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Abstract 

In the Oil and Gas industry, reservoir characterization using quantitative interpretation methods focuses 

on increasing the understanding of subsurface rock properties spatial distribution away from well control. 

Predicting properties such as Vp, Vs, density and P-impedance from a marine seismic reflection data is 

commonly approached or solved using an inverse problem which can be tackled using several different 

methodologies, with deterministic seismic inversion being used as industry standard approach and 

stochastic seismic inversion being a more specialized and complex approach. While the deterministic 

approach generates a single subsurface model that best fits the data, geostatistical approach produces 

several realizations that will allow to access multiple subsurface models bringing a greater ability to 

interpret uncertainty about the spatial behaviour of the geological features. A rock physics model 

incorporates depth dependency and geostatistical uncertainty to help with rock properties prediction 

away from the well control, having a great importance in quantitative interpretation studies. The quality 

of the input data has a direct impact on the results retrieved by both inversion algorithms. Therefore, 

applying a suitable level of pre-conditioning to the data is always good practice. This thesis focuses on 

a case study dataset looking at a reservoir characterization problem involving the identification of 

differences between reservoir and non-reservoir lithologies over a producing field. For this case study 

both deterministic and geostatistical seismic inversion methods were applied and compared in terms of 

retrieved geological properties. Generally, both methodologies retrieve possible solutions for the 

subsurface geology, with good results for lithology prediction. 

 

 

 

Key-words: Geostatistical Seismic Inversion, Deterministic Seismic Inversion, Statistical Rock Physics, 

Lithology Prediction, Rock Properties, Probability Density Functions 
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Resumo 

Na indústria petrolífera, a caracterização do reservatório usando métodos de interpretação quantitativa 

foca-se em compreender a distribuição espacial das propriedades das rochas longe dos poços. A 

predição de propriedades como Vp, Vs, densidade e Impedância P a partir de dados sísmicos de 

reflexão, adquiridos em ambiente marinho, é frequentemente abordado usando um problema inverso. 

Este pode ser resolvido através de métodos distintos, dos quais se destacam a inversão sísmica 

determinística e a inversão sísmica geoestatística, que se caracteriza por uma abordagem mais 

especializada e complexa. Enquanto a inversão determinística gera um único modelo da subsuperfície 

que melhor se ajusta aos dados, a abordagem geoestatística produz várias realizações que permitem 

a interpretação da incerteza no comportamento espacial das estruturas geológicas. Os modelos de 

física das rochas incorporam a dependência em função da profundidade e incerteza geoestatística, os 

quais tentam prever as propriedades das rochas longe do controlo dos poços, adquirindo uma grande 

importância nestes estudos. A qualidade dos dados de entrada tem um impacte direto nos resultados 

obtidos através dos diferentes algoritmos e por isso é uma boa prática aplicar algum pré-

condicionamento aos mesmos. Esta tese foca-se num caso de estudo de caracterização de um 

reservatório envolvendo a identificação das diferenças entre as litologias-reservatório e não 

reservatório num campo em produção. Neste caso de estudo foram aplicados os métodos de inversão 

sísmica determinística e geoestatística e comparados em termos de diferenças nas propriedades 

geológicas obtidas. Ambas as metodologias permitiram obter possíveis soluções geológicas, com bons 

resultados na predição de fácies. 
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CHAPTER 1. INTRODUCTION 

1.1. Scope of the work 

The development of this thesis involved learning two different workflows, one for deterministic acoustic 

inversion currently used in DownUnder GeoSolutions (DUG) and one geostatistical seismic inversion 

developed in Centre for Natural Resources and Environment (CERENA)/Instituto Superior Técnico 

(IST), in four different stages. The two different methodologies where then applied to a real data set 

from an hydrocarbon producing offshore field provided by Energean Oil & Gas. Both inversion 

techniques would use the same input data (wells, seismic data and horizons) and also the same rock 

physics model for probabilistic lithology predictions. 

The first phase of the work was a six-week internship at DownUnder Geosolutions, in London (UK), 

encompassing several tasks such as data gathering, post-stack seismic conditioning, introduction to 

petrophysical evaluations, rock physics model building, depth dependent probability density functions 

building, and the application of the deterministic inversion workflow. 

The second stage was developed in CERENA/IST which involved loading the already pre-conditioned 

seismic data and well-log information, do a detailed variogram analysis and apply both acoustic and 

elastic geostatistical inversion algorithms. 

The third stage was dedicated to lithology prediction using the resulting volumes from deterministic and 

geostatistical seismic inversion workflows. At this point, depth dependent probability density functions 

(PDF’s) were applied to both inversion results producing probability volumes for lithology classification. 

