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ABSTRACT 

In this dissertation, techniques that have potential 

applications to the digital operation of nuclear reactors 

are developed. A digital controller is developed to plan 

feasible control actions and digital transient identifiers 

are developed to detect unexpected events. 

Given an operational objective, the model based 

controller identifies a sequence of control actions that 

will fulfill the operational objective. The hazard 

anticipator checks the feasibility of the control. Only by 

means of the hazard anticipator, can the digital control 

system safely perform control actions without violating 

technical specifications and the limits of the physical 

system. In the controller, a precursor population meter 

implemented as a finite filter of the power history 

provides effective and accurate estimation of the delayed 

neutron precursor population. 

In this dissertation, techniques of transient 

identification are developed to detect unexpected events. 

Neural networks are used to identify different types of 

transients based on the distinct features extracted from 

the transients by matching pursuit decomposition or by 

shiftable wavelet transformation. The techniques have been 

shown to work well in extensive tests. 



CHAPTER 1 

INTRODUCTION 

1.1 Digital Operation of a Nuclear Reactor 
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Operating a nuclear reactor is a very complicated 

task, due to the complexity of both the system and its 

technical specifications. It took decades of effort from 

thousands of scientists and engineers to design a nuclear 

power plant and to develop its technical specifications, 

but only a few operators operate it. It is beyond any 

individual's capability to know every detail of the whole 

system. A good understanding, however, of the plant is 

vital for an operator to take prompt and appropriate 

control actions during operation. The operators are one of 

the most important factors that either degrade or improve 

power plant performance. 

Most nuclear reactors are equipped with analog 

controllers that were designed some 15 to 35 years ago, 

before digital techniques were widely available. Vital 

information about the plant is conveyed by the signals from 

several hundred instrumentation channels, which are used in 

control systems, protection systems and plant monitoring 

systems. Finding simple cues about the plant status from 

this vast amount of signals requires a thorough 
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understanding of the plant and effective analytical 

methods. It relies on intensive human intervention, and is 

generally only done well by experienced personnel. 

Currently, utility companies are experimenting with 

various approaches of implementing digital control systems. 

Utilizing advanced digital techniques, which only became 

available in recent years, to facilitate the operation of 

nuclear power plants has the potential to enhance the 

plant's safety, reliability, and operability. The decision 

to utilize digital technology for control brings with it a 

number of questions. Is it possible to design a digital 

controller that will replicate or even outperform each of 

the functions now performed by a human? If not, which tasks 

should be assigned to the machine, and how can one be 

certain that licensed operators will understand and 

recognize the machine's limitations? These and related 

questions are now being debated within the nuclear 

engineering communities, as well as chemical and aerospace 

communities. The objective of this study is to address part 

of this debate by developing techniques that have potential 

applications to the digital operation of nuclear reactors. 

1.1.1 Tasks for Operating a Nuclear Reactor 

Three tasks are involved in operating a nuclear 

reactor. These are planning, implementation, and 



assessment. Bernard and Lanning (1992) identified these 

tasks as follows. 

15 

Planning entails first noting the operational 

objectives, then determining the current plant state, and 

finally identifying the most efficient means for achieving 

the objectives, given the confines of technical 

specifications and the limits of the physical system. A 

specific sequence of control actions is then chosen based 

on the operator's experience and understanding of the 

plant. 

Implementation of the selected control action may 

require the simultaneous application of signals to several 

plant subsystems. This process is already often automated 

via electromechanical means. 

The last of the three tasks is assessment, which is 

the most complex. Operators must ascertain that the 

required control action is being implemented, and that the 

plant is behaving as expected. If all proceeds as 

anticipated, there is little difficulty. But if it is not 

the case, the operator must determine why. Is his or her 

understanding of the plant's behavior deficient? Or has 

some unexpected event (accident) happened, and, if so, 

which one? Assessment is generally only done well by 

experienced operators. 
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The operator's ability to predict or anticipate plant 

behavior is extremely important for planning and 

assessment. In the case of planning, without the ability to 

predict the plant behavior, the operator would not know 

whether the operational objective is achievable, and 

whether or which control actions will fulfill the 

objectives. For assessment, the operator is required to 

predict the plant behaviors over a broad range of 

scenarios, under normal or abnormal conditions. Prediction 

is so important for the reactor operation that sometimes it 

is isolated as one of the essential tasks to be performed 

during operation (Bernard and Lanning 1992). 

Working with an analog control system, with which most 

nuclear reactors are currently equipped, a licensed reactor 

operator needs to predict the plant behavior, to plan 

control actions, to initiate implementations and to assess 

the results. Analog controllers only serve as an extension 

of operators' capability to implement a control action. 

Digital technology offers software which is designed 

to provide the equivalent control functions that are 

normally performed by a human operator. For example, a 

model based control algorithm could be used for prediction 

and planning, and techniques of transient identification 

could be used for assessment. Digital operation of nuclear 



power plants has the potential to enhance their safety, 

reliability, and operability. 

1.1.2 Specific Objectives 
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The first specific objective of this study is to 

develop a model based controller with a hazard anticipator 

as the means for digital control of the power transients of 

point-reactors. The controller tracks a desired power 

trajectory; the hazard anticipator predicts "the 

feasibility of control". The technique provides automated 

prediction and planning, and also reduces challenges to the 

reactor safety systems by avoiding "unfeasible controls". 

The second specific objective is to develop innovative 

techniques, including neural network based matching pursuit 

analysis and neural network based shiftable wavelet 

analysis, as means for transient identification. These 

techniques will facilitate the assessment task, especially 

the diagnosis of unexpected events, which challenge the 

reactor safety systems. Furthermore, as general techniques 

for signal processing, they can also be applied to a 

variety of transient identification problems, for example, 

analysis of electroencephalogram. 
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1.2 Tasks and Approaches 

1.2.1 Control of the Reactor Dynamics 

One of the challenges to the reactor safety comes from 

the intrinsic dynamics of the reactor. The reactor dynamics 

is a nonlinear system with characteristic of time-delayed 

processes, as the results of, for example, the interval 

between the creation of precursors and the appearance of 

delayed neutrons, and the interval between the generation 

of energy and the transfer of heat. The production of 

delayed neutron precursors is directly proportional to the 

instantaneous reactor power; however, the delayed neutron 

population is dependent on the dynamics of the precursor 

decay. Similarly, the energy deposited in the fuel element 

by fission is directly proportional to the neutron 

population; however, the temperature of fuel and coolant, 

which usually have direct effects upon the population of 

neutrons through reactivity feedback, are dependent on the 

dynamics of heat transfer between the fuel elements and the 

coolant. 

Therefore, in order to track a desired power 

trajectory, the reactivity inserted by control actions 

shall not only drive the prompt neutron population, but 

also offset the contribution from delayed neutrons and 

compensate for the change of fuel and coolant temperature. 

In this project, a model based control law (developed by 



J.G. Williams, X. Xu, and B. Shen) is used to track a 

desired power trajectory. 

1.2.2 Prediction of the Feasibility of Control 
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Another challenge to the reactor safety is unfeasible 

control plans. The feasibility of control was originally 

introduced by Bernard, Henry and Lanning (1988) as follows: 

"a reactor together with a designated control mechanism is 

defined as being feasible to control if it is possible to 

transfer the system from a given power level and rate of 

change of power (i.e., period) to a desired steady-state 

power level without overshoot (or conversely, undershoot) 

beyond any specified tolerance bands." In order to level 

the power smoothly, it is essential to limit the delayed 

neutron contribution so that, upon attainment of the 

desired power, the rate of reactivity insertion, which is 

limited by the speed of control rod movement, will 

sufficiently reduce the population of the prompt neutrons 

to offset the rise in the delayed neutron population. 

Here, I generalize the concept of feasibility of 

control to a broader sense. Given a desired power 

trajectory, a reactor together with its designated control 

mechanism is feasible to control if it is possible to track 

the power trajectory without overshoot (or conversely, 

undershoot) beyond specified tolerance bands. Assessment of 



the feasibility of control requires precise prediction of 

the plant's behavior. In this study, I developed a model

based hazard anticipator to check the feasibility of 

control to a given trajectory. 

1.2.3 Identification of the Reactor Transients 

Unexpected events (accidents) also challenge the plant 

safety system. In this study, three scenarios are 

considered. (i) Sudden change of heat transfer coefficient, 

which is sometimes caused by partial loss of flow, affects 

the dynamics of heat transfer between fuel elements and 

coolant. If the fuel temperature feedback coefficient is 

not zero, the reactivity is affected due to the change of 

fuel temperature. The accident may challenge the reactor 

safety systems or degrade the plant's performance. The 

power transient caused by this unexpected reactivity can be 

used to identify this unexpected event. (ii) The step

reactivity insertion below prompt critical will cause a 

prompt jump of reactor power and then a slow transient to a 

steady power as the inserted reactivity is compensated by 

negative reactivity feedback. (iii) The last type of 

transient to be considered is caused by the ramp-reactivity 

insertion. For the same initial condition, the transients 

of type (ii) and (iii) will reach the same equilibrium 

state, if the total reactivity change is the same. 

Therefore, any transient identification method only based 
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on state vector will not be able to differentiate these two 

types of transients. These three types of transients are 

all similar aud sensitive to the model parameters. 

Prompt and accurate identification of unexpected 

events is essential for prompt and appropriate control 

actions to avoid further development of the accident. In 

this study, I developed neural network based matching 

pursuit analysis and neural network based wavelet analysis 

as means for transient identification. Matching pursuit 

decomposition and shiftable wavelet transform are used as 

preprocessors of a neural network to extract features of 

the transient. A feedforward neural network is used for 

pattern recognition based on the features extracted by the 

matching pursuit decomposition or by the shiftable wavelet 

transform. 

1.3 Transient Identification 

1.3.1 Model Based Approach 

Traditional approaches for transient identification 

are usually based on physical models of the plant. Such 

modeling involves the derivation of mathematical equations 

describing the various processes, based on the conservation 

laws of physics. Even though very accurate models can be 

obtained by physical modeling of well-understood processes, 



some of the major drawbacks of this approach are as 

follows (Parlos, et al., 1991): 

1. the need for considerable human resources for the 

development and verification of physical models; 

2.the complications in accurately modeling poorly 

understood physical phenomena; 
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3.the relative difficulty in (on-line modification of) 

physical models to reflect modeling uncertainties and other 

changes (drifts) in the operating characteristics of 

plants. 

Furthermore, using the model-based approach to 

identify these transients is heavily dependent on the 

correctness and the accuracy of the model and the model 

parameters. 

Despite the existence of a rich literature on 

empirical system modeling, useful algorithms and successful 

results for nonlinear dynamic systems are scarce. Most of 

the reported research has concentrated in the linear 

domain, resulting mainly in theoretical developments (Ljung 

and Gunnarsson, 1990). However, the nuclear reactor system 

is highly nonlinear. Use of linear structures to model such 

systems has not proven very successful in the past (Parlos, 

Chong and Atiya, 1994). 
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1.3.2 Neural Network Based Approach 

Recently, a number of studies have been reported in 

the literature (discussed in detail in section 2.2.3) on 

the use of artificial neural networks (ANNs), for nonlinear 

system identification and the empirical modeling of 

nonlinear static and dynamic systems. Artificial neural 

networks are able to perform some of the functions in a 

similar way that a human operator would perform them: 

learning from experience. It has been suggested (Ljung and 

Gunnarsson, 1990) that the neural network approach may have 

the potential to outperform other traditional techniques. 

Currently, most approaches use the instantaneous state 

vector as the input to the neural network. Since state 

variables are highly redundant, any inconsistency among 

them indicates a possible unexpected event. Training of the 

network benefits from its relatively low dimensionality, 

and resulting in fast learning and few local minimum traps. 

However, different events may cause different transients 

but reach the same state, as type (ii) and (iii) transients 

discussed in the previous section. In this case, this 

method is unable to differentiate these events. 

Ideally, one would use the transient history as input 

to the neural network. However, this will increase the 

dimension of the network dramatically, causing slower 

learning and more local minimum traps. 
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The drawbacks of the above mentioned two approaches 

are due to a poorly defined feature space. In the first 

case, features do not contain enough information to 

differentiate two events. In the second case, the dimension 

of the feature space is overwhelmingly large and the 

features do not offer simple clues for the network to 

perform any practical pattern recognition. Therefore, it is 

essential to have a preprocessor for feature extraction 

from the sampling points of the transient to provide 

simpler clues of the transient to the network. 

1.3.3 Preprocessors of Neural Networks 

In this project, matching pursuit decomposition and 

shiftable wavelet transformation are used as feature 

extractors. 

A matching pursuit is an algorithm that at each 

iteration chooses, from a dictionary, a waveform that is 

best adapted to approximate part of the signal. It offers 

several advantages listed as follows: 

(i) It has a dictionary with a large vocabulary. 

(ii) It offers both temporal localization and 

frequency localization of transient patterns. 

(iii) It provides concise and informative descriptions 

of the transient. 

(iv) The transformation is shift invariant. 
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For transient identification, an on-line algorithm 

will be appreciated. However, there is still no on-line 

algorithm available for matching pursuit decomposition, due 

to its nonlinear iterative search in the algorithm. 

Multiresolution approximation, a special type of 

wavelet transformation which has gained growing attention 

since it was developed by Mallat (1989), provides great 

compressibility of transients. In this project, I have 

developed an on-line algorithm to efficiently perform the 

transformation under a moving window. 

A major drawback of the multiresolution approximation 

is its lack of shiftability. For transient identification, 

the onset of an event is usually unknown. Therefore, 

different shifts of the event in time may result in 

different features extracted by the transformation. In 

order to overcome this problem, I developed a shiftable 

version of the multiresolution approximation which 

minimizes the energy in the high resolution levels. Under 

this new transformation, different shifts of the event 

result in identical features, which are the signature of 

the event. 

1.4 Organization of the Dissertation 

The dissertation is organized into eight chapters. The 

first chapter is a general introduction to the work. The 

second chapter introduces the reactor dynamics mainly based 
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on Hetrick's book (Hetrick 1993)), and provides some 

literature reviews of related work in nuclear engineering. 

The third chapter introduces signal processing techniques 

and pattern recognition techniques including wavelet 

transformation, matching pursuit decomposition and neural 

networks. The first three chapters introduce and lay the 

necessary background for the further development in the 

later chapters. 

Chapter 4 contains my original work on a control 

algorithm for nuclear power transients. A closed form 

solution has been derived to check the feasibility of 

control. An effective approximation has been proposed to 

estimate the delayed neutron population. Simulations have 

shown that (i) the control algorithm is effective, (ii) the 

prediction of feasibility of control is correct, and (iii) 

the estimation of the delayed neutron population is 

accurate. 

Chapter 5 contains my original work on power transient 

identification using neural network based matching pursuit 

analysis. Extensive tests have shown that the technique is 

not only able to identify the events that cause the 

transients over a broad range of scenarios, but also 

performs well for untrained scenarios under noisy 

conditions. 
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Chapter 6 contains my original work on power transient 

identification using neural network based wavelet analysis. 

