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Abstract

Due to the rapid advancement of modern industrial processes, a considerable number of measured
variables enhance the complexity of systems, progressively leading to the development of multivariate
statistical analysis (MSA) methods to exploit valuable information from the collected data for
predictive modeling, fault detection and diagnosis, such as partial least squares (PLS), canonical
correlation analysis (CCA) and their extensions. However, these methods suffer from some issues,
involving the irrelevant information extracted by PLS, and CCA’s inability to exploit quality
information. Latent variable regression (LVR) was designed to address these issues, but it has not been
fully and systematically studied.

A concurrent kernel LVR (CKLVR) with a regularization term is designed for collinear and nonlinear
data to construct a full decomposition of the original nonlinear data space, and to provide
comprehensive information of the systems. Further, dynamics are inevitable in practical industrial
processes, and thus a dynamic auto-regressive LVR (DALVR) is also proposed based on regularized
LVR to capture dynamic variations in both process and quality data. The comprehensive monitoring
framework and fault diagnosis and causal analysis scheme based on DALVR are developed. Their
superiority can be demonstrated with case studies, involving the Tennessee Eastman process, Dow’s

refining process and three-phase flow facility process.

In addition to MSA approaches, autoencoder (AE) technology is extensively used in complicated
processes to handle the expanding dimensionality caused by the increasing complexity of industrial
applications. Apart from modeling and fault diagnosis, anomaly detection draws great attention as well
to maintain the performance, avoid economic losses, and ensure safety during the industrial processes.
In view of advantages in dimensionality reduction and feature retention, autoencoder (AE) technology
is widely applied for anomaly detection monitoring. Considering both high dimensionality and dynamic
relations between elements in the hidden layer, an improved autoencoder with dynamic hidden layer
(DHL-AE) is proposed and applied for anomaly detection monitoring. Two case studies including
Tennessee Eastman process and Wind data are used to show the effectiveness of the proposed

algorithm.



Acknowledgements

I would like to express my sincere gratitude to all the individuals and institutions who have supported

and contributed to the completion of this doctoral research.

First and foremost, | extend my deepest appreciation to my supervisors, Professors Qingin Zhu and
Ali Elkamel, for their invaluable guidance, unwavering support, and endless patience throughout this
journey. Without their support and guidance, this thesis would not have been possible.

Moreover, | am indebted to the members of my thesis committee, Professor Helen Shang, Professor
Alex Penlidis, Professor Chandra Madhuranthakam, and Professor Pan Zhao, for their valuable insights,
constructive feedback, and critical review of this work. Their diverse perspectives and constructive
criticisms have undoubtedly enhanced the quality of this thesis.

I am grateful to my coworker, Dr. Mohamed EL KOUJOK, research scientist at CanmetENERGY
in Varennes, for the camaraderie and intellectual discussions, which have enriched my understanding

of the subject matter and made the research process more enjoyable.

I am deeply appreciative of my family for their unconditional love, understanding, and
encouragement throughout my academic pursuits. Your support has been the bedrock of my
perseverance. | want to thank all my friends for providing me with constant encouragement and help

during challenging times.

Lastly, | wish to thank the entire department of chemical engineering community for providing an

intellectually stimulating environment in which to pursue my degree.

To all those mentioned above and to those whose names | have inadvertently omitted, your
contributions, whether big or small, have played a crucial role in making this research possible. Thank

you for being a part of this journey.

Vi



Dedication

To my dear parents, my beloved husband, and my lovely kid with my everlasting love.

vii



Table of Contents

Examining Committee MemDErship.......c.cov i ii
AULOT’S DECIATALION ...ttt bbbt b et be bbb e b et e e e ne et iii
Statement OF CONTIIDULIONS..........oiiiiiieie e \Y
AADSTFACT ...ttt n e %
ACKNOWIBAGEMENTS ...ttt b ettt ettt ettt en e e e ene s Vi
D LTo [ or: L1 o] ISP T TR PR PR PP PP vii
LIST OF TADIES ... bbbttt bbb n et Xi
LIST OF FIGUIES ... bbbt b bbbt ettt b bbb e Xii
INOMENCIALUIE ...t bbbt b bbbttt et b bbb nn e XV
Chapter 1 INTrOUUCTION. ......cuveiieiieieitcete ettt bbbt b bbb 1
1.1 IVIOTIVATION ..ot b bbbttt b bbb 1
1.2 RESEAICN ODJECLIVES ....cviieiiiie ettt sttt s ae et e st e e e s beete e besaeereesre e 3
1.3 TheSIS OFQANIZAtION......ceciiiie ettt st et e e s b e e te e be s re e e e sbeesbesbeereesbesaeeneeseeans 3
Chapter 2 Background and Literature REVIEW .........ccuiiiiiieiiiiiiie ettt st 5
2.1 Multivariate Statistical Analysis MethOds.............cceiiiiiiiiiicc e 5
2.1.1 Multivariate Statistical ANAIYSIS.........cccviiiiiiiicc e 5
2.1.2 Nonlinear Extensions of Multivariate Statistical ANalysSiS.........ccccoeevieiiiiiiiieciiesececeeean, 10
2.1.3 Dynamic Regularized Latent Variable RegQreSSion..........ccccvveeneneeieneene e 12

p A e (o Tor TS|V o g o] 1o SRS 13
2.2.1 FAUIT DEEECTION ...t 13
2.2.2 Fault Identification and DIagNOSIS..........cuiiiiriiereieieieisesie st 15

2.3 Causal Analysis for Root Cause 1dentifiCation.............cccoovvriiininineneeee s 18
2.3.1 Time-Domain Granger CauSality ...........ccocuiiriieriniieieee e 19



2.3.2 Conditional Spectral Granger CauSality ..........cccooveriieiiiiiiiie e 20

2.4 AUTOBNCOMERT ...ttt b bbbt e et e et b e e bt b b r e n s 21
2.5 Auto-Regressive Integrated Moving Average Model............ccooviiiiiiniicicicc e 22
2.6 ANOMAIY DEECTION. .....veiieiiieiesiete ettt 23
Chapter 3 Nonlinear Latent Variable Regression for Process Monitoring.........cccoceveveviveveineveeseenne 25
3.1 Kernel Latent Variable Regression and Its Monitoring SCheme............cccccvvveieviiieece e 25
3.2 Concurrent KLVR-based MONITOFING........ccccoiiiiiieie e ste et sttt 28
3.3 SYNLNELIC CASE STUAY ....cviiieeie ittt et sbe e re e besreebeste e e e sreenes 33
3.3.1 Fault in Covariation SUDSPACE.........ccuiiieieieeie ettt sttt sre e be e e sre e 35
3.3.2 Fault in Output-Principal SUBSPACE........c.civeie i s 37
3.3.3 Fault in Input-Principal SUDSPACE..........cocviiiie e 38
3.3.4 Fault in Input-Residual SUDSPACE ........c.coiiiiiie e 40
3.4 Tennessee Eastman Process Case SUAY ........cccecveieieiiiiieie ettt st 42
3.4.1 MoNItoring OF IDV (5) ....ecueieiieieieieiei st 45
3.4.2 MONItOriNg OF IDV (11) ..cveiueiiieieieieie ettt 47
3.5 Dow's Refining Process Case STUAY .........ccuiiiiirierinieieieises st 49
3.0 SUMIMIAIY ..ottt b e et b bbb bt e bt e et bt s e s bt e b e et e s bt e b e e b e s bt e nn e ebeaneenreenee 53
Chapter 4 Dynamic Latent Variable Modeling for Temporal Modeling and Monitoring.................... 55
4.1 Dynamic Auto-Regressive Latent Variable REGreSSiON ..........cocvvivinineiiciecsese e 55
4.2 Concurrent DynamiC DECOMPOSITION .......cciiviriiiiiiiiiieieeeieeee et 59
4.3 Comprehensive Dynamic Monitoring SChEME..........cooviiiiiiii e 62
4.4 Tennessee Eastman Process Case StUAY .......cccooerirerieiiiiini e 64
4.4.1 MOdeling PEIfOIMENCE ......co.eeiiiiie ettt see et e neeaneas 64
4.4.2 Concurrent Monitoring PErfOrmanCe..........ccoveieiiiiiiriie e se e 65



4.5 SUMIMEIY ...ttt e et e r e s et s Rt e et E s s e AR e R e e e e e R e e s e e R e s Re e n e nRe e e e nrear e e renreennenne e 71

Chapter 5 DALVR-based Fault Diagnosis and Causal Analysis Framework ...........ccccccoovevvveviienenne. 72
5.1 DALVR-based Fault Diagnosis and Causal Analysis Framework............cccccceovvrininencnennenn 72
5.2 Tennessee Eastman Process Case STUAY .........ccovririieriiiininesese e 75
5.3 Three-phase FIow Facility Case StUAY ........ccccoviieiiii e 81
5iZ SUMIMAIY <.ttt ettt ettt ettt sttt e bt e st et e e st et e ah b e e sste e e be e e an b e e e beeesbaeeenbeeenreeenntes 84

Chapter 6 Improved Autoencoder with Dynamic Hidden Layer for Anomaly Detection.................... 85
6.1 Autoencoder with Dynamic Hidden Layer..........ccceiiiieiiiieeie ettt 85
6.2 Anomaly Detection Scheme Based 0N DHL-AE ... 88
6.3 Tennessee Eastman Process Case StUAY ......c.ccvcveieieeieiiieieeiese e e sre et se et 89
5.4 SUMIMAIY ...eiiiitieeieiee sttt ettt s st e e bt ss e e et e e e sbae e aabe e e aa b e e eabe e e be e e anbe e e nbeeenbaeeanbeeenreeenntes 93

(@8 T o) (] A @0 g (o (U] o] 4TSRS 94

RETEIBICES ...t b bbb bbb bbbt et bbb 95

Appendix A Calculation of SPectral DENSITY .........ccccoriiiiiiiiiiee e 107



Table 1:

Table 2:

Table 3:

Table 4:

Table 5:

Table 6:

Table 7:

Table 8:

Table 9:

Table 10

Table 11

Table 12:

Table 13:

Table 14:

Table 15:

Table 16:

Table 17:

List of Tables

M for the general form of RBC .........cooiiiiiiiiieeeec s 17
Concurrent monitoring statistics and corresponding control limits .........c..cccocveveieiiveiennnnn, 31
FDRs and FARs for quality-relevant disturbances in TEP .......c..ccccoeviiiviiii v 43
FARs for quality-irrelevant disturbances in TEP ..o 43
Parameters and MSEs of KLVR, KPLS, rLVR and PLS in Dow's refining process ............ 49
FDRs and FARs of algorithms for faulty case in Dow's refining process .........c.ccccoevevvevneane. 50
Monitoring statistics and control limits for CDALVR .......c.ccccooe i 63
MSEs for DrLVR and DALVR in additional simulation of TEP ............ccccoeiiiiniiiinne, 65
FDRs and FARs for output-relevant disturbances in additional simulation of TEP ............. 66
: FARs for output-irrelevant disturbances in additional simulation of TEP ..............c........... 67
: MSEs for DrLVR, DAPLS, and DALVR IN TEP ......cccoiiiiireecr e 75
MSEs for different parts of DALVR IN TEP........ccooiiiiiiiiiie e 75
Monitoring metrics of T2 for quality-relevant disturbances in TEP ..........ccccoevevevevevevennen. 76
FARs of T2 for quality-irrelevant disturbances in TEP ..........ccccoveeviieiicvesieeieeeeseeas 76
Monitoring metrics of T2 for the three-phase flow facility..........ccccocovvvvvvviivivieeeeeene 82
Activation function and parameter selection for IDV (2) in TEP .......cccooviviiiiiniiiicienen 91
Statistical metrics results of algorithms for comparison for IDV (2) in TEP..........cccc..... 93

Xi



List of Figures

Figure 1: Multilayer monitoring framework based on CKLVR...........cccccoiiiiiiiiii e 32
Figure 2: CKLVR-based monitoring diagram............ccceoieeiiireiiiiiie et 33
Figure 3: KPCA-based monitoring results with fault in CVS (f, = 1) oo 34
Figure 4: CKLVR-based monitoring results with fault in CVS (f; = 1) oo 35
Figure 5: KLVR-based monitoring results with fault in CVS (fy = 1) .o 36
Figure 6: KPCA-based monitoring results with fault in OPS (fy, = 4).....cccooeviiiiiniiniiiiii, 36
Figure 7: CKLVR-based monitoring results with fault in OPS (f;, = 4) ..o, 37
Figure 8: KLVR-based monitoring results with fault in OPS (f;, = 4) ..o 38
Figure 9: KPCA-based monitoring results with fault in IPS (f; = 1) oo 38
Figure 10: CKLVR-based monitoring results with fault in IPS (f; = 1) oo 39
Figure 11: KLVR-based monitoring results with fault in IPS (f; = 1) oo 40
Figure 12: KPCA-based monitoring results with fault in IRS (f, = 0.1).cceccovviiivieiiceceeee 40
Figure 13: CKLVR-based monitoring results with fault in IRS (f; = 0.1)..cccooiiiiiiiiiiiieeeee 41
Figure 14: KLVR-based monitoring results with fault in IRS (f; = 0.1) ccoccovviiiviiiicerece e 42
Figure 15: KPCA-based process and quality monitoring results for IDV (5) ......ccccccvcvvivivciviienennn, 45
Figure 16: CKLVR-based monitoring results for IDV (5) ......cccooeeiiininineieiceeeecee e 46
Figure 17: KLVR-based monitoring results for IDV (5)........ccooeoiiiiiiniiiieieseeeese e 46
Figure 18: KPCA-based process and quality monitoring results for IDV (11) .......ccccovvviivineiennennnn 47
Figure 19: CKLVR-based monitoring results for IDV (11) ......ccccooviiiniinininineieeesese s 48
Figure 20: KLVR-based monitoring results for IDV (11).......cccooeieiiininineieeeeesc e 48
Figure 21: KPCA-based process and quality monitoring results in Dow's refining process ............... 51
Figure 22: CKLVR-based monitoring results in DOW's refining ProCess ........c.ccocevvveviinienenenennennnns 51
Figure 23: CKPLS-based monitoring results in DOW'S refining ProCess ..........cccoeveievinienenenennenens 52

Xii



Figure 24:
Figure 25:
Figure 26:
Figure 27:
Figure 28:
Figure 29:
Figure 30:
Figure 31:
Figure 32:
Figure 33:
Figure 34:
Figure 35:
Figure 36:
Figure 37:
Figure 38:
Figure 39:
Figure 40:
Figure 41:
Figure 42:
Figure 43:
Figure 44:
Figure 45:

Figure 46:

KLVR-based monitoring results in Dow's refining ProCess .........c.ccoceovvvriinienenenenennenns 52
KPLS-based monitoring results in DOwW's refining ProCess ..........ccccoeoevvrirenenenenennenns 53
LVR-based monitoring results in Dow's refining ProCess .........c.ccoceoevveieninenenesenennennas 53
PLS-based monitoring results in DOW's refining ProCeSS .........ccoceoerereiesienienieneseseseeens 53
CDALVR-based monitoring framework ..........ccccoceviviiiiii i 60
Output variations for normal case in additional simulation of TEP ...........cccccceviivenenenn, 65
PCA-based process and quality monitoring results for IDV (1) .....ccccooeviviiiiviincieciee 67
CDALVR-based monitoring results for IDV (1) ..o 68
DrLVR-based monitoring results for IDV (1) ... 69
PCA-based process and quality monitoring results for IDV (14) .....cccccoovviviiviniiiecien, 69
CDALVR-based monitoring results for IDV (14) .....cccccveviveiiiieiiic e 70
DrLVR-based monitoring results for IDV (14) ..o 70
Fault diagnosis and root cause identification framework based on DALVR...................... 74
DALVR-based monitoring result for IDV (1) ......ccooiieiieiiiiiieieeeeese e 78
Relative reconstruction-based contribution results for IDV (1).......ccccovvviiiiiniininenenenns 78
Time-domain Granger causality map for IDV (1) .....cccccooiiiiiinenieceeese e 78
Causal FIOW reSults TOr IDV (L)...ccoveiiiiiiisie ettt 79
Conditional spectral Granger causality results for IDV (1) ......c.ccoceverviiiniiniinincnenienens 79
Direct causal analysis FOr IDV (L) ...cvoovoiiiiinieiisieeieeese st 80
DALVR-based monitoring result for faulty case 3..........cccooviiiiiniieii s 81
Relative reconstruction-based contribution results for faulty case 3..........cccccooviiieiiienns 81
Time-domain Granger causality map for faulty Case 3. 83
Conditional spectral Graner causality results for faulty case 3..........ccooeiiviiieiiiiienen 83

Xiii



Figure 47: Direct causal analysis for faulty Case 3...........ccciiiiiiiiiii e 84

Figure 48: Structure of autoencoder with dynamic hidden layer ... 87
Figure 49: Anomaly detection monitoring scheme based on DHL-AE ..o 88
Figure 50: Anomaly detection monitoring results of DHL-AE for IDV (2) in TEP .........ccccocviiinennee. 91
Figure 51: Anomaly detection monitoring results of DKPCA for IDV (2) in TEP ........ccccccooveiveviennns 92
Figure 52: Anomaly detection monitoring results of VAE for IDV (2) in TEP.......c.cccccoviviiviieiennn, 92

Xiv



Aij1

a®

[4:;(N)]

AE
AR
ARIMA

ARX

CCA
CDALVR

CKLVR

Nomenclature

auto-regressive coefficients (I = 1, 2, ..., r) for two time series x;

and X;

®

i

anomaly score for x

coefficient matrix for Fourier transformation at frequency f (i is the

row index, and j is the column index)
autoencoder

accuracy rate

autoregressive integrated moving average
auto-regressive exogenous

regression coefficient of relation between process/input and

quality/output scores
bias of encoder
bias of decoder

diagonal matrix for regression coefficient of relation between

process/input and quality/output scores

width of Gaussian function

loading vector for dynamic part in quality/output matrix
loading vector for static part in quality/output matrix

loading matrix for quality/output matrix

canonical correlation analysis

concurrent dynamic auto-regressive latent variable regression

concurrent kernel latent variable regression

XV



CSGC
CSGijexilzl,zz,...,zv (f)

CVS

DAOS
DAPLS
DCVS
DHL-AE
DiPCA
DiPLS
DIPS
DKPCA

DrLVR

e;(k)

ei(j) (k)

e

conditional spectral Granger causality

CSGC index from the j™ variable to the i*" variable x; exclude at

frequency f

covariation subspace

dynamic order for quality/output variables
degree of differencing for ARIMA
rectangular diagonal matrix in SVD for CVS
dynamic auto-regressive latent variable regression
dynamic auto-regressive output subspace
dynamic auto-regressive partial least squares
dynamic covariation subspace

autoencoder with dynamic hidden layer
dynamic inner principal component analysis
dynamic inner partial least squares

dynamic input principal subspace

dynamic kernel principal component analysis
dynamic regularized latent variable regression
moving average part in ARIMA
residual/prediction errors of the i™" variable

prediction error that excludes the j™ variable to predict the i™®

variable
moving average part existing in the input z at time t in ARIMA

moving average part e existing in the latent variables at time ¢ in
DHL-AE

XVi



E;(f)

ELU

Yax
9s
Isx
Isy
9x

9y

representation of A; (f) X x;(f) + A;; (f) X x;(f) in matrix

calculation (i is the row index, and j is the column index)
exponential linear unit

frequency

fault magnitude for a faulty sample

fault magnitude for a faulty sample for ¢ index

fault magnitude of input

fault magnitude of output

activation function used to construct the hidden layer
activation function used to construct the output layer
Hilbert space

F-distribution with [ and n — [ degrees of freedom
TDGC index from the jt™ variable to the i*" variable
false alarm rate

false detection rate

representation of max(s, d)

scaling factor of ¢, ¢

scaling factor

scaling factor of Qg |

scaling factor of Q,, |

scaling factor of Q, |

scaling factors of Q,, ¢

scaling factor of control limit of ¢ statistic

XVii



G spectral transfer function matrix of incomplete system

elements in matrix G;; = G;; — G#;/Gj; (i is the row index, and j is

Gii _
the column index)
GMM Gaussian mixture model

h degree of freedom
hax degree of freedom of y2-distribution used in @4y 1
hy degree of freedom of y2-distribution used in Q, ¢
hgy degree of freedom of y2-distribution used in Qgy
hg, degree of freedom of y2-distribution used in Qsy,cl
h,, degree of freedom of y2-distribution used in @, ()
h® degrees of freedom of control limit of ¢ statistic

H spectral transfer function matrix of complete system

Hiy () element in spectral transfer function matrix at frequency f (i is the
row index, and j is the column index)

I identity matrix

I d X d identity matrix

L, m X m identity matrix

I, p X p identity matrix
| (s + 1) x (s + 1) identity matrix
ICA independent component analysis

Index(z;) reconstructed fault detection index for z;
Index(z;)¥ reconstructed fault detection index for z; based on ¢ index

IPS input-principal subspace

XViii



IRS input-residual subspace

k dimension of compressed representation in autoencoder
k; representation of ®¢ (Xpew)
k(x;, %) kernel function
K kernel matrix
K. kernel matrix of @,
K; kernel matrix for test samples X;
KPCA kernel principal component analysis
KLVR kernel latent variable regression
KPLS kernel partial least squares
l latent variable number
l, principal component number in CVS
lay principal component number in DAOS
sy principal component number in SIPS
Lsy principal component number in SOPS
L principal component number in IPS
L, principal component number in OPS
L() loss function
Ly predictable quality/output-relevant fault alarm
L, unpredictable quality/output-relevant fault alarm
L process/input-relevant and/or quality/output-irrelevant fault alarm
L Lagrangian function
Leaky ReLU leaky rectified linear unit

