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Summary 

 

Many algorithms have been proposed to automate the first-

break picking, which, however, remains a challenging 

problem and still requires significant human efforts. We 

propose an SVM (support vector machine) method with 

multi-trace and multi-attribute analysis to improve the 

automatic picking. In this method, we still use some existing 

picking methods (e.g., short- and long-window ratios 

method) to obtain advanced attributes for training. 

Considering the substantial correlation in waveforms 

between adjacent traces, we also introduce three multi-trace 

attributes to incorporate spatial correlation constraints into 

our machine learning method. Due to the large similarity of 

data in the same project, the machine learning model needs 

to be trained on only a small amount of data but can be 

applied to infer most of the remaining data. We adopt the 

SVM technique in the training process to obtain a globally 

optimized model and introduce multi-trace constraints to 

refine picking results. We test our trained model on pseudo-

synthetic data generated by adding random Gaussian noise 

into high quality real data. The root-mean-square (RMS) 

picking error relative to ground truth ranges from 2.4 ms to 

14 ms. We also apply our trained model to real data of 

dynamite sources and vibroseis sources, where the results 

demonstrate the effectiveness of the proposed method. 

 

Introduction 

 

In seismic exploration, picking the first breaks is usually the 

first step in seismic data processing for conducting 

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

1998). Inverting for a good near surface velocity model 

requires accurate first picks. Manual or interactive picking 

method can help obtain high quality picks, however, is time-

consuming and tedious, especially in large datasets. As data 

becomes larger and data acquisition extends into more 

difficult territory, more accurate and better automated first-

break picking algorithms are demanded. 

 

Many algorithms (Allen, 1978; Coppens, 1985; Boschetti et 

al., 1996; Jiao and Moon, 2000; Zhang et al., 2003; Han et 

al., 2009; Sabbione and Velis, 2010; Lee et al., 2017) have 

been proposed to automate the first-break picking to some 

extent. Most of those algorithms compute one attribute for 

each time sampling point and select the one with maximum 

or minimum attribute as the first break. Those methods 

perform well in areas where the signal-to-noise ratio (S/N) 

is sufficiently high, but face challenges as S/N decreases. 

For further improvement, two or more attributes are 

analyzed together by artificial rules (Gelchinsky and 

Shtivelman, 1983; Akram et al., 2013; Tan et al., 2014; 

Khalaf et al., 2018) or machine learning (Yalcinoglu et al., 

2011; Maity et al., 2014; Mezyk and Malinowski, 2018). 

However, in the exploration seismic data, there is a 

substantial correlation among traces in one shot gather and 

different shot gathers with the same source type and similar 

geological conditions, which remains unutilized in these 

methods. Picking trace by trace without considering 

correlation among traces cannot perform very well, 

especially in noisy data. 

 

Recently, some deep learning methods are applied to first-

break picking (Yuan et al., 2018; Duan et al., 2018; 

Hollander et al., 2018; Tsai et al., 2018; Zhu and Beroza, 

2018) and the results are encouraging. Deep learning can 

learn patterns directly from seismic data, which, however, 

typically requires a large amount of training data to optimize 

the huge number of parameters in deep neural network. It is 

not practical to extract training data from the same project, 

which is time-consuming. A good strategy is to extract 

training data from the picked data of completed projects. 

But there may be a challenge when waveform features from 

different fields vary. 

 

In our study, we train the SVM model on only a small 

amount of picked data from the same project. Large 

similarity for seismic data in the same project and advanced 

attributes provided by existing picking algorithms are the 

solid foundation allowing us to train a good model with a 

small amount of data. Multi-trace attributes are also 

designed to incorporate spatial information. SVM, which 

can obtain a globally optimized model, is adopted in training 

process. Compared with short- and long-window average 

ratios (STA/LTA), our method produces more accurate 

picking results in pseudo-synthetic data and real data than 

the conventional methods. 

 

Method 

 

In our study, we consider the first-break picking problem as 

a classification task, which is what machine learning is good 

at. First-break picking is to find the time sampling point of 

the first break at each seismic trace. In this classification 

task, all the sampling points are divided into two categories, 

first break (+1) and non-first break (-1). In manual picking, 

first breaks are always placed on zero crossing, negative 

trough, or positive peak. As suggested by some authors 

(Murat and Rudman, 1992; Yalcinoglu et al., 2011), we 
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further divide each half cycle into two categories, first-break 

(+1) and non-first break (-1). 

