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ABSTRACT: As a key bridge between logging and seismic data, acoustic (AC) logging data is of great significance for reservoir
lithology, physical property analysis, and quantitative evaluation, and completing AC logging data can help to obtain high-resolution
inversion profiles, which can provide a reliable basis for reservoir geological interpretation. However, in the actual mining process,
the AC logging data is always missing due to instrument failure and borehole collapse in many areas, and re-logging is not only
expensive but also difficult to achieve. However, the AC data can be completed by other obtained logging parameters. In this paper, a
bidirectional gated recurrent unit network based on the Inception module is developed to complete the AC logging data. The
Inception module extracts the logging data features and inputs the extracted logging data features into the bidirectional gated
recurrent unit network, which can fully consider the characteristics of the current data and the data before and after the logging
sequence to complete the missing AC logging data. Experimental results show that the hybrid model (Inception-BiGRU) has higher
accuracy than traditional and widely used series forecasting models (gated recurrent unit network and long short-term memory
network), and this method also provides a new idea for the completion of AC logging data.

1. INTRODUCTION

The logging data records the parameters of the geological
structure, and obtaining a complete logging curve is crucial for
lithology identification, reservoir analysis, and 3D geological
modeling.l However, when obtaining logging data, due to
unavoidable factors such as instrument quality limitations” and
borehole problems,’ some logging data may be missing, and it is
impossible to measure a certain required logging curve in each
well, and re-measuring these logging curves will cost a lot and is
not advisable in actual production.” Initially, researchers used
intersection plots,” multiple regression,® and other methods to
predict the missing data, but because these methods require
strong mathematical ability and a lot of professional knowledge,
the prediction results are greatly affected by human factors and
the stability is not high. Therefore, it is crucial to study an
efficient and intelligent algorithm for logging curve reconstruc-
tion.
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In recent years, machine learning’ has developed rapidly, and
it can intelligently and quickly reflect the complex nonlinear
correlation between the original data and the target data,
opening a new chapter for logging data. Srisutthiyakorn® used a
Bayesian regularized neural network, which is more robust than
other empirical methods in 2012 to predict missing AC logging
data. Mo et al” proposed a logging curve reconstruction
technique based on the genetic neural network (GNN) in 2015
and used genetic algorithms to optimize the topology, weights,
and thresholds of traditional neural networks. The results

Received: May 26, 2023 OMEGA
Accepted: June 23, 2023
Published: July 23, 2023

https://doi.org/10.1021/acsomega.3c03677
ACS Omega 2023, 8, 2771027724


https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Youzhuang+Sun"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Junhua+Zhang"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Zhengjun+Yu"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Yongan+Zhang"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Zhen+Liu"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/showCitFormats?doi=10.1021/acsomega.3c03677&ref=pdf
https://pubs.acs.org/doi/10.1021/acsomega.3c03677?ref=pdf
https://pubs.acs.org/doi/10.1021/acsomega.3c03677?goto=articleMetrics&ref=pdf
https://pubs.acs.org/doi/10.1021/acsomega.3c03677?goto=recommendations&?ref=pdf
https://pubs.acs.org/doi/10.1021/acsomega.3c03677?fig=abs1&ref=pdf
https://pubs.acs.org/doi/10.1021/acsomega.3c03677?fig=abs1&ref=pdf
https://pubs.acs.org/doi/10.1021/acsomega.3c03677?fig=abs1&ref=pdf
https://pubs.acs.org/doi/10.1021/acsomega.3c03677?fig=abs1&ref=pdf
https://pubs.acs.org/toc/acsodf/8/30?ref=pdf
https://pubs.acs.org/toc/acsodf/8/30?ref=pdf
https://pubs.acs.org/toc/acsodf/8/30?ref=pdf
https://pubs.acs.org/toc/acsodf/8/30?ref=pdf
http://pubs.acs.org/journal/acsodf?ref=pdf
https://pubs.acs.org?ref=pdf
https://pubs.acs.org?ref=pdf
https://doi.org/10.1021/acsomega.3c03677?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://http://pubs.acs.org/journal/acsodf?ref=pdf
https://http://pubs.acs.org/journal/acsodf?ref=pdf
https://creativecommons.org/licenses/by-nc-nd/4.0/
https://creativecommons.org/licenses/by-nc-nd/4.0/
https://creativecommons.org/licenses/by-nc-nd/4.0/
https://creativecommons.org/licenses/by-nc-nd/4.0/
https://acsopenscience.org/open-access/licensing-options/

