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ABSTRACT: In most probabilistic risk assessments, there is a subset of accident scenarios that mvolves 
physical challenges to the system, such as high heat rates andor accelerations. The system's responses to 
these challenges may be complicated, and their prediction may require the use of long-running computer 
codes. To deal with the many scenarios demanded by a risk assessment, we have been investigating the 
use of artificial neural networks (ANNs) as a fast-running estimation tool. We have developed a 
multivariate linear spline algorithm by extending previous ANN methods that use radial basis functions. 
We have applied the algorithm to problems involving fires, shocks, and vibrations. We have found that 
within the parameter range for which it is trained, the algorithm can simulate the nonlinear responses of 
complex systems with high accuracy. Running times per case are less than one second. 

1. INTRODUCTION 

At Sandia National Laboratories we perform probabilistic risk assessments for a variety of applications, 
including nuclear reactors, defense nuclear facilities, nuclear weapons, aerospace systems, 
telecommunication systems, transportation of hazardous materials, and storage of hazardous wastes. For 
each of these applications, there is a subset of accident scenarios that involves physical challenges to the 
system, such as high heat rates andor high accelerations. The 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 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 surface emissivities andor 
material stif.'fhesses. 
I 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 fires and impacts. These networks are mathematical constructs with adjustable parameters that 
can be trained so that the results obtained from the networks will simulate the results obtained from 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 fraction 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. 

We have attained encouraging results so far using a multivariate linear spline (MVLS) network 
algorithm that was written at Sandia. In the process, we have learned how to facilitate the training of the 
network so that it will simulate the detailed codes successfully. Once a network is trained, we have found 
that we can quite accurately estimate the physical responses emanating from a particular set of input 
conditions in a fraction of a second of processing time, whereas the detailed codes typically require hours 
of processing time for the same set of conditions. 

This paper is divided into two parts: methodology overview and demonstrations. In the methodology 
portion we present a brief background of A N N s  in general, discuss the mathematical basis for the MVLS 
method, describe the steps we take to train the network parameters, and provide a pictorial representation 
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2. METHODOLOGY OVERVIEW 

2.1 Background 

A N N s  were originally developed as a means for encrypting artificial intelligence into computer systems. 
Early applications included pattern recognition and signal identification. 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, financial markets. A general discussion of several types of A N N s  used 
for these purposes may be found in [l], and a discussion of the step-by-step modeling of dynamic systems 
using A N N s  is presented in [2,3,4]. Discussions of the historical development of A N N s  as a tool to 
simulate some aspects of brain behavior are given in [5,6]. 

Recently interest has grown in the use of ANNs to simulate the responses of engineered systems to 
physical phenomena. The MVLS network is well suited for this application because its characteristics are 
similar to those of a response surface. 

The MYLS network is an outgrowth of a radial basis function ANN that was developed by Moody 
and Darken [7]. It simulates mappings via the superposition of radial basis functions (more popularly 
known as “bell-shaped curves”). It is an accurate local approximator and it trains rapidly, but it has the 
potential for size difficulties as the dimension of the input space grows. A generalization of the radial 
basis function ANN known as the connectionist normalized linear spine (CNLS) network was developed 
by Jones et al. [8]. This approach, which uses radial basis functions in a higher order approximation, has 
good local accuracy and is fast running, but it also suffers from a limitation on the dimension of the input 
space. The MVLS network generalizes the CNLS network to multiple output dimensions and, in the 
h e w o r k  of its present implementation, views training in a construct more familiar to engineers than 
that used for the CNLS network. 

2.2 Mathematical Basis of the MYLS Network 

To commence development of the MVLS network, we let x be an n-dimensional vector input to the 
system being modeled and let z = &) be its corresponding M-dimensional vector output. In practice, x 
might represent several o6the input parameters that are provided to a detailed simulation code and z might 
represent several key outputs. We assume that the function g(x) is single valued and deterministic but that 
its form and parameters are unknown. We assume that we can approximate the mapping fiom x to z in 
some limited region of the inpudoutput space using the linear form: 
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of the process. In the demonstration portion we show a sampling of results for the following three 
problems: (1) thermal response of a system to a fire, (2) structural response of a system to shock loading, 
and (3) structural response of a system to vibrational loading. 

z z j =  A(x - c )  

where A is an Mxn matrix of constants, c is an n-dimensional vector of constants, and 3 is a linear 
approximation to g(x), which is assumed to be valid when x is close to c. The approximation written in 
Equation (1) can be realized when data that reflect the correct mapping from x to z are available. Such 
data, in the form of tabular values of inputs and outputs, are known as exemplars. This approximation 
could be optimized using least squares or weighted least squares, and it would be accurate in the vicinity 
of the data used to develop it, as long as the behavior of the mapping in the neighborhood is truly linear. 
This optimization is discussed in the following section. The vector c is the “center” of the local linear 
approximation and is therefore called a center vector, or simply a center. 

