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Abstract In this paper, a new scheme for dynamic fuzzy feature selection based on variable weight is
proposed to optimize the fuzzy feature subset with the important features dynamically. Firstly, the
sliding window is adopted to divide the fuzzy dataset. In the first sliding window, the off-line fuzzy
features selection algorithm is proposed to access the candidate fuzzy feature subset by calculating the
weight of each fuzzy input feature according to the mutual information between the fuzzy input
features and the output feature. Based on this, the optimal fuzzy feature subset are obtained by
combining the backward feature selection method with the fuzzy feature selection index. With the new
sliding window, the on-line fuzzy features selection algorithm is proposed, by integrating the optimal
fuzzy feature selection result in the previous sliding window with the candidate fuzzy feature set in the
current sliding window, the importance of the fuzzy input feature is calculated to obtain the optimal
feature subset in the current window. Finally. the evolving relationship of the fuzzy input features is
found with the fuzzy feature weights between the sliding windows. The simulation results show that

the proposed algorithm has a significant improvement in the adaptability and prediction accuracy.
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Step2. 4. MR EBIFEIELE 7. Y d=3
B ANSRAG = o o T35 BUHE P S 4 AOR i A RRAE R
B d AREAEAE hy o S ORI R AR 4E /5.

Step3. WIHREE p AP B 0L A0 AR 5 A T 42
=00

Stepd. IHE WAL Faj (Faj & f; . Faj € f3)
1[5 B

SIG(Fay, f;)=H(Fay, ;) —H(f). (23)

Step5. W& HA e K B BB FRE. 1k #

T2 TR I JE
H(Fa,| f;)=max(SIG(Faj, ;). (24

Step6. FREUEALBMISFIETFH £, R H(Fa, |
=00 f3=f; UFa,, 3 Hig 9] Stepd; &N, B
ety /.

3.6 DFFS-VW EXiItEHEZRZESW

DFFS-VW 533k iy iif [i] 42 2% J8 B e T B8] A AiF
ANE AR m S T A AR R AE AN 8, DEFS-VW 55
AL G B LT R A T B RN A 2 AR R AE e B

ZR UM R AR 2 R0 G5 Ak BT e T E B A A RO RRAE 1 B
HEEL T EMNITE R OGo) R 4E 115 B &t
LA BRI AR B R, TR B R OGn)
SR Je MR A5 ALER DA A 3 /N o BB 5 A R AT HE L T
BRI R OGm) KU TT 3 HE I J5 AH 28 A5 81
TEALE W BE BE A o d =3, Qi A KT #0725
(L, U6 BBCHE Y I A RS R R AIE T B T AN R AE A
B RRIE AR £ B IR IE BL T o A 3 AU R AE
B 1 AL W BRI RRAE A B, 3R RN 2 AR
fESE fo IR B M E R O o). I IE BL R, %
PERCHIRAIE AR /5 A & I RO AR AE A 5502 3, it
PG BRI FRAE AR [ Tl iR E 2 0,
FE ML IR 1 AR 25 A VAN 8 bR S R S .
AT AR AR FCIC/S) AN, BB T . 15
JIT 5 T RO m — 3, T LAAS: 38 5 28 1 R Ak A
B IEF AL T @ BT 5 2 OGm —3). 28 LT
W L TC U 2 S5 PR B0 2 d5 5 D0 % B ) R 2
JEOUm)  ZAL TR B R R E I OGn).

TE S AR FEAE 18 6 35 01 17 B 11 0 {0 2 AR Ay
TIE S 11 2o 7 5 0 208 A5 M) AR AIE 6 % 1 AR AL, B IR 15 1
TR B 2 R OGn+m+m—+m) ; febf
0L T s e S 44 2 OGm+m+m=+3),
TR b o AR YR B A (0 BRI R AiF A X T i B
BOWI R IR SE Y B, B L E S A KT 0,375
I Z AR R AR T4 - RIS O T e 5 220431
BEER On—3). L8 LR, WHE kR 28 %
JE OUm) AR BRI R A E Z R OGn).

