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The Design of Granular-based Radial Basis Function Neural Network by
Context-based Clustering
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Abstract - In this paper, we develop a design methodology of Granular-based Radial Basis Function Neural
Networks(GRBFNN) by context-based clustering. In contrast with the plethora of existing approaches, here we promote a
development strategy in which a topology of the network is predominantly based upon a collection of information
granules formed on a basis of available experimental data. The output space is granulated making use of the K-Means
clustering while the input space is clustered with the aid of a so-called context-based fuzzy clustering. The number of
information granules produced for each context is adjusted so that we satisfy a certain reconstructability criterion that
helps us minimize an error between the original data and the ones resulting from their reconstruction involving
prototypes of the clusters and the corresponding membership values. In contrast to "standard” Radial Basis Function
neural networks, the output neuron of the network exhibits a certain functional nature as its connections are realized as
local linear whose location is determined by the values of the context and the prototypes in the input space. The other
parameters of these local functions are subject to further parametric optimization. Numeric examples involve some low
dimensional synthetic data and selected data coming from the Machine Learning repository.

Key Words : Granular-based RBF NNs, Receptive fields, Fuzzy clustering, Context-based fuzzy clustering, Information
granules
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5.1 Synthetic Three-Dimensional Data
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Table 1 Values of the performance index for the
synthetic-three dimensional data : Pl-performance
index for the training data, EP!-performance index
for the testing data

(a) Values of the PI

Number of contexts(P)
2 3 4 5 6

Pl Pl Pl Pl PI

8

0.367+0.123]0.260+0.072]0.130+0.083]0.147+0.18910.064+0.036

e [

1.198+0.475]0.376+0.14410.162+0.030]0.067+0.040]0.082+0.067

.40.491+0.140]0.152+0.0380.050+0.023]0.059+0.025]0.031£0.015

a1l

0.579+0.103]0.347+0.040]0.211£0.076{0.144+0.058]0.111+0.104

.(]0.489+0.075)0.378+0.0610.338+0.045]0.270+0.076] 0.225£0.067

0.442+0.057]0.361+0.059§0.347+0.04110.274+0.063}0.255+0.069

o1

0.452+0.077]0.382+0.049]0.355+0.037]0.283+0.062}0.230+0.044

e e

0.41820.079]0.373+0.048]0.353+0.061 | 0.277+0.072]0.250+0.030

s [ [0 [DO = [

.(10.446+0.054]0.386+0.073[0.359+0.034]0.307+0.037]0.272+0.049

(b) Values of the EPI

Number of contexts(P)
2 3 4 5 6

m EPL EPL EPIL EPI EPI

1.1§0.618+0.177]0.534+0.136[0.505+0.215] 0.491+0.250]| 13.65+14.52

1.51.539+0.576[0.559+0.137)0.518+0.181]0.586+0.1840.873+0.451

2.0]0.701£0.085]0.556+0.154]0.427+0.113]0.305+0.104] 0.343+0.160

2.3/0.592£0.126]0.484£0.047]0.495+0.122]0.350+0.08210.495+0.259

3.(10.533+0.105}0.439£0.098]0.444£0.091 1 0.406+0.156]0.343+0.100

3.910.505+0,084]0.493+0.128]0.417+0.081 ]0.458+0.18310.384+0.135

4.0§0.451+0.136]0.454+0.0960.436+0.068]0.429+0.166]0.444+0.106

4.510.498+0.14210.487+0.084]0.454£0.089]0.443+0.181]0.388+0.044

5.010.446+0.092{0.437+0.12410.413+0.070]0.443£0.094] 0.388+0.100

‘Training data error(MSE)

i
No. of contexts

(a) 2t contextoll W3 S 2 27 ¢ 2

4
No. of contexts
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Fig. 4 Performance index regarded as a function of the
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Table 2 Comparative performance  of

selected model

analysis of the

No. of nodes
in the hidden PI EPI
layer(H)

Model

0.451+0.091 | 0.495%0.151
H=20 | 2.2120.371 |3.197+1.063
H=25 | 2.503£0.595 | 3.696=1.032
H-20 | 0.5760.109 [ 0.7610.281
0.375
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Table 3 Performance index of the proposed model

(a) Training data

Number of contexts(P)

2 3 4 5 6

Pl PI Pl Pl Pl

—
1]

225.9+16.08|163.1+29.16]22.69+4.274| 11.90+4.898]5.517+2.876

1.3(110.7+28.97]10.89+3.135{4.692+1.305] 2.089+1.091 [0.300+0.188

2.0110.26+3.29110.939+0.309{0.455+0.199]0.164+0.082]0.047+0.015

2.931.97+2.783[9.207+1.554|2.522+1.338| 0.428+0.2260.477+0.307

3.0125.22+1.714]9.955+2.077] 7.3050.928|4.457+0.682(2.312+0.429

b

.|23.81£1.72919.591+1.692| 7.269+0.701|4.444+0.817]2.302+0.484

4.0121.44+2.04119.248+1.800] 7.584+0.8864.103+0.690] 2.304+0.442

4.5)19.91+1.609)8.639+1.831|7.804+0.965]4.771£0.327|2.278+0.370

5.0120.05+1.540]9.680+1.422{7.931+0.759] 4.361£0.819]2.343+0.309

{b) Testing data

Number of contexts(P)

