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Abstract

1st-order Multi-layer perceptrons using EBP (Error Back Propagation) learning
rule have attracted a great deal of interest recently in the field of pattern
recognition, because of it’s simplicity and superior problem solving capabilities.
But. because lIst-order Multi-layer perceptrons must be trained on a large
subset of transformed views to learn to distinguish between a set of patterns
independent of their position, they can hardly be used for shift invariant
pattern recognitions. Moreover, even after extensive training with large
training set.they usually achieve only 80-90% recognition capabilities on novel
examples. 2nd-order neural network is a multi-layer network that has inputs
consisting of geometrically related nonlinear combinations of two pixels. So,
2nd-order neural networks need to be trained on just one transformed view of
each pattern for shift invariant recognition. But the number of 2nd-order
neural network input nodes increase in proportion to O(N2). where N is the
dimension of the input patterns. even if we only consider shift invariance. This
is the major obstacle to actual implementations of 2nd-order neural networks.
Also, such large number of input nodes lead to slow learning and recognition.

In this paper. as a part of a method to solve the combinatorial explosion of
the number of 2nd-order neural network input nodes. we propose a method for
reducing the number of shift invariant 2nd-order neural network input nodes
from O(N2) to less than N using pattern pixel combinations and PCA(Principal
Component Analysis). Because we can implement a shift invariant 2nd-order
neural network only with (2*N)/5 nodes using the proposed method . we are
able to solve the combinatorial explosion of input nodes. Also. we improve the
learning and recognition time of the network. The implemented 2nd-order
neural network showed similar recognition rates to the unreduced network in
experiments using 990 shifted Hangul Mungjo characters while decreasing the
learning and recognition time.

1. A & oA dAellM u A ZlEEAd WY

(A g /F 2 ol 5l Helstokes FAA
= o] Qth(2.4.11.12). o3 SHAYEEY o]
3] ¢ FAAE dAsty] A 2] shA] Wy
Al ol M=t w2 <Fo] WYY A =
< T el A7HATIAYG. A HFAH L ol f
o) sted 1 AHAE stgdte Wy Fol A
b oh6.7.15). zejvt Axpe] w2 Sgd

_56_



2y xtd £2E 0|8% olE BE 2% MY BEH T8

N

ko

go] YT wolxA ol e ATe] &
He el Qi ¥ WL 53 %
ey (2a-Z8 AR Fed] Wi zdlg
w)So) Mgt A4 AZE 82 ot
t2o] Azt §F & ubyel o}
o] %S vl AFYE oA33)7] At
t}2 HAEEZ dox Wy TuF =
ol Alell 2}-2-%l A7 %2 Neocognitroneltt
(17). 228 Neocognitrondld +&3=
‘?‘1*3% £x Hu 33l FAsA A ol
CAN2E e Mgl dalde A elA
—r%*h: Hyge ofA Hosle dFS XA
o} g}, mF AAY Ao HAA W el
F#o] ot el AAY AT WEYS
83t FEFY £ Uv 1A AHDTE 718
A W3l Bwiste el Qe ARt
Zo] zld 2] "ol 2 o A7
oA wat AlZgo] o3 HAEER F2 13
Ayt 2 el Ay S5diche
ANE Jgezy 1A AAue] 2w H="
QAo AF}AYL ¥dFct2.4,8.11]).
A A7 dste B4 “3——1° I I
A} Fzo FEY & ok F HHE £ 4
sled d5yo]l de goke 7)i°]‘:]" a4l
A dw HAzike] st vy =
58 EF9 9 o5 Adwe] slHe
2 Ag3le A8 dE HAd(13). 29
U omab AlAwe gy xxrt qlE Al
ey ZlatFeHog Fobste EAAC
t}. mief gldl )& Nolg} sl o]F B
22 A4 %E O(N2)2 o4 x= 571 37
g apeba e 3 A /‘17"°l wel Ae
£ AL EZolx Neol & Ase 78 A
7} Ao
old] ol-fr= mA AFYe FH FAL
28t A Y = £Z Fases W
g A7zt APt &d F % sigma-
FHoz FAsA a2 A =
wajo] kit o] Wi HE jH

