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ABSTRACT

This dissertation deals with the use of artificial neural networks for the

monitoring and diagnosis of components in nuclear power plants. The technology of

neural networks provides an attractive complement to traditional vibration analysis

because of its potential to operate in real-time and to handle data which may be

distorted or noisy. The technique enhances traditional vibration analysis and provides

a means of automating the monitoring and diagnosis of vibrating equipment.

The study is conducted in two phases. First, the mechanical behavior of

rotating machinery is studied, and a neural network system is developed for the

detection of faults in rolling element bearings (REB). The system learns association

between features in the spectrum and operating states of the bearings, the system is

tested using data fî om a aging simulation bench test.

A technique is presented for modelling the relationship among sensors in a

machine that is shown to be very effective for identifying changes in operating states.

REB's are especially interesting components because they are responsible for a large

fi-action of the malfunctions in manufacturing equipment. In an average nuclear

power plant about one third of all measuring points is allocated to REB's.

The second phase of the study is related to the problem of the vibration of the

internals of pressurized water reactors (PWR). The vibratory behavior of the

internals in a PWR can be identified and monitored using ex-core neutron data fi-om

ionization chambers located outside the vessel. The data collected from these
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detectors provide information regarding the behavior of mechanical components, the

presence of contacts between the core barrel and the pressure vessel, and more

importantly, a means of verifying the integrity of components in the system.

A neural network-based methodology is described for identifying the vibration

mode of the core barrel, and for detecting a particular family of mechanical failures.

Features are extracted from the neutron noise spectra, and used for training neural

network models to identify the different states of vibration typically exhibited by

PWR's. The technique was tested on data collected over 93 fuel cycles from twenty

eight 900 MWe pressurized water reactors in France.
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INTRODUCTION AND NEURAL NETWORKS METHODOLOGY

INTRODUCTION

The main goal of this doctoral dissertation is to develop a methodology for

automatic analysis of vibration data. The analysis, as it applies to mechanical systems

and reactor internals, is difficult to automate due to the many peculiarities exhibited

by these systems. Modelling of vibration phenomena is also a complex task, since the

behavior of the components under a variety of operating conditions is not always

known precisely, and representative data are difficult and expensive to secure.

In this dissertation, the problem of vibration in mechanical systems and PWR

reactor internals is investigated. The availability of this equipment is vital to the

operation of nuclear power plants, thus the interest in developing automated systems

for assessing the condition of the machinery and its operational state. The study is

conducted in two phases. The first part of the study is devoted to vibration in the

realm of mechanical systems and the second part addresses the vibration of the

internals of PWR reactors. In both cases, a methodology based on the technology

of neural networks is presented that takes into consideration a number of

characteristics typical of the components under investigation.

In the area of mechanical systems, the analysis is focused on monitoring and

identifying the operational state of rolling element bearings (REB). This analysis is

particularly important because REB failures are responsible for a large fi"action of



the malfunctions in manufacturing equipment. In a typical nuclear power plant, for

example, one third of all measuring points are allocated to REB's [1].

Defects in REB's are generated on the raceways or the rolling elements by,

among other factors: spalling, seizure, external particles, chemical corrosion, improper

lubrication, false brinelling, and passage of electric current [1]. Defects originate as

detachments of small fragments of metal, which may evolve into cracks and frayed

surfaces, and which eventually cause disassembly of the REB. Once a defect appears,

it is observable as a feature in the frequency spectrum because it produces sharp

vibration impulses. The impulses are generated each time a rolling element passes

over a defect and are detectable in most cases even at incipient stages.

The features that REB defects produce in the spectrum, generally in the form

of peaks, are used by experts to identify faults and to monitor the condition of

bearings in rotating equipment. For discriminating among defects, the experts use

formulae which relate bearing geometry and rotational speed to frequency regions

where peaks related to particular defects appear. However, the task of identifying

these faults is complicated by a number of machine specific parameters.

Among the many factors governing the appearance of spectral features are the

modulation of frequencies and the severity of faults. REB frequencies are often

modulated by residual unbalance producing small-amplitude peaks in the vicinity of

the running frequencies. Frequencies may also be modulated by other vibration

creating components in the REB spectrum which are sums and differences of many



frequencies. Spectral features may also appear in healthy bearings due to production

tolerances, and some features may not appear at all until the bearing is loaded by

unbalance forces [2]. The severity of the fault is another important consideration.

Due to the process of wiping described later, features which are clearly seen in the

early life of a defect, may disappear from the spectrum as the defect aggravates,

making it possible for the fault to go unnoticed.

The difficulties make apparent the need for robust pattern recognition,

modelling, and monitoring techniques that are designed in the context of vibration

analysis, that utilize operation-related parameters, and are able to integrate and

manipulate specific knowledge about the machine being diagnosed or monitored. In

the first part of this dissertation a methodology is presented which is shown to be

very effective in the processing of vibration data from rolling element bearings. The

system described is tested on data provided by Electricite de France, both from bench

tests and motor data from their operating power stations.

The second part of the study addresses the problem of the vibration of the

internals of pressurized water reactors. In particular, the analysis is conducted from

data of ex-core power detectors located outside the vessel, the objective being to

detect contacts between the reactor vessel and the core barrel, as well as failure of

mechanical components.

The spectrum calculated from the noise portion of the ex-core power signal

depicts features that may be associated with particular behaviors of components in

the structure. The methodology described in this dissertation uses parameters



calculated from the spectra to discriminate among the different modes of normal

behavior typically exhibited by one family of PWR reactors. The technique is also

useful for identifying failure of mechanical components in the structure such as the

hold-down spring, because mechanical failures cause changes in the shape and

location of the features in the spectrum.

Contacts between the reactor vessel and the core barrel are produced by

motion of the two components. The motion is induced by the flow of water entering

the vessel, by hydraulic turbulence, and by many forces internal and external to the

system which, combine to produce a very complex motion. Although the clearance

between the radial keys of the core barrel and corresponding radial supports on the

reactor vessel is very small (around 0.5 mm.), contacts must be monitored closely

because they have a hammering effect on the structure that may produce wear of the

contact surfaces and increase the risk of structural fatigue.

This part of the study also deals with the identification of mechanical failures

in reactor internals. One example of such mechanical failures is the degradation of

the hold-down spring, a device in the shape of a ring installed between the upper

core support structure and the core barrel, that presses against the two components

to constrain the movement of the core barrel. The spring undergoes a process of

relaxation with aging, and the objective of this part of the study is to identify this type

of mechanical failure from the power spectral density of ex-core detectors. The

degradation of the hold-down spring is important, and may become dangerous,

because it translates into greater freedom of movement of the internals [3].



The system for identification of normal vibration modes of reactor internals

is tested with data fi-om 28 different PWR plants in France. Simulated data is used

for testing the system used to discriminate among different levels of degradation of

the hold-down spring, because there are no cases of spring failure registered in

French reactors. This work is described in Part II of the dissertation.

The original contribution of this work is focused on the development of a

methodology for automatic processing of vibration signatures. The work addresses

the following issues:

• Classification of vibration signatures into known categories of operational

states. The classification scheme is developed from exemplary data and includes

features for the integration of knowledge particular to the problem of vibration

analysis.

• Clustering of data which is not labeled (i.e. an operational state is not

included with the signature). This technique is able to incorporate knowledge about

the problem (peculiarities of the vibration problem). In particular, features are

included to address the weighted contribution of frequency features in the spectrum.

As discussed above, some frequency features are directly related to the presence or

absence of faults (i.e. peaks at the appropriate spectral region). Although the entire

spectrum needs to be taken into consideration for classification, peaks that are

located in the "strategic" frequencies contribute more to the solution than other

features in the spectrum.



• Monitoring using sensor cross-reference information that permits the

assessment of relative severity in mechanical vibration and of motion and vibration

in the ex-core neutron data from PWR internals.

The work is organized in two parts. Part I documents the techniques

developed for mechanical systems, and Part II addresses the problem of vibration of

the reactor internals. The last section of the dissertation, contains conclusions, issues

relevant to the work which merit further research, and recommendations for future

work.

Each part of the document is cited by a roman numeral, each part in turn

contains several chapters, including a discussion of the results. The numeration of

figures, equations, and tables contains a roman numeral corresponding to the part to

which it belongs, an arable number corresponding to the chapter within a part,

followed by another arable numeral which corresponds to the figure, equation or

table number. Figures, equations and tables corresponding to the general

Introduction and Conclusion sections are cited with a single arable numeral.

Part I

The first chapter presents a general introduction to the problem of vibration

of mechanical systems. A description of spectral features generated by faults in

rotating equipment is included, and the problems associated with the identification

of faults in rolling elements bearings are outlined.



Chapter 2 describes the system designed for monitoring REB's. The chapter

includes a discussion of one input / two output models, which provides the

mathematical basis for the implementation of the system, followed by the neural

networks implementation. The results of testing the system with a set of data from

a motor in one of EDF's power stations is also included in this chapter. New

descriptors are defined for the quantification of overall vibration levels based on the

information provided by cross-referencing the sensors on the machine.

In Chapter 3 a system is described for the discrimination of vibration

signatures from rolling element bearings according to their operating state. A neural

network system is trained to perform this discrimination using data collected fi-om

REB's in a bench test where the process of aging was simulated. The input to the

networks is a compressed version of the spectra, and its output is a class label

corresponding to the operating state. Other simple networks are used for

preprocessing the data.

Chapter 4 presents a technique for clustering vibration data using a modified

version of the Fuzzy-C algorithm. Clustering is a very useful technique in vibration

analysis, because in many cases the state of operation of a machine is not known

precisely and clustering may unveil important characteristics about the behavior of

the machine. The results of testing the system with data from REB's is also

presented in this chapter. The data used for testing the system corresponds to a

group of REB signatures representing transition states.



The last chapter, Chapter 5, presents the discussion of results of the

techniques discussed in Part I. These techniques provide means for automating

vibration analysis of rotating machinery, and may be used for equipment in nuclear

power plants, as well as other manufacturing settings.

Partn

Chapter 1 presents an introduction to the problem of vibration of reactor

internals, a description of the ex-core neutron noise signal and how it relates to the

vibration of the internals, and a method for quantifying the motion. Finally, the

relationship between components of the structure and specific regions in the power

spectral density is discussed.

In Chapter 2, the neural networks-based classification system used for

discrimination of neutron noise spectra is discussed. The system is used first to

validate the neutron noise signatures, second to discriminate among the different

modes of normal vibration, and third to separate signatures of reactors with

operational hold-down springs from signatures of reactors with degraded or non

functional springs.

Chapter 3 describes a methodology for monitoring the behavior of the

internals. This technique is similar to the method described in Chapter 2 of Part I,

modified to the realm of reactor internals. The results and discussion of applying this

technique to data from operating reactors is included.
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NEURAL NETWORKS METHODOLOGY

An artificial neural network (ANN) is a computational system formed by a

large number of nonlinear information processing units, highly interconnected and

operating in parallel. The topology of neural networks has been contrived from the

understanding of the functioning of biological nervous systems, and the study of

artificial nervous-like systems has been inspired by the hope of achieving human-like

performance in tasks such as automated speech processing and image recognition.

What makes neural networks different from other data processing techniques

is the distributed manner in which computation is achieved and the high cormectivity

between units. Each unit, a processing element (PE), is a very simple device capable

of performing elementary mathematical operations, and nonlinear transformations.

These units are organized in layers, and connected by weights to resemble the

structure of neurons (Figure 1) in the cerebral cortex portion of the brain [4].

Neural network models are crude attempts to mimic this ability of biological

systems. The connection strengths are simulated using a number called a weight

which ranges typically from -1.0 to 1.0. As expected, a negative weight has an

inhibitory effect, and a positive weight has a excitatory effect on the information

flowing between units. Conceptually, this design has the ability of processing

information in parallel since information flows continuously and simultaneously.

Another advantage is improved robustness; since there are so many nodes with only

local coimections, and because the information is spread over a large section of the

system, damage to a few nodes need not impair overall performance significantly [5].
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Figure 1. Biological Neuron [4]
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Perhaps the most important characteristic of neural networks is their ability

to model processes and systems from actual data. The neural network is supplied

with data and then "trained" to mimic the input-output relationships of the process

or system. Neural networks also have the ability to respond in real-time to the

changing system state descriptions provided by continuous sensor inputs. For

complex systems involving many sensors and possible fault types, real-time response

is a difficult challenge to human operators; neural network technology may provide

a viable alternative to the solution of this problem.

Neural networks may also be used to interpolate and extrapolate effectively

from learned data, and more importantly, to model processes from actual process

data. In the area of classification, neural networks work better than most traditional

classifiers because they are non-parametric and make weaker assumptions concerning

the shapes of underlying distributions [5], especially, when these distributions are

generated by nonlinear processes and are strongly non-Gaussian.

Historical Perspective

The history of neural networks begins more than forty years ago with the work

of McCulloch and Pitts [6], followed by the work of Rosenblatt [7], Hebb [8], Widrow

[9,10], Posch [11] and others in the 1950's and 1960's. During the 1970's research in

neurocomputing came virtually to a halt due in part to the publication of the book

Terceptrons by Minsky and Papert [12], which pointed out alleged limitations and

deficiencies of training the algorithms available. At the same time, other artificial

11



intelligence areas started to achieve significant success, and the funding agencies

shifted their investment to these emerging technologies.

The work by Rumelhart, McClelland, Williams and Hinton [13,14,15],

Grossberg [16], Hopfield [17,18,19], Sejnowski [20], Specht [21,22], Kosko [23,24],

Kohonen [25,26], Hecht-Nielsen [27], among others, along with the development of

new theories and algorithms and the availability of faster and parallel hardware,

contributed to the re-invigoration of the field. There was also a realization that the

solution of certain problems requires a significant amount of computational power,

and the recognition that traditional sequential computing, however fast, was totally

inadequate for the solution of those problems.

Neural Networks for Vibration Analysis

In the realm of vibration analysis, neural network models may be used for

monitoring components and for identification of operating states of machinery.

ANN'S offer a flexible, general-purpose approach to building highly non-linear models

required for complex systems [28], and their ability to recognize patterns and perform

matching in multi-dimensional spaces makes them ideally suited for the vibration

problem.

For monitoring, neural networks may be trained to model the behavior of

machinery under normal operating conditions, aiming to detect deviations from

normal behavior. In this dissertation, for example, a neural network is used to model

the relationship between sensors mounted on the equipment of interest. Generally,
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the sensors measure different components of vibration. In the case of rotating

equipment the sensors measure radial and axial components, and in the case of

reactor internals the sensors are opposite ionization chambers. Deviations from

normal behavior may be detected and quantified by comparing the actual values of

the sensors with the output of the model.

For identification of operating states, neural network models may be used as

classifiers or clustering systems. In classification, the network leams the mapping

between a signature describing the behavior of the component and the corresponding

operating state. A set of parameters; such as time records, frequency spectra,

vibration descriptors, etc; describing the behavior of the component under different

conditions is supplied to the ANN and the network develops rules for discriminating

between the different states. Recently, in the realm of rotating machinery, some

ANN-based systems have been developed [29,30,31] to address this problem in a

small scale.

In clustering, the network groups signatures according to their inherent

similarity. Clustering is a very powerful idea in vibration analysis because in many

cases the state of operation of the component is not known or cannot be accurately

determined. Clustering produces groups of signatures, where each group may

represent an operation state, such that the signatures in each group have similar

geometrical and statistical features. If one or several of the examples are known to

represent a certain kind of vibration state or fault, the other examples in the cluster

have a high probability of representing the same condition.
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any algorithms for neural networks have been developed, two of which are

important to this program backpropagation for its intrinsic generality and well-

deserved popularity, and the recirculation algorithm for its applicability to the areas

of automatic feature extraction and data compression.

Backpropagation Network

The backpropagation network (BPN) is a multilayer, fully connected, feed

forward network. The name is derived from the nature of the training procedure

while information flows forward from the input to the output layer, the error between

the actual output and the desired output is propagated back through the set of

weights. The training method aims at quantifying the contribution of individual units

to the global error, and adjusting their weights accordingly. The learning procedure

uses the delta rule [15], to compute the weights between connected processing

elements so that the difference between the actual output and the desired output is

minimized in a least-squares sense.

Backpropagation networks may operate in autoassociative and

heteroassociative mode. For an autoassociative network, the input vector and the

output vector are identical. A heteroassociative network learns associations between

different input and output vector pairs. The basic BPN algorithm is presented by

Rumelhart and cClelland in references [13,14,15] and is discussed here only briefly.

A backpropagation network consists of several layers an input layer, one or

more hidden layers, and an output layer. The input layer acts as a buffer for the
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inputs to the system. It receives information (input vectors) and transmits the

information to the hidden layers through weighted connections. The hidden layers

are used by the network to create internal representations of the input patterns which

represent the nonlinear characteristics of the data [15]. The topology of the network

is shown in Figure 2.

The input layer receives the input to the system and passes it to the first

hidden layer. The first hidden layer sums the weighted information fi"om the input

layer, modifies it using a logistic function (discussed later), and propagates the

modified information forward to another hidden layer or to the output layer. The

processing at each hidden layer is similar, and the information eventually reaches the

output layer where it is compared with the vector of desired outputs.

In the output layer, the overall error is calculated. The error is the difference

between the ideal (desired) output and the actual output generated by the network.

This error is propagated back through the layers, and the weights are adjusted at

each layer. This training process is repeated for each associated input/output pair

until the error is reduced to a predefined level, or for a specific number of iterations,

according to the criteria for termination. In essence, during training the information

flows forward fi-om the input layer to the output layer, and the error is propagated

backwards through the weights to calculate the weight adjustments. Training involves

the modification of the weights until the error is minimized.
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Figure 2. Topology of a Backpropagation Network



The logistic function acts as an automatic scaling factor and gain control.

Another name given to this function is transfer function, and it is referred to by that

name widely in the literature. The function provides high gain for small signal to

prevent their attenuation, and small gain for large signals to prevent saturation [32].

The logistic function used most commonly is the Sigmoid of Equation 1.

Fix) p>0. (1)
1 + e-P*

where * is the input to the function and b is the shaping parameter. In theory, the

algorithm only requires that the function be bounded and everywhere differentiable

[14]. Values range from 0 for large negative values of x, to 1 for large positive

values of x. Other logistic functions are the hyperbolic tangent and the arc tangent

where the values change between -1 and 1 as x changes from a large negative value

to a large positive value.

In the fully-connected backpropagation model, every processing element in a

layer is connected to all neurons in the next higher layer with no lateral connections.

A BPN processing element calculates the scalar product of each input vector and its

corresponding connection weights, and then filters this product using the logistic

function of Equation 1 (see Figure 3). The output of a processing element in the

input layer is the same input, in all other layers this output is given by Equation 2.