2 3 4 ) 6

m EPI EPI EPI EPI EPI

1.11246.2+65.47|381.1+223.9] 2695+3825 |1.7e5+2.4€5]9.9e4+4.8¢e4
1.9/109.7+12.33|34.38+14.50| 38.8319.28{31.22+23.27| 11.88+6.199
2.019.88+3.66014.787+0.828)2.391+0.729|2.351 +0.484]1.831£0.681
2.9)33.84+2.406|11.46+2.142]5.156+1.582]2.177+0.377]1.958+0.509
3.0128.40+1.731|11.52+0.707]7.988+0.607|5.812+1.234|3.384+0.606
3.9123.9540.76611.58+0.994[9.086£0.632]6.029+0.930}3.695+0.685
4.0123.07+1.312]11.87+0.751 ]8.596+0.812]5.800=0.750]3.933+0.450
4.8|22.81+1.674]11.47+1.069]8.588+0.855]6.531+0.753]3.868+0.604
5.0121.02+1.320]10.63+1.529]9.597+0.92916.628+0.896|4.208+1.045
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Fig. 8 Original output versus model output (P=6, ¢=2, m=2.0)
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Fig. 9 Performance index of the network for different values
of the fuzzification coefficient
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Table 4 Comparative analysis of the performance of selected
model

No. of nodes
Model in the hidden PI EPI
layer(H)

Linear regression 17.81+0.724118.87+1.075

H=20 4.8e3+177.4 1 4.9e3+256.3

RBFNN I H=25 4.8e3+194.7 | 4.9e3+289.6

H=20 184.4+£23.56 | 246.6£45.91

RBENNI ™ 505 |16 241.3+47.46

el el e IERET
Proposed

291 3.384+0.606

5.2.2 Concrete Compressive Strength (CCS) Data

2 AgE oAl AE" CCS dHoly A2 ZAYEY
e oz £ AE(-cement, blast furnace slag, fly ash,
water, superplasticizer, coarse aggregate, 1% 3 fine
aggregate) &2 FAE Wl vAFAHL T+ FHE £

1235



H7I1E5 =2X 58A 635 20094 68

g9 2ade & 45/ 2¥o: 4AYY AHed
CCS dlol8l %< 897 158 T2 1030719 Aoz
TAES FA AP AAsS ABAAL % dolEjet b
= dolEE A 60 R BT BoASA:

-

& 5= A%tE mde] Z7be] contexto] WlE HH o A
SATE UEhd Relth E 5ME & £ gl5o], H2] A
F7F 20 F2o0A sk = HAEY g %o L4ge
& A3, =T contextd] 7t FUIEFE Ao AAA
7 FRES ¢ 5 Ay
= 5 MetEl mdel MeX|

Table 5 Performance index of the proposed model

{a) Training data

Number of contexts(P)

2 3 4 5 6

m PI PI PI PI PL

1.11138.3+18.12168.248+9.48| 48.751£9.32]39.952+4.88(32.858+3.21
1.5(122.2+£9.542]45.74+5.200] 30.19+4.149133.49+3.839|28.72+2.031
2.061.875£2.61]46.218+6.14]33.250+3.21]|23.247+2.10]28.237+3 48
2.9195.009+4.81]92.281+4.82|68.779+4.68]|68.540+4.35]55.467+3.41
3.0196.881+3.69193.911+3.63169.028+3.87]66.802+1.97|52.940+3.79
3.9)97.077+3.11]94.155+3.53]69.121 £2.77{64.739+2.79|53.991 +3.30
4.0]97.368+3.1693.452+3.89]68.086+4.23}62.587+4.27152.6 76 £4.03
4.497.349+4.06]94.847+4.68|68.278+3.41159.162+3.05|53.391 +4.87
5.0198.511+5.30]92.474+2.28]68.294+3.01 |60.579+4.75[51.901+3.36

(b) Testing data

Number of contexts(P)
2 3 4 5 6

m EPI EPI EPI EPI EPI
1.1§208.3+59.141100.1+17.01§141.9+52.48| 360.7+227.6{ 408 0+173.5
1.5]148.6+12.55]76.673+7.99|77.818+10.3]78.996+15.1|80.203+11.0
2.0]79.291+6.37]79.792+9.35]68.336+7.08] 71.670+10.7|67.092+12.9
2.91103.4£6.771]101.5+6.843|74.743+6.05]80.078+9.90164.530+5.16
3.041100.1£4.695]101.1+5.767]70.552+7.75]73.530+5.95{67.550£5.30
3.9)102.9£6.159}100.5+6.567|76.348+7.15]70.419+10.3|66.813+7.33
4.0]1101.525.750100.2+5.742]78.960+5.37]73.094+4.66|66.054+4.12
4.9)101.4£5.579]98.753+5.85] 76.538+4.93]60.786 £4.32|64.342+8.01
5.(1100.3£9.388]101.8+2.890]76.240+7.77169.406+6.44}63.482+6.78
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Fig. 10 Performance index vis-a-vis number of contexts
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Table 6 Comparison of the proposed model's performance
with other model

No. of nodes
in the hidden PI EPI
layer(H)

Model

Linear regression 105.8+4.969 | 111.4+7.866

H=20 1.55e3232.3 | 1.54e3%42.8
H=25 1.55e3+37.4 | 1.54e3+58.2

RBFNN 1

H=20 181.7+9.463 | 189.5+10.15
_H=25 175.8+9.661 | 183.3+11.29

RBFNN II

6.2 &

B =R A= context-based Fuzzy C-Means £ 2 H
& ol&dted AR dAFY AT FAHS B A¥EH
diolele] FHHQ AMREL 7¥te® ¥ Granular-based
RBF w8 WEH=9 N2e F2E ALslgy. & =%

ol ] Al-&3F context-based Fuzzy C-Meanse= thS3 7ol
2 7HA ¢ Fad 5AL 71X Ed A WAL contextd
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context) & A Firel HE PAste] FA Fad
& FYsit, 5 HARZE 4F voHEY EdY #
dztstel  FHE A FISE reconstructability
criterions %38l Z47Z-e] contexto]l whalA FHgHe Fe]x
He 8 488 5 A =9F '

E AFdAe TEAA A8H GAE YA AR F
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