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Elman Recurrent Neural Network Method Based on SCKF Algorithm
and Its Application to Soft Sensor Modeling
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Abstract Keywords
To achieve soft sensor modeling in a chemical process with strong nonlinearity and complexity, a recur- square-root cubature Kalman
rent neural network method based on square-root cubature Kalman filter (SCKF) training algorithm is pro- filte (SCKF) ;
posed. The state-space model of the Elman recurrent neural network is first established, and then the network recurrent neural network ;
is trained by the SCKF algorithm; all its weights are considered the state of the system to be updated. Cuba- soft sensor;
ture Kalman filter (CKF) generates cubature points by third-order spherical-radial standards and then uses modelling

cubature points to approximate the posterior distribution of the state, which makes computing the numerical
solution of the multivariate integral of high-dimensional nonlinear filtering possible. On the basis of CKF,
SCKF propagates the square root factor of prediction and posteriori error covariance matrix to further improve the
numerical stability of the algorithm. The employed method is applied to instances of soft sensor modeling, which
include the estimation of the butane concentration in the bottom flow of a debutanizer column and the estimation
of the concentrations of SO, and H,S in sulfur recovery unit tail gas composition. Compared with feedforward
neural network method based on extended Kalman filter (EKF) and the SCKF algorithm and recurrent neural
network method based on the EKF algorithm, the proposed method can obtain better modeling estimation accu-

racy under the same condition. Experimental results demonstrate the effectiveness of the proposed method.
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yl(k) =f1(u1(k) ,u (B=5), u’l(k_7) yu (B=9), -,

us(k), us(k=5), us(k=7), us(k-9))  (42)
v, (k) =fo(u (k) u, (k=5), u (k=7), u (k=9), -,

us(k), us(k=5), us(k=7), us(k=9))  (43)
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Fig.7 Comparison of MSE curve for the estimation of the

H,S concentration based on different methods
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Fig.8 Comparison of MSE curve for the estimation of the

SO, concentration based on different methods
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Tab.2  Performance indicators for the estimation of H,S

concentration using different methods in test dataset

ENGIDRES AHIRREL MSE Epochs
FCRNN-BPTT 0.720 1 1.29 x10 73 300
SRN-BPTT 0.732 6 1.78 x10 73 300
FCRNN-RTRL 0.673 8 1.52 x10 3 300
SRN-RTRL 0.680 1 1.92 x1073 300
MLP-EKF 0.774 5 1.11 x10 73 10
FCRNN-EKF 0.795 2 1.07 x10 3 10
SRN-EKF 0.782 8 1.02 x10 73 10
MLP-SCKF 0.933 0 3.50 x 10 ~* 10
FCRNN-SCKF 0.946 3 3.27 x107* 10
SRN-SCKF 0.950 6 3.15 x10~* 10

FINGRREAFIIAREA. Horh, AREbidne/ N 307 & A
K1 B, X H,S 9 MSE 2y 8 x 10 ™, HIZER A 0.848;

RPN

% SO, B MSE Yy 4 x 107", AH3C R %K 0.905. L [17]%
Fil -SVM, LSSVM Al LiESN [ 4% /3-5I%} H,S F1 SO, 1k i
AT, B AT, ASCOr ik LIESN J5 iR 2
FAY, SHO0T SR HA Ty .

3 AEMREE b SO, PEREPRUHEFRAS HL 2 R
Tab.3  Performance indicators for the estimation of SO, concentration

using different methods in the test dataset

ENGEVRS LIPS % MSE Epochs
FCRNN-BPTT 0.816 1 1.07 x10 3 300
SRN-BPTT 0.800 1 2.05 x10 73 300
FCRNN-RTRL 0.690 7 1.84 x10 73 300
SRN-RTRL 0.663 2 2.79 x10 73 300
MLP-EKF 0.791 8 1.18 x10 73 10
FCRNN-EKF 0.845 1 7.81 x107* 10
SRN-EKF 0.860 2 7.09 x 10 ~* 10
MLP-SCKF 0.878 1 6.84 x10 10
FCRNN-SCKF 0.901 7 5.81 x10~* 10
SRN-SCKF 0.941 2 4.02%x1074 10
5 &g

BEXFEA SRARL R A9 1 T A, R B UAcE Y A
KA BN AL i I AR R P S, LT NARX AT NMA AfE
LRAE B P HIBRL, $2 47—k T SRN-SCKF 1 3l 258K
BT 5. PR Ik 0 it U ko 22 o
SCKF Fikxd 4 (AUELHEAT SR, b 1 H UL R
LSRRI L, WG EKF 355 CKF ik
WRBFERER P ORI H FIERUCSOE BT, K5I .
A TR RSB N, Bk T AR SO I A k.
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