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Abstract The teleseismic receiver function (RF) is commonly used to determine major interfaces of

the Earth. If the crustal Vp is known approximately, the Moho converted Ps phase and crustal multiple
reverberations can be used to determine the thickness (H) and average Vp/Vs ratio (x) of the crust. A widely
used method for this is H-k stacking (Zhu & Kanamori, 2000, https://doi.org/10.1029/1999JB900322), which
uses grid search and superposition to find the maximum coherent energy of the Moho Ps and its reverberated
multiples phases. However, this method assumes a homogeneous isotropic crust and a flat Moho. Furthermore,
it is affected by the reference crustal Vp. Improved methods, such as the H-x-c method for anisotropic media
and inclined interfaces (J. Li et al., 2019, https://doi.org/10.1029/2018JB016356), help alleviate the problem.
In this paper, we propose a new method that uses deep learning to estimate H and x. Our method is divided
into two steps. The first step employs a denoise architecture (the DenoiseNet) to reduce the noise level of the
RFs and restore missing back-azimuthal information. In the second step, our new deep learning network (the
HkNet) is used to estimate H and . Deep learning has the inherent ability to automatically extract complex
features from RFs, which allows us to estimate the parameters in complex media with different crustal Vp.
Synthetic data tests show that the proposed method achieves better accuracy than the H-x and H-k-c methods.
Applications to real data show that the proposed method is robust and reliable in a wide range of geological
settings.

Plain Language Summary Crustal thickness (H) and Vp/Vs ratio (k) are fundamental parameters of
the Earth. Here, we propose a deep learning method to extract the information from receiver functions (RFs).
We designed two convolutional neural networks: (a) the DenoiseNet to suppress the noise and re-construct the
missing back-azimuthal information of the RFs and (b) the HkNet to estimate H and x from the processed RFs.
Systematic synthetic tests show that this method is powerful and more accurate than existing methods. It yields
reliable results with real data and is generally applicable to a wide range of geological settings.

1. Introduction

A receiver function (RF) is the response of the Earth's structure below a seismometer to an incident teleseismic
wave and consists of a series of P-to-S (Ps) or S-to-P (Sp) converted waves generated at structural interfaces
(Langston, 1979), mainly those generated by the velocity discontinuities in the crust and upper mantle below the
seismometer. Crustal thickness (H) and P-wave and S-wave velocity ratio (k) are important parameters reflecting
the crustal structure and internal material composition and can provide an important basis for regional tectonics
and dynamics. Zhu and Kanamori (2000) noted that when the Moho converted phase Ps and crustal multiple
waves are considered at the same time, H and « can be estimated under the assumption of the average crustal P
wave velocity. This is currently the most commonly used H-x method. The H-k algorithm stacks the amplitudes
of RFs at predicted arrival times for Ps and crustal multiples (PpPs and PpSs + PsPs; here referred to as M1 and
M2, respectively, for convenience, as in J. Li et al., 2019) for different values of H and « in a grid search.

The assumptions of the H-x method are very simple, which leads to its limitations. It assumes that the crustal
medium is isotropic, the Moho surface is horizontal, and the P-wave velocity of the crust is fixed. However, the
above assumptions cannot be satisfied under complex geological settings, so the results of the H-x method may
be inaccurate. The Chinese continent is known to have highly heterogeneous crustal structure and extremely
variable Moho depth, as revealed for example, by seismic tomography (Bao et al., 2015; Han et al., 2021; M. Li
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et al., 2022; Shen et al., 2016; X. Zhang et al., 2022) and receiver functions (C. Li et al., 2014; J. Li et al., 2017,
Y. Li et al., 2014; X. Wang et al., 2017).

Thus, for Chinese continent, because of the complex crustal structure and moho variation, the results obtained
by the H-x method may be less reliable. In view of the above shortcomings, several studies have proposed
improved methods that adapt to more complicated crustal structures (Frederiksen & Bostock, 2000; Frederiksen
et al., 2003; Hammond, 2014; Kaviani & Riimpker, 2015; Levin & Park, 1997a, 1997b; Liu & Park, 2017; Park
& Levin, 2016; Riimpker et al., 2014; Savage, 1998; H. Zhang et al., 2009; Zhu et al., 1995), even though the
assumptions of these methods are still relatively simple. J. Li et al. (2019) proposed a more generalized improved
method called H-k-c, which considers anisotropy with a plunge and dipping Moho. The improved method has
been quickly applied to a wide range of geological settings (Cui et al., 2021; J. Li et al., 2019; W. Li et al., 2021;
Tan & Nie, 2021; B. Zhang et al., 2020). However, the method also has some limitations. The method needs to
assume the average crustal Vp (e.g., often at 6.3 km/s) in the application of the method but is in fact not well
known. It also depends on data quality; it is not suitable for data in which multiple phases are not obvious.

Deep learning has been rapidly and widely applied to geophysical investigations (Bergen et al., 2019; Yu &
Ma, 2021). In some studies of exploration geophysics, it has produced results comparable to and in some cases
surpassing expert human performance (Bi et al., 2021; Liang et al., 2019; Reading et al., 2015). In seismology, a
successful example is the use of deep learning for earthquake detection and phase picking (Jiang et al., 2021; Z.
Li, 2021; Mousavi et al., 2020; J. Wang et al., 2019; Wong et al., 2021; Yu & Ma, 2021; L. Zhang et al., 2020; P. C.
Zhou et al., 2021; Y. Zhou et al., 2021). However, applications of deep learning methods in seismic structure
inversions have been limited thus far, including super resolution images from low resolution by a CycleGAN and
crustal thickness estimated from Rayleigh surface wave based on Deep Neural Networks (Cheng et al., 2019; Niu
et al., 2020). A convolutional neural network (CNN) can automatically extract the internal features of an image
and construct complex non-mapping relationships. In our case, RFs can essentially be considered as time series.
Here, we turn the problem of time series into an image recognition problem, use convolution kernels to identify
the waveform information at different positions, and find the correlation between seismic phases. The essence
of the classic H-x method is to estimate H and x by enhancing the energy of the three phases of Ps, M1, and M2.
In other words, the two parameters H and « are another way to characterize seismic phase information. The deep
learning model works by learning the general characteristics of seismic waveforms and phases from high-level
representations. Therefore, if the seismic phase information can be identified through deep learning, the results of
H and « can also be obtained. Fortunately, the seismic phase detection ability of deep learning has been verified
extensively.