ACS Omega

http://pubs.acs.org/journal/acsodf

Table 1. Research Status of Missing Logging Data Prediction

predicted
logging
year authors method data
2012 Srisutthiyakorn et Bayesian regularized neural network missing
al. AC data
2015 Mo etal genetic neural network missing
AC data
2015 Ayoub et al. grouping method data handling missing
AC data
2018  Zhang et al. long short-term memory (LSTM)  missing
network AC data
2019  Pham et al. bidirectional convolutional long missing
short-term memory network AC data
2020  Pham et al. bidirectional convolutional long missing
short-term memory cascaded with ~ AC data
fully connected neural network
2020 Hanetal ensemble deep neural network missing
DEN
and AC
data
2021 Fanetal kernel ridge regression missing
AC data
2022  Cheng et al. bidirectional long short-term missing
memory network AC data

showed that the GNN well reconstruction results were better
than the traditional neural network, and the calculation error was
smaller than that of the traditional neural network. Ayoub and
Mohamed' used the grouping method data handling (GMDH)
in 2015 to predict the log loss curve, and the experimental results
showed that the method had good generalizability. Han et al."!
used multiple linear regression, Bayesian learning, and tradi-
tional machine learning methods in 2020 to predict missing
logging curves, but these methods often fall into local optimum.
Therefore, an ensemble deep neural network was established,
and experimental results showed that the proposed method was
more accurate than the traditional machine learning algorithm.
Kwon et al.'” proposed a method to generate logging data using
cutting-edge machine learning techniques in 2020. Unlike
existing methods, it is possible to process various missing
patterns with a single model and combine it with a supervised
model. Experimental results show that the model can accurately
generate the missing logging data and outperform the existing
supervised models. Fan et al."> predicted the missing acoustic
data in 2021 using the kernel ridge regression method.
Experimental results showed that the proposed method had
high prediction accuracy.

In related research, series forecasting models are widely used
in logging acoustic data reconstruction and achieve good results.
For example, in 2018, Zhang et al.'* established a logging data
reconstruction method using a long short-term memory
(LSTM) network that can combine depth change trends and
contextual information. Compared to FCNNs, the LSTM
method had higher accuracy. In 2019, Pham and Whu'®
predicted missing acoustic logging data by using a bidirectional
convolutional long short-term memory network, and exper-
imental results showed that the method had high accuracy. In
2020, Pham et al."® used bidirectional convolutional long short-
term memory cascaded with fully connected neural networks
(FCNN) to predict missing logging data using the ConvLSTM
architecture to consider the depth trend and local characteristics
of the logging data. This method was tested in acoustic logging
prediction and could accurately predict acoustic logging. In
2022, Cheng et al'’ proposed a recurrent neural network-based
method (bidirectional long short-term memory network) to
complete the missing logging curve. The experimental results
showed that this method could improve the prediction accuracy.
Table 1 shows the research status of prediction of missing
logging data.

There are two main improvements proposed by predecessors
to the sequence models. The first is to use the swarm
optimization algorithm to adaptively adjust the hyperparameters
of the sequence models, such as using the particle swarm
algorithm or genetic algorithm to optimize the hyperparameters
of the LSMT model. The second is to use variations of sequence
models, such as variants of LSMT (ConvLSTM or BiLSMT).

Based on the previous research on series forecasting models,
this paper innovatively combines a sequence model (bidirec-
tional gated recurrent unit network) with a deep learning
module (Inception module) to predict AC data. The Inception
module is mainly used for the extraction of data features,'® and
the gated recurrent unit network has high accuracy for logging
data prediction,19 so it is input into the gated recurrent unit
network for the prediction of missing acoustic curves after
extracting logging data features.”” The advantage of using the
feature extraction method (Inception module) is that it can
reduce data redundancy and data dimension, make the model
pay more attention to valuable features, reduce the risk of
overfitting, and improve the effect of the model. The
disadvantage is that adding modules will lead to longer
computing time and consume more time. In addition, the
prediction model BiGRU in this paper has two main advantages.
On the one hand, the before and after information can be
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Figure 1. Inception basic structure diagram.
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considered at the same time so that the characteristic
information of sequence data can be fully captured. On the

