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A methodology is presented for qualitative modeling and simulation of the temporal
behavior of individual variables and the composite process. The temporal behavior of a
variable in a windowed time scale is captured categorically using principal-component
analysis, while the process is modeled as a causal digraph with interacting and recycle
nodes. Rigorous, rather than ad hoc, reasoning rules can be devised for the causal
digraph using a learning mechanism. Quantitative information can also be incorporated
into the method with the introduction of fuzzy c-means clustering without compromising
the cognitive level of information embedded in the nodes and the digraph.

Introduction

Process operators are the crucial agents in the overall con-
trol system who are responsible not only for many control
tasks that are not automated, but more importantly for un-
dertaking supervision of the general strategy and developing
an understanding of the process’s temporal performance. The
understanding is used to identify problems in the current op-
eration, deteriorating performance, and better operational
regions that can lead to improved product and operating effi-
ciency. Operators carry out these tasks by assimilating the
data collected by the computer-control systems and subse-
quently developing a mental model of the temporal behavior
of individual variables and the composite process. This is a
challenging task, because the number of variables that need
to be simultaneously monitored is large and they evolve with
time and interact with each other. The cognitive level of in-
formation presented to operators by modern computer-con-
trol systems is low. This deficiency is more obvious when the
process is under abnormal operations. This means that tech-
niques and tools need to be developed to help operators
in carrying out the role more effectively. Although much
work has been done in recent years in developing operational
decision support systems using expert systems and neural
networks, the focus has been on providing operators with so-
lutions in case of process malfunctions, not specifically on
improving the cognitive levels of information on the temporal
behavior of processes.

The temporal behavior of a process is defined by the vari-
ables and their interacting relationships. Subject to the influ-
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ence of disturbances, if the degree of freedom of the system
is zero and the responses of all variables are bounded, the
system will eventually reach a new steady state. Traditionally,
the temporal behavior of a process is simulated by simultane-
ously solving multiple, and generally implicit, differential and
algebraic equations. Although numerical simulation is rigor-
ous, it is not able to give a causal picture of the
system’s temporal behavior, and therefore is not ideal for
high-level cognitive decision making, which often requires
qualitative and logic reasoning. In addition, rigorous simula-
tion can be hampered when models of systems are incom-
pletely specified, either due to lack of knowledge about the
fundamental principles governing the behavior, and so limit-
ing the scope of prediction, or because even if a representa-
tive model is available, the parameters cannot be precisely
determined.

Efforts were made by Bakshi and Stephanopoulos (1996,
1994a,b) to devise methods to qualitatively describe the tem-
poral behavior of processes. Their procedure was divided into
two steps: qualitative representation of the temporal behav-
ior of individual variables, followed by qualitative characteri-
zation of the composite process. The temporal behavior of a
variable’s trajectory was described qualitatively using triangle
episodes. The temporal process trends were then obtained
using inductive learning that generates a decision tree. In an-
other study, Wang and Li (1999) used principal-component
analysis (PCA) to generate qualitative features from trend
signals. Inductive learning was also used to extract rules and
decision trees from previous operational data. One of the
limitations of the preceding methods is that inductive learn-
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ing tends to give an oversimplified decision tree because the
dependent variables are eliminated during the induction.
Most importantly, using a decision tree to describe the be-
havior of a process is not sufficient because in a tree graph,
every node except the root node, has only one input link and
no recycle links are allowed. This is clearly an oversimplified
description of the dynamic behavior of a process, where vari-
ables are often dependent in complex ways due to the exist-
ence of control loops, recycle streams, and inherent links of
variables.

In this article, a digraph methodology is presented for
modeling and simulating the temporal behavior of individual
variables and the composite process, both qualitatively and
quantitatively. The basic idea is described in the following
section. There are two critical issues in the proposed method.
The first is how to categorically capture the feature of a dy-
namic transient. The approach employed in this work is de-
scribed in the fourth section. The fifth section addresses the
second issue, which is concerned with devising a rigorous
rather than ad hoc reasoning mechanism in such a digraph,
particularly when there are interacting and recycle nodes. In
both the fourth and fifth sections, the method is presented as
a purely qualitative technique. It will be further extended in
the sixth section to include quantitative information. This is
achieved through the introduction of the method of fuzzy c-
means clustering for grouping node values, and a correspond-
ing reasoning approach is subsequently devised that is de-
scribed in the same section. To ease the introduction of the
fourth and sixth sections, the mathematical background to be
used in these three sections will be first described, in the
third section.

Modeling Process Temporal Behavior Using
Digraphs with Interacting and Recycle Nodes

In this study we will use digraphs with interacting and recy-
cle nodes to describe the temporal behavior of a process. A
digraph consists of a set of nodes and a set of directed links
between the nodes. In this study, the node is used to describe
the transient behavior of a variable over a windowed time
scale. The directed link between two adjacent nodes repre-
sents the cause—effect relationship between them. A complex
digraph is always the composition of three basic connections,
that is, serial, divergent, and convergent, as shown in Figures
1a, 1b, and 1c.

