5513 B 3 1 OB R & ¢ M Vol.13 No.3

2018 4E 6 H CAAI Transactions on Intelligent Systems Jun. 2018

DOI: 10.11992/tis.201702014
P £& H kiRt 31k : http://kns.cnki.net/kems/detail/23.1538.TP.20170702.0439.024.html

HEFuRE=Z E R LR RBF #H2M%Ki&1t

ZO SR, B
(LAFIZLERFZEER, LTI00124;2. AF T L XKF HEERESFRALAATTELLRFT, LT 100124 )

B R m L R AL (radial basis function, RBF) 4125 4% e 2 J2 45 F4) X LR R 1A [e) A, 4 — Pl i 58
KR PSRBT R . ZE R P 2 IR R R R SR ISRE T RBF MM A5t ith, il F40%
JE e R ) a5 K AR S B B B4 TT, EMT 2 e & B M 2 on N BUMAT IR 240 RIS, B ST R A R, ARIIE T
TABE EH AT 5, F—FEGH N B A AT IS, B8 T 10 28 2% ) I S0 B Iz L g
J1o FIFH BRI AR 2 M s BGE I PN AR LR P 30 2 R G BN SE S0 E A7 05 LTI, 25 3R, Tl B AT
RBF #1224 EHA SR I I 48 451 . TR~ > BB 0 A R 4P iZ A6 RE T

SK48R]: RBF Mm%, Pl B RS 25kt s s aeonifit; ik, 12 4kpe )y ; sBGER; REPHN
FESZES: TP273 XHEMRES: A XEHS:1673-4785(2018)03-0331-08

35| AR R, FETE EXE. ETHREZTER LN RBF #EN&ZIZIT[J]. BEERLFR, 2018, 13(3): 331-338.
#5183 : MENG Xi, QIAO Junfei, LI Wenjing. Construction of RBF neural networks via fast density clustering[J]. CAAI
transactions on intelligent systems, 2018, 13(3): 331-338.

Construction of RBF neural networks via fast density clustering
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Abstract: To design a hidden layer structure in radial-basis-function (RBF) neural networks, a novel algorithm based on
fast density clustering is proposed. The algorithm searches for the point with the highest density and then uses it as the
neuron of the hidden layer, thereby ascertaining the number of neurons in the hidden layer and the initial parameters.
Moreover, the activity of each hidden neuron is ensured by introducing the Gaussian function. An improved second-or-
der algorithm is used to train the designed network, increasing the training speed and improving the generalization per-
formance. In addition, two benchmark simulations—the typical nonlinear function approximation and the nonlinear dy-
namic system identification experiment —are used to test the effectiveness of the proposed RBF neural network. The
results suggest that the proposed RBF neural network based on fast density clustering offers improved generalization

performance, has a compact structure, and requires shorter training time.
Keywords: RBF neural networks; fast density clustering; structure design; neuron activity; second-order training; gener-

alization performance; function approximation; system identification
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The 2nd International Conference on Graphics
and Signal Processing (ICGSP 2018)

Oct. 6-8, 2018, Sydney, Australia

The 2nd International Conference on Graphics and Signal Processing (ICGSP 2018) aims to be a prime internation-
al forum for both researchers and industry practitioners to exchange the latest fundamental advances in the state of the
art and practice of graphics and signal processing, identify emerging research topics, and define the future of Signal Pro-
cessing. ICGSP offers a three-day technical program including keynote speeches, hot-topic oral&poster sessions, tutori-

als.

Papers that present original work, validated by experimentation, simulation, or analysis, are solicited. Practical ex-
periences and experimental efforts from both industry and academia, duly documenting the lessons learned from test-

beds, field-trials, or real deployments, are also welcome.

Accepted conference papers (full paper only) after authors’ attendance will be published in the conference proceed-

ings, which will be online and indexed.

Important Date

* Abstract Submission Deadline: May 10th, 2018
* Full manuscript due: May 30th, 2018

* Acceptance notification: June 20th, 2018

* Camera Ready: July 30, 2018
Website:http://icgsp.org/



