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Dynamic deconvolution in the time-frequency domain is an effective method to improve seismic res-
olution. However, the traditional methods usually suffer from the limitation of window width and
shape, resulting in insufficient time-frequency resolution and phase distortion of seismic signatures,
which significantly limits their applicability in complex geological conditions. To overcome this prob-
lem, we propose an adaptive local frequency modulation transform (ALFMT), which is directly
embedded in the dynamic deconvolution method. ALFMT can dynamically adjust the shape of the
analysis window based on the adaptive local frequency information so that the time-frequency energy is
effectively focused near the local frequency, thereby improving the focusing and resolution of the time-
frequency representation. The synthetic examples and actual seismic application demonstrate that the
ALFMT-based dynamic deconvolution can effectively compensate for the seismic amplitude energy, and
the compensated data has a higher resolution and clearer reflection characteristics.

© 2025 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This

Time-frequency analysis method

is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

1. Introduction

High signal-to-noise ratio and high-resolution seismic data
play an important role in geo-energy exploration and geological
disaster forecasting (Xie et al., 2024; Zhang et al., 2024). However,
many factors such as, source excitation characteristics, strata ab-
sorption attenuation, and the attributes of receiving instruments,
usually lead to the significant reduction of seismic amplitude and
dominant frequency as well as the phase distortion, which in turn
causes a decrease of the resolution of acquired seismic data (Chen
et al.,, 2022, 2024; Ma et al., 2022). To compensate for the seismic
attenuation and improve the seismic data quality, a large amount
of seismic high-resolution processing methods, such as inverse Q-
filtering (Hargreaves and Calvert, 1991; Tu and Lu, 2009; Chen
et al., 2023), spectral whitening (Manenti et al., 2018; Wang
et al., 2025), and deconvolution (Gibson and Larner, 1984; Wang,
2022) are developed sequentially. Despite their demonstrated
effectiveness in improving seismic resolution in practical sce-
narios, these methods are constrained by intrinsic limitations. For
example, accurately estimating formation Q values remains a
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significant challenge in inverse Q filtering (Wang, 2006, 2004;
Zhou and Rao, 2018). Maintaining stability in amplitude recovery
remains challenging for spectral whitening (Naghadeh and Morley,
2017). Conventional deconvolution fails to account for the atten-
uation characteristics of the source wavelet during propagation
(Chen et al., 2013; Zhou et al., 2014; Du et al., 2021).

To account for amplitude attenuation and phase distortion due
to the viscoelastic and heterogeneous properties of the subsurface,
Margrave et al. developed and refined the Gabor deconvolution
method under the assumptions of minimum-phase wavelets and
white noise reflectivity (Margrave, 1998; Margrave et al., 2002,
2011). This method does not require deterministic Q-value esti-
mation and has been successfully applied in practical seismic data
processing. Nevertheless, the time-frequency characteristics of
seismic signals vary during propagation in complex subsurface
media, indicating their nonstationary nature. However, the fixed
window size in the Gabor transform results in limited time-
frequency resolution. In addition, it fails to address the errors
caused by phase distortion in nonstationary seismic records dur-
ing the transformation from the time-frequency domain back to
the time domain. Therefore, high-resolution time-frequency
analysis remains essential for obtaining detailed spectra of
nonstationary seismic signals.

With the growing demand for characterizing the nonstationary
features of seismic data in signal processing and interpretation, a

1995-8226/© 2025 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This is an open access article under the CC BY license (http://

creativecommons.org/licenses/by/4.0/).


http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
mailto:zongzhaoyun@upc.edu.cn
http://crossmark.crossref.org/dialog/?doi=10.1016/j.petsci.2025.11.048&domain=pdf
www.sciencedirect.com/science/journal/19958226
www.keaipublishing.com/en/journals/petroleum-science
https://doi.org/10.1016/j.petsci.2025.11.048
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

M.-M. Huang, Z.-Y. Zong, X.-]. Lian et al.

