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ABSTRACT
Fault detection and diagnosis have become important topics in process industries. The
diagnosis of transient upsets in the system behavior can lead to important process or
operation modifications that can improve the future behavior of the system, and minimize
the impact of costly effects.
A methodology is presented to diagnose pattems generated by a single-variate,

dynamic, and continuous system. The pattems are the transient trends of process
variables resulting from disturbances in the system. Because large chemical processes
lack an accurate dynamic model, a pattem recognition methodology, consisting of feature
extractor and feature classifier, is proposed. The Linear Discriminant Basis (LDB)
method is modified and adopted as the basis of the proposed feature extraction technique.
By using the "Double Wavelet Packet Tree" (DWPT), the input pattern is split amongst a
set of most class-discriminant windows. Then Principal Component Analysis (PCA) is
used to reduce the number of selected features. The feahue classifier is a binary decision
tree, based on the Incremental Tree Induction (ITI)technique, coupled with a soft
thresholding scheme for recognition of noisy input pattem.
The above mentioned methodology is then extended to extract and classify features of
patterns generated by a multivariate, dynamic, and continuous system. PCA technique is
applied so that the information space is described by a set of unconcelated and fictitious
data sources. The most class-discriminant features and a binary decision tree are
determined for each new data source. Each decision tree outputs not only posteriori
probabilities of assigning an input pattem to any one of classes but also confidence limits
for the

The consensus theory and evidence theory is utilized in this work to

find the best classes of events for describing system behavior.
Approximating a data stream by a smooth fimction, which preserves frequency
content and duration time of different events is quite u s e l l for certain applications. A
methodology is presented to generate a smooth function for a set of discrete and finite
data. The objective fhction is expressed as the weighted summation of some waveletbased basis hctions. The required wavelet 'filters are provided by a Lifting-Scheme
iii

wavelet method. To determine the basis functions and the coefficients, the Wavelet
Packet approach is coupled with the Lifting Scheme. An iterative technique is also
developed to remove the noise elements from the data set.
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CHAPTER 1

CHAPTER 1
INTRODUCTION
A system is said to operate under faulty condition when its behavior deviates

considerably from normal and predefined operating strategies. Equipment failure, sensor
degradation, set point change and disturbances in the input streams are the instances of
faulty states for a system. The fust group of fa&,

known as deterministic faults, is

generated by a fixed magnitude cause, and is usually damped by using a robust control
strategy. Various magnitudes of a deteministic cause, even at different operating points,
produce faults with similar trends. Step changes in the flow rate of input stream or change
of a controller's set point are examples of such faults. The second group, known as
stochastic faults, results fiom causes whose magnitude change randomly with time.
Besides, the controlling scheme cannot drive back the system to a steady state operating
condition. A stochastic fault, even at the same initial operating point, could have different
pattern. Catalysis degradation or random changes of set point are examples of such
faults.

Fault Detection and Diagnosis are two important parts of the process supervisory
routines. Fault detection procedure must be quite fast to identify any anomalies in the
process, and insensitive to the disturbances caused by process noise. Although detection
of faults is an essentid step, it seldom meets the predefined requirements of a robust
controlling strategy. On the other hand, fault diagnosis is a more complete approach that
determines the states of the system (faulty or normal) as well as type of faults. Fault
detection methods require a model of normal operating regime. However, Fault diagnosis
approaches compare the system measurements with the outputs of models formulated for
different faulty conditions. Fault detection and diagnosis may be performed by using
manuai and ad hoe procedures, which are suitable for small-scale systems. Human-based
monitoring routines are always prone to misjudgment about the system states and
recognition of source of the fault. In usual chemical plants, where many sensors and
complex network of streams exist, it is quite difficult to draw conclusions fiom the mass

of raw noisy data. In order to be practical, monitoring techniques must be fairly reliable
so that minimum false alarms and maximum resolution of system states could be
obtained. Computer-based diagnosis mechanisms are considered as the best choices that
improve plant safety, product quality and p l a t productivity.

FAULT DIAGNOSIS TECHNIQUES

1.1

Many methods for fault diagnosis are found in technical literatures. Extraction of the
valuable information, computation of the model outputs, and the versatility of the
methodologies are the major differences among the diagnosis methods. Fault diagnosis
techniques may be classified into three main groups (Himmelblau, 1978),
1. Analytical model-based methods,
2. Causal analysis approach,

3. Pattern recognition techniques.
These groups of techniques are discussed in the following sections.

1.1.1

MODEL-BASED METHODS

Representation of system actions either faulty or normal by a mechanistic model is the
basis for the methods of this group. The model is developed from the first principles such

as conservation of mass and energy, with deterministic and sometimes stochastic
components. Having modeled the system satisfactorily, faults could be piripointed
accurately within an affordable processing time (Frank, 1992).
Most model-based techniques employ the Analytical Redundancy concept (Frank,

1992; 1990), where the differences (residuals) between the actual outputs and
theoretically model-based ones are computed. This approach is shown schematically in

Figure 1.1. A residual should be equal to zero ideally when the system is operated within
normal region. However, the residuals often deviate fiom the normal values because of
two reasons (1) some parts of the system operates inefficiently (2) there are some

unknown inputs that affect the measurements. In Residual Testing step, the true faulty
residual would be distinguished fiom the normal ones. Signature of faults is a logical
pattern indicating the status of each residual. By a decision-making technique, such as

pattern recognition or statistical inference, the most probable source of faults would be
identified.
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Figure 1.1 : Steps of a model-based fault diagnosis technique
The measured variable y(t) is a function of several parameters such as actuators faults
Au(t), equipment and system parameters faults Axt), and sensor faults Ay(t). The

mathematical expression of this relationship could be expressed as (Stephanopoulos and

Han, 1996):

~ 4( d)I T f
+~y(tt)

y(t)=~(p)[u(t)

(1.1)

P(.) represents the transfer operator of system, andp stands for the logical, qualitative, or

quantitative operator. Residual e(t) is then defined as:

e

(4= Y ( I ) - b)4)= s b)[A u ( t ) A f (4I + AY ( t )

(1-2)

assuming P(p)=[Pl(p)P2(p)].Given the residuals values, a model-based approach solves
the Equation 1.2 to find the possible faults. However, the transfer operator, which is

representing the system behavior, is not known completely. This introduces a new term,

dP,in Equation 1.2 for representing the model uncertainty that may produces erroneous
results.

P ( P ) = [ ~ ( P ) + W ( P ) %(P)+A?~(P)I

Since the model uncertainty is a function of process faults, the form of transfer operator
must be known completely in order to have a reliable diagnosis. Decoupling the effects of
model uncertainty fiom those of process faults is an approach that enables the modeibased techniques to present a clear picture of the system conditions. Projection operator

F@), which can be defined by various techniques, isolates the dP(t) fiom the rest of the
parameters. If P(p) is a linear differential operator, an observer of the unknown input
effects, originating from the model uncertainties, can be used to design the F(p). For nonlinear systems, Kalman filtering and non-linear observers are the exampIes of methods
used for designing the F(p). Decoupling the effect of various faults is another issue that
must be addressed by the selected model-based technique. The Bank of Observers
method could isolate each possible fault from the rest of the faults. Nonlinearity of the
process and the strict requirements for design of observers are the setbacks of the
observer-based methods. Isolation of process faults, when they are exhibited at different
frequency scales, could be performed by using a bank of band-pass filters. For example,

the "dead" sensor or a "wild" sensor is detected at short time scales, while the effect of a
drifting sensor is identified by the information of long time scales. The performance of
model-based methods to identie the slow developing faults, especially in the presence of
large model uncertainty, is not satisfactory. Adaptive observer, also known as Extended
Kalman filter, is a diagnosing method of such faults.
Having determined the faulty residuals, the most probable class of events would be
determined by the decision-making step. The proposed classification technique must be
insensitive to the unknown inputs so that the rate of false alarms remains at the minimum
level. Having obtained the statistical distribution of the unknown inputs, the Generalized

Likelihood Ratio (GLR) (Frank, 1992) is a popular statistical-based method for
classifying the faulty residuals. In this method, the likelihood of occurrence of the kh
fault,&, is estimated by:

where ra, denotes the ih residual, and P(.)represents the probability distribution hnction

of the underlying stochastic process. The Hkis the hypothesis made for the existence of

the

fault, and the H ,is the null hypothesis established for the n o d state. The system
is defined faulty if the likelihoods of some faults pass a predefined threshold. The faultfk

will be selected if it has the largest likelihood among other possible faults. The main part

of this approach is choosing an optimum value for the threshold. Selection of low
threshold value increases the false alarms rates, whereas high threshold reduce the
sensitivity of the technique to faults with small magnitudes. The amplitudes of residuals
depend in large on the size of system inputs. Thus for a normal system, large magnitude
inputs cause the decision functions to surpass the fixed size thresholds. Adaptive
Thresholding is a technique that adjusts the threshold value by the magnitude of the

system inputs.
The pattern recognition method is another group of decision-making methods used
for model-based fault diagnosis methods. The residuals of a system are considered as the
features of the cunent state of the system, and are classified by one of available pattern
classification techniques.
Chang et. al. (1994), Krarner (1987) and Petti et. al. (1990) employed the parity
equations in order to diagnose a process. The parity equations are generally derived tiom
the material and energy balance describing a system. In normal operation, these equations

are equal to zero. Residuals are generated when a process fault occurs. A set of
satisfaction factors is generated to indicate the violation of parity equations.
Estimation of model parameters is another technique (Isennam, 1984; Isermann and
Freyerrnuth, 1991) utilized for faults identification and diagnosis in a system. The model.
parameters are either constants or time-dependents, and appear in the mathematical
relationship between the inputs and the outputs of a system. For steady-state problems,
the system outputs, y(u) are defined by a polynomial of system inputs u,

+

+

J(u) = Po , 8 , ~p2u2+ --.

where the process model parameters are denoted by 6 T==[

(Ia5)

a,

8 2 , ...].

However for

dynamic problems, the form of relationship between system outputs and inputs would be
defined as:

while model parameters are defined as 0 '=[ a] ...a
. ) b,

... b, 1. The model parameters,

which have relationships with physical parameters, deviate fiom their normal values
when faults occur in a system. Thus by determining the values of these parameters, the
types of faults could be identified.

1.1.2

CAUSAL ANALYSIS METHODS

The model-based techniques usually require an extensive quantitative knowledge of a
system for establishing a reliable model. This condition is often impractical for systems
with complicated behavior. The qualitative f d t diagnosis approach, on the other hand,

needs less knowledge about the system. The formulation of the knowledge introduces
two different approaches for this group of diagnosis methods (Yu and Lee, 1991). The
first group, known as shallow-knowledge-based diagnosis, is simple and fast, however, it
suffers fiom the possible inconsistency in the knowledge presentation. Furthennore, a
slight change in the system specifications demands a significant revision of knowledge
base. The second class of methods, known as deep-knowledge-based diagnosis,
represents the system behavior by a more reliable structure. The Signed Directed Graph

(SDG) is the most well known deep-knowledge technique that represents the
relationships among system variables graphically. The SDG consists of nodes and arcs,
where nodes represent the system variables, and the arcs stand for causal connections
between two nodes. For two system variables, such as A and B, the causal relationship
could be shown schematically as:
A

s&V(A-B)

,B

(1-7)

where function sgn(A-B) stands for the qualitative relationship. Having determined the
state of variable A, the status of B could be evaluated qualitatively by the forward
reasoning:
sgn(B) = sgn( A). sgn(A - B)

(1-8)

The terminal nodes in the SDG represent symptoms of the system faults. By starting from
the terminal nodes, the qualitative diagnosis methods perform backward reasoning to
narrow down to the source of the symptoms. This approach may generate multiplicity in

identification of sources of the system faults. .The more practical technique is to make
hypotheses about the possible causes of faults, find the symptoms for each of them using
the forward reasoning, and evaluate the truth of each hypothesis by comparing its
symptoms with the actual ones. The Truth Table (Yu and Lee, 1991) is considered as a
convenient method for proving the consistency of proposed hypothesis.

Table 1.1: The Tmth Table for causal relationship A>

B

Table 1.1 is a truth table constructed for Equation 1.8. The true value for a connection
indicates that faults could be propagated along the branch. Kramer and Palowitch (1987)
presented a method for analyzing the SDG once and off-line. A set of "if-then" rules is
then constructed, and employed on-line for fault diagnosis. Because of' simple
comparisons and logical rules, the method shows good performance in on-line diagnosis
applications. Kokawa and Shingai (1982) proposed a digraph in which nodes reflect the
process equipment not the process variables and arcs represent the failure propagation in
the system. This method assumes that the states of all nodes are known which is too
idealistic in practice. A backward search is introduced to determine the potential
candidates for the given faults. Oh et. al. (1997) used the Weighted Symptom Tree for
fault diagnosis in a system. They incorporated backward and forward reasoning to
increase the resolution of diagnosis results.
The availability of a robust searching aIgorithm is a major requirement in these
approaches. Because, it is likely to infer different causes for a single symptom (Kraiier

and Palowitch, 1987; Yu and Chang, 1990), some forms of quantitative knowledge, such
as Fwzy Logic and Order of Magnitude, could be used to clariEy the main source of fault.

It is required in qualitative reasoning that the graphs have tree structure. It would be a
limitation for this method when loops are generated in the digraph.

1.1.3 PATTERN RECOGNITION PROCEDURES
This group of techniques relies mainly on the measured data without explicitly

considering system structure. A pattem could be identified either by using qualitative
techniques, i.e. syntactic pattern recognition, or quantitative methods such as statistical
pattem recognition. A pattern recognizer established by the raw data is often unreliable
for fault diagnosis because the redundant and worthless information lead to wrong
results. Feature extraction is thus employed to isolate the valuable data so that the system
events (faults) are described more efficiently. This step not only decreases the processing
time but also increases the reliability of the final result. Feature classifier is the next step
that finds the best class of event for the input pattem. Formulation of feature extractor
and classifier is determined according to the historical data collected fiom different
system events. A measure of similarity amongst training pattems must be defined in order
to formulate the feature classifier. Supenrised learning is a group of classification
methods in which class of each training pattem is given so that it can be used as a
similarity criterion. When the class label of patterns are not defined, unsupervised
learning methods will be used which cluster the training patterns according to a similarity
measure like the Euclidean distance. The information content of training data, types of
extracted features and design of classifier are the main parameters affecting the
performance of a pattem recognizer. These issues wilI be will be discussed in the next
chapter.
1.2 RESEARCH OBJECTIVES AND ASSUMPTIONS
Chemical processes are often characterized by nonlinear behavior, noisy inputs and

unknown parameters. Thus a model describing the system behavior, either
mathematically or qualitatively, will be quite complicated (King and Gilles, 1990;
Isermann, 1984; Frank, 1990). However, computer-based pattem recognition extracts a
wealth of information fiom the large amount of process data quite satisfactorily without
knowledge of nature of system. Many fault diagnosis methods, based on pattern
recognition, assume that the fault occurrence drives the system to a new steady .state
condition. Then the system characteristics at two different operating points are used as
patterns for diagnosis purposes (Kramer, 1984; Petti et. al. 1990; Watanabe et. al. 1994;

Fan et. al. 1993). If the system happens to reach its initial steady state condition, then
these methods will not be useful for fault diagnoses. As another shortcoming, these
approaches cannot deal with the stochastic faults because the system cannot reach a
steady state point. If transient trends of system variables are used as patterns, the fault
diagnosis method will be fkee of considering the steady state conditions (Oh et. al. 1997,
Rengaswarny and Venkatasubramanian, 1995; Bakshi and Stephanopoulos, 1994b;
Kassidas, 1997, Raich and Cinar, f 996). It implies that the diagnosis method is applicable
equally for any type of fault, i.e. stochastic or deterministic, and final system condition.
This research only concern with the fault diagnosis of a chemical process; thus,
onsets of abnormal conditions are determined by a fault detection scheme such as
multivariate statistical method. When the faulty operation is identified in the system, the
transient trends of process variables are collected and used by the fault diagnosis method
to determine the most likely source of anomaly. Deterministic and stochastic faults,
described early in this chapter, are both studied in this work. For deterministic fault, it is
assumed that the control scheme has enough degrees of freedom to return the controlled
system variables to their predefined set points. Although the control scheme is applied for
stochastic faults, the process
variables cannot be driven back to their normal values
. . unless the source of the fault is eliminated.
In this work, a supervised pattern recognition methodology for fadt diagnosis of
multivariate and dynamic systems is proposed. The patterns are transient trends of
process variables resulting fiom a disturbance in the system. The technique assesses the
similarity of new, unknown pattern with the prototypes of each class of events; and the
most similar class is considered as the source of faulty behavior. A fault can occur with
varying sizes or under different production rates so that the generated patterns for a
variable have different magnitudes. Since the proposed pattern recognizer is based on the
input patterns quantitatively, any magnitude difference amongst patterns of a class must
be eliminated beforehand. A scaling procedure, which scales each pattem to zero mean
and unit variance, is thus proposed in this work that decreases magnitude dissimilarity

amongst patterns of a class. Because transient trends contain valuable infomation
scattered within time and frequency domain, the feature extractor must be efficient

equally for these domains. A multiscale wavelet-based transform serves in this work as
the feature extractor. The Fourier Transform suffers fiom inability to extract S o m a t i o n
of time domain. Although the Short Time Fourier Transform is able to process temporal
features, its performance is inferior to the wavelet transform especially for short-lived
segments of a pattem. The input patterns are denoised by a filter, however, parts of noise
pass through the filter. The Wavelet Transform dampens noise effect on the feature
space. The information content of a signal depends on the length of data sequence. Large
window of data gives more information about the general trend of a pattern, whereas
small size windows focus more on the local structure of a pattern. The proposed feature
extractor is able to choose the best set of non-overlapping windows adaptively so that the
selected features for each class are maximally discriminated. This helps the feature
classifier define a more robust decision scheme. The proposed feature classifier is based
on the decision tree approach implemented in many classification routines. The decision
tree-based classifiers are trained easily and need a few a priori assumptions. The
proposed tree is able to restructure itself as new training patterns are received. In this
work, a tree classifier is assigned for each sensor; and because more than one sensor is
used in a system, a multisource data fusion technique aggregates the classification results
of each sensor. Data sources in a system are not equally reliable and some are quite
informative whereas some others produce misleading information. This issue, which is
not adequately considered in most of the pattem recognition techniques for fault
diagnosis, is also addressed by this work.
Approximating a discrete pattem by a smooth continuous function, which preserves
the detail information, will be quite useful in certain application. Data compression and
mining is the first example where it is desired to store only most informative parts of a

pattem. It decreases not only the retrieving time but also the required memory for saving
the data In pattem recognition methods, where the training data is scarce for some class
of events, augmenting of data would be quite useful. Having formulated discrete data
mathematically, we could generate similar patterns of different magnitudes and
frequencies. Noise removal is another issue that must be addressed certainly in process
monitoring applications. Most of noise removal techniques aim to rebuild a pattern while

the contributions of some undesired parts, such as noise, are omitted. A methodology is
presented to produce a smooth b c t i o n for a set of discrete and finite data. The technique
is based on the time-frequency representation of a pattern accomplished by using of a
wavelet packet transform. As the first step, an iterative denoising method removes the
noise elements by thresholding wavelet coefficients. The second step approximates the
filtered data by a weighted summation of some wavelet-based basis functions. The
method is robust; and it outperforms the classical wavelet-based function approximation.

1.3 RESEARCH OUTLINE
A review of pattern recognition methods suitable for fault diagnosis purposes is given in
Chapter 2. Details of wavelet theory, multiscale time-frequency representation of a
pattern, decision trees and multisource data fusion, used as fiarneworks for the proposed
methodology, are presented in this chapter
Chapter 3 presents the proposed methodology to classify patterns resulting fiom a
single sensor. The simulated process data based on the Tennessee-Eastman process, an
actual industrial plant, is used for examining the pedormance of method. The simulator
of Dawn and Vogel (1993) is slightly modified so that faults with different magnitudes
even at varying production rates are introduced. In this chapter, effects of some
parameters on feature extracting technique are also studied. Chapter 4 illustrates the
details of a methodology that is proposed for fault diagnosis of a multi-variate and
dynamic system. The case studies are based on the simulated data fiom the TennesseeEastman plant.

Chapter 5 discusses the details of techniques suitable for approximating and
denoising process trends. The performance of these methods are illustrated by using
simulated and laboratory experimental systems.
Finally, Chapter 6 summarizes the thesis and the contributions, and identifies future

work.

CHAPTER 2

CHAPTER 2

REVIEW OF PATTERN RECOGNITION METHODS
FOR FAULT DIAGNOSIS
Pattern is the particular arrangement of system information, such as process

measurements, that provides valuable insights into system behavior. Pattern recognition
is an aIgorithrn that determines the most appropriate class of system behavior for the
given unlabeled input pattem. To recognize an unknown pattern, two main steps are

usually followed: (1) feature extraction and (2) feature classification.
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Figure 2.1 :Steps of a pattem recognitiontechnique.
Feature extraction is a crucial preprocessing stage that improves the resolution of

information content of a pattern, and decreases the complexity of the classification
algorithm. The classification step is considered as a mapping process that is defmed
mathematically by:
d:X+Y

(2.1

d represents the classifier or discriminantfirnction, X is the vector of features and Y is the
set of predefined classes. The unknown parameters of function d, which establish the
class boundaries, are computed in the training stage by using a set of patterns of each
class.

2.1 FEATURE EXTRACTION
In practice, a pattem consists of considerable amount of redundant and worthless
information content. By using only valuable parts of a pattem, termed as features, the
classification error and the complexity of computations would be reduced significantly.
Feature extraction could be performed by a Qualitative and/or a Quantitative approach.

The shucrwol (syntactic)-based methods extract the features qualitatively by representing
the pattem as a string of "primitives". The constructed string exhibits a grammar that is
compared with the grammar of the reference string for each class so that the most similar
grammar determines the class of the unknown pattem. The primitives of a measurement

vector could be calculated by using the finite difference methods if there is little noise,
however, for significant noise more powerful techniques must be applied (Rengaswamy
and Venkatasubramanian, 1995). The Triangular Episodes technique (Cheng and
Stephanopoulos, 1990a; 1990b) is another qualitative approach, which represents each
segment of a trend by its initial slope, f d slope and a line connecting the two critical
points. The best class is the one whose prototype has maximum number of matched
episodes with the unknown pattern.
Quantitative approaches extract the features by providing a mathematical model that
maps the measurement space to the feature space. The aposteriori class probability is the
best feature for a set of patterns, and is used in statistical pattem classifiers. However,
complicated calculation of this term hampers its applicability. The feature extraction
based on the class scatter matrixes is a sub-optimal approach that is used more
conveniently in statistical pattern classification. The Within-class Scatter Matrix (S,)
shows the scatter of patterns of different classes around their corresponding
meadexpected vectors. Also one can define the Between-class Scatter Matrix (Sb) as the
scatter of class mean vectors around the overall mean vector. Time-Frequency
Representation (TFR) is a popular non-statistical feature extraction approach that is able
to reveal the temporal and spectral characteristic of a pattem. This approach has many
applications in signal and image processing, detection and classification problems. TFR
could be divided into two main subclasses: linear methods, such as Short-Time Fourier
Trmsfonn and the Wavelet Transform, and Quadratic techniques such as Wigner-Ville
Distribution. The basis of the former method is decomposing a pattern into some timefrequency atoms known as basis functions. While the latter group extract the features by
estimating the power spectrum (energy distribution) of a pattem using a bilinear operation
(Englehart, 1998).

Selection of the best subset of the original features space is the second stage of feature
extraction that must be taken to avoid the "curse of dimensionality" (Englehart, 1998).
Feature Selection and Feature Projection are two groups of techniques often employed to
reduce the size of feature space. The first approach compares the performance of a group
of features with others based on a selected criterion. The Bayes' misclassification error is

an ideal criterion for selecting the best features, however, it requires complicated
calculations. The class separability-based criteria, which are represented by the
Discriminant Measure, are more applicable selections. A searching technique is also
required for examining all possible features subsets. Nevertheless, searching all the
feature subsets is quite expensive especially in multidimensional problems. There are
some suboptimal searching techniques such as Add-On and Knock-Out, which attempt to
maximize the likelihood of finding a near-optimal subset. Projection of feature space into
a new space is another approach used for reducing the size of original feature set.
Principal Component Analysis (PCA), Projection Pursuit and Neural Networks are the

most known techniques of this

(Englehart, 1998). The PCA transforms the original

space into a new, fictitious and independent domain. The PP projects the high
dimensional input space into a low dimensional one by optimizing a specified objective
function known asprojection index, whose form depends on the type of the application.

LINEAR TIME-FREQUENCY RJ3PRESENTATION OF SIGNAL
This method aims to present a signal y(t) in terms of a weighted summation of some basis
2.1.1

functions:

where g, i(t) stands for the basis function, ci is the weighting factor, and N is the number
of sample points. The time-fkequency localization, orthogonality, and efficient method of
computation are some of the expected properties of a basis function. The Fourier
Transform (FT) and its discrete form (Englehart, 1998) is one of the widely-used TFR
techniques that maps a signal entirely into the frequency domain without any temporal
resolution:

where F is the frequency sampling step size. The FT is useful if the signal has some
stationary components like sinusoids, however for signals with transient components, the

FT is not an appropriate technique. The Short-Time Fourier Transform (STFT)
(Englehart, 1998) is a better technique that divides the signal into some time-localized
segments (windows), and applies the FT for each window.

where T is the temporal sampling step size, g(.) represents the compactly supported
window h c t i o n centered at nT, and W is the window length. Figure 2.2 illustrates the
tiling of Time-Frequency plane by the FT and STFT methods.
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Figure 2.2: Tiling of time-frequency plane by (a) FT method. (b) STFT method.

The time-frequency resolution of STFT method depends largely on the form of the
window function determined by the type of problem. The window length and the
sampling step sizes (Tand F) affect the efficiency of the STFT considerably. The STFT is
a well-developed, easily understandable technique, and it can extract the information in

time domain eficiently. However, the time-frequency cells in the STFT method must
have identical shapes. For classification problems, where the intensity of time-frequency
content is variable, many similar cells are required to extract the signal features. This
increases not only the computation time but also the redundancy of TFR of signal.

The trend indicated by a function depends on the number of sample points

(resolution) used to determine the parameters of Equation 2.2. As the number of samples
increases, more details for the signal is brought up. This cornsponds to the high
fiequency components of the signal. The presentation of signal at lower number of
sample points, however, gives us a general trend of the signal corresponding to the low
fiequency contents. By combining the signal's TFR at different sampling rates, the result
of Equation 2.2 is able to present the fine details and general trend with a desirable
accuracy. At the rnh resolution level (scale), the y,(f) is expressed by (Daubechies, 1992):

where the coefficient ci,, and basis function pinmare specific for the mm scale. Between
two adjacent scales, there is a difference in signal's TFR that is represented by

D = {Dm:
TTZ = 1, 2, ...}.
Ym

(4= Ym-l ( t )+

Dm-,

(11

(2-6)

Each of the D, can be expressed as weighted linear summation of another type of basis
function denoted by ry,k:

Obviously the number of basis functions is difierent at each level of resolution (scale). If
there are finitely many samples, the summation of D,will be equal to the y(t):

By choosing Ht) as orthonormal functions, not only the coefficients in Equation 2.8 are
determined easily but also the presentation of y(t) will be non-redundant. The total
number of orthogonal basis functions is equal to the number of sample points n, whereas
for the non-orthogonal representation, it will. be (Daubechies, 1992):
n + -n+ - +n- + .n. ' . = 2 n
2 4 8

where L is the total level of resolutions. The representation emor has a direct relationship

with the set of coefficients d (Bakshi and Stephanopoulos, 1993).

where M and K represent the indexes of coefficients d excluded from Equation 2.8. By
dropping out some small coefficients, the computation load decreases while the
representation error is still within an acceptable range.

2.1.1.1
WAVELET TRANSFORM
The wavelet basis functions, Ht),are localized in time which means most of the energy is
restricted to a finite interval. If the Ht) is likely zero outside an interval, it is compactly
supported. Each of wavelet basis functions has a specific frequency, which means it is
band-limited. The Wmelet Trumform (WT) allows that the time and frequency
resolutions change independently in the time-fkequency plane as seen in Figure 2.3.

L
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'

Figure 2.3: Tiling of time-frequency plane by a wavelet transform.

The Continuous Wavelet Transform (CWT) of a signaly(t) is:
CWT, ( r ¶a)= SY(~)V a,,(d'it

As parameter a changes, the ~v,,Xt)covers wide fiequency ranges. Large values of a

correspond to low frequency bands or large-scale basis functions and vice versa. The

.

parameter .r adjusts the translation of yo,dt) or the time localization center. Thus the WT
has a better pedormance than the STFT to focus on the short-lived high fiequency

segments, such as transients or singularity in signals. For discretely sampled signal y ( t ) ,

the Discrete Wmelet Transform @WT) method can be used. The parameters rand a in
Equation 2.1 1 are defined as:

7=

k.2" and a = 2'"' where k and m are integer values. The

basis functions vm,k(t),
given by

{

m,k(t)

I"',keZ=

decompose y(t) into a set of subspaces G3 Q,,,
m

v (2m - k ,
where n,~ is spanned by (

{2m'2

Subspace QmI1 is associated with another subspace shown by

(2.12)
vm,dt) 4 m

,.z}.