=E ApgEdA A AR F4L fA
¢ 4 ovh(6). 2y AR el 28
S Azre] 2 ZHeje dAHe] gtk HH
odf g BAHoz dojAl A& HE (Rl
2%, 959 Yu)E ol&3tq AAFTANA
saslais Wy T BYey 84 F A
Asle WHE AL o] AL o] &3ty
AlA 9lE x= $£E5 1/33=2 £ AN}
wEEdel (511,12). 28 o] wle A
7} wlo] A#A (heuristic)ol tieo]
gHell i A8 ARE YAGc}E o] of
oot A wlFeol AHE W AP Ao
o}

2 =edde 1 AARe] Y k= F

4 37 d#oz 3 J’a“’o FelA olF
2 23 AAY J = £E ddl 49
233 FHE A (Prmcmal Component
Analysis) 2= 13 x4 Nuch " 43
= g Aokt AR W ez giH 3
d Nell gl (2*N)/5 71 Y x=2
o]lF Bd 23 ARFYE T FIL
22} A7 x olFH ¥HF HzxA 990
apol| el AYY A 95%9 AAELE &
o] HAEZ @& o visiA 5T IHE
< poldA A ¥ g AZEE @AY=
A3E Bt

B = 23 3FdAM o)F W 2%
Aol qlE 24 Nell tisiA el Ao
5‘-’{}4 é—\‘v’: FAg EilM (2°N)/5o=

]



ERHEHAR

Azt e A)H 2o(2.3).

0i=g(hi) )
= &(W+ ZWk; + Wik,
) Z}:Z};g}Z W "
(1)
%Minskyﬂ} Paperts 404 23 473
e A, =l weshn. 33 AR
3 HYol A B 5" ] d&& By
FoH(9). zak ALY A(1)dA 23 AA
% F2 Alg fFx3igd A(2)9 Zovd olF
S e 2 JHEY 4741"1] gk
F& 9T Haw Ao geby A(3)3 2ol
Ao} (2.4).
hi= ; Wiin&s + :Z: kil W& .
+ S WE W,

=513 Wontss 3

o] F 2w 22 AARE ¥ 2.9 FFeol 9
Ao FFajof

Qo Gedl e T3l (D Aobalol

o} 23E A (3)2 (5)2 ulRci(4.5). 4
(5)o A 432 o] FH HdFe) 2L o
Hoz #gEu2 911 ol5d AL Y
A QA" F Qo)

Wir= Wiy (4)

hi= zkgl Wii- n€iks (5)

N g

ad 2. $42] o)F #A

ol Wl 2x ARAFLE x| olF TAH -
sl 7HEAZE A(5)e siA A FaE
o wekA Ad Aesp e #Alel sl F
N HAde Y¢S BF ZE Rog iy
g gl whepA ol E e WA gl HA
2¥ES =25 tiFo e duse 23
Al7dake) qlg xzg A (6)3 o) XHY
= olek. o] ¥ 5AL SOP(Summation
of products) 2 eolxEAlela} Fh(l,
10.13].

SoP= 2Tl (48m....... )] (6)

XTX 1 9%
4 9oy X)X N
¥ IR N
sy 2%

a2y 3. 294 23 W

_58_.



2y A 228 0|8 olF B¢ 2& HFYY AEH 1Y

oA AL F¥ o HIL FA3}e 27)
HAzte] wpg uesiop ok of HAS
X2 JYehid o)a5AE 7Y o waiso}
g F HAE e wge a¥ 3.7 ol 4
7}z o]t

o] W3-g waste] FL $A WAL HA
2459 ¢& FIAH o|AEAE FTH T+
9th(1,10,13). YubHez 23 G4o] 7t
2 A=27h 4 L, M NaU(L*M)]l A+
F gAagztel 7k 5 Qe Hd k2 A=e
(L-1) olz A A2 Agds (M-1)elth
gl 47bA] WEe wHE o) AFHL (E
3 Z2e 8 Welz 3. 2, 4439
HAEE (h2 A" | AZ A=Y 234
Welz L) o)FA 2. 4 WS F o
Aol ¢2 BAE 7R A= A2 A—E
25 Apgste #AZ (L-1) * (M-1) #E
7} Db 7 e dae A HA BA
Jde g4 239 4% Jepi z8w 4
el A fAEe Axe F HAY A
£ vehdo(1].

