Identification de familles de signaux par apprentissage
profond dans les données sismiques continues
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Motivations — détection & identification de signaux dans données continues

L B
m— il .|-
R CESET m g Toear
Identifier automatiquement de ™ - o w il ‘ L; '
grandes bases de données -— — +
= = =
.
> hrs clusters in continuous data, Beyreuther (2012)
Détecter une activite
sismique de faible amplitude
30 s Greenland Llandslide, Poli (2017)

Détecter des
signaux émergents

S Non-volcanic tremor in Japan, Poiata et al. (2016)

Mettre en évidence des nouvelles classes de signaux sismiques



Identification de familles — méthode supervisée et non-supervisée

Supervisée Non-supervisée
(classification) (clustering)
Regression entre les Modélisation de la
labels et la donnée distribution des donnees
modele modele

\f( ) X \f( )
y = f(x X = f(x
Label / \ donnée approximation / \ donnée

de La donnée



Identification de familles — un grand nombre de définitions, autant de solutions

affinity mean ward Gaussian
k means propagation shift spectral hierachical agglomerative DB scan mixture

source: scikRit-Llearn.org

Aldenderfer & Bashfield (1984), Duda & Hart (1973), Estivill-Castro (26062)

C’est une tache d’exploration, tout résultat a du sens


http://scikit-learn.org

Cas particulier — identification de familles de formes d’onde

Identification de
familles

Identification de
familles

Identification de
familles

T

]

Definition de
caracteristiques

|

Extraction de
caracteristiques
abstraites

T

Extraction de
caracteristiques

T

Donnee

T

Extraction de
caracteristiques
simples

Apprentissage
classigue

Donnee

T

Apprentissage de

repreésentation

Donnee

Apprentissage
profond




Concept des réseaux de neurones convolutifs

Extraction de features
Activation non linéaire

feature
2" — RelU
FiLt & —— ELU
conv. jitter | = —— Leaky ReLU
é // —— Sigmoid
j Tanh
image Softplus
Co
2L X
Dumoulin & Visin (2018)
label A
"chat”
donnée
(ex. image)
label B
"chien”
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feature architecture?




Exemple d’un grand champion de la classification d’images

Deep convolutional VGG16

Simonyan & Zisserman (2015)

Du detail a L’abstrait

Cette architecture est le fruit d’essais
empiriques inspirés par la nature



Exemple d’un grand champion de la classification d’images

Deep convolutional VGG16

Pooll Pool2 Pool3 Pool4 Pool5 Predictl Deconvl Deconv2 Deconv3  Softmax

Simonyan & Zisserman (2015)

Du detail a L’abstrait

Cette architecture est le fruit d’essais
empiriques inspirés par la nature

Exemples de filtres appris (premiere couche
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| es filtres de VGG 16 sont sensibles a I'orientation



Exemple d’un grand champion de la classification d’images

Deep convolutional VGG16

Pooll Pool2 Pool3 Pool4 Pool5 Predlctl Deconvl Deconv2 Deconv3  Softmax

Simonyan & Zisserman (2015)

Du detail a L ’abstrait

Cette architecture est le fruit d’essais
empiriques inspirés par la nature

Exemples de filtres appris (premiere couche
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ENERNARS

Ondelettes de Gabor en 2D

WAZ= =S N

Les filtres de VGG16 sont sensibles a I’orientation
On peut les remplacer par des ondelettes




Réseau de neurones convolutif a ondelettes
Réseau diffusif (scattering network)
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* Filtres analytiques
 Pas d’apprentissage
e Propriétés explicites

e Architecture intuitive

Excellent résultats sur la classification de signaux audio (Andéen 2014),
électrocardiongrammes & chants d’oiseaux (Balestriero 2017)



Représentation du signal a travel un réseau diffusif

Sismogramme
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Log-scale A1

Filter bank #1
Time scale: 2 second
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data

(channels) conv. 1
VGG16 for comparison
pool. 1 conv. 2
| pool .2 conv. 3
| | latent
| | space clusters
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—O~ = [~ —= | —o~ —
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Identification de familles avec un modele de mélange gaussien

(a) generated synthetic
data from 3 normal
processes with unbalanced
covariance and population
size

GMM peut identifier des familles avec des populations deséquilibrées

(b) K-means

(c) GMM, a soft
probabilistic
version of K-mean

K
X~ H'/V(//tka 2k)l{r=k}

k=1

modified from

Raykov et al.
PONE (2016)



Quelle ondelette?
Toutes ces ondelettes ont des proprietés particulieres

Morlet Gaussian \/‘\/A\, Mexican hat\/‘\/ Daubechies
Frequency
Shannon B-spline Discrete Meyer Paul

