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Introduction

International Monitoring System (IMS):

 Consists of 300+ stations.
* Hosted by 89 countries.

« Real-time data for event monitoring.

« Station maintenance regularly for quality

assSurance.
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Station maintenance is costly
« Money, time, and human effort. T
e e e
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« Some of them are scheduled maintenances, NOT associated with
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actual instrument issues.
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« Can we schedule maintenance more effectively?
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Different maintenance strategies
Data
A Degraded Data Loss
\( Run-to-failure
4 Failure X
B Perhaps more servicing than needed
¥ TN Preventive maintenance
\ A
(scheduled)
&
=
= |C Degraded Service when needed
= SUER 0 o, Predictive maintenance
detected £ N %
(Service when data
% degradation is detected)
Time
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Challenges in detecting degraded signals
» Degraded signals or anomaly can be anything: No clear definition. 2020-03-01
i ) o AU.WB1, AUWB2, AUWB3 (BHZ)
« Signals may be subtle and hidden within the data.
* No ground truth data to learn or compare. )
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Unsupervised learning model: autoencoder
- Encoder Decoder -
Input Output
é [225 X N] g R B P
[450X32] [450x32] ‘ Sl
[900 X 32] [900 X 32]
|:| Input / output layer
[1800 X 32] _ 1D CNN Iayer [1800 X 32]
I ximum pooling/ Compare the input and
upsampliing iayer
| | peampTing &y | | output waveform by the
(3600 X 32] I Latent space (N=1,2,4) (3600 X 32] Correlation Coeﬁ:iCient (CC)
1. No assumptions on anomalous signals. | PN
2. Exploring information in seismic data. National Laboratory
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Training Data
~130° -80°
Randomly select a total of 5,000
days (120,000 hours) of data.
|
5Km - ’ \
o 40° Training & Testing (20%)
| o] Validation (80%) N
4275 Y Anomalous &
ATE ] -109.60°-109.55° i
an Lot | 'TXégR' ‘ - Synthetic data
o A
SN AN
0 m 8 4 9 v
oS e ~80° #TQ& — Evaluation
0 —

 Continuous waveform data from 2015-2023.

 Downsampled to 1 Hz, cut into hourly input segments.

l Lawrence Livermore
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(a) Training curve (b) Normal
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* Normal data - hlgher CC Hl Lawrence Livermore
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Apply to continuous data
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Apply to continuous data 044458
T T L LT
= — % , ﬂ
1.00 N - T
rvl~ :1_»[3—— I ! f | [
0.75 - ’ - - | |
0.50 ul. .
! amnY
24 hours oz 9 — " - ﬁ H— &
N : 7T
0.00 1 @Wmﬂﬁwmm"r Ly w w
? o
-0.25 A S e e } T o
~0.50 1 AT o - 2
g ' i ATy w
—0.75 A 2 } S mesns > I o
:
_ , i . —
1.00 10000 : T - T T L AM .
- | p— - T T 11 : =)
’T }H 1 [ T C
Z } ———t t 8
ol — PR P ST Iy 5 [7)]
. N T M T o
© S o A 1 % +— o
S m [T [ . ™ i —
2 m' T T —oe=oeat — (V)
c o T I - !
ie) 3
8 months % i r e
[ AV e e s e R A
S AT | It e |
> ] — ; — O
; ? | [ H i i
0 10000 20000 30000 40000 50000 60000 70000 80000
Time (s)
2018-07 2018-08 2018-09 2018-10 2018-11 2018-12 2019-01 2019-02  2019-03 Anomalous data in monthly scale.
Tim .
< Il Lawrence Livermore

LLNL-CFPRES-2009487 National Laboratory



S nT 2@25 “mum Towards Predictive Maintenance Strategy Through Waveform Anomaly

CTBT: SCIENCE AND TECHNOLOGY CONFERENCE DeteCtion USing Unsupewised Learning
Jiun-Ting Lin, Ana Aguiar, Qingkai Kong, Steve Myers, Amanda Price

. 04.4-458
Apply to continuous data
'3 IM.IL15..SHZ
1.00
10¢ | e LIF of daily CCs
0.754 Seasonal
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Compare to other models

IM.IL15..SHZ
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DL: Deep-learning
autoencoder (unsupervised)

0 Ty - - A
RF: Random Forest hl{ \‘ 1‘ '

(10 day moving avg.)

LL

(supervised) i

-1
LR: Logistic Regression O I | 'V"“' A Ausena NTY ""W'{
(supervised) .

