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S U  M  M  A  R Y  

Rapid and accurate characterization of earthquake sources is crucial for mitigating seismic 
hazards. In this study, based on 18 000 scenario ruptures ranging from M w 6.4 to M w 8.3 and 

corresponding synthetic high-rate Global Navigation Satellite System (HR-GNSS) waveforms, 
we developed a multibranch neural network framework, the continental large earthquake agile 

response (CLEAR), to simultaneously determine the magnitude and slip distributions. We 

apply CLEAR to recent large strike-slip events, including the 2021 M w 7.4 Maduo earthquake 
and the 2023 M w 7.8 and M w 7.6 Turkey doublet. The model generally estimates the magnitudes 
successfully at 32 s with errors of less than 0.15, and predicts the slip distributions acceptably 
at 64 s, requiring only approximately 30 ms on a single CPU (Central Processing Unit). With 

optimal azimuthal coverage of stations, the system is relati vel y robust to the number of stations 
and the time length of the received data. 

Ke  y words:  Large Earthquak e; Deeping Learning; HR-GNSS. 
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 I N T RO D U C T I O N  

apid and accurate source characterization is of great importance
or resultant hazard mitigation (Kanamori et al. 1997 ; Kanamor
005 ). To this regard, earthquake earl y w arning (EEW) systems
hich aim to estimate earthquake parameters and deliver public
lerts seconds after the earthquake nucleation, have been con-
tructed worldwide over the past decades (Allen &  Melgar 2019 ).
or example, the ShakeAlert for the West Coast of the United
tates initialized since 2006 (Given et al. 2014 ), leveraging the �rst

ew seconds of waveforms recorded both by seismic and high-rate
lobal Navigation Satellite System (HR-GNSS) stations to locate
picentre, calculate magnitude and invert slip distribution (Mur-
ay et al. 2018 ), performed reasonably well and demonstrated its
f fecti veness during the 2019 Ridgecrest sequence (Chung et al.
020 ). 
Recent years have also witnessed a spurt in the adoption of ar-

i�cial  intelligence (Mousavi &  Beroza 2022 ), particularly deep
earning (DL; LeCun et al. 2015 ), among the seismological com-

unity to improve the performance of EEW. For example, a series
ow at: Earth Observatory of Singapore, Nanyang Technological University, 
ingapore. 
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article distributed under the terms of the Creative Commons Attribution License (
permits unrestricted reuse, distribution, and reproduction in any medium, provided
f DL algorithms have been proposed for earthquake signal de-
ection and discrimination (Meier et al. 2019 ; Zhao et al. 2019 ),
hase picking (Zhu &  Beroza 2019 ; Mousavi et al. 2020 ), epicentre

ocation (Perol et al. 2018 ; Zhang et al. 2020 , 2021 ), �rst-motion
olarity determination (Ross et al. 2018 ; Zhao et al. 2023 ), focal
echanism determination (Kuang et al. 2021 ; Cheng et al. 2023 )
nd magnitude estimation (Mousavi &  Beroza 2020b ; B.H. Lin et al.
021 ; Zhu et al. 2021 ). Compared with traditional methods, these
pproaches have signi�cantly improved the ef�ciency and accuracy
f earthquake source characterization (Kong et al. 2019 ). 
Ho wever , most of the existing DL algorithms are restricted to

mall and moderate earthquakes, mainly due to the relati vel y low
requency of destructive large ( M � 7) earthquakes (Taroni et al.
023 ). To compensate for sample rarity, a possible alternative ap-
roach relies on large-earthquake synthetics following establishe
arthquak e mechanisms (Frank el et al. 2018 ; Pitarka et al. 2020 ).
t should also be noted that waveforms recorded by seismometer
an clip during large earthquakes (Zhang et al. 2016 ), wherea
trong motion sensors may drift and suffer from baseline devia-
ion (Boore &  Bommer 2005 ), further hindering accurate source
haracterization using DL. Fortunately, the HR-GNSS data, which
easure crustal deformation unsaturated with non-cumulative er-

or, can overcome seismic senor limitations and have emerged as
 promising complementary tool for monitoring large earthquake
oyal Astronomical Society. This is an Open Access 
 https://creati vecommons.org/licenses/b y/4.0/ ), which 
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over the past years (Grapenthin et al. 2014 ; K. Chen et al. 2018 ; 
Murray et al. 2018 ; Wei et al. 2022 ). 

The concept of using DL for the characterization of large earth- 
quakes based on GNSS data was recently tested in a pioneering 
study by J.T. Lin et al. ( 2021 ). Using more than six million M w 

7.5 +  synthetic large earthquakes in the Chilean subduction zone 

they �rst  constructed a DL model and demonstrated its advantag 

over similar algorithms for magnitude estimation using �ve  histor- 
ical megathrusts. While magnitude provides vital �rst-order infor- 

mation to guide earthquake risk assessment, the source is implicitly  

assumed as a point and thus fails to detail the rupture asperities that 
account for localized strong shaking (Selvadurai &  Glaser 2017 ), 
which is the case for large continental strike-slip events that usually 
rupture hundreds of kilometres with several asperities. Fur ther more, 
the fault geometry in their study was prede�ned as Slab2.0 (Hayes 
et al. 2018 ) and complexities such as splaying and blind faults were 

not considered. 
In this study, we �rst  conduct rupture simulations on well-mapped 

continental strike-slip faults where large events have recently oc- 
curred, and we then present a multibranch neural network model 
that attempts to simultaneously determine earthquake magnitude 
and slip distribution using HR-GNSS. The model was �rst  trained 
with the synthetic data sets and then its ef fecti veness w as veri�ed 

b y appl ying it to the 2021 M w 7.4 Maduo earthquake and the 2023 

M w 7.8 and M w 7.6 Turke y doublet. Ov erall, our results demonstrat 
the feasibility of this approach for characterizing the magnitude and 

slip distribution of large strike-slip earthquake scenarios. 

