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Fast Adaptive Similarity-based Clustering Using Sparse Parzen
Window Density Estimation
QIAN Peng-Jiang? WANG Shi-Tong?! 2 DENG Zhao-Hong?
Abstract Similarity-based clustering method (SCM) has received much attention because it is robust and can be

implemented simply and easily. However, because of its high time complexity of the embedded similarity clustering
algorithm (SCA) and high space complexity of the embedded agglomerative hierarchical clustering (AHC ), SCM is
impractical for large data sets. In this paper, the relationship is revealed between SCM and the kernel density estimation
of samples, a novel fast adaptive similarity-based clustering method (FASCM) is accordingly proposed by adopting fast
reduced set density estimator (FRSDE) and graph-based relaxed clustering (GRC). The distinctive advantages of FMSSC
over MSSC exist in: 1) its asymptotic linear time complexity with the data size; 2) independent on artificial experience

and its adaptability. Thus, FASCM is practical for large datasets. Its effectiveness has also been demonstrated in image

segmentation examples.
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tHF FRSDE fA£EZAR 1 — ik (Quadratic
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SV ST RS
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WA, 743 MEIRSECKA T 3 RE LR ARG
IMG1 ~IMG3, 73 #5550k 270 55 x 231 4
#0285 123 x 190 14 A1 310 145 x 207 14 %, L
i IMG2 A1 IMG3 >k H T3 % 1 Berkeley K147
EIBIEPE. B4 IR 3 1 PR 5 B UK A i sk
KM 4L DS2~DS4, ‘BN 5 4 AR R ST
FEALBR AT AR KR I 3 A HSV 2 [M4FAE (EP Hue,
Saturation 1 Value). PUANEHE 4L IR A2 & 53
9 111780, 62370, 54150 #1 64170, HILHEAT T 1H
—AL AL BE.

DS3 (IMG2)

K1 SeseR I R4 DS1~ DS4 7R & ]
Fig.1 Illustration of four large data sets DS1~ DS4

adopted in the experiments

5.1 ANEEEE LRIKE

DS4 (IMG3)

HEH DS1 NGEE AR, S TR 1) £
U SV TR A 2R 2) B UE S T A A
SRR

AT, AT DS MLl A [7] 25 B 1)
THPAT FASCM, X eBEFMH A EEHDE
(FRSDE, SCA F1 GRC) 4047 I 1], V& J5 #5
LRI AR E, BATTZERFD HAT SCM I
LR E AT, X B4 SCM B4
CCA, SCA F1 AHC =APH (0 CCA 1EH &1
SERWSE y, WEAETAC S RE, DR AR SCSEE H 3)
AT ).
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Table 1 ~ Comparison of running time of FASCM and SCM on different sampled subsets on DS1 (s)
AL FASCM SCM
FRSDE SCA GRC &I TE] SCA AHC Syl
1500 11.72 8.18 3.16 23.06 82.74 0.22 82.96
3500 19.63 16.74 5.20 41.57 388.34 1.48 389.82
5500 21.96 29.79 6.31 58.06 1050.55 7.63 1058.18
7500 26.62 53.31 7.49 87.42 1791.62 11.58 1803.20
15000 37.22 111.29 8.79 157.30 / / /
35000 42.83 174.74 9.39 226.96 / / /
55000 48.81 281.09 9.33 339.23 / / /
75000 49.67 480.35 7.93 537.95 / / /
95000 56.93 605.69 8.15 670.77 / / /
111780 61.64 849.43 8.70 919.77 / / /

Ee ¢/ RN T ICIER RN ITR], SCM kT iz FE A i R RBHT

FASCM F1 SCM ¥ DS1 AN[A 2 & 12
ATIF IR0 WLER 1, %38 51 H IR 2 B R SV AE R IR
AL AR EHAT 6 RGPS B0 ). FR R 1
fl4gE R, B 2 #i%: T SCM 1 FASCM it 5 251t
WS AEHFERER SR, B3t PRI T
FASCM 1) = A ZD BRAT I 0]« S RS 1] 55
DS1 AFlhFE AR IR Hh 2L,

2000

—%— Total time of SCM
1500 —8— Total time of FASCM

0 2 4 6 8 10 12
Size of data set

2 SCM Fl FASCM Jirifi 582K ] &5 DS1
ANFHIFE A 7GR 22 18]
Fig.2 Running time of SCM and FASCM on different

sizes of samples from DS1

1 000
800
600
400
200

—+—Time of FRSDE
—&— Time of MS
—#—Time of GRC

—H— Total time of FASCM

CPU time

—— = = — = —F | x10f
0 2 4 6 8 10 12
Size of data set

K3 FASCM (1) 3 AL 2D BT[] S B ARSI ] 55
DST AN [ 2 585G 2 Hh 2 4]
Fig.3 Running time of three main steps of FASCM on

different sizes of samples from DS1

B2 AR EM Sk 1A R - AR A R T
FASCM JIr i SR I 8] KK+ SCM3X =5,
FLEEH SRR AR R, XU . di K
KIS IR BRI T4, S di AL 7500

Jo, SER TR A TR AT RSP AT SCM U7V

Kl 3 N I bR B 1 T FASCM % 3= 2P IR (1)
IR T8 S A A A AR R DG R, Ak FASCM
() SR IS ) 55 2% 2 b SRR S FEAR 25 i SR 2 1 K &R,
XEUE T A FASCM S0V 1 o A4 26 P v A] 55 2%
JE.

