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ABSTRACT 

An integrated framework for process monitoring is developed in this study %ý-hich 

consists of three components: (1) feature extraction from dynamic transient signals 

using multiscale wavelet transform; (2) operational state identification using 

unsupervised and recursive learning methods; and (3) automatic extraction of 
knowledge rules from process operational data and embedding of the extracted 
knowledge in the structure and weights of fuzzy-neural networks. The methodologies 

and the prototype system which have been developed are illustrated and evaluated using 
data collected from a dynamic simulator of a refinery catalytic cracking process. 

Methods for pre-processing dynamic transient signals for feature extraction,, 

dimension reduction and noise removal are investigated and a new method is developed 

which makes use of wavelet transform to determine the singularities and irregularities of 

a dynamic transient signal by identifying the extrema from wavelet multiresolution 

analysis. The method is able to reduce the dimensionality of the data and removes noise 

components in a single step as well as capturing the most significant components of the 

dynamic response. 

A modified version of the unsupervised neural network ART2, designated 

ARTNET, has been developed which uses wavelet feature extraction to provide a 

substitution of the data pre-processing part of ART2. ARTNET is shown to be more 

effective in avoiding the adverse effects of noise, less sensitive to user defined 

parameters and faster in computation, as well as still retaining the advantages of 

unsupervised and recursive learning. 
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Based on this, a fuzzy neural network is developed , N-hich is able to automatically 

extract knowledge rules from process data. The knowledge rules which are generated 

are transparent and explicit to operators. The method is therefore able to bridge the gap 
between numerical data and qualitative knowledge and takes advantage of the features 

of neural networks for capturing concepts and so provides an effective and robust 

method for learning knowledge from process data. 

Various methods for integrating different facets of a problem, and making use of 

this informatin in parallel to mutually compensate for drawbacks of any single approach 

are also exploited. 

Data obtained from a dynamic simulator of a refinery fluid catalytic cracking 

process (FCC) has been used to illustrate the methodologies and to evaluate a prototype 

system for using these new approaches. FCC provides a very useful case study because 

of the highly non-linear dynamics arising from the strong interactions between the 

reactor and fluidised bed regenerator derived from the mass and momentum balance. 

The use of simulation data makes it possible to look at the results in detail so that the 

methods can be fully tested. The case studies illustrate the potential of the methods 

developed. 
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Chapter I 

INTRODUCTION 

1.1 Research Motivation 

In modem process plants controlled by computers, the role of operators has changed 
from being primarily concerned with control to a broader supervisory responsibility: 

analyzing operational data, identifying unusual conditions as they develop, and 

responding rapidly and effectively by taking corrective actions. This is a challenging 

task because of the overwhelming volume of data operators have to deal with: present 

day control rooms involve monitoring as many as thousands of process signals and 

hundreds of alarms. During the course of normal and steady state operations, simple 

observation of a smaller number of displays is sufficient to characterise process status. 

However, during a process transient or when a crisis occurs, the dynamic evolution of 

displayed data can overwhelm the operator because: 

process outputs change at different rates, 

there are transportation lags and inverse responses; 

control loops interact; 

there may be conflicting information from sensors; 

there is incomplete information due to 'lost' sensor readings. 

These make it difficult for operators to carry out routine tasks such as: 

distinguishing normal from abnonnal operating conditions; 

assessing current process trends and anticipating future operational 

states; 
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9 identifying the cause of a process trend such as external load 

disturbances, process faults, operator-induced mishandling. degradation 
II 

of performance due to changes in operational parameters-, 

* planning and scheduling operational sequences leads to the need for new 

procedures, e. g. recovery of process operation from a safety fallback 

position or to return to a desired feasible state after a process fault. 

1 

Clearly, to meet these requirements, it is necessary to improve the operational safetý'. 

reliability and productivity of process plants while reducing the load and stress on 

operators. This can be done by developing a process operational decision support 

system to assist the operators. 

1.2 Process Operational Support Systems 

The role of an operational support system (OPS) within the management structure is 

indicated in Figure 1-1. On-line signals are collected from computer control systems, 

which are used by the OPS for assessment and analysis and provide support to the 

operators by indicating the source of faults. An OPS needs to have the following 

capabilities: process monitoring and analysis, fault identification and diagnosis, 

operational planning and scheduling, intelligent control, optimisation, and advise on 

operational strategies, as indicated in Figure 1-2. The OPS should generally be capable 

of 

guaranteeing the response time 

handling efficiently large amounts of complex knowledge and data 

requiring real-time reasoning which may involve conflict 

0 learning so that the system can continuously improve in performance as 

well as enabling updating to be done after modifications or changes in 

operating conditions 

9 ensuring reliability of perfonnance. 
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Plant 
Management 

Products 
Control 

. tor 

Chemical 
Process 

Figure I-I Role of an operational support system 

Recently, Lindheim. and Lien (1997) emphasised that the design and simplicity of an 

operator support system (OSS) and implementation, as well as the interface between the 

OSS and the user are all important. Flexibility is seen as an important factor that 

contributes to continuous learning and development (evolution). They emphasised that 

flexibility will be a major competitive factor in the future. 

A variety of different techniques have been devised including development of 

qualitative (deep) models (e. g., Vinson and Ungar, 1995), knowledge-based expert 

systems (KBES) (e. g., Fathi et al., 1993, Saelid et al 1991), artificial neural networks, 

especially feedforward neural network (FFNN) (e. g., Kovio, 1994). fuzzy theory (e. g., 

Wang et al., 1996,1997), graph theory (e. g., Chang and Yu, 1990) and fuzzy signed 
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digraphs (e. g., Wang et al, 1996,1997, Shih and Lee 1995). Of these. KBES and FFN-N 
have attracted considerable industrial interest. 

previous CS 
off-line operation data data 

chemical 

__process 
Figure 1-2 Content of operational support system 

Expert systems make use of logic rules to carry out heuristic reasoning. Knowledge used 

to reach a conclusion is transparent and displayed through HOW and WHY explanation 

facilities. However,, there are two critical issues in developing such knowledge based 

decision support systems for process plant operations. One is the bottleneck arising from 

knowledge acquisition, especially for complex processes where variables are highIN 

interactive. The other relates to the fact that hazard and operability problems are often 

associated with the detailed plant topology, system properties and detailed design, 

which requires the systems to have the ability to model the structure and describe the 

behaviour of processes based on the propagation of disturbances. 
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Artificial neural networks (ANN) generally are able to learn the complex non-linear 
relationships involving multiple inputs and outputs (Morris et al.. 1994). Hoývcýer. a 

major disadvantage with such an approach is that the knowledge embedded in the ANN' 
is usually opaque. The black-box image of ANN tends to affect the confidence of the 

user and does not help to improve the inherent understanding of the problem domain. 

For the above two techniques, moreover, confidence in the reasoning procedure must be 

considered if they are to be used in an OPS because of incomplete training data sets or 
incomplete knowledge. Clearly, it is dangerous to use the results when the sý-stem is 

reasoning outside the knowledge boundary. 

