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A new probabilistic monitoring method for batch processes that have multiple operating conditions is described. Partic-
ularly, for multiphase batch processes, a phase-based Bayesian inference strategy is introduced, which can efficiently
combine the information of multiple operation modes together into a single model in each specific phase. Therefore,
without any process knowledge, local monitoring results in different operation modes can be automatically integrated.
Besides, the information of the operation mode can be obtained through joint probability analysis under the Bayesian
monitoring framework. Potential extensions of the proposed method for fault diagnosis and identification are also dis-
cussed. A benchmark case study on the penicillin fermentation process is given to evaluate the feasibility and efficiency
of the proposed method. It is demonstrated that the monitoring performance and the process comprehension have both
been improved. VC 2013 American Institute of Chemical Engineers AIChE J, 59: 3702–3713, 2013
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Introduction

Due to the great requirement of producing low volume,
high-value products, batch and semibatch processes play
more and more important roles in modern industries. As a
key technology for process control and management, process
monitoring is an efficient tool for safety analysis and product
quality improvement of batch processes. With the wide use
of modern instrumental tools, a huge number of process data
have been collected, depending on which data-based model-
ing method has become very popular in recent years. Among
those developed methods, multivariate statistical process
control (MSPC)-based monitoring methods such as principal
component analysis, partial least squares, and independent
component analysis have received much attention.1–9

However, typical characteristics of the batch process such
as batch-to-batch variations and nonsteady-state behavior
may complicate the implementation of many on-line moni-
toring techniques that were successfully applied in continu-
ous processes. By extending the conventional MSPC
methods to batch process, the multiway counterparts of tradi-
tional MSPC methods have been developed, such as multi-
way principal component analysis (MPCA), multiway partial
least squares (MPLS), and multiway independent component
analysis (MICA).10–18 Particularly, for those batch processes
which have multiple phases, various data-based modeling
and monitoring approaches have been developed.19–25

To our best knowledge, most of those developed techni-
ques have assumed that the process uncertainties are only
introduced by batch-to-batch variations. In fact, due to great
changes of modern market demands, different kinds of prod-
ucts should be produced, which means that significant
changes of process operating conditions are required. So far,
unfortunately, there are few methods that have been devel-
oped for monitoring batch processes with varying or multi-
mode behaviors,26,27 especially for those batch processes
which simultaneously have multiple phases.

In multimode batch processes, batch datasets generated
under different operating conditions always have different
characteristics from each other. If the traditional multiway
MSPC model is used for monitoring, the performance may
be degraded. A straightforward solution for this problem is
to build a separate monitoring model for each operation
mode. When the operation mode change has been detected
by the process, or known previously, the monitoring model
is switched to the one corresponding to the current operating
condition. However, in some cases, if we do not know the
exact information of the operation mode change, there may
be some risk in switching the monitoring model. Besides,
the automation requirement of the process control system
also demands the monitoring model to work through an
unsupervised manner. Therefore, carrying out the process
monitoring method automatically is important to the process
control system. In this case, no model switch is need, less
process knowledge is incorporated, and satisfactory monitor-
ing performance can also be obtained.

The main aim of this article is to develop an efficient
approach for monitoring multiphase batch processes under
different operating conditions. It is assumed that we have no
exact information of the operation mode in the process, and
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the datasets collected from different operation modes are
mixed together in the historical database. Therefore, a data
clustering method is used to divide the dataset into several
subsets, which correspond to different operation modes.
Without any process knowledge or expert experience, it is
difficult to decide the exact operation mode for the current
monitored batch. To this end, the Bayesian inference strategy
is introduced, which can softly assign the current monitored
batch to different operation modes. Due to the multiphase
behavior of the batch process, different monitoring models
are built for corresponding phases. Hence, a phase-based
Bayesian combination strategy can be constructed. Another
contribution of this article is the development of a new
mode identification method in the batch process, which is
based on joint probability analysis. Although the mode infor-
mation is not required for online monitoring, it is important
for product classification, process improvement, and so forth.