 

In a machine learning algorithm, we have some training 

examples, for which we know the input (vector 𝒙, elements 

of which are some attributes) and the output (label y: +1 or 

-1) to train a model, which defines the mapping relationship 

between the input and the output. The model then can be 

applied to derive the output for test examples, for which we 

only know the input 𝒙 . In order to obtain stronger 

classification ability, the kernel-based nonlinear SVM is 

used to map the input 𝒙 into a new vector 𝝓(𝒙) with higher 

dimension. The function of classification hyperplane and 

objective function are shown as follows: 

 

𝑓(𝒙) = 𝒘𝑻𝝓(𝒙) + 𝑏,                          (1) 

 

min
𝒘,𝑏

1

𝑙
∑ (1 − 𝑦𝑖𝑓(𝒙𝒊))+
𝑙
𝑖=1 + 𝛾‖𝒘‖2,              (2) 

where the first term of the objective function denotes a hinge 

loss function and is defined as: (1 − 𝑦𝑓(𝒙))+ = max(0,1 −
𝑦𝑓(𝒙)). The second term of the objective function imposes 

a regularization condition on possible solutions. 𝑦𝑖  is the 

label of the 𝑖 − 𝑡ℎ  example and 𝒙𝒊  denotes the attribute 

vector of the 𝑖 − 𝑡ℎ  example. l is the number of labeled 

examples. As described by Belkin et al. (2006), the solution 

to the above minimization problem can be written as: 

 

𝑓∗(𝒙) = ∑ 𝛼𝑖
∗𝐾(𝒙, 𝒙𝒊)

𝑙
𝑖=1 + b,                    (3) 

 

where 𝐾(𝒙, 𝒙𝒊) denotes kernel function, which define the 

distance between two vectors, 𝝓(𝒙) and 𝝓(𝒙𝒊). If we use a  

Gaussian radial basis function kernel (RBF), then 𝐾(𝒙, 𝒙𝒊) 

is defined as 𝐾(𝒙, 𝒙𝒊) = exp(−
‖𝒙−𝒙𝒊‖

2

2𝜎2 ), where σ is a free 

parameter. The parameters (a set of support vectors, a set of 

𝛼, and b) are learnt from the training process, which can be 

implemented with the open source software library 

LIBSVM (Chang and Lin, 2011). 

 

In training an SVM model, attributes in input 𝒙 should be 

carefully defined. However, for many tasks, it is very 

difficult to know what attributes should be extracted, but a 

guideline is that selected attributes should be closely related 

to our task. For first-break picking, we use some existing 

widely used picking algorithms (e.g., short- and long-

window ratios method) to compute advanced attributes, 

which are adopted by some researches (Yalcinoglu et al., 

2011; Maity et al., 2014; Mezyk and Malinowski, 2018). In 

our study, we select four existing picking algorithms 

including the short- and long-window average ratio (Allen, 

1978), the modified energy ratio (Han et al., 2009), the 

modified Coppens’ method (Sabbione and Velis, 2010), and 

the fractal-dimension method (Boschetti et al., 1996; 

Sabbione and Velis, 2010). 

 

Those attributes only focus on a single component from an 

individual receiver. But for the first-break picking in 

exploration, dense receivers are arranged in one shot gather 

and a human first-break picker would take into 

consideration the spatial information. As a result, we design 

some multi-trace attributes, which investigate the spatial 

information and are shown as follows: 

 

1. Crosscorrelation between windowed data of adjacent 

two seismic traces. 

2. Stacked crosscorrelation between windowed data and 

wavelet template, which is extracted from training data. 

A wavelet template for the training data in the 

following pseudo-synthetic tests is shown in Figure 1a. 

3. Crosscorrelation between windowed matrix and matrix 

template, which is extracted from training data. A 

matrix template for the training data in the following 

pseudo-synthetic tests is shown in Figure 1b. 

 

 
 

Figure 1: (a) Wavelet template extracted from picked data. (b) 
Matrix template extracted from picked shot gather. 

