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Key points:

e We employed a Convolutional Neural Network to automatically pick the onsets of
inner-core sensitive PKIKP waves.

e Our automatic picker approaches near human-level precision and initially reproduces
established inner-core anisotropic models.

e Automatic phase onset measurements would open unprecedented avenues for

studying the Earth's deep interior, including the inner core.
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Abstract

Body waves traversing the Earth’s interior from a seismic source to receivers on the surface
carry rich information about its internal structures. Their travel time measurements have been
widely used in seismology to constrain Earth’s interior at the global scale by mapping the
time anomaly along their ray paths. However, picking the travel time of global seismic
waves, suitable for studying Earth’s fine-scale structures, requires highly skilled personnel
and is often fairly subjective. Here, we report the development of an automatic picker for
PKIKP waves, traversing the Earth nearly along its diameters and through the inner core,
based on the latest advances in supervised deep learning. A convolutional neural network
(CNN) we developed automatically determines the PKIKP onset on vertical seismograms
near its theoretical prediction of cataloged earthquakes. As high-quality manual onset picks
of global seismic phases are limited, we employed a scheme to generate a synthetic
supervised training dataset containing 300,000 waveforms. The PKIKP onsets picked by our
trained CNN automatic picker exhibit a mean absolute error of ~0.5 s compared to 1,503
manual picks, comparable to the estimated human-picking error. In an integration test, the
CNN automatic picks obtained from an extended waveform dataset yield a cylindrically
anisotropic inner core model that agrees well with the models inferred from manual picks,
which illustrates the success of this pilot model. This is a significant step closer to harvesting
an unprecedented volume of travel time measurements for studying the inner core or other

regions of the Earth’s deep interior.

Plain language summary

Seismic body waves traversing the Earth’s interior provide critical constraints on structures
and dynamics of the Earth’s deep interior, including the solid inner core. The onset time of
compressional waves from a seismic source passing through the inner core, known as PKIKP
waves, has been widely used to study the Earth’s deepest shell. However, the collection of
manual onset time picks meticulously analyzed by experienced analysts is scarce because it is
laborious. At the same time, large collections compiled by multiple data centers, such as the
International Seismological Center’s PKIKP onset dataset, are inhomogeneous and deemed
less reliable for inner-core research than the data collected by individual researchers. Here,
we develop an automatic PKIKP onset picker based on recent advancements in machine

learning in computer vision, the Convolutional Neural network (CNN). We trained the
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network with synthetic waveforms, mimicking the influence of the Earth’s structure on the
initial waveform shape. Our comprehensive tests benchmark the consistency between the
automatically picked and the researcher-examined datasets. The automatic picker enables the
further exploration of the vast seismic archive for unprecedentedly large datasets devoted to

the study of the Earth’s deep interior with greater details.
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1 Introduction

Seismic energy radiated by earthquakes travels through the Earth’s interior, carrying
information to seismic receivers on the Earth’s surfaces. Seismological tools for studying the
Earth’s deep interior can be broadly categorized into three main groups, depending on their
frequency characteristics: body waves, global coda-correlation wavefield, and normal modes.
Teleseismic body waves are high-frequency seismic signals (periods from around 0.1 to ~10
seconds) whose sensitivity to the structures can be mapped along their ray paths, thanks to the
infinite frequency approximation (Bullen, 1961; Kennett, 2009; Kennett et al., 1995; Shearer,
2019). There are numerous applications of the methods based on body waves, from
discovering the main boundaries within the Earth (Gutenberg, 1914; Inge Lehmann, 1936;
Mohorovici¢, 1910) to constructing 1D or 3D Earth models (Aki & Lee, 1976; Kennett et al.,
1995; Obayashi et al., 2013). The normal mode data, or spectra, of long-period standing
waves excited by large earthquakes at hundreds of seconds, are important to constrain larger-
scale structures (Dahlen & Tromp, 1998). Normal modes have also been used to construct 1D
models of the Earth (Dziewonski & Anderson, 1981) and illuminate the IC (e.g., Deuss et al.,
2010; Romanowicz & Bréger, 2000; Woodhouse et al., 1986). Correlation wavefield is an
emerging concept that uses features formed by the similarity between weak seismic signals at
mid-range periods (~ tens of seconds) (Tkal¢i¢ et al., 2020). It has been used to constrain a
new 1D Earth model (Ma & Tkalci¢, 2021) and study the Earth’s IC (e.g., Costa de Lima et
al., 2022; Tkal¢i¢ & Pham, 2018; Wang & Tkalci¢, 2021).

As the Earth’s deepest and most mysterious layer, the Earth's IC plays an essential role in the
Earth’s dynamics and geomagnetic field (Tkal¢i¢, 2017). In studying the IC and the Earth’s
deep interior, utilizing body waves, with their high-frequency nature, is unparalleled among
seismological tools. Body wave travel times are the most commonly measured property
because the data can be simulated efficiently using the ray theory, yet full waveform
simulation is computationally expensive. The IC is challenging to study because of the
limited sampling coverage and data quality of IC-sensitive waves, such as PKIKP traversing
the IC and PKiKP reflecting off the inner core boundary (ICB) (Figure 1). The expansion of
global seismic networks brings a valuable opportunity to place additional constraints and
details on the Earth's deep interior, including the IC, via array-based observations of exotic

seismic phases (e.g., Burdick et al., 2019; Pham & Tkalci¢, 2023; Waszek & Deuss, 2015).

However, collecting the arrival onsets of body waves for global studies is laborious. The

largest collection of manually picked onsets is available at the International Seismological
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Centre (ISC; Bondar & Storchak, 2011), where seismological agencies worldwide report their
waveform data and time picks of the main seismic phases. Although several researchers have
used the mass dataset to study IC deep structures in the early years (e.g., Ishii & Dziewonski,
2002; Shearer, 1994), the ISC dataset (www.isc.ac.uk/iscbulletin/search/arrivals/) has often
been criticized for significant data scatter because the onset picks are performed by multiple
analysts with few measures to ensure picking qualities across the data centers (Stephenson et
al., 2021; Su & Dziewonski, 1995). Deep-Earth seismologists often need to manually pick a
small portion of available waveforms using their methods to ensure the homogeneity of the
input data. However, due to the large volume of seismic data, it is challenging to hand-pick
all waveform datasets consistently. Thus, developing automatic tools is crucial in advancing
studies of Earth’s deep interior at the global scale. This will not only ensure consistency in

the onset picks but also harness the full capacity of the global seismic network.

