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Resumo 

Esta tese é sobre o uso de um algoritmo de aprendizagem automática na análise de atributos sísmicos 

e inversão sísmica para caracterização de reservatórios. Este algoritmo, chamado Regressão 

Simbólica, usa vários atributos sísmicos para encontrar uma correlação entre esses atributos e outro 

atributo que é a impedância acústica nas localizações dos poços. Esta correlação será representada 

através duma função em que a impedância acústica é dependente dos outros atributos e é através 

desta função que será possível criar tanto um modelo de sísmica sintética como um modelo de 

impedâncias acústicas. O motivo pelo qual se escolheu a impedância acústica como o atributo sísmico 

a ser modelado é devido à sua boa correlação inversa com a porosidade, uma das propriedades 

petrofísicas mais importantes para um reservatório de petróleo. 

O algoritmo proposto é comparado a outro algoritmo já existente e comprovado chamado Global 

Stochastic Inversion (GSI; Soares et al. 2007). Um segundo método será também comparado à GSI, 

sendo este método uma mistura entre a regressão simbólica e a GSI. O método de comparação será 

através de correlações entre os modelos obtidos com modelos reais e através de métodos estatísticos, 

tal como o desvio-padrão. 

As conclusões desta tese provaram que ambos os métodos em questão são métodos que podem ser 

implementados na caracterização de reservatórios. O método da regressão simbólica, apesar de 

funcionar, não obtém resultados tão bons como a GSI enquanto a combinação da GSI com a regressão 

simbólica tem resultados ao nível da GSI com a vantagem de poder ser melhorada. 
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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). A second 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, Global stochastic inversion, acoustic 

impedance, synthetic seismic, seismic attributes, subsurface models, reservoir characterization. 
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Introduction 

1.1 Motivation 

 
One of the main challenges in oil and gas exploration and production is generating a reliable model of 

the subsurface. This is a process known as reservoir modelling and characterization (Doyen, 2007). This 

process depends integrating information from wells, 3D seismic surveys to build a mathematical model 

to describe the spatial distribution of the reservoir’s internal properties. One of the main methods used 

for the mathematical modelling of hydrocarbon reservoirs is the geostatistical seismic inversion, which 

allows inferring reliable subsurface models but is a computational expensive method. So, the motivation 

behind this thesis is to find a way to use seismic attribute analysis and geostatistical seismic methods 

combined with machine learning algorithms to reduce the computational time of geostatistical seismic 

inversion. 

 
 

 

1.2 Objectives 

 
The objective of this thesis 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 geostatistical seismic inversion algorithm. The main goal of this thesis is to 

assess if it is possible to enhance the accuracy, speed and final results of the models. 

The final goal is not to replace at once the existing method but to see if there is a basis on which to work 

further on these new methods to later prove their worth. 
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1.3 Structure of the thesis 

 
This thesis starts with the description of the theorical concepts necessary to understand the processes 

and the results attained such as the concept of acoustic impedance, seismic inversion and symbolic 

regression. This is followed by a description of the methodology proposed under the scope of this thesis. 

The next section shows the results of the application of the proposed method and its validation. Then, 

the results attained from the symbolic regression and the combination of symbolic regression with GSI 

are compared with the results attained with the GSI also drawing forth conclusions on them. Finally, a 

general conclusion about the application examples is made. 
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Chapter 2 

State of the Art 

This chapter overviews on all the theoretical concepts involved during the development of this work. 

 

 

2.1 Seismic Inversion 

 
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. This method of performing SI is an industry certified method which only has 

the downside of taking a lot of time to invert large volumes of data. 

The process of seismic inversion is an application of the inversion method to the seismic data. The 

inverse problem is a mathematical method of predicting the model parameters given a set of 

observations (Barclay et al., 2007). It can be considered that the inversion system works in a similar 

way as a regression system as it uses the real results of measurements to discover values of the 

parameters that characterize the system. When applied to modelling, it can be considered as the inverse 

of forward modelling which is a process that starts with a model of formation properties, afterwards 

mathematically simulating a physical occurrence on the model and finally providing a modelled response 

that is similar to real data. When applied to seismic, forward modelling begins with an Earth model of 

acoustic impedance, combines it with a seismic wavelet and outputs a synthetic seismic trace. However, 

unlike the forward modelling, inverse modelling does not have a unique solution but an infinite number 

of them. As such, it is crucial to make explicit any available a priori information on the model parameters 

and to be careful in the representation of the data uncertainties (Tarantola, 2005). 

Seismic amplitudes are physically related to acoustic impedances and as such, these amplitudes can 

be approximated by the convolution of reflection coefficients (r, derived from acoustic impedance) with 

a known wavelet: 

𝐴  = 𝑟 ∗ 𝑤, (2.1) 
 

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. The 

equation written above (Eq. 2.1) is the equation of the forward model. In seismic inversion, the Earth’s 
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response to a limited set of indirect measurements is known and using that as starting point it is possible 

to infer the model parameters (Tarantola, 2005). Geophysical problems try to discover the physical 

properties of subsurface geology, the model parameters (m ∈ 𝐑𝒏), from a set of indirect geophysical 

measurements/observations (𝐝𝐨𝐛𝐬 ∈ 𝐑𝒏) that have some measurement errors (e) coming from various 

sources. The observed data (𝐝𝐨𝐛𝐬) and the subsurface properties of interest (m) are connected by a 

forward model (F) which can be described by, for example, Eq. 2.1. So, if the model parameters are 

known and there are forward models that can be mathematically described, the observed data can be 

described by Eq. 2.2 (Tarantola, 2005) : 

𝐝𝐨𝐛𝐬  = 𝐅(𝐦) + 𝐞. (2.2) 

In seismic inversion the observed data, 𝐝𝐨𝐛𝐬, represents the recorded seismic reflection data and, if 

available, the well-log data. F is commonly defined as the convolution model and m is the model 

parameter space for the properties to invert (Azevedo and Soares, 2017). 

There are different approaches to solve the seismic inversion but for the purpose of this thesis, only one 

needs mentioning which is a category that comprises iterative geostatistical seismic inversion methods 

which are based on stochastic sequential simulation and co-simulation to generate and perturb the 

model parameters e (Azevedo and Soares, 2017). 

 
 

 

2.2 Global Geostatistical Seismic Inversion 

Methodologies 

Global stochastic inversion (Soares, 2007) is one of the existing global geostatistical seismic inversion 

methodologies. 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 (Caetano, 2009) (Soares, 2007). 

