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ABSTRACT

This research presents a new approach to process modeling which attempts to capture
the dynamic behavior of object-oriented signals. The new modeling approach, finite
impulse response hybrid system modeling, is a method that combines the theories of
Markov chains and finite impulse response (FIR) filters. The finite impulse response
hybrid system can be used to represent a special class of dynamic processes where
relationships among process variables are poorly understood and hidden inside a large
quantity of available data. Traditional mathematical methods of modeling do not offer
the flexibility provided by the new approach since no assumptions of linearity or other
restrictions of process behavior are made. A digital modeling and simulation package,
implemented using Matlab is developed. The effectiveness of finite impulse response
Markov chain has been demonstrated by its application to modeling a highly nonlinear
exothermic reaction process. The performance of the model accurately predicts the
future output events of a process based on a set of past input events.

The new modeling approach is best suited for processes which generate large and
messy data in which clear cause-effect relationships are not always clearly observed
or understood. The model thus developed has a high potential for it to be used in
subsequent process control applications, to allow for tighter control possible than that

of conventional modeling approach.
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CHAPTER 1

Introduction

This thesis presents a new approach to process modeling which attempts to capture
the dynamic behavior of processes given the collected input and output ob ject-oriented
signals. The new modeling approach is based on the theories of Markov chains {1, 2]
and finite impulse response (FIR) filters [3, 4]. Finite impulse response Markov chain
(FIRM) models are a generalization of Markov chains. Models for several sets of data
obtained from an operating industrial process have been developed and tested. This
paper discusses the algorithms for developing, identifying and validating the FIRM
model.

The intent of this research is to provide a protocol that can be used on industrial
applications to determine, first, whether the FIRM methodology is applicable to a
process, and second, model parameters which can be used to accurately represent the
process.

Several categories of industrial process operations are not amenable to traditional
mathematical methods of modeling, analysis and control. This is due to either poorly
understood physical relationships, or overly complex process models, as with systems
governed by partial differential equations. In this type of process, sequences of input

and output, or time series [5, 6, 7], are available though the relationship between these




sequences are not well understood.

In most of these processes, the primary goals are to operate the process safely, to
maximize profitability, and to minimize product variability. Often, process variation is
caused by unobserved small perturbations which over time propagate through process
dynamics and are eventually manifested by poor product quality or an event which
causes shutdown. Either condition results in lost revenue which can quickly dominate
any cost savings realized by traditional control algorithms.

This research develops a new approach to modeling time series by combining the
theories of finite impulse response filters to Markov chains. The new process modeling
approach is capable of handling applications where analytical equations of the process
characteristics are nonexistent. In the model, continually changing process characteris-
tics hidden in the time series are represented by a probability transition matrix which
relates the output to a set of past inputs of the process. The developed model can be
used to predict the future output of the process based on a set of system inputs. This
predictive modeling method represents a new and improved version of conventional
Markov chains.

A significant amount of attention has been paid to the research on Markov chain
theories and its applications since its introduction in 1906 [2]. Many theories and
applications, including the control of Markov chains have been developed. For the
purpose of this research, particular interest is paid to the application of Markov chains
in modeling industrial processes. These modeling methodologies have been widely

accepted by numerous industrial communities, making Markov chains an important



branch of dynamical systems methodologies.

Markov chains can be used to model dynamic systems that evolve probabilistically.

However, there are some disadvantages in using the conventional Markov chain for
predicting the process output. In a conventional Markov chain, the output of the
process is predicted based on a single input to the process. The model is described by
a probability transition matrix, P, that probabilistically relates the current input of the
process to the output. In many applications, an output event of the process is caused
by a sequence of past inputs. This is prevalent in a large number of manufacturing
processes where a product defect is often caused by a sequence of machine states.
Since conventional Markov chain modeling only uses the present input of the process
to predict the system output, the model is incapable of detecting the outcome of an
event if it is caused by a sequence of past inputs. In addition, prediction based on a
single input event is often less accurate for processes with repeating input events. By
using a traditional Markov chain, predicted output events of the repeated input will
have a stationary probability distribution even though a process’ output characteristics
in response to a constant input can change over time.

These disadvantages of Markov chains can be solved by introducing the concept of

finite impulse response to the Markov chain. Instead of using a single input, the finite

impulse response Markov chain uses a sequence of past system inputs as the input state
for prediction of the system output. By using a sequence of inputs rather than a single
input, repetition of system states can be reduced. This will increase the prediction

accuracy of the system output. Furthermore, by relating the process output to a set of




past inputs, the model is able to detect undesired events such as product defects and

variations which are often caused by a sequence of system states.

The thesis covers three main areas of FIRM modeling : development of the FIRM
model, characteristics of the model, and model identification and verification tech-
niques. Chapter 2 covers background information and contains a brief description of
the traditional Markov chain as well as information on the finite impulse response filter.
Also included is information on the object-oriented signal processing method used in
the research to condense the raw input and output signals. Since the development of
the FIRM model uses the definition of time partitions from calculus, information on
time partitions and refinements is included. Chapter 3 describes the design method
for developing the FIRM model from a set of raw input and output signals. Next,
Chapter 4 discusses the features of the model. Three main features of the model are
presented in this chapter: model size, model complexity and model prediction error.
The relationships between these features and model parameters are examined. Chap-
ter 5 covers the model identification and verification techniques for a FIRM model. A
FIRM model is then developed from a set of data obtained from an industrial process
using these techniques. Simulation is performed on the developed model to predict
the process output. Finally, Chapter 6 summarizes FIRM model design methods and

identification strategies, and discusses possible avenues for future research.



CHAPTER 2

Background

This chapter presents a survey of literature relevant to the research. A rapid re-
view of the classical modeling approaches which are the basis for FIRM modeling is
presented. Because of the large volumes of raw measurement data, data condensation
is required in this research. Therefore, the data condensation technology used in this
research is introduced. Some fundamental system and calculus definitions which are
applied in the research are also presented.

The new modeling approach in this research is developed based upon the familiar
concepts of Markov chains and finite impulse response filters. The first two sections in
this chapter are devoted to these concepts. Section 2.1 reviews the theory of Markov
chains. In this section, the Markov chain model is presented as a classical method for
process modeling. Section 2.2 concerns the basic concepts of finite impulse response
filter. The properties and design of finite impulse response filters will be discussed in
this section.

The new modeling approach produces a mathematical model of process from the
condensed input-output signal. Therefore, before process modeling can be done, raw
measurement data from the process are condensed. A third section in this chapter

describes the condensation technology used in the research.



The last two sections of the chapter provide some basic background for system and
calculus definitions. These definitions are of paramount importance in the process of

developing the process model.

2.1 Markov chains

A Markov chain is a process model that represents a special class of dynamic systems
which evolve probabilistically. It was introduced by Markov in 1906 [2] to represent
the dependence between successive random variables in a process. Since then, a wide
variety of theories and applications of Markov chain have been developed. The intense
growth of theory and application has make it an important branch of dynamic systems.

A Markov chain can be visualized in terms of a pointer that moves around among
a set of states. However, in a Markov chain the state transitions occur probabilistically
rather than deterministically. The probabilistic evolution of the states implies that
future states can not be inferred from the present, except in terms of probability as-
sessment. In general, the future evolution of a Markov process is described by a vector
of probabilities.

A Markov chain process is composed of two essential components, system states and
state transition probabilities. The state of the model provides a measure of the process
feature of interest to the controller, whereas the state transition provides information
about the process’ dynamic behavior. An nt* order Markov chain is characterized by

a set of n states {z1,z%,...,2"} and a set of transition probabilities p;;, where pj; is



the probability of the model occupying state z7 at the next time interval given that

the model is in state z¢ at the current time interval.
An example Markov chain models the outcomes of the games played by a certain
team in a football season. The possible outcomes of the team in a football game can

be characterized as win, lose or draw. Let us assume that if the team wins one game

in a certain week, the chances of the team winning, losing, or tying the next game will

be sixty, ten and thirty percent respectively. If the team loses the game, then there is

a thirty percent chance that the team will win the next game, sixty-five percent chance
that the team will lose the next game and five percent chance that the team will tie the |
next game. If the team ties the game, then the chances of the team winning, losing, or

tying the next game will be forty-five, forty-five and ten percent respectively. Denoting

the three outcomes of a game by W, L and D, respectively, the dynamic characteristics

of this model can be represented by a 3 x 3 probability transition matrix

[ ]
0.60 0.30 0.45

S
[

0.10 0.65 0.45 (2.1)

L0.30 0.05 0.10

Alternatively, this model can be represented by a diagram as shown in Figure 2.1.

The process starts at a certain game with the outcome of that game as the state and
moves, each week, to a new game with a new outcome. Exact prediction of which tran-
sition will occur is impossible. Only a probabilistic assessment of the future evolution

can be made.




Figure 2.1: An example Markov chain.




This process is an example of a finite Markov chain where the state space of the

process is a finite set. In the following sections, only finite Markov chains will be

considered.

2.1.1 Probability transition matrix

The state transition dynamics of a finite Markov process are described by a n x n
probability transition matrix P = [p;i) where each column of P contains non-negative
elements which sum to 1. This can be seen in Equation 2.1 of the example above.
The transition matrix of a condensed signal can be inferred from the frequency of each
transition’s occurrence. For each transition from state z' to state z7 , the transition
probability p;; is obtained by dividing the total number of transitions from state z* to
state 2/ by the total number of state z' occurrences. Typically, the Markov model will
have many states, and the transition matrix will be sparse.

The Markov chain model can be used to predict the future behavior of a stream of
signal objects, based upon a single known state. If the process occupies state z' at the
current time interval, the probability of the process occupying each of the n states at

the next time interval is described by the column vector

Pi = [P1i Pai- - - Pnil” -
The state dynamics can then be written as
Peyy = 1y (2:2)




The probability density

p,=[0--1---0" (2.3)

where the 1 is in the i place, indicates certain knowledge that the state of the Markov

chain after the kt* state transition is z'. The output probability vector

Pryy = [Pri P2 i)’ (2.4)

can be used to estimate the probability of the process occupying various states at the
next time interval. If the process is initiated in state z' , after one transition it will be

in state 2/ with probability pj;.

2.1.2 Multistep transition process

The matrix P gives the probability of the process occupying each of the n possible
states {z!,z2,...,2"} after one step, given the probability of the process occupying
each state at the present time instant, independent of the number of steps that have
occurred. From this matrix, the probability transition matrix for a multistep transition
can be derived.

To show the derivation of the multistep transition matrix, we first examine the
Markov process after two steps. Starting at a given initial state z*, the process will
undergo two transitions and arrive at some state 2. The overall transition from z* to
2 is governed by two applications of the single step probability transition matrix P.
An n X n matrix P? can be used to represent the two steps transition probabilities of

the process.

10




To derive the matrix P?, suppose that after one step, the process is in some state

z*. The probability that the state is z* after one step is given by pk;. For the second
step, the probability that the process will reach the state zJ, starting from z*, is equal
to p;x. Summing over all possible first steps, the probability of reaching 2/ from z* in

two transition is
(2)_n i = [P2].. 2.5
Py = E PkiPjk = [Pl (2.5)

Notice that the probability pg-?) is the ji** element of the two step transition matrix

P2?. A more direct way of obtaining P? is given by

P:=PxP (2.6)

Similarly, the transition probabilities for m steps are defined by the element of the

matrix P™. P™ can be found using Equation 2.6.

2.1.3 Regular Markov chain and limiting distribution

A Markov chain is said to be regular [8] if P™ > 0 for some positive integer m. The
regularity of a Markov chain implies that over a sufficiently large number of steps
every state among the n states is possible. This is because there is a strictly positive
probability associated with each state. For this type of Markov chain, an unique limiting
probability vector can be derived for the process.

