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Abstract 
With the deepening of oil and gas exploration, the exploration targets have 
gradually shifted from structural oil and gas reservoirs to lithological oil and 
gas reservoirs. The fluvial sandstone reservoir is an important type of litholog-
ical oil and gas reservoir. The fluvial sandstone presents characteristics in seis-
mic data, such as the uneven thickness that is difficult to distinguish, the poor 
lateral continuity, and the strong subjectivity in tracking and interpretation, 
which pose great challenges to seismic interpretation work. To solve this prob-
lem, this study proposes a method for identifying channel sand bodies based 
on convolutional neural networks using the image semantic segmentation idea. 
This method mainly adopts the U-Net network structure, which can effectively 
combine low-resolution information and high-resolution information. The ac-
tual application effect shows that compared with traditional manual interpre-
tation, this method has higher efficiency and accuracy. 
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1. Introduction 

The exploration and development of oil and gas resources worldwide have mostly 
been guided by structural traps and have gradually developed towards the explo-
ration of lithological oil and gas reservoirs. As a typical representative of litholog-
ical oil and gas reservoir types, the fluvial sandstone reservoir plays an important 
role in domestic oil and gas exploration and development dominated by terrestrial 
sedimentary environments. As is well known, there are complicated processes in 
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channel deposits such as frequent diversion and migration, lateral accumulation, 
and multi-stage stacking, which result in the characteristics of rapid lateral lithol-
ogy change and complex heterogeneity, and so on. The seismic response law cor-
responding to channel sand bodies is therefore very complex. The uneven thick-
ness and poor lateral continuity of sand bodies, coupled with the inherent limita-
tions of seismic data resolution, make it very difficult to finely carve, identify the 
continuous boundaries of the channel, and predict the planar distribution char-
acteristics. Therefore, the development of effective prediction techniques for flu-
vial sandstone reservoirs is of great significance for the exploration and develop-
ment of such lithological traps. 

In recent years, deep learning has swept all walks of life and become a compel-
ling research focus [1]. Compared to traditional neural network methods, deep 
learning has stronger nonlinear modeling capabilities and can discover and ex-
tract intrinsic features of complex data in a hierarchical manner. Most problems 
in the field of seismic exploration belong to complex nonlinear problems, which 
have a good fit with the advantages of deep learning theory in nonlinear modeling. 
Therefore, many scholars are constantly trying to apply deep learning theory to 
the actual field of seismic exploration processing and interpretation. In terms of 
seismic processing, deep learning applications mainly focus on noise processing 
[2]-[4], first break picking [5] [6], data reconstruction [7], etc. In contrast, the 
application of deep learning in the field of seismic interpretation is mainly repre-
sented by fault identification [8], horizon tracking [9], and seismic facies analysis 
[10]-[12], etc. Although deep learning theory has brought unlimited opportunities 
for the development of seismic exploration, there are still many challenges to be 
solved in practical applications. For example, training label data production and 
network structure will have a significant impact on the final application effect. 

In this study, aiming at the problems of effectively characterizing fluvial sand-
stone reservoirs in seismic data caused by poor vertical and lateral continuity and 
strong heterogeneity, a novel method for identifying channel sand bodies based 
on the convolutional neural network (CNN) is proposed by using image semantic 
segmentation. The application results of actual data show that this method has 
good feasibility and effectiveness. 

2. Data Preparation 

To characterize channel sand bodies using the CNN method, it is necessary to first 
prepare the training data, as the quality of training data preparation directly af-
fects the training effect. In this study, the training data preparation includes the 
preprocessing of initial training seismic data and the production of a label dataset. 

