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Abstract The kernel principal component analysis (KPCA) method employs the first several kernel principal
components (KPCs), which indicate the most variance information of normal observations for process monitoring,
but may not reflect the fault information. In this study, sensitive kernel principal component analysis (SKPCA) is
proposed to improve process monitoring performance, i.e., to deal with the discordance of 72 statistic and squared
prediction error dspe Statistic and reduce missed detection rates. 72 statistic can be used to measure the variation di-
rectly along each KPC and analyze the detection performance as well as capture the most useful information in a
process. With the calculation of the change rate of 72 statistic along each KPC, SKPCA selects the sensitive kernel
principal components for process monitoring. A simulated simple system and Tennessee Eastman process are em-
ployed to demonstrate the efficiency of SKPCA on online monitoring. The results indicate that the monitoring per-
formanceisimproved significantly.

Keywords statistical process monitoring, kernel principal component analysis, sensitive kernel principal compo-
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1 INTRODUCTION

As production equipment in modern chemical
industry becomes larger, speed-higher, more complex
and more intelligent, fault detection and diagnosis in
chemical processes are more important for safety and
improvement of productivity. Recently, multivariate sta-
tigtica process monitoring (MSPM) methods, which
identify linear relationships between the recorded proc-
ess variables and generate reduced sets of scores, have
great progress because of the development of equip-
ment for measurement, data storage and computation
[1-5]. Principal component analysis (PCA) is the most
widely used method because it can effectively ded
with high-dimensional, noisy and highly correlated data
by projecting the data onto a lower-dimensional space
that contains most variance information of data[6-8].

To dea with the problem from nonlinear data,
Kramer developed a nonlinear PCA method based on
auto-associative neural networks [9], but it is difficult
for the network to be trained because it has five layers
and to determine the number of nodes in each layer.
Dong and McAvoy [6] developed a nonlinear PCA
approach based on principal curves and neural net-
works, with the assumption that the nonlinear function
can be approximated by a linear combination of sev-
eral univariate functions so that it can be expressed as
a sum of functions of individual variables. Such map-
pings can be made only for alimited class of nonlinear
models and the application of the principal curve al-
gorithm is restricted to the identification of structures
that exhibit additive-type behavior [10, 11]. Many ex-
tensional methods of PCA, such as kernel PCA
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(KPCA), dynamic PCA (DPCA) [12-15], probabilistic
PCA (PPCA) [16, 17] and multiway PCA (MPCA) [18, 19],
have been proposed to improve process monitoring
performance, among which KPCA, as a new nonlinear
PCA technique, progresses fast as a promising method
for tackling nonlinear systems [20-22]. KPCA first
maps the input space into a feature space via honlinear
mapping and then computes the principal components
(PCs) in the high-dimensiona feature space. Compared
to other nonlinear methods, the main advantage of
KPCA isthat it does not involve nonlinear optimization.

In KPCA monitoring, the first several kernel
principal components (KPCs) corresponding to the
largest eigenvalues based on normal observations are
selected, without considering the information of process
fault. However, the number of components in high-
dimensiona space is large, and the sensitivities of
principal components to faults are not the same and
nor in the order of eigenvalue decrease. Process moni-
toring based on KPCA has a problem, i.e., T2 statistic
and squared prediction error (dspe) statistic do not give
the same result and miss detection when a fault occurs,
which are mostly due to missing fault information in
process data compressing, so only the first severa
KPCs are employed for process monitoring. Hence,
sensitive kernel principal components that represent
the character information of the fault are expected to
be found and can be used to monitor the process for
good monitoring performance.

In this article, a novel fault detection method
based on sensitive kernel principal component analy-
sis (SKPCA) is proposed to improve process moni-
toring performance. The definition of sensitive kernel
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principal component (SKPC) is introduced and the
change rate of T2 statistic is defined to determine
SKPCs of some faullt due to the ability of 72 statistic to
measure the variation directly along each kernel prin-
cipal component. These SKPCs contain large amount
of information for fault detection and diagnosis, which
|s illustrated by observing the monitoring behavior of
T? statistics along each KPC on a simulated simple
process. The case studies on the simulated process and
Tennessee Eastman (TE) process demonstrate the per-
formance of the SKPCA model on online monitoring.