The rest of this article is organized as follows. First, a
detailed demonstration of the proposed method is given in
the next section, which includes operation mode clustering
and phase division, phase-based Bayesian combination strat-
egy, and the operation mode identification method. In section
Results and Illustration, a case study on the penicillin fer-
mentation benchmark process is illustrated to evaluate the
viewpoint proposed in section Methodology. Finally, conclu-
sions are made.

Methodology

Operation mode clustering and phase division

Before development of the monitoring model, the batch
dataset should be clustered into groups, which represent dif-
ferent operation modes. In practice, datasets collected from
different operation modes are probably mixed together in the
historical database. To construct a multiphase model structure,
the batch process should also be divided into several different
phases, which are dominated by different physical and chemi-
cal phenomena. As a result, batch-to-batch variations are
small within each operation mode and will become larger in
different operation modes. On the other hand, among each
batch, process characteristics are considered to be similar
within the same phase and dissimilar over different phases.

To divide the batch process data into different groups, lots
of unsupervised clustering methods can be used, such as K-
means, Fuzzy-C means, their variants, and so forth.28–30 For
simplicity, the K-means method is used for model clustering
in this article. In the past years, several phase division
approaches have been developed, including the expert
knowledge-based method, process analysis approaches, auto-
matic recognition methods, optimization and pattern recogni-
tion schemes, and so forth,25 among which the expert
knowledge-based method is used here. When the batch pro-
cess has been divided into different groups and phases, fea-
ture extraction and modeling procedures can then be carried
out, details of which are illustrated as follows.

Two-step ICA-PCA for feature extraction and dimension
reduction

Before the construction of the monitoring model, a two-
step ICA-PCA (principal component analysis) feature extrac-
tion strategy is introduced to reduce the variable dimension
of the process data, which can facilitate further statistical
modeling and analysis. We first denote the original collected
batch process data as X I3J3Kð Þ, where I is the total batch

number, J is the total variable number, and K is the total
data samples during each batch. Suppose a total of Q opera-
tion modes are identified, and the process has been divided
into PH phases. Then, we represent the process subdatasets
as Xq Iq3J3Kph

� �
, where q51; 2;…;Q, ph51; 2;…;PH ,

and
PQ

q51 Iq5I,
P

ph51 PH Kph5K, where Iq is the batch
number is each operation mode, and Kph is the number of
data samples in each phase. Through the variable direction,
the three-way batch process datasets can be unfolded into
two-dimensional datasets, denoted as X0q;ph KphIq3J

� �
,

q51; 2;…;Q, ph51; 2;…;PH . Here, we have assumed that
all batches are of the same batch length and have the same
number of data samples within the corresponding phases. In
practice, however, different batches may have quite different
batch length, and the number of data samples within each
phase may also differentiate from each other. In this case,
we can just rearrange the data samples of each batch in a
stack manner. Suppose the length of each batch is repre-
sented as Ki i51; 2;…; Iq

� �
, the modeling dataset will be

Xq

PIq

i51 Ki3J
� �

. Similarly, the unequal phase length prob-
lem can also be easily addressed. Therefore, without loss of
generality, the numbers of data samples in each batch and
within each phase are both assumed to be constant in the
present article.

Then, ICA is carried out in the first step to extract the high-
order information, therefore, X0q;ph is decomposed as follows31

X0q;ph 5 Aq;ph � Ŝq;ph 1 X00q;ph

Ŝq;ph 5 Wq;phX0q;ph

X00q;ph 5 X0q;ph2Aq;ph � Ŝq;ph

(1)

where q 5 1; 2;…;Q, ph 5 1; 2;…;PH , Aq;ph, and Wq;ph is
the mixing and demixing matrix, X00q;ph is the residual matrix
after the ICA step. In the second step, PCA is used to model
the Gaussian information of the process data. The decompo-
sition is carried out as

X00q;ph 5 Tq;phPT
q;ph 1 Rq;ph (2)

where Tq;ph and Pq;ph are score and loading matrices of the
PCA decomposition, and Rq;ph is the residual matrix after the
analysis of PCA. To determine the numbers of independent
components and principal components in the ICA and PCA
models, various methods can be applied, such as variance-based
approach, non-Gaussianity testing method, among others.32,33

