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ABSTRACT

This paper evaluates the performance of a rough set based pattern classifier using the
benchmarks in artificial neural nets depository found in internet. The definition of rough set in
soft computing paradigm is briefly introduced. Next the design of rough set classifier is
suggested. Finally benchmark test results are shown the performance of rough set compare to
that of ANNs and decision tree.

I. H&
11 =X A% 2

AR AIARIS = (U, AN 329 dhz 28T 82 AA(x e UHIFEE d8 g4 &
(a € A2 Uetdoh AA dA AFU)E 49 282 JFBA ostd 2P (partition) At}
Y 990 M2 HXA $& W 7 E2Y 992 T BAE Ze AR AFS o oA
e AAe Fxd A 3indiscernibility set) Is(x) A&},

oX

e

In(x) = {y €eU| xRpy }
AT AT AU REAF XE £4(A)9 ¥21% B2 AsA AT 4 Ae o s
A A BX)H A A AF(BX)T & %o Aoz FAIC

B={xe Ul|lIyx) € X}
B={xe Ul Igx) N X+ 0}
3R ZA JEE FUEHA Xl &3 BAANEY Adgeln AR A ATL B A Xd &
e ANEY HPolth AR A YL HP A YL THBY AR P 24 Ao
AAEL ZA 99-& JEREC

_232_



BX — BX = BX' - BX', X=U-X
2= dv 4= A7 £ £xd A (indiscernibility set) In(x) 9+ A& X9 #AL A=z
g~y

ux s U- [0.1]
[Ig(x) N X |
w3 =~

HEZ oy fee Folzl A £4 BEEH A7 I X £ FELS AN R FF
(estimation)3lE Ho =z MY 4 2UtHnon-parmetric method). $¥H WA dv T+ HA4 o
Holf it 22 W4E Foi T 2o 23t 33 § A o] (parametric method).

1.2 B9 A7 sty

FolX HuAIxHo] PP YT HPEY B o] FojA & P& HA £ dd 4 4L &
A4S Jeldg, & do] e EFEA4E Yz yox 8L 33 542 Jegdgd F9
A E2RE 4 gy ER o FFH 5AHE FEST UHS A FF(supervised leamning)
olg} R2xd ol& AAYNoE AFsE Bols AFHoZ uY AHE9 HJdd £3g. H2
o ZIASFoletE L2e AFAFY & 9oz HFIe A4dE U

RASH Wyez A E, A4 ER/7], #X FE EH57], 1A 8%, ZASdEEY 49
gFH ol At oy &g FUEY EF A% F4Y FEAFA it MY 7Y wFe g
TAlel HEATIE Ro] oL Aotk

2 =Ee HEYYA g% EFH7I disty o WPES AUEa BF AT did g ¢
o} #r},

In. £&

21 9% A 287

2E 3§ EFVE vFA 23 HAF W (multivalued logic minimization method)ol] 23
Hatg TEE AAdn A ERE ged 934 o T du4el Hdid BF g2
Bk, FHHA dAE g8 R

1. & ¢4 (Completion)

2. <23t (Qunatization)

3. 7t&F3} (Reduction)

4. 713 A4 (Rule generation)
5. 73 A7 (Rule filtering)
6

. 2% (Classification)

A" 542 71 e A" AAE AAe H, d BRF Sy Fag, v
<+ Hu 2] 83 , B BT 77 2 Egstd A & HAZEe YE
2zke} %23} (scalar quantization) o] FHE o) F

