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‘U‘ Autoencoder ()Encoder Decoder) Neural Networks

Decoder:y) : F — X, such that

> X |S the input and Output space I‘niutizl‘ Encoder network ¢ Latergspa‘cef Decoder network ¢/ !
» F is the latent space. | i | i |
» Encoder:¢p: X — F, = — = —>
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» Used to learn efficient codings.
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Useful for unlabelled data.



Introduction ~I

O ce0 000000

‘U‘ Autoencoder (Encoder Decoder) Neural Networks

Undercomplete autoencoders if
dim(F) < dim(X).
Overcomplete autoencoders if
dim(F) > dim(X).

Most approaches try to avoid the
autoenoder to learn the identity
function.

Applications in Dimensionality
reduction, PCA, Information retrieval,
Anomaly detection, Image processing,
among others.
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\;‘ Convolutional Neural Networks (CNN)
> X, fori=1,...,P+1 are spaces.
> ¢ X; — X1 is a convolutional layer.
> For 7T = (7,...,/")T ¢ &::
Fiu F{-IN o bt 3i(3; Fl.lj « P + B)
¢i(F) = a; R = : (3)
FMio v | B 5 FiMj « P+ BM)
» An P layered CNN is:
Xx'ng'ng-HXP&XPH (4)

» Convolution makes network connectivity local.
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X is the space of DAS traces.

F is the space of the geophone traces.

¢ is a CNN.

1) is fixed and physics-based.

Training objective:

¢ = argming||X — 1 o p(X)||?

At the end ¢ does the desired DAS to
geophone transformation:

¢(das trace) = geophone trace

DAS trace

Encoder network ¢ Latent space F Decoder network v

Convolutional,

trainable

-

Geophone trace

Physics based,
Non-trainable

Cost ||V — 1 0 ¢(X)| 2
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\;‘ Geophone to DAS Decoder physical model
ey b o s u(s — Le/2) u(s + Le/2)
[ | !
;! ;! !
. = > Si(s) = u(s+Lg/2) — uls — Lg/2) ®)
| I | 1
L L L () = —(us+Le/2) = vls — Lg/2)) (6)
[ Cost || — v }l [ LG
7__N ér(s1) VZ(51—N/2)
. —1 0 0 1 0 0 .
: L]0 —1 0 -0 1 .0 :
ér(si) = |- . . vz(sj) (7)
G " X .
0 0 —1 0 0 1 .
vz(smyny2)
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DAS to Geophogor;(g Encoder CNN

First CNN layer is the vector of 1D filters
F = (FL,...,FM)T and the activation function as:

A Flsd I a1 ()
E Fy Fi" wd I a1 (7®)
a3t | |d= ) = .4 , (8)
L L b 2% ed ™ a1 (PM)
| | * | | :
| | |
L L L Second CNN layer is the vector of 1D filters
L i | Fo = (F3,...,FM) and the activation function a,:
LN
a1 (') PG
a1(7®) Fa a1(7®) Mo o a Mo . ~
R A a®) B e (Y Ara@) ) =g )
. . j=1 Jj=1
a1 (F1) a1 (M)
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\"} DAS to Geophone Encoder CNN

» Activation function is a; = a» = tanh because the

= 17 T output are traces with negative an positive values.

ey o ! NETRT . . NETORT

! > T) > > Kernel initializer is Xavier normal initializer.

| | |

| | I )

L[ CDS,{,.L,]W T > Geophone trace is the same length as DAS trace so
. . .
LN convolution padding is same.

» Bias was not used.



Introductior Methods Synthetic date
000000000000 0000

‘;"?ODAS to Geophogorioe; Encoder CNN

Field data
0000000000

Sur
[e]e]e}

» Regularization can be applied to kernel weights:
e1|F1]p + 2| F2|D

> To layer outputs:
€1|F1d|g + 62|F2I_"‘5

» (It can also be applied to bias vectors).
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ts* Geophone and DAS data

Summary
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1200 1400

» Vertical particle velocity acoustic
modelling.

» DAS obtained from geophone using
the neural network decoder with
Geophone
L = 10m: o
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ut regularization
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Algorithm: Adam.

Number of epochs:
100

Training decimation:
10

Learning rate: 0.001
Batch size: 32
Validation split: 0.5
Number of filters: 20
Filter length: 2L¢g

No regularization

Loss synthetic regl=0 reg2=0
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Magnitude
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Epoch

Continuous line is training MSE. Dashed is validation MSE.
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Depth (m) Depth (m) Depth (m)

100 200 300 100 200 100 200

Time (s)
Time (s)
Time (s)

DAS input regl=0 rege=0 Geo pred regl=0 reg2=0 DAS pred regl=0 reg2=0
DAS regl1=0 reg2=0 Geophone regl=0 reg2=0

fie} 0

=3 =y

S =

=) =) L } Q

S+ S P

0 n

=3 o

& &

0.02 0.04 0.06 0.08 01 002 004 0.06 008 01
) Time (s)



Int tudwtxon

\IHT'IUL'

Synthetic data Field data

Summ

ary

‘U‘ Regularlzatlon regl 0.001 and reg2=0.001
Loss synthetic reg1=0.001 reg2=0.001
Parameters: °
Idem, except s e
=2
» L2 kernel a
. . R
regularization: = o
regl=0.001 and
reg2=0.001 o
< T T T T T T T T T T
100

Q 10 20 30 40 50 60 70 80 90

Epoch

Continuous line is training MSE. Dashed is validation MSE.



