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Abstract: Focusing on the issue that k-prototypes algorithm is incapablé-of identifying automatically the number of
clusters and discovering clusters with arbitrary shape, a mixed data clustesifig algorithm based on searching for density peaks
was proposed. Firstly, CFSFDP ( Clustering by fast Search afid Fiid“ef Density Peaks) clustering algorithm was extended to
mixed datasets in which the distances between mixed data ©bjedts were calculated to determine the cluster centers by using
CFSFDP algorithm, that is, the number of clusters was determined automatically. The rest points were then assigned to the
cluster in order of their density from large to small. “Secondly, the selection method of threshold and weight in the proposed
algorithm was introduced. In the density formula, the threshold ( cutoff distance) was extracted automatically by calculating
potential entropy of data field; in the distance formula, the weight was defined through certain statistic which can measure
clustering tendency of numeric datasets and categorical datasets. Finally, experimental resulis on three real mixed datasets
show that compared with k-prototypes algorithm, the proposed algorithm can effectively improve the accuracy of clustering.

Key words: cluster analysis; mixed data; data field; clustering trendency; density peak

¥, (AEE S A0 BRI & BRI M0 SR AL A X | D SOk
(214 H 3 P B o A2 7 Jas A ) TBO(EL i L L 2 A AN AR o b 22
SRR, ZPIASUA R B — BRI R R E

0 3%
B T IR B &, AR 5 TR B 1 B

TIRAER . YRGS AR, ATMAENELZ RN
FEHREIAEMENGE . BRIV — M E
B S, SCHRL 1 T4 RS R —MERE N R 7 T 46
WL, TR, A P R B S
AR BIXTRAFA L

RRIBBAE XS G CEAR ) BB R E R IR AL, T 24k
B 53 Fr AR RVEE o A RUBE (07 0 AR E MR RO $L3R )
FiRETEYE. REBT TAEE SRR oA (9 E 0
2H M, RANAEZESE RS A S BERRE XS ER
BB AR, B TR RBE LA H 25 2k, R
ST TR E AL PR RIR B e SR T AT R BB K Z
SEAT X RCE B AER ), A —FR 2 T SR AL PRS- R KL

s B #E:2017-08-10; & B H #7 :2017-09-11,

LEAEATRESBHEE, Bk, &I E40R A B
IR EH B R R p— IR B 2 S0 T A,

B A TR A RUBAE 1Y R 288 2 k-prototypes B3,
BB LGS T k-means Fl k-modes BiF Ik , UM AR R 1%
G RAE S — R R B — B BIR S, B KE
B EET k-means BIEEMMERAE S AT, RHE
MFARESGEEL TR B kprototypes B HRE
S EGANY A, AEED T A1) k%
P B A5 OTE R, X8R R B BUE 43, k-prototypes
BIE T k-means B E—FE RRERBUERCIR A0 fOFE, 2) kB
FERERN B, 3) WA E ERRE D RN,
REBEHT , BEX S AR 8E RN 208 SN , A i 0 A Kt

EEWE A FERR 5 BT A LR E TR B B (20170320002) .

EZE R BWE(1992—) 4o WAL RE N 1B LTS L, CCF B, EEBFFIT 1 - Hla% 2% ) BB AT;  BRZREE(1986—) , 5, bR A, T

IW, B0, BT 4, CCF &5y, REOFI7 M S HR &Y

T B AR R e RV

TIBIF (1972—) , %, WAL I #8% , B 1, CCF 2 B, REAT5


http://www.joca.cn
http://www.joca.cn

484 3 S

%38 %

IERVBAEXT S T8 B R AR M, I A-prototypes B IR
FEX— R, 4) 3B BEEE SRR (L) MR
ERTENEREER. SH REZEENEHEMNBRERE
MRZERME. 6) RYVIREMFZ MR K, BT k-prototypes &
BRE—MEREE, RS T R s, B {Er L
i R O

EFEREARPHRE L SN LR SGTT T AR E
Bt SRR 3) SCHR[ 4 17E k-prototypes B Y LRl 12
H T fuzzy k-prototypes B¥E B ¥, il 13 7 k-prototypes B3k
SIS IS RO MEE, 38 I T BOE S G 40 0 B e SRR A O
W, S B B AR AN 1 2 1 R R e
J1i3CER0S ] P ACH % B FIR -G AV EURE AT R 2B 1Y fuzzy
k-prototypes H i AR AE IR IR C {H ( Fuzzy C-Means,
FCM) BAHE P T AR W9 AH T4 s g, N AT T
I+ B LA B R P 43 25 A S M TR 6 B, TR
HiRH T AT FCM-type BEE , SR FI AL A S R 4R
TRACHRIR A B MR , WAl A8 SR A0 B AR REUE L,
BARIRBRIFEN B, $HXELE 4) , CER[6 182
T fuzzy k-prototypes A H B I —MBGHEE I, ZEEYGH T
RIFRRIRIEICTE, XA p MR BUE R 32K A8 R 1, %
HERE— p fESE, EREE T EATEREEE
A REBEE R p BB, G LA M
RREUME 2 7 B v ) L AR s S IR Y, A T ) B A T
SERBEHEMAHREEERE T, XENERERTE8T
FEZHEREEE NMES TREMEE. #X658s5):X
BRL7 4R T ETREBMUMEMNE L —SBAC B, BE—
MERBRBEEFTE SIA T M REN EEF RS
BN G2 fa) AR RLPE s SR (8 ] 4R ) T 2 T RAL L p9 & v 1R
FBHER M REEE, YOl TR S Z M ISEW &
=, FIE BIRIE & B RUE , AT & T IR 0K B
AR SR [91 h F FR N FIRFGE R MR EREE N B
PR BPMER, M A AR RS TR E,
AT S 0 R AT LUFEGE— BONESE T 58 2 WL b B B
5] L B3 G 5 R A R A S . X BaS 6) , SCRR[10]
Wi} k-prototypes AT IL W 45 S I IR T otk , 8 1 X
Wk-prototypes [ 43T , 43 51 Yo B 18 24 & 14 T 43 F0 43 25 B J@
RS HATRI 53 , BRI 3 I B, B S R P S I —
TR BRI A, 2 P AR T SO X 0 {E M R BT
AT T B2 5 i 15 AR B, (9 o 30 i sl B i B2 4 [
(R fh e A

