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Abstract As an extension of the classical Pawlak rough set,neighborhood rough sets can efficiently manipulate numeri-
cal data. However, because the concept of neighborhood granulation is introduced, computational complexity in the
neighborhood real space is much larger than that in the classical discrete space. For the neighborhood rough set algo-
rithm, it is very meaningful to find the attribute reduction of the data set efficiently and quickly. To this end,an im-
proved definition of voting attribute importance was proposed for the shortcomings of the definition of attribute impor-

tance in existing algorithms.then a fast attribute reduction algorithm based on importance of voting attribute was pro-

posed. Compared with the existing algorithms,the experiment proves that the algorithm can get the attribute reduction

more quickly under the premise of ensuring the classification accuracy.
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2 BEXME5EREE

2.1 4BISiAEMESE

EX 1 S n LB Es [ R T 48 8] AAT 2 A
B oa = (an a2, =y sz s ap) s B X d (2
) R F R AR, R

d(z;,x;) = (é:l [ )%

EX 2 wEIHEN L, EUHANESARES U=
{2y sz s, HRU Rigl, XU LRAEEREA 2 1)
04BNy 0 (x) ={x; la; EU.d(x;s2;) <8}, Hirh 6=0,
S FRVEM 2, Az LI O -SBIR A5 BB, 7 Fk S & 19 48 48]
HiF
2.2 PBEHRERRG

EX 3 Wit NDT=WU,.CUD,V, Hh—1TIEKER
G, Hh U Zigdl:C AR Y. D Bk Ed, H cCND=
O,CFQ,DFQ;V 215 B b £ A EI,
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DU RSHNANENI.D, D, Dy, YBEC,E XL

YHREE D % T B 19 TR LT RN D = U N,D, Fi
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NyD=UNyD,, H#.NyD;, = {2 |03 (D ED;»a, €U},
i=1 —

NyD, = {z; |05 x)ND;# Doz, €U o RIGRE L 1,65 ()=
{(xld(B(z;) ,B(x)<8.,2€U},

SRR D X T B W R BN (D) =NyD—
ND B8R Posy (D) = NyD , L4 S 2] i — A4~ 48 5% e 3¢
2.3 EHEAE

EX S HERMES BSC, & & Posy (D) =
Posc (D), JUFR B J& — AN r J& 74 iR X T Va € B,
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3 ETHREABHEZEMNEZ

3.1 F2HARNRS &£ #1 FHARA &%
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Bifi 5 . 38 2 4> B F2HARNRS 573 v IE 8033 8 2L
Liu $2 TPl B9 FHARA ik,

F2HARNRS 5.9 Ml FHARA 532t J@ ok 8 5 5 19 @ X
MFRIR.

EX 6 MWK R NDT=(WU.CUD,V. /).
VBEC.YaEC—B.E XEtk « X THEEG B WiEIEES

SIG(a,B,D)=|Posyy, (D) | — | Posy (D) |

i B AT %) TV BE C.F2HARNRS % #: fl FHARA
B L H a(max SIG(a, B, D) INA B 1, i % T max SIG
(a B.D) MF5% [ C— B WIE B3 BVAE $0.0 e 3 2 /. 4%
TR B AR B 3 — Ik
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Fig. 1 Positive region calculation of F2ZHARNRS algorithm
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Fig. 2 Positive region calculation of FHARA algorithm
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EEXHER B EEENBSZA. HRAHBUT
E S,

EXT7 HEERFER 2 KR @ EIC s D, ARG E
XA dCaa) (€U ) o ICHBREAR x HITH
[Fi) 2R B A R0 S SRR AR 1 40 0

SMIN, ={z; |min[d(z;»2;)],D, =D, }

HMIN, = {x; Imin[d(x;.x;)].D, #D, }

EX 8 MWT—MHEMNSHMIKRSE NDT=U,CU
DV, , Kt CWERR I C={C1,Cys+,C ) HE
X7 W AHEEAR 2, B9 SMIN, FI HMIN, i &

SADV, ={|C,.

