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ABSTRACT

Porosity is one of the key physical properties of reservoir rocks, directly influencing their capacity to
store and transmit oil and gas. Traditional porosity inversion methods are often constrained by the
resolution of seismic data, lateral continuity, and secondary inversion errors, which hinder their ability
to characterize reservoir properties in complex geological settings. Therefore, a closed-loop porosity
inversion method with well-seismic joint constraints based on wavelet transform is proposed to predict
porosity directly from post-stack seismic data. This method amplifies the training samples using kernel
density estimation, thereby alleviating network instability and overfitting caused by insufficient training
data. Subsequently, the seismic data is divided into low-, medium-, and high-frequency information
using the wavelet transform, and the local spatial features of different scales are extracted using
convolution kernels of different sizes. At the same time, the temporal features of full-frequency post-
stack seismic data are extracted using gated recurrent units. Then, a forward network is constructed to
replace the implicit convolution model between the post-stack seismic data and porosity, thereby
establishing a closed-loop mapping from the post-stack seismic data to full-frequency porosity and back
to the post-stack seismic data. Finally, the test results on the thin-layer alternating geological model and
actual data show that the method proposed improves the lateral continuity of the inversion results
while maintaining the vertical resolution.
© 2026 Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This is an open
access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

using a linear equation derived from the combination of three
porosity logs (Khaksar and Griffiths, 1998). The porosity of clean

Porosity is an important physical parameter of formation rock,
which directly affects the fluid storage capacity and fluidity of the
reservoir. Currently, there are two primary methods for porosity
prediction: (i) laboratory core analysis, and (ii) well logging or
joint well-seismic inversion. Given the high cost of laboratory core
analysis and the discontinuity of coring (Yang et al., 2024),
although the evaluation results of the first method are more ac-
curate, it is less commonly applied in practice. Therefore, the latter
method is the most commonly used in reservoir parameter pre-
diction. Previously, porosity was typically calculated quantitatively
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sandstone formations was estimated using sonic transit-time data
from well logs in combination with the classical
Wyllie-Clemenceau equation (Kamel et al., 2002). A correction
method for estimating effective porosity was proposed by Abid
et al. (2025), integrating density and neutron log data with nu-
merical equations and being applicable to both conventional and
unconventional reservoirs. However, due to the influence of
various geological factors such as burial depth and depositional
environment, this method cannot effectively extrapolate between
wells. To address this, researchers have integrated logging data
and seismic data, capitalizing on their complementary strengths in
vertical and horizontal resolution, as well as three-dimensional
spatial coverage, to predict the spatial distribution of reservoir
parameters (Wang et al., 2019; Bashir et al., 2024; Zhang et al,,
2025).
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The reservoir parameters of well-seismic joint inversion can be
divided into two categories: model-driven and data-driven
methods. The model-driven methods usually rely on rock physics
models and forward modeling, and gradually adjust model pa-
rameters to match observed data with seismic response con-
straints (Wyllie et al., 1956; Xu and Payne, 2009; Pan et al., 2017).
For example, multiple poroelastic parameters were estimated by
Barros et al. (2010) using Biot's poroelastic theory within a full-
waveform inversion framework. A porosity prediction expression
based on the Gassmann equation and the comprehensive rock
skeleton model was derived by Liu et al. (2014), and the seismic
inversion data were combined to predict the three-dimensional
porosity. A joint estimation method for rock physical properties
that combines statistical rock physics with Bayesian seismic
inversion to capture the complexity of reservoir characteristics
was proposed by Figueiredo et al. (2018). A Bayesian probabilistic
seismic inversion method that estimates the posterior probability
distribution via the expectation maximization algorithm was
proposed by Pan et al. (2018). However, the accuracy of the above
methods depends on the accurate calculation of geophysical pa-
rameters, some of which are often difficult to obtain, thus
increasing the complexity and uncertainty of the model. Moreover,
the simplified assumptions in rock physics models may fail to
capture the heterogeneity and complex pore structures of reser-
voirs realistically, and these methods are also sensitive to the
choice of initial parameters and prior assumptions, which can lead
to biased or unstable inversion results in areas with sparse well
control or highly variable geology. These factors collectively limit
the applicability and robustness of model-driven porosity predic-
tion methods in complex geological environments.

