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A noise-resistant clustering algorithm for switching regression models
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University, Hangzhou 310012, China)

Abstract ; Clustering methods for switching regression models usually neglect the effects of noise. As a result, errors

usually exist if clustering is carried out in a noisy environment. In order to overcome the effects of noise, a new

clustering algorithm, a noise-resistant clustering algorithm, was proposed. The algorithm partitions the dataset into

two sub-datasets, a noiseless dataset and a noisy dataset, and then performs clustering analysis on the noiseless

dataset to estimate parameters. By continuous simultaneous adjustment of the noisy and noiseless datasets and by

continuously revising estimated parameters, the results of clustering were improved. Simulation experiments demon-

strated that the algorithm efficiently clusters noisy datasets and can provide good estimates of parameters.
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Fig. 1 Flow chart of NRC algorithm
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Fig.2 Scatter plot of simulation data for example 1
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Fig. 3  Clustering results of no noise clustering algorithm

for example 1
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Fig. 4 Clustering results of noise resistance clustering al-

gorithm for example 1
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Fig. 6 Clustering results of no noise clustering algorithm

for example 2
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Fig. 7 Clustering results of noise resistance clustering al-

gorithm for example 2
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Table 1 Results comparison of no noise clustering algo-

rithm and NRC algorithm
ﬂll ﬂlZ ﬂlS ﬂZl BZZ BZS

TRHER
2.7346 -0.0437 -0.5972 -2.7067 -0.0106 0.6194
FH#

NRCHE 2.9335 -0.0228 -0.6521 -2.9277 -0.0113 0.6502

W L LR LUE 1, NRC B B RIS T
RE BRI R, B T RS REELEMRN
BAISH. ST w RO RRERN,w BEK
KK, XHEREF HITKDLRE S LS 5, w BRI KA,
BLSR— BRI HR IR SRR E R

5 HEiE

RN T B EER RS, RGNS
T EREIEEIERRR RIS, APOHEH TE
TIRGEREES : B ENIEREA % Bk S A X R R L R
SR, ZEDEFEA B3R T R LR E BB B9 NRC
Bk FEIDTESREIE T NRC BykR) fosi:. 52
% BRE NRC BIERA LB, (BRIRE —L&
TAERZMCERARIBIIL. AR R RN 0
T RER I, B B w YRR LA Bk B8 k)
RRARH AR THIE .-

SEM:

[ 1]HAN Jiawei, KAMBER M. $iE#ZEE&S5HAR[M]. @
B, F/Dig, B JER AU Tk di kit 2001 223-261.

[2]HAMERMESH D S. Wage bargains, threshold effects, and
the Phillips curve [ J]. Quarterly Journal of Economics,
1970, 84(3) :501-517.

[3]QUANDT R E. A new approach to estimating switching regres-
sions[ J]. J Amer Statist Ass, 1972, 67(338) : 306-310.

[4]QUANDT R E, RAMSEY ] B. Estimating mixtures of nor-
mal distributions and switching regressions [ J]. J Amer

Statist Ass, 1978, 73 730-752.

[5]HOSMER D W. Maximum likelihood estimates of the pa-
rameters of a mixture of two regression lines[ J]. Communi-
cations in Statistics, 1974, 3(10) :995-1005.

[6]BEZDEK J C. Pattern recognition with fuzzy objective func-
tion algorithms[ M]. New York; Plenum Press, 1981 ;88-
94.

[7] HATHAWAY R J, BEZDEK J C. Switching regression
models and fuzzy clustering[ J]. IEEE Trans on Fuzzy Sys-
tems, 1993, 1(3) :195-204.

[8]OHTA T, YAMAKAWA A, ICHIHASHI H, et al. Projec-
tion pursuit switching regression[ C]//Proc of 5th Interna-
tional Conference on Soft Computing. Iizuka, Japan, 1998 .
775-778.

[9]OHTA T, YAMAKAWA A, ICHIHASHI H, et al. Projec-
tion pursuit switching regression for analysis of psychological
feelings[ J]. Journal of Biomedical Soft Computing and Hu-
man Sciences, 1998, 4(1);: 15-21.

[10]3amdk, LR, R/AMR. EREMZREERT].

BGER, 2004, 15(7) :1021-1029.

SHEN Hongbin, WANG Shitong, WU Xiaojun. Fuzzy ker-
nel clustering with outliers[ J]. Journal of Software, 2004,
15(7) : 1021-1029.

[11]WANG Shitong, JIANG Haifeng, LU Hongjun. A new in-
tegrated clustering algorithm GFC and switching regression
[J]. International Journal of Pattern Recognition and Arti-
ficial Intelligence, 2002, 16(4) :433-446.

[12]FERY, Tiglg, ELRF. T UIHEE M5 RERR
B ¥k GFC[J]. 443 ,2002,13(10) :1905-1914.
LU Hongjun, JIANG Haifeng, WANG Shitong. An inte-
grated fuzzy clustering algorithm GFC for switching regres-
sions[ J]. Joumnal of Software, 2002, 13 (10): 1905-
1914.

EEHT:
wE, 58,1976 4, 181, BI#

1B ST, TR I R

I MR TRESE, RREARRI 10K

B, Ep 28 SCLEL KE.

IRE, 55,1974 4, 8+, BI#
B, LA IR, FEBF T b
I HlaE I %

FLERE, 55,1946 4R, Bi% @14
I, ERBGTT AR TR IRE
B ATERRS  RERPHIES %X
1 EBER S —F R 1T %
RA=%LK2 W, 198 FREZES
BEAREREENS. 7 E NANEE TIY B R %R
FARIBIC30 RF, AT E 3 #.




	497
	498
	499
	500
	501