We can develop similar approximations in other neighborhoods of the input vector space. To account 
for this, we append the subscriptj to the coefficient matrix, the center vector, and the linear output vector: 



where N is the number of regions of approximation. For each j ,  j j  is assumed to be a valid 
approximation to g(x) when x is close to cy 

Having developed local linear approximations of the x to z mapping, we can now create an 
approximate global map. To accomplish this approximation, we combine several of the linear 
approximations in a series. We weight each component in the series according to the distance between the 
input vector, x, and the center, cf Local linear models that are near x are weighted heavily; those that are 
further away are lightly weighted. The series is: 

where wj are the nonlinear weights attached to the local linear models j j  to produce the nonlinear output 
y. Because the vector y on the left side is independent of the index j ,  it can be removed fiom the sum, and 
the equation can be simplified to: 

A j (x - C j ) w j  
J Y =  

C w j  
j 

This is the parametric form of the MVLS network. 

weighting expression, which is known as the radial basis function and has the form: 
We choose the multivariate Gaussian probability density function (bell-shaped curve) for the 

The quantity p is a network parameter related to the width of the radial basis functions; it is to be 
optimized, and this will be discussed in the following section. 

2.3 Training the W L S  Network 

Two groups of quantities and one scalar need to be identified in order to establish the MVLS network as 
an approximator to the relation z = g(x). These are the linear coefficient matrices Ai, j = 1, . . ., N, the 
centers cp j = 1, . . . , N, and the radial basis function width parameter, p. There are clearly many ways in 
which the parameters could be identified. We have chosen the following approach. 

Assume that there are m exemplars of the system inputloutput behavior, either measured fiom the 
system or computed fiom another model that is to be simulated. Denote these as xi (input) and zi 
(output), i = 1, . . ., m. If the inputs and outputs have not been normalized, we do so now by subtracting 
the mean and dividing by the standard deviation. We select at random fiom among the m normalized 
exemplars m, cases to be used in training the MVLS network. The remaining m-m, cases are used to test 
the trained MVLS network. Often, 80 to 90% of the exemplars are used to train the network, and the 
remaining 10 to 20% are used to test it. 

To establish the centers cp j=1, . . . , N, we start by choosing at random from among the input training 
exemplars, xi, i = 1 ,  . . ., m,, a subset vi, j = 1 ,  . . ., N, where N < m,. We allow the set of vectors vi to “self 



organize" so that they become representative of the entire set of input training exemplars. The self 
organization operation involves a series of steps in which each of the 9 vectors is moved progressively 
toward a clustering of input training exemplars, xi. The final locations of the vi vectors are taken to be the 
centers for the linear approximations, ci. 

The next step is to specify a width parameter, p, and to identify the L nearest neighbors to each center 
vector, cj, fiom among the set of input training exemplars, xi. We use these neighbors and a weighted least 
squares approach to evaluate the coefficient vectors, A,., j = 1, . . ., N. Each coefficient matrix, A,., 
corresponds to a center vector, c,., and identifies the linear model in the neighborhood of the center. 

Let xi and zi, i = 1 , , . ., m-m,, denote the inputs and outputs for the exemplars that have been reserved 
for testing the MVLS network. Using the testing input xi, we can operate the MVLS network in a feed- 
forward mode, using Equations (4) and (5), to evaluate the predicted output, yi. The prediction error is: 

We vary the value of the width parameter p until the error is minimized with respect to p. At this point 
the network is optimal for the particular set of fured centers. We repeat the process (randomizing the 
initial center locations at each iteration) until the error measure is satisfactorily minimized with respect to 
both the center locations, ci, and the width parameter, p. 

2.4 Neural Network Interpretation of the W L S  Method 

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 manged by layers wherein the first layer represents the 
input parameters (i.e., the components of the vector x) and the last layer represents the output parameters 
(Le., the components of the vector y). The remaining neurons can be arranged in any number of 
intermediate layers, called hidden layers. Each synapse connects two neurons in adjacent layers. In the 
earliest forms of A N N s ,  a synapse remained inactive until the energy level in the first of the two neurons 
reached a threshold. At that point, the synapse would fire by allowing a fiaction of the energy to be 
transferred to the second neuron. Most present-day ANNs,  however, do not adhere to a strict threshold 
representation. Rather the amount of energy transferred fiom the first to the second neuron is taken to be a 
continuous function of the energy level of the first neuron. 

