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Type Method Representative Advantage Disadvantages Reference
Manual - No algorithms required Low efficiency, poor consistency
Processing
STA/LTA Simple, fast low accuracy, sensitive to SNR Allen, R. V. (1978)
Traditional Template Matching Effective for repeated Massively templates n.eeded, inefficient Haykin, S. (1996)
Method earthquakes calculation

Traditional ML

Using specific wave features

Hardware limitations in computations

Chiaruttini,
C(1989)
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Hybrid Methods

WT-AR

Higher accuracy through
method combination

Computational complexity and high
resource needs

Karamzadeh, N.
(2012), Shokri-
Kaveh, M.(2023)

Deep Neural
Networks

ConvNetQuake, EQT,
PhaseNet

High accuracy
High precision

High efficiency

Massively labeled seismic data needed

Mousavi, S.M.
(2021)
Zhu, Q.(2018)
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Automatic P-wave picking using undecimated wavelet | updates o

transform
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Abstract From the seismologisls’ poial of view, il
is extremely imporiant (o accuralely detect the first
P wave arrival Ume. The P wave arrivals have con-
siderahie information ahoul ovenls sach as location.
magailde, mochanism, and source parameters. In the
classic methads, P wave plckings have boen accoar
plished manually in a visual way. Bul in the cra of
inlormalion and communication techndogy, il can
he done by computer programs. Seismologists have
developed many methods for the picking of the lirst
arrival time of P wave. The wavebo! transiorm is one
ol the methods W analyze the arrival hmes and use-
faf 1or picking op e singularitics of any (enclioa.
Decomposing signals by wavelet transtorm is i mas-
ter key Lo the slady ol tme-Irequency varying signuls
such a5 carthquake selsmograms. This paper presents
P phase picking wihout any prior information using
andecimated wavelel transform. For underlaking (his
study, a simple envelope characleristic function is wset
for P phase picking. The proposad method 15 lested on
5 carthquakes recocded by the Foel netwoek in Japan

Kavets - R. Mansouri () - A K
5 Gut University

| Hashenr, Irsn

© S.1. mmresourt & pgu_ac.ir

thal have varying signal-lo-noise nutio levels for culi-
brating. Then the method is applied on 50 carthquakes.
The observed resulls are compared with manual phase
picking and standard STA/LTA method. The wavelel
hase methixt shows the higher accuracy ol phase pick-
ing in evenl delection and lime picking, respect to the
standard STA/LTA method, when comgared 1o manusal
picking.

Keywords Waveiet transiorm - Phase picking -
Japan - Arrival ime - Signal - Earinguake

1 Introduction

‘The automatic picking ol seismic phases is of greal
importance in selsmic dafa processing, pasticularly
in hok! examples such as the process of localing
and lomography. With thelr continuous activation all
arvand the world, selsmic nelworks, prixiooe 4 vol-
ume ol wavelorms whose manual processing woukt
rogaire both considerable ime and manpower. Human
efror in detection of the phase. oo, may serlously
allect luture studies. Hence, a laster more eflickent and
accurale allernative method is roquired. An altemalive
method (hat canaol caly reduce the human, linan-

;:..1_5_/3

A hybrid method based on undecimated discrete wavelet transform
and autoregressive model to S-wave automatic picking

Mohammad Shokri-Kaveh,! Gholam Javan-Doloei ©,' Reza Mansouri © .2
Nasim Karamzadeh® and Ahmad Keshavarz “#

‘L‘. of Seismology, |

of Earthquake Engincering and Seixmology, 1953714515, Therun, fran . E-mail: jovandolosi@iives.ac.ir

zlkpmw aof Geaphysics, Persian Gulf University, 75!(-9!38[7 Bushehy, Iran
3 Geophysical Instingte (GPY), Karisruhe Institute of Tecknology (KIT), 76187, Karisruhe, Germany
4107 and Signal Processing Revearch Growp, ICT Research Institute, Faculty of Inteiligent Systems Engincering and Data Science, Persian Gulf University.

