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Abstract 

 

Geostatistical seismic inversion (GSI) has Stochastic Sequential Simulation as the model perturbation 

technique. These Stochastic simulation techniques make use of an unique global variogram model to 

describe the spatial continuity pattern of the properties of interest (e.g., porosity, acoustic impedance, 

or P-wave velocity). By using a single variogram it is not possible to reproduce complex or non-stationary 

geological settings, as faults or channelized structures, for example. The addition of azimuth, dip and 

variogram amplitude ranges data (which are directly and automatically retrieved from the seismic 

record), provides a new framework for Local Anisotropy incorporation in the typical GSI. Local anisotropy 

is quantified by an independent variogram model for each sample of the seismic data, aided by the 

structural information provided by the azimuth and dip volumes. Firstly, Local Structural Attribute 

volumes (for Azimuth and Dip) are extracted from the seismic data by seismic attribute analysis. 

Secondly, an automatic variogram fitting is performed to estimate the variogram ranges, following the 

directions provided by Azimuth and Dip volumes. These volumes are used as steering data, as local 

structural continuity pattern. The results exhibit enhanced consistency of the inverted models when 

compared with the results obtained for the same dataset by traditional GSI. This work presents an 

efficient integration of geological information into GSI, overcoming the limitation of using an unique 

variogram model to illustrate the spatial continuity pattern of the seismic volume.  

 

 

 

Key-Words: Geophysics, Global Seismic Inversion, structural seismic attributes, local variogram 

modelling 
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Resumo 

 

A Inversão Sísmica Geoestatística (GSI) tem como modelo de perturbação a Simulação Estocástica 

Sequencial (DSS). Estas técnicas de simulação estocástica fazem uso de um modelo de variogram 

global de forma a ilustrar o padrão de continuidade espacial da propriedade de interesse (tais como 

porosidade, impedância acústica ou impedância acústica). Ao utilizar um único modelo de vaiograma 

para toda o volume sísmico é impossível reproduzir ambientes geológicos não-estacionários ou 

complexos, tais como falhas ou canais. Ao considerar a informação providenciada pelo azimute, pela 

inclinação da camada e pelo ajuste local de modelos de variogram (que são direta e automaticamente 

extraídos do volume sísmico), providencia uma nova abordagem de inclusão da anisotropia local na 

metodologia tradicional de Inversão Sísmica Geoestatística. A anisotropia local é quantificada ao ser 

considerado um modelo de variogram individual para cada amostra do volume sísmico, com o auxílio 

dos valores de azimute e inclinação para cada uma dessas amostras independentemente. Em primeiro 

lugar, são obtidos os volumes estruturais de azimute e inclinação do volume sísmico em questão, 

através de métodos de análise de atributos sísmicos. De seguida, é aplicado um ajuste automático dos 

modelos de variogram, de forma a estimar os valores de distância entre pares de amostras, seguindo 

as direções preferenciais fornecidas pelos volumes de azimute e inclinação. Os ditos volumes entram 

no algoritmo de inversão como volumes estruturais, ilustrando o padrão de continuidade espacial. Os 

resultados exibem modelos pós-inversão com consistência melhorada face à aplicação da GSI 

tradicional ao mesmo volume sísmico. A presente tese representa uma integração eficiente da 

informação estrutural geológica na metodologia tradicional de inversão, ultrapassando as limitações de 

utilizar um único modelo de variograma para ilustrar o padrão de continuidade espacial do volume 

sísmico.   

 

Palavras-Chave: Geofísica, Inversão Sísmica Global, Atributos sísmicos estruturais, ajuste local de 

variogramas.  
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1 Introduction 

 

1.1 Motivation 

 

As a petroleum project entails enormous costs and great risks in its initial stages, it is critical to resort to 

both seismic data (as indirect data) and measurements from probing wells, in order to plan the 

operations. Well logging provides vital information on borehole properties such as porosity and P-wave 

velocity which are crucial to later estimation, simulation and, most important, seismic inversion 

(Schlumberger 1997).  

 

Geostatistical Seismic Inversion methodologies depend on a regular grid in order to produce Acoustic 

Impedance models, which provide reservoir models (Soares, Diet & Guerreiro 2007). These models 

help to prove reservoirs feasible field development plans (Azevedo & Soares 2017).  

 

Most Earth materials are not isotropic, neither homogeneous, due diverse tectonic evolutions (Klein & 

Philpotts 2013). This great variability expresses itself as non-parallel seismic textures in seismic sections 

(Fig. 1.1), and different rock properties, as acoustic impedances (Mavko, Mukerij & Dvorkin 2009). This 

lack of seismic regularity proves to be an obstacle to efficient and effective application of traditional 

geostatistical seismic inversion (Soares, Diet & Guerreiro 2007; Horta, et al. 2010).  

 

 

Figure 1.1 - Seismic Section from Agbada Formation in Nigeria (ad. from http://www.seismicatlas.org) 

 

These Thesis is motivated by overcoming structural limitations while performing geostatistical seismic 

inversion when in presence of non-parallel seismic reflectors, by means of local anisotropy models.  

 

There are two main questions which need to be considered during this procedure. First, consider 

steering volumes (Azimuth and Dip information for each node of the grid), as indicators of the more 

continuous direction, and second, model a variogram for each node of the inversion grid, as a way to 

quantify local anisotropy (Fig. 1.2). The main improvements are considering a variogram for each node 

of the grid, instead of the typical global one, by which geostatistical seismic inversion is able to better 

honour the structural characteristics of the reservoir.   
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Figure 1.2 – Schematic View of parameters of interest for proposed methodology: Azimuth and Dip 

values, and local variogram modelling 

 

 

1.2 Objectives 

 

This thesis aims to develop and implement an algorithm to integrate local anisotropy in the geostatistical 

seismic inversion method, by using steering volumes and locally modelled variograms, instead of a 

unique global one. The main contributions are the following: 

 Establish a reliable methodology to extract Local Structural Attributes such as Dip and Azimuth, 

from seismic volumes;   

 Obtain an algorithm for local variogram modelling for each node of the seismic volume assigned 

grid; 

 Integrate both previous points in Geostatistical Inversion Models: Local Structural Attributes as 

continuity indicators and local variogram modelling as local anisotropy mensuration. 

 

In brief, the main general objective is to overcome existing problems arising from the gap between 

regular grid, which is a premise of geostatistical seismic inversion method, and natural complex 

geological settings with faults and folds, which do not resemble a regular structure.   

 

 

1.3 Thesis Outline 

 

This introductory chapter ends with an outline of the rest of the Thesis. Chapter 2 comprises the 

Theoretical Background which supports the entire developed work. This Chapter provides an extended 

description of seismic inversion, focusing the geophysical inverse problem. Both deterministic and 

stochastic seismic inversion methods are presented, aiming to identify the advantages of using each 

technique. Chapter 2 has a second part dedicated to Structural Attributes, with emphasis on its concepts 

and chosen computational method.     

 

Chapter 3 introduces the developed methodology. In brief, throughout this Chapter are presented 

schematic views and descriptions of the procedure to extract the steering volumes, of the developed 

method to locally model the variograms and, finally, to incorporate both previous points as an update to 

(Az,Di
p) 

(Az,Di
p) 

(Az,Di
p) 

(Az,Di
p) 

(Az,Di
p) 
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traditional Global Seismic Inversion method, originating the Global Stochastic Inversion - Local 

Anisotropy (GSI-DSS-LA) method.   

 

The results are presented on Chapter 4, and this chapter is divided in two parts: inversion on a synthetic 

dataset and on a real dataset. The results regard three approaches, starting with traditional GSI-DSS, 

passing by GSI-DSS with constant variogram ranges to all the nodes, and GSI-DSS-LA, the final 

methodology.  

 

Chapter 5 presents a discussion on the results presented in the previous Chapter, with emphasis to 

both Global correlation coefficient values and structural features (as the impact of the inversion in 

azimuth and dip volumes, and the reproduction of structural elements of interest). Possible future work 

is also suggested on chapter 5.      
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2 Background 

 

In early modelling approaches, reservoir models were based on information collected from sparsely 

located wells, and, in some cases, conditioning data from a secondary variable of interest. Retrieving 

data from wells, delivers realistic measurements from subsurface properties of interest, but, due to its 

scatterness, lacks spatial representativeness. This insufficient spatial coverage builds models which do 

not fully illustrate the complex and variable geological environment of the reservoir (Dubrule 2003).  

 

By including seismic reflection data in reservoir characterization, spatial representativeness is assured. 

Still, it has poor spatial resolution in the time-domain. This originates a higher spatial coverage combined 

with a higher uncertainty when compared to well data. On seismic higher uncertainty  reflection data 

derives from both measurement errors and non-linear relationship between the retrieved seismic signal 

and subsurface properties of interest (Tarantola 2005, Azevedo e Soares 2017).  

 

The ultimate objective of using geophysical methods for reservoir characterization goes further than 

simple estimates of physical parameters, as it aims to include both characteristics of the rocks (lithology, 

porosity, and others) and its physical conditions (as pressure or temperature) (Bosch et al.  2010).  

 

 

2.1 Seismic Inversion 

 

Usually, it is not possible to retrieve direct samples from Earth geomaterials (unless those on near-

surface locations). In order to study deeper properties, one can make predictions about Earth physical 

systems, based on an assumed theoretical model, which despite its limitations globally explains the 

system.  Modelling an Earth physical system might be achieved by assuming a forward or an inverse 

model. In forward models there is a direct response for the parameters adjustment, contrary to inverse 

models where the information is retrieved by a limited indirect set of measurement, which after 

processing allows data inference. Forward processes have a deterministic nature, contrary to inverse 

ones, which take uncertainty into account (Tarantola 2005). 

 

Seismic Inversion has been discussed in Deterministic and Stochastic Frameworks, both solutions 

under are valid under certain premises. Deterministic methodologies consist in optimization procedures, 

and although providing an explicit solution, do not evaluate uncertainty. On the other hand, Stochastic 

methodologies accept, and analyse, uncertainty existence by proposing several solutions to the same 

initial problem. Two distinct groups of algorithms can be identified inside stochastic methodologies: 

Bayesian Linearized and iterative geostatistical approaches (Azevedo e Soares 2017).      
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2.1.1 The Geophysical Inverse Problem 

 

The Geophysical Inverse Problem concerns the inference of a designated physical property of interest, 

based on a set of parameters �⃗⃗� , from a certain amount of indirect measurements or observations 𝑑𝑜𝑏𝑠
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗   

which have associated measurement errors 𝑒 . There must be always a forward model to explain the 

connection between 𝑑𝑜𝑏𝑠
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗   and �⃗⃗�  (Eq. 2.1). In Seismic Inversion problems, 𝑑𝑜𝑏𝑠

⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗   corresponds to recorded 

seismic reflection data and hard-data from wells (when available), deterministic convolution model refers 

to F and the model parameter space for the properties to invert is �⃗⃗� . Depending on the final objective 

of the Seismic Inversion, those properties can range from acoustic and/or elastic impedances or density, 

P-wave and S-wave velocity models (Tarantola 2005). 