}

4 ex—‘_‘l%%

4.1 SEWIFE

A SOHE DEFS-VW 53325 5 56 T 48 BOHLUAS 46 19 3
45 AF 06 PR ¥ (incremental feature selection based
on fuzzy neighborhood rough set, IFSFNRS)M* 3t T
DU 30 53 25 4 100 68 2% X 30 28 R AIE 38 8 53078 (wrapper
feature selection algorithm with incremental Bayesian
classifier, WFSIBO)'"™Y | 3l 45 JC Wi B 5 1F 8 8 5 7%
(online unsupervised multi-view feature selection,
OMVES)“*" (Wit ) 3l 45 76 i B e AiE % $% (feature
selection on data streams, FSDS)M X} [, ¥ Bt
1A AT A BB 4 . UCT S04 22 vh i 10 A B4
BV 2 A 2B R 2 A [l U B A O
B B0HE UEAT 0 A, LA DFFS-VW 35 78 0 75 %
EARAT S B R OL T S AT AR A R A
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WERA I T A A B4R . T A B L A R Y
HEAT T AR BB £k b B, foff 75 B0 4 b i A B
EIFEL0, 1K [A). T SL B AR FE Inter® CPU 2. 30
GHz T/ & Li217 . I matlab 2014. a # {417
P75 B B TR B R 1 PR

Table 1 Description of Datasets
x1 HIESHERR

Dataset # Pattern Dimensionality
SD 2000 2
BCH 1372 4
Glass 214 9
Liver 341 6
Wine 178 13
Yeast 1484 8
SEA 50000 3
Weather 18159 8
Airfoil Self-Noise 1503 5
Concrete_Data 1030 8
Energy Efficiency 768 8
Red Wine Quality 1599 11
White Wine Quality 4898 11
Beijing PM2. 5 Data 43800 6
PPPTS 45730 9

4.2 EMIEHR

AR 2 B PR 18 bR 6 B s 1Y 3 A AR ok PR
BORVEFT PEM A 2R E 30 2R (Aco) FE 2 46 %5 0 4
H i 2 (MAPE).

|
Ace — L (25)
n

C|
Ay s
k=1

Horproap ARFRER = A0 v 33k 10 0 2 245 21 5 B
Bl 5 o A DU — BU Bl A K [ C LR R 514
B0on R AR P AL B RE KL

1< |3 —v |
MAPE = — —
n 2? y

Horp i 255 0 DA SR BARE . 3, 225 ¢ D
ENE iR R
4.3 BIE OXFEEFELS RN

H T o S & 0 RN X DEFS-VW 53 125 42
I RRALE 8 5 45 2 09 52 ) A SR A [ 04 4R 2
MR /NS SR s g O, LR 45 70 Y0 7 il 45
82230 Vo g MR AR L 23 BT L 55 450 B R A1 2 5 1)
fE. £ 2 49X b T CMAR classification based on
multiple association rules) 43 2& #8125 C4.5 43 2%
75 URI DFFS-VW 35k xR 7 K/ 8 3l 1 il A6
W AE e PR R 1Y 3 2R g, Horh CMAR i fie /)
TR EERCE N 107 B /NEAEE N 702, CA. 5 B HL
15 MG 25 B R VE R R) 43715 5. 3R 2 AT LU A
SCHT 51k A Sl i o RN A R RR AL TN R
X LR/ 42 PERE. & 3 /Sl X L T BP #l gt
W 2127 37 3 ) 4 [1] )9 (support vector regression,
SVR)“ Al DFFS-VW 5535 5% R[] K /N 3 % 1 11
R RRAIE 18 5 45 2R 0 F000 Pk fig , Horh BP ff 28 X 4%
A1ZREZ BEEPEE 10 9548 SVR 1%
PR KR A A% 1] R R AN BEURCR Bl 0. 05 SRS I T
9100 N 3 AT DL Y AR SO 4 O 12 1 100 &5
AT N BT B RN I 45 2R X & i T A
SCHT R I RN E D7 AR 4l Hoelffding i 5}
FE TR A O BT 0 R B RO B
(1) 53 2 1 i 03800 P R