X.■j - )-Fi Ij ) (2)
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where is the output of processing element j in layer a and is the

connection weight between unit ± in layer [a-i] and unit j in layer a, and

is the weighted summation of inputs to the j* neuron in layer a

The error function used generally in backpropagation is given by

Where d is the desired output, o is the actual response, and ■ is the size of the

output vector. The scaled local error at each processing element of the output layer

is calculated with Equation 4.

©r'- -as/axr'
- dE/dOj^ * doj^/dlj^ (4)
-  (dj^- o^) * f'Hk)

For non-output layers the local error is calculated using Equation 5,

* (1.

and the weight adjustment from Equation 6, where a is a learning coefficient.

a * ej®^* x]®"^^ (^)

The algorithm presented above is extracted fi-om reference [33], a derivation

is presented in references [13,14,15]. The key feature of the algorithm is that it

performs gradient descent. To calculate the gradient of the error function s, the

partial derivative of s with respect to each weight is calculated. The gradient points

in the direction of maximum change; so to minimize s, the algorithm searches in the
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opposite direction. BPN can be credited for a large portion of the success that

neural networks now enjoy. Variations of backpropagation have been developed,

with claims of improved performance and faster convergence for some problems.

An open issue for BPN's is how to determine network configuration. It has

been shown that a network with a single hidden layer and enough processing

elements is capable of performing mapping between arbitrary inputs and outputs [34].

The problem is determining the correct number of hidden units. This number

depends on the inherent complexity of the problem, which in most cases cannot be

assessed easily. A number of theories had been proposed which provide some

guidelines for selecting a configuration. We are using the criterion proposed by Kung

and Hwang [35] which states that in the case of tasks with inherent regularities in the

input/output patterns, the optimal number of hidden units is the number of regularity

features minus one. In this case, the number of regularity features corresponds to

the number of classes.

Recirculation Network

The recirculation network (RCN) algorithm was developed by Geoffrey Hinton

and James McClelland [36]. The network is autoassociative, and it is known best for

its ability to perform data compression and low-pass filtering. In the simplest version,

the network has only two trainable layers: a visible layer and a hidden layer. The

input and output layers act simply as buffers for input and output. The topology of

the RCN is shown in Figure 4.
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When the number of units in the hidden layer is less than the number of units

in the visible layer, the hidden representation may be considered to be a compressed

version of the visible representation (see Figure 5). Under these conditions, the

network acts as an encoder, mapping the original vectors to a smaller dimensional

space while preserving most of their statistical characteristics. To encode information,

the vector is presented as the input to the visible layer and its compressed version

collected as the output of the hidden layer (the vector's dimension will be that of the

hidden layer). Similarly, to decode or expand the compressed version of a vector, the

compressed vector is presented as the input to the hidden layer and the decoded

(original) vector can be collected at the output layer of the network.

The network contains groups of nonlinear units arranged in a closed loop [36],

and separate paths with weights for forward and backward flow signals. The purpose

of training is to find a set of weights which allows the activity vectors in the visible

layer (the input vectors) to be represented by activity vectors in the hidden layer.

To test the representation, visible vectors are reconstructed from the hidden vectors,

and the error is calculated by comparing the reconstructed vector with the original

(input vector). The purpose of training is to minimize this error, called the

reconstruction error.

The reconstruction error is an accurate indicator of performance, defined as

the sum of the squared differences between the input vector and the reconstructed

vector. The reconstructed vector is assembled by passing the compressed
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representation through the weights, thus expanding the vector to its original form.

During training, the error is minimized using a simple learning algorithm that behaves

similarly to gradient descent under certain conditions.

The learning rule used in the recirculation network differs from the delta rule

used in backpropagation in two critical areas [15]. First, when modifying the

strength of a connection, only local knowledge is used; mainly the activation of the

processing element and its input values. Second, recirculation does not require the

connections to be symmetrical (i.e, Wj^j * processing elements are

connected in two directions such that (connection from node j in the hidden

layer to node i in the visible layer) is not necessarily equal to VI the connection

from the i node in the visible layer to the j node in the hidden layer (Figure 6.)

The training algorithm for recirculation networks presented herein assumes the

single hidden-layer topology depicted in Figure 4, and was extracted from references

[33,36]. It is important to remember that each visible unit has a directed connection

to each hidden unit, and each hidden unit in turn has a directed connection to each

visible unit, and that these are separate connections, see Figure 7. This pattern of

connectivity results in two different sets of weights: (for hidden to visible

connections) and VI (for visible to hidden connections ).

During learning, the data is presented at the input layer and buffered to the

visible layer (time o), see Figure 7. The data is then filtered through the bottom-up

weights to the hidden later (time i), sent back (recirculated) to the visible layer
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Figure 6. Connectivity of a Recirculation Network
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through the top-down weights (time 2), and looped back to the hidden layer through

the bottom-up weights (time 3). The weights are updated after the second pass, at

(time 3). Equations 7 to 13 from reference [33] describe the sequence of events

during a recall; y£[0] and yi[2] are the outputs of the i*^ visible units at (time

0) and (time 2) respectively; and yj[l] and yj[3] are the outputs of the j" hidden

units at (time 1) and (time 3).

l-jtOl-XjtO] (7)

y^[i]-f(Xj[i]) (»)

(10)

yil2]- r » ritol + d.o- r)» sr(^j[2]) (H)

i'i[2]) (12)
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yj.[3]-r* Yj[l] + {1.0-z)*f{Xj[2]) (13)

where f and g are logistic functions in the forward and backward directions

respectively. Hinton and McClelland [36] use the sigmoid function of Equation 1.

The regression parameter r takes values between 0.0 and 1.0. The value of the

parameter r is required to be close to 1.0 for convergence, and a value of 0.75 is

recommended.

The hidden-to-visible connections are updated at (time 3) using the

relation expressed in Equation 14

e * Yj[l]* {Yi[0]-Y^[2]) (14)

and for the visible-to-hidden connections (Wjj), Equation 15 is used for updating the

weights at (time 3)

AWji- e * 7^ [2] * {Yj[l] -7^. [3]) (15)

where e is a learning parameter. From Equation 11,

7^[0]-7i[2]- 7j[0]-( r*7i[0] + (1.0-r)* gr(X^[2])) (16)

and similarly from Equation 13,

Yj[l]-Y^[3]- Yj[l]-{r*Yj[l] + {1.0-r)*f {Xj[3])) (17)
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Equations 16 and 17 may be used to rewrite the learning rule as,

C^*Yj[l]* (^^[0]- g{X^[2])) (18)

q* Yi[2]*{f {Xj[l])-f {Xj[3])) (1«>)

where

q- e * (1. 0-r) (2®)

For a given input vector, the squared reconstruction vector, b, is given by

(21)

Generally, the weights are not updated after each vector is presented to the network.

Instead, individual updates and ̂ j±) are accumulated, and their sum is used

to change the weight matrices. This technique is known as cumulative learning and

it is also used by some versions of backpropagation.

Early changes during the training of a recirculation network do not always

improve the state of the system [36]. However, as learning progresses, and the set

of weights in the two directions begin to align, the procedure resembles gradient

descent and it performs similarly when the two sets of weights finally align. The

advantage of the algorithm is that it mimics the behavior of gradient descent at a

much lower computational cost, using a very simple topology and learning algorithm.

There are several extensions to the algorithm described here, which include

cascading network and multi-layer RCN's. In the context of this study, the algorithm

is used to perform feature extraction and compression of vibration data. However,
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good results have been reported on the use of RCN for problems of natural language

processing and low-pass filtering [33,36,37].

Compression is an important issue in the context of this study because the data

sets are generally very large, and by reducing the amount of data, processing time is

decreased significantly. The added advantage to the compression is automatic feature

extraction. Since in most cases the network cannot learn the mapping from high

dimensional spaces to lower dimensional spaces exactly (this will require the

reconstruction error to be zero), it acts as a feature extractor. The network focuses

on the most relevant and consistent trends in the data [38], reducing noise and

redundant information and making it easier for the classifiers to learn.

Scaling or Normalization of Parameters

The algorithms described, BPN and RCN, use the logistic function of Equation

1 for automatic scaling of the inputs to each neuron in the networks except those in

the input layer. The logistic function is used to prevent attenuation of small signals

and saturation for large signals. The function's output is a number in the interval

(0.0,1.0), which makes it necessary to scale the parameters of the system to the same

range.

In practice, the value of the logistic function for very large and very small

numbers approaches the limits asymptotically, and the changes in the output of the

function in these ranges is negligible. Generally, the operating range of the algorithm

is chosen to prevent the function from reaching the extremes. In the work described
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in this document the operating range for the algorithms has been defined as the

interval (0.05, 0.95).

Scaling of the input variables may be done in a variety of manners. Generally

it involves a linear transformation fi-om the natural numeric range of the variables

considered to some defined interval, in our case (0.05, 0.95), but other

transformations have also been used for particular applications. Scaling may involve

the adjustment of input variables using global parameters( global scaling), the

parameters of individual variables (column-wise scaling), or parameters calculated

firom individual vectors (row-wise scaling).

For the systems described in this work, all three forms of scaling have been

used. Global scaling is useful when the relationships of the entire data must be

preserved. For example while making predictions, since the relationship between the

input and output parameters is an important consideration. Column-wise

normalization preserves the characteristics of individual variables in the set. In

classification, it is necessary to treat the parameters individually and adjust their

values according to their natural range. Finally, row-wise scaling helps in preserving

the relationship between the elements of the same vector. For example, row-wise

scaling is used when it was essential to preserve the amplitude of the peaks in the

same spectrum, since other scaling schemes would destroy the shape of the

signatures.

The technique of scaling is also called normalization, and it is referred to by

that name widely in the literature. In this document we avoid using the term in this
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context because the analysis of spectral signatures from neutron noise signals

discussed in Part II, requires a technique for adjusting amplitudes to which we refer

as normalization. The formulae for performing global scaling, column-wise scaling

and row-wise scaling are presented in Equations 22, 23, and 24. For all these

formulae, a is the matrix of input vectors, and for Aj^j, the subscript i corresponds

to the vector number and j indexes the variables in each vector.

—5^2 ] * 0.90 + 0.05 (22)

- min[A]j
max[A]j - min[A]^

* 0.90 + 0.05 (23)

Ajj - min[A]^
^ max[A] ̂ - min[A] ̂ ̂

* 0.90 + 0.05 (24)
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ROTATING MACHINERY
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CHAPTER 1

VIBRATION OF ROTATING MACHINERY

INTRODUCTION

A power plant (nuclear or fossil) is fundamentally a thermodynamic system

that includes a heat source, flowing fluids, valves, control systems, and rotating

machinery (pumps, fans, motors, gear boxes, turbines and a generator). Although the

flow of fluids (water and steam) can induce vibration and shock, a primary source of

vibrations is rotating machinery. The availability of this equipment is vital to the

operation of the plant; thus, the interest in developing automated systems not only

for monitoring the health of rotating equipment but also for estimating the time

during which the machine may continue to operate safely.

The fundamental goal of programs for predictive and preventive maintenance

is maximizing equipment reliability and safety while minimizing cost [39]. To

accomplish this goal, it is essential to develop techniques which allow for the

detection of faults at their onset, in order to prevent costly production delays and

catastrophic failures. These techniques must also give time for scheduling

maintenance activities and enable proactive maintenance management [39].

Embedded in this philosophy of predictive and preventive maintenance, is the

assumption that data can be collected and analyzed to gain insight into the state of
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operation of the equipment. Moreover, in order to avoid disturbing the normal

operation of the equipment, it is desirable that these data be collected in a non-

intrusive manner with as little instrumentation as possible. The vibration signals

acquired by rotating equipment constitute a means on which to base the maintenance

activities.

Vibration per se is not necessarily bad if its amplitude and associated forces

are within acceptable limits. Indeed, vibration in machinery can be the source of

much information about the various systems involved. This information is helpful in

assessing the state of operation of the components, and may be useful in performing,

not only preventive maintenance, but also safety compliance.

There is a great deal of literature that describes the type of vibration signals

to be expected for faults in typical mechanical vibration systems and analysis

techniques that can be used for early detection of faults. Generally the analysis is

done in the frequency domain, because features in the spectra may be linked to

particular sources of excitation which can in turn be related to particular faults.

In the frequency domain, trend analysis is another useful technique [40]. It

is performed by comparing the vibration spectrum for each machine with a reference

spectrum and evaluating the vibration magnitude changes at different frequencies.

Vibration amplitude changes at particular frequencies, which depend on the

component and its operating conditions, can be related to types of faults and in a few

cases to specific identifiable faults.
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This form of analysis for diagnostics is performed often by maintenance

personnel monitoring and recording transducer signals, and analj'zing the signals to

identify the operating condition of the machine. This method has proven to be

effective in identifying potential failures before they occur, and indeed, it is

sometimes possible to estimate the remaining life of certain systems once a fault has

been detected. Hence, there is considerable motivation to design systems to

automatically perform this analysis on a real-time basis in a reproducible maimer.

VIBRATION MONITORING

Vibration monitoring is based on the principle that all systems produce

vibration which may be analyzed to gather operational performance information. In

rolling element bearings (REB), for example, the deterioration of a component is

manifested in loss of fragments of metal of the raceways or the rolling elements.

Each time a rolling element passes over a defect, an impulse of vibration is

generated. The impulses are generally of very short duration and generate responses

in a wide range of frequencies. The impulses are related to the fault and its severity,

and all the vibration monitoring techniques are based fundamentally on the recording

and quantification of these vibration impulses [41].

Vibration signals are usually collected using accelerometers. These transducers

are favored because of their accuracy, lightweight, good temperature resistance, low

cost and wide frequency response [42]. Generally, operation is restricted to about

20 to 30% of the natural frequency of the transducer [2], and for mechanical
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vibrations, the low frequency response is limited to approximately 5 Hz. [43,44].

While accelerometers provide an excellent mechanism for collecting vibration data,

they are also highly sensitive to noise.

Noise is produced by many different sources, including the sensor's own

instrumentation [42]. However, the main contributors are vibration from machine

components - other than the one being monitored, and the vibration of neighboring

machinery. The noise contribution to the signal may be so large that, unless

removed, it renders the signal useless for fault identification purposes. A variety

of techniques have been developed for noise removal, some ofwhich may be found

in references [45,46].

The presence of noise complicates the monitoring and state identification tasks

in two forms: by masking the true signal, and by increasing the vibration values

beyond monitoring criteria when the component experiences no true sign of

malfunction. Hence, monitoring systems are designed to cope with noise (by

enhancing the signal and attenuating the noise), and alarm criteria are defined in the

context of the operating environment of the equipment.

To monitor and diagnose vibrating equipment, signatures (time records) are

collected from plant machinery, vibration spectra are generated, and these spectra

are analyzed to detect features which reflect the operational state of the machinery.

Generally when a machine is operating properly, overall vibration is small and

constant (although 'beat frequencies" may appear); however, when faults develop or
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when some of the dynamic processes in the machine change, the vibration spectrum

also changes [47,48,49].

The frequency spectrum, generated using fast Fourier transforms, is very useful

because in this domain low level signals are not masked out by the presence of high

level signals, and because the Fourier spectrum (phase and amplitude) describes

completely the vibration of the component. The frequency range of the spectrum

must include all relevant components, with the range of observation depending on the

type of system under study. It is also critical to register all peaks - regardless of their

amplitude - because some of the important indicators have low levels.

SPECTRAL FEATURES GENERATED BY FAULTS IN ROTATING EQUIPMENT

There is a known relation between a wide variety of problems in rotating

machinery and features in the frequency domain. In general, the location and

amplitude of peaks in the spectra may be used as a means of detecting faults, since

in most cases peaks are produced by non-normal behavior. There is, however, beat

or "sympathetic" vibration in healthy machinery, which is also observable as peaks in

vibration spectra [2,50].

Among the problems detectable by vibration analysis are: misalignment,

unbalance, shaft bending, mechanical looseness, resonance, bearing defects, gear

defects, and electrical malfunctions. These problems are common in power plants

and each represents a topic of research in its own right. To gain some insight into

the sorts of features that common malfunctions generate, a brief presentation will be
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given. The synopsis is organized according to the kind of data used. A complete

discussion on the subject may be found in references [43,50,51,52].

Steady State (Constant) Speed

Typical spectral features generated by defects in rotating machinery are

included in Table 1.1.1. In the table, the term RPM refers to "revolutions per

minute," and ax to -a times the rotating speed of the machine." These two terms

are equivalent and are used interchangeably in this dissertation. For a complete

presentation on this subject, the interested reader may refer to reference [50].

It is important when making the analysis to consider four factors. First, the

presence of the peaks in the spectrum; second, how the peaks relate to the machine

speed (IX RPM); third, the amplitude of each peak; and finally, the relationship

among the peaks (i.e. the presence of multiple harmonics and sidebands).

Another important piece of information which is often ignored is the phase

relationship. As indicated clearly in reference [50],

"Amplitude reveals how much something is vibrating. Frequency

relates how many cycles occur per unit time. Phase completes the

picture by showing just how the machine is vibrating."

Phase information helps in discriminating faults which produce similar features.

For example, force unbalance and couple unbalance produce the same peaks (usually

at IX RPM in the radial direction) but the couple unbalance tends towards 180 deg.

out-of-phase, while the force unbalance will be in-phase. Phase is also helpful in the

presence of multiple faults for determining the most prominent defect.
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Table I-l.l. Features Generated by Defects in Rotating Machineiy [50]

Angular
Misalignment

Characterized by high axial vibration. 180 deg. out-of-phase across the
coupling. Shows peaks at IX (1 times the rotating speed) and 2X the RPM
(revolutions per minute) in the axial direction.

Parallel

Misalignment
Characterized by high radial vibration. 180 deg. out-of-phase across the
coupling. Peaks are present at IX and 2X RPM (raditd) but 2X
predominates. Severe cases of both angular and parallel misalignment may
generate'peaks at higher harmonics, espedalfy in (4X - 8X). Peak
amplitude depends on coupling type and construction.

Force

Unbalance

Peak at IX RPM (radial) dominates the spectrum. Amplitude inaeases by
the square of the speed (2X speed inaease = 4X higher vibration, see [SO]).
Signal is in-phase.

Couple
Unbalance

Peak at IX RPM (radial) dominates the spectrum. Causes high axial and
radial vibrations. Amplitude increases by the square of the speed. Signal is
180 deg. out-of-phase.

Overhung
Rotor

Unbalance

Causes peak at IX RPM (both in the radial and axial directions). Axial
readings tend to be in-phase, radial readings may be unsteady [50].

Mechanical

Looseness

Tends to produce directional vibration. There are three categories of
looseness. The first is caused by structural looseness at the base or
distortion or softening of the base. This kind of looseness produces a
strong peak at IX RPM in the radial direction, and approximately 180 deg.
phase difference between vertical measurements on machine foot,
baseplate and base itself. The second category is caused by loose
pillowblock bolts, cracks in the frame structure or bearing pedestal.
Dominant symptoms are peaks in the .5X, IX, 2X (dominating) and 3X
RPM. Finally, the last category of problems is caused by improper fit
between component parts and produces many harmonics at multiples and
half multiples of the rotating speed (RPM).