For on-line transient identification, I developed an on

line algorithm for the multiresolution approximation under 

a moving window. To resolve the shiftability issue of the 

pyramidal algorithm, I developed the shiftable 

multiresolution approximation. with these advances in 

wavelet theory, neural network based wavelet analysis has 

shown powerful applicability for transient identification. 

Chapter 7 provides discussion about the rationales of 

the techniques developed in chapters 4, 5 and 6. The model 

based controller with hazard anticipator is developed for 

planning control actions. The neural network based matching 

pursuit analysis and neural network based shiftable wavelet 

analysis for transient identification is developed for 

assessment. 

Chapter 8 concludes the whole dissertation. 
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CHAPTER 2 

REACTOR DYNAMICS AND TRANSIENT IDENTIFICATION 

2.1 The Point Reactor Model with Reactivity Feedback 

This section introduces the point reactor model with 

reactivity feedback, based on the theory of nuclear reactor 

dynamics, which was presented in Hetrick's book (Hetrick 

1993). Figure 2.1 is a reproduction from Hetrick's book 

with permission. 

2.1.1 The Point Reactor Model 

Reactivity, neutron generation time, and delayed 

neutrons are three basic concepts of the dynamics of 

fission reactors. Reactivity is the relative departure from 

unity of the neutron reproduction factor k, which is the 

ratio of neutron populations between successive 

generations. The neutron generation time is the mean time 

for neutron reproduction in a multiplying assembly. In 

fission the prompt neutrons are released immediately. 

Delayed neutrons are released in certain nuclear 

transitions that occur in many types of highly excited 

fission fragments, the delayed neutron precursors. The 

half-lives of the relevant processes vary from a quarter of 

a second to close to a minute. 
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Six distinct delayed neutron groups are generally 

recognized in reactor dynamics studies. Researches over the 

last few decades indicate that six groups of delayed 

neutron precursors are necessary and sufficient for an 

optimum least-squares fit to the transients of different 

types of fission reactors. 

The point reactor model can be interpreted in terms of 

a simplified dynamic neutron cycle, shown in figure 2.1. 

Let n(t) be the population of neutrons at time t and let 10 

be the neutron lifetime. 

.1 FISSION PRODUCTION 1 
.. ~ ----.RATE= knl/o . 

L--r--------rl~ (i-13)knl1o i 1 
S A,e; : P,knIlo 

DELA YED-NEumON 
PRECURSORS 

Figure 2.1 Simplified neutron cycle. 

The total loss rate of neutrons is n/101 where n is 

the instantaneous neutron population and 10 is the mean 

neutron lifetime. Let k be the average number of neutrons 

produced per neutron lost. The corresponding reproduction 



rate is knll o• Let Pi be the fraction that are delayed 

neutrons with decay constant Ai' then the fraction of 

prompt neutrons is (l-P), where pb~iPi. Let S be the 

neutron production rate from extraneous sources. The 

neutron balance equation is 

. dn k - 1 - Pk 
n = - = n + " A.C. + S , 

dt 1 ~ ~ ~ 
o ~ 

(2.1 ) 

and the balance of delayed neutron precursors Ci is 

dC i 
Ci = dt (2.2) 
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k - 1 
Interpreting the reactivity p = and the neutron 

k 

generation time I=lolk, we obtain the point reactor model 

as follows, 

dn p - P - = n + " A.c. + S dt I ~ ~ ~ 
~ ( 2 .3) 

dCi Pi 
-- = -n - kC. 
dt I ~ ~ 

If initially the reactor is at the equilibrium state, 

i. e. , 

n(O) = P, P n(O) + ~ AiCi(O) = 0 
~ 

(\(0) = ~ n(O) - AiCi(O) = 0 
(2.4) 

the initial condition of precursor population can be solved 



from the above equation. 

C AO) = Pi n(O) = 
lA. i 

Pi n • 
IA. . 0 

~ 

2.1.2 Reactivity Feedback 

( 2.5 ) 

The portion of reactivity change arising from the 
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effects of energy production is called reactivity feedback. 

In this study, the reactivity feedback due to change of 

fuel temperature is considered. The reactivity coefficient 

is defined as 

(2.6) 

where P is the reactivity change due to the change of the 

fuel temperature Tf • 

For linear reactivity feedback, aT is constant. The 

total reactivity of the system is then, 

( 2 .7) 

where Pi is the reactivity insertion from control actions. 

The dynamics of fuel temperature is governed by the 

power produced by nuclear fission and the heat transfer 

from the fuel elements to the primary coolant. Newton's 

cooling law is used here: 

(2.8) 

where Tf is the relative fuel temperature departure from 



its initial conditions, thus, T[(O)=O; Tw is the relative 

coolant temperature departure from the initial fuel 

temperature; y is the heat transfer coefficient; K is the 

inverse heat capacity of the fuel elements. 
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If the system starts from its equilibrium state, i.e., 

Tf = Kn(O) + y(O)Tw (0) = 0 ( 2 .9) 

the initial coolant temperature can be solved as follows, 

(2.10) 

For the system starting from the equilibrium state, 

introducing the relative coolant temperature T'w=Tw-Tw(O), 

and ignoring the source term S, the point-reactor model 

with fuel temperature feedback is as follows, 

n 
p-p 

LAiC i = n 
I i 

p. 
AiCi Ci = -~ n 

I (2.11) 

The above equations were used to build a simulator of the 

TRIGA reactor at the Department of Nuclear and Energy 

Engineering, University of Arizona. If the coolant 

temperature and the heat transfer coefficient remain 

constant, i.e., T'w=O and Y=1o, the dynamics of fuel 



temperature can be further simplified as follows 

Tf = K(n - no) - YI'f • (2.12) 

The reactor system is nonlinear due to the fuel 

temperature feedback, and also is time variant due to the 

time dependent nature of Pi' as well as y and Tw' 

2.2 Transient Control and Identification 

This section surveys recent researches on transient 

control and identification in nuclear engineering up to 

June 1995. According to the method used, researches are 

grouped into three classes, the model based approach, the 

expert systems and the artificial neural networks. 

2.2.1 Model Based Controllers 

Model based approaches utilized well established 

system control theories and reactor dynamic models for 

digital operation of nuclear reactors. Many nonlinear 

strategies have been developed, including extended Kalman 

filter (Karlov, et al., 1994, Xu, 1994), inverse dynamics 

control paradigm (Berkan, et al., 1992), and the period

generated control law (Bernard, Henry and Lanning, 1988). 

JJ 

Bernard, Henry and Lanning (1988, 1991) developed a 

period-generated control law, which is a model-based 

technique that combines feedback and feed forward control 

action in a manner that cancels the effects of the system's 
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dynamics on the controller's performance. The technique is 

able to achieve trajectory tracking in the power ascent 

task. Furthermore it is also able to replicate some of the 

functions that humans perform when exercising control, in 

particular, to predict expected plant response and thereby 

facilitate diagnosis. 

The integration of system identification and robust 

control has been considered (Karlov, et ale 1994). The 

identification algorithm is an extended Kalman filter; the 

robust control algorithm is based on Petersen-Hollot's 

bounds. The identification and control problems are coupled 

because the inputs for the identification task are selected 

to optimize the robust control performance. 

An inverse dynamics control paradigm was developed by 

Berkan, et al., (1992). The primary objective was to 

develop a nonlinear control strategy that is simple to 

implement and is capable of providing robust control in 

case of severe nonlinearity and uncertainty in the plant. 

Their approach was based on the foundation of standard 

inverse-problem methods of mathematics; the closed-form 

control solution allowed heuristic interpretations at the 

design and implementation stages. The nonlinear control law 

was shown to be capable of full-envelope automated startup 

operation in nuclear reactors without operator 

intervention. 
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2.2.2 Expert systems 

Expert system that help nuclear power plant operators 

to detect and diagnose abnormal conditions have been 

developed at The Ohio state University (Miller et al. 

1994). These systems are designed to continuously monitor 

plant parameters and when an abnormality is detected, 

trigger a diagnostic module, by means of hierarchical 

classification. 

2.2.3 Artificial Neural Network 

Recent research has demonstrated artificial neural 

networks as potential model structures for the development 

of nonlinear empirical models (Ljung, 1990, Parlos, Chong 

and Atiya 1992). Artificial neural networks have found 

applications in fault detection and identification (FDI) 

systems, plant monitoring, system modeling, parameter 

estimation, reactor control and so on. The following 

paragraphs survey recent researches on the application of 

artificial neural networks to nuclear engineering. 

The integration of artificial neural networks with 

fuzzy reasoning has been shown to be able to measure 

variables with operational significance in a complex system 

such as a nuclear reactor (Ikonomopoulos, Tsoukalas and 

Uhrig 1993). Neural networks were used to map dynamic time 

series to a set of fuzzy values. An optimization algorithm 

based on information criteria and fuzzy algebra assists the 
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identification of different states of the monitored 

parameter. The technique was applied for monitoring 

parameters such as performance, valve position, transient 

type, and reactivity in a high power research reactor. The 

technique was shown to be tolerant against faulty signals 

and noisy inputs. 

Using the recurrent multilayer perceptron network as 

the underlying model structure, a nonlinear multivariable 

empirical model was developed for a U-tube steam generator 

(Parlos, Chong and Atiya 1994). The recurrent multilayer 

perceptron is a dynamic neural network, very effective in 

the input-output modeling of complex process systems. A 

dynamic gradient descent learning algorithm was used as the 

training algorithm, which improved the convergence speed 

over static learning algorithms. Learning and prediction 

both appeared very effective, despite the presence of noise 

in training and testing sets. The recurrent multilayer 

percept ron appeared to learn the deterministic part of a 

stochastic training set, and it predicted approximately a 

moving average response. Extensive model validation studies 

indicate that the empirical model had the ability to 

extrapolate, though on-line learning became necessary for 

tracking transients significantly different than the ones 

included in the training set. Caution, however, must be 



exercised because extensive on-line validation of these 

models is still required. 
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Parlos, Muthusami, and Atiya presented the development 

and numerical testing of a robust fault detection and 

identification (FDI) system using artificial neural 

networks, for incipient (slowly developing) faults 

occurring in process systems (Parlos, Muthusami, and Atiya 

1994). In order to detect faults of varying severity, 

faults from noisy sensors, and multiple simultaneous 

faults, it was essential to have a learning algorithm that 

ensures quick convergence to a high level of accuracy. For 

accelerated learning, they used an adaptive back 

propagation (ABP) algorithm. The ABP algorithm was used for 

the development of an FDI system for a process composed of 

a direct current motor, a centrifugal pump, and the 

associated piping system. Simulation studies indicate that 

the FDI system has high sensitivity to incipient fault 

severity, while exhibiting insensitivity to sensor noise. 

For multiple simultaneous faults, the FDI system detected 

the fault with the predominant signature. The major 

limitation of the developed FDI system was encountered when 

it was subjected to simultaneous faults with similar 

signatures. During such faults, the inherent limitation of 

pattern-recognition-based FDI methods becomes apparent. 

Even though the effectiveness of pattern-recognition-based 



FOI methods using ANNs has been demonstrated, further 

testing using real-world data is necessary. 
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The steam generator feedwater flow rate and thermal 

efficiencies of critical components in a PWR were estimated 

by means of artificial neural networks (Kavaklioiglu and 

Upadhyaya 1994). The physics of these systems and 

appropriate plant measurements were combined to establish 

robust neural network models for on-line prediction of 

feedwater flow rate and thermal efficiency of feedwater 

heaters in PWRs. A statistical sensitivity analysis 

technique was developed to establish the performance of 

this methodology. 

The on-line measurement of chemical composition under 

different operating conditions is an important problem in 

many industries. An approach based on hybrid signal 

preprocessing and artificial neural network paradigms for 

estimating composition from chemometric data has been 

developed (Liu, Upadhyaya and Naghedolfeizi 1993). The 

performance of this methodology was tested with the use of 

near-infrared (NIR) and Raman spectra from both laboratory 

and industrial samples. The sensitivity of composition

estimation was expressed as a function of spectral errors 

and spectral preprocessing. The results of applications to 

FT-Raman data and NIR data demonstrate that the methodology 

was highly effective in establishing a generalized mapping 



between spectral information and sample composition, and 

that the parameters can be estimated with· high accuracy. 
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The safety goals of reactor control were embedded in a 

particular architecture of an artificial neural network, 

the Barto-Sutton architecture (Jouse and Williams 1993). To 

realize these goals, the network was extended to encompass 

a multiple-input/multiple-output controls structure. The 

network synthesizes a control schedule through the 

construction of artificial precursors to failure. The 

synthesized schedule can be visually inspected for 

anomalies and inconsistencies and is validated during 

training. The capability of the network to embed safety 

goals was demonstrated by performing nontrivial control 

tasks. 

An associative stochastic automaton was used to 

maneuver a research reactor power (Jouse, et ale 1994). The 

network was of the drive-reinforcement type. It was shown 

that the controller was able to raise the reactor power 

with a constant period, to a desired new power level, 

without overshoot or undershoot. 



CHAPTER 3 

WAVELET TRANSFORMATION, MATCHING PURSUIT DECOMPOSITION 
AND NEURAL NETWORKS 

In this chapter, introductory material is presented, 

describing principles of wavelets, matching pursuit, and 

neural networks based on published work up to June 1995. 

The most useful review of this material, which is rapidly 

-lO 

expanding, may be found in the following references: Young 

1993, Meyer 1992, Rioul and Vellerli 1991, Mallat 1989, 

Viadynatha 1990, Simoncelli et ale 1992, Mallat and Zhang 

1993, and Rumelhart et ale 1986. Specific citations appear 

also where appropriate. 

3.0 Notation 

Z and R denote the set of integers and real numbers 

respectively. L2(R) denotes the vector space of measurable, 

square-integrable one-dimensional functions f(t). For f(t) 

E L2(R) and g(t) E L2(R), the inner product of f(t) and 

g(t) is: 

00 

(g(t), f(t» = J g(t)f(t)dt • ( 3 .1 ) 

The energy of a function f(t) E L2(R) is defined as the 

square of the norm of f(t) as follows, 

Ef = 1[f(t)W = (f(t), f(t») • ( 3 • 2 ) 



The convolution of two functions f(t) E L2(R) and g(t) E 

L2(R) is denoted as f*g(t) and defined by 

ex;, 

f * g(t) = f g(r)f(t - r)dr • ( 3 • 3 ) 

The Fourier transform of f(t) E L2(R) is denoted as F(w) 

and is defined by 

00 

F(m) = f f(t)e -iwtdt • (3.4) 

I2(Z) is the vector space of one-dimensional ·square-

summable sequences, i.e., 

( 3 .5) 

I 2 (Z2) is the vector space of two-dimensional square-

summable sequences, i.e., 

( 3 • 6 ) 

L2{R2) is the vector space of measurable, square-integrable 

two dimensional functions f(t 1,t2 ). 

3.1 Continuous Wavelet Transformation 

3.1.1 Mother Wavelet and Wavelet Sets 

Wavelets are "little waves", which are oscillatory 

(waves), and whose amplitudes decay rapidly to zero 

(little). The required oscillatory condition leads to the 
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building blocks of the frequency components. The rapid 

decay condition offers a windowing operation. These two 

conditions must be simultaneously satisfied for a function 

to be a wavelet. 

