<]
TUDelft

Delft University of Technology

A multi-feature extraction technique based on principal component analysis for nonlinear
dynamic process monitoring

Guo, Lingling; Wu, Ping; Lou, Siwei; Gao, Jinfeng; Liu, Yichao

DOI
10.1016/j.jprocont.2019.11.010

Publication date
2020

Document Version
Final published version

Published in
Journal of Process Control

Citation (APA)

Guo, L., Wu, P., Lou, S., Gao, J., & Liu, Y. (2020). A multi-feature extraction technique based on principal
component analysis for nonlinear dynamic process monitoring. Journal of Process Control, 85, 159-172.
https://doi.org/10.1016/j.jprocont.2019.11.010

Important note
To cite this publication, please use the final published version (if applicable).
Please check the document version above.

Copyright
Other than for strictly personal use, it is not permitted to download, forward or distribute the text or part of it, without the consent
of the author(s) and/or copyright holder(s), unless the work is under an open content license such as Creative Commons.

Takedown policy
Please contact us and provide details if you believe this document breaches copyrights.
We will remove access to the work immediately and investigate your claim.


https://doi.org/10.1016/j.jprocont.2019.11.010
https://doi.org/10.1016/j.jprocont.2019.11.010

Journal of Process Control 85 (2020) 159-172

Contents lists available at ScienceDirect

Journal of
Process Control

Journal of Process Control

journal homepage: www.elsevier.com/locate/jprocont

A multi-feature extraction technique based on principal component n
analysis for nonlinear dynamic process monitoring S

Lingling Guo®, Ping Wu?®*, Siwei Lou?, Jinfeng Gao? Yichao Liu®

3 Faculty of Mechanical Engineering & Automation, Zhejiang Sci-Tech University, Hangzhou 310018, PR China
b Delft Center for Systems and Control, Delft University of Technology, Delft 2628CD, the Netherlands

ARTICLE INFO ABSTRACT

Article history:

Received 23 July 2019
Revised 6 November 2019
Accepted 24 November 2019

Principal component analysis (PCA) and its modified methods have been widely applied in industrial
process monitoring. In practice, industrial processes are with disparate characteristics, the process moni-
toring system should consider as many process characteristics as possible, such as dynamic and nonlinear
characteristics. In this paper, a multi-feature extraction technique based on PCA is proposed for nonlin-
ear dynamic process monitoring. The proposed method integrates dynamic inner PCA (DiPCA), PCA and
kernel PCA (KPCA) methods through a serial structure to extract the dynamic, linear and nonlinear fea-
tures among the process data. Along with the proposed method, the original data space is decomposed
into several orthogonal subspaces, in which abnormal variations of different features can be monitored.
For real-time process monitoring, a combined Hotelling’s T? statistic based on the extracted multi-feature
and a squared prediction error (SPE or Q) statistic are established. Case studies on a numerical exam-
ple and the Tennessee Eastman process are carried out to demonstrate the superior process monitoring
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performance of the proposed method compared with other relevant methods.

© 2019 Elsevier Ltd. All rights reserved.

1. Introduction

Process monitoring has become a hot topic research area in
both academic and industry fields in the past decades [1,2].
Among various monitoring methods, data-driven methods have
attracted considerable attention, especially multivariate statistical
process monitoring (MSPM) methods [3-5]. Some representative
MSPM methods including principal component analysis (PCA) [6,7],
canonical variate analysis (CVA) [8,9] and partial least squares
(PLS) [10,11], etc. have been widely developed for the process
monitoring purpose. As the most ubiquitous MSPM method, PCA
has been thoroughly studied. However, for nonlinear dynamic pro-
cesses, the application of traditional PCA tends to have an ineffi-
cient and unreliable process monitoring performance.

To cope with the dynamic characteristic of industrial processes,
Ku et al. [12] directly extended the ordinary PCA to dynamic PCA
by performing PCA procedure on the augmented data matrix. How-
ever, the derived dynamic relationships are implicit and have poor
interpretability. To improve the interpretability, Li et al. [13] sug-
gested a dynamic latent variable (DLV) method, in which an inner
vector auto-regressive (VAR) model is built to explore the dynamic
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relationships and a compact outer model is built to represent the
data structure. However, the inner VAR model is not consistent
with the outer model. Inspired by the idea of DLV, Dong and Qin
[14] developed a dynamic-inner PCA (DiPCA) method to extract dy-
namically correlated latent components, in which the current la-
tent components are predictable from the past correlated latent
components.