The final stage of this thesis was the comparison and interpretation of the results retrieved by both 

methodologies applied to the same dataset considering the differences in the retrieved geological 

properties.  

Disclaimer: For confidentiality reasons, the figures in the results chapter were removed. The names of 

the geological formations and the names of the wells were also changed. The figures can be found in a 

separate document. 

1.2. Motivation 

The producing hydrocarbon field is associated to a complex geology which brings some challenges to 

reservoir characterization. As it is not homogeneous in terms of thickness throughout the field, the use 

of reflectivity data alone does not allow the discrimination of quality or spatial continuity of the reservoir 

lithologies. 

Historic seismic inversion run by DownUnder GeoSolutions has allowed increasing the understanding 

of the reservoir incorporating more information going beyond reflectivity data. However, some 

challenges still remain regarding detailed lithology prediction matching the well control. For the wells to 

be economically successful they must cross a good thickness of pay and be able to produce for an 
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extended period of time. Some production well on the field have not been able to find such reservoir 

leading to a field development challenge. 

The motivation of this thesis is related with this challenge as a geostatistical seismic inversion 

methodology is applied to the dataset in order to retrieve models of the reservoir geology with higher 

level of detail and variability, possibly achieving a better match in the wells and with the real 

petrophysical interpretation, aiming to provide additional value to the deterministic results. 

 

1.3. Objectives 

The aim of this thesis is to compare the application and results of geostatistical and deterministic seismic 

inversion methodologies, to a 3D seismic marine dataset acquired offshore mainland Greece, in the 

Aegean Sea. The comparison aims to understand where each seismic inversion technique deals 

differently when using the same data to solve the same problem. The analysis of the results may provide 

useful indications of which techniques may be more appropriate to address certain type of challenges 

in reservoir characterization such as, thin reservoir formations and poor well control.  

This thesis has the following main goals: 

i. Petrophysical analysis; 

ii. Rock physics model building; 

iii. Stochastic modelling for rock physics modelling; 

iv. Geostatistical and deterministic seismic inversion of a real dataset; 

v. Predict lithology and fluid through the two different inversion methodologies; 

vi. Compare the differences in the geological properties through the results retrieved. 

 

 

1.4. Structure of the thesis 

This thesis is organized the seven chapters, starting with a general outline of the work, including 

motivation and objectives. 

After defining and presenting the questions to be assessed in this thesis, Chapter 2 presents some 

concepts regarding the seismic inverse problem and the techniques that could be used to solve this 

question. Then, a theoretical background regarding deterministic and geostatistical seismic inversion 

methodologies is also presented. 

The theoretical background of both methodologies is now presented, leading to the description of the 

different workflows used under the scope of this thesis, Chapter 3 presents a quantitative interpretation 

workflow is presented with the integration of the main deterministic seismic inversion steps, as well as 

a general geostatistical seismic inversion workflow with a brief description of the steps until achieving a 

final solution. 
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A description of the data (seismic and well-log data) used to apply the previous workflows as well as all 

the pre-conditioning applied before running the inversion algorithms is presented in Chapter 4. This 

chapter also comprises theoretical information regarding depth dependent rock physics trends as well 

as the main trends that were set for the area. A brief section on stochastic forward modelling is also 

present in the end of this chapter. 

A brief geological setting of the area is presented in Chapter 5, followed by the case study results, in 

Chapter 6. Here are presented the results for the low-frequency model estimation as well as the obtained 

models through deterministic and stochastic seismic inversion algorithms. Lithology Prediction results 

are also shown within this section after the results for each method. This chapter ends with a section 

where results from the application of deterministic and stochastic inversion methodologies are compared 

in terms of differences in the retrieved geological properties. 

The final remarks are found in Chapter 7 where the main conclusions of this case study application are 

presented as well as some recommendations for future work regarding this type of studies. 
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CHAPTER 2. SEISMIC INVERSE PROBLEM: THEORY AND 

TECHNIQUES  

2.1. Seismic Inverse Problem 

Seismic data whether marine or land acquired, is the most common and widely used data type in the oil 

and gas industry for both exploration and development activities. Seismic data is commonly used for 

helping a geoscientist to get a detailed characterization of the subsurface geology which contributes to 

understanding the components of a hydrocarbon play, often with an ultimate focus of identifying a 

hydrocarbon prospect to drill. The nature of how seismic data is acquired results in it being a laterally 

extensive dataset often covering large spatial areas. However, along the vertical direction its resolution 

can be considered fairly coarse, being measured in tens of meters when compared to other data such 

as well data which resolution is measured in tens of centimetres. This mean that for meaningful reservoir 

characterization using quantitative interpretation it is necessary to integrate several data types with the 

seismic data. 