A wavelet set is a collection of wavelets that are 

constructed from the same original wavelet, the mother 

wavelet. A new wavelet is constructed by a unitary affine 

operation on the mother wavelet, i.e., by equation 3.7. A 

unitary affine operation is a combination of a normalized 

scaling (dilating or compressing) and a translation 

(shifting). 

tPa,b(t) = 1 tP(t - b) 
.JfaT a 

( 3 .7) 

A wavelet set is a set of wavelets for all possible a and b 

in the above equation. 

For example, let us choose the product of a sine 

function and the Gaussian function as the mother wavelet, 

i. e. , 

( 3 • 8 ) 

The function is oscillatory, and its amplitude rapidly 

decays to zero. In figure 3.1, plot (A) shows the mother 

wavelet, and plot (B) and (C) show the resulting wavelets, 

from scaling and translating the mother wavelet. 
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For a function to be a mother wavelet it must be 

admissible: in addition to being oscillatory, it must have 

finite energy and an average value of zero. More 

rigorously, a function ¢(t) E L2(R) is admissible if: 

to 1<I>(ev)12 
C = J dev < 00 

¢ -00 levi 
(3.9) 

where tP(ro) is the Fourier transform of ¢(t), and C~ is 

called the admissibility constant. 



(A) The mother wavelet 
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Figure 3.1 Examples of the mother wavelet 
and scaled and shifted wavelets. 
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3.1.2 Continuous Wavelet Transformation 

Wavelet theory is a technique for representing signals 

efficiently. Wavelet transformation breaks a signal down 

into many interrelated components, the basis functions 

formed by scaling and translating the mother wavelet. 

The continuous wavelet transformation (decomposition) 

of a signal f(t) with respect to a mother wavelet ¢(t) is a 

map from L2(R) to L2(R2), such that, 

(3.10) 

The wavelet coefficient W!6,d a ,b) at scale a and 

translation b represents the degree of co~relation between 

the signal f(t) and the wavelet ¢a,b(t); the more similar 

is the signal f(t) to the wavelet ¢a bet), the larger , 

coefficient W",.t(a,b). The set of all wavelet coefficients 

W!6,.t( a ,b) constitutes the wavelet transform of the function 

f(t) with respect to the mother wavelet ¢(t). 

The continuous wavelet transform of a signal function 

f(t) can be performed in its frequency domain as well, 

i.e., 

(3.11) 



where F(ro) is the Fourier transform of f(t), and ~(ro) is 

the Fourier transform of ¢(t). 

-1 
The inverse wavelet transformation W¢ is a map from 

the two dimensional domain L2(R2) to the one-dimensional 

domain L2 (R), as follows: 

1 00 00 dbda 
f(t) = C f f W¢,f (a, b)¢a,b (t) ~ • 

g -co-co 

(3.12) 

Because of the increase in the dimensionality of the 

wavelet transformation, the inverse transformation is not 

unique, in the sense that several different functions in 

the two dimensional domain L2(R2) can be inverted to the 

same signal with respect to the same mother wavelet. 

3.2 Properties of Wavelet Transformation 

3.2.1 Energy Distributions 

"6 

In the time domain, the energy of a signal is defined 

as the integral of its square over time, i.e., 

00 

E t = f If(tWdt r (3.13) 
-co 

and If(t)12dt is the energy density over time. In the Fourier 

domain, the energy of the signal is the integral of the 

square of Fourier transform over frequency, i.e., 
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(3.14) 

and IF(m)12 da) is the power spectrum (the energy distribution 

over frequency). In the wavelet representation, the energy 

of the signal is the integral of the square of wavelet 

transform over scale and translation, i.e., 

1 1

2 dadb . 
and Wt/J,f (a, b) ~ ~s the scalogram (the energy 

distribution over scale and translation). The total energy 

of the signal remains unchanged, in either the time domain, 

the Fourier domain or the wavelet domain, i.e., 

(3.16 ) 

In equation 3.15, the admissibility constant 

normalizes the energy of the scalogram. If the mother 

wavelet is normalized such that its admissibility constant 

is unity, then it can be ignored. The scalogram will be 

different for different mother wavelets. The scalogram is 

not a unique energy distribution for a particular signal; 

each different mother wavelet will distribute the energy 

differently across the scale and translation plane. 



3.2.2 Window Aspect of Wavelet Transform 

A nontrivial function wet) in £2(R) is called a window 

function if t*w(t) is also in £2(R). The center tc and 

radius ~t of a window function wet) are: 

(3.17) 

and 

(3.18) 

respectively, where Ew is the energy of the window signal 

wet). The energy of a window function is concentrated 

within the window 

(3.19) 

Let the mother wavelet ¢(t) and its Fourier transform 

~(t) be window functions with centers and radii given by 

t c, coc' ~tf ~co respectively. Then the wavelet ¢a,b(t) is 

localized at the time window 

(3.20) 

whose center is 

(3.21) 

and radius is 

~t(a) = a * ~t • (3.22) 



Its Fourier transform is also localized in the frequency 

window 

(3.23) 

whose center is 

(3.24) 

and radius is 

(3.25) 

3.2.3 Relative bandwidth 

Two sinusoids can be discriminated in frequency only 

if they are more than ~ro apart. Two pulses can be 

discriminated in time only if they are more than ~t apart. 

Analogously to the uncertainty principle in quantum 

mechanics (Heisenberg inequality), the resolution in time 

and frequency cannot be arbitrarily small: their product is 

lower bounded, i.e., 

1 
~t~aJ ~ -. (3.26) 

2 

The windowed Fourier transform (sometimes also called 

short-time Fourier transform) uses a constant time window. 

The bandwidth is constant since the resolution in time is 

fixed. Intuitively, the time resolution should increase 

with the central frequency of the analysis filters. In the 
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case of wavelet transformation, the resolution ~t and ~ro of 

the wavelets vary in the time-frequency plane in order to 

obtain a multiresolution analysis of the signal. According 

to equations 3.22 and 3.24, as the central frequency 

changes to Wc , the resolution in time changes to a*~t 
a 

accordingly. The key point is to keep the relative 

bandwidth constant, i.e., 

~cv(a) 
= ~cv (3.27) 

We (a) Wc 

where ~cv is the relative bandwidth of the mother wavelet. 
Wc 

Figure 3.2 shows the difference between the constant 

bandwidth approach (windowed Fourier transform) and the 

constant relative bandwidth (wavelet transform) (Rioul and 

Vellerli, 1991). 



(A) C'..onstant Bandwidth (Windowed Fourier Transform) 

rmrm 
f 

(B) Constant Relative Bandwidth (Wavelet Transform) 

m \ 
f 

Figure 3.2 Division of the frequency domain [(A) 
the windowed Fourier transform (uniform· coverage) 
(B) the wavelet transform (logarithmic coverage)] 

3.3 Discrete Wavelet Transformation 
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As with Fourier transformation, the continuous wavelet 

transformation is not employed as often as the discrete 

wavelet transformations. The continuous transformation is 

primarily employed to derive properties and the discrete 

forms are necessary for most computer implementations. 

A discrete wavelet transform yields a countable set of 

coefficients which is discretized into a two-dimensional 

grid. This grid is indexed by two integers: m which 

corresponds to the discrete steps of scale, and n which 

corresponds to the discrete steps of translation. The 

continuous surface (a,b) is mapped into a two-dimensional 

grid (m,n) by setting a=a m and b=nba m
, where a >0 is the 

o 0 0 0 
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step size of the discrete scale, and b is the step size of 
o 

the discrete translation. 

3.3.1 Continuous Time Wavelet Series 

The continuous time wavelet series (CTWS) is the 

discrete wavelet transformation of a continuous signal £(t) 

with respect to a continuous mother wavelet ¢m,n(t). The 

CTWS is a map from L2(R) to I 2(Z2), such that, 

(3.28) 

where 

(3.29) 

The discrete grid (ao m, nboao m) is required to 

constitute a frame, i.e., for any £(t) in L2 (R), the 

following inequality is satisfied, 

(3.30) 
m,n 

with A>O, B<oo, and A, B independent of £. For a snug 

frame, i.e., A ~ B, we have 

(3.31) 

Whenever A=B the frame is called a tight frame, and the 

inverse discrete wavelet transform can be obtained by 

1 
£(t) = A I WI/J,f (m, n)¢m,n (t) • 

m.n 
(3.32 ) 
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In this work, I am interested in the discrete wavelet 

transformation under a tight frame. 

The orthogonal wavelets satisfy the condition that the 

inner product of the scaled and translated mother wavelet 

is an impulse in both scale and translation, i.e., 

00 

f tPm,n (t)tPm',n,(t)dt = c5(m - m', n - nO) 

m = m' and n = n 

o otherwise 

3.3.2 Discrete Time Wavelet Series 

(3.33) 

The discrete time wavelet series (DTWS), which is the 

discrete wavelet transform of a time series f(k) E r2(Z) 

with respect to a "discrete mother wavelet" tP(k) E r 2 (Z), 

is a map from I2(Z) to r 2 (z2) and is defined by 

(3.34) 

where 

m 

tPm,n(k) = laor2" ¢(ao -mk - nbo) (3.35) 

where a o and b o are integers. 

In many types of wavelet decomposition, the transforms 

are oversampled, Le., the number of wavelet coefficients 

is larger than that of the signal. Therefore, they are 

redundant. A critically sampled representation is the 

transform that has the same number of sampling points as 
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the signal, for example, Mallat's paradigm of 

multiresolution approximation (Mallat 1989). 

3.4 Multiresolution Approximation 

3.4.1 Multiresolution Approximation 

The concept of multiresolution approximation of 

functions was originally introduced by Meyer and Mallat 

(Mallat 1989 and Meyer 1989). The multiresolution 

approximation projects a signal into successive resolution 

levels. It provides a simple hierarchical framework for 

interpreting and compressing signals. The difference 

between two approximations at adjacent resolution levels 

can be extracted by decomposing the signal into a wavelet 

orthonormal basis. This decomposition defines a complete 

and orthogonal multiresolution representation. Such a 

representation can be computed by a pyramidal algorithm 

based on convolution with quadrature mirror filters 

(Viadynatha 1990). 

Here, we follow Meyer's definition of the 

multiresolution approximation, however, only considering 

the one dimensional case. A multiresolution approximation 

of L2(R) is an increasing sequence Vm, mEZ, of closed 

linear subspaces of L2(R) with the following properties: 

00 00 

(i) n Vm = {OJ, UVm is dense in L2(R); 
-00 -00 



(ii) for all f(t) E L2(R) and all mEZ, 

f(t) E Vm <=> f(2t) E Vm +1 

(iii) for all f(t) E L2(R) and all kEZ, 

f(t) E Va <=> f(t - k) E Va 

55 

(3.36) 

(3.37) 

(vi) there exists a function, ¢(t) E Va' such that the 

sequence ¢(t-k), is a Riesz basis of the space Va' i.e., if 

there exist constants B~>O such that, for every sequence 

of scalars a o ' a1 ... , we have 

(3.38) 

Let V = (Vm ) mEZ denote the mul tiresolution 

approximation of L2 (R). A scaling function is a unique 

function lfI(t) E L
2
(R), such that 

(3.39) 

forms an orthonormal basis of Vm• Therefore, the 

approximation a(m,n) of f(t) E L2(R) at Vm is the inner 

product between f(t) and the basis function, i.e., 

a(m,n) = (f(t),lfIm,n(t») (3.40) 

Let the filter H be the discrete filter whose impulse 

response is given by 

(3.41) 



56 

The approximation a(m,n) at Vm can also be computed by the 

correlation between h(n) and a(m+l,n), (Mallat 1989) i.e., 

a(llI, n) = (lJ(k - 2n), a(m + 1, k)) • (3.42) 

The detailed signal d(m,n) is the information between 

the approximation of a function f(t) at Vm+l and Vm• Let Urn 

be the orthogonal complement of Vm in Vm+1 , i. e. , 

U ml.Vm and 

Urn E9 Vrn = Vm+1 

(3.43) 

The detail signal d(m,n) can be computed by projecting the 

signal f(t) to Um. A wavelet function is a function ¢(t) e 

2 L (R), such that 

(3.44) 

forms an orthonormal basis of Um. Therefore, the detailed 

signal of f(t) e L2(R) at Um can be computed by wavelet 

transformation, i.e., 

(3.45) 

Let the filter G be the discrete filter whose impulse 

response is given by 

(3.46) 

where neZ. The detailed signal d(m,n) can also be computed 

by the correlation between g(n) and a(m+l,n), i.e., 

d(m,n) = (g(k - 2n),a(m + 1,k)). (3.47) 



In fact, the filter G is the mirror filter of H, i.e., 

g(n) = (-l)l-nh(l - n). (3.48) 

Therefore, G and H are called quadrature mirror filters. 

3.4.2 Pyramidal Algorithm 

Multiresolution wavelet transformations "build in" a 

pyramidal structure that is not required for general 

wavelet transformations. The pyramidal algorithm applies 

repetitively the same but scaled low-pass filter Hand 

high-pass filter G at each level. The structure is 

presented in Figure 3.3. 

Low pass Decimate 

Ig(k) ·1 -!.2 Output to 
·next stage 

Input 
High pass 

·1 .!.2 
Wavelet 

h(k) ~coefficients 

Figure 3.3 The filters of the transformation. 

The low pass filter provides an approximation (a 
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smoothed version of the input signal), which is fed to the 

next level for further decomposition. The high pass filter, 

h(k), is usually considered as the mother wavelet, and the 

outputs of the high pass filters are thus the wavelet 



coefficients, which is the difference between the 

approximations at Vm and Vm+1 • 

3.4.3 Shiftability of Multiresolution Approximation 

In multiresolution approximation, signals are 

decomposed into a set of subbands. In classical signal 

processing, the subbands are each sampled at a rate above 

the Nyquist limit in order to avoid aliasing. If the 

subband spectra overlap, then the transform will be 

oversampled, thus, overcomplete. 
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In the algorithm developed by Mallat (Mallat 1989), 

discrete subband decompositions are critically sampled, 

i.e., the number of samples in the representation is equal 

to the number in the signal. The orthogonal subbands 

transforms violate the Nyquist criterion without discarding 

information. But the aliasing error from all of the 

subbands cancel when the bands are recombined (Simoncelli 

et al., 1992). 

Since the critically sampled subband transform 

violates the Nyquist criterion, the information moves from 

one band to another under translation. There is lack of 

translation invariance: the information content of a 

wavelet sub-band is not constant under simple translation 

of the input signal. It has been suggested that the 

translation variance problem is one of the primary 

weaknesses of the wavelet transform (Strang 1989). 
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3.5 Introduction of Matching Pursuit 

We can express a wide range of ideas precisely and 

concisely, because natural languages have large 

vocabularies that include words with close meanings. For 

transient identification, it is essential to extract from 

signals relevant information that gives simple cues to 

differentiate close patterns. Matching pursuit (Mallat and 

Zhang, 1993) provides a decomposition of signals into 

components that are simultaneously localized in both time 

and frequency. Such decomposition provides not only a 

powerful tool for time-frequency analysis but also a shift

invariant feature extraction of non-stationary signals. 