In addition, several nonlinear PCA methods have been devel-
oped to address the nonlinear problem. Compared with the neu-
ral network-based [15,16], Iwpr-based [17] and randomized non-
linear PCA methods [18], the kernel-based PCA (KPCA) methods
are simpler and more elegant. In KPCA, the original input space
is mapped into a high, possibly infinite-dimensional feature space
through nonlinear mapping, in which the data can be treated with
traditional PCA method. Since the nonlinear mapping is implicit,
the nonlinear features are usually extracted with the help of the
kernel function computed in original space [19]. KPCA has been
widely adopted in nonlinear processes [20-24].

For complex industrial processes, the monitoring system should
extract as many features as possible. Several studies have pointed
out that the combination strategy may be a better choice for
process monitoring [25,26]. Chen et al. [27] developed a multi-
layer data processing method based on PCA to extract several sig-
nal features for real-time incipient fault detection and diagnosis.
Deng et al. [28] devised a layerwise feature extraction strategy to
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capture multiple linear and nonlinear features hierarchically for
nonlinear process monitoring. In addition, a new hybrid approach
referred to as serial PCA (SPCA) was developed through integrating
PCA and KPCA using a serial structure for nonlinear process mon-
itoring [29]. However, the above-mentioned methods do not take
dynamic characteristic of the process data into account.

Motivated by the above discussions, a novel multi-feature ex-
traction technique is proposed for nonlinear dynamic process mon-
itoring. Through a serial structure, the proposed method integrates
DiPCA, PCA and KPCA methods to extract the multi-feature includ-
ing dynamic, linear and nonlinear features. The proposed method
is referred to as MFPCA in this paper. Specifically, DiPCA is first
conducted to capture the dynamic features. After the dynamic
components are extracted, PCA is applied in the residuals for addi-
tional research and analysis. Furthermore, PCA model residuals still
contain nonlinear information that can be retrieved by KPCA. As
a result, the original data space is decomposed into several sub-
spaces, in which the variations of different features can be de-
tected. A combined Hotelling’s T2 statistic is constructed based
on all the extracted features from DiPCA, PCA and KPCA. And a
squared prediction error (SPE or Q) statistic is established.

The main contributions of the proposed MFPCA method are as
follows.

o It takes the unique advantage of DiPCA, PCA and KPCA methods
in modeling different features and then develops a monitoring
index through combining these features for real-time process
monitoring.

e The dynamic, linear and nonlinear features contained in the
process data are considered simultaneously and the abnormal
variations of these features are reflected in the corresponding
subspaces.

The remaining part of this paper is organized as follows. In
Section 2, a brief review of PCA, KPCA and DiPCA methods is pre-
sented. Section 3 describes the proposed MFPCA method. Then, the
MFPCA-based process monitoring scheme is presented in Section 4.
In Section 5, case studies on a numerical example and the Ten-
nessee Eastman (TE) process are presented to illustrate the appli-
cability and efficiency of the proposed MFPCA-based process mon-
itoring method. Finally, conclusions are drawn in Section 6.

2. Review of PCA, KPCA and DiPCA
2.1. PCA

For PCA, the objective is to find an orthogonal transformation
so that the new variables after transformation, i.e., principal com-
ponents (PCs), retain as much variance information of original data
as possible. Given a data matrix X € R™™ with n samples and m
variables, the PCA model is represented as,

I
X=>"tp] +E (1)
i=1
where t; is the ith PC, p; € R™ is the loading vector corresponding
to ith PC, E is the residual matrix and [ (I < m) is the number of
retained PCs.

2.2. KPCA

The nonlinear structure among the original data is more likely
to be linear after high-dimensional nonlinear mapping. In KPCA,
the original data x is mapped onto the feature space # through a
nonlinear function &,

XeR" — O(X) e H

Then PCA is performed on the data ®(x) to extract kernel PCs
(KPCs) as nonlinear feature. Since ®( - ) is implicit and unknown,
kernel function «( - ) is used to help completing the nonlinear
transformation. Specifically, the dot products in # can be calcu-
lated by the kernel function in original space.

Kk (X Xj) = D(x)T P (X)) (2)
For KPCA, there are several types of kernel functions. In this
study, the commonly used radial basis function (X X;) =

exp(— ||x,~—xj||2/202) is adopted. And ¢ is a scaling constant.
More detailed explanation and implementation of KPCA can readily
be found in the literature [6,19,21].