2  DATA  A N D  M E T H O D S  

2.1 Earthquake  ruptures  and waveforms  synthesizing 

The 2021 M w 7.4 Maduo earthquake is the largest event in China 

since the 2008 M w 7.9 Wenchuan earthquake. It occurred on the 

Jiangcuo Fault in the Qinghai Province and was recorded by over a 

dozen GNSS stations (Chen et al. 2022 ). First, we determined our 
study area and selected the eastern portion of the Jiangcuo Fault 
because of the sparseness of stations in the west (Fig. 1 ). The strike 

followed a trace in the fault database (Deng 2003 ). We assumed a 

uni�ed dip angle of 80 � and set the depth to 30 km (Blaser et al. 
2010 ), w hich is appro ximately 400 km long. We then discretized the 

entire fault into 1500 (100 along strike × 15 along dip) rectangula 

subfaults. 
Note that moment magnitude scale ( M w ) is based on the to- 

tal moment release of the earthquake, which overcomes the inher- 
ent limitations of magnitude saturation associated with the Richter 
scale (Hanks &  Kanamori 1979 ), and therefore we adopted M w 

in this study. To build a database for DL training, we synthesize 
earthquakes with the magnitudes from M w 6.6 to 8.3 with an in- 

terval of 0.1 using Mudpy fak equak es module ( https://github.com 

dmelgarm/Mudpy ) that follows Karhunen–Loeve (KL)  expansion 
(LeVeque et al. 2016 ; Melgar et al. 2016 ). To determine the length 

L and width W of each fault rupture, we assumed scaling laws based 
on lognormal distributions with standard deviations derived from 

ruptures in western mainland China (Cheng et al. 2020 ): 

log ( L ) � N ( Š2 . 45 +  0 . 61 M w , � L ) , (1) 

log ( W ) � N ( 0 . 81 +  0 . 06 M w , � W ) . (2) 

We then randomly selected a subfault at the typical seismogeni 
depth of 7–15 km as the hypocentre, generated a stochastic slip dis- 
tribution and de�ned the kinematic properties. Additional details 
about the stochastic slip pattern are provided in Supporting Infor- 

mation Text S1 . To ensure the authenticity of our synthetic rup- 
tures, additional constraints were implemented to prevent a larger 
slip at the fault boundary and the maximum peak-slip limit  was 
set to 20 m, the empirical upper limit  of slip for strike-slip events 

Exact magnitudes allowed for a small perturbation (Fig. 2 ) to ob- 
tain a wider but reasonable range and re�ect a suf�cient variety of 
sources. 

Finally, we used Green’s function to synthesize a 1 Hz GNSS 

time-series for a duration of 128 s at our chosen 20 nearby GNSS 

stations within approximately 250 km of our fault (Fig. 1 ). In total, 
18 000 ruptures and their resulting GNSS records were generated 
Fig. 3 shows an example rupture scenario of an M w 7.9 earthquak 

with the resulting HR-GNSS displacement waveforms. 
Note that GNSS observations are subjected to mm to cm noises 

(Geng et al. 2018 ). To make the synthetic displacement waveforms 
more realistic, we added random noise to each time-series using 

the empirical real-time HR-GNSS noise model proposed by Melgar 
et al. ( 2020 ; Fig. 4 ). As the GNSS precise positioning algorithms 
keep rapidly advancing, here we do not take the GNSS observation 
outliers into account. Moreover, in practice, not all selected stations 
can be triggered, work properly or are available, resulting in missing 
records. In this case, part of the stations were removed to simulate 
data issues of possible station failures or incompleteness. We ran- 
domly removed certain station records by setting their displacemen 
time-series to zero, leaving at least four triggered stations located 
within 3 � of the hypocentres, and ensuring a minimum of three sta- 
tions within 1.5 � of the sources. This is because if  the magnitude 
is not suf �cientl  y large and all stations are too far away, almost all 
zero series cannot contain enough information to obtain either the 

magnitude or slip distribution. 
The 18 000 synthetic rupture scenarios were divided into 70 per 

cent training, 20 per cent validation and 10 per cent testing data sets 
(Suppor ting Infor mation Fig. S1 ). By introducing the realistic noise 
and station outages described above, we increased the authenticity 
and diversity of our synthetic data. The training/validation/testin 

data are augmented to 32 768/8192/4096 from the original data 
sets, which means that there are approximately four different station 
recordings with noise for each scenario. 

2.2 Deep learning  model  

We designed a three-branch network called the continental large 

earthquake agile response (CLEAR; Fig. 5 ). In practical appli- 
cations, all branches share the same input, which is the three- 
component HR-GNSS time-series for all stations. Considering the 

different earthquake durations and updating predictions based on 

obtaining more information over time, we set the input time lengths 
to 32, 64 and 128 s. The input shapes of the branches are 32/64/128 
(time steps) × 20 (number of stations) × 3 (number of components 

Our neural network is a fully  convolutional network consisting 
of one time-dependent encoder and three separate decoders and 

is almost entirely based on convolutional layers without any fully  

connected (dense) lay ers, w hich reduces the number of model pa- 
rameters and improves computational ef�ciency (Long et al. 2015 ; 
Ronneberger et al. 2015 ; L.C. Chen et al. 2018 ). The encoder is 

generally composed of �ve  groups of resident convolutional layers 

consisting of a Conv2D layer (LeCun et al. 1989 ), batch normal- 
ization layer (Ioffe &  Szegedy 2015 ) and MaxPooling layer (Zhou 

&  Chellappa 1988 ), to downsample the input data from a size of 
32 × 20 × 3 to 1 × 1 × 128 to obtain compressed high-level ab- 
stract features. Two optional groups of conv olutional lay ers were 

https://github.com/dmelgarm/Mudpy
https://academic.oup.com/gji/article-lookup/doi/10.1093/gji/ggae140#supplementary-data
https://academic.oup.com/gji/article-lookup/doi/10.1093/gji/ggae140#supplementary-data
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Figure 1. Tectonic setting map of the study area. The brown lines indicate the known faults and the black line represents our selected fault from the eastern 
part of the Jiangcuo Fault. The triangles indicate the 20 GNSS stations within about 250 km, 12 of which are used for a real case study in Section 3.2 . The 

inset map indicates the panorama of Qinghai Province. 