,which is spanned by

wavelet scaling function, %,At) ( Englehart, 1998),
Q)

m,t

( ) In,k&

=(2m"q,(2mt-k)

The subspaces GPO,
are linked together by:

R , c
~ R,$ c
where the Qo,a and

aL

.O

stand for the coarsest and finest levels respectively. The

is a representation at m'" scale ,whereas the Rm+I-l
projection of y(t) into subspace Rm,o
represents the difference behveen
* m ,

and hMl,o.
= %+,,

Qm+,,,

Thus the original subspace for y(t) could be expressed as the direct sum of mutually
orthogonal subspaces:

where

m(t) is the

scaling firaction for the coarsest scale C2a,o. The first term gives the

general trend of the function, and the second one adds up the accuracy losses while the

scale decreases. Because the basis functions are orthogonal, the coefficients dmkand cok
can be obtained by the following equations:

Figure 2.4 illustrates the basis of the Multi-Resolution Analysis (MRA) by the DWT. The
original samples are projected onto two mutual orthogonal subspaces,

SLt.lSoand Q L - l , l .

The detail space is kept intact while the approximation subspace is projected further into
, o be performed by a sequence h
two new subspaces. The transformation i 2 ~ l , 0 4 2 mcan

called the low passfilter, and the QHl,o+SL,,l is obtained by a sequence g known as the
high passfilter. For many applications, it is desirable to reconstmct the original signal by

its projections at different scales. The Quadrature Mirror Filters (QMF) is the most we11

known technique by which the perfect reconstruction of signal is achieved. The QMF
filters are related to wavelet and scaling basis functions by:

Other criteria considered to design the filters h and g are regularity and symmetry.

Figure 2.4: Multi-resolution analysis by a wavelet transform.

Mallat (1989) proposed an algorithm by which the coefficients

c,k

and d d could be

determined recursively:

It is noted fiom the above equations that the number of coefficients c at coarser scale is

one half of that at fmer scale. For a signal with

sample points, the maximum projection

steps would be L.
Projections on Wavelets, Dm

Projections on Scaling Functions, ym

m = 8 (Original Signal)

Sample Number

Sarnple Nurnber

Figure 2.5: Multi-scale analysis of a noisy signal at nine different scales.

The reconstruction of c coefficients at finer scale is obtained by:

The wavelet coefficients at rn" scale, i.e. c,,, and dm, reconstruct a signal in the time
domain using Equation 2.21. The resulting signal depicts the projection of original input
signal into the m" scale. Figure 2.5 displays MRA of a noisy signal using the
DaubechieslO wavelet filters. The length of signal is 256 so that nine different scales can
be obtained. The right-side plots show the approximation of input signal at different

scales, i.e. y,, and left-side plots depict the difference between signal's representations at
two adjacent scales, i.e. I),

Each of the wavelet coefficients has different effects on the performance of a waveletbased analysis. Wavelet coefficients with small absolute values contribute to the output
less than those with large amplitudes. Therefore without a major loss of accuracy, some
small coefficients can be excluded. Different methods exist for deciding which
coefficients could be discarded (Woog 1996):
1. Absolute cutofl Coefficients, whose absolute values are smaller than a specified
threshold, PC,are deleted from the set.

2. Relative energy. The vector of wavelet coefficients,
o: = { a ,:i=1,2,--,M,M+l,--.,~},

is sorted in the descending order. Some of the tail elements,
a

'=b;:
j=~+1,~+2,..;~

if
where the

lla '

12

<tRElla112

is the threshold.

3. Compression criterion. Some of the tail elements of the sorted wavelet

coefficients are eliminated if

where tc is the threshold.
WAVELET PACKET
Although the tiling of time-frequency plane is performed much better by WT method than
2.1-1.2

the STFT, the WT only partitions the frequency axis finely toward the low frequency. The

Wavdet Packet Transform (WPT) is a generalized version of WT that decomposes even
the high fiequency bands kept intact in the WT. The tiling of the time-frequency plane of
a signal performed by WPT is shown by Figure 2.6.
Unlike the WT, the WPT decomposes the pattern into more different fiequency bands
at each time scale so that a set of overcomplete basis functions would be generated

(Engleharty1998). By WPT, any subspace regardless of its type, is decomposed into two
coarser subspaces.
a m ,

= Qm-1.2,

Qm-,,2j+,

m = L, L - 1,- --•,O f = 0,l; *-,2" - 1

(2.24)

where rn represents the scale and thef denotes the counter of packets at each subspace.

5 , -

5
3

Q

2

Lr,

.I

Time

Figure 2.6: Tiling of time-frequency plane by a wavelet packet transform.

In WPT terminology each subspace is called apacket. A binary packet Pee, as it is shown
by Figure 2.7 for a vector with four elements, is an ensemble of all these subspaces.

t:;'

Each subspace R , Jis spanned by {Y,,,~, basis fhctions.

Figure 2.7: Decomposition of a set of data into a binary packet tree.
The nominal frequency of each basis function is equal to 1/2GC -'(f ), where GC "( .) is
the hiverse Gray Code Permutation function (Wickerhauser, 1994).

GC-'(n), = n, + n,, + - ---(mod2)

(2.25)

ni stands for the im binary digit of number n.

The signal could be approximated by a linear combination of some wavelet packet
basis functions, where the weighting factors are the WPT coefficients. (Wickerhauser,

1994):

The maximum number of basis functions in Equation 2.26, is. equal to the number of
samples 2L whereas the possible orthonormal basis represented by WPT are ( ~ + l ) x 2 ~ .

Thus a technique must be implemented to choose the best set of basis functions from the
group of redundant subspaces. The formulation for selecting the best packets depends
largely on the objective of problem. For instance, the choosing of best basis for
classification purposes differs from that for signal compression and denoising methods.

2.1.1.2.1 BEST BASIS SELECTION
.
To determine the best subset of basis functions, the importance of each packet for tirnefrequency representation of a pattern y(t) must be measured quantitatively. The best basis

selection methodology, which is proposed first by Coifinan and Wickerhauser (1992), is a
divide-and-conquer technique used for signal compression and denoising applications. In
summary, the technique is described by the following steps:
1. The samples of y(t) are expanded into packet dictionary. The vector of coefficients

atm

" scale andf"

packet is shorn by {dlnf)MsmSL,OsfsZm-l where M is

the coarsest scale.

2. As the starting point, the best packets are assumed to be those at the last scale,

m=M. If the best set of coefficients is shown by the sequence of b,~, we may

3. The best set of packets may change as we move from the leaves to the root of the
packet tree.

for

m = M+l,.-.,L f =0,---,2" -1

where I(.)denotes the Information Cost function utilized to compare the efficacy of
two sets of basis functions.

In case of additive cost function, Equation 2.28 becomes
l(brn-I,2

/

ubm-,,2f+l)=

I+

dbrn-1,21

'(brn-l,2f+l

)

The Shannon's entropy criteria (Wickerhauser, 1994)is described by

where d is a data sequence. Because Equation 2.30 is not an additive function, it is easy
to show that minimizing the additive measure

implies the minimization of H in Equation 2.30. Concentrution in I

is another cost

function, which shows the energy content of each of the packets.
I r

(4= llql~

(2.32)

where O< r <2. The SURE cost function (Donoho, 1993) is widely used for signal
denoising applications using the WPT method. This model will be discussed in detail in
Chapter 5.
The wavelet and wavelet packet basis functions are used not only to represent a signal
but also to discriminate a set of classes quite satisfactorily. Although the Bayes'
classification error is the best measurement of discrimination power for a packet of
wavelet coefficients, it requires a complicated procedure. The Class Separability, which
is defined by a "statistical distance", is generally accepted as a more applicable criterion.
The common choice for the statistical distance is the Discriminant Information Function

D (p, q) that measures the difference of distributions between two nonnegative vectors p
and q with

x, x,
p, =

q, = 1 . The D (p, q) could be formulated by the relative-entropy

criteria, which is also known as cross entropy, KuZZbuck-Leibler Distance, or I-divergence
(Saito, 1994):

This measure is not symmetric; therefore, it is not a metric. If a symmetric quantity is
preferred, thej-divergence criterion could be used instead.

Another possible choice is the mutual distance (Euclidean distance):

The discriminant measure among the C distributions, p(l),
C-I

.({P'"j:=l)=~

C

... p(C) is calculated by :

p(2),

CD(P b)?P(i))

Saito (1 994) modified the original best basis selection algorithm, Equation 2.27 and 2.28,
to obtain the best packets that maximize the discrirnination among different ensembles of
data. He termed the methodology as Local Discriminant Basis (LDB) algorithm, which
uses the time--equency energy map of each class as the input parameters of the function

D (p, q). The time-frequency energy map of class c is a table of positive real values,
denoted by the indices (rn,Jk):

,where k is the index of element of each packet, and N, is the number of patterns of the c'h
class. The denominator of Equation 2.37 represents total energy of all patterns of class c,
and it will be important if there are significant differences in the number of patterns
among classes. Equation 2.36 is modified to:

The steps of the LDB method could be defined as follows:

1. Having determined the wavelet filters h and g, apply WPT to the patterns of each
class.
2. Construct the time-frequency energy maps r, for each class; c = 1,. ..Nc.

3. Similar to the best basis technique, assume the best packets as those at the last

scale, m = M ;

4. Change the best set of packets as we move fiom the leaves to the root of the

packet trees, using the following;

(2.40)

where information cost fhction I is defined by;

5. Order the basis functions by their power of discrimination.

6. Select the K

(<eL)
most discriminating

basis functions for constructing the

classifier.
Once the best set of LDB are selected in Step 4, all the expansion coefficients could serve

as the features for the classifier design. However, dimensionality of the selected features
set hampers their applicability. The airn of using Steps 5 and 6 is to reduce the complexity

of classification algorithm by retaining the features that have the largest discrimination
power. The Feature Selection and Feature Projection group of methods could reduce the
size of the features set quite satisfactorily (Saito, 1994; Englehart, 1998). Saito (1994)
found that Equation 2.3 8 and Fisher's Class Separability of the expansion coefficients,

c=l

are useful criteria for sorting the basis functions. The Minimum Description Length

(MDL) is one possibility that could be employed in Step 6 to select the most
discriminating basis functions (Saito, 1994). When the information content is dispersed
throughout the entire time-frequency plane, retaining only a selected group of features

may be far from the optimal solution. Englehart (1998) employed the FP-based methods,
such as PCA, which seek to find the best combination of all the features in a lower
dimensional space.
The main drawback of using the wavelet-based feature extraction methods is that the

method lacks Shift Invariance property. A transform is shift invariant if the outputs vector
is translated by the same amount of shift experienced by the input signal. The WT and

WPT are critically sampled transforms, i.e. the output and input vectors share the same
length. The wavelet-based transform bisects the data points when it moves to next coarser
level. This downsampling violates the Nyquist sampling criteria so that it leads to the
undesired aliasing phenomena and lack of shift invariance for the output. When the input

pattem is shifted, the resulting coefficients are modified nonlinearly. Englehart (1998)
showed in his work that the modifications of wavelet coefficients, due to translation, are
randomly distributed, and could be modeled as noise corrupting the true wavelet
coefficients. The PCA method is able to filter noise because the most variant PC scores
are not usually affected by the presence of noise in the input data. By incorporating the
PCA into the LDB,the effect of perturbation on wavelet coefficients is damped as the
less important PC scores would only be affected. By increasing the amount of shift in
input pattern, the noise effect would infiltrate into the more important PC scores. It

means, the PCA method would be only effective for a certain amount of shift in the input
pattern.

2.1.1.3
DYNAMIC W A n L E T PACKET T W S F O R M
Bakshi and Stephanopoulos (1 996) proposed the Time-Varying Wavelet P a c h t Analysis,
which is utilized mainly for on-line compression of non-stationary signals. The wavelet
filters h and g require a minimum number of data points to decompose the given signal
into the next coarser scale. The Haar wavelet filters, for instance, need two data points to
construct a two-level packet tree. As number of samples increases to four, two more
packet trees would be added to the ensemble of packet trees.

Figure 2.8: Double packet tree for a signal of 8 samples

Figure 2.8 illustrates the order of construction of packet trees when eight data samples are
collected incrementally. By arranging the packet trees of similar depth in a row, a
"Double Packet Tree" would be constructed. The nodes of this tree are the single packet
trees that are established on-line during the sample collection. Configuration of doubletree is affected by the type of wavelet filters and the length of signal. The double packet
tree could not assume a fixed configuration because collecting more data adds more
packet trees to its structure. The best packet selection algorithms could be applied to fmd
not only the best packets of each single tree but also best set of packet trees within the
double trees. Since the information cost functions are chosen to be additive for each tree,
the information measure of two child tree could be added, and compared with that of the
parent tree. It is proved by the authors that the technique is much more effective in
compressing the signals, however, the complexity of calculation increases to O(N log2N).

WAVELETS AND FINITE LENGTH DATA
There are many applications restricted to an interval, such as numerical analysis with

2.1.1.4

boundary conditions, image processing, etc. The analysis of a pattern when the number of
samples is limited can be fitted into this class. In the following discussions, the idterval is
assumed to be [0, 11. To apply Equation 2.17 or 2.26, the support length of the given
basis functions should not go beyond the boundaries. The Haar basis function defined as

{

101x<1
PG) = 0 otherwise

1

OSx<1/2

0

otherwise

is the only classical wavelet filter that has a support length of either [O, 11. The main
disadvantage of this filter is its discontinuities; therefore, it is unsuitable for the study of
continuous functions. For the smoother basis functions, things are different. For some of
basis hctions, the support length will cross the boundaries. Several procedures are
proposed to adopt the basis functions to the interval [0, 11. The first solution assumes that
the h c t i o n y(f) is zero beyond the limits. There are two drawbacks with this approach.

First, discontinuity is introduced in y at PO or 1 which makes large wavelet coefficients

near to boundaries. The second problem is that the method uses too many wavelets. The
second technique is to extend the original function into a periodic function with period 1
and analyzing the new samples with the whole-line wavelets. Unless the y(t) is periodic,
this approach introduces discontinuity at the edges too. The third method is to reflect the
y(t) at the boundaries. Although this approach produces a continuous function outside the

limits, the extended b c t i o n has discontinuous derivatives. The fourth solution uses
special wavelets for the edges so that all the wavelet functions exist within the limits.
Three different types of wavelet functions are provided. Left and Right Wavelet
Functions that are created for the points close to the left and right boundaries respectively.
The Interior Wavelet Functions are equivalent to the ordinary wavelets on the whole line
(Cohen et al., 1993). For each scale, separate boundary wavelet functions must be
determined. The Lifting Scheme approach, which is a simple and fast method, also can

manage boundary effects properly. In the next section we will discuss it in detail.

2.1.1.5 LIFTING SCWEME
The wavelet filters described in the previous sections are constructed via Fourier
transform, whereas Lifting Scheme (LS) employs a different algorithm. The advantages of
using lifting scheme are: (Femandez et al., 1996):

1. It is easier to understand.
2. The algorithni is computationally faster than the Fourier-based methods.
3. To reconstruct the fimction fiom wavelet coefficients, it is just needed to change
the signs of operations.
4. The sampling rate can be non-dyadic.

5. The required memory to store the coefficients is less.

6. It can manage the finite length samples easily without any assumptions.
As Figure 2.9 shows, the Lifting-Scheme starts with the lazy wmelei by which the
incoming coefficients from finer scale are sp!it into two sets of coefficients. Then the
predicting and updating blocks calculate the new wavelet coefficients for the coarser
scale. The output of the lifting scheme is one half of the input vector.
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Figure 2.9: The steps of the Lifting Scheme transform.

2.1.1.5.1 Sf LITTING STEP
This step is simply a sub-sampling method that can be described by:

where m represents the m" scale and k is the counter for coefficients. At the finest scale,
the c coefficients are assumed equal to the sample points.

2.1.1.5.2 PREDICTING STEP
In this section, the values of coefficients d for the next scale are determined. At the
prediction step, only the even-indexed coefficients of the previous scale are available.

Thus to reconstruct the previous scale, a predictor is required to calculate the missing
odd-indexed coefficients for the upper scale. This operator may use the correlation which
exists amongst Cm.l,2k coefficients. 0bviously, some error between the approximated oddindexed point, P(cmel,k), and the actual value,

Cm,2k+lr

is expected. ']his error represents

the loss of accuracy as we move toward the coarser scale.
dm-,, = Cm,2k+1 - P ( c ~ - I). ~

(2.45)

PREDICT'.F U N C T '
The method used here to find a prediction function is called interpolating subdivision.To
predict a value for an odd-indexed point, we will construct a polynomial with degree of
N- 1 that passes through N even-indexed neighboring points. Depending upon the degree

of the polynomial, accuracy of the prediction will be different. The Neville's Interpolation
algorithm is the technique that is used for the prediction. The distribution of c,-l,k around
the unknown point is a key issue to determine the coefficients of the predictor. As a .
example, to predict

which is close to the boundary, one c coefficient is at the left

side and N-2 are at the right side. But for those d coefficients which are far fiom
boundaries, the number of c coefficients at both sides are the same i.e. N/2.It can be
observed that N is an important parameter since it adjusts the smootbness of the
interpolating function. N is usually referred to as the dual vanishing moment. As an
example Table 2. f show a set of coefficients calculated for a value of N.

Table 2.1: The Lifting Scheme low pass filters when N = 4.
2.1.1.5.3

UPDATING STEP

It is desirable to preserve some property while the scale of resolution becomes coarser. It
will be helpful if the number of vanishing moments

of wavelet basis function,

Hx),is

kept constant for all scales.

Jw(x)&=O,

~xv(x)mc=o,

Therefore sequence of coefficients

Jx~~(x)&=O,.--

c,,,.l,k

I x ~ - ~ ~ ( x ) ~ T = O(2.46)

have to be lifted such that Equation 2.46 is

satisfied. This requirement can be satisfied by using an operator U(dmf,&)and the values
of c

~such
, that:
~
~
Cm-l.k

= Cm.2x + u(da-i.k )

(2.47)

Each

is surrounded by the number

fl of the c coefficients. For each dm,,kand fl

neighboring c coefficients, the operator U may have different lifting coefficients. As an
example, for

=2 two coefficients a , b can be identified for dm,,* . The c,.j.k-~, cml,k+,

are the coefficients which will be lifted. Therefore,

2.1.1.6 DI[MENSIONALITY REDUCTION
In practice, the collected data is often accompanied by redundant and noisy information
that could be removed without having an effect on other properties such as variables'
variations. The PCA method is one of the most reliable techniques that transform the
scattered, high dimensional input space into a dense, low dimensional output space.

Moreover, the PCA method aims to retain most of the input data variations while it maps
the original space into a new one. The output space is characterized by a set of reduced
and fictitious variables usually temed as the PrincMal Components (PCs).

PRINCIPAL COMPONENTS ANALYSIS
Consider the data space D represented by the matrix V (mxp), where m stands for the

2.1.1.6.1

number of correlated variables and p is dimension of each variable. The spaceD',
represented by matrix Z (mxp), could be obtained by transforming the space D through a
linear mapping function:

z = uTv
where U (mxm) is the matrix of multipliers. The original matrix could be obtained by:

The aim of transformation is to present the variation of space D by a few variables of a
new space. If only I variables of Z have significant variations, the m-1 other variables can
be approximated by constant values shown by bi:

The error of approximation is given by:

By minimizing the El, the best value of bi would be determined as:

by substituting Equation 2.53 in Equation 2.52:

,

where matrix

x,

represents the covariance matrix of the matrix V. It could be shown

that El will be minimum if the matrix U satisfies:

C,U=AU
In other words, the multipliers are the eigenvectors of the covariance matrix. Each
eigenvector, Ui, is called a principal component, and its corresponding eigenvalue di
represents the variation of new variable Zj(1xp).
Since the variables of input space may have different measurement units, the

variations of small-scale variables are often ignored when they are compared with largescale variables. This would be major setback, when the covariance matrix is employed for
calculation of PCs. This problem can be avoided if the variables are first standardized to
zero mean and unit variance. As the second approach, the correlation matrix of variables
V can be utilized for PCA calculations. The calculated eigenvectors and eigenvalues,
based on the correlation matrix, are completely different &om those computed fiom the

covariance matrix. The value of I is another issue that largely affects the performance of
the PCA method. The most common approach is to select the cumulative percentage, tC'",

of total variation that is contributed by the selected PCs. After sorting the eigenvalues in a
descending order, the first I eigenvalues that satisfy the following inequality would be the
outputs of the PCA method.

The second approach, known as Kaiser's Rule, retains only those variables whose
eigenvalues are greater or equal to one. It can be argued that this approach could delete

many variables some of which may have valuable information. Jolliffe (1986) suggested
0.7 is more appropriate cutoff value for the Kaiser's Rule. The BI.oken Stick Model is the
third approach that scores each new variable Zkby:

after sorting the eigenvalues in descending order. The variables whose score surpasses the
given limit would be selected as the best PCs.

FEATURE CLASSIFICATION
The feature classification methodology is categorized into two different groups: statistical

2.2

and non-statistical methods, which are discussed in the following sections.

2.2.1 STATISTICAL PATTERN RECOGNITION
The estimation of discriminant function and definition of class boundaries based on the
statistical terms are the objectives of this approach. Patterns of a class of event are
distributed randomly, therefore, a joint Probability Distribution Function (PDF) could be
estimated for each class. In process monitoring problems, number of training patterns for
some of the classes is inadequate for robust estimation of PDF. Also since the number of
system variables is high, the estimation of PDF would require a considerable processing
time. The parametric and nonparametric groups of methods are the basis of PDF
estimation methods. The parametric estimation methods assume a model for the density
function, and then calculate the optimum parameters values of the function. The

Multivariate Gaussian distribution (MVG) is a common model used for density
prediction.
P(X) =

zk

1
(2z)N'' det

,/=

represents the covariance matrix of class wk,and rnk stands for the mean vector of

the class. When the problem is multimodal or the patterns are nonlinearly correlated,
MVG is unable to predict the PDF correctly. Nonparametric PDF estimation methods, on
the other hand, do not assume a model for PDF. This class of methods predicts the PDF
locally by using a limited number of data. Thus the estimated PDF would be more biased
than that calculated by model-based approaches. One of the most known nonparametric

techniques is the Parzen Window Density Estimation (Fukunaga, 1994). By constructing
the Kernel Functions, K(.),for every sample point Xi ,the PDF is described by:

where N is the number of sample points. Johnston and Kramer (1994) pointed to the three
limitations of using the Parzen Window method. First, the number of Kernel Functions is
as many as that of data points. This increases the computation time significantly. Second,

similarity among the Kernel Functions causes many basis functions to be used in
Equation 2.59. Third, the similar basis functions cause the estimated PDF to show spiky
trend because the identical spherical basis functions are unable to model the PDF
correctly when some regions are denser than the others. The second approach, utilized for
estimating the PDF, is the k-Nearest Neighbor Estimation (kNN). Unlike the Parzen
density estimator each of the lcNN basis functions has a different length of coverage. The
volume of basis h c t i o n s expands in low-density areas, and shrinks in high-density
regions. Johnston and Kramer (1994) introduced Elliptical Basis Functions (EBF)to
overcome the problems mentioned for Parzen approach. The form of EBF is defined as:

where a&) is the activation of each basis function, K is the number of points covered by

basis function, and His the number of basis functions. The PDF is defined as:

Each basis h c t i o n is centered at its mean vector, mi, and the parameters of the
ellipsoidal region are determined by the matrix ZT'. These parameters are calculated by

using the k-means clustering technique. The cross correlation and log probability of the

test data points are used to select the best number of basis functions and their
correspondent parameters. It was shown by the authors that this method outperforms the

farzen Window and the MVG for density estimation problems.
Having calculated the PDF for each class, a statistical Hypothesis Testing algorithm is

employed to fmd a class, wk,that has the maximum a posteriori probability P(wj I x). This
step could be shown by:

The Bayes' theorem defines the aposteriori probabiliv as:

where P(wj) is class a priori probability, and P(x Iwi) denotes the class conditional
probability estimated by a PDF estimation method. The denominator of Equation 2.63
represents the mixture density, which is a constant term. Thus the Bayesian discriminant
function is defined as:

Pattern x is assigned to k~ class if
dk

G) (1' ' I isk
>'j

(2.65)

The probability (cZassz;fication)error is the probability that a classifier determines a
wrong class for an unknown pattern. The Bayes' Decision Rule, Equation 2.65, is an
optimal classifier since it minimizes the classification error. To implement the Equation
2.65 and Equation 2.64, the class conditional and class a priori probability must be
known. When there is not enough information of apriori class distribution, the common
assumption is:

By assuming equal covariance matrices for d l classes with normal distribution, and using

the natural logarithm, the result is simplified to:

The resulting discriminant h c t i o n is known as the Linear Discriminant Analysis (LDA)
(Englehart, 1998). Because of the appealing properties of LDA, such as simplicity and
robustness, many methods have been proposed to design a LDA for normal distributions
with unequal covariance matrices. Some advantages of using LDA are as follows:

1. It is easily implemented, and it trains quickly with moderate size of training data.
2. Adjustments are not needed for its architectures.

The disadvantages could be pointed as:
1. The assumption of normal distribution must be reasonable;
2. The data should be linearly separable;
3. It is sensitive to outliers and noises.

NON-STATXSTICAL PATTERN IRECOGNITION
This group of techniques classifies an unknown pattern according to its similarity with the
2.2.2

prototype patterns of each class. The discriminant function and class boundaries are
determined by either supervised or unsupervised learning methods. The former considers
two patterns similar if they belong to the same class. The unsupervised learning method

uses the degree of similarity, such as Mutual Euclidean Distance, for pattern
classification. Thus patterns of different classes could be assigned to the same cluster.
The supervised training techniques assure a better classifier because it avoids

interferences among the class boundaries
The Nearest Neighbor (NN) is one of the most well known unsupervised classifiers
that classify an unknown pattern, x, based on its distance fiom the prototypes of each

class (Urahama and Furukawa, 1995). The NN could be formufated as a zero-one integer
program:

n

Ki

subject to

X,

= 1,

xg

E {0,1)

i=I j = I

n is the number of classes, Kj is the number of prototypes of
' i class located at r i ~ri2,
,

...,

, and s(a, b) is a distance function between a and b vectors. As a result, the input

ri~i

pattern is considered for only one class (crisp classification). The Fuzzy Nearest Neighbor
(Bezdek and Pal, 1992) method assumes pattern's degree of membership for all known
classes. The NN method assumes that the training points are sufficiently dense so that the
number of points in any neighborhood is proportional to the actual density. This is an
important issue when the available sampling data are sparse, the fact that is usually
observed in the fault diagnosis problems. The NN is quite time expensive which inspires
many research works for reducing the computational time. The classification error of NN

is two times that of the Bayesian classification method. The

earni in^

Vector

Quantization (LVQ),proposed by Kohonen (1989), is another unsupervised recognition

technique. The LVQ is based on the discrete decision k c t i o n , and cannot be formulated
as an optimization process.
Artzjkial Neural Nebvorlrs (ANN), shown b y Figure 2.10, is one of the most
applicable classifiers investigated by many

authors for pattern

recognition

(Venkatasubramanian et. al. 1990; Becraft and Lee, 1993; Fan et. al. 1993; Mah and
Chakravarthy, 1992). The advantages of using the ANN as a classifier are: (I) it does not

need a priori knowledge of the system; (2) it is robust to noisy and corrupted data; (3) the
type of classification results could be continuous and discrete; (4) because of its parallel

structure, the ANN is able to process large size data sets quickly; (5) data distribution of
each class has little effect on the parameters of the discriminant function.