Well-log data (Eidsvik et al. 2004) represents direct measurements of the petro-elastic properties of 

interest (e.g. lithologies, acoustic impedance, P and S velocities) with high vertical resolution. Through 

the integration of both seismic and well-log data, it is possible to achieve models of the subsurface 

properties of interest conditioned to two different domains, spatially to the seismic reflection data and 

locally to well-log data. 

Besides well-log data, the extraction of subsurface geologic information from seismic data though 

seismic interpretation is also an important piece of information to be integrated in the quantitative 

interpretation process as it will allow to enrich the reservoir characterization. This interpretation process 

aims for the definition of some horizons that will be important in further study stages.  

Using a combination of different data types and subsurface information will help predicting the spatial 

distribution of the subsurface petrophysical properties (e.g. facies, porosity, and fluid saturations), but 

first it is necessary to transform the seismic amplitudes into geological properties. This is achieved by 

carrying out a process called seismic inversion. Seismic inversion is based on a nonlinear inverse 

problem with multiple solutions (Tarantola 2005) due to the limited bandwidth of the seismic data. 

Inverting this data for reservoir properties is a complicated task due to errors associated to the 

measurements, noise, uncertainties in time-to-depth conversions and numerical approximations (Bosch 

et al. 2010). As this is a non-unique problem, different solutions satisfy the observed seismic data 

equally. Once the forward model is assumed to be valid, the obtained model will be one possible solution 

for modelling the subsurface reality within a wide range of possibilities. Solving this problem will allow 

to transform the seismic responses into a model that will be interpreted to retrieve quantitative rock 

property descriptive of the reservoir. 
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The seismic inverse problem may be described as the following: 

 

𝐦 = 𝐅−𝟏(𝐝𝐨𝐛𝐬) + 𝐞    (1) 

 

where 𝐦 ∈ 𝑹𝒏 correspond to the N unknown elastic subsurface model parameters that equally fit the 

observed data and are obtained from a range of indirect observations (in this particular case the seismic 

data), represented by 𝐝𝐨𝐛𝐬 ∈ 𝑹𝒏 that is usually contaminated by measurement errors defined by 𝐞. The 

previously mentioned variables are connected by an unknown function, 𝑭−𝟏 that is not well defined and 

often solved as an optimisation problem. 

Seismic methods are based in a general idea: subsurface petrophysical properties can have a 

relationship with other seismic attributes. This allows to have some knowledge regarding the model 

parameters (𝐫) which are directly dependent of the subsurface elastic properties (e.g. P-wave and S-

wave velocities and density) that convolved with an estimated wavelet (𝐰) will result in the recorded 

seismic amplitudes, represented by 𝐀.  This procedure can be described through Equation (2): 

 

 

In order to achieve the model that represents the subsurface geological reality, it is necessary to 

compare the match between  the recorded and the generated synthetic seismic data, previously 

calculated from the best inverse models: if the match between real and synthetic seismic reflection data 

is poor, then the real and the inverted elastic models will have a poor correspondence. On the other 

hand, if a good match is shown by the synthetic and real seismic, the models might not be converging 

to each other and to a result close to the subsurface geology, but to a local minimum far from the global 

solution (Azevedo & Soares 2017). 

There are several seismic inversion methods to predict subsurface geological properties. Generally, 

from an industry point of view, two categories can be identified among the available techniques: 

deterministic (or optimization approaches) and stochastic (Monte Carlo or simulation approaches) 

(Bosch et al. 2010). Deterministic methodologies can be defined as optimization processes whose aim 

is the minimization of an objective function to accomplish the solution that best fits the data. An initial 

subsurface model will be perturbed until the generation of synthetic seismic that correlates acceptably 

with the recorded seismic (Russell, 1988); (Russell & Hampson 1991). However, this procedure does 

not allow of the evaluation of the uncertainty associated with the predicted model (Varouchakis & 

Hristopulos 2013) being this the main limitation associated with deterministic methodologies. Within this 

framework, the uncertainty can only be assessed by a linearization around the best-fit inverse solution, 

which is normally retrieved by least squares. As a result, the deterministic inversion retrieves a best-fit 

smooth model since the algorithm does an approximation to the mean values.  

