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Summary 

 

Picking first breaks from seismic data can be very 

challenging, especially for land and shallow marine data. 

Over the past several decades, advanced picking algorithms 

that utilize seismic properties and the physics of wave 

propagation have been developed, but the challenge remains 

as data becomes larger, and data acquisition extends into 

more difficult territory. Developing a machine learning 

picking method to replace the previous seismic picking 

algorithms does not seem practical, since seismic data are 

not arbitrary signals, but following many laws of physics. 

Therefore, in this study, we still honor the conventional 

seismic picking methods by applying them first, then apply 

a machine learning method to identify and fix poor picks 

automatically. This involves constructing an architecture of 

convolutional neural networks (CNNs) in machine learning, 

helping identify poor picks across multiple traces. We train 

this network with 350,000 labeled seismic traces. The 

accuracy for classifying validation dataset is 97.9%. When 

testing with a new dataset, the accuracy for classification is 

above 95%. 

 

Introduction 

 

In seismic exploration, first-break picking is the first step in 

seismic data processing to provide first breaks for traveltime 

tomography (Zhu et al., 1992; Zhang and Toksöz, 1998). 

Manual or interactive picking method can obtain high-

quality picks, however, the time-consuming is usually 

unaffordable. With increased numbers of channels in 

seismic acquisition systems, an automated and effective 

first-break picking algorithm is urgently required. 

 

Many automated first-break picking algorithms have been 

proposed and applied in many cases. Coppens (1985) 

proposes an energy-based first-break detector which is 

successfully implemented in many areas where the signal-

to-noise ratio is sufficiently high. Variation in fractal 

dimension along one trace is also used to pick the first 

breaks (Boschetti et al., 1996; Jiao and Moon, 2000). 

However, for the exploration seismic data, there is a 

substantial correlation in waveforms between adjacent 

traces. Picking trace by trace without considering horizontal 

correlation cannot perform very well, especially in noisy 

cases. Peraldi and Clement (1972) carry out a first-break 

picking method based on the crosscorrelation of adjacent 

traces. Nevertheless, the direct correlation-based algorithm 

tends to fail when there are bad traces or with heavy noise 

in seismic data. Gelchinsky and Shtivelman (1983) combine 

the correlation properties of signals and a statistical criterion 

for estimating first breaks. On the other hand, many 

automated picking algorithms are proposed based on neural 

networks (Murat and Rudman, 1992; McCormack et al., 

1993; Zhe et al., 2013). Support vector machine is also 

applied to first-break picking (Yalcinoglu et al. 2011). A 

certain number of picked traces from the same seismic 

dataset are usually trained to obtain sound generalization for 

remain traces. Additionally, Sabbione and Velis (2010) 

propose a poor picks identification and correction technique 

based on fitting all existing picks into two straight lines per 

flank model. Although for most traces in one dataset, the 

existing algorithms present relatively satisfying 

performance in many cases, those poor picks identification 

and correction are still necessary for obtaining a high-

quality picking solution and further contribution to 

traveltime tomography.  

 

CNNs are introduced by (LeCun et al., 1989) and perform 

well at tasks such as hand-written digit classification and 

face detection. CNNs map a color or grayscale 2D input 

image to a probability vector over different classes. With 

increased computational efficiency, larger training dataset, 

advanced optimization algorithm (Kingma and Ba, 2014), 

and better model regularization strategies (Hinton et al., 

2012), the performance of CNNs has been improved 

significantly.  

 

Yuan et al. (2018) apply CNNs to first-break picking 

directly. In our study, we focus on poor picks identification 

and correction with converting this problem into an image 

classification task. Our trained CNNs architecture can 

identify poor picks across multiple traces from the 

preliminary picking results which are generated by some 

existing automated first-break picking algorithms. We feed 

the network with 350,000 labeled traces and obtain a trained 

network, and then the trained network is applied to new 

areas. The accuracy for classifying validation dataset is 

97.9%. When testing with a new dataset, the accuracy for 

classification is above 95%. Furthermore, we also propose 

two automated poor picks correction procedures for fixing 

the poor picks. 

 

Convolutional neural networks 

 

In this section, we introduce principles of CNNs briefly. 

Detailed problem analysis and hyperparameter design are 

shown in the next section. As shown in Figure 1, the input 
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layer of CNNs is usually a batch of color or grayscale 2D 

images. The convolution layer consists of the convolution 

of the previous layer output or input image with a set of 

learned filters and nonlinear activation after convolution. 

Following Krizhevsky (2012), we adopt rectified linear 

activation function. For pooling layer, we take maximum 

pooling (Zhou and Chellappa, 1998) operation, which 

reports the maximum output within a rectangular 

neighborhood. Pooling layer improves the computational 

efficiency of the network by producing fewer units for next 

layer. Also, pooling makes the representation approximately 

invariant to small translations of the input. However, 

because we concern more about the location of the features. 

