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Motivation: IMS seismic arrays

- Seismic arrays are a critical part of the IMS and the processing Selsm|c arrays of theﬂIMS
pipeline for nuclear explosion monitoring B e BRSO
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Simplified array processing pipeline
1. Phase detection 2. Phase classification and back
—_— azimuth estimation \
3. Event
generation

4. Event
classification
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Simplified array processing pipeline
1. Phase detection 2. Phase classification and back
Beam deployment with STA/LTA —_— azimuth estimation \
detectors
3. Event
generation
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4. Event
classification
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Simplified array processing pipeline
1. Phase detection 2. Phase classification and back
Beam deployment with STA/LTA —_— azimuth estimation \
detectors from f-k analysis
3. Event
i generation
R A —  i— Phase
p ' association
pemeepes ne / and location

Beam recipe 3
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Back azimuth ) l

Beam recipe 4

estimation
Phase label
from apparent

velocity ) 4. Event
classification
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ML -assisted seismic array processing
-
1. Phase detection 2. Phase classification and back 3. Event
Deep CNN architectures — azimuth estimation — generation
\ Phase
association
and location
Deep Neural Network (DNN) pickers: \ /
PhaseNet, EQTransformer, Epick,
SkyNet ... l
CNN encoder-decoder
_ 4. Event
classification
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ML -assisted seismic array processing
( )
1. Phase detection 2. Phase classification and back 3. Event
Deep CNN architectures — azimuth estimation — generation
g Neural Network Phase
association
_ and location
Deep Neural Network (DNN) pickers: (  Backazimuth \ /
PhaseNet, EQTransformer, Epick, NN $ — estimation
SkyNet ... ) * Phase label l
f CNN encoder-decoder T T
— 4. Event
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ML -assisted seismic array processing

1. Phase detection
Deep CNN architectures

2. Phase classification and back
azimuth estimation
Neural Network

Deep Neural Network (DNN) pickers:

PhaseNet, EQTransformer, Epick,
SkyNet ...

CNN encoder-decoder
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—

) * Back azimuth
NN $ — estimation
| * Phase label
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ML -assisted seismic array processing

1. Phase detection
Deep CNN architectures

2. Phase classification and back
azimuth estimation
Neural Network

Deep Neural Network (DNN) pickers:

PhaseNet, EQTransformer, Epick,
SkyNet ...

CNN encoder-decoder
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ML-assisted seismic array processing — Our approach

1. Phase detection 2. Phase classification and back

Deep CNN architectures . azimuth estimation
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Strategies to apply DNN pickers to seismic array data

1) Single 3C elementinput Detection for each array Combine probabilities
) ) ) element from each input
1. Single station DNN detection b i — ‘ L L
T iebirsi —) ) : n . (m rl .H
followed by array processing: i —_"‘ S = s P S
Ensemble detection L, e Lo HH l I
- R -1
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Strategies to apply DNN pickers to seismic array data

1) Single 3C element input Detection for each array Combine probabilities
) ) ) element from each input
1. Single station DNN detection , T
followed by array processing: ' LI A s P S

Ensemble detection

ﬁﬂlr_’ —»J_‘_

2) Beam input (e.g. Z,R,TorZonly) Single model detection Phase probability
2. Array processing before DNN
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etections: -
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Beam detection o " gy
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Strategies to apply DNN pickers to seismic array data

1. Single station DNN detection
followed by array processing:
Ensemble detection

2. Array processing before DNN
detections:
Beam detection

3. Array processing learned by
DNN detector:
Array detection

1) Single 3C element input Detection for each array

Combine probabilities
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Strategies to apply DNN pickers to seismic array data
Array processing

L

1) Single 3C element input Detection for each array Combine probabilities
: ; : element from each input
1. Single station DNN detection R e ‘ - ]

followed by array processing:
Ensemble detection -,
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2) Beam input (e.g. Z,R,T orZonly) Single model detection Phase probability
2. Array processing before DNN
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3) Full array input Single model detection
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3. Array processing learned by
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Strategies to apply DNN pickers to seismic array data

Array processin .
yP 8 1) Single 3C elementinput Detection for each array Combine probabilities

