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Detection of seismic events having similar waveforms by a deep hashing technique
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We developed a deep hashing network that compresses waveform information into 64-bit binary codes and

attempted event detection on 16-channel, 30-minute acoustic emission records (discretized to ~35 million windows)

recorded at 10 MHz sampling during a hydraulic fracturing experiment in the laboratory. We used hash codes of

6057 template events that were cataloged using conventional automatic processing methods and searched for

windows showing small Hamming distances against the templates, detecting 16,224 new events. We also tried a

similar waveform search without templates by calculating Hamming distances among the 35 million windows. This

corresponds to autocorrelation analysis based on cross-correlations. Although such analyses are usually difficult to

apply to large datasets owing to their high computation cost, it took only 15.5 hours under 120-thread parallelization.

This deep hashing approach significantly reduces calculation costs in similar waveform search problems, likely

enabling the application to a large-scale dataset.
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