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Abstract
The low-frequency component of seismic data is an inevitable part to obtain absolute P-impedance ( Ip ) and Vp∕Vs ratio of 
the subsurface, especially for the reservoir sweet spot. In this work, we train the deep feedforward neural network (DFNN) 
with band-pass seismic data and well log data to obtain favorable low-frequency components. Specifically, the Bayesian 
inference strategy is first applied to the pre-stack constrained sparse spike inversion process, obtaining an “initial” inverted 
band-pass parameters, which are subsequently used as input when applying the DFNN algorithm to predict low- and band-
pass parameters. Moreover, the high linear correlation coefficient between the DFNN-based inversion results and the realistic 
well logging curves of the blind wells demonstrates that the DFNN-based inversion scheme exhibits strong robustness and 
good generalization ability. Ultimately, we apply the proposed DFNN-based inversion strategy to a tight sandstone reservoir 
located at the Sichuan basin field from onshore China. Both low- and band-pass Ip and Vp∕Vs inverted for the clastic forma-
tion of the Sichuan basin show a strong correlation with the corresponding Ip and Vp∕Vs logs.

Keywords  P-Impedance · Vp∕Vs Ratio · AVO inversion · Deep feedforward neural network

Introduction

Both seismic inversion and rock physical modeling play 
significant roles in the quantitative seismic interpretation 
of reservoir properties. However, the frequencies of seis-
mic data predominately are within the intermediate band, 
resulting in a relatively large uncertainty between relative 

seismic reflectivity and absolute elastic parameters when 
using seismic inversion (Ball et al. 2014; Yuan et al. 2019). 
Therefore, on the one hand, both empirical and model-based 
rock physical inversion workflows use the absolute elastic 
parameters as input (Doyen and Guidish 1992; Mukerji et al. 
2001; Buland and Omre 2003; Eidsvik et al. 2004; Yuan 
et al. 2021). On the other hand, to obtain absolute parameters 
from the band-pass seismic data, a low-frequency portion of 
the elastic parameters is generally estimated using the well 
interpolation method.

Overall, the well-driven low-frequency model in seis-
mic inversion process highly depends on well distribution, 
which mainly includes the homogeneity and the grid den-
sity of well distribution in the space. Moreover, it is risky 
to make a quantitative seismic interpretation because the 
horizontal trend of the low-frequency model might contra-
dict the geological trend. Although the modified methods 
(e.g., trend-constrained interpolation) have been developed 
practically in the seismic interpretation, the “buphthalmos” 
artifact caused by well interpolation is still strong and is 
criticized by geologists and development engineers as well 
(Caers 2011; Deutsch 2002; Eidsvik et al. 2015).
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In the past, there are some documented investigations 
devoted to eliminating such discrepancy academically and 
industrially in rock physics and seismic domains. Ball et al. 
(2014) developed a relative rock physical framework to prac-
tically compute relative elastic properties. In some cases, 
note that empirical- and model-based relative rock phys-
ics framework provides us a possibility to avoid statistical 
complications associated with absolute elastic properties. 
However, it is mainly used to explain the elastic parameter 
variation (such as time-lapse seismic interpretation) and 
still cannot be directly applied to elastic parameters inver-
sion because of the lack of completeness of solid theoretical 
basis. In addition, Mesdag et al. (2010) proposed a method 
of updating the low-frequency model to account for high 
contrast P-impedance layers. However, this updated low-
frequency model is only feasible when the geologic/elastic 
anomaly with large contrast of P-impedance exists and is 
not a general solution for low-frequency model prediction.

In current times, with the rapid development of massive 
computational powers, novel data-driven machine learning 
approaches have been developed promptly to address vari-
ous questions in diverse research domains (Monajemi et al. 
2016). The deep neural network (DNN) is one of the most 
important machine learning applications. The factors affect-
ing the DNN prediction results are mainly the number and 
quality of the training samples, the number of the hidden lay-
ers, and the numbers of neurons in each hidden layer. LeCun 
et al. (2015) and GoodFellow et al. (2016) claimed that DNN 
essentially establishes a mapping relation of output parame-
ters and training datasets with multiple hidden layers. Lopez-
Moreno et al. (2016) used deep feedforward neural networks 
(DFNN) to automatically identify the language.

Numerous DNN algorithms have been widely applied to 
the geoscience discipline and achieved successful applica-
tions. Specifically, using DNN to obtain seismic amplitude 
properties mainly concentrates on the following two aspects. 
First, the DNN algorithm is only applied to the sub-step of 
the conventional inversion framework. For example, Rich-
ardson (2018) used the recurrent neural network (RNN) to 
replace forward modeling and gradient calculation in the 
seismic full-waveform inversion. Second, DNN is directly 
used to obtain mapping relation from seismic amplitude 
dataset to elastic properties, implementing data-driven 
amplitude inversion (Alfarraj and AlRegib 2019; Das et al. 
2019; Biswas et al. 2019; Di et al. 2020; Li et al. 2021). 
Araya-Polo et al. (2018) reconstructed the subsurface veloc-
ity model from synthetically generated seismic profiles using 
the DNN algorithm, instead of using the conventional inver-
sion framework.

