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Research on Density-based Clustering Algorithm for Mixed Data with

Determine Cluster Centers Automatically

CHEN Jin-Yin! HE Hui-Hao!

Abstract For mixed data clustering, mostly current clustering algorithms have shortcomings such as low clustering
efficiency, clustering parameter sensibility, clustering center number initialization and center determination difficulty. A
density based cluster center self-determination mixed data clustering algorithm is proposed in this paper. Firstly, mixed
data are divided into three types, including numeric dominant data, categorical dominant data and balanced data based on
their data attributes analysis, and corresponding similarity metrics are designed for these three types of mixed data. Then,
based on the density and distance relationship for each data object, an important conclusion is achieved that those data
objects that have both higher density and larger distance than other data objects are more likely to be the cluster centers.
So the linear regression model and residuals analysis are used to find those outliers that are fixed to be cluster centers
automatically. The initialization value of dcis most crucial to clustering efficiency, so particle swarm optimization (PSO)
algorithm is adopted to search the optimal d. by calculating the distance and density of each data object according to the
automatic method for determining the cluster centers. After the cluster centers have been found, each remaining point is
assigned to the same cluster as its nearest neighbor of higher density. Finally, the performance of the proposed method is

testified by a series of simulations on real-world datasets in comparison with other excellent clustering algorithms.
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Table 1  Five distance measures of partition-based clustering algorithms
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Table 2  Sample object of zoo data set
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deer 1,0,0,1,0,0,0,1,1,1,0,0,1,0, 1 4 1
dolphin 0,0,0,1,0,1,1,1,1,1,0,1, 1,0, 1 0 1
frog  0,0,1,0,0,1,1,1,1,1,1,0,0,0,0 4 5
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Table 3  The distance between objects of zoo data set
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Fig.1 The 2-dimensional distribution of DataSet1
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(K. B = A s AEEAR X A, SRS
A5 e, BRSO B g .

+

0.12 0.14 0.16 0.18

K6 szl
Fig.6 Residual distribution

2.3 ACC B REST R

HU 1. BRI ORI A AT 45 S R D
i B (O BE B35 2, LAt (11) AR (13) 62
AEUEX S 1 (10 p, 6.

HW 2. 145 p, M6, WERECER 67 = f (py),
HRA 1A 407 3 BR R = b + by /e K2 B
HOE R, A4 AL IR y = by + by x 2, WA
UL VE R R E 4 67 = £ (py) %,

HUE 3. TR b o S 4 8 0 % 5k
ESATHAT, IRk b AN RAES (O Co, o)
Ch).

1

LR RIS L p Al
BN G

!

P 0 =1(p) KRKE

}

i
S*=b,+bx p WA fEREK

RHBEZEDNTERE 6 =1(p)
FREN kN TRA (C,C, . C)

!

BN K

HHPL: (C,, Cp o, O

K7 ACC LK

Fig.7 The flowchart of ACC algorithm

3 DC-MDACC &%
3.1 DC-MDACC ExF=EHH

s B SCUER, 245 0€ d, AT, it A
P R0 B B e 7 v T LAk AT B e
2R RSB R I oty el 25 2 et d. U
FI. DC-MDACC Sk B 2 w5tk d. 1)
H B X 1), M4 Science b Alex $L3LR7 S B () #4
d. HUAE PR e 0 A 15 25040 6 G138 Jey 8 3 B b s
BRI 1% ~2% I, Al USRI I R 2R 45 3.
i T DC-MDACC &3 [ In) V& & J& 1 Zoif, DAtk
X2 Ak B UCT B0 B 10T - e o £ 42 W45
B, AFEHE X S35 average(p) KA s HEEL
I 1% ~20% W, 76 [ P n] LU B AL d.
fift. DR R AN R AR B, 46 e d. HUEIX[A]
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Wty o 4G T RE R SRR B Bl 8 R & MR RO SRS 5T 1805

detow, de nign), BENLER—A d., REFIH ACC 57
IRHE % de BUETE DL T RIS L, IFR T
JTER AR AR T T AT Koy B AR, MR ) 75
(R A% P 0 5 380 et (- B R B A 31— AN SRR BT U
Ay, R S R d,, AT AT LA B AL 1 2R 2K 5t
&, BN E S REAH do S RRA AR TR
PSEBL, e B—ANAAE RL 3L, d. AE 8 PSO
[Rfift, ZEITEAT N PP BREAS d. 055 (038 R J3E PR A
R BN d. AH, IFE AN RIS L,