Table 2. Model Parameters

. 1. . structural
othe.r'hand, the gradient vanlshling problém that ofte.n occurs in layer type parameters output size
traditional models can be effectively avoided. The disadvantage -
. . .. A 1 input layer (10,5) (10,5,1)
is that the reverse information is introduced, and the complexity ’
. 2 (Inception module)
of the calculation becomes greater. A
convolutional layer (1,1,32) (10,5,32)
2. METHODS convolutional layer E;,;,zz; (10,5,32)
2.1. Inception Module. The convolutional neural network convolutional layer (1,1,32) (10,5,32)
has been widely used in many fields and can extract data
(5,5,32)
pooling layer/convolutional layer (33) (10,5,32)
h,. h 1,1,32
1 N o t h R ( )
3 fully connected layer 50 50
4 BiGRU layer 50 S0
1 S fully connected layer 50 S0
I Et 6 jump connection layer 100
x ’_| x 7 fully connected layer 10 10
} Zt t
o o tanh
1 t the same layer feature map for feature extraction, and then passes
through 1 X 1 convolution kernel, which is used for channel
X, dimensionality reduction, and finally, the channel splicing is
summarized to extract feature information. Based on the
Figure 2. Structure diagram of the GRU network. structure of the Inception module, the number of parameters
remains relatively unchanged while expanding the network
s hy I width. Figure 1 shows the basic structure of the Inception
~ ~ ~ module.
o o Batch standardization is generally used between the convolu-
7, % B E B R tional layer and the activation function, which normalizes the
forward data in the channel dimension, which can effectively solve the
problem of gradient vanishing, reduce overfitting phenomenon,
and improve training speed. The batch normalization formula is
Backward
as follows:
m
Xt X¢ Xt+1 1
luB = ; 2 xi
Figure 3. Bidirectional GRU network structure diagram. i=1 1)
1 m
2 2
o . o = — x; —
features”' layer by layer through the slipping operation of B Z( i~ Hg)
. : i=1 ()
convolution kernels on the feature map. Increasing the depth
and width of the network is the main way to improve network ~ X Hg
performance, but it leads to overfitting and difficult network X = 2 e
training. B (3)
The Inception module™ is an effective way to solve these — 1P
problems, which uses convolution kernels of different sizes for KETh (4)
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Figure 4. Inception-BiGRU network structure diagram.
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Figure 6. Well 2 logging parameters and AC scatter plot distribution chart.

where yy is the average of the training batches, o3, is the variance of the training batch, and x; x;, and y; are the i-th data on the
of the training batch, m is the amount of data in a single channel feature map before normalization, after standardization, and
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Figure 8. Line chart corresponding to the depth and value of each logging parameter of well 1.

after zooming and panning, respectively. y and f are the control
factors for spatial scaling and spatial translation, respectively; ¢ is
the constant that can be calculated when the variance is 0.

2.2. BiGRU. GRU™ and LSTM** are both developed by
RNN.”> LSTM can capture long-term dependencies and is
suitable for analyzing series data. The LSTM internal unit
structure is mainly composed of forget gate, input gate, output
gate, and memory cell composition. The GRU simplifies on the

basis of LSTM to obtain a network structure that only includes
reset gate and update gate, which reduces network complexity
and improves computational efficiency.”® The internal structure
of the GRU neural network is shown in Figure 2.

In Figure 2, z; and r, are update gate and reset gate,
respectively, h, _ | is the input from the previous moment, and h,
is the output. The calculation process of the output value 4, of
GRU is as follows.

27714 https://doi.org/10.1021/acsomega.3c03677
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2z = oW, + Wihi_, +b,) )
r,=o(W_x,+ W,h,_,+b) (6)
h, = tanh(Wyx, + rih,_ Wy, + b,) (7)
hy=(1—z)h +z:h,_, (8)

where W is the weight matrix between the update gate and the
reset gate, o is the sigmoid activation function, and r, is the reset
gate and its value is [0,1]. When r, = 0, it indicates that all
information passed at the previous moment has been forgotten;
b is the bias vector.

In the series, to fully consider the information law of the
positive and reverse of the data, BIGRU” is composed of a
bidirectional recurrent neural network with forward propagation
and reverse propagation (Figure 3). Compared with the
unidirectional GRU, BiGRU considers the change law of the
data, and there is no connection between the forward hidden
layer and the backward hidden layer, so BIGRU can better mine
the series characteristics of the data. The network structure of
BiGRU is expressed as follows.

