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ABSTRACT - The basic concept of neural networks and back propagation 
learning algorithm are described. The behaviour of typical neural network 
is demonstratedon a simple graphical case. A short literature survey about 
the application of neural networks in nuclear science and engineering is 
made. The application of the neural network to the probability density 
calculation is shown. 

POVZETEK - Opisana je osnova nevronskih mrež in 'back propagation'' 
načina njihovega učenja. Obnašanje enostavne nevronske mreže je prikazano 
na grafičnem primeru. Podan je kratek pregled literature o uporabi 
nevronskih mrež v jedrski znanosti in tehnologiji. Prikazana je tudi uporaba 
nevronske mreže pri izračunu verjetnostne porazdelitve. 

INTRODUCTION 
The application of neural networks has emerged only few years ago. They can 

be used in different fields of science and technology, primarily in the area of 
artificial intelligence and pattern recognition. The term neural networks implies the 
medical or computer application, but in fact they have very little to do with each of 
these fields. Neural network is the name of the set of numerical rules for data 
processing. With their help it is possible to simulate natural phenomena without 
precise knowledge of o i i t r iut^ 
rules, by which they 
are governed. Neural 
network is an simple 
computer program, that 
can generate the model 
of the phenomena from 
the set of known data. 
Application of neural 
networks is emerging 
also in nuclear science 
and technology. 
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described in this paper, their performance is demonstrated on an example and a short 
literature survey about applications of neural networks is made. 

Basic concept of neural networks 
To an arbitrary natural system one can define a number of inputs, through which 

the system is exited, and number of outputs, through which the system is responding 
to the environment. On Figure 1 is the schematics of the neural network, by which 
an arbitrary system could be simulated [1], Each circle on the figure is, because 
of the similarity with the human brain structure, called a neuron. Each neuron 
responds to inputs (bottom) with one output (top). The neuron or node sums the 
product of the inputs and the connection weights from the nodes of the previous 
layer and then limits it by a nonlinear threshold function. The net output of the jfth 
node in layer k is given by: 

* / - / < I > J i * * i , r t + e / > ( 1 ) 

where w / are weighting factors, ef is the bias associated with they'th node of layer 
k, and the function/ is an activation function. The activation function is an arbitrary 
nonlinear term. Most frequently an sigmoid function: 

fix/) 
1 •« -** '* 

( 2 ) 

where x/ is input and y the shaping ratio, is used because of its ability to produce 
continuous nonlinear functions. Graphically is this function represented on Figure 2: 

The information about the simulated system 
transfer function is hidden in weighting factors. 
The network can learn those weighting factors 
by iterative reduction of system output errors 
when both inputs and outputs are known. The 
response of the network will improve with the 
number of "teaching lessons" with known 
inputs and Outputs. There are different 
algorithms developed for neural network 
training. The mošt popular, but not the most 
effective, is a back propagation network technique algorithm. 

Figure 2: Sigmoid function 

Back-Propagation Network Algorithm 
The basic idea of the back propagation network (BPN) algorithm, formulated in 

[2], is to minimize the sum squared error at the output by changing weights. The 
errors in the hidden layer cannot be computed directly because the target Outputs are 
unknown. For that purpose the BPN calculates the derivative of the error function 
with respect to any weight in the network and the change of weights can be obtained 
without much difficulty. For the neural network with sigmoid function one would 
obtain the following rule for the calculation of the error signal 8ri in the output layer: 

• p > " ( t p j ~ 0 P i , 0 p j < 1 - ° p j ( 3 ) 

and for the hidden layer: 
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6Pj=°Pi<l-<W>£Sp*"jy <4> 

where v, and o ? are the target and the actual outputs, respectively [2]. The basic 
BPN learning algorithm could be outlined as follows: 

1. Construct a network and assign the random connection weights wa and biases 0 • 
to all nodes. * w 

2. Present the normalized input pattern to the first layer and propagate it to the 
output layer. 
Calculate the local error at the dutput layer using (3). 
Calculate the local error at the hidden layer using (4). 
Compute all connection weights and biases and correct them. 
Update all the connection weights and biases. 
Repeat steps from 2 to 6 until the error between the desired and the actual output 
is sufficiently small. 

3. 
4. 
5. 
6. 
7. 

It is very easy to program the neural network structure on Figure 1 in any 
computer language and at any computer. It would be also possible to construct it on 
the hardware level and thereby gain very much in the speed of parallelized 
computation. But, for the great majority of today applications, there is no real need 
for that yet. 

An example of the neural network use 
A neural network computer program has been created based on the above 

described back propagation learning algorithm. On the following pictures the ability 
of the network to learn the system behaviour is demonstrated. The network has two 
inputs x, y and one output z. For the each presented case it was taught by a limited 
number of sample inputs and outputs. After that a larger number of input pairs were 
fed into the network and the output was plotted as a 3D surface. 

Case 1: 
Teaching inputs: 

X 

0.0 
0.0 
1.0 
1.0 

v 
0.0 
1.0 
1.0 
0.0 

z 
0.5 
0.5 
0.5 
0.5 

« V f 

It can be seen from the output response 
surface, that the network has learned a flat 
surface very good and that it can interpolate 
also between points, that were used in the 
teaching process. 

Figure 3: Output of case 1 
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Case 2: 
Teaching inputs: 

X 

0.0 
0.0 
1.0 
1.0 
0.5 

v 
0.0 
1.0 
1.0 
1.0 
0.5 

z 
0.5 
0.5 
0.5 
0.5 
0.75 

In this case it was tried to teach the 
network a pyramid by adding additional Figure 4: Output of case 2 
point above the middle of the plane defined 
already in case 1. The network, however, has properly adjusted its weights so, that 
in the teaching points it gives correct results, but between them it is not the kind of 
pyramid, that was expected. 

