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SUMMARY

Distributed acoustic sensing (DAS) acquisition is becoming more and more popular

for its dense sampling at a lower cost than seismometers. However, data processing

for DAS data is challenging, especially for surface-deployed fibers, in which only the

horizontal component of strain variation is effectively recorded. Also, the coupling

between the fiber and the Earth is usually poor and the recorded single-component

data are noisy. Thus, we introduce data processing strategies dedicated to enhancing

the ambient-noise and active-source seismic data recorded by a horizontally-deployed

tactical fiber optics cable buried in a sand dune area in Saudi Arabia. We propose

a similarity-weighted stacking of randomly selected short-time duration windows

to generate virtual common-shot-gathers (CSG) from the recorded ambient noise.

The similarity-weighted stacking only counts the primary contributions of coherent

events, while a short-time correlation can suppress the crosstalk usually present in

late arrivals. The stacking fold is preserved or even can be increased by generating

plenty of random time segments compared to stacking the full recording time. For the

recorded active-source data, we skip the interferometric step, but use the envelope

of the common-shot gathers. The envelope is needed to mitigate the complexity of

waveforms, while preserving the slopes of arrivals. Then, we use the wave-equation

based Rayleigh-wave dispersion-spectrum inversion, which utilizes all the dispersion

modes available and does not require picking the dispersion curve, in estimating the

shallow S-wave velocities. The local-crosscorrelation objective function allows for

additional freedom in matching the modeled and observed data, and thus, helps us

avoid falling into a local minimum when starting with kinematically-poor velocity

models.

Key words: Rayleigh waves, dispersion, near-surface, DAS
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Dispersion spectrum inversion 3

1 INTRODUCTION

The near-surface of the Earth plays a vital role in supporting the modern infrastructure

and in imaging the deep Earth. Using an invasive method such as boreholes, we can have

direct measurements of P- and S-wave velocities in the near-surface at a relatively high cost

and representing a limited region, the borehole location. Non-invasive methods, like seismic

surveys, can reduce the cost and increase the lateral resolution (Garofalo et al. 2016). However,

S-wave velocities in the soft soil area, such as sand dunes, tend to be extremely low, and

thus, requires a dense seismic array for better sampling. Besides, seismic data in the near-

source area can have low signal-to-noise ratios (SNR), which makes processing hard. Both

acquisition systems and processing algorithms need to be improved to address these issues.

Distributed acoustic sensing (DAS) involves using fiber optics to sense seismic signals, in which

multichannel array configurations can have a sub-meter channel sampling at a reasonable cost

(De Ridder et al. 2014; Daley et al. 2016; Becker et al. 2017; Lindsey et al. 2017; Shragge et al.

2019; Ajo-Franklin et al. 2019; Zhang et al. 2019; Shen et al. 2019). The gauge length, over

which the strain is being accumulated and resulting in an optical phase shift, links optics to

seismic wavefields. The longer the gauge length, the bigger the span of the effective measure

length (averaging) resulting in less resolution. Thus, the length should be shorter than half

of the desired wavelength; otherwise, the positive and negative strains will start canceling

each other. So the data we can use are strains along the fiber direction. Many successful

applications have deployed the fiber optic cable vertically, i.e., in a vertical borehole, to meet

the requirements of the widely used reflection-based data processing algorithms (Mateeva

et al. 2014; Daley et al. 2016; Yu et al. 2018; Lellouch et al. 2019). In a surface acquisition,

the recordable horizontal component cannot capture well the particle motion of reflected P-

waves but can record the horizontal component of the Rayleigh waves particle displacement.

Thus, surface-collected DAS data processing requires that the algorithm is adaptable to single

horizontal component data.

Seismic interferometry is a standard data processing tool to extract empirical Green’s

functions from the recorded ambient noise (Curtis et al. 2006; Kaslilar et al. 2013; Saygin &

Kennett 2019). Generally speaking, a reference trace is selected as the virtual source and is

correlated with the rest of the traces to form a virtual shot gather. In this case, the cross-

correlation process effectively cancels out the shared wave-path (travel time) from the source

of ambient noise recorded by the two sensors. It is thus more suitable for delineating di-

rect arrivals such as surface waves, whose wave-paths are largely overlapped. Bensen et al.

