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SUMMARY
Seismic attenuation, generally quantified by the quality factor
Q, can cause additional amplitude decay and phase distortion
compared to the unattenuated waveforms propagated through a
lossless medium. Therefore, high-resolution Q model building
using seismic data normally requires accurate velocity model
to decouple the effects of attenuation and velocity. Recently
developed Q-interface imaging methods also suffer from such
dependence on the velocity model explicitly by assuming Q
interfaces are colocated with velocity interfaces, or implicitly
by assuming accurate unattenuated waveforms are available.
To alleviate such assumptions, we develop a novel Q-interface
imaging strategy, which mainly involves two stages for deriving Q-interface information in the data domain: (1) velocityindependent attenuated travel time estimation using filter-based
waveform inversion, and (2) piecewise linear regression for the
attenuated travel time function, which essentially provides the
high resolution of our method, even for the Q interfaces away
from any velocity interfaces. A synthetic example is tested to
demonstrate the performance of our method.

INTRODUCTION
Seismic intrinsic attenuation is generally related to underground
porous fluid movement and grain boundary friction. Hence,
high-resolution Q model building can be valuable for better interpretation of certain rock properties, such as fracture azimuth
(Clark et al., 2001; Maultzsch et al., 2007) and gas saturation
(Qi et al., 2017; Zhu et al., 2017). Current Q model building techniques mainly contain two types: Q tomography and
Q-FWI. Q tomography only utilizes abstract or “skeletonized”
(Dutta and Schuster, 2016) information of the recorded waveform, e.g., amplitude spectral ratio (Tonn, 1991; Shen et al.,
2018) or peak/centroid frequency shift (Quan and Harris, 1997;
Dutta and Schuster, 2016). By fitting these specific Q-sensitive
information of the waveforms, Q tomography can be robust
with respect to the influences from velocity or noise. However,
such robustness inevitably compromise the estimation resolution. Q-FWI, on the other hand, is trying to predict most,
if not all, of the recorded waveform information. To achieve
that, not only Q, but also velocity need to be inverted simultaneously. Hence, high-resolution Q model could be obtained
by Q-FWI (Kamei and Pratt, 2013; Wang et al., 2018) due to
the auxiliary velocity model updated along with Q model, and
vice versa. Nonetheless, Q-FWI requires tremendous computational cost, which is even higher than conventional FWI,
due to iteratively solving attenuated wave equation instead of
regular acoustic/elastic wave equation.
Different from tomography and FWI, migration or imaging
methods aim at recovering the model interface information. It

achieves satisfying balance between the robustness of tomography and sensitivity of FWI. In comparison with the abundant
researches about velocity-interface imaging, Q-interface imaging is rarely reported, partially because the physical reflections
generated by Q contrasts (essentially Q-introduced dispersive
velocity contrasts) are too weak to be separated from the overwhelming velocity reflections, and then to be directly used
to image Q-interfaces. Recently, some Q-interface imaging
methods have been proposed to circumvent the difficulty. Lin
et al. (2018) proposed a Q-factor imaging method based on
migration of instantaneous frequency. It essentially migrates
the estimation from velocity reflections in the data domain to
their corresponding velocity interface locations in the image
domain. Hence, it practically assumes that Q interfaces are
always colocated with velocity interfaces. Li et al. (2018) proposed another Q-interface imaging method using filter-based
waveform inversion for attenuation estimation. The Q-interface
information is essentially derived from comparing attenuation
effects of adjacent velocity-reflection wavepaths. The major
issue for Q estimation using filter-based waveform inversion is
the requirement of an accurate acoustic record, which can be
highly impractical.
To alleviate these assumptions, i.e., accurate acoustic record
and colocating of Q and velocity interfaces, we propose a new
Q-interface imaging method. The key part of this method
contains two sequential inversion processes. The first process
is a locally normalized waveform inversion based on shifted
forward Q filtering for kinematic correction and attenuation
estimation. It does not require the generated acoustic record
to be accurate, since the inversion can tolerate local amplitude
scaling and dynamic shifting. The second process is a piecewise linear regression on the inverted attenuation samples for
retrieving correct Q-interface positions and contrasts in the data
domain. It can locate Q interfaces away from any velocity interfaces. Through these two procedures, we can generate proper
virtual Q reflections, which are then fed to simple acoustic
reverse time migration (RTM) to image the Q interfaces.
The structure of this abstract is as follows: first, we introduce
attenuation estimation through filter-based waveform inversion;
second, we propose a piecewise linear regression on the previously estimated attenuated travel time samples for deriving
Q-interface information; third, we provide a synthetic example
to illustrate the procedures and demonstrate the performance
of our method.
FILTER-BASED WAVEFORM INVERSION
Based on constant Q (CQ) theory (Kjartansson, 1979), a forward Q filtering process that transforms the acoustic waveform
into the viscoacoustic waveform, can be expressed as follows
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(Li et al., 2018):
Z
Rv (t) =
R̃a (ω)exp{iω[ln(iω/ω0 )Ψ(t) + t]}dω,