If P is the probability transition matrix of a regular Markov chain, there is a unique
probability vector p > 0 such that

(2.7)

3
!

11



The theorem above is called basic limit theorem for Markov chains. This theorem also

states that for any initial state ¢ with an initial probability vector equal to the ith

coordinate vector e;, the limit vector

v= lim PMe; (2.8)

m—0o0 =

exists and is independent of i. Furthermore, v is equal to the eigenvector of p corre-

sponding to an eigenvalue A = 1. Alternatively, these theorems can be stated as

lim P" =P (2.9)

m—0o0

where P is the n X n matrix with each column equal to p. This result shows that if
the Markov chain is regular, the long term probabilities are independent of the initial
condition. In other words, starting at any initial state, after a large number of steps
the probability of the chain reaching the state z' is equal to the ** component of p.
Therefore, the limiting distribution of a regular Markov chain is determined by the

limit probability vector regardless of the initial condition.

2.1.4 Classification of states

If the jit* entry of the probability transition matrix of a Markov chain is zero, the
transition from state z* to state z7 in one step is impossible. However, this transition is
possible in m steps if there exists an m such that j ith entry of P™ is nonzero. Therefore,
the presence of zero entries in a transition matrix can determine the possibility of
transition from one state to another. In this section, the presence of zero entry is used

to study the structure of state interconnections.

12



State z7 is said to be accessible from another state z* if it is possible to begin at z*

and arrive at z7 in some finite number of steps. The accessibility can be determined

from the entries of P™. If the ji** entry of P™ is nonzero for some m steps, then z7 is

accessible from z* since there is a positive probability that the Markov chain will make
(

such a transition in m steps. Thus, z7 is accessible from z* if and only if pj:n) > 0 for

some integer m > 0. Notice that the property of accessibility is nonsymmetric since

(m)

(m) .
7 1)

p;; ~ is not always equal to p This leads us to the definition of communicating
states.

States ' and z’ are said to communicate if each is accessible from the other.
Communicating states divide the states of a Markov chain into distinct classes with
different identities. Each of the states from the set of n states belongs to exactly one
class. These classes of states are called communicating class. Therefore, the set of n
states of a Markov chain can be divided into a set of communicating classes. Each
state within a communicating class can only communicate with every other state in
the same class. A special case is when all the states communicates with each other.
In this case, there is only one communicating class in the Markov chain. If a Markov
chain contains only a single communicating class, it is said to be irreducible.

There are several different categories of communicating classes. A closed commu-
nicating class is the class where no transition from any states in the class to states
outside the class is possible. In other words, no state outside the closed class is ac-

cessible from any states in the class. Once the state of a Markov chain evolve into a

closed class, it can never come out from the class. Therefore it is clear that the state

13




of a finite Markov chain will eventually enter some closed communicating class. The
probability of eventually entering the closed communicating class is 1. Closed classes
are sometime referred to as absorbing classes since they absorb the process state. If
the closed communicating class contains only a single state, that particular state will
be named the absorbing state.

A communicating class is transient if some state outside of the class is accessible
from the states inside the class. A transient class has at least one path leading from one
of the members inside the class to some state outside the class. Therefore, regardless
of where the process starts, there is a positive probability of arriving at that exiting
state in a finite number of steps. The probability of eventually leaving the transient
class is 1.

From the definition of closed and transient classes, it can be seen that a Markov
chain will eventually go into some closed communicating class, regardless of the initial
state of the process. If the starting state is in a closed class, the process will move around
inside the class and never come out from the class. If the starting state is a member
of a transient class, the process will eventually exit the transient class and enter some
closed class. The closed class of a Markov chain represents the equilibrium distribution
of the process. More generally, the equilibrium eigenvector of P is associated with the

closed communicating classes of P.
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2.2 Finite impulse response filters

Finite impulse response (FIR) filters [9] are linear time invariant systems in which
the system outputs depend on the present input and a finite number of past input
samples. This type of filter is referred to as a nonrecursive filter because of the absence
of feedback loops in its implementation. It is a finite memory filter where the outputisa
function of input data of limited time. Equation 2.10 represents a single-output/single-

input FIR filter.

Outputryy = F(Inputy, Inputi_y,...,Inputi_ni1) (2.10)

2.2.1 Properties of FIR filters

The properties of FIR filters will be illustrated by the following example. Consider a
signal z(t), sampled at the frequency of f, = 1/T. The signal can also be represented
by its samples z(nT). Let the output signal y(¢) be a function of z(t) and z(¢t — T') as
shown in Equation 2.11.

o(t) = 3l2(t) + 2(t = T) (2.11)

The sampled y(t) can then be given by
1
y(nT) = i[z(nT) + z((n — 1)T)] (2.12)

To examine the frequency response of this filter, let X(f) and Y(f) be the Fourier

transforms of the signals z(¢) and y(t) respectively. We obtain

Y (/)= 3X(1)1+ €T (213)
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The transfer function H(f) of the filter can be found by dividing Y'(f) by X(f).
H) =Y(H)/X(f) = e ™ T cosn T (2.14)

In Equation 2.14, the complex term e~7™IT represents a delay 7 = T/2 which is the
propagation time of the signal through the filter. The impulse response h(t) corre-

sponding to H(f) in Equation 2.14 is
1 T T
h(t) = 5[6(t + 5) +6(t — 5)] (2.15)

Figures 2.2 and 2.3 show the characteristics of the system. The effect of A(¢) in the
equation above is often called cosine filtering. From Figure 2.2, it can be seen that
the filter preserves the zero frequency component and eliminates the component at
frequency fs/2.

From this example, the properties of FIR filters can be listed as below.

1. The output y(n) is a function of the present input and a set of past inputs (as

shown in Equation 2.16).

N-1

y(n) = ; a;z(n — 1)) (2.16)

2. The transfer function of the filter is
e
H(f)= a;e” 75Tt (2.17)
3. The frequency response of the filter is periodic with period f; = 1/T. The
coefficients a; (for0 < i < N — 1) form the Fourier series expansion of this

function.

16



[H(f)!

Figure 2.2: H(f)

ht)

""""""""" 05
T T
2 2

Figure 2.3: h(t)

17



2.2.2 Basic network structures for FIR filters

FIR systems can be implemented in a variety of forms. In this section, some of the

most important network forms for FIR systems [10] are presented.

Direct form

The direct form realization [10] of a FIR system follows directly from Equation 2.16.
This structure is the most straightforward realization of the additions and multipli-
cations in Equation 2.16. A signal flow graph for this type of realization is shown in

Figure 2.4.

Transposed direct form

The transposition theorem [10] can be applied to Figure 2.4 to obtain the transposed
direct form realization structure of Figure 2.5.

Cascade form

The cascade form [10] can be realized by expressing H(z) as a product of second-order
factors (as in Equation 2.18)

n/2
H(z)= H(GOk + a2t + agez™?) (2.18)
k=

The cascade realization corresponding to Equation 2.18 is shown in Figure 2.6.
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Figure 2.5: Transposed direct form realization of an FIR system.
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dy dy dy

Figure 2.6: Cascade form realization of an FIR system.
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2.2.3 FIR filter design

To design a FIR filter, the coefficients a; in Equation 2.16 must be determined so that
the filter satisfies all the imposed conditions. These conditions can be specified in
either the time of frequency domain. Over the years, many methods for calculating
these coefficients have been developed. Some of the designing techniques are listed as

below.

Design by window technique

Design by the equiripple technique

Design by frequency sampling

Design by iteration

Least square design

The detail information on these techniques can be found in the book written by Andrew

Bateman [11].

2.3 Object-oriented signal processing

Data refining in this research uses technology provided by Data Refining Technolo-
gies, Inc. [12], which is available at University of Tennessee at no cost for research
purposes. Using this technology, signal processing is based upon interval, rather than

point set, mathematics. The advantages of this approach include [12] :
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1. a hierarchical signal processing structure with decreasing resolution at higher
levels of the hierarchy, yet with a common mathematical structure at all levels

of the hierarchy.

2. orders of magnitude reduction in the storage and processing requirements of

signals as one moves up the hierarchy, and

3. efficient localization of and access to detailed information from higher level in-

formation.

Since interval mathematics rather than point mathematics is used, this technology is
referred to as Object Oriented Signal Processing.

Object-oriented signal processing reduces the volume of the raw measurement signal
using an interval representation. In the interval representation of a signal, values of
a variable are defined to lie within an interval over an interval of time. This interval
representation is chosen such that maximum information from the original signal is
retained while its volume is kept within reasonable limits. This is accomplished by
using the “scrubbing” process where sequences of “similar” data are grouped within
the same object and resolution in the changes of signal behavior in independent variable
is kept. The manner in which this is done is propriety to Data Refining Technologies,
Inc. and has not been disclosed. This, however, is not a limitation on this research
project since the modeling method that is developed is independent of the scrubbing

process.
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The objects derived from this condensation process can be interpreted as rectan-

gles drawn around segments of the signal. These rectangles are characterized by three
attributes(height, duration and midpoint) which can be encoded into discrete signal
states. With this encoding process, discrete events with attached attributes to describe
the properties of signal segments are formed from the sequence of signal objects. Fig-
ures 2.7 and 2.8 show a typical process measurement signal together with its condensed
form.

The mathematical basis for the scrubber’s process is the theory of interval algebra.
An interval algebra is composed of an interval scale, with set union and complement
operators. Interval scales are used to discretize the real number into a finite set of
intervals. They also allow the representation of elements of this set by integers. An
interval scale with the representation of the basis intervals is shown in Figure 2.9

Triangular sets, the sets of all intervals which are members of the interval algebra,
also play an important role in object oriented signal processing. Most computations
in object oriented signal processing are formulated as optimizations over the elements
of these sets. Furthermore, the progress of an optimization methods can also be in-
terpreted as a set of paths through triangular sets. Design of efficient methods on
object oriented signals is equivalent to design of methods optimizing problems with
minimum path length. Operations upon object oriented signals can then be solved by

optimizations over subsets of a triangular set which satisfy specified relations.
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Figure 2.8: Condensed form of signal in the figure above.
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Figure 2.9: An interval scale and interval representations.

25




Object sequences are derived automatically from the characteristics of the measure-
ment data. Therefore this technology can be grouped into the category of “intelligent
signal processing” or “intelligent control”, with automata, fuzzy sets, rule based ex-
pert systems, and linguistic processing. The condensed signal can be understood as
a discrete event system [15], with the capability of accessing the detailed information
contained in the raw data. The same approach can be taken in the reverse direction.
Process modeling and control strategies implemented within a discrete event, or hy-
brid systems, framework can be used after the signal is condensed into object-oriented

sequences.

2.4 Partition and refinement of time interval

In the data condensation process, the time interval [a, b] of each signal is partitioned
by a set of points P = {zo,21,...,%n} Where each interval [z;_;,%;) is the duration
of the j** object of the condensed signal. The theorems of partition and refinement in
calculus can be applied to P = {z¢,21,...,Z,} for the purpose of process modeling.
The definitions of partition and refinement [13, 14] are stated as below.

Let [a,b] be a closed bounded interval. A partition of the interval [a,b] is a set of

points P = {zg,z1,...,%n} such that
a=zg< 11 < <2y =b
The interval [a, b] can be thought of as being divided by the points z into n subintervals

[xOv xl]a [zla x?]a Y [xn-l’wn]
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which may or may not have the same length. The norm of a partition P =

{z0,%1,...;Zn} is the number
1P| = max |; - 251l

The partition and norm of an interval [a, b] are shown in Figure 2.10

A refinement of a partition P = {zo,2Z1,...,%n} is a partition @ of [a,b] which
satisfies Q D P. That is the partition @ is finer than the partition of P. Therefore by
definition, if P and Q are partitions of [a,b], then P U @ is finer than both P and Q.
And if Q is a refinement of P, then ||Q|| < || P|}.

