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Abstract: In this paper a new algorithm for adaptive kernel principahponent analysis (AKPCA) is proposed for dynamic process
monitoring. The proposed AKPCA algorithm combine two ergtalgorithms, the recursive weighted PCA (RWPCA) and tloging
window kernel PCA algorithms. For fault detection and isola, a set of structured residuals is generated by usingtapaKPCA
models. Each partial AKPCA model is performed on subsetsio@bsles. The structured residuals are utilized in conmgpan isolation
scheme, according to a properly designed incidence mathg. results for applying this algorithm on the nonlineardirarying
processes of the Tennessee Eastman shows its feasibdigdaantageous performances.
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1 Introduction window slides along the data, a new process model is
generated by including the newest sample and excluding
fthe oldest one. Recursive techniques, on the other hand,

Engineers are often confronted with the problem o date th del f . ing dat t that
extracting information about poorly-known processes.lJp ate the model for an €ever increasing data set tha

from data [I. Recently, with the development of includes new samples without discarding old ones. It
measurement and data storage equipment, it is strongl ffers efﬂuent computation by updating the process
required to use multivariate statistical method for ngl using the previous model rathef than completely
extracting useful information from a large amount of building it from the original data. Recursive PCA (RPCA)

process data]. Principal Component Analysis (PCA) is allows older samples to be discarded in favor of newer

a multivariate statistical method that can be used for®€S that are more representative of the current process

process monitoring. The basic strategy of PCA is topperation. Wold et al 31] and Gallagher et al 29

extracts linear structure from high dimensional data bylntroduced the use of expongntially V\(eighted moying
finding new principal axes. PCA divides data average (EWMA), - exponentially weighted moving

: : : : : i EWMC), and exponentially weighted moving
systematically into two parts, the first part is the data with covariance ( o X :
wide variation and the second part is the data with theP A (EWM-PCA). This is achieved by updating the

least variance, which is noisy. A major limitation of PCA ﬁ:g;gsfer?:rﬂgl ba(;cc?r?mgz gmaela\t;\?zenThae nzvgt Veef:tt% rrsogf
based monitoring is that the model, once built from the u val : past v

data. is time invariant. while most real industrial PFOCESS measurements are then exponentially weighted in

processes are time varying. The time varyingtime SO that. the influence of the most recent
characteristics of industrial processes include: (i) ¢jesn measurements is the greatest.
in the mean, (i) changes in the variance, and (iii) changes In some complicated cases in industrial processes
in the correlation structure among variables, includingwith particular nonlinear characteristics, PCA performs
changes in the number of significant principal poorly due to its assumption that the process data are
components (PCs). linear. Principal Component Analysis is in its nature a
To address the challenge, several adaptive PCAinear transformation, which degrades its performance for
schemes have been propose®D 13]. The principle  handling non linear systems. To cope with this problem,
behind the moving window (MW) is well known. As the several non linear extensions of PCA have been
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developed, which allows extracting both linear and nonprocess are presented in section 5. Finally, conclusions
linear correlation among process variables. An elegangre given in section 6.

and one of the most widely used non linear generalization

of the linear PCA is the kernel principal component

analysis (KPCA), which was proposed in 1998 by 2 Preliminaries

Scholkopf et al. in 3] and first employed as a monitoring

tool by Lee et al. in 14]. It has the following advantages 2.1 Principal Component Analysis (PCA)

over previous versions of nonlinear PCA: (i) unlike
nonlinear PCA methods based on neural networks, it doe
not include the determination of the number of nodes,
layers and approximation for the nonlinear function. (ii)

PCA is a powerful dimension-reducing technique. It
produces new variables that are uncorrelated with each

) . - VY other and are linear combinations of original variables
kernel PCA does not involve a nonlinear optimization