The basic idea can be illustrated by reference to Figure 2.
In the digraph there are sequential relationships, for exam-
ple, x; = X, — Xg; interacting relationships, for example, x,

VR .
< Xz, and recycles, for example, Xg < X; < Xg. The interact-
ing and recycle relationships can be the result of closed con-
trol loops, process recycles, and inherently related interacting
causal relationships such as the temperatures of the hot and
cold streams of a heat exchanger.

The nodes are shadowed, implying the temporal states of
variables. A temporal state of a variable is a trend in a win-
dowed time scale. Figure 3 illustrates the temporal trend of a
variable in a windowed time scale. A fixed window width can
be given. When the operation moves from the current sam-
pling instant to the next instant, a new data point comes into
the window (from the righthand side in Figure 3), and a data
point at the left end of Figure 3 will move out of the window.
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(a) Serial connection

(b) Diverging connection

e e ”

(c) Converging connection

Figure 1. Three basic connections in a digraph.

Suppose at time t <0, the process system is at steady state.
At time t> 0, both nodes x, and xq are subject to changes
due to external factors, the changes will pass the influence
onto their adjacent nodes x, and x,, and further propagate
to all other nodes of the network in a dynamic and interact-
ing way. The system as a whole will struggle to move to a new
steady state. However, it may not always be able to head to a
new steady state, indicating a situation that is out of control.
Such a diagram containing interacting nodes is clearly a more
accurate description of a system’s behavior than a decision
tree where no recycles are allowed and each node only has
one input link.

It is appropriate here to clarify the difference of the cur-
rent digraph with previous work. Since signed digraph (SDG)
was first used by Iri et al. (1979) as a tool for process fault
diagnosis, there have been many publications on this topic,
which have been reviewed by Huang and Wang (1999) and
Wang (1999). The studies have so far focused on fault diag-
nosis, however, rather than on simulation, which is the task
of the current study. In addition, the majority of the studies
have considered only steady-state situations. Several efforts
in applying SDG to dynamic situations have achieved only
very limited success, mainly because of the limitation of the
methods used in qualitatively describing the temporal trends
of variables. In this study, a new method for representing a
variable’s temporal behavior, which is able to both qualita-
tively and quantitatively capture the temporal feature of a
variable’s transient behavior, will be presented. These differ-
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Figure 2. Conceptual illustration of digraph modeling of
process temporal behavior.

ences will become clearer when the methods are described in
detail in the fourth and sixth sections. It is also important to
notice that Figure 2 represents a digraph (DG) but not an
SDG, because there is no need to attach a sign to a connec-
tion.

It is also necessary to clarify the difference between the
current work and that of Vedam and Venkatasubramanian
(1999), who proposed an interesting approach of SDG and
PCA integration for process monitoring and fault diagnosis.
In their system, as in previous works, PCA was used to de-
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Figure 3. Temporal behavior (trend) of a variable in a
windowed time scale.

velop multivariate monitoring systems. SDG was introduced
as a tool to automate the interpretation of PCA-based vari-
able contributions. The method proposed in this work is very
different because in this study PCA is used as an approach
for categorically characterizing the temporal behavior of indi-
vidual variables, and the new digraph is used to model pro-
cess temporal behavior.

The procedure of developing a digraph to describe process
temporal behavior is as follows.

Step 1. Draw the digraph based on the knowledge of the
process.
Step 2. Categorically describe the temporal behavior of all

individual variables. There are two options, either using
purely qualitative (fourth section) or a combination of quali-
tative/quantitative descriptions (sixth section).

Step 3.  Automatic generation of rules describing the rea-
soning mechanism in the digraph. There are two methods,
depending on whether the categorical description of the vari-
ables’ temporal behavior obtained in step 2 is purely qualita-
tive or a combination of qualitative and quantitative descrip-
tions.

Before steps 2 and 3 are described in detail in the fourth
and sixth sections, it is helpful to first introduce the mathe-
matical techniques that will be used. These include principal-
component analysis (PCA) and fuzzy c-means clustering.

Mathematical Techniques Used in the
Methodology

Principal-component analysis

PCA was originally developed in the 1900s (Hotelling, 1933;
Pearson, 1901), and has now reemerged as an important
technique in data analysis. The central idea is to reduce the
dimensionality of a data set consisting of a large number of
interrelated variables, while retaining as much as possible of
the variation present in the data set. Multiple regression and
discrimination analysis used variable selection procedures to
reduce the dimension, but result in the loss of one or more
important dimensions. The PCA approach uses all of the
original variables to obtain a smaller set of new variables
[principal components (PCs)] that can be used to approxi-
mate the original variables. The greater the degree of corre-
lation between the original variables, the fewer the number
of new variables required. PCs are uncorrelated and are or-
dered so that the first few retain most of the variation pre-
sent in the original set.
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Given a data matrix X representing n observations of each
of p variables, x;, X,, ..., Xp» the purpose of PCA is to de-
termine a new variable y,, that can be used to account for
the variation in the p variables, x;, X,, ..., Xp- The first
principal component is given by a linear combination of the p
variables as

Y1 =Wy Xg + Wip Xy + o Wy p Xy, D

where the sample variance is greatest for all of the coeffi-
cients (also called weights), wy;, Wy, ..., W, conveniently
written as a vector w;. The wy;, Wy,, ..., Wy, have to satisfy
the constraint that the sum-of-squares of the coefficients, that
is, wjw,, should be unity.

