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Robust fuzzy rough set and attribute reduction based on data weights

LI Lu', WANG Xin>
(1. School of Mathematics and Physics, Anhui Jianzhu University, Hefei 230601, Anhui, China; 2. School of Economics and
Management, Anhui Jianzhu University, Hefei 230601, Anhui, China)

Abstract: A robust fuzzy rough set model and attribute reduction algorithm were proposed in this paper. This article considered the
local density of data samples and quantifies them, using the quantization results to evaluate the noise level of the samples in the
overall dataset. The weight of the samples was measured by the level of noise, and a distance measure between sample sets was
defined. The fuzzy similarity between samples was replaced by the fuzzy similarity between sample sets, which improved the
robustness of the fuzzy similarity and established a robust fuzzy rough set model. Based on the proposed robust fuzzy rough set, the
dependency between attributes and classes was defined to evaluate the significance of attribute subsets, and a robust fuzzy rough set
attribute reduction algorithm was designed. The experimental results showed that the designed attribute reduction algorithm had
stronger robustness and superiority than existing algorithms.
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5% 4 Intel (R)HE%F i5-6500 3.20 GHz DU A% .0 DU £k (3) T M AR ) A5 RH0 AEL RS 4 Ja 4 24 i 45
£ CPU, W 17 8 GB, ik B 5 ¥ A &ML B T A R A R M R (1 AR AL A 4
MATLAB2020 #4777 & S2 8, AR¥7E UCI Ml b (2 as R B AR i E ok,

T SRR BE R AR BT 10 S R B 4 TR (4) FETAZARIAHALRE P ASTRRLARE 4 T M 24 ]
IR X B (S BN 2 iR, g o BETY L X A A B OC R PPAG X R Z R Y
10 Jg KOREAS B5 45 i A B4R | sl o sy BOMIAH LM A8 0 Jm MR 2 O i B A
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HELZE[0,1], (5) HETHHEF AR5 B BORIURLRS 8 M 29 52
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Table 2 Experimental dataset AT4E , AR - 2 T LT N A , R EM
R e
. B AN HC R R I 1~5 . Sk T HEAT
2 Tonosphere 351 34 2 . N oA S B g
+ Demoigs 366 v e TR AR 2 Fh YK BRI
4 Credit 690 16 2 JIride I 4 4R 1) 4 Sk Be, B AR 2R DL i BT (naive
5 Statlog 1 000 20 2 Bayes, NB) 432& #& Fl 37 #3F [n] 5 #IL ( support vector
6 Waveform 1 000 21 3 machine, SVM) 732548,
7 siek 3772 22 FEATRY T, 2 5 IR B 24 510 0
oo e AR 3 ELIR S X M B HBR A 10 45
warm 2 2 N S S I\ AN N N
10 Consumption 130 000 21 000 7 )QXE{L\LEE, ﬁﬁ%%ﬁ%Mﬁjﬁ 107 ¥%O X107

FA e A B E TR A1 9 A T4 FAE VI
AW Ffe I RAEARTIR S S ML gem s 500 18 M 2 T T A SO
. R PR AR L0 (RN B
(1) FET ek 2SR BRI RS 45 1Y Ja 1 29 ] 5 TFAELEN A b~y — AN SR 3l 5 s e )
R PRSI AR WA A BB e ne o 5 40 S T A A
R ARG S R P24 T \ \ ’ :
’ ° TRPEZ M (T AR B T B 4
(2) 3T ORI B 1 5k 1M LI 40 mﬂm% 7 '
Shak=ns I 3 2R B B R R sk ° )
SRR . POVKIIRCERIREILRONE 3 g e i
FE A 1 3 UL R (0 A SR DL 0 oL e B ot s
BRI B TR R

g 1 BE
3 RUEAR TR TIRE
Table 3 Average length of attribute reduction subsets
. PRI/
Sonar  Ionosphere Dermatology Credit Statlog Waveform  Sick Pendigits Swarm  Consumption