Seismic data preprocessing is necessary because the amplitude change range of 
conventional seismic data is large, which is not conducive to the rapid conver-
gence of the network model. Therefore, seismic data is standardized, which is also 
the general process of data preparation in most deep learning methods. Seismic 
data standardization adopts the Z-score standardization method, which is a data 
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standardization method based on the mean and standard deviation of the original 
data. Its specific formula is as follows: 
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−
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where S ′  represents the standardized seismic data, S represents the original seis-
mic data, μ(S) represents the mean value of the original data, and σ(S) represents 
the standard deviation of the original data. Z-score standardization does not 
change the original data distribution, and the preprocessed seismic data has a 
mean value of 0 and a variance of 1, which improves the data comparability and 
enables better robustness and generalization performance in model training. 

The production of label data is crucial for the whole model training process. 
The core idea of this CNN-based method for identifying channel sand bodies is to 
transform the characterization of channel sand bodies on seismic profiles into im-
age semantic segmentation in the field of computer vision. Image semantic seg-
mentation is based on pixel-level understanding of images to realize the division 
of pixels of the same category. 

In this study, the training datasets are produced using the well-tie profiles, 
which ensures the accuracy and representativeness of the training data. According 
to the reflection characteristics of channel sand bodies and the analysis of well-
side records, the channel sand bodies are labeled along the interest interval of the 
well-tie profiles. Thus, the label data corresponding to the well-tie profiles is ob-
tained. The label data contains only two categories, namely channel sand bodies 
and non-channel sand bodies (with values of 1 and 0). Taking the well-tie profile 
shown in Figure 1 as an example, its corresponding label data is shown in Figure 
2. The value of the yellow part in the figure is 1, representing the channel sand 
bodies, and the values of the other parts are 0, representing the non-channel sand 
bodies. In terms of the entire seismic profile, the amount of information contained 
is too large, and the computational cost is also too high. Therefore, the entire seis-
mic profile is not suitable to be directly used as a training dataset. Drawing inspi-
ration from the concept of image sets in the field of computer imaging, seismic 
profiles are segmented into equally sized small datasets. Taking into account fac-
tors such as computational cost, effective information of a single dataset, and the 
number of training datasets, a sliding window of 64 × 64 is set to continuously 
slide along the seismic profile to obtain small datasets of corresponding size. Ac-
cording to the above process of creating small datasets, use a sliding window to 
scan the original seismic profiles and corresponding label data to generate match-
ing small seismic datasets and label datasets. These small datasets are all 64 × 64 
in size, and Figure 3 shows the small seismic datasets and corresponding label 
datasets. Considering the amount of training data and the cost of training time, 
five arbitrary well-tie profiles from different directions and well positions were 
selected to create training datasets. Given the non-uniformity of the distribution 
of channel sand bodies, those with a proportion of channel sand body labels below 
the set threshold on the small datasets were discarded to ensure training stability. 
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In addition, to expand the training datasets and improve the generalization and 
robustness of the model, data enhancement processing is conducted on the train-
ing datasets. 
 

 
Figure 1. A well-tie profile. 

 

 
Figure 2. Label data corresponding to the well-tie profile in Figure 1. 
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Figure 3. Seismic training datasets: (a) small seismic datasets; (b) corresponding label datasets. 

3. Model Training 

Deep learning network models always have more network layers, which means 
they have stronger feature learning and expression capabilities than traditional 
neural networks. However, this advantage also brings other problems, such as low 
efficiency due to too many parameters, difficulty in training, and model overfit-
ting. Compared to traditional neural networks or other deep learning network 
structures, the essential difference of CNN lies in its network structure design, 
which adopts three strategies: local connection, parameter sharing, and pooling 
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processing. These strategies can greatly simplify the complexity of the model, ef-
fectively reduce the number of weight parameters, and improve the stability and 
generalization of the model. Therefore, in this study, CNN was selected to achieve 
recognition and characterization of channel sand bodies, and the widely used U-
Net network structure in the field of image semantic segmentation was chosen. 
The U-Net network initially achieved good application results in medical image 
segmentation [13], mainly because it can effectively combine low-resolution in-
formation and high-resolution information. Shallow high-resolution information 
can accurately segment images with blurred boundaries, while deep low-resolu-
tion information can provide more contextual information that is conducive to 
accurate pixel classification. 

