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A novel clustering algorithm based on relative density and decision graph

ZHOU Shi-bo'+?, XU Wei-xiang''

(1. School of Traffic and Transportation, Beijing Jiaotong University, Beijing 100044, China; 2. Navigation College,
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Abstract: Clustering is an important research domain in data mining. For some knotty problems in clustering complex
datasets, such as uneven densities among clusters, miscellaneous patterns of clusters and the identification of the centers,
a clustering method is proposed based on relative density and decision graph, which introduces the idea of k-nearest
neighbors to compute the relative densities of data points, and uses the clustering by fast search and find of density
peaks(CFSFDP) algorithm for identifying central points, which can identify central points quickly and accurately and
cluster datasets of arbitrary distribution effectively. The experimental results on seven typical test datasets show that the
proposed clustering algorithm has good feasibility and performance. Compared with the classical density-based spatial
clustering of application with noise(DBSCAN) algorithm and CFSFDP algorithm, the proposed algorithm has better
clustering effect and accuracy, and has a wider range of adaptation.

Keywords: clustering; relative density; decision graph; density peaks; k-nearest neighbors; data mining

0 5 B

5 2 S — i 2 (1) R A T B R, B 24 T 1
I 0 3 275 7] — 4% o 0 5 2 W JEL A A 786 P
FEE AN [ 255 o 6 55080 B AT . [ A 402 35 B S )
(953 B A R 7 AR [ 2K Mg B A ), T e 0
TERETRAR I B AL, R 5 B A AR 4 e e
AT 4R B T 7 IE R e T R
ST A AT B 22 18] R % [X 400 FF (10 285 (X
s, BT RS B B R, R R R R — A &
TN — AT 25 24 O v A I B RE X 8
YRR, 2 BT ST P () T 20 T LA B 11

Yiis HER: 2017-06-26; 1&[E HER: 2017-11-05.

I, AR B R P A A5 I 5 B A 22 ORI,
4338 3 R Ak, L DBSCAN B0 A4 78 B 1 vh R
AN e = 5 A% 00X ARSI B 1) e D FE AL
MinPts= 9, 77 1 F %5 PIREAR RUKAE R — AN, T A4 14
M B AR R U] REAE g A R A B S A A SR SRS
s B, AR R T — MR AR SR e
Ab T,

FH T % P R B B T V2 AR, N X R ah
TR I I , ASCHE H— PP R AR U B R
JETE T RRE AR S5 FE R, 51N Kl 4T SRR R AR
Jei % FE 5 Je I A0 AT 35 P RE AR AR B ST 3

HEEE: HRARBIEESTH (61672002, 61272029,41501490); &4 H AR H4 10 B (2016]01243).

RERE: XK.

fEEE N A (1978-), 5, AR, EE, WHEERIZHE LN 0T T ARYERE (1964—), 5, #a, 24

F, NHBIEIZ YR EHT A
VA IFA/EH. E-mail: wxxu@bjtu.edu.cn



1922 # % 5

xR ¥33%

1 TEERER

{62 FEARE A REA RO BARDT 3, TR R SR AR 5 5
FOAHARREAS k5 10 J) R A5 SRR AE, A R0 Ak B A £ v
[F1) 85 AN B8 SO0 BRI 45 B AL i ARG, (R I, i
45 CFSFDP 53R o (1 v 5 P J AR 2 e b 0o 1, K
AR 5 VR REAS 8 R ) P B R Mk e Bt £
o 5% 1) 5 B 22 S K I CRSFDP B3 X A% rfvol ;538
PR S P 1) R, AR PRI o e b A SRR b 0. B SE
0 3o A S S 56 I P B B R R SRR A

1 AHXTIAE
L1 RREZEMRIHAR

MR AN [F] R B 1 DA KAt o AS 5] 0 B2, B R B0
ALy TR 70 BT R IR T BT
G P VRS 85 B (14 81,

FET R W7 O BAR R B IR S R
AN [E] PR A, {5 1540 A ARE AR 52 TRD 1) B2 B U AT g /S, T
V) S R T P B2 9 R M R K, LR AR T DA BB
T B 5 BIf%. k-means Bi% 21X 77 1 1SR4,
B RA R WL A R (R TR R S i E
TRk, S WIIE R O U, IF B BB 70 A KL
PEERAU AR 7, X LA R AR B 5B S TN B
1) gk 0121,

ETRERNEREETERZ@ELH EA Frs
A T R B A IS I 2 1. BIRCH(Balanced
iterative reducing and clustering using hierarchies)
51U A1 CURE(Clustering using representatives) 5
VRN 2 22 UK T 2 ) SR AR, BIRCH 592 7]
FA R 285 46 S IR PR R S8, R i & A T R R 4R, 1
Wi T AR 23 AT R B S BRI 116 L. CURE 532
R B ATLEURE B 07 72 58 SO, 7T DA e RO 3K 2 4
. 1H %, CURE H92%: (¥ 1 47 77 2CRE 25 A T 3R
TR AL, D] G AE AL BEASF AT R ) A IS L2852 PR L2

BT WA B R R R AR B B 2 &
X153 4 00 AS [ 1) 19X A% B o o, ok SRR A A B T
(15 5, b1 A2 R 1 X A% T Rl A% STING(Statistical
information grid) 5 V%3 DL & CLIQUE(Clustering in
quest) FyEI6] J& sl TR 1 - RS O SRR B 3R T
R I7 R A s AT R, PT LA PR S SR
HHE, TR R TRV AL AR 43 A7 R

