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Although principal component analysis (PCA) is widely used for chemical process monitoring, improvements in the
selection of principal components (PCs) are still needed. Given that the determination of complicated and changing
fault information is not guaranteed using offline-selected PCs, this study proposes a just-in-time reorganized PCA model
that objectively selects the PCs online for process monitoring. The importance of the PCs is evaluated online by kernel
density estimation. The PCs indicating more varied information are then selected to reorganize the PCA model. Given
that the most useful fault information is concentrated, support vector data description is used to replace traditional sta-
tistics, thereby relaxing the Gaussian assumption of the process data. The monitoring performances of the proposed
method are evaluated under three cases. Compared with conventional PCA methods, more varied information is cap-
tured online, and the monitoring performances are improved. © 2014 American Institute of Chemical Engineers AIChE
J, 60: 949-965, 2014
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Introduction

Process monitoring is gaining significant attention because
of the increasing demand in plant safety and product quality.
With the development of data gathering equipment and com-
puting technology, multivariate statistical process monitoring
(MSPM) methods have rapidly progressedHO; among these
methods, principal component analysis (PCA) is usually the
most fundamental technology. The general objectives of
PCA are data reduction and interpretation. Several studies on
PCA transformation in chemical engineering have been
reported. Considering that direct modeling of the original
process data is inappropriate when such data are highly col-
linear, PCA is usually used to remove collinearity.'' In addi-
tion, PCA can explore the latent factors of the data, thereby
providing better explanation and description of the pro-
cess.'*>'112 Given the simplicity and efficiency of PCA, it
has been extended to kernel PCA,IS’14 dynamic PCA
(DPCA),">'® multiway PCA,""'® multiscale PCA,'">** and
among others to solve various process monitoring prob-
lems.”' "%’ Although numerous successful applications of
PCA for process monitoring have been reported, discussion
of several problems, such as the following points, is still
needed: (1) selection of retained principal components (PCs)
is still an open question; (2) online process information are
not considered when building a PCA model; and (3) the use
of two statistics assumes Gaussian distribution of the process
data.'%
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Various PC selection methods, such as cumulative percent
variance (CPV), cross-validation, and variance of reconstruc-
tion error (VRE), have been reported.zg_33 CPV selects the
first several PCs that represent the major variance informa-
tion of original data, and given its simplicity, CPV is cur-
rently the most widely used method.’>* The cross-validation
method considers the prediction residuals and divides the
training sample into two parts for model construction and
prediction.32 VRE method indicates that when the error of
fault reconstruction is at minimum, the corresponding PCs
are considered with optimal number.*>" The fault signal-to-
noise ratio method examines the relationship between the
sensitivity of fault detection and the number of PCs.>> Most
of the classical methods just consider normal operational
observations and select the first several PCs with larger var-
iance; however, PCs with larger variance of normal data can-
not guarantee the capture of the largest variations in fault
data online. Togkalidou et al.'"**® discussed the PCs selec-
tion in the inferential modeling of pharmaceutical crystalliza-
tion problem and compared the results of five different PC
regression (PCR) methods. They found that the most com-
mon top-down PCR may produce lower quality predictions
than the other PCR methods and suggested that PCs with
highest variability may not be the most informative for pre-
diction.!" Other examples, which demonstrate that the last
PCs may be as important as those with large variance, are
also available in different fields.?®*** However, this issue is
insufficiently discussed in PCA-based process monitoring,
and the standard PC selection is still not established.

Generally, the PCA model is generated using normal train-
ing data, in which the components are constructed as linear
combinations of the monitored variables. The first several
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components, which represent the most variance information
of the training data, construct the dominant subspace,
whereas the rest of the components are left in the residual
subspace. Correspondingly, 7> and Q (also known as
Squared Prediction Error) statistics are constructed to moni-
tor the variations in the two subspaces.®***!' When a fault
occurs in a process, such fault usually causes one or several
monitored changes in variables, and then results in some
PCs with larger variation which are beneficial for monitoring
the fault (informative PCs), and other PCs with less or with-
out variation. Therefore, different faults usually cause vary-
ing changes in PCs, and these variations are not in the order,
which can be determined offline by the maximum variance
rule, that is, fault information has no definite mapping to a
certain PC.34042 Dividing the two subspaces may also
divide the beneficial information for fault detection and diag-
nosis into the two subspaces, leading to beneficial informa-
tion dispersion. Therefore, developing a method to (1)
consider the real-time process information and evaluate the
importance of each PC timely, as well as to (2) reorganize
the PCA model and concentrate the most informative PCs
into one subspace, is desired.

Several MSPM methods that consider just-in-time process
information have also been reported. DPCA has been pro-
posed and extensively studied.'®*' DPCA considers the real-
time process information and updates the PCA model timely;
however, its computational complexity is rather challenging
because the PCA decomposition should be performed at
every point. Jiang and Yan proposed a sensitive PCA
(SPCA) method, which examines the change rate of 77 sta-
tistic directly along each PC and selects the sensitive PCs
online for process monitoring. The SPCA method concen-
trates most of the fault information into one subspace; how-
ever, it only selects the PCs at the beginning of the fault.”
As the fault functions, the other PCs may change into
informative PCs. Considering the change in fault information
on the PCs, Jiang and Yan proposed an adaptively weighted
PCA (WPCA) method, which examines the change in each
of the PC and sets different weights on the PCs according to
their importance.”* The WPCA method highlights the fault
information; however, the WPCA only operates on the first
several PCs retained in the dominant subspace, thereby
ignoring that every PC, which includes the ones with smaller
variance, might be a key component in reflecting a fault. In
addition, Rashid and Yu used multidimensional mutual infor-
mation to evaluate the statistical dependency between the
independent component subspaces of the normal benchmark
and monitored datasets, and they constructed a dissimilarity
index, which considers the online fault information.*>*** This
method highlights the fault information in the independent
component analysis (ICA) dominant subspace; however,
online ICA decomposition is also needed in such method.
Ge and Song proposed a performance-driven ensemble learn-
ing ICA (EICA) method for component number selection
and improvement of non-Gaussian process monitoring per-
formance.*’ EICA measures the importance of each IC, how-
ever, EICA assumes that the fault data are available, which
is rarely satisfied in practice.

