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Abstract The most distinctive characteristic of fuzzy system is its high interpretability. But the fuzzy
rules obtained by classical cluster based fuzzy systems commonly need to cover all features of input
space and often overlap each other. Specially, when facing the high-dimension problem, the fuzzy
rules often become more sophisticated because of too much features involved in antecedent parameters.
In order to overcome these shortcomings. based on the Bayesian inference framework, knowledge
embedded Bayesian Mamdan-Assilan type fuzzy system (KE-B-MA) is proposed by focusing on the
Mamdan-Assilan (MA) type fuzzy system. First, the DC (don’t care) approach is incorporated into
the selection of fuzzy membership centers and features of input space. Second, in order to enhance the
classification performance of obtained fuzzy systems, KE-B-MA learns both antecedent and consequent
parameter of fuzzy rules simultaneously by a Markov chain Monte Carlo (MCMC) method, and the
obtained parameters can be guaranteed to be global optimal solutions. The experimental results on a
synthetic dataset and several UCI machine datasets show that the classification accuracy of KE-B-MA
is comparable to several classical fuzzy systems with distinctive ability of providing explicit knowledge
in the form of interpretable fuzzy rules. Rather than being rivals, fuzziness in KE-B-MA and

probability can be well incorporated.

Key words classification; Bayesian inference; Mamdan-Assilan type fuzzy system; knowledge
embedded; Markov chain Monte Carlo (MCMC) method
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Fig. 1 The cluster based TSK fuzzy classifier’s

parameter learning mechanism
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W H A AR AR Y R AU B R, T LA
BIES R SEU " V2 R Isl.
2.4 KE-B-MA EX#RFE XD

AR 2. 2 15 B MCMC B it # 3# Markov 5
KIEU™ VR RGAR A5 45 i KE-B-MA BB 5%
gioE ) k.

#ik 1. KE-B-MA %3k,

BN UNGRFEAR X FIREA TR 2 Y JR ik AR
P SO AR B0 om B K VIE WAL 280 C7 SRR R
BOUESE h Markov 5 it KIEFRCREL tos

B i1 KE-B-MA 8] 2 8 09 800 KL 0] F e 5
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) 4 A < AR R0 TR R AR B Ay e 5 SRR U Y
By 1) 8 O N 4E BG B E SRR w, ~
Dirichlet(a) sn=1,2.+, N3 il if 5 (7) i 5 J5 1F
VOLERU ,Ct LYV ={UY,Cc" VD),

A, WE iter=1;

AR 2. WE iterationU=1;

B3 X T x, B CORERBE a,;

HIR 4. RIER Q2 A ZMF aus

B S, A COMEH a, TR G+ D ERW
w, Vs
HBE 6. iterationU=1iterationU+1;

BT, N iterationUN 56 8| 5§ 3;

HPR S M (DR FEHESH VDR
R ST PR A Y IR SR RS s Ve
FIHL T R A S bR B Y

A9 QD 4RI p(X UYL C,
Y.VOOOH R p(X U .C.Y, V)

Wi p(X, U7 ,CY, V) >p(X, U ,C,Y,
VOLRAU =0, v =V,

LB 10, diter=iter+1; NE iter<t,. 53+

A 1L Al OO TR R 286, IR 15
)RR B0 5

B2, OB RS0 PR R L.

SR UG N W B T 51 < R W RS TR =2 S
JEEEA 2 WMo F R p(x, 0, [CY V)
(K ASHFFEMHSE VD) TR w8 2 2%
3rA0E OCKd) I OCN®) S dy 58 B 25 1Y
A T A RR AR DR B 1 R B R s BN T
T OU e (NKd+ KN°)) . 0] WL 803 138 47 (1 I
TF1) 25 23 5 B AR ) 2% 1 R 485 R A 6, R 415 I R 8K
SRR d SREARZE N ZAFE d<N° 1%
LI, Bk 1 AT B R A LA O (e
KN®) , WA F R i J5 1 2 506 R i — 0 8 %l e 75
FRRER]. Ry 1 — s R b R R 5 A PR T 8K ]
AR IV 22 1 22 1) DR o B30 308 of 44 vo — R S0l 1) 3R A
HERE L 5] 4 SMO (sequential minimal optimization )t
A parallel mixture™ %, JHT A% HEA 2 B
N 43 B HE #5355 O (N?) Fl OCND. A SC R ] SMO
R IR S5