ISR E A, TR R AR
FCAth 4% 2 rhot m K BN B B R AT R, A A 23
RRFLIE NS BB R e 7 A B0 I BRBBOR, AN
AR AE AR RIS, A SO AR A R
$2 21 g 3T 408 PR S v 8 RN B ) e /I B R R AT R O
FLAARE T

2R GRS ARRE 5 T O B R
HRESSURIPE HEiE 7 S N 1PS VIR SR E A EAT
BATRRE. W 8 FroR, g ' Ron# R AR, ey
RN BOBUR. S <47 SO RE L, ik 1,
“37 T RIS AR R N 12 By B I e A PR R v T
ERE—2, Pk <37 S5 R28hsh 1, it <17 5
AL FELE IR o 5o <37 5, DRI HSR
bR <37 SR, Khrh 1.

B

K8 Rlor AL
Fig.8 Partition rule

IR B 50 T 0 B A b P A s A
MWREBI MR, HtE RN O(n x log(n)), H
hon AT SR H . AR R BR A E I R0 S4B,
N T 5 MR p G L e e Al 408 B v 8 FEE N R 1)
B /R BT bR, AT 58 R, I RE v
HEIREN O(n/2).

X TR R BRI TR N A e S R AR
T (%) 7792 2 B i P A, T A S AR H 2R 2 TR R
SR G e HH A0 F v o A e v TR R IR RE AR A AL
g 12 B B R pp, FUOR B ISR oK T a4 T
I35 RE AL I A
3.2 DC-MDACC B X REMTEHEA

DC-MDACC SHykmfE b 9 frow, P&
A

5

LB 1. W WS d, W EUE
[detows enign)-  BEERLFHERIVLE IR T2 my I K
IEAIRHE Maxiter. A HIBEAL 8 £ rand(-) 7535 H
[deows denign] P BEHLAZ B m AR, FEHIURAL 2T
BEAREL iter = 0.

W 2. MR ET R E, FIH ACC Hiksk
RN ERERLES (C, Cy, -+, C), T
HERfAI 53

LB 3. MPEE N TR A (14), sKIFEEA KL
RRIOPSINBEINIE R E

d(zi,C;)
J; [Zmz eCj ‘07‘
k

Hobt, k RRBIOAK, ©; TR, (O] FoRi%
PRI BR AT S A,

/ SR D /

A

| HORSE D WHLE |
!
Y B d TEH,
VB R T R
)
VIR ok T B
P={d,d,d,-

Lo

{

A ACC i

(14)

Fitness =

1
d;

HEGR 2>

TG R
Fitness PR $1H

BBk TR
SAEEER

I

T gbested, pbestd,
MM gbestf, pbestf

LR A

/ WL o /

9 DC-MDACC ke
Fig.9 The flowchart of DC-MDACC
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W 4. WE U N A AR AE pbestf,
AT AL E N SR AE AT B pbestd, 4R ANRE T
()N AR AR £ HH 4 SR B A gbest 1R SRR A7 &
pbestd. BALAREL iter = iter+1.

S 5. MU ARE iter < Maxiter, AR 452
(15) F1 (16) SRR BRI L, SR 55 m 2D IR 2;
10, PR T

v; (t+1) = wxw; (t) + clxrlx (pbestd — d; (t)) +
c2xr2x (gbestd — d; (t)) (15)

di(t+1)=d;(t) +v; (t+1) (16)

LB 6. HH 2 RAE gbestf 14 /M EALE
gbestd, 1k BEIN 1) gbestd Ht & M AT LI d., X
INAIUE Bl SHNYNE e T
4 (FEXLWSMHEES

SEIG I EEAE R 400 Windows 7, 82T AR
15 Microsoft Visual C++2010. {444 CPU
2y Intel Core I5 2.6 GHz, W47 M 4 GB.