series of time-frequency analysis methods have emerged. These
include linear approaches such as the Gabor transform (Gabor,
1946; Li and Liu, 2018), short-time Fourier transform (STFT)
(Auger et al., 2012), continuous wavelet transform (CWT) (Mallat,
1989; Wang et al., 2017; Tian et al., 2022a, 2022b), S-transform (ST)
(Pinnegar and Mansinha, 2003; Lin, 2011; Wang et al., 2021), W-
transform (WT) (Wang, 2021; Luo and Zong, 2023; Wang et al.,
2024), bilinear time-frequency analysis methods such as Wigner-
Ville distribution (WVD) (Cohen, 1989), and adaptive decomposi-
tion time-frequency analysis methods such as matching pursuit
(Zhang et al., 2016; Zong et al., 2023; Li, 2024) and Hilbert-Huang
transform (Huang and Wu, 2008). These developments have
strongly advanced time-frequency analysis for nonstationary sig-
nals. Among them, the STFT performs local Fourier transforms on
the signal using a fixed window. Although computationally simple,
it struggles to balance time and frequency resolution. The CWT
constructs scale-based dynamic windows using a mother wavelet,
enabling multiscale and multiresolution analysis. However, its
frequency representation is not sufficiently intuitive, and it lacks
explicit phase information. On this basis, the ST incorporates
frequency-dependent windowing, combining the frequency
localization capability of the STFT with the multi-scale character-
istics of the CWT. Furthermore, the W-transform builds upon the
S-transform by introducing a smoothed instantaneous frequency
to modulate the window shape, effectively enhancing time reso-
lution at low frequencies.

However, the smoothed instantaneous frequency often suffers
from poor stability. It is also sensitive to boundary effects, which
may introduce non-physical values. These issues can lead to
incorrect compression or stretching of the window function. In
contrast, local frequency exhibits stronger noise resistance and can
more accurately characterize the attenuation features of seismic
waves. It is more sensitive to weak, attenuated signals, avoids the
zero-division problem, and offers a clearer physical interpretation.
Therefore, we propose an adaptive local frequency modulated
transform (ALFMT), which enhances time-frequency concentra-
tion and improves the detection of weak signals by introducing a
window shape adaptively modulated by local frequency. On this
basis, we further proposed a dynamic deconvolution method
based on ALFMT. This method integrates the high-resolution
capability of time-frequency analysis into a nonstationary convo-
lution model to better characterize time-varying seismic signals.
Finally, we demonstrate the validity and effectiveness of the pro-
posed method through numerical simulations and the processing
of field data.

2. Adaptive local frequency modulation transform

For any signal x(t), the continuous form of its short-time Fourier
transform can be expressed as:

STFT(z,f) = / " X(O)h(z — e, (1)

where i = v/—1 is the imaginary unit; z is the time shift factor; t
and f represent time and frequency, respectively; the window
function h(t) is as follows:

1

cV2n

[2
e 202,

h(t)= (2)

This method integrates the core ideas of S transform (Pinnegar
and Mansinha, 2003) and W transform (Wang, 2021), which
incorporate frequency and instantaneous frequency respectively
to regulate the window. By introducing adaptive local frequency
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fopt_1oc and frequency f dynamic adjustment of the width and

shape of the window function, the window function can adaptively
focus on the dominant frequency area of the signal and reduce the
(t=0)?

frequency diffusion phenomenon. Its expression is
2
:fopt,loc(T) + |Af(7)] e 2 {fopt,loc(fH fopt_toc (7)—f }
V2zmk ’
(3)

h(t.f;7)

where k is a scalar factor; f;; |0 is the local frequency.

Substituting the window function h(t,f;z) into the STFT can
obtain the adaptive local frequency modulation transform
(ALFMT), which is expressed as:

7) + |Af (7
ALEMT(e, ) :fopt,loc%c_ AT
x / i x(t)e_%[f"‘““‘”m+ forctoe(®) ]Ze*"z"ffclt.
B (4)
Theoretically, the inverse transform of the ALFMT is as
x(t) = / ” / ” ALFMT(z, f)e?¥tddf. (5)

To verify the ALFMT method’s reversibility, a multi-component
test signal is first constructed. In Fig. 1, the solid blue line denotes
the original signal, and the dashed red line that reconstructed via
the ALFMT method. From the figure, the original and reconstructed
signals show excellent consistency in waveform shape and
amplitude characteristics, indicating the ALFMT method has reli-
able reversibility. The signal’s mathematical expression is:

t

S=2 cos(2x(80t)) + (1 +0.5 cos(2t))e 10 cos(lOn(8t+ 6t2)
+O.3cos(t)) +(2+0.2 cos(t))sin(10x(5t + 0.3 cos(6t))).

(6)

3. Adaptive local frequency

Assuming that the seismic trace is a time function, the complex
trace x.(t) of the seismic trace is defined as follows (Taner et al.,
1979):

Xc(t) =x(t) + tH(x(1)), (7)
where H(x(t)) is the Hilbert transform of the actual seismic trace
x(t), and the complex seismic trace can also be expressed by
amplitude and instantaneous phase as

