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Abstract — A batch Process has a multi-way data structure that consists of batch-time-variable axis, so the statistical
modeling of a batch process is a difficult and challenging issue to the process engineers. In this study, We applied a sta-
tistical process control technique to the general batch process data. and implemented a fault-detection and Statistical pro-
cess control system that was able to detect, identify and diagnose the fault. Semiconductor etch process and semi-batch
styrene-butadiene rubber process data are used to case study. Before the modeling, we pre-processed the data using the
multi-way unfolding technique to decompose the data structure. Multivariate regression techniques like support vector
regression and partial least squares were used to identify the relation between the process variables and process condi-
tion. Finally, we constructed the root mean squared error chart and variable contribution chart to diagnose the faults.

Key words: Batch Process, Fault Detection, Statistical Process Control, Multi-way Unfolding, Support Vector Regression,
Partial Least Squares
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Fig. 1. Preprocessing for the proposed modeling when batch lengths
are different.
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Fig. 2. Two unfolding methods.
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Table 1. 3-experiment batch data set

Normal Fault Total
Exp29 34 9 43
Exp31 36 5 41
Exp33 37 6 43
Total 107 20 107
Table 2. 12-measured variables
1 Endpoint A Detector 7 RF Impedance
2 Chamber Pressure 8 TCP Tuner
3 RF Tuner 9 TCP Phase Error
4 RF Load 10 TCP Reflected Power
5 RF Phase Error 11 TCP Load
6 RF Power 12 Vat Valve
Table 3. 9-measured variables
1 Feed Styrene 6 T R. Jackt .
2 Feed Butadiene 7 Latex Density
3 Temp. Feed 8 Conversion
4 Temp. Reactor 9 Energy Rel
5 Temp. Cooling
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Fig. 5. Regression model output of Noramal data (a), Fault data (b).
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