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FOREWORD

NEURAL NETWORK BENCHMARK FOR SMORN-VII
ANALYSIS RESULTS: FOLLOW-UP’96

This work is a comprehensive final analysis report of the neural network benchmark
(Benchmark-95) presented at SMORN-VII. The report contains the formal analysis of both
the benchmark-data for the prescribed formal tasks and additionally some optional items placed
in the benchmark exercise for optional further analyses. Altogether, the work carried out is a
comprehensive study of the benchmark exercise using different approaches in neural network
(NN) training and performing respective evaluations of the results. Finally, the benchmark
analysis results reported by each participant are addressed, evaluated and documented in the
report.
The work as a whole establishes some guidelines for neural network implementation especially
for the applications in process system monitoring for safety and cost effective operation. In
such applications the source of information is measurement data obtained from the process or
plant sensors with random measurement errors. Therefore, the benchmark data are so prepared
that they comprise the measurements obtained from an operating actual nuclear power plant to
benefit the participants maximally as a return for their appreciable participation efforts.
The generalization capability is an important concept in the terminology of neural networks. In
this respect, in the benchmark data distributed, rinsing and stretch-out operations are
important modes for the evaluation of the neural network performance. Along this line, another
important related issue is the concept of neural network sensitivity where the sensitivity should
desirably be distributed evenly among the input-output signals. In the report, these topics are
highlighted, investigated and the results are evaluated in the form of a research work beyond
the prescribed formal analyses and foreseen tasks.
Considering this rather involved scope of Benchmark-95, the present study gives some
indications about the state-of-the-art-functionality of the neural network technology for
information processing and determines some guidelines for the effective neural network
utilization especially having the industrial process monitoring, like a power plant for instance, in
view.
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SUMMARY
A neural network (NN) benchmarks designed for condition monitoring in nuclear reactors is
described. As the neural network is a new technology arose in the last decade, its potentiality is
getting recognized only recently and its utilization is already taking place in industrial
applications. In this respect, the utilization of neural networks in nuclear reactors is also
increasing for diverse applications. Among the most beneficial utilization one can refer to cost
effective plant operation and plant monitoring and surveillance with enhanced safety which are
due to the features inherently laying in the neural structure. The former is related to total
productive maintenance including plant life extension. From the reactor noise analysis
viewpoint, neural networks can be used for stochastic signal processing and spectral estimations
as well as for processing operational information from gross plant signals. In the benchmark,
which is shortly referred to as NN Benchmark-95, the latter, that is, information using gross
plant signals from the detectors describing the operational status is considered because of both
relatively easy processing of these signals with neural network and relatively easy evaluation of
the results. The NN Benchmark-95 evaluation results have been globally disclosed at the
symposium SMORN-VII and an extended summary have been presented. In this report, in
addition to the comprehensive benchmark analysis results the benchmark data preparation is
briefly described and the relevant tasks to be carried out by the participants are given for the
completeness of the work. Also the prescribed tasks executed by the benchmark organizers are
illustrated for guidance referring to both, the present participants and later probable
embankments on the analysis of the benchmark data by prospective newcomers. This final
report at hand is a comprehensive evaluation of the benchmark tasks analysis results submitted
for formal participation and some elaboration on the optional tasks. Additionally, in the light of
these considerations a follow-up of the NN Benchmark-95 is designed for prospective
participants for the purpose of providing further insight into information processing by neural
networks for enhanced utilization of this emerging technology in the nuclear technology.
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1. INTRODUCTION
Although the neural networks, as a new information processing methodology, have appeared
only in the last decade, the rapid growth of the research in this field is quite conspicuous. The
applications almost in all engineering fields as well as in the soft sciences and other diverse
areas resulted in a new technology known as Neural Network Technology today. The more
recent growth of interest on the subject apparently to be caused by their promise to yield
solutions that traditional approaches do not yield. Neural network (NN) is loosely articulated in
the context of artificial intelligence, and therefore named as artificial neural networks, in the
literature. It is claimed that it resembles the brain in some respects. In this context neural
network can be defined as follows. A neural network is a distributed information processor
where structural information can be stored and can be made available for use in later reference.
It resembles the brain functions because the network through a learning process acquires
knowledge and the information/knowledge stored is distributed in the form of connection
weights of the network structure as brain does through synaptic weights connecting biological
neurons to each other.
From the viewpoint of nuclear technology, in particular for power plant operation, the use of
neural networks provides the following useful properties and capabilities.
1. Non-linearity. The non-linearity is the inherent property of the neural network as it stores
knowledge. By this property, the nonlinear relationships between the plant signals can easily be
modeled.
2. Pattern recognition. The most beneficial use of pattern recognition property in plant
operation is presumably due to the input-output mapping performed by the network. The
network learns from the examples by constructing an input-output mapping of the plant signals.
Once this mapping is established through the learning process, responding to multi input
excitations and observing deviations from this mapping scheme at the output of the network is a
potential tool for monitoring and surveillance. Explicitly, a neural network may be designed so
as to classify an input pattern as one of several predefined types of fault states of a power plant
and afterwards for easy recognition of such a state in critical situations. These applications have
demonstrated high performance. A more elaborated relevant application is for accident
management [1].
3. Adaptivity. By adaptivity, a neural network can operate in a non-stationary environment and
it can be used for adaptive pattern classification like normal-abnormal status decision making in
an operating plant. In particular, one can refer their ability to respond in real-time to the
changing system-state descriptions provided by continuous sensor input. For a nuclear power
plant where many sensors are used, the real-time response is a challenge to both human
operators and expert systems. In this context, the integration of a neural network with an expert
system provides neural network utilization with a substantial potentiality for fault diagnosis. In
this case, monitoring system thus formed gains the functionality of being an operating support
system as the decisions made are based on the power plant knowledge base of the expert
system.
4. Fault tolerance. In hardware form, fault tolerance of a neural network refers to the
performance of the network that it is degraded gracefully under adverse operating
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conditions. In software form, the same refers to the performance of the network where a neural
network has the ability to recognize patterns, even the information making up these patterns is
noisy or incomplete. Because of this very feature, the adaptive neural networks are highly
suited for fault diagnosis and control and risk evaluation in nuclear power plant environments.
Neural network is a generic name for a number of different constructions where artificial neural
nodes are connected among themselves. The connections are called as (synaptic) weights.
Presumably, feed-forward neural networks are the most popular types among others. Many
reported works with these types of networks indicated the recognition of neural network
technology today. Although the reported outcomes showed the desire for effective utilization
and exploitation of the potentiality of this technology, globally, there is no consensus about the
exact form of forming the network structure and the training procedures. In other words, for the
same data and network type, there are many different choices for forming the network structure
as well as for its training with different input parameters apart from a number of different
choices of input data reduction and/or preparation. Therefore the comparison of different
approaches would be very informative to get insight into understanding the nature of differences
among the various neural networks’ performances and establish some general rules to be
observed for enhanced utilization of neural networks.
From the above described viewpoint it was decided to establish a benchmark exercise for
investigation of potential utilization of neural networks in condition monitoring in power plants
and try to establish some basic common understanding for the application of this emerging
technology. By means of this some standard rules of utilization or recommendations could be
concluded and everyone working actively in this field could benefit. Hence, it is anticipated that
the exercise would reveal or shade some light on the applicability of neural network technology
in nuclear industry for monitoring.
To this end, a set of real plant data for condition monitoring exercise from the plant sensory
signals is prepared having in mind that the condition monitoring is the common feature of all
modern maintenance technologies and in this respect the data at hand would be of general
concern. The data were distributed to the participants by OECD-NEA to carry out the tasks of
the benchmark exercise and reporting as feedback. They are asked to report their results in a
prescribed form for precise comparisons among the reported results. This would also provide
the benchmark organizers with the possibility of reproducibility of reported results for the
purpose of probable detailed studies.
With reference to the scope of SMORN VII, neural networks formed a new technology that can
be closely associated with the reactor noise analysis studies and the associated technologies.
Because of this newly emerging feature and concerning their actual utilization in industry,
neural networks are not widely known to the community of SMORN. Therefore to disseminate
the benchmark results effectively and benefit the community from this comprehensive work and,
at the same time, to encourage the prospective new participation in a similar benchmark
framework, some associated essential information in a limited form will be presented. For that
purpose, in the following section some basics of neural networks will be given. This will
provide a brief information about the field in order to benefit those who are not directly
interested in neural networks or did not participate in the present benchmark, i.e., NN
Benchmark-95, but they are interested in the benchmark results as well as
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in getting to know about the neural networks and their utilization for power plant monitoring.
As the field of neural networks is immense, even such a brief description of basics would be
quite voluminous and would be out of the scope of this report. Therefore, in this description
especially reference is made to the reported results from the participants. Next to the feedforward neural networks, the description will especially highlight the topics dealt with in the
participants’ reports as well as dealt with in this formal analysis report of the benchmark at
hand. This might be of help to assist the reader for better comprehension of the participants’
reports as well as the results evaluated and conclusions reported here. The latter includes also
recommendations in the form of proposals for a follow-up of the NN Benchmark-95.
The organization of this report is as follows:
The report preliminarily introduces neural network as a tool for information processing having
the benchmark data analysis and the related tasks in view. In this respect, Section 2 deals with
neural networks. The first subsection of chapter 2, deals with the essentials of the well-known
standard feed-forward multi-layer feed-forward (MLP) neural networks. Following this, the
close associate of the MLP is the radial-basis function networks (RBF) is outlined. MLP and
RBF networks have the same neural structure and they can be used at the same applications as
efficient function approximators. Although their structures are the same, their training and
operation differ considering further details and merits. In connection with the training of RBF
networks, the self-organizing neural networks are briefly introduced and this concludes the
essentials of the neural network structures of interest in this work. The second subsection deals
with the learning algorithms being associated with the neural networks considered in the
preceding subsection. Basically, the learning algorithms that are alternatively termed as training
algorithms play important role on the performance of the associated network. This is simply
due to fact that the learning process is used to carry out the storage of in advance acquired and
processed information at hand in to the neural network. The knowledge acquisition capacity of
the network is, therefore, mainly dependent on this process as well as its inherent neural
structure. In view of this importance, appropriate learning methods and the related algorithms
for the analysis of the benchmark data are briefly described. Preliminarily this description is
divided into two major groups. In the first group, supervised learning algorithms and initially,
the back-propagation (BP) algorithm is outlined, since this is perhaps the most popular
algorithm due to as it is relatively much easier to follow and implement. Following the BP
algorithm, in the same group, nonlinear unconstrained parameter optimization methods are
outlined. Among these, conjugate-gradient, quasi Newton methods are the most appropriates
ones for the intended tasks in this benchmark exercise. With reference to these algorithms, the
BP algorithm is essentially also a nonlinear algorithm and similar to the one known as steepestdescent. However, due to the approximate-gradient involvement during the convergence
process, it becomes a stochastic approximation in the optimization process. Considering this
form, another advanced stochastic approximation methods are the recursive-least-squares
(RLS) and Kalman filtering approaches for supervised learning. Both methods and the related
algorithms have concluded that subsection. In the second group of learning, an unsupervised
learning algorithm is considered. Although there are a number of such algorithms, from the
benchmark goals viewpoint, the algorithm subject to consideration is the Khonen’s selforganizing-feature-map (SOFM) algorithm due to its suitability for use in RBF network
training. In the RBF training, the self-organizing algorithm constitutes one of the four
alternative training algorithms in use.
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The last subsection of Section 2 considers the sensitivity in neural networks. Although,
sensitivity is well-defined concept for engineering systems, the definition does not have
immediate physical interpretation in the case of neural network systems, as a neural network is
a computational model developed without having recourse to a physical or other actual model.
However, in this very context, sensitivity attribution has very deep implications and therefore an
appropriate interpretation would help greatly for enhanced and effective utilization of neural
networks. In this subsection these issues are addressed.
In Section 3, the analysis of the benchmark results reported is presented. Nine participantreports are analyzed and assessed in perspective. Some major issues are highlighted and some
immediate explanatory statements are included.
In Section 4, further analyses results with the benchmark data are presented. The motivation is
the demonstration of the previous information given about neural networks and their enhanced
and effective use. These analyses are primarily directed to those by whom, the basics of such
utilization for power plant monitoring and fault detection having been satisfactorily
comprehended, they wish to continue along with the neural network technology. Together with
the analyses results, the relevant peculiarities of the data are consistently explained and
interesting features of power plant monitoring with neural networks are pointed out.
In Section 5, a follow-up of the existing benchmark exercise prepared for SMORN-VII is
considered and some follow-up schemes are proposed. These proposals aim to the furtherance
of the application of neural network technology to power plant operation for plant safety and
cost effective operation. To achieve these goals reactor noise studies should desirably be
associated with the neural network technology or vice versa. In this context, among others, a
proposal is also devised for stochastic signal processing by neural networks where dynamic
signal modeling and analysis by neural networks rather than model validation by gross plant
signals, is considered. Presumably, such utilization would be of most concern to the community
interested in reactor noise.
In the last section (Section 6) the conclusions drawn from the analysis are presented and thereby
the comprehensive final evaluation report of the benchmark is thus concluded.
The report is appended with the NN Benchmark-95 extended summary report, formal
benchmark questionnaire and the participants’ submissions for the sake of completeness of this
work which can eventually be considered as a complete documentation of the present
benchmark execution.
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2. NEURAL NETWORKS
2.1. Network Structures
Feed-Forward Multi-layer Perceptron Neural Networks
Neural network is a data processing system consisting of a number of simple, highly
interconnected processing elements in a input/output architecture. Since a processing element
models a biological neuron, it is also called neuron in this context. A neural network is generally
structured with a set of a prescribed number of elementary processing units arranged in several
layers. Following an input layer which serves merely for data introduction, at the first neuronal
layer that is called first hidden layer, each neuron receives at its inputs, from external
information sources. At the subsequent layers that are called subsequent hidden layers, each
neuron receives at its inputs the outputs of the preceding layer through weighted connections
that are called synaptic weights. In particular, the last neuronal layer is called output layer. The
very first layer that is, input layer where no neuron exists, external information is coupled to the
network. Each hidden layer receives the information provided by the immediate lower level
neurons and sends the processed information directly to the upper layer. The output-layer
delivers the final processed information for use in the intended application.
Each processing element is connected to the preceding layer by means of weights as the
information incoming to the element are weighted and summed in the processing element
together with a weighted constant bias called threshold. The nonlinear multi-input and singleoutput transfer function at the processing element is called activation or logistic function and
there are several choices for it. The mostly used function is a sigmoid function that is
represented by
1
yj(n) =       
- ∞ < vj(n) < ∞
1 + exp(-vj(n))
with the definition of
p
vj(n) = Σ wji(n) yj(n) + ϑj
i=1
Above, n is the iteration number (i.e., presentation of the n-th training pattern); j, index number
for a neuron; p, is the total number of inputs applied to neuron j; wji is the synaptic weight
connecting neuron i to neuron j; yi(n) is the input signal of neuron j or in other terms, the
function signal appearing at the output of neuron i; ϑ, is externally applied constant input called
threshold. Another type of sigmoidal non-linearity is the hyperbolic tangent, which is antisymmetric with respect to the origin and for which the amplitude of the output lies inside the
range -1≤ yi ≤ +1.
This final configuration, i.e., a processing element with its synaptic weights and the threshold
and a coupled activation function is called perceptron. This very structure in progressive form
provides the structure known as multi layer perceptron (MLP) network. Here the input signal
propagates through the network in a forward direction, on a layer-by-layer basis. The most
popular form of MLP network is feed-forward neural network. A typical feed-forward neural
network structure and a neural processing element are schematically shown in Fig.1.
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Fig.1. Schematic representation of a feed-forward neural network

