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1. NEWTONIAN NOISE PREDICTION 4. IDEALIZED BASELINE STUDY

Newtonian noise is gravitationally coupled into interferometer mirrors and caused Injected ground truth (GT), I.e. target sensor Signal to Error Ratio (higher is better)
by various seismic activity. Accelerometer arrays can monitor the surrounding data, among the input channels for model .
seismic field and provide input data for predicting this noise. Currently, this is testing (upper bound baseline). Analysis done SER = 10 X log;o =% ("=1y"~)2
done offline on recorded data [1]. Our goal Is to predict it in real-time (online). In python, respecting FPGA limits. jR T
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CONCLUSION AND OUTLOOK

An accelerometer array prediction pipeline was developed using measured ETPathfinder data. Neural network models were trained and validated for seismic target sensor
prediction achieving 90% amplitude mitigation while staying under idealized potential. Analysis over other datasets as well as simulated data needs to be performed in order
to investigate optimal model hyperparameters.

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