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Bi-selection of Instances and Features Based on Denoising Weighted Fuzzy
Granular Measure
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Abstract: Existing feature selection methods based on relative fuzzy rough sets have attempted to characterize instance outlier distri-
bution in similarity calculation to enhance robustness, but still fail to effectively suppress potential noise interference and cannot fur-
ther compress data scale. To overcome this issue, this paper proposed a bi-selection method using denoise-weighted fuzzy granules
(BS-RFRS). A relative distance measure with a denoise discretization factor for adaptive adjustment based on local instance density
was designed. Denoise-weighted fuzzy granules were then constructed for model granulation within the bi-selection framework.
Based on this granular structure, the paper proposed the BS-RFRS algorithm to maximize data reduction while improving classifica-
tion performance. Experiments on 12 benchmark datasets demonstrated that BS-RFRS significantly outperforms five other bi-selec-
tion algorithms in classification accuracy and effectiveness. It achieves particularly notable accuracy gains on medical diagnosis and
industrial control datasets, and shows improved effectiveness over traditional models. Under label noise, the classification accuracy
of BS-RFRS is on average improved by 19.9% and 42.7% compared with the BSNID model and the (bi-selection method based on
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fuzzy rough sets) (BSFRS) model, respectively.

Key words: fuzzy rough sets; instance distribution density; denoising weight; relative distance metric; granular computing;
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Table 2 Description of the datasets

B kan's AR FRE RS FoEo

Wine 178 13 3
Iono 351 34 2
WDBC 569 30 2
Sonar 208 61 2
Libras 360 91 15
Darwin 174 451 2
CTG 2126 21 3
WDG1 5000 21 3
WDG2 5000 41 3
Robot 5456 25 4
Thyroid 9127 29 2
Gamma 19 020 11 2

(2) LY T] 3R« 24 ] 38 S W 1 580 0 A8 1008 T 4
AR S 2 TR A AT LI/ B MR A T
TAH (B 2R UEME B RN B3 T R 2R
AT
LAY

Ul [A]

(3) A3 0 - A7 0P B e 1 AL 5 1 24 ] 3¢
73 2 VB R P 5, Pl 249 77 30 R T A R A 3 AR
. R AXWT

Vet = Trea X Taceo (20)

(19)

rred:

4.2 SERIZIT
(1) % s 5 ik 21 . 5 o, Bods 5 b e A 4K
P 75 B T IH — LA 3, 1 o/(2) €0, 1], BP
XA € Uil U —1k:
’ a(x,-)*mjina(xj)
a<xi)_mjaxa(xj)mjina(xj>o (21)
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based on neighborhood importance degree) '™, A
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(3) 2 5% Z KB E K B8« X T BS-RFRS
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Database Generator Version 2) . Thyroid LI K&
Gamma ', 35 3| T f% 4 (19 1 #8 3 B0 B 7F Robot
HI WDG1 (Waveform Database Generator Version
D EEE PRI R . 3RS, 5T
BT W I AR KR A4 3 (1) BS-RFRS 559 76 A [F]
Bt RS Y Ei i A rh R R I

(2) 2% NF A h ] LIA 2] BS-RFRS &
RTEA R R R B R o TERIFEREA R
O, BT A R S A BN T i U e
BHRIE B, NI BS-RFRS 892 B %k #5809 #E A %k
W% . Aib, BS-RFRS & 76 BT A % b8 v
M AR AL T — D R PR RE R I .

33 BS-RFRS A=Ak 69 5 % /58 R bbb (AT 0~1)

Table 3 Average classification accuracies of BS-RFRS and the compared algorithms (values range: 0 to 1)

G BS-RFRS BSNID BSFRS NID-NRBO RIS-FSI RIS-RFRS (w/t/1)
Wine 0.9830 0.960 6 0.937 6 0.943 1 0.803 3 0.8324 (5/0/0)
Tono 0.9316 0.914 5 0.908 8 0.926 1 0.743 4 0.720 6 (4/1/0)

WDBC 0.978 9 0.9491 0.9613 0.9719 0.8700 0.8718 (4/1/0)
Sonar 0.9428 0.898 9 0.909 5 0.906 1 0.658 8 0.6721 (5/0/0)
Libras 0.788 8 0.780 5 0.644 4 0.738 4 0.4528 0.4750 (4/1/0)

Darwin 0.9317 0.902 2 0.904 7 0.9238 0.6134 0.722 2 (4/1/0)
CTG 09116 0.8833 0.900 3 0.8885 0.808 6 0.690 5 (5/0/0)

WDG1 0.809 4 0.794 1 0.8150 0.679 8 0.5750 0.693 4 (4/1/0)

WDG2 0.822 2 0.7953 0.814 6 0.755 2 0.568 6 0.756 0 (4/1/0)
Robot 0.908 3 0.8800 0.890 7 0.880 3 0.8104 0.9100 (4/1/0)

Thyroid 0.8255 0.3315 0.8057 0.299 7 0.7241 0.8125 (5/0/0)

