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Zero-order TSK-type Fuzzy System for Imbalanced Data Classification
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Abstract
the minority class. Firstly, in the antecedent parameter learning stage, a new clustering method, called Bayesian fuzzy

When learning from imbalanced datasets, the traditional fuzzy systems have a low rate of identification over

clustering based on competitive learning (BFCCL), is proposed to partition the input space for the antecedents of if-then
rules. BFCCL considers the repulsed force of clustering prototypes between different classes, and uses an alternating
iterative strategy to obtain the optimal model parameters by Markov chain Monte Carlo method. Secondly, in the
consequent parameter learning stage, based on the maximum separation strategy and by keeping the distance between the
minority class and the classification hyperplane larger than the distance between the majority class and the hyperplane,
the method can effectively correct the skewness of the classification hyperplane. Based on the above ideas, a zero-order-
Takagi-Sugeno-Kang fuzzy system for imbalanced data classification (0-TSK-IDC) is proposed. Experimental results on
artificial and real-world medicine datasets illustrate the effectiveness of 0-TSK-IDC on both minority and majority classes

in imbalanced data classification, as well as its good robustness and interpretability.
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u,;
S8 2.3, HERX (A7), W ple,,u, Y, Z) <
p (xmumY*a Z)’ B2, u, ‘_u/n;
B 2.4, MR n > N, WEEELTE 2.5, 50,
En=n+1, HiRRELE 2.1};
End n
For ¢ =1 to size(C)
{8 2.5. HHEX (18) RAEHHI R L yl;
S 2.6. A (19) BIHER ay 2y, — ¥l
B 2.7, X (20), R p(z, Y |UT) >
y:U"), B2y —y.;
HIR 2.8, W ¢ > C, WEZELTE 2.9; 5N,
BHce=c+ 1, R 2.6;
8’29 WA pX, U, Y, Z) >
X, UY.Z), aU —U, Y —Y;}
End ¢
IR 2.10. R > bpax, WIF U™ AY™ 551
BEE A 24 HITREAS O ASOR) SR Ja 5 PR SR 2 O A
i KI5 22008 3; BN, FR L0 2.1,
SE3. 45X =X,,Z=Y""W), U =U9",
C, = 0(2), Cy,=CW
PR A, b2
End ¢
H|5. MR Y (0) - Y 0-1)| < e o

H U > U, WEEF LI U, U A
Y(l)*,Y(Q)*; 7|[:[<)H\[J, oyt 1’ igiﬁ}g% 5
End v.

p(z

3 BATAFERIES K 0 M TSK BRH
#%; (0-TSK-IDC)

X T 45 58 RE AR B L IARAS {a, 1Y, s
1 58 BECCL HK 5, B34 — A BRIt
T 0-TSK-IDC ) 255 i — S BOMIRR N . [7] B 43
1T T W 2R A AR e e i U, U A
s OB YT Y Sk i g v R R R
(2 (4)) $RHE TR, Fos A 2% 6 A
8% Wl R e H):

2
h’zujc(x]l_yi,lz)) Z:1>2> 7D

(52711) - = Ny , C—= 17 2, ce 70(1)
];1 Uje xj (S X1 (21)
o @y2 . _
h Z ujc(xﬁ_yc,i) 7’_1525”'7D
6£27,) = e N , C= 1; 2’ e 70(2)
j:;+1 Uje T; S X2 (22)
”:‘11‘5‘2*@355)@)2\‘] ST G (%ET[@ Y Y =
YO Y@ s = (67,87 ) whsE s,

3 (3) ~ (5) A BIGHARAE {2, 1Y, W 451
23 1 OB RO 48 {d(z), LYY, Horp d(z,) 7]
A R

d(x;) = [ (%), fiz (i), , fiow pom ()] (23)