Note that using DNN (e.g., CNN) to predict elastic prop-
erties from seismic data generally requires massive train-
ing samples (Zheng and Zhang 2018). Consequently, DNN 
is more suitable for geoscience researchers to construct a 

model using a local training dataset, which comes from the 
reservoir area with a smooth variation in lateral stratigraphic 
structure (Peters et al. 2019). Compared with the intermedi-
ate- and high-frequency bands of the seismic data, the low-
frequency components vary smoothly in the spatial distri-
bution. As a result, DNN can be a powerful tool to build a 
low-frequency model from band-pass seismic data, leading 
to inverse absolute elastic parameters from the full-band 
dataset. Based on this strategy, we propose a hybrid algo-
rithm strategy that combines pre-stack constrained sparse 
spike inversion with DFNN to obtain absolute elastic param-
eters ( Ip and Vp∕Vs ) of tight sandstone gas reservoirs.

This paper is constructed as follows: first, we briefly 
introduce the pre-stack constrained sparse spike inversion 
theory. Second, a DFNN-based seismic inversion workflow 
is given. Third, a model test is given to testify the robustness 
of the proposed DFNN-based inversion workflow. Fourth, 
we applied the DFNN-based inversion workflow to the field 
data and obtained elastic parameters ( Ip and Vp∕Vs ). Lastly, 
this paper ends with conclusions.

Theory and methodology

In this work, to estimate the elastic parameters ( Ip and Vp∕Vs ) 
from the pre-stack seismic data, we propose a DFNN-based 
inversion workflow accordingly. It mainly includes two 
steps: the pre-stack constrained sparse spike inversion and 
DFNN-based elastic parameter prediction. Here, the band-
pass elastic parameters ( Ip and Vp∕Vs ) are first inverted from 
pre-stack seismic data using the pre-stack constrained sparse 
spike inversion. After that, the DFNN-based network is 
applied to estimate the corresponding low-frequency compo-
nents of elastic parameters and extend the band-pass elastic 
parameters ( Ip and Vp∕Vs ) into low- and band-pass elastic 
parameters ( Ip and Vp∕Vs ). In the following subsection, we 
will detail them accordingly.

Pre‑stack constrained sparse spike inversion

Pre-stack amplitude versus offset (AVO) inversion strategy 
is a primary technique in estimating elastic parameters of the 
subsurface reservoir with respect to seismic angle gathers. 
Noticeably, seismic reflectivity amplitudes resulting from 
the lithology contrast highly depend on the reflection angle 
and the elastic properties of rock lithology (Buland and 
Omre 2003; Connolly 1999; Kelly 2001; Russell et al. 2011).

Technically speaking, due to the noise effect and meas-
urement uncertainty, the pre-stack constrained sparse spike 
inversion technique is an ill-posed and multidimensional 
problem. As a consequence, additional constraints are usu-
ally added to the AVO inversion procedure to obtain rational 
and reliable inversion results. In this work, like most other 
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geophysical inversion strategies, we cast pre-stack con-
strained sparse spike inversion into the Bayesian inference 
framework with respect to consideration of sparseness and 
scale matrix, which are preferable to improve the correla-
tion between inverted parameters. Meanwhile, the Cauchy 
distribution is applied to describe the priori distribution of 
the reflectivity because the Cauchy distribution has the more 
convergent peak of probability density and distinct long-
tail feature in the low probability zone comparing to typical 
Gaussian probability distribution. In addition, the sparse part 
in the objective function theoretically equals norm 1. How-
ever, it is due to the difficulty of the solution process and 
massive calculation burden; we use a linear programming 
method to constrain the solution of the objective function 
(Debeye and Vanriel 1990).

With known priori distribution and likelihood function, 
the posterior distribution of inverted parameters can be given 
as:

where P(�|�) is a likelihood function, P(�) is the priori dis-
tribution of the elastic parameters, P(�) marginal probability 
distribution, m is objective inversion parameter, and d is the 
measured data. Here if we assume noise obeys the Gaussian 
distribution, then the likelihood function is given as:

where �� and Nd are covariance matrix and dimension of the 
measured data, respectively. � is a diagonal matrix to adapt 
the empty feature of the measured data.

Combining with Cauchy distribution, then priori distribu-
tion can be given as:

where �i = (�i)T�−1�i ; the matrix � is a 3 × 3 scale 
matrix. �i denotes the 3 × (3N) matrix and is defined by:

where N denotes the number of the sample points. n is 1, 2, 
and 3, respectively. l ranges from 1 to 3N.