2.3. DiPCA

Assumed that x, € R™ is the sample vector at time k and w ¢
R™ is the weight vector, then its latent score can be expressed as
b =x£w. The future latent score can be predicted from the past
scores.

fe = Pitict + Batez + -+ + Bitis

= X1 Xp g0 - X J(BoW) 3)
where {}, is the predicted latent score, s is the dynamic order,
B=1B1.Ba. ..., Bs]" is the coefficient vector, B@w is the Kronecker

product. Based on the dynamic model (3), the objective of DiPCA
is to maximize the covariance between the t, and f,

n

max » " WXi[X}_ ;. X} ... X[ J(B@W)
w.p k=s+1
st. |wl=1,[B] =1 (4)

3. The proposed MFPCA method

To extract the dynamic, linear and nonlinear features, DiCPA,
PCA and KPCA are performed sequentially through a serial struc-
ture. The schematic of the proposed MFPCA method is shown in
Fig. 1.

3.1. Dynamic feature extraction

Firstly, the DiPCA method is used to capture the dynamic char-
acteristic of the process. For the normalized process data matrix
X = [X1,Xy,...,Xy]7, the optimization problem (4) can be rewrit-
ten as,

max,, g W' X!, Zs(B & w)
(5)
st. |lw[=1]B8] =1

where X; = [X;, Xiy1, - -+, Xipn_s_1]" and Zs = [Xs, Xs_1, ..., X1 ]. After
weight vector w and latent scores t = Xw are obtained, the loading
vector is calculated as p = XTt/t"t. The objective (5) can be solved
through an iterative algorithm (see [14]). Following the iterative al-
gorithm, we can obtain several latent scores t; and loading vectors
p; for j=1,2,...,L;, where Ly is the number of retained dynamic
PCs (DPCs). Then, we have the following relation,

Ly
E=X-) tjp] =X-T,P[, (6)
j=1
where loading matrix P, = [p1,P2,..., Py, ], latent scores ma-
trix T, =XR, R=W,, (I’ZdWLd)—1 and weight matrix Wy, =
[W],Wz,A..,WLd]. '
By constructing T’Ld in the same way as X;, an inner VAR

model is built to represent the dynamic relationships between Ti:l
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Fig. 1. The schematic of MFPCA method.

1 T2
and T} ,Tf ... T} ,
T =T, 0:+T;, O 1+ +T;, 01 +V

= Tid(-) +V (7)
where Tid = [Tia’T%a’ +T,1 ©=[05; 0, 4;...; @] is the coef-
ficient matrix and V is the inner VAR model residuals. The model
parameter © can be estimated by least squares,

e = (1) T 8)
Then the prediction of Ti:l can be derived,

Tid“ = T;de (9)
Finally, X is decomposed as,

X = TE’]PL +Ey (10)

where E; is the DiPCA model residuals which contain little or no
auto-covariance information.

Given a test vector X; € R™, its dynamic latent scores td, pre-
dicted dynamic latent scores ¢ and DiPCA model residuals ed are
calculated,

N
=YY o/t t/=Rx

i=1
el = x — Pt (11)
3.2. Linear feature extraction

After the dynamic relationships are extracted through DiPCA,
the residuals still contain some useful information which can be
treated by PCA for additional exploration and analysis [14]. Thus,
we perform singular value decomposition on E;,

E, = UDV! —=ZV',Z = UD (12)

where V and Z represent the loading matrix and PCs, respectively.
And they are sorted in columns based on the order of the singular
values in D.

In the PCA model (12), the PCs with the first L; largest singular
values are selected. Then the linear PCA model of E; is expressed
as,

E,; :TL,PE +E, (13)

where T; and Py, are the first L; columns of matrices Z and V, E,
represents the PCA model residuals.

For the test residual vector et‘i, the linear latent scores t{ and
PCA model residuals el can be calculated as follows,

| _ plead
t, =P e

el = (I-P,P])ef (14)
3.3. Nonlinear feature extraction

Most industrial processes are nonlinear in nature. After per-
forming PCA as stated in (13), the residuals maybe contain non-
linear information [29]. Thus, KPCA is used to further explore the
nonlinear features in the PCA model residuals E,.

