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Evolutionary Design of Radial Basis Function-based Polynomial Neural Network
with the aid of Information Granulation
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Abstract - In this paper,

(RPNN) that is based on a genetically optimized multi-layer perceptron with Radial Polynomial Neurons (RPNs).

we introduce a new topology of Radial Basis Function-based Polynomial Neural Networks

This

study offers a comprehensive design methodology involving mechanisms of optimization algorithms, especially Fuzzy
C-Means (FCM) clustering method and Particle Swarm Optimization (PSO) algorithms. In contrast to the typical
architectures encountered in Polynomial Neural Networks (PNNs), our main objective is to develop a design strategy of

RPNNs as follows :

(a) The architecture of the proposed network consists of Radial Polynomial Neurons (RPNs). In here,

the RPN is fully reflective of the structure encountered in numeric data which are granulated with the aid of Fuzzy
C-Means (FCM) clustering method. The RPN dwells on the concepts of a collection of radial basis function and the
function-based nonlinear (polynomial) processing. (b) The PSO-based design procedure being applied at each layer of
RPNN leads to the selection of preferred nodes of the network (RPNs) whose local characteristics (such as the number
of input variables, a collection of the specific subset of input variables, the order of the polynomial, and the number of
clusters as well as a fuzzification coefficient in the FCM clustering) can be easily adjusted. The performance of the

RPNN is quantified through the experimentation where we use a number of modeling benchmarks
process data of gas turbine power plant and learning machine data(Automobile Miles Per Gallon Data)

NOx emission
already

experimented with in fuzzy or neurofuzzy modeling. A comparative analysis reveals that the proposed RPNN exhibits
higher accuracy and superb predictive capability in comparison to some previous models available in the literature.

Key Words : Radial basis function neural network, Polynomial neural network, Fuzzy C-means clustering method, Radial
polynomial neuron, Particle swarm optimization, Information granulation
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Table 1 Different forms of the regression polynomials building

a RPN.
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Selection Selection of || || Selection of the Selection of Selection of
ol' inpu m no. ormp t| | no.ofnodes in || || fuzzification coet fﬁuum order of the

Fuzzy C-Means clustering (FCM) ®® ol daiA =4S
gEL FCM 2828 E Uye dntydoz Fe~gHey W
H o ZFo shEMN dlolg MA g WA AFEFHIX gle
], Fo1xl dlelg 9 5A S st TotE dolEY AR
o2 919 HeolHE E%‘ﬂoi”ﬂ 71E9] Heolg A
IHERY o g8l friHez Fofx dHely
o

!

e el adEe g 2

1—1

(@A 2] (& 12PE Aol wihs 7
Fozge g FARG 2% FLo e T

RO AR DO IR 1 (TS

k=1
1

Uy = (m—1)
3= v | )
Z( X
(1714, m>1& A48 A4S dehhn, viV= 99 W
2o FARS onatth B w=EoAE 948 ﬁ]—?(m)
al

So ol 18-31 WeldA Ao
e

A3 dgolglete] AE A

1
ool AR A4ARE WA,

1 1/2
4, = dlx— v<r>)z[z(xk,fvu>)2} @
ji=1
[EA 4] 7+ 2 R)& wHevd Fasta, 1894 &
o™ r=r+1® ¥1 [¢A 2]
NTUC+D—U®) || < e(tolerance level) )

864

21 (6)oll A 2B H% partition matrix7} ¥ 13 19 29
A Eo RPN == yj§9] WAy 7|A 49 F83S v
bt

e 2l (9E 298 (x), xo), 12} Mg Aol AelyolhdS
9 HA]-?S:] 1A grpol A A =TeA FH A E
dl5 r)akAl o] dulkA el g S el Aot

‘101' o

7 (x)= ui(x) f; (x,v) 9)
:Ili(x){ai0x0+ail(Xlivil)—‘raiz(xzivm)}
(A71A, xov= 19] 7S 7Hh)

ZYHS yo| #AAS = nle Az JHEHSE AT
. 293 delgE Aasistth o] Alx¥l JERISFE
X1, X2, ***, Xp©l 8k 3T}