The fault detection problem could be considered as a one-
class classification problem because the task is to separate
the faulty data samples from the normal ones. Among the
classification methods, the Fisher discriminant analysis
(FDA) is usually the optimal technology.****” However, the
training data from different classes is used in FDA and the
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faulty data are usually difficult to obtain in practical indus-
try. Therefore, the advantage of FDA for process monitoring
is the fault diagnosis.3’46’47 Several classification methods for
fault detection, such as the support vector data description
(SVDD), which is a relatively new method, have been
reported.**>! Based on normal training data only and by
representing all of the normal process data samples as one
class, an SVDD model can be constructed to differentiate
the abnormal data samples from the normal ones. Compared
with the traditional statistics in PCA monitoring, SVDD has
no Gaussian limitation of the process data, which is more
feasible for practical use.*® However, several disadvantages
of the SVDD-based monitoring also exist. First, the compu-
tational complexity of SVDD is increased for high-
dimensional process variables set.*® Second, the detailed pro-
cess analysis and interpretation based on the SVDD is more
difficult, thereby increasing the difficulties in fault diagnosis.

In the present article, a just-in-time reorganized PCA
model integrated with SVDD (JIR-PCA-SVDD) is proposed
to improve the performance of PCA-based process monitor-
ing. The high-dimensional process data are first handled
using JIR-PCA model. To obtain the informative PCs in
time and concentrate the PCs into the dominant subspace,
the probability density of each PC is examined by the kernel
density estimation (KDE). First, the probability density func-
tion of each PC under normal condition is estimated using
KDE with large amount of normal process data. Second,
when monitoring online, the importance of each PC is eval-
uated and the PCs with smaller probability density values
are deemed to have increased variations in information of
the process. The PCs are then reordered according to the
density values, and the first several PCs with smaller den-
sities are selected to construct the dominant subspace. Given
that most of the deviations in information are concentrated
into the reorganized dominant subspace, the SVDD is used
to replace the traditional statistics in PCA monitoring,
thereby resulting in a more reliable indication of the current
process status.

The rest of the article is structured as follows. First, the
basics of PCA, KDE, and SVDD are briefly reviewed, fol-
lowed by a motivational example that illustrates the necessi-
ties of the JIR-PCA model. Second, the JIR-PCA-SVDD is
proposed for process monitoring and some details are pre-
sented. The proposed monitoring method is then tested in a
numerical, continuous stirred-tank reactor (CSTR), and Ten-
nessee Eastman (TE) processes. Finally, the conclusions are
given in the last section.

Preliminaries

In this section, the basics of PCA, KDE, and SVDD are
briefly reviewed, followed by a motivational example that
illustrates the necessities of the JIR-PCA model.

PCA process monitoring

As a powerful tool in handling high-dimensional and
highly correlated data, PCA has been widely used in MSPM.
The general objective of PCA is to produce a set of new
uncorrelated variables (components) that can represent the
variance information of the original measured variables. Let
X € RV denote a scaled data matrix with zero mean and
unit variance, where N is the sample number and m is the
number of variables in process. Based on singular value
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decomposition (SVD) algorithm (or other transformation
algorithms), the matrix X can be decomposed as*~**

X=TP"+E D

where T € RV and P € R™* are the score matrix and the
loading matrix, respectively; &k is the number of PCs
retained; and E is the residual matrix. The number of PCs is
commonly determined using CPV method, which is intro-

3
duced as™**

k m
Zx,-/z 2:X100% > 85% )
i=1 i=1

where /4; is the variance of score vector. When CPV is
>85%, the corresponding number of PCs is determined. T?
and Q statistics are constructed to monitor the dominant sub-
space and the residual subspace. Given an observation vector
x € R™ the T? statistic of the first K PCs can be calculated

3
as3,4

T>=x"P(4)"'P'x 3)

where A € R**F is a diagonal matrix, which denotes the esti-
mated covariance matrix of the PC scores. The Q statistic is
a squared 2-norm of the deviation of the observation from
the first k PCs. Q can be calculated as>*!

Q=e'e,e=(I-PP")x %)

where e is the residual vector. Determination of the confi-
dence limits of the two statistics is based on the assumption
that the process data are Gaussian distributed.

Kernel density estimation

KDE is an effective approach for nonparametric density
estimation.”** It is widely used in determining the control
limits when the data distribution is nonnormal or unknown.
A univariate kernel estimator with the kernel function K is
defined by >>*

f(= %Zlﬁ {t_lz(i)} 5)
i=1

where ¢ is the data point under consideration; #(i) is an
observation value from the normal training dataset; % is the
window width, and » is the number of observations. The ker-
nel function K;, which determines the shape of the bumps,
has a number of possible forms, in which the Gaussian ker-
nel function is the most commonly used.’” In the present
study, the Gaussian kernel is also used and the kernel esti-

mator becomes’>>*
1 < (1—1(i))*
h GEE:g;exp <__ 2h2 (6)

In KDE, the window width / usually has a crucial effect
on the performance of density estimation. If 4 is significantly
small, the density estimator is constructed with sharp peaks,
which are positioned at the sample points. If & is signifi-
cantly large, the density estimate is overly smooth and the
structure in the probability density estimate is lost. The opti-
mal choice of /# depends on several factors, such as the num-
ber of data points, data distributions, and choice of the
kernel function. Sufficient research on the choice of / has
been reported, in which a proper empirical value for each

fo=
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specific case is suggested.”> Numerous studies on the
KDE®?>™ claimed that a satisfactory performance of KDE
can be obtained with sufficient information on the training
data.