Amplitude

Original signal
— — — Reconstructed signal

T T T T
0.2 0.4 0.6 0.8 1.0

Time, s

Fig. 1. Original signal (blue solid line) and reconstructed signal (red dashed line).
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Fig. 2. Frequency characterization comparison in FM signal: (a) FM signal, (b)
instantaneous frequency after the sliding window smoothing, and (c) adaptive local
frequency and the ground-truth instantaneous frequency.
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Fig. 4. Frequency characterization comparison in FM signal: (a) FM signal, (b)
instantaneous frequency after the sliding window smoothing, and (c) adaptive local
frequency.
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Fig. 3. Time-frequency spectrum of FM signal in Fig. 1: (a) WT (0.09), (b) WT (0.4), (c) STFT (0.15), and (d) ALFMT (blue dashed line: adaptive local frequency).
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Fig. 5. Time-frequency spectrum of seismic signal in Fig. 3: (a) WT (0.09), (b) WT (0.3), (c) STFT (0.4), and (d) ALFMT (red solid line: local frequencies).
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Xe(t) =A(t)e”), (8)
where A(t) = \/x%(t) + h2(t) is the seismic trace envelope and
@(t) = arctan(H[s(t)] /s(t)) is the instantaneous phase

The instantaneous frequency f(t) is defined as the derivative of
the instantaneous phase ¢(t) (Barnes, 1992), that is:

1 1 m[xc’(t)] x(t)h’(t)fx’(t)h(t):n(t)

f(O) =540 =5- = T
2n 2n | Xc(b) 2 (Xz(t) + hZ(t)) d(t)
To facilitate numerical calculation, the time series is discretized
into vector form. Define the diagonal matrix D and vectors n and f,
that is:

(9)

d1 0 0 f1 nq
D=(0 d, O, f= fHl,n=|ny (10)
0 O
Write Eq. (10) in matrix form as
finse =D + &) 'm, (11)

where I is the identity matrix and ¢ is the damping term to avoid the
division by zero problem. Although this term cannot completely
stabilize the instantaneous frequency fj,; estimate, it can reduce its
sensitivity to noise and unstable factors (Fomel, 2007a).

The calculation of local frequency can be solved by the regu-
larization method of linear inversion, and the shaping
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signal (blue solid line) and ALFMT dynamic deconvolution results (red dashed line).

regularization operator S is introduced to enhance the stickiness
(Fomel, 2007b), which can be expressed as follows:
-1
S=(1+2K'K) (12)
where ¢ is the smoothing factor, K is the first-order difference
matrix, and the two jointly control the degree of smoothing of the
signal. Since ¢ is a constant, the smoothing scale is the same for the
global data. When large or small singular values appear, increasing
the smoothing scale will lead to over-smoothing of the reasonable
position of local calculation. For this reason, this paper uses data
energy to further construct a regularization operator as:
* -1

s :(I+§2PTP) : (13)
where P is the difference matrix based on the dynamic adjustment
of local energy as:

A2 @y,

Pi=
T @ Sy, =it
0, otherwise

j=i
(14)

where (A?); is the average energy in the i-th ample area, and the
local frequency is as
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Fig. 9. Absolute error analysis of compensation results (Q = 80): (a) Gabor dynamic deconvolution, (b) ALFMT dynamic deconvolution.
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Fig. 10. Comparison of the dynamic deconvolution effect on the non-stationary
synthetic seismic signal (Q = 40): (a) non-stationary signal, (b) stationary signal
(blue solid line) and Gabor dynamic deconvolution (red dashed line), and (c) sta-
tionary signal (blue solid line) and ALFMT dynamic deconvolution results (red dashed
line).

fioc = (/121+s* (D—AZI))AS*nA (15)

In addition, to prevent over-smoothing, this paper adjusts the
value of s according to the data energy in the local window,
changing 1 from a global constant to a local data adaptive function
(Huo, 2015) as follows:

A(t):\/%Z(xz(tHyz(t)) +e. (16)

Substituting the constructed 4 and shaping operator S" into Eq.
(15), we get the final calculation formula of the adaptive local
frequency as:

fopt_toc = (421+s* (Dfﬂl))*]s*n. (17)

4. Dynamic deconvolution based on ALFMT

Robinson (1967) proposed an important convolution model in
seismic exploration, and its time domain expression is as follows:

s(t)=w(t)*r(t) = /_co w(z)r(t —7)dr, (18)

where w(t) is the source wavelet and r(t) is the reflection coeffi-
cient. The Robinson stationary convolution model applies to the
propagation process of seismic waves without attenuation. To
more accurately describe the filtering effect of underground media
on the propagation process of seismic waves, Margrave proposed a
nonstationary convolution model (Margrave, 1998) in which the
wavelet changes with time, and the expression is as

so(t)= /_ ” /_ ” aq (7, f)r(x)e? =9 dedf, (19)

where r(t) is the reflection coefficient and aq (z,f) is the attenua-
tion function. According to the constant Q attenuation theory, the
attenuation function can be expressed as

aq(z.f) = e 1/Q+iH(nfz/Q) (20)

The frequency domain expression of the non-stationary
convolution model is as

S(f) =w(f) /_ ” aq (7, f)r(z)e 2 dx. (21)
After the inverse Fourier transform, we can get

st = [ w(f) ” a(u,f)r(u)e2"fudy| e tdf

~ [[#a.raedau

The expression obtained by adaptive local frequency modula-
tion transformation of the non-steady-state signal is:
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Fig. 11. Absolute error analysis of compensation results (Q = 40): (a) Gabor dynamic deconvolution, (b) ALFMT dynamic deconvolution.

