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Abstract: Within the internal organization of the data, the data points respectively play three different structural
roles: the hub, centroid and outlier. The neighborhood-based density factor (NDF) used in the neighborhood based
clustering (NBC) algorithm has the ability of identifying which points act as hubs, centriods or outliers in
separated-well data set. However, NDF often works poorly in the circumstances of noise and overlapping. This
paper introduces a polynomial kernel based neighborhood density factor (PKNDF) to address this issue. Relying on
the PKNDF, a structural data clustering algorithm is further presented which can find all salient clusters with
arbitrary shapes and unbalanced sizes in a noisy or overlapping data set. It builds clusters into the framework of
directed trees in graph theory and thereby each point is scanned only once in the process of clustering. Hence, its
computational complexity is nearly linear in the size of the input data. Experimental results on both synthetic and
real-world datasets have demonstrated its effectiveness and efficiency.

Key words: data clustering; polynomial kernel; neighborhood-based density factor; directed tree; graph theory;

overlapping data; structural role; structural clustering
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3 F (K B 255, a2 B R AR A 1 2 R 1 1(a) B s TLAELR A T0T 3 TR 10 008 A 4 B 2 ok e U0 B i
S 50 AR L P TR S TR 5 L L(e) I s DR R e A ) b K 7B PR AR T P BR ES (Euclidean) B 25
A5 R AEACL I o, O L3 FRAH T BE 2 fe a1 s A L oAy [R) — 288 DLIE 31288 A AR ARLPE B K, B0 2R A et e/ Y
H (198K 17, 6 - 91 DR 2508 S b, 288 1) E B A A0 /N T8 P BE S B SIS N ARABUPE /N T2 Ta) AR AU 1 1A 46 5 B
DUPA 5. A1 0t 00 TR R 080 1 2 288 I 80 4 5k 52 31 T AR K 1 S v BT LG T ¥l O R 77 0/ 22 0 0 1 SR 2 4925, 461 dn
T B 42 (10 7 0] S 2y kT8 e 1 2 T R AR 10033 2R 2 07 1091, DBSCANIOURISE T 41 4 114 2 2 (NB C) 4 1. iy
P95 35 43 ) 2 0 Ji e I A % ) ) 8 2 Ak OV R i B 2 vk T g 4t 1 T S S IR AT o A T —
SEORAHAZ R TR s, a1 L(c) o AR Gn P 1(d) T s T e 7 R BT AR AT AR AH 24 SR 5 7 % B) DBSCAN
NBC, #if A& JE T~ FE 1 7 32 % 1 I M Jsi A 2800 Do) 10 LA R 25 2 A0 e AT R T 7 25080 mii 10 Je 30 2 A B AT
PST T FEAGE 8 AL B 2, A — AN SRS pH 2 oy S5 2 o A ) — AN e ALk e AT T e 8 ke DR
TR RS (R85 1) B 2, 35 S0 )32 03 JH P M L T 75 NBC [#12R 2K 6 77 Lk DBSCAN 1 58 tH ML [R] Oly 76 3R 25 i
FE 0 4R 45 25 15 R - (NDF) ,NBC a5 BB AT 1 Hi i s AR B A4 Lt 11— e 5 ) MR A 530 7

BN b A TR 0 N SR AL R 5 R TR A AR Hb A 3 FIAS [ I S5 M A 2 ) 2 B (hub) T I
B (outlier). 38— eI 32 AN B AN DL P SR8 00O 1 A A 555 s S 10 o 1 1 328 25 T A 110 2R 28 214K,
FEAE T A B A R BB 3 FiAS TR 1R 45 R Pk £k o 491 T 4 (clean) H. 43 B8 1% i (separated-wel 1) ¥ £ 4t 42,
1(a) 1 1(c) s, RIVAT AN 2 B AR 7 0 25 03 i (0 i A bl Bl () AT 1(d) o X — U AR IR A
B S S A, B SR K T 0 B R T A AL A, A A DR O TR R Ak £ o % B
Ha 4 JE B TE (non-metric) i AF: 1) B 42230 (proximity ) i o SV vk ff 1 HUIK 26 25 b A R o) 7 48 B M B 0 AT
R AEH L.