Case 3: 

Teaching inputs: 
.7« 

.69 

«./, 

X 

0.0 
0.0 
1.0 
1.0 
0.0 
1.0 
0.5 

V 

0.0 
1.0 

1.0 
1.0 
0.5 
0.5 
0.5 

2 

0.5 
0.5 
0.5 
0.5 
0.5 
0.5 
0.75 Figure 5: Output of case 3 

To force the network to learn a desired pyramidal shape from case 2, additional 
learning points were added in the middle between two base plane edges. The network 
again did not match the wanted shape, it has found another simpler adaptive surface 
through all the teaching points. 

Case 4: 

Teaching inputs: 

u 
1 0.0 
1 0.0 

1.0 
1.0 
0.0 
1.0 
0.5 
0.5 
0.5 

Y 

0.0 
1.0 
1.0 
1.0 
0.5 
0.5 
0.0 
1.0 
0.5 

z , | 
0.5 
0.5 
0.5 
0.5 
0.5 
0.5 
0.5 
0.5 
0.75 

Figure 6: Output of case 4 
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The desired pyramidal shape has been Finally obtained after adding two more 
points at the base plane. The back propagation learning process of the network 
required much bigger number of iterations. 

These examples illustrate the adaptability of the network to the simulating 
system. It can be also concluded, that its use requires very good understanding trf 
the basic properties of the simulated system. It is simple to prepare the neural 
network computer program, but it is much more complex problem to properly teach 
it. 

Neural network applications in the nuclear science and technology 
Neural networks have already found their way into the nuclear science and 

technology- A number of papers on that matter have been published. There was 
already a special session devoted to their application at the conference of American 
Nuclear Society. Following are some examples of the neural network applications 
in nuclear field. 

Zhichao Guo in [3] has demonstrated the use of the neural network in the 
expert system PRISIM, that is used in on-line probabilistic safety analysis. 

There are several applications in the area of control. Guimaraes in [4] has 
described a system for the control of an research reactor, that was taught by an 
s i m u l a t i o n 
program. Alguin-
digue has shown 
in [ 5 ] t h e 
application of an 
neural network 
for identification 
Of the NPP state. 
Input parameters 
were neutron 
power, pressure, 
hot and cold leg 
t e m p e r a t u r e , 
feedwater flow 
and SG pressure. 
1283 data sets 
were used for the 
teaching. Results 
have properly "guessed 

200 300 400 

TIME (minutes) 
soo 

Figure 7: Neural network application example [8] 

in 89% of cases. 

Parlos has in [6] successfully taughl the network to simulate an dynamic 
behaviour of the plant. Jouse has made in [7] a system for the control of NPP 
parameters inside the permitted area in the pT diagram. The dynamic simulation of 
the NPP behaviour has succeeded also Roh in 2 and Eryurek in [8]. 

There is an example of the neural network application from [8] shown on figure 
7. The network has successfully predicted the result from input data, although the 
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relevant sensor had failed. The required output was calculated from the existing input 
parameters. 

The article [9] gives an comprehensive overview of the neural network 
possibilities in nuclear power plant operation. Following are potential applications: 

- Diagnosing specific abnormal conditions 
- Identifying nonlinear dynamics and transients 
- Detecting the change of mode of operation 
- Controlling temperature and pressure during start-up 
- Validating signals 
- Plant wide monitoring using autoassociative neural networks 
- Monitoring of check valves 
- Modelling the plant thermal-hydraulics to increase efficiency 
- Emulating core reload calculations 
- Analysing temporal sequences in the U.S. Nuclear Regulatory Commission 

Licensee Event Reports 
- Monitoring plant parameters 
- Analysing vibrations in plants and relating machinery 

Application of neural network for the high order regression analysis 
Neural network has been used for the replacement of regression analysis in one 

of our previous works {10]. The response surface was generated there from 128 
results in the result matrix. The third order response surface was used to obtain the 

following function p e r 

Xi,Xj,Xk are the com
binations of 7 indepen
dent input parameters. 
Higher order terms are 
redefined as auxiliary 
terms to perform linear 
regression analysis. 
This was performed by 
the LOTUS 1-2-3 build 
in regression analysis, 
that has determined 
coefficients of the 
polynomial. 

I. J. K 

• E 
l.TTk-Q 

altjik XiXfa , where I=J»K=7, Xo=0 and 

Probability density 
by linear regression and neural network 

t t ' This rather tedious 
process has been 
replaced by the neural 
network. The network, 
consisting of 7 inputs 
and 1 output, was taught by 128 cases. Later, in the Monte-Carlo analysis, it has 
replaced the polynomial. Input parameters were randomly changed and the 

Temperature (K| 

Figure 8: Neural network application 
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probability density function was constructed. The comparison with the result obtained 
by the method in [10] is shown on Figure 8. 

CONCLUSION 
Neural networks offer an interesting and productive means of addressing many 

problems that occur in nuclear (and other) power plants. Much of this work is still 
in the feasibility stage, but the results are encouraging and indicate, that the 
techniques have the potential to enhance the performance and safety of nuclear power 
plants in a cost-effective way. 

Our plans are to use a neural network for the U tube crack growth propagation 
prediction and in an expert system for the continuous casting break-out prediction in 
still mills. Both processes are typically stochastic and it is difficult to make an simple 
physical model for them. 
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Does the teaching process depend on the experience of the person, who is 
performing K? 

Yes, there are several empirical dials and weighting factors used in the teaching 
process. The experience of the user, especially his ability to recognize main 
characteristics of the simulated system and properly tune these variables, may 
considerably influence the teaching process. 
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