
Building a global 
smartphone seismic network

Seismological 
            Laboratory

BerkeleyUniversity of California

Qingkai  Kong	

h,p://seismo.berkeley.edu/qingkaikong/	






MyShake methodology
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Recognize Earthquakes
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Human activity





Raw  data	
 With  phone  noise	


Simulated data



Step  1:  Get  past  EQ	

	

Step  2:  Downgrade	

	

Step  3:  Add  noise	

	




Shake table data



Record  from  Loma  Prieta  earthquake  	
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machine learning models





MyShake workflow



Steday	
 Prefilter	
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LTA	
 ANN	




MyShake workflow
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Crash course on ANN







ANN in simple view
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Features Extracted



Max	


FFT	


Skewness	


Variance	


Zero  Cross	


TaoC	
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Kurtosis	


…	


We  tested  50  different  features	




Feature selection


•  Forward greedy selection 

o  Step 1: Start with a null model 
o  Step 2: Add one variable at a time, and record the 

improvement (accuracy or AIC).  
o  Step 3: Select the feature with the max improvement on 

the model 
o  Step 4: Repeat step 2 and 3 for all the features 
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Number  of  features  used	

	


Feature selection





Calculating features
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•  ZC	

– Get  the  largest  zero  crossing  
on  the  3  components	


•  IQR	

–  IQR  =  Q3  –  Q1	


•  CAV	

– CAV  =  	
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ANN structure


Input  layter	
 Hidden  layter	
 Output  layter	
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Σ = ω0x0+ω1x1+ω2x2+ω3x3+…+ωnxn	

	

f = f(ω0x0+ω1x1+ω2x2+ω3x3+…+ωnxn)	




z = ω0x0+ω1x1+ω2x2+ω3x3+…+ωnxn	


1
1+ e−z

More activation function



f (z) = 1
1+ e−z

df (z)
dx

= f (z)(1− f (z))
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First  layer  calculation	
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Second  layer  calculation	
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Details of the training





Which one is ���
better?



?


?



?





Clearly, ���
black is better 



Underfitting



Just right



Overfitting





Train/test dataset split





Test

 Train



20%

 80%



Train/test dataset split





Model Complexity
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5-fold cross-validation





Results of 10 fold CV


	
  	
  

Length	
  of	
  *me	
  window	
  
1	
   2	
   3	
   4	
   5	
   6	
   7	
   8	
   9	
   10	
  

N
um

be
r	
  o

f	
  n
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n	
  

20	
   2.1	
   2.02	
   2.36	
   2.08	
   2.34	
   2.06	
   2.76	
   2.85	
   3.39	
   3.74	
  
19	
   2.06	
   2.02	
   1.72	
   2.14	
   3.09	
   2.71	
   2.5	
   2.7	
   2.59	
   3.97	
  
18	
   2.05	
   2.08	
   2.22	
   2.2	
   2.42	
   2.39	
   2.23	
   3.45	
   2.4	
   4.21	
  
17	
   2.15	
   2.08	
   2.22	
   2.2	
   2.01	
   2.39	
   2.37	
   3.75	
   2.99	
   4.91	
  
16	
   2.26	
   1.99	
   2.09	
   1.96	
   1.75	
   2.49	
   2.23	
   3	
   2.99	
   3.27	
  
15	
   2.5	
   2.02	
   1.86	
   2.44	
   1.75	
   2.39	
   2.1	
   3.45	
   3.59	
   3.74	
  
14	
   2.54	
   2.22	
   1.95	
   1.96	
   2.34	
   2.82	
   3.15	
   3.15	
   3.39	
   8.18	
  
13	
   2.38	
   2.28	
   2	
   2.14	
   2.26	
   2.17	
   2.89	
   2.4	
   4.19	
   6.78	
  
12	
   2.17	
   2.02	
   2.04	
   2.08	
   2.26	
   2.28	
   2.1	
   2.7	
   3.99	
   4.44	
  
11	
   2.38	
   2.05	
   2.45	
   2.08	
   2.09	
   2.06	
   2.5	
   3	
   2.4	
   4.44	
  
10	
   2.21	
   2.3	
   1.9	
   1.89	
   2.26	
   2.06	
   1.84	
   3.6	
   2.79	
   4.67	
  



Imbalanced data



9000  vs  1000	

9000  /  (1000  +  9000)  =  90%	




Address imbalance


•  Collecting more data 
•  Resample the dataset 

o  Oversample 
o  Downsample 

•  Generate synthetic samples 
•  Try algorithms insensitive to imbalanced data 
•  Penalized Models 
•  Try a different perspective 

o  Anomaly detection 



Training data
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Clustered human data
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Final dataset





Classification
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 93.2%  of  the  human  

triggers  are  correctly	

classified	
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Type  I  Error	

(False  Positive)	


Type  II  Error	

(False  Negative)	


You’re	
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Test performance 



93.2%  of  the  human  triggers  are  
correctly  classified	




A network of 


MyShakers











Estimated  P  wave	


Estimated  S  wave	


Event  location	


Estimated  location	


Active  phones	


Triggered  phones	


Phones  triggered  	

by  ANN	










2  sec  	

window	

with  1  sec  
overlap	


STA/LTA	

trigger	


In terms of detect EQ
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Crash course on CNN





Crash course on CNN





Crash course on CNN







My final model
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Test  score:  99.84%	




Transfer  learning	




Conv.  1	


Conv.  2	


Conv.  3	


Fc.  1	


Fc.  2	


Large  dataset	


Nice  results	


Pre-­‐‑trained  Conv.  1	


Pre-­‐‑trained  Conv.  2	


Pre-­‐‑trained  Conv.  3	


Pre-­‐‑trained  Fc.  1	


Small  new  dataset	


Transfer	


Some  new  layers	


Nice  results	