Support vector data description

SVDD tries to find a sphere with minimum volume con-
taining all (or most) of the data objects. To model a nonlin-
ear process, a nonlinear transformation function @, which
can transform the data into higher dimensions, is introduced
and the SVDD is to solve the following optimization
problem**#?

n
min R>+C i
min Zlé

%)
st [|O(y)—al* < R+¢

where a is the center of the hypersphere; C shows the trade-
off between the volume of the hypersphere and the number
of errors; R? denotes the squared distance from the center a
to the boundary; and &; represents the slack variable, which
allows a probability that some of the training samples can be
wrongly classified. The dual form of the optimization prob-
lem can be obtained as*®*

n n

n
min > wk, (y,-,yj) ->
i=1

aiayl(é (yi739)
i=1j=1

., ()]
s.it. 0 <o < C,foi:l

i=1

where K> (y;,y;)=(®@(y;), ®(y;)) is a kernel function, which is
introduced to compute the inner product in the feature space,
and o; is a Lagrange multiplier. Solving Eq. 8 gives a set «;,
and the samples y; with o; > 0 are called support vectors
(SVs) of the description. The squared distance from the cen-
ter a to the boundary R? is calculated as follows***’

R*=Ks(y,y)=2)  0iKa(y;, )+ Y 0ioKa(y;,3)  (9)
i=1

i i=1 j=1

for any y € SV.

Problem statement and motivational example

In PCA monitoring, the PC selection is usually operated
as follows: first, the components are arranged according to
the corresponding eigenvalues; second, the number of
retained PCs is determined according to some rules, such as
CPV, cross validation, or VRE. In any selected rule, the first
several PCs, which represent information with the most sig-
nificant variance of the training data, are used to construct
the dominant subspace. However, the training data are col-
lected under normal condition and these PCs do not guaran-
tee capture of the largest online process variation. The
selection of PCs offline is subjective.

Meanwhile, when a fault occurs in a process, the fault
usually causes one or several variations in the monitored var-
iables, and then after the PCA mapping, such variations are
reflected on one or more PCs. Some PCs with larger varia-
tion, which contain more fault information, are beneficial to
determine fault timely. In addition, the PCs with less varia-
tion or without variation contain less or no fault information,
and they are not used in finding fault. When dividing the
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PCs into two subspaces, the fault information might also get
divided and mapped into two subspaces. If the information
for finding a fault is limited, such an information loss could
be damaging and can directly lead to fault nondetection.
Therefore, selecting the most informative PCs and concen-
trating the beneficial information for monitoring the fault
into a specific subspace for process monitoring are
important.

To analyze the monitoring performance of PCA and illus-
trate the necessity of the reorganization, the following simple
numerical multivariate process is used

vy 1.5 0.28e¢

V=|v|=|18y|+]0.385

V3 1.3 0.42¢
[1.57 237 18] [ 0.35¢ ]

273 1.05 14 0.42¢
U= V+

1.22 1.60 24 0.315¢e
|1.65 22 15| | 0.49¢ |

where 7,e ~N(0,1). This simple linear process has seven
monitored variables [x1,x2, ... 7x7]T= [VT UT] and three fac-
tors, namely, vy, v,, and v;. For illustration purposes, normal
data with 200 samples are generated and used for building
the conventional PCA model. In PCA, the first three PCs,
which occupy >95% cumulative variance, are retained in the
dominant subspace. The simulated faults for monitoring are
created as:

Fault 1: a step change of 2.5 is introduced to x3 at the
201th sample, and simultaneously, a step change of 1.22 is
introduced to x4.

Fault 2: a step change of 4 is added to x; and a ramp
change of 0.02(i—200) is added to x4 from the 201th sample
(i is the sample number).

The PCA monitoring results of the Fault 1 are plotted in
Figure 1. From Figure 1, we can see that Fault 1 can be

25 .
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Figure 1. Monitoring results of simple Fault 1 using
PCA.

detected by the two statistics. However, the statistics do not
stay above the confidence limits, thereby resulting in high
nondetection rates (the percentage of faulty samples classi-
fied as normal, Type II error). To analyze the reason further,
the 77 statistic along each PC is constructed as®

T7=x"p,(/) 'plx (10)
where i=1,2,---,7; p; is the ith loading vector, and /; is the
ith eigenvalue of X" X. T? statistic directly monitors the vari-
ation along each PC. The monitoring results along each PC
are illustrated in Figure 2.

Figure 2 shows that when the fault occurs, the PCs 3, 6,
and 7 change substantially. Therefore, most of the fault
information, which are beneficial for detecting the fault, are
reflected on these PCs. However, the three PCs are divided
into two subspaces; as a result, the fault information is also
divided into two subspaces, leading to dispersion of benefi-
cial information. Meanwhile, in each subspace, the other
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Figure 2. T? monitoring results for Fault 1 along each PC.
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PCs do not show significant deviation from the normal con-
dition, and the information reflected on the three PCs might
be suppressed. Such dispersed and submerged information
may lead to poor performance in the monitoring. Therefore,
finding the most important PCs during online monitoring and
concentrating the most informative PCs into one subspace
are important. The motivational example and two faults
described are utilized in subsequent sections for further
analysis.

JIR-PCA-SVDD for Process Monitoring

In this section, the proposed JIR-PCA-SVDD method is
presented in detail. Some characteristics of JIR-PCA-SVDD
are discussed.