[@A 2] Hjojg £g

N7l &9 do 51 (xi, yo=(x1, X2, -, X, Y0, i=1, 2,

e thest ol 2717 W

Z
B SA »J—E'_ =
2 HelHE v‘i‘—%‘ﬁiﬂr

*Case 1 : AA HeolHE 358 HolHNp)9 HZE

& H]O]Ei(NEm) 2dat 58 dHelde Rds
437 9 Ab&ste deolHola, HZES tolH
€ 2dS "HZE&7] 9 Ab&ste delEoltt. o7
A1, N=Npr+Ngpr©] o},

cCase 2 0 H]AFo] 4@ delHEL wdd ug A
49 45e ks A4 QA AolHE g v
OTE|(Npr), H71E HloTEl(Nypr), 2e]3 HZES d]ol

H(NegppE £33t} 8h54 dolele 2dS $A37
Aol ApEsHE dolEolx, WS HolHst HAEE
dole = RdS HAESZ] 9 ALEsts delgo]
o} o714, N=Npr+Nypr+Ngpr©] th.

(24 31 RPNN %
RPNN TEE TEEE oA TIEAd JRE AA
th. 5, RPNN¢| a)Fzxzle] dE-5% &591 ARE

dH A4

%
W R AY 3 5 29, besd 94d A0 daus
o + A%, osiel B4 A wsel & 44 aelw
DEAFE FEAT ge AdeT

48 RPN % 24



9, 2ga WAE 714 FFEA A" FCM 23~
Bl A3 A4)S 2dgdrh 219 32 PSO ¢are] 5
A Z2ke] particledl €1aiA =] RPN T5& dehdct
oj¢t #Zo] A4E RPNE® T74E& F3A RPNNLS Folx
Alzagl o] Wit AEE = e FdAS T 2l
s TEZ

7b ok 13 304 HEAHe AAFE RPN
e}

>

[ st

([ seecarey Juocy N

a8l 3 PSOQ| particleg 0|8 RPNN #+=x0M o|88 £
U= RPN A A

Fig. 3 The RPN design available in RPNN architecture by
using a particle of PSO

H

e As Mﬂ 23 PEuFE gus
15 =
=

o o Tol A, ¥ =i ) &
PSO #melEe F3l AAse Azl wngel 238 ¥

5
N
lo

fz

_&

_EL

=

_lZi

m&
K

i)

o\

rlo

v

o

A

m

v

°1J {Z] swarm

[@7 4-2] 488+ A9
AA swarm T F WA swarmH-E (n+DWHA swarm7t
As JEus Ads A% swarmeZ ARE3C ol 7] A
Zk7ko]l swarm W= 13 n Alo]2 AR ET A HA
swarmoll Al AE ol FgEE [@A 4-1]eA Hdesoix
JdHWGo ] swarmBFHES RPN =25 74T 1
o JERieE ddEn a9 3945 A HA gEw
F(xm7F Ao 3s ¢ A
EH0E FEE gt

Trans. KIEE. Vol. 60, No. 4, APR, 2011

[@A 4-3] F8F T34 24 A9
AA swarmZz oA (n+2)HA swarmS FHl
Aee 98 swarmo 2 AA T o7 A
A5 AT swarme] W= 13 4 Abo]z AT
Aestd gho] shue mEE FEH3e TR oS 9

3k Typel 2 A B x| o] t),

_{q. -z
5
-z
o
o2t
12

mim rl

[&A 4-4] RPNt A Q) ==9¢] = MH

AA swarmz ol A (n+3)H A swarmS RPN <toll A A3d =
Lo & A9s 9lgk swarmo 2 AA g o 7] A

o] & 138 swarm® WA= 29 10 Ale] = A7g et
F43tE ol dhve RPNS 758t =29 £ A
oAk 28 3eA= 379 w==e] F7t dEEoeiy s
% 9lth, = FCM 848 934 dexoz ¢
X1, X2 3719 SR BdHoA due RPN
dstA "k

i

o

3

|

"ﬂl

I

=

—rL

mlo

—~

[@A 4-5] A A A+ A4

A swarmzolA wAE swarms FCM Z#2EH ol A
o HAg AF AdE 9% swarmo 2 AAGTE of 714
HA st ATE 23 swarme W= 1.87 31 Alol=2 A4
gk,

n'" Radial Polynomial Neuron(RPN)
Xi O\ /em

» 7
XJO/ N T|c m

No. of inputs

Fuzzification coefficient of FCM

No. of clusters in the RPN

Polynomial order (Type T)