Susnr(en) = [ s(Oh(E vio)e 2t (23)
Substituting Eq. (22) into Eq. (23), we can obtain

VALFMTS(Tvv):[m V w(Ha(u, f)rw)e>FEWdfdu | h(t, v, r)e 2™t dt

(24)
Integrating Eq. (24) with respect to t yields
VaLemTS (7, V) ://W(V— v—f)r(ue 2 S e 25 (£ df du.
(25)

Let f = v— f; then Eq. (25) is as

(@) 005 -
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o
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Fig. 12. Comparison of the dynamic deconvolution effect on the non-stationary
synthetic seismic signal (Q = 20): (a) non-stationary signal, (b) stationary signal
(blue solid line) and Gabor dynamic deconvolution (red dashed line), and (c) sta-
tionary signal (blue solid line) and ALFMT dynamic deconvolution results (red dashed
line).
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Varpmrs(z, v) = // W— v— fyr(u)e2ml-lue=2sicf b (f\df du.
(26)

Using Taylor series to expand the above formula and perform a
series of simplifications, we can get
VaLemts(z,v) = W(v)a(z,v)VaremrT (s, v), (27)
where Vi pmrs(t) and Vapmrr (s, v) are the adaptive local frequency
modulation transformed time-frequency values of the non-
stationary seismic signal s(t) and the reflection coefficient r(t),
respectively.

Based on Eq. (27), we proposed a dynamic deconvolution al-
gorithm based on the ALFMT. Assuming that the formation
reflection coefficient sequence is a random white noise with sta-
tistical characteristics, it can be considered that the main change
trend of nonstationary seismic records comes from the dynamic
wavelet. Then, the minimum phase hypothesis is introduced, and
the dynamic wavelet time-frequency spectrum can be expressed
as
W()a(r,v) ~ |Varemrs(z, v) e, (28)
where |Varpvrs(z,f)|hs 1S the smoothed nonstationary seismic re-
cord. This paper adopts the hyperbolic smoothing method pro-
posed by Margrave et al. (2011) to process the non-stationary
seismic record. The phase ¢(z,f) is as

olef)= [ Tmn

Next, the ALFMT spectrum of the reflection coefficient is esti-
mated according to the dynamic wavelet time-frequency spectrum
as

In [Varpmrs(z, f

)|hs df.

(29)

VaLemrs (7, f)
IVALEMTS (7, ) s + H#Amax

—lqo(rf)

VALEMTT (7, )est = (30)

where y is @ minimum value, and Apax is the maximum value of
[VaLemTS (7, f)|ns- This term is introduced to prevent division by zero
and reduce some jitter.

Finally, the reflection coefficient time-frequency spectrum is
subjected to an inverse ALFMT to obtain the formation reflection
coefficient, which is then convolved with a given seismic wavelet
to obtain the compensated seismic signal as follows:
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Fig. 13. Absolute error analysis of compensation results (Q = 20): (a) Gabor dynamic deconvolution, (b) ALFMT dynamic deconvolution.

Table 1
Pearson correlation coefficient comparison.

Gabor dynamic deconvolution ALFMT dynamic deconvolution

Q=80 7838% 92.4%

Q=40  85.4% 90.5%

Q=20 38.0% 89.8%
r(t) = Vatemr ' [VALEMIT(Dest), (31)
Xnew () =w(t)*r(t), (32)

where Va eyt '[-] is the inverse ALFMT, xpew(t) is the compen-
sated seismic record and w(t) is the given wavelet. Herein, a Ricker
wavelet with an appropriate dominant frequency is usually
adopted as the wavelet; in practical application scenarios, the
actual seismic wavelet can be further extracted from near-well
seismic traces to improve the formation adaptability of processes
such as deconvolution.

5. Numerical results
5.1. Synthetic data test of ALFMT
We first designed a nonlinear frequency modulation signal to

verify the feasibility of the ALFMT. The expression of this signal is
as
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Fig. 15. Seismic profile non-attenuated Marmousi I model.

