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We present a novel method for optimizing parameters of the Ignition and Growth
(I&G) reactive flow model for high explosives. The 1&G model predicts the shock
initiation response of explosives subjected to dynamic loading. However, calibrating
the model is a time-consuming process because it has several parameters, typically
requires multiple data sets, and there are no direct correlations between parameters
and data. In this study, we couple a scalable optimization algorithm to simulations
of shock initiation experiments in the multi-physics code ALE3D. We develop four
[&G model parameter sets for the HMX-based explosive LX-07 (90%wt HMX, 10%wt
Viton A) based on minimizing the difference between calculations and measurements
at the embedded pressure gauges in 1D gun shock experiments. Our study shows
that a cost function based on both shock time of arrival and pressure pulse shape

demonstrates the best agreement with experimental data.
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I. INTRODUCTION

The Ignition and Growth (I&G) reactive flow model' predicts the shock initiation re-
sponse of explosives subjected to dynamic loading. However, calibrating the model is a
time-consuming process because it has several parameters, typically requires multiple data
sets, and there are no direct correlations between parameters and data. Previous efforts to
apply optimization techniques to the &G reactive flow model typically focused on finding
a optimum parameter set that was best fit to the results of a single experiment. Murphy
et al.? fit the I&G parameters of a RDX-based high explosive to a single shock initiation
experiment using sequential quadratic programming. Schmiel et al.® also used a sequential
quadratic programming optimization technique to find a best fit parameter set for another
HMX-based high explosive. More recently Baranda-Ribeiro and others used a genetic al-
gorithm to find an optimal 1&G parameter set for a TATB-based high explosive fit to a
laser interferometry experiment using a Fabry-Perot system®. These previous studies choose
straightforward cost functions based on the absolute difference between experimental and

simulated data for their optimization algorithms.

In this study we use the Differential Evolution Optimization Algorithm developed by

. This routine demonstrates fast convergence to the global minimum on

Storn and Price
other nonlinear cost functions. Additionally, this algorithm can be applied to cost functions
that are continuous but non-smooth in parameter space. This is important when construct-
ing cost functions based on multiple experiments. Also, the algorithm is nearly trivially

parallelizable. Simulations of many parameter sets can be evaluated concurrently.

II. CONTINUUM MODELING

The ALE3D hydrocode® is interfaced with the optimization algorithm in our study. The
simulations are performed in 1D using an initial mesh size of 50 zones per millimeter. Four
simulations are compared to experiment with initial shock pressures of 5.0, 3.1, 2.25, and
1.8 GPa. The 1&G reactive flow model of shock initiation and detonation has been used
to study a range of solid explosives”®. The model employs two Jones-Wilkins-Lee (JWL)
equations of state for the unreacted explosive and for the detonation product. The mixture

equations assume temperature and pressure equilibrium between each unreacted explosive



and its reaction product. The JWL equation of state in temperature dependent form is,

wC, Ty

p(v,T) = Ae~fav/vo L pe=Rav/vo
v

(1)

where p is pressure (GPa), v is specific volume, T is temperature, w is the Gruneisen
coefficient, C, is the heat capacity and A, B, Ry, and Ry are constants. The reaction rate

law is given by

dF v
- =10- F)’ (ﬁ —1- a) +  G(1=F)FFY +  Gy(1—-F)F%*, (2)
Po
0 < F < Figmax 0 < F < Gimax Gomin < F' <1

where t, is time, F' is the fraction reacted, p is the density, pg is the initial density, and
I,a,G1,Gy,b,c,d, e, g,,y, and z are constants. The reaction rate equation is used to model
different detonation behaviors. The constants Figmax and Gimax are upper limits on the

first (ignition) and second (growth) terms. The constant G, i, sets a lower limit of the

omi

third (completion) term.

II1. OPTIMIZATION ALGORITHM & COST FUNCTION

In this study we use the Differential Evolution Optimization Algorithm® to find 1&G
parameter sets that best correspond to experimental pressure histories. The differential
evolution optimization is a stochastic direct search method that is easily parallelizable with
good convergence properties. It is capable of handling non-differentiable and non-linear cost
functions. This allows us to choose cost functions that quantitatively agree with qualitative
evaluations of parameter sets. A parameter set with a lower cost function should look better
to an expert than one with a higher cost function.