5 AT 35K 1) 58 28 (NBC) A2 P AN [ 4T dsk 5% 13 [H] 1~ (NDF) a2 b st i k-AB3 L (K e A 5
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IX 3 FASTAI 1) NDF B/, I AT IR Hm ri 4t A Y M R D AR 2% e 13 s R 6 . i NDF (149 5 ST 2601, 5
A2 A dERe A SR K2R 10703 B, B e A5 e J50ql h (1 50 53 A0, an 2R 2R 2 1)
A HL 25 AR AR T 22 0 S0 S0 s AR AT AT B T30 A E AT JE T LA A TR 1 2R 28 B e 42 1 L/ AN R 1 2R 2,
PR — P T B 1 G A R 0 T LT B I k-2 [ 0 A1 0 A — AN AR DR O B S k-4 )& BTt
WRAG T AT A8 T AR I, S e ok, B 2 T A R SR 2 AR 3z, ATt — N B AL 2, 3R AT NDF 58 4 68 J7 1R 51
Bt o A R TC R A 2 R A R S TR A AR TE R WA AU O MR A A5 A B8R R AN 2 B A A B I A 48
T NDF. NBC A — &L fHiMe vk, 37 H RS & L IE T B 50 AT B TR . AT 2 K /NI 25025 8 fg B 210,

AR KRB ION s k-4 1) 5 S N 380 1 19 B4 A 2 ) AR B R R ) NB C Ul P K G B 1 sk
7 52 VR P B 2 TR A LA R S DG 3R X AN 1 T 8 B8 AN 7 B (noisy) B8 . PR D 3K i 2 S R A Al L
P 5 B AL T 2R S 2 B) (1) 3% i m e 7 SO R Lo i B L) R 1(d) s AW 1K S 88 i R 75 [ A
BeVF 2 p AU L IR AE A S ECT NBC X 5 2 B0 ANy A — 5 W R RN T 1 B0 e e o ) R IRE NBC i Uk T
SR K MRS SL R At T A R, I FL v B 2 A S Rt b A v SO ) T A 8 2R 25 (modified
NBC, /i Fx MNBC) & =258 b 1y @ 47 11 ¥ (directed tree, % DTk 54k 528 47 JUREAT 1) B 3t JLAN S8 63X 7E
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Fig.1 Toy datasets with two different distributions
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AL 2% i) e B B R 283 A T2 i b R R A A AN A% R B s (0 A e T e AR i s K T
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kernel based neighborhood density factor, {#Fx PKNDF),'t fit 18 & i fiff 52 WS ) 1) 22 T0 500k 25 ) o 8 AN AIE A
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3] OUTL IER
(a) A simple data (b) NDF values of (a) (c) 3 structure points in a toy network
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Fig.2 Distinguished NDFs of different points are useful for discriminating different structural roles in the data
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2) WHAELZEK(x,y) = f (dot(x,y)) (dot(,:) K HE).
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EX 2n rEBIREE E).
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(0,0)F1(2,0), % T+ AT R ACH 5, 3% HLEL(L,2), ' 5 A BEE AU 2E R = £ T (1] 3(a)) a1k 2 3 A WS A7 SR ey —
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(b) Corresponding ones mapped by the polynomial
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(a) Three data (0,0),(2,0) and (1,2) constitutes

a triangle in the input space kernel with rank 3
() fAZ I 3 AN £1(0,0),(2,0)F1(1,2) 24 i) = 1 T (OELIEZ2E:w A TP
Fig.3 Change of pairwise distances in the sample space measured by the polynomial kernel induced metric
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Fig.4 Inter-Distances between overlapping points vary with the rank of used polynomial kernel, where points on