SR HATE RSN 3) ~6) AL UG, EHEA
EFXTEE 1) M 2) BB, AR S R EAH W XA AR
Z AR T F TR A BRI A R R B H B, 2014 47,
SCRRL 11 ] 48 B — b F T 50 {E RUBHE i) CFSFDP ( Clustering by
Fast Search and Find of Density Peaks) BB 1, B EA
RE R BT BB R B4 HL Ak A shaf e B A s (B0 FYE
FER R FEER SR, 253121857 T 2T CFSFDP &
PRI WA SRR [ 13 148 Y 1 2 T 4R B B il 4R Fn 2k
G IFR1L CFSFDP RSB E  SCRR[ 14 42 1 — M E T
O B SRR SR M 10 B W SRS B0k  SCR [ 1S T 42 s —#r
ETR FHALN CFSFDP B, LW ERERTT
CFSFDP BRI AR, HUMRAARE A TR G AR R A,

Hil, Ay REFE LTRGBS e, #E5

£ CFSFDP B k¥ B 2R & B Ko, X B AT B3 ik
k-prototypes BB AN 1) \2) PIA~B A, (8 RS ¥ BER A
SN RE AR H B TR IR R — A LB R R
RECR . EENRRRREIAT T, 3 B T B
BUE d, JAH v BOSEIRIRL , 23570 P AR 5 o 1) Sl 1wl
JE R R 2 Sy R ARAR SR R B ST e X P A
B4 BURHSCEK[16] i =B & B BUIR 4 1E o L i %t
R, 31 Fk-prototypesSi ¥ 19 HHBOR B UE £ XHE & 2 B4R 19
TR (A Sk A

1 RS H REE A

AICHE CFSFDP BEEy B 2R & ZUAE, 32 11 —F T H
TRE SRR FRE EEERRE L, ZRE R EA T
RO BRI 2 LUF PR 1) 3R b0 B9 5 BE LB R )
(R R B R 2) P B L BB R A I B R
AL , RIS [ B HhoC 22 TR B B B A X

AR R RN AR, RO LR, B
HFE TR N TERE - ERPOBIRA , W
MR WEREE RN AP S Z BB SRR R T
Fl—A o ZEEHHR O 2 EE— PSR, X5 AR T
ARG B A5 R B SR —A Y
L1 HEXEX

BT A NG XA BRUR ) T R R R
R EMLEL, ZFEAENESRLBIELES =
RN s = 11,2, N RIRERIRE d; = dist(,,%;) R
AR A BIRAR G P A %, F oy Z B B, R AT 30k

=N
=2

dy = Y (a6 —a)” +y Y 8(x5,4%) (1)
k=1 k=1

XHE%p = git,8(p,q) =0;%p#qhf, 8(p,q) = LWT
G LRy, I w, TN BUE AR M BUE , T ), 25, R4
KR E R BUE m, F m, 23RN BE RN 53 2581 @ P 1)
DB oy B LR B R E T S FRE A — R S v,
A HEE L p, 716, A B, FI X P& 7T LA E HigE L.
L1.1 %),

T B B R B R O FE AR BT 4% ( Cut-off kernel )
B (Gaussian kernel ) F135 504 ( Exponential kernel ) , & {]
BB AT

b= Yxtdy—dyxa) = {0 T <0 (2)
p: = Y expl - (dy/d)’} (3)
pi = Y expl- (dy/d]) (4)

R(2) ~ (4) BE9BE . > 0 Wi EBHER) B
T
1.1.2 #¥s,

B la % 3 p ) W — P TR, W
(5):

Py Z Py, = =Py (5)
WRIEEX
m.in.{dq'q.}, i=2
8, = {5 (6)
max{§, |, i=1

j=2 9


http://www.joca.cn
http://www.joca.cn

%2 8 WS R TFEAENEARSBREER L RET 485

2 XF S PSR S 5 FTRIAR(2) . (3) 2(4) B
F(6) HEHE(p,,8) (i e Ig),

FRIE p, 6, BOE ST, 24 5N A5 B3 AN TR o B 28
KA, XA 5 wE R BT SCER 2 B RO O B B 4, IR It
TFLARIF L p 9B, 8 AR B (FR D PLIR ) Sk ) Wy 46
o RN AT BN p (BT & (4, BIRLE & AT L 24 2 5%
il
1.2 BEEXSBRRERE

AT SR B R M R W B AR N T T ERNR,
FEBIA—ILS, EEAERBSRBIEES = (511,
BHAE n (> 1) ME,

1) {my ) Jey o ARG X BT B B A i, B X, A5 )
ANMERI L

2) fe L AR REIR AT B Bl ¢, B SHPE i S8
EEHBTE o MR,

3)im b, i T ST W, BE R AD, 520
BRI BRSNS He

{arg _rn_ln{dq”j} , 1=2
_ g j<i
n, = g

0, 1 =1
Hop{g !, M&XRR(GS) ,#mip ) B—NRFHSIT
T TER, {n} 12y R AR O MR AU E UM, B I
b g BRI ) Y S EARRE O MR S R,

4) {h AN, RS “FEML” (cluster core) F1“FEN
£” (cluster halo) fIFRIR. — MEHRIEIR QT4 “ %%
D7 BT, B DR R EER KRG
G ) T4 SR B B R /IN, W U B RE S B4 A A < RS
B, XB,Fh =1, NERx BFOHROEE b =
0, MR », BF“HREL"H,

THEHARLRGSHE T HREEGERRE LW ERLE
%,

FB1 WA,

D) % T B CRETERE) 4, /3580t e (0,1),

2)AERUE v,

NIMEEE 4, 34 d, =d,(i <j,i,jely),

4 HERME 4, .

¥ E— B EREE d, (i <)) FkM =27"N(N-1) 4~
THPHED, ZBENFFIA d <d, < - < d,, W d, =
oy »JLH0 A(ME) FORSE Mt P08 HAJSRTI HYR8,

5)%IER(2), G HE {p: 1., FEREFETHE
FIRTRIT (g} 1o

6)it&E {61, K {nil,o

FH2 O imll, FHA el AT
DA, BRI .