Figure 2. Source parameters of the 18 000 synthetic scenarios. Including the length and width distributions, the target magnitudes and the mean, maximum 

and standard deviation of slips and rise times. 

D
ow

nloaded from
 https://academ

ic.oup.com
/gji/article/238/1/91/7646875 by U

niversitat-E
T

H
 Z

urich user on 21 M
ay 2024

art/ggae140_f1.eps
art/ggae140_f2.eps


94 W. Cui et al . 

Figure 3. An example rupture scenario and its resulting HR-GNSS displacement waveforms. (a) Slip distribution of the rupture of a synthetic M w 7.9 

earthquake. Blue star indicates the hypocentre. (b) Simulated resulting of three components of the HR-GNSS time-series. 
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used for time lengths of 64 and 128, using one or both of them. 
The decoder then maps the representation onto the target output. 
The three decoders have nearly the same structure, with ten groups 
of conv olutional lay ers consisting of a Conv2D layer and a Batch- 
Normalization layer, four of which contain an UpSampling layer 
(Zeiler &  Fergus 2014 ) to resize the outputs to the same shape as 
our labels. To mitigate over�tting, the normalization of Dropout 
layers (Sri v astav a et al. 2014 ) is carried out before the last layers. 

For the magnitude estimation, instead of directly predicting the 

exact values, we label the magnitude a 1-D Gaussian distribution 

probability projected as follows: 

p ( M w ) =  exp 
�
Š( M w Š M w0 ) 

2 / r  
�

, M w �  R M w , (3) 

where M w0 is the true earthquake magnitude, r is the radius of the 

Gaussian distribution probability function and R M w represents the 

magnitude range. The radius parameter was set to 0.04, that is 0.2 

magnitude. Thus, the output shape of the magnitude is 1 × 128 × 1. 
This precise de�nition of the training labels signi�cantly aids in 

achieving convergence during the network training process (Zhang 
et al. 2020 ; Kuang et al. 2021 ). The predicted magnitude was de- 
termined by obtaining the peak value of the Gaussian distribution 

probability. 
For slip distribution, which is a far more complex and dif�cult  

task, we analogize it to a two-stage object detection problem in the 

�eld  of computer vision (Girshick et al. 2014 ; Girshick 2015 ; Ren 

et al. 2015 ). The other two decoders were used to predict the rup- 
ture range and slip distribution normalized by the maximum slip 

limit  (i.e. 20 m). One branch performs semantic segmentation on 

the entire discretized fault and divides it into a ruptured part (fore- 
ground) and an unruptured part (background) by analogy with the 

binary classi�cation problem to determine the rupture ranges with 
an output shape of 15 × 100 × 2. The other branch predicts the slip 

distributions of the ruptures, interpolated and uniformly scaled to 

15 × 100 × 1, the same size as the entire discretized fault, to ensure 
a consistent shape of the output for model training because the size 

of each rupture is generally different. To obtain these two types of 
labels, we �rst  label the entire fault by one-hot encoding: the pixels 

with a slip equal to zero are Class 0, and the pixels with a slip greate 

than zero are Class 1, so as to obtain the label of the rupture range 

We then extracted the ruptured part, that is, the part belonging to 

Class 1, and enlarged it to the speci�ed size by bilinear interpolation 
to obtain the label of the slip distribution with the same size. The 

interpolation, scaling, and restoration processes of an image will  

ine vitabl y result in image deg radation. For tunately, the errors gen- 
erated by the image magni�cation-restoration transformation were 

relati vel y small and acceptable (Fig. 6 ). 
Multitask learning involves tasks with varying complexity levels. 

To achieve more robust and ef�cient learning across multiple tasks 

we implemented a strategy called staged �ne-tuning (Kendall et al. 
2018 ). We trained the network as a whole for 100 epochs with a 

learning rate of 10 Š5 , and subsequently, the model transitioned into 

a �ne-tuning phase where each task-speci�c branch was trained in- 

di viduall y for 50 epochs with their appropriate learning rates while 

keeping the shared encoder layers frozen (see Supporting Infor- 

mation Fig. S2 ). This approach can promote knowledge transfer 
alleviate catastrophic forgetting, and enhance model adaptability 
across diverse tasks, which improves the convergence speed and 

overall performance, especially when data are limited or when tasks 
hav e some de gree of relatedness. All  branches are trained with the 

batch size of 64, the Leaky ReLu (Maas et al. 2013 ) acti v ation 

with the slope parameter � =  0.1 in the hidden layers, the initializer 
of a He uniform method (He et al. 2015 ), and the optimizer of 
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Figure 4. Synthetic HR GNSS waveforms. (a) Pure synthetics without noise. (b) Generated noise. (c) Final waveforms. 
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DAM  (Kingma &  Ba 2014 ). For the different tasks, the activa-
ions of the last layers are sigmoid, softmax, and ReLU (Glorot et al.
011 ) functions; the dropout rates were 0.2, 0.5, and 0.5, respec
i vel y. We designed the magnitude estimation and slip distribution
asks as regression problems, and the rupture range task a classi�ca-
ion problem; therefore, different loss functions, namely, the mean
quare error (MSE) and the categorical cross-entropy (CCE), are
hosen as de�ned below: 

MSE =  1 
N 

N �  

i =  1 
( y i  Š p i ) 