The data-driven methods use the powerful data processing
ability of neural networks to extract the features of data, and have
achieved remarkable results in reservoir prediction, lithology
identification, and seismic facies division (Zhang et al., 2022; Zhai
et al.,, 2024; Wang et al., 2025; Das et al., 2019; Pan et al., 2024). A
single-layer and a double-layer convolutional neural network
were used by Duan et al. (2016) to construct a mapping between
logging data and porosity. The temporal information of logging
data was captured using a gated recurrent unit (GRU) by Sun and
Liu (2020) for curve prediction. Although the above methods
have achieved good results, the use of neural networks for reser-
voir parameter inversion has the problem of insufficient training
samples, resulting in unstable inversion results. To overcome these
challenges, some scholars use network fusion or add prior infor-
mation for inversion (Liu et al., 2022; Chen et al., 2023; Zhang
et al,, 2022; Han et al., 2022; Sang et al., 2024). A method that
fuses recurrent neural networks (RNNs) and convolutional neural
networks (CNNs) to extract low- and high-frequency information
from seismic data for seismic impedance inversion was proposed
by Alfarraj and AlRegib (2019). A closed-loop CNN network that
performs inversion and forward modeling of unlabeled seismic
data to alleviate the problem of insufficient training samples was
proposed by Wang et al. (2020). A closed-loop seismic inversion
method based on CNN and geostatistics was proposed by Ge et al.
(2022) to achieve high-resolution impedance inversion for thinly
interbedded reservoirs. In parallel, strategies that combine data-
driven methods with traditional signal processing can also miti-
gate the instability of neural networks caused by insufficient
training samples (Zhang et al., 2025; Tong et al., 2025; Zhang et al.,
2025). For instance, wavelet transforms combined with neural
networks have been successfully applied to enhance the feature
representation of logging data for reservoir fluid identification by
Gong and Zhang (2024). The combination of frequency decom-
position and intelligent inversion was applied to three-
dimensional facies modeling to improve the prediction accuracy
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of analogous reservoirs by Wang et al. (2024). Although the above
methods can effectively alleviate the instability of inversion results
caused by insufficient training of neural networks, insufficient
training samples may still lead to the inability of neural networks
to fully learn complex geological features. Therefore, some
scholars use kernel density estimation (KDE) for sample amplifi-
cation to improve the prediction effect of the network on sparse
geological areas. A Gaussian KDE-based GK-SMOTE method was
proposed by Miraj et al. (2025), in which synthetic samples are
generated to enhance class separability and thereby address the
class imbalance problem. New samples are amplified from the
probability distribution of minority-class data based on kernel
density estimation by Kamalov and Elnagar (2021), and the per-
formance of neural networks in classification tasks is effectively
improved. A virtual sample generation method based on UMAP-
KDE was proposed by Mukun et al. (2024), in which sparse
small-sample data are expanded through kernel density estima-
tion, and the prediction performance and generalization ability of
the soft-sensing model are effectively improved.

Given the effectiveness of kernel density estimation in sample
augmentation, it is combined with neural networks and wavelet
transform to propose a closed-loop porosity inversion method
based on wavelet transform (WTCLPI), aiming to improve the
generalization ability and stability of the model. The samples are
decomposed into different frequency bands using a wavelet
transform, and these bands are then combined with the full-
frequency post-stack seismic data as inputs to the network,
thereby enhancing the identification of thin interbeds and local
anomalies. To better capture spatiotemporal dependencies,
spatiotemporal attention mechanisms are integrated with 3D CNN
and GRU modules. Furthermore, the forward model is replaced by
a neural network, and a closed-loop mapping from the post-stack
seismic data to full-frequency porosity and then back to the post-
stack seismic data is established. Inversion experiments on both
thin interbedded models and shale oil reservoirs demonstrated
that the method proposed significantly improved the accuracy and
lateral continuity of inversion results compared to traditional
closed-loop approaches.

2. Method
2.1. Kernel density estimation

Kernel density estimation is a non-parametric probability
density estimation method, which is used to estimate the proba-
bility density function of random variables through observation
samples in the case of unknown data distribution. Suppose there is
a set of independent and identically distributed samples X = {xq,
X2, ---,Xn}, and the density function of the real distribution is f(x),
then the KDE estimation expression is:

100 =g oK ()

where K is the Gaussian kernel function; h >0 is the bandwidth
parameter, which determines the smoothness of the estimation
results; n is the number of sampling points.

(1)

2.2. Wavelet transform

The wavelet transform is a time-frequency analysis method of
signals. Its core idea is to use a set of wavelet functions with
localized time and frequency features to decompose the signal and
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extract information of different scales. Assuming that the signal is
f(¢), its wavelet transform can be expressed as:

FO =D cixwjx(t)
X

J

(2)

where ¢; is the wavelet coefficient, which represents the pro-
jection of the signal at different scales and positions. y; is the
wavelet basis function, which is obtained by shifting k and scaling
j, and is used to analyze the features of signals at different times
and frequencies. The wavelet transform decomposes the signal
into low-frequency and high-frequency information of multiple
scales. By applying a series of low-pass and high-pass filters to the
signal.

