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ABSTRACT 

This thesis is about using a Machine Learning (ML) algorithm coupled with seismic attribute 

analysis and seismic inversion for reservoir characterization. This machine learning algorithm, 

called Symbolic Regression (SR) uses various seismic attributes, such as frequency and chaos, in 

order to find a correlation between these seismic attributes and another attribute called Acoustic 

Impedance (AI) at the wells location. This correlation is shown in the form of a function of the 

acoustic impedance derived from the other seismic attributes and with this function it is possible 

to create both a synthetic seismic model and an acoustic impedance model. The reason for 

choosing the acoustic impedance as the attribute to be modelled is that this particular attribute has 

a good correlation with porosity, which is one of the main petrophysical properties required for 

an oil and gas reservoir. 

This machine learning algorithm method was compared to the existing geostatistical seismic 

inversion algorithm, called Global Stochastic Inversion (GSI; Soares et al. 2007; Caetano 2009). 

A second and more important method was also compared to the GSI, which integrates symbolic 

regression and geostatistical seismic inversion. Using these methods, synthetic seismic and 

acoustic impedance models were built and using correlations with real data and statistic methods, 

such as standard deviation, they were compared. 

The conclusions from this research proved that both of these methods are feasible methods for 

reservoir characterization. Despite the symbolic regression method being proved to work, it does 

not have such good results as the GSI, while the combination of the symbolic regression with the 

GSI has results on the same level as the GSI while having the advantage of possible improvement. 

 

KEY WORDS: Symbolic regression; Seismic inversion; GSI; seismic attributes; reservoir 

characterization. 

 

1. Introduction 

 

The objective of this paper is to integrate seismic attribute data to reduce the computational burden 

of a geostatistical inversion technique. Two methods are tested against the Global Stochastic 

Inversion (GSI) which is a geostatistical seismic inversion algorithm. The first approach uses a 

machine learning algorithm called Symbolic Regression (SR) and the other includes the results 

retrieved by the symbolic regression method in the GSI. The first comparison is not shown on this 

paper as the important comparison is between the method that integrates SR in the GSI. The main 



goal of this thesis is to assess if it is possible to enhance the accuracy, speed and final results of 

the models. 

 

2. Symbolic Regression 

Symbolic regression is a type of regression analyses that uses genetic programming to find the 

best fitting models in terms of accuracy and model simplicity for a user given dataset(Koza, 2007). 

In this paper, the dataset is a series of seismic attributes which were used to infer a function of the 

acoustic impedance. This function comes in the form: 

    �̂� = 𝑓(𝑥1, … , 𝑥𝑀),         2.5) 

where 𝑦 is the 𝑦 variable that is being predicted (the output), �̂� is the model prediction of 𝑦, 𝑓 is 

a symbolic non-linear function (or a collection of them) and 𝑥1, … , 𝑥𝑀 are the input variables that 

are given that may or may not be related to the output.  

 

3. Seismic inversion and Global Stochastic Inversion (GSI) 

Seismic inversion (SI) is a mathematical process that is linked with reservoir characterization. It 

is applied to transform seismic reflection data into a quantitative description of rock related 

properties of a reservoir making it possible to create subsurface Earth models (Barclay et al., 

2007). It uses seismic reflection data along with a wavelet estimated from data. There are 

numerous methods to perform seismic inversion but for the purpose of this thesis, the one that is 

discussed is the Global Stochastic Inversion (GSI) algorithm (Soares, 2007). This particular 

methodology uses a global approach during the stochastic sequential simulation stage as opposed 

to the trace-by-trace approaches. The model perturbation towards the objective function in this 

approach is made by using direct sequential simulation (DSS) and co-simulation (Soares et al. 

2007; Caetano 2009).  

 

4. Methodology 

The methodology behind the integration and combination of the geostatistical seismic inversion 

with symbolic regression can be summarized in three main steps:  

i) Seismic attributes analysis 

ii) Symbolic regression modelling  

iii) Geostatistical seismic inversion with symbolic regression 

 

1. Seismic attributes are additional information that is retrieved from seismic reflection data by the 

use of mathematical manipulations on its components, which are frequency, amplitude, phase and 

TWT. 

2. These seismic attributes, which include frequency, chaos, sweetness, among others, can be used 

to train machine learning algorithms to spatially predict P-impedance. The machine learning 

algorithm being used for this in this thesis is symbolic regression. 

3. By performing the SR we obtain: 𝐼𝑝∗ = 𝑓(𝑇𝑊𝑇, 𝑎𝑚𝑝𝑙𝑖𝑡𝑢𝑑𝑒, 𝑐ℎ𝑎𝑜𝑠, 𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦, 𝑝ℎ𝑎𝑠𝑒, … . ), 

which was used for the GSI as an a priori model for the inversion and used as part of the objective 

function. 