o gm ok
ox
o
ot flo



o 7Y 4x A3, AEZAYG A 7le P ¥ (minimun description length principle)oll
A% WR, 542 AEW, 54 HEA EF Sd2 A8 Fol Yok =23 Z2HFY
(clustering)oll 9% ¥ E] %28 (vector quantization) HHE AL & Yot
ekl we Az duEFE olfde ¥, RE U FHA(reducts)E FHCl RE 9
(exhaustive method)s o} AL TR Fole HAL 275 Bl FA/L ALgdd. =3 A3
of W& zteFsl wa Al AAd dig EFste FEIG. 73 AAES BFEAA Ax" ®
E AR 13 JAE HEd 73 AL AMd we Es Wy A0 Hystd A4
& Aol Aot 3 AHule A dol, Y AAE, £4 I & AAHD Y
o B3 &F B H¥E PHe FF =]l $EE A4E & o
FHye & dde] didtd o 7 ZhsAdel A o HIZ H W4l Y & FYga=
9, 8=/ & £v $3 F840] F 5 Fuzd BHIE Y, EFE BHS:e Y
59 g 847 Yok HAE A PAvi4de AP stH A (normalization)o] Wt RE F3Eg g
st 3, AR YA (firing) T3& nEse YW} AT MEAVE 5YT Aed, w2
A A ALY T ZFOE 4712 AFLE ALY £ Ae d "AES dAF 7H F
A FAF Y AAF Asgolyd Y 7IFAE HAdd Aol Falx 7 AMASN 45 @
AtA B2Y L ol o Zzr AHE & 4 o gdFAd o F whyed Ao Anigdd og w
45 A7 & ¢ o,

22 3% %7

B37719 A% "Hrte Fo4R dole i datd k-8 435 AF Y (k-fold cross validaion),
3 HY Alg ¥ (eave-one-out testing) AH]X] W EH(replacemnt sampling)ol 23 =3 Al
(bootstrapping)s °l MAH oz HY BF Al2de HeE Hrists Wfoltt ojRE FoA
doleE& ¥ A3traing set)F A1E AF(testing) 2 EYste] FAAFeg Ay BF A~
B gHA7n ANEAgez B A2 HFE ot dte Aot

s grte g Yoz gEE 4 gk

=;ﬁ¢’,
P = <& 277, 24bs

q71A bpE j A2 kqisWo AMEEF 8 Fggtel o BF Aol olRAL 23de] EFY
APx BXE A o Gy A B2F AeEd o v E Zed £ 8 F(confusion
matrix) 2ot 599 A% ¥/ ARE RAET

71&29 AA E)(decision tree), AF A7 2 2 W(artificial neural networks)d] Fol & e o]
2 22w e tdsdd 9% WY £+ 33 o7 X (maximum activation value) °1 %t}
S&e HY BRI BREE F8E Hrb aEelnt. HAA ERY HF PY == ol
(average depth of terminal nodes)® ¥& =% 4 ¥ A (back propagation) 417 3239
A2 vt F(number of hidden layer nodes), 84 & | A(production rule systems)2} 2} 2
A% T Zol(average length of antecedent)$} T3] /N Fo] Yyt FEolu},

B =RdME UCIHES 7]1Atg dolE wolxelA 7kA 2 GLASS diolElo] tig #d 43
J71e d2 U 2H ol BF7IY Q4 EL o 81%olth. GLASS HlolEl& fEl9 8744
88t 247 ZARAF(refractive index)?] AR EAH & 2t 2147] HlolE & o]fo Ao 6714
g2 257 92 Zzte Ay B¥sL o) i S 2R FH2e AFS5U Aone dwd



F A E, MPAE 3d A
duFel o A% Ee £/7], BPNE 43 A7 %, RSCe =T /7€ detdo
B Al =259 T o] £ FHolg vehih

Hqad A7) A4 E(%)
SFDT 1544 82.81
MPA 9,3.60 85.83
BPN 8 92.05
RSC 85, 4.082 71.03

¥ 2-1. GLASS dHolEo g d5 AH

=82 1A 771 d@ 78 A4 HFF BF 71¥e dstd Lsfsa 3dd d4¥8E §
TS HUIE AR ey ST v Zde AAEA R FF AT FA=

A1 9
[1] D.E Rumelhart, G.E Hinton, and R.]J. Willliams, "Leaning internal representation bu error

propagation,” in Parallel Distributed Processing Volume l:Foundation, Eds. DE. Rumelhart,
J.L. McClelland, MIT Press, 1986.

(2] LK. Sethi and J.H. Yoo, "design of multicategory multisplit decision tree using perceptron
learning.” Pattern Recognition, Vol. 27, No. 7, pp. 939-947, 1994.

[3] Aleksnader @hrn, Rosetta Technical Reference Manual, Draft version , Knowledeg

System Group, Dept. of Computer and Information Science, Norwegian University of
Science and Technology, Nov. 6, 1998.

- 235 -