. {k, % x ek, AR kA
b1, Hom

FH3 AR OBIE S T HZE,

1 SR &, BT W x, RSB x, 1)
FERHRAN S WA =, BEWLAMAEE] — A~ x, (G < i) BT ) AR P
of,

T 2 XA PO R S AT R T 28, Bl p K
FPHATR M . Z BT RXRE, AR (0} BEY R
B

THA FHa > 1, WESNEDORESE—2 0N
LR HOLR .

DFGAARIC b = 0(i € ) o

2) B BRI I B X I 34 I BB RE L
wr - efE TER, A S HIEB AL 4, WEE N, 7 4E
JB T AR B

NFHLA X EESIENFYR/HIWEE LR
{pitisio
) RS EANT {pitie, BEARILHE cluster halo,
1.3 EEEZXEDH

TEA R G RIBR 1 S R B E R, A2 RE 4,
BAUE v 5 BRI (a2 2% B R IR IR A I T
ARG E n(n —1) /72 MERE, n REHEE BT
S8 FIL B 22 O(n®) o k-prototypes 5534 I B ]
BIER OC(L + V)kn) , Hrp b BHEL n BREHESR RO EE
XFZRHL, 1 J2 k-prototypes HILISUR TR IEMAKE, o ffK
A, A SO A B] A2 2% 2 T RE 2 B T k-prototypes H¥k
2 B AT A 0y 2

IEL B8R AT A0, B8 vk v AT RE R i B A R RS R A
REZAPA: DEEAXPRRE(BIER) 4,;2) EH
AXPREUE yo BT RFH L IHRIFRIEX W -FE R XS
RALEER LRI, IF 45— A 5 B9 77 SR L BUX P
SR LRSI R BR
2.1° HME 4, #iEEX

T d, BIEEG SCER[ 1144l 7 —Fh— R I i 3k
W—Ad, , EE R A B4R R N BOR 24 R R A
By 1% ~4% X B “WE" R4 GHIER A 4, WA,
ELA Y LG B3 AR BIT ST 5 i) 2230 P S B PR B4R R THTZE o

PAE D7 R R EARE N AR E R E d,, AL T 3
MR GREETR M 2FE 2. 1.3 A @) iTLULEE, B
RER2ZINRE 4, K2R, MRGELEARMER T &I
BI{E d,. WR—EdE4E A RENSBATHEAR, WEREH
GERTREHA

h Y EPSX— IR, 5 PR R 3 v B Sl TR B B8
b A SRR LI BIME d. o SCERT 17 132 0 R EE S L id
Bryazs e R Z [BISL R AL BAE R, R A SCHRL 18 - 19 ] 48
X T RIFERSE, BOE TR 2 XA B8 I S T 6
DA B

WRATHEENEREAREMN, R HE B &
WS . TR G AT Bt 5 B THE AR R
PR B R R AE T B L {E
2.1.1 #¥EH

BifEFE =B QP —MREGEBIEE X = {x,x,,
o2, Lo SCIR[ 19148 2 BB En iy s, 4 X b —
AEHERF G Y — R4S RE ARG PR B R 7 )
PN B T B . W T MERIA % e (1 =
1,2,,n) , BeREEE T ARE XL

@ = ijxK[(xi - %) /0] (7)
Hobs o B AT m, o x, B K(x) B Bf
BB, % — o B —A R ZE BT AR o W
KRS ITA — BRI, K(x) 45 TEHEITRILER L
WY BRIEAR G I B IR AL T K(x) BN


http://www.joca.cn
http://www.joca.cn

486 3 S

%38 %

2.1.2 A RAHEEHIRERGHRBIER

XD, MERESE - MRES, Wm =1, Y
K(x) BRI REAT, »; — x, BB d;,dy TR v, Flx, 2
(A EER IR A BT — i o, AT AR

@, = Y exp[(-dy/0)"] (8)

FEREA BN BARF P NI BHEEIMA T
(BB, B AT 168 23 S B0 14 7T B 09 B B0 T B R
JR PRI T T PR A R SRRSO D T 23 ) R R A
JE AR AR R YA T A BB 5, SR PR
FE—H R AT I — N — B R (FE A % IR
PR R AN 7> BRI AL R AR) , [7) Bt 7T DA ZE AR 4
SRR IZE S A SRS G2,

WFR(8) il d, FIFTEE D d, ()
B OF LA RS M R
IR TR BB, T4 5 v, ZE R B R
3 o, FERTEE IO BIE p, RSN, 4
WA (8) HR(3) BEMI. ;

1B, AR PR BRI E AR 2 2
NIRRT A% o 50 SO o B A
LERURS 3 o, FAERT B B 9B p,
RS, HEATREFEEEOEE
Brvk s, B d, BB A IR T LR Ak
SRS AT o OB, ®AT 4

AHERE—MEWHE T o FEEIZET
BRI,

TEfE Bt SR G, T R EL
BERAHERNER, MK, LA RR

x/cm

(2) BURBUE RV IRSE
Bl RRBEEEREMINASAR S HBIRE 1

Fig. 1 Original numeric data set and data set with the class label [

0 2 4 6 -6 -4 -2 0 2 4 6

x/cm

(b) MINBARS BBR 4

AHEMEK, N1
WX B ANBUA FRAME B AL '3
B HHER AN '3
. 4 o 4
P(X=x) =p;i=12,,n (9) 7
WIBEHLAS B X BoRE XN - “ . .
HOX) == 3 pilog (p,) (10) ™0 e | Po
=1 5@;@;‘%»
BRI, 7T LG FIRE A BB AL o X T AR A eyt
X, MEHBHFENSBER lo,0,, ) et )
et TR H B L (11) .
H=- 2 %hg(%ﬂ) (11) -4 o 4 -4 o 4
(a) JEAG R (A RV HE 5 (b) ISR B9 B HE S

Hz =Y o, B—HRiEILEFo

By FIUAH ) 19 4% R SR BT, s 3 i
WET o SHAETEEAREMNRE 4, S, Bt@Lit
B H XZPBDPHEHET o, 5L GRS REEIEE
REBEPHEMBEMEJ, .

