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ABSTRACT 

A new statistical diagnosis method for a batch process is 
proposed. The proposed method consists of two phases: off-
line model building and on-line diagnosis. The off-line model 
building phase constructs an empirical model, called a 
discriminant model, using various past batch runs. When an 
out-of-control state of a new batch is detected, the on-line 
diagnosis phase is initiated. The behavior of the new batch is 
referenced against the model, developed in the off-line model 
building phase, to make a diagnostic decision. The diagnosis 
performance of the proposed method is tested using a dataset 
from a PVC batch process.  It has been shown that the 
proposed method outperforms existing PCA-based diagnosis 
methods, especially at the onset of a fault. * 
 
 
1. INTRODUCTION 

 
Batch processes have been utilized in the production of 

high-value-added products such as pharmaceuticals, specialty 
chemicals, bio-technological products, and semi-conductors 
(Bakshi et al. (1994)). To ensure safety and productivity of a 
batch process, one needs to quickly identify the cause of 
process abnormalities when they are detected. Fault diagnosis 
is a set of activities to identify the assignable cause of process 
abnormalities. Subsequently, an operating personnel takes 
appropriate remedial actions based on the diagnosis results. 

Recently, due to the advances in sensing and data 
measurement technology, automated on-line data collection 
has become popular. The availability of large on-line dataset s 
has motivated the study of statistical on-line fault diagnosis. 
Various multivariate statistical techniques have been 
employed for this purpose, including principal component 
analysis (PCA), partial least squares (PLS), and Fisher 
discriminant analysis (FDA) (see, for example, Nomikos and 
MacGregor (1995a), Ceglarek and Shi (1996), Raich and 
Cinar (1996), Raich and Cinar (1997), Ceglarek and Shi 
(1999), Chiang et al. (2000), Rong et al. (2000), Akbaryan 
and Bishnoi (2001)). The multivariate statistical techniques 
for fault diagnosis, in general, are considered to be: easy to 
implement, computationally efficient, and relatively robust to 
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noise (Dash and Venkatasubramanian (2000)).  
The application of such multivariate statistical techniques 

to fault diagnosis, however, has been mostly confined to a 
continuous process. Few methods have been proposed for 
fault diagnosis of a batch process. The existing methods for a 
batch process provide only limited information as to which 
original variable should be investigated further rather than the 
assignable cause per se (Kourti et al. (1995), Bouqé and 
Smilde (1999)). 

This paper proposes a new statistical diagnosis method for 
a batch process using FDA. The proposed method consists of 
two phases: off-line model building and on-line diagnosis. 
The off-line model building phase constructs an empirical 
model, called a discriminant model, using various past batch 
runs. When an out-of-control state of a new batch is detected, 
the on-line diagnosis phase is initiated. The behavior of the 
new batch is referenced against the model, developed in the 
off-line model building phase, to make a diagnostic decision. 
Consequently, the proposed method suggests an assignable 
cause among various pre-defined cause candidates. 

The organization of this paper is as follows. The 
characteristics of a batch dataset and the theoretical 
background for FDA are outlined in Section 2. Then the 
proposed method is presented in Section 3. A case study on a 
PVC batch process is conducted to illustrate the proposed 
method in Section 4. Some practical issues are discussed in 
Section 5. Finally, concluding remarks are given in Section 6.   
 
 
2. BATCH DATA AND FDA 

 
This section presents the characteristics of a dataset 

obtained from a batch process. Then FDA is briefly 
introduced.  
 
2.1 Three-way Batch Data 

The dataset of a batch run can be arranged in a three-way 
array. A batch run has J variables (j = 1, 2, … , J) measured at 
each of K time intervals (k = 1, 2, … , K) throughout the 
batch. The same form of data exists for each of the I batch 
runs (i = 1, 2, … , I) stored in a historical database. Thus, a 
three-way array X is constructed as shown in Figure 1. To 
analyze batch data of such a form, Wold et al. (1987) first 
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proposed the use of multiway PCA (MPCA). As an extended 
version of PCA, MPCA analyzes the batch data by unfolding 
X into a large two-dimensional matrix X. Consequently, the 
“unfolded” two-dimensional matrix X (I × JK) is generated, 
which is also depicted in Figure 1.  
 