 

2.2.1 Global Stochastic Inversion (GSI) 

 
The global stochastic inversion (Azevedo and Soares, 2017) allows the inversion of post-stack seismic 

reflection data for AI (Ip) models. The steps of this iterative geostatistical methodology are described in 

the following sequence, summarized in Fig. 1: 
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Figure 1 - Schematic representation of the GSI methodology (Azevedo and Soares, 2017) 

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

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

continuity pattern. 

2. Use the normal incidence reflection coefficients (RC; Eq. 2.3) from the impedance models 

previously simulated and a known wavelet to compute a set of Ns synthetic seismic volumes; 

𝑅𝐶 =
 𝐼𝑝2−𝐼𝑝1 

𝐼𝑝2+𝐼𝑝1 
(2.3) 

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 (Eq. 2.1). 

4. Compare in terms of correlation coefficient each seismic trace from the synthetic models with 

the real seismic data from the same location on a layer basis. Retain the acoustic impedance 

traces that create the synthetic seismic with the highest correlation in an auxiliary volume 

alongside with the correlation coefficient value. 

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

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

volume: the best Ip volumes – as secondary variables – and the local correlation coefficients to 

condition the joint simulation. 

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

achieved. The objective function in this case is: 
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𝑂𝐹  = 𝜌(𝑆𝑅, 𝑆𝑆), (2.4) 

Which is to say, the global correlation coefficient between the real and synthetic seismic. 

 
 

This GSI methodology allows retrieving high resolution Ip models that have been proven to be good 

models in many different geological contexts. 

 
 

 

2.3 Machine Learning and Genetic 

Programming 

Machine learning (ML) is one of the fields or artificial intelligence that endows programs the ability to 

automatically “learn” and improve from experience without being programmed specifically for that 

improvement (Fabris, 2017). It works through algorithms that receive some input data and use statistical 

techniques to predict outputs while updating outputs as more data is received. ML can be divided in two 

categories, unsupervised and supervised. For the scope of this thesis, the machine learning technique 

used is within the supervised category. Supervised machine learning consists of methods for 

automatically building a predictive or classification function after being given a set of training instances 

(Fabris, 2017). In other words, supervised ML maps the predictor attributes of an instance to a prediction 

which is the target variable of an instance using the training data as a basis. In the supervised category 

there two ways to define the output, classification and regression. For the purpose of this thesis, only 

the regression is discussed. 

There is a subset of ML which is a type of evolutionary algorithm called genetic programming (GP). GP 

is a method which is biologically inspired to make computer programs evolve in order to perform a 

determined task (Searson, 2015). It starts with the random generation of a population of computer 

programs, which for the purpose of this thesis is represented by tree structures, and afterwards it uses 

the principles of mutation, crossover, gene duplication and gene deletion on the best performing trees 

to create a newer and better population. The crossover principle is when the creation of the offspring 

program is made from a random combination between two chosen parts of the two parent programs and 

the mutation principle is when the creation of the offspring program is made from a random alteration in a 

part of the parent program. The way of choosing the best performing trees is through a fitness score 

based on regression metrics like mean squared error or mean absolute error that is assigned to each 

tree. This class of algorithms is based on Darwin’s theory of evolution and one of its most important 

aspect is that is provides multiple solutions. This group of possible solutions is called population and the 

members of these populations are called individuals (Koza, 2007). 

As in Darwin’s theory of evolution, this process is repeated until it is possible for the programs contained 

in the population to provide adequate results (Shimabukuro et al., 2017). The GP process can be seen 
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in the flowchart in Fig.2. The adequate results mean the results with the least disparity with the objective 

function. 

 

 

Figure 2 - Flowchart of the GP process 

 
One of the many scopes of machine learning is regression and this is the scope that it is used for this 

paper in the form of symbolic regression. In a simple regression one wishes to find some simple pattern 

in the data – a functional relationship between the X and Y components of the data, in the symbolic one 

the components of the data can theoretically be endless. 

 
 

 

2.4 Symbolic Regression 

 
Symbolic regression (SR) is used to discover a function of acoustic impedance depending on other 

seismic attributes. SR is a type of regression analyses that uses genetic programming. As the name 

implies it does not use only common mathematical expressions but also symbolic expressions. SR 

works by performing searches on the space of mathematical expressions to try to find the best fitting 

model in terms of accuracy and model simplicity for a user given dataset. Initially, the expressions are 

formed by the random combination of mathematical building blocks that may or may not be user defined 

(in the case of this thesis they were user-defined) and afterwards new equations are formed by 

recombining former equations using genetic programming (Koza, 2007). These expressions (or models) 

are the outputs of the symbolic regression and are typically of the form: 

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

where 𝑦̂ is the 𝑦̂ variable that is being predicted (the output), 𝑦̂  is the model prediction of 𝑦̂, 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. An example of a symbolic regression model is: 

𝑦̂                                                              = 0.45𝑥1  − 0.9𝑥3
2  + 0.32(𝑥4  − 𝑥1) − 4.23 cos 𝑥1 + 047 (2.6) 
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The main attribute of SR is that the evolutionary algorithm works with the functional set and terminal set. 

Functional set is usually user defined and it comprises of the random combination of mathematical 

building blocks such as mathematical operators, analytic functions, constants and state variables while 

the terminal set is a set of all constant or variables. By using GP, SR promotes the artificial evolution of 

the mathematical models, optimizing them in the process. By analyzing the fitting on these models, the 

ones that fits best the data is the one used on the generation of the next models. This fitting is based on 

the principles of accuracy, simplicity and generalization which means that the models that are the 

simplest, most accurate and the most able to apply to different scenarios are the ones that have the 

best fitting results. The new models are then formed using the recombination of the previous models. 

The main idea of this is to abandon unpromising solutions while focusing the search on promising areas 

of the target (Ivan, 2004) . 

In traditional regression analysis, the user specifies the structure of the model and then estimates the 

parameters from the data which is in stark contrast with the symbolic regression, where the structure 

and parameters of the mathematical model are automatically evolved from the data. This combined 

evolution allows SR to select both the model inputs and capture nonlinear behaviour (Searson, 2015). 

There are some advantages of symbolic regression, the main ones being (Searson, 2015)(Shimabukuro 

et al., 2017): 

• No need of a priori assumptions on the structure of the models. 

• Does not require modelling specialized computer programs to test the symbolic models. 