Finally, the posterior function is:
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Solving the maximum of the posterior probability density 
function is mathematically equivalent to find the minimum of

where R(�) = 2
∑N

i=1
ln
�
1 +�T�i�

�
 . Here, R(�) is a regu-

lar term of the Cauchy distribution (detailed in Appendix 
A). Therefore, finding the minimum of J(�) is equivalent 
to solve:

where

If �−1
d

=
1

�2
d

� , �2
d
 is noise variance, � is a unit matrix, substi-

tuting these into Eq. (8) to get:

where � ∼ �2
d
 . � is a hyper-parameter.

Finally, the weighted iterative least square method is 
applied to solve Eq. (9), obtaining the inverted parameters.

Architecture of DFNN model

In this work, the DFNN takes the band-pass (12–45 Hz) Ip and 
Vp∕Vs obtained by pre-stack constrained sparse spike inversion 
as an input and the actual high-cut (45/5 Hz) log curves as the 
target output to train a stable DFNN model (Fig. 1). Then, 
the well-trained DFNN model is used to predict the low- and 
band-pass (0–45 Hz) elastic properties (e.g., Ip and Vp∕Vs).

It is well known that the structure of the DFNN model has 
a significant impact on the prediction results. Therefore, it is 
necessary to determine the input of the neural network model, 
the number L of layers of the model, the number of neurons in 
each hidden layer, and the types of activation functions. Here, 
the network contains five layers in total. The first layer is the 
input layer, the 5th layer is the output layer, and the three mid-
dle layers are hidden layers. The number of neurons in each 
hidden layer is set to 20. In addition, it also needs to determine 
the learning rate � , the maximum Max of iterations, and stop 
the iterative threshold � in advance. Normally, the learning 
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rate � is a small value, and the learning rate � is set to 0.001 in 
this paper. The maximum Max of iterations is set to 200. The 
sum of the squared errors of the output layer is as the objec-
tive function:

where �predicted represents the elastic parameters predicted 
by the DFNN, �target is the corresponding label, N is the 
number of sampling points of the logging curve.

Then, the gradient-based optimization algorithm is used 
to minimize the proposed objective function through itera-
tive updating of the parameters of the network (Fig. 2). The 
algorithm flow is as follows:

(10)Loss =

∑N

i=1

�
�predicted −�target

�2
N

,

Step 1 Small random numbers are used to initialize the 
weights, and training time t is set to 0.
Step 2 A training sample � =

[
x1, x2,… , xn

]T
∈ �n is 

obtained from the training set, and its expected output 
�output is 

[
d1, d2,… , dn

]T
∈ �m . Samples are usually 

selected from the training set in an arbitrary order.
Step 3 Calculate the actual output of the current neural 
network when � is input.

where wl
ij
 represents the connection weight of the ith neu-

ron of the (l − 1)th layer and the jth neuron of the lth 
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)))
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Fig. 1   Overall structure of 
DFNN

Fig. 2   Algorithm workflow of 
DFNN
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layer, l = 2,… , L . yr is the output of the rth neuron of the 
output layer. f (⋅) is the sigmoid activation function.

Step 4 Adjust the weights from the output layer. For the 
lth layer, the following formula is used to update the 
weight.

where Δwl
ij
(t) is the weight correction term. It is defined 

by:

where xl
ij
 is the input from the ith neuron of the (l − 1)th 

layer to the ith neuron of the lth layer. For the output layer 
(l = L) , the error �l

j
 of jth neuron is calculated as 

follows:

(12)f (x) =
1

1 + e−x
.

(13)
wl
ij
(t + 1) = wl

ij
(t) + Δwl

ij
(t), l = 2,… , L, j = 1,… , nl, i = 1,… , nl−1,

(14)Δwl
ij
(t) = ��l

j
xl
ij
,

where dj and yj are the expected output and the output 
calculated by the model of the jth neuron, respectively.
The hidden layer (l = 2,… , L − 1) �l

j
 is calculated accord-

ing to:

where hl
j
 is the output of the jth neuron of the lth layer.

Step 5 After updating all weights, the outputs are recal-
culated for all training samples, and the error between the 
output of the updated network and the expected output is 
calculated. If the convergence condition is reached, stop 
iteration, otherwise set t = t + 1 and return step 2.