2.1.3 FEHfep i

ATEMERMEFEBARRRERMRBRER, R
T BAF R TEAR S R R BUR A BE W A B, AT
HAEWAEAER A — A0 B8 5% IR A B 5E £ 748
L, B E e SR R AT Ak A

BRI TR S . F—dEE AN IEAS I
HEE 300 S (E 1(a) ) s A& LA EASHIF A
E 840 N E(WNE 2(a) ) ;B =HEWANHFRAMHAEE
400 (A 3(a)) o RBATANEIMA—N3IE, AT
kSRR 3 48, R =R SN T AT (4an
Bl 1(b).2(b).3(b)) (XM[2L I BAR T AL ARAR
Bl o

FEEBWE, ~ M ERBEREEAE 228
Fio B, XA, SR EMURENREE =

B2 RIRBEBEEAREMINAZLR S HRRE I

Fig. 2 Original numeric dataset and dataset with class label TI

X THE—EEE BB ESS R R —H 0, B
TR Z R Y B — A5 FE R A, (AR X
A3 RBLEAEAE ) A ECS PR HR 1K 3 2B MR s K
BUHAE, HIAER 1(b) 2 LA mEa RSB R
PEME A, JF X HA R R g 2 BB {E B.C 50 D, 7
AR ECAREREILH . T PN EIR M S A H R 2 ECIR 5L
RMCME 2(b) 3(b)) o

X T A P B 2 A () 28 A Py A e R A0 ] Y R
NI IRREE AN, LV BE d, XMz RIEF LR RL
SERABBENYM, ERLEPHEREESE ] JFHERE
B 4= AP RIHR I B B I i PR R e R R B T BT X
RZIEBEEES 4, (i <)) THTHES, 70 BUR AR 1% 2%
3% Fl 4% Jb Xk BL R BV BUAE o, SRAREERANIE 4 Fm,
HPARMEERS BRI AFRNZE. NE 4 7T L
B, LB A R RS R KRR B B A SUER AT [
12 FAARN TR P R (R B A RO SRR SRR AR R G, R d, B9
IR W IR JA R — AR H G B I A8 A X Kk i


http://www.joca.cn
http://www.joca.cn

%2 8 WS R TFEAENEARSBREER L RET 487

Bt R

HF TR PR R 7 S IR B, B BRIG A s B 1

o NETTTLURE, XN T =1 8L,
AR 7 R B BE 9 J7 ¥ LA R 2 5 )
TIEBBRRIRAE GEL . R FX=4
e, ot B A — Mtk 1 O ik 0 SR {6
A AR A SRR EAR S B
PRGN R B B — S (AT BB KL
EEA SRR , B LAZ AT LSBT A
BlR ke E BH I T i A S A R E %
KRB R T7 R 22, T H e X TAEM
HRCE R A00E H, st B DX T R 4L

SEARHRIT L 1 S5ty — O, TR

Y e ! o em Y R SRk BT R Y
(0 SR T AR (b) AR BRI .
B3 IR B SERA AN A 05 B BB I 2.2 KUfE y M
Fig. 3 Omginal numeric dataset and dataset with class label I St IR BB B B, PE R A Rt

Sy 2
. WW-{-A
“25 KL = ‘A%:D‘” & +

x/cm

(a) BB HED 0 BE B B A1 %A R

o

2 At

A Dxcﬁ‘bb -
if; " :#dﬂ & I:+

0
x/cm

(b) B PR3l 7 B B S B B2 %0 A7

% gu it
2 gl g L
kL oA

§ 3

-6 -4 =2 0 2 4 6
x/cm
(o) B F FEHER i) 6 B3 1 613 %4 A IRIMEL

ot gl
‘i{z% Aheho 4 +

o

i
e

-6
x/cm

(&) BT+ PR BE S i wiT4 %1 D B (E
B4 Bk T TisiA R B ER R ISR

Fig. 4 Clustering results with different thresholds for dataset [
ST BHEH R EGRE A R BE 4, B—FEra Bk,
BT Rk SR FIEERAE 1 | A0 I AT A Ml SR8, 52
B BRSO S R BRI BRSO R AR R
B BOR BT R BE R B AP B R A R B R 4
BARLEBCR y = 2, W THRIBGRE BURHE R 78 08 5
d;(i <) ¥THFHEF, BORLIRT 1% 4b Xk f i 6 8 45 o {8
d, o XTI FBE S i BB I8 {8 P O 3 , o o B 0 R Y

R B B AR RN R T, AT S T Bt BME .
F AR AT, 5 4R e (L ) SRS AT R R 4R
MR R (R HE) IR SN BB E—E T, A
1, AR AT BE 25 TR 1 Y IR A T 3R R Bk I AR . 3R 1

SYRAVBMEAUE v B & B B 5 A AR,
HHE N TR, TRy = 1, BIBAE R E AN,
SCHR[3 ] 48 B R BRI B A S P AUE y B BURE T 4K
ERUBPER S0, BVBUE » F U T4 (E 2R P T3
PRI o, (B SCHRIF AR 4 B4 BT 0] 32 B LA B sk R 1B B
AR . BRICATXIAUE v HEIR H— B R T

®1 _FAEFSETTREBERBRES =8

Tab. 1 Number of removed noise points with
different threshold selected by two different methods

— ATk BRItk
Blnfk U BRI IR BRRAS
B {E A~ i (E A~
I 0.55 61 0.89 68
I 0.67 119 0.81 131
I 0.05 0 0.07 76
2.2.1 REBH

X FHENBIERE , L P8 BRERETT LU Z SR
£RIR [EVi , SR T AN SR EB 4 PR A AN FEAE B SR IR A8 1
BEELIFANRERTREAEGLHRAE L. ZE—15%
SRV EARSE , IR B P S s e RERE
BHAPSRTT DI T 5k e 15 R 4 B L (H X e R R ALY
AEARME L, Frl RAE SEIEEE W 8 R EBEN,
RRBRR M WEAELRE Lo