This nonlinear decomposition is based on a redundant 

complete basis which greatly enriches the vocabulary to 

characterize subtle difference in both time and frequency 

domains. Windowed Fourier transformation and wavelet 

transformation correspond to special cases of this 

technique. 

3.5.1 Matching Pursuit Decomposition 

The general goal behind adaptive time-frequency 

decomposition is to find procedures to expand signals over 

a set of waveforms, selected appropriately among a large 

and redundant dictionary. Matching pursuit is a general 

algorithm that performs such an adaptive decomposition. 
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Finding optimal approximation in redundant 

dictionaries is an NP complete problem, because the 

redundancy opens a combinatorial explosion. However, for 

transient identification, optimization of the approximation 

is not intended for data compression but as a criterion for 

feature extraction. The NP complete problem of the adaptive 

decomposition can be avoided by allowing a sub-optimal 

approximation which represents the features of the signal 

effectively. The matching pursuit algorithm uses a non-

optimal greedy strategy to select from a dictionary a 

waveform that is best adapted to approximate part of the 

signal at each iteration. 

The f(t) E L2(R) can be decomposed by matching pursuit 

into a dictionary D={¢y(t) }YEr such that I~YII = 1, by the 

following iterative algorithm 

RfO(t) = f(t) 

Rf
m (t) = Rf

m -1 (t) - (Rf
m -1 (t), ¢y'" (t) )¢ym (t) (3.49) 

where ¢ met) is an element (word) in the dictionary, y 

(f(t)'¢y,,(t»)¢ym(t) is the approximation at iteration m, and 

Rfm(t) is the residual after approximating f(t) m times. 

The element ¢ m (t) is orthogonal to the residual R f m (t) , y 

because 



(R f m (t), tPy" (t») 

= (R f m - 1 (t), tP y m (t») - (R f m - 1 (t), tP y" (t) )( tP y m (t), tP y m (t) ). (3. 50 ) 

= (Rfm-1(t), tPym(t») - (Rfm-1(t), tPym(t») = 0 

61 

Therefore, the energy is preserved after the decomposition, 

i. e. , 

(3.51) 

To minimize IIRfm(t)ll, the word ¢y.,(t) must be chosen such 

that I(Rfm-1(t), ¢y.,(t»)/ is maximum. However, to reduce the 

search domain, we select the word ¢ ~(t) that is almost the 
y 

best in the sense that 

/(Rfm-1(t), ¢ym(t»)/ ~ a sup /(Rf m- 1(t), ¢y.,(t»)/ 
r E r 

(3.52) 

where a is an optimality factor that satisfies 0 < a ~ 1. 

SUbdecomposing the residue by projecting it on an 

element of the dictionary that matches the residual almost 

best, matching pursuit decomposes the signal f(t) into the 

concatenated sum 

f(t) = r. {R f m -l(t), ¢y .. (t) )¢ym (t) + Rf m (t) , 
m =1 

(3.53) 

where M is the number of iterations. Equation 3.53 yields 



an energy conservation equation 

IIf(t)1I 2 = :t I(R f m- 1(t)'¢ym(t)t + IIRfm(t)W· 
m =1 

(3.54) 

It can be proved (Mallat 1993) that when the 

dictionary is complete,. matching pursuit recovers the 

original signal as M approaches to infinity, i.e., 

essentially 

f(t) = f: (Rfm-l(t), ¢rm(t»)¢y,,(t) 
m =1 

(3.55) 

and 

iif(t)1I2 = f: I(R f m 
-1 (t), ¢ym (t) t • 

m =1 

(3.56) 

To perform matching pursuit efficiently, we shall 
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avoid calculating the correlation of every element and the 

residual at each stage. From equation 3.53, we have 

(Rfm(t), ¢y(t») = (Rfm-l(t), tPy(t») 

-(Rfm-l(t), tPym (t»)(tPy" (t), tPy(t») • 
(3.57) 

Since we previously have calculated (Rfm-l(t), tPy(t»), this 

update requires only the computation of (¢ym(t), tPy(t»). 

Dictionaries are generally built so that this inner product 

can be calculated with a small number of operations. 



3.5.2 Time-Frequency Dictionary 

A general family of time-frequency atoms can be 

generated by scaling, translating and modulating a single 

window function ¢(t) E L2 (R), as follows 

¢ (t) = ~ ¢(t - b)eiwt , 
r Ja a 

(3.58) 

where the index r=(a,b,w) is an element of the set r=R3. 

When ¢(t) is even, the window of ~(t) is centered at b, 

with radius proportional to a. The Fourier transform of 

¢r(t) is 

cI>y(w) = JacI>(a(w - w»)e-i(W-W)b (3.59) 

where W(ro) is the Fourier transform of ¢(t). When W(ro) is 

6) 

even, the window of q~(ro) is centered at wand with radius 

proportional to l/a. The advantage of this redundant 

dictionary over wavelet sets is that the center of 

frequency is not dependent on the scale a, therefore, it 

offers better localization in the frequency domain. 

For dictionaries of time-frequency atoms, a matching 

pursuit yields an adaptive time-frequency transform. It 

decomposes any function f(t) E L2(R) into a sum of complex 

time-frequency atoms that best match its residues. 



3.5.3 The Gabor Function for Real Time Series 

For real signals, we use a dictionary of Gabor time-

frequency atoms as follows 

(3.60) 

where the index r=(a,b,w,O) is an element of the set r=R4 

and the window function 

(3.61) 

is Gaussian. 

For discrete time series of f(k) L samples, the Gabor 

time-frequency atoms are discretized as follows 

d. ( ) _ K y d. (p - n) (21rkP 21rl) 
'f' P - -- 'f' cos -- - --r Fm g 2m N L 

(3.62) 

where the index r=(m,n,k,l) is an element of the set r=z4 

such that 1<= 2m <= N, 0 <= n,k <= Nand 0 <= 1 <= L, and 

00 ( 2 L e-Jr p-nN) (3.63) 
n=-oo 

forms a discrete and periodic function. 

3.6 Neural Networks 

A concept central to the practice of pattern 

recognition is that of discriminants. The idea is that a 

pattern recognizer learns adaptively from experience and 

distills various discriminants, each appropriate for its 

purpose. For example, the pattern recognizer learns from 
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features of identified patterns and infers a discriminant 

for that pattern. If learning and recognition are achieved 

with parallel distributed processing, the procedure will be 

powerful and rapid, as the case in biological neural 

systems. 

The nonlinear feedforward neural network (Rumelhart, 

Hinton and Williams 1986) has been found to be an effective 

system for learning discriminants for patterns from 

exemplars. Figure 3.4 shows the structure of the network. 

x y 

Figure 3.4 The structure of the neural network. 

In general, such a network is made up of sets of nodes 

arranged in layers. These nodes are called processing 

elements. The first layer of the network takes a vector x 

as the input to the network. The output of one layer is fed 

to the next layer through a matrix of connection weights. 

Except for the input layer nodes, the input to each node is 

the sum of the weighted outputs of the nodes in the prior 
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layer. The output of each node is a nonlinear activation 

function of the input. 

The performance of the network is measured by the 

mismatch between the network output and the desired output. 

The error of the network is defined as follows, 

N 

E = L Ilyd k - Y k II (3.64) 
k =1 

where y is the network output, yd is the desired output, 

and N is the number of patterns presented to the network. 

The objective of training is to reduce the error of the 

network by adjusting the connection weights. In the 

learning phase, the network is presented with known 

patterns (the input-output pairs) and the weights are 

adjusted according to the steepest descent rule as follows, 

(3.65) 

where p is a constant. 
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CHAPTER 4 

MODEL BASED CONTROL WITH HAZARD ANTICIPATOR 

4.1 Model-based Control Law 

Model-based control is based on the reactor dynamic 

model described in chapter 2. Solving equations 2.3 and 2.7 

with S = 0, we get the demanded reactivity insertion Pd in 

order to track the desired power trajectory ,nd(t) 

I nd 
LCi 

Pd = + I_i __ - aTTf 
nd nd 

IL AiCi 
(4.1 ) 

= IWd +{3- i - aTTf 
nd 

where CUd = nd is the inverse of the instantaneous period 
nd 

of the desired power trajectory. 

As shown in equation 4.1, the demanded reactivity is 

represented by three components. The first component is the 

reactivity needed to drive the prompt neutrons, i.e., 

The second component is the reactivity needed to offset the 

contribution from the delayed neutrons, i.e., 

P = I LC i 
c ( 4.3 ) 
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or in an alternative form, 

I" kC. 
Pc = f3 - La. ~ ~ (4.4) 

nd 

which is more practical since Ci is usually easier to 

obtain than Ci • The last component is the reactivity 

needed to compensate the fuel temperature reactivity 

feedback, i.e., 

(4.5) 

In conclusion, the demanded reactivity insertion is the sum 

of reactivity needed to drive the prompt neutrons, to 

offset the delayed neutrons and to compensate the 

reactivity feedback, 

Pi = Pn + Pc + PT • ( 4.6) 

4.2 Solutions of the Reactor Dynamic Model 

The nuclear reactor is a non-linear, time-variant 

system, which is difficult to solve. Over the past few 

decades, many brilliant scientists have been studying it. 

Solutions, (the inhour equation) and approximations (the 

prompt jump model, the Nordheim-Fuchs Model) have been 

developed to solve problems under different scenarios. 

However, there is still no general solution for this 

complicated system yet. 

The control law described in the above section 

requires knowledge of the precursor density, which is not 
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measurable by experiments, and is considered very difficult 

to get. In this section, a closed form soiution of the 

precursor density is provided. I also propose an accurate 

approximation of the precursor density, which can be 

implemented as a finite filter of the power history. 

4.2.1 Solutions and Approximations of the Precursor Density 

Given a power trajectory, the delay neutron precursor 

population can be determined by the following differential 

equation. 

( 4.7 ) 

Solving this differential equation, the closed form 

solution of the precursor population (Murray, et al., 1964) 

is obtained, 

CJt) = Ci(O)e -Ait + -Ait Pi J () A.iTd e - nre r 
I 0 

( 4.8 ) 
+ Pi J n(r)eAi(T-t)dr = C i (O)e -A.it 

I 0 

Changing the time variable to r'=t- r and introducing 

t t f n(r)eAi(T-t)dr = f nt(r)e-AiTdr. ( 4.9 ) 
o o 

Substituting the above equation into equation 4.8, we 

obtained an alternative form of the above expression as 
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follows, 

f3 
t 

-A t . f -A r CJt) = Ci(O)e i + -~ nt(r)e i dr. 
/ 0 

(4.10) 

For large t » l/Ai, such that 

(4.11) 

the precursor density can be approximated as 

(4.12) 

For a large window size T, such that t » T » 1/Ai, 

t T f nt(r)e-A.irdr « f nt(r)e-A.irdr , (4.13) 
T o 

the precursor density can be further approximated by the 

following equation. 

( 4.14 ) 

For digital operation of a nuclear reactor, power 

nt(r) is usually discretized into time series nt(k) with 

small time steps JT. Thus, the approximation of the 

precursor density can be implemented as a finite filter of 

the power history, i.e., 
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(4.15) 

where N=TlLiT. 

If the observed power is corrupted with noise, i.e., 

(4.16) 

the error and signal of the estimated precursor density are 

linearly separable, i.e., 

f3 T f3 T . f -A. r . f -A. r = -~ nt(r)e i dr + -~ en(r)e i dr 
I 0 I 0 

(4.17) 

or in the discrete version 

Cei(k) = Ci(k) + eci(k) 

f3 dT N f3 . dT N A. Il ( 4 • 18 ) = _i_ Int (k)e-..1. ikt1T + _~_ I en (k)e- i k T 

I k =1 I k =1 

This approximation has three advantages: (i) it is not 

dependent on the initial conditions, (ii) it is not 

dependent on the time variant parameters of the system, 

such as reactivity, (iii) it can be easily implemented in a 

finite filter of power history. 

4.2.2 Solutions and Approximations of the fuel temperature 

Similarly, solving the equation of the Newton's 

cooling law, equation 2.8, with the initial condition Tf = 
0, we can obtain the following closed form solution for 

fuel temperature T f • 
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t t 

Tf(t) = Kf n(r)ey(r-tldr + rf Tw(r)ey(r-t)dr, (4.19) 
o o 

or in the alternative form, 

t t 

Tf(t) = Kf nt(r)e-yrdr + rfTwt(r)e-yrdr, (4.20) 
o o 

where Twt (r) =Tw( r-t) • 

For t > T » 1/r, we can approximate the fuel 

temperature as follows: 

T T 

Tf(t) - Kf nt(r)e-yrdr + rf Twt(r)e-yrdr, (4.21) 
o o 

and in the discrete version 

N N 

Tf(k) == Kf1T L nt(k)e-ykdT + rf1T L Twt(k)e-ykdT , (4.22) 
k =1 k=l 

Sometimes, the coolant temperature remains relatively 

constant through the power transient, for example, when the 

TRIGA reactor is operating at a low power range. If the 

transient starts from an equilibrium state, using the 

initial condition (equation 2.10), for T » 1/y the 

equations 4.21 and 4.22 can be simplified as follows, 

(4.23) 

and for the discrete version 

N 

T
f 

(k) _ KAT L n t (k)e -YkdT 
k=l 

(4.24) 
r 
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If, in addition to the noisy observed power, the 

observed coolant temperature is corrupted-with noise, i.e., 

(4.25) 

the error and signal of the estimated fuel temperature is 

also linearly separable 

t 

= f (Knt(r) + yTwt(r»)e-rrdr, 
o 

t 

+f (Ken(r) + yeTf(r»)e-rrdr 
o 

and for the approximation, 

T 

= f (Knt(r) + yTwt(r»)e-rrdr 
o 

T 

+f (Ken(r) + yeT! (r»)e-rrdr 
o 

and for the discrete version 

T e 
f (t) = Tf (t) + eT (t) 

f 

N 

= t3.TL(Knt (k) + yTwt(k»)e-rkilT
• 

k=1 

N 

+t3.T L (Ken (k) + yeTf (k»)e -ykilT 

k =1 

4.2.3 The Effectiveness of the Approximation 

(4.26) 

(4.27) 

(4.28) 

The fuel temperature can be measured by thermometers. 

In a nuclear power plant, outputs from several hundred 



instrumentation channels are used in control systems, 

protection systems and plant monitoring systems. However, 

there is no instrument to give readings of the delay 

neutron precursor population. I propose to use the finite 

linear filter (equation 4.15) as a precursor population 

meter to estimate the precursor population. 

The finite filter has been implemented and tested 

using a simulator of the TRIGA reactor. Simulations were 

carried out to show the effectiveness of this method, as 

shown in figures 4.1 through 4.4. 
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Figure 4.1. The power transient. [The solid line 
is the simulated power. Open diamonds are the 
observed power used by the precursor population 
meter. ] 
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Figure 4.2 The precursor population of the 
fastest group of delayed neutrons. [The solid 
line is the simulated precursor population. Open 
diamonds are the outputs of the precursor 
population meter.] 
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Figure 4.3 The precursor population of the third 
fastest group of delayed neutrons. [The solid 
line is the simulated precursor population. Open 
diamonds are the outputs of the precursor 
population meter.] 
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Figure 4.4 The precursor population of the 
slowest group of delayed neutrons. [The solid 
line is the simulated precursor population. The 
dotted line is the outputs of the precursor 
population meter.] 

