Building a seismic event classifierin
the Pacific Northwest using Al

Distinguishing Earthquakes, Explosmns &Surface Events
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Why do we need a seismic event classifier in
the Pacific Northwest?



Huge Diversity of Seismic Sources
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What is this event?
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Normalized Amplitude
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To assist analysts in their decision

Confusing events, low mag, low snr

Why do we need a seismic event classifier in
the Pacific Northwest?

Locating them not always possible
Developing a surface event catalog

r of unreview vent
Huge number of unreviewed events STA/LTA cannot detect emergent events



How to build a seismic event classifier using Al?



Mormalized Amplitude

Developing a seismic event classifier

1. Labeled 2. Feature 3. Model 4. Model
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The PNW curated data set has diverse source types, with mainly
Earthquakes, Explosions, and Surface events

(a) Earthquakes (b) Explosions
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The PNW curated data set has diverse source types, with mainly
Earthquakes, Explosions, and Surface events

Earthquakes Explosions
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Event Discrimination using Machine Learning

Classic ML Algorithms
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Event Discrimination using Machine Learning

Classic ML Algorithms
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Event Discrimination using Machine Learning
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Event Discrimination using Machine Learning

Amplitude

Amplitude

Frequency (Hz)

[ |
= 2 o o -
[=] un = LA =

& :

—
%]

10

S

m.ﬁ%,rlwwwwm__w_

10

20

30 40 s0
Time (s)

60

70

8

| A M- —

0

2

4

6 8
Frequency (Hz)

10

12

14

Classic ML Algorithms
Feature extraction || Feature Selection || ML Algorithms
* Tsfel « PCA « SVM
* Tsfresh * T-SNE * RF
* Physics based « ICA * LR
features * RFE  KNN
Feature engineering Training

Much of ML for earthquake
catalog building uses Deep
Learning

0J0100

Kharita et al. (in prep)



Classic Machine Learning:
Decision-Trees-based models always win
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Deep Learning: CNNs are great and
simple for classification
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Computations:
performance

Extracting
features from
time series takes
much longer than
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Thank you

https://github.com/Akashkharita/PNW_Seismic_Event_Classification

Future plans - Analyzing global detections, deploying in PNSN, Analyzing
the generalizability

PNSN a USGS

science for a changing world
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