• The model of the final predictions is chosen through a set of non-linear empirical models that 

are automatically generated. 

• The analyses of the models often lead to new insights on the physical processes and the 

involved dynamic. 

• The simplicity of the model makes it more reliable than the typical black box models. 

• Provides a set of models (solutions) instead of just one. 

 
 
 

 

2.5 GPTIPS 2 

 
The symbolic regression process is performed in MATLAB using the toolbox GPTIPS 2 (Searson, 2015). 

GPTIPS is an acronym for Genetic Programming Toolbox for the Identification of Physical Systems and 

it is a free, open source MATLAB toolbox for symbolic data mining. Symbolic data mining is a multistage 

process of extracting previously unanticipated knowledge from large databases and applying the results 

to decision making while providing the result in the form of symbolic equations (Searson, 2015). GPTIPS 

uses multigene genetic programming to drive the automatic model discovery process. Multigene genetic 

programming (MGGP) is based on the concept of the combination of several genes with their respective 

weights, in which each gene is a typical GP tree – an example of a gene is shown in Fig. 3 Genes are 

added to the multigene individual (the combination of genes) in order to improve the fitness of the model. 
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Improving the fitness means reducing the model’s sum of squared errors. GPTIPS2 is capable of obtain 

automatically the optimal weights for each gene, which improves the overall model. 

 

 

 

Figure 3 - Example of a tree (gene) representing the model term sin (
 𝑥1) − sin (𝑥 + 𝑥 + 𝑥 ) (image from the 

𝑥8 

application examples shown in Chapter 4 

8 4 9 

 
 

 

In a multigene regression model, the prediction of the output 𝑦̂ is formed by the combination of the 

weighted output of each of the trees/genes in the multigene individual plus a bias term, which 

mathematically can be written as: 

𝑦̂                                                              = 𝑏0  + 𝑏1  × 𝐺𝑒𝑛𝑒1  + ⋯ +  𝑏𝑀  × 𝐺𝑒𝑛𝑒𝑀 , (2.7) 

where 𝑏0 is the bias/offset term and 𝑏1, . . . , 𝑏𝑀 are the respective gene weights and 𝑀 is the total number 

of genes comprising the current individual. A model example of this equation can be seen in Fig.4 while 

a real output given by the model report after using GPTIPS is seen in Fig. 5. 

 
 
 
 
 
 
 
 

 
 

Figure 4 - Multigene symbolic regression. The prediction of the response data y is the vector output of G trees 

modified by bias term 𝐵0 and scaling parameters 𝐵1, ..., 𝐵𝐺 (modified from Searson, 2015)) 
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Figure 5 - Example of a real output of GPTIPS2 given by the model report 

 
This model output represented on Fig. 5 contains both linear and non-linear terms. The terms are not 

specified by the user but the user specifies what ‘building blocks’ the model can be constructed from, 

e.g. plus, times, square, cos, tanh etc. There are also user defined strategies that allow the compaction 

and simplification of models such as the enforcement of depth restricted trees, the use of Pareto 

tournaments and expressional complexity. GPTIPS2 works by using training and testing data. The 

training data is used to evolve the number and structure of the tree during a run and it is subjected to 

user defined restraints. It uses a set of given input and output values to create the model. The testing 

data does not evolve the models, instead it is used to evaluate the evolved models after the run. It does 

not use the same data as the training data and as such, its purpose is to evaluate how well the models 

react to new data (Searson, 2015). 

So, with the use of GPTIPS2, it is possible to discover a possible model for the acoustic impedance 

while using other seismic attributes to predict this result. 
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Chapter 3 

Methodology 

This chapter describes the proposed methodology to integrate and combine geostatistical seismic 

inversion with symbolic regression. The method 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, 𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦̂, 𝑝ℎ𝑎𝑠𝑒, … . ), which 

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

function. 

Fig. 6 illustrates the proposed procedure to combine GSI with SR. 

 

 

Figure 6 - Schematic representation of the GSI ft SR methodology (Azevedo and Soares, 2017) 
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In the proposed methodology introduces the following objective function: 

𝑂𝐹 = 𝑊 𝜌(𝑆  , 𝑆  ) + 𝑊  (
|𝐼𝑝𝑆

∗−𝐼𝑝𝑆𝑅
∗|

) (3.1) 
 

1 𝑅 𝑆 2 𝑀𝑎𝑥𝐼𝑝𝑆𝑅
∗ 

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. 2.3) from the impedance models 

previously simulated; 

𝑅𝐶 =
 𝐼𝑝2−𝐼𝑝1 

𝐼𝑝2+𝐼𝑝1 
(2.3) 

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 (Eq. 2.1) 

4. Compute the trace-by-trace objective function as described by Eq. 2.2. 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. 3.1. 
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Chapter 4 Symbolic Regression 

tests 

4.1 Dataset description 

 
A set of nine seismic attribute volumes were computed from the original seismic reflection data: Dip 

(angle); Envelope; Frequency; Phase; Variance; Chaos; Sweetness; Full Original; Dip-azimuth. These 

attributes were extracted at the location of 6 wells and combined with the spatial location of the well, the 

measured Ip and the real seismic - Fig. 7. 

 
 
 

 

Figure 7 - Part of the well seismic data 

 
The objective was to run the symbolic regression with this seismic data in order to attain a function of 

the form ŷ = f (x1, ..., xM) (Eq. 2.5), in which the acoustic impedance was the ŷ and the rest of the seismic 

attributes were the x1, ..., xM 

 

 
By studying the real well data, some conclusions about the seismic attributes were made: 

 

• The spatial coordinates I and J are not relevant to predict acoustic impedance, since they are 

only spatial positions unrelated to depth and do not interfere with the y function. 

• By doing a bivariate analysis of the seismic attributes, a strong linear correlation between the 

Envelope and the Sweetness was found, Fig. 8. All of the bivariate analysis can be seen in 

Appendix B. 
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Figure 8 - Biplot Sweetness/Envelope 

 
This means that, when importing the seismic data to the SR, one of them can be left out since both 

data are redundant. The one that was chosen to be left out was the sweetness. 

• By the bivariate analysis, none of the seismic attributes has a good correlation with the Ip 

 
• K(depth) has the best correlation (even though it’s not good) with the acoustic impedance as 

the acoustic impedance is the product of rock velocity with density and both of these 

properties are highly correlated with depth. 

