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Transformer and Convolutional Hybrid Neural
Network for Seismic Impedance Inversion

Chunyu Ning, Bangyu Wu

Abstract—The inversion of elastic parameters especially P-wave
impedance is an essential task in seismic exploration. Over the
years, deep learning methods have made significant achievements
in seismic impedance inversion, and convolutional neural networks
(CNNs) become the dominating framework relying on extracting
local features effectively. In fact, the elastic parameters temporal
correlation consists of local and global characteristics, with the
latter as a general trend in vertical direction due to gravity and
diagenesis (vertical mechanical compression). Therefore, consider-
ing the excellent performance in capturing global dependencies of
Transformer, we design an improved transformer encoder, a trans-
former and convolutional hybrid neural network (trans-CNN), for
seismic impedance inversion. The designed network not only has
the ability of transformer capturing global features with the facil-
itation of parallel computing but also the advantage of extracting
local features of CNNs. With sparse well log data as labels, it
can infer the absolute impedance from seismic data without an
initial model. We also devise a relative time interval prediction self-
supervised task to assist the network in better extracting seismic
data features without adding any labels. Therefore, a multitask
framework composed of self-supervised and supervised learning
is used to train the network. We first conduct experiments on the
Marmousi2 and overthrust model. The prediction profiles show
that the proposed trans-CNN has better inversion and transfer
learning ability than several comparable networks. We then test
the proposed network on a field data, the experiments further
suggest that trans-CNN can obtain stable inversion results with
better horizontal continuity and high vertical resolution.

Index Terms—Impedance inversion, seismic data, self-

supervised learning, transformer.

I. INTRODUCTION

EISMIC inversion is a process to obtain physical properties
S and spatial structure of strata based on seismic image. It
plays a vital role in the stratigraphic characterization of under-
ground space and the evaluation of reservoir physical properties
[1], [2]. P-wave impedance is a key elastic parameter for the
exploration and identification of a reservoir. It indicates the
property of the reservoirs and is indispensable in hydrocarbon
prediction.

Manuscript received 8 August 2023; revised 20 December 2023; accepted
13 January 2024. Date of publication 25 January 2024; date of current version
12 February 2024. This work was supported in part by the Natural Science
Basic Research Program of Shaanxi under Program 2023-JC-YB-269 and in part
by the National Natural Science Foundation of China under Grant 41974122.
(Corresponding author: Bangyu Wu.)

Chunyu Ning and Bangyu Wu are with the School of Mathematics
and Statistics, Xi’an Jiaotong University, Xi’an 710049, China (e-mail:
ncy0312 @stu.xjtu.edu.cn; bangyuwu@xjtu.edu.cn).

Baohai Wu is with The CGG GeoSoftware (Beijing), Beijing 100016, China
(e-mail: baohaiwu@ 163.com).

Digital Object Identifier 10.1109/JSTARS.2024.3358610

, Member, IEEE, and Baohai Wu

Nowadays, for the seismic inversion methods, there are
two major categories: model-driven and data-driven inversions.
Model-driven seismic inversion usually relies on good low-
frequency initial models and precise physical priors, which
include deterministic methods [3], [4], [5], [6], [ 7] and stochastic
methods [8], [9]. Due to frequency band mismatch, approxima-
tion of physical principles (forward modeling), and unavoidable
noise in field seismic data [10], [11], it is often difficult for tradi-
tional model-driven methods to stably obtain high-resolution in-
version results. Over the past few years, with the vigorous growth
of machine learning and big data analysis, data-driven inversion
methods especially deep learning have achieved tremendous
progress in seismic inversion. In 2019, deep neural network
model was used to invert multiple elastic parameters [12]. As
the rapid growth of convolutional neural networks (CNNs),
they are investigated intensively to solve the seismic inversion
problem. It showed that CNNs have great potential in predicting
high-accuracy impedance from band-limited seismic signals
[13], [14], [15]. Almost at the same time, the full convolutional
neural network (FCN) was proposed, which substituted all the
fully connection layers with convolutional layers and made a
breakthrough in seismic inversion [16]. Wu et al. [17] incor-
porated residual convolutions into FCN (FCRN) and transfer
learning to improve model generalization ability for different
synthetic models. Zheng et al. [18] extended FCRN to multitask
learning impedance inversion with seismic data reconstruction
as an auxiliary task. In addition, semisupervised methods such
as CycleGAN, WcycleGAN, and geophysical-guided cycle-
consistent GAN are also explored for seismic inversion tasks
[19], [20], [21], [22].

