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Abstract: This paper is concerned with higher-order Takagi-Sugeno(TS) fuzzy systems, where the consequent of a
fuzzy rule is a nonlinear combination of input variables. To solve this problem, an implicit nonlinear kernel-mapping is
introduced to map the original input space to some higher dimensional feature space, where locally nonlinear submodels
of TS fuzzy systems are transformed into locally linear submodels; and then, the expressions of the consequent functions
are presented. Furthermore, a novel algorithm of designing higher-order TS fuzzy systems is developed by combining the
kernel-based fuzzy clustering with least squares support-vector-machines(LSSVM). Finally, the approximation accuracy,
the generalization ability and robustness of the proposed algorithm have been demonstrated by simulation experiments on

four well-known data sets.
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A1 4 18 ik Mackey-GlassyR 1l & 48 L 11/ 5
S 43 AT A TR A% R KON Pt 2 A5 B 1) 5% ), AR S TE
REAE3AS 2 T Hctls A b0 S50 SR Ui WY R T R i 55
(1 v B TSR 28 48 e 2g 3 s B #E) T RE ) FTE b
PE R 7 1T k. BT IR 56 56 ) /EMATLAB ) 1
5% 5¢ i%. FMID(fuzzy modeling and identification) i}
R % ) 7R ST, Ja R HGLS Sk, A H
TEMID T A8, #7ESVMEE R HILIBSVM T HAf,
LSSVMAE ] TLSSVM T HAH. Bt R G-y 40
Fe BV T, 1 I B 28 B 3 45 (adaptive-network-
based fuzzy inference system, ANFIS)FIKLSSVFSI¥]
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PEACHE 45 B0 BT T AN 1R A% pR R KLSS VS i 11
REM, 0 T AN R 1A% R B, T T 2 5000 I EOAR [
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P4 A% 250 KFCMH IR 8% 2 50RO 2% R 55010 A%
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o1 7EKFCM 4% B30, oo 7B o8 8 b 4% 2
B oo kRO (2,22, -+, 29 210} JE I s
RI, S TMGREE, o HUEA T KK, K itko,
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—b- (1),



%53

BEAT AT B TR WL 1) 1 B Takagi-Sugeno S A5 77 685

& 1 MG# % EKLSSVFS#) 525 R
Table 1 Experimental results of KLSSVES on

MG systems
Egi) M GRBE R
k% — 0.0308 0.0303
EQTEv (2,2) 0.0206 0.0206
% (128,0.1)  0.0022 0.0022

T I A8 1P S0 5 R, AR SCR IKLSSVESAE ] 1
Wk i 1 1 e i T 2 DR AR AL AL,
FE TS5 AP A% R AU KA vy A%

5] 2 Gas-furnace# #% £ 7F £ M &R 48 11 7
g T A L X ATLul'®, Wang flLangari!'7!,
Sugeno!'®! L LiFl Yang! "V A FH b, % % 48 45 — &
A296MFEA. BN x(t) = (y(t — 1),u(t — 4)),
i y(t). X HLAE F Gas-furnace 55 45 5K 75 ¢ Py it
SEREIT e, BRI ET A £ i U1 k.

KLSSVFSIHIZ 40 : v =200, 0, = 16,0, =0.01.
1(a)% T Gas-furnace 5 4% 45 -RMSERH £t U %7
(133 184 5 A 1 2048, P L) T R I, KLSSVFSTE
RN G A ARy, GE TR B R o s 2 R 4K
T4, T8 TR P B A R 3G i gk b, B 1(b)
Z5 W T N ECR 215, KLSSVES 7 Gas-furnace (4 £
b E T

0.025

0.020 |

0.015F

RMSE

0.010
¢

0.005

$I¢ I:’} ll?_ 1:4 Il{u IIR 20
10000 5
(@) ANIEHEINEL S KLSS VES F 38 i ks i

2 4 6

60

—&—Real Value
—#—KLS5VFS |

i

0 5Il) l(;(] 1 5!0 260 250 300
Ol TR
(b) M = 2IKLSSVFS[{# 45
K] 1 KLSSVFS Gas-furnace Zli 4 [ {5256 45 3
Fig. 1 Experimental result of KLSSVFS on Gas-furnace

data set

245 T KLSSVES 5 I E 6 MM R 4827 2] 51
2 K FRIESVM, LSSVMIF LU 5 L, Jerh SVs IR 3L
£ ) AL
R 2 R Fk @A A AR

Table 2 Training errors of different methods

(ERGR fNE BE/SVs RMSE
XuflLu 2 25 0.573
WangflLangari 2 5 0.397
Sugeno 3 6 0.435
LiflYang 2 2 0.401
FMID 2 4 0.337
ANFIS 2 4 0.351
FrfESVM 2 289 0.363
LSSVM 2 — 0.352
KLSSVFS 2 0.008

MZe2H K B KLSSVES fi i 0 K J& 2 bb 1X 8 b
SRR EE R, ELT 5 R 00t B D 1)L AR AR
f AR 2R 40 B3k vh, FMIDRY I& 3T K BE 2 B v 1),
RMSE = 0.337, jr U2 4. AR#ESVMIF 104
T XA B H e = 0.001, C = 64, 0 = 4.
I, RMSE = 0.363, 3 £F [n) 7 /289. LSSVM
(1 10-37 48 I AE M AR S H Uy = 5000, o = 7.37,
RMSE = 0.352. MIKLSSVESYE #1 I ¥ 45 F-215,
RMSE = 0.008. KLSSVFS i i K & 5 H e &
FEAH RS T 40215

