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Harnessing machine learning for seismic event discrimination in deep underground mining:

a case study from Western Australia
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New technology and machine learning
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Harnessing machine learning for seismic event discrimination in deep underground mining:
a case study from Western Australia
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Harnessing machine learning for seismic event discrimination in deep underground mining:

a case study from Western Australia
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Harnessing Machine Learning for Seismic Event Discrimination in Deep Underground Mining:

A Case Study from Western Australia

New technology and machine learning

Local magnitude (M) -3.067
Seismic moment (SM) 25098.24 nm
Total radiated energy (TRE) 1000 J
Apparent stress (AS) 10 MPa
Es:Ep (ESEP) 0.023
Source radius (SR) 0.375 m
S-wave corner frequency (SWC) 2.368 Hz
Apparent volume (AV) 0.452 m®
Local residual (R) 100 m
Number of sensors used (SU) 4
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