Automatic determination of seismic arrivals for local, small earthquakes has been developed
with the short-temporal average over long-temporal average (STA/LTA)-type algorithms for
several decades (e.g., Allen, 1982; Baer & Kradolfer, 1987; Hildyard et al., 2008; Sleeman &
van Eck, 1999). The last few years have witnessed the emergence of machine learning
algorithms to support automatic data processing as a more reliable technique, with many
recent breakthroughs. Recent advances in deep learning algorithms include Convolutional
Neural Networks (CNNs) in computer vision (LeCun et al., 2015) and Transformers in
natural language processing (Vaswani et al., 2017). They have been widely deployed to detect
local microearthquakes and discriminate seismic signals (S. M. Mousavi et al., 2020; Saad et
al., 2022; Zhu et al., 2019), determine first-motion polarity (Ross, Meier, & Hauksson, 2018),
and pick the onsets of local P and S waves (e.g., S. M. Mousavi et al., 2020; Ross, Meier,
Hauksson, et al., 2018; Zhu & Beroza, 2019). It is broadly agreed that deep learning can
achieve higher accuracy and precision than engineered automatic picking based on the
STA/LTA approach (S. M. Mousavi et al., 2020; Ross, Meier, & Hauksson, 2018; Zhu &
Beroza, 2019).

The strategies and purposes of automatic picking are different on local and global scales.
Ultimately, local microearthquake pickers scan through continuous seismic waveforms to
detect earthquakes by determining their phase arrivals, such as P or S waves. On a global
scale, earthquakes of global significance are routinely documented and reported in earthquake
catalogs such as the Global Centroid Moment Tensor (GCMT; Dziewonski et al., 1981;
Ekstrom et al., 2005), the U.S. Geological Survey National Earthquake Information Center

5
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(USGS NEIC; Guy et al., 2015), or the ISC (Bondar & Storchak, 2011). We can predict the
arrivals of their seismic phases utilizing existing 1D Earth models, such as PREM
(Dziewonski & Anderson, 1981), CCREM (Ma & Tkalci¢, 2021), IASP91 (Kennett &
Engdahl, 1991), or ak135 (Kennett et al., 1995). Therefore, the main task of an automatic
global picker is to pick the actual onsets of seismic phases precisely above the background

noise level in pre-windowed waveforms based on theoretical predictions.

Despite the successful application of automatic local seismic phase pickers in communities
targeting shallow Earth structures, it slowly makes its way into global earthquakes and the
study of deep Earth interior, perhaps due to the community’s relatively small size. However,
the benefit of having an automatic tool for data collection is significant. In recent years, deep
neural networks have been used to detect PmKP waves reflecting multiple times at the core-
mantle boundary (Dong et al., 2024), and SS signals used to study upper mantle structures
(Garcia et al., 2021). This paper presents a pivotal effort to develop a tool for picking IC-
sensitive PKIKP onsets from global seismic networks. It demonstrates the need for high-
quality training datasets and provides new datasets of absolute PKIKP wave travel times for

studying the Earth’s IC.
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Figure 1 Illustration of the ray paths of IC-sensitive waves. In (a), the orange line denotes
the PKIKP ray path traversing the inner core (IC), and the green line denotes the PKiKP ray
path reflected off the inner core boundary (ICB). The star and triangles denote the location of

the earthquake and the receiving stations, respectively. The ray paths of P and S waves are
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also denoted with blue and light orange lines. (b) bottoming radius of PKIKP waves relative
to the epicentral distances. The bottom radius = 0 indicates the center of the Earth. The solid
and dashed lines denote the radii of the ICB and the innermost inner core (IMIC) transition
(Pham & Tkalci¢, 2023; Stephenson et al., 2021), respectively. The shaded areas (165° -
180°) in a) and b) denote the epicentral range of the PKIKP dataset in this study.

2  Methods

2.1 PKIKP arrival dataset with manual picks

We employ 8208 PKIKP arrival records of 419 globally distributed earthquakes (Figure 3)
between March 1990 — June 2019. Most events have a magnitude range of 7.5 > Mw > 5.7 to
avoid introducing uncertainties from too large or too small earthquakes in picking PKIKP
onsets. All PKIKP records are collected from a near-antipodal distance (>165°) to place
additional constraints on the Earth’s innermost inner core (IMIC) (Figure 1) and sampled at
40 Hz. In automatic picking by the deep-learning network, the input waveforms are filtered
between 0.5-2.0 Hz, a common frequency band visualizing most PKIKP arrivals in our
dataset. Tkalci¢ et al. (2023) presented 1503 manual onset picks of PKIKP arrivals from this
dataset. They did not analyze all events along the quasi-equatorial paths due to source-
receiver ray path geometry saturation. The hand-picked waveform dataset size is much
smaller than the typical size to train a deep learning network in seismological applications
(Figure 2). Consequently, the picked waveforms (or labeled waveforms in deep-learning
terms) are used to test the performance of our trained CNN only. The rest of the unpicked

waveforms are also used for an integrated test of the network performance in Section 3.2.

The manual determination of PKIKP onsets involves the collection of seismic waveforms
around the predicted arrivals based on the Earth models (Tkal¢i¢ et al., 2023). Firstly, 60-
second-long waveforms around the arrivals are visually inspected to determine if the
anticipated seismic phase is visible and the time of its onset. Several filter bands assist in
visually determining arrival onsets when unfiltered waveforms are unclear. To ensure the
signal is from a teleseismic event, waveforms from multiple stations recording the expected
PKIKP phase are visualized in a gathered plot. The human picker may also analyze a large
number of recordings from a single event, sort them as functions of epicentral distance or
back azimuth, and compare PKIKP with waveforms of other PKP branches, PKPbc and

PKPab to recognize the PKIKP arrivals. The waveforms of P waves recorded at epicentral
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distances between 30° and 90° but falling within the same azimuthal corridor to the PKIKP
waves around 10° are also of interest because they inform the human picker of the
earthquake’s source time function, i.e., the emergence of the arrival. In general, the error of
manual picking of PKIKP absolute travel times, often due to the emergent onsets of the
PKIKP waves, the attenuation by the IC structure, or due to waveform change introduced

through bandpass filtering, is around 0.5 s (Tkalci¢ et al., 2023).

