Journal of The Korea Society of Computer and Information
Vol. 20 No. 11, pp. 9-16, November 2015

www ksci.re.kr
http://dx.doi.org/10.9708/jksci.2015.20.11.009

Hybrid Pattern Recognition Using a Combination of Different Features

Sang-11 Choi *

Abstract

We propose a hybrid pattern recognition method that effectively combines two different features

for improving data classification. We first extract the PCA (Principal Component Analysis) and LDA

(Linear Discriminant Analysis) features, both of which are widely used in pattern recognition, to

construct a set of basic features, and then evaluate the separability of each basic feature. According

to the results of evaluation, we select only the basic features that contain a large amount of

discriminative information for construction of the combined features. The experimental results for the

various data sets in the UCI machine learning repository show that using the proposed combined

features give better recognition rates than when solely using the PCA or LDA features.

» Keyword : Pattemn classification; Feature extraction; Feature selection; Hybrid method; Discriminant analysis; Combined features
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[I. Feature Extraction Methods

1. PCA (Principal Component Analysis)
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Fig. 2. Overall procedure of the proposed method

H7} Ase 7%

282 gol
A

A

A HE §=[9,,..9,]" 5 g,

&3 A= MFE N, A A s

Qo= Aue pAl BE

= [y | o WA X 8F 2 FAA(C) S BE
5 ﬂl Mg AR R mAY BEGES A N=
{Gx0), C=1719 B2 Yol &3 AEE F
x. o A7t MR mAg D
(%)} (= D& FAT W}
(i=1,..p0)7t N &3 AEE x(=1,..m)° 54
e ghe zherh iy
& Az Rk Aol
on s Al 540 tg =4 WEe 4R 59 ghe 2

/. D= =
pEIEe RHe

>

i
oX,
rlo
e
o
>

&

[

=
Nl

o

—r

o
& w to

&
oy

—~

<

Il

—

S

2

S

N

-

o

=

I
ST

B ERL U2 Fero) &3 T AZS N7 BEdhs 2
of Ags 5Holnw 59 #s 7t ]740]: gt ol g Al
JS nigho g orle] Sejaet N AEER 14 9 g

& &
gomy, 74 40l Sgae 94 5, =10, o &
& tpga ol ArkaTH2r],

D =24 vee] RE RS 002 2713t (S=0).

2) for k=1:N
g% 9% x.o s, N3 c—171¢] D, & Z+7 44
Eig=y
3) fori=1:pq
G =8 Zlef XX )/(N m)
=
1D yjEanii 5 Elef XX )]/(N + m)
t=1 =
end
end
71l P(G)e  EHU= ¢ AFHEE(prior

probability)e] i, Diff(v,x*x")E x*¢ xP¢ i)
EAE Apo) (| —2Boltt.

4) 2),3) TJrXé% NH gl AbE HE SE 7L S,

delste] A9t 5407 ARgET

% £ 74 el AA a5 Fig. 20 Yehy

V. Experimental Results

Ak Byl siE g
learning repository] ¢Jg] d]
3 ®Skt} 7} dloly Al 54
tlo]E Alof tizl] PCASF LDAE 7}
& UEoE AMEHS we "Lél%ﬂr =4
PCA 543} LDA 54§ <d4dste] 4%
(Com(P+L)) [23], 18] Atk WIS o] &3t PCA, LDA

golsl7] ¢l8] UCI machine

oF Aol val A4EL A9
2] 0



Hybrid Pattern Recognition Using a Combination of Different Features 13

545 F 488 55U Adste] 4D AT 5L S
9% W) A4 EL vlwe) mglrh PCASHLDAS o]-g3he]
548 33710 24, s dolElE s dlole] Alo) B
5 52 BRE o) g3tel 42l vole) HEL FHw

50 9 Hu(zero mean), 9 EF HxHunit
standard deviation)©] ¥ == AF3Hnormalization) 3+l
H2AE MEZe disiiE sdst B 13 dak o= At
sfato] A@agitt. BR71EE A2 ol H%ﬂ(nearest
neighborhood rule)S AR&-3l3loH, 7 AE
AARE= [, =E(horm)S AHEEITH 1], 914
10-fold cross validations 4-&3l3t}H 28], o]
2 relstel 13 IAES & 240 o

3 29] PCASH LDAS] A#E HH, d|o]
o] $97 v RS B Ak 5 #A
lIonosphere, Sonar, Bupa Hlo|E] Alo] 7$- -E
ot A= 3.1%NE A= 141974 2 OA‘%

E} A Monk3, Heart disease, Wine, Iris H|o]E

$+= LDA7} PCARTE AAI= 0.7%%H A= 18.2%77}?4
& AAES UEhfigleh ol¢} -8 PCASF LDAY sk
Z} dloly Ao S~ AME] £ B FY2 Ak 59 o
olf] Ae] Fxe} FdHol Qrh. 19 33 I¥ 4= I9 32
PCA®} LDA &% F3tol|42] Wine HlolH AE53 Sonar H]
o MEES FXE HoFrh

jines
L
[

X,

il

¢

MN
ru o u:E

l:kl

279, Aol 53 F3hol *E'i%%% E/‘]‘E?Hi‘:}. :u’é 3%
y_‘?i, Wine r%lOlEi AL 9= 22199 LDA 54 3t
) <

S
HH, PCA 57 719] 4
MEE0| N HA= =
o G A7k 27 olm
of AFA a7 4b)sk gol 2+ S~ WES
LDA 574 &3t A= Aol ddsh= Ae

Table 1. Data sets from UCI machine learning repository
used in the experiments

Data set # of Input # of # of
Features Instances classes

lonosphere 33 351 2
Sonar 60 208 2
Bupa 6 345 2
Monk3 6 432 2
Heart disease 13 297 2
Wine 13 178 3
Iris 4 150 3

Table 2. Recognition rates for UCI data sets

Proposed
+
Data set PCA LDA | Com(P+L) Method
lonosphere 86.6 83.5 88.7 93.8
Sonar 87.2 73.1 84.0 90.8
Bupa 63.3 60.6 66.6 71.0
Monk3 68.1 86.2 73.0 96.7
Heart 75.0 | 75.7 74.4 84.2
disease
Wine 95.4 99.0 98.3 99.8
Iris 94.9 95.7 95.7 96.9
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