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Wide applications of deep learning



https://www.theguardian.com/lifeandstyle/2020/sep/05/what-cats-mean-by-miaow-japans-pet-guru-knows-just-what-your-feline-friend-wants
https://www.cultofmac.com/498930/apples-machine-learning-blog-sheds-light-siris-secrets/
https://syncedreview.com/2017/08/17/history-and-frontier-of-the-neural-machine-translation/
https://www.cnet.com/science/facebook-parent-meta-is-studying-the-human-brain-to-improve-ai/
https://www.mtu.edu/geo/community/seismology/learn/seismology-study/

Large datasets in seismology for deep learning
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https://www.freecodecamp.org/news/want-to-know-how-deep-learning-works-heres-a-quick-guide-for-everyone-1aedeca88076/
https://ds.iris.edu/data/distribution/
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Supervised learning to pick P/S phase arrivals

Input 3C waveform
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Multi-tasking detecting events and picking P/S phases

(Mousavi et al. 2020)

EQTransformer

Input 3C waveform
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Multi-station phase picking

Input multi-station PhaseNO Simultaneously
waveforms sommm-zz=mm=mcozmea- R pick P/S phases
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V station (node)
(] seismic network (graph)
() discretized input/output
() operation
o> data flow

FNO: Fourier neural operator GNO: Graph neural operator
- Learning temporal information - Learning spatial relationship
- Encoding seismic waveforms - Modeling spatial-temporal moveouts (Sun et al. 2023)




Generalizing to Distributed Acoustic Sensing (DAS)

% Seismometer (3 components)
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TransposeConv + Relu + BatchNorm (Zhu et al,, 2023)




Examples

Prediction

(Zhu and Beroza, 2018)

Input waveforms
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Examples on DAS
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(Zhu et al., 2023)
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Deep Learning for Earthquake Monitoring

. DeepDenoiser
Pre-processing (Zhu etal. 2019)
A
]
.. PhaseNet
Phase Picking (zhu etal. 2018),
A
l O
" GaMMA
Phase Association (Zhu et al. 2021)
-
! o
. HypoSVI, Hypolnverse &
Earthquake Location (Smith et al. 2022, Klein 2002)
~
l O
i HypoDD, GlowClust s
Earthquake Relocation J (Waldhauser et al. 2001, Trugman and Shearer, 2017)
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Time [s] [

(staging-earthquake.usgs.gov)
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Applying to tectonic earthquakes

334091¢;

Template Matchmg

25538 7
Deep Learning

(Park et al. 2023)

Comparable accuracy
Significantly faster
No need for templates

Generalizing to events
beyond templates
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Applying to Induced Earthquakes

——Surface coordinate of the Enders Fault
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* Analyzing connections between water injection and earthquakes sequences
» Aclearview of the initiation and bilateral migration of the second sequence
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Applying to Volcanic Earthquakes
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Detailed structures of Pahala sills
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Deep Learning for Earthquake Monitoring

Seismic network
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Towards a complete deep-learning-based workflow

mode=0, update
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(Zhang et al. 2022)
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Towards a complete deep-learning-based workflow
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(Zhu et al. 2023)
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Towards a complete deep-learning-based workflow

Phase Earthquake Earthquake

Pre-processing Phase Picking

Association Location Relocation
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A toolbox for machine learning in seismology
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Which Picker Fits My Data? A Quantitative Evaluation of Deep
Learning Based Seismic Pickers
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