(2007) conducted a detailed study on the processing of ambient noise data. Dou et al. (2017)
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discussed the processing of DAS data for, e.g., calculating the dispersion spectra of surface

waves. They promote two main processing steps, one is to remove the instrumental response,

and another is to stack the common virtual-shot gathers. The former one is more or less a

standard procedure. However, the stacking approach can vary. Crosscorrelation itself can in-

troduce coherent artifacts such as acausal signals and the crosstalk between different arrivals.

Usually, increasing the stacking fold can suppress the random noise, but also introduce coher-

ent noise. Acausal and causal stacking can remove coherent acausal signals, which has been

discussed by Bensen et al. (2007). After obtaining high-quality common virtual-shot gathers,

we use wave-equation dispersion spectrum inversion to estimate S-wave velocities in the near-

surface (Zhang et al. 2016; Zhang & Alkhalifah 2019b). Differently from the ambient noise

data, active-source data does not require Green’s functions calculation using interferometry.

However, the strong noise usually present in recorded CSG limits our ability to process such

data under the elastic assumption. Taking its envelope can effectively reduce the complexity of

the waveforms in the data and make the recorded data applicable to an elastic wave-equation

based inversion algorithm (Wu et al. 2014; Kumagai et al. 2018).

Rayleigh waves recorded in land data, are usually taken as noise and removed in reflection-

favored data processing. However, surface waves are crucial for S-wave velocity estimation in

the near-surface. Rayleigh waves are sensitive to the absolute variations of S-wave veloci-

ties; where the depth sensitivity increases with an increasing signal period, and thus result

in different slopes (i.e., phase velocities) in the observed common-shot-gathers (CSG). These

slopes retain the kinematic information of Rayleigh waves, which can be better approximated

using elastic wave equations than the dynamic information (i.e., waveforms). The dispersion

of Rayleigh waves has been utilized to estimate velocity structures in the near-surface or the

deep-mantle (Xia et al. 1999; Park et al. 1999; Xia et al. 2007; Yang et al. 2008; Boaga et al.

2013; Zhang et al. 2016; Zheng & Hu 2017; Li et al. 2018; Zhang & Alkhalifah 2019b; Magrini

et al. 2020). Zhang & Alkhalifah (2019b) introduced a wave-equation Rayleigh wave dis-

persion spectrum inversion approach. The algorithm utilizes dispersion spectra as input data,

and thus, avoids picking explicit dispersion curves. The fundamental-mode, along with higher-

mode dispersion energy, are used to constrain the inverse problem. A linear Radon transform

is utilized to calculate the dispersion spectra. The linear-stacking operation in Radon trans-

form can enhance the coherent events, and thus, increase the signal-to-noise ratio, which is

essential for suppressing near-field noise present in land and shallow-water acquisitions. Full-

waveform inversion approaches have also been applied to solve the near-surface problem (Yuan

et al. 2015; Krampe et al. 2018; Anjom et al. 2019; Smith et al. 2019). The inverse problem
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Dispersion spectrum inversion 5

becomes highly nonlinear when using waveforms. Thus, it requires starting with either simple

waveform data (multiscale inversion) or kinematically-accurate initial models, which are not

always available in practice (Brossier et al. 2009). Compared to the complicated waveforms,

the dispersion spectrum preserves the important kinematic information (slopes of arrivals at

different frequencies) while reduces the complexity of the waveform. The wave equation dis-

persion spectrum inversion approach aims to match the slopes of surface waves at different

frequencies. The algorithm minimizes the negative effects of the erroneous source wavelet.

In this paper, we first introduce the similarity-weighted random stacking for empirical

Green’s function calculation, then we review the wave-equation Rayleigh-wave dispersion spec-

trum inversion method. An enveloped version of the dispersion spectrum inversion algorithm

is introduced to further reduce the complexity of active-source DAS data. Finally, we apply

the proposed method to ambient-noise and active-source DAS data collected in Saudi Arabia.

2 SIMILARITY-WEIGHTED RANDOM STACKING FOR GREEN’S

FUNCTIONS EXTRACTION

We’re introducing a random similarity-weighted stacking to improve the quality of calculated

Green’s functions. A long-term recording is randomly sliced into several short-term segments

(longer than the desired virtual recording time) to allow a small time-lag crosscorrelation.