The above methods generally use convolution to extract fea-
tures in seismic data. Essentially, seismic traces can be re-
garded as time series and the magnitude of subsurface elastic
parameters are increasing in a general trend due to gravity
and diagenesis (vertical mechanical compression), which shows
long-range and global characteristics. In this regard, the re-
current neural networks (RNNs) [23] and their variants long
short-term memory (LSTM) [24], [25] and gated recurrent unit
(GRU) [26] were successively utilized to model the long-term
dependence in seismic sequences. GRU and bidirectional GRU
were respectively combined with convolutional layers to extract
information on seismic traces, enhancing the effectiveness of
inversion networks [27], [28]. Nevertheless, the inherent gra-
dient disappearance and inability to compute in parallel limit
their capabilities for efficient applications. Besides, Mustafa
et al. [29] applied the time convolutional network (TCN) to
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acoustic impedance inversion. TCN encapsulates the strengths
of RNNs and CNNs and can capture low-frequency features
with fewer network parameters. However, the above-mentioned
sequence-to-sequence models are generally unable to accurately
process long sequences. The attention mechanism can preserve
and utilize all the information of the input during decoding,
thus mitigating this problem. It assigns higher weights to the
important and relevant features, enhancing the accuracy of the
output prediction.

The attention mechanism imitates the human visual attention
system and acquires the target zone that should be focused by
searching the overall image. By adjusting the weight matrix
of the attention mechanism, information within and between
channels can be fetched according to the importance, such as
squeeze and excitation network [30], efficient channel attention
network [31]. Wu et al. [32] added feature-map attention and
the channel-attention mechanisms to the impedance inversion
network, which greatly improved the accuracy of the proposed
ResANet. The self-attention takes the correlation between input
vectors as the entry point, making the network extract full-scale
information according to the correlation between every two
positions. Transformer takes this a step further, based entirely on
self-attention modules, drawing multiple global dependencies
within a sequence. Most importantly, transformer is no longer
focused solely on temporal association within series but pays
more attention to learning multiple semantic information.

In 2017, transformer architecture was proposed for the first
time and applied to natural language processing (NLP) [33].
Its excellent performance in sequence modeling and machine
translation has made it rapidly gain attention in various fields.
In 2018, transformer was applied in computer vision [34]. In
2020, the proposals of object detection model DETR [35] and
image classification model ViT [36] ignite the rapid develop-
ment of transformer. At present, transformer has been widely
used in image classification [37], [38], target detection [39],
[40], image segmentation [41], [42], [43], and other research
directions, sweeping the entire field of computer vision. More
and more scholars and engineers begin to take advantage of the
transformer as a powerful tool for different tasks.

Considering the time dependence of seismic series and the
metric of transformer, we propose to use transformer for model-
ing low-frequency trends between seismic trace and impedance.
We design an improved convolution-augmented transformer en-
coder for seismic inversion by analogizing time sampling points
to words in NLP. In addition, we also devise a self-supervised
task to help the network extract latent effective information
without adding any labeled samples. On the whole, we propose
a Transformer and convolutional hybrid neural network, coined
as trans-CNN, for seismic impedance inversion. Trans-CNN
takes advantage of long-term feature acquisition and parallel
computing in transformer, while also benefiting from the local
feature extraction ability of CNN. To strengthen the model
robustness when labeled data is deficient, we introduce a self-
supervised learning task for the modeling of the time relation-
ship inside a trace. Generally speaking, the proposed model is
trained in a multitask framework for both self-supervised and
supervised learning, improving the accuracy of results even in
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the case of limited labeled data. In the first task, the network
aims to learn the relative time interval inside seismic trace
by self-supervised learning. While the other task, the network
predicts the impedance by supervised learning. Due to improved
transformer encoder and CNN, trans-CNN can enhance infor-
mation extraction ability and inversion accuracy while ensuring
efficiency. The inversion results on two synthetic models indicate
that trans-CNN can inverse impedance profiles with detailed
strata and also has better transfer learning ability. For the field
data, the inversion profile of trans-CNN is more consistent with
the well logs than several comparable networks.

The rest of this article is organized as follows. Relevant theo-
ries used in trans-CNN are introduced in Section II. The network
architecture and the loss function are introduced in Section III.
Section IV demonstrates the performance of trans-CNN on the
synthetic and field data tests. Section V is the discussion. Finally,
Section VI concludes this article.