IE 380 5
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‘ C.1 *CSMI.\',‘,” ‘ }
HADVJ‘ = { ‘ CU - CHMI\',, ‘v ‘ C.(,z - CHMI\."J‘Z |s tt
‘ C.I-,m _ (jIIMIA\'_,’ m ‘ 1
4 SADV, w50 AR 3% 1 Jm 1 4 AR 26 ) (B DA R 21/ HE

JF o 453 2 [ 2R A i 7 51 12 S SADVO, 54 HADV, Wi
T IT A 3% 11 D g R o B D B DR HE Y A B S S R A e
5,88 HADVO, .

A2 S 7 FE X8 A4S B[R] 26 B A J& 1 )7 1) SADVO,

MFEEARIEFH HADVO, . F 2 3 % 25 25 ot i 31
BE R E X
EX 9 NDT=WU.CUD.,V, f)FExK—PEE k% &

G, Hh C={(C,Coye s G ATRBEAR & €U 2, 1R 2
SADVO, 1 HADVO, 143\ (4 J& £ 0y T 8 A~ J& M i 17 75 48
W I A8 IS =808 SVOTE,, (C,) MTHVOTE,,
(C.). GiEYE C, i A S # A8 thE
g

U
VSig(C,)= 2[SVOTE, (C,)+HVOTE, (C,)]
i=1

F TR R VSig (C,) WRBI/NHE)Y , BT 15 2 45 525K
JE MR E R F ] VSigOrder, Fii%4 H VSigOrder 8 3 1y H
WA,
HiE 1 VSigOrder H %
Input: NDT=(U,CUD, V.
Output : £ 55X ¥ 5 2751 VSigOrder
Stepl  #IH 4k distf UX U], VSigOrder=Q
Step2 TR HEA Z 1] {4 HE Y
fori=1:n—1
forj=i+1:n
dist(i,)) =d(x;, %) 3
dist(j, 1) =dist(i,))
end
end
Step3  SMIN, =min[d(x;.x)] & D, =D, ;
HMIN, =min[d(x;.x)] & D, #D; ;
Step4 for i=1:n
SADV,, =abs(x;—SMIN, ) ;
HADV,, =abs(x;—HMIN; ) ;
end
Step5 fori=1:n
SADVOy =sort(SADVy ,“descend”) ;
HADVO, =sort(HADV, ) ;
end
Step6 vote=1;
fori=1:n
for cNum=SADVOy
Vote(cNum) = Vote(cNum) + vote;
vote=vote+1;
end
for eNum=HADVO,
Vote(cNum) = Vote(cNum) + vote;
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vote=vote+1;

end
end
Step7  VSigOrder=sort(Vote(C));
Step8 return VSigOrder

3.3 TRABVAI &%
HRAE 3.2 g L9 gy B 8 M A e XL
2t FRABVAT 83k 1 B AR 3R
&% 2 FRABVAIF &%
Input: NDT=(U,CUD, V,,VSigOrder,s
Output: JE LY red

Stepl IR red= 0. pos= Q. FFFL LA
smp_chk=U,num=0
Step2  while sum(smp_chk) 70
num=num-1;
pos=Pos(smp_chk,[red, VsigOrder(num) 1) ;
if pos#Q
red=[red, VsigOrder(num) J;
smp_chk=setdiff(smp_chk, pos) ;
else
break;
end
end
Step3  return red

B — B o AR AT RS b AR
P BRI — R e UL AR FRABV AL

(ERFYIRINCR S

mWHUIH < U+ pos;+1+ ’ezllU\ .
posy e t1 . i (U * pos:

st TILAUTD gy o i 0

U B EI R,

ik DA X TS A 3 BT AT 1, FRABV AT 558k 1 S
B0 1 R 22 T R R B o AN IR M 8 HE Y L 7 S0 B
¢ BRI 2 AT L S T B A — U IE B T B AT 4
—YE BT 55 1 F2ZHARNRS 535 #l FHARA 595 7 2 AE 0%
Uy 3 R v ) T R R R SR R AT TR B, — R
EHEAT o 4 E. W, FRABVAI it A &8 0 T
F2HARNRS #9751 FHARA 820t E &,