The crosstalk between arrivals can be suppressed in this way and the stacking fold can be

increased using plenty of random segments. The similarity-weighted stacking preserves the

dominant coherent events and can increase the SNR of the stacked CSG.

The data were acquired 100 km east of Riyadh at Se’ed area (a picture of the data

acquisition is shown in Figure 1a). The fiber cable was buried along a 500 m long line into

a 15 cm trench. We use the ambient noise data, as shown in Figure 1b, to demonstrate the

proposed similarity-weighted random stacking. There are ten 30-second records available at

this site. A full-time crosscorrelation (30 s, causal part) and its f − v spectrum are shown

in Figures 2a and 2b, respectively. For imaging the near-surface of a limited area, we do not

need large time lags to generate common virtual-shot gathers. Besides, crosscorrelation with

large time lags can introduce the crosstalk between arrivals, which can be relatively strong

for the late arrivals. We, thus, randomly separate the 30-second records into 100 3-second

segments and apply a 3-second time-lag crosscorrelation, which is larger than the desired

virtual recording length (2 s). The stacking fold is increased by ten times compared to a full-

time crosscorrelation, but more importantly, it enhances the energy of the first 1.5 seconds

even further. The choice of optimal time segments has been discussed by Alajmi et al. (2016).
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Figure 2c and 2d show the stacked CSG and its f − v spectrum. The artifacts present in the

late arrivals are suppressed and the SNR is increased. To further reduce the random noise,

we apply a similarity-weighted stacking, which was used for conventional stacking (Liu et al.

2009). The stacking weights are calculated using a local crosscorrelation, which is given by

rw(p, s, x, t) =

∫ t+ 1
2
w

t− 1
2
w
u(p, s, x, t)û(s, x, t)dt′√∫ t+ 1

2
w

t− 1
2
w
u2(p, s, x, t)dt′

√∫ t+ 1
2
w

t− 1
2
w
û2(s, x, t)dt′

, (1)

where u(p, s, x, t) and û(s, x, t) are the separated and directly-stacked virtual-shot gathers,

respectively, and w is the length of the window. Index p denotes the randomly separated shot

gathers. In practice, the local-similarity is calculated by solving a least-square problem with

shaping regularizations (Fomel 2007).

The similarity-weighted summation is applied to virtual-shot gathers, as shown below:

ū(s, x, t) =

np∑
p=1

rw(p, s, x, t)u(p, s, x, t). (2)

As a quantitative measure of improvement, we use the SNR measure defined below to

roughly evaluate the signal (Grion & Mazzotti 1998):

SNR = 10 log10

(
σ21 − 1

N−1
∑N

n=2 σ
2
n

1
N−1

∑N
n=2 σ

2
n

)
, (3)

where σ denotes the singular values of stacked common shot gathers (after singular value

decomposition). N is the number of singular values.

The calculated similarity-weighted CSG and its f − v spectrum are shown in Figures 2e

and 2f, respectively. The CSG has the highest SNR (27.02) compared to the full-time stacking

(18.35) and the random short-time stacking (20.05). However, we also notice some acausal

events appearing in Figure 2e. These are caused by noise from the opposite direction and can

be suppressed by causal (positive time lag) and acausal (negative time lag) stacking, as shown

in Figure 2g (Bensen et al. 2007). Also, the dispersion spectrum, as shown in Figure 2h, is

improved: the strong fundamental mode and weak higher mode events are more continuous.

3 WAVE-EQUATION DISPERSION SPECTRUM INVERSION

We first use an example of processed data to illustrate the basic concept of the wave-equation

dispersion spectrum inversion. Figure 3a shows virtual-shot gathers after processing. The

Rayleigh waves, which have two primary cycles with different slopes (marked with dashed

lines), are dominant in the data. These surface waves are often considered as strong coher-
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Dispersion spectrum inversion 7

ent noise and removed in the regular data processing. In our proposed method, we utilize

the slopes of such events in estimating the S-wave velocities in the near-surface. Figure 3b is

the corresponding dispersion spectrum after applying the multiple channel analysis of surface

waves (MASW). Two main dispersion modes, including a strong fundamental mode and a

weak high-order mode, are observable in the spectrum. The existing surface wave dispersion

inversion methods often utilize picked dispersion curves (like the green dashed curve) to esti-

mate the S-wave velocities in the near-surface. However, picking such a dispersion curve adds

more uncertainties in the inversion and often ignores the weak high-order modes. Under the

framework of full-waveform inversion, we propose to use the dispersion spectrum (Figures 3b)

as the observed data for S-wave velocity estimation in the near-surface. The main benefits

of this approach are 1) avoiding picking the dispersion curves, 2) utilizing all the existing

dispersion modes and 3) easy-implementation by modifying the objective function and the

adjoint source used in conventional elastic FWI codes.

