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ABSTRACT

In this paper, a higher-order feedforward neural network called ridge polynomial network (RPN) which shows good approxima-
tion capability for nonlinear continuous functions defined on compact subsets in multi-dimensional Euclidean spaces, is presented.
This network provides a more efficient and regular structure as compared to ordinary higher-order feedforward networks based on
Gabor-Kolmogorov polynomial expansions, while maintaining their fast learning property. The ridge polynomial network is a
generalization of the pi-sigma network (PSN)"* and uses a special form of ridge polynomials. It is shown that any multivariate
polynomial can be exactly represented in this form, and thus realized by a RPN. The approximation capability of the RPNs for
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arbitrary continuous functions is shown by this representation theorem and the classical Weierstrass polynomial approximation

theorem. The RPN provides a natural mechanism tor incremental tunction approximation based on leaming algorithm of the PSN.

Simulation results on several applications such as multivariate function approximation and pattern classification assert nonlinear

approximation capability, fast leaming, and proper incremental approximation capability of the RPN.
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Fig. 1. A pi-sigma network with one output.
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A, 44 888 wE Add FE 24 =Y ge
Oldn®)7t = ol PSNel (d+1)n ¥tk 375

AA R, HPU Ao v d53] A& 4olr}.

output lincar sumuming unit

fixed weights

adjustable
weights

Xy X, Xy

18 2. o] 292 28 ridge polynomial network.
Fig. 2. A ridge polynomial network with one output.

44 RPN®| ot gnelde Ad4 4w & ¥
el WA WES Agdel 1Y 29 pe v2E

ﬂlld i

d4dstel Uitk & RPN e A5 @A 13
o} 22 Aatel PSNez2 4§ 2AMtaL, o] PSNH
ghgrol U™ HA gestel eAE F oo aae
PSNeo2 2Atste vzt 43 ¢add ¥ 7
DAl dele] P PSNUE AEste] SAH
meta 2 oA AW £ PSNE A8 #E fg 93

2l Zg e ALEY ¢ UA Bk o8 B3 RPN&
Zolz 1ol #}42 ogverfitting §lol MEA SAE

4 glck H 12 RPN 9% A &g daddFe
Hejetd HojFrh, olF Hd dg 2L BIE AR
gk - e, 0 G F8 AN BHE 9T dA Hd
A5 e, e, e, g F @A # vk2 A epoch
o] B &A% 24, r G 259 PSN AHE A4FE
A%l 48 dAA, 70 27 BgE, 5, o6 7
A% #a A4 (0 O, §, (1), Py ndA dxe
~Elel e npzal PSN, ¢ AH48 8 epochdl
tth: && 8 %9 AL 9T & epoch F9
AAA. P, e v 3 2d e 2E AS
g 28 A9 e adE #fA%e nx PSN P,
Ya' nrﬂ?ﬂ dng)E ~¥dAel RPN £83%, £ y,
=0( f APy, olEig g dnFE ol gdtd vl

%h fe ogH gol FAAez IAMEA Y
=3

VI

¥ 1. RPNZ A% Ha4 3¢ ¢33,
Table 1. A constructive learning algorithm for RPN.

(a) RPN9| &8 y, A

vlolo] 291wk wyy 7RAL

epoch® # 2bs 2k e, AL

6. o B chasl 3w

< >m°r R e L R S T B R

1. 278 e ng(>1), P a0, te 0 €
2. n3k PSN P,(x) = 1 (G w)t wa) 4.
3. 2E ¢ dolete] uisf chee g wy

oo 8, 8, bl BA® g AA.
wot w2 A WY oz 271E

(b) PSNe| ¥l %7] LMS e &9 otelel Mias

dwy, = 2o Uy ) CTTCx, w0, ) x G0 d)
4. 7t &< epoch®l Bel (£, ¥ #5f doldgE
5. ek g, {epol At b ol B TR

3 Agleg o

I
yobd AL P P roor 8, pen 8, tt+l, eee, neon+l, 2%

olgdtd j=1, -, nol W A2 =%

FguH ALgste] o #HFE Fy F), WA

2~¥log o|F,
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fxa(Py)
f=0(P g+ Pryet)