2.3. Convolutional neural network

The 3D convolutional neural networks extend 2D convolutional
neural networks by performing convolutional operations across
three dimensions, enabling the processing of data with both
spatial and temporal dimensions. The 3D convolutional kernels
convolve with the input data, allowing the model to capture more
local features and complex spatial relationships.

M-1 N-1 P-1

Y(17J~ k): Z Z ZX(i+m,j+n,k+p)-W(m,n,p)

m=0 n=0 p=0

(3)

where Y(i,j, k) is the output spatial feature. X(i+m,j-+n,k+p) is
the input feature. W(m, n, p) is the weight of the 3D convolutional
kernel at position (m,n,p). M, N, and P represent the size of the
convolutional kernel in the depth (Z-axis), height (Y-axis), and
width (X-axis) directions, respectively.

2.4. Gated recurrent unit

A gated recurrent unit is a type of recurrent neural network
architecture designed to address the vanishing gradient problem
commonly encountered in traditional RNNs (Bengio et al., 1994).
The reset and update gates introduced by Cho et al. (2014) simplify
the architecture compared to long short-term memory while
maintaining strong performance in tasks such as sequence data
analysis.

zr=o(W;- [h_1,X] +b;) (4)
re=o(W;-[h_q,X]+b;) (5)
h; =tanh(W,, - [re o h,_1,X] +by) (6)
h=(1-z)oh;+z:©h,, (7)

where W, and W; are the weight matrices for the update gate and
reset gate, W), is the weight matrix for the candidate hidden state,
h;_; is the hidden state from the previous time step, X; is the input
at the current time step, the function ¢ represents the sigmoid
activation function, ® denotes the element-wise multiplication of
the reset gate with the previous hidden state.

2.5. Temporal attention mechanism
Although GRU uses reset and update gates to ensure the long-

term dependence of data, it cannot adequately highlight the
impact of critical temporal features on the output. Therefore, a

3894

Petroleum Science 23 (2026) 3892-3905

temporal attention mechanism is integrated with GRU to allocate
varying weight coefficients to different temporal features. The
temporal features are assumed to be representable as H, = [Hyn,
Hypn, Hsp, -+, Hr ], where t denotes the length of the temporal
sequence and n indicates the dimensionality.

B, = softmax(W;H, + bj) (8)

X, =B, ©Hy = [ﬁ],nHl,nvﬁZ‘nHZ,na “+ +, BraHin 9)
where B, = [$1n.62n,P3n, - Pen] are the weight coefficients.
softmax is a normalized function. Wy and by are the weight matrix
and bias, respectively. ® denotes the dot product between two

vectors. X}, is the final output.

2.6. Spatial attention mechanism

The correlation among various logging or seismic data differs,
yet conventional models fail to emphasize the impact of critical
spatial features on the target labels. To address this, a spatial
attention mechanism is integrated into the CNN, enabling the
assignment of distinct weight coefficients to different spatial fea-
tures. The spatial features are assumed to be representable as h;
[ht,1,he5,he.3,--. e, |, where t denotes the t th convolution kernel
and n indicates the number of channels in the kernel.

o, = softmax(W,h; +b,) (10)

!
Xi=o; Ohe=[agi1he1, ache, acshes, - - - aephe ) (11)
where o = [ar 1,2, a3, -, arn] are the weight coefficients. X; is

the final output result.

2.7. Forward network

Since seismic data can be regarded as the convolution of for-
mation reflection coefficients and seismic wavelets, this process is
highly similar to the convolution process in a 1D convolutional
neural network. Therefore, a forward network consisting of two 1D
CNNs and a fully connected layer is constructed (Fig. 1). The spatial
features of porosity are extracted by the first 1D convolutional
neural network, and the data features are convolved with the
second 1D CNN and fitted through a fully connected layer. The L,
norm is used to calculate the error between synthetic and real
seismic data, and the forward network is trained using the back-
propagation algorithm to adjust model parameters and optimize
performance.

2.8. WTCLPI fusion network

The WTCLPI fusion network is composed of CNN, GRU, and a
spatiotemporal attention mechanism (Fig. 2). The full-frequency
post-stack seismic data and the low-, medium-, and high-
frequency information obtained by wavelet transform are input
into the GRU and the CNN, respectively, to extract the temporal
and spatial features. Then, different weight coefficients are
assigned to different spatiotemporal features through the spatio-
temporal attention mechanism, allowing the network to focus
more on important spatiotemporal features. Finally, a fully con-
nected layer establishes the nonlinear relationship between post-
stack seismic data and full-frequency porosity.
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Fig. 2. Structure of the WTCLPI fusion network.

