
Quality-Relevant Fault Diagnosis with Concurrent Phase
Partition and Analysis of Relative Changes for Multiphase

Batch Processes

Chunhui Zhao
State Key Laboratory of Industrial Control Technology, Dept. of Control Science and Engineering,

Zhejiang University, Hangzhou 310027, China

DOI 10.1002/aic.14400
Published online February 18, 2014 in Wiley Online Library (wileyonlinelibrary.com)

Multiplicity of phases as indicated by changes of process characteristics is an inherent nature of many batch processes
for both normal and fault cases. To more efficiently perform online fault diagnosis via reconstruction for multiphase
batch processes, the phase nature and the relationship between normal and fault cases within each phase should be
deeply addressed. This article proposes a quality-relevant fault diagnosis strategy with concurrent phase partition and
analysis of relative changes for multiphase batch processes. First, a concurrent phase partition algorithm is developed.
The basic idea is to track the changes of process characteristics at normal and fault statuses jointly so that multiple
sequential modeling phases are identified simultaneously for both normal and fault cases. Then, the relative changes
from the normal status to each fault case are analyzed in each phase to reveal the specific fault effects more efficiently.
The fault effects are decomposed in two different monitoring subspaces, principal subspace, and residual subspace, by
capturing their different roles in removing out-of-control signals. The significant increases relative to the normal case
are judged to be responsible for the concerned alarm monitoring statistics in each phase. The others are composed of
general variations that are deemed to still follow normal rules and thus insignificant to remove alarm monitoring statis-
tics. Those alarm-responsible fault deviations are then used to develop reconstruction models which can more efficiently
recover the fault-free part for online fault diagnosis. The proposed algorithm is illustrated with a typical multiphase
batch process with one normal case and three fault cases. VC 2014 American Institute of Chemical Engineers AIChE J,

60: 2048–2062, 2014
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Introduction

A lot of research work has been done in recent years for
online process monitoring and fault diagnosis1 which have
become significant for industrial processes. Chemical process
plant safety, quality improvement, operational constraints
and plant economics and so forth are some of the main
drives. The related methodologies have attracted more and
more attentions from engineers and researchers. Typically,
data driven models from principal component analysis
(PCA)2 or partial least squares (PLS)3–5 are built to decom-
pose process variation information and develop monitoring
charts. The tasks involved in statistical process monitoring
(SPM)6 typically include fault detection, fault estimation,
fault identification and diagnosis and so forth. There has
been tremendous interest in diagnosing the possible root
causes of a fault situation. Different methods7–15 have been
reported for fault diagnosis based on historical measurement
data. In the field of multivariate SPM, the method of contri-

bution plots16–18 has been widely used for years to isolate
the root faulty variables based on the assumption that the
out-of-control monitoring statistics are contributed signifi-
cantly by those faulty variables. This approach does not
need a priori fault knowledge except for a normal statistical
monitoring model, which, however, may result in misleading
results because of the “smearing” effect.13,16,19 Although
there is no fundamental analysis on the conditions of correct
fault identification using contributions, Westerhuis et al.16

have discussed that a fault in one variable can smear to con-
tributions of other variables in traditional contribution plots.
If the actual fault directions can be obtained, the fault can be
diagnosed without ambiguity, including recovering fault-free
data and estimating the fault magnitude. In the context of
PCA models, the concept of fault reconstruction was defined
in the work of Dunia and Qin20 where faults were character-
ized by fault directions or subspaces to estimate the fault-
free part of the measurement data. The procedure to restore
normal conditions by applying a corrective action in the data
is called data reconstruction, and the procedure for identify-
ing a fault by reconstruction for a given type of faults is
called fault diagnosis via reconstruction. In their work, the
fault detectability, identifiability, and reconstructability were
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addressed regarding the applicability of reconstruction
method. Also, the method for extraction of fault feature sub-
space or directions was proposed by performing singular
value decomposition on the averaged historical fault data.14

In general, by modeling on fault data, more specific fault
characteristics can be captured than the case with no fault
data, providing more information for fault diagnosis.

Since 1994, most batch process monitoring methods are
based on multiway principle component analysis (MPCA)
and multiway PLS.21–31 However, although they have been
well developed and applied widely over the last two decades,
there are still some problems. Batch process operation is in
general carried out in a sequence of discrete steps, such as
polymer production, fermentation, semiconductor etching
and so forth. Events taking place in different steps have dif-
ferent characteristics and impose different impacts on the
final product yield and quality. However, conventional multi-
way methods are not easily able to reveal the changes of
process characteristics across phases because they take the
entire batch data as a single object by unfolding the data
throughout the process. Also, it may be difficult for online
application as the new batch data are not complete up to the
concerned time and the unknown future values have to be
estimated. As defined by Undey and Cinar,30 steps occurring
in a single processing unit as a succession of events caused
by operational or phenomenological (chemical reactions,
microbial activities, etc.) regimes are called phases; steps
occurring in different processing units and performing differ-
ent unit operations are called stages. Moreover, Lu et al.32

defined modeling phases according to the changes of under-
lying process characteristics. In the present work, the phase
definition by Lu et al. is used. A batch process may be
divided into several modeling phases where despite that the
process trajectories may be time-varying, the variable corre-
lations stay largely similar within the same phase,32 reveal-
ing the same impact on product quality. Therefore, changes
of variable correlations may be used to indicate changes of
phases. In fact, the multiplicity of phases is an inherent
nature of many batch processes for both normal and fault
cases. Considering different phases exhibit significantly dif-
ferent underlying behaviors, it is desirable to develop multi-
ple phase-based models. Then, each model represents a
specific phase and explains the local process behaviors,
which can effectively enhance process understanding and
improve monitoring reliability.30 Kosanovich et al.33 and
Dong and McAvoy34 developed two MPCA/nonlinear
MPCA models to analyze the phase-specific nature of a two-
phase jacketed exothermic batch chemical reactor, where
monitoring results show that the two phase-based models are
more powerful than a single model. Their phase models,
however, inherit the common weakness of the conventional
MPCA model that the unavailable future data in an evolving
batch should be estimated for online monitoring. Subphase
modeling methods32,35 have been well developed and
applied, which can preserve the dynamic process characteris-
tics and do not require fulfilling missing process observations
for online application. The process time is used as an indica-
tor to adopt the corresponding phase model for online moni-
toring. To get the phase information, many phase partition
methods18,32–37 have been reported for batch processes,
which separate phases based on different principles. Assum-
ing that no a priori process knowledge is available, the
phase information can be identified based on the changes of
underlying characteristics. A clustering algorithm32,35 was