In this paper, we propose a H and « estimation method based on deep learning. Relative to prior methods, it can
be applied to more generalized situations, including plunging anisotropy and dipping interfaces of different Vp
in the crust; it can also be applied to poorer-quality data. After the deep learning model is trained, its inference
time is only 1s. Synthetic data tests of model with different complexity levels show that this method has higher
accuracy than the traditional H-x and H-k-c methods. We applied our method to the real data of complex settings
from the Chinese National Digital Seismic Network (CNDSN) and obtained reliable results, which demonstrates
the potential of the method for broad applications.

2. Methods

The CNN is an important branch of deep learning, which can automatically extract deep features of images. It has
achieved excellent results in computer vision, natural language processing, recommendation systems, and many
more fields. Compared with synthetic ideal data without noise, the poor quality of real data is mainly reflected in
the loss of certain azimuth information, large amounts of noise, and ambiguous multiple phases. Therefore, we
first use a CNN to distinguish noise from effective information and to construct a connection between different
back-azimuthal RFs. In the second step, we use a deep learning method called HkNet to predict H and x from the
denoised RFs. These two main steps of our proposed method are illustrated in Figure 1.

2.1. Architectures of the Networks

Figure 2 shows the architectures of the CNN networks. To achieve automatic estimates of H and x from RFs, we
adopted and modified the U-Net and ResNet architectures (He et al., 2016; Ronneberger et al., 2015). The first
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Figure 1. Workflow of the proposed method. The first step (DenoiseNet) is on the left, whose main purpose is to denoise and
re-construct the missing lacking back-azimuthal information. The second step (HkNet) is on the right, whose main purpose is

to predict H and k based on the output from the first step.
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Figure 2. Convolutional neural network networks used in this study. The networks include two parts:
the networks listed in panel (c).

(a) DenoiseNet, (b) HkNet, with symbols and hyperparameters of
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Table 1 step is to preprocess the RFs by denoising them with the DenoiseNet and
Parameter Ranges of Training Models to re-construct the missing RFs of some back-azimuthal directions. When
constructing the DenoiseNet, we first gradually extract the deep informa-
Parameter® Range ] . ) ; A .
tion of the RFs through convolution with a step size of 2 while using long
Mhrikaness 2515 AT and short connections to merge shallow information, taking both global
Vp 5.0-7.0 km/s (full-time window information) and local (phase information) features
K 1.6-1.9 into account while preventing the gradient from disappearing or exploding
S% 0-10 when the error is propagated backwards. The structure of the DenoiseNet is
Trend of fast axis 0-180° shown in Flgur.e 2a. The second step is to use a fu.lly-conne.ctec.i CNN, calle.d
- - i o HkNet, to predict H and . The network structure is shown in Figure 2b. This
unge of fast axis fully-connected CNN is introduced to deepen the structure and enhance the
BlBILD dlrEsine =it learning and prediction capabilities. We use the dropout layer and dynamic
Moho dip 0-15° learning rate strategy to prevent network overfitting. We summarize the defi-

“Anisotropy amplitude S% indicates the difference between fast and slow  hitions of the different operations in Figure 2c. The acrynoms and systems

speeds relative to the average speed as a percentage.
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are conventional to the CNN (Raschka, 2017; Ronneberger et al., 2015).
Please refer to the Supporting Information S1 for details.

2.2. Training Data Sets

To train an efficient network, a suitable large training set is generally needed. In this study, we used simulated
data and information from the real data to generate the training data sets.

First, we generated random 1-D velocity models with different parameters listed in Table 1. The velocity models
have only one layer in the crust. We used the Raysum algorithm (Frederiksen & Bostock, 2000) to calculate the
synthetic ideal RFs with a ray parameter of 0.06 s/km and Gaussian parameter of 3.0 for each velocity model. We
set the size of each RF image to 73 x 500, where 73 is the number of stacked 5°-back-azimuthal bins, and 500 is
the number of time samples. The sampling interval is 0.1 s and the time window of the RFs is —5 to 45 s. Second,
we added noise from real stations and random back-azimuthal distributions to ideal RFs to generate simulated
realistic RFs data set.

The input data of DenoiseNet are simulated realistic RFs and the labels are synthetic ideal RFs (in deep learning,
a label means the result we want to indentify the input data from Net). For the HkNet, the input data are synthetic
ideal RFs and the labels are H and x from velocity models. At the beginning we tried different strategies to design
the network, including directly training a single network without DenoiseNet and using simply two variables for
labels, but the result was very poor, especially in the application to the real data (Figures S2—S7 in Supporting
Information S1). Therefore, we introduce DenoiseNet separately and inspired by the study of Kuang et al. (2021),
we give these two values (H and «) in the form of a Gaussian distribution. The H curve contains 650 points, and
the x curve contains 400 points. The peaks (location parameter y in Gaussian distribution) are real H and « values.