Monitoring statistic construction and confidence limit
determination

After feature extraction and dimension reduction, the
phase-based monitoring models can be built for each phase
under different operation modes. Traditionally, I2, T2, and
SPE monitoring statistics and their corresponding confidence
limits can be developed as follows3,31

I2 5 ŝ
T
q;ph;iŝq;ph;i � I2

q;ph;lim (3)

T2 5
Xkq;cph

i51

t2
q;ph;i

ki
� T2

q;ph;lim 5
kq;ph KphIq21

� �
KphIq2kq;ph

Fkq;ph; KphIq2kq;phð Þ;a (4)

SPE 5 rq;ph;ir
T
q;ph;i � SPE q;ph;lim 5 gq;phv

2
hq;ph;a (5)

where q 5 1; 2;…;Q, ph 5 1; 2;…;PH, ŝq;ph;i, tq;ph;i, and
rq;ph;i are vectors of Ŝq;ph, Tq;ph, and Rq;ph, ki is the
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eigenvalue corresponding to each PC, kq;cph is the number of
PCs, a is the selected significance level, and gq;ph 5 vq;ph=
2mq;ph

� �
, hq;ph 5 2m2

q;ph=vq;ph, in which mq;ph and vq;ph are the
mean and variance values of SPE within operation mode q.
The confidence limit of the I2 statistic can be determined by
kernel density estimation. However, a more appropriate and ef-
ficient method to determine the confidence limit of the I2 statis-
tic is the support vector data description (SVDD) method,
which has recently been introduced to approximate the IC dis-
tributions.34 To construct the minimum volume of the hyper-
sphere, SVDD solve the following optimization problem

min
R;a;n

R2
q;ph 1 Cq

XKphIq

i 5 1

nq;ph;i

s:t:kU ŝq;ph;i

� �
2aq;phk2 � R2

q;ph 1 nq;ph;i; nq;ph;i � 0

(6)

where aq;ph is the center of the hypersphere, Cq gives the
trade-off between the volume of the hypersphere and the
number of errors. nq;ph;i represents the slack variable which
allows the probability that some of the training samples can
be wrongly classified, U �ð Þ is a nonlinear transform function.
Suppose K �ð Þ is the kernel function which is often selected
as the Gaussian kernel function, the center aq;ph and the ra-
dius Rq;ph can be determined by34

aq;ph 5
XKphIq

i 5 1

aiU ŝq;ph;i

� �

Rq;ph 5

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
122

XKphIq

i 5 1

aiK ŝq;ph;0; ŝq;ph;i

� �
1
XKphIq

i 5 1

XKphIq

j 5 1

aiajK ŝq;ph;i; ŝq;ph;j

� �vuut
(7)

where ŝq;ph;0 is referred to a support vector. Then, the new
non-Gaussian monitoring statistic can be defined as35

NGSi 5 d2 U ŝq;ph;i

� �� �
5 kU ŝq;ph;i

� �
2aq;phk2 � NGSq;ph;lim 5 R2

q;ph

(8)

Phase-based Bayesian monitoring approach

After data scaling and rearrangement of the new data sam-
ple in the current batch, represented as x0new;k 13Jð Þ, the
monitoring statistics can be calculated as follows

ŝq;new;k 5 Wq;cphx0new;k (9)

NGSq;new;k 5 d2 U ŝq;new;k

� �� �
5 kU ŝq;new;k

� �
2aq;cphk2

(10)

x00new;k 5 x0new;k2Aq;cphŝq;new;k (11)

tq;new;k 5 x00
T
new;kPq;cph (12)

T2
q;new;k 5

Xkq;cph

i 5 1

t2q;new;k;i

ki
(13)

rnew;k 5 x00new;k2tq;new;kPT
q;cph (14)

SPE q;new;k 5 rnew;krT
new;k (15)

where q 5 1; 2;…;Q, cph represents the current phase that
the monitored data sample belongs to. Before the introduc-
tion of Bayesian inference strategy for posterior probability
calculation, a transformation from the monitoring statistic to
the probability value should be made, which is defined as
follows