(26)

Tabel 2 The Comparison of the Classification Accuracy(Acc) for CMAR/C4. 5 on Different Window Sizes
%2 AEHEOK/E CMAR/C4.5 5> MR (Aco) 3T EE

The Size of Window

The Proposed Method

Dataset 5% 10%
CMAR C4.5 CMAR C4.5 CMAR C4.5
SD 0. 875 0. 881 0. 864 0. 875 0.906 0.912
BCH 0. 883 0. 896 0.874 0. 896 0.947 0.958
Glass 0. 904 0.912 0. 891 0.901 0.962 0.967
Liver 0.892 0. 881 0.874 0. 869 0.952 0.948
Wine 0.903 0.921 0. 886 0. 897 0.957 0.969
Yeast 0.911 0.916 0. 895 0.903 0.963 0.974
SEA 0.921 0.934 0.904 0.912 0.983 0.989
Weather 0.878 0. 896 0. 858 0. 869 0.948 0.957
Mean 0. 896 0. 905 0. 881 0. 890 0.952 0.959
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Tabel 3 The Comparison of the Prediction Accuracy(MEAP) for BP/SVR on Different Window Size

*x3

AEE O X/NE BP/SVR il 14 88 (MEAP) 3¢ Lb

The Size of Window

The Proposed Method

Dataset 5% 10%
CMAR C4.5 CMAR C4.5 CMAR C4.5
Airfoil Self-Noise 0.194 0. 185 0. 185 0.176 0.141 0.042
Concrete_Data 0. 149 0.133 0.137 0.131 0.116 0.053
Energy Efficiency 0.224 0.216 0.216 0. 244 0.181 0. 057
Red Wine Quality 0.174 0.161 0.168 0.159 0.124 0.053
White Wine Quality 0.153 0.142 0. 144 0.136 0. 104 0.031
Beijing PM2. 5 Data 0. 254 0.243 0. 241 0. 246 0.173 0.026
PPPTS 0. 254 0. 249 0. 236 0.219 0.194 0.057
Mean 0.197 0. 190 0. 190 0.184 0.148 0.043

4.4 BHEEFEFR N

KT TS RAE DFFS-VW 553 (19 47 30 3 1L
WFSIBC # 3, IFSFNRS & ¥, OMVFES & % il
FSDS 575 2 A 8088 5 F B9 FRIE S B RO, K 2
25t 5 BRRIE R BB L MBI R IR e B 45 2 5 LG
RO R AE A B % EE 85 5. NI 2l LU L BR S
£ SD. 23 5 Flvsh 45 FR AF 16 5 500k 5 T 8 BRI 45

TIEASBOHT L S U BB 4 AiF S %D B3k DFFS-VW
I N . DFFS-VW 553 i 3 1) 580 5 1E A~ 2502
e H A 4 MR D, X & H o DFFS-VW B 7L R
i RR ASEE AR A 8 A4S KR AR 4R L IR B 5 R A
RO R AE 5 0 Hh R AE 1) B A5 B 5 4 A RO R E 2
I 1) B A B i A5 B f O AOR AR 1 7 4 L i £ DFFS-
VW B 75 (1 FRAIF 16 2 200 3 B (.

80
70 —a-- Original Fuzzy Features
] —=— WESIBC
2 60t ~-- TFSFNRS
3 —=— OMVFS
% 50F —~ FSDS
N —e— DFFS-VW
o 40}
o
—CI;) 30 A
é _ ~r”—;;\'» Ll ,-/../ax
o 201 -'/.." —\\'\;.—.‘\;.‘//'A
= o - —_——
10
e T
8 5 £ &8 2 § 5 2 & § 8 £ £ § €
R & 4 B = 9 § 2 A & 3 §5 9 &
R 2 & o o = A
5] o m 5] [} N
! S % g 8 3
T 8 P B B A
g ° 2 3 e 2
< o ¢ £ =
-
Dataset
Fig. 2 Fuzzy features comparison of different agorithms on different datasets