1 2y. T
4y = o2 5 ] 0-TSK-IDC Bk

ARG G SHEE ) B AR RIS F py HIZR
PR, B

=0,
<0,

.’I:iEXl

24
xiGXQ ( )

f(z:) :pon(-’Ei) {
A% G543 S THI 1 K T 58 17%) SIS 2 15 3] 19 2 1] P 8 1) e
KA, AEIE A 43 2 THI AR A BRSSP 43 2 ) 8 v 5 1)
DR KA. A IE S R WS, A SR
3 ZRTH AR 2K B 9 2 18] BR824 5 AR I [|] B, PRk 2D
BORF 2 R PR AN T 2 8RB 4 K i fE
B HoRBEERNE 3 Frn. BG83 1) 5
AT AR S ) ok s :

N, N
1
§P0TP0 —vp® + M Z §i+ A Z 3

i=1 j=N1+1

min
P7P07§
st pold(x)>1 +p* =&, i=1,2--- N,
—p,Td(z;) >1— &, j=N+1,N,+2,-- N
(25)
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/E\:EF‘7 v, A\ Ao jfl 3 /I\IET%%L H >\1/>\2 =
Ny/N; = (N — Ny)/Ni.

AR (25) v ARSI Lagrange #5175, 5] A3k
i) Lagrange ¥ o, L(py, p,§) I FRMI& 7L HK
TS, AT RN, LR R A
BRI

E a; =V

j=N1
Osaig)\l7i:17”'7N1

0<a; <X, j=N;+1,---,N (26)

Ho, K = [kl g,y ki = Lld(a:) d(z;). HRIEG
RHLE, 2 HAY K(-) A Mercer R} (26)
W ELR, SRAS R 2 R Ui, X H, aE N
Mercer #%.

pod(x)=0
podx)=—1

X pldx)=1+p°
/

K 3 0-TSK-IDC 43251H 7 2 K]
Fig.3 The classification hyperplane of 0-TSK-IDC

SIFE 128, 4z 2 R" bFi—A %4, K(z,2)
J& Mercer #%24 HAVY K (z,z) & X x X g4k
XFRRECH X TAEREN 1, - -,z € X 19 Gram
P2 1E5E

EIE 1. WSRASR 2 45 B A RO S e pR L
fop () RTESERER, W= (26) A% K% K & Mercer
.

JE ER. i (26) e X, K =
il s Ky = Lilyd(z:) d(z;), RSB K A
SEXFRRARE. HR, IHERER oq, -+ ,an € R, B
(23), H X0 ik = S0 azaglild(z;) d(z;) =

2
|8 S adig(a)|| = 0 B () Rt
R, PRIHAZ R K K J2 Mercer #. O

FI, # e = [af,-,ay]" st (26) WA,
M 0-TSK-IDC {524 pl K
N
pb =D L fu () (27)
=1
Fe#%, 0-TSK-IDC KM 2 G5k s 4 F(z) w3
F(z) = sgn(p,"d(x)) (28)

R4 S0 A fidE s, 0-TSK-IDC f j BFCCL
S YA A 3] o e R T AR 5 P U R R S 4, M
W J5 2508 R0 S Th A RS 21 1. 3 BB 2%
0-TSK-IDC Bl R Gy BRI 3, Bk

E3% 2. 0-TSK-IDC 1&E# R %

BN BEE {z, LY, BOMEL R (CO +
C®)), HMITEE m, RIESH h, MH REERRER
WEL Vmaxes PIIESEEIGIR e RAEAR IR Lo, P22
W &, T SE v, ENESE A AT Ao

M. SRPSRERE F(x).

SB 1. R L R e s U
U g sip YO, YO

BB 2. i (22) R ETRIE R B %=
wipg 6 Fn 6@,

$8 3. B (3)~(5)0-TSK-IDC ¥ J5 1k %L
P {x,, [, WG 2 R A 25 1) 1808 i Hiodi 4
{d@), L},;

S 4. = (26) KM F Lagrange FT o;

HI] 5. kX (27) 53 0-TSK-IDC W55
%&p03

S 6. Hl (28) 15%] 0-TSK-IDC K A

0-TSK-IDC i 2 4 iy i 1) 52 2% JF 32 B4 vp
FESYE T R RO R SR A ) A L R K
V] A5 B A A2 2% B o O(N®), g, 0-TSK-IDC
BRI 2R G810 B ) & 24 2 O (Umaxtmax(NCD +
CD?*) + N?). A H SMO (Sequential min-
imal optimization)° 2 43 75 5 40 3 — Yk R R
A8, 0-TSK-IDC R £ 40 ) it [B) 52 2% B I &2
O (Vmaxtmax (NCD + CD?) + N?).

