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Summary 
 
The first-arrival traveltime tomography is applied to 
produce a robust near-surface velocity model. The solutions 
of first-arrival traveltime tomography are ill-posed and the 
Tikhonov regularization is commonly employed to stabilize 
the inverse problem. However, the spatial resolution of the 
model solutions may be decreased due to the smooth effect 
of the regularization. In this study, we develop a 
constrained first-arrival traveltime tomography based on 
the Generative Adversarial Network (GAN), a machine 
learning approach. The GAN is applied to generate a prior 
model in each iteration of the traveltime tomography. We 
make the assumption that both the GAN model and the 
solutions of traveltime tomography must be sensing the 
same cross-gradients relationship. A modified cross-
gradients function is incorporated as a constraint in a 
nonlinear least squares problem formulation, which is 
solved using a Gauss-newton method. The performance of 
the new method is tested with both synthetics and a real 
dataset acquired from Daqing, China. The results show the 
new method has significant improvement in model 
resolution compared with the conventional first-arrival 
traveltime tomography. 
 
Introduction 
 
In oil and gas exploration, near surface complexity has 
effect in many ways, directly affecting the cost and the 
results of the efforts (Taner et al., 1974). First-arrival 
traveltime tomography has been widely employed in near 
surface imaging (Zhang and Toksöz, 1998; Leung and Qian, 
2006; Taillandier et al. 2009). Although computationally 
efficient, the inverse problem of the first-arrival traveltime 
tomography is generally non-linear. A regularization term 
is commonly incorporated in the tomographic objective 
function to obtain a high probability velocity solution with 
minimum structure variation to fit data.  
 
There are some efforts to improve the spatial resolution for 
the first-arrival traveltime tomography. Minimum Support 
(MS) functional (Last and Kubik, 1983) and Minimum 
Gradient Support (MGS) functional (Portniaguine and 
Zhdanov, 1999) are proposed to develop a compactness 
constraint by constructing a model with minimum areas for 
the anomalies. L1 norm regularization is employed for the 
traveltime tomography to introduce the constraint of the 
sparse spatial derivatives into the model parameters, i.e., 
Total Variation (TV) regularization (Rudin et al., 1992) and 
Modified Total Variation (MTV) regularization (Lin and 

Huang, 2015; Jiang and Zhang, 2017). Maximum 
likelihood regularization method is another method which 
can also resolve a high-resolution solution by the constraint 
of a priori model (Tarantola and Valette, 1982). 
 
Machine learning (ML) offers algorithms designed to learn 
the features and relationships hidden in large datasets (Jia 
and Ma, 2017). As a branch of ML, deep learning has been 
widely applied to the seismic model building, i.e., a prior 
models building from seismic images for full waveform 
inversion (Lewis and Vigh, 2017), staking velocity building 
based on convolutional neural networks (Ma et al., 2018) 
and deep learning tomography directly from shot gathers 
(Araya-Polo et al, 2018). Generative Adersarial Networks 
(GAN) is a new deep learning framework for estimating 
generative models via adversarial nets (Goodfellow et al., 
2014). Here we investigate an approach that applies GAN 
to the first-arrival traveltime tomography to generate a 
structure with high spatial resolution, and we make the 
assumption that both the generated structure and the model 
of traveltime tomography must be sensing the same cross-
gradients relationship. The gradient of the generated 
structure is employed for the first-arrival traveltime 
tomography by a modified cross-gradients function 
(Gallardo and Meju, 2004). Thus, the generated model by 
GAN may guide the first-arrival traveltime tomography to 
produce high-resolution solutions. 
 
We apply the new method to both synthetic data and a real 
dataset acquired in Daqing, China. The common midpoint 
(CMP) stacking is performed to verify the effectiveness of 
the method in the real data test. 
 
