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Summary 

 

In land seismic data processing, the first arrivals are often 

picked to image the near surface by applying a traveltime 

inversion method for statics corrections. In many areas, 

however, the first arrivals of a shot gather exhibit a pattern 

of shingling: the first arrivals quickly disappear over offset 

and then another branch nearly parallel to the previous one 

appears with a constant time shift, and the pattern may be 

repeated further. It is difficult to image the near surface with 

this type of data. We develop a method based on the 

convolutional neural network (CNN) for automatically 

detecting the shingling features directly from 3D seismic 

data. After detecting, dedicated strategies for picking and 

near surface imaging can be applied to the targeted shots to 

improve the traveltime tomographic results. This method 

contains two steps: training and prediction. First, the CNN is 

trained with the human-labeled seismic data, where each 

pixel is labeled as either shingling or non-shingling. After 

training, the CNN predicts shingling probabilities at every 

shot in the data. The test results on both synthetic and field 

data suggest that the CNN predicts shingling features with 

high accuracy. With the capability of emulating human 

experience and evolving via training with new datasets, 

CNN technology shows great promise for automating 

seismic data processing and site characterization. 

 
Introduction 

 

The first arrivals of the seismic data are commonly used for 

imaging the near surface to help making statics corrections 

(Zhu et al., 2000; Zhang and Toksoz, 1998). Picking the first 

arrivals is sometime difficult. Tremendous efforts for 

developing the automatic picking techniques have been 

made (Mousa et al., 2011; Sabbione and Velis, 2010). 

Nevertheless, in many situations, it is difficult to pick the 

first arrivals even manually because of unclear 

understanding and classification on the data (Sun and Zhang, 

2013). In this study, we attempt to automatically detect the 

seismic data with shingling features. The first arrivals of a 

shot gather seem broken and consist of a few delayed 

branches. A first arrival event disappears, and then the next 

event appears with a constant time delay. After successfully 

detecting the shingling shots from the data, dedicated 

strategies for picking and imaging can be applied to the 

targeted shots to improve the traveltime tomographic results.  
 

To reduce manual efforts and eliminate human bias, many 

automatic detection algorithms have been developed, such 

as the coherence feature extraction from seismic image 

(Bahorich and Farmer, 1995; Luo et al., 1996; Dorn, 1998; 

Marfurt et al., 1998; Hale, 2013) and automatic tracking of 

the discontinuities (Admasu et al., 2006). These methods 

compute continuity maps from seismic images and highlight 

the regions with high discontinuities. However, 

discontinuity is only one of the attributes for detecting 

seismic data and there are still other factors need to be taken 

into consideration. Many of these factors, including 

shingling features, are difficult to be quantified 

mathematically. 

 

One solution to this problem is to design an algorithm that 

takes the advantage of the prior detected features by human 

interpreters and imitates their regular pattern. Deep learning 

is a set of powerful technologies which learn from human 

experience (LeCun et al., 2015). One of the most popular 

technologies is the convolutional neural network (CNN) 

(Lecun et al., 2010), which has been intensively and broadly 

used in identifying faces, objects, traffics and recognizing 

speeches (Lawrence et al., 1997; Abdel-Hamid et al., 2014; 

Bojarski et al., 2016). The state-of-the-art CNN is capable of 

recognizing images better than humans. There is also 

increasing interest in applying deep learning technologies to 

seismic data processing and interpretation, such as seismic 

phase classification (Ramirez Jr and Meyer, 2011), data 

interpolation (Jia and Ma, 2017), geophysical feature 

extraction (Huang et al., 2017), as well as fault detection 

(Araya-Polo et al., 2017). 

 

In this study, we propose a method for seismic shingling data 

detection with CNN. Our CNN model takes the seismic raw 

data as input and outputs the detected locations of the 

shingling data. Instead of a scalar, the output in this case is a 

binary image, in which each point is either 1 for shingling, 

or 0 for non-shingling. This type of architecture allows the 

CNN to grasp the global features of the training example, 

such as the continuity along the first arrivals. This process is 

similar to that of the human interpreters. After the 

introduction, we discuss our method in details and describe 

the architect of the CNN model. The performance of this 

method is tested on both synthetic and field data.  