developed to collect similar process characteristics based on
evaluation of distance similarity. However, the clustering
algorithm does not consider the time sequence of operation
phases. Time-slices from different time regions may be
mixed together and cause confusion for phase understanding,
which thus, requires a heavy postprocessing. To overcome
this problem, a sequential step-wise phase partition (SSPP)
algorithm38 was proposed which can get multiple phases in
time sequence and guarantee similar characteristics within
the same phase. However, previous phase partition strategies
only consider a single mode (i.e., only normal processes).
Changes of process characteristics along time direction in
fault cases (i.e., phase nature of fault processes) have not
been addressed yet. As mentioned before, multiplicity of
phases as indicated by changes of process characteristics is
an inherent nature of many batch processes for both normal
and fault cases. In comparison with the phases in normal
processes, the process characteristics in fault cases may be
more complex. For multiphase batch processes, after some
abnormalities happen, the similar process characteristics
within the same phase in the normal case may be changed
under the influences of disturbances. For example, one phase
in the normal case may be further separated into several
modeling phases in some fault case so that each modeling
phase only covers similar fault characteristics while different
phases represent different fault characteristics. For the spe-
cific purpose of fault diagnosis, the fault process information
should be effectively analyzed. By analysis of phase nature
in fault processes, it can reveal how process characteristics
change under the influences of some disturbances. How to
consider multiplicity of fault characteristics and how to ana-
lyze the fault effects relative to the normal case are impor-
tant questions, which, however, have been addressed yet.

For more efficient online quality-relevant fault diagnosis in
multiphase batch processes, this article proposes a phase-based

fault reconstruction modeling strategy. It includes two key fea-

tures: automatic concurrent phase partition from an integrated

and parallel perspective for the normal case and fault cases;

and comprehensive fault subspace decomposition by analyzing

relative changes from normal to fault and checking the faults

influences on monitoring results. The objective of concurrent

phase partition is to simultaneously identify different phases in

time sequence for both normal and fault cases, which can guar-

antee similar characteristics within the same phase and also

provide the basis for the following phase-based analysis of rel-

ative changes. The objective of analysis of relative changes is

to extract those significant quality-relevant fault effects that

have caused out-of-control monitoring statistics. The fault var-

iations with significant increases relative to the normal case

are deemed to be responsible for alarms and should be used

for the development of reconstruction models. The feasibility

and performance of the proposed algorithm is illustrated by a

typical multiphase batch process with one normal case and

three fault cases.
The rest of this article is organized as follows. First, PLS-

based fault detection strategy is preliminarily revisited. Then,

the proposed fault diagnosis methodology is presented for mul-

tiphase batch processes on the basis of PLS monitoring system.

It develops the algorithms of concurrent phase division and

analysis of relative changes for reconstruction modeling and

online fault diagnosis. In Illustrations Section, its applications

to injection molding (IM), a multiphase batch process, are pre-

sented, suggesting its feasibility and efficacy for online fault

diagnosis. Finally, conclusions are drawn in the last section.
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Review of PLS Monitoring Method

Regression modeling methods,3–5,39,40 such as PLS, canon-
ical correlation analysis, and some variations on these meth-
ods, have been used in multivariate SPM in a way similar to
PCA-based methods. It is deemed that PCA-related algo-
rithm can be used to decompose the general process varia-
tions and detect abnormal situations in process variables (X).
Comparatively, PLS-related algorithm can supervise the var-
iations in process variables that are more influential on qual-
ity variables (Y) by decomposing X in a different way.

By PLS, predictor latent variables (LVs) (T) which repre-
sent quality-relevant process variations are calculated by

T5XR (1)

where R is the regression weights to directly calculate LVs from
X. The detailed calculation procedure can refer to previous
work.3–5

Call the regression of X onto the extracted A predictor LVs (T)

PT5 TTT
� �21

TTX

X5TPT1E
(2)

where P Jx 3 Að Þ are the loadings for X, which tell how T

contribute to the variations in X. E N 3 Jxð Þ are the residuals
of X after the explanation of T.

By the PLS algorithm, X are decomposed into one low-
dimensional systematic subspace (T) and one residual sub-
space (RS) (E). Based on the decomposition in Eq. 2, one
T2-statistic for the systematic subspace and one squared pre-
dicted error (SPE)-statistic for the RS are calculated. Assum-
ing the process variables follow a multivariate normal
distribution, control limit for T2 can be obtained using the
F-distribution with a as the significance factor41

T2 � A N221ð Þ
N N2Að Þ FA;N2A;a (3)

Similarly, in the RS, the confidence limit of SPE can be
approximated by a weighted Chi-squared distribution (v)22

SPE � gvh;a
2 (4)

where g5m=2m and h52m2=m, in which m is the average of
all SPE values calculated in Eq. 4, and m is the correspond-
ing variance.

Methodology

In this section, the proposed fault diagnosis methodology
is presented for multiphase batch processes. The flow dia-
gram of the proposed method is illustrated in Figure 1
regarding model development as shown in Figure 1a and
online application as shown in Figure 1b. First, the fault
processes are associated with normal processes for concur-
rent phase division which provides a good platform for the
following phase-based relative analysis and reconstruction
modeling. Then, to better interpret the fault deviations and
more efficiently recover the fault-free part, the relative
changes from normal to fault are analyzed in each specific
phase where the fault effects responsible for the out-of-
control monitoring statistics are modeled for fault correction.
Based on the above modeling procedure, online fault diagno-
sis via reconstruction is performed to isolate the fault causes.

Two important issues are addressed, referring to checking
the changes of quality-relevant process characteristics simul-
taneously for normal and fault cases (i.e., concurrent phase
analysis) and analyzing the difference of process variations
between normal and fault cases (i.e., analysis of relative
changes). The specific implementation procedure is presented
in the following subsections.

Concurrent phase partition

Considering the multiplicity of phases in batch processes,
phase division is an important issue for batch process model-
ing. Automatic clustering-based phase division and phase-
based modeling methods32,35 have been proposed and well
applied for online process monitoring. For readability, the
clustering-based algorithm is briefly revisited in Appendix A.
However, the clustering result requires a heavy and compli-
cated postprocessing38 to get the final phases. Moreover, the
clustering result is greatly influenced by the way to evaluate
similarity, which, however, does not consider the specific
purpose of process monitoring. To overcome the aforemen-
tioned problems, a SSPP38 algorithm was proposed to detect
the phase landmarks in time sequence from the process
beginning step by step. It addresses the phase nature by
tracking the influences of time-varying process characteris-
tics on the performance of monitoring models. For readabil-
ity, the SSPP algorithm is briefly revisited in Appendix B.
Unfortunately, both algorithms only consider the changes of
process characteristics in the normal case for the purpose of
process monitoring. Based on previous analyses, as the fault
deviations relative to normal case are more important for
reconstruction-based fault diagnosis, phases should be ana-
lyzed simultaneously for normal and fault cases by checking
the changes of process characteristics.