the inner and outer circle are denoted by “ « ” and “+” respectively
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{ELJ 152 X 2 T AT 1 2 TR R 5 AR R T L KR 2 (1.2) 4,
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ST AR LI L+ (c + )2 x| 72

dy 0 y) _ @)+ (3,)" - 2(a)"
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b
&

a, = (+ )/ @ e+ ).
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a, = A+ @ )/ @+ e+ 02,
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a, = L+ c(c+ NX)/ @+ e+ X)) .
T ie(01)(=1.23.45), 1 lma) =01 tim 900 %0) o g o n LRI, 0 5 ] LSO
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A R ) B /NS 22 DR b, DA 5 SC U m G, A 0 S 30 i, O 4 O
12 EFZHLRAZBEEERT

T, L P KGR B R d (-, ) IR d (%, y) | B A B 2 0 1 A0 35 % ) TR F (PKINDF).

EXIETFZMA BB EE R F). 752 WL RRE S ) AT E ML X S k=40 30MT k-4 o
TN LA R R PR AE A 18— AN 5 T 22 IR 11 &0 Jal s B TR 7 ]
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FH IR, Knng, (X) A RZRFHE 25 T (G X ) X 10 KRR B, W) 22 T AR R AIE 25 ) X, 1 X 1) K-283804
KNBpy (X) = {y € X|d,(y,¥) <,y =x],

J k=48I0 k1 R _KNBp, () ={y € X [x e kNB(y)} 2Lt r =

PKNDF(x) =

max d_(x,0).
eknnpy (x) n( ' )

[ B, PKNDF It 3 Rl ag, BIOC T 10 25T 1 /N T 1,0 B8 S e H AR AE A0 5T 4953 A [i) 465 g 1
£ (0. PKNDF {8k T 80451 1 (1) £ 78 24 3 2 2 511 Je0y PKNDF {423 1 0 11 5 B 4 BF {1, 1) PKNDF {8/~ T 1
LT 1(— MR T 0.5) 1 s 8. M Ml 500 it m FH DA B SR 28 T 480 FH DA 26 1 AN 2R I 4k 24 7 P B
ML HEBRAEAT A 2 b,

SR, G I AR T T S ml T AR AR T, 8 1 P NDF JEAS BE I Aff b S e B 34 AS 5 7E B0 A B AL 21
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(a) NDF (k=10) (b) PKNDF (n=5,k=10)

Fig.5 Discriminated structure points in the same dataset by NDF (left: n=1, k=10) and PKNDF (right: n=5, k=10)
5 FHIFHHE S P23 i B NDF(Ze:n=1,k=10) & PKNDF (A5 :n=5,k=10) 1 J1] (1) A~ i) 25 4] 1 £ (4

2 HZHMUMERMBIERERZX

TG AT 1 B SEAR G (1 R

EX AR EEMA @R A E GVE) R LV = X =%, | B 1 4
E ={e(i, j)} M B (40 50 x, 28 108 x5, Hog RN i B 745 50). 95 50 0 T R iL%E {ey, ...} A7 e IER RTUN Aey
I 50 A I EL e I 00 e A (k=10 —1) JUFR {ey,... e } g A B AFIAT Jf B 47.

T8 X AAT W RT3 B Al H R T _E(B-U)A A LR (T-D), 3 1 SR

TE X 5(A RG22, A fhy ERR A 1R AR LEAR PR B A (R0 A B BI04 10 5 42) 3 HLAE 7R ME— 11
FAR AL (D) AR ASRATATA ) U (R R)5(2) AT RIOEE S ARl — 4 AT 1A K 6 2
(2% 50);05 R L3R IR 45 25 R 53 BIFR A B-U Rl T-D A5 [l B AR 45 25