2 , (4) 

CCE =  Š
N �  

i =  1 

C �  

j =  1 
y i j  · log p i j  , (5) 
here N is the number of samples, C is the number of classes, y is
he true label and p is the predicted value. We trained our model on
ensorFlow (Abadi et al. 2016 ). To �nalize the model, we retained
he weights from the best-performing epoch based on the minimum
alidation loss during the combined training phase, where the total
oss constituted the sum of three distinct losses. We froze the shared
ncoder from the preeminent pre-trained model and proceeded to

ne-tune each of the three decoder branches indi viduall y, preserv
ng the weights from their respective best epochs and considering
heir losses independently. By immobilizing the other two branche
hile optimizing each one, we ensured that upon completion of

raining, the model represented the optimal integration of all three
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Figure 5. CLEAR model architecture with its input and outputs. The convolutional layer is shown as number of �lters  × (kernel size). 
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3  R E S U LT S  

3.1 Performance  on testing data set 

We assessed the performance of CLEAR on the testing data set for 

magnitude and slip distribution. The allowable error of magnitude is 

generally ± 0.3 (Nan et al. 2019 ). Therefore, to better quantify the 

magnitude estimation result, we assumed the tolerance of magnitude 
error was within this range and calculated the accuracy. Under 
these conditions, the average accuracy over time exceeded 96 per 
cent. At 32 s, the accurac y already e xceeded 92 per cent, re�ecting 

acceptable model performance, and continued to increase to over 99 

per cent by 128 s. Fig. 7 illustrates the predictions at our three time 

steps of 32, 64 and 128 s. Aside from the 90 per cent +  accuracies 
the mean absolute errors of the predicted magnitude were 0.13, 
0.09 and 0.06, and the standard deviations were 0.17, 0.11 and 0.08, 
respecti vel y. This time-dependent result can be interpreted as large 

earthquakes with longer durations relative to the length of the input 
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Figure 6. Process of labelling a slip distribution. The residual between original and restored slips is shown, which can be classi�ed as acceptable. 

Figure 7. Model performance for magnitude estimation on testing data set. (a) Three snapshots of CLEAR’s performance at 32, 64 and 128 s. Dots coloured 
by their true magnitudes show the M w predictions compared to the ground truth. Black bold dashed line denotes the 1:1 line; shaded area with thin black 
dashed lines denotes the ± 0.3 error range. (b) Distributions of magnitude errors at 32, 64 and 128 s. The MAE and Std are shown in the text. Note that we take 
a logarithmic scale on the frequency axis to better show the error values with small numbers. 
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time-series, which cannot accurately predict the �nal  magnitude 
with shor t-ter m infor mation. 

For the slip distribution, we integrated the outputs of the other 
two branches through the inverse transformation of the labelling 

method described in Section 2.2 , and restored them to the same 
form as the ground truth. Considering the complexity of this task, to 

comprehensi vel y e v aluate the prediction results, we consider three 
metrics: the maximum slip, de�ned as the maximum value of the 

�nal  rupture slip amplitudes; the Intersection over Union (IoU), 
de�ned as the ratio of the intersection area between the predicted 
and ground truth regions to their union area; and the structura 

similarity index measure (SSIM) is de�ned as in the original study 
by Wang et al. ( 2004 ) (Supporting Information Text S2 ). They can 

be used to e v aluate the maximum slip estimation, rupture range 
segmentation, and slip pattern with the main asperities (Fig. 8 ). 

At 32, 64 and 128 s, the mean absolute values of the max slip 

mis�ts were 1.90, 1.47 and 1.26 m, and the standard deviations were 

2.80, 2.03 and 1.64, respecti vel y, improving signi�cantl y over time, 
as do the other two metrics. The IoU, re�ecting the classi�cation 

ability of the model to identify the ruptured part, was over 0.6, 
which decreased slightly with an increase in earthquake magnitude 
and improved slightly with an increase in time length. We set the 

range of the pixel values to (0, 1) by dividing the slip distribution 

of each rupture by its maximum slip and calculating the SSIM 

to focus on the slip pattern. Consequently, it was less affected by 

the magnitude of the earthquake because this portion of the errors 
re�ected in the maximum slip error. From 32, 64, to 128 s, the SSIM 

roughly averaged 0.5, 0.6 and 0.7, indicating a steady increase 
Note that the performances for the smallest ( M w <  6.6) and larges 

( M w >  8.1) magnitude events seem a bit poor, which is probably 
caused by the limited training samples. Besides, the in�uence of 
observation noise is greater for smaller earthquakes, and larger 
e vents usuall y involve di verse slip patterns that more challenging 
to be modelled. Moreover, magnitude estimation is more robust to 

time length, because the information over short periods of time is 

not suf�cient to describe the slip distribution, especially when the 

earthquake is quite large, often resulting in a longer duration. 

3.2 Performance  on the 2021 M  w 7.4 Maduo  earthquake  

To further verify the practicality of CLEAR, we applied it to a 

real scenario of the 2021 M w 7.4 Maduo earthquake to predict its 

magnitude and slip distribution. For this purpose, we utilized data 
from the 12 GNSS stations nearest to the earthquake (see orange 
triangles in Fig. 1 ), with a time-series length of 90 s, as provided 
by Chen et al. ( 2022 ). It took only 29 ms on average to obtain 

predictions on a single CPU (Central Processing Unit) with 20 cores 

The magnitude estimation results were satisfactory (Fig. 9 ). At 32 s, 
the model predicted a magnitude of 7.52, which was overestimate 

b y approximatel y 0.12, with a probability of approximately 0.6. As 

time progressed, the predicted magnitude was updated to 7.43 at 64 s 

with a signi�cantly high probability of over 0.9. Both mis�ts are 

within the error tolerance of ± 0.3 and can be regarded as successfu 
estimations, especially at 64 s with a difference between the pseudo 
g round tr uth of only 0.03. 

