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Process modeling based on ART-SVR and its
application in dry point soft measurement

WU Guoqing , YAN Xuefeng
(Institute o f Automation , East China University of Science and Technology . Shanghai 200237, China)

Abstract; The petrochemical process is highly nonlinear and the observation data of the petrochemical
process are non-continuous and have classified characteristics. A novel process modeling method, which
combined adaptive resonance theory (ART) with support vector regression (SVR), was proposed. Firstly,
ART was used to separate the input pattern space into several sub-spaces based on a modeling
sample. Then, SVR was used to build up each sub-model for each sub-space. The results of simulation
experiment and an application in dry point soft measurement of naphtha showed that ART-SVR could
reduce the nonlinear degree of the sub-models and its fitting accuracy and prediction accuracy were both

better than those of a single SVR model.
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Table 1 Comparison of ART-SVR modeling with

SVR modeling in simulation experiment

ART-SVR SVR
Times  MSE of MSE of MSE of MSE of
of tests predicting training predicting training
sets sets sets sets
1 0. 0096 0.2159 0. 3924 0. 4851
2 0. 0227 0. 2282 1. 0354 0. 6519
3 0.0154 0. 2205 0. 3170 0. 5043
4 0.0665 0. 2480 0. 4320 0. 6527
5 0. 0582 0.2341 1. 6018 0. 5501
6 0.0185 0.2208 0.9933 0. 5558
7 0.0516 0.2724 0.5677 0. 8710
8 0. 0185 0. 2450 0. 3725 0.5725
9 0.0216 0. 1975 0. 3151 0. 6997
10 0.0193 0. 2697 1. 0522 0. 6240
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Table 2 Comparison of ART-SVR modeling with SVR modeling in industrial application

ART-SVR
Ttem SVR
Model 1 Model 2 Model 3 Model 4
average of fitting MSE 0.317 0. 407 0. 37 0. 302 1. 241
MSE of predicting 0.6791 0.7033 0.676 0.6957 1.6
MSE of predicting 151 sets 0. 688 1.6
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