MH SR ARG 1 42 Joy i Sk 7 SCik [ 28 ] 45 51
TIE B o R A AL U 2 ) SR I, TC 18 L 2 5004 0 4 2 ]
B B I 2 — B ST R o A AR SCHE Y 1
KE-B-MA #0548 78 R Fl MH SR FE 535 (1 7] 15

FIA TSR 5 2 80 SVM Bk L QP
fifg 1A n] PRUEZRAG S5 2R A 2 /e Sork. Rtk 5k 1
3319 KE-B-MA W §i 4 FUG 2802 42 R i .

3.1 XBiEE
T B UEAR SCT5 kB A R A g3 i) i
N T4 RO 55 L K UCT F e S 808 2 K30 X KE-
B-MA B35 #4723 7 55 86 E. A7 5 52 56 K0d 1 3 40
RSB F 3.2 WA 3.3 WAL A, 5 KEB-
MA BEAT MO 510 A 375 4 ol i 70 £ B 7 5 2JS ) A6
W & 45 . FCM-IRLS™® , FCM-SVM-FS"* (5 4 %
GEHT AF 5 8% o)l FCM % 26) Rl L2-TSK-
FSUUL DL 2 M5y B vk SVML A AR SC 32 908 45
£ T SO VB R B 5 HE A8 S UE v ok B IR
. ZH8iramiEmE 2 frow. i85k TE
Matlab2010b 3% 45 T 32 #, SVM & 3 i LIBSVM
BAFSE B R L1-SVM B K.
Table 2 Definition and Settings of the Related Parameters
for All Algorithms
R2 RBRPEHESHHNENRE

Algorithms Parameters Description
FCMAIRLS The number of rules K& {2,3,++,20}, the fuzzy
7 index m € {1. 1. 1. 5. 2. 2. 5,3}, the scale

FCM-SVM-FS, ) 5 )
L2-TSK-FS parameter h € {0. 2%, 0. 4%, «-, 22}, the
‘KEfoMA, rcgu}arization paramActcr C'e{1073,1072,10%},
tmax in KE-B-MA being 7., = 300.

The regularization parameter C' € {1073,1072,
SVM 10° }, Gaussian kernel width parameter s€

{102,101, ,10%}.

XA AE R RE AT 2 L SRR A 4
APEMFE bR - 1) 43 20K B R 7 25 5 2) BRI 28 55 11 40 )
O SVM (1 3 HF 1] 1 15 3) £ B0 2 48 H0 ) v 4
EIRRRAEB; 4) 45 T80 1k i X o7 A% A (1) A5 1 4K SVM
WEMAARECH LHLGHD +1, Hrp L 2R 30H
m A s RORFEA YR L2-TSK-FS 40 3 ()48 &
Bl 2Kd+K(d+1), K RO NEL, d FR
R LI 55 1 A A 25 ] 1 4E 45 FCM-SVM-FS Al KE-
B-MA £ & 1728 85k 2Kd+ K-+1; FCM-IRLS 4
TS BN 2Kd+ K.

3.2 ANIHBESK

N TR 4 h 500 A 10 4E7E[0, 1] Z [ #5543
A B FEALERC x #4 B B AR A X B 09 2R bR 4 S
y=sgn(x, +a,++x).
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N T HAE KE-B-MA W& DU SIS RO AT A s A S 6] BT A B R AE. S8 50 L4 T KE-B-MA
JE A 2 BRI 27 o SEWS AT e AR SE g 5 T A 4 ROk SR A 20 288 S 1 0 A R R 0 2
A SR A B — B MR RE R S O AL PR RO U B S AR A ORI R, ) A R 4
AFRFIEFIBEDL L £51H SCAR 2 17 :UR 13, KE-B-MA - M EhR 5 R WK 3 s G 45 3T B D . 1
HhRITR R ACRE G PP 45 T8 3% A 08 456 D U < ABOR) 4 T, SVs o8 SVM B A 1 3 Ff 1] 4L