Kl 4 5 i T FASCM fEH 564 DS1 firfs
B ZRE (Final states, FS) /- Aifh il . AR 10
i (Clustering indicator, CI) Rl AR, 10
It iZ CT BATTRENE AR 35 A Hh i T B B0 45 vl UH Rl oy
2K, PR CT AAAE PR 4 W0 L T M ) 7K~ 4R s 2.
4 W8 R FASCM J7% T DS 4k
M TR AR TR A AT

o1
5 e ot e 5 1
2 osl . . g - .
2 . 8 08
£ 06 . ' 2
= . A £ 06
Zo04f. . 2 4
5 « ' 5
0 e TR
@) : 5
0% 05 1 ©

. . Number of partions
Number of partions P

FS—FASCM-DS1 CI-FASCM-DS1

Clustering indicator

_—
Number of partions

Result—FASCM-DS1
4 FASCM 7E5¢%# DS1 _EFiH 4R
LSS TENUEIE SR S
Fig.4 Final states (FS), clustering indicators (CI) and
final clustering results yielded by FASCM on the whole
dataset DS1

AN AR T EES A E: SCM
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WRSH vy = 160, mERKEY * =2. FASCM
1, FRSDE milit% & %8 oy = 0.0164. @KL e
= 5.5E—4, WEN 7 XBEHLAIFE 60 SEd ml, & T
CSD gl 73 XA EERE RS, CSD 24 0, = 0.006.

52 EfgaEkR

N T TR, B T FASCM, FAi Tk AT P Fil
CA A BB C BERIE (FCM) M SCM. 5k
Kok /e DS2~DS4  FikT.

PRI RO, ARSI T, AR
Hifi sk DS2 ~DS4 L E AT SCM. FATR M
F R BEN LR e AR TR NS 8 SCM 8
PESZIG B, AT 256 AT EEAS H s LR BE LA
B 3500 A1 5500 A7 LK T4 LLIZ 4T SCM.

® 25T FCM. SCM Hl FASCM 7 DS2 ~
DS4 LK. £ kT SCM M FASCM %1
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Table 2 Comparison of running time of FCM, SCM,
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Table 3  More details on running time of SCM and
FASCM on DS2~DS4 (s)
o DS2 DS3 DS4
2 500 5 500 2 500 5 500 2 500 5 500
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2-(1) 65.96 52.71 76.76
2-(2) 196.63 214.85 233.14
2-(3) 0.02 0.02 0.03
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Fig.5 Segmentation results of FCM, SCM, and

FASCM on DS2
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A
6 it

AL FASCM Jyikifind FRSDE i A il ids
AR AT G A R B8 X A% 5 AL v £, IR
UE 3 BEA T R BOR AR R 4 SCMARBLEE il TH R 5, K
KBFAR T 54k SCA [P [R]FFAY, M I T AH ALl
(R R FILAE KB & A TE A, b
fitN GRC #13%, FASCM X HAT T Hid@E Mk, sk
TN LEK T
BNZ L ARSC TR TTER T LA 1)
ST RHARLE 2 2% 1) RN A% 5 R Ak 1n) 2 T] R BB
2 2) R T IR SCM ) I 1R) TR i 5, B4t 1
FASCM Jj LI (a1 5 8 FE G REAR S = SR R 4 PR ¢
Z. MITASAACLEE 58 28 J7 v i This F T K i R85
N F8 MR A SR, FASCM 475 i
— DR S PR B . AR S g5 B AN R



244 RS A B TRt Parzen T 5 FEAG VT K P F & AR BLRESR T i 187

L AR BEVEAY, FASCM 4R 6 vk b5 o Ath bl i 2
RELEMLL, R TAT DI AL

References

1 Yang M S, Wu K L. A similarity-based robust clustering
method. IEEE Transactions on Pattern Analysis and Ma-
chine Intelligence, 2004, 26(4): 434—448

2 Deng Z H, Chung F L, Wang S T. FRSDE: fast reduced set
density estimator using minimal enclosing ball approxima-
tion. Pattern Recognition, 2008, 41(4): 1363—1372

3 Chung F L, Deng Z H, Wang S T. From minimum enclosing
ball to fast fuzzy inference system training on large datasets.
IEEE Transactions on Fuzzy Systems, 2009, 17(1): 173—184

4 Lee C H, Zaiane O, Park H H, Huang J Y, Greiner R. Clus-
tering high dimensional data: a graph-based relaxed op-
timization approach. Information Sciences, 2008, 178(23):
4501—4511