The jth principal component is a linear combination

yj = WX )

that has greatest variance subject to wiw; =1 and wjw; =0,
for i <.

To find the coefficients defining the first principal compo-
nent, the elements of w, should be chosen so as to maximize
the variance of y, subject to the constraint, wiw, =1. The
variance of y, is then given by

Var(y,) =Var(w;x) = w;Sw,, 3)

where S is the variance—covariance matrix of the original
variables. The solution of w; =(wy;, Wy,, ..., W;,) to maxi-
mize the variance vy, is the eigenvector of S corresponding to
the largest eigenvalue. The eigenvalues of S are roots of the
equation,

IS—All=0. 4)

If the eigenvalues are A;, A,, ..., Aps then they can be
arranged from the largest to the smallest. The first few eigen-
vectors are the principal components that can capture most
of the variance of the original data, while the remaining PCs
mainly represent noise in the data.

In the past few years there has been a great interest in
using PCA to develop on-line statistical process control charts
for process monitoring (such as MacGregor and Kourti, 1995;
Neogi and Schlags, 1998; Dunia et al., 1996; Chen et al., 1996;
Negiz and Cinar, 1997; Dong and McAvoy, 1996). In all the
applications, the data concern different variables, and the
PCA was used to process a two-way data matrix of X(I X J),
where | is the number of variables and J the sampling points.
The method also has been extended to batch processes, that
is, the multiway PCA, where the data are in three ways, X(I
X J X K), where 1 is the number of batch runs, J the num-
ber of variables, and K the sampling intervals (Nomikos and
MacGregor, 1994). In all these applications, the purpose has
been to eliminate the dependencies among the variables. As
will be illustrated in the fourth section, the purpose of using
PCA in this study is different from the previous works. Our
purpose is not to eliminate the dependencies between vari-
ables. Instead, PCA is used to categorically characterize the
evolving trajectories of individual variables.
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Fuzzy c-means approach

The fuzzy c-means clustering is an iterative pattern-recog-
nition approach that is based on fuzzy set theory (Friedman
and Kandel, 1999; Bezdek, 1981). A fuzzy set consists of ob-
jects and their respective grades of membership in the set.
The grade of membership of an object in the fuzzy set ranges
from 0 to 1.0 and is given by a subjectively defined fuzzy
membership function. Essentially the grade of membership is
a quantitative method of expressing the fuzziness of impres-
sion. It stems from a grouping of elements into classes that
do not have sharply defined boundaries.

Given m data cases (X;, X,, ..., Xy}, each data case x; is
described by n attributes and suppose the m data cases can
be partitioned into C clusters. The fuzzy c-means approach
is an algorithm that can automatically identify the center of
each cluster and calculate the membership values of each data
case to each cluster. In order to introduce the approach, it is
necessary to define the fuzzy membership function and fuzzy
performance index, which can be used to compare different
center schemes.

For a cluster C; that is centered at y;, the Euclidean dis-
tance |l x;— y; |l between x; and vy; is

dij=||xj—yi|\, l<i<ec, l<j<m. (5)
The fuzzy membership value of x; belonging to C; is defined
by

Q)

where B is a tuning parameter that controls the degree of
fuzziness in the clustering process, provided that d; + 0 for
all 1<i<ec. If d;=0, we define ¢;; =1.
Given the number of clusters, c, the fuzzy clustering pro-
cess is defined as the process of finding cluster centers vy, y,,
.., Y. that minimize the following fuzzy performance index:

X dilizi—x02,

j=1i=1

l<ic<ec. ©)

Clearly it is generally a complex nonlinear problem. The fuzzy
c-means algorithm is an interactive procedure that updates z;
using the last iteration’s membership values (Friedman and
Kandel, 1999; Bezdek, 1981). Updating z; is done by mini-
mizing c local performance indices, namely,

m
2
Y billzi—x11%,

j=1

l<i<c. (8)

The updating of the center of an arbitrary fuzzy cluster, C;, is
given by

m
k)
Z iy X
(k+1)_ =1
I

e C))
¥ o

j=1
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Table 1. Example of Fuzzy Clustering

Xq Xy X3 X4 X5

Cluster 1 0.961 0.981 0.946 0.038 0.040
Cluster 2 0.039 0.019 0.054 0.962 0.960

where qbi(jk) denotes the membership value of x; in C; after
the kth iteration.

As an example, we consider partitioning five data cases into
two clusters, where each data case is of two dimensions, x; =
0,07, x,=0,D7, x,=1Q,D7, x,=(3,3)7, and x;=4,2)".
Starting with an approximation of the two cluster centers,
(0,0)T and (3,2)", after five steps, the center was found to be
(0.411, 0.715)" and (3.333, 2.399)", and the membership val-
ues of x; are shown in Table 1.