Denote the nonlinear mapping as E; € R™™ — ®(E|) € R" x H.
To perform KPCA on the residuals E;, the eigenvalue decomposition
method is adopted,

(n - 1))\,[“,‘ = Ket; (15)

where K € R™" is kernel matrix with its element given by [K];; =
K(eg,eﬂ). X; and «; represent the ith eigenvalue and eigenvector
of K. Then the loading vector and KPCs can be expressed as p; =
®(E)Te; and t; = Ka;, respectively. Assumed L, as the number of

retained KPCs, ®(E;) can be decomposed as follows,

O (E)=T,P] +E (16)
where T, =KA;,. The coefficient matrix Ap, = [0, 00, ..., o]
and loading matrix Py, = [p1, P2, ..., P, ]-

For the test residual vector ei, the nonlinear latent scores are
computed by projecting <I>(e{) onto Py, as

t! =P] d(e}) = A k; (17)
where k; = [« (e}, el). k (el eb), ..., (el el)]T is the test kernel
vector.
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Table 1

The comparisons of MFPCA with other relevant methods.

Method Focusing on different characteristics Computation time
Dynamic  Nonlinear  Interpretability

SPCA [29] J Easy Longer

DiPCA [14] Vv Easy Shortest

DKPCA [30] Vv v Difficult, the extracted Longest, performing kernel
nonlinear dynamics of the function on augmented data
process are implicit

MFPCA Vv v Easy Longer compared to SPCA,

but shorter than DKPCA

By synthesizing the above multi-feature extraction (11),
(14) and (17), the original data x can be fully decomposed as
follows,

x=% 4% +x"+e

=P, ey

X =P, P (x-Pi") €S (18)
X" =P, P] ©((1-P,P])(x—PLt")) €Sy
e=(1-P,P[)O(UI—-P,P])(x— P, th)) e Sk

Along with the MFPCA model (18), the original data space is
decomposed into four orthogonal subspaces: dynamic subspace Sp,
linear subspace S;, nonlinear subspace Sy and residual subspace Sg.
In [14], the orthogonality between Sp and static subspace Ss has
been proved. Both PCA and KPCA methods can provide orthogo-
nal decomposition. Therefore, the derived subspaces are orthogo-
nal to each other. The comparisons of MFPCA with other relevant
methods are listed in Table 1. Compared with SPCA, DiPCA and dy-
namic kernel PCA (DKPCA), it can be seen that the proposed MF-
PCA method can capture the dynamic and nonlinear characteristics
of process data in more interpretable way at lower computational
cost.

3.4. Determination of model parameters

In the MFPCA method, there are three types of parameters to
be determined: the dynamic order s in DiPCA model, the retained
number Ly, L; and L, for DPCs, PCs, and KPCs, and the kernel pa-
rameter o in KPCA.

e Obviously, the choice of the dynamic order s will have sig-
nificant influence on the decomposition of dynamic and static
parts. To determine s, a cross validation (CV) method is adopted
as in [14]. The criterion is to observe the sample crosscorrela-
tion of any two residual variables. An optimal s should make
the sample crosscorrelation close to O.

o The average eigenvalue (AE) method is usually adopted to de-

termine Ly, L; and L, for DPCs, PCs and KPCs owing to its sim-

plicity and robustness. It determines the number of retained
components by observing whether the corresponding eigenval-

ues are larger than the average eigenvalue [29].

The kernel parameter o is critical to process monitoring. As o

becomes large, the false alarm rate (FAR) decreases meanwhile

the fault detection rate (FDR) also decreases. Here, we use the
cross validation method to find an optimal o that minimizes

the FAR [6,21,30].

4. MFPCA-based process monitoring scheme

Based on the features extracted from MFPCA model (18), we can
obtain the following monitoring statistics,

§d —1zd

T? =tTA'E

2 I —1¢l

T?=t'A't

T2 =tT ATt
Q=ele

Online monitoring

Online data x
4" Calculate statistics S I

No

Offline modeling

‘ Collect normal dataset X ’ Normalized

MFPCA

}7

| Multi-feature extraction

Yes

= e

Fig. 2. The MFPCA-based process monitoring scheme.

A

| Determined the UCL Jg

where Ag, Aj and A, are covariance matrices for scores &, t! and
t? under the normal operation condition, respectively. These statis-
tics T?, T2, T and Q monitor the abnormal variations in subspace
Sp, Si, Sy and Sg, respectively. Except the individual statistics, the
derived three features are also incorporated into a multi-feature
tn = [, t!, t7] to reflect the process status,

T2 =" A" (19)

where A = {Ay, A, Ap} is diagonal matrix.