2.9. Prediction process of porosity inversion

The inversion process of the WTCLPI fusion network involves
the following steps (Fig. 3):

(1) Dataset preparation: Normalization and standardization are

applied to the post-stack seismic data and porosity to
reduce dimensional discrepancies.

(2) Wavelet decomposition: The post-stack seismic data are

decomposed by wavelet transform into low- (S_jowseis)s
medium- (S_midseis)» and high-frequency (S_pighseis) infor-
mation, which are then combined with the full-frequency
post-stack seismic data as input to the neural network.

3895

(3)

Loss function construction: Firstly, the inversion results of
the WTCLPI fusion network (Yp_japel) are compared with the
real values (Y japel) using the L norm to obtain the error of
the logging loss. Under the constraint of 1;, the high-
frequency information of the logging data is compensated
into the post-stack seismic data to improve the vertical
resolution of the inversion results. Secondly, the low-
frequency information of the inversion results (Yp fijter) iS
extracted using a low-pass filter and compared with the
original low-frequency information (Y fter) Obtained from
well-seismic joint interpolation. Under the constraint of A,
the low-frequency information of the inversion results is
controlled. Thirdly, the unlabeled post-stack seismic data
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Fig. 3. The inversion process of the WTCLPI fusion network.

are included in the current cycle, and the unlabeled porosity
prediction values (Yp unlabel) are obtained using the WTCLPI
fusion network. These predicted values are then input into
the forward network to generate synthetic seismic data
(S_syn), and the low- (S_jowsym), medium- (S_midsym), and
high-frequency (S_pighsym) information of the synthetic
seismic data are obtained by wavelet transform, and the
seismic loss of different frequency bands is calculated by L;.
This process indirectly ensures the stability of the porosity
inversion results at non-well locations. Under the action of
23, the degree of lateral constraint on the inversion results is
improved. By constructing the loss function, the network
can be trained using a large number of unlabeled seismic
data, thereby enhancing the generalization ability of the
network and improving the stability of the inversion results.

N M
Al 2 A 2
Loss =" ‘ ‘Y_label ~Ypiabel |3 +37 > ‘ ‘YP_filter =Y fitter ||, +
NS M4 2
M
A3 2
M Z (w1 ‘ )S,lowsyn =S _lowseis 5 tw Hs,midsyn —S_midseis
i=1
2 2
‘ ’2 +w3 ’ ‘S_highsyn —S highseis| |z)
(12)

real data are set to 41 = 0.5, 12 = 0.2, and 13 = 0.3. w1, w, and w3
represent the weight coefficients of different frequency bands,
respectively. Due to the narrow effective bandwidth of seismic
data, high-frequency information is more likely to be lost or
attenuated than low-frequency and medium-frequency informa-
tion during seismic inversion. To make up for this problem and
improve the inversion accuracy, different weights are given to
different frequency bands according to the experimental results.
The weights of low-frequency, medium-frequency, and high-
frequency are set to 1,1, and 1.4, respectively.

(4) Network evaluation: The essence of neural network inver-
sion of reservoir parameters is to fit the data. Therefore, the
root mean square error (RMSE) and the coefficient of
determination (R®), which are two evaluation metrics
commonly used in regression analysis, are used to evaluate
the effectiveness of the method. In addition, the lateral
gradient evaluation index (LGE) is introduced to quantita-
tively evaluate the lateral variation characteristics. A lower
LGE value indicates weaker lateral gradient variations and a
more continuous overall lateral structure.

R2 -1 _Zlnll(yi_j’\i)z

where M and N represent the number of seismic and logging data,

respectively. The weight coefficients for both the model and the
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Ny Ny—-1

LGE_(NX_1 N Z Z Ip(i+1.J) = p(i.j)| (15)

where y; represents the real value, y represents the mean of the
real value, y; represents the predicted value, and m is the number
of samples. p(i,j) denotes the inversion result at the (i,j) position
on the inverse slice, the number of Ny lateral traces, and the
number of Ny, longitudinal traces.

3. Inversion experiment
3.1. Introduction of model data

To evaluate the effectiveness of the method, a thin interbedded
geological model (Fig. 4) is constructed, which includes 474 CDPs,
253 sampling points, and a sampling interval of 0.5 ms. The model
consists of six shale layers (S1 to S6) with thicknesses ranging from
3 m to 5 m. Specifically, S4 represents a pinch-out area, whereas S5
and S6 correspond to a superimposed area. The model includes
four wells: A, B, C, and D. Wells A, B, and D are amplified using KDE,
generating 1000 additional samples, with a portion of these
samples shown in Fig. 5, while well C is used as a verification well
for network evaluation.