Categorical Characterization of the Temporal
Behavior of Individual Variables

Graphically represented dynamic trend of variables are a
convenient representation to operators in evaluating the cur-
rent operational status of a process and anticipating possible
future developments. A survey has revealed that operators
spend 71% of their time on monitoring dynamic trends
(Yamanaka and Nishiya, 1997). However, in order to make
efficient use of trends in a computer-based reasoning system,
a proper interpretation method is required. In this section,
we first introduce the method used in this study, and then
compare it with previously published approaches.

Method

The method mimics the way operators conduct reasoning.
Therefore, it is useful to examine how an operator makes use
of trend signals. We use Figure 4 to help the discussion. Fig-
ure 4 shows a serial connection, F, — L, where there is only
one incoming connection for L. Figure 4 also shows 75 differ-
ent temporal trends of F; in a window of the size of 80 sam-
pling points, as well as the corresponding responses of L. An
operator can immediately recognize that the 75 trends of F,
can be clustered to three different types of shapes, denoted
as a, b, and c in the figure. Similarly, the trend signals of L
can also be grouped into three types of shapes, denoted as d,
e, and f. The operator will also find that when F; has the
shape of a, then L will respond, following the shape of d.
Similarly, if F; has the shape of b or c, then L will respond
following the trajectories of e or f. Essentially, this is a pat-
tern-recognition process, and each pattern is represented by
a single and categorical value.

The approach used in this work mimics this process and
was initially developed in our early study (Wang and Li, 1999).
Even though readers can refer to Wang and Li (1999) for
detailed information on the method, a brief introduction of it
is still given here, because it will be extended by introducing
fuzzy c-means clustering in the sixth section.

Consider F; in Figure 4, where the 75 trends in the window
equal to the size of 80 sampling points form a data matrix of
75x%80. The method involves processing the data matrix us-
ing PCA. Plotting the first two principal components gives
three clusters, that is, A, B, and C (Figure 4). Similarly, for
the variable L, the dynamic trends are also grouped into three
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clusters, D, E, and F, in the PC1-PC2 plane. Rules can be
easily generated for this simple case,

IFF,=A THEN
IFF,=B THEN
IFF,=C THEN

r - r
Il
M m o

In the case study in this article, it was found that two princi-
pal components can effectively capture the features of dy-
namic trends. Table 2 summarizes the variance that the first
two PCs captured for all the variables represented in Figure
5, which relates to a CSTR reactor described in the Ap-
pendix. From Table 2 it can be seen that PC1 and PC2 can
capture most of the variance for all the variables. Figure 6
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Figure 5. Dynamile trends for the varlables
of the CSTR reactor.
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Table 2. Variance Captured by the First Two Principal

Components
Variance Captured
Variables PC1 PC1+PC2
F 95.6 97.0
T 97.3 98.7
C; 96.8 98.6
Twi 975 98.9
Fy 92.1 94.2
Fo 92.6 94.4
TR 92.2 95.0
Co 85.6 84.1
L 54.4 75.8

shows the variance captured by PC1 and PC2 for the vari-
ables TR, Co, and L. Figure 7 shows the groupings.

In cases where the first two PCs are not able to capture
most of the variance (for example, 93%), more PCs need to
be included in clustering the trends. For this purpose, fuzzy
c-means clustering can be used, as will be described in the
sixth section. Even in such cases, the two-dimensional
PC1-PC2 plot can still be used as a display tool because of
its visual effect.

The current use of PCA is clearly different from previous
works. In previous works, PCA was almost inevitably used to
process data involving a number of variables, and the pur-
pose was to eliminate dependencies between variables. But
in this study, it is used as a tool to categorically characterize
dynamic trends of individual variables.

Comparison with previous methods

In order to make a comparison with earlier methods, it is
necessary to briefly review the literature on qualitative inter-
pretation of dynamic trends. The need to qualitatively de-
scribe dynamic trends was first recognized when expert sys-
tems were introduced for process monitoring and fault diag-
nosis. In the early work of expert systems such as G2 (Moore
and Kramer, 1986), simple descriptors were employed to de-
scribe dynamic trends, such as temperature increase or de-
crease. Later various other approaches were proposed, in-
cluding episodes (Cheung and Stephanopoulos, 1990,a,b;
Bakshi and Stephanopoulos, 1994,a,b; Janusz and Venkata-
subramanian, 1991), neural networks (Whiteley and Dauvis,
1992), and wavelets (Bakshi and Stephanopoulos, 1994a,b;
Chen et al., 1999). It should be pointed out that the neural-
network method of Whiteley and Davis (1992) and the wavelet
method of Chen et al. (1999) can hardly be regarded as quali-
tative approaches. It is probably more appropriate to con-
sider them as dimension-reduction techniques. Among all the
approaches just listed, the episode methods (Bakshi and
Stephanopoulos, 1994a,b; Janusz and Venkatasubramanian,
1991) have an objective that is most relevant to the current
study, and are therefore briefly reviewed and compared with
the current method below.