To determine whether a fault occurs, the upper control limits
(UCLs) are required for the developed statistics. For notational con-
venience, we denote S as one of the above statistics. In this study,
the kernel density estimation (KDE) method is used to estimate the
unknown distribution which statistic S obeys [8,31,32]. For statis-
tic S, its probability density function p(S) can be estimated through
the kernel function K,

Mo [(S-5S;
p<s>=,\},121c< . f) (20)
=1

where M is the number of samgles, h is the bandwidth. In this
paper, kernel function K(g) = e~$/2//27. The selections of kernel
function and parameter h are referred to [32]. Given a significance
level «, the upper control limit Js is calculated by solving the fol-
lowing equation,

/]S p(S)dS = 1)

In case studies, « is set to 95% for all statistics. To sum up, the
proposed MFPCA-based process monitoring scheme is presented in
Fig. 2.
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5. Case studies

In this section, a numerical example and the TE process are pre-
sented to illustrate the proposed MFPCA-based process monitoring
performance. The experiment environment is Windows 10 operat-
ing system, Intel(R) Xeon(R) Bronze 3104 CPU @ 1.70GHz, 64.0GB
RAM, and Matlab(R2018b).

5.1. Numerical example

Consider a nonlinear dynamic system, which is an integrated
version of the two examples given in [14,29].

2 = C+AzZ;_; + W
22
{Xk =Pz + f(w) + e (22)
[[0.5205 0.1022 0.0599 0.5205
A=105367 -0.0139 04159 (,c=|0.5367
| 0.0412 0.6054 0.3874 0.0412
0.4316 0.1723 —0.0574
0.1202 -0.1463 0.5348
P=0.2483 0.1982 0.4797
0.1151 0.1557 0.3739
| 0.2258 0.5461 —0.0424

where state variables z, € R? is generated from a VAR(1) pro-
cess, input variables u = [u;, u;]7 € R? obeys a uniform distribu-
tion on the closed interval [0,2]. w; € R3 ~N(0,12) and e, € R> ~
N(0, 0.1%) denote the independent noises. The nonlinear mapping
function f(u) is expressed as follows,

f(u) =0.05[uy, uy, 5uq — 2up, u? — 3uy, —ud + 3u3]"

Based on system (22), 1000 samples are generated to build
the MFPCA model. Here, SPCA, DiPCA and DKPCA methods are
also employed for comparison. By using the method described in
Section 34, s=1, L;=3 and L; =2 are selected for DiPCA and
MFPCA methods. In MFPCA, kernel parameter o and L, are de-
termined as 40 and 2. SPCA and DKPCA methods also adopt the
same kernel parameter. Also, L; =1 and L, = 3 for SPCA, L, = 8 for
DKPCA.

To validate the process monitoring performance, the following
artificial faults are designed,

e Fault 1: z;, :=z, +[1.8452, 1.5656, 0.0640]" for k > 500. The
fault is injected to the dynamic components. Fault 1 should be
detected by SPCA T?, DiPCA T? and T2, DKPCA T2, MFPCA T?
and T12 indices. Since this fault does not affect the residual part
of the static relationships, it is not detected by Q index [14].
The monitoring charts are depicted in Fig. 3. The four methods
all correctly detect the fault with satisfactory results. However,
DKPCA Q exceeds the corresponding UCL after the occurrence
of the fault.

Table 2

Table 3

Numerical example: the comparisons of the averaged
computation time for online process monitoring, which is
based on 100 simulations.

Method SPCA DiPCA DKPCA MFPCA

Time (ms)  0.5173 0.0189  0.5327  0.4756

e Fault 2: u;, := uy + [-1.7070, 1.6926]7 for k > 500. In this case,
the fault causes the change of nonlinear part and should be
monitored by SPCA T?, DKPCA T2, MFPCA T? statistics. Fig. 4
plots the monitoring charts. As shown in Fig. 4, for DiPCA, sz
and le statistics can not detect Fault 2 due to the nonlinearity.
On the other hand, since the nonlinear features are left in the
residual part, the fault is detected partly by Q statistic.

o Fault 3: x;, := X, + [0.2980, —0.3039, —0.4443, 0.4151, —0.1047]T
for k > 500. It is an additional disturbance of x;, which occurs
in the residual part of the static relationships. Therefore, it
should be only detected by Q statistic. The results are shown
in Fig. 5. It can be seen that SPCA T,? and DKPCA T? statistics
fluctuate around the UCLs.

Based on the above discussions and results, it can be observed
that the proposed MFPCA method has a better representation for
the data structure. To further quantify the monitoring performance,
two indices are introduced. The first one is FDR, which is defined
as the ratio of detected faulty samples to all faulty samples. An-
other index is FAR, which is defined as the ratio of false detected
normal samples to all fault-free samples. Table 2 compares the av-
eraged monitoring results. It can be seen that the FARs of MFPCA
are at the same level as that of the SPCA method. In addition, the
proposed MFPCA method can offer comparable even better FDRs to
SPCA and DiPCA methods, which maybe because it takes advantage
of DiPCA, PCA and KPCA to extract different features and improves
the monitoring performance. For FDRs and FARs, the statistics TdZ,
T? and T; also provide similar conclusions as described.