II. COMPONENTS OF TRANS-CNN NETWORK
A. Positional Encoding

Instead of processing sequential data in chronological order,
transformer computes in parallel. Location information needs
to be encoded in the data, that is, positional encoding. For time
domain seismic inversion, it measures the distance between any
two time points and generalizes to input embeddings with any
length.

For the vector at the position ¢ in the sequence, the position
vector is defined as

i _ [sin(wit), ifi%2=0 o
Pe= Veos (wit), ifi%2 =1
where the frequency of the trigonometric function is
w; = m7 ifi%2=0 @
' %=1

Here, d is the channel number in convolutional layers and
represents the input dimension of the attention mechanism as
well.

B. Multihead Self-Attention

In Fig. 1, it shows the self-attention mechanism calculation
flow. Data points in a trace are now represented by the vector z; €
RY*? where d is the same as above. Each x; is multiplied by the
corresponding matrix to get query ¢; € R key k; € R*%*
and value v; € R¥*<, where d;, denotes the number of columns
in query and key. The vital step of the attention mechanism is to
calculate the similarity A, ; between ¢; and k;, and calculation
is as follows:

T

szj
. 3
NG 3)

A; j = softmax

Finally, we can get the b"* corresponding to the z;

T
b?l = ZAi’jvj' (4)
j=1
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Fig. 2. Four-head self-attention calculation flow (taking by as an example).

The self-attention mechanism in matrix form can be repre-
sented as follows:

. QKT
Attention (@, K, V') = softmax < NG > %4 (5)
where all the ¢;, k;,v; are packed together into matrix @ €
RT>*d K € RT>dx and V € RT*?. T denotes the length of
seismic traces.

For single self-attention, there is one () and K corresponding
to a seismic trace, and the information included in the similarity
matrix between @ and K is inadequate for complex geological
structures in seismic data. Therefore, in order to obtain stronger
information extraction capability, the number of @), K, and V'
is increased in multihead self-attention. In general, the equation

for the H-head self-attention can be represented in a similar way
(33]

MHALttn (Q, K,V) = Concat (heady, ..., heady) W (6)
head,,, = Attention (QW,, KWK VIV,)) (7

where the W € R¥>*Pr WK ¢ RaxDr 1V ¢ RI*d and
W € RHT*d are learned weights of the linear projection. In
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Fig. 3. Relative time interval prediction process.

Fig. 2, an example of four-head self-attention module is illus-
trated.

We use the multihead self-attention to enhance feature extrac-
tion and especially long-term trends in seismic traces, in order to
help the network achieve better accuracy and lateral continuity
results. The head number in the multihead self-attention is set
to 4, the dimension of the feed-forward layers to 1024, and the
parameters dj, Dy, to 8.

C. Relative Time Interval Prediction Self-Supervised Learning

Deep learning is mainly to summarize the internal rules with
various levels of representations, which usually requires the
support of large-scale training samples. In the field of seismic
inversion, insufficient label data has always been a problem for
supervised deep-learning methods in practical applications due
to limited well logs. We apply self-supervision to mitigate this
problem. Self-supervised learning was initially used success-
fully in NLP as a pretext task to replace expensive annotations
and obtain supervision from text instead [44], [45].

In trans-CNN, we use the measure of the relative location of
temporal data random pairs as a self-supervised learning task.
In this process, the network obtains the temporal information of
seismic traces and improves the inversion performance without
adding any additional labels [46]. Fig. 3 shows the relative time
interval self-supervised learning process of a seismic trace. We
can select the k;j, time sampling pair 4,7 in a trace of length 7',
and their true distance is defined as

Dk:“;ﬂ,z—,jep, 7). ®)

After the trace passes through all encoding layers, each time
sampling point is represented by a feature vector. Then we take
out the vector b;, b; and send them into MLP as a random pair.
The MLP calculates D5 = MLP(b;, b;)" to predict the distance
between two points.

In this article, the number of random pairs M is related to
the seismic trace length 7". On synthetic models, M is 100 and
on the field data M is 10. Finally, we define the relative time
interval loss by mean absolute error as

M

LS Dk - D). ©)

1 t = —
0SS,
k=1
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Fig. 4.

III. TRANS-CNN NETWORK FOR SEISMIC IMPEDANCE
INVERSION

A. Network Architecture

Fig. 4(a) shows the designed architecture of trans-CNN. This
network consists of five main submodules with names Branchl,
Branch2, Combination, Task1 and Task2. And, each submodule
fulfills a different role in the overall network.