The definitions of partition and refinement will be used in the research to process

the object-oriented signals before model development of the process is done.
2.5 Discrete event systems

In this section, we define discrete event, discrete event system, a sequence of discrete
events and discrete event model [15, 16]. These definitions will be used when each
rectangle in the object-oriented signal is encoded into discrete event based on the
attributes.

Discrete events refer to the logical or symbolic, rather than numerical, states of a
process. A discrete event system is a system whose states are discrete events. That
is, in a discrete event system, the states have logical or symbolic values which change

with the occurrence of events.
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Figure 2.10: Partition and norm of [a,b].
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For example, the state of a manufacturing machine may be described by sentences

such as start_processing, finish_procressing, machine failed, etc. For this type of system,
the state changes only at a discrete set of points in time.

A sequence of discrete events refer to the recording of certain discrete events’ occur-
rence. It is sometimes called trace [16]. Sequences of discrete events can be described
by models called discrete event models [16]. Hence, by definition, we can say that a
discrete event model is a mathematical model for representing the set of discrete event

sequences that a discrete event system can generate.

2.6 Summary

The development of FIRM model uses the theories from two fields, Markov chain
modeling methods and FIR filter principles. This chapter presented the background
material on those areas. Due to the large volume of raw measurement data, data con-
densation is necessary. The data condensation technology using object-oriented signal
processing was discussed. The calculus definitions of time partition and refinement
were then presented. The discussion of discrete event systems completed the back-

ground material that is necessary to develop FIRM model.
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CHAPTER 3

FIRM Modeling

This chapter discusses in detail the design of a FIRM model from a set of input-
output signals. The condensation of raw measurement data to object-oriented signals
is described in Section 1. In Section 2, the refinement of signals’ time partitions is
explored. Section 3 demonstrates the state representation of the object-oriented signal.
Finally, the derivation of the probability transition matrix P and the simulation diagram

of the model are presented in Section 4 and Section 5 of this chapter.
3.1 Condensation of raw measurement data

Raw measurements consisting of input and output signals of an industrial process
are used in this research to generate the dynamic predictive hybrid model. The raw
data are obtained from an operating exothermic process whose identity is masked due
to the restrictions imposed by the manufacturer of the process equipment. The data
are collected from the process variables at the sampling rate of 30 seconds. The mea-
surements of these variables are recorded for the period of 2 days. These measurements,
which contain the relationship among the process variables, are condensed before the
process modeling step.

The data refining technology used in this research reduces the volume of raw data
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measurements by one or more orders of magnitude while retaining its process dynamic
characteristics for the purpose of process modeling. Using the software furnished by
Data Refining Technologies, Inc. [12], a higher level interval based signal is produced.
Each signal is masked to produce a sequence of signal objects which can be interpreted
as rectangles drawn around segments of the signal. These rectangles are characterized
by three attributes (height, duration and midpoint), which can be encoded into discrete
signal states. Figures 3.1 through 3.4 show the raw and condensed input and output
signals used in this research to develop the FIRM model.

The main advantage of this data refining technology is the time resolution of the
raw data source, whereas the disadvantage is the variable duration of signal objects

which substantially complicates the modeling and formulation of control problems.

3.2 Refinement of input and output time partitions

Although the data condensation method provides a substantial reduction in the
quantity of data, it results in an event-oriented signal composed of objects with vari-
able duration. Each object in the signal stream has an associated random time duration
which does not overlap the durations of other objects within the same stream. There-
fore, each input and output signal has its individual time partition which is random in
nature and different from other signals. Before the condensed signals can be modeled,
time partitions of the input and output signals have to be refined to produce a common

time partition for both input and output signals.
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Figure 3.1: Input signal of the training data set.
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Figure 3.2: Condensed input signal of the training data set.
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Raw output for training data set (File=tmp40_8.dat)
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Figure 3.3: Output signal of the training data set.
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Figure 3.4: Condensed output signal of the training data set.
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A time partition, T, is associated with each object-oriented signal produced from
the data refining process. The time partition [14] of the signal is a set of points

T = {to,t1,...,t} such that

a=tg<t1 <---<t, =0

where @ and b are the starting and ending time of the signal. Each interval [t;_1,1;) is
the duration of the j** object of the condensed signal. Thus, the points t; and ¢; are the
endpoints of the jt* object of the condensed signal. An example of an object-oriented
signal and the corresponding time partition of the signal is shown in Figure 3.5.

Each object-oriented signal obtained from the data refining process has its own
unique time partition, in which case, a set of input and output signals will have two
different sets of time partitions, one from each signal. To derive the transition prob-
ability relating each set of input and output objects, the durations for the input and
output objects must be the same. This requires that both signals have the same par-
tition. The task of obtaining the probability for the transition from each object in
the input signal to a single object in the output signal becomes impossible with the
different time partitions between the two signals. This difference in time partition of
input and output signals is illustrated in Figures 3.6 and 3.7.

A common time partition for both signals must be obtained by relocating the end-
points of each object in both signals in order for each input object to be mapped onto a
single output object. This time partition, called refinement [13}, is finer than the time

partitions of both the input and output signals.
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Figure 3.5: An object-oriented signal and its time partition.
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There are an infinite number of refinements that can be obtained from the time
partitions of a set of input and output signals. However, the refinement with the

smallest set of endpoints can be derived from the equation

R=TuUS (3.1)

where R is the refinement and T and U are the time partitions of input and output
signals respectively. Equation 3.1 is illustrated by Figure 3.8.

By using Equation 3.1, a refinement of the time partitions of both input and output
signals is produced. The Matlab [18] function for obtaining the refinement, R, is
included in Appendix A. The refinement that resulted from the use of this Matlab
function is adopted as the common time partition for both input and output signals.
For the segment of signals shown in Figures 3.6 and 3.7, the input and output signals
after the refinement process is shown in Figures 3.9 and 3.10.

From the figure, it is noticable that some of the input and output objects with
large durations are partitioned into objects with smaller durations after undergoing
the refinement process. Since both the input and output objects in the new sets have
the same time duration, each object in the input signal can now be associated with
the corresponding output object that possesses the same time interval. If the j%* input
object is the current input of the system, the current output of the system will be the

7t* output object.
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3.3 State representation of object-oriented signal

Each object in the refined signal is characterized by three attributes : height, dura-
tion and midpoint. The objects in the signal have to be encoded into object states and
system states based on these three attributes before the probability transition matrix
of the model can be derived from the set of refined input and output object-oriented
signals. This section discusses the algorithm for obtaining object states and system

states from the objects.

3.3.1 Discretization and indexing of object height, duration and midpoint

Since the values of height, duration and midpoint of the objects are random, the number
of possible heights can range from 1, for signals with all objects of the same height, to
the total number of the objects in the signal, for signal consisting of objects which are all
different in height. This also holds true for the duration and midpoint of the objects.
If each object is to be represented by an object state which is a number obtained
based on the objects’ three attributes, the number of possible states is as large as
N1 X Ny x N3 where Ny, Ny and N3 are the number of possible heights, durations and
midpoints in the signal. For the input signals shown in Figure 3.2, this value amounts
to 301 * 239 x 278 = 19999042. This number is not only large but also uncontrollable
since N1, N, and N3 depend on the nature of the signal.

In order to control the total number of object states and subsequently reduce it,

discretization of the ranges of height, duration and midpoint is performed. The ranges
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of these attributes are the intervals from the minimum to the maximum values given

by

ry, = [min(height), maz(height)]
rq = [min(duration), maz(duration)

Tm = [min(midpoint), maz(midpoint)]

where 71,74 and 7, are the ranges of height, duration and midpoint respectively. The
ranges Th,7q and r, are partitioned into N, Ng and N, numbers of equal length
intervals. If the height of an object lies in the kt* interval of the N, intervals, then the
height index 45, of the object is assigned the value k. Similar indexing is done for the
duration and midpoint of all the objects.

By indexing the objects with i,%4 and i,,, each object is now represented by these
three indexes. Depending on the choice of Nj, objects of almost the same height
can be grouped under the same index. Similarly, the objects possessing roughly the
same duration and midpoint (depending on Ny and N,,) are grouped under the same
duration and midpoint index. The advantage of utilizing these indexes to characterize
the object is that the total number of possible object states can now be controlled. This
is made possible by selecting the values for N, Ny and N, since the total number of
possible object states is given by Nj X Ng X Ny,. Higher values of Nj, Ng and N, may
be used to achieve a better model of the process. However, the model created will be
larger and more complicated. This will be explained in the next chapter together with

the effect of Ny, Ny and N,, on the size and complexity of the probability transition
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matrix, P.

3.3.2 Object state representation

As stated above, each object characterized by the height, duration and midpoint can
be represented by a number which is called an object state. This object state will now
be a function of the three indexes, 4,14 and ¢,,. The object state, ux, for each object

is defined using the equation

U =t + Np X ig+ Np X Ny X iy (3.2)

This equation is an extension of the binary encoding method for variables with different
magnitude. Equation 3.2 is illustrated in Table 3.1 where all the possible combinations
of iy,1q4 and i, are listed.

Notice that the object states range from 0 to (N, —1) X (Ng—1) x (N, — 1) in the
table above. Using Equation 3.2, each input object is encoded as an input object state
which is an element of the set {0,1,..., NyNgN,, — 1}. Since many of these states do
not occur in the data, they may be omitted from the model. Re-encoding the states,
element from the set 0,1,...,k of non-negative integers can be associated with each
value of ux which is associated with one or more data objects. This set is used to form
the states of the Markov chain. A similar object state representation is done for the
output signal resulting in a set of output object state {yo, ¥1,...,¥y,-1}- For a sample
signal in Figure 3.11, the object states are shown in Figure 3.12. The Matlab function

file for converting each object to object state representation is included in Appendix B.

46




Table 3.1: Possible combinations of iy, iy and ¢,,.

i tq im
0 0 0
0 0 1
0 0 N,-1
0 1 0
0 1 N, -1

1 Ng—1 N,-1

Np—-1 Ng—1 Np-1
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Figure 3.11: Sample signal.

48




Object state of a sequence of objects

T 1 I I

10F I

Object State

0 50 100 150 200 250
Time (minutes)

Figure 3.12: Object state of the sample signal.
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3.3.3 System state representation

In a FIRM model, the system state of the model is no longer based on a single input
object. Unlike the conventional Markov chain, each output object is related not only
to the current input object but also to (n — 1) past input objects, where n is a positive
integer constant. Therefore, the system state in this model is derived from the current
input object and the (n — 1) past input objects.

After each object in the input signal is represented by an object state that ranges
from 0 to u,, the values of these object states are used to calculate the system state
of the model. The system state is a number representing the present input object and
the (n — 1) past input objects. Therefore, each possible combination of n input object
states is a possible system state. The following equation is used to encode these n input

objects into system state representation.

Tk = Uk + Uk X Us + -+ Upopyq X Ul (3.3)

In Equation 3.3, uj refers to the object state of the k* object in the input signal and
u, refers to the total number of possible input object states. Each system state is an
element of the set {z1,22,...,2,,} Where n, is the number of possible system states
that exist in the input signal.

If a higher number of past inputs, n, is used to model the process, there will be
more combinations of different n inputs and subsequently, a higher number of possible
different system states. A model with larger n lowers the probability of repeating

system states, allowing a more accurate prediction of the output. Although a larger
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n improves the model of the process, the model developed will be more complex and

also larger in size. The effect of n on the size and complexity of P will be covered in

Chapter 4 and is a primary focus of study in this research.

3.4 Probability transition matrix, P

The dynamic behavior of the process encoded in the system states and the output
object states can be modeled as an FIRM model. After converting the input signal
into system states and the output signal into output object states, these system states
and output object states can be used to develop the probability transition matrix, P,
that relates the n past input objects to the output objects.