H i, 7T AR X B R AU v : 1) 43 BT EIR
B RIS P EEE X 2 M BUETR M TR B AR
BUEFR BB ASHE AT LA B 2 & 5 (Hopkins ) S 11 & 1
AU B, AR IBNBEBERAETC2.2.3 T
RHEMSITERITE, 2) NRERSMRELBHRERE,
IAFHE v /N—28 RPN R BB BERR 25
By K—,

2.2.2 HERKEEGHELILS

X F 45 0 R A USRS  F o B E T B f s —
A EEBIEARSE AR R ER L 5 AR = R I 5 43
AT SR, LA G IR A8 2R & R BB E T EUE I A R 2R
%, ELEsit B ARE A AIRE N RABH,

BEEeHgite" B—mossE g g, a4 1
TR RN SERABEEEE D, B A a5 E
RIE A R — MUERABERE D', B LB RN AER Z 1


http://www.joca.cn
http://www.joca.cn

488 3 S

%38 %

— AR BB Z EERERE EARR T HEas 1 b i
4340, FTLAARSESCHR[ 1] H B850 S ORI

1) ¥ 5 N BAEEE D™ /Y28 [ B n A plps .o
WELRUL, D" i23 (8] v A ER LA R TR & e X4
BB FENEp (1 <isn) W p, 7D PRBIEEE,
34 7 N pi 5BEAE D P IEGTABZ H RS, B

X = gr}{dist(pi,v)} (12)

2) ¥SH A D" IR (REEE R T S MR ) n A~
RoaGs s o TEME (I <sisa), Rill ¢ £D -
(g} MHBIESS, 3%y hg SETED - (g HRYBIEMZ
[ FE RS, B

yi = min {dist(q},v)!} (13)

3) HHE AT B B R G A S e B (R
S RIET) .

n L » zy: =0
2x§+1 =t
i=1
B=1s e, Sa-o (14)
i=1 i=1
Sy /3w, 3tk
i=1 i=1

N T EIELRER, R R R EE SRS R e — L
I A (14) FTLIE R, 4 T— B o = , iR D =Y

59680, Y, SHEAT Yot I H, & U IR D R

B, W Y ) ST Y« T H, 2RARPT

¥i = O BYRSUL H AL 1, 3 of 5 Yy} BBEE  H,

BEE L Y % = 0 AL H, R K, Yy 5 Y
BUAKIE H, RREEE 1R, TRUR SIS REI0E LY H, S50k
Gk Yol BANH, BN, Y w8 K, 9 E

Yy = Y w L H, = 1R SRR TR 2 e

FERSRMBARERIZBRANGIT R 1, H—E%k, LFH
H, fl H, #AET 0,5 y BITERSHBEA B BN
2.2.3 2 RBRBENHRELY

ZRNT ERPUH AR E R R B RN E L £ TSKITRY
JBE T RBIEARE , R DR — AR R R
BRNGEIE A,

H, Z—AF1 LUEAG 43 28 BUBUE 2 A5 BE AL 19 B3 &
HERGREBIRE D, BUBI M BB H B — 28
RIBIRE D, SR U T EBITE .

1) $HBEAR4E D° h e BT RRIRE , NGB R
B REIUE H B B — A , ¥ B — T~ A D° 2 ) B AL A IR A
AR, T 5 A B n AN X FEROREAR pyLps, o wppo X T
B p (I sisn) ki pf 2 D PIYESER ,JF4 2] H pi
5t D° AR Ial IR RS, Bl .

% = :relibrg%dist(pﬁ,v)} (15)

2) BEDLIBIN D APHE 1 AU 01 0gz 50,00 M TF A

g (1 <isn), W ¢ D - {g7} PWEIES HSyi KN
g SEED - {g} PEBIESZ B HER, B .

yi = min {dist(q;,0)} (16)
3) R E RS SRR ER ARSI R H, .
—L Y-
fo +1 =
H, = iyf+1 ixf=0 an
PRI

WSR(17) WL X F R R, QR D° 8516
CERBL) W Y« SWBAF Y ol BT H, 218

Kol D B Y f SHBAT Y, Wi
H2Ab. T Sy = 0N, HASHELT, 3% 1
S o; MBI, H, HE 35 = 0 WO, H, L
UK, 305 53 e AR, HL ASHEIE 1. (0, LU S
FEE AT B, KGR zy BN, 1, z

W, H 8K, IEE Yy = Dai B H, = 1
i=1 i=1

2.2.4 RALythHE

ML EA AT LIE B, H, 8/ ITR A B0 T 3UE
SRS ERI T, M, 7, BEINE G R EEE T 52
AR AEIBHE, Fit, mRBESBEIEE DY H, &
AN ST y MIEUE RS/, B A R B 2SR TR 2025 B AL
P A B, IR G BUSESE D 11 H, B, % y IR
K, 7R TE 2% B KA R . Bkl g LUE
AFE SBUE v

y = H/H, (18)
2.2.5 BB

AT E BN E B B RAUER R R I A
VEF B2t S ARUE Y & B, 8 FH— 3 s =4
BYEWIRATUEERE V T, B A WA BE B R —
Ay AD X FARIT R T R A

B B — 4 R X AR AL A 400 A~ B —
AMESHA(E 5(a)) R ELA BN EIMA—A 2 E
XY RBEI =4 (B 5(h)) o XTFRXMEIEERATA
BTN ER A FRA(0,0) S AR AR JE 5 I AR ARt X 30 4 1
L ET AEAT BILAEET SRR EE8E 4 R—1
YA, AP XA A S B S I AR S 2
KEOHE ., #M01F,£B 5(b) ity LA KSR
SRR A IF Bk HAa R S g3 B.C 534 D,

