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This article intends to address two drawbacks of the traditional principal component
analysis (PCA)-based monitoring method: (1) nonprobabilistic; (2) single operation
mode assumption. On the basis of the monitoring framework of probabilistic PCA
(PPCA), a Bayesian regularization method is introduced for performance improvement,
through which the effective dimensionality of the latent variable can be determined
automatically. For monitoring processes with multiple operation modes, the Bayesian
regularization method is extended to its mixture form, thus a mixture Bayesian regula-
rization method of PPCA has been developed. To enhance the monitoring performance,
a novel probabilistic strategy has been proposed for result combination in different
operation modes. In addition, a new mode localization approach has also been devel-
oped, which can provide additional information and improve process comprehension
for the operation engineer. A numerical example and a real industrial application
case study have been used to evaluate the efficiency of the proposed method. © 2010
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Introduction

Along last several decades, multivariate statistical process
control (MSPC)-based methods such as principal component
analysis (PCA) and partial least squares (PLS) have gained
much attentions in the process monitoring area.'® However,
traditional MSPC-based monitoring methods have assumed
that process variables are linear, deterministic, normally dis-
tributed, and operated under single mode. In reality, those
restrictions can be easily violated. In other words, data
obtained from complex processes are not always linear,
Gaussian distributed, and they often performs through a ran-
dom manner. Besides, they may come from different opera-
tion conditions.

The main focus of this article is to address the following
two restrictions of the traditional method: (1) nonprobabilis-
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monitoring,

Bayesian regularization, principal

tic; (2) single operation mode assumption. To address the
random manner of the process data, the traditional PCA
method has been extended to the probabilistic PPCA
(PPCA),” which has recently been introduced for process
monitoring.® For monitoring processes with multiple opera-
tion conditions under the noisy environment, the PPCA-
based method has been extended to its mixture form.’™'?
However, there are several drawbacks of the (mixture)
PPCA-based methods. First, they cannot determine the effec-
tive principal component number automatically through the
modeling process. Second, the importance of each retained
principal component in the model structure cannot be easily
differentiated. Besides, singularity and over-fit problems may
be caused when the number of modeling data samples is
limited.

In fact, the selection of the latent variable dimensionality
can be termed as a model complexity problem, which can be
addressed by the Bayesian method. In the present article, a
Bayesian regularization of PCA (Bayesian PCA, BPCA) is
introduced, which was originally proposed by Bishop.'*
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Later, a more general modeling framework of the BPCA
algorithm has been proposed, in which different aspects
among the Bayesian model structure has been detailed, such
as the prior density function, the loss function, the model
rank, etc.” In this article, a special form of Bayesian PCA
has been used, which has a Gaussian prior. Depending on
the Bayesian method, the singularity and over-fit problems
can be alleviated. Through the introduction of a hyperpara-
meter in the model structure, BPCA can successfully control
the dimensionality of the latent variable space. Because of
the advantages of the BPCA method, it has been widely
used in different application areas, such as image processing,
pattern recognition, machine learning, etc.'® However, to our
best knowledge, the utilization of this method has not yet
been reported in the process monitoring area. Different from
the traditional PPCA method, BPCA can determine the
effective number of principal components automatically. Fur-
thermore, the importance of each principal component can
also be measured by the introduced hyperparameter.

However, when the process runs in multiple operation
modes, a single BPCA model may not function well. To this
end, the basic BPCA model is extended to its mixture form,
thus a mixture Bayesian regularization model of PPCA
(MBPCA) is constructed in this article. On the basis of the
developed MBPCA model, a corresponding multimode moni-
toring scheme can be formulated. For monitoring a new pro-
cess data sample, the traditional mixture PPCA method first
calculates its posterior probability in different operation
modes, then the sub-model with the largest posterior probabil-
ity value is selected for monitoring. However, when two or
several posterior probability values are comparative, the
model selection will be confused, which may decrease the
monitoring performance. To address this issue, this article
proposes a probabilistic combination strategy to enhance the
multimode monitoring performance. Precisely, a weighted
monitoring scheme is proposed, that is, the operation mode
with a higher posterior probability value will be given a larger
weight through the combination step. Therefore, the confused
model selection problem is avoided. Instead, all monitoring
results in different operation modes have been utilized to
make the final decision, which is more reliable. Besides,
another important aspect considered in this article is the mode
localization problem. Precisely, one may want to know the
mode information of the monitored data sample, thus which
operation mode it belongs to. Depending on the proposed
MBPCA-based monitoring approach, a new mode localization
approach is also developed, which can successfully locate the
monitored data sample to its correct operation mode.