) ) ) element from each input

1. Single station DNN detection , T
followed by array processing: ‘ . s P S

. = =
Ensemble detection a I X N | ‘
r’ —
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Trained for multiple arrays / slow ] D S S ——

2) Beam input (e.g. Z,R,T orZonly) Single model detection Phase probability
2. Array processing before DNN
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3. Array processing learned by
DNN detector:
Array detection
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ML-assisted seismic array processing — Our approach

1. Phase detection 2. Phase classification and back

Deep CNN architectures . azimuth estimation
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Seismic phase classification and back-azimuth from arrays
Conventional approach: Limitations:
« Assumptions: Plane wave and back-azimuth = Deviation from plane wave due to local
iIdentical to source direction Inhomogeneities below array
« Find slowness of best fitting plane wave « Back-azimuth deviations due to geology
through grid search (f-k analysis) or other between source and array
methods (e.g., PMCC) . Systematic lack of waveform coherency
* Use fixed apparent velocity thresholds to - Velocity thresholds for phases differ from site
classify regional/teleseismic phase arrivals to site and must be defined manually
Ewapsiéi;aaltte N, SOIUtionS
érr‘\;isc;p:attegms m 4Veloc.ry 7.9 kmjs, Azimuth: 135.0deg ) "‘.ﬂ..:‘:;; . ’W”‘“"‘“A/\/\/\/\/V\N\/\ . Emplrlcal Slowness
) PANEE e corrections
— W ) I Ny
. — A " S RF - Empirical matched
- — AW ) R A field processing
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ArrayNet: A Neural Network for phase classification and back azimuth estimation
NN learns to identify phase types and back-azimuth Coarray mhass
from measured phase shifts on the co-array /¥ oo S%e shiftpatterns in
V1Pl R - narrow
O Advantages: frequency
bands for a

 Does not require a plane-wave assumption

given seismic
arrival = “phase

 No need for empirical slowness corrections NI EEY . fingerprin

* No hard velocity limits for phase classification J
* Includes a noise class representing array- ArravNet
specific background noise < , y >
° - I architecture Classification:
Faster than f-k once trained Regression - e
. . : 1 i
* Can include custom signal or synthetic E——— [ Noise, P-wave, S-wave, Rg, ... ]
(augmented) arrival classes
« Recently included uncertainty estimates (MC
DropQOut & NN calibration) , v
Pg, Pn, P, PKP Sg, S
BSSA, Kohler & Myklebust, 2023 [ Pe.Pn J [ sesn | NORSAR

Classification: sub-model



n sionzseeremser  Agsessing deep learning for seismic array processing pipelines

CTBT: SCIENCE AND TECHNOLOGY CONFERENCE

Andreas Kohler, Ben Dando, Nadege Langet, Steffen Maeland, Tord Stangeland
03.5-395

Results of performance evaluation

1. Phase detection \
TPhaseNet on arrays with:
 Single-station Detection
* Ensemble Detection
e Beam Detection

K * Array Detection /

v

2. Phase classification and back
azimuth estimation: ArrayNet
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Results Step 1: Phase detection

P waves S waves §-——w~t TR
Evaluation on test data | | | ) }"'""'W”“"""‘"’"‘M y
Event time windows, all ) | Detection threshold™, | W"’““""’M i
stations, year 2022 - o —
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—— Single station detection

0.0

0.0 0|2 0.|4 O.IG O.IE l.‘O 0.0 0.|2 0.|4 0.|6 0.‘8 l.‘O S i n g I e Stati o n
Precision Precision detection

Recall: computed
using clear P and S
arrivals

Precision: computed
from all coherent
arrivals
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Results Step 1: Phase detection

P waves S waves § -——% Yo
Evaluation on test data | | | ) %‘"‘W‘"“"“"‘"‘““""“"‘“ﬁ
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. = 061 increases i 061 ‘ i -~ P low thresh
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S a Ions, year @ : | ~— P opt. thresh. |
[a's 1 . 10
0.4 1 H 0.4 > | = _un
- v - Bl 8§ . i ‘
& OU o . I\ AL
200 300 400 500 600 700 800 900
024 i i i 02 4 i i Time (s)