Gear Problems Characterized by gear mesh frequencies (the number of teeth multiplied by
rotational frequency). The difficulty is that this component will also appear
in the vibration spectrum when the gear is good. Hi^ level sidebands or
large amounts of energy at the gear natural frequency components are good
indicators that a fault exists. Important to collect baseline vibration spectra
because the high level components are common even in new gearboxes.

Blades and

Vanes

Problems

Characterized by high fundamental vibration or large number of harmonics
near the blade or vane passing frequency (number of blades or vanes times
the rotating frequency).

Bent Shaft Dominant peak at IX RPM (axial) if bent is near the shaft center; if bent is
near the coupling, the dominant peak is at 2X RPM (axial). Causes high
axial vibrations and axial phase differences of about 180 deg. on the same
machine component.
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Speed Transient Data

The great majority of the rotating equipment in nuclear power plants operates

at constant speed. As a result, the main effort in the development of monitoring

systems focuses on data collected during steady-state operation. There are problems,

however, that can be identified using data collected during speed transient events

(start-up or coast-down) some of which may not be detectable by normal, steady-state

monitoring.

The main idea in speed transient monitoring is observing change in vibration

signatures caused by excitation forces and dynamic rotor response as the machine

changes rotational speed. This kind of analysis may be used to identify bearing

problems. The response of the machine as it passes through a critical speed (rotor

bearing resonant fi"equency) is controlled by the damping of the machine bearings,

which relates directly to the condition of the bearing and the lubricant [53]. As

presented in [53], the following problems can be detected using speed transient data

taken over a wide range of speeds:

• Loose parts

• Cracked Shaft

• Bearing Degradation

• Lubrication Degradation

• Sticky Sliding Pedestals

• Structural Resonance

• Misrigged Valves.
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The subject of speed transient monitoring is beyond the scope of this study.

Recently much attention has been devoted to the subject and, excellent reports have

been published. The interested reader may refer to [53,54,55].

In this study, we have focused on problems related to rolling element bearings

(REB) at steady-state (constant) speed. The monitoring of these components is

particularly important because REB failures are responsible for a large fraction of

the malfunctions in manufacturing equipment. A particular case is a nuclear power

plant; in an average plant, one third of all measuring points is allocated to rolling

element bearings [43].

ROLLING ELEMENT BEARINGS

In REB's, defects are generated on the raceways or the rolling elements,

induced by among other factors: spalling, seizure, external particles, chemical

corrosion, improper lubrication, false brinelling, and passage of electric current [1].

Defects originate as detachments of small fragments of metal, which may evolve into

cracks and eventually cause disassembly of the REB. Once a defect appears, it is

observable as a feature in the spectrum because it produces sharp vibration impulses.

The impulses are generated each time a rolling element passes over the defect and

are detectable even at incipient stages.

For REB, there are formulas for calculating the frequency regions in which

features may appear in the spectra. These features relate parameters in the

geometry of the bearing, and give an indication of where in the spectrum to look for
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features related to a particular fault. For example Equation I-l.l is used to identify

the ball spin frequency (BPFIR) at which inner race defects appear (refer to Figure

I-l.l). The features are also observable (attenuating progressively) at multiples of

the calculated frequency. Equations 1-1.2,1-1.3, and 1-1.4 are used for calculating the

ball pass of the outer race (BPFOR), the cage (CFF), and the ball spin frequency

(BSF) respectively [2]

BPFIR - (1 + —cos9) (I-l-l)
2  60

BPFOR (£)_ (Fa) COS0) (1-1-2)
2  6 0 D

CFF - — (1-— COS0) (1-1-3)
2  6 0 D

BSF - ^
2d 60

cos^e (1-1.4)

For these equations, n is the number of rolling elements. Fa is the fundamental

frequency, d is the distance between opposite rolling elements (measured from the

center), d is the diameter of a rolling element, and 0 is the angle of contact (See

Figure I-l.l).
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Some points are worth mentioning regarding Equations I-l.l to 1-1.4. To

modify the formulas for a stationary shaft and rotating outer race, interchange the

signs in Equations I-l.l and 1-1.2. The contact angle may change due to loading,

creating small shifts in calculated frequencies. Finally, if bearing dimensions are not

available, inner and outer race defect frequencies (BPFIR and BPFOR) may be

approximated using Equations 1-1.5 and 1-1.6 respectively.

BPFIR - {0.6*N*Fa)

BPFOR - (0.4*i\r*Fa)

The approximations are possible because the ratio of ball diameter to pitch diameter

is relatively constant for REB's [2]

Incipient faults are typically cracks or corrosion pits of the inner race, outer

race or rolling elements. These defects may barely be seen with the unaided human

eye, but appear as "heaps" in the high frequencies of the spectrum (above 5 KHz.)

[51]. There are two reasons for the appearance of features in the high frequencies

relating to incipient REB faults. The first one is that impulses generated are very

short and contain energy high in the fî equency spectrum. The second reason is the

transmission of energy from the impulses to the bearing housing, which in turn excites

fundamental modes. Bearing housings and other mechanical supports often have

high natural frequencies.
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Figure 1-1.2 is the frequency spectrum of a healthy bearing; examples of

bearing defects are presented in Figures 1-1.3,1-1.4 and 1-1.5. All figures correspond

to data collected from identical bearings, under different operating conditions. Figure

1-1.3 shows the spectrum of a bearing after it has developed a fault of the inner race.

Figure 1-1.4 and 1-1.5 are plots of frequency spectra of bearings with faults of the

outer race and rolling elements respectively. Note the appearance of peaks in the

regions of the spectra calculated from the formulas presented above. These

frequencies are identified below each figure

FACTORS AFFECTING REB SPECTRAL FEATURE IDENTIFICATION

Generally, machine defects produce spectral features which allow for

recognition of different faults. Even when there are formulas for calculating the

frequency regions in which peaks may appear in the spectra, the recognition task is

complicated by a series of factors, such as noise and speed changes, which make the

problem specific to components, and in some cases to operation conditions. For

example in REB's, the specific spectral peaks depend on the type and severity of the

fault, the rotational speed, and the bearing geometry.

To understand better the complexity of the task, it is important to mention

some of the peculiar behavior of bearings. REB frequencies are often modulated by

residual unbalance which produces sidebands at running frequencies. Sidebands are

spaced at increments of plus and minus running speed from the defect frequency, and

are the result of interaction between multiple vibration mechanism [2]. Sidebands
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are also referred to as sum and difference frequencies, and are very useful for

discriminating between generalized and localized faults. Another interesting

behavior is that spectral features may appear in healthy bearings due to production

tolerances, and more importantly some defects on the stationary races may not show

up at all until loaded by unbalance forces [2].

The recognition effort is complicated further by "wiping." This term refers to

the process of leveling or smoothing the area surrounding a defect by the rolling

elements as they pass through the defect repeatedly. As a result, the sharp impulses

that are generated early in the life of the fault may not be present at a later time,

which could make the fault go unnoticed. Under these conditions, vibration becomes

more like random noise and discrete peaks will be reduced or removed. This may

also be the case for roughness caused by abrasive wear or lack of lubrication [2].

Another common behavior at advanced stages of the defect is the disappearance of

the fundamental frequency, while its harmonics remain [44]. A good example of

wiping is presented in Figures 1-1.6 and 1-1.7. The spectra were calculated from data

taken two months apart after the appearance of a defect. Notice that the vibration

levels in Figure 1-1.7 are lower than those in Figure 1-1.6, although the defect has

evolved into a more degraded state. The bearing failed a month after the spectra in

Figure 1-1.7 were calculated.

Even using the guidelines available, it is extremely difficult to detect faults in

the spectra because a) the features are influenced by so many factors, and b)

different faults are characterized by the same features. In many cases, the effort goes

51



Signature 9
0.9

0.8

0.7

-2 0.6

0.5

E 0.4

0.3

0.2

0.1 iiiiiiiiiinriiMiiiiiiiiiiiiTTiiiiiriiitnMiiiiiiiiiiiiiiiiiiiiiiiniinMirnnnTTTriiiiTnii'niTTniiiiriiiiiniiiiTTTTTfTITTTTiiiiiiniinrTnT

Frequency

Horizontal Sensor Vertical Sensor

Figure 1-1.6 Spectra of Defective Bearing, 3 Months Before Failure

52



Signature 1 1
0.9

0.8

0.7 -\
0)

■D

I 0.6 H
a

I 0.5 -
i 0.4
o
z

0.3

II MM MM Mil uHi II nil I III MM iiHii 11 III IIII MM MM IIII III I lit I III iim III niimmnTTTTTTI nil III I mini 11III III IIII MM nil IIII III'

Frequency

Horizontal Sensor Vertical Sensor

Figure 1-1.7 Spectra of Defective Bearing, 1 Month Before Failure

53



beyond the frequency analysis to include observation of time records and orbit plots

in an attempt to gain clues about the nature of the malfunction.

MACHINE SPECIFIC DIAGNOSIS

Traditional vibration analysis relies heavily on examining trends during

operation, and comparing the vibration levels with limits found in vibration severity

charts. While this approach has proven successful for assessment of machine

condition, it relies on the assumption that vibration levels are low and constant during

normal operation and that vibration increases due to faults are similar for machines

of the same type. Recently, industry has acknowledged the need for a new

methodology which presumes that for each machine there is a variety of normal

characteristics; and more importantly, that two "identical" machines working side by

side may exhibit totally different normal behaviors [56].

A study conducted by Pacific Gas and Electric Co. [56] concluded that among

other issues:

• Identical machines working side by side on the same plant floor may exhibit

widely different characteristics.

• Some machines normally exhibit vibration.

• It is common for a machine to change characteristics following an outage.

• Each machine may have "any number" of normal characteristics.

• There are normal characteristics that only occur when sets of events occur.
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• Warning and alarm limits set on the basis of rule-of-thumb guidelines for

overall vibration are often too low for some operating conditions, and result

in nuisance alarms.

This study proposes to replace warning and alarm signals with "normal vs

abnormal", since abnormal indicates a condition which would not be expected based

on the historical records of the machine under normal conditions. The goal of the

diagnostic system, according to the study, is "to provide sufficient information to

determine action as rapidly as possible." Actions may include: changing the operating

procedures slightly, investigating the acquired data more closely, or looking for clues

to the changes in parameters not considered in the vibration system.

In order to implement a monitoring system based on this ideology, it is

necessary to store large amounts of vibration data for each machine, or to implement

a compact model of "normal" behavior. The model must be able to generate data

corresponding to normal behavior which considers the peculiarities of the machine

and its operating environment.

The difficulties outlined above make aparent the need for robust pattern

recognition, modelling and monitoring techniques able to take into account a large

set of operation-related parameters, designed in the context of vibration analysis, and

able to integrate and manipulate machine-specific knowledge. A study is conducted

on the applicability of neural networks to the problems of monitoring and identifying

the operating state of mechanical systems, a methodology is proposed which is shown

to be very effective in the processing of vibration data.
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CHAPTER 2

MONITORING OF REB WITH ARTIFICIAL NEURAL NETWORKS

INTRODUCTION

Vibration monitoring is based on the principle that all systems produce

vibration during operation. When a machine is operating properly, vibration levels

are generally small and constant; however, when faults develop and some of the

dynamic processes in the machine change, the vibration spectrum also changes

[47,48,49]. For many machines the vibration frequency spectrum has a characteristic

shape when the machine is operating properly, and it has other characteristics for

different faults that may appear. Monitoring can be performed effectively by close

examination of the spectrum and by identifying features which are typical of

particular defects; indeed, some systems have been built based on this principle

[1,57,58].

The spectral features associated with particular defects of rotating machinery

depend on a series of factors, among these: the kind of machine, its geometry, the

operating environment and the severity of the defect. Although abundant literature

(such as reference [51]) can be found which documents the vibratory behavior of

rotating components, the peculiarities that need to be considered for each case makes

it difficult to design a general monitoring technique applicable to a wide variety of
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problems. In this dissertation, a neural network-based technique is proposed which

uses actual sensor data to model the relationship between sensors on a machine.

This technique can be used to verify the structural integrity of the vibrating

component by comparing the output of one sensor with the output of other sensors

at different measuring points. The comparison is useful for identifying relevant

frequencies where changes in vibration levels occur, and in performing overall trend

of vibration.

A hetero-associative neural network may be trained to map the output of one

sensor to the output of a different sensor. The relevance of this mapping is that

while the state of operation remains unchanged, the network can make accurate

predictions of the output of the sensor. However, if and when the operational state

changes, the prediction of the network and the actual output of the sensor will

deviate by an amount that reflects the severity of change. When it can be

established that the two sensors are related in a statistical sense, the deviation may

be quantified and provides important information about degradation and

deterioration of the components.

ONE INPUT / TWO OUTPUT MODEL

To examine the properties of multiple transmission paths between a force

source and different outputs, consider a one-input/two-output model (Figure 1-2.1).

Because the amplitudes generated by defects in rotating equipment are small we use
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linear systems theory to represent different paths, where uncorrelated noise accounts

for any significant deviations from normal cases since perturbations have very small

amplitudes. In the following equations x(t) corresponds to the input signal, y,(t),

Ysit) to the output signals and n,(t), ng(t) to the uncorrelated noise in each signal.

Equations 1-2.1 to 1-2.3 fi-om reference [59] may be used to describe the system

^xng' ^

I  "^1 I (1-2.1)

I ^2 P

where G;,b is the cross-spectral density function of signals Aft; and Bft;, is the

power spectral density function of Aft;, and b, is the transfer function for output

y,ft;. Because a, and h, are functions of frequency, the functional notation is

dropped here for simplicity. The symbol indicates complex conjugate.

The coherence function between the output records y,ft;, y^ft; is given by

Equation 1-2.4
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Since,

-l^iil . I I
• ̂ 1 r*Gxx Gy^y^ GxX Gy^y^ yiyi

yL I ^^2 I ^
Gxx ̂ y^yz

I ^2 gxx r
^xx Gy^y^ G,

y2y2

(1-2.5)

When y^xy = o at a particular frequency, x(t) and y(t) are said to be incoherent at

that frequency. When = i at all frequencies x(t) and y(t) are said to be fully

coherent. So, the coherence function satisfies Equation 1-2.6.

0 ̂  yjy ̂  1 (1-2.6)

The coherence function is unity for the ideal case of a constant parameter

noise-free linear system with a single clearly defined input and output. When x(t)

and y(t) are completely unrelated, the coherence function is zero. A value of

coherence less than unity is due to noise in the measurements, non-linear relationship

between the two signals or contribution of other signals to the output [59,60].
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In cases where the input signal x(t) cannot be directly measured, it is possible

to use Equations 1-2.1 to 1-2.5 when the transfer functions h, and Bg are found by

other methods. However, if these functions are not known. Equation 1.2.4 can be

used to calculate the coherence function. A high value of the coherence function

between any two output signals y, (t) and yg (t) indicates that y, (t) and yg (t) are

related linearly to the input x(t) by unknown transfer functions and that the output

noise is small compared to the signal [59].

The linear system described may be used to model the normal behavior of the

machine. However, if the process changes, the model no longer represents the

behavior of the input/output relations and the relation between the two output signals

no longer holds. Deviations from the true model can be detected and quantified if

the relationship between the two outputs can be established. This relationship

between yi(t) and yg(t) can be modeled using a neural network which receives as

input the spectrum of y,ft; and produces as output the spectrum of y^ft;.

The system may be extended to the single input/multiple output system. For

this system, the coherence function is calculated between all two-signal combinations

of output records. Equation 1-2.1 through 1-2.5 can be used by substituting the

generalized subscripts i and j for the subscripts i and 2. The multiple output

system may provide a better diagnostic technique because different combinations of

pairs of output signals may be highly coherent at different regions of the spectrum.

Ideally, each frequency of the spectrum will be coherent in at least one of these

combinations and the behavior of the whole spectra can be observed.
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NEURAL NETWORK SYSTEM DESCRIPTION

The linear system may be implemented using a neural network such that data

from the two sensors is presented to the neural network, with the input being the

spectrum from one sensor and the output being the spectrum from the other sensor.

The network during training learns the relationship between the signals from two

sensors and can be used to predict the behavior of one sensor from the other. These

predictions make it possible to detect significant changes in relationship between

sensor readings by comparing the actual output of the sensor with the prediction of

the neural network. The changes become readily apparent when the state of the

system changes because the actual value and the predicted value deviate.

Suppose that we are teaching a neural network the relationship between a

horizontal sensor on a machine and a vertical sensor on the same machine, Figure

1-2.2 illustrates this idea. At an operating state a, the values of the sensors can be

denoted by s\ (corresponding to the reading from the vertical sensor at operating

state a) and (reading from the horizontal sensor at the same operating state).

Similarly, these readings may be denoted s^g and s^g when the operating state is b.

If we teach the network the associations between the sensors during the a operating

state when we know the machine is operating correctly (the network is trained to

predict the output from ), then recalling the network with s^g produces a

prediction of the output of the vertical sensor, s", under operating condition a (call

this prediction p'g). The difference between the value of the sensor, s'g, and the
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predicted value, p*e, may be used to detect significant deviations in the signatures and

to quantify this deviation.

To establish statistical relationship, we examine the value of the coherence in

the whole range of fi-equencies of the signal. This range depends on the application;

for example in the analysis of vibration signatures from rotating machinery the range

of interest may be 5 Hz to 1,000 Hz (base frequency) or 1 kHz to 20 kHz (high

fi-equency), while in the context of reactor internals the range of interest is 0.5 Hz to

25 Hz. In those regions of the spectrum where the coherence is high we know that

there exists a linear relationship between the two output signals [59], when the

amplitude of the perturbations is small. This relationship is independent of the input

x(t) and should remain constant while the nature of the process does not change.

Once coherent fi-equencies have been identified, the change in vibration can

be assessed by comparing the prediction of the network with the actual spectrum

calculated fi-om the sensor at the coherent frequencies. The comparison can be

made using descr^tors; for example, the horizontal descriptor which gives an overall

measure of vibration amplitude from the horizontal sensor, a vertical descriptor

describing the overall vibration levels in the vertical sensor. In addition, we are

defining a cross-sensor descriptor which provides an overall measure of discrepancy

between the two signals, and a per-fi^equency descriptor which represents the

difference in magnitude and sign of the change in amplitude at each frequency.

The horizontal and vertical descriptors are calculated from effective velocity

by integrating the output of the accelerometer in the appropriate range. The cross-
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sensor descriptor is a degradation indicator obtained by taking the square root of the

sum of the squared differences at each frequency as shown in Equation 1-2.7.

where is the actual value, and p'sfij the predicted value, both at frequency

i, and where n is the number of frequencies in the spectrum.