TEH R, 0-TSK-IDC Bt R4 515
B2 ) RIE 5 S Fr ] ML (Support vector ma-
chine, SVM)Z e kALl {HIX W FP 77 35 2 [l A7 AE
HEARZESR, 0-TSK-IDC i 1 SN 58 AR AE 25
) f e Bk, 17 SV 3 3 A% o B30 24 D i s e
SRR AEASIR] 15 HK, 0-TSK-IDC 432K e 3 s %
HH 14 2 500 R] s R AR 2R 48 R BRI RN i S 4, H
LA RS SCHERNAT fRRETE, X — PR R B R
GHEA .



10 44

JEHR R S AN PR 7 2600 0 B TSK U R 4t 1781

4 SLIGEERSSH
4.1 SIRE

— AR 2B S Z BRI REA LT 1
2 B, R A A AR, I BS54 T R R
S WER AT 2 I NP, A SO SRR A
F A A T. Banana $#a4EP% f1 4 4~ UCK B3
PRAEBY (BEABE WE 1) Fraxt BFCCL & kA
0-TSK-IDC #8 R GE AT I ub A PPAN. MK HRAS P-4
B o 25 ) b T s YA, ST R D
FeE NI, R BT e k.

ALY ST 53 AR 4 1) 0-TSK-IDC
FIN w4 2 2 > 3 3l BECCL 1 BFC
YR RVEAT R RE R L #L; 2) O-TSK-IDC A8 %
%45 FS-FCSVMB2 | L2-TSK-FS?% | Adaboost!33]
1 CS-SVMPY 43 3k it A7 M RE 10 e i, Horp F'S-
FCSVM #1 L2-TSK-FS J& 5 T A8 58 28 i H0R 5
4i; Adaboost il CS-SVM 2 &b ¥R A S 54 4 28
FREE. T R UE A ST BRI 1 5 251
2 ) T YRAEAN TR 43 2 ) 8 B R, SR
B 0-TSK-IDC #M) 4t 5 BFCCL-TSK-FS ik
RGHAT T % 1, BECCL-TSK-FS B8 2 55 #1
M S5 2= > i BECCL R205 %% FU 5
AR5 FS-FCSVM B 2 S AH [F] 1)
Tk, BIFRMER SVM k.

LS ERE W TR 0-TSK-IDC Ay Kk AL
WA tmax = 10°, vnaxe = 10°, 2 (19) 92
Moo =3, RZEWM e = 107°, HRA%CHk [35] B
MR 20 m BUE M 2, MR PR e B, HAth
AN T E 19 2 0 3 4 48 = 1 7 =0k 1 a2
RBEEZ5h BUE N {0.22,0.4% - 22}, T8 S5
v BUEH {1,5,---,30}, IEMAL S5 N HUHE A
{10723, J10%}, Ay AOMEARIE A1 = AN/ Ny KA
S, BORIRLEL C AT CP BEIY N {1,2,- -, 10}
SCIG R, FS-FCSVM A1 L2-TSK-FS (1) #i Fif 44
H FCM FEHRE, BOBIEE m BUES 2, AL
JEEA M IEN AL S5 E S A M. CS-
SVM 53k i #% sk FOR s Wi, S BOUE
J{107%,--- ,10°}, ENE S HMEES N A

Xy A, Adaboost 3% ik B 55 4 A48 1A 5L
5 10. BFCCL-TSK-FS #3¥:d BFCCL 21

SRR EZ M 0-TSK-IDC, HAWZ R EZ ]
FS-FCSVM.