AT HAEET L DC-MDACC i RE, Bl
W T 10 NMFELEE, X 10 MdEEEKE UCT
2% 3] (Machine learning repository), HAR(E E a0
x4 R,

4.1 BRLERTFM

1) ASCRA i Gan 2507 3 H S8 RuEmf R A

FVEBRAE, SERAERR r 1) LR

==L | (17)

Horb, a; RoRBABAEH T RIFEAZH | k Ron %
REL, n R BAR P FEAN B RS R

w, FOEM RIS, Y r ER 1 I, SR
IAEER AR B SRERE AL e A 1B/ 1.
2) “PIYERKAE Purity:

k ||Cid‘|
Pur =N 1%L
ur=) g (18)
i=1
Horp, K RO AR, |CF| Fomtefk i hRA

A B AR S B 2, (O] ok

L7 TSR R0/, T SRR Y [o,

1], SEPE(RG, SRR BRI
ST S W B 10 R K HOR, K

RERES IR WA Y RS URE, P46 A FLAN T,

12 EBERHH

SEEG T ZHUR R U AN, R REEE PSO
FARNTREN 1 = cp = 1.8, BN w = 0.9,
P # n =5, e KIEARIKEL Maxiter = 10, JfF €
B « = 0.05.

Btk Aggregation. H¥adE Jain. Hdf4E Spi-
ral. A Flame Y45 “4e5i A0 80, Hoh s
FARAR B IE. FIX 4 AN BRI, 4
RIE7R K 10 Pros.

SR A R BOR, HAIE BRI T AR . AR R
IRIAT IR, BRI .

4.2.1 SRESBURE

NS E I O N A T SR (S B S o)
%, % Iris. KDD-CUP 99 K 2% A 12 % 4
4E. Soybean. Zoo. Acute Inflammatins 1 Stat-
log Heart, 1 Iris A1 KDD-CUP 99 ##i4E)E T
BE L, Soybean Zoo Fl Acute 2i#s4E )&
TR, Heart 04428 T340 4 5.
T A ST, BbrEtEAS 5 R, L
P QAN AFIINE BN

F 4 10 MITREIEERE R
Table 4 Ten real data sets

EVEIRE YN Yt VIRt v SRR KIE Mt ey i
Aggregation 2 2 0 7 788
Spiral 2 2 0 3 312
Jain 2 2 0 2 373
Flame 2 2 0 2 240
Iris 4 4 0 4 150
Soybean 35 0 35 4 47
Zoo 15 1 14 7 101
Acute 7 1 6 2 120
Statlog Heart 13 5 8 2 270

KDD CUP-99 41 34 ANE 1000
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301 35 28r . 30 v
25 0F 26b asf o e,
20} o e 7 S s 5 YRR
- 20 o Ve Vo ol X .: H =
; e 1sp i _,/’ SR A B 3 (:..-r
104 ‘*;g,.;za 0 i \‘ N TN 10 A
et e e 18f "; ;‘
5 5 “H 5 16l KN 5 -1&@ A
oL— ool L AR , . .
0 5 10 15 20 25 30 35 40 5 10 15 20 25 30 35 140 5 10 15 0O 5 1015 20 25 30 35 40 45
(a) Aggregation (b) Spiral (¢) Flame (d) Jain
K10 4 DNEdRERIRELE R
Fig.10 Example data sets
30r 20¢ 14 251
12
25t 15t 20t
10
201 g 15l
<715k T 10¢ T T
6 10+
10f sl 4
st . . of . .. - -
olse oommeeneneddingel 0L°'tisi0iiaia., . T U bt Y 3
0 10 20 30 40 50 60 O 5 10 15 2070 10 20 30 40 50 0 20 40 60 80
P P P P
(a) Aggregation (b) Spiral (c) Flame (d)Jain
11 10 [ 4 BRI p A1 S 4rA T

Fig. 11 Density and distance distribution of example data sets

HZREMES T

DC-MDACC 555K 6 Al fEi) PSO i
;S RIS TR BEAL AN B 12 JoR, SvE2Rid b IR ik
Rt REE S B B UE, UER] PSO Sk iIs S E
e,

A B S S bt A s e SR, SR etk
[FIABERY 6% = by + by x p' FIERZE M T 50 e 56
K, 78 6 MERAESLE, 21K 13~ B 15 Pr
NG S R oA I, BRIl 15 (a) ~ (f)
Fﬁﬂ“élélﬂﬂﬁ:@iﬁﬂﬂﬁﬁﬁﬁﬁ 6 MR RS
i,

A S H K DC-MDACC 5 IWKM 5
%+ SBAC $ik. K-prototypes 5%, KL-FCM-
GM %k, EKP Hik. WFK-prototypes Hik. K-
means 575 K-prototypes 512 1E A W s 45
[RISRSRUER AR LLARL, W1 5~ 10 PR,

PLBRRR IR 1000 45 s AREARLE, FRATIEFE T
AR B HEAT SES, A1 ¢ = 150 I, I
“normal” 373 X, K4 T 380 IX “Satan”. 5 {X “Bu-
foverflow” . 99 X “teardrop” A 143 X “Smurf” ¥

4.2.2 S£If

4, M ¢ = 350 I, HUBL “normal” 381 ¥, B/ET
618 KX “Neptune” Xii. 3 6 H AL LM,
DC-MDACC $HE{E SR K84l 4 KDD-99 #EA4E
AR R .

