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Online Identification of Time-varying Processes Using

Just-in-time Recursive Kernel Learning Approach
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Abstract
varying characteristics of nonlinear chemical processes. For each query sample, a just-in-time kernel learning (JITL) model

An online identification method using just-in-time recursive kernel learning (KL) is proposed to trace the time-

is established using the similar set constructed by a presented cumulative similarity factor. Different from traditional just-
in-time learning approaches discarding their models at each time, an efficient modeling strategy is proposed to reduce the
computational load by utilizing the similarity between two neighborhood models. Consequently, a new just-in-time kernel
learning model can be quickly constructed using the recursive updating algorithm, by introducing new samples and deleting
different samples. The superiority of the proposed online identification method is demonstrated by a continuous stirred
tank reactor process with time-varying parameters, showing better prediction performance compared with conventional

recursive kernel learning approaches.
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Table 1  Comparison of identification results with JR-LSSVR, R-LSSVR, and LSSVR methods

1o T8 7 i 1% 1% 1% 3% ~5% 3% ~5%
PR RMSE RE (%) MAE RMSE RE (%)
JR-LSSVR 0.022 18.26 0.060 0.053 22.47
R-LSSVR (#K M i ) 0.028 20.15 0.092 0.074 24.69
R-LSSVR, (N = 10) 0.025 20.11 0.061 0.069 23.86
R-LSSVR (N = 20) 0.024 18.81 0.058 0.074 24.63
R-LSSVR (N = 30) 0.024 18.97 0.064 0.063 23.57
R-LSSVR (N = 40) 0.026 18.67 0.094 0.068 24.78
R-LSSVR (N = 50) 0.027 19.90 0.095 0.079 26.93
R-LSSVR (N = 60) 0.027 20.20 0.092 0.073 24.39
R-LSSVR (N = 70) 0.028 20.15 0.091 0.077 26.82
LSSVR 0.139 27.48 0.322 — —

Je H AR BE T BE AT A s LR 3 3 SV PRk 3
TR DR R SEReR. 54%48 JITL fE5
IR 2R SR 25 AR B AR AR AR, B R P
A AORAAS B, T N I 2 A R . i
I A2 T FE IR 0 FLRE SR T AR, m AR AR L
PEI A FEAE e — FPoFrigfe. 22D
B AR ¥ _E 73 M e 7 i JEE 7 2 KR JEE b RESE M
I HERPE R R L.
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