2 PROCESS MONITORING BASED ON KER-
NEL PCA

2.1 Kernd principal component analysis

In KPCA, observations are nonlinearly mapped
into a high-dimensional space, referred to as feature
space F. In the feature space, the linear PCA is em-
ployed to extract the nonlinear correlation relationship
between the variables. According to Cover’s theorem,
the nonlinear data structure in the input space is more
likely to be linear after high-dimensiona nonlinear
mapping [23]. KPCA finds a computationally tractable
solution through a simple kernel function that intrin-
sically constructs a nonlinear mapping from the input
space to the feature space [24, 25].

Let the normalized training set be x;,---,x, € R",

with N observations consisting of m measured process
variables. The feature space is constructed by using a
nonlinear mapping: R” —2 ¢ | where @(:) is a
nonlinear mapping function. Similar to PCA, the co-
variance matrix in the feature space F can be calcu-
lated as

F_ 13 T
C =ﬁ;¢(xj)¢(xj) (@D}

N
in which ) @(x,)=0 is assumed. The kernel prin-
Jj=
cipal component can be obtained by the eigenvalue
problem below

1 N
/1v=CFV=WZ<¢(xj)T,V>¢(xj)Zv @)

j=1
where A and v denote eigenvalue and eigenvector of
covariance matrix C*, respectively, and (x,y) de-

notes the dot product between x and y. This implies
that al solutions v with 4 0 must lie in the span of

&(x,), -, D(xy) . Then Av=C"v isequivaent to
/1<¢(xk),v>=<¢(xk),CFv> (k=1---,N) (3

There exist coefficients ¢; (i=1,---,N ), so that

b= ad(x) ()
i=1

Combining Egs. (3) and (4), we obtain

/IZO(< ), D(x, )>
—2a< )3 j>><¢<xj>,¢<xi>>

(k=1--,N) ()

Note that the eigenvalue problem in Eq. (5) only
involves dot products of mapped shape vectors in the
feature space. We define an NxN matrix K by

[K], =K, =(®(x,),®(x,)) . Then the eft-hand side
of Eq. (5) can be expressed as

lﬁxcb X ¢(xi)>=/1§:ail(ki
=1 i=1

and the right-hand side of Eq. (5) can be expressed as

(k=1--,N) (6)

N

%g% <¢(xk)’ﬁ¢(xj )><‘p(x./)-¢(xf)> -
—Za 2 1K

i=1 Jj=1
(k=1---,N) ()
Equation (7) becomes (1/ N)K?a . Combining
Egs. (6) and (7), we obtain

ANKa = K% (8)
where @ =[a,---,a,]" . To find solutions of Eg. (8),

we solve the eilgenval ue problem
Nia=Kc 9

for nonzero eigenvalues. Now, performing PCA in Fis
equivalent to resolving the eigenvalue-problem of Eq.

(9). This yields eigenvectors ¢, ¢, ,- -, &, With ei-
genvalues 4, = 4, =,---,= A, . The dimensionality of
the problem can be reduced by retaining only the first

p eigenvectors using the cumulative contribution rate
rccr method.
p s
Toor = 2 A | DA x100% (10)
i=1 i=1
We normalize &, @, e, by requiring that the
corresponding vectorsin F be normalized, i.e.

<vk'vk>:1 (k=1---,p) (11)

N
Using v, => o/ &

i=1

x;), Eq. (11) leadsto
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The principal component ¢ of a test vector x are
then extracted by projecting @(x) onto eigenvectors
Vi in F,

N
te =y, @(x))=>af <¢(xi ) ,¢(x)>
i=1
(k=1-,p) (12)

To solve the eigenvalue problem of Eq. (9) and to
project from the input space into the KPCA space us-
ing Eqg. (12), one can avoid performing the nonlinear
mappings and computing the dot products in the fea
ture space by introducing a kernel function of form
K(x,y)=(®(x),@(y)). _ _

There exist a number of kernel functions and in
this work the radial basis kernel function is used,
whichis

K(x,y)=exp[ |« y”] (13)

where c is specified apriori by the user.