S=0.6 sin(2x(120t + 2.5 sin(201))). (33)

The signal’s sampling time and sampling frequency are 1 s and
1000 Hz, respectively. Fig. 2(a)-(c) shows the input signal, the
instantaneous frequency smoothed using a sliding window, the
adaptive local frequency obtained through the proposed method,
and the ground-truth instantaneous frequency. The frequency
value is relatively accurate when the window width is 0.09 s, but
the phase has an apparent deviation. When the window width is
0.4 s, it cannot reflect the accurate frequency (see Fig. 2(b)). The
adaptive local frequency remains unaffected by the time window,
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Fig. 14. Anti-noise performance test of ALFMT dynamic deconvolution on non-stationary synthetic seismic signal (Q = 40): (a) non-stationary signal (noise intensity = 0.3), (b)
stationary signal (blue solid line) and ALFMT dynamic deconvolution (red dashed line) (noise intensity = 0.3), (c) non-stationary signal (noise intensity = 0.5), (d) stationary signal
(blue solid line) and ALFMT dynamic deconvolution (red dashed line) (noise intensity = 0.5).
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Fig. 16. Comparison of the dynamic deconvolution results for the Marmousi Il model:
(a) attenuated seismic profile (Q = 60), (b) Gabor dynamic deconvolution compen-
sation, and (¢) ALFMT dynamic deconvolution compensation.

and it can basically conform to the ground-truth instantaneous
frequency (see Fig. 2(c)).

Fig. 3(a) and (b) shows that the time-frequency spectrum ob-
tained by the W transform is not concentrated enough due to the
influence of instantaneous frequency. The time-frequency spec-
trum obtained by short-time Fourier transform also has poor en-
ergy concentration (see Fig. 3(c)). However, through adaptive local
frequency modulation, the time-frequency spectrum obtained by
ALFMT exhibits enhanced energy concentration and more accurate
frequency localization. The blue dashed line represents the adap-
tive local frequency, and the time-frequency distribution obtained
by the method we proposed can match it well (see Fig. 3(d)).

In addition, a synthetic seismic record consisting of six Ricker
wavelets was generated, with dominant frequencies of 20, 10, 20,
30, 20, and 30 Hz. The signal was sampled at 1000 Hz over a 2 s
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Table 2
Structural similarity Index (SSIM) comparison.

Gabor dynamic deconvolution ALF-WT dynamic deconvolution

Q=60 82.5% 88.5%
Q=45 80.4% 86.5%
Q=30 73.8% 82.3%
Variable-Q 81.5% 86.2%

duration. Fig. 4(a)-(c) illustrates the input signal, the instanta-
neous frequency smoothed using a sliding window, and the
adaptive local frequency obtained through the proposed method.
When the window width is 0.09 s, there are significant outliers in
the instantaneous frequency; however, at a window width of 0.3 s,
excessive smoothing fails to accurately reflect the frequency (see
Fig. 4(b)). The estimated adaptive local frequency accurately cap-
tures the time-varying frequency content of the signal (see
Fig. 4(c)).

As shown in Fig. 5(a), (b), and (d), the ALFMT produces a time-
frequency spectrum with more concentrated energy and signifi-
cantly improved time resolution, enabled by adaptive local fre-
quency modulation, compared to the WT. The red solid line in
Fig. 5(d), which represents the adaptive local frequency, also
confirms this point. However, the time-frequency spectrum of the
STFT (see Fig. 5(c)) exhibits limited energy concentration, leading
to poor time resolution.

Finally, the proposed ALFMT was applied to real single-channel
seismic data acquired from a field area, with a sampling rate of
500 Hz and a recording duration of 2.4 s (see Fig. 6(a)). A window
width of 0.04 s provides high time resolution and captures the
local variations in instantaneous frequency but introduces singu-
larities due to insufficient smoothing. In contrast, a window width
of 0.4 s results in excessive smoothing, which fails to accurately
resolve the instantaneous frequency (see Fig. 6(b)). The adaptive
local frequency method effectively captures local frequency char-
acteristics and is free from fixed window-size constraints (see
Fig. 6(c)).

The WT-based time-frequency spectra shown in Fig. 7(a) and
(b) are highly sensitive to variations in instantaneous frequency,
resulting in reduced energy concentration. When a small win-
dow width is used, the resulting time-frequency spectrum ex-
hibits singularities due to those present in the instantaneous
frequency. In contrast, a large window width leads to insuffi-
cient temporal resolution. As shown in Fig. 7(d), the ALFMT
achieves enhanced energy concentration in the time-frequency
spectrum, particularly in the low-frequency range. It provides
significantly better time resolution than the WT, owing to the
guidance of adaptive instantaneous frequency. The time-
frequency representation produced by the STFT (see Fig. 7(c))
exhibits poor energy concentration, leading to reduced time
resolution.