27715

Et = GRU(xtl I_{t—l) (9)
ﬁt = GRU(x,, i;t—l) (10)
ht = Wﬁ,ht + Wﬁrht + bt (11)

where GRU is a traditional GRU network computing process,
Wj, and h, are the states and weights of the forward hidden layer

at the moment, respectively, Zt and Wy, are the backward hidden

layer states and weights at the moment, respectively, and b, is the
offset of the hidden layer state at time ¢.

2.3. Inception-BiGRU. In this paper, the Inception-
BiGRU*® module is built, as shown in Figure 4. First, the
logging data is reconstructed, and the two-dimensional data
obtained by the reconstruction is used as the input of the
network model. In the figure, D, ; in the input part represents the
first logging data of the first logging parameter, and Dy
represent the N-th logging data of the N-th logging data. First,
the Inception module is used to extract multi-scale features from
the input samples, and the Inception module can adaptively
extract deep features from the input samples because it contains
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Figure 12. Violin diagram of each logging parameter of well 2.

multiple convolution kernels of different scales. On the one
hand, there is no need to extract artificial features, avoiding the
dependence on expert knowledge and experience. On the other
hand, the convolution check of different scales is used to extract
features from the input, which can maximize the extraction of
features in the logging data. Then, the features extracted by the
Inception module are input into BiGRU to further learn the
sequence dependencies in the logging data.

In the Inception-BiGRU model proposed in this paper, the
input dimension is 10 X S, where 10 represents the number of
sample points and S represents the number of logging
parameters. There are a total of 4 parallel channels in the

Inception module, which perform feature extraction separately,
and the structural parameters of the convolutional layer
(1,1,32)/(3,3,32) mean the following: Data first passes through
the convolution kernel of 1 X 1 (the number of channels is 32)
and then passes serial connection 3 X 3 convolution kernels (the
number of channels is 32). The number of neurons in BiGRU is
set to 50. The specific model parameters are shown in Table 2. In
the table, the output dimensions (10,5,1) refer to the height,
width, and depth of the data, respectively. The Adam®
optimizer is used to optimize the cross-entropy loss function
with a learning rate of 0.01, and Dropout®” is used to suppress
overfitting.
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Figure 15. Line chart of forecast data and actual data for well 1.

The prediction process of missing AC logging data proposed

in this paper is mainly divided into the following steps:

Table 3. Well 1 Model Test Results

R* RMSE MAE rank
Inception-BiGRU 0.9587 2.3419 1.5542 1
BiGRU 0.908 3.6024 2.7053 2
GRU 0.8724 4.1947 32142 3
LSTM 0.8353 4.7184 3.6276 4

(1) The Z-score standardizes the collected logging data and
divides the training and test sets according to 7:3 ratio.

(2) Initialize the network parameters, train the network
model using the training set, extract feature information,
and update the network parameters through back-
propagation. Use the cross-entropy function as the loss
function for model training. Its expression is shown in the
following equation, and the Adam optimization algorithm
is used to update the parameters.

M
1
L= -1 SO+ (1—y)(1 -7)]
Mg[xnx (1 -5 )

where y; and ¥, are the actual probability distribution and

predicted probability distribution of the i-th sample,
respectively, M is the sample size, and L is the loss value.

(3) Determine whether the network training number k
reaches the number of iterations N. If so, stop the training
and save the model; otherwise, continue training. This
article sets the number of iterations to 100.

(4) Input the test set data into the trained network model to
predict AC data and output the prediction results.

2.4. Evaluation Indicators. In this paper, the R%>'
RMSE,** and MAE*? evaluation indicators are used to evaluate
the prediction results. R* shows how well the data fit the
regression model, and a higher R? indicates that the model
explains more variability. The root mean square error (RMSE) is
the square root of the square of the deviation of the predicted
value from the true value to the ratio of n number of
observations. The smaller the RMSE of the model is, the higher
the accuracy of the model is. The mean absolute error difference
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Figure 16. Scatter distribution of forecast data and actual data in well 2.

(MAE) is the average of the absolute error, which can better
reflect the actual situation of the predicted value error. The
smaller the MAE is, the smaller the error is.

Z:‘:l(yi _2‘)2

R2 =1- n 2
Zi:l()f' _7) (13)
1 n
MAE = — Iy —yl
n gl o (14)
1 n
RMSE = = ) (y—3)
n g (15)

where n is the number of samples, y; is the true value
corresponding to the i-th sample, J; is the predicted value
corresponding to the i-th sample, and ¥ is the average of the
sample data.