BT FE I TR — AN TR B TS 4R 58 R I

AN BRI RANERURS S BE R IR B ARAN R

DBSCAN 3% /& ik 1% F2 1) SR R Bk i) M R R,
ZE R R SO B AER SR KE A IR
A R I X R A iR, A0 AR R R A
FEAR RATIEE 12 2 8 e I S/ AE A S MinPs 75 9
B IE 2 K e A MinPts % B 15 241, GE L R B
B AT IR A%, (ER 2 S 5 B e
SRS TINS5, F H S8 5 b S AN RN %
JEEAH 22 55 ORI, SR A AN R AR T o 3K 2 i) T, — 1
S PR T B e U7 v, H o OPTICS(Ordering
points to identify the clustering structure) &k 7 & £
A WO SR R I SOHE R U SRR
Fa, FEAS . Ak = AR 25 R, € 9 B B AAS LI R R
ST — MR, XN R PARER T HE 5 T %
(1) SR SR G 4, DT B I 1 460 N 2 B B ) . S
BR (1814 % FC #E 5: 5 DBSCAN Sk 45 & fR 7
— Pl DSets-DBSCAN J& I, A1 15 B R 45 A
TN ZH SR (191 #4100 A2 2112 2 H] T DBSCAN
S5, A AL DBSCAN B34 N 2 B0k DL FE 11 i) 8
SR [20] SR FH AR 3 16 48 A DBSCAN 53k, i ¥ T
DBSCAN %72 0} A% 2 i 50408 4 58 SR AR AN AR (1)
B s5; SCRIR [21] 50 T DBSCAN SL32: 147 i 52 ms, A
X 45k 25 B fe K S P AR A1 A0 e, T3 b 2 R L A1 R
TR A S X IR 1k, SEEL TR RE AN 38 5] B At
ERRK FEEMRETHEERNRERERN—4
0 1), 76 3 T DBSCAN (1) 58 28 5503k v, 38 ik 4T ek
A% e VR R TP FE A TE VAN S8 e HURE
JE. N A P IX — ), — e s S SR T R A TR
177 ¥, . # DENCLUE(Density based clustering) &
PR R KT R R AER . R R A A
THIREAS R 25 B, % %5 P52 R B0 R 30 f K AR S 1%
Hh Oy, 48 25 3 T L e R A e o 2520 T 281 254
fgrpts. SCRiR [23] 42 H ) DENCLUE 2.0 %f DENCLUE
AT T4 & AP — AN T sz e L i 72 F
BRI B T R I RCR, SCHR [24] 13 FH AR
3B KR 38 A% 5295 A DENCLUE 035 (1 1€ 1L i 72, 418
T TR IR SR 1251 B BE v AL 1L
iR, B R T DENCLUE 835 138 AT 20 %; 3
Wik [26] FH AH ALk 2% B R %0 % 48 DENCLUE 532 H &
PRIEL, Uk T DENCLUE 5950 %5 B AN 35 5 B 46 5%
SRR I, IR FH h 28 BBV B ARIC L 2ok B
RAEVEE M E. 54 ¥ DBSCAN H 1% . DENCLUE
BES KRB AR R RERTERN
[F], CFSFDP 5973 5% FH Jm i 2% A % B i i 2 R



%117

Jltk & —MHEA TN EEfr R BOREL X 1923

B AT SRR AR R SR B p AR R
P LU e R R AR s 1) P B 0, AR T I A 3 p A
& BRI PR 5 PSR i 5 7 ) v o G 338 p AT 6 B R SR 1Y)
FEA AR g0, e O 4R 21 5, TR R 1 AR H 0 s
Bl e 380 P L A A T EL A v P AL AR R
f# . CFSFDP 532 A bR % AT BT AR HHE B 1y %
FE W AR R0, FF v O AT FE AR 1 O AN B R 2 B, (H
e MBI R 2 A BRI B R — A RO
AT Ay FLA R I, 2 U R I TR R4 . P adix
26 [ @, SCHR [27-30]1 R FH AL 5 40 BRI EE AR L L
5 IR G I EA R TR % BETHEL, Rt 2 %
U A7 SR P TR 288 P o a3 W S IR X )R 2, SR [31-
331K kLA % B HL R | A T S F Bkt T
CFSFDP ik ARl U B SRS, B 1 LU HE AR 1Y)
Z4CSR, T SCHR [34-35] 38 1 1Y & 5K 25 F1 MapReduce 77
AR 5 T CESFDP VL IE 1T 30K,
1.2 k%

TR B SCHR [ 7142 H 1 — ol A i 00 i 48
R T (R 5 1 12 7 13 e ) 3 B R P SRR AR
1) Je 38 55 FEE p PR B 6 114 R 5 PR R A AR ) o, A
B NFEA 0 5 A p R R B E 6 # 8RN, %
RUAATRE AR A A O s, o p RO TR LA

pi=>_ x(dij —d), @)
J

X HL:dy AFEAR sl SRS 5 IR B d . 9
Wi P, — B N AR x () O-1 888, Mz < 0
B, x(x) = 0,42 > OB, x(z) = 1.

@@%@@? o
W 3 5%

@

]

(a) HZIH LR FHAI A

12
O]
0.8} ®
w (]
0.4-%
of @%@% D e
S -

p
(b) SAEA AR
B2 REKE

ARAYEFEAS R 10 J 00 S8 A PR 8 A, B rp T
DA LU 326 B, SRR (7] BA B 2 Bl s 19 380408 4 i
WY R SR I e B L (R R, [ 2(a) 3R AT 28
AL LR P HEP AR A i, X B A ] LA
AT B 2(b) 52 7353 LA p Al & DA ik 2 i 1 ok
SR, SRR, 15 F0 10 5 RE A fUAL T o 3R
(A A, Jr) 0 A PR AR B BT BOKR, 2 0 A

2 T AR AR R B RRE %

D RAE A B % A T S R 22 ) RO
RGP L AR, #2787 %5 [ S FEA R 2
PR SRR A SRR AL, T DAB R FEA il 5 A AR A
(IR B8 TR B I S 5 2R, AT A R 04 £ v 7 ]
B JEERH 22 TR IS SR SIS IR e ) i A A ke, A ok A S
BRI, St HREON 5 L AR 2R 5E XL
21 HEXEX

EX1 FEA fip kB E: kAT R IR B b
A mp Ik BRESE p B Y k3D 4R BRORER S, e
k_dist(p).