7516913817, Bushehr, fran

Accepted 2021 October 10. Recerved 2022 August 9; m onginal form 2022 February 6

SUMMARY

Automatic S-wave arrival me estimation 1s, due to the complex charactenistic of most of
the S onsets, a topic of ongoing research. Manual as well as automated S-wave picking is
more difficult than P-wave picking. as § wave 1s usuzlly buned in the preceding P-coda. In
addition, S-wave sphtting, due to possible seismic anisotropy. and the presence of Sp-converted
precursors, due to shallow strong velocity discontinuitics, increase the complexity of S-wave
onset time picking. The goal of this study is to develop an sutomatic S-wave onset time picking
algorithm, using undecimated discrete wavelet transform (UDWT) and autoregressive (AR)
model. The novelty of this rescarch is the application of UDWT to define a charactenstic
function based on the scismogram envelope that leads to accurate S-wave detection. First,
an mitial arnval time is estimated using the signal envelope. Then S-wave onset is improved
with sn AR mode! regarding the fact that a short ime afier S waves arrival the amplitude 1s
maximized. The robustness of the proposed method under different SNR’s has been tested
on synthetic seismograms, contaminated with noise. It has also been applhied to 180 local and
regional events with magnitude greater than 4 and epicentral distance from 100 to 1000 km,
recorded by the permanent seismic networks within Iran. We also applied our methed to a
data set from Japan; the data set contains 30 events with & magnitude range greater than
3. The results of our proposed algorithm are compared with a traditional reference method,
novel deep leaming methods and manually picked phascs. The tested data set contans 1160
manual picks from Iran carthquakes data set and 518 manual picks from Japan carthquakes
data set. The results show that the proposed method appears to be promising to replace manual
phase picking. The automatic picking algorithm described in this study is applicable in many
seismological studies that require § onset detection and picking.

Key words: Time-scrics analysis; Wavelet transform:; Body waves: Earthquake carly wam-
ing; Seismic noise; Deep Learnmg.
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Comparisons of pickers proposed algorithm and the Karamzadeh et al. (2012)
algorithm (Reference method) for 180 events, with 1160 available manual S-wave
readings.
Manual Proposed_Method Ref_Method
Picks (%) 100 99.83 98.79
Correct picks (%) 100 94.91 85.84
Mean = Std (s) - 0.98+1.04 0.33+£1.99
ERR <15 (%) - 41.54 42.23
ERR < 2s (%) - 80.74 61.23
FRR < 2 s (%) - R6.10 69.78
500 1 1 1 | 1 1 | L 1 500 i 0l {53 1 ol 1 Ol 1 e s
450 (@) 450 (b)
400 - 400 -
350 - - 350 - -
300 - - + 300 -
§ 250 L € 250 1 :
< 200 L 2 200 - -
150 n 150 -
100 o 100 o
50 — B 50 -
0 T ¥ : T T 0 —f_!_ jﬁ:’
-5 -4 -3 =2 2 3 4 5 5 -4 3 -2 4 0 1 2 3 4 5

(a) Our method and (b) Reference

method.
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Comparison of the statistics of time residuals of our method and EQT model with manual picking on the Japan data.

45° | 45°

Methods No Pick Picked (%) Correct picks (%) Mean * Std (s)
a0° 40° EQT 165 68.15 67.37 5.05 1.5
‘ Our Method 31 94.01 93.82 0.29 +0.89
3s5° | ase
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The statistics of time residuals of the EQT model on the Iranian data set.