The cross-sensor descriptor reflects an aspect of vibration that is critical for

diagnostics: the level of disagreement among sensor outputs. This quantity is very

useful for the detection of misalignment and looseness in rotating machinery because

these defects produce uneven vibration levels in the vertical and horizontal directions.

Of particular importance is the fact that the cross-sensor descriptor is less sensitive

to wiping than the horizontal and vertical descriptors. In some cases after the

component has developed a fault, the vibration descriptors calculated from

independent sensor readings (vertical and horizontal in our case) return to normal

levels, or even lower levels, while the value of the cross-sensor descriptor only

decreases.

The cross-sensor descriptor is able to measure the activity even if one of the

sensors does not register a particular impulse since the difference among sensor

readings is reflected in the measure. Another useful indicator is called the per-

frequency descriptor, it gathers the differences of the amplitudes at each frequency,

indicating amplitude increases or decreases. The indicator identifies the regions of
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the spectrum where the activity has changed and is useful in the realm of vibration

since some regions of the spectrum may be mapped to certain component defects.

MOTOR DATA DESCRIPTION AND DATA CONDITIONING

The monitoring system was tested on data from a motor in one of Electricite

de France (EDF) operating power stations. The motor is an asynchronous horizontal

electric motor (710 kW) driving a charging pump and the bearing monitored is of

type NU 324 MPC3 manufactured by SKF [43]. The data were collected with two

accelerometers mounted onto the machine at different measuring points - a

horizontal sensor and a vertical sensor. Data from the motor were collected on 12

occasions, ranging from the normal condition of the bearing to failure due to serious

cage wear. From the 12 time records collected for each sensor, high frequency

spectra (1 kHz to 20 kHz) were generated. These spectra were used as input to a

neural network, which was trained to model the relationship between the spectra of

the horizontal sensor and the vertical sensor mounted on the motor. To compare

spectra at different times, the spectral amplitudes were scaled globally in the range

0.1 to 0.9 using Equation 22. The first six spectra represent normal operation, the

remaining signatures describe the behavior of the motor as it deteriorates. For

reference we assign these signatures numbers between 1 and 12 corresponding to the

order in which they were calculated.
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TESTING ON MOTOR DATA

The predicting BPN network has 264 nodes in the input layer, 60 nodes in the

first hidden layer, 30 units in the second hidden layer and 132 nodes in the output

layer (Figure 1-2.3). The first 132 input nodes correspond to the spectrum firom the

horizontal sensor at time (t-j), the next 132 input nodes correspond to the spectrum

of the horizontal sensor calculated from the next time series (time t), and the

output nodes correspond to the spectrum of the vertical sensor at time t. Both

input spectra ~ time t and time (t-j) ~ are used to account for the nonstationarity

of the process. The training was performed using three pairs of normal signatures

(1-2, 3-4, 5-6) and the recall was performed on all the pairs.

Figure 1-2.4 illustrates the agreement between the actual and predicted vertical

sensors for a normal signature included in the training set. Figure 1-2.5 shows the

agreement between the two spectra for a normal signature not included in the

training set. As can be observed, the neural network has learned the relationship

between the spectra of the two signals and is able to predict accurately the spectra

of the vertical sensor even when the vibration increases. During monitoring it is

common to observe increases in vibration while the machine is still operating under

normal conditions. The network is able to adjust to this increase and to continue

modeling the relationship. As a result, the prediction is not based on a single

baseline signature but on a collection of signatures representing normal operations.

Figure 1-2.6 depicts the significant deviation between the actual and predicted

vertical components for Signature 7. This signature describes the condition of the
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machine prior to the failure but after the descriptors had commenced to increase.

Figure 1-2.7 depicts the contrast between the predicted value and the actual value of

the sensor for Signature 12. The machine was determined to be non-functional at

this point. The predicted levels of the vertical sensor (i.e. value if the machine had

been working correctly) are much lower than the actual levels calculated firom the

sensor. Figure 1-2.8 shows the plot of the per-frequency descriptor of Signature 12.

Negative values indicate decrease in vibration and positive values indicate increases.

Table 1-2.1 displays the horizontal, vertical and cross-sensor descriptors for the

signatures in the recall set. The cross-sensor descriptor is sensitive to increases in

vibration levels and the level of disagreement between the two sensors. Good

examples of wiping are Signatures 10 and 11 (refer to Table 1-2.1). For Signature 11,

the vibration levels registered by the horizontal and vertical sensors are lower than

those for a normal signature (Signature 2 for example) and well below the alarm

criteria established by the utility. This is due to smoothing of the cage surface

surrounding the defect. The cross-sensor descriptor for that signature decreases but

remains close to the upper bound of normal limits.

Values of the cross-sensor descriptor may also be used to define alarm criteria

based on the relationship between the sensors. In order to establish these criteria,

it would be necessary to perform the analysis on baseline data and define an alarm

threshold based on the calculated value of the cross-sensor descriptor for the baseline

data.
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Table 1-2.1. Degradation Descriptors* (High Freq.)

Horizontal Desc. Vertical Desc. Cross-Sensor Desc.

Signature 2 2.89 2.94 0.1119

Signature 3 1.80 2.31 0.2683

Signature 4 1.72 1.61 0.0878

Signature 5 1.61 1.89 0.1416

Signature 6 1.74 1.73 0.0735

Signature 7 5.31 4.97 0.9457

Signature 8 7.03 5.16 0.7148

Signature 9 5.84 5.03 0.8772

Signature 10 2.42 2.53 0.2907

Signature 11 1.55 1.48 0.2254

Signature 12 10.50 8.70 2.1101

'The horizontal and vertical descriptors are calculated from velocity measurements

in the two directions respectively. The cross-sensor descriptor is calculated using

Equation 1-2.7.
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CHAPTERS

IDENTIFICATION OF REB OPERATING STATES

INTRODUCTION

For the identification of faults in rotating machinery, time records are collected

from the machinery, and detailed analysis is performed to detect features which

reflect the operational state of the equipment. The analysis leads to the identification

of potential failures and their causes, and makes it possible to perform efficient

preventive maintenance.

This section documents a methodology for the detection of faults in rolling

element bearings (REB) based on neural network technology. The spectral

signatures of REB's are used to train neural network models to discriminate among

the different operating states normally observed in this kind of equipment.

This technology provides an attractive complement to traditional vibration

analysis because of the potential of neural networks to operate in real-time mode and

to handle data which may be distorted or noisy. The significance of this work relies

on the fact that REB failures are responsible for a large fraction of the malfunctions

in manufacturing equipment. The technique enhances traditional vibration analysis

and provides a means of automating the diagnosis of vibrating equipment.
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REB VIBRATION SIGNATURES

The data used in this project was collected with accelerometers in bench tests

conducted by Electricite de France. The time-dependent data was transformed using

EFT techniques into low frequency (10 Hz - 1000 Hz) and high frequency (1 kHz -

20 kHz) spectra. Vibration descriptors are also calculated which describe overall

vibration levels in the various components. This analysis is based on the information

contained in these descriptors and the spectra.

Three global supervision descriptors are used: a high frequency descriptor

calculated from vibration amplitude of effective acceleration between 1 kHz and 20

kHz, a low frequency descriptor calculated from vibration amplitude of effective

velocity in the range 10 Hz to 1000 Hz, and a descriptor based on the analog

computation of the crest factor after filtering. Since the descriptors give an indication

of overall vibration levels in the spectra, they are used in the preprocessing of data

to discriminate between components for which vibration levels are considered normal

and those components which are probably faulty.

The acceleration spectra were transformed by means of numerical integration

into velocity spectra. Velocity measurements are used because they can be directly

compared with alarm and shutdown criteria [1,43] and also because velocity

amplitudes are linked to the source of excitation. Since the features generated by

severe defects in rolling element bearings usually appear at low frequency, while high

frequency features are linked to incipient faults in the bearings (i.e. bearing faults in

early stages of development), both low frequency velocity spectra (10 Hz to 1000 Hz)
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and high frequency velocity spectra (1 kHz to 20 kHz) are used in order to detect all

faults.

Bearing data is comprised of vibration measurements collected from ball

bearings of type 6206 during an aging simulation process. The geometrical

characteristics of a 6206 rolling element are depicted in Figure I-l.l. The rolling

element under test is mounted on a horizontal shaft (driven by a 10 kW motor) and

loaded radially by means of a jack, imposing a vertical force on the bearing. These

conditions generate scaling faults on the component.

Data is collected using an accelerometer placed in the radial direction to the

loading of the bearing. The accelerometer is screwed onto a flange, and the flange

is in turn stuck to the rolling element. From these measurements, spectra are

generated using FFT techniques. Spectra are averaged over 16 samples with a

HANNING window. The spectra have 400 points and the data set contains 71

samples representative of the behavior of bearings operating under the following

conditions: no fault, localized scaling fault of inner race, generalized scaling fault of

inner race, localized scaling fault of outer race, generalized scaling fault of outer race,

artificial localized fault of a ball, generalized scaling fault of two balls, and

generalized scaling fault of all the components.

DATA CONDITIONING

In order to process data using neural networks, the input data must be scaled

to the operating range of the algorithms. For this project, the spectral values were
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row-wise normalized in the range (0.1, 0.9) because that range is considered

operational for backpropagation. To normalize, the maximum and minimum values

for each pattern are calculated and the spectra scaled to the appropriate range using

Equation 24. Row-wise normalization is critical for this processing because it ensures

that the shape of the spectrum is preserved, and more importantly that the location

of the peaks within the spectra is not altered.

The normalized signatures contained 400 points. To reduce the amount of

data, the range of frequencies was divided in intervals of three frequencies each.

From each interval, the maximum amplitude was selected and the maxima used to

construct a new signature with 132 points that deviates slightly (in shape) from the

original spectrum. Figures 1-3.1 and 1-3.2 show the original and reduced signature of

a normal pattern.

SYSTEM DESCRIPTION

The vibration analysis system is comprised of the three modules shown in

Figure 1-3.3. The first module is used to preprocess the data and is based on the

information provided by the descriptors. The second module compresses the data

using a trained recirculation network, and the third module performs the actual

classification of the signatures using the backpropagation algorithm.

The preprocessing network uses the backpropagation algorithm in its

heteroassociative mode. The network is trained to discriminate between signatures

with vibration levels considered normal and signatures of possibly faulty components.
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The inputs to the network are the high frequency descriptor, the low frequency

descriptor and the crest factor with additional inputs corresponding to calculated

increases for these values (difference between consecutive readings for the same

descriptor). The thresholds of the network have been tuned so that none of the

faulty signatures can be classified as normal. Once this discrimination is

accomplished, the normal patterns are not considered further in the analysis.

The compression network takes as input the points from the normalized

spectra of possibly faulty signatures and performs a 3:1 compression, producing

feature vectors. Two feature vectors are produced per pattern: one for the low

frequency spectrum (10 to 1000 Hz.) and one for the high frequency (1 to 20 kHz).

The compressed vectors are collected at the hidden layer of the network, see Figure

5. The compressed version of the pattern in Figure 1-3.1 is shown in Figure 1-3.4.

By reducing the size of the training set during the pre-processing stage, we are able

to use the compression networks in a very efficient manner.

The compression produces unique compressed representations of the

signatures. In Figure 1-3.4, a pattern is shown whose individual values are either

close to zero or one. This kind of pattern is generated by saturating the output of

each individual unit by updating the weights with large epoch sizes. By changing the

epoch size, other representations may be produced. The effect of changing this

parameters is not investigated further in this study.

The compressed vectors (one for the low-frequency spectrum and one for the

high-frequency spectrum) each with 44 points, are the input to the classifier
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backpropagation network. This network has a single hidden layer and an output

layer with one neuron corresponding to each possible fault. Multiple faults are

represented by the appropriate combination of active units. A high activation for

a neuron in the output layer is associated with the presence of a fault. In general,

an activation higher than 0.7 is considered sufficient to identify a fault.

For this project, we used the version of the recirculation network included in

NeuralWorks™ which runs on a Zenith 386 SX machine. The Plexi™

implementation of backpropagation was used for classification. The Plexi™ program

runs on a SUN SPARC IPG workstation.

RESULTS

The results for this system are presented separately for each one of the

modules. Results are also included for a sensitivity analysis performed on the spectra

to investigate the effect of Gaussian noise in the compressed signatures.

Preprocessing Module

The preprocessing network was used to identify possibly faulty components.

The inputs to the network were the normalized values of the high frequency

descriptor, low fi-equency descriptor, crest factor descriptor, and their differences

between consecutive readings. The differences provide information about sudden

increases in the descriptors and are essential in the detection of certain faults. The

output of the network is binary, a zero indicates absence of a fault and a one
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indicates a possibly faulty signature. Since there were only two possible states, two

nodes were used in the hidden layer and one node in the output layer.

From the total of 71 patterns, 12 were chosen for training the preprocessing

network. The network was trained for 4,300 iterations until an error of 0.03 was

achieved. Recalling produced the following results: 21 signatures were classified as

possibly faulty and the remaining 50 as normal. Subsequent analysis showed that 4

of the normal signatures were classified by preprocessing as possibly faulty and none

of the faulty signatures were classified as normal.

Compression Module

Two networks with identical topology were used for compression: one for the

high frequency spectra (1 to 20 kHz.) and one for the low frequency spectra (1 to

1000 Hz). Each network had 132 nodes in the input and visible layers (each

corresponding to a point in the spectrum), 44 nodes in the hidden layer and 132

nodes in the output layer. For training the network, only part of the possibly faulty

signatures (as classified by the preprocessing network) was used.

During the learning phase a total of 10 signatures (48% of the possibly faulty

data set) was used, and the network was trained until the error was reduced to 0.03.

By reducing the size of the training set using the preprocessing network we are able

to reduce the training fi-om 50,000 to 9,000 iterations.

In order to measure the effectiveness of the compressor network for noise

removal, four hundred data sets were created by adding Gaussian white noise to the
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original set of patterns. The noisy patterns were then compressed using the trained

networks described above, and later expanded to their original form. For the

experiment, different degrees of noise were added.

One hundred data sets were generated by adding 1 % noise to the original

patterns. The noise is generated using a random number generator with a Gaussian

distribution whose mean is the spectral component under consideration and with

standard deviation equal to the mean multiplied by the percentage of noise. After

the patterns were compressed and then expanded to their original forms, the

difference between the original and reconstructed patterns were calculated. These

differences were used to calculate the average RMS value (per spectral component)

for each pattern. The deviation per pattern was found by averaging the individual

deviations over all the sets.

Similar calculations were performed for 2 %, 5 % and 10 % noise. The

results are included in Figure 1-3.5. In the figure, the average deviation for each of

the 24 patterns used in the study is presented. As can be observed, there is an

almost linear relationship between the amount of noise introduced and the resulting

deviation. The perturbation produced in each pattern is, however, much smaller than

amount of noise added by a factor of 6.6 (1% noise produces 0.15% deviation). The

results represent the collective effect of the noise for each pattern, although each

spectral component in each pattern was perturbed individually. These results are

consistent with earlier findings reported in the literature regarding the ability of

recirculation networks to remove noise from non-parametric data [36].
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Classification Module

The classifier network had an input layer with 88 nodes; 44 nodes

corresponding to the compressed low fi-equency spectrum and 44 corresponding to

the high firequency spectrum. The number of nodes in the hidden layer was set to

7 according to the criterion proposed by Kung and Hwang [35]. The output layer has

6 nodes, each node corresponding to a single fault. Each fault activates a particular

neuron in the output layer; for multiple faults more than one neuron is activated

corresponding to the appropriate combination. The output units have a linear

threshold function of 0.7. Any output higher than 0.7 is reported as a fault, while

lower outputs are considered as absence of faults.

To train the network, 8 patterns - each representing a different operating state

- were selected from the total set of 21 (38%). Training was achieved after 2,300

iterations (the error was reduced to 0.03.) To recall, the entire data set was used.

Of the 21 patterns, 19 (90%) were correctly classified in the appropriate categories,

the two misclassified patterns were faulty and were classified as normal. The system

(preprocessing, compression and classification modules together) was able to classify

correctly 69 of the 71 signatures or over 97% of the data.

Other Results

The second data set consists of vibration data from a steel sheet

manufacturing mill. The data were collected fi-om 246 "laminar flow" table rollers in

the facility, 39 of which had been identified as faulty by expert personnel. Among the
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faulty signatures, 26 reflected single fault in the rollers and the other 13 were

collected from rollers with more than one fault. Data were collected with

accelerometers at 9 different locations on each machine and spectra generated using

FFT techniques. Each spectrum contains 150 points in the range 1 Hz to 500 Hz and

only one data set per machine was used to perform the diagnostics.

The readings collected by the nine sensors on each roller are correlated but

not identical in amplitude (Figure 1-3.6). There are three reasons for the difference:

first, the vibration levels are different throughout the machine; second, the effect of

vibration produced by neighboring machinery have different levels at different

measuring points; and finally, faults are particular to a bearing located near a sensor

are not always recorded by other sensors. To compensate for these differences we

produce a single signature per machine by removing the baseline signal (minimum

amplitude in each signature) and averaging the spectra for all sensors. The range of

the spectral values was (0.0, 1.0), the amplitudes were not normalized or enhanced

by any method.

The general problem areas are misalignment, improper lubrication, looseness,

wear in motor brushes, damage to inboard bearing and damage to outboard bearing.

Using the low frequency spectra allows for the identification of faults which were fully

developed on the equipment; the aim is to develop a system based on neural

networks able to identify faults. Since several of these faults produce similar features

in the spectra [53], the technique must be able to focus on relevant information in

the spectrum in order to discriminate among faults.
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The neural networks technique described previously was applied to the roller

data. The recirculation network was used to compress the 150-point spectra to 50

points. The network was trained for 12,000 epochs until the error was reduced to

0.02. The output of the network was a set of compressed signatures which were used

to train the classifier backpropagation network. The backpropagation network was

trained on single-faults signatures for 12,000 epochs using PLEXI(™\ The network

had a 50-neuron input layer, 26-neuron hidden layer and an output layer with one

neuron corresponding to each identifiable fault. For multiple faults, more than one

neuron is activated corresponding to the appropriate combination of faults.

Each of the nodes of the output layer had a linear threshold function centered

around 0.5. The function reports a "1" if the output of the node is greater than 0.5

and reports a "0" if the output of the nodes is less than or equal to 0.5. The

classifier network was trained with 18 of the single fault patterns. The remaining

patterns were used exclusively for testing. The data fi-om rollers with multiple faults

(13 patterns) were not used for training, and became special cases for recall.