 

Pseudo-synthetic tests 

 

In pseudo-synthetic tests, we select a high S/N raw seismic 

dataset and add some random Gaussian noise to generate the 

test datasets, which consist of 100 shot gathers and 47,979 

seismic traces. For the parameter of STA/LTA, we adopt the 

suggestion from Akram and Eaton (2016), STA window 

size is equivalent to 2 times of the dominant period of the 

signal and LTA window size is 5 times of the STA window 

size. For SVM, we pick 3 shot gathers as training dataset 

and 1 shot gather as validation dataset, which is used for 

hyperparameter tuning. Because positive and negative 

categories are not balanced, accuracy is not a 

comprehensive standard for performance measure. For 

example, if we have 1000 positive samples and 100 negative 

sample, we can achieve an accuracy of up to 90.9% by 

classifying all samples to positive without any training. 

Precision rate and recall rate are more appropriate criteria 

for performance measure and are defined as follows: 

 

P =
𝑇𝑃

𝑇𝑃+𝐹𝑃
,                                        (4) 

R =
𝑇𝑃

𝑇𝑃+𝐹𝑁
,                                       (5) 
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where TP is the number of true positive, FP is the number 

of false positive, and FN is number of false negative. P is 

the precision rate and R is the recall rate. 

 

 
 
Figure 2: (a) Picking result of the trained model. (b) Picking result 

of STA/LTA. (c) and (d) show a zoomed in view of the two results. 
 

 
 
Figure 3: (a) Picking result of the trained model. (b) Picking result 
of STA/LTA. (c) and (d) show a zoomed in view of the two results. 

 

To quantitatively evaluate the performance, we introduce a 

picking error, defined as follows: 

 

Error = √
1

𝑁
∑ (𝑇𝑖 − 𝑇𝑖

′)2𝑁
𝑖=1

2
,                   (6) 

 

where 𝑁 is the number of picked seismic traces. 𝑇𝑖 denotes 

the manual picked first break for the 𝑖 − 𝑡ℎ seismic trace 

and 𝑇𝑖
′  denotes the picked first break with picking 

algorithms. 

 

During training process, we choose 𝛾 = 0.5 and σ = 2. For 

the validation data, we have P = 95.15%  and R =
98.125%. In the inference process, sign(f(𝒙)) is used to 

classify first break (+1) and non-first break (-1). When there 

are several identified picks at one trace, we select the one 

with maximum f(𝒙) as the true first break. Figures 2a and 

2c show the picking results of the trained model and the 

STA/LTA method, respectively. In addition to a small 

number of poor picks in the STA/LTA result, trained model 

and STA/LTA perform well in high quality data. STA/LTA 

can pick 47851 traces effectively and the picking error is 30 

ms. For the trained model, there are 47595 effective picks 

and the picking error is significantly reduced to only 3.8 ms. 

 

We then add random Gaussian noise to the raw seismic data. 

Because seismic wave energy decays with traveltime, S/N 

in different offset is different. S/N is defined as follows: 

 

S/N = 10 log10
𝑅𝑀𝑆𝑠𝑖𝑔𝑛𝑎𝑙

𝑅𝑀𝑆𝑛𝑜𝑖𝑠𝑒
,                    (7) 

 

where 𝑅𝑀𝑆𝑛𝑜𝑖𝑠𝑒 = √
1

𝑁
∑ (𝑛𝑖)

2𝑁
𝑖=1

2
 and 𝑅𝑀𝑆𝑛𝑜𝑖𝑠𝑒 =

√
1

𝑁
∑ (𝑠𝑖)

2𝑁
𝑖=1

2
. N is the number of samples at one trace, 𝑛 

and s denote the amplitude of generated noise and raw data, 

respectively. The S/N ranges from 17.78 dB to -4.7 dB. 

During training process, we choose 𝛾 = 5 and σ = 2. For 

the validation data, we have P = 45% and R = 93.54%. 