I RS A 16 R 759t T LA A ol R R S ] 6 7 0 R R A, AT R 46 A
R BT 58 402 ) 2 R B0 20, SR L AR B A, R T, — BRI 200 B X A L RIS & R T
G RUIIG BT — RRAT T A, B2 A B 0k A 7 oK U, TR B 5 A AT S B 0 (0 45 AR b AR
LR R HH B AN W7l SR A5 5 A A A 2 AL 1 0 i B 24 088, 11 L, — L 80 T M 2 4 AN 7
A BB A b IR A R R ST I 745 5, 145 R 4 A A B R T T AN R

o i\b\% /cl/\ >

(a) Top-Down (b) Bottom-Up
(@ A kifi F (b) B Rify L
Fig.6  Two ways of building directed tree
6 ARSAT R BT P by =K
A SCKH S SCER[12] T MNBC Sk FEIR < B0 T i ARE AR SRR O & s AR e RO Bl 1
(PKNDF(x) > 1) A4 H AT Bt fie 7 S04 9 b 2 e PR 45 s X To BA e 00 ik, A 48 R BOT LAy AR A%
BELBE 3 ) &5 RUORIAS AT BB RE ) 10 &6 n B AT BETRLER 07 (1 500 45 50T LAAT 1 4 m AN AT BB B8 ) i e 4 A
AEAT 145 i, HURBAE L 1) b 45 p T F00 R AT B0 8 07 1 B AN BB N AR AT I 1R &5 i L BVE R
Bk L SR ) B o SR K (SDTC) ik
(1) LREFEALE X ={X, X Xy } AN kAT 2 AL L BV SRR AN FEA ST PKNDF(X) i =1,2,...,N .
(2) WIEEAL V=X, Num_trees=0, Itrees = .
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(3) M vxeV, PKNDF(x) <1, U5k 28 1k 75 ), 52 (4).

(4) AFEEIEFE x eV 3L PKNDF(x) > 1 AR 51, 3 kNBy, PIBR B SHAMRIIT A &5 sfE N 745 5000 x 5L
KNBpy AT AT &5 st IR 2 57 A7 1) 3, T F— RRAVUAAT T B, 30 Itrees = {x} UKNBg, (X) ,JF4 1 = kNBpy (X) .

(5) WIIESE | AL PKNDF(y) 21 I 45 i y AR W45 sl (LA B A 0 1 45 s LA R A6 A A
REgE A7 y B3 KNB, N ITE 25 1A Tl (B AR e T B E CAEFE IR &5 ).l

I ={t|t e kNBp, (y).t & Itrees, PKNDF(y) 21,y € Itrees}
4 Itrees = ItreesU | .

(6) #7{ye1|PKDND(y) =1} =@ ,Ji| %5 (5); 1 I, Final _trees=Itrees, Num _trees = Num _trees +1.

(7) Hrdi A A Final _trees ;4 V =V \ Final _trees ,i&[](3).

(8) FEAA M Final _trees Jy— /N2, Num _trees g 2B AN H0 R B AEATAR] — BRAG 1) b6 b1 45 i Bk o
FHE (0 ).

REEH VAR REAR S PKNDF AR B 20 3R (1) 57 4% B8 e v, o5 B 380 B3040 ) 3 19 B8 128 T o 6 B 2 B
O(N?), 2 H N g &5 i B30, B RE A p i B 3852 b, LT BT AT SV 0 B S el 2 1) 8 0 P . R b 5 AR 2% pE b
B LTSS 2R B ST (T S S A P bk TR A s AN B, B O(N)2, DR Ay A R AS i B i ) — WL 1F
DR g sk 2 9 A 3 3t 7 P DK RARE F) 80308 20 b il R, T P 14 2 S D2 28 3k — 5 b, iy SCHR[26] 7T 0, BE AR A )
B SIZBr EXS R T — AN AN I T ), BRT M 32 550200 ) 6 o0 & s VR B BCE o RIS 18 AW A 0 &5 1 JT 46
e B 1) B S TR AH [ 30 1B 7 7% X={xL,x2,x3, x4, X5}, 24 n =1,k = 2 I, 23 i LU0 55 x1,x2,x3 A 45 i,
BV 1 AR 3 BRAN A B9 TR AR AR A AR A 1) B PR &5 A R, 380 5 x4, x2,x3, x4} I H. x5 2434 40 4 BYAHL. 55 4, th
T 1B 2 A 5 = 5540 T BRICE , BR i MINBC 850904 SDTC 803 I — AR, 640 T 1 B SDTC 41k,

