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A design of binary decision tree using genetic algorithms
and its application to the alphabetic character
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Abstract

A new design scheme of a binary decision tree is proposed. In this scheme a binary
decision tree is constructed by using genetic algorithm and FCM algorithm. At each node
optimal or near-optimal feature or feature subset among all the available features is selected
based on fitness function in genetic algorithr"n which is inversely proportional to classification
error, balance between cluster, number of feature used. The proposed design scheme is applied
to the handwritten alphabetic characters. Experimental results show the usefulness of the
proposed scheme.
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22 RF(multi-class)d] HHEE EF3=d Ui AA Er] EF7(decision tree classifier)
£ BasieA 2ole Mot 2% EYE FAsttd o} maslel & ARe A 5 7
2, 3hie 2 ==l B8 dh3(descendant) xE9] Afoln HE st & wsojAe) 53
2 2 A (feature selection) FAojt}) B =EA= 3% =29 A7) 29 ol EZE 7AE
Aok @H EF] 44 FAe Hd A oM v Fad FA Fof Juelth. EFH
Z F SRS AA3 BF710 AHESH BEF Y =(classification accuracy)7} Fo}A)
EAe F29 EHd L85 ALt Aol oA EH. 28y g SAF FAAA HA
(optimal) EAFS FF3c AF A% AFES A3 SAHY 28 APy A+ees QDA%
So) 2YFe) A%t 2BV AAE A4 ALl Aol B olaY SYY Y 24
£ A7 /WY shtzA AT Be BAS Row Ak 44 2nUEE olgstd st
NE} Udflen BEE Be AHE RAFD Aokl T8y 2t FRY0R B =g A
AstE ol AR e A HesrldE FHLHGT T + Atk 3PN A3 A
A%k 2IAA AN THe BA 53T Asol el 4BY SWF) AFS vle) Yaky HY

543 RAGS Fo0, BF S F2vE SAAEL FHAY SoE Jusow
FolA g7t BEE TR ¢d EAE THEA ¥8 FolmzE o FFH EYY
A ASHAdE wAYsR S g ¢ s fd Puae o1d 28 =
Ao ErHoz HEAY] Astd £ FRASW oW AEIS SAY R HHo)
NlE e ANST EF o, 279 29, 449 5294 A+5e Tete A%
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T $4E Aoty & xZoMe ERF AF, 28 A T EAE WPd}nA 4. ¥4
2} x=oMe BF dg, 73 AS(balance coefficientyy= FCM T3} ¢ndFEL o] &3l +
3 HA BY PRy dojA 3 AUA=HE WEES VA FEX U4 AL BF
e AAE 4 5 AJ
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3 g8 EL 197080 w29 John Holland 4o 93] HHE o822 A {4
(natural genetics)®} 2} A&l (natural selection)®] ¥zjol ZAT HH3| &4 Wyo|th[3] Uxt
9] o]A R3%3l 7Y (binary coding technique)ol 23] HE3} T AP, wu), EAHE
A e A A&E(offspring)d THES We AAL oS 2o
i) #3539 Z7]3Hcoding and initialization)

ii) %= Hrlfitness evaluation)
i) EA

iv) =

v) E9ol

. FCM §2|ER / Ad2iFE 0[S 0l UM EZ2| ddA

31 FCM &8 &

FCM ¢ xal&e Foi2 dolg IAF, X=( ;1, ;2 %, ) ;kERq, g is the number of
features )9l Wit Hel® olm X F5rt 2AH Ha ol EUHESE N 2E % A(fuzzy
partition matrix) Ust Zde FAR V={ v, 13,..., 0.} 9B Aige) o8 Fae
AA5 WA U SnPZolch4] FOMIA ALEHE 24 g4E 983 2o

IUWV) = 22 (0" () )
where, d2, = I xp — v; I

A7IH me A% AEA0H ck Y AFolmg ofn ExE THY AS =27 ¥rt.

