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£ A M= auto-encoder?} self-organizing maps A% auto-encoder with self-organizing map(AE-SOM) 7 9=
o]g3lo] EVA Aukag o] o s 1 Wl WSk, Grangerd] Q1IFES F3l o HE dlolE| Q] o) Hu vk
T gl 24 dolsE 1d i 1] 2ulolHE o832, autoclave RES719] 24 WIFE T2 &
A5I3iTt. dlole dxjz] #gella] dlolele] EFEske WA 2dekar, 292 7t grade®] sample 5 B3 20071
o8 FZ39th 0]F AE-SOMS #A8310] 7} grade®] best matching unit (BMU)S 3319t} 212k BMUS
7lEow 24 dolel7t gt Bloli=AE 710 R tlofEle] oS 3hHsgIt. 3 o do] whaE Al o ddele
contribution plotS ©]-g-5te] RISt o)Al WMpe] IS Granger®] A4S Fall w4l81elct. 1 A
z24 Al A 28] Aokeo] ARE BT ZEHlom ool Ash AINgellx] ZIRIgh 3 o de] st B
5 AR

Abstract — In this study, the AE-SOM method, which combines auto-encoder and self-organizing map, is used to
detect and diagnose faults in EVA production process. Then, the fault propagation pathways are identified using Granger
causality test. One year and seven months of operation data were obtained to detect faults of the process, and the process
variables of the autoclave reactor are mainly analyzed. In the data pretreatment process, the data are standardized and
200 samples of each grade are randomly chosen to obtain a fault detection model. After that, the best matching unit (BMU) of
each grade is confirmed by applying AE-SOM. The faults are determined based on each BMU. When a fault is found, the
most causative variable of the fault is identified by using a contribution plot, and the fault propagation pathway is identified
by Granger causality test. The prognostic of the two shutdowns is detected, and the fault propagation pathway caused by
the faulty variable was analyzed.
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Fig. 1. Process diagram of EVA production process.
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Fig. 2. Schematic of the autoclave reactor.
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Fig. 3. Example of grade changing in EVA production processes.
red: actual grade changing, blue: target grade changing, grade:
ideal grade changing.
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Fig. 4. Structure of AE-SOM.
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A} Alsh= 2 A U grade®] 7R E DA slo] 3744] o]
A AE Y Ak 2ele] A3MdE A vt gl o] & Sl3
AE°] training data®™ AFEF-¥= 2 dolE = BE Y W] 3k
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Table 1. Process variables

Variable # Description
1-7 Feed flow rate
8-11 Initiator flow rate
12-15 Feed temperature/pressure
16-31 Reactor temperature
32 Outlet pressure
33 EVA production rate
34 Modifier flow rate
35,36 Grade
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Fig. 8. Variation of MSE with the number of neurons.
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Fig. 15. Granger’s causality network of the 35 process variables (arrow
direction: direction of causality, arrow width: magnitude of
causality, red arrow: mutual causality).
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