In summary, contributions of the present article can be
given as follows: (1) The Bayesian regularization method of
PPCA is introduced for process monitoring; (2) A mixture
form of the Bayesian PCA method is developed for multi-
mode process monitoring; (3) A new probabilistic combina-
tion strategy is proposed for monitoring results integration in
different operation modes; (4) A new mode localization
approach is provided. The rest of this article is organized as
follows. In Section “PPCA-Based Method for Process Moni-
toring,” a brief description of the PPCA-based process moni-
toring method and its deficiency are given. Section ‘“Mixture
Bayesian Regularization of PPCA” provides a detailed dem-
onstration for the development of the mixture Bayesian regu-
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larization method of PPCA, which is followed by the formu-
lation of the corresponding multimode process monitoring
scheme in the next section. Two case studies are provided in
Section “Case Studies” to evaluate the efficiency of the pro-
posed method. Finally, some conclusions are made.

PPCA-Based Method for Process Monitoring

As a probabilistic counterpart of PCA, PPCA was first
proposed by Tipping and Bishop,7 and later adopted for pro-
cess monitoring purpose.8 Through a generative model struc-
ture, the formulation of PPCA can be given as:

x=Pt+e (1)

where x € R” represents the process variable, t € R* is the
latent variable, P € R"*F is the loading matrix, e € R" is a zero
mean white noise term with variance f7'I, thus p(e) =
N(eIO,,B’lI). In the PPCA model, the prior distribution of the
latent variable t is also assumed to be a Gaussian distribution
with zero mean and one variance p(t) = N(tl0,I). Therefore,
the marginal likelihood of x can be calculated as:

p(x[P,f) = /',,<x|t,p, Pp(t)dt @

For a given dataset X = (x{,X,...,X,,) of n data samples, P
and f§ can be determined by maximizing the following likeli-
hood function through a Expectation Maximization (EM)
algorithm

L(P,B) =In] [ p(xi|P, ) 3)
i=1

After the parameter set of PPCA has been determined, the
corresponding monitoring scheme can be developed. For a
new process data sample X, the latent variable of this
sample can be calculated as:

thew = QX,op, = PT(PPT 4+ 2) "Xy, 4)

The estimated variance of the latent variable is given in
Eq. 5, through which we can find that it has no relationship
with the current data sample Xpey-

var(tyew) = Q(PP” + X)Q" 6))

Therefore, the T? statistic can be constructed as:

T2 =t"  (var(tyew)) ' toew (6)

new new

Similarly, the SPE statistic can be constructed as:

SPEey = el (B7'T) epew )

where €,cw = Xpew—Ploew = (I—PQ)Xpey is the error term of
the new data sample. The control limits of both monitoring
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statistics can be determined by the X2 distribution with
appropriate dimensions of freedom, thus 7§ = 77, SPEjn, =
X%(m), where y is the significant level ®

It is noted that an important assumption of PPCA is that
the dimension of the latent variable k& is known beforehand.
In fact, if the number of process data samples is limited, the
selection of principal component number will become prob-
lematic. This is because the PPCA method itself does not
provide any mechanism to determine the effective latent
variable dimensionality. If there are not enough data samples
available for cross validation, it is difficult to determine this
important number. Therefore, it is desired that the number of
effective latent variables could be determined automatically
through the model development step, especially when train-
ing data samples are limited. Fortunately, this problem can
be well solved by the Bayesian regularization method, which
is elaborately demonstrated in the next section.

Mixture Bayesian Regularization of PPCA

This section first provides a Bayesian regularization
method for PPCA, which is termed as Bayesian PCA
(BPCA) in the present article. Through the Bayesian treat-
ment, the dimensionality of the latent variable space can be
determined automatically, which is controlled by a hyper-
parameter in the BPCA model. Then, the single BPCA
model is extended to its mixture form, based on which a
special multimode monitoring scheme is developed.

Bayesian regularization of PPCA

Depending on the probabilistic formulation of PPCA
defined in Eq. 1, the Bayesian treatment of PPCA can be
obtained by introducing a prior distribution over the loading
matrix P. Then, the posterior distribution of the loading ma-
trix p(PIX) can be calculated by multiplying the prior by the
likelihood function, whose logarithm is given in Eq. 3. To
implement the Bayesian PCA algorithm, the dimensionality of
the latent space is set to its maximum value d = m—1. Then,
a hyperparameter vector oo = {o,00,...04} is introduced to
control the dimensionality of the latent space. Though a con-
ditional Gaussian distribution, each hyperparameter controls
one column of the loading matrix P, which is defined as'*:

d o m/2 1 2
o) =TT (52) "ol -5olbl’}  ®

where p; is the ith column of the loading matrix p. Since each
o; controls the inverse variance of p;, if it has a large value, the
corresponding p; will tend to be very small, and would be
effectively removed from the latent space loading matrix. In
practice, a threshold value of o; can be set up for the selection
of the effective latent variable dimensionality.