 
 
 
 
 
 
 
 

Figure 1. Arrangement and Unfolding of Batch Data 
 
 
2.2 Estimation of Future Observations 

One major problem in the on-line diagnosis of a batch 
process is that the dataset of a new batch is not complete until 
the end of its operation. As can be seen in Figure 2, at a 
specific time interval k*, the unfolded data for the new batch, 

T
newx  (1 × JK), has the measurements only up to the current 

time point k* (i.e., T
k,new *x ). The unmeasured portion of the 

data (i.e., T
k,new *x , called “future observations”) has to be 

estimated. At the next time interval k*+1, by the same logic, 
T

1k,new *+
x  is available and T

1k,new *+x  needs to be estimated.  
 
 
 
 
 
 
 
 

 
Figure 2. Estimation of Future Observations for a New 

Batch  
 
To estimate the future observations, Nomikos and MacGregor 
(1995b) proposed three approaches: zero deviation, current 
deviation, and PCA projection approaches. More recently, a 
new estimation method based on a batch library concept was 
proposed by Cho and Kim (2002).  
 
2.3 Fisher Discriminant Analysis (FDA) 

FDA is one of the statistical classification techniques. Its 
objective is to find certain directions in the original variable 
space, along which the latent groups or clusters in a dataset 
are discriminated as clearly as possible (Fisher (1936)). In 
doing so, FDA produces discriminant score vectors (denoted 
as s) and discriminant weight vectors (denoted as w). The 
discriminant weight vectors are determined by maximizing 
the scatter between groups (denoted as Sb) while minimizing 

the scatter within groups (denoted as Sw). Mathematically, w 
is the eigenvector of the generalized eigenvalue problem 
given below (Duda and Hart (1973)): 

Sbw = λSww. (1) 

In Equation (1), the eigenvalue λ indicates the degree of 
overall separability.  

In a fault diagnosis context, FDA can be useful if 
sufficient historical fault data are available. Using such a data 
set, a discriminant model is derived, based on which one can 
classify a new fault data into one of the known types of fault. 
Chiang et al. (2000) employed FDA to diagnose a continuous 
process. They compared its performance with those of other 
PCA-based methods and showed FDA performed better than 
PCA in diagnosing a continuous process. 
 
 
3. PROPOSED METHODOLOGY 

 
This section proposes a new multivariate statistical 

diagnosis method for a batch process based on FDA. The 
framework of the proposed method is shown in Figure 3. It 
consists of two phases, namely, off-line model building and 
on-line diagnosis.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 3. Framework of the Proposed Diagnosis Method 
 

The off-line model building phase has two major steps. 
Step1 first receives off-line fault data from the data archive. 
The off-line fault data refers to a collection of past 
unsuccessful batches with their assignable causes identified. 
Using the off-line fault data as a training dataset, Step1 
constructs, using FDA, a discriminant model. The 
discriminant model (more specifically, the discriminant 
weight vectors) will be used in Step4 for a new batch 
projection. Step2 determines the optimal dimension of the 
discriminant model to improve the diagnosis performance. 
Based on the selected model dimension, the discriminant 
score vectors of the training data are calculated and stored in 
the model archive. The discriminant score vectors will be 
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used in Step5 in making a diagnostic decision. 
The on-line diagnosis phase is triggered by an out-of-

control signal of a new batch from a monitoring system. It has 
three major steps. Step3 estimates the future observations to 
make the new batch data complete. By projecting the 
completed new batch data onto the discriminant weight 
vectors obtained in Step1, Step4 yields an on-line 
discriminant score vector. In Step5, a diagnostic decision is 
made to identify the assignable cause of the fault. The 
diagnostic decision is based on the distance between the on-
line discriminant score vector of the new batch (output of 
Step4) and the discriminant score vectors of the training data 
(output of Step2). The cause candidate with the minimum 
distance is selected as the assignable cause at the current time 
interval k*. Step3 through Step5 are repeated after k* for 
subsequent diagnosis. Each of the steps shown in Figure 3 is 
presented in more detail in subsections 3.1 and 3.2. 

It should be noted that the scope of this work does not 
include the data archive and the monitoring. Instead, it is 
assumed that an appropriate data acquisition and monitoring 
system is available. For more details on the monitoring of 
batch processes using multivariate statistical techniques, see 
Wold et al. (1987); Nomikos and MacGregor (1995b). The 
proposed approach also assumes that, at any single time 
interval, there is only one assignable cause responsible for the 
out-of-control state in question. Moreover, it is assumed that 
the training data contains all possible assignable causes. The 
practicality of this assumption will be discussed in Section 5.  