JIR-PCA-SVDD

Given a set of normal training data, the PCs can be
obtained using SVD algorithm. The components, which
occupy 80% or 95% variance contributions, are usually
selected as the PCs retained in dominant subspace. However,
the PCs with smaller variance may also reflect large amount
of fault information. Therefore, the cumulative variance
should be increased, even up to 100%. However, in the SVD
decomposition, some eigenvalues, which are significantly
small and close to zero, are found. In PCA monitoring, the
PCs are scaled by dividing them by their corresponding
eigenvalues, and if the eigenvalues are much smaller or near
to zero, such PCs are more easily influenced by the process
noise. Therefore, in the current study, the PCs occupying
98-99.5% cumulative variance are retained as basic PCs,
and the PCs with much smaller variance (or the correspond-
ing eigenvalues are near to zero) are rejected. Theoretically,
this selection causes 0.5-2% information loss, but the influ-
ence of process noise is significantly reduced or avoided,
which is an important consideration in practical application.
Based on the basic PCs, the PCA model are timely
reorganized.

Using the normal benchmark data, the probability density
function of each PC score can be estimated using KDE. In
online monitoring, the current sample point is initially pro-
jected onto the basic PCs subspace, and then the probability
density value of each PC score can be estimated according
to the obtained probability density function. For a continuous
process, given that the process data are mean-variance nor-
malized, the PCs would usually deviate on both sides of
zero. Given a confidence interval, the points within the inter-
val could be regarded as normal and usually own relatively
larger density values. However, the abnormal points that usu-
ally have small densities (as illustrated in the following sec-
tions) are found outside the interval. In such situation, for a
definite fault, the PCs with relatively smaller densities more
likely indicate deviations from the normal condition and con-
tain more fault information. These PCs are regarded as
informative PCs, and are beneficial for finding fault timely.
If the most informative PCs are concentrated into one sub-
space, the fault detection and diagnosis is more efficient.
The formulation of JIR-PCA-SVDD consists of offline mod-
eling and online monitoring.

Offline modeling

1. Based on the normal training data X € RV*”, the basic
PCs T € RV*/ can be obtained using SVD algorithm as
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T=[t1,t2,...,t1]=XP (11)

where P € R"™*! is the loading matrix that projects the
monitored data onto the PCs, and [ is the number of basic
PCs retained that occupy 98-99.5% cumulative variance.
Each column in P is a loading vector that determines the
projection relationship between the observed data and the
corresponding PC. The loading matrix P could be denoted
as

P:b’lap%'-wpl} (12)

. The PCs are scaled to the same level using the estimated

standard variances of the PCs. That is

T
X D
li=—= 13)
1 /Ll
where x = [x),...,x,]" € R"! is the measured variables

and /; is the variance of ith score vector.

. The probability density function of each basic PC is esti-

mated using KDE, which is denoted as
f:[ﬁ‘l7ft27"'7ﬁ]] (14)

The window width /# in KDE usually has crucial effect on
the performance of density estimation. However, given
that the training data of normal conditions is easily
obtained, a satisfactory performance of KDE can be
achieved with sufficient information in the training data.

. The number of PCs that should be retained in the domi-

nant subspace of the reorganized PCA is determined.
Given that the most beneficial information is concen-
trated, the number of PCs does not need to be signifi-
cantly large. Generally, the number that results 75-85%
CPV occupation of the PCs in the original PCA model
can be used, thereby effectively reducing data dimension.

. The reorganized PC scores of the normal training data are

calculated. For the jth sample, the density values of the
point that belong to the normal set could be calculated
using the obtained density function. That is, the probabil-
ity density value of the PC score ;(j) is calculated as

fie)y =1t () (15)

Given that the density value is an estimation, the status of
previous samples can be considered, and then the mean
value of the previous several samples could be used. That is

fie)y =i (t:(j)) (16)

where 7;(j) is calculated as
- 1 <
ti(j)=— t; 17
0= ‘Z’ (r) (17)

where w is a window width. This moving window could con-
sider the time series information and significantly reduce the
influence of process noise. For a definite process, the selec-
tion of the window width could be determined based on the
normal training data. One helpful rule is to ensure that the
effect of process noise is acceptable. The recommended val-
ues of the w are 6 or 7 in the current study.

. The PC scores #;(j) are rearranged according to the den-

sity values. The PCs with smaller densities are retained in
the reorganized dominant subspace as follows
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t(N=[t1 (), 162G, -t D iy < firg < oo < fory) (18)

7. The SVDD model is constructed based on the reorganized
PCs of the normal training data. The reorganized PC
scores are used as the input variables to the SVDD model.
That is

)" (19)

Given that SVDD aims to differentiate the abnormality from
normal samples, the assumption that the data should follow
certain distribution is not needed, which is suitable for the
current study. The center a of the hypersphere and the
boundary R* can be determined by solving Eqs. 7-9. The
boundary R? varies with the reorganization, and the scores
with different PCs provide different boundary R* The
boundary is calculated online for each reorganization. How-
ever, given that the process data are normalized and the
scores are scaled to the same level, the center and boundary
of the hypersphere is relatively identical eventhough the
used PCs vary. This observation is similar to that of the cal-
culation of T? statistic. The hypersphere is influenced only
by the number of PCs used, not by the type of PCs. There-
fore, the hypersphere that is obtained directly using the reor-
ganized scores of normal training data is reliable, thereby
significantly reducing the online computational complexity.