X2 FEA R p kB AR p NS D
I —ANREAS R, k_dist (p) AREA s p I ke BRES, FEAS A5
p Yk FEE AR S 5 p I BE B AN I k_dist (p) HIRE
AR EEN(p).

EX3 FEA R p X THEA R0 ATIAEE B k
AR R IR B FEAR s p MR T HEAS 15 o (K RTIA B B
Hreach_dist(p,0) = max{k_dist(o),dist(p, o)}, I
i dist(p, o) AFEAR S p 5 o2 [BIFIRK K E B

EX4 FEAR R pHIRIBER: N (p)| WA R p
9 e B8 835 P i 5 IO AS sl R B, PR A i p 1Y)
JR3 0 T AR RS A p ) e P AT 3 b B A AR R T
Yy ik # FE R B iR AR 1d (p). R4 2 AT 45

1d(p) = IN@)| /(D (reach_dist(p,0))).

0€N(p)

X T 45 TE ) e AR FEAS s p JE R RO RE AR i £,
L Je b QI BB BN, JR) P RO, PR, JR) S R A
5T 21 T R S 1B . 0 TR A A
FAH AR REAS R AR BB AL L, 5 N B R B A i
10 A3 . 52 SUREAR A AR 351

FEXS5  FEAS fp AN 2 FE A i p B JR) T
T RL G H kB AT IR N T R AR R SR T LT
S92 L, TR Ay RE R 420 p ARG 5 2, 21 o, (), B
pr(p) =1d(p) x IN@) /(Y 1d(a))

gEN (p)

EX 6 AZOREAR 5T X T REA i p, W R p AR
X JRE KT L e B AT 3 PR A A X R R )
{8, IBRFEA 1 p A% AR A S



1924 # % 5

xR ¥33%

KA & AR N B SRR U L RUE,
P OPEAR R A R FEA RV R N L —
APEA R T RA% O FEAS 15 5 1% 05 K B B Y A R
A R RN KRR R %, LU 3 ) (B rh szl 22
TR R AR 3 T AR B A DA A R, 20
8 9 AR A% Lo BEAS 10, 72 00 T P2 AR AS R W L A 3
I AREAR miM B, W0 R 2R % % &, D AR
REEAR EH AT 2 A, TR P AR 8 A i
F1 B RUBE, 3 T A 7= 5090 2 1) P PR AR, 7 R A

0.4
0.3}
0.2}
~
0.1F ®a7,}
0 0.8
40
32t
. 24f
32 40
X
(a) FEEAFEMIANEEHE
40 1.0
30; 0.5
>~ 20 Bitirrteitiiies SEEEIESIEN
: 0
10 :
. 1R
g -2
0 10 20 30 40
X
(b) BFARLREHEE
40 EEEE] 1.0
30 ' 0.5
> 20FH 0
10 : -0.5
0 :ZEEEEEE! -1.0
0 10 20 30 40
X

() PEAR CARA B
E4 ENEENSREE

— BT, R S R R A R AN M AR
4t BRI 1 A JEER S R 2R — AR AS e Je] R e
IE, T AN RE S R Hy — SRR A 1 5 HL ) L A R A
I ARGS 5 2 5 2R, T ARG 8 2 T DA R 221 ) 4 4
RS L ) R LA A o R R A L A
1 4 9 4511 S 1 WY K X 2 52 A P 85 52 4 DX 331, 1B 4(a)
FE3MFEAR B REEEA R B %, B 4(b) 2R
CFSFDP 5% € S Jy i L vH 545 I S AR A
FK) J53 #5822 P, AT 4(b) mh T DA Y, J) 3 % ik A
R AR R A B R A R R LS,
A R I, SR 0 AR AR, R B, R o
JEHITT 1R 25 b B e T R ) % AN Yo i =
A B SR AN HERA ) 1] R P 4(c) A2 R HT5E S5 TH5AS
B 25 FEAS AR HR G 8 B2 1B, T LU, AR 3 AR
TEARR B A R B B R LA AR R (E R & AR
FREA AR B BB 0 A B AR — B IR i T 4K
a2 TPOREAS 3231 PR RE R B AL, 3R o B A
R FR AR X 5 R R A 48 A5 3K 0 5 B A X B T BAAE
45— R R R )RR, AR A 2 T R T ik
TR, At REAR G 3 X 73 AN [ 5 2 AR A, S B 22
FEHH A R IE R 2K
2.2 HiAk

AR 2.1 715 R 58 SC, 3R H — Pl B A 2 4 x
J&E T Ve 5 P F SR 28 527 RDCA (Relative density-based
clustering algorithm by using decision graph). RDCA
SR et SR R A DA LA 5 . A
B 3 L LB K AR A R PR 5 6, 30 1o Ay AR X

RORALE, A SOT IR R AN B AZ O AR R AT
B BB AR R R b AR AR A RO kAR AE S
IR o 25 40 Wi A A 2 [) ) 55 % A B, [0 I R 408
A RS ER S S )  E FRY 320 5, DT S IR P A A A s ) 3R
J. RDCA B BARB IR U (K kN S3D).

Step 1: THE & FEAS i 2 18] (1) 70 55, FF AR & 1
~ 08 XATHE S AR S kPR kS AR ]k
P R ) 0 5

Step 2: MR 4 E 5 M3 (2) TH 5 & FEA KIAR X 2
P oy, RN B KT 2 FE L% s R B A s R S 6 1

Step 3: 2 il P 5K B AR I8 p,. A1 6 18, A FH ok 5 1A
T SE s

Step4: MRHE & X5 M E L6 X HEA k47 73 2K
(0 5L 00 1 R0 1), TR ITE FEA RbRIE N
ESILTE

Step 5: AL ARG R H— Mg O o, B

—MNEC;;



%117

Jltk & —MHEA TN EEfr R BOREL X 1925

Step 6: EFXFEEANHULFEA o TFIGREAT Y, ¥4
0; [ kAT &L AT & GNNTE C, I A e e 3 QB4R JE & 15
A i, IR U5 ], W R R A RS R, AT
Step 6, WA AERZ oA S50, WU F2 303 45 3R

Step 7: X T Step 6 $147 58 Z JG 5 S8 bR ic R Vi
e (A AR A, G TE QB IORE AR i 1) 7% VA8 2 AN R
28 50 B SR 2 1 — 8 JFdE S vy i,
R FEA AR BT AR A U BRAD AR T TR Y
FEAS R TG AT 338 e 35— SRR A 1 5 Step 7,
HE AL AR A R bR id A 2 V5 ).