Like the conventional Markov chain model, this matrix is also developed based on
the frequency of each transitions’ occurrence. Since the system state of the model
incorporates (n — 1) past inputs with the current input, the first (n — 1) system states
from the input signal in the modeling process are ignored. This is because when these
objects are the current input of the process, there are less than (n—1) past input objects
available, making it impossible to encode these objects into system states. Therefore,
modeling of the process will start at the nth object of the input and output signal and
proceed to the last object in the signal.

Each input object beginning from the n** object is associated with a system state
obtained from Equation 3.3. Each system state is mapped to an output object state

obtained from the output object which lies in the same time interval of the current
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input object. The probability transition matrix is then developed from this mapping

based on the frequency of occurrence of each pair of system state and output object
state. For each element of P, p;; is obtained by dividing the total number of z; to z;
transitions by the total number of z; occurrences. For the system state and output
object state sequences shown in Figure 3.13, the probability transition matrix P is

found as below. The number of transitions between each pair of states is

The total number of occurrences for z! and z? are 4 and 3, respectively. The proba-

o[

bilities for each transition is occurrence are p;; = %, Pl =5, P12 = % and pz2 = %

Therefore the probability transition matrix is given by

1 2

4 3
P=

3 1

] 3

The Matlab function for calculating P from a set of input and output signals is included

in Appendix C.

3.4.1 Properties of the probability transition matrix

The probability transition matrix, P, in the FIRM model exhibits most of the properties
of the transition matrix of that of a conventional Markov chain [1]. The transition
matrix, P, is a ys X ns; matrix where y; and ns are the total number of possible output

object states and system states respectively. Each column of P contains non-negative
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Figure 3.13: Sequences of system states and output object states.
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elements which sum to 1. Also, each element, p;;, is the probability of the system

output object state to be y; given that the system states is z;.
In addition to the similarity of the improved version and conventional Markov chain
mentioned above, most of the properties of Markov chain presented in Chapter 2 can

also be seen in this model.

3.5 Simulation diagram of the model

The Markov chain model can be utilized in such a way as to predict the future
behavior of a stream of signal objects based upon a set of known input states. If the
process occupies the system state z; at the current time interval, the probability of the
process occupying each of the y, states at the next time interval is described by the
column vector.

pi = [P1i P2i- - Pri)”

The state dynamics can then be written as

(1) P11 ... Pipn, p(z1)
= o (3.9)

p(yys) pys,l re. pys{ns p(xns)
p,(i+1)=Pxp,(i) (3.5)
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Figure 3.14 illustrates the simulation diagram for this model. The input matrix

p(8)=0...1...0)" (3.6)

is a column vector where the position of 1 indicates certain knowledge of the FIR
models’ state. The output probability vector [Qy(i + 1)] is the probability of the next
process output object assuming each symbolic value. If the current state is not precisely
known, as in the attempt to predict across multiple output objects, the model’s input

vector is then a probability density over the set of possible input sequences.
3.6 Summary

This chapter has covered the algorithms for developing FIRM model. Raw mea-
surement data was first condensed into object-oriented signals. Refinement of the
input-output time partitions was performed to produce a common time partition for
the input and output object-oriented signals. The refined objects were then encoded
into object and system states. The methodology for deriving the probability transition
matrix, P, based on the system and output object states, was developed. The next
chapter describes the features of FIRM model developed using the algorithms presented

in this chapter.
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Figure 3.14: Simulation diagram for the FIRM model.

56




CHAPTER 4

Size, Complexity and Prediction Error of Model

In the previous chapter, the new approach to modeling of object-oriented signals
using FIR Markov chain (FIRM) was presented. In developing the FIRM model, the
controller can vary three parameters of the model to change the model features. The
model parameters are the number of discrete values used to represent values in the
ranges of height, duration and midpoint of the objects, the number of past inputs used
to represent the system state and the size of the training data set used in developing
the model. These three parameters are denoted as N,n and s, respectively. In this
chapter, the effects of these parameters on the model features are explored.

Three main features of the model are considered in this chapter. They are the
size of P, the cgmplexjty of P and the model prediction error. The relationships
between the model features and the parameters are established graphically using the
training data set. These relationships are important as they provide the guidelines
for establishing the identification techniques in selecting the appropriate values for the

model parameters, which will be discussed in next chapter.
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4.1 Size of P

The size of a process model is usually a direct measure of the cost of developing
and controlling the process model. Therefore in most of the applications, a smaller
sized process model is preferred. But for most of the time, the controllers are forced
to surrender some features of the model such as the accuracy of model in representing
the process or predicting the output when the size of the model is reduced.

In the FIRM model, the size of the model is measured by the size of the probability
transition matrix, P. The size of P is determined by two numbers, the number of rows
and the number of columns of the matrix. The number of rows of P, reflects the total
number of possible output object states in the process whereas the number of columns
reflects the total number of possible system states present in the process. The number
of rows and columns of P will be used as a measure of the size of the model. The
effects of the model parameters N,n and s on the number of rows and columns of P

are presented in the next section.

4.1.1 Relationship between size of P and N

In the FIRM model, the ranges of height, duration and midpoint, rz,r4 and r,, te-
spectively, are partitioned into N numbers of equal length intervals. The discretization
of these ranges can directly affect the size of P as the size of P depends on the total
number of possible system and output object states. If the number of discrete values,

N is increased, there will be an increase in the number of equal length intervals in each
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range. This in turn increases the number of possible index values for height, duration
and midpoint. For example, if N is increased from 5 to 10, the number of possible
values for the height index, i, will range from 0 to 9. As compared to model with
N = 5, the model with N = 10 will have 5 additional index values, iy = 5 to 1 = 9.
Similarly, 5 new index values are also added to the existing index values of duration
and midpoint if NV is increased from 5 to 10 for both attributes. Although this allows
better discrimination between objects, increasing the number of index values will result
in a larger number of possible input and output objects states.

The total number of output object states determines the number of rows of P.
Therefore, an increase in N which causes a larger number of possible output object
states will increase the number of rows of P. This is depicted in Figure 4.1 where the
number of rows of P is measured as N is increased while n and s are held constant.

The number of columns of P depends on the total number of system states. The
calculation for the number of system states is given by Equation 3.3 in Chapter 3.
When N is increased, the number of possible input object states, uk, is increased. The
number of possible system states, zy, will also increase as a result of the increment of
uk. Thus, an increase in N will also increase the number of columns of P. This effect
is illustrated in Figure 4.2 where the number of P columns are plotted against V.

From Figures 4.1 and 4.2, it is noticable that the increases of the number of rows
and columns of P are not monotonic. At certain instances, the number of rows or
columns of P reduces as N increases. For example, in Figure 4.2, the number of

columns in P reduces as N increase from 11 to 13 . The reason behind this is when the
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ranges of height, duration and midpoint of input objects are discretized into 13 equal
length intervals, some of the objects height, duration or midpoint which are in different
intervals when N = 11, will be categorized in the same interval. Now that they lie in
the same interval, their height, duration or midpoint will be represented by the same
index, thereby reducing the number of possible indexes present in the model. This
will result in less system states and therefore less columns of P. A similar property
is depicted in Figure 4.1 where instead of system states, less output object states are
observed when N is increased to certain number.

Another property that can be seen by studying Figures 4.1 and 4.2 is that the num-
ber of rows (respectively, columns) of P approaches a constant value, r* (respectively,
¢*) as the value of NV increases. Eventually, the number of rows and columns will remain
constant at r* and ¢* respectively when N is sufficiently large. This is because when
N is large enough, there are enough indexes to uniquely represent the height, duration
and midpoint of each distinct object in the training set. That means the partition of
Th,Tq and 7., is fine enough to represent each of the objects. In this case, r* shows
the total number of different objects in the output signal while ¢* shows the maximum
number of different system states that can be formed from the input object state for
the given n and s. This is not necessarily desirable, as the size of the training set can
be very large. Rather, the prediction error, evaluated using a validation data set, is
more important. This is discussed in Chapter 5 . Attaining a value near r* for an N
which does not yield an acceptable error is an indication that the training data set is

not sufficiently large or diverse to produce acceptable error levels. If ¢* attained, either
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the training data set or the number of delays (n) used in the model is not sufficient.

4.1.2 Relationship between size of P and n

In the FIR Markov chain, the system state of the model no longer depends on a single
input event. Instead, the system state depends on the current input event and the past
(n —1) input events of the system. As a result, a new model parameter, the number of
input events, n used in representing the system state, is created in the FIRM model.
Since the system state depends on n, variations of n can directly affect the size of P.

In the FIRM model, each possible combination of n input object states is a possible
system state. By combining the (n — 1) past input with the current input to form the
system state, the FIRM model reduces the possibility of system state repetitions and
increases the total number of possible system states. For instance, when n = 1, the
system state is equal to the input object state. Since many of the input object states
are repeated, the total number of possible system states is small. As n is increased,
more input object states are combined to form system states. This will reduce the
possibility of system state repetition and, thus, increase the total number of possible
system states.

As n increases, the possible number of system states increases but at a decreasing
rate. Each increase in n reduces the number of repeated system states. Eventually,
there will not be any repeated system states, and all the objects will be represented by

a unique system state. At this point, an increase in n will no longer increase the size

of P.
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This is illustrated in Figure 4.3 where the number of columns of P is plotted against
n is increased while holding N and s constant. In Figure 4.3, the number of columns
of P decreases as n takes a value larger than 7. In FIRM model, the modeling of the
process starts at the nt* event of the input and output signal. For the first (n — 1)
events, there are less than (n — 1) past events that can be used to calculate the system
state. Each time n increases, there will be an additional system state is omitted.
When n is small, the increase of n will cause a large increase in the total number of
possible system states. Although the increase of n causes some of the system states
to be omitted, the number of possible system states are far greater than the number
of omitted system states. So, there will still be a net increase in the total number of
system states. After a certain point, the increase of n will no longer increase the total
number of possible system states. During that period, one system state is still omitted
each time n is increased. After that point, the number of columns of P decreases at
the same rate n is increased.

The number of rows of P depends only on the number of possible output object
states. So, a change in n will not affect the rows of P as shown in Figure 4.4 where n

is increased, while NV and s are held constant.

4.1.3 Relationship between size of P and s

The FIR Markov chain model is developed from a set of input-output signals called the
training data set. For most of the time, it is difficult for the controller to decide how

large the training data set should be in order for the model to accurately represent the
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process.

Looking at Figures 4.5 and 4.6, the graphs depicting the size of P versus the size
of training data set, the size of P increases with an increase in size of the training
data set. As the size of the training data set increases, more new objects are included,
adding to the number of object states and system states. The curve of the size of P
versus s will eventually level out once all the possible events in the process have been

included in the training data set.

4.1.4 Relationship between size of P and (N,n,s)

In the previous section, the plots of the size of P versus N,n and s are obtained by
changing N,n and s one at a time rather than varying them simultaneously. Therefore
these plots do not completely describe the relationship between the size of and the
parameters . This one-parameter-at-a-time approach may fail to elicit the combination
of that would yield the true global minimum because the interactions between these
parameters can not be detected.

To be able to visualize this, only two parameters are considered. A three dimen-
sional surface plot of the number of rows and columns of P versus (N, n) with s held
constant is shown in Figures 4.7 and 4.8. These figures can only show the interaction

of N and n for minimization of the size of P over (N, n) graphically.
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4.2 Complexity of P

Besides size, complexity of the model is also a factor influencing the cost of develop-
ing and controlling the process model. A more complex process model always requires
more effort and time to control and leads to a higher implementation cost. As in the
Matlab [18] simulation of the model, a complex process model requires more memory
and execution time by computer system. Thus, it is always desirable to reduce the
complexity of the developed model if possible.