In each batch run (batch index i51; 2; . . .; I), assume that J
process variables are measured online at k 5 1, 2, . . ., K time
instances throughout the operation cycle, forming each regular
batch dataset, denoted as X K 3 Jð Þ. Therefore, for the normal
case and each fault case, a three-way data array is available by
collecting data from I batches, X

m
Im 3 J 3 Kð Þ (m 5 1, 2, . . .,

M). There are M cases in all, including one normal case and
M 2 1 fault cases. Besides, quality data Ym Im 3 Jy

� �
are corre-

spondingly collected for Jy quality variables by end-of-batch
measurement. So for each case, the process and quality data
pairs are obtained, {X

m
, Ym}.

The basic analysis unit of quality-relevant concurrent
phase division is time-slice process-quality data pair in each
case. The basic idea is to simultaneously find the phase land-
marks for all cases from the quality-relevant perspective to
make sure that processes enter and leave each phase at the
same time. To achieve this purpose, three rules are consid-
ered for automatic phase division, including the similar
quality-relevant characteristics along time direction within
each case, the time sequence, and the concurrent considera-
tion of all cases. In one word, the phase landmarks are
detected by simultaneously and sequentially checking the
changes of quality-relevant variable correlations from the
process beginning step by step for all cases which is thus
termed quality-relevant concurrent step-wise sequential phase
partition (QCSSPP) algorithm here.

Prepare the time-slice process-quality data pair
{Xm;k I 3 Jð Þ, Ym Im 3 Jy

� �
} (k 5 1, 2, . . . , K) from the pro-

cess beginning of each case. The basic procedure is
described as follows:
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Step 1: Multicase Data Preparation. Input the normal-
ized time-slice regression data pair { �Xm;k, �Ym} (k 5 1, 2, . . .,
K) from each case which are preprocessed to have zero
mean and standard deviation, respectively.

Step 2: Time-Slice-Based PLS Modeling. Perform PLS
algorithm on the time-slice regression data pairs and get the
initial time-slice PLS models, including weights Rm;k

J 3 Rm;k

� �
and loadings Pm;k J 3 Rm;k

� �
(k 5 1, 2, . . ., K).

The number of LVs at each time, Rm;k, is determined by pre-
diction residual sum of squares (PRESS)5 against the number
of LVs for good prediction performance. Then, find the num-
ber of LVs that occurs most frequently throughout the batch
process and accordingly unify it as the dimension of time-
slice PLS models for each case, Rm. Use the updated time-
slice PLS models with the unified dimension for quality pre-
diction. Re-evaluate the prediction results using mean
squared errors (MSE) index at each time k for the concerned
quality indices, which is calculated as

MSE m;k5
1

I

XI

i51

jym;i2ŷm;k;ij
2

(5)

where ym;i Jy 3 1
� �

are the real values of Jy quality indices of
the ith batch in Case m, and ŷm;k;i are the prediction values at
the kth time in Case m. The index, MSEm,k, represents the pre-
diction power of time-slice PLS models to Jy quality indices.

Step 3: Time-Segment-Based PLS Modeling. From the
beginning of batch processes in each case, add the next
time-slice to the existing ones and variable-unfold them,
Xv

m;t It 3 Jð Þ(where subscript t denotes the current time).
Also, the quality data Yv

m;t It 3 Jð Þ are arranged in a similar
way by duplicating �Ym t times so as to have the same row
dimension with that of Xv

m;t It 3 Jð Þ. They prepare the
variable-unfolding regression data pair {Xv

m;t It 3 Jð Þ,
Yv

m;t It 3 Jð Þ}. Perform PLS on the rearranged data matrix
and get the new PLS weight model, Rv

m;t J 3 Rmð Þ, which is
called time-segment PLS model. Evaluate the prediction
results using MSE at each time k up to t

MSE v
m;k5

1

I

XI

i51

jym;i2ŷ
v
m;k;ij

2
(6)

where ŷv
m;k;i are the prediction values at the kth time in Case

m by the current time-segment PLS model. The index,

Figure 1. Flow chart of the proposed algorithm (a) model development and (b) online fault diagnosis procedure.
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MSE v
m;k, represents the prediction power of time-segment

PLS models to each time-slice up to t in each case.
Step 4: Compare Model Accuracy. Compare MSE v

m;k

with MSE m;k for each time slice within the concerned time
region for each case. If more than three consecutive samples
show MSE v

m;k > am* MSE m;k for some case, it means the
addition of the current time-slice have imposed great influen-
ces on the time-segment PLS model and the resulting predic-
tion performance. The time slices before t are denoted as
one phase for all cases. am is a constant attached to MSE m;k,
termed relaxing factor here, which determines how much the
time-segment PLS model in the mth case is allowed to be
less representative (i.e., insufficient predictive power) than
the same-dimensional time-slice PLS models within the con-
cerned time region.

Step 5: Data Updating and Recursive Implementation.
For all cases, remove the time-slice data matrices of the first
phase and the left batch process data are now used as the
new input in Step 3. Recursively repeat Steps 3–4 based on
the updated process beginning for each case to find the fol-
lowing phases.

From the above procedure, to simultaneously identify
phases for the normal case and all fault cases, variable-
unfolding modeling unit is arranged iteratively by adding
new time-slices sequentially and the changes of the resulting
model’s predictive power are checked by prediction errors.
The output is a simultaneous partition of process trajectory
along time direction for all cases. A simple illustration is

shown in Figure 2 for two-case batch processes with equal
batch length to explain the concurrent phase division.

In Figure 2a, for separate phase analysis, the normal case
shows two different kinds of process characteristics (A and
B) corresponding to two phases, whereas the fault case cov-
ers three kinds of process characteristics (M, N, and P) cor-
responding to three phases. In particular, the process
characteristics change differently under the influences of
abnormalities in comparison with those in normal case. For
one specific time slice measured at the kth time, it may lie
in a different phase in the normal case and fault case,
respectively. For example, the process characteristics within
Phase I in the normal case are changed under the influences
of disturbances so that the corresponding time region in fault
case in fact covers two different kinds of fault characteristics
(M and N). Also, the process characteristics within the later
Phase I and the early Phase II in the normal case show simi-
larity after the influences of disturbances so that the corre-
sponding time region in fact only reveals one type of fault
characteristics (N) in the fault case. By the concurrent phase
partition instead of separate phase analysis, four phases are
obtained by simultaneously checking the changes of process
characteristics in both normal and fault cases.