The Branchl submodule extracts local features from seismic
traces to model high-frequency details. The first part of Branchl
is a convolutional layer with 32 kernels of size 299 x 1, which
changes according to the length of the source wavelet. It is fol-
lowed by aresidual block mainly consisting of two convolutional
layers. One is 32 convolution kernels with size 299 x 1 and the
other is 3 x 1. In residual blocks, batch normalization (BN) is
applied to accelerate the training speed of the network after all
convolutional layers, and the rectifified linear unit (ReLu) helps
the network depict complex nonlinear relationships.

The Branch2 submodule captures global dependencies of
seismic traces and models their low-frequency content. In the
Branch2, the convolutional layer and the residual block are
to map the original seismic traces to corresponding feature
matrices. Then the feature matrices are added positional in-
formation by positional encoder and sent into transformer en-
coder for global features extraction. While transformer focuses
on capturing long-term dependencies, it may ignore important
relative-offset-based local correlations. Therefore, we improve

Architecture of the trans-CNN. (a) Trans-CNN. (b) Convolution-augmented transformer encoder.

the structure of transformer encoder by adding a convolutional
layer after attention to make the encoder pay attention to global
and fine-grained correlations at the same time for more accurate
inversion results. The details of convolution-augmented trans-
former encoder are shown in Fig. 4(b). Multihead self-attention,
as Fig. 2, is the first and most important part of the transformer
encoder. Then, a convolutional layer of T kernels with size 3 x 1
is added in the middle to capture the relative-offset-based local
correlations, where 7 is the length of the seismic trace. The
feed-forward layer follows at the end, which consists of two
fully connected layers [47]. Moreover, the first part multihead
self-attention and the last part Feed-forward layer adopts resid-
ual connection, layer normalization, and ReLu, while the middle
convolutional layer uses BN.

In the combination submodule, there is a residual block same
as previous to combine global and local information from two
branches. The network starts to perform two tasks after the
combination submodule. Taskl is applied to learn the relative
time interval using MLP, which is mainly composed of two fully
connected layers. Task2 predicts the impedance of input seismic
traces, this task uses a 1 kernel convolutional layer of size 3 x 1
to decode the data.

B. Loss Function

The loss function in this article is composed of the rela-
tive time interval loss loss_t and the predicted impedance loss
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loss_ip. The loss_t is the output of Taskl in the network. And
the loss_ip uses mean square error (MSE) to compute the loss
of the predicted impedance (y}) and the true value (y;), written
as

N
1 2
1 i — T 10
0ss_ip = ;: 1 (y; — i) (10)
‘We summarize the loss as
Loss = loss_ip + Aloss_t (11)

where A is a hyperparameter related to the input data.

IV. EXPERIMENTS

The experiments are mainly divided into three parts according
to data sources: the Marmousi2 synthetic model, the overthrust
synthetic model used for transfer learning, and the field data are
trained and predicted using FCRN, RNN-CNN, LSTM-CNN
and trans-CNN networks respectively, where RNN-CNN and
LSTM-CNN refer to replacing the transformer encoder in trans-
CNN with a RNN/LSTM module.

A. Marmousi2 Model

The impedance of Marmousi2 model is shown in Fig. 5(a). It
is used to calculate the reflection coefficient and then convolved
with the source Ricker wavelet with 30 Hz 0° phase to synthesize
corresponding seismic data [see Fig. 5(b)]. The Marmousi2
model is built to simulate the geological environment of conti-
nental drift. It includes several typical geological structures, for
instance, great changes of velocity in both temporal and spatial
directions and faults [48]. The model has 13 601 traces and 2800
time sampling points in each trace, with time intervals of 1 ms.

For this model, 136 traces are selected through isometric
sampling to train the network, of which 90% are taken into the
training dataset and 10% into the validation dataset. The vali-
dation dataset evaluates network performance every 50 epochs,
for selecting the parameters with the least validation loss as the
final parameters of trained networks. The batch size and epochs
are designated as 5 and 1000. In the loss function, the value of
hyperparameter A is set to 1. We use Adam optimizer to update
network parameters, setting its weight decay to 1 x 1077 and
learning rate to 0.001 respectively. Network training is executed
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Fig. 6. Loss curves in training and validation process of the FCRN, RNN-

CNN, LSTM-CNN, and trans-CNN on Marmousi2 model (the epochs of final
parameters have been marked with dot). (a) Training loss. (b) Validation loss.

under PyTorch framework and GPU-accelerated calculation is
adopted.