Figure 2.10: Schematic of an ANN
However, some disadvantages could also be listed, such as: (1) the model of discriminant
function could be overfitted because of many parameters employed in ANN structure; (2)
the training process may require long computation time; (3) it is difficult to incorporate
deep knowledge in the ANN. Although the ANN could be employed in unsupervised

learning problems, it is mostly applied for supervised learning methods. The Multi-Layer

Perceptron (MLP) is an ANN structure that consists of different layers of perceptrones
(neurons). Each neuron is connected to the neurons of adjacent layers, and a weighting

factor is assigned for each connection. Each neuron receives the weighted sum of its
inputs, passes the result through a smooth squashing function, and produces a real-valued
output. For inputs less than a threshold, the squashing functions outputs zero, which
results in discriminating the feature space. The Sigrnoid function is often chosen as a
squashing function. The model of inputs combination for a neuron affects the geometry of
class boundaries significantly. Linear inputs combination separates the class regions by
hyperplanes, leading to some semi-infinite regions in the data space. Thus a pattern of a
new class is classified to one of the known groups (IKramer and Leonard, 1990). Radial
Basis Function Network

(RBFN)employs the multivariate Gaussian distribution as the

squashing function for each neuron. This approach was studied by Poggio and Girosi

(1990), Moody and Darken (1989) and Leonard et. al. (1992). ANN with EZlipsoidaZ
Activation Functions is another architecture for reinforcing the generalization ability of

Feed-Forward networks (Kavuri and Venkatasubrarnanian, 1993%1993b). The first layer
of . W P is the input layer, where the number of nodes is equal to the dimension of feature

space. In the last layer, lcnown as output layer, the number of nodes is equal to that of
classes. Output of each node denotes the similarity of input pattern to the correspondent
class. The geometry of decision boundaries depends extensively on the number and
structure of the Hidden layers located between the input and output layers. Adaptive
Resonance Theory (ART) is another architecture of the ANN structure (Whiteley and

Davis, 1993; Grossberg, 1976). The ART-based networks present appealing properties
such as discarding of irrelevant data, discovering the predictive constraints hidden in data,
independency fiom the scale of problem and extracting a set of rules at each learning
stage+
Decision Tree (DT) is another popular classifier that has been employed in a broad range

of classification tasks. At each decision node a specified test is performed on a selected
element (attribute) of the input pattern. Depending on the test result, the input pattern
descends to another node. The number of branches emerging fiom a node depends on the
outcomes of the test used in the node. Leaf is a terminal node that provides the
classification results. The learned tree could also be represented by "if-then" rules, which
improves the readability of classifier structure. The advantages of using Decision Tree for
inductive learning are (Saraiva and Stephanopoulos, 1992):
1. The method is free of m y assumption made for the data distribution of each class.
2. All types of data such as discrete, continuous, and Boolean could be used.

3. Decision Tree partitions the input space into a structured and hierarchical format.

4. Unlike the ANN, a few a priori assumptions are required to construct the
Decision Tree.
5. The outputs of Decision Tree classifies are as accurate as those of the other

classification algorithms (Breiman et al., 1984; Weiss and Kulikowski, I 99 1).
6. The redundant features of a pattern are identified and discarded at each node.

Different models of decision tree learning have been proposed such as Classification and

Regression Tree (CART) (Breiman et al., 1984), C4.5 (Quinlan, 1993), ITI and DMTI
(Utgoff, 1997). The details of Decision Tree classifiers will be brought in the next
section.

2.2.2.1 DECISION TREE CLASSIFIERS
Decision Tree @T) induction is a practical classifier that generdizes the class
membership knowledge of training patterns to the unlabeled ones. Figure 2.1 1 shows a
DT that divides the input space X into three classes. At the first node, the input pattern is
tested according to whether the selected attribute value is greater than the threshold XIt.
The input pattern, then, is directed to one of two possible decision nodes that partition the
data space into smaller regions. The left node partitions the data space into three disjoint

subspaces according to the number of outcomes for the sixth attribute. The right node
establishes two subspaces where training patterns mostly belong to the third and first
classes respectively. At each terminal node, known as Ieaf, the best class is selected

according to its number of patterns.

Figure 2.1 1: Schematic of a decision tree
Two different architectures are avaiIable for the decision trees: (1) Binary Decision

Tree in which every decision node has two branches; (2) Non-Binary Decision Tree,
whose decision nodes could have more than two branches. To construct a tree, the data
space, represented by training patterns, is partitioned recursively until stopping criteria are
met at each of the final subdivisions. At each partition the best discriminant test on a
specific attribute is selected, and each training instance is sent to an appropriate

subdivision according to the test result. This non-incremental, top-down, greedy search
technique is an efficient tree induction method because the best tree is selected implicitly
from a set of the possible trees. When the algorithm selects the best test for a decision
node, it rejects all other trees that prefer other tests. Most of the DT induction techniques,
such as ID3 and C4.5 (Quinlan, 1993) and CART (Breiman et. al., 1984), are founded on
the non-incremental tree construction approach. Utgoff (1997) presented two different

searching techniques that establish the decision trees incrementally. The first method,
known as Incremental Tree Induction (ITI),maps the existing DT and the new instance to
a new tree, whereas the second approach transfers the existing tree to another one by
using a measure of tree's quality termed Direct Metric Tree Induction (DMTI). The ID3
and C4.5 establish a non-binary decision tree, whereas the CART, ITI, and DMTI assume
a binary structure for the constructed tree. The benefits of using the binary trees are
twofold (Utgoff, 1997). First, the binary tree is not biased in favor of attributes with many
outcomes. Second, the binary trees split the data space into two subclasses that could be
partitioned further by subsequent decision nodes. Whereas partitioning of examples into
more than two subsets, reduces the number of instances at each subgroup.
The classification error depends largely on the selection of appropriate attribute for
each decision node. A test on an attribute that divides the data set nontrivially, i.e. at least
two of the subsets are nonempty, is considered as a potential candidate for categorizing

the input instance. A test T on attribute A could have n distinct outputs {Ti: i =I ,2.. .n) . In
non-binary tree structures, the parameter n for discrete attributes is equal to the number of
distinct values specified for that attribute. For continuous attributes, however, n would be
always binary regar6less of the DT's type. The only way to score the performance of T for
partitioning the input space, without exploring subsequent divisions of each Ti, is to
determine the class distributions at each division. The ID3 method utilizes the

information theory for evaluating each test. The criterion, known as Information Gain,
measures the information obtained by partitioning the set y according to n outcomes of a
test ?i

The A* denotes the

property (value) of attribute A used as a criterion for test T,and yi

represents a subset of samples directed to the

P branch.

The selected test and its

corresponding attribute is the one that holds the maximum information gain value.
Although the information gain is a good criterion, it biases toward tests with many
outcomes (Quidan, 1993). The Injbrmation Gain Ratio is another criterion that helps to
select a test more reliably (Quinlan, 1993):

Utgoff (1997) employs a form of Kolmogorov-Smirnov Distance (KSD),
in IT1 and DMTI
strategies, to score each test for partitioning a set of samples at every decision node. Since
the generated tree would be binary, each test on an attribute could partition the data set
into two subsets. The KSD is simply defined as the largest absolute difference between
two cumulative distribution functions, which in these techniques represent the dispersion
of classes at each partition. For the continuous attributes, the suggested KSD would be:

KSD(T,A,)= max
"I
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For discrete attributes, the above equation is slightly different:
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The matrix z represents samples whose attribute A does not retain Ak as its value, whereas
matrix p denotes the samples whose attribute A only holds Ak. The matrix zl denotes the
samples whose attribute A only has values that are smaller than Ak. If two tests have
similar KSD, the DMTI and IT1 methods break the tie in favor of a test whose criterion is
lexicalIy or numerically the lower than the other test. This tie-breaking methodology
ensures a unique tree structure for a given set of training examples. To find the best test
for a decision node, the most informative value is determined first for each attribute. This
value is used as a criterion for the test. The best test is the one whose criterion has the
maximum score. For a continuous attribute with m distinct values, given by the training
set, the best informative value exists in one of m-1 disjoint intervals. Having excluded the
smallest value, each of the attribute's values is scored by using Equation 2.70 or Equation
2.71. The best interval to locate the test's threshold would be the one whose upper limit
has the maximum score. Although there are W t e choices for a threshold within the
interval, the midpoint of the interval is usually taken as the threshold (Quinlan, 1993).
When the attribute is discrete, Equation 2.70 or Equation 2.72 is first applied to score
every value given by training examples. The best value is the one that has the largest
idormation-related rating.

In a tree generated by IT1 and DMTI methods, an input instance is forwarded by the
decision node to the left branch if it satisfies the node's selected test. For a decision node
that chooses a discrete attribute, the input instance satisfies the test if the value of its
corresponding attribute becomes equal to the test's criterion. However, when the node
selects a continuous attribute, the input instance will pass the test if its node-selected
attribute has a value less than the node's threshold. This is the crisp decision rule because
it considers a rigid threshold value. When the node's selected attribute is continuous, its
decision rule must be robust to the perturbations observed commonly in continuous
parameters. The effect of this problem will be serious if the input attribute's value differs
slightly from the node's threshold. B y small variation in the attribute value, the input
instance could be directed to a completely different branch. Quinlan (1993) proposed the
Sofl Thresholding approach that defines two subsidiary cutpoints, t* and f, such .that the

crisp cutpoint t is laid between them. By using the soft thresholds at each decision node,
the unlabeled pattern is sorted down the tree according to the rules defined by Equation

2.73. As an instance is sorted down, each decision node on the path determines the
probability P of sending the input instance toward the left branch, and 1-P for the right
subtree. Consider that attribute A is selected as the most informative attribute for a

decision node; the probability P would be computed by:
Aisr-,P=l

A,>~+-P=O

where Aidenotes the value of A given by the P instance. Thus instances, whose attribute

A value is between f and t+, are directed toward right and left branches; however, the
instance is forwarded to either of branches for the other choices.
Having constructed the decision tree, the crisp reclassification of the training set
could be done using the soft thresholds for each decision node. If subset E denotes the
misclassified cases when the node's crisp threshold is selected, the standard deviation for
the number of misclassified instances will be defrned as:

where R represents a subset of training instances directed to the current decision node.
According to Quinlan (19931, the following steps could be used to determine the
parameters t+ and i for attribute A:
1. The values of A, given by the training cases, are sorted by ascending, non-

repeating order.
2. Having set the node's threshold to every value of A, the node's cases are

classified, and the number of misclassified cases is obtained.

3. To initiate the calculation, the parameters t

+

and r ' are set to the lowest and

highest values of A accordingly.
4. Starting fkom the lowest attribute value, the first' i ( i 2 2 )value of A that

satisfies:
! E ~ ~ s ~ E ~ + S T D < and
~ E ~ Ai
- ~<
I t.

(2.75)

is used to determine the value oft' :

5. Starting fiom the highest attribute value, the fust f'( j 2 2 ) value of A that

satisfies:
I E ~ - ~ ~EI+STD
/S
<

IE,~

and Aj >t

(2.77)

would be used to revise the value oft+ :

Using a small training set, the steps of constructing a binary decision tree and setting
up the soft thresholds for its decision nodes are illustrated numerically in Appendix B. In
practice, some instances may have missing values for some of the attributes. This fact
could cause problems for the tree-constructing techniques, because unknown attribute
values must be somehow incorporated into the computation of information criteria.
Besides, the decision tree must be robust against the presence of unknown attributes in an
unlabeled instance. Quinlan (1993) suggested a method in which each attribute is scored
based on the collection of their known values, Equation 2.70, and then the result is
multiplied by the k c t i o n of known values in the training set. Utgoff presents a simpler
solution by directing the cases with unknown attribute values to the false branches;
therefore, all such instances are fonvarded to either right or left part oKthe tree.

The IT1 and DMTI methods are able to update the tree structure as the new examples
are admitted to the tree. By adding a new instance to an empty tree, the tree is identified
by a single leaf node that saves the example. As more new instances enter the tree, they

descend through the appropriate path leading to.an existing leaf node. If the example has
a different class form the Ieaf's default class, the node will be defined as a decision node,
and subsequent subtrees will be created according to the collected examples at the ex-leaf

node. Every node keeps records of values for every attribute as well as the frequency
counts of their classes. These collections are updated as a new instance passes through the
decision node. Since the new information is added to the node's records, the installed test
may not be valid any longer. The IT1 tree structuring method selects a new best test
according to Equation 2.71 or Equation 2.72. By choosing the new test for a node, the
node's subtree undergoes a series of recursive tree transposition. Figure 2.12 illustrates
the transposition of a simple binary decision tree, where the inside symbols represent the
selected test, and the below ones denote the threshold. In this example, the transposition
is simply accomplished by interchanging the grandchildren node so that nodes C, E and

D, F are connected to the new nodes with selected test A and threshold M.

Figure 2.12: Schematic of a tree transposition step.

The tree transposition algorithm will be slightly different if either of the root's children is
a leaf node. Suppose the left child node is a leaf, then the tree would be transposed by

replacing the root with the right child decision node, discarding the left child node, and
incorporating its instances into the newly root node. When both of the children are leaves,
both nodes are eliminated, their instances incorporated into the root node, and the new
test would be installed at the root which could construct new partitions in the data space.
The tree transposition may install a test on a decision node, which may not be the best
one. Thus every node in the subtrees must be revisited for installing the best test, which
may need further subtrees transpositions. To employ a new test for a root node, the test is

first used for the decision nodes located next to the subtree leaves, and then the
installation propagates upward until the test is set for the subtree root.
Although DMTI method relies on the tree-restructuring algorithm, it scores the
installed test, unlike the IT1 method, by a direct metric of the resulting tree's structure. In
this method, the new instance is incorporated into the tree structure according to the IT1
technique. At each decision node, the best threshold vaiue for every attribute is
determined according to the Equation 2.71 ar3 Equation 2.72. To select the best attribute,
all the attributes along with their thresholds are installed on a decision node, and the score

of each test is determined according to a measure of node's subtree. There are several
choices for a direct metric such as: (1) Expected Number of Tests, which is the number of
tests required for classifyiag an unlabeled instance; (2) Leaf Count, which is the number
of leaves in a tree; (3) Minimum Description Length, which is defined as the number of
bits required to encode a tree. It is hard to claim the superiority of DMTI to the ITI
methods or vise versa, because for certain examples, one approach shows better
performance than the other one (Utgoff, 1997).
Tree induction techniques, either incremental or non-incremental, grow each branch

until the given set of examples is classified perfectly (pure leaves). If the data are
corrupted by noise or when the size of training data is too small to represent the true
discriminant function, the decision tree overfits the training data. A tree overfits the data
if it outperforms other decision trees for the given training examples, however, it cannot
classify efficiently the entire data set. There are two different approaches for avoiding
such a problem: (1) the tree is permitted to grow until it reaches to an incomplete, and
predefined configuration; (2) The tree is pruned after it is grown completely, and overfits
the data space. In most of the tree structuring techniques, the second approach is usually
preferred to avoid such source of classification errors. This technique removes those parts
of a tree that do not contribute significantly in the classification results. There are a
variety of approaches used for shortening a tree. A pruning algorithm usually moves
upward from leaves to the tree root, and investigates the status of each decision node to
decide whether the subtree must be pruned (replaced by a leaf node) or not. Quinlan

(1993) applies Error-based Pruning approach to cut the ineffective subtrees. Utgoff

utilized MDL-based virtual pruning for removing the undesired subtrees. In Virtual
pruning, when a subtree is found inefficient, the root is labeled as a leaf without
disintegrating its tree. This approach would be quite efficient for incremental tree
induction-based algorithms, because it increases the speed of computation. The Minimum
Description Length (MDL)(Rissanen, 1983) criterion is one the most suitable criteria
utilized for finding the best model of a system. The MDL determines the best model,
among the other given models, as the one that gives the shortest description of the data
and the model itself. The length of description for each model is the number of bits
required to encode the data and the model. The tree-pruning algorithm proposes two
different models: (1) replacing the tree by a node or (2) retaining the entire tree. Based on
the MDL theory, the number of bits required to encode a leaf is calculated as 1 + logz
(Nc) + 1x1 (log2 (lyl) + log2 (&-1)), where Nc is the number of classes observed at the
node, x is the set of examples whose classes are different fiom the leaf's default class,
and y is the total examples of the leaf. One bit is required for the type of the node, lo&
(Nc) bits for indicating the default class, and for each exception x, log2(kl) bits is needed
to specify the exception, and Iog(Ncl) bits for the non-default class. The encoding bits
for a decision node would be 1 + logz (t) + I + r, where t is the number of possible tests, I

and r are the MDLs of left and right subtrees calculated previously. One bit is needed to
show the type of the node, logz (t) bits to indicate the number of tests, and I + r bits to
encode the left and right subtrees. If the MDL of a node as a leaf is smaller than that as a
decision node, the node will be denoted as a leaf because it needs fewer bits for encoding.

2.3 MULTISOURCE DATA CLASSIFICATION
In practical pattern recognition problems, the number of information sources is seldom
singular because multiple sources provide much better understanding of the system's
behavior, and enhance the robustness and reliability of the final classification results.
When a system operates at the steady state condition, the collected data fiom each source
of data (sensor) would be a single, and constant value. The pattern, which is a collection

of these measurements, could be recognized by a single classifier. However if the

objective is to follow the system's behavior dynamically, each sensor will provide a series
of measurements during a specified time period. All the measurements are represented by
a matrix, where the collection of each sensor is shown by a single row. A pattem could be
identified either as a row or column of this matrix. For the fist choice, each pattem
represents the activity of each sensor individually, whereas in the second approach,
pattern is the collection of sensors' activities at a specified time. Nevertheless, there are

some conceivable problems for using of the latter choice of pattem configuration. First,
since each sensor may have different measurement scales, a formulation for unification of
measurements units is required. Second, the sensors are not equally reliable, and each
sensor provides a different degree of support for an observation. Thus the information
regarding to the degree of reliability for each source of data must be included somehow in

the classification results. Third, a sensor might produce discrete or continuous type of
information so that the constructed pattern vector could include different types of
variables. The Multi-Source Data Analysis (MSDA), is the basis of various techniques
that investigate each sensor separately, and then combine the classification results of each
sensor to provide the final decision.

Figure 2.13 : Data fusion of three separate sources of data.
Figure 2.13 illustrates the data fusion of two separate classifiers (source of information),
where three classes w l , w2, and w3 are considered for classification (Hegarate-Mascle et
al., 1997). In the first classifier, the classes I1 &d 111 are not separated clearly, whereas in
the second classifier the third class has distinguished boundaries. By combining the

results of two separate classifiers, the complementary information would help improve
the resolution of the boundaries for each class. The first assumption in this group of
methods is that the sensors do not interfere with each other. Thus any correlation among
the sensors data must be rectified before information analysis of group of sensors. Among
the various methods of MSDA, the methods of Evidential Reasoning and Consensus

Theory of Cimszj?cationare investigated in this work.
2.3.1 EVIDENCE THEORY
The mathematical theory of evidence was first introduced by Dempster (1967), and later

extended by Shafer (1976). The evidential information provided by each sensor is
inherently uncertain. The Boolean logic is unable to present the evidence because it only
has "true" and "false" states. The Bayesian probabilities, on the other hand, are able to
provide a methodology for representing the partial beliefs. However, the Bayesian
approach requires a wealth of information to estimate the statistical parameters of the
probability functions. Also this approach does not have an appropriate way for
representing the "global ignorance", because the point-values Bayesian probabilities are
"additive" (Kim and Swain, 1999,

P ( A ) + P(T)=I
where

(2.79)

2 represents the complementary event of A. The interval-valued probabilities are

usually preferred to the point-valued probabilities because they could handle the
uncertain, incomplete information more properly.

The evidence theory is such a

technique that is able to represent the outcomes of statistical experiments by the intervalvalued probabilities. The evidence theory also considers the ignorance and missing
information by estimating the imprecision and conflict of results among different data
sources. This method models the narrowing of hypotheses set as more evidences are
collected, a familiar case in human's reasoning. By denoting the space of hypotheses as 9,
total number of possible hypothesis would be 2,'

which means the evidence theory

considers not only every single hypothesis (singleton) but also the combination of
hypothesis. The Plausibility (Pis) and Belief (Be0 functions are two main definitions that

are employed to represent the imprecision and uncertainty in the decision-making
process. The probability mass finction (m) is the probability that could be assigned to
each element of 8.This parameter changes within [O, 11 interval, and

where H represent a hypothesis. The m(H) shows the portion of total belief assigned only
to hypothesis H. The mass function for B can be given a nonzero value for representing
the global ignorance. The Pls and Bel, which also known as lower and upper probability
functions, are computed by the mass function as follows:

These functions have the following properties:

where

is the complementary hypothesis of H so that H n2= 0 and H U fi = 8. The

belief functions are not additive, that is

This equation shows that the degree of belief in N does not always give the degree of
belief in H . The belief value of H is interpreted as the minimum uncertainty about H,
while the plausibility of H,which is also the degree of belief in I?, is the maximum
extent to which the evidence does not rule out H. Thus the magnitude of imprecision of
hypothesis A could be shown as [Bel(H) Pls(H)J interval, which is known as the belief
interval. Consider the case when there is more than one source of information, and each

provides a set of hypothesis of known mass values. The evidence theory provides a
formulation, usually termed as Dempster 's Rule of Combination, to evaluate the final
mass function resulting fiom the combination of entirely distinct bodies of evidence.

where p denotes the number of sources. The parameter K indicates the measure of conflict
among different sources, and it varies between 10, 11. If K becomes equal to one, the
independent bodies of information are completely contradictory so that the orthogonal
sum of their probabilities is impossible. Whereas, the value zero for K shows the
complete agreement among sources of data. The Evidence Theory considers the relative
reliability of separate data sources according to "discounting" belief functions proposed

by Shafer (1976). If a body of evidence is given by a degree of normalized reliability a;
where 0 I a I1, the basic probability for every hypothesis H of 8 will be reduced fkom

m(H)to crm(H) while the basic probability of 8increases to rn(Q)+a.
After calculating the basic probabilities for all possible hypotheses by using Equation

2.84, the best hypothesis that could fit the system conditions can be selected. Because the
Evidence theory provides the interval-valued probabilities, several alternatives are found
for expressing a decision rule. Kim and Swain (1995) proposed three formulations for a
decision rule in order to select the most probable hypothesis,
1. Minimum upper expected loss rule

2. Minimum lower expected loss rule

3. Minimum average expected loss rule.

where n represents number of hypotheses.

2.3.2 CONSENSUS TmORY
Consensus theory is the basis of methodologies that determine the consensus among

members of a group of experts or sources of infomation, in order to estimate the
probability of events in a particular o-field (Benediktsson and Swain, 1992). The
objective is to produce a Comernus Rule C, that summarizes the various probability
estimations into a single probability function. Denoting the number of sensors by n and
probability function by P, the C,could be defined by:

,~)r+

C, : [P(Q,

(2.88)

P(R, S )

where P(GS) denotes the space of all probability measures with a-algebra S. The
properties of a consensus rule are categorized as follows:
1 . Marginalization Property (MP),

CS((P,.-.,pn)I T ) = C S ( (81'X..*,('nI

T))

(2.89)

where T is any sub-cr-algebra of S.

2. Null SetProperty(NSP),
P , ( x ) = * * . = P,(x)= 0

+ C , ( ~ , - * * , P , ) ( X ) =0.

(2.90)

If an event considered impossible by all experts, its total property will be zero.
3. Weak Setwise Function Property (WSFP),

cs(4

Y.

-9

PnXx) = ~ ( xP,, (x),. . Pn(x)) -

(2.91)

The consensus depends only on the event and the assessment results of each

source.
4. Strong Setwise Function Property ( S SFP),

c, (4 -,p, Xx) = G(P;(x),* ..,P"(x))
2-

The consensus rule depends only on the assessment results of each source.

The Linear Opinion Pool (LIOP)is the most commonIy used approach that computes
the consensus rule by the weighted summation of probabilities given by each expert:

where yi represents the measurement of the i' source , wj is the jmclass, and aiis the
weighting factor for the i" source, and Xac =I. The LIOP shows some appealing
properties, such as simplicity of calculation, satisfying the MP and NSP conditions, and
the weighting factors can reflects the importance of the data sources. However, the
decision making by the LIOP is not Bayesian.
The Logarithmic Opinion Pool (LGOP) is another proposed technique that determines
the consensus rule according to:

where a is the vector of weighting factors. The vector a must be determined such that the
denominator becomes finite. The LGOP is less dispersed than the LIOP method, and it is
unimodal and externally Bayesian. If a data source assigns zero probability for an event,
the LGOP-based consensus rule m p d s that event. Thus the probability functions must be
determined cautiously if LGOP will be used for the consensus rules. Although the LGOP
is better than the LIOP in some extents, its main drawback is the complicated
computation.

The Global Membership Function (GMF) (Lee et al. 1987; Benediktson and Swain,
1992) is another approach with desirable properties for generating of consensus rules. The
formulation of this method is defined by:

,where P(w,) is the apriori class distribution, and the weights are selected in the interval

[O, 11. When a data source is completely unreliable, its weighting factor would be equal to
zero. Unlike the LGOP method, this situation does not have any effect on the final
consensus rule because:

On the other hand, a perfectly reliable source with

a = 1, contributes l l l y in consensus

rules since

The weighting factors could be determined by various techniques. As the first method, the
weighting factors of all sources are selected to be equal. It means the decision maker has
no knowledge of the relative importance of each source of data. Another technique is to
rank the data sources according to their "goodness" of performance, therefore, a low

weighting factor denotes the poor performance of a source of data. Benediktsson et
a1.(1990) added three more techniques which are (1) Classification accuracy of a data

source; (2) Separability of classes in a data source; (3) Equivocation of a data source.

REAL-TIME FAULT DIAGNOSES OF SINGLE-VARIATE SYSTEMS
3.1 ABSTRACT
A methodology is presented to extract and classify features of patterns generated by a

single-variate, dynamic, and continuous system. The Linear Discriminant Basis (LDB)

method (Saito, 1994) is adopted as the basis of the proposed feature extraction technique.
The LDB is modified so that the input pattem is split amongst a set of most class-

discriminant windows. The "Double Wavelet Packet Tree" (DWPT) is the technique that
is adopted for determining the best architectures of these windows. The original LDB
method employs the classical wavelet filters for constructing the packet tree of each
pattem. It is found that utilization of this type of filters requires considerable computation
time, which is not suitable for real-time dynamic pattem classification techniques. The
Lifting Scheme Wavelet Filters is used so that the required computation time is reduced
significantly without degrading the robustness of the method. The Principal Component

Analysis (PCA) algorithm is employed to transfer the feature space into a new space with
uncorrelated variables while the variation of the original space is preserved. The tuning of
some parameters, which affect the performance of the approach, is also discussed. The
feature classifier is a binary decision tree that employs a soft thresholding scheme for
recognition of noisy input pattern. The performance of the proposed technique is
examined by a classification benchmark problem, and the faults classification problems
for the Tennessee Eastman Process (TEP).
3.2 INTRODUCTION
Pattern recognition is the most applicable group of methods that classify an unknown

pattem effectively without detailed investigation of system's structure. A pattem
recognizer comprises of two main steps; feature extractor, and features classifier.

.

Measured data in a chemical process exhibit transient trends showing effects of
different physico-chemical events such as process dynamics, sensor noise, faults, and
external loads. These events, known as features, can be observed over different time and
frequency ranges. The equipment failure, for example, is detected in low fiequency
regions, whereas the process noise is characterized by high fiequency band. Filtering is a

conventional technique for analyzing the measured data. A filter usually retains some
frequency bands by adjusting filter parameters. Such fiequency-based filters are unable to
catch information presented at different time scales. A filtering technique, which explores
the entire range of fkequency and time domain simultaneously, is more reliable for

characterizing the system events represented by the measured data. Multi-Resolution

Anulysis -1)

of a pattern is considered as a reliable basis for signal filtering in time

and fiequency domains. This approach must show some desirable properties such as

(Bakshi and Stephanopolouse 1994b):
1. The description of a pattern at different scales should have minimum redundancy.

This property helps reduce the size and number of windows in time and fiequency
domains so that computation time decreases.
2. The valuable parts of a pattern should be identifiable more distinctly when it is

represented over multiple time and frequency scales. The irrelevant information
such as noise should be discarded easily without major effect on the performance
of method.
3. The multi-scale representation should be invariant to the time shifting of the

pattern. To ensure that no information is lost in pattern decomposition, the multiscale information should reconstruct the input pattern satisfactorily.

In practice, a multi-scale analysis method may not satisfy all of the above requirements.
For example, the shift invariant multi-scale representation introduces redundancy among

different scales, or noise removaI cannot be performed completely unless some valuable
features could be eliminated. As it is mentioned in Chapter 2, the Wavelet and Wavelet

Packet Tramforms ( W T ) are considered as highly efficient approaches for pattern
multi-scale analysis. These methods tile the time-frequency plane effectively such that
the main features of a pattern, located at various fkequencies imd times, are extracted
while the redundancy among the extracted features would be minimum.
The discriminant surfaces separating different classes of system behaviors are
identified by a feature classifier. The classifier must be robust to missing values in the
input data and classification errors. The classifier should be physically understandable so
that an explicit relationship exists between features and system conditions. Decision tree
induction techniques are considered as one of the most reliable classification methods
whose required training time is computationally affordable. As it is discussed in Chapter

2, the accuracy of this method is comparable with other well-known classifiers such as

neural network methodology. The decision tree takes into account the uncertainty due to
the presence of vague information, such as noise, in the input data stream.
3.3 PROPOSED mTRODOLOGY
A pattern classifier is proposed that can be used for dynamic, single-variate fault
diagnosis problems. First, the most important features F of a pattem Y are extracted
according to a formulation described by:

The raw pattern is first decomposed onto a set of orthogonal coordinates shown by matrix
Y, and then the selection rule

dk)
reduces the dimension of generated feature space by

choosing the most important k coordinates fkom n coordinates. The matrix Y could be
determined by using a wavelet-based MRA technique. The WPT approach is preferred to

WT and STFT methods because it could exploit fully the idonnation content in time as
well as frequency domains. The most discriminant wavelet coordinates are determined
according to the LDB method and PCA technique.
The LDB technique decomposes entire data sequence into a single packet tree without
exploring the class-discrimination ped?omances of other groups of pattern windows.
Most of the pattern analysis tasks employ windowing process that divides the pattern into
disjointed or overlapped windows, where the segmented data is processed locally. The
information obtained fiom each window is not reliable individually; therefore, a method
is required to combine the outputts of each segment. The size of each window has a major
impact on the robustness and reliability of the method. The common choice is to divide
the pattern into a number of identical segments. When the intensity of information is not
uniform throughout the data space, use of variable size windows is a more convenient
choice. The proposed algorithm adopts the DWPT in order to determine the best
configuration of pattern windows showing the most discriminant performance among the
others. To reduce the size of the feature space, the wavelet coordinates are projected into
a new low-dimensional space where minimum correlation exists among the space
variables.