(1) o187y =

1o w3y o=z (L-DR
YA A e
39w oAz (M-DA

2l x] BA wE
2.4 2 wg o AZN(L-1)(M-1) &
2z BA e

9ol A ebd 42 A HEE 2F A
A shbe) el 2 Jepd o] o]xkE Aol
a2 olF £ 23 AlAWE 2°N-(L+
MIZHe 9lg x=2 AL FE£5 o)A
EA o7} 28 4 o vehd

duidoeg wi AP gl¥eg A
gl 7istatdql w4y 23¢E 7HE odF
HAE29 agd HHI H4=c}(2.13).
wpeba )z ol ol BWdl: 22 AR WL

vector
size
directionl ab
direction3 M-
10000| 10000
10000j 10000
direction2| 00000§ 00000 [(@-D*M-D
00000{ 000OO00O
000p00| 00000
10000 100009
L 10000 | 19000
directiond| 00000 | 00000 | L-D*M-1)
00000§ 00000
00000j 09000

29 4 0)H5A o
Wape] ZomA Re AW AUE bAE F
54 24 UL IASAE Y¥oz 4
g3e 129 o2 HH=ges HAY &
aleh.

3. FAE BAE o8 oAE5H
A9 %

br

27e) o)A 52 & adZ o] &3l AA A
o)l vzl of 2w HE2 AAYe] HAch
ol2]dt 2uj2] = S HEe] FH Y A
< w2 Azl & £ gA HEG ahebd
7b5% 8 k= $£5 Folv 7ol vidA3)
t} FAHE $AE ol lYH = £F
Zold & 2 QA& wz2A ¥ 4 ok

(PCA)E A" g F&#4

QoA 1§ e (eigenvector)
goz dAedg T2 AHs YHo g del=
dutrd oz xg5= FAY
A BA dol FAE FAL ¥ Ay
4 25 AZ ARste ¥ IH A
B E o]g3ld dojele] AME FaFch
{18.19.20).

g8 #Hd A X( = {xixe.....xxD)9
A E xiofl dlsilAd ALDE 7o) ABBAE
el Z8#4 (covariance)¥¥d C+ #

Lo
o
e
Hy
E b
=

o M

_59-



EUNBAR

A (7)Y Ze] Ao m o] FEAL YA
Qe 1% A (eigenvalue)®}t & e
(eigenvector) A,9} ¢, & A8 =74 0
2t W3aeez Jdad g4k 89 CY
£ (real. symmetric matrix)ol 2j&l4]

(7)= 2c}(16,20).

Cc= % g {(x;— u)(x;— )}

(C is a real.symmetric matrix)

where y=% 24 %;

{ey, 2, 13,0000 vent, 1,20 (1<i<N)

{6, 86.8,4...., Ent, L= orthogonal

(1<i<N)
(7

(TelAe] 3§ 2 FlAd 277 A48
Ml thgete 6 HEel2 Ay xo g
24 4E x'§ (8)F ol 78 + Uk o]
A 243 x'v AL x& T FAAY
Z gy 2oz RS el xo =3 wlEgfo]
c}(16).

x = g(c,- e (8)

o

= {0 =xT¢tTx=x"Cx= za:/l"xi
(9}

vpz]et ghe. xTCxg dizbdshdiagonalize)
slod iR oo f el x HEIE F

Aae &9 Wl 7t A QT F oA
A9 golth. kA FAELE k-18A7A
o A3} Amvct gty 223 |d=1
A A A7 Hdols] HalNe el
B x9) kdA A ke 4103 2o

x;=*1 ifj=k=0 otherwise (10)

o] A% 4 (9o Mg ohg ARE
£oh15),

=2 (10)

T4 4G A R olguw
S
- AU

FRE PHoZ Qe R F UG AR
243t FUsich o] AL olgae oAF
\|

A 7 ARe) 2 e 9 AU %

requencies

01 012 034 035 072 1
Value Ranges
(a) Masamum

[Frequencies

01 012 034 056 078 1
Value Ranges

(®b) top 40%

Frequencies

cgEERBER

01 012 034 05 078 1
Value Ranges
(c) Top 80%

2% 5. 4 A48 54 @&

He
B



2y XY £4F 0|88 olF B¢ 24 MYYS| AEH 7

#F HzA b 99070 g o1x5A
T F 7 Y o|AEA PFE F ¥
9] Z7lol wEly Adds d¥F A e
¥7b 3% 5.6 dehd ok ool ®»
o] FAto] 2 YL nE FrIFo o
1 A9 e e sHAc geby o]z’ A
4L AAsT QAo ERo] HE & FAE
AN e AYTE AL A S AYyE
o)A @3 g %@ A Azke FAAAA
4 ook, A4S Fdld olAEA 20% AL
kg ApgslE QA & W3} glo] k&=
$Z (2°N)/52.2 Folx ¥4 ¥ Q4] AR
< <& A2

a¥ 6. B el Aty Y ¥4
£ o]l g3ly 24 ojAEAoE FAR o
5 B 23 AAGY FFeolgh E 2.&= A}
25 ojx5A) oo @}E Y x= $E H
Zoh, a¥ela BEo) AYel AMER 23
& 13 o3 HAEZH o)AEAS g