We can see the training loss curves from four networks in
Fig. 6(a) and validation loss curves in Fig. 6(b). In Fig. 6(b), the
epochs of final network parameters have been marked with dot
on corresponding curves. For training loss curves, the trans-CNN
is higher than FCRN with small margin. This is mainly because
the loss function of trans-CNN includes two parts: relative time
interval loss loss_t and predicted impedance loss loss_ip, while
the network loss of FCRN only includes the latter. But it can
be inferred from the validation loss curves in Fig. 6(b) that its
generalization ability is the best among the four networks.

The impedance profiles predicted by all networks are shown in
Fig. 7(a)—(d), and their corresponding residuals are shown below
each one [see Fig. 7(e)—(h)]. From the 5000-10000th traces of
prediction profiles, which are more challenging to invert, we
can observe that FCRN and RNN-CNN significantly deviate
from the ground truth, while the LSTM-CNN and trans-CNN
can predict the stratigraphic structures more accurately. It can
be inferred that the latter two networks have better inversion
ability when facing complex geological structures, and further
inspection shows that trans-CNN achieves the best performance.
In the black circles of Fig. 7(c) and (d), the trans-CNN result
[see Fig. 7(d)] is with distinct structural edges and less white
vertical strips. In the black circles of Fig. 7(e)—(h), there are
strong changes in impedance, and only the result of trans-CNN
does not have obvious errors. For the purpose of comparing
the prediction details of a single trace, two traces (5729, 8542)
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Fig. 8. Impedance prediction results of two traces on Marmousi2 model. (a) Trace 5729. (b)Trace 8542.
TABLE I TABLE II

MSESs AND PCCS BETWEEN PREDICTED AND TRUE IMPEDANCE ON THE
MARMOUSI2 MODEL (BEST VALUES ARE HIGHLIGHTED IN RED)

TRAINING AND INFERRING TIME ON THE MARMOUSI2 MODEL

Indicators FCRN | RNN-CNN | LSTM-CNN | Trans-CNN
Indicators [ FCRN [ RNN-CNN [ LSTM-CNN [ Trans-CNN Training |08m 16s| 53m13s 55m56s 22m32s
MSE 0.0081 0.0181 0.0065 0.0027 Inferring 57s 11m42s 12m46s 1m40s
PCC 0.9960 0.9909 0.9967 0.9986

between 5000 and 10 000th are selected for inspection [shown in
Fig. 8(a) and (b)]. As shown in Fig. 8, the proposed network pre-
dicts reliable impedance for the complex stratigraphic changes.
Table I shows the MSEs and Pearson correlation coefficients
(PCCs) between prediction results and the ground truth in the
above experiments. It can be seen that the MSE (0.0027) and
PCC (0.9986) of trans-CNN are the best. In addition, the training
and inferring time of networks are shown in Table II. It explains
that transformer encoder has great advantages over RNN and
LSTM in computing efficiency, especially in inference time.

B. Overthrust Model

Fig. 9 shows the dataset of the overthrust synthetic model. As
can be seen, its geological structure is quite different from the
Marmousi2 model. Therefore, we choose the overthrust model
to compare the transfer learning ability of four networks: they
are pretrained on the Marmousi2 model, and then fine-tuned by
the overthrust model. This model consists of 401 traces with
2800 time points of 1 ms interval in each trace. We choose 5
traces (1th, 100th, 200th, 300th, and 400th) to participate in
transfer learning. Due to insufficient labeled traces, cubic spline
interpolation method is applied for sample augmentation. Cubic
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of final parameters have been marked with dot). (a) Training loss. (b) Validation
loss.

spline interpolation uses the selected 5 original traces to get
interpolated data from 50 traces (see Fig. 10). 90% of them are
used for training and 10% for validation. The networks are esti-
mated every 50 epochs for validation. And the hyperparameters
of networks are the same as Section IV-A.

During fine-tuning, Fig. 11(a) and (b) shows the training and
validation loss curves. What can be obtained is the FCRN losses
are the smallest on the interpolated training and validation data.
First, it is due to loss of FCRN only consist of loss_ip while
losses of other three networks include loss_zp and loss_t. Then,
the high similarity between the training and validation data
makes the performance of four validation loss curves consistent
with the training process. Fig. 12 illustrates that the general-
ization ability of trans-CNN exceeds the other three networks
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Interpolated results of the overthrust model. (a) Interpolated impedance. (b) Corresponding interpolated seismic data.