PNGS x0new;kjq; cph
� �

5 exp 2
NGS q;new;k

NGS q;cph;lim

� �
(16)

PT2 x0new;kjq; cph
� �

5 exp 2
T2

q;new;k

T2
q;cph;lim

( )
(17)

PSPE x0new;kjq; cph
� �

5 exp 2
SPE q;new;k

SPE q;cph;lim

( )
(18)

where q 5 1; 2;…;Q, based on the Bayesian inference,36 the
posterior probabilities of each operation mode corresponding
to the three monitoring statistics are given as

PNGS q; cphjx0new ;k

� �
5

PNGS q; cph; x0new ;k

� �
PNGS x0new ;k

� �
5

PNGS x0new ;kjq; cph
� �

P q; cphð ÞPQ
q 5 1 PNGS x0new ;kjq; cph

� �
P q; cphð Þ

	 


PT2 q; cphjx0new;k

� �
5

PT2 q; cph; x0new;k

� �
PT2 x0new;k

� �
5

PT2 x0new;kjq; cph
� �

P q; cphð ÞPQ
q 5 1 PT2 x0new;kjq; cph

� �
P q; cphð Þ

	 
 (20)

PSPE q; cphjx0new;k

� �
5

PSPE q; cph; x0new;k

� �
PSPE x0new;k

� �
5

PSPE x0new;kjq; cph
� �

P q; cphð ÞPQ
q 5 1 PSPE x0new;kjq; cph

� �
P q; cphð Þ

	 
 (21)

where P q; cphð Þ, q 5 1; 2;…;Q are prior probabilities at the
specific phase for the monitored data sample, which can be
simply determined as

P q; cphð Þ5 KcphIq

KcphI
(22)

After the posterior probabilities of the new data sample
x0new;k have been obtained, we should decide its fault proba-
bility in each operation mode, which can be calculated as
follows

Pq;cph
f ;NGS x0new;k

� �
5 Pr NGS q;cph xtr;q;cph

� �
� NGS q;cph x0new;k

� �n o
(23)

Pq;cph
f ;T2 x0new;k

� �
5 Pr T2

q;cph xtr;q;cph

� �
� T2

q;cph x0new;k

� �n o
(24)

Pq;cph
f ;SPE x0new;k

� �
5 Pr SPE q;cph xtr;q;cph

� �
� SPE q;cph x0new;k

� �n o
(25)

where q 5 1; 2;…;Q, xtr;q;cph is the training samples in oper-
ation mode q and phase cph. The values of these three prob-
abilities can be simply determined by measuring the number
of the training samples whose statistic values are smaller
than that of the new data sample. Alternatively, they can
also be determined more precisely by density estimation
method with appropriate level of significance.

Then, the new phase-based Bayesian combination moni-
toring statistics (PBC) can be constructed based on the poste-
rior probabilities and the fault probabilities as
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PBC NGS x0new;k

� �
5
XQ

q 5 1

PNGS q; cphjx0new;k

� �
Pq;cph

f ;NGS x0new;k

� �h i
(26)

PBC T2 x0new;k

� �
5
XQ

q 5 1

PT2 q; cphjx0new;k

� �
Pq;cph

f ;T2 x0new;k

� �h i
(27)

PBC SPE x0new;k

� �
5
XQ

q 5 1

PSPE q; cphjx0new;k

� �
Pq;cph

f ;SPE x0new;k

� �h i
(28)

Because the values of Pq;cph
f ;NGS x0new;k

� �
, Pq;cph

f ;T2 x0new;k

� �
, and

Pq;cph
f ;SPE x0new;k

� �
are all ranged from zero to one, and the pos-

terior probabilities PNGS q; cphjx0new;k

� �
, PT2 q; cphjx0new;k

� �
,

and PSPE q; cphjx0new;k

� �
have been normalized, hence, the

bounds of all phase-based Bayesian combination monitoring
statistics are also ranged from zero to one. Under a prespeci-
fied significance level a, the new data sample x0new;k is deter-
mined to be normal if all of the PBC NGS x0new;k

� �
,

PBC T2 x0new;k

� �
, and PBC SPE x0new;k

� �
values are not larger

than 12a. Otherwise, this data sample should be treated as
an abnormality.

