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1. Introduction 

In most probabilistic risk assessments, there is a set of accident scenarios that involves 
the physical responses of a system to environmental challenges. Examples include the 
effects of earthquakes and fires on the operability of a nuclear reactor safety system, the 
effects of fres and impacts on the safety integrity of a nuclear weapon, and the effects of 
human intrusions on the transport of radionuclides ftom an underground waste facility. 
The physical responses of the system to these challenges can be quite complex, and their 
evaluation may require the use of detailed computer codes that are very time-consuming 
to execute. Yet, to perform meaningful probabilistic analyses, it is necessary to evaluate 
the responses for a large number of variations in the input parameters that describe the 
initial state of the system, the environments to which it is exposed, and the effects of 
human interaction. Because the uncertainties of the system response may be very large, 
it may also be necessary to perform these evaluations for various values of modeling 
parameters that have high uncertainties, such as material stiaesses, surface emissivities, 
and ground permeabilities. 

To make the problem more tractable, we have been exploring the use of artificial 
neural networks (ANNs) as a means for estimating the physical responses of complex 
systems to phenomenological events such as those cited above. These networks are 
designed as mathematical constructs with adjustable parameters that can be trained so 
that the results obtained ftom the networks will simulate the results obtained fiom the 
detailed computer codes. The intent is for the networks to provide an adequate 
simulation of the detailed codes over a significant range of variables while requiring 
only a small ftaction of the computer processing time required by the detailed codes. 
This enables us to integrate the physical response analyses into our probabilistic models 
in order to estimate the probabilities of various responses. 

ANNs were originally developed as a means for encrypting artificial intelligence 
into computer systems. Early applications included pattern recognition and signal 
identification, and, as the methods became more mature, they found increasing use in 
control theory. They have also been used as tools for the prediction of future behavior 
in, for example, fmancial markets. A general discussion of several types of ANNs used 
for these purposes is described by Paez [ 13. 

Recently, interest has grown in the use of ANNs to simulate the responses of 
engineered systems to physical phenomena. For this type of problem, we have had 
encouraging results using a multivariate linear spline (MVLS) neural network algorithm 
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that was written at Sandia. The MVLS network is an outgrowth of a radial basis 
function ANN that was originally developed by Moody and Darken [2], and it is well 
suited for physical response simulation because its characteristics are similar to those of 
a response surface. 

2. Methodology 

Artificial neural networks are so named because they simulate certain neurological 
processes that occur in the human brain. An ANN is simply a connection of nodes, 
referred to as neurons, that are connected by links, referred to as synapses. The neurons 
are arranged by layers, wherein the first layer represents the input parameters ( e g ,  the 
parameters that describe the environment and the system configuration, as well as the 
time into the accident), and the last layer represents the output parameters ( e g ,  the 
acceleration or temperature of critical components at the indicated time). The remaining 
neurons can be arranged in any number of intermediate layers, called hidden layers. 
Each synapse connects two neurons in adjacent layers. 

The formulation of the MVLS method as a type of ANN is shown in Figure 1. This 
ANN contains three layers of neurons. The input layer, with input parameters xi, is 
connected to the output layer, with output parameters yi, by one intermediate layer that 
contains a set of linear output approximations denoted as j j k  . Each linear function, 
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Fig. 1. Neural network interpretation of the multivariate linear spline algorithm. 



,Gjk , approximates the output function, yj, within a small distance of a particular set of 
input parameters, xj = xik. Those particular input values are denoted as centers for the 
linear approximations. The linear relations between xi and y j k  are characterized by the 
transfer coefficients, A$, whose values are yet to be determined. The nonlinear 
relations between y j k  and yj are characterized by the radial basis transfer functions, 
yk. These transfer functions, also known as multivariate Guassian functions, have the 
following form: 

The adjustable parameters in the MVLS neural network are the linear transfer 
coefficients, Auk, the center locations for the linear approximations, Xik, and the radial 
basis function width parameters, pg. To determine the values of the ANN parameters 
that best simulate the physical processes of the actual system, we require a set of training 
exemplars. The exemplars are a set of input values and corresponding output values that 
are known to correctly describe the response of the system. They can be obtained fiom 
f ~ t e  element codes simulations, benchmarking experiments, or analytical solutions for 
the problem being considered. The neural network parameters are determined by 
minimizing the root mean square deviation between the exemplars of correct behavior 
and the outputs of the neural network, yj. The specific methods we use to optimize the 
parameters are described in [3] and [4]. They consist of a combination of linear 
regression analyses for the linear coefficients, self organization for the center locations, 
and iteration to obtain the width parameters. 