XiX



LFP local-field potential

LVR latent variable regression
m process/input variable number
ms latent variable number in kernel
m' latent variable number in hidden layer
M general matrix determined by corresponding monitoring index
MAE mean absolute error
MAR missing alarm rate
MSE mean squared error
MSA multivariate statistical analysis
M2D-CCA multi-objective two-dimensional canonical correlation analysis
n sample number
N(u,0?) Gaussian distribution with mean u and variance o2
NN neural network
NRMSE normalized root mean squared error
OPS output-principal subspace
ORS output-residual subspace
p quality/output variable number
Pa number of time lags for ARIMA
P loading matrix for process/input variables
Py, loading matrix of dynamic process/input variations
| loading matrix of static process/input variations
Py, loading matrix of static quality/output principal variations

XX



PCS
PLS

PR

Qa

Q.
ch
de

de,cl

Qi (f)

Qsx
Usy
Qx
Qx,cl
Qy
Qycl

input-principal loading matrix in CKLVR
output-principal loading matrix in CKLVR
principal component analysis

principal component subspace

partial least squares

precision rate

quality/output weighting vector

order of moving average part
quality/output score matrix

Q statistic

representation of V.D.

control limit of Q statistic

Q statistic for DIPS in CDALVR

control limit of Q,, statistic

spectral density of the target variable x; in incomplete system at

frequency f

Q statistic for SIRS in CDALVR
Q statistic for SORS in CDALVR
Q statistic for IRS in CKLVR
control limit of Q,. statistic

Q statistic for ORS in CKLVR
control limit of Q,, statistic

auto-regressive model order

XXi



rLvVR

rRBC

RBC

RBC%ndex

RBC?

avg,i

RBC?
RelLU
RE
RMSE

RS

Siu(f)

SGC

regularized latent variable regression
relative reconstruction-based contribution

relative reconstruction-based contribution of the i*" variable for ¢

index

representation of W(PTW) ™1

representation of RCTV,D; !

representation of (RTR,) 1R}

parameters for t, , determined by DiPCA

n X m matrix

reconstruction-based contribution

amount of reconstruction along the fault direction ¢;

average values of the i"" variable calculated with RBC;” obtained

from normal data

amount of reconstruction along the fault direction &; for ¢ index
rectified linear unit

reconstruction error

root mean squared error

residual subspace

dynamic order for process/input variables

spectral density matrix of complete system

spectral density of the target variable x; in complete system at

frequency f
covariance matrix of input

spectral Granger causality

XXii



SGCx;x; (f) SGC index from the j™ variable to i variable at frequency f

SIPS static input principal subspace
SIRS static input residual subspace
SOPS static output principal subspace
SORS static output residual subspace
Span{-} span of a set of vectors or matrix
SvD singular value decomposition
SVM support vector machine
t process/input score vector
t predicted process/input score vector
Cax ke score vector in DIPS for x,,
taxk predicted score vector in DIPS for x;,

process/input score vector corresponding to the it latent variable

g (=12..,0)
ty process/input score of (X, V)
thew process/input score vector of X, ew
toxk score vector in SIPS for x;,
oy ke static output score vector in SOPS for x,,
e new process-relevant/input-principal score vector of X, ew
ty new unpredictable quality-relevant/output-principal score vector of X, ey
tr(*) trace of a square matrix
T process/input score matrix
T predicted score matrix of dynamic process/input variations

XXiii



2
de,cl
2
Tdy

2
TS X

representation of Z,. (I;,; @ w)

score matrix of static process/input variations
score matrix of static quality/output principal variations
process/input-principal score matrix in CKLVR
quality/output-principal score matrix in CKLVR
Hotelling’s T2 statistic

Hotelling’s T2 statistic for CVS in CKLVR / DCVS in CDALVR
control limit of T2 statistic

control limit of Hotelling’s T2 statistic
Hotelling’s T2 statistic for DIPS in CDALVR
control limit of T2, statistic

Hotelling’s T2 statistic for DAOS in CDALVR
Hotelling’s T2 statistic for SIPS in CDALVR
Hotelling’s T2 statistic for SOPS in CDALVR
Hotelling’s T2 statistic for IPS in CKLVR
control limit of T;? statistic

Hotelling’s T2 statistic for OPS in CKLVR
control limit of T statistic

time-domain Granger causality

Tennessee Eastman process

three-phase flow facility

quality/output score vector

XXIV



dynamic output-relevant score vector in DCVS for x;,
predictable quality/output-relevant score vector for X, ..y in CKLVR

quality/output score vector containing dynamic cross- and auto-

correlations

predicted quality/output score vector containing dynamic cross- and

auto-correlations

predicted quality/output score vectors containing dynamic cross- and
auto-correlations corresponding to the i™ latent variable
(i=12,..D

quality/output score of (X, ¥x)

predicted quality/output score of (X, yx)
quality/output score vector for Y

auto-regressive output score vector in DAOS for x;,
predictable quality/output score matrix in CKLVR
representation of Z,,(I; ® q)

spectral density matrix of system with one variable excluded for the

causality test

predicted quality/output score matrix containing dynamic cross- and

auto-correlations

quality/output score matrix for Y

predicted quality/output score matrix for Y;
representation of Z,, (3 ® Q)

uniform distribution in the interval [0,1]

input vector for ARIMA

XXV



v®

var(-)

VAE

VAR

Xnew
A

Xnew
Xnew

X(,k

aggressive part existing in the input z at time t in ARIMA
aggressive part existing in the latent variables at time t in DHL-AE
variance of a vector

complex unitary matrix in SVD for CVS

variational autoencoder

vector-autoregressive

process/input weighting vector

process/input weighting matrix

input-principal weighting matrix in CKLVR

weights of encoder

weights of decoder

process/input vector

fault-free input samples

process/input vector after extraction of dynamic and auto-regressive

variations for x;,

the it vector of process/input matrix

element at time ¢ in the i*™® vector of process/input matrix
residual vector in SIRS for x;,

new input sample for testing

representation of PRT Xc,,

representation of (I — PRT) Xpeu

representation of };7_, {iXp_;

process/input matrix

XXVi



=2

residual of process/input matrix in DALVR

a subset of the collected input samples X = [x4, X5, ..., Xg4n] "
residual of process/input matrix

static process/input residual

input matrix for testing

representation of Z, (B ® 1,,,)

representation of [Z, ({ ® I)]

quality/output vector

fault-free output samples

quality/output vector after extraction of dynamic and auto-regressive

variations

the i sample of quality/output matrix
static output residual vector in SORS for y;,
predicted output of X, ew

quality/output matrix

predicted quality/output matrix

output residual matrix

quality/output matrix after extraction of predictable dynamic and

auto-regressive variations

unpredictable output matrix in CKLVR
dynamic part in quality/output matrix
dynamic predictable quality/output matrix

residual of dynamic part in quality/output matrix

XXVii



2®

7

residuals of quality/output matrix
a subset of the collected output samples Y = [y;,¥2, ..., Vsanl"

dynamic cross-correlation quality/output part in quality/output

matrix

dynamic auto-correlation quality/output part in quality/output matrix
representation of Z,,(6 ® 1)

static part in quality/output matrix

reconstructed vector in hidden layer

predicted reconstructed vector in hidden layer

reconstructed vector for a fault-free sample

component of time series z at time ¢

variables that may influence time serise x; and x; (x = 1,2, ...,v)

compressed representation vector for autoencoder at time t (t =
1,2,..,n)

predicted compressed representation vector for autoencoder at time ¢t
(t=1,2,..,n)

compressed representation matrix for autoencoder

predicted compressed representation matrix for autoencoder
representation of [Xg, Xs_1, ..., X1 ]

representation of [Xg, Xg_1, .., Xg—s]

representation of [Y;_,Y;_2, ..., Yy_q]

space in the hidden layer

XXVili



o confidence interval

o nonlinear weighting vector for K

Oy nonlinear projection vector for &

A nonlinear weighting matrix

By weighting coefficient elementsin 8 (x = 1,2, ...,s)
B weighting coefficient vector for process/input scores

Bai parameters of the autoregressive part for ARIMA (i = 1,2, ...,p,)
B backshift operator

y regularized parameter

Yw regularized parameter for w

17 regularized parameter for g

Vs regularized parameter for &

Oy weighting coefficient elementsin § (x = 1,2, ..., d)
o weighting coefficient vector for quality/output scores
r error covariance matrix of incomplete system

representation of (D TV, C(TTKA)"TAKA(T"KA)~'CTV.D;1)!

fe D;TVIC(TTKA)"TA

&y regression error for dynamic inner structure in DALVR

&k regression error for inner structure

EpLs error of relation between process/input and quality/output scores
& white noise error term at time ¢

e® reconstruction error of an input vector x(®

g reconstruction error of x; at time t

XXIX



{x

elements in predicted weighting vector of process/input matrix (x =
0,1,2,...,5)

predicted weighting vector of process/input matrix
parameters of moving average part in ARIMA (i = 1,2, ...,q,)
dynamic weighting coefficient vector for t, x
representation of y /1,

representation of 1,5/,

representation of v, /4,5

representation of y3 /A,

representation of ys5 /4,5

Lagrange multiplier for q

Lagrange multiplier for q and &

Lagrange multiplier for w and 8

Lagrange multiplier for a

variance matrix of latent variables

variance matrix of U,

variance matrix of T,

variance matrix of Uy,

variance matrix of T,

variance matrix of Ts,,

variance matrix of process/input variables
variance matrix of quality/output variables

mean value of a matrix

XXX



& fault direction for a faulty sample

8

process/input matrix with faulty samples

gy quality/output matrix with faulty samples
X space of input and output data
Xha x2-distribution with h degrees of freedom
o density of Gaussian kernel function
) error covariance matrix of complete system
T threshold of anomaly scores
Q) nonlinear projection indicator
N nonlinear input vector for x,,.,, after extraction of predictable
$c(Xnew) -
variations
¢r Knew) residual of ¢ (Xpew)
1) single statistic combined T2 with Q
Od control limit of ¢
Ddx ¢ statistic for DIPS in CDALVR
p(x) process of encoding
projection from the space of input and output data to the space in the
p:x—Z :
hidden layer
o input matrix after nonlinear mapping
P nonlinear input residual
D, nonlinear input matrix after extraction of predictable variations
Dy, representation of Pd’;’%ﬁirgx I_g;i;?"
@, representation of RA;;]RT + I_QP:T

XXXI



elements in predicted weighting vector of quality/output matrix (x =

i 0,1,2,..,d)
Ylp(x)] process of decoding
V7o projection from the space in the hidden layer to the space of input
and output data
P predicted weighting vector of quality/output matrix
1, all-one vector of length k
1, all-one vector of length n
(a,b) dot product between vectors a and b
M* corresponding adjoint matrix of a known matrix M
i, calculation as M;; = M;; — M7, /M;; (i is the row index, and j is the
column index)
X Kronecker product between vectors g and w

XXXIi



Chapter 1

Introduction

1.1 Motivation

To assure the safe operation of industrial processes and the quality of their products, multivariate
statistical analysis (MSA) has been extensively used for the purpose of predictive modeling [1]-[2],
fault detection and diagnosis [3]-[7], and causal analysis [8]-[9], which are critical for the enhancement
of safety, reliability, and maintainability of industrial processes. Among them, principal component
analysis (PCA) [10], independent component analysis (ICA) [11], partial least squares (PLS) [12],
canonical correlation analysis (CCA) [13], and latent variable regression (LVR) [14]-[15] are the most

widely used ones.

As an unsupervised algorithm, PCA has been in common usage from its birth. Assuming that the
data follows Gaussian distributions, PCA extracts the latent variables, which are also known as
principal components, via maximizing the variations of process variables. With PCA, the original
process data can be decomposed into two subspaces: principal component subspace, which includes
most variances of process variables, and residual subspace [10]. To eliminate the assumption of
Gaussian distribution, ICA has been designed to capture non-Gaussian variations via minimizing the
dependence between independent components [11]. When the collected data contains both process and
quality data, supervised algorithms are preferred to fully exploit the information in the data. Supervised
methods are designed to construct the relations between process and quality variables. For instance,
PLS maximizes covariances between input and output, but its extracted space may contain extraneous
variances of process data, leading to ineffective quality prediction. Alternatively, CCA addresses this
issue by maximizing their correlations, but it fails to make full use of the quality information [16]. LVR
was proposed to maximize the prediction projection of quality data on the latent space, and it has shown

superiority over PLS and CCA in terms of quality-relevant modeling and monitoring [14].

Considering the advantages of LVR, a novel concurrent kernel LVR (CKLVR) is proposed in this
thesis to improve the quality-relevant modeling performance and realize a comprehensive nonlinear
monitoring framework. In the CKLVR algorithm, the kernel LVR (KLVR) is designed to map the
process matrix into a higher-dimensional feature space, where process and quality data are related
approximately linearly. It is noted that a regularization term is also designed in KLVR to avoid the

negative effects brought by strong collinearity. Further, subsequent decomposition is conducted to
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decompose the extracted feature space into different subspaces, including process-relevant variations,
potentially quality-relevant variations, and quality variations that are not predictable from process, with
each serving a particular monitoring purpose. The monitoring framework is referred to as multi-layer
monitoring, since different fault alarming levels are attached to these spaces, where quality and quality-
relevant anomalies receive the highest alarming level while process-relevant ones are ranked as the
lowest. The superiority of the proposed algorithm is demonstrated through case studies of a numerical

example, the Dow’s Refining Process and the Tennessee Eastman process (TEP).

In addition, dynamics is also a key issue in the related field since it is one of the typical characteristics
of real-world processes, and two kinds of dynamics exist, namely the temporal dependence between
adjacent samples, and the dynamic cross-correlations between various variables. It is of key importance
to capture temporal relations, and various dynamic models were proposed, such as dynamic PLS [17],
dynamic CCA [18], and dynamic rLVR [19]. These methods are effective to capture cross-correlations
between the input and output data. To fully exploit both auto and cross temporal relations, dynamic
auto-regressive approaches have been proposed inspired by the auto-regressive exogenous (ARX)
model, such as dynamic auto-regressive PLS (DAPLS) [20]. DAPLS has better performance in
modeling and monitoring, but it still suffers the same issues as the PLS. Considering the superiority of
LVR over PLS and CCA, a novel dynamic auto-regressive LVR (DALVR) algorithm is designed to
fully exploit system dynamics, which can capture dynamic cross-correlations and auto-correlations
simultaneously. DALVR-based concurrent monitoring scheme is also developed for comprehensive

monitoring.

After identifying anomalies, the fault diagnosis can be further used to determine the root cause. The
existing diagnosis methods include contribution plots [21], subspace extraction methods [22], and
reconstruction-based contribution (RBC) [23]. Compared with other approaches, RBC has the great
advantage of its non-rigorous diagnosability analysis and the inability to diagnose faults with unknown
directions in contribution plots and subspace extraction methods [24]. To further eliminate the smearing
effect, causal analysis can be proposed to investigate causal relations between contributing variables
selected by RBC. As one of the most commonly used approaches, Granger causality is chosen to

construct a fault diagnosis and causal analysis framework in this work.

Apart from MSA methods, it is also valuable for autoencoders (AE) to exploit dynamic relations in

the datasets. AE is a current research focus due to its ability to extract features and reduce



dimensionality of datasets [25]. However, due to the assumption of most AE algorithms that data points
are considered as independent samples, it is still a challenging issue to deal with complex data,
especially dynamic relations. To overcome this issue, an improved AE is proposed to capture dynamics
in the hidden layer. The corresponding anomaly detection monitoring framework is developed as well

for the safety and security of complex processes in industrial applications [26].

1.2 Research Objectives

The primary objectives of this research are listed below:

1. A nonlinear LVR algorithm with a regularization term is designed to model the nonlinearities and
collinearity in complex processes and thus to improve the predictive modeling performance. Based on
this nonlinear LVR method, a concurrent modeling and anomaly detection scheme is proposed to
extract and monitor nonlinear variations in process and quality spaces comprehensively, where the

monitoring index is designed for each extracted subspace with different alarming levels.

2. A novel dynamic auto-regressive regularized LVR (DALVR) algorithm is proposed to exploit
dynamic correlations and auto-correlations simultaneously. A DALVR-based concurrent modeling and

fault detection framework is developed for multi-layer comprehensive monitoring.

3. An integrated fault diagnosis and root cause identification framework is developed based on
DALVR for causal analysis, where a relative RBC (rRBC) is first proposed to narrow down the faulty
candidates, and then the integration of time-domain Granger causality (TDGC) and conditional spectral
Granger causality (CSGC) is developed to improve the efficiency and effectiveness of root cause

analysis.

4. Considering dynamic relations in the hidden layer, a novel autoencoder is designed to address
high-dimensional and time-dependent issues existing in the real-world data simultaneously. On the

basis of the improved autoencoder, an anomaly detection monitoring scheme is constructed.
5. Simulation and industrial datasets are used for case studies to validate the superiority and

effectiveness of proposed methods.

1.3 Thesis Organization

To make a clear scope view to the structure of the thesis, all the chapters are organized as follows:



1. Chapter 1 gives a general introduction to the primal motivation, research objectives and
organization of this research.

2. Chapter 2 provides a brief background introduction of MSA methods, process monitoring, fault
diagnosis and causal analysis. Some classical MSA approaches are introduced in this chapter, such as
principal component analysis (PCA), partial least squares (PLS), canonical correlation analysis (CCA),
and latent variable regression (LVR), together with their nonlinear and dynamic extensions. The
following is the content of process monitoring, involving fault detection, identification and diagnosis.
Two of the most frequently used approaches, contribution plots and RBC, are presented. Additionally,
the definition of causal analysis and two causal analysis methods are contained in this chapter, including
TDGC and CSGC.

3. Chapter 3 proposed kernel latent variable regression (KLVR) and its concurrent quality and
process-related monitoring framework. Case studies on a synthetic case, Tennessee Eastman Process

(TEP) and Dow’s refining process are demonstrated to show the superiority of CKLVR.

4. Chapter 4 elaborates the details of DALVR with the corresponding concurrent monitoring scheme,

and its performance is validated with the additional TEP data.

5. Chapter 5 presents a fault diagnosis and root cause identification framework based on DALVR,

and its superiority is shown by case studies on TEP and the three-phase flow facility (TPFF) data.

6. Chapter 6 demonstrates a novel autoencoder with dynamic hidden layer (DHL-AE) and the
corresponding anomaly monitoring scheme. The effectiveness can be proven by a case study on TEP
data.

7. Finally, Chapter 7 draws the conclusions.



Chapter 2

Background and Literature Review

2.1 Multivariate Statistical Analysis Methods

2.1.1 Multivariate Statistical Analysis

Due to the advanced data sensory techniques, the explosive growth of collected data has brought large
values and challenges to the industrial applications. Data-driven statistical process monitoring has been
extensively employed in the area of process systems engineering for prediction [1], process monitoring
[2]-[3], fault identification and diagnosis [3]-[7], and causal analysis [8]-[9], which plays a vital part in

ensuring product quality and operation safety in industrial processes.

Various machine learning algorithms are proposed and adapted to improve monitoring accuracy,
including both unsupervised and supervised ones. As an unsupervised modeling algorithm, principal
component analysis (PCA) [10] has been widely applied to the extraction of latent variables by
maximizing the variations of the projected variables, and it decomposes the original data into principal
component subspace (PCS) and residual subspace (RS). PCS contains most variances of the original
data, while RS mainly includes the noise [27]. The PCA-based monitoring is constructed to detect faults
in PCS and RS via T2 statistic [28] and Q statistic [29], respectively. Several variants of PCA have also
been developed in the past decades. For instance, multiblock PCA was developed by Westerhuis et al.
[30] for enhancing the interpretability of multivariate algorithms, which is applicable to data with large
number of variables. Multi-scale principal component analysis was designed by Misra et al. [31] for
the detection and identification of faults at different scales. Amin et al. [32] combined multivariate

exponentially weighted moving average with PCA to handle the monitoring of unobservable faults.

PCA considers statistics (mean and variance) of the data, and it assumes that the data follows a
Gaussian distribution. Instead, independent component analysis (ICA) [33] removes the assumption of
data distribution, and it decomposes the original data into a linear combination of independent
components and captures non-Gaussian variations by minimizing the dependence between independent
components [34]. In recent years, modified versions have been proposed by researchers. Kano et al.
[35] used ICA to transform the observed multivariate data into statistically independent components,
and combined ICA with a novel statistical process control method focusing on data-driven essential

variables that could be estimated from measured process variables. PCA-ICA integrated with Bayesian
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method was developed by Jiang et al. [36] for non-Gaussian fault diagnosis, which was employed to
generate signature evidence of efficient fault. An improved ICA methodology named multi-scale
independent component analysis [34] was put forward in order to improve the monitoring performance

under noisy environment.

Both PCA and ICA pay attention to the input or output only, thus failing to consider the connection
between input and output variables, which increases the difficulty to locate the root causes.
Alternatively, partial least squares (PLS) [12] serves as a supervised learning algorithm, and it
constructs its latent space by maximizing the covariation between input and output data. PLS focuses
on both the process and quality data, but some components of the captured principal features are
orthogonal or irrelevant to the output data, which may deteriorate the monitoring performance. Further,
its residual space may contain large variations, which are not appropriate to employ Q index for
monitoring. Improvements of basic PLS have been developed over the past few years. For instance, a
novel framework of localized process diagnosis based on multiblock PLS was utilized for the
monitoring of a complex chemical process [37]. To capture the characteristics of dynamic processes,
a dynamic inner PLS (DiPLS) was designed by Dong and Qin [17], providing an explicit description
for dynamic inner and outer models simultaneously. To achieve efficient modeling of processes, Xu
and Zhu [20] proposed a novel dynamic auto-regressive PLS (DAPLS) approach to capture both auto-

correlations and cross-correlations between the input and output data.