Radial-Basis Function Networks
Another neural network structure similar to the feed-forward neural networks is the RadialBasis Function Networks. The construction of a radial-basis function (RBF) network in its most
basic form comprises three entirely different layers. The input layer that is made up of sensory
source nodes. The second layer is a hidden layer of radial base functions. The output layer that
gives the mapping of the input pattern. The transformation from the input space to the hiddenunit space is nonlinear, whereas the transformation from the hidden-unit space to the output
space is linear. Architecture of a RBF network is shown in Fig.2.
outputs
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Hidden
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ΦΜ

Input
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Fig.2: Architecture of a radial-basis function network
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Radial-basis function network and the multi-layer perceptrons are examples of nonlinear
layered feed-forward networks. They are both universal approximators. It is therefore always
possible to establish a RBF network capable of being accurately alternative to a specified multilayer perceptron, or vice versa. The differences can be summarized as follows.
1. An RBF network has a single hidden layer, whereas MLP network can have one or more
hidden layers
2. The argument of the activation function of each hidden unit in a RBF network computes the
Euclidean norm between the input vector and the center of that unit. On the other hand, the
activation function of each unit in a MLP network computes the inner product of the input
vector and the synaptic weight vector of that unit.
The mapping by the RBF network has the form
M
yk(x) = Σ wkj φj(x) + wko
j=1
where M is the number of hidden layer nodes; k, is the index parameter for the output nodes; φj
is the basis function. The biases can be included into the summation by including an extra basis
function φo whose activation is set to 1. This is similar to the case in MLP networks. For the
case of Gaussian basis functions we have
2
|
|
x - µj|
|
φj(x) = exp(      )

2σj2

where x is the input vector with elements xi ; µj , is the vector determining the center of the
basis function φj and has elements µji . The Gaussian basis functions are not normalized.

Self-Organizing Neural Networks
Neural networks can learn from the environment, and through learning they improve their
performance. Multi-layer perceptron networks and radial-basis function networks learn by an
external teacher which provides the network with a set of targets of interest as this will be
termed as supervised learning, and will be explained shortly afterwards. The targets may take
the form of a desired input-output mapping that the algorithm is required to approximate. In
self-organizing systems the network weights are determined by considering the input
information only, without recourse to an external teacher.
The structure of a self-organizing system may take on a variety of different forms. A most
popular form consists of an input (source) layer and an output (representation) layer, with feedforward connections from input to output and lateral connections between neurons in the output
layer. In another form, it may be a feed-forward network with multiple layers, in which the selforganization proceeds on a layer-by-layer basis to develop a final configuration concerning the
weights. The output neurons are usually arranged in a one- or two-dimensional lattice, i.e., a
topology that ensures that each neuron has a set of neighbors. An example of such a structure is
known as Khonen model self-organizing network and shown in Fig.3. The Khonen model has
received relatively much more attention in implementation. This is because the model possesses
certain properties. The associated learning algorithm for this network is called self-organizing
feature map (SOFM) which will briefly be described in the following section.
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2.2. Learning Algorithms
In relation to the benchmark exercise and the related tasks, the suitable feed-forward neural
network structures, i.e., multi-layer perceptron (MLP) and radial-basis function (RBF)
networks are introduced above. In relation to the latter, a self-organizing network structure is
also presented. In this subsection the learning algorithms subject to training these networks will
be given.
There are several different kinds of learning commonly used with neural networks. Perhaps the
most common is supervised learning in which a stimulus is presented at the input layer of the
network and the output from the output layer is sent to a system. The system compares it with a
desired output and then uses a corrective or learning algorithm to convert the error formed by
the difference into an adjustment of the weighting coefficients that control the inputs to the
various processing elements. In a typical situation, the initial weighting functions are set
randomly and then subjected to incremental changes determined by the learning algorithm.
When another input is again applied to the input layer, it produces an output that is again
compared with the desired output to produce a second error signal. This iterative process
continues until the output of the neural network is virtually equal to the desired output. At that
point the network is said trained. Further, through the various learning algorithms, the network
gradually configures itself to achieve the desired input/output relationship called ‘mapping’.
The counterpart of the supervised learning is the unsupervised learning algorithm where only
the input stimuli are applied to the input neuronal layer of the network. Due to single neuronal
layer this structure is called single layer network in contrast with multi-layer network subject to
supervised learning. The network then organizes itself internally so that each hidden processing
element responds strongly to a different set of input stimuli. As result of learning or training,
the sets of input stimuli represent clusters in the input space. Referring to this peculiarity of the
learning process this network is called self-organizing neural network. Generally the neuronal
layer is one or two-dimensional. A typical self-organizing neural- network the form of which is
referred to as Kohonen network is shown in Fig.3.
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2.2.1. Supervised Learning Algorithms
Back-propagation Algorithm
Feed-forward neural networks have received presumably the most intensive attention and put
into operation in actual implementations due to their simplicity with respect to both training and
operation together with their success in diverse applications. Nuclear industry is one of the
application areas where they have a wide range of application. The most popular algorithm for
training is known as the error back-propagation algorithm. This algorithm is a stochastic
gradient descent algorithm that is a counterpart of the well-known linear least-mean-square
(LMS) algorithm. The error back-propagation process is accomplished in two passes, namely
forward and backward, through the different layers of the network. In the forward pass an input
vector is applied to the input nodes of the network. The effect is propagated forward until the
output. As the algorithm is a supervised one, the error between the actual output and the desired
output is used to adjust the weights according to the error-correction rule. The error signal thus
propagates backward through the network. The synaptic weights are adjusted so as to make the
actual response of the network more closer to the desired response. There are two basic modes
for this process. These modes are pattern and batch modes of training. In the pattern-based
back-propagation learning, weight updating is performed after the presentation of each training
example sequentially. In the batch mode of back-propagation learning, weight updating is
performed after the presentation of all the training examples that constitutes the whole set of the
patterns called an epoch. For weight update the error function gradient is evaluated and the
weights updated using
∆w = - η ∇E
where ∆w is the weight update; ∇E is the gradient of the error function. η is called the
learning rate and provided its value is sufficiently small, error function E the value of which
desired to be minimum will decrease at each successive step.
Although the back-propagation algorithm is relatively simple to implement it suffers because of
slow convergence and local trappings during the convergence. Therefore, a number of variants
of the basic algorithm is developed along two different modes of back-propagation training.
Among the important back-propagation variants mention can be made to modified gradient
descent using momentum term addition to the error term and iteration dependent learning-rate
changing known as delta-bar learning rule. Both variants are devised for the accelerated
converge during training avoiding the local minima. The modified gradient descent formula is
given by
∆w = -η∇E(n) + µ ∆w (n-1)
where µ is called the momentum parameter. The inclusion of momentum generally leads to a
significant improvement in the performance of gradient descent. The same applies also to the
delta-bar learning. Nevertheless, in both cases the algorithm remains relatively inefficient. This
motivates one to seek for advanced function minimization methods which directly leads to the
exploitation of appropriate advanced mathematical methods called optimization.
Application of BP algorithm for power plant monitoring is described before [2,3].

