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Design of Incremental FCM-based Recursive RBF Neural Networks Pattern Classifier for
Big Data Processing
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Abstract - In this paper, the design of recursive radial basis function neural networks based on incremental fuzzy c-means is

introduced for processing the big data. Radial basis function neural networks consist of condition, conclusion and inference

phase. Gaussian function is generally used as the activation function of the condition phase, but in this study, incremental

fuzzy clustering is considered for the activation function of radial basis function neural networks, which could effectively do

big data processing. In the conclusion phase, the connection weights of networks are given as the linear function. And then

the connection weights are calculated by recursive least square estimation. In the inference phase, a final output is obtained

by fuzzy inference method. Machine Learning datasets are employed to demonstrate the superiority of the proposed classifier,

and their results are described from the viewpoint of the algorithm complexity and performance index.
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Table 2 Data used in experiment

Data information
Data Pima Magic Shuttle
No. of data 768 19,020 58,000
No. of inputs 8 10 9
No. of classes 2 2 7
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Z13 FCM 7|dF £ RBFNN 8 B857)9 A5 Hris
<&l Al (25)QF Zo] 1lEl EF & (Pattern Classification Rate)S
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Table 3 Setting of parameters
Parameters Values
Fuzzification coefficient 20
Polynomial type Linear
Pima DB : [2 4 8 10]
No. of rules Magic DB : [4 8 10 15]
Shuttle DB : [4 8 10 15]
K-fold cross validation 5
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Table 4 Time and space complexity of FCM

Time Space
O((d+¢) xn)

O((d+¢) x

General FCM
Incremental FCM
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Table 5 Time and space complexity of LSE
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Time
O(p2 X (n+p))
Op* < (n+p))

Space
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Table 6 Results for the experiment of Pima dataset

Pattern Classification Rate (%)

General FCM Incremental FCM
based RBFNN based RBFNN

Training Testing

0.44 76.75 + 2.31
0.42 75.32 = 3.18
111 78.57 = 0.69
0.79 75.19 + 348

No. of rules
2 77.94
4 78.50
8 80.46
10 81.50

H |+ |+
H |+ |+

T 62 Holy AAZS sHo| SGets
RBFNN1} HOJEIE &AEOE x%al g g5
FCM 71H} RBFNN {8 27719 d&& U ®Oolth
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E=

ki 7 Magic HIO|E 9] AlgAn}
Table 7 Result for the experiment of Magic dataset
Pattern Classification Rate (%)
General FCM Incremental FCM
based RBFNN based RBFNN
No. of rules Training Testing
4 82.18 £ 0.06 81.86 + 041
8 82.69 £ 0.13 82.31 + 0.35
10 83.17 £ 0.16 83.34 £ 0.19
15 83.34 = 0.10 82.76 £ 0.29
# 72 Magic DBE 01%6}04 QebA Ol FCM 7]Ht RBFNNI}
E8E FCM 7]t RBFNN e BEF7719 45€ UEhd zolt

Magic DBO] HOIH <= 190207H§ st ool 1521670 El
2AE HolE 3804712 ?Loo}oq Al519C} Magic DBO) o%
E&8 FCM 7|¢F RBFNN 3{H 7719 450 £ U
Sfth ESH A LERH F 49} 55 Sofl & 7t 7(7}:‘%4—%
Aorel Z29 FCM 71dt &8 RBFNN 38 277]9] I3t &
Aw7E UEEEQl FCM 718 RBFNNO HISH EO01ECh 5, dlo]
Ol 7 BolKa a7t 715 ROt SEE FCM

7€k ek RBFNN 38 27719 5&8d0] UERTh

o1
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Table 8 Results for the experiment of Shuttle dataset

Pattern Classification Rate (%)
General FCM Incremental FCM
based RBFNN based RBFNN
No. of rules Training Testing

4 95.68 = 0.06 9471 + 0.23
8 97.32 + 0.04 97.30 + 0.16
10 9749 + 0.07 9749 + 0.05
15 98.26 + 0.09 9743 + 0.21
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