Workflow of DFNN‑based inversion

As shown in Fig. 3, there exist two primary steps to per-
form elastic parameters inversion from pre-stack seismic 
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Fig. 3   Workflow of AVO 
inversion-DFNN hybrid algo-
rithm for low- and band-pass Ip 
and Vp∕Vs prediction
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data. Band-pass parameters inversion is first conducted in 
the designed workflow. It has been well known that input 
parameters of pre-stack inversion include partial stacking 
seismic and corresponding wavelets. Note that the quality 
of the stacking seismic dataset and the extracted wavelets 
mainly determines the frequency band of the inverted elas-
tic parameters. In a conventional pre-stack inversion, the 
low-frequency components of elastic parameters from well 
interpolation are another input. Second, the full-band pass 
parameters (e.g. Ip , Vp∕Vs ) are consequently obtained by 
merging low-frequency components with band-pass com-
ponents in the frequency domain. Here, instead of using 
the conventional well-interpolation method, the follow-
ing DFNN-based algorithm is applied to estimate the low-
frequency components of elastic parameters.

Next, the DFNN algorithm is applied to obtain low-fre-
quency components of the dataset. In this step, the output 
Ip and Vp∕Vs are learned separately. Ip and Vp∕Vs are just 
using common network structures as shown in Fig. 1. The 
training samples include two parts: (1) the training input 
of DFNN and (2) the training label. To acquire sufficient 
training samples, more than 20 attributes were actually 
computed and ranked according to their relevance to the 
target quantity ( Ip and Vp∕Vs ) during the sensitive attrib-
ute selection. For Ip , the following five attributes includ-
ing amplitude weighted consin phase (Pimp_bp), filter 
5/10–15/20 (Pimp_bp), (Pimp_bp)2, apparent polarity 
(Pimp_bp), and amplitude weighted phase (Pimp_bp) are 
considered as training samples in this work. For Vp∕Vs , the 
following five attributes including integrate (Vp/Vs_bp), 
quadrature trace (Vp/Vs_bp), amplitude weighted fre-
quency (Vp/Vs_bp), filter 5/10–15/20 ( Vp/Vs_bp), and 
( Vp/Vs_bp) 2) are used as training samples in this work. 
It is because that there is the highest linear correlation 

coefficient with the low and band-pass (0–45 Hz) logging 
elastic curves. Meanwhile, to ensure the stability of the 
DFNN algorithm, we perform the high-cut (45/5 Hz) filter 
to the log curves subjecting to the upper limit of band-pass 
(12–45 Hz) parameters obtained by pre-stack inversion, 
retaining low- and band-pass (0–45 Hz) components of 
the dataset as training samples.

After setting the hyper-parameters, such as the number of 
hidden layers, the neurons of each hidden layer, and iteration 
number, the training samples are used to train the DFNN 
model. When the DFNN model is stable, the blind dataset is 
used to verify the robustness and generalization of the well-
trained model. Specifically, here, we evaluate the robustness 
and generalization of the DFNN model from two angles. 
First, as shown in Figs. 4 and 5, the training loss curve con-
verges fast, and the loss value after the final convergence 
is also smaller. Therefore, to some extent, it demonstrates 
that the DFNN model tends to be stable with 200 epochs. 
Second, the testing on both well logging data and field data 
using the DFNN model can also prove that the DFNN model 
is stable. Ultimately, we apply the DFNN model to directly 
estimate both low- and band-pass results from seismic data. 
It needs to point out that we use the inverted band-pass 
parameters from pre-stack constrained sparse spike inver-
sion as the initial input of the DFNN model.

DFNN algorithm test

DFNN algorithm in this paper, the band-pass (12–45 Hz) 
component of the elastic log curves is used to predict the 
low- and band-pass (0–45 Hz) elastic parameters ( Ip and 
Vp∕Vs ) in 10 wells. Here, 10 wells had been classified into 
two groups, 5 training wells, and 5 validation wells.

Fig. 4   Training loss with vary-
ing epoch for model test using 
the DFNN model
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First, we perform the filtering on Ip and Vp∕Vs in 5 
training wells in the frequency domain. The input curves 
(band-pass elastic log curves, 12 /2–45 /5 Hz) and target 
logging curves (high-cut log curves, 0  ~ 45 Hz/5 Hz) in 
the DFNN training process are obtained, respectively. 
Second, to increase the sample abundance, the input train-
ing samples for the DFNN model are transformed into 
various seismic attributes. Here, those seismic attributes, 
which show the highest linear correlation coefficients 
with the labeled attributes, are used as the input accord-
ingly. Then, the DFNN model is used to predict the output 
parameters (low- and band-pass Ip and Vp∕Vs ) from the 
input (band-pass Ip and Vp∕Vs ). The calculation iteration 
will terminate when the DFNN output has a high cor-
relation with the target curves. Finally, the well-trained 
DFNN model is applied to another five blind wells to 
verify the generalization of the model.

