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Abstract 

Generative Adversarial Network (GAN) is a model that considers two distinct deep neural networks, i. e. a 

discriminator and a generator. The GAN, after trained, is capable of generating samples that reproduce 

the data distribution, including spatial distribution, of the training dataset. In geosciences, GAN’s have 

been successfully applied to generate unconditional realizations of rock properties from geological priors 

described by training images, and within probabilistic seismic inversion methods. Here, the use of 

generative adversarial networks is proposed not as a model generator but as model reconstruction 

technique for subsurface models where we do have access to sparse measurements of the subsurface 

properties of interest. Sets of geostatistical realizations as training datasets combined with observed 

experimental data. These networks are applied to reconstruct non-stationary sedimentary channels and 

continuous elastic properties, such as P-wave propagation velocity, in the presence and absence of 

conditioning data. The application examples show the suitability of generative adversarial networks in 

learning the spatial structure of the data from sets of stochastic realizations, reproducing the original main 

statistics of first and second order and the spatial continuity pattern as expressed by a variogram model 

(i.e. a spatial covariance matrix). This thesis also explores the application of GAN’s in a seismic inversion 

algorithm in attempt to incorporate non-stationary geological structures by a performing a simultaneous 

inversion of the seismic data to facies and acoustic impedance models. This mechanism will enable to 

produce reservoir models more geologically consistent and reliable. 
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1 Introduction 

The seismic reflection method is a technique used to study the earth´s subsurface. A seismic wave is 

propagated in the earth´s subsurface and when the wave reaches an interface between two media with 

different elastic properties, the wave is reflected back until the surface, where its amplitude and arrival 

time, given the typical relatively low frequencies, are recorded in specific sensors like geophones and 

hydrophones (Yilmaz, 2001).  

The study of a phenomenon or a physical system is often related to the attempt to be described as a 

model, which is determined by a function and its parameters. The inverse problem is set when the output 

of the model is known, but it is necessary to find the configuration of model parameters that best fits the 

observed measurements (Tarantola, 2005).  
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To infer the spatial distribution of the subsurface petro-elastic properties from indirect measurements such 

as the recorded seismic section an inverse problem is set. The process of solving this inverse problem is 

called seismic inversion. The inversion methods using a statistical approach enables the assess of 

uncertainties of the inverted models. The focus of this work is to study a particular method of the statistical 

approaches, which are the iterative geostatistical seismic inversions (Azevedo & Soares, 2017).  

Generative models are designed with the objective of reproducing a given data distribution. Generative 

Adversarial Networks (GANs) are a kind of generative models that consists in an adversarial training 

between two networks in a zero-sum game framework, i. e. both discriminative and generative networks. 

with the known successful application of GAN’s in previous geosciences applications (e.g. Chan & 

Elsheikh, 2017; Mosser et al. 2018a; Mosser et al., 2018b), it is expected that the GAN can be 

implemented in the geostatistical seismic inversion workflow in an attempt to reproduce the non-stationary 

features and resulting in a more reliable inverted models. 

This work shows the applicability a GAN architecture, based on Deep Convolutional Network architecture 

and Wasserstein optimization, on the reconstruction subsurface models that might be the result of a 

geostatistical seismic and the application of GAN in a seismic inversion workflow. 

1.1 Seismic Inversion Methods 

Seismic inversion is a process that enables retrieving the earth´s subsurface properties from acquired 

seismic data within a high spatial extent. After obtaining this property value from the seismic data it is 

possible to correlate them to the available well data. The important fact is that seismic inversion is able to 

provide property information in other regions than the well location, helping the understanding of a larger 

area of the reservoir which results in more reliable geophysical models for reservoir characterization 

(Azevedo & Soares, 2017). 

The Global Stochastic Inversion (GSI) (Soares et al., 2007) is based on two steps: i) The generation of 𝑁 

simulations of acoustic impedance (AI), reproducing the spatial patterns observed in variograms; ii) The 

computation of synthetic seismogram from these AI simulations and combine the best matches of each 

model to generate a model with higher correlation. This is done in an iterative way (Caetano, 2012). 