 

Method 

 

Figure 1 shows an example that a shot gather exhibits a 

pattern of shingling features. This is a 2D vibrator data with 

clear direct wave and refraction. But the first-arrival 

refraction quickly fades away at far offset. A parallel strong 

event appears at far offset with a constant time shift. 
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Figure 1: A shot gather showing the shingling features in the first 
arrivals. 

 

Detecting such features with CNN consists of two steps: 

training and prediction. We introduce the first step in the 

next paragraph, including the input, output as well as the 

architecture of the CNN model. After training, the prediction 

step is applied. 

 

In the first step, the CNN is trained with labeled examples. 

In our case, an example is a 2D image x extracted from the  

one-shot 3D seismic data. The label is a binary image y with 

the same dimension as the 2D seismic image, in which each 

pixel is either 1 for shingling, or 0 for non-shingling. The 

data extraction is to save the computational cost; otherwise 

it may take too long to train the CNN network.  
 

 

  
Figure 2: A schematic diagram of the CNN architecture. There are 
totally 2 convolutional layers and the output layer is the softmax 

classifier which classifies each pixel to be shingling (1) or non-

shingling (0). 

 
Figure 2 illustrates the architecture of the CNN. The CNN 

has 2 convolutional (Conv) layers and each Conv layer 

consists of 12 2D convolution filters with the length of 5 in 

each dimension. At every layer, we first convolve the input 

image with the 2D filters and add a bias parameter followed 

by a pooling function (sampling) to reduce the size of the 

dimensions. The output of each layer becomes the input for 

the next layer. No rectified linear activation (ReLU) function 

is used after the Conv layers. The output of the last Conv 

layer is fed into 2 softmax functions (fully connected layers), 

so that the value at each pixel in the final image is 

normalized between 0 and 1. This value is interpreted as the 

probability of a shingling feature at that point, so that the 

final output image is denoted as the shingling probability 

map. 

 

The convolution filters and the bias parameters are unknown. 

To invert for these parameters (or in other words, to train the 

network), we feed the labeled examples (x; y) to the network 

and define the cross-entropy objective function J as 

  (1) 

 

where p(yi | xi) stands for the probability of the i pixel being 

classified as label yi. n represents the number of pixels in the 

2D image slice and log denotes the natural logarithm 

function. wi is an element of the weighting parameter w at 

the i pixel, which is pre-assigned to balance the ratio of 

shingling and non-shingling pixel numbers. 

 

The objective function J = 0 when p(yi | xi) is 1 at every 

pixel, meaning that the network predicts the shingling 

distributions exactly the same as the labels with a hundred 

percent confidence. However, this is usually too ideal to be 

practical. In practice, the objective function J is minimized 

iteratively using a gradient-based method while the 

convolution filters and the bias parameters at each Conv 

layer are gradually updated. This whole process is referred 

to as training the network. 

 

After training, the next step is to predict the shingling 

features in a new seismic dataset. Recall that the trained 

network produces a probability map indicating the 

likelihood of a shingling feature at each pixel in the input 

image. We apply a threshold (usually 0.5) to the probability 

map, so that the point with the probability above the 

threshold value would be considered as a shingling feature, 

otherwise as a non-shingling feature. 

 

Synthetic tests 

 

Our method is tested on a 3D synthetic seismic dataset. We 

generate 600 seismic shots with 100 pixels each. The dataset 

is recorded by 6000 receivers. The shingling features in each 

pixel are labeled.  We randomly choose 5 pixels from each 

shot, so that there are totally 3000 examples. Among them 

300 samples are random chosen as the validation set, and the 

others are the training set. Each image is re-scaled by 

subtracting its mean and dividing its standard deviation. 