Table 3 gives the averaged computation time for online process
monitoring. MFPCA method (0.4756ms) requires shorter computa-
tion time than DKPCA method (0.5327ms) for real-time process
monitoring. Since DKPCA performs kernel function after augment-
ing the data, it requires more time than other methods.

5.2. TE process

The Tennessee Eastman (TE) process, which is based on a real
chemical process, has become a widely acceptable benchmark pro-
cess for developing, studying and evaluating process monitoring
method [33]. The flowchart of TE process is depicted in Fig. 6. It
consists of five major unit operations: a condenser, a reactor, a
stripper, a compressor, and a vapor-liquid separator. Four gaseous
reactants A, C, D, E and the inert B are fed to the reactor in which

Numerical example: averaged monitoring performance of SPCA, DiPCA, DKPCA and
MFPCA methods, which is based on 100 simulations.

Fault  SPCA DiPCA DKPCA MFPCA

72 Q 72 Q 72 Q 72 Q

1 99.62° 876  99.65 10.57 9938 9941 99.60 7.30
628° 629 595 577 564 563 627 639

2 80.07 4279 4095 7473 9509 2420 8844 2958
6.06 642 571 569 532 511 599 647

3 2015 9998 741 7490 3914 9976 828  99.99
5.88 635 551 570 527 529 581 666

2 First row: Fault detection rates (FDRs).
b Second row: False alarm rates (FARs).
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figure legend, the reader is referred to the web version of this article.)



166 L. Guo, P. Wu and S. Lou et al./Journal of Process Control 85 (2020) 159-172

0 600 800 1000

0 200 400 600 800 1000 0 200 400 600 800 1000

6 %107
6 |
4 I 4r .
© l Ll i I ||uw' o i
ol m it ‘\i‘ “h““w’“ |"||w i }” u L @ _
! i )
PRSPPI PORE R TS Y SR - m J.LJL:.LML
0 200 400 600 800 1000 200
a) SPCA 103
40 ] -
Nl—20;_______ B Cos I ‘ .
M T il $
i “W “\ "‘\“‘ d‘t'l‘lmt‘“ G e R Pt SoeRe My 00 L _______ ____ ‘!
O L 0 T i (L s weal AN WA WY, BT fuel L L
0 200 400 600 800 1000 0 200 400 600 800 1000
c)
15 .
N'o10 ____ ____ nri:\ ::
5 i | } “i || I
m i |\‘ wl ‘ M‘W “M\w ! \ ‘,‘ ‘ “W Hu
0
0 200 400 600 800 1000 0 200 400 600 800 1000
0.04
0 0.02 vu (Lt LR "n
\““‘\ "“.u \l‘ X“ nl“\\ ‘\‘ !‘IW“ Hl }h I“}‘. Il
y 0 Beiasiz ol ol s g B - - - - pommoo-a
0 200 400 600 800 1000 0 200 400 600 800 1000
d) MFPCA
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figure legend, the reader is referred to the web version of this article.)
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Fig. 6. The TE process flowsheet [34].

the liquid products G, H and a by-product F are produced through
the following reactions,

A@ +C(@+D(g — Gig)
A@@ +C(@ +E(@ — H(ig)
A(g) +E(g) — F(liq)
3D(g) — 2F(liq)

There are 41 process measurements XMEAS(1-41) and 12 ma-
nipulated variables XMV(1-12) in TE process [33]. A widely used
TE dataset for process monitoring is available from http://web.
mit.edu/braatzgroup/links.html. In this dataset, 52 variables are in-
cluded, except for XMV(12) that is the agitator speed. 22 different
simulation conditions including a normal situation IDV(0) and 21
fault modes IDV(1-21) are simulated. The descriptions are listed in
Table 4.

In this study, 33 variables (XMEAS(1-22) and XMV(1-11)) are
selected for process monitoring. And the normal dataset with 960
samples is used to build model. According to Section 3.4, s =3,
Ly =13 and L; = 14 are set for DiPCA and MFPCA methods, o =
200 and L, = 16 is chosen for MFPCA method, o = 165, L; = 13 and
L, = 14 are selected for SPCA method, s=3, 0 =30 and L, =80
are determined for DKPCA method.