1.3 Objectives of This Work 

The aims of this work are to: 

(1) Develop a method for feature extraction from dynamic transient signals using 

wavelet multi-scale analysis. This approach is able to exploit the extrema of 

wavelet multi-scale analysis to capture the singularities and irregularities of a 

dynamic transient signal which can be used as the features to characterise the 

problem. The approach requires the proper selection of a filter bank for the 

wavelet functions. It is also necessary to take account of noise and to reduce the 

dimensionality of data sets 

(2) As noted, the adaptive resonance theory (ART2) is not ideally suited for use 

with the problems described here, so there is a need to develop procedures for 

unsupervised recognition of operational patterns, which can combine wavelet 

techniques for feature extraction from dynamic transient signals with the basic 

algorithm of ART2. The goal is to provide a more effective way of dealing with 

noise contained in the transient signals while retaining an unsupervised and 

recursive clustering approach to identify the structure characteristics of a problem. 

(3) This requires a means of generating fuzzy rules from process data which can 

take advantage of fuzzy concepts together with feed-forward neural networks so 
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as to be able to extract knowledge from numerical data. If the resultin(. y knoNA-led e 19 is explicit and transparent it can provide more useful support for operators. 

(4) Integrate various tools such as wavelets for feature extraction, identification of 
operational states using unsupervised neural network and knowledge disco'very 

using fuzzy neural networks, to eliminate conflicts in the knowledge base and so 
avoid errors from extrapolation. 

(5) The resulting methods will be used to develop a prototype system which can 
be tested by looking at a case study based on refinery fluid catalytic cracking in 

order to test whether it is able to deal with a representative range of operational 

problems effectively. 

1.4 Thesis Organisation 

The thesis is organised as follows: 

6 

Chapter 2 provides a comprehensive literature review on topics related to this study, 
including pre-processing of on-line dynamic signals for feature extraction via noise 

removal and dimension reduction, extrapolation issues of back-propagation neural 

networks, as well as knowledge discovery from data. 

Chapter 3 introduces the feature extraction method using wavelet multi-scale analysis. 
The method identifies the extrema of a dynamic trend signal through wavelet multi- 

scale or multi-resolution analysis, which reduces the dimensionality and removes noise 

components simultaneously. The features extracted provide the inputs for identification 

of operational states and knowledge discovery. 

Chapter 4 describes an integrated framework ARTNET which combines wavelet feature 

extraction and an unsupervised learning algorithm ART2, the former being used as the 

substitute for the data pre-processing part of ART2. ARTNET has shown advantages 

over ART2 in dealing with noise contained in dynamic transient signals and in 

improved computational performance. 
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Chapter 5 is devoted to the development of a fuzzy neural network method for 

generating production rules from numerical data. The abilitý- to deal with conflicting 
data using a fuzzy-FFNN is illustrated based on the cause-effect simulation of a heater 

exchanger. 

Chapter 6 concentrates on the application of the methods developed in previous chapters 

to a refinery fluid catalytic cracking (FCC) process. A customised prototype for feature 

extraction and knowledge discovery and knowledge base organisation is developed and 

applied to the FCC process. The ability of avoiding extrapolation is evaluated when the 

prototype is tested. 

Chapter 7 presents the major conclusions and suggestions for future works. 

N-M 
. xppendix A gives the related wavelet definitions and theorems used in Chapter 3, these 

are edited based on the works by Mallat and Hwang (1992) and Mallat and Zhong 

(1992) 

Appendix B describes the ART2 architecture and its algorithm as used in Chapter 4 
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Literature Review 

2.1 Introduction 

This Chapter provides a literature review on pre-processing of on-line measurements for 

noise removal and dimension reduction, extrapolation issues related to the use of neural 

networks for operational state identification, as well as knowledge discovery from 

numerical data. It concentrates on technologies that are relatively new and relevant to 

this study. 

2.2 Signal Pre-processing and Data Interpretation 

In many practical applications of neural networks, data pre-processing Is one of the most 

significant factors in determining the overall system performance. One of the major issues 

to be resolved is that of reducing dimensionality with minimum loss of information. In 

this section, various methods for pre-processing on-line dynamic transient signals are 

considered. These include compression algorithms, transient representation using episode 

description, and feature extraction using principal component analysis (PCA). 

2.2.1 Data compression 
The data compression problem can be defined as determining the approximate 

representation F of a signal F so as to minimise the approximation error expressed as: 

A 

JIF 
- 

P11 = 
[f IF(x) 

- F(x)I'Fdxl"P (2- 1) 

O<P < 00 
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The simplest and most widely used data compression approaches in chemical 

manufacturing are piece-wise linear approximations. One of the earliest is the Box Car 

algorithm (Hale and Sellars, 1981) which records a value only when the current value 
differs from the last record by an amount greater than or equal to the recording Iiinit 

(specified by the user) for the variable. The procedure for implementation is simple aiid is 

quite effective for processes with long spells of stable operation. However, it is not verN, 

effective when there is a drift or during a transition between steady states. Thus, in the 

case of rapidly increasing or decreasing trends, the algorithm does not result in good data 

compression. On the other hand, if the rate of change is slow, it does compress the data 

but at the expense of loss of information. Efforts to overcome this shortcoming have led 

to the development of the Backward Slope algorithm (Hale and Sellars, 198 1) where the 

current value of a variable is predicted based on a linear extrapolation of the last two 

recorded values. If the actual value differs from the predicted value by an amount greater 

than the pre-specified recording limit, then the current value is recorded. This algorithm 

retains the merit of simplicity. For processes involving ramp and step changes, it achieves 

high compression for noiseless data but in practice the algorithm does not always 

improve performance, especially when there is noise present which results in poor 

predictions. Thus, when the process state is steady, noise can result in a non-zero slope 

which results in incorrect estimates of the state. In such cases, the Box Car algorithm 

tends to perform much better. 

To try to capture the advantages of both techniques, Bader and Tucker (1987) combined 

them into a single algorithm that dynamically selects the technique to be applied when 

processing the next data point. The combined algorithm records a value when an 

exceptional value is indicated by both the box car and the backward slope algorithms. As 

long as the trend continues, only one criterion needs be checked. However, as soon as 

this criterion fails to be satisfied, the second criterion is tested. If that criterion also fails, 

a new value is recorded. This works better than either of the other two ah-, orithms 

individually, but obviously requires more computation. It has been widely used in the 

process industry, even though its performance is far from satisfactory. 
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Swinging Door Trending (SDT) by Bristol (1990) is a heuristic straight-line trending and 

compression technique. It strives to give the longest straight 1.121VC11 -fine trend possible. -' 
the data and the maximum allowed error. It also attempts to minimise computation. In 

essence, the algorithm replaces a sequence of consecutive data points by a straight line, 

defined by initial and final points. The algorithm specifies how long a sequence or tune 
interval should be and where the final point of that interval and the initial point of' the 

next interval is located. The first data point is taken as the initial data point ol' the 
interval. Thereafter, the procedure is apphed sequentially to each subsequent time 

interval. The SDT algorithm is fast in computation but is weak when dealing with noisy 
data and process variations which have outliers. 