Conventional geodetic EEW algorithms for determining magni- 
tude are primarily derived from the PGD- M w scaling law, which is a 

comprehensive summary of numerous actual events. PGD, namely 
peak ground displacement, is de�ned as follows: 

PGD ( t ) =  max 

� �  

E ( t ) 
2 +  N ( t ) 

2 +  Z ( t ) 
2 
�

, (6) 
where E( t ) , N( t ) and Z( t ) are the three components of the GNSS
displacement time-series. In this study, we compared our magni- 
tude estimates with the three laws proposed by Melgar et al. ( 2015 ), 
Crowell et al. ( 2016 ) and Ruhl et al. ( 2019 ) (Fig. 10 ). These scaling 
laws are summarized based on e xtensiv e data of signi�cant earth- 
quakes worldwide using 

log ( PGD ) =  A +  B × M w +  C × M w × log ( R ) , (7) 

where R is the hypocentral distance between the hypocentre and a 

station, and A , B and C are constants derived from the statistica 

analysis (Table 1 ). Ruhl et al. ( 2019 ) reported the PGD in metres 

whereas the other two articles utilized centimetres as the unit of 
measurement. 

Our model performs better at 32 s when the magnitude values of 
the PGD- M w scaling methods continue to increase, with signi�cant 
underestimations of approximately 0.36, 0.5 and 0.72. Such under- 
estimation may lead to trivialization and shorten the time taken to 

take refuge. Although they are later re vised accuratel y, with the 

�rst  point falling within the error range at about 35 s, only af- 
ter about 55 s can they all �nally  report the magnitude accurately 
within the error range and become stable. Ho wever , different la ws 

yield varying results, leading to a dilemma in the selection of a law. 
Moreover , the PGD- M w scaling la ws require exact earthquake loca- 
tions, which may lead to an estimation lag or introduce additiona 

errors. In contrast, the CLEAR can estimate the magnitude more 

accurately without any external input or additional options. 
For the rupture range (Fig. 11 ), our model predicts the approx- 

imate range of the real rupture to be approximately 170 km long 

and 20 km deep at 32 s. Ho wever , because the southeastern part of 
the real rupture is beyond the end of our selected fault, the model 
predicts that the rupture will  be longer in the northwest, which is 

incorrect. At 64 s, the model corrects the prediction and still suf- 
fers from the lack of an eastern fault. Although this extension must 
be ignored and most rupture segments do not occur on the known 

fault, the predicted result closely matches part of the real rupture 
trace within the capacity range. Both slip distribution predictions 
indicated that the earthquake propagated bilaterally while ruptur- 
ing asymmetrically, and the major asperity was southeast of the 

hypocentre, with a maximum slip of approximately 6 m, which was 
above the hypocentre at a depth interval of 4–8 km. The other asper 
ity with smaller slips is inferred from both results in the northwest 
whereas it spreads longer and has a relati vel y higher peak slip at 
32 s. Moreover, both slip results are mainly concentrated on the 

eastern edge, which implies that there may be blind faults that rup- 
ture in this direction, which is consistent with the observed rupture 
trace. 

We compared our slip distribution results at 64 s to those of sev- 
eral published slip inversion models. The maximum slip inverted by 

Guo et al. ( 2022 ) reached 9.3 m, which was much larger than our 
result, and the slip distribution with approximately �ve  asperities 
was deeper and larger in the northwest region. Chen et al. ( 2022 ) 

assumed that the depth of the rupture was 30 km and distinguished 
four asperities, two with peak slips over 3 m and 4 m located to the 

southeast of the epicentre, and the other two with over 2 m of peak 
slip located in the northwest. Lyu et al. ( 2022 ) obtained analogou 

results; ho wever , their maximum slip was � 5 m and the slip depth 
for the southeastern segments was deeper than that for the north- 
western segments. This is also the case in Yue et al. ( 2022 ), whose 
model showed three asperities with peak slips of approximately 3, 
4 and 5 m, which is similar to our results, except for the lack of a 

southeastern segment and larger slip around the hypocentre. All  the 

present studies suggest a main asperity on the southeast blind fault, 
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Figure 8. Model performance for slip distribution on testing data set. (a) Three snapshots of CLEAR’s performance at 32, 64 and 128 s (from left to right). Dots 
coloured by their true magnitudes show the max slip predictions compared to the ground truth. Black bold dashed line denotes the 1:1 line. (b) Distributions 
of max slip errors at 32, 64 and 128 s, with a logarithmic scale on the frequency axis. The MAE and Std are shown in the text. (c) IoU and (d) SSIM between 
model output and ground truth, as a function of magnitude. Shades show the distribution of IoU and SSIM as a function of M w . The black solid and dashed 
lines show the 50th, 25th and 75th percentiles of the IoU and SSIM in M w bins. 
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Figure 9. Model performance of magnitude estimation on the real 2021 M w 7.4 Maduo earthquake. (a) Probability distribution of predicted magnitude at 32 s. 
The dashed blue and black lines indicate the magnitudes corresponding to the peak probability and the pseudo ground truth. (b) Same as (a) but at 64 s. 

Figure 10. Model performance of magnitude estimation on the real 2021 M w 7.4 Maduo earthquake compared to three PGD- M w scaling methods. Black 

dashed lines represent the ± 0.3 error range. 

Table 1. Different parameters in three previous studies. 

A B C Origin 

Š5.919 1.009 Š0.145 Ruhl et al. ( 2019 ) 
Š6.687 1.500 Š0.214 Crowell et al. ( 2016 ) 
Š4.434 1.047 Š0.138 Melgar et al. ( 2015 ) 
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which may also be the reason why our maximum slip is slightly 

larger than most of them because of the superposition of the lacking 

part. Ho wever , in general, our model accurately predicts the rupture 
range in a known par t, deter mines the maximum slip with accept 
able error, locates the two main asperities, and implies the rupture 
of the southeast blind faults. 