Janusz and Venkatasubramanian (1991) used nine primi-
tives to represent any plots of a function. The method was
further evolved to seven episodes, as shown in Figure 8. A
dynamic trend of a variable in a windowed time scale is a
series of episodes that, when grouped together, can capture
the feature of the trend. Cheung and Stephanopolous
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(1990a,b) developed a similar approach which uses seven
primitive triangles to describe a trend. These original
episode-based methods suffer from being weak in dealing with
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the adverse effect of noises. As a result, Bakshi and eliminate the noise components, and at the same time, auto-

Stephanopolous (1994a,b) further developed the triangular
approach by introducing the wavelet-based multiscale signal-
analysis technique. Wavelet multiscale analysis is able to
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matically identify the inflection points of a trend signal. An
inflection point is considered to be the connection of two
episodes.
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Figure 8. Seven episodes.

The triangular episode representation was further used to
develop inductive rules for product quality monitoring. An
example of such rules is “if the trend follows {... AB CD A
D AB ...}, the batch run is likely to be bad,” where AB, CD,
A, D, and AB are different episodes. It is clear that the level
of cognition of such a description is still not very high. In
addition, the discrimination and clustering of trends is not
straightforward. For example, the three trends in Figure 9
can be converted to:

x,=[B CD A D AB C]
x,=[B CD AB CD AB C]
x;=[B CD A D AB C] (10)

Based on visual inspection of the original trends, we can im-
mediately tell that x, and x, are similar and that they are
distinct from x,. It is not so easy to reach such a conclusion
by looking at their qualitative representations using episodes,
as shown in Egs. 10. The episode approaches are not based
on pattern recognition. Clearly, the method used in this work
using PCA is a more compact and accurate representation of
dynamic trends.

Another difference of the current approach with the
episode—wavelet approach of Bakshi and Stephanopoulos
(1994a,b) is worth noting. The episode—wavelets method ana-
lyzes the trends of a variable one by one. For instance, the
three trends in Figure 9 were analyzed separately to get the
result in Eqgs. 10. Comparatively, the PCA-based method deals
with the trends of a variable in one step. For instance, to get
the PC1-PC2 plane, the 75 trends of F; in Figure 4 were
processed in a single step.

Another point that needs to be addressed is that earlier
works on qualitative representation of dynamic trends, and
on SDG, were developed separately. The techniques for
qualitative representation of dynamic trends have not been
effectively incorporated into SDG. For example, even in the
most recent publications regarding SDG, for instance, Lee et
al. (1999), such descriptors as high, low, and normal are still
used in describing trends.
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Figure 9. Three trends and their episodes (Bakshi and
Stephanopoulos, 1994a,b).

Reasoning Mechanisms

Having described the method for the categorical character-
ization of the temporal trends of variables in a windowed time
scale, it is now appropriate to develop the reasoning mecha-
nism. The reasoning mechanism for a digraph containing no
interacting and recycle nodes will be introduced first, and is
then extended to deal with interacting and recycle nodes. To
aid the illustration of the procedures, a small data set (Table
3), which contains a collection of three data cases represent-
ing six variables, each taking three categorical values, is used
throughout the discussion. The categorical values are sup-
posed to have been obtained by processing temporal trends
of three variables, x;, X,, and Xz, using the method de-
scribed in the previous section.

Basic connections and reasoning
For a digraph containing no interacting nodes, there are

three basic connections, that is, serial (Figure 10a), conver-
gent (Figure 10b), and divergent (Figure 10c). For the serial
connection of Figure 10a, the reasoning rules that we learned
from Table 3 for x, — x, and x, — x5 are
IF x,= ATHEN x, =B; IF x;,= B THEN x, = A;

IF x,=C THEN x, =C,
IF X, =B THEN x;= A; IF x, = ATHEN x; = B;

IF x,=C THEN x;=C.

For the convergent connection of Figure 10b, the rules in-

duced from Table 1 are
IF x,= Aand x,=B THEN x;= A; IF x, = B and
X, = ATHEN x;=B; IF x;=C and x,=C THEN x;=_C.
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Table 3. Example Data Collection for Illustrating Reasoning

Mechanism
Data Case X1 Xp X3 X4 X5 Xg
1 A B A C C A
2 B A B B A c
3 C C C A B B

For the divergent connection of Figure 10c, the rules ob-
tained are
IF x,= ATHEN x, = B THEN

Band x;= A; IF x;=

= Aand x;=B; IF x;,=C THEN x,=C and x;=C.

If the value of a node, such as due to operator’s intervention
or a fault, is fixed externally, it becomes an independent node.
An independent node will not be affected by its precedent
nodes, but will still influence its succeeding nodes.

Interacting and recycle nodes

The difficulty with dealing with interacting nodes was first
encountered in the work of Iri et al. (1979) when a control
loop had to be considered when applying SDG to fault diag-
nosis. Like Iri et al. (1979), most later developments adopted
ad hoc methods for dealing with interacting nodes, which are
often based on some assumptions. They are specifically de-
signed for fault diagnosis and adopt a hypothesis—test strat-
egy. The difficulty with the previous works in dealing with
interacting nodes was also the result of their inability to de-
scribe node values more accurately than simply+, —, and 0.
An interesting and also more reasonable approach was devel-
oped by Mo et al. (1997) and Lee et al. (1999), who treat all
the nodes related to a single control loop as a cluster. Our
method of dealing with interacting as well as recycle nodes is
similar to the approach of these authors, though our ap-
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Figure 10. Basic connections in a digraph.
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proach is not restricted to control loops, and node values are
not in the form of +, —, and 0. Various examples of inter-
acting and recycle nodes are depicted in Figure 10. A de-
tailed reasoning procedure is described below based on these
situations.