Table 3 Accuracy Performance Comparison of Several Algorithms on the Artificial Dataset

®3 BWMEEZEANIHEE LMREIEER

Algorithms Clas?i[ication Perlforlmance Model Structure Featu‘res in Fuzzy Varial?les in Fuzzy
(Standard Deviation) Systems Systems
SVM 0.9534(0.0155) 50.2 SVs 10 603. 4

FCM-IRLS 0.9554(0.0078) 8 rules 10 168
FCM-SVM-FS 0.9556(0.0171) 8 rules 10 169

L2-TSK-FS 0.9438(0.0155) 10 rules 10 310

KE-B-MA 0.9555(0.0169) 7.8 rules 5.8 99. 28

SVs: Support vectors
11
o 9B 0k
E w)
o
E 90 %’ 9r
g tg 3 ——KE-B-MA
E 85 | 5 —+— FCM-IRLS, FCM-SVM-FS, L2-TSK-FS
8 —=— KE-B-MA € 7l
=] 3
b= —+— FCM-IRLS =
8 80 —»— FCM-SVM-FS 6l
E —— L2-TSK-FS
2 4 6 8 10 12 14 16 18 20 2 4 6 8 10 12 14 16 18 20
Number of Rules Number of Rules
(a) Classification comparison by using different number of rules (b) Comparison of the number of features in fuzzy systems

600 F —=— KE-B-MA
—— FCM-IRLS

@ 500 F —%— FCM-SVM-FS
5 L2-TSK-FS
E 400 F
>
Gy
S 300}
8
E 200}
Z

100 |

0

2 4 6 8 10 12 14 16 18 20
Number of Rules

(c) Comparison of the number of variables in fuzzy rules

Fig. 3 Performance comparison between KE-B-MA ,FCM-SVM-FS.FCM-IRIS and L2-TSK-FS on the artificial dataset
K 3 KE-B-MA,FCM-SVM-FS,FCM-IRIS, L2-TSK-FS 7 A T4 ¥ PEGE b &

H% 3 FE 3 Al LAE . 2) FCM-IRLS, FCM-SVM-FS, L2-TSK-FS #i
D ARSCHE S 4 M BRI EANT BIRGR AR AT 10 AN FRAF R A 15 SOk B8 00
B B TR Y B e KRR KE-B-MA 1943 10 KE-B-MA #4385 @8 808 £ 00 38 5o 0 8 i A [ 2
JE U1 AN HE B A 43 28 ROR A 0. 01 %, T 5.8 MERE, L] KE-B-MA B8k % £ i 1]
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REAR 1) 4 B4R AE  (EL 38 2 B0 0] i s R L TR 2 )
{14 5 s BE % 78 3 75 1 A A\ 2 (8] RS 3 45 ) 22 100 74 /Y
TEBEZ AR IE TR RS R, X — R
FCM-IRLS,FCM-SVM-FS, L2-TSK-FS A H.% (1.

3) XIMEGF AT TP 5 FE L&
AR Hp R AR B R, AR KE-B-MA B & 4 B
A 4t i P A, HAR AL b (1% A8 B 0 /N T 5 Ah 4 B
=R7

A) X TR ZR G AR R 0 R A R A

A5 RSB R D) B8 A G TR) e g R U A B A S TR Y
K73 %5 Wi B A 0. KE-B-MA b3 52 il F 60 38 ik A
FEMEBEE T3 S M A RO SRR B pR B0 L AR IE
I Az TR T B K — 0 At R S o R
fib 3 R R G0 BT A HA 1.