. [6]. Let X represent &Nxm matrix of data. PCA is an
procedure. Despite recently reported KPCA-based,niima| factorization ofX into matrix T (principal
monitoring applications, the following problems arise : componentdx 1) andP (loadingsmx| ) plus a matrix of
the monitoring model is fixed which may produce false residualsE (Nxm).
alarms if the process is naturally time-varying, and the
fault isolation step is a much more difficult problem in X=TP'+E 1)
nonlinear PCA than in linear PCA8]9]. The first
problem has been addressed by a recursive KPCA Wwhere | is the number of factorl < m). The
formulation to overcome the same problems of the linearEuclidean norm of the residual matri€ must be
case, presented in the previous paragraph. minimized for a given number of factors. This criterion is

The kernel PCA method based process monitoringsat'Sf'ed when the columns oP are eigenvectors

have recently shown to be very effective for online corresponding to thel largest eiggnvalues Of. the
monitoring nonlinear processes. Similar to the linear casetovariance matrr]|qx oK. PCA can be_ viewed asla linear
two methods are presented in the literature for nonlineaf2PPINg fromi™ to a !ower dimensional spacg'. The
adaptive process monitoring. As the moving window mapping has the form:

kernel PCA (MWKPCA) and the recursive kernel PCA t=pTX )
(RKPCA) approaches, where, little research have been

presented on this issue. A variable moving window kernel  \yhen using linear PCA the variables involved should
PCA scheme is presented by Khediri et al. Ii][ This  pe jinearly correlated. If they are correlated nonlinetrly

method is then applied in a monitoring procedure with ajs more powerful to use the nonlinear principal component
variable window size model that can provide a flexible gnalysis (NLPCA) for data modeling.9].

control strategy. Recursive kernel PCA algorithm is
presented by Liu et al. inlf], the proposed technique

incorporates an up-and down-dating procedure to adapé 2 Kernel PCA (KPCA)
the data mean and covariance matrix in the feature space.”

In this work, a new adaptive kernel principal As a nonlinear extension of PCA, kernel PCA was
component analysis (AKPCA) algorithm is introduced to proposed in 5] to generalize PCA to the nonlinear case
monitor and diagnose nonlinear dynamic systems. Theyy nonlinearly mapping input samples to a higher or
AKPCA algorithm allow to update recursively the kernel infinite dimensional feature spageand performing PCA
PCA model and its corresponding control limits for there. The feature spade is nonlinearly transformed
monitoring statistics. The basic idea of the proposedfrom input space and implicitly defined by a kernel
algorithm refers to a paradigm where, at each timefunction. However, unlike other forms of nonlinear PCA,
instant, a new observation is available, and the covariancéne implementation of kernel PCA relies on linear
matrix in the feature space (Gram matrix) need to bealgebra. We may therefore think of kernel PCA as a
recursively updated according to the newly available datanatural extension of ordinary PCA.

The adaptive KPCA algorithm update the covariance Let vector®(X;) denote the image of an input vector
matrix in the feature space with the degree of change inX;) induced in a feature space defined by the nonlinear
the operating process, which depend on the magnitude ahap : @ : R™ — R™, whereny is the dimensionality of
the forgetting factor. the input space antl is the dimensionality of the feature

The paper is organized as follows : In section 2 linearsPace. Given the set of examplgX;}{',, where the a
principal component analysis and kernel principal corresponding set of feature vector§®@ (X} ;.
component analysis are presented. Section 3 gives théccordingly, we may define amy — by — my correlation
adaptive version of the proposed KPCA approach.matrix in the feature space, denotedRyas follows :
Section 4 gives the residual generation based on the
AKPCA for fault detection and isolation. Results of R—

1 T
simulation studies performed on the Tennessee Eastman Ni PP X) 3)

Mz
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As with ordinary PCA, the first thing we have to do is
to ensure that the set of feature vectpgs X} ; has zero

mean :
1 N
N D P00 = @

Kernel principal component analysis method have
recently shown to be very effective for monitoring
nonlinear processes. However, their performance largely
depend on the kernel function and currently there is no
general rule for kernel selection. Existing methods simply
choose the kernel function empirically or experimentally

To satisfy this condition in the features space is afrom a given set of candidates. The kernel function plays
more difficult proposition than it is in the input space. A a central role in KPCA, and a poor kernel choice may

principal componenv is then computed by solving the
eigenvalue problem :

Ri=Ag (5)

whereA is an eigenvalue of the correlation matfbandd’

is the associated eigenvector. Now we note that all

eigenvectors that satisfy Eq.(5) fﬁr;«é 0 lie in the span
of the set of feature vectogp(X; }".