JFR B 60.0 34.0 34.0 16.0 20.0 21.0 29.0 16 2 400.0 21 000.0
XFEHCA 1 38.5 15.0 27.8 15.0 16.0 15.0 22.0 13 39.5 53.8
PORE A =R7 ) 47.0 14.0 26.0 15.0 13.0 16.0 19.0 9 42.6 59.3
XT3 45.0 17.5 29.0 15.0 15.0 14.0 25.0 12 443 58.4
Xif HL AR 4 22.7 13.4 20.5 12.6 14.6 15.0 20.0 13 332 54.6
LS 504 20.0 35.2 15.0 19.0 18.0 26.4 15 48.6 69.2
ENTIEANERGR 25.6 11.2 18.6 10.0 12.0 14.0 15.2 9 354 47.8

Prikfm P T-4E /) NB il SVM 7 2BA5 45 R0y MEAYRISRL S B M TR B P RE AL T B de &
AN 4.5 Pos R AR FS A AR RIS (IR IEE) i JrERE, X R WIAE R
IRIREE R, WK 4.5 MER Pl IR R S P AL M2 ORI, I 19 J8 1A B T 32
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SrEPERE. X TR RES AR BRI AE NB &
FANTAE 8 MERE LIS T A 45 5L, 43 2ok
JE SR G B SR AT FE SR 1~ 5 4R TH17.0% |
3.4% 3.7% 2.5% 4.8% 1 3.3% ; 7 SVM /325258 F
W AE 8 MR L HUS B A 25 53, 7 JORE Lt

WBHREA LB 1~5 49132 7H18.9% 3.1% .
2.3% .1.7% .3.5% F1 3.8%, M JEMTHEKIE R M
KE AR ik £ 0 -1 JE M B R D
LU D i B 4R RN XS LS 1~ 5 43 A B AR 99.2%
22.4% 23.9% 28.0% 9.6% 1 38.4% .

F 4 JREARTE NB I E

Table 4 Classification accuracy of attribute reduction subset (NB)

o Iy KRG
Sonar  Ionosphere Dermatology Credit Statlog Waveform  Sick  Pendigits Swarm  Consumption
JFREESE 07225 0.801 8 0.867 7 0.7848 0.6890 0.8333 0.8620 0.6710 0.7527 0.702 6
XEEEBE 1 08634  0.867 2 0.974 7 0.8424 0.7380 09390 09637 0.7903 0.8339 0.887 3
XEbEBE2 08416 0.884 0 0.965 5 0.8424 07447 09421 09715 0.8034 0.8179 0.861 5
XHEEEBE3 08865 0.898 4 0.970 8 0.8424 0.7625 09328 09635 0.7720 0.8524 0.894 2
XA 4 07863 0.879 4 0.961 5 0.8570 0.7590 0.9437 09643 0.7850 0.8049 0.845 7
XA S 0.8652  0.866 4 0.952 3 0.8674 0.7190 0.9287 09518 0.8034 0.8473 0912 4
AW ED: 0.8929  0.9220 0.9859 0.8958 0.7584 0.9582 0.9837 0.8290 0.8657 0.906 9
*S5 O RIEAR T SVM Jr A
Table 5 Classification accuracy of attribute reduction subset (SVM)
: AR
Bk Sonar  Ionosphere Dermatology Credit Statlog  Waveform  Sick Pendigits Swarm  Consumption
FiRIE S 0.7429  0.780 4 0.876 8 0.7647 0.6740 0.7654 0.8387 0.6032 0.6859 0.716 4
X1 0.8146  0.8728 0.963 5 0.8653 0.7420 0.8773 0.9388 0.8056 0.8486 0.865 9
X2 0.8262  0.862 0 0.971 6 0.8653 0.7247 0.8948 09468 0.8032 0.8659 0.895 7
X3 0.8367  0.885 4 0.967 2 0.8653 0.7370 0.8759 09388 0.8165 0.8713 0.917 5
XHEE 4 07949 0.8721 0.952 4 0.8779 0.7290 0.8720 0.9487 0.8297 0.8394 0.847 3
PR S 0.808 1 0.896 8 0.953 8 0.8542 0.7350 0.8548 09155 0.7845 0.8558 0.882 9
AWFREE 08425  0.8849 09815 08990 0.7574 08845 09688 0.8346 0.8856 09236