In Figure 2b, another illustration is shown to explain the
idea of concurrent phase analysis. Both the normal and fault
cases cover two phases (i.e., two different types of character-
istics) but with different phase spans. By the concurrent
phase analysis, three phases are available for both cases.

Figure 2. Simple illustration of quality-relevant concurrent phase division for batch processes of the normal case
and one fault case.
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Fault characteristics N are separated into two phases which
will be described separately because of the changes from
process characteristics A to B in the normal case.

In this way, similar process characteristics are guaranteed
within the same phase for the normal case and each fault
case, respectively. And, the changes of process characteris-
tics in any case can be reflected by the switch from one
phase to another. Also, it is noted that the process character-
istics are not distorted as no change or transformation is
made on the process trajectories. The specific process time
can be used as an indicator to judge which phase the process
has arrived at for both normal and fault cases. Then, the rel-
ative changes from normal to fault can be analyzed in the
following subsection to reveal the fault effects within the
specific phase for reconstruction modeling.

It is noted that the divided phases in the present work are
in fact “modeling phases.” They may not, and do not have
to, have the exact correspondence to the physical operations
of batch processes. If the process characteristics within the
physical operation phase have changed, a physical operation
phase can be further divided into multiple modeling phases.
A priori process knowledge can also help to check and
understand the phase division results. However, if no process
knowledge is known, the phase division results can be
checked by trial and error regarding the specific study pur-
pose (fault diagnosis here). Therefore, for different batch
processes or different study purposes, the phase division
results may be different. am is an important parameter to

adjust phase division results. A larger am value means a
larger reduction of model accuracy is allowed, resulting in
fewer phases; a smaller am value means a more accurate
model is needed to describe the time slices, resulting in
more phases. Its influences have been discussed in previous
work38 regarding single-case phase division. Here for sim-
plicity, it is not addressed here.

Phase-based analysis of relative changes

After phase partition, the relationship between normal and
fault cases can be analyzed so that the fault effects can be
better understood. From the perspective of fault detection,
the fault deviations responsible for the out-of-control moni-
toring statistics are in fact the concerned fault effects for
data correction. The relative changes from normal to fault
represent how the fault influences the normal status and dis-
turbs the monitoring results which thus should be analyzed
for the development of reconstruction models in each phase.
The normal process status is the reference case. In compari-
son with the reference case, each alternative fault case is
decomposed based on whether the fault variations increase
in the PLS monitoring systematic subspace and RS, respec-
tively. It is based on the fact that the increased relative var-
iations in each fault case are responsible for alarm signals.

As shown in Figure 3, two phase-representative data sets
are prepared using variable-unfolding in each phase for the
normal case and one fault case, Xv

c;r IrKc 3 Jð Þ and
Xv

c;a IaKc 3 Jð Þ(where subscript r means the reference case

Figure 3. Illustration of batch-unfolding and variable-unfolding batch data arrangement for regression modeling.
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and a denotes one alternative fault case; c indicates phase,
and superscript v means variable-unfolding is used for data
arrangement; Kc denotes the phase duration; Ir and Ia are the
number of batches in the reference normal case and the
alternative fault case, respectively), each being composed of
the same number of variables and maybe different number
of samples. By phase partition in the previous subsection,
for the normal case and each fault case, similar quality-
related process characteristics have been collected in the
same phase and different characteristics are separated into
different phases. That is, the similar characteristics within
the same phase can be described by the same phase model,
revealing similar effects on the final product quality. There-
fore, variable-wise unfolding is used in each phase to
arrange the phase data for both normal case and fault case.
The time-slices in Xv

c;r and Xv
c;a have been centered and

scaled to have zero mean and unit standard deviation,
respectively. The specific modeling procedure is described as
follows.

In systematic subspace of PLS monitoring system:
Step (1). Perform PLS algorithm on {Xv

c;r ,
�Y

v
c;r} to get the

monitoring system

Tv
c;r5Xv

c;rRc;r

X̂
v

c;r5Xv
c;rRc;rPc;r

T

Ev
c;r5Xv

c;rR
e
c;rP

e
c;r

T

8>>><
>>>:

(7)

where Tv
c;rðIrKc;r 3 Rc;rÞ and Rc;rðJ 3 Rc;rÞ are LVs and the

corresponding weights in the systematic subspace; also, the

loadings Pc;rðJ 3 Rc;rÞ can be calculated by Pc;r
T5ðTv

c;r
T

Tv
c;rÞ

21
Tv

c;r
TXv

c;r . They are the first distribution directions

with the largest variation variance in the systematic subspace
which are also the monitoring directions of T2-statistic. Rc;r

is the number of retained PLS LVs determined by PRESS
index.5 Although it is possible to calculate as many system-
atic LVs as the rank of X matrix, not all of them are nor-
mally used. Ev

c;rðIrKc;r 3 JÞ, Re
c;rðJ 3 Re

c;rÞ, and Pe
c;rðJ 3 Re

c;rÞ
are PLS residuals, the corresponding residual weights, and
residual loadings, respectively. Re

c;r is the number of moni-

toring directions left in the PLS RS after the extraction of
systematic LVs, Re

c;r5rankðXv
c;rÞ2Rc;r .

Step (2). Project Xv
c;a onto Rc;r to get LVs Tv

c;a5Xv
c;aRc;r ,

that is, the reference model Rc;r is used to monitor the alter-
native fault case. Define the ratio of variation between the
alternative fault case and the reference normal case in the
systematic subspace as

Ratioc;a;i5
varðTv

c;að:; iÞÞ
varðTv

c;rð:; iÞÞ
ði51; 2; :::;Rc;rÞ (8)

where var wÞð denotes the score variance around the center
of reference data (zero here) and :; iÞð denotes the ith column
vector in a matrix. So, Ratio c;a is a Rc;r-dimensional vector
composed of Ratio c;a;i.

Step (3). Sort the values of Ratio c;a index. If the Ratio c;a;i

value is larger than one, it means that the corresponding var-
iation in the alternative fault case is larger than that in the
reference normal case, which thus, is responsible for out-of-
control T2. Keep the directions corresponding to Ratio c;a;i

values of larger than one, we can get Rc;a
�ðJ 3 Rc;a

�Þ, and
the number of retained directions is Rc;a

�. Rc;a
n are com-

posed of the left directions in Rc;rðJ 3 Rc;rÞ, along which

variations in the alternative fault case stay similar in com-
parison with those in the reference normal case.