Y:[ylvyZa ce >yk]T:[tl‘17tl‘2a s

Online reorganizing and monitoring

1. The current sample data are normalized and projected
onto the basic PCs.

2. The corresponding probability density values of the PC
scores are calculated using the obtained density function.

3. The PCs are reordered according to the densities, thereby
reorganizing the PCA model. The PCs with smaller prob-
abilities, which indicate larger deviation from the normal
condition, are selected to reorganize the PCA dominant
subspace. Suppose the reorganized dominant PC scores at
the sample point j are

2()=1m1()s 2 (1), 1k D] (fir1g < frzg < oo < fimg)  (20)

4. For the z obtained online, the squared distance from the
center of the sphere is calculated as

n n

n
D*=|z—a|*=K3(z,2) _ZZ %K>(2, ;) +Z Z 0K (¥, ;)
i=1

i=1 j=1

(21
For fault detection purpose, the index is defined as follows
2
pr=12—al 22)
R2

and the control limit DR;=1. That is, the sample z is
accepted when the distance is <RZ?; otherwise, the sample z
is rejected and regarded as a fault point.

Fault isolation

After fault detection, the root cause and responsible varia-
bles are then determined. In PCA monitoring, the contribu-
tion plot is the most widely used method. The contribution
plot method is described in other references3’41; however,

only the PCs with T? values exceeding the control limit
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Figure 3. lllustration of the steps of JIR-PCA-SVDD
monitoring.

Thereis a fault. Fault diagnosis

should be used. Therefore, the calculation of the contribu-
tions still relies on the Gaussian assumption, which can be
rarely satisfied in practical use.

In the current study, given that the most informative PCs
are concentrated, all of the PCs in the reorganized PCA
dominant subspace are used to calculate the variables’ con-
tributions. The contribution of each variable x;(j=1,2,...,m;
m is the number of variables) in the reorganized dominant
score #; (i=1,2,...,k; k is the number of retained PCs) is>

t;
cont; ;= Ip,gj(xj) (23)
i

where p;; is the (i,)th element of the loading matrix P. The
total contribution of the jth process variable is®
k
CONTJ':Z(COIIL’J) (24)

i=1

Given that the most useful PCs for describing the fault are
collected, the fault information is enhanced, and therefore,
the fault information would not be easily influenced by pro-
cess noise. Thus, the contribution plots provide more reliable
results. The detailed procedures of JIR-PCA-SVDD process
monitoring are summarized and illustrated in Figure 3. In
addition, considering that slight drift in the characteristics of
variables usually exists, the offline modeling should be
updated according to the practical necessity for slow time
varying in a practical process.

Characteristics of JIR-PCA-SVDD

Compared with the classical PCA, computation of the den-
sity values of each basic PC is needed in the JIR-PCA. How-
ever, the probability density functions are estimated offline,
and the online computational complexity is a simple numeri-
cal calculation that can be handled in a reasonable time-
frame. Moreover, given that the dimension is significantly
reduced by JIR-PCA, the computational complexity in
SVDD is also significantly reduced.
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Figure 4. (a) PCA-SVDD monitoring results; (b) JIR-PCA-SVDD monitoring results; (c) estimated density values
along each PC; and (d) PCA and (e) JIR-PCA contribution plots for Fault 1.

JIR-PCA selects PCs with larger variation to reorganize
the PCA model. However, the monitoring performance is not
influenced by the process noise because of the following rea-
sons: in offline modeling, the process noise level reflected on
each PC is considered with the use of KDE to estimate the
data distribution; the previous several points are used to
comprehensively evaluate the importance of the PC, and the
time series relationships are then considered; and the PCs
with the smallest eigenvalues are also not examined in the
JIR-PCA model. JIR-PCA-SVDD shows reliable monitoring
performance considering the process noise.

The main advantages of the JIR-PCA-SVDD monitoring
method are given. First, the JIR-PCA-SVDD can efficiently
concentrate the most varied information in a process. There-
fore, the problem on fault information dispersion is solved,
thereby providing efficient methodology for fault detection
and diagnosis. Second, the Gaussian assumption of the pro-
cess data is relaxed, which is more suitable for practical use,
because of the use of SVDD.
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Examples and Applications

In this section, the proposed JIR-PCA-SVDD method is
applied in the numerical, CSTR, and TE benchmark proc-
esses. The JIR-PCA-SVDD method is compared with the
conventional PCA and PCA-SVDD.

Numerical process

The numerical case used in the current study has been pre-
sented in the motivational example section. The PCA moni-
toring results for Fault 1 have been shown to be poor, and
now the PCA-SVDD and JIR-PCA-SVDD methods are
examined. The monitoring results of PCA-SVDD and JIR-
PCA-SVDD for Fault 1 are presented in Figures 4a, b. Fig-
ure 4a shows the monitoring results of PCA-SVDD, whereas
Figure 4b shows the monitoring results of the proposed JIR-
PCA-SVDD. Compared with the conventional PCA and
PCA-SVDD, the JIR-PCA-SVDD has shown better monitor-
ing results. The fault was detected timely, and the
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Figure 5. (a) PCA, (b) PCA-SVDD, and (c) JIR-PCA-SVDD monitoring results; (d) estimated density values along
each PC; and (e) PCA contribution plots and (f) JIR-PCA contribution plots for Fault 2.

nondetection rate is significantly reduced. To analyze the
monitoring behavior further, the estimated probability den-
sity value of each basic PC is plotted in Figure 4c. The PCs
3, 6, and 7 (arranged according to decreasing eigenvalues)
show more significant changes and smaller density values,
thereby indicating that the most fault information are
reflected on these three PCs. This is in accordance with the
results mentioned in motivational section. When reorganizing
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online, the three PCs would be selected to concentrate the
fault information and construct the dominant subspace.