2 BOWIRRIE BN E

FAHIT CMAR 432848 f0 C4. 5 4 2 e Xt
JE AR AR R IE 45 R 3 8 Bl 285 R I 0 45 R 1) T o A
R4 AE 45 10 20 28 vERA M O X e AR 4 AT LA L B
T SD #4548 . DFFS-VW 557k JT % (0 Bk R AiE 1 5
XFF CMAR 43 26 45 (19 73 8 BOR B b 5 48 R IR 1E %
J5 o C4. 5 3 AR08 A Hds 48 19 43 K i R 15

B 7R Horp DFFS-VW 33035 Bt 2 (19 4504 45 fiF 1
e i A ] .

F 5 45T BP B2 I 2% S R ) ] X
ki RN S IR R N PO SR (S eSO RPN U e 8
RF AR 1 T 0 RS A P B X L. NSRS AT LU L BR
SD %4 £ 41, BP #i 48 W 45 %t DFFS-VW 53k fir i
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(8RS AH) R AE 4 1) T RS B 1 e U 5 28 BRI AR A 32K
FE S ) ] 5 25 A Rode 4R 1 T0I0ORS 5 1R

PR TR b DFFS-VW 503k Ji 15 9 458 45
ik 4 5 e A e T

Tabel 4 The Comparison of the Classification Accuracy(Acc)
%4 CMAR/C4.5 5y FHEBE (Aco) 3t

Original WESIBC IFSFNRS DFFS-VW

Dataset
CMAR C4.5 CMAR C4.5 CMAR C4.5 CMAR C4.5
SD 0. 906 0.912 0. 906 0.912 0. 906 0.912 0. 906 0.912
BCH 0.921 0.925 0. 940 0.945 0. 936 0.938 0. 947 0.958
Glass 0.932 0. 906 0.951 0.958 0. 945 0.949 0.962 0.967
Liver 0.916 0. 896 0.932 0.933 0.928 0.931 0.952 0.948
Wine 0.925 0.913 0.939 0.936 0.938 0.932 0. 957 0. 969
Yeast 0.915 0.924 0.943 0.946 0.928 0.935 0.963 0.974
SEA 0.923 0.909 0. 956 0.961 0. 944 0.925 0.983 0. 989
Weather 0.919 0.918 0. 945 0.943 0.936 0.928 0.948 0.957
Mean 0. 920 0.913 0.939 0.942 0.933 0.931 0.952 0.959

Tabel 5 The Comparison of the Prediction Accuracy (MEAP)
%5 BP/SVR Fijllit Bt (MEAP) 3 Lk
Original OMVES FSDS DFFS-VW
Dataset

CMAR C4.5 CMAR C4.5 CMAR C4.5 CMAR C4.5
Airfoil Self-Noise 0.248 0.075 0.183 0. 055 0. 209 0.062 0. 141 0.042
Concrete_Data 0.224 0.094 0.194 0.042 0.217 0.051 0.116 0.033
Energy Efficiency 0.235 0. 096 0.204 0. 065 0.218 0.072 0.181 0. 057
Red Wine Quality 0.232 0.104 0.181 0.067 0.205 0.069 0.124 0.052
White Wine Quality 0.206 0. 087 0.192 0.064 0.186 0.068 0.104 0.031
Beijing PM2. 5 Data 0.311 0.076 0. 254 0.054 0. 264 0.065 0.173 0.026
PPPTS 0.341 0.106 0.272 0.074 0.295 0. 086 0.194 0.057
Mean 0. 257 0.092 0.211 0.061 0.228 0.068 0.148 0.043

