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4 | Background & Motivations

Induced (human-caused) seismicity

Changes in solid stress
due to fluid extraction or injection
(poro-thermoelastic effects,

: : Direct fluid changes in gravitational loading)
¢ MOthﬁtlonS el;fe:ctsl:;fisjr::t?:::e + + * +
. . . . . . . (ﬂuiq pressure
e Fluid injection or withdrawal causes changes in pore pressure, resulting in ditslon) C

induced seismicity during subsurface energy activities

S Volume and/or mass change™

e Reduce risks of induced seismicity and improve subsurface energy activities

(unconventional resource recovery, geological carbon storage, geothermal T
e / pressure along
f I H . .
Cnergy recovery> Permeable hﬁ;l:—g:ﬁnl‘llg:gility g::gi?s):glggc:;nji

reservoir/ pathway) (no direct hydrologic
aquifer connection required)

USGS: http://earthquake.usgs.gov/Research/induced/modeling.php i

¢ Goals

(1) Delineate fracture and failure mechanisms using well-controlled experiments

(2) Develop/apply machine-learning techniques for seismic wave data analysis and event detection


http://earthquake.usgs.gov/research/induced/modeling.php
http://earthquake.usgs.gov/research/i

Linkage between geomechanical and geophysical processes in mechanical

5 | discontinuities

= Changes in the spectral contents of waveforms are
likely due to wave propagation + faulting processes -
initiation, propagation and coalescence of pre-
existing discontinuities loaded in mixed mode I-1I-IlI
(Damage Mechanics Challenge)

= Machine learning has been increasingly applied for
seismic data analysis

Fluid Flow

Contact

Area Aperture

Fracture Stiffness
3

r

Seismic Attenuation
& Velocity

Courtesy from Pyrak-Nolte

Fracture { 3\

mechanisms
in geothermal '
reservoirs

‘

Holtzman et al. Sci Adv 2018
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7 I Unsupervised ML — Fingerprint method using NMF-HMM

Waveform spectrogram
= —>
e Fingerprint-based clustering method: - »ﬁ
Pattern of state sequences forms T = (FxT)
o o Time (bins
flngerprmts Fxk Non-negative Matrix Factorization

o Clustering: acoustic/seismic state -~
mechanical behaviors

Spectrogram (Short Time Fourier Transform)
Non-negative Matrix Factorization Dictionary

. (features) ‘
Hidden Markov Model (S states) _Hidden Markov Model (SXT)
K-means clustering T T o R

Activation coefficient
importance of features

Fingerprints (5.1xS;) > K-means cluster

Ref: Holtzman et al. (Sci. Adv. 2018)




Simulation of fracture failure and acoustic emission

Sensors

e 3 point bending simulation

« 3 point bending with a central notch (ABAQUS)
Crack propagation and acoustic emission (XFEM)

6 sensor nodes sampling at 8 MHz

Velocity and acceleration data from each sensor

#1-#3 sensor data for training, 4-6 for testing

Limestone material properties ( homogeneous) 1

Waveform

5

Load (kN)

Load vs Displacement I

Displacement (mm)
1y

Acceleration
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Acoustic state clustering by slicing simulated
data into 8 window sets containing pre-crack
(step 1), crack initiation and propagation
(step 2) and post crack (steps 3-8) waveforms
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Experimental Setup & Acoustic Data Acquisition

* MicroCT images

°  Amplitude
(dBae)
65
60
56
51
6
1
37
32
27

Amplitude(dBae)
Parametric 1(N)

* Six sensors (Channels)
* 200-400 kHz filter

Time (*)(s)

Jiang et al. (Sci. Rep. 2020)



10 I Machine Learning Applications for Waveform Analysis

fingerprint

5

S 1 10 20 30 40 50 0

hidden state sequence

0 10 20 30 40

- Fingerprint based mechanical state clustering by comparing waveform evolution

in the UCS test.

Time (*)(s)

- Waveforms correspond to 3 stages in the loading curve, namely
A) initial loading slope, B) max load region, C) post-failure region.