(1)

The inversion can be generally expressed as follows:

where,

R̃a (ω) =
Ψ(t) =

Z

Ra (t)exp(−iωt)dω,

Z t
0

tan−1 (1/Q(τ))/πdτ,

(2)
(3)

i indicates the imaginary unit, t and ω denotes travel time and
angular frequency, respectively, ω0 is the reference angular frequency where no velocity dispersion occurs, Ra (t) and Rv (t)
represent the acoustic and viscoacoustic waveform, respectively, and Ψ(t) is an attenuation parameter
R similar to the attenuated travel time, which is defined as 0t Q(τ) −1 dτ ≈ πΨ(t)
(Cavalca and Fletcher, 2009; Cavalca et al., 2011).
If accurate Ra (t) can be effectively estimated, a linearized
waveform inversion for Ψ(t) can be established based on equation 1. Li et al. (2018) have shown that for near offset, Ψ(t)
should be approximately piecewise linear, and Ψ 00 (t) can represent the virtual Q reflectivity in the data domain. Therefore,
by convolving a source wavelet on Ψ 00 (t), the virtual Q reflections are composed and then utilized for imaging Q interfaces
through RTM.
In this study, we generate Ra (t) by convolving a reference
wavelet estimated from direct arrival of Rv (t), with roughly approximated velocity reflectivities picked at the envelope peaks
of Rv (t). Note that the whole process of generating Ra (t) is
purely data driven with no involvement of seismic velocity.
Naturally, Ra (t) generated in this way is not accurate, mainly
because the estimated velocity reflectivities, obtained by selecting peaks of Rv (t) envelope, are erroneous in terms of both
position and amplitude. In this case, the generated Ra (t) should
be a locally shifted and scaled version of the accurate Ra (t).
Therefore, it is necessary to develop the filter-based waveform
inversion to tolerate Ra (t) with unknown local scaling and
shifting.
To deal with unknown scaling, we perform local amplitude
normalization before calculating the data residual during the
inversion process. As for unknown shifting, we can revise the
forward Q filtering shown in equation 1 as follows:
Z
Rv (t) =
R̃a (ω)exp{iω[ln(iω/ω d )Ψ(t) + l (t) + t]}dω, (4)
where,

l (t) = ln(ω d /ω0 )Ψ(t) + l v (t),

pure phase rotation represented by l (t) and Ψ(t) respectively,
this shifted forward Q filtering shown in equation 4 can help us
handle unknown local shifts during attenuation estimation.

(5)

l (t) is the additional term representing dynamic time shift,
which includes two parts: (1) attenuation introduced time shift
due to the difference between the dominant frequency w d of
Ra (t), and the reference frequency w0 of Rv (t) (Guo and
McMechan, 2018); (2) the velocity error (here is temporal mispositioning of the estimated velocity reflectivity) introduced
time shift l v (t). Note that Ψ(t) in equation 4 now controls
pure phase rotation which is nonlinear with respect to ω inside
the exponential term. Hence, by separating pure time shift and

1
kN0 Fs (Ψ(t), l (t)) − Nv Rv (t)k22,
(Ψ(t),l(t)) 2
(6)
where Fs represents the shifted forward Q filtering shown in
equation 4, N0 and Nv indicate local windowing and normalizing operators for the predicted Rv (t) and true Rv (t), respectively, to deal with unknown scaling. Note that Fs is nonlinear
with respect to either Ψ(t) or l (t). So the inversion needs to
be linearized. Furthermore, since we can only fit Rv (t) where
Ra (t) is generated, i.e., at the velocity reflectivity positions
(VRPs), the models of Ψ(t) and l (t) are defined at these VRPs.
Linear interpolation and smoothing along time and offset are
employed as model preconditioning.
(Ψ(t), l (t)) = arg min