We use a local-crosscorrelation based objective function, which is given by (Zhang &

Alkhalifah 2019a)

φ(m) =
1

2

∫
s

∫
f

∫
f ′
W (f ′)C2

w(s,m, f, v, f ′)df ′dfds, (4)

where Cw(s,m, f, v, f ′) =

∫ f+1
2w

f− 1
2w
|Cp(s,m,f,v)||Co(s,f,v,f ′f)|df√∫ f+1

2w

f− 1
2w
|Cp(s,m,f,v)|2df

√∫ f+1
2w

f− 1
2w
|Co(s,f,v,f ′f)|2df

denotes the local-crosscorrelation

of predicted and observed f−v spectra. f ′ denotes frequency extensions.W (f ′) is a polynomial-

type weighting function, which satisfies the following boundary conditions:W |±f ′ = 0;W ′|±f ′ =

0;W |0 = 1;W ′|0 = 0. The dispersion spectrum (f−v) is calculated using a linear Radon trans-

form (Luo et al. 2008). After a temporal Fourier transform of the shot gather, a linear Radon

transform can be calculated for each temporal frequency component f as C(s,m, f, v) =∫ xmax
xmin

D(s,m, f, x)e−
i2πfx
v dx and its adjoint form is given byD(s,m, f, x) =

∫ vmax
vmin

C(s,m, f, v)e
i2πfx
v dv.

The gradient for the S-wave velocity updating with respect to the objective function can be

calculated by cross-correlating the forward-propagated source wavefield with the backward-

propagated adjoint-source (Plessix 2006; Zhang & Alkhalifah 2019b). The gradient for the

S-wave velocity updating with respect to the objective function is calculated using the chain

rule, given by ∂φ(m)
∂m = ∂φ(m)

∂dp(m)
∂dp(m)
∂m , where ∂φ(m)

∂dp(m) is the adjoint source and ∂dp(m)
∂m is the

Fréchet derivative. The adjoint source of the proposed objective function is then given by

Zhang & Alkhalifah (2019b):

∂φ(m)

∂dp(m)
= <

(
iFFT

(
AdjRadon

(
∂φ(m)

∂|Cp|
∂|Cp|
∂Cp

)))
(5)
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and

∂φ(m)
∂|Cp| =

∫
f ′W (f ′)Cw(s,m, f, v, f ′) (6)(

( |Co(s,f,v,f ′f)|√∫ t+1
2w

t− 1
2w
|Cp(s,m,f,v)|2df

√∫ f+1
2w

f− 1
2w
|Co(s,f,v,f ′f)|2df

−
|Cp(s,m,f,v)|

∫ f+1
2w

f− 1
2w
|Cp(s,m,f,v)||Co(s,f,v,f ′f)|df√∫ f+1

2w

f− 1
2w
|Cp(s,m,f,v)|2dt

3√∫ f+1
2w

f− 1
2w
|Co(s,f,v,f ′f)|df

)
df ′.

3.1 Wave-equation dispersion spectrum inversion for enveloped data

Envelope for an analytical signal can be calculated by using Hilbert transform, which is given

by

E(d(s,m, t, x)) =
√
d2(s,m, t, x) +H2(d(s,m, t, x)), (7)

where H(·) denotes the Hilbert transform. d(s,m, x, t) denotes the recorded seismic traces. t

and x are the time and location, respectively. In our application, we use E2(·) applied to the

waveform data as recommended by Wu et al. (2014).

After a temporal Fourier transform of the enveloped traces (FFT (E2(d(s,m, x, t)))),

the linear Radon transform can be calculated for each temporal frequency component f as

Ce(s,m, f, v) =
∫ xmax
xmin

De(s,m, f, x)e−
i2πfx
v dx and its adjoint form is given by De(s,m, f, x) =∫ vmax

vmin
Ce(s,m, f, v)e

i2πfx
v dv.