No Pick Picked (%) Correct Pick Mean % Std (s)

EQT 395 68.88 65.82 5.6 2.5

Histograms of S-pick residuals obtained by the EQT model on the Iran data.
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Earthquake Catalog Development

Cataloging pipeline

Kubo (2024)
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Other applications in
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16666

System= RAM: 128G, CPU: Xeon 3.2 GHz and
GPU: Tesla K80ox4

Optimizer = AdamW

Total dataser=100000
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Train70 % Validation20% 7 Test10% - Loss function= BCE
44447 Evants ibé Evare S S Learning rate = 104
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Accuracy and loss curves for training and validation datasets
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Performance metrics

True class Precision P
p=_r
T e
TP FP Recall R
@ (True Positive) (False Positive) R— _1Ip
= T, + Fn
° Accuracy A
S
b FN IN T, + Tn
» : (True Negative) A=
= (False Negative) g T, +T,+Fy+ F,

Fl-score F}
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Performance metrics
for different models
on the validation set.

The proposed models’
performance on the test
dataset compared with
that of the pretrained
models (highlighted in
yellow) and STA/LTA
detector.

A

" F
;}.-Ll’...'-rfs;rr;:_:}.';'_-r. ,.-’."hﬂ_’rj'
Lo

Models PRE REC Fl ACC
LCNN+Self-attention|  0.9968 0.9958 0.9962 0.9985
LCN N+CBAM 0.9955 0.9959 0.9956 0.9982
LCNN+AG 0.9953 0.9946 0.9949 0.99/8
LCNN +SEblock 0.9949 0.9947 0.9947 0.9973
LCNN 0.9951 0.9937 0.9943 0.99‘2

Models

LCNN +Self-attention
LONN+CBAM 09950 0.9953 0.9980
LONN+AG 0.9949 0.9952 0.9950 0.9977
LCNN+ SEblock 0.9948 09951 0.9949 0.9975
LCNN 0.9931 0994 0.9942 0.9956
OBStransformer 0.9833 0.9545 0.9711 0.9583
CRED 0.9395 0.9000 0.91%8 0.8626
PickBlue 0.6998 09927 0.8209 0.9323
STA/OA 0.6485 09807 0.7809 0.6528
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Daubechies 4 Daubechies 10 The most important properties of the Mother
wavelets are Sang et al. (2016):

| . O The wavelet should have a progressive
and linear phase.

2 ; : b | U The wavelet should exhibit good

» g — localization both in the time and
frequency domains.

\/\/V\/\ ' O The wavelet should be adapted to the
trade-off between time and scale

= ‘ ‘ ‘ . o S resolutions.

LS 50 4adiia sladlSn O The wavelet should also meet the
ol orthogonal condition.
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Amplitude
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Mother Wavelet Models PRE(%) REC(%) F1(%) ACC(%)
Performance of LCNN+Self-attention 99(64| 9961 99|62 99|33
models by different
LCNN+CBAM 99/57 9950/ 99|53 99|80
mother wavelets on Db10 LCNN+GA oola9| ods2| 9950 9979
data test. LCNN+SEblock 99,51 99.48| 99049 99|78
LCNN 99/31 9954 9942 99|75
LCNN+Self-attention 99l61| 99.57| 99/59| 9977
LCNN+CBAM 9946/ 9947 9946 | 9979
Dba LCNN+GA 99,45 9949 99l46| 99|78
LCNN+SEblock 99,47 9950| 9948 99|75
LCNN 99,42 99.39 9944 | 99|67
LCNN+Self-attention 99,61 99.61 99|61 99|79
LCNN+CBAM 99,49 9958 99|53 99|77
Sym7 LCNN+GA 99,49 9951 9949 9977
LCNN+SEblock 99,42 99,49 99/45 99|71
LCNN 99,45 9950| 9947 99|72
LCNN+Self-attention 99|58 99.54| 99/56| 9976
LCNN+CBAM 99,49 9948 9948 99|73
Coif4 LCNN+GA 99,47 99,49 99/48 99|74
LCNN+SEblock 99,41 9948 9944 9d.7
72 LCNN 99,72 99.05 99|88 99|88 31
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Model Number of False s9) = L Ju o 3 Sdae

