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Automatic Clustering Algorithm Based on Density Difference

CHEN Zhao-Wei'?, CHANG Dong-Xia?

Y(School of Computer and Information Technology, Beijing Jiaotong University, Beijing 100044, China)
%(Institute of Information Science, Beijing Jiaotong University, Beijing 100044, China)

Abstract: As an unsupervised learning technology, clustering has been widely used in practice. However, some mainstream algorithms
still have problems such as incomplete noise removal and inaccurate clustering results for the datasets with noise. In this paper, an
automatic clustering algorithm based on density difference (CDD) is proposed to realize automatic classification of the datasets containing
the noise. The algorithm is based on the density difference between noise data and useful data to achieve removing noise and data
classification. Moreover, the useful data are classified into different classes through the neighborhood construction procedure.
Experimental results demonstrate that the CDD algorithm has high performance.
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57— 2B Ha 1) 2 Sk /IS AR R S 008 1) 2 S M B KL SR K 5 40 RN, 40 2 A B 1 oo R B 7 2K A 46
E& M ERIEL T, B 1 AMFEAW B REAT 70 28T SR 2802 — M B 2% 213 R, B 7E 90506 A S 38 A 36 A 15 0
T BB HEAT N R 1 — ATk B R R B TEE S . A BT o SO AE 8 T
T3 B

MR CEAR T KR RSB M R B, KRBT UL N TR AP RFER. 2T
W L BRI T2 12055 4 o i 1 1 00 0 7 9 AR 40 o 2 AN AR AZ (0 A AN S AR R B R
A AR AR TR k-meanst™ 3l s 325 (000 52 a7 B . R, A B K HSCHR A S2 A X e 45 R v 2R A AE A B
T B 4 e 2 B, HL L WIE SO, AN & G R AR T BUBR T (9 5, Xof <0 75 RIS s URR B T R IR
7 VR ot B S AT 2 VR M R B — AN R B2 O T AN T AR — AN AR R A R R
(agglomerative nesting, i # AGNES). 24> % (divisive analysis, & F DINAN).IX F 77 32 AR A 2 FRAR faf 22 2%
Ty 2B R SRS AR AN T, R N DR e A B b T IR (6 v e AR A ) 43 S BR AN B s Y A
2EK, DL TG R HEAT B A0 TR AR R B & CLIQUE(clustering in QUESE). I3 il J7 vk 0 A5 A2 &b 3 55 B, 5k
5 R4 B a0 H A % TR I sl et R R 2 0 e R B A % R ff P52 T RE (1] 405 52 b 5 i) T R ) R R
TR AN S BEEAT 5 S ARS8 B RN AT 40 28 3R )7 DBSCAN(density-based spatial clustering of
applications with noise). OPTICS(ordering points to identify the clustering structure).iX F 7 7% B4 55 /2 7] LA & 30
AT TR B0 2, 500 A N e A B0 B A SV BB 2 0 b e BB, 32 5 FE AR A R A K.

DBSCAN 1 Jy i B4 ff) 5 T %5 5 1) SR S S0k ol T L e AN 230048 o0 A T IR B0 5 mm), DR M AE SEBR R 9 30 T T
bl ) R NN TTINE A RN UK i P i3 privkee o = 2 s S I vt i AR T BV < (W ik O =357 o 7 = .8 1)
A7 (A 5 T 5200 7 (] 1) 58 25 809 (influence space-DBSCAN, i #% 1S-DBSCAN)HIEE T [ 4R 48 114 &2 (edited
natural neighbor algorithm, fii#x ENaN)®!1IS-DBSCAN 5142 Y 1 5400 4% 18] AOME &, 78 40 I 1 i A% A 1)
Fpe 10 AT, B 2 (142 B BRI DAy 5 0 2 [, HE AR R 528 25 1) (R A R 4R R 0 i O ORI 75 0 AT SR B T % &
R R A R R XM ERAR R AN S T EREB AP T REEERR TR S ERAAR
WIS, 24— L B B 24 1 — AN 25, T 1 Se PR (0 2R 2. ENaN SvE R T 1 4R Balm AT Ao & T AR B
¥ T o A G TN N 1 S e B 1 S I o 1 W R N R 1 L RS S N el N = o NN 1 53
7] 5 3T 40 R A HE AR A 3 408, T — 8 3 A s ) 30 00 ) s DU e MR Ay M 7 o T R o U T A o 40 3k 1] S L R
J5.ENaN B 0@ TS HM 7 vE SR IL T 8RB AR T 5 ¥ 50 75 B9 AR AR A A RE SE LA 2 &1 4