3.3 Application  to  the 2023 Tur  ke y doub  let by transfer  

learning  

To test the applicability of our method, we further applied the model 
to the recent 2023 M 7.8 and M 7.6 Turkey doublet (Dal Zilio  

&  Ampuero 2023 ). Following the same approach as described in 
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Figure 11. Model performance of slip distribution prediction on the real 2021 M w 7.4 Maduo earthquake. (a) Slip distributions on the whole fault integrated 
by outputs of two slip distribution branches at 32 and 64 s. Blue stars denote the approximate position of the source corresponding to our selected fault. (b) 
Rupture range predictions in horizontal direction compared to the observed rupture trace at 32 and 64 s. Blue stars denote the epicentre from Lyu et al. ( 2022 ). 
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ection 2.1 , we �rst  generated synthetic ruptures and correspond
ng GNSS displacement waveforms for each causative fault (see
ig. 12 ), and then used transfer learning (Pan &  Yang 2010 ; Tan
t al. 2018 ; Zhuang et al. 2021 ; Yu et al. 2022 ) to establish the
LEAR model for Turkey by �ne-tuning the baseline model of
aduo on new data. We froze the shared encoder and optimized
ach of the three decoder branches indi viduall y, and this method has
een applied in many �elds of seismology, such as seismic phase
election (Chai et al. 2020 ), earthquake ground shaking prediction
Jozinovic et al. 2022 ), and magnitude estimation (Zhu et al. 2023 ).
ince transfer learning is relati vel y robust to data counts, to reduce

he computation cost, only half of the scenarios are generated for
ach fault. 
The updated model was applied to the 2023 Turkey doublet to

redict their magnitude and slip distribution. Data from 13 and
6 GNSS stations are utilized for the M w 7.8 and M w 7.6 events
Fig. 12 ), with the time-series lengths of both at 130 s ( https://www
usaga-aktif.gov.tr/Web/DepremVerileri.aspx ). 

The magnitude estimation performance remained acceptabl
Fig. 13 ). For the M w 7.8 main shock, the model predicted mag-
itudes of 7.61, 7.70 and 7.77, with probabilities of about 0.6, 0.85
nd 0.95 at 32, 64 and 128 s, respecti vel y. For the M w 7.6 main
hock, the predicted magnitudes were 7.67, 7.60 and 7.63, with
robabilities of about 0.8, 0.85 and 0.9, at 32, 64 and 128 s, respec
i vel y. In addition to having errors within the tolerance range, all
he estimations were suf �cientl  y small to be successful. 

Notably, the magnitudes of these two earthquakes varied across
ifferent institutions and studies (Jiang et al. 2023 ), despite the use
f M w 7.8 and 7.6 to quantify the discrepancy (Table 2 ). 
We also compared the magnitude estimations with three PGD-
 w scaling laws’ results (Fig. 14 ). For the M w 7.8 main shock
lthough all methods performed well after 70 s, the scaling laws
till suffered signi�cant underestimation at 32 s, with errors of
bout 1.1, 1.6 and 1.8. For the M w 7.6 main shock, the results were
imilar. While only around 64 s can the scaling laws work, two of
hem overestimate even exceeding 0.3 after 80 s. By contrast, our
ethod has acceptable estimation at each time step. 
At 32 s, our model underestimated the maximum slip for the M w 

.8 earthquake (with � 5 m which was too small) and overestimate
he rupture range for the M w 7.6 earthquake (with the entire selected
ault which was too large), indicating that such a short time does not
ontain enough information to accurately predict slips for the dou-
let. At 64 s, our model extracted a rupture range of approximately
30 km long and 20 km deep for the M w 7.8 main shock with a
issing segment of approximately 80 km in the far southwest and
f approximately 110 km long and 28 km deep for the M w 7.6 main
hock with a missing segment of approximately 50 km in the far
ast (Fig. 15 c). The model revealed two main asperities of M w 7.8
vent with a peak slip of over 10 m located around the hypocentre
nd on the northeast segment, and three asperities of M w 7.6 even
ith a peak slip of over 11 m located around the hypocentre, on the
est segment, and approximately 40 km east of the hypocentre. At
28 s, the M w 7.8 and 7.6 earthquakes were given rupture ranges
f approximately 250 km long and 25 km deep and approximately
60 km long and 20 km deep, respecti vel y (Fig. 15 f). Ho wever , the
ituation beyond the end of the selected fault occurred again south-
est of the M w 7.8 rupture at approximately 50 km. Except for the
nalogous parts that were not in our selected faults, the predictions
enerally matched quite well. The slip distributions at this time step
re re�nements and updates of the previous results. At least four
sperities of the M w 7.8 event were distinguished by clear slip gaps
nd the one around the hypocentre was longer and divided into two
r three entities. The eastern asperity of the M w 7.6 event was iden-

i�ed  more speci�cally, located completely east of the hypocentre
he slips of which on the new segment of approximately 50 km are
elati vel y smaller. Note that all signi�cant slips spread shallowe
han the hypocentre depths of approximately 15 and 12 km for the

 w 7.8 and 7.6 events. 
We also compared our slip-distribution results at 128 s with those

f several published studies. Melgar et al. ( 2023 ) applied a length
f � 350 km for M w 7.8 earthquake, which is larger than that used

n most studies, and believed that the ruptures of the two faults
ntersect in the northeast. The maximum slips exceeded 8 m for
oth events, which were smaller than ours. In their results, there
re three main asperities for M w 7.8 event with the peak slip of the
outhwest being larger than our result, and the M w 7.6 event ruptures
re more uniform in the western half, suggesting larger slips than
urs in the deep part. The slip model of Barbot et al. ( 2023 ) reveals

hat the maximum slips are 8 and 12 m, and distinguishes abou
our and three asperities for the M w 7.8 and 7.6 e vents, respecti vel y.
heir slip patterns are similar to our results, while our model for

he M w 7.8 event shows more slips in the southwesternmost due to
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Figure 12. Map of the selected faults from fault database and GNSS stations. The black line represents our selected faults for two main shocks. The triangles 
indicate the 20 GNSS stations nearby, 4 of which are used for data coverage study in Section 4.2 . The red circle and blue square symbols show the station 
records used for the M w 7.8 and M w 7.6, respecti vel y. The inset map indicates the panorama of Turkey. 