/Q’o( ﬁ:“‘f" 1)/:1:\*1 + Pnu+2)

V. RPN} Bt Xt MHs|2Y 2LETe| 8|2

B Aol HPUY AAEd 2 g A%
A Fopold ALEEZ e GEH o rlws F
RAES AWET, o)E9 &, 94, RPNHe zeo|H
5% =9 #danz @d. g FAHAA AHEHR e
projection pursuit regression®9 dA#{PE 4
B2 gt o]& Hal, WA 3 FelA AW 2 AANF
ax RYEL A FH T2 §A FERE EREIY
=981, %22 projection pursuit regression
of ta) Eol@tt. RPN#e vlag o Zde] 3 +
Zzg /Mg, 28 %3 Fz9 13 2I4E3Y Ao
Aol ot =Yses g}

T
ity

4.1, ¥H FxE U= 1A =Y

4.1.1. Sigma-pi Unit

Feldman® Ballardel 28X AHEez =o€
sigma-pi unit"?& M98 ¥ /M 48 AFE F
(p)EE YT (sigma) FHY 7& $8& ZReoh
% HPUxe FoA g9 oade e 58 19
ol W, sigma-pi unite o) F FoiA EAd
fe&3ntn AzEe 3 A guhs d9HoR ALgd
o maby ol 2de HPUS S8 A% ¢ + 9
o} o] mYe wEez HPUMY AMgdAY #F d
e uAdd 4L A7) g8 MLP W 43 =8 #
HEE dAstd ALgd 4 glch s, Az A
o] Bd& x[O1% B2 & HEIR Fonz F
AL FE @AVE =z, E2Y A $ backpropaga-
tion dnelFd o8 ¥ & £EE ZE w0
ek, =g AMSHE B9y g8 FAol AAHA
23 A5 A"

4.1.2. Product Unit
Sigma-pi unite @d& 2¢s7] 98 Durbind
Rumelhart7t A¢r# product unit®e g @

9 &g FHss MIA product unitd &% z& ot
&3 o] BAHT
2= M

714, A4 pye YNEHQ oo s} go] A
2 8= Aol oy}, gradient descent ¢undF
€ B3 AgHos AAFE 4 Uve Y99 AFgel
ol MLPelA9] 23423 & &S 39, o3 7
9] product unit® FAE AAN2Ze 28 ye o}
o ol FaA.

y= Zw,z,

Folzl A9l 47 D&M product unit =S
HEzn FL 2HE A& F Jdey (dE €9 parity
check problem), 71®4 22 backpropagation 3
Hel Be dndES Agstddet oz £F &£
293 & Uk =G H4 (real-valued) 409
HE 7heel FE3 FEHA & e,

4.1.3. Functional Link Net

8 Qg2 RE 23 vdY ¥48 de hHeR
Pao7} #¢H¢ functional link net™& dagl 949
x = (x, ~.x)o A8 FoF oA ¥E Lw,
#(x)e] R 2AMEH, A7 6i(x)e FAA F
Ao wel AAsA MHE 1S (basis func-
tion)2A, <& Eo 48 ¥H+xE AN, AY ¥sxE
o F, AY ¥+ F dd9 Y} shwE. o] Wy
& ANEHLE JIARF $U(NES NZE YR &
v % MAHERY FxoH, W NARFES U
A9 pAPEE AHESH HPU E¥ sigma-pi unit
g fArE Vg A Ha, @3 HAEEY o7 7}
A AR Y B4 FAA 9E £ Uk AT
ol Wy RAlYoRE Fojx EA d HAe
HEFEE Adste Aol Ay e aAYEE 1%
A 7IAYSLR ARde HPUSE @2, o WL
Folzl ZAlnith A9 ANAYFEL Folop B, o
e AA d$ a3 EAt. A& Eo| parity
check problem® 9&+ A%, W NAFFER ¢
g gy AAG Oy BT ALY o A
e H4A EY 4 Ao, e FE FeE VIARS
2 AH2EA =E ol 3@ A7 8.
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4.2 5™ Fxg ez i 29

