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Density-based clustering algorithm for numerical and categorical data
with mixed distance measure methods

CHEN Jin-yinf, HE Hui-hao
(College of Information Engineering, Zhejiang University of Technology, Hangzhou Zhejiang 310023, China)

Abstract: Traditional density-based clustering algorithm cannot deal with the mixed data, and the accuracy of most existing
clustering algorithms for mixed data is not high enough as desired. To solve the problem, a density-based clustering
algorithm for mixed data with mixed distance measure is proposed. Firstly, the characteristics of the mixed attribute data
are analyzed, and then the data is divided into three parts: numerical dominant data, categorical dominant data and balanced
data. According to the situation of dominance, corresponding distance measure method is selected. Distance between
objects is calculated for finding the dense regions, and core objects are defined by preset parameters. Then, by making use
of the core points to determine the objects with neighboring densities to form clusters, we obtain the final clustering result.
Experiments on real data sets show that the algorithm can achieve better clustering results, and can deal with the numerical
and categorical data efficiently.
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1 5|5 (Introduction)
ALY T 5 0 G AR A B U
X GRREELE R — AN, FER— DN RBTE AR 1

B VERHER, IR SEHS AR R TERAER.
TR GBI EIER 2 A7, B H AR, B
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ST Z R S TR BN o 2 MR ST Y SR
FE, ) FE I L R R . Ahmad S8 ANPRH T
— A K-meansZS Y (A ISR AR & J@ MEEE, X
ANFOER & VAR A LI o 50 SR R PR AE 2 TR 1)
PR OB, 3 s AN P2 T IWKM!! FIWFK-proto-
typesPU L%, 2 FEHE X RAEAE AR AN E
(11 [T, R F Ahmad! "8I98 H 1) J P B SLPENE S, — 8
FERE M 7 NG L. Hsulh A3 B P L s B oA
EFINE S EE B Z R B T — MR R R
%8,

ER AL ER A R YRR R 2 R AT R
Gr R BT R, TS BT R A BR
JEPERE 1) 7R BRI T AT AR 75 2
TE RN KR RO PR IURURR . A e R IR TR

R JT IATAE 7 EATREARALLBE AR B, FA B TRl A
AR T R A

BEXHE R T8 FE N A AN R AL BRVR & & 1,
PAR HATHITR & B TSR EE RS HOR R B AR
BRI R, A SCAEAE Gt T3 L SA R LA B AR 7 —
Tt 3 T VR R VR J M B R DR 2R R (density -
based clustering algorithm for mixed data with mixed
distance measure methods, MDCDen), 1% 5. v i 1o %t
REBEEIAT ST, KR & Rt 7 8 L
s 3 AR AR A B I B 32K, BT AN F G
L, G FEAH B PR B THRT V%, I8 T S B R 8 K
ILHCHE % B DX, 1 A0 R, PR A O RN S
FHEER N RER A2, AT IR AR R LR, L4
RAEH], MDCDen 53k BA B IR &, Reliv
R AL PR B Ja P 0 SRS ) .

2 FE T B SV K M O 8 X (Density-
based algorithm and definitions)

f i 5T % FE R VL (DBSCAN) O g — it
TE A A R X R B, B B i
S8 e (RO M pCE FERMED LB 0 1L, A 1 H
BB A IE RN R 2. S Bl
X G I R e 2 oh P82 B i ) R ] AR LA, PR
AR

d(Xian)n = \/fb:1 (Xf - Xf)27 (1
p=

Horn AR AE I 4EEL.
SRS E LR
EX 1 ABER 45 e B X RS B

SRIFR A IZEHE R B e AR
EX 2 B iR — X R P e 4RI
IR AR E QB R EbU R A NN /SE V€ BT

szf)*%’tx‘}g—:—'\

R, (EVETE AN Z O 5 AT SN, TN S B X 4
PN A
EMX 4 MRS WA R P AN 2

M X R P N B Py K B FE AT .
EX 6 HEAIA. R MR, p?,
s ptpt =g, pt =p, X Fpt e (1<i<n), ptt
MNP KT S H e My BEZEEATIAR], WA R X
R NEHEX G R TS BB FE IR .
EXT HEMHE WRAEEIEN %o e D,
(S 5 R p g #l A& o T Fll %8 B mT Ik 1, )
IR R p Rl g T e Fll 5 FEARIZE .
FLEARHE )R AT S5 B0 HE FE A v () B4 X
RX5X; 2 M EA(X;, X;), it A83k i Ko

B A F B X REB AR, BRI O R, B

WL TIE RO R B2, IR R A I oy

BERI5 2 SRIBR A% Lo s 75

3 ETEEMBSUHETENRSELER
K B ¥ (Density-based clustering algorithm
for numerical and categorical data with
mixed distance measure methods)

3.1 544 (Dominance analysis)
R BRI N EIREED = (X, X, -+, X,
LX), BANEEA R d4EETE X = (X, X2,
s XA g r EBUEIRES o 4E R ENE, d =
r+ q. SINHIE T o, Br5dr B Mg 5 dif He g
VB AR BT (R VAR AE.