Before applying KPCA, mean centering in the
high-dimensional space should be performed. This can
be done by substituting the kernel matrix K with

K=K-1,K-K1,+1,K1, (14)
. 1 --- 1
where 1, =—|: . ile RV
N
1 --- 1

2.2 T?satigtic and d<pe statistic

T2 statistic and d<pe Statistic are constructed and
monitored in KPCA based on the assumption that
training data are multivariate normal in the feature
space [10, 24]. T2 statistic is the sum of the normalized
squared scores and is defined as

:I:Zli"'1Zp:|A_1|:tl"“1tp:|T (15)

where ¢, is obtained from Eg. (12) and A is the
diagonal matrix of the inverse of the eigenval ues with
the retained PCs. The confidence limit for 72 is ob-
tained using the F-distribution

2 _ p(N-1)
Tp,N,}’ N-p Fp,N—py}’

where N is the number of samples in the model, p is
the number of PCs, and yisthe level of significance.
In KPCA model, the dgpe statistic is obtained

(16)

using the equations
Sepe = |@(x) - @, (x)| = |[@(x) - @, (x)|

DIV )
J=1 J=1

where n is the number of nonzero eigenvalues gener-
ated from Eqg. (9) among the total N eigenvalues. The
confidence limit for the dspe can be computed from its
approximate distribution

Ospe,y ~ gl (18)

where g is a weighting parameter to account for the
magnitude of the dspe, 1 is the chi-square distribu-
tion and 4 accounts for the degree of freedom. More
details on the two statistic parameters are represented
in[10, 24].

2.3 Process monitoring based on KPCA

The following simulations are in Matlab 7.12.0
(20114) environment. Consider the following simple
system with three variables but only one factor, origi-
nally suggested by Dong and McAvoy [6, 24].

x=t+el (19
X, =t> =3t +e2 (20)
X3 =—12+3% +¢3 (21)

where el, e2 and 3 are independent noise variables
N(0,0.01), and ¢€[0.01,2] . Normal data comprising
100 samples are generated according to these equa
tions. Two sets of test data comprising 300 samples
each are also generated. The following two disturbances
are applied separately during generation of the test
data sets.

Disturbance 1: a step change of x, by —0.4 isin-
troduced starting from sample 101.

Disturbance 2: x; islinearly increased from sample
101 to 270 by adding 0.01x (s —100) to thex; value
of each sample in this range, where s is the sample
number.

Monitoring performance of KPCA is shown in
Fig. 1, in which the first 3 kernel principa compo-
nents occupying 85% cumulative contribution rate are
retained. For Disturbance 1 in this simple system, the
disturbance can be detected successfully by dspe Sta-
tistic, while 72 statlstlc does not behave very well. For
Disturbance 2, both 72 gtatistic and Ospe Statistic de-
tect the disturbance successfully.

In the simple system, there are 3 variables and
the number of kernel principa components may be
arbitrary when mapped into feature space. In order to
illustrate the detecting behavior of 72 statistic, the first
20 kernel pri nC| pal components are taken into consid-
eration. The T2 statistic of each kernel principal com-
ponent is calculated, and there are 20 subfigures for
the process monitoring. For Disturbance 1, the results
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Figure2 T/ of each kernel principal component

are shown in Fig. 2, in which 20 subflgures arein the
order of elgenvalues decrease and Tk =t A i
represents 72 statistic of the kth kernel principal com-
ponent, where m=1,2,---,20. In Fig. 2, the first 3
kernel principal components corresponding to the

largest 3 eigenvalues do not show the largest varidti on
when Disturbance 1 occurs using 77 statistic, and 7}

of the 9th, 16th, 17th and 19th kernel principal com-
ponents change remarkably when disturbance 1 comes.
The quantitative analysis of T change rate will be
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executed in Section 3, since the kernel principal com-
ponent directions are defined as those with maximum
variance of normal operating process sample, without
considering the information of fault samples. The 7°
statistic directly measures the variation along each of
the loading vectors, i.e., the directions of each kernel
principal component. The directions |n which the fault
samples show larger variation using 7 statistic are not
always the same as the loading vectors corresponding
to the larger eigenvalues. Hence T? statistic of the
kernel principal components chosen according to the
larger eigenvalues may miss the important information
of fault, and lead to missed detection problem.