3. DATA

The data used in this article is from the Western China
exploration area. The well logging data collected are AC
(acoustic), GR (gamma), R4 (resistivity), DEN (density), CNL
(neutron), and M2R1 (high-resolution array sensing). Three
wells’ data is selected for model testing. Well 1 data is selected at

27719

depths ranging from 2110 to 2180 m. The sampling interval is
0.1 m, and it contains 700 sample sites. Well 2 data is selected at
a depth of 1350—1420 m, and the sampling interval is 0.1 m and
it contains 700 sample sites. Well 3 data is selected at a depth of
680—740 m, and the sampling interval is 0.1 m and it contains
600 sample sites.

The training and test sets are selected by 7:3 ratio.”* Well 1
data is trained at depths ranging from 2110 to 2159 m, with a
total of 490 sample points, and the test depth is 2159 to 2180 m,
with a total of 210 sample points. Well 2 data is trained at depths
ranging from 1350 to 1399 m, with a total of 490 sample points.
The test depth ranges from 1399 to 1420 m with a total of 210
sample points. Well 3 data is trained at depths ranging from 680
to 722 m, with a total of 420 sample points. The test depth
ranges from 722 to 740 m, with a total of 180 sample points.

The purpose of this paper is to test the effect of each model, so
it is assumed that the AC curve test segment is unknown
(because in actual oilfield production, AC data is easy to be
missing, this paper proposes machine learning models to
complete AC data) and needs to be reconstructed. The input
data of machine learning is GR, R4, DEN, CNL, and M2R1, and
the output data is AC data.

Figures 5—7 show the scattered distribution of the three well
logging parameters AC, where Frearson is the correlation
coeflicient of the two parameters, and the magnitude of the
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Figure 17. Line chart of forecast data and actual data for well 2.

Table 4. Well 2 Model Test Results

R? RMSE MAE rank
Inception-BiGRU 0.9368 1.3968 1.0476 1
BiGRU 0.9032 1.7478 1.341 2
GRU 0.8697 2.0414 1.5825 3
LSTM 0.8436 2.2529 1.7575 4

absolute value reflects the magnitude of the correlation, where
the larger the absolute value is, the greater the correlation is.
Figure S shows the scatter distribution of well 1, from which it
can be seen that the AC curve was positively correlated with GR
and CNL, with correlations of 0.59 and 0.49, respectively. AC
has a negative correlation with R4, DEN, and M2R1, with AC
having the best correlation with M2R1 at —0.73. However, if
only M2R1 is used to linearly fit the AC curve, a high accuracy
cannot be achieved. Therefore, this text introduces machine
learning algorithms to fit the nonlinear relationship between
individual logging parameters. Figure 6 shows the scatter
distribution of well 2, and it can be seen from the figure that the
AC curve is also the best correlation with M2R1 and the absolute
value reaches 0.75. Figure 7 shows the scatter distribution of well

3, from which it can be seen that the AC curve correlates best
with M2R1, with an absolute value of 0.69. The correlation
between the AC curve and GR was the worst at 0.47.

Figure 8 is a line chart of each logging parameter of well 1, in
which the data used for training is 2110 to 2159 m, because the
log response of 2110 to 2140 m in this section is violent, but the
response from 2140—2159 m logging is very stable, which can
well reflect the situation of reservoirs or non-reservoirs. The test
well section was selected from 2159 to 2180 m, and there was an
AC curve for the stationary section and an AC curve reflecting
the vigorous section. Well 2 was selected for a section for a
similar reason to well 1 (Figure 9). Well 3 selects well sections
from 680 to 722 m, of which 690—712 m are reservoir sections,
so the logging response is violent, which is used as training data
and training noise data, because the test well section is relatively
stable, which is used to evaluate the noise immunity of BiGRU
proposed in this paper (Figure 10). Figures 11—13 are violin
diagrams of well 1, well 2, and well 3, respectively, and the violin
diagram shows the distribution of data, from which it can be seen
that the logging parameters basically conform to the normal
distribution.
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4. RESULTS AND DISCUSSION