T KE-B-MA Jr 153 50 JL I x — 45 A
B T R 2 1SS P s B R AR
W 0 i A2 70 IS JRE I A 3 A9 AR R I 3l % 4
HE 4 B,

Table 4 The Knowledge Embedded Matrix Corresponding to Eight Fuzzy Rules in One Running Time on the Artificial Dataset
R4 ERETHAIEEFERN 8 SEHM N TR A &2 8N 48 BE

Rules x1 X x3 Xy X6 x7 xs X9 x10
Rule 1 5 2 DC 3 1 3 DC 5 DC
Rule 2 DC 1 DC DC 1 2 1 DC 2 2
Rule 3 3 3 3 1 3 DC DC 1 1 DC
Rule 4 DC DC DC 4 4 5 4 DC 3 5
Rule 5 2 5 2 DC DC DC 5 DC 4 DC
Rule 6 DC 4 DC 4 5 DC 5 3 3 4
Rule 7 DC DC 5 DC 2 4 2 2 DC 3
Rule 8 1 DC 1 2 DC 3 DC 5 DC 1

Rulel

1 1 1 1 1
17 AN G VO I AR O Y AW IS AN

-1012 -1012-1012-1012-101 2

Rule2 1 xzﬁ lxsﬁ 1 Xg ’\ 1 Xg 1x10
0—1 01 2 O—1 01 2 0—1 01 2 0—1 01 2 0—1 01 2 0—1 01 2
1 *s 1 e 1 o)

1 1 1
Rued *1 I\ *2 /\ *3 f\

0

0—10120—10120—1012—10120—10120—1012

12
1 1 1 1 ! :
Rule4 0|"4./} 2| O|"5_A | 0|x6, A 0|x7, A 0|x9/\ | OM

-1012-1012-1012-1012-101 2

1 1 1 1
Rule5 0"1“ 2 Z\ "3Z§

0—10120—10120—1012-1012

5

0

1 2
S 0 0 AN 0 W Y W v

*1012*1012*1012*1012*10120*1012

Rule? D “ ! xS!! e ﬁ A N
0*1 01 2 0*1 01 2 0*1 01 2 0*1 01 2 0*1 01 2 0*1 01 2
! Xy ! X3 1 X4 1 Xg Ly

Rule8

0 0

0*10120*10120*10120*1012*1012*1012

Fig. 4 Fuzzy membership functions obtained by KE-B-MA by using the knowledge embedded matrix in table 4
4 KE-B-MA 58 R o MR 4l 3= 4 A dm A GG BREAS 21 0 BRI SR R B2 ofi 21

&l 4 Ji 7S JLIN xRy 0 J5 A 2 800 V= (0. 9731,
0. 8931, 1. 2387, 1. 7321, — 1. 2971, — 1. 8662,
—07582,—0.9265)". i T/ W& T FR . T 1 45 H T AR
551 ZRASOR ] T =X

R, :if x, is very high and xz; is low and x, is

medium and x5 is very low and x; is medium and x,
is very high,then v, =0. 9731.
3.3 UCIHFEESR

ATt 5 AN E L) UCT HLAs 24 ) JFEE g
BOHE 4E SF 3 iF KE-B-MA {9 # fig: Pima Indians’
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Diabetis(Diabetis) Z{#E££ . Breast Cancer(Breast) %1
P4  Liver Z{45 4 .Image Segmentation(Image) %%
JE 8 F Ringnorm $( ¥ 4E. Diabetis (¥ £ 1L 768
NEAEFEA AR 8 AN HERAE BG4 50 M BB IR
R R FIE 8 25 AR 70 28 500 Fil 268, Breast 3t
A 288 NEHEFEA Horp T 3L R AR 85 A
J& T RAEFLRFERFEA 201 A BAFEAA 9
fiE. Liver #4847 345 ARG FEAS , A0 25 Il 5 5
WRAEA 145 ASFIIEH BHEA 200 A, G DHEAR
6 L. Tmage B4 46 S B 400 0 I 3l Bodis 4 3
A 210 DEAEFEA, & 18 DMERAE, Hh IEZE 1320
AFEAR L 12 990 N FEAR. Ringnorm BG4 & 7

400 MREA , AR E B R 20 4k, 0F KRR B REA
A 3364 F1 3736 4. SLgm 5 4~ UCKAE i 34
I — A ZE [0, 1] P . AT 52 50 v 0 R B 1Y) A 57
5 B F F-score JyikM™ Sk % F-score A K1)
FRAE o FF 1 (A0 45 7 25 0 A 25 8] I (AR AE. 75 22
Wi B AR 2, SRS FE R R A R o o e A
B RE®ARG.