In the FIRM model, the complexity of the model is measured by the ratio be-
tween the number of nonzero entries and the total number of entries in the probability
transition matrix P as shown in Equation 4.1.

Number of nonzero entries inP.

Complezity = (4.1)

Total entries in P
A typical FIRM model contains many states; however, the transition matrix for the
model is sparse. This complexity of the matrix is affected by model parameters, N,n
and s. This section explores the effect of the model parameters N,n and s on the

model’s complexity.

4.2.1 Relationship between complexity of P and N

The complexity of P depends on both the nonzero entries and the total entries in
P. Figure 4.9 shows the complexity of the model versus N. It can be seen that as
N increases, the complexity of P decreases asymptotically to a small value. This is

because as N increases, new system states and output object states are introduced into
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the model. Fach time a new pair of system and output state is added, at least one

nonzero entry will be added to P. At the same time, both the number of rows and
columns of P are increased by 1. Therefore the increase in the number of entries in
P is much larger than the increase in the number of nonzero entries. As a result, the
complexity of P decreases drastically as N is increased. It is interesting to note that
the complexity appears to asymptotically approach a positive value, rather than zero.
This may indicate that a minimum (and constant) level of complexity is required to
represent the dynamic behavior of a given process. The significance of this is a possible

subject for future research.

4.2.2 Relationship between complexity of P and n

Figure 4.10 shows the complexity of the model versus n. It can be seen that as n
increases, the complexity of P decreases asymptotically to a small value. As n increases,
new system states are introduced into the model. Each addition of new system states
will introduce a nonzero entry and a new column into P. Therefore the larger increase
in the total number of entries in P causes the complexity of P to decrease drastically
as n is increased.

Notice that when n is increased, the decrease of complexity is not as fast as when
N is increased. This is due to the reason that the increase of n can only increase the
number of system states, and therefore the number of columns of P. But the increase of
N can cause increases in both the system states and the output object states. Instead

of increasing only the number of columns, both the number of rows and columns can
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be increased. Hence, the increase in the total number of entries will be much larger

and the decrease of the complexity of P will be much faster.

4.2.3 Relationship between complexity of P and s

As the size of training data set is increased, new objects from the input and output
signals are added to the model. Therefore for the same reason as in the case of in-
creasing N, the complexity of P decreases asymptotically as s increases (as shown in

Figure 4.11).

4.2.4 Relationship between complexity of P and (N,n,s)

As in Section 4.1, the plots of the complexity of P versus NV,n and s are obtained by
changing N,n and s one at a time rather than varying them simultaneously. To be
able to visualize this, three dimensional surface plots of the complexity of P versus
(N,n) are shown in Figures 4.12 and 4.13 at two different view angles while holding s

constant at 188.

4.2.5 Significance of this relationship

The observation that model complexity decreases asymptotically to a small value as the
parameter values (N,n,s) increases is very important. This indicates that the FIRM
method is capable of capturing detailed information about the dynamic behavior of
a process without “blowing up” computationally. Since computational requirements

remain within reasonable bounds, the models are likely to be useful in prediction and
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control application especially in light of that a set of computational economical numer-

ical tools exists specifically for sparse matrices. It is therefore reasonable to expect to
obtain an acceptable description of a process’ dynamic properties with a computation-

ally implementable model.

4.3 Prediction error

In this section, the FIRM model is used to predict the output objects based on
the input object signal. The same set of data which is used to develop the model
is employed to illustrate the properties of the FIRM and the method used to assess
modeling error. The validity of the developed model is evaluated by the accuracy of
the model in predicting the future output objects. The relationship between prediction
error and the model parameters N,n and s are examined. The next chapter utilizes
this method to show how to access modeling error using independent training and

validation data sets.

4.3.1 Prediction error at time ¢

The predicted output of the model is a sequence of objects. The real time output
signal is embedded in these objects. Here, a random variable interpretation of the
output signal is used to determine the accuracy of the model in predicting the process
output. The accuracy of output prediction is measured using the probability assessment

of the error which is the difference between the true output and the predicted output.
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In the simulation, the predicted error is a measure of the 2-norm error between

the true signal and the predicted signal in time series representation. The true output
object-oriented signal shown in Figure 4.14 is used to derive the estimated 2-norm
error.

According to the figure, the unknown true real time signal, Z¢ryue, is embedded in
the sequence of objects. At each instant of time, there are two associated number,
vP and v} which are the upper and lower boundaries of the rectangles (Figure 4.14).
Assuming sy is uniformly distributed in v} and v} at each t, the probability density

function [17] of Z¢yye is given by

1 L,k
For Ttrue € [vi, v¢]
¢~V

p(:ttrue) = (42)

0 otherwise
The plot of Equation 4.2 is shown in Figure 4.15 Now assume that the predicted output
object sequence is as shown in Firgure 4.16.
From the figure, the unknown predicted real time signal, preq, is embedded in
the sequence of objects. As for Zirye, Zpreq is assumed to be uniformly distributed.

Therefore, the probability density function of z,,.q4 is given by

1 I h
vp’;—-vpl Tpred € [vP’ ’DP]

P(Tpred) = (4.3)

0 otherwise

Equation 4.3 is plotted in Figure 4.17 To find the difference between the two signals,
the two sequences of objects are plotted in the same axes as in Figure 4.18.
The figure exhibits two random variables, Z¢rye and Zpreq, as a function of time.

Since Zyrye and Tpreq at each time are assumed to be independent, the joint probability
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Figure 4.14: An example of true signal objects.
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Figure 4.16: An example predicted signal objects.
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Figure 4.18: Object sequences of true and predicted output.
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density function [17], p(Ztrues Tprea) is the product of the probability density of Tirue

and Tpred. Thus, p(Ttrue, Tpred) is given by

;51_—,;{;;;1—% [0}, vP] x [v,i,,v,’:]
p(ztruea zpred) = p(ztrue)p(zpred) = (4'4)

0 otherwise
At any instant ¢, the 2-norm prediction error is given by (Tirue — :cpred)2. Therefore

the expected 2-norm error is

E[(xtrue - xpred)z] = fx"ue fxp,.ed(xtrue - xpred)2p(xt'ruea xpred)dxt'ruedxpred (45)

h h
f:; fv{ (xtrue - xp'red)zp(zt'ruea xpred)dxtruedzp'red (46)

v

(4.7)
The closed form for Equation 4.7 is

uh)® — (ul)?
() (s A (5 ot - o

w3 — UI 3
e e  CRE

w2 — UI 2
(( t) - ( t) )((vzl’z)2_(v;)2)} (48)

Equation 4.8 is used to calculate the expected prediction error of the model at #o.

E[(xt'rue - zp'red)z]

4.3.2 Time averaged prediction error

In FIRM model, no output object is predicted if the system state of the process does
not exist in the training data set that is used to develop the model. When there is
no prediction, no output object is predicted from the model for the interval [¢;,1;)

where [t;,%;) is the time interval of the current input object. Using the calculation of

85




prediction error discussed in Section 4.3.1, the error caused by no prediction will not

be reflected in the estimated prediction error. Percentage of predictable objects given
by

Tg00d
% predictable objects = =——22—— x 100% 4.9
°F J Tgood + Thad ° (4.9)

where Tyooq and Tpeq are, respectively, the sum of the total intervals over which pre-
diction and no prediction occur, can be used to reflect the no prediction occurrence.

A time averaged prediction error can then be calculated using Equation 4.10.

1
Eavg = —j[ A ‘[ (ztrue - xp'red)2p(ztrue, xpred)d:cpreddxtrue dt (410)
Tgood true pred

The percentage of predictable objects and time average prediction error will be used
in Section 5.4 where simulation of the model is performed using model validation data

set.

4.3.3 Relationship between prediction error and N

The number of discretization, N, of the ranges of object height, duration and midpoint
is one of the main factors affecting the prediction accuracy. If the number of discretiza-
tion of the output object height is N, N values from the range of heights will be used
to represent the heights of all output objects. Each of the output object’s height is
represented by one of the N values which is closest in magnitude to the actual height of
the object. A similar discretization is done for the output object’s duration and mid-
point. Since the FIRM model uses these approximated output heights, durations and

midpoints, the heights, durations and midpoints of the predicted output objects from
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the model are also in term of these values. For example, if N = 3 is used in modeling
a certain process, there are only three different heights, durations and midpoints (27
distinct objects) that can be found among the predicted output objects, as shown in
Figure 4.21

The true and predicted output of the model for various values of N are shown in
Figures 4.19 through 4.24. These figures show that higher value of N can make the
model’s predicted output more accurate, since more values of object height, duration
and midpoint can be used to represent the output objects. Therefore the expected
2-norm error will decrease, on the average, when N is increased. This is shown in
Figure 4.25 where the estimated 2 norm error is measured as N is increased, holding
n and s constant.

From Figure 4.25, it can be seen that the estimated 2-norm error asymptotically
approaches a minimum value as N becomes large. The prediction error is constant
at e* when N is sufficiently large. This is because when N is large enough, there are
enough numbers to represent each of the distinct output object’s height, duration and
midpoint uniquely. That is, the partition of ranges of height, duration and midpoint
is fine enough to represent each of the objects. In this case, e* shows the minimum

2-norm error that can be achieved for that particular n and s.

4.3.4 Relationship between prediction error and n

In many application, most of the input states of the process are repeated. But not

all the repeated input have the same output. Using a conventional Markov chain to
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Figure 4.19: True output.
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Figure 4.20: Predicted output of model with N =1, (n = 5,s = 95).
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Figure 4.22: Predicted output of model with N =5, (n = 5,5 = 95).
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Figure 4.23: Predicted output of model with N = 10, (n = 5,s = 95).
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Figure 4.24: Predicted output of model with N = 50, (n = 5,5 = 95).
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Figure 4.25: Prediction error versus N, (n = 10,s = 188).
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predict the output of these application will cause a high error since for the same input

state, the same output will be predicted.

The FIRM model solve this problem by reducing the possibility of repeated system
states. The model reduces the possibility of system state repetitions by combining the
system’s past (n — 1) inputs with the current input to form the system state. Each
time n is increased, the number of repeated system states is reduced. Therefore the
prediction error decreases as n increases. This can be seen in Figures 4.26 through 4.30.

When n = 1, the FIRM model behaves as a conventional Markov chain. Therefore,
Figure 4.27 is the predicted output of a conventional Markov model of the process. The
large inaccuracy of the prediction shown in Figure 4.27 suggests that FIRM model is
an improved model of conventional Markov model, when 7 exceeds 1.

Figure 4.31 shows the plot of expected prediction error versus n. From this figure, it
can be seen that as n increases, the increase in possible system states becomes smaller.
This is due to the reason that each increase of n reduces the number of repeated system
states. Eventually there will be no repeated system states and all the objects will be
represented by unique system states. After this value of n, the error will no longer

decrease.

4.3.5 Relationship between prediction error and s

Figure 4.32 shows the relationship between expected prediction error and s. From
this figure, it can be seen that the estimated error decreases with the increase in the

size of the training data set.
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Figure 4.26: True output.
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Figure 4.27: Predicted output of model with n=1, (N = 50, s = 91).
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Predicted Output (n=2)
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Figure 4.28: Predicted output of model with n=2, (N = 50,s = 91).
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Figure 4.29: Predicted output of model with n=5, (N = 50,s = 91).
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Figure 4.30: Predicted output of model with n=15, (N = 50,s = 91).
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Figure 4.31: Estimated 2 norm error vs. n, (N = 30,s = 233).
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Estimated 2 norm error vs size of fraining data set
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Figure 4.32: Estimated 2 norm error vs. size of training data set, (N = 40,n = 10).
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The estimated error decreases because as the size of the training data set increases
more new objects are included, and therefore the ratio of repeated object states to
system states become smaller. The curve of error versus s will eventually level out

once all the possible objects in the process have been included in the training data set.