-1
PYC: Traditional detector 0% A ,
(Pycheron QC tool) (Aur et g il EZZ:;:n:r:Iplitude ! I r T
al., 2021) I e

pike
_;01 9 2016 2017 2018 2019 2020 2021 2022 2023

Time (year)

L. , l Lawrence Livermore
LLNL-CFPRES-2009487 Performance is similar for known types of anomalies. National Laboratory
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DL: Deep-learning
autoencoder (unsupervised)

RF: Random Forest
(supervised)

LR: Logistic Regression
(supervised)

PYC: Traditional detector
(Pycheron QC tool) (Aur et
al., 2021)
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Compare to other models ’

New station: CN.YKARS3..SHZ (Yellowknife, Canada)

—
O

-1

0 ! —@— Dead channel
O —#— Repeated amplitude
E —eo— DC offset 1
Spike :
-1 i
2015 2016 2017 2018 2019 2020 2021 2022 2023
Time (year)

Il Lawrence Livermore

Unsupervised learning can detect unknown types of anomalies. National Laboratory
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Compare to other models A neighboring station (<3km)
YKAR3 : 2018-07-25 YKAR4 : 2018-07-25
B ———— et St s%‘ﬂ-ﬂlﬁmﬁdﬂw
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Hl Lawrence Livermore
National Laboratory

Unsupervised learning can detect unknown types of anomalies.
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Performance evaluation A
True Negative False Positive
CC=0.67 CC=0.64 0 cckoag SeC=0.02 €C=0.30 CC=0.25
-1.0 ’
_CC=062 0 cc=0.44 CC=0.40 CC=0.35 CC=0.44
0.5
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0 1000 2000 3000 0 1000 2000 3000 0 1000 2000 3000 0 1000 2000 3000 & ‘00 1000 2000 3000 0 1000 2000 3000 0 1000 2000 3000 0 1000 2000 3000
Time (s) Time (s) Time (s Time (s Time (s) Time (s) Time (s) Time (s)
False Negative True Positive
© ceadlep ©G=0.48 CC=0.51 €C=0.50 105 ec=-0.05 ic0=0.04 CC=0.09 €C=0.05
‘ 05 =
. | PAA "
-0. ‘ -0.5
3l -1.0
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0.5 0.5
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-0.5 l -0.5
- .0 1000 2000 3000 1000 2000 3000 0 1000 2000 3000 1000 2000 3000 - .00 1000 2000 3000 1000 2000 3000 1000 2000 3000 1000 2000 3000
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Anomalous data: Manually selected. B Lawrence Livermore
LLNL-CFPRES-2009487 Normal data: Randomly selected (may include mislabeled instances). National Laboratory
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Performance evaluation

DL (Acc.=88.1%) LR (Acc.=86.9%) RF (Acc.=92.6%) PYC (Acc.=78.2%)
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250

Normal
Normal
Normal
Normal

200

- 150 g
2
E B :
50
Normal Abnormal Normal Abnormal Normal Abnormal Normal Abnormal
Predicted Predicted Predicted Predicted
\ J \ J \ J
Y Y Y
Our approach Supervised ML Traditional QC tool
« Good accuracy. » Highest accuracy. « Detections are explicitly defined.
* Flexibility (Can detect » Less generalization capability « Lowest accuracy for long-term
unknown types of signals). to new types of signals. anomaly detection tasks unless

specifically designed for them.

l Lawrence Livermore
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Generalization capability

A model trained with 170 GSN stations:
« Different locations and sensor types/components.
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Model can transfer to new stations without significant retraining.
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Application to other IMS oRaAse
Behchokd
* Yellowknife Array, Canada
YKABO..SHZ
°
YKAE®. SHZ
.
« Anomalies lasting three weeks Ve ee o HEED
YKAE®.SHZ
® Yellowknife
were detected. g
(i B
Raw Data for station CN.YKAB6..SHZ on 2019-08-03 (O} CN.YKABG6..SHZ e et B
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Application to other IMS
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NC205 |

.M'. m«’ i /
« NORSAR Array, Norway.

NC405

° NC401
NB205 °
NB.DDS. NBO02 on ncao®
. ¢ e LY

* Possible to detect anomalies Mm-:- e
a few months ahead of the a'nvt“e”nance visit
maintenance Vvisit. ﬂ ok

CC and Seasonal Signal: NO.NC201.00.BHZ

® LIF of daily CCs
— Seasonal

= Unstabel sensor jul®
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0.5
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 Warramunga Array, Australia.

 The anomaly is difficult to identify from

the raw data.

» Successfully detected by the model.

Raw Data for station AU.WB2..BHZ on 2020-02-23

Count

0 10k 20k 30k 40k 50k

Time (s)

LLNL-CFPRES-2009487
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Application to other IMS
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Application to other IMS

Raw Data for station AU.WB2..BHZ on 2020-02-23 Q

 Warramunga Array, Australia.

- The anomaly is difficult to identify from ¢
the raw data. C
—20k
Missing signal
0 0k 20k 30k 40k 50k 60k 70k 80k
» Successfully detected by the model. Time (s)
Compare a for station AU.WB3..BHZ on 2020-02-23
10k
5k
-5k
_10k0 10k 20k 30k 40k 50k 60k 70k 80k
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Conclusion °

 We proposed a deep autoencoder model to detect anomalies in continuous seismic data.

« Long-term monthly anomalies can be detected by the model, allowing for the more efficient
development of maintenance plans.

« The performance is similar to traditional approaches when the anomalous signals are explicit and
well-defined.

« Our unsupervised approach has the capability to discover anomalous cases that were not
present in the training data.

« Our approach may be expanded to other types of sensors.

RESEARCH ARTICLE | JUNE 20, 2025 :® Early Publication
Anomaly Detection in Seismic Data with

Deep Learning: Application for Instrument Failure
Detection and Forecasting ©
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