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SUMMARY

Seismic interpretation is often limited by low resolution and
strong noise data. To deal with this issue, we propose to lever-
age deep convolutional neural network (CNN) to achieve seis-
mic image super-resolution and denoising simultaneously. To
train the CNN, we simulate a lot of synthetic seismic images
with different resolutions and noise levels to serve as training
data sets. To improve the perception quality, we design a novel
loss function that combines the `1 loss and multi-scale struc-
tural similarity loss. Extensive experimental results on both
synthetic and field seismic images demonstrate that the pro-
posed workflow can significantly improve the perception qual-
ity of original data. Compared with the conventional method,
the network obtains better performance in enhancing detailed
structural and stratigraphic features, such as thin layers and
small-scale faults.

INTRODUCTION

Seismic interpretation is sensitive to the quality of seismic data.
Due to the limitations of seismic acquisition and processing,
the field seismic data is often acquired with low resolution
and corrupted by noise, which brings challenges to subsequent
seismic interpretation. Two potential technologies to solve
these issues are image super-resolution and image denoising.

For the seismic image denoising, numerous methods (e.g., Fehmers
and Höcker, 2003; Hale, 2009; Liu et al., 2010; Wu and Guo,
2019) have been proposed to attenuate noise and enhance the
most dominant structures of reflections and faults. Although
these methods can attenuate the noise, blurring the details lim-
its its application in field data. For seismic image super-resolution,
high density acquisition (e.g., Zhang et al., 2010; Xiao et al.,
2014) and broadband seismic (e.g., Soubaras et al., 2012; Re-
bert et al., 2012; Wang et al., 2018) are two representative tech-
nologies. Nevertheless, both of them are expensive consuming
in acquisition and processing.

This paper diverts from the traditional methods and leverages
deep convolutional neural network (CNN) to achieve seismic
image super-resolution and denoising simultaneously. CNNs
have recently achieved success in many computer vision tasks
including natural image super-resolution and denoising (e.g.,
Lim et al., 2017; Zhang et al., 2017; Ulyanov et al., 2018; Dai
et al., 2019). And there are numerous methods that have been
developed. Nevertheless, directly using such methods to ad-
dress the seismic image often encounter two significant issues.
The first issue is the lack of training data. Unlike natural im-
ages, we cannot obtain a lot of noise-free field seismic images
with high resolution. The second is perception quality. Ex-
isting CNN-based methods generally use mean absolute error
(`1) loss, which tends to generate blurry and overly-smoothed
results and limits the subsequent seismic interpretation.

To tackle the first issue, we follow the workflow proposed by
(Wu et al., 2019, 2020) and generate a lot of synthetic seismic
volumes. Subsequently, we extract plenty of 2D inputs from
generated 3D volumes to serve as the training data sets. Be-
sides, to tackle the second issue, we replace the `1 loss by a
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Figure 1: Network architecture used in proposed method.

new objective, a combination of `1 loss and multi-scale struc-
tural similarity (Wang et al., 2003) loss. The network used in
our method is a variant of U-net (Ronneberger et al., 2015),
which introduces a sub-pixel layer and several residual blocks.
The details can be found in the next section. To validate the
performance of proposed method, we conduct extensive tests
on both synthetic and field seismic data. And the experimental
results demonstrate that the network trained on only the syn-
thetic data can significantly improve the perception quality of
field seismic data.

METHOD

We aim to leverage deep convolutional neural network (CNN)
to achieve seismic image super-resolution and denoising si-
multaneously. The details of used CNN model are as follows.

CNN architecture
The network architecture used in our method is illustrated in
Figure 1, which consists of three parts: a stand U-net, a Sub-
pixel layer and several Residual blocks. The U-net is an encoder-
decoder network and includes four downsampling blocks and
corresponding upsampling blocks. Each downsampling blocks
consists of a max pooling layer with kernel 2×2 and stride 2,
two convolution layers with kernel 3×3, and each convolution
layer is followed by a batch normalization layer and a rectified
linear unit (ReLU). Upsampling block is an opposite design
with downsampling block. The goal of introducing sub-pixel
convolution layer (Shi et al., 2016) is to conduct upsampling.
Here, we first increase the feature channels by convolution
and then reshaping them to enlarge the resolution of inputs.
Unlike transposed convolution used in the first part, the sub-
pixel convolution layer provides more contextual information
through a larger receptive field, which is beneficial for gener-
ating more realistic details (Wang et al., 2019). The last part,
i.e, the Residual blocks learn more high frequency information
and details from input to target. In practice, we achieve good
performance with just three residual blocks. Finally, we use
a convolution layer with kernel 1×1 to reduce the number of
feature channels to match the input.