FOH/HT 5 ML UCLEWEE 1LY
LHLER. 5N THIRE TR, L T KE-
B-MA 5 3 Fxf b3k £E L % (2,3, -+, 20} Yl [l
PN A R B R DU 5 ) R O 280 R R A ) AR
BHOX 3 M SRR S5 R WA 5 K.

Table 5 Performance Comparisons on UCI Datasets with Different Algorithms

R5 BWMEXEUCIHEES LSRR

Datasets Algorithms Classification Perfo#mance Model Features in Variables in
(Standard Deviation) Structure Fuzzy Systems Fuzzy Systems

SVM 0.7698(0.0155) 57.0 SVs 571.0

FCM-IRLS 0.7758(0.0178) 10. 0 rules 8.0 170.0

Diabetis FCM-SVM-FS 0.7763(0.0178) 10. 0 rules 8.0 171.0
L2-TSK-FS 0.7766(0.0157) 12. 0 rules 8.0 300. 0

KE-B-MA 0.7775(0.0151) 10. 7 rules 5.1 120.8

SVM 0.7402(0.0332) 102.0 SVs 1123.0

FCM-IRLS 0.7306(0.0250) 9.0 rules 9.0 171.0

Breast FCM-SVM-FS 0. 7308(0.0215) 8. 0 rules 9.0 153.0
L2-TSK-FS 0. 7300(0. 0323) 10. 0 rules 9.0 280.0

KE-B-MA 0.7319(0.0332) 8. 2 rules 5.7 102.7

SVM 0.7689(0.0241) 246.8 SVs 2222.2

FCM-IRLS 0. 8000(0. 0185) 10. 0 rules 9.0 190. 0

Liver FCM-SVM-FS 0.8026(0.0197) 9.0 rules 9.0 172.0
L2-TSK-FS 0.8100(0.0082) 10. 0 rules 9.0 280.0

KE-B-MA 0.8076(0.0245) 10. 3 rules 5.7 128.7

SVM 0.9197(0.0111) 206.7 SVs 4135.0

FCM-IRLS 0.9181(0.0182) 13. 0 rules 18.0 481.0

Image FCM-SVM-FS 0.9160(0.0155) 13. 0 rules 18.0 482.0
L2-TSK-FS 0.9113(0.0135) 14. 0 rules 18.0 770.0

KE-B-MA 0.9190(0.0141) 13. 6 rules 10. 4 297.5

SVM 0.9403(0.0069) 1665.0 SVs 36631.0

FCM-IRLS 0.9708(0.0078) 7.0 rules 20.0 287.0

Ringnorm FCM-SVM-FS 0.9697(0.0086) 8.0 rules 20.0 329.0
L2-TSK-FS 0. 9683(0.0062) 7.0 rules 20.0 427.0
KE-B-MA 0.9712(0. 0074) 7.1 rules 13. 8 204.1

SVs:Support vector
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(a) Classification comparison by using different number of rules (b) Comparison of the number of features in fuzzy systems
1200
—=— KE-B-MA
1000 F — FCM-IRLS
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>
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4
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Number of Rules
(c) Comparison of the number of variables in fuzzy rules
Fig. 5 Performances comparison between KE-B-MA,FCM-SVM-FS FCM-IRIS and L2-TSK-FS on Ringnorm dataset
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Fig. 6 Parameter m sensitivity analysis on three datasets
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Fig. 7 Parameter h sensitivity analysis on three datasets
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Fig. 8 Parameter C' sensitivity analysis on three datasets
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