56 LA Iris B4R L SR 2 MER %

Table 5  Clustering quality evaluation on Iris dataset

(s FHAEHE (r)
K-prototypes 0.819
SBAC 0.426

KL-FCM-GM 0.335 (a=1.1)
IWKM 0.822
K-means 0.88
DC-MDACC 0.96

MR 5~ 10 Al BUR Y, ASCHIRAE 6 4
Hod S bl & R R Y T IWKM 5

%+ SBAC #Hik. K-prototypes & i%. KL-FCM-
GM # 7L, EKP H %, WFK-prototypes 5%
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Fig.13 Corresponding p and § distribution on six data sets with optimal d. ((a) Iris; (b) KDD-CUP 99; (c) Soybean;

(d) Zoo; (e) Acute;
(f) Heart)
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Table 6  Clustering quality evaluation on
KDD-99 dataset
Gt AR IV T3
Ko 150 250 350 450
Normal 373 381 215
Satan 380
Bufoverflow 5
Teardrop 99
Smurf 143 1000 785
Neptune 618
Land 1
[EEEY 1000 1000 1000 1000
IR (1) 0.977 1 0.972 0.997
WAL (Pur) 0.96 1 0.969  0.996

# 7 5 FEIETE Soybean AR I RIS HER 2
Table 7 Clustering quality evaluation on

Soybean dataset

Hik RIUEHIZE (r)
K-prototypes 0.856
SBAC 0.617

KL-FCM-GM 0.903 («=1.8)
IWKM 0.908
DC-MDACC 0.957

# 8 6 MEIRAE Zoo iy Ak L) JE KU %

Table 8 Clustering quality evaluation on Zoo dataset

AT BHWERE (r)
K-prototypes 0.806
SBAC 0.426

KL-FCM-GM 0.864 (a=1.3)
EKP 0.629

WFK-prototypes 0.908 (=2.1)
DC-MDACC 0.892

RO 6 VLTS Acute Hiln 5 ISR KUEM %

Table 9  Clustering quality evaluation on Acute dataset

ik REMERA (r)
K-prototypes 0.61
SBAC 0.508

KL-FCM-GM 0.682 (=1.1)
EKP 0.508

WFK-prototypes 0.710 (a=1.1)
DC-MDACC 0.917

%10 6 FHEVEAE Statlog Heart B 45 1 8 Skrf %

Table 10  Clustering quality evaluation on Statlog Heart

dataset
AT RIEUEH (1)
K-prototypes 0.577
SBAC 0.752
KL-FCM-GM 0.758 (a=1.7)
EKP 0.545
WFK-prototypes 0.835 (¢ =1.3)
DC-MDACC 0.848

K-means % 7L fil K-prototypes #.ik. S ykA{E
Iriss KDD-CUP 99 £ A4, Soybean. Zoo. Acute
Inflammations Fl Statlog Heart [f)Z8 4015 435
0.964+ 0.996. 0.985. 0.849. 0.918 F10.833, )i A
SCEAEAEAH N A b 2 Ry Al B AR R . B
7E Zoo ¥tk I, AXHLE WFK-prototypes 57
AL, WFK-prototypes HiE4 2 IR HE, &AL
a=2.1 A TR Em R RUEM % 90.3 %, LA
LR T 1.6 %, (HAEHARKAR 4R i SRR UER %
HAL T AR,

SEGUEH: DC-MDACC X S84 {1 75 57
Lo, fEXT 6 ANEds SR AT IR ASHT, 3 Retl LIS 48
R R UER R . DC-MDACC 5k BAG Bl 2%
BRI RFET: 1) DC-MDACC SHikl i A
BT SO AT, R B o B A
I3 LA A BIR G TR MR =28, B AR
I, PR N R R B TS, B S A 2R A
(1) 8 U AR R T B ARG o D S X B o %
AEARAFALE 1) 5 e, 11 4 467 RV i 1t i S
G ISR —YE B P 2L, 145 DC-MDACC
VR RERE At 0T B B I s IR A, SRS I 2R R
JiiiE. 2) DC-MDACC Syt vH R & s v 4o
(R E p B LU e B S v ) AR e /DR RS 0, 404 p
o Z IR EORR 0F = f (py), ik 2 A A5
BXS 6F = f(p:) BATHG, R BRZE 20 H a0 E
AL KRR E, FFA A 8RR G
(B o3 A1, REET R E 23 A1 T8 BB e (1) Kl