In contrast to PLS, CCA extracts latent variables by maximizing the correlation between input and
output data, thus all the captured information is related to the output. Therefore, it eliminates the
extraneous variances caused by the input variables, leading to a better prediction power. Various
extensions of CCA have also been proposed for the purpose of tackling processes with more complex
characteristics. Combined with the statistical local method, an improved CCA-based fault detection
approach was put forward for the sake of incipient multiplicative faults in the industrial practice [38].
A generalized CCA-based scheme integrated with the threshold-setting based on the randomized
algorithm was developed by Chen et al. [39] to improve the fault detection performance. Jiang et al.
[40] designed a multi-objective two-dimensional CCA (M2D-CCA)-based framework for fault
detection with respect to successive batch processes. The issue involved with CCA-based monitoring
methods is that the variances of the output variables are not exploited, which, however, is important for

quality-relevant monitoring [41].



In order to overcome the variance issue involved in PLS and CCA, latent variable regression (LVR)
was proposed to consider both the correlation between input and output data and the variances of quality
variables. The superiority of LVR over PLS and CCA in terms of quality-relevant modeling and

monitoring was demonstrated both theoretically and experimentally in Zhu’s work [42].

To elaborate the algorithms proposed in this work, some classical MSA methods, PLS, CCA, and

LVR, and their corresponding monitoring methods are reviewed in subsequent subsections.

2.1.1.1 Partial Least Squares

As one of the most extensively used algorithms, PLS [12] lays a solid foundation for further research
and investigation on MSA. Assume that the input matrix is defined as X = [x;, X5, ..., X, ] € R™™,
which contains n samples with each having m process variables, while the output matrix is denoted as
Y = [y1,¥2, ., ¥nl " € R™P with p quality variables. The objective of PLS is

max Jouer = t'u=w'X'Yq
w,q

2.1)
s.t. lwll=1,]lqll =1

where t = Xw and u = Yq are defined as process and quality score vectors, and they represent the
projections of input and output matrices, respectively. w € R™ and q € RP are weighting vectors for
X and Y, respectively. Here, the constraints are used to ensure the stability and solvability of the model.
Setting the norm values of w and q equal to 1 aims to look for unit vectors that maximize the covariance.
Eqg. (2.1) defines the objective of PLS outer structure, and its solution can be obtained with the aid of

Lagrange multipliers.
For the inner structure, PLS constructs a relation between process and quality scores as
t= bu + SPLS (22)

where b and €p; 5 represent the regression coefficient and error, respectively. The prediction of process

score vector is denoted as t = bu, where b = u't/t"t. More details can refer to Literature [12].
With [ latent variables extracted by iterative procedure, PLS decomposes X and Y as follows:

— T
{x =TPT +X, 23)

Y=TBQ" +Y,



where T = [ty,t,,...,t;] € R™! is the score matrix, P = [py,py ...p;] € R™ and Q=
(41,93, .-, q;] € RP*! denote the loading matrix for process variables and quality score matrix, and
B = diag[by, b,, ..., b;]. X,- and Y,. are residuals of input and output matrices, respectively.

For a new data sample x,.,» € R™, its quality variables are predicted by PLS as
Vnew = QRTXnew (24)

where R = W(PTW)™t € R™ with W = [wy, w,, ..., w;] € R™* as the input weighting matrix.

Xpew Can be decomposed as Xpew = Xnew + Xnew: aNd Ko and X, ey are
Rnew = PRT Xpow € Span{P} (2.5)
Knew = (I— PRT) X, oy € Span{R}*. (2.6)

Assuming that variations in X and Y obey normal distribution, monitoring indices, the Hotelling’s
T2 [28] and Q indices [29], can then be defined to detect whether anomalies are involved in &, and

Knew- T2 and Q can be obtained as
T? = thewA 'thew (2.7)
Q= ||)~(r1ew”2 = igewinew (2.8)
where the latent score vector tye, = R Xpew, and A = ﬁTTT contains the variances of the latent

variables. T2 index is used to monitor faults that are relevant to quality variables, while Q index is to

capture anomalies existing in the residual space.

Their corresponding control limits are designed as [3]

s _l1)
cd — n(n-10) In-lLa (29)
Qa = gSX]'Zl,(X

where «a is the confidence interval, and the confidence level is represented by (1 — a) X 100%. F;,,_;
denotes an F-distribution with [ and n — [ degrees of freedom. y7 , defines a y2-distribution with h
degrees of freedom, and g is a scaling factor [58]. The calculation of g, and h are calculated according

to Literature [28]. When the sample number n is large enough, T3 can also be approximated by T3 =
Xia [29]



2.1.1.2 Canonical Correlation Analysis

PLS extracts latent variables by maximizing covariances between quality and process data, but it fails
to avoid variance information that is not highly correlated to quality data. To overcome this drawback
of PLS, CCA focuses on maximizing correlation between quality and process data. In this case, all the

captured information is related to quality data. The objective of CCA is formulated as follows [18]:

t'u
X J

max | = . (2.10)
tu (el ull

where t and u are score vectors of process and quality matrices. Considering the definition of
correlation, Eq. (2.10) can be reorganized as
max /| =t'u=w'X"Yq

w.q (2.11)
s.t. |[Xw]l = 1,]Yqll = 1.

After all latent variables are extracted, CCA decomposes X and Y as

X=TPT +X
{ X (2.12)

Y=TQ" +Y,.
T2 and Q statistics of CCA for process monitoring can be constructed as shown in Egs. (2.5) - (2.9).
More details can be found in Literature [13] and [18].

2.1.1.3 Latent Variable Regression
LVR shows its superiority due to its better prediction performance than PLS and more sufficient
exploitation on the quality information than CCA [14]. LVR considers the correlation between X and

Y and the variance of Y simultaneously, which is shown as

max | =w'X'Yq
w,q

(2.13)
s.t. [[Xw]l =1,]lq]l =1

where the symbols in Eq. (2.13) are identical to those in Eq. (2.1).

The calculation of matrix inversion (XTX)~ 1 is involved when obtaining model parameters in Eq.
(2.13), and LVR may get poor modeling performance in the existence of strong collinearity in X [14].

Thus, a regularization term is introduced into LVVR, which constructs a regularized LVR (rLVR) method.



max | = q"Y"Xw -5 [lw]]?
w,q

(2.14)
s.t. [IXw]l =1,]lq]l =1

where % |lw||? is the regularization term to handle the potential singular value issues in XX, and y is

the regularized parameter.

With rLVR, X and Y can be decomposed into

— T
{X = TPT +X, (2.15)

Y=TC™ +Y,
where T, P, X, and Y, have the same meaning as those in PLS, and C € RP*! denotes the loading
matrix for quality variables. The detailed algorithm can be found in Literature [14] and [42]. Similar to
PLS, T2 and Q indices and corresponding control limits can be developed for rLVVR based on Egs. (2.5)
- (2.9).

2.1.2 Nonlinear Extensions of Multivariate Statistical Analysis

The typical MSA methods including PLS, CCA, and LVR are based on a linearity assumption, and
their performance is usually poor in practical industrial processes, since nonlinearity is inevitable in

these processes.

The aforementioned algorithms are capable of process monitoring, but they are based on the implicit
assumption that there exist linear relations between process and quality variables, leading to poor
performance in real-world nonlinear processes. To overcome this issue, their nonlinear extensions were
proposed. Wold et al. [43] employed quadratic polynomial to build up the nonlinear relations for the
applications such as multivariate calibration and process optimization. Rosipal and Trejo [44] proposed
a kernel PLS (KPLS) methodology for nonlinear data by combining the reproducing kernel Hilbert
space with PLS to project the original data into a higher-dimensional feature space. After nonlinear
mapping, linear relation can be established and extracted in the higher-dimensional feature space,
leading to better monitoring performance. The multi-scale KPLS algorithm was designed by Zhang and
Hu [45] to exploit the multi-scale nature of nonlinear data by incorporating KPLS with wavelet analysis.
Zhou et al. [46] developed a new fault identification method for KPLS-based monitoring to deal with
the issue of strong nonlinearity and few fault samples. Nonlinear counterparts were also developed for
CCA such as kernel CCA [47] and mixture CCA [48].
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Apart from nonlinear extensions of the aforementioned algorithms, other nonlinear machine learning
methods are also popularly used to address this issue, such as neural network (NN) and support vector
machine (SVM) models. Qin and McAvoy [49] developed a neural net PLS algorithm by embedding
multilayer neural networks into the PLS modeling. Shang et al. [50] proposed a NN based soft sensor
to model massive nonlinear data. Based on the optimization of neuron number in the hidden layer of
NNs, a hybrid artificial neural network model was designed for the fault detection and diagnosis of
complex process systems [51]. SVM has also been utilized to handle nonlinear problems by
incorporating the kernel trick, which projects the input data into a higher dimensional subspace and
obtains solutions via solving quadratic programming optimization [52]. Compared with NNs, SVM can
avoid the local minimum problems which exist in neural networks, leading to great generalization
capacity. For instance, Li et al. [53] combined SVM and kernel PCA (KPCA) and developed a novel
fault recognition algorithm, leading to a higher recognition rate than KPCA. An SVM-based algorithm
designed for fault detection in high-speed trains was studied by Liu et al. [54] with cost-sensitive
strategy handling imbalanced data and weighted-feature strategy differentiating features. Other
nonlinear methods including k-nearest neighbor algorithm [55]- [56] are also applied for process
monitoring. However, these algorithms are time-consuming due to their computational complexity, and
their interpretability is weak compared with kernel MSA methods. Thus, in this work, Gaussian kernel
function is chosen to construct a nonlinear variant of MSA methods, and its concept is defined as
follows [57]. Suppose x € R"™ is a non-empty subset, and ¢ is a nonlinear mapping from x to a Hilbert

space F. k(x;,x;) is defined as kernel function:

k(xi, %) = (@ (x;), d(x7)) Vx;,%; €X (2.16)

where (a, b) denotes the dot product between vectors a and b. The kernel function changes a non-linear

problem into a linear one.

As one of the most popular kernel functions, Gaussian kernel function has better smoothing
performance and ability to approximate any nonlinear function using fewer parameters. Thus, it is

widely used for nonlinear issues, which is given by

2
1 % — x|
k(Xi,X]’) = Eexp (-T (217)
where ¢ is density of Gaussian kernel function and it is an adjustable parameter.
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To simplify the calculation, Eq. (2.17) can be rewritten as

c

2
k(xi,xj) = exp (— m) (2.18)

where ¢ represents the width of a Gaussian function, which determines the robustness of kernel

mapping.

2.1.3 Dynamic Regularized Latent Variable Regression

Correlation is one of the typical characteristics of real-world processes, and it can be classified into two
categories, namely the temporal dependence between adjacent samples, and the dynamic cross-
correlations between various variables. Various dynamic extensions were proposed, such as dynamic
PLS [17], dynamic CCA [18], and dynamic rLVR [19]. These models consider dynamic cross-
correlations, while the dynamic auto-correlations are ignored, which are also very important for the
accurate prediction and monitoring performance of quality variables. Due to the superiority of LVR
over PLS and CCA which has been discussed in the previous section, the dynamic variant of LVR,
namely dynamic rLVR (DrLVR) [19], is reviewed in this section, which serves as a steppingstone to

the objectives proposed in this work.

DrLVR maximizes the covariance between current quality score and current and past process scores,

and its objective is

max J = q"YJZ,(8 @ w) — L1|f ® wll?
w.q.8

(2.19)
s.t. IZsBO W)l =1,([qll =1, I8l =1

where Z; = [Xs, Xs_1, ..., X1] € RVN*0) and X; = [X;, X541, -, Xion]T € RV (i =0,1,...,5) is a
subset of the collected input samples X =[X;,X,...,Xeiy]T € RAF>Xm y —
[Vis1, Viezs - Vien] ' € RV*P is a subset of the collected output samples Y = [y;,¥5,...,Vesn]' €
RW+)XP and s is the time lag which reflects the dynamics degrees in the system. B =
[Bo, B1---, Bs]T € R5*T represents the weighting coefficient vector for w, and B @ w denotes the

Kronecker product between B and w. gllﬁ ® w]||? is the regularization term to deal with the

collinearity issue existing in the original data.

To align with the dynamic outer model, the inner structure of DrLVR is constructed by a linear

regression between quality score and a set of past process scores as follows:
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U = Potk + Pitk—1 + -+ Bsti—s + &k (2.20)

where t, = xJw and u;, = yj q represent process and quality score of the sample (X, yx). & is the
regression error. To extract other sets of latent variables, deflation should be performed on X and Y,
[19].

DrLVR decomposes X and Y, as

X=TPT +X
{ " (2.21)

Y, =0,CT +Y,
where Uy is the prediction of quality score matrix Uy = [us,lfus,Zf ---,“s,z] € R¥*!, Here, us = Y,q
corresponds to the quality score of the i* latent variable, and ug = [Ugy1, Ugsz, o) Ussn] € RV,

Other symbols retain the same meanings as those in Egs. (2.1), (2.13), and (2.14).
Based on Eq. (2.21), the predicted output Y; is expressed as
Y, =0.C". (2.22)

Similar to PLS and rLVR, DrLVR-based monitoring is performed on a new sample (X, yx)
according to Egs. (2.5) - (2.9). More details on DrLVR and its monitoring scheme can be referred to
Literature [19].

2.2 Process Monitoring

Over the past few decades, multivariate analysis has been commonly applied for process monitoring.
As one of the most active research domains in process control, statistical process monitoring (SPM)
has been developed and used for different industrial applications, such as chemicals, microelectronics,
manufacturing, and pharmaceutical processes. The related tasks involve fault detection, fault
identification, fault diagnosis, fault estimation, and fault reconstruction [3]. In this work, we focus on
fault detection, identification, and diagnosis. Note that for process monitoring, process data is in
accordance with the connotation of input data, while quality data is consistent with the definition of

output data.

2.2.1 Fault Detection

Fault detection is considered as the first step in process monitoring, and monitoring statistics are used

to determine abnormal datapoints. The Hotelling’s T2 and Q statistics are used to detect out-of-control
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situations in principal component subspace and residual subspace, respectively. Q is also known as the
squared prediction error (SPE) [3]. Combined T2 with Q, a single index ¢ was proposed for monitoring
as follows [3]:

T? Q

— = (2.23)
TCZI QCl

(p =
where T2 and Q represent the control limits of T2 with Q, respectively.

Assuming that ¢ follows a y2-distribution approximately, its control limit ¢ is obtained by

Pa =9 X 4 (2.24)
where

(S ®)? , _ [tr(S.P))?

o =X pe —
tr(S,®) ’ tr(S,®)

and S, is the covariance matrix of input X.

These statistics are effective for quality-relevant monitoring, but they ignore process-relevant
variations and quality variations that are not predictable from process variables, which are also of vital
importance for operation safety and product quality. To address this issue, several decomposition
methods have been developed to obtain more comprehensive monitoring results. The orthogonal signal
correction (OSC) was used to remove information unrelated to the output [59], but it fails to provide
enough information on the input data. Later, the total PLS (TPLS) was put forward by Zhou et al. [60]
to resolve these issues by decomposing the space of process data into four different subspaces. However,
the output-relevant monitoring of TPLS only focuses on quality variances that can be predicted by the
process variables. Additionally, it is unnecessary for TPLS to decompose the process space into four
subspaces, and it is sufficient to differentiate between output-relevant and input-relevant variances.
Alternatively, to monitor process-relevant and quality-relevant faults, a concurrent PLS (CPLS) [61]
was developed to partition the original feature space into five subspaces, involving covariation subspace,
output-principal subspace, output-residual subspace, input-principal subspace, an input-residual
subspace. The CPLS-based monitoring considers both process and quality variables, which constructs
comprehensive monitoring of both process-relevant and quality-relevant faults. A similar concurrent
framework was also developed for CCA. Similar to CPLS, concurrent CCA was proposed by Zhu et al.

[62] for quality-relevant fault detection, decomposes the original data space into five subspaces,
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including correlation subspace, process-principal subspace, process-residual subspace, quality-
principal subspace, and quality-residual subspace.

2.2.2 Fault Identification and Diagnosis

Once an anomaly is detected with the monitoring statistics, it is necessary to determine its assignable
causes. Several approaches are proposed for fault identification and diagnosis, such as contribution
plots [21], subspace extraction methods [22], and reconstruction-based contribution (RBC) [23].

As one of the early proposed fault diagnosis methods, contribution plots diagnose the causes by
identifying the corresponding contribution of each variable to the monitoring indices, with the
assumption that faulty variables contribute more to the monitoring statistics. Hopkins et al. patented
the commercial use of contribution plots. A novel contribution plots method with a new indicator was
developed by Wang et al. [63] for quality relevant fault diagnosis. Bounoua and Bakdi [64] improved
the contribution plots to analyze the cause for abnormal process conditions, indicating more accurate
information. Additionally, an enhanced comprehensive contribution plots approach was designed to for
Bayesian fusion based distributed multivariate statistical process monitoring, which improved its fault

isolation efficiency [65].

Subspace extraction methods are also developed for root cause analysis. For instance, a PCA-based
subspace reconstruction approach was proposed by Dunia and Qin [66] for multidimensional fault
identification and reconstruction. Subsequently, Gertler et al. [67] put forward an isolation enhanced
PCA method. Based on a robust reconstruction error calculation, a novel fault identification method
proposed by Choi et al. [68] was formulated to handle nonlinear relations by kernel PCA. Besides, to
deal with inaccurate fault subspace extraction and unidentified false alarms, a modified PLS algorithm
developed by Hu et al. [69] was designed to gain a precise subspace through orthogonal decomposition

and extract purer quality-related and quality-unrelated fault subspaces.

To address the issues involving non-rigorous diagnosability analysis and inability to diagnose faults
with unknown directions in the previous methods, Alcala and Qin [23] proposed an RBC approach,
which denotes the amount of reconstruction in the direction of each variable to minimize the fault
detection statistics. Later, several variants of RBC have also been proposed. Specifically, a generalized
RBC approach with a total PLS model was created by Li et al. [70], showing its superiority to
contribution plots-based diagnosis methods. To identify the variables that are the most responsible for

the fault, He et al. [71] established a generic reconstruction based multivariate contribution analysis
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framework for fault diagnosis with a branch and bound algorithm for the efficient solution to the
combinatorial optimization problem. Two modified RBC approaches including a generalized RBC
method and RBC ratio method were proposed by Mnassri et al. [72] to tackle complex faults and
remedy the defective of the traditional RBC method.

As preliminaries of proposed fault diagnosis and causal analysis framework, contribution plots and

RBC methods are reviewed in the following subsections.

2.2.2.1 Contribution Plots

T? and Q are the most commonly used statistics for fault diagnosis with contribution plots.
Contribution plots on T2 denote the significance of the effect of for each variable, which focus on score
vectors of MSA methods. Variables with the largest contributions are selected as contributing variables
which cause abnormal situations. Contribution plots on Q indicate the contribution of each variable. If
the Q value of a sample vector is abnormal, the corresponding variables with significant contribution

need further investigation.

The contribution of Q for each variable is simply dividing the summation of Q into each variable,
while the contribution of T2 is not defined clearly as that of Q due to the definition of T2 [3]. Nomikos
defined a distribution T2 involving cross talk among variables, potentially resulting in negative
contributions [73]. To eliminate the cross talk among variables and locate the root cause of a faultin a
decentralized manner, Qin et al. [74] proposed novel definitions of block and variable contributions to
T2 and Q for decentralized monitoring. Westerhuis et al. [75] included all principal components for the

generalization of T2 contributions.

There is no need to provide any prior knowledge required to generate contribution plots, which makes
contribution plots method easy to calculate. However, prior knowledge is necessary to interpret the
plots and find the root cause. As explained and analyzed by Kourti and MacGregor [76], although
contribution plots cannot locate the cause of an abnormal situation explicitly, they narrow down the
range of candidates for root cause, since the contribution from each variable is propagated to other
variables in obtaining the projection of residual subspace. Such “smearing” effect will reduce the
difference between contributing and non-contributing variables, leading to misidentification in some

cases [3]. Thus, further studies are necessary to overcome the drawback of contribution plots.
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2.2.2.2 Reconstructed-Based Contribution

To eliminate the “smearing” effect, the reconstruction-based contribution (RBC) with known fault
directions and fault magnitude has been developed to locate the assignable cause from a set of

contributing variables which are considered as candidates of root cause.

Since RBC retains satisfactory fault diagnosis performance, it is used as the basis of our work, and
its idea is reviewed briefly in the following. For a faulty sample x, a reconstructed vector along its fault

direction &; with a fault magnitude of f; is expressed as
z; =X —&if; (2.25)

where z; represents a fault-free sample. Then, the general form of a reconstructed fault detection index

is constructed as
Index(z;) = z/ Mz; = ||z; 1§ = lIx — &£l (2.26)

where M is determined by the corresponding monitoring index. For instance, M for T? and

Q indices are presented in Table 1 [23].

Table 1: M for the general form of RBC

Index T? Q
M RA™IRT | I-PRT

RBC identifies the fault detection by minimizing Index(z;) for different variable directions, and it
assumes that the direction with the largest fault magnitude is the faulty direction [23]. Taking the first

derivative of Index(z;) with regard to f; and making it equal to zero yield

fi= (fiTMfi)_lfiTMX-

Then the amount of reconstruction along the fault direction &;, denoted as RBC%“deX, is

RBCIMEX = ||&, (12 = xTME(§TME,) ™ &7 Mx. (2.27)
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2.3 Causal Analysis for Root Cause Identification

To deal with quality-related problems, root cause identification is a key step to identify the main reason
for the process faults or failures. To locate the causes of faults, causal analysis, which is also known as
root cause analysis, is developed to explore causal relations between components of time series, and it
has attracted plenty of attractions in the related fields including public health, policy, finance, physics,
medicine, biology, environmental science, and public health [77]. Many efficient methods have been
designed for causal analysis, such as dynamic causal model [78], Granger causality [79]-[80], transfer
entropy [81], randomization test [82], and phase slope index [83]. Among them, Granger causality and
transfer entropy are the most commonly used and reliable approaches, but Granger causality is preferred
in complex processes due to its computation efficiency [84].