 

  𝑑𝑜𝑏𝑠
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  =  𝐹(�⃗⃗� ) +  𝑒    (2.1) 

 

Seismic Inversion Problems have a very complex context in mathematical and physical terms: non-

linearity, ill-conditionality and non-unique solutions. The said complexity derives from the seismic 

method constraints as the limited bandwidth and resolution of the data, associated noise, measurement 

errors numerical approximations and assumptions regarding the forward models (Tarantola 2005; 

Bosch, et al. 2010; Tompkins, et al. 2011).  

 

Considering the forward model as valid, the optimal inverse models recovered at the end of a seismic 

inverse methodology represent a set of possibilities among several physical models which equally 

satisfy the observed seismic reflection data. As this framework does not present a final unique solution, 

one can say that if there is a poor match between the recorder seismic and synthetic seismic provided 

by the inverse methodology, with the last calculated from the best-fit inverse models, it causes low 

correspondence between the real elastic models and the inverted ones. Nonetheless, there may be a 

good match between the real and the inverted models, together with a mismatch between the real and 

the inverted subsurface models. In this case, the inverse solution in converging towards a local 

minimum, different from the global minimum (Tarantola 2005; Azevedo & Soares 2017).  

 

Using inverted elastic subsurface Earth models for reservoir modelling and characterization is a current 

industrial practice, which highlights the importance of understand the different frameworks (Deterministic 

vs Stochastic) and its limitations to adopt the fittest solution in each situation (Azevedo & Soares 2017) 

(Lindseth. 1979).   

 

 

2.1.2 Deterministic Seismic Inversion 

 

Regarding Deterministic Frameworks, also called optimization techniques as they rely on searching for 

an optimal solution, three remarkable works may be pointed out as references for post-stack seismic 

inversion: Band-limited, or integration of the seismic trace (Lindseth. 1979), Coloured Inversion – which 
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not being an inversion method in the strict idea of the term is worth mentioning (Lancaster & Whitcombe 

2000) and Sparse-spike technique (Russell 1988). With the last as the most widely used among 

geophysicists (Bosch, Mukerij & Gonzalez 2010).  

 

Band limited, or integration of the seismic trace (Lindseth. 1979) workflow, is based on sonic logs 

processing and interpretation methodologies. Firstly, the reflection coefficient sequence is derived for 

each seismic trace by processing; secondly, inversion is performed on the reflection coefficients to 

obtain band limited velocity coefficients and, finally, those band limited velocity coefficient, are corrected 

for density, to modulate the low-frequency velocity components, derived from reflection velocity 

analyses, with the final goal of produce synthetic sonic logs. Regarding the inversion in itself, the 

reflection coefficients 𝑅𝐶𝑖 are computed from   and 𝜈 values retrieved from the logs, following  

 

𝑅𝐶𝑖 = 
𝑖+1.𝑣𝑖+1− 𝑖.𝑣𝑖

𝑖+1.𝑣𝑖+1+ 𝑖.𝑣𝑖
 (2.2) 

 

Where i  and vi represent the density and velocity for the geologic formation above the discontinuity 

related to 𝑅𝐶𝑖 and i+1 and vi+1 represent the density and velocity for the geologic formation bellow the 

same discontinuity.  

 

Being an inversion methodology based on processing over 𝑅𝐶𝑖, deconvolution is the key-step. Lindseth 

work assumes using sonic logs, instead of conventional seismic traces, as P-wave velocities are directly 

related to the rock type in the first.  

 

Coloured Inversion (Lancaster & Whitcombe 2000) is based on a convolutional operator (COI) whose 

amplitude spectrum maps the mean seismic spectrum to the mean acoustic impedance AI response, 

with a phase shift of -90º. As the spectral content of AI logs tends to be reasonably constant, a single 

convolutional operator is needed, which decreases the complexity of the process. There is no need on 

having an explicit wavelet, which eases the overall process. Once this Coloured Inversion Operator is 

derived, it is used as filter, thus resulting in a filter based inversion method. As the authors compared 

their methodology with standard deterministic inversion methods and concluded that by convolving COI 

with input data, the results matched.  

 

The underlying principle relies on empirical observations which tell that all earth RC reveal a spectral 

register that can be described as f where f is the frequency spectra and  is a positive constant, which 

may vary from location to location, but tends to be constant for the same location (Walden & Hosken 

1985). Observations state that for AI logs there is a similar relation, but with a negative exponent . In 

order to derive the operator, one needs the AI logs over the interest zone, and enough seismic traces 

to form a good estimate of the mean seismic response. In terms of computational means, only a 

standard interpretation software is required (Lancaster & Whitcombe 2000).  
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This procedure assumes good seismic processing, as it depends on an adequate noise attenuation, 

and estimation of low and high frequencies of the wavelet (Lancaster & Whitcombe 2000). Major 

drawbacks might arise from the previous two points, which are user sensitive.  

 

Sparse-Spike inversion techniques (Russell 1988) are model-driven, which is aimed to sparsely 

estimate the real reflection coefficients throughout the seismic trace by deconvolution, as per 

 

𝑠(𝑡) = 𝑤(𝑡) ∗ 𝑟(𝑡) + 𝑛(𝑡) (2.3) 

 

Where 𝑠(𝑡) represents the seismic trace, 𝑤(𝑡) the wavelet, 𝑟(𝑡) the earth reflectivity and, as last, 𝑛(𝑡) 

stands for the noise. Certain assumptions are needed, as the problem is, per nature, undetermined 

(Russell 1988). 

 

Within this approach, a minimum number of reflections are required to reproduce the real seismic trace 

after being convolved with a wavelet. Then, the inverted impedances are combined with a low-frequency 

model to improve the overall consistency (Russell 1988; Russell & Hampson 1991; Bosch, Mukerij e 

Gonzalez 2010). Regarding model-based methodologies, the starting point is a subsurface model, 

commonly referenced as a low frequency model. This initial model is applied to the inversion algorithm, 

which is perturbed until a certain threshold on correlation is achieved (Russell 1988; Russell & Hampson 

1991). Both model-based and sparse-spike methods deliver smooth representations of the targeted 

properties, which do not reveal the spatial variability of the geological and petrophysical features 

(Russell & Hampson 1991) 

 

As its name implies, deterministic seismic inversion have a limited uncertainty concept. In order to 

evaluate uncertainty, a linearization is performed to the best-fit inverse solution, which is obtained 

throughout a least square algorithm (Azevedo & Soares 2017). This crucial limitation, which is global to 

all deterministic methodologies as drawback, results in a deficit representation of highly non-linear 

environments as pre-stack seismic inversion and complex geological settings (Tarantola 2005; 

Tompkins, et al. 2011). 

 

 

2.1.3 Stochastic Seismic Inversion 

 

Stochastic Frameworks ensures uncertainty assessment, cancelling out one of the major limitations of 

deterministic procedures. Although there is a broad quantity of methodologies concerning Stochastic 

Framework, two are worth mentioning: Bayesian Linearization and Geostatistical. While Bayesian 

Linearization assumes a Gaussian or multi-Gaussian behaviour in both data and errors, Geostatistical 

approaches do not work upon such specific criteria, as it allows any data distribution (Azevedo & Soares 

2017). 
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Bayesian Linearized 

 

Commonly designated as bayesian linearized inversion, this branch of stochastic methodologies is 

based on a linearized forward operator, and an observed multi-Gaussian distribution for data and errors. 

One of the greatest characteristics of this approach, when comparing to geostatistical methodologies, 

is the good computational performance that derives from the previously referred assumptions (Bosch et 

al. 2010; Azevedo & Soares 2017). 

 

Although the reduction on computation cost is a remarkable outcome, it is directly connected with a 

reduced uncertainty assessment. This deficit on uncertainty evaluation along with only Gaussian 

distributions, represents a major drawback in Bayesian Linearization procedures (Azevedo & Soares 

2017).  Grana & Della Rossa developed a different methodology to surpass the lack of variability induced 

by the Gaussian distribution, by introducing Gaussian-mixture models, which causes the inferred 

probability distribution to be described in terms of linear combination of Gaussian distributions.  

 

The general solution of a Bayesian Seismic Inversion method may be expressed by the posterior 

distribution 𝑝(𝑚|𝑑), resulting from the product of a likelihood factor 𝑝(𝑑|𝑚) by a priori model 𝑝(𝑚), as 

in Eq. 2.4 (Azevedo & Soares 2017):  

 

𝑝(𝑚|𝑑) =  𝑝(𝑑|𝑚). 𝑝(𝑚)  (2.4) 

 

where m stands for the model parameters space (as p-wave velocity or rock density), and 𝑑 represents 

the observed data (as the recorded seismic data or well data). As both 𝑚 and 𝑑 vectors are assumed 

as multi-Gaussian, the posterior conditional distribution 𝑝(𝑚|𝑑) has a further description than Eq. 2.4 

(Buland & Omre 2003 ; Grana & Della Rossa 2010).  

 

Bayesian linearized offers a less significant computational cost, it delivers a direct calculation for Eq. 

2.4. Updates on the previously described methodology are based on re-sampling p(m|d) with a Markov 

Chain Monte Carlo algorithm, more specifically a Metropolis-Hastings algorithm (Buland & Omre 2003).  

 

This so called low frequency model might be generated by Krigging upon the area of interest, taking the 

available well-log data as experimental data (Azevedo & Soares 2017).  

 

To summarize, although bayesian linearized is simple to implement, its simplicity represents a 

drawback, as it derives from a universal Gaussian behaviour assumption of both properties and errors,  

and from low temporal resolution that results from the well-known limited resolution of the seismic 

(Azevedo & Soares 2017). 

 

The restrictions listed before can be overcome by using not so strict methodologies when addressing 

the accepted distributions. By having a methodology which allows any distribution, the differences 
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between properties are honoured along the process, in other words, there is no normalization of the 

datasets (Azevedo & Soares 2017). 

 

 

Iterative Geostatistical Methodologies 

 

Geostatistical methodologies assure the reproduction of the main spatial continuity patterns of elastic 

and acoustic properties (Soares 2000). By allowing the stochastic inversion not to be constrained to a 

Gaussian-like distribution, iterative geostatistical methodologies consider the heterogeneity of the 

properties and reproduce them along the procedure (Azevedo & Soares 2017). 

 

Geostatistical Seismic inversion methodologies are iterative algorithms in which a set of realizations of 

parameters 𝑚 (See Eq. 2.1), is originated by stochastic sequential simulation methods, and optimized 

until a certain threshold defined by the user is reached (Azevedo & Soares 2017). 

 

When comparing Geostatistical inversion methodologies to Deterministic ones, the way in which well-

log data is incorporated differs greatly. In one hand, hard-data provides the geostatistical model with 

high-frequency content and honours the well-log data in its location; on the other hand, deterministic 

approaches only consider the same hard-data to estimate an initial low-frequency model (Doyen 2007; 

Filippova et al. 2011). 

 

The difference on frequency content between the seismic and the well-log data represents a difficulty 

regarding the integration of both on geostatistical seismic inversion methods. To solve it out, well-log 

data is up-scaled to match the seismic data. Multiple upscaling techniques are available and can be 

chosen based on the context (Azevedo & Soares 2017). There are two main methodologies on iterative 

geostatistical inversion: Trace-by-Trace and Global. 