The MVLS method can be viewed as a form of ANN, as shown in Figure 1. This ANN contains three 
layers of neurons. The input layer is connected to the output layer by one intermediate layer, which 
contains the linear output approximations, j j  . The transfer hctions for the synapses connecting the 
first two layers are the elements of the linear coefficient matrices, A. For the next two layers, the transfer 
functions are the nonlinear radial basis functions, 9 In addition, Figure 1 illustrates the two iteration 
loops involved in the training process. The first concerns the specification of the width parameter, p; the 
second concerns the placement of the centers, 5, and the specification of the coefficients, A .  

3. DEMONSTRATIONS 

3.1 Thermal Response in a Fire Environment 

A schematic representation of the first demonstration problem is shown in Figure 2a. A set of electronic 
components is contained within a stainless steel housing of circular cross section. (The octagonal shape of 



the cross section in Figure 2a is a simplification of the actual shape.) The housing is enclosed by two 
separate containers, one composed of a metal alloy and the other of aluminum. The latter container is 
encased in a shield of insulating material. The forward and aft parts of the assembly are not shown in the 
schematic. They consist of various other materials that are insulating in nature. 

The system in Figure 2a is exposed to various kinds of fires that beset the outer shield, as illustrated in 
Figure 2b. Some of the fires engulf the whole assembly. Others attack a portion of the outer shield, while 
the remaining portion is protected by a sheltering medium. The properties of the sheltering medium can 
vary fiom case to case. In some cases the sheltering medium acts as a perfect insulator (adiabatic 
boundary condition), whereas in others it acts as an infinite reservoir (isothermal boundary condition). 

The system in Figure 2b is also exposed to various degrees of predamage. The predamage is caused 
by a puncture probe that leaves a hole through the outer shield and the two metallic containers in the 
vicinity of the electronic components. In those cases where puncturing has occurred, a portion of the 
stainless steel housing is directly exposed to the fire. 

Prior to the neural network analysis, we created a detailed finite element model for the system and 
evaluated the thermal responses for a variety of cases using the thermal analysis code COYOTE [SI. The 
complete model, including the forward and aft sections, contained about 7000 finite elements. Each case 
took fiom 40 minutes to 2 hours to run on a Silicon Graphics workstation (Indigo 2,RlOOOO). The 31 
cases we ran included variations in the fire temperature, TF, the axial extent of the fire exposure region, xF, 
the circumferential extent of the fire exposure region, eF, the heat transfer coefficient for the sheltering 
medium, h,, and the puncture diameter, Dp A summary of the environmental parameter variations for the 
COYOTE runs is presented below: 

ValuesofTF(K): 1294, 1366, 1555, 1811, 2200, 2755, 3255, 3311 
Values of xF (cm): 50, 150 
Values of eF (rad): n/2, 7T, 27T 
Values of h,: 0, * 
ValuesofDp (cm): 0, 2.5, 7.5 

(0 = adiabatic interface, 00 = isothermal interface) 

For each of the 3 1 selected combinations of these parameter values, we calculated the temperature of each 
of the electronic components as a function of time. 

There were six input parameters for the neural net analysis: the five environmental parameters 
(enumerated above) and a normalized version of time, t (TdT0)4. We multiplied time by the fourth power 
of the ratio of fire temperature to initial temperature to take advantage of our knowledge that the heat flux 
fiom the fire to the outer shield is governed by thermal radiation. Thus the heat flux is proportional to the 
fourth power of fire temperature. We trained the neural network to provide as output a normalized version 
of the temperatures of three of the components: (Tk - To) / (TF - To), for component k = 1,2,3. We used 
about 1900 temperatures for each component fiom the finite element analysis as exemplars of correct 
behavior (31 cases x 61 times, average per case); of those we used about 1800 for training and 100 for 
testing. In the final analysis, we employed 250 center vectors to obtain satisfactory results. 

A sampling of results fiom 6 of the 31 cases is shown in Figure 3. The temperature-time variations 
obtained fiom the trained ANN for the first component (dashed curves) are compared to the 
corresponding temperature-time variations obtained fiom COYOTE (solid curves). The excellent 
agreement exhibited in Figure 3 is typical of the results obtained for all the cases. 