 
 
 
 
 

 

4.2 Running the Symbolic Regression 

 
In order to obtain a good mathematical model that can be the best possible representation of the 

acoustic impedance, the choice of the parameters to run the symbolic regression is one of the main 

steps. This choice of parameters influences the goodness of fit of the prediction when compared to the 

real data. These parameters are the following: 

• Percentage of training and testing data: a part of the data was used for training while the rest of 

it was used for testing; 

• Size of population and number of generations: Number of trees and maximum number of 

generations to run the regression for; 

• Maximum number of genes: in order to control the size of the function; 

• Maximum depth of trees: in order to control the complexity of each gene; 

Sw
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• Definition of the gene selection: a gene is selected randomly from each parent individual; 

• Size and probability of Pareto tournament: Pareto tournament considers fitness and model 

complexity; 

• Building blocks functions: mathematical functions; examples: plus, minus, sin, exp). 

Even though the code to run the SR already exists in the toolbox GPTIPS2 from MATLAB, the control 

parameters still have to be chosen in order to pursue the best result. A small display of the run control 

parameters part of the code can be seen in Fig. 9 while the full code can be seen on Appendix A. These 

best results are chosen by the goodness of fit 𝑅2 from the training data. From this code a series of 

functions for the AI and a report for the best model on training data were attained. 

 

 
Figure 9 - Run control parameters part code MATLAB 

 
 
 
 

4.3 Best model report 

 
In this section the model report from the best training data from the chosen parameters are shown. Fig. 

10 shows the report obtained after training the symbolic regression. 
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Figure 10 - Model report for Ip prediction using symbolic regression 

 
These are the parameters used to train the symbolic regression. Fig. 11 shows the simplified form of 

the best-fit function retrieved by symbolic regression . 

 

 

 
Figure 11 - Model report - Simplified form of the acoustic impedance function derived from the symbolic regression 

 
So finally, there is the objective of running the SR, which is to attain the best possible function of the 

acoustic impedance. With this function it is possible to afterwards create the acoustic impedance and 

synthetic seismic models. As we can see in the function, even though there are a lot of terms, there are 

not as many variables as there could be attending to all the possible inputs. In Fig. 12 the model 

properties are shown, including the inputs used in the function. 



27 
 

 

 

Figure 12 - Model report - Model properties (inputs used) 

 
where 𝑥1 corresponds to K (depth), 𝑥4 corresponds to Frequency, 𝑥5 corresponds to Phase, 𝑥9 

corresponds to DipAzimuth. This means that predicting acoustic impedance with this SR model, only 

depends on these four seismic attributes, from the original eight seismic attributes. Afterwards in the 

model report, we have the individual genes and their respective weights, shown in Fig. 13. The seismic 

attribute that holds the largest weight for the calculation of acoustic impedance is 𝑥1, which is to say the 

depth. This agrees to the notion that acoustic impedance is highly correlated to depth. After having the 

gene weights and the function the next thing to evaluate is the model performance – Fig. 14 – in which 

the goodness of fit is shown. 
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Figure 13 - Model report - Individual terms and Gene weights 

 
 

 

 
Figure 14 - Model report - model performance 
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Figure 14 shows the results in terms of goodness of fit for the testing and training data for the chosen 

parameters. Ideally, the goodness of fit would be over 90%, with the training and testing data with similar 

values (training always higher though) but these were the higher results that were attained. These 

results could be enhanced by algorithms or by repeating tests with different run parameters which could 

lead to better final model results. 

 

 
Figure 15 - Model report - Model predictions and actual values 

 
Fig. 15 shows that the training data predictions the predicted and the actual data are similar, with the 

predicted following the curve of the actual and hitting the true data. For the test data predictions, it can 

be seen that the predicted line follows the actual trend but that it misses most of the true data. The 

scatterplots of the predicted vs actual values are shown in Fig. 16. Good predictions are closer to the 

identity line (in black) and with this premise in mind, it is once again confirmed that the test data results 

are worse than the training data, since they have more points that are further from the identity line. 

 

 
Figure 16 - Model report - Scatterplots predicted vs actual values 

 
 
 

Finally, there is the pareto front between model complexity and goodness of fit shown in Fig. 17. The 

green circles comprise the pareto-optimal models in the population (i.e. models that at least minimize 

one of the objective functions). So, each green circle represents a model that is not outperformed by 

any other model in terms of both complexity and fitness. 
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It can be used to identify symbolic models that perform relatively well and are much less complex than 

the "best" model in the population (an example is highlighted with a black rectangle). This is done to 

avoid overfitting. 

 
Figure 17 - Population Browser; Black square – model with the worst complexity below 𝑅2=0.7; Red circle – 

model with the best complexity; Green dots – models not outperformed by other model in terms of both 

complexity and fitness 

 
 
 

For this thesis, the two models that are used are the best model and the worst model beneath a line 

where 𝑅2 is equal to 70% (which is highlighted with a black square). 

From these two models, two different functions to predicted Ip are attained. 

 
 
 
 

4.4 prediction 

 
Two symbolic regression models were used to estimate the spatial distribution of Ip: 

 

1. The model retrieved from the best training data which was named model 1 

2. The model retrieved from the worst training data below 1-𝑅2=0.3 which was named model 2 

 
 

Before checking the results from both models, the histogram from the Ip values from the original 

well-log data Is shown in In Fig. 18. 
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1 

 
 

Figure 18 - Histogram of the real Ip values 

 
 
 

4.4.1 Model 1 

 
The Ip function that was obtained with the best training data is shown in eq. 4.1: 

 

𝐼𝑝 =(4729931737592161* tanh(𝑥1 − 𝑥5)))/8796093022208 - 

(3260745054224849* tanh(cos(cos(𝑥9)0.5)))))/1099511627776 - 

(3065273395965785*cos(tanh(cos(𝑥 )0.5))/137438953472 + 

(110463045031089* 𝑎𝑏𝑠(cos(𝑥1^(1/2) + 2.0779)))/17179869184 + 

(3025313401831687*cos(tanh(𝑥4 - 𝑥5)/cos(𝑥1^2)))/4398046511104 - 

(2993714156947291* 𝑎𝑏𝑠(cos(𝑥1^2)))/2199023255552 - 

(4670591208855131*cos(cos(𝑥5^(1/2))))/8796093022208 + (8771330638264049* exp(- 

cos(𝑥9)))/35184372088832 + (4995911488971571* tanh(cos(𝑥1^(1/2))))/549755813888 + 

(4718830090162767* 𝑎𝑏𝑠(𝑥1)^2)/70368744177664 + 

(8972696017577795*𝑥1^(1/2))/17592186044416 - (5301096152638371*(log(𝑥1) - 

𝑥1^(1/2))^2)/274877906944 + 372613406826481/8589934592; (4.1) 

In which it can be seen that the only seismic attributes used are 𝑥1, 𝑥4, 𝑥5 and 𝑥9. These correspond to 

respectively, K (depth), Frequency, Phase and Dipazimuth. 