 

Global Geostatistical Inversion 

 

Soares et al. (2007) developed a global stochastic inversion method evaluates the entire reservoir grid, 

with a global perturbation method, rather than with a trace-by-trace approach (Bortoli et al 1993; Hass 

and Dubrulle 1994).  This iterative approach is based on a cross-over genetic algorithm that acts as a 

global optimization technique. At each iteration, the model is perturbed towards the objective function 

using direct sequential simulation and co-simulation (Soares, Diet & Guerreiro 2007, Caetano 2009). A 

general overview of Global Stochastic Inversion (GSI) is showed in Fig. 2.1. Each-and-every iteration 

generates a set of 𝑁𝑖 impedance models.  
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Figure 2.1 – General overview on Global Geostatistical Seismic Inversion (Azevedo & Soares 2017) 

 

GSI can be summarized in two main ideas (Azevedo & Soares 2017): 

 The use of direct sequential simulation and co-simulation as perturbation techniques, to 

guarantee the impedance models iterative process;  

 Follow the iterative algorithm (Fig. 2.1), in order to converge the models towards the fixed 

objective function, as the global and local correlation coefficients between the real recorded 

seismic and the obtained synthetic seismic. As for the correlation coefficients, those are 

used as criteria to measure the affinity between real and inverted seismic data, with the 

objective of create the next generation of models. The procedure stops when a certain 

threshold on global correlation coefficient is reached.   

 

Areas with poor signal-to-noise ratio decrease its susceptibility to the uncertainty resulting from the 

inversion, as it evaluates the seismic volume globally and not locally (Azevedo & Soares 2017). 

 

Direct sequential simulation (Soares 2001) is a stochastic sequential methodology, which aims to 

recover a model 𝑍𝑡(𝑥) based on a set of 𝑁𝑖  models with the same spatial dispersion pattern, meaning 

honouring the first and second order statistics (with the last being the variogram model 𝑖 (ℎ)), and the 

global histogram of the original data.  

 

𝑧(𝑥𝑜)
∗ − 𝑚(𝑥𝑜) = ∑ 𝜆𝛼(𝑥𝑜)[𝑍𝑡(𝑥𝑜) − 𝑚(𝑥𝑜)] +  ∑ 𝜆𝑖(𝑥𝑜)[𝑍𝑖(𝑥𝑜) − 𝑚(𝑥𝑜)]

𝑁𝑖
𝑖=1𝛼   (2.5) 

 

Where 𝑚 (𝑥𝑜) stands for the mean value and  for the ponderators of the Kriging procedure (Soares 

2000). 

 

Since the variogram models 
𝑖
 (ℎ), 𝑖 =  1, … , 𝑁𝑖 and 

𝑡
 (ℎ) are the same, the application of a Markov 

approximation is applicable as the corregionalization models are defined based on the correlation 

coefficients 
𝑡,𝑖

 between 𝑍𝑡(𝑥) an𝑍𝑖(𝑥)d. With this information, it is possible to choose the model with the 

best characteristics, regarding the affinity to the transformed model 𝑍𝑖(𝑥) (Azevedo & Soares 2017). 

   

Assuming that to estimate 𝑍𝑡(𝑥0), the collocated value 𝑍𝑖(𝑥)with the highest correlation coefficient 
𝑡,𝑖 

(0) 

screens out the effect of the remaining collocated values 𝑍𝑗(𝑥0) 𝑗 ≠ 𝑖. Thus, 𝑍𝑡(𝑥0), may be estimated with 
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just one auxiliary variable, the one which has the highest correlation coefficient at the location 𝑥𝑜 . Using 

just one auxiliary variable results in a simplification to Eq. 2.6: 

 

𝑧(𝑥𝑜) − 𝑚(𝑥𝑜) = ∑ 𝜆𝛼(𝑥𝑜)[𝑍𝑡(𝑥) − 𝑚(𝑥)] + 𝜆𝑖(𝑥𝑜)[𝑍𝑖(𝑥) − 𝑚(𝑥)] 𝛼  (2.6) 

 

The previously described procedure of taking just one auxiliary variable, instead of the complete set is 

designated by Local Screening Effect. The ensemble of Ni models is replaced by the unique model with 

highest local correlation coefficient criterion. The secondary model, which performs as auxiliary model, 

is formed by the joining the best parts resulting from the Ni simulations of the previous iterations. Genetic 

algorithms enter the algorithm, as generators of new images from the seed image that resulted from the 

previous junction of best fit parts. Estimating local means (Eq. 2.6) and variances may be achieved by 

direct simulation (Azevedo & Soares 2017). 

 

GSI methodology has been successfully applied on seismic datasets with both diverse geological 

contexts and quality. By using a global approach, the areas with low signal-to-noise ratio are unmatched 

along the iterative procedure. This lack on convergence arises acoustic impedance models with higher 

spatial uncertainty for those low signal-to-noise zones (Azevedo & Soares 2017). Although this global 

approach decreases the impact of poorly acquired data, its universality is translated by a unique global 

variogram model for the entire grid, which do not capture the directional variation of the properties. 

Another major drawback of traditional GSI is the induced distortion when dealing with non-parallel 

seismic units, derived from flattening during the procedure. 

 

Some of the advances regarding locally modelling the anisotropy concern environmental sciences, 

history matching and regionalization of variogram modelling.  

 

The deposition of contaminated sediments, and its directional nature, was the motivation for the 

introduction of local anisotropy in simulation methodology (Horta, et al. 2010). In this approach, Direct 

Sequential Simulation encompasses locally varying variogram ranges as a measure of local anisotropy, 

with the guidance of a flow direction assessment software. Although this is not a stratigraphy-related 

algorithm, a clear analogue can be established between flow directions and seismic reflectors.  

 

 An approach that couples History Matching and Direct Sequential Simulation incorporating local 

anisotropy was presented by Caeiro, Demyanov & Soares in 2015. Once again, a strong analogy might 

be done between porosity and permeability patterns and seismic reflectors.  

  

 In a somehow different framing, regionalized behaviours are delimited by subsections of the original 

seismic volume (Nunes, et al. 2017). This zonation allows a better variogram fit for similar seismic 

events, although it presents some limitations when applied to complex geological settings. 
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There are a few other approaches developed to overcome geometrical irregularity, when dealing with 

geological modelling.  

 

A note for Yao, et al. work, which, although not a Seismic Inversion methodology, presents a different 

approach on local continuity quantification. The method consists in three main steps: building a geologic 

model of the stratigraphy, defining an azimuths grid and the connection between grid nodes and, for 

last, performing spectral simulation along the string nodes. 

 

One non-geostatistical approach consists in building a 3D a priori model of the seismic horizon 

(Clochard, et al. 2016). The suggested work-flow consists in interpreting the main horizons from the 

seismic volume, performing a geometrical flattening (which requires filling missing parts of the reflector 

due to erosional processes, onlaps or intrusive geobodies), computing the correlations and inversion (in 

the flattened surface) and, in the end, undoing the flattening. This method was developed as an attempt 

to solve fault-related issues regarding the formation of artefacts due to the lack of lateral continuity. 

Though it shows good results, there are unanswered questions regarding the impact of geometric 

transformations in the quality of the results and few geological settings are analysed.  

 

 

2.2 Structural Seismic Attributes - Azimuth and Dip 

 

The analysis of structural variations in the seismic reflection pattern allows to retrieve valuable 

information, regarding the local orientation of the geological formations. Structural Attributes such as 

Dip and Azimuth deliver estimates of that local orientation for coherent seismic events (Schlumberger 

2008; Marfurt 2006) 

 

As for the recent advances on 3D seismic analyses and workstations technological evolution, one can 

calculate the correspondent 3D cubes for reflectors dip and azimuth without explicit seismic 

interpretation. One of the most valuable uses of dip and azimuth 3D cubes is to estimate the continuity 

of seismic reflectors (Marfurt 2006). 

 

Although relevant, estimates on Dip and Azimuth are affected by velocity distortions (as all seismic data 

is prone to), even when retrieved from pre-stack depth-migrated seismic data. Still, the fact that dip and 

azimuth maps (and for extension, cubes), are differential rather than absolute measures, makes them 

less sensitive to long-wavelenght errors related to the velocity model as for the simple measurements 

(Marfurt 2006).  

 

In mathematical terms, a planar element of a seismic reflector can be described by a point, x=(x,y,z), 

and a normal vector to the surface, n=(nx,ny,nz), where nx,ny,nz represent the components along Ox, Oy 

and Oz, respectively (Fig. 2.2).  
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Geologically, the previously referred planar element which can be a certain formation top or internal 

bedding surface, is defined by its apparent dips x and y or in a more expeditious way by its true dip () 

and its strike (). Apparent dips x (y) are the angle measured in the plan xOz (yOz) from the horizontal 

Ox axis (Oy) to the interface. As for true dip , it represents a vertical plane that is perpendicular to the 

strike, between the horizontal reference ant the planar interface. Strike , designates the angle between 

north (or the Oy axis in SEG-Y trace header convention), and the intersection between the planar 

reflector and the horizontal xOy plane (Fig. 2.2) (Marfurt 2006).  

 

Although the mathematical formalization is necessary, geophysicists describe a reflector by its Dip and 

Azimuth only. This happens mostly to avoid mathematical ambiguity regarding the concepts of vectors 

components. Dip  has the same conceptualization as present above. Azimuth  is the angle measured 

either from the North of, for survey convenience, from the inline axis is perpendicular to geological strike, 

and measured in the direction of maximum downward dip (Marfurt 2006).  

 

 

 

 Figure 2.2 - Schematic representation of Dip, Azimuth and Strike (Marfurt 2006) 

 

Even though planar measures (normal n, dip  and apparent dips (x) and (y,) azimuth () and vector 

dip (a) - Fig. 2.2), are theoretically equivalent, it can result in some ambiguity regarding the geosciences 

approach (Marfurt 2006).  

 

There are three main methods to calculate local structural attributes: gradient based, event based and 

principal component (Schlumberger 2008). 

 

Gradient Dip and Azimuth calculates the seismic gradient using a difference operator in all three spatial 

dimensions. This gradient can be or the normal vector of the event, or its tangent. Gradient Dip 

represents the angle between the gradient and Oz axis. Gradient Azimuth is the angle of the vertical 

projection of the gradient measured clockwise from the survey inline axis. Gradient is the instantaneous 

quantity of the sample’s neighbourhood, computed from the same approximation method as for the first 

derivative seismic attribute (Eq. 2.7, where 𝑓(𝑡) represents the seismic signal at time 𝑡) (Schlumberger 

2008). 
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𝑓(𝑡)

𝛿𝑡
= [𝑓(𝑡 − 2) − 𝑓(𝑡 + 2)] ∗  

1

12.0
− [𝑓(𝑡 − 1) − 𝑓(𝑡 + 1)] ∗  

8.0

12.0
  (2.7) 

 

Event Dip and Azimuth is a specific case of Gradient, as the event normal should always point upwards, 

by convention. This means that for the cases when gradient has a negative z-component (being positive 

z-component downwards), both methods deliver the same result. On the other hand, when the gradient 

has a positive z-component (pointing downwards), it should be reversed, before calculating the angles. 