14

Parameter Optimization Algorithms
As the supervised neural network training can be viewed as a special case of function
minimization, advanced nonlinear optimization algorithms can be applied for that purpose.
Among these grid search, line search, gradient search, gradient expansion, conjugate-gradient,
quasi-Newton can be referred. These methods all have substantial merits subject to application.
The common features of the optimization methods are the followings.
1. Entire set of weights are adjusted once instead of sequential adjustments
2. The entire set of patterns to the network is introduced and the sum of all squared errors from
the patters is used as the objective function.
During the iterative strategy of an optimization method, an appropriate search direction in the
space of the weights is selected. In that direction a distance is moved so that the value of the
objective function is improved when the new values of the weights are introduced into it. For
efficient i.e., fast and effective i.e., avoiding local minima, neural network training, conjugategradient and quasi-Newton are of major concern. These are briefly described below.
An essential degree of insight into the optimization problem, and into the various techniques for
solving it, can be obtained by considering a local quadratic approximation to the error function.
Let us consider the Taylor expansion of E( w) around some point w* in the weight space
E(w) = E(w* )+(w-w* ) b + ½ (w-w*)T H(w-w* )
where b is is the gradient of E evaluated at w*
b = ∇E
and the Hessian matrix H is defined by
∂E
(H)ij =    w*
∂wi ∂wj
The local approximation for the gradient is given by
∇E = b + H (w-w*)
For points w which are close to w*, the quadratic approximation is reasonably valid for the
error and its gradient. Consider the special case of a local quadratic approximation around a
point w* which is a minimum of the error function. In this case there is no linear term, since
∇E=0 at w* , and therefore the error function becomes
E(w) = E(w* ) + ½ (w-w*) H (w- w* )
Consider the eigenvalue equation for the Hessian matrix
H ui = λi ui
where the eigenvectors ui form a complete orthonormal set, i.e .,
uiT uj = δ
ij
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We expand (w - w*) as a linear combination of the eigenvectors in the form
w - w* =

∑ αi ui
i

so that the substitution yields the error function of the form
∑ λi αi2
i
In this procedure the coordinate system of w is transformed the another one in which the origin
is translated to, and the axes are rotated to align with the eigenvectors through the orthogonal
matrix whose columns are u.
E(w) = E(w*) + ½

Since the eigenvectors [
ui] form a complete set, an arbitrary vector v can be written
v = ∑ βi ui
i
and therefore we write
vT H v = ∑ βi2 λi
i
T
and so H will be positive definite i.e., v H v > 0 for all v , if all of its eigenvalues are
positive. In the new coordinate system whose basis vectors are given by the eigenvectors [
ui],
the contours of constant E are ellipses centered on the origin, whose axes are aligned with the
eigenvectors and whose lengths are inversely proportional to the square roots of the eigenvalues.
This is illustrated in Fig.4. For a one-dimensional weight space, a stationary point w* will be
minimum if
∂E
  w* > 0
∂w
The corresponding result is that the Hessian matrix, evaluated at w* is positive definite.
Now, considering the quadratic error function E( w) the local gradient of this error function is
given by
g(w) = b + H w
and the error function E(w) is minimized at the point w• given the preceding equation, by
b + H w* = 0
Suppose that at step n the current weight vector is w(n) and we seek a particular search
direction d along which
w(n+1) = w(n) + λ(n) d(n)
and the parameter λ(n) is chosen to minimize
E(λ) = E(w(n) + λ d(n)) .

16

w2
u1

u2
-1/2

λ2

w*

-1/2

λ1

Ellipse
w1
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principal component analy sis

This requires that

∂
E(w(n) + λ d(n) ) = 0
∂λ

which gives
gT (n+1) d(n) = 0
that is, the gradient at the new minimum is orthogonal to the previous search direction where
g
= ∇E. In the successive search, direction d(n) is selected such that, at each step the component
of the gradient in the previous search direction, is not altered so that minimum at that direction
is maintained. In particular, at the point w(n+1), we have
gT(w(n+1)) d(n) = 0
We now choose the next search direction d(n+1) such that, along this new direction
gT(w(n+1) + λ d(n+1)) d(n) = 0
holds. If, we expand the preceding expression to first order in λ , we obtain
dT(n+1) H d(n) = 0
where H is the Hessian matrix evaluated at the point w(n+1). If the error surface is quadratic,
this relation holds for arbitrary values of λ. Search directions complying with the requirement
stated above are said to be conjugate. Approaching to minimum in this way forms the conjugate
gradient algorithm. We can find a set of P vectors where P is the dimensionality of the weight
space, which are mutually conjugate with respect to H, yielding
dj H di = 0

j≠i

This implies that these vectors are linearly independent provided H is positive definite. Hence,
such vectors constitute a complete basis set in weight space. Assume we are at some point w1,
and we aim to reach to the minimum w* of the error function.
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The difference between the vectors w1 and w* can be written as a linear combination of the
conjugate direction vectors in the form
P
w* - w1 = ∑ αI di
i=1
This equation can be re-written recursively as
wj+1 = wj + αj dj
where

j-1
wj = w1 + ∑ αi di
i=1

In the successive steps, the step length is controlled by the parameter
equations the explicit solution for these parameters is found to be

αj. From the above

djT (b + H w1)
αj = - — — — — — —
djT H dj
or alternatively
djTgj
αj = -    
djT H dj
Following the iterative procedure
j-1
wj = w1 + ∑ αi di
i=1
the gradient vector i at the j-th step is orthogonal to all previous conjugate directions. This
implies that after P steps the components of the gradient along all directions have been made
zero, that is the minimum is reached with the assumption the error surface is quadratic.
The construction of the set of mutually conjugate directions is accomplished as follows.
Initially, the search direction is chosen to be the steepest descent, i.e., negative gradient d1 = -g1.
Then, each successive direction is chosen to be a linear combination of the current gradient and
the previous search direction
dj+1 = - gj+1 + βj dj
where β is determined substituting this equation into the equation
βj =

dj H di = 0 that it gives

gj+1T H dj

djT H dj

It follows that by means of the successive use of the iterative search direction expression a set
of P mutually conjugate directions are generated. Also at the same time dk is given by the linear
combination of all previous gradient vectors
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k-1
dk = - gk + Σ am gm
m=1
Since dkT gj =0 for all k< j ≤ P, we have

gkT

k-1
gj = Σ am gmT gj
m=1

for all

k < j ≤P

Since the initial search direction is just d1 = - g1, from the equation
gT (n+1)d(n) = 0
above

g1T gj =0

so that the gradient at step j is orthogonal to the initial gradient. Further, from here by induction
we find that the current gradient is orthogonal to all previous gradients
gkT gj = 0 for all

k< j ≤ P

The method described above can be summarized as follows. Starting from a randomly chosen
point w in the weight space, successive conjugate directions are constructed using the parameter
βj. At each step, the weight vector is incremented along the corresponding direction using the
parameters αj. The method finds the minimum of a general quadratic error function in at most P
steps.

The Conjugate-Gradient Algorithm
In the conjugate-gradient algorithm, the step length is determined by αj and the search direction
is determined by βj.. These coefficients are dependent on the Hessian matrix H. However, for
the efficiency of the algorithm the computation of the Hessian is desirable avoided. For this
reason for βj different choices are possible which are obtained from the relationships given
above. These are

gj+1T (gj+1 - gj)
βj =      
djT (gj+1 - gj )
or
gj+1 (gj+1 - gj)
βj =      
gjT gj
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or alternatively
gj+1T gj+1
βj =     
gjT gj
These expressions are the equivalent for a quadratic function subject to minimization. In the
same way as βj is calculated without Hessian information, the coefficient αj is calculated
likewise by
djT gj
αj = -    
djT H dj
This is the expression indicating a line minimization along the search direction dj. The steps of
the algorithm can be summarized as follows:
1- Choose an initial weight vector wo
2- Evaluate the gradient vector go, and set the initial search direction d o = - go
3- At step j, minimize E( wj + αdj) with respect to α to obtain wj+1 = wj + αmin dj
4- Check if the minimum is reached
5- Evaluate the new gradient vector gj+1
6- Evaluate the new search direction by computing βj
7- Set j=j+1 and go to step 3