Introduction
OQ000

T3 Results regl=0

Methods
000000

.001 and

Synthetic data Field data
000000@000000000 0000000000

reg2=0.001

Summary
000

Time (s)

DAS input reg1=0.001 reg2=0.0( Geo pred regl=0.001 reg=0.0C DAS pred regl=0.001 reg2=0.0C

Depth (m)
200 300

100

DAS reg1=0.001 reg2=0.001

Depth (m) Depth (m)
100 200 100 200

Time (s)

Geophone regl1=0.001 reg2=0.001

P P
Sl ol
g g
= =
=3 S — N
o P
@ US’
[=] (=]
0.02 0.04 0.06 0.08 01 002 004 0.06 008 01
Time (s)

Time (s)



Introduction \T»‘rlnud Synthetic data Field data Summary
O 000 0000000 e00000000 0000000000 000
‘U‘ Regularlzatlon regl 0.01 and reg2=0.01
Loss synthetic regl1=0.01 reg2=0.01
o
2
Parameters:
Idem, except éﬂ id
» L2 kernel 2
. @,
regularization: = o
regl=0.01 and
o
reg2=0.01 S
\\“
[S) . = > ‘ ‘ . . ‘ .
0 10 20 30 40 50 60 70 80 90 100
Epoch

Continuous line is training MSE. Dashed is validation MSE.



Introduction Methods

Synthetic data

Field data

Summary

AO}OOOR | 1 (E)OO(O)O]O_ d 2 C6)OOOOiOO.OOOOOOO 0000000000 000
esults regl=0.01 and regZ=U.
Depth (m) Depth (m) Depth (m)

100

200

Time (s)

DAS input reg1=0.01 reg2=0.0:

DAS reg1=0.01 reg2=0.01

100 200

Time (s)

o)
o

Geo pred regl=0.01 reg2=0.01

100

200

Time (s)

DAS pred regl=0.01 reg2=0.01

Geophone regl1=0.01 reg2=0.01

P P
Sl sl
g g
= =
o P
@ US’
[=] (=]
0.02 0.04 0.06 0.08 01 002 004 0.06 008 01
T )

Time (s)



Introduction
o 000

Methods
000000

Synthetic data Field data Sum
0000000008000000 0000000000 000

\;‘ Regularization regl=0.1 and reg2=0

mary

Parameters:
Idem, except
» L2 kernel

regularization:

regl=0.1 and
reg2=0.1

Loss synthetic reg1=0.1 reg2=0.1

0.8 0.8

Magnitude
0.4

0.2

- T T T T T T T T T t
Q 10 20 30 40 50 60 70 80 90 100

Epoch
Continuous line is training MSE. Dashed is validation MSE.



Introduction Methods Synthetic data Field data Summary
OQ000 0000000000800000 0000000000 000

TF Results reglz(f)o.oiooand reg2=0.1

Depth (m) Depth (m) Depth (m)

100 200 300 100 200 100 200

Time (s)
Time (s)
Time (s)

DAS input regl=0.1 reg2=0.1 Geo pred regl=0.1 reg?=0.1 DAS pred regl=0.1 reg2=0.1

DAS reg1=0.1 reg2=0.1 Geophone regl=0.1 reg2=0.1
fie} 0
=3 =y
S S
- =
=3 S — et S el
0 n
=3 o
& &

0.02 0.04 0.06 0.08 01 002 004 0.06 008 01
) Time (s)



Introduction \IHT'IL)L'

O 000

Synthetic data Field data Sum
00000000080000 0000000000 000

\;‘ Regularlzatlon regl 0.001 and reg2=0.1

mary

Parameters:
Idem, except
» L2 kernel
regularization:
regl=0.001 and
reg2=0.1

Loss synthetic reg1=0.001 reg2=0.1

0.8

0.6

Magnitude
0.4

0.2

(=} T T T T T f y y T
o] 10 20 30 40 50 60 70 80 90 100
Epoch

Continuous line is training MSE. Dashed is validation MSE.



Introduction

Methods

Synthetic data

Field data

Summary

AO}OOOR | 1 (E)OO(O)OOO]- d 2 OOC6)OOOOOOO0.000 0000000000 000
esults regl=0. and regZ=
Depth (m) Depth (m) Depth (m)

Time (s)

100

200

DAS input reg1=0.001 reg2=0.:

DAS reg1=0.001 reg2=0.1

0 100 200
< \

—

Time (s)

o)
o

Geo pred regl=0.001 reg’=0

1

100 200

Time (s)

DAS pred regl=0.001 reg2=0.1

Geophone regl1=0.001 reg2=0.1

P P
Sl sl
g g
= =
o P
@ US’
[=] (=]
0.02 0.04 0.06 0.08 01 002 004 0.06 008 01
Time (s) Time (s)



Introduction Methods Synthetic data Field data Summary
o 000 000000 0000000000000e00 0000000000 000

‘U‘ Layer 1 convolution filters
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\;‘ Containment and Monitoring Institute Field Research Station (CaMI-FRS)
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Number of epochs:
100

Training decimation:
10

Learn rate: 0.001
Batch size: 32
Validation split: 0.5
Number of filters: 20
Filter length: 2L¢g

L2 kernel
regularization:
regl=0.001 and
reg2=0.1
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Continuous line is training MSE. Dashed is validation MSE.
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Yy Summary

» The DAS-to-geophone encoder decoder CNN is an example of a physics-based
unsupervised neural network.

» Regularization in the kernel coefficients of the neural network were needed to
adjust the relative amplitudes of the output DAS trace and the geophone trace in
the latent space.

» Some regularization values produced convolution filters with sinusoidal shapes.

» 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 field data.

» 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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