(6)

Thus substituting Eq.(3) and Eq.(6) into (5), we obtain :

N N _ N
3 3 a®OOKXX) =NA 5 oy @) (7)
1I=1]=

=1

WhereK (X, X;) is an inner-product kernel defined in
terms of the feature vectors by :

K (X, X)) = @T (%) ®(X)) (8)

lead to significantly impaired performance20[21].
Regarding the kernel functions, they can be chosen for
instance as follows:

e Polynomial kernel,

K(%,X;) = (%%} +1)4 (13)
whered is a positive integer;
e Radial basisfunction (RBF),
2
K(x,xj) = exp(— ||% —xj||“ /26?) (14)

where 22 =w is the width of the Gaussian kernel.

The above kernel functions give similar results if
appropriate parameters are chosen. The radial basis
function may present advantages owing to its flexibility in
choosing the associated parameter. For instance, the width
of the Gaussian kernel can be very sniatl 1) or quite
large [7].

A major limitation of KPCA-based monitoring is that
the KPCA model, once built from the data, is
time-invariant, while most real industrial processes are
time-varying. The time-varying characteristics of
industrial processes include: (i) changes in the cor@iati

We need to go one step further with Eq.(7) so that thestructure among variables, (i) including changes in the
relationship is expressed entirely in terms of the number of significant principal components (PCs). When
inner-product kernel. To do so, we pre-multiply both sidesa time-invariant KPCA model is used to monitor

of Eq.(7) by the transposed vect®r (Xy).

N N

N
3 3 GKOXIKEGX) =N 5 0K (X)) (©)
i=1j= =1

Accordingly, we my recast Eq.(9) in the compact

matrix form :

K2a ~ NAKa (10)

processes with the aforementioned normal changes, false
alarms often result, which significantly compromise the
reliability of the monitoring system.

3 Adaptive Kernel PCA (AKPCA)
When the process operating condition change either,

gradually or abruptly, the covariance matrix will not be
constant and will need to be updated. In the existing

All solution of this eigenvalue problem that are of interest recursive methods, only linear methods were proposed
are equally well represented in the simpler eigenvalug23,24,25,26]. Because the kernel function is unknown, it

problem :

Ka =NAa (11)

Where the coefficient vectoo plays the role of the
eigenvector associated with the eigenvaluef the kernel

matrix K. For extraction of principal components, we

need to compute the projection onto the eigenvedapns ~
feature space, as shown by :

N N

Zak,jcb(x,-)cp(X) =_Zlak7jK(XjaX) (12)

G’ P(X) =

is difficult to describe the nonlinear dynamic data
structure. Moving Window PCA (MWPCA) as in28,
24], and Exponentially Weighted PCA (EWPCA) as in
[25 are two representative adaptive PCA methods.
Similar to the linear case, in the moving window kernel
PCA algorithm, a data window of fixed length is moved
in real time to update the kernel PCA model once a new
normal sample is available (see Figure 01).

In [11], the study proposes a variable window
real-time monitoring system based on a fast block
adaptive KPCA scheme. On the other hand, Li et al in
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= Similarly, the forgetting factorf for updating the
SRRy covariance (or correlation) matrix is given by:

—_— IAR_1]|
- i i R = — — B ) |1—exp —k(XE=2220yn
] B = Bax—(Bmax— Prmin) | 1= exp(—K( {72 ="1)")
o : - - , '
:r_:u ;Step size; Window size Where 0min, Omax, Bmin» Bmax &ré the maximum and

n : g minimum forgetting value, respectivel)k and n are
: ; function parameters, anfiAx|| is the Euclidean vector

norm of the difference between two consecutive mean
vectors or covariance (correlation) matrix. He@nor||
is the average{lAx|| obtained using historical data.
1 e : The proposed AKPCA algorithm combine the
.......... S B i et e MWKPCA and the recursive WPCA algorithms to update
AT S A A A R (L S B online the kernel PCA model and its corresponding