The Quasi-Newton Method
Using the local quadratic approximation, we can obtain directly an expression for the location
of the minimum of the error function. From the quadratic error function
E(w) = E(w) +(w-w•) b + ½ (w-w•)T H(w-w•)
the gradient at any point w* is given by the Newton formula
g = ∇E = H (w - w* )
so that the weight vector w corresponding to the minimum is computed to be
w* = w - H-1 g
Since the quadratic approximation used is not exact it would be necessary to apply the
preceding weight updating iterative, with the inverse Hessian being repeatedly computed at each
new search point. To avoid this lengthy operations, alternatively, a sequence of matrices G(n)
are generated which represent H-1 with increasing accuracy, using the information on the first
derivatives. To ensure that the Hessian is positive definite a special update procedure is
developed.
From the Newton formula, the weight vectors at steps n and n+1 are related to the
corresponding gradients by
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w(n+1) - w(n) = - H-1 (g(n+1) - g(n) )
which is known as the Quasi-Newton condition. Assuming H is constant in the neighborhood of
a minimum, we can write
∆wo - ∆w = -H-1 gn+1
Above, ∆wo is the weight increase required to reach the minimum, and ∆w is the actual weight
increase. Since H is not constant, ∆w above cannot be directly calculated. Therefore for the
evaluation of H-1, a symmetric non-negative definite matrix G is considered which is in
particular is to be positive if there are no constraints on the variables and might initially be a
unit matrix. This matrix is modified after the i-th iteration using the information gained by
moving down the direction
∆wi = -Hi gi

i= 1,2,...,N

in accordance with the equation before the preceding one. This direction points towards the
minimum of the error function. The commonly used update formula is the Davidson-FletcherPower algorithm where, while moving down to the minimum, the line minimization is
performed, as it is the case for conjugate-gradient method. Therefore the method is called
variable-metric minimization. The basic procedure for the quasi-Newton method is as follows.
1- A starting point is selected
2- define

σI = αI ∆wi

3- set the weight values as wk+1 = wk + σI
4- evaluate E(wk+1) and
5- define

i=1,2,.....,N

gk+1

yk = gk+1 - gk
σk σkT
Ak=   
σk yk

,

Gk yk ykT Gk
Bk=-      
ykT Gyk

and evaluate the matrix G k+1 by setting
Gk+1 = Gk + Ak + Bk
6- Set k=k+1 and start from step 2, repeat the iteration until the minimum is reached.
The advantages of quasi-Newton (variable-metric) method can be stated as follows.
- Use of second derivative ( Hessian) matrix makes the method the most robust optimization
method avoiding local optima
- Relatively few iterations for convergence
The method is ideally suited for neural network training with orthogonal input variables, e.g.,
with principal component scores.
Application of optimization algorithms to neural network training for power plant monitoring is
described before [4]
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Kalman Filtering Algorithm
The supervised training of a multi-layer perceptron is an adaptive nonlinear optimization
problem for system identification. The function subject to minimization is the function of error
that is the measure of deviations of the network outputs from desired or targets outputs. It is
expressed as a function of the weight vector w representing the synaptic weights and thresholds
of the network. The standard back-propagation algorithm is a basic optimization algorithm.
With its simple form its convergence properties are relatively poor concerning speed and
trappings at the local minima. To improve its convergence properties alternative approaches are
implemented borrowing techniques from advanced adaptive non-linear least mean square
estimation. These techniques are collectively referred to as recursive least-squares (RLS)
algorithms that are the special case of the Kalman filter. Since the Kalman filter equations are
for linear systems, in the neural network training this linear form should be modified. This
modified form is known as extended Kalman filter and briefly described below.
Kalman filtering can be used for adaptive parameter estimation as well as optimal state
estimation for a linear dynamic system. In the application of Kalman filtering to neural network
training the parameters are the network weights which are considered as states and the
estimation of the states is performed using the information applied to the network. However this
information cannot be used directly as the size of the covariance matrix is equal to the square of
the number of weights involved. To circumvent the problem we partition the global problem
into a number of sub-problems where each is at the level of a single neuron. Then, with the
exclusion of the sigmoidal non-linearity part, the model is linear with respect to synaptic
weights. Now, we consider neuron i, which may be located anywhere in the network. During the
training, the behavior of neuron i represent a nonlinear dynamical system so that the appropriate
state and measurement equations are
wi (n+1) = wi (n)
di (n) = ϕ (yiT(n) wi (n)) + zi (n)
where the iteration n corresponds to the presentation of the n- th patter; yi (n) is the input vector
of neuron i; ϕ (x) is the sigmoidal non-linearity. In the Kalman filtering zi(n) is the measurement
noise which is assumed to be Gaussian white for the optimality. The weight vector wi of the
optimum model for the neuron i is to be estimated through training with patterns.
For linearization, the measurement equation is expanded to Taylor series about the current
estimate wi (n) and linearized as
ϕ[
yiT(n)n wi(n)]≈qiT(n) wi(n) + {ϕ[
yiT(n) wi(n) - qiT(n) wi(n)}
where
∂ϕ[
yiT(n) wi(n)]
q(n) =        
∂wi (n)
wi(n)=wi(n)
that results in for a sigmoid function
q(n) = oi(n) [
1- oi(n)]y(n)
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where oi(n) is the output of neuron i corresponding to the weight estimate wi(n); y(n) is the
input vector. In the Taylor expansion the first term at the right hand side represents the
linearization and the second term is the modeling error. Neglecting the modeling error we arrive
at
di(n) = qiT (n) wi (n) + zi(n)
In the RLS algorithm, the measurement error zi(n) is a localized error. The instantaneous
estimation of it is assumed to be
∂E(n)
zi(n) = -   
∂oi(n)
where E(n) is the error function defined by
E(n) = ½

Σ

[
dj - oj]2

j∈ O
where O represents the neural network output space. The resulting solution is defined by the
system of recursive equations of the standard RLS algorithm that are
Qi(n) = λ-1 Pi(n) q(n)
Qi(n)
ki(n)=       
1+ QiT(n) q(n)
wi(n+1) = wi(n) + zi(n) ki(n)
Pi(n+1) = λ-1 P(n) - k(n) QiT(n)
where n is the index parameter of iteration, each iteration being the introduction of one
individual pattern from an epoch. Pi(n) is the current estimate of the inverse of the covariance
matrix of q(n), and k(n) is the Kalman gain. The parameter λ is a forgetting factor less but
closer to unity. The very last equation above is called Riccati difference equation. With the
above recursive algorithm each neuron in the network receives its own effective input q(n)
thereby possesses its own covariance matrix Pi(n).
In the actual Kalman algorithm in contrast with the exponential weighting of all estimation
errors, a process noise is introduced in the state equation as
wi (n+1) = wi (n) + vi (n)
where vi(n) is the process noise which is white and assumed to be Gaussian for optimality. In
this case the solution of the system equations presents a solution similar to those from RLS
estimation as
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wi (n+1) = wi(n) + Ki(n) [
di(n) - qiT (n) wi (n) ]
Qi(n)

= Pi(n-1) + R(k-1)

Ki(n)

=

Pi (n)

= Qi(n) - Ki(n) Qi(n)

Qi(n) q(n)

Z(k)+q(n) T QiT(n) q(n)

where R and Z are the auto-covariance matrices of the process noise and measurement noise,
respectively; Ki(n) is the Kalman gain; Pi(n), is the error covariance matrix indicating the
variances of the estimated parameters. The difference di(n) - qiT (n) wi (n) is called innovation
and is easily computed for the output neurons. However for the hidden layer - ∂E(n) / ∂oi(n)
can be used to replace the difference appearing in the state equation during the iterative period.
Kalman algorithm is relatively superior to other type of learning algorithms since it is a modelbased algorithm and the modeling errors are counted in the measurement errors. On the other
hand, the learning process during the neural network training is a stochastic process and this
will be shown shortly afterwards. The process noise in the model considers the stochastic nature
of the learning process and thereby it plays important constructive role on the convergence
properties of the adaptive process. Due to these features of Kalman filtering, the convergence is
much faster and undesirable excessive learning called memorizing incidents in neural network
training is avoided as the memorizing badly deteriorates the generalization capability of the
network. Additionally, the fast learning capability and ability of modeling stochastic signals
make the Kalman filtering algorithm essential learning algorithm for using the neural networks
for stochastic signal processing. Application of Kalman filtering algorithm to neural network
training for power plant monitoring is described before [5,6].
To see the stochastic nature of the learning process consider a vector x of independent variables
and a scalar d which is independent variable. If we have N measurements of x, we have x1, x2,
......, xN and correspondingly d1,d2,...., dN . The neural network model is expressed by
d = g(x) + ε
where g(x) is some function of the vector x and ε is random expectation error. In this model,
taking the expectation of both sides, the function g(x) is defined by
g(x) = E[
d|
x]
The conditional expectation defines the value of d that will be realized on the average given a
particular realization of x. Let the actual response of the network is defined by
y = F(x,w)
where w represents the synaptic vector. The synaptic weight minimization for the cost function
J(w) used in neural network training
J(w) = E[
(d - F(x,w))2]
would also minimize the multiple integral
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E[
(g(x) - F(x,w))2] = ∫f(x) [
g(x) - F(x,w)]2 dx
where f(x) is the probability density of x and note that, the function subject to minimization is a
random variable. This result therefore, indicates the statistical nature of the learning process
even though the different patterns of a particular realization of x are deterministic. From the
probability theory viewpoint, the difference between the input-output pairs of x used for the
training obeys an arbitrary distribution f( x) and therefore do not take a functional relationship
between input and output deterministically. f (x|
w) being the density function parameterized by
w, the model f( x|
w) with good generalization capability should approximate the true distribution
f(x). In other words, the learning is dependent on the probability density of the input vector
where the network performance should not depend on the network structure, i.e., f( x|
w)=f(x). It
should only be dependent on the statistical properties of the input vector itself, if the appropriate
network model is used for training.