3 PROCESSMONITORING BASED ON SKPCA

3.1 Sensitivekernel principal components

The analysis in Section 2 reveals that the 72 sta-
tistic in some directions of kernel principal compo-
nents changes more remarkably than others when a
fault occurs. Namely, in these directions, the fault
sample data show large vari atlon and the fault can be
detected easily when using 72 statistic corresponding
to these kernel principal components. To describe the
variation in the direction of the kth kernel principa
component, the change rate of T a the ith sample
point is defined as

Ry =12 [T7 (22)
where Tkz_i is the 7° statistic of the kth kernel principal

component on the ith measurement data, and T,f is

the mean value of T,f based on a normal sample, i.e.
- 1 N 2
:NZTM .
i=1

The threshold of R.. could be determined using

kernel density estimation based on normal operating
sample data since R,. over some period does not fol-

low a Gaussian distribution and the threshold can not
be determined directly from a particular approximate
distribution [26]. Kernel density estimation, in which
there is no formal structure for the density prescribed,
is a nonparametric density estimation method. A uni-
variate kernel estimator with kernel K is defined as

7 =%ék{x;"f} (23

where x is the data point under consideration, x; is an
observation value from the data set, ¢ is the window
width (also known as the smoothing parameter), N is
the number of observations, and K is the kernel func-
tion. The kernel function K determines the shape of
the smooth curve and satisfies the condition

[T K(de=1 (24)

There are a number of possible kernel functions
and the Gaussian kernel function is the most commonly
used. In our trial, Gaussian kernel function is used. The
threshold of RT,(z is determined in following steps.

(1) Cdculate RTE‘_ of the mth kernel principal

component on the ith sample point based on normal
operating sample data.

(2) The univariate kernel density estimator is
used to estimate the density function of R;: on the

normal operation condition.

(3) Determine the control limit of each compo-
nent, which occupies the 90% area of density function
and is denoted by % , namely f(I&)=90% (the
control limit of each component is an empirical value
and it could be modified according to the practica
situation. The advised range of the control limit is
85% and 95%, and 90% is used in this work).

(4) The threshold of R.. is the maximum one

among /5, and represented by I, , i.e. [ =max{l} ,
k=212,---,p}, in which p is the number of principa
components.

The kernel principal components, in which direc-
tions the 72 statistic has larger er when a fault oc-

curs, could be considered as sensitive kernel principal
components to this fault. The mth kernel principa
component is regarded as sensitive principal compo-
nent on the condition that

Ry -1 Z Ry =g (25)

P izg-n+1
where « is the current sample point, » is an empirical
value and usually decided according to the sample
time. The recommend value of #n in this paper is 6,
which is the same as the number of pointsin fault dis-
tinguish rule in Shewhart’s theory [5, 27]. Using the

mean value R . can effectively decrease the influence
of process noise. The kernel principal component cor-

. —maXx
responding to the largest value R,. among R,.

could be regarded as the most sensitive kernel princi-
pa component to the fault, where

RzmaxzmaX{Tz,n 1,2, } (26)

T

3.2 Process monitoring using sensitive kernel
principal components

Based on the analysis above, it is obvious that to
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monitor the fault is to monitor the 72 statistic with the
. ——max ——max
largest change rate, i.e. RTf Af er <ly , the

process is regarded as normal. If R, =g, , there

may be afault in process and further analysis is needed.
Here a new modeling way called process monitoring
based on sensitive kernel principal components is
proposed and the calculation steps are as follows.

Off line modeling:

(1) Divide the collected normal operating sample
data into two sets, one as training data and another for
testing. Let the training databe X € RV , where N is
the number of observations consisting of m measure-
ment process variables.

