Listening in the Right Places:

Game Theory and Optimization For Earthquake Sensor Placement

Figure 1: [3] Nowicka, A. (2026). Tectonic earthquakes [Illustration]. In Caltech Science Exchange, What happens
during an earthquake? https://scienceexchange.caltech.edu/topics/earthquakes/what-causes-earthquakes
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Figure 2: Heatmap sensor with suggested locations created by finalist in Figure 3: (A) Covgrage Improvement Map with Sensor NetV\{ork Upgrade; Figure 4: (B) Welgh.ted sum a.nd Nash bargalplng GA solutpns compared to the Pareto front|gr. The Par.eto frontier was |Sa bel ROSS'
Python, 2026 found by comparing all GA generated sensor sets and keeping only those that could not be improved in one aspect without worsening the others. Images created by finalist using Python, 2026.
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