WE 3 FroR A SCR BN [R) 0 8088 46 %5 5 FpoR
A 83 3 A7 B TR) B A7 T X6 Ee, AT DL L B X ]
— 4% DFFS-VW B3k i 17 B (8] f 4. i T
FSDS 532 ) F 1] A 455 784 2 w55 e 6 589 5 42 1% T )
TE B AE ] A 8 AL 5 2 0 () T N W7 2k AR B ]
BB R O(n®) s WESIBC %3 i 5y 45 4 vk
R IR A R A 1 T B AR Gk iy I ] AR R R R
On logn) , R 1 5 KW B39 2 2% 8 B 25 K
FE M 3G i s IFSFNRS 583 LUK R 408 38 ok JE il o 78 f
NGB 5 X BB A 147 307 RR AR B
(8] & 2= FEAE T OClog n*) s OMVFES 54 v 6 4 4iF 1
£ NES | - P R N - S 1 = e o i (Y )
OCknmL [C) Hrb b 2 3248 2 U S F 1 2 AR IR

oo, 2R TH LA RIEARANE LR A FRIE
AE I CLE R 25, i ik o] L OMVES #5321 it
] 55 24 Bt 1R . DEES-VW 440 | FH A T8 B BF
B Ao 3 BRI AR 1 7 4 L 02D T I I BB R A T 4 1Y
FHRAG R DT A 1 50 (3 A I i I ) A2 2
H OCm) s Horprom 2B FRIE A4 Hoh ,DFFS-VW
SEYE X SD BH A 32 17 B AR A X Wine 305 4R
(K32 17 BF 1) 5. AP 3 ) LAAS D G A AR 1 A
okt 2, Bk (I8 AT i ] A K
4.5 HERFETRSH

A4 B4 SEA 5 43 B0 R AR £ K 7] 3 2
W ACE A T LB L s s 0 W~ W,
A3 HE 10 000 FAE A, Bl 45 ¥ 2h 1 11 v 500 19 AN



£ R AR I TR IR R A Bl 25 RO R A L R 903

80
-=— WFSIBC
70 + --a- IFSFNRS
—— OMVFS —4
—— FSDS :
60 —— DFFS-VW
2 50}
(3
E
[_4
w 40
g
530-
20 |
10}
D 5 = o T T
8 5 &2 8 &8 § 5 &2 &2 £ ¢ & £ § £
A B 3 B = »© % 2 /A 8 § F A &
Eo& 2 2 O O 9 A
[} o m 5] 5] N
©n S k=t k= =
= & B 2 B A&
€E © 2 33 2 2
Z H &£ E =
I
Datasets

Fig. 3 Comparision of the running time for feature selection with different algorithms on different datasets

P 3 AN T 40 e b S T 1k R A 4% 5 A () ) B

W22 A o T 32 0 RSB A A AN T M R A AR Al v B0 W, R X, B LT A4

O AE X, A BT 75 AR BT 0 FE W sh BT 1 W T 3 M BCHL S AR S B R 0 R L LUK
ORI R AR AR B T e/ X I RRAE LT B HEAE SEA B W sh B A W ~W, Sl 4% 10000
AR BRI AE X AT FE R WTIEIN  FE T BT SoREAR I Xy X o Koo o X BRGS0 VCOH A2 400
CFW i B A5 R A AL IS B TR R BERIRE AR i ACREAE DA RR BOR AR AE 4 P 200, X L 22
Xos o X BORUT /NG R B0 1 Wo FIMEBh RS 00 40 2o 45 R AR 5 BT . e il T

Wo W,

0.12
5 5
‘s 0.08 ‘D
= =
0.04 I 0.04 |
0 1 2 3 4 5 0 1 2 3 4 5
10™* X The Number of Samples 10™* X The Number of Samples
(a) Fuzzy feature X (b) Fuzzy feature Xig
Wy 7%
0.12 0.12 L W o
5 0.08f 5 o0.08
] O
= : : : : =
0.04 | : : ; : 0.04 |
0 1 2 3 4 5 0 1 2 3 4 5
10™* X The Number of Samples 10™* X The Number of Samples
(c) Fuzzy feature Xas (d) Fuzzy feature Xag

Fig. 4 The variable weight of some fuzzy features on the dataset SEA
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(d) Fuzzy feature Xs;

The effect on classification accuracy of ignoring some fuzzy features on dataset SEA
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(d) Fuzzy feature X 4y

Fig. 6 The effect on predicition accuracy of ignoring some fuzzy features on dataset PPPTS
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Fig. 7 The effect on predicition accuracy of ignoring some fuzzy features on dataset PPPTS
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