Now, for model 1, Fig. 19 shows the histogram of the acoustic impedance values resulting from the 

prediction of SR model 1 
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Figure 19 – Ip histogram from SR model 1 

 
From this histogram it is possible to validate the acoustic impedance values since none of them are 

negative and they are inside a reasonable interval compared to the real Ip values – [6972.49, 19167.85] 
𝑓𝑡   

. 𝑔/𝑐𝑚3, while the real Ip values are in [6559.76, 18552.24]  𝑓𝑡  . 𝑔/𝑐𝑚3. Even though the upper limit 
𝑠𝑒𝑐 𝑠𝑒𝑐 

of this interval is outside the range of the real Ip values from the well data. 
 

After validating the values of the acoustic impedance through the histogram, it is necessary to compare 

it with the values from the real well data. For this thesis, the real well data provided comes from 6 

different wells in a specific seismic volume. Fig. 20, shows the acoustic impedance model through a 

vertical well sections taken from model 1 with the real acoustic impedance logs at the well location. 
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Figure 20 – Above – Ip model 1 SR; Below – Ip model 1 SR overlapped with real Ip values 

 
It can be interpreted that the values from the model created by the symbolic regression match the 

measured Ip-log data. However, it is also possible to see that there are locations, as the one highlighted 

in the figure above (Fig. 20), with different values of acoustic impedance. In order to have a better 

understanding of the resemblance between the model and the real values there is a need to see the 

correlation between them. As it can be interpreted in the Fig 21, the predicted Ip values from this model 

have a good correlation with the real Ip values from the wells. 
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Figure 21 - Scatterplot Ip wells vs Ip SR 

 
 
 

It also needs to be mentioned that this scatterplot is similar to the scatterplot from the training data (Fig. 

16), which further validates the SR system. The average correlation coefficient between observed and 

predicted data for all six wells is: 

𝐶𝐶 = 0.865123 (4.2) 

 
 

The synthetic seismic volume computed from the Ip model inferred by SR is compared to the real seismic 

volume in Fig.22. The synthetic seismic is similar to the real seismic in terms of general outline of the 

seismic traces. However, the same cannot be said about the amplitude of these traces. The correlation 

between predicted and real seismic is shown in Fig. 23. The global correlation between the synthetic 

and real seismic is approximately 0.59. 
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Figure 22 - real seismic(left) and synthetic seismic(right) 

 

 
Figure 23 - Correlation between real and synthetic seismic 

 
 
 
 
 

4.4.2 Model 2 

 
For this section, the results of the second model are shown. 

 

The Ip function that was obtained with the worst training data below 𝑅2 = 0.7 is shown in eq. 4.3: 
 

𝐼𝑝 = (2993714156947291 ∗ 𝑎𝑏𝑠(cos(𝑥1^2)))/2199023255552 + 

(6756931782592121* tanh(𝑥1 − 𝑥5)))/8796093022208 - (5301096152638371*(log(𝑥1) - 

𝑥1^(1/2))^2)/274877906944 - (3260745054224849* tanh(cos(cos(𝑥9)0.5)))))/1099511627776 - 

(3006573395965785*cos(tanh(cos(𝑥1)0.5))/137438953472 + 

(109363045031089* 𝑎𝑏𝑠(cos(𝑥1^(1/2) + 2.0779)))/17179869184 + 

(3025327801831687*cos(tanh(𝑥4 - 𝑥5)/cos(𝑥1^2)))/5398046511104 - 

(4670591208855131*cos(cos(𝑥5^(1/2))))/8796093022208 + (8771330638264049* exp(- 

cos(𝑥9)))/35184372088832 + (4995911488971571* tanh(cos(𝑥1^(1/2))))/549755813888 + 

(4718830090162767* 𝑎𝑏𝑠(𝑥1)^2)/70368744177664 + 
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(8972696017577795*𝑥1^(1/2))/17592186044416 + 473613402826489/8680934511; 

(4.3) 

In which it can be seen that the only seismic attributes used are, once again, 𝑥1, 𝑥4, 𝑥5 and 𝑥9. These 

correspond to respectively, K (depth), Frequency, Phase and Dipazimuth. 

As previously done, first it is necessary to check the histogram of the acoustic impedance values 

resulting from the prediction of SR model 2 – Fig. 24; 

 

 

 
Figure 24 – Ip histogram from SR model 2 

 
 

 
Once again symbolic regression generates reliable acoustic impedance values since there are no 

negative values and the interval of values is reasonable considering that it is inside the range of the real 

Ip values – [7691.02, 16780.35]  𝑓𝑡  . 𝑔/𝑐𝑚3, while the real Ip values are in [6559.76, 18552.24]  𝑓𝑡  .  𝑔/ 
𝑠𝑒𝑐 𝑠𝑒𝑐 

𝑐𝑚3. Figure 25 shows the acoustic impedance model through a part of the seismic volume taken from 
model 2 and a model with an overlap of the symbolic regression acoustic impedance values and the 
real acoustic impedance values. 
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Figure 25 – Above – Acoustic impedance model 2; Below – Acoustic impedance model 2 overlapped with real Ip 

values 

 

From these two models the same conclusion as for the model 1 can be made, despite the results being 

slightly worse than in the previous model. The general outline is similar, but the locally the match 

between predictions and true Ip are worse. Figure 26 shows the scatterplot between the Ip values from 

the symbolic regression with the real Ip values. 
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Figure 26 – Scatterplot Real vs created Ip values of the wells Model 2 

 
The scatterplot shows a good correlation between the predicted Ip values from this model and the real 

Ip values from the wells. The average correlation coefficient between observed and predicted data for 

all six wells is: 

𝐶𝐶 = 0.84174833 (4.4) 
 

So, the approximate correlation between the Ip values from the symbolic regression and the real Ip 

values from the wells is 0.84, a little worse than in model 1 but still an acceptable result. 