Time control limits. Similarly to the linear case, the covarianc
matrix in the feature space (gram matrix) is updated as in
the equation (15), and the forgetting factors are calcdlate
according to the equation (17). The gram matrix is
updated with the degree of change in the model structure
being dependent on the magnitude of the forgetting
[27] introduced a new recursive PCA technique. In this factors P2]. The proposed adaptive kernel PCA algorithm
work, we present the same development of WPCAuses the same procedure developed in the linear case of
approach and adapt it in the feature space, nonlineaddaptive PCA and adapt it in the feature space of the
adaptive KPCA. However, the updating rule of the KPCA. The main idea and the core of the proposed
covariance matrix for the linear cagx™ X); is carried  algorithm is described in the algorithm 1.
out as follows :

Fig. 1: MWKPCA

4 Fault Isolation and Control Chart
(XTX)=AX"X)e14+(1=A)(X"x)y  (15)
4.1 Control Chart (SPE)

Here the scaling of the new online vector of processror slowly time-varying processes, the confidence limits
measurements by the factor(1—A) is more in keeping  for the detection indices will change with time, making
with the traditional multivariate exponentially weighted adaptation of these limits necessary for online
moving average control chart. An important issue in monitoring. A complete implementation of AKPCA also
EWPCA is the choice of the weighting factor. The requires recursive determination of the number of
weighting factor determines the influence that the oldersignificant principal components. In this study, the
data has on the model. The most model updatingcumulative percent variance (CPV) method is used, which
approaches have used an empirical constant forgettintlas been usually applied for the determination of the
factor. number of principal component (PCs) retained in the

When the process changes rapidly, the updating raténodel. The CPV is a measure of the percent variance
should be high, whereas when the change is slow and thuexplained by the first PC[:
the essential process information is valid for a long

period, it should be low. However, it is likely that the rate nzpc)\i

of process change or variation in real processes vary with _iz1 o

time. Choi et al in 13] for the linear case propose a new CPV(flpo) = Ty x 100% (20)
algorithm to adapt the forgetting factor. In this algorithm 3 A

. =1
two forgetting parameters andf are used to update the '

sample mean vector and covariance (or correlationyvhere A is the eigenvalue for each eigenvector. The
matrix, respectively. The forgetting factor for updating ~ humber of PCs is chosen such that CPV reaches a

the mean vector is calculated as: predetermined value, e.g. 95%. ) o
The SPE (squared prediction error) is a statistic that

measures the lack of fit of the KPCA model to the data in
the feature space. It is a measure of the amount of variation
not captured by the principal component model. BiRE
indicate the extent to which each sample conforms to the
KPCA model.

Am_
or
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Algorithm 1 Adaptive kernel PCA algorithm

1. Off-line Learning : Therefore, SPE in feature spdegs defined as
(2)Given an initial standardized block of training datd, se n b
PC numbers and kernel parameter. B SPE= |l®(x) — Po(x 2 _ t2_ ¥ 12 22
(b)Construct the kernel matrik and scale itkg). 100~ Pe(x)| ng ! 121 ! (22)

(c)Estimate the initial KPCA model (the eigen values and

vectors of theko). o ~ wheren is the number of nonzero eigenvalues. The
(d)Calculate the initial control limit of the monitoring  ~gnfidence limit for theSPE can be computed from its

statistic. approximate distribution:
2.0n-lineLearning and monitoring :
(2)Obtain the next testing sample x, calculate the PC SPE, ~ an% (23)
numbers and kernel parameter. . .
(b)Computekhewand scale itK). whereq is the confidence levey= b/2aandh = 2a2/b,
(c)ProjectK into KPCA to obtaink. aandb are the estimated mean and variance ofSR&

(d)Calculate the monitoring statistic.