The selected features, forming, a pattern is fed into a binary decision tree. The
Incremental Tree Induction (ITI) methodology, presented by Utgoff (1997), is the

framework of the proposed tree classifier in this work. The MDL-based information
criterion (Utgoff, 1997) is found as a reliable 'ckice for pruning the suggested decision
tree. This tree is able to classify the input pattern according to a soft-thresholding
technique. The tree determines roughly the posterior probabilities that a pattem may
belong to different classes.
3.3.1 FEATURE EXTRACTOR
The following steps are proposed to extract the best features from a given set of noisy
patterns:
1. Choose type of the wavelet filters, the maximum depth of decomposition, the

form of discriminant function, and the information cost function.
2. Decompose each of the given patterns into a DWPT.
3. Construct the table of frequency-energy ~xapfor each of the classes.

4. Select the best discriminant packets for each subtree separately by using of the

LDB algorithm
5. Select the most discriminant subtrees, i.e. pattern windows, within the DWPT by
using of the LDB algorithm.
6. Transform the selected features set to a new and low dimensional space by using
PCA method.

In Step 1, in addition to the Sum of Packet Elements (SOE) cost function, defined by
Equation 2.41 and used in the original LDB method, the suitability of Shannon Enfropy

(SHE)cost bction, Equation 2.3 1, for feature extraction is examined in this work.
crL

In Step 2, at the rnfi (1 5 rn 5 - ) level of DWPT,the input pattern is split into m
L

ML

disjoint windows, and each segment is decomposed separately onto a separate packet
tree. The depth of DWPT and the packet trees of each window are specified by the type
of the wavelet filters. The length of the smallest packet tree, i.e. ML, changes by the type
of wavelet filters, so that when LS filters are used, it is equal to 2xNm, while it would be
equal to two for the whole-line wavelet filters. N,,

is defmed by Equation 3.3. In this

work, the whole-line wavelet- and LS-based filters are used for wavelet packet
transformation. It is assumed that the coefficients of the first level are equal to the values

of sample points. By employing the LS filters, the coefficients of each packet, d, are
determined as:

where m and f are the indexes of scale and fiequency of a packet. At each scale, the
predicting h c t i o n P and updating function U must be re-evaluated for coeficients near
boundaries. The formulations of these functions are elaborated in Chapter 2. The coarsest
scale M achievable by the LS method is determined by the values of LS parameters Nand

iv;

N,, = m a x ( ~ , @ )
where 2L is the dyadic length of input pattern. The parameters N and

fi affect the

smoothness and localization of the wavelet basis functions extensively. High values of
these parameters reduce the depth of packet tree; therefore, the fewer fiequency bands,
i.e. wavelet packets, could be investigated. Low values, on the other hand, reduce the

smoothness of the basis functions. The M will be zero if whole-line wavelet filters are
chosen for constructing the packet trees. Two types of wavelet filters, LS and Classical
Wavelet Filters (CWF),and two types of information cost functions, SOE and SHE, are
employed in the proposed feature extractor. These four feature extractors are abbreviated
by LSFSOE,LSFSHE, CWFSOE and CWFSHE.
The result of Step 2 is a set of redundant wavelet packet subtrees. In Step 3, the tirnefkequency energy map of each class, rC,is established by applying Equation 2.37 for the
entire packet subtrees generated within the DWPT of every pattern;

The indexes m, f; and k are the counters for the scale, fiequency, and the wavelet
coefficients of each packet. The parameters I and p denote the counter for the scale and

the position of each packet subtree, and their maximum limits changes by the type of the
wavelet filters. The T, is computed by accumulating the squares d wavelet coefficients at
each position in the DWPT, and then normaliig by the total energy of the input pattern.

In Steps 4 and 5, the selection of the best discriminant packets for each subtree is
separately accomplished by using of the LDB algorithm, and the summation of
discriminant measures of the best packets is the score of the packet subtree. When the
entire subtrees are scored, the LDB method is utilized again so that the most discriminant
subtrees, i.e. pattern windows, within the DWPT will be determined.

In Step 6, the best group of new discriminant features

w is determined by;

w=uTw .

(3-5)

The matrix W represents the set of best original wavelet coefficients, and the columns of
matrix U are the Principal Components (PC) selected by PCA method.
...

3.4

FEATURES CLASSIFIER

The IT1 binary tree induction method, used as the basis of the proposed decision tree
classifier, considers an unlabeled instance as a member of only one known class. The
crisp classification approach is unable to address a problem when two or more classes of
events overlap each other. In multiple fault diagnosis problems, for example, some
patterns belong to regions covered by more than one cIass of event. Presence of noise
also intensifies the effect of this problem on the classification results. Due to the presence
of some of the true features in high fkequency bands, the denoising methods usually
rectify only a certain amount of noise from the input signals. By small variation in the
input attribute value, the instance could be directed to a completely different branch. In
this work, we incorporate a soft thresholding approach, proposed by Quinlan (1993),into
the original ITI-based decision tree for dealing with the uncertainty in classification
problems. The soft thresholding approach is illustrated in Section 2.2.2.1 and Section 4.2
completely. The proposed decision tree results in rough estimation of posterior
probability PCthat an input pattern belongs to the P class. Section 4.2 describes in detail
the methodology used to calculate the class probability.

3.5 TESTBED PROBLEM
To demonstrate performance of the proposed methodology, the Tennessee Eastman

Process (Downs and Vogels, 1993) is considered in this work. The TEP is regarded as a

reliable benchmark for testing the researches on control strategies (Ricker, 1995,
McAvoy and Ye, 1994), process optimization (Ricker and Lee, 1995), and fault diagnosis
(Kassidas, 1997; Oh et. al.,1997). The flowsheet of the process, provided by Downs and
Vogel (1993), is reproduced as Figure 3.1. As Figure 3.1 shows the TEP schematically,
the reactants A, C, D,E, and inert B enter the process through four feeds streams. Three
feed streams provide pure reactants A, D,and E. The fourth stream is a mixture of A, C,
and B. The plant outlets contain a portion of non-reacted feed components and the

products G and H. The process contains four main unit operations: an exothermic twophase reactor, a flash drum, a compressor, and a reboiled stripper. There are 41 measured
variables and 12 manipulated variables. The main production ratio is 50(G): 5O(H), but
the process could be also operated (simulated) based on the 10:90 and 90:10 products
ratio. The process variables, which likely surpass their shut down limits, are the reactor
pressure, and the liquid levels in the reactor, separator, and the stripper column. 'The
gaseous reactants enter the reactor where they react to form liquid products. A
nonvolatile catalyst that exists in the liquid phase catalyzes the gas phase reactions. The
reactor gas outlet consists of products and unreacted feeds. The effluent gas phase passes
through a condenser, where most of the products G and H are liquefied (Stream lo), and
then goes to flash drum for separating the volatile components. The bottom stream of the
stripper mostly contains the products G and H.The vapor stream of the flash separator
(Stream 8) is recycled to the reactor. There is also a purge line that controls the
accumulation of inert B and undesired by product F inside the system. Eleven of 12
manipulated variables are the flow rates of streams that are controlled by control valves.
The evaluation of process control and pattern classification techniques can be done by set

point changes and load changes as listed by Downs and Vogel(1993). These disturbances
cause the measured variables to follow either deterministic or stochastic trends. The plant
wide control scheme suggested by McAvoy and Ye (1994) is utilized in this work for
keeping the system variables close to their settings. The trend Signal to Noise Ratio

(SNR) of a measured variable depends largely on the type of disturbance and measuring
sensor.
d

Figure 3.1 : Schematic of the Tennessee-Eastman challenge problem.

Table 3.1 illustrates the list of measured and manipulated variables considered by this

work for testing the propqsed methods.
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Stripper liquid product valve
Stripper steam valve
Reactor cooling water valve

Table 3.1: List of measured and manipulated variables of the TEP used in this work
Four different disturbances, listed in Table 3.2, are selected in this chapter. It is reported

(Oh et. al. 1997) that these disturbances have similar effecl on streams and units so that
their discrimination would be a challenging problem.
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Table 3.2: List of step-type disturbances employed for testing the fault diagnosis technique.

3.6 CASE STUDJES
To demonstrate the ability of the proposed methodology, three classification experiments
are conducted by using simulated trends. The DaubechieslO wavelet filters are used for
the CWF-based feature extraction methods. The effect of dyadic length of trend and the
number of training patterns of each class are also investigated in the first case study.

3.6.1 CASE 1
This example is usually used as a benchmark for evaluation of feature extraction and
classification techniques (Breiman et. al, 1989; Saito 1994; Englehart 1998). Three
classes of simulated triangular waveforms, defined below, are studied in this case;

f' ( i ) = u h (i)+ (I - u)h(i)+ E (i)
fn(i)=uh,(i)+(l-u)k(i)+&(i) ,
f" (i) = uh, (i)+ (1 - u)& (i)+ E (i)
where
i = 1, ...,32

h, ( i ) = max(6 - li - 7/,0),
k ( i ) = h(i-8)

h3(i)=h, ( i - 4 ) .
u is the uniform random variable on the interval [0

I], and

E

(i) is the standard normal

variate that represents noise in the waveforms. Three obsemations fiom each class are
shown in Figure 3.2.
A test set of 1000 patterns for each class is chosen for examining the performance of

proposed methodology. The LS parameters are N 4 and R =2. Except the Experiment
111, the number of training patterns is 100 for each class. For all the experiments, except

the Experiment IV, the pattern length is 32. Table 3.3 illustrates the effect of wavelet
filters, pattern length, the number of training patterns and hard thresholding classification
on the performance of the proposed methodology. The performance is measured by using
the misclassification rate, defined as the ratio of misclassified cases to total cases for a
class.
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Figure 3.2: Three observations fiom each of the three classes introduced in Case 1.
The T,+ y means that the T, profile is raised by y units.

Table 3.3 :Results of pattern classification for Classes C l , C2 and C3 based on different
settings.

In the first experiment (Expr. I), the LSFSHE is selected as the feature extractor. The
second Experiment employs LSFSOE for extracting the features. Comparing the
rnisclassification results of LSFSHE with those of LSFSOE, for training and test set,

indicates that the SHE is a better information criterion for these patterns. In Experiment
111, the number of training observations reduces to 50 for each class while the LSFSHE is

the feature extractor. The misclassification rates increase for both training and test sets.
This observation confums the fact that a classifier requires a rich training data set in
order to exploit the stochastic nature of the system. By changing the length of observation
to 128 for training and test sets in Experiment IV, the misclassification rates increase
considerably for both of data sets. By increasing the sampling rate, noise propagates into
more wavelet coefficients so that it degrades the performance of LSFSHE feature
extractor. The PCA approach, however, helps to reduce the noise effect to some extent,
because the uncorrelated noisy coefficients affect only less important PCs. In the last
experiment, the test patterns are classified by using the hard thresholding for each
decision node. The results illustrate that the misclassification rate for the first class soars
to 80%, while the misclassification rate for the other classes decreases considerably. The
noteworthy fact is that the results of classification among three classes are inconsistent in
spite of the magnitudes similarity among their pattern. The overall misclassification rate
for the test set is much greater than the soft tbresholding approach. The structure of the
pruned tree for the Experiment I is presented by Figure 3.3, where the terminal nodes are
shown by gray color. Table 3.4 presents the selected attribute, hard threshold, and soft
thresholds of each decision node, and distribution of classes for the tennind nodes.

Figure 3 -3: Structure of the pruned decision tree in Exper. I of Case 1.

Table 3.4: Selected attributes and distribution of classes in the tree shown in Figure 3.3.
The original tree has 61 nodes, which reduces to 21 by using the MDL-based pruning
algorithm. The LSFSHE reduces the size of original pattern to 27 by choosing 0.95 as the

threshold for PCA method. By using a full decision tree and five top discriminant
features, Saito (1994) achieved misclassification error rates of 7.0% and 21.37% for
training and test set accordingly. The 6-tap Coiflet wavelet filter was employed in his
work for packet tree construction. It is noteworthy that the Bayes error, i.e. the lowest
possible error, is found to be 14%. Figure 3.4 demonstrates the structure of DWPT for the

five Experiments. The gray rectangles represent the best packets within each subtree
shown by white rectangles whose heights are equal to the maximum depth of the subtree.

Figure 3.4: Structure of DWPTs obtained in the five experiments of Case 1.
CASE 2
The first four step-type faults, i-e. D l , D2, 03 and D4 as listed in Table 3.2, are selected

3.6.2

for this case study. The magnitudes of the Dl, D2 and D3 could be either positive or
negative, whereas the magnitude of the D4 is always negative. Therefore, seven different

faults are considered in this case study. The simulation of TEP is carried out for 60 h, and
fauIt(s) occurs when 30 h of steady-state condition has been sampled for each measured

and manipulated variable. All measurements are corrupted by noise, and each sensor
exhibits different signal to noise ratio, which also changes by the fault type. By

decreasing the absolute magnitude of a fault, the main features of signals would be
masked more by noise. For this case study, t ~ measured
o
variables, i.e. flow rate of
Stream 2 and compressor work, are considered in Examples 2.1:, 2.2 and 2.3 for

illustrating the performance of the proposed methodology. Examples 2.1 and 2.2 illustrate
diagnosis of single fault cases, whereas Example 2.3 is concerned with multiple fault
diagnosis. Seven classes of system behavior resulting fiom the seven single faults are
studied in these examples. Table 3.5 shows identification of these classes along with the
type and positive or negative sign of faults. A class resulting fiom a fault with a positive
sign is represented with '+' sign. For example, class C l + results fiom fault D l with a
positive size

Table 3.5: Definition of seven classes of the TEP behavior.
The training sets consist of 100 pattems for each class, and the length of patterns is 256.
To simulate the training patterns, magnitude of the faults, corresponding to classes Cl+,
C2+, C3+,C l -,C2-, C3- and C4-, are 0.5, 0.5, 0.5, -0.2, -0.2, -0.2 and -0.1 respectively.

Both LS parameters, Le. N and fl, are equal to 4. Due to undesired effects of noise, it is
preferred to rectify the signals by using a band-pass digital filter. This filter is the second
order Butterworth filter whose normalized band-pass frequencies are set to 0.0 1 and 0.15.
It is found that most of noise could be removed by setting the normalized high cutoff
frequency to 0.15 without seriously distorting true signal features. The basis for choosing
this type of digital filter, its parameters, and the filtering technique will be discussed in

detail by Chapter 4. Two similar pattems with different magnitudes are considered unlike
because the proposed feature extractor processes a pattern quantitatively. Standardization
of the variabIes, i.e. scaling to zero mean and unit variance, is used to harmonize two
similar patterns with different magnitudes. Existence of step-type segment in a signal is
known to cause the standardization technique to become inefficient for this purpose. The
low cutoff frequency is used in the proposed methodology to help remove the step or
ramp-like trends fiom the signal. It is noted that the LS-based feature extraction requires

much less computation time than the Daubechies-based ones in the following examples.
The required computation time for the latter is three times longer than that of the former.
3.6.2.1 Example 2.1
The dynamic trends of Stream 2 flow rate due to the seven different faulty states are

shown in Figure 3.5. The true signal features, for the C l - and C2- classes, are hardly
detectable. The signals, belonging to C2+ and C2- classes, exhibit a ramp-type pattern.

Figure 3.5: Deviation of Stream 2 flow rate from its steady state set point caused by the
seven single faults.

30
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Figure 3.6: The results of scaling and filtering of signals shown in Figure 3.5.
Figure 3.6 illustrates the results of filtering, and then scaling of examples shown in Figure
3.5. As the test patterns 25 signals of the same length as the training patterns are
simulated for each test set. Table 3.6 illustrates the type and magnitude of fault for 20 test
sets. The test sets consist of a variety of fault magnitudes such that for some signals the
true feature is mostly masked by noise, while for some others the noise intensity is fairly

low. The threshold value used for PCA method is set at 0.95, and the binary decision tree
with soft-thresholding at each node is chosen as the classifier for this problem.

Figure 3.7 illustrates the performance of the four feature extractors. Having
compared the classification results, the LSFSOE feature extractor exhibits better overall
performance than the other feature extraction methods. The classification results related

to the test set #19 have the highest misclassification rate because noise causes significant
difference between test and training patterns.

Table 3.6: Specification of 20 test sets for example 2.1 and 2.2 in Case 2.
It implies that a classifier will define class boundaries more efficiently if it uses
mildly noise-corrupted training pattems. Although PCA method is able to reduce the
dimension of f a t w e space considerably, its performance depends largely on the type of
wavelet filters and criteria for selecting best packets. The feature spaces, constructed by
LSFSOE method, could be represented effectively by 27 variables, while this number
would be 43 for LSFSHE technique. The features space is described by 48 variables if

CWFSOE is used, while 66 variables are needed when CWFSHE is employed for feature
extraction. As these numbers show, the feature extraction methods using SOE criterion
are more effective for representing the data space than. those utilizing SHE. The
DaubechieslO-based features space is represented by more variables than the one based
on the LS filters. The four feature extraction methods define the DWPT structure

differently. The LSFSOE method chooses the entire length of pattern as the best packet
for time-frequency representation of each input signal. The configurations of DWPT,
which are the best subtrees and their conesponding best packets, are illustrated in Figure
3.8 for other feature extractors.

The structure of decision tree classifier depends largely on the type of parameters

selected for the feature extraction step. The pruned decision tree contains 87 nodes if the

LSFSHE are chosen for extracting the signals' features. The number of nodes for tree
classifier, when any one of LSFSOE, CWFSOE, and CWFSHE is used for extracting
features, is found to be 89,97,and 99 respectively. The training space for the classifier is
complicated since a large number of nodes are required to separate the instances of
different classes. The CWFSHE-based decision tree, for instance, uses mostly the 2nd,3rd,
and 5h leading features to screen the training patterns of each class. By using the second
feature, as shown in Figure 3.9 by "FeatureY, all the classes except the Class C l - and
Class C2- are separated fiom each other satisfactorily. The third and fifth features, shown
by "Feature3" and "FeatweS" in Figure 3.9, discriminate Class C1- fkom Class C2- more

efficiently. This fact would help the decision tree separate these groups of classes by non-

overlapping boundaries. Using a Pentiurn II@466 MHz processor, it is found that the

required time for diagnosis of all 20 test sets is 20 min when any of LS-based feature
extractors is used. However, the computation time when any of D10-based feature
extractors is employed, is found to be 1 hr. Thus fault diagnosis technique based on LS
filters is three times faster than that based on Dl0 wavelet filters. This fact is also found

in the training phase.
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Figure 3.7: Results of fault diagnosis, shown by No. of Misclassified Patterns (MCP), for
Stream 2 flow rate by use of the four feature extraction methods.
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Figure 3.9: Distributions of four leading extracted features in the seven classes of events.

3.6.2.2 Example 2.2
In this example the proposed methodology is examined for the classification of trends
produced by variations of the work required by the compressor installed for the recycle

stream in TEP. Figure 3.10 illustrates an observation for each elass of event listed in
Table 3.5. As these plots show, the noise effects on true signals are not as much as they
were in the previous example. The magnitudes of faults for the test set are also similar to
those listed in Table 3.6.

Figure 3.10: Deviation of compressor work fkom its steady state set point caused by the
seven single faults.

The four feature extraction methods, LSFSOE, LSFSHE, CWFSOE and CWFSHE are

employed in this example. The threshold value is set to 0.95 for PCA method for
reducing the size of features space. The binary decision tree classifies the unlabeled input
instance according to the proposed soft classification technique. The classification results,
shown by the number of rnisclassified patterns in Figure 3.11, reveal better performance
of CWFSOE compared to the other feature extraction methods. It must, however, be
noted that the performance of the other two techniques, i.e. CWFSHE and LSFSHE, are
satisfactory. The LSFSOE-based technique presents worst results compared to the other
methods. The number of best and uncorrelated features would change as different feature
extraction methods are selected. The dimension of features spaces defined by LSFSOE-,
CWFSHE-, LSFSHE-, and CWFSOE-based extraction methods is found to be 20,36,52

and 56 respectively. Figure 3.12 presents the configurations of DWPT defined by these
four techniques. The LSFSOE method results in the lowest number of windows, whereas
the CWFSHE splits the input pattern into the largest number of windows. The decision
tree based on the CWFSOE feature extraction method is found to have the least number
of nodes, i.e. 17, compared to the other tree classifiers. The number of nodes for

CWFSHE-, LSFSOE-, and LSFSHE-based tree classifiers is found to be 21, 21, and 27
respectively.
Figure 3.13 and Table 3.7 shows the configuration of pruned CWFSOE-based
classifier. The decision tree, shown by Table 3.7, mostly employs the second attribute in
order to discriminate the classes of events. Figure 3.14 shows the distribution of the first
four attributes for each class of event. The seven classes are perfectly separated when
only distributions of the first two leading features are considered, whereas the next two
attributes fail to discriminate class boundaries satisfactorily
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Figure 3.1 1: Results of fault diagnosis, shown by No. of Misclassified Patterns (MCP),

for compressor work using the four feature extraction methods
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Figure 3.12: Structures of DWPTs obtained by use of the four feature extraction methods.

Figure 3.13: Schematic of the pruned decision tree consfmcted by use of the CWFSOE

feature extraction method.

Table 3.7: Selected attributes and distribution of classes in the tree shown in Figure 3.13.
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Figure 3.14: Distribution of four leading features selected by the CWFSOE feature

extraction method.

3.6.2.3 Example 2.3
Table 3.8 illustrates new test sets when multiple faults with different magnitudes occur in
the TEP. In this table, the magnitudes and types of contributing faults are shown for 9 test

sets. Each test set contains 15 faulty pattern.

Table 3.8: Magnitude and type of faults occurring simultaneously in Example 2.3.

The dynamic trends of Compressor work due to the nine multiple faulty states are shown

in Figure 3.1 5. The four feature extractors were used for multiple faults diagnosis based
on the trends produced by the variations of compressor work installed in the recycle
stream. The structures of classification trees are similar to those constructed in Example

2.2. Table 3.9 presents the number of correctly classified patterns and the most probable

classes of events inside the brackets for each test set.
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Table 3.9: Results of multiple fault diagnosis using of four feature extraction methods.
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Figure 3.15: Deviation of compressor work fiom its steady state set point caused by the
nine multiple faults.

If there is more than one class of faulty behavior, the selected classes are sorted from lefe

to right according to their importance. For some test sets, the methodology fails to
propose a unique diagnosis. These cases are shown by "Fail" in Table 3.9. It is observed
that the four pattern classifiers pinpoint at least one of contributing faults in most of the
test cases satisfactorily. The classification results show that the four classifiers diagnose
the system differently for some cases. For example, all the patterns for the first case are
classified into the first class according to the LSFSOE- and LSFSHE-based classification
methods. However the CWFSOE approach finds the second class as the dominant source
of the fault, while the first class has a minor contribution to the behavior of system. The

C W F S E , on the other hand, is more in favor of the first class than the second class.
3.7 CONCLUSIONS
It is observed that the proposed pattern recognition methodology succeeds satisfactorily

to classify the noisy input pattern into the known classes of events. Although noise has
negative impact on the proposed technique, the number of misdiagnosed pattern is still

within the acceptable ranges. By using a wavelet-based feature extractor, PCA technique
and the soft thresholding approach, the proposed technique is able to eliminate noise
effects on the classification results. Comparison of the classification results based on the
four different feature extraction algorithms indicates that one could not reject a feature
extraction method in favor of others. However, the computation time of LS-based feature
extraction methods is much less than that of the DaubechieslO-based techniques. This
will be quite important when the algorithm is applied for real-time fault diagnosis. The

proposed method is able to determine the best configuration of pattern windows so that
the maximum resolution of the system behavior could be achieved. When multiple faults
occur in a system, the technique is able to pinpoint at least one of the sources quite
satisfactorily.

CHAPTER 4

CHAPTER 4

REALTIME FAULT DIAGNOSIS OF MULTIVARIATE SYSTEMS
4.1 ABSTRACT
A methodology is presented to extract and classify features of patterns generated by a

multi-variate, dynamic, and continuous system. Noisy input patterns, belonging to a class
of event(s), are first scaled to unit variance and zero mean. This step, termed as
harmonizing step, reduces magnitude differences amongst patterns describing a system
behavior. Low frequency segments, such as ramp-type trends, hamper the efficacy of
harmonizing step. In this chapter, a digital band-pass filter is designed to eliminate the
ramp-type segments and decrease noise intensity. Then, the Principal Component
Analysis (PCA) technique is applied so that the information space is described by a set of
uncorrelated and fictitious data sources. The most class discriminant features aad a binary
decision tree for each new sensor are determined according to the approach proposed in

Akbaryan and Bishnoi (2000a) and Chapter 3. The outputs of each decision tree are: (1)
the posteriori probabilities of unlabeled input pattern belonging to different classes of
events; (2) the confidence limits that input pattern may be classified to any of known
classes. The consensus theory-based techniyaes and evidence theory are utilized in this
work to find the best classes of events for describing system behavior. The performance

of the proposed technique is examined by diagnosis of simulated faulty behavior for the
Tennessee Eastman Process (TEP).
4.2

INTRODUCTION

In a complex chemical plant, fault diagnosis techniques cannot rely on information
received only from a single source. The system disturbances affect some variables more

than the others. Furthermore, the amount of irrelevant information, such as noise, varies
by the type of the variable as well as the type of disturbance. The diagnosis of the TEP,

resulting from the proposed single-variate fault diagnosis methodology (Akbaryan and
Bishnoi, 2000a; Chapter 3), vary considerably by the type of the variable.

In this Chapter, the single-variate fault diagnosis methodology (Akbaryan and
Bishnoi, 2000a; Chapter 3) is extended for classifying faulty behaviors corresponding to
multivariate and dynamic system. The patterns are transient trends of process variables
resulting from disturbances in the system. The magnitudes of measured variables,
disturbed by a deterministic fault, change directly by the size of fault. Different
magnitudes of a fault result in qualitatively similar trends for a measured variable;
however, these trends are quantitativeiy unlike. The proposed pattern recognition
technique relies quantitatively on the system variables; therefore, any size discrepancy
amongst patterns for a class of event(s) should be eliminated. Scaling each system
variable, so that it has a zero mean and unit variance, can resolve this problem. When a
variable exhibits a step-type or ramp-type trend, the scaling of variable depends on the
number of data points sampled before and after the occurrence of the step or ramp.

Akbaryan and Bishnoi (2000~)proposed a wavelet-based denoising method that is
superior to the Fourier-based low-pass filters. However, it is found in this work that the
wavelet-based high-pass filtering methods do not perform satisfactorily. In this work, a
band-pass recursive filter is used to remove the step- or ramp-type trends as well as noise.
The data sources in a chemical plant are highly correlated so that the amount of
redundant idormation is significant. This fact increases the data processing time
considerably. Using PCA, the proposed technique transforms the original, correlated and
noisy information space into a lower dimensional, uncorrelated and less noisy space.
Principal components are the uncorrelated and fictitious variables that characterize the
new Sormation space. The PCA method discards irrelevant idonnation, such as noise
and uniform variables, by projecting them into the less variant principal components
disposable by choosing a proper value for the tCPin Equation 2.56. The single-variate
pattern recognizer (Akbaryan and Bishnoi, 2000a; Chapter 3) is used to classify the
system behavior based on the information provided by each new variable individually.