To estimate an optimal value of P and 5, an EM algo-
rithm can also be developed. Thus, by maximizing P and f
in the log posterior distribution function given in Eq. 9, the
Bayesian regularization value of P and f can be obtained.

L PXP)p(P) 1R 2
lnp(P|X) = IHW_L_E;MIHPZH —“+const (9)
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where “const” represents a constant value. The EM algorithm
can be calculated as follows. In the E-step, the expected
sufficient statistics of the latent variable can be evaluated as:

E(t)x) = M 'P'x (10)
E(t [x) = g "M + E(Ex)E" (i[x)

where M = P’P + 7'I. The M-step then updates the model
parameters as:

n -1

P= [1271 x,-ET(E,-|x,-)} [ZE(E,E,TP(:) +p57'A

i=1

& m
= 11
Y (1n
ﬁ_ nm
L R T R AT A
S {xTx; — 2E7 (]x;)P' x; + TrE(i;t, |x;)P' P|}

i=1

where A = diag (o0 = 1,2,...,d) is a diagonal matrix, Tr(-) is
an operator for trace value calculation. Detailed derivation of
the EM algorithm is provided in Appendix A. Therefore, by
updating E-step and M-step until all of the parameters satisfy a
suitable convergence criterion, such as 10’4, the optimal
values of P and f§ can be determined.

Mixture Bayesian regularization of PPCA

When the process dataset comes from several different
operation modes, the single Bayesian PCA-based modeling
method is not sufficient. Hence, this subsection extends the
Bayesian regularization treatment of PPCA to its mixture
form, thus a mixture Bayesian regularization method of
PPCA is developed. Suppose a total of C operation condi-
tions are incorporated, the distribution of the process vari-
able can be calculated as:

C
p(x) = Zp(x\c)p(c) (12)

where p(c) is the mixing proportion of each operation mode,
under the constraint that ZE:]P(C) =1, p(xlc) is the
conditional distribution function of each operation mode,
which follows Gaussian distribution as N(O,P(.PZ + ﬁ;ll),
where P, and f. are the corresponding parameters in the cth
local Bayesian PCA model. For Bayesian regularization, a
hyperparameter matrix is defined as follows:

Oy %2 -t Xd
Oa1 02 -+ X4
o= | . . ) (13)
e -
dcr %cz c ot ded

where ¢ = 1,2,...,C, i = 1,2,...,d = m—1. Then the aim of the
mixture Bayesian PCA model development can be formulated
as follows: given a process dataset X € R"™", estimate the
parameter sets ®,. = {P.f.0.}(c = 1,2,...,C) for each local
Bayesian PCA model.
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First, the log posterior distribution function is given as:

=In Hp (x;|P) —
-3 {pra P>p<c>] S @l eonst (14)
=1 L= i1

Then, a new EM algorithm can be constructed for estima-
tion of the parameter set ®. in the mixture Bayesian PCA
model. In the E-step, we are given the parameters @4
obtained in the previous step, our aim is to estimate the
expected sufficient statistics of the latent variable posterior
distribution and the mode posterior probability p(cIX,®q1q)-
Through the Bayesian rule, the posterior probabilities of the
mode and the latent variable can be calculated as follows:

Inp(P|X) foup )|Ip;||*4-const

P(X|07 ®old)P(C\®old)

Gaussian distribution N(O,PL.P(T, + ﬁLTlI). The estimated mean
and variance values of the latent variable are given as:

E(ﬂX, c, ®old) =
E(EET|X, c, ®old)

M, 'PTx
= ﬂ:lM:l + E(ﬂX7 c, @01d)ET(E|X, c, ®old)
(17)

where M. = PZPC + [f;ll. The M-step involves estimating the
optimal parameter values through the maximum likelihood
method, which are given as:

P(c|®new) = Zp ¢[x;j; Oota) (18)

n
P = (3 plelxj, Ooia)XE(L] [x;, ¢, Ocla)) X
=

clx, ® = (15)
PR O] = ) n
p(x|t, ¢, Oua)p(t]c, Ogla) (ZP(C‘XJ‘? ®01d)E(tjth‘Xi»Cv Ooa) +P(C|®new)ﬁ;1A6)7l (19)
p(tlx, ¢, Oqa) = (16) =
p(xlc, Oqla)
m
where p(cl®,q) is the proportion value calculated in the o = new 12 (20)
previous step, and p(xjlc, ®g4) follows the multivariate ”p('i H
e =5 - @
3 ple. @) (% — 267 (15 BT+ T E ]y PRI
=
where A, = diag(o.;,i = 1,2,...,d) is a diagonal matrix, ¢ = €cnew = (I — lA)ch)(Xnew ) 23)