Only one pooling layer is added in our architecture. 

Optionally, a local contrast operation that normalizes the 

responses across feature maps is adopted (Krizhevsky, 

2012). The rest layers of CNNs are usually fully-connected, 

and the final layer is a softmax classifier. For our 

architecture, we identify poor picks across multiple adjacent 

traces simultaneously. As a result, the network should 

output multiple labels for each trace, and it is a multi-label 

problem (Wei et al., 2014). We update the parameters via 

Adam optimization (Kingma and Ba, 2014). To avoid 

overfitting, we adopt dropout (Hinton et al., 2012) for full-

connected layer and set dropout rate as 0.4 in this study. 

 

 
 
Figure 1: Convolutional neural networks architecture adopted in our 

study. 

 

Poor picks identification and correction based on CNNs 

 

We construct our architecture with TensorFlow, an open-

source software library. Figure 1 shows the architecture of 

our designed network for poor picks identification and 

correction. At first, we apply conventional first-break 

picking methods to obtain preliminary picked first breaks 

and determine labels for all traces based on the comparison 

to manual picks. Label 1 represents good pick, and Label 0 

represents poor pick. We design the organization of training 

dataset according to the poor picks identification task. As 

shown in Figure 2, we line up the picked shot gathers with 

moveout correction based on the picked first breaks and 

select the seismic records within a time window of 400 ms 

length as training dataset. If there are no poor picks, records 

before 0 s will be background noise, and records after 0 s 

will be early arrivals. As a result, poor picks will cause the 

appearance of background noise after 0 s, the appearance of 

early arrivals before 0 s, and horizontal inconsistency. 

Time-windowed records will include greater similarity 

between seismic datasets from different areas compared to 

the whole shot gather records. Additionally, smaller input 

images improve the computational efficiency. Before data 

training, we normalize the amplitude of each trace into the 

range from -100 to 100 without damaging the shape of the 

wave. We then consider the input 2D matrix as a 2D 

grayscale image to better fit the theory of CNNs. Because 

the network will output labels for all traces in the input 

image simultaneously, an image with all traces in one shot 

gather will lead to hundreds of labels output and this is a 

challenging classification task. In this study, we choose 

adjacent five traces as an input image because this can also 

investigate the horizontal consistency and reduce the 

number of output labels as well. 

 

 
 

Figure 2: Preliminary picked first breaks (top), lined up and time-
windowed shot gather (bottom). Red points represent picked first 

breaks. 

 

In the training procedure, images and labels are fed into the 

network. For a sampling time of 4 ms, the size of input is 

100 by 5. To preserve the location information in the image, 

we add only one max pooling layer in our network and avoid 

carrying out max pooling in the horizontal direction. There 

are 16, 32, and 32 different filters in three convolution layers 

respectively, with the size of 5 by 1, 5 by 3, and 11 by 3. As 

shown in Figure 1, areas of 5 by 1, 14 by 3, and 34 by 5 

rectangles in the input image will determine the pixel values 

in feature maps after those three convolution layers, 

respectively. As a result, feature maps after the last 

convolution layer learn the abstract information across all 5 

traces. After a hidden layer with 1024 units and an output 

layer with 10 units, we apply a softmax classifier for each 

pair output units to obtain the probability vector for each 

trace. For label 0, the ideal probability vector is [1, 0]. For 

label 1, the ideal probability vector is [0, 1]. We adopt the 

loss function for the multi-label problem as follows: 

 

𝐿𝑜𝑠𝑠 =  −
1

𝑚
∑ ∑ ∑ 𝑦𝑖,𝑗,𝑘 log 𝑝𝑖,𝑗,𝑘

2
𝑘=1

𝑛
𝑗=1

𝑚
𝑖=1 ,         (1) 

 

where m is the number of images used to train the network 

in one batch and n is the number of traces in one image. 
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𝑦𝑖,𝑗,𝑘 is the k𝑡ℎ element of the ideal probability vector for 

the j𝑡ℎ trace in the i𝑡ℎ image. 𝑝𝑖,𝑗,𝑘 is the k𝑡ℎ element of the 

output probability vector for the j𝑡ℎ trace in the i𝑡ℎ image. 

The loss function defines the cross-entropy loss which is 

usually applied in the classification problem. We adopt 

Adam optimization to update parameters in our network. 

After training, we feed lined up and time-windowed records 

of a brand new seismic dataset into the trained network, then 

it could identify the poor picks across multiple traces. 

Finally, we carry out poor picks removal or correction. The 

detailed description of poor picks correction is shown 

together with the real examples. 