1.2 Generative Adversarial Networks 

A Generative Adversarial Network is a network configuration that consists in assembling two multilayer 

perceptron models, a generative network 𝐺, and a discriminative network 𝐷, that are trained in an 

adversarial process, in a zero-sum game framework, to estimate a generative model (Goodfellow et al., 

2014). In this framework, the networks compete against each other: the 𝐺 network generates samples in a 

way that the 𝐷 network has to distinguish if the generated sample is from the original data or if it is 
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sampled from the generative model, the aim of the 𝐺 network is to create samples that are capable of 

fooling the 𝐷 network. Both networks are simultaneously trained, 𝐷 is trained aiming to maximize the 

probability that it labels the input correctly, i.e. if it is from the original data or generated from 𝐺. 𝐺 is 

trained with the objective to create sample a with a distribution 𝑝𝑔 that is similar to the training data 

distribution 𝑝𝑑𝑎𝑡𝑎 (Chan & Elsheikh, 2017). During the training, 𝐺 and 𝐷 play a minmax game between 

each other where the value function 𝑉(𝐷, 𝐺) is described in Equation (1): 

 𝑚𝑖𝑛
𝐺

𝑚𝑎𝑥
𝐷

𝑉(𝐷, 𝐺) = {𝔼𝑦~𝑝𝑑𝑎𝑡𝑎
𝑙𝑜𝑔 𝐷(𝑦) +  𝔼𝒛~𝑝𝑧

𝑙𝑜𝑔 (1 − 𝐷(𝐺(𝒛))) }. (1) 

where V(D,G) represents the value function, y the generated data, 𝔼𝑦~𝑝𝑑𝑎𝑡𝑎
𝑙𝑜𝑔 𝐷(𝑦) is the log probability 

of D predicting that real data is genuine, 𝔼𝒛~𝑝𝑧
𝑙𝑜𝑔 (1 − 𝐷(𝐺(𝒛)))   corresponds to the log probability of D 

predicting that the generated data is not genuine and, finally, z the input noise vector of G. 

At the first formulation of GANs, both discriminator and generator consisted of fully connected layers, 

however CNNs are much more suited to handle image data (Creswell et al., 2017). The research is done 

in Radford et al. (2015) proposed a new type of architecture called Deep Convolutional Generative 

Adversarial Network (DCGAN), in which both, the discriminator and the generator are represented by 

CNNs (LeCun et al.1998).  

In terms of handling spatially correlated data, CNNs have been widely used for supervised tasks, but not 

in unsupervised tasks. The development of DCGAN (Radford et al., 2015) attempts to overcome this 

barrier and demonstrates that the architecture constraints enable the model to learn the data distribution.  

To improve GAN training, Arjovsky et al. (2017) used the Wasserstein distance (Villani, 2009)) that are 

used to compare distributionsprovioding better results for optimization process since it is continuous and 

provides a usable gradient everywhere. 

The Wasserstein distance is described in Equation (2): 

 𝑊( 𝑝𝑑𝑎𝑡𝑎 , 𝑝𝐺) = inf
𝛾∈∏( 𝑝𝑑𝑎𝑡𝑎,𝑝𝐺)

𝔼(𝑦1,𝑦2)~𝛾‖𝑦1 − 𝑦2‖.  (2) 

In Wasserstein GAN (WGAN), the objective is to minimize the Wasserstein distance. With this new 

objective function the discriminator, which outputs a probability, is now replaced by a function 𝑓, that is 

called critic, that outputs a real value that correlates with the sample quality (Arjovsky et al., 2017). 

The main improvement of WGAN is that it allows the critic to be trained untill optimality. But, as shown in 

(Arjovsky et al., 2017), the estimation of the Wasserstein distance correlates well with the visual quality of 

the synthetic data, which may provide a meaningful loss metric during the training.  

1.3 Generating Conditional Subsurface Geological Models with GANs 
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A recent application of GANs is the generation of synthetic samples conditioned to existing data. The 

method proposed by Yeh et al. (2017) resembles an “inversion” of the generator network, based on the 

backpropagation to the input data, solving an optimization problem. This approach is defined by the 

optimization of a specific loss function, presented in Equation (3) as follows:   

 ẑ = arg min
𝑧

{ ℒ𝑐 (𝒛|𝑦, 𝑀) + ℒ𝑝(𝒛)},  (3) 

where ℒ𝑐 denotes the context loss, ℒ𝑝 denotes the perceptual loss and 𝑀 denotes the binary mask of the 

corrupted image and indicates where the image has data or not.