The information space can be characterized by matrix R (pxq), where q andp denotes the
number of sample points and number of variables respectively. There are two choices for
processing the matrix R. First approach, used commonly in fault diagnosis techniques,
considers each column of matrix R as a separate pattern. This technique regards all the

data sources equally reliable and the classification results describe behavior of the entire
system. The second method considers the variation of each variable, represented by a row
of matrix, separately. The system behavior is first classified based on the information
provided by each variable individually. Then the classification results of variables are
integrated in order to obtain the system behavior. This approach allows the reliability of
each variable (sensor) to be incorporated into the final pattern classification result. The
more reliable a sensor is, the more influence it has on the final outcome. Choosing a
correct measure of reliability for a sensor is a challenging problem that affects the
performance of the fault classification technique.
4.3 PATTERN KARMONXZATION
The proposed feature extraction methodology, Section 3.3, determines the most

discriminant wavelet coordinates in order to separate a group of known classes of events.
An unlabeled pattern will be admitted into a class, if its extracted features become
quantitatively similar to those of the other patterns in the class. A system variable will
exhibit qualitatively similar but quantitatively different trends, if it is disturbed by a
deterministic fault with different magnitudes. Moreover, if a system deviates fiom
different steady state conditions by a fixed size and deterministic fault, the resulting
trends for a variable will have different magnitudes. Although the resulting pattems
belong to a same class of event, they may be classified into other classes by the proposed
classification methodology. Thus pattems of a variable, within a class of event, should be

harmonized quantitatively in order to decrease the misclassification rate. The fist step
would be subtracting all the samples fiom the first sample so that a pattern, regardless of

disturbance type, starts fiom zero. In the second step, a pattern is scaled so that it has unit
variance and zero mean. This technique is one of the best techniques that remove the
magnitude difference amongst a group of patterns Y.

where p and a represent the mean and standard deviation of vector Y. When a pattern
exhibits a ramp- or step-type trend, the variance and mean of the pattern depend on the

number of data points collected after and before step or ramp occurrence. This fact
hampers the efficacy of the pattern scaling technique, because the pattern classification
technique depends on the length of data. Furthermore, the mean and variance for an
ensemble of data, with step- or 'ramp-type trends, lack the statistical meaning. Since
ramp- and step-type segments exist within a low frequency ranges, filtering the pattern by
a high pass filter helps remove these segments (Kassidas, 1997). The resulting pattem
certainly has a different structure fiom the original pattem. The pattem scaling also
removes the effect of measurement units that may exist amongst variables used to
describe a class of events. The outputs of Equation 4.1 depend largely on the length of the
patterns. For deterministic faults, where the system drives to a new or previous steady
state condition, the length of collected data is an important parameter. Collecting many

data points before and after the fault occurrence introduces redundancy that conceals the
effect of the main events in the pattern. Thus the lowest amount of redundant data should
be used in Equation 4.1.
Designing a suitable high-pass digital filter is a major step that afFects the accuracy of
next steps considerably. According to Section 5.3, one may design different types of
filters in order to accomplish the defined requirements. By a trial-and-error procedure,
different types of high-pass filters, such as Butteworth, Chebyshev, Bessel, STFT using
the Hamming Windowfinction, STFT using the Kaiser Windowfinction, WPT using the
Lifting-Scheme (LS) filters, and WPT using the Symmlet8 filters, are examined for
filtering the low fkequency segments.
The WPT is able to screen undesired components by using the Phase Plane technique
(Wickerhauser, 1994). Equation 2.26 describes a signal can be defined by a finite set of
wavelet packet basis firnctions, which covers a specific frequency band and time interval.
Phase plane is a two-dimensional signal representation, Figure 4.2, where each basis
fUnction is shown by a rectangle termed as "information cell". The time and frequency of
a cell can be read fiom its lower left comers. The width and height of a cell represent the
uncertainties in time and fkequency location of the corresponding basis function. The
collection of rectangles (information cells)

is a disjoint cover of square [O, 2L [ x [O, 2=.[.Here m, f; k represent the scale, fkequency
and position of a basis function respectively. Thef ' is the inverse Gray code permutation
of frequency index as described by Equation 2.25. The c [h] and c
energy of the low-pass and high-pass wavelet filters, and f

"

k]are the center of

is the bit-reverse off

considered as an rn-bit binary integer. Equation 4.2 is proposed for the whole-line
wavelet filters (Wickerhauser, 1994), given the center of energy for the wavelet filters.
Figure 4.1 shows the variations of the "Feed A" flow rate (Stream 1) and "Purge
rate" (Stream 9) in the TEP,resulting fiom the D l , D2 and D3 deterministic fad& fisted

in Table 4.4. The packet trees of these signals are constructed by using the Symmlet8
wavelet filter, and the best packets are determined based on the Shannon entropy and the
best basis selection algorithm described in Section 2.1 1.2.1. The phase plane
representations of these signals according to their best packets are illustrated in Figure

4.2.
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Figure 4.1 :Noise free observations of two variables resulting fiom three single faults.
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Figure 4.2: Phase plane representation of the signals shown in Figure 4.1.
The gray scale of an information cell depends directly on the magnitude of the
corresponding wavelet coefficient. A wavelet basis h c t i o n , corresponding to a low
fiequency information cell, describes the low fiequency contents of a signal more than
the high frequency ones. It is noted that the basis functions of the packets located at the
coarsest scale and fiequency indexesfi = 0 andfi = 1 represent the most part of the low
fkequency contents of a signal. The signal #1 and #5 in Figure 4.1 mainly consist of
ramp-type trend so that the wavelet coefficients within the two packets have the largest
values. Manipulating the values of elements of these packets are found to affect the
structure of output signal considerably. According to Equation 4.2, these packets span the

entire length of input pattern so that any change in their elements affects the entire length
of data vector. Having selected the best packets as those at the coarsest scale, a new
signal is constructed by discarding the packets with fiequency indexes fi = 0 andfi = 1.

When the packets have large elements, elimination of the packets causes a certain
difference between the original and filtered signal. It is found that the output and input

signal differs only by their magnitudes whereas their trends are completely similar. In
other words, the fiequency distribution of the two signals is alike. In another trial,the LSbased filters are employed to transform the input signal into a packet tree. The packets at
the coarsest scale are chosen. A new signal is constructed while the packet withf = 0 is
discarded. The results are not much satisfactory. In spite of superiority of wavelet-based
methods for denoising purposes, as it is shown in Akbaryan and Bishnoi (2000~)and
Chapter 5; these approaches are found to be not much successfui in filtering of low
frequency parts.
The frequency-based digital filters, classified as recursive and non-recursive filters,
are examined in this work for filtering the low frequency segments in a signal, Ideally, a
high-pass digital filter passes all the frequencies in the "passband" and cut the other
fkequencies in the "stopband". The cutoff fiequency f,, which separates these two
fiequency bands, is the main parameter to design a filter. In practice, however, a digital
filter passes some frequencies in the stopband region to the output signal. The
formulations of these techniques are discussed in Chapter 5.

Two types of non-recursive filters, i.e. STFT using the Hamming Window function
and STFT using the Kaiser Window function (Lynn and Fuerst, 1989), are examined in
this work. These two filters employ the STFT by windowing the input signal. The
windows functions are Hamming and Kaiser windows respectively. It is found by trial
and error that the best values of designing parameters, i.e. the number of filter
coefficients and normalized cutoff frequency, are 80 and 0.01 respectively. 1t is found
that these filters are unable to remove the low fiequency components completely. Figure

4.3 illustrates the performance of Hamming-windowed filter when signals #1 and #4 in
Figure 4.1 are used as the inputs for the filter. The Kaiser-windowed filter results in the
same output signals.
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Figure 4.3: Outputs of STFT using Hamming window and Bessel filter used for filtering
of two input signals.
Three recursive digital filters, i.e. Butterworth, Chebyshev and Bessel filters, are
tested for high-pass filtering in this work The Bessel filter has the desirable linear phase
property so that the output signal has the minimum phase distortion. However, this filter
is unable to separate stopband and passband regions sharply so that the output signal
exhibits most of the input signal frequency bands. In Figure 4.3, the Bessel filter is used

as a high-pass filter for the two input signals. Although the input and output signals have
differences in magnitudes, their structures are noted to be completely similar. The order

of Bessel filter in Figure 4.3 is set to 25, which is the highest allowable order by

MATLAB'

in order to have maximum separation between frequency bands. By

examining the Butterworth and Chebyshev filters, it is found that they remove the low
frequency bands satisfactorily. These filters separate the passband and stopband regions
more sharply than the Bessel filter. Figure 4.4 illustrates the magnitude of frequency

responses for an ideal filter, a Butterworth filter and a Chebyshev filter. An ideal highpass filter passes only all the frequencies above the cutoff fiequency. A Butterworth filter
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Figure 4.4:. Frequency response (magnitude) functions of high-pass ideal filter,
Butterworth and Chebyshev filters.
rises gradually toward the passband edge and then approximates the ided trend with the
"maximally-flaty7passband characteristic. The Chebyshev filter approximates the ideal
trend by an "equiripple" perfomance in the passband. For a given filter order n >2, the
Chebyshev filter perfoms better than the Butterworth filter to separate passband and
stopband regions by narrowing the transition area. By increasing the order of these filters,
the width of transition region becomes smaller so that the filter performs better to isolate
undesired fiequency bands. This means the output signal consists of more high
frequencies, which cause more oscillation in the signal trend. It is noted that the large

presence of high frequency bands deteriorates the identities of deterministic patterns so
that the misclassification rate increases. In this work, traces of low frequency bands are

allowed to pass through the filtering process. This fact is also addressed by Kassidas
(1997) in his work. Having chosen a fairly low f,, the low-order Butterworth and

Chebyshev filters are found to be reliable for smooth filtering the low fkequency
components. For the low values off,, however, the Butterworth filter not only outputs a
smoother signal than the Chebyshev filter does, but also follows the passband ideal
fiequency response satisfactorily. This fact is shown in Figure 4.4 clearly. It is found that
the performance of recursive filters is highly sensitive to the values of filter elements so
that slight changes intheir values change the output significantly.
The data sequences are often corrupted by noise, which degrade the efficiency of the

data processing techniques. By harmonizing the noisy trends, the effect of noise is
magnified so that the true trend is masked more by the irrelevant information. A low-pass
filter could reduce significantly the negative effect of noise. In this work, it is preferred to
use a band-pass digital filter so that the effect of low and high fiequency bands are
removed simultaneously. Althou& only the recursive filters are suited for rectifying the
low fiequency bands, most of the available filtering methods are found to be efficient for
denoising applications. Since, the Butterworth filter is selected to screen the lowfiequency parts, this type of filter is also employed as a band-pass filter in order to
decrease the complexity and computational time of the proposed methodology.
4.4

SOFT CLASSIFICATION

In practice, the upper cutoff fiequency for a band-pass filter is selected such that the true
signal features, existing in the high fiequency bands, can pass through the filtering
process. This fact results in an output signal cormpted by traces of input noise The PCA
technique, used to produce a set of uncorrelate variables, helps reduce the effect of noise

by transferring it to the less important principal components. Moreover, the waveletbased feature extractor, proposed in Akbaryan and Bishnoi (2000a) and Chapter 3,
transforms uncorrelated data, such as noise, into wavelet coefficients with small
magnitudes that are likely discarded by the best basis selection algorithm. Although these
techniques suppress noise largely, it is noted that the extracted features can be still
affected by noise especially if noise intensity in the raw input signal becomes high. As it

is stated in Chapter 3, this problem will deteriorate the classifier performance if a class of
events exist close to the other. The problem is dealt with by incorporating the soft
thresholds at each decision node of the decision tree and uncertainty concept into the final
classification results.
The soft threshold-based classification is described in Chapter 2, and the results of the
approach for the single-variate systems are shown in Akbaryan and Bishnoi (2000a) and
Chapter 3. According to Equation 2.73, an input instance to a decision node may be
forwarded to both of the subtrees emerging fiom the decision node. The measure of
certainty to send an instance to the left and right subtrees is obtained by the probabilities

P

and P riM = 1- P lrp calculated by Equation 2.73. Because of the soft thresholds at a

decision node, an instance may reach severaI terminal nodes that may have different
distributions of classes. Consider that there are NC known classes provided by the
training instances; the probability that an instance is assigned to the cthclass of terminal
node I is calculated by:

where D denotes the number of decision nodes visited by the instance in each
classification path starting at tree root and ending at terminal node I. The P, will represent
the P

or P

h&l

for the

decision node, if the instance is sent to the left or right branch

respectively. The number of training instances within the cthclass of terminal node I is

shown by Nc,l in Equation 4.3, and NI stands for total number of instances assigned to the
I terminal node. The most probable class in the I " terminal node has the most number

"

of instances amongst the others in the node. If an instance reaches the L terminal nodes,
the probability that the instance belongs to the cthclass, PC,will be defined as:

Equation 4.4 is used by Akbaryan and Bishnoi (2000a) to estimate roughly the posterior
probability for each class.

"

Consider for the I terminal node that El of the NI training instances do not belong to
the most dominant class in the node. Thus parameter es = El / N, represents the

classification error in the node, because if the Nl instances are reclassified by the tree, es
percent of instances are assigned by the node to the most dominant class incorrectly. The

es is termed as the node sample error because the Nl observations are sampled fkom the
space covered by the node. The Q not only depends on the number of sampled instances
but also may change as another group of instances is classified by the node. However, the
true classification error, shown by e ~ is, defined as the probability of misclassifying an
instance chosen randomly fiom the entire population of instances covered by the terminal
node. This error can be applied for predicting the misclassification of an unseen instance.

To calculate the true error, the probability of misc~assificationwithin the node's
information space must be obtained. The probability cannot be calculated exactly, but an
interval, where the true probability exists, is determined by using the sample error. The

binomial distribution of es is a reliable technique that provides the formulations for
calculating the interval. The confidence interval, where the probability of misclassifying
a pattern into the most dominant class falls randomly S % of the time, can be described
by (Quinlan, 1993):

The parameter S is usually termed as Conjdence Limits (CF), and Zs,based on the
desired CF, is given by the statistical tables. As the S decreases, the length of the
confidence interval is reduced and so does the value of 2,.There is a more robust
algorithm that calculates the Upper Limit of Confidence Interval (ULCI) through the
estimation of standard deviation o for binomial distribution.

The certainty of classifying an instance in the most doninant classf of the tenninal node
is measured by 1- ULClp If the f" class becomes the most populated class in the M
terminal nodes, the certainty, CZ,of classifying that an instance could be part of this class,
will be determined as:

The El and Nl denote the number of instances classified into the class f incorrectly, and
total number of sampled instances belonging to the I

" terminal node. If a class is not

nominated by any of terminal nodes as the most populated one, its Cjwill be equal to
zero. The probability limits of classifying an instance in the cfhclass, could be defined as:

4.5 MUI.ITISOUR@EDATA ANALYSIS
A number of approaches have been proposed to analyze data received from different

sources of information. A quantitative and computer-based multi-sensor data fusion
technique must: (1) represent the partial information provided by separate sources as
numerical measures, (2) combine the measures by a combination rule to give assessment
of the total evidence. The simplest approach is to form an extended data vector that
contains information from all sources in a system at a certain time. Thus in real-time and
dynamic data fusion problems, a matrix represents the system behavior over a period of
time. This approach is a reliable choice when all information sources are equally reliable.

On the other hand, statistical-based methods, such as consensus theory and evidence

theory, regard each data source independent so that the system mode is obtained by
fusing the information fiom different sources.

Since evidential information is uncertain and incomplete, the Boolean logic is not
adequate for representing evidence. This approach cannot describe the partially true
information. The Bayesian probabilities, which are the framework of statistical methods,
are used to represent the uncertainty about an event. Several statistical methods have been
used to classify multi-source data. One approach subdivides the sources into separate
groups and analyzes the subsets separately. The data space, in this method, is subdivided
such that the variation within each subgroup is minimized. The second method classifies
the data based on a subset of information sources, assesses the results and uses another
subset for clarifying any ambiguities. These methods depend largely on the analyst's
expertise and knowledge of the data so that they cannot be considered as general
methodologies. The consensus theory, on the other hand, is found to be a suitable
probabilistic iiamework that allows the reliability of each sensor to be incorporated for
final classification results. The LIOP consensus rule (Equation 2.93), and the GMF
approach (Equation 2.95) are considered for data fusion in this work, because of their
affordable complexities and computation time. These two methods receive the posterior
probability of each class from each expert (data source), and then vote in favor of the
class with maximum consensus value. The formulation of GMF satisfies more statistical
criteria than the LIOP technique. Although the LGOP, Equation 2.94, is another
consensus rule useful for this work, its complexity hampers its application for the multisensor data analysis.
The evidence theory, introduced by Dempster and extended by Shafer (1976), is
another approach for multi-source data analysis that takes into account not only the
uncertainty (partial belief) for an event, but also the imprecision of measuring the
uncertainty. A statistical-based method is a limit of evidence theory because it regards
only the uncertainty, whereas the imprecision is assumed to be zero for data

classification. The "probability mass" of a hypothesis A and the "belief interval", defined
by the belief of A and its plausibility, are the main parameters required for this theory.
Equation 2.8 1 describes the formulation of belief interval. The belief for an event can be

termed as the minimum uncertainty and the plausibility for an event as the maximum
uncertainty. The imprecision about measuring the uncertainty, thus, would be the

difference between these two limits. As shown by Equation 2.84, the evidence theory is
able to formulate the union of data sources through the Dempster 's Combination Rule. A
set of hypothesis about an event in a system is the first issue that must be determined
because the final decision relies largely on the number and types of the hypotheses. In
pattern classification problems, hypotheses are about the classes to which an event
(pattern) belongs. It is also possible to include the measure of sensor reliability into the
evidence theory algorithm as the technique was described in Section 2.3.1.
The first requirement of the multi-source data h i o n algorithms is that a data sensor
does not have any interference with the other. In another word, they must be completely
separate and uncorrelated. Many different techniques are proposed for calculating the
reliability measure for each data source. These methods, described in Chapter 2, are
based on the accuracy of each data source for classifying a pattern. When the boundaries
of classes, given by training data, could be distinguished clearly, the classification results
will be more accurate. In large-scale systems, such as chemical processes, the sources of
information are highly correlated. .The outputs of PCA are the new, fictitious sensors
(principal components) that are ranked according to their importance and reliability as
source of information. The most dominant sensor discriminates the classes of events most
efficiently. In another word, the separability among the classes deteriorates as the rank of
sensor decreases. The PCA labels each new sensor according to the magnitude of its
corresponding eigenvalue so that the best one has the largest eigenvalue. In this work, the
eigenvalue of each new sensor is normalized according to:

The vector Ais used as the measure of reliability for the new sensor.
4.6 PROPOSED METHODOLOGY
A pattern classifier is proposed that can be used for dynamic, multivariate fault diagnosis

problems. The training steps of the proposed methodology are shown in Figure 4.5. The

flow diagram of classifying a new pattern by the proposed methodology is illustrated in
Figure 4.6.

Training Data for Process
Variables

/

P
i
i
Pass the Data Through a Band-Pass Filter

Harmonize Trend of Process Variables

Apply PCA :
1-Generating p New Sensors.
2- Generating p normalized sensors relibility measures.

I

he New Sensor # 1

!

1- Extract the Best Wavelet I
Coefficients.
2- Reduce number of Features by
Using PCA.
3- Construct a Binary Decision1
Tree.
i

i

The New Sensor # i
1- Extract the Best Wavelet
Coefficients.
2- Reduce number of Features by
Using PCA.
3- Construct a Binary Decision
1
/Tree.

f i e New Sensor # p
1- Extract the Best Wavelet
Coefficients.
2- Reduce number of Features by
Using PCA.
3- Construct a Binary Decision
I~ree.

Figure 4.5: Flow diagram for training of the proposed multivariate and real-time fault
diagnosis methodology.
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Figure 4.6: Flow diagram for classifying a new pattern by the proposed methodology.

The input data are the trends of system variables resulting fiom disturbances (faults)
in the system. Training data for the c* class of events is described by matrix Tc(NC x 2=),
where NC is the number of training patterns in the class. The information space covered
by the entire training patterns is shown by matrix T = [T,T,

...T ~ ~ ] where
',

NS

represents the number of information sources. The employed wavelet-based feature
extractor (Akbaryan and Bishnoi, 2000b;Chapter 3) requires that the input pattem must
have fixed and dyadic length. The trends can be corrupted by noise, and noise intensity
may vary by the type of variable and the magnitudes of faults. However, classes of events
may be represented by different number of patterns. By using a band-pass Butterworth
filter in the first step of the proposed methodology, the possible low fi-equency
components as well as parts of undesired noise would be eliminated. The proposed
methodology does not intend to remove noise completely, because it is found that the
presence of low-magnitude noise helps extract the signaI features more effectively. This
fact is also addressed by Saito (1994) in his work. Since the goal is to remove noise
partiaIly, employing the classical frequency-based band-pass digital filters would not
deteriorate the efficiency of the proposed methodology.
?'he low order Butterworth filter is found to be the best selection for the filtering of
signals. By using simulated signals obtained from the TEP case study and after some
trial-and-error, the best normalized cutoff frequencies, for a band-pass digital filter, are
found to be 0.01 and 0.15. These values are obtained by employing the spectrum
command provided in MATLAB@signal Processing Toolbox. This command provides
the frequency distribution of a signal by using the Fourier Transform technique. A
recursive digital filter, such as Butterworth filter, is formulated by a series of difference
equations. Having sampled the input signal F (x), the output signal F(y,)at the n"
sample point can be calculated by Equation 4.10. The vectors b and a represent the filter
coefficients. The parameter rn represents the length of filter coefficients, and n is an index
for sample points. In the above equation, it is assumed that the a(1) is always equal to
one.

Having chosen the second order Butterworth band-pass digital filter, the filter coefficients
are obtained by using the MATLAB" bufter command. The filter coefficients are

illustrated in Table 4.1.

Table 4.1 : Filter's coefficients of second order Butterworth band-pass filter.
The vector z, with the length of m-1 , is updated as the filtering proceeds fiom one sample

point to the next one. To use Equation 4.10 for the first sample points, the vector z must
be initialized with some values.Because of using a finite Iength input signal, the filtering

algorithm results in transient effects near boundaries of the output signd. These
undesired effects wiIl be avoided if the vector z is initialized properly. A technique,
which is employed in MATLAB" functions, uses the solution of the following system of
equations to initialize the vector z.

Figure 4.7 shows the result of forward filtering for two signals by the selected
Butterworth filter. Figure 4.7 (A) and 4.7 (B) illustrates the signal #1, shown in Figure
4.1, and its reflection respectively. The signals have similar fiequency distribution in the
power spectrum plane. It is noted that forward filtering of the trend, shown in Figure
4.7(A), produces the desirable results because the output signal approaches its initial
value. However, the result of forward filtering for the second trend is not satisfactory,
because the low frequency parts still exist in the output signal. The main defect of
recursive filters is their highly noniinear phase distortion that changes the output signal
structure significantly. As it is stated by Akbaryan and Bishoi (2000~)and Chapter 5,
the phase distortion of the output signal will be eliminated completely if the data
sequence is filtered in the forward direction and then in reverse. The double filtering
technique increases the computational time, however, it does not have considerable effect
on the perfomance of proposed methodology. Figure 4.8 illustrates the performance of
the double filtering on the same signals used in Figure 4.8. In spite of canceling the phase
distortion by double filtering approach, the traces of undesired low fiequency bands are
noted in the outputs. In another trial, the input signal consists of static and dynamic
behavior of the measured variable. For Figure 4.8(E)and 4 . 7 0 , the input signal spans 60
h of operation, and fault D l occurs at time t = 30 h. As Figure 4.8(E) illustrates, the

double filtering technique is found to remove the low-frequency segments quite
satisfactorily. It is also found that if the input signal and its mirror image are filtered by
double filtering method, their outputs will be the reflection of each other. It is, however,
noted that forward filtering of two mirror image input signals, i.e. Figure 4.7(E) and
4.7(F), does not result in mirror image outputs.
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Figure 4.7: (A) Variation of "Feed A" flow rate disturbed by Fault Dl; (B) Reflection of

the signal shown in part (A); (C) Result of forward Ntering for the signal shown in part
(A); (D) Result of forward filtering for the signal shown in part (B); (E) Result of forward

filtering for the variation of "Feed A" flow rate when the trend starts 30 h before
occurring of fault D l ; (F) Result of foxward filtering when the input signaltrend is the
reflection o f "Feed A" flow rate shown in Part (E).
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Figure 4.8: (A) Variation of "Feed A" flow rate disturbed by Fault Dl; (B) Reflection of

trend shown in part (A); (C) Result o f forward filtering for the trend shown in part (A);
@) Result of forward filtering for the trend shown in part (B); Q Result of forward

filtering for the variation of "Purge Rate" when the trend starts 30 h before occurring of

fault Dl; Q Result of forward filtering when the input trend is the reflection of "Purge
Rate" shown in fart (E).
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Figure 4.9: (A) Variation of "Purge Rate" disturbed by Fault Dl; (B) Reflection of the
trend shown in part (A); (C) Result of double filtering for the trend shown in part (A);
@) Result of double filtering for the trend shown in part (B); (E) Result of double

filtering for the variation of "Feed A" flow rate when the trend starts 30 h before
occurring of fault Dl; (F) Result of double filtering when the input trend is the reflection

of 'Teed A" flow rate shown in Part (E).
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Figure 4.10: (A) Variation of "Purge Rate" disturbed by Fault D l ; (B) Reflection of the
trend shown in part (A); (C) Result of double filtering for the trend shown in part (A);
@) Result of double filtering for the trend shown

in part (B); (E) Result of double

filtering for the variation of "Purge Rate" flow rate when the trend starts 30 h before
occurring of fault Dl; (F) Result of double filtering when the input trend is the reflection
of "Purge Rate" shown in Part (E).
Figure 4.9 and 4.10 illustrate the pedonnances of forward and double filtering methods
respectively when the input signal is the variation of "Purge Rate" caused by fault D l .
The observations, as shown by these figures, verify that the double filtering method is

superior to the forward filtering technique if the steady state and dynamic behavior of a
variable are included in the input signal. Since the double filtering technique is adopted in
this work, Equation 4.1 must be solved twice; one for forward filtering and another for
backward filtering.
In Step 4, the selected principal components transform the input pattern into a new

and uncorrelated data space. The principal components, which are variables of the new
space, are calculated using PCA method given the matrix V(NC x 2=, NS) representing
the input training data space. The NS denotes the number of correlated sensors and NC is
the number of classes. To construct the? row of the matrix V, a trend ofthef' correlated
sensor is selected fiom each class of events, and then these patterns are appended
together. The harmonized pattems within a class of deterministic event differ only by the
presence of noise. Thus choosing any one of them, as a prototype for the class, does not
S e c t PCA final results considerably. However, a class of stochastic events can be
represented by different trends so that PCA outputs may change by selecting different
training patterns. In order to avoid discontinuity that may arise by attaching training

patterns of two different classes, the pattems should have started fkom and ended to the
same value. The b d p a s s filtering of patterns, i e . Step 2, is a useful technique to
achieve this requirement. In the proposed methodology, the eigenvectors of the
correlation matrix for the input data space, i.e. matrix V, serve as the principal
components. The principal components are ranked according to their importance and
reliability as a source of information. The most dominant principal components
discriminates the classes of events most efficiently. In other words, the separability
among the classes deteriorates as the rank of a principal component decreases. The
eigenvalues of the correlation matrix is normalized by Equation 4.9, and used as
reliability measures of new sensors.

In Step 5, the single-variate wavelet-based feature extractor (Akbaryan and Bishnoi
2000a; Chapter 3) determines the best set of features of an unlabeled trend for every new
variable. Two types of wavelet filters, LS and Classical Wavelet Filters (CWF), and two
types of information cost functions, Sum of Packet Elements (SOE) and Shannon's
Entropy (SHE), are employed in the feature extractor formulation. These four feature

extractors are abbreviated by LSFSOE, LSFSHE, CWFSOE and CWFSHE. The tree
induction methodology (Akbaryan and Bishnoi, 2000a; Chpater 3) is extended in this
chapter. The Direct Metric Tree Induction (DMTI) technique is used to modify an
existing tree when new training data is introduced to the tree. The decision tree for the j"
new sensor results in a probability distribution vector P = {

1

.