By the above described reason, there is a 180º flip on azimuth, explaining why azimuth can range over 

360 degrees (Schlumberger 2008). 

 

Principal Component Dip and Azimuth has the same premise as event method, since the principal vector 

should point upwards before calculating the angles. This method has three intermediate steps: gradient 

vector estimation, local gradient covariance matrix estimation and principal component analysis 

(Schlumberger 2008): 

 

 

Gradient vector estimation x (t1, t2, t3)   

 

The Gradient has discrete nature when in presence of discrete data. Gaussian derivatives are used 

because of its optimum resolution in both time and frequency domains, as well as for its good scalability 

properties. This last point has major importance as it allows adjustments in signal-to-noise ratio data. A 

unit pulse of a multi-dimensional Gaussian Filters derivative is separable into its individual dimensional 

components. When in presence of 3D seismic datasets, the previously mentioned multi-dimensional 

derivative is applied to retrieve the derivative for each dimension, originating the gradient. The final 

result is a gradient vector which has a component for each spatial direction, as in Eq. 2.8 (Schlumberger 

2008): 

 

𝑥 (𝑡1, 𝑡2, 𝑡3) =

[
 
 
 
 
𝜕𝑥(𝑡1,𝑡2,𝑡3)

𝑑𝑡1
𝜕𝑥(𝑡1,𝑡2,𝑡3)

𝑑𝑡2
𝜕𝑥(𝑡1,𝑡2,𝑡3)

𝑑𝑡3 ]
 
 
 
 

 (2.8) 

 

Where each arrow represents one partial derivative for each ti spatial dimension.  

 

Local gradient covariance matrix estimation C (t1, t2, t3)   

 

In order to obtain a more computationally stable estimate for dip and azimuth it is necessary to smooth 

the gradient operator. Wraparound effects, which derive from the mismatch between true angle 

amplitudes and chosen representations (e.g. -180º vs 180º that are really close but have radically 

different representations), can hypothetically cause continuity problems. A practical solution to this 

drawback is the estimation of a covariance matrix of the gradient vectors, and the subsequent 
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determination of the dip as the direction of the principal eigenvector of the said matrix (Schlumberger 

2008).  

 

For localized estimates, a windowed local estimate is used rather than original global covariance matrix. 

This window function is typically a Gaussian low-pass filter, as it allows the before noted adjustments 

on signal-to-noise ratio (Schlumberger 2008). 

 

Principal component analysis  

 

Principal component analysis is a statistical geometric based methodology which is based on an 

orthogonal transformation to convert linearly correlated variables uncorrelated values that receive the 

name of principal components. The covariance matrix principal eigenvector is perpendicular to the local 

reflection dip and azimuth (Schlumberger 2008). 

 

To summarize, principal component method offers a more reliable method for seismic attributes 

extraction as it assures upgraded continuity because of the smoothness derived from the local gradient 

covariance matrix. 
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3 Methodology 

 

As mentioned in the Introductory Chapter of the Thesis, the main objective is to integrate local 

anisotropies in seismic inversion models as a way to overcome geometric-related problems during the 

geostatistical seismic inversion.   

 

Every Section of this Chapter is dedicated to the description of the implementation method for each one 

of the objectives. The first section is dedicated to the extraction of local structural attributes (Dip and 

Azimuth).The second aims to describe how to quantify local anisotropy patterns in seismic volumes. 

The final Section summarizes the global inversion procedure. Throughout the chapter and in all 

schematic representations, the procedures are marked in blue and the data obtained after each step, in 

black. 

 

3.1 Local Structural Attributes Analysis  

 

Structural steering volumes, together with local variogram modelling, are the fundamental improvements 

proposed by this thesis. This new methodology provides a solution to overcome the lack of geometric 

regularity in the seismic events which do not overlap a regular grid, thus delivering an approach deal 

with the flattening induced distortion; on the other hand, local variogram adjustment materializes the 

local anisotropy pattern of the seismic volumes.   

 

3.1.1 Local Structural Attributes extraction 

Local structural attributes (e.g. Azimuth, Dip, Rake) represent the local behavior of the geological 

structure. Azimuth and dip attributes were chosen as they represent geophysical indicators of reflectors 

continuity. To achieve the best methodology for LSA extraction some tests were performed regarding 

the order of the processing steps, as it proved to be crucial on the quality of results. The plan is presented 

in Fig. 3.1. The synthetic dataset is used to determine this part of the methodology. Dip and azimuth 

final cubes and the final computed synthetic seismic.  

 

Each combination is analyzed in the next paragraphs and illustrated by the joining figures. The three 

steps are: terminations enhancement, median filter application and LSA extraction. 

 

By enhance seismic event terminations it is expected to obtain a more pronounced contrast in surfaces 

with high acoustic impedance variations. In this work-flow, a 3D contrast filter is applied directly to the 

seismic volume. 

 



 18 

 

Figure 3.1 – Experimental design for Local Structural Attributes Extraction regarding the six different 

possibilities to apply terminations enhancement, extraction of the attributes and median filter 

 

A median filter serves amplitude filtering purposes, as seismic volumes have intrinsic variations on 

amplitude, some of which unwanted as they do not produce a stable amplitude model. This step is 

important as a tool that increases lateral continuity by smoothing the amplitudes. 

 

Combination 1  

 

Combination 1 results resemble the structural elements of the dataset, satisfactorily. Fig. 3.2 shows a 

clear zonation of the azimuth values for the horizontally represented reflector (above). 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.2 – Horizontal sections extracted from: (left column) synthetic seismic and (right column) local 

azimuth extraction 
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Dip volumes (Fig. 3.3) show both good lateral continuity of the values, and correspondence to the 

seismic events.  

 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.3 - Vertical sections extracted from: (left column) synthetic seismic and (right column) local 

dip extraction 
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Combination 2  

 

Combination 2 produces satisfactory azimuth results (Fig. 3.4) which are very similar to combination 1 

results (Fig. 3.2).  

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.4 – Horizontal sections extracted from: (left column) synthetic seismic and (right column) local 

azimuth extraction 
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Regarding Fig. 3.5 – upper sub-figure, there is a clear perturbation on the low-right part of the 

represented dip values, which does not resemble any seismic feature on the same zone for the 

correspondent.  

 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.5 – Vertical sections extracted from: (left column) synthetic seismic and (right column) local 

dip extraction  



 22 

Combination 3 

 

Combination 3 azimuth results (Fig. 3.6) have no coherent relation with the correspondent seismic 

volumes. Although a slight macro similarity is possible to be acknowledged, there is no lateral continuity 

to note.  

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.6 – Horizontal sections extracted from: (left column) synthetic seismic and (right column) local 

azimuth extraction 
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In the dip volumes case (Fig. 3.7), there is a clear affinity in terms of the structures, but there is no 

physical correspondence between the values and their expression in graphical terms.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.7 – Vertical sections extracted from: (left column) synthetic seismic and (right column) local 

dip extraction 
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Combination 4 

 

Both azimuth (Fig. 3.8) and dip (Fig. 3.9) volumes denote smooth representations of the seismic 

structures, mainly in the dip case. The fact that median filter is the first step on the extraction of LSA, for 

combination 4, may be determining this behavior.  

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.8 – Horizontal sections extracted from: (left column) synthetic seismic and (right column) local 

azimuth extraction 
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Fig. 3.9 shows a smooth representation of the seismic structures when considering the dip tendencies.  

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.9 – Vertical sections extracted from: (left column) synthetic seismic and (right column) local 

dip extraction 
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Combination 5 

 

Combination 5 has the same pattern of smoothness as Combination 4 (comparing Fig. 3.8 with Fig. 3.10 

and Fig. 3.9 with Fig. 3.11), In this situation, the median filter is applied in the end of the process and 

this may be causing the excessive smoothness that does not reproduce clearly the structural features 

of the seismic.  

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.10 – Horizontal sections extracted from: (left column) synthetic seismic and (right column) 

local azimuth extraction 
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As for Fig. 3.9, Fig. 3.11 denotes an exaggerated smooth representation of the structural characteristics 

of the seismic events, when resembled on the dip tendencies.  

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.11– Vertical sections extracted from: (left column) synthetic seismic and (right column) local 

dip extraction 
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Combination 6 

 

Regarding both azimuth (Fig. 3.12) and dip (Fig. 3.13) volumes, combination 6 shows good results in 

terms of reproducing the structures and having consistent lateral continuity. Combination 6 produces 

very similar results to combination 1, as both represent a good compromise between the structural 

consistency and the lateral continuity, when comparing Fig. 3.2 to Fig. 3.12 and Fig. 3.3 to Fig. 3.13.  

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.12 – Horizontal sections extracted from: (left column) synthetic seismic and (right column) 

local azimuth extraction 
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Dip volumes structural behavior shows increased consistency with the seismic structures, as it is visible 

in Fig. 3.13.  

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.13 – Vertical sections extracted from: (left column) synthetic seismic and (right column) local 

dip extraction 

 

 

To conclude, the combination of steps for LSA extraction which better honors is designed to best honor 

the original seismic volume, and simultaneously, achieves the strongest lateral continuity of the seismic 

events, such as reflectors is Combination 6.  The procedure is illustrated in Fig. 3.14.  
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Figure 3.14 – Schematic view of Local Structural Attributes Extraction Procedure 

 

 

 

3.2 Local Variogram Modelling 

This section describes the methodology for local variogram modelling (Fig. 3.15). Firstly, a AuxFile 

matrix is populated with the extracted values of azimuth and dip. The crucial point of this part of the 

method, is the transposition of variogram modelling concepts, such as tolerance angle and distances 

between pairs of points, to a system where the referential changes in each-and-every node step. The 

first operation consists in a roto-translation geometrical operation with two parts (a translation and a 

rotation), which delivers a new coordinate system. By performing the translation, the selected node 

assumes the origin of the variogram tridimensional axis system. Then, the direction with higher 

continuity is defined by azimuth and dip values, this direction later corresponds to the main direction of 

the same variogram tridimensional axis system.  

 

The second main operation is the variogram modelling, which comprehends two parts, too. The first is 

the selection of the relevant points to consider for the adjustment. This step represents one of the main 

concerns on variogram modeling, as points which are outside of the tolerance angle (this angle 

corresponds to the portion of plane between the considered variogram direction and the vector between 

the referential origin and the considered sample), may be inducing perturbation on the modeling 

procedure.  

 

After the variogram modelling is performed, the adjusted ranges are incorporated in the AuxFile matrix 

which is input for the GSI-DSS-LA.  An important note to the fact that azimuth and dip values are used 

in two contexts must be done. Steering volumes are used in both local variogram modelling (as 

indicators of more continuous direction), and as conditioning data for the inversion itself (as structuring 

elements).  
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Figure 3.15 – Schematic view of Local Variogram Modeling Procedure  

 

 

3.3 Geostatistical Seismic Inversion with Local Anisotropy method 

Following the work of Soares, Diet & Guerreiro (2007) and Horta, et al. (2010), on Global Seismic 

Inversion with a Global perturbation method, the proposed new methodology aims to consider Structural 

Steering Volumes and Local Variogram Modelling as auxiliary information when applying GSI. The 

procedure is detailed below and schematically expressed in Fig. 3.16. 