On the contrary, in the automatic picking of the CNN network, we applied a single filter of
0.5-2.0 Hz. 50-s waveform segments around ak135 predicted PKIKP onsets are used as the
network input. The automatic picker does not accept any supplementary information used in

manual picking.

2.2 Design of synthetic training datasets

Our automatic picker is based on a supervised learning model (Rumelhart et al., 1986), which
longs for a large, labeled dataset to determine an object's features. Figure 2a compares the
training dataset sizes of several local phase pickers. Due to the lack of high-quality labeled
seismic data corresponding to the Earth’s IC, we adopted a synthetically generated training
dataset. This approach has been widely used in deep-learning seismology, mostly in

denoising and interpreting seismic imaging (S. M. Mousavi & Beroza, 2022).

Following the procedures earlier introduced by Pham and Tkal¢i¢ (2017), we generated
synthetic waveforms to simulate the key properties of antipodal PKIKP arrivals. Firstly,
Telewavesim (Audet et al., 2019), a Python package implementing the matrix propagation
method (Kennett, 2009), generates the local crustal responses of teleseismic plane wave
arrival. The structural responses are then convolved with randomized source time functions,
which are lowpass filtered at a random corner frequency between 0.2 and 1.5 Hz. The choice
of the corner frequency simulates the Earth’s natural filtering effects due to its attenuation,
including the IC effects, of the global phase. The local crustal conditions are randomly
selected from the global CRUST1.0 model (Laske et al., 2013) to enhance the generated
waveform’s variability. For each waveform generated, its label indicating the first phase onset
is calculated analytically. Thus, the sets of labeled waveforms can be synthesized at large

volumes.

Furthermore, real noise is added to the synthesized waveforms to simulate the ambient noise
conditions of PKIKP waves. We take noise segments 5 s before P arrivals from real P

seismograms collected from globally distributed seismic stations in epicentral distances of
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60° —90° and within 10° deviation of azimuth with respect to the stations used to collect the
PKIKP dataset. Both synthetic waveforms and noise records are normalized to their
maximum amplitudes. The noise amplitude is scaled by multiplying a randomized ratio in the
normal distribution of 0.2 standard deviation. Noise waveforms are also used in model
training as an individual set to make the CNN model able to distinguish seismic signals from
ambient noise. Such generated datasets form our so-called “regular P-wave” dataset and

“noise” dataset (Figure 2b).

Synthetic waveforms generated by the scheme above consider the response of crustal
variability and introduce the attenuation from the IC implicitly through the choice between
0.2 to 1.5 Hz corner frequencies for the synthetic source time functions, but they are still
inadequate. The “regular P-wave” training set often has sharp onsets, so an automatic picker
trained on it tends to pick the most significant onset of the arrivals. However, actual PKIKP
arrivals might have an emergent onset due to the gradual release of earthquake energy.
Experienced analysts can realize the pattern by learning the accompanying P-arrival
waveform shapes (Tkalci¢ et al., 2023). For the automatic picker, we explicitly generated an
additional dataset of emergent arrival for training, called the “targeted P-wave” dataset. A
random amplitude ratio between 0.2 — 0.5 is multiplied by the first 4-s of the originally
synthesized P arrival to create the emergent onset. The targeted P set is the key to improving
the precision of the CNN in picking PKIKP onsets because enhanced learning on the targeted
P dataset enables our picker to identify emergent arrivals from noise and return PKIKP onset

picks with lower error (see demonstration in Section 3.1).

In summary, our training dataset consists of three subsets: a regular set of synthetic P
waveforms, a real noise set, and a targeted P-wave set (Figure 2b), each containing 100K 20-
s waveform samples to make the total data amount comparable to the training datasets used in
other studies (Figure 2a). We demonstrate the influence of each dataset on onset picking later
in Section 3.1. In the training dataset, we randomly cut a 20-s segment around the onset label
from each synthetic waveform so that the onset can be at any location within the window.
Thus, labels for positive signals are linear P phase onsets between 0 and 20, and the pure

noise record labels are always 0.
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Figure 2 Datasets used in this study. (a) compares the number of seismic records used in this
study with four previous representative studies (SS phases in Garcia et al. (2021), P in Ross,
Meier, and Hauksson (2018), P and S in S. M. Mousavi et al. (2020) and Zhu and Beroza
(2019)). The record numbers also count noise samples and are taken the common logarithm
iny, e.g., the training set of S. M. Mousavi et al. (2020) is approximately 100 times bigger
than our PKIKP dataset. This study uses a specialized synthetic waveform dataset for model
training and a real PKP waveform dataset with manually picked PKIKP onsets for testing.

(b) shows several waveform examples in each training subset: regular P, targeted P, and
noise. Each subset consists of 100K 20-s long waveforms. The dots denote the location of true
P onsets in the presented samples. Targeted P waveforms have relatively small amplitude
onsets compared to the regular ones to simulate and approach the features of real emergent

PKIKP arrivals. The main text explains how these synthetic waveforms are generated.
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Figure 3 Location of earthquake events and antipodal stations used for collecting the
PKIKP waveform dataset in this study. Green triangles denote receiver stations. They all
have epicentral distances greater than 165° from the source events. Stars denote events,
whereas ones with manual picks are labeled in red. The selected events are between March

1990 and June 2019 and have 7.5 > Mw > 5.7.

2.3 Model architecture and training

We employed a convolutional neural network (CNN) model in this study, inspired by the
work of Ross, Meier, Hauksson, et al. (2018) and Garcia et al. (2021). The network’s
architecture (Figure 4) consists of four 1D convolutional layers, constructing the feature-
extraction module. The convolution operation is performed between the input and a trainable
filter in a convolutional layer. During the training process, the filters keep updated by
matching the network’s output and given data labels (phase onsets in this study) to allow the
CNN to extract and return more sophisticated and more correct features of input data. Each
convolutional layer is followed by a max-pooling layer that downsizes the input waveforms
by retaining the maximum value in every two consecutive values of the inputs to extract the
highlighted features and a batch-normalization layer that normalizes the previous layer’s
output within mini-batches. The convolutional output is then flattened and fed into fully
connected layers with a one-to-one point connection to their previous layers. The network
output is a directly weighted linear of the final layer, referring to CNN-picked phase onsets.
Except for the final layer, all the other layers are activated by a rectified linear unit (ReLU)

11
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function, a popular activation function in deep learning that returns the input if positive and
zero if negative. The sizes of the convolution kernels and dense layers are customized
considering the signal frequency content of the PKIKP waveforms recorded at the global

scale.