The objective function is the same as the one in our main text, which is given by

φe(m) =
1

2

∫
s

∫
f

∫
f ′
W (f ′)C2

ew(s,m, f, v, f ′)df ′dfds, (8)

where Cew(s,m, f, v, f ′) =

∫ f+1
2w

f− 1
2w
|Cpe (s,m,f,v)||Coe (s,m,f,v,f ′f)|df√∫ f+1

2w

f− 1
2w
|Cpe (s,m,f,v)|2df

√∫ f+1
2w

f− 1
2w
|Coe (s,m,f,v,f ′f)|2df

denotes the local-

crosscorrelation of predicted and observed f − v spectra for the common-shot-gathers with

envelop.

The gradient for the S-wave velocity should consider the adjoint-form of envelope, which

is given by the chain rule: ∂φe(m)
∂m = ∂φe(m)

∂E2(dp(m))
∂E2(dp(m))
∂dp(m)

∂dp(m)
∂m . From the derivations in the

main text, we use the envelope data residual, <
(
iFFT

(
AdjRadon

(
∂φ(m)
∂|Cp|

∂|Cp|
∂Cp

)))
, denoted

as R.

Inserting the adjoint form of the envelope (Wu et al. 2014), we can obtain the adjoint

source for the misfit with envelope (φe(m)):

∂φe(m)

∂dp(m)
= 2

(
Rdp(m)−H(Rdph(m))

)
, (9)

where dp(m) and dph(m) are the predicted data and its Hilbert transform. The explicit form

for the regular data residual, R, can be found in equations 5 and 6.
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Dispersion spectrum inversion 9

By cross-correlating the forward-propagated source wavefield with the backward-propagated

adjoint-source (equation 5 or 9) wavefield, we can obtain the gradient of the objective functions

(CSG or enveloped CSG). The inverse problem can be solved iteratively using the gradient-

based optimization methods such as the Limited-memory Broyden-Fletcher-Goldfarb-Shanno

(lBFGS) algorithm (Métivier et al. 2013).

4 AMBIENT NOISE DAS DATA

The passive data were acquired over night for two consecutive days by using intelligent dis-

tributed acoustic sensors (iDAS) (Parker et al. 2014). There were two iDAS units in the field,

one with a 3 m gauge length and another with a 10 m one. Considering the possible low

velocities in the shallow (150-160 m/s), we choose the data with a 3 m gauge length. The 3 m

unit was connected to a tactical (yellow) cable buried at 15 cm depth for better coupling with

the Earth. We first calculate the virtual-shot gathers using the similarity-weighted stacking

and then apply the wave-equation dispersion spectrum inversion. We use a stagger-grid finite-

difference scheme to solve the elastic wave equation numerically (Virieux 1986). A free-surface

boundary condition is applied to mimic the real acquisition (Levander 1988). The ambient

noise attenuates fast, and thus, only 20 shots (expected to be near the main noise source)

with a spread length of 180 m are selected for the inversion due to their comparably higher

quality. A total of 951 horizontal sensors with a spatial separation of 0.5 m are used. We apply

the phase correction by convolving the observed data with t−
1
2 (Pica et al. 1990). An example

observed data and its f − v spectrum are shown in Figures 4a and 4b, respectively. The two

dashed lines in Figure 4a indicate two main cycles of Rayleigh waves with different phase

velocities. They most probably correspond to the two dispersion modes, as shown in Figure

4b. As expected, the fundamental mode is stronger than the high-order mode. The initial

S-wave velocity (Figure 5a) is a linear-gradient decided by the minimum and maximum phase

velocities in the f−v spectrum (e.g., Figure 4b). The P-wave velocity and density models used

in the inversion are homogeneous (vp = 2.0 km/s and ρ = 1.6 g/cm3), which generally have

negligible influences on the S-wave velocity estimation (Xia et al. 1999; Zhang & Alkhalifah