Tk — A O A N P N Y SR S I A, S I A RSO 1 B BN 2R R A AR SRR T — R R TR R
1 3 R SN A MR R SR SR A E SR L TR Se R 3 T R A Mg G 9 L R A
IR EIRL B 2 VRGN B SCATIR 0 2 T 5% 5 2 4 1) E 3 I 8 7% (clustering based on density
difference, fij#k CDD). 5 3 19 S I 45 A 56 4 35 X BATHE th A Sk HEAT 45, R0 Ak AR I b 22

1 ETEEENHNRERNEZX

e, FATA R T R R E
N 10ESBEERS). FEA S p MITSBEEE kg (p) 7€ XN
(1) BUFAE kK DMFEA g 75 d(p,q) < kg (P);
(2) UAFAE k-1 DFEA g 75 d(p,9) < Kyg (D),
Horb d(p,q) BaRFEAR p 55 q 2 18] 8 3,3 BL3RAT T4 5% P Rk X B s
TE S 2(8B13). FEAS 5 x B4R NN (X) T SCNBIREAR 15 x BIFEBS N T Ko (X) FOFTA REAS A5 (1 B2 4 B
NN, (p) = {X € D\{p}|d(p, X) < kguu(P)} 1)
Horh D fRF S 4.
EN HERZE). 4w B 4, W FAE A pU B ] BLE SCH
FOO=Y2 (% Y) (2
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K1 ##udk D1

M 2 W7 LA 7 AR R v I BB UK P 5 A R 5 FRAT A R L JRATI R 7 — P T
G B MR P U 32, 308 o xR AL A A T, DT S IS I P R 28 K Bt 2, HL AR BRI R .

(1) AR Q) AR AR I AT H 1S F(x) <F(X..);

(2) X HEFP 5 5 L R AT 22 0 1 LRI R () — F(X);

(3) #RENZE e KAEXS ML H FEBIE T = max(F (x,,,) — F(4));
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(1) HA R Q) b SR A S 1 AT HE A8 F () < F (%0):
(2) 4R 5 R R 2 2 7 B BT F () — F(%):
(3) T8 BT 596~059H RE AR H) 2 4 B A L HY 5 FE B T = max(F (%,.0) — F (%));
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Fig.5 Dataset D2 Fig.6 Density difference curve
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Fig.7 The overall flow chart of CDD algorithm
Kl 7 CDD HEB AR K

E X AR EEERE). St 45 e B R 4, Nb(i) 3om Sk 47 b A5 i 30 A0 0 1 D Ath 30 40 1 v 38, B 4 SR
TE{E:ie NN (p),peD H p=i, M Nb(i) = Nb(i) +Lk =1,2,3,...,n, iIX ¥ k 5 # 1L 5614,

F S I 0T AR AR s SCAT L ST — AN BHE 4 BB A3 N (EBR R, DU 58 % S SR 2 i s L L B
B SRAR B B 10 5T 0 R bt AT 39 338 MR 1) 0 80 20 K ) AR e e SR ) A 3 B X3, AN T AR AIE 3% RE B
T34 119 Nb(i) = 0 1B BL AU 7T 55.CDD BvE I BB AN B0 2 BioR. 8 2 WTRA 1k )= In) 3 40 4 Nb(i) #1468
NN, (). A r =1H 86 AR KT B s S r IR A8 BRI THE S T 1988 r AE4808 00 Nb(j) I L3E s j &
NN, (). 4T A AU RS r i 485, e vk e 38 A R A 484 A0, BT Nb(i) = 0 A9 s A4 Num. dn S M r -1
ABF] r AR Num (AR, ) E— 25 1+ AN s 00 1+ LUE A0 20 B Num {548 A48, AR A7 Nb(i) AT NN, (i) 18 H 1
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SN0 1 GRSEREAT TS AR S AU, B T ERATE BN NN, () O] BERK, LUE T AN 73 I AN S I
R, L BATHCHT 2/3 A3 i A D iR ARG AT I 5K AR REAS 070 SR, 1 2 € NN () B350 P9 1) A
R CE IR W RAFAE S0 SR 1, 8 8 BT 38k P B3 I 20 R B0 U AR SR 45 1 1 R AN AR A, U3
MATFRAE Lay TUAE 25 st 160 0§ 43 2858 BUG K 2 ND(i) TRE Jy—1, By B8 22 548 Nb(i) 35 KD A BT RASRGIE —
8 Nb(i) = 0 19 B HUs B REBZ IR B 2 JSHE AT T (9 NN, (1) ABS0BLE — A BABI KT FEBA B A AR 4 20 1) 1, T 2R
G5 LA i AR I WAL IR LT 25 301 20 SR TR AT 20 28, 95K 55 1A jUBI R B 2 FE B A3 1 A2 BB