- V=5 k=2
X KNE (x1}y
o — KNB (x2F

R KNE (x3)

T SR 9 f{?@ XS,
\ ?]I_,.’ JRANB (<1112, 5453 @ @ ':\_{ @

J R-kNB
/' R-ANB
* R-kNB

S~ \Ili R-KNE (x5)=Ni

Fig.7 Simple illustration of the generation of directed tree
K7 A 1 2 RS A ] o s i

3 KR5S

B 26 LA Sk SDTC 5 SCRR[3] 7 6 NBC 49, 2L Uk Lb A SDTC 154080 C 344 (FCM) A S 5 (sC)™
IX P Fh e LTV
3.1 5NBCEZEHILLE

WIHTHTIA ,NBC HIEA 3 MAE (1) ok B & A0 dn4E;(2) e s bl B sk, 2 28 5 BOR 8 R
(3) FEEEAK 2 k0] IEAIUEE R ok AR AR P o A s A ok W SDTC SvA BB T it NBC By FHIRAN 2.
311 FESERS S REE B s

B R 3 ARG H s (Pl 8 FIaR), IR IR, ARER 43l 100,200,300 AN E i sk, BB A
B BE M E A7 0.2,0.3,0.35 T HLIE N K 0.4,3 AR 2 [a) 1 B R OR B OK L S50 45 L R K B
a(w=0.2),NBC 1] LA IHE IS5, i % T4 b,c,d,NBC [¥1 58 234 15 SR M A 3¢ SDTC H2ixd T84l a,b,c,d MIAR
RS BRI (VE WL 7), 30 0] SDTC B f% Ak 37 75 Hdfs 1 B8 25 ) L,
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Fig.8 Experimental results on three concentric circles with different widths. From up to down, the three rows are

input data, clustering results and cluster labels. From left to right, the parameter settings are n=1, 3, 3and 7,

k=18, 16, 17 and 10 respectively

8 4 ANANIF]HE S 1 3 A [l Lo [ A A B s g5 L B R, 1~3 A7 20 Sl A i N Bl SR 4 R KR

MIEFEAT A~4 5143 B NBC, =Fr. = Fl-LFr SDTC 1Y

B, Hrb k=18,16,17,10

Bifi J5 2% 18 1t P AN IR ZH B R B0 T I NBE R LI 75, N ER g 200 A A (IS 7R), 288 300 AN (SRS R OR),
[AII I T 200 ARl 7 (5 7R), 1 UL 1(d), 4350 NBC 527k R0 T 2 A% 1) SDTC Sk kAT 5
B A B 9 iR AR NBC SB2 58 4 W, 1 SDTC I [ 4R MK P9 31 M1 AR IR S8 Sy AN [ 19 P9 2 (B 98 A

WP SRS I T L),

0 100 200 300 400 500 600 700 -4 -3 -

0
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Fig.9 Experimental results on a two concentric circles contaminated by noise. The first two columns are ones by
NBC (n=1, k=21); and the last two columns are ones by STDC (n=5, k=17)
9 IR IR P AN PR ) S B 45 2 HT P 51:NBC(n=1,k=21); )i P #1: SDTC(n=5,k=17)