1) #&r/d > o, WEHEE DREUE S ERLE.

2) #q/d > o, WHIEEE D252 SRS

3) FHl—a<r/d>ail —a<q/d>a, N
PE4E D 2B AR A 8 .

UCI(University of California Irvine) % 2 H.2% 2]
G 56N G T8 MR AR, i R UCTHEE i b 2
AN EHEREI TN, R PR, BREH SR o
~0.75, BlI:

1) #r/d € [0.75, 1], M E 4 4 D2 FE o5 4L
PEEE.

2) #iq/d € [0.75,1], W E 48 £ D2 5 5 5 AR 3k
B

3) #r/d € (0.25,0.75)8q/d € (0.25,0.75), NI
ARG DRI ANR A B .
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Table 1 Part of the UCI mixed attribute data set

UCHREEARr  4iid  »EtfiEe $uEEdfEr g ¢/d r/d HIROmER
Annealing 38 32 6 798  0.842 0.158 SR AR
C MethodChoice 9 7 2 1473 0.778 0.222 M
Pittsburgh bridges 13 10 3 108 0.769 0.231 R &
Cover type 54 47 7 581012  0.87 0.13 R AR
Adult 14 8 6 48842  0.571 0.429 Bty
Automobile 26 11 15 205 0423 0.578 SR
Credit approval 16 10 6 690 0.625 0.375 oyt
Cylinder bands 37 16 21 512 0432 0.568 3Tt
Flags 30 20 10 194 0.667 0.333 A f gt
Statlog heart 13 8 5 270 0.615 0.385 AL it
Abalone 8 1 7 4177 0125 0.875 B SR
KDD—99 42 9 33 494031 0214 0.786 BUE S

3.2 st R 0H B v B 5 R(Distance calcula-
tion between data objects)

& G 5T B2 1 7712 A Re A BEAUE J&8 M2, BR
PR BTV B B R & HE B 5, B E KR
PEEE FTR A B R, PRI AR SRt 7 — i iR
R R R R BT T
321 REEMHHE B MR OB % S

(Association analysis of mixed data attributes)

RSB0 3 B s ML B R AN E M, BT R =
SRR i, Ab PR A Ja8 PR R 1 B LG R R —
JEPERIEUE S R, Al esehr b, St F—AMEARE, g4
JEPEHEBAS ALY, B [5) oA Ja8 1 U 2 [ AR A S
FhOREK, X PRI A AER I 2 & I N 7
T AR

e LD, AFRRm— A K, ke fily
XA BRI F B, FHA;RR A —1 5
KIE M, 2R EDom(A )T, 2 RnE G2
HME. pi(2|2) FoR B Ty B RAE @
B R T4 A 2 B AR A, (2¢|y) Fom R A
H Ny B RAE B M) L E R T4 & 20 4
.

EX 8 HMXTHEMEA,, By
2 8] R 5 R FE B max d (v, y ) &t AT BAH DL 2 204
=

maxd” (z,y) = P;(z/z) + P:i(2°/Y), 2)
ez A BB 0 T4, B TR R
VERE By (2] ) M (2° [y) BRI ECARZELO, 11T F 4,
it P& IEmax dV (z, y) ITHE N

max d” (z,y) = P/(z/x) + P;(2°/y) — 1.0, (3)
ffifFmax d" (x, y) FIHUELE[O, 1170 A .

ARG)ICJE IR ME My 2 A R R 7R N
XPIAMER S — @ i RV S R LI, 2
HILZ AN 3 R IE VRIS, T AR 2 Ay AN T3 L g M 1)
FRESTT DARIE AR i RS 2. 24 B R 1R
B EUE B 1, 8 It (B Ay A T B B P
ARV ES Vi prpraan A E2IR

EX9 W TRGEERIRED, f—MEAd
Yemitk, Hohf g4ty RIE L, r 4B HUL B E R 1,
FER RSB A, BUE 2 My Z 1R EEES

d
dey) =7
Hrbd' (x, y) BA FREI3ANE M

D 0<d(x,y) < 1.

2) di(z,y) = d'(y, z).

3) d'(z,x) = 0.