Recalling the set of single-fault patterns was 100 % accurate. The network

was able to identify each fault correctly even when close examination of the original

spectra showed only small differences in their features. For the set of double and

triple fault patterns, the network was able to identify the most prominent fault. In

an effort to improve performance when dealing with multiple faults, a subset of these

was used for training; the network is able to recognize signatures on which it was

trained, but continued to identify only most prominent faults in the rest of the set.
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CHAPTER 4

CLUSTERING OF REB VIBRATION DATA

INTRODUCTION

Clustering is a discrimination technique for measuring the inherent geometrical

and statistical similarity of patterns, and for grouping patterns according to this

measurement. A number of clustering techniques have been developed to solve

problems in many areas; in Reference [60] for example, a variety of these algorithms

is described. For vibration analysis, clustering is a very useful technique because in

many cases the exact operating state of a machine cannot be assessed, and clustering

may unveil classes of operating states that would not be discovered otherwise.

Clustering is unsupervised because the discrimination system receives no

information regarding the number of classes represented in the data set, or "hints"

(in the form of parameters) about the behavior of individual classes. The grouping

of patterns into classes is based purely on the inherent similarities among patterns.

To illustrate this concept, let us examine a basic clustering scheme. Suppose

we have a set of w samples {x,, x,, .. .x„}. The cluster center, or centroid, z, is the

vector that defines class i, and which is used for distance measurements related to

that class. If we arbitrarily designate the first sample x, as the first centroid z„ the
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clustering procedure may be described by the pseudocode presented in Table 1-4.1,

where t is an acceptance criterium.

Table 1-4.1 Pseudocode for Simple Clustering Scheme

BEGIN

FOR each centroid z,
FOR each sample Xy

Calculate

\F d^> T
Allocate a new centroid

ELSE

IF

Assign Xy to class i
ENDIF

ENDFOR

ENDFOR

IF new clusters were formed

BEGIN

ELSE

END.

% distance between Xy and x,.

% Create a new cluster

% Distance to cluster i is less than

% distance to all other clusters k

This very simple algorithm illustrates in very general terms the issues

associated with clustering. The first issue is how to choose a meaningful value for

T. This value is critical for the analysis because it determines the number of clusters,

and using the wrong number imposes an artificial structure on the data instead of

revealing its true characteristics. Another issue is the choice of distance measure, it

also influences directly the accuracy of the discrimination. Finally, the data itself

imposes constraints because its inherent geometric or statistical properties are not

known. Most procedures for clustering are affected by the initial cluster choices, the

order of presentation of the data, and inherent geometrical properties.
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Most clustering algorithms are very stable, meaning that they behave

consistently when presented with the same data. However, these design choices are

an issue for all unsupervised pattern recognition techniques [60], which generally

handle high-dimensional data that cannot be inspected visually. The algorithm

described here, is a variation of the Fuzzy C algorithm, modified to the realm of

vibration data. A new distance measurement is introduced which uses domain-

specific information to assess the similarity of patterns. For distance calculations, a

matrix of weights is used to assign factors of importance to frequencies in the

spectrum which are known to be related to particular defects.

FUZZY C-MEANS ALGORITHM

The Fuzzy C-Means algorithm [61,62] is an extension of the crisp K-means

algorithm [60]. The objective of the crisp algorithm is to partition patterns into

classes, such that, all patterns having "natural relationship" fall in the same partition,

and unrelated samples fall into separate partitions. Each sample is assigned to one

class, so that membership values are either one or zero. In the case of the Fuzzy C-

Means algorithm the membership values may range from zero to one.

The Fuzzy C-Means algorithm attempts to cluster measurement vectors by

searching for local minima of the Generalized Within Group Sum of Squared Errors

function (WGSSE). This function is given by Equation 1-4.1:

W - EL EL nn

1 < n? < 00
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where c is the number of clusters, n is the number of vectors, ** is a k*"

measurement vector, v, is the centroid vector, m is the fuzzy coefficient, I .1 ̂

is an inner product norm, I d / = a 0/ and a is a d x d positive definite matrix,

where d is the dimension of the pattern vectors.

When a = J the objective function j, is the classical WGSSE function, and

the algorithm is the crisp K-Means algorithm. For m > i under the assumption that

** •* V// (o,v) may be a local minimum of only if:

0^2)

^ik -

-1

V i,k.

and

-
V i (MJ)

I d / = o'a 0. If A is the identity matrix and the norm /./is the Euclidean

norm, we obtain the Euclidean distance, a is i < a < », the practical range is J s

a < 5 [61].

In the Fuzzy C-Means algorithm, the performance threshold e is defined in

terms of the function j of Equation 1-4.1. The algorithm is comprised of the

following steps [61]:

1. Fix the number of clusters c. Select the inner product norm. Fix
the fuzzy coefficient a. Set p = i. Initialize o"'
2. Calculate fuzzy cluster centers using n*^*> and the condition
specified in Equation 1-43.
3. Update using v,w and the Equation 1-4.2.
4. If lo*'> - < e terminate; else set p = p+i and go back to
Step 2
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SIMILARITY MEASURE FOR REB VIBRATION ANALYSIS

In order to apply any classification or clustering algorithm to the REB

vibration analysis problem, it is necessary to take into account the contribution of

critical fi-equencies in the spectra. In our case, we define a matrix A of weights whose

entries in the main diagonal represent the relative importance of each firequency for

the detection of particular defects. The factor of importance (weight) is a number

greater than or equal to 1 such that those frequencies which we know provide critical

information are assigned higher numbers than other members of the diagonal.

In this matrix, off-diagonal elements are set to zero, and formulae are used to

identify critical frequencies at which peaks are expected if particular faults are

present. The formulae relate parameters in the geometry of the bearing (such as

number of balls, diameters, etc.) and give an indication of where in the spectra to

look for features related to a given fault (critical fi-equency). For example, the

formula given in Equation I-l.l is used to identify the fi"equency at which defects

related to the inner race would appear. The features also appear at multiples of the

critical frequency.

The frequencies surrounding the critical fi-equency are also assigned weights

in order to consider the information in the sidebands. Sidebands are small-amplitude

peaks that appear in the neighborhood of a critical frequency in the spectrum and

which are used in the analysis to discriminate between generalized and localized

faults. In our case, we set the weights of neighboring fî equencies to numbers greater
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than zero and less than the weight of a critical frequency (or its multiples). The

weight matrix has the following form:

1 0 0 0 0 0

0  0 0 0 0

0  0 Bj 0 0 0

0  0 0 Bj 0 0

0  0 0 0 B2 0

0  0 0 0 0 Bj

B]^ 0 0  0

B, 0 0

0 Bj 0

0  0 B2

0  0 0

0  0 0

0  0 0

0 0

0 0

0 0

0 0

0

0 1

0 0

(1-4.5)

where the numbers on the diagonal satisfy the inequality a, < < a,. The

frequencies whose importance we set to a, are the critical frequencies associated with

each fault (for a given type of bearing) and multiples of these frequencies. The

importance factor (weight) for the neighboring two frequencies were set to az, and

the next two neighboring frequencies to ai in order to take the sidebands into

consideration. This has the effect of an amplifying triangular window centered in the

appropriate region of the spectrum (the critical frequencies) to emphasize the

information known to be important.

When calculating centroids, the matrix "pulls" the centroids in the "right"

direction to stress particular features of the data without ignoring the remaining

information. Ignoring information is not recommended because there are features

which may appear in regions of the spectrum other than those given by the formulae,

and which should not be overlooked for the analysis. The correct assignment of
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weights to the matrix depends on the problem to be solved. Testing indicates that

the magnitude of the weights on the diagonal affects the effectiveness of the

algorithm and that weights assigned to the off-diagonal elements of the matrix do not

improve results significantly in the context of vibration.

CLUSTERING OF TWO-DIMENSIONAL DATA

In order to illustrate how the matrix a influences the results, we will describe

the results for two simple test sets. The first data set consists of 11 points shown in

Figure 1-4.1. We are using the Fuzzy C-Means algorithm to classify them into four

classes. The membership values for these points are shown in Table 1-4.2. For

points 1, 2, 3, 4, 6, 10 and 11 one of the membership values (m.v) is much greater

than the others; these points belong to only one class, the remaining points have high

membership values in more than one class. Class assignments were made based on

the criterion that a pattern was a member of a class if its membership value for that

class was greater than 0.1. Centroids and class assignments are shown in Figure 1-4.1.

The second data set consists of 3 points whose spatial distribution is shown in

Figure 1-4.2. The Euclidean distance between points 1 and 3 is smaller than between

points 2 and 3. Setting the matrix a equal to the identity matrix causes the algorithm

to classify point 3 more in class 1 (m. v: 0.993787) than in class 2 (m. v: 0.006213).

When we set the importance of the x coordinate to be 10 times that of the y

coordinate the difference in membership values is even larger (0.995293 for first class

and only 0.004707 for the second class). However when the factor of importance of
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the y coordinate is 10 times larger than that of * coordinate, the same point is

classified as belonging to class 1 (m.v: 0.976534) and to class 2 (m.v: 0.023466).

Setting the factor of importance of the y coordinate 100 times larger than that of the

X coordinate, changes the results dramatically: the point is classified as belonging to

class 1 (m.v: 0.10) and to class 2 (m.v: 0.89958). These results show that, when

dealing with the vibration data, setting the relative importance of certain fi-equencies

will make the algorithm weight these frequencies more heavily.

Table 1-4.2. Membership Values for Points in First Data Set

Point M. value Class 1 M. value Gass 2 M. value Class 3 M. value Class

1 (0.0, 0.0) 0.954158 0.019241 0.018446 0.008155

2 (0.0, 1.0) 0.007252 0.981671 0.003297 0.007780

3 (1.0, 0.0) 0.001110 0.000308 0.997902 0.000680

4 (1.0, 1.0) 0.000303 0.000830 0.000640 0.998227

5 (0.0, 05) 0391500 0.483609 0.061770 0.063121

6 (0.2, 1.0) 0.000790 0.997331 0.000444 0.001435

7 (05, 0.0) 0.763930 0.027785 0.182728 0.025556

8 (1.0, 05) 0.067077 0.058670 0.443287 0.430966

9 (05, 1.0) 0.040890 0.636997 0.037190 0.284923

10 (03, 0.0) 0.992469 0.001857 0.004494 0.001179

11 (0.2, 0.0) 0.999850 0.000047 0.000078 0.000025
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BEARING VIBRATION SIGNATURES

The data set described in Section 1-3.2 was used for testing the clustering

system. The low frequency spectra (10 Hz. to 1000 Hz.) have 400 points and the

data set contains 71 samples representatives of bearings operating under the following

conditions: no fault, localized scaling fault of inner race, generalized scaling fault of

inner race, localized scaling fault of outer race, generalized scaling fault of outer race,

artificial localized fault of a ball, generalized scaling fault of two balls, and

generalized scaling fault of all the components. For ease of description we refer to

the above operating conditions as n, a, b, c, d, e, f and b+d+f, respectively.

Seven patterns in the set are a transition from fault c to b+d+f. For these

seven patterns, the exact membership is unknown. The range of frequencies was

divided in intervals of three frequencies each. From each interval, the maximum

amplitude was selected, and the maxima used to construct new signatures with 132

points. Figures 1-3.1 and 1-3.2 show the original and reduced signature of a normal

pattern. The distortion introduced is small since the frequency bandwidth of all the

peaks is greater than 7.5 Hz.

CLUSTERING OF REB VIBRATION DATA

To test the clustering system, we used a set of 32 signatures from the data set

described in Section 4.5. The best results were obtained by setting the number of

clusters to the number of known classes plus one (6). To construct the weight matrix,

36 frequencies corresponding to regions where the faults have characteristic peaks
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were selected. The importance factors in matrix a were set to 20, 25 and 30 for ai,

a2 and a3 respectively, and the fuzzy coefficient a was set to 2. Through

experimentation it was found that this value reflected the proper amount of fuzziness,

with larger values of the coefficient the algorithm tends to distribute the membership

functions for patterns over the entire range of classes.

The algorithm clustered correctly all the normal patterns. All but two of these

patterns have a degree of membership of at least 0.97 (Table 1-4.3). The remaining

two patterns (14 and 19) were examples of "false alarms"; the patterns were normal,

but the vibration levels were higher than for other normal patterns. Generally, alarm

criteria are defined in terms of descriptor values. These descriptors are calculated

from effective velocity measurements and give an indication of overall vibration in the

machine. For the two patterns in our data set (14 and 19) the descriptor levels were

so high that traditional descriptor-based classifiers would have produced an incorrect

label for the signatures. Our system is able to recognize them as normal although the

membership values are lower than those of other normal patterns. Pattern 14 is

normal (m.v: 0.57) and has fault D (m.v: 0.42). Pattern 19 is classified as

normal(m.v: 0.75) and as having fault D (m.v: 0.24).

The seven patterns with unknown labels (26 to 32) are classified mostly as

examples of fault c, with some degree of membership in other classes. Especially

patterns 31 and 32 show a substantial amount of fault a. Patterns with faults a, b,

c and D were classified correctly in different classes. However the two patterns with

fault C (1 and 5) were never classified in the same cluster; a new class was added to
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accommodate the singleton pattern 5. Neither changing the values of ai, a2 and a3

in matrix a, nor the number of clusters gave the correct classification for these two

patterns; examination of the patterns showed that these patterns represent the same

fault at different stages of evolution and that the signatures are very different.

When augmenting the data set by including faulty patterns with new faults

(such as B, F, b*d+f) the algorithm divided the set of normal patterns into two

different classes. It also classified signatures with faults b+d+f as a new class, and

therefore the membership values no longer reflected the degree of each fault. In

general, the performance of the algorithm deteriorates as the number of classes

increases. Performance is affected by uneven distribution of patterns in the data set

(many signatures in one cluster and singleton clusters).

For comparison purposes, the bearing data was clustered using the crisp K-

means algorithm and the Fuzzy C-Means algorithm (without the weight matrix) and

the results were completely incorrect. It was also found that the performance of the

weighted Fuzzy C-Means algorithm deteriorates as the number of faults considered

increases. This is due to a corresponding increase in the number of amplifying

windows, and specifically to their overlap. The magnitude of the weights and the size

of the neighborhood influences the effectiveness of the clustering system; in general,

it was possible to obtain membership functions reflecting the real relationship among

patterns. The most important feature of the system is that it considers all the

information in the spectrum but it provides a mechanism for weighting the

information according to its relevance from a theoretical standpoint.

105



Table 1-43. Results of Clustering (m = 2)

M. value

Pattern (Fault)

Class 1 Class 2 Class 3 Class 4 Class 5 Class 6

1 (C) 0.884 0.043 0.026 0.0 0.001 0.042

2(N) 0.0 0.998 0.0 0.0 0.0 0.001

3(A) 0.0 0.0 0.999 0.0 0.0 0.0

4(B) 0.0 0.0 0.0 LQ 0.0 0.0

5(C) 0.0 0.0 0.0 0.0 LQ 0.0

6(D) 0.0 0.0 0.0 0.0 0.0 0.996

7(N) 0.0 0.988 0.0 0.0 0.0 0.011

8(N) 0.0 0.982 0.0 0.0 0.0 0.017

9(N) 0.0 0.883 0.0 0.0 0.0 0.115

10 (N) 0.0 0.906 0.0 0.0 0.0 0.093

11 (N) 0.0 0.969 0.0 0.0 0.0 0.030

12 (N) 0.0 0.977 0.0 0.0 0.0 0.022

13 (N) 0.0 0.980 0.0 0.0 0.0 0.019

14 (N) 0.0 0.576 0.0 0.0 0.0 0.418

15 (N) 0.0 0.979 0.0 0.0 0.0 0.020

16 (N) 0.0 0.979 0.0 0.0 0.0 0.020

17 (N) 0.0 0.961 0.0 0.0 0.0 0.037

18 (N) 0.0 0.977 0.0 0.0 0.0 0.022

19 (N) 0.0 0.752 0.0 0.0 0.0 0.242

20 (N) 0.0 0.983 0.0 0.0 0.0 0.016

21 (N) 0.0 0.992 0.0 0.0 0.0 0.007

22 (N) 0.0 0.939 0.0 0.0 0.0 0.059

23 (N) 0.0 0.971 0.0 0.0 0.0 0.027

24 (N) 0.0 0.975 0.0 0.0 0.0 0.024

25 (N) 0.0 0.948 0.0 0.0 0.0 0.051

26 (undet) 0.935 0.023 0.016 0.0 0.0 0.022

27 (undet) 0.875 0.054 0.016 0.001 0.01 0.050

28 (undet) 0.903 0.039 0.017 0.001 0.001 0.036

29 (undet) 0.972 0.008 0.008 0.001 0.001 0.008

30 (undet) 0.959 0.009 0.015 0.002 0.002 0.010

31 (undet) 0.659 0.048 0.199 0.019 0.022 0.050

32 (undet) 0.794 0.031 0.107 0.011 0.021 0.032
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CHAPTER 5

DISCUSSION

A methodology is presented for the analysis of vibration data based on neural

networks. The advantage of developing a system based on this technique is the

possibility of automating the monitoring and diagnostic process for vibrating

components and building diagnostic and fault-detection systems which complement

traditional power spectral density analysis.

For the monitoring of machinery vibration, a technique is described based on

multiple sensor modeling. A neural network has been trained to mimic the

relationship among sensors in a component, and deviations from normal behavior can

be detected easily by monitoring the predictions of the network and the actual values

of the sensors. In addition, two descriptors are defined: the cross-sensor descriptor

which measures the overall difference between the actual vibration levels and the

predicted levels, and the per-fi-equency descriptor which gives a measure of change

for every frequency in the spectrum. The methodology has been tested on data from

a motor in one of EDF's power stations.

Traditionally, diagnosis of components based on vibration analysis has been

made by looking at specific regions of the spectra. However, vibration in general is
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imprecise because in some cases the behavior of components under certain operating

states is not known in detail; especially when the behavior is induced by more than

one fault. Compressed signatures generated with recirculation networks are efficient

and feasible representations of spectra which provide complete information, reduce

noise, and spread the information contained in the peaks over the entire spectrum.

The feasibility of using recirculation networks for compression of spectral data

has been established. Under this study we have achieved compression ratios of 3/1

while maintaining the statistical properties of the original patterns. The recirculation

network provides an excellent mechanism for the compression because in addition

to reducing the dimension of the data patterns, it performs automatic feature

extraction by preserving in the reduced set only the features that are relevant and

consistent within the data.

The fault identification system uses both low and high frequency spectra,

making it possible to detect incipient faults as well as severe defects. In addition,

information provided by descriptors of overall vibration are used to separate normal

and possibly-faulty signatures. This information permitted the reduction of training

time (both for compression and classification) by a factor of 10.

To complement the capabilities of the classification system, a clustering system

was developed based on the technology of fuzzy clustering. The technique provides

an excellent mechanism for the identification of the operating state of rotating

machinery because it permits the easy incorporation of knowledge about the problem,

and can be trained, as done for the backpropagation-based classification system, fi"om
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actual system data. The advantage of including a clustering capability to a vibration

analysis system is that in some cases the operating state of the machinery is not know

and cannot be easily assessed. For these cases, clustering of the data may unveil

some classes of data which exhibit similar behavior and which may be considered

operating states.