Originated from econometrics, on the basis of linear vector-autoregressive (VAR) modeling, Granger
causality [79] was proposed to handle stochastic time-series datasets, and has been developed as a time
series analysis approach [85]. Conceptually, as a measure of the predictive ability from a signal to
another, if the predictive ability of the signal is statistically different from that in the opposite direction,
there exists Granger causal relationship between these two signals. Due to its simplicity, usability,
robustness, and extendibility [86]-[87], Granger causality has been attached great importance to by
many researchers [77]. At the early stage, focusing on linear relations, Geweke [88] proposed the
definition of causality for multiple time series, which was seen as the supplement and extension of
Granger’s previous work. Later, to address early clarification of statistical issues, Granger causality

was used for local-field potentials (LFPs) [89].

Since Granger causality can determine whether a signal Granger-causes another one, it is feasible to
evaluate whether a set of variables includes valuable information that can be used to enhance the
predictive performance of another set of variables for root cause analysis, which is meaningful for the
causal analysis for dynamic systems [90]. Goebel et al. [89] combined an adaptive multivariate VAR
modeling technique with Granger causal analysis to capture fast-changing cortical dynamics.
Incorporating sparse regression approaches with Granger causality, a modified Granger causality
framework [91] was provided to estimate high-dimensional dynamical models. In consideration of
hemodynamics responses between regions in the brain, a measure of Granger causality was validated
by David et al. [92] to determine the connectivity from time series. Integrating explicit observation

expressions for hemodynamics responses, Ryali et al. [93] analyzed a state-space framework combined
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with Granger causality. Integrating the Geweke's spectral approach with the time-varying
autoregressive with exogenous input (ARX) modeling method, a novel parametric scheme for
conditional Granger causality was established by Li et al. [94] to capture dynamic interaction relations
in oscillatory neocortical sensorimotor networks. To reveal dynamic interaction patterns of cortical
regions in surgical training on effective brain connectivity, dynamic spectral Granger causality was
applied by Kamat et al. [95] via the short-time Fourier transform approach. Considering the existence
of nonlinear relations in datasets, Shen et al. [96] proposed a root cause analysis framework which

combines a recurrent NN with Granger causality test.

In the following two subsections, two most frequently used Granger causality methods, namely time-
domain Granger causality (TDGC) [90] and conditional spectral Granger causality (CSGC) [97], are

reviewed in details and will be adapted in the proposed work.

2.3.1 Time-Domain Granger Causality

Given two time series x; (k) and x; (k) in stationary stochastic processes, a bivariate auto-regressive

model at time k is constructed as [90]

T T
X0 = ) aigxi(e =D+ ) ayy ik — ) + ey (k)
l?l l?l (228)
X](k) = 2 aji'lxi(k - l) + Z ajj,lxj(k - l) + e](k)
=1 =1

where r defines the AR model order, a;;,; (I = 1,2, ...,7) can represent the AR coefficients, and e; (k)

and e; (k) are the residuals or prediction errors of x; (k) and x; (k), respectively.

To perform the AR model on each time series, one variable, x; or x;, can be excluded. Therefore,

Eq. (2.28) can be simplified into

X0 = D byyxille = 1) + ey (0
=1 (2.29)

Xj(6) = > byx;(k = D + ey (0
=1

where e;;y (k) expresses the prediction error that excludes the j™ variable to predict the i*™® variable,

which can be used to determine whether a causal-and-effect relationship exists.
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It is defined that x; Granger-causes x; if the exclusion of x; reduces the ability to predict x; when

all the other variables are involved in the regression model. The TDGC from Variable j to Variable i
is measured by the following index

_ nvar(ei(j))

Fioox: = 2.30
X] Xi Var(ei) ( )

where var(-) denotes the variance. Thereafter, the statistical significance is assessed by an F test. More

details can be found in Literature [90].

2.3.2 Conditional Spectral Granger Causality

As the theoretical foundation of CSGC, it is necessary to review spectral Granger causality (SGC) first
[98]. Due to oscillating variables in real-world industrial processes, it is feasible and appropriate to use
SGC to investigate cause-and-effect relationship among them. SGC is the spectral decomposition of
TDGC for multiple time series. Compared with TDGC, SGC provides more information on the granger
causality at a specific frequency range, so it can be used to combine with TDGC for Granger causality

analysis. Theoretically, SGC is defined as
Si(f)
Su(f) =T — T, |H; (D)

SGCx,x, (f) = In (2.31)

where S;;(f) defines the spectral density of the target variable x; at frequency f, which represents

components in spectral density matrix S. The detailed calculation of S;;(f) is shown in Appendix A.

In addition to the mutual relations between x; and x;, other variables z,,z,, ..., z,, may also affect
them, which should be included to analyze the causality. However, SGC fails to consider this effect.
Alternatively, conditional SGC (CSGC) was developed [97]. With the spectral transformation and
Wilson factorization [99], a multivariate system with v + 2 variables (x]-,xl-, Zi,..., z,,) is formulated

as

S(X,Xi, 21, -, Zp, ) = H(OZH*(f)

2.32
Uin (%), 21, ., 20, f) = G(OTG(f) (@32)

where z,,2,,...,2, are variables that may influence x; and x;. S and U;,, define the spectral matrices

of complete system and system with Variable x; excluded for the causality test. H and G represent the
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spectral transfer function matrices, while X and T are the error covariance matrix of complete and

incomplete systems, respectively. Thus, the corresponding CSGC index can be computed as

L
CSGCy x;)24,2,,.. v(f) =In " (2.33)
HoREL T |Qu(HT;Q;: ()
where

~ ~ ~ -1 P ~ ~

Gy 0 Giz, - G, i Hij - - Hy

0 1 0 - 0 A, U

Q=1Gzi 0 Ggzy = Ggpy, x .

Gz,,i 0 szzl o Gz,,z,, [ﬁzvi 0 ﬁzvj " ﬁzvva

The calculation of G;; can refer to Egs. (A.1) - (A.6).

If x; does not Granger-cause x;, but other variables among z,,z,, ..., z, affect both x; and x;, I};
will be equal to |Q; (f)I};Q;;(f)|, thus leading to CSGCxjoxylzy25,2,(f) = 0 if there is Granger

causality between x; and x;, CSGCy;x;|z, z,,..z, (f) > 0. Moreover, to determine whether x; Granger-

.....

causes x;, the robustness of CSGC is supposed to be tested against the null hypothesis.

2.4 Autoencoder

Considerable technological progress such as artificial intelligence and real-time signal processing
methods has equipped existing industrial systems with highly sophisticated technologies in diverse
fields, leading to significant enhancement on the complexity of real-world industrial applications,
especially chemical industry. The collected data from complicated practical industry processes
primarily consists of multivariate time series data with high dimensionality. To ensure the operational
safety and security of complex industrial systems, anomaly detection has been a critical issue for
identifying abnormal observations or events that deviate from normal patterns, which may cause

potential problems in industrial practice [100].

Several classical machine learning and deep learning methods have been widely adopted in industry
and academia. More concretely, multivariate statistical approaches such as clustering [101], principal
component analysis (PCA) [102], and Gaussian mixture model (GMM) [103] have been used to detect
abnormal points that exhibit substantial deviations from the normal data. In terms of machine learning-

based algorithms, support vector machines (SVM) [104], random forests [105], and neural networks
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[106] are also suitable for anomaly detection by model training. Deep learning methods have also been
employed for identifying abnormal events or observations that deviate significantly from the expected
or typical behavior of the data [107]. Due to the ability to capture complex patterns, feature extraction
and dimensionality reduction, autoencoder (AE) technology has been considered as a popular choice
for anomaly detection in chemical practice [108]. However, they pay less attention to dynamic
behaviors existing in industrial datasets. Thus, it still remains a challenging issue carrying out the

reliable results of anomaly detection from high-dimensional data that changes over time.

For reasons of identifying anomalies in real-world data with high dimensional and time-dependent
properties, some classical algorithms such PCA and AE, and their corresponding variants can be
employed for dimensionality reduction and feature extraction. Specifically, to handle time-dependent
samples, dynamic PCA has been created to extract dynamics in the original data and detect irregular
observations or samples [109]. To overcome the assumption of most AE algorithms that data points are
considered as independent samples, considering the dynamic relations existing in the original collected
data from industrial applications, some pre-processing approaches for time series data have been
adopted for the construction of frameworks combined with AE methods, such as mutual information
[110] and dynamic thresholding mechanism [111]. However, these proposed schemes focus on the pre-
processing methods, without any consideration for the improvement of AE structure. Pre-processing
increases the complexity of algorithms, rendering disadvantages involving high computational costs,

prolonged running time, difficulty of implementation, and higher demand on data quality [112].

Compared with PCA, AE methods possess the strengths including handling missing data, learning
hierarchical representations, new data generation, and data processing capabilities [113]. Thus, AE is

adopted to build up the anomaly detection scheme proposed in this work.

2.5 Auto-Regressive Integrated Moving Average Model

Autoregressive Integrated Moving Average (ARIMA) models have been commonly utilized in time
series analysis. Due to its flexibility and applicability, ARIMA models have been developed and applied
for processing data with trends, irregular fluctuations, or even seasonality. Typically, an ARIMA model
consists of auto-regressive part and moving average part. The autoregressive part captures the temporal
dependence of current value based on its past values, while the differencing process depends on the

integrated part. Additionally, the error term is processed as a linear combination of past error terms by
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the moving average part [114]. Given an input vector v € R™, which can also be expressed as time series,

the autoregressive part attime t (t = 1, 2, ..., n) is expressed by

Pa
Vi = Z BaiVi-i + & (2.34)
i=1

where v, denotes the aggressive part v existing in the input z at time t. p, is the number of time lags,
and B,; (i = 1,2, ...,pq) are parameters of the autoregressive part. £, denotes the white noise error term
at time t, which is typically assumed to be independent and conform to a normal distribution with zero

mean.

The moving average part is given by

da
e, =u+ Z 0ig_; + & (2.35)

=1

where e; denotes the moving average part e existing in the input z at time t. u represents the mean of e.
q. 1s the order of the moving average part. 8; (i = 1, 2, ..., q,) are parameters of the moving average

part. &, is the white noise error term at time t for the moving average part as well.
Combining Eqg. (2.34) with Eq. (2.35), the ARIMA model is defined by

-1

Pa da
z,=(1- Zﬁa,iBi (1-B) % 1- Z 0;B' | &, (2.36)
i=1 i=1

where z; represents the component of time series z at time t. B denotes the backshift operator, which
operates on an element of the compressed representation to construct the previous element and can be

expressed as Bz; = z;_4, ¥Vt > 1. d, denotes the degree of differencing, which is the number of times

the time series z has that had past values subtracted. Here, p,, d,, and q, are non-negative integers.

2.6 Anomaly Detection

Anomaly detection refers to the identification of anomalies, which are defined as abnormal events,
observations, or samples that significantly deviate from the normal or expected behavior of given data
to indicate the potential problems in the dataset [115]. The early detection of anomalies plays an essential

role in industrial practice to raise the system safety, prevent failures, reduce downtime, and improve
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production in manufacturing, since anomalies are considered as indicative of potential issues involving
safety risks, equipment failures, and maintenance problems [116]. To detect anomalies in a given dataset,
the model that captures the normal observations or behaviors is constructed by the training period, and
the test data is applied for the identification of abnormal points which are not fitted with the training

model.

Anomaly detection using dimensionality reduction has been developed based on the assumption that
variables in the input data are correlated with each other and their features can be captured by projecting
them into a lower dimensional subspace where the samples are significantly different from the original
ones [25]. For AE, in the training period, the input matrix X = [x™®),x®, ..., x(™ | € R™™ with normal
samples is considered as the training set, where n and m denote the number of samples and variables in
the original data. Then, the corresponding compressed representation matrix Z = [z®,z®), ...,z | €
R™¥ is reconstructed as Z = [2(1),2(®), ..., 2™ | € R™¥ to capture the features of X, where k is the
dimension of the compressed representation. The output of the model is reproduced by decoder as X =
[RD,%@), 2 ] € R™™ (m’ < m), and mean squared error (MSE) is used as the reconstruction

error (RE) between input and output is calculated as [113]
£® = ||x® — 2® ||2 (2.37)

where £® denotes the RE of an input vector x) at time t (t = 1,2, ...,n). RE is obligated to update

the parameters of encoder and decoder and calculate the anomaly score for anomaly detection.
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Chapter 3

Nonlinear Latent Variable Regression for Process Monitoring

With the advancement of modern science and technologies, the industrial processes tend to be
increasingly complex, leading to collinearity and nonlinearity. Collinearity in collected adjacent
samples can be solved by introducing a regularization term in matrix inversions, while nonlinearity can
be handled via nonlinear variants of MSA approaches. However, the existing nonlinear MSA methods
such as KPLS and KCCA suffer from the same issues as described in Chapter 1. Considering the
advantage of LVR over PLS and CCA [14], a nonlinear extension of LVR is proposed in this chapter,
and a concurrent decomposition with subsequent PCA operation is conducted to obtain a

comprehensive modeling and monitoring performance.

3.1 Kernel Latent Variable Regression and Its Monitoring Scheme

Define ¢ as a nonlinear projection indicator to map process variables from the original space into the
feature space F, which is a higher-dimensional feature space. The original process matrix X is
transformed into @ = [p(X1), P(X3), ..., p(X,)]T € R™™ in the feature space. It is assumed that in
the feature space, variables are linearly related with each other. Based on Eq. (2.16), the kernel matrix
is constructed as K = ®®T € R™™", For simplicity, With the kernel function in Eq. (2.18), the
optimization objective of KLVR is designed as

max /= q'Y ®ag — 5l

ap.q

3.1)
s.t. || Pag|l = 1,]Iqll = 1

where ag, = ® T and q are projection vectors for @ and Y, respectively. Replacing the calculation of

@ with kernel matrix K simplifies Eq. (3.1), leading to

max | =q'Y Ka— %(xTK(x
aq (3.2)
s.t. [Kall =1,]Iqll = 1

where a and q are weighting vectors for K and Y, respectively. In KLVR, the process score vector can

be rewritten as t = ®agy = Ka.

Lagrange multipliers are used to solve Eq. (3.2):
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A A
L=q"Y Ka-— gaTKa + 7"‘(1 — «"K2a) + ?" (1-q7q). (3.3)

After taking derivatives with respect to o and q and setting them equal to zero, the following
expressions are retained from Eq. (3.3).

KYq = 1, (K+ kDKa

3.4
Y Ka = 1,9 (3.4)
where k =y /A,.
Arrange terms in Eq. (3.4), obtaining
K+ kD)71YY ' Ka = 1,1,
( ) @ (3.5)

YT (K+ k)"'KYq = 1,4,q.
Eq. (3.5) implies that A, and 1, are eigenvalues of (K+ xI)"'YY'K and YT (K + xI)7'KY,
respectively, while a and q are their corresponding eigenvectors.

Accordingly, the outer structure of KLVR can be obtained by iterating the following relations until

convergence.
D) a=K+xD1u, a=aof|Kaf;
(2) t = Kq
() q=Y"t, q=q/llql;
(4 u=Yq.

Afterwards, perform deflation on @ and Y to remove the effects of the extracted latent variables as

follows:

o:=1-ttHo
Y:=(1-tthy.

Given K = ®d T, K is deflated as
K:=(I-ttHK{I-tt").

Due to the consistent inner and outer objectives, similar to LVR, inner model is not needed in KLVR.

The detailed KLVR algorithm is summarized as follows:
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1. Pre-process process and quality matrices to obtain centered K and scaled Y.

2. The iteration number is setasi = 1, and initialize Kand Y as K; = K, Y; =Y, and u; as the first

column of Y.
3. Perform the following (1)-(4) iteratively until convergence.
D) o; = (K; + kD7, o = o/ (1Ko l;
At =Ka;
) a: =Y t, q; = q;/llq;ll;
(4) u; =Y;q;.
4. Perform deflation on Kand Y as

Kiyr = I - ttDK; (I - tt])
Yirr = (1-tt))Y;.

5.Seti =i+ 1, and return to Step 3 until | latent variables are extracted.

With KLVR, @ and Y are decomposed by KLVR as

®=TP + &,
Y=TCT +Y,

where P=® T and C = Y'T represent the loading matrices for @ and Y, while &, and Y, are

residuals of @ and Y, respectively.
According to the score matrix T = ®R,
R=WP™W) 1 =dTA(T'KA) ! (3.6)
where A = [ay, Ay, ..., a,]T € R and W = & TA.
For test samples X, its kernel matrix K, should be first centered as

1 T 1 -
K; = (K¢ _Elkln K) (I, _Elnln )

where K is the kernel matrix of the training data X.
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For a single test sample Xy, its kernel is designed as k(X;, Xpew) = (P (X;), d (Xpew)), Where x;

represents the i™ sample of the training data. The score vector t, ., is calculated as
thew = RT¢(Xnew) = q)TA(TTKA)_lkt 3.7)
where K; = PP (Xpew)-

Two statistics, T2 and Q, are employed to detect the variations in the principal component subspace

and residual subspace, which are decomposed with KLVR. T2 and Q indices are defined as
T? = t;l'l—ewA_ltnew (3.8)
Q = llpr Knew)II? (3.9)

where A = ﬁTTT includes the variances of principal components, and ¢, (Xpew) = ® Xpew) —

Pt .., represents the residual of ¢ (xpew). With the model parameters obtained from KLVR model, the

Q index is denoted as
Q = ¢(Xnew)T ¢(Xnew) - Zk;thnew + tEeWTTKTtneW (310)
2 1 ..
Where ¢(Xnew)T ¢(Xnew) = 1 - ;Z?:l k(xll xnew) + ;Z?:l Z;l:l k(xl! XJ) (ll_] = 11 21 ey n)

The control limits of T2 and Q indices are designed in the same way as in Eq. (2.9) [3].

3.2 Concurrent KLVR-based Monitoring

KLVR-based monitoring only focuses on the monitoring of quality anomalies, failing to provide a
comprehensive monitoring for variations in both process and quality variables. Thus, a concurrent
modeling and fault detection framework is developed based on KLVR, which constructs a multilayer
monitoring structure to capture and monitor variations in both quality and process spaces. The proposed
method is named concurrent KLVR (CKLVR).

CKLVR decomposes the original data space into five subspaces, including covariation subspace
(CVS), input-principal subspace (IPS), input-residual subspace (IRS), output-principal subspace (OPS)
and output-residual subspace (ORS). The details of CKLVR algorithm are outlined as follows.

1. Scale X and Y to zero mean and unit variance, and X is processed to obtain the mean-centered K.

2. Perform KLVR on the mean-centered K and Y with [ latent variables to obtain T, C, and R.

28



3. Construct the predictable output matrix in CVS as Y = TCT, and then perform singular value

decomposition (SVD) on Y to capture the predictable variations with I, principal components as
Y= UCDCVCT = UCQI (3.11)

where U, reflects the covariations in @ which are predictable from Y. Q. = V.D, includes all I,
nonzero singular values in descending order and their corresponding right singular vectors. Since V.. is

orthonormal,
U, =YV.D;! = TC"V,D;! = ®RCTV,.D;! = ®R, (3.12)
where R, = RCTV.D;1 = ®TA(TTKA)~1C"V,D;.

4. The unpredictable output matrix is denoted as Y. =Y — U.Q/, and perform PCA on Y, with 1,,

principal components
Y.=T,P) +Y (3.13)
where T,, = ?CPy is the output-principal score matrix, P,, denotes the output-principal loading matrix,

and Y represents the output residual matrix.

5. Variations that are quality-irrelevant but process-relevant can be extracted by &, = & — U.R!,
where R. = (RTR,)"'R]. Theoretically, the next step is to perform PCA on &, with [, principal

components as
&, =T,P +® (3.14)

where T, = ®_P, denotes the input-principal score matrix, P, is the input-principal loading matrix,

and @ represents the input residuals.

The explicit nonlinear calculation can be circumvented by performing PCA on K, = ®.®/, and the

input-principal score matrix T, can be expressed as
T, = ®.P, = KW, (3.15)

where W, contains scaled eigenvectors of %ff)CEBCT corresponding to the [, largest eigenvalues.

Besides, the input-principal loading matrix P, can be represented as P, = ®] W,..

Consequently, CKLVR decomposes the process and quality data as
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{(b =UR.+T,P] +

< 3.16
Y=UQ{ +T,Pj +Y (3.16)

where U_R{. represents the predictable quality-relevant variations in process variables, showing the
relations between process and quality variables, while U.Q/ includes predictable quality variations,
and they build up CVS together. T, P, in IPS captures major process-relevant but quality-irrelevant
variations, while @ in IRS represents the process residuals. T, Py in OPS contains major quality-
relevant variations that are unobservable for the process data, and ORS is constructed by the residuals

Y.

For a new data sample pair (X,ew, Ynew) €an be decomposed by CKLVR into

{d) Xnew) = Rp—uc,new + Pytynew + ¢ (Xnew) (3.17)

Ynew = QclUcnew T Pytynew + Ynew

—RTH —pTF —pTo
where score Vectors ugnew = R (Xnew) » tynew = Px dc(Xnew) » and ty new = Py ¥enew are

calculated directly through the kernel form k; = ®¢(X,ew), Which are specifically presented as

follows:
U new = D7 TV C(TTKA) TATK, (3.18)
tonew = Wy (Ke — Uk, — KT ug neyw + U TKT U pew) (3.19)
tynew = Py Y —P;Q.D; TV C(TTKA) TATK, (3.20)

where T, = (D;TV/C(TTKA) " TAKA(T"KA)1CTV,D;)"ID;TV/C(TTKA) TA is defined for
ease of presentation. In addition, ¢ (X,e,) and Fpew Can be attained by

{‘]—T) (Xnew) = (»56 (Xnew) - thx,new

~ - (3.21)
Ynew = (I - PyP;)YC,new-

Then, the monitoring statistic of each subspace is designed to indicate process and quality anomalies

with different alarming levels.