ARSCE LR Flly FR) 2 B8 B B TR PR 5
FE: AR IEAN S A B — o] SR VEAR AR Re 0 HoAth & 1
RGP HI 72T, B B B @ (B o, y#8H — A i
PEESEA (@, y), AR R IEAE R AR A B E Tt
IR L ) 1 U, 2R 1A B Ay A, X
L E g PEA; b, an SR R A S 2, O AR
d'(z, y) AT, HFEREEE R < HITE— 1
Rz, BB (x, y )l WK, MHIRIREBZ,
W SRASE o gy 0f L FRY 79 A R BILAE [ — 2R J Lk
&, bl iy R SR,

BT SR BUE S A (7] — ¢ v A (=] RO 1) 0 BE B, 4
B R I8 5 S B AL, PR S B R AT T
UL, FEREITA B R A [ B B ERRI R T,
BANE G E — R E (1], 2], - ulT). X
AHUE B R, A AR @ EE K

“
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L FIFE S, THE 0 v S5 K@ AE 0 5 VA
[ (IL553.2.27%9).

XFRE R R, R AR Y
PEXT T H0 s S B B, kg & DL T, SR A
R ENRA B M P B T S ik R e L

EX 10 B EEHREEAND = (X, Xy,

L X X)), B M REA R AR IEX, =
(AL A2 ... A" B} B? ... BY), HofrdE
JE MR g4E o R, Rid = r + ¢ IME R F AN Bl
SHRIARIFEE D (X, X, ) P/ 4N

D (X;, X;) = d(X;, X;), +d(X;, X;),, - )

Horb d(X, X)) R Bdm 6 R XX 2 8] ) #UE
R JEMEER B 7 & d(XG, X)) R Bl N R XX
Z N5 AR I B B 2 5. PR A B R
2.
R EE3.2. 1755 [ 70 A, AR SRR AL TR & 8
EHERT RN, JE 18] A AN R, AR S5 v
Ry Y Ry WO AL SN = R
322 HELHAMESREREHREEETITHH
75 (Distance calculation between numerical
dominant data objects)

KRR 853, 1 19 5 6 447 L B B o5 B0 o 8
(R AR A T4 2 Rt g, W > g3 TR
DB SHEA X (i € d), ARG IR, A
%#%Lﬁ%@ﬁ%wawmfédM%Mﬁ

J=1,i#]
}iﬁwmxw£&4$?ﬁﬁ£ﬁﬁﬁﬁﬁﬁ%¢
F > g ZEREORE B S, Kl S e 5 S
fir. 39T S5 o 0 o B B 5 S, 4
R B, AR RO R A R M M
B AR NARG), Hhd(X,, X)) Md(X;, X;).
R BEA.

EX 11
OB

FEEWDNRX,, X EUE B R 7>

d(X, X, ) = f;l (X7 — X7)". ©)
Z

EX 12 AEEFINERX,, XK KR
B R IEEES WR ] = b7, WX, X105
il IS

P D\ 07 sz = Xgpv
MX“XN—{LXf#X% (7)
)43 2K S e 355 3 I B S Ay
d(X:, X))o = > d(XP, X7). ®)
p=1

323 RENBERESREBE TR
(Distance calculation between categorical
dominant data objects)

AR 58 3. 1779 1 5 D 20 #r 2 %0 20 28 o5 e il o 2
KIE V4R g K T HBUE B Y4 E e, Blg > o T HUdE
EDPHFH BN R X, (i € d), aR@Fr, H
E%*%Lﬁ%@ﬁ%f@wM]iifNawﬁ

J=L11F]

‘§;W@wﬂ%im?%%£%ﬁﬁﬁﬁﬁﬁ¢q

S, LE SRR B TS, 7 KR A S o U

N T AR SR PR AR BE S THEL R, B

BT, ARE A (S BRI TR G R LR

P EE RS TSI, Hhd (X, X))o Md(X;, X;)e 1

BOTEIT . WS HERR R X, KB B R o 5

— eI TARUEAL AL B, RDXC IR 2R p 4RI E N

XV - X?

R ©)

e XTSRRI, X7 i
FEA R (e IME. T S8 42 D SR ] 5
A 5 SR

EM 13 AERFAR LN, X, M2 B 5>
HOBE A

A(X0, X))o = X (d(XT), — d(XD),). (10)

d(X7)

X8 B, Hoor 2R R R

X12—3.