To illustrate the performance of the proposed MFPCA-based
process monitoring method, the detection delay time (DD) be-
tween fault occurrence time and fault detection time is also cal-
culated for comparison, except FAR and FDR. In general, a better
monitoring performance means that the higher FDR, the lower FAR
and shorter DD [8,21]. Tables 5 and 6 summarize the monitoring
results including FAR, FDRs and DDs based on SPCA, DiPCA, DKPCA
and MFPCA methods, respectively.

Here, we compute the FAR on the normal dataset consisting
of 500 samples. Although the FAR of MFPCA T2 statistic (7.44%)

: - {_Product >

Table 4

TE process: Description of fault modes.
Fault Description Type
IDV(0) Normal situation —
IDV(1) A/C feed ratio, B composition constant Step
IDV(2) B composition, A/C ration constant Step
IDV(3) D feed temperature Step
IDV(4) Reactor cooling water inlet temperature Step
IDV(5) Condenser cooling water inlet temperature  Step
IDV(6) A feed loss Step
IDV(7) C header pressure loss-reduced availability =~ Step
IDV(8) A, B, and C feed composition Random
IDV(9) D feed temperature Random
IDV(10) C feed temperature Random
IDV(11) Reactor cooling water inlet temperature Random
IDV(12) Condenser cooling water inlet temperature ~ Random
IDV(13) Reaction kinetics Slow drift
IDV(14) Reactor cooling water valve Sticking
IDV(15) Condenser cooling water valve Sticking
IDV(16-20)  Unknown Unknown
IDV(21) The valve fixed at steady state position Constant position

is slightly higher than SPCA T2 statistic (5.80%), it is lower than
DKPCA T? statistic (8.47%). As can be seen in Table 5, MFPCA
method can derive better monitoring performance than SPCA,
DiPCA and DKPCA methods, particulary for IDV(10), IDV(20). For
MFPCA, most of the faults can be successfully detected and their
FDRs reach more than 90%, except IDV(3), IDV(9), IDV(15) and
IDV(21). For IDV(3), IDV(9) and IDV(15), since they have little im-
pact on the overall process behavior due to feedback control, they
are extremely difficult to be detected. However, MFPCA method
still gives better performance than SPCA and DiPCA methods for
the three faults. For IDV(21), the FDR derived by MFPCA is lower
than 90%, but it is higher than other methods.
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Fig. 7. The monitoring charts of SPCA, DiPCA, DKPCA and MFPCA methods for IDV(5). Red dashed lines indicate the 95% control limit Js, blue dash-dot lines represent the
corresponding statistic, green square and red circle represent false-alarm points and missed-detection points, respectively. (For interpretation of the references to colour in
this figure legend, the reader is referred to the web version of this article.)
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Table 5
TE process: FAR for IDV(0) and FDRs for IDV(1-21) with different methods.
Fault SPCA DiPCA DKPCA MFPCA
T2 Q T2 Q T2 Q T2 Q
IDV(0) 5.80 4.80 4,63 10.66 8.47 2.62 7.44 9.05
IDV(1) 100.00  99.50 99.88 10000  99.63  99.75 100.00  99.88
IDV(2) 98.88 94.13 98.88 96.63 98.63  98.38 99.00 96.25
IDV(3) 12.63 7.88 10.88 13.63 1550  28.38 18.00 16.50
IDV(4) 100.00  84.50 89.00 10000 99.88  99.88 100.00  100.00
IDV(5) 39.00 99.88 33.63 43.25 36.88  88.75 39.38 100.00
IDV(6) 100.00 100.00 99.75 100.00 99.38 99.88 100.00 100.00
IDV(7) 100.00  99.88 100.00  100.00 99.88  99.88 100.00  100.00
IDV(8) 98.50 84.13 98.25 96.00 97.63  99.63 99.00 97.50
IDV(9) 10.38 7.13 11.25 14.25 1263 2338 18.25 16.75
IDV(10)  89.88 71.63 84.25 84.63 56.50  82.50 91.00 93.50
IDV(11)  87.00 55.50 81.75 92.00 97.63  92.25 93.13 90.75
IDV(12)  99.50 99.13 99.63 99.25 99.63  100.00  99.63 100.00
IDV(13)  96.00 94.75 95.13 96.38 9550  96.13 96.13 96.38
IDV(14)  100.00  99.88 100.00  100.00 99.88  99.88 100.00  100.00
IDV(15)  15.75 6.50 14.13 13.38 19.00  27.00 19.50 27.25
IDV(16) 93.50 68.50 75.75 93.00 37.50 84.38 94.00 92.50
IDV(17)  97.88 87.25 94.00 97.75 97.38  97.63 98.00 97.25
IDV(18)  91.50 90.13 91.00 91.00 90.63  93.25 92.00 91.25
IDV(19)  90.50 89.25 49.25 90.38 7838  93.25 97.63 92.00
IDV(20)  76.75 80.25 67.63 75.75 68.13  82.50 88.25 91.38
IDV(21)  61.63 40.50 59.88 47.88 5525  59.50 60.88 64.50
Average  79.01 74.30 73.99 7834 7407  83.15 81.13 83.98
Table 6 Table 7
TE process: DDs (minutes) for IDV(1-21) with different methods. TE process: the comparisons of the averaged computa-
] tion time for online process monitoring.
Fault SPCA DiPCA DKPCA MFPCA
Method SPCA DiPCA  DKPCA  MFPCA
T2 Q I Q T Q T2 Q
Time(ms)  0.4808  0.0220  0.5226  0.4551
IDV(1) 3 15 6 3 12 9 3 6
IDV(2) 15 12 15 12 24 42 15 3
IDV(3) 45 9 54 45 90 39 45 3
Dv(4) 3 303 36 6 3 3 in Fig. 9. The MFPCA Q statistic can detect the disturbance ear-
;g\\%g; i g 3 g ?8 2 ; ; lier than other Q statistics. Although the SPCA T2, DiPCA T? and
IDV(7) 3 3 3 3 6 6 3 3 DKPCA Q statistics are over 95% control limits after the 400th sam-
IDV(8) 9 33 45 9 51 3 9 9 ple, many faulty samples are not detected from 450th sample to
IDV(9) 3 30 3 3 6 3 3 3 600th sample. On the contrary, the MFPCA Q statistic can observe
bv(10) 18 51 24 3 27 27 18 21 almost faulty samples after the 450th sample.
IDV(11) 18 6 9 3 3 3 3 3 . .
DV(12) 9 3 9 9 5 3 5 3 Table 7 compares the averaged computation time of the four
IDV(13) 6 24 81 6 3 3 31 33 methods. It can be observed that the computation cost of MF-
IDV(14) 3 6 3 3 6 6 3 3 PCA (0.4551ms) is much lower than DKPCA (0.5226ms) for real-
IDV(15) 117 78 189 15 84 264 198 15 time process monitoring. It can be concluded that the proposed
;g\\%?; 3 431; ;5 g 4 go g 3 ;; MFPCA-based process monitoring method can detect faults more
IDV(18) 39 54 12 39 51 48 12 27 effectively and timely, compared to other relevant methods.
IDV(19) 3 6 33 6 36 9 6 3
IDV(20) 15 45 18 42 201 27 30 45 6. Conclusions
IDV(21) 120 27 63 6 252 741 3 3
Average 21 23 29 13 46 60 22 13