The Huber loss function (Huber, 1964) was employed, and the network was trained using the
Adam optimization algorithm (Kingma & Ba, 2014). We experimented with different
learning rates representing the model weights’ updating speed during training, from 0.01 to
0.0001, and empirically found that the default one, 0.001, produced the most desirable
results. The training process on 300K samples took about 10 minutes on a graphical
processing unit at the Australian National Computational Infrastructures’ (NCI) Gadi cluster.
An early stopping method was applied to monitor the loss on the validation dataset during
model training, allowing the model to restore the optimal weights as the validation loss no
longer decreases within five epochs, in which case we considered the network well-trained.
Our network's training process lasted nine epochs. The model weights obtained at the fourth
epoch were restored as the optimal (Figure S1). Further training would not lead to significant

improvements in picking precision by our test.
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Figure 4 Architecture of the Convolutional Neural Network (CNN) used in this study. The
network consists of four convolutional layers, pooling layers, and three fully connected
layers. The rectified linear unit (ReLU) is used as the activation function in all layers except
the last output layer using linear activation. The network input is a 1D time series (i.e., a
seismic waveform) whose label is a time pick of the phase onset (represented by the red dot;
see the bottom waveform). The boxes representing layers in the network are labeled by the
layer types and their corresponding parameters. ConvID represents a convolutional layer in
1D, followed by the numbers of filters and kernel size. Max-Pooling is a pooling layer with a
stride of 2 that halves the size of the input array by retaining the maximum value in every two
consecutive values of the inputs. All inputs are connected to outputs in a fully connected layer
(Dense layer in this network). Where specified, layers’ outputs are normalized within their

mini-batches, known as batch normalization (BN).
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2.4  Picking PKIKP onsets

We followed the approach proposed by Garcia et al. (2021) to repeat picking on a 20-s
window sliding along a long input seismogram at every sample. At each 20-s window, the
CNN network instantly picks a wave onset or detects the waveform segment as noise
(Animation S1). We rely on the consistency of a pick over multiple windows as a
measurement of quality for the pick, which avoids the potential randomness of the CNN
picker. In an ideal condition, once an onset appears in the sliding window, it will be picked
immediately and kept picked until the sliding window passes it. Since the picking may
wander slightly around the onset, a clustering method, DBSCAN, is introduced to group the
picks with small variations (Ester et al., 1996; Garcia et al., 2021). If there are more than five
adjacent picked points in which the interval between any two neighbors is less than or equal
to the sampling interval 0.1 s, they are regarded as a single cluster, and, in the meantime, the
picks in this cluster are averaged to return a unique onset pick. Thus, the quality of a cluster-
returned pick is defined as the number of actual picks (picks in its cluster) over the ideal
maximum number of picks:

Q ) — Nactual — NactualAt
pick Nmax T (1)

In this study, the window’s sliding step At is set to 0.1 s and length T is 20 s. Thus, N,y 4y, the
theoretical maximum counts of a cluster-returned pick, is 200. For example, if a time point is
repeatedly picked 100 times by the CNN picker during sliding-window picking, its returned
quality is 0.5.

In practice, we chose 50-s waveform segments around ak135 predictions as input. This
waveform length allows an onset pick’s quality to reach the maximum by a 20-s sliding
window if the deviation between actual PKIKP onsets and ak135 predictions is less than 5 s,
ideal for covering most realistic situations. Among the cluster-returned picks, only the pick
with the highest quality is chosen as the final CNN picked PKIKP onset. Sliding-window
picking provides a simple way to classify the quality of automatic onset picks. We
empirically regard 0.2 as the quality threshold of credible picks in this study, but in practice
the value depends on the desired picking precision. High-quality picks obtained by our CNN

picker always have high precision.
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3 Test case results

3.1 Test on labeled waveforms
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Figure 5 Representative CNN-picked PKIKP onsets. Quality plots list the quality of all

potential picks within the window by the CNN automatic picker (how the quality is defined is

explained in Section 2.4). For each waveform,

the pick with the highest quality is chosen as

the CNN-picked PKIKP onset (labeled on the waveforms above in green), and the others are

abandoned. Human-picked PKIKP onsets (as per Tkalcic¢ et al. (2023)) are labeled in red.

Note that the labeled manual picks were made

by using multiple frequency filters and

multiple stations and looking at P onsets (see detailed explanations in Section 2.1), while the

CNN picker looks at the presented waveforms under the single frequency band of 0.5-2.0 Hz

when picking. (a) and (b) are two waveforms with emergent PKIKP onsets. (c) and (d) are

15



340
341

342
343
344
345
346
347
348
349
350

351
352
353
354
355
356
357
358
359
360

361

362
363
364
365

two waveforms with clear PKIKP arrivals, and (e) and (f) have higher noise. Our automatic

picker returns high-quality (i.e., over 0.2 by sliding-window picking) onset picks in all cases.

Figure 5 demonstrates the result of the automatic picking procedure for six waveform
examples of various data qualities in our PKIKP dataset. Animation S1 displays the sliding-
window picking process dynamically. Examples of waveforms with emergent onsets are
shown in panels a) and b), sharper onset waveforms are shown in panels c) and d), while
waveforms at low signal-to-noise ratio are shown in panels e) and f). The clustered pick
counts and their proportions to the total picks are shown in the bottom panels (see Section 2.4
for more details). The automatic picks of the onsets, corresponding to the most consistently
picked time by the CNN picker while sliding the window, are close to the manual

counterparts in the examples.

