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Yy Background

1-D layered isotropic velocity models are typically used for microseismic event location

Velocity is calibrated prior to being used for MS event location
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't Physics-guided neural network
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't Physics-guided neural network

U Input & Output
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't Physics-guided neural network

O Fully connected layers
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't Physics-guided neural network

O Scaling & Shifting layer
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't Physics-guided neural network

U Forward modeling layer

Hidden Hidden Hidden
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't Physics-guided neural network

L Loss function
= | oss function
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‘1}7 Synthetic Example

O Acquisition geometry & Velocity model

= 12 geophones
= 6 calibration shots
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O Simplification from 3D to 2D

Synthetic Example

500

450

400

350

100
Easting (m)

Hodogram
0.1
o 0.05
=
£
5
= 0
-0.05
-0.1
£.1  -0.05 0 0.05 0.1
Easting
E- Cumpunent

%—W’WJ f A/““

—

M- Cumpunent

1 i 1 1
0.02 0.04 0.06 0.08 01 012 0.14 0.16
Time (s5)

o B e B D BN B B B N B BN |

et

50

I I
100 150
(m)

Easting (m

200

400

MNorthing (m

)

11



O Results

netic Example
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‘1',7 Synthetic Example

P-wave arrival times
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‘1',7 Synthetic Example

Hybrid loss function
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‘1',7 Synthetic Example

U Locations of Calibration Shots

Arrival time residual
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‘i'? Synthetic Example

O Uncertainty Analysis

Results using six calibration shots Results using one calibration shot
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Summary

We designed a physics-guided neural network to calibrate 1D layered velocity model that
» incorporates a forward modeling layer

= eliminates the need for training data and the explicit programming for inversion algorithm

A hybrid loss function is used that provides better constraints for both event-location and velocity-
calibration problems

The proposed neural network will be further tested with field data
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Synthetic Example
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