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Abstract
First, the algorithm applies the low-density separation density sensitive distance to calculate the similarity matrix. By

This paper proposes a low density separation density sensitive distance-based spectral clustering algorithm.

the exponential function and flexibility factor, we can achieve increasing the distance between different manifold data
and decreasing the distance between the same manifold data, which can effectively reflect the global consistency and
local consistency of data distribution. In addition, by adding relative density sensitive term to take into account the
local distribution characteristics of the data, isolated noise and “bridge” noise are effectively avoided. Finally, we provide
the method of selecting k-value of k nearest neighbor graph based on SC (Scattering criteria) index and the method of
extracting eigenvector based on spectral entropy contribution rate. In the experimental part, the effect of parameter
selection on the performance of the proposed technique is discussed and some suggestions about the determination of the
parameters are given. Compared with the state-of-the-art spectral clustering algorithms, the analysis results demonstrate
that the proposed low density separation density sensitive distance-based spectral clustering algorithm performs well on
artificial and UCI benchmark datasets.
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Fig.1 Global consistency distance diagram
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Fig.2 Local spatial coherence distance diagram
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2.7 BEERE

DR A SCHVE R T Dijkstra f5 56 i 1% 559226
KA AR, ZEETEE R IRE N O(n?), n h
FERANEL. [RIBZ S50 R B0 R L i b B hr
W RE MERF AR AL 20 A, i )R TH SR R EE S O(n?).
PRI b o] A AR SCEE T R A2 O(n?), H R
HIRERIF LAk

3 LIGHH

ARSCH I 4 A 5250k DR A S R R 2
E. T Jeb A SRR Y R S Y 3 8 /I\J\Iﬁ%}é%
hIE SRS NIJW 3R ETET (NJW-SC) .
FE BRI SR LT (DS-SO). ”ﬂ;#mﬁﬁﬁ“*ﬁ
108 (DP-SC) 3T B 1 doe e LA B 5 13 SR 2%
Hi18 (DSGD-SC) (52K ah Fuk AT L o b,
W, ARSI AP LE R T p Ak IEARSEL M e F
BHTHHE 08T, IR U ALY, BeE it 8 4~ UCK
AR AE S HOE B IERITE. BJn, X5 Rk
TR ) B SR AT 0 M. SEEGEAEE: Windows 7
BAE R4, CPU: Intel i7, 3.4 GHz kb33, 1) H K
% Matlab 2010b.

3.1 EEIFMIERR
h T AT BB S L A, S g T A
FoE Fabr, FRUEE A5 B (Normalized mutual infor-
mation) FI2=fE i FEEL (Adjusted rand index).
A5 (Mutual information) & F el & A~
B AVIERE. BB U 5V 25 N MEAR

PREEIRI P B0, WP R oA (KA (9575 1K 22 AN
JEREL) 739108

U]
=" P(i)log (P(i)) (23)
V]
ZP’ )log (P'(j (24)
Wy, P(i) = |U|/N, P'(j) = |V;|/N, U 5V 1
A B S
Ul |v|
P(i, j) )
P(i,j)1
ZZ ) Og( P()P'(j)
(25)
Hoh, P(ij) = |U; N Vi|/N, kREAL S 19 A5 6

(Normalized mutual information, NMT) HAH K
RIGRMLT, TFHEAN:

MIU,V)
HU)VH(V)

WHEUE 4R 40 (Adjusted rand index, ARI) f&
AT e R R SR R B PR R, ORI )
B IR FEAZ A I KA. BEXRTREA B2 K1) 5 Ay ) 2K,
T2 Ko AR, S8 i e 1T A R SO O VR
RCFLENPERE, 0 T—A7 N A AR
&, RI febs it Al h:

R(U,V) =

NMI(U,V) = (26)

(27)

Horp Ny, BRI 21285 1Ak REAS AN 5L,
(U, V) [0, 1], HEUER, YiIH IR0 10 1IE /R
3.2 (FEHIELELH

SRR T 8 NN LA R 4R, Spiral %¢
#5 #5. Three-circles % ¥ 45, Two-moons % ¥
£ Ring H#i%E . Eyes ##i4E . Three-Gausses %
PE4E . Four-lines %4l £ #1 Square B4, 4 8 /4>
HH £ 23 A AN [A) 1 1 SR SR B AT SR K. S
ZHE N, WYEH T p = 50, T84k = 15.
M DAAE: 51256 28 50 15 AR NS 2% B ) 2 40 A AR
w=1, P s = 3. Hrp, BEBUEKPEREH
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TR B 1R SRR 0 5 H A 4 P SRR B 2R
R RAT AL, 23 vt S VR Fa ks NMI F1 RI
{H, W& 1 P,