Fig. 1 illustrates the proposed procedure to combine GSI with SR.  

 

Figure 1 - Schematic representation of the GSI ft SR methodology (Azevedo and Soares, 2017) 

In the proposed methodology introduces the following objective function: 

𝑂𝐹 = 𝑊1𝜌(𝑆𝑅 , 𝑆𝑆) + 𝑊2 (
|𝐼𝑝𝑆

∗−𝐼𝑝𝑆𝑅
∗|

𝑀𝑎𝑥𝐼𝑝𝑆𝑅
∗ )   (4.1) 

where 𝑊1 and 𝑊2 are the respective weights of each part of the function (the sum of these weights 

amounts to 1), 𝜌(𝑆𝑅 , 𝑆𝑆) is the correlation coefficient between the real and synthetic seismic 

traces, 𝐼𝑝𝑆
∗ is the simulated synthetic Ip value, 𝐼𝑝𝑆𝑅

∗ is the a priori value of the Ip given by the 

symbolic regression and the 𝑀𝑎𝑥𝐼𝑝𝑆𝑅
∗ is the maximum value of the Ip from the symbolic 

regression. The proposed methodology may be summarized in the following sequence of steps: 

 

1. Generate a set of N acoustic impedance cubes by using Direct Sequential Simulation algorithm 

(DSS) based on the available acoustic impedance well-log data and an assumption of a spatial 

continuity pattern. 

2. Computed normal incidence reflection coefficients (RC; Eq. 4.2) from the impedance models 

previously simulated; 

𝑅𝐶 =
𝐼𝑝2−𝐼𝑝1

𝐼𝑝2+𝐼𝑝1
       (4.2) 

Where the 𝐼𝑝1 and 𝐼𝑝2 correspond to the AI mean above and below the reflection interface 

considered.  

3. These reflection coefficients are then convolved by an estimated wavelet for that particular seismic 

dataset in order to compute the synthetic seismic volumes using the Eq. 4.3: 

      𝐴 = 𝑟 ∗ 𝑤     (4.3) 



where 𝐴 is the seismic amplitude attained by the convolution of 𝑟 and 𝑤, 𝑟 are the subsurface 

reflection coefficients, which are dependent on the acoustic impedance, and 𝑤, an estimated 

wavelet. 

 

4. Compute the trace-by-trace objective function as described by Eq. 4.4: 

 𝐝𝐨𝐛𝐬 = 𝐅(𝐦) + 𝐞    (4.4) 

 and retain the acoustic traces with the smallest misfit and the corresponding misfit value in 

auxiliary volumes. 

5. Generate a new set of realizations of acoustic impedances with direct sequential co-simulation, 

conditioned to the available acoustic impedance well-log data, using the data from the auxiliary 

volume from the previous step as secondary variables. 

6. The last step is repeated in an iterative approach until a satisfactory objective function is achieved. 

The objective function in this case is shown in eq. 4.1. 

 

5. Results 

The first results came from the SR and they validated the SR method. However, compared to the 

results obtained from the GSI they were not as good, with a big difference in the correlation 

between the synthetic and real seismic, as it can be seen in Table 1. It is to notice that there were 

two different models of SR regression used, model 1 and model 2. 

 

Model 1 Symbolic 
Regression 

Model 2 Symbolic 
Regression 

  GSI 

Minimum Ip 6972.49 7691.02 6559.76 

Maximum Ip 19167.85 16780.35 18552.24 

Correlation Coefficient Synthetic 
vs Real Seismic 

0.59 0.77 0.90 

Standard deviation 2462.26 2294.08 1957.17 

Table 1 - Minimums, Maximums and correlation coefficients 

Since the results were not as good and the main objective of this thesis is to compare the method 

that integrates the SR in the GSI and the GSI, those are the results that will be shown in this 

section.  

First, histograms from the different scenarios are considered and shown in Fig. 2. 



