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Design of Radial Basis Function with the Aid
of Fuzzy KNN and Conditional FCM

T AR B
(Roh, Seok-Beon - Oh, Sung-Kwun)

Abstract — The performance of Radial Basis Function Neural Networks depends on setting up the Radial Basis
Functions over the input space which are the important design procedure of Radial Basis Function Neural Networks. The
existing method to initialize the location of the radial basis functions over the input space is to use the conditional fuzzy
C-means clustering. However, the researchers which are interested in the conditional fuzzy C-means clustering cannot
get as good modeling performance as they expect because the conditional fuzzy C-means clustering cannot project the
information which is extracted over the output space into the input space. To compensate the above mentioned drawback
of the conditional fuzzy C-means clustering, we apply a fuzzy K-nearest neighbors approach to project the auxiliary
information defined over the output space into the input space without lose of the information.

Key Words : Radial Basis Function Neural Networks(RBFNN), Conditional Fuzzy C-Means(CFCM), Fuzzy k-Nearest
Neighbors(FKNN), Auxiliary Information
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Fig. 3 The architecture of the proposed RBF neural networks

HAE o] Y718 4r gatg F2sln 5259
AAE 7lHte g c-FCM$E 2 &3tod RBFE A9 % RB
4 dESZ A DAL o}y 2T}

Step 1. 2HF AN Aod b4 Hu g% i
Step 2. FKNN7|H & o] §3le] B|lAE dolg I
A ARAAEY] H¥PE 37
Sub-Step 2.1 j¥H A BHIAEH O EH S query instance® A 9
Sub-Step 2.2 k7l €] nearest neighbor® =
Sub-Step 2.3 A9 ¥ k nearest neighbors®} (25)& o]43
o query instance®] 1A F71% FHA HPw =7
- . /
9= 3 Sayyd £ = 3] B
= TN E( Mepy el YT

lzr—al
Sub-Step 2.4 sub-step 21914 sub-step 2379 FAH&
EE H2E dole Jee dolge] #ale i)
Step 3. &5 deojHel ¥HAE doly Y partition
matrixE T3},
Step 4. Least Square Estimationg ©|-£3%te] RBF %2 Ul
EfAe IR AL 92 85 +4

)
4r

5 4%

il

ol

b}

g3 0F

Radial Basis Function Neural Networks® %8 7§43}
7] 18 WRle 2 conditional fuzzy C-means & AE 3L
o]-§g RBFNNY receptive field?] 98 HAst= u o]
Pedryczoll 918 #|ot=E it Pedryezol <3 Aors @
conditional fuzzy c-means 2B Heol Al &9 FZA
9 AR JAE9 HFHY FEolEle EAL HUF o83
AR Yk ol#d dHS FTEEY] Yate] B =5
A& fuzzy K-Nearest Neighbors 71H& o]&3ts] HA

E
ARINE 22 2090l Ao® 244 Fn d4se A

EE 488 4 J=EE AN Atd #Hx KNNIH
CFCM$& o]43le] A" RBFENNS A% H7E 9dle] B2

=AM e F71X £% 9 machine learning ®Hel8 Ag (1:
Automobile MPG (Miles Per Galion) Data, 2: Boston
Housing Data)ell Al¢t® dnaE&s HEsld A%< Hot
a9tk A WAE 99 #Erl A4= Root Mean Squere
Error(RMSE)E Ab&-3-41 T,

x| kNN2} Conditional FCM& o©

| &5t

X RBFl AA

Trans. KIEE. Vol. 58, No. 6, JUN, 2009

AtdA dnElFEe 45HE 93 d¥gxde ® 19 @
o},
= 1 Meot=l mgle| AS mizlo|g

Table 1 Selected numeric values of the parameters

Parameter Value
Polynomial Order (O) 1 (linear)
Number of Nearest Neighbors (K) 277
Fuzzification Coefficient (p) 1.2 740
Number of Contexts (C) 276
Number of Rules per each context (r) 276
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Table 2 The performance index of the proposed model
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Table 3 Results of comparative analysis

Model parameters | PIIRMSE) |EPI(RMSE)
RBENN (17] C=36 | 3241024 | 362:031

gﬁfgﬁlg‘”ﬁ%wmex“ﬁee C=3 | 3214021 | 3512027

RBENN~ C9 | 7.037:0.153 | 761520321
RBENN with FCM C=27 | 3.7120.130 | 3522:0.314
Single PNN N/A | 2.5630.146 | 2.948+0.348
MARS N/A | 2.72620.103 |3.06230211
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Table 4 The performance index of the proposed model

Training Data Test Data

Klc ! D mean STD mean STD
2 141 2 |36(1528-142.663e-15| 3.8379 0.5173
316 | 2 |16]1558-14]|6800e-15| 3.8358 0.491
4 1 6 | 2 |24]1286e-14]|3.92le~15| 3.8086 0.6158
5 | 4| 3 |14]|1547e-14|8622¢e-15| 3.8452 0.3793
6 | 4 | 5 |14]1.158e-14|3.285e-15| 3.7257 0.2718
7 1 3| 2 |18]1441e-14|6.292e-15] 3.8109 0.4742
E 55 AgH E%‘ﬂr &9 & 2dFdo mdy A¥

H2E Bl E 594, Pl g4 dolEo] uig mdg

A%g 9wsty, EPIE HAE HolHd o3 2da A%

& 9v)dty RBFNN*E= MATLABOA A& +E toolboxE

ol&3le] ¥ Asjolt,

E: 3 5 Zde M5 H|I

Table 5 Results of comparative analysis

Model parameters| PIRMSE) | EPI(RMSE)
RBFNN [17] C=25 6.36+0.24 | 6.94+0.31
RBFM with context-free C=35 5524095 6.9140.45
clustering [17]

RBFNN* C=18 |6.75120.279 | 9.123+0.532
RBFNN with FCM C=22 |6.77120.383 | 6.581+0.442
Single PNN N/A 3.722+0.359 | 5.446+3.461

MARS N/A | 3.255+0.225 | 4.188+0.330

6.2 =2

B =Fo A= RBFNNY receptive fieldE2 9% HA-&
AT dagFEoz @o] ATFHOXZ JFE  conditional
fuzzy c-means ST 2EHY GHA EF FAFAAY F
]-7‘4 AR5 F4& 939 fuzzy K-nearest neighbors
S HE3l9 . Conditional fuzzy c-means 28 2EH
8 TN EEHLEY BEXE BEAsS odF
receptive field®] ¥ X& A A3slod, RBFNNY =4
AR gy FEETe gro] A dA &
E dolge Afodes EHINFNAMY F713 AW
AL 4= ¢l7) W&l conditional fuzzy c-means &
He A& & 5 A Ak & FHI}7] A
fuzzy k-nearest neighbor 7|8 <& A &3l 8 A47} g
A UdA @#e H2E doH X conditional fuzzy
c-means FH2EHYPE & & F IEE It

Atd daneEd oI A
Hlg] &5 delge 2dy A%
& 4 AT wEol Atd 9 (d
olElo] W3t mHly AF)xd 7|E9 e 2dd
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A ALE wol F£¥HE A+ (KRF-2008-314-
D00376).
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