When a node (or nodes) is a dependent node, we consider
all its interacting and recycle nodes as a single node. This is a
reasonable consideration because, for example, Figure 10d,
when there is a change in x,, the changes in x, and x; are
correlated. If we only consider the first data set in Table 3,
then the rules for Figures 10d-10h are:

For Figure 10d  IF x,= A THEN (x, =B and x;= A)

For Figure 10e IF x,= A and x,=C THEN (x, =
and x;= A)

For Figure 10f IF x;,= A and x,=C THEN (x, =
and x;= A)

For Figure 10g IF x;= A and x;= A THEN (x,=B
and x;= A and x,=C)

For Figure 10h IF x,= A and xg= A THEN (x, =
and x;=Aand x,=C).

When considering the effect of a cluster of interacting
nodes on other nodes, however, we do not need to treat the
interacting nodes as a single node. For example, the rules
drawn from the data of Table 3 regarding the connection di-
rectly to xg in Figure 10f are

IF x,=B THEN x;=C; IF x,= ATHEN X;= A;

IF X, =C THEN xy = B.

It is clear that, unlike earlier works on SDG, the causal rela-
tionship between two nodes or two node clusters is not sim-
ply positive or negative. It is a mapping of two spaces of the
categorical values of the two variables. Therefore, the method
works independently of the complex relationships between the
two nodes or variables (or node clusters) linked by a branch.
There is no compromise on the complexity of the relationship
in devising the reasoning mechanism.

In contrast, in various versions of SDG, the relationships
between two nodes were simply +, —, or 0, representing
positive, negative, or no influential relationship. Conse-
quently, the reasoning rules are derived based on the signs of
the connections. This is clearly an oversimplified treatment.
Such a simplified treatment of causal variables not only is not
accurate but also may lead to difficulties in reasoning. For
example, suppose a variable x5 has two and only two incom-
ing connections from x, and X,, both with + signs. When x,
is increasing while x, is decreasing, it will not be possible to
predict whether x; will increase, decrease, or remain un-
changed. Although there have been several efforts at combat-
ing such ambiguity, the methods are far from rigorous.

Fuzzy Quantification of the Qualitative
Representation of a Variable's Temporal Behavior

Extraction of qualitative values from the PC1-PC2 plane
of a variable’s trends based on visual examination is subjec-
tive. When the grouping is vague, it is difficult to assign some
data cases to clusters. Even in the same cluster of the
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Figure 11. Locus of searching the clusters on a PC1-
PC2 plane.

PC1-PC2 plane, the data points are not completely over-
lapped. In other words, the distances of the data points to
the cluster center vary. Therefore, considering that all data
points in the same cluster have the same value is purely qual-
itative and not accurate. Furthermore, visual inspection is not
an automatic approach, hindering the use of computers. In
this section we propose to use the fuzzy c-means clustering
approach for automatic fuzzy grouping of the data points in
the PC1-PC2 plane.

Given the number of clusters and an estimation of the
cluster centers, that is, the pairs of values on the PC1 and
PC2 axes, the fuzzy c-means approach will automatically find
the true cluster centers, and for each cluster, calculate the
distance of each data case to the center. All the PC1-PC2
clusters in Figure 7 have been processed using the fuzzy c-
means algorithms. It was found that the method is very toler-

Figure 12. Locus of searching the cluster centers when
three PCs are considered.
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Figure 13. The learning procedure.

ant of the initial center approximations and can generally find
the real center in 3 to 10 steps. Figure 11 shows an example
of the locus of the search for the centers of clusters on a
PC1-PC2 plane. It can be seen that in this example, although
the starting points are very far from the actual centers of the
three clusters, it is able to quickly identify the actual centers
in 6 to 7 steps.

Another advantage of using the fuzzy c-means to help the
categorical characterization of a variable’s temporal behavior
is that fuzzy c-mean can handle more than two PCs. If the
first two PCs are not able to capture most of the variance,
then more PCs should be used. There are various approaches
available in the literature for calculating the number of PCs
that should be used. Unfortunately these aproaches often give
inconsistent results, as discovered by Valle et al. (1999). In
this study, we have used a simple rule, which states that the
number of PCs chosen should represent more than 93% of
the variance (Johnson, 1998). Figure 12 shows an example of
how, when three PCs are considered, fuzzy c-means can au-
tomatically identify the centers of clusters.