Training of DenoiseNet Training of HkNet

@ . (b)

0.035

e
Q
@

0.025

©
Q
N}

MSLE Loss

0.015

0.01

0.005

50

100

150 200 250 300 0 10 20 30 40 50 60 70 80 90 100
Num. of Epoch Num. of Epoch

Figure 3. Loss versus epoch during the training process. (a) Mean-squared-error for DenoiseNet; (b) mean-squared-logarithmic-error for HkNet.
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Figure 4. Example of how noise is extracted from the real data. The larger absolute amplitudes in the shaded parts are
removed and the remainder are considered to be noise.
The standard deviation (size parameter ¢ in Gaussian distribution) is 50 points. If the standard deviation is too
small, it is difficult to fit labels by deep learning. If the standard deviation is too large, the label resolution will be
insufficient, which will significantly affect the prediction accuracy. In our work, the training data sets contained
60,000 input-output pairs and the test data sets contained 10,000. The test data and the corresponding models
were not used in the training process. Loss functions during the training process are shown in Figure 3.
2.3. Real Data and Processing
To facilitate comparison, we applied our method to the real data from 38 broadband stations of CNDSN that J.
Li et al. (2019) used previously (Figure 8). The construction of RFs followed a typical procedure (e.g., Huang
etal., 2014, 2015; Zhu & Kanamori, 2000) and we used the RFs from J. Li et al. (2019) directly for better compar-
Table 2
Descriptions of Synthetic Models (Modified From J. Li et al., 2019)
Model description®
SYN# Model name Thickness (km) Vs (km/s) K S% Trend Plunge Direction  Dip
0 REF 40 3.6 1.75 0 0° 0° 0° 0°
1 DIP8 40 3.6 1.75 0 0° 0° 90° 8°
2 ANI8 40 3.6 1.75 8 0° 0° 0° 0°
3 PLG60 40 3.6 1.75 8 30° 60° 0° 0°
4 S_DIP_ANI 40 3.6 1.75 5 45° 0° 90° 5°
5 L_DIP_ANI 40 3.6 1.75 8 30° 0° 90° 10°
6 DIP_PLG 40 3.6 1.75 8 30° 45° 90° 10°
7 CPLX 20 3.6 1.75 8 15° 10° 240° 15°
20 3.6 1.75 10 30° 20° 290° 10°
8 RDSTR Same as SYN7 but using real RF distribution from station SZN.
2Anisotropy amplitude S% indicates the difference between fast and slow speeds relative to the average speed as a percentage;
trend of the fast axis is measured from the north on the horizontal plane (0—180°); plunge of the fast axis is measured from the
horizontal plane (—90-90°; positive and negative when the fast axis rotates clockwise and counter-clockwise, respectively);
dip of an interface is the angle of the plane with the horizontal plane (0-90° under the “right hand rule”); dip direction is
horizontal projection of the down-dip direction measured from the north, which is also equal to the strike of the plane plus
90° (0-360°). All mantle Versus = 4.5 km/s, mantle Vp = 8.1 km/s.
WANG ET AL. Sof 18
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Table 3
Errors of H-x, H-x-c, and Proposed Methods From Synthetic Tests"
Traditional H-x H-x-c¢ HkNet PSNR
SYN# Model name  dH (km) dx dH (km) dk dH (km) dx SSIM  (dB)
1 DIP8 -2.10 0.040 —-0.90 0.010 —0.10 0.008 /
2 ANI8 0.00 0.060 —0.10 0.010 —-0.70 —0.007 /
3 PLG60 0.00 —-0.050 0.00 —0.050 -0.50 —0.048 /
4 S_DIP_ANI —-0.60 0.020 —0.50 0.010 0.70 —0.006 /
5 L_DIP_ANI -3.10 0.110 —1.50 0.030 0.70 —0.013 /
6 DIP_PLG —2.50 0.020 —1.50 0.000 0.10 —0.028 /
7 CPLX —-3.50 0.110 —-1.60 0.030 0.10 0.017 /
8 RDSTR -3.90 0.120 —1.50 0.020 —1.50 0.007 0971 36.2
AVG (abs) / 1.96 0.066 0.95 0.020 0.55 0.017 0971 36.2

2All results are shown by the differences (dH and dx) from the input values of 40 km and 1.75, respectively. The minimum
errors of the three methods are in bold font.

isons. Earthquakes of M > 5 at epicentral distances from 30 to 95° were selected. All the vertical-component
waveforms were visually inspected for consistency by discarding noisy events. After that, we removed the mean
and linear trend in the waveform data and down-sampled them to 10 Hz. A band-pass filter from 0.05 to 2 Hz
was applied. We used three-component P-wave waveforms (30 s before direct P and 90 s after) to calculate the
RFs at each station using time-domain iterative deconvolution method (Juan Pablo & Charles, 1999). A Gaussian
low-pass filter (Gaussian parameter of 2.5) was applied to reduce the noise above ~1.2 Hz. For each station, all
RFs were sorted by BAZ and inspected to identify and remove poor RFs (with inconsistent waveforms or obvi-
ously wrong negative direct P pulses).