Figure 13. Model performance of magnitude estimation on the 2023 Turkey doublet. (a) (from top to bottom) Probability distributions of predicted magnitudes 
for the M w 7.8 main shock at 32, 64 and 128 s. The dashed blue and black lines indicate the magnitude corresponding to the peak probability and the pseudo 
g round tr uth. (b) Same as (a) but for the M w 7.6 main shock. 
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Figure 14. Model performance of magnitude estimation on the 2023 Turkey doublet compared to three PGD- M w scaling methods. (a) and (b) are for the M w 
7.8 and 7.6 earthquake. Black dashed lines represent the ± 0.3 error range. 

Table 2. Magnitudes from different institutions. 

Institution Event 1 Event 2 

CENC M w 7.8 M w 7.8 

GCMT M w 7.8 M w 7.7 

USGS M w 7.8 M w 7.5 

GFZ M w 7.7 M w 7.6 

AFAD M w 7.7 M w 7.6 
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he lack of segmentation there compared to the actual rupture trace
nd there are also differences existing in shallow areas from the
urface to about 4 km depth. The maximum slips of Jia et al. ( 2023 )
ere over 8 m and 10 m for the M w 7.8 and 7.6 e vents, respecti vel y,
hich is almost consistent with our results. They distinguished three
sperities northeast of the hypocentre, with two in the southwest for
 w 7.8 event, one more than our prediction, and two asperitie

or the M w 7.6 event, one less than ours but with larger slips at
epth. Note that all slip patterns of the M w 7.8 earthquake sugges
 maximum slip near the northeast of its hypocentre, whereas our
esults provide the most northeast asperity. This ma y ha ve been
aused by the failure to obtain usable data from the three GNSS
tations near this se gment. Howev er, the predictions are relati vel y
easonable, even if  the GNSS data are the only information; indeed
he results at 64 s also have a certain reference value. 

Ov erall, we re gard our model performance as acceptable, showing
hat our method is feasible and that it is possible to characterize new
arge continental earthquakes using transfer learning in different
egions. 

 D I S C U S S I O N S  

.1 Reasonability  of  synthetic  rupture  scenario 

e compared the records of the 2021 M w 7.4 Maduo earthquak
ith the synthetic events in the training data set. Using a grid
earch method, we identi�ed the best-�tting event from the train-

ng data set by calculating the correlation coef�cient between the
ynthetic and observed GNSS displacement time-series (Fig. 16 ).
e found that the slip distribution was intuitively similar to the

lip models described in Section 3.2 . Speci�cally, the simulated
vent had a magnitude of 7.37, rupture length of � 120 km, rup-
ure width of � 20 km, and hypocentre of (98.2491 � E, 34.6059 � N,
.86 km), which are also similar to those of the model proposed by
yu et al. ( 2022 ) with a magnitude of 7.4, rupture length of
160 km, rupture width of � 18 km, and hypocentre of (98.3541 � E,
4.6242 � N, 8.0 km). Note that the selected fault lacked a southeas
rn segment of approximately 40 km. This suggests that large earth-
uake kinematics can be modelled, thereby addressing the problem
f rarity in large earthquake analyses. 
In addition, the importance of various fault geometries is worth

ighlighting, as merely setting faults to be the same as the known
nes would yield poor-�tting simulations, which could ne gativ ely

mpact the performance of our model. Fault geometry is a crucial
eterminant in all aspects of an earthquake. Ho wever , Fig. 11 (b)
learly illustrates the disparity between the surface rupture of the
ctual 2021 M w 7.4 Maduo earthquake and a known fault from the
ault database. The actual rupture deviated signi�cantly from the
ault we set and involved the acti v ation of multiple faults, which
ndoubtedly exerted a critical in�uence on the seismic characteri
ation. Moreov er, the 2023 Turke y doublet ruptured more consis
ently with known faults than the 2021 M w 7.4 Maduo earthquake
nd its characterization results were relati vel y better, which fur-
her demonstrates this point. Regrettably, it is almost impossible
or a real rupture to exactly match a known fault or even a se-
ected fault with an arti�cial  adjustment; therefore, such errors are
nevitable. 

.2 Inßuence of  data coverage 

he distribution of the stations is important when characterizin
arthquakes. To e v aluate the performance of CLEAR on sparse or
on-uniform data, we tested the best-performing M w 7.6 Turkey
arthquake with a 128 s time-series using three different station
istributions (Fig. 17 ). The �rst  distribution aimed to understan

he in�uence of the number of stations (Case 1). It consists of the
our orange stations shown in Fig. 11 that are still located with
cceptable azimuthal coverage. The other two distributions were
esigned to explore uneven data with seven stations located west of

he fault (Case 2) and nine stations located east of the fault (Case
). Notabl y, CLEAR is relati vel y robust to station distributions in

he magnitude estimation task. Across all the scenarios, the mode
ielded good results, with the predicted magnitudes falling within
he allowable error range. Regarding the slip distribution, Case
 and 2 can still obtain rough slip patterns with reasonable peak
lips. Ho wever , our model failed in Case 3 when the rupture range
as too short, the maximum slip was too small, the slip pattern was
pparently wrong and even the magnitude error was relatively large.
ote that the slips are mainly concentrated in the west, suggestin
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Figure 15. Model performance of slip distribution prediction on the 2023 Turkey doublet. (a, b) Slip distributions on the whole fault at 64 and 128 s for the M w 
7.8 main shock. Blue stars indicate the approximate positions of the sources corresponding to our selected faults. (c) Rupture range predictions in horizontal 
direction compared to the observed rupture traces at 64 s for the M w 7.8 and 7.6 main shocks. Blue stars denote the epicentres from AFDF. (d, e) Same as (a, 
b) but for the M w 7.6 main shock. (f) Same as (c) but at 128 s. 
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that data sparsity in the near �eld  of the main slips may lack the 

necessar y infor mation for accurate characterization. 