TR R H AR B IR 2 VB AL 5 2 A e
N FAERE W , 05 B R R E R o, B4 7T X A~ 48
B R A& A~ BARIR SIS =425 AU MR, W AR Lk
2% [8) R B 4§ LA I B M R 4 28 (8 ) A SR At 1) 1403 TR — A~
. B 6 NEERENI FARBUE v HERBLER, Kb S


http://www.joca.cn
http://www.joca.cn

%2 8 WS R TFEAENEARSBREER L RET 489

Bote—, Kb AR B R s RREH B AR NE.
ME 6 FTLIER, M T ARKRE v, RRERNWEZRRK,
B BUEE IR B ISR A 2, HERD (v = 0.1)
W, Sr AL AR TR, AR LU RE LI 1) SRR 4 5
RAT LA B2 8] b B4R HLBOE i sl o0 B R — K B
RUE y B98I0, 7T LAE 2158 = 4k E2RA3 S MR RSB B
AENE—NEH M TEEEN, Uy = 7.5, BTAE
P S AR ) G B TR —

BZEE T A B AT EAERS, Rt 55— R
Ty RSB

3 SEIEAAT
N T HE—PXHR 5 TR B R KB ATRIE,
A B ff FH — S SE PR B R A BT, I SR 5 R AT S AT
3.1 HIESERIIEEL
N T RUEAR SO L B A At 2R UCT AL

B 57 B B i Cylinder Bands ( DL T {5 %7
Cylinder ) , German Credit Data ( U1 T i &
German ) F1 Postoperative Patient Data ( DA F & F§
Patient) X = 2H1R & RUECHE 52, BB R A L3R 2.
e SRR E T B EMERE b
prototypes F L HEATIN R, WBL R W AT £ 8
KRR TR,
3.2 TEMiEER

AT WA R B OE #R, 51H SCEk

-4 -3 -2 -1 0 1 2 3 4

x/cm
(a) FIGHERIERSE

BT AR EIREN ERAASRERIIETRE BN E
R yo MMR(18)15F y = 0.37, KRLGRLE 7, KA
FIMEE R R RIEERENARE AWE T 0 LUF 2,

-4 -3-2-1 01 2 3 4
x/
(b) MK br B i
BDS AR B AR B RN A KR S B 4 1V

Fig. 5 Original numeric dataset and the dataset with class label IV

[22 48 H B RRIEFI o L, Bk fdnsk b
MRRKIEFHRMT

K
ac_rate( D/f) = ﬁ 2 corr_c;
=

Forb ok g AR SR L corr_e, TR
i AMRPRETRSREIREA N | D | iR A
HYBUE th , ac_rate (HBRK , REHPBIT MR RERS

(19)

y = 0. 3T AR RG-S Z i AN IR B M, KBS
6 "

ENIEAR S 58— B, UG R 1.

6

4 4

2 2
g
S50 . £ R
> 2 Yal T2 .

—4 -4

-4 -3 -2 -1 0 1 2 3 4 -4 -3 -2 -1 0 1 2 3 4
x/cm x/cm
(a) B 0. 10 A TR 4k 1 (b) BUE M1, 5BF Ay B &4 51

6 6 N

4 - 4
g 2 g 2
S0 . s, |20 IS
) | T2 N

-4 —4

-4 -3 -2 -1 0 1 2 3 4
x/cm

(c) U 3it B BR 245 2R

-4 -3 -2 -1 0 1 2 3 4
x/em

(d) BUE 7 50 A K 2h R

Bl 6 BRIV TA R A I R 55 5

Fig. 6 Clustering results of different weights in dataset IV

-4 -3 -2-10
x/cm

7 HdEEN H— A ERUE KRR R

Fig. 7 Clustering result of reasonable weight of the dataset IV

1 2 3 4

=2 ZERBEEHE

Tab. 2 Real dataset description

FRfS XN B BEE KR

. 1%
BB OREER EHE OO
Cylinder 277 39 20 19 2
German 1000 20 7 13 2

Patient 920 8 1 7

3.3 ZWER

X T k-prototypes B3k, 2 (1) M2 Eidla % R 2 18] 19
SRR, y BOY (3 8E AR A 2R R R A 1R 4%
FOHAL) o X T $R B A 0, 15 TR R ML S R BRUR AR SO
12 BB B B B AT IR UE , SO A CRT DAY BB B


http://www.joca.cn
http://www.joca.cn

490

SNy

%38 %

A, R FT LI 58 32 i B S B0 RO B A R
X FHTAVE LSRRI, v B 1, BME d. BUYETA )
dy (i < j) EFHTHEBN G RLITT 1% 40X W7 Y B RS 5 % T4 3C
PR SHGERG A 2.1 2.2 RITE S ST R dEA
BAREM d, Ty, B B RS ROy A, &
ERSEREMBRIERRILE 3 PR, WER3 HHLIE
BB ER 0 T 1R I W R R R L TOR R W AL S RO
B EHR S BRI, 7 = AR S R DK RCR AR B
TR YR G BEEREH L b-prototypes, X TR H K95
L TERRSE Cylinder bW ML S BGEIE MR E L TH
R HRSEULBAE  7E AP KRS F R A SO
LR, Rl LI, A SCH R B R —
A A M IR & BBER R B, TN FirE kb S
BB EA SR A 1 T — S H B,
R3 FRAEEHRLEHRILE

Tab. 3 Comparison of clustering accuracy of different algorithms

[4]

[5]

[6]

[7]

World Scientific, 1997: 21 -34.

CHEN N, CHEN A, ZHOU L. Fuzzy k-prototypes algorithm for

clustering mixed numeric and categorical valued data [J]. Journal of

Software, 2001, 12(8): 1107 —1119.

CHATZIS S P. A fuzzy c-mean-types algorithm for clustering of data

with mixed numeric and categorical attributes employing a probabilis-

tic dissimilarity functional [ J]. Expert Systems with Application,

2011, 38(7): 8684 -8689.

EF, BFL. B k-prototypes BB I — PSR E[T]. X

eI T R2E 204, 2003, 43(6) : 849 —852. ( WANG Y, YANG L.

An improved algorithm for fuzzy k-prototypes algorithm [ J]. Journal

of Dalian University of Technology, 2003, 43(6): 849 -852.)

LI C, BISWAS G. Unsupervised learning with mixed numeric and

nominal data [ J]. IEEE Transactions on Knowledge and Data Engi-

neering, 2002, 14(4): 673 - 690.