&% 2. CDD &%k

N HHELE X
iy - C AR A
FEDIR:
1. HIHEAk: r=1,Nb(i) = 0,NN, (i) = &;
2. Al X A AU T EE R riEAR |
a. Nb(j)=Nb(j)+1
b. NN, (i)=NN, (i) u{j}
3. T Nb(i) =0 [ 55 1 £ Num;
4. E Num fE ARZE:
r=r+1 SR 2 BAIEE 3 5,
WIER Num BB TR AN AL
IR 5;
30
NP 2;
0
r=r+1 IEANSE 2,
5. fRAFEFHHH NN, (i), Nb(i);
6. HUAT 2x| NN, (i) | /34 s AE AH BT NN, (i);
7. While(1):
8. FE Nb(i) f R R x;
9. WR y e NN, (x) H Class(y)=0:
10. TELAEIE x HITH] y FIZEFRZEIRE x;
11. 745 )
12. Class(x) = Lay;
13. 2NN, (1) AR B — A2 BA,
14. While(BA %1 4k 75):
15. TEBEBLFIZE 1A 55 %,
16. W Nb(x,) = -1 (K53):
17. 412R y' e NN (x,) H. Class(y')=0:
18. TR LAEFE x, BTy BRI X,
19. 300
20. Class(x,) = Lay;
21. Nb(x,) =-1,
22. NN, (x,) AR>S0 m gl BB
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23. TR BAFI A B S 1A 55
24, end While

25. Lay = Lay +1;

26. R FTA 25 Nb(i) = -1 AL
27. H 4 Break;

28. end While

3 ZWERKSH

T AR CDD BE A b, RATHEAT T 47 B SEB se a0 R A 4 2R M 7 1 N D3 48 % B
R REHEAT EL B 5286 b FRATTE 1S-DBSCAN. DBSCAN FIA #2551k CDD HE4T T %t Eb. S8k 45 R R W,
AT HTIE CDD HE T LA 2k Hh i s B0 4 0 25 ) B, S B x5 7 T 78 R 4 O A K03 28 s 36 b TR B s
LUK 8 Firar, 20 o8 D2, D3. D4 1 D525 %) 4k B an & 9 .

X
(d) D5

Fig.8 Four groups of datasets used in the experiments
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4E T4 F ~;DBSCAN B3 A1 CDD BiAREW AT B # s, IERf 42 9 T 5 2% T #5454 D4,1S-DBSCAN 43
T 9 2K Bk T IER Y 5 2REE AN B G 4 NS EME S Y EUE F A5 R4 #%;,DBSCAN kM CDD Hik
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LR — 2501 1S-DBSCAN Hi%,CDD HikrE HAEFH — AN S Bl T, RE 05 e L 75 1 A6 R 73
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LS T /D B B B S — S L | CF | AL 0. BSR4l (B B A, T 28 R 3 AN 0oy S e f HL SR K
TR B2 0 B RS U R AN B 2 H R R 2

3PN 4 AR AR A B T B A R R LR LR g BT LUE H 0 T 808 42 D2,3 B EVE 1 pur A8 TF;
St F#yE4E D3, D4 A1 DS, ] LA H A SCEE A0 %, CDD B3 pur {8 & T HAth %k 41 %+ T DBSCAN 3%

il FH P54~ 2 %0,CDD SRV — 1S4
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B
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X
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Fig.9 Clustering comparison results by 1S-DBSCAN, DBSCAN and CDD for four datasets.
Clusters arerepresented by different colors
K19 1S-DBSCAN. DBSCAN #1 CDD 3 ft SvA1E 4 ZHAHE £ b xS Lo g B AN 18] B e AR R AN [ 2 )

Table 1  Purity calculation results

F=1 ARG R

LA IS-DBSCAN DBSCAN CDD
D2 96%(5 ) 96%(5 ) 96%(5 %)
D3 49%(9 %) 87%(5 ) 919%(5 %)
D4 519%(9 ) 929%(5 ) 96%(5 %)
D5 649%(11 %) 85%(8 ) 999%(7 )
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ST U B v e 2 (1 22 I B i) BRI K B AR o) R FRATTHEAT T SR IRT H 4 #