The concentration of the fault information is also benefi-
cial for finding the root cause of the fault. The contribution
plots in PCA and JIR-PCA are presented in Figures 4d, e.
Figure 4d shows the variables’ contributions, which are plot-
ted at the 250th point. Variables 3—7 show larger contribu-
tions, in which the variable 3 has the most significant
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Figure 6. Monitoring performance for faults in CSTR using (1) PCA T2, (2) PCA Q, (3) PCA-SVDD, and (4) JIR-PCA-
SVDD for (a) Fault 1, (b) Fault 2, (c) Fault 3, (d) Fault 4, and (e) Fault 5.

contribution to the fault. This result is in accordance with
the real condition, because the step change in variable 3
affects the variables 4-7. However, the results of the PCA
and JIR-PCA are different. JIR-PCA shows that variables 4
and 6 are also significantly changed, which is much closer to
the real condition, thereby providing more significant guid-
ance in finding the cause. In the PCA method, the changes
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in variables 4 and 6 are not as significant because the infor-
mation is dispersed. In addition, given that the informative
PCs are concentrated and the fault information is enhanced,
the influence of process noise is also reduced. Therefore, the
identification result of JIR-PCA is relatively more reliable.
The Fault 2 in the numerical process is also examined.
The monitoring results of PCA, PCA-SVDD, and JIR-PCA-
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Figure 7. Estimated density along each PC of normal data of the TE process.

SVDD are presented in Figure 5. Figure 5a shows the moni-
toring results of PCA, including the 7> and Q statistics; Fig-
ure 5b shows the monitoring results of PCA-SVDD; and
Figure 5c¢ shows the monitoring results of the proposed JIR-
PCA-SVDD. From these figures, the JIR-PCA-SVDD shows
the highest performance. The probability densities along
each PC are presented in Figure 5d. At the beginning of
Fault 2 (200-250 points), the step change is the major influ-
ence of the process. Most of the fault information is reflected
on the dominant subspace (PCs 1 and 2). As the ramp
change increases, the ramp change becomes the major influ-
ence, which is mainly reflected on the residual subspace
(PCs 5, 6, and 7). In the JIR-PCA-SVDD, the most useful
information is always reflected on the reorganized dominant
subspace. Given that the most varied information is concen-
trated, the JIR-PCA-SVDD consistently shows better per-
formance than the conventional PCA methods. To test the
fault diagnosis ability, the contribution plots for Fault 2 in
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PCA and JIR-PCA are presented in Figures 5e, f. From the
figures, the corresponding variables are identified success-
fully. Similar to the monitoring of Fault 1, JIR-PCA provides
more significant results of the changes in variables.

CSTR process

The simulation model parameters and conditions used in
the study by Yoon and MacGregor56 are adopted in the cur-
rent case study. The diagram of the process is presented in
Figure Al. Additional details on the process and the parame-
ters are found in the references.”®>® The process is moni-
tored by measuring the cooling water temperature , inlet
temperature Ty, inlet concentrations Cq4 and Cyus, solvent
flow Fs, cooling water flow F¢, outlet concentration C4 and
temperature, and reactant flow F4. These nine variables form
the measurement vector

x=[T¢ Ty Can Cas Fs Fc Cy Ts Fal" (25)
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Figure 8. Monitoring results of (1) PCA T2, (2) PCA Q, (3) PCA-SVDD, and (4) JIR-PCA-SVDD for the normal dataset

in the TE process.

The variables are sampled every minute, and 500 samples
under normal conditions are used as the training set. In building
a conventional PCA model, the first four PCs, which occupy
>85% CPV, are used, whereas all of the nine PCs are selected
as basic PCs when building the JIR-PCA model. Five different
faults are introduced into the system, and 1000 observations are
simulated for each of the five scenarios. Fault 1 is a bias with
magnitude of 0.2 (K) (the bias magnitude is 1 (K) in the refer-
ence, and the magnitude is reduced by 80% for acid testing)’ ">
in the sensor of the output temperature Ts. Faults 2 and 3 are
biases in the sensors of the inlet temperature Ty and inlet reac-
tant concentration Cgay, respectively. The bias magnitude for T
is 0.3 (K) (reduced by 80% compared with that in the reference)
and that for Cys is 1.0 (kmol/m®).’”® Fault 4 is a drift in the
sensor of Cus, and its magnitude is dCys/dr=0.04
(kmol/(m *min))( represents the time here), which is reduced
by 80% compared with that in the reference. Fault 5 is a slow
drift in the reaction kinetics.””® In this case, the reaction rate
coefficient changes with time as ko(#+1)= 0.996 X ko(t). The
faults are introduced at the 501st measurement.

When monitoring the Fault 1 (Figure 6a), the PCA, PCA-
SVDD, and JIR-PCA-SVDD perform well. The fault is
detected timely, and the number of nondetections is nearly
zero, which is due to significant change in the process data
caused by Fault 1, which is easily detected. In monitoring
Fault 2, PCA T2 and PCA-SVDD failed to detect the fault.
Both the PCA Q and JIR-PCA-SVDD detect the fault timely
and they have lowest nondetections. However, the false
alarm rate in the JIR-PCA-SVDD is lower than that in the
PCA Q. Therefore, JIR-PCA-SVDD performs the best in
monitoring the Fault 2. The monitoring results of Faults 3, 4,
5 are similar to those of the Fault 2. Therefore, the JIR-
PCA-SVDD performs the best with the lowest false alarm
and nondetection rates.