4.3.6 Relationship between prediction error and (N, n,s)

Three dimensional surface plots of the expected prediction error versus (N, n) are shown
in Figures 4.33 and 4.34 for different set of data to show the interaction between model

parameters.

4.4 Summary

An engineer who plans to use a FIRM model of a dynamic process must determine
acceptable values for the parameters N (number of discrete levels used to represent
object parameters), n (number of past input objects used to calculate model state),
and s (size of the training data set). The choice of these values should be based upon
a selected maximum acceptable mediation error, which is in the same units as the
square of the output variable. This error can be viewed as equivalent to a standard
mean squared error; its square root is equivalent to a measure of this error. Once this
maximum acceptable error, is chosen, and training and validation data are available, the
methods discussed in this chapter can be used to graphically select values for (N, n,s).

A protocol for the modeling process is described in the next chapter.
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Figure 4.33: Error versus (N,n), (s = 188).
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Estimated 2 norm error

Estimated error vs N and n

Figure 4.34: Error versus (N,n), (s = 80).
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CHAPTER 5

Protocol for Application

In order to model a given set of data with a FIRM model parameterized by (N, n, s),
a general approach is to be used to select the appropriate values for N,n and s. In
this chapter, a set of model identification procedures will be developed based on the
model features and parameter relationships discussed in Chapter 4. Before establishing
the procedures for selecting the values of the parameters, N,n and s, the effects of the
parameters and interactions between parameters on model features are further exam-
ined using 2* factorial experimental design [19, 20]. The results from the experimental
design are then combined with the discussion in Chapter 4 to form the identification
procedures. Once the identification procedures are established, a set of general guide-
lines for implementing the model will be presented. Simulation and validation of the

model is then performed using these procedures.
5.1 2* factorial experimental design

In a FIRM model, the model features, size of P, complexity of P and model predic-
tion error are functions of the parameters, N,n and s. The study of the effect on these
features of N,n and s by varying one parameter at a time does not take the joint effect

of the parameters into account. Therefore, an experimental design method was used
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to study the simultaneous effects of the parameters in order to take into consideration

the interactions between the parameters.

2% factorial experimental design [19, 20] is used in the research. In this factorial
design, more than one parameters are varied to study the effects of these parameters
and their interactions on the model features. This is accomplished by examining all
possible combinations of two levels of the parameters in each complete trial of the
experiment. In the 2¥ design, two levels from each of the three parameters are selected
to study the parameter effects, and denotes the number of parameters. Thus, in each
complete trial, there are a total of eight treatment combinations. The two parameter
levels in the experiment are selected randomly from N, n and s in each trial. Therefore,
the random effects model is applied to this experiment whereby the conclusions of the
experiment can be extended to levels of the parameter which are not considered in the
experiment.

The effects of interest in this design are A, B,C, AB, AC, BC and ABC where A, B
and C refer to the effects of N, n and s respectively while AB, AC, BC and ABC refer
to the effects of interactions between N and n, N and s, n and s, and N, n and
s respectively. Detailed information on the method to calculate these values can be
obtained from [19, 20].

This 2* factorial design is implemented using Matlab. The resulting outputs from
applying the Matlab function on two different sets of data are shown in the tables in
Figures 5.1 and 5.2.

Results shown in Figures 5.1 and 5.2 indicate that the parameters N,n and s have
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>> error_design

N_lh =

10 40
n_lh =

5 10
S_1lh =

35 80

1.2.3.4.5.6.7.8.

Analysis of Variance

Source of variation Sum of Squares da.o.f

A 4096.1 : 4 4096.1
B 22465.0 1 22465.0
AB 3.3 1 o o
S 30215.5 3 30215.5
AC 147.2 3 147.2
BC 673.5 i 673.5
ABC ¥ 1 0.3
Total 57628.7 i

>> diary off

Figure 5.1: Factorial experimental design using data set 1.
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>> error_designl

N_lh =
10 40

n_lh =
5 30

S_lh =
40 80

1.2.3.4.5.6.7.8.

Analysis of Variance

>> diary off

Figure 5.2: Factorial experimental design using data set 2.
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negative effects on the model prediction error. The larger these parameters become,
the smaller the prediction error. This matches the results shown in Chapter 4 where
the prediction error decreases asymptotically as NV, n and s are increased. Further, it is
noted that the effects of the interactions between parameters (AB, AC, BC and ABC)
are small compared to the effect of the parameters taken individually (4, B and C).
This shows that the effect of interactions between model parameters is not significant
compared to the effect of the choice of model parameter values. This finding will be

used in the next section to establish identification techniques for FIRM model.

5.2 Model identification

The main concern in the identification of a model is to select an appropriate FIRM
model to fit a given set of data. In this process, an appropriate subclass of models from
the general FIRM family will be identified to represent the given data. The primary
reason for this model selection is to allow the controller to systematically create a model
and take account of the main features of the model.

Identification methods presented in this section are rough procedures for obtaining
some idea of the values of N,n and s appropriate for the FIRM model. The identifica-
tion methods are necessarily inexact because of the uncertainty of the types and nature
of the physical process which exist in practice, and therefore the model parameters can-
not be decided purely by mathematical arguments. The choice should be guided by

the modeler’s operating experience and judgement. Estimation and graphical meth-
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ods are the principal tools employed in the process of identifying appropriate model

parameters.

5.2.1 Identification Techniques

The previous chapter presented the relationships between model features and pa-
rameters. These relationships are summarized in Table 5.1.

This table indicates that the values of N,n and s should be as large as possible in
order to obtain a good model for the process. However, after a certain point, further
increases in the values of N, n and s only cause a very slight or almost no improvement
to the model features . This is illustrated in the graphs on the relationships between
model features and parameters in Chapter 4. In these graphs, the curves level out after
the parameters become sufficiently large. In addition, increases in the values of N,n
and s require larger training sets to obtain a sufficiently high percentage of successful
predictions of future objects. Therefore, values of the parameters which are sufficiently
large to render adequate model complexity and prediction error but not too large to
effect an increase in the model size, execution time and memory needed for model
implementation should be used.

Based on the observations in Chapter 4 and the conclusions of the 2* factorial
design, it is possible to develop several rules of thumb guiding the selection of the
values of N, n and s. Most of theses rules are derived using the data sets available to
the researches. These rules may have to be modified when applied to data from other

processes under consideration, and as experience accumulates.
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Table 5.1: Relationships between model features and model parameters.

Model Features NT n1 sT

Size of P inc. asymptotically inc. asymptotically inc. monotonely
Complexity of P dec. asymptotically dec. asymptotically dec. asymptotically

Prediction error dec. asymptotically dec. asymptotically dec. asymptotically
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The rules for determining N,n and s are as follows :

1. The values of N, n and s can be chosen independently.

The 2F factorial experimental design shows that the effects of interactions be-
tween parameters on model features are small compared to the main effects of
the model parameters. This negligible interactions effects allow independent se-

lection of the values of N, n and s.

2. Choose n in the range 6 < n < 10

In FIRM model, the modeling of the input and output signal begins at the nt*
object. If a large n is used, a large number of the object states will be omitted
in the modeling process. This will cause a loss of some dynamic characteristics
of the signal which may be important to the process. For the process considered
here, 6 < n < 10 appears to be sufficient to represent the correlation between the
objects. This value may vary for different applications depending on the nature
of process. The values of n should be increased if the output events of the process
are known to be caused by a large sequence of input events. For example, in the
effort to predict product defects, a value of n which is larger than k but smaller
than 2k should be used if it is known that the defects are often caused by a k
sequence of machine state. Therefore, it is necessary to apply some operational
experience and information about the nature of the process in determining the

value of n.

3. Choose s > n and N
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As mentioned above, a FIRM model omits the first (n — 1) objects when forming

the system states of the model. If the size of the training data set, s, were
chosen to be close in magnitude to n, then a large portion of the objects in the
training set would be omitted. The training data set would not be sufficiently
large and varied enough to describe the dynamic behavior of the process. It is
advisable that s > 50n be used. Again, this value is obtained based on the data

set available to the research.

The total number of different objects that can be represented by a FIRM model
is nN3. The number of objects which are actually produced by a process is
typically a small fraction, ¢ < 1, of this number. In order to obtain a reasonably
accurate probability distribution of output states for each input state on the order
of 5-20 instances of each input combination, (n objects) should be observed in
the training set. If 10% of the set of possible input combinations are produced

by the process, the training set size, s, should be at least nV 3,

. The value of N depends on the total number of objects in the input signal after

refinement

In Section 4.1.1, it was noted that the maximum number of rows and columns
of P, r* and c* are equal to the total number of unrepeated objects in the input
or output signal after refinement, sg, for a specific n and s. Therefore, the value
of N should be selected from 1 < N < N* where N* is the value of N that

corresponds to r*. The graph depicting the size of P versus N with n and s held
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constant at the values chosen using rules 2 and 3 can be used to determine the

appropriate value N. The value of N should be selected corresponding to the
point where the curve begins to level off. For the various data sets used in this

research, this value of N lies in the range of ésR <N<L %SR .

The four rules stated above provide an initial estimate for the parameters, N,n
and s. The initial estimates of the parameters using these rules are summarized in
Table 5.2. After selecting the values of these parameters, model validation (topic of

next section) needs to be performed to examine the adequacy of the developed model.

5.2.2 Model validation

Once the values of N,n and s are selected, model validation is performed to examine
the adequacy of the developed model in representing the training data set. In a FIRM

model, adequacy can be checked using the following steps.

1. While holding N and n at the selected values, plot the relationship between
prediction error and training set size, s. The prediction error should decrease
asymptotically with s. If the prediction error does not decrease with s, a larger
value of N should be adopted. This is because N, the number of discretization
of the ranges of object height, duration and midpoint, is not fine enough to
represent the new objects. Therefore, the new objects introduced to the model
by increasing the size of training data set are encoded as object states which

have already been observed.
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Table 5.2: Rules for initial estimates of parameters .

Model Parameters Initial Estimates
n 6<n<10
s s > maz(50n, 5qnN?3)
N ésR <NKL }TSR
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2. While holding N and s at the selected values, plot the relationship between

prediction error and n. The prediction error should decrease asymptotically
with n. If the prediction error does not decrease with n, a larger value of NV

should be used for the same reason described above.

3. While holding n and s at the selected values, plot the relationship between pre-
diction error and N. The prediction error should decrease asymptotically with
N. Check the prediction errors for values of N larger than sg, where sp is the
number of objects in the refined input signal. If these prediction errors are not
acceptable, it shows that the training data set is not sufficiently large or diverse.

A larger value of s should be used to resolve the problem.

If the model is found to be inappropriate, rules 1 to 4 in Section 5.2.1 should be

re-examined, a different set of values for the parameters can be selected.

5.3 General procedure for FIRM modeling

The general procedure for implementing a FIRM model is shown in Figure 5.3.

This procedure is derived from the basic work performed in this research.

5.4 Simulation

Based on the procedures discussed above, a FIRM model is developed from data

obtained from an operating industrial process. Two sets of input-output data from the

112




DATA CONDENSATION

Condense time series to object-
oriented signal

TIME PARTITION
REFINEMENT

Refine input and output time partitions.

MODEL IDENTIFICATION

Select the values of N, n and s.

FIRM MODELING

Develop the FIRM model from the
input and output object-oriented
signals.

MODEL VALIDATION

Evaluate the model adequacy

PREDICTION

Predict output using model.