324 ¥R S R T YR EE B U BT
(Distance calculation between balanced data
objects)

MR 26 3. 195 1 o5 A0 20 A 2 e 3 i 2 5 s v B0l

JE Y Er AN 53 SR VAR R g 1) LA T 354 . T

LD AR R X, (i € d), HEARXT R IR

A4 @t LR (v, y) RINE 2], B X

R

EX 14 ¥R S B ERE DR R A

MRX,, X; 2 (AR EA

p=1

3.3 3t = & i 48 AH 8L B (Shared nearest neighbor
similarity)

E UG TR R R — % R,
SR R BN P AR AR R S B A, R B
B KNSR RS I, AR EA .
I8 5] N\ 3t 5 5% T 4B (shared nearest neighbors) i &
RS I — v B, e = o AN 2 B 4 FH SRR [21]
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SRR, i T IR s AL P S 1 Bl =3 8]
JRy B KA, R AR H 20 7 A1 £ 3 FE AR A EAT A L
A4, DRI B 0] 38 JBE AR A AR 2 [ ) 248 S AR AN R
TR,

AR AR 3 A AR AR o 505 30,
Xt Gp Mgl B T IR AT, WAt GpAig g
FEABRFRY, T P08 5 2 T RO ARALURE JU AT L e 7 0 B
SRR AR HH RA R, B LR, A4S R R AT
A8l AR, T H AN AR [F B, WA X A
Z B3 O AR ELE 4.

omo:oy@

Bl 1 PO 5[] SNINAH LU
Fig. 1 Shared nearest neighbor similarity between objects
BiE 1 RIS RIT L.
For ($H AT R k-5 4l)
If (X R My AN FE A ELAE X 7 B k- e 40

i)
Similarity (z,y) = 0;
Else
Similarity (x,y) = LEHITBAE
End if
34 MDCDen# ¥ ¥ 40 ## iR (Description of
MDCDen algorithm)

MDCDenFEHAT I 5 E3/N 4L, 45 H &,
SNNFHALEE B AE m A% B B AEminPts, K% R A% 0
RO RAT B — N B X Sp i ket AT, HdE X
Gp 5 HE F AR AR5 SNNAR AL 8 L B E m A
X 58 F B 7 % R {E minPts, TGS DLEE
R p R p R, SR E B T R T, M
TR0 i Y R B3 B IR AR S R, 15 2T
BT Gop it 2 AT IA F B G B, X B R s
W RVAE N — N, Bipe itz W ph k% ]
BT B SR E N 24 RT3, B 13—
TR, IR p AR — %0 A, MEERBCT — AN
X} RSN, R HHAT, BRI B AN e B,
SR R — AR AL %O ST IR R, 152
— AR R UGAT, BB AT BIEES RE AR IC
Hik.

MDCDen#i%:/EDBSCANR LR Al |-, 4553t
BT AR A AL RE, B DBSCAN T AH S HE &4 1F 52 X U
T

EX 15 ARk e BiExt % P, P, 5B LA
BT AR 25 DA AT SRR N iZ B 6 R AR R, 1% 4838
FRAE B 50 A 13 B AR A AT AR DL FRHI4E

EX 16 sl WRAE— NS B P ke
AR e, HR T 5P, 5 e f i A 6 4 SNINAH B
JEE L BE m % S5 H L T %5 B {E min Pts, U

EX 17T 5 R AR R P AR
O i, B 5 AN Z 0 5 SNINARBL FE i B (B m, 0]

EX 18  HEHEEWIE WM R R P,
R MNEAEXN R P k-5 TR, P2zt
m, H P55 Py I SNNARA FE &8 i B A, JUIFR H0HE XoF
R P, WEARRT G Py H ki B FE ]IS,

EX 19 %A, R AT AE — A B Bt
PP Pt Pt =q pt=p, X Fpt e (1<i<n),
P HE Mpt KT S50k, mAIminPts B $2% JE l IA 11,
A A B 5 Rpé MR X gk T 2 ik, mAl
minPts % A1,

EMX 20 HEHE WRGERIN Ro € D,
5 73 508 X Rp g R & Mok T2 5k, mAminPts
2 ]Ik B, T R s Rp Mg 5% T S Hk, mAl
minPts % AR

HAthsg L 5DBSCANFLIEFAH.

3.4.1 Pk FE (Pretreatment)

I RS B AR AT SR, KRS R
O 7 N EUE SR 5328 AR R I IR S T A
a3, E AR O, EHA R R FE BT 7 =,
PAA SIS VR A JE R 34T 5 AR 2 Hr, FEXTAR B
JEPEHAT AL B, PATERAE W2,

B2 Pretreatment ()

45 BRI D, F— MEARBAG d4EEm T, Hhh
r BEEUE B S 4L 5y TR .

If (r/d € [0.75, 1])

For (Ef riiiE—4E)
B 55 EARYE E X8, B XA, FHokpr s
RARAT
Else if (¢/d € [0.75,1])
For (¥ mili—4E)
B S AE BARYE 2 8, & SL10403, FFK 8T
SRR
Else if (r/d € (0.25,0.75) or ¢/d € (0.25,0.75))
For (¥l miltE—4E)
Bl A BARYE 12, 8 X340, FRK 8T
SR RAT
End
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3.4.2 iR 5 (Determine the core points)

X TAT A 2 X, ARYE AR 55 500 Ui
HHE R X k-5l 20, W k- il Ao R 5 %L
i RUXG I SNINAH AL B2 8 ik BB m, #4954 OB
X AFIA . PATERAE WEES.