For this noisy data, the precision rate and recall rate cannot 

be high together after hyperparameter tuning. We select the 

model with high recall rate and low precision rate, which 

means that there may be several identified picks in one trace 

and the true first beak is among these picks with high 

probability. We propose a multi-trace strategy to select the 

true first breaks from identified picks. In this strategy, we 

first select the one with maximum f(𝒙) as the true first break 

at each trace in one shot gather. Then, we smooth the 

traveltime cure using a median filter. Finally, the identified 

picks closest to the smoothed curve are select as the true first 

breaks. Figures 3a and 3c show the picking results of the 

trained model and the STA/LTA method, respectively. For 

long-offset data, result of STA/LTA includes many poor 

picks because of low S/N. The trained model still provides 

high quality picking result with a small number of poor 

picks. Figures 3b and 3d show a zoomed in view of the 

results, when the red points are the manual picks of the raw 

data. Only considering single trace, it is also a challenge for 

humans to pick the true first breaks, which implies the 

importance of spatial information for first-break picking. 

STA/LTA can pick 47838 traces effectively and the picking 

error is 105 ms. The trained model provides 47753 effective 

picks and the picking error is only 14.06 ms. 

 

Real examples 

 

We further test our proposed SVM-based picking method 

with two field records, which are from dynamite source and 

vibroseis source, respectively. The proposed multi-trace 

strategy is used to refine the picking result. For the vibroseis 

data, we only have the manual picking results for training 
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data and validation data. We cannot evaluate the picking 

result with picking error. Reciprocal time error for each shot 

is adopted to evaluate the picking result. For each shot, the 

reciprocal shots are searched within the receiver array of the 

shot with traveltime interpolation applied if necessary. Then, 

we calculate reciprocal time differences and derive RMS 

difference for a shot. 

 

In the first dataset, there are 194 shot gathers and 66340 

traces. we pick 5 shot gathers as training dataset and 3 shot 

gathers as validation dataset. During training, we choose 

𝛾 = 1 and σ = 2. For validation data, we have P = 75.8% 

and R = 95%. Figures 4a and 4b show the picking results 

of the trained model and the STA/LTA method, respectively. 

For the seismic traces with high S/N, both STA/LTA and 

the trained model perform well. For the long offset data, S/N 

is low and there are some poor picks in those two results, 

but the trained model performs better than STA/LTA. Red 

points in Figures 4b and 4d are manual picks. For all shot 

gathers, picking errors for STA/LTA and the trained model 

are 73.9 ms and 19 ms, respectively. 

 

 
 

Figure 4: (a) Picking result of the trained model. (b) Picking result 

of STA/LTA. (c) and (d) show a zoomed in view of the two results. 

 

In the second dataset, there are 501 shot gathers and 78480 

traces. We pick 6 shot gathers as training dataset and 3 shot 

gathers as validation dataset. During training, we choose 

γ=0.5 and σ=2. For validation data, we have P=61.4% and 

R=97.9%. Figures 5a and 5b show the picking results of the 

trained model and the STA/LTA method, respectively. 

Figures 5b and 5d show a zoomed in view of the results. In 

this vibroseis data, there are some side lobes before first 

breaks, which make it a challenge to picking based on only 

single traces. Multi-trace and multi-attribute analysis based 

on SVM can mitigate the influence of side lobes to a certain 

degree. Figure 6 shows the picking result of the trained 

model and histogram of reciprocal time error. Small 

percentage outliers occur in the picking result. The first 

breaks with time 0 mean that our trained model cannot 

identify first breaks from the corresponding seismic traces. 

Most shots’ reciprocal errors are less than 20ms and only 

two percentage of shots include reciprocal time error of 

larger than 40 ms. 

 

 
 

Figure 5: (a) Picking result of trained model. (b) Picking result of 

STA/LTA. (c) and (d) show a zoomed in view of the two results. 
 

 
 

Figure 6: Picking result for all shot gathers (left) and distribution 

histogram of reciprocal time error (right). 

 

Conclusions 

 

We have proposed a machine learning method for first-

break picking. In this method, we use the existing picking 

approaches to compute advanced attributes for picking. We 

also design multi-trace attributes to incorporate spatial 

correlation to our method. Suitable attributes and large 

similarity of data in the same project are helpful to train a 

good model with only a small amount of training data. In 

our tests, less than five percentage of shot gathers are used 

for training. Although the precision rate of the trained model 

is low for noisy data and vibroseis data, we can obtain better 

results with the help of multi-trace constraint than the 

STA/LTA method. The precision rate and recall rate may be 

improved by training more data or selecting better attributes. 
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