.,C, pi™ is the ith column of the new estimated loading
matrlx PV, Detailed derivation of the EM algorithm for
mixture BPCA model is provided in Appendix B. Updating the
E-step and the M-step recursively, we can finally get an optimal
value of the parameter set @' = {P., ., 4. }(c = 1,2,...,C)
for each local Bayesian PCA model. Thus, the mixture Bayesian
regularization model of PPCA has been constructed. Different
from the traditional mixture PPCA model, the effective number
of principal components in each local BPCA model plane can be
determined automatically by the new method.

Multimode Process Monitoring Based on MBPCA

On the basis of the developed mixture BPCA model in
Section “Mixture Bayesian Regularization of PPCA,” a spe-
cific monitoring scheme for multimode processes can be
constructed. The following two subsections give detailed
illustrations of the proposed monitoring and mode localiza-
tion approaches.

Monitoring scheme development

Suppose a new data sample X,.,, has been collected from
the process, we first construct two traditional monitoring sta-
tistic (7% and SPE) in each of the C local BPCA model
spaces, which can be calculated as follows:

tv new — ngnew

N~ AT
> . =t (Q.(P.P,

c,new c.new

o 22)
A DD  tenew
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SPEL’.HGW - e{,new (ﬁ;ll)_lec,new

where ¢ = 1,2,...,C, Ql. = IA’LT(IA’LIA’(T + ﬁ;ll)_l. In the mixture
PPCA monitoring method, a total of C monitoring charts can
be built, the one with the largest posterior probability value is
selected for monitoring. Through the Bayesian rule, the
posterior probability of each operation mode can be calculated
as:

P (Xnew|c, OX8 )p(c|®opt)
P (Xnew |®Opl)

P(c|Xnew, OF) = (24)

Hence, the final 72 and SPE monitoring statistics of the
mixture PPCA method can be determined as:

szmal ,new = Tinew{max(p(dxnewy ®0pt))a c= 17 27 o aC}
(25)

SPEﬁnal,new = SPE(r,new{maX(p(c‘Xnewa ®0pt))7 c= 17 27 T 7C}
(26)

Then, the process can be monitored by two normalized
statistics, the control limits of which are selected as 1.2 In
our opinion, however, some useful information may lose
through the hard assignment of the mixture PPCA monitor-
ing method. Besides, if two or more posterior probability
values are comparative, it is difficult to make a final moni-
toring decision. In such a special case, it can be inferred that
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the monitoring performance may be deteriorated. In contrast,
a soft assignment strategy is proposed to enhance the moni-
toring performance, which is based on Bayesian transforma-
tion and probabilistic combination.

Since different local BPCA model spaces have their own
monitoring statistics and control limits, it is difficult to com-
bine them directly. Here, the Bayesian method is used to
turn the monitoring results into fault probabilities, which are

given as'®:

Pe. (FIx )_P;z(xnew|F)P;2(F)
T2 new) — T e /o N

P4y (Xnew) (27)
P2 (Xnew) = P2 (Xnew|[N)Pp2 (N) + P (Xnew|F) P2 (F)
. P (Xnew|F) P (F
P (F|Xpew) = SPE(XCC |F)Pspe (F)
PSpg (Xnew)
Ppg (Xnew) = Pspg (Xnew|N)Psp (N) + Pspr (Xnew|F) Pp (F)
(28)

where P7=(N), P7=(F) and Ppe(N), Pgpp(N) represent the prior
probabilities of the normal and faulty process conditions,
which can be defined as:

72(N) = Pspe(N) = 1 —7

72 (F) = Py (F) =y
where 7y is the significant level. To obtain the fault
probabilities of the new data sample, we should also know

the conditional probabilities. In the present article, they are
defined as follows:

T? T2,
¢ c,new c ¢,lim
72 (Xnew|N) = expq — T2 72 (Xnew|F) = expq — 7

(29)

c,lim c,new

(30)

SPE new }

Ppg (Xnew|N) = eXP{—m

SPE_ lim } (31)

Ppg (Xnew|F) = exp{fW
c,new

After the monitoring results of the new data sample in
each local BPCA model space has been obtained, we can
easily calculate the final 7% and SPE monitoring statistics by
combining them through their posterior probabilities, which
are given as follows:

C
szinal,new = Z[’(C‘Xnew, ®0pt) ;2 (F|XH€W) (32)
c=1

C
SPEfinal,new = Zp(dxnew’ ®OPI)P§PE (F‘Xnew) (33)
c=1

On the basis of these two final monitoring statistics, we
can easily judge the process behavior by examining if these
two statistics have violated their corresponding control limits
7. If their values exceed ), some fault could be detected, oth-
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erwise, the process is normal, and the monitoring procedures
should be kept on.