TERE 100 s I SCILS I B, T2

1) X T HUE S PR A2 28 O SRR
B, FEIEVC T I AR 553271 143 B, Fevt S BE B A m]
PAASE FISNN, 150K FIDBSCANSL S HL R 2, Kt
Z 4 e MminPts 1 BRI SRR BUR . ASCRH Hi&
JFZDBSCANHL VL2223 fif i 7 e FminPts 2 $ 1% HL
() 17) FR. AR € minPts H G OL T, minPts {8 1)
5 DBSCANHZ—5L, MiminPts = 4, ifif# i 2 A
7] (R e ZBOHATI IR ., SR IE VA & ORI A 21,
MR e Z40E.

2) XT3 AR A MR I SRR L, AR
EINSHURAT AT H K, SNNAHALEE BRIE m 135
{ minPts. Z 5k flm BI1E 5 2 8 xR, {5
KA Z 0 IS A3 2504 0] 5 1) AR I3 RE % AR 4 K is
ST )RS AR AL AT A L R AR 4, HEBRAR IS H B
T35 R ERAUE G AREE AN 73 2 AR I — 3

B3 SetNearPoints( )

For ((EEEHE 5. X,)

B X kAN 4L,
For ((EEHHE 5 X,)
For ({F = 1 X;)
If (Similarity(X;, X;) > m)
3 X HONE X HOAT
End if

For ({F =44 1 X))

If (X, 4B AR > minPts)

End if
End
343 H#A R (Final cluster)
AT A0 i R 4R 3] 5 L A R R s
M IR 2R BRI BEE AL . Bisob
BRI GF%4.
Bk 4 Do-cluster( )
BN 1ol i A E
v B R AR S
do
R E—NARAC R EE P
If (/&% 02 ) then

MAEN e~ E 2%,

$32%
Else
Break;
End if;
Until A A2 s AT b 3.

3.44 HEE R 5T (Complexity analysis)
BRI GAHE ARSI m DR (FEAS), TN
ADBSCANS L I I 18] 528 FE O (m2), - ETH 4%

AT T A2 2 e 3 B U B ) K 40 B AT 3
1) AR B, 1 FR TR IO (M2 + mox k3),
Forp kRl a4 A H

— M 3 TR 43 1) SR 2R B A I TR AR AR R O (8
ks m), 8 2R R RE LM A2 42 80 (m2),
Horp ONIEARIREL, b MR, m BT R A
. MWL EFE TR RIS A LT T R AT
JEIRER, T EENRRFEEE RS, (AR
MSATE T B R AT 7 B AT FAE BTS2 A H
IR 2 B R R R R, R AR —
FEFE bR 18] 52 2% B o (1) SR B 10 AR SCH2 H 1)
MDCDen %% 5DBSCANAH L, BE 0 T ki 48154
Ay, X FE S IR R A 5 R
b X S AR AR O CRUE Y LA A 2R A
M) FRAS S BA MG T ) 5 4% B, R[] 55 % P 38 m
AT DA SZ TG A

MDCDen 5% 5DBSCANH Y H 75 4k Ry 44,

R fgepn 5 R s bR, B DOAE 2 E 4L 2 R 4

Helle, HA 2RO (m).

4 SEI6 4B 5 43 B (Experimental results and
analysis)

SLIG o ) AE R G 9 Windows7, 88 BT R IR 5%
NMicrosoft Visual C++2010. i {1 & {£ 4: CPUN
Intel Core 15 2.6 GHz, W47 4 GB.

AT BAEHT HIEMDCDen FIPERE, ASCf#E 64K
SR HHs £, 1X 6 Hidls & 45 ok HUCLA 5% =)
(machine learning repository), EA&(E S U1K 278,

k2 ONEEHEERE L

Table 2 Description of six real datasets

Iris 4 4 0 4 150
Soybean 35 0 35 4 47
Zoo 15 1 14 7 101
Acute 7 1 6 2 120
Heart 13 5 8 2 270
KDD-99 41 32 9 AE 1000
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4.1 FT3RE B (Evaluation of clustering results)

1) AR i Huang FIN g H 110V SRS HER A
VAN bRIE, SEIHERAZr (18 LW

r= % (12)

Horr: o, BRI AROERA D RIEATH, kFRREE
H n R BAR R T IR TR Rk, 5
TRV R ISR AT, M BE A T, I B AE HE
£ ERREAE IR e IR ).