Figure 5.3: A general paradigm for implementing FIRM modeling.
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process are used in the simulation process. The first set of data is used as the training
set to develop the FIRM model. A data selection technique is introduced to provide a
systematic way of selecting the appropriate training data set. The second set of data is
used as the model validation data set for verifying the model features (prediction error
and percentage of predictable objects) and parameters relationships.

In this section, the technique for selecting the training data set is first presented.
This technique is used to select a set of data for developing the FIRM model. The model
is then used to predict the output of the model validation data set. The prediction error

and percentage of predictable objects are studied by varying the model parameters.

5.4.1 Selection of training data set

Selection of the appropriate training data set has been an important issue in FIRM
modeling. A suitable training data set must be used in developing the FIRM model
to ensure high accuracy of the model in predicting future output events. The training
data set must be large and diverse enough to include the important dynamic behavior
of the process, but not overly large so that unnecessary computational resources are
required. In most applications, it is advantageous to include the sequences of input
events that cause the output events of interest and exclude those sequences that do
not. Improper selection of a training data set can result ineffectiveness of model in
predicting output behaviors of interest.

Due to the nature of the FIRM model in relating output events to sequences of

past input events, the training data can not be selected by choosing a single event at
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a time. Selection of the training data must be done by choosing sequences of events

rather than single events. Since system states of the FIRM model are derived from
groups of n events of the input signal, identification of the training data set must be
done by choosing n events at each selection. For each value of n, a listing of groups of
n events as shown in Table 5.3 can be created to enable the selections of the training
data. Sequences of events possessing important dynamic behavior of the process should
be included while others can be ignored. Note that similar tables can be derived from

this table for all smaller values of n by excluding appropriate columns.

5.4.2 Simulation results

Using the method presented in Section 5.4.1, training data sets are selected to develop
the FIRM models. All data available from operation of the process were used to form
a table as in Table 5.3, and training sets were formed by randomly selecting rows from
the table. A similar approach was used to select the model validation data set. FIRM
models are developed from these training data sets. Input of the model validation sets
are used to predict the process output. The predicted outputs are compared to the
actual outputs in the model validation data, and the prediction error and percentage
of predictable objects are calculated. The following sections explore the characteristics

of the prediction error and percentage of predictable objects.
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Table 5.3: Listing of groups of n events. |

Seq. Input objects Output objects
no. Uk—n4+1 Uk—nt+2 Uk-1 Uk Y+l
1 Uo Uy T T Un Yn41 }
2 ul uz v .. un+1 yn+2
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Effect of N on prediction error and percentage of predictable objects

Figure 5.4 shows that the prediction error decreases asymptotically as N is increased.
This agrees with the results in Section 4.3.3 which show that larger discrete values
used to represent the values in the ranges of object height, duration and midpoint can
increase the prediction accuracy.

As mention above, the training data set in the simulation process is selected ran-
domly. For each value of N, a different training set is used to develop the FIRM model.
Similarly a different model validation set is randomly selected each time N is increased.
Due to the random selection of training and model validation data sets, the percentage
of predictable objects varies randomly with the increase of N. This is illustrated in

Figure 5.5.

Effect of n on prediction error and percentage of predictable objects

As discussed in Section 4.3.4, prediction error of the model decreases with increasing
n. When n is increased, less repeated system states due to desensitization occur in the
input signal. Therefore the prediction error decreases as n is increased (Figure 5.6). The
percentage of predictable objects varies randomly with the increased of n (Figure 5.7)

due to the random selection of training and model validation data sets.

Effect of s on prediction error and percentage of predictable objects

An increase of the size of the training data set will decrease the number of unpredictable

system states in the model. This can be seen in Figures 5.8 through 5.13.
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Figure 5.4: Prediction error versus N (n = 10, s = 80).
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Figure 5.5: Percentage of predictable objects versus N (n = 10, s = 80).




Estimated 2 norm error vs n

\ T T T T

15 25
n (N=50, s=80)

Figure 5.6: Prediction error versus n.
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Figure 5.7: Percentage of predictable objects versus n.
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Figure 5.8: True output of the model validation set.
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Figure 5.9: Predicted output.
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Figure 5.10: True output of the model validation set.
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Figure 5.11: Predicted output.
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Figure 5.12: True output of the model validation set.
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Figure 5.13: Predicted output.
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These figures show that as the size of training data set is increased, more system

states can be predicted. Therefore the percentage of predictable objects will increase
as s is increased. This is illustrated in Figure 5.14.

The decreasing occurrence of unpredictable states with increasing training set size, s
does not affect the graph of prediction error versus training set size since the calculation
of prediction error does not depend upon unpredictable state. Therefore the prediction
error varies randomly as s is increased (Figure 5.15) due to the random selection of

data set.

5.5 Summary

This chapter has described the procedures for implementing FIRM model. Using
the discussions in Chapter 4 and results from 2¥ factorial experimental design, a set of
model identification techniques were developed to select the values of model parame-
ters, N,n and s. The procedure for validating the adequacy of FIRM model was also
presented.

An FIRM model was developed based on the implementation procedure. The model
was developed from data obtained from an operating industrial process. The developed
model was then validated in the simulation process using model validation data set.

Results of the simulation agreed with the discussions presented in Chapter 4.
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Figure 5.14: Percentage of predictable objects versus s.
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Figure 5.15: Prediction error versus s.
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CHAPTER 6

Summary and Future Research Directions

This research explored and evaluated the FIRM modeling approach for representing
dynamic behavior of object-oriented signals. The basic strategy for developing the
FIRM model has been to encode object signal and sets of objects to object states and
system states, respectively. A probability transition matrix can then be derived to
relate the system states and output states, and this matrix can be used to predict the
process future output objects.

Although this research is the beginning stage of development of the FIRM modeling
approach, the result from the simulation demonstrates its potential in representing
highly nonlinear and complicated industrial process. The research shows that the FIRM
model is capable of representing process where the relationship between input and
output signals is impossible or overly complex to be modeled by traditional modeling
approach. Examples of t‘his category of processes include waste stream treatment,
polymer and combustion processes. Tests performed on the model revealed that its
performance exceeds that of a traditional Markov chain.

The main characteristic of the FIRM model is its capability of predicting future
output events based on a sequence of past input events. This characteristic of the model

is particularly useful in application where product defects or variations in product
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quality can occur due to complex or poorly understood chains of events. Therefore the
application potential of the FIRM model includes event detection, reduction of product
variation and control of product transitions.

This chapter presents the main result of the development of the FIRM model and

discusses several further research prospects.

6.1 Research summary

A new process modeling approach using FIRM model has been presented in this
research. The model is developed from a set of input and output object-oriented signals.
The data condensation technology which condenses time series into object-oriented
signals has also been presented. The methodology for encoding objects into object and
system states is discussed along with the derivation of the probability transition matrix
relating these states.

Main features of the model are explored to study the effects of model parameters
on improving model performance. The relationships between model features and pa-
rameters are investigated. These relationships are used as the guidelines for selecting
the appropriate model to fit a given set of data.

Model identification techniques are generated from the study of parameters effects
on model features using experimental design. Procedures for selecting the values of
model parameters are presented. General procedures for using the FIRM model is

developed. A FIRM model is then constructed from data obtained from an industrial
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process. Simulation of the model is done and superior performance of the model is

achieved compared to what traditional modeling methods allow.
6.2 Future research directions

Several important questions have surfaced during the development of FIRM mod-
eling approach. One of the most interesting questions to answer is the relationships
between model features and probability transition matrix features. There are two fea-
tures of the probability transition matrix, P, which are closely related to the model
features : rank of P and the fundamental subspaces [21] of P. These two features
may provide some practical mathematical guidelines in selecting the values of model
parameters. Future research can consider the relationships between these features and
the features of model, as well as the proper interpretation of these two attributes

Control applications of the FIRM model is another direction of further research.
Control problem can be formulated to find the optimal future input signal object se-
quence which minimizes a given expected future cost-to-go function [22, 24, 25]. The
fact that each signal object occupies a random time interval causes the control problem
to be somewhat unique and complicated. It is envisioned that dynamic programming
algorithms [23] can be used to solve the control problem with moving time horizon.
Once an admissible control law to the optimal control problem is found, a mapping
must be chosen to generate control signals from the signal objects.

_ FIRM modeling approach offers many advantages over traditional modeling meth-
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ods. It provides a hybrid predictive model which is capable of predicting process
future output accurately. FIRM modeling approach can be used to develdp mode] for
process with highly nonlinear and complex dynamic characteristics. With the simple
implementation procedure, FIRM model provides an important modeling approach for
understanding and controlling of extremely complex industrial processes. However,
suitable modifications of well-developed control approaches need to be developed to

accommodate the new FIRM modeling paradigms.
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APPENDIX A

Matlab code list of the refinement process

% REFINE Refine the time partitions of two object oriented

% sequences to produce a common time partition
% (refinement) for both sequences. Refinement, R,
% is given by
A R=PUNQ
% where P and Q are the time partition of the
% two sequences.
% [objs] = refine(A,B) produce the matrix objs
% which contains
% the refinement and both signals in the form
A objs = [ ref_1 ref_r bot_A top_A bot_B top_B ]
h The matrices A and B must be in the form
% [ left right | bot top ]
h
% See also CONVERT, MODEL and PREDICT
function [objs] = refine(4,B)
[m_A,n_A] = size(A) ;
[m_B,n_B] = size(B) ;
Z%%%Z%%%%%%%%%%%%%%%%%Z%%%%%ZZZ%ZZ%%%%Z%%%%%%%Z%%%
cal numb
%%%%%%Z%%%%%%%%%%%Z%Z%%%%%7%%ZZ%%%Z%%%Z%Z%%%%%Z%%%
t_1_A = zeros(m_A,1) ;
t_r_A = zeros(m_4,1) ;
day_i = A(1,3) ;
K =0 :
for 1 = 1:m_A
day_1 = A(i,3) :
day_r = A(i,9) ;
if day_l "= day_i
day_i = A(i,3) ;
K = K + 24%60 :

t_1_A(i) = A(i,5)*60 + A(i,6) + A(i,7)/60 + K ;
if day.r "= day_i
day_i = A(1,9) ;

K = + 24x%60 ;
end
4 t_r_A(i) = A(i,11)*60 + A(i,12) + A(i,13)/60 + K ;
en
s = A(1,5)%60 + A(1,6) + A(1,7)/60 ;
t_1_A = t_1_A - s*ones(size(t_1_4)) ;
t_r_A = t_r_A - s*ones(size(t_r_4)) ;
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t_1_B = zeros(m_B,1)
t_r_B = zeros(m_B,1)
day_i = B(1,3)
K =0
for i = 1:m_B
day_1 = B(i,3)
day_r = B(i,9)

if day_1l "= day.i
day_.i = B(i,3)
K = K + 24%60
end

b

t_1_B(i) = B(i,5)*60 + B(i,6) + B(i,7)/60 + K ;

if day_r "= day._i
day_i = B(i,9)
K = K + 24%60

?
?

end
t_r_B(i) = B(i,11)*60 + B(i,12) + B(i,13)/60 + K ;

end

s = B(1,5)%60 + B(1,6) + B(1,7)/60 ;
t_.1_B=t_1_B - s*ones(s1ze(t 1._B)) ;
t_r_.B = t_r_B - s*ones(size(t_r_B)) ;

%%%%%%%%%%%%%%%%%%%%%Z%%Z%%%%%%%%%%%%%%%%%%%%%%%%

time int

% S s %
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%Z%%ZZ%%%%%%%%%%%%%%
Y1 =[+t.1_4A; t_r_A(m_A,1) ] ;

Ly.1;v.2]1]
sort(Y)

0

or i = 1:size(Y,1)-1

if Y(i) == Y(i+1)
Y(i) = NaN
K=K+ 1

end

nun N

HhX g g

Q.

en

Y
Y

sort (Y)
Y(1:size(Y,1)-K,1)