Mode localization

As a part of the process monitoring task, mode localiza-
tion is also very important. Knowing the exact operation
mode of the monitored data sample, the engineer can easily
locate the production of the process, and the problem will
also be easily found if there is any. In this subsection, a new
mode localization method is proposed based on the mixture
BPCA monitoring framework. Having calculated the poste-
rior probabilities of the monitored data sample corresponds
to different operation modes, we can simply locate the mode
information through these posterior probabilities, thus the
mode with the largest posterior probability value should be
determined as the current operation mode. However, this
method may not function well when an unknown operation
mode happened in the process. On the basis of the posterior
probability localization method, the data sample from the
new operation mode will be assigned to one of the known
operation mode, which is not the real case. In another word,
mode localization based on the posterior probability is not
reliable.

To emphasize the reliability for mode localization, we
intend to use the joint probability analysis method. Similar
to the posterior probability, successful localization will be
obtained if the data sample was collected under known oper-
ation modes. However, different from the posterior probabil-
ity method, the joint probability analysis can also success-
fully identify the change of the process. That is, if the pro-
cess is changed to a new operation mode, the joint
probabilities of the monitored data sample with all known
operation modes will approach to zero. To get the joint prob-
ability values of the new data sample X.., with different
operation modes, the conditional probabilities should be cal-
culated first, which follows a multivariate Gaussian distribu-
tion. The conditional probability function are given as:

p(xle) = / p(xlt, p(tlop(c)dt (34)

For the new data sample Xy, its conditional probability
can be calculated as p(Xpewlc) = p(xlc) . Then, the joint
probabilities values of X, can be given as follows:

JPL‘,new = p(xnew‘c)p(dxnew» ®0pt) (35)

where ¢ = 1,2,...,C. Through analysis of Eq. 35, it can be
inferred that if the process is changed to a new operation
mode, the value of the conditional probability of X,ew(P(Xnewlc))
will be very small. Although the mode posterior probability
value p(clXpew,®@°") will not decrease to zero, since they are
restricted to Zlep(dxnew,@"p‘) =1, by multiplying the
mode posterior probability value with the conditional
probability value, the joint probability value of X;,, will
quickly decrease to zero. Hence, if all of the joint
probability values are approached to zero, a new operation
mode can be judged.
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Case Studies

In this section, two case studies are provided to evaluate
the efficiency of the proposed method. The first one is a nu-
merical example with six variables, and the other one is a
real industrial polypropylene production process application
case.

A numerical example

This numerical example consists of six variables, which
are driven by 3 Gaussian latent variables, the relationships
between them are given by:

x; =Pty +e, t EN(—],I), e EN(0,0.I)
x; = Poty; + e, t; EN(O,I), () EN(0,0]) 36)
x3 = Pst; +e3, t3 GN(I,I), €3 GN(0,0.I)

where X;, X5, X3 € RS, t, t, t3 € R? are Gaussian distributed
latent variables with different mean values, and e, e, e3 € R®
are Gaussian process noises with an equal variance 0.1. The
three loading matrices Py, P,, and P3 are randomly selected as
6 x 3 matrices. Therefore, three operation modes can be
simulated through Eq. 36. To build the mixture BPCA and the
mixture PPCA models, 200 data samples of each cluster have
been generated, thus a total of 600 data samples are used for
model construction. To simulate the process fault, two cases
are assumed as follows:

Case 1: A step bias by adding 0.5 to the second variable
of the first operation mode is introduced starting from sam-
ple 101 to 200.

Case 2: A ramp change by adding 0.01(i—100) to the first
variable of the second operation mode is introduced starting
from sample number i = 101 to i = 200.

First, the two mixture models are constructed with full
possible latent variables direction. Denote the loading matri-
ces of mixture PPCA as O, O,, and Os, the hinton dia-
grams of the loading matrices of both models are given in
Figure 1. In this figure, the red rectangle represents a posi-
tive value of the element in the corresponding matrix, and
the green one represents a negative value. Seen from the left
three sub-figures, it is very clear that last two latent variable

0 50 100 150 200

0 50 100 150 200
Samples

Figure 2. Monitoring results of fault 1.

0.02 f
~
0.01 f
Al
150

Directions

Directions

Figure 1. Hinton diagrams of loading matrices of both
mixture PPCA and mixture BPCA.