In the clustering module a new distance measure is introduced that uses a

weight matrix to assign relative importance to regions in the spectra. Formulas are

used to determine critical regions where fault-related information is contained, and

these regions are assigned higher weights than other regions in the spectra. The

matrix is used in the calculation of distances and makes the distance measure more

sensitive to differences in those regions which we know (from theoretical

considerations) contribute more to the solution.

When calculating centroids, the matrix of weights "pulls" the centroid in the

"right" direction according to the setting of the weights. Sidebands are considered by

defining a neighborhood about critical frequencies, and assigning weights to the

frequencies in the neighborhood, the factor of importance assigned to sidebands is

lower than that assigned to the critical frequencies.
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PART II

VIBRATION MONITORING OF

REACTOR INTERNALS
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CHAPTER 1

VIBRATION AND MOTION OF INTERNALS IN

PRESSURIZED WATER REACTORS

The reactor internals is perhaps the most complex mechanical system in a

nuclear power plant (Figure II-l.l). The system is subject to loading from thermal

transients, flow-induced vibrations, neutron irradiation, corrosion and fatigue [66]

which inevitably produces degradation and in extreme cases may lead to unplanned

outages. Neutron noise analysis techniques are used to obtain information concerning

the integrity of the components and to determine when to perform effective

preventive maintenance. Noise techniques provide means to verify integrity

throughout the design life and a basis for extended life operation [66].

Monitoring of reactor internals using ex-core neutron noise started almost

three decades ago and it is still used to assess the structural integrity of core support

structures. There are a variety of economical, safety and regulatory considerations

for surveillance activities. Thie in reference [65] discusses this issue in detail. In

general, the surveillance of motion of reactor internals focuses on the assessment of

vibration, fretting damage and part loosening; and aims at detecting motion in the

structure or its components, quantifying the severity of the motion, assuring that it

remains within safety limits, and ideally predicting a time frame of safe operation.
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The core barrel in a PWR holds the core structure and separates the

incoming downward flowing coolant from the upward flowing paths through the fuel

elements [66]. Since there is always flow in the vessel, it is impossible to prevent the

core barrel from moving, especially because the core barrel is suspended from an

attachment to the vessel ~ clamped at the top— and moves in a pendular motion

described as beam mode. The aim of the monitoring effort is to ensure that the

motion remains within safety limits.

The primary coolant is discharged by pumps located in the cold-leg piping,

enters the vessel through the inlet nozzles, and turns 90 deg. downward after

colliding with the core barrel. The effect of this collision plus the hydraulic

turbulence in the downcomer is the primary source of forces that causes motion of

the core barrel [66]. This motion is affected by masses within the barrel (core,

structures above the core, and structures below the barrel) and by other elements in

the system such as piping, pumps and steam generators which are also multimass,

multispring-coupled systems.

There are other significant sources of motion. First, the shell mode of

movement caused by the barrel and its thermal shield changing internal area and

circumferential shape, a behavior typical of annular structures; second, forces

generated by the vibration of mechanical components in the internals such as the

control rods and the fuel elements. There is also a random component of motion

caused by stochastic forces within the vessel, and the vessel itself which moves along

the same axis as the core barrel since the two masses are coupled. Finally, there is
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an element of motion which is very important from the monitoring point of view,

that is the motion generated by anomalous behavior of the structure induced by

contacts between the core barrel and the pressure vessel, or by the failure of

mechanical components. These forces combined produce a complex motion which

is very difficult to measure.

In a PWR the ex-core neutron detectors are ionization chambers located

outside the vessel within one foot of the reactor vessel at cross core locations. Each

chamber has two detectors sensing separately upper and lower current; from these

readings, indirect measurements of motion and vibration may be obtained. The use

of ex-core neutron detectors is convenient for monitoring vibration of core

components because they are permanently mounted equipment, and because there

are space and radiation restrictions which impede the use of in-core detectors. When

the motions are large enough in the frequency band of interest, they permit accurate

analysis.

The positioning of the sensors on the vessel permits the estimation of the

amount of motion. The change in the water gap produced when the core barrel

moves in a beam mode shown in Figure II-1.2, can be detected by out-of-phase

signals in opposite ion chambers [65]. The amount of the change in the water gap

is directly related to the amount of motion. To estimate the amount of motion, a

widely used technique involves the use of the normalized cross-power spectral density

(NCFSD) of ex-vessel ion chambers located in opposite sides of the vessel (180 deg.

114



Chamber

#1
Gore

c

Chamber

#2

m

Figure 11-1.2. The Relative Displacement of the Barrel and Vessel Affects Neutron
Transmission [67]. The core barrel mass me and the vessel mass m, moves as a
double pendulum q^stem coupled at the vessel flange by the spring constant * of the
upper barrel

115



apart) [67]. Opposite chambers are used because their signals typically exhibit large

coherences. The relationship is expressed in Reference [67] as follows:

rms motion
^fNCPSD (n.1.1)

\
rms motion -

J^TzAfNCPSD^f^
(II-1.2)

where p is the neutron attenuation coefficient (approximately 0.009 mm"^ expected

for all PWR's), and the integration range is over the frequency band containing the

resonance and having a 180-deg. phase shift. Typical motions are described as within

0.02 to 0.06 mm [67], with fo ranging from 5 to 11 Hz. The values of motions

estimated using Formulae II-l.l and 11-1,2, represent the geometric projection of the

relative motion along the plane containing the two chambers. The rms motion may

vary during the fuel cycle due to slight temperature and power variations [67].

The motion caused by the shell mode is more difficult to detect because it

consists of changes in area and circumferential shape which are symmetrical around

the center of the core. As a result, the fuel-to-vessel-wall distance remains

unchanged, and the motion cannot be detected by examining the size of the water

gap. To obtain an estimation of this motion, it is necessary to cross-reference in-core

detectors, located on the core edge, and ex-core detectors located near the vessel.

116



Other motions such as vertical modes and motion of the control rods and fuel may

also be detected as shown by Thie in reference [67].

The neutron noise spectrum is calculated from the noise portion of the ex-core

neutron signal. The signal is caused by variations of the neutron flux around its

average value. According to reference [68], variations may be caused by:

• a source of natural reactivity p„(t) related to the phenomenon of neutron

creation/disappearance,

• sources of reactivity B,(t) related to modifications in the neutron flux as

registered by the detectors such as thermohydraulic fluctuations, or structural

movements between internals and reactor vessel [68]. Variations in coolant

thickness between internals and reactor vessel causes a variation in the

neutron flux hitting the detector [69].

• noise generated by the detector itself b(t)

The sources p„(t) and s,(t) are recognized by the detector jfrom the transfer

function of the core h(t). The fact that this function links the sources of reactivity

to the relative fluctuations of neutrons in the vicinity of the sensor was pointed out

by Trenty in Reference [68]. The neutron noise signal x(t) may be described using

equations II-1.3 to II-1.7.

- hit) ♦ p„(0 +5^ hit) * s^it) + bit)

where * refers to the convolution operation.

Since b(t) and B(t) are white noise sources in the bands of interest, the

power spectral density, PSD, may be expressed as in Equation II-1.4.
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PSD(f) fx pN H(J) I' X Sff) * B (H-l-")

where ir is the constant linked to natural reactivity and b is linked to sensor

operation [68]. Therefore Equation II-1.4 gives

PSD{f)-\ H{f)f [ pN^Y, ^ ®

The PSD may be expressed as a function with a general shape (Equation II-

1.6) vdth amplitudes added at local frequencies (Equation II-1.7), since the functions

s,(f) are non-zero only at the local frequencies f(i) at which the phenomenon

appears.

PSD(f) - pN I H{ff * B

S,(/) for f'fi

There are two characteristics of the reactor noise process worth mentioning.

First, it is a stationary process, meaning that the underlying nature of the

randomness that causes the fluctuations does not change in the course of time.

Secondly, most reactor noise encountered has normal probability density [67]. A

variety of tests are used to detect departures from Gaussian behavior, since generally

anomalous mechanical motion causes non-Gaussian behavior of the noise.

The noise spectrum depicts specific features related to the behavior of the

structure, and under normal conditions there are few differences among spectra from

reactors of the same family. Traditionally, baseline spectra are calculated from

ex-core neutron signals collected during normal operations at the beginning of the
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fuel cycle, and as the cycle progresses, surveillance data is compared to the baseline

to determine the presence or absence of excessive reactor internal vibrations [70]. If

excessive vibration is detected, analysis is performed to determine the cause and

severity of the anomaly. The known associations between the regions of the neutron

noise spectrum and the components in the structure are used to identify the source

of excitation. These associations are presented in Table II-l.l.

Table II-l.l. Associations between Regions in Neutron Noise Spectrum and

Internal Components [71,72,73]

Band

Number

Frequency Region
(Hz.)

Description

10 0.5 to 2.0 Thermal behavior of core neutrons,
temperature changes and/or reactivity

11 2.0 to 5.0 Fuel assembly beam mode vibration,
and reactivity effects

12 5.0 to 7.5 Second beam mode of the fuel

assemblies

13 7.5 to 8.0 Free swinging of the core barrel

14 10.0 to 14.0 Main mode of the internals. Contains

information regarding contacts between
the core and the vessel

15 14.0 to 18.0 Secondary CSB vibrations, swinging of
the vessel

16 18.0 to 24.0 CSB primary shell mode vibration

17 24.0 to 48.0 Sensor background noise, internals
complex modes
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The neutron noise spectrum is also useful for assessing the integrity of the

structure because it is very sensitive to mechanical failures. A study conducted by the

Gesellschaft fur Reaktorsicherheit (GRS) in Germany for a variety of failures

concluded that each kind of failure causes its own pattern of spectral changes, and

furthermore that each pattern of spectral changes is characteristic of only one

particular failure [74]. Among the kinds of failures investigated in the study, were

failures of the steam generator supports, and degradation of the reactor internals

hold-down spring. The hold-down spring is a metal device in the shape of a ring

placed on the flange of the pressure vessel top to tighten the connection with the

flanges of the upper core support structure (See Figure II-l.l). When the spring

relaxes it allows the barrel, to move more freely.

There are several factors that complicate the problem of identifying vibration

modes in neutron- noise spectra. First, as the fuel cycle progresses, the amplitude

of the signatures tends to increase due to the burnout of the neutron absorbing

boron. A study by EDF concluded that the partial RMS value in all the vibration

bands generally follows a linear law versus burn-up, but with different coefficients

according to the fuel cycle even within the same frequency band [71]. In addition,

contacts between the vessel and the core which are usually manifested in the 7.5 to

14.0 Hz region, tend to disappear as the fuel cycle progresses, but the opposite

situation sometimes occurs. The phenomenon is probably due to a change in the

positions of the internals [71].
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Another problem that arises frequently is the formation of composite peaks.

The detector registers composite peaks assembled from different peaks at like

frequencies (features which relate to different modes but appear at the same

frequency). Although the original peaks may be related to motions from a particular

component of the internals, it becomes difficult to isolate the changes individually

[73]. Periodic surveillance of the internals is necessary in order to detect the

migration of these peaks before they merge.

This study deals with the development of a system for automatic discrimination

of neutron noise signatures from ex-core detectors in 900 MWe pressurized water

reactors of the CP1-CP2 family with sectorized thermal shield (Figure II-1.3). Data

reflecting normal state of operation from twenty eight reactors has been made

available for the study. In addition, data representative of a class of mechanical

failure has been generated using a software simulator.
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CHAPTER!

CLASSIFICATION SYSTEM

The classification system described in this report is based on the technology

of neural networks. Information extracted fi-om neutron noise spectrum is used to

train neural network models to identify the different modes of vibration of the core

barrel, and to verify the integrity of components in the structure. After training, the

system is tested against classification results provided by an expert evaluator.

There are three phases to the classification, as shown in Figure II-2.1. In the

first stage, a neural network module has been used to separate signatures from

functional power detectors and signatures fi-om improperly calibrated or out-of-order

sensors. The second phase of processing is performed by a neural network trained

to discriminate between signatures from plants with functional hold-down springs and

simulated signatures representing plants with degraded or non-functional springs.

The last part of the analysis corresponds to the classification of normal signatures

according to the position of the internals relative to the vessel, and the presence of

contacts between the core barrel and the pressure vessel.

The commercial neural network program used during the study is SN2.5

developed by Neuristique Corp. For the classification, three-layer backpropagation

networks were used. The networks take as input scaled feature vectors representing

each spectrum, and produce as output a class label. The output layers in each case
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have one neuron corresponding to each possible class, and the activation of a neuron

indicates membership to the class it represents. The topology of the networks is

depicted in Figure II-2.2,

Prior to training the neural network, the input vectors are scaled to the

operating range of the algorithm (0.05, 0.95) using Equation II-2.1, where a is a

matrix of input vectors. For a, the subscript i corresponds to the vector number,

and j indexes the variables in the vector.

w

A^- mi44]^
max[i4]y -

\

* 0.90 + 0.05 (n-2.1)

Scaling parameters are calculated for each column in the input matrix to

preserve the characteristics of each variable.

DATA DESCRIPTION AND FEATURE CHARACTERIZATION

Spectral signatures were calculated from 742 measurements collected over 93

fuel cycles from PWR's in France. The plants correspond to CP1-CP2 900 MW

plant series with 3 loops and sectorized thermal shield. The data comprise

normalized power spectral densities, NPSD's, calculated from ex-core neutron

detectors in the range 0.125 Hz. to 50.0 Hz.

Time records are collected following standardized procedures in all units

during normal reactor operation, generally at nominal full power. The data are

processed with software programs developed by EDF which calculate auto and cross

spectral functions and, from these functions, a number of parameters (Figure II-2.3)
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related to peaks which are useful in the quantification of structural vibration and

motion. The data are validated and stored in a database under a standard format.

The parameters calculated from the 400-point spectra are used to describe the

peaks in a consistent manner, and may be used in conjunction with other descriptors

for discrimination of the signatures. EDF has defined the following parameters,

described in Reference [71]:

Amplitude: A linear measure of the maximum amplitude of the peak.

Frequency: The frequency of the maximum amplitude of the peak.

Height: A measure of the height of the peak, denoted a and calculated using

Equation II-2.2, (Refer to Figure II-2.3)

Height - H -^  ̂ (11-2.2)

Energy: An approximation of the area under the peak, denoted e and

calculated using Equation II-2.3. The value of if is 0.125.

•'min

Energy - E - j NPSD df « 0.125 J^NPSDif)
fma

Displacement: Calculated using Equation II-2.4, where a is a transmission

factor between the neutron normalized fluctuations and the displacement of

the internal structure. The factor h depends on internal structure design.
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Displacement - Z) - (II-2.4)

Damping: A measure of the width of the peak, See Equation II-2.5.

Damping - ti - A/ (II-2.5)
2fA If

A root mean square (rms) value for each band is calculated (Equation II-2.6),

and a relation PR_i representing the relative power of band i (Equation II-2.7).

RMS

\
'Jnpsd df
•/max

PR - (n-2.7)
I  J,

Energy

Information is also collected regarding the bum-up rate and initial fuel

enrichment in the reactor. After detailed analysis, experts at EDF [72] have

concluded that only these two parameters have a significant effect on ex-core detector

readings during steady-state operation (i.e. stable boron concentration and no control

rod movement). The effect of these parameters is generally linear in the bands

corresponding to the main modes of internal structures and thus may be removed

from the spectra by appropriate normalization of the signatures. The effect is

observed in Figure II-2.4 where a signature representing fi-ee beam mode of a

reactor is shown at the beginning and end of a fuel cycle.
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To account for the shift in amplitudes due to bum-up and fuel enrichment the

signatures are normalized. To perform the normalization, the total energy of the

signature is calculated (Equation II-2.8) and the value used to scale parameters

corresponding to the energy of the peaks and their amplitudes. Only global

parameters (such as height) are normalized, since relative measures are not affected

by the shift.

n  'T E. (H-2.8)Energy i

MODULE I: DISCRIMINATING VALID AND INVALID SIGNATURES

The processing of data is separated into three modules. The first module

deals with the separation of signatures in two groups. The first group is formed by

signatures collected with functional ex-core neutron detectors, and the second group

by signatures fi"om detectors which were either not calibrated properly or

out-of-order. The neural-network-based system uses information from the spectrum

to discriminate among signatures whose levels of amplitudes are valid, and those with

levels above or below the typical values.

The majority of the invalid signatures correspond to sensors which are not

properly calibrated and which provide readings above or below the correct levels

(Figure II-2.5 and II-2.6). NPSD's are also available from faulty sensors which

produce signatures whose shapes are not consistent with typical neutron noise data

from reactors of the PWR 900 MW family.
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System Description

The analysis of these data is complicated because the NPSD generated from

readings of out-of-order detectors have many different shapes. It becomes difficult

to find parameters to describe consistently the features in these spectra. A number

of parameters have been chosen which represent the most stable and representative

regions of the spectrum. A list of these variables is presented in Table II-2.1

Table II-2.1. Parameters Used for Discrimination, Module I

Variable Description

Amp_4 Lowest Amplitude in Interval (3.0 - 6.0) Hz.

Amp_24 Lowest Amplitude in Interval (22.0 - 25.0) Hz.

m Slope of the Line Joining Amp_4 and Amp_24

Lowest_Amp Lowest Amplitude in Band 17*

High_Amp Largest Amplitude in Interval (22.0 - 24.0) Hz.

* Excluding the region (27.5 - 30.5) Hz.

The parameters Amp_4, Amp_24 and the slope of the line joining the two

points, m, were used because they represent the most stable features of the spectrum.

Usually the presence of contacts disrupts these regions only slightly while, on the

other hand, out-of-order sensors generally produce slopes which are different due to

distortions in the signature. Lowestjimp is the parameter used for detecting low

values of amplitudes. The parameter is extracted from the sensor background noise

region (Band 17), excluding the interval (27.5 - 30.5) Hz. because in that interval

sharp peaks produced by electrical parasites have been registered in two plants.
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Finally, the parameter Bigh_Amp measures the highest amplitude of the sensor in

the stable region and it is used to identify signatures with high amplitude levels.

Each one of these parameters is the input to the neural network. The

network has 2 hidden nodes and 3 nodes in the output layer, each corresponding to

a possible state. The states considered for the classification are: signatures with high

amplitude levels, signatures with low amplitude levels, and valid signatures.

Data Set

The total set of data contained 1400 signatures; of these, 137 signatures were

collected with improperly calibrated or out-of-order sensors (ICOO signatures) and

1263 valid signatures with normal amplitude levels (NA). The ICOO signatures can

be placed in three categories: a group of signatures whose amplitude values are

higher than normal, a group with low amplitudes, and a group of highly distorted

signatures. The first two groups usually correspond to sensors which are not properly

calibrated (i.e. the gain in the device is not adjusted correctly and produces signatures

which are shifted in amplitude). The last group is formed by signatures collected with

sensors which are out of order.