Gamma 0.809 1 0.777 6 0.798 5 0.712 3 0.7107 0.7627 (5/0/0)

T TR R R

4 BS-RFRS A=At Si ik 49 £ 8 Foad b (HALFE B 0~1)
Table 4 Average reduction rates of BS-RFRS and the compared algorithms (values range: 0 to 1)

itk BS-RFRS BSNID BSFRS NID-NRBO RIS-FSI RIS-RFRS (w/t/1)
Wine 0.9351 0.953 9 0.959 6 0.909 2 0.950 2 0.9324 (1/1/3)
Iono 0.9455 0.929 3 0.969 3 0.9011 0.953 6 0.806 6 (3/1/1)

WDBC 0.9725 0.994 1 0.983 3 0.969 4 0.982 6 0.9829 (0/1/4)
Sonar 0.948 7 0.909 3 0.944 4 0.902 4 0.975 2 0.947 4 (2/2/1)

Libras 0.937 2 0.922 6 0.967 4 0.9957 0.978 3 0.963 4 (1/0/4)

Darwin 0.9913 0.980 8 0.9939 0.9890 0.997 0 0.9770 (2/3/0)
CTG 0.952 0 0.9820 0.956 0 0.958 0 0.937 6 0.928 1 (2/2/1)

WDG1 0.794 8 0.987 6 0.8389 0.998 8 0.893 7 0.898 5 (0/0/5)

WDG2 0.987 3 0.973 5 0.743 0 0.995 8 0.942 9 0.9327 (4/1/0)

Robot 0.9571 0.9707 0.973 4 0.909 9 0.879 3 0.950 8 (2/1/2)

Thyroid 0.947 1 0.982 5 0.954 7 0.996 3 0.897 4 0.889 4 (2/1/2)

Gamma 0.9151 0.987 0 0.895 6 0.999 1 0.800 8 0.788 1 (3/0/2)

T MR R AR

(3) A &« N3 5 Al DL # BS-RFRS
LA A T EA B e, b BS-
RFRS HETE 12 DR 4R i A 9 > 304 45 35 3]
T, 2 8 E P EE T IRIE. RIEA L
P B E X, BS-RFRS 51k 78 BUAT 53 28 1 1 2R
2 7 7 1 ME R SR I £, W1 DUAR G b A B
BS-RFRS 5. 1 76 WUBE #8553 v i AR 34

WA TS E LR UL, AR KRR
M) 1R N A B 4 A RE R B . R e A
4 b J R DL S 56 AE A R B0 4 1 de A
I H . WMERE 4 nmE 12 5 da A 10
ASTE k> 1 B Y 1 BRI A AR, X 1R 3R BS-
RERS 1 fift 1 2 550 & (B K H 51 W 75 76 R 22 801
B0 AT DR T AL R
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R5 BS-RFRS Aok o A 2ok bbb (L B 0~1)
Table 5 Average effectiveness of BS-RFRS and the compared algorithms (values range: 0 to 1)

B te BS-RFRS BSNID BSFRS NID-NRBO RIS-FSI RIS-RFRS (w/t/1)
Wine 0.9192 0.916 2 0.899 4 0.857 3 0.763 6 0.776 5 (4/1/0)
Tono 0.880 1 0.8499 0.880 5 0.8335 0.708 8 0.5657 (4/1/0)

WDBC 0.952 0 0.943 4 0.945 3 0.9419 0.8550 0.856 4 (3/2/0)
Sonar 0.894 5 0.817 3 0.858 1 0.816 5 0.642 5 0.6359 (5/0/0)

Libras 0.7390 0.719 4 0.623 2 0.7352 0.4429 0.4570 (4/1/0)

Darwin 0.9234 0.8851 0.899 1 0.913 1 0.6116 0.7055 (5/0/0)
CTG 0.8734 0.867 4 0.860 7 0.8500 0.758 3 0.640 8 (4/1/0)

WDG1 0.643 3 0.784 2 0.6835 0.6790 0.514 0 0.622 8 (2/0/3)

WDG2 0.8118 0.774 3 0.605 4 0.752 1 0.536 2 0.705 1 (5/0/0)

Robot 0.869 3 0.854 3 0.867 0 0.802 3 0.7127 0.865 3 (3/2/0)

Thyroid 0.7818 0.3257 0.769 2 0.298 6 0.649 8 0.722 6 (5/0/0)

Gamma 0.740 4 0.7675 0.7151 0.710 1 0.626 0 0.601 1 (4/0/1)

T RN B
BHIRERRKES T
Wine
lono 7
WDBC
Sonar
#  Libras
§ Darwin | ] 2
cTe I 5
WDGT [ ] 1
WDG2 | 4
Robot [ 4
Thyroid B |3
Gamma : ‘ | 6
0 1 2 3 4 5 6 7 8 9 10

RiEKE

B4 AFEERE IR AE

Fig4 Optimal £ values across different datasets
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Fig5 Comparison of classification accuracy (range: 0 to 1) under different label noise ratio environments
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Fig 6 Critical difference of classification accuracies
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