(e)TestifSPE < The control limit; the testing sample is not 4.2 Fault Diagnosis Based on The Structured
an outlier and the system operate properly, go to step 3.

Otherwise, consider the current condition to be abnormaI'R(:f'SidLlal Approach
and go to step 2.

3.If updating condition is satisfied, do: When a faulty condition is detected, one needs to

(a)Calculate the adaptive gram matrix. determine the root cause of this prOblem. AKPCA is used

_ _ in monitoring, its performed on the full data set. The sum
K = At x Ki—1+ (1= Ap) x Kt (18)  of squared residuals can be used as a metric in detecting

. . . faults. However, there is no indication of the location of

WhereA, is a flexible forgetting factor. the fault [L8. The partial AKPCA is an AKPCA

performed on reduced vector, where some variable in the
At = Amax— (Amax— Amin)[1 — exp(—R(|AR]) )]) data are left out. When data is evaluated against a

(19) properly designed partial AKPCA subspace, the residual
Amin = 0.9, Amax= 0.99, || AR || is the Euclidean vector Will only be sensitive to faults associated with the
norm of the difference between two consecutive gram variables that are present in the reduced vector. Faults
matrix and the paramet&rcontrol the sensitivity of the ~ associated with variables eliminated from the partial
change ink;. AKPCA will leave the residuals within the nominal
(b)Find the number of principal componerits. thresholds. With the selectivity of partial AKPCA to
(c)Update the KPCA model: calculate the new eigenvaluessubsets of faults, it is possible to design an incidence
and vectors of the new covariance matrix in the feature matrix for a set of such partial AKPCAs, resulting in a

space (gram matrix). structure with same fault isolation properties as parity
(d)Update the forgetting factd. relations (show figure 2).
(e)Recalculate the monitoring statistics and the
corresponding controls limits. The procedure for structuring the residuals is as follow
(HReturn to step 2. [12:
—Perform a standard AKPCA to determine the number
of relationsm,
—Construct a matrix of incidence strongly isolable
The calculation procedure of the detection inXE (matrix of theoretical signatures),
in KPCA method is clearly presented ih7]. First, for an —Construct a group of partial adaptive kernel PCA
observation vector, KPCA performs a nonlinear mapping models, according to the incidence matrix,
®(-) from an input spacé¢Stefd). Then, a linear PCA is —Determine the thresholds beyond which abnormality is

performed in this high dimensional space, which givesrise  indicated.
to score vectot in a lowerp dimensional spacéSte2).

In order to compute SPE in feature space, we need to  After the structured partial KPCA subspace set is
reconstruct a feature vectdr(x) fromt. This is done by ~ obtained, it can be used in on-line monitoring and fault
projectingt into the feature space via eigenvectms isolation. New observation a.r-e evaluated agalnst the
(Steg8). Thus, the reconstructed feature vector can bestructured set as follows (show figure 3):

written as : L . -
The localization test can be done online, for each time:

p . .
- . - —Run the observed data against each partial AKPCA
Pp(x) = i;t'v' (1) subspace and compute the residuals,
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Data 1

.| Partial | AkPcA1 (ol 5.1 Tennessee Eastman Process (TEP) data

The TEP was developed by Downs and Vogel of the

“Partial Eastman Company to provide a realistic simulation for
Partial

| Data2 ArRCAZ evaluating process control and monitoring methods. It has
ormal bata become perhaps the most important and commonly used

benchmark simulation for the development of plant-wide

Partial | AKPCAq m control. There are five major units in TEP simulation (as

Dataq shown in (fig.04)) a reactor, separator, stripper, condense

A and a compressor. The process has 12 manipulated
variables, 22 continuous process measurements, and 19
Incidence composition measurements sampled less frequeftly [
Corresponding to different production rates, there are six

modes of process operation.
Fig. 2: The modeling procedure of structured partial AKPCA

__,| Partial
Data 1

Partial

: model 2, SPE 2 R2 :
Data 2 || |
New data ! !