Complex
Coiflet Haar t Morlet Symlet
U\/

Nous pouvons aussi apprendre I’ondelette qui resout une tache donnée au mieux

4
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mother wavelet

mother wavelet

mother wavelet

clustering loss

learning learning learning minimization
() (A
@) @) D QO
spline spline spline A
filter bank filter bank filter bank
data
(channels) conv. 1 gaussian mixture
S clustering
e Wavelet amplitude

- \Wavelet derivative o

—— Cubic spline @

5 S

pool. 1 conv. 2
time first latent variable
pool .2 conv. 3
latent
v | space clusters
v ___
convoution conv. conv. ]
modulus mod. mod. []
—@= = —@~ — —@~ ——
N ® | Poct ~® el -—(R— clustering B
reconstr. loss rec. rec. L]
loss loss |
pooling pooling dimension
reduction
scattering coefficients
pooling
®) O, -
concatenation concatenation




dBFS

?

y

0
Btes s
u S e R
NS~ |y
e e M e
—— §— n\‘“\ﬂ1a
T B, i
.l Ll ..l( N -4
O T IR S R
N — TSN Y
R LN T L. »
- .,l-a,..)...—q\
s B Sl ) ¥, >
N i .
SN e N2
P b .
5 PP S .....x : »
- v Py ey
» - et LT
B — . = o ff‘*
% $ 1‘—..‘_- -
S LR L Ny
- TR
r s A
A
l. - - - l.c~
v\-"\.._ A
b - ) 9 ”t..
J U
atha Ty R
- ) .r,r.
.Jl' RS T
- ..-‘-.4
u y ,\..‘ .‘4..\r'.
P, - ”...\
- ..v-
u - .
" 4
— >
c - L

22:00

BTN Ly ._...w....h-.. S lher ]

: ~ ..!.A wﬂw - 0: . ‘n.”.‘.rn‘
‘../e.m_.'».
.. .n ‘/..f.. . '
. .\.oob. P

LY ..u... AT -‘\~¢vl.lcd
A s S e
S P . e

o .o\h.\...l.“\ o\& >

21:00

- o - <
= S = = =
S S -

apnjijdwe paddi|D (zH) Aouanbaiy

MN;I?N.G&?NM\;

\

.

'

ndslide

Nuugastiaq

Glissement de terrain de Nuugaastiag (2017) — faible pr

X

71°30
71°
70°30

-
o
o

~

(ea1bap) apnyje

00:00
(rev.)

23:00
Time on 2017.06.17
Seydoux et al.

21:00 22:00

—54° -52° -50°
Longitude (degree)

-56°

-58°

14



15

Cumulative

Cross-correlation Amplitude

detections

Glissement de terrain de Nuugaastiag (2017) — faible précurseur sismique?

Mise en evidence par template matching

1. Template extraction and cross-correlation

1 ! ! ] ! !

-1 1

= b

Template Y Les avantages

e Robuste au bruit

2. Coherence-based detections

1 1 1 ] 1 1

I ‘Rapide‘acaIClﬂer
i

Les iInconvénients

-1 +———1—

3. Analysis: power-Law acceleration behavior

« Sensible a la définition du template

« Sensibles a plusieurs parametres (fenétre, fréquence)

e Limité a des signaux connus (classification a deux classes)

100 ] ] | ] ] | ] ] | ] ] | ] ] | ] ] | ] ] | ] ]
50 B
0 L e e B B B e B
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Peut-on retrouver ces resultats a I’aveugle?
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Identification de signaux
dans un jour de donnée

Daylong
seismogram

|

Scattering
transform
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Latent space
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Cluster

Seydoux et al. (rev.)
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Début — beaucoup de clusters identifies, données éparpillées



Identification de signaux
dans un jour de donnée
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Apres entrainement, certains points se concentrent, d'autres non
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Identification de signaux

dans un jour de donnée

Daylong
seismogram
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Seydoux et al. (rev.)

-
o 2000 - - 1.00
3 il =
9D 1500 - - 0.75 9
o @®
O O
o 1000 - - 050 ©
= -
O 500 - 0.25 S
= S
g 0 A ' | ' ' | ' ' | ' ' I ' ' I ' ' I ' ' | ' ' 0.00
O 00:00 03:00 06:00 09:00 12:00 15:00 18:00 21:00 00:00
0 B
S 200 - - 1.00
5 |3 =
9D 150 {— 4 - 0.75 Q9
QO @®
—®) O
o 100 - - 0.50 2
= Qo
© 50 - - 0.25 S
E 1V e i NRARONY S
g 0 = | ' ' I ' ' | ' ' | ' ' | ' ' I ' ' I ' ' 0.00
O 00:00 03:00 06:00 09:00 12:00 15:00 18:00 21:00 00:00
Time of 2017-06-17
Probability
C D E I Correlation
h \W”WW L —
W“w“ | T T N
30 4= | o i 150 150
b 195 125
A OIS N
Eg \f"!@ymmmmmmwwtwm Eg
© i ©
2 5 e 2 100 100
3 il s 75 75
Lﬁ "'I}" i Lﬁ
Yok
,ﬂljuww o5 o5
"Wﬂ?"”" il !
0 M U . 0 0
0 10 20 30 0 10 20 30 0 1
Time (seconds) Time (seconds) Similarity