5.2. Synthetic data test of dynamic deconvolution based on ALFMT

To verify the correctness and feasibility of dynamic deconvo-
lution based on ALFMT, we synthesized a single-channel seismic
signal using convolution theory and conducted corresponding
processing and effect analysis. The synthetic seismic signal has a
sampling frequency of 500 Hz and a record length of 1 s. A
minimum-phase wavelet with a dominant frequency of 30 Hz is
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Fig. 17. Residual comparison between attenuation-compensated and original profiles (Q = 60): (a) Gabor dynamic deconvolution residual profile, (b) ALFMT dynamic decon-

volution residual profile.
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Fig. 18. Comparison of (a) original time-frequency spectrum of the trace 102 seismic signal with Q = 60 and (b) compensated spectrum generated by ALFMT dynamic

deconvolution.

used, and the reflectivity series is modeled as Gaussian white
noise. We select the quality factor parameter Q as 80 when syn-
thesizing non-stationary seismic signals (see Fig. 8(a)). Gabor dy-
namic deconvolution and ALMT dynamic deconvolution are used
to compensate for the non-stationary synthetic records (see
Fig. 8(b) and (c)). A comparison of the results indicates that the
ALFMT-based deconvolution compensation yields better phase
and amplitude alignment than the Gabor-based approach. The
absolute error between the non-attenuated and compensated data
is computed (see Fig. 9). The error distribution shows that our
proposed method achieves errors within +0.5, outperforming the
Gabor dynamic deconvolution.

The quality factor is further adjusted to 40, and these two
methods compensate for it. A comparison of Fig. 10(b) and (c)
indicates that the Gabor-based compensation exhibits inferior
performance. At the same time, our method can still accurately
match the stationary seismic signal. The absolute error distribu-
tion at this stage indicates that the proposed method produces
notably lower errors than the Gabor dynamic deconvolution (see
Fig. 11).

The quality factor is adjusted to 20, and the two dynamic
deconvolutions compensate for the non-stationary seismic
signal. A comparison of Fig. 12(b) and (c) shows that although

1242

Gabor dynamic deconvolution compensates for the amplitude,
the phase is poorly recovered, resulting in larger compensation
errors. The ALFMT dynamic deconvolution results can still
match the stationary seismic signals well in phase and ampli-
tude. Even under low Q conditions, the proposed method
effectively compensates for nonstationary seismic signals,
maintaining the error within 4+0.5. In comparison, the Gabor
dynamic deconvolution exhibits significantly higher errors (see
Fig. 13).

Subsequently, by calculating the Pearson correlation coeffi-
cient between the compensated signal and the stationary
synthetic seismic record, the effectiveness of the ALFMT dy-
namic deconvolution method in attenuation compensation is
further verified. By comparing the data in Table 1 reveals that
the proposed method yields more significant compensation
effects at lower Q values, thereby demonstrating greater
superiority.

Finally, to further verify the anti-noise performance of the
proposed method, 30% and 50% noise were added to the non-
stationary signal, respectively, under the condition of quality
factor Q = 40. As can be observed from Fig. 14, the ALFMT dy-
namic deconvolution can still effectively compensate for the
signal.
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Fig.19. Comparison of the dynamic deconvolution results for the Marmousi Il model:
(a) attenuated seismic profile (Q = 45), (b) Gabor dynamic deconvolution compen-
sation, and (¢) ALFMT dynamic deconvolution compensation.
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5.3. Marmousi model test of dynamic deconvolution based on
ALFMT

To further evaluate the performance of the ALFMT-based dy-
namic deconvolution on attenuated signals, seismic data from the
Marmousi II model were selected for analysis. The model has
highly non-stationary geological characteristics and abundant
reflection events. Substantial impedance changes caused by
various complex geological structures, such as faults, folds, un-
conformities, salt domes, and lenses, mask weak reflection signals.
The model contains both high-frequency sharp features and low-
frequency trends, imposing stringent requirements on the spec-
tral recovery capability of the compensation deconvolution algo-
rithm. The data consisted of 400 channels, each with a record
length of 1 s and a sampling frequency of 500 Hz. The Ricker
wavelet with a central frequency of 30 Hz is selected as the initial
seismic wavelet. It is synthesized with the reflection coefficient
chosen model to form a non-attenuated seismic profile (see
Fig. 15).

