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Feature Selection Based on Rough Hypercuboid and Binary PSO
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Southwest Jiaotong University, Chengdu 611756, China)

Abstract: Feature selection is to choose a subset without containing redundant features, while keeping the
classification performance of the data unchanged. Rough hypercuboid approaches can comprehensively
evaluate the feature subsets from the three aspects of the relevance, dependency and significance of
features, which have been used for feature selection successfully. However, calculating the combination of
all feature subsets is NP-hard, and the results obtained by traditional forward search methods is locally
optimal. Therefore, a new algorithm based on the rough hypercuboid approach is designed by integrating
binary particle swarm optimization. The algorithm first introduces the feature relevance to generate a set of
particles, then sets the improved objective function of the rough hypercuboid method as the optimization
function, and finally finds the optimal feature subset by iterative optimization of binary particle swarm. By
comparing with traditional rough hypercuboid methods and the rough set method based on particle swarm
optimization, etc, experimental results demonstrate the proposed algorithm is able to acquire a feature
subset with fewer features and higher classification performance.
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LEA e S SRR AL Y RS-IDS B3k A ORRS 4 15 B HOb. T BE A 45 & 19 NRS-DPSO #3571 )
GBNRSFS 47 BR 48 BOHURS 42 97 37 . R B8 @, AL FE 6 1 50ds 48 19 B AR BUE KR 10.3, 0.61 .
{0.0, 0.8} .10.0, 0.7} .10.0, 0.9} .10.1, 0.91 A % {0.2, 0.9, RS-PSO,RS-IDS il NRS-DPSO =Ffh#&
BB TS S T RO E, BARRUE I 2 iR . NRS-DPSO 532 19 28214224 0.16.
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Table 2 Parameter settings of four algorithms

Parameter M 1 €1 Cr Wi Wose  Vin Vi o e a s C. C, C,
RS-PSO 300 30 2 2 04 1.4 —m/3 m/3 — — 0.9 0.1 — — —
RS-IDS 300 30 2 2 04 1.4 —m/3 m/3 — — 09 01 01 04 09

NRS-DPSO 300 30 2 2 04 09 —m/3 m/3 — — — — — — —
FSRHBPSO 300 30 2 2 09 1.4 —6 6 0.001 0.01 — — — — —

H T RS-PSO F1 RS-IDS 57k Jo i B #22 4 BRAA FFAE , A SCIE$E Weka T H A B ) Kononenko
BTy vk X SE 06 BT R RO SR AT B . RIRE ML, Ry T 3R G B ML IR 22 X6 S 0 4 R A0 5 R, BR RH B8k
AN SRR AR R A B B HEAT 10 R ST MU RRAE SR RE . R 3 HLAR T AR T B 4R LS AT 10
YR R 435 L 10 P B R AE AN B (avg) RIS ] 45 5L AR (diff) |, HobSF 2 S /N 45 SR L6 o et , i
T NRS-DPSO 532 (4 i Ak R B 56 T 115 X307 LA 24 A i ks 7 B e A Ak o A op R e 5 4%
AR S A 19 1 DX 3R 46 (0 R ) {3 25 01k A5 BT UM RRAE 748 L 25 RO s 4 X — "R o [l
T RH 530k 75 248 e AR 226 09 800, B 1 808 48 Texture W& 740, R B4 13 5 A SCH %
JIE S 5 AE AN B 5 — 2, LR TR AE AR AR 46 R/NF AR SCH I B A i it

R3 BEFERDE

Table 3 Comparison of the number of feature subsets

RS-PSO RS-IDS NRS-DPSO GBNRSFS FSRHBPSO

Dataset avg diff avg diff avg diff avg diff avg diff
SpectfHeart 16 1 27.1 9 10.9 10 8.5 10 4 1
Tonosphere 7.8 10 11.3 10 7.6 6 12.1 10 4 1
Wdbce 7.7 10 9.7 9 11.3 7 2 1 7 1
Segment 5.1 3 6.5 10 — — 10.3 10 5 2
Texture 7.6 10 10.6 10 — — 22.5 10 7.2 2
Satimage 9.4 10 11.7 10 — — 25.1 10 6 1