 

As the fundamental GSI-DSS principles are already presented in Section 2.1.3, only GSI-DSS-LA is 

described, with highlight for the differences between both methods.  
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Figure 3.16 - Schematic representation of GSI incorporating Structural Steering Volumes and local 

variogram modelling, thus originating GSI-DSS-LA  

 

Regarding the procedure presented bellow, GSI-DSS traditional method is restricted to Steps 2 to 7, as 

Step 1 represents the Local Anisotropy modelling.  

 

Global Stochastic Seismic Inversion with Local Anisotropy – GSI-DSS-LA 

1. Construct Auxiliary Variables information:  

 

- Obtaining Structural Steering Volumes - Extract LSA volumes, with a Dip and Azimuth 

value assigned to each one of the N nodes from the Original Seismic Volume; 

- Adjust Local Variogram Models for each one of the N nodes from the Real Seismic 

Volume;  

 

2. Use DSS-LA to generate the Ns Ip-models (conditioned by the previously obtained Auxiliary 

Variables); 

 

3. Compute the correspondent set of Ns synthetic seismic volumes (by computing the reflection 

coefficients, from the acoustic impedance models from the previous step); 

 

4. Given an estimated wavelet for that particular dataset, convolve it with the reflection coefficients; 

 

5. Compare in terms of correlation coefficient, each seismic trace from the synthetic seismic 

volumes previously produced against the real seismic trace at the same location. This operation 

must be done in a layer basis, rather than for the complete trace at once. In a stepwise 

comparison scheme, the best Ip- model so far, is stored in an auxiliary volume along with a 

volume which synthesizes the correlation coefficients;  

 

1 

2 3 4 

5 

6 

7 
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6. The auxiliary volumes (best Ip model and corresponding local coefficient correlations) are 

therefore used as secondary variables to be used in the next iteration. The consequent models 

are built using direct sequential co-simulation and all the previously simulated data for 

conditioning;  

 

7. This iterative process ends when the global coefficient correlation is above a certain predefined 

threshold. 
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4 Results 

 

This Chapter is dedicated to show the results obtained with the methodology established during this 

thesis. The first section is dedicated to the synthetic dataset and the second to the real dataset. Both 

sections have four subsections, starting with the dataset presentation, proceeding to GSI with a global 

spatial continuity pattern, updating to GSI-DSS with local variogram modelling with constant ranges, 

and finally, applying GSI-DSS-LA. For the real dataset there is a final validation regarding the influence 

of the seismic inversion in the azimuth and dip volumes, by comparing the original steering volumes to 

the ones extracted from the synthetic seismic.  

 

4.1 Synthetic Dataset  

4.1.1 Dataset Presentation 

 

As proof-of-concept, a synthetic dataset (Fig. 4.1) is used during methodology establishment and 

validation. It presents two major reflectors (with varying dips), and a general noise environment. This 

dataset has a 120x80x125 blocks grid. The inversion process is composed by 6 iterations, with 16 

simulations each.  

 

 

 

 

Figure 4.1 – Synthetic dataset (A) and correspondent lp-model (B), respectively   

 

Both Statistical (Table 4.1 and Fig.4.2) and variogram models (Fig. 4.3) of the Synthetic dataset Ip-

model are here presented for future comparison with the obtained models, after de inversion.  

 

A                                                                    B                                                            
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Figure 4.2 – Histogram of the synthetic data set Ip-model  

 

 

Table 4.1 – Statistical Parameters of synthetic dataset Ip model and respective Well 

 Synthetic Dataset Ip model [KPa.s/m] Synthetic dataset well [KPa.s/m] 

Minimum 7500 7500 

Maximum 8300 8300 

Mean 7884.56 8000 

Standard Deviation 350.28 309.9 

Variance 122695.01 96038.01 

 

 

 

                    

                   

 

 

Figure 4.3 – Synthetic dataset Ip-model variogram models for Main Direction (A), Minor (B) and 

Vertical (C) 

 

A                                                                      B                                                            

C 
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Both Statistical (Table 4.1 and Fig.4.2) and Geostatistical data (Fig. 4.3) of the Synthetic dataset are 

here presented for future comparison with the obtained models. 

 

 

4.1.2 GSI-DSS with a global spatial continuity pattern 

As GSI-DSS represents the starting point of the development of the new methodology which motivates 

this work, it is foremost important to evaluate the results of applying the computational process to the 

dataset.  

 

Figures 4.4 and 4.5 show that GSI-DSS honors the main structural elements of the Original seismic 

(which correspond to two reflectors). Correlation Coefficient (CC) volumes have major importance as 

indicators of properly inverted seismic traces (in a crescent scale of how successful the inversion was, 

from red to green). These Figures indicate high Correlation Coefficients coincident to the two reflectors, 

contrastating to zones without reflectors which do not have success regarding the inversion. The best-

fit model of the last iteration was registered in iteration 6, simulation 13, with a Global Correlation of 

12,6%. As for the average Ip model of the last iteration (Fig. 4.4 – C), there is visible a representation 

of the reflector, which is not perceptible on the best-fit model (Fig. 4.4 – B).  

 

 

Figure 4.4 – Comparison between real seismic (A), best-fit Ip model of the last iteration (B), average 

model of the last iteration (C) and Correlation Coefficient volume for the best-fit model of the last 

iteration (B), respectively, for GSI-DSS (East View) 

 

Fig. 4.5 shows good resemblance of two main seismic structures (the horizontal and the dipping seismic 

reflectors), mainly on the average Ip-model of the first iteration. Regarding the quality of the inversion, 

there are clearly good inverted traces in the horizontal reflector, and lowest quality on the ones of the 

diagonal reflector. This situation may result from the differenced on seismic amplitude of both structures.   

                A                                 B                                        C                                    D 
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Figure 4.5 – Comparison between real seismic (A), best-fit model of the last iteration (B), average 

model of the last iteration (C) and Correlation Coefficient volume for the best-fit model of the last 

iteration (B), respectively, for GSI-DSS (South View) 

 

Figure 4.6 – Comparison between real seismic (A), synthetic seismic computed from best-fit model of 

the last iteration (B), synthetic seismic computed from average model of the last iteration (C) and 

Variance of the last iteration (B), respectively, for GSI-DSS (East View) 

 

Figure 4.6 shows a similar behavior to Fig. 4.4, when relating to the lateral continuity of the reflector. 

Both the Ip-models and the synthetic seismic volumes reveal better results in the average models. 

Regarding the variance (Fig. 4.6- D), the lowest values are coincident with the seismic reflectors. 

 

  

Figure 4.7 – Comparison between real seismic (A), synthetic seismic computed from best-fit model of 

the last iteration (B), synthetic seismic computed from average model of the last iteration (C) and 

Variance of the last iteration (B), respectively, for GSI-DSS (South View) 

                  A                                    B                                           C                                      D 

                  A                                    B                                          C                                        D 

              A                                B                                       C                                     D 
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Likewise, Fig. 4.7 shows that the average ip-model of the last iteration resembles more the seismic 

reflectors positioning and morphology. Once again, the lowest variance values occur in the same points 

as the seismic structures.   

 

Regarding the statistical data (Fig. 4.8 and Table 4.2), there is a clear decrease on variance values with 

a clear smoothness of the Ip values distribution. The extreme values (minimum and maximum) are 

preserved, as expected.  

 

 

 

 

Figure 4.8 – Comparison between synthetic dataset histogram (A) and synthetic dataset best fit model 

histogram (B), for GSI-DSS, respectively   

 

 

 

 

 

Table 4.2 – Statistical Parameters of real dataset versus the best-fit model of the last iteration with 

GSI-DSS methodology 

 
Synthetic Dataset Ip 

model [KPa.s/m] 

Best-fit Ip model last 

iteration[KPa.s/m] 

Minimum 7500 7500 

Maximum 8300 8300 

Mean 7884.56 7969.98 

Standard Deviation 350.28 254.32 

Variance 122695.01 64676.39 

 

 

A                                         B 
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 Real and synthetic dataset variogram models (Fig. 4.9), present similar trends. The main direction 

registers the major difference, which may be derived from the fact that dataset has a limited set of 

reflectors. 

 

 
 

A D 

 
 

B E 

  

C F 

Figure 4.9 – Comparison between synthetic dataset Ip-models variograms (A) for Main, (B) for Minor 

and (C) for Vertical Directions; and synthetic dataset the best fit model Variograms (D) for Main, (E) for 

Minor and (F) for Vertical Directions, for GSI-DSS, respectively   

 

4.1.3 GSI-DSS-LA with local constant variogram ranges 

The next step of the developed work consists in local modelling of variograms with constant ranges for 

the three spatial directions.  This intermediate step is intended to observe how this solution, although 

not totally aligned with final one, improves the general inversion results. In the other hand, by set the 

variogram ranges one is perturbing the system one element at a time, which is desired in such complex 

context as this one. The chosen ranges are (in blocks): Main – 10; Minor – 5 and Vertical – 2. 

 

The ranges for main direction span from 4.55 to 151.05, with a medium value of 50.22. As for minor 

direction it spans from 4.56 to 147.20, with a medium 57.06. Vertical ranges span from 2.61 to 63.89, 

with a medium value of 16.39. 
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Figure 4.10 – Comparison between real seismic (A), best-fit model of the first iteration (B) and azimuth 

extracted from real seismic (C), respectively, for GSI-DSS with constant variogram ranges (Bottom 

View) 

 

The impact of azimuth and dip values on the first iteration is illustrated on Fig 4.10 to Fig. 4.12. In the 

azimuth impact study (Fig. 4.10), it is not possible to identify the correspondence between the structural 

information and the best-fit Ip-model from the first iteration and the azimuth volume.  

 

 

Figure 4.11 – Comparison between real seismic (A), best-fit model of the first iteration (B) and dip 

extracted from real seismic (C), respectively, for GSI-DSS with constant variogram ranges (East View) 

 

 

 

 

 

 

 

 

 

 

 

 

 

                   A                                            B                                                 C                           

A                                  B                                                     C                           
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When comparing Fig. 4.11 – B and Fig. 4.11 – C, there is no resemblance of dip values on the first 

iteration. The same can be concluded to Fig. 4.12.  

 

 

Figure 4.12 – Comparison between real seismic (A), best-fit model of the first iteration (B) and dip 

extracted from real seismic (C), respectively, for GSI-DSS with constant variogram ranges (South 

View) 

 

On Figures 4.13 to 4.14 it is visible how GSI-DSS honors the structural elements of the Original seismic. 

These Figures indicate high CC, which denotes high quality inversion of the seismic structures. The 

best-fit model of the last iteration was registered in iteration 6, simulation 13, with a Global CC of 30,6%.  