4.2.1. GMDH «112|&

Ivakhnenkool 238 #g GMDH (group
method of data handling) ¥1e& (2R
Holl g Folzl njxe) wiHE 453
AtgbE eIt & Mol ol & i
w2 tabetn, dae|Ee] Aol whe} 4 B
vl g Abgstel Abe) vz GMDH ¢neld
IR A R A offob 22 279 A W
ek 22k kAl S ApggiTt

it E\

o S
&1

)
vl
A

L(

ayta x;tagx;tasxtagx)+agxx; (14)

A71A ag. -, ase Sl da 2R = e AFEe]
I, ox, xpe gnEE A 94 sl"EE F AdE 27
o] g&dojr},

GMDH <zgFe %2 fadv o33 2g. 94
Foi7l delHE g dole st HaE delH i i
vh ek flelel 1 wigvl dAEH, GMDH ¢ane
Fe WA o HelHRE Atgsa (§)09l e 2
of d&l 4 (142%H Hi A5 exg nEHae 3
2ol AF ap . ass W¥Y Wiener-Hopf W34
< ZAY LMS dnaEa 22 utd gdauelEg o4
sha] itk o|HA AW ALEE ARste] ol
= H2E doldHed hatd 4 (14)8 Albsta Aldd
@ (3. 299 20 fgule dA YT v
watel H2E "ol g 2ate] 3ol wE A
ZleHo & 99 2FE v, de 98 2@}E o
& 9Ae Yoz gt ol AFE HAE |
olelo] g @ @AY exprt A @AM AH Qx|
gt gtk A%, o dmEFE Fa viAe g4t 9
8l Wagol 3ialk polynomialE® HA A oR Aty
Al Eh
GMDH ¢xnige AHoRe AN A &
o1zl qlal &Y doleld g overfittings o
;4 9l3. HPUS ©do® xx® uwy we A
Fo FEE Fo|WAM wl ¥ Hold TA AHE A& 7
ddke doldh, ol Aze 9d 23 g EE
718 Rz Abgstn, daFel zh gl 23
3 guES AARezn dojzict stAvt dnelE 7
dAA AR E A9 AT B3I o] AA
T Wl Aabare] Frishe thAe] gleh o] dmAF
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¥ RPN vjms)] #9913 GMDH 4znad&Fe F
ol ! EAld wet F7 2HFN v B (52 FF)EC
lold ez ZFristedl dbe], RPN& v $ a2 ¢
TE Zevh ofeigk P Q) xol3 2o i Fag
GMDH ¢tanzigne @)
Aol W 225 1Y) Al gy tlolris ol 8¢ A
Ml Aol Yox b dird 2E FAE, ol
o] Folxl Bug gao s RPN& F27b H#lol
obd FE SEFE guE & Yo

Jolmo s RPN AL

4.2 2 SONN
(Self-or zanizing Neural Network)
SONN""2 GMDH ¢1ni&=
o 2 o aypalFel HAY e I £ 9o}
olf Wl 2 Aojdoeri WA 4 (14)% e 3
e 22 GEAg A8t GMDH dxaldne 2
2}, SONNe¥ & thga ol 270 & ¥ el it 4
Mol 23 old dyAE FelA 7HF A2 AL MY
8k} Abg-ghoh

aytax;tanx,

A AR 24

agtayx;tax;taxx;

agta,x;tasx;

apta Xt agxt axtagxtasx x;

T3 &y dnEo2E simulated anneallng
& AHg3le 2 239 global minimag Zed o
Holy AL wolry wmxgter HF A% &’J}a’:
%9 AEE A&3%e GMDH ¢xei&En 99,
Akaike®l #4 £@ Zeol (minimum description
length)®9] #idE P& NER A@Foas 24
o] Aexel ndol BAEE A Ay F& A
& % F glv} A SONNY 714 2 243
2+ simulated annealing® AMEFoswW 43 £
w2h dj S welvhs el GMDH 2mal#3 vhat
bR ol gmeEE Al Fold BAl wa} F7F &