Détection cumulatives de chaque familles & formes d’ondes



19

vs. template matching
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Relative proximity (%)

Cumulated events (%)
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Discussion - classification du bruit a de plus grandes échelles
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Conclusions

Scattering network is used as a stable multiple
time-scale representation of the seismic data

PCA and GMM are used to cluster the seismic data
IN a two-dimensional space

We learn the wavelet that minimizes the clustering
loss (representation learning)

We were able to blindly recover the precursory
repeater preceding the main landslide rupture
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Discussion - towards single-station detection of non-volcanic tremors

Broadband records at two stations located 50 kRm apart
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Relative proximity (%) Relative proximity (%) Relative proximity (%) Relative proximity (%) Relative proximity (%)

Relative proximity (%)

Discussion — clusters versus meteorological data
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Appendix - parental normalization of the scattering coefficients

1st-order scat. coeff.
of absolute signal

1st-order normalized scattering
1st-order scattering coefficients coefficients

- TNy T
IR & AR,

' |
' |
“ (L
: .. 2nd-order normalized scattering
2nd-order scattering coefficients coefficients

T It
| Uil /o R {11

Several order of magnitude of amplitude difference between signals in the seismic data.
We normalize the amplitude w.r.t. the parent scattering coefficients.

| |

()

1)

Siffre et al. (2013)



Toy example: a two-layer scattering network

Scalogram

i

Harmonic sources Noise sources

1st order scattering coefficients

2nd order scattering coefficients




Ongoing work — differentiate between seismic phases

Dense Array for North Anatolian
fault

Analysis of a M1.6 earthquake
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Cluster analysis — pick up the right one!

affinity mean ward Gaussian
k means propagation shift spectral hierachical agglomerative DB scan mixture

scilkit-Llearn.org

Diversity of definition leads to variety of algorithms
We need data experts to have a priori on the data in order to select the right algorithm



Cluster analysis — example of similarity-based clustering

k means
Find K clusters based
on Euclidian distance

data points 3 clusters

Which algorithm is best suited for your dataset?



Waveform clustering
How can we consider waveform data?

wwm V%YAMMWWW* A. waveform isapointina N
‘ - dimensional space

Time-domain representation is highly

mw‘um fA ﬁ wwwmmﬂ,,m e unstable (sensitive to translation in
| l time, amplitude, frequency, etc.)

N-points waveform
correlation: 32% !

We need to extract features that have some properties of invariance



Waveform clustering

General workflow

Waveform Features Clustering

x e RY v € RF - e NC

Dependent to: -
: Find groups based on

Translation in time Which features have . g ] P :

, , : : . similarity in the feature
Deformation (scattering) invariance properties? S .

similarity

Frequency content

Not suited for clustering

How do we select the right features®?



Neural networks
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Neural networks

‘#* ~\\\\ ///,— "a cat”
T f =

label A
"a cat”
input
(e.g. image)
label B
"a dog"

Neural networks can
approximate highly

P A non-linear functions




Neural networks

Learn to recognize patterns

feature

conv. filter

image

Dumoulin & Visin (2018)

label A
"a cat”
input
(e.g. image)
label B
"a dog"

feature



Neural networks

Learn to recognize patterns

feature

conv. filter

image

Dumoulin & Visin (2018)

label A
"a cat”
input
(e.g. image)
label B
"a dog"

feature

Non linear activation function

RelLU

ELU

Leaky RelLU
Sigmoid
Tanh
Softplus
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Amplitude

Wavelet transform

Explore the time and frequency content of a one-dimensional signal with
convolution with different wavelets localized in time and frequency

Wx(4,1) = (y; ® x)(?)
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| 5
2
-1 - | D? 0.0 —
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-400 -200 0 200 400 10'3 1()'2 10—1 10
Time (samples) Frequency (cycles per samples)

Wavelets are localized in time and frequency
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Seydoux et al. (rev.)
Different parameters always recover the precursory pattern
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Idea of a scattering network
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The first layer is a time-frequency representation of the waveform
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Idea of a scattering network

Seismogram

Filter bank '

scale
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tlme time

The first layer is a time-frequency representation of the waveform

The first-order scattering coefficients provide a locally stable
signal description at small time scales.
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Idea of a scattering network
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Larger time scales are analyzed at second order
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Learnable wavelets from Hermite cubic spline interpolation

1. Amplitude and derivative Learned at Rnots 3. Filter bank obtained from
2. Full wavelet 1interpolated with cubic splines dilation of the mother wavelet
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We can learn the wavelets given any task (e.g. clustering, classification, ...).
Only a few coefficients are learned compared with classical convolutional nets