 

 
As previously done, the comparison between the real and the synthetic seismic is now performed. These 

two seismic models can be seen in Fig. 27 where it shows a similar result to the one from model 1. Once 

again, the general outline is similar but with a lot of mismatches in the amplitudes of the traces. 

 

 
Figure 27 - Left - real seismic; Right - synthetic seismic 
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In order to know the exact similarity of the synthetic seismic with the real one, like previously done, the 

correlation needs to be found. This correlation can be seen in Fig. 28, where we can see that the 

correlation coefficient is now 0.77, 18% higher than in the first model. The reason for this might be 

related to overfitting of the first model. As the fit for the training data is higher the symbolic regression 

losses ability to generalize the predictions. 

 

 

Figure 28 - Correlation coefficient real vs synthetic seismic model 2 

 
From the previous results, it is possible to conclude that using the symbolic regression algorithm in order 

to attain an acoustic impedance model is a feasible matter. The results from it were not the best possible 

ones but it proved that it is possible and that there is room for growth in this area. 



40 
 

 



41 
 

 

 

 

Chapter 5 GSI 

The GSI was performed on MATLAB with a preexisting code provided by CERENA (IST) team who also 

provided, along with the well and seismic data, a wavelet (typically taken from a reflection coefficient 

series from one of the wells). Even though the code is provided, some parameters need to be adjusted 

in accordance to the data used. These parameters are the number of iterations, number of simulations 

and the range of the variogram. Their values are respectively 6, 16 and [90 60 25]. 

Now, the results from the GSI are shown. Firstly, there is the histogram of the acoustic impedance 

values throughout the volume, shown in Fig. 29 in a comparison with the histogram of the Ip values 

taken from the wells. 

 

 

Figure 29 – Left – Histogram Ip values from the wells; Right - Histogram Ip values from the GSI 

 
 

 
Where the minimum value is 6559.76 and the maximum value is 18552.24. These two values are also 

the lower and upper limits of the real Ip values taken from the wells. This is in accordance to the fact 

stochastic sequential simulation reproduce the histogram of the experimental data. From this histogram 

it is possible to validate the Ip values taken after running the GSI algorithm since none of them are 

negative and they are within the supposed interval of values. To further validate these values, it is 

necessary to overlap them in the volume with the real acoustic impedance values taken from the wells. 
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To do this Fig. 30 shows a realization of the last iteration while Fig. 31 shows the arithmetic mean of the 

all the simulations of the iteration that provides the best correlations. The reason for doing the mean of 

the simulations is to smooth the model and also to provide the expected value. Unlike with the model 

created by symbolic regression, the model attained with GSI has a perfect match in all the points that 

coincide with the wells. This happens because the stochastic simulation, which is the model perturbation 

technique, reproduces precisely the real well data. 

 
 
 

 
Figure 30 - Last realization of the last iteration of the GSI 

 
 

 
Figure 31 - Ip arithmetic mean GSI 

 
Fig. 32 compares the synthetic and the real seismic volume and Fig. 33 shows the corresponding 

correlation coefficient; 
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Figure 32 – Left – real seismic; Right - Synthetic seismic from the GSI 

 
 
 
 
 
 

 
 

Figure 33 - Correlation coefficient real vs synthetic seismic GSI 

 
From this correlation coefficient – 0.90 – it is shown that GSI is an extremely good method as the 

synthetic seismic is almost 0.90 equal to the real seismic. 

Lastly, there are the results of the standard deviation, shown in Fig. 34 and 35. The parts with less 

standard deviation have values closer to the expected values. However, in order to get a clear lookout 

on this subject, the results from the standard deviation need to be compared to other standard deviation 

results, which is done further ahead. 
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Figure 34 - Histogram standard deviation values GSI 

 
 

Figure 35 - Standard deviation GSI 



45 
 

Chapter 6 GSI with Symbolic 

regression 

For this section, the results for the proposed algorithm made of the combination of the geostatistical 

seismic inversion with the symbolic regression is presented. 

Two versions of the objective function were tested under the scope of this thesis. In the first one, the 

weight for the different parts of the function was 𝑊1 = 0.25 and 𝑊2 = 0.75 while in the second one the 

chosen weights were 𝑊1 = 0.5 and 𝑊2 = 0.5. These weights are a numeric way of saying how big of a 

role the SR plays in the algorithm. The results in terms of global correlation evolution along the iterative 

procedure of these two versions can be seen in Fig. 36 and Fig. 37. 

Figure 36 - Global correlations from Regular, Model 1 and Model 2 GSI when 𝑊2 = 0.75 
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Figure 37 - Global correlations from Regular, Model 1 and Model 2 GSI when 𝑊2 = 0.5 

 
 
 

From these two versions, it can be concluded that when 𝑊2 = 0.5 the global correlations from the both 

model 1 and model 2 are higher and thus it is this value of weight that shall be used for this thesis. It 

also shows that improvements can be made to the correlations when playing with the weight of the 

symbolic regression in the objective function. 

As in the previous symbolic regression section, this section is divided in two parts, the best and worst 

model from the symbolic regression (model 1 and model 2, respectively), further combined with the GSI. 

 
 
 
 
 
 
 

6.1 Results model 1 

 
The results for the first model created with the combination of symbolic regression with the GSI are 

shown in this section. The parameters for these combinations of GSI with SR are the same as for the 

GSI. These results comprise of the acoustic impedance histogram, Fig 38, the last realization of the last 

iteration, Fig. 39, the mean acoustic impedance values, Fig. 40, the synthetic seismic created, Fig. 41, 

the correlation coefficient of the synthetic and real seismic, Fig. 42, and the standard deviation, Fig 43. 



47 
 

 
 

Figure 38 - Ip histogram from SR ft GSI model 1 

 
As it is expected, the lower and upper limits of the Ip values are the same as the real lower and upper 

limits of the Ip values. Since this is still a stochastic process, the results are still limited by the real data. 

By checking the histogram of the Ip values, we can conclude that this algorithm worked and it is valid. 

Fig. 40 shows that, as in the regular GSI, the Ip values from the created model match perfectly with the 

real Ip values. This happens because it is essentially the same model perturbation process as the a 

priori model is used exclusively as part of the objective function. 

 
 
 

 
Figure 39 - Last realization of the last iteration of the acoustic impedance of GSI with the model 1 from SR 
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Figure 40 - Ip arithmetic mean GSI with model 1 from SR 

 
Next, there is the analysis of the seismic models – Fig. 41 – and their corresponding correlation – Fig. 