The other component of the loss function, the prior loss, corresponds to a penalization to images that are 

unrealistic, meaning that they are not similar to the ones presented at the training data (Yeh et al., 2017).  

 

2 Methodology 

This section is divided in two parts: the first part introduces the GAN as a method to create unconditioned 

and conditioned subsurface models; the second part describes a seismic inversion method that aims to 

invert seismic data simultaneously for acoustic impedance and facies models, in which the facies models 

are created by a trained GAN. 

2.1 Generation of Subsurface Models 

Here, the procedure used for the generation of subsurface models using a GAN is described. The process 

starts with the selection of the dataset to be used as training data and required pre-processing tasks. 

Then, it is presented how network architecture and parameters were set. Following, the training procedure 

is explained. Once the network is trained, it is ready to generate conditioned and unconditioned 

subsurface models. 

2.1.1 Dataset Configuration 

The first step is to create a database of subsurface models (discrete or continuous) to be used as the 

GAN training dataset. The second step determines the size of the training dataset and generated models 

of the network. The third step is to normalize the training dataset in the tanh domain ([-1,1]). Finally, the 

fourth step is to separate the normalized training models in batches for the network training procedure. 

Generative Adversarial Network Architecture 

2.1.2 Hyperparameter Adjustments and Training 

For samples generation that resemble the training data distribution and its visual pattern it is necessary to 

train the GAN. At first, it is necessary to define the network parameters to be used, related to its 

architecture and data input and output. GAN’s training parameters follow those described in Arjovsky et al. 

(2017). 
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The DCGAN training follows the same algorithm proposed by Goodfellow et al. (2014). After each training 

epoch, the performance of the generator was evaluated comparing its visual characteristics and the 

histogram with the ones of the training data set.  

2.1.3 Subsurface Model Reconstruction 

This part of the work was developed to assess GANs performance in producing geological models under 

several scenarios. The performance was checked in two different datasets: a discrete, which in 

geosciences most of the times represents geological facies; and a continuous dataset, which may 

represent any property of the subsurface.  

In the first phase, unconditional models are produced for each dataset. In the second phase, the ability of 

the GAN to produce conditioned models was tested in the following conditioning scenario: Model 

generation conditioned to well data (“wells”). This is a classical spatial inference problem where the 

subsurface properties are known at few and sparse locations often tackled using geostatistical modelling 

tools. 

2.2 GAN Geostatistical Seismic Inversion  

 First a set of unconditioned facies model is generated using the trained GAN. For the optimization of the 

facies model it was decided to use 3 types of losses. The first two, already presented, the content loss, 

given by the mismatch of facies values and the conditioning data, and perceptual losses, inputting the 

models into the trained discriminator, are directly calculated from the facies model as described 

previously. The third loss is related to the correlation between the synthetic seismic generated though the 

Adapted GSI Algorithm and the original seismic.  

 

Figure 1. Workflow of the GAN Geostatistical Seismic Inversion after training. 

The total loss is propagated backwards though the generator and gradient is computed for the z-vector in 

order to minimize the loss function.  For the optimization of the loss function in terms of the z-vector, it was 

used the Adam optimizer with a learning rate of 1. Then, the z-vector is optimized and a new set of facies 

model is produced. The optimization process occurs a defined threshold value is achieved for each loss. 
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3 Results and Discussion 

3.1 Dataset Description 

The facies training dataset is composed by cropping a well-known training image with semi-straight 

channels (Strebelle, 2002) with a sliding window with 64 𝑥 64 pixels. A total of 34,969 models were used to 

train the network (Figure 2). In this example, the black facies (0) correspond to shales, representing low 

permeability, while the white (1) to sand channels, presenting high permeability. The use of this dataset 

enables to test the capability of the GAN in producing the channels configuration and its connectivity. 

 

Figure 2. At the left side, the original training image of semi-straight channels. At the right side, the training 

images obtained after applying the sliding window. 