2.4. Simulated Realistic RFs

The real data contains noise and back-azimuthal distribution is uneven with gaps. Thus, the training data set
has to consider these factors. Otherwise, the trained network will not perform well for the real data. In the 5°
back-azimuthal bins, the 38 stations have 24 to 48 missing data gaps with the mean of 35 gaps in each station
among the total 73 bins, that is, the data gaps are about 33%—66% with the mean of 48%. Thus, in generating

Back azimuth(degree)
:0 50 100 1§0 200 250 390 3§00

Back azimuth(degree)
50 100 1§0 200 250 390 3§00

Back azimuth(degree)
50 100 1£|'>0 290 250 300 3§0

P C:) N N N | (@)
st F.@_.:_:::.__A_;_ i ::—'76 _A_:_____;::____;:®__A_.____A_‘.:__’:

Figure 5. A demonstration of the application of the DenoiseNet with synthetic data. The example is for SYN8 (Table 2). (a) Simulated realistic receiver functions
(RFs) (with added noise and realistic azimuthal distribution), (b) denoised RFs, and (c) synthetic ideal RFs (with full and uniform azimuthal distribution and without
noise). Inside the blue rectangles indicate regions where the back-azimuthal information is missing from the simulated realistic RFs. The red dashed lines mark the
main phases (directed P, Ps, M1, and M2) for references. Inside the green ellipses are the phases that should have existed, and these phases were indeed restored in the
denoised RFs. The purple ellipses are also missing parts of the simulated realistic RFs, but there is no phase after denoising because there was no seismic phase in the
synthetic ideal RFs.
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Table 4
Descriptions of Synthetic Models With Different Crustal Vp

Model description

SYN# Model name Thickness (km) Vp (km/s) K S% Trend Plunge Direction Dip

9 S_Vp 40 5.5 1.75 5 45° 0° 90° 5°
10 F_Vp 40 6.8 1.75 5 45° 0° 90° 5°
11 S_RDSTR Same as SYNO, but real RF distribution and noise from station AXX are used.
12 F_RDSTR Same as SYN11, but real RF distribution and noise from station AXX are used.

the simulated training set, we considered the real back-azimuthal distributions in two ways. One way is that set a
probability to remove the RF in any given bin. Another is set a probability to remove consecutive bins (3—6 bins)
at a random location. As a result, the missing rate of RFs is 30%—70% with the mean of 50% in our training set.
The noise we added to synthetic data were from the real data. First, within the time window of —5 to 45 s of each
RF, we removed the largest parts (first three parts with the positive and first two with the negative) of the absolute
amplitudes (shadowed parts in Figure 4), and consider the remainder to be noise. By performing this operation
on the RFs of different stations and different back-azimuthal angles, we obtained a noise data set. Then, these
noise points are randomly selected and added to the synthetic data points. Therefore, if there are small phases in
a single one noise data, for the 73 RFs of the entire station, their noise is basically irrelevant and has little effect
on the result.

3. Results
3.1. Synthetic Tests
3.1.1. Velocity Models of Different Complexities

We first tested models that have been studied before for H-k-c method (J. Li et al., 2019) (Table 2). These models
include one or two layers in the crust, different forms of anisotropy, different dipping interfaces, as well as ideal
and realistic back-azimuthal distributions.

To ensure a fair comparison with the H-x-¢ method, we skipped the first step of our method and directly used the
HkNet to predict H and « on the synthetic ideal RFs of models SYN1-7. For SYNS, which includes a real RF
back-azimuthal distribution, we first used the DenoiseNet to preprocess the simulated realistic RFs and then input
the denoised RFs into the HkNet to predict H and . The results of the tests are listed in Table 3.

As shown in Table 3, the error of H is reduced by 42.1% on average relative to the H-x-c method, and the error
of k is reduced by 15.0%. Note that for the H-kx and H-k-c methods, the dH values are systematically all nega-
tive for all models with dipping interface(s), as explained by J. Li et al. (2019). However, in our method, dH
and dk are both random, which is due to the method of deep learning itself. It is interesting that our results are
also better than those of the H-x and H-k-c methods for SYN7 and SYNS because these two velocity models

Table 5
Errors of Traditional H-x, H-x-c, and Proposed Methods From Synthetic Tests of Different Crustal Vp*

Traditional H-x H-x-c HkNet
PSNR

SYN# Model name dH(km) dx dH(km) dx dH(km) dx SSIM (dB)

9 S_Vp 6.00 0.000 6.0 —-0.010 0.10 —0.001 /
10 F_Vp —6.10 0.080 —6.50 0.120 0.10 —0.001 /
11 S_RDSTR 6.0 0.000 6.0 —-0.010 0.70 0.000 0.991 40.3
12 F_RDSTR —4.00 0.040 —4.00 0.030 0.70 —0.007 0.997 45.7
AVG (abs) / 5.50 0.033 5.63 0.043 0.40 0.002 0.994 43.0