2.3 BUESM

RDCA 53k DU 2 FEAE g o 585 i RUE, &
ANFEAS U AR T SR ] PR ) 7 G i 4T v [ Y
AIREAS 2, FAB AN 5 e kAT AR FE A A O, X FF B
REAR 7N AR AR 55 L K 3 AR A AR ARG S AR BEE, I
e HH AN AS RS e 30 AR Y B N R AR SR SR B AE
S, AT A8145 RDCA S AN I v 775 (1) 25 55 AH X 32 &)
R A3 B, T 7% ) 3 I 222 ) K P 9 .

RDCA SIS [A] 52 % BE HH 4 38 73 2 R 1H SRR AR
R TB)FRER B AH N T p, FEE 25 0, LA R AEH O
FEA SR 23 L. AEBUR R n TS0 R 1) 1HE
FEA f 2 ) R 8, IS (A S22 B2 O O () 2) AETHER
pr B, 75 BRGNS FEAR R0 kAN 40, B 8] 5 2% FE
RO, B n AMFEAR 2 1) kNI AR 1) R I 8] 55 2%
[E9O0(n?);3) THREAREMFEA SR EE S 6, I 18] 52 %

i 18] &2 4% % S O(n?). [ I, RDCA 5515 f i ) &2 2%
FEIEZ N O(n?).
3 SZRS5ZR0W
3.1 SNBEREFIENIRE
15 FH 4 > 3RS 0 N i s 42 R 3 A s H s

£E KA 36 RDCA 595 i 2k, 7 5 DBSCAN 5v2:

CFSFDP SHy% A SCHR [31] 2eisk (¥ CESFDP 592 (KNN-
DPC &1%) #:47 % L, 3 7 CFSFDP H. v 115 d. B, 44
P 5L DS2 HUE M A AR f 2 [R) PR BB 1% B 17 4
FIHT5 Go i B AL 1) 2R B H5 M, A E AR 554 2 Y.

SIS EAR AR R P LR 1.

*1 IRBIEERMR

G/ TS FEA S8 AN B K R R
DS1 788 7/3CHK [36]
DS2 240 2/3CHR [37]
DS3 800 4RI
DS4 1585 AR
Tris 04 4 150 3/3CHR [38]
Wine 344 178 3/3CHik [38]
Seed £ 4 210 3/3CHR [38]

R 11:DS1~DS4 9 A it H 45 4R, Tris K 4f5 45
Wine £ 45 25 11 Seeds £ 48 4 9 UCT 45 21381 vh 1) 31
SEHHE AR, X 7 AU SR AR A A BB O3 A L AR
S5 77 THA EEEOR M 22 53, e B e i 4R 1 24 H W
RN T G MG UE RDCA 532000 A 7] 8 B Hii 4R
3 R R,

K M OT VA S e 25 5L — 2 AT AL R 2R
ROR, — 2 BRRUER L AL 1. AT AL SR AR
AT EAELRL 75 I 3 i 7 8 SR S A A A 17 O, 7
— i SRS A A T B SRS I 1 Ak A T
AT DURS B 3 0 A SRR ROR, AR 2 B FR AR AT BLR
F, H T A 30 S50 B 2 A b 10 R 0 4R, 16 % 2
PR RIS 4 I 1 Al FE A (purity) 1 i B SRS HVE M
RERIHRTR, HAt R AT

purtiy = % Z a;. 3)

=1

Forp: NOFEAR S BCR, O NIRIANEY, a B 5
(1 &AM R PO O S — 280 KRB I B =, YR AR b
()98 BB AE 0-1 22 [R], — /N 0K P ki P AR AR R B e 1) 5
FERE.
32 ANEBRESLWERITEL N

F 1 DS1 ~ DS4 4 N i H i £, H U TR L
Kl 5. F 42 DS 1A DS2 SR T3k [36-37] Hfd 1
B4, BE 55 DS3 A1 DS4 A LA il PN — 4k %
PR, 7R IX 4 N B B2 vh, DS1AR 2R 7% 18] %5 5 AR X 1)
S) I HLAERIA]AH E (1 2008 S M2k, DS2 AR A% IR Hdis 42
FEXT 3850« AR AR B 5 HLAG J= 30 2 o o 1) 50 i ol
I, DS3 AR )5 FE AR 22 BRI HIBAR 2 48 1t £ al
BTN, DSA R A) 5 B AH ZE 3R I HL AR AR L1
AETE YUY

1) BRI TS 5 2 #r

Xof o NIE B R (1 SRR R R A RIEAR I
BRI AT B 7. 6 ~ 973 3 U RDCA ik
CFSFDP 7% . KNN-DPC 5% Al DBSCAN ik X 4
MW CEETINE S E v

i) &6 & RDCA 5% % £ 4 42 DS1 ~ DS4 i) 5K
RE R, BT RDCA FIE %O B2 — & RILEL
AR AL O, B R ES AR bR T O i
(SEAAR IET7 TEARTR AR ), BA B3 B oo i B 1 55 1]
(VSR B AR BT T U0 — b Ab 2. B 6 Hh T LA
t, RDCA B BE 0T &40 4R 45 A 155 & B ) BT F 3
SRR LE R, IF R B HLIX 4 2R F e 4 A
FAE A R EA . RIERS. AR E
AT SRR G L. AR ROk # B AR
Hr] DU R AR 2 B A N AR S P I R