AT A 5 B O R RR R Y R ST X
R RE A B ), A SCR M G-mean fil F-
measurel3 37l PEA v ) SR P 53 1 4 2k

&b,
He:

G-mean =

\/ Positive Accuracy x Negative Accuracy

(29)
F-measure =
(1 + %) x Recall x Precision
(2 x Recall+Precision
(30)

Hrp, G-mean J& K YA AR BAR o FEPEREDY AT 48
x5, Positive Accuracy = Recall = TP/(TP+FN),
Negative Accuracy = TN/(TN + FP) JEGZR.
F-measure J& & 4 R & R0 # A E, Re-
call = TP/(TP + FN) A% 43, Precision =
TP/(TP+ FP) h&EMER, 0 @EKEN 1L X
2 ANTEUTHENI B TP 48 br 2 48 8 E i 4 25
PIERHEARPEH, N fatr 2 B iR o km
IERFEARMEH, FP fatrfagdli iR o L ndk
FEARECH, TN 485528 OE 4 JEm 24
FIECH. T, G-mean #E AT DA 3D PE AL FE AR
FRIE . A0 FORG 2T N S KAL SRS B, 1
F-measure {EN]A] DAG BHBIPAN 43 228 0T 0802k
)5 JEPERE. A SO T T RN ER AL AT 5 P X
Bk, 1217 5 LA G G-mean il F-measure
VEN L JERE . AU S8 7 2.53 GHz quad-
core CPU, 8 GB RAM, Windows 7 &4t N AT, i
HEPHE Matlab 2009b 2455 RS2 3.

4.2 BFCCL 5 BFC 7£ 0-TSK-IDC #&#4r3£
BRI RELL SR

421 ANIBESE
SCIG A E T 3 L IE 2R L AN [F] Y Banana

H1 B EAGE

Table 1 The basic information of datasets
Bk IERFEAEL TRHEALL IEZE LA JEMEA %
Banana dataset 600, 200, 100 1500 2:5,2:15,1:15 2
Heart statlog 120, 60, 30, 20, 12 170 12:17,6:17,3:17,2:17,6:85 13
Breast wisconsin 241, 200, 150, 100, 40 458 241 :458, 100:229, 75:229, 50:229, 20: 229 10
Liver disorders 145, 100, 50, 20 200 29:40,1:2,1:4,1:10
Haberman 81, 40, 25 225 9:25,8:45,1:9 3
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B, Bl EBCAEB 1500 ANt 2ekeas, 45k
HLIZEEL 600, 200, 100 PMIEZEFEAS. [ 4~ 7 255
fii [l BEC #1 BECCL S¥kIE MR BHES R 3
4 WF, A IR BT R RS RN B, R
TEZEREA S 51l 480, 160 F1 80 4~ (H B EFER), f
FREAIS A 1200 4~ (K RFRR), IERFITZRIER
2o B BaM A R RR. LA H:

1) HFEIE A PRFEA 6 BFC HAE
Kibp, 4 (a) ~ (c) FTAFEARM RIS E 4
HIEL, & 6 FRANBE. [R]REAE AR JE s DIk B T 2R 28
HL [ B B PR /NI AR, R R R RO G- 2]
AR RN R S AP AE S M R R LR X
2 BEC A JEA R 251 R I Lo 8] (1 HE
FRR AR, 18 BB R GLRI T > i, A5 2]AEOH