 

Average Ip-models (Fig. 4.13 – C and Fig. 4.14 – C), show increased lateral continuity patterns as the 

best-fit Ip-models in each case (respectively, Fig. 4.13 – B and Fig. 4.14 – B).   

Figure 4.13 – Comparison between real seismic (A), best-fit model of the last iteration (B), average 

model of the last iteration (C) and Correlation Coefficient volume for the best-fit model of the last 

iteration (B), respectively, for GSI-DSS with constant variogram ranges (East View) 

                 A                                  B                                      C                                      D 

     A                                  B                                    C                           
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Figure 4.14 – Comparison between real seismic (A), best-fit model of the last iteration (B), average 

model of the last iteration (C) and Correlation Coefficient volume for the best-fit model of the last 

iteration (B), respectively, for GSI-DSS with constant variogram ranges (South View) 

 

In terms of synthetic seismic, the average Ip-model (Fig.4.15 - C) shows enhanced lateral continuity 

when compared to best-fit model of the last iteration, and low incidence of noise, when compared to  

GSI-DSS (Fig. 4.6). Regarding the variance model, there is, as on the previous   

 

 

Figure 4.15 – Comparison between real seismic (A), synthetic seismic computed from best-fit model of 

the last iteration (B), synthetic seismic computed from average Ip-model of the last iteration (C) and 

Standard Deviation of the last iteration (B), respectively, for GSI-DSS with constant variogram ranges 

(East View) 
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Figure 4.16 – Comparison between real seismic (A), synthetic seismic computed from best-fit model of 

the last iteration (B), synthetic seismic computed from average Ip-model of the last iteration (C) and 

Standard Deviation of the last iteration (B), respectively, for GSI-DSS with constant variogram ranges 

(South View) 

 

Fig. 4.16 reinforces the previous observations on Fig. 4.15, as there is a clear resemble of the seismic 

structure, mainly the horizontal reflector on the upper part of the seismic volume. The variance volume 

(Fig. 4.16 - D) follows the expected pattern, because the lowest values overlap the seismic reflectors.  

 

Figure 4.17 and Table 4.3, show similar behaviour towards the original data, as Fig. 8 and Table 4.2. 

There is a decrease on the variance and a general smoothness of the Ip-model values distribution.    

 

 

 

 

Figure 4.17 – Comparison between synthetic dataset histogram (A) and synthetic seismic computed 

from best fit model histogram (B), for GSI-DSS with constant variogram ranges, respectively   
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Table 4.3 – Statistical Parameters of real dataset versus the best-fit model of the last iteration with 

GSI-DSS and constant variogram ranges  

 
Synthetic Dataset Ip model 

[KPa.s/m] 

Best-fit Ip model last 

iteration[KPa.s/m] 

Minimum 7500 7500 

Maximum 8300 8300 

Mean 7884.56 7963.60 

Standard 

Deviation 
350.28 255.23 

Variance 122695.01 65143.11 

 

 

As in the previous methodology, the adjusted variogram models for the inverted data show a similar 

behavior as the original ones (Fig. 4.18). Once again, the main direction has a not-so-similar pattern.   
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Figure 4.18 – Comparison between synthetic dataset Variograms (A) for Main, (B) for Minor and (C) 

for Vertical Directions; and synthetic seismic computed from the best fit model Variograms (D) for 

Main, (E) for Minor and (F) for Vertical Directions, for GSI-DSS with constant variogram ranges, 

respectively   



 46 

 

Overall, there is a clear enhancement of the general quality of the data from GSI-DSS with local 

anisotropy. By comparing Fig. 4.6 (C) with Fig. 4.15 (C) (and Fig. 4.7 (C) with Fig. 4.16 (C)), the 

increased continuity of the synthetic seismic reflectors is visible.  

 

 

4.1.4 GSI-DSS-LA 

The final objective of the developed methodology aims to quantify local anisotropies by locally adjust 

variogram ranges. Regarding the impact of Azimuth and Dip values on the first iteration, Figures 4.19 

to 4.21 show no effects of the structural attributes on the first iteration. 

 

Figures 4.22 and 4.23 illustrate how GSI-DSS honors the structural elements of the Original seismic. 

The same set of Figures indicate high CC in zones of seismic reflector, which denotes efficient inversion. 

The best-fit model of the last iteration was registered in iteration 6, simulation 10, with a Global 

Correlation of 14,6%.  

 

Concerning Fig. 4.19, there is no structural resemblance between the azimuth volume and the best-fit 

Ip-model from the first iteration, but there is a slight reproduction of the structure of seismic volume 

diagonal reflector.  

 

Figure 4.19 – Comparison between real seismic (A), best-fit model of the first iteration (B) and azimuth 

extracted from real seismic (C), respectively, for GSI-DSS-LA (Bottom View) 

 

 

Regarding Fig. 4.20, there is no structural similarity between dip volume and best-fit Ip-model, as 

previously seen for azimuth, on Fig. 4.19. In this case, there is no resemblance of the seismic structure 

on the best-fit Ip-model.  
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Figure 4.20 – Comparison between real seismic (A), best-fit model of the first iteration (B) and dip 

extracted from real seismic (C), respectively, for GSI-DSS-LA (East View) 

 

Figure 4.21 – Comparison between real seismic (A), best-fit model of the first iteration (B) and dip 

extracted from real seismic (C), respectively, for GSI-DSS-LA (South View) 

 

As in the previous two Figures, Fig. 4.21 does not present a clear reproduction of the structural pattern 

of the dip volume, in the best-fit Ip-model of the first iteration. No similarity is observed between the 

seismic and the structures of the best-fit Ip-model.  

 

Figure 4.22 – Comparison between real seismic (A), best-fit model of the last iteration (B), average 

model of the last iteration (C) and Correlation Coefficient volume for the best-fit model of the last 

iteration (B), respectively, for GSI-DSS-LA (East View) 
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Fig. 4.22 shows a trend that has already been observed in previous Figures of this section, as the 

average Ip-model of the last iteration reproduces the structural pattern of the seismic reflectors (albeit 

tenuously), while the best-fit Ip-model of the same iteration has a chaotic pattern. Analyzing the quality 

of the inversion, BCC volume assures that the zones which have seismic reflectors are well inverted.  

 

Figure 4.23 – Comparison between real seismic (A), best-fit model of the last iteration (B), average 

model of the last iteration (C) and Correlation Coefficient volume for the best-fit model of the last 

iteration (B), respectively, for GSI-DSS-LA (South View) 

 

Regarding the lateral continuity of the reflectors, the average Ip-model of the last iteration, once again 

presents a higher quality representation of the structural characteristics of the seismic volume, than the 

best-fit model of last iteration. The inversion was well performed in the areas which have seismic 

reflectors (comparing Fig. 4.23 – A to 4.23 – D).  

Figure 4.24 – Comparison between real seismic (A), synthetic seismic computed from best-fit model of 

the last iteration (B), synthetic seismic computed from average model of the last iteration (C) and 

Standard Deviation of the last iteration (B), respectively, for GSI-DSS-LA (East View) 
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When compared to Fig. 4.22 and Fig. 4.23, Fig. 4.24 shows a similar behaviour as the average Ip-model 

of the last iteration has increased coherency with the seismic volume than the best-fit Ip-model of the 

last iteration (although the similarity is reduced). The variance (Fig. 4.24 – D) has clear perturbation of 

extremely high values which are interfering with a good understanding of the distribution of the lowest 

values. However, there is a clear concentration of low values which resemble both reflectors.  

Figure 4.25 – Comparison between real seismic (A), synthetic seismic computed from best-fit model of 

the last iteration (B), synthetic seismic computed from average model of the last iteration (C) and 

Standard Deviation of the last iteration (B), respectively, for GSI-DSS-LA (South View) 

 

Both horizontal and diagonal reflectors are visible on the average Ip-model of the last iteration (Fig. 4.25 

– C), rather than in the best-fit Ip-model of the same iteration (Fig. 4.25 – B). As for variance, the same 

phenomenon of extreme values perturbing the right representation is observed, but there is a 

concentration of low values mainly overlapping the diagonal reflector.   

 

 

 

 

Figure 4.26 – Comparison between synthetic dataset histogram (A) and synthetic seismic computed 

from best fit model histogram (B), for GSI-DSS-LA, respectively 

 

 

Table 4.4 – Statistical Parameters of real dataset versus the best-fit model of the last iteration with 

GSI-DSS-LA methodology 

 

Synthetic Dataset Ip model 

[KPa.s/m] 

Best-fit Ip model last 

iteration[KPa.s/m] 
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Minimum 7500 7500 

Maximum 8300 8300 

Mean 7884.56 7967.27 

Standard Deviation 350.28 234.97 

Variance 122695.01 55209.49 

 

 

In both Figure 4.26 and Table 4.4, the best-fit model of the simulated volumes show a similar behaviour 

to the original seismic data. Regarding the variogram models (Fig. 4.27), it is possible to observe the 

general trend of the previous two methodologies, with the same remark to the main direction difference 

between original and computed data.   
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Figure 4.27 – Comparison between synthetic dataset Variograms (A) for Main, (B) for Minor and (C) 

for Vertical Directions; and synthetic seismic computed from the best fit model Variograms (D) for 

Main, (E) for Minor and (F) for Vertical Directions, for GSI-DSS with constant variogram ranges, 

respectively   
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When comparing the three methods, there is a clear improvement of the continuity patterns of the 

produced data.  

 

Globally, the three methods applied to the proof-of-concept dataset show irregularities that are 

expected, as this dataset is simple and has large portions that lack reflectors. This lack of geophysical 

information equals lateral discontinuity which is one of the biggest pitfalls of inversion methodologies.   

 

 

 

 

 

4.2 Real Dataset 

4.2.1 Dataset Presentation 

The main characteristics of the real dataset include a major fault event (visible on South View), reflectors 

with varying trends of dipping and a channel structure (visible on East View) (Fig. 4.28). The fault event 

is present in all Figures, as well as the channel structure, as both are of most importance by representing 

some of the most problematic geological events, when applying GSI-DSS, due to geometrical 

irregularity. This dataset has a 100x100x206 blocks grid. The inversion process is composed by 6 

iterations, with 16 simulations each.  

 

Both Statistical (Table 4.5 and Fig. 4.29) and variogram models (Fig. 4.30) of the real dataset are here 

presented for future comparison with the obtained models.  

 

 

 

 

Figure 4.28 – Real dataset (A) and correspondent well (B), respectively 

 

A                  B                                                            
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Figure 4.29 – Histogram of the Real dataset Ip-model 

 

 

Table 4.5 – Statistical Parameters of real dataset Ip-model and respective well 

 Real Dataset Ip model [KPa.s/m] Well Ip model[KPa.s/m] 

Minimum 6579.83 8637 

Maximum 9779.39 11110 

Mean 8029.19 9517 

Standard Deviation 490.32 499.1 

Variance 240415.99 249100.81 

 

 

 

 

                    

 

 

 

 

 

                            

 

 

Figure 4.30 – Real dataset Variogram Models for Main Direction (A), Minor (B) and Vertical (C) 
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4.2.2 GSI-DSS with a global spatial continuity pattern  

Figures 4.31 to 4.32 show how GSI-DSS honors the structural elements of the Original seismic. 