312 RN RME

NBC 5y (1 58 25 45 Bt 230 k JEH BUK, MR 7 NBC N A T 4R SDTC 550 S50 k (Ui %
B 1(c) P A AR R B AR, e A A B B RO R B AR SE I 45 R LR 1, BARRIR e B ALIE 5 A
2K, H A5 488 T 8 1 A IR (RITHS B 25 00 TF) Bl &5 .26 1 bk M\ 6~25 IUMH, 1T 55 NBC 571 3~6 [ SDTC
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FLVR IS 43 2 5 R 2N B I B AR A P 2 00 JT ) B 2 s ST B4 00 38 A5 S A Ok BRI 4n R 120 AN
FUITIR M R ER 2 ¢l FNJ5 180 AN i BT g 1 st R BRI 2 AN ), WA KK W5 2803 T, 45 WAl B4 K P 203 0T 38
WAL RIS A RN AT 120 AN EHE 2 R ER S A E T ¢l AN 4/120+)5 180 M IR FR 5 A% T ¢2
A~ 45/180.

Tabel 1  Test results of parameter sensitivity
x 1 SHURENIAS R

Error rate/cluster number

NBC

SDTCofrank 3 SDTCofrank4 SDTCofrank5 SDTC of rank 6

k=6
k=7
k=8
k=9
k=10
k=11
k=12
k=13
k=14
k=15
k=16
k=17
k=18
k=19
k=20
k=21
k=22
k=23
k=24
k=25

83.67%/23

68.00%/17 34.67%/5
39.67%I7 34.67%l/4
37.67%l4 26.00%/3
10.33%/3 10.33%/3

0/2 10.33%/3
19.33%/4 0/2
11.00%/4 0/2
Failure/1 0/2
Failure/1 0/2
Failure/1 0.67%/2
Failure/1 2.67%I2
Failure/1 4.67%I/2
Failure/1 6.67%0/2
Failure/1 9.67%/2
Failure/1 11.67%/2
Failure/1 14.33%/2
Failure/1 14.67%!/2
Failure/1 18.33%/2
Failure/1 20.33% (F)/2

59.33%/11

67.00%/10
35.00%/5
27.00%/3
35.67%/4
25.33%/3
0.67%1/2
0.67%12
0.67%12
0.67%12
2.00%/2
4.33%2
7.33%/2
8.33%/2
10.33%/2
13.33%/2
16.00%/2
18.33/2
20.33% (F)/2
23.33% (F)/2
24.67% (F)/2

57.00%17
34.33%/8
27.67%/3
36.67%/4
2.33%/2
2.33%/2
1.33%/2
2.33%/2
2.33%/2
5.00%/2
7.33%/2
11.00%/2
12.33%/2
15.67%12
19.00%/2
20.33% (F)/2
23.33% (F)/2
24.67% (F)/2
27.00% (F)/2
29.67% (F)/2

43.33%/6
39.67%17
29.33%/4
4.67%12
3.67%/2
3.00%/2
2.339%/2
4.67%/2
7.67%]2
13.00%/2
14.67%]2
18.33%/2
20.67% (F)/2

32.00% (F)/2
36.33% (F)/2

A LLA L NBC By 25 k=11 W3R 54 s, it SDTC Hik U B T X 240 k (A GUEAE 3 T
SDTC 1M &, % W BN 3 Br~6 By, B /4475 10 A k1K) 2 50{H BE W% A1 40 58 g FEA (1) A SR AN AR 3R 9 25,
10 73 g T AR Z 400 NBC 5 SDTC AT i 4 7> 28 F1 SR 2840 H AR & 35 i 8] 10 (7234 ] LG
HUNBC SR RIS 43 S AR ) ZU B Kk 1 & 2B AR 40 41 &, SDTC S 4 43 5 A4 U BV 2245 %2 1 10 (194718