42. As it can be seen from the two seismic models, the general outline of the seismic traces is very 

similar with only some minor discrepancies in the maximum values. This similarity is further confirmed 

by the correlation coefficient of 0.90 which is a very good result. 

 

 
Figure 41 – Left - Real seismic; Right - Synthetic seismic from model 1 SR with GSI 
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Figure 42 - Correlation coefficient real vs synthetic seismic model 1 

 
Finally, the standard deviation is shown in Fig. 44. This model shows the spatial uncertainty of the 

predicted P-impedance model. 

 

 
Figure 43 - Standard deviation 

 
 
 
 
 

 

6.2 Results model 2 

 
For this section, the results for the second model created with the combination of symbolic regression 

with the GSI are shown in the same fashion as in the section before. The parameters for these 

combinations of GSI with SR are the same as for the GSI. These results comprise of the acoustic 
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impedance histogram, Fig 44, the last realization of the last iteration, Fig. 45, the mean acoustic 

impedance values, Fig. 46, the synthetic seismic created, Fig. 47, the correlation coefficient of the 

synthetic and real seismic, Fig. 48, and the standard deviation, Fig 49. 

 

 

 
Figure 44 - Ip histogram from SR ft GSI model 2 

 
Once again, the lower and upper limits of the Ip values are the same as the real lower and upper limits 

of the Ip values which is explained by the fact that this is a stochastic process. By checking the histogram 

of the Ip values, we can conclude that this algorithm worked and it is valid. Fig. 46 shows that, as in the 

regular GSI and the model 1 SR with GSI, the Ip values from the created model match perfectly with the 

real Ip values. This happens for the same reason as in the other cases as it is essentially the same 

model perturbation process as the a priori model is used exclusively as part of the objective function. 
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Figure 45 - Last iteration of the acoustic impedance of GSI with the model 1 from SR 

 
 

 
Figure 46 - Ip arithmetic mean GSI with model 2 from SR 

 
Next, there is the analysis of the seismic models – Fig. 47 – and their corresponding correlation – Fig. 

48. As it can be seen from the two seismic models, the general outline of the seismic traces is very 

similar with only some minor discrepancies in the maximum values. This similarity is further confirmed 

by the correlation coefficient of 0.88 which is a very good result. 

 

 

Figure 47 – Left - Real seismic; Right - Synthetic seismic from model 2 SR with GSI 
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Figure 48 - Correlation between real and synthetic seismic model 2 SR ft GSI 

 
Finally, the standard deviation is shown in Fig. 49. This model shows the spatial uncertainty of the 

predicted P-impedance model. 

 
 
 

 
Figure 49 - Standard deviation model 2 SR ft GSI 
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Chapter 7 Comparison of 

Results 

This chapter compares the results between the different scenarios considered. The first comparison is 

between the results of the models from the symbolic regression with the results from the models from 

the GSI and the second comparison is between the results of the combination of the symbolic regression 

with the GSI with the GSI. 

 

7.1 Symbolic Regression VS GSI 

 
In this section the results from the symbolic regression were compared to the results from the GSI. This 

was done in a methodical fashion, following the sequence of results. First, the results from the 

histograms are compared – Fig. 50. 

 

 
Figure 50 - Left - Histogram model 1 SR; Middle - Histogram model 2 SR; Right - Histogram GSI 

 
From these histograms and the table 1 it can be concluded that the distribution of Ip values from the 

symbolic regression models is different to the one from the GSI model. It can also be concluded that the 

interval of values from the SR models is reasonable one with a particularity that it goes below and over 

the limits of the real Ip values from the wells. This is in stark contrast with the GSI method which is 

limited to the lower and upper values of the provided data. This might be an advantage since nothing 

guarantees that there are no areas in the seismic volume that are outside the interval given by the few 

exploration wells. 
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 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 

 
 

 
Now, the acoustic impedance models are compared in Fig. 51; 

 

 
Figure 51 - Ip values: Upper left – Model 1 SR; Bottom left – Model 2 SR; Right – Arithmetic Mean GSI 

 
From the analysis of these models and table 1, it is possible to conclude that the model 2 shares a 

higher resemblance with the model from the GSI than the model 1, which is also corroborated by the 

higher real and synthetic seismic correlation. The reason why model 2 is more similar to the GSI than 

model 1, despite model 1 being supposedly better might be due to the overfitting of model 1. The model 

from GSI has a higher variability than the models from SR while the models have a higher spatial 

continuity vertically but not horizontally. It is to notice that despite the values not corresponding exactly 

with the ones from the GSI, the general outline is not so different. There are differences between the 

maximum and minimum values as the maximum value in the SR model 1 is above the real well values 

which means that the SR can predict values outside the range of the real well data, unlike the GSI. 

Following the sequence of steps, the next thing to be analyzed is the seismic volumes, Fig. 52; 
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Figure 52 - Upper left - Synthetic seismic from Model 1 SR, Bottom left - Synthetic seismic from Model 2 SR, 

Right - Synthetic seismic GSI 

 
 

 
From these seismic volumes it is possible to conclude that the general outline of the seismic is quite 

similar between the models coming from the symbolic regression and the model coming from the GSI. 

However, even though the general outline is good, there’s quite a difference between the amplitude 

values and there are local discrepancies, as it can be seen in the right upper part of the models. These 

are the last comparison that can be made since with the SR, a volume of correlation coefficients and 

one of Standard deviation cannot be made. 

 

7.1.1 Conclusion 

 
Per analysis of these comparisons of the attained results, it can be concluded that in terms of final 

results, the GSI method is a better method than the symbolic regression for attaining an acoustic 

impedance model and a synthetic seismic model. However, there is an aspect of the symbolic regression 

that is to notice which is that the Ip model created is not limited to the Ip values of the real data. This 

might be an advantage since nothing guarantees that there are no areas in the seismic volume that are 

outside the interval given by the few exploration wells. 

 
 

 

7.2 Symbolic regression with GSI vs GSI 

 
First, histograms from the different scenarios are considered and shown in Fig. 53; 
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Figure 53 - 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. 54 in which the models are shown; 

 
 

 

 
Figure 54 - Upper left - Model 1 SR ft GSI; Bottom left - Model 2 SR ft GSI; Right – GSI 
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 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 

 
Interpreted Fig. 54, 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. 55, 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 55 - 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 
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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. 56 – and also the models of standard deviation created, shown in Fig 57. Paying in mind that the 

higher the SD value is, the further it is from the mean – also called the expected value – so the lower it 

is the better. 