The PLOT algorithm based on piece-wise linear on-line trending developed by Mah et a] 

(1995) is designed to compress noisy signals. Given a time series of process 

measurements, it determines all major trends or, equivalently, obtains maximum possible 

data compression by the use of piece-wise linear smoothing. The goals of the algorithm 

are: 

to estimate the straight line as precisely as possible for any trend interval and detect 

any change in the trend. This determines the break point, marking the beginning of a 

new trend interval at the earliest opportunity; 

2. detect outliers in the data and not let the trends be affected by them. For this purpose 

a least squares straight line is fitted to the sampled data collected during the current 

trend interval. The estimated straight line is updated sequentially as each new data 

point becomes available. The least squares (LS) method also provides an estimate of 

the process variance, 62. Since it is assumed that the variance, (52 , is constant, it can 

be estimated over successive time periods. 

In general, piece-wise linear algorithms approximate a process signal by representing it 

by a set of basis functions when N coefficients are used to represent the approximated 

signal: 

(2- 2) F(x) =1 ci yi (x) 
i=l 
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where 

yj (x) = mix+ di 

x C- [xi, 
Xi+i I 

and 

F(xi-,, ) - F(xi) 

Xi+l - Xi 
di F(x, ) - mx, 

Generally, linear extrapolation-based data compression techniques work on the 
assumption that the local error between the actual and compressed signals *is within given Z-1 
bounds. They are fast, but are unable to achieve good compression when the sensor data 

changes slowly. Moreover, they are not robust in dealing with process noise, so are only 
generally suitable for steady state analysis. To overcome these disadvantages and achieve 
better compression, especially when capturing dynamic trends, multi-scale techniques 
that use localised basis functions have been developed (Bakshi and Stephanopoulos 

1996). The approach used in their work is based on decomposing the signal into wavelet 
basis functions, which are localised in the time-frequency domain. Criteria such as 

acceptable loss of information and identification of relevant features are used to select 

the best bases and coefficients from the wavelet packet used to represent the compressed 

signal. Time varying wavelet packet decomposition algorithms are applied when used on- 
line. These store the data in terms of contributions in the time-frequency domain and so 

capture the dynamic features as well as achieving greater compression than other 

methods. However, a disadvantage of the multi-scale techniques is that the data has to be 

reconstructed from the coefficients each time it is retrieved, which is computationally 

inefficient. Also the efficiency of compression depends on the basis functiýons. The 

selected bases have also to be classified as to whether they are concerned with storing 

compression information or feature extraction. Still noise influence is not taken into 

account in the technique. 

Recently Vedam and Venkatasubramanian. (1998) have developed an approach based on 

multi-level dyadic B-splines. The data is stored along with a time stamp. The approach, 

in contrast to other multi-level methods, retrieves the compressed data without requiring 
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time consuming computation because the output of the compression algorithm is the 

reconstructed data not the coefficients. Thus, the compression data obtained can be used 

for a variety of applications. Unfortunately, while the approach avoids Miefficient 

computational reconstruction, it is necessary to use a time-consuming compressioii 

algorithm. 

2.2.2 Episode methods 

The episode method originated from B. William (1986) and is often employed, with 

some modification, for qualitative interpretation of transient process signals. It is based 

on being able to express any function totafly by defining the nine primitives shown in 

Figure 2-1. Each primitive consists of the sign of the function value and the first and 

second derivatives. Each primitive therefore carries information about whether the 

function is positive or negative, increasing, decreasing, or not changing, together with 

the concavity. Combinations of episode form the trend over an interval described by a 

primitive and the associated time. A trend is a series of episodes that completely describe 

the qualitative behaviour of the system. 

r 

Z 

B (-F, -, +) 

L E (+�ý�+) 

L H (+�-�O) 

C (+, 0, -) 

Figure 2-I The primitives for the episode approach 



Chapter 2 Literature Review 

Using this approach, Janusz and Venkatasubramanian (199 1) developed a framC%ý ork for 

automatic generation of qualitative process trend descriptions from on-line sensor data as 

shown in Figure 2-2. The framework is a classification tree to characterise a trend by 

representing it in terms of episodes. The approach is simple but is inefficient when 
dealing with multi-sensor signals simultaneously. Speed is mainly dependent on the 

classification algorithm that follows a trend point by point and then piece by piece. 
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ontinuou 
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Class 40S 

Figure 2-2 Trend classification tree base on episode method 
in Janusz and Venkatasubramani an's work 

Cheung and Stephanopoulos (1990) employed a technique using seven triangle 

components, by dropping the C and D episodes in Figure 2-1. They then extended it to a 

triangular-episode representation of the process trends. The triangular-episode bascd 

description of a trend permits declarative modelling of all the important fcaturcs 

contained in a trend and provides the basis for unambiguous inferences during various 

engineering activities. The speed is comparable with that quoted by Janusz and 

Class I 

class 3? 
Increase/ 
Decrease 
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Venkatasubrarnanian (1991). The process trend is the sequence of maximal ý, caling 

episodes over a time interval, where each point is strictly ordered in urne (Bakshi and 
Stephanopoulos 1994). The points defining the maximal scaling episodes turn out to ho 

inflexion points and are given by the scale-space image of a record of data. Wavelet 

decomposition is used because multi-resolution analysis by wavelets provides a scale- 

space image and zero-crossing of the second derivative wavelet function corresponds to 

the point of inflexion of the signal. Thus, signals are analysed at different resolutions by 

wavelet decomposition, and the points of inflexion are found by zero-crossing of the 

wavelet transform on the different scales. Trends are then identified by deductIVc 

learning algorithms such as decision trees. 

The main idea of dynamic trend interpretation in Janusz's and Cheung's work is to 

classify a trend into increasing or decreasing pieces. Such an is sometimes 

not enough and may prove inadequate for process analysis. Furthermore, there is no 

noise filtering in any of the episode-based approaches, which significantly limits the 

identification and trend representation capability. 

2.2.3 Principal component analysis 

The idea of principal component analysis (PCA) was developed about 100 years ago 

(Sylvester, 1889), but has now re-emerged as an important technique. It employs linear 

mapping of multidimensional data into lower dimension spaces, with minimal loss of 

information. For an m dimension data set, if X= [x 1. x 2ý '** xn], the first principal 

component is a linear combination of the columns of X which describes the greatest 

variation by t, = Xp,. The objective is to map the m-dimension vector X in a L- 

dimension space of L principal components, where L << M. In the M-dimension space, 

p, defines the direction of the greatest variation, and t, represents the projection of each 

observation vector onto pi. The second principal component accounts for the greatest Cý 

variation of the residual data E, by t2 = E, P2 . 
This procedure is repeated for the L 

principal components. if the variables in X are correlated, most of the variation In the 

data set X will usually have been explained by these L principal components. Hence X 

can be written as X= TP+E where P are eigenvectors of the covariance matrix of X. 
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Principal component analysis has been widely applied in many areas (Dong and McAvo% 
1996), but it does have some difficulties in applications. Most significantly. it is a linear 

method, and most practical problems are non-linear. Applying PCA to non-Imear 
problems is not always satisfactory (Palus and Dvrak 1992). Indeed if PCA is used l'or 

non-linear problems, the minor components not only reflect noise and minor variances. 
but contain important information (Xu et al 1992). If minor components are discarded, 
important information might therefore be lost. On the other hand, if the minor 

components are kept, too many components are retained for it to be useful. 