Summarized below is the notation used in the following 
subsections, which is also illustrated in Figure 4. Let Z (I × 
JK) be an unfolded training data for FDA. That is, Z is an 
unfolded dataset of past fault batches. The fault batches are 
classified into several groups of faults. The ith row of Z, 
denoted as T

iz  (1 × JK), represents a realization of the 
specific fault, called “fault group gp” (p = 1, … , P). Here, gp 
is defined as a set of fault batches belonging to the pth fault 
group, and P is the number of fault groups or cause candidates. 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 4. Unfolded Training Data Z 

 
In Figure 4, the time origin of an out-of-control state for 

T
iz  is denoted as *

ik  (i = 1, 2, … , I). For example, *
ik  

placed in the second cell of T
1z  means that certain process 

abnormalities start from the second time interval. (Note that 
*
ik  is different for each T

iz , even within the same fault 
group.) Depending on *

ik , T
iz  is decomposed into two 

vectors, T
k,i *

i
z  (1 × J *

ik ) and T
k,i *

iz  (1 × J(K- *
ik )).  

 
3.1 Phase I: Off-line Model Building 

In this phase, a discriminant model is constructed using 
the training data for FDA. Then, the optimal dimension of the 
discriminant model is determined.  
 
Step1: Construction of Discriminant Model 

The within-group-scatter matrix (Sw) and the between-
group-scatter matrix (Sb) are given by: 
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(2) 

 

where pz  is the mean vector of zi vectors belonging to gp, z  
is the total mean vector of all zi vectors, and np represents the 
number of observations (i.e., fault batches) in gp. The FDA 
weight vector, w (JK × 1), is determined by maximizing Sb 
while minimizing Sw. Assuming the invertibility of Sw, w is 
obtained using Equation (1). 
 
Step2: Determination of Model Dimension 

This step seeks to find the optimal dimension of the 
discriminant model. Here, the model dimension represents the 
number of the discriminant weight vectors, wr, retained in the 
discriminant model. As the model dimension increases, in 
general, the diagnosis performance for the training data 
improves. For a new data (which is independent of the 
training data), however, it initially improves and then 
deteriorates above a certain dimension (Chiang, et al., 2000). 
Thus the model dimension must be selected to optimize the 
diagnosis performance.  

The model dimension can be determined by finding α that 
minimizes the following criterion (Chiang et al., 2000): 

n~
)()(J m

α+αθ=α , )1JK,1P(min1 −−≤α≤ , (3) 

where )(m αθ  is the misclassification rate (which is defined 
as the proportion of the observations incorrectly diagnosed) 
for Z and n~  represents the average number of observations 
per groups (i.e., I/P). To calculate )(J α , one should first 
obtain )(m αθ  for each α. This computation could be quite 
cumbersome. We developed a simple, yet efficient 
computational procedure for )(m αθ . The details are given in 
the appendix. For the model dimension determined (which 
will be denoted as minα ), the discriminant weight matrix 

minαW  (JK × minα ) and the mean discriminant score vector 
minp (αs × 1), p = 1, … , P, are stored, and will be used in Phase 

II. Here, ps  is given by:  
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3.2 Phase II: On-line Diagnosis 
In this phase, the on-line diagnosis of a batch process is 

executed when the out-of-control signal of a new batch occurs. 
First, one estimates the unmeasured portion of the new batch, 
and then conducts an on-line diagnosis using the FDA model 
developed in Phase I. Throughout this phase, the current time 
interval k* is set at the time interval when an out-of-control 
signal of the new batch occurs. 
 
Step3: Estimation of Future Observations 

This step estimates the future observations of a new batch  
(i.e., *k,newx  (J(K-k*) × 1)). The outcome of this step is xnew, 
which is a completed new batch data vector. As mentioned 
earlier, there are several different approaches to estimating 

*k,newx . Any approach may be adopted in the proposed 
framework. Suppose, as an example, the estimation approach 
of Cho and Kim (2002) is adopted. After calculating the sum 
of squared errors (SSE) between *k,new

x  and *k,i
z  (i = 1, … , 

I), the *k,i
z  with the minimum SSE (say, *k,q

z ) is identified 
at k*. Then )k( *

newx  would consist of the observed part *k,new
x  

and the estimated part *k,q
z .  

 
Step4: Projection of the New Batch 

This step projects )k( *
newx  onto 

minαW  (JK × minα ). As a 
result, the on-line discriminant score vector for the new batch 
at k*, denoted as snew(k*) ( minα  × 1), is obtained as follows:   

)k()k( *
new

T*
new min

xWs α=  (5) 
The snew(k*) will be used in the next step in order to classify 

)k( *
newx  into one of the fault groups gp (p = 1, … , P).  

