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Sparse TSK fuzzy system based on feature selection clustering method

ZHANG Jiasu, JIANG Yizhang, WANG Shitong
(School of Digital Media, Jiangnan University, Wuxi 214122, China)

Abstract ; In order to solve the curse of dimensionality existing in fuzzy system identification and approximation, this
paper proposes the FCA-sparseTSK fuzzy system by casting the Takagi-Sugeno-Kang( TSK ) fuzzy system identifica-
tion into a block sparse representation problem. First, FCA-sparseTSK fuzzy system uses the fuzzy clustering algo-
rithm (FCA) to simplify sample features and generate fuzzy system dictionary. Then selects main important fuzzy
rules and estimate the fuzzy rule’s consequent parameter vector by taking into account the block-structured informa-
tion that exists in the TSK fuzzy model. The FCA-sparseTSK fuzzy system simplifies the fuzzy rules and the number
of fuzzy rules at the same time and shows good performance in artificial datasets and real-world datasets.

Keywords: TSK fuzzy system; fuzzy system dictionary; fuzzy clustering; feature selection; block structure; sparse

representation ; rules reduction; parameter estimation
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A 4E N UCI machine learning repository 3£
HL, 3058 TR R 9 NACA 0012 HL3E 7EAS [A] XL 3h
HEEFNICAA T P RE , et 1503 MEA 5 SRFHIE,
B N3 B AR B AR A A H i R LA S
TR IRt e R A 9, A REAE AT 58 X
B uk il aCAR 1 MSE K BLIUERL H 4nsk 2 firs .

%2 R EIR KT airfoil self-noise (5 & | i
FH FCA-sparseTSK 45 H iR R P R e b, A SCH
i BB RIA T genfis2  genfis3 Fil H-sparseFIS 14
AEA T T, I H FCA-sparseTSK £ [fds 2 KX A H
BERRRIE AT 1A RN 9 52 A R T (T ROR) R 556
PSR TA] T 5 18 5 R 2 PR U ) S IR A L, AR S
RPN 19.2 55, HLiR 22 5 R 299800 ) i ik
AR —F, HON TUAR RN 1) B A R

&R 2 Airfoil self-noise #HEE SERIMERELLEL

Table 2 The performance of each model on airfoil self-noise datasets

Bk FRAEEL  PERESSHR 1 2 3 4 5 YI{H
MSE 0.0503 0.0547 0.0523 0.0565 0.0458  0.051 9+0.004 2
genfis2 5 "
FILIN & 11 10 11 10 11 10.6
MSE 0.0579 0.0675 0.0640 0.0746 0.0643  0.065 7+0.006 1
genfis3 5 "
KL% 15 15 15 15 15 15
MSE 0.0423 0.0488 0.0455 0.0593 0.0482  0.048 8+0.006 4
H-sparseFIS 5 "
FIL I K 12 13 11 12 13 12.2
MSE 0.0453 0.0474 0.0394 0.0516 0.0424 0.0452 +0.004 7
FLI % 30 30 30 30 30 30
FCA-sparseTSK 3
MSE 0.0404 0.0497 0.0354 0.0532 0.0395  0.043 6+£0.007 5
FILIN % 12 11 10 10 11 10.8

3.2.2  Machine CPU performance %% %

ZEHEHE knowledge extraction based on evolu-
tionary learning( KEEL) 2RHU, ic 5% T AHX CPU 4R
Bl Heit 209 MEA 6 SRR, B R A ST N
PLE I (MYCT) (/N AE (MMIN) (B KA
17 (MMAX ) | R 38 77 i 4% ( CACH ) | iz /] 38 3
(CHMIN) f5 A3 8 ( CHMAX) , i th o4 CPU (A
XFPERE (PRP) o % 5535 18 14T 38 SCHGHIE Hh il 3 42
(1) MAE KA H anske 3 PR

2% 3 g5 R B R, X T machine CPU performance
B , i H FCA-sparseTSK #4) 22 H %) 455 7Y P BE f
o AR AR AUAE LT genfis2 | genfis3 1 H-
sparseFIS P REA T2 T}, JF H FCA-sparseTSK 2
P51 2N EARAIE AL T RO A 52 2R R
H 55 R A AN U ) S 6 A P, AR SO 1
IR 25.4 4%, HRRE 55 R 29 980R0 00 AR R TR A LU i
ATE B TUARLIN Y L BR AR
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Table 3 The performance of each model on machine CPU performance datasets

Bk FREE  MERBFEAR 1 2 3 4 5 YIE
MAE 0.0569 0.0469 0.0707 0.0569 0.0748  0.061 2+0.011 4
genfis2 6 .
IR 6 5 6 5 4 5.2
MAE 0.0746 0.0583 0.0768 0.0691 0.0910 0.074 0£0.011 9
genfis3 6 "
FLIN %L 5 5 5 5 5 5
MAE 0.0569 0.0357 0.0489 0.0527 0.0600  0.050 8+0.009 4
H-sparseFIS 6 "
S 6 4 5 4 7 5.2
MAE 0.0532 0.0367 0.0628 0.0486 0.0559 0.0514 +0.009 7
FH00 % 30 30 30 30 30 30
FCA-sparseTSK 5
MAE 0.0439 0.0400 0.0478 0.0407 0.0586  0.046 2+0.007 6
WLk 4 4 5 4 6 4.6

3.2.3  Stock prices £ ¥& %

ZEAEHE N KEEL ZRH, H1 10 M2 i K 2 H
M 1988 4E 1 A % 1991 4 10 A () H & BE2Z40 45, 36
1T 950 AMHEAS 9 ZRHRAE, FIHT 9 A~ B BE AN

AR KSR 10 A2 m IS A 2R A7 A 3
A FEAE AT SR UE AR 59 MAE £ 1 0%
HnZk 4 Jirs,

4 Stock prices HIBE BRI MEELLE

Table 4 The performance of each model on stock prices datasets

Bk LRSIy QI ¢ 12 (=F 1 2 3 4 5 YA
MAE 0.0410 0.0395 0.0439 0.0411 0.0431  0.041 7£0.001 8
genfis2 9 .
FLIN %L 21 22 21 21 24 21.8
MAE 0.1323 0.1309 0.1298 0.1300 0.1337  0.131 3£0.001 6
genfis3 9 "
SWEe 20 20 20 20 20 20
MAE 0.0386 0.0447 0.0494 0.0469 0.0425  0.044 4+0.004 1
H-sparseFIS 9 .
FLI % 22 17 20 22 22 20.6
MAE 0.0474 0.0444 00496 0.0467 0.0455 0.046 7 +0.002 0
Wk 30 30 30 30 30 30
FCA-sparseTSK 6
MAE 0.0473 0.0476 0.0471 0.0472 0.0472  0.047 6+0.000 7
pIWILIE 17 17 18 17 17 17.6

2 4 RGN X T stock BUHEEE | genfis2 F4) #HE
HAB BV BE S iF . AR SCRT 4R HH OB 5 genfis2
H1 H-sparseFIS AH Lt % fig K A& — 2, {H FCA-spar-
seTSK ERpfe 3 J5 A H L AYRHIE , KRAL TR T HH)
R A0 52 2R 2 (R 2R G A8 15 07t 5 i 5 AN 24
VBRI DU B Py 2 B A L, AR SR - X 2 i 12,4
FORLN | HLR 255 R AT f FEA R B O A
PRI 8 25 B A R
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