Because multi-layer neural networks are auto- associative perceptrons, they can be used 
to perform non-linear dimensionality reduction, so they are useful in extending linear 

PCA to non-linear problems. Rumelhart et al (1986) considered a d-input, d-output node 

with M-hidden node (with M< d) in a three layer auto-associate neural network I-or non- 
linear principal component analysis. The targets used to train the network are the input 

vectors onto it. Because of the small number of units in the first layer, a perfect 

reconstruction of all input vectors is not generally possible. Such a network is trained by 

minimising a sum-of-squares error. This network can be regarded as unsupervised 

training, since no independent target data are provided. If the hidden units have linear 

activation functions, then it can be shown that the error function has a unique global 

minimum. At this minimum the network is a projection onto the M-dimensional sub- 

space spanned by the first M principal components of data. 

While it might be thought that the limitation of a linear dimensionality reduction could be 

overcome by using a non-linear activation function for the hidden units in the network, it 

was shown by Bourlard and Kamp (1988) that such non-linearities make no difference 

and that the minimum error solution is again given by the projection onto the principal 

component sub-space. This means there is no advantage in using one hidden layer neural 

networks to perform dimensionality reduction for non-linear principal component 

analysis. 



Chapter 2 Literature Review 16 

On the other hand, the situation is different when more hidden-layers are included in an 

auto -associative network. Kramer (1992) presented a non-linear principal component 

analysis based on a neural network. The architecture of the neural network is d-input and 

output linear node with a M-hidden linear node to the second hidden layers while the first 

and third hidden node are non-linear, as shown in Figure 2-3. This approach potentlaný' 

can perform a non-linear principal component analysis because the mapping layer (thc 

first hidden layer) and inverse mapping layer (the third hidden layer) are non-linear. The 

minimisation of the error function is now a non-linear optimisation problem because the 

error function is no longer a quadratic function of the network parameters. 

Computationally intensive non-linear optimisation techniques must be used and there is 

the risk of finding a sub-optimal local minimum of the error function. Also the 

dimensionality of the sub-space must be specified in advance of training the network. In 

fact, the hidden layers are difficult to determine and the theoretical meaning of the 

outputs of the bottleneck layer and the second hidden layer are not clear. 

0 non-linear nodes 0 linear nodes 

Figure 2-3 Auto-associative neural network in Kramer's work 
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Another approach to embedding non-linearities into PCA is generalised PCA 
(Gnanadesikian 1989). The basic idea of this approach is to extend an N1-d1mcn, 1; ion 
variable X to include non-linear functions in the elements. The other approach is non- 
linear factor analysis by Etezadi-Amoh and McDonald (1993). In this approach. L- 

dimension polynomials are used to approximate M-dimension data. A linear least square 

method is used to find the coefficients of the polynomials. The difficulty in using these 

approaches is that it is necessary to know what kind of non-linear functions exist 
between variables. For high-dimensional data, these approaches become tedious because 

of the complicated non-linear functions. 

Dong and McAvoy (1996) reported a non-linear PCA method that combines the 

principal curve method and a feed-forward neural network. A principal curve method is 
developed by Hastie and Stuetzle (1989) and is a generalisation of the first linear 

principal component. However, the algorithm does not offer a non-linear mapping. In 

Dong and McAvoy's work, a three-layer neural network with one non-linear hidden 

layer is used to generate a non-linear loading function. Although it proves to be a 

generalisation of the principal component, the method still suffers from a need to know 

how to determine the neural network structure although the percentage of explained 

variance is used to choose the number of non-linear principal components. 

2.3 Extrapolation and Reliability Evaluation 

Reliability of an operational support system is obviously the most important issue in 

system evaluation. This depends very strongly on the knowledge boundary of the system, 

i. e. whether the reasoning is within the knowledge base or not. Most of the 

methodologies used to build an operational support system, such as rule base expert 

systems, feed-forward neural networks and fuzzy logic are unable to automatically flag 

when they are extrapolating beyond the knowledge boundary. This issue Is hardly 

discussed in rule-base expert systems because it is difficult to determine the knowledgc 

boundary, especially when the rules are generated by interviewing experts and operators. 

Little effort has been devoted to determine the confidence bounds for supervised learninL, 

neural networks. Here, attention is focused on defining confidence bounds for superNiSed 
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learning neural networks as well as unsupervised learning clustering. because the work 

on supervised neural networks is also based on the distance metric for unsupervised 

learning, 

2.3.1 Conridence bounds for supervised learning 

Confidence bounds for supervised learning have been addressed by many researchers 

(Zhang et al 1997). The reliability of a neural network or any other empirical model is 

determined by two factors: extrapolation and local goodness of fit. The former implies 

that the model is being applied in a domain of independent variables where training data 

are available. The latter relies on the distribution of training data, i. e. the density ot, the 

data. Leonard et al (1992) introduce a novel neural network architecture known as 

validity index network (VI-net), which is an extension of radial basis function networks 

(RBFN) to estimate the reliability and the confidence of the output and indicate local 

regions of poor fit and extrapolation. Figure 2-4 illustrates the structure of such a VI-net 

with a reliability measure confidence limit (CL), local data density (p) and membership 

function for hidden units (max-act). The RBFN is indicated by a dashed line. 
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Figure 2-4 The VI-net (Leonard et al 1992) 
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After choosing a structure for the RBFN, the train-test method, known as the S-fold 

cross validation procedure, is used to train the VI-net. For the S-fold, the training data 

are randomly partitioned into S equally sized subsets. Typically S ranges from 10 to the 

total number of training examples. Therefore, the S-fold cross validation procedure 

makes maximum use of the available data while still giving an unbiased error estimatc. 

The authors recommend that the S-fold should be repeated several times to determine 

the mean and variation of the unbiased error estimates for each architecture. The 

structure with minimum error during the train-test procedure is considered to be optffnal 

for the VI-net. Confidence limits and local data density are automatically generated by 

the calculation. 

The additional weights of the VI-net are based on statistics produced during the training 

and cross validation procedures of the basic RBFN model. VI-net involves minimal extra 

work because no additional training is required and all parameters in the underlying 

RBFN remain the same. Unfortunately, VI-net is not appropriate for the feed-forward 

neural network or error back propagation network, and there is no guarantee of finding 

the optimal net because the train-test procedure is used in the optimisation. Furthermore, 

the train-test is a very time-consuming procedure although no additional training is 

required for the RBFN. 

Chryssolouis (1996) has derived a method of quantifying the confidence intervals for the 

prediction of neural network models using a linearised variant. The confidence intervals 

can be calculated for a desired level by extending standard statistical approaches which 

describe how well the neural network fits the training data. However, it does not 

account for the effect of the statistical distribution of the training data. 