B 3 Stock %4 FSunspotsF 4 4. StockE 4
Bt — N BECEE R i 4R, H Sugenofll Yasukawal!S!
25, SR RS T AR R R i 2 S B AR
— B AR 11100/ FEAS K B, BEASFEAR S 104
N J&E PERT— A% H 8 . Sunspots i 42 A& — NI
() 7 A B 4, 32 2 5 DK BH 28 7 250 A7 7, £k
P& kU5 FBox fllJenkins!'®1. £ 4 45 5 M 170051979
T 4 10 K BH 22 7 5, — SR80 FE AR, AL 4 A
He, = (xz(n—1),z(n—2), - ,2(n—12))", #
B hy(n) = z(n). ASCAEZXHANATFFEHRE L
HSLKLSSVFSH L ) PEREFIfe e PE.

h T A AT SE P BE RN BT AR A I OE 0%, AR
SCR AR 10-97438 I AE: 1) X AN EE 4L, R
FH10-37 28 Sy BE ML AE 104 745, IR T4k
PIREARBORX AN S, R, B o o A A
B ZRAE, B IR FAEVE A MR AE. X FE, AL
73 2021 I 2 G2 AR 4E; 2) AE1041 I 4 4 oK
F10-47 28 B AR R AR S L, 20 v E SEAEAR Y
£ EIRMSE; 3) #1044 EIRMSE 13441
VR Z B SE RMSE, FRVPL iZ 505 v fie.

TE10-H7 A8 X AIE (1) 55228, % T 52 45 i) B WL A
1, 0T 3RAT B IR B2, 20 A R — A e A
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T E B H Ny S $o, 1 FHLSSVM T H 4 76 [X.
lf) b E 4T W A% 38 22, KLSSVFSH o 1% #6305
BITAH A, yFl oy 9% 2R 77 5 LSS VMAH ).

FI D) 5 P 328 0 v R ) B 230 10 L 8 K 1t
17484k, 71041 2k 4E 1 I2477FMIDFIANFIS, 15
LEF N IR S EARMSE. 10845 | RMSEF)
P PR Ea /BT . PR AU DA g 33K 9 A 925 1) e
LA £, KLSSVES £ /N T 856 T X i & vh
/NN

K20 &34 Y T KLSSVES ) H ] 45 J. ix st 4k
5 10-H7 48 SCIGAIE 1) 25245 A6k . A, s Sl A
102 B2, B — A2 g R s — AN il ik 4R, 94
Ron i AR RS 2. Ak, AT A — AN 3RS
(1) 5 /N IARMSEFH £k B g el k. R T
FMID, ANFIS, LSSVMAIKLSSVFS3k454\JRMSE.

3(} T T T T T T T T T T

Q @+ FMID

25t £ —#— ANFIS
£ ¢ LSSVM

-8~ KLSSVFS

20+

i 4ERMSE

VIl / it
Kl 2 Stock ZE EKLSS VES #1047 28 SCHGUF 1k 28 S

Fig. 2 Result of stock price data set for ten-fold cross validation

0.16

KLSSVFS1 38 # & = T ANFIS. S5LSSVMAH Lt
i T B4l 2 Ab, FL 4 B s ZHKLSSVES [F I XKS J&
T FLSSVM.

Wk BL B2y B, A S #4518 KLSSVFSIH P
fie JLF- 0 A A 1) B AN A4 A b #8151 T FMID AT ANFIS;
KLSSVFESIHET P g JLT- 7 T 8L TLSSVMIY)
e 1 RE.

235 T AR H VL AE1040 90 Gl iR 4 B
S IRRMSE. T Stock %1 5, KLSSVES ) il i
X5 P e 1. %) T Sunspots 5 42, KLSSVES
TFMIDHIANFIS, HLSSVM#IT. M T KLSSVESH]
HES Pk fEA T EMID A1 ANFIS, AN T'LSSVM.

I T ARG E 2 M7 %2, HRREE
1) e MO i 2 K s AR HE AN G 1 T 45 ).
X T Stock H i 52, KLSSVESI1) /5 2 J& s A 115 X T
Sunspots ¥4 8, KLSSVFESH) J7 % LLFMIDAIANFIS
FLIK, LLLSSVMZE =y, 3 B PR AE T 75 25 1041 903K
£ FKLSSVFESHIRMSEX &, i B A A i 22,
I, KLSSVFS 148 & 1 £ T-FMID A1 ANFIS.

£ 3 FIRHIEE EANRAEE AT ET £
Table 3 Test errors + standard deviation on real

data sets
Stock Sunspots
it
M RMSE M RMSE

FMID 3 11.557+8.331 3 0.0824 4+ 0.0292
ANFIS 4 11.611+£7.7999 2 0.0796 + 0.0288
LSSVM - 7.198+£5.8228 - 0.0768 £0.0273
KLSSVES 2 6.908+5.2622 2 0.077240.0280

-0 FMID °
0.14 ——ANFIS B
o1zl 0+ LSSVM

-5 KLSSVFS ] |
0.10

0.08

i 4ERMSE

0,068

0.04

0.02
1

[ N
(]
F

5 6 7 8 9 10
il /AR
| 3 sunspots i FEKLSSVES I 10~ 38 X6 HE il it 45 4

Fig. 3 Result of sunspots data set for ten-fold cross validation
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Table 4 Test errors on noisy data sets
Stock 6.7229 8.2786 5.2885
Sunspot 3.9281 24318 2.1614

FMID ANFIS LSSVM KLSSVFES

4.8801
2.0260
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Table 5 Parameters of experimental results

LSSVM KLSSVFS
Stock  Sunspot  Stock  Sunspot
y 2.6 0.95 2 0.62
BZH 19 185 (2,16) (8,16.8)

6 45i&(Conclusions)
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Mk BAFF5 U 9H (Appendix for mathemat-
ical notations)
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