We first applied automatic picking to the entire set of manually picked data. There are 1457
automatic picks returned (Figure 6a), which include 1300 picks with empirically determined
high qualities of over 0.2 from sliding-window picking (Figure 6b). The improvement of the
automatic picks’ precision attests to the necessity of the sliding-window picking scheme. The
picks’ precision, indicated by the mean average error (MAE), reduces markedly from 0.94 s
to 0.55 s by removing the 157 low-quality picks. A small portion (46 waveforms) of samples
is picked by human analysts but classified as noise by our picker. This is attributed to
humans' more comprehensive picking process, as explained in Section 2.1 and the next.
These CNN-classified noise waveforms do not show a recognizable onset in 0.5-2 Hz, the

frequency band we adopt in automatic picking (Figure S2).

a b« o]
MAE = 0.94 5 & MAE = 0.55 5 P 140
Newn pic = 1457 (96.9%) Neww pice = 1300 (86.5%)

CNN pick (s)
F;dicking~quali{y
CNN pick (s)
Pwicking quali{y
Count
F;ickingkquali;y

01
A€ A€y

53 0 5 10 s -10 s 0
Manual pick (s) Manual pick (s)

Figure 6 Comparison between human-picked and CNN-picked PKIKP onsets. (a): all non-
zero CNN picks obtained on 1503 manually picked PKIKP waveforms, (b) and (c): the
filtered high-quality picks with a picking quality greater than 0.2. (a) and (b) compare the
CNN-picked onsets to available manual picks, both of which are with respect to akl35
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predictions. The dot colors represent the quality of the CNN picks determined by sliding-
window picking. Darker colors mean more confidence that the pick is credible. This study's
CNN picking error A refers to the bias of CNN picking to manual picking. The orange

shadow areas indicate the CNN picks with A <= 1 5. Mean absolute error (MAE), the number
of plotted CNN picks, and its percentage to the number of manual picks are labeled in the
upper left corner of (a) and (b). The orange dashed lines in (a) and (b) indicate the ideal
result that a CNN pick is identical to the human counterpart. The picking error distribution of
high-quality CNN picks is plotted in (c) with the labels of mean and median errors. The small
panel in (c) shows the number of CNN picks in each quality interval from 0.2 to 0.8.

We demonstrate the necessity of using a targeted training dataset of emerging P onsets in
Figure 7. As introduced in Section 2.1, human analysts can get the onset picks in Figure 7a
because they can utilize the teleseismic P onset at shorter distances to learn about the source
time function and single-event sorted recordings to identify and deduce the PKIKP onset.
Furthermore, they can observe how different frequency content changes the look of the
PKIKP waveform. Thus, the manual picks in Figure 7a should not be associated with
immediately recognizable PKIKP signals and are not the results of instant decisions based on
individual waveforms but of a cognitive process that involves processing and analyzing many

waveforms, supplementary information, and disciplinary experience.

An automatic picker makes decisions by analyzing the shape of PKIKP waveforms only. The
network trained on the regular P-wave set works well on clear arrivals (Figure 7b) but
consistently misses emergent arrivals (Figure 7a). As explained in Section 2.2, a targeted
training P-wave dataset is our solution to enhance learning for targeted features, which refer
to the emergent onsets of PKIKP resulting from extended earthquake energy release in this
study. Our CNN picker trained with the new targeted dataset returned results consistent with
manual picking, demonstrating that it owns the ability to identify emergent onsets and now

works well on actual PKIKP waves.

The global distribution and extended period of the earthquake events selected in this study
result in significant differences in quality, quantity, and shape of PKP waveforms between the
events. With this in mind, we take a closer look at individual events. The events with more
than 20 records are selected to compare the precision of PKIKP onset picking between our
CNN picker and humans (Figure 8). The MAE of obtained high-quality CNN picks on each

event, except for a few poorly picked ones, is approximately 0.5 s, consistent with the overall
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MAE and experiential human-picking error. Since the process of CNN picking only focuses
on the waveforms themselves, we can use the CNN picker to pick PKIKP onsets from any
newly obtained data, independent of the actual geographical conditions behind them.
However, it is worth noting that there are several events where the CNN picks very few
PKIKP onsets because the waveforms are too noisy. Humans will likely obtain more credible

picks for these events because of the cognitive process described above.

a 2010-02-27T08:01:23Z b 2010-07-12T00:11:20Z
T T
CNN trained on Targeted P+Regular P+Noise CNN trained on Targeted P+Regular P+Noise
© CNN trained on Regular P+Noise © CNN trained on Regular P+Noise
——— Human ~— Human

10 m«r\/\/\/“’\/‘

Count
[o0]

Count

AT\

5 0 5 10 5 0 5 10
Time w.r.t. manual pick (s) Time w.r.t. manual pick (s)

Figure 7. Demonstration of targeted training datasets. (a) and (b) show waveform samples
from two events with differential picking results, respectively. The waveforms in (a) have
representative emergent PKIKP onsets compared with (b). The plotted 15-s waveform
segments are centered on human-picked PKIKP onsets. The yellow circles denote the
automatic picks by our chosen CNN model trained on all three training datasets, regular P,
noise and targeted P, and the green circles denote the ones from a CNN model trained only on

regular P and noise datasets.
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Figure 8 Precision of CNN picking compared to hand picking for individual events. The
dots and error bars denote the non-negative mean absolute error (MAE) and the root mean
square error (RMSE) of CNN picks relative to their human counterparts. The size of the dots
indicates the number of high-quality CNN picks obtained that are used to calculate MAE and
RMSE. Only the events with over 20 samples are taken into the comparison to avoid

randomness. The dashed line denotes the mean MAE over all plotted events.

3.2 Integration test of fitting IC's anisotropic model

Given that only a small portion of our PKIKP dataset is labeled manually, we are relatively
limited in testing the automatic picker’s performance on the labeled data. To further
showcase, we applied it to the whole dataset, including the remaining unlabeled waveforms.
We conducted an integration test by comparing our inferences on the IC anisotropy by
manually and CNN automatically picked PKIKP travel times (Figure 9). The picking results
visualized on all waveforms are shown in File S1. Typically, the absolute PKIKP travel time
residuals with respect to a spherically symmetric Earth model (ak135) are utilized to
characterize cylindrical anisotropy in the IC. We compare the generated IC’s anisotropic
models from automatic picks and available manual picks, respectively. In a cylindrically
anisotropic model of the Earth’s IC, PKIKP travel time residuals in the IC are a function of

the sampling angle ¢ (Creager, 1992):
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A_U — + 2 + .y 2
= y + ecos*& + osin“&cos“& (6)

where the fractional velocity Av/v can be expressed as:

Av AT
e 7
v 73%135 (7)

where AT is the residual of a CNN or human picked PKIKP travel time relative to the ak135
prediction. The absolute travel time measurements are corrected for Earth’s ellipticity
(Kennett & Gudmundsson, 1996) and mantle heterogeneity model DETOX-P3 (Hosseini et
al., 2020). T, 55 is the ak135 predicted PKIKP travel time in the IC under 5153.9 km. Av/v
indicates the PKIKP’s travelling speed residual in the IC. ¢ is the angle between the PKIKP

wave’s ray path in its bottoming point and the Earth’s rotation axis.