After multiple experiments, it was found that the original U-Net network struc-
ture could not obtain effective prediction results. In order to better match the needs 
of the task in this study, the original U-Net network structure was modified and 
tested. After repeated modifications and experiments, the final network structure 
model is shown in Figure 4. Compared to the original U-Net, this network model 
consists of seven convolutional modules and one prediction convolutional layer, 
with the left half called the contracting path and the right half called the expanding 
path. The contracting path contains four convolutional modules, each consisting 
of two 3 × 3 convolutional layers (with a stride of 1) and a 2 × 2 max pooling layer 
(with a stride of 1). The number of convolution kernels in both convolutional lay-
ers of the first convolutional module on the contracting path is 64, and the number 
of convolution kernels increases sequentially to 512. The output feature map size 
of the input training data processed by each module is halved (for example, the 
output size after the first module is 32 × 32), but the corresponding number of 
channels gradually increases (from 64 to 512). The expanding path contains three 
convolutional modules, each consisting of a 2 × 2 upsampling layer (with a stride 
of 1) and two 3 × 3 convolutional layers (with a stride of 1). The number of con-
volution kernels in both convolutional layers of the first convolutional module on 
the expanding path is 256, and then decreases to 64 in sequence. In contrast to the 
contracting path, the output feature map size of each convolution module on the 
expanding path doubles, but the corresponding number of channels gradually de-
creases (from 256 to 64). The last convolutional layer is to convert the extracted 
features into the probability of predicted categories. The number of convolution 
kernels in the convolutional layer of each module on the contracting path gradu-
ally increases, and each module is immediately followed by a pooling layer at the 
end, which is used for feature down-sampling (red arrow in the figure), removing 
redundant information, compressing features, reducing the number of parame-
ters, and thus reducing the risk of model overfitting. Then the extraction of deep 
feature information is conducted in the following expanding path. Compared to 
the contracting path, the expanding path mainly involves the feature up-sampling 
process (blue arrow in the figure). The unique skip connection structure of the U-
Net network (green arrow in the figure) can effectively fuse shallow and deep fea-
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ture information by concatenating feature maps of the same dimension on the 
contracting path and expanding path, allowing the network to retain more high-
resolution detail information and improve semantic segmentation accuracy. 
 

 
Figure 4. Schematic diagram of the U-Net model. 
 

In order to maintain the same size of input and output data before and after the 
convolution operation, boundary padding is applied to the input data. In addition, 
the initialization of network model parameters adopts the He initialization method, 
and the ReLU function is selected as the activation function after each convolutional 
layer. However, the Sigmoid activation function is used in the last convolutional 
layer, which can normalize the final output to a probability size of 0 - 1 for iden-
tifying channel sand bodies. The binary cross-entropy loss function is selected as 
the loss function during the model training to calculate the error between the pre-
dicted results and the true values. The small batch gradient descent algorithm is 
chosen as the optimization strategy for solving the loss function, while the Adam 
algorithm is used to optimize the gradient descent process. Considering the con-
figuration of computer hardware, the batch size here is selected as 128, which 
means that 128 small datasets among the entire training data will be fed into the 
model each time during the model training. After traversal, the iteration will be 
repeated until the set number of times is reached to stop training. In order to im-
prove the robustness and generalization of the model, batch normalization pro-
cessing and the Dropout mechanism were also added to the model. 

When using the training datasets for model training, it is generally necessary to 
reserve a small portion of the training datasets as the validation dataset. Here, 10% 
of the training datasets will be used as the validation datasets to check the correct-
ness of the model, verify the generalization of the model, and, most importantly, 
adjust the hyperparameters of the model training, such as the model learning rate 
and batch size in the gradient descent algorithm. If the learning rate of the model 
is too small, it will cause a decrease in the gradient update speed and the conver-
gence speed of the model in the gradient descent algorithm. If it is too large, the 
model may fail to converge. In this study, it is set to 0.0001. Similarly, the batch 
size needs to be chosen appropriately. Setting a large batch size can reduce training 
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time and improve model robustness, but setting it too large can lead to a decrease 
in model generalization. The numerical curves of the loss function for the training 
and validation datasets during the model training are shown in Figure 5. 
 