Fig. 6 shows the post-stack seismic data obtained by convolving
the acoustic impedance calculated from compressional velocity
and density based on DEM, KT, and Gassmann models with a 25 Hz
Ricker wavelet (He et al., 2020; Zhang et al., 2021; Ba et al., 2023).
It is observed that post-stack seismic data cannot effectively
resolve the pinch-out (blue box) and superimposed areas (red
box). Fig. 7 shows the information of different frequency bands of
post-stack seismic data obtained by wavelet transform. Based on
frequency bandwidth classification, the 0-10 Hz band represents
low-frequency information, typically associated with large-scale
geological features such as deep structures and regional tec-
tonics. The 11-30 Hz band corresponds to medium-frequency in-
formation, capable of revealing certain geological heterogeneities,
such as individual strata or localized changes. The above 30 Hz
band represents high-frequency information, which are often used

CDP

Time, ms

Fig. 4. Geological model of thin interbed.
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Fig. 5. Partial parameters generated randomly.

30 |

60

Time, ms

920

120

J

to detect fine-scale geological variations or small-scale structural
details. To address the instability of neural network inversion re-
sults caused by limited training samples, the initial low-frequency
information of porosity is obtained by well-seismic joint interpo-
lation (Fig. 8), which is used as a priori information to constrain the
inversion process.

Fig. 6. Post-stack seismic data.

3.2. Model testing and analysis

To verify the effectiveness of the WTCLPI fusion network, its
inversion results are compared with those of the traditional
closed-loop neural network (Fig. 9(a)-(c)). It is observed that
although the inversion results of the two methods on the training
data are very good, the WTCLPI fusion network achieves better
performance in identifying superimposed (black box) and pinch-
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Fig. 7. The low-frequency, medium-frequency, and high-frequency information of post-stack seismic data. (a) Low-frequency information of seismic data. (b) Medium-frequency
information of seismic data. (c) High-frequency information of seismic data.
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Fig. 8. The original low-frequency information of porosity.
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150

CDP
300

out (red box) areas. Moreover, the WTCLPI fusion network ach-
ieves lateral continuity in its inversion results that is similar to that
of the seismic data (Fig. 6), while also outperforming the tradi-
tional closed-loop neural network. This improvement can be
attributed to the amplification of training samples through KDE,
which effectively alleviates the problem of network training
instability and over-fitting caused by insufficient samples. More-
over, the wavelet transform is used to extract the multi-scale
features of seismic data, which alleviates the problem of feature
ambiguity caused by mixed frequency input and enhances the
ability to analyze transverse geological structure. Furthermore, to
further evaluate the noise robustness of the method proposed,
random noise with a signal-to-noise ratio (SNR) of 3 is added to the
synthetic seismic records and then fed into the trained network
model. The results show that the WTCLPI fusion network can still
maintain high inversion stability and can effectively identify
pinch-out and superimposed areas (Fig. 9(c)). This shows that the
WTCLPI fusion network has strong anti-noise ability and gener-
alization performance.

To facilitate a clearer comparison between different methods,
the inversion results at well C are analyzed (Fig. 10), and the RMSE
and R? indicators are used for quantitative evaluation (Table 1).
Compared with the traditional closed-loop neural network, the
inversion results of the WTCLPI fusion network have better

(©) CDP
450 4% 150 300 450 4%
22.100 22.100
21.195 21.195
[}
€
20200 @5 - 20.200
£
'_

19.385 19.385

18.480 18.480

Fig. 9. The inversion results of different methods. (a) The inversion results of the traditional closed-loop neural network. (b) The inversion results of the WTCLPI fusion network
without the nose. (c) The inversion results of the WTCLPI fusion network with the nose.
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Fig. 10. Comparison of inversion results of different methods.

Table 1

Quantitative evaluation of inversion results of different methods.
Methods R? RMSE
Traditional closed-loop neural network 0.893 0.253
WTCLPI fusion network with nose 0.949 0.170
WTCLPI fusion network without nose 0.952 0.164

consistency with the real values, and the superposition area (black
box) is effectively identified. Moreover, the R? of the inversion
results is 5.9% higher than that of the traditional closed-loop
neural network, indicating that the method proposed has higher
generalization ability. In addition, under noisy seismic data con-
ditions, the WTCLPI fusion network still maintains higher inver-
sion stability and accuracy. Although its R? decreases to some
extent, the reduction remains within an acceptable range,
demonstrating that the method proposed exhibits stronger
robustness against noise interference.