Mode identification and updating

To know the mode information of the monitored batch, a
new mode identification scheme is developed based on the

Bayesian monitoring framework. Having calculated the pos-
terior probabilities of the monitored batch correspond to dif-
ferent operation modes, the mode identification scheme can
be simply implemented through these posterior probabilities,
thus the mode with the biggest posterior probability value
should be determined as the current operation mode. How-
ever, based on the normalization of the posterior probability,
any operation batch would be assigned to its most similar
one of the known operation modes. A possible pitfall of this
method is that, if an unknown operation mode or some fault
has happened, it will also be assigned to one of the known
operation modes. Hence, if we use the posterior probability
for mode identification, there will be inevitable false identifi-
cations and misunderstandings of the process which may
cause further risks.

To reduce the risk and also to enhance the process reli-
ability, the joint probability analysis method is used in this
work. Similar to the posterior probability, successful

Figure 1. Penicillin fermentation process.

Table 1. Variables Used in the Monitoring of the Penicillin

Simulation Benchmark

No. Variables

1 Aeration rate (L/h)
2 Agitator power (W)
3 Glucose feed temperature (K)
4 Dissolved oxygen concentration (% saturation)
5 Culture volume (L)
6 Carbon dioxide concentration (mmol/L)
7 pH
8 Temperature (K)
9 Cooling water flow rate (L/h)

Table 2. Fault Descriptions in the Penicillin

Fermentation Process

Batch
number

Fault
type Fault presentation

1 Step The process initially runs under the first
operation mode, then a step increased
of aeration rate by 1% at 200 h happens.

2 Step The process initially runs under the second
operation mode, then a step increased
of agitator power by 1% at 200 h happens.

3 Ramp The process initially runs under the first
operation mode, then a slow varying of
aeration rate from 200 h to the end of
the batch with a slope of 0.2 happens.

4 Ramp The process initially runs under the second
operation mode, then a slow varying of
agitator power from 200 h to the end
of the batch with a slope of 0.2 happens.

5 Step The process initially runs under the third
operation mode, then a step increased of
aeration rate by 1% at 200 h happens.

6 Ramp The process initially runs under the third
operation mode, then a slow varying of
agitator power from 200 h to the end of
the batch with a slope of 0.2 happens.
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identification will be obtained if the process was operated
under the operation mode that was previously known.
However, although the posterior probability fails to iden-
tify the correct operation mode in case of the new opera-
tion mode and fault, the joint probability can successfully
identify the change of the process. That is, if a new oper-
ation mode or a fault happens, the joint probabilities of
the monitored data sample with all operation modes will
decrease to zero. Compared to the posterior probability,
the joint probability can reflect the process change more

accurately; therefore, it can bring more comprehensive
understandings to the process. If a new operation mode
has been detected, we can build the new local monitoring
model for this new operation mode. By adding the new
local model to the model pool, the process mode cases
can be updated.

Depending on the calculated probabilities of the monitored
data sample in each operation mode, which are given in Eqs.
16–18, the joint probabilities of this monitored data sample
with each operation mode can be calculated as follows

Figure 2. Monitoring results of the first normal batch, (a) PBC; (b) MPCA; (c) first single model; (d) second single
model; and (e) third single model.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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PNGS x0new;k; q; cph
� �

5 PNGS x0new;kjq; cph
� �

P q; cphð Þ (29)

PT2 x0new;k; q; cph
� �

5 PT2 x0new;kjq; cph
� �

P q; cphð Þ (30)

PSPE x0new;k; q; cph
� �

5 PSPE x0new;kjq; cph
� �

P q; cphð Þ (31)

where a priori probability of each operation mode in the cur-
rent phase is given in Eq. 22.