% 1 v LA, DS-SC 5k, DP-SC 57ykLL
K DSGD-SC ke N THHRSE F R ERURA I
B4 NJW sl SR 2E 0L, X LR BT Bk =F
SEVE P A FH IR B 00 95 REAR 1 b AR I A A K
() P 4 Jo) — SO R 3 — B R AR, 3 BUH AL B
Bl AN AT L SIE TR B 20 A I 400, DRI e 7™ R i) T 5%
FePkfg. WEAEG I NIW 16 R H L i R a8 1
A4, Bk Spiral. Two-moons. Eyes fl Square {4
RN, HoR BRI R G R VR PE I Fia b NMI A
RI ik 3] 7 et XUl BARE S NJW i 52K
R FH A2 TR ER i S B2, AH 132 81 k= 15 a4
PR g W, A EE 8 40 St ot T 3040 Tl ) 4 ) — Bk ARy
ik, DB ZR R T IR B, MRS, A
2 HH (1 T 5 ) % T T B ) 1 SR R K,
R Square H#n 4 A H AR Bls 4R ZR K45 R 1 e VT
Yrigbs NMI it RI ¥40 T HARSRE . X2 T A
T R FH P e g 0 R i () i A 5 ) 4 JR— 2K
PR JR) 3 — EUE ZE SR, A A5 3 ) AR AR KR B4 SE N 4+
G B (R TY 5 46 23 AR s, R TR R H & T Sk

[KIZR L RE.

SR T U R 1 B A SN R () B
WOR, SEG X Spiral 24 4E . Three-circles %4
45| Ring #¥atE. Eyes Hili& 4 NN LA i dids
AT 5 A A 1R 1% SR R L AT SR A0 . RIS
h T R HBLRE <M RN EEPERE I RE W, A
Eyes 2085 42b 30T 15 A~ “By Wi JRAf T
ARG DT R 2 AR AL [n) 5 JE E T 92 R HURRAIE ) i, 1]
7~ 14 5390 8 # R R EIR N R A R A S
VA3 T R T U0 T PR 23 3 PR A O AR AR )
oI A DL

P - B AR IR SR 2R 45 IR I v] DU H, % R UK
(1) T SR8 A BV 0 O T 1 o L LA Bl R R
VLR BB BIHERA (1) SRR 45 L %5 Pl (H TR Rk
HARBEHSTE Spiral ik Three-circles F(#H4EF
Ring 4L FASRNEM SRR A, (AT
“BY M Eyes 4 BRI SE RA WL TIK
P 4y R R S Rl SRR, T Wz
HRE T IE G5 06 B A U IR SR R AR S 52 “hy Mg
FEEIE W AN NJW i 2R T Spiral
PR Eyes £nde, X R MR 43915 2B 1)
KRG, X5 BRI &R 8. MR E,
AR EVEAE 4 N EARAE 35 ST L BRARE B (4 2R 2
g5 L. 3k B AT A R S DR A AR e 1R AT AH AR
PERE BRI, A RS T BB R AR 2
PRI R LK, HE 2 REUEEXS kb B AR Rk T
B U EA YIS TUEAR N RS20 My s