In figure 4.1, the solid line represents a power 

ascent with constant period of three second, driven by the 

control law discussed in section 4.1. The simulation 

suggested that the control law effectively drives the power 

transient to track the desired trajectory, without 

overshoot or undershoot. Open diamonds represent the 

observed power with noise of zero mean and variance of 10% 

of the power level. The observed power history is then fed 

to the precursor population meter. Figure 4.2 shows that 

the estimated precursor population follows very closely the 

actual precursor population of the fastest group of delay 

neutrons. Figures 4.3 and 4.4 show that estimated precursor 

density coincides with the actual precursor population of 

slower groups and the estimation error is negligible. 
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To study the effectiveness of the approximation 

analytically, assume the noise in the observed power is the 

white noise, that is, 

E[en(k)] = 0 

E[en(k)en(j)] = 0 
(4.29) 

Then the precursor population meter offers an unbiased 

estimation of the precursor population, i.e., 

To prove it, I evaluate E[eCi(k)] as follows, 

= E[Pi
tlT t en (k)e-.t1kilT] 
I k=l 

= PitlT t E[en (k)]e -.t1kilT 

I k =1 

= 0 

(4.31) 

Furthermore, the variance of the estimation can be 

determined by 

eTCl = JE[eCl
2 (k)] 

= E[ ( ¥ '~, e" (k)e -','.' n 
( Pi tlT )2 ± E[en 2 (k)]e -2.t1kOT 

I k=l 
= 

If the variance of the estimation power is 

proportional to the power level, i.e., 

(4.32) 
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(4.33) 

the variance of the estimation of precursor population is 

bounded by l'C i • To prove it, I evaluate (J'c
i 

as follows 

(4.34) 

= vC i 

If the variance of the estimation power is 

proportional to the square root of the power level, i.e., 

(4.35) 

the variance of the estimation of the precursor population 

~ is bounded by VV~-~/- (,; C ii • To prove it, I evaluate (J'c
i 

as 

follows, 

(4.36) 

If the variance of the estimated power is a constant, 

i. e. , 

(J' 2 
n (4.37) 
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the variance of the estimation of the precursor population 

is bounded by -~ 0' n --. To prove it, I eval ua te 0' c . as p. HfT 
. I 2A. i 1 

follows, 

(PiLlTr t O'n 2e -2A i kLlT 

I k =1 

= Pi 0' LlT t e-likC,T LlT 
Ink =1 

Pi fffT <-0' --
I n 2A.. 

~ 

(4.38) 

In general, the variance of the estimation of the 

precursor population is bounded by 

0' < -~ 0' --p. HfT 
C i I max 2A.i (4.39) 

where crmax is the maximum variance of observed power. 

Therefore, in theory, one can always obtain any 

desired accuracy of the estimation of the precursor 

population by reducing LlT. However, in practice, the 

smallness of LlT may be limited by the time necessary to 

measure the power and by computational burdens. 

4.3 Model Based Hazard Anticipator 

The "feasibility of control" challenges the safety of 

reactor operation. The concept was originally introduced by 

Bernard, Henry and Lanning (1988). In this work, I 
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generalize the concept of feasibility of control to a 

broader sense. Given a desired power trajectory, a reactor 

together with a designated control mechanism is feasible to 

control if it is possible to track the trajectory the 

without overshoot (or conversely, undershoot) beyond 

specified tolerance bands. The reactor is infeasible to 

control when the demand reactivity insertion rate is above 

the maximum reactivity insertion rate provided by the 

control mechanism. 

In this study, I developed a model based hazard 

anticipator to check the feasibility of the reactor control 

for a given trajectory. The model based hazard anticipator 

is based on the model based control law and the analytic 

solutions derived in the previous sections. 

substituting equation 4.8 and 4.21 into equation 4.1 , 

we get the plan of control to track the desired power 

trajectory. 

t 

-aTf (Knd(T) + )'Tw(T»)ey(r-t)dT 
o 

(4.40) 
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The demanded reactivity insertion rate can be obtained 

by differentiating the above expression, i.e., 

= I ndnd - h
2
d 

n 2
d 

~ (lA' iC, (O)e -A,< + A' ,Pi I n" (r)e "'('-<)dr) 
+~--------------------~-------------- L AJ3i 

i (4.41) 

+ h: L (/AiCi(O)e-Ait + AJJJ n(r)eAi(r-t)dr] 
n d i 0 

t 

+raTf(Knd(r) + yTw(r»)ey(r-t)dr - aTKnd - aTyTw 
o 

Reactivity of a control rod is a function of rod 

position, Pi =f(x)-po. There are two major limitation of the 

reactivity insertion by a control rod. First, there is a 

maximum and minimum reactivity insertion that the control 

rod can provide from any initial position. Secondly, a 

control rod at any point, has a maximum and minimum 

reactivity insertion rate for positive reactivity insertion 

and negative reactivity insertion respectively. 

The criterion of "feasible to control" requires that 

(i) the reactivity insertion is within the range that can 

be provided by the control rod and (ii) the required 

reactivity insertion rate is within the limit of reactivity 

insertion rate provided by the control rod, i.e., 

Pml n S; Pd (t) S; Pmax (4.42) 



and 

(4.43) 

The above inequalities together with the plan of 

control, equation 4.40 and the demanded reactivity 

insertion rate, equation 4.41, forms the hazard 

anticipator. 
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For example, to raise the power of a TRIGA reactor 

from 1 kilowatt to 100 kilowatts with constant period, the 

maximum demand negative reactivity insertion rate occurs 

when the power reaches the target power level 100 

kilowatts. This is due to the effort to level the power 

without overshoot from a fast ascent transient. As a result 

of the hazard anticipator, the following figure shows the 

minimum period that is feasible to control, as a function 

of the initial rod position. 
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Figure 4.5 Solutions of hazard anticipator. 

To verify the correctness of the solution of the 

hazard anticipator, I simulated the power ascending task 

near the minimum period for a given initial rod position. 

For example, for initial rod position at 7.0 inch, the 
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minimum period given by the hazard anticipator is 1.72 (s). 

In figure 4.6, the simulations show that ascending the 

power with constant period of 1.7 (s) results in a small 

overshoot and ascending the power with constant period of 

1.8 (s) results in no overshoot. 
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Figure 4.6 Test of hazard anticipator. [The 
hazard anticipator predicts that, for initial rod 
position at 7 inch, the minimum period is 1.72 
(s). The simulation shows that ascending the 
power with constant period of 1.7 (s) results in 
a small overshoot and ascending the power with 
constant period of 1.8 (s) results in no 
overshoot.] 

4.4 Summary 
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In this chapter, a closed form solution has been 

derived to dheck the feasibility of control. An effective 

approximation has been proposed to estimate the delayed 

neutron population. Simulations have shown that (i) the 

control algorithm is effective, (ii) the prediction of 

feasibility of control is correct, and (iii) the estimation 

of the delay neutron population is accurate. The hazard 

anticipator protects the digital controller from violating 

technical specifications and the limits of the physical 

system. 
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However, the model based controller performs well only 

when the parameters of the model are correct. Sometimes, 

due to unexpected events (accidents), the parameters of the 

model change. In this case, the model based controller is 

no longer valid and may malfunction. The task of assessment 

must be carried out to detect and identify accidents so 

that further parameter estimation can be relatively easily 

performed. This topic will be covered in the next few 

chapters. 



CHAPTER 5 

NEURAL NETWORK BASED MATCHING PURSUIT ANALYSIS 
FOR TRANSIENT IDENTIFICATION 

Unexpected events (accidents) challenge the plant 

safety system. Prompt and accurate identification of 

unexpected events is essential for prompt and appropriate 

control actions to avoid further development of the 

accident. Different events cause different transients, 

which can be used to detect and identify these unexpected 

events. 

In this chapter, the neural network based matching 

pursuit analysis is introduced as a means for transient 

identification. As a preprocessor of a neural network, 

matching pursuit decomposition is used for feature 
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extraction of a transient. A feed-forward neural network is 

used for pattern recognition based on the features 

extracted by the matching pursuit decomposition. A back 

propagation algorithm is used to train the network to form 

non-linear discriminants that differentiate the unexpected 

events. Extensive tests have been carried out to evaluate 

the performance of the technique, neural network based 

matching pursuit analysis. 
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5.1 Power Transient Identification 

5.1.1 Power Transient Caused by Unexpected Events 

In this study, three types of unexpected events are 

considered. (i) Sudden change of heat transfer coefficient, 

which is sometimes caused by partial loss of flow, affects 

the dynamics of heat transfer between fuel elements and 

coolant. The reactivity is affected due to the change of 

fuel temperature. The accident may challenge the reactor 

safety systems or degrade the plant's performance. The 

power transient caused by it can be used to identify the 

unexpected event. (ii) The step-reactivity insertion below 

prompt critical causes a prompt jump (drop) of reactor 

power and then a slow transient to a steady power as the 

inserted reactivity is compensated by negative reactivity 

feedback. (iii) The last type of transient to be considered 

is caused by the ramp-reactivity insertion over a time 

period of one minute. 

These events can be modeled by the change of 

parameters in the reactor dynamic model introduced in 

chapter 2. Such a change drives the state of the reactor 

departing from its current equilibrium (the initial 

condition), undergoing a transient and reaching a new 

equilibrium state. Different events cause different power 

transients, which provide information for identification. 

As shown in figure 5.1, the initial power of the reactor is 
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at 100 kW. The three different power transients are caused 

by a step reactivity insertion, by a ramp reactivity 

insertion and by the change of heat transfer coefficient, 

respectively. After the transients, the reactor power 

reaches a new equilibrium level, which is determined by the 

amount of change in the parameter, i.e., the change in 

reactivity or the change in the heat transfer coefficient. 
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Figure 5.1. Power transients driven by different 
events. [All the transients start from 100 kw and 
reach 75 kW after the transients. The unexpected 
events occurred at 128 (s). Legend "gammalOO-25" 
represents the transient that starts from 100 kW, 
is caused by the change of heat transfer 
coefficient, and reduces the power level 25% 
after the transient; "rholOO-25" represents the 
transient that is caused by a negative step 
reactivity insertion of magnitude sufficient to 
reduce the power by 25%; "ramprholOO-25" 
represents the transient that is caused by a ramp 
reactivity insertion that lasts for a minute, and 
of the same magnitude as the step reactivity 
case. ] 
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The power transients are also different for different 

initial power levels and different after-transient power 

levels. For the transients studied in this project, the 

initial power varies from 50 kW to 100 KW, and the after-

transient power varies from 75% to 125% of the initial 

power. 

The objective is to identify which event causes the 

transient. After the unexpected event is identified, the 

amount of parameter change can be readily calculated 

analytically. For the transients caused by reactivity 

insertion, the amount of reactivity insertion can be 

calculated by the following formula. 

(5.1) 

where noo is the after-transient power. For transients 

caused by the change of the heat transfer coefficient, the 

ratio of new heat transfer coefficient to its initial value 

is equal to the ratio of the after-transient power level to 

the initial power level, i.e., 

Therefore, if we can detect and identify the event 

that causes the transient, we will be able to compute the 

new parameters based on the estimation of the initial power 

and the after-transient power. In this chapter, neural 



network based matching pursuit analysis is used to detect 

and identify these unexpected events. 

5.1.2 The Transient Used for Feature Extraction 

Both matching pursuit decomposition and wavelet 

transformation are like the Fourier transformation in a 

sense that they perform transformation on a periodic 

signal. Just as in the Fourier transformation, 

discontinuity between the two edges will cause the leakage 

problem and produce an edge effect in the transformed 

domain. 

A standard approach to solve the leakage problem is to 

use the signal weighted by a window function, for example, 

a Hamming window. Figure 5.2 shows the transients that are 

weighted by a Gaussian window shown in figure 5.3. The 

signal equals zero at both edges. 
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Figure 5.2. The windowed power transients driven 
by different events. [The percentage of power 
change is windowed by a Gaussian function, which 
is plotted in the following figure. The legends 
are the same as in figure 5.1.] 
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Figure 5.3. The Gaussian function used to weight 
the transients. 

Although the window-weighting technique solves the 

leakage problem, it makes the transient shift variant, 

because the window function does not shift with the 

transient. In figure 5.4, the onset of the events is 

1)1 



changed to 256 (s). The windowed transients become quite 

different from those in figure 5.2. 

Q) 
5 tn 

~ 0 
11 

-5 
$.I 
Q) -10 ~ -------- ganma100-25 

8. -15 -rho100-25 
'+-4 -20 0 --ral11lrho100-25 

.... -25 
~ 

~ -30 
H 
Q) -35 a. 

0 128 256 384 512 

Tim! (s) 

Figure 5.4. The windowed power transients driven 
by different events. [The events are the same as 
those in figure 5.1, except that they occur at 
256 (s) instead of 128 (s). The same window 
function (figure 5.3) applies. The legends are 
the same as those in figure 5.1.] 
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Since the transients studied in this project start 

from equilibrium states and result in final equilibrium 

states, the instantaneous inverse period of the transients 

equals zero at both edges. Figure 5.5 shows the inverse 

n 
instantaneous periods of transients (defined as Wd = ~) 

nd 

driven by different events. By using the instantaneous 

inverse period as the signal for feature extraction, we 

solve the leakage problem without sacrificing the 

shiftability. 
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Figure 5.5. Instantaneous inverse period of power 
transients driven by different events. 
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5.2 Matching Pursuit Decomposition for Feature Extraction 

5.2.1 Time-Frequency Characterization 

As discussed in Chapter 3, the matching pursuit 

decomposition provides adaptive windows in both time and 

frequency domains. The adaptive windowing technique 

provides precise and informative characterization of 

signals in the time-frequency domain. To demonstrate its 

effectiveness, a matching pursuit decomposition of a sample 

signal is plotted in the Wigner plot, shown in figure 5.6. 



15.0 

iim·e {:s) 

Figure 5.6. The Wigner plot of the matching 
pursui t decomposition of a sample signal. 
[Different c omponents of the signal are 
decomposed into different patterns. A sine 
waveform is represented by a - wall parallel to 
the t i me axis, which provides the best frequency 
localization but no temporal specification. A 
delta function is represented by a wall parallel 
to the frequency axis, which provides the best 
temporal localization but no frequency 
specification. A Gaussian function is temporally 
localized by a hill at zero frequency. A high 
frequency burst is localized by a hill at 
corresponding time and frequency. Random noise is 
decomposed into small hillocks that are randomly 
scattered in the time frequency domain. The 
sample signal is plotted on the back wall of the 
Wigner plot.] 



Supported by the Division of Neural Systems, Memory 

and Aging, Arizona Research Laboratory, under Dr. 

McNaughton's supervision, a research effort has been made 

to use matching pursuit decomposition for EEG analysis. 

