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Distributed acoustic sensing (DAS)
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Autoencoder (Encoder-Decoder) Neural Networks

I X is the input and output space.

I F is the latent space.

I Encoder:φ : X → F ,
Decoder:ψ : F → X , such that

φ, ψ = argminφ,ψ||X − ψ ◦ φ(X )||2

I Used to learn e�cient codings.

I Useful for unlabelled data.

Input X Encoder network φ Latent space F Decoder network ψ Output X

Cost ||X − ψ ◦ φ(X )||2
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Autoencoder (Encoder-Decoder) Neural Networks

I Undercomplete autoencoders if

dim(F) ≤ dim(X ).

I Overcomplete autoencoders if

dim(F) ≥ dim(X ).

I Most approaches try to avoid the

autoenoder to learn the identity

function.

I Applications in Dimensionality

reduction, PCA, Information retrieval,

Anomaly detection, Image processing,

among others.

Input X Encoder network φ Latent space F Decoder network ψ Output X

Cost ||X − ψ ◦ φ(X )||2
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Convolutional Neural Networks (CNN)

I Xi , for i = 1, . . . ,P + 1 are spaces.

I φi : Xi → Xi+1 is a convolutional layer.

I For ~rT = (~r1, . . . ,~rN)T ∈ Xi :

φi (~r) = ai
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I An P layered CNN is:

X1
φ17−→ X2

φ27−→ X3 · · · XP
φP7−→ XP+1 (4)

I Convolution makes network connectivity local.
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DAS-Geophone-DAS Encoder-Decoder Neural Network

I X is the space of DAS traces.

I F is the space of the geophone traces.

I φ is a CNN.

I ψ is �xed and physics-based.

I Training objective:

φ = argminφ||X − ψ ◦ φ(X )||2

I At the end φ does the desired DAS to

geophone transformation:

φ(das trace) = geophone trace

Input X Encoder network φ Latent space F Decoder network ψ Output X

Cost ||X − ψ ◦ φ(X )||2
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Geophone to DAS Decoder physical model

Input X Encoder network φ Latent space F Decoder network ψ Output X

Cost ||X − ψ ◦ φ(X )||2

s

s − LG/2 s + LG/2

u(s − LG/2) u(s + LG/2)

δl(s) = u(s + LG/2)− u(s − LG/2) (5)

ε̇f (s) =
1

LG
(v(s + LG/2)− v(s − LG/2)) (6)
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DAS to Geophone Encoder CNN

Input X Encoder network φ Latent space F Decoder network ψ Output X

Cost ||X − ψ ◦ φ(X )||2

First CNN layer is the vector of 1D �lters
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Second CNN layer is the vector of 1D �lters
F2 = (F 1

2
, . . . ,FM

2
) and the activation function a2:
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DAS to Geophone Encoder CNN

Input X Encoder network φ Latent space F Decoder network ψ Output X

Cost ||X − ψ ◦ φ(X )||2

I Activation function is a1 = a2 = tanh because the

output are traces with negative an positive values.

I Kernel initializer is Xavier normal initializer.

I Geophone trace is the same length as DAS trace so

convolution padding is same.

I Bias was not used.
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DAS to Geophone Encoder CNN

I Regularization can be applied to kernel weights:

ε1|F1|pp + ε2|F2|pp

I To layer outputs:

ε1|F1~d |pp + ε2|F2~r |pp
I (It can also be applied to bias vectors).



Synthetic data
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Acquisition
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Geophone and DAS data

I Vertical particle velocity acoustic

modelling.

I DAS obtained from geophone using

the neural network decoder with

LG = 10m:

ε̇f (s) =
1

LG
(vz(s+LG/2)−vz(s−LG/2))
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Results without regularization

Parameters:

I Algorithm: Adam.

I Number of epochs:

100

I Training decimation:

10

I Learning rate: 0.001

I Batch size: 32

I Validation split: 0.5

I Number of �lters: 20

I Filter length: 2LG
I No regularization Continuous line is training MSE. Dashed is validation MSE.
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Results without regularization
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Regularization reg1=0.001 and reg2=0.001

Parameters:

I Idem, except

I L2 kernel

regularization:

reg1=0.001 and

reg2=0.001

Continuous line is training MSE. Dashed is validation MSE.
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Results reg1=0.001 and reg2=0.001
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Regularization reg1=0.01 and reg2=0.01

Parameters:

I Idem, except

I L2 kernel

regularization:

reg1=0.01 and

reg2=0.01

Continuous line is training MSE. Dashed is validation MSE.
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Results reg1=0.01 and reg2=0.01
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Regularization reg1=0.1 and reg2=0.1

Parameters:

I Idem, except

I L2 kernel

regularization:

reg1=0.1 and

reg2=0.1

Continuous line is training MSE. Dashed is validation MSE.
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Results reg1=0.1 and reg2=0.1
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Regularization reg1=0.001 and reg2=0.1

Parameters:

I Idem, except

I L2 kernel

regularization:

reg1=0.001 and

reg2=0.1

Continuous line is training MSE. Dashed is validation MSE.
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Results reg1=0.001 and reg2=0.1
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Layer 1 convolution �lters



Introduction Methods Synthetic data Field data Summary

Layer 2 convolution �lters
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Convolution �lters for reg1=0.001 and reg2=0.001



Field data
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Containment and Monitoring Institute Field Research Station (CaMI-FRS)
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Containment and Monitoring Institute Field Research Station (CaMI-FRS)
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Field data
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Raw data
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Training and loss

Parameters:

I Number of epochs:

100

I Training decimation:

10

I Learn rate: 0.001

I Batch size: 32

I Validation split: 0.5

I Number of �lters: 20

I Filter length: 2LG
I L2 kernel

regularization:

reg1=0.001 and

reg2=0.1
Continuous line is training MSE. Dashed is validation MSE.
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Near o�sets

Thick line is input DAS, thin line is predicted DAS and dashed line is predicted geophone.
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Mid o�sets

Thick line is input DAS, thin line is predicted DAS and dashed line is predicted geophone.
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Far o�sets

Thick line is input DAS, thin line is predicted DAS and dashed line is predicted geophone.
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Convolution �lters
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Summary

I The DAS-to-geophone encoder decoder CNN is an example of a physics-based

unsupervised neural network.

I Regularization in the kernel coe�cients of the neural network were needed to

adjust the relative amplitudes of the output DAS trace and the geophone trace in

the latent space.

I Some regularization values produced convolution �lters with sinusoidal shapes.

I The DAS-to-geophone encoder-decoder CNN was successful when tested with the

synthetic data. More work is needed to examine its results with the �eld data.

I The physics part of the neural network in the decoder can be improved and the

encoder will adjust itself with the neural network training.
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