHS RS 18 545 )R M L Ab Rt B R ARH: , 2003

[6] Hamilton A G.Logic for mathematicians[M].New York:Cambridge
University Press, 1978.

(7] FERE, M, ARt R o BUS e b i EL R R ). b R
%A 4#,2001,31(11):998-1008.

[8] EEMR , ZBEES. Lukasiewicz n {2 5 20200 B EE LSRR
PRAEF ] ERE  E 8, 2005,35(6):561-569.

(9] EREGITEAERE: B MHMIALST S 5FEE HRdL, 2005,

[10] Zhou H J,Wang G J.A new consistency index based on deduction
theorems in several logic systems[J].Fuzzy Sets and Systems,2006,
157(3):427-443.

[11] Wang Guo—jun,Zhou Hong—jun.Quantatitive logic[J].Information
Sciences, 2009, 179:226-247.

[12] BN =R RS M S 2 L T EHL L RE 5 A, 2008,
44(27):56-57.