We used the hierarchical Bayesian method to compare CNN and human obtained PKIKP
residuals and the Markov chain Monte Carlo (McMC) to sample the anisotropy parameters, &,
o, and y as done by Tkalci¢ et al. (2023). Here we used the CNN picks with a picking quality
of over 0.4, higher than the value of 0.2 used in onset-picking comparison (Figure 6),
because the data quality of unlabeled waveforms is disparate, and we need a higher threshold

to filter out uncertain automatic picks. The estimated values of model parameters are:

CNN: £€=32401,0=-45%£03,y=-0240.0,6 =2.1%0.0 (8)
Human: £=30%£01,0=-44+£03,y=00£0.06=17%0.0 9)
6 is a hyperparameter in the Bayesian inversion inferring the amplitude of data noise
expressed in seconds. It returned close values in both datasets, however, a few CNN picks
significantly away from the main body led to the bias (Figure 9a). In order to show the most
general results with minimal manual interference, we did not choose to isolate them. The
stricter threshold of automatic picking, 0.4, results in a lower noise amplitude; however, it
exacerbates the imbalance in the distribution of picks among latitudes because the automatic
picker returns less stable onset picks on part of high-¢ waveforms with lower signal-to-noise
ratios (Figure 9b). In addition, for the IC anisotropy models from automatic and manual
picks, the values of their anisotropy strength are approximately 3.3% and 3.1% and the
lowest PKIKP travelling speed in the IC appears at around 67.5° and 66.0°, respectively. The
values of parameters corrected for other mantle models are listed in Table S1. The fitting
results shown in Figure 9 demonstrate that our CNN-based automatic picking method can
reproduce the established knowledge of the IC anisotropy established in literature by

painstaking analysts in the past with similar level of confidence. 4318 automatic picks with
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high picking quality are returned in minutes, which are three times larger than the archive of

manual picks. However, the CNN picker shows no improvement in picking high-latitude

PKIKP arrivals (low ¢) compared to human analysts. In addition, as automatic picks tend to

be slightly prior to their manual counterparts, their fitting curves show an observable bias at

high &-angles with concentrated picks.
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Figure 9 PKIKP residuals obtained from the CNN picker and the fitting IC anisotropy
models compared to manual picking. (a) plots all available manual picks and the CNN picks
with a picking quality of over 0.4.  is the angle between the Earth's rotation axis and the
bottoming point of PKIKP wave s ray path, and AT represents the residual between picked
PKIKP onsets and the akl35 predictions corrected for Earth's ellipticity (Kennett &
Gudmundsson, 1996) and mantle heterogeneity model DETOX-P3 (Hosseini et al., 2020). (b)
shows the distribution of waveform data, manual picks, and high-quality CNN picks relative
to &. Their respective numbers are annotated in the legend. The curves of fractional velocity
as a function of & (c) and cos?¢& (d) fitted from the two category picks using the hierarchical

Bayesian method are denoted in black and red, respectively. See more details about the fitting
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in the main text. The shadow zones denote the uncertainties of the fitting. For reference, a few
previously published IC anisotropic models (Brett & Deuss, 2020; Morelli et al., 1986;

Tkalci¢ et al., 2023) are plotted using dashed curves in different colors.

4  Discussion

It has been demonstrated that our CNN model picks PKIKP onsets nearly as well as
experienced analysts. However, a MAE of approximately 0.5 s consistently exists in overall
and individual event picking, higher than the picking error of current leading automatic
pickers in the local scale, low to 0.1 s (Mlnchmeyer et al., 2022). It should be noted that we
work with lower-frequency signals of 0.5-2.0 Hz in global events than over 5 Hz in local
events and sample them at 40 Hz (At=0.025 s) rather than the usual 100 Hz ((At=0.01 s),
leaving higher systematic errors in our picks. In addition, we generated a synthetic waveform
dataset while training our network, expecting to simulate the IC attenuation due to the lack of
manually picked PKIKP arrival data. Regarding the complexity and diversity of geological
conditions and datasets on the global scale, it is challenging for our global picker to achieve

the same high precision based on it as previous local-scale pickers using real data.

It is also reasonable to see a minor deviation between automatic and manual picking as we
consider its sources from two aspects. On the one hand, experienced human analysts can
identify emergent seismic signals on noisy waveforms precisely by inspecting multiple
frequencies and observing the source time functions using P wave arrivals at shorter
epicentral distances. These procedures are necessary for measuring global and antipodal
datasets (Tkalci¢ et al., 2023). Lacking supplementary information and limited in a fixed
frequency band, the automatic picker struggles more to locate the emergent onsets than
humans. On the other hand, however, the shortage of published labeled PKIKP waves cannot
be ignored. Humans observe waveforms with their eyes and pick the onsets subjectively. The
precision of manual picks varies among their authors. The automatic picker can ensure that
onsets are picked immediately and consistently once they appear. Instead, humans can only
pick them up until they become recognizable by eyes. This explains why the automatic picks

tend to be earlier than their manual counterparts, with a mean deviation of 0.2 s (Figure 6c¢).

In this study, we used a CNN architecture with a modest size. This network containing four
convolutional layers is shallower in depths than recent state-of-the-art developments in local

earthquake detection and phase picking, for example, PhaseNet with an up-sampling module
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(Zhu & Beroza, 2019) and EQTransformer consisting of 56 layers (S. M. Mousavi et al.,
2020). Also, we used less training data, 300K synthetic waveforms (1.2M for EQTransformer
and 780K for PhaseNet), to achieve our task. This is because our strategy is different from the
local pickers above (see the description in Introduction) and our task is less complicated. We
deal with large earthquakes that are documented in global earthquake catalogs (such as NEIC
and GMTs). The global earth model can determine waveform windows that certainly contain
PKIKP arrivals. Thus, the sole purpose of our network is to determine whether it can pick the
seismic arrival onset already present in the windowed waveforms, not to determine their
presence without any prior knowledge. This explains the satisfactory performance of the

network, given its modest size.