In Fig.  6a–e, the green dashed curve is the origi-
nal Ip log curve with low-cut (12/2 Hz). The blue solid 
curve is the original Ip log curve with a band-pass filter 
(12/2–45/5 Hz) (DFNN input). In Fig. 6f–j, the green 
dashed curve is the original elastic curve. The blue solid 
curve is the original log curve with a high-cut filter 
(45/5 Hz). The red solid curve is the low- and band-pass 
(0–45 Hz) results using DFNN model. As we can see, the 
correlation coefficient between the results predicted by 
DFNN and the high-cut (45/5 Hz) curve of the original 
log is high (Table 1), which proves the rationality of the 
DFNN for training wells. Moreover, the DFNN model is 
applied to 5 (posterior) blind wells to test the generaliza-
tion of DFNN as shown in Fig. 7. Besides, Figs. 8, 9 dis-
play the Vp∕Vs ratio predicted from (priori) training wells 

and (posterior) blind wells using the DFNN algorithm. 
The correlation coefficients in Table 1 suggest that DFNN 
is feasible in Vp∕Vs prediction as well. However, the corre-
lation between the DFNN-based prediction results and the 
band-pass filtering results is relatively low when the time 
is larger than 1.72 s which may be caused by the abnormal 
reflection of the coal seam or calcareous mudstone.

Field data example

To testify the feasibility of the proposed workflow in 
Fig. 3, we applied this AVO-DFNN hybrid inversion work-
flow to the clastic formation, Sichuan basin, China. Since 
the 3D seismic full folding in the studied area is about 400 
km2, and well log data are abundant, the dataset satisfies 
the requirement of predicting low-frequency components 
using band-pass parameters obtained by pre-stack con-
strained sparse spike inversion.

Pre‑stack inversion

It is necessary to prepare some related preliminary work 
before performing pre-stack constrained sparse spike 
inversion. We first obtain five partial stack seismographs 
by stacking 3D common-reflection-point (CRP) gathers. 
Next, we pick ten wells with good measurement condi-
tions to complete data pre-processing (e.g., environmen-
tal correction, multiple well normalizations). Because 
well C shows a high correlation between CRP gather and 
synthetic gather, it is suitably used to estimate wavelets. 

Fig. 5   Training loss with 
varying epochs for realistic data 
using the DFNN model
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Moreover, wavelets are extracted from partial stacking 
seismographs as shown in Fig. 10a. As we can see, the 
morphological features of the wavelets 1–3 estimated 
from small incident to middle angle gathers show a rela-
tively high correlation comparing to that of wavelets 4–5, 

suggesting that there exists a high correlation well-seismic 
tie for wavelets 1–3. In addition, Fig. 10b displays that the 
amplitudes of the wavelets decrease with increasing inci-
dent angle. The comparability of wavelets 1–3 is relatively 
high comparing to the others. Consequently, we decide to 

Fig. 6   Ip from (prior) five training wells (A–E). a–e Shows the origi-
nal Ip log curve with low-cut (12/2 Hz) (green dashed line) and Ip log 
curve with a band-pass filter (12/2–45/5 Hz) (blue solid line) for these 
five training wells (A-E); f–j shows the original elastic curve (green 

dashed line) and the original log curve with a high-cut filter (45/5 Hz) 
(blue solid line) and the low- and band-pass (0–45 Hz) results using 
DFNN (red solid line)

Table 1   Correlation coefficient between high-cut log parameters and low- and band-pass parameters predicted by the DFNN model

Log number The correlation coefficient between high-cut log Ip and low- 
and band-pass Ip predicted by DFNN

The correlation coefficient between high-cut log 
Vp∕Vs and low- and band-pass Vp∕Vs predicted by 
DFNN

Well A 0.802 0.891
Well B 0.718 0.942
Well C 0.095 0.792
Well D 0.598 0.943
Well E 0.147 0.911
Well F 0.415 0.855
Well G 0.564 0.508
Well H 0.202 0.827
Well I 0.317 0.881
Well J 0.357 0.838
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use the first three stacking gathers and wavelets 1–3 as 
input to perform Ip and Vp∕Vs inversion concerning the 
constrain of Cauchy distribution and scale matrix.

Figure  11 shows band-pass (12–45  Hz) Ip inverted 
from pre-stack seismic gather and band-pass (12–45 Hz) 
log curves, respectively. Note that the green dashed line 
denotes the original log curve with low-cut (12/2 Hz). The 
blue solid line indicates the original log curve with band-
pass (12/2–45/5 Hz). The red solid line shows the inverted 
Ip from pre-stack band-pass seismic. In addition, Fig. 12 
shows band-pass Vp∕Vs inverted from seismic (12–45 Hz) 
and band-pass (12–45 Hz) log curves, respectively. At the 
seismic frequency band (12/2–45/5 Hz), the correlation 
between inverted parameters ( Ip and Vp∕Vs ) and ones at the 
well site (band-pass log curve) is high, which, to a certain 
degree, ensures the reliability of seismic inversion.