𝐀 = 𝐫 ∗ 𝐰  (2) 
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On the other hand, inside the wide category of stochastic seismic inversion techniques is the iterative 

geostatistical approach that provides multiple solutions, retrieving different models that equally fit the 

data. The models retrieved by these techniques are conditioned to the recorded seismic data and well-

log measurements which will ensure the reproduction of those values in the retrieved models. From the 

well-logs, variograms can be modelled to add some information regarding the spatial continuity pattern 

of a property, adding another level of detail to the inversion results. 

As previously mentioned, the spatial behaviour of a certain property in the three directions of space can 

be described by a variogram model. This parameter is estimated for both vertical and horizontal 

directions, for the properties being studied. The experimental horizontal variograms are computed from 

the seismic amplitudes (proxies for P-impedance) while for vertical direction those are calculated from 

the real measurements (P-impedance upscaled well-log data). Variogram synthetizes the structural 

characteristics of the spatial phenomena into a single model, through the following three concepts 

(Figure 1): 

1. Sill that represents the variance of the variable;  

2. Range, defined as the maximum distance beyond which the data is no longer correlated; 

3. Nugget, characterized by the variability of the modelled property at a smaller scale than the 

sample spacing.  

 

Figure 1. Schematic representation of the different variogram parameters (adapted from Barca et al. (2016)). 

Besides the previously described parameters, a theorical variogram model (spherical, gaussian, 

exponential or a combination of the models) is adjusted to the experimental variogram, depending on 

the behaviour that is considered to best fit the data. 

Variograms and well-log data are an important source of data to stochastic inversion methodologies as 

well as seismic. Through the comparison between the observed and the synthetic one it will be possible 

to evaluate the quality of the predicted seismic. The relation between the two types of seismic data has 

its origin in the maximization (or minimization) of an objective function that quantifies the mismatch 
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between inverted and observed seismic. Pearson’s correlation coefficient (Equation 3) is an example of 

this function: 

𝝆𝑿,𝒀 =
𝒄𝒐𝒗(𝑿, 𝒀)

𝝈𝑿𝝈𝒀

   
(3) 

where 𝑐𝑜𝑣 is defined as the covariance between X and Y variables, that correspond to synthetic and 

real seismic, respectively. As each variable as a certain variance associated, σ correspond to the 

individual variances of synthetic and observed seismic data. 

As previously referred, this quantification requires that all the seismic traces are visited to generate 

synthetic seismic, which can be done through two different approaches within the geostatistical inversion 

framework, namely trace-by-trace (Bortoli et al. 1993); and global inversion methodologies (Soares et 

al. 2007). 

The main disadvantage of sequential trace-by-trace methodologies is related to areas where the 

presence of noise lead to a poor recorded seismic data quality. The signal-to-noise ratio is low and 

consequently the inverted elastic models will fit the signal that corresponds to real subsurface geology 

and also the signal from the observed noisy seismic. By assuming as real data the previously simulated 

trace, the spreading of noisy values throughout the area could happen leading to incorrect values and 

possible misinterpretations of the models, increasing the uncertainty. 

Regarding global inversion methodologies, the way of visiting the seismic traces is different. Defined as 

an iterative inverse procedure, this specific geostatistical technique makes use of a genetic algorithm 

as a global optimizer driven by the mismatch between real and synthetic seismic data (Soares et al. 

2007). Within this framework, the model perturbation is done by stochastic sequential simulation, 

particularly with direct sequential simulation (DSS) (Soares 2001). 

The following sections describe the seismic inversion techniques used to solve the inversion problem, 

under the scope of this thesis. 

 

2.1.1. Deterministic Seismic Inversion 

Deterministic seismic inversion methodology is a well implemented inversion procedure in the oil and 

gas industry nowadays not only because it allows to retrieve results faster but also due to the reduced 

computational effort. This method is thought to obtain the least-squares solutions with a defined 

constraint (Oldenburg et al. 1983); (Zhang et al. 2012).  

Deterministic or optimization-based methods of seismic inversion for elastic properties can be divided 

in two main methods, sparse-spike techniques and model-based inversion. Generally, sparse-spike 

techniques deconvolve the seismic trace assuming that the reflectivity series (i.e. reflection coefficients) 

show sparseness (Bosch et al. 2010). After obtaining the reflectivities, the next step is to compute the 

impedances, considering the missing low frequencies from well-log data, seismic velocity analysis, or a 
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kriging estimate of the low-frequency trend. Regarding model-based methods, the process differs as the 

procedure starts from a given initial model that is going to be perturbed by the inversion algorithm until 

satisfying some minimization criteria (Russell & Hampson 1991). The difference between the real and 

the modelled data corresponds to the objective function (i.e. the function to be minimized) in which are 

included some additional terms to restrict the solutions to that criteria such as fixed term layer thickness, 

smoothness, or a condition of lateral continuity (Bosch et al. 2010). 