Fuzzy qualitative reasoning in the fuzzy digraph

We use Figure 13a, which is part of the digraph of Figure
14 for the CSTR, to illustrate the reasoning procedure in a
fuzzy clustered digraph. Nodes L and Fo interact because of
the existence of the level controller. The PC1-PC2 planes for
F;, L, and Fo, are shown in Figures 4 and 7, which indicate
that each variable takes three categorical values. With the
fuzzy quantification of node values, a causal rule between
node F; and the node clusters of L and Fo should be in the
form of, as an example, IF F, = A(ug_,) THEN L=
D(pu _p) and Fo= A(pg _,), where up_, is the fuzzy
membership value of F;, which belongs to the qualitative value
of A in the PC1-PC2 two-dimensional plane of F. We use
the single-layer percetron shown in Figure 13b to learn the
fuzzy membership value. Each variable is split into three
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Figure 14. Digraph for the CSTR reactor.

nodes according to the number of qualitative values. The fuzzy
membership value, ug = A, of F; takes the value of A. The
error propagation learning algorithm used by three-layer
neural networks can be adapted to training such a percetron
network.

The first impression of the method seems to be that the
way of describing the causal relationships between two nodes
is not as intuitive as simply using +, —, or 0. In essence, this
does not necessarily imply a deficiency of the current method,
because in the application of either SDG for fault diagnosis
or the current fuzzy clustered digraph for temporal behavior
modeling, we are only interested in the links and values of
the nodes, not in the signs of links. The signs on the links in
an SDG are only used to facilitate the reasoning. This is simi-
lar to Bayesian networks in which the branches only mean a
link between two nodes. The reasoning in a Bayesian net-
work is based on the conditional probability calculation, which
also requires a complex conditional probability table.

Application to the CSTR Case Study

The CSTR case study is described in the Appendix and has
been referenced in previous sections. In this section, we sum-
marize further the result of applying the method to this CSTR
case study.

The digraph for the CSTR reactor of Figure 15 is given in
Figure 14. It has four independent nodes—F;, C;, T;, and T,,;
—and two dependent node clusters— L < F,, and C, < TR
< F,. A dynamic simulator was developed to generate the
75 data cases used in the study. White noise was added to the
data before the method was applied.

Nodes Fy,, TR, Ty, C,, T; and C;, and F; and L were
plotted in Figures 4 and 5. Their qualitative characterization
results were given in Figure 7. In Figure 7, the data cases
that belong to a specific cluster were also indicated.

The digraph (Figure 14) is combined with Figures 4 and 7
to generate the reasoning rules, which are summarized in
Table 4. Separate rules are generated for the two dependent
node clusters L« F,, and C, < TR < F,,. As an example,
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Figure 15. CSTR reactor.

Rule 2 should be interpreted as

IFF,=B

THEN L=E and F, = B.
Similarly, Rule 11 should be interpreted as

IFF,=Cand T,=Band C;=B and
Twi=Band F,=Cand L=C
THEN C,=Dand TR=Eand F, = A

For the results in Table 4, each node has taken sharp qualita-
tive values. Fuzzy c-means was used only to help assign indi-
vidual data cases to clusters, but was not used in quantifying
the node values.

We use Figure 13, which is part of the CSTR digraph of
Figure 14, to illustrate the situation when each node is quan-
tified using a fuzzy membership function. Figure 13a is a di-
graph linking the node F; and the node cluster L < F,. The

Table 4. Rules Generated for the CSTR Reactor

IF THEN
Rules Generated for the Dependent Node Cluster L < Fo

F L F,
Rule 1 A D A
Rule 2 B E B
Rule 3 C F C

Rules Generated for the Dependent Node Cluster Cy <> TR < Fy,

FF T, C Tw F L C, TR Fy
Rule4 A A B B A D A A A
Rule5 B A B B B E B B B
Rule6 C A A B C F A A A
Rule7 C A C B CcC F cC C B
orC D B
Rue8 C A B A C F cC A A
Rued9 C A B B CcC F D E C
Rulel0 C B B B CcC F D E A
Rulell C B B B C F D E A
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rules generated are in the following general form,

IF F,=(A,orB,or C,;Lpi)
THEN L=(D,orE,orF, )

and F,=(A,orB,orC, u)

The relationship is represented by the perceptron of Figure
13b, which is trained using the error feedback algorithm
adapted from feedforward neural networks.

In practical application of the digraph of Figure 13a, which
has been trained using Figure 13b, the trend of F; is first
processed using both PCA and fuzzy c-means clustering, and
the single-layer perceptron of Figure 13b will predict the val-
ues of L and F,.

As an example, a trend of F; in a windowed time scale is
processed using both PCA and fuzzy c-means for qualitative
characterization, which give the following result:

F,= (A, 0.99900), F, = (B, 0.00093), F, = (C, 0.00008).