Figure 5.7 shows that matching pursuit decomposition 

provides concise and informative characterization of the 

EEG patterns. 
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Figure 5.7. The Wigner plot of the matching 
pursuit decomposition of EEG patterns. [Theta 
rhythm (6-10 Hz oscillation) is represented by a 
sequence of horizontal hills and sharp waves are 
represented by spike-shaped hills. Small 
components are ignored in this plot. The EEG is 
plotted on the back wall of the Wigner plot.] 
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5.2.2 Distinct Patterns of Transients 

The matching pursuit decomposition of power transients 

also provides distinct patterns of different power 

transients. Figure 5.8 shows the matching pursuit 

decomposition of the transient caused by a step reactivity 

insertion. The prompt jump is represented by a sharp peak 

at zero frequency and a serious of hills localized at the 

same time. A small and smooth hill extended in time at zero 

frequency reveals a small overshoot (compared to the prompt 

jump) of the instantaneous inverse period. 
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Figure 5.8. Matching pursuit decomposition of the 
instantaneous inverse period of a transient. [The 
transient starts from 100 kW, is caused by a step 
reactivity insertion, which reduced the power by 
25% after the transient. The step reactivity 
insertion occurs at 128 ( s). The instantaneous 
inverse period of the transient is plotted on the 
back wall of the Wigner plot.] 
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Figure 5.9 shows the matching pursuit decomposition of 

the transient caused by a ramp reactivity insertion. The 

relative fast transition at the beginning is captured by a 

time localized hillock at 0.23 Hz. The termination of the 

reactivity insertion causes a rebound of the instantaneous 

inverse period. In the Wigner plot, the rapid rebound is 

captured by a pattern close to 0.1 Hz. The second peak at 

zero frequency reveals a large over-shoot of the 

instantaneous inverse period. 
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Figure 5.9. Matching pursuit decomposition of the 
instantaneous inverse period of a transient. [The 
transient starts from 100 kW, is caused by a ramp 
reactivity insertion, which reduced the power by 
25% after the transient. The ramp reactivity 
insertion starts at 128 (s) and ends at 188 (s). 
The instantaneous inverse period of the transient 
is plotted on the back wall of the Wigner plot.] 
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Figure 5.10 shows the matching pursuit decomposition 

of the transient caused by a change of the heat transfer 

coefficient. All the patterns are located in the low 

frequency area, characterizing a smooth transition. The 

long duration of the small hill at zero frequency reveals 

that more time is needed to reach the equilibrium state for 

this transition. 
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Figure 5.10. Matching pursuit decomposition of 
the instantaneous inverse period of a transient. 
[The transient starts from 100 kW, is caused by a 
change in heat transfer coefficient, and reduced 
the power by 25% after the transient. The change 
of heat transfer coefficient occurs at 128 (s). 
The instantaneous inverse period of the transient 
is plotted on the back wall of the Wigner plot.] 

102 



100 

5.2 3 Shiftability 

Matching pursuit decomposition is shiftable. 

Therefore, the feature extracted by matching pursuit 

decomposition is shift invariant, as shown in figure 5.11. 
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Figure 5 .11. Matching pursuit decomposition of 
the i nstantaneous inverse period of a transient. 
[The transient starts from 100 kW, is caused by a 
step reactivity insertion, which reduced the 
power by 25% after the transient. The step 
reactivity insertion occurs at 192 (s ). The 
instantaneous inverse period of the transient is 
plotted on the back wall of the Wigner plot.] 
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5.2.4 Compressibility 

The error of matching pursuit decomposition reduces 

exponentially as the number of time-frequency atoms 

increases. The information carried by the transient can be 

represented by a small number of time-frequency atoms. The 

ability to use a small number of time-frequency atoms to 

represent the information carried by a large number of 

sampling points offers great compressibility of the 

information of the transient. Therefore, the features 

constituted by the few, largest time frequency atoms 

provide a concise and informative characterization of the 

transient. 

5.3 Artificial Neural Network for Pattern Recognition 

5.3.1 Organization of the Feature Space 

The first ten time-frequency atoms with the largest 

amplitudes were used to form the feature space of a 

transient. These atoms are sorted by their amplitudes. Each 

atom is represented by its five key elements, the 

amplitude, the duration, the translation, the frequency and 

the phase. In order to keep the features shift invariant, 

the relative translation to the first atom is used. Thus, 

each transient is uniquely represented by 49 elements, 

invariant to the time of onset of the unexpected events, 

and one element which identifies the onset time. 
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5.3.2 Neural Network Architecture 

A three layer feed-forward neural network is used. The 

network architecture is described in chapter 3. The first 

layer contains 50 linear nodes. The second layer contains 

50 non-linear nodes with a sigmoid function as the 

activation function. The third layer contains three 

nonlinear nodes in which again the sigmoid function is used 

as the activation. 

Each of three nodes in the last layer represents one 

of the three different types of transients. When one type 

of the transients is presented to the network, the desired 

output of the node representing the transient type is 1.0 

and the desired outputs of the other two nodes are zeros. 

An input vector to the network has 50 elements which 

represent 10 time-frequency atoms obtained by the matching 

pursuit decomposition of the transient. A desired output 

vector of the network has 3 elements that identify which 

event caused the transient. An exemplar of the supervised 

learning is a pair of an input vector and a desired output 

vector of a transient. 

5.3.3 Exemplars 

The transients simulated for the training of the 

network are illustrated in figure 5.12. The initial power 

levels of the transients were sampled from 50 kW to 100 kW 

at every 5 kW. The percentage of the after-transient power 
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relative to the initial power was sampled from 75% to 125% 

at every 5%, except 0%. That is, for each of three 

different events, eleven different initial power levels 

were selected. For each of different initial power levels, 

ten different after-transient power levels were selected. 

Using the combination of the three different events, the 

eleven different initial power levels and the ten different 

after-transient power levels, three hundred and thirty 

transients were simulated for the training or testing of 

the neural network. 
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Figure 5.12. The simulated transients used for 
training and testing the neural network. 

Similarly, a second set of transients were simulated. 

As shown in figure 5.13, ten different initial power 

levels, 97.5 KW, 92.5 KW, 87.5 KW, 82.5 KW, 77.5 KW, 72.5 

KW, 67.5 KW, 62.5 KW, 57.5 KW and 52.5 KW, were used. 



108 

Therefore, 300 new transients were simulated. As discussed 

in section 5.4, this set of simulated transients is used to 

test if the network could be able to identify transients 

started with initial power levels intermediate between 

those used as exemplars for training. 

~1lJ 
~ ~ Heat Transfer Coefficient 

-reflJ Ramp Reactivity Inserti 
Stcp Rellctivily Insertion 

125% 

on /////////% 
////////Lc%% 

Grids of After
transient Power 

(percent of 
initial power) 

115% 

105% 
95% 

85% 

75% 
97.5 

r%% 
~~ 
~~ 
r%~ 
~ 

87.5 77.5 67.5 57.5 

Grids of Initial Power (KW) 

Figure 5.13. The simulated transients used for 
the test 4 and 5. 

Five noisy transients were generated from each of the 

first set of simulated transients. Each sample point of 

these noisy transients has a relative error of 5%, as shown 

in the following equation, 

5 n = 5 + n 

var(n) = 0.055 
( 5 .1 ) 

where 5 n is the noisy transient, 5 is the simulated 

transient, n is the noise and var(n) is the variance of the 

noise. 
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Similarly, one noisy transient is generated from each 

of the second set of simulated transients. Each sample 

point of these noisy transients again has a relative error 

of 5%, as shown in equation 5.1. 

5.3.4 Training 

Supervised learning was used to train the neural 

network to perform pattern identification. The back 

propagation algorithm (introduced in chapter 3) was used to 

train the network. The learning constant is set to be 

0.0001. 

For each of the first set of the simulated transients, 

four exemplars of noisy transients were used to train the 

network. Therefore, there were a total of 1320 different 

exemplars in each iteration of the training of the network. 

The network learned the task quite fast, as shown in figure 

5.14. within 1000 iterations, the mean square error (MSR) 

was steadily reduced by three orders of magnitude. The 

training stopped at the 1000th iteration. 
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Figure 5.14. Learning speed of back propagation 
of the neural network. 

5.4 Results 

After the network had been trained by one thousand 

iterations, the performance of the neural network based 

matching pursuit analysis was extensively tested. If the 

value of one of the outputs was greater than 0.7 and the 

other two were less than 0.3, then it was considered that 

the network identified a transient. If the identified 
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transient was correct, then the network passed the test. If 

the identified transient was wrong, then the network 

produced an error. If the network did not identify a 

transient, then the network produced an "unknown". 

In test 1, the neural network was tested by the 

training set. The network produced only 2 unknowns (0.15%) 

and no error. In test 2, the neural network was tested by 

the first set of the simulation transients (noise free). 
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Again, the network produced the same 2 unknowns as those in 

test 1 and no error. In test 3, the fifth set of the noisy 

transients (not presented in the training set) derived from 

the first simulated transients was used to test the 

performance of the network. The network produced one 

unknown in addition to the previous 2 unknowns (total 

0.91%) and 1 error (0.30%). 

In test 4, the second set of simulated transients 

(intermediate powers without noise) was used to test the 

network. The network produced 6 unknowns ( 2.0 %) and no 

error. In test 5, the network was tested by the noisy 

transients of the second set of simulated transients, and 

produced 3 unknowns (1.0%) and 1 error (0.33%). 

For all 2580 exemplars used for testing, the network 

produced a total of 16 unknowns and 2 errors, and correctly 

identified the unexpected events over 99% of the time and 

less than 0.1% of the time misidentified a transient. The 

results of testing are summarized in the following table. 



Table 5.1, The performance of the neural network 
based matching pursuit analysis for transient 
identification. 
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# of # of Percentage # of Percentage 

Exemplars Unknowns Errors 

Test 1 1320 2 0.1515 0 U 

Test 2 330 2 0.6061 0 0 

Test 3 330 3 0.9091 1 0.303 

Test 4 300 6 2.0 0 0 

Test 5 300 3 1.0 1 0.3333 

Total 2580 16 0.6202 2 0.0775 

5.5 Summary 

In this chapter, neural network based matching pursuit 

analysis has been developed to detect and identify 

unexpected events which cause different reactor power 

transients. Matching pursuit has been used for feature 

extraction and a neural network has been used for pattern 

recognition. Extensive tests have shown that the technique 

is not only able to identify the events that cause the 

transients over a broad range of scenarios, but also 

performs well for untrained scenarios under noisy 

conditions. 

However, due to the non-linear iterative operations 

involved in matching pursuit, few repetitive operations 

exist between successive updates. Engineering an on-line 
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algorithm will be difficult if possible at all. Therefore, 

difficulty may arise when implementing it· for the on-line 

digital operation of nuclear reactors. 

On the contrary, as will be discussed in the next 

chapter, there are substantial repetitive operations 

between successive updates in wavelet transforms. High 

compressibility of wavelet transforms also makes it a 

promising candidate for feature extraction. The next 

chapter will cover the development of neural network based 

shiftable wavelet analysis for transient identification. 



CHAPTER 6 

NEURAL NETWORK BASED SHIFTABLE WAVELET ANALYSIS FOR 
TRANSIENT IDENTIFICATION 
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6.1 Vector Operation of the Multiresolution Approximation 

6.1.1 The Vector Representation of Signals 

When analyzing transients, we are only interested in a 

certain portion of the signal, for example, a finite time 

window of the past history. For a discrete function f(k), 

assume that the sampling points that we are interested are 

from f(~) to f(ko+N-1), where N is the window size. We use 

a vector ao of dimension N to represent these points of 

interest, as shown in figure 6.1. A discrete periodic 

function with period N is then formed by extending the 

vector ao in both directions. The discrete wavelet 

transformation of the vector ao is then equivalent to the 

discrete wavelet transformation on the extended periodic 

function. 
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Figure 6.1 The vector representation of periodic 
function. 

6.1.2 The Matrix Representation of the Operation 

The decomposition of a data vector ao into an 

orthonormal wavelet basis is accomplished by recursively 

applying a wavelet transformation matrix T. Each 

application of the decomposition process successively 

provides for less resolution of the decomposition. The 

general form of the transformation matrix, T, for the 

Daub4 Daubechies 1988) wavelet base is shown in figure 

115 

6.2. For the decomposition scheme to work, the data vector 

must be of dimension N = 2n with n > 1. 
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Figure 6. 2 The wavelet transformation matrix of 
the wavelet basis DAUB4. 

6.1.3 The Vector Paradigm of the Pyramidal Algorithm 
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The multiplication of T with the original data vector 

yields an N-dimension vector, which is then split into two 

vectors by separating the odd and even numbered elements. 

The odd elements are the result of the high pass filter, 

and comprise a "smoothed" vector a 1 • The even numbered 

elements are the result of the low pass filter, and 

comprise the "detail" vector d 1 • This is shown in Figure 

6.3. The smooth vector contains a smoothed version of the 

higher resolution signal a 0 , while the detail (sometimes 

called difference) vector contains the difference between 

a 0 and a 1 , the successive levels of approximation. 

The pyramidal algorithm consists of applying the 

wavelet matrix T hierarchically, first to the vector a 0 of 

the original signal, then to the "smooth" vector a 1 at 

resolution level 1 (of length N/2), then to the "smooth-



smooth" vector a2 at resolution level 2 (of length N/4), 

and so on, up to n-l times. 

At each step a vector of detail components, dl, d2, 

etc. is also produced. The output of the pyramidal 

algorithm, which is called the wavelet representation, 
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consists of the remaining "smooth" components at the lowest 

resolution and all the "detail" components that were 

accumulated along the way. This is shown in the bottom of 

figure 6.3. 

To reconstruct the original data from the wavelet 

representation, simply reverse the decomposition procedure, 

starting with the last level of the hierarchy and working 

from bottom to top. The inverse transformation matrix (for 

reconstruction) is the transpose of the transformation 

matrix. 
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d 1 II d2 1\ d 3 I@JI!J 
Figure 6.3 Schematic diagram of the pyramidal 
algorithm. 

6.2 On-line Wavelet Transformation 

6.2.1 Algorithm 

The pyramidal algorithm has been modified for 

application to on-line signals from non-stationary 
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processes. In order to obtain an efficient implementation 

it is essential to avoid unnecessary repetition of 

calculations from one time step to the next, and also to 

make economical use of memory operations. 

Instead of overwriting the intermediate "smooth" data, 

the modified pyramidal algorithm saves both the "smooth" 

data and the "detailed" data of different shifts into two 
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matrices (NxL), shown in figure 6.4. Since the transform 

coefficients in level 1 are shift-invariant when the 

translation of input signal is a multiple of 21, we only 

need to store 21 sets of vectors for the data at resolution 

level 1. 

At time step k, for each level 1, the vector al,B at 

shift s=k modulo 21 needs to be updated, but only the 

first term and the last term of the vector needs to 

updated. Using the pyramidal algorithm, such update starts 

from the highest resolution 1=0, and goes successively to 

the lower resolution levels. Since the terms except the 

first and last terms in the vectors need not be updated in 

each time step, this algorithm is much more efficient than 

applying the pyramidal algorithm at each time step. 