Generally, the signatures coming from out-of-order sensors have high

amplitude values and for this project have been included in the class of high

amplitudes. The results discussed are based on classification of the data in three

groups: High Amplitudes (HA), Low Amplitudes (LA) and Normal (or typical)

Amplitudes, NA. The distribution of signatures is shown in Table II-2.2.
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Table 11-2.2. Distribution of Signatures, Module I

Type of Signature Number of Signatures

Normal Amplitudes (NA) 1263

High Amplitudes (HA) 40

Low Amplitudes (LA) 97

Distorted Signatures (out-of-order sensors) 8 (included in HA)

The NA signatures may in turn be divided into three categories according to

the vibratory mode of the internals with respect to the vessel: a mode of free

swinging of the vessel - denoted L - with a single, strong and well defined peak at

8 Hz; a second mode denoted AL in which two modes of vibration co-exist, a

clamped mode of permanent contacts and a free mode. AL signatures have strong,

well-defined peaks at 8 Hz and at 10 Hz; and a third mode of intermittent contacts

also exists for which signatures are very irregular with no significant peaks in the 8.0

to 14.0 Hz. region. The distribution of the NA signatures is presented in Table II-2.3.

Table II-2 J. Distribution of NA Signatures, Module I

Type of Signature Number of Signatures

Free Mode (L) 1070

Clamped (AL) Mode 82

Intermittent Mode (I) 111
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Results

The classifier neural network described earlier was trained for 23,500 iterations

until the error was reduced to 0.02. During training the learning rate was reduced

fi-om 6.4 to 0.05, and a sigmoid logistic function used with a gain of 0.999. For

training, 58 vector representative of the different classes were selected fi"om the set

of 1400. The patterns were distributed as shown in Table II-2.4.

Table II-2.4. Training Set for Module I

Class Vibration Mode Number of Signatures

Normal Amplitudes (NA) Free (F) 18

Normal Amplitudes (NA) Clamped (AL) 8

Normal Amplitudes (NA) Intermittent Contacts (I) 7

High Amplitudes (HA) 16

Low Amplitudes (LA) 9

The criteria used for performance evaluation was the following: a pattern is

considered correctly classified if the activation of the neuron representing the class

to which it belongs, is the highest and greater than 0.25. Recall was performed on

the 1342 remaining patterns, from this group 1288 patterns (92.4 %) were classified

correctly, and 102 patterns (7.6 %) were classified incorrectly. In an effort to

improve performance, different configurations of the network were used but none

render better results. The cases which were classified correctly merit no further

discussion. Table II-2.5 shows the distribution of the incorrectly classified signatures.
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Table II-2.5. Confusion Matrix for Module I

Result

R. Class

NA HA LA #Test

Patterns

% Mis-

classified

NA — 87 12 1225 8.0%

HA 2 — 0 24 8.4%

LA 1 0 — 88 1.14 %

The majority of the misclassified cases are signatures with normal levels that

were classified as having high amplitudes. For these cases the activation of the

neuron corresponding to the LA class is slightly higher than that of the NA class.

There are two reasons for the misclassification; first, the presence of high amplitudes

in the sensor background region and in the interval (22.0 - 25.0) Hz. which is not

apparent in the bands of interest (as it relates to contact detection). An example is

presented in Figure II-2.7. Secondly, the deformations introduced by the presence

of contacts affect regions beyond Band 14 and raise the amplitude levels in the area

where the sensor information is extracted (Refer to Table II-2.1). Figure II-2.8

illustrates this situation, normal levels in these regions are shown in Figure II-2.4.

There are a few cases for which the classification provided by the neural

network and the expert are different. These cases may represent boundary

conditions and it is not obvious what is the correct classification. Examples are

shown in Figures II-2.9 and II-2.10. Figure II-2.9 shows the plot of a Free (F)

Signature whose amplitudes are higher than normal in most of the regions of the

spectrum (including Band 14). Figure II-2.10 illustrates a case of a boundary
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condition for a signature with levels slightly lower than normal. Another example is

shown in Figure II-2.11, the signature is classified by the neural network as normal

but is considered invalid by the experts.

MODULE II: DEGRADATION OF THE HOLD-DOWN SPRING

The hold-down spring is a metal device in the shape of a ring installed

between the upper core support structure and the core barrel (see Figures II-l.l and

II-2.12). The function of the spring is to press against the two components, to

constrain the movement of the core barrel. The spring undergoes a natural process

of relaxation with aging, and the aim of this part of the study is to identify this type

of mechanical failure fi"om the NPSD of ex-core detectors. From the point of view

of vibration surveillance, the degradation of the hold-down spring is important, and

may become dangerous, because it translates into greater freedom of movement of

the internals [3].

In the NPSD of ex-core neutron signals, the degradation of the hold-down

spring may be detected because it causes a frequency shift of the peak corresponding

to the free swinging of the core barrel, FSCB. The precise evolution of this effect is

difficult to predict, but it is known that in all cases, the frequency of the FSCB peak

decreases in proportion to the significance of the degradation [3,75], and that an

increase in amplitude, and damping of the peak is concomitant with the fi-equency

shift [72]. The evolution effect is illustrated in Figure II-2.13, for a spring which

degrades fi-om a normal to a totally non-functional state.
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In French PWR's, no cases of hold-down spring degradation have been

registered. In some of the older plants, shifts of the FSCB peak have been detected,

but there has always been a systematic return to the normal frequency upon restart

following shutdown for reloading. The migration of the peak back to the normal

frequency indicates that there is no degradation but merely relaxation, and that any

deformation is likely to be of an elastic nature [72]. Data of degraded hold-down

springs from operating French plants is not available to perform this part of the

study.

In order to study the phenomenon, a number of mechanical and mathematical

models have been developed (see for example references [3,75]). For this project,

Electricite de France has developed a device for generating abnormal signatures using

data acquired from mechanical models of malfunctioning internals [68]. With the

device, typical PSD's of ex-core neutron signals may be generated and modified to

reflect abnormal conditions in the behavior of the internals. All of the data

corresponding to degraded or non-functional hold-down springs used for the study

were generated using the simulator.

System Description

For this module, a backpropagation network with three layers was used. The

network had nine input units corresponding to the different parameters considered

for discrimination, two hidden units, and three output units corresponding to the

number of classes. Parameters used as input to the system are listed in Table II-2.6.
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There are three classes of signatures. The fist category corresponds to normal

signatures (NS). These signatures generally have a peak at 8 Hz., which corresponds

to the free swinging of the core barrel. The second class is composed of signatures

from units with degraded hold-dovm springs (DS), and for these signatures the peak

corresponding to the free swinging of the core barrel is displaced to the left from 7.75

Hz. to a minimum of 7.0 Hz. The third category is fi-om units with non-functional

hold-down springs (NFS) for which the peak is displaced to frequencies below 7.0 Hz.

Table II-2.6. Parameters Used for Discrimination, Module II

Variable Description

Psd_Max_l213 Max. Amplitude of Largest Peak, bands 12 and 13

Height_1213 Height of the Largest Peak

Energy_1213 Energy of the Largest Peak

Freq Frequency of the Largest Peak

RMS_12 RMS Value of Band 12

RMS_13 RMS Value of Band 13

RMS_14 RMS Value of Band 14

Rat±o_1213 Ratio of RMS_12 and res_13

Ratio_1314 Ratio of RMs_i3 and rms_14

Information from Band 12 was included in the analysis because the frequency

shift of the FSCB peak produced by the degradation of the spring, causes the peak

to migrate from Band 13 to Band 12 (See Table II-1.1).
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Data Set

The set of signatures included 1316 normal signatures (from operating plants)

and 370 simulated signatures representing units with degraded or non-functional

hold-down springs. The distribution of the signatures is shown in Table II-2.7. From

this set, 83 signatures were selected for training; these signatures were distributed as

shown in Table II-2.8.

Table II-2.7. Distribution of Signatures for Module 11

Type of Signature Number of Signatures

NS 1316

DS 187

NFS 183

Table II-2.8. Distribution of Training Signatures for Module II

Type of Signature Number of Signatures

NS 45

DS 16

NFS 22

Results

The network was trained for 22,000 iterations until the error was reduced to

0.01, During training, the learning rate was reduced from 12.8 to 0.05. The training

set was chosen to reflect typical cases of each class, but it became very important to

include boundary cases to improve performance.
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Classification results for this module are very accurate, the confusion matrix

is shown in Table II-2.9. The network was able to classify correctly all the normal

signatures fi"om intermittent (I) and clamped (AL) modes, although these signatures

have in some cases poorly defined peaks in the regions of interest. The three

misclassified NS signatures were boundary cases. For these signatures, the activation

of the neuron corresponding to the NS class was approximately 0.4, and the activation

of the corresponding neuron for the DS class was 0.6.

From the simulated data, there were also a few misclassified cases. Figure II-

2.14 shows a boundary case between normal and degraded springs ( classes NS and

DS), and Figure II-2.15 illustrates a case of transition between classes DS and NFS.

As becomes apparent firom the graphs; the transition is very subtle.

Table II-2.9. Confusion Matrix for Data in Module II

Result

R. Class

NS DS NFS #Test

Patterns

% Mis

classified

NS ~ 3 0 1272 0.2 %

DS 5 — 10 171 8.7 %

NFS 0 1 — 161 0.6 %

MODULE III: DISCRIMINATION OF NORMAL SPECTRA

This part of the study deals exclusively with data representing normal behavior

of the internals. This behavior includes modes of free swinging of the core barrel and

modes where contacts occur between the barrel and reactor vessel. There are four
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normal vibration modes, the objective was to design a methodology for identifying

the four states from parameters extracted from the spectra. The vibration modes,

according to reference [71,72], may de described as follows:

• A mode of totally free swing (Class L), where a single peak appears at 8.0

Hz. on the NPSD. Figure II-2.16 illustrates this kind of behavior.

• A mode of quasi-free swing (Class LC), where the 8.0 Hz. peak appears

as does a peak of very small amplitude at around 10.0 Hz. (See Figure II-
2.17). The small peak indicates light contacts between the internals and the

vessel.

• A mode of vibration where two modes co-exist: a clamped mode of

permanent contacts and a free mode (Figure II-2.18). This mode is denoted
AL and signatures representatives of this mode have two distinctive peaks, one

at 8.0 Hz. and the second at 10.0 Hz.

• A mode of intermittent contacts (I), with no significant peaks between 8.0

Hz. and 14.0 Hz. An example of this mode is shown in Figure II-2.19.

The first two categories, L and LC, represent states of "no significant contact

with the vessel" [76], and in this study are considered a single class. Modes I and AL

represent states where significant contacts occur and must be monitored closely.

These contacts are caused by the motion of the internals during normal operations,

and occur at the bottom of the vessel between the radial keys of the core barrel and

corresponding supports in the pressure vessel. The clearance between the radial keys

and the supports is very small, around 0.5 mm., but the impacts have a hammering

effect on the structure which may produce wear of the contact surfaces, and increases

the risk of structural fatigue. Figure II-2.20 shows the points of junction between the

barrel and the vessel and the zone where the contacts occur.
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These contacts generally appear after refuelling, when the structure is taken

apart, serviced, and reassembled. Contacts tend to become less frequent as the fuel

cycle progresses due to the repositioning of the internals caused by primary coolant

jets and to reaction forces exerted by the reactor vessel [72]. However, the fact that

the frequency of contacts diminishes as the units age, seems to indicate that the

clearance between the radial keys and supports may be increasing.

System Description

A total of sixteen descriptors were chosen to perform the discrimination. All

of these parameters are related to bands 13 and 14 (see Tables II-2.10 and II-2.11)

of the signatures.

Table II-2.10. Discrimination Parameters Related to Band 13 Used for Module III

Variable Description

Psd_Max_l3 Amplitude of the 8.0 Hz. Peak

Height_13 Height of the 8.0 Hz. Peak

Energy_13 Energy of the 8.0 Hz. Peak

RMS_13 RMS Value of Band 13

The extraction program checks for the largest peak in the interval (7.75, 8.3

Hz), because in a few cases, the 8.0 Hz peak is slightly displaced in either direction.

From Band 14, the parameters listed in Table II-2.11 are used for discrimination:
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Table 11-2.11. Discrimination Parameters Related to Band 14 Used for Module III

Variable Description

Psd_Max_l4 Amplitude of Most Powerful Peak in Band

Height_14 Height of Most Powerful Peak in Band

Energy_14 Energy of the Most Powerful in Band

RMS_14 RMS Value of Band

The last set of parameters is presented in Table II-2.12. The slopes are a key

factor in the discrimination because they characterize the shape of the signature in

the band where the contacts appear. In some cases the height of a peak that appears

in the band is so small that it is not registered by the peak-detection program; and

in other cases, the peak is defined by a point of inflexion and not an increase in

amplitude. In both these situations, peaks in the region, essential for the detection

of certain states such as Free with Light Contacts or Clamped , will be unaccounted

for in the analysis. Of special interest is the peak in the close vicinity of 10.0 Hz. A

small peak at 10.0 Hz. generally describes a Free-with-Light-Contacts state where

there are light contacts between the core barrel and the vessel. Larger peaks at this

firequency are linked to clamped states of contacts and are essential for discriminating

these modes with other modes (such as intermittent contacts).

The sixteen descriptors form a feature vector which is used as the input vector

for the classifier neural network. The desired output of the network is another vector

which represents the mode of vibration of the core barrel according to the scheme

defined in Table II-2.13.
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Table 11-2.12. Other Discrimmation Parameters, Module III

Variable Description

Diff Difference of Most Powerful Peaks in Bands 13 and 14

PR_13 Relative Power of Band 13

PR_14 Relative Power of Band 14

Ratio Ratio of RMS Values in Band 13 and 14

Slope of Line Joining Amplitudes in 9.0 and 11.0 Hz.

m_ll_12.5 Slope of Line Joining Amplitudes in 11.0 and 12.5 Hz.

m_12_14 Slope of Line Joining Amplitudes in 12.0 and 14.0 Hz.

m_12_12.5 Slope of Line Joining Amplitudes in 12.0 and 12.5 Hz.

Table II-2.13. Codes Used in Classification*, Module III

Code Vibration Mode

(1.0 0.0 0.0) Free (F)

(0.0 1.0 0.0) Intermittent (I)

(0.0 0.0 1.0) Clamped (AL)

Data Set

A total of 1263 signatures from ex-core neutron noise detectors were

considered for the analysis. The set concerns data from 28 different plants during 93

fuel cycles beginning in 1980. The data are distributed as shown in Table 11-2.14.
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Table II-2.14. Data Set for Module III

Number of Signatures Vibration Mode

1070 Free (F)

82 Intermittent (I)

111 Clamped (AL)

From the set of 1263 signatures, 102 signatures were selected for training. The

training signatures were representative of the four modes of core vibration, and were

not selected at random but rather chosen from the set because they represented

"typical" cases. The signatures were distributed as shown in Table II-2.15.

Table II-2.15. Training Set for Module III

Number of Signatures Vibration Mode

57 Free (F)

20 Intermittent (I)

25 Clamped (AL)

Results

The classifier network was trained for 25,000 iterations using the standard

implementation of the backpropagation algorithm. During training, the learning rate

was decreased progressively fi'om 1.6 to 0.05, the RMS error was reduced to 0.08 and

the maximum error generated by a single pattern was 0.2. Additional training and/or

subsequent adjustments of the learning rate did not improve performance. The

network was tested on the entire data set of signatures. Performance was evaluated
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using the following criteria: A pattern representing mode i is considered correctly

classified if: a) The activation of the output neuron i (corresponding to class i) is the

largest, and b) if the ratio of the activation of neuron i and the largest activation is

greater than 0.5. Using this criteria, a total of 1241 signatures were classified

correctly (98.4%). From the correctly classified signatures, only three were classified

using part b of the criteria for evaluation.

Three signatures --3009, 3173 and 3259- representing fi-ee-swinging mode of

the internals were classified incorrectly. For these signatures the activation of the

neuron corresponding to class "L" was low (less than 0.2). One signature (2087)

representing mode "T was classified as "L", and one "AL" signature (2562) was also

classified as "L". Plots of these signatures are included in Figures II-2.21 to II-2.25.

The remaining cases were classified differently by the system and the expert.

Visual examination revealed strong similarities with signatures representatives of

different classes. The discussion that follows is based on these "justifiable" cases.

Figure II-2.26 and II-2.27 refer to a group of 4 signatures calculated from different

sensors on the same reactor. The expert classified three of these signatures as "I"

and one as "L". The network classified correctly the "L" signature (3898) and two of

the "I" signatures (3914, 3929) and the remaining case was classified as "L" indicating

that signature 3922 resembles more the normal exemplar than those representing

intermittent contacts. Figure II-2.26 has a plot of the misclassified signature (3922)

with the normal signature (3898), Figure II-2.27 displays Signature 3922 with one of
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Figure 11-2.22. Incorrectly Classified Free Signature (Number 3173). The low
amplitude of the FSCB peak is probably the cause of misclassification.
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Figure 11-2.24. Intermittent Signature Incorrectly Classified as Free (Number 2087)
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the "I" cases (3914). The case represents an intermediate state where a definite

discrimination cannot be made.

Figure II-2.28 corresponds to signatures 3786, 8790 which are also examples

of intermediate cases. These two signatures are classified as "AL" by the expert and

as "I" by the neural network. The irregular shape of the spectra is probably the cause

for the error. Signatures representing intermittent contacts tend to be irregular, with

many peaks at different fi"equencies and small peaks at 8.0 Hz. Similar situations

were observed for Signatures 2065 (Figure II-2.29) and 2077-2078 (Figures II-2.30 and

II-2.31).

Another set of interesting cases was formed by signatures from the same

reactor and measurement point which were collected one or two months apart and

represented different modes of internals vibration. The set (2271,2272)-(2273,2274)

in Figures II-2.32 and II-2.33 represents a transition from an "I" state to "AL". As

may be observed fi-om the graph the shape of the spectra are very similar, all of the

signatures were classified by the network as "AL" although the activation of the "I"

neuron for the intermittent cases is higher than for the clamped cases. Similar cases

are presented in Figures II-2.34 and II-2.35 for signatures representing transitions

fi-om "L" to "AL" and Figures II-2.36 and II-2-37 for a transition from "I" to "AL".

Another transition is presented in Figures II-2.38 and II-2.39, in this case the mode

of vibration evolves from a free mode to a mode with intermittent contacts.

The last two cases correspond to signatures representing free mode which

were classified as "AL". The first signature is 2203 (Figure II-2.40). For this case.
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the peak at 8.0 Hz. is not as high as for most of the "L" signatures and it has a

well-defined peak at 12.5 Hz; note that the matching signature (2204) -also in the

graph " has not been misclassified by the system. The situation reoccurs for the pair

3205-3204; for this pair signature 3205 (which also depicts a low 8.0 Hz. amplitude

and peak at 12.5) is classified as clamped and the matching signature is correctly

classified as fi-ee.