—— Single station detection

0.0 0.0

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

Single station

i i detection
Evaluation on continuous data o1 Recall: computed
Four days of 920 hand-picked " | — usmg ICIear Pand S
arrivals at ARCES (486 clear P &S __ | arrivais

waves) g y Precision: computed
Operational NORSAR STA/LTA- from all coherent
based deteCtOF f0r Comparison 27 Single station detection %21 ' ' al’l’lva|S

(FKX) . 0.0 ’ — ——

A T T T T T 0.0 T T T T T
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 “.RSAR
Precision Precision
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Results Step 1: Phase detection

P waves S waves
: 1o Single station
Evaluation on test data |
VS.
Detection threshold ™
i i Ensemble detection
: |
0.4 % 0.4
21 —— Single station detection 021 PS
—— Ensemble detection: stack Z
%o 0.2 0.4 0.6 0.8 1.0 %00 0.2 0.4 0.6 L
Precision Precision
P waves S waves
Evaluation on continuous data -] 0| ——————— ««\
é .
Single station detection
0.2 4 ° FKX 1 0.2
Ensemble detection: stack

T T T T T 0.0 T T T T T
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Results Step 1: Phase detection

P waves S waves
Single station
Evaluation on test data | ’
ensemble
Detection threshold \\
= 061 increases E 0.6 - VS.
g™ H Z Beam detection

—— Single station detection
®?1 —— Ensemble detection: stack G

—— ZBeam detection

0.0 0.2 0.4Predsoign 0.8 1.0 “0.0 0.2 0.4 Predsoign 0.8 10
P waves S waves
Evaluation on continuous data -

0.8 0.8

0.6

0.4
Single station detection

e FKX
Ensemble detection: stack
—— ZBeam detection
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0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Precision Precision

0.2 1 0.2




n senseeremstr  Agssessing deep learning for seismic array processing pipelines

CTBT: SCIENCE AND TECHNOLOGY CONFERENCE

Evaluation on test data

Evaluation on continuous data

Andreas Kohler, Ben Dando, Nadege Langet, Steffen Maeland, Tord Stangeland

Results Step 1: Phase detection

Recall

P waves S waves
1.0
0.8 1
Detection threshold ™
0.6 - increases i 0.6 -
i
1
1
|
0.4 v 0.4 -
—— Single station detection
Ensemble detection: stack
0.2 ¢ 0.2 4
—— ZBeam detection
—— 3cBeam detection
0.0 - T T T + 0.0 - T - T >
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0.4 Single station detection 0.4
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—— ZBeam detection
—— 3cBeam detection
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Precision

Precision
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Single station,
ensemble

VS.

3c Beam detection
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Results Step 1: Phase detection
P waves S waves
Evaluation on test data Single station,
valuation on testdata @ | —— . N
e AN el ensemble, beam
Detection threshold h Y
= 061 increases i 0.6 - VS.
(9] 1
Q H
= 04l — Single station detection# 04 Array detection
Ensemble detection: stack
—— ZBeam detection (ARCES Only)
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—— Array detection
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Results of performance evaluation

1. Phase detection \
TPhaseNet on arrays with:
e Single-station Detection
* Ensemble Detection
e Beam Detection

* Array Detection
N /

v

2. Phase classification and back
azimuth estimation: ArrayNet
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Results Step 2: ArrayNet applied to ARCES array

Phase classification super model

True vs. ArrayNet

MNoise 19 432 50000
40000
[,
O
£ p] 1548 25695 5 30000
o]
2
l_
-20000
5 - 1001 120 Ze+04 - 10000

MNoise P S
Predicted label

Better performance compared to
classic f-k-based phase
classification (NORSAR FKX)

NORSAR
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Results Step 2: ArrayNet applied to ARCES array
Classification sub model
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Phase classification super model

Moise

True label

True vs. ArrayNet

1 - 50000

40000

1548 25895 54 - 30000

-20000

1001 120 Ze+04 - 10000
Noise p S o

Predicted label

Better performance compared to
classic f-k-based phase
classification (NORSAR FKX)