2All results are given as differences (dH and dk) from the input values of 40 km and 1.75, respectively. The minimum errors
of the three methods are in bold font.
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Figure 6. Results from H-x and H-k-¢ methods for a synthetic model, using the H-k-c¢ package (J. Li et al., 2019). This
is a synthetic test example for the synthetic model with Vp = 6.8 km/s, H = 40.0 km, x = 1.75 (Table 4, SYN12). Panels
indicate harmonic fitting to the arrival times of (a) Ps, (b) M1, and (c) M2 in RFs and H-« stacking (d) before and (e) after
harmonic corrections. Panels (a—c) show the fitting curves with cos6 and cos20 functions, energy stacking maps of the grid
search for harmonic parameters, and the search results. The 99% contour is plotted in each energy map to show the empirical
uncertainty. The weightings of Ps, M1, and M2 for the H-« stacking are 0.7, 0.2, and 0.1 in the traditional H-x in panel (d)
and 0.5, 0.4, and 0.1 in the H-k-c after the harmonic corrections in panel (e), respectively. The obtained H and « values, their
errors, the error ellipse, and the input (crosses) are shown in the stack diagrams.
are different from our models in our training set, which have only one layer in the crust. On the other hand, in
SYN7 and SYNS, the anisotropy of 20 km in the upper half is different from the anisotropy of 20 km in the
bottom half, and the intra-crustal interface has different dip angles and directions. This shows that our deep
learning method has indeed learned to some extent the complex mapping relationship between the RFs and
predicted parameters.
We used subjective and objective methods to evaluate the results of the DenoiseNet. The subjective evaluation
used visual differences (such as main phases locations) to the naked eye in the image to analyze the effect of the
DenoiseNet. The objective evaluation used the structural similarity index (SSIM) and peak signal-to -noise ratio
(PSNR) (indices that are commonly used in image processing) to evaluate image quality (Z. Wang et al., 2004;
Welstead., 1999). The range of SSIM is —1 to 1. When two images are exactly the same, SSIM is equal to 1.
WANG ET AL. 8 of 18
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We can use this to evaluate the recovery of the main phases in the denoised RFs. The PSNR is used to evaluate
the effect of noise reduction. The larger the PSNR (ideally >30 dB), the better the effect of the noise reduction.
Examining the preprocessing results of SYNS8 (Figure 4), we can see that the missing data (in the blue rectangular
boxes; back-azimuthal angles of 50-100° and 210-280°) are re-constructed and the noise has been suppressed.
First, the main phases in the denoised RFs and synthetic ideal RFs at different back-azimuthal angles are essen-
tially the same (marked by the red dashed line), which indicates that the most important RF information is recog-
nized. Second, the denoised RFs contain the real phase information that appears in the synthetic ideal RFs but is
lacking in the simulated realistic RFs (green ellipses, Figure 4). Third, there are regions (purple ellipses) where no
seismic phase is observed in the simulated realistic RFs or the denoised data. This is because in the synthetic ideal
RFs, there is no seismic phase in the corresponding parts. The SSIM and PSNR values, which were 0.155 and
22.5 before the DenoiseNet, reached 0.971 and 36.2, respectively indicating that the DenoiseNet indeed denoised
the simulated realistic RFs and recovered the main information of the synthetic ideal RFs very well. Therefore,
the above results show that the DenoiseNet can not only reduce noise, but more importantly, it can determine the
correlation between the RFs of different back-azimuthal angles and correctly restore the missing information
based on existing information. This will greatly facilitate the subsequent processing of the RFs. Comparing the
final H and « results, we can see that our method is more stable than previous methods.
3.1.2. Models With Different P-Wave Velocities
In the H-x and H-x-c methods, the average Vp in the crust is set to 6.3 km/s. However, the real Vp in the crust
varies; its range is approximately 5.5-6.8 km/s, for example, from the global crustal reference model Crustl.0
(Laske et al., 2012). In our training set, the Vp in the crust of the velocity models is set at a wide range of
5.0-7.0 km/s, so our method can theoretically be adapted to different crustal Vp.
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Figure 7. Results from the proposed method in this study for the same synthetic model as in Figure 5. (a) Simulated realistic receiver functions (RFs), (b) denoised
RFs, and (c) synthetic ideal RFs from the SYN12 model. The red dashed lines mark the main phases. The results of our method (dl: deep learning) are shown in panels
(d and e). The red dashed lines, which mark the peaks of blue curves, represent the predicted H and x values. The blue curves are the output of HkNet, and their peak
values are the predicted H and k.
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We tested models of slow (SYN9, S_Vp) and fast (SYN10, F_Vp) crustal
P-wave velocities and with realistic noise and back-azimuthal distributions
(SYN11, S_RDSTR; SYN12, F_RDSTR) (Table 4). The results are listed
in Table 5. As an example, Figures 6 and 7 show the results obtained by
the H-k-c¢ and our methods for the SYN12 model, respectively. The H-k-c
method fits the trends of Ps, M1, and M2 with back-azimuthal angle well
(Figure 6). Compared with the traditional H-x method, the energy is much
more focused after the harmonic fitting, and the standard deviations are also
reduced greatly. However, the final results have large errors compared with
the true values (errors in H and « are 4 km and 0.030, respectively), simi-
lar to the errors from the traditional H-x method. On the other hand, our
method has much smaller errors of 0.70 km in H and —0.007 (Figure 7). This

Figure 8. Map of major blocks (block boundaries indicated by gray lines),

is because the H-k or H-k-c method assumes crustal Vp = 6.3 km/s, which
differs greatly from the Vp of the SYN9-12 models so that the wrong results
are obtained when calculating the theoretical phase arrival times. On average,

anfl dlstrlbl}tlon' of the 38 Chinese Nat101'1a1 Digital Seismic NetWQrk statlons the HkNet reduces the error of H by 92.9% and the error of k by 95.3% over
(triangles) in this study. The marked stations (red) are examples highlighted in

the main figures. Station AXX marked in blue is the one recording the noise

shown in Figure 4.

the H-k-c method. The tests clearly demonstrate that our method has strong
adaptability to different crustal Vp, even in extreme cases.