Petroleum Science 23 (2026) 3892-3905

To verify the rationality of the method proposed, three sets of
experiments are designed. By controlling variables, three schemes
are constructed: “high-frequency removed”, “medium-frequency
removed”, and “low-frequency removed”. Under the condition
that the network architecture and training strategy remained
unchanged, each scheme is tested separately (Fig. 11). The inver-
sion results show that the lack of seismic data in different fre-
quency bands has different effects on the inversion accuracy.
When high-frequency information is absent, the inversion results
for shale reservoirs become blurred, and the ability to resolve fine-
scale features is significantly reduced, particularly in pinch-out
and superimposed areas. In the absence of medium-frequency
information, the overall geological framework remains recogniz-
able; however, the continuity and morphological accuracy of the
inversion are partially degraded. When low-frequency informa-
tion is absent, local details are preserved, but the background
trends become unstable and lateral continuity deteriorates. These
observations demonstrate that different frequency components
play distinct and irreplaceable roles in the inversion process,
highlighting the necessity of incorporating multi-frequency
seismic information in the proposed method.

Fig. 12 shows the inversion results of the WTCLPI fusion
network when different frequency bands of seismic data are
removed, and the results are quantitatively evaluated using RMSE
and R? (Table 2). Compared with the method proposed in this
study, the inversion accuracy decreases by approximately 11.2%,
3.4%, and 1.7% for the “high-frequency removed”, “medium-fre-
quency removed”, and “low-frequency removed” scenarios,
respectively. These results indicate that seismic data from different
frequency bands make unequal contributions to the inversion
process. In particular, the absence of high-frequency information
leads to a significant reduction in resolution and structural
delineation. In contrast, the absence of medium- or low-frequency
information results in only a slight decrease in inversion accuracy,
suggesting that these components mainly contribute to overall
trends and background structural continuity.

4. Actual data application

To verify the effectiveness of the method proposed, the WTCLPI
fusion network is applied to the D oilfield in northwestern China,
where the target layer is a shale oil reservoir at depths ranging
from 2900 ms to 3100 ms. The effective pores primarily consist of
microcracks, fractures, and micropores, resulting in low porosity
and permeability. Fig. 13 shows the post-stack seismic profiles of
the 3D data volume through wells X]-1, X]J-2, and X]J-3, consisting
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Fig. 11. The inversion results of the WTCLPI fusion network. (a) Low-frequency removed. (b) Medium-frequency removed. (c) High-frequency removed.
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Table 2

Quantitative evaluation of inversion results of different methods.
Methods R? RMSE
WTCLPI fusion network without low-frequency 0.935 0.173
WTCLPI fusion network without medium-frequency 0.918 0.225
WTCLPI fusion network without high-frequency 0.840 0.386

of 410 CDP traces with a dominant frequency of 30 Hz. Each
seismic trace contains 50 sampling points with a sampling interval
of 2 ms. The curves are natural gamma. The post-stack seismic
reflection interfaces exhibit strong heterogeneity (red box), indi-
cating significant lateral lithology changes. Fig. 14 shows the low-,
medium-, and high-frequency information of post-stack seismic
data obtained by wavelet transform. The frequency band ranges
are 0-10 Hz, 11-30 Hz, and higher than 30 Hz, respectively. The
low-frequency information mainly reflects the large-scale fea-
tures, the medium-frequency information reflects the medium-

50 100 150
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scale features, and the high-frequency information reflects the
detailed features. By analyzing this different frequency informa-
tion, the features of the underground geological structure can be
understood more comprehensively. The wells X]J-1 and X]J-3 are
selected for training sample amplification, while the unlabeled
post-stack seismic data are input into the network for adaptive
learning to further improve the generalization ability of the
network in actual work. Finally, well X]J-2 is employed as the test
set to verify the effectiveness of the network.

To verify the rationality of the amplified sample, a probability
histogram analysis of the amplified samples and the measured
logging data is carried out, and a probability density distribution is
calculated (Fig. 15). The results show that the overall distribution
pattern, mean value and variance of the amplified samples are
highly consistent with the measured logging data, indicating that
the data generated by the amplification method can better main-
tain the original geological characteristics. At the same time, by
superimposing the kernel density estimation curve, it can be
visually observed that the amplified samples can cover the main
fluctuation intervals and local extremum characteristics of the
measured logging data, which further verifies the representa-
tiveness and reliability of the amplified samples in training the
network.