2.2.2. Unsupervised Learning Algorithms
Self Organizing Feature Map Network
Feature mapping converts patterns of arbitrary dimensionality into the responses of one or twodimensional arrays of neurons called feature space. A network that performs such a mapping
and the related algorithm are referred to as feature map and self-organizing feature mapping
(SOFM), respectively. These networks are based on competitive learning where the output
neurons of the network compete among themselves to be activated so that only one output
neuron is on at any one time. The output neurons that win the competition are called winnertake-all neurons. In addition to achieving dimensionality reduction, also topology-preserving
map that represents the neighborhood relations of the input patterns is obtained. That is, the
similar patterns in some sense should give outputs topologically close to each other. The output
layer in this map commonly one or two-dimensional virtual array in the form of a lattice.
Different input features are created over the lattice. Each component of the input vector x is
connected to each of the lattice nodes as shown in Fig.3. To describe the SOFM algorithm the
input vector x =[
x1, x2,......,xp]T and the synaptic weight vector of neuron j , w =[
wj1, wj2,........,
T
wjp] , j=1,2,..., N , is considered. n is the total number of neurons. To find the best match of
the input vector x with the synaptic weight vectors wj , we compare the inner products wjTx for
j=1,2,...,N and get the largest. In the formulation of an adaptive algorithm, it is convenient to
normalize the weight vector wj to constant Euclidean norm. In this case the best matching
criterion is equivalent to the minimum Euclidean distance between vectors.
One approach to training a self-organizing feature map network is to use the Khonen learning
rule with updated weights going to the neighbors of the winning neuron as well as to the
winning neuron itself. The topological neighborhood of the winning neuron i is shown in Fig. 5
and it is represented as Λi (n) indicating its discrete time (iteration) dependence.
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Λi = 0
Λi = 1

Λi = 2
Λi = 3
Fig.5: Square topological neighborhood Λ around winning neuron i
at the middle

The basic self-organizing learning algorithm can be summarized as follows.
1. Initialization. Choose random values for the initial weight vectors wj (0)
2. Select Pattern. Draw a pattern x from the input patterns formed by a set of sensory signals
3. Similarity Matching. Find the best matching, that is, winning neuron i(x) at time n, using the
minimum-distance Euclidean criterion:
i(x) = argj min |
|x(n)- wj|
| ,

j=1,2,...,N

where N is the number of neurons in the two-dimensional lattice.
4. Updating. Adjust the synaptic weight vectors of all neurons, using the update formula

wj (n+1) =

{

wj (n) + η(n) [x(n) - wj (n)] j ∈ Λi (n)

wj (n)

otherwise

for the winning neuron where η(n) is the learning-rate parameter; Λ(n) is the neighborhood
function centered around the winning neuron i(x) and it is illustrated in Fig.5.
5. Continuation. Return to the step 2 and continue until no noticeable changes in the feature
map are observed.
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With this learning rule, nearby nodes receives similar updates and thus end up responding to
nearby input patterns. The neighborhood function and the learning constant η are changed
dynamically during learning. As result of the of weight adjustment, a planar neuron map is
obtained with weights coding the stationary probability density function p( x) of the pattern
vectors used for training. The ordered mapping of patterns establishes the weights indicated wij.
The self-organizing learning process is stochastic in nature so that the accuracy of the map
depends on the number of iterations of the SOFM algorithm. Also, the learning parameter η and
the neighborhood function Λi are critical parameters. That is their appropriate selection is
essential for satisfactory performance after the training.

2.3. Sensitivity
Sensitivity analysis investigates the effect of changes in input variables on output predictions. It
is based on the perturbation of a system parameter at a point of interest in the form of partial
derivatives ∂yj/∂xi where yj represents the j- th network output and xi represents i-th network
input where y is expressed by
yj = f(x1, x2, ........., xn)
Also one can define dimensionless sensitivity coefficient ( dy/y)/(dx/x) which represents ratio of
the percentage changes in the parameters. Sensitivity is a measure of contribution of an input to
let the network recognize a certain pattern in a non-temporal neural network application where
the input-output mapping is static. That is both the input vector x and the output vector y are
represent spatial pair of patterns that are independent of time as this is the case with the
benchmark data. Ideally, the relative sensitivities of each network’s input-output pair are
desired to be about the same for the robustness of the network. A robust network is one that
estimates the correct output for a respective input that contains an error or missing data,
without degrading the output estimates of the other parameters at the network’s output. To
achieve robustness, certain degree of noise is superimposed on training data set. In this case the
training set gains some probabilistic features subject to estimation. Referring to this, a
commonly used probabilistic sensitivity measure that relates to input and response probability
distributions in terms of the standard deviations is (d σy/dσx). The importance of this due to the
information it provides on the degree of response uncertainty or variability reduction as a
function of reduction of the input uncertainty. Similarly, a probabilistic measure associated with
a change in the mean value is useful in examining the effect of the uncertainty in the mean value
of an input random variable. Probabilistic sensitivity measures identify essential input
parameters that contribute to the uncertainty in the estimation of the network. The relative
importance or ranking of input random parameters can be used in making decisions leading to
uncertainty reduction.

3. ANALYSIS OF THE RESULTS REPORTED
The benchmark analysis results are globally presented at SMORN VI, in the form of an
extended summary where also the analysis results of the benchmark organizers are illustrated.
The full documentation of the related Extended Summary Report is given in the appendix A and
the report has also been documented in a recent OECD-NEA publication [7]. In this section the
analysis of the results reported by the participants are presented. The presentation comprises a
concise description of the documented results sent by the participants pointing out also the key
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features. For the detailed information on any of these descriptions reference is made to the full
documentation which is included in the Appendix B. Below, is the concise evaluation of the
submitted reports where the presentations are in alphabetic order referring to the respective
countries.

1. H. Mayer, P. Jax and U. Kunze

(Germany)

The participants used an algorithm coded in C ++ and developed by them. The extensive analyses
have been performed and their results are reported. For training the network standard backpropagation algorithm for multi-layer perceptrons (MLP) networks is used. For the prescribed
network structures different back-propagation learning strategies i.e., variation the learning rate
η and momentum rate µ, are employed. From the benchmark analysis submitted, the following
observations are made
- Various activation-functions for neurons are employed. These are, Sigmoid Fermi Function,
Limited Sine Function, Unipolar Ramp Function, Gaussian Function.
-

Standard back-propagation algorithm with some learning variants is employed. These are
mainly
•Super SAB
•Delta-bar-delta
•Resilient Back-propagation

-

In addition to the standard back-propagation algorithm, some variants of this algorithm are
also exercised where insufficient or no convergence was obtained. Among these are
•Zero-point search method
•Batch learning in constant η
•Learning with adapted global η
•AMBP learning
•Quickprop (back-propagation) learning
The highest convergence rate and best generalization are achieved with the inputs when
•Error function is based on L 2-norm
•Each active neuron receives a constant excitation that is also subject to weighting,
i.e., threshold
•Excitation is achieved in on-line learning by stochastic presentation of each pattern
with an epoch
Input and output signal normalizations are performed between 0 and 1
Errors are expressed as deviations
Basic sensitivity analysis is considered

-

-

The extensive study results are reported and they indicated that the participant have endeavored
to have thorough understanding of back-propagation neural network performance by using the
actual plant data and they carried out researches beyond the formal benchmark analysis tasks;
repeating the analyses with all available signals, for example. Their results are among the
outcomes of high performance category, considering the reported benchmark results of
participants in perspective. The standard back-propagation (BP) learning algorithm is rather
popular because of its simplicity. However it has rather poor final convergence properties,
although the initial convergence properties are satisfactory, and therefore it needs a lot of
elaboration during training. The elaboration is carried out and therefore extensive analysis
results are obtained. The deviations of the estimated signals by the network from the actual
values are relatively small and generalization capability is quite satisfactory. However, some
BP learning strategy might still improve them. This learning strategy should still be a dynamic
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one as far as the learning parameters are considered in a BP approach. Although the
mathematical treatment is somewhat involved, basically, due to the learning process is a
stochastic process, the stochastic presentation of the training examples should be randomized
(shuffled) from one epoch to other for better performance of BP algorithm. This general result
is also verified experimentally in the reported research. Although several variants of the BP
algorithm are investigated, any recommended reference to one of them among the others is not
made for eventual condition monitoring applications.

2. U. Fiedler (Germany)
The participant used a commercially available NeuralWorks II/Professional Plus algorithm by
NeuralWare, Inc. From the benchmark analysis report submitted, the following observations are
made
- Normalization is performed and bipolar inputs are used
- Standard back-propagation (BP) algorithm is used with sigmoid activation function.
Momentum term is included into the learning algorithm although momentum coefficient is
relatively low and learning parameter is high. Learning parameter is decreased in the advanced
stage of learning.
- Errors are reported as root mean square (RMS) and MAX-error in % in contrast with
deviations from the nominal value.
From the inspection of the results reported it is to conclude that, the additional elaboration on
the training strategies would be suggested to improve the reported results.

3. Y. Ding (Germany)
The participant used a self-developed algorithm in Window environment. From the benchmark
analysis report submitted, the following observations are made
- The neural network in use is especially designed for false alarm reduction in a monitoring
task. However it is modified for the present benchmark.
- Normalization is made between 0 and 1 but 10% over ranging
- The order in which the examples are presented to the network is randomized
- Relatively high learning rates are used
The results reported indicated the global convergence ability of the algorithm used. However,
the deviations between the network estimates and the nominal input counterparts at some parts
of the learning period are relatively high and this can be improved by carrying out some
elaborated learning strategies. Especially, the modification of the learning parameters, i.e.,
learning rate η and the momentum coefficient α during the learning process should be varied for
enhanced training. Increased training patterns gave better results for the training ranges as well
as the ranges beyond the prescribed training ranges. In spite of overall satisfactory performance
of the network used, a better performance requirement for this network in critical applications is
mainly attributed to the original design of the network that is tuned for the benchmark analysis.
Additional elaboration on the training strategies would apparently improve the reported results
for a desirable level of performance.
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4. S. Thangasamy (India)
The participants used an algorithm in C language in UNIX environment. From the benchmark
analysis report submitted, the following observations are made
- The algorithm makes use of a sigmoid function.
- Batch mode of training is implemented. In the batch mode of learning, weight updating is
performed after the presentation of all training examples that constitutes an epoch.
- The cost function which is conventionally sum of the squared errors divided by the number of
patterns is further divided by the number of neurons to obtain an average square error per
neuron. The latter is used to determine the success of training and terminate the process of
optimization over the weight space.
- Maximum number of iterations is also used as a parameter to help intervene during
optimization in situations of very low error thresholds or the nature of the problem leading to
poor convergence.
The results reported indicated the global convergence ability of the algorithm used. However,
the deviations between the network estimates and the nominal input counterparts at some parts
of the learning period are relatively high. Increased training patterns gave better results for the
training ranges as well as the ranges beyond the prescribed training ranges. In spite of overall
satisfactory performance of the network used, a better performance requirement for this
network in critical applications is mainly attributed to the normalization of the data,
presentation of the patterns to the network and the static nature of the learning parameters η
and α. Additional elaboration on the training strategies would apparently improve the reported
results.