3. Demonstrations 

In this section, we apply the MVLS neural network to four problems to illustrate its 
possible uses. The page limitations associated with this paper preclude describing the 
problems in detail. More detailed descriptions may be found in [3], [4], and [5]. 

The first problem concerned the applications of various kinds of fires to a system 
composed of numerous components surrounded by a casing. Exemplars of correct 
behavior for the system were obtained from a set of computations performed with 
Sandia's thermal analysis code, COYOTE [6], with a mesh consisting of about 7000 
finite elements. Figure 2 shows some of the temperature responses obtained fiom the 
COYOTE calculations for one of the components compared to responses calculated by 
the MVLS neural network. The agreement was very good. Note that the cases shown 
were among those used to train the neural network. 

The second problem concerned the application of various kinds of dynamic impact 
conditions to the same configuration considered in the first problem. For this case, 
exemplars of correct behavior were obtained from a set of experiments performed at 
Sandia. Figure 3 shows the acceleration responses obtained fiom one of the experiments 



experiments for one of the components compared to responses calculated by the MVLS 
network. Note that the lower fiequency modes of response were simulated quite well 
by the network, but the higher fiequency modes were not well matched. Again, the case 
shown was among those used to Wain the neural network. 

The third problem consisted of two masses connected by a nonlinear spring and a 
nonlinear damper. One of the masses was excited by a randomly generated forcing 
function (acceleration), and the second mass responded in a nonlinear manner. The 
exemplars of correct behavior were obtained using a conical variate analysis (CVA) 
technique. The neural network was exercised in a recurrent fashion. That is to say, the 
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Fig. 3. Comparison of test data and neural net results for a shock loading test problem. 



network was trained to predict the acceleration of the second mass one time-step in the 
future, given the known acceleration of the first mass and the calculated acceleration 
history of the second mass up to the present time. Figure 4 shows the acceleration 
responses of the second mass obtained from the CVA compared to the responses 
calculated by the neural network. The agreement was generally good. It is significant to 
note that the time period for the comparison in the figure extended well beyond the time 
period for which the ANN was trained. 

The fourth problem was very similar to the first, except that the ANN was asked to 
predict the thermal responses of the components for a set of input conditions that were 
well outside the range for which it was trained. It is generally recognized that neural 
networks can perform very well in an interpolating mode if a sufficient amount of 
training data exist, but it is also acknowledged that they do not perform very well in an 
extrapolating mode. To obtain reasonably good agreement between the fmite element 
code results and the neural network results for this problem, we had to exercise an 
intermediate step. That step was to develop a very coarse-mesh finite element model 
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Fig. 4. Comparison of analytical and neural net results for a vibration test problem. 
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(only 200 elements) and apply it using a thermal analysis code to the problems to be 
analyzed with the MVLS network. We then trained the neural network to predict the 
relative difference between the results calculated with the detailed (7000-element) finite 
element model and those calculated with the fast-running coarse model. The network 
thereafter was used as a tool for determining correction factors to be applied to results 
obtained with the coarse-mesh finite element model. When used in this manner, the 
MVLS neural network was able to simulate the responses of the system quite closely for 
conditions well beyond the range of the training data. Example results are shown in 
Figure 5. Additional explanation about the procedure may be found in [4]. 

4. Conclusions 

We have developed an MVLS neural network algorithm by extending previous 
algorithms that use radial basis fimctions. We have applied the algorithm to problems 
involving the nonlinear responses of systems to fires, shocks, and vibrations. The results 
indicate that this MVLS algorithm is capable of very rapidly simulating the responses of 
complex systems, with quite high accuracy over the range for which it is trained. 
Separate results suggest that although neural networks are not generally robust when 
called upon to extrapolate beyond the conditions for which they are trained, their 
performance in an extrapolating mode improves significantly when used in combination 
with simplified physical models. 
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