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Data Mining from Plant Process Time Series by a Learning Classifier System

Setsuya Kurahashi*1l, Takao Terano*2
*1 Tokyo Denki Sangyo Co., Ltd.
*2 Graduate School of Business Sciences, University of Tsukuba

Continuation processes in chemical and/or biotechnical plants always generate a large amount of time series data. However, since
conventional process models are described as a set of control models, it is difficult to explain the complicated and active plant behaviors.
Based on the background, this research proposes a novel method to develop a process response model from continuous time-series data.
The method consists of the following phases. 1) Collect continuous process data at each tag point in atarget plant; 2) Normalize the datain
the interval between zero and one; 3) Get the delay time, which maximizes the correlation between given two time series data; 4) Select tags
with the higher correlation; 5) Develop a process response model to describe the relations among the process data using the delay time and
the correlation values; 6) Develop a process prediction model via severa tag points data using a neural network; 7) Discover control rules
from the process prediction model using Learning Classifier system. The main contribution of the research isto establish a method to mine a
set of meaningful control rules from Learning Classifier System using the Minimal Description Length criteria.
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Optlons
Prunin g confidence level 25%
Read 642 cases (8 attributes)
Slmphﬁed Decision Tree:
F3L<=1
F3L <=0 : 3 (40.0/2.6)
F3L>0:
F2L>2:1(8.0/1.3)
F2L<=2:
F1L <— 1:2(5.0/2.3)
Fi1L>
F4L <=2:
| FZL <=1
| FlL <=9
I F41Ij >1: 3(29.0/12.3)
<=
| | F2L<=0:2(8.0/4.5)
| |  F2L>0:
| | | F3DX<=1:1(0. 0/§ .6)
| | | F3DX>1:3(40/
| F4l.<=1
| | FADX <=1:1 (9.0/3.5)
| | F4DX>1:0(3.0/2.1)
F4L>2:
|  F2DX<=1:0(3.0/2.1)
| F2DX>1:2(2.0/1.0)

Tree saved

Evaluation on training data (642 items):

Before Pruning

After Pruning

Errors  Size Errors

185 118(18.4%) 93 144(22.4%)

Fig.3:
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Table 1: T2 (F1,F2) F1 F2
F1 F2 F3 F4 F5 T2 55 0.7 53
F1 1.00 -0.12 -0.14 -0.06 0.04 -0.6 F1 F2
F2 -0.12 1.00 -0.12 0.11 0.11 53 T2
F3 -0.14 -0.12 1.00 0.41 -0.32
F4 -0.06 0.11 0.41 1.00 -0.57
F5 0.04 0.11 -0.32 -0.57 1.00
TR AT b e SIS
Table 2: "
F1 F2 F3 F4 F5 @l
gﬂi}
F1 0 -37 17 13 -60 X — R
Sos —
F2 37 0 34 -25 -60 gm —RE
F3 -17 =34 0 -10  -14 A
F4 -13 25 10 0 -5 " T
F5 60 60 14 5 0 b W RO B e
Fig.8:
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ARMA
1/6 AR(2)

MDL

3.1 MDL
32.9
6.6
54.8
MDL:

75% < F2 and 75% < F3
then 75% < T2
MDL+1 npr ovenent :
25%< F3 <= 50%and 75%< F4 and F3 i s down
then 75% < T2

3.9 MDL 121.3

5.1 MDL 121.3
MDL

MDL:
(50% < F1 <= 75% and 25% < F4 <= 50%
and F4 is up) or 75% < F2
then T2 <= 25%
MDL+! npr ovenent :
(75%<F2 and 50%F3<= 75%and F4 is up)

or 75% < F2
then T2 <= 25%
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