 
Step5: Diagnostic Decision Making 

The last step makes a diagnostic decision to identify the 
assignable cause among the P cause candidates. The 
diagnostic decision at k* is based on the distance between 
snew(k*) and ps  (denoted as )k(D *

p,new ), which is given by: 

p
*

new
*

p,new )k()k(D ss −= , p = 1, … , P, (6) 

where ∑
∈

=
pi g

i
T

p
p

n z
zWs

min

1
α , p = 1, … , P. The fault group gp that  

 
yields the minimum value of )k(D *

p,new  is selected as the 
assignable cause at k*. For the diagnosis at subsequent time 
intervals, the entire steps of Phase II can be repeated.  
 
 
4. CASE STUDY: A PVC BATCH PROCESS 

 
The performance of the proposed diagnosis method is 

tested using a dataset from a PVC (PolyVinyl Chloride) batch 
process in a major chemical company in Asia. There are 11 
process variables automatically measured on-line at 241 
sampling times (i.e., J=11 and K=241). In this case study, a 
dynamic simulator for the PVC batch process was used to 
obtain the training data. Through the simulator, 3500 

abnormal batches in 5 fault groups (i.e., gp, p = 1, … , 5) were 
collected. In addition, 10 abnormal batches (i.e., 2 batches for 
each fault group) were collected as the test data. Note that 
none of the test batches was included in Z. In fact, they are 
real data obtained from recent operation of the PVC process 
in the company.  
 
4.1 Diagnosis Results of the Proposed Method 

To determine the optimal model dimension for the 
discriminant model, we calculate the criterion )(J α  for each 
α . The average number of observations per group ( n~ ) was 
set at 700 (=3500/5). The results are: )1(J  = 0.165, )2(J  = 
0.128, )3(J  = 0.053, and )4(J  = 0.069. The minimum value 
of )(J α  occurs at 3=α  (viz., 3min =α ). Then, 

minαW  (2651 × 
3) and ps  (3 × 1) (p = 1, … , 5) are obtained and stored.  

In Phase II, we utilize the 10 abnormal batches as the test 
data to evaluate the diagnosis performance of the proposed 
method. At the detection time k*, the completed xnew(k*) (2651 
× 1) and snew(k*) (3 × 1) are obtained. In estimating the future 
observations, the approach of Cho and Kim (2002) was 
adopted. The proposed method selects one of the 5 fault 
groups in Z as the assignable cause based on the distance 
measured in Equation (6). 

Table 1 shows the results of the diagnostic decision for the 
test batches. The performance criterion is the diagnosis 
success rate (DSR), which is defined as the proportion of the 
observations correctly diagnosed. DSR10 and DSRall 
represents DSR during the first 10 and the entire time 
intervals starting from k*, respectively. Here, DSR10 is used 
as a measure of the diagnosis performance at early time 
intervals. 

 
Table 1. Diagnosis Results for Test Batches 

Proposed PCA-based 
(Wise et al. 1989) Test  

Batch  
DSR10 DSRall 

 

DSR10 DSRall 
1  0.70 0.84  0.60 0.76 
2  0.70 0.82  0.60 0.73 
3  0.70 0.87  0.50 0.79 
4  0.80 0.89  0.60 0.77 
5  0.80 0.91  0.60 0.82 
6  0.90 0.95  0.60 0.85 
7  0.80 0.92  0.50 0.78 
8  0.90 0.97  0.60 0.83 
9  0.90 0.97  0.60 0.87 
10  0.80 0.92  0.50 0.83 

Average 0.80 0.91  0.57 0.80 
 

In the left column of Table 1, the proposed method 
produces quite satisfactory diagnosis results in all the cases. It 
is notable that DSR10 is consistently lower than DSRall. It is 
attributed to the lack of information available in the early time 
intervals. However, it should be mentioned that the early 
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incorrect diagnostic decisions did not persist for a long time. 
As an example, for the case of test batch 1 (though not shown 
here), the proposed method wrongly selected g2 and g4 at k* 
and k*+1, respectively, but consistently selected g1 afterwards 
until the last time interval.  
 
4.2 Comparison of Performance: Proposed Method 
and Existing PCA-based Methods 

In this subsection, we compare the performance of the 
proposed method with those of existing PCA-based methods. 
One such method is to construct and use a single PCA model 
using the data from all fault groups and select an assignable 
cause based on the score values (Wise et al. (1989)). An 
alternative approach is to construct a separate PCA model for 
each fault group, and then select an assignable cause based on 
T2 (Raich and Cinar (1996)) or Q statistics (Ku et al. (1993)). 
It should be noted that all the PCA-based methods mentioned 
above were developed for a continuous process, and not for a 
batch process. However, those methods were selected for 
comparison because they are well-known multivariate 
methods widely used in industrial processes. For a fair 
comparison, we added to the PCA-based methods Step3 of the 
proposed framework (i.e., “estimation of future observations” 
step), which is essential for handling three-way batch dataset.  

