
EQUINOX: Hyper-spherical methods for high-D discontinuity detection

Achievement: 
· Analyzed the theoretical complexity of our new approach that revealed the advantages of the HS-HASG technique when compared with classic Monte Carlo and HASG methods.
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[image: ]  Significance and Impact:  (a) Convergence of the standard HASG vs. MC in up to 4-dimensions, (b) Convergence of the HS-HASG vs. MC in up to 7-dimensions


Our HS-HASG is the most efficient existing approach for detecting discontinuous regions in high-dimensional random domains.

Research Details:
· To develop an accurate high-dimensional discontinuity detection (HDDD) approach for quantifying probabilities of rare events and risk assessment of complex systems, e.g. turbulence, nuclear reactors, climate change, etc.
· This requires the integral of a (discontinuous) characteristic function describing the probability of the event of interest.
· A hybrid hyper-spherical hierarchical adaptive sparse grid (HS-HASG) approach is combined with a root finding technique (e.g. bisection) to refine and capture the discontinuous manifold.
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detecting dis continuous regions in high-dimens ional random parameter domains
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