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Model of R-vine copula based on LASSO regression
and its application in chemical process fault detection
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Abstract: The vine copula model provides a new way to describe the nonlinear and non-Gaussian dependence
of high-dimensional data and has attracted more and more attention in the field of chemical process
modeling. In this article, a novel chemical process fault detection method, LASSO-R-vine copula (LRVC),
is proposed by introducing LASSO (least absolute shrinkage and selection operator) regression into R-vine
copula. LRVC determines the position of the variables in the R-vine matrix according to the strength of the
relationship between the variables, using regression to analyze the regularization path and select the R-vine

copula matrix structure. The R-vine structure matrix model is determined to obtain a sparse matrix model
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related to variables’ independence by following the R-vine matrix construction rules and regression
process. The matrix structure constructed by this method is independent of the copula function type and
parameters. When dealing with high-dimensional complex industrial process data, sparse models and
penalties could simplify the copula function type’s selection process. shorten the modeling time., and make
the statistical modeling more flexible. This method shows an excellent predictive effect in TE and the acetic
acid dehydration process fault monitoring, proving its effectiveness in nonlinear and non-Gaussian
processes.
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Fig. 2 Flow chart of the LRVC monitoring approach
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G AR VIR R B SR AR AL TR HOIR S BOHE A 21 Fh ke R S B AR REACER AT 52 AN LN AR R, o
VSR 22 A BNV 12 DN A8 1 19 A, ABESE AT FHECE 7T M http: / web.mit.edu/braatzgroup/
links.html F# L EBELARE T IER TIEW T TR 52 MR PR 22 DiEL NS R 2 B Rvine
copula AL, SR 960 A TE H FEAS iR i 7 A58 AU, g Aol bR 25 i I R B e e T 960 AR A SR AT I K
XF 21 A~ R A A AT ML K AR BIF S 4R Y U7 ik LRVC 5 ST 4 4 B (TICAD | i i TR & B A
(FGMM) \R-vine copula(RVO) AEHIE T TE i B2 SR ks I AR E 47 b, 25 2R W3R 1 Horp T° 1 SPE 2
ICA et M A e TH48 b » T F8 bn Ml B AR A 1) 5 78 3 7025 (0] 19 28k, SPE 48 b iy 12t B A% ] £ 76 5% 22 25 [A] 1Y
PR A2 AL BIP J2& DU 307 HE 31 Y 5 40 83 (BIP) #6845 . FT 45 F) ) RVC A8 A LRVC BEALT Y S 0Lt i
T E R R AR . 3R OB A 2 O R I OR B U 1 MEL
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Table 1 Fault detection rates of TE process with different monitoring approaches

ICA FGMM RVC LRVC ICA FGMM RVC LRVC
(B4 9E 34
T* SPE BIP FT FT T* SPE BIP FT FT

1 99.62 99.88 99.88  99.50  99.63 12 96.75 99.12 98.50  98.38  98.75
2 97.75 98.12 98.43  98.63 100 13 94.25 94.75 94.63  94.38  94.38
3 1.50 6.50 1.76 0.25 6.25 14 99.88 100 99.88  99.88  99.88
4 1.13 3.13 2.23 0.38 7.75 15 1.38 5.37 8.30 0.25 2.13
5 24.37 26.50 24.50  22.25  26.75 16 20.37 32.37 21.75  16.50  23.38
6 100 100 100 100 100 17 93.75 91.63 93.37  86.75  89.25
7 34.13 36.63 35.78  36.63  40.63 18 89.75 90.63 89.75  89.25  89.38
8 96.25 97.75 97.62  97.00  97.75 19 35.13 15.50 10.88 6.50  18.00
9 1.38 5.37 3.71 0.25 6.13 20 77.00 67.50 70.25  75.50  80.13
10 72.75 70.75 70.87  48.13  70.00 21 19.63 58.13 38.25  40.50  44.13
11 27.63 31.87 19.75  19.63  28.40

ATLLE AT LASSO 91 3 45 € 19 R-vine B4 1 W50 25 S0 F 07 25 5 i A & Rvine JEPFEEBL, 5
FGMM, ICA 7732 e B AT 35 A DN 28, LRV.C R TR g ik s G 00 23 48 s 25 7 M) ) 5 2 4 0 Ay 7 6 I
A A G I 38, FE KRS 2.4~ 9.12.16.20 AR 28 0L HE 45 Jug 140 RS T a5 2R JHL A 530 65 % A 00 050 2R 0 R At 5 A 22
AZ, LRVC FRIA 13 25 B I R0 E T FGMM J7 5 AR 0 25 5 A0 H T ICA Kl J7 Be AE B f& 2.4,
5.7.9.12.20 H#R R BULER A-Aar ) 2

TE & F2 op s 2 & S 1 85 FGMM Jr ik 2 56 1 I [ 2 80 W7 50 2 5 57 I e 54 %) A v
iRt B8 018025 5 ICA J i 70 B0 A48 46 AR 1E 42 I 1 2o b 25 3 0 20 1 B 2k . T LRVC Jr 2 A H
LASSO [l 3 #57 R-vine i P4 A8 BB L, 4 D42 4 20008 A28 i 22 80 09 £ 8, 6 220 1 3F & 0 L 3R 2R 5 1l A
TS B TSI A PERE . & 3 o8 LRVC Jrik B 8 FIHCEE 12 0 W s 1A R A b Ry BB A R
WP BOTEL
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Fig. 3 Monitoring diagrams of TE process failures 8 and 12
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Table 2 Fault detection and false alarm rates of the acetic acid dehydration process

KPCA FGMM LRVC
ECE
T? SPE GLP GLP
FDR 1 0.990 1 1
FPR 0.11 0.045 0.18 0.03
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