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Using neural networks to infer the
Hydrodynamic yield of aspherical sources

B. Moran and L. Glenn

Abstract:

We distinguish two kinds of difficulties with yield determination from
aspherical sources. The first kind, the spoofing difficulty, occurs when a fraction
of the energy of the explosion is channeled in such a way that it is not detected

' by the CORRTEX(1) cable. In this case, neither neural networks nor any expert
system can be expected to accurately estimate the yield without detailed

• information about device emplacement within the canister. Numerical
simulations however, can provide an upper bound on the undetected fraction of
the explosive energy. In the second instance, the interpretat:ion difficulty, the
data appear abnormal when analyzed using similar-explosion-scaling and the
assumption of a spherical front. The inferred yield varies with time and the
confidence in the yield estimate decreases. It is this kind of problem we address
in this paper and for which neural networks can make a contribution.

We used a back propagation neural network to infer the hydrodynamic
yield of simulated aspherical sources. We trained the network using a subset of
simulations from 3 different aspherical sources, with 3 different yields, and 3
satellite offset separations. The trained network was able to predict the yield
within 15% in all cases and to identify the correct type of aspherical source in
most cases. The predictive capability of the network increased with a larger
training set. The neural network approach can easily incorporate information
from new calculations or experiments and is therefore flexible and easy to
maintain. We describe the potential capabilities and limitations in using such
retworks for yield estimations.

Introduction:

• The use of artificial neural network methods in hydrodynamic yield

estimation methods has been discussed by Dowla et al(2). In that report, 24
. explosions in tuff for which there are experimental CORRTEX data, were

analyzed. The events ranged in yield from approximately 71 to 1150 kt, and were
all well tamped. Here, we extend the analysis to include simulated explosions
inside canisters which are permitted within the standard geometry constraints

imposed by the protocol of the ITBT(3).

The current US methodology is based on a piece-wise point source
analysis. This rule-based methodology however, cannot easily incorporate
information from new calculations or experiments and is therefore somewhat
rigid. In this paper we explore the use of a neural network to address the
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problem of yield determination from aspherical sources and describe our

experience with the data sets calculated by Hill et al(4).

Difficulties with aspherical sources:

There are 2 kinds of difficulties with yield determination from aspherical
sources. The first kind, the spoofing difficulty, means that there exists a center of
energy (COE) for which the inferred yield is invariant with time but that the
magnitude of that yield is incorrect. This happens when a portion of the energy
of the explosion is channeled in such a way that it is not detected by the
CORRTEX cable. Obviously, neither neural networks nor any expert system can
be expected to detect this kind of difficulty without some knowledge about the
canister.

As an example of a spoofing configuration, consider the case where the
device is at the top of the canister and a baffle is placed below the device. Figure
1 shows that such a configuration can produce widely different shock fronts
depending on the areal density of the baffle. Although the tc,p portion of the
shock front for these calculations are all spherical, the speed of propagation of
the front and hence the time it takes to reach the satellite cable depends on the
areal density. A qualitative explanation of how a plate below the device reduces
the speed of the shock front, and hence the inferred yield, is as follows: During
the energy production from the source and deposition in the ambient material,
the plate acts as a tamper which confines the energy of the device. A spherical
shock front centered around the device, then begins to develop. Impulse on the
tamper however, imparts a velocity to it which uses up some of the device
energy and decreases the driving pressure behind the main shock. Since for a
given impulse imparted to the plate, its velocity and its kinetic energy are both
inversely proportional to its mass, we can expect that a decrease in the plate areal
density will increase the energy preferentially channeled down the empty
canister. The fraction of the total energy which remains around the device to
drive the main shock thus decreases with a decrease in the areal density of the
plate. This qualitative explanation _snot valid in the limit of zero plate areal
density. In that case, the early transport of energy down the empty canister
generates a nearly cylindrical wave front which can be analyzed at late time to

' produce a good estimate of the correct yield. Figure 2 shows the fraction of
energy detected using the US methodology.

The second kind of difficulty, the interpretation difficulty, means that
regardless of the chosen COE, the inferred yield varies with time. This indicates
that either the standard curve used in explosion scaling does not represent the in
situ rock or that the source is aspherical. It is this latter scenario which we
address in this paper and for which neural networks can make a contribution.
The important determination of the "best" standard curve through the use of
artificial neural networks or other techniques will not be discussed here.



Simulated configurations:

we considered the three aspherical configurations suggested by the Soviet

white paper(5) and shown in Figure 3' the first is LC1, a device located at one end
of an air filled, 12 m-long canister whose outside diameter is 2.5 m. The second is
LC6, a similar configuration to LC1 except that a partition, with an areal density

of 52.5 g/cm 2, is placed so as to confine the initial hohlraum to a length of 1.7 m.
The final configuration is LP1, a 1.7 m long and 2.24 m diameter device
connected to an air filled LOS pipe 7.65 m long and 0.508 m diameter. Each of the

three configurations was simulated by Hill et al(4) with an input yield of 105, 150,
and 195 kt and three different horizontal offsets for the satellite CORRTEX cable:
8, 10, and 14 m. The device in each of these 27 data sets was at the bottom of the

canister, thus ensuring that all the explosion energy would be detected by the
CORRTEX cable.