TABLE III
MSES AND PCCS BETWEEN PREDICTED AND TRUE IMPEDANCE ON THE
OVERTHRUST MODEL (BEST VALUES ARE HIGHLIGHTED IN RED)

Indicators | FCRN | RNN-CNN | LSTM-CNN | Trans-CNN
MSE 0.0035 0.0030 0.0016 0.0007
PCC 0.9983 0.9981 0.9994 0.9997

TABLE IV
TRAINING AND INFERRING TIME ON THE OVERTHRUST MODEL
Indicators | FCRN | RNN-CNN [ LSTM-CNN [ Trans-CNN
Training [02m34s| 23m30s 22m46s 8m09s
Inferring 0.7s 22.6s 24.2s 3.6s

dramatically. From the prediction profiles of four networks
[see Fig. 12(a)—(d)] and their residuals [see Fig. 12(e)—(h)],
trans-CNN can accurately predict the structure of the thin strata
and faults, while other prediction profiles are contaminated by
vertical strip errors. To quantify the results, Table III shows the
MSEs and PCCs between the predicted and true values. As can
be seen, trans-CNN has the most outstanding performance on
both MSE (0.0007) and PCC (0.9997). The training and inferring
time of all networks are shown in Table I'V.

C. Field Data

According to the above experimental results, trans-CNN has
presented an advantage due to its global information extraction
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Impedance prediction results with fine-tuning on the overthrust model. (a) FCRN. (b) RNN-CNN. (¢) LSTM-CNN. (d) Trans-CNN. (e)—(h) Corresponding

Seismic data of the field data. (a) Time slice of 2300 ms, the yellow diamonds are well wl-w6 locations, and the yellow line depicts the position of

cross-well profile. (b) Seismic data of cross well profile (dashed vertical lines indicate the location of wells).

on synthetic models. To further prove its effectiveness in appli-
cation, we conduct experiments on a field data. A total of 12 100
(110 x 110) seismic traces are collected on the working area,
having 1501 sampling points with 2 ms time interval in each
trace. A random seismic data time slice is shown in Fig. 13(a).
The 2244-2494 ms of traces are selected as our target layer.
The locations of 6 wells and their cross-well profile have been
indicated in Fig. 13(a), and Fig. 13(b) shows the seismic data of
cross-well profile. We apply a transfer learning strategy on this
dataset to overcome the issue of insufficient labeled data. First,
we interpolate the 6 wells impedance and use the convolution
model to obtain the corresponding seismic data, they collectively
form the synthetic model. The interpolated impedance and cor-
responding seismic profile of the synthetic model are shown in
Fig. 14(a) and (b), and the source wavelet used for convolution
is shown in Fig. 14(c). The networks are pretrained with the 185
seismic traces of cross-well profile (1.5% of total data) on the
synthetic model, and it needs to be specifically stated that the
data of 6 wells do not participate in the pretraining process. Then
we use the same interpolation method for impedance and seismic
data to obtain interpolated data and select the 24 traces closest
to each well to fine-tune the network. With this augmentation
operation, we are able to fine-tune the network by 144 seismic

traces (1.2% of total data). In addition, network hyper parameters
need to be adjusted as follows: the size 299 x 1 of convolution
kernels is changed to 29 x 1, the Adam optimizer weight decay
rate is changed to 1 x 1076, and the value of A in loss fuction is
changed to 0.5 according to ablation experiments. The remaining
settings in the networks are same as Section [V-A.