Loss functions
We train our network using a new loss function that combines
the `1 loss and multi-scale structural similarity (MS-SSIM)
loss. Due to advantage in improving the performance and con-
vergence over mean squared error (MSE) or `2 loss (Lim et al.,
2017), `1 loss has been widely used for image super-resolution.
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Simultaneous seismic image super-resolution and denoising
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Figure 2: Experimental results on synthetic seismic data. (a)
Noiseless 3D synthetic seismic volume; (b) 3D synthetic seis-
mic volume with artificial noise; (c) Noiseless high resolution
seismic section extracted from (a); (d) the same section ex-
tracted from (b); (e) the input seismic section downsampled
from (d); (f) the recovered seismic section using our method.

b)a)

Figure 3: Comparison between the proposed mix loss (a) and
traditional `1 loss (b). The sub-images are extracted from the
area of yellow boxes shown in Figure 2(f).

Mathematically, `1 loss is defined as:

L `1 =
1
N

∑
i, j

|ISR(i, j)− IHR(i, j)|, (1)
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Figure 4: Training record. (a) the loss function values on train-
ing and validation data sets; (b) the performance curves of peak
signal-to noise ratio (PSNR) on validation data sets.

Figure 5: Three traces extracted from the same position where
the vertical lines shown in Figure 2. Output section trace (red),
corresponding synthetic input section trace (green) and ground
truth trace (blue).

where N is total number of pixels. In practice, however, the
network trained using only the `1 loss will generate unsatisfy-
ing high-resolution images with smooth textures. The reason
is that `1 loss minimizes only pixel-wise distance between out-
put and target and ignore the texture structures. To tackle this
issue, we introduce a new loss term derived from multi-scale
structural similarity (MS-SSIM).

MS-SSIM, an assessment for image quality, is sensitive to change
in local structure and more appropriate for human visual sys-
tem (HVS). Mathematically, the loss derived from MS-SSIM
is defined as:

MS-SSIM(x,y) = [lM(x,y)]αM ·
M∏

j=1

[
c j(x,y)

]β j
[
s j(x,y)

]γ j ,

(2)
where M is the scale and l(x,y), c(x,y), s(x,y) represent three
measurements between x and y: luminance or amplitude in
seismic image, contrast and structure. To improve the percep-
tion quality of recovered images, we combine the `1 loss and
MS-SSIM loss and obtain a new loss function defined as:

L Mix = α ·L MS-SSIM +(1−α) ·L `1 (3)

where
L MS-SSIM = 1−MS-SSIM(ISR, IHR), (4)

and α is the weight of loss function and we empirically set
α = 0.5.

The comparison between `1 loss and mix loss is illustrated in
Figure 3. It is obvious that the output of `1 loss (Figure 3b) is
more smooth than the mix loss (Figure 3a) in faults. The mix
loss leads to realistic and perception results.

Training data sets
Before training model for super-resolution and denoising to-
gether, we need a lot of 2D high resolution pure seismic im-
ages as the ground truth. In practice, however, such data sets
are rare. To this end, we follow a workflow provided by (Wu
et al., 2019, 2020) and generate a lot of synthetic 3D seismic
data with size 256×256×256 . In this workflow, we first ob-
tain a high resolution and noise-free 3D seismic volume with
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Simultaneous seismic image super-resolution and denoising

well-imaged faults and layers (Figure 2a). And then, we add
some random noise to simulate realistic and generalized field
seismic data (Figure 2b).