Shao et al (1997) have developed an approach to computing confidence bounds for 

predictions from a error back propagation feed-forward neural network with defined 

structure. The confidence intervals for parameters estimated by non-linear least squares 

are extended to the neural network models. A linearisation method is used which is 

reported to be computationally less expensive, numerically more stable and has 

acceptable accuracy. In this work, a constant, 0, is introduced to include the Muencc of 
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distribution of the training data on the confidence interval, so the confidence bound for 

the error back propagation feed forward neural network model can be regarded as ltý 
defining confidence intervals for compression of the data and is given by 

Yo (2- 3) 

where yo is the output of the network models, ci is the confidence interval and ý is a 

coefficient which is inversely proportional to the density of the training data. They found 

that the confidence bounds are ah-nost twice as wide as the standard confidence intervals 

when training data are not available in a given region. 

The effect of extrapolation and training data distribution on the confidence bounds of the 

neural network models are also considered in this approach. The confidence bounds on 

the computation are based on the Jacobian matrix of the first order derivatives which 

involves a time-consuming calculation and makes this approach difficult to use for on- 

line applications. The density function for the training data set, p, is selected empirically 

and has no theoretical foundation. 

2.3.2 Clustering Using Unsupervised Learning 

The basic idea of the reliability and confidence bound approach to supervised learning is 

based on a distance metric which is also found in unsupervised clustering techniques. 

This allows unsupervised clustering to be used to avoid extrapolation of supervised 

learning neural network models. There are several unsupervised algorithms, among them 

k-means clustering, Kohonen's top olo gy- preserving maps and ART (adaptive resonance 

theory), all of which have been widely used and are relevant to this work. 

k-means clustering is widely used and has been adapted to address a range of 

applications. The algorithm chooses the centroid vector of a set of N training examples, 

according to the definition 

centroid vector =II 
sk 4) 

N 

for the training sample set ISk 1. 
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Clustering operates by moving a case to the cluster from a centroid closest to it then 

updating the centroids for the remaining clusters. The algorithm can be summarised as: 
1. Begin with any initial partition that groups the data intok clusters: 
2. Take each case, S, in sequence and compute the distance from the centroid 

of each of the k clusters. If S is not currently in the cluster with the closest 

centroid, move S to the cluster and update the centroids of the cluster 

gaining S and the cluster losing it; 
3. Repeat step 2 until a pass through the training examples causes no new 

assignments. 

The k-means clustering algorithm is fast and efficient. However, it requires setting the 

number of clusters,, k, in advance, which involves experimentation and is time- 

consuming. Another way of determining the number of clusters is to leave it to the 

algorithm by defining user-specified parameters. Works along these lines have been 

reported by MacQueen (1967), Wishart (1969) and Anderberg (1973). It IS difficult to 

compare the variety of different clustering algorithms in the literature because 

comparisons are dependent on the criteria used to evaluate the final clusters. However, it 

seems evident that the k-means approach is good if the criterion is to minimise the sums 

of squares of distances between training cases and the corresponding cluster centroids. It 

also has the convenient property that every case is in a cluster having a centroid closest 

to that case (Gallant 1993). 

In the k-means clustering algorithm, a case is assigned to the cluster having a 

representative nearest to it. This is precisely what happens in Kohonen's self-organising 

maps (Kohonen 1982,1995), where the training algorithm attempts to assign some 

structure to the representatives. A large number of clusters are chosen, and arranged on 

a regular grid in one or two dimensions in the algorithm. The idea is that the 

representatives, called weights by Kohonen, are spatially correlated, so that 

representatives at nearby points on the grid are closer than those which are widelý,, 

separated. This ensures that the self-organising maps are clustered according to the 

structure and feature similarity. Some results have been reported for one- and two- 

dimensional mappings that were topologically correct. However, even in the dimensional 
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case, Kohonen showed by simulation that an array of units starts to become sensitive to 
different frequencies in ascending or descending order, and there is no adaptivitv (Gaflant 

1993). 

These issues are successfully addressed by the adaptive resonance theory (ART) due to 
Grossberg (1976). It has evolved through three stages to ART3 dealing with 

autonomous learning models and is a type of competitive methodology equivalent to a 

winner-take-all algorithm. It is suitable for both category (pattern) formation and recall 
(recognition). ARTI (Carpenter and Grossberg, 1987a) depended on clustering ot'binary 

vectors, while ART2 (Carpenter and Grossberg, 1987b) extended this to continuous- 

valued inputs. There is no set number of clusters: these are created as needed to solve 

the adaptivity, especially the stability- plasticity dilemma defined by letting a system adapt 

and yet preventing current inputs from destroying past training. 

ARTI is not suitable for process engineering application because it can only accept 

binary input values. Some applications of ART2 for process plant have been reported 

(Whiteley et al 1994, Wang and Chen 1998). The ART2 pattern clustering algorithm is a 

winner-take-all competition learning algorithm where recognition of an input pattern 

vector has to examine all existing pattern representatives i. e. weights. Clearly recognition 

time increases rapidly with the number of long term memory neurons used. Storing a 

large number of items in long term memory is a serious problem (Wang, 1993). The 

number of long term memory neurons is dependent on the input vector dimension and 

number of patterns stored in memory. Therefore, dimensionality reduction is always 

recommended for the input vectors. The input pattern data pre-processing in ART2 is a 

time-consuming procedure. The computational effort spent on this procedure 'is also 

dependent on the dimension of the input vector. 

The major disadvantage of ART is the sensitivity to noise. The update rule can only 

reduce the co-ordinates of prototypes, so if a large number of examples are presented, 

each having added noise, the prototypes will shrink towards the zero vector. Prototypes 

that are close to the zero vectors will fail the vigflance test. Thus for enough training scts 
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true clusters will be divided repeatedly into groups which depend on the ordcr of 
presentation of the example. 

2.4 Knowledge Extraction from Numerical Data 
There are several forms of learning, ranging from direct instruction to discovery. Direct 
instruction may require intelligent communication, including a learner's model of the 
teacher. At the other extreme, in learning by discovery, the learner autonomously 
discovers new concepts from unstructured observations or by planning and performinc, C, 
experiments in the environment. Between these two extremes, learning can be by 

example. Knowledge extraction from numerical data falls into this category. 

For most processes, information can be classified into two kinds: numerical information 

obtained from sensor measurement, and linguistic information obtained from human 

experts. This section deals with reported methods for knowledge extraction from 

numerical data. There is a thorough review of machine learning by Michalski et '11 
(1998). However, few examples of knowledge extraction from numerical data in 

chemical manufacturing have been reported so related cases are discussed. These 

approaches can be categorised as: inductive learning based on decision tree and rough 

sets theory, fuzzy sets operation, and neural networks. 

2.4.1 Inductive learning 

There are three most popular families of inductive learning: top-down-induction-of 

decision trees (TDIDT) (Quinlan 1986), attributes qualitative (AQ) (Michalski 1983), 

and learning from example based on rough sets (LERS) (Chan 1991, Quafafou and 

Chan1995). 