Step (4). The process variations explained along Rc;a
� can

be modeled as

X
_

c;a;f 5Xv
c;aRc;a

�Pc;a
�T

5Tv
c;a
�Pc;a

�T (9)

where Tv
c;a
� are LVs separated from Tv

c;a; Pc;a
�T are the cor-

responding loadings, which are calculated as ðTv
c;a
�TTv

c;a
�Þ21

Tv
c;a
�TXv

c;a. Clearly, they make contribution to out-of-control

T2 monitoring statistic in the alternative fault case. PCA is

then performed on X
_

c;a;f to extract the major systematic var-

iations in order with Rc;a;f components

^
X
_

c;a;f 5X
_

c;a;f Pc;a;f Pc;a;f
T (10)

where Rc;a;f is up to rank ðPc;a
�Þ. In this way, the increased

quality-relevant relative variations in the alternative fault
case are separated from those nonincreased ones and mod-
eled orderly.
In RS of PLS Monitoring System:

Step (1). The same as Step (1) in systematic subspace of
PLS monitoring system.

Step (2). Project Xv
c;a onto the column space of Re

c;r to get
the variations along each residual direction in Pe

c;r: Ev
c;a5Xc;

avRe
c;rP

e
c;r

T5
PRe

c;r

j51 Xv
c;are

c;r;jp
e
c;r;j

T. The variation difference

between the alternative fault case and the reference normal
case in monitoring RS is defined as

Dc;a;i5kXv
c;are

c;rp
e
c;r

Tk2
2kXv

c;rr
e
c;rp

e
c;r

Tk2ði51; 2; :::;Re
c;rÞ (11)

where kk denotes the Euclidean length. So, Dc;a is a Re
c;r-

dimensional vector composed of Dc;a;i.
Step (3). Sort the values of Dc;a index. If the Dc;a;i index is

larger than zero, it means that the variation in the alternative

fault case is larger than that in the reference normal case, which

thus may be responsible for out-of-control SPE monitoring sta-

tistic. Keep the directions corresponding to Dc;a;i values of

larger than zeros, we can get Re
c;a
�ðJ 3 Re

c;a
�Þ, and the number

of retained directions is Re
c;a
�. Re

c;a
n and Pe

c;a
n are composed of

the left directions in Rc;rðJ 3 Rc;rÞ and Pc;rðJ 3 Rc;rÞ, respec-

tively, along which variations in the alternative fault case stay

similar in comparison with those in the reference normal case.
Step (4). The process variations explained along Re

c;a
� can

be modeled as

X
_ e

c;a;f 5Xv
c;aRe

c;a
�Pe

c;a
�T

5Tv;e
c;a
�Pe

c;a
�T (12)

where Pe
c;a
�T are calculated as ðTv;e

c;a
�TTv;e

c;a
�Þ21

Tv;e
c;a
�TXv

c;a.

Clearly, X
_ e

c;a;f make contribution to out-of-control SPE moni-

toring statistic in the alternative fault case. PCA is then per-

formed on X
_ e

c;a;f to extract the major systematic variations in

order with Re
c;a;f components

^
X
_

e

c;a;f 5X
_ e

c;a;f P
e
c;a;f P

e
c;a;f

T (13)

where Re
c;a;f is up to rank ðPe

c;a
�Þ. In this way, the major increased

relative variations in the alternative fault case are separated from

those nonincreased ones and modeled orderly by PCA.
Based on the above analysis of relative changes, two dif-

ferent subspaces are separated from the original PLS system-
atic subspace and RS, respectively. The major fault effects
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are extracted and used for fault reconstruction modeling.
Two reconstruction models, Pc;a;f and Pe

c;a;f , capture those
major increased variations in each alternative fault case.
They will be used for the correction of T2 and SPE monitor-
ing statistics, respectively.

Phase-based fault diagnosis via reconstruction

Analysis of fault deviations relative to normal status in
each phase makes the fault effects responsible for alarm sig-
nals clear. The corresponding reconstruction models can thus
better recover the fault-free part for diagnosis of fault causes.
The fault data after the right correction action (i.e., adopting
the correct reconstruction models) are expected to yield no
alarm signals under the supervision of the original PLS mon-
itoring system.

The reconstruction model-based corrections can be calcu-
lated in two monitoring subspaces within each phase

X̂
v

c;a
•5X̂

v

c;aðI2Pc;a;f ðPc;a;f
TPc;a;f Þ

21
Pc;a;f

TÞ

Ev
c;a

•5Ev
c;aðI2Pe

c;a;f ðPe
c;a;f

TPe
c;a;f Þ

21
Pe

c;a;f
TÞ

(14)

where X̂
v

c;a
• and Ev

c;a
• are the left parts of X̂

v

c;a and Ev
c;a after

the data correction, which are deemed to be normal if fault
data are well reconstructed.

After the correction, the statistics are then updated by pro-
jecting the reconstructed data onto the original PLS monitor-
ing system

Tv
c;a
�5X̂

v

c;a
•Rc;r

Ev
c;a
�5Ev

c;a
•Re

c;rP
e
c;r

T
(15)

where Tv
c;a
� are the corrected PLS LVs, Ev

c;a
� are the final

PLS residuals. The corresponding time-slice statistics are
then separated from the variable-unfolding phase statistics
based on the indication of process time. For example, Ta;k

�

are the kth time-slice LVs separated from the phase-
representative scores Tv

c;a
� where the current phase c is also

known as indicated by the process time.
Based on different time-slice statistics, the monitoring sta-

tistics are updated at each time for each alternative fault
case

Ta;k;i
�25ðta;k;i

�2�tr;kÞTRr;k
21ðta;k;i

�2�tr;kÞ

SPE a;k;i
�5ea;k;i

�Tea;k;i
�

(16)

where subscript i denotes the ith batch in each time slice.
ta;k;i

� is the row vector in time-slice LVs Ta;k
�; �tr;k denotes

the mean of time-slice LVs obtained from normal training
data, which is in general zero vector resulting from the
mean-centering preprocessing; Rr;k are the variance-
covariances of time-slice LVs from normal training data.
ea;k;i

� is the row vector in the final PLS residuals, Ev
c;a
�.