Regarding Fig. 4.31, it is visible how the simulated Ip-models reproduce the channel structure, as both 

the best-fit model, and the average model of last iteration resemble the structure, and the corresponding 

zone on BCC volume denotes good inversion of those traces. The best-fit model of the last iteration was 

registered in iteration 6, simulation 4, with a Global Correlation of 68,5%.  

 

The major faulting event of the dataset is visible on Figure 4.32, along the seismic volume and both 

Acoustic Impedance models (specially in the average of the last iteration Fig. 4.32 – C). 

 

 

 

Figure 4.31 – Comparison between real seismic (A), best-fit model of the last iteration (B), average 

model of the last iteration (C) and Correlation Coefficient volume for the best-fit model of the last 

iteration (B), respectively, for GSI-DSS (East View)    

 

The major faulting event of the dataset is visible on Figure 4.32. As for the channel on Fig. 4.31, there 

is a good reproduction, although the average Ip-model (Fig. 4.32 – C), has increased continuity. The 

correlation coefficient volume (Fig. 4.32 – D) shows general good inversion of the traces, with small and 

localized red zones.  
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Figure 4.32 – Comparison between real seismic (A), best-fit model of the last iteration (B), average 

model of the last iteration (C) and Correlation Coefficient volume for the best-fit model of the last 

iteration (B), respectively, for GSI-DSS (South View)   

  

Figures 4.33 to 4.34 illustrate the computed synthetic seismic and respective variance of the produced 

16 models. The global low variance (white zones on Fig. 4.33 to 4.34 – C), indicates general stability, 

consistency and coherency of the models of the last iteration. The upper part of the seismic volume 

shows better quality than the lowest part.  

 

 

 

Figure 4.33 – Comparison between real seismic (A), synthetic seismic computed from best-fit model of 

the last iteration (B), synthetic seismic computed from average model of the last iteration (C) and 

Variance of the last iteration (B), respectively, for GSI-DSS (East View)  

 

Regarding the channel on Fig. 4.33, there is reproduction of the structures and seismic polarities. 

Although the fault event is not clearly visible, there is some resemblance on Fig. 4.34 – C.  
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Figure 4.34 – Comparison between real seismic (A), synthetic seismic computed from best-fit model of 

the last iteration (B), synthetic seismic computed from average model of the last iteration (C) and 

Variance of the last iteration (B), respectively, for GSI-DSS (South View)    

The comparison between real seismic attributes and synthetic seismic attributes intends to evaluate if 

the structural information of the real data is honored during the procedure. While Fig. 4.35 illustrates the 

impact of GSI-DSS on Azimuth information, Fig. 4.36 reports the same impact on Dip values. Comparing 

Fig. 4.35, section B to section D, there is an increase of the resolution, which means a loss on the 

structural coherence.  

 

 

Figure 4.35 – Comparison between real seismic (A), azimuth extracted from the real seismic (B), 

synthetic seismic computed from average model of the last iteration (C) and azimuth extracted from 

the synthetic seismic (D), respectively, for GSI-DSS (Top View)    

 

Dip volume extracted from the computed seismic (Fig. 4.36 – D), shows larger continuity of the 

structures, when compared to the real dip volumes (Fig. 4.36 – B). A note to the resemblance of the 

channel on the dip volume, by comparing Fig. 4.36 – C and Fig. 4.36 – D.  
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Figure 4.36 – Comparison between real seismic (A), dip extracted from the real seismic (B), synthetic 

seismic computed from average model of the last iteration (C) and dip extracted from the synthetic 

seismic (D), respectively, for GSI-DSS (East View) 

 

 

As for both Fig. 4.37 and Table 4.6, the statistical parameters best-fit Ip-model show a similar behaviour 

to ones from the original seismic data. Regarding the variogram models (Fig. 4.38), with exception to 

the vertical direction, the same behaviour is observed for both seismic data. 

  

 

 

Figure 4.37 – Comparison between real dataset Ip histogram (A) and best fit model histogram (B), for 

GSI-DSS, respectively   
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Table 4.6 – Statistical Parameters of real dataset versus synthetic seismic computed from the best-fit 

model of the last iteration with GSI-DSS methodology 

 Real Dataset Ip model [KPa.s/m] Best-fit Ip model last iteration[KPa.s/m] 

Minimum 6579.83 8636.70 

Maximum 9779.39 11112.82 

Mean 8029.19 9520.18 

Standard Deviation 490.32 427.26 

Variance 240415.99 182546.96 

 

 

 

Fig. 4.38 shows the comparison between the original seismic variogram models and the ones computed 

from the best-fit Ip-model pf the last iteration. There is a global similarity, although the vertical direction 

of the computed data reach the sill faster, which means a higher level of anisotropy. Another note to the 

fact that the computed data shows an irregular variation with the increase of the considered distance.  
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C F 

Figure 4.38 – Comparison between Real dataset Variograms (A) for Main, (B) for Minor and (C) for 

Vertical Directions; and synthetic seismic computed from the best fit model Variograms (D) for Main, 

(E) for Minor and (F) for Vertical Directions, for GSI-DSS, respectively   

 

 

4.2.3 GSI-DSS-LA with local constant variogram ranges  

GSI-DSS with constant ranges applied to the real dataset has the same initial considerations as for the 

synthetic dataset (See Section 4.1.3). The fixed ranges are: Main – 10; Minor – 5 and Vertical – 2. The 

best-fit model of the last iteration was registered in iteration 6, simulation 16, with a Global Correlation 

of 72,2%. Fig. 4.39 shows that the best-fit Ip-model of the first iteration is conditioned by the azimuth 

volumes, rather than the real seismic.  

 

 

Figure 4.39 – Comparison between real seismic (A), best-fit model of the first iteration (B) and azimuth 

extracted from real seismic (C), respectively, for GSI-DSS with constant variogram ranges (Top View) 

 

Fig. 4.39 shows that the best-fit Ip-model of the first iteration is conditioned by the azimuth volumes, 

rather than the real seismic.  

 

Dip volumes have a tenuous effect on the first iteration best-fit Ip-model, as it possible to observe on 

both Fig. 4.40 and Fig. 4.41. The seismic volume does not influence the same best-fit Ip-model, when 

comparing Fig. 4.40 – A to Fig. 4.40 – B, and Fig. 4.41 – A to Fig. 4.41 – B.  

 

The ranges for main direction span from 4.35 to 39.93, with a medium value of 11.19. As for minor 

direction it spans from 4.35 to 39.94, with a medium 11.20. Vertical ranges span from 0.75 to 6.35, with 

a medium value of 2.93. 
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Figure 4.40 – Comparison between real seismic (A), best-fit model of the first iteration (B) and dip 

extracted from real seismic (C), respectively, for GSI-DSS with constant variogram ranges (South View) 

 

 

 

Figure 4.41 – Comparison between real seismic (A), best-fit model of the first iteration (B) and dip 

extracted from real seismic (C), respectively, for GSI-DSS with constant variogram ranges (East View) 

 

Fig. 4.42 shows coherence between the original seismic volume and both Ip-models, mostly regarding 

the channel structure. There is a general good resemblance of the main structures on the simulated Ip-

volumes. When analysing the BCC volume (Fig. 4.42 – D), there are only isolated zones of not well 

inverted traces.  
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Figure 4.42 – Comparison between real seismic (A), best-fit model of the last iteration (B), average 

model of the last iteration (C) and Correlation Coefficient volume for the best-fit model of the last 

iteration (B), respectively, for GSI-DSS with constant variogram ranges (East View) 

 

Concerning Fig. 4.43, the main feature of interest is the fault, which is visible on the average Ip-model. 

The fault is no to visible on the best-fit Ip-model of the iteration, but the major dipping reflectors are well 

preserved. The BCC volume shows general satisfactory results as there is low incidence of badly-

invested seismic traces.   

 

 

 

Figure 4.43 – Comparison between real seismic (A), best-fit model of the last iteration (B), average 

model of the last iteration (C) and Correlation Coefficient volume for the best-fit model of the last 

iteration (B), respectively, for GSI-DSS with constant variogram ranges (South View)    
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Next, as third step is presented the synthetic seismic on Figures 4.44 and 4.45 (both best-fit and average 

of last iteration). Keeping in mind Figures 4.33 and 4.34, there is a visible decrease on the global 

variance, probably derived from the local anisotropy quantification approach.  

 

 

Figure 4.44 – Comparison between real seismic (A), synthetic seismic computed from best-fit model of 

the last iteration (B), synthetic seismic computed from average model of the last iteration (C) and 

Variance of the last iteration (B), respectively, for GSI-DSS with constant variogram ranges (East View) 

 

Regarding both the polarities and the structure of the channel, both Fig. 4.44 – B and Fig. 4.44 – B 

shows a good similarity between the real and the synthetic computed seismic.   

 

 

 

 

Figure 4.45 – Comparison between real seismic (A), synthetic seismic computed from best-fit model of 

the last iteration (B), synthetic seismic computed from average model of the last iteration (C) and 

Variance of the last iteration (B), respectively, for GSI-DSS with constant variogram ranges (South View)    
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The fault is not clearly visible on Fig. 4.45 – C, although the polarities highlight the lateral continuity of 

the reflectors.  

 

As in the previous methodology, a comparison between real seismic attributes and synthetic seismic 

attributes intends to evaluate the structural preservation of information of the real data is honored during 

the procedure. In general, Azimuth information (Fig. 4.46) seems to have a shift on some angle values, 

as dip values denote a decrease of resolution of the structures.  

 

 

 

Figure 4.46 – Comparison between real seismic (A), azimuth extracted from the real seismic (B), 

synthetic seismic computed from average model of the last iteration (C) and azimuth extracted from 

the synthetic seismic (D), respectively, for GSI-DSS with constant variogram ranges (Top View)    

 

Fig. 4.47 shows a smoothness regarding the dip values, when comparing the real and the synthetic 

datasets.  

 

 

 

Figure 4.47 – Comparison between real seismic (A), dip extracted from the real seismic (B), synthetic 

seismic computed from average model of the last iteration (C) and dip extracted from the synthetic 

seismic (D), respectively, for GSI-DSS with constant variogram ranges (South View)    
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The last part of results presentation includes Statistical (Table 4.7 and Fig.4.48), and variogram models 

(Fig. 4.49) comparison between real and synthetic seismic. As noted before, there is a similar behavior 

regarding statistical measurements.  