~ j ,e
, = I,. . ,NC

) and a

certainty distribution vector Cj = { Cj , , 1 c = 1,. ..,NC ) calculated by Equation 4.4 and

4.7 respectively. The consensus theory-based methods simply use the distribution matrix

I

NS), combine columns of each row and result in a final probability

P = {pi j = 1,. ..,

1

distribution vector 'P = (P,F e = I,. ..,NC) . The e'

element of

shows the

probability that the input pattem belongs to the c* class. In order to use the evidence
theory for fusing classification results of new sensors, the probability mass functions
must be determined first, however, the decision trees only output the certainty factor for
each class. If the classes of events are considered independent form each other, ie. nonoverlapping classes, the belief and plausibility that an unlabeled pattern belongs to the c"
class will be computed as:
NC

PZsj,= = I - C C j , k l

, with { ~ m + n C,
l

nc,,,

However, for overlapping classes, the calculation of m ,, wouId be more complicated
than.the above equation. In this case, the plausibility of each class depends on not only
the probability mass h c t i o n , rnj,, ,of the cthclass but also the probability mass functions
of the crhclass intersection with the other classes. This situation affects the final result of
multi-sensor fusion algorithm and causes significant increase in the computation time. In
this work; therefore, it is assumed that the classes of events are clearly separated from
each other in order to simplify the calcdation procedure and decrease the computation
time. When the system condition exists within the boundaries of more than one class of

events, such as multiple fault diagnosis, the decision rule is expected to score these
classes equally. This implies that the intersection of the classes is the best region to locate

the event. It is noted that even after these simplifications, the evidence theory-based

method demands much more computation time than the consensus theory-based
techniques. The sensor reliability measures are incorporated into the evidence theory
formulation according to the approach discussed in Chapter 2. Mantaras (1990) pointed
out to the sensitivity of the evidence theory-based formulation to some special cases that

may occur in fault diagnosis problems. Consider the situation where a set 0 contains three
mutually exclusive classes of events so that 0 = (C1, C2, C3), and the mass probabilities

of the classes are given by two separate sources;

The evidence theory simply defines the combined mass probabilities of these three
classes by:

When the value x is small, the evidence theory rules that the second class has the
probability of one, although both of the data sources agree on the unlikeness of this class.
This problem is considered as a major shortcoming for the evidence theory technique.
This probIem could be avoided simply by assigning a small probability Sto the set 0 :

The evidence theory results in:

In this work, if the term 1-

NC

C j , , S 8 , where parameter

E represents the

tolerance, the

m(0) will increases by a small amount 6,and the mass probability of the most probable
class is reduced by S consequently.
4.7 CASE STUDIES
To present the efficacy of the proposed methodology for fault diagnosis of multivariate

systems, three different case studies are studied in this section. The Tennessee Eastman
Process (TEP) is considered in all the case studies. The training and test data set are
simulated by using the TEP simulator of Downs and Vogel(l993). The length of patterns

in the training and test set is selected as 256; 100 observations are simulated for each
class of events for training the proposed methodology.
4.7.1

CASE I

In this case study, seven deterministic step-type faults, as listed in Table 4.2, disturb the
steady-state condition of the TEP individually. These faults are caused by set point
changes of the corresponding variables. The fault D4 results in changing of not only the
reactor feed flow rate but also the flow rate of cooling water used in the condenser. The
magnitude of all the faults, except the fault D4, could be either positive or negative,
whereas the magnitude of the 0 4 is always negative. Therefore, thirteen different faults
are considered in this case study. The simulation of the TEP is carried out for 60 h, and
fault(s) occurs when 30 h is sampled for each measured and manipulated variable.
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Table 4.2: Selected faults, in the TEP,used for examining the proposed methodology.

Thuty manipulated and measured variables are utilized in order to have enough

resolution about system behavior. These variables, listed in Table 3. I, are accompanied
by noise with different intensity. The variations of the 16 measured and manipulated

variables, caused by any one of the faults in Table 4.2, are shown in Appendix A. The
noise amplitude for each variable varies by type and magnitude of the fault. By
decreasing the absolute magnitude of a fault, the main features of signals would be
masked more by noise. The band-pass Butterworth filter is employed to suppress noise
and step-like trends of the patterns. Waving harmonized the patterns, PCA transforms the
redundant Wonnation space into a new uncorrelated space. It is found that 95% of the
variation in the data set could be captured by 17 new principal components. Table 4.3
lists the normalized eigenvalues associated with the selected new variables.

Table 4.3: Normalized scores of selected new variables.
Figure 4.1 1 illustrates the trends of some uncorrelated variables when the first fault D l
with magnitude of 0.6 occurs in the TEP. The leading new variables, i.e. varl and va.3,

show smooth deterministic trends in which the fault occurrence is clearly detectable.
However, less important new variables, i e . var6, var9 and varl2, exhibit noisy patterns
so that the fault effect is masked significantly by noise. This observation complies with
the fact that PCA method transfers noise to the less important new coordinates.

Time (hr)

Figure 4.1 1: Trends of five new variables when the fault D l occurs in the TEP.

Thirteen classes of system behavior resulting fiom the thirteen single faults are
studied in this case study. Table 4.4 shows identification of these classes along with the
type and positive or negative sign of faults.
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Table 4.4: Definition of thirteen classes ofthe TEP behavior.
A class resulting fiom a fault with a positive sign is represented with "+" sign. For

example, class C2- results fiom fauIt D2 with a negative magnitude. To simulate the
training patterns for 13 classes of faults, magnitude of their corresponding faults are
selected according to Table 4.5.

Table 4.5: Magnitude of single faults in 13 classes of faults
The four feature extraction methods are utilized for each new variable. The
parameters for the LS-based wavelet filters, i.e. N and

n,are selected as 4 and 4. The

configuration of the most discriminant pattern windows would be different for each new
variable. Moreover it changes by the type of fe'ature extractor method. The configurations

of the DWPT for the second new variable, for instance, are presented in Figure 4.12.
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Figure 4.12: The structures of four DWPTs resulting from the four feature extractors.
The gray rectangles are the best packets within each selected window. The PCA method

is able to transform the selected features, i.e. wavelet packet coordinates, into a new set

of features. The number of new features varies with the type of wavelet filters and the
information cost function used in the feature extractor method. For the fust new variable,
the LSFSOE feature extractor results in 7 new features; while the LSFSHE methods is

found to describe the feature space by 25 variables. If the CWFSOE and CWFSHE
techniques are used for extracting features, the new space for the first new sensor will be
described by 20 and 21 coordinates respectively. The fairly low number of features for

the fist new sensor illustrates that the true features are easily detectable. However, less
important new system variables require more features for describing the known classes of
events. For instance, the LSFSOE extracts 17 and 33 features in order to characterize the

3rd and 6" new system variable. Size of a decision tree depends on the efficacy of the
feature space for separating different system events. The first new system variable is the
most reliable source of information so that its decision tree will have the lowest number
of decision nodes. The more irrelevant information is introduced by a sensor, the more
decision nodes are required to separate different classes of events. Therefore, the decision
trees of the less important new variables contain more nodes than those of the leading
sensors. Figure 4.13 and Table 4.6 illustrates the structure of the decision tree related to
the first new sensor when the LSFSOE feature extractor provides the instances for the
tree. By using the LSFSOE feature extractor, the decision trees of the 3", 6tll,9th and 12&

new sensors have 29, 465, 581 and 593 decision nodes respectively. The first decision
tree, when the LSFSHE, CWFSOE and CWFSHE methods are used, has 25,45 and 35
nodes respectively. Table 4.6 shows that the decision tree uses mostly the first and the
second attributes, i.e. extracted features, as the best attributes for the decision nodes.

Figure 4.14 (A) illustrates the distributions of these attributes within the thirteen classes
of events, when all of the training instances are used.

Figure 4.13: Structure of the first tree for the first new variable when LSFSOE feature
extractor is used.

Table 4.6: Selected attributes and distribution of classes for pruned decision tree shown in
Figure 4.13.
Each class is clearly separated fkom the other so that uncertainty of classification will be
negligible. Figure 4.14 (B) shows the distribution of the first and second features,
resulting fiom the LSFSHE method, in the 13 classes of events given by the first new
variable It is noted that the LSFSHE feature extractor is able to achieve similar
distributions for the fust and second attribute as the LSFSOE method does. The same
number of nodes for the LSFSOE-based decision tree and the LSFSHE-based tree, used
for the first new variable, verifies this observation. The CWFSOE-based decision tree for

the fust new variable uses the first three features mostly to establish the class boundaries.

Figure 4.14: Distribution of two leading features in the 13 classes of events if (A)

LSFSOE is used to separate the features. (B) LSFSHE feature extractor is used.

Figure 4.14: (C)Distribution of two leading features in the 13 class of events if CWFSHE
is used to separate the features. (D)Distribution of 2ndand 3rd features if CWFSHE
feature extractor is used.

In spite of Figure 4.14(A) and 4.14(B), the distributions of these features, in Figure

4.14(C) and 4.14@), for each class are not isolated completely so that the tree requires
more decision nodes to separate the classes. The same situations are also noted for
features distributions when the CWFSHE feature extractor is applied to find the most
discriminant features.
As test patterns, 25 signals of the same length as the training patterns are simulated
for each test set. Each test pattern depicts the occurrence of a single fault. Table 4.7
illustrates the type and magnitude of fault for 53 test sets.

Table 4.7: Selected magnitudes of single faults for simulating test cases in Case 1.
Figure 4.15, 4.16, 4.17, 4.1 8, 4.19 and 4.20 show the misclassification resuits
obtained fiom any of decision trees constructed for the 1: 2"d,3rd,6m, 9'"and 12' new
sensor respectively. It is observed that the number of misclassified patterns is related
directly to the importance, i.e. score, of the corresponding new sensor. The decision tree

2
'
of the first new sensor, for instance, performs much better than that of the 1

new

sensor. It is a noteworthy observation that the tree of the 2ndnew sensor outperforms the
1" new sensor in test set #21. Thus it is preferred to take into account classification

results of dl the new sensors in the final classification outputs. Having obtained the

classification results fiom the decision tree of each new sensor, the consensus theory or
evidence theory are employed to provide the final classification results. The influence of
each decision tree on the final output changes by the reliability score of the corresponding
sensor. Thus the decision tree for the first new sensor has the most dominant effect on the
final results. Figure 4.21 and 4.22 present the performance of the LIOP and GDF multisensor data firsion method respectively when anyone of 53 test sets are examined. The
number of misclassified patterns for each test set is shown in these figures. Although the

LSFSIKE-, CWFSOE- and CWFSHE-based pattern classification methods show
satisfactory performances, the LSFSOE-based approach reveals better performances than
the other classification methods. It is noted that the computation time for the LS-based
fault diagnosis techniques is much less than that of the D l 0-based diagnosis. Figure 4.23
illustrates the results of fault classification when the evidence theory is used for
combining multi-variable information. The accuracy of the outputs is as satisfactory as
that of the consensus theory-based techniques. The LSFSOE-based pattern classification
method shows again better performance than the other methods. Using a Pentium II@466

MHz processor, it is found that the required time for diagnosis of all 53 test sets, based on
any of new sensors, is 55 min when any of LS-based feature extractors is used. However,
the computation time when any of D10-based feature extractors is employed, is found to
be 170 min. Thus fault diagnosis technique based on LS filters is almost three times faster
than that based on D 10 wavelet filters. This fact is also found in the training phase.

The noteworthy deficiency of the evidence theory is the required processing time,
which is significantly larger than those of the LIOP- and GDF-based approaches. To
determine a value for Equation 2.84, (NC + 1)

intersections between any pair of classes

must be computed. For this case study, 14" intersections must be computed; which is
computationally prohibitive. Using a Pentium 11" 466 MHz processor, the required time
is 3 h when the first six leading new sensors are used to classify any of the 53 test sets.
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Figure 4. IS: Fault Diagnosis results, shown by No. of Misclassified Patterns (MCP), for
53 test sets based on the 1" new sensor trends and (A) LSFSOE; (B) LSFSHE; ( C )

CWFSOE; (D)CWFSHE feature extractors.
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Figure 4.16: Fault Diagnosis results, shown by No. of Misclassified Patterns (MCP), for
53 test sets based on the 2"* new sensor trends and (A) LSFSOE; (B)LSFSHE; (C)

CWFSOE;(D) CWFSHE feature extractors.
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Figure 4.17:Fault Diagnosis results, shown by No. of Misclassified Patterns (MCP),for
53 test sets based on the 3" new sensor trends and (A) LSFSOE; (B) LSFSHE; (C)

CWFSOE; (D) CWFSHE feature extractors.
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Figure 4.18:Fault Diagnosis results, shown by No. of Misclassified Patterns (MCP),for

53 test sets based on the 6'h new sensor trends and (A) LSFSOE; (B) LSFSHE; (C)

CWFSOE;(D) CWFSHE feature extractors.

i

,

- ( r ) V ) ( s U 2 r

~

~

g

~h l ~
(
N N

r

)

"

~

~

g

g

g

~

g

Test Set

Figure 4.19:Fault Diagnosis results, shown by No. of Misclassified Patterns (MCP), for

53 test sets based on the gh new sensor trends and (A) LSFSOE; (B) LSFSHE; (C)

CWFSOE;(D)CWFSHE feature extractors.
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Figure 4.20: Fault Diagnosis results, shown by No. of Misclassified Patterns (MCP),for
53 test sets based on the 1 2 new
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CWFSOE;(D) CWFSHE feature extractors.
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Figure 4.21 : Fault Diagnosis results, shown by No. of Misclassified Patterns (MCP),for
53 test sets based on the LIOP data hsion method and (A) LSFSOE; (B)LSFSHE;(C)

CWFSOE;(D)CWFSHE feature extractors.
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Figure 4.22: Fault Diagnosis results, shown by No. of Misclassified Patterns (MCP),

based on the GDF data fusion method and (A) LSFSOE; (B)LSFSHE; (C)CWFSOE;

(D)CWFSHE feature extractors.
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Figure 4.23: Fault Diagnosis results, shown by No. o f Misclassified Patterns (MCP),

based on the evidence theory and (A) LSFSOE; (B) LSFSHE; (C) CWFSOE; (D)

CWFSHE feature extractors.
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4.7.2

CASE 2

This case study aims to demonstrate ability of the proposed methodology for diagnosing
of simultaneous deterministic faults. Since the measured variables are affected by a group
of faults, the resulting trends may be quite different from those caused by each fault
separately. To have a robust multiple faults classification technique, the training sets
should have had a wealth of information about the system behavior caused by different
sets of faults. This goal is hard to achieve because every combination of faults, based on
fault magnitudes and/or types, results in a different system behavior. This case study

selects four deterministic fauIts as they are noted by D1, D2, D3 and D4 in Table 4.2. The
magnitudes of the D l , D2 and D3 could be positive or negative, whereas the magnitude of
the 04 is always negative. Therefore, seven different single faults are considered in this
case study.
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Table 4.8: Definition of seven classes of the TEP behavior
Seven classes of system behavior resulting fonn the seven single faults are considered in
this case study. The notation of these classes along with the type and sign of the

corresponding fault are illustrated in Table 4.8 To simulate the training patterns,
magnitude of the faults, corresponding to classes Cl+, C2+, C3+,Cl-, C2-, C3- and C4are 0.5, 0.5, 0.5, -0.2, -0.2, -0.2 and -0.1 respectively. Both LS parameters, i.e. Nand ]J,
are equal to 4. The band-pass Butterworth filter is employed to remove noise and step-

like trends of the input patterns. Having standardized the output patterns, PCA transforms
the correlated information space into a new uncorrelated space. It is found that 16
principal components catch 95% of the variation in the training data set. Table 4.9 lists
the normalized eigenvectors associated with the seIected new variables. The new
variables with low reliability scores present more irrelevant information in their output
data streams.

Table 4.9: Normalized scores of selected new variables.
The four feature extractors are used for multiple fault diagnosis based on the trends of
16 new variables. For the first new variable, the dimension of features spaces defined by

LSFSOE-, LSFSHE-, CWFSOE- and CWFSHE-based feature extraction methods is
found to be 19, 37, 25 and 20 respectively. Figures 4.24 (A) and 4.24 (B) illustrate the
distributions of the first two leading features for each clus of events if the LSFSOE and

CWFSOE feature extractors are used respectively. These features are mostly used to
construct the corresponding decision trees. Based on the values of the first two leading
features, the CWFSOE feature extractor, as seen in these figures, separates the seven
classes better than the LSFSOE method. However, the LSFSOE-based decision tree uses

the 5' leading feature to resolve this problem. The LSFSOE-based decision tree consists
of 13 nodes; and the CWFSOE-based tree has 17 decision nodes.
Table 4.10 illustrates test sets when multiple faults with different magnitudes occur in
the TEP. In this table, the magnitudes and types of contributing faults are shown for 16

test sets. Each test set contains 15 fadty patterns.

Table 4.1 0: Magnitude and type of faults occurring simultaneously in Case study 2.

Figure 4.24; (A) Distributions of the first two features calculated by LSFSOE method;

(B) Distributions of the first two features calculated by CWFSOE method.

It is desired that a fault diagnosis method not only identifies types of faults correctly, but
also ranks them based on their importance (magnitudes). Table 4.1 1 illustrates the results
of fault diagnosis if the LIOP approach is employed for multi-sensor data h i o n
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15 (C?+, C2+)
15 ( C l +, C2+)
15 (Cl+, C3+)
15 (C3+,C2+)

Fail
15(ClsC2-)
15(C2-)
lS(C1-,C3-)
lS(C1-,C3-)
15 (C3-)
Fail
Fail
15 (C3+)
Fai 1
Fail
FaiI

I-

CWFSOE -

15 (el+,C2+)
14 ( C l +, C2+)

Fail
15 (C3+)
Fail
15(C1-,C2-)
lO(C1-,C2-)
14(C3-,C1-)
14(Cl-)
14 (C3-)

Fail
15 (C3+)
13 (C3+)
15 (C4-)
15 (C4-)
15 (C4-)

CWFSHE 15 (C?+,C2+)
Fail
12 (Cl+, C3+)
14 (C2+, C3+)
13 (CZ-, C?-)
14(Cl-,C2-)
15(C2-,Cl-)
13(Cl-,C3-)
15 (Cl-)
15 (C2? C3-)
15 (C2-)
15 (C3+)
15 (C3+,C2-)
15 (C4-)
Fail
11 (C4-)

C3+, C2+)

Table 4.1 1: Results of multiple fault diagnosis, shown by the number of correctly
classified patterns, using four feature extraction methods. The most probable classes of

events are shown within brackets.
If there is more than one class as the cause for faulty behavior, the classes are sorted from
left to right according to their importance. For some test sets, the methodology fails to
propose a unique diagnosis. These cases are shown by "Fail" in Table 4.1 1. The table
shows that the LSFSOE-based fault diagnosis method performs much better than do the
other diagnosis methods. For all of the test sets, this method is able to find at least one of
the contributing faults. Moreover, it ranks the faults based on their magnitudes correctly
for mast of the cases. The performances of other diagnosis technique are also acceptable
since in most cases they propose the desired combination of faults for the system.

4.7.3 CASE 3
Two stochastic faults, which are listed in Table 4.12, disturb the steady state conditions

of the TEP.
Fault-DD
Stocl
Stoc2

,

.Dqxjgtion
, . ..
. .
Random variation of composition in Stream 4.
Random variation of reactor cooling water inlet temperature.

*:

Table 4.12: Description of two stochastic faults used in Case 3.
Kassidas (1998) used the Stocl and slow drift in reaction kinetics as stochastic faults for
presenting the performance of his statistid-based fault diagnosis method. The simulated
patterns, when the latter fault is assumed, are structurally similar to those produced by
Stoc2 fault. In his model, the autocorrelation and crosscorrelation coefficients of a

pattem are considered as the extracted features. A similarity assessment scheme, based on
the dynarnic time warping technique, is the feature classifier. This approach assumes that
(1) a stochastic fault results in a consistent correlation pattern in the process variables; (2)

patterns in a class of stochastic event show similar conelation pattern. Since the validity
of these assumptions are questionable for the TEP, this method fails to provide
satisfactory diagnosis results for the TEP (Kassidas, 1998).
Two classes of system behavior, noted by C1 and C2, are resulting from the Stocl
and Stoc2 respectively. The magnitudes of the faults are considered to be always
positive. The variations of the 16 measured and manipulated variables, caused by either
of the faults in Table 4.12, are shown in Appendix A. To simulate the training pattern,
magnitudes of the faults Stocl and Stoc2 are equal to 1.0 and 1-0.The operating time for
simulating the input patterns is 60 h. The stochastic fault occurs after sampling 30 h of
steady state condition. The LS parameters, N and fl, are equal to 4. In this case study, two
examples are investigated. In Example 3.1, the feature extractor and classifier for a
variable are trained based on 100 noisy training patterns for each class of event. Example
3.2 constructs the feature extractor and classifier of a variable by 20 noisy training

patterns for each class. Then the feature classifier is restructured by 30 new training
patterns for each class. As the test patterns, 50 signals are simulated for each test set.

Table 4.13 illustrates the type and magnitude of fault for 10 test sets used in the Example
3.1 and 3.2. The training and test sets are corrupted by noise whose intensity varies by

type of the fault and measured process variable.

Table 4.13 : Specification of 10 test sets for Example 3.1 and 3.2.
4.7.3.1 Example 3.1
The noisy input patterns are passed through the second order Butterworth filter in order to

decrease noise intensity and filter ramp-like trends. Then the output patterns for each
class are scaled to unit variance and zero mean. Fourteen uncorrelated variables capture
95% of total variation for the training data set. The reliability scores of these new
variables, i. e. their normaIized eigenvalues A, are listed in Table 4.14.

var2 . . . .var3
4kZ5:
Variable ID
Ivarl
yar4
0.034 '
0.045 10.039
0.078
0.090
0.012
Vmiat,leSwte,A 10.384
. .
-vqll
VdableD.
: Ivais7.' vsr9 ::'va?l@
'V&~Z~~.~Y~U.~.--..=V
0.0 10
0.014
0.0192 0.015
0.02 1
Vdabte Score, K 1 0.030 0.025

Table 4.14: Normalized scores of selected new variables in Example 3.1.
The four feature extractors explore the fea&e space to find the best set of discriminant
features. The number of selected features varies with the type of feature extractor. For
example, it is found that the stochastic trends of the first new variable are described by
46,45, 37 and 41 features if

LSFSOE,LSFSHE, CWFSOE and CWFSHE methods are

used respectively. Figure 4.25 illustrates the configurations of DWPTs obtained by the
four feature extractor methods.
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Figure 4.25: Configuration of D W T s obtained by the four feature extractors.
The LS-based feature extractors, i.e. LSFSOE and LSFSHHE, choose the same
configurations for the DWPT, which comprise of two disjoint windows. The CWFSOE
method selects the entire length of data as the most informative window, whereas the
CWFSHE splits the pattern into four separate windows. Figure 4.26(A), 4.26(B), 4.26(C)

and 4.26(D) illustrate the distributions of the first two leading features, obtained by the
four feature extractors, within the two classes of stochastic events.
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Figun 4.26: Distribution of first two features within two class of faults when: (A)

LSFSOE is used ;(B)LSFSHE is used; (C) CWFSOE is used; (D) CWFSHE is used.

I,

These features (Feature 1, Feature2) account for (.12.5%, 10.5%), (12.6%, 11.3%), (48%,

3.6%) and (24%, 12.5%) of the total variation if LSFSOE, LSFSHE, CWFSOE and
CWFSHE methods are used respectively. Contrary to the deterministic fault diagnosis
problems, even the first two leading features are not quite separated; and that may cause
poor performance for the features classifier

Figure 4.27 and Table 4.15 present the structure and node specification of the pruned
LSFSHE-baked decision tree. Since classes of faults cannot be separated completely, the

tree tenxljnal nodes are not pure.

Figure 4.27: Structure of pruned tree if LSFSHE feature extractor provides the input data.
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Table 4.15: Selected attributes and distribution of classes for the tree shown in Figure
4.27.

Having established a decision tree for each new system variable, the test sets are
introduced to the proposed pattern classification algorithm. According to the
specifications of the selected wavelet coordinates for each new variable, the features are
extracted and classified into one of two classes. The LIOP,GDF and evidence theory are
employed in order to combine the classification results of each uncorrelated variable.
Figure 4.28 illustrates the results of applying these methods.

The LS-based classification methods, i.e. LSFSOE and LSFSHE, show better overall
performance than the CWF-based approaches especially for the last five test sets where
the Stoc2 is the source of the faulty behavior. The consensus theory-based methods give
more favorable results with LSFSHE method than with LSFSOE technique. The evidence
theory, however, results in improved performance of the LSFSOE approach. The CWFbased methods, coupled with the evidence theory, show better performance than the
CWF-based methods coupled the consensus theory-based techniques

Test Set

ILSFSOE

OLSFSHE

MCWFSOE

BCWFSHE

Figure 4.28: CIassification results, shown by No. of Misclassified Patterns (MCP), for 10
test sets of single stochastic faults if (A) LIOP is used; (B) GDF is used; (C) evidence
theory is used.

Example 3.2
Two stochastic patterns may have different structures so that use of a wealth of training

4.7-3.2

patterns ensures a reliable and efficient pattern classifier for the deterministic fault
diagnosis problems. For some cases, however, the history of system cannot provide
enough information to train a pattern classifier efficiently. This example simulates a
scenario in which the number of initial training patterns is limited to 20 observations for
each class of events. Having constructed the feature extractor and classifier, they are used
for fault diagnosis purposes. Since more training data can be collected as the process
operation continues, the fault diagnosis technique could benefit fiorn the new data.
Because the proposed binary tree classifier can implement the IT1 or DMTI methodology
to partition the information space, the new training data can be incorporated in the tree
structure. The feature extractor lacks the ability to be updated dynamically. A new setting
for the extractor has to be obtained based on all the accumulated data. In this example,
only the decision tree for each variable is updated, whereas the feature extractors are
those constructed with the initial training data set. The number of uncorrelated variables
and their normalized scores are the same as those defined in previous example. The
distributions of the first two features for the classes of events are shown in Figure 4.29.
Comparing Figure 4.29 with Figure 4.26 indicates that the extracted features, based on
the 20 training patterns, are not scattered enough in Figure 4.29 over the classes regions.
By using the first set of training patterns, the decision trees for the new uncorrelated
variables are constructed. For the first new variable, the pruned decision tree is found to
have 5, 5, 9 and 5 nodes, if LSFSOE, LSFSHE, CWFSOE and CWFSHE feature
extractors are employed. Since the features space is not complete, a few partitions, i.e.
decision nodes, could cover dl the information space.

LA

B

Feature 1

Feature 1

I

Feature 1

D

Feature 1

XCI

OC2

Figure 4.29: Distribution of first two features within two classes of stochastic events
when: (A) LSFSOE is used ;@) LSFSHE is used; (C) CWFSOE is used; (D) CWFSHE is

used.

Figure 4.30 and Table 4.16 illustrates the structure and specification of the CWFSHE-

based decision tree for the first new variable.

Figure 4.30: Structure of the decision tree when CWFSHE feature extractor is used.

Table 4.16: Selected attributes and distribution of classes for the tree shown in Figure
4.30.

Figure 4.3 1(A), 4.3 1(B)and 4.3 1(C) describes the performance of the proposed pattern
classifier when LIOP, GDF and evidence theory is used for multi-sensor data fusion
respectively. The misclassified patterns for the test sets related to the Stocl are lower

than those of the test sets for the Stoc2 fault. This fact indicates that the decision trees are
more in favor of the class C1 than the class C2. It is noted that the type of the feature
i erences
classifier has considerable effect on the final classification results. Also the d'ff

between the first and second five test sets will be more significant if the evidence theory
is employed for data fusion.

5

6

Test Set

/

C

ELSFSOE DLSFSHE mCWFSOE HCWFSHE

Figure 4.3 1 : Classification results, shown by No. of Misclassified Patterns (MCP),for 10
test sets of single stochastic faults when 20 observations are used for each class and if (A)

LIOP,(B) GDF, or (C) evidence theory is used for multi-source data fusion.

1

Consider that 30 new training observations. are collected during the plant operation.
Using the wavelet coordinates obtained from the initial training set, the best features of
-

these new patterns are extracted and fed into the decision trees constructed for each new
variable. By use of the DMTI methodology, each decision tree is restructured
dynamicdly so that new sets of decision nodes are obtained. By use of the DMTI
methodology, each decision tree is restructured dynamically so that a new set of decision
nodes are 'obtained. The MDL-based direct metric, Section 2.2.2.1, is used for selecting
the most informative attribute and its corresponding test at each decision node. The

decision tree is found to use for the first variable is found to have 13, 15, 11 and 9 nodes
if LSFSOE, LSFSHE, CWFSOE and CWFSHE feature extractors are used respectively.

Figure 4.32 and Table 4.17 shows the new configuration and nodes specifications of the
.

tree illustrated by Figure 4.30 and Table 4.16.

Figure 4.32: Structure of the pruned decision tree when the CWFSHE feature extraction
method is used.
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Table 4.17: Selected attributes and distribution of classes for the tree shown in Figure

Using the new decision trees, the results of fault classification for the 10 test sets based

on the LIOP, GDF and evidence theory methods are illustrated in Figure 4.33(A), 4.33(B)

and 4.33(C) respectively. It is noted that the difference in the number of Illisclassified
patterns beween the first and the second five test sets decreases because the decision
trees acquire more knowledge about the distribution of patterns in the two classes of
events. The peflormance of the CWFSHE-based fault classifier is better than that of the
other fault classifiers when the consensus theory-based methods are used for fusing the
multi-source classification results. When the evidence theory is used, i.e. Figure 4.33(C),
the performance of CWFSHE-based classifier is good although not the best compared to
the other methods. Although the feature extractors do not take into account the new

idonnation, the performance of the four fault classifiers improves for all the multi-source
data h i o n techniques. This observation verifies that the decision tree technique increases

the performance of a pattern classifier by discarding the worthless information.

5

6

Test Set

I

LSFSOE

CILSFSHE

ECWFSOE

aCWFSHE

Figure 4.33: Classification results, shown by No. of Misclassified Patterns (MCP),for 10

test sets of single stochastic faults when 20 observations are used for each class and if (A)

LIOP, (B) GDF, or (C) evidence theory is used for multi-source data fusion.