32 EBEYEEENSHMERIENST

N T oA VSR GEAS A S ST 5 Y i 2 24 R Rk
5 e P R, 20 01 0 B A Rdi S B AL IE £ 5%
15% (14 Ja 1 18 O W 7 5, el ed BB AL K 1) O
ABE., ARIEENT0,0.5) KBS (0.5,
10T W BELAL # SRR (A T°[0.5,1.0] , K Mz &
H00,0.5) BYBEHLIE . 8 i i b J7 20 A B 25 F
BRI 5K B A 1 TR 1 24 ) B30k 2R U Y KK

PRSI . 5% W75 HHE T I A7 J@ 1 24 ff ik
RN JE e IR LS R NER 6 FTR 5% Wi
BE T Tk B 742 19 NB Fl SVM 4320 1 45 51
R 7.8 R, 15% M B0 T B A Ja 1k 2 iy B ik
BRI BRI KB RNE 9 iR, 15% W
PR T Brit JE Mk 1 5E 10 NB I SVM 43 20 i 45
R 10 .11 Fiw,

o R TRV IR (5% 5)

Table 6 Average length of attribute reduction subsets (5% noisy data)

ok PR EE/ A
Sonar  Ionosphere Dermatology Credit Statlog Waveform  Sick  Pendigits Swarm  Consumption
FinEMESE  60.0 34.0 34.0 16.0 20.0 21.0 29.0 16.0  2400.0 21 000.0
XHEE 1T 39.5 16.0 29.2 16.0 16.0 16.6 24.0 14.0 41.7 55.3
XHEE 2 49.0 16.5 28.0 16.0 15.0 18.0 21.0 10.0 452 63.8
YHEE 3 46.0 18.5 29.0 16.0 16.0 15.0 26.0 13.0 46.8 61.5
XL EEE 4 257 15.0 22.5 13.6 16.2 17.2 22.0 14.2 37.0 56.4
YHEE S 524 23.0 33.2 16.0 20.0 19.8 28.8 15.0 51.2 70.6
AHRFD: 246 13.6 22.6 14.0 14.0 15.0 17.0 10.0 37.6 49.4
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Table 7 Classification accuracy of attribute reduction subset( NB, 5% noisy data)
. R
Sonar  Ionosphere Dermatology Credit Statlog  Waveform  Sick  Pendigits Swarm  Consumption
FiRIEMESE 07079 0.786 9 0.853 2 0.7691 0.6742 08188 0.8474 0.6563 0.7375 0.685 6
XA 1 08491 0.8530 0.959 0 0.8280 0.7225 09244 09493 0.7750 0.8225 0.869 3
XD 2 0.8260  0.869 8 0.950 4 0.8281 0.7300 09268 09659 0.7887 0.801 4 0.846 9
X YE 3 0.8722  0.882 8 0.956 6 0.8277 0.7468 09186 09485 0.7572 0.8446 0.878 0
XD 4 07715 0.8652 0.947 1 0.8424 07437 09278 09492 0.7695 0.7935 0.823 8
XYL S 0.8495  0.8522 0.938 2 0.8528 0.7034 09136 09371 0.7878 0.8322 0.901 6
AWFRFD: 0.8775  0.907 0 0.971 2 08806 0.7428 09430 09591 0.8140 0.8535 0.895 3
8 JRIEAN T SVM 2 JHE I (5% W i)
Table 8 Classification accuracy of attribute reduction subset( SVM, 5% noisy data)
ok eSS
Sonar  Ionosphere Dermatology Credit Statlog Waveform  Sick  Pendigits Swarm  Consumption
isIEESE 07286 0.765 7 0.862 4 0.7493 0.6595 0.7497 0.8229 0.5883 0.6576 0.703 9
XA T 07993 0.858 5 0.948 0 0.8505 0.726 7 0.8624 09235 07902 0.8356 0.845 1
XHE 2 08113 0.8478 0.957 2 0.8503 0.7101 08603 09312 0.7884 0.8446 0.877 9
XY 3 08212 08705 0.951 7 0.8500 0.7224 08816 09243 0.8018 0.8668 0.904 5
X4 07803 0.856 5 0.938 2 0.8635 0.7138 0.8564 09333 0.8151 0.8293 0.835 4