In comparison with the original out-of-control monitoring
statistics, the updated monitoring statistics Ta;k;i

�2 and
SPE a;k;i

� should stay well within the predefined confidence
limits after good fault correction. Online fault diagnosis is
performed by finding the specific fault reconstruction models
that can well correct the fault effects and bring the out-of-
control signals back to normal. Whenever a new observation,
xnew ðJ 3 1Þ, is available, it is first preprocessed using the
data normalization information from the reference normal
case. Based on the indication of process time, the current
phase c is known. The normalized new observation is then

projected onto the PLS monitoring models and the monitor-
ing statistics are calculated

tnew
T5xnew

TRc;r

x̂new 5xnew
TRc;rPc;r

T

enew
T5xnew

TRe
c;rP

e
c;r

T

(17)

Tr;new
25ðtnew 2�tr;kÞTRr;k

21ðtnew 2�tr;kÞ

SPE r;new 5enew
Tenew

(18)

Compare the values of two monitoring statistics (Tr;new
2

and SPE r;new ) with the predefined control limits in system-
atic subspace and RS, respectively. If both monitoring statis-
tics stay well within the predefined normal regions, the
current sample can be deemed to be normal. On the contrary,
if alarm signals are issued, the current process is operating
with some faults. Then, fault diagnosis should be taken
online. The online fault diagnosis procedure is implemented
as shown in Figure 1b. The correction includes two steps:
data renormalization and fault reconstruction. For some
faults, the only change relative to the normal status is the
shift of center and/or increase of variable variances. In this
way, the fault effects can be readily removed by data
renormalization using the new center and variance in the
fault data. For the other faults, simple data renormalization
can not remove the alarm signals well enough. Reconstruc-
tion models have to be used to correct them. Therefore, dur-
ing online application, first, data renormalization is
performed and monitoring statistics are updated based on the
renormalized data to check whether alarm signals can be
removed. If not, reconstruction models defined for different
alternative fault cases will be tested in turn to see which can
best correct the current fault data

Table 1. Eleven Process Variables and One Quality Index

Used in IM Process

Variable’s Descriptions Unit

Process Variable No.
1 Valve 1 %
2 Valve 2 %
3 Screw stroke mm
4 Screw velocity mm/sec
5 Ejector stroke mm
6 Mold stroke mm
7 Mold velocity mm/sec
8 Injection press Bar
9 Barrel temperature zone 3 �C
10 Barrel temperature zone 2 �C
11 Barrel temperature zone 1 �C

Quality Index No.
1 Part weight g

Table 2. The Setting of Different Operation Conditions for

the Normal Case and Three Fault Cases in IM Process

Operation Conditions

Case
Barrel Temperature

B.T. (�C)
Packing Pressure

P.P. (Bar)

Normal data 200 30
Fault 1 180 30
Fault 2 200 25
Fault 3 220 35
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x̂new
•T 5 x̂new

TðI2Pc;a;f ðPc;a;f
TPc;a;f Þ

21
Pc;a;f

TÞ

enew
•T 5 enew

TðI2Pe
c;a;f ðPe

c;a;f
TPe

c;a;f Þ
21

Pe
c;a;f

TÞ

tnew
�T 5 x̂new

•TRc;r

enew
�T 5 enew

•TRe
c;rP

e
c;r

T

(19)

Tnew
�2 5 ðtnew

�2�tr;kÞTRr;k
21ðtnew

�2�tr;kÞ

SPE new
�5 enew

�Tenew
�

(20)

If the fault data are well corrected, both updated monitor-
ing statistics Tnew

�2 and SPE new
� will stay well within the

predefined confidence limits. Then, the fault cause is
identified by finding the specific fault data normalization

information and/or fault reconstruction models that can well
correct the fault effects and bring the out-of-control signals
back to normal.

Discussions and analyses

In the present work, the above analyses are made based
on an implicit assumption that the normal and fault proc-
esses operate with equal run duration where the specific pro-
cess time can be used as an indicator to judge which phase-
representative reconstruction model should be adopted. How-
ever, in practical situations, the length of fault processes
may be different from that of normal batches. For example,
batches with severe faults may need to be aborted before the
end of the batch and extra running time (reaction time) may

Figure 4. Phase partition results for multimode IM process with one normal case and three fault cases using (a)
the proposed QCSSPP algorithm and (b) separate partition algorithm.
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be needed for some other faulty batches to meet the quality
constraints. For this problem, two cases are analyzed and
discussed as below:

1. Batches have the same duration in the same fault case
and may have different lengths across different fault
cases. If the major process characteristics and fault
effects have been covered in the common region
between normal and fault processes, only the common
part is used for phase analysis, reconstruction model-
ing, and fault diagnosis. Here, the common region
means the time region in which the batch trajectories
of normal and fault cases overlap in a common time
part. Using the concurrent phase analysis strategy
which is conducted sequentially from the process
beginning, multiple phases are obtained for the com-
mon part of normal and fault cases. The reconstruction
model developed based on phase-based relative analysis
is able to cover the major fault effects regarding their
influences on monitoring performance. The process
time still can be used as an indicator to adopt the
phase-based reconstruction model and perform data
correction for fault diagnosis. On such premise, the

proposed method in the present work provides a simple
solution to handle fault batches with unequal duration,
which does not require equalizing the batch length
beforehand.

2. If batches of one fault case have longer duration than
the other cases and the major fault effects are not cov-
ered in the common time region, the fault data in the
longer part have to be analyzed separately to reveal the
fault characteristics and effects. The proposed strategy
may not work well to handle this problem. Considering
the complexity of unequal-length problem, there may
be various circumstantialities should be integrated and
paid special attention to. The further researches aiming
at the uneven-length problem for phase analysis and
fault diagnosis are promising and certainly will arouse
extensive academic interest in future.

Illustrations

Injection molding process

IM, a key process in polymer processing for manufactur-
ing industry, transforms polymer materials into various

Figure 5. Online monitoring results for one batch from Fault 2 (a) with no correction, (b) corrected by data normal-
ization information from Fault 2, and (c) corrected by reconstruction models from Fault 2 (dashed line,
99% control limits; solid line, the monitoring statistics).

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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shapes and types of products. A typical IM process consists
of three major operation phases, injection of molten plastic
into the mold, packing-holding of the material under pres-
sure, and cooling of the plastic in the mold until the part
becomes sufficiently rigid for ejection. Besides, plastication
takes place in the barrel in the early cooling phase, where
polymer is melted and conveyed to the barrel front by screw
rotation, preparing for next cycle. It is a typical multiphase
batch process and has been widely used for process monitor-
ing and quality analysis.38,42 It can be readily implemented
for experiments, in which, all key process conditions, such
as the temperatures, pressures, displacement, and velocity,
can be online measured by various transducers, providing
abundant process information.