#3 wEgo] godon Frwn

4.2.3. LMS Tree ¥112|&

Sanger7b A<M LMS tree ngl &% uiek )
AR chab g AMgEE . B4 fxel ma AAF
2902 ¥H7F 7bed. LMS tree 43 $E %
Zlell dhdel {lY #ige] i@ AAFFES ol &5
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golel w4 =g 2AME7] AlFEY, "HO o3
BE e NATSE okdld treeTZANMAF sub-
network& T4 &tk ol sub-network® ojHej A
£5A e A2 A A5 dF 7IAGFEL A
2310, o)A (Y& wtEn2A AT 7 4 WFE
o g JAFFY Fo ofFolA FHER wRe
H4E ZAMEHA B o dneF 94 GMDH %1

Zolu} SONNelA g} ol E7A AR 722 2yol
Aol 7he ol RPN# vt2®, RPN¥He thad
b 8 W4Ed dig A g2 ¥4E 0¥
& o] &7t

N oot M

™

4.3. Projection Pursuit Regression

A (9 (13)3} ol EHHE RPN B4
ol projection pursuit regression™ "=t YHGF #
42 7Ax3n g, NFHo=z w3, projection
pursuit regression< LAY HOHEZRE owF
A% AEE FHH Fe= AR AMY (projection)
g Fad, ]EE o848 Y99 nAY thEs FHE
SAbee wgoldt, oA AXY AlYE ol EEEH
o] #M 2 “curse of dimensionality"""& & 4
ouv, F2 & 24 (15)9 o] 8A 59 o
B dhel 949 Hg e R g A4 B S
g AP

32

A= Faex ) )

o714 g(-) : R-RE& 9% ¥ aE€R, weE
Rielt}y, dutAo 2 gv AAY AMYlA 134 o]
B smoothing® %3 Fo|7 dolel22E A3H 23
g, g, wie B A 23st 2L FolA e A
BE HAHHste @EL A @9, Projection
pursuit regressione 9o 714 UYL EHoZ
Hgdtal g, a4, w;E FEA HA, o] YwrHeR
“backfitting” "ol gt ¥},

RPN# projection pursuit regression< E# 9
ZdolA ol fARSIEE 2] (15)€ w9 kernel gl
vl Bz ciakal g AMgs 4 (9)¢ e Het
"ob aA gk, AAte] sl AP S8 Hee siA
thatd g Algstm 1 e dF ZAEws #Es Fi
walAl7l= RPN+ 28, projection pursuit

regression® kernel g/& ®lol8] smoothing® &3}

Fold Ealvitl FHof g} (ol @ He)HE pro-
jection pursuit regression® MLP Alolo Mz &4
g},

V. #FE 22 4¥

2 FelMe I3 g4 gnaFE ol &¢ RPN
oot 22 WA EAd ¢R¥oEH, AIFAA £
g7} 43 ¥ RPN vl &4 24 53¢ 434
oz HEdaa ot olE HAH cohed 2L A A
471 24EAT.

A& AW B BAE2A RPN olg HAH g &
zEgol 1 B9 4 (1)9 ¥eis HHsA= oo v
W ogralg dehvt 2 FE (representation) ¥
F AE7HE golith. o 4¥-E B H 29 AAYE
Aoz A3 o F UA 49 B £Ae o
g vy A& P SAleltd, o] A& AR
o8 QoMo z YAd 2219 Gabor TF7+ AMEHS
o} o] A4¥E 58 A 344 EodR RPN Z4}
Yo XA g ¢nAFE T AFA 4A T
SA EAd] 488 4 JAeAE BAFu mx|gtozr
g A 4A #AY o JHA] FHoRRE o
A % A AEE EFHse AE £F Al o
Ae 9% 57 obd A 7He¥ measurable ¥
2 myztddt ¥ £ den, A ¢ ZAF EAER
+ ot

e 4y He

5.1. cj¥= Polynomial® 78

Agel AHEE e gy e olee o) K = (-
1.1 Helg 574 48 Wol sl Hnx &o] 33
9l thgjolct,

f(x), X5, X3. X4, X5) = 2+ 3x,%,t4x3%,Xs (16)