True label

True label

PN 1
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True vs. ArrayNet
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True vs. ArrayNet
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Predicted label
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Results Step 2: ArrayNet applied to ARCES array

PO Classification sub model
Phase classification super model 17500
True vs. ArrayNet True vs. ArrayNet
8000
15000
PG 3386 441 4 ?000
NOiSE 519 432 50000 6000 12500_
E 5000
40000 AL R 4000 £ 10000
= =
— = o)
g 3000 O
= P 1548 25895 54 - 30000 2000 75007
w pT- F-K
2 1000 |
= 5000 :
analysis
F20000 PG PN o
Predicted label 2500 1
True vs. ArrayNet
= 1001 120 Ze+D4 10000 0
7000 -60 -30 O 30 60
BAZ residual
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Predicted label
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Conclusions

NORSAR has developed the usage of ML for seismic array processing
Evaluation of three strategies to leverage DNN pickers (TPhaseNet) with array data:
» All tested strategies outperform single-station detection

» Application to continuous data with ensemble and beam detection outperforms classic
array processing but is computational expensive

« Array detection model without pre- or post-beamforming is much faster - currently
outperforms S wave detection using classic array processing

ArrayNet is a successful ML method for phase classification and back-azimuth estimation.
Ongoing and future work: Pipeline processing & integration of Graph Neural Network
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Training data for all methods

Regional seismic events since 1994 obtained from
reviewed bulletins:

«  NORSAR (NRB)

« University of Helsinki (HRB)

- LEB

« EURARC: European Arctic Bulletin
Waveforms: ARCES, FINES, NORES, NOA & SPITS

For DNN pickers:
« Labels: P and S picks " , S
«  About 300,000 waveforms :
* Pre-filtering 2-8 Hz ® w S
«  1994-2020 used for training; 2021 for validation o
(during training); 2022 for testing (after training) ° :
« Various augmentation of training data

« Training one model: 4-24 hours on GPU “.RSAR

Novajai %,
zails e =S

. .,-_." .‘_
N
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Implemented modifications for array detection approach

» Use TPhaseNet with depth-wise

convolution layers

» Use separate decoder branches

for P and S waves (as EQ

transformer)

3) Full array input

Single model prediction

[T

N P S

-1
2x
@X

Phase probability,

Normal convolution

Applies filters across all
channels at once

Channels mix during
convolution

Depth-wise convolution

:;t::::%i —— @

Depthwise Pointwise

https://doi.org/10.48550/arXiv.1811.11431
Figure from
https://paperswithcode.com/method/depth
wise-dilated-separable-convolution

Applies filters separately to
each channel

Channels mix later (with
point-wise convolution)

NORSAR
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Results: ArrayNet applied to MKAR array

True vs. ArrayNet True vs. ArrayNet

Dataset: LEB events

Problem: class Noise a9 5 Noise 28
imbalance because of
few S wave arrivals

P 766

True label
True label

Better performance

when augmenting
synthetic S wave

Noise P S Noi P S
Ehlase patI:[emI to better Predicted label "™ predicted label
dlance tne Classes.

Un-augmented training data
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384

Sequential classifier:

* noise vs. events

* If event: earthquake vs explosion
Designed for a single array (ARCES) for now
Trained on regional events 1998-2018
Input: 100 seconds ZRT beams (2-8 Hz)

\

Andreas Kohler, Ben Dando, Nadege Langet, Steffen Maeland, Tord Stangeland

Results Step 3: Event classification at ARCES array

MaxPool ConvlD

] MaxPool ConvlD i
- — 1 MaxPool Noise
1 vs.
. o 5 Not Noise
atten ense Dense (Detector)
—p —p —»
123 23| 61 1 D
/é Earthquake
/ 7680 4096 4098 vs.
7/ / Explosion
— || 256 (Classifier)
L 384 256
384 384

AlexNet adapted for timeseries
1D convolutions

Dual binary output heads
Noise events masked during training in
classifier

earthquake

168
earthquake (65.37%)

. 189
explosion - (3.41%)

True label

03.5-395
Confusion Matrix
explosion noise
87 2
33.85% 0.78%
( ) ( %) o

g
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