The material used in this work is high-density polyethyl-
ene. Eleven process variables are selected for modeling as
shown in Table 1, which can be collected online with a set
of sensors. One dimension index, weight (g), is chosen to
evaluate the product quality, whose real values can be
directly measured by instruments at the end of each batch.
Besides the normal operation process, three different opera-
tion statues are considered as shown in Table 2 by changing
barrel temperature and packing pressures while keeping the

other operation conditions invariable. Relative to the normal
operation process, they are deemed to be fault cases resulting
from changes of operation conditions. Twenty-eight batches
are generated for the normal case, and 30 batches are col-
lected for each fault case, all with even duration (591 sam-
ples in this experiment), which, thus, result in the descriptor
arrays X

1
ð28 3 11 3 591Þ and X

m
ð30 3 11 3 591Þðm 5

2; 3; 4Þ. The part weights are only measured at the end of
each batch, generating the dependent vector YmðIm 3 1Þ
ðm 5 1; 2; 3; 4Þ. For all fault cases, 20 batches are used for
model development and the other 10 cycles are used for
model testing.

Concurrent phase division and analysis of relative
changes

Prepare the normalized time-slice data matrix Xm;kðIm 3 JÞ
from the process beginning of each case as well as the nor-
malized quality variable YmðIm 3 1Þ. Then, 591 time-slice
data pairs are prepared for regression modeling in each case,

Xm;k;Ym

� �
. First, PLS is performed on each time-slice data

pair for each case. The number of LVs at different time is
determined by plotting PRESS5 again the number of LVs to

Figure 6. Online monitoring results for one batch from Fault 2 corrected using information from different faults (a)
corrected by data normalization information from Fault 1, (b) corrected by data normalization information
from Fault 3, (c) corrected by reconstruction models from Fault 1, and (d) corrected by reconstruction
models from Fault 3 (dashed line, 99% control limits; solid line, the monitoring statistics).

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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keep good quality prediction. Since at most time the number
of LVs is 6, the LV number used for the proposed QCSSPP
algorithm is unified to be 6. Using QCSSPP algorithm, the
normal case and three fault cases are considered simultane-
ously to check the changes of underlying process characteris-
tics. Figure 4a shows the phase partition results using
QCSSPP algorithm where the values of relaxing factor am

are set to be 2.8, the same for all the concerned four cases
(the normal case and three fault cases) for simplicity. This

am value will not result in too many phases and the divided
phases also in general reflect the changes of operation phases
of IM. From the results, it is clear that using the proposed
QCSSPP algorithm, the process can be automatically parti-
tioned into different phases in time order with consistent
phase landmarks across the normal case and three fault
cases. In comparison, the separate phase partition results are
also shown in Figure 4b for each single case. Separate phase
division shows different phase landmarks for different cases

Figure 7. Online monitoring results for one batch from Fault 3 (a) with no correction, (b) corrected by information
from Fault 1, (c) corrected by information from Fault 2, and(d) corrected by information from Fault 3
(dashed line, 99% control limits; solid line, the monitoring statistics).

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

Table 3. Online Fault Diagnosis Results (Mean 6 MADa) by the Two-Step Fault Correction for Training Batches and Testing

Batches

Fault #
Fault Case 1 Fault Case 2 Fault Case 3

Data Correction T2 SPE T2 SPE T2 SPE

Training Batches
By renormalization 9.85 6 12.42 3.70 6 3.83 15.60 6 19.70 3.57 6 2.76 8.61 6 9.52 3.29 6 2.21
By reconstruction models 0.03 6 0.06 0.13 6 0.19 0.19 6 0.33 0.04 6 0.07 0 0.06 6 0.08

Test Batches
By renormalization 11.90 6 11.01 4.59 6 1.75 53.01 6 36.24 13.72 6 7.87 89.71 6 7.95 29.20 6 12.37
By reconstruction models 4.59 6 3.68 0.13 6 0.08 25.11 6 28.51 0.74 6 0.66 20.08 6 20.21 0.61 6 0.58

aMAD: mean absolute deviation, which is calculated as 1
I

�
RN

q51jZq2
RI

i51Zi
I j

�
where Z denotes the values of MAR index for different batches. I denotes the

number of training batches or testing batches. Mean is calculated to evaluate the batch-wise “average” fault diagnosis performance for each monitoring statistic;
MAD can evaluate the batch-wise variability of fault diagnosis performance for each monitoring statistic.

AIChE Journal June 2014 Vol. 60, No. 6 Published on behalf of the AIChE DOI 10.1002/aic 2059

http://wileyonlinelibrary.com


which makes it inconvenient for the following phase-based
analysis of relative changes. Also, the process characteristics
of Fault 3 show faster changes than those of the normal case
and the other two fault cases as it can be divided into more
phases with the same relaxing factor am. Therefore, if phases
are judged only based on the normal case, the faster changes
of process characteristics of Fault 3 may not be well
reflected. For simplicity, the phase division results using the
clustering algorithm shown in Appendix A are not shown
here, where the clustering results require a heavy postpro-
cessing. The proposed QCSSPP algorithm jointly considers
all cases to capture the changes of process characteristics so
that a unified division result is available.

Based on the phase division result, phase-representative
data pairs are arranged for each case and phase-based analy-
sis of relative changes between the normal case and each
alternative fault case is performed to decompose the fault
effects. Fault reconstruction models are then developed in
two PLS monitoring subspaces where the alarm-relevant
fault effects are extracted for online fault diagnosis.

Online fault diagnosis

Based on the normal training data, the PLS monitoring
models are developed and the normal confidence limits are
defined. Online process monitoring is performed for three
fault cases. In general, all faults can be clearly detected by
both monitoring statistics. In Figure 5a, the online fault
detection results of Fault 2 are plotted, revealing alarm sig-
nals throughout the whole process. Fault correction is
required to remove the alarm signals for fault diagnosis.
First, the new data normalization information (i.e., the new
centers and standard deviations) which have been calculated
from training data of each fault case is used for data correc-
tion. After that, fault detection is performed again. In com-
parison with the original online monitoring results, the alarm
signals are reduced to a certain extent for Fault 2 as shown
in Figure 5b. However, the fault effects are still noticed
especially for T2 monitoring statistics. Based on the devel-
oped reconstruction models, Fault 2 is further corrected and
the updated monitoring statistics are shown in Figure 5c.
Clearly, the alarm signals are completely restored to the nor-
mal region by the joint action of data renormalization and
model reconstruction.

Besides, the batch from Fault 2 is also corrected using nor-

malization information and reconstruction models obtained

from the other two faults. The results are shown in Figure 6.