O 4 MotEl ZEofA 2t RPNl HEf

Fig. 4 Formation of each RPN in the proposed model

architecture

Aerel mde 7t & FAsT Yt RPNE 19 49
2ol Yepd & 9tk RPNn'2 Ztzte] FolA tl&3tE n
HA ==2 el ‘NS ZF RPN =Eo] Eojes o
o %, T'E Y$5E RPN =5 Fuhio] ALgsE thg
2 245, ‘s RPN =58 FA3te ZF82He &5, 1
il ‘me RPN xEolA AH&¥ = FCM Se212=E " H
A8 A%E vepdo

[@A 5] 2do] =3 HAE 2|31 =29 My

7€ PNNelA &= Bdlo] 52 ShoflA] AW 3% ol
AREA Q] AAgPo| oy 2 =gadlAe 19 37
1 A Zo] FCM Z212~HE W3 PSO &g
stod Relo]l HAgle] 9A 7t =EES {3
F=
A 5-1]1 PSO7]¥F RPNN 2deo] H A3l nd 3122 9
3 At 4=, Swarm <, 7} (acceleration constant), ¥
)38} % (inertia weight) 59 %7] ARE A A3,
[@A 5-2] HAgstaxtst= BES A3 velocity2] FHdl
s Fata Q9o AR swarmS A velocity 3

“

Hr oo ¢

™

A 865



7|85 =2% 607 45 20114 49

dgts o]&3te]l Ao AR velocitys T3] 27|ES
AR gk,

[@A4 5-3] Swarmol 2l&|A HAHHE ==
A B =RoAE Bdeo] Ahsiel o
A dHE A7 g8 [GA 2] =
of wel 2 (1003 2 (A<t 22 dFak
g o] &3t AAE w=F Hrsit

» Case 191 4%
F(Fitness Function) = ©6xPI+ (1—©)EPI (10)

* Case 291 4%
OxPI+(1—6)vpPr (11)

714, 2 (10)dA PI= 3t Eﬂolﬂoﬂ gk AdsA <,
EPIE= HZE dolgo] st A5AFE oulea 4 (11)
oA VPI= #7F& ©lo]E e EHJ *é%x]“r% ojw] gt}
[@A 5-4] v Ao LS AsiA T8l F5A57t
74 wold swarmS ‘phest 0 & A Adt ASA 7 7F
Z Holdt particles ‘ghest gt} 183l olE #HE Ab
&3} particle velocityE -3k},
[@4] 5-5] o]d AellA Al&d™ swarmol particle
velocity b5 Bt MEE swarms A4 ghrt.
[&A 5-6] Z+ swarm® particleS AT =49
7o ZFES uolstE particled FEHE gut g FH

FEAA e e YolET

F(Fitness Function) =

[@A4 5-7] 59 AFE #HES FUHE Az & AAH
7F PNN 725 AAS7] A 24 =29 Add e W
ARE AssEe Age gES deet

[@A4 5-8] TS Atholl A ¢ particle velocityS A A 617] H
A el =5 FollA HA AFPE #S VA= &
L& Agdn.

[@4 5-9] [@A 5-5]914 LA HRE 7} o3 Al
o] Swarme AT T [bA 5-3ldA4 [&HA 5-81714
HhE gl Gzl A u7bA] ol & wkE A e sit).

[¢4 5-10] 919 GAES AAA vAZ AhzA PSO
g Fo] APgEH HH w==Eo] AAAEHY AHdHE =
ZELS PNN 228 7355 3o 58 o FA Hth

[2A 6] 234

(& 519 AA FAA Qo7 HH wmo] A % @
Frol thg $542 wEshs J 9o dueFe FRa
Fi< F. (12)

%

=9l Ao A= ot
qAA 3 o 3302 At vEHAS EFF
A 5AAY HE 7HE vyste] dagEss e
H 245 (Least
ow, mdo A4 AL o
v 29 NOx & 7}
(13)772°o] MSE (Mean

square method)S ©] &3}
& AES ol &3 7t
UE doleE A& 4

Squared Error)& A&38k

o
Dlvi—w) a3)

%
F>
o

866

Machine learning data 3 % (-Automobile Miles Per
Gallon(MPG) data)& AF-&3F 499 2 (14)¢} 2] RMSE
(Root Mean Squared Error)E& A}&3le] Rde] MHeS

7rstsiet.