I

4.8 CONCLUSIONS
The proposed pattern recognition methodology succeeds satisfactorily to identify

source(s) of faulty behavior in a complex chemical plant. The input data set comprises of
noisy variations of process variables disturbed by deterministic or stochastic fault(s). The
method extracts the most valuable idormation at two consecutive steps. The measured
process variables, represented by sensors, are usually correlated to each other. Thus in the
first step, PCA discards redundant information by transforming the conelated sensors
into a set of new and uncorrelated sensors. The results show that PCA almost halves the
number of system variables. The number of output variables depends on the complexity
of input data space and noise intensity. Second, the most class discriminant features are
extracted by a wavelet packet-based technique. It is found that the number of extracted
features is much less than the dimension of data space. The feature extractor is able to
determine the best configuration of pattern windows so that the maximum resolution of
the system behavior could be achieved. The results of single fault diagnosis, based on any
of the four feature extractors, are within acceptable ranges. Moreover, it is noted that the
type of multi-sensor data ksion technique affects the final diagnosis results. Comparison

of the classification results based on the four different feature extraction algorithms
indicates that one could not reject a feature extraction method in favor of others.
However, the computation time of LS-based feature extraction methods is much less than
that of the Daubechies 10-based techniques. Inferences about multiple simultaneous faults
could be generated fiom only training data for single faults. The methodology is able to
find at least one of the contributing faults. The performance of the method depends on the

magnitude and type of the faults. Moreover, the technique of feature extraction affects the
diagnosis results. It is noted that the evidence theory-based method, even after some
simplifications, demands much more computation time than the consensus theory-based
techniques.

CHAPTER 5

CHAPTER 5

SMOOTH REPRESENATTION OF TRENDS BY A WAVELET-BASED
TECHNIQUE
5.1. ABSTRACT
A methodology is presented, to generate a smooth function for a set of discrete, finite

data. The objective function is expressed as the weighted summation of some waveletbased basis functions. The required wavelet filters are provided by a Lifting-Scheme
wavelet method. Using this technique, there is no need to assume a trend for the data
points beyond the boundaries. To determine the basis functions and the coefficients, the
. Wavelet Packet approach is coupled-withthe Lifting Scheme. The proposed technique is

fast, robust and easily understandable. Presence of noises in the data degrades the
performance of the function approximation algorithm. An iterative technique is
developed to remove the noisy elements from the data set. In each iteration, some parts of
the true data points are recovered so that a few passes obtain most of the true function. To
show the capability of the techniques some sets of data obtained from simulated and
laboratory experimental systems are investigated. A comparison with the classical
wavelet-based function approximation methods indicates that the proposed algorithm for
trend representation is significantly better. In addition, the proposed technique for trend
demising compares satisfactorily with a wavelet packet-based noise removal algorithm

and the Hamming FIR digital filter.
5.2. INTRODUCTION
In a chemical process, the temporal behaviors of measured variables may reflect the

contribution of several events (process faults, set point changing and sensor drifts)
throughout the plant. The frequency content and duration time are two main features by
which we could isolate each of these events. Representing the data stream by a smooth
h c t i o n , which preserves its detailed information, will be quite useful, for example, as
discussed below in the following cases.

For most process signals, it is likely to receive the noises along with the
original data. The noise is usually considered as an uncorrelated part of a signal.

Thus the proposed function must assign different terms for the noise and the true
patterns.
An efficient data mining technique is required because of the high volume of

collected data from a chemical process. The proposed method must preserve the
important elements of data streams while it disposes the less important parts. A
function whose terms correspond to different segments is one of the best
candidates. Bakshi and Stephanopoulos (1996), provide a thorough survey of the
available techniques for the data compression.

In fault diagnosis and process monitoring methods, the rich and diversified
training data set will be quite beneficiary for having a reliable decision-maker.

But in reality what we have is an incomplete history of the plant. Having a
function for a trend, we could generate similar pattems of different amplitudes
and frequencies. Englehart (1998) employed this approach to augment the data set

for classification of stochastic biomedical patterns.

Bakshi and Stephanopoulos (1993),present a single hidden layer neural-network whose
weighting factors and the activation fbnctions are provided by the functional
approximation theory. This network showed a reliable and powerful performance in fault
diagnosis problems.
From the theory of functional approximation it is well known that any dependant
variable could be approximated by a weighted sum of basis hctions. The type of basis
h c t i o n affects the number of coefficients and the approximation error. Function
approximation based on the wavelet theory explores the information space in time and
fiequency domain. Wavelet-based basis functions provide the minimum number of
coefficients and approximation error rate. Wavelet Packet approach is a wavelet-based
technique such that we could extract more information in the fiequency domain. The
wavelet filters, i. e. high-pass and low-pass filters, are the most important features in data
analysis by this theory.

Theoretically, the sample vector length must be infinite for the wavelet theory. But in
practice, we could have only a finite sample points. The discrete wavelet transform of
finite data samples usually distort the approximated trend close to boundaries because the
outside trend is unknown. To overcome this problem, different approaches are proposed.
One technique is to sample the data more than the length of sampling window.
Augmenting the data samples outside the limits is another technique. The approximated
function GI1 be usually distorted by this approach if the trend has a considerable low
fiequency segment. Although it cannot cover all the possible fiequency bands, special
boundary wavelet filters is another approach.
In the present work, we inloduce a technique, which uses the Lifting Scheme with
the WPT method in order to pass a smooth trend over a set of finite data. The method

enables us to find the function value at any arbitrary location within the boundaries. By
the Lifting Scheme, we have an opportunity to have the boundary filters so that any
assumption for the trend close to boundary is avoided. By using the Wavelet Packet
method, the smooth approximated h c t i o n follows the tl-end of the data more precisely.
For corrupted samples with noise, we adopt the Stein's Unbiased Risk Estimate (SURE)
approach (Donoho and Johnston, 1994) and Multi-Pass Denoising (MPD)of Woog

(1996), for signal denoising. Employing the classical wavelet filters, the SURE is a
reliable approach for noise removal. In this article, we propose a new algorithm in which

SURE is used together with the Lifling-Scheme filters.
The theory of function approximation and some known techniques are introduced
first. Ideas on how the multi-resolution approach analyzes a set of discrete data to
produce a function are discussed next. The proposed methodology for approximating a

trend, given a set of corrupted data, is described. To demonstrate the effectiveness of the
proposed algorithm, it is applied to raw experimental and simulated data. The efficiency

of the proposed scheme is compared with the classical wavelet-based approximation and
denoising methods.

5.3. FUNCTIONAL APPROXIMATION
The main objective in approximation is how to present a real function f (x) by an

approximating function F (x) with a fixed number of parameters, C. We are usually
concerned about two major problems (Rice, 1964). First is about the type of function F.

The selection of F is based on the experience and intuition and, practically, limited to
some known techniques. The second item is how to measure the "goodness of
approximation". To achieve this, the distance function p is employed to determine the
distance of an approximation from f (x). Usually these distance functions are derived
&om norms, and the minimization of the distance function is equivaIent to the
minimization of a norm. The approximation problem can be defined as finding a C*such
that
P

[ ~ ( c * , x )( ~~ )f ] s P[ ~

(41

(5.1)

( ~ , x ) , f

The approximating functions with localized behavior are preferred naturally. The
polynomials and trigonometric sums are such examples. These functions are usually
unable to pursue the sharp bends followed by a flat trend. Another class of function F
with greater degree of flexibility is rational hctions:

These functions catch the trends, which are difficult for the polynomials to follow. One of
the most interesting subjects is the linear approximation of functionf (x) (Wickerhauser,
1994). The rank-n approximation off ( x ) E L~is

1

Constants ci may be determined for each fixed n so that f - F

1

is minimized. This

approach is called Galerkin's method and the result is the orthogonal projection off+ F.

The constants c are the inner product of ciSn=<f;w.2, Yn=(Wsn:i=O, 1, ...,n-1 )is a group of

sumpling or analysis firnctions. The analysis fimction can be a dual set of synthesis
finctions,

i,n(X):

< Pi,n yj,. >= 6(i-j )
9

(5.4)

It is suggested to control both the analyzing and the synthesis functions. The former
affects the coefficient sequence, c, whereas the latter influences the properties of the
approximating function, F (x). The orthonormal synthesis functions can replace the
analysis functions, therefore, the constants c are evaluated by:
'1.n

='

f

9

Pi,n

>

(5.5)

The simplest way to approximate function f (x) is sampling at many but limited points,
{ F d ( x o ) ,f ( x l )...f ( x ~ - ).
~ )It is equivalent to use the Dirac mass function as the analysis

function vn= ( ~ ( x - x ~i=O,l
):

...n-l ). The choice for the function p ( x ) couId be based on

the piecewise polynomial method. The given interval is divided into several subintervals
by a set of points called knots, and function F is a polynomial with a specified degree

between knots. The first choice for the function p (x) is the characteristic function l i (x)
whose supporting interval is [xi, xi+l]. The f (x) is approximated by the f (xi) where xj is
the nearest point to the left of x. Another selection for the p (x) is a set of hat functions:

hi ( x ) =

The approximating function F (x) will be piecewise linear whereas for the frst case it is
piecewise constant. We can smooth up the hat function by using a higher order synthesis
function like the cubic spline function:

The spline functions are piecewise polynomial functions with n-1 continuous derivatives
at the knots where n is the polynomial degree (Rice, 1969). The splines may be expressed

generally as:

O=&

Ig,....<ek <Ck+,

A spline S (A, E,x) is a function which can be defined as:

where n( X ) is a polynomial with degree n and coefficients c , i= k+l, ..., k +n +l. The 6
represent the knotsn, which have major impact on the splines performances. The
representation of spline functions by Equation 5.9 is helpful for analysis but not for the
computations. Thus for computational purposes, the following forms are preferred:

Since small values for n are usually used (2, 3 or 5), Equation 5.10 is well-conditioned.
For odd values of n, we could use another matrix of coefficients:

It is noteworthy that the spline approximation with low values of n, is not very useful for
high accuracy approximation of mathematically defined problems. For very smooth

functions, the spline method is slower than the either polynomial or rational techniques.
Functions originated from the physical world, have major difference with mathematical
functions. Their behavior may change from a segment to the other, and also they may
have some discontinuity.. For moderate accuracy, the spline functions approximate the

trend better than the other techniques. The flexibility, linearity in parameters and
applicability in many problems, are the interesting properties for the spline functions.
As the synthesis function, the polynomial p l(x) = A? g0,1,.... can also be used in

Equation 5.3. These functions can be orthogonalized via the Gram-Schmidt algorithm.
The result is called the Legendre polynomials. The few first t e r m s of this polynomial are

l¶x,

-1+3x2 - 3 x + 5 x 2
2
'
2

¶

...

Based on the Weierstrass approximation theorem, we could approximate a function by a
trigonometric polynomial:

If the n increases toward infinity, the Equation 5.12 becomes the Fourier series. The
Fourier coefficients are determined as:

For a set of samples of functionf (x), the discrete Fourier iransfom is expressed by:

The set of coefficients c represent the fkequency distribution of h c t i o n f (x) with no

temporal resolution. This is useful if the f (x) has some stationary components like
sinusoids, but for transient functions, the Fourier transform is not an appropriate
technique. The Short-Time Fourier Transform (STFT) introduces time dependency to the
Fourier Transform (FT). The matrix of coefficients c is defined as:
Ck,m

= klf(k)g(k

- j)e -27r

imj / n

where g is a localized firnction for the finitely given samples. A very popular choice is
the Gaussian g. The functionf (x) is multiplied by the localized window function, g (x),

and the FT of thef (x) x g (x) is computed. The product is repeated for the translation of g
( x ) such as, g (x-xo), g (x-2xo), ... where xo is a reference point.

Functions approximation by using of wavelet or wavelet packet transforms is
considered as one of the most reliable and robust techniques by which the fiequency and

time domain information are caught quite satisfactorily. The theory of wavelet and
wavelet packet method are discussed in Chapter 2. Since the data sequence is finite, the
transformation of data close to boundaries would be a problem for approximating of a

trend. In Chapter 2, different techniques proposed for this issue are described in detail.
5.4. DENOXSING TECHNIQUES
In reality, the data received fiom a system is often contaminated by irrelevant

components called noises. Data denoising not only introduces a clear picture of the actual
trend but also improves the interpretation of data. Noise removal is a vast area,
comprising of many different techniques. Most of the noise removal tools, here referred

as digital filters, aim to rebuild the trend while the contributions of undesirable parts are
excluded.

One class of filters, termed asfiequency-selective filter, allows only certain fiequency
bands of input trend to pass through. Depending on which parts of frequencies are
removed, the structure of 'the filter would be different. For instance, a low pass filter
rectifies only the high frequency components of input data vector. The first parameter for
designing such filters is the cutoff fiequency, f,, which separates the undesired and

desired firequency bands from each other. This parameter is obtained via analysis of a
trend in the frequency domain that is known as power spectrum. It is a reliable technique
that reveals contribution of each part of the trend clearly. While the true narrow-band

signal is masked by the wide-band noise in time domain, they may be distinguished
completely by the amplitude and the span of their fiequencies. Although there are many
different techniques used for estimating the spectrum of a data vector, the Fourier
transform is the main building block for all of them. The simplest frequency-based digital
filtering technique, known as non-recursive filtering, convolves the input data, F (x), with
the filter's impulse response p=

{A,k=1 ...M). The output data vector, F ( o ) , is computed

One of the goals in designing such filters is to achieve the desired performance with

as few filter coefficients as possible. Since the number of filter coefficients must be finite,

this type of filter is usually referred as Finite lmpdse Response (FIR). The FT, STFT,
and Moving-Average method are commonly used for designing a FIR filter. By using the

FT method, the filter coefficients are obtained by:

The FT is seldom useful because Equation 5.17 would produce unlimited filter
coefficients. By using STFT approach, the infinite-length impulse response of FT is
truncated by multiplying the response with a finite-length window function. Thus, the
is given by
modified filter coefficients, pnWF,

where g (n) represents the window hction. There are several choices for the form of
window function, for instance, the Gaussian function, Kaiser function, and Hamming
functions. The Hamming window function is defined as:

(z)

g(n) = 0.54 + 0.46 cos
=0

-

- ~ < n l M

elsewhere

Although the FIR filter takes a considerable number of elements, i.e. between 10 and 150,
the filter is inherently stable. This means that the inaccuracies in filter coefficients do not
lead to instability of the output .vector. In addition, the FIR filter has ideal linear-phase
characteristic, which translates all the elements of the output by a constant value.
The second group of filtering techniques uses the feedback fiom one or more
previous output values (recursion) as well as the input values. Recursive filters are an
efficient way of achieving a long impulse response, without having to perform a long
convolution. They execute very rapidly, but have less performance and flexibility than
other digital filters. Recursive filters are also called Ininife Impulse Response (IIR)
filters, since their impulse responses are composed of decaying exponentials.

The performance of IIR filters is quite sensitive to the selection of coefficients for the
recursive terms. Designing of IIR filters could be accomplished by a variety of techniques

such as bilinear transformation of d o g filters, impulse invariant method, and frequency
sampling techniques. The well-known Butterworth, Chebyshev, and Elliptic digital filters

are derived by the first approach. The W filters generally exhibit a highly nonlinearphase distortion so that the output vector could be completely different fiom what it
should be. The filter designing approaches usually aim to build a filter that has a zero
phase distortion while its other properties remain intact. There is a simple trick in signal
processing; first the input data sequence is filtered in the forward direction, and then the
output is filtered again in reverse.
Incorporating the time scale as well as the frequency domain would be quite
advantageous if only the undesired parts of the data sequences could be eliminated. It is
observed that noise suppression based only on frequency information would not be
always reliable. There are instances, where parts of true trend exist in the high frequency

region, and they could be smoothed along with noise (Alsberg et. al., 1997; Bansal and
Bakshi, 1996). Thus blocking the bands beyond cutoff frequency could eliminate those
valuable parts of the trend too. In recent years, wavelet-based data denoising have been
considered as a very reliable technique for such problems. The WT-based denoising
methods attain near optimal solution, allow discontinuities and spatial variation in the
trend, and do not require apriori assumption about the trend's structure (Taswell, 1998).

When trend exhibits high spatial variation, the traditional filtering methods, such as
frequency-based filters, could not compete effectively with the wavelet-based methods
(Donoho, 1993). Applying the orthogonal wavelet filters on the noisy data at each scale
transfers the noise components into a set of coefficients whose absolute values are
smaIler than the rest of coefficients. While the wavelet'transfonn compresses the true

trend into a few wavelet coefficients, the white noise is dispersed over many wavelet
coefficients. By removing the "noisy" coefficients and reconstructing the data, the
smooth trend can be recovered from the original data. This is the fundamental property of
the wavelet-based data rectification methods. ConQary to linear filtering methods defined
by Equation 5.16 and 5.20, the wavelet-based denoising techniques shrink the wavelet
coefficients nonlinearly. The simplest approach is to set the coefficients to zero if their
absolute value is less than a predefined threshold. This is called Hard Thresholding
proposed by Donoho (1995). The Sop Thresholding is another method:

where t represents the threshold and a stands for the wavelet coefficients either d or c for

WT and d for WPT. To determine the threshold, several approaches have been proposed.
For WT, a threshold can be assigned either for all of the coefficients (Donoho and
Johnston, 1994a):

or for each scale separately:

where n is the length of data and grnis the noise variance at the mthscale.

The threshold for each scale could be defined adaptively using the SURE (Donoho and
Johnston, 1994b). This method introduces a threshold, t$, which minimizes the following
equation for the mth scale.

where n is the length of the wavelet coefficients at the mth scale. In the case of extreme
sparsity of wavelet coefficients, the SURE technique does not perform well. To avoid this
deficiency, the Hybrid Threshold is introduced

.

where qn=log3(n)'.' ,s z =~(x,?l )/n.

Using the WPT as a data analyzer, the denoising routine will be somehow different

(WPTSURE). A single threshold is assigned for all of the packets (Donoho, 1993)
t P = ,/210g, ( nlog2 ( n))

(5.27)

To apply the threshold for the packet tree, the set of best basis functions must be
established such that the loss of valuable coefficients is minimi7ed. SURE ( P, d,,J is a
suitable choice for the cost function of the packet of the mthscale and thef * fkequency.
Woog (1996), proposes MPD by which the coherent part of the original data is
recovered iteratively. The noisy data,

FP,
is projected into different scales by the WPT

and the best packets are chosen. The suggested cost function is given by Equation 2.32.
The coefficients of the packets are sorted into decreasing order of amplitude. A number
of coefficients are excluded by choosing a proper threshold. The reconstructed function,

Fl, likely has most of the coherent parts of the true trend. The remainder, FI~'@'=F$*'
Fl undergoes the second iteration so that another correlated segment, F2,comes out. The

procedure can go on for a number of steps, S, so that more details can be obtained.

During a step, the remainder, FY*, is given by:
FYV = ~

- F~

~ y i " ~

(5.28)

The recovered bction, F, is

The criteria to stop the loop and to cut the coefficients are the most important part of the
algorithm. Woog suggests using the Compression criterion, Equation 2.23, for
thresholding the corrupted coefficients. An internal is suggested for selecting the
threshold, as,

r

E 10.39 0.4 I[

When the remainder consists of the noises, most of the coefficients are excluded so that
the reconstructed signal is almost zero. At this stage, the denoising algorithm is
terminated.

PROPOSED METHODOLOGY

5.5.
5.5.1.

FUNCTION APPROXIMATION

Based on Equation 5.3, the approximation of a function is determined linearly. The
Lifting Scheme coupled with WPT (LSWPT) is proposed to determine the best basis
functions and the coefficients. The W T is selected because it gives much more
flexibility in the fiequency domain than the WT and STFT. In practice, the data
originated in the physical world consist of many fiequency bands and transients. For
limited samples, boundary filters are preferred to other techniques. The Lifting Scheme is
employed to provide, because of its advantages, the boundary high and low pass filters.
and the basis functions, Ymrk,
are the two sets of
The Wavelet Packet coefficients, b,,,,,,~,
unknowns in Equation 2.26 which must be calculated.

In order to have the coefficients, the binary wavelet packet tree must be constructed
according to Equation 3.2. The Lifting Scheme may impose two limitations for the
algorithm.

.

9 At each scale, the Lifting parameters must be calculated separately. Thus

the time demand of the whole algorithm is more than that of the methods,
which assume a trend for the samples beyond the limits. However the
difference for the computation times is not considerable.
9 For finite samples, the coarsest scale is calculated by Equation 3.3. The

smoothness of the approximating function F (x) is improved as the lifting
parameters increase whereas its localization degrades. This fact suggests
that the optimum values have to be set for these two parameters.
Having calculated the elements of Wavelet Packet Tree, Equations 2.27 and 2.28 are
employed to select the best informative packets.
Some of the wavelet coeficients have a negligible value so that the corresponding
terms in Equation 5.3 may be cancelled. By canceling these terms the computation time

and also the required memory decrease. The relative energy criterion, Equation 2.22, is
chosen to cut some of the less important coefficients from the set.
To determine the Wavelet Packet basis function, it is preferred to construct these

functions through the reconstruction equations. To have a basis function like YPJk,
a
packet tree ,whose root length is much more than that of the original tree, is constructed.
All the elements but the dpdk, which is one, are zero. To reconstruct a function, Ypdk,
the
following equations are used:

For limited samples, it has been recommended to scale down the samples to the
interval [O,I], which is also the support length for the Lifting-Scheme wavelet functions.

5.5.2. NOISE REMOVAL
To remove noises, the proposed algorithm (MPDSURE) adopts the MPD of Woog (1996)

and the SURE best basis selection of Donoho (1993). The framework of the technique is
shown in Figure 5.1. At the first step, the LSWPT is applied to the noisy data samples.
Equation 5.27 gives the threshold, and the best packets are selected by the SURE cost

function. Donoho (1993), suggest the hard thresholding for all the packets regardless of
their scales. By following this technique, it is observed that some of the valuable
components may be killed. Therefore, hard thresholding is applied only to packets, whose
scales are greater than a predefined scale, A. The reconstructed function, i.e. Equation
5.30, consists of most of the coherent parts of the true data. There is still a high chance

that some valuable parts of the function, located mostly in the high frequency bands, are
removed along with the noises.

Specify the N and R.
Define A.
Prepare the threshold

T .SWPT anslvsis

Best tree by SURE

Clalci~latethe remainder

A
Hard thresholding for
packets with scales > A

No

I

Reconstruct the trend
by Equation 5.30

Add up all the
reconstructed trends

Figure 5.1 : Flow diagram of the proposed MPDSURE denoising methodology.

As it is discussed in the MPD algorithm, the remainder is computed, and it undergoes
another iteration (goes back to the first step). The algorithm stops the thresholding when
the remainder function consists of noises mostly. In this case, the hard thresholding will
kill almost all of the elements so that the reconstructed function will be zero for all of the
sample points. For this method, the parameter A has a major role for the desirable results
as the cutoff frequency does in frequency-based filtering methods. Choosing the low
values for A leaves noises in the smoothed function, whereas high A increases the
computation time and drops some valuable parts. If the structure of trend is known, it will
be beneficiary to let the user to tune this parameter. The values of N and

R also have

impacts on the results.

5.6. CASE STUDIES
The advantages of the proposed method, the LSWPT, are illustrated by approximating a
number of dyadic samples of several trends. All of the trends are corrupted with noises,
which are Independent and Identically Distributed (i.i.d.) samples from N (0,l). The
WAVELAB" software (Buckheit et al., 1999) are used to apply the WPT for the given

examples so that the performance of the LS for approximating, is compared with the
classicai wavelet filters. Different wavelet filters are tested for some selected functions

and outputs are examined visually. Daubechies @lo) and S@et

(Sym8) are found to

be the best among the available filters in the WAVELAB library. The approximation is
perfonned for interval [0.01,0.95]. Having used different values of A, N, and

fl for

MPDSURE and LSWPT, the satisfactory results are obtained by the following values:

Unless it is mentioned in the following examples, the parameters for the MPDSURE and

LSWPT would be as above. Several models of low-pass frequency-based filters, which
are Butterworth filter, Chebyshev filter, "windowed-Kaiser" filter, and 'kindowedHamming" filter, are tested for the case studies. It is observed that the performances of all

these digital filters are almost similar. Hence the windowed-Hamming filter is selected to
compete with the MPDSURE for noise removal purposes. The power spectrum of data
sequences is computed by the Welch method that obtains spectral estimates more

reliably. The MATLAB@ Signal Processing Toolbox provides all the necessary
algorithms for the designing of the filter. The best values of design parameters of this
filter, i-e. window length and cutoff fkequency, are obtained by trial and error. To
compress the functions, Equation 2.22 is employed. The parameter

in Equation 2.22 is

set to 0.1 so that the approximated trend is compressed significantly. The Lifting Scheme
coupled with the Mallat's Wavelet Transform method (LSMWT) is also applied to an
example., Having fixed the frequency counter to one for the Equation 2.26, the basic
equations for the LSMWT are provided.

CASE 1
In a CSTR reactor, shown in Figure 5.2, a single irreversible exothermic reaction is
5.6.1.

taking place (Luyben 1990).

Figure 5.2: Schematic of a CSTR with two proportional controllers
The cooling water enters to the cooling jacket at a volumetric flow rate Fjo and the inlet
temperature Zjo. The temperature of water in jacket is assumed to be
volume of water

T, everywhere. The

5 remains constant during the operation The thermal resistance of the

jackets walls is assumed to be negligible. The reactor hold up, i e . reactor volume V, is
controlled by using a proportional controller, where the manipulated variable F is the
reactor outflow.

F = F.tv
- K , ~ ( V -- ~v~)

The reactor temperature T is also controlled by a PI controller (Chmg et. al., 1994),
where the manipulated variable is the inlet flow of water to the cooling jacket.

The governing equations, used in simulation o system, are the ordinary differential
equations, which could be solved by one of the available integration methods. In this
work, the Euler integration method is employed, and the time step size is selected to be

0-Olhr.Table 5.1 gives the values of constants used in the system governing equations.

dT. Fj(T,, -T,)

J=

dt

vj

+

UA,
(T- TI')
P jVjcj

Table 5.1: Specifications of the CSTR shown in Figure 5.2.

By applying a disturbance for an input parameter such as inlet concentration, temperature

and kinetic constants, the response of the system is simulated. Two examples are studied
in the following sub-sections. For the first example, the inlet concentration undergoes two
step changes at different times and the trend of outl-ct concentration is studied. In the
second example, the inlet temperahue follows a periodic step function, and the pattern of
the reactor temperature is investigated.

5.1.1.1. Example 1.1
At t = 0, CA0 is raised from 0.5 to 0.77 by a step change, and then increases to 0.80 at t =
90,112 min. The time of simulation,,,t

is 180,500 min. The profile of CAin the outlet

stream shows two oscillations initiated when the faults are introduced. The Signal to
Noise Ratio ( S M )is taken as 5.

SNR

+~ ( 0 , l )

where CAPWe represents the simulated noise-free CAat the outlet stream, and std( CAPure)
stands for the standard deviation. In Equation 5.34, the CApure is scaled with

SNR

'm)

and corrupted by white noises, N(0,l). In Figure 5.3(A), the ACT" = C,"@ - c

-

t-t,

'

is

~ l t = ~

plotted versus the scaled t h e which is t = -. The length of the data samples is 256.
tm,

Scaled Time

Figure 5.3. (A) The noisy profile of output concentration CA.
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Figure 5.3. Denoising of output concentration by using of (B) MPDSIURE. (C)the
WPTSURE and Hamming filter.
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Figure 5.3: Approximation of denoised CAby using of (D)the LSWPT. (E)the WPT and
classical wavelet filters

By two passes, the MPDSURE removes the noise quite satisfactorily. Comparing the
denoised pattern with the m e analytical trend, A C r M = C r r C- c,I,.

in Figure 5.3(B)

indicates a small error between them. The WPTSURE (Dl 0) recovers the trend by taking
128 equispaced samples. As it is shown in Figure 5.3(C) 'WPTSURE performs well for
removing the noises. In this figure, the output of the Hamming fiIter is also presented.

The length of filter (window's width) is 80, and the best cutoff fiequency is chosen as
201128. It is observed that some of the high fiequency features are smoothed along with
noise by this filtere.

LSWPT with the same parameters for the denoising step and 128

sample points approximates the denoised trend by the Equation 2.26. The Compression
Ratio, CR, is 256/128=2. By setting P = 0 l in Equation 2.22, the approximating function
could be compressed more by deleting further 63 of the 128 coefficients (CR= 3.93). The
true analytical trend is still approximated properly. Figure 5.3@)

illustrates the

approximated trends obtained by selecting two different compression ratios. The trends
match perfectly with the denoised pattern. Using the classical wavelet filters, Dl 0 and
Sym8, the WPT approximates the denoised trend sampled for 256 points as shown in
Figure 5.3(E). Although all of the wavelet coefficients are employed, the approximated
trends do not follow the true pattern.