The quality factor Q is set to 60, and the attenuation seismic
record is synthesized (see Fig. 16(a)). The data is compensated
using Gabor dynamic deconvolution and ALFMT dynamic decon-
volution (see Fig. 16(b) and (c)). Comparing the compensation
results shows that ALFMT dynamic deconvolution more accurately
restores subsurface reflection structure, recovers energy lost due
to absorption attenuation, and preserves amplitude and energy
consistency across both deep and shallow strata. The structural
similarity index (SSIM) values of the unattenuated data and the
compensated data are calculated (see Table 2). The proposed
method achieves 88.5%, whereas the Gabor dynamic deconvolu-
tion yields only 82.5%. By comparing the residual analysis between
the compensated profiles of the two methods and the original
unattenuated profile, it can be clearly observed that the proposed
method exhibits smaller residual amplitudes (see Fig. 17(a) and
(b)). A comparison of the time-frequency spectrum of the 102nd
seismic signal before and after attenuation (see Fig. 18(a) and (b))
shows that the energy lost by attenuation has been restored, and
the frequency band has been appropriately widened.

The quality factor Q is adjusted to 45, and the attenuated
seismic record is synthesized (see Fig. 19(a)). Comparison of the
compensation results in Fig. 19(b) and (c) shows that under more
severe attenuation, significant energy diffusion occurs in the
Gabor dynamic deconvolution result, leading to blurred
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Fig. 20. Residual comparison between attenuation-compensated and original profiles (Q = 45): (a) Gabor dynamic deconvolution residual profile, (b) ALFMT dynamic decon-

volution residual profile.
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Fig. 21. Comparison of (a) original time-frequency spectrum of the trace 102 seismic signal with Q = 45 and (b) compensated spectrum generated by ALFMT dynamic

deconvolution.
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Fig. 22. Comparison of the dynamic deconvolution results for the Marmousi Il model:

(a) attenuated seismic profile (Q = 30), (b) Gabor dynamic deconvolution compen-
sation, and (c) ALFMT dynamic deconvolution compensation.
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boundaries between adjacent reflection layers. ALFMT dynamic
deconvolution effectively restores subsurface reflection interfaces,
compensates for high-frequency energy loss due to absorption,
and maintains overall consistency of reflection energy and
amplitude across both shallow and deep layers. The proposed
method’s SSIM value reaches 86.5%, while Gabor dynamic decon-
volution achieves only 80.4% (see Table 2). The residual profile
comparison further validates the effectiveness of our method (see
Fig. 20(a) and (b)). Fig. 21(a) and (b) shows the time-frequency
spectrum comparison of the 102nd seismic signal before and af-
ter attenuation. The result shows that dynamic deconvolution
recovers the energy lost due to attenuation and expands the
bandwidth to a certain extent.

Finally, the quality factor Q is adjusted to 30, and the atten-
uated seismic record is synthesized (see Fig. 22 (a)). A compar-
ison of Fig. 22(b) and (c) shows that, even under severe
attenuation, ALFMT dynamic deconvolution effectively restores
subsurface reflection interfaces with an amplitude spectrum
consistent with that of the non-attenuated seismic profile.
However, the formation recognition of Gabor dynamic decon-
volution results is reduced, and reflection overlap occurs. The
SSIM values of the unattenuated data and the compensated data
are calculated (see Table 2). The proposed method achieves
82.3%, while the Gabor dynamic deconvolution method achieves
only 73.8%. The residual profile comparison reveals that the
proposed method maintains lower residual amplitudes
compared to the Gabor dynamic deconvolution results (see
Fig. 23(a) and (b)). By comparing the time-frequency spectra of
the 102nd seismic signal before and after attenuation (see
Fig. 24(a) and (b)), it can be seen that the energy loss caused
by attenuation is still effectively compensated.

Considering the spatial variability of the actual formation
quality factor (Q-value), the effectiveness of the proposed method
in the variable-Q model was further verified. Specific parameter
settings are as follows: within the time window of 0-0.4 s, the Q-
value is set to 20; 0.4-0.8 s, the Q-value is 40; and 0.8-1 s, the Q-
value is 60. Two methods were respectively applied to perform
compensation processing on the attenuated seismic section (see
Fig. 25), and the corresponding residual sections were con-
structed (see Fig. 26). In addition, quantitative evaluation was
conducted by calculating the SSIM between the unattenuated data
and the compensated data (see Table 2). The results show that the
SSIM value of the proposed ALFMT dynamic deconvolution is
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Fig. 23. Residual comparison between attenuation-compensated and original profiles (Q = 30): (a) Gabor dynamic deconvolution residual profile, (b) ALFMT dynamic decon-

volution residual profile.
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Fig. 24. Comparison of (a) original time-frequency spectrum of the trace 102 seismic signal with Q = 30 and (b) compensated spectrum generated by ALFMT dynamic

deconvolution.

86.2%, while that of the Gabor dynamic deconvolution is 81.4%.
Comprehensive analysis indicates that the ALFMT dynamic
deconvolution can still achieve excellent compensation perfor-
mance in the variable-Q model, which is more in line with the
requirements of practical geological applications.