In the pretraining and fine-tuning process of the experiments,
we both make use of 90% data as a training dataset and 10%
for validation. The training and testing curves obtained in the
fine-tuning process are shown in Fig. 15. As we can see that
the curves are consistent with those of the overthrust synthetic
model. Fig. 16 shows the cross-well profiles predicted by four
networks, and the impedance of wells is inserted in correspond-
ing positions. It can be observed that there are many vertical
stripes with no geological meaning in the results obtained by
FCRN [see Fig. 16(a)] and RNN-CNN [see Fig. 16(b)], such as
stratigraphic structure in the black boxes. And there are some
incomplete stratigraphic structures that are in conflict with the
continuous sedimentary model in Fig. 16(a), indicated by the
arrow. For Fig. 16(c) and (d), the profile predicted by trans-CNN
[see Fig. 16(d)] is more consistent with impedance in wells than
LSTM-CNN [see Fig. 16(c)], such as the area indicated by the
white boxes. Then, the LSTM-CNN profile shows more unrea-
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Fig. 14.  Synthesize data for pretraining of the field data. (a) Impedance obtained by interpolation from wells. (b) Synthetic seismic data. (c) Source wavelet.
TABLE V
MSESs AND PCCS BETWEEN PREDICTED AND TRUE IMPEDANCE OF THE 6 WELLS ON THE FIELD DATA (BEST VALUES ARE HIGHLIGHTED IN RED)
MSE/PCC FCRN RNN-CNN LSTM-CNN Trans-CNN
Wil 0.0666/0.9539 0.0852/0.9412 0.1016/0.9293 0.0815/0.9437
w2 0.0098/0.9916 0.0137/0.9878 0.0135/0.9876 0.0132/0.9879
W3 0.0360/0.9620 0.0334/0.9689 0.0266/0.9747 0.0220/0.9778
w4 0.0004/0.9997 0.0010/0.9991 0.0014/0.9987 0.0011/0.9991
W5 0.0004/0.9995 0.0016/0.9982 0.0018/0.9980 0.0010/0.9991
W6 0.0058/0.9945 0.0082/0.9928 0.0072/0.9931 0.0052/0.9951
ini H H TABLE VI
0.10 Training LOiSm 0.2 Validation LESFCSRN AVERAGE MSE AND PCC BETWEEN PREDICTED AND TRUE IMPEDANCE OF
RAK.CHN RAN.CHN RHE 6 WELLS ON FIELD DATA (BEST VALUES ARE HIGHLIGHTED IN RED)
0.08 = eman | 015 R e v
0.0 0.10 Indicators | Single-task trans-CNN | Trans-CNN
0.04 MSE 0.0226 0.0674
0.02 0.05 PCC 0.9825 0.9383
.00 0 256‘ 500 750 10000'00 0 250 500 750 -1000
(a) (b
at w2 and w4—w6 is not obvious, and the predicted impedance of
Fig. 15. Fine-tuning loss curves in the training and validation process of the  four networks are quite close to the ground truth. The MSEs and

FCRN, RNN-CNN, LSTM-CNN, and trans-CNN on the field data (the epochs
of final parameters have been marked with dot). (a) Training loss. (b) Validation
loss.

sonable stratigraphic and structures than trans-CNN, especially
the structure in black circle and vertical strips in black boxes.
Moreover, the lateral continuity of trans-CNN is improved. The
predicted and real impedance at 6 wells is plotted in Fig. 17. As
we can see, the prediction values of the four networks at w1 are
similar. There are large deviations with the ground truth due to
rapid changes in impedance, such as time span between 2394
and 2444 ms (indicated by yellow box). Trans-CNN achieves
the best performance at w3. The difference between predictions

PCCs of 6 wells are shown in Table V. In general, trans-CNN
and FCRN perform better than other networks. Taking PCC as
the evaluation metric, the predicted values of trans-CNN are
better at w3 (0.9778) and w6 (0.9951), while the PCC of FCRN
is good at well w1 (0.9539), w2 (0.9916), w4 (0.9997), and w5
(0.9995).

To verify the function of self-supervised learning task in trans-
CNN, we presented the results of the comparative experiment
of single-task trans-CNN and our trans-CNN in Table VI and
Fig. 18. Based on the combination of numerical indicators and
figure, it can be seen that the single task trans-CNN performs
better in terms of MSEs and PCCs on six wells, as it only
updates network parameters according to the indicator MSE.
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TABLE VII
MSES AND PCCS BETWEEN PREDICTED AND TRUE IMPEDANCE FOR THE
BLIND WELL W4 (BEST VALUES ARE HIGHLIGHTED IN RED)

Indicators | FCRN [ RNN-CNN | LSTM-CNN | Trans-CNN
MSE 0.0903 0.1786 0.1774 0.0674
PCC 0.9136 0.7675 0.7917 0.9383

However, its prediction results on the cross-well profile have
a large number of vertical stripes. This clearly verifies that the
self-supervised task can mitigate the overfitting and improve the
generalization ability of the trans-CNN.

To further demonstrate the superiority of our network, we
conduct blind well test on the field data. We choose w4 as
the blind well and do not use any information about it in the
pretraining and fine-tuning process. The predicted impedance of
w4 is shown in Fig. 19. And, the MSEs and PCCs of networks are
recorded in Table VII. It shows that the trans-CNN prediction
result has the highest matching degree with ground truth on
MSE (0.0674) and PCC (0.9383). Next, we use four networks to
predict inline profile where w4 is located. We show the predicted
impedance profiles in Fig. 20 and show the corresponding seis-
mic data in Fig. 21. It is shown that trans-CNN predicted profiles
[see Fig. 20(d)] have more complete stratigraphic structures with
better lateral continuity.