 

Figure 2 - left - Histogram Ip values from SR ft GSI model 1; center - Histogram Ip values from SR ft GSI 

model 2; Right - Histogram Ip values from GSI 

The histograms of the arithmetic mean Ip values from the combination of the symbolic regression 

with the GSI are extremely similar to the histogram of the standard GSI, whether in shape or in 

values, which is a good validation of this method of Ip prediction. From here an analysis of the 

models built is performed using the Fig. 3 in which the models are shown; 

 

Figure 3 - Upper left - Model 1 SR ft GSI; Bottom left - Model 2 SR ft GSI; Right – GSI 

 

 

 



 

Model 1 Symbolic 
Regression ft GSI 

Model 2 Symbolic 
Regression ft GSI     GSI 

Minimum Ip 6559.76 6559.76 6559.76 

Maximum Ip 18552.24 18552.24 18552.24 

Correlation Coefficient Synthetic vs Real 
Seismic 0.90 0.88 0.90 

Maximum Standard deviation 3586.33 3385.73 3021.70 

Sum Standard deviation 2.305770e+10 2.056481e+10 1.910687e+10 
Table 2 - Minimums, maximums, correlation coefficients, maximums and sums standard deviations 

Interpreting Fig. 3, it can be seen the general outline of the models predicated from the symbolic 

regression with the GSI are extremely similar especially model 2.  

One thing that is to notice on table 2 is that the minimum and maximum value of the Ip is the 

same for either the GSI or the symbolic regression combination with GSI. The reason for this is 

that these are the minimum and maximum values existing in the real data from the wells and as 

such they are also the minimum and maximum values of the inversion process. This is due to the 

stochastic methods not being able to predict values outside of this interval, which is a limitation 

of the stochastic process. From further analysis to table 2 and to the Fig. 4, it is possible to 

conclude that the synthetic seismic created by the combination of the symbolic regression with 

the GSI is almost identical to the synthetic seismic created by the standard GSI, whether in terms 

of shape of the seismic traces, the amplitude of those traces or in the correlation coefficient with 

the real seismic. 

 

 

Figure 4 - Upper left - Synthetic seismic from Model 1 SR ft GSI, Bottom left - Synthetic seismic from Model 2 SR ft 

GSI, Right - Synthetic seismic from GSI 



Another validation test that needs to be made is concerning the standard deviation of the Ip from 

the models. To do this there is a need to observe both the acoustic impedance standard deviation 

histogram – Fig. 5 – and also the models of standard deviation created, shown in Fig 6. Paying 

in mind that the higher the standard deviation value is, the further it is from the mean – also 

called the expected value – so the lower it is the better. 

 

 

 

Figure 5 - Ip standard deviation histograms: Left - Model 1 SR ft GSI; Middle - Model 2 SR ft GSI; Right – GSI 

From the histograms attained it can be seen that even though their distribution shapes are almost 

identical, the same cannot be said for their values. The standard deviation values of the model 

created by the standard GSI are lower than the ones from the second model of the combination of 

SR with GSI and much lower than the ones from the first model. This is also further confirmed 

by the results of the sum shown on table 2. More details can be seen for this analysis of the 

standard deviation in Fig. 6, where it is shown that the general outline of the higher and lower 

values of standard deviation is quite similar between the models created with the combination of 

SR with GSI to the models created with GSI, especially the second model. So, we can conclude 

that the model created with GSI is better than the others, due to the fact that the Ip values from 

this model are closer to the expected values. 

 



 

Figure 6 - Standard deviations - Upper left - model 1 SR ft GSI; Bottom left - model 2 SR ft GSI; Right – GSI 

The last things left to analyze are the local correlation coefficient between real and synthetic 

seismic traces. Fig. 7, shows that the general outline of the distribution of the higher and lower 

correlation coefficient values of the models created by the combination of symbolic regression 

with GSI and the model created by GSI is similar. The difference being that the model created by 

the GSI has higher correlation coefficients.  

 



 

Figure 7 - Upper left – CC model 1 SR ft GSI; Bottom left – CC model 2 SR ft GSI; Right - CC GSI 

The final comparison done is of the global correlation coefficient. This comparison is shown in 

Fig. 8, where it is shown the correlations in each iteration of the process of the inversion algorithm. 

It can be seen that the final result is almost identical, even though the result from the standard GSI 

is still slightly better, with the exact values shown in table 1. It is to notice that in the second 

iteration the correlations of the algorithm with both symbolic regression and GSI is actually higher 

than the correlation of the regular GSI algorithm. This is due to the fact that the symbolic 

regression enters only in between the first and second iteration and it works as a helper to improve 

the GSI by having a priori data. 

 

Figure 8 – Global correlations  



 

6. Conclusions 

From this research it is possible to conclude that the integration of symbolic regression with the 

global stochastic inversion creates good results, almost at the same level as the regular GSI. The 

main advantage is that performing the SR is much faster than performing the GSI, which for large 

volumes makes a big difference, and it still has good results. So, the SR can be used to first see if 

the area of interest has any potential for exploration and if so, the next step would be to combine 

these results with the GSI to make them more accurate. It is to notice that despite the results of 

this combination being slightly worse than the results of the standard GSI, the acoustic impedance 

function found through the SR can be enhanced which can make the overall results better. 
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