The differential evolution optimization algorithm starts with an initial population of M
parameter vectors

Ii’o,i:172,...,M (3)

randomly sampled using Latin Hypercube Sampling. The cost function, C, for each member
of the population is evaluated in parallel and then the entire population is updated to new
sets of parameters by mutation, crossover and selection. Multiple options for mutation

operations exist and we use the variant known as “best/1/bin”.
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The mutation in this variant generates mutant parameter vectors, v; j, that are based on
the parameters of current best parameter set, z,, ;, and two other parameter sets chosen

randomly,

Uiuj - xrbaj + F ("'Erlvj - x"'27j) /rb # Tl # TQ' (4>

The amplification of the variation, F' € [.5,1], is randomly chosen each generation. A
new trial parameter set, w;;, is then formed by crossover between the mutant vectors and
the members of the previous parameter set. The crossover operation randomly chooses
parameter values from either the mutant vector, v; ;, or the previous parameter set, x; ;,
for each parameter. If the new trial vectors have a cost function that is smaller than the

parameter set that generated the trial vectors then the old parameter sets are replaced.

uij i Cluiz) > Cxiy)
Tiji1 = (5)
x;; otherwise
This process continues until the cost function is reduced below a user defined threshold.
The cost function defines what is to be minimized by the optimization algorithm. The
form of the selected cost function can influence how computational predictions and exper-
imental data correspond to one another. The cost function, C, we chose for this study is

given by
C = dc1 + (1 = ¢)ea, (6)

where ¢; and ¢y are cost functions based on the shock time of arrival (TOA) and profile
shape respectively. The constant ¢ is a ratio between the two cost functions and ¢ = 0.723
is a normalization factor. The normalization factor is chosen as the ratio of the optimized
cost functions for ¢ = 1 and ¢ = 0. The TOA cost function ¢;, previously investigated by

the authors?, is given by
Clzzmjaxlﬁj—ﬁ'j\» (7)
(2

where 7;; is the measured shock arrival time at gauge j in experiment i and 7;; is shock arrival
time from the simulation. The arrival times are normalized so that the time of arrival at the
Omm gauge in each experiment or simulation is ¢t = 0. This cost function is chosen with the
understanding that it is unlikely that a parameter set exists such that ¢; = 0. We choose the

maximum difference from each experiment to force the optimization to improve the worst
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performing aspects of each experiment. For example, a cost function based on the sum of
the squared differences in each experiment would require more iterations to converge.

The shape cost function ¢, is calculated as the sum over all four experiments of the
difference between the experimental and simulated shapes of one of the pressure profiles.
The profiles used to compute the shape cost function are the 3mm, 15mm, 20mm, and 30mm
gauges in the 5.0, 3.1, 2.25, and 1.8 GPa experiments respectively. In order to calculate co,
the experimental and simulated pressure profiles are time shifted so that they have the same
shock arrival time. The two profiles are sampled at nine points in a 750ns interval from the
shock arrival. We choose a 750ns interval as it is was the longest interval that captured the
slow increase in pressure from reaction in all four experiments. Cubic spline interpolants,
p(t) for the experimental points and p(t) for the simulated points, are then fitted through
the two sets of points. The cost function for each experiment, cy;, is the integrated absolute

difference of the derivatives of the two interpolants,

75us
ox = / P — ). (8)

Finally, the shape cost function is a weighted sum of the individual cost functions:

Cy = Zwic%, (9>

where the weights, w;, are determined from the maximum slope of the experimental inter-

polants.

IV. RESULTS

A number of optimizations are performed investigating different numbers of parameters,
bounds on the parameters and optimization algorithm settings. Table I presents the final
optimization cost function values and the final 1&G constants for four different optimiza-
tion choices as well the results of previous work by the authors. The differential evolution
algorithm was used to determine ten of the reaction rate constants, I, a, G, ¢, d, y, Gs, e,
g and y in the 1&G model. The other reaction rate parameters were kept fixed using the
values from Vandersall®. The unreacted and product equations of state are fixed using the
values from previous work by the authors®.

We also include the bounds used on the ten optimization parameters. We choose wide

bounds for these parameters to ensure that the global minimum is contained within them for



TABLE 1. Ignition and Growth model parameters for LX-07 from four different optimizations on

ten parameters.

Shape OPT| TOA OPT|Both 75% Ratio|Both 25% Ratio Bounds
c1 2.873 0.179 0.202 0.257
ca 0.248 0.681 0.462 0.342
Ratio 0.0 1.0 0.75 0.25
C 0.179 0.179 0.235 0.255

I (us™h) 2.21 x 10%| 3.47 x 102 4.17 x 102 8.94 x 10%| 2 x 10 - 3.6 x 104
a (g/cm?) .0769 1267 1271 1274 0389 - .15
b 667 667 667 667
T 4.0 4.0 4.0 4.0
Figmax .02 .02 .02 .02
G1 (GPa™¥ pus™1)| 1.62x1073| 6.41x1073 6.70x1073 6.93x1073[1.0 x 1077 - 1.0 x 102
c 1.486 515 1.064 1.492 2-15
d 209 .350 .358 361 2-15
y 3.233 2.627 2.632 2.628 1-5
Gimax: Gomin 5 5 5 5
Gy (GPa™% us™1)| 6.5x1073(2.812x 1072 3.79x1073 2.17x1072|1.6 x 1078-4.8 x 1072
e 2177 2099 4585 1448 2-15
g 1.460 .3030 2694 .8099 2-1.5
z 2.233 2.077 2.372 2.109 2-5

Figure 1 2 3 4

all optimizations. Note that the optimization results only use a subset of the available model

parameters. We find the optimization to be most sensitive to this subset of parameters while

optimization over additional parameters increased computational cost without a benefit to

final optimization value.