(1) T X e 7 AR 050 43 Y B 5%~959%, 43 A X 435 /. 5%~95% % 10%~90%i% 3 Fi% % D2. D3. D5
HEAT M PR, S50 b gl A 10 BT, = A TR DX ISR R D G N F M R R XTIk
ERIN 10 MG L 485 SR AT LU 40 SRR AT S 82 5 0 L, M4 30 o 3 AL, 0 4 R AR R RE, LT BT A 1 A
HRHE T N 5%~95% . 10%~90% 1 AN Vi [l K, T LAAR 47 b 73 5 L Pt 7RI P et oF M 75 1 G 00 L

&

10

iy

Fig.10 Noise detection results of different data range.
(a) column: All points, (b) column: 5%~95%, (c) column: 10%~90%
B 10 AN [ Bt it 9 Rl AS 00 e 75 25 5 () 71 4% 5 AL, (0) 1:5%~95%, () 5):10%~90%

(2) &txF B 3o 28 #2 v BT 2/3 AN AR AR A SR AR 3 ] JL FRATTHL D2 D3, D4, D5 #EAT SEEe Xt
e, o0 1 B AR IR HON 12, 2/3, 5/6 F1 LA AR IR R4 N5 2 B 4 K5 H Wk 2, WR T LUF H,
FEAN R B3R R BN IR M H AR A B B R R AR Y pur (B4 11 Pros &5 R T LU H 24 B R H0h 12
i}, D3 Fl D4 Hii 42 40 KR R AT 24 AR AR HON 1 A X H % 42 1 D5 Hi 424 BB R AT AR IR R H0h 2/3
1 5/6 B HP fE 0% 15 H TE B 16 28 A0 4500 B FRAT g X 2/3 1 S 2 B2 DR A0t — e Ll e s 4R 19 s B A R & T 4T

(3) X% k BURMER -, FATH Bl 4 D2. D3. D4 Fil D5 435l M k=6 2| k=20 2 [a] 7] & Jy 2 BU{E 34T
XL SEE . R 3 R IR M H A k AR R, 7T LLE tH,D2. D3 Il D4 %4 SR 7E — 8 X [A] 4 & e € 1),D5 £k
P AR 0 B K pur (E TS R & 12 fros A R oI LLE H, B AR kK B IR K EX T 2088 45 D2 3% #20H,
HPE4E D3 HI DA HH X ik Bh RN, T AR LA 25 H2 0 D5 S AR sl oK (B K B E IETR Kk {8, th Ak 28
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HEM 45 2R
Table 2 Comparison of clustering numbers of different neighborhood coefficients
T2 AFRRIE R B A X
il 5k 112 2/3 5/6 1
D2 5 5 5 5
D3 5 5 5 5
D4 4 5 5 5
D5 7 7 7 6
1.0 1.0
0.9 09 T
0.8 0.8 r
E 0.7 'E" 0.7 r 1 | A g J 1
[ [ » * \ [ \/ "
0.6 06 T & & A—D2 |
—9—
0.5 0.5 —— D4
— D5
0.4 : ; : - 0.4
03333 05 0.6667 08333 1 1.1667 4 6 8 10 12 14 16 18 20 22
06 4 3% BT k

Fig.11 The clustering results obtained with Fig.12 Clustering results obtained with different k values
different neighborhood coefficients
K11 RSB RBOR BRI K12 AN KRR B

Table 3  Comparison of clustering numbers of different k values
F=3 A kEREEBH XL

e 6 8 10 12 14 16 18 20
D2 5 5 5 5 5 5 5 5
D3 8 6 6 6 5 4 4 6
D4 5 5 5 5 2 3 2 2
D5 11 7 8 5 7 5 7 7

4 BES5RE

ARSCHR T — R T B 22 00 () 1 B SRR BE, SE AR R G 7 AR 5 A e T B A (22 e SR T A
TR FEZE Iy B MR P A U, O I I e S AT SR B AT R 7 ik 2 — 2D S T R B 2R B B s g o R
CDD FiAAE S BRI AR rh AL it 24 NIE A8 S %0 K, TG 5 4 i 150 00 40, BRIV v iz 0ot 50405 4 24 031 5 hn 531
(0 B Bl 73, B8 A2 SE B b LA B (0 N AT S SR B SR IE T T IR SR A R R R TARR S M IE
B {3 52 bR 4 S B E B 2 I AR S 4L
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