 

Examples and poor picks correction 

 

We pick first breaks manually for three seismic datasets 

from different areas. We also add different levels of band-

limited random Gaussian noise to the datasets to increase 

the number of training traces and simulate the situation of 

the noisy background. In our study, we obtain the 

preliminary picked first breaks with commercial software 

TomoPlus, which combines the correlation properties of 

signals and energy ratio-based algorithm for the estimation 

of first breaks. The preliminary first breaks, which are more 

than 10 ms away from manual picks, are defined as poor 

picks. Finally, we collect 350,000 traces, resulting 70,000 

images, and their labels as the training dataset. Figure 3 

shows three input images, the corresponding five traces, and 

their labels. We feed the training dataset into our 

convolutional neural networks architecture with 50 images 

as one batch. We also collect 39,000 new traces as validation 

dataset for hyperparameter tuning. We set the learning rate 

as 0.0001 finally. The loss curve and accuracy curve are 

shown in Figure 4. We test the accuracy of classification for 

the validation dataset after 1,400 training steps. The 

accuracy stabilizes after 3,500 training steps and achieves 

97.9% finally. The accuracy for training dataset is 98.1%, 

which indicates low bias and low variance in the trained 

network. 

 

 
 
Figure 3: Input images(right), the corresponding five traces (left), 

and their labels. Label 1 implies good pick and label 0 represents 

poor pick. The horizontal color line represents zero timeline. 
 

Figure 5 shows the results of preliminary picked first breaks 

and poor picks identification for the validation dataset, 

which is not included in the training dataset. We also 

observe from the Figure 5 that the subsequent waves usually 

affect the picking results. In the fourth subplot of Figure 5, 

most poor picks are located at the next trough of the true 

location. After trained network, most poor picks have been 

identified even in the noisy gathers and the poor picks with 

small deviation from the true location. 
 

 
 
Figure 4: Loss curve (left) and accuracy curve (right) of training 
procedure. 

 

 
 

Figure 5: Preliminary picked first breaks (all asterisks) and 
identified poor picks (blue asterisks). 

 

Poor picks identification only helps us to remove bad picks. 

For noisy data, it is possible that many picks are removed, 

which may cause fewer constraints to near-surface velocity 

inversion. We propose two strategies to fix poor picks to 

offer more data to traveltime tomography or other requests. 

The first one is based on crosscorrelation of adjacent traces. 

Previously, we would pick some seed picks in one shot 

gather before crosscorrelation. In our study, we remove poor 

picks from preliminary picked first breaks and set remain 

picks as seed picks for crosscorrelation. Figure 6 shows the 

poor picks correction results. Without seed picks in the 

maximum offset, we cannot fix poor picks for the long offset 

data in the common shot domain.  

 

The second poor picks correction procedure is shown as 

follows: 1) pick out all images, which contain traces with 
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identified poor picks; 2) move all poor picks from the 

current location up to the next negative trough (it could be 

easily modified to positive peak or zero crossing) and 

reconstruct the image based on corrected picks; 3) feed 

images from step 2 into the trained network and go to step 

1. Because poor picks usually appear below the true location 

with the influence of following waves, we only move poor 

picks up to save time. One can move poor picks up and 

down like grid search according to your situation. The above 

procedure can be repeated through multiple iterations 

followed by a final poor picks removal. Also, the poor picks 

identification task and correction procedures will be 

efficient because of parallelism of the trained network and 

automaticity of the procedures. 

 

 
 
Figure 6: First breaks after poor picks correction based on 

crosscorrelation. 

 

 
 
Figure 7: Preliminary picked first breaks (all asterisks) and 

identified poor picks (blue asterisks) for test dataset. 

 

We apply our trained network and the second poor picks 

correction procedure to the test dataset, which consists of 

original real dataset and real dataset with band-limited 

random Gaussian noise. There are 20000 new picked traces 

and the accuracy for classifying good picks and poor picks 

is above 95%. Figure 7 shows the preliminary picking 

results and poor picks identification for the test dataset. 

Figure 8 shows the first breaks after poor picks correction. 

After six iterations, most poor picks are corrected accurately. 

 

 
 

Figure 8: First breaks after poor picks correction based on the 

trained network. 

 

Conclusions 

 

We propose a machine learning method to identify and fix 

poor picks automatically. Our method is an improvement 

strategy for first-break picking problem because we still 

honor the existing seismic picking approaches. Motivated 

by the excellent performance of Convolutional neural 

networks in computer vision, we translate the poor picks 

identification problem into a computer vision task and 

design the image input, label output, loss function, and other 

hyperparameters for our CNNs architecture. For validation 

and test datasets, the accuracy of classification is above 95%. 

For noisy seismic data, we propose two poor picks 

correction procedures based on crosscorrelation and a 

trained network. Most poor picks are corrected accurately in 

the examples. Also, the poor picks identification task and 

correction procedures will be efficient because of 

parallelism of the trained network and automaticity of the 

procedures. 
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