Furthermore, to evaluate the feasibility of porosity inversion in
this area and verify the sensitivity of elastic parameters to porosity
(¢) changes, the correlation analysis between porosity and elastic
parameters is carried out based on logging data (Fig. 16). By con-
structing the intersection diagram of porosity and compressional
velocity (V;), shear wave velocity (Vs) and density (p), and calcu-
lating the coefficient of determination, the response relationship
between ¢ and Vp, Vs and p are quantitatively evaluated. The
analysis results show that in the shale reservoir, porosity has a
stable negative correlation with Vp, V, and p, indicating that as the
¢ increases, the overall stiffness and density of the rock skeleton
decrease, resulting in a corresponding decrease in V, and p. Among
them, the correlation between V), and ¢ is the most significant,
reflecting that the V}, is more sensitive to the change of the bulk
modulus of the rock skeleton, and can more directly capture the
decrease of compressibility caused by the change of ¢. In contrast,
the correlation between Vs and ¢ is slightly weaker, indicating
that the Vs is mainly controlled by the skeleton shear stiffness,
while the shear stiffness is more affected by mineral composition
and bedding structure in shale, thus weakening the control effect
of ¢ to a certain extent. The above analysis provides a reliable
physical basis for conducting porosity inversion in this area.
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Fig. 13. The post-stack seismic data.
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Fig. 14. The different frequency bands of post-stack seismic data. (a) Low-frequency information of seismic data. (b) Medium-frequency information of seismic data. (c) High-

frequency information of seismic data.

Fig. 17 shows the low-frequency information of porosity. It can
be observed that the values of porosity increase with the increase
of depth. Since seismic data inversion is a non-unique problem,
where the same seismic response can correspond to various un-
derground features, the inversion results can be constrained by the
low-frequency porosity model as prior information, thereby
enhancing the stability of the neural network.

The inversion results of the traditional closed-loop neural
network and the WTCLPI fusion network are compared (Figs. 18
and 19). It can be seen that the inversion results of both
methods on the training set are consistent with the logging data
(black box). This is because the loss of logging data supplements
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the high-frequency information to post-stack seismic data, over-
coming its effective bandwidth limitations. However, the inversion
results of the traditional closed-loop neural network exhibit
insufficient lateral continuity (red box), which does not necessarily
represent the real lithological variations, especially in the absence
of well constraints. Under the complex geological conditions of
strong lateral heterogeneity and low signal-to-noise ratio of shale
oil reservoirs, the traditional closed-loop neural network is easily
affected by factors such as noise amplification and inversion
instability. Moreover, in the case of limited training samples, the
traditional closed-loop neural network is difficult to fully learn the
nonlinear mapping relationship between post-stack seismic data
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Fig. 15. Histogram and kernel density estimation comparison between the real dis-
tribution and amplified samples.

and porosity. Furthermore, directly using full-frequency post-stack
seismic data as input makes it difficult for the network to effec-
tively distinguish geological information contained in different
frequency bands, due to the mixed input of low- and high-
frequency components. In contrast, the KDE is used for training
sample amplification to provide more data for the WTCLPI fusion
network to more fully capture the distribution of geological fea-
tures in the region. Subsequently, the post-stack seismic data are
decomposed into low-, medium-, and high-frequency information
using wavelet transform, which are combined with the full-
frequency seismic data as inputs to the 3DCNN and GRU to
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extract spatiotemporal features from different frequency bands.
This method effectively separates and utilizes the unique geolog-
ical features contained in each frequency band while retaining the
full-frequency seismic data, and avoids the feature interference
and information aliasing that may be caused by the full-frequency
input, thereby significantly enhancing the sensitivity of the
network to porosity changes. Especially in the lateral direction, the
complementarity between seismic responses of different fre-
quency bands improves the recognition ability of lithological
boundaries, thus improving the lateral continuity of inversion re-
sults. Furthermore, the WTCLPI fusion network replaces the for-
ward model with neural networks, establishing a closed-loop
mapping from post-stack seismic data to full-frequency porosity
and back to post-stack seismic data. This not only allows for a more
flexible characterization of the nonlinear relationship between
seismic data and reservoir parameters but also demonstrates
stronger generalization ability and stability under complex
geological conditions, thereby further improving the accuracy and
robustness of the inversion.

Fig. 20 shows the slices of inversion results from different
methods. The results show that the inversion results of the
traditional method have obvious discontinuity in the horizontal
direction (black box). The inversion results of the WTCLPI fusion
network show a smoother and more continuous distribution in
the horizontal direction, which further verifies the advantages of
the method proposed in enhancing lateral continuity. Further-
more, to verify the rationality of the above explanation, the
lateral gradient evaluation index (LGE) is introduced to quanti-
tatively evaluate the lateral variation characteristics (Table 3).
The lower LGE value indicates that the random lateral gradient
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Fig. 16. The cross plot of elastic parameters and porosity. (a) #-Vj, (b) ¢-Vs, (€) ¢—p.
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Fig. 17. The low-frequency information of porosity.
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Fig. 20. The slices of inversion results from different methods. (a) The inversion results of the traditional closed-loop neural network. (b) The inversion results of the WTCLPI

fusion network.

Table 3
Quantitative evaluation of the lateral resolution of inversion results by different
methods.

