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1. NEWTONIAN NOISE PREDICTION 4. IDEALIZED BASELINE STUDY
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CONCLUSION AND OUTLOOK

A pipeline for FPGA-based, low-latency prediction of ETPathfinder accelerometer data is developed. It is based on neural network models that are selected, trained, and
validated for seismic target sensor prediction, achieving up to 90% amplitude mitigation in a first implementation while staying under idealized potential.

Future work will focus on improving the prediction accuracy, estimating real-time latency, optimizing FPGA resource usage, and testing the complete online system.
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