5 Girolami M, Chao H. Probability density estimation from
optimally condensed data samples. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 2003, 25(10):
1253—-1264

6 Frigui H, Krishnapuram R. Clustering by competitive ag-
glomeration. Pattern Recognition, 1997, 30(7): 1109—1119

7 Frigui H, Krishnapuram R. A robust competitive cluster-
ing algorithm with applications in computer vision. IEEE
Transactions on Pattern Analysis and Machine Intelligence,
1999, 21(5): 450—465

8 Krishnapuram R, Frigui H, Nasraoui O. Fuzzy and pos-
sibilistic shell clustering algorithms and their application
to boundary detection and surface approximation. IEEE
Transactions on Fuzzy Systems, 1995, 3(1): 29—43

9 Tsang I W H, Kwok J T Y, Zurada J A. Generalized core
vector machines. IEEE Transactions on Neural Networks,
2006, 17(5): 1126—1140

10 Tsang I W, Kwok J T, Cheung P M. Core vector machines:
fast SVM training on very large data sets. The Journal of
Machine Learning Research, 2005, 6(12): 363—392

11 Shi J B, Malik J. Normalized cuts and image segmentation.
In: Proceedings of the IEEE Computer Society Conference
on Computer Vision and Pattern Recognition. San Juan,
Argentina: IEEE, 1997. 731—-737

12 Shi J B, Malik J. Normalized cuts and image segmentation.
IEEE Transactions on Pattern Analysis and Machine Intel-
ligence, 2000, 22(8): 888—905

13 Higham D J, Kibble M. A Unified View of Spectral Clus-
tering, Technical Report 02, Department of Mathematics,
University of Strathclyde, UK, 2004

14 Luxburg U. A tutorial on spectral clustering. Statistics and
Computing, 2007, 17(4): 395—416

15 Heiler M, Keuchel J, Schnorr C. Semidefinite clustering for
image segmentation with a priori knowledge. Lecture Notes
in Computer Science, Berlin: Springer, 2005. 309—317

16 Ning H Z, Liu M, Tang H, Huang T S. A spectral clustering
approach to speaker diarization. In: Proceedings of the 9th

International Conference on Spoken Language Processing.
Pittsburgh, USA: ISCA, 2006. 2178—2181

17 Freedman D, Kisilev P. Fast data reduction via KDE ap-
proximation. In: Proceedings of the Data Compression Con-
ference. Snowbird, USA: IEEE, 2009. 445—445

18 Chao H, Girolami M. Novelty detection employing an Lo
optimal non-parametric density estimator. Pattern Recog-
nition Letters, 2004, 25(12): 1389—1397

19 Li Cun-Hua, Sun Zhi-Hui, Chen Geng, Hu Yun. Kernel den-
sity estimation and its application to clustering algorithm
construction. Journal of Computer Research and Develop-
ment, 2004, 41(10): 1712—1719
(A1, INEFE, BREK, W1, R0 Bl vh RO A SRR AT s v (1
M. PHEHUFFTS R, 2004, 41(10): 1712—1719)

20 Rao S, Sanchez J C, Han S, Principe J C. Spike sorting using
non parametric clustering via Cauchy Schwartz PDF diver-
gence. In: Proceedings of the IEEE International Confer-
ence on Acoustics, Speech and Signal Processing. Toulouse,
France: IEEE, 2006. 881—884

21 Jenssen R, Principe J C, Erdogmus D, Eltoft T. The
Cauchy-Schwarz divergence and parzen windowing: connec-
tions to graph theory and mercer kernels. Journal of the
Franklin Institute, 2006, 343(6): 614—629

22 Fan R E, Chen P H, Lin C J. Working set selection using
second order information for training support vector ma-
chines. The Journal of Machine Learning Research, 2005, 6:
1889—-1918

W OSRMSIT VLR KA AE B TR A B VRO,
[ o) va e 5 -3 1 D PR S WS
MR REVH R LN . AR AR 1R
E-mail: gianpjiang@126.com

==

(QIAN Peng-Jiang  Lecturer and
g Ph. D. candidate at the School of Infor-
“ ) 1Y mation and Technology, Jiangnan Uni-

versity. His research interest covers pat-
tern recognition, intelligent computation and their applica-
tions. Corresponding author of this paper.)

ELRE VLR B B R
B2 e n il AN B A = Gl
AYIEE.

E-mail: wxwangst@yahoo.com.cn
(WANG Shi-Tong Professor at the
School of Digital Media, Jiangnan Uni-
versity. His research interest covers ar-
tificial intelligence, pattern recognition,
and bioinformatics.)

IBRRLD VLR RS B TR Bl %,
T, FEHETTTT 0] b RSO AR A i
i

E-mail: dzh666828@yahoo.com.cn
(DENG Zhao-Hong  Assistant pro-
fessor and Ph. D. at the School of Infor-
mation and Technology, Jiangnan Uni-
versity. His research interest covers
fuzzy modeling and intelligent computation.)