=[t.1_B; t_r_B(m_B,1) ] ;

start_pt = max(Y_1(1),Y_2(1)) ;

for i = 1:size(Y,1)
if Y(i) == start_pt
s =i
end
end

end_pt = min(Y_1(m.A+1),Y_2(m_B+1)) ;

for i = 1:size(Y,1)
if Y(i) == end_pt
e =1
end
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end

objs(:,1) = Y(s:e-1) ;
objs(:,2) = Y(s+1i:e) ;

Z%%%%%%%%%%%%%%%%%%%%%%%Z%%%%%%%Z%%Z%%%%%%%%
% Matching the time intevals with the data /%
VA AN AN YA AN YA YA A Y Y AN SN NS YA YA YA A N AN AN
for i = 1:size(objs,1)

for j = 1:size(Y_1)-1
if objs(i,1) >= Y_1(j)

if objs(i,1) <= Y_1(j+1)

objs(i,3) = A(j,14) ;
objs(i,4) = A(j,15) H
end
end
end
end

for i = 1:size(objs,1)

for j = 1l:size(Y_2)-1
if objs(i,1) >= Y_2(j)

if objs(i,1) <= Y_2(j+1)

objs(i,5) = B(j,1%) ;
objs(i,6) = B(j,15) ;
end
end
end
end
[m_objs,n_objs] = size(objs) ;

%%%%%%%%%%%%%%%%%%%%%%%%%ZY%%%%%%%%%%%%%%7%%%%%%%%%%%%%%
% Plot the original and refined object oriented signal
%Z%X%%%%Z%%%%%%%%%%%%%%%%%%%Z%%%%%%%Z%%%%%%%%%%%%%%%%%%%
min_A = min(t_1_4)
max_A = max(t_r_A)
min_B = min(t_1_B)
max_B = max(t_r_B)

figure(1)
clg

we mo v

cm_A

? t_1_AGi) ; t_1_A(i) ; t_r_A(i) ; t_r_A(i) ] ;
[ AC(i,14) ; A(i,15) ; A(i,15) ; A(i,14) 3] ;
patch(x A,y_A,1) ;

end

title(’Input signal in original time interval’) ;
grid on

axis_A = axis

axis([min([min_A,min_B]) max([max_A,max_B]) axis_A(3: 4)])

figure(2)

clg

for i = 1:m_B
x_B=[t_1_B(i) ; t_1_B(i) ; t_r_B(i) ; t_r_B@) ] ;
y_B = [ B(i,14) ; B(i,15) ; B(i,15) ; B(i,14) 1] ;
patch(x_B,y_B,i)
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end

title(’Output signal in original time interval’) ;

grid on

axis_B = axis ;
axis([min([min_A,min_B]) max([max_A,max_B]) axis_B(3:4)]);

figure(3)

clg

for i =1
x_u
y-u

:m_objs
[ objs(i,1) ; objs(i,1) ; objs(i,2) ; objs(i,2) ]
[ objs(i,3) ; objs(i,4) ; objs(i,4) ; objs(i,3) ]

patch(x_u,y_u,i)

end
title(’Input signal in refined time interval’)

grid on

axis([min([min_A,min_B]) max([max_A,max_B]) axis_A(3:4)])

figure(4)

clg

for i =1
X.y =
y-y =
patch

:m_objs
[ objs(i,1) ; objs(i,1) ; objs(i,2) ; objs(i,2) ]
[ objs(i,5) ; objs(i,6) ; objs(i,6) ; objs(i,5) ]
(x_y,y-y,1)

end
title(’Output signal in refined time interval’)

grid on

axis([min([min_A,min_B]) max([max_A,max_B]) axis_B(3:4)])
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APPENDIX B

Matlab code list for encoding objects to object states

% CONVERT Encode each object in an object-oriented signal

% into a number using the equation :

% index = index_m + Nm*index_d + Nm*Nd*index_h

% The function CONVERT produces matrices "state",

% which contains the encoded numbers representing each

A object in the signal(using the equation above),

% “‘state_new’’,which contains encoded number from 1

% to n and "state_unrep", which contains the list

% of all possible encoded number. CONVERT also

% produces the discretization matrices, x_hist_h,

% x_hist_d and x_hist_m, used in discretize the

% ranges of h, d and m. CONVERT is used to encode

% objects in the training data set. To encode objects in
% the model validation data set, the function CONVERT1

h is used.

h

% See also CONVERT1, CONVERT2, REFINE, MODEL, MODEL1, MODEL2.

function [state,state_new,state_unrep,x_hist_h,x_hist_d,x_hist_m]
= convert(4,Nhdm)
‘/.'/.‘/.‘/.'/.‘/.'/.’/.‘/.‘/.'/.'/.'/.’/.7.7.7.7.7.7.'/.'/.'/.‘/.7.’/.'/.‘/.’/.'/.‘/.‘/.’/.‘/.‘/.7.’/.'/.'/.'/.'/.‘/.'/.'/.'/.'/.'/.'/.'/.‘/.'/.'/.‘/.'/.‘/.'/.‘/.'/.’/.'/.'/.
% Compute the height, duration and midpoints of each object %
'/.'/.'/.'/.‘/.'/.‘/.‘/.‘/.'/.'/.'/.'/.‘/.'/.'/.'/.'/.'/.'/.'/.‘/.'/.‘/.'/.'/.‘/.'/.'/.‘/.'/.'/.'/.'/.'/.'/.'/.‘/.‘/.’/.‘/.'/.‘/.'/.'/.'/.'/.’/.‘/.'/.'/.‘/.‘/.’/.‘/.‘/.‘/.'/.'/.’/.'/.
[m_A,n_A] = size(4) ;

Nh = Nhdm(1) ;
Nd = Nhdm(2) ;
Nm = Nhdm(3) ;
objs = A ;
heights = objs(:,4)-objs(:,3) ;
durations = objs(:,2)-objs(:,1) ;
midpoints = 0.5*(objs( 3)+obJs(:,4)) ;
[n_hist_h,x_hist_h] = hist(heights,Nh) ;
[n_hist_d,x_hist_d] = hist(durations,Nd) ;
[n_hist_m,x_hist_m] = hist(midpoints,Nm) ;

if Nh ==
indx_h = ones(1i,m_A) ;

else

[trash,indx_h] = min(abs(x_hist_h’*ones(1,m_A)-ones(Nh,1)
*heights’)) ;

end
indx_h = indx_h - 1 ;
if N4 ==
indx_d = ones(1,m_4) ;
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else
[trash,indx_d] = min(abs(x_hist_d’*ones(1,m_A)-ones(Nd,1)

*durations’));

end
indx_d = indx_d - 1 ;
if Nm ==

1ndx m = ones(i,m_A) :

el
[trash,lndx_m] = min(abs(x_hist_m’*ones(1,m_A)-ones(Nm,1)
*midpoints’));

end .
indx_m = indx_m - 1 ;
index = indx_m+Nm*indx_d+Nm*Nd*indx_h ;

A AN SN AN YA ANy Ay YA AN AN YA YA AN AN Y YA YA Y Y A YA YA A

%, Reorganize the state assignments in sequencial numbers from 1 to n.

%%%Z%%%%%%%%%%%%%%%%%%%%%%%%%%%Z%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
state = index’ ;
[state_sort state_index] = sort(state) ;

=0 »

for i = 1:(m_A-1) ;

1f(gt3t§ soit(l ,1)<state_sort({i+1),1)) ;

state_unrep(S) = state_sort(i,1) ;

end >

end ;

state_unrep = [state_unrep’ ; state_sort(m_A)] ;

[a b] = size(state_unrep) ;

state_rename = zeros(m_A,1) ;
for i = 1:a 4

for j = 1:m_A ;
if (state_sort(j,1)==state_unrep(i)), ;
state_rename(j) = i ;
end ;
end
end

state_new = zeros(m_A,1)

for i = 1:m_A
state_new(state_index(i))=state_rename(i)

end

we e wewe we we
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APPENDIX C

Matlab code list for calculating P

% MODEL This function find the transition matrix P for a FIR markov

h chain model The input is the unrefined signal in the form

% = [ left_1 right_1 | bot_.1 top_1 ]

% and the output is the unrefined signal in the form

A [ left_2 right_2 | bot_2 top.2 ].

A The tran51tlon matrix P is a M by Nk matrix, where M is the

% number of possible output and Nk is the number of possible

% n past input combinations that exist in the input signal

% P shows the probabilies of occurence of each output given the
% n past inputs combination. The variable, ns, is the number of
% possible states of the input signal A.

% The difference between MODEL and MODEL1 is the input

% arguments.For MODEL1 the input argument must be refined

% signals.

h

% See also REFINE, CONVERT, MODEL1 and MODEL2

function [P,system,y_table,x_hist_h,x_hist_d,x_hist_m]
= model(4A,B,n,Nhdm,ns) ;

[m_A,n_A] = size(A) ;
[m_B,n_B] = size(B) ;
%Z%%%%Z%%%%Z%Z%%%%%Z%%%%%%%%%%%%%%%%%%%Z%%%%%%Z%%%%%%%%%%%%Z
Y. Refine the interval of find the state index Y%

%%%%%ZZZZ%%%%%%%%%%%%%%%%%%%%%%%%%%%%%Z%%%%%%%%%%%%%%%%%%%%%
objs = refine(A,B) ;
[m_obJs,n_objs] = size(objs) ;

u = objs(:,1:4) ;
y = [objs(:,1:2) objs(:,5:6)] ;
[state_u state_new_u,state_unrep_u,x_hist_h,x_hist_d,x_hist_m]
= convert(u,Nhdm);
[state_y state_new_y,state_unrep_y,y_table]l = convert2(y,Nhdm) ;
stored_temp = zeros(1,n) ;
state = zeros(m_objs,1) ;

for i = 1:m_objs
stored_temp = [ stored_temp(2:n) state_new_u(i) ] ;
stored_input(i,:) = stored_temp ;

for j = 1:n
state(i) = state(i) + stored_temp(j)*(ns~(j-1)) ;
end
end
state = state(n:m_objs,:) ;
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state_y = state_y(n:m_objs) ;
state_new_y = state_new_y(n:m_objs) ;

%%%%%%%%%%%%%%%%%%%%%%%%%Z%%Z%%Z%%%%Z%%%%ZZZ%%%Z%%%%%%%%%
% Reorganize the state from 1 to total number of states J
%%%%%%%%%%%Z%%%%Z%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
m_state = size(state,1) ;
[state_sort state_index] = sort(state)
S=0
for i = 1:(m_state~-1)
if(state_sort(i,1)<state_sort((i+1),1))

WeMa M e v we we

S=5+1
state_unrep(S) = state_sort(i,1)
end
end
state_unrep = [state_unrep’ ; state_sort(m_state)] ;
2
[a b] = size(state_unrep) :
state_rename = zeros(m_state,1) ;
for i = 1:a ;
for j = 1:m_state ;
if(state_sort(j,1)==state_unrep(i)), ;
state_rename(j) = i ;
end :
end ;
end ;

state_new = zeros(m_state,1)
for i = 1:m_state
state_new(state_index(i))=state_rename(i)

e v we we

end

AN YA AAAA
% Compute P
VAN AN AN A AAA
system = [ state_new state_new.y ] ;
P_acc = zeros(size(state_unrep_y,1),size(state_unrep,1));
for i = 1:m_objs-n+1 ;
_acc(system(i,2),system(i,1))

= P_acc(system(i,2),system(i, 1)) + 1 ;
end .
[m_P,n_P] = size(P_acc) ;

if m_P ==
column_sum
else
column_sum = sum(P_acc) ;

P_acc ;

end
P = P_acc*diag(ones(1,size(P_acc,2))./column_sum) ;
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