Since the predictable quality-relevant score vector u. ey, Process-relevant score vector t, e, and
unpredictable quality-relevant score vector t,, e involves variations of the whole system, for a new

testing sample pair (Xpew, Ynew)- the Hotelling’s T2, T2, T, and T, are applied for monitoring:
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T¢ = (n — DU newlcnew (3.22)

T¢ = tynewAx tenew (3.23)

Ty = t) newAy ' ty new (3.24)
where A, = ﬁTxT T, and A, = ﬁT; T, represent the variances of process and quality variables
with respect to principal components I, and [,,, respectively.

The Q, and Q,, indices are designed for residuals of process variations, where Q, index is

~ 2 ~ 2
Qx = ||¢(Xnew)” = ||¢C(Xnew) - thx,new”
= ¢;r (Xnew)PcXnew) — 2¢9—cr (Xnew)thx,new + t;lc—,newP;thx,new (3.25)

where ¢, (Xpew) = @ Xnew) — RE Ugnew = @ (Xnew) — @ T U, ey, and every term in Eq. (3.25)

can be computed as
b Knew) P Knew) = 1= 20 new TeKe + Ul new TKI U pew
bx Knew)Prtrnew = (kI — Ul new TeK) (I = UcT) "Wty new
tEnewPx Prtynew = txnewWyx (I = U LK — T U)Wty ney
where ., =® —UR. =® - U.T, &, P, = ®]W,, and ®,®] = (1 — U I )K(I - TJU]).

In addition, the Q,, statistic can be calculated as

Qy = |I}~'new”2 = ”yc,new - Pyty,new”2 = yc,new(l - PyP;)YC,new
= (Ynew - chc,new)-r(I - Pypj-/r)(Ynew - chc,new)- (3-26)

Table 2: Concurrent monitoring statistics and corresponding control limits

Statistics | Control limits | Alarming level
TCZ Tcz,cl = Xczr,lc Lq
sz TJ?,CI = Xczr,lx Lg
Qx Qx.cl = YxXan, L,
Ty Tyl = X, L,
Qy Qy,cl = gy)(g:,hy Ly
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The corresponding control limits of T2, T2, Tyz, Qx, and Q,, indices are summarized in Table 2,
where g, and g,, represent scaling factors of control limits, while h, and h, denote the degrees of

freedom of y2-distribution used in the computation of Q,. ¢ and Q,, ), respectively [117].

Input: X Preprocessing
SVD

l

> — - T L b v — vV — T — T,V
= ¢—U5\n; TPl | [ Y=upv=uql | | V. =Y-U.Q = T,P[+¥
PCA PCA
Input-Principal Input-Residual Covariation Subspace Output-Principal Output-Residual
Subspace (IPS) Subspace (IRS) (CVS) Subspace (OPS) Subspace (ORS)
Input-Relevant Potentially Output-Relevant Predictable Output Output-Relevant; Unpredictable from input
sz Qx Tc2 TYZ QY
Process-Relevant Monitoring Quality-Relevant Monitoring

Figure 1. Multilayer monitoring framework based on CKLVR

The CKLVR-based multilayer monitoring framework is illustrated in Figure 1, which decomposes
the original process and quality data into five subspaces, namely CVS, OPS, ORS, IPS, and IRS.
Different fault alarms align with faults detected in different subspaces, which is founded on whether
anomalies observed by statistics are quality-relevant or not. More concretely, L,, L,, and L are
attached for faults with descending importance. The monitoring procedure for a new sample is

summarized.

1.IfTZ > chl, the L, fault alarm is fired in CVS with (1 — &) x 100% confidence, indicating that

a quality-relevant fault is detected.

2. If T7 > TJ , a quality-relevant fault is detected with (1 — &) x 100% confidence, and it is

attached with a L, alarming level. This fault is in OPS, and it is unpredictable from process variables.

3.1f Q, > Q, 1, aquality-irrelevant fault with a L3 alarming level is detected with (1 — a) X 100%

confidence.

4. If T2 > T,ﬁcl, a quality-relevant but process-irrelevant fault is detectable for IPS with (1 —

a) x 100% confidence, showing that the fault is attached to the L5 alarming level.
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5. If Q, > Q1 a potentially quality-relevant fault can be observed in IRS with (1 —a) x 100%

confidence, which implies the fault pertains to the L, alarm.

’ Training data: X, Y ‘ | TeS[ing data: Xnews ¥new ‘
KLVR ’ Kernelization on X: mapping X into @ ‘ | Kernelization on X,,,: Mapping X,e,, into ¢(Xey) ‘
model . .
‘ Normalize DY ‘ | Normalize go(xnew)’ Yoew ‘
modeling
‘ Build up KLVR model ‘ — — :
Calculate the indices of corresponding subspaces
(T% Q)
l . . ] . .
Calculate the control limits of corresponding | KLVR-based monitoring: compare monitoring
indices for monitoring (Tz, Q) indices with control limits

KLVR-based monitoring

Figure 2: CKLVR-based monitoring diagram

Additionally, the whole CKLVR-based monitoring scheme is demonstrated in Figure 2 for better

understanding.

3.3 Synthetic Case Study

In this section, a synthetic case study is employed to illustrate the effectiveness of CKLVR-based

multilayer monitoring. The fault-free process and quality variables are generated as follows:

X; =2 +3sin(z;) + 23 + e
X, = 3z, + cos(z3) + e,

X3 =422 + 2, + 323 + 3

X4 = 42, + 4sin(z,) + e,

X5 = sin(z;) + eg

sin(x;) + 2x, + cos(x3) + x4, + v;
3x; + cos(x,) + 4x, + v,

V1
y2

where z;, ~ U([0,1]), e; ~ N(0,0.22), and v, ~ N (0,0.12). Specifically, U([0,1]) represents a
uniform distribution in the interval [0,1], and M (u, 52) denotes a Gaussian distribution with mean p

and variance o 2.

Here, 200 samples are generated under normal conditions to form a CKLVR model, and 400 samples

are generated for testing. The model parameters are determined by a 10-fold cross validation jointly:
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For CKLVR, =1, k = 0.004, c =110, [, =1, 1, = 4, and [, = 2, while for KLVR, [ =1, k =
0.004, and ¢ = 110. Note that the Q,, statistic is null since ,, is equal to the number of quality data p.

The confidence level of control limit is chosen as 95%.

Thus, to verify the monitoring performance, four faults are added from the 201 samples to the end
in subspaces including CVS, OPS, IPS, and IRS as follows:

Xx=X"+E,f;
y=y" + Eyfy
where x* and y* are fault-free samples, £, and E,, represent matrices of different faulty cases, and f;

and f,, denote fault magnitudes, respectively.

To show the ground truth for each case, KPCA-based monitoring is performed in each faulty case on

process variables and quality variables, respectively. Ty2 is used to describe quality variables, while T2

and Q, are statistics for process monitoring.

statistic
50 . : 4 P control limit

0 50 100 150 200 250 300 350 400

0 50 100 150 200 250 300 350 400

Figure 3: KPCA-based monitoring results with fault in CVS (f, = 1)

Concretely, the monitoring results of KPCA, CKLVR, and KLVR for each faulty scenario are
demonstrated as follows: Figures 3, 4, and 5 describe the corresponding results of the fault in CVS;
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Figures 6, 7, and 8 show the monitoring results of the fault in OPS; Figures 9, 10, and 11 display the
monitoring results of the fault in IPS; and Figures 12, 13, and 14 demonstrate the results of the fault in
IRS.

3.3.1 Fault in Covariation Subspace

To create a fault in CVS, ZE, is chosen as the first column of R, that is normalized to unit norm. As is
shown in Figure 3, although the fault has influence on both process and quality variables, only the

process part relevant to quality variable is affected, and Q,, is within the control limit.

statistic
50 T I B B ! control limit
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Figure 4: CKLVR-based monitoring results with fault in CVS (f, = 1)
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Figure 5: KLVR-based monitoring results with fault in CVS (f, = 1)
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Figure 6: KPCA-based monitoring results with fault in OPS (f, = 4)

The fault detection results of CKLVR and KVLR are displayed in Figures 4 and 5, respectively. As

is shown in Figure 4, CKLVR-based monitoring provides a clear and accurate monitoring result for
each subspace: only the T2 statistic raises the L, fault alarm, while other monitoring indices are not
affected, implying that it is a predictable output-relevant fault, which is in line with the result of KPCA-

based monitoring. By contrast, although KLVR in Figure 5 observes the fault with the T2 statistic, no
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further information is provided. Meanwhile, process-relevant variations and unpredictable quality-

variations remain unexploited.

3.3.2 Fault in Output-Principal Subspace
To introduce a fault to OPS, the fault direction matrix E,, is selected as the first column of P,, which is
normalized to unit norm. Figure 6 shows that only the Ty2 index exceeds its control limit, which

indicates that the fault is input-irrelevant but output-relevant.
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Figure 7: CKLVR-based monitoring results with fault in OPS (f,, = 4)

Figure 7 demonstrates CKLVR-based monitoring. Since this quality-relevant fault is not related to

process data, T2 remains unchanged. Only Ty2 successfully identifies the L, fault alarm, which

indicates it is quality-relevant but process-irrelevant. T2 and Q, that are related to process variables are

within their corresponding limits. Accordingly, the monitoring results of CKLVR are consistent with
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KPCA-based monitoring. However, KLVVR-based monitoring in Figure 8 illustrates that the fault is
unobservable for both T2 and Q statistics, and thus it is concluded that the monitoring performance of
CKLVR is more comprehensive than that of KLVR.

statistic
control limit [

0 50 100 150 200 250 300 350 400

Figure 8: KLVR-based monitoring results with fault in OPS (f,, = 4)

3.3.3 Fault in Input-Principal Subspace
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Figure 9: KPCA-based monitoring results with fault in IPS (f, = 1)
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The fault direction matrix E,, is selected as the first column of P, to introduce a fault to IPS which is
also normalized to unit norm. According to Figure 9, KPCA-based monitoring shows that the added

fault is quality-irrelevant but process-relevant.

Figure 10 presents CKLVR-based monitoring, which illustrates that the L5 fault alarm is only fired
by T;? while other statistics remain normal. This indicates that the fault only affects process variations,
which aligns with the fault design. In contrast, KLVR only observes the fault by the Q index, as is
shown in Figure 11. Since the Q statistic reflects variations that are not excited in the training phase but
are potentially quality-relevant, no valuable conclusions can be conducted from Figure 11.
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Figure 10: CKLVR-based monitoring results with fault in IPS (f, = 1)
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Figure 11: KLVR-based monitoring results with fault in IPS (f, = 1)

3.3.4 Fault in Input-Residual Subspace

The input residual can be calculated as

$(x) = (I —P,P))(1-RRL)p(X). (3.27)
-|-2 statistic
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Figure 12: KPCA-based monitoring results with fault in IRS (f, = 0.1)

Thus, to make sure that the fault only occurs in IRS, the basis vector &, of IRS is chosen as the left

singular vectors of (I — PxP,'[)(I - RCRI) that is related to non-zero singular values, and E, needs to
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be normalized to unit norm. From Figure 12, KPCA-based monitoring demonstrates that the potential

L, fault alarm is only observable for the Q,, index.

The monitoring performance of CKLVR is demonstrated in Figure 13. It is noted that only Q,
successfully detects the fault, while other statistics remain normal, which aligns with Figure 12. KLVR
shown in Figure 14 does not observe the fault with T2 and Q. This only implies that the predictable
quality variations remain normal, and without further decomposition, the status of other subspaces
cannot be obtained. Thus, as shown in the discussions above, CKLVR realizes the comprehensive
monitoring of all subspaces, which is also beneficial for further analysis.
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Figure 13: CKLVR-based monitoring results with fault in IRS (f, = 0.1)
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Figure 14: KLVR-based monitoring results with fault in IRS (f,, = 0.1)
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3.4 Tennessee Eastman Process Case Study

In this section, the Tennessee Eastman Process (TEP) proposed by Downs and Vogel [118] is used for
case study to further investigate the effectiveness of the CKLVR-based multilayer monitoring
framework. TEP is a benchmark industrial process to evaluate different methods of process monitoring.
The whole process contains five major unit operation plants, involving a chemical reactor, product
condenser, recycle compressor, vapor-liquid separator and product stripper. Eight components (A-H)
are included in TEP: four gaseous reactants (A, C, D, E), the inert material (B), and two liquid products

(G,H) along with a by-product (F), which can be shown as follows:

A@)+C(@)+D(g) -G (Product)
A(@)+C(g)+E(@) = HD (Product)
A(g)+E(@) - FQO) (By — product)
3D(g) - 2F (1) (By — product)

Reactions involved in TEP are exothermic, irreversible and approximately 1-order with respect to
concentrations of reactants. In addition, TEP is under closed-loop control. Readers can refer to
Literature [60] and [62] for more details.

TEP is composed of two blocks of variables with a total number of 53, including 12 manipulated
variables (XMV (1-12)) and 41 measured variables (XMEAS (1-41)). Here, XMEAS (1-22) and XMV
(1-11) are chosen as process variables to construct X, while XMEAS (35-36) are selected as quality

variables to form Y.
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500 samples are simulated in TEP for training and 960 samples for testing. Process variables XMEAS
(1-22) and XMV (1-11) are sampled at an interval of 3 minutes, while quality variables XMEAS (35-
36) are sampled every 6 minutes, which gives rise to the irregular sampling intervals for process and
quality variables. To balance the sampling discrepancy, data sampling is necessary, and only 1/2
samples without duplicate samples are employed [60]. Accordingly, only half of the data (250 normal

samples and 480 faulty samples) are used for modeling and testing.

Table 3: FDRs and FARs for quality-relevant disturbances in TEP

FDR FAR
Disturbance | KLVR CKLVR KLVR CKLVR
T? T? T? Ty T2 T? T? T? Ty T2

IDV (1) 0.8750 1 0.7639 | 0.9028 1 0.1397 | 0.0956 | 0.0931 | 0.0025 | 0.0122
IDV (2) 0.9536 | 0.9969 | 0.8824 | 0.9907 1 0.1847 | 0.1083 | 0.1019 | 0.0064 | 0.0227
IDV (5) 0.7778 0.7556 | 0.9778 | 0.9429 | 0.0920 | 0.0598 | 0.0552 | 0.0046 | 0.0187
IDV (6) 0.0731 0.0705 1 0.8333 | 0.0825 | 0.0722 | 0.0722 0 0
IDV (7) 0.8769 0.8462 | 0.9231 1 0.1687 | 0.1446 | 0.1398 | 0.0048 | 0.0125
IDV (8) 0.8811 0.8238 | 0.9736 | 0.9974 | 0.4466 | 0.4229 | 0.4190 | 0.0079 | 0.0217
IDV (10) 0.7308 0.6538 | 0.9615 | 0.8721 | 0.1740 | 0.1410 | 0.1410 0 0.0309
IDV (12) 0.8371 0.7841 | 0.9773 | 0.9949 | 0.4213 | 0.3889 | 0.3843 | 0.0139 0
IDV (13) 0.8697 0.8275 | 0.9718 | 0.9894 | 0.3469 | 0.3163 | 0.3163 | 0.0051 0

RlRrlRr|lRrRrR]-

Table 4: FARs for quality-irrelevant disturbances in TEP

. KLVR CKLVR

Disturbance e > 72 T; -
IDV (3) 0.0972 0.0346 0.0302 0.0043 0.0128
IDV (4) 0.0395 0.0148 0.0148 0 0.2578

IDV (9) 0.1017 0.0297 0.0275 0.0021 0.0411
IDV (11) 0.1199 0.0407 0.0321 0.0086 0.1446
IDV (14) 0.0169 0.0021 0 0.0021 0.0361
IDV (15) 0.1064 0.0489 0.0468 0.0021 0.0176

By reference to the criteria established by Zhou et al. [60], 15 disturbances (IDV (1-15)) can be
classified into two categories, quality-relevant and quality-irrelevant disturbances. IDV (1-2, 5-8, 10,
12-13) are identified as quality-relevant disturbances, while IDV (3-4, 9, 11, 14-15) are quality-
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irrelevant disturbances. For the purpose of better illustration, IDV (5, 11) are chosen as examples of
two kinds of disturbances to show the monitoring performance of CKLVR in detail.

By 10-fold cross validation, the numbers of principal components for CKLVR are determined as [ =
1,1, =2,1, =14,and I, = 2, while for KLVR, [ = 1. The width of Gaussian kernel function is ¢ =
5000. For CKLVR-based monitoring, @, is null, since [, = 2 while p = 2. The confidence level of

control limit is selected to be 99 %.

False detection rates (FDRs) and false alarm rates (FARS) of quality-relevant and quality-irrelevant
disturbances [60] are summarized in Tables 3 and 4, respectively. The FDR and FAR are defined on
the premise of KPCA-based monitoring which is considered as ground truth and taken as the criterion
to n classify normal and faulty samples, where FDR is the ratio of humber of actual faults that are
detectable for the proposed algorithm and number of total faulty samples, while FAR is the ratio of

number of normal samples that are incorrectly categorized as faults and number of total normal samples.

To investigate quality-relevant monitoring performance, T2 of CKLVR is defined as a combination
of T2 and Tyz, which illustrates the monitoring results of predictable and unpredictable quality-relevant

disturbances.

As shown in Table 3, for quality-relevant disturbances in TEP, CKLVR achieves higher quality-
relevant monitoring FDRs than KLVR, since it monitors quality-relevant anomalies that are both
predictable and unpredictable from process variable, while KLVR only has the process information that
are related with quality variables. In terms of FARs of quality-relevant disturbances, except IDV (13),
the Hotelling's T2 statistics of CKLVR and subspaces are lower than T2 of KLVR, which indicates
improved monitoring performance of CKLVR. For IDV (13), the difference of T2 between KLVR and
CKLVR is in a reasonable range, which will not affect the advantage of CKLVR over KLVR.

For quality-irrelevant disturbances, FARs are of the top priority to focus on, since the total number
of faulty samples in FDR is close to zero and it is meaningless to calculate FDRs. As shown in Table
4, CKLVR gains better monitoring results than KLVR due to its smaller FARs for all cases.
Furthermore, process-relevant FDRs and FARSs are also available in CKLVR with T;2, which yet attracts

lower attention than T2 and Tyz. Consequently, it is concluded that CKLVR is superior to KLVR

because of its comprehensive monitoring ability and fault detection performance.
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To further validate the effectiveness of CKLVR over KLVR, two disturbances, IDV (5) and IDV
(11), are applied for visual comparison.

3.4.1 Monitoring of IDV (5)

IDV (5) is caused by a step change of condenser cooling water inlet temperature [118]. As shown in
Figure 15, KPCA-based monitoring on the process and quality variables illustrates that IDV (5) has
influence on both process and quality variables transiently. More concretely, quality variations are
abnormal in the interval [83™, 130"], while in terms of process variables, faulty samples are detectable
for T;2 from 81% to 168" and the anomalies detected by Q,, are from 81 to 182,

200 , | , , ‘X , statistic. .
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Figure 15: KPCA-based process and quality monitoring results for IDV (5)

The monitoring results of CKLVR and KLVR are demonstrated in Figures 16 and 17, respectively.
All the monitoring indices of CKLVR in Figure 16 successfully observe the disturbance, and later return
to normal, which is consistent with the process and quality monitoring results shown in Figure 15. For
L,-level alarming with respect to 7,2 and T;, it is noted that the disturbance of IDV (5) on quality
variables is predictable from process variables, and thus most quality deviations are captured in CVS
subspace with T2 around the interval of faulty samples from 88™ to 132". At the same time, T,
observes additional quality-relevant but process-irrelevant anomalies in the interval of faulty samples
[83", 130"], which is in accordance with 7,7 of KPCA-monitoring. Furthermore, CKLVR also detects
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anomalies by T2 around the sample range from 81° to 171%, while Q, around the sample range from

81% to 172", and the disturbance has longer influence on process-relevant indices T2 and Q, than

quality-relevant indices T2 and 7.
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Figure 16: CKLVR-based monitoring results for IDV (5)
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Figure 17: KLVR-based monitoring results for IDV (5)

By contrast, the monitoring result with KLVR in Figure 17 presents that the disturbance can be
detected by T2 from 87" to 134" and Q from 81% to 172" which indicates that KLVR-based

monitoring only reflects the transient effect of the disturbance on the principal and residual subspaces,
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and it has no knowledge about the process and remaining quality variations, leading to less informative

presentation.

3.4.2 Monitoring of IDV (11)

IDV (11) results from random variations of reactor cooling water inlet temperature [118]. From KPCA-
based monitoring in Figure 18, IDV (11) only affects the T, and Q, statistics for process variables from
83", while T, remains unaffected, demonstrating that the disturbance is process-relevant but quality-

irrelevant.
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Figure 18: KPCA-based process and quality monitoring results for IDV (11)

Figures 19 and 20 illustrate CKLVR-based and KLVR-based monitoring results, respectively. The
monitoring results of CKLVR is in line with Figure 18: only process-relevant indices T2 and Q,
observe anomalies with the L;-level alarming and L,-level alarming from the 84" and 83" faulty
sample, respectively, and quality-relevant statistics T2 and Ty2 are within their corresponding control

limits, indicating that the disturbance is process-relevant but it is unrelated to quality variables.
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Figure 19: CKLVR-based monitoring results for IDV (11)
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Figure 20: KLVR-based monitoring results for IDV (11)

KLVR-based monitoring is illustrated in Figure 20. The disturbance which affects the faulty samples
is undetectable for T2 statistics, since T2 values of most samples are within control limits. Q observes
faulty samples from the 83 in the residual subspace caused by the disturbance, but any further

information on the root causes is difficult to obtain.
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3.5 Dow's Refining Process Case Study

The Dow's refining process was presented by Braun et al. [119] as a data science challenge problem,
and the variables are anonymized due to privacy issues. The whole process consists of three distillation
columns, including Primary Column, Feed Column and Secondary Column, and the Primary Column
unit is controlled based on the reflux to feed ratio. 45 variables are collected from the process, including
44 process variables (x1-x44) and a quality variable (y). Among the process variables, Variables x1-
x21 and x41-x44 are from the Primary Column, Variables x22-x35 are from the Secondary Column,
and x36-x40 are from the Feed Column. The quality variable y is the impurity level sampled from the
Primary Column. The sampling interval of the dataset is one per hour. More details of the process can
be found in Literature [119].