 
 
 

 

 
Figure 56 - 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 SD 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. 57, where it is shown 

that the general outline of the higher and lower values of SD 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. 
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Figure 57 - 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. 58, 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. 
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Figure 58 - 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. 59, 

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 2. 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. 
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Figure 59 – Global correlations 
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Chapter 8 Conclusions 

 
This chapter summarizes the main conclusions of this thesis. First, from the symbolic regression part, it 

is possible to conclude that it can be used to create models of acoustic impedances and synthetic 

seismic, even though the results are not as approximate to the reality as in the GSI. The positive part 

about this method is that it is much faster to do than the GSI. While the GSI algorithm takes a long time 

to run if the volumes are bigger than the small volume used to test this thesis, the symbolic regression 

algorithm does not. Another point about the symbolic regression algorithm is that the values of acoustic 

impedance throughout the volume are not limited to the acoustic impedance values from the real data 

taken from the wells. Although we do not know for sure if there will be higher values, we are also not 

sure if there will not so it might be a good point on the symbolic regression that this limitation does not 

exist. Furthermore, the symbolic regression still has plenty of room for improvement since the training 

data obtained had a goodness of fit, in the best-case scenario, of 78.5% and the testing data of 66%, 

which means that these values can still be quite improved. In the meanwhile, the GSI results can maybe 

be enhanced with a bigger amount of simulations but the improvement would be extremely small. 

The GSI part is already proven to be an extremely good method, even though it takes a lot of time but 

if one is short on time, it is possible to use the symbolic regression just to see if it is worth it to do the 

GSI which creates a more accurate model. 

Finally, with the results from this thesis it is possible to conclude that the combination of the GSI with 

the symbolic regression is also a very accurate method, even though the results were slightly worse 

than the regular GSI, they are also acceptable results. And with an improvement to the acoustic 

impedance function found by the symbolic regression it is possible to assume that they can be improved 

to be equal or even better than the regular GSI. 
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Appendix A 

MATLAB code for Symbolic Regression: 

 
symb_reg 

%%INPUT DATA READ: 

%%------------------------------------------------------------------------- 

%Reads xls table with all data 

reg_data = readtable('vp_data\wellDataSeismic.xlsx'); 

 

%%TRAIN AND TEST DATA SAMPLING: 

%%------------------------------------------------------------------------- 

%We define how much of the data is for training 

train_perc = .7; 

numberSamples = round(train_perc * size(reg_data,1)); 

 

%We first do a sample of random index numbers that account for 70% of the 

%data (this way we get repeated random samples for every experience we run) 

samples = randperm(size(reg_data.IP,1), numberSamples)'; 

 

%Then we sort these indexes 

idx_train = sort(samples); 

 
%Then we get the remaining indexes for test(30% of the data) 

[idx_test] = setdiff(1:size(reg_data.IP,1),idx_train); 

 

%%TRAIN AND TEST DATA BUILDING: 

%%------------------------------------------------------------------------- 

%According to previous calculated indexes, get the data from reg_data 

reg_data_test = reg_data(idx_test,:); 

reg_data_train = reg_data(samples,:); 

 
%Saving the data to be read by the config file 

save('.\novo\wells.mat','reg_data_train','reg_data_test'); 

 

%%RUN SECTION: 

%%------------------------------------------------------------------------- 

%Run the experience 

%%at this point the command is gonna call upon a function called 

%%vp_symbreg_config_wells which is gonna be shown below 

gp = rungp(@vp_symbreg_config_wells); 

 

warning('off','all') 

%Report and file saving 

gpmodelreport(gp,'best'); 

 
save('.\novo\IpGP.mat', 'gp'); 

 
 

vp_symbreg_config_wells 
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function gp = vp_symbreg_config_wells(gp) 

 
%Load train and test data 

load('novo\wells.mat'); 

 

%Define the run control parameters 

gp.runcontrol.pop_size = 540; 

gp.runcontrol.num_gen = 200; 

 
%Define the gene selection 

gp.nodes.const.p_int= 0.5; 

 
%maximum depth of trees 

gp.treedef.max_depth = 6; 

 

 
%Define the gene count 

gp.genes.max_genes = 12; 

 
%selection 

gp.selection.tournament.size = 6; 

gp.selection.tournament.p_pareto = 0.7; 

 

 

 
%Setting up user data 

%testing set (inputs) 

gp.userdata.xtest=[reg_data_test.k,reg_data_test.Dip,reg_data_test.Envelope 

,reg_data_test.Frequency,reg_data_test.Phase,reg_data_test.Variance,reg_dat 

a_test.Chaos,reg_data_test.FullOriginal,reg_data_test.Dipazimuth]; 

 

%testing set (output) 

gp.userdata.ytest = reg_data_test.IP; 

 

%training set (inputs) 

gp.userdata.xtrain=[reg_data_train.k,reg_data_train.Dip,reg_data_train.Enve 

lope,reg_data_train.Frequency,reg_data_train.Phase,reg_data_train.Variance, 

reg_data_train.Chaos,reg_data_train.FullOriginal,reg_data_train.Dipazimuth] 

; 

 

%training set (output) 

gp.userdata.ytrain = reg_data_train.IP; 

gp.userdata.name = ['Vp - All Wells']; 

 

%Define building block function nodes 

gp.nodes.functions.name = 

{'times','minus','plus','sqrt','rdivide','square','tanh','exp','log','mult3 

','add3','negexp','neg','abs','sin','cos','power'}; 
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Appendix B 

Bivariate analysis of the seismic attributes 
 
 
 

Figure 60 - Bivariate analysis of depth with all the other seismic attributes 
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Figure 61 - Bivariate analysis of Dip with all the other seismic attributes 

 

 
Figure 62 - Bivariate analysis of Envelope with all the other seismic attributes 
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Figure 63 - Bivariate analysis of Frequency with all the other seismic attributes 

 

 
Figure 64 - Bivariate analysis of Phase with all the other seismic attributes 
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Figure 65 - Bivariate analysis of Variance with all the other seismic attributes 

 

 
Figure 66 - Bivariate analysis of Chaos with all the other seismic attributes 
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Figure 67 - Bivariate analysis of Sweetness with all the other seismic attributes 

 

 
Figure 68 - Bivariate analysis of Dipazimuth with all the other seismic attributes 
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Figure 69 - Bivariate analysis of Ip with all the other seismic attributes 