Methods LGE
Traditional closed-loop neural network 0.075
WTCLPI fusion network 0.044

fluctuation is weak. The experimental results show that the LGE
of the WTCLPI fusion network is significantly lower than that of
the traditional closed-loop neural network, indicating that the
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proposed method can effectively suppress noise-induced lateral
discontinuities.

To further verify the effectiveness of the method proposed, the
inversion results of the two methods in XJ-2 well are compared
(Fig. 21), and the inversion results are quantitatively evaluated by
R? and RMSE (Table 4). Compared with the traditional closed-loop
neural network, the inversion results of the WTCLPI fusion
network are closer to the true values. In addition, the R? of the
inversion results of the WTCLPI fusion network is 11.1% higher
than that of the traditional closed-loop neural network, and the
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Fig. 21. Comparison of inversion results of different methods.

Table 4

Quantitative evaluation of inversion results of different methods.
Methods R? RMSE
Traditional closed-loop neural network 0.808 0.435
WTCLPI fusion network 0.919 0.220

RMSE is 0.215 lower, indicating that the WTCLPI fusion network
can better capture the detailed changes of porosity and the
changes of thin layers.

5. Discussion

The traditional porosity inversion method is largely con-
strained by the effective bandwidth of seismic data and the
accumulation of inversion errors, resulting in a weak ability to
characterize thin layers. Building on previous research, a closed-
loop porosity inversion method based on the wavelet transform
is proposed. The results of this study indicate a significant
improvement in the lateral continuity of the inversion profiles. The
analysis of multi-frequency characteristics shows that the wavelet
transform plays a key role in enhancing lateral continuity. By
decomposing the seismic data into low-, medium-, and high-
frequency information, the low-frequency information primarily
governs regional structural trends and interlayer continuity,
thereby providing a more stable background constraint within the
network. Whereas high-frequency information mainly contributes
to thin layers and fine details, with a relatively limited effect on
overall continuity. Furthermore, the closed-loop structure en-
forces consistency between seismic data and porosity through the
forward network, which means that the improvement of lateral
continuity is also the result of physical constraints. Therefore,
multi-frequency feature fusion and closed-loop consistency con-
straints are the main factors to improve the lateral continuity of
inversion.

However, there are still some issues worth further discussion.
Firstly, although kernel density estimation effectively alleviates
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the instability caused by insufficient training samples, the quality
of the amplified samples still depends on the representativeness of
the logging data distribution. When the well control is sparse or
the geological changes are strong, the amplified samples based on
KDE may not fully reflect the complexity of reservoir heteroge-
neity, thus affecting the generalization ability of the network.
Secondly, although the closed-loop structure effectively estab-
lishes a nonlinear mapping relationship between seismic data and
porosity, its performance is still affected by the accuracy of the
forward network. Under the geological conditions with significant
lithology differences or complex pore structure, there may be a
deviation between the learned forward model and the real un-
derground response, and then the error is accumulated in the
closed-loop process, which affects the inversion accuracy. There-
fore, the network parameters and network structure need to be
finely adjusted. Thirdly, although the lateral continuity of the
inversion results is significantly enhanced, the enhanced conti-
nuity may lead to the smoothing of the geological interface, and
the very thin interbeds or micro-scale lateral changes may be
weakened to a certain extent. Future research can combine multi-
attribute resolution indicators or structural boundary comparison
analysis to more comprehensively evaluate resolution changes.
Finally, like most deep learning inversion methods, the method
proposed in this paper still faces the risk of overfitting and insuf-
ficient cross-region generalization ability, and may not be directly
applicable to other areas with different sedimentary environ-
ments, diagenesis, pore types, or acquisition parameters. There-
fore, future research will focus on addressing the aforementioned
issues.

6. Conclusion

Aiming at the problems of poor lateral continuity and error
accumulation in traditional porosity inversion methods, a closed-
loop porosity inversion method based on the wavelet transform is
proposed. The training samples are amplified using kernel density
estimation to alleviate the instability of neural network inversion
results caused by insufficient training data. Subsequently, the
post-stack seismic data are decomposed into multi-frequency in-
formation using the wavelet transform, so as to effectively capture
the geological features of different scales. Meanwhile, the convo-
lution model is replaced by a neural network to alleviate the
problem of an unclear relationship between post-stack seismic
data and porosity. Tests on both synthetic and real data demon-
strate that the WTCLPI fusion network not only improves the
vertical resolution of inversion results but also improves the lateral
continuity of inversion results. In the testing sample, compared
with the traditional method, the WTCLPI fusion network shows
higher stability and robustness when dealing with complex
reservoir structures. The R?> of the WTCLPI fusion network
increased to 91.9%, while the RMSE decreased to 0.220, which
proves that the method has high prediction accuracy and
generalization.
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