Left: Mixture BPCA and Right: mixture PPCA. [Color fig-
ure can be viewed in the online issue, which is available at
wileyonlinelibrary.com.]

directions have been switched off by the mixture BPCA
model. In contrast, the importance of the latent variable
direction in mixture PPCA loading matrices cannot be easily
differentiated, since the values of their elements are compar-
ative. Therefore, through the Bayesian regularization method,
the number of the effective latent variables can be deter-
mined automatically. Also, the importance of each effective
latent variable direction can be determined by the value of
the hyperparameter «. However, due to the inherent defect
of the PPCA method, the number of effective latent varia-
bles should be determined by other methods, such as cross
validation.

To test the monitoring performance of the proposed
method, the two generated fault cases are used. The results
of the first fault by both mixture PPCA and mixture BPCA
methods are shown in Figure 2, in which the control limits
of both monitoring statistics have been selected as 99%. It
can be seen that this fault can hardly be detected by the mix-
ture PPCA model, since both two monitoring statistics are
under their control limits. In contrast, the fault can be suc-
cessfully detected by the mixture BPCA model after it has

00 50 100 200
0.04 T x T
a I
0 A A ﬁ.. A & Asash, "
0 50 100 150 200
b Samples

(a) Mixture PPCA and (b) mixture BPCA. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.

com.]
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Figure 3. Monitoring results of fault 2.
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(a) Mixture PPCA and (b) mixture BPCA. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

been introduced into the process. Similarly, the monitoring
performance of the second fault can also be improved by the
proposed method, which is given in Figure 3. Although the
SPE statistic of both methods cannot detect this fault, the 77
statistic of mixture BPCA can detect the fault earlier than
that of mixture BPCA. To examine the mode information of
these two fault cases, their mode localization results are pro-
vided in Figure 4. Judging from Figure 4a, we can infer that
it first ran under mode one, and then some fault was intro-
duced. The results presented in Figure 4b exhibits that the
second fault case first ran under mode two, and then the
fault happened.

To simulate mode change and new operation mode cases,
two more datasets have also been generated, which are listed
as follows:

Case 3: Hundred data samples are collected under the first
operation mode, then the process is changed to the second
operation mode, a same number of data sample are col-
lected.

Case 4: A new operation mode x;, = Puty; + ey, t; €
N(-3,1), e4 € N(0,0.1) is introduced.

The mode localization results of both two cases are given
in Figure 5. It is straightforward that the mode change can
be detected by the proposed method, since both operation
modes have been modeled. For the new operation mode, the

q_Dz
sh
£ 0.1} || !
= 0 A A
(0 50 100 150 200
x 10
1
o,
=
9
3 0.5
Z 4 . : :
0o ., 50 100 150 200
~x 10
mﬂ:
<
2 . . .
0 50 100 150 200
a Samples

Figure 4. Mode localization results.

mode localization method can also give correct result, which
can be found in Figure 5b. Because of the small probability
values of all the three operation modes, the new case should
be deemed as a new operation mode.

Polypropylene production process application study

As an important material, polypropylene has been widely
used in many fields, such as chemical industry, light indus-
try, medical industry, etc. With the increased market
demands of different product types, producing different char-
acteristics of polypropylene has become a key issue of this
industry process. A typical polypropylene production device
always contains a catalytic body system, which comprises of
TiCly, triethylaluminum (TEAL), and diphenyldimethoxysi-
lane (DONOR). To produce different brands of productions,
three reactors are connected in series. The flowchart of this
process is given in Figure 6. As seen in the flowchart, this
process consists of four major units: the catalytic body sys-
tem and three reactors. To record the characteristic of this
process, over 40 variables are measured online. However, in
the present study, we have selected 14 important variables
for process monitoring purpose, which are highly correlated
with the final product quality. These 14 monitored variables
are listed in Table 1.
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Figure 5. Mode localization results of mode change and new mode cases.

(a) Mode change and (b) new mode. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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Figure 6. Flowchart of the polypropylene production process.

To develop the monitoring model, three different types of
process datasets have been collected, each of which contains
200 data samples. Figure 7 exhibits the data characteristic of
these three dataset, through which we can easily find that
these three datasets belong to three different operation
modes. To evaluate the monitoring performance of the pro-
posed method, two additional fault datasets have also been
collected, both which consist of 200 data samples. These
two fault cases are described as follows:

Case 1: The process initially operated under the first oper-
ation mode, 100 data samples have been collected. Then, a
step change of the TEAL flow has been caused, another 100
data samples are recorded.