XHAEPS5 07927 0.8812 0.938 5 0.8393 07201 08399 09006 0.7694 0.8347 0.871 5
AW ED: 0.8275  0.869 5 0.965 9 0.8841 07418 08694 09532 0.8189 0.8730 0.913 8
K9 RPEAR TR (15% W B )
Table 9 Average length of attribute reduction subsets (15% noisy data)
. FHKIEA
Sonar  Ionosphere Dermatology Credit Statlog  Waveform  Sick  Pendigits Swarm Consumption
JitRIE S 60.0 34.0 34.0 16.0 20.0 21.0 29.0 16.0  2400.0 21 000.0
XF Ak 1 41.2 18.0 324 16.0 18.0 19.6 26.0 15.0 43.2 57.0
Xf LeAAk 2 52.0 17.5 29.0 16.0 17.0 20.0 23.0 13.0 47.0 64.4
X LAk 3 47.0 20.0 31.0 16.0 18.0 18.0 28.0 14.0 47.6 63.2
X HLEL 4 29.7 17.0 26.5 14.6 17.2 19.2 26.0 15.2 38.4 58.8
X LAk 5 53.4 26.0 36.2 16.0 20.0 20.8 28.8 15.0 53.0 71.4
ABF 26.5 14.2 23.6 14.0 14.5 17.0 18.0 12.0 38.8 50.9
F 10 JEHEARITH NB /R (15% 505 )
Table 10 Classification accuracy of attribute reduction subset( NB, 15% noisy data)
o Iy IEHE
Sonar  Ionosphere Dermatology Credit Statlog Waveform  Sick  Pendigits Swarm  Consumption
FiRIE e 0.6683  0.747 0 0.813 7 0.7284 0.6344 0.7793 0.8078 0.6166 0.7175 0.675 6
XA 1 0.8098  0.813 7 0.918 3 0.7886 0.6821 0.8847 09098 0.7347 0.8048 0.846 3
XA 2 07854 0.8306 0.910 3 0.7888 0.6903 08865 09253 0.7490 0.7934 0.825 4
XHETE 3 0.8329  0.8422 0.917 4 0.7880 0.706 1 0.8794 09085 0.7174 0.8223 0.857 1
XS 4 07317 0.8260 0.907 6 0.8028 0.7034 08870 09091 0.7290 0.7728 0.812 4
XSk 5 0.808 8  0.8129 0.899 0 0.8132 0.6628 08735 08974 07472 0.8172 0.887 6
ARG 0.8571  0.8870 0.951 5 0.8604 0.7222 09228 09395 0.7940 0.8385 0.882 7
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Table 11 Classification accuracy of attribute reduction subset( SVM, 15% noisy data)
ik eSS
Sonar  Ionosphere Dermatology Credit Statlog  Waveform  Sick  Pendigits Swarm  Consumption
JFin/EH4E 06892 0726 0 0.823 0 0.7089 0.6200 0.7091 0.7821 0.5484 0.6442 0.683 7
XHFEE1T 07591 08191 0.907 6 0.8107 0.6864 0.8225 0.8832 0.7498 0.8146 0.826 8
XHER 2 07714 0.808 5 0.917 8 0.8103 0.6704 0.8208 0.8906 0.7486 0.8258 0.851 4
XFHEEE 3 0.780 8 0.830 6 09112 0.8098 0.6827 0.8423 0.8848 0.7621 0.8548 0.883 6
XPHL 4 07407 0.8159 0.899 0 0.8240 0.6736 08158 0.8930 0.7755 0.809 6 0.821 4
XHETE S 07523 0.840 6 0.898 2 0.7994 0.6802 0.8000 0.8606 0.7293 0.812 8 0.856 5
ARG 08075 0.849 1 0.945 3 0.8642 0.7212 0.8493 09326 0.7983 0.867 9 0.905 9
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Fig.3 Classification accuracy results of different parameters for partial dataset
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