DFNN model training

For DFNN model training, wells A–E and wells F–J in 
Fig. 13 are used to be training wells and verification wells, 
respectively. The low- and band-pass (0–45 Hz) Ip and Vp∕Vs 

parameters are estimated using the DFNN algorithm. As 
stated above, based on inverted band-pass (12–45 Hz) Ip , 
the related attributes are calculated to satisfy the sample 
training requirement. Comparing these transformed attrib-
utes with those coming from low- and band-pass (0–45 Hz) 
Ip at well site, six attributes including amplitude weighted 
consin phase, filter 5/10–15/20 (Pimp_bp), (Pimp_bp)2, 
time, apparent polarity (Pimp_bp), and amplitude weighted 
phase (Pimp_bp) are selected to be sample input because of 
high correlation.

Figure 13a–e, displays the low- and band-pass (0–45 Hz) 
Ip using the DFNN algorithm with respect to band-pass Ip 
obtained by pre-stack inversion as input on (priori) training 
wells. Note that green, blue, and red represent the original 
log curve, low- and band-pass (0–45 Hz) log curve, and low- 
and band-pass (0–45 Hz) Ip using DFNN prediction concern-
ing band-pass Ip obtained by pre-stack inversion as input. 
Figure 13f–j displays the low- and band-pass Ip using DFNN 
prediction on (posterior) blind wells concerning band-pass 
Ip obtained by pre-stack inversion as input, verifying the 
DFNN’s generalization capability. The correlation coeffi-
cient between inverted low- and band-pass Ip using DFNN 
(red) and low- and band-pass (45/5 Hz) Ip (blue) is shown 

Fig. 7   Ip from (posterior) five blind wells (F–J). a–e shows the origi-
nal Ip log curve with low-cut (12/2 Hz) (green dashed line) and Ip log 
curve with a band-pass filter (12/2–45/5 Hz) (blue solid line) for these 
five blind wells (A–E); f–j shows the original elastic curve (green 

dashed line) and the original log curve with a high-cut filter (45/5 Hz) 
(blue solid line) and the low- and band-pass (0–45 Hz) results using 
DFNN (red solid line)
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Fig. 8   Vp/Vs from (prior) five training wells (A–E). a–e shows the 
original Vp/Vs log curve with low-cut (12/2 Hz) (green dashed line) 
and Vp/Vs log curve with a band-pass filter (12/2–45/5  Hz) (blue 
solid line) for these five training wells (A–E); f–j shows the original 

elastic curve (green dashed line) and the original log curve with a 
high-cut filter (45/5 Hz) (blue solid line) and the low- and band-pass 
(0–45 Hz) results using DFNN (red solid line)

Fig. 9   Vp/Vs from (posterior) five blind wells (F–J). a–e shows the 
original Vp/Vs log curve with low-cut (12/2 Hz) (green dashed line) 
and Vp/Vs log curve with a band-pass filter (12/2–45/5  Hz) (blue 
solid line) for these five blind wells (A–E); f–j shows the original 

elastic curve (green dashed line) and the original log curve with a 
high-cut filter (45/5 Hz) (blue solid line) and the low- and band-pass 
(0–45 Hz) results using DFNN (red solid line)
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in Table 2, which is comparable with that for the inverted 
band-pass Ip as shown in Fig. 11. It means that the prediction 
of low-frequency components from the band-pass dataset is 
reliable and trustable.

It is similar with Ip ; here five wells A–E in Fig. 14a–e 
and five wells F–J in Fig. 14f–j are used to build a training 
model of Vp∕Vs and to verify the model generalization capa-
bility. To obtain sufficient training samples, the following 

Fig. 10   a Extracted wavelets 
and b corresponding amplitude 
spectrum

Fig. 11   Comparison between band-pass (12–45 Hz) Ip inverted from 
pre-stack seismic gather and band-pass (12–45 Hz) log curves. Note 
that the green dashed line denotes the original log curve with low-cut 

(12/2  Hz). The blue solid line indicates the original log curve with 
band-pass (12/2–45/5  Hz). The red solid line shows the inverted Ip 
from pre-stack band-pass seismic
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six attributes translated from inverted band-pass Vp∕Vs are 
selected. They are integrated ( Vp∕Vs_bp ), quadrature trace 
( Vp∕Vs_bp ), amplitude weighted frequency ( Vp∕Vs_bp ), fil-
ter 5/10–15/20 ( Vp∕Vs_bp ) and ( Vp∕Vs_bp)2 because of high 
correlation comparing with those for low- and band-pass 
Vp∕Vs_bp dataset. Table 3 shows the correlation between 
inverted low- and band-pass Vp∕Vs_bp using DFNN (red) 
and low- and band-pass (45/5 Hz) Vp∕Vs (blue). It suggests 
that the constructed model is reasonable and has strong gen-
eralization ability.

