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Research on Mechanism of Depolymerizing Waster PET
by Uniting the Ethandiol and the Luis Alkali

YANG Guang . JIANG Tao . WU Li-mei
Research Crr. -Resource Comp. Util. Engr. . Chongqing University, Chongqing 400044, China

Abstract; The research shows that the depolymerizing reaction of waste PET is a synergetic and accelerated process
that alcoholysis and alkaline hydrolysis act each other under the condition of excessive ethandiol and Luis alkali exist-
ing together. The enhancement of depolymerisation rate and depolymerizing speed are very remarkable. The process
conditions of depolymerizing waste PET and recovery TPA and BG are oversimplified. The depolymerisation rate ex-
ceed 99% at the normal pressure and 180 T in 15 min. The product of colored substance in depolymerizing sysient is
affected by alkaline degree, reacting temperature and reacting time. It can be controlled effectively by choolsing differ-
ent Luis alkali and adjusting the process conditions of depolymerisation.

Key words: waste PET; djpolymerizing; mecharnism
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Belief Network Classifier

XING Yong-kang . SHEN Yi-dong
{ College of Computer Science , Changging University . Chongging 400044, China)

Abstract: Classification is an important research area 1o Artificial Intelhgence, which has a broad-range of applica-
tions such as pattern recognition, diagnosis, data mining, and so on. A best classifier ean be built by using belief net-
works. This paper mainly discusses how o build the Naive Bayes classifliers, the Augmented Naive Bayes classiliers,
and the General Beliel Network classifiers. Their respective advaniages and shortcomings also be shown by a detailed
Contparison.

Key words: classifier; behel networks; machine learning
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