E = % (yi 7yi)2 (14)

o714, n2 HA volg g, yie 9 dely &9 g

(@A 7] o5 59 » %
A TN BREH =9 F8E(z;, z, -
O T AR JEEky, xy

=
fru
Mo
°
)
‘l)
o)
%,

- zwi) ol Al

, Xwi)E, X1j=Z1, Xoj=22,

e ij:ZWi.Q_i :rL}‘éé}jl [&A 4= 7]'1—4'(0%7]}‘1 = =i+1).
of &, [GA 41%9 [dA 7I7AE st gag &l
= e A = * = 9

& A
g jge] He d T 2¥s ddsty 9% =

5. AlEzlold & Axnt WFE

EEAN ALD A=A FLE R AY $24 4
oA mael B3 Aol dlalA Telrh A W
ok Hﬂ‘%iﬂ%MkﬁkgﬂﬂH%

1 O
=

4
}
delE[17]ela F WA

A7 del8 332 Machine Learning
data (-MPG data) fgo|tt. e AdE5L A" Ays

=
o EBPgoRd F U xS ARYL

10-fold cross validation =2 2 85} T}

AFst7l sl

* 2 PSO ol—j_E_|7c EII EE{I q_xo o|°|. K“E
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Data
ata NOx MPG
Parameters
Generation size 100 for each layer
Swarm size 100 for each layer
Selected swarm size 30 for each layer
PSO
Vimax 20% of search space
[Wrnin Wimax] [0.4 0.9]
c1, C2 2.0
No. of clusters per RPN 2 ~ 10
FCM
Fuzzification coefficient 1.8 ~ 31
No. of input variables 9 4 96
to be selected
Polynomial type 1=T=<4
RPNN||  Weighting factor()) 05
Division of |  Case 1 505  |eodo] 6040
data Case 2 50:30:20
Maximum layer 3 | 3
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Table 3 Performance index of the proposed network

Yo H5x%

Case 1 Case 2
Layer
PI EPIL Rl VPI EPIL
1 0.0088 0.1856 0.0049 0.1454 0.1572
+0.0084 +0.1432 +0.0033 +0.1097 +0.1170
9 0.0059 0.0286 0.0043 0.0151 0.0227
+0.0030 +0.0192 +0.0012 +0.0127 +0.0160
3 0.0062 0.0092 0.0049 0.0075 0.0105
+0.0021 +0.0025 +0.0014 +0.0029 +0.0023
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Table 4 Comparative analysis of the performance of various

E1jo] M= d|m

models
Model PI VPI EPI
Regression model 17.68 19.23
FNN(GAs +complex) Simplified 6.269 R778
[26] Linear 3725 5.291
Multi-FNN[27] Linear 0.720 2.025
Hybrid Fuzzy Set-Based | Simplified | 27806 5.164
FNNs[28] Linear 3725 5.291
Hybrid Fuzzy Simplified 0.070 1.649
Relation-Based FNNs[29] Linear 0.080 0.190
Triangular 0.0100+ 0.0598+
ZHFSPNN[18] MF 0.0005 0.0042
(3" layer) Gaussian | 0.0065% 0.0585+
MF 0.0042 0.00069
Cace 1 0.0062+ 0009271
Proposed Model 0.0021 0.0025
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Table 5 Performance index of RPNN for the MPG data

Case 1
Layer

Case 2

PI EPI

VPL

EPI

1 1.810+0.218 2.822+0.222

2.827+0.298

3.371+0.471

2 1.486+0.250 2.688+0.226

1.312£0.300
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Table 6 Comparative analysis of the performance of various

models
Model PI VPI EPI
RBFNNI[30] 3.24+0.24 3.62+0.31
RBFNN Wlth- cor?text*free 3912021 3514027
clustering[30]
Without 378152 4204122
optimization

Linguistic One-loop ;

Modeling[30] optimization 290032 317101
Multistep 2.86+0.83 3.14+0.98
optimization

Linear 33830194 34720295
regression

Development of Polviomial
incremental . ndy ) 2.807+0.122 2.972+0.196

. (2" order)
models[31] I ol
nETemental 9 390:0.142 3.060+0.285
model
Triangular o o
HFSPNNLIS] ME 1.962+0.214 2.396+0.180
rd 1.
(8" layer) Gaussian MF | 1.8860.133 24790192
Proposed Case 1 1.210£0.222 2.746+0.247
Model . | 0 1 i N | N
(37 layer) Case 2 1.076+0.189 2.678+0.148 3.619+0.468
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