g M AH B OE T4 &8 EA g
ARG R £/ T3 2ol RPN 24 %8 g
e Ade €9, o E4e 4 (163 £ A
thda Ao A+EE RPN 24 934 FxR
deht 2 38 £ lertd 238 wE mEA,
8 dolels) HAE HolH § FHE dolHE Uy
€t e viold & FHE k22 RPN g &
nYFE 7Y, gFo] Bd ¥ 92 FEEE o £3}
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o 2 (9)%h #o] B¥E= RPNE AMsted dojx]s=

Aubal delo] P F) A} A (16)9 A4E v
e 4vg wWrie

shgp dlolEl iy -1 11 RRE agsid A9w 200
el glelst ole} Wjedhe 4 (16)9) 4ate Area
At RPNWel @73 Zege (-1.1) Ateldlr] 79
PES 2 AW gEw. 444 a4 dny e A
5= seele) 7, r 4,0 0.EE 0.02. 0.0001.
0.8 0.1& 2171 2718 st RPN& 131 PSN2
2y pAEel HAA e duYEs sdddn
7t PSNeOl 29 & 54 #5ev 48 85 oy =
x& AHEstEY.

st tmeld 4d Fol eWa. 220, 659A
epochellAl zZgAog 22 331 44 PSNel RPN
Tz FEAR, A BE AF 9A} e, = 0,024
WalA 23884 epochel Al Bego] FR UG 5}*01
i & dolzl RPNY 92 4% ol8dd ol %
A Ede HEAQA gy [ e oeT g

~

£ nen (%1 Xo. X3, Xe X5)=1.96+3.03x,x0+3. Tdxyxx; (17

*—1 (DEYH §-2v RPN ¥34 85 dxnelé
of A& 4ol h, Holel g ol AT Foin g4

=
o of ‘H el A BEE AU ¢ & U o
&9 24 3 (a)¥ RPN 270 & dojal chadaiel 126
A RE AFE dekdnh A7IML 12678 549 9
Wgrell Wt 42 ol A 8 gle RE Al g
olct, BBAd A% FAM Y F @ dw AL

xix, 32 AF 027010, AArial Feolgtodol &
& Fo gy Hua ol 3AeolAwr, & g
dnlEe 48] PSNAA of &ty the Holrh, &=
ok 420 PSNQ 42 &89 A W Hel ¥ag @
. A Ynal$e 43 PSN WY 33 guF b
3. 3% PSNe 3z 59 ASFFES HP3e T
=& ¢ 4 Urt

olglgr MAA sty dmFe SH4E B He, 1
# 3 (D)ol 33 PSN7zIwE o] &3 RPN&
FAEE A (F, 43 PSNE ddhrl AAY 640¥A
epocholM) deojxle AFESE HAFT, 74
RPNE A7 & 25 56708 A48 28 + . o
g ANE Bo 2 dygHe uEH g

o
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i wen (X1, X X Xg X5)=1.764+2.77x,%,

+0.53x,x313. 45X, X4 X5 (18

AN ¢ 4 URel HAA & el ol
27 PSNS| #748 Fol vixie) @ge) oy F o 4

3} &t

= 8y daelEe g
L.
E3

o & S4E Ho

a8 3

Fig. 3.

SAL A AE @ & g shAeew 1y 4
& ew.d VERRE, ol Qb A
Q o

L o 4

Fo 1

. - . . L .
0 20 40 60 80 100 120
cocllicient wndex
(a)
T T T T '
>
<
o

O,

O (9"
SRR R S

t 1 1 L

- 0 20 40 60 80 100 120

coellicient index

(b)

(a) 42219} PSN& o83t 4% RPNE 2
dojA Axg, (b) 3379 PSN& °]%3}¢1 TR
RPNE& A ¥ 243 A5 °17M “coefficient
index’& RPNE& A ¥ <& (a) 12670 & (b) 56
Aol Aol gt glejel £ME 1—}5}141‘: Agoln, 69
A, 8HA, 51UR ALzt 2Hd A xyxp, x3xxs B9
ASE Jepdict.

