BHSRE

Control and Decision

E TR BB HIB R B s i e 3 75 v

SRIEA, £, e, KA, mEE

AL
TRUGEA, T3, m2f gy, . SETHER MG E AR [ gt S Wi 5 k(0] 0] S5 Pe3k, 2021, 36(6): 1361-1367.

TEZRIR]IE View online: https://doi.org/10.13195/j.kzyjc.2019.1342

BT BRSO HAB S EE

Articles you may be interested in

ST AR AT ) EE A R AR 12
Reconstructed fault subspace modelling method based on generalized principal component analysis

P S5 2021, 36(4): 808-814  https://doi.org/10.13195/j.kzyjc.2019.0818
BT A R A A MR AR 1t 43 BT 1 o o i R DX A

Quality—related fault detection for industrial processes based on adaptive mixed kernel canonical variable analysis

P S5 e 2021, 36(4): 801-807  https://doi.org/10.13195/j kzyjc.2020.0690

BET A U B A N PE 8] S R 5 A I 3557
Improved NPE batch process fault detection algorithm based on cross entropy

i 5. 2021, 36(2): 411-417  hitps://doi.org/10.13195/j.kzyjc.2019.0725
MCHEER BGR 2 B GRAd AE SR I T i

Application of improved ensemble deep auto—encoder in bearing fault diagnosis

S5, 2021, 36(1): 135-142  https:/doi.org/10.13195/j kzyje.2019.0270

T AR R R I S B e aod At B IR
Intra—batch correction optimization of batch process with manipulated variable trajectory parameterization based on mutual

information

PRl 5P, 2021, 36(1): 234-240  https://doi.org/10.13195/j.kzyjc.2019.0825


http://kzyjc.alljournals.cn
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2019.1342
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2019.0818
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2020.0690
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2019.0725
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2019.0270
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2019.0825

5 36% 6 = # 5 & K Vol.36 No.6
20214 6 A Control and  Decision Jun. 2021

ETHUXEIR L EIR B RS EFE N 7504

g{‘;‘é_,ﬁqlz,iﬁA I _.jEJr’»_l,2,3,4 r—g‘:J%’é/j_»\l’zSAT, g"(u/]‘(i5, %%%1,2,374
(L ABI TR (5 B8, Ab5T 100124 2. Bk KEE M LA 7L, Jb5t 100124;
3.l piE SIS %, JbaT 100124 4. THER RS B R RS E e =, dbat 100124;
5. MEH Tk K% %ﬁ%ﬁm, IERIHE R 010051)
O ERTEROE R R ARZ N 2 B SR RS SRR T X, B R T AR R A R B R %ﬁ%ﬂlﬁ%ﬂ
I 532 e, A R AR — N AR I AN P B AR A T U R I R SO AR A, R R
fih 5 (convolutional autoencoder, CAR) F 3225 [F] 8l 7 = 4 A4 30 47 4 AE SR, J8E S — 24 B5008 J T )l — 4 i T‘%ﬁz
15 BB R, LR W B 70 5 B A R A5 B, A SR UL AR A8 54 56 6 R N B A8 4k TR B, R S AR B AR 4
=) ER AR AEAS B, 1 ) D0 265 TT LU Rl e 0 R, S IARRAE (14 T8 M B 2% =05 RS, A8 — 2R S R# 1] B L (ome-class
support vector method, OCSVM) fiRFFAIE 7347, R385 (1 G v &=, 1 8 | PR, S e e M s o 5, 3 o 4% 7 3
8L 3] Pensim 15 B £ f 55 20 R 4H M A 74 I D8 1 R TR £ 5 B A P 50, 30AIE T3 7 VA I HER PE A Azr
KA AR ZHBG KB BB RIS RS RN R

FES S TP273 ERFRRRAD: A i
DOI: 10.13195/j.kzyjc.2019.1342 FRFE (iR AR %) #RiRAD (OSID):

IR HKEH], T, m e, & BT HX BB G B gaigiihe I 0077 0], #i53KE, 2021, 36(6):
1361-1367.

Fault detection of batch image-based convolutional autoencoder

ZHANG Hai-li%?3*, WANG Pu'?3*,  GAO Xue-jin">>*, QI Yong-sheng®, GAO Hui-hui*>>*

(1. Faculty of Information Technology, Beijing University of Technology, Beijing 100124, China; 2. Engineering
Research Center of Digital Community of Ministry of Education, Beijing 100124, China; 3. Beijing Laboratory for
Urban Mass Transit, Beijing 100124, China; 4. Beijing Key Laboratory of Computational Intelligence and Intelligent
System, Beijing 100124, China; 5. School of Electric Power, Inner Mongolia University of Technology, Hohhot 010051,
China)

Abstract: Aiming at nonlinearity, multi phases and 3D data matrixes in batch processes, a fault detection method using
a batch image-based convolutional autoencoder is proposed. Process data of each batch is considered as a grayscale
image and is input to the convolutional autoencoder (CAE) directly for representation learning. Data variation in each
batch can be regarded as the texture change of the image. Information loss caused by 3D data unfolding to 2D is
avoided. Meanwhile, variable correlation is effectively extracted using global modeling with no need to phase division.
Convolution operation extracts local conjunction features, and using a autoencoder is an efficient way for unsupervised
learning. Then the one-class support vector methold (OCSVM) is used to constructe monitoring statistic and calculate
control limit for fault detection. By applying the proposed method on the Pensim simulation and recombinant human
granulocyte colony-stimulating factor (thG-CSF) fermentation process, the effectiveness is demonstrated.

Keywords: batch process; multi-phase; batch image; convolutional autoencoder; one-class support vector machine;

fault detection
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