AHgste el AAYE FH A

Miode 2= o

b

—

1o

ku ol

e 2e £42 olFelnth A
dared o ARl A ol AEAE
S olAe FAE 2Ho2 Y29 #

o qHez Pt ol
FERE dold AFT T U FA

I TP ) N 2 -
o 2 rlo o ol
o

<4
ds k
2
oo
i
2
ot
ol

f's‘-'«

Ab gy

Ao 2y xE& $E
131’ .76-./44

< 20070 2

BAE A ste 23 ARl 2%
¢ P
3. FAE Jvehdl= 68700 24
dY & ® 2.9 )
2814 @& 23 AARE Y kT F7}

2 A o P >

g Al N (24X30)e wH#fA 2°N-(24+
30)e1=2 1386707} k. 54 Ay A9

.

& 10%Y dE 144708 39 2 w2 A

(E 2) olA5R Aggl BE 24 47

% 9y x= %

5 & TECEE
o|2t 54 10% 144
o]zt 4] 10% 288
°la &4 10% 432
ol 54 10% 576
o}a &2 10% 720
olat B4 10% 1008
ola} 4 10% 1386

sl ol A% 258,840

4
22 ARARE 44 23

o] &

st 24

FHE ¥He
e ERE]

24 WY 14 <l

ARER 33
g}

S
Prasl

. - |
X T od

2% 6. MR 23 AATL Fx

_61_




EURHERA

718 4% + ded AYE 58 S
o Ay e E HxA F AMS ixg
98% & 7IA+= 990x1E Aldsigct. dolEl
2R gAE el & Fa14 o
o $¥& ANY 30X248 =7 E AHF3}s
ack. AA Q4 AYPdMe A AKE
10-15% 44 Qo2 & WA A}8-3
At

AL o]xEA L] R EAQ A0 Do
A 27 6.9 23 ARBez gt zEw
A viag $sA olaAEALE ¥ A8
22t A7 12ke] o3 HAEER AHE3)
Act A WYL AAY 25E ¢ Y o
¥ Hgitez #¥|m5A F Q&S ¥|zE
Act 13 AAS = shve] R AL &
FA12) AL 13 ARRE 92 24 540
A7 ZA ] gobe A& Holr) %’*H}ﬂ‘:}
22 A7 9x vy AR F
oAER FelM & ZHFH 10%. 20%.
30%. 40%. 50%. 70%& Aldsle Al-4-3
drt

~ Becognition Rates

Percent correct
100
90
90
70
60
50
Q0
30
20
10
o

10 20X 30X 40% 50X 70% 100X 1storder

Multi-laver
Percent used Network

a3 7. A4 A9 A

AEYE AVE NS 23 AR
100%% A4% 3257 @e A4 u)

k. o] A 17

e HYY Ads gFHol sted o
2 1708} G E AeE AFAA) dFo
ok a2y 23 ARRES & N9 dE A
He gad Aveze A WYy 43
T 9+ Aot}

23} AR FodA Asl 20%Y oA EHA
€ A AARE 2aEHA G4 AALH
53 QA &L ¥l o]HRL FAHE 24
T % &2 AHe) AAH Bad Ane
42 e B2} AT BEo] 24E
2 @& AR A o] 100°)ehd 20%
2 A" ARG QQalge 96 AHEolt)
ol Z-& AFS] 20%o AA A 96% o)A
°] A&L frid. BE A$ 100% A4
HA G AL 93] o) o9 g WY
(o128 FHA Nrje] xo]Z)o] AN Eh}r]
o Folc}.