3.2. Application to Real Data

Figures 9 and 10 show the results of two representative stations at different locations (GZH and KMI,
respectively). Overall, the noise of the RFs was significantly suppressed, and the phase information was also
significantly enhanced. For the GZH station (Figure 9), the Ps, M1, and M2 phases in the original RFs are
relatively continuous and clear, which can be used to verify the validity of the re-constructed information. It
can be seen that the Ps, M1, and M2 phases in the denoised RFs agree very well with the original RFs, and
the continuity is greatly enhanced. The H and « predicted by the HkNet are 32.40 and 1.747, respectively,
which are close to the results of the H-x-c method (4 = 30.40, k = 1.710). The KMI station has more compli-
cated RFs (Figure 10). There is almost no obvious phase in the original RFs. Therefore, in this case, if the
H-x method is applied, the accuracy of the results will be greatly reduced. When applying the H-x-c method,
the search parameters must be very carefully selected; the results can only be considered reliable when the
correct time window is selected. After processing by the DenoiseNet, the Ps phase was recovered well, but it
seems that the other two phases could not be clearly distinguished. This may be due to the complexity of the
original data itself. The H and « predicted by the HkNet are 42.60 and 1.820, respectively, which are close
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Figure 9. Results of GZH station: (a) real receiver functions (RFs), (b) denoised RFs, and (c) H and (d) « predicted by the HkNet. The dashed lines mark the main
phases (green: Ps; orange: M1; red: M2). Obvious phases (Ps, M1, M2) in the denoised RFs can be seen at this station.
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Figure 10. Same as Figure 9 but for the KMI station. The green dashed line marks the Ps phases. Because the original receiver functions (RFs) of the KMI station are
too complicated, the phases cannot be clearly distinguished from the denoised RFs.

to the values obtained by J. Li et al. (2017) through joint inversion (H = 40.00, x = 1.790). The HkNet result
agrees better than the result from the H-x method (45.50 km, 1.680) and is comparable to the result from
the H-x-c¢ method (40.50 km, 1.740). It should be noted that the joint inversion mentioned above assumes
isotropic media, so the small discrepancy between the results from the joint inversion and the new method
is quite normal.

Figures 11 and 12 show the results of H and x at 38 CNDSN stations. The new results show general agreements
with the H-x-c results in both H and «. The crustal thickness H follows a well-known trend of gradual thinning
from west to east. The Tibetan Plateau, Tien Shan, Qilian Orogenic Belt, and Qinling—Dabie Orogenic Belt have
thicker crust and higher x, and the stable craton areas in eastern China have thinner crust but lower x. However,
there are also clear differences between the results of the two methods. Most of these 38 stations are concentrated
in eastern China. Our H is generally higher in these places. Part of the reason for this systematic deviation of H
may be that the average Vp of the crust is different. The average crustal Vp used in the H-x-¢ method is fixed at
6.3 km/s, but the real Vp is higher in the east. This will be discussed in detail in Section 4. There are also large
difference the x values at some stations. Compared with the H-k-c results, the new k values are more coherent
within the same tectonic blocks.

As an example, the biggest difference in H is the GOM station, where our result (73.9 km) is quite different from
that of the H-x-c method (62.0 km) by more than 10 km. Examining the original data carefully, we can see only a
small part of a vaguely continuous Ps phase in the RFs of the GOM station, and the other phases are completely
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Figure 11. Summary of HkNet results of crustal thickness (H) for the 38 Chinese National Digital Seismic Network stations, where the results for each station are color
coded within 2 degrees of the station: (a) H-x-c method, (b) HkNet, and (c) difference (HkNet results minus the H-k-c¢ method's) in H (dH).
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submerged in noise (Figure 13). After the DenoiseNet, the Ps phase is more clearly observable at approximately
9 s, which corresponds to H of approximately 70 km. Thus, the new result is likely more reliable.

The discrepancies above may be due to the complex geological environment in these places, which does not
match the assumptions of the H-x-c or our method. In such a complicated situation, for example, in cases of P
anisotropy and internal interfaces in crust, the synthetics discussed in the following section demonstrate that our
method is more reliable.

4. Discussion

The generalization of a deep learning method, that is, how widely the method can be used, is a major challenge
that restricts its application. To improve generalization, the preparation of the training set is a key step. For our
problem, if the training set is highly representative and the real situations can be completely covered by the
parameters of our velocity models, the generalization ability of our method will be greatly enhanced. In our
training set, the variation range of each parameter is listed in Table 1. Note if the complex crustal structure is
too different from the model in our training set (e.g., sedimentary basin of low-velocity, gradational Moho), our
proposed method may not be able to find the reliable results, which we have not tested out. However, examination
of a few stations at the edges of major basins shows reasonable agreements between the results from the H-x-c¢
method and the HkNet (Figure S8 in Supporting Information S1). The following subsections discuss the factors
that may affect the final result.
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Figure 13. Same as Figure 9 but for the GOM station: (a) real receiver functions (RFs), (b) denoised RFs, and (c) H and (d) « predicted by the HkNet.
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Figure 14. Trade-off between H and average Vp given the same Ps arrival time and . Any pair of H and Vp along the dark
blue curve (including the pairs highlighted by the yellow, red, and blue dashed lines) can result in the same Ps phase arrival
time of 5 s for the same « (1.750). Thus, if the real Vp is higher than that used in the H-x method, the obtained H from the H-x
method will be too low; otherwise, H will be too high.

4.1. Average Vp in Crust

As shown in Table 1, the crustal Vp varies randomly within 5.0-7.0 km/s, and « varies randomly within 1.6-1.9.
In the traditional H-x and H-kx-c methods, Vp needs to be given in advance and can be adjusted, but since we
don't know the real value of Vp, we usually assume the default average Vp is 6.3 km/s. When the real Vp does
not match this, the search results will be affected. Let us take the theoretical Ps time as an example to analyze the
error caused by the H-x method for different Vp. Figure 14 shows the calculated relationship between Vp and H
when the fixed theoretical Ps phase arrival time is 5 s, x is 1.75, and the ray parameter is 0.06. It can be seen that
when the H-x method is used for the grid search and when the average Vp changes from 5.5 to 6.8 km/s, the error
between the searched H and correct value reaches almost 8 km.