1926 w % 5 & K %33%
1.0 FE I Ry 0 9 P A R I REAS i A A e Aty AT K
0.8 a8 2% B /N R HERRTE F o0 SR ERVE 2 4h, S 3

.00 RIH R Xof LB 6 AT LU H, %F T 58 R] 28 P AT 3%
0.4 S1HIEHE 2, RDCA By Fl CFSFDP vk ¥ BE EUAS 4%
0.2 PHREL ) SR R TR, T X T A% 1) 5 R 22 ) RO ) B B
. ,RDCA H i B3 AH E At T CFSFDP 374,
ot £ FVR R RO BT Hk
. 1.0 1.0
0.8} 0.8}
- 0.6} ~ 0.6}
0.4f Wy 0.4}
02} = 0.2}
00 0204060810 20 02040608 1.0
~ X P
(a) #E4E DSI1
1.0 1.0
08l - hER 0.8}
- 0.6} ~ 0.6}
0.4} 0.4}
02} : 02} '
0 T T : T 0 ! ! i —_—
0 02040608 1.0 0 02040608 1.0
x p
(b) HHLE DS2
10— 1.0
- 0.8} %‘ 0.8}
- 06F & ~ 0.6}
04t = 0.4}
02t 0.2} ;
000204060810 0 02040608 1.0
x p
(c) #4E DS3
1.0 é 1.0
0.8} 0.8}
~ 0.6} ~ 0.6}
- 0.4} 0.4}
0.2t 0.2}
O | 1 I‘,%.xl O r ! T s ’ﬁ{@‘
0 02040608 1.0 0 02040608 1.0
x p
(d) #dhE4E DS4

(d) #uE% DS4
F 5 ANESWRBIEEN_%HRR

JEE, TR A T & B AR A% TP . RO B e
S AR A i FL A B AR S R AR B R L
ZE] 7 AEAR s T EAL B SRR, AT S HE
A Hp B AN [ 1) T A AR I, S M K 3L T R ) 2
2 R R BRSE Hh o 1 S TR HE 1Y )

i) &7 /& CFSFDP 5 1% X £ 4 %5 DS1 ~ DS4 [
RAREE R, BT aT LU Y, 6T 5 [A] 5% B2 AH X 3
5) ) 4 5 (DS1 A1 DS2), 5B 28 A R B 4T, 2 A e g
SO A FE A R ) S SRR A L, T R T A ) 2
7 S K 1K) BUE 5 (DS3 Al DS4), CESFDP & 32: 1% fig
IE A IR ) 2R bty A5, X 32 B2 T CFSFDP 7%

Bl 6 RDCAEEEDSI~DS4 FERAHE

iii) &1 8 A2 SCHK [31]42 Hi ¥ KNN-DPC 5% %} 4
#HEDS1 ~DS4 KM &5 K. WNEIF A LLE 1%
X R 4L DS 1R DS2 1 R BRI AH 2 X T 1%
() 5 55 4 A /N 350 50 R 5040 4R (DS3 A1 DS4) 1 3R 28 2%
R . KNN-DPC B LA AL T CFSFDP &2 (1) J=)
B FETE S VR E R A5 0 T SRS AL AR i R AR )
5 22 ) KO0} SR 225 SRS 5 ) 4D ) R, R b %o 7% )
B O3 A AN S B R A () SRR A A A

iv) 9 &R T 4 di (1) DBSCAN 5 ik 5 £ 45 45
DS1 ~ DS4 [ 245 F (K1 9(c) A2 77 AT 9(d) A= ]
FEAR S DBSCAN HLVEAE Ay M e b 2 [ A4S 7).
M F ] DL H, DBSCAN 535 6k $ 45 43 A #H ot 2
SR B (DS 1 HITDS2) JER AL AT, e IE AR 5l



%117

Jltk & —MHEA TN EEfr R BOREL X 1927

B AP, TR 5% 1) 55 B85 4 A A 350 50 SR B 44 4 (DS3
FIDS4) [ 5 2K 48 A EE AR, iX F 22 T DBSCAN
SR A JR B8 FEAE R BE A R R ) RUBE, 4540
RUEREREAS U35 0 A5, TR AR SRR I 1) A A
FEAEME S p b B

1.0

0.8

- 0.6

0.4p = iyt
0.2 2

0

0 02 04 06 08 10
X

(a) #¥E4E DSI

0 02 04 06 08 10
X

(b) HdigE DS2

0 02 04 06 08 1.0
X

(c) FE4E DS3

(d) #H#E%: DS4

7 CFESFDPEA7EDS1 ~ DS4 FEEHHR

M6 ~ [ 9 H & B3R 0 AN [ 28 2 040 42 1) 3R
G5 BT LA A, 0E 3 7% B) 25 B2 AH O 35 50 i s 4K,
RDCA. CFSFDP. KNN-DPC fll DBSCAN 572 3 A
FREHUR BT I BRI, 4 Pl B R e A —
2, 2 B 42 R R 18] 9% B 22 I 3K B, CFSFDP K
H o3k Y KNN-DPC 5275 . DBSCAN 5 v2: (1) R 2 45
FANELAE 1 RDCA 5% 0] DL SE X 5040 4 1) 1F

1.0
0.8}
0.6

2382,
0.4  E=s

0.2¢

0

0 02 04 06 08 10

X

(a) HdE4E DS1(Aggregation H 4 £5)
1.0

0.8}
0.6

0.4¢
0.2r

%02 04 06 08 Lo

X

(b) F#4E DS2(Flame (4 55)

1.0
0.8}
0.6
0.4}
0.2}

0 02 04 06 08 10
X

(c) #4E DS3

0 0,20 04 06 08 1.0
X

(d) #di4E DS4
8 KNN-DPCEE7EDS] ~DS4 FEEHHR

ff 58 95, DF ik, RDCA SETE SRR BT & 8
DBSCAN. CFSFDP #1 KNN-DPC %, % A 7] 25 74 %t
PEEEMIERPET

2) AR PE R AL FEFR X LL.