32 frd @nEES o} 8F o 24 EzlY 47

E=EdME ol 44 EE AAsksd UM 4 =SolM Bad SAFE Ty A%
o HHg 7P U /8 FnAFE ol&sHth WA SAF AFE ¢AFH 4 x=elA
AHEE F e A SAF AFE ¢ A /A nPFAA AESHE ol 2EYS k-bit
g &3 o] 2EYe] Y £ e /AFE 2F 2907 g 9 RIANANY k=q2stn 2
bits Z S FN HeAY 2SS F 7hA A #AA Aok AA FAE ¢<qd AF ©
A 2E™RFE T AF7) gRT 2 3% o8 ¥ HAANACK Ik A7 Atk T wAE 9
s} & EAE bitiAel o5ty HAFAR sriAE £H dnHAF L T 4HHE SAFY
Aszre] BHEol 47)A €0 EHo2 Y 94F JHAE 5AY FYPe) 4HY &g,
P o o] FojAn

3 Ci 2



G 9 F BAE AQ37) As e Zolstd SAF AF 449 BYE 4AHES
gk AA kbit7h e £ dE F MASF 28 ¢ 58I 4 73S 4 EAY AFd 9
FES HUL, 4 TAE 2 Tl FIHE 5T 2PPY TR A o] AgHE 54
ol -¢3HA gk F 19 k=15, ¢=8, ¢:=29 A$ 1 FAFL YEhiY

E 1ol 2l S4F 2T g A
Table 1 Correspondence between binary string and feature subset
54% As T 3t 28 70 | BEAY RYYE | A FF
~ 2047 h
] 0 ~ 16383 ~ 4:1095 f:2 Ci=8
~ 16383 B
~ 16969 i f
2 ~ 32767 |11 Lk 8Cr=28
~ 32767 fi fs
9 2L AAHS AFA o]z 2EH USHE 5AF EIFE YT F olF SAFE o

g3te] FOM 243 Q0SS - 46@6}7%1 fch. FCM 2389 A%2A 4ot det w4 &
g=RE 25 g9 24, 7Y AF 52 7¥ & A 42 LLAF £9F HPE(finess)
& 787 A% H¥= Fo(finess function)e Th 2ol Festsict

3)

] _ 1
fltness_ 1+we' e+wb' b—f—w/' (f'—l)

HE)NA ev F o, be TR FF AF, f£ 2 =24 AHEE SFF AFE 9
ol gk & we, ws, wis 22} AvE 7}FSE F7] AT 7S A (weighting)olth TE 7 ¥
Ase FRE9 BT A48 A2 THAMY RREY 5o UAEN o3 2] F9
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Balance =

A7M he 229 F, ne U8 HEY F, pe A ko) 3= e Fojth B =8
e o]z EFE FAIEZ k= 27"

7t o g AA dagES oSFH 2ot

i) 2E& Fd(population)g =7]3}
i) 2E¥ S EAFY A+ T/ AP
i) 44" ExFo2 FCM ¢nd=L 43
iv) FMe] Al sx B8 JHIZHE o, YAXE F3ln HFPEE ALt
v) 98le AT =23 A (individual)7t EHEE CTYSE £PL B
vi) A EE 7R dtod §d duEFe EA, wHl, S9H0lE T
viy Hoj Aol =9 st od dA A F M L& JYEE THAE 2E
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Aot Ze AAHE 7 k=0 U3 dYstd HA EF FEIF S4E WA WEoh