The TDIDT approach is well suited to learning from uncertain data containing errors, 

usually called noisy data. This is an important aspect from the practical point Of view. 

Examples of learning are described in terms of attributes. An attribute can be either 

symbolic or numerical. A symbolic attribute has an unordered set of values. Such a set is 
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typically small. A numerical attribute has an ordered set of values. Usually in TDIDT. 

several classes are learned simultaneously 

TDIDT programs produce decision trees that agree with the learning set of examples. In 

the case of noisy data, however, the learning procedure is allowed to generate a decision 

tree that only partially agrees with the learning data. That is, it does not necessarily 

reclassify the learning data into the classes specified in the examples. The po t of this in 

partial agreement of the synthesised tree is to eliminate noise that appears in the data. 

This is similar to statistical smoothing of data that reduces the effects of noise. 

There are programs in the TDIDT family that can cope with several types of deficiency 

in the learning data. In addition to errors in the learning data, it may also be incomplete. 
In the case of incompleteness, the learning example can only be partially specified. A 

learning set can be incomplete also in the sense that it poorly represents the universe of 

all objects because the set may be very small compared with the complete attribute space. 

Noise and incompleteness make the learning task more difficult which is typical of many 

application areas. 

In the basic TDIDT learning algorithm, a top-down decision tree is constructed by 

iteratively selecting the most informative attribute at the current node in the tree. The 

learning set is then partitioned into subsets according to the values of the selected 

attribute. The process of tree expansion is stopped at a given node when all the examples 

falling into that node belong to the same class or when at least one of the classes in the 

current set has a sufficient majority. 

The technical issue in TDIDT is the problem of estimating probabilities from the learning 

data. This becomes critical when the learning sets are small. They typically become very 

small in the lower levels of a decision tree. 

The best known family of programs that learn concepts represented by if-then rules Is 

AQ which has many members. It is similar to TDIDT in that it uses the attribute-basod 

r. _ i here replaced by the framework. However, the decision tree representation of concepts IS 
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more flexible if-then rule representation. Any decision tree can be easily converted into 
if-then rules whereas the reverse transformation is more complicated. 

As in the TDIDT family, some AQ algorithms are well equipped with special mechanisms 
to cope with noise in the data. If-then rules are more flexible than decision trees and 

therefore a decision tree representation sometimes appears awkward compared with an 

equivalent if-then rule representation. On the other hand, TDIDT techniques are 

somewhat easier to implement and the corresponding programs are typically more 

efficient than the AQ set which suffers to some extent from combinatorial complexity. 

The other inductive learning family is LERS that is based on rough set theory. Pawlak 

(1982,1984, and 1985) first introduced the concept of rough set. Making use of the 

rough set theory for rule extraction for a dynamic system has been reported by several 

researchers (Chan, 1991; Srinivasan et al., 1993; Chmielewski et al., 1993-, Quafafou and 

Chan, 1995). The basis of using rough set theory for learning from examples in LERS is 

illustrated in Fig 2-5 where the examples can be in the fon-n of a decision table. 

Lower 
approximation 

Set of Rought Set 
examples analysis 

Upper 
approximation 

Certain rules 
(inference based on 
classical logic) 

Possible rules 
(inference based on 
classical logic or a 
theory to deal with 
uncertainty) 

Figure 2-5 Principle of using rough set theory for learning from examples 
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The system LERS finds a minimal description of a concept, described by posItIVO 

examples and excluding the remaining negative examples. Thus rules identified by LERS 

may be described as a minimal discriminating description of the concept. The advantage 

of the LERS is that it can quantise the numeric value of attributes and handle two kinds 

of uncertainty: missing values of attributes and inconsistent examples i. e. examples 

characterised by the same values of attributes, although the corresponding values of a 
decision are different. LERS handles inconsistencies using rough set theory that does not 

need any preliminary or additional information about the data. 

A firnitation has been pointed out by Quafafou and Chan (1995) because rough set 

methodology is based on fuzzy rule-based model learning. The process of building a 
fuzzy model starts by replacing the original values by linguistic variables that can be 

obtained, for instance, from elements. Any inconsistency generated by these methods is 

not evident and because the membership functions are considered at the beginning in the 

process of learning rules, the fuzzy model learned is strongly influenced by the quantising 

process. 

2.4.2 Rule generation by fuzzy set operation 

Wang and Mendel (1992) were one of the first to use fuzzy set for knowledge extraction 

from numerical data. In their approach, there are five steps needed to convert numerical 

data into fuzzy rules: (1) divide the input and output spaces of given numerical data into 

fuzzy regions; (2) generate fuzzy rules from the given data; (3) assign a degree of each 

for the generated rules; (4) create a combined fuzzy rule base; (5) determine a mapping 

from the input to the output space based on the combined fuzzy rule base, using a 

defuzzifying procedure. There are some advantages to this approach: (1) it provides a 

general method of combining measured numerical and human linguistic information into 

a common framework; (2) it is a simple and straight forward one-pass build-up 

procedure, so there is no time-consuming iteration; (3) there is a lot of freedom in 

choosing the membership function, which gives flexibility in the design of an intelligent 

system which will match different requirements. 
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One of the disadvantages in this approach is that input variable regions have to be FL\ed 

in advance. Abe and Lan (1995a) developed an approach to extract fuzzy rules dirmly 

from numerical data for pattern classification. Fuzzy rules with variable fuzzy regions 

were defmed by activation hyperboxes which show the existence region for class data 

and inhibition hyperboxes which inhibit the existence of the data for that class. The rules 

were extracted from numerical data by recursively solving overlaps between the two 

classes. Then, according to the number of rules extracted, an approach is developed for 

the selection of optimal input variables. This was extended (Abe and Lan 1995b) to a 
function approximation which relates to deleting redundant input variables. 

The other disadvantage of Wang and Mendel's approach is that the rule-base generated 

f le by fuzzy operators may be incomplete. A fuzzy learning algorithm provides an ef 1C nt 

single pass method for producing approximating functions from training data. Fuzzy 

algorithms are local: the decomposition of the input domains into a fuzzy partition 

produces a set of overlapping regions. This approximation over a region is determined 

solely by the example of a local connection that focuses information contained *in it. 

Localisation introduces the possibility that regions within the domain may not cover the 

scope of the training data. Sudkamp and Hammell (1994) used this to establish rules and 

to interpolate and extend the training information to the entire rule base. 

On the whole, using fuzzy sets to extract rules from numerical data is a simple and 

straightforward approach. However, it does have some disadvantages. First, one data 

pair should theoretically correspond to one rule, so the rules generated by this approach 

could be repeated and the set of rules can be large because the number of sensor 

measurements in process plant can be very large. Furthermore, the rules generated by the 

fuzzy set approach can be in conflict when data are from different sources. 