Before training the network, we apply linear moveout 

correction on the training dataset (with a time shift of 500 

ms). It can help improve the convergence of the training 

process. Figure 3 depicts the data before and after the linear 

moveout correction applied. 

 

 



Detection of the Near Surface Velocity Reveal with CNN 
 

 
(a) 
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Figure 3: (a) The data before the linear moveout correction. (b) The 
data after the linear moveout correction. 

 

To train the CNN, we implement the Adam optimizer with 

Tensorflow (Google, 2017) and the initial learning rate (step 

length to update the model) is set to be 1.0e-4. Figure 4 

depicts the training pixels labeled as the shingling features 

and the non-shingling features. The training examples are 

randomly shuffled before fed into the network for every 

epoch (An epoch is a loop over the complete training set.). 

When the objective function for the training set decreases 

while the counterpart for the validation set increases, 

training process is stopped since a situation of over fitting 

probably has occurred.  

 
 (a)                                              (b) 

         
 

Figure 4: (a) The pixel labeled as the shingling features. (b) The 
pixel labeled as the non-shingling features. 

 

We test the trained network with new 3D seismic data with 

several shingling features. This testing data, not included in 

the training or validation sets, has the same dimension as the 

training data. Figure 5a shows the shot geometry of the 

testing data. The red stars represent the shots with the 

shingling features. Figure 5b depicts the prediction result, 

where the red color marks the predicted locations. Compared 

with the ground truth in Figure 5a, the prediction accurately 

detects the feature locations. This synthetic test suggests that 

the network has learned to detect shingling features on 

synthetic 3D seismic data. It should be noted that the trained 

network can also be applied to different datasets without 

further training. 
 

 

(a) 

 
 

 
(b) 

  
Figure 5: (a) The shot geometry map used to evaluate the trained 
network. The red stars indicate the locations of the shingling shots. 

(b) Prediction results by the CNN, in which the red stars indicate the 

predicted locations of the shingling shots. 

 

Field data applications 

 

The trained network is next applied to a field dataset 

acquired in Pacific Ocean. An area of 8 km by 0.8 km which 

includes of 187 shots and 1236 receivers is selected. 

Receiver spacing is approximately 60 m while receiver line 

spacing is approximately 210 m. Shot spacing is 

approximately 390 m while shot line spacing is 

approximately 210 m. Before utilizing the network for 

detection, we also apply linear moveout correction (with a 

time shift of 500 ms) on the field dataset. Figure 6 depicts 

the data before and after the linear moveout correction 

applied. 

 

Figure 7a shows the shot geometry of the field data. The red 

stars represent the shots with the shingling features. Figure 

7b depicts the prediction result, where the red color marks 

the predicted features. Compared with the ground truth in 

Figure 7a, the prediction accurately detects the feature 

locations. This field data test suggests that the network has 

the capability to detect shingling features on the field data. 
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Figure 6: (a) The data before the linear moveout correction. (b) The 
data after the linear moveout correction. 

 

 
 

(a) 

 
 

 
(b) 

  
Figure 7: (a) The shot geometry map used to evaluate the trained 
network. The red stars indicate the locations of the shingling shots. 

(b) Prediction results by the CNN, in which the red stars indicate the 

predicted locations of the shingling shots. 
 

 

 
 

 

 

 

Conclusions 

 

We develop a CNN-based method for automatic shingling 

feature detection directly from 3D seismic data. With the 

human-labeled seismic data as input, the network learns the 

regular patterns and accurately predicts shingling features in 

the new seismic data. After detecting, dedicated strategies 

for picking and near surface imaging can be applied to the 

targeted shots to improve the traveltime tomographic results. 

With the capability of emulating human experience and 

evolving through training with new labeled images, CNN 

shows great promise for automating seismic data processing 

and site characterization.. In the future work, we will apply 

this trained network to different field datasets to further 

evaluate its performance. 
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