We present four parameter sets resulting from shape optimization, TOA optimization,

and two optimizations consisting of combinations of both the shape and TOA cost function.

The results of the four new optimizations are presented in the columns Shape OPT, TOA




OPT, Both 75% Ratio and Both 25% Ratio. The results for Shape OPT are presented in
Figure 1. Four pairs of profiles are shown, the experimental records are the solid profiles
and the simulated gauge records are the dashed profiles. These results are from using the
differential optimization only using the shape cost function cy. As expected the results show
a good match to the shape of the pressure profiles prior to detonation. However, the timing
of the profiles is not well matched particularly at the lowest shock pressure experiment at 1.8
GPa. This difference in the timing is also reflected in the large value of ¢; for this parameter
set.

Figure 2 presents the results of the TOA OPT. This set of parameters is the result of
the differential evolution optimization algorithm using only the time of arrival cost function.
The profiles show good agreement between the shock arrival timings between both the
experiment and simulation. The simulated profiles for the gauges before the LX-07 begins
detonation do not have the same curvature as the experimental records. The 3mm gauge
in the 5.0 GPa simulation has a concave up profile while its experimental counterpart is
concave down.

The differential evolution optimization using either the shape or TOA optimization pro-
duces optimal parameter sets that are qualitatively unsatisfactory for different reasons. Fig-
ure 3 presents the profiles using the parameters of Both 75% Ratio. We use the full cost
function C', defined above, that combines both the TOA and shape optimizations with
¢ = .75. This choice of ¢ places more weight on the TOA cost function ¢; than the shape
function cy. This parameter sets ¢; and ¢y cost functions both fall between the values
from the two previous optimizations. Qualitatively, the shock timings are greatly improved
from the shape optimization and the profile shapes are better than pure TOA optimization
profiles.

Figure 4 presents the profiles using the parameters of Both 25% Ratio. Here we use the
full cost function C' with ¢ = .25. This choice of ¢ places more weight on the shape cost
function cy. This parameter sets’ ¢; and ¢y cost functions also fall between the values from
the first two optimizations. Qualitatively, the shock timings are greatly improved from the
shape-only optimization and are not notably worse than the 75% Ratio profiles. The shape
of the pre-detonation pressure profiles are almost as good as those from the pure shape
optimization. The 3mm gauge for 5.0 GPa experiment and the 15mm gauge for the 3.1 GPa

experiment both show good agreement with the experimental data.
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Each of these optimizations required approximately 1000 generations with 100 members
per generation and each individual parameter evaluation required approximately 5 minutes
of total CPU time with two cores each. The massively parallel nature of the optimization
algorithm allows for the total runtime to be approximately one week on a high performance
computing cluster that can run at least 50 simulations simultaneously. This is marked
improvement when compared to manual parameter fitting techniques which can require up

to a month of a researchers time.
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FIG. 1. (Shape OPT) Experimental (solid lines) and calculated (dashed lines) pressure histories
for LX-07 shocked to a) 5.0 GPa, b) 3.1 GPa c¢) 2.25 GPa and d) 1.8 GPa.

V. CONCLUSION

We couple the Differential Evolution Optimization Algorithm to the ALE3D hydrocode
for parameterization of the I&G model for LX-07. We demonstrate four different choices of

a cost function. The final calculated pressure histories agree with experimental pressure his-
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FIG. 2. (TOA OPT) Experimental (solid lines) and calculated (dashed lines) pressure histories for
LX-07 shocked to a) 5.0 GPa, b) 3.1 GPa c) 2.25 GPa and d) 1.8 GPa.

tories for multiple experimental configurations. Different choices of the cost function causes
the optimization algorithm to select parameter sets that are fit to different aspects of the
experimental data. The Differential Evolution optimization algorithm greatly reduces the
labor required in model parameterization and improves the quantitative agreement com-
pared to previous methods. Additionally, we find that optimizing a subset of the model
parameters can produce as good of a parameter set as optimizing over the full set of param-
eters but requires a lower total computational cost. We believe the parameter set labeled
Both 75% Ratio has the best qualitative characteristics of the four parameter sets. It has
the best match to the shape of the experimental pressure profiles while also preserving the
shock arrival timing. This choice of what value to choose for the ratio between the shape
and TOA optimizations is ultimately a subjective one. However, the use of this optimization

method reduces the number parameters needed to be manually chosen from ten to one.
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FIG. 3. (Both 75% Ratio) Experimental (solid lines) and calculated (dashed lines) pressure histories

for LX-07 shocked to a) 5.0 GPa, b) 3.1 GPa c¢) 2.25 GPa and d) 1.8 GPa.
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