Method 
 
First-arrival traveltime tomography is generally a nonlinear 
problem. We define the objective function as: 
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where d is the picked first-arrival traveltimes, F(m) is 
calculated traveltimes using model m, L is a Laplacian 
operator. α is a scaling factor, t(m, mGAN) is the modified 
cross-gradients function and mGAN represents a model 
generated by GAN. A Gauss-Newton method is employed 
for solving this objective function. 
 
For the kth iteration: 
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G represents a trained network of GAN. 



Deep learning guiding traveltime tomography  

Generative Adversarial Network 
 
We design the architecture of GAN for this study in Figure 
1. The network consists of a generator and a discriminator. 
The generator has five layers. Three convolution layers 
(Conv) are applied after an input layer (Input), and the 
‘padding’ of all the convolution layers is set the same to 
guarantee the fixed size of the input samples. The feature 
maps are produced in an output layer (Output) and then 
applied to the discriminator as a part of input samples. The 
discriminator is a standard convolution neural network 
(CNN) with four convolution layers and one fully 
connected layer (FC). The prediction label which indicates 
the feature of the input samples is produced in the output 
layer. 

 
Figure 1: A schematic of the network architecture. The network 
contains two part: a generator and a discriminator. The generator 
mainly consists of three convolution layers (Conv). The 
discriminator has four convolution layers and one fully connected 
layer (FC) followed by an output layer, which gives the label 
prediction of the input samples. 
 
Training of GAN 
 
We apply the GAN to the image reconstruction. Our 
workflow is to input images with low spatial resolution and 
output high-quality images. Figure 2a presents examples of 
the input samples in the generator. The smooth velocity 
models with low spatial resolution are normalized and 
divided into 112×112 pixel matrices as the input samples 
for the generator. The output feature maps with the size of 
112×112 from the generator are labeled as 0 (‘fake’) and 
applied to the discriminator as a part of the input samples. 
At the same time, the sharp velocity models with high 
spatial resolution are normalized and divided into 112×112 
pixel matrices as the other part of input samples for the 
discriminator. The label of the high resolution samples are 
defined as 1 (‘true’).  
 
The examples of the high resolution samples are shown in 
Figure 2b, correspondingly. The discriminator are trained 
by the input samples with their labels. Once the training of 
the discriminator is finished, the output feature maps from 
the generator will be labeled as 1 (‘true’) and applied to the 
training of the generator. Thus, we can get the high 

resolution models from the generator closely to the high 
resolution samples we input. 
 
(a)  

 
(b) 

 
Figure 2: The training samples in GAN: (a) Samples with low 
spatial resolution; (b) Samples with high spatial resolution, 
correspondingly. 
 
Modified cross-gradients function 
 
We make the assumption that both the models from GAN 
(mT) and the solutions of traveltime tomography (mG) must 
be sensing the same cross-gradients relationship. The cross-
gradients function (Gallardo and Meju, 2004) between mT 
and mG is given by 
 

                     ( , ) ( , ) ( , ).T G T Gt x y x y m m m m                (2) 
 
Equation (2) expresses the gradients relationship between 

mT and mG exactly. However, equation (2) is 
nondifferentiable when ( , )T x ym or ( , )G x ym  equal to 0. 
According to equation (1), if we update mE by the 
constraint of ( , )G x ym and ( , )G x ym equal to 0, 

( , )T x ym would be updated to 0. To avoid difficulties 
associated with the non-differentiability, we modify 
equation (2) to  
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(3) 
Equation (3) can be discretized by finite difference method. 
For the along-strike component equation (3) has a simple 
form of 
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where the second subscripts c, b, and r on mT or mG denote 
center, bottom or right cell in the heterogeneous 2-D grid, 
respectively. Δx and Δy are the horizontal and vertical 
intervals of the cells and serve for grid normalization. 
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Synthetic tests 
 
We use synthetic models with sharp interfaces to validate 
the improvement of our new method. Figure 3a presents the 
true model which consists of two layers. We design a shot 
line which includes 101 shots with a shot interval of 40 m 
and approximately 201 receivers for each shot with a 
receiver interval of 20 m. Shots and receivers are both 
evenly distributed on the surface. 
 