Figures 14 and 15 and Table 3 show the predicted results in well
1. Figure 14 is a scatterplot of predicted values and actual values,
and it can be seen from the plot that the best effect is Inception-
BiGRU, with an RMSE of only 2.3419 and R? reaching 0.9587.
Compared with the BIGRU model (RMSE = 3.6024), the
accuracy has been improved. The results show that the data
features extracted by the Inception module proposed in this
paper make the error of the model lower and the generalization
better. From the figure, we can also clearly see that the
bidirectional gated recurrent unit network (BiGRU) proposed
in this paper has higher accuracy and better model effect than the
traditional gated recurrent unit network. This result shows that
the BiGRU layer can learn forward data and backward data
compared to GRU. In the formation, the logging parameters
have good continuity, especially in the field of curve
reconstruction. Through the adjustment of the bidirectional
layer, the forward and backward formation logging data is
learned to make the model more accurate. The well sections
used for testing range from 2159 to 2180 m. It can be seen from
the figure that there is a sharp jitter in the logging curve at about
2166 m, in which LSTM and the traditional GRU network fail to
identify the jitter in this area. However, through the bidirec-
tionally regulated GRU network, by learning the forward data
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and backward data, the jitter situation of about 2166 m can be
basically identified.

Figures 16 and 17 and Table 4 show the predicted results in
well 2. The model quality and accuracy are sorted from the
highest to lowest: Inception-BiGRU (R* = 0.9368, RMSE =
1.3968, and MAE = 1.0476), BiGRU (R® = 0.9032, RMSE =
1.7478, and MAE = 1.3410), GRU (R? = 0.8697, RMSE =
2.0414, and MAE = 1.5825), and LSTM (R? = 0.8436, RMSE =
2.2529, and MAE = 1.7575). Figure 17 shows the line chart of
the predicted data and actual data of the test section of well 2. As
can be seen from the figure, the Inception-BiGRU prediction
results are the most consistent with the real results.

Figures 18 and 19 and Table S show the predicted results in
well 3. The best model is Inception-BiGRU. From the tests of
these three wells, it can be seen that the accuracy of the model
and optimization method proposed in this paper has been
improved compared with the traditional model. In Figure 19, the
LSTM network could not identify mutations in the logging
curve of small stratigraphic sections from 725 to 731 m. The
BiGRU network makes predictions more accurate by learning
from forward and backward data. In addition, the data features
extracted by the Inception module also make the BiGRU
network have higher prediction accuracy and smaller model
errors.
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the figure, it can be seen that the Inception-BiGRU model has Model

the smallest error and the highest accuracy among the four
sequence prediction models.

5. CONCLUSIONS

Logging curve interpretation can obtain stratigraphic parameters
such as lithology, porosity, and permeability to locate the oil
layer, but in practical applications, AC logging data is often
missing due to logging instrument failure, and re-logging is not
only expensive but difficult to implement. In this paper, the
logging data (GR, R4, DEN, CNL, and M2R1) is used to predict
the missing AC data. Based on the previous research on AC
logging data prediction using sequence models, this paper
innovatively proposes BiGRU networks based on the Inception
module to predict AC logging data. This paper comes to the
following conclusions:

Figure 20. Model prediction result evaluation index, where panel (a) is
the model evaluation index of well 1, panel (b) is the model evaluation
index of well 2, and panel (c) is the model evaluation index of well 3.

This paper compares the existing sequence prediction
models (LSTM, GRU, and BiGRU), and in the prediction
test experiment, the BiGRU model has higher accuracy,
followed by GRU and LSTM. This also shows that the
bidirectional mechanism of the BiGRU model can
effectively improve the prediction accuracy of the GRU
model.

In the AC data prediction experiment on three wells, the
accuracy of the Inception-BiGRU model is higher than
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that of the BiGRU model. This shows that the Inception
module, as a module in deep learning, can effectively
extract data features, and the prediction accuracy of the
model is improved after passing the data features to the
BiGRU network. This also provides a new idea for future
research, that is, combining deep learning modules with
sequence models to improve the accuracy of prediction.
In future research, this paper has two recommendations.
The first suggestion is about the study of missing log curve
prediction. In actual production, there may also be
missing logging data such as density, neutron, and gamma,
so it is recommended that the absence of other logging
parameters can be studied in the future. The second
suggestion is about model studies. The model proposed in
this paper innovatively combines the deep learning
module and the sequence prediction models to predict
AC data and has a relatively good prediction effect. In the
future, deep learning modules and sequence models are
constantly updated, and this paper proposes to replace the
proposed modules with efficient deep learning modules
and sequence models that appear in the future.
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B ABBREVIATIONS

AC acoustic

GRU gate recurrent unit network

BiGRU bidirectional gate recurrent unit network
LSTM long short-term memory network

GR gamma

R4 resistivity

DEN density

CNL neutron

M2R1 high-resolution array sensing

MAE mean absolute error
RMSE root mean square error
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