2019b). The inverted S-wave velocity is shown in Figure 5b. The inverted velocity near the

surface is around 150 m/s (indicated by the arrows) and the thickness of the sand might be up

to 40 m as we compare the inverted results with those analyzed by Al-Shuhail et al. (2018). It

seems that this area does not have strong lateral heterogeneity, which is also in agreement with

the observed data (Figure 4a). To further validate the inverted S-wave velocity, we compare

the predicted data and the corresponding spectrum with the observed ones. Figures 6a and 6b
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are the predicted data and its spectrum using the initial S-wave velocity. Both the predicted

data and the dispersion spectrum are far from the observed ones. Figures 6c and 6d are the

predicted data and its spectrum using the estimated S-wave velocity, respectively. The slopes

of arrivals in the predicted data are close to those in the observed data and so is the dispersion

spectrum. The dashed lines mark the region of the observed dispersion spectrum. However,

there are remaining body waves in the predicted data (Figure 6c), which can prevent the data

matching since they do not exist in the observed data (Figure 4a).

5 ACTIVE-SOURCE DAS DATA

An active-source data set is also acquired along with the ambient-noise data using the same

iDAS line. The minimum frequency of the seismic vibrator is 20 Hz, and thus, the recorded

data, as shown in Figure 7a, have plenty of signals, including some acausal arrivals. The cor-

responding dispersion spectrum (Figure 7b) looks noisy and discontinuous, and thus, cannot

be applied to our proposed method directly. A modification to the objective function can

potentially solve this problem. Instead of using the raw data, we suggest using the envelope

of the data. The envelope proved itself as a good smoother of the data, effectively reducing

the frequency of the signal (Wu et al. 2014). Figures 7c and 7d are the enveloped seismic data

and the corresponding dispersion spectrum, respectively. The envelope can generate artificial

low-frequencies, which are dominant in the dispersion spectrum. Wu et al. (2014) proposed

to apply a bandpass filter to remove the low frequencies for seismic reflection applications. In

our proposed method, we utilize the transmission waves and thus can preserve the artificial

low-frequencies. The enveloped seismic data and its artificial low-frequencies dominate the

dispersion spectrum in Figures 8a and 8b, respectively. We can see differences in the spectra

between the field data and the data corresponding to the initial model (Figures 7d and 8b).

Figure 9a shows the same 1D linear-gradient model used as an initial model for inversion.

After 10-iteration updates, we obtain the inverted model, as shown in Figure 9b. The inverted

velocity has consistent features with the one estimated from the ambient-noise data, such as

the low-velocities in the very shallow area (indicated by the arrows). The vibrator source has

stronger energy than the recorded ambient noise, and thus, the inverted velocity using the ac-

tive source has a longer offset than the one from the ambient noise. To clarify their differences

and agreements, we plot the vertical profiles at X = 145 m, as shown in Figure 10, where

the ambient-noise and active-source acquisitions have illuminations. We use the same initial

model for these two inversions and obtain some agreements in the inverted velocities such

as the low-velocity zones marked by the black arrows. The predicted data and its dispersion
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Dispersion spectrum inversion 11

spectrum of the inverted model are shown in Figures 11a and 11b, respectively. The proposed

method ignores the ignition time of the source, and thus, we mainly compare the slopes of

arrivals, which represent the velocity. Although the enveloped seismic data are not aimed to

match each other, the slopes of dominant arrivals are close for the observed and predicted

data. Also, the dispersion spectrum of the inverted data is closer to the observed one. As

an optimization problem, the data matching history shown in Figure 12 shows the steady

convergence of the approach. A total of 60% of the data misfit was reduced. We do not expect

an exact fitting to the field data since some recordings such as noise are not reproducible.

6 DISCUSSIONS

DAS provides a cost-effective way to acquire seismic data in sand dune regions, where the low

P- and S-wave velocities require a dense receiver sampling. However, DAS can only record the

strain along the fiber direction, which is referred to as the horizontal component for surface

acquisition. Rayleigh waves can be well recorded while the reflection P-waves are suppressed

due to their different particle motions. The recorded horizontal-component of Rayleigh waves

turn out to be high-quality signals for S-wave velocity estimation in the near-surface. The

gauge length of DAS data controls the resolution of seismic data (Bakulin et al. 2018). A

smaller gauge length can resolve small-scale heterogeneities but usually has strong noise while

a larger gauge length reduces the resolution but increases the signal-to-noise ratio. The optimal

gauge length is case dependent and is still under discussion. We can use different gauge length

applied to the recorded fiber data for a different purpose.