In this case study, the dataset is first preprocessed to remove outliers and missing values. Then 3000
samples are selected as training data, and 1753 samples are chosen as test data, among which the first
1153 samples are normal data, while the latter 600 are faulty samples. The confidence level of control
limit is selected as 99 %. KLVR, KPLS, rLVR and PLS models are developed with the training data,
and their parameters are determined by cross-validation, which are listed in Table 5. Mean squared
errors (MSEs) [119] of KLVR, KPLS, rLVR and PLS for normal test samples are also summarized in
Table 5. For KLVR and rLVR, k = 0.005. As shown in the table, KLVR and KPLS obtain lower
MSEs than rLVR and PLS, implying the importance to employ kernel techniques for nonlinear
processes. Further, KLVR has the lowest MSE, which indicates the superiority of KLVR in terms of

prediction performance over KPLS.

Table 5: Parameters and MSEs of KLVR, KPLS, rLVR and PLS in Dow's refining process

Algorithm KLVR | KPLS | rLVR | PLS
Principal component number ! 4 5 2 1
Kernel width ¢ 900 2000 - -
MSEs 0.5647 | 0.6496 | 1.1427 | 4.2561

Table 6 summarizes the FDRs and FARs of CKLVR, CKPLS, KLVR, KPLS, rLVR and PLS for
faulty test samples. For both CKLVR and CKPLS, . =1, 1, =5, and l,=1.As shown in Table 6,
the concurrent decomposition divides the input and output data into different subspaces including CVS,
OPS, IPS and IRS, and of T2, TZ, TZ, and Q, indices present their monitoring performance,
respectively. It is noted that the ORS subspace does not exist since the output only has one variable in
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this case study. Due to the subsequent decomposition, concurrent kernel algorithms retain more
comprehensive monitoring results than others. In addition, as shown in Table 6, CKLVR performs
better than CKPLS with lower FARs, while its FDRs are comparable to those of CKPLS.

Table 6: FDRs and FARs of algorithms for faulty case in Dow's refining process

. FDR FAR
Algorithm T2 T2 Tyz T2 0, T2 T2 Tyz T2 0,
CKLVR 0.9921 | 0.9868 | 0.9553 | 0.9868 0 0.1545 0 0.1545 0 0
CKPLS 0.9921 | 0.9842 | 0.9263 | 0.9973 | 0.0297 | 0.2773 0 0.2773 0 0.0076
KLVR 0.9921 - - - - 0 - - - ;
KPLS 0.9816 - - - - 0.0182 - - - -
rLVR 0.9829 - - - - 0 - - - ;
PLS 0.9816 - - - - 0 - - - _

For better visualization, Figure 21 illustrates the KPCA-based monitoring result which shows the
real situation of this case. Figures 22-27 present the monitoring results of CKLVR, CKPLS, KLVR,
KPLS, rLVR and PLS, respectively. As shown in the monitoring results of KLVR, KPLS, rLVR and
PLS, faults are detected with both T2 and Q indices; however, no further detailed information can be
drawn from Figures 22-27. Instead, CKLVR in Figure 22 detects the L, alarm fault with T2 index
indicating that Samples [113™, 122" and [190'", 554™] are quality-relevant faulty samples that can be
predicted from process variables, which aligns with the quality monitoring results on quality data as
shown in Figure 21. Further, monitoring results with T, of CKLVR indicate that faulty samples in the
range of [183', 546™] also affect the quality variables in the OPS subspace in the way of L, alarm fault.
Process variations that are not related to quality in IPS subspace also deviate from their normal
conditions, while the process residual subspace is unaffected. It is noted that the monitoring results of
CKPLS are similar to those of CKLVR; however, due to the incomplete exploitation of KPLS,
anomalies are still detected in the process residual subspace. Therefore, the superiority of CKLVR-

based multilayer monitoring scheme over other algorithms is observed.
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Figure 22: CKLVR-based monitoring results in Dow's refining process
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Figure 23: CKPLS-based monitoring results in Dow's refining process
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Figure 24: KLVR-based monitoring results in Dow's refining process
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Figure 27: PLS-based monitoring results in Dow's refining process

3.6 Summary

In this chapter, CKLVR is proposed by incorporating the concurrent modeling of process and quality

variables with KLVR algorithm, which improves the nonlinear modeling performance and enhances
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the comprehensiveness of data exploitation. After performing CKLVR, the process and quality data are
concurrently projected into five subspaces, and their corresponding indices designed for comprehensive

process monitoring.

Different fault scenarios in different subspaces are simulated in the numerical simulation case study
to evaluate the effectiveness of the proposed CKLVR method. The case studies on Tennessee Eastman
Process and Dow's refining process demonstrate that CKLVR achieves a more comprehensive and

accurate modeling and monitoring performance than other algorithms such as CKPLS and KPLS.
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Chapter 4
Dynamic Latent Variable Modeling for Temporal Modeling and

Monitoring

Due to the advancement of industrial technologies, another typical characteristic involved in the process
and quality data is the complicated dynamics. The dynamic MSA methods reviewed in Chapter 1 focus
only on capturing the dynamic cross-correlations between process and quality variables, leaving the
dynamics in remaining spaces unexploited. However, both dynamic cross-correlations and auto-
correlations are important for accurate dynamic quality modeling. Thus, inspired by the work of Xu
and Zhu [20], a dynamic auto-regressive model is developed for LVR, namely dynamic auto-regressive
LVR (DALVR), which realizes a comprehensive exploitation of dynamics in quality data.

4.1 Dynamic Auto-Regressive Latent Variable Regression

Different from the dynamic algorithms reviewed in Chapter 2, DALVR considers both the dynamic
cross-correlations between process variations and quality variations, and the dynamic relations among
quality variables. With the same denotations as in DrLVR, the score vectors t; and u;, for (X, y) are
ty = X,ITW @)

U = ¥k 4

DALVR assumes that the current output scores u;, are dependent on the past output scores and input

scores, which is shown as follows:

U = Poti + Pitg—1 + -+ Pstp—s + S1Ug_1 + -+ SqUp_q + & (4.2)
where s and d represent the dynamic orders for input and output variables, respectively. §; (i =
0,1,...,s) and §; (i =0,1,...,d) are weighting parameters for input and output scores. g is the

regression error. The prediction of u,; can be presented as

N d
= Z Bjti—j + Z 8 Up—j = [, Xp_1, o Xh_s (B W) + [yi_1, o, ¥ia] (R @) (4.3)
=1 =

where B = [Bo, B1,---,Bs]" is the weighting coefficient vector for w and & = [8;,8,,...,84] " is the

weighting coefficient vector for q. Eq. (4.3) can be transformed into a matrix form for the whole

training data X = [x4,X,, ...,xg+,\,+1]T andY = [y.,y2, ...,yg+N+1]T, which is
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ﬁg =Z,(BO W)+ Z, 6®q) (4.4)

where g = max(s, d), and

Zy = [Xg, Xgo1, ., Xg_s] € RVX(SHDM

Zy = [Yg-1,Yg-2, ., Yg-a € RV*P (4.5)
[Xi,Xi+1; ---;Xi+N]T € RNxm

Xi =
Y; = [Vi, Vis1s o Yian]T € RVP

wherei =10,1,2,..., 9.

It is also noted that the score vectors t; and u; can be calculated for each X; and Y; as follows:

ti = XiW
4.6
u; = qu ( )

DALVR is designed to maximize the covariance between u, and i, and its objective is

4 Y Y
max q"Y] [Z.(B ® W) +Z,(8 ® @] — =" Iwll? — 18I — 1182

w,q.p (4.7)
st. IB@wl=116Qqll=11lqll=1

where v, ¥z and ys are regularized parameters to handle collinearity issues. For ease of presentation,
define Xg, Ts, Y5, and Uy as
S
Xg = Z(B @ Tw) = ) fi¥gi
i=0

Ts = Zy (41 @ W) = [ty ty_q, ., ty_g]

d (4.8)
Ys;=2,(6®1,)= Z 8-
i=1
Ud = Zy(ld ® q) = [ug_l,ug_z, ...,ug_d].
Then the objective in Eq. (4.7) can be rewritten as
TvT _w 2_ VB 2_Ys 2
nax qTYg (T8 +U,8) — B lwll” — 2218112 — 28] 49)

s.t. ITsBll = 1,|[Ug61 = 1, [Iqll = 1
which defines the outer structure of DALVR.

The Lagrange multipliers 4,45, 4,,5, and 4, are employed to solve the objective in Eq. (4.7):
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£ = Y] (T8 +Uu) 1wl =L g1 - Lo s + 22 (1 - prarTp)
+%(1 - 67U U,9) +’12—"(1 - q'q).
Take derivatives with regard to w, q, 8, and & and set these equations to zero, leading to
(XFXp +1,1) XFuy = 25w
(Y2 Y5 +1cg1) (Y] T8 + YJUg8 + YJuy) = Ag69

-1
(TS Ts + xpl)  Tduy = 2,58

(UUq + 1) ULu, = 1456

(4.10)

(4.11)
(4.12)
(4.13)

(4.14)

where k,, = Yw/Awp, Kg =Vg/Awp Ks =Vs/Aqs,» aNd kg = Ags/Aq- Kuw, Kp, and ks can be

processed by the iteration calculation of Egs. (4.11) - (4.14).

As shown in Egs. (4.11) - (4.14), the compact form of w, q, 8, and é cannot be obtained. Thus, the

model parameters are calculated iteratively as follows.

1. Scale X and Y to zero mean and unit variance.

2. Initialize u as some column of Y, u, as some column of Y, B and & as unit random vectors.

3. Repeat the following relations iteratively until convergence.
(1) Construct X = ¥5_, BiXgi, Yo = 21 6;Y, i, and Uy = [ug_q, uyp,..., u5_g4);
@ w = (XJXp +,1) XTuy;

(3) t = Xw, and form T = [t,, t t

g1 tgs);

@) q = (YYs + 1) (YJTB + Y] Uy + Y] u,), and q = q/lqll
() uy =Yyq;

6) B = (TJ T, + r51) " T ug, and B = B/IIT,BII;

(7) 8 = (UTU, + Ks1) " UTu,, and & = 8/||U48].
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To align with the modeling of dynamic outer structure, a dynamic inner structure is built based on

the latent variable modeling structure to describe the relations among ug, T; and Uy:
u, =T,{+Usyp + g, (4.15)

where ¢ = [{o,Cq,...,¢]T and P = [, ,,...,P4]" are weighting vectors of input and output
matrices respectively, and & is the regression error. With the obtained ¢ and ¥, u, can be predicted

by
i, = T{ + Uy (4.16)

After the outer and inner models are obtained, deflation should be performed on X and Y to eliminate

the effects of the extracted latent variables. The input matrix X can be deflated by
X=X—-tp' (4.17)
where p = XTt/t't.

The deflation of Y needs to be partitioned into two parts: the static part Yy.;_1 = {yl-}*f_o1 and the
dynamic part Y, = {y;}i=,. Yo.g-1 is deflated by
Yo.g-1 = Yo,g-1 — tcg; (4.18)
where ¢5 = Yg.4_1t/tTt; while Yy is deflated by
Y, =Y, —tgc’ (4.19)
/\T/\

—VIH
where ¢ = Yy U, /U1,

After modeling with DALVR, X and Y, are decomposed as

=1 (4.20)

where U, = [t,4,T,,,...,0,,] € R¥!, and X and ¥, are residuals of X and Y,. t;, p;, Ui, and ¢;

correspond to the ith latent variable (i = 1,2,..., 1), respectively.
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4.2 Concurrent Dynamic Decomposition

To realize a comprehensive modeling and monitoring of the process and quality spaces as for KLVR
in Chapter 2, the modified concurrent dynamic modeling framework is also developed for DALVR,

which is summarized as follows.
1. DALVR is performed on scaled X and Y for the modeling parameters R, Q, C, ¢ and .

2. Divide the dynamic predictable output ?g into the dynamic cross-correlation output part ?xg and

dynamic auto-correlation output part Yy,
Yy =Yy + Yy, = [Z,EQRICT +[Z,(® ® Q]CT (4.21)

where ?xg are the quality variations that can be predicted from input variables, and ?yg are auto-

regressive quality variations.

(1) SVD is performed on T{xg to capture the dynamic cross-correlations that are observable from input

variables:
Y.y =UD. V., =U.Q] (4.22)

where U, represents the covariations in X that are relevant to ?xg; Q. = V.D_ contains all non-zero
singular values in a descending order and the corresponding right singular vectors. Due to the

orthogonality of V.., U, can be rewritten as
U.=Y,V.D;' =X/R, (4.23)
whereX; =Z,({® 1) = ¥{_;{;Xs_;, and R, = RCTV.D; ™.
(2) Define lAJd, =1Z,(¥ ® Q), and the auto-regressive part ?yg can be written as
Y, =2,y ® Q|cT =0,C". (4.24)
3. The quality residual Y, =Y — ?xg - ?yg only contain static variations, and thus perform static
PCA on Y, to extract static principal variations:
Y. =TyP, +Y (4.25)

where Ts,, and Py, are the score and loading matrices of static output principal variations, respectively.

Y is the static output residual.
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4. Dynamic inner PCA (DiPCA) [120] is performed on X to capture both dynamic and static input

variations simultaneously:
X = Ty Py + To P + X (4.26)

where T, is the score matrix of dynamic input variations and P, is the loading matrix of dynamic
input variations, which are predictable for the past input scores. Ty, is the score matrix of static input
variations and Py, is the loading matrix of static input variations, and X represents the static input

residuals.

Dynamic Input Principal Subspace (DIPS) |

DiPCA P = =
41'| X=T,P +T,PL +X Static Input Principal Subspace (SIPS) I

‘ Static Input Residual Subspace(SIRS) |

Y.y =UD. VI =U.Qf H Dynamic Covariation Subspace (DCVS) |

Preprocessing

Output:Y

Y,m =[Z,(v®Q)CT H Dynamic Auto — Regressive Output Subspace (DAOS) I

Static Output Principal Subspace (SOPS) I

PCA P = P —
T N = Y -V — Y, = T PLAY |

Static Output Residual Subspace (SORS) ‘

Figure 28: CDALVR-based monitoring framework

For better understanding, the concurrent DALVR (CDALVR) based modeling framework is
summarized in Figure 28, where the subspaces names are also defined. With CDALVR, X and Y are

decomposed as

{ X = Ty, PJ, + T, P + X, 427)

Y, =U.Qf +U0,C" + T, PJ, + V.
where U.Q/ denotes predictable dynamic variations in process variables related to quality data, which
is projected into the dynamic covariation subspace (DCVS). IAL,,CT represents auto-regressive relations
in quality data, corresponding to the dynamic auto-regressive output subspace (DAOS). TSyPSTy in the
static output principal subspace (SOPS) contains major static quality-relevant variations, and Y shows

the static output residual subspace (SORS). T4, P4, in the dynamic input principal subspace (DIPS)
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captures dynamic process-relevant but quality-irrelevant variations. T, PJ. includes static process-
relevant but quality-irrelevant variations to form static input principal subspace (SIPS). The static input

residual subspace (SIRS) is constructed by X.

After the DALVR model is obtained with training data, it can be employed for online modeling, and

it decomposes a new test sample (xy, yi) into

{Xk = defdx,k + Psxtsx,k + Xy (4 28)

Yk = chc,k + Cﬁl/),k + Psytsy,k + Vi

where for x;, €4, is the score vector in DIPS, tg,  is the score vector in SIPS, and X, is the residual

vector in SIRS, which are obtained by

s

ok = Z Oitaxk—i (4.29)
i=1

tsx,k = P, X, (4‘-30)

X = a- PsxPs—I;c)ic (4.31)

where tg, . = RyXp, and X, = X — Pyybay i Pax, Psy, O, and R, are parameters determined by

DiPCA [120].

For the decomposition of y; in Eq. (4.28), u. . is the score vector in DCVS, 1y, is the score vector

in DAOS, t,,,  is the score vector in SOPS, and ¥ is residual vector in SORS, which are

ucy = Rixgy (4.32)
S
Uy = Z Viyi-iQ (4.33)
i=1
tsy,k = Ps-g/yc (4.34)
Vi = (1 - Ps, PV, (4.35)

where Xz, = Xi—o {iXk—i and o = yx — Qe — Cliy, .
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4.3 Comprehensive Dynamic Monitoring Scheme

To develop a comprehensive dynamic monitoring scheme for the extracted subspaces, their monitoring
statistics are designed, which is called concurrent DALVR (CDALVR).

For a test sample pair (x, yx), the dynamic output-relevant score vector u, ; is monitored with the

T2 index in DCVS.
T = ulp A gy = X7 RACRIX (4.36)

where A, is the variance matrix of U.. Note that the variations in this subspace are predictable from

input variables.

For the auto-regressive output score vector Gy, , Which is not predictable from input, its

corresponding statistic ij is
Tgy = Uy, Agyly i (4.37)
where A, is the variance matrix of IAJI,,.
The static output score vector t,,, , and the static output residual vector y; are monitored by
Ty = tiy sy tsyi (4.38)
Qsy = IIFkll* = 2 (1 - Psy P}, ) (4.39)
where Ay, is the variance matrix of Ts,,.

For the decomposed input subspaces, variations in DIPS, SIPS and SIRS are captured by ¢4, T2

and Q,, respectively, which are defined as

2T A TC%X de
Pax = Cax e Paxbaxk = 72 .+ (4.40)
dx,cl de,cl
Tszx = t;-x,kA;%tsx,k (4-41)
Qsx = ”ikllz = XZ(I - PsxPs-I;c)ic (4.42)
where ¢, is a combined index integrating Hotelling's T2 with Q statistics [3], and @, is
Py AZLP], 1—PyPJ.
gy =~k & dx_dx (4.43)

Tc%x,cl de,cl
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where A, is the variance matrix of T, P, is the loading score matrix of Ty, and zj,cl and Qgy.cl

are the corresponding control limits [60]. Ay, in Eq. (4.41) represents the variance matrix of Ts,.

The details of the control limits of the aforementioned statistics are summarized in Table 7, where
les Ly, Lsy, and L, denote the number of latent variables for u. ., Uy, x, ¥ and X, respectively. The
calculations of control limits corresponding to each subspace are obtained according to Literature [3]
and [60].

To differentiate the importance of detected anomalies, as shown in Table 7, different alarming levels
Lq, L,, and L are attached to faults or disturbances observed in subspaces decomposed by CDALVR,
where L, and L; represent the highest and lowest alarming level, respectively. More concretely, the
faults with L, alarming level will affect output variables, the L, alarming faults have potential influence

on the output, and the L5 alarms are raised for the input-relevant and output-irrelevant faults.

Table 7: Monitoring statistics and control limits for CDALVR

Subspace Characteristics Statistics Control limit Alialer\r/réllng

DCVS | Dynamic; predictable from input T2 T2 = X, L,

output DAOS | Auto-regressive; unpredictable from input | T3, Tay.a = Xag, L,
SOPS | Static; unpredictable from input Tszy Tszy,cl = Xﬁ,zsy Ly

SORS | Static; unpredictable from input Qsy Qsy,a = gsy)(czl,hsy Ls

DIPS | Dynamic Pax | Paxa = JaxXany, Ly

Input SIPS | Static T Toa = X, Ls
SIRS | Static, potentially relevant to output Qsx Qsx,cl = gsx)(ﬁ,hsx L,

The concurrent dynamic monitoring procedure is outlined as follows:

1IfT2 > Tcz’cl, the L, fault alarm is raised with (1 — a) X 100% confidence in DCVS, denoting

that the fault is dynamic output-relevant and predictable from input data.

2. If ij > ij,d , with (1 — a) x 100% confidence, a dynamic auto-regressive output-relevant

fault is fired in DAOS with L, alarming level, which is unpredictable from input variables.

3. 1If Tszy > Tszy'Cl , a static output-relevant and input-irrelevant fault is detected in SOPS with (1 —

a) X 100% confidence, which indicates that a L, fault alarm occurs.
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4. If Qgx > Qsx 1, & static output-irrelevant fault is observed in SIRS with (1 —a) x 100%
confidence, which means that a L, fault alarm is raised, and this fault is input-relevant and potentially
relevant to output data.

5. If Qs > Qsy,c1, @ static output-relevant fault with a L3 alarming level is detectable for SORS with

(1 — @) x 100% confidence.

6.1f gy > @axc1, @ L3 fault alarm is activated in DIPS with (1 — a) X 100% confidence, showing

that a dynamic input-relevant fault is observable.

7.6 T2 > T,ﬁcl, a static input-relevant fault is detectable for SIPS with (1 — a) x 100% confidence,

indicating that the fault is attached to the L5 alarming level.

4.4 Tennessee Eastman Process Case Study

In this section, the additional simulation data of TEP [121] is utilized to investigate the modeling and
monitoring performance of DALVR and CDALVR. The dataset contains 50,000 training samples and
96,000 testing samples for each disturbance. 500 simulation runs are included in the dataset, and each
run contains 41 measured variables (XMEAS (1-41)) and 11 manipulated variables (XMV (1-11)).

To illustrate the dynamic modeling performance of DALVR, XMEAS (1-22) and XMV (1-11) are
selected as input variables X, while XMEAS (38) is chosen as the output variable Y. Note that the
variables in X are sampled with an interval of 3 minutes, while the output variable Y is sampled every
15 minutes. Thus, to address the irregular sampling frequency, the filtering approach described by Zhu

et al. [62] is employed to balance the sampling discrepancy.