Level 1 

Level 2 

Level 3 

Level 4 

Level 1 

Level 2 

Level 3 

Level 4 

I a1,1 Il a1,2 I 
I a2,1 II a2,2 II a2,3 II a2,4 I 

I a31 II a32 II a3,3 " a3,4 II a35 II a36 II a3,7 II a3,8 I 

la4'11Iadladla4'41Ia4,51~lad~~1~1J~~~~~~ 
A Complete-Shift Multi-Resolution Representation of the "smooth" data 

I d1,1 II d1,2 I 

I d2,1 II d2,2 II d2,3 II d2,4 I 

I d3,1 II d3,2 II d33 II d34 " d35 II ~6 II d37 II ~8 I 

Id4'11~~ld4,41~~ld4'7I1d4,61~1~'1Jld4.11I~~~~~ 
A Complete-Shift Multi-Resolution Representation of the "detailed" data 

Figure 6.4 Multiresolution representation of 
transformed data for all possible shifts. 
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An on-line wavelet transform has been implemented as a 

WINDOWS application for personal computers. The software, 

DWT, performs the following functions: 

• performs a continuously evolving wavelet transform using 

a modified pyramidal algorithm and the wavelet set DAUB4 

(Daubechies 1988); 

• uses a moving time window containing a user selected 

number (2n) of time steps representing instrument data; 

• performs compression of the transform spectrum, 

retaining a user selected percentage of the wavelet 

coefficients; 

• performs inverse transformation of the compressed data 

for comparison with the original. 

6.2.2 Examples 

Figure 6.5 shows the DWT display for a reactor power 

transient. The display shows four panels, which are read 

clockwise from the upper left. The first panel, (a), shows 

the 256 samples of the reactor power data, on a log scale. 

The next panel, (b), shows the 256 coefficients obtained 

from the transform of the power data, and shows a 

characteristic structure which we associate with power 

ascent transients. 
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Figure 6.5 Reactor power transient for $0.25 
reactivity, as displayed by DWT software. 

The third panel, (c), in the lower right, shows only 
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the 10% of the coefficients with the largest magnitude. The 

largest coefficients are clustered in several groups. The 

last panel, (d), shows the transient data reconstructed 

using only the coefficients shown in (c). Graphically, the 

transient is fully reconstructed. 
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Figure 6.6 Power transient with instrument range 
change. 
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Figure 6.6 shows the DWT display for a power transient 

that includes an instrument range change, i.e., the 

downward step in (a). The discrete wavelet coefficients (b) 

show not only the power transient, but also show the 

encoding of the range change in several bands of 

coefficients, seen also in (c). Again, the compressed 

coefficients contain nearly all the transient signature, as 

shown in the reconstruction, (d). 
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Figure 6.7 Reactor scram, followed by instrument 
shut off. 

The last transient analyzed is shown in figure 6.7. 

The transient (a) consists of a constant power level, 

followed by a reactor scram (which rapidly decreases the 
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power), and then an instrument shut-off. The spectrum of 

the compressed wavelet coefficients (c) 1s noticeably 

different from the two power transients analyzed above. 

6.2.3 Compressibility of Wavelet Transform 

In each example, the quality of the reconstructed 

trace in window (d) compares well with the original data in 

window (a). This shows that 10% to 15% of the wavelet 



coefficients are sufficient to represent the information. 

An example is shown in figure 6.8, in which the error of 

the reconstruction is also shown. 

Power Trans ient ($0 .25) 
10 6 ~------~------~------~------~------~----~ 

10 3 ~------~------~------~------~------~----~ 
0 100 200 300 400 500 GOD 

Percentage Error of 10% Reconstruction 
5r-----~-------r------~------,-------~----~ 

-5~----~------~------~------~------~----~ 
0 100 200 300 

Time (s) 
400 500 600 

Figure 6.8 Reconstruction of $0.25 power 
transient using 10% of the wavelet coefficients. 
[The upper part shows both the original data and 
the reconstruction, but the differences cannot be 
seen. The lower part shows the differences as 
percentage errors.] 

Analysis of a variety of power transients shows that 

the wavelet transform represents the essence of a power 

transient, even when as few as 5% of coefficients are 

retained. 
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6.3 The Shiftable Wavelet Transformation 

6.3.1 Shiftability of Wavelet Transformation 

In the multiresolution approximation, signals are 

decomposed into a set of subbands. In the algorithm 

developed by Mallat (Mallat 1989), discrete subband 

decompositions are critically sampled, i.e., the number of 

samples in the representation is equal to the nunIDer in the 

signal. As discussed in chapter 3, the orthogonal subband 

transforms violate the Nyquist criterion without discarding 

information. 

Since the critically sampled subband transform 

violates the Nyquist criterion, the information moves from 

one band to another under translation. Figures 6.9 and 6.10 

show that the information content of wavelet sub-bands is 

not constant under a translation as small as 1. It has been 

suggested that the translation variance problem is one of 

the primary weaknesses of the wavelet transform (Strang 

1989). In the transient identification task, the 

unshiftability of the wavelet transform prevents the 

wavelet transform of a signal from providing consistent 

features of the transient. 
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Figure 6.9 Wavelet Transformation of the 
instantaneous inverse period of a transient. [The 
square of wavelet coefficients are represented by 
the peaks at discrete values of scalings (log2a) 
and translations (b). The transient starts from 
100 kW, is caused by a step reactivity insertion, 
which reduced the power by 25% after the 
transient. The step reactivity insertion occurs 
at 256 (s). The instantaneous inverse period of 
the transient is plotted on the back wall of the 
Wigner plot.] 
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Figure 6.10 Wavelet Transformation of the 
instantaneous inverse period of a transient. [The 
square of wavelet coefficients are represented by 
the peaks at discrete values of scalings (log2a) 
and translations (b). The transient starts from 
100 kW, is caused by a step reactivity insertion, 
which reduced the power by 25% after the 
transient. The step reactivity insertion occurs 
at 257 (s). The instantaneous inverse period of 
the transient is plotted on the back wall of the 
Wigner plot.] 
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6.3.2 Algorithm 

Since the sample data from the signal is reduced by a 

factor of 2 at each level 1 of the pyramidal algorithm, 

there are two different sets of wavelet coefficients at 

level 1+1, which correspond to whether the smoothed data ar 

is shifted by 1 or not. Therefore, if we choose one shift 

over the other based on some criterion, then the outcome of 

the wavelet transformation will be shift invariant. The 

criteria can be either global (based on the information of 

different levels) or local (based on the information in the 

current level). 

In this dissertation, a local criteria which ensures 

minimum energy on the detailed data is chosen. The 

algorithm is illustrated in figure 6.11. At level I, two 

sets of the detailed data dr+l.o and dr+I,1 are first generated 

from ar. The vector dr+I,o is the detailed data of ar with no 

shift while the vector dr+I,1 is the detailed data of ar 

shifted by 1. Then, the detailed data dr+l.a (s = 0, or 1) 

with less energy is selected and the corresponding smoothed 

data ar+I,a is generated. The synthesis at stage I consists of 

the application of the transpose matrix T I to dr+I,a and ar+I,a 
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Shiftable Wavelet Transformation 
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fI': Synthesize a high resolution signal from low resolution signals. 

Figure 6.11 Schematic diagram of the shiftable 
wavelet transformation. 
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The modified pyramidal algorithm consists of applying 

the above algorithm hierarchically, first to the vector ao 

of the original signal, then to the "smooth" vector a l at 

resolution level 1 (of length N/2), then to the "smooth-

smooth" vector a2 at resolution level 2 (of length N/4), 

and so on, up to n-l times. 

At each step a vector of "detail components", dl,a, 

d2,a, etc. is also produced. The output of the pyramidal 

algorithm, which is called the wavelet representation, 

consists of the remaining "smooth" components at the lowest 

resolution and all the "detail" components that were 

accumulated along the way. This is shown in the bottom of 
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Figure 6.12. The transformation also produces a binary 

number Sn-1Sn-2." S1 of n-1 bits, called the wavelet shift. 

The resulting shiftable wavelet transform is actually the 

normal wavelet transform of the original signal shifted by 

the wavelet shift. 

The Pyramidal Algorithm of Multi-Resolution Analysis and Synthesis 
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Figure 6.12 Schematic diagram of the pyramidal 
algorithm. 

6.3.3 Examples 

The shiftable wavelet transform of the transients 

caused by a step reactivity insertion with different shifts 

were performed. In figure 6.13, the step reactivity 

insertion occurred at 512 (s). In figure 6.14, the step 
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reactivity insertion occurred at 513 (s). These figures 

show identical patterns of the shiftable wavelet transform 

and the difference between the wavelet shifts equals 1. 
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Figure 6.13 Shiftable Wavelet Transformation of 
the instantaneous inverse period of a transient. 
[The square of wavelet coefficients are 
represented by the peaks at discrete values of 
scalings ( log2a) and translations (b). The 
transient starts from 100 kW, is caused by a step 
reactivity insertion, which reduced the power by 
25% after the transient. The step reactivity 
insertion occurs at 256 ( s). The instantaneous 
inverse period of the transient is plotted on the 
back wall of the Wigner plot.] 
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Figure 6. 14 Shiftable Wavelet Transformation of 
the instantaneous inverse period of a transient. 
[The square of wavelet coefficients are 
represented by the peaks at discrete values of 
scalings ( log2a) and translations (b) . The 
transient starts from 100 kW, is caused by a step 
reactivity insertion, which reduced the power by 
25% after the transient. The step reactivity 
insertion occurs at 25 7 ( s) . The instantaneous 
inverse period of the transient is plotted on the 
back wall of the Wigner plot.] 
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6.4 The Shiftable Wavelet Transformation 
as Feature Extractor 

6.4.1 Distinct Patterns of Transients 

The shiftable wavelet transform of power transients 

also provides distinct patterns for different power 

transients. Figure 6.13 shows the shiftable wavelet 

transform of the transient caused by a step reactivity 

insertion. The prompt jump is represented sharp peaks at 

the highest resolutions. Small hills at low resolution 

reveals a relatively small slow transients (comparing to 

the huge fast prompt jump). 
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Figure 6.15 shows the SWT of the transient caused by a 

ramp reactivity insertion. The relative fast transition at 

the beginning is captured by several time localized 

hillocks at high resolutions. The rapid rebound of 

instantaneous inverse period is captured by another set of 

time localized hillocks at high resolutions. Large hills at 

low resolution characterize the transient as a smooth 

transient in general. 
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Figure 6.15 Shiftable Wavelet Transformation of 
the instantaneous inverse period of a transient. 
[The transient starts from 100 kW, is caused by a 
ramp reactivity insertion, which reduced the 
power by 25% after the transient. The ramp 
reactivity insertion occurs at 256 (s). The 
instantaneous inverse period of the transient is 
plotted on the back wall of the Wigner plot.] 
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Figure 6.16 shows the SWT of the transient caused by a 

change of the heat transfer coefficient. The relative fast 

transition at the beginning is captured by several time 

localized hillocks at high resolutions. Large hills are 

located in the low resolution levels, characterizing a 

smooth transition. 
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Figure 6. 16 Shiftable Wavelet Transformation of 
the instantaneous inverse period of a transient. 
[The transient starts from 100 kW, is caused by a 
change of the heat transfer coefficient, which 
reduced the power by 25% after the transient. The 
change of the heat transfer coefficient occurs at 
256 (s). The instantaneous inverse period of the 
transient is plotted on the back wall of the 
Wigner plot.] 
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6.5 Neural Network Based Shiftable Wavelet Analysis 
for Transient Identification 

6.5.1 Organization of the Feature Space 

The twenty largest wavelet coefficients of SWT were 

used to form the feature space of a transient. Each 

coefficient is indexed by an ID, an integer that uniquely 

identifies the coefficient. That is, each coefficient is 
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represented by two elements, the amplitude of the 

coefficient and its ID. The 20 coefficients are sorted by 

their amplitudes and arranged into an array of 40 elements. 

Thus, each transient is uniquelY represented by 40 

elements, invariant to the time of onset of the unexpected 

events, and one element which identifies the onset time. 

6.5.2 Neural Network Architecture 

Like the network used in neural network based matching 

pursuit analysis, the neural network used here is a three 

layer feed-forward network. The network architecture is 

described in chapter 3. The first layer contains 40 linear 

nodes. The second layer contains 40 non-liner nodes with a 

sigmoid function as the activation function. The third 

layer contains three nonlinear nodes in which again a 

sigmoid functi~n is used as the activation. 

Each of three nodes in the last layer represents one 

of the three different types of transients. When one type 
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of the transients is presented to the network, the desired 

output of the node representing the transient type is 1.0 

and the desired outputs of the other two nodes are zeros. 

An input vector to the network has 40 elements which 

represent the 20 largest wavelet coefficients obtained by 

the SWT of the transient. A desired output vector of the 

network has 3 elements that identify which event caused the 

transient. An exemplar for the supervised learning is a 

pair consisting of an input vector and a desired output 

vector for each transient. 

6.5.3 Training 

The same exemplars as those discussed in section 5.3.3 

were used here. The transients simulated for the training 

and testing of the network are illustrated in figures 5.2 

and 5.3. 

The training procedures were identical to those used 

in the neural network based matching pursuit analysis for 

transient identification. Supervised learning was used to 

train the neural network to perform pattern identification. 

The back propagation algorithm (introduced in chapter 3) 

was used to train the network. The learning constant is set 

to be 0.0001. 

For each of the first set of the simulated transients, 

four exemplars of noisy transients were used to train the 

network. Therefore, there were a total of 1320 different 
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exemplars in each iteration of the training of the network. 

The network learned the task quite fast, as shown in figure 

6.17. within 1000 iteration, the mean square error (MSR) 

was steadily reduced by three orders of magnitudes. The 

training stopped at the 1000th iteration. 
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Figure 6.17 The learning speed of the neural 
network. 

6.6 Results 

After the network had been trained by one thousand 

iterations, the performance of the neural network based 

wavelet analysis was extensively tested. If the value of 

one of the outputs was greater than 0.7 and the other two 

were less than 0.3, then it was considered that the network 

identified a transient. If the identified transient was 

correct, then the network passed the test. If the 

identified transient was wrong, then the network produced 
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an error. If the network did not identify a transient, then 

the network produced an "unknown". 

In test 1, the neural network was tested by the 

training set. The network produced only 6 unknowns (0.45%) 

and no error. In test 2, the neural network was tested by 

the first set of the simulation transients (noise free). 

The network produced neither unknown nor error. In test 3, 

the fifth set of the noisy transients (not presented in the 

training set) derived from the first simulated transients 

was used to test the performance of the network. The 

network produced 3 unknowns (0.91%) and no error. 

In test 4, the second set of simulated transients 

(intermediate powers without noise) was used to test the 

network. The network produced neither unknowns nor error. 

In test 5, the network was tested by the noisy transients 

of the second set of simulated transients, and produced 1 

unknown (0.33%) and 1 error (0.33%). 

For all 2580 exemplars used for testing, the network 

produced a total of 10 unknowns and 1 errors, and correctly 

identified the unexpected events over 99.5% of the time and 

less than 0.05% of the time misidentified a transient. The 

results of testing are summarized in the following table. 



