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Research Task / Overview Goals & Objectives

There is currently significant emphasis on, and need for, the use
of computational modeling & simulation (M&S) as a key
component of development, test and evaluation of Warfighter
systems within the Department of Defense.

The intent is to provide decision-makers with richer information
for design decisions prior to prototype build, a simplified and
credible approach to determine the utility of the M&S model in
augmenting live testing, determine the need for additional
testing, and determine the range of applicability for data
augmentation relative to inherent system variation.

The purpose is to inform the SE process, particularly physical
decomposition, concept selection, system design, build, and test
with richer M&S-based prediction.

This work focuses on developing a framework for integrating M&S
and UQ-base probabilistic methods into the DoD systems
engineering process, and leveraging M&S data to augment
empirical models from ‘live’ testing/experimentation (especially
when this testing is expensive or resource intensive) using
Uncertainty Quantification techniques, with an emphasis on
visual data assimilation methods.
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* 6-DoF Aeroballistics model is developed to verify that tentative
airframe design performs as intended across trajectory

* What happens to our ability to meet KPP (long-range target
engagement capability, in terms of impact errors in the x- and [
y-directions and velocity) when we vary initial velocity, launch
disturbances in the x- and y-axis, and spin rate of the munition
(Hz); given tentative design (canard/fin geometry, projectile
geometry, CG, etc)?

¢ Resulting Velocity (velocity decay)
¢ Other unintended consequences to the system (pressures

required to achieve velocity/range, and impact of those
pressures on system reliability / parts fatigue)
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Reduced performance variation
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* Can use emulator to rapidly execute what-if analysis, sensitivity
analysis, optimization and robustness analysis Future Research
Analysis

Future research will seek to:
¢ Simulation DOE

« MaxPro Latin Hypercube Space-Filling Design * Refine the M&S and UQ workflows within the DoD’s Systems

Engineering Process
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. . o * Develop visualization-based approach for data assimilation
* Emulation / Empirical Model Fitting P PP

¢ Gaussian Process Modeling with model crossvalidation * Develop new sampling criteria for M&S evaluations for

* Numerical Optimization & Propagation of Error integration with field data
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