K1 RFEREREEIN 8 BN LA MBI T NMI Fl RI 4145501

Table 1  Statistics of different clustering algorithms on eight synthetic datasets in terms of NMI and RI
LIS NJW-SC DS-SC DP-SC DSGD-SC LDSDSD-SC
Spiral 0.5635+0 0.0290+0 1+0 0.0138+0 1+0
pira
0.6720+0 0.0390+0 1+0 8.0080x10~%+0 1+0
1+0 0.0456 +0 1+0 0.0495+0 1+0
Three-circles
1+0 0.0195+0 1+0 0.0069 +0 1+0
0.9595+0 0.1316 0 1+0 0.0334+0 1+0
Two-moons
0.9799+0 0.1722+0 1+0 0.0013+0 1+0
Ri 1+0 0.0277+0 1+0 0.0277+0 1+0
11,
& 1+0 0.0040+0 1+0 0.0040+0 1+0
B 0.4998 +0 0.5913+0 0.5117+0 0.0508 =0 1+0
yes
0.4642+0 0.6210+0 0.4366 £ 0 0.0060 +0 1+0
1+0 1+0 1+0 0.0332+0 1+0
Three-Gausses
1+0 1+0 1+0 4.4894x10=°+0 1+0
. 1+0 0.7677+0 0.8955+0 0.0293+0 1+0
Four-lines
1+0 0.6729+0 0.7725+£0 0.0005+0 1+0
S 0.7978 +0 0.7830+0 0.2335 +0.0017 0.2284 +0.1978 0.7636 =0
quare
0.8348 =0 0.8227+0 0.8817+0.1113 0.2054 £0.1781 0.8038 =0
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S KV, 5200 KR SR R U T I B L5 2 )
FRWE U FE UCT th i 8 41 ) S0 4, 4 31k
WINE. IRIS. BREAST CANCER. GLASS.
CAR. VEHICLE. LETTER(A, B) M LET-
TER(C, D), K M0HHE R B 0% 2. Sl 5]
BBl AR T p = 50, DR BRI 2 BB
Wl w=1, PHEH s = 3, SRIFHITEY NMI
1 RI, A0SR T A0 Sk 2 0 £ A 1 B

dataset with different k values TEHL.
08 %2 TRHURIEHIE
0.6 Table 2  Description of experimental datasets
0.4 Hm e Ja HEARA 4 R
02 WINE 13 178 3
IRIS 150 3
0 BREAST CANCER 9 683 2
GLASS 10 214 6
02 CAR 12 84 8
-0.4 VEHICLE 18 846 4
: LETTER (A, B) 16 1555 2
06 R ET +§§ ¥ g LETTER (C, D) 16 1541 2
R gromomoenneee rom oo prenonosoeoes :
} | | | | SR AR L T SC IRHRIG k EABE k (11
-1 0.5 0 05 1 TR 8 A UCT Hids Sk i kA FLOARH ik +¢

Bl 19 k=10 i} Square Z¥sdE 51 45 R
Fig.19 The clustering result on Square dataset when
k=10
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PP FEAS NMI A1 RI [PME, SL50 48 Rk 3 Fns.

X3 AFEERSETEXT 8 B UCT 2ididExT NMI AT RI M4ih&5 R

Table 3  Statistics of different clustering algorithms on eight UCI datasets in terms of NMI and RI
AEITE S NJW-SC DS-SC DP-SC DSGD-SC LDSDSD-SC

WINE 0.8758 +£0 0.8363+0 0.8335+0.1361 0.8399 + 0.0640 0.8781+0 (k = 20)
0.8974+0 0.8515+0 0.8116 +0.2470 0.8632 + 0.0660 0.8991+0 (k = 20)
IRIS 0.6818 =0 0.7549+£0 0.7853 £0.0115 0.7552 +£0.3187 0.8571 iO(k = 13)
0.6525+0 0.7559+0 0.7276 +£0.1237 0.7251 £0.2611 0.8682+0 (k = 13)

0.7903+0 0.8143+0 0.7467 +0.2135 0.7478+0 0.7921+0 (k = 20)

BREAST CANCER

0.8796 +0 0.8909+0 0.8755+0.1306 0.9487+0 0.8797+0 (k = 20)
GLASS 0.3065+0 0.2692+0 0.1913 +0.0157 0.1778 +0.1488 0.7411+0 (k = 30)
0.1923+0 0.1490+0 0.1515+0.0175 0.1031£0.1196 0.6644+0 (k = 30)

CAR 0.6424+0 0.7604 £ 0 0.6457 £0.0103 0.7126 £ 0 0.7711+0 (k= 17)

0.3797+0 0.5583+0 0.5773 +0.0141 0.5571+0 0.5697+0 (k=7)
VEHICLE 0.1280+0 0.2032+0 0.1125+0.0377 0.0462 + 0.0220 0.2114+0 (k = 15)
0.1006 0 0.1563 +0 0.3759 +0.0435 0.0333 £0.0167 0.1783+0 (k = 15)
0.2593+0 0.7216 £ 0 0.3103 £ 0.0016 0.7168+0 0.7396 £ 0 (k = 25)

LETTER (A, B)

0.3367+0 0.7658 £ 0 0.5667 +0.01005 0.5975+0 0.7863 +0 (k = 25)

0.0724+0 0.6876 =0 0.5517 +0.1953 0.6131+0 0.6535+0 (k = 30)

LETTER (C, D)

0.0984+0 0.7280+0 0.6505 +0.0167 0.6578+0 0.6864 +0 (k = 30)
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Comparison results of RI performance index of five algorithms robustness
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