DFNN model application in field data

In this section, we use 3D band-pass elastic parameters 
from pre-stack constrained sparse spike inversion to pre-
dict low- and band-pass Ip and Vp∕Vs profile using the pro-
posed workflow. Figure 15a shows band-pass Ip results 
from a pre-stack constrained sparse spike inversion with 
crossing priori wells, while Fig. 15b shows low- and band-
pass Ip results using the DFNN algorithm, which uses 
band-pass inversion results as an input. Well log curves 
in Fig. 15a, b are measured band-pass Ip and high-cut, 
respectively. The target zone is shaly sandstone forma-
tion, which is at deep depth and the late diagenetic stage. 

As a consequence, the Ip of sandstone is comparable with 
that of shale, causing weak comparability among wells. 
At the well site, pre-stack band-pass inverted Ip is similar 
to that from low- and band-pass Ip using the DFNN algo-
rithm. However, differentiating from the “interbedded sand 
shale” feature in the vertical orientation observed from 
band-pass Ip (Fig. 15a), low- and band-pass Ip inverted 
from DFNN (Fig. 15b) exhibits strong structure charac-
teristic, which is consistent with geological stratigraphy. 
The inverted Ip with blind wells in Fig. 16 shows a similar 
trend as Fig. 15 does.

Comparing to Ip , Vp∕Vs is more sensitive to rock lithol-
ogy. It is well known that sandstone exhibits low Vp∕Vs , 
while shale rock has high Vp∕Vs . Figure 17a, b shows band-
pass Vp∕Vs from pre-stack inversion and low- and band-
pass Vp∕Vs using DFNN with passing priori wells. Well 
log curves in Fig. 17a, b are measured band-pass Vp∕Vs and 
high-cut Vp∕Vs , respectively. It can observe that the low- and 
band-pass Vp∕Vs seismic profile inverted from DFNN not 
only exhibits a strong formation structure but also appears 
lithology change and sand body pinching out laterally inside 
the rock formation, comparing with band-pass Vp∕Vs profile 
from pre-stack constrained sparse spike inversion. Moreo-
ver, the stratigraphy feature of the sand body in the vertical 

Fig. 12   Comparison between band-pass (12–45  Hz) Vp∕Vs inverted 
from pre-stack seismic gather and band-pass (12–45 Hz) log curves. 
Note that the green dashed line denotes the original log curve with 

low-cut (12/2 Hz). The blue solid line indicates the original log curve 
with band-pass (12/2–45/5 Hz). The red solid line shows the inverted 
Vp∕Vs from pre-stack band-pass seismic
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orientation, lens shape of the sand body, and lateral stack-
ing feature of the sand body are consistent with geological 
characteristics of braided channel sand body deposition. In 
addition, the inverted Vp∕Vs with (posteriori) blind wells in 
Fig. 18 show a similar trend as Fig. 17 does.

More importantly, Fig. 19a, c shows that the “buphthal-
mos” artifact of Ip and Vp∕Vs caused by well interpola-
tion is strong. However, the DFNN algorithm dramati-
cally decreases such artifacts. It is mainly because, for the 

conventional well interpolation method and DFNN-based 
inversion workflow, the input data of describing the lateral 
variation in low-frequency components of elastic parameters 
are different. Specifically, for the conventional well interpo-
lation method, the lateral variation mainly depends on the 
number and distribution characteristics of well data points. 
When the distance among well points is larger than the lat-
eral range, it will lead to the appearance of “buphthalmos” 
on the slice. It is well known that, compared with distance of 
hundreds or even thousands of meters between wells, the lat-
eral sampling intervals of seismic data are only about 25 m. 
Therefore, using well interpolation method easily causes the 
“buphthalmos” phenomenon.

Different from the well interpolation method, transverse 
high-density seismic data are applied as an input in the 
DFNN-based inversion. Consequently, such high-density 
seismic data not only characterize transverse heterogeneity 
features but also maintain the continuity of elastic param-
eters. That is to say, DFNN-based inversion, to a certain 
degree, improves the resolution of inverted parameters slice. 
As a result, the Vp∕Vs slice seems to look broken in Fig. 19d. 
Essentially, such “broken” Vp∕Vs slice demonstrates the 
characteristics of multiple braided river systems in NW–SE 

Fig. 13   Inverted Ip using DFNN algorithm with respect to band-
pass Ip obtained by pre-stack inversion as input on (priori) training 
wells (a–e), and on (posterior) blinding wells (f–j). Note that green, 
blue, and red represents the original log curve, low- and band-pass 

(0–45  Hz) log curve, and low- and band-pass (0–45  Hz) Ip using 
DFNN prediction concerning band-pass Ip obtained by pre-stack 
inversion as input

Table 2   Correlation coefficients between low- and band-pass Ip using 
DFNN prediction and high-cut logs

Log number Correlation 
coefficient

Log number Correlation 
coefficient

Well A 0.690 Well F 0.664
Well B 0.897 Well G 0.749
Well C 0.759 Well H 0.737
Well D 0.876 Well I 0.143
Well E 0.780 Well J 0.829
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strike, which is consistent with the geological understanding 
of the sedimentary environment.