2) P52 Purity:
_ e
Pur = ; c
Hop: KRR NIRINANEL, |CF|FRmTEfzih B 1%
B RS B AL | O | b B T
e AN B PSR SRR Al T M, SRR B R R AR
ERLT
4.2 SEEEE R ST (Clustering results analysis)

SH 1 BUE ST

IrisBR RS 150N it &, BB & hi4
A HOE B MR TrisE AR 4R A3 KB 1 Tnis-
Setosa, Iris-VersicolourflIris-Virginica. 7E T H FIEHE
b, KA ZSE R, R ARG EERSR
ek B E245 T MDCDen 1% 75 3R HIris 34 45,
WHe = 0.40, % FF R{EminPts %] H % R UM R
FRISZME.

/K, 13)

90 87.3

83.3
1.
20 83067 767

70 67.3

0 \56 55.4

- 4.7
\\ 38
40 -

30

r/%

1 2 3 4 5 6 7 8 9 10
minPts

Kl 2 % J& B {EminPts % MDCDen 5. V% 7EIris #4154 _F 5
HER AR

Fig. 2 The impact of the density threshold minPts on the ac-

curacy of our proposed algorithm for clustering Iris data

MDCDen#. 7%, IWNKME 7%, SBACH 7%, KPH. %
MIKL-FCM-GM HE I RRUER R () 7ER 3 FI .

M3 AT LUE H, HEKP, SBAC, IWKM
[ 58 25 HE B R > ) N 0.819, 0.426 F1 0.822; T
MDCDen % 7Ee = 0.4, minPts = 1 BB UEMH
5 5140.873, TMKL-FCM-GMELVEAE R 208 1.1
INF 58 2K Y T 6 i v SM0.335. R3S A SR Y,
MDCDen %7 1) 5 25 i # % LLKP, SBAC, KL-FCM-

GMAIIWKMZE £ 5 5 15.4%, 44.7%, 53.8% A1
5.1%. RHEMDCDen & ff) 1 AE T 4T

& 3 SAH A AIisHAER LR L oEHE
Table 3 Clustering accuracy for clustering Iris data of
five algorithms

AP r
K-prototypes 0.819
SBAC 0.426
KL-FCM-GM  0.335 (o = 1.1)
IWKM 0.822
MDCDen 0.873

KDD-CUP 99 £ A 1= i #5 5 1. £ 494031 5% id
S BRIER G A4 4R IR, KA 34485 UE B
PERIT4E 5 28 @ PE, B 2610 5k DA B0 ) NS KK,
240N, BLHE B RE AN S PN R AR A

PLAE I [A] B 100055 e S N AE AR SR, AR SCikE#% T
— AR R MR ) B 3R AT 8, a0 e 1508, H I
1E % 15 fnormal373¢K, H HlSatan, Bufoverflow, tear-
drop 1 Smurff#) 4 Z& 73 71l 9380, 5, 99F1431K; 24t H
3500, HFLIEH i normal381 &, Hi¥{Neptune{j47
FN618IX.

Farp it 5K 2k 45 B 3R W, MDCDen®. 7% 75 2045
£EKDD-Cup 99HIFEALE FER IR LR,

% 4 MDCDen# i% Z£KDD-Cup 994 A4 4E & L4y
REEHE
Table 4 Clustering accuracy for clustering KDD-CUP
99 sample data of MDCDen

T R TTR
150 250 350 450
Normal 373 381 215
Satan 380
Bufoverflow 5
Teardrop 99
Smurf 143 1000 785
Neptune 618
Land 1
JREISEA 1000 1000 1000 1000
r 0.962 1 0.972 0.981
Ly 2 .

Soybean##fE 82 73 KB EAR AR, HAT MR XT
BRI, TN EAEN R 3540 2B PEHIE. Soybean
HHREEA AN FE M. B34 H T MDCDen HVETER
ZSoybeany # 5, W Be = 5B, % B [ {HminPts
X SRR RS HERA ZR .
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Fig. 3 The impact of the density threshold minPts on the ac-
curacy of our proposed algorithm for clustering Soybean
data

MDCDen% ¥, INKMH. 7%, SBACH 7%, KPH. 7%
FIKL-FCM-GMHIE R R RUER I RAER S H| .