(2) Normalize the data using the mean and standard
deviation of each variable. Compute the kernel matrix
Ke RV by [K], =(@(x,).®(x;))=[ K (x.x,)].

(3) Carry out centering in the feature space for

N __ _
> ®(x,)=0, K=K-1,K-K1, +1,K1,.
k=1

(4) Solve the eigenvalue problem Nia=Ka
and normalize a;, suchthat (e, e, )=1/74, .

(5) For normal operating data.x, extract a nonlinear

_ N _
component via t, = <vk ,¢(x)> = Zai" <¢(xi),¢(x)> =
i=1

N
2 K (x;,x).
i=1
(6) Based on testing data, examine the 72 statistic
of each component 77, and calculate R,. of the

normal operation process testing data. Because the
dimension in KPCA may be arbitrarily high, a proper
number of kernel principal components should be
examined (usually, the advised control limit of rccr is
between 99% and 99.5%, and only abandon those
corresponding to some smallest eigenvalues. Here
99% is used, namely rccr=99%).

(7) Use kernel density estimation to determine

the threshold /5, of each component and the control

limit /, of anormal process. Save 1§, and Iy, .

Online monitoring:

(1) Normalize the current sample data using
mean values and variance of the training data.
(2) Calculate T2, R. , R. and R of the
current data.

(3) Determine if the current R, runs out of
the control limit /-, or not. If not, repeat Steps (1) and

(2) to monitor the next sample point. If R_Tkzmax =1y,

there may be afault and go to the following steps.
(4) Select the sensitive kernel principal compo-

nents according to R_Tzz1 > R. =l . Let the
g N img—n+1 o

number of sensitive kernel principal components be ¢
and these g sensitive kernel principal components are
denoted askith, ksth, ---, kith kernel principal com-
ponents.

(5) Use the selected ¢ sensitive kernel principa
components to monitor the process, and determine the
control limits of 7% with ¢ kernel principal compo-

_q(N-)

. 2
nents according to formula 6y = N—_qu’ Neg,y -

(6) Calculate T? statistic of the selected &, sensi-
tive kernel principal components, which is represented
by 7%(q) . If T?(¢) < 8%, goto Sep (). If T?(q) = 67,
thereisafault in process.

3.3 Simulationsand application

3.3.1 Application in the simple system

Process monitoring approach based on sensitive
kernel principal component is applied in the simple
system with three variables. Fig. 3 shows RTl2 and

cumulative probability density of R for the first

kernel principal component as example, the control
limits léL of 20 kernel principal components and the
threshold /. of R,. on the normal operating condi-

tion. The control limits /5, of 20 kernel principal

components are corresponding to 99% area of their
density functions, and the threshold /., of R,. is3L.74

for this simple process.

In the simple system, Disturbance 1 is employed
to demonstrate the online monitoring performance of
SKPCA model to compare with KPCA model. The

eigenvalues of normal sample data and R_r; of each
kernel principal components are shown in Fig. 4 when

Disturbance 1 occurs. The first 3 kernel principal
components correspond to larger eigenvalues while

the 77 dtatistic of the 9th, 16th, 17th and 19th kernel

principal component change more remarkably when
Fault 2 occurs.

The monitoring performance of Disturbance 1 in
the smple system using SKPCA is shown in Fig. 5.

The first subfigure describes R_Tkzmax, designated as

the maximum value of change rate of 77 (R7*™) for
convenient. The last two subfigures are the monitoring
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performance using SKPCA. SKPC 72 and SKPC dspe
are T statistic and dsee Statistic calculated using sen-
sitive kernel principal components according to Egs.
(15)-(18) with ¢ sensitive kernel principal compo-
nents presented in Section 2.2. Fig. 5 shows that Dis-
turbances 1 and 2 can be detected successfully and
timely by 72 statistic using SKPCA model. Compared
with the results in Fig. 1, it is clear that SKPC 72 de-
tects Disturbances 1 and 2 much earlier than KPCA.