[8] PMEZE, WX, B, 5. £ THEIGEINRAGE
PERBELLI]. Wk R MARBEN ,
2013,28(4):58 -65. (SUN HJ, GAO Y L, SHAN

k-prototypes A ERE AXEY G H, et al. A clustering algorithm based on entropy
B s B (HHHS LR (FriR M2 HOER) weight for mixed numeric and categorical data [ J].
Y R d, Y NRGES d, Y EFHE Journal of Shantou University ( Natural Science),

Cylinder 1 0.495 1061 1 0.693 53058.17 5.13 0.549 2013, 28(4): 58 —65.)
German 1 0.329 6660.64 1 0.534 165336.90 89.87 0.627 [9] FARE, B3l —FiE TS AR INRS BHEGER
Patient 1 0.437 1 1 0.598 3.13 2.26 0.667 PN K& ]]. BN RS & B, 2016, 53
(5):1018 - 1028. (ZHAO X W, LIANG J Y. An
4 éé,: “Lj;i attribute weighted clustering algorithm for mixed data

ASCFT T X R A R BRI AT R B AW
k-prototypes . ¥ HIME SR, #E F T 4{6 B4 4% 9 CFSFDP 5324
PRENE GBS 1R I T — B R )RS BAIE RS
EEEEREE Y, ZAEIEANE k-prototypes L IETHEUL
FIEN RO (RB) IR, 2% 8 TR Z 3
XA ANBEESN A EH T 5 EESEOLMKEE
L IXAE FT AR L6 B B (B RUA R T [F — A B AR
KIERE BT REBIES AT, RSB TR B X R 5
A B4 BT , T A 482 h-prototypes B 2k A8 A R BE PRI BRAR 20 Af
. RIRFZE AT E K O R RNk B S e TR
AN, AT R k-prototypes YL IR IR 2 B0 - o AL

BIRA SRR SRR A BRI R B ERTER S F N
T RGBT E— AR R4, B B R R T
FTLUE SR IS R R L no e [8) B 20 AL, 2R A
AT 7 B R (E AIARL BN 2 — I I B 2R
PR X T R AVER AR , A B T — 2P B0AiE , TE AR W)
P h s B X R L S 2 B AR EE R A 8
SE 30k
[1] HAN] W, KAMBER M, PEI J. $didsdm: #5558 AR M]. 36
M, T/, 7.3 R JB 5T HLAR b Y Ak, 2012: 288, 315 -
316. (HAN J W, KAMBER M, PEI J. Data Mining: Concept and
Techniques [ M]. FAN M, MENG X F, translated. 3rd ed. Bei-
jing: China Machine Press, 2012: 288, 315 -316.)

Hitd] NS ARG BIEEIR MR BB ENIRID]. K& &
FRAH#,2013: 1. (J1J C. Research on clustering algorithms for the
data with multidimensional mixed attributes [ D]. Changchun: Jilin
University, 2013: 1.)

HUANG Z. Clustering large data sets with mixed numeric and cate-
gorical values [ C]// PAKDD 1997: Proceedings of the First Pacific-
Asia Knowledge Discovery and Data Mining Conference. Singapore:

[2]

[3]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

Journal of
Computer Research and Development, 2013, 53(5):
1018 -1028.)
B3, B ZE. S K-Prototype SRSB4 BT AN
W[ TN SFEHLRL 2, 2010, 37(7A): 69 - 75. (ZHOU C Y,
HUANG L J. Improvement of the method to choosing the initial
value of fuzzy K-prototypes clustering algorithm [ J]. Computer Sci-
ence, 2010, 37(7A): 69 -75.)
RODRIGUEZ A, LAIO A. Clustering by fast search and find of
density peak [J]. Science, 2014, 344(6191): 1492 —1496.
BIE R, MEHMOOD R, RUAN S, et al. Adaptive fuzzy clustering
by fast search and find of density peaks [ J]. Personal and Ubiqui-
tous Computing, 2016, 20(5): 785 -793.
HALTE, kIR, BBl . RERR S RIE IS ERBE
EMILALRT I I1. 3B HLN FI BT 5E, 2016, 33 (11): 3251 -
3254. (JIANG L Q, ZHANG M X, ZHENG J L, et al. Optimiza-
tion of clustering by fast search and find of density peaks [J].
Application Research of Computers, 2016, 33 (11): 3251 -
3254.)
T4k, Ak, Thvk. —FhEE TR .0 2 B ShbREsR g i 25 B Ig
fEBREE]] . HHEPIRLE, 2016, 43(7) : 255 - 258, 280. (MA
CL, SHAN H, MA T. Improved density peaks based clustering
algorithm with strategy choosing center automatically [ J]. Comput-
er Science, 2016, 43(7): 225 -258, 280.)
AR, LR, BEE, . S Tk CFSFDP Bk pSCA K
Jrk B o pE FALT]. ¥l 24 5 ARUR B, 2017, 1(4): 94 - 99.
(ZHAN C X, WANG R B, HUANG X X, et al. Application of text
clustering method based on improved CFSFDP algorithm [ J]. Data
Analysis and Knowledge Discovery, 2017, 1(4): 94 -99.)
UCI database [ EB/OL]. [2017-01-20]. hitp: // archive. ics.
uci. edu/ml/datasets. html.

based on information entropy [ J].

(T#% 496 )


http://www.joca.cn
http://www.joca.cn

496 3 S

%38 %

FrE R, FIFH A IR B A EAE A , SR sl B s il

72, A —EN M E. NPEXRRPHELSMERXNE

SEB, FRAR IR 25 R E IS i A R R R R E

IR bR LSRR . TERRMBIIE LAY b, i LIGRSE AT

FURBL B BT M AR T top-h BRI 2E 3R co-location 1R

4

SE W

[11 EmW2, A4, KA, 5. $RCESEIRZE RN
[M].2 BR. Jb30: Bl pRdt, 2009: 1 —19. (WANG L Z, ZHOU
L H, CHEN H M, et al. The Principle and Applications of Data
Warehouse and Data Mining [ M]. 2nd ed. Beljing: Science Press,
2009: 1-19.)

[2] HUANG Y, SHEKHAR S, XIONG H. Discovering co-location pat-
terns from spatial data sets: a general approach [ J]. IEEE Transac-
tions on Knowledge and Data Engineering, 2004, 16(12): 1472 -
1485.