W) S T BRR

RN FEAR IR XL W) ZHL K (IEIO SDTC I SIS /T NBC 32 .
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Fig.10 Comparisons of NBC and SDTC on error rate and cluster numbers varied with the parameter k
K10 240 k BUAS A NBC A1 SDTC £E45 I F M B EH L Lthig
3.1.3  ZAREUEFN Iris Hdl Ergsicss
NBC S 55—~ FUH ] S B AN A ) 20 PR ES #0112 8 ) AN 3t ek 22 I A% 1) WIS U 56 408 3R A3 8
1(0) >z IR B (B 5 A7 3 RAL A, B — 2R 8 4P B — AN IE 25 20 A1, %5 A 100 A Eedfs (20 50 TIN5
B 3R0R). 8 11 2R T NBC RT=Fir s DURT . Fk 8% SDTC i f s 36 45 & m] LU H NBC Joik
¥ 3K IF A 1 RFNEE 3 BB T — 3K, AR 4% 1K) SDTC By figds 3 2853 IF. b w] W % T+ 2 IR B 4
42, SDTC [AIFEB B SRATFA N R 2R e 2L
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Iris 5 A2 W A SRS MAEE JE A 150 A Edls sidink 3 28,58 2 BM%S 3 2K —E H & .NBC Hik ik
JRTIRIE Iris Kot 24 50 2 RANES 3 JEIR N — 2,10 2 A% (1) SDTC Sk LA e s ks Iris $odf 5600 3 2K,
SR IR 2R ARG R 1 0 SER14 BY{H).

50 5 x -l 40— . - I 3O verm e ern 3.0
4.5 1 3.5 |
4.0 = | 2.5¢ 1 2.5
e | 3.0 eeom .-.—.-l
1.0 ; | 25 | 20 = oo — 20 = a—c—
25 | 20 o — | 15 15
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1.5 | T — | () i
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Fig.11 Experimental results on the overlapping data with clouds of points. From left to right, the four columns are
results clustered by NBC (k=9), SDTC (k=11, 14 and 14) respectively, where points denoted by “O” are outliers
K11 ZREE R NRIRE RS 1~4 517050 NBC3 B 4B 5B SDTC 2R 4R,
S0y 0 k=9,11,14 F1 14, H v 5 el 7 0 2 (w0 oy B 1)

Table 2 Clustering results on Iris by the polynomial kernel induced metric

F 2 MM Z WL B Iris B SR 45

SDTC Rank 5 Rank 6 Rank 7 Rank 8
(k=12) Error Outlier Error Outlier Error Outlier Error Outlier
number  number | number number | number number | number  number
Class | 0 6 0 6 0 6 0 6
Class Il 2 4 2 7 5 4 5 4
Class 111 10 4 10 5 10 6 10 6

3.2 5FCMFISCE LAY LLER

RS 3.1 R s L4 R W] SDTC Sk fig % 30 it NBC STVL I JLANAN AL BEWE 2R 25 22 B 2 200 1) B0, 1)
IR} A M 7 | PR DL N 2 B B S MR L AT SDTC S0 R P il 28 B 57— C 24 (FCM)FTi%
TEI(SC) VL UAT LL# AHST T FCM R SC,SDTC S5 K 1) DX e T AN 75 B 50 45 e R B Bt gl o2 3, AR 3¢
SLEASTE BN R BEABAT S0 10 7 M, JELE e 28 kot T LA A S Mok b AT SRR AR e — A T
FHE AT S AR S 0N T R R 75 11 Iris 200l JEAT S5
321 N L Lses:

2 JEAE S T (] 12 JizR) Fou) 3 VA EAT LLER N AN BEL 43 A 7 T2 (-4 100 A 20 I L ER
(200 A A7) i J 3 ANMEIE R (47 200 ) B 45 B 12 110485 SR nl LUt A SO VRS 3 1 A B i S 30
BRI R R FCM A A i T I 3 807 ¥k 22— e T A0 25 ) 1 (9 16 R (AN 36 78 0 4290 50308 1) P 3 &5
Fa, RO 55 1 AN s B R P AN 7 TE 8048 40 I T AN B 2R 28 (R 0 % 55 2 MU AR A e AR oy i T 3
FARFEA R IE MM BT 3 AMRTE R G 28 2 H TR 2 RIS 2K 075, 5 FCM A B, 15 2R 25 T et i I 4K
5 117 P9 30 5 0, L 50 1) 5 ) 55 52 2% i T SR S FR Al e s Th A B P ] LU Y, SC AR LE FCM [ 2R 28 45 S AH
o LA AEATY AN B8 76 40 B3 RN I Y 3 28, A BE 8 43 b 2 I E A (¥ P 3B 45 440 A SC VL SDTC 4k 7k I n 5
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T NBC BIZRIRE D), BB R IUAS AR « AN [ 28 20 (0 500 54, 30 I 3 2 R 3 50 3R 15 7 S AN S50 3 A it i
&R
3.2.2 U ANEFE IR A (Y Iris B4 SEUG