The inverse algorithm measures differences between the predicted and the observed data in

a designated domain, e.g., the f−v representation of the raw waveform data or their envelopes.

We can represent waveform data in any domain that retains their key features (e.g., kinematic

information) and meanwhile reduces their complexities (e.g., exact waveforms) that are hardly

modeled by currently used solvers. Searching for an optimal data representation is ongoing

work. The f−v spectrum performs better than using the f−k spectrum (Solano et al. 2013) for

surface wave inversion. The phase velocities represented by the f−k spectrum are bounded by

the maximum and minimum wavenumbers, which are usually much larger than their physical

limits. The irregular sampling to the phase velocities in the f − k spectrum diminishes the

dispersion property. In other words, people usually pick the dispersion curves from the f − v

spectrum, not the f − k spectrum. Besides, the scanned velocities in the f − v spectrum have

physical boundaries, which might help handle the aliased data. The proposed method can be

applied to solving 3D problems using a 3D linear Radon transform. Considering the usually
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present topography in the land acquisition, adding an accurate irregular free surface to the

model is also necessary (Trinh et al. 2018).

7 CONCLUSIONS

The random selection, which is a kind of data augmentation, can increase the stacking fold, and

thus, the stacking signal-to-noise ratio. We combined that with a similarity-weighted stacking

to reduce the random noise after stacking, as well as, impose an acausal/causal stacking to

suppress the acausal events. Seismic envelopes are used to reduce the high nonlinearity of

the high-frequency active-source data. The wave-equation spectrum inversion adapts finely to

the single-component DAS data. It does not require the picking of dispersion curves from the

f − v spectrum and considers all the available dispersion modes. This full-waveform inversion

can be easily implemented by modifying the conventional elastic full-waveform inversion code.

One potential limitation of the proposed method on ambient-noise data is that the simulated

seismic data can produce body waves (such as P-waves), which is attenuated in the interfer-

ometric process. However, considering that body waves decay and travel faster than surface

waves, the proposed inversion algorithm is still valid with limited required data enhancements.
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8 LIST OF FIGURES

1 a) The geology map showing the target area marked by a red rectangle and b) example

ambient noise data recorded in this area. The area is surrounded by sand dunes and there is a

road nearby, which could be the main source of the ambient noise. The noise was attenuated

in far-offset.

2 Empirical Green’s functions and the corresponding dispersion spectra. Full time (30 s)

stacking (a and b); Random short-time (3 s) stacking (c and d); Random short-time (3 s)

similarity-weighted stacking (e and f) and random short-time (3 s) causal/acausal similarity-

weighted stacking (g and h).

3 An illustration depicting the wave-equation dispersion spectrum inversion algorithm.

a) Common shot gathers and b) its dispersion spectrum. The dashed line marks the possible

fundamental mode.

4 The observed data after preprocessing for inversion. a) Common shot gathers and

b) its dispersion spectrum. The dashed lines mark the dominant modes. The preprocessing

includes 3D to 2D phase and amplitude correction and frequency selection.

5 The S-wave velocity models for the ambient-noise data. a) The initial model and b)

the inverted model. The velocities at the surface are around 150 m/s (indicated by the black

arrows), which is expected in the sand.

6 The predicted data using the initial model (a, b) and the inverted model (c, d). a),

c) and b), d) are common shot gathers and their dispersion spectra, respectively. The dashed

lines mark the observed dominant modes.

7 High-frequency active-source data; a) raw shot gathers and b) its dispersion spectrum.

c) The enveloped seismic shot gather and d) its dispersion spectrum. The enveloped-data are

low-frequency dominated as expected. The dashed lines denote two main slopes observable

from arrivals, which are used as references to evaluate our inverted results.

8 The predicted data using the initial model. a) The enveloped common shot gathers and

b) its dispersion spectrum. Although the enveloped-data are dominated by low frequencies,

the differences in the dispersion spectra between the initial and observed data are apparent.

9 The S-wave velocity models for the active-source data. a) The initial model and b)

the inverted model. The inverted velocity model shows similar features to the one inverted

from the ambient-noise data, including the low velocities in the shallow area (indicated by the

black arrows).