Besides picking individual waveforms, we also experimented with using our CNN to
determine arrival onsets on stacked waveforms with higher signal-to-noise ratios. Firstly, the
adaptive stacking method aligns similar waveforms by minimizing a misfit function defined
as the overall difference with the simultaneous stack (Rawlinson & Kennett, 2004). Thanks to
its great performance in waveform stacking, our picker can be applied to the stacked
waveforms from stations in a regional network, potentially improving the precision.
However, automatic picking on stacked waveforms is subjected to the precision of adaptive
stacking and the risk of introducing systematic bias in the onset pick of every individual
waveform of the network. Theoretically, individual waveform picking using a fine-trained
network can prevent these issues. Hence, we prefer not to apply the picker on adaptively

stacked waveforms.

a Epi. dist. in 155° - 165° b Epi. dist. in 165° - 180°

12000 == CNN pick Q > 0.2
CNN pick Q > 0.3
@ CNN pick Q > 0.4
10000 | MM CNN pick Q > 0.5
@ Manual pick

= CNN pick Q > 0.2
8000 CNN pick Q > 0.3
B CNN pick Q > 0.4
7000 { MM CNN pick Q > 0.5
B Manual pick

6000
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@ 5000
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4000 3000
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Figure 10 Distribution of manual picks and CNN picks under multiple quality levels
relative to the sampling angle ¢ on a global PKIKP waveform dataset collected between
2001-2020. We choose all my, >5.8 earthquakes occurring in the time interval 2001-2020 and

download the corresponding PKIKP waveforms in the epicentral distance range of (a) 155° -
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165° and (b) 165° - 180° from the IRIS Data Management Center. The catalogs of events and
manual picks of PKIKP onsets are obtained from the ISC (Bondar & Storchak, 2011). We
increase the quality (Q) threshold of CNN picks from 0.2, the criteria of precise picks chosen
by experience, to 0.5, at which the number of CNN picks is comparable to manual picks. The

upper margin of each quality interval bar is marked with dots.

Next, to demonstrate the potential of our automatic picker in expanding the dataset
measurements, we collected new PKP waveforms in two epicentral distance ranges, 165°-
180°, the range of antipodal stations as same as the present dataset, and 155°-165° to cover
the whole IC, in all my5.8+ earthquake events during the 20 years from 2001 to 2020 from
the IRIS Data Management Center. Record numbers in the two new datasets are ~57K and
~123K. Meanwhile, we searched their associated manual picks in the ISC database, which
were reported by multiple authors with various tags. As implemented earlier in Section 3.2,
our CNN network picked over half of the new large datasets, greatly expanding the PKIKP
onset archive near the equator (Figure 10). The picking quality do provide a one-step strategy
that allows us to filter the automatic picks according to research purposes. We can acquire
more precise and credible onset picks close to human picking by setting a high threshold of
quality as Section 3.2 or catch as many picks as possible with medium quality. Interestingly,
both humans and the CNN automatic picker obtain relatively few picks from polar events.
Despite being limited by the number of earthquakes and receivers at high latitudes and their
data quality (Tkalci¢, 2017), this illustrates the need for more careful consideration of
regional differences in improving the picker. Further developed automatic pickers are
expected to extend the usable data for studying the Earth’s IC with potentially unlocked

datasets.

We acknowledge the potential drawbacks when using the synthetic training dataset. On a
positive note, the automatic picker performs well on the labeled waveforms (Figure 6) and
the integration task (Figure 9). On the other hand, the gap between synthetic waveforms and
real PKIKP waves cannot be filled. We introduced emergent arrivals in training by experience
to consider the IC attenuation, which is inadequate and not what we expected when
constructing an automatic picker. Collecting more labeled real waveforms sensitive to the IC
and the Earth’s deep interior for training and testing the next iteration’s networks becomes
more efficient thanks to the successful application of the automatic picker and the mechanism
of picking quality control in this study. It is in our imminent plan to inspect manually and

define the potentially unambiguous PKIKP onsets, which are initially picked by the present
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CNN picker. This could save considerable time and effort as we will not need to visualize

tens of thousands of noisy waveforms.

The application of our CNN model in picking PKIKP onsets demonstrates the potential of
using deep learning algorithms to facilitate IC studies. In addition to optimizing the automatic
picker, we plan to develop new deep-learning-based models to predict PKIKP-PKPbc and
PKIKP-PKPab differential travel times widely used in IC studies for different purposes (e.g.,
Attanayake et al., 2014; Creager, 1992; Niu & Chen, 2008; Shearer & Toy, 1991; Song &
Helmberger, 1993). Most recently, a physics-informed neural network (PINN) was developed
to model P wave travel times between any source-receiver pair in a global mantle model
(Taufik et al., 2023). It shows significant advantages in saving storage and computing
resources compared with traditional 3-D Earth velocity models. The high picking efficiency
of our automatic picker demonstrated in this study provides strong support for obtaining a
much larger PKP-wave differential travel time dataset than ever before. This helps us
construct a new automated tool that can generate differential travel times based on any
eligible coordinate pair input directly, thereby avoiding the processes of phase onset picking

and computing Earth structures along the ray path.

5 Conclusion

The application of deep-learning algorithms has expanded from local earthquake seismology
to structural seismology on global scales. In this work, however, we focused on the PKIKP
waves traversing near the Earth’s center. The global dataset of PKIKP waves is crucial for
exploring the Earth’s deep interior, particularly the Earth’s inner core. To expand the PKIKP
onset archive and ensure its consistent quality across datasets, we employed a CNN network
to pick the onsets of PKIKP waves automatically. Our CNN automatic picker, though simple
in architecture, picked the majority of human-picked PKIKP onsets achieving human-level
precision, thanks to the well-designed synthetic training dataset considering the features of
PKIKP waves. Automatic picks show a consistent precision across earthquake events. Our
automatic picker obtained 4,318 high-quality picks, three times the manual picks, out of
8,208 PKIKP waveforms in just several minutes, demonstrating its efficiency in harnessing

big global datasets compared to human analysts.