To prepare training datasets, we must generate many pairs of
2D seismic images IHR and ILR. Inline or crossline 2D seis-
mic sections are extracted from 3D synthetic noise-free seis-
mic volumes as high resolution images (IHR) (Figure 2c). And
the low resolution seismic images (ILR) (Figure 2e), used as
input, are obtained by downsampling the same 2D sections by
a factor of 2 (Figure 2d) which are generated from the volumes
with random noise. We apply 80% of the datasets for training,
10% for validation and rest for test. Our work aims at recon-
structing the high resolution images ISR from low resolution
images with noise ILR. In particular, ISR is expected to close to
the original high resolution images IHR.

Data augmentation
Data augmentation is one of the most useful methods for im-
proving the performance deep models. In order to avoid using
a large memory footprint for training, we first crop the pairs
of 2D seismic images into a lot of small patches at random.
However, the information contained in a small patch is often
insufficient to recovery the details between ILR and IHR (Kim
et al., 2016). Thus, we choose the size of the input seismic
patches to be 96×96 to balance the above problems, and the
corresponding size of the high resolution seismic patches is
192×192. In addition, we randomly horizontal flip and verti-
cal flip the pairs of patches to increase the diversity of training
datasets.

Training details
We totally extract 1500 pairs of inline or crossline 2D seismic
sections from 200 synthetic 3D seismic volumes. Every in-
put seismic image and target seismic image are normalized to
[0,1] by substracting and dividing the minimum value and the
value’s range of each seismic image. We then pre-process all
the seismic images by data augmentation discussed before.

We train our model with ADAM optimizer (Kingma and Ba,
2014) and set the parameter β1 = 0.9, β2 = 0.999, ε = 10−8.
The learning rate is initialized to 1e− 4 and decayed by 0.5
once the number of epoch reaches 200. We set batch size as
16 and totally extract 16×1000 patches from training datasets.
We train our network over 300 epochs. We provide the training
details in Figure 4, where (a) reports the loss function values
on training and validation data sets; and (b) reports the per-
formance curves of peak signal-to noise ratio (PSNR) on vali-
dation data sets. Although the loss function and PSNR curves
do not converge until nearly 300 epochs, it only takes us about
7 hours to finish a training task that works in NVIDIA Tesla
V100 SXM2.

We first evaluate the performance of our CNN model on syn-
thetic seismic images, i.e., the test sets that are not involved
in training and validation. The experimental results are shown
in Figure 2, where Figure 2c is the pure seismic images with
high resolution used as ground truth, Figures 2e and 2f are
the input noise seismic image with low resolution and the out-
put seismic image recovered by our CNN model respectively.
Compared with the low resolution noise seismic image, the re-
covered seismic image provides enhancing structural features
and sharper geologic edges, especially in faults and seismic
horizon. And the thin layers are recovered well even if there
are only some blurred traces almost invisible to human eyes
on the low resolution image. In addition, the result also of-
fers an effect of denoising. It is obvious that the seismic sec-
tion between two seismic horizon of recovered images is more

smoothed compared with the inputs.

Furthermore, we compare the amplitude characteristics of three
traces and report the results in Figure 5. These three traces are
extracted from the output seismic section (red) and the corre-
sponding pair of the low resolution seismic image (green) and
the ground truth (blue) where the corresponding color verti-
cal lines. The waveforms of three curves are in approximately
agreement keeping the shape. But the red one yields more de-
tails than the green curve. The ground truth curve maintain
the similar characteristics with the output trace. This charac-
teristics is well manifested in the range of samples 200 to 220
of the curve, where many thin layers are covered by random
noise in Figure 2e. These details may be the faults or thin
layers that appear blurry or have a small change of amplitude
compared to surroundings in low resolution seismic images.
In a words, the clean and high resolution seismic sections with
enhanced faults and thin layers are generated by applying the
input seismic images to CNN model and can facilitate to sub-
sequent seismic interpretation. Our method of simultaneous
super-resolution and denoising is highly efficient. It takes only
several seconds to process all 150 images, each with a size of
128×128.