Amplitude
(((((
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Unsupervised machine learning for microseismic data at a
field scale CO, injection site



‘ Machine learning applications for fault detection and the presence of hidden
12 | faults/fracture networks (in collaboration with ISGS and MIT)

Target clusters 2 & 4
Two 2-months data Illinois Basin Decatur Project (IBDP)

CCs1

e Improve the detection of low-magnitude,
unidentified events & locations to discover
undetected/hidden fault/fracture systems

e Rapid recognition of the presence of
faults/fault interactions

e Characterize microseismic waveforms, the

s e Will et al. (1JGGC 2016) relations among the events, and reliable
Y-axis der of appearance. o . o o . . .
e View s to the NE it identification of microseismic sources

Note: old (incorrect) located events integrated with forward/inverse modeling

« Raw continuous data (100’s TBs) - 10s windows

» Detected event data (~19K data) - 2s windows
! manual selection

* Located event data (~5K data) - 2s windows

PS3 1“(

PS3 .;

Injection
Interval
0




13 I Waveform Data at the IBDP Site

o Raw (unprocessed) data (~ 7TB for ~4 months)
o Length: 10 seconds window

o 2 kHz sampling rate

O Traces: 84-94

o 8640 sequential files for 24 hr

O 4 channel on PS3 (injection reservoirs) and 2-3
channels on GM geophones

o Located events with processed data of 3
channels over a 2 second window

2012-05-27T00:09:07 - 2012-05-27T00:09:08.9995

2.4 1 B

16

-1.6 T

0.8 1
0.0
—0.8 1

00:09:07

T T T
00:09:07.5 00:09:08 00:09:08.5 00:09:09
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CEFTH

DEFPTH
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Unsupervised machine learning — fingerprint based clustering (cluster #4)
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1) Waveform o :
(Bandpass filter, STFT), ;
2) Spectrogram

(NMF-> HMM)

3) Transition 0
probabilities of Hidden:

Markov State N

4) Fingerprint map .
-> k-means clustering -
(grouping)

» Group 0: high signal to noise ratio |

transition probabilities from one high state to one low state

* Group 1: low to intermediate signal to noise ratio

intermediate change in transition probabilities

* Group 2: low signal to noise ratio

high fluctuation in transition probabilities
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Spatio-temporal Evolution of Event Groups
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DEFTH

DEFTH

Spatio-Temporal Evolution of Event Groups
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NORTHING

NORTHING

Spatio-Temporal Evolution of Event Groups

Time Series Feb to April, 3 Clusters, Exponential Distribution, Bandpass Filter
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19 | Unsupervised machine learning — fingerprint based clustering results
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22 | Supervised machine learning — Event detection using CNN

\.‘.##_L..
s Input 3 channels
e Input Data: : o waveform
- Three-channel (Z,E,N) waveform data == %.
- 684 events samples : e

- Located events cataloged for Feb to April, 2012
- ~15300 noise data
e Data Processing:
- Bandpass filter (10 - 400 Hz)
- Waveform to spectrogram in frequency
- Rescaled spectrogram with log transformation
e Windows for classification:
- Continuous waveform data into daily or 8 hrs streams

- 1 second moving windows for event detection e Convolutional neural network:
e Training/validation/testing sets - Input (3 channel with 2D spectrogram image)
e Dataset augmentation: - Four conv2d layers
- Avoid overfitting with deep classifiers - Batch normalization and max pooling
- Generate additional event windows by shifting 2 second windows - Two dense layers (100 & 2)
to locate signals at varying locations within 2 second windows - Binary crossentropy classification (event or noise)
e Trained ML model used to detect events for continuous waveform - GPU with cuda 10.1

data from Feb to March



23

Supervised machine learning — Results of Event detection

Examples of newly detected events

Date Events in | Events Newly Detected SR ‘
Catalog Predicted Events il \Y, [
Feb 27-29, 2012 451 1341 766 v i T - N [
Mar 1-2, 2012 85 1102 991 = '% H1 -
Mar 3-8, 2012 23 91 56 g— - - *“'*“m‘ i
Mar 9-12, 2012 53 130 69 < - ’ H2 - %ﬂ
e Event detection: = e -
- 1,882 new events were identified o aify ——
(684 catalog events) o - .
- A high number of events were detected during a g - . \
short time period o - w»*m Hh
(e.g., Mar 1-2 followed by Feb27-29) £ - [
- Many of newly detected events are real events - . -
that are missed in the original catalog - -
Time Time



24 I Summary

» Laboratory data and numerical simulations are used to generate for testing machine
learning algorithms

» Both unsupervised and supervised machine learning methods were applied for
clustering of event waveforms and event detection

» This study demonstrates that ML can be a great tool for scaling and transfer
learning (e.g., validated approach with lab scale data for field scale data)

P Integration of multiphysics (geomechanical and geophysical approaches) and multiple
tools (controlled experiments, simulations, machine learning) for sensing and data
analysis will be able to advance both fundamental and practical study of a wide range of

geoscience applications.
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