Table 1. Monitoring Variables in Polypropylene
Production Process

No. Measured Variables
1 Hydrogen concentration of the first reactor
2 Hydrogen concentration of the second reactor
3 Density of the first reactor
4 Density of the second reactor
5 TEAL flow
6 DONOR flow
7 Atmer-163 flow
8 Propylene feed of the first reactor
9 Propylene feed of the second reactor
10 Power for the first reactor
11 Power for the second reactor
12 Lever of the second reactor
13 Temperature of the first reactor
14 Temperature of the second reactor

AIChE Journal November 2010 Vol. 56, No. 11
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Case 2: The process initially operated under the third
operation mode, 100 data samples have been collected. Then
a step change of the TEAL flow has been caused, another
100 data samples are recorded.

After the process datasets have been screened and prepro-
cessed, we are ready to construct the monitoring models.
Running the modeling development process 50 times, the
automatic selected dimensionalities of three different subspa-
ces are plotted in Figure 8. The mean values of these three

800 ©

> Mode 1

4000

2000

520 1000

500 0

Second variable First variable

Figure 7. Three-dimensional data characteristic of
three different datasets in polypropylene pro-
duction process.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]
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[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]
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Figure 9. Hinton diagrams of the loading matrix of mix-
ture BPCA.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]

selected dimensionalities are 5.88, 6.91, and 5.94. Thus, the
three dimensionalities can be determined as 6, 7, and 6 for
monitoring model construction. Similarly, the hinton dia-
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Figure 11. Monitoring results of the first fault case.
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Figure 10. Hinton diagrams of the loading matrix of
mixture PPCA.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]

grams of both loading matrices of the mixture PPCA and
mixture BPCA models are given in Figures 9 and 10, respec-
tively. As been expected, the dimensionality of the latent
variable space can be easily determined by the mixture
BPCA model, which can be clearly obtained from Figure 9.
However, again, the latent variable dimensionality cannot be
automatically determined by the mixture PPCA model.
Depending on the results presented in Figure 10, it is very
difficult to select effective principal components. However,
to be fair, the same numbers of principal components are
selected in each sub model space for the mixture PPCA
model development. For process monitoring, 7> and SPE sta-
tistic of both methods have been constructed, the control
limits of all monitoring statistics are selected as 99%.
Depending on multiple running results of both monitoring
methods, we have found that the monitoring performance of
both fault cases have been greatly improved by the mixture
BPCA-based method. One realization of the first fault case
obtained by both two methods are given in Figure 11,
through which one can see that both two monitoring statis-
tics of mixture BPCA can successfully detect the fault. How-
ever, only the SPE statistic of mixture PPCA can continu-
ously detect the fault, the monitoring performance of the 77
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(a) Mixture PPCA and (b) mixture BPCA. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.

com.]
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statistic is very poor. Similarly, the monitoring performance
improvement of the mixture BPCA method for the second
fault case can also be obtained, which is clearly presented in
Figure 12. Compared to mixture PPCA, which can hardly
detect this fault, both two monitoring statistics of mixture
BPCA can detect it immediately after the fault happened.
The mode localization results of both two fault cases are
shown in Figure 13, depending on which one can easily con-
clude that these two fault cases happened under the first and
the third operation modes, respectively.

In addition, the noise level of this process is examined. A
total of 300 data samples of each operation mode have been
collected for model development and noise variance estima-
tion. To test the efficiency of the mixture BPCA method
under limited data sample cases, we intend to change the
number of modeling data samples from 30 to 300. Therefore,
a total of 28 noise estimation results have been generated
through the mixture BPCA modeling. These estimated results
of the noise variance are shown together in Figure 14,
through which we can find that the modeling efficiency of
the mixture BPCA method is rarely degraded when the num-
ber of data samples is changed. Therefore, when the number
of process data samples is limited, which could possibly hap-
pen in multimode processes, the mixture BPCA method can
still provide efficient modeling and monitoring results.
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Conclusions

In the present article, a mixture Bayesian regularization
method of PPCA has been elaborately demonstrated for
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Figure 14. Estimated noise variance under different
numbers of data samples.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]
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multimode process monitoring purpose. Compared with the
traditional PPCA method, the main advantage of the new
method is that the effective dimensionality of the latent vari-
able in each local space can be determined automatically.
Also, it can easily determine the importance of each retained
principal component, which is controlled by a hyperparameter.
In addition, a new mode localization approach has been pro-
posed, which is based on the joint probability analysis method.
On the basis of the illustrated results of two case studies, the
performances of monitoring and mode localization have both
been greatly improved by the proposed method. However, it is
worth to notice that this method cannot determine if the pro-
cess is operated under a new operation mode or some other
changes have happened. Without appropriate process knowl-
edge or expert experience, one can hardly obtain the exact
condition of the process. How to incorporate some necessary
process information into the developed monitoring scheme is
one of our future research directions. Besides, how to extend
the proposed method to its nonlinear and non-Gaussian forms
is also included in our future research work.
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Appendix A: Derivation of the EM Algorithm for
the Bayesian PCA Method