2%y 8.2 2zt AALEY Y &5, i
4% 2 g 4 E iﬂ-?_r‘—"%. g Age
2% 100% 2o F7H0c, 2 olfre Aol
B F2 dv HRE FA 'E‘ ¥Hoz A
A7) A& AR HAzHA Art &
o] E97] wFolc}, e} 3t 4o =7}
AL g7sn e Az dEHUt 20%
g A2 AS 2¥edA BRe] g s
22 SRR g A 1/22 Fd
St sty e EFE wE 5
ste ZAeloh A AzE 20% 8 AHET A
& 2457 & Ao ulaa] 2 5uf mela
o},

Aellal & AHE A
Me £ 5 Aok, B —Ev—*—*.
A& &g dAe a8 EA A
AE yeisor ok e EA AP
7] Qe FRste AEst ofz
o] & YL HALS] i Hi AFo] %t
e 7xlEE QdAld we vl g 0
gt 7t ah8le) QA vl e HEE FA4
A B Py 2aolt o] e AYE

.,V‘_
Ay
M
L

_62_



A X 2 E 0|8% OlF BY 24 MAYS HEH FH

4% 28
1400 r qdd & 5

1200 t

A4 A1z

1000

800 t

600

400 |

200 ¢ X\M——mhc bkl %!4:1

0

0% 10% 20% 30% 40% 50% 60% 702 80% 90%  100%

2% 8. 9 x4, g o A A- A3 v

3

o A2 Jebd 5 gl g A5 A AR e e A4 Az FAR
pepo] Wl alEt T QAlEF AFEAE HuE $Ao) dele Al7ke] Z74gch ey Al
o wlAgchd o) BAZ o] FHE ¥ 2 ube ARG TAY o o) B2 A}
Moz & Huwke X 3.3 o] A 238 vle] AAstn AHY SA Lo
4 olth Eold BE o)x5A F A8 20% Jy x= 42 mAP weby HH o
e MM Fue 96% HEs fAFHG F o) 2289 o)xEA9) HYPe o] L] HE
AA QAo Wy Ao WE¥e sAx o FAE BAL A s A 9
gl Zelch. 50%2 70%2 A%l 100% % oh et QA wAelAE AAlel e
t} qlAlgo] Z7hgh ol fi UMY LY A A9e Addslop Fog FrpA A3pe] I
pe ZPIPAE 2P SRS AAH 23lt} o)W FriEle ALL 227 ojas
o £oc}. A FollA AdY YL Hohhd 425
£ Alze] Aol AYPez & Y A
F 3 AHuze 2§ ¥R (100%F 2 QAY o FAE g ErHE A7
7\EeR) e WA Al AgelM 0.5%e HAPL
: 2 4 ok mely FAHE M2 F7ts
7 | JE | ous|nEa | wRERNE EoARE A48 x= 49 22 LofAe
w}

2 A6l A c1HA Yk
AYe EAA o5 20%2 7L 2
boazdetel vl 4% WEe A& Aa

ol252) 10%|2639| 84% | 3.4 8%
o] R57) 20%(1359] 94% | 1.9 96%

AE2) 304 T% ] 79 e
ik UL B £ HolAW - o)A E 3.4 Fu )
o AEA 40% T8l | 97% ?
ﬁ“; 43/‘, '°é % 1(1) zzj Sl 4%AE xelz & F Atk - B
o] 54 50% 17 %1 2
e d 2 Q4 AT 50% ol4el Hae uy
ol %52 T0%: 757 | 99% 1.0 99% .
: of. webd Ak ubEe 23 A7l o

_63_.



ERHBRAR

o

ehte 9 x40 JFsA 271
Az dA Fa3A] G2 A AF

£ 2olRA BE Be W A4E Boh

[=]
r

2

e

5. 4 &

2 R 94 29 23 44% Y
rxrb oy 2Y Nel dal4 O(N2)e=z
Zrbsled gd2e FAA - Fdo] oldg
sts % Q4] Alzto] Bol 229 - & U4

Moz siAdsidch. Aldd

K SAdle 4%es FA ¥€x
(2°N)/59 ¥ x=8 7HA]e A ¥9 2
A ARRE FEY 4 Aok 7™ AAY
< Fa5A @ AR dFE IH FHE
A lewiA st 9 QA Ak FAEA
2

23 A7 AskFes

A 4 =9 Frke Aol 2<le] Hd

9y x= 5o
o3 mE 4 B A
dvh =8 FHE 23 AL
e Aol ulaA G ANEL vl

#3gd

1) A R, 2FA. 8§, 23 A

o] EAE o] &3 FA EA F5v)

TRk A ErE] =2 A 413, Al
125, pp 1460-1466. 1992,

72) Perantonis. S. and Lisboa. P..

and Scale

¥ od
N

"Translation. Rotation.