(a) IEFZELLH 225
(a) The ratio of positive class and
negative class is 2 : 5

(b) IEFZELLH] 2:15
(b) The ratio of positive class and
negative classis 2 : 15

5
0
> s
-10
-8 -3 2 7 10 -8 -3 2 7 10 —é 2 7 10
X X X
() IEGUKEp] 25 (b) IEAAZELLH) 2: 15 (c) A KLLH] 1:15
(a) The ratio of positive class and (b) The ratio of positive class and (c) The ratio of positive class and
negative classis2 : 5 negative classis 2 : 15 negative classis 1 : 15
Kl 4 BFC 7t Banana £ EIETUERIHIYN 3 WA RIHCR
Fig.4 The clustering results on the Banana dataset in BFC with three clustering on the positive and
negative classes, respectively
5]
o
S
=5
—-10
-8 -3 2 7 10 -8 -3 2 7 10 -3 2 7 10
X X X
(a) IEFKLEH] 2:5 (b) EHFEES] 2:15 (c) IEF7KLLH 1:15
(a) The ratio of positive class and (b) The ratio of positive class and (c) The ratio of positive class and
negative classis 2 : 5 negative classis 2 : 15 negative classis 1: 15
Kl 5 BFCCL 7 Banana 4& FIEGRIRIEIY N 3mSR
Fig.5 The clustering results on the Banana dataset in BFCCL with three clustering on the positive and
negative classes, respectively
5
0
~ -5
—10+
-8 -3 2 7 10 -8 -3 2 7 10 -7 -2 3 8 10
X X X

(c) IEFRELH 1:15
(c) The ratio of positive class and
negative classis 1 : 15

K6 BFC 7t Banana # FIETISRAHIGN 4 WHIRIBCR

Fig.6 The clustering results on the Banana dataset in BFC with four clustering on the positive and

negative classes, respectively
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PRI I PEAT AN 2 PRAIE.

2) BFCCL S3A% J& T AEREAN L B XA [R] 251
REPORZES KR, BIPLHT 285 —13K
AR B HE R TS St B X, X AR )
LA IE DA SEAEAR 14 2R 2 Lo S ] REHILIZC 18 X 7 A
AP, M5 FIEL T BRI AT, Bl ISR
PRI, HX AR R L O
HERF i A A T AL, DOREE A I SRR
WEEZ 25 1 . IAEAR A A KON & %A
b O AR R RS/ N 1 DL

K 8 Zyih 7 0-TSK-IDC Hit R T 7 (b)
RRER PRI B R B IA. FRATALE, R+
A (RIBSERIAILIN Ho) 199371 2 RS BT HRAT AR L
VU35 B PR A ] R R B PR R 2 —. Fh AL 8 ]
1, BECCL I YA R 251 H) R L s drar >
(14 SR T AR IR AR AT A AR MU BA R Gyl Ao
P 2 3 4 0-TSK-IDC A5t 2 48 AL i 4 53 31
] BFCCL 5 BFC SARTERE L. MR 3 45
AL, AEIE TUZEREA B AN [ BN P i 15

OLF, 5 BFC A, i BFECCL Rk
AR A i, R ) T 4 2 850 Bl TR 0-TSK-IDC
WO 22 G0 40 2, IR} G-mean #l1 F-measure
FRVRII A FE I R

422 HEIHIRE

AT X BECCL REFFEERRES— LT
o, ATEH 4 DA UCKD B2 Wy S Xt
BFCCL 5 BFC 5348 H 2SO HLN 5 - 2 802
Mk, Ry 0-TSK-IDC Bikl & 4ind 4 Z5 s it
T, G-mean I F-measure {f & HJ5 Z=09 L
ZRNER 3 s, MR 3 S5, EAsdEgE b
S B SR VI N I € Ml o R =& [
REARLRFF—F, 78 0-TSK-IDC B & Ge v il 1
BFCCL & 5% )5 F-measure il G-mean 7438
Fr¥g w0 BFC ByEM L, UiIAFE ) 2
VEARBUSORI AL BT S 80 22 2 b, 5840 % BN R
P RO Z BT S R R, A B TIOR3
(] K 3 A A AR A

-3

X
(a) IEGKLEH] 2:5
(a) The ratio of positive class and
negative classis 2 : 5

(b) IEMKLLE] 2:15
(b) The ratio of positive class and
negative classis 2 : 15

X
(c) IEAAZEELH] 1:15
(c) The ratio of positive class and
negative classis 1 : 15