(a) The coefficients obtained after expanding the
RPN of orders up to 4. (b) The coefficients
obtained after expanding the RPN of orders up
to 3. Here, “coefficient index’ simply indicates
each coefficient out of the total of (a) 128 or (b)
56 coefficients after expanding the RPN. The
6th. 8th, and 51st indices correspond to con-
stant, x1x;, X3x4X5; terms. respectively.
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MSE

n T

0 50 100 150 200 250
epochs

28 4. 4347218 PSNE o &% RPN 8¢ 4.
Fig. 4. The learning curve for the RPN of orders up to 4.

5.2. MY Chis oI5
of A¥elME FoiT T4 A% Foo YA-29
ARy de Ae £ g dolHE ol gd g

0k
4
i
I
>

# RPNel, u|x9] HAE doleld dig] dvi} 2 o
ugl (generalization)¥ 4 IV E dFRed F
BE Ert. olg 93 22+¥ Gabor ¥F& 9.

Gabor ¥4w 71EHoz2 F@v o ¥xd 7h¢
Aleh gHaroln, ERFY ANA W nxel HHgdE
£ 9& 4 484 (simple cell receptive fields)&
oj ¢ A gs ARt ¢34 AG". £F Gabor ¥
FE BogdA 248 A€E ey oe o #Ht
2-Fa 499 BHAA Ax9 Fol /M + e
lower bound& &&7] gEo|t}” o AYojM A
48 4e Bas AT g dd ZAR §FE o
st Mz 44 221 ¥48 H4an, dE A% 2
o] FEET

(x JAY + x)
P

5ot e

h(xy, xy) = 71———

Ao~ 19

- cos 2 uyxy + vpxa)

4] (19)olA A F3u] (aspect ratio), o& 27
ol R4 (scale factor), u, vt H®ZE metvjgold,
AYME d=1,0=05 u=1 v,=12 384
AEEAG. 18 5 (a)e g 29 (-0.5,0.5)%]
Aol] 2349 Gabor 48 Hd £, Y delH=R
£ (-0.5,0.5)%4 F3H9 16x16 gridg #Hazn
olg 25670 UHeozwE WYsH 128708 Et TE
HolEl 2 dtx, unA 128/l HAE HolHZ 34K
©t. RPN9 2% w& 54 @&+ o¢(x) = tanh(x)
e-1.1)2 39 & o dnyL 4u3E "Higen,
dd BEEL (-0.50.5]He & dGsA FHao

27|13 sk = ¢ ¢ Ed AH4se e
¥y r 4, 8,52 0.4, 0.0001, 0.6, 0.18 Z7}
2713 A

& 2700 43 PSNE 7FXla Al#Eo], 53, 6
A PSN& #zh 76914, 613¥A epochol Z7}8in
AYPEAR, &4 epoch o dAF t, = 10,0009
g3t wixgte s 8x PSN7IA] ALg-&ich. oiw
T BE Av 23w ¢ 2 H2E "olHd) g
zt 0.0003%% 0.0004%cH 28 5 (b)& RPN 3¢
¥ 2¥8 B4Ry, VM fele vlud F2 49
B HolHE 7hxlm gt R gk RPNol nlzlel )
2E tolgd] it v F e AUSS ¢
# gtk 23 6& 1,000 epoch7A9] ¢ ZAE
glin], 714 L2le AFAY Hgo] o]FolAm, 1
3} PSNE& dstd el wtet (& Eol, 763
61394 epoch) M A& 237 FH3 FAES ¢
& gl

HZE A8 639 HPUE ol &35t Ayt ol
o HPU W Z ¥ A4E RPN 4594 #AM
A dEE gtez 2713 Hn LMS 2na8EE o &
o HeHoz AMHUG. a2 0.158 1.07A
9 o8 74x #HgE dig AEgHReY B2E AP
2lol 5000 epoch 7R 9] gels FF s X7}
g % EHAE do|lE i s 0.01 49 & @&
£ 23 o oty ez £Yo] ol AFHE B