In the E-step of the EM algorithm, the expected sufficient
statistics of the latent variable can be calculates as follows:

E(t]x) = E(t) + cov(t, x)[var(x)] ' [x — E(x)] (A1)
E(tt [x) = var(f[x) + E(t|x)E” (fx)
var(t|x) = var(t) — cov(t,x)var ! (x)cov(x,t) (A2)

where E(f) =0, var(x) = PPT + ﬂfll, E(x) =0, vat(f) =1,
and

cov(t,x) = E(tx ) — E()E(x") = PT (A3)
cov(x,t) = E(xfT) — E(X)E(ET) =P (A4)

Then, Eqs. Al and A2 come to

E(t)x) =PI (PP" + 7'1) 'x = (PP + ') 'P'x (A5)

E(it' |x) = T— PT(PP” + ') 'P + E(ix)E” (i|x)

=p'PTP+ ') H E(XET(Ex).  (A6)

If we define M = PP + I, Eq. 10 can be obtained.

Notice Eqs. 3 and 9, maximizing the log posterior distri-
bution function with respect to P and f, and set them to
zero, thus

9[Inp(P|X)]
— =0 AT
P (AT)
linp(P|X)]
——==0. A8
a5 (A8)
Denote A = f'I, Eqs. A7 and A8 can be calculated as:
STIAT (x —PE)E] - PA=0 (A9)
i=1
ATPA = [(x; — PE)E;] = 0. (A10)
i=1
Simplifying Eqs. A9 and A10, we can easily obtain
n n -1
P= xit]|d bt +57'A (A11)
=1 i1

p= "m . (A12)

n ~ A A
S {xTx; — 28)PTx; + Tr[(i:) )PTP)}
i=1

Appendix B: Derivation of the EM Algorithm for
the Mixture Bayesian PCA Method

Similar to the single BPCA model, the E-step of the mixture
BPCA model can be developed as follows. Thus, the expected
sufficient statistics of the latent variable can be calculates as:
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E(ﬂX, c, ®01d) = E(f|c, ®old)

+ cov(t, x|, Ogq)[var(x|c, Ogq)] ' [x — E(x|c, Ogq)] (B1)

E(tt'|x, ¢, ©gq) = var({[x, ¢, Oga)
+ E(f:|x7 c, ®01d)ET(ﬂx, c, (*301(1)Var(f:|x7 ¢, O1q) zvar(ﬂc, B14)

- cov(f, x|c, @) [var(x|c, ®old)rlcov(x, ﬂc, Ooq) (B2)

where ¢ = 1,2,...,C, E(f|c, Qold) =0, varxle,®,4) = P(,,PLT.
+ B, E(xle,@u1q) = 0, var(t|c, ®gq) = I, and

cov(f7 x|c, @) = E(fxT|c, Oo14)

— E(f|c, ('901,_1)E(XT|C7 ®old) = PZ- (B3)
cov(x, f|c, Ocq) = E(xt' |c, Ociq)
T
— E(X‘C, @Old)E(t |C, ®old) = PC (B4)
Then, Egs. B1 and B2 come to
E(t|x,c, ®q4) = PT(P.PT + ') 'x
= (PP, + ') 'PIx  (B5)

E(tt" x, ¢, Ocq)
=1—PI(PP! + ') 'P, + E(t[x, ¢, O E" (E[x, ¢, Oota)
= B (PTP, + B'D) " + E(H[x, ¢, Ocia)E” (Fx, ¢, Ooq).

Different from the EM algorithm for the single BPCA
model, the proportion value of each mode p(c|®,.,,) should
also be updated through the M-step in the mixture BPCA
model structure, which are calculated as follows:

1 n
®new = i ®o
p(c| ) " ;P(dx 1d)

p(x[c, Ooia)p(c[Ooa)
; Ooa) = :
PR Oat) = @)

(B7)

The updated value P2¥, Y can be determined by maxi-
mizing the log posterior probability function. Setting the de-
rivative of In p(PIX) respect to P. and f. as zero

dlinp(PX)] _
T =0 (B8)
dlinp(PIX)]

—p = 0. (B9)

Refer to the parameter updating process in Appendix A,
we can easily obtain

i=1

P = (Zl’(dxu Oa)XE (] [xi, c, ®old)) X

—1
<ZP(C|X:'7 @) E(d; [xi, ¢, Ooia) + P(é‘|®new)ﬁZIAz-)
i=1

ﬂnew _
S

(B6) (B10)
m (B11)
S plelXi, @oa) {XTx; — 2E7 (1[x))PITx; + Tr[E(L] [x )PP TPV ]}
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