The simple calculations above show only the influence on the Ps phase. If multiple phases are considered, the
results are more complicated but are in the same trend as shown in the synthetic tests (Tables 4 and 5). For fast Vp
(SYN10 and SYN12, Table 4) (relative to the default value of 6.3 km/s in the H-x-¢ method), the H result from
the H-x or the H-«x-c method is indeed too low from the true vaue (Table 5). Our conclusion is also consistent
with previous studies (C. Li et al., 2014; Y. Li et al., 2014; Nair et al., 2006). The results from the new method
are more accurate in both H and «.

4.2. P Azimuthal Anisotropy

In the training set of our method, P anisotropy is not considered. The existence of P anisotropy will have a
significant impact on the arrival times of different seismic phases. To examine the influence of P anisotropy on
our method, we added different degrees of P anisotropy (5% P anisotropy to SYN13% and 10% P anisotropy to

Table 6
Errors of Synthetic Tests With P Azimuthal Anisotropy®

H-x-c HkNet

SYN# Model name dH(km) dx dH(km) dx SSIM PSNR (dB)

13 P5 1.00 —0.050 —0.60 —0.047 0.9970 45.70
14 P10 2.50 -0.110 0.30 —0.095 0.9966 45.00

aModel name indicates percentage of P azimuthal anisotropy (e.g., 5% in P5). All results are shown by the differences (dH
and dx) from the input values of 40 km and 1.75, respectively. The minimum errors of the three methods are in bold font.
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Table 7
Descriptions of the Multi-Layered Synthetic Models*
Model description
SYN# Model name Thickness (km) Vp (km/s) K S% Trend Plunge Direction  Dip
15 2_ANI 20 6.3 1.75 5 0° 0° 0° 0°
20 6.5 1.75 8 0° 0° 0° 0°
16 2_ANI_PLG 20 6.3 1.75 5 0° 10° 0° 0°
20 6.5 1.75 8 0° 20° 0° 0°
17 2_ANI_PLG_ 20 6.3 1.75 5 0° 10° 90° 6°
bIP 20 6.5 175 8 0° 200 9°  10°
18 3_ANI_PLG_ 20 6.3 1.75 5 0° 10° 90° 6°
bIP 20 6.5 175 8 0° 200 90° 8
20 6.8 1.75 8 0° 40° 90° 10°
2All models use real receiver function distribution from station AXX.
SYN14) to the basic REF model (SYN 0 in Table 2). The specific results are listed in Table 6. Once P anisotropy
exists, the overall image characteristics and time series of the RFs will change, causing the knowledge learned by
the network to be less applicable. It can be seen that as the P anisotropy increases, the errors of H and « gradually
increase. However, our errors are still smaller than those from the H-x-c method, especially for H. Note that the
presence of P azimuthal anisotropy reduces the k value, because the teleseismic wavefield arrives at the seismic
station at steep angle thus samples the relatively slow direction of the P wave (J. Li et al., 2019). If the distribu-
tion of the P anisotropy is known for a specific area, we believe we can make a targeted training set, which will
improve the accuracy of the HkNet results.
4.3. Multi-Layered Velocity Model
We assume that there is no internal structure in the crust of our training set. We set up several two-layered velocity
models of different complexities to test the prediction results of this method. The specific model parameters are
listed in Table 7, and the results are listed in Table 8. It can be seen that our method is much more stable than the
H-«k-c method for these models. The errors of H and k were reduced by 63.3% and 90.0%, respectively. It can be
seen that as the complexity of the velocity models increases, the errors of the HkNet and H-«-c results gradually
increase, but the HkNet is obviously more stable than the H-x-c method. Especially for x, its error is reduced by an
order of magnitude compared with the H-x-c¢ method. Therefore, part of the reason for the relatively large differ-
ence between the results of « in real data applications (above) may be that the crust stratification clearly exists in
the real earth. If models with different layers are added in generating the training set, the accuracy of HkNet will
be correspondingly improved.
Table 8
Errors of Multi-Layered Synthetic Test Results®
H-x-c HkNet
PSNR
SYN# Model name dH(km) dx dH(km) dx SSIM (dB)
15 2_ANI -0.9 0.020 0.70 0.000 0.993 425
16 2_ANI_PLG —-1.00 0.010 0.70 0.000 0.993 42.1
17 2_ANI_PLG_DIP —2.40 0.040 0.70 —0.006 0.993 42.6
18 3_ ANI_PLG_DIP -5.50 0.050 -1.5 0.006 0.985 39.7
AVG (abs) / 2.45 0.030 0.90 0.003 0.991 41.7
2All results are shown by the differences (dH and dk) from the input values of 40 km and 1.75, respectively. The minimum
errors of the three methods are in bold font.
WANG ET AL. 14 of 18

85U8017 SUOWIWOD 381D 3ol jdde aup Aq peusenob afe saoNe YO ‘@SN 0 Se|ni Joj Akeiq 18Ul JUO A8]IA UO (SUORIPUOD-PUB-SWRILIOD" A8 | IMARe.d 1 [pul [UO//SdNL) SUORIPUOD PUe SWie | 8u} 89S *[GZ02/E0/ET] Uo ARiqiTauliuo A8|Im 1y sioul||l JO AIsRAIUN Aq 76£208r2202/620T OT/I0p/ w00 A8 |mAReiq1putjuosqndnfe;/sduy Wwo.y pepeojumoa ‘9 ‘2202 ‘9566912