4.4.1 Modeling Performance

Determined by the cross-validation method, the modeling parameters for DALVR arel =2, s = 2,
and d = 2; for DrLVR, [ = 5 and s = 1. The regularized parameters for DALVR are y,, = 0.005,
yg = 0.005, and y5 = 0.005, while for DrLVR, x = 0.005. The confidence level is selected to be 99
%. The prediction performance is measured by MSEs, which are summarized in Table 8, and the output
variations predicted by DALVR and DrLVR are presented in Figure 29. Compared with DrLVR,
DALVR achieves a more comprehensive exploitation on the quality space, and thus as shown in Table
8, its MSE is lower than that of DrLVR, which is in line with the predictive performance shown in
Figure 29.
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Table 8: MSEs for DrLVR and DALVR in additional simulation of TEP

Variable DrLVR | DALVR
XMEAS (38) | 0.3570 | 0.3308

Predicting data DALVR

Actual Data ! ! ! ! ! !

Figure 29: Predicted output variations for normal case in additional simulation of TEP

4.4.2 Concurrent Monitoring Performance

The TEP simulates 20 disturbances, and the first 15 known disturbances (IDV (1-15)) are adopted for
analysis in this case study. With the control limit selected as 99%, the FDRs and FARs [62] results of
output-relevant and output-irrelevant disturbances are summarized in Tables 9 and 10, respectively.

Note that the T? statistic of CDALVR in these two tables is the combination of the T2, Tgy, and T3,

statistics, which is for output-relevant anomaly detection, including both predictable and unpredictable,

dynamic and static faults. The T2 statistic realizes a comprehensive monitoring for output relevant data.

As shown in Table 9, CDALVR achieves comparable FDRs with DrLVR, with better performance
for IDV (7) and IDV (10), and its false alarms are raised much less than DrLVR. Furthermore,
CDALVR-based monitoring provides detailed information for each subspace, monitoring dynamic and
static variations in both input and output data. For output-irrelevant disturbances, only FARs are listed
in Table 10, since there are few faulty samples and FDRs are noisy. As shown in the table, in most
cases, CDALVR achieves better monitoring results than DrLVR with smaller FARs. The input-relevant
FARs are also available in CDALVR with T2, which yet should receive lower attention than output-

related monitoring indices.
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Table 9: FDRs and FARs for output-relevant disturbances in additional simulation of TEP

VETT'0 0 9rsy'0 | ovee’0 | S9g€'0 | L06v'0 | ¥6T90 | 2eL6'0 | TSKE0 | 208L0 | TZL90 | vos0 | 9ve6'0 | €6660 | (€T) AQl
Z18T°0 | €620 | €195°0 | eeee0 | Leev'o | G190 | 26080 | 9v.60 | 2S6.0 | 65290 | 92590 | 2980 | 9.860 | S66°0 (@1 AQl
TT€00 | 68YT°0 [ 16990 [ 299T0 | Seoso | 1800 | 8Ty0 | veszo | sese0 | esL0 | SevTo | S6T80 [ S9560 | TO060 | (OT) AU
€8eT0 | 9e9e'0 | Lozro | €0 | ssiTo | Seezo | w0 | Tese0 | L.080 [ Z09z0 | 26850 | vi€60 | TviE0 | 660 ® Aal
20200 | 9v8€0 [ €600 0 210 | €0.T0 | S6EVO T 8968°0 | €020 | ¥1050 | TZve'0 | 67,60 | L6v60 W aai
8882°0 0 S90€'0 | 95560 | €860 | L5vv'0 | 2890 | ¥E66'0 | €860 | 89¥6'0 | G880 | 68960 T T @ Aai
19200 | €v1z0 | 8e60 0 9e16'0 | 8Zv60 | Sav6'0 | €8.9°0 | L9990 | 19660 | Lveo | ¥6650 | 986670 T @) Aa
L0LT°0 0 6682°0 0 19210 | 9sse’0 | veoe'0 | 866610 | 2T6L0 | ¥6ETO | S9E00 | 9vyLO | 96980 T @ nai
2,910 0 1052°0 0 99610 | €z2€0 | 28260 | 8666°0 | 62280 | TTLEO | TIFYO | 62v80 | 960 T @ AQl
¥l e 2L L oL 2L 2L A e L L 2L o 2l
¥ATVa0 dATa ¥ATVad ¥ATIQ | eouecumsig
V4 ¥ad

66



Table 10: FARs for output-irrelevant disturbances in additional simulation of TEP

Disturbance DrLVR CDALVR
T? T? 2 |\ Th | T | ea| TE
IDV (3) 0.0123 | 0.0161 | 0.0100 0 0.0072 0 0.0067
IDV (4) 0.1907 | 0.0178 | 0.0106 0 0.0077 0 0.2253
IDV (9) 0.0124 | 0.0196 | 0.0118 0 0.0077 0 0.2253
IDV (11) 0.3765 | 0.0208 | 0.0133 0 0.0080 0 0.0768
IDV (14) 0.9595 | 0.0814 | 0.0260 0 0.0590 0 0.0752
IDV (15) 0.0145 | 0.0211 | 0.0144 0 0.0070 0 0.0096
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Figure 30: PCA-based process and quality monitoring results for IDV (1)

As observed, CDALVR shows superiority to DrLVR due to its comprehensive monitoring ability

and improved anomaly detection performance.

For better illustration, IDV (1) (an output-relevant disturbance) and IDV (14) (an output-irrelevant
disturbance) are chosen to visualize the monitoring performance of CDALVR and DrLVR. The first

100 samples are training data, while the 101-200" samples are the first round of testing data.

IDV (1) introduces a step change of A/C feed ratio in Stream 4 [118], and as shown in the PCA-
based monitoring results in Figure 30, it affects the output variable transiently. Specifically, output
variable is abnormal in the interval [110™, 174™], while for input variables, T;? and Q,, detect the faults

from 106" and 105" sample respectively.
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Figure 31: CDALVR-based monitoring results for IDV (1)

The monitoring results of CDALVR and DrLVR are presented in Figures 31 and 32, respectively.
Figure 31 shows that all quality relevant monitoring indices of CDALVR detect the anomalies, and
they return to normal conditions later, which is consistent with the PCA-based monitoring results in
Figure 30. T2 is constructed by the predictable dynamic output-relevant variations, and in it captures
the anomalies in DCVS for the 111%%-150" faulty samples. ij detects dynamic output-relevant faulty
samples that are unpredicted from the input in the range of [112", 175%]. Tszy also successfully detects
additional static output-relevant anomalies in the interval of [118™", 173']. The monitoring results of
output-relevant statistics in CDALVR are in line with the T,> of PCA-monitoring in Figure 30. In
addition to quality-relevant anomalies, CDALVR also detects anomalies in the input data with ¢,
from the 109" sample, T2 from the 107" sample and Q, from the 106" sample. It is observed that the

IDV (1) disturbance affects input data longer than quality variables. In contrast, both monitoring indices
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of DrLVVR keep alarming from the 105" sample, and it cannot provide a detailed analysis for the sources
of the detected faults.
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Figure 32: DrLVVR-based monitoring results for IDV (1)
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Figure 33: PCA-based process and quality monitoring results for IDV (14)

The IDV (14) disturbance is caused by the sticking issue of the reactor cooling water valve [118].
The PCA-based monitoring in Figure 33 indicates that it affects T, and Q, statistics from the 105"
sample, while its Ty2 index remains unaffected, showing that this disturbance is input-relevant and
output-irrelevant. Figures 34 and 35 summarize the CDALVR-based and DrLVR-based monitoring
results, respectively. CDALVR 's monitoring results generally align with Figure 33: only the input-
relevant statistics T2 and Q, raise the Ls-level alarms from the 105" and 106" faulty samples,
respectively, and quality-relevant indices T2, Tc%y, Tszy and dynamic input-relevant index ¢4, are

within their corresponding control limits. DrLVR has both monitoring indices exceeding their control
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limit, and it is hard to collect any further information from Figure 35. Thus, DrLVR based monitoring
method is less informative than CDALVR.
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Figure 35: DrLVR-based monitoring results for IDV (14)
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4.5 Summary

This chapter proposes a DALVR method by modeling both dynamic cross-correlations and dynamic
auto-correlations simultaneously, leading to the enhancement of ability to handle dynamic relations. A
dynamic comprehensive modeling and monitoring framework is also developed with subsequent
decompositions. Case study on the TEP data illustrates that DALVR establishes a more predictive
relationship between input and output data compared with DrLVR. Meanwhile, CDALVR
accomplishes a comprehensive multilayer monitoring on both input- and output-relevant faults, which

can distinguish detected anomalies in different subspaces given dynamic or static characteristics.
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Chapter 5

DALVR-based Fault Diagnosis and Causal Analysis Framework

As shown in previous chapters, KLVR was designed to deal with nonlinearity in practical processes,
and its concurrent modeling and monitoring scheme realizes a comprehensive anomaly detection in
both quality and process spaces. A dynamic auto-regressive LVR was further proposed to capture
system dynamics in practical processes. DALVR fully extracts the information in both input and output
data by considering cross-correlations between input and output and auto-correlations from current and
past output information. A comprehensive monitoring scheme was also developed to monitor dynamic
anomalies. However, fault detection is only the first step, and it is necessary to analyze the root causes
of the detected faults. In this chapter, a fault diagnosis and causal analysis scheme is designed for further

analysis.

5.1 DALVR-based Fault Diagnosis and Causal Analysis Framework

Root cause identification is a key issue for fault diagnosis. After an anomaly is detected, it is necessary
to locate their root causes to ensure the operation safety and efficiency, and the increasingly complex
processes in industrial practice have increased the difficulty of fault diagnosis. Traditional fault
diagnosis approaches can only determine variables contributing to the fault initially, failing to locate
the root cause accurately due to ignorance of a cause-and-effect relationship between selected variables.
It is necessary to integrate traditional fault diagnosis approaches with causality analysis to improve the
ability of root cause identification, leading to the proposed DALVR-based fault diagnosis and causal

analysis framework.

The monitoring scheme based on DALVR includes T2 and Q statistics, which can be obtained in a
similar way. To ensure the monitoring and diagnosis efficiency, based on Eg. (2.23), a combined

monitoring index ¢ is first designed by integrating T2 and Q indices as

T? Q
p==+—=x"®,X (5.1)
TCZI QCl ¢
where
B RAIRT 4 I-PRT (5.2)
¢ Tczl QCl . .

72



The control limit of ¢ is obtained by Eq. (2.24).

Then, RBC is adopted and modified as the first step of root cause analysis. RBC obtains the amount
of reconstruction along each variable by minimizing its effect over the detection statistics [66]. Its key
assumption is that reconstruction magnitude in the fault direction should be larger than other non-faulty
variables. Assuming that xi is affected by a fault, according to Egs. (2.25)-(2.28), the reconstructed

combined monitoring index based on ¢ index is formulated as
Index(z)? =z ®,2; = l|z;|l, = lIx— &fill%,. (5.3)

To make Index(z;) within the control limit, the fault magnitude f; is determined by minimizing

Index(z;). Thus, take the first derivative of Index(z;) with regardto f; and make it equal to zero yields:

£2 = & (6 @,8) & D,x (5.4)

Then the reconstruction amount along fault direction &;, RBlep, is
-1
RBCY = (&£l = xT®,& (57 @) &l D x. (5.5)

RBC is an effective approach for fault diagnosis, but sometimes it is not reliable enough, since for
each variable, the RBC value may be affected by other variables. To alleviate this issue, a relative RBC

index, namely rRBlep, is employed instead. rRBlep is defined as the ratio of RBlep to the average

values of the i*h variable calculated with RBijvg,i obtained from the normal data. rRBC;” is formulated

as

-1
o RBCY  xT®,&(&]@,8) & dyx
rRBCi = ? = 7] . (56)
RBC? RBC

avg,i avg,i
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Figure 36: Fault diagnosis and root cause identification framework based on DALVR

rRBCE” can remove the interference brought by the correlations among various variables. The
variables that have larger rRBlep values are regarded as the main contributing variables, which are used
for further root cause identification. To further attribute the root causes of the detected fault, TDGC
[90] and CSGC [97] described in Chapter 2 are employed to identify the causal relations of the
contributing variables identified by RBC. TDGC is easy to implement and understand, so it is
extensively used in root cause analysis. However, sometimes it fails to provide enough information to
locate the root causes due to the existence of other potential causes. Thus, it is necessary to enhance
reliability. In this work, we integrate another causality approach with TDGC to address this issue.
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CGSC has good causal inference performance since it can identify the causal relationship in the
frequency domain, providing strong support for further root cause analysis. However, its computational
cost is relatively large. If the range of variables is narrowed down, it will be more efficient. To combine
their advantages and improve the performance of causal analysis, the integration of TDGC and CSGC

will lead to the improvement of reliability and effectiveness.

The integrated framework is depicted in Figure 36. In the framework, DALVR is first performed on
historical normal data to obtain model parameters, and fault detection and diagnosis statistics are
developed with DALVR. For online monitoring, new samples are processed and monitored with the
established statistics. Once a faulty sample is identified, relative RBC is conducted to obtain
contributing variables, which will then be employed for further root cause identification with TDGC
and CSGC.

5.2 Tennessee Eastman Process Case Study

The Tennessee Eastman Process (TEP) [118] is analyzed to show the efficacy of the proposed
framework. In this section, XMEAS (1-22) and XMV (1-11) are selected as input variables (Variables
1-33), while XMEAS (38) serves as the output variable.

Table 11: MSEs for DrLVR, DAPLS, and DALVR in TEP

Variable DrLVR | DAPLS | DALVR
XMEAS (38) | 0.3872 | 0.1726 | 0.1464

Table 12: MSEs for different parts of DALVR in TEP

Variable DALVR | Cross-correlation part | Auto-correlation part
XMEAS (38) | 0.1464 0.6799 0.1920

The modelling performance of DrLVR and DALVR are first compared, which are trained with 500
normal samples. With the cross-validation method, the parameters are determinedasl = 1,s = 1,d =
1, v, = 0.005, yz = 0.005, and ys = 0.005 for DALVR; and [ =1, s = 3, and k = 0.005 for
DrLVR. Apart from DrLVR, DAPLS is also used to reflect the effectiveness of DALVR on prediction.
For DAPLS, I =3,s =3, and d = 1. The confidence level is chosen as 99 %. The prediction

performance is evaluated with MSEs, which are summarized in Table 11.
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Table 13: Monitoring metrics of T2 for quality-relevant disturbances in TEP

Fault FDR FAR AR PR

Type DrLVR | DAPLS | DALVR | DrLVR | DAPLS | DALVR | DrLVR | DAPLS | DALVR | DrLVR | DAPLS | DALVR

IDV (1) | 0.7826 1 0.8261 | 0.1575 | 0.7808 | 0.1370 | 0.8281 | 0.4063 | 0.8542 | 0.6102 | 0.2875 | 0.6552

IDV (2) | 0.9167 1 1 0.7667 | 0.7889 | 0.7389 | 0.2760 | 0.2604 | 0.2969 | 0.0738 | 0.0779 | 0.0764
IDV (5) 1 0.8414 1 0.8025 | 0.0896 | 0.7963 | 0.3187 | 0.5000 | 0.3240 | 0.1815 | 0.3256 | 0.1826
IDV (6) | 0.9905 1 1 0.2818 | 0.2364 | 0.2773 | 0.9281 | 0.9458 | 0.9533 | 0.9220 | 0.9343 | 0.9436

IDV (7) | 0.8182 | 0.9273 | 0.8364 | 0.3431 | 0.2336 | 0.1387 | 0.7031 | 0.8125 | 0.8542 | 0.4891 | 0.6145 | 0.6970
IDV (8) | 0.8860 | 0.9485 | 0.9051 | 0.3263 | 0.5158 | 0.1789 | 0.7708 | 0.7188 | 0.8125 | 0.7304 | 0.6525 | 0.8298
IDV (10) | 0.5818 | 0.7091 | 0.7818 | 0.3577 | 0.2774 | 0.2818 | 0.6250 | 0.7188 | 0.6938 | 0.3951 | 0.5065 | 0.4538
IDV (12) | 0.7964 | 0.9273 | 0.8291 | 0.5244 | 0.4878 | 0.4268 | 0.7010 | 0.7500 | 0.7281 | 0.7145 | 0.7183 | 0.6796

IDV (13) | 0.8145 | 0.9274 | 0.8306 | 0.2353 | 0.3676 | 0.1018 | 0.7969 | 0.8229 | 0.8333 | 0.8632 | 0.8214 | 0.9035

Table 14: FARs of T2 for quality-irrelevant disturbances in TEP

Fault Type | DrLVR | DAPLS | DALVR
IDV (3) | 0.0957 | 0.0213 | 0.0319
IDV (4) | 0.2116 | 0.0212 | 0.0847
IDV (9) | 0.0851 | 0.0319 | 0.0266
IDV (11) | 0.1341 | 0.0391 | 0.0391
IDV (14) | 0.4063 | 0.0885 | 0.0521
IDV (15) | 0.0737 | 0.0105 | 0.0211

Compared with DrLVR, DALVR achieves a much lower MSE than DrLVR, since it exploits more
information with the aid of historical quality data. The MSEs of DALVR, its cross-correlation part, and
auto-correlation part are shown in Table 12. As shown in Table 12, both cross-correlation part and auto-
correlation part have higher MSEs than the overall MSE value of DALVR, which implies that the
modelling performance with past process samples only or past quality samples only is not satisfactory.
With the control limit selected as 99%, the false detection rates (FDRs) and false alarm rates (FARS)
of these two categories are summarized in Tables 13 and 14, respectively. FDR is the ratio of the
number of actual faults that are detected with the selected algorithm and the number of total faulty
samples, while FAR is the ratio of the number of normal samples that are incorrectly categorized as
faults and the number of total normal samples. FDR and FAR are used to measure the monitoring
performance of algorithms. The larger the FDR is, the better the monitoring performance is, while the
smaller the FAR is, the better the monitoring performance is. Compared with DrLVR, DALVR can

capture more variance of the data, leading to better modelling performance. In this case, theoretically,
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the performance of DALVR on fault detection and alarm will be better than DrLVR. Apart from FDR
and FAR, accuracy rate (AR) and precision rate (PR) can be also used as measures of observational
error to compare the monitoring performance. AR is the percentage of correct predictions for a given
dataset, which evaluates how close or far off the samples are to their true values. PR measures that
fraction of examples classified as faulty samples that are truly faulty, which measures how close or

dispersed the samples are to each other [122].

As shown in Table 13, for output-relevant disturbances, for IDV (1, 5, 8, 12, and 13), DALVR
achieves the smallest FARs and the largest ARs and PRs, while its FDRs are comparable to those of
DrLVR and DAPLS. For IDV (2, 6, 7, and 10), FDRs of DALVR are largest among these algorithms,
while their ARs and PRs are either the largest or relatively large, and FARs are either the smallest or
relatively small. Thus, in general, DALVR has better fault detection ability, accuracy, and precision
performance in quality-relevant monitoring, since compared with other static and dynamic algorithms,
DALVR employs both past process and quality information for predictive modelling, and it can capture
the data variations more accurately. For output-irrelevant disturbances, only FARs are listed in Table
14, since there are few faulty samples and FDRs, ARs, and PRs are noisy. As shown in Table 14,
DALVR obtains comparable or smaller FARs compared with other algorithms. FARs of DALVR are
comparable or smaller compared to other algorithms, which means that there are only a few normal
samples classified as faulty samples erroneously. Thus, as observed, DALVR shows superiority due to

its comprehensive monitoring ability and improved anomaly detection performance.

One of the quality-relevant faults, IDV (1), is selected as an instance to illustrate the proposed fault
diagnosis and root cause identification framework. IDV (1) is a step change in the A/C feed ratio in
Stream 4. Specifically, it causes a decrease of 3% in the A feed and an increase of 3% in the C feed
[118]. The DALVR-based monitoring result with the combined index ¢ is shown in Figure 37, and the
fault is detected since the 165" sample. The rRBC® of the 165" sample is then illustrated in Figure 38.
As shown in Figure 38, RBC identifies many faulty variables due to the interrelations among variables,
including Variables 7, 15, 17, 18, 20, 29-31, and 33. To further accurately locate the root causes, these

variables are selected as the potential contributing candidates in the subsequent Granger causal analysis.
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Figure 41: Conditional spectral Granger causality results for IDV (1)

Figure 39 shows the TDGC map of the 165" sample in IDV (1), where V7, V15, V17, V18, V20,
V29, V30, V31, and V33 represent Variables 7, 15, 17, 18, 20, 29-31, and 33, respectively. In Figure
39, the green arrows connecting two nodes represent the causality between these two variables, while
the blue lines denote the mutual effects between those two variables, failing to provide evidence of their
causal relations. Moreover, by reference to the definition of causal flow in a node as the number of
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outgoing flows minus that of incoming flows [90], the causal flows of each variable are shown in Figure
40. It can be seen that Variables 15, 18, 30, and 33 have a positive causal flow, so they are potentially
supposed to be the root causes, while Variables 7 and 17 have a negative causal flow, indicating that
they are less likely to be the faulty variables.
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Figure 42: Direct causal analysis for IDV (1)

From the TDGC map, it is observed that Variable 18 Granger-causes Variables 15 and 30, but it fails
to provide further information on their causal relations. Thus, CSGC is further applied on these
contributing variables (Variables 15, 18, 30, and 33). Figure 41 depicts the CSGC graph for these
variables of the 165" sample. As illustrated in Figure 41, the subplot under Column V18 on Row V33
has strong variations, while the fluctuation of the subplot under Column V33 on Row V18 is smaller,
showing that Variable 18 has larger causal effect on Variable 33. Thus, it is concluded that Variable 18
is the root cause of IDV (1), which is validated with the actual variations in the process shown in Figure
42. At the beginning, IDV (1) causes the composition change of A and C feeds in Stream 4. Then
Stream 4 flows to the stripper, leading to direct influence on the level (Variable 15) and temperature
(Variable 18) of the stripper (Variable 18). Afterwards, the stripper steam flows to the reactor, which

affects the subsequent components, including the compressor, reactor, condenser, and separator. Finally,
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the flow reaches the stripper again and affects the output variable in the product, which is the
composition of Product E. Consequently, it is reasonable to conclude Variable 18 as the root cause,
which aligns with the available information of IDV (1), and the affected variables align with the
extracted contributing variables, showing the effectiveness of the proposed fault diagnosis and root

cause identification framework.