The deep learning expanded PKIKP travel time dataset is expected to increase the current

sampling coverage of the IC in places where data are available by at least an order of
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magnitude. Thus, it could reveal more details of the Earth’s interior. In an integration test, we
selected IC anisotropy as one of the most prominent and well-documented features of the IC.
The IC anisotropy model produced by the CNN-picked PKIKP travel times is similar to the
existing ones based on previous meticulously hand-picked datasets. However, it should be
clear that there are still notable advantages in experienced human analysts picking the arrivals
from noisy waveforms, e.g., where the sampling paths are rare, particularly those originating
from events and stations at high latitudes. They can use multiple frequency filters and look at

supplementary information to distill information from a few valuable records.

The performance of our initial deep-learning-based automatic picker on PKIKP waves and
the previous applications on SS waves (Garcia et al., 2021) and PmKP waves (Dong et al.,
2024) shed light on the path forward for deep Earth seismology harnessing large datasets of
existing and new waveforms and information therein. These could trigger the need for more
comprehensive analysis to support deep Earth models with adequate uncertainty estimates.
Our future work will apply the automatic picker to new datasets and provide a more in-depth
analysis of the results obtained from it to improve current IC anisotropy models, though the
picker has to be further improved to learn IC characteristics better by introducing more real
PKIKP data into training. Furthermore, we will explore the deep-learning approaches to other
laborious tasks in deep Earth seismology, such as measuring differential travel times between
first arrivals of phase pairs, such as ScS-S (Houser et al., 2008; S. Mousavi et al., 2021) or
PcP-P waves sensitive to the lowermost mantle (Muir et al., 2022; Tkal¢i¢ & Romanowicz,

2002).

Data availability statement
Synthetic teleseismic waveforms used for network training in this study are generated using
Teleswavesim software package (Audet et al., 2019) available at

https://zenodo.org/badge/latestdoi/204565459. All real records used in this study, including

PKIKP phase and real noise waveforms, are downloaded from the Incorporated Research
Institution for Seismology Data Management Center (IRIS DMC;
https://ds.iris.edu/ds/nodes/dmc/) using the ObsPy package (Beyreuther et al., 2010). The

PKIKP waveform dataset with hand-picked PKIKP onsets described in Section 2.1 is
prepared by Tkalci¢ et al. (2023). The picked waveforms used for model testing include the
following seismic networks: 2H (10.7914/SN/2H_2016), 3D (10.7914/SN/3D_2010), Al
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(10.7914/SN/AI), AK (10.7914/SN/AK), AT (10.7914/SN/AT), AU (10.26186/144675), AV
(10.7914/SN/AV), BE (10.7914/SN/BE), BL (https://www.fdsn.org/networks/detail/BL), BR
(https://www.fdsn.org/networks/detail/BR), C (https://www.fdsn.org/networks/detail/C), CB
(10.7914/SN/CB), CH (10.12686/sed/networks/ch), CN (10.7914/SN/CN), CU
(10.7914/SN/CU), CZ (10.7914/SN/CZ), ET (https://www.fdsn.org/networks/detail/ET), G
(10.18715/GEOSCOPE.G), GE (10.14470/TR560404), GR (10.25928/mbx6-hr74), GT
(10.7914/SN/GT), HK (https://www.fdsn.org/networks/detail/HK), IC (10.7914/SN/IC), II
(10.7914/SN/II), IM (10.7914/vefq-vh75), IU (10.7914/SN/IU), JP
(https://www.fdsn.org/networks/detail/JP), KN (10.7914/SN/KN), KZ (10.7914/SN/KZ), LD
(10.7914/SN/LD), MN (10.13127/SD/fBBBtDtd6q), MY
(https://www.fdsn.org/networks/detail/MY), NB (https://www.fdsn.org/networks/detail/NB),
NE (10.7914/SN/NE), NL (10.21944/¢970£fd34-23b9-3411-b366-¢4{72877d2c5), NM
(https://www.fdsn.org/networks/detail/NM), NU (10.7914/SN/NU), ON (10.7914/SN/ON),
PA (10.7914/SN/PA), PM (10.7914/SN/PM), PN (https://www.fdsn.org/networks/detail/PN),
PS (https://www.fdsn.org/networks/detail/PS), RM (10.7914/SN/RM), TA (10.7914/SN/TA),
TM (https://www.fdsn.org/networks/detail/TM), TO (10.7909/C3RN35SP), TW
(10.7914/SN/TW), US (10.7914/SN/US), X4 (10.7914/SN/X4_2007), X5
(https://www.fdsn.org/networks/detail/X5 2007), X6 (10.7914/SN/X6_2007), XB
(10.7914/SN/XB_2009), XC (10.7914/SN/XC_2012), XD (10.7914/SN/XD_2002;
10.7914/SN/XD_2007), XE (10.7914/SN/XE_2009), XG (10.7914/SN/XG_1999), XH
(10.7914/SN/XH_2008), XJ (10.15778/RESIF.XJ2009), XN (10.7914/SN/XN_2008), XT
(10.7914/SN/XT _2003), XW (10.7914/SN/XW _1997), YC (10.7914/SN/YC_2000;
10.7914/SN/YC _2006), YE (10.7914/SN/YE_2011), YG (10.7914/SN/YG_2016), YM
(10.7914/SN/YM_2006), YP (10.7914/SN/YP_2009), YS (10.7914/SN/YS_2009), YT
(10.7914/SN/YT _2007), YZ (10.7914/SN/YZ _2009), Z8 (10.7914/SN/Z8_2006), Z1
(10.7914/SN/Z1 2011), ZL (10.7914/SN/ZL_2007), ZM (10.7914/SN/ZM_2007), ZQ
(10.7914/SN/ZQ 2001), ZV (10.7914/SN/ZV_2008). The manual picks of the expanded
datasets in Discussion are from the International Seismological Centre (ISC) Bulletin

(https://www.isc.ac.uk/iscbulletin/search/arrivals/). The model of the convolutional neural

network is built using the TensorFlow package (Abadi et al., 2016;
https://www.tensorflow.org/), and the figures are made using the matplotlib package (Hunter,
2007). The codes, trained model parameters, and training datasets will be made available

when the paper is considered for later stages.
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