% 5 5#FH A £ Soybean$k & EaGR KA E
Table 5 Clustering accuracy for clustering Soybean da-
ta of five algorithms

AP r
K-prototypes 0.856
SBAC 0.617
KL-FCM-GM  0.903 (a = 1.8)
IWKM 0.908
MDCDen 1

MFRSFTE3H AT BLUE H, H7%EKP, SBAC, IWNKM
) 5 2K 1 1 R 4 3 28 0.856, 0.617 F110.908 ; 1
MDCDen % 1Ee = 5, minPts = 3 B KU i R i
1 41.0, KL-FCM-GMYE 545 22 50N 1.8 5 28 e
A = 90.903. 5 1) 58 K 45 R 3% B, MDCDen
SR 10 58 5 UE 1 R ELKP, SBAC, KL-FCM-GM #ll
IWKME 7% 43 5l 5 H T 14.6%, 38.3%, 9.7%F19.2%.
Al tEMDCDen HA P RE B 4T

Zoo RS 10140 5, BN R X R i
—NEUE B RN S KB EHR . ZooBREA T
K@ Al K445 1 T MDCDen i 5 78 B 35 Zoo B 5
£, WHe = 2.60), B BEminPts X BRI IEUER
.

MDCDen’ 7%, WFK-PH %, EKPH 7%, SBACH.
15, KPH 12 FIKL-FCM-GMZH 25 (1) 58 25 UE 1y R AE
RO,

M6 Elar AT LLE H, 5 75KP, SBAC, EKPHY)
B UET = B N0.806, 0.426410.629; iiMDCDen
BV (e = 2.6, minPts = 6 W B UETH K & &
790.931, KL-FCM-GM{E S 2 H0N 1.3 5 KR HER

F i i N0.864. WFK-PTERU RN 2. 1 RIS HER
2 A =1 490.908. K67 1K 45 R R B, MDCDen 5.
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WFK-PH. 1% 43 5 &t 1712.5%, 50.5%, 6.7%, 30.2%
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Fig. 4 The impact of the density threshold minPts on the accu-

racy of our proposed algorithm for clustering Zoo data

% 6 6ft H ik EZoo BB LRI R K EAE
Table 6 Clustering accuracy for clustering Zoo data of

six algorithms

ik r
K-prototypes 0.806
SBAC 0.426
KL-FCM-GM  0.864 (a = 1.3)
EKP 0.629
WFK-prototypes  0.908 (o = 2.1)
MDCDen 0.931

Acute Inflammatins %} 4 £& £ & 120 45 6 4,
AN EHE X G A B R PE A6 40 2 & 1t A
Acute B G2 KB MHE. BS54 T MDCDen%i
vk 1F 58 25 Acute Inflammations £ 35 22, % Be = 0.8
B, 25 BB min Pts X 502 SRISHER 2R 1520

MDCDen# i%, WFK-PH. 7%, EKP#. 7%, SBACH.
1%, KPS 1% FIKL-FCM-GMH. 7% (1) 58 28 i 1 K 78
RKIPHIH.
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Fig. 5 The impact of the density threshold minPts on the ac-
curacy of our proposed algorithm for clustering Acute
data
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Table 7 Clustering accuracy for clustering Acute data
of six algorithms

AP r
K-prototypes 0.61
SBAC 0.508
KL-FCM-GM  0.682 (o = 1.1)
EKP 0.508
WFK-prototypes  0.710 (o = 1.1)
MDCDen 1

MRTFESH AT LLUE H, H7EKP, SBAC, EKPIY)
BB E 2 5 240.610, 0.508410.508; iiMDCDen
Hik e = 0.8, minPtsHUE N 1-10 ) T S A 2 i
1 791.0, KL-FCM-GMYER R BN 1.1
R A 121 90.682. WFK-PTERI R BN 1. 1) SR
KR N0.710. R TH 5 RS FR 1, MDCDen 5%
[ 5% 2 i 7y % LLKP, SBAC, KL-FCM-GM, EKPAlI
WFK-PHE i EH T 39%, 49.2%, 31.8%, 49.2%F1
29%. RItMDCDenH 2K IPERE T 1.

SEEG 3 AT ANR A B, Statlog HeartE 45
A E 270N BT R, BN EHE T G 5N EE & 1
IO 73 25 & M 5 1R, Statlog Heartf5 2™ 25 J& 4 1H.
MDCDen % %, WFK-PH 7%:, EKPH 1%:, SBACH 2,
KP B L FIKL-FCM-GM 7% (1) R R UEH AL R8T
HI.