 

 

 

Figure 4.48 – Comparison between synthetic dataset histogram (A) and synthetic seismic computed 

from best fit model histogram (B), for GSI-DSS with constant ranges variograms, respectively   

 

Table 4.7 – Statistical Parameters of real dataset versus synthetic seismic computed from the best-fit 

model of the last iteration with GSI-DSS with constant variogram ranges 

 Real Dataset Ip model [KPa.s/m] Best-fit Ip model last iteration[KPa.s/m] 

Minimum 6579.83 8636.70 

Maximum 9779.39 11112.82 

Mean 8029.19 9521.75 

Standard Deviation 490.32 565.22 

Variance 240415.99 319476.25 

 

 

Variogram models (Fig.4.49), shows coherence between the variograms retrieved from the original 

dataset and the ones retrieved from the computed best-fit Ip-model only on the main direction. Both 

minor and vertical directions show a global increase on anisotropy (illustrated by a faster reached sill), 

which may result from its local quantification.   
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Figure 4.49 – Comparison between Real dataset Variograms (A) for Main, (B) for Minor and (C) for 

Vertical Directions; and synthetic seismic computed from the best fit model Variograms (D) for Main, 

(E) for Minor and (F) for Vertical Directions, for GSI-DSS with constant variogram ranges, respectively 

 

 

4.2.4 GSI-DSS-LA 

The final step of the developed methodology aims to quantify local anisotropies by locally adjust 

variogram ranges. Regarding the impact of Azimuth values on the first iteration, Fig. 4.50 show general 

correspondence between the patterns on the IP models of the first iteration and the ones on the 

structural volumes.   

 

 

 

Figure 4.50 – Comparison between real seismic (A), best-fit model of the first iteration (B) and azimuth 

extracted from real seismic (C), respectively, for GSI-DSS-LA (Top View) 
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Fig. 4.51 and 4.52 illustrate the influence of dip volumes on the first iteration, which slightly resemblance 

the structures of the first in the second.  

 

 

Figure 4.51 – Comparison between real seismic (A), best-fit model of the first iteration (B) and dip 

extracted from real seismic (C), respectively, for GSI-DSS-LA (East View) 

 

Fig. 4.52 shows that the dip values have a strong influence on the first iteration.  

 

 

 

Figure 4.52 – Comparison between real seismic (A), best-fit model of the first iteration (B) and dip 

extracted from real seismic (C), respectively, for GSI-DSS-LA (South View) 

 

The best-fit model of the last iteration was registered in iteration 6, simulation 12, with a Global 

Correlation of 65,97%. 

 

Fig. 4.53 shows that the channel structure is well preserved in both the best-fit Ip-model and the average 

Ip-model of the last iteration. All the main reflectors are reproduced, too.  
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Figure 4.53 – Comparison between real seismic (A), best-fit model of the last iteration (B), average 

model of the last iteration (C) and Correlation Coefficient volume for the best-fit model of the last 

iteration (B), respectively, for GSI-DSS-LA (East View)  

 

As for the fault event, Fig. 4.54 shows high entropy on the upper part of the event. The correspondent 

BCC volume shows a higher incidence of badly-inverted seismic traces.  

 

 

 

Figure 4.54 – Comparison between real seismic (A), best-fit model of the last iteration (B), average 

model of the last iteration (C) and Correlation Coefficient volume for the best-fit model of the last 

iteration (B), respectively, for GSI-DSS-LA (South View)    

 

 

Next is presented the synthetic seismic on Fig. 4.55 (both best-fit and average of last iteration), retrieved 

from GSI-DSS-LA. Keeping in mind Figures 4.44 and 4.45, there is a visible increase on the global 

variance, probably because of the local anisotropy quantification approach. Although there is a decrease 

on structural definition on the lowest part of the volume, the channel structure area is well reproduced.  
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Figure 4.55 – Comparison between real seismic (A), synthetic seismic computed from best-fit model of 

the last iteration (B), synthetic seismic computed from average model of the last iteration (C) and 

Variance of the last iteration (B), respectively, for GSI-DSS-LA (East View)    

 

Fig. 4.56 presents the results for the other geological structure of interest, the fault. The dipping 

reflectors of major dimension are represented, although with decreased definition (Fig. 4.56 – C). As on 

previous figure, there is an increase on the variance.  

 

 

 

 

Figure 4.56 – Comparison between real seismic (A), synthetic seismic computed from best-fit model of 

the last iteration (B), synthetic seismic computed from average model of the last iteration (C) and 

Variance of the last iteration (B), respectively, for GSI-DSS-LA (South View)    

 

Finally, a comparison between real seismic attributes and synthetic seismic attributes aims to evaluate 

how the structural information is affected during the procedure. Figure 4.57 illustrates the impact of GSI-

DSS-LA on Azimuth information, and Figure 4.58 has the same purpose for Dip values. Azimuth values 
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on the computed seismic (Fig. 4.57 – D) have a more intricate pattern than the real ones (Fig. 4.57 – 

B), which is visible on the seismic volumes, too (Fig. 4.57 – A to Fig. 4.57 – C). 

 

 

 

 

Figure 4.57 – Comparison between real seismic (A), azimuth extracted from the real seismic (B), 

synthetic seismic computed from average model of the last iteration (C) and azimuth extracted from 

the synthetic seismic (D), respectively, for GSI-DSS-LA (Top View) 

 

 

 

 

Figure 4.58 – Comparison between real seismic (A), dip extracted from the real seismic (B), synthetic 

seismic computed from average model of the last iteration (C) and dip extracted from the synthetic 

seismic (D), respectively, for GSI-DSS-LA (East View)    

 

Although there is a clearer reproduction of the channel structure on the synthetic seismic dip volume, 

than in the real one (Fig. 4.58 – B compared to Fig. 4.58 – D), the structural definition of the synthetic 

steering volume is less accurate.  

 

The last part of results presentation includes statistical (Table 4.8 and Fig.4.59), and variogram models 

(Fig. 4.60), comparison between Ip-model from the real dataset and synthetic one. Like in the previous 

algorithms (GSI-DSS and GSI-DSS with constant ranges variograms), a similar tendency is observed 

on both data analysis tools.  
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Figure 4.59 – Comparison between synthetic dataset Ip- model histogram (A) and synthetic Ip-model  

computed from best fit model histogram (B), for GSI-DSS-LA, respectively   

 

Table 4.8 – Statistical Parameters of real dataset versus synthetic seismic computed from the best-fit 

model of the last iteration with GSI-DSS-LA 

 Real Dataset Ip model [KPa.s/m] Best-fit Ip model last iteration[KPa.s/m] 

Minimum 6579.83 8636.70 

Maximum 9779.39 11112.82 

Mean 8029.19 9523.47 

Standard Deviation 490.32 553.31 

Variance 240415.99 306153.50 

 

 

Fig. 4.60 shows a comparison between the variogram models of the real dataset and the best-fit Ip-

model of the last iteration obtained from GSI-DSS-LA. The major resemblance is registered between 

both minor directions (Fig. 4.60 – B and Fig. 4.60 – E). As for main and vertical directions, the behaviours 

have opposite trends. Real dataset main direction has a faster growth towards the sill than the same 

direction for the computed data. As for the vertical direction, the trend is the opposite. 
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Figure 4.60 – Comparison between Real dataset Variograms (A) for Main, (B) for Minor and (C) for 

Vertical Directions; and synthetic seismic computed from the best fit model Variograms (D) for Main, 

(E) for Minor and (F) for Vertical Directions, for GSI-DSS-LA, respectively   

 

Considering the real dataset, on Figure 4.61 it is possible to directly compare the lateral continuity of 

the average model of the last iteration of the three methods. Although the model resulting from GSI-

DSS (Fig. 4.61 – A) presents a smoother representation of the structures, the channel structure is more 

visible on both methods that use local anisotropies. This is an interesting result, as one of the identified 

difficulties of traditional GSI-DSS is the correct reproduction of non-linear structures.  

 

There is an increase on BCC values of both first and last iterations, as illustrated by Fig. 4.61. As for the 

synthetic dataset, there is a higher BCC for constant variogram ranges when compared with the 

computed locally ones. 
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Fig. 4.61 – Comparison between average Ip-model from last iteration of GSI-DSS (A), GSI-DSS with 

constant variogram ranges (B), and GSI-DSS-LA (C) 

 

 

Globally comparing the all three methods, and more precisely a trio composed by Fig. 4.35, Fig. 4.46 

and Fig. 4.57, related to azimuth and another trio composed by Fig. 4.36, Fig. 4.47 and Fig. 4.58, it is 

possible to acknowledge that on one hand, structural characteristics of dip volumes have a decrease on 

resolution and, on the other hand, azimuth volumes show consistent coherency.  

 

Table 4.9 shows an integrated view of the statistical parameters of all of the scenarios. Both datasets 

show particular details, which should be taken into account when evaluating the BCCs of the three 

applied methods. As the synthetic dataset only has a pronounced reflector, the difference on BCC value 

of the last iteration between GSI-DSS with constant variogram Ranges and GSI-DSS-LA (Table 4.9), 

may be explained by a best modelling of the variogram ranges when those values are fixed to all the 

volume, rather than local adjusting. The said dataset proves to have a valuable contribution to the 

presented work as it enabled the direct study of the methodologies on Local Structural Attributes 

extraction. Regarding GSI-DSS-LA methodology, the results must be interpreted only for the average 

models, and not for best-fit ones.  
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Table 4.9 – Statistical Parameters, Best-fit models and Best Correlation Coefficients of both synthetic and real dataset, the best-fit Ip-model of the last iteration 

with GSI-DSS methodology (for both datasets), the best-fit Ip-model of the last iteration with GSI-DSS with constant variogram ranges methodology (for both 

datasets),  and the best-fit Ip-model of the last iteration with GSI-DSS-LA methodology (for both datasets). 

Method/Dataset Minimum Maximum Mean Variance 
BCC of Best-fit model for 1st 

iteration 

BCC of Best-fit model for last 

iteration 

Synthetic Dataset 7500 8300 7884.56 122695.01 --- --- 

GSI-DSS 7500 8300 7969.98 64676.39 --- 12.6% 

GSI-DSS with constant variogram 

Ranges 
7500 8300 7963.60 65143.11 1% 30.6% 

GSI-DSS-LA 7500 8300 7967.27 55209.49 4.4% 14.6% 

Real Dataset 6579.83 9779.39 8029.19 240415.99 --- --- 

GSI-DSS 8636.70 11112.82 9520.18 182546.96 --- 68.5% 

GSI-DSS with constant variogram 

Ranges 
8636.70 11112.82 9521.75 319476.25 1.5% 72.2% 

GSI-DSS-LA 8636.70 11112.82 9523.47 306153.50 1.9% 65.6% 
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5 Conclusions and Future Work 

As the present thesis intends to develop and analyse a new method to perform Geostatistical Seismic 

Inversion considering structural steering volumes (Dip and Azimuth, more specifically), it is of most 

importance to compare all the three methods, applied to both datasets.  This integrated comparison is 

present in the final part of chapter 4.2.3.  

 

One of the input variables which is not under this thesis scope is the wavelet extraction. As the 

adjustment of the wavelet to the dataset is of most importance, this is a delicate part of the procedure. 

A more advanced study of the wavelet (a better extraction), could lead to better results.  

 

In general GSI-DSS-LA, represents an advance on geostatistical seismic inversion methodologies.  

Nevertheless, this new algorithm has some improvements that must be worked on, as for example, a 

further study on the programming implementation of the method, or a different adjustment of some 

parameters of the variograms calculation. Another interesting testing situations would be a wider set of 

iterations (a set of 32, for example) to have a more asymptotic view of the method, or another type of 

datasets, with different geophysical characteristics. 
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