Figure 3b shows the near-surface model estimated by first-
arrival traveltime tomography. The traveltime tomography 
results include most of the features of the true model, but 
the interfaces of the structures are not well resolved. The 
velocity model from the deep learning constrained 
traveltime tomography is presented in Figure 3c. The new 
method improves the sharpness of the interface in the 
inversion result. 
(a) 

 
(b) 

 
 (c) 

 
Figure 3: Synthetic experiment: (a) True model; (b) 
Traveltime tomography result; (c) Deep learning 

constrained traveltime tomography result. 
 
In more detail, the input model and the generated model of 
GAN in the 19th iteration are shown in Figure 4. The 
generated model indicates the right updating direction of 
the spatial gradient for the next iteration. 
 
(a)                                            (b) 

 
Figure 4: Prediction by GAN in 19th iteration: (a) Input model; (b) 
Output model. 
  
To quantify the accuracy of the results, we calculate the 
data (i.e., measured traveltime) misfit and the model (i.e., 
reconstructed velocity) misfit for each iteration. Figures 5a 
and 5b show the convergence curves of the data misfit and 
model misfit for the conventional traveltime tomography 
and deep learning constrained tomography, respectively. 
The two methods show a comparable converging rate and 
the data misfit decreases to the same level (Figure 5a). The 
model misfit curves in Figure 5b demonstrate that the new 
method yields a velocity model with smaller model misfit 
than the conventional method. 
 
(a)                                           (b) 

  
 
Figure 5 Convergence curves. (a) The traveltime data misfit. (b) 
The velocity model misfit. 
 
Daqing data example 
 
We process a real 2D dataset from Daqing, China. The 
geometry consists of 476 shots with an average shot 
interval of 10 m and 474 receivers for each shot with a 
receiver interval of 10 m. The trace length is 4000 ms with 
a time-sample interval of 4 ms.   
 
The first-arrival traveltime tomography generates the 
smooth velocity solution shown in Figure 6a. Figure 6b 
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presents the result of constrained traveltime tomography. 
The new method improves the sharpness of the interfaces 
and the low velocity zone is be more continuous in the very 
shallow area due to the prior constraints. 
(a) 

 
(b) 

 
Figure 6: Daqing data application: (a) Traveltime tomography 
result; (b) Deep learning constrained traveltime tomography result. 
 
The input model and generated model of GAN in the 19th 
iteration are shown in Figure 7. The generated model 
indicates the applicable updating direction of the spatial 
gradient for the next iteration. 
 
(a)                                            (b) 

 
Figure 7: Prediction by GAN in 19th iteration: (a) Input model; (b) 
Output model. 
 
Figure 8 shows the long-wavelength statics based on the 
results of the traveltime tomography and constrained 
tomography, respectively. The results are similar in most 
areas except for between 6.5 and 7 km, where a noticeable 
difference between the velocity models appears in the near-
surface area. 

 
Figure 8: Long-wavelength statics based on results of two methods. 
 
The CMP stacking results are presented in Figure 9. The 
stacking velocities are picked separately for the two 
corrected datasets. The red arrows show that the CMP 
stacking results that use the solution of constrained 
tomography have improvements in the lateral continuity of 
the reflectors over those results that use conventional 
inversion model. In this area, the statics solutions of the 
two methods also have noticeable differences. It suggests 
that the deep learning constrained tomography provides a 
more accurate near-surface velocity model for long-
wavelength static corrections. 
(a)                                            (b) 

    
Figure 9: CMP stacking results after tomostatics correction using (a) a 
traveltime tomography solution and (b) a deep learning constrained 
tomography solution. 
 
Conclusions 
 
We develop a constrained first-arrival traveltime 
tomography based on the GAN for near surface imaging. 
The generated models by GAN are applied to each iteration 
of the inversion by a modified cross-gradients function. 
The results of 2D synthetics and real data demonstrate the 
effectiveness of our method. It provides a near surface 
velocity model with higher resolution than the conventional 
methods. 
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