5.4. Actual seismic data processing of dynamic deconvolution
based on ALFMT

Finally, the ALFMT deconvolution is used to process the deep
seismic data of a particular work area in western China. The data
contains 401 channels, each with a sampling time of 1 s and a
sampling frequency of 500 Hz (see Fig. 27(a)). The region has a
complex structure, with developed faults and thin interlayers. The
deep energy and frequency attenuation are significant, and the
phase axis energy is weakened, resulting in a disappearance of the
horizon.

After applying Gabor dynamic deconvolution to the data (see
Fig. 27(b)), the energy of the thin-layer event axis is enhanced.
However, due to the inaccurate phase of the reflection coefficients,
the resulting profile lacks structural continuity, appears disor-
dered, and fails to preserve energy in the upper layers. From the
ALFMT dynamic deconvolution results (see Fig. 27(c)), it is evident
that the profile characteristics are well preserved, and high-
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frequency components are significantly enhanced. The thin-layer
seismic reflection information becomes richer, indicating
improved vertical resolution. Compared with Gabor dynamic
deconvolution, the continuity of reflection events is notably
improved. The stratigraphic structure is more clearly defined, and
the overall seismic resolution is significantly enhanced. Seismic
data compensation plays a vital role in detailed hydrocarbon
prediction and the interpretation of complex subsurface structures
(Zhang et al., 2022; Ji and Zong, 2023; Liu et al., 2024).

The data before and after the 101th compensation is extracted
for comparison. Compared with the uncompensated seismic data
shown in Fig. 28(a), both Gabor dynamic deconvolution and
ALFMT dynamic deconvolution exhibit notable amplitude
compensation effects, as illustrated in Fig. 28(b) and (c). Still, the
result of Gabor dynamic deconvolution produces many incorrect
phases, which is also why the seismic profile is messy after Gabor
dynamic deconvolution compensation. Further comparison of the
time-frequency spectrum before and after compensation of the
trace 101 actual seismic signal reveals that the signal after ALFMT
dynamic deconvolution compensation (see Fig. 29(b)) is similar to
the signal before compensation (see Fig. 29(a)). The high-
frequency energy information is effectively compensated, while
the change in low-frequency information remains small.
Combining the amplitude spectra before and after dynamic
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Fig. 25. Comparison of the dynamic deconvolution results for the Marmousi Il model:
(a) attenuated seismic profile (variable-Q), (b) Gabor dynamic deconvolution
compensation, and (c) ALFMT dynamic deconvolution compensation.
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Fig. 26. Residual comparison between attenuation-compensated and original profiles (variable-Q): (a) Gabor dynamic deconvolution residual profile, (b) ALFMT dynamic
deconvolution residual profile.
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Fig. 28. Comparison of the trace 101 actual seismic signal: (a) without compensation,
(b) Gabor dynamic deconvolution compensation, and (¢) ALFMT dynamic deconvo-
lution compensation.

deconvolution in Fig. 30, it can be observed that the frequency
band range is 2-35 Hz before dynamic deconvolution. In contrast,
the effective frequency band range increases to 2-40 Hz after dy-
namic deconvolution.
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Fig. 30. Amplitude spectra comparison of the trace 101 actual seismic signal before
(blue) and after (red) ALF-WT dynamic deconvolution compensation.

6. Conclusions

ALFMT is proposed by introducing adaptive local frequency to
adjust the analysis window shape. Leveraging the high time-
frequency resolution advantage of ALFMT, we developed an
ALFMT-based dynamic deconvolution method. Modeling with si-
nusoidal signals, synthetic seismic data, and single-channel
seismic records demonstrates that the method significantly en-
hances time-frequency energy concentration. The time resolution
of signals at the low-frequency region is also improved. The pro-
posed ALFMT is further integrated into a dynamic deconvolution
framework. Through the high-precision time-frequency analysis
method, we can more accurately convert the time-frequency
domain deconvolution results into the time domain, improving
the deconvolution effect and strengthening the thin-layer recog-
nition ability. Finally, we test the new dynamic deconvolution with
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Fig. 29. Time-frequency spectrum comparison of the trace 101 actual seismic signal: (a) pre-compensation, (b) ALFMT dynamic deconvolution compensation.
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the single-channel seismic record model, the Marmousi Il model,
and actual seismic data. The results confirm that the ALFMT-based
method effectively compensates for seismic energy attenuation,
thereby extending the useable seismic frequency band and
enhancing seismic resolution. Although the compensated seismic
data have shown significant potential in the nuanced interpreta-
tion of hydrocarbon reservoirs and complex structures, several
important factors, such as the noise amplification effect caused by
the attenuation of the low-frequency wavelet energy, should be
considered to extend the applicability of our method.
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