F2HEATINT LR 4 Nt BE S R 545 R
i) purity ¥EAT F8 A5 E, H1 T CFSFDP £.i2: Al KNN-DPC
S B 42 DS3 AT DS4 F 2K 4%, % 1 CFSFDP &
5 1 KNN-DPC 57 % A purity W47 48 A5 18 1 St 1
fE. NFe2Hn] DU H, 75 A5 1] 25 B AH X 3 &) i B4
££ (DS1AIDS2) b, & 5 I R 4l 48 br{E 2
ARAH 2, AR, 0T 75 ) 25 B AH 22 35 K I 204 4 (DS 3
FIDS4), RDCA ik B AR T HoAh Bk,



1928 = # 5 X R %33%
1.0 LN
0.8 R3 EIHIBERLERIERIL
= 0-6f + ¥ii%E  RDCA  CFSFDP  KNN-DPC  DBSCAN
0.4y Bk Iris 0.980 0.940 0.973 0.793
0.2 Wine 0.944 0.883 0.932 0.665
0 . . . . Seeds  0.921 0.895 0915 0.715
0 0.2 0.4 0.6 0.8 1.0
x Iris 204 AR AR N &5 R AE R 5, B 5 3 K4
(a) HFdRLE DSI (Setosa. Versicolour Fll Virginica), & JSAE ) % 50 M FE
Ho 7R, 3 150 AR, MR 5 LATE I 1 K FE L 9 i J%
08 Fi K 38 95 T AN IR A4 A D A IR 2K 5 B A PO
- 067 fiE. B 4R b Setosa & HH IFEAS i 5 Ho A A% (AR AR
0.4r LR MET 4y, Versicolour % Fl Virginica #% FHFE A 55 E
0.2 LR A 4y, N3 3 AT LA R B, RDCA %72, CFSFDP %
0% 07 04 06 03 1o 72 F1 KNN-DPC 3% ] ¢ 3% 3% 43 JT, fH RDCA 5
x T 5 R 0, ME R M DN 0.980(Virginica 7% FH A5 3 AN FE
(b) Kt DS2 A A E] T Versicolour 7% 7)), A T HA L.
N — Wine HCHF 58 1 B AR — MU 2672 3
08 | R 7 0 5 T 47 A 0 40 T2 o 1 B, — 3%
- 06 B I8 AMREA, BAREA ) 134N B I AR £ 13
Pk gy w IR 2R 45 R 4l FE A 148 #5110 &, RDCA
HE R KNN-DPC 532 58 6K 2 AH 4, 1T DBSCAN .
X VIR, B R NV S b A PR A
ML PRI, A4 3R K PE A 1K
(c) HdifE DS3 Seeds F 5 £ J2 /N Bl T HUHR B, 7 AN @ 1R
E /N ZE Fb 5 R RE I 1 BUR SR B 3 RN A /N 52
Fh5, B — Rl 70 MEAR A, — 210 M REAR. K
~ 3 f) S 56 45 B AT 401, RDCA 592 5 88 B AL T KNN-
DPC %% /11 CFSFDP # %, DBSCAN .2 I 5 35 K
F B A
T To S5t 4 b 30 UCT 20552 ¥ 9 4 38 K v i
x [T B 23 B AT BA A B, AR SCHE HH I RDCA B 2 A
(d) %ufidk DS4 KT 1) 58 25 1 RE, e R D0 B S B0 0 4 10 7 40 A
El9 DBSCANEEZEDSI ~DS4 FERHHR 1iE, B8 KM Bk T CESFDP 5.9, KNN-DPC %12 A1l
Fz2 ANEHBEERIOEMHMEXTEE DBSCAN 1.
%  RDCA  CFSFDP  KNN-DPC  DBSCAN 34 RHEEZEXTEE o4
Ds1 0.995 0.997 0.997 0.995 1) 1B By n s 6L R MR 2.3
ol 5 43 BT AT 1, RDCA 5132 () 16 52 2% [ 9 O(n?). i)
DS4 1.000 — — 0.703 CFSFDP 5% i B 18] 145 3 BRAE 3N J7 H: — =&t

33 EXBIBEXRERITLLSH
S U6 B 26 ) Tris 204 45 . Wine B4 45 DL

Seeds H s 4 /& UCT s 2 L 17T H T MEANL 28 % 3T

AR T2 3 FAEERE 10 IR £, X 3 B S i
PEAS s AT R 2 202K, DR e mT LI I SRR 45 R AbR
T (1070 S0 LR it T S5 RS R R 1. 2R 3
VAR IR 3 F St 58 1 3R 2R 45 RN purity 1T

SRR AR AR A R B (R BE RS, I TR) A BER O (n?);
TR THRREAS R B B p, W B FERR R A
AN HAD T AR A 5, WS 2R n N FREAS U I ) 52
RENO(n?); =T SRR RE AR R B0 B 2, I 1) 2
R O(n?). PRIk, CESEDP 53 (14 154 i ] 52 2% i
N O(n?). iii) DBSCAN ik, % FE nl 1k 0 G 3R L
Fe 0 I AN W PHAT DX AT 1 S, AE SRR E B R, S



%117

B — AR T AR R Ak R B e R Ak 1929

LI TR & 24 R O (n?). iv) KNN-DPC 532 [ i a] 52
FE N O(n?)B,

2) RDCA 5.2 5 CFSFDP 5.l KNN-DPC $i.i2:
ARG, ¥5) 75 20T BORE A ) 1 R 25, 720X — pi b, B )
B — B 15 THEFE A R % B I, CFSFDP &1
BN FE AR AR 0 I W S R R % AU
HA BT A FE AR 5, RDCA HE T ZEH FEFEAR fi 1 k
ANEATFEA i, 7R LR b SRR A 5500 10 = 8 AT A
% 1%, KNN-DPC 5yl 75 B2 [R50 1) kAN I 4R
FEAS L. BRI, 7E 5% B2 BT HE B, RDCA S I [A] 14
FLWE KT CFSFDP £y, {H /& 5 KNN- DPC H k3L A
— 5 B O REA 54> BC IS, CESFDP 5325 52 ¥ A A
Ak O B AR R 0 TiE B R B L AT I LA =
FEAEREA RUTAE A T, SRR B R 75 — P R w]
52 i, RDCA 532 Al KNN-DPC 595 5% F 3t T RE A 5
k3 A4 5 ) HE A R AR R 43 T SRS TR, RDCA
SRLYE 4y BC AR HR G I R ] 49 22 = T CFSFDP
%, 12 5 KNN-DPC 532 I 8] 45 K B0 (). A 1
5, RDCA H2: 11 52 BRI [] 7 #E 55 KNN-DPC 532: 4
AR —FYAH 2 S GOK T CFSFDP 592