Results and Illustrations

In this section, the feasibility and efficiency of the pro-
posed phase-based Bayesian combination monitoring method
is evaluated through the well-known penicillin benchmark
process, the detailed description of which was given in Birol
et. al.37

Process description and data preparation

In typical penicillin fermentation, most of the necessary
cell mass is generated during the initial preculture stage. The
penicillin starts to be produced at the exponential growth
phase and continues to be produced until cell growth reaches
the stationary phase. Cell growth must continue at a certain
minimum rate to maintain high penicillin productivity. It is
for this reason that glucose is fed continuously into the sys-
tem during fermentation instead of being added all at once at
the beginning. In this study, batch process data was

generated using a simulator (PenSim v2.0) developed by the
monitoring and control group of the Illinosis Institute of
Technology.37 The flow sheet of the penicillin cultivation
process is illustrated in Figure 1. The system switches itself
to the fed-batch phase of operation when the glucose concen-
tration reaches a certain threshold value, which is chosen as
0.3 g L21 in this study. The duration of a whole batch is
selected as 400 h, and the system switches to the fed-batch
phase after about 45 h. Therefore, this batch process has two
phases. The sampling interval is chosen as 4 h, thus 100
data samples can be generated during each batch running.
The selected monitoring variables are listed in Table 1.

To simulate the multimode behavior of this batch process,
the initial culture volume is artificially set to different val-
ues. In this study, three operating conditions are generated,
corresponding to 100, 105, and 110 L of the initial culture
volumes, which are denoted as the first, second, and third
operation mode in the following illustrations. Under each
operating condition, 60 batches are generated, with 50
batches for modeling training purpose and 10 batches for
testing. Therefore, a total of 180 normal batches have been
obtained X 180393100ð Þ, with 150 batches for model devel-
opment Xtr 150393100ð Þ and 30 batches for testing
Xte 30393100ð Þ. The training batches can be grouped into
three different clusters, which represent three operation
modes, and the batch process is divided into two phases,

Figure 3. Monitoring results of the second and third normal batches, (a) PBC for second normal batch; (b) MPCA
for second normal batch; (c) PBC for third normal batch; and (d) MPCA for third normal batch.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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with 11 data samples in the first phase, and 89 in the second
one. Therefore, the phase-wise datasets are generated as
Xtr;ph1 15039311ð Þ, Xtr;ph2 15039389ð Þ, Xte;ph1 3039311ð Þ,
and Xte;ph2 3039389ð Þ. To test the fault detection ability of
the proposed method, several faults are introduced to the
process, which are listed in Table 2. The faulty datasets are
represented as Xfault 6393100ð Þ.

Result illustrations and discussions

After the dataset has been generated, the phase-based
Bayesian combination monitoring model is developed. The
parameters for SVDD model development are tuned that the
false classification rate is controlled as 1%, thus the 99%
confidence limit can be obtained. The component number of
each PCA or ICA model can be determined by the cumula-
tive percentage variance (CPV) method when CPV> 85%.
To evaluate the feasibility and efficiency of the proposed
method, three normal batches collected in different operation
modes are tested. The monitoring results of the first normal
batch collected from the first operation mode are given in

Figure 2. It can be seen that both PBC and MPCA methods
indicate that this batch is operated under normal process
condition, because all monitoring statistics are under their
corresponding control limits. However, if we build separate
models of different operation modes for monitoring, only the
model which corresponds to the monitored batch will give
the right results, which are shown in Figures 2c–e. There-
fore, when we switch the wrong model for process monitor-
ing, false alarms could be generated. Similar testing results
of the second and the third normal batches can be obtained,
which are demonstrated in Figure 3. To identify the mode
information of these three normal batches, joint probability
analyses are carried out, the results of which are illustrated
in Figure 4. From this figure, one can easily determine cor-
rect operation modes for these normal testing batches.

To evaluate the fault detection capability of the proposed
method, six faults (listed in Table 2) are generated, which
are introduced on different operation modes. First, a step
change of the aeration rate is introduced under the first oper-
ation mode at 200 h. The monitoring results of both PBC

Figure 4. Joint probability results of the three normal batches in different operation modes, (a) first normal batch;
(b) second normal batch; and (c) third normal batch.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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and MPCA are given in Figure 5a, b. It is very clear that all
monitoring statistics of the PBC method can successfully
detect this fault. Although there is a little detection decay by

the PBC SPE statistic, both of the PBC NGS and PBC T2 statis-
tics can detect the fault immediately when it happened.
However, only the SPE statistic of the MPCA method can

Figure 5. Monitoring results of the first two faulty batches, (a) PBC for first faulty batch; (b) MPCA for first faulty
batch; (c) PBC for second faulty batch; and (d) MPCA for second faulty batch.