4.3 EEWITEE

Kl 16 25 T AR SCEE A PR SVEAE 6 AN ESE
B 5 bR T AT I R) . ST I ) 5 4R
(PIYEFE « Bt AH ¢ K 5% PSO [Pk AR I EAR G,

M 16 HR] LLE H, Iris. Soybean. Zoo- Acute
HHE 42 0 B D, DRI VR PAT LR R, T
KDD-CUP 99 %¥in 4 2 5 F1 4k £ AH %5 82K,
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Iris Soylean Zoo
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® SBAC
mKL-FCM-GM

=EIWKM

™ EKP

B WFK-prototypes
® DC-MDACC

Acute Statlog heart KDD CUP-99

LIEES

K16 HIEATIN )

Fig. 16 Average execute time

B FEVEPAT I FEN M. Statlog Heart %4k
TAETAL BB BER ML Ge v 1 7 vk, T ZE FETE
Z I, PSR SAT R AR K. BT K-
prototypess EKP I IWKM %5832 02 3 1 %1 70 11
FREVE, HEEPAT N A S T A SRS, M
Sk SBAC T R IR IR B FE, WA RPAT I
RSP N~ R T
4.4 BEEFENR

BB SR BN 3 Bl AR AR & n AUl (B
A), W DC-MDACC 53k i) s 18] 52 2 1 32 22 et o
SRR BE 0T B RS BE B A R, 1 R
W EARMN 0K O(n?) F O((n? — n)/2), FE
Ko ffie fa, Fk R & kA kg 5E
RR, HaltHARM A O(nxlog(n)+n/2). T4l
H PSO SEkACTAR, PRI 5503 1 I 1) 52 2 1k A
O(iterxmx (n*+(n* —n) /24 nxlog(n)+n/2)), H
titer iy PSO SARIEAREL, m ki 7 REECH .

— JRCEE TR g 1) 2R S BV IR N () A e R
O(t x k x n), HH JZIRIERELHI LR
O(n?), Horp ¢ AEARREL, & WRBAEL, n AW
MEANE K12 B T A SCEERR Lm0 o
FERE. INF 12 v Lo e fe 3 AH B HAR SR,
AT B I T 5 2 P8 i vy, 2 B FEAE ARSI
il P 2 BRI ) I R R, (R LA HAAE T RE
BN FER A XS TAE R IB A 73 A i Bt S 34 fig
PRV IR I A R, v DUAE — e R Bk
I N 1) 52 2% P8 A v PR B B

5 %51

ARTCHR TR IR SRR L A B E TR

& JE MR SRR L. Sk RAT B G N, O HLAEYS
AbBER A R VR RO, G, TR A BT
o, SRR A R YRR 0 BUE S 2R ARy
i RV A SR PR =28, BRI L, 1R Y Y
PR TS, AR A R RE S B R A s T o
R i, PR, ST SEAE X G R R L 31 e
JEE R R S /N B, [l o0 A UL R L B R
HORR, Wizt AshfiE iRt 15 680k
JSUR I o3 A, B ARAT LS SRR, SER e T
AR AT IERA 2. ASCE LN 7 o IRE
SR X UCT Hdhs 128 iR & J 1 Eidhs £ 1 I il 2
2733, AR o I NEE I BAK B AT iR R
B RIS T A A P AR SO Bt it S B i
IR, HE— D B T R A e P R AT

AR,

F 12 SRR ES

Table 12 Time complexity analysis of algorithms

ik I i) S 2

K-prototypes!*?] O((s+1) x kxmn)

SBACI23] O(n?4+m?2log(m?))
KL-FCM-GM][(20] O(T x (d x Uk + (c+2) x n))
EKP?2 O(T x k x n)
TWKM!P?7] O(kx (m+p+Nxm—N xp)xnxl)
WFK-prototypes!?®! O(m?xn+m?xS3+kx (m+p+NX
m—NXp)Xnxs)
DC-MDACC O(iterxmXx (n?+(n?—n)/2+ nx

log(n)+n/2))
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