10 The S-wave velocity profiles locate at X = 145.0m. The two inversions are conducted
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independently and have agreements in the low velocities in the shallow area (indicated by the

black arrows).

11 The predicted data using the inverted model. a) A common shot gathers and b) its

dispersion spectrum. The dashed lines mark the observed dominant modes. The dispersion

spectrum is close to the observed one and the slopes of the main arrivals are also matching.

12 Normalized data misfit versus iterations. A total of 60% reduction is reasonable for

field data applications.
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a)                       b)

Figure 1. a) The geology map showing the target area marked by a red rectangle and b) example

ambient noise data recorded in this area. The area is surrounded by sand dunes and there is a road

nearby, which could be the main source of the ambient noise. The noise was attenuated in far-offset.

[Reduced resolution for review only]
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SNR=18.35

SNR=20.05

SNR=27.02

SNR=23.52

a)                                      b)

c)                                      d)

e)                                      f)

g)                                      h)

Figure 2. Empirical Green’s functions and the corresponding dispersion spectra. Full time (30 s)

stacking (a and b); Random short-time (3 s) stacking (c and d); Random short-time (3 s) similarity-

weighted stacking (e and f) and random short-time (3 s) causal/acausal similarity-weighted stacking

(g and h). [Reduced resolution for review only]
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FFT
Radon

Vs estimation
in the near surface

a) b)

Figure 3. An illustration depicting the wave-equation dispersion spectrum inversion algorithm. a)

Common shot gathers and b) its dispersion spectrum. The dashed line marks the possible fundamental

mode.
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a) b)

--------------------------------

--------------------------------

Figure 4. The observed data after preprocessing for inversion. a) Common shot gathers and b) its

dispersion spectrum. The dashed lines and curves mark the dominant modes observed in the CSG

and its dispersion spectrum, respectively. The preprocessing includes 3D to 2D phase and amplitude

correction and frequency selection.
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a)

b)

⇈

Figure 5. The S-wave velocity models for the ambient-noise data. a) The initial model and b) the

inverted model. The velocities at the surface are around 150 m/s (indicated by the black arrows),

which is expected in the sand.
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a) b)

--------------------------------

--------------------------------

c)                                                                  d)

--------------------------------

--------------------------------

Figure 6. The predicted data using the initial model (a, b) and the inverted model (c, d). a), c) and

b), d) are common shot gathers and their dispersion spectra, respectively. The dashed lines mark the

observed dominant modes.

D
ow

nloaded from
 https://academ

ic.oup.com
/gji/advance-article-abstract/doi/10.1093/gji/ggaa211/5827639 by King Abdullah U

niversity of Science and Technology user on 07 M
ay 2020



Dispersion spectrum inversion 25

a) b)

c) d)

--------------
--------------

Figure 7. High-frequency active-source data; a) raw shot gathers and b) its dispersion spectrum.

c) The enveloped seismic shot gather and d) its dispersion spectrum. The enveloped-data are low-

frequency dominated as expected. The dashed lines denote two main slopes observable from arrivals,

which are used as references to evaluate our inverted results.
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a) b)

------------

-------------

Figure 8. The predicted data using the initial model. a) The enveloped common shot gathers and b)

its dispersion spectrum. Although the enveloped-data are dominated by low frequencies, the differences

in the dispersion spectra between the initial and observed data are apparent.
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a)

b)

⇈

Figure 9. The S-wave velocity models for the active-source data. a) The initial model and b) the in-

verted model. The inverted velocity model shows similar features to the one inverted from the ambient-

noise data, including the low velocities in the shallow area (indicated by the black arrows).
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Figure 10. The S-wave velocity profiles locate at X = 145.0 m. The two inversions are conducted

independently and have agreements in the low velocities in the shallow area (indicated by the black

arrows). The differences in the model resolution are due to the different frequency ranges of the

ambient-noise data and the active-source data.
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a)                                                         b)

------------

-------------

Figure 11. The predicted data using the inverted model. a) A common shot gathers and b) its

dispersion spectrum. The dashed lines mark the dominant arrivals with different slopes. The dispersion

spectrum is close to the observed one and the slopes of the main arrivals are also matching.
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Figure 12. Data matching history. A total of 60% of data mismatch got reduced.
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