Conclusions

In this paper, we aim to reconstruct the missing low frequen-
cies, using an artificial neural network, which is a prom-
ising data-driven approach within the machine learning 

framework.

Taking into account the spatial complexity of elastic char-
acteristics of the low frequency of the dataset, the abundance 
of model training samples, and the noise level of training 
data, the DFNN algorithm is applied to estimate low- and 
band-pass elastic attributes from band-pass elastic attributes.

For the 1D blind well test, the low-frequency content pre-
dicted by DFNN is consistent with practical one in 5 (poste-
riori) blind wells, suggesting the feasibility and generality of 
the proposed AVO inversion-DFNN hybrid algorithm. Moreo-
ver, for the 2D seismic profile application, the low-frequency 
component of elastic attributes using DFNN prediction clearly 
reflects the horizontal deposition trend and the diagenesis 
trend in the vertical orientation. Overall, this smooth varia-
tion feature captured by DFNN in the space domain, instead 
of space distortion, is more reasonable according to geological 
diagenesis.

Appendix A

This appendix differentiates the regularization term R(m) in 
Eq. 6. R(m) can be written as:

Fig. 14   Inverted Vp∕Vs using DFNN algorithm with respect to band-
pass Vp∕Vs obtained by pre-stack inversion as input on (priori) train-
ing wells (a–e) and on (posterior) blinding wells (f–j). Note that 
green, blue, and red represent the original log curve, low- and band-

pass (0–45 Hz) log curve, and low- and band-pass (0–45 Hz) Vp∕Vs 
using DFNN prediction concerning band-pass Vp∕Vs obtained by pre-
stack inversion as input

Table 3   Correlation coefficients between low- and band-pass Vp∕Vs
 

using DFNN prediction and high-cut logs

Log number Correlation 
coefficient

Log number Correlation 
coefficient

Well A 0.574 Well F 0.624
Well B 0.725 Well G 0.513
Well C 0.763 Well H 0.573
Well D 0.630 Wel lI 0.500
Well E 0.657 Well J 0.707
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Taking the derivative of R(m) with respect to mk , then we 
can get:

(17)
�R(�)

��
=

[
�R(�)

�m1

⋅ ⋅ ⋅

�R(�)

�mk

⋅ ⋅ ⋅

�R(�)

�m3N

]T
.

If expanding the second term of Eq. (18), then we have:

(18)
�R(�)

�mk

= 2

N∑
i=1

(
1

1 +�T�i�

)
�

�mk

�T�i�.

Fig. 15   Ip Profile with (priori) training wells. a Band-pass Ip profile 
from pre-stack constrained sparse spike inversion. The black curve is 
the original band-pass (12–45 Hz) Ip log curve; b low- and band-pass 

(0–45 Hz) Ip profile from DFNN prediction using inverted band-pass 
Ip (Fig. 13a) as input. The black curve is a high cut (45/5 Hz) Ip log 
curve

Fig. 16   Ip Profile with (posterior) blind wells. a Band-pass Ip profile 
from pre-stack constrained sparse spike inversion. The black curve is 
the original band-pass (12–45 Hz) Ip log curve; b low- and band-pass 

(0- 45 Hz) Ip profile from DFNN prediction using inverted band-pass 
Ip (Fig. 14a) as input. The black curve is a high cut (45/5 Hz) Ip log 
curve
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)
. By using the fact �mp

�mq

= �pq

{
= 1, if p = q

= 0, if p ≠ q
 , Eq. (19) can 

be written as:

Fig. 17   Vp∕Vs Profile with (priori) training wells. a Band-pass Vp∕Vs 
profile from pre-stack constrained sparse spike inversion. The black 
curve is the original band-pass (12–45 Hz) Vp∕Vs log curve; b low- 

and band-pass (0–45 Hz) Vp∕Vs profile from DFNN prediction using 
inverted band-pass Vp∕Vs (Fig.  13a) as input. The black curve is a 
high cut (45/5 Hz) Vp∕Vs log curve

Fig. 18   Vp∕Vs Profile with (posterior) blind wells. a Band-pass Vp∕Vs 
profile from pre-stack constrained sparse spike inversion. The black 
curve is the original band-pass (12–45 Hz) Vp∕Vs log curve; b low- 

and band-pass (0–45 Hz) Vp∕Vs profile from DFNN prediction using 
inverted band-pass Vp∕Vs (Fig.  16a) as input. The black curve is a 
high cut (45\5 Hz) Vp∕Vs log curve
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After changing the order of summation of Eq.  (20), 
then:

where Qkn =
∑N

i=1

2�i
kn

1+�T�i�
, k, n = 1, 2, 3,… , 3N.
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