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Abstract: Aiming at the problem that the hidden layer structure of radial basis neural function (RBF) neural network
is difficult to determine, this paper introduces a self-organizing design method of RBF neural network based on the char-
acteristics of neurons. This method combines the activation activity, significance and correlation of neurons Combined
design of RBF (ASC-RBF) neural network. Firstly, The network uses the activity of neurons to adaptively increase the
hidden layer neurons, and combines with its significance and correlation to complete the adaptive replacement and merging
of neurons. Furthermore, the self-organizing design of the neural network is completed and its compactness is improved.
Then, a second-order algorithm is used to modify the network parameters to ensure the accuracly of the RBF network.
In addition, a stability analysis is given for the network structure self-organization mechanism. Finally, in order to verify
the effectiveness of the proposed ASC-RBF network, two benchmark nonlinear system modeling experiments and a water
quality parameter prediction experiment in a wastewater treatment system are performed. The results demonstrate that
compared with the existing self-organizing network, the ASC-RBF neural network has faster training speed and a more
compact network structure while ensuring generalization performance.
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Fig. 3 The testing results of the nonlinear system identification
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Table 2 Comparison of the performance of different al-
gorithms on Mackey-Glass time series predic-

tion

ik YIZimtiE/s  MERRMSE  Ba fiANsL
ASCRBF 9.319 0.0127 13
SAS-RBF?? 10.15 0.0117 129
AI-RBF?® 892.9 0.151 11
NARBF?!! 14.705 0.0131 16
GGAP-RBF!!®! 28.868 0.0312 19
RANT[6I 58.127 0.0466 39
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SR AE I ZRES )R X 28 R SR A AL 3. 5 3 40 LRh
FIEAEL, BARSAS-RBFHIE AL FE AT SRR 7]
A SCRTEAN Y, (HE W 28 A 25 A4 K, 11 AT-RBF
RN SR 4% KL #ERE. Ak, S5 GGAP-RBFA L,
ASC-RBFHE S 1 5 F I 2Rt 1], B 8] 25 F4 3R
B ERI L.
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T LIod ik SR = 4 A Rl &, (2 7R 22 A0 S B[R]
KL EITLR), 520 H KK U 1T A bk,
B, BET—ANE 20075 /K A B R /K 5 SR AR A 2+
Iy B

A 4R ) ASC—RBEA# 45 [0 2% Ja ST A Y
X5 K Ak 3 sk FE R 7K AR 4k 7 %A & (biochemical
oxygen demand, BOD)¥R FEBFATHER . PRIE TN, 52
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B F YK ¥ (suspend solids, SS). H 7KSS. # 7/KBOD
WEE . 3K AL22 75 % & (chemical oxygen demand, COD)
WRE S HIKCODIR B A=kt i5 e il % L (settling ve-
locity, SV) AEALIBTR A = IF [ 4494 FE (mixed liquid
suspended solids, MLSS). 4= f th ¥ fif %8 ¥ F& (dis-
solved oxygen, DO)55 10142 &4 ¥ A H7KBOD
WIEAE .
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Table 3 Comparison of the performance of different al-
gorithms on the effluent BOD concentration

prediction
Bk YIEifTE] /s MHRMSE B s
ASC-RBF 0.1486 0.0962 4
NA-RBF?2!I 0.3275 0.0977 6
ES-RBF3? 4.82 0.2886 5
GGAP-RBFB! 73,59 0.3325 11
FS-RBEB! 63.24 0.3015 11
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