(b)

a8 5. (a) d¥el A€ 239 Gabor ¥4, (b) &¢ ¥4

RPN 9.
Fig. 5. (a) 2D Gabor function to be approximated. (b)
Output of the RPN.
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11 T T T T

0.09

0.08 ¢

0.07
MSE
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0.05

Sth order PSN added

6th order PSN added
|

004 .
003 ] S
002 I . L .
[ 200 400 £00 8OO 1600
epochs

T T T T

28 6. Gabor #4 AHE 9138 RPN 1,000 epoch7tA] 9] &
& F4. 43 PSNLg Al#sle}, 5aF 63 PSNe| 7zt
76WA . 6139A epochell F7}sldth

Fig. 6. The learning curve up to 1,000 epochs for the
approximation of Gabor function using the RPN.
Starting with a 4th order PSN, the learning
algorithm added the 5th and 6th order PSNs at
the 76th and 613th epoch, respectively.

K & ad MEY &

ol ’31.180‘] AL dolE R, °17'“r. A AP #
4 A FE EF RS A Y A9 gYoRRE %
M 2& Aztel e % AU AT (passive
sonar signal) 2 %8 %% 2539 EA WE & gl
o2 3. 7t AlErh &3 6AF e FUs A%
FRE FHog dg 54 WY F&HE AT AAF
B L 2} FPA He MILE Alol9) Alely: HA &
v & Fda ol AEgae dole HUFRYE &
Aelof & B AEA AgH 2534 53 dHEe

Gabor wavelet A< (1671) . Mzel Zol (1/1),
oEin A g Fa B4 @) oz FAEUN 6

Ao FH At AR e g delee v b7
116, 116, 78, 116. 148, 11603 (& 690), HAE
tlojele] S zbzk 284 175, 39, 129, 251, 127°]
th (% 1005). &5 gaelEd A8 stebole g oo
§, 6,2 0.1, 0.0001. 0.8, 0.1& 27 Z713 ¥
%, RPN Wel 94 Fege o Aol ddodrs #
AREEAl (-1,11 Aelel RES WEBA FHeted 278
A9 0y el 25A8le g fod Ay # ’)H
ol tiE H5AER FAgn, 29 HE: galdoen
%@Mw}ﬁa% Fefre] e wEe ER &9
2 lelx, ivpojARlE 0otk ¥ wE BA 3‘}4:3;_;;
sigmoid B+ o(x)=1/(1reMNE(0, )& AP
=3

H4UA e 2aAEE ol8F Hse As 2n
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% w“\//“”:;;w% b
050“66‘)0%009‘,54;0900 T
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Accuracy(%) 3rd order PSN added
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50 -

P L 2 . 1 L "

[}
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epochs

0% 7. RPNE ol &% &4 5 2u A% 579 o) e
A% Wz

Fig. 7. Classification accuracy for oceanic passive sonar
signals using the RPN.

PSNoZRE Alzslod, 2008A epochelA 3%
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Table 2. Comparison of test set classification accuracy and computational complexity for oceanic pas-
sive sonar signals using the RPN, standard MLLP, OBD and cascade-correlation algorithm.

Ay vy &4 epoch iR 28c FAL(x10%)
RPN (23} 50 84.1% 31.9
RPN (2ah) 100 84.8% 63.8
RPN (34} 200 93.6% 191.7
RPN (3h) 300 87.8% 319.6
RPN (3#}) 390 88.6% 434.7

MLP (10 £1% w&) 300 84.0% 333.3
MLP (20 £ % &) 300 89.2% 666.6
MLP (40 3% #&) 300 90.5% 1333.1
MLP (80 3% #&) 300 91.0% 2666.2
OBD (10 375 ®w&) 300 86.2% 401.2
OBD (20 £1% #&) 300 89.3% 802.3
OBD (40 33 w&) 300 90.1% 1604.7
OBD (80 £3t% 7 &) 300 98.7% 3209.3
Cascade-correlation

(23.2 3% w&) 300 88.3% 221.2

(27.4 3% 78) 300 56.9% 267.6
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