2.4.3 Rule generation from neural networks 

Feed forward connection neural networks with error back propagation algorithms, which 

extract rules from numerical data, were introduced by Gallant (1988). Gallant's method 

is able to find a single rule to explain the conclusion reached by the neural network for a 

given case. It involves the ordering of available attributes based on strength of inference, 
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i. e. the absolute magnitude of the weights. To form a rule, the remaining attribute with 

the greatest strength is picked. The process continues until the conjunction of these 

attributes is sufficiently strong to conclude the concept concerned. It generates clauses 
for an IF-THEN rule until the sum of absolute weights in a clause is greater than the sum 

of absolute weights of remaining attributes. At this point, that clause forms a rule 

premise. The rule must still be valid for the worst case, where all remaining positive 

attributes have negative activation and all remaining negative attributes are positive. In 

this approach, if the activation level is minus, the absolute weight for process evaluation 
is used. Notice that an attribute with a positive weight can contribute positively if the 

activation is positive, or negatively if the activation is negative. The same applies for an 

attribute with a negative weight. The search space for rules is much smaller in Gallant's 

approach since it focuses only on attributes that contribute positively to a single case. 

Saito and Nakano's method (1988) finds multiple rules from a trained neural network. 

Their method searches through the rule space spanned by attributes selected according to 

given instances. The approach is empirical, and relies on observing the input-output 

behaviour of the trained network directly. 

Hayashi (1990) describes a simple search technique for extraction of fuzzy rules from a 

neural network. The input units are organised as a set of groups. For each rule formation 

cycle, it selects one output cell and one input cell group but does not consider the 

interactions between different cell groups. The weights between the input and hidden 

layers are fixed during the learning process. Rule search is conducted directly in the 

space of primary attributes, without involving pattern formation and combination in the 

hidden layer, The overall search width is much more limited. 

The rule generation method from neural networks by Fu (1994) is illustrated by reference 

to Figure 2-6 which is based on KT -- 'Knowledgetron' method. The word 

'Knowledgetron' is defined by the author and refers to a neural network with 

knowledge. A rule generated has the form of 

IF the premise, THEN the action (conclusion). 

Specifically for the case in Figure 2-6. 
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IF A'l, --- Al-, --- ---, AT, .. - --,, 4-j 9 ..., THEN C (or 

where At, is a positive antecedent (an attribute in the positive form), -Aj is a negative 

antecedent (an attribute in the negative form), C the concept (conclusion), and --, reads 
ý. 4 not". Each node in the hidden or output layer is designated by a symbol that represents 

a concept to be confirmed or not confirmed. Confirmation or non-confirmation of a node 

concept is measured by the activation of the node. 

B 

Figure 2-6 Network for rule generation by Fu (1994) 

It is necessary to train the neural network first and then, based on the above concepts, a 

detailed procedure is developed for extracting rules. It overcomes the limitations of other 

methods (Gallant, 1988; Hayashi, 1990; Saito and Nakano, 1988) of extracting rules 

using trained neural networks. 

2.4.4 Concluding remarks 

Extracting rules from numerical data can be classified into two categories: incremental 

and non-incremental learning (Chan 1991). The former works on one example at a time 

and the latter is based on using all training examples at once. Both the fuzzy and rough 

set methods are incremental. Although a training neural network itself is by its nature 

non-incremental, the rules generated by training a neural network are still Incremental. 

The problem with this approach is that some information contained in the numerical data 

AAAAAA 
I12211 -' 
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is lost during the results filtering which is a necessary step in the method. This IS unlike a 
neural network that has to take into account all data used for training in order to obtain 
the weights. However, incremental learning has the advantage that it is recursive. This 

means that if new data is made available, it does not need to go back to train using the 

old data but simply updates existing knowledge. This is particularly useful for on-line 

applications since new data is often continuously gathered. 

The method of rule generation using fuzzy set operation generates a rule for each data. 

It does not make use of information contained in the data because the procedures are 
independent. This becomes worse when the data pair become large. 

The rough set method was originally not able to generate fuzzy rules. Quafafou and Chan 

(1995) improved the method so as to be able to generate fuzzy rules but there are still 

certain limitations, as noted by Quafafou and Chan (1995): 

1. some elements can result in inconsistencies in the process of building a fuzzy model 

which starts by replacing the original values by linguistic variables, 

2. the membership functions are considered early when exploring learning rules and the 

resulting fuzzy model is strongly influenced by the quantising process. In order to 

cope with this problem, the original values must be integrated into fuzzy rules related 

to the learning process. The membership function is used as late as possible. 

The neural network method proposed by Fu (1994) depends on training a structured 

neural network properly. The nodes represent concepts and branches describe cause- 

effect relations. But the size of rules increases dramatically with the increase in the size 

of the problem. 

2.5 General Observations 

In the light of the above analysis, the following observations can be made. 

Firstly, the episode-based approaches for qualitative interpretation of dynamic 

transients are easily adversely influenced by noise. Other approaches reviewed are 

not able to address the dynamic and time as well as local features of a transient 
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signal. Both the frequency and time of an event on a dynamic transient signal may 
carry important information. There is clearly a need to develop methods that are 
able to simultaneously remove noise components and reduce dimensionality. At the 

same time the extracted feature retains a high degree of fidelity with respect to the 

original signals. 

It is clear that unsupervised neural networks are potentially powerful because they 
do not need training data and provide a means of avoiding extrapolation. These 

approaches should also be recursive so that they can continuously update their 

performance during application. Unfortunately most of the approaches are not 
developed specifically for data from process on-line measurements. Work needs to 
be done on these approaches, typically on issues of how to deal with signal noise. 

Compared with the progress in knowledge discovery through automatic machine 
learning, little effort has been made in the process industries to generate 

knowledge directly from data. The major difficulty has been that existing 

approaches are mainly for dealing with variables that are symbolic or discrete, such 

as a colour being green or red. There is the need to develop methods that are able 

to bridge the numerical data with symbolic descriptions for the purpose of 

knowledge discovery. 

The remaining chapters are devoted to exploring concepts using the above and to 

developing of a framework for integrating them. Application of the methods to 

processes that are at an industrial scale is also important for validation purposes. 



Chapter 3 

WAVELET BASED SIGNAL 

PRE-PROCESSING FOR 

NEURAL NETWORKS 

3.1 Introduction 

In process monitoring, dynamic trend signals may represent more important information 

than the instant values of variables. In fact operators spend more time on monitoring 
trends than the instant values. Dynamic trends are characterised by noise and high 

dimensionality. Firstly, with a high noise to signal ratio, it is difficult to distinguish the 

real change of a signal from that due to noise. Secondly, a segment of a dynamic trend 

may consist of tens of sampling values and a process may have several hundreds of such 

trends being continuously monitored. Therefore it is necessary to reduce the 

dimensionality by representing trend using a minimum number of features before using it 

with tools for process operational state identification and diagnosis. 

The wavelet based signal pre-processing technique described in this work generates 
features for both operational state identification and knowledge extraction. The goal of 
feature extraction is to map the original measurements into a feature space. The 

approach involves: 

1. extraction of features to reduce dimensionality of the original signal and retain as 

much of the relevant information as possible; 

2. filtering out noisy components. 
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For wavelet applications in chemical processes, two approaches have been proposed for 
interpreting dynamic trends. Bakshi and Stephanopoulos (1994) used wa-,, 'clet 
decomposition of functions to find the points of inflexion in trends. Trends are then split 
into episode descriptions according to the identified inflexions. Therefore, this approach 
can be regarded as episode-based and wavelet decomposition is only used to find the 
inflexion points. Based on the wavelet packet transform, Dai et al (1995) developed a 
framework using time-frequency phase planes to represent and analyse dynamic trends. 
The trends are converted into the form of visual graphics that was helpful for human 

experts in decision making but not suitable for computer based decision support systems. 
The influence of noise is not considered in above work. 