Finally, we present the predicted results of the 3-D field data
volume in Fig. 22. From the figure, it can be seen that the data
volume predicted by trans-CNN has strong horizontal continuity
and the time slice matches the one in Fig. 13(a).

V. DISCUSSION

At present, CNNs have become one of the fastest-growing
fields in artificial intelligence. In CNNSs, a unit in the networks
only depends on a region of the input, which is one of the basic
concepts, called receptive field. For a network, only the area

d

Impedance prediction profiles on the field data. (a) FCRN. (b) RNN-CNN. (¢) LSTM-CNN. (d) Trans-CNN.

within the receptive field is related to the unit value, so the
accuracy of receptive field size is crucial. There are a number
of ways to increase the receptive field size, of which increasing
convolutional kernel size and stacking more convolutional layers
are the most common ways. However, these methods have
limitations in application. On one hand, the excessive increase
of convolution kernel size will affect the feature extraction
effectiveness; on the other hand, the unreasonable stack of the
network depth may cause some original information loss in
the training process. Therefore, we adopt transformer encoder
architecture and use it to extract global features in trans-CNN,
mitigating the limitations of receptive field size in CNN. In
the experiments of synthetic models, it demonstrate that com-
pared to RNN and LSTM, the improved transformer encoder
effectively improves the accuracy and continuity of impedance
inversion results and reduces training and inferring time. This
is extremely crucial in exploring reservoir characteristics. In
addition, the self-supervised learning task further improves the
inversion performance under limited labels. When transfer learn-
ing is carried out for different datasets, trans-CNN shows the best
transfer learning ability. In the field data experiments, we first
use synthetic data to pretrain the network, which enables our
network to learn the stable correspondence between impedance
and seismic data, which is applicable to the entire data volume.
During the fine-tuning process, due to the high accuracy of the
interpolation data around the well, we only use these data to
fine-tune networks.

Although trans-CNN performs the best among all the com-
pared networks, there are still some directions for improvement.
First, our network is trained under the multitask framework,
so the mixed loss function composed of loss_t and loss_ip
is used. In this article, the relative weight factor A in the loss
function is selected through ablation experiments, and cannot be
guaranteed the optimal. In this regard, it can be improved to use
some methods such as homescedic uncertainty [18] and gradient
normalization [49] to treat the A as a trainable parameter. Second,
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Fig.21. Inline profile seismic data on the field data for blind well test (dashed
vertical lines indicate the location of w4).

we conduct antinoise tests on the networks. When the signal-
to-noise ratio (SNR) is 20, trans-CNN and FCRN have similar
antinoise performance, but when the SNR is lower, FCRN has
stronger robustness. So the robustness of trans-CNN is a problem
worth investigation. Third, the proposed network is improved on
the basis of 1-D CNN. It extracts the information in each seismic
trace independently but does not consider the spatial correlation
among traces. Therefore, future research is going to combine the

Impedance prediction results of w4 on the field data for blind well test.
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Fig. 22.  Three-dimensional impedance prediction volume of trans-CNN on
the field data.

global feature extraction ability of transformer with 2-D CNN
to further enhance the horizontal continuity and accuracy of
predicted profiles. Last, prestack seismic data inversion can also
be investigated to estimate multiple elastic parameters directly
[50].

VI. CONCLUSION

In this article, we design an efficient hybrid neural network
trans-CNN for seismic data impedance inversion. In terms of
network architecture, we incorporate the transformer encoder
according to the impedance inversion task and combine it with
the convolutional module, so as to effectively extract global and
local information at the same time. In addition, we add a relative
time interval self-supervised learning task and use a multitask
framework to enhance time dimension feature extraction without
adding any labels.

The qualitative and quantitative comparisons on synthetic
models indicate that trans-CNN obtains the most accurate pre-
diction results. It is shown that the trans-CNN also has the
best ability in transfer learning. Finally, we test our network
on a field data. Faced with insufficient labeled data, we use
synthesis and interpolation method for data augmentation and
introduce a transfer learning strategy during network training.
The proposed network obtains the most complete stratigraphic
structure with a higher horizontal continuity and also achieves
consistent performance on blind well test.
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