v, 8 Z=

4o e 3FM AGH PPo 2 o) AR EE FAY WIN FEA A sty
Age sista 1 EFAL Holnxat itk

41. A dungFe] FEA E79 H&
411 ¥ AEE FEA} EJF 2

Y714 B2 B/ AR E FA9 FRe EAF HEA A~Z 26F08 Z EAY dAAY £
130719 EAE FASIHT

A B CDEFGH I
JIK[LIMINIOIPIAQR
S TUIVWKXIYZ

281 9714 983

Fig.1 Handwritten alphabetic characters

#8 £ao 542 dshlt SAF 1208 19 29 2ol 4 9 A FozyE EAAe
Aelz +2shdch

Lhk
HH

fi— n —h
EINARE
A

t
bk ke

I9 2 oA SEAY EAF 72
Fig. 2 Feature extraction of handwritten alphabetic character
412 43 =4
2 A ALY & Ae HA FAF AT, gov A SAF 1/320 42 Ik A
#(number of generation)t 1002.8 3tqoew A +9 P, P, Zz} 40, 10, 0.12 3H}.

£33 TFEA we, wh, wF wE (1002231 YuAE '1'E /M-S FAL

413 43 2
a2y 39 FAE oA A EFE JEHIASZ HE 29 & ko) £% siEny 2§ o, 7%
A, A9 SH3FE YA} 38 5 UKol B 28 AHEA G, Cn, Gi, CaTolAe
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2ol Wl%g RFEL AL EAE AF BF WAAM £R7 Aen 2R o oldw 4
oA go) AELE L F Uk 2 49 G=oAe 2 Adid ©E Hd P E(maximum
fitness)?} H# & = (average fitness)E = A H ).

3% 3 749 old 24 EY
Fig. 3 Constructed binary decision

%239 3 48 & == A, 8, 7Y A5 44Y S
Table 2 Patterns, error, balance coefficient, extracted feature at each node for Fig. 3

node pattern error | balance | feature || node pattern error | balance | feature
Co A-7 0 0.4216 | fafsfifio Ca B-E GK,0QR 0 0.1571 hfs
Cu HL-NU-Y 0 0.7857 ffiz Cag 1LZ 0 0 fio
| Cr: | A-GI-KO-T,Z | 1(Ss) 0.6156 ffsfr GCsi HM 0 0 o1z
Cn H,L-N,UW,X 0 0.1.0102 b Cs2 N,UW 0 0.4714 fiz
Co \'A' 0 0 fu Cs3 C,G,0Q 1{Gy) 0.1414 fi
| Cxn A-GKO-R 0 0.9428 fafo Cs B,D.E KR 0 0.2828 S
Coa LJS,T,Z 0 0.2357 fie Ces N,W 2(W33) | 0.5657 h
(o HMNUWX 0 0.9428 f 5 C,0 0 0 fs
Cs | A-EGKOQR 0 1.1314 fa Ces GQ 0 0.1571 | fufs. i
Cs FP 0 0 fr Cor B,D.E 0 04714 | fafufiz
Csy J, T 0 0 fio Ces KR 0 0 f5
Css 15,7 0 0.6010 fafo Cr B,D 2(Ds,4) | 0.5657 fo
Ca HMNUW 0 0.2828 | fafafofn
Fitness
0.25 Max fitness
0.2 (
0.15
0.1 Average fitness
0.05
0 No. of generation
1 50 100

29 4 == GolMe A APE W AR=
Fig. 4 Maximum and average fitness at node G
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V. dE

B =FdMes §3 ¢1eEEd FOMEngdE S o83ty ol AR EE FASIY Houo
e 7z} koM ol E] FXo A H3FH Z HFH 2H9 EAY RS FIe
Holl sl AMEor olF HIA FEA Ao HE3o UFE e AHE I8 F AN
o AtEHE SAF AA WHY FHE K ugFel A 4 = BF o8, &3
o 78, MAY EAF AFLE 12 YT FFE HAST ol2XHEH HAF EFE 98
a3 EAHF I A S P = dde Aol

goze A7 FAE ol ER ol Holgy T2E F wYsE nW E2lE 99 2
AZ¢ MMt FHHRE AT, o B SAFL /HAE AP Hgs) Bol 1 E4E
ste] mE RHolzt AT
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