Partial
Dataq): !
A APKPCA; }

Stripper

o>

\ Madel

-----
v

E,; H
@

Incidence column match

,,,,,,,,,,,,,,,,, Feed 4/BIC s Product

Matrix

Fig. 4: Tennessee Eastman Process
Fig. 3: The fault isolation procedure by structured partial
AKPCA.

5.2 Simulation results

—Compare the indices to appropriate thresholds andrne Tennessee Eastman process was run for 1/2 hours,
from the fault codé;; according 05 = 0 if and we collected 600 samples from 16 measurements
SPE < control limit()) and, (show Table 1). An important issue concerning the
Si = 1if SPE > control limit(i), o proposed adaptive monitoring technique is to evaluate it

—Compare the fault code to the columns of the incidenceyith respect to most current KPCA process control
matrix to arrive at an isolation decision. strategies. Analysis of monitoring performances for the

different adaptive approaches AKPCA can be reported by

) using the false alarm rate and the detection rate criterion.

5 Experimental part The first criteria gives information about the robustness of

the adopted method against normal system changes whilst
In this section, in order to investigate the potential the second criteria gives information about the sensjtivit
application of AKPCA method, it was applied to online and efficiency of detecting faults.
monitoring in the simulation benchmark of Tenesses In this study we propose, to compare performances of
Estman and the monitoring performance of AKPCA wasthe proposed Adaptive KPCA (flexible forgetting factor)
compared with the MWKPCA algorithm proposed by Liu with Moving Window KPCA (MWKPCA) of Liu et al.
etalin [15]. [15], and the proposed adaptive KPCA with different fixed
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N°var variables

1 A feed o
2 Reactor temperature 1
3 E feed A i |
4 Aand C feed R ‘
5 Recycle flow L o | 2 i
6 Reactor feed rate S S | 11 O I A i 31 | ‘?""‘. '
7 D feed ;:;:\xg ST A ,1, .r\ SR ;};ﬂlwﬂ *
8 Purge rate ] ? ”1 I "\ « ! ” O
9 Product separator temperature hL
10 Product separator pressure o b u
11 Product separator under flow
12 Stripper pressure
13 Stripper temperature
14 Stripper steam flow
15 Reactor cooling water outlet temperature -
16 Separator cooling water outlet temperatyre

Table 1: The measurements used for monitoring

| \‘H‘H,‘\‘ \H\“‘
I

Fig. 5: SPE PCA with fixedFig. 6: SPE KPCA with fixed

model.

values of forgetting factor. Firstly, for the value of the

and Park B1], which proposes to selec = C x Averd,

L L L L n L . L
0 a0 50 60 0 10 m 0 0 0

model.

0.6

0.4

0.2

o

Fig. 8: Evolution the SPE AKPCA with fixed forgetting factor
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Fig. 9: Evolution the SPE AKPCA with fixed forgetting factor
radial kernel function is tuned based on the method of Parlg.95

whereAverdis the mean distance between all observations

in feature space an@ is a predetermined value. In this =«
study, theC value is set to be equal to the square root of..

the number of process variables.

The first 100 samples were utilized to build the initial
PCA and KPCA models, and the adaptive monitoring is”"
started using forgetting factor combined with a Moving
Window, the size of this Moving window is 70 samples. -
The proposed AKPCA algorithm is used to monitor
online the TEP system. We use the parameters describe
earlier in the algorithm. For the forgetting factor, we
choose these values of parametersimax = 0.99,

)\min = 09, k:005

In the identification step of the APCA model, the

1
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Fig. 10: Evolution the SPE AKPCA with fixed forgetting factor

0.97

number of significant PCs is selected by using CPV
method, such that the variance explained is approximately
95% of the total variance (see Fig. 13). Thus, for greater
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Fig. 11: Evolution the SPE Adaptive kernel PCA
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Fig. 12: The flexible forgetting

factor. Fig. 13: Number of principal

components.

flexibility to adapting with the evolution of the system, an

adaptive forgetting factor is used to update the covarianceg
matrix in the feature space in real time according to the

change of the system (shows in Fig.12).
In order to show that Batch PCA and KPCA models

means according to equation (19) in the adaptive
algorithm KPCA that:

K = A x K1+ (1= A) x Ky (24)

K =0.9% K_1+0.1x K (25)

The adaptive model of AKPCA takes 10% of its
information from the new window and 90% of its
information from the previous window. The robustness is
related to the way the window is moving. If the moving
window collect simple wise, the problem is less serious,
but when the window is updated with block wise where
the KMWPCA model undergoes an abrupt changes in a
more or less rapid system, it will generate a very high rate
of false alarms, and sometimes even instability and
divergence of detection index (Q statistics) comparing
with control threshold. Our algorithm adapts to this
problem by the introduction of old information of the
system using the forgetting factor in the moving window.
This will result in a better adaptation to abrupt changes of
the systems and hence a good robustness to false alarms.

T
AKPCA
AKPCA with fixed forgetting factor = 0.9
AKPCA with fixed forgetting factor = 0.95

AKPCA with fixed forgetting factor = 0.971
= MWKPCA

—
=

hreshold 95%)

are not appropriate for monitoring of non-stationary
processes, Fig. 5 and Fig. 6 show monitoring
performances of both methods when the process i<¢
operating under normal condition. The false alarm rate
provided by PCA and KPCA approaches is undesirable.
In this case the detection index SPE PCA and SPE KPC#
shows that the system is faulty, knowing that the system
works properly in this simulation part. The analysis of the
detection performance of these methods is not performec
since these control charts are not adequate for monitoring,
of non-stationary processes. However, as shown in (Fig.
7,8,9,10 and 11) and in contrast to the fixed models,
applying adaptive PCA based control charts to the same
data set, allows better capabilities of adaptation to the

te of false alarm

Size of moving window

Fig. 14: Rate of false alarms (threshold 95%)

nonlinear non-stationary behavior of the process.
Figure. 7 shows that the MWKPCA is less robust to

Fig. 12 and Fig. 13 show the evolution of the flexible
forgetting factor and the number of principal component
PCs with the degree of change in the system, respectively.

false alarms. Where as AKPCA using forgetting factor is For better representation, Figures 14 and 15 show a
more robust to false alarms. Figures 8, 9, 10 and 11 showgraphical representation of the rate false alarms evalutio
that bigger forgetting factors result in a more robustnesswith different value of thresholds and different moving
to false alarms. For example a forgetting factor of 0.9window size. The figures show that the adaptive KPCA
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Fig. 15: Rate of false alarms (threshold 99%)

(with flexible forgetting factor) and the adaptive KPCA
with different value of forgetting factor are more robust to
false alarms than the movmg window kernel PCA

method. This robustness is the outcome of the previouslh .

observation, which is considered in the new built model.
A fault affecting the variable; is simulated between

samples 500 and 600 with the magnitude of 35% of the
range of variation of the reactor temperature sensor : ST

which is represented with the variabtg. Control limits
are calculated at the confidence level 95%.

2.5

151
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Fig. 16: Evolution the SPE Moving Window Kernel PCA

After time point k = 500, it is found that the

monitoring indices continuously exceed their thresholds,
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. 17: Evolution the SPE AKPCA with fixed forgetting factor
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Fig. 18: Evolution the SPE AKPCA with fixed forgetting factor
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Fig. 19: Evolution the SPE AKPCA with fixed forgetting factor
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Fig. 20: Evolution the SPE Adaptive kernel PCA

which indicates a fault has been successfully detected
(show figures 16-20). Consequently, the model updating

is terminated.
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T
10 AKPCA H |
AKPCA with fixed forgetting factor = 0.9 T SPE1 ! il
AKPCA with fixed forgetting factor = 0.95 wel | |
i AKPCA with fixed forgetting factor = 0.97[1
—H— MWKPCA
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Fig. 21: Rate of successfully detection with a magnitude of the
fault = 30% o

Figure 21 show a graphical representation of the rate il S WWW
of successfully detection with different value of moving P |

window size. There is clear in the figure that if the size of

the moving window is small, the sensitivity of fault .
detection is greater. Thus that, the adaptive kernel PCA
algorithms have more sensitivity of fault detection than

the moving window PCA algorithm if the moving .
window size is greater than 60 samples.

