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Abstract Diagnosis of abnormal faults is essential for producing high quality products. The role of
real-time diagnosis is quite increasing in the batch processes of producing high value-added products
such as semiconductors, pharmaceuticals, and so forth. In this study, we evaluate the effect of variable
selection and future-value estimation techniques on the performance of the diagnosis system, which is
based on nonlinear classification and measurement data. The diagnostic performance can be improved
by selecting only the variables that are important and have high contribution for diagnosis. Thus, the
diagnostic performance of several variable selection techniques is compared and evaluated. In addition,
missing data of a new batch, called future observations, should be estimated because the full data of a
new batch is not available before the end of the cycle. In this work the use of different estimation
techniques is analyzed. A case study on the polyvinyl chloride batch process was carried out so that
optimal variable selection and estimation methods were obtained: maximum 21.9% and 13.3%

improvement by variable selection and maximum 25.8% and 15.2% improvement by estimation methods.
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1. Introduction
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Fig. 1. Characteristics of batch data
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Table 1. Diagnosis results

DSR20/DSRend(%)
Without PCA VIP SVM
1A 75/85 70/81 80/89 85/93
1B 75/83 65/77 75/86 80/91
2A 85/91 80/88 90/94 90/94
2B 90/94 85/92 90/94 95/97
3A 80/88 70/82 85/90 85/91
3B 80/85 75/82 80/88 90/94
4A 85/92 75/81 90/94 95/97
4B 80/89 70/81 85/91 95/97
5A 80/89 75/85 85/92 90/94
5B 75/87 65/82 80/90 80/92
Avg 81/88 73/83 84/91 89/94
oleith A ThE WSAEo] AT HlEO R KFDA
ol Ak WhE 247 T4k 1079) BAE Holg
of Agsto] Ak ATE B 5 A £ AToIHE
PVC 31841 24o] thet Atk A% Hlmg S8 Sl
QI 3744 BiSAlE 7 olelof Wil glo]
AR B4 REE A mHo] A8 A (withour 2
BA)E TEste] § 4714 A90) Qg o] ths] vl

WA

Table 1914<= Ol 378<1 E=]dshE 34 &
4] HAE HlolEQl 1071 &4 2o tigt 1 2
HE I 57 ol SHAE 2719 Mz HE

E|AE dHlolBlE F+Esly] Qs <A+ Foll A B BE
F7ket9nt. dlE Eo] A WA ol SHAY B 1A
o} 1BE FEEt 99 #oA T Aie 27HA
diagnosis success rate (DSR)2] %k, = DSRxo¥
DSRena® 017tk DSRS AEsHA s #5319
HIEEA (%), DSRa o1 A AIRQI k*5E] 2094
MED BA7HA1Y DSRE YEHIL DSRenci= k*FE
Zd £37HX9 DSRIC.E AHoHt} HAE flolH

Table 2. Diagnosis results using current deviation

DSR20/DSRend(%)

Without PCA VIP SVM
1A 70/82 65/79 70/84 75/90
1B 65/82 60/77 75/87 75/90
2A 75/86 70/81 80/91 80/90
2B 80/89 75/83 80/91 85/92
3A 65/81 60/78 70/87 75/91
3B 65/81 50/75 65/85 70/89
4A 70/88 65/82 75/89 80/93
4B 70/86 60/80 75/87 85/95
5A 75/84 60/78 70/85 80/90
5B 65/82 55/76 80/88 75/88
Avg 70/84 62/79 74/87 78/91
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