5.3 Three-phase Flow Facility Case Study

The three-phase flow facility (TPFF) is provided by Cranfield University, and it is a pressurized system
with controlled and measured flowrates of water, oil, and air [123]. TPFF includes three normal datasets
(T1, T2, and T3) and six faulty cases with 24 variables. In this case study, Variables 1-7, 10, 11, 12,
19-21, and 23 are chosen as process variables and Variable 13 is the quality variable, which is the flow

density in the top riser.

6000 ’ ! ' ¢ ' ' ?:t:ar:itfgrumit
4000 §
2000 .
0 ! : ! ‘ L
0 1000 2000 3000 4000 5000 6000 7000

Figure 43: DALVR-based monitoring result for faulty case 3
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Figure 44: Relative reconstruction-based contribution results for faulty case 3

The DrLVR, DAPLS, and DALVR models are trained with the samples in T2, and their parameters
are determined as follows: [ = 1, s = 3, and k = 0.005 for DrLVR; [ =5,s=1,d =1, y, = 0.005, ys =
0.005, and y5s=0.005 for DAPLS; [=1,5s=1,d =1, y,=0.005, y3 = 0.005, and ys = 0.005 for DALVR.
T3 is employed as the test data, and the monitoring metrics of T2 are summarized in Table 15. The

confidence level of control limit is chosen as 99%. The faults in the three-phase flow facility (TPFF)
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can be divided into quality-relevant ones (faulty cases 1, 2 and 4-6) and quality-irrelevant ones (faulty
case 3) [20], and the monitoring performance of several algorithms are summarized in Table 5. For
quality-relevant faults, DALVR obtains the largest ARs, and PRs for faulty cases 1, 2, and 5, while its
FDRs are either the largest or relatively high, and it maintains the smallest FARs for faulty case 2 and
comparable FARs for faulty cases 1 and 5. For faulty case 2, although the FDR of DrLVR is the largest,
its FAR is also very high, which shows poor monitoring performance. For faulty case 4, the
performance of DALVR is mediocre, and for faulty case 6, DALVR has the smallest FAR, and its FDR,
AR, and PR are comparable to the largest values. For quality-irrelevant cases, FAR is the main index
that needs to be considered. The FAR of DALVR is the smallest one. Generally, the monitoring

performance of DALVR is the best among these algorithms.

Table 15: Monitoring metrics of T2 for the three-phase flow facility

Faul FDR FAR AR PR

Type DrLVR | DAPLS | DALVR | DrLVR | DAPLS | DALVR | DrLVR | DAPLS | DALVR | DrLVR | DAPLS | DALVR
1 0.9976 1 1 0.1548 | 0.2541 0.1550 | 0.8442 | 0.7692 0.8592 | 0.3707 | 0.2845 0.3946
2 0 1 0.1429 | 0.1078 1 0.0957 | 0.8904 | 0.0020 0.9027 0 0.0020 0.0030
4 0.8386 | 0.9609 0.8723 | 0.2131 | 0.9973 0.2403 | 0.7753 | 0.0687 0.7398 | 0.1771 | 0.0666 0.1271
5 0.9162 | 0.9746 0.9626 | 0.1296 | 0.5787 0.1534 | 0.8784 | 0.5546 0.8805 | 0.6916 | 0.3483 0.7109
3] 0.0054 | 0.0325 0.0049 | 0.0140 | 0.0278 0 0.9238 | 0.9004 | 0.9236 | 0.0667 | 0.0422 0.0778
3 0 0 0 0.4978 1 0.4225 0 0 0 0 0 0

Faulty case 3 is selected for further investigation, where the top separator input blockage is
introduced into the system [123]. Figure 43 presents the monitoring result based on DALVR with the
combined index, which shows that the fault is detected from the 3554™ sample. The relative RBC of
the 3554™ sample is shown in Figure 44, and Variables 2, 6, and 7 (V2, V6, and VV7) are selected as the
contributing variables for further Granger causality. As shown in Figure 45, Variable 2 Granger-causes
Variable 7, but the relationships between Variables 2, 6 and 6, 7 cannot be identified with TDGC in
Figure 45. To further determine the cause-and-effect relations of Variables 2 and 6, and 6 and 7, the
root cause analysis with CSGC is further conducted. The result of CSGC in Figure 46 demonstrates
that the subplot under Column V2 on Row V6 has stronger peak than the subplot under Column V6 on
Row V2, while the subplot under Column V6 on Row V7 has smaller variations than the subplot under
Column V7 on Row V6, which indicates that in frequency domain, Variable 2 Granger-causes Variable
6, and Variable 7 also affects Variable 6. Thus, it is concluded that Variable 2 is supposed to be the

root cause.
82



V2

V6 V7

Figure 45: Time-domain Granger causality map for faulty case 3
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Figure 46: Conditional spectral Graner causality results for faulty case 3

Based on the ground truth of faulty case 3, the fault is caused by the blockage of top separator input.
Variable 2 measures the pressure in the bottom of the riser, Variable 6 is the difference pressure between
the bottom of the riser and the top separator input, and Variable 7 denotes the differential pressure over
VC404. As shown in Figure 47, it is noted that the top separator input blockage reduces the pressure in
the top separator input, imposing influence on the pressure in the 4-inch riser. Thus, the value of
Variable 2 is affected, which can reasonably be considered as the root cause. This causal inference is
denoted by green lines. The difference pressure between the bottom of the riser and the top separator
input will be affected slightly and return to normal rapidly, which makes no sense to the influence of
other variables. In terms of the causal relationship between Variables 2 and 7, which is illustrated by

83



orange lines in Figure 47, Variable 2 affects the level in 3-phase separator directly, and the level in a
series of separator facilities will also change subsequently. Through the 2-inch riser, Variable 7 is
affected correspondingly. Therefore, Variable 2 acts as the root cause in faulty case 3, and the

effectiveness of the framework is also proven.
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Figure 47: Direct causal analysis for faulty case 3

5.4 Summary

In this chapter, an improved fault diagnosis and root cause identification framework is also developed
based on DALVR to identify, investigate, and categorize the root causes of faulty samples. The
framework effectively integrates the relative RBC for fault diagnosis, and TDGC and CSGC for root
cause analysis. The case studies with the Tennessee Eastman process and three-phase flow facility have
demonstrated the effectiveness of the proposed DALVR method and the corresponding fault diagnosis

and root cause identification framework.
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Chapter 6
Improved Autoencoder with Dynamic Hidden Layer for Anomaly

Detection

Inspired by autoregressive integrated moving average (ARIMA) model [114], the hidden layer of AE
is improved to handle the issue of dynamics in this section. Then, a modified autoencoder method with
dynamic hidden layer (DHL-AE) is proposed to address both high dimensionality and dynamic
relations simultaneously and the corresponding anomaly detection monitoring scheme is designed to
improve the performance of identifying abnormal points. The validity and superiority of DHL-AE and
its corresponding anomaly detection monitoring are proved by case studies.

6.1 Autoencoder with Dynamic Hidden Layer

As a specific type of neural networks, AE has been created by encoding the input into a compressed
representation and decoding it back to reconstruct the input that is nearly identical to the original input
to greatest extent possible [124]. The purpose of AE is to learn a lower-dimensional and meaningful
representation of the input in an unsupervised way via minimizing the reconstruction error based on a
loss function in training [113]. Typically, the mean squared error (MSE) between the original input and

the corresponding reconstructed output is adopted to be the loss function.
Assuming x € R™ as the input, the loss function is expressed as [113]
L(x %) =[x - %I (6.1)

where L(+) expresses the loss function and X is the corresponding reconstructed output vector of x. The
encoder projects the input into the hidden layer to obtain a compressed representation z € R¥, and the
decoder reconstructs the output of AE based on z as X. To construct the encoder by the projection from
the space of input and output data to the space in the hidden layer ¢: y — Z and decoder by the
projection from the space in the hidden layer to the space of input and output data y:Z — y, the
objective of AE is defined as [125]

argmin||x — Y[ ][> (6.2)
oY

where ¢(x) denotes the process of encoding, and z = ¢(x). Y[@(x)] represents the process of

decoding, and X = Y[ (x)].
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More concretely, encoding and decoding can be expressed as

z = fi(Wix+b,)

X = fo(Wox + by) 6.3)

where f; and f, represent the activation functions used to construct the hidden and output layers,
respectively. W, and b, are the weights and bias of encoder, while W, and b, are the weights and bias
of decoder.

Based on the structure of AE, DHL-AE algorithm is constructed by processing dynamics in the
hidden layer. Premised on the assumption of normalized input, the encoder maps the original input into
the latent space in hidden layer, and the dynamics in the original data are captured by the compressed
representation. After decoding, dynamic relations are also retained in the output, which is considered
as the reconstructed input. Thus, to deal with dynamic datasets, it is reasonable to handle dynamic

relations in the hidden layer.

For the dynamic input data X € R™*™, after normalization, the encoder projects X into the latent
space in the hidden layer, obtaining Z = f;(W;X + b;) € R™¥ _ Considering dynamic relations
existing in the input X, motivated by ARIMA, the components of compressed representation in the

hidden layer can be constructed as follows [126]:

70 — y(® 4 o®

14
v = z Bzt
i=1 (6.4)
q
et — z 0,60 4 £®
i=1

where 2() € R¥ represents the compressed representation reconstructed considering dynamic relations
in z(® obtained by encoding at time t, which consists of the autoregressive part v and the moving
part e(®.

Similar to Eq. (2.36), Eqg. (6.4) can also be reorganized as

-1

Pa da
30 = [1- Z BaiB'| (1-B)%|1- Z 6,8 | £® (6.5)
i=1 i=1
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where £® is the white noise error at time t (t =1,2,...,n) for the moving average part. After the

process in the hidden layer, the decoder reconstructs the output from z viaX = f,(W,Z + b,) € R™.

The structure of DHL-AE algorithm is visualized as Figure 48, and the detailed DHL-AE algorithm

is summarized as follows:
1. Scale the input data X = [x™,x®, ..., x(™ ] into zero mean and unit variance.
2. The normalized input data is fed to DHL-AE.

3. After encoding viaZ = f;(W;X + b;), the input x,x@®, ... x(™ can be projected to the latent

space in the hidden layer as the compressed representation Z = [z(M),z®), ..., z(™].

4. Decompose z(W,z@, ..., z(™ into two parts, involving the autoregressive part viD, v, .. v
and the moving average part e, e®), ..., e leading to the reconstructed compressed representation

20 =v® L e®(t=1,2 .. n).

5. The decoder reconstructs the input as the output of DHL-AE by X = f,(W,Z + b, ), where Z =
(20,2, ..,20 .

Iteration

Encoder Decoder

- ®®®
®

Hidden Layer

Input Layer Output Layer

Figure 48: Structure of autoencoder with dynamic hidden layer
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Figure 49: Anomaly detection monitoring scheme based on DHL-AE

6.2 Anomaly Detection Scheme Based on DHL-AE

To enhance the performance, improve the safety, and decrease the potential losses of the process, in this
chapter, DHL-AE is integrated with anomaly detection to identify anomalies in the process monitoring.

Anomaly detection is based on the conversion from reconstruction errors to anomaly scores. The
®

i

is computed as [127]
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agt) = (sgt) — u)T r! (egt) — u) (6.6)

®

t) (&)
i . 8

where a; " is the anomaly score for xg i

represents the corresponding RE. g and X are obtained

from a normal distribution using maximum likelihood estimation based on sgt) [128].

To determine whether a sample is an anomaly or not, the threshold of anomaly scores, which is

denoted by 7, is learned using the normal data [127]. If a® > 7, the corresponding sample xgt) IS

i
® ®

labelled as an anomaly, while if a;”” < 7, x;™ is considered as a normal point. For better illustration, the

integrated scheme is depicted in Figure 49. In the scheme, DHL-AE is first performed on the normal
data after normalization to obtain the proper activation function and model parameters. Then samples of
testing data are processed by anomaly detection monitoring to identify irregular datapoints.

6.3 Tennessee Eastman Process Case Study

In this section, the Tennessee Eastman Process (TEP) is applied for case study to demonstrate the
effectiveness of the proposed anomaly detection monitoring framework, with 15 disturbances (IDV (1-
15)) simulated in the dataset [118]. XMEAS (1-9) are chosen as input variables, and 500 normal
datapoints in d0O are selected as training data. Faulty data d02_te is utilized for testing, which represents
the disturbance of IDV (2) and has 960 samples in total.

The activation function and model parameters are determined by the training data. The first three-
quarters of the training data are designated as the training set, while the complement of the training set
is assigned as the test set. Mean squared error (MSE), root mean squared error (RMSE), normalized
root mean squared error (NRMSE), and mean absolute error (MAE) [129] are considered as the
candidates of model selection criteria to determine the best activation function and model parameters
involving the dimension of output and compressed representation of DHL-AE. The activation function
is selected from rectified linear unit (ReLU) [130], leaky rectified linear unit (Leaky ReLU) [131], and
exponential linear unit (ELU) [132]. As mentioned in Section 6.1, m’ denotes the dimension of output
X after decoding, and k refers to the dimension of the compressed representation of input after

encoding.

The results of activation function and parameter selection for modeling are shown in Table 16. In
terms of activation function, Leaky ReLU and ELU perform better than ReL. U, since they have lower

MSE, RMSE, and NRMSE for all the metrics which are used for activation function and parameter
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selection. Considering the selection criteria and process time simultaneously, the combination of ELU
as the activation function and RMSE as the selection criteria is the best choice due to the smallest values
of metrics including MSE, RMSE, NRMSE, and MAE, as well as the shortest process time. In this
case, the parameters are determined as follows: the dimension of the output m' = 8, and the dimension
of the compressed representation k = 5. Thus, it is concluded that for TEP, ELU is selected as the

activation function, and the model parameters are selected asm’ = 8 and k = 5.

In this case study, the proposed anomaly detection monitoring framework based on DHL-AE is
applied for the detection of the anomalies in dO2_te. Taken as the ground truth, PCA-based anomaly
detection monitoring is assigned as the criterion to classify a sample into normal or abnormal
datapoints. To manifest the superiority and effectiveness of the DHL-AE based anomaly detection
scheme, other methods involving dynamic kernel PCA (DKPCA) [133] and variational autoencoder
(VAE) [134] are selected to compare with DHL-AE, since DKPCA and VAE are both suitable for
processing complex data with nonlinearity and dynamic relations. Determined by cross validation, the
model parameters of DKPCA are selected as follows: the number of principal components [ = 1, the
dynamic order for input variables s = 20, and the width of Gaussian kernel function ¢ = 50000. For
VAE, the model parameters are chosen as follows: the batch size is 100; the dimensionality of latent
variable is 3; Leaky ReLU is adopted in both encoder and decoder, while binary cross-entropy loss

[135] and Kullback-Leibler divergence [136] are used for loss function.

Figures 50-52 illustrate the anomaly detection monitoring results of DHL-AE, DKPCA, and VAE for
comparison. As is shown in these figures, the anomaly scores of the first approximately 210 data points
are below the corresponding threshold, while the anomaly scores of the remaining data points exceed

the threshold, indicating that they are all detected as anomalies.

For better understanding, the following metrics are introduced to demonstrate the comparison results
statistically: accuracy, precision, recall, F1-score [137], false detection rate (FDR), false alarm rate (FAR)
[138], and missing alarm rate (MAR) [139], and the corresponding results are presented in Table 17.
Among the performance of the algorithms, the proposed algorithm performs best on all the metrics
except FDR and MAR. Despite not being the best in FDR and MAR, DHL-AE is still comparable to the
FDR and MAR values of VAE, which is the best-performing algorithm on these two metrics. Thus, it is
concluded that DHL-AE takes advantages over other DKPCA and VAE in this case study.
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Table 16: Activation function and parameter selection for IDV (2) in TEP

T
0 200

T
400

Samples

T
600

T
1000

T
800

Activation Function | Selection Criteria | m' | K MSE | RMSE | NRMSE | MAE | Time/s
MSE 6 | 13| 0.2537 | 0.5037 | 1.3305 | 0.3145 | 3288.84
ReLU RMSE 6 | 13| 0.2537 | 0.5037 | 1.3305 | 0.3145 | 3535.73
e
NRMSE 6 | 13| 0.2537 | 0.5037 | 1.3305 | 0.3145 | 4398.42
MAE 71 1 1]0.2178 | 0.4667 | 1.2327 | 0.3283 | 3254.39
MSE 8 | 502034 | 04510 | 1.1914 | 0.3141 | 3716.17
RMSE 8 | 5 10.2034 | 0.4510 | 1.1914 | 0.3141 | 3309.23
Leaky ReLU
NRMSE 8 | 5 (02034 | 04510 | 1.1914 | 0.3141 | 3925.47
MAE 8 | 5 ]0.2034 | 0.4510 | 1.1914 | 0.3141 | 3108.95
MSE 8 | 5 ]0.2034 | 0.4510 | 1.1914 | 0.3141 | 3298.11
ELU RMSE 8 | 5 10.2034 | 0.4510 | 1.1914 | 0.3141 | 3006.76
NRMSE 8 | 5 (02034 | 04510 | 1.1914 | 0.3141 | 3122.58
MAE 71 1 ]0.2178 | 0.4667 | 1.2327 | 0.3283 | 3603.27
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Figure 50: Anomaly detection monitoring results of DHL-AE for IDV (2) in TEP
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Figure 51: Anomaly detection monitoring results of DKPCA for IDV (2) in TEP
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Figure 52: Anomaly detection monitoring results of VAE for IDV (2) in TEP
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Table 17: Statistical metrics results of algorithms for IDV (2) in TEP

Algorithms Accuracy | Precision Recall F1-Score FDR FAR MAR
DHL-AE 0.7615 0.7721 0.8270 0.7986 0.6740 | 0.1730 | 0.3260
DKPCA 0.6437 0.6661 0.7559 0.7082 0.4939 | 0.2441 | 0.3260

VAE 0.6374 0.7137 0.6055 0.6522 0.6800 | 0.3945 | 0.3200
6.4 Summary

To deal with issues of high-dimensionality and time-dependence existing in the real-world datasets,
DHL-AE is proposed in this chapter, and a DHL-AE based anomaly detection monitoring framework
is also developed to identify abnormal samples, which is conducive to ensuring the safety of industrial
processes and solving the potential problem in the complex industrial applications. The Tennessee
Eastman process is used for the case study to show the effectiveness and superiority of the proposed
DHL-AE method and the corresponding scheme for anomaly detection monitoring.
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Chapter 7

Conclusions

In this thesis, novel methodologies on dynamic latent variable modeling and monitoring are explored
and developed to address the key challenges in dealing with complex data containing nonlinearities,

dynamic relations, and high dimensionality.

To handle collinear and nonlinear data, adopting Gaussian kernel function, a concurrent kernel latent
variable regression (CKLVR) with a regularization term is constructed by performing a full
decomposition of original process data space. Based on CKLVR, a concurrent monitoring scheme is
designed for fault detection. A synthetic simulation and Tennessee Eastman process (TEP) are used for

case studies to demonstrate the effectiveness of CKLVR-based monitoring scheme.

Apart from nonlinearities, dynamic relations are also necessary to be considered for modeling and
monitoring. In this case, a dynamic auto-regressive LVR (DALVR) algorithm is created based on
regularized LVR to extract dynamic cross-correlations and auto-correlations simultaneously from both
process and quality data. To obtain comprehensive monitoring results, the corresponding concurrent
DALVR-based monitoring framework is constructed. The additional simulation of TEP is chosen for

case study to show the effectiveness and validity.

Combining reconstruction-based contribution (RBC) with time-domain Granger causality (TDGC)
and conditional spectral Granger causality (CSGC), DALVR-based fault diagnosis and causal analysis
framework is also constructed to locate the root cause of a fault and obtain more accurate fault diagnosis
results. The effectiveness of the proposed framework is validated by case studies on the TEP and three-

phase flow facility process.

Not only multivariate statistical analysis (MSA) methods, but also autoencoder (AE) techniques are
applied for handling complex processes with nonlinearities and dynamics. Moreover, AE approaches
are also effective to cope with high dimensionality. To address the issues of both high dimensionality
and dynamic relations between elements in the hidden layer, a novel autoencoder with dynamic hidden
layer (DHL-AE) is proposed and employed for anomaly detection, which plays an important role in
stability and safety of real-world industrial applications. A case study on TEP is performed to show the
effectiveness and advantages of DHL-AE over existing methods including dynamic kernel PCA

(DKPCA) and variational autoencoder (VAE).
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Appendix A

Calculation of Spectral Density

Spectral density S;;(f) in SGC, which is applied for CSGC in Section 2.3.2, can be calculated as
follows [98].

Assume the Fourier transformation is applied for SGC, obtaining

[Aii(f) Aii(f) [Xi(f) _[Ei(f)

A A0 lx(O] T LEX (A.1)

where [4;;(f)] define the coefficient matrix. Define H;;(f) = [Al-j(f)]_1 as the spectral transfer

function matrix, and Eq. (A.1) is rewritten as

X(f) Hy;: (f) Hu(f) Ei(f)
i)l = [ i) 0| 5] (&.2)
Thus, the spectral density matrix is obtained as
S(f) = H( )ZH"(f) (A.3)

where X is the error covariance matrix of a full model which can be obtained by matrix factorization

[99]. Besides, the superscript of + means the corresponding adjoint matrix of a known matrix.

1
Pre-multiply Eq. (A. 3) on both sides with [_ S5y (1)] leading to
ij i

x; (N1 _ [Hu() Hij(f)] [Ei(f)
[XJ(f)] - [ﬁﬁ(f) H; (O] E () s
where
_ =y
Ei(f) = Ei(f) — 5~ E(f) (A.5)
Zij
[Hii(f) Ay Hii(f)'l'z_iiHij(f) H;;(f) 6

Hi(H) H;(Ol Hﬁ(f)+§mi(f) Hjj<f>'

Thus, S;; (f) is expressed as
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