% 8 6t ik A Heart B LOIR L EHE
Table 8 Clustering accuracy for clustering Heart data of
six algorithms

AP r
K-prototypes 0.577
SBAC 0.752
KL-FCM-GM  0.758 (o = 1.7)
EKP 0.545
WFK-prototypes  0.835 (o = 1.3)
MDCDen 0.729

MDCDen% % fEminPts = 2, m = 9, k = 2017,
TR R B 71 N0.729. N3RS H AT LU, BVEKP,
SBAC, EKPIZRFEHERHZ 73931 80.577, 0.752F10.545;
1M KL-FCM-GMAERR R A 170 SRR 2 e
40.758. WFK-PYERLH RN 1.3 RBUEM i =
°~0.835. FiEMDCDen R % LU KP, EKPALVZ 1 5
KUER T, 1B T KL-FCM-GM, SBACH.3%, {HLL
WFK-PH L I HER AR 7 10.6%. % f& 3| 3t T % &
(PR VE 2 HE R — e nl BRI 7S, B DL R
IRBBIER IR, BT AEERE, bR b4y

HMDCDen A LE - 14 B R AL Fa bR T IR KT &
AR A EL A1,

% 9 T F A4 FMDCDen# k8 Purity & % #f & tbip]
Table 9 Purity and outlier ratio of MDCDen with dif-
ferent parameters

minPts m k  Purity/% BEHSLUE%
3 8 18 86.3 16.7
3 8§ 19 91.7 13.7
2 9 19 86.7 19.3
2 9 20 88.2 12.6
1 9 20 81 10.4
1 10 22 85.3 10.4

MEOF ] LUE H, fEMDCDen A2 5% B 8 i LLAh
(RN R IR EE IR 2R i1 85% 1)~V 15
FRALRE, 1 BH A% N ) 5 R T B AT 8 SR
VE VRN FRIUERS, BT BB s B I M R I
T R BT RACEE, {3 MDCDen % 1 52561
TR BRI,

HE B EminPts € 7 %O mAEHHR £ L
], FEH € I e Z R, FminPtsiZ A5 1 Ak M 42
FRFAEMNAIEN, F2-55R T LI 4ER. £xA
[] P B0 4R, minP s E ¥ 08 A A [F] 45 1. 2R,
minPts AN EH I E RIS K, FiEminPtsHg R, Rk
Ji B WS PRI, XA BB minPts X B it = 3
FzO RECE SRR D, 5 X S B X AR
IR, T s R B B X G A VR e 7 AR B, [ 75 2R
KA T .

F2-9rh By SIS A AR I, FIHAREAR L, Sk
MDCDen g BUISH 51 I SR MER 2, DRI SRR I
AE S 4F. MDCDen S5 BA BT SR BBUER I R RIAE T,
MDCDen &8 i R & EE AT G4, ¥R &
JE M HAE 7 BB S 428 AR A AR A TR
HE32E, B XA R O, 3% B AH B I FE B TH B A,
BE A2 S BE B T 2R A T R R
e D B T T A o G AR AFADL I () 2, T B A AR
HIBMEHIE FEGEGH R — B H M,
fHMDCDen B IERE £ R A T8 M s kR 5, S-S
LSNPS p-

4.3 HPEATH ] (Execution time)

K105 H 7 ASCEIEAE6N B S BRI
AT 8], SFEPATIN 18] Bds S i 4 5 00 = AH
2. Iris, Soybean, Zoo Fll Acute i # £ fr) E 4 = 5/,
PR BT LR, TTTKDD-CUP 99 %4 42 £ &
I 24 HAH 0 K, R I AR VR AT T R I ) K
Statlog Heart¥# tH T~ FHH SNN# FE, 7E 1T 5 k1T 4RI
T ELHFEE 2 B, RIS E P ATV FER A B £
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Table 10 Execution time of MDCDen on different

datasets
B SFYHATRE)/ms

Iris 94
KDD-CUP 99 6414

Soybean 56

Z00 78

Acute 63
Statlog Heart 2776

5 4515 (Conclusions)

ARSCHEH I TR A IR B HR A B P R RN,
BRLEAEALG T2 B S 2 BT R, B
TR A K. BE AL BRME 75 55, BENS R BT TR
(R, T8I R A BT 5 BT, KR A R 2
o NEUE SR 2R S A R A B s —
S O NG I vivk e S VA O R R - W R PR X
TRRERS R B 8 B 1R a5, SRAS R R
B, SCIRIGUE T AR SRVE I AT AT . A AR
Bl 1 a5 B R S e UCTEE e b R e M s 4
(AR A 15 38, FLAA oo (B0 38 3 L A7 i) 850 T
W, T DRI AU R SO s
2R, B R A R AR R A T R R

%K.
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