A variable projection philosophy is adopted to solve the optimization problem in equation 6. We first invert for l (t) given
Ψ(t) = 0; then we update VRPs and Ra (t) according to the
inverted l (t); after that, Ψ(t) can be inverted given l (t) = 0
based on updated VRPs and Ra (t). Although we only perform above procedure once here, such alternate steps could be
implemented for several rounds to achieve better fitting.
PIECEWISE LINEAR REGRESSION
After the filter-based waveform inversion, the inverted Ψ(t)
samples at VRPs can be used to perform piecewise linear regression. It is essentially another inversion process for turning
positions and local slopes, indicating Q-interface positions and
local attenuation intensity in the data domain, respectively.
The inversion process of piecewise linear regression is presented as follows:
1
(T, B) = arg min kPFl (T, B) − Ψs k22,
(T,B) 2

(7)

where, T and B denotes the turning positions and slopes for all
traces, P represents the sampling operator according to VRPs;
Fl indicates the operator of composing piecewise linear function along time given T and B (and zero initial condition), Ψs
are Ψ(t) samples at VRPs obtained from filter-based waveform
inversion.
After obtaining T and B from piecewise linear regression,
Ψ 00 (t) or virtual Q reflectivity can be stably calculated as
r (Tj ) = B j+1 − B j , in which j represents Q-interface index.
Note that the inverted T does not have to be at any VRPs,
indicating the piecewise linear regression has the potential to
recover the Q interface that is not colocated with any velocity
interface. By convolving the virtual Q reflectivity r with a
source wavelet, the virtual Q reflections are generated. Then
the Q-interface image is obtained through RTM fed by these
virtual Q reflections.
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SYNTHETIC EXAMPLE
To illustrate the process and demonstrate the performance of
our proposed Q-interface imaging method, a synthetic example based on velocity and Q models shown in Figure 1 is provided here. A low-velocity anomaly is present in the middle of the low-Q anomaly. Notice that the top boundary of
the low-Q anomaly is not consistent with any velocity interface. Rv (t) is synthesized by solving fractional-Laplacian wave
equation (Zhu and Harris, 2014) based on low-rank approximation (Fomel et al., 2013). The shots are activated at the
depth of 100 m and the distance from 200 to 1800 m with 20
m interval. The receivers are deployed at the depth of 50 m
and distance from 0 to 2000 m with 10 m interval. We use 25
Hz Ricker wavelet as source function, and the reference frequency for simulating Rv (t) is 1000 Hz. In Figure 2(a), the
viscoacoustic record (after muting first arrival) for shot No. 41
(at the distance of 1000 m) is displayed. Figure 2(b) and (c)
show the estimated reflectivity and the correspondingly generated Ra (t) in comparison with Rv (t) for trace No. 121 (at the
distance of 1200 m) from the shot gather shown in Figure 2(a).
Severe diffractions are visible in Rv (t) shown in Figure 2(a)
and (c). These diffractions can be seen as data noise for testing
the robustness of our method.
For the filter-based waveform inversion, we first invert for l (t)
with fixed Ψ(t) = 0. This step is to remove the unknown local shift l (t) caused by inaccurate VRPs shown in Figure 2(b).
Figure 3 shows Rv (t), comparing with initial Ra (t) before l (t)
inversion, and shifted Ra (t) after l (t) inversion, in both regular
view and windowed normalized view. The compared waveforms are from the same trace shown in Figure 2. Note that
the dynamically shifted Ra (t) becomes more consistent with
Rv (t), indicating success of our l (t) inversion process. Next,
we need to invert for Ψ(t) with fixed l (t) = 0 based on the
shifted Ra (t) and updated VRPs. The inverted Ψ(t) in zerooffset and selected near-offset common-shot gathers are shown
in Figure 4. It appears that the results have captured the low-Q
anomaly features in the data domain. Figure 5 shows the Rv (t),
comparing with shifted Ra (t) before Ψ(t) inversion, and filtered Ra (t) after Ψ(t) inversion, also in both regular view and
windowed normalized view. Notice that the filtered Ra (t) after
inversion can fit Rv (t) well in the windowed normalized view
(Figure 5(b)), even though their scale in regular view (Figure 5(a)) are quite different. Such observation demonstrates
that our inversion can handle unknown scaling introduced by
inaccurate amplitude of the estimated velocity reflectivity when
composing Ra (t).
For the piecewise linear regression, we first sample the inverted
Ψ(t) based on the updated VRPs, i.e., those window centers
shown in Figure 5(b). It is because these samples are reliably
inverted, whereas other parts along Ψ(t) are interpolated and
smoothed by preconditioning. Figure 6 shows the piecewise
linear regression result for shot No. 51, trace No. 101. It indicates that while fitting the samples, the regression successfully
finds the two turning positions (one is between two VRPs and
the other is colocated with a VRP), even though it starts from
a relatively poor initial guess. Through piecewise linear regression results, the finally composed virtual Q reflections in