¥l 7 BFCCL 7 Banana £ FIEGSRIHIG N 4 B HHRIRCR
Fig.7 The clustering results on the Banana dataset in BFCCL with four clustering on the positive and

negative classes, respectively

First rule (1)‘ /\ | (l)| /\ ‘ Positive class
-6 -2 2 6 —10 -6 -2 2 4

Second rule (1)‘ /\| (1)| ‘ Positive class
-6 -2 2 6 —10 -6 -2 2 4

Third rule 1 1 Positive class
96V\ -2 2 (|) 701|O -6 -2 2 4‘1

Forthrule | 1 Positive class
9‘6 -2 /\ 2 L 701|0 76/\ -2 2 4‘1

Fifthrule | 1 7a Negative class
9‘6 ) 2 /\_el) —01|o 6 ) 2 4

Sixth rule 1 1 Negative class
9‘6 -2 /\ 2 (|) 701|O -6 -2 /\2 4‘1

Seventh rule | 1 Negative class
i AN A |

Eighth rule 7] 2 2 6 7|10 - -z ! Negative class
AN | AN |
) -2 2 6 —10 -6 -2 2 4

First feature

Second feature

K8 0-TSK-IDC 3&TFK 7(b)

RERI RGO SR A

Fig.8 A plot of rulebase of 0-TSK-IDC from the clustering result in Fig. 7 (b)
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72 Banana % 5T BFC 5 BFCCL ¥ 4~ 7 B354k

W) 0-TSK-IDC Fif] £ 451 G-mean ] F-measure

FHT7 R K

Table 2

G-mean, F-measure and their standard deviations comparison of 0-TSK-IDC with the clustering results in

Fig. 4~ 7 by using the BFC and BFCCL on the Banana dataset

BFC BFCCL
WL L A
G-mean (%) F-measure (%) G-mean (%) F-measure (%)
2:5 96.48(0.60) 96.2(0.64) 96.97(0.53) 96.44(0.54)
6 2:15 95.89(0.52) 95.77(0.49) 96.20(0.31) 96.22(0.36)
1:15 94.14(0.47) 93.79(0.41) 95.45(0.55) 94.99(0.48)
2:5 97.98(0.31) 97.23(0.34) 99.75(0.27) 99.74(0.23)
8 2:15 97.03(0.29) 96.92(0.29) 99.32(0.34) 99.32(0.35)
1:15 96.76(0.36) 96.65(0.32) 98.68(0.30) 98.63(0.33)

# 3 UCK BE24E Bordl i) BFCCL 5 BFC 32 U Hi £ 0-TSK-IDC #2411 G-mean Ml F-measure

B0 o
Table 3 G-mean, F-measure and their standard deviations comparison of 0-TSK-IDC with BFC and
BFCCL on UCI datasets
BFC BFCCL
FYEIIES IEE LA
G-mean (%) F-measure (%) G-mean (%) F-measure (%)

12:17 87.01(1.69) 86.87(1.78) 89.56(1.91) 89.36(1.90)
6:17 86.24(2.00) 85.48(1.88) 88.14(1.89) 87.88(1.92)
Heart 3:17 85.41(1.97) 84.08(2.00) 87.29(2.01) 86.40(2.00)
2:17 82.50(2.30) 80.02(2.31) 85.71(2.24) 83.63(2.23)
6:85 81.05(2.17) 75.37(2.19) 84.65(2.11) 78.50(2.04)
241:458 93.62(2.60) 91.46(2.57) 96.56(2.34) 95.03(2.20)
100: 229 91.14(2.05) 90.02(2.55) 95.59(1.97) 94.24(2.01)
Breast 751229 90.37(2.00) 89.14(2.04) 93.75(1.88) 91.22(1.89)
50:229 87.99(1.90) 85.73(1.89) 91.59(2.03) 89.29(2.10)
20:229 84.21(2.23) 81.26(2.21) 87.56(2.00) 86.05(1.99)
29:40 70.38(0.80) 66.28(0.82) 72.50(0.77) 68.51(0.76)
Liver 1:2 69.77(0.75) 61.27(0.75) 71.15(0.69) 62.50(0.60)
1:4 67.82(0.79) 52.98(0.78) 70.24(0.73) 55.22(0.79)
1:10 65.08(0.81) 47.31(0.83) 67.18(0.75) 50.65(0.72)
9:25 76.05(1.73) 52.75(1.73) 76.56(1.60) 53.61(1.60)
Haberman 8:45 68.02(1.86) 51.09(1.85) 68.97(1.85) 52.60(1.87)
1:9 64.21(1.69) 48.22(1.73) 65.42(1.74) 50.01(1.69)