Building the neural network:

We used a commercially available(6) back propagation software package
to build a network that can predict the correct yield and recognize canister
configurations. The input to the net consists only of data that would be available
in a verification scenario: The standard curve, the surveyed horizontal offset of
the CORRTEX cable, and the cable crush length-versus-time data. A major

difference between this network and the one discussed by Dowla et al (2) is that
this network was designed to "see" the whole yield- versus-time curve thus
considerably enhancing its ability to predict the yield of an aspherical source.

Preparation of tile input consisted of the following steps:
1) For each configuration, calculate the explosion horizon (i.e. vertical offset) as
the location of the first cable-crush. For the simulated explosions, that location is
the lowest vertical coordinate which indicates crushing, it makes no assumptions
about the location of the device within the canister.

2) Use the surveyed horizontal offset and the vertical offset to calculate a radius-
versus-time curve for each configuration, yield, and horizontal offset. We used
the exact horizontal offset for the simulated calculations and discuss the effects of
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uncertainties in the offset in the next section.

3) For each radius-versus-time curve, use explosion scaling and the standard
curve to calculate a yield-versus-time curve.
4) For each yield-versus-time curve, make a coordinate transformation to a yield
versus vertical distance above first crush and interpolate that curve to find the
yield at vertical distances of 0, 3, 6, 9, 12, 15, 18, 40, and 50 m above first crush.
These locations, although arbitrary, were chosen to provide representative data
from the early and the late time portions of the curve.

The input to the net consisted of the horizontal offset, the yield at the first crush,
and the differential yield at the other 8 locations described above. The differential



yield is the difference between the yield and the yield at the first crush. Using
differential quantities for input improves the accuracy of the network.

We used one hidden layer with 10 nodes. We found that using 2 hidden layers
produces a faster training but poor generalization. The output consisted of the
simulated yield and 3 variables, each between 0 and 1, that describe the
probability of a given configuration.

Yield estimation results:

We trained the network using a subset of the 27 simulated data sets and tested its
predictive capability on the remaining sets. We found that choosing a
representative subset for training enhances the predictive capability and that
increasing the training subset from 18 to 26 decreased the maximum error in the
estimated yield from about 25% to 15%. All the results reported henceforth are
from training using 26 data sets and predicting the yield of the 27th set.

Training was stopped when the estimated yields from all the training set were
within 10% of the exact values and typically took about 15 minutes on a Mac IIfx.
We found that training to a smaller error did not improve the predicted results.
This is due to the relatively small number of training sets and the tendency of the
net to "memorize" rather than "generalize" in such cases.

Figure 4 shows the predicted yield as a function of problem number. On the
same graph we show the results of the US methodology. Note that the maximum
error using the neural net is about half that of the US methodology and whereas
the US methodology results show a distinct bias, the neural network results do
not.

We have tested the stability of the net by slightly changing the horizontal offsets
and found that the predicted yields change only slightly.

,i

Summary and conclusions:

We have built and tested an artificial neural network that was capable of
predicting the yield from a limited number of aspherical sources. Although the
network was trained using a limited number of examples, it has demonstrated
improved accuracy with increasing size of the training set. Such a network is
useful when it is suspected that the source is aspherical.

There are two issues that need to be addressed when using such a network: The
first is how well does one know the standard curve and the second is a question
of uniqueness of the solution.
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In all our calculations, the standard curve and the simulated aspherical
explosions were modeled using the same equation of state for the rock. In a
treaty mode, the standard curve needs to be constructed from various
measurements of the reck and thus has some uncertainty• An important
question that remains to be answered is how well can a neural network be
trained to choose the "best" standard curve.

The uniqueness issue addresses the question of whether it is possible for two
different configurations of different yields to produce CORRTEX data that
appear very similar to the neural net. Our experience with the 27 data sets

• indicates that this can only happen when the source is at the top of the canister.
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Fig. 1. Shockfront contoursfor 4 calculations(150 kt) at the time correspondingto
first arrivalat the CORRTEXcable10.5m awayfromthe device.Thedashedline is a

fully tampedexplosion(FT); the numbersnear the other contoursare the
areal densitiesof the plate in unitsof g/cm=
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Fig, 2. Schematic of the inferred yield fraction as a function of the plate areal density.



I
I
I

. i

° I
I=======_

LC1 LC6 t.P1

Fig. 3. Aspherical configurations modeled in this paper.
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Fig. 4. Normalizedyield for the 27 simulated calculations