TE process

The TE process, which was developed by Downs and
Vogel,” is a benchmark case in process engineering. This
process consists of five major unit operations, namely, a
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reactor, a product condenser, a vapor-liquid separator, a
recycle compressor, and a product stripper. Two products are
produced by two simultaneous gas—liquid exothermic reac-
tions, and a byproduct is generated by two additional exo-
thermic reactions.>® The process has 12 manipulated
variables, 22 continuous process measurements, and 19 com-
positions, as listed in Tables AI-A3. All of the process
measurements are contaminated by Gaussian noise. The base
control scheme for the TE process is shown in Figure A2,
and the simulation code for the open loop can be down-
loaded from http://bralhms.scs.uiuc.edu.3 99761 The second
plant-wide control structure described in Lyman’s study3’60’61
is implemented in the present study to simulate the realistic
conditions (closed loop).

In this article, 33 variables, including 22 continuous varia-
bles and 11 manipulated variables (agitation speed is not
included because it is not manipulated), are selected for
monitoring. To build the monitoring models, a normal pro-
cess dataset (500 samples) is collected under base operation.
A set of 21 programmed faults, which are listed in Table
A4, are simulated and the corresponding process data are
collected for testing. In building the JIR-PCA-SVDD model,
the first 23 PCs (with CPV >99%) are selected as basic PCs,
and the number of PCs of the reorganized JIR-PCA model
are determined as 13 (with CPV >80%). The distributions of
all of the basic PCs are estimated using KDE. The probabil-
ity densities of the PCs under normal condition are presented
in Figure 7.

Five typical testing sets, namely, Faults 0, 4, 11, 15, and 20,
are used, and the monitoring results are presented. Fault O rep-
resents the normal operating condition in the TE process,
which is usually used for determining the false alarm rates of
monitoring schemes.>®' The monitoring performances of
PCA, PCA-SVDD, and JIR-PCA-SVDD for Fault O are pre-
sented in Figure 8. The monitoring performance of the normal
process is not degraded by introducing the JIR and SVDD.
The false alarm rates of PCA Tz, PCA Q, PCA-SVDD, and
JIR-PCA-SVDD are 0.0286, 0.0343, 0.0243, and 0.0329,
respectively, which are negligible in engineering practice.
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Figure 9. (a) Monitoring results of (1) PCA T2, (2) PCA Q, (3) PCA-SVDD, and (4) JIR-PCA-SVDD; (b) density values
along each PC; (c) PCA, (d) JIR-PCA contribution plots at the 161st point; (e) PCA, (f) JIR-PCA contribu-
tion plots at the 400th point for Fault 4.

Fault 4 involves a sudden temperature increase in the
reactor, which is compensated by the control loops.3’61 The
monitoring results of Fault 4 using PCA, PCA-SVDD, and
JIR-PCA-SVDD are presented in Figure 9a. The PCA Q and
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JIR-SVDD show good monitoring performance, whereas the
results of PCA 7> and PCA-SVDD are poor. To analyze the
monitoring behavior further, the estimated density values
along the PCs are presented in Figure 9b. The PCs 13, 16,
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Figure 10. Monitoring results of (1) PCA T?, (2) PCA Q, (3) PCA-SVDD, and (4) JIR-PCA-SVDD for Fault 11.

17, 19, 21, and 22, which are stressed by the full line, show
larger variation with the occurrence of the fault. Most of the
information are not captured by the first several PCs but are
dispersed in the two subspaces, thereby leading to the poor
detecting performance of PCA T? and PCA-SVDD. Given

that the fault information is concentrated

in JIR-PCA, the

JIR-PCA-SVDD gives significantly better performance. The
results variable identification are presented in Figures 9c—f,
in which (c) and (d) are the results at the 161th point (start
of the fault), whereas (e) and (f) are the results at the 400th
point. At the 161th point, the two responsible variables [vari-
able 9 (reactor temperature) and variable 32 (reactor cooling
water flow)] are identified successfully by both PCA (c) and
JIR-PCA (d). At the 400th point, the identification results

are insignificant. The JIR-PCA (f) shows more clear indica-
tion of the two variables, whereas the contributions of vari-
able 9 in PCA (e) are affected by process noise. These
results are relatively insignificant compared with those in
JIR-PCA.

When Fault 11 occurs, a random variation is introduced in

the reactor cooling water inlet temperature; large oscillations
are involved in the reactor cooling water flow rate. As a
result, the reactor temperature fluctuates.>®' The monitoring
results of Fault 11 using PCA, PCA-SVDD, and JIR-PCA-
SVDD are presented in Figure 10. Some points under the
confidence limit result in high nondetection rate when PCA
7% and PCA-SVDD are used. The PCA Q captures more
fault information and provides better monitoring results.
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Figure 11. Monitoring results of (1) PCA T?, (2) PCA Q, (3) PCA-SVDD, and (4) JIR-PCA-SVDD for Fault 15.
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Figure 12. Monitoring results of (1) PCA T2, (2) PCA Q,

However, when JIR-PCA-SVDD is used, the number of non-
detections is reduced further, thereby improving the monitor-
ing performance.

Fault 15 is the sticking of condenser cooling water valve.
Fault 15 is usually not used for monitoring performance
comparison because no significant change in process data is
found and the detection of the fault is difficult.**' The moni-
toring results of the fault using PCA, PCA-SVDD, and JIR-
PCA-SVDD are presented in Figure 11. The fault can be
detected after the 720th point. Among the monitoring results
of the three methods, the JIR-PCA-SVDD shows the best
performance. In about 850th-930th point, the fault informa-
tion is concentrated (both parts A and B in the PCA are con-
centrated in JIR-PCA-SVDD) in the JIR-PCA-SVDD model.
In addition, the nondetection rates are significantly reduced.

