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Why Visualize Data Uncertainty?

» Uncertainty exists in all simulation, observational, and
experimental data

* Leads to inaccurate analysis, if neglected

* Knowing uncertainty is essential to gain trust in the data

1D Error Bars — A Solved Problem
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Have You Seen Error Bars in 2D/3D Visualization?

Fluid Dynamics: KArman Vortex Simulation  Astrophysics: Nyx Cosmology Simulation

k-NN SVM LR Tree-based Deep learning
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Uncertain vortex

Error bounds visualized in red

Barriers to 2D/3D Uncertainty Visualization
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Research Objectives

» Create memory-efficient representations, leverage
leadership computing resources, and investigate
cost-accuracy trade-offs to address cost overheads of
visualizing uncertainty.

* Derive novel visual mappings for effective depiction of
uncertainty and integration with production tools.

VisTrust: Uncertainty Visualization for Trusted Scientific Analysis and Discovery

Tushar M. Athawale, Oak Ridge National Laboratory e
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Parallelization and Cost-Accuracy Trade-off Analysis
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Integration with Production Visualization Tools
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Monte Carlo Vs. Closed Form [1] Viskores Acceleration [1]
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Our efficient and scalable uncertainty visualization algorithms
significantly reduce time to assess complex uncertain 2D/3D
data and radically increase reliability of scientific analysis.
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