_64_

Invariant Pattern Recognition by
Higher
and Moment

Networks

IEEE
Transactions on Neural Network.
March. Vol. 3. No. 2, pp. 241-251,
1992.

(3) Estevez., P. and Okabe. Y.,
"Training the Pieceswise Linear-
Higher Order Network
Through error back propagation.”
Proc. IJCNN91. Vol.1. pp.711-716.
1991.

(4] Giles, C. and Maxwell, T.. "Learning.

invariance,

order Neural

Classifier.”

Neural

and generalization in
high-order neural networks.”
Applied Optics. Vol. 25, pp. 4972-
4978, 1987.
[5] Reid., M.,
Ochoa, E.,
Higher-Order Neural Networks for

Spirkovska., L. and

"Rapid Training of

invariant Pattern Recognition.”
Proc. IJCNN89. Vol. 1. pp. 689-
692. 1989.

(6] Rumelhart. D. and McClelland.
J.. Parallel Distributed Processing.
MIT Press. 1986.

{7} Fahlman. S.. “Faster-Learning

Variations on Back-Propagation:
An Empirical study.” Proc. of
Connectionist Models. Carnegie
Mellon Univ. Summer School.
1988.

'8} Linhart. G. and Dorffner. G.. "A

Self-Learning Visual Pattern

Explorer and Recognizer using a

Higher Order Neural Network.”
Proc. IJCNN92, Vol. 3. pp. 705 -
710, 1992.



U AH 208 0|8 o/F FW 24 MYYY EEH FH

{9) Minsky, M. and Papert, S..
Perceptrons. MIT Press, 1969.

(10 Shin. Y.. and Fhosh, J.. "The
pi-sigma network an Efficient
Higher-Order Neural Network for
pattern classification an_d function
approximation,” Proc. IJCNN91,
Vol. 1, pp. 13-18, 1991.

(11) Lee. C. and Maxwell. T.,
"Learning Invariance. and
Generalization in High-Order
Neural Network,” Applied Optics,
Vol. 26, No. 23, 1987.

:12) Spirkovska, L. and Reid. M.B.,
"Connectivity Strategies for Higher-
Order Neural Networks applied
pattern recognition,” Proc. IJCNN90,
Vol. 1. pp. 21-26. 1990.

(13] Schmidt., W.
"Pattern Recognition Properties

and Davis. J..

of various feature spaces for
higher order Neural Networks.”
IEEE Transaction on PAMI. Vol.
15, No. 8. pp. 795-801. 1993.

[14) Yang. H. and Guest, C., "High
order Neural Networks with reduced
numbers of interconnection weights.”
Proc. IJCNNO91. Vol. 3. pp. 281-286.
1991

{15) Hertz. J.. Krogh. A. and Palme.

-65_

R.. Introduction to the Theory of
Neural Computation. Addision-
Wesely, 1991.

{16} Gonzales, R. and Wiatz. P..
Digital Image Processing, Addision-
Wesely, 1987.

(17) Fukusima, K., "A Neural Network
for visual pattern recognition,”
IEEE Computer, March.1988.

(18) Hyman. S.. Vogl. T.. Blackwell.
K.. Barbour. G., Irvine, J.M. and
Alkon. D.,
Japanese Kanji using Principal

"Classification of

Component Analysis as a
preprocessor to an artificial
neural network.”. Proc. [JCNN9I1.
Vol. 1. pp. 233- 238, 1991.

(19) Anthony . D.. Hines. E. Barham,
J. and Taylor, D.. "A comparision
of image compression by neural
networks and principal component
analysis.” IJCNN91, Vol. 1. pp.
339-344. 1991.

f20) Vrckovnik. G., Chung. T. and
Carter., C..
Radar Waveforms using principal

"Classifying Impulse

component analysis and neural
networks.,” ICNN90. Vol. 1. pp.
69-74. 1990.



	요약
	Abstract
	1. 서론
	2. 이동 불변 2차 신경망
	3. 주성분 분석을 이용한 이차특징차원 축소
	4. 실험 및 실험 결과
	5. 결론
	<참고문헌>



