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Abstract — A distillation column, which is a main facility of the chemical process, separates the desired product from a
mixture by using the difference of boiling points. The distillation process requires the optimization and the prediction of
operation because it consumes much energy. The target process of this study is difficult to operate efficiently because the
composition of feed flow is not steady according to the supplier. To deal with this problem, we could develop a data-driven
model to predict operating conditions. However, data preprocessing is essential to improve the predictive performance of
the model because the raw data contains outlier and noise. In this study, after optimizing the predictive model based
long-short term memory (LSTM) and Random forest (RF), we used a low-pass filter and one-class support vector machine
for data preprocessing and compared predictive performance according to the method and range of the preprocessing.
The performance of the predictive model and the effect of the preprocessing is compared by using R? and RMSE. In the
case of LSTM, R? increased from 0.791 to 0.977 by 23.5%, and RMSE decreased from 0.132 to 0.029 by 78.0%. In the
case of RF, R? increased from 0.767 to 0.938 by 22.3%, and RMSE decreased from 0.140 to 0.050 by 64.3%.

Key words: Data preprocessing, low-pass filter, one-class support vector machine, distillation column, machine learning,
random forests, Long-short term memory
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Fig. 1. Diagram of distillation column.
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Table 1. Pearson’s correlation coefficient of the input variables

Type Variable Pearson’s correlation coefficient
Feed flow -0.141
. Steam flow 0.630
Input variable
Reflow flow 0.649
Bottom pressure 0.349
Target variable ~ #64 temperature 1.000
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Name Value
Tree number (N) 1~300
Number of attributes (M) 2
Max. depth None
Criterion Gini
Bootstrap True
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129 0.785 0.134 118.434
22Y 0.787 0.134 111.247
4(2% 0.760 0.141 51.968
8 (2% 0.787 0.133 40.596
16 (2% 0.767 0.139 25283
32(2%) 0.789 0.133 22.700
64 (2% 0.785 0.134 14.660
128 (27 0.791 0.132 9.342
256 (2%) 0.783 0.135 5.943
512 (2% 0.778 0.136 5.598
0.795 ER2 WRMSE 0.142
0.140
0.785
0.138
&
& 0775 0136 =
o
0.134
0.765
0.132
755 0.130
0 1 8 16 32 64 128 256 512
20 21 22 3 24 25) 26 27
Batch size

Fig. 8. The performance according to batch size.
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Table 5. The performance according to tree number

Predictive performance

Tree number

R? RMSE Training time (s)
5 0.705 0.157 0.280
0.722 0.153 0.360
10 0.730 0.151 0.531
20 0.744 0.146 1.008
30 0.758 0.143 1375
50 0.767 0.140 2.508
100 0.766 0.140 10.265
200 0.766 0.140 25.609
300 0.767 0.140 43.541
0.780 0.160
0.770 — — —
0.760 [ 0155
0.750 7 - 0150
& 0740
0730 A\ - 0.145 2
0720 T \g o = #RMSE 0.140
0710
0700 = 0.135

0 50 100 150 200 250 300 350
Tree number

Fig. 9. The performance according to tree number.
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Table 6} Fig. 102 LPF #-g-0f & |5 Rdle] 5 A=
Uepbd Aoltt. 71X o7t F71stel| whet RMSE&— i A
& Holn R FTlelthrt Hujlo 2kt o] 9E] hAgict ut
2 2 dtellME LSTM % RF2] 450 Hthx7F 2 wjo] 715

211 0.9973 0.996 W= H 2] kA= ATt

Table 77} Fig. 11 OCSVM2] rlj7fH g0 uj2 mel o] Oﬂ%—
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Table 6. Effect of LPF on the predictive performance

LST™M RF
¢ R? RMSE R? RMSE
0.000 0.791 0.132 0.767 0.140
0.700 0.807 0.125 0.785 0.132
0.800 0.820 0.119 0.802 0.125
0.900 0.845 0.107 0.810 0.119
0.990 0.946 0.055 0.908 0.072
0.991 0.948 0.053 0.908 0.071
0.992 0.952 0.051 0.908 0.070
0.993 0.955 0.048 0.919 0.065
0.994 0.961 0.044 0.920 0.064
0.995 0.967 0.039 0.920 0.061
0.996 0.972 0.034 0.938 0.051
0.997 0.973 0.031 0.929 0.051
0.998 0.932 0.041 0.889 0.056
0.999 0.879 0.041 0.884 0.040
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Fig. 10. (a) Effect of LPF on the LSTM performance (b) effect of LPF on the RF performance.
Table 7. Effect of OCSVM on the predictive performance
LSTM RF
A4
v R? RMSE Y R? RMSE
1% 0.05 0.847 0.110 0.10 0.794 0.128
2% 0.03 0.852 0.106 0.10 0.793 0.126
3% 0.03 0.866 0.100 0.05 0.795 0.124
4% 0.03 0.864 0.101 0.07 0.800 0.121
5% 0.01 0.866 0.098 0.10 0.801 0.119
6% 0.03 0.863 0.098 0.03 0.789 0.122
7% 0.05 0.853 0.098 0.10 0.775 0.130
8% 0.10 0.856 0.097 0.05 0.757 0.135
9% 0.10 0.860 0.101 0.01 0.724 0.120
10% 0.10 0.843 0.097 0.10 0.749 0.122
(a) 0.870 0.115 (b) 0.820 0.140
0.865 0.110 0.800 0.135
0.860 0.105 0.780 0.130
w
% 0.855 o.1oo§ & 0760 0125 £
o o
0.850 0.095 0.740 0.120
0.845 0.090 0.720 0.115
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Fig. 11. (a) Effect of OCSVM on the LSTM performance (b) effect of OCSVM on the RF performance.
3-2-3. AXE $A 0 wlE A A} Table 8. Effect of data preprocessing on the performance
Table 8= A 2] 224 o]l w2 LSTM 2 RFS] 4% Aujolr}, Model Predictive performance
LPFS} OCSVMS] #4] w2 2 g-3te] A2} AAskge R RMSE
N P P NP PAS AR PRI IS IO PASS IR DAY ) LSTM 0.791 0.132
o - = ;‘o = . o o o erl= = ) LSTM (LPF after OCSVM) 0.968 0.033
S = S o = -o ] 1
0] 25 AR 392 o5 AdeS NS LSTM3t RF (3)  LSTM (OCSVM afier LPF) 0977 0.029
B 10|25 Al F- o)A AARE A7t oV EAE A F () RF 0.767 0.140
O|ZE AAT AR} =2 J5s Bt ®) RF (LPF after OCSVM) 0.922 0.055
Fig. 128 2218 & A5l et Az 2] o3-S v wslr] 23l ©6) RF (OCSVM after LPF) 0.938 0.050
Z} ol 5 RS 103] 3 AaE vERH T8 3olth LSTMS
RFRCH ol o5 A5g molAut ol dAle] o3t %5 At =5 $o) F 2 5% o] Al g7 4% e Holy]
LERdTE W2 RF= o] of] 2415 Bfo] o= gitt. 1) 53] LSTME] 4% s A8t @de] side 2is gle 4= it

Korean Chem. Eng. Res., Vol. 59, No. 2, May, 2021



198 olelzt - Hd
2
0.98 s e d
B3
0.93 ———e(6)
0.88 ©
% 0.83 N0
0.78 ” AN
073 @
0.68
0.63

Trial number

Fig. 12. Effect of data preprocessing on the predictive performance.
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