zero-offset and selected near-offset common shot gathers are
shown in Figure 7. Feeding them to simple acoustic RTM,
the obtained final Q-interface image is shown in Figure 8. Although the illustration is limited due to missing large-offset
reflections, the interface positioning and polarity of the image
events are satisfying, including the top boundary of the low-Q
anomaly, which is not colocated with any velocity interface.
DISCUSSION
First, it is rather rare that a sharp Q change happens without velocity variation. However, the velocity contrast accompanying
the Q contrast could be small due to various underground situations. Consequently, the velocity reflection from the Q interface
position may be too small to be used for reliable attenuation
estimation depending on the data noise level. In this case, we
may effectively say that this Q interface is not colocated with
countable velocity interfaces. Furthermore, since the piecewise linear regression can tolerate some missing estimation
samples, it is possible to achieve high-resolution Q-interface
imaging by selecting only several well-behaved reflections in
the data domain to perform attenuation estimation.
Second, note that the filter-based waveform inversion is used
to estimate attenuation based on velocity reflectivity, whereas
non-stationary deconvolution is inverting for velocity reflectivity given attenuation along time. Hence, these two procedures
can be performed alternately to achieve better estimation for
both attenuation and velocity reflectivity.
Third, instead of generating Ra (t) by convolution, it is also
possible to generate Ra (t) using Born modeling. Although the
computational cost is much higher, Ra (t) from Born modeling
in our filter-based Q estimation can be helpful to update the
velocity model or image according to the inverted l v (t).
CONCLUSIONS
We have developed a new Q-interface imaging method. It can
handle inaccurate acoustic record with unknown local shifting
and scaling, through a filter-based waveform inversion process.
Additionally, by introducing a piecewise linear regression process for the inverted Ψ(t) samples, our method is able to locate
Q interfaces which might deviate from certain velocity interfaces. The synthetic example has demonstrated the advantages
of our method. Further research will be testing our method on
models with more complex structure and to real data application eventually.
ACKNOWLEDGMENTS
The authors would like to thank for the financial supports from
the EDB Petroleum Engineering Professorship, and the MOE
Tier-1 Grant R-302-000-165-133 and R-302-000-182-114. Dr.
Jizhong Yang also acknowledge the funding of Open Project
(Grant number: MGK1808) of the State Key Laboratory of
Marine Geology, Tongji University.

Q-interface imaging

Figure 1: (a) Velocity and (b) Q models for the synthetic
example. The black dashed box outlines the low-Q anomaly in
the velocity model.

Figure 5: Waveform comparison between Rv (t), shifted Ra (t)
before Ψ(t) inversion, and filtered Ra (t) after Ψ(t) inversion,
in both (a) regular view and (b) windowed normalized view.
The waveforms are from shot No. 41, trace No. 121.
Figure 2: (a) Viscoacoustic record for shot No. 41, in which
the red dashed line indicates trace No. 121; (b) normalized
velocity reflectivity directly estimated based on envelope peaks
of Rv (t) for trace No. 121; (c) waveform comparison between
Rv (t) and generated Ra (t) by convolving source wavelet (i.e.,
direct arrival of Rv (t)) on the velocity reflectivity shown in (b)
for trace No. 121.
Figure 6: Piecewise linear regression for shot No. 51, trace
No. 101. The green dots indicate turning positions, i.e., the Q
interface positions along travel time.

Figure 3: Waveform comparison between Rv (t), initial Ra (t)
before l (t) inversion, and shifted Ra (t) after l (t) inversion, in
both (a) regular view and (b) windowed normalized view. The
waveforms are from shot No. 41, trace No. 121.

Figure 4: Inverted Ψ(t) shown in (a) zero-offset gather, and
near-offset common shot gather for shot No. (b) 36 and (c) 51.

Figure 7: Generated virtual Q reflections shown in (a) zerooffset gather, and near-offset common shot gather for shot No.
(b) 36 and (c) 51.

Figure 8: (a) Q-interface image and (b) depth profile at the
distance of 1200 m. The red dashed lines indicate the reference
depth of the top and bottom boundaries of the low-Q anomaly,
which are 550 and 900 m respectively.