The confusion matrix for the results described is presented in Table II-2.16.

To calculate the statistics presented on the table, all cases classified differently by the

network and the expert were considered misclassified.

Table II-2.16. Confusion Matrix for Module III

Result

R. Class

Free (F) Intermittent

a)

Clamped (AL) #Test

Patterns

% Mis

classified

Free (F) — 3 6 1013 0.8%

Intermittent (I) 2 - 4 62 9.67 %

Clamped (AL) 1 3 ~ 86 4.65 %

In general, 1243 of the 1263 signatures (98.4%) were classified correctly by the

neural network and 15 signatures(1.2%) were classified differently by the expert and

the neural network; these cases, which we call "justifiable," present features which are

usually associated with classes other than the one assigned by the expert, or represent

a transition from one mode of internal vibrations to another. Finally, 5 cases were

classified incorrectly.
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Other Results

An effort was made to integrate Modules II and III of the system into a single

module. The system considered twenty four parameters for the discrimination,

essentially all of the parameters in the two modules combined. The results were

poor, around 83 % correct classification, when compared to the performance of the

discrimination in two stages. These results appear to validate the general belief that

when neural networks are used for parametric classification, it is best to consider a

modular design. Generally, the performance of the neural network may be improved

by breaking the problem into stages, and having different simple neural networks

solve different parts of the problem.

DISCUSSION

A technique based on neural networks is proposed for the classification of

neutron-noise signatures representing the state of internals vibration in pressurized

water reactors. The classifier networks are trained using the standard

backpropagation algorithm to discriminate among the different modes of vibration

exhibited by PWR's, and to identify states where degradation of mechanical

components have occurred. For the discrimination, features are extracted fî om

normalized power spectral densities which describe the different modes of vibration.

Among these features: the energy, amplitude and height of relevant peaks in the

spectra, and slopes which describe the shape of the signatures in critical regions.

170



The discrimination system processes the data in three phases. In the first

stage, signatures from functional power detectors are separated fi'om signatures fi"om

improperly calibrated or out-of-order detectors: The second module is used to detect

degradation of the hold-down spring, and the third module to classify signatures

according to the mode of vibration of the reactor. The system configuration is not

unique since in practice, the processing of modules II and III is independent and that

order could have been interchanged.

The networks were trained using only 8% of the data made available for the

study, and were collectively able to discriminate correctly over 98% of the signatures.

Some interesting cases had been identified in which the classification provided by the

expert and the network differ but may be justified, and in a few cases, the class label

provided by the network is not correct. Data from 28 different reactors at different

stages of the fuel cycle was used to test the system.

The results demonstrate the ability of neural networks with very simple

topologies to perform the classification of ex-core neutron spectra, and indicate that

the criterion for selecting hidden layer size proposed by Kung and Hwang [35] works

very well for this type of problems. In addition, the improvement in accuracy gained

by modularizing the problem confirms the general belief that having several neural

networks solving separate parts of a problem is more useful than a large neural

network handling all aspects of the classification.

The parameters selected for the classification are good descriptors of the

bands and peaks in the signature. The slopes are very helpful in describing specific
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regions in detail, since there are cases were the peaks are very small and are not

registered by the software. Other parameters such as ratios and relative powers are

useful in describing the relationship between the contents of different bands.

The problem of identifying signatures from out-of-order sensors is particularly

difficult because not only are the shapes very distinct among the signatures, but also

differ greatly from typical cases. Also, in the region of the spectrum which provides

information about the sensor background (Band 17) the amplitude levels may be

similar to those for normal signatures. These peculiarities make it difficult to define

descriptors which represent the class in a general manner and therefore to train a

neural system to identify the cases.

It is necessary for the identification of improperly calibrated or out-of-order

sensors, to compare test signatures with a reference spectrum, and to use the

discrepancy as a basis for decision making. The reference spectrum may be

generated using neural networks trained with data from the sensor where the test

data were collected, or from other sensors mounted on the structure which are able

to detect the same vibration.

After examining the data provided for this project, it is apparent that the

shapes of spectra collected from neighboring measuring points of the same reactor

at the same date are very similar. From the theoretical standpoint, comparisons

between sensors which are 180 degrees apart is very meaningful because the

coherence function is very high for those sensors in the regions of interest. Even for

sensors which are only 90 degrees apart, the discrepancy introduced by a bad sensor
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can be easily perceived because the shapes of the two curves are radically different.

In the following section a methodology is proposed for modelling the relationship

among sensors in the structure, with this technique it is possible to detect large

deviations from typical sensor outputs, making it simple to detect out-of-order

detectors.
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CHAPTERS

MONITORING SYSTEM

The main objectives of the vibration monitoring efforts in PWR's is the

detection of contacts between the core barrel and the reactor vessel, and the

malfunctioning of components in the structure. In this section, a neural-networks

based technique is proposed for the monitoring of reactors internals which relies on

a model of the relationship among ex-core detectors, during modes of no significant

contacts. The trained neural network is able to make predictions of this behavior,

and allows dependable automatic identification of deviations.

The system described is based on the ideas presented in Chapter 1-2 of this

dissertation adapted to the realm of reactor internals monitoring. To implement the

model, a neural network is trained to mimic the relationship between two sensors in

the structure. The input to the network is spectra fi-om one detectors, and its output

spectra from a detector located at an angle of 180 deg. Opposite ion chambers are

chosen for the modelling because these detectors usually exhibit high coherences in

the bands of interest as it refers to contact detection and hold-down spring

degradation.

Deviations from contact free modes are identifiable by comparing the

prediction of the modelling network with the spectra calculated from the actual
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outputs of the detectors. The deviations may be quantified, and because of the

known relationships between regions in the spectrum and components in the structure

(see Table II-l.l), can be related to particular sources of excitation.

There are two important differences between the system described in this

section and the system for monitoring of rotating machinery presented in Chapter 1-2,

Part I. First, the neutron noise process is stationary; since the process does not vary

with time, only data from only one time fi"ame is considered for input to the

modelling network. Secondly, because the spectrum may be divided into bands that

relate to particular components in the structure, the prediction for each band is made

based on the information contained within a range of the spectrum containing the

band. For example, when making a prediction of the spectrum on one detector, the

prediction corresponding to Band a of that detector is assemble firom information

contained on Band a (and a neighboring region) of the spectrum of the opposite

detector. This approach limits the effect of localized increases within the spectrum,

and is valid and very desirable since the information contained in each band may be

considered independent of that of other bands.

SYSTEM DESCRIPTION

To implement the system, the multiple network architecture of Figure II-3.1

was used, information regarding the configuration of the networks is presented in

Table 11-3,1. Each network models the relationship of a particular region of the

spectrum according to the schema defined in Table II-3.1.
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spectra from Detector 2

0.0 to 5.0 5.0 to 10.0 10.0 to 14.0 14.0 to 24.0 Hz.

A

A

A

A

A

A

A

A

0.0 to 5.0 5.0 to 10.0 10.0 to 14.0 14.0 to 24.0 Hz.

Spectra from Detector 1

Figure 11-3.1. Multi-Network System for Internal Vibration Monitoring
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The networks are trained individually, and the results are assemble by

collecting the contributions of each network. The modelling includes only 192

frequencies of the spectrum (0.125 to 24.0 Hz.), because beyond that range, only

information regarding sensor background information and internals complex mode

can be extracted, none of which is the topic of this study.

Table II-3.1. Topology of Multiple Network System

Network

No.

Input
Units

Hidden

Units

Output
Units

Frequency
Range

Information

1 40 10 40 0.0 to 5.0 Hz. Band 10, 11

2 40 10 40 5.0 to 10.0 Hz. Band 12, 13

3 32 10 32 10.0 to 14.0 Hz. Band 14

4 80 20 80 14.0 to 24.0 Hz. Band 15, 16

RESULTS

A subset of 40 of the spectral signatures described in Chapter II-2 was used

for training and testing the system. Pairs of signatures were chosen which

corresponded to opposite chambers (180 deg. apart) on the same reactor. All

signatures are recorded with identical equipment, with a four minute delay from

chambers 1 and 2 of the reactors, see Figure II-3.2.

The signatures represented the four types of normal vibratory behavior of the

structure. Ten pairs of signatures identified as contact-free mode were used for

training, and the entire set used for recall. In order to process the data using
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Figure n-3.2. Location of Ex-Core Detectors in PWR's
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multiple networks, the signatures were disassembled into frequency ranges as

described in Table II-3.1. After processing, the signatures are reassemble to their

original form.

All networks were trained individually until the maximum error for each

pattern was reduced to 0.01. On the average, networks were trained for 25,000

iterations using the standard Backpropagation algorithm. Different configurations for

hidden layers were used, but none render better results. In general smaller hidden

layers tend to increase the error, and hidden layers with more units produce

comparable results while increasing computational cost.

After recall, the descriptors defined in Chapter 1-2, were used to measure the

discrepancy between the predicted signatures generated by the networks and the

spectra calculated from the detector. The cross-sensor descriptor (Equation 1-2.7)

is a degradation indicator obtained by taking the square root of the squared

differences at each frequency. This descriptor is useful for measuring deviations fi'om

contact-free mode.

Table II-3.2 presents the value of this descriptor for 14 of the signatures used

for testing. As can be observed clearly, the descriptors for spectra representing

modes of significant contacts (AL and I) are much higher in the range corresponding

to Band 14 which provides information about contacts than cases with no contact or

light contacts. Even in cases where there is light contacts (LC) between the core

barrel and the vessel. Signature 3 for example, the value of the descriptor shows a

significant increase.
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Plots of the predictions of the networks versus the actual spectra calculated

from the sensors for a few cases are included in Figures II-3.3 to II-3.14. The lower

figure accompanying each case, represents the per-frequency descriptor also defined

in Chapter 1-2. This descriptor gathers the difference at individual fi-equencies, and

it is very helpful for identifying those frequencies in the spectra where significant

changes have occurred. This local deviations, may be map using the information in

Table II-l.l to the behavior of particular components of the internals.

Generally, the agreement between the spectra and the predictions is significant

for cases of no contacts (L), see for example Figures II-3.3 and II-3.5. For this cases

the descriptors are very low (less than 0.1). For cases of Free mode signatures with

light contacts (LC), an increase in the second descriptor (contains information about

Band 14 and therefore presence of contacts) is observable, see for example Figure

II-3.7. The last category of cases corresponds to signatures with significant contacts.

These signatures represent clamped mode as well as intermittent modes. As can be

seen in Figures II-3.9, II-3.11, II-3.13 and II-3.15, these signatures deviate drastically

fi-om contact-fi-ee mode, as reflected by the high values of the descriptors

DISCUSSION

A methodology has been presented for the monitoring of reactor internals in

pressurized water reactors. The technique uses multiple neural networks to model

the relationship between opposite ion chambers in the core during modes of no

contact. The prediction of the model is later compared to the spectra calculated
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Table II-3.2. Descriptors for Monitoring System
* Training pattern

Pattern Vib. Mode Descriptor 1
0.0 - 5.0 Hz.

Bands 10,11

Descriptor 2 Descriptor 3 Descriptor 4
5.0 -10.0 Hz.

Bands 12, 13

10.0 - 14.0 Hz.

Band 14

14.0 - 24.0 Hz.

Bands 15, 16

1* (L) 0.038919 0.035865 0.016985 0.006543

2 (L) 0.035223 0.036208 0.025192 0.008223

3 (LC) 0.090374 0.116983 0.012993 0.025027

4 (L) 0.081317 0.122492 0.032078 0.110391

7 (I) 0.075166 0.454292 0.035938 0.035191

11 0) 0.075572 0.274751 0.053619 0.022575

12 (AL) 0.087952 0338358 0.041574 0.070872

27 a) 0.148668 0.765937 0.165464 0.031474

28 0) 0.054361 0.425489 0.089701 0.045752

29 (I) 0.168882 0.72191 0.179135 0.020893

35 (AL) 0.207608 0.827043 0.0127639 0.06808

36 (AL) 0.222705 0.71676 0.088298 0.06358

37 (AL) 0.122434 0354622 0.075354 0.036335

38 (AL) 0.265654 0.91016 0.143979 0.05135

39 (F) 0.038001 0.037055 0.016724 0.027448

from the detector signal, and deviations are identified. Generally, large deviations

from the prediction indicates the appearance of contacts.

The system includes four neural networks modelling bands of the spectrum

separately. The division of the spectrum into meaningful regions makes it possible to

prevent local increases in individual bands fi"om affecting the amplitudes of other

bands which may not be related from a physics standpoint. The spectrum was

divided into 4 regions, and frequencies beyond 24.0 Hz were not considered in the
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analysis because it contains information about complex modes of the internals and

the sensor background noise, none of which is the topic of this study.

Under this study, the technique has been used to detect significant contacts

(clamped and intermittent modes) between the core barrel and the reactor vessel.

Two descriptors have been defined which are very useful for the quantification of

deviation from contact-free mode, and for the identification of the regions of the

spectrum where amplitudes have changed. Since there is a established relationship

between bands in the spectrum and components in the internal, the technique makes

it possible to identify clearly where and by how much the amplitudes have changed.

The relevance of this method is that it permits the definition of parameters which can

be used directly for automated monitoring of contacts in the structure. Electricite de

France hopes to automate the entire process of monitoring of mechanical and

structural vibration in a workstation to be installed in each of its operating plants.

Another process that could be automated with this technique is the detection

of improperly calibrated or out-of-other sensors discussed in Chapter II-2. Because

invalid signatures have amplitudes and shapes which are not consistent with the shape

of normal signatures, these differences would appear as high numbers in ALL

descriptors, since they gather the square of the differences at each frequency.
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CONCLUSIONS AND RECOMMENDATIONS

A methodology is presented for the analysis of vibration data based on the

technology of neural networks. The anticipated advantage of developing a system

built upon these principles is the possibility of automating the monitoring and

diagnostic process for vibrating components, and developing diagnostic and fault-

detection systems which complement traditional PSD analysis.

In this dissertation, the problem of vibration has been studied as it applies to

rotating machinery and reactor internals. Neural network systems have been

developed for the monitoring and identification of the operational state of these

systems, and the methodology has been tested on data from operating power plants.

The results are very accurate.

For mechanical systems, a technique is described for the monitoring of rotating

machinery vibration. A neural network has been trained to mimic the relationship

among sensors in a machine during normal operating conditions, and to produce the

spectrum of data from one sensor using as input the spectrum of data from another

sensor on the machine. Deviations from normal behavior can be detected by

comparing the predictions of the network and the actual values of the sensors. Two

new descriptors have been defined for quantifying the deviation, and for isolating the

vibration amplitude changes.
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To address the problem of identifying operational state of rotating machinery,

a system was developed for discrimination of spectral signatures from rolling element

bearings. The system includes a module for classification of signatures and a module

for clustering. The classification module uses backpropagation networks to

discriminate among different states, the inputs to this module are reduced versions

of the spectra which had been compressed using recirculation networks. Both low

fi'equency and high fi-equency information is included, to enable the system to detect

incipient faults as well as severe defects of the bearings. The systems were tested

using data collected during a simulated test of aging conducted by EDF.

The recirculation networks are critical for improving the performance of the

system because they perform automatic feature extraction on the spectra. Also, by

reducing the dimension of the input vectors, the training time is reduced by a factor

of 10. Additional analysis was done on the ability of recirculation networks to

perform noise removal, test sets were generated by adding noise to the signatures,

and the effect of perturbing the spectra was measured after processing the disturbed

signatures with the compression networks. On the average, 1 % of added noise

produces only a 0.15 % perturbation on the spectra.

The clustering module uses a modified version of the Fuzzy-C algorithm

adapted to the realm of vibration analysis; a new distance measure is introduced

using a matrix of weights. The matrix contains numbers which reflect the level of

importance of each frequency in the spectrum, so that information in the spectrum

may be considered according to its relevance from the theoretical standpoint.
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In the realm of vibration of reactor internals, a monitoring system based on

the modelling described for vibration of rotating machinery was implemented. In this

case, the input to the system is spectra from data of an ex-core detector on the

structure, and the output, spectra from data collected on the opposite ion chamber

(180 deg. apart). Using this modelling and the descriptors defined, deviations from

normal behavior become readily visible, and using the known associations between

regions in the spectrum and components in the structure, it is simple to relate the

behavior to a source of excitation.

The classification module for the discrimination of ex-core neutron detectors,

uses the noise portion of the signal, and more specifically parameters calculated from

its spectrum, to differentiate among the different modes of normal behavior. The

system was also enhanced with the capability of detecting malfunctioning sensing

equipment, and identifying failure of the hold-down spring.

The system was tested with a large set of data provided by EDF. The data

on which the discrimination system for normal vibration modes was tested was

collected from 28 different reactors in France. The data was collected over 93 fuel

cycles and included around 1600 spectra. Since no cases of hold-down spring

degradation or malfunctioning have been registered in French PWR's, the module for

the detection of spring degradation, was tested with simulated data generated by

EDF. The results of the testing were over 98 % accurate.

This results demonstrate the ability of neural networks with very simple

topologies to perform complex classification and modelling tasks. It was also

192



confirmed that the criterion proposed by Kung and Hwang [35] works very well for

this kind of problems, and that significant improvements in accuracy may be gained

by breaking a large problem into a series of smaller tasks.

Finally, we would like to offer some suggestion for the enhancement of the

techniques and systems described herein. Regarding the system for discrimination

of spectra fi"om rotating machinery, we believe it would be valuable to enhance the

system's abilities by considering the phase information. As discussed in Chapter I-l,

the phase information is necessary for the detection of certain faults, and more

importantly it is the only means for discriminating among faults that produce the

same features in the PSD. The family of faults for which the phase information is

necessary was not considered in this study, but it appears natural to continue the

work in this direction. It would also be beneficial to explore other faults, especially

fi*om larger components in rotating machinery, and try to determine which algorithms

and topologies of neural networks work better for more complex versions of the

problem.

In the area of vibration of the reactor internals, we consider that a lot of

information can be extracted fi"om the activations of the neurons in the output level

of the system. One of the most interesting realizations encountered during this part

of the work was that for intermediate or transition cases, the network outputs always

reflected the transition through high activations in the neurons representing the

classes involved. This indication is the result of selecting typical cases of each class

for training, and of the scheme chosen to represent the output activations (ie. the
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output neuron corresponding to the class the pattern represents is set to the highest

activation and all remaining neurons to the lowest).

It seems fitting to enhance the capabilities of the system with a feature capable

of interpreting the activations of the output neurons, so this information can be

displayed in a natural manner to the user. We feel that such system is simple to

implement using reasoning techniques such as expert systems and fuzzy inferencing,

with active expert participation.
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