HOR] C S4B AN ST DL D% Iris Hcdm HEAT 528, B 55 3.1.3 5 ml a1, B LA R (¥4 SDTC . fE s 1)
K Iris H4E . b T LL % SDTC,FCM Fl SC 0 W 75 FIHF AR (1 8 # M, R FH X 3 P S 32000 in N — SE WF i 5 W 7 AR
) Iris B HEAT 23 5 B2 B SEAE Iris Bdliin A 4 42744 (a,0,0,0),(0,a,0,0),(0,0,a,0) F1(0,0,0,a), 3K A 3L 4
RO C MBI 2 I R HEAT LA, 45 R LR 3.

Fig.12 Experimental comparisons on two synthetic datasets. From left to right, the four columns are the ideal
clusters and results by 3-rank SDTC (k=15, 17), FCM (c=3) and SC (num=3)
Bl 12 BN NEEO SRR B g 4 S N 2 A, — Z US40 53l BEAR 2R (= 28) . 3 By SDTC(k =15,17).
FCM(c=3)#1 SC(num=3)

Table 3 Comparison results with the added outliers
F 3 IANEFAE S )RR A5 R AN LU AL

Methods _ Error number

Iris a=10 a=20 a=50 a=60

| 0 0 0 0

FCM (c=3) I 5 2 1 e

11 10 14 26 0

| 0 0 0 0

SC (num=3) " 1 50 et "

11 13 0 0 0

sDTC : 0 0 0 0

(k=12, n=5) I 2 2 2 2

11 10 10 10 10

SEUAE Iris Hdli HoIn N 10 ASBIATLIGE 75 S, REA 16 7 2 1) 4 > b3 7 X AT [0,a] A BE LI (B, R 5 &
A [ () 2 40,3 B 9 (10 45 R P 18 Proas . B 13 o R AR o Dby SRR ) B AR, 0 AR A D 20 A B B4R SR
3 AN 13 W LU H M 7 A0 B ADG AR S 15 R SRS 45 R LT3 S (ER RO C 33 ELAN 1% SR SIS PR 5% Wiy 200 AR X
O NUNITRIE SN IS

4 HEHRIE

RSP T TP S AL I AT ) B SR I (SDTC) ST, FL rh 51N IR 28 T 2 I A% 1) 40 3 38 TR e AT A 2
i i A G P AL R 5 R PR AR S AE N TR SE s Bk o T SDTC X8 R 2% (K it T sl 2 IR A4 # H
7 RAF (SRS 0, IF Hoo e 7 | B S 8 e 3 HLAT — S R FE (0 B MR k. 15 NBCTH J 6 M 1) SR 3K 517 FCM
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T30, T A B PR A AN S AN A kAR IR A R k-RI 3 P s AN B G, BRI A SR A [ 28 2 (1 B 4,
BRGSO HE M s S AH R (AR S R, SDTC R R i 21 22 B S A K B0 45, 0 A AUAUR BR T AR S 45 i i) —
SR TR RO A, AT S RO AR . N BRSP4 35 s W 4% Bedis SR 25 9 b b, B4 A SCRE O Ay
T P A i) B, 3 0, 2 A S i o8 20— 20 2% SR IR Wt 9 il R = By o).
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Fig.13 Experimental comparisons on Iris data with different outliers (left) and noise (right)
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