Fault 20 is an unknown fault in the TE process°'; the mon-
itoring results are presented in Figure 12. In the figure, the

Table 1. Nondetection Rates of PCA, WPCA,

sample number

(3) PCA-SVDD, and (4) JIR-PCA-SVDD for Fault 20.

results are similar to those in Fault 11 monitoring. JIR-PCA-
SVDD is the most efficient among the three methods. The non-
detection rates for each fault in the TE process using PCA>*!
WPCA,** DPCA,>'® PCA-SVDD, and JIR-PCA-SVDD are
summarized in Table 1. Faults 3 and 9 are not used for com-
parison because no significant changes in the mean or the var-
iance are found compared with the normal condition. Table 1
shows that the JIR-PCA-SVDD provides the best monitoring
results in most of the cases, in which the nondetection rates of
the faults are significantly reduced. JIR-PCA-SVDD shows the
most efficient performance based on the comparison of the
monitoring results.

Conclusions

In this study, a novel chemical process monitoring
method, which integrates the JIR, PCA, and-SVDD, is

DPCA, PCA-SVDD, and JIR-PCA-SVDD

Fault No. PCA T? (W)PCA Q WPCA T° DPCA T? DPCA Q PCA-SVDD JIR-PCA-SVDD
1 0.008 0 0.006 0.006 0.005 0.008 0.001
2 0.016 0.009 0.016 0.019 0.015 0.016 0.010
3 0.910 0.934 0.968 0.991 0.990 0.915 0.873
4 0.605 0 0.084 0.939 0 0.569 0

5 0.705 0.711 0.719 0.758 0.748 0.719 0.678
6 0.005 0 0.008 0.013 0 0.006 0.005
7 0 0 0 0.159 0 0 0

8 0.028 0.048 0.030 0.028 0.025 0.026 0.014
9 0.934 0.939 0.945 0.995 0.994 0.938 0.883
10 0.508 0.524 0.490 0.580 0.665 0.521 0.441
11 0.480 0.218 0.349 0.801 0.193 0.493 0.176
12 0.013 0.033 0.013 0.010 0.024 0.014 0.009
13 0.055 0.048 0.045 0.049 0.049 0.056 0.043
14 0.005 0 0 0.061 0 0.004 0
15 0.895 0.913 0.873 0.964 0.976 0.901 0.805
16 0.654 0.535 0.615 0.783 0.708 0.673 0.558
17 0.178 0.040 0.155 0.240 0.053 0.199 0.028
18 0.100 0.091 0.101 0.111 0.100 0.099 0.088
19 0.890 0.574 0.859 0.993 0.735 0.908 0.769
20 0.529 0.408 0.478 0.644 0.490 0.548 0.311
21 0.608 0.430 0.624 0.644 0.558 0.574 0.390
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proposed to improve the monitoring performance of the PCA
process. Given that unreasonable selection of PCs may result
in useful fault information dispersion and submersion, the
JIR-PCA algorithm is adopted. JIR-PCA evaluates the
importance of each PC online using probability density esti-
mation, and then the most useful PCs are concentrated into
the reorganized dominant subspace. Given that the PCs in
the reorganized dominant subspace no longer follow multi-
variate normal distribution, the SVDD is used for monitoring
the subspace. Meanwhile, JIR-PCA concentrates the most
useful information into one subspace, thereby significantly
improving the effect of the contribution plots method on
root-cause identification. The proposed fault detection and
diagnosis methods are evaluated using numerical, CSTR pro-
cess, and TE processes. The results in the present case study
indicate that the SPCA method provides superior perform-
ance with regard to fault detection and diagnosis compared
with the classical PCA-based methods.

This research is an extension and discussion of our previ-
ous work on WPCA and SPCA. Further studies on this sub-
ject are recommended. Future work could focus on
extending JIR-PCA-SVDD to nonlinear process monitoring.
Meanwhile, based on the PCA projection, only the mean-

variances information, with high-order statistical information
loss, is considered. Consideration of high-order statistical
information with JIR technology is also recommended.
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Figure A2. Control scheme for the TE process.>*’

Table Al. The Control Variable of TE Process>®

Variables No. State Variables No. State

XMV(1) D feed flow (Stream 2) XMV(7) Separator pot liquid flow (Stream 10)
XMV (2) E feed flow (Stream 3) XMV(8) Stripper liquid product flow (Stream 11)
XMV(3) A feed flow (Stream 1) XMV (9) Stripper steam valve

XMV (4) A and C feed flow (Stream 4) XMV(10) Reactor cooling water flow

XMV(5) Compressor recycle value XMV(11) Condenser cooling water flow

XMV (6) Purge valve (Stream 9) XMV(12) Stirring rate
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Table A2. The Process Variable of TE Process™>®

Variables No. Process Measurements Unit
XMEAS(1) A feed (Stream 1) km? /h
XMEAS(2) D feed (Stream 2) kg/h
XMEAS(3) E feed (Stream 3) kg/h
XMEAS(4) A and C feed (Stream 4) km? /h
XMEAS(5) Recycle flow (Stream 8) km? /h
XMEAS(6) Reactor feed rate (Stream 6) km? /h
XMEAS(7) Reactor pressure kPa
XMEAS(8) Reactor level %
XMEAS(9) Reactor temperature °C
XMEAS(10)  Purge rate (Stream 9) km? /h
XMEAS(11)  Product separator temperature °C
XMEAS(12)  Product separator level %
XMEAS(13)  Product separator pressure kPa
XMEAS(14)  Product separator underflow m?/h
XMEAS(15)  Stripper level %
XMEAS(16)  Stripper pressure kPa
XMEAS(17)  Stripper underflow (Stream 11) m? /h
XMEAS(18)  Stripper temperature °C
XMEAS(19)  Stripper steam flow kg/h
XMEAS((20)  Compress work kW
XMEAS(21)  Reactor cooling water outlet temperature ~ °C
XMEAS(22)  Separator cooling water outlet temperature °C

Table A3. The Process Variable of TE Process-2>%
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