3) RDCA #73: 5 DBSCAN 5.7 A tt, DBSCAN
SRE I (A 2 2% B R R T X Bl s, X 5
i N S B0 V) A O, TE B N IB LR B ) 52 4% Ry
O(n?*). RDCA By fs Bt AR A S 2 MR & FEA
SR Ko 5 RV AR 6 2450 P8 A% R KRR A 55 ) B
R Ib 2 AMEA AR O AE AR m 2 L, 5 TF B4 R I
[F] 52 24 FE 35509 O (n?), IR Ik RDCA B3 (¥ ) 8] 5 2% &
BT DBSCAN A%,

4) MDA 5 25 S0 P B 1) R 4 FEE Pt Ll 4 T
PLE i, RDCA %% . CFSFDP #.{%. KNN-DPC i
FIDBSCAN B (8] 5 2% FE 3579 O (n?), BRAR 4K
B 8] 52 2% B 2 — 35, {H /& RDCA 5L 1T R AR
U XS BE I 3G 00T IR T R, A I TR R A S
KNN-DPC H9% 3 A — 5, {H & Z2 & KT CFSFDP &
= DBSCAN 592,

4 &

AR S T R B SR A S B N R Tz AR A, A B
TR 22 B A4 50 B0 £ 1) 2R 2K il A 2 %
JEE 1R SRS 4 T T M F) — i, g e, A S MBS
S P 4R 0 JR R4S B R, SINFEAS ) KA AT AR
S, SR A X R A O P2 R RE AR i B2 AR RUBE, i 6
CFSFDP 532 1 ) 3 B A D9 72 8 28 s TV,
ST b A R R P B SR B A
ANTR] 2 R Bt A 1A S 6 R WY, AR SCHR Y ) S e
B XAERIDIR B A SR B A JOR K, R

8 R AR S 1 3 AR T 8 L 1Y) CFSFDP 832
KNN-DPC 5.2 A1 DBSCAN 5%, H H 5 A [F] 2R A %
T 1) 3 PR B ) AE R, 78 SRV 1 B R S 2 1
Ifii, B #R RDCA %72 1 CFSFDP %%, KNN-DPC %
A DBSCAN BAfE [F] — AN E K b H R AEAH R 5%
£, RDCA 5L 7E R 8 R I RE I b ZE0E K T
CFSFDP 52 fIDBSCAN i, W] AR L 1) 5 2
PERIZE K 1) B Bl 5 ) R A 5 T 9T 11 B 2 A

2 2Z 3 #k (References)

[1] Jain A K. Data clustering: 50 years beyond k-means[J].
Pattern Recognition Letters, 2010, 31(8): 651-666.

[2] He H, Tan Y. Automatic pattern recognition of ECG
signals using entropy-based adaptive dimensionality
reduction and clustering[J]. Applied Soft Computing,
2017, 55(1): 238-252.

[3] Peng C, Kang Z, Xu F, et al. Image projection
ridge regression for subspace clustering[J]. IEEE Signal
Processing Letters, 2017, 24(7): 991-995.

[4] Rothlisberger V, Zischg A P, Keiler M. Identifying spatial
clusters of flood exposure to support decision making in
risk management[J]. Science of the Total Environment,
2017, 598(11): 593-603.

[5] Suzuki S, Kakuta M, Ishida T, et al. Faster sequence
homology searches by clustering subsequences[J].
Bioinformatics, 2015, 31(8): 1183-1190.

[6] Ester M, Kriegel H P, Xu X. A density-based algorithm
for discovering clusters a density-based algorithm for
discovering clusters in large spatial databases with
noise[C]. Int Conf on Knowledge Discovery and Data
Mining. Portland: AAAI Press, 1996: 226-231.

[71 Rodriguez A, Laio A. Clustering by fast search and find of
density peaks[J]. Science, 2014, 344(6191): 1492-1496.

[8] Han J, Kamber M, Pei J. Data mining: Concepts and
techniques[M]. 3rd ed. Morgan Kaufman, 2011: 448-449.

[91 Z=Mes, ATINAN, &0, 5. —Fh k-means 50 SOV 1 JF

ATACSEELS B (0], BT RHER 522241, 2017, 46(1):
61-68.
(LiXY,YuLY,LeiH, etal. The parallel implementation
and application of an improved k-means algorithm[J]. J
of University of Electronic Science and Technology of
China, 2017, 46(1): 61-68.)

[10] ZEu, BRI, 2R, TP 1 22 S FE AR I W AR SR 2R

L R B0 KRR TR SRR ). 136 5 5K, 2017,
32(4): 759-762.
(Li W, Zhao J 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.)

[11] Oliveira G V, Coutinho F P, Campello R ] G B,
et al. Improving k-means through distributed scalable
metaheuristics[J]. Neurocomputing, 2017, 246(7): 45-
57.

(12] /NEE, W, IR, 5. — M3k T K-Means 5
A 1 RO FE (], BR324, 2008, 19(7):
1683-1692.



1930

F %£33%

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

(23]

[24]

[25]

[26]

(Lei X F, Xie K Q, Lin F, et al. An efficient clustering
algorithm based on local optimality of K-Means[J]. J of
Software, 2008, 19(7): 1683-1692.)