4 SRS

% FHARA F5 5T F2HARNRS 5k £ H 50 [k
177 B B AAS SO X FHARA 553 fl FRABVATL 5734 i
A7 I ) FIURS B L85, ASRTE FRABV AT 553k 19 A ik .
4.1 SLINIRE

UCI(University of California Irvine) #£ft T — R %I F F
A3 JEME I bR RO B . AR SO UCT e iR T 7 > B MR
FEWBIE & R R 1 g,

x 1 BdREAR

Table 1  Description of data set
%5 A% M AR B JB 1 % B R ¢
1 Iris 150 4 3
2 Wine 178 13 3
3 Sonar 208 60 2
4 Tonosphere 351 34 2
5 WDBC 569 30 2
6 Biodeg 1055 41 2
7 Segmentation 2310 19 7

AW S TE— & CPU i G645 FINFEHR 4GB ¥ PC #HlL
L #EAT, IR H Windows 7 55 F ) MATLAB R2014a #E47

GRS
4.2 S HIEUME

FEARBUORURE S b, 0 M TBRUE 14> 2, B A IR 8 H 45 R
B AR B A5 . IO A D) 2 {45 SR 43 A g Xl 4 B
[Fi] — B35, JIr A5 240 5 A 500 2 5 27 B 3o /0N o 0] 4 6 45 24 6 A4
BRZ ATBOER AR,

TE AL G50 4B UM RE 4 0, 0 1 BRUMH — A2 AR 4R 2 50 ok 1
SE K P B R TR A BE A ASR P ROR . Rt AR SR
SCHRLT3 ] rb 4 A R R o 25 0 B o R Y O kL B RR
SR C=1{C.Cy e C b S FIIRIE AR T -

8=05(c(C,)+6(Cy) s+ ,6(C,))
4.3 LHER

o T B A6 O 4 S 0 B 4 b ) O
FIEH— b B, STE6 L #2 P REHLIEER 2/3 (9 FE AR 1B R I 21 b
AL H A 1/3 (1 RE A R S IR BE A, o FHARA 5 3% Al
FRABVAI 53545 04T 20 W, fe Ja 1Y o0 Z0KS B U L 91 4
SVM,KNN Fl CART iX 3 4326 4% T Wi )& 1% 20 15 5 09 43
FR

PR BIRTE 3 BP0 288 T T A8 47 It ) R 23 2 ks R
2 Jii %,

2 HRBATISRUR SR SR T i 43 SRS e

Table 2 Running time and classification accuracy of classifiers
. FRABVAI FHARA
%5 HER - -

Time/s SVM KNN CART Time/s SVM KNN CART
1 Iris 0.195 100 96. 88 94. 33 0. 36 100 96 93.56
2 Wine 0.311 98.5 98. 39 97.95 1.7 98.62 98. 39 96.98
3 Sonar 0. 36 75.92 84. 84 64. 38 8. 04 74.23 82.76 63.62
4 Tonosphere 0.83 86. 35 92. 34 84.96 8.99 79.7 92.2 85.74
5 WDBC 1.57 97. 34 97.42 92.55 12.43 96. 84 96. 94 92.55
6 Biodeg 7.49 85.09 89.2 76.25 146. 37 85.49 89.45 78.37
7 Segmentation 33.03 99.92 95. 83 93.48 760 99. 82 97.07 94. 14
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Fig. 3 Comparison of classification accuracy for FRABVAI and
FHARA under three classifiers
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Table 3 Efficiency of FRABVALI algorithm
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2 Wine 18. 29
3 Sonar 4.48
4 Tonosphere 9.23
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