Applications
Our CNN model achieves good effectiveness and generaliza-
tion on both synthetic and field seismic datasets even if it is
trained with synthetic seismic data only. To verify the capa-
bility of the model, we feed some 2D field seismic images
acquired at different 3D surveys to the trained CNN model.
Before applying the field seismic images, each image is nor-
malized as same as the synthetic datasets to make it be con-
sistent with training. Besides, the dimension size of the input
seismic image is not fixed and is only required to be dividable
by 2t , or we need to resize the input seismic image so that its
dimension can be dividable by 2t , where t is the downsampling
times of the architecture. We use t = 4 in our experiment.

Figure 6 shows a real example where the native seismic im-
age (Figure 6a) is directly captured from the paper of Broad-
Seis (Soubaras et al., 2012). Feeding this native image into our
trained CNN model, we obtain an improved image (Figure 6b)
where the noise are effectively removed and the resolution of
detailed features (e.g., thin layers and small-scale faults) are
significantly improved. Our result (Figure 6b) shows even
more details than the improved image (Figure 6c) by the Broad-
Seis technique. The BroadSeis requires more expensive acqui-
sition costs and computational costs for processing while our
CNN-based method requires no extra cost and takes only mini-
seconds to compute the result shown in Figure 6b. Figures 8a,
8b, and 8c show a zoomed in view of the yellow boxes in the
native image, our result, and BroadSeis image, respectively.
From these sub-images, we can more clearly observe that our
CNN-based method (Figure 8b) significantly enhances the de-
tailed structures of thin layers and the faults with small throws
(as denoted by the red arrows).

Figure 7 shows another two field examples, where Figures 7a
and 7b are the two native field seismic images which are ac-
quired at different surveys. Figures 7c and 7d are the corre-
sponding results computed by using our CNN-based method
of simultaneous super-resolution and denoising. Although the
structural features and the amplitude values in these field im-
ages are significantly different from our synthetic training data,
our trained CNN model still works well as in the synthetic
tests. This indicated that our CNN model, trained with only
synthetic datasets, is well generalized for various field datasets.
Compared to the native images (Figures 7a and 7b), our re-
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Simultaneous seismic image super-resolution and denoising

a) c)b)

Figure 6: Comparison betweent our method and traditional method. (a) The 2D native field seismic section, (b) the result recovered
by our method, (c) the result recovered by traditional method.
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Figure 7: Experimental results of proposed method on field
seismic data. (a) and (b) are two field seismic sections, (c)
and (d) are corresponding recovered results. In particular, (c)
possesses a large amplitude differed with the synthetic seismic
sections used for training.

d) e)

b) c)a)

Figure 8: Comparison in details. (a), (b) and (c) are three
patches (the yellow boxes) extracted from Figure 6. (d) and
(e) are extracted from Figures 7b and 7d (the yellow boxes).

sults show much more clear structures with noise removed
and higher resolution of detailed structural and stratigraphic
features such as small-scale faults and thin layers. Two sub-
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Figure 9: Traces analysis of the field seismic seismic images
(blue) and the results (red) shown in Figure 7.

images (Figures 8d and 8e) are extracted from the yellow box
area in Figures 7b and 7d to provide a detailed comparison.

Figure 9 shows some seismic traces that are extracted from the
native images and our improved images in Figure 7. The top
subfigure in Figure 9 shows the traces of first field data shown
in Figures 7a and 7c, and the traces in the bottom figure are
extracted from the second data (Figures 7b and 7d). The blue
curves represent the native seismic image traces and the red
ones are the traces of our output images. Compared to the blue
curves (native images), the red curves (our results) show simi-
lar waveform trends and characteristics but much more details.
It must be noted that some of the recovered detailed features
are not necessarily true in the results of our CNN, especially
in the areas with quite low data quality, such as the lower left
area of Figure 7a, where the results are more likely to contain
artifacts.

CONCLUSIONS

In this paper, we developed a novel method for achieving seis-
mic image super-resolution and denoising simultaneously. Our
proposed method is based on CNN and performs well on both
synthetic and field seismic data. Multiple examples demon-
strate that our method is able to significantly enhance the de-
tailed structural and stratigraphic features in the input seismic
images. For future work we want to leverage transfer learn-
ing to reduce the gap between synthetic and field seismic data.
Such that the performance on field seismic data can be further
improved.
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