5. G.S. Srinivasan and Om Pal Singh (India)
The participants used back-propagation algorithm. Among the basic benchmark tasks, multiinput single-output structure was subject to study and the relevant results are reported. From
the benchmark analysis report submitted, the following observations are made
- Sigmoidal activation function was assigned at the neural nodes
- The initial weight values were randomly chosen from sampled background noise of steam
generator environment of a fast reactor. The weight values were normalized between -1 and +1.
- Momentum term in learning algorithm was not employed and still fast convergence is reported.
The results reported indicated the global convergence ability of the algorithm used. However,
deviations between the network estimates and the nominal input counterparts at some parts of
the learning period and for some certain signals are relatively high and vice versa. This is
attributed to the initial weight selection strategy and the missing momentum term in learning.
The function of the momentum term during learning is twofold. One is that it accelerates
descent in steady downhill directions. The second is that it prevents the learning process from
terminating in a shallow local minimum on the error surface in the multidimensional space. The
initialization of the synaptic weights and threshold levels of the network should be uniformly
distributed inside a small range. This is because to reduce the likelihood of the neurons in the
network saturating and producing small error gradients. However, the range should not be made
very too small, as it can cause the error gradients to be very small and the learning therefore to
be initially very slow. Additional elaboration on the training strategies would apparently
improve the reported results.
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6. M. Marseguerra and E. Padovani (Italy)
The participants have submitted a detailed analysis report of the benchmark tasks they
executed. They used an algorithm of their own coding. The neural network (NN) training
performed with the back-propagation (BP)-algorithm as follows.
•The initial values of the connection weights wij are randomly chosen in the interval 0.3, +0.3.
•Batch training mode is employed where the wij are updated after each batch of 10
training patterns.
•Each batch of training patterns is repeatedly (15 times) presented to the network.
•The whole training lasts N batches, each repeated 15 times. Thus the network
receives a total of 10x15xN training patterns and its weights are updated 15xN times. A typical
figure for N is selected to be N=1.6 10 5.
•After the 15 repetitions of each batch (and therefore after 15 updating of the weights)
the learning and momentum coefficients are varied according to a sigmoid function from the
initial values αo and ηo to zero.
•The initial values αo and ηo relating to the neural network for generated electric power
(GEP) estimation are 0.7 and 0.3, respectively. Those for the auto-associative NN are 0.5 and
0.6, respectively. The above values have been selected over a two-dimensional grid of points
within the unit-square.
From the benchmark analysis report submitted, the following observations are made.
- The cost (error) function subject to minimization is the square of the difference between the
desired and the computed (estimated by NN) output, averaged over the training set, i.e., number
of patterns in one epoch.
- Normalization of the signals is performed between 0.2 and 0.8.
- Errors between the estimated values and their counterparts are expressed in terms of
deviations.
- Sensitivity analysis is performed in great detail and a substantial discussion is presented. They
are reported as a set of the partial derivatives of outputs with respect to inputs.
Since neural network is a non-linear device, the sensitivities, besides depending on the synaptic
weights that are constant once the NN is trained, also depend on the particular input pattern.
Therefore, it should be expressed as an average value considering all input-output pattern pairs
forming an epoch. Generally, a data set involving a set of input-output pairs and being used a
feed-forward neural network training does not contain all the information about the dynamic
system where the set comes from. Therefore the sensitivities between input and output represent
individual neural network attribution for the signals in use rather than those representing the
plant-sensitivity. For robust training these attributions are approximately expected evenly
distributed and independent of the initial point used to start training. The verifications on the
sensitivity considerations are successfully carried out in this benchmark report with fruitful
relevant discussions. The results reported indicated that the participant have endeavored to have
thorough understanding of back-propagation neural network performance by using the actual
plant data and they carried out researches beyond the basic benchmark analysis tasks and
extended to optional tasks. Their results are among the outcomes of high performance category,
considering the reported benchmark results of participants in perspective. The deviations of the
estimated data by the network from their actual counterparts are relatively small and
generalization capability is quite satisfactory. However, by some back-propagation learning
strategy they can still be improved. This learning strategy should still be a dynamic one as far
as the learning parameters are considered in a BP approach.
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7. K. Nabeshima (Japan)
The participant has submitted his benchmark analysis results, all the prescribed benchmark
tasks having been performed. Additionally, he gave his results on the sensitivity analysis. He
used a code originally developed for on-line plant monitoring where the network gradually
changes its characteristics by updating the weights. Standard BP algorithm with sigmoidal nonlinearity and momentum term was employed in his analysis where both input and output signals
are normalized to be in between -0.5 and +0.5 for inputs and 0.1 and 0.9 for the output signals.
He reported the weight values and the learning errors of the trained networks used for the
benchmark tasks together with the minimum and maximum estimated signal values for each
case. He repeated the similar experiments not only for the prescribed network structures for the
benchmark but also using various number of hidden layer nodes as optional investigation for
finding optimal number of hidden layer nodes in each case, starting from five. He reported both,
the global training error and the corresponding error in the test (recall) phase outcomes. This
was carried out for both, auto-associative and hetero-associative cases aiming to obtain a better
network performance. Training errors decreased with the increasing number of hidden layer
nodes although this was not the case for the recall-phase outcomes that it makes the case
inconclusive. He eventually concluded that the number of hidden layer nodes is not a sensitive
parameter for learning. However, since the learning error is not the only factor for the
determination of the performance, further elaboration on this issue is needed.
He carried out sensitivity analysis using the ratio of finite variations of the signals in place of
analytical derivatives. The sensitivity results are rather uneven indicating some need of
consideration on this issue as the even signal contributions are desirable for a better network
performance. Because of gross computation of the derivatives, some additional errors might
have affected the results.
Following the training, the reported errors are rather small so that, his detailed reported results
are expectedly quite satisfactory while the results are among the outcomes of high performance
category, considering the reported benchmark results of participants in perspective.

8. Dai-Il Kim (Republic of Korea)
The back-propagation algorithm used in this participation is coded in C and run in a Pentium90 computer. The activation function considered is a bipolar function with a constant slope. The
slope is 1.0 for output neurons and 0.8 for the hidden neurons.
From the benchmark analysis report submitted, the following observations are made.
- Normalization of the signals was performed between -0.5 and +0.5.
-Constant learning rate is employed where η=0.068
- Errors between the estimated values and their counterparts are expressed in terms of
deviations.
- No momentum term is employed.
- Some optional tests are performed for the robustness verification of the network and the
sensitivity analysis is employed for this process.
The results reported indicated the global convergence ability of the algorithm used. However,
the deviations between the network estimates and the nominal input counterparts at some parts
of the learning period and for certain signals are relatively high and vice versa. This is
attributed to the constant learning rate and the missing momentum term in learning. The
function of the momentum term during learning is twofold as was explained before. Robustness
of a neural network can be defined as the stability of the learning process being independent of
the starting point of the learning process in the multidimensional parameter space. Additionally,
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the sensitivities are desirably expected approximately evenly distributed. In this contribution the
robustness verification is performed with the help of sensitivity analysis. To this end, the
investigations are extended to the network of 12:14:12 structure apart from the nominal autoassociative network of 12:8:12 structure prescribed in benchmark task execution. The
sensitivities reported are rather uneven and rather low. Additional conventional elaboration on
the training strategies would apparently improve the reported results.

9. E. Barakova (The Netherlands)
The standard back-propagation algorithm is used in this participation. For this, commercial
software called ‘InterAct’ is employed. Because of the limitations of the available software, the
benchmark data was considered to be a temporal data and accordingly very limited analysis was
performed with temporal processing. However the benchmark data at hand is a combination of
different operations at different times and the data sets are the in the form of patterns to apply to
the neural network as spatial input patterns rather than temporal sequences. Therefore the
deviations between the estimated signal values and the given counterparts are reported to be
relatively high, as one should expect.
Temporal processing requires that the neural network should have dynamic properties that
makes it representative to time-varying signals. For this purpose, time delays are introduced into
the synaptic structure of the network and to adjust their values during the learning phase. Since
the benchmark tasks concern only spatial learning process in contrast with temporal (timedependent) learning process the reported results are to be considered and re-reported
accordingly.

4. FURTHER STUDIES WITH THE BENCHMARK DATA
In this section some further analyses carried out with the benchmark data will be presented.
These include advanced learning algorithms and the sensitivity analysis and they are given in the
following subsections.