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

Figure 6. Joint probability analysis results, (a) first faulty batch and (b) second faulty batch.

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

AIChE Journal October 2013 Vol. 59, No. 10 Published on behalf of the AIChE DOI 10.1002/aic 3709



detect this fault, which can be seen in Figure 5b. Therefore,
comparing the monitoring results of these two methods, one
can infer that the PBC is more reliable. By examining the

joint probability analysis results in Figure 6a, it can be
inferred that this batch is operated under the first operating
condition until some fault has been introduced at 200 h to

Figure 7. Monitoring results of the third and fourth faulty batches, (a) PBC for third faulty batch; (b) MPCA for third
faulty batch; (c) PBC for fourth faulty batch; and (d) MPCA for fourth faulty batch.

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

Figure 8. Joint probability analysis results, (a) third faulty batch and (b) fourth faulty batch.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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Figure 9. Monitoring results of the last two faulty batches, (a) PBC for fifth faulty batch; (b) MPCA for fifth faulty
batch; (c) PBC for sixth faulty batch; and (d) MPCA for sixth faulty batch.

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

Figure 10. Joint probability results of the last two faulty batches in different operation modes, (a) fifth faulty batch;
(b) sixth faulty batch.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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the process. Second, a similar step change of the aeration
rate is introduced under the second operation mode at 200 h.
Similar results can be obtained. The superiority of the PBC
method to the conventional MPCA method is illustrated in
Figures 5c, d, with its corresponding mode identification
result given in Figure 6b. Next, two ramp faults are intro-
duced to the process, which correspond to Faults 3 and 4 in
Table 2. Monitoring and mode identification results of these
two ramp faults are demonstrated in Figures 7a–d and 8a, b,
respectively. Due to the slow change characteristic of these
two process faults, they cannot be detected in the first sev-
eral samples by both PBC and MPCA methods. However,
the detection delay of MPCA for the third fault is much
larger than that of PBC. Besides, the fourth fault cannot be
detected by the T2 statistic of MPCA, whereas it can be suc-
cessfully detected by all of the three statistics of PBC, which
again shows that PBC is more reliable than MPCA. In addi-
tion, two more faulty batches which are initially operated
under the third mode are tested, the results of which are
given in Figures 9 and 10. One can find that good results
have been obtained by PBC in both monitoring and mode
identification aspects.

According to the modeling principal of PBC, it can be
easily extended for fault diagnosis and identification. Thus,
if we have obtained enough faulty batch data, a fault pool
can be easily constructed for fault identification. Depending
on the results of this example, it can be inferred that the pro-
posed PBC method is more reliable for process monitoring
than the MPCA method. Another important issue which
should be concerned is how to differentiate the new opera-
tion mode and the new process fault. Although the joint
probability can detect the operation mode that happened in
the process, it cannot tell us whether this new mode is nor-
mal process change or not. Generally speaking, this issue is
difficult to be addressed without appropriate process knowl-
edge. Any endeavor which is carried out to differentiate
these two kinds of process changes automatically is interest-
ing, and therefore should be put significant efforts in the
future work.

Conclusions

A phase-based Bayesian combination method has been
proposed for monitoring multiphase batch processes with the
multimode behavior in this article. The contributions of this
study are summarized as follows. First, a Bayesian monitor-
ing method has been proposed, which differentiates the exist-
ing works in monitoring batch processes with multimode
behaviors. Second, an efficient mode identification method
has been developed to locate the operation mode of the
monitored batch. A successful application study of the peni-
cillin fermentation benchmark process has been demon-
strated, and several important issues have also been
illustrated and discussed. In conclusion, the probabilistic
implementation of the method has greatly improved the
monitoring performance and comprehension of the batch
process.
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