CIESC Journal, 2018, 69(3): 1191-1199 TR 2018 4F 25 69 4 25 3 #1 | www.hgxb.com.cn

LTRILY DOI: 10.11949/j.is5n.0438-1157.20170771

ETF ROLS & %pyiE)3 RBF 4 MR #1% T

R, HEAL, mEW L
CERC TR S(E BAAE, JEat 1001245 2 AR AR 58 B R AL TR 9E %S, LT 100124)

FHE: X8I0 RBF FHE P25 G5 R fE DL G B 1) 8, 32 HE — i 3 388 )5 TE A8 B /s - Ff€(recursive orthogonal least
squares, ROLS)HLVE G 1T /738 %6, FIF ROLS B2k iR & Z A& UL DTk FE R 2k s 5, DAtk
S W 386 0 B VA D AN TE R B #R R G, (R e 2 W 1SR S R, I BRI A5 R 4B 9> R (singular value
decomposition, SVD){kE RIS B A TTAEL, USRI BR AN IS BRAE AR AN BRI AR 70, A RO g T 1
1#:)7 RBF #2025 45K TOAAIHE A B SE R R f . ook, R RIBREE T BEBVE S 9 RBF 1 & 28 1 S HORRAIE
PR REE . )5, 18I X Mackey-Glass B[R] 55 TN E2eME &R iR Avs K A B AR Fr 058K i S 4030
BB, U 2SR T B AT R R

KHEIE: WAL, sttt BV ARESE: IS

FESES: TP183 XERFRERD: A NEHS: 0438—1157 (2018) 03—1191—09

Structure design for recurrent RBF neural network based on recursive
orthogonal least squares
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Abstract: Aiming at the problem of recurrent radial basis function (RRBF) neural network structure which is
difficult to be self-adaptive, this paper proposes a structure design method based on recursive orthogonal least square
(ROLS) algorithm. Firstly, ROLS algorithm is used to calculate the contribution and the loss function of hidden
layer neurons, which determines to increase or be grouped into inactive neurons, and the topology structure of neural
network is adjusted accordingly. At the same time, singular value decomposition (SVD) is applied to determine the
best number of hidden layer neurons in order to delete the neurons of the inactive group, which effectively solves
the problems of RRBF neural network structure which is redundant and hardly self-adaptive. Secondly, the gradient
descent algorithm is utilized to update the parameters of RRBF neural network in order to ensure the accuracy of
neural network. Finally, several experiments including the Mackey-Glass time series prediction, nonlinear system
identification and key water quality parameters dynamic modeling in wastewater treatment process are conducted,
and the simulation results prove the feasibility and effectiveness of the structure design method.
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Table 3 Performance comparison of different

method(nonlinear system modeling)

Different Training Testing Prediction Training
method RMSE RMSE accuracy/% time/s
ROLS-RRBF 0.0215 0.0316 97.82 10.35
RRBF! 0.0584 0.1020 92.58 12.38
RBFE 0.1425 0.2857 90.63 15.68
BPG! 0.3512 0.3517 88.42 18.24
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