 
Figure 5. The curves of training error versus verification error. 

 
From the figure, it can be seen that in the early stage of model training, the loss 

function values on the training datasets and validation datasets are relatively large, 
but then rapidly decrease, indicating that the model has good learning ability. As 
the number of training iterations increases, the loss function values tend to stabi-
lize. At the end of model training, the loss function values basically reach the min-
imum, and the model performance basically reaches the optimal state. In addition, 
it can be seen that the curves of the loss function on the training datasets and 
validation datasets are basically consistent, indicating the good generalization of 
the model. 

4. Application Effect 

Finally, the actual data application using the trained and saved network model is 
conducted. In actual data prediction, it is also necessary to cut the seismic profile 
into small datasets of the same size as the training datasets, and then feed these 
datasets into the trained model for prediction. In fact, the prediction result is the 
probability value of determining the category, and the final category is determined 
by the value of the output probability. The actual data prediction results are shown 
in Figure 6. From the comparison between the actual profile and the predicted 
profile, it can be seen that the reflection characteristics of channel sand bodies on 
the seismic profile have been well characterized on the predicted profile, and some 
sand body responses with weaker reflection characteristics have also been well 
predicted. From the position relationship of the seismic event reflection charac-
teristics, it can be seen that the predicted results have a good correspondence with 
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the reflection characteristics of channel sand bodies presented in the seismic pro-
file. In addition, the distribution of most channel sand bodies is basically identi-
fied, and the lateral discontinuity of channel sand bodies is well characterized, 
indicating that this method is effective and feasible. 

 

 
Figure 6. Actual data and corresponding prediction results: (a)-(d) are the actual seismic data, and (e)-(h) are the prediction results 
corresponding to the actual data. 
 

 
Figure 7. RMS attributes of seismic data and predictions for channel sand bodies using CNN: (a) seismic data; (b) predictions for 
channel sand bodies using CNN. 
 

In order to analyze the planar distribution of channel sand bodies, taking the 
target layer t3 as an example, the root mean square (RMS) attribute of the predic-
tions is extracted. For the convenience of calculation, a small-scale 3D data vol-
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ume within the research area was selected for prediction. The RMS attribute ob-
tained along the layer t3 from the 3D data and corresponding predictions are 
shown in Figure 7. It can be seen that the RMS attributes of the predictions based 
on the CNN method and the actual seismic data have a good agreement in terms 
of the distribution characteristics of the main channel sand bodies, which further 
verifies the effectiveness and accuracy of the predictions by this method. Specifi-
cally, the channel boundary is clearly shown in Figure 7(b), and the continuity of 
the channel planar extension is also well characterized. 

5. Conclusion 

This study proposes a CNN-based method for identifying channel sand bodies to 
tackle the challenge of characterizing fluvial sandstone reservoirs. The CNN model 
has strong feature extraction capabilities and is widely used in computer vision. 
Drawing on the experience of CNN in visual processing, this paper converts the 
characterization of channel sand bodies into image semantic segmentation. The 
production of label data and the selection of network structures are crucial for the 
effectiveness of deep learning applications. For the production of label data, based 
on clarifying the correspondence between the channel sand bodies and reflection 
characteristics along the well-tie profile, the channel sand bodies were labeled 
along the interest interval, thereby ensuring the quality of label data production. 
For the network structure, the widely used U-Net structure in the field of image 
semantic segmentation is selected as the network model. Based on the small train-
ing datasets, the U-Net network structure is repeatedly adjusted and modified to 
meet the target of identifying channel sand bodies in this study. The application 
effect of actual data has verified the effectiveness and accuracy of this CNN-based 
method, indicating that this method has good feasibility for characterizing fluvial 
sandstone reservoirs. 
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