5.6.1.2. Example 1.2
The reactor inlet temperature, To,changes by a periodically smooth step h c t i o n shown
in Figure 5.4(A). AccoTdingly, the reactor outlet temperature, T, is simulated by using the
differential equations provided by Equation 5.33. The simulation time, t,,
The deviation from nominal value for

std ( AT )

is 80,000 min.

TI

T, AT = T - ,, , is computed and scaled by

. The SNR is selected as 5 for this example. By adding the i.i.d. samples fiom

normal distribution N( 0,1), the corrupted AT is obtained .Figure 5.4(B) shows the trend

- t-t,,
of AT"*@' versus scaled time which is t = -. Taking 256 sample points, the
tm,

MPDSURE technique recovers the true signal via two passes. Figure 5.4(C) compares the
denoised trend with the simulated. The denoised pattern determined by the WPTSURE

(Dl 0) is depicted in Figure 5.4(D). The results of the Hamming filter are also presented

in this figure. The Hamming window spans 60 sample points, and the most convenient
cutoff frequency is determined as 20/128.Comparing these two figures show that all of
the denoising techniques catch most of the true simulated trend. The LSWPT, which uses

the Shannon cost h c t i o n and 128 equispaced sample points (CR = 256/128 = 2),
calculates the parameters of Equation 2.26. The trend can be compressed more by
deleting 89 coefficients, CR=6.56, by using -0.1

in Equation 2.22. Figure 5 - 4 0

depicts the approximation results for two values of CR. Although the theoretically
calculated CR= 6.56 gives acceptable results, the CR=2 approximated the trend better

than the CR= 6.56. Figure 5.4(F) shows the results of WPT, which uses the wavelet
filters Dl0 and Sym8. The number of data points is 256 and all the coeff~cientsare
retained. Although the results of Dl0 filter are much better than those of the Sym8 filter,
the LSWPT outperEorms the WPT significantly

-9
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Figure 5.4.(A)Variation of input stream temperature To. (B) The profile of output stream
temperature T.(C)Denoising of the trend by using of the MPDSURE method.

-Denoised pattern D10)
-Denoised att ternbv Harnmina

Q

Simulated true trend

Figure 5.4. (D) Denoising of the T trend by using the WPTSURE and Hamming filter.
Trend approximation by using (E) the LSWPT. (F) the WPT and classical wavelet filters.

5.6.2. CASE 2

A single pass horizontal multi-tube heat exchanger is shown in Figure 5.5. The cold water

enters from one side and exits fiom the other end. Superheated steam enters in the shell
side, passes once and exit from the bottom.

Figure 5.5 : Schematic of the single-pass horizontal multi-tube heat exchanger.

The cold water undergoes three step changes, which are 70%, 50% and 30% of the

maximum flow rate (0.3 07x 1v3m3/sec). The trend is shown by Figure 5.6(A). Because
of faulty operation, the steam valve is left open for a short time at the end of the
experiment. The operation time is t,, =45 min. In Figure 5.6(B),the pattern of shell side

temperature, where the hot water exits, is shown. The noises associated with the trend are
undefined. Figure 5.6(C) presents the performances of MPDSURE, WPTSURE, and

Hamming fiter for denoising the trend when the number of sample points is 256. The
Hamming window covers 80 sample points, and the best cutoff frequency is obtained as
271128. The MPDSURE removes most of the noises by two iterations quite satisfactorily,
whereas the WPDSURE and Hamming filter leave intact some of noises. However, since
high frequency data are not significant in this example, performances although different

are almost similar.
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Figure 5.6. (A) Variation of cooling water flow rate. (B) Profile of shell-side temperature.

(C) Denoising of the profile using the MPDSURE, WPTSURE and Hamming filter.
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Figure 5.6. Approximation of the denoised trend using (D)the LSWPT.(E) the WPT and
ordinary wavelet filters.
By choosing 128 sample points, CR=2, the denoised pattern is approximated by the

LSWPT method. Compression of the function without serious errors can be achieved

even by removing 25 of 128 coefficients, CR= 2.48, by employing Equation 2.22. Figure

5.6(D)represents the approximation results for the two compression ratios. Figure 5.6(E)
show the approximating pattern computed by WPT where the number of sample points is

256. The performance is too poor to match even part of the original trend. None of the
coefficients are removed fiom Equation 2.26.
5.6.2.2. Example 2.2
A double-pass vertical heat exchanger is depicted in figure below.

condensate

Hot water

Cold water

Figure 5.7: Schematic of the double-pass vertical multi-tube heat exchanger.

L= 1074 mm, # Tubes= 14, DShell(ID)
=82 mm, Dtube
(ID)= 4-74mrn
Similar to the previous heat exchanger, the superheated steam flows through the shell
side and cold water through the tube sides. The cold water flow rate changes by three step
changes as they are depicted in Figure 5.8(A). Figure 5.8(A) shows the variation of
temperature for cold water at the outlet stream. The number of sample points is 256 and
the denoising parameters are the same as in the previous example. The results of two
denoising methods, MPDSURE, WPTSURE, and Hamming filter are shown in Figure
5.8(B). The cutoff frequency for Hamming filter is set to 20/128,and the window length

is selected as 80 sample points. The

MPDSURE method recovers the signal by two

passes, and its result is better than that of the WPTSURE and Hamming filter. It can be
observed that the Hamming filter could not recover completely the high frequency
features at t = 0.86 and time interval C0.92 1.01.
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Figure 5.8. (A) Noisy profile of the cold water outlet. (B) Denoised trends by using the

MPDSURE,WPTSURE, and Hamming filter.

Figure 5.8. Approximating of the denoised trend by sing (C) the LSWPT method. (D) the

WPT and classical wavelet filters.
To approximate the trend by Equation 2.26, the LSWPT chooses 128 samples from the

original sample points, CR=2. Employing Equation 2.22, the computed trend can be more
compressed by removing further 54 coefficients, CR=3.46. The approximating functions
are shown in Figure 5.8(C). Using the wavelet filters, Dl0 and Sym8, the WPT fails to
approximate the trend properly. The results are depicted in Figure 5.8(D).

5.6.3. CASE 3
In this example (Donoho, 1993), first the ARMA(24,l) time series is generated having
spectrum with poles near unit circle. The log-periodograrn of the series is calculated and
normalized by the Wahba Variance-Stabilizing transform. The number of samples is 5 12.
The original noisy data is plotted in Figure 5.9(A), and the performances of MPDSURE
and Hamming filter are compared in Figure 5.9(B).
The plot of power spectrum for the noisy trend indicates that the true trend locates
mostly in a low frequency region located belowf,=O. 1. The Hamming window length is
equal to 80 sample points. After two passes, the MPDSURE technique is able to recover
most of the true signal as shown by Donoho (1993). Comparison of the MPDSURE result
with the desired output (Donoho, 1993) indicates the satisfactory performance of the

MPDSURE. As it is shown in Figure 5.9(B), the Hamming filter recovers most of the
actual trend, however, significant deviations fiom desired output are observed for [O
0.051 interval. The third plot in Figure 5.9@) illustrates the sensitivity of the Hamming
filter to the amount of smoothness represented by&. By choosingfc=0.08, the Hamming
filter produces a different result, where most of the spikes of the true trend are smoothed
partially. To approximate the trend, 128 equispaced points, CR= 512/128 = 4.0, are

chosen. Using 2.30 and P=O.
1, the approximated function could be more compressed by
deleting another 21 coefficients, CR4.78.Figure 5.9(C) shows the approximated trend
for the two compression ratios. Figure 5.90) shows the approximated trends by the WPT
method where the wavelet filters DIO and Sym8 are employed. The number of data
points is 256 and all the coefficients are used. The trend computed by Dl 0 is closer to the
true trend than that proposed by the Sym8 filter.

Figure 5.9. (A) Original noisy data of Log periodogram. (B) Smoothed log-periodogram
by using the M P D S U E and Hamming filter.

Figure 5.9: Approximation of the denoised trend by using (C)the LSWPT method. (D)
the WPT and ordinary wavelet filters.

CASE 4
To observe how the parameters of LSWPT, N and
5.6.4.

fi affect

the smoothness and

localization of the approximated trend, Function 5.35 is introduced.

F (x)= ln (?SJ;

Icos(30x2)I )

(5.35)

This function shows the sharp turning points. In Figure 5.1 0(A) the results of the LSWPT
and LSMWT are plotted along with the actual sample points. The parameters of Lifting
Scheme, N and

# are 4 and 4.

The number o f sample points is 128. Except for two

sample points, the first technique outperforms the second approach for catching the high
frequency components. To investigate the effect of LS parameters, in Figure 5.10(B) the
output of LSWPT and LSMWT for

=2 are plotted with the actual sample points. What

it is obvious fiom this figure is that the approximated function does not follow the actual

pattern smoothly and the output shows more spikes. Although the number of uncovered
samples is higher than Figure 5.10(A), the performance of the proposed technique,
LSWPT, is still better than the LSMWT.
LSWPT
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Figure 5.10. (A) Comparison the performance of LSWPT and LSNWT when N=4. (B)
Comparison the performance of LSWPT and LSMWT wh~en]5=2.

5.7. CONCLUSIONS
It is observed that the performance of the Lifting-Scheme with Wavelet-Packet is better

than that of Lifting-Scheme and the Mallat Wavelet Transform. Comparison of the

LSWPT and the WPT using the classical wavelet filters indicates the superiority of the
former for the approximation of functions. By removing the coefficients using a
tbresholding criterion, the approximating functions of LSWPT are found to follow the
true trend, whereas the output of WPT, even with two-fold number of coefficients, is
unable to catch the trend. The energy of a &end is a reliable criterion for compressing a
trend. Unless the function is periodic, the WPT-based approximated trend is completely
different fiom the real one.
The optimum choice for LSWPT parameters are N=4 and fl4. The Shannon entropy
cost function is the best criteria for selecting the best packets. The number of sample
points depends on the complexity of trend. It seems 128 is the minimum number of
sample points by which a trend is approximated fairly.
The MPDSURE is a reliable technique for removing noise. The threshold value is
determined by the number of sample points. The level A depends on the number of
sample points, the complexity of fhction and the iteration number. Although it is not a
perfect choice, A=5 removes most of the noise elements for all of the given examples. A
comparison of the MPDSURE with the WPTSURE and the Hamming-windowed filter
reveals better performance of the proposed method in removing noise.

CHAPTER 6

CHAPTER 6
CONCLUSIONS AND RECOMMENDATIONS
6.1. CONCLUSIONS
A single-variate fault diagnosis methodology, based on the pattern recognition principles,
is proposed in Chapter 3. The patterns are transient trends of process variables resulting
f?om disturbances in the system. The input data is corrupted by noise whose intensity
varies with the type of the variable and magnitude and type of the fault. The most classdiscriminant features are selected according to a proposed feature extraction technique.
By adopting the Linear Discriminant Basis

(LDB)method (Saito,

1994), the Double

Wavelet Packet Tree (DWPT)and the PCA method, the feature extractor determines the
most class-discriminant windows and the best features within each window. It is found
that using the classical wavelet filters requires considerable computation time, which is
not suitable for real-time dynamic fault diagnosis techniques. The Lifting Scheme (LS)
wavelet filters are used so that the required time decreases significantly without
degrading the robustness of the method. Two types of wavelet filters, LS and Classical
Wavelet Filters (CWF), and hyo types of information cost fimctions, Sum of Packet
Elements (SOE)and Shannon's Entropy (SHE), are employed in the feature extractor
formulation. These four feature extractors are abbreviated by LSFSOE, LSFSHE,

CWFSOE and CWFSHE. The feature classifier is a binary decision tree, based on the
Incremental Tree Induction (ITI) (Utgoff, 1997) principals, that employs a soft
thresholding scheme for recognition of noisy input pattern. The wavelet-based feature
extractor, PCA method and the soft tbresholding approach helps reduce noise effect on
the classification results. It is found that the type of variable and noise intensity affects
the accuracy of the diagnosis largely. The proposed technique is able to classify the noisy
input pattern into the known classes of events satisfactorily. Based on the diagnosis
results, it is found that one could not reject a feature extraction method in favor of others.
When multiple faults occur in a system, the technique is able to find at least one of the
contributing faults satisfactorily.

In Chapter 4, the single-variate fault diagnosis methodology, proposed in Chapter 3,
is extended for classifying the faulty behaviors of a multi-variate dynamic system. The
magnitudes of measured variables, disturbed by a deterministic fault, depends on the size

of fault. A fault with different magnitudes results in qualitatively similar but
quantitatively unlike trends for a measured variable. The proposed feature extractor relies
quantitatively on the input data; therefore, any size discrepancy amongst patterns within a

class of event(s) should be eliminated. This problem is resolved by scaling each system
variable so that it has a zero mean and unit variance. Existence of step- or ramp-type
trends hampers the efficiency of the scaling technique. A band-pass recursive filter is
designed to remove the step- or ramp-type trends as well as noise. It is found in the
present work that the wavelet-based high-pass filtering methods do not perform
satisfactorily. The PCA technique transforms the original, correlated and noisy
information space into a lower dimensional, uncorrelated and less noisy space. Principal
components are the uncorrelated and fictitious variables that characterize the new
information space. The single-variate pattern recognizer is used to classify the input
pattern based on the infomation provided by each new variable individually. Then the
classification results of new variables are integrated, based on the consensus theory-based
methods or evidence theory, in order to obtain the system behavior. The proposed
technique incorporates the reliability of each new variable into the final diagnosis result.
The eigenvalues, resulting from the PCA method, are normalized, and then used as
measures of reliability for the new variables. It is found that the proposed methodology
identifies satisfactorily source(s) of faulty behavior in a complex chemical plant. The
simulated input data, based on the simulator for the Tennessee-Eastman process,
comprises of noisy variations of process variables disturbed by deterministic or stochastic
fault(s). It is shown that the PCA discards redundant idormation by transforming the
correlated variables into the less reliable new variables. Based on the case studies, it is
found that the PCA almost halves the number of system variables. The number of output
variables depends on the complexity of input data space and noise intensity. It is also
noted that the number of extracted features is much less than the dimension of data space.
The results of single fault diagnosis, based on any of the four feature extractors, are

within acceptable ranges. Moreover, the type of multi-sensor data fusion technique is

found to affect the final diagnosis results. Comparison of the classification results based
on the four different feature extraction algorithms indicates that one could not reject a
feature extraction method in favor of others. The methodology is tested in a multiple fauh
diagnosis case study. It is found that the method is able to fmd at least one of the
contributing faults. The performance of the method depends on the magnitude and type of
the faults. Moreover, the type of feature extraction technique affects the diagnosis results.
Inferences about multiple simultaneous fauIts could be generated fiom only training data
for single faults. It is noted that the evidence theory-based method, even after some
simplifications, demands much more computation time than the consensus theory-based
techniques.

In Chapter 5, a methodology is presented in order to generate a smooth trend for a set
of discrete, finite data. The objective function is expressed as the weighted summation of
some LS-based wavelet basis functions. The LS method provides separate wavelet filters
for data points Iocated near boundaries. The Wavelet Packet approach, coupled with the
LS-based filters, determines the coefficients and the basis fimctions. The proposed
technique, termed'as LSWPT, is found to be fast, robust and easily understandable. It is
found that noise degrades the performance of the function approximation algorithm. An
iterative technique, termed as MPDSURE, is developed to eliminate noise elements fiom
the data sequence. The proposed denoising technique adopts the Stein's Unbiased Risk
Estimate (SURE) approach @onoho and Johnston, 1994) and Multi-Pass Denoising

(MF'D) of Woog (1996). In each iteration, some parts of the true data points are recovered
so that a few passes obtain most of the true h c t i o n . The performances of the proposed
techniques are examined by using sets of data obtained fiom simulated and laboratory
experimental systems. It is found that the performance of the LSWPT is better than that
of LS-based filters and the Mallat Wavelet Transform. Comparison of the LSWPT and
the WPT using the classical wavelet filters indicates the superiority of the former for the
approximation of functions. It is found that the approximating function, resulting fkom
the LSWPT, follows the true trend quite satisfactorily. Unless the function is periodic, the
output of WPT, coupled with classical wavelet filters, is found inefficient to catch the

true trend. It is noted that the sequence of wavelet coefficients resulting from the LSWPT

method is compressed considerably without affecting the accuracy of the result. The
energy of a trend is a reliable criterion for compressing a trend. The Shannon entropy cost
h c t i o n is found to be the best criteria for selecting the best packets. The performance of
the LSWPT changes with the number of sample points. It is found that 128 is the
minimum number of sample points by which a trend is approximated fairly. The

parameter A, used in MPDSURE technique, depends on the number of sample points, the
complexity of h c t i o n and the iteration number. It is noted that the A = 5 removes most
of the noise elements for all of the given case studies. A comparison of the MPDSURE
with the WPTSURE,i-e. the WPT coupled with SURE information cost function, and the

Hamming filter, a non-recursive Fourier-based filter, reveals better pedormance of the
proposed method in removing noise.
6.2. RECOMMENDATIONS
In a real data set, the existence of outliers is a common problem. Outliers are seen as

observations, which are inconsistent fiom the remainder of the data set. These
observations can have a drastically negative effect on the results of data analysis
methods. Covariance/correlation matrices, which are the basis of the PCA method, are
highly sensitive to the presence of outliers. Existence of a few outliers can lead to an

incorrect computation of the principal components (Devlin et. al., 1981). Moreover, the

LDB and DWPT techniques result in unsatisfactory outputs when the outliers present in
the input data set. Data analysis methods, which use median and median absolute

deviation (Chen et. aI.,1996, 1997; Huber, 1981), are more robust to outliers than those
employing mean and variance of data set. To make the results of this work more robust to
the outliers, it is recommended to incorporate the median-based techniques in the LDB,

DWPT and PCA method.
A wavelet-based signal processor assumes that the length of the input signal is dyadic

and all the sampled values are known. Due to sensor malfunctioning, a measured variable
cannot be always represented by equally spaced sampled data. The Lifting Scheme
method is recommended as a reliable technique for providing wavelet filters when a

signal is sampled irregularly. However, the algorithm is different fiom the one used in
this work to generate wavelet filters for equally sampled signals.

In practice, an input pattern can be translated from its standard template. Waveletbased orthogonal representation of a data set lacks the desired shifl-invariance property.
This problem can lead to erroneous classification results in fault diagnosis applications.
Invariant wavelet-based feature extraction was studied by some researchers such as

Bakshi and Stephanopoulos (1994a), Cohen et a!. (1997) and Stoffel(1998). Shin
invariance of the proposed feature extractor is a challenging issue that is proposed as a
subject for fbture work.
The proposed pattern recognition methodology performs satisfactorily in
deterministic fault diagnosis problems. However, the results obtained fkom the diagnosis
of stochastic faults are inconclusive. The orthogonal best basis selection technique, used
in this work, results in satisfactory outputs when patterns of a class behave similarly.

When patterns of a class change unpredictably, the proposed feature extractor is unable to
find the optimum solution. Stochastic systems, such as acoustic signals, turbulence and

fkactals, have been investigated by using different wavelet-based approaches fiorn the one
proposed in this work (Dijkerman and Mazumdar, 1994; Basseville et. aZ. 1992; Pan and
W a g , 1996; Wornell 1996; Mallat and Zhang 1993). Matching pursuit (Mallat and

Zhang, 1993) is an example of these methods used for analysis of stochastic patterns. The
technique uses the idea of iterative subtraction. At each step, some parts (features) of a
signal are formulated linearly by a series of basis functions. These parts are subtracted

fiom the signal, and the process is repeated with the remainder of the signal. As the main
setback, the matching pursuit is computationally very expensive. To classify a chaotic
pattern, it is recommended to incorporate wavelet-based techniques designed specifically
for the stochastic systems in the proposed pattern classifier. However, the frameworks of
such wavelet-based techniques are more complicated than those used for deterministic
systems.
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APPENDIX A

Figure Al.1: Behavior of 8 (out of 30) variables disturbed by the fault D l described in

Table 4.2. The initial value of each variable has been subtracted.

Figure A1.2: Behavior of 8 (out of 30) variables disturbed by the fault D l described in
Table 412. The initial value of each variable has been subtracted.

Figure A2.1: Behavior of 8 (out of 30) variables disturbed by the fault D2 described in

Table 4.2. The initial value of each variable has been subtracted.

Figure A2.2: Behavior of 8 (out of 30) variables disturbed by the fault D2 described in
Table 4.2. The initial value of each variable has been subtracted.

Figure A3.1: Behavior of 8 (out of 30) variables disturbed by the fault D3 described in

Table 4.2. The initial value of each variable has been subtracted.

Figure A3.2: Behavior of 8 (out of 30) variables disturbed by the fault D3 described in

Table 4.2. The initial value of each variable has been subtracted.

,

Figure A4.1: Behavior of 8 (out of 30) variables disturbed by the fault D4 described in
Table 4.2. The initial value of each variable has been subtracted.

Figure A4.2: Behavior of 8 (out of 30) variables disturbed by the fault 04 described in

Table 4.2. The initial value of each variable has been subtracted.

Time(hr)

Time(hr)

Figure A5.1: Behavior of 8 (out of 30) variables disturbed by the fault 0 5 described in
Table 4.2. The initial value of each variable has been subtracted.

Figure A5.2: Behavior of 8 (out of 30) variables disturbed by the fault D5 described in
Table 4.2. The initial value of each variable has been subtracted.

Figure A6.1: Behavior of 8 (out of 30) variables disturbed by the fault D6 described in
Table 4.2. The initial value of each variable has been subtracted.

Figure A6.2: Behavior of 8 (out of 30) variables disturbed by the fault D6 described in
Table 4.2. The initial value of each variable has been subtracted.

Figure A7.1: Behavior of 8 (out of 30) variables disturbed by the fault D7 described in
Table 4.2. The initial value of each variable has been subtracted.

Figure A7.2: Behavior of 8 (out of 30) variz.bles disturbed by the fault D7 described in
Table 4.2. The initial value of each variable has been subtracted.
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Figure A8.2: Behavior of 8 (out of 30) variables disturbed by the fault Stocl described in

Table 4.12. The initial value of each variable has been subtracted.

Figure A9.1: Behavior of 8 (out of 30) variables disturbed by the fault Stoc2 described in

Table 4.12. The initial value of each variable has been subtracted.

Figure A9.2: Behavior of 8 (out of 30) variables disturbed by the fault Stoc2 described in

Table 4.12. The initial value of each variable has been subtracted.

APPENDIX B

Table B.l shows a small training set, in which there are three attributes and four classes.
The classes are shown as C1, C2, C3 and C4. The training set is used to construct a
binary decision tree based on the IT1 algorithm as discussed in Section 2.2.2.1.

Table B.l:A small training set used to construct a binary decision tree.
To construct the binary decision tree, first the training values for each attribute is sorted
in the ascending order. Table B.2 and B.3 display the three attributes whose training
values are sorted, while the class of each value is shown. The Kolmogorov-Smimov
Distance (KSD), Equation 2.71, is used to score every value of an attribute. The best
value of each attribute is the one that has the maximum KSD. The KSD of the smallest
value of each attribute is equal to zero, because selection of the value does not lead to the
partitioning of data space. The KSD for each attribute is equal to the KSD of the attribute
best value. An attribute, with the maximum KSD, is then selected as the best one in a
decision node.

Attribute #1

= 1.25

KSD Attribute #2 = 1.25

KSD Attribute #3 = 0.625

Table B.2: The KSD for Attribute #I and Attribute #2. The boldface value for each
attribute has the maximum KSD.

Table B.3: The KSD for Attribute #3. The boldface value has the maximum KSD.

Although the Attribute #I and Attribute #2 has the same KSD, the first attribute is
selected because it is lexically smaller than another. The best interval that node's
threshold can be Located would be [14.713 -4.523761.Thus the threshold, i.e. -9.61 838,
is the midpoint of the intervaI. Having used the threshold, the training samples are
partitioned into two separate sets. The first set, termed as Set #I.1, is forwarded to the left
branch, whereas the second set, termed as Set H.2, is sent to right branch- The sets are
shown by Table B.4 and B.5.
Attribute #l Attribute #2 Amibute #3
-14.713
-0.80777
-4.48936
-15.0818
-0.44102
7.72683
C4
-14.8812
-2.47366
-5.24486
-15.5719
-3.5375
3.21414

Table B.4: The Set #I. I sent to the left branch.

Table B.5: The Set #I.2 sent to the right branch.
The Set # I contains all the data of C4, therefore, the node at the left branch is defined as
a tree leaf. However, the Set #2 is used to determine the best attribute and threshold for

the decision node at the right branch. Table B.6 and B.7 shows the sorted values and their

corresponding KSD scores.

Table B.6: The KSD for Attribute # I and Attribute #2. The boldface value for each
attribute has the m h u m KSD.

Table B.7: The KSD for Attribute #3. The boldface value has the maximum KSD.

The best attribute for the decision node is Attribute #I, and the corresponding threshold is

equal to 0.5x(-3.2 1 73 9+0.763 1 57) = -1.22712. Having used the threshold, the training set
shown in Table B.5 is split into two sets, i.e. Set #3.1 and Set #3.2, as shown in Table B.8

and B.9.
Attribute #I hthibufe #2 I~mibure#3
-4.52376
114.5335
0.580009

Table B.8: The Set #3.1 sent to the left branch.

Table B.9:The Set #3.2 sent to the right branch.

Table B. 10: The KSD for Attribute #I, Attribute #2, and Attribute #3. The boldface value
for each attribute has the maximum KSD.

The left branch receives the Set #3.1, so that the corresponding node is defined as a
tree leaf. The decision node located at the right branch, however, can partition the data
space into two more subspace. The KSD scores of the sorted values for the three
attributes are shown in Table B.lO. Again the Attribute #I is selected as the best one, and

the corresponding threshold is determined as OSx(2.38 166+25.6471)= 9.0 1438. Having
employed the threshold, the left and right branches receive pure training sets, i.e. Set #5.1

and Set #5.2 respectively. Thus,the decision nodes located at the end of these branches
are defined as tree leaves. Table B. 11 shows the distribution of training samples within
these leaves.
Iiight Branch
Attribute #I Idttribute #2 Attribute #3

Left Branch
Attribute #l Attribute #2 Attribute #3 .
1.77326
1.58 148
c3
2.38166
0.763157

1.82298
0.538586
-1.73362
0.357133

15.6471
C1 16.1118
15.6605
16.4298

-0.99034
3.4033 1
-0.50176
5.01018

4.12408
4.24482
3.96365
3.46168

-

2.10861
-0.98305
-0.0643 1
1.19316

Table B. 11:The Set #$. I sent to the left branch, and Set #5.2 sent to the right branch.

Figure B.11 shows the configuration of the resulting decision tree. The tree consists of
four leaves and three decision nodes.

C3

C1

Figure B. 1: Structure of the binary decision tree resulting from training set of Table B. 1.

To determine the soft thresholds for decision node #5 the algorithm discussed in Section
2.2.2.1 are used. Since the tree leaves #6 and #7 are pure, the parameter E, used in

Equation 2.74, will be equal to zero. The parameters IRI and STD, used in Equation 2.74,
are equal to 8 and 0.6871 respectively. The values of the selected attribute in node #5,

i.e. Attribute # I , is sorted in ascending order. Having set the node's threshold to ithvalue
of Attribute #I, the node's training samples are classified, and number of misclassified

cases I Ei I is obtained. Table B. I2 shows the result of this step.

Table B.12: Number of rnisclassified samples when threshold of node #5 is set to any of
Attribute #I values.
The lower and upper thresholds, i.e. r - and t + are first set to the minimum and maximurn
training values of Attribute #I, i.e. 0.763 15 and 16.4298, respectively. Starting &om

1.58148, the value 2.38 166 is the first value that satisfies Equation 2.75, and it is used to

revise the value o f t '.

Starting fiom 16.1118, the value 15.6471 is the first value that satisfies Equation 2.77,

and it is used to calculate t +.

Since the tree leaf # 4 is pure, the parameter E is equal to zero for decision node # 3. The
parameters [RIand STD are equal to 12 and 0.6933 respectively. The values of selected
attribute, i, e. Attribute #1, are sorted in ascending order as shown by Table B.13, and 1 Ei I
is caiculated for each value. The attribute values -3.21739 and 0.763157 are the first
values that satisfy Equation 2.75 and 2.77 respectively. Using Equation 2.76 and 2.78, the
parameters r ' and t + for node #3 are equal to -3.39926 and -0.45738 respectively.

Table B. 13: Number of misclassified samples when threshold of node #3 is set to any of
Attribute #I 'values.
The tree leaf#4 is pure so that the parameter E is equal to zero for decision node # 3. The
parameters IRI and STD are equal to 16 and 0.69663 respectively. Table B.14 shows the

sorted values of the selected attribute, i-e. Attribute #I., and I Ei ] for each value. The
attribute values -14.713 and -4.52376 are the first values that satisfy Equation 2.75 and
2.77 respectively. Using Equation 2.76 and 2.78, the parameters t - and t 'for node #3 are
equal to -1 4.8302 and -7.61486 respectively.

Table B. 14: Number of misclassified samples when threshold of node #1 is set to any of
Attribute #1 values.