[3] YOO ]S, SHEKHAR S, SMITH S, et al. A partial join approach
for mining co-location patterns [ C]// GIS '04: Proceedings of the
12th Annual ACM International Workshop on Geographic Information
Systems. New York: ACM, 2004: 241 —249.

[4] YOO JS, SHEKHAR S, CELIK M. A join-less approach for co-lo-
cation pattern mining: a summary of results [ C]// ICDM ’05: Pro-
ceedings of the 5th IEEE International Conference on Data Mining.
Washington, DC: IEEE Computer Society, 2005: 813 -816.

[5] WANGL, BAOY, LU J, et al. A new join-less approach for co-
location pattern mining [ C]// CIT 2008: Proceedings of the 8th
IEEE International Conference on Computer and Information Tech-
nology. Washington, DC: IEEE Computer Society, 2008: 197 -
202.

[6] &, Bl W AR A ILE co-location BEIZHE J]. TREHLHY
2£,2016,43(2):293 -296,301. (ZENG X, YANG.J. \Co®location
patterns mining with time constraint [ J]. Computer Séience, 2016,
43(2): 293 -296, 301.)

[7] LIUM, QU J. Mining high utility itemsets without candidate genera-
tion [ C]// CIKM ’12: Proceedings of the 21st ACM International
Conference on Information and Knowledge Management. New York:
ACM, 2012: 55 -64.

[8] KRISHNAMOORTHY S. Pruning strategies for mining high utility
itemsets [ J]. Expert Systems with Applications, 2015, 42(5):
2371 -2381.

[9] TSENG V S, SHIE B-E, WU C-W, et al. Efficient algorithms for
mining high utility itemsets from transactional databases [J]. IEEE
Transactions on Knowledge and Data Engineering, 2013, 25(8):
1772 -1786.

[10] FOURNIER-VIGER P, WU C W, ZIDA S, et al. FHM: faster
high-utility itemset mining using estimated utility co-occurrence
pruning [ C]// ISMIS 2014: Proceedings of the 21st International
Symposium Foundations of Intelligent System, LNCS 8502. Cham:
Springer, 2014: 83 -92.

[11] LIN J C-W, LIT, FOURNIER-VIGER P, et al. An efficient algo-
rithm to mine high average-utility itemsets [ J]. Advanced Engi-
neering Informatics, 2016, 30(2): 233 —243.

[12] R, EWE, R, 5. 25 ERBA co-location #3N4Z
BARFHRII]. DAERTF RN R 4, 2014, 35(10): 2302 -
2307. (YANG S S, WANGLZ, LUJL, et al. Primary explora-
tion for spatial high utility co-location patterns [ J]. Journal of Chi-
nese Computer Systems, 2014, 35(10): 2302 —2307.)

[13]1 E&UE, BHM, RE. BT ROURM RS T8 s imne s
[J1. HE&HiNE A, 2016, 36 (11): 3062 - 3066. ( WANG J H,
LUO X Z, WU Q. Fast high average-utility itemset mining algo-
rithm based on utility-list structure [ J]. Journal of Computer Appli-
cations, 2016, 36(11): 3062 —3066. )

[14] LAE, WP, 778, %. S80S co-location R
AL BN A, 2017, 37(2):322 -328. (JIANG W
G, WANG Y Z, FANG Y, et al. Domain-driven high utility co-
Tocatiofl pattern mining method [ J]. Journal of Computer Applica-

tions, 2017, 37(2): 322 -328.)

This work is partially supported by the National Natural Science Foun-
dation of China (71462001), the Application Foundation Youth Project of
Yunnan Provincial Science and Technology Department (2016FD071), the
Project of Yunnan Provincial Education Department (2016Z72X192).

ZENG Xin, bom in 1986, M. S., lecturer. His research interests
include spatial data mining.

LI Xiaowei, born in 1985, Ph. D., lecturer. His research interests
include information safety, computer network.

YANG Jian, born in 1976, Ph. D, associate professor. His research

interests include cloud computing, data security, privacy protection.

(L5490 1)

[17] WANG S, GAN W, LID, et al. Data field for hierarchical cluste-
ring [ J]. International Journal of Data Warehousing and Mining,
2011, 7(4): 43 —63.

[18] WANG S, CHEN Y. HASTA: a hierarchical-grid clustering algo-
rithm with data field [ J]. International Joural of Data Warehou-
sing and Mining, 2014, 10(2): 39 -54.

[19] WANG S, WANG D, LI C, et al. Clustering by fast search and
find of density peaks with data field [ J]. Chinese Journal of Elec-
tronics, 2016, 25(3): 397 -402.

[20] Zf. Beit2 I s [ M. Jb Rt A k% i AL, 2012: 60.
(LI H. Method of Statistical Leamning [ M]. Beijing: Qinghua Uni-
versity Press, 2012: 60.)

[21] BRZERE. (& F % EIEMHE R 5 T80 RET BRI —8
KRR FARE[EB/OL]. [2017-09-09]. http: //blog. csdn. net/
dr_chenyiyan/article/details/77914036. (CHEN Y Y. Design of
hybrid data clustering algorithm based on density peak: Chromatic

effect diagrams in clustering [ EB/OL]. [2017-09-09]. http: //
blog. csdn. net/dr_chenyiyan/article/ details/77914036. )

[22] AL-SHAMMARY D, KHILI I, TARI Z, et al. Fractal self-similar-
ity measurements based clustering technique for SOAP Web messa-
ges [J]. Journal of Parallel and Distributed Computing, 2013, 73
(5): 664 -676.

This work is partially supported by the Open Project Program of Hebei
Key Laboratory of Data Science and Application (20170320002) .

LI Ye, born in 1992, Ph. D. candidate. Her research interests
include machine learning, data analysis.

CHEN Yiyan, bom in 1986, Ph. D. candidate, engineer, econom-
ic engineer. His research interests include statistical modeling, technologi-
cal economics.

ZHANG Shufen, bom in 1972, M. S., professor. Her research

interests include cloud computing, data security, privacy protection.


http://www.joca.cn
http://www.joca.cn