Average 8.93 7.33 12.82 9.67 9.93 7.67 13.42 8.50 5.53 1.33

FE 30 LAE 37 B R AR AN BT & L AR SCE L TE 6 0 B0 4 9 RRAE A B 2 > RS-PSO
RS-IDS #l NRS-DPSO %% , f¢ il & 7€ SpectfHeart $045 4 b, A UL 29 {1 %8 9.09 %6, 1 RS-PSO
RS-TDS FiI NRS-DPSO [ £ fai % 43 51} 36.36 %, 61.59 % M1 24.77% . LAAK B T 78 Wdbe $dli 4 b, A
SCH B RRAE SRS B /N T GBNRSFS 53k, J0 HJE 7E 4048 £ Texture Fl Satimage |, GBNRSFS %
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T B9 2 T 243 5 2 56.25 % F169.72 %% , T A% ST 19 Y T AN 18 % F1 16.67 % o il 10 YR e £ 45 e vh
A FRRAE F 5B & L RS-PSO \RS-IDS Hl NRS-DPSO = Floki 1 FF 8 12 (149 7 {5 43 51 4 7.33,9.67 Fl
7.67. XIEH T ENRE S AR B AR, DTS 3010 YRt 57 S5 55 fe U SR 45 A A A R i
GBNRSFSH7: B{E 4 8.5, X J& i ermeans 551 RIS 45 5L 09 AT 2 18 A 14, DA 458 15 R 11 228 B 245 S 3F
NG —, WA SCEEERR T 154 4 Segment Al Texture |15 5] 2 Fh R [R] AU ERAE T4 41, 78 H AT R 46 I
R DRGSR 3 PR R A SO R 728 S AL R AR R D — A Rk B R S E A, A T i Sk #)
SR B R AE B o BN, AR SCER A X AR A B BOR MR E A 4 R R e Ty . A SCiE—
2 X 6 Tl ARk (1) AR AIF 3 455 445 SR AT - X 0 ORI L A, R RE T 81 T Weka H (1) C4.5 Fil Naive Bayes
Fi Ay 288 A 10K+ 58 LB UE R i o R 4 550 T 6 R8Ik A HFAE 4 4 I 72 C4.5 Al Naive Bayes
G R FOF R 2R B Y AR A

R4 BUEFEECLSHEBZLEFHOEBEMLR

Table 4 Comparison of average classification accuracy of feature subsets using C4. 5 classifier

Dataset RH RS-PSO RS-IDS NRS-DPSO GBNRSFS FSRHBPSO
SpectfHeart 76.179 8 76.464 4 75.142 3 75.868 9 76.209 7 76.689 1
Ionosphere 91.763 5 89.928 8 89.339 0 91.079 8 87.498 6 93.367 5

Wdbc 93.103 7 93.882 3 94.2777 94.0457 92.933 2 94.409 5
Segment 96.043 7 95.3329 94.846 3 — 95.788 3 96.302 6
Texture 84.700 4 90.954 5 89.879 1 — 93.1451 92.266 5
Satimage 86.219 1 84.873 3 85.549 5 — 86.348 2 86.310 0
Average 88.001 7 88.5727 88.172 3 86.998 1 88.653 9 89.890 9

K5 H5{EFE7 Naive Bayes DR B F T HHEXBEMNILE

Table 5 Comparison of average classification accuracy of feature subsets using Naive Bayes classifier

Dataset RH RS-PSO RS-IDS NRS-DPSO GBNRSFS FSRHBPSO
Wine 71.254 6 71.374 5 68.307 1 67.558 0 68.760 3 72.4307
Ionosphere 87.498 6 84.532 8 87.601 2 88.208 0 75.755 0 90.618 2
Wdbc 93.864 7 93.885 8 93.984 2 93.251 3 90.845 4 95.295 2
Segment 81.268 4 81.789 2 76.848 1 — 76.433 3 87.015 6
Texture 76.162 9 80.454 2 75.453 1 — 78.902 2 83.755 1
Satimage 79.5719 78.350 4 78.446 3 — 79.589 9 79.622 4
Average 81.603 5 81.731 2 80.106 7 83.005 8 78.381 0 84.789 5

MFR A RARKFE  E CAS AT 40 2 B I, AR SCEE 2 LA 78 Texture M Satimage B4 4 -
WAL F GBNRSFS 5 (0 R 25 & FRIE R B BORF |, A SCH 2 76 FRAE BE #2802 ) GBNRSFS 5%
FEOEA K00 1/3 0 /A IGO0 R, 5 H P 389 43 JORT B2 UM 22 0.878 626 F10.038 250 , A2 1%, 7E 6 14K
PgE b M FHRAND SRR A CREW P R EHE T . LAk U, A CH LT
Tonosphere b4 %f F RH . RS-PSO RS- IDS \NRS-DPSO Fl GBNRSFS 54 v 1 - ¥ 43 2K i 70 ) 42 &
T1.6040%,3.4387% ,4.025 8% ,2.287 7% M1 5.868 9% . M X458 1 F , A S04 vk i 1 4 28085 1
A% T RH \RS-PSO \RS-IDS Fl GBNRSFS H.3: 73 il #2751 1.889 2% ,1.318 2% ,1.718 6 % 1 1.237 %
TERT 3B b, AR SCH L FE NRS-DPSO A 1.157 2% B2
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