4.1. Advanced Learning Algorithms
As it is noted from the reported benchmark results, all participants used the standard backpropagation (BP) algorithm as a basic training algorithm. However, as it was pointed out
earlier, this should be replaced with more advanced training methods to enhance the training. In
corroboration with these statements, it is interesting to note that although the training algorithm
is the same and basic one, there is rather big performance difference among the reported results.
This is because of the selection of the parameters and necessity of their modification during
training while a systematic approach for such a treatment cannot be prescribed in advance as
this is dependent on the data and the circumstances. The essential algorithms for this purpose
are described in some detail in the preceding section. With respect to this, some additional
studies have been carried out. In this context, some direct results together with the associated
results obtained with the implementation of these algorithms are presented below.
The benchmark data analysis results obtained by BP algorithm were presented earlier and they
are illustrated in the extended summary report [8]. In this study, advanced nonlinear
optimization methods for training together with the enhanced sensitivity analyses are
considered. Additionally, to emphasize the generalization capability of these algorithms the
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reported analyses here are carried out also slightly different than those carried out for
benchmark standard benchmark tasks. In particular, in the benchmark task for the autoassociative neural network with multiple signal data, the training is carried out for initial 600
patterns. The associated recall was performed for the total number of patterns of 1169 in
contrast with 942 patterns used in the standard benchmark task (in place of 1169 patterns in
Task a-1).
To begin with, the results obtained with the BP algorithm are given in Fig.6 where the learning
is carried out first 1000 patterns and the task is designed to be BB-1. In this analysis, a set of
uncorrelated random data, i.e., noise, is imposed on the benchmark data. The effect of this noise
introduction on the data can be explained in the following way. Since the benchmark data is
obtained from actual power plant, it contains measurement errors. During the network training
this measurement errors affect the training and degrade the learning performance. In the extreme
case these errors are also learned where this situation is termed as memorizing. To avoid this,
the learning process should be limited in the case of working with measurement data. One
method for this limitation is the random data introduction to the data. As result of this, the
measurement errors are not traced in the learning process of the network and the net result is
some reduction of the estimation errors by the network. This result is seen in Fig.6, where the
standard deviation of the noise introduced on a signal is equal to the 5% of the maximum value
of the respective signal among the total number of patterns and the standard deviation is kept
constant for that signal throughout the patterns. Attention is drawn that, by the noise addition
the estimation errors by the network are slightly reduced, for the cost of missing some minor
details also available in the given data. In connection with this, reference is particularly made to
one of the peculiarities present in the benchmark data, the peculiarity being the rinsing
operation. This operation is generally done for thermal performance enhancement and this is
included into the benchmark data twice consecutively but in opposite phases as this is seen in
patterns around 800. This particular operation belongs to the normal operation while the
operational conditions are slightly different than those involved during routine operation. The
trained neural network without the rinsing-process experience is expected not to follow this
unknown operation. However, in this case the difference between the estimated signal value and
the signal itself would be relatively large so that this particular operation is detected. This is
clearly seen in the illustrations of the benchmark analyses. Referring to this detail, the noise
introduction to the data partly obscures the identification of this detail. However, this
consequence can be assessed positively since the rinsing process belongs to normal operation
and the estimation error should not be big as that could lead to reporting false alarms. The
trade-off between these two considerations should be kept in view. In the framework of the
present study, the other implications of the noise introduction on data will be illustrated shortly
afterwards in connection with sensitivity. A similar test as above but taking 600 patterns for
learning is given in Fig.7 where the task is designed to be BB-2. To show the signals and the
superimposed noise magnitude involved in scale together, the same analysis above is illustrated
again in Fig.8 where the task is designed to be b-1. In Fig.8 particularly, in place of the
estimated patterns, the patterns introduced at the neural network input are presented. The errors
seen in the figure are irrelevant but they are there because of the plotting routine bay the
algorithm used for plotting and therefore the errors are to be out of concern and subject to
omission in this particular case. However, here a point noteworthy to mention is the peculiarity
of the operation represented by the patterns after 942. This operation is termed as stretch-out
and briefly described blow in connection with the further analyses. Referring to the stretch-out
operation, during the learning process using the patterns up to 1000, this particular operation is
explicitly included into the training. The resulting corresponding estimation i.e., estimation
beyond the pattern 942, by the network is much improved relative to those obtained using the
patterns until 942 from the beginning, for learning. The implications of this difference is
presented below together with the further analyses related.
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The analyses are carried out using the advanced training algorithms as these algorithms are
described in the preceding section. These are namely, nonlinear optimization algorithms,
Kalman filtering algorithm and radial-basis-functions (RBF) network algorithm (self-organizing
and orthogonal-least-squares). In this context, some illustrations of auto-associative benchmark
data analysis results with variable-metric nonlinear optimization algorithm are shown in Fig.9
where the task is designed to be C-2. The range of training spans first 600 patterns of the data
set and recall is carried out over the total number of patterns, i.e., 1169. The back-propagation
counterparts of this analysis are reproduced here for convenience in Figs.10 and 11 while they
are presented in the extended summary report [7] earlier ( Benchmark Tasks a-1 and a-2). The
counterpart benchmark tasks are in the form of two analyses in place of one due to the range of
the analyses; namely, in the Task a-1, the learning spans first 600 patterns and the
corresponding recall is carried out over 942 patters from the beginning. In the Task a-2, the
learning spans first 1000 patterns and the corresponding recall is carried out over the total 1169
patterns. In addition to the first peculiarity of the data described above, here the attention is
especially drawn to the second peculiarity which concerns a particular plant operation in the
form of extended plant operation which is referred to as ‘stretch-out’. This type of operation is
quite peculiar to the PWR plant from which the benchmark data prepared. This operation is
performed towards the end of the fuel-cycle to extend the plant operation for some time.
Referring to the first principle of the Thermodynamics, this is accomplished by keeping the
temperature difference between the hot-leg and cold-leg about the nominal range although the
respective temperatures themselves are below their nominal ranges. In this respect, the operation
belongs to the category of normal operation and the major differences between the operation in
the course of fuel cycle and at the end of the cycle are the temperatures as far as the neural
network is concerned. Because of this very reason, in the benchmark, in place of individual hotleg and cold-leg temperatures, the differences (two differences because of two primary loops)
are considered for training and thereby the major difference between the operations have been
eliminated. The basic implication of this is that the total set of benchmark data being considered
is expected to be appropriate representative of one complete fuel-cycle power plant operation,
the data being made exclusively suitable for training for the purpose of plant monitoring by
neural networks. From the inspection of Fig.9, the enhancement in the pattern estimation and
the verification of the expected generalization capability achieved by using an advanced training
method is rather outstanding.
In addition to the comprehensive analyses performed by the advanced training algorithms some
illustrations of which described above, further analyses are carried out using the same
benchmark data and algorithms above with the superimposition of the uncorrelated random data
that might loosely be termed as noise. Because of the popularity of BP algorithm which is
uniquely used by the participants, a comparison between BP and the advanced algorithms
would be of great concern and very informative. This illustrations are presented in Fig.12 where
the task is designed to be C-3 and Fig.13 where the task is designed to be C-1. In Fig.12, the
advanced training algorithm considered is the quasi-Newton optimization algorithm. The
learning part uses 600 patterns from the beginning and recall phase is carried out over the total
number of patterns.. The comparison reveals that, on one hand, the noise introduction let the
estimation errors diminish since by doing so, the effects of the measurement errors are
minimized as this was explained above. On the other hand, with the standard deviation of the
noise introduced on a signal that is equal to 3% of the maximum value of the respective signal
of the pattern, the generalization ability of the network trained by the advanced training
algorithm is slightly inferior during the stretch-out operation. The generalization ability of a
neural network can explicitly be tested during the stretch-out operation as this was explained
before. The exercised deterioration of the generalization ability in this case is a result that one
should normally expect. This is due to the increased uncertainty imposed on the data.
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Naturally, while the uncertainty due to noise, to some extend, eliminating the measurement error
effects on the network for nominal operational conditions, it introduces also increased
uncertainty to the network for the extrapolated operational conditions, like the stretch-out, in
this case. Fig.13 represents the similar studies carried of with the standard back-propagation
algorithm. Comparison of Fig.12 with Fig.13 indicates the favorable estimations with the
advanced training methods relative to those obtained by the BP algorithm.
For easy inspection of the above described studies, the plots of twelve estimated auto-associate
network outputs with and without noise imposition are collectively given by Figs.14-37. Here,
the learning part comprises 600 patterns from the beginning of the benchmark data and the
learning algorithm is based on advanced nonlinear optimization by quasi-Newton. For the
comparison of the noise magnitude with the magnitudes of the pattern components throughout
the total number of patterns, they are presented together and illustrated in Figs.38-49.
It is noteworthy to mention that, noise impositions are made individually on each signal. This
implies that, the temperature differences used during the benchmark task executions are carried
out using these in-advance noise imposed individual temperature signals. Therefore the resultant
noise level of these signals are relatively high as this can be noted in Fig.8 and also, explicitly in
Figs.41 and 42. However, it is interesting enough that, the corresponding estimations by the
auto-associative network for these inputs are relatively better and satisfactory as these are to be
seen in Figs.12, 13 or alternatively in Figs.29 and 30. This indicates that, following training, the
decision boundaries in a multi-dimensional space of a feed-forward neural network should not
necessarily be sharp for a better performance. In other words, fuzzy separation of boundaries
may equally be functional in contrast with intuitive expectation. Noise imposed temperature
signals subjected to form the difference in the benchmark are explicitly shown in Figs.50-53.
Enhanced neural network performances with the Kalman filtering and radial-basis-function
(RBF) network training algorithms are obtained. They are similar to those obtained with the
general nonlinear least-squares optimization methods with some subtle differences. Due to the
approximate equivalence of these outcomes and also due to the volume of this report at hand,
illustrations of these results are not here included. However, it is noteworthy to mention that
Kalman filtering training algorithm is especially very fast relative to other advanced training
methods mention made here already and this very algorithm inherently prevents the excessive
training known as memorizing in the terminology of neural network training . Although the
Kalman filtering is for linear systems and it is optimal in the least-squares sense for Gaussian
signals, its adaptive parameter estimation form for neural network training is rather peculiar
and superior, due to its inherent stochastic modeling properties. On the other hand Kalman
filtering is the most suitable training algorithm for stochastic information processing by neural
networks as it is used in the form of stochastic signal modeling, the model parameters being
simply the neural network weights in this case [5,6]. The RBF network is an alternative to
multi-layer perceptron (MPL) feed-forward neural network having the same multi-layer
structure but better functional approximation properties due to peculiar activation functions
(radial-base-functions) and the linearized output layer which provides computational simplicity
in training. Due to the self-organized training stage, the training of RBF networks may need
relatively more time for training, in this training mode among others. In return to this they can
represent the given information more effectively due to clustering properties as this can play
important role when a network is subject to training with high number of data representing
information on different operational conditions.

4.2. Sensitivity Analysis
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Sensitivity in the context of neural network training is defined and elaborated in the section II.3.
In this section sensitivity analyses carried are presented. As the sensitivity is defined in the
form of partial derivative the and averaged over the total number of patterns, such a
computation is very close to computations in batch learning. Batch type learning is involved in
especially general nonlinear optimization algorithms used for training where accumulated
gradient information over the total number of patterns is used to determine the direction towards
to minimum for convergence. Therefore it is rather convenient to carry out such analyses
following the training accomplished by such algorithms. In the present study, the sensitivity
analysis is carried out following the variable-metric optimization method for training. The
relevant computations are documented below.
The first analysis results are given in Table I under the title Sensitivity and Gradient Analysis
where the benchmark data is subjected to a detailed sensitivity analysis. In this analysis firstly,
sensitivities are given in an order with respect to the input node sequence where the sensitivities
are normalized with respect to the magnitude of the maximum sensitivity among the signals so
that the maximum sensitivity value becomes unity. The same results are presented in an order
with respect to their relative magnitudes. These two types of representations are presented in the
same way for all signals used in the auto-associative network.
The sensitivity analysis results described in Table I, are followed by the gradients of the weights
of the auto-associative network. With respect to each weight, all gradients are presented both,
altogether and in detail. The gradient scheme given can be considered as a mapping of the
learning and it gives important information about the training performance of the neural
network. For the case for which the gradients are reported here, the magnitude of the gradients
are rather low indicating the existence of a satisfactory minimum which is rather sharp in the
multidimensional space with the positive indications of a rather satisfactory training
performance.
The illustrations of the sensitivity analyses results in Table I, are presented in Figs. 54 and 55.
The presentations are carried out in two ways; namely, Fig.54 describes the sensitivity with
respect to each output node. The horizontal-axis is for the output nodes, and the vertical-axis is
for representing relative contributions of each input signal to any output signal in a cumulative
form that amounts to unity. The sensitivity pattern is clearly seen in this figure. This type of
representation of the sensitivity is named in this study as Sensitivity of Type I. Fig.55,
represents the sensitivity in a different form with additional information where the horizontalaxis is for the input nodes, and the vertical-axis is for representing relative contributions of each
input signal to any output signal in a cumulative form which amounts to unity. This type of
representation of the sensitivity is named in this study as Sensitivity of Type II. Rather
desirable even distribution of the contributions is quite conspicuous.
The same analyses described above were repeated with the same data with noise superimposed
on the data in the same way as described before. That is, the standard deviation of the noise
introduced on a signal is equal to 3% of the maximum of that signal. For the total number of
patterns the standard deviation is kept constant for that signal throughout the analyses. The
results are presented in Table II in the same form as presented in Table I.
The sensitivity analysis results described in Table II are followed by the gradients of the weights
of the auto-associative network. With respect to each weight, all gradients are presented. In this
respect, the gradient scheme given can be considered as a mapping of the learning with noise, in
this case and it gives important information about the training performance of the neural
network. For the case for which the gradients are reported here, in contrast with the results
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obtained without noise imposition, the magnitude of the gradients are relatively rather high
indicating a gross minimum in the multidimensional space. However, even with this training,
i.e., using noisy data, the performance of the network has only very slightly degraded as the
performance of this network is already described above, in detail. The implication of this result
is that, for a neural network to converge to a minimum defined by a cost (or energy) function is
essential. However, it is possible to obtain a satisfactory performance from a neural network
where the training process converges to a gross minimum. Incidentally, the extreme of
converging to the absolute minimum may lead to an undesirable form of learning to some extend
which is termed as memorizing, as mentioned before. The illustrations of the sensitivity
analyses results with noisy data, given in Table II are presented in Figs. 56 and 57. The
presentations are carried out in two ways for each case. Namely, Fig.56 describes the sensitivity
with respect to each output node. The horizontal-axis is for the output nodes, and the verticalaxis is for representing relative contributions of each input signal to any output signal in a
cumulative form which amounts to unity. This sensitivity representation is named as Sensitivity
of Type I, above. The sensitivity pattern is clearly seen in this figure. Fig.57, represents the
sensitivity in a different form with additional information where the horizontal-axis is for the
input nodes, and the vertical-axis is for representing relative contributions of each input signal
to any output signal in a cumulative form which amounts to unity. This sensitivity
representation is named as Sensitivity of Type II, above. Rather even distribution of the
contributions in both cases is quite conspicuous. Strictly speaking, from the comparison of
Figs.56 and 57 with Figs.54 and 55, it is to conclude that with the addition of noise, the
sensitivity of Type I is slightly improved. In return to this however, the sensitivity of Type II is
slightly degraded. These results corroborate the previous analysis & evaluation results
described previously above, in this work.