4.3 0-TSK-IDC #H#in B SEHX D REEM
BEEL R
AT X 0-TSK-IDC #of 73 245 10 M Re AT 7F
1, A%t 0-TSK-IDC 5 FS-FCSVM, L2-TSK-
FS. BFCCL-TSK-FS. Adaboost 1 CS-SVM T}
SRR R
4.3.1 ANI#EE
AR 55 4.2.1 5 [H %) Banana %§

PEEIAT IR, 2 4 FIH T 6 FhXT b BEW
G-mean F1 F-measure f§FRM LB M SZI 45

Al A, W% Banana (¥E4E ik 71 2R 145 Lb
BlR$E R, 6 FPEER F-measure fl G-mean fi#5R
HB B — W R BT, AT UL, B AN P
5 B 4y R ROR. R 2 FS-FCSVM., L2-
TSK-FS #1 BFCCL-TSK-FS &, T ARZESL
BIAFfirt, 4R KD AN 722 > & 5
A3 ) I BAEA R A TR m S, Hah R 2
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# 4 Banana $ffifk I 0-TSK-IDC Bifi5r s 5 HABFTIARY G-mean Hl F-measure {E K HJ7 221 LB

Table 4 G-mean, F-measure and their standard deviations comparison of 0-TSK-IDC and other algorithms on
the Banana dataset
ISR EL Sk G-mean (%) F-measure (%)

FS-FCSVM 95.90(0.89) 95.31(0.84)

L2-TSK-FS 96.26(0.47) 95.48(0.45)

2:5 BFCCL-TSK-FS 96.79(0.50) 96.14(0.41)
Adaboost 98.77(0.87) 98.71(0.90)

CS-SVM 98.98(0.33) 98.91(0.30)

0-TSK-IDC 99.75(0.27) 99.74(0.23)

FS-FCSVM 90.53(0.65) 89.46(0.60)

L2-TSK-FS 89.23(0.71) 88.47(0.72)

2:15 BFCCL-TSK-FS 92.70(0.58) 92.26(0.62)
Adaboost 97.92(0.64) 97.75(0.68)

CS-SVM 98.22(0.37) 98.05(0.36)

0-TSK-IDC 99.32(0.34) 99.32(0.35)

FS-FCSVM 86.06(0.81) 82.83(0.84)

L2-TSK-FS 87.95(0.55) 84.67(0.54)

1:15 BFCCL-TSK-FS 88.84(0.43) 86.33(0.49)
Adaboost 97.46(0.58) 97.28(0.52)

CS-SVM 97.79(0.74) 97.61(0.70)

0-TSK-IDC 98.68(0.30) 98.63(0.33)

TR 3 FE R AV A, R T G-mean Al
F-measure $5FpE W EIL. BT R HIET A
(] 20 g SR 2 v o [i] ) 5 42 > BB B AN P Al e
AL 0-TSK-IDC #if 2 St 7E 4> M RE_EAH
FeHA 5 PR ER A $E . CS-SVM Sk Z %
JEAD B RN IE A 23 A0, X IE R AR IR
T RE e 1 A A TR R A 1 Adaboost 55
VEAE I A RAE AN DB A R BT, BT
MR T REAR B 4 A S R A o 3 A R i LA A
L. L, X PR EEIRIRI G-mean Fl F-measure
FebrETE 4R 28U 0L T 9% )5 T 0-TSK-IDC.

4.3.2 HEIHIEE

AT 0-TSK-IDC, FS-FCSVM., BFCCL-
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