3.3.2 Application in TE process

TE process is a benchmark problem in chemical
process engineering. Downs and Vogel presented this
particular process at an AIChE meeting in 1990s as a
plant-wide control problem [28]. This simulator of Ten-
nessee Eastman process consists of five maor unit
operations. a reactor, a product condenser, a vapor-
liquid separator, a recycle compressor and a product
stripper. Two products are produced by two simulta-
neous gas-liquid exothermic reactions, and a byproduct

is from two additional exothermic reactions. The
process has 12 manipulated variables, 22 continuous
process measurements and 19 compositions. The simu-
lator can generate 21 types of different faults. All the
process measurements include Gaussian noise. Once
the fault enters the process, it affects amost al state
variables in the process [29, 30]. The control scheme
for the Tennessee Eastman processis shown in Fig. 6.

Monitoring performance of Faults 11 and 14 in TE
process based on sensitive kernel principal components
are shown in Figs. 7 and 8. In TE process, Fault 11
involves a step change in inlet temperature of reactor
cooling water and Fault 14 is the sticking of reactor
cooling water valve. Both faults enter the process at
the 161th sample point. Fig. 7 shows the change rate
of 777 of the two faults at the 163th sample point, the
4th, 35th, 39th, 43th, 45th and 51th components are
the sensitive kernel principal components of Fault 11,
and the 32th, 35th, 39th, 43th, 44th and 58th compo-
nents are the sensitive kernel principa components of
Fault 14.
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Figure8 Monitoring performance of Faults 11 (a) and 14 (b) using KPCA and SKPCA models

Figure 8 presents the monitoring performance
based on KPCA and SKPCA models and reveals that
the 7?2 statistic of the sensitive kernel principal com-
ponents can detect the faults successfully and timely.
When Fault 11 occurs, T2 with SKPC presents a large
jump and is more than the threshold. The result indicates
that there is a fault in process. When Fault 14 occurs,

both SKPC 72 statistic and SKPC dspe Statistic can
detect the fault successfully, showing better monitor-
ing performance than that in KPCA model.

T? statistic is an important statistic when making
a judgment for the process state. Process monitoring
based on SKPCA takes the information of fault into
account timely and can catch the largest variation in
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process, improving the fault detection performance of
T? statistic significantly. Once a fault is detected, the
next step is to determine the cause of the out-of-control
status. The task of fault diagnosisis rather challenging
when the number of process variables is large and the
process is highly integrated. The sensitive kernel prin-
cipal components contain alarge amount of information
of the coming fault, providing a novel approach for
fault diagnosis, though more work is needed.

4 CONCLUSIONS

Since KPCA model can not detect some faults ef-
ficiently, the behavior of 72 statistic and the monitor-
ing performance are anayzed to find the cause. In
order to improve the online monitoring performance,
process monitoring based on sensitive kernel principal
components is proposed. SKPCA examines T2 statis-
tic of each kernel principal component and searches
the most sensitive kernel principal components of
fault in feature space, which is applied to determine
whether there is a fault in process or not. The novel
modeling method is applied to online monitoring of a
simple process and TE process. Compared with the
classical KPCA models, the monitoring performance of
SKPCA is improved. Future work will be focused on
fault diagnosis based on SKPCA. The sensitive kernel
principal components contain more information of
some faults, may represent the fault character and
provide significant information to facilitate process
fault diagnosis.

NOMENCLATURE
cr covariance matrix in feature space
c smoothing parameter
el,e2ande3  independent noise variables
f’ kernel estimator
g weighting parameter
h degree of freedom
K kernel function
K kernel matrix
Iet maximum value of %
ik control limit of each component of R, .
R maximum value of change rate of 7,2
m number of variables
n number of observations
P number of principal components retained
q number of sensitive kernel principal components
R. changerate of 7;2 on the ith sample point
R mean value of R.
FeeR cumulative contribution rate
K sample number in the simple process

T? T? statistic corresponding to the kth component

¢ mean value of 7,7 based on anormal sample

t principal component

v eigenvector of covariance matrix

a eigenvector of kernel matrix

y level of significance

87 control limit of 7° statistic

At diagonal matrix of the inverse of eigenvalues

A eigenvaue of covariance matrix

D(+) nonlinear mapping function

X process sample set
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