For both monitoring statistics, if data normalization informa-

tion from the other two faults is used, alarm signals are not

restored. Instead, the out-of-control signals are more obvious

as shown in Figures 6a, b. Further, the reconstruction models

from Faults 1 and 3 are used to correct Fault 2 as shown in

Figures 6c, d. For SPE monitoring chart, alarm signals are

falsely brought back to normal in some phases (Phase I and/or

Phase IV) if reconstruction models from the other two faults

are used. But for T2 monitoring chart, the alarm signals are not

reconstructed throughout the batch. Combining the results for

the two monitoring statistics, no other reconstruction models

can falsely correct Fault 2. Therefore, the fault cause is identi-

fied as Fault 2 correctly. The online monitoring results and

fault reconstruction results for one batch from Fault 3 are also

plotted as shown in Figure 7. Using information from Faults 1

and 2, the out-of-control T2 statistic values can not be brought

back to normal while for SPE monitoring chart, some statistic

values may be falsely restored in some phases as shown in Fig-

ures 7b, c. Using information from Fault 3, both out-of-control

monitoring statistics are well corrected to stay well within the

normal regions as shown in Figure 7d. Therefore, the fault

cause is correctly judged.
For the concerned three fault cases, the reconstruction

results are summarized in Table 3 based on the two-step
reconstruction procedure. Only data renormalization is per-
formed in the first step; and both data renormalization and
model reconstruction are taken in the second step. Missing
reconstruction ratio index is calculated for each batch by
counting the number of alarm signals that are failed to be
corrected and dividing it with the batch length (591 samples
here). Then, the average results are evaluated for all batches
using Mean 6 MAD (mean absolute deviation). In general,
the two-step fault reconstruction based on data renormaliza-
tion and model reconstruction is much better than the first-
step reconstruction which only performs data renormaliza-
tion. Also, the results for testing data are worse than those
for training data to a certain extent.

Conclusions

In this article, a quality-relevant concurrent phase partition
and analysis of relative changes algorithm is proposed for
reconstruction modeling and online fault diagnosis in multi-
phase batch processes. By the automatic concurrent phase
partition algorithm, the phase landmarks are identified for
the normal case and all fault cases simultaneously in a con-
sistent way. The phase characteristics in fault cases can be
better understood regarding the changes of process character-
istics under the influences of disturbances. Then, phase-
based relative analysis is performed between the normal and
fault cases within each phase. By a comprehensive decompo-
sition of fault data space, the fault effects responsible for the
out-of-control monitoring statistics can be clearly extracted
and captured for reconstruction modeling. Online fault diag-
nosis via reconstruction is performed in different phases to
identify the fault cause where process time is used as an
indicator to adopt the corresponding phase models. The case
study has demonstrated the performance of the composed
algorithm in fault diagnosis. It is hoped that this report will
provide the basis for future work which might profitably
take the following directions. First, in practice, it may be dif-
ficult to get enough batches for some faults. Therefore, how
to extract fault subspaces and develop reconstruction models
based on limited fault batches require special attentions and
deserve further efforts. Second, how to perform fault prog-
nostic via reconstruction results so as to avoid frequent
downtime is also an interesting issue.
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Appendix A: Clustering-Based Phase Division
Algorithm

Inputs: the patterns to be partitioned, {P
^

1,P
^

2,.,P
^

k}, and the

threshold h for cluster elimination, the minimal phase length,

Lmin.

Outputs: the number of clusters C, the cluster centers

{W1;W2; :::;WC}, and the strict membership of P
^

k to C centers,

mðkÞ.
The index variables are the iteration index i, and the pattern

index, k.

1. Choose C0ði 5 0Þ cluster centers W0
cðc 5 1; 2; . . . ;C0Þ

from the K patterns along the time direction. Practi-
cally, the initial cluster centers can be assumed to be
uniformly distributed in the pattern set.

2. Merge pairs of clusters whose intercenter distance,
dist ðWi21

c1 ;Wi21
c2 Þ, is below the predetermined threshold

h.
3. Calculate the distances from each pattern P

^

k to all of
the centers, dist ðP

^

k;W
i21
c Þ, assign P

^

k to the nearest
center Wi21

c� , and denote its membership as mðkÞ5 c�.
4. Eliminate the clusters that catch few patterns (less than

the minimal phase length, Lmin) after a set number of
iterations to avoid singular clusters.

5. Update the number of cluster centers to be Ci, recom-
pute the new cluster centers Wi

cðc 5 1; 2; . . . ;CiÞ, using
the current cluster membership, mðkÞ.

6. Go back to Step 2 if a convergence criterion is not
met. Typical convergence criteria are minimal changes
in the cluster centers and/or minimal rate of decrease
in squared errors.

Appendix B: SSPP Algorithm

Step 1: Data preparation

Prepare the time-slice data matrix XkðI 3 JÞ from the process

beginning. The variables at each time are then preprocessed to

have zero mean and standard deviation. Input the normalized

time-slice data matrix �XkðI 3 JÞ.
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Step 2: Time-slice-based PCA modeling

Perform PCA algorithm on the time-slice data matrices and get

the initial time-slice models. The number of principal compo-

nents (PCs) is determined by cumulative explained variance

rate2 to keep most of the process variability (90% here). Then,

find the number of PCs that occurs most throughout the batch

process and set it as the unified dimension of time-slice PCA

models, R. Calculate the monitoring statistic values of SPE after

the explanation of PCA model at each time and determine the

confidence limit, Ctrk, by a weighted Chi-squared distribution.22

It represents the reconstruction power of time-slice PCA model.

Step 3: Time-segment-based PCA modeling

From the beginning of batch processes, add the next time-slice

to the existing ones and variable-unfold them within the current

time region, Xv;k� ðIk�3 JÞ (where subscript k� denotes the cur-

rent time). Perform PCA on the rearranged data matrix and get

the time-segment PCA model, Pv;k� ðJ 3 RÞ. Calculate the SPE

values for each time-slice data matrix up to k� by the explana-

tion of the current time-segment PCA model (Pv;k� ðJ 3 RÞ) and

determine the confidence limit at each time, Ctrv,k, by a

weighted Chi-squared distribution.22 It represents the reconstruc-

tion power of this time-segment PCA model to each time-slice

up to k�.

Step 4: Compare model accuracy

Compare Ctrv,k with Ctrk for each time slice up to k�. If more

than three consecutive samples show Ctrv,k>a*Ctrk, where a is

a constant attached to Ctrk, termed relaxing factor here. It means

that the addition of the current time-slice have imposed great

influences on the time-segment PCA monitoring model and the

resulting monitoring performance. The accuracy of time-

segment model is, thus, significantly worse than that of time-

slice models. So, a determines how much the time-segment

PCA model is allowed to be less representative than time-slice

PCA models, that is, insufficient reconstruction power than the

same-dimensional time-slice PCA models. The time slices

before k* are thus denoted as one phase.

Step 5: Data updating and recursive implementation

Remove the first phase and the left batch process data are now

used as the new input data in Step 3. Recursively repeat Steps

3–4 from the updated beginning of the batch process to find the

following segments.
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