The wavelet based signal pre-processing approach in this work is different from previous 

work. The approach picks out the wavelet transform corresponding to the turning points 

of trends and uses this as a feature to define the trends. Such features capture the 
information about process changes such as sudden disturbances, as well as increases or 
decreases of variable values. The approach also takes the influence of noise into account. 

The rest of this Chapter starts by introducing the relevant wavelet theory. Then the 

feature extraction approach and its implementation are described, followed by noise 

component removal and piece-wise processing as a basis for dimension reduction. 

Finally, feature extraction using wavelet and Fourier transforms are compared and some 

general observations are made. 

3.2 Wavelet Theory 

The following is only a brief introduction to wavelet theory: detailed treatments can be 

found in Daubechies (1992), Hernandez and Weiss (1996), and Chui (1992). 

A wavelet is a function V(t)ELý (R) such that: 

yf(t)dt =0 (3- 1) 

A family of functions (Ta, b(t) I is generated by the basis function 
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Va, 
b jai 

t- b 
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a, b(=-R and a#O 

where a is a dilation parameter, and ba translation parameter. The forward wavelet 

transform involves computation of the inner products 
(f (t), qf,,, b(t)) fo r all 

a, b c- R and a#0. The inner products are called the wavelet coefficients and arc 

defined as: 

(t))= lal -1/2 ff (t)V* (t 
b 

)dt (3- 3) 
a 

where the asterisk denotes the complex conjugate, and the notation (e) is used for the 

standard inner products evaluated according to 

(f 
, g) 

ff (t)g * (t)dt (3- 4) 

The functionflt) can then be reconstructed from the wavelet coefficients: 

ým 

C-1 
ff (f dadb 

(3- 5) Ta2 

To make the wavelets useful analytic functions, the basic wavelet must possess certain 

desirable properties. From the inversion formula given in Equation 3-5, the condition for 

a function Nf(t) having a Fourier transform 0 (o)) to be a wavelet is 

-I ý/(O))I, do)< oo (3- 6) 

This condition is called the admissibility condition (Grossmann et al, 1985). If the 

wavelet W(t) is an absolutely integrable function, as is usually the case, then the Fourier 

transforin (w) is continuous. If (Co) is continuous, c, can be infinite only if 

V(O) =0f V(t)dt =0 (3- 7) 

A wavelet must therefore be an oscillatory function with zero means. Equation 3-6 also 

I 

Wi . 
Therefore, the wavelet Nf(t) decays at least (o 

0i suggests that IVv^ ))I' decays at least as 
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I 
according toý 

1 
for some c>0. In practice, much stricter decay conditiolls are tr 

imposed on Nf(t). 

.0 
Associated with each wavelet there are time and frequency localisation defined. 

respectively, by: 

07t2 
f 

(t 
-t )21YV(t)l 2 dt (3 - 8a) 

-010 

t702 
f 

(0) 21 ^ (0»1 
2 

V/ d o) (3 - 8b) 

Wavelets can broadly be classified as continuous and discrete. Given a basic wavelet 

function xV(t), the continuous wavelet transform (CWT) coefficients of a function. f(t) are 
defined by: 

CWTf (a, b) lal-"2 ff (t)v* tabt (3- 9) 

a, bER and a#O 

For signal processing, a discrete wavelet transform is often used. Where the scale-time 

parameters a and b are restricted to the following forrns: 

a=a' , b=nb a' 000 

Vfm, 
n 

(t)= 2 -m12 yf (2-' t- 

The discrete wavelet transform (DWT) then has the form 

DWTf (m, n) 
(f ao 

m/2 ff (t) VI(a -' t- nb, ) dt 

m, neZ 

10) 

11) 

12) 

where ra, n are integers. Typically, ao =2 and bo =I is used, although ao and bo need 

not be restricted to these values. Figure 3-1 shows a typical non-orthogonal but 

symmetric wavelet (Mexican hat) which is essentiaHy the second derivative of a Gaussian 

function. This figure shows how the dilation parameter, m, and translation parameter, n, 

affect the wavelet function shape. For smaH values of the dilation parameter m. the 
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wavelet is narrow and tends to localise in a small window defined by a short-time Fourier 

transform. 

Mother Wavelet 
m=O, n=0 

2 

I 

0 

I 

0 

-20 -15 -10 -5 05 10 is 20 

Dilation 
m=2, n=O 

-20 -15 -10 -5 05 10 is 20 

Compression 
m=-2, n=O 

-ýo -15 -10 -5 05 10 15 20 

2 

Translation 
m=O, n=8 

I 

C 

-20 5 -10 -5 05 10 15 20 

Figure 3-I Mexican hat wavelet at different dilation and translation 

3.3 General Description and Implementation for Data Pre-processing 

The pre-processing approach, as shown in Figure 3-2, includes multi-scale wavelet 

decomposition of process residuals which are generated by comparing the on-line signals 

with a steady process trajectory. The residual generation procedure is not considered in 

detail. It is assumed that residuals have been appropriately generated in what follows. 

The decomposition divides the residual into two parts: a detailed signal and an 

approximate. Here, feature for pattern identification is extracted from the detailed signal 

while the approximate signal is used for knowledge extraction and representation by a 

fuzzy neural network. 
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Wavelet 
decomposition 
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Knowledge Pattern 
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Figure 3-2 Wavelet based signal pre-processing 

The residual generation process is essential not only for process behaviour evaluation but 

is also needed for wavelet transformation of signals. In chemical plant, the signal 

measurements have a physical meaning, e. g. reaction temperature of 4509C. However, 

this cannot be directly used in a wavelet transform for two reasons: 
1. the trajectory of process variables may not be constant, for example, during periodic 

operation; 

2. the results of wavelet transform can be distorted when the process steady trajectory 

is included, even if it is constant. This has serious implications for the approximate 

part of the signal. 

The second reason is best explained by an example. The temperature trend of an 

industrial FCC reactor is plotted in Figure 3-3(a) where the process steady trajectory is 

expected to be 498'C. The approximation of a four-scale multi-resolution analysis is 

shown in Figure 3-3(b). Obviously, the approximation cannot represent the main trend of 

the original signal which fluctuates between 497 and 499'C, while the approximation of 

the wavelet transform varies from about 200 to 550'C. There is no literature discussing 

this aspect of wavelet transforms. The effect is probably caused by 'end effects' because 

sudden changes occurred at the beginning and end of the approximation. However, the 
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approximation in Figure 3-3(b) still changes between 470 and 550'C even if the 

beginning and end of the approximation are ignored. 
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Figure 3-3A process signal (a) and its low pass approximation (b) 
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