Table 6.1 The performance of the neural network 
based shiftable wavelet analysis for transient 
identification. 
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# of # of Percentage # of Percentage 

Exemplars Unknowns Errors 

Test 1 1320 6 0.4545 0 0 

Test 2 330 0 0 0 0 

Test 3 330 3 0.9091 0 0 

Test 4 300 0 0 0 0 

Test 5 300 1 0.3333 1 0.3333 

Total 2580 10 0.3876 1 0.03876 

6.7 Summary 

In this chapter, neural network based shiftable 

wavelet analysis has been used to detect and identify 

unexpected events which cause nuclear power transients. For 

on-line transient identification, I developed an on-line 

algorithm of multiresolution approximation under a moving 

window. To resolve the shiftability issue of the pyramidal 

algorithm, I developed the shiftable multiresolution 

approximation. with these advances in wavelet 

transformation, neural network based wavelet analysis has 

worked well for transient identification. Extensive tests 

have shown that the technique is not only able to identify 

the events that cause the transients over a broad range of 



scenarios, but also performs well for untrained scenarios 

under noisy conditions. 
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CHAPTER 7 

RATIONALE OF APPROACHES 

In the previous two chapters, I presented the 

techniques, (the neural network based matching pursuit 

analysis and the neural network based shiftable wavelet 

analysis), for the detection and identification of 

unexpected events. 
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In this chapter, the rationale behind these approaches 

will be discussed. That is, why do it this way? Engineering 

a solution to a problem evolves one's intuition, one's 

understanding of the problem and the tools available. The 

rationale of the approach is the logic and the 

relationships among these factors. An analysis of these 

factors and their relationship will provide some essential 

information about the usefulness and limitation of the 

techniques, when they are applied to other problems of a 

similar kind. 

7.1 The Transient Identification Task 

Both the neural network based matching pursuit 

analysis and the neural network based wavelet analysis 

worked successfully in detecting and identifying power 

transients caused by unexpected events (accidents). 

However, when a new technique is developed, followed by 



accomplishing a task to show its effectiveness, it is 

natural to ask how trivial the task is, before the true 

value of the technique can be evaluated. 

l~ 

Philosophically, a task is never trivial until it is 

accomplished. In general, nontrivialness is a conceptual 

measure; its mathematical model is not yet available. 

Practically, in order to evaluate the value of a new 

technique for accomplishing a certain task, it is desirable 

to report the non-trivialness of the task with some common 

measure. 

The task in this project is to detect and identify 

power transients caused by unexpected events (accidents). 

It is a pattern recognition task. The difficulties of the 

task arise from the following facts. 1) Transients caused 

by the same type of events are different under different 

operating conditions and over different levels of severity 

of the accidents. 2) Some transients caused by different 

types of events are similar. 3) The transients are 

corrupted with noise. 4) The time of onset of the event is 

unknown; thus shiftability of the technique is required. 5) 

The general pattern recognition rule of an infinite space 

needs to be induced froIn a finite number of exemplars. 

To show the degree of similarity among different 

transients, I calculated the cross correlation coefficient 

among the 330 transients (not corrupted with noise) 
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described in chapter 5. The cross correlation coefficients 

were plotted in figure 7.1. Each of the three blocks along 

the diagonal shows the correlation of the transients caused 

by the type of events. The power-ascending transients and 

power-descending transients are negatively correlated. The 

transients caused by the same type of events are strongly 

correlated (positively or negatively). 



Figure 7. 1 Cross correlation between different 
type of transients. 
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Transients caused by reactivity insertion are weakly 

correlated with the transients caused by the other types of 

events. Thus, the transients caused by the step reactivity 

insertion are quite different from the other two type of 

transients, and should be easy to identify. On the 

contrary, the transients caused by the ramp reactivity 

insertion are strongly correlated with those caused by the 

change of heat transfer coefficient. This suggests that 

transients caused by these two events are quite similar, 

and thus difficult to differentiate. Figure 7.2 shows the 

root mean square of the correlation coefficient between the 

transients caused by the same type of events or by 

different type of events. 



rhorarrp 
1.00E+OO 

9.005-01 

!:! 
rhorarrp-rho 

0 8.005-01 
· r-i 
.j..) 7.005-01 
f\.1 

--i 
[I 6.005-01 
H 
H 5.005-01 0 
u 

4.005-01 
~ 

0 
3.005-01 

lO 
~ 2.00E-01 0::: 

1.005-01 

O.OOE+OO 

m gamra • rhorarrp o rho III gamra-rhorarrp • rhorarrp-rho ESI gamra-rho 

Figure 7. 2 Root mean square of the correlation 
coefficient between the transients caused by the 
same type of events or by different type of 
events. 

7.2 The Feature Extractors 

Feature extraction is the first and most important 
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step toward designing an efficient recognition machine. The 

desirable requirements of the features selected are: (1) 

they properly describe the pattern, (2) they are easy to 

process, (3) they are invariant to translation and rotation 

of the pattern (Chen, C.H. 1973) and (4) the dimensionality 

of the data is significantly reduced. The dimensionality of 

the features can be very large. However, reducing the 



dimension of the features brings a number of advantages 

during pattern recognition, e.g., reduced computation and 

easier identification of the patterns. 

I~ 

In general, A better feature extraction will improve 

the performance of pattern recognition. The importance of 

feature extraction has received much attention, although 

less effort and success have been reported. This is mainly 

due to the fact that each pattern has its own particular 

characteristics. So a unified formulation of the problem is 

difficult if not impossible (Chen, C.H. 1973). 

In Chapters 5 and 6, matching pursuit (MP) and 

shiftable wavelet transformation (SWT) were used as general 

feature extractors of transients. Their compressibility (5-

10%) make them proper and concise descriptions of the 

transients. Their shiftability not only provides features 

invariant to translation, but also offers precise 

description of the onsets of the transients. 

In the transformed domain, the energy of signals is 

concentrated in a few coefficients while the energy of 

noise is scattered randomly among different coefficients. 

Therefore, in the transformed domain, the signal to noise 

ratio will be greater than that in the time domain. Both 

matching pursuit decomposition and wavelet transformation 

extract essential information from the signal, and reject 

noise at the same time. 



7.3 The Pattern Recognizer 

MP and SWT produce inhomogeneous feature spaces. In 

MP, five different quantities, (the amplitude, the scale, 

the translation, the frequency and the phase of a time

frequency atom), are mixed together to construct a unique 

feature of a transient. In SWT, two different quantities, 

(the amplitude and the ID of a wavelet coefficient), are 

mixed together to construct a unique feature of a 

transient. 

lSI 

The inhomogeneity of the feature space makes 

traditional pattern classifiers which are dependent on a 

linear metric system inadequate for this pattern 

recognition task. In this project, I used feed forward 

neural networks to accomplish the task. Like humans, they 

can perform non-linear discrimination on inhomogeneous 

feature spaces. The back propagation algorithm was used to 

train the network to form non-linear discriminants 

classifying the patterns. The neural network is good at 

highly non-linear pattern recognition. 

The neural network does not perform well when the 

feature space is not shift invariant. However, this is not 

a problem for the features extracted by MP and SWT. The 

computational complexity of a neural network increases on 

the order of the square of its dimension. Moreover, the 

higher the dimension of the network, the more local minima. 
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Therefore, high dimensionality of the network brings 

difficulty during training. However, the compressibility of 

MP and SWT reduced the dimensions of the features enough so 

that a medium size neural network (SOx50x3 or 40x40x3) was 

shown to be suitable for the task. 

Just as the learning of humans is not yet well 

understood and is difficult to analyze, in general, what 

the artificial neural network has learned also remains 

obscure to us. Even though the energy of the network has 

been reduced sufficiently through training, we are still 

not certain if the network has learned the intended task or 

something else. The neural network may have learned a 

completely different task which happens to share the same 

set of exemplars that have been presented to the network. 

The network may have only learned the isolated exemplars. 

If so, it provides no generalization against noise or 

interpolation. Unfortunately, there is no general analytic 

method to attack these problems. 

In practice, using an appropriate set of exemplars 

often lead to an appropriate learning. Extensive testing 

will be able to justify whether the network has learned the 

task, and establish confidence in the performance of the 

network. 

In this project, the set of exemplars used for the 

training of the network was carefully designed. In order to 
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make the exemplars representative of the task, the training 

exemplars were evenly sampled over the entire domain of 

interest. In order to enforce interpolation, different sets 

of exemplars corrupted with different noise were included 

in the training set. I believe that these two consideration 

of choosing training exemplars were essential to the proper 

learning of the neural network. 

Finally, extensive tests were carried out to justify 

what the network has really learned. The result shows that 

the network learned the task, i.e., the network was able to 

recognize the different type of patterns, irrespective of 

different noise components, and also recognized 

intermediate transients that were not presented to the 

network in the training set. 



CHAPTER 8 

CONCLUSION 

8.1 Achievements 

As discussed in chapter 1, three tasks involved in 

operating a nuclear reactor are planning, implementation, 

and assessment. Implementation of the selected control 

action is already often automated via electromechanical 

means. For the digital operation of nuclear reactors, the 

tasks of planning and assessment still remain to be 

accomplished. 

In this project, techniques that have potential 

applications to the digital operation of nuclear reactors 

were developed. A digital controller was developed to 

accomplish the planning task and digital transient 

identifiers were developed for the assessment task. 

8.1.1 Digital Controller 
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In the digital operation of a nuclear reactor, for a 

given operational objectives, planning identifies a 

sequence of control actions that will achieve the 

objectives, given the confines of technical specifications 

and the limits of the physical system. In this project, a 

model based controller with hazard anticipator is developed 



to accomplish this task in a research reactor that can be 

modeled by the point reactor model. 
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Given an operational objective, i.e., a desired 

trajectory for a power transient, the model based 

controller identifies a sequence of control actions that 

will fulfill the operational objective. The hazard 

anticipator checks the feasibility of the control, that is, 

whether the sequence of control actions generated by the 

controller violates technical specifications and the limits 

of the physical system. Only by means of the hazard 

anticipator, can the digital control system safely perform 

control actions without violating technical specifications 

and the limits of the physical system. 

The control law involved in the model based controller 

requires knowledge of the precursor population, which is 

not measurable by experiments, and is considered very 

difficult to get. In this project, a closed form solution 

of the precursor density is provided. An accurate 

approximation of the precursor density is developed. The 

precursor population meter can be implemented as a finite 

filter of the power history. Its effectiveness and accuracy 

is demonstrated by both simulation and theoretical 

derivation. In theory, the meter is able to achieve any 

desired accuracy by increasing the sampling rate of power. 
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The meter also facilitates the estimation of reactivity in 

the reactor. 

8.1.2 Digital Transient Identifier 

The model based controller performs well only when the 

parameters of the model are correct. Sometimes, due to 

unexpected events (accidents), the parameters of the model 

change. In this case, the model based controller is no 

longer valid and may malfunction. The task of assessment 

must be carried out to detect and identify accidents so 

that further parameter estimation can be relatively easily 

performed. 

The change of a parameter will usually result in a 

power transient from one equilibrium state to another. Such 

a transient provides important information about the 

accident. In this project, techniques of transient 

identification were developed to accomplish the assessment 

of unexpected events. 

The first technique developed is the neural network 

based matching pursuit analysis. The matching pursuit (MP) 

decomposition is used for feature extraction. MP provides 

shift-invariant, concise and informative characterization 

of the transient. In the transformed domain, the signal to 

noise ratio is also improved, and each type of transient 

has its own distinct patterns. The neural network is used 

for pattern recognition. The back propagation algorithm is 
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used to train the network to form non-linear discriminants 

over a heterogeneous feature space. 

The second technique developed is the neural network 

based wavelet analysis. In order to overcome the 

unshiftability problem, one of the major drawbacks of the 

multiresolution approximation, I developed a shiftable 

version of the multiresolution approximation which 

minimizes the energy in the high resolution levels. Under 

this shiftable wavelet transformation, different shifts of 

the transient result in identical features which are the 

signature of the transient. It provides shift-invariant, 

concise and informative characterization of the transient. 

In the transformed domain, the signal to noise ratio is 

also improved, and each type of transient has its own 

distinct patterns. Again, the neural network is used for 

pattern recognition. The back propagation algorithm is used 

to train the network to form non-linear discriminants over 

a non-homogeneous feature space. 

Those two transient identification techniques were 

used to detect and identify three different types of 

unexpected events, the step reactivity insertion, the ramp 

reactivity insertion and the change of heat transfer 

coefficient. It was basically a pattern recognition task. 

The difficulties of the task arose from the following 

facts. 1) Transients caused by the same type of events are 
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different under different operating conditions and over 

different levels of s~verity of the accidents. 2) Some 

transients caused by different types of events are similar. 

3) "The transients are corrupted with noise. 4) The onset of 

the event is unknown; thus shiftability of the technique is 

required. 5) The general pattern recognition rule needs to 

be induced from a finite number of exemplars. 

Both techniques successfully accomplished such a non

trivial task. Both MP and SWT extracted distinct features 

from different type of transients. The learning speed of 

the networks was fast. The network performed well in 

various extensive tests. 

8.2 Future Research 

The key of on-line transient identification is a good 

on-line shift invariant feature extractor. In principle, 

the off-line feature extraction techniques (MP and SWT) 

presented in this project can be used for on-line shift 

invariant feature extraction by simply performing those 

transformations at each update. However, in practice, the 

computation time needed to perform those transformation for 

a big time window may not be able to catch up with the 

sampling rate of the transient. 

In order to obtain an efficient implementation of an 

on-line algorithm, there must be large fraction of common 

operations between one update and the next, so that 
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repetitive calculation can be designed to be avoided, and 

only a small number of operations are needed for the update 

of the transformation. 

Due to the non-linear iterative operations involved in 

MP, few repetitive operations are guaranteed to exist 

between successive updates. Engineering an on-line 

algorithm will be difficult if possible at all. Therefore, 

MP is not a good candidate for on-line feature extraction. 

On the contrary, as discussed in section 6.2, in the 

wavelet transform, there are substantial repetitive 

operations between successive updates. The on-line wavelet 

transformation is based on avoiding unnecessary repetition 

of calculations from one time step to the next. The two 

matrices (NxL) which stored different shifts of wavelet 

coefficients provide economical use of memory operations. 

Under these conditions, developing the on-line shiftable 

wavelet transform is practical. 

In this project, techniques applicable to the digital 

operation of a nuclear reactors are presented in two 

isolated but interrelated domains: the task of planning and 

the task of assessment. Combining of the two tasks into a 

coherent digital operation strategy is needed. It is 

desirable to integrate into one package the model based 

controller with a hazard anticipator, the on-line transient 



identification and analytic parameter estimation which is 

dependent on the result of the transient ·identification. 
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APPENDIX 

The Algorithm of Shiftable Wavelet Transformation 

FOR i = 0 TO num level 
CALL FUNCTION spwt_ana(Vector ai) 

END FOR 

where ai is the smooth data produced by ith 
shiftable wavelet transform 

FUNCTION spwt_ana(Vector ai) 
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Vector dO = Detailed Data produced by partial wavelet 
transform on ai 

Vector al = Shift ai by 1 
Vector dl = Detailed Data produced by partial wavelet 

transform on al 
If Energy of dO > Energy of dl 

ELSE 

Vector ai+l = Smoothed Data produced by partial 
wavelet transform on al 

Vector di+l = dl 

Vector ai+l = Smoothed Data produced by partial 
wavelet transform on ai 

Vector di+l = dO 
END IF 

END FUNCTION 
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