I Y ed N | . .
A\ Journal of Geophysical Research: Solid Earth 10.1029/2022JB023944
AND SPACE SCIENCE
Table 9
Descriptions of Synthetic Models With New Noise and Back-Azimuthal Distribution
Model description
SYN# Thickness (km) Vp (km/s) K S% Trend Plunge Direction Dip
REF 40 6.3 1.75 5 30° 0° 90° 8°
19 Same as REF, but use real RF distribution from station WMQ.
20 Same as REF, but use real RF distribution from station WUS.
21 Same as REF, but use real RF distribution from station WZH.
22 Same as REF, but use real RF distribution from station XAN.
23 Same as REF, but use real RF distribution from station XLT.
24 Same as REF, but use real RF distribution from station YCH.
4.4. Noise and Back-Azimuthal Distribution
Following the method of Section 2.4 to generate the noise data set, we used only 32 of the 38 stations, leaving out
6 stations (Table 9). The purpose is to test the generalization capability of our trained networks by excluding the
information from the data to be tested. These 6 stations were selected only because they are the last stations when
the station codes are ordered alphabetically. The results on these 6 stations are still very accurate (Table 10). The
average error of H is 0.97 km, that of x is 0.005, SSIM is 0.989, and PSNR is 40.8, indicating that our method has
excellent generalization with regards to the noise and back-azimuthal distribution. These results are similar to the
stations whose noise are used in generating noise data set.
We also tested the reliability of the results from our proposed method when the RFs are missing to various
degrees. We used synthetic models SYN1-7 except SYN3 in Table 2 for the tests. The reason for excluding
model SYN3 is that its « error is still very large even when all RFs are not missing (Table 3). We designed two
missing-coverage cases under the same level of SNR. The first is uniformly missing (missing ratios were 25%,
33%, 50%, 67%, 75%, 80%), and the second is consecutively missing (missing back-azimuthal RF coverages of
40°, 60°, 100°, 140°, 180°, and 240°). The examples of RFs in two cases are shown in Figure S9 in Supporting
Information S1. The average error of SYN models is shown in Figure S10 in Supporting Information S1. The
details of the errors are shown in Table S1 and S2 in Supporting Information S1.
Our proposed method can achieve stable results for RFs with varying degrees of uniform missing information,
even when the missing information reaches 80% (Figure S10a in Supporting Information S1). For the RFs with
consecutively missing information, the errors increase with the gap and increase rapidly when the gap is greater
Table 10
Errors of the Synthetic Tests in Table 9°
SSIM PSNR (dB)
SYN# dH(km) dx Before After Before After
REF 0.70 —0.006 / / / /
19 1.40 —0.006 0.377 0.992 23.2 41.8
20 1.30 —0.003 0.276 0.988 22.5 40.3
21 0.70 —0.006 0.244 0.982 22.6 38.5
22 1.30 —0.003 0.361 0.990 232 412
23 0.70 —0.006 0.417 0.990 23.6 40.8
24 0.70 —0.006 0.494 0.992 23.6 42.1
AVG (abs) 0.97 0.005 0.361 0.989 23.1 40.8
2All results are shown by the differences (dH and dx) from the input values of 40 km and 1.75, respectively. “Before” and
“After” represent before and after DenoiseNet processing, respectively.
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Figure 15. Crust thickness (H) predicted by HkNet for the WUS station: (a) real receiver functions (RFs), (b) denoised RFs, and (c) H predicted by HkNet. Obviously,
H has three peaks (red dashed lines: 32.80 km, 54.50 km, 70.30 km). Based on prior knowledge, we are more inclined to select 54.50 km as the final predicted value.

than 180° (Figure S10b in Supporting Information S1). Thus, limiting the back-azimuthal gaps in RFs to less than
90° as suggested by Riimpker et al. (2014) is a good rule of thumb in obtaining a result.

4.5. Prior Knowledge Constraints

Due to the “black box” nature of machine learning, we cannot quantitatively explain why the network obtained
certain results and cannot determine the errors of the results. The results of the HkNet are outputs in the form of
Gaussian distributions only because our labels are Gaussian, so the width of the Gaussian distribution does not
strictly represent the deviation, and its amplitude does not strictly represent the probability. However, combining
the data-driven approach and constraints from prior knowledge will significantly improve the accuracy of predic-
tions. For example, in the results of the WUS station, the crustal thickness predicted by the HkNet obviously
has three peaks (Figure 15): 32.8 km, 54.5 km, 70.3 km. This station is located at the edge of the Qaidam Basin,
and its crustal thickness should be approximately 50 km (Bao et al., 2015). In addition, the result from the H-x-c
method is 57 km, so we prefer choosing 54.5 km as the final result.

5. Conclusions

This paper proposes a method for automatically estimating H and k from RFs based on deep learning. The method
uses the powerful feature-mining capabilities of deep learning to automatically extract effective information
from complex RFs to achieve its goals. Our method considers different complex geological settings, including
different average crustal Vp, S anisotropy, and dipping interface(s). The method can not only identify the correct
phase information, but also find the correlations of RFs at different back-azimuths and restore certain missing
back-azimuthal information. An RF is essentially a time series consisting of different seismic phases, from which
a CNN network can mine high-dimensional information in the time domain and analyze the relationship between
seismic phases at different time points. As a by-product of this method, the DenoiseNet can be used for other data
preprocessing and the denoised receiver functions can be used for further structural inversions.

Compared with the traditional H-x or the recently developed H-k-c methods, the proposed method has higher
accuracy and more stable results, as demonstrated through extensive and systematic synthetic tests. Through the
verification of real data, we obtained results that are consistent with those of previous studies and appear more
coherent with geological settings. In addition, the method seems to have a strong generalization capability in
that it can be widely used in various geological settings to obtain reliable results. Furthermore, the trained model
can be used to obtain the estimated value within one second and does not need to adjust any parameters, so it is
extremely efficient and flexible in processing a large amount of RF data. The H-k-c method, on the other hand,
may need to adjust parameters carefully.
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