Signal Positives diwoes slaodld

LCNN+Self-attention 769 9 2017 joelwy 24-18 o )Mo aJdydy
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| Conv2D, 16 kr (5,11), MaxPooling/2 |

v

[ Conv2D, 32 kr (7,7),MaxPooling/2 ]
v

I r
I |

cwm“uo:),uw J
| Comv2D, 128 kr (3,11), MasPooling? |
| Wmmi MaxPooling7 |
[ mw.'w |
memw.:w ]

L_________________________J
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From P arrival to the S arrival + 1.4
X (S - P time)

Amplitude=1 4 |
Al

Onzet time of P& A

600k data from

/&TEAD

100k Noise

500k Earthquake

Training = 70% (420k)
Validation = 20% (120k)
Test = 10% (60k)

9 sl dBcwayn ¢ el
@) sl Olaghais

Framework = Pytorch

System= RAM: 64G, CPU: Intel Core i9
and GPU: NVIDIA GeForce RTX 4090

Optimizer = Adam

Loss function= BCEWithLogits + L1

(Leotar = @. BCEp + B. BCEg + y. BCEg + 6.L1p + €. L1s + p. L15)
Learning rate = 104 (ReduceLROnPlateau )
Bach size= 8

Epoch=200
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Loyl
Precision=— Recall = e =00

TP + FP TP+ FN .. cov(x,y) Jdo >3 SJase
Pearson coefficient = p xy =

o 0.2 * 2
Precision x Recall Thr = x %0y
F1-Score = 2 x —
Precision + Recall o
.7
Training F1 Curves Validation F1 Curves
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Loss Curves

—

e Training Loss
Validation Loss

A~—
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25 50 735 100 125 150 175 200

Epoch

Sl dw L5|_)_> &Lw)l_u_c| Lsﬁu:ﬁ_,o_m,o B LSJLg_X_u.LX_} JA_A

n“‘ «“‘

> ) Sdae

WTJsk T Precmon ﬁﬁeca'llw TR ?Mf

Detector 1 0.9999 0.9999
P_picker 0.9947 1 0.9973
S_picker 0.9827 1 0.9913
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0 yghaio
L o
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U . il R
- o = Fs . 1 " . - ‘r? l_,’,jj |
Lwdedlade gexa 55y » Obspys AR picker Cisy somy (i)sal Gin ) sladae b Jae a Sdee 4nlia ;
e O ) St
Earthquake Detection Precision Recall F1 Dataset Ref.
Proposed model 1 0.9999 0.9999 Test Dataset (60k) This study
PickBlue 0.8177 0.7645 0.7902 Test Dataset (60k) Bornstein et al (2024)
OBSTransformer 0.8196 0.75680 0.7869 Test Dataset (60k) Niksejel & Zhang (2024)
EQT 1 1 1 STEAD Mousavi et al (2020)
P_phase Identification
Proposed model 0.9950 1 0.9975 Test Dataset (60k)
PickBlue 0.9834 0.9896 0.9865 Test Dataset (60k)
OBSTransformer 0.9669 0.9803 0.9735 Test Dataset (60k)
EQT 0.9900 0.9900 0.9900 STEAD
AR picker 0.8854 0.8855 0.8855 Test Dataset (60Kk) Obspy
S_phase Identification
Proposed model 0.9813 1 0.9906 Test Dataset (60k)
PickBlue 0.9834 0.9881 0.9857 Test Dataset (60k)
OBSTransformer 0.9669 0.9796 0.9732 Test Dataset (60k)
EQT 0.9900 0.9600 0.9800 STEAD 37
AR nicker 0 7220 0 7221 0 7221 Tect Datacet (60k)
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Jdo > 3Sdoe

Tdiff = Tiaber — Tpred

P phase arrival time residuals S_phase arrival time residuals
Mean = 0.00 Mean =0.00
Var = 0.0025 Var = 00032
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Average Training and Validation Loss Across Folds

—— Average Train Loss
= Average Validation Loss
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