5. NEURAL NETWORK BENCHMARK FOLLOW-UP-96
The recommendations for a follow-up of the benchmark-95 will be emphasized in this section.
This very view having been concluded already, in this study, some alternative proposals for the
content and form of the follow-up are developed and they are presented point-wise, below. In
these proposals the common feature is that all proposals are intended for neural network
utilization primarily in nuclear industry to improve safety and operational cost-effectiveness. In
parallel with this, all benchmark proposals endeavor to accomplish stochastic information
processing as well as deterministic signals in the benchmark, although the latter is relatively
easier to understand and implement. By means of this, the neural networks will be more of
concern to reactor noise community and hence the implementations will also gain gravity in that
direction so that the community would be provided with new potential tools and related
possibilities. However, due to present early stage of the stochastic signal analysis by neural
networks, the scope of such benchmarking would be relatively more carefully determined to
encourage the participation. The detailed provisions of the specifications will be provided upon
specific request.
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5.1. Follow-up-96: NN for Condition Monitoring
This proposal concerns the preceding benchmark (Benchmark-95) subjected to study here. This
is basically due to the difficulties that the benchmark participants, with very few exceptions,
generally encountered during the task executions. Both, to encourage the new participation and
to encourage the existing participants to improve and/or complete their work that they
accomplished and submitted it is highly recommended continuing, on this line. In this case the
form of the Benchmark-95 tasks should be further elaborated from the presentation of the
results viewpoint, the contents of the tasks being exactly and strictly the same. Some optional
tasks are to be integrated into the formal tasks, however. Also, the participants should deliver
their results with a standard means (e.g., a 3 ½ “ diskette) rather than on mixed media. In this
context, the existing benchmark tasks descriptions should be revised and improved for the
standardization of the results reporting for efficient processing and reproducibility. This
includes both complementary information needed during the analysis of the results and due
format of the reporting. The detailed design description of this benchmarking can be
comprehended from the presentation of Benchmark-95 [8].

5.2. Follow-up-96: NN Training Algorithms
Although the standard back-propagation (BP) algorithm is quite popular since it is easy to
understand due to its simplicity in implementation, however, there are serious limitations on the
effective utilization of such algorithm (or its variants, like quick BP, batch learning and so
forth), in practice. Therefore, advanced and/or new training algorithms should be used for
enhanced systematic approach for network training where effective and efficient use of
networks is highly required. In the present study report, the substantial improvement provided
by such algorithms is clearly demonstrated with enhanced generalization and efficient i.e., fast
learning capabilities. Such a benchmarking would benefit the participants to train their networks
better with reference to the network limitations in practical use. In this proposal, a new
benchmark data preparation is not central to the proposal as is the case in preceding proposal
and Benchmark-95 data can be used for this proposal. Considering the experiences gained
during the analysis of the Benchmark-95 data, such an approach is even quite appropriate. The
detailed design description of this benchmarking can be comprehended from the chapter titled
Further Studies With the Benchmark Data, above (Section 4.1) where some algorithms,
suitable for the intended goals, are described.

5.3. Follow-up-96: NN Sensitivity Analysis
The sensitivity analysis is an important issue in neural network utilization since it plays
important role on the performance of the network. This is because sensitivity is closely related
to the gradients with respect to synaptic weights and so does the network performance so that it
provides valuable information on network’s status following the training. It can give
information also on the pitfalls of the training process so that one might improve his/her
algorithm by better understanding the functionality of the algorithm. In this context, a new
condition monitoring benchmark in the form of follow-up could be designed where the gravity
of the benchmark would be the sensitivity of the network in use. Such a benchmarking would
benefit the participants to follow the learning process of their networks together with the
limitations as well as possibilities involved. In this proposal, a new benchmark data preparation
is not central to the proposal and Benchmark-95 data can be used for this proposal. With the
same reasoning given in the preceding proposal, such an approach is quite appropriate. The
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detailed design description of this benchmarking can be comprehended from the chapter titled
Further Analysis With the Benchmark Data, above (Section 4.2) where some basic sensitivity
studies and analyses are carried out.

5.4. Follow-up-96: NN as a Tool in Noise Analysis
In this benchmark, utilization of neural networks in noise analysis is aimed. Here, in contrast
with stochastic signal processing using neural network, neural network is used to process
spectral information obtained by stochastic signal processing methods. Therefore, the neural
network itself is not stochastic and it is used as an information processor using the noise
information as plant signatures obtained earlier. For example, the outcome of the neural
network can be used for monitoring of spectral changes, or spectral interdependencies of the
stochastic signals. Such applications are important in power plant operations since small
spectral changes, drifts etc., can be very significant and can be the indicator of early failures.
These types of failures are generally quite elusive and in the case of above example, such
spectrum inspections are normally difficult to carry out on a continuous basis, in practice. The
benchmark tasks in such a benchmark exercise should be seen in two steps. In the first step,
noise analysis is performed to obtain noise signatures from the data appropriately. In the second
step, neural network is used for knowledge acquisition using the outcomes of the preceding
information and/or signal processing. Such a benchmarking is quite significant for power plant
monitoring and early failure detection as a novel cooperative initiative bringing the conventional
noise analysis techniques and the neural networks together.

5.5. Follow-up-96: NN for Reactor Noise Analysis with Stochastic
Signals
Stochastic neural networks are especially important for processing stochastic signals and they
are of main interest for parametric and non-parametric reactor noise analysis studies with neural
networks. Additionally, they are important especially for stochastic system dynamics modeling
by neural networks. The neural network in such applications can be used for both system and
signal modeling as a novel stochastic information-processing tool. For basic understanding and
utilization neural networks with stochastic signals by the help of basic feed-forward type
structures a pioneer benchmarking would be a very important initiative in this direction.
Presumably, such a benchmark would be most appreciable for the reactor noise community
among the other proposals. Stochastic neural networks generally require stochastic training
algorithms because of required fast convergence during adaptation with stochastic signals.
Kalman filtering training algorithm is the most effective training algorithm in this respect. An
example neural network approach for processing stochastic signals using wavelets is described
before [9]. The detailed design description of this benchmarking can easily be comprehended
concerning stochastic parameter estimation, signal prediction, and spectral estimation problems
in the field of noise analysis. Some software support can be provided in this benchmark due to
need for advanced training algorithms relative to back-propagation.
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6. CONCLUSIONS
As a new field, the scope of neural network research is wide and subject to exploration. Even
with the limited scope of Benchmark-95, the present analysis results & follow-up’95 report at
hand, in addition to its mission, presents important research results on neural networks due to
the nature of its mission. This is provided by both participants through their contributions and
studies at hand here performed for thorough evaluation of these contributions. With the capacity
of having the present results of the benchmark analysis, it is to conclude that, the Benchmark-95
has received a satisfactory attention and feedback from the participants. It provided the neural
network users in the nuclear industry with a valuable information source to test their neuralnetwork-based methods for their diverse interests spanning nuclear industry and Nuclear
Science & Technology teaching. In addition to rather common nature of operational plant data,
in particular, the two peculiar operations in the data, i.e., rinsing and stretch-out provide one
with important test facilities to verify and/or validate the performance of a neural network. In
the benchmark design, these are especially included and some benchmark tasks are intentionally
so designed that each involves either of these operational cases for different learning and/or
recall phases in order to be able evaluate the benchmark tasks execution performances from
different viewpoints. The benchmark data expectedly will preserve its value and will continue to
be subject to further analyses beyond the benchmark analyses for experimental research on
neural networks in nuclear industry.
The benchmark undoubtedly helped to the participants to gain insight into the properties of
neural networks concerning their functionality, usefulness and utilization, the latter especially
being concerned with nuclear industry. With reference to the industrial neural network
implementations, the neural network technology closely associates with the nuclear technology
as this can easily be noted from the literature in the year 90s. However, for the recognition of
this technology for critical applications, like nuclear power plant fault detection, diagnosis,
monitoring for instance, apparently requires further maturity of this technology. In this respect,
the present benchmark also gave some key indications of the potential role of neural networks in
nuclear industry. These indications revealed the importance of the establishment of some
general guidelines for enhanced neural network training and effective utilization. Referring to
this, a follow-up benchmark will play an important role further. The benchmark has also
provided the opportunity of exchanging the neural network experiences among the participants
and others. It highlighted the potentialities of neural network technology in nuclear technology
during SMORN-VII symposium and conveyed a message to the symposium participants. In the
light of these considerations and conclusions, a bottom line would be the strong
recommendation of a follow-up of Neural Network Benchmark-95 (SMORN-VII). This would
be very beneficial for better comprehension and effective utilization of neural networks in
nuclear industry eventually leading to benefit nuclear technology, from the potentialities of
neural networks and the related technology.
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