Based on this input, the trained single-layer perceptron of
Figure 13b predicts the values for F, and L. The prediction
is

L=(D,0.96722), L=(E, 0.02591), L = (F, 0.00730).
F,= (A, 0.98182), F, = (B, 0.00035), F, = (C, 0.02034)

It is important to be aware of the differences between the
proposed method and traditional dynamic simulation. An ob-
vious difference is that the former is qualitative and the latter
is numerical. Another important difference is that the cur-
rent method is data based and has a statistical basis, while
traditional dynamic simulation is model based. As a result,
when the current method is applied, it is valid only when the
new data fall within the training-data space. In this respect, it
is similar to feedforward neural networks that can guarantee
correctness and accuracy only when new data fall within the
training-data space. This limitation can be overcome through
extensive training using data that cover various scenarios, for
example, by combining Monte Carlo simulation with dynamic
process simulation (Saraiva and Stephanopoulos, 1992). In
addition, because the current method is data based, its per-
formance can be continuously improved during use when
more and more data are made available.

Conclusions and Future Work

It has been well documented that the information provided
to operators by modern computer control systems is hard to
understand, hampering correct and rapid development of a
mental model of the temporal behavior of the individual vari-
ables and the composite process. The majority of effort in
qualitative modeling has been focused on steady-state situa-
tions. Previous attempts to extend them to dynamic systems
have only achieved very limited success. The main difficulties
have been due to the time dimension, and the complex de-
pendency and interactions of variables.

The methodology developed in this work allows rigorous
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qualitative /quantitative representation of the temporal trends
of individual variables, as well as the complex dynamics of
the composite process. It consists of two major steps: categor-
ical characterization of a variable’s temporal behavior within
a windowed time scale using PCA, and modeling of the sys-
tem’s dynamics using a digraph containing dependent and in-
teracting nodes. The advantage of PCA qualitative represen-
tation of dynamic trends is that it allows one to describe a
trend with only one simple categorical value. The digraph
method is also more advantageous than other methods, such
as decision trees, because the latter does not allow interact-
ing and recycle nodes and is therefore an oversimplified rep-
resentation. The introduction of fuzzy c-means also allows
guantitative and more accurate description of the temporal
behavior of variables and their dynamic causal relationships.

In the proposed method, it is assumed that a digraph can
be drawn before the method is applied. In practice, drawing
the digraph can be a very daunting task, particularly when
the process is complex and interactions between variables are
strong and only partially known. Most earlier studies on SDG
have also ignored this issue. There are now data-mining tech-
niques that can automatically discover from data the depen-
dencies of variables (Wang et al., 1997); unfortunately, they
are still restricted to very simple data structures. Further study
is clearly needed to develop systematic, even automatic meth-
ods for drawing digraphs. However, it needs to be pointed
out that the methodology developed in this article does not
rely on very accurate digraph structures. For instance, if the
actual structure is x; = X, — X3, but is mistakenly drawn as
X1 = X3, it will not have a significant effect on the digraph
performance.

In the proposed method, both the categorical characteriza-
tion of the temporal trends of individual variables as well as
the automatic generation of reasoning rules can be regarded
as learning procedures. However, the former is not a recur-
sive or incremental learning procedure, though the latter is.
This is because PCA is not recursive. For on-line use, it is
clearly useful for PCA to be able to learn recursively, that is,
learn to improve the performance from each new single ex-
ample when it is presented, and there is no need to mix the
new data with previous data that have been used in training.
Biehl and Schlosser (1998) have described recursive PCA
methods that are worth investigating in connection with the
current study.
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Appendix

The single, nonisothermal continuous stirred-tank chemi-
cal reactor (CSTR) shown in Figure 15 is used as a case study.

A single reaction, A — B, takes place in the reactor. It is
assumed that the tank is very well mixed, and therefore that
the concentration of C, of component A and the tempera-
ture of the product stream leaving the tank are equal to that
in the tank. The reaction is exothermic and reaction temper-
ature TR is automatically controlled by a PID controller
through manipulation of the cooling-water flow rate. There
are also feed flow-rate and liquid-level controllers, as shown
in Figure 15. The dynamic behavior of the process is de-
scribed by the following equations:

Component mass balance

dC,
Vv
dt

= F,C,— F,C, — VK, e FRTRC .

Energy balance

dTR aFP+! )
vpcpT = pC,FT,— pC,F, TR~ =0 (TR —Twi)
Fot+ ——
E 2pccpc

+(—AH, VK, e FRTRC .
Total mass balance

dv
=F—

— F
da !

[}l

where
V = holdup of the reaction mixture, m® (tank volume is 1 m®)
L = liquid level in the tank, 0 ~ 100
C, = concentration of component A in the product stream leaving
the tank, kmol/m?, equal to that in the tank
C,; = concentration of component A in the inlet feed stream,
kmol,/m?
F,= feed flow rate, m%/min
F.= cooling-water flow rate, m%/min
F, = product stream flow rate, m%min
E/R=8330.1 K!
K, = reaction coefficient, K, =1.0x10% min~*
p=density of reaction mixture, p =10° g/m®
p.= density of cooling water, p, =10° g/m?3
C, = specific heat capacity of the reaction mixture, C, =1 cal/m?
C,c = specific heat capacity of cooling water, C, =1 cal/m?,
— AH,,,=130x10° (cal/kmol)
a= constant, a=1.678x10° (cal/min)/K
b= constant, b= 0.5
T,= temperature of the inlet feed, K
TR = temperature of the reaction mixture, K
Twi= inlet temperature of cooling water, K
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