3.2 Structural Response in a Shock Environment 

The second problem involves the structural response of a portion of the system shown in Figure 2a 
resulting fiom an impact into a rigid object. An impact experiment was performed on each of three 
identical subsystems consisting of the stainless steel housing and the internal electronic components. In 



‘t I *  the first experiinent, the subsystem was traveling to the left in the diagram when it impacted a stationary 
vertical flat surface. In the second, the subsystem was traveling in a downward direction when it impacted 
a stationary horizontal flat surface. The third experiment was the same as the second, except that the 
target was a stationary horizontal rail oriented so that its axis was perpendicular to that of the subsystem 
(i.e., upward from the plane of the page). The width of the rail was about half the axial length of the 
subsystem: In all three experiments, the speed at impact was approximately 30 m/s. Accelerations of the 
components were measured by accelerometers with sensitivities of at least 20,000 gs. 

The objective of this problem was to train an ANN to simulate the acceleration responses of the three 
were three inputs to the ANN: the’ angle of impact, the target type 

(flat plate or rail), &d &ne: . d the network to provide Gee-ou&dtsi the a&eleratio&i of the 
three components considered in the thermal example. We extracted about 1080 exemplars fiom the 
experimental results for each component (3 experiments x 317 times, average per experiment); of these 
we used about 1030 for training the network and the other 50 for testing it. In the final network, we 
employed 120 center vectors. 

Results for one of the components in one of the experiments are shown in Figure 4. Typical of shock 
loading, the experimental data contained multiple fiequency modes of response. The ANN was able to 
simulate the lower frequency modes very well but had limited success with the higher fiequency modes. 
Simulation of higher frequency modes of response requires a different type of ANN, which will be 
discussed in the next section. For shock loading problems, however, the peak instantaneous acceleration 
and the overall width of the peak most directly determine whether a component survives or fails. The 
results in Figure 4 reveal that the ANN was quite successll in predicting these facets of the response. 

nts. For this problem . . x -.*. 1 ~ , . ~ 

3.3 Structural Response in a Vibrational Environment 

The last example problem involves a randomly excited nonlinear system consisting of two masses 
connected by a nonlinear spring and damper. One of the masses is excited by a random oscillatory 
acceleration, denoted as 4(t), and the other responds with a time-varying acceleration, a(t). The 
acceleration is transformed into time-varying modal components using local linear models. The two most 
important modal components, s,(t) and s2(t), are determined by canonical variate analysis (CVA). Details 
of that analysis are presented in [lOJ. 

The objective of the ANN analysis 
mapping from past states to future 
approximate the mapping: 

. 

is to simulate the modal acceleration components sl(t) and s2(t) by 
states. That is, we seek to define an MVLS-type ANN that will 

where subscriptj denotes time t, subscriptj-1 time t-At, and subscriptj-2 time t-2At. This type of neural 
network is called a recurrent ANN. Once identified, the map is used in an iterated (time marching) 
fiamework to predict the response of the system as a function of time. 

From the CVA, we selected the first 1800 times as exemplars, using 1600 times for training the 
network and the other 200 for testing it. The final ANN contained 30 centers. The results obtained fiom 
the ANN for the first modal component of acceleration are compared to those fiom the CVA in Figure 5. 
The figure shows the results for 200 times following the 1800 that were used as exemplars. The good 
agreement indicates that the ANN is able to simulate the response quite well at times beyond those for 
which it was trained. The greatest inaccuracies occur at the extremes of the response. These inaccuracies 
occur because the mapping is not modeled as well at the extremes as at the more central regions of the 
response, owing to the higher degree of nonlinearity near the extremes. 



4. CONCLUSIONS 

In most probabilistic risk assessments, a subset of accident scenarios involves physical challenges to the 
system under consideration. The responses of the system to these challenges may be complicated and 
their prediction may require the use of long-running computer codes. It is therefore important to have a 
reliable means for approximating the responses in a much more time-eacient manner. 

For this reason we investigated the use of artificial neural networks (ANNs) as an estimation tool. We 
developed an MVLS algorithm by extending previous ANN algorithms that use radial basis functions. 
We 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 simulating the responses of 
complex systems with quite high accuracy over the range for which it is trained. Computer running times 
per case are less than a second on a Silicon Graphics workstation. 
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Figure 1. Neural net interpretation of the multivariate linear spline algorithm. 
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Figure 2. Scxematic of the central section of the-first test problem. 



Figure 3. Comparison of COYOTE code and neural net results for a thermal test problem. 
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Figure 4. Comparison of test data and neural net results for a shock loading test problem. 
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Figure 5. Comparison of analytical solution and neural net results for a vibration test problem. 
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