 

3.2 Generation of models 

Here the results of the unconditioned facies models are presented. In Figure 3 shows a batch of training 

models (left) and a batch of generated models (right). Figure 4 compares the histograms between trained 

and simulated models 

 

Figure 3. At the left side, sliding windows obtained from the original dataset, a training batch. At the right side, 
realizations of the GAN. 
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Figure 4. At the left side, the histogram composed of data from all the sliding windows – 34969 windows, the 
percentage of data representing channels, 1, is 28.97%. At the right, histogram composed of data from 34969 
realizations of the GAN, the percentage of data representing channels, 1, is 28.85%. 

3.3 Model Reconstruction 

it was used 3 different accuracies: 90%, 95% and 100%. For each test 100 models were generated in 

order to compute the statistics and compare the statistics between training and generated data. 

Generation of Conditioned Samples: Wells  

For model reconstruction conditioning to well data, two vertical wells located far from each other and close 

to each border of the model were considered (location 5 and 50 along the horizontal axis) (Figure 5  

 

Figure 5. At the left, a random sliding window, which is the source for the conditioning data. At the right, the 
conditioning data, two wells located at the 5 and 50 positions on the x axis. 

The use of well information does not impact the reproduction of the main statistics (Figure 6). Figure 7 

illustrates three different realizations for a minimum of accuracy of 90%, 95% and 100%, respectively.  

 

Figure 6. a) Histogram calculated for the 100 realizations with a minimum of 90% match, present a frequency of 
27.51% for facie 1. b) Histogram calculated for the 100 realizations with a minimum of 95% match, present a 
frequency of 28.39% for facie 1. c) Histogram calculated for the 100 realizations with 100% match, present a 
frequency of 28.67% for facie 1. 
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Figure 7. a) At the left, the realizations of the network with, at least 90% of accuracy between conditioning data and 
output. At the right, the indication of match or mismatch. b) Realizations of the network with, at least 95% of accuracy 
between conditioning data and output. At the right, the indication of match or mismatch. c) the realizations of the 
network with 100% of match. At the right, the indication of the perfect match along the well.  

3.4 GAN in Seismic Inversion 

This section of the thesis introduces a geostatistical seismic inversion method that uses GAN as facies 

model perturbation.  

3.4.1 Case Study - 128x128 

This section presents the results of applying the methodology described in section 52.2 to a model of 

dimension 128 x 128 pixels. Figure 8 show the data used for this case, 128 by 128 pixels models cropped 

from the original dataset.  

 

Figure 8. Presentation of the a) facies model, b) the conditioning data of the well locations (x=28, x= 123) and c) the 
seismic amplitudes of the selected region of the model. 
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The first step was to use the GANs to created a set of 50 unconditioned realizations of facies models. The 

set of unconditioned realizations are shown in Figure 9a. 

The next step was to input each one of the created model through the Adapted GSI algorithm. Then, it is 

computed the losses of all the facies model.  

For this optimization, the threshold values defined was  90% of correlation between synthetic and original 

seismic. In Figure 9a, it is possible to see the evolution of the optimization of the facies models along the 

iterations. In Error! Reference source not found., it is shown the best facies model, with lowest seismic 

loss. 

 

Figure 9. (Left)Examples of the optimization of the initial facies models during: a) iteration 0, b) iteration 30, c) iteration 
50 and d) iteration 70 (models are rotated 90º to the left).(Right) Examples of the best facies models of each iteration: 
a) iteration 0, b) iteration 30, c) iteration 50 and d) iteration 70. 

In iteration 70, the considered best model of the current iteration surpass the threshold of 90% of 

correlation defined. 

4  Conclusions and Future Work 

The application examples shown here shows the ability of generative adversarial networks to produce 

reliable subsurface geological models in both discrete and continuous domains, reproducing the spatial 

patterns and main statistics of the training dataset. Regarding the use of GAN as a model reconstruction 

technique, the results produced here with generative adversarial networks show that resulting models are 

able to incorporate different sources of information with different levels of detail and accuracy without the 

need to fully explicit the geological parameterization as in the case of geostatistical simulation.  

Regarding the use of GANs in a seismic inversion procedure, it has been seen that the idea is possible to 

be applied, although more complex than the previous case. The challenge was to incorporate the different 
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information from mismatch of seismic and facies values for the optimization of the facies model. The 

approach using an adapted GSI algorithm succeeded.  
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