Zhang T, Ramakrishnan R, Livny M. BIRCH: A new data
clustering algorithm and its applications[J]. Data Mining
and Knowledge Discovery, 1997, 1(2): 141-182.

Guha S, Rastogi R. CURE: An efficient clustering
algorithm for large database[J]. Information Systems,
2001, 26(1): 35-58.

Wang W, Yang J, Muntz R R. STING: A statistical
information grid approach to spatial data mining[C].
Int Conf on Very Large Data Bases. Athens: Morgan
Kaufmann Publishers Inc, 1997: 186-195.

Agrawal R, Gehrke J, Gunopulos D, et al. Automatic
subspace clustering of high dimensional data for
data mining applications[C]. Acm Sigmod Record.
Washington: ACM, 1998: 94-105.

Ankerst M, Breunig M M, Kriegel H P, et al. OPTICS:
Ordering points to identify the clustering structure[J].
Acm Sigmod Record, 1999, 28(2): 49-60.

Hou J, Gao H, Li X. DSets-DBSCAN: A parameter-free
clustering algorithm[J]. IEEE Trans on Image Processing,
2016, 25(7): 3182-3193.

Smiti A, Elouedi Z. Fuzzy density based clustering
method: Soft DBSCAN-GMJ[C]. The 8th Int Conf on
Intelligent Systems. Sofia: Institute of Electrical and
Electronics Engineers Inc, 2016: 443-448.

Ienco D, Bordogna G. Fuzzy extensions of the DBScan
clustering algorithm[J]. Soft Computing, 2016, 22(5):
1-12.

OB, PN, AR — AR T XD R R R
01 AL TR 5EE, 2014, 36( 9): 1817-1822.
(Fan M, Li Z M, Shi X. A clustering algorithm based on
local center object[J]. Computer Engineering & Science,
2014, 36( 9): 1817-1822.)

Hinneburg A, Keim D A. A general approach to
clustering in large databases with noise[J]. Knowledge
& Information Systems, 2003, 5(4): 387-415.
Hinneburg A, Gabriel H H. DENCLUE 2.0: Fast
clustering based on kernel density estimation[C].
Advances in Intelligent Data Analysis VII. Ljubljana:
Springer Heidelberg, 2007: 70-80.

Idrissi A, Rehioui H, Laghrissi A, et al. An improvement
of DENCLUE algorithm for the data clustering[C].
The 5th Int Conf on Information & Communication
Technology and Accessibility. Marrakech: Institute of
Electrical and Electronics Engineers Inc, 2016: 1-6.
Rehioui H, Idrissi A, Abourezq M, et al. DENCLUE-IM:
A new approach for big data clustering[C]. The 7th Int
Conf on Ambient Systems, Networks and Technologies.
Madrid: Elsevier B V, 2016: 560-567.

K, BRI, AR, S5 KA Sk 5 DENCLUE #1
SVM H HL 1~ B FFHORR2 W D). W 7RV Tl K227
R, 2015, 47(7): 122-128.

(27]

(28]

[29]

(30]

(31]

(32]

[33]

(34]

(35]

(36]

(37]

(38]

(Zhu L, Li D B, He F, et al. Fault diagnosis of belt weigher
using the improved DENCLUE and SVM[J]. J of Harbin
Institute of Technology[J]. 2015, 47(7): 122-128.)
PR R, BRI, ST, —hRE T AR R A
MR R B REVE D). E R R AR,
2017, 53(2): 368-377.

(Jia P L, Fan J C, Peng Y J. An improved clustering
algorithm by fast search and find of density peaks based
on boundary samples[J]. J of Nanjing University: Natural
Sciences, 2017, 53(2): 368-377.)

Mehmood R, Bie R, Dawood H, et al. Fuzzy clustering
by fast search and find of density peaks[C]. The 4th Int
Conf on Identification, Information, and Knowledge in
the Internet of Things. Beijing: Institute of Electrical and
Electronics Engineers Inc, 2016: 258-261.

Wang S L, Wang D K, Li C Y, et al. Clustering by
fast search and find of density peaks with data Field[J].
Chinese J of Electronics, 2015, 25(3): 397-402.
Mehmood R, Zhang G, Bie R, et al. Clustering by fast
search and find of density peaks via heat diffusion[J].
Neurocomputing, 2016, 208(6191): 210-217.

WA YL, LB, WS, KT AT 1 i 8 e R
AR IRREE ). E B 5 B, 2016, 46(2):
258-280.

Xie J Y, Gao H C, Xie W X. K-nearest neighbors
optimized clustering algorithm by fast search and
finding the density peaks of a dataset[J]. Scientia Sinica
Informations, 2016, 46(2): 258-280.)

Zhou Y, Ting K M, Carman M J. Density-ratio
based clustering for discovering clusters with varying
densities[J]. Pattern Recognition, 2016, 60(11): 983-997.
Du M, Ding S, Jia H. Study on density peaks clustering
based on k-nearest neighbors and principal component
analysis[J]. Knowledge-Based Systems, 2016, 99(5): 135
-145.

Zhang Q C,Zhu C S, Yang L T, et al. An incremental CFS
algorithm for clustering large data in industrial internet
of things[J]. IEEE Trans on Industrial Informatics, 2017,
13(3): 1193-1201.

Zhang Y F, Chen S M, Yu G. Efficient distributed density
peaks for clustering large data sets in MapReduce[J].
IEEE Trans on Knowledge and Data Engineering, 2016,
28(12): 3218-3230.
Gionis A, Mannila
aggregation[J]. ACM Trans on Knowledge Discovery
from Data (TKDD), 2007, 1(1): 1-30.

Fu L, Medico E. FLAME, a novel fuzzy clustering
method for the analysis of DNA microarray data[J]. BMC
Bioinformatics, 2007, 8(1): 1-15.

Lichman M. UCI machine learning repository[EB/OL].
(1998-08-16)[2017-11-05]. http://archive.ics.uci.edu/ml/
datasets.html.

H, Tsaparas P. Clustering

(Griesmig: H )