5.3 On-line fault isolation case o

When a faulty condition is detected, we need to determine

the root cause of this problem. The adaptive partial kerne

PCA method is used to diagnose the provenance of thi .
faulty. This technique allows the structuring of the
residuals by building a set of models, so that each mode
is sensitive to certain variables and insensitive to others
The models are built according to the following incident
matrix (Table 2 which is the table of theoretical
signatures).

In this approach, we built 16 models of KPCA. Each
model is insensitive to (06) variables (sensors or
actuators) as it is illustrated in the table of theoretical
signatures which shows the structuring of the choser
models. Figures 23 and 24 shows the evolution of the
experimental signatures when a default is introduced to

the variables (sensor/actuator) of the system. Therig. 22: Evolutions of SPE corresponding to the first Eight
different partial AKPCA models.
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Partialmodels| X1 | Xo | X3 | Xa | X5 | Xg | X7 | Xg | X9 | X10 | X211 | X122 | X13 | X114 | X15 | X16
SPR 0 00| O 0 0| x X X X X X X X X X
SPE X 00| O 0 0| 0| x X X X X X X X X
SPEK X X 0] 0 0 0] 0 0| x X X X X X X X
SPE X X X 0 0 0] 0 0 0 X X X X X X X
SPEK X | X | x| x|O0O|O0O]O|]O0]O 0 X X X X X X
SPE X | X | x| x| x| 0]0O|]0]O 0 0 X X X X X
SPE X X X X X X 0 0 0 0 0 0 X X X X
SPK X X X X X X X 0 0 0 0 0 0 X X X
SPH X X X X X X X X 0 0 0 0 0 0 X X
SPEg X | X | x| x| x| x| x| x| X 0 0 0 0 0 0 X
SPE; X X X X X X X X X X 0 0 0 0 0 0
SPE>» 0| x X X X X X X X X X 0 0 0 0 0
SPE3 0 0 | x X X X X X X X X X 0 0 0 0
SPE4 0 0| 0| x X X X X X X X X X 0 0 0
SPEs 0 0| 0| 0] x X X X X X X X X X 0 0
SPEg 0 00| O 0| x X X X X X X X X X 0

Table 2: Table of theoretical signatures

experimental signature is obtained after codifying the [5] Zhigiang Ge, Chunjie Yang, Zhihuan Song. Improved kérne
residual. Where exceeding the threshold of detection is PCA-based monitoring approach for nonlinear processes.
represented by 1, and less than the threshold is Chemical Engineering Science, vol. 64, pp. 2245-2255,
represented by 0. This gives the following experimental ~ 2009.

sighature (0011111111110000). This signature [6] Tian Xuemin, Deng Xiaogang. A Fault Detection Method
is identical to the second column in the theoretical table,  Using Multi-Scale Kernel Principal Component Analysis.

which means that the suspect variable (sensor/actuator) is Proceedings of the 27th Chinese Control Conference, July
Xo. 16-18, Kunming,Yunnan, China, 2008.

[7] Viet Ha Nguyen, Jean-Claude Golinval. Fault detection
based on Kernel Principal Component Analysis.
Engineering Structures, vol. 32, pp. 3683 - 3691, 2010.

[8] Zhenhua Mao, Yuhong Zhao, Lifang Zhou. A Flexible

In thi K dantive k | PCA algorithm i Principle Component Analysis Method for Process
n this work, a new a aptive keme . algorithm Is Monitoring. Fourth International Conference on Natural
proposed for dynamic process modeling. The proposed Computation, China,2008.

AKPCA model is then performed on subsets of variables [9] Ayech Nabil, Chakour Chouaib, Harkat M.Faouzi. New
to generate a structured residuals for sensor and actuator -~ 4qaptive moving window PCA for process monitoring.
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