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Modeling of acetic acid content in
purified terephthalic acid solvent column using principal
component analysis based improved extreme learning machine

HE Yan-lin, WANG Xiao, ZHU Qun—xiongT
(College of Information Science & Technology, Beijing University of Chemical Technology, Beijing 100029, China)

Abstract: Currently, chemical production processes are more and more complex, and there are more and more opration
variables in chemical plants. Therefore, some important process variables can not be measured directly because of the
limitations in practical conditions. A soft-sensing based method is adopted to realize that the production is measured
accurately online, based on which the chemical company can enhance the production amount. To solve the problem, a
principal component analysis (PCA) based improved extreme learning machine (IELM) soft-sensing model was proposed
in this paper. On one hand, IELM method is combined with PCA to let the input values be analyzed by PCA for improving
the generalization performance. On the other hand, the correlation coefficient was used to calculate the positive or negative
relationship between the components and the outputs. Then the network strcture can be determined according to the poaitive
components and the negative components. This structure has an advantage: the input components have the same effection
on the outputs, which can enhance the performance of ELM. Finally, PCA-IELM model was built, and the Triazines dataset
from UCI standard database was selected to verify the effectiveness of this model. Then the PCA-IELM was used as a soft
sensor for modeling purified terephthalic acid (PTA) solvent column acetic acid content. The experimental results show
that when dealing with high-dimensional data the PCA-IELM has better and higher precision modeling than the ELM. The
PCA-IELM model provides a new idea for neural networks applying to complex chemical processes.
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1 5|= (Introduction)
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Hl(extreme learning machine, ELM)P!. Xt A£G 1
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2 tRFR &IPSV (Extreme learning machine

algorithm)
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Fig. 1 Traditional ELM model
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Table 1 Testing results comparison of Triazines dataset
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W2 vz A3 A iR 22 R AT IA 20.1294, “FHIAHR R
Z450.1792. TAESRKIELMM 4%, K H M R k& 2
FHE TN, oz 7 iR 220 0.1419, ~F3AH
X} iR 2 40.1996. # Z 1A 2| 5PCA-IELMAH T 1) A
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5 PTARKMEMAIPCA-TELM5E(PCA-

IELM experimental test on PTA process)

5.1 PTAfj4(Introduction of PTA)
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Fig. 4 PTA process plant
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5.3 PTA %577 it 7K 35 55 T 6 R 5 B Sk ) B s A
(Soft measured modeling of PTA solvent col-
umn acetate content)
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1) FH WA 56 UE PTA RS TS R 2 S AR Y, 2
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[RIRZE Y0 L 2 PN TR 4 TR
54 SR 5HT(Results analysis)
XTPTAEH 1) A8 B AT 70704, 45 RAE BT
R 0. 91 24l _b, EHN F=n AN R 8, X H AT
b5 1,2, 8, XFIX8A F T AT AH R R EL b
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& 2 PTABEA BLKIEE MBI &2 2 SHEA
At LA
Table 2 Testing results comparison of PTA solvent
column acetic acid content

BETR PCA-IELM ELM ELM
(S ==t 4 20 20 55
SEIMSHRZE 0.0086 0.0101  0.0087
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50.0 . . —r e
--¢- PCA-IEL
495 ELM —
jad
49.0 jo 41 %eL Sk
4o * ol 2hst 0 »
= B R VALY E 5 /\_-,_:
= 485 Lk LAk T PALE
ﬁ v ®
B % e
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47.5
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0 20 40 60 80
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Fig. 5 Generalization performance of PCA-IELM model
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6 45 (Conclusions)
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