First, we compared the diagnosis performance of the three 
PCA-based methods. Wise et al. (1989) happened to show the 
best performance in our case problem. The diagnosis results 
of Wise et al. (1989) are shown in the right column of Table 1 
for a comparison with those of the proposed method. The 
proposed method showed a better performance in that it 
yielded higher DSR10 and DSRall for all test batches. In 
particular, the proposed method showed a significantly better 
performance in terms of DSR10. The average DSR10 value of 
the Wise et al.’s method was 0.57, which corresponds to 71% 
of that of the proposed method (= 0.80). (Though not shown 
here, the average DSR10 values of the other PCA-based 
methods were 0.46 and 0.52.) Overall, the proposed method 
showed a better performance across all test batches, especially 
at the early time intervals.  
 
 
5. DISCUSSIONS 

 
There are several issues that should be investigated further 

to improve the performance of the proposed method. The first 
issue is concerned with the insufficiency of off-line fault data. 
As stated in Section 4, our case study generated a simulated 
dataset and employed it as the training data for FDA. In 
practice, however, the analyst may not have enough number 
of unsuccessful batches to use for the training purpose. 
Unfortunately, the insufficiency of observations in the training 
data causes an invertibility problem in solving Equation (1). 
In such a case, Sw in Equation (1) is always singular and 
traditional algorithm for FDA cannot be used directly. 

Because this problem arises whenever I is smaller than JK, 
the insufficiency of off-line fault data is a very important issue 
in diagnosing a batch process.  

In the face recognition literature, some researchers have 
attempted to solve the aforementioned problem (which is 
called a “small sample size problem”). Tian et al. (1986) 
utilized a positive pseudoinverse matrix +

wS  instead of −
wS . 

Cheng et al. (1992) and Chen et al. (2000) proposed another 
method based on rank decomposition and the null space of Sw, 
respectively. Yu and Yang (2001) modified the method of 
Chen et al. (2000) and produced improved results on face 
images. Utilizing similar ideas, systematic methods to handle 
the small sample size problem in the context of batch 
diagnosis are now under development.  

The second issue is concerned with the diagnosis in the 
case of a new type of fault. Unfortunately, the proposed 
method cannot effectively handle such a case. Ideally, the 
training data is adaptively updated so that it covers all 
possible types of faults. Then, the update scheme of the 
training data, prescribing when to update the training data 
with which information, is essential. This is expected to be 
highly important, particularly when the batch process has 
frequent operational changes over time. Finally, the 
improvement and stabilization of the diagnosis performance 
at the beginning of a fault would be an important issue in 
practice. 
 
 
6. CONCLUDING REMARKS 

 
A new statistical method for diagnosing a batch process 

has been proposed in this work. Using a dataset from a PVC 
batch process, it has been demonstrated that the proposed 
method outperforms existing PCA-based methods in terms of 
diagnosis success rate, especially at the early time intervals.   

To our knowledge, this is the first work which attempts to 
develop a systematic method to identify a specific assignable 
cause of a fault in a batch process. As such, we expect the 
proposed framework and model to serve as a platform based 
on which a more comprehensive research agenda can be 
developed in the quality, statistics and reliability (QSR) 
research community. As an initial effort, small sample size 
problem and fault-library update problem have been identified 
as promising future research issues.  
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APPENDIX 
 
Computational Procedure of )(m αθ  

 
To calculate )(m αθ  for each α, Z is projected onto wr, r = 

1, … , α. The discriminant score vector for zi, denoted as si (α 
× 1), is obtained as follows:   

i
T

i zWs α= , i = 1, … , I, (A1)

where αW (JK × α) represents the discriminant weight matrix. 
To classify zi into a fault group, si is compared with the mean 
discriminant score vector for gp (i.e., ps , p = 1, … , P). For 
this purpose, the Euclidean distance between si and ps , piD , , 
is calculated as follows: 

pipiD ss −=, , i = 1, … , I, p = 1, … , P. (A2)

Based on Equation (A2), zi, i = 1, …I, is classified into the 
fault group with the minimum piD , . Then it is possible to 
determine whether or not the classification of zi, i = 1, …I, is 
correct. Finally, )(m αθ for a specific α is obtained by 
numerating the number of zi misclassified.  