To further demonstrate the superiority of the MFPCA method,
Figs. 7 and 8 plot the monitoring charts obtained by SPCA,
DiPCA, DKPCA and MFPCA methods for IDV(5) and IDV(20), respec-
tively. From Fig. 7, the proposed MFPCA-based process monitoring
method combines the advantage of SPCA and DiPCA methods. For
IDV(20), as can be seen from Fig. 8, there are quite a few missed-
detection points in SPCA Q, DiPCA Q and DKPCA Q charts. However,
in MFPCA Q chart, the missed-detection points are greatly reduced
so that the FDR is as high as 91.38%. As shown in Table 5, the aver-
age FDRs of the MFPCA Q statistic (83.98%) is higher than SPCA Q
statistic (74.30%), DiPCA Q statistic (78.34%) and DKPCA Q statistic
(83.15%).

In Table 6, it can be seen that the average DDs of MFPCA
method is either equal to or lower than the other three methods.
Taking IDV(21) as an example, the monitoring charts are shown

In this paper, a multi-feature extraction technique based on
principal component analysis is proposed for nonlinear dynamic
process monitoring. The proposed MFPCA method takes the dy-
namic, linear and nonlinear characteristics of process data into
consideration. Then multi-feature is extracted separately from pro-
cess data through using several PCA-like methods, i.e., DiPCA, PCA
and KPCA. Case studies show the extracted rich information im-
proves the process monitoring performance by comparison with
DiPCA and SPCA methods. And compared with DKPCA methods,
the interpretability of the multi-feature extraction is improved.
Based on existing results, the MFPCA-based fault identification and
fault diagnosis method is worth further investigating in future
work.
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