4.3 Limitations  and potential  impr  ov ements 

Evidently, CLEAR can extract intricate rupture features from GNSS 

time-series data. It surpasses other HR-GNSS methods for accu- 
rately estimating earthquake magnitudes and shows promising po- 
tential for slip distribution prediction. Despite these impressive re- 
sults, there are notable limitations that must be addressed to further 
enhance its performance in the future. 

The system was tailored for a speci�c study area. The simu- 
lated data and the designed network geometry are both limitations 

when CLEAR is trained. Consequently, for other faults, we must 
use different stations, generate new data and perform transfer train- 
ing on the models for different scenarios. Although this has proven 
feasible, it is cumbersome to train each time on different station 
distributions, fault geometries and simulated data sets. Improving 

the generalizability of a model is a challenging issue for the aca- 
demic community. As far as our problem is concer ned, g raph neura 

network (Bilal et al. 2022 ) and Bayesian DL (Mousavi &  Beroza 
2020a ) could be helpful. In addition, we addressed different input 
lengths by changing the number of layers in the encoder. Further 
research and improvements are required from adaptive processing 
to real-time processing. 

Besides, earthquakes may occur on unmapped faults, making 

prior constraints inappropriate. For example, for the 2023 Turkey 

doublet, if  we wrongly assume that the M w 7.6 earthquake ruptured 
the nearby M w 7.8 fault, while our model can still provide a rough 
estimation for the position of the asperities, the rupture range, slip 

and magnitude will  be overestimated (see Supporting Information 

Fig. S3 ). The pick probability is also as low as 0.6, indicating a high 

uncertainty. From other perspective, this may imply that our model 
can implicitly  determine which fault ruptures and the prediction 
with low probability should be considered with caution. 

The GNSS-based approach is primarily suitable for analysing 
large seismic events with magnitudes of M w 7 +  (Crowell et al. 
2013 ; Melgar et al. 2015 ). For smaller ev ents, the y are often ob- 
scured b y relati vel y high le vels of noise in GNSS data, making 

it challenging to analyse them reliably (Chen et al. 2018 ). There- 
fore, GNSS-based methods are typically used in conjunction with 

traditional waveform-based techniques to obtain complementary in- 

formation. The proposed noise model is based on stations mostly 

along the North American coast, which may not be appropriate for 

our study area. Modelling speci�c HR-GNSS noise characteristic 

or even developing new algorithms for real-time data denoising 
may improve the model performance to a maximum extent in the 

future. 
DL techniques usually operate in a ‘b lack-bo x’  operation mode 

which leads to poor interpretability of the results (Castelvecch 
2016 ). This means that it is dif�cult  for humans to understan 

the process meaningfully. There remains a challenge because the 

extracted features are too abstract, and there is no reasonable or 
interpretable mapping relationship from the GNSS time-series to 

the three different outputs. In addition, the selection of the model 
architecture and hyperparameters is often performed through trials 

without a clear rationale, making it challenging to �nd  a universa 

model for all scenarios. The magnitude and slip distributions are 



Source characterization from HR-GNSS using DL 105 

Figure 16. Example of grid-searching from the training data set and its slip pattern. (a) Three components of GNSS time-series from the real observation and 
the best-�tting simulation, respecti vel y. (b) Slip distribution of the best-�tting simulation. Blue star indicates the hypocentre. 
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losely correlated. Certain transformations and integrations applied
o the slip distribution of the subfaults can yield the correspondin
agnitudes. Ho wever , this theoretical constraint is not re�ected in
odel learning. Designing a new system with physical constraint

an alleviate this problem. 
Finally, there are other earthquake parameters worth noting.
hen predicting the slip distribution on the 2023 Turkey doublet
e obtained the epicentre to determine the fault on which the rup-
ure occurred, indicating the importance of earthquake location.
ur ther more, it is feasible to estimate direct losses associated with
n event (Kim et al. 2020 ). Our system can be considered success
ul in terms of its magnitude and slip distribution. We expect to
xpand its capabilities to include further estimations and transform
ur response into a forecast. 
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Figure 17. Magnitude estimation and slip distribution prediction performance on different data coverages for the Turkey M w 7.6 earthquake. (a, b) Performances 
of magnitude and slip distribution on four near-�eld stations. [(c, d) and (e, f)]  Same as (a, b), but on 7 western stations and 9 eastern stations, respecti vel y. 
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5  C O N C LU S I O N  

The timely characterization of large earthquakes is of vital impor- 
tance for earl y pre vention and disaster mitigation. In this study, we 

propose a DL system called CLEAR to obtain earthquake source 
parameters of magnitude and slip distribution shortly after the ori- 

gin. Our system can directly extract magnitude and slip informa- 
tion from the HR-GNSS time-series and e volutionaril y update the 

estimations over time. It can report a reliable magnitude in approxi- 
mately half a minute after an event occurs and acceptably predict the 

rupture range and slip pattern at a certain time step with suf�cient 
information, without knowing the real rupture trace or hypocentre 
We successfully applied the system to the 2021 Maduo earthquak 

and the 2023 Turkey doublet, revealing the feasibility of using DL 

techniques with HR-GNSS data as a supplementary method for 

earthquake early warning. 
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