 

2.1.1.1. Acoustic Inversion 

The trace-by-trace deterministic inversion algorithm (DUG Spike®) used inverts simultaneously for P- 

and S-Impedance at every trace location using any number of input seismic angle stacks. Seismic data 

is modelled through the convolution of an inverted reflection coefficient series with the derived laterally- 

and time varying wavelets as the absolute inversion optimises the solution for elastic properties given 

the low-frequency impedance models and the seismic data. The fundamental constraints for this 

inversion are the seismic match and the elastic property misfits through a high-frequency damper and a 

low-frequency model matcher. These constrains are important not only to avoid noise in the inverted 

impedance variations that are not constrained by the seismic but also to the higher frequency 

components of the low-frequency model to be updated by the optimisation, and are described in the 

following section. 

 

2.1.1.2. Elastic Inversion 

This inversion algorithm inverts simultaneously for both impedances and also for Vp/Vs and density. 

Besides the referred properties, absolute inversion can have other outputs such as Poisson’s ratio, 

Lambda-Rho and Mu-Rho. It uses the same technique as the acoustic inversion, inverting also at every 

trace location with any number of input seismic angle stacks. A Shuey (1985) three-term approximation 

is used to constrain the inverted Amplitude Variation with Angle (AVA) coefficients, which will also 

constrain the resultant reflectivities and elastic parameters being this approximation is used for both 

acoustic and elastic domains. The observed AVA in the seismic data is quantified in terms of rock 

properties by the elastic inversion as the input data (number of stacks, the quality of the data and the 

angle ranges) influences the reliability of the obtained elastic information, particularly the density 

information. 

Other geophysical constrains such as absolute physical property bounds and rock physics covariance 

constraints on inverted reflectivity can also be added to the algorithm. Generally, according to Lamont 

et al. (2008) the inversion constraints used by this absolute inversion algorithm are the following: 

• Low-frequency (notch) limit: Frequency below which the information from the low-frequency 

model is incorporated into the absolute inversion result; 

• Low-frequency matcher: Reduce low-frequency variations which do not fit the model and are 

not constrained by the seismic; 
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• High-frequency damper: Reduces high-frequency impedance variations which are not 

constrained by the seismic; 

• Rock Physics AVA covariance: This parameter ensures that the covariance of the inverted 

AVA coefficients (intercept, gradient and curvature reflectivity) and associated background trend 

are consistent with the expected rock physics and not biased by noise. It is defined using a 

statistical rock physics model for a background lithology; 

• Physical Property Bounds: Constrains inverted elastic properties to a defined range of values; 

• Seismic Matcher: Controls how closely should the seismic and inversion synthetic should 

match; 

• Stack Weights: Control the influence of a particular stack has when inverting for elastic 

parameters; 

• Wavelet scale: Controls the amplitude of the wavelets. 

Within this framework, this algorithm is able to produce a model away from the well control, considering 

more types of information, such as a background trend that honours the well information. The upscaled 

low-frequency well-logs, seismic horizons and velocity models are also inputs for this inversion whose 

results can be integrated with the expected Probability Density Functions (PDF’s) from the statistical 

rock physics and stochastic modelling workflow. From this integration is possible to predict lithology and 

fluids throughout the study area. A general deterministic workflow is presented in Figure 2. 

 

Figure 2. Deterministic seismic inversion framework with all the necessary information to run the algorithm 

(adapted from Lamont et al. (2008). 

 

2.1.2. Global Geostatistical Acoustic Inversion 

Global stochastic inversion approach (GSI), proposed by Soares et al. (2007) aims to overcome the 

limitations discussed above associated to trace-by-trace approach. This method relies on the use of a 

global approach during the stochastic sequential simulation phase, where a set of impedance models is 

generated for the entire inversion grid at once (Bortoli et al. 1993). This inversion algorithm is based on 

cross-over genetic algorithm as the optimization process (Azevedo et al. 2015) – ensuring the 

convergence towards both global and local correlation coefficients and making use of direct sequential 
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simulation and co-simulation for model perturbation and update (DSS; (Soares et al. 2007); co-DSS, 

(Horta & Soares 2010).  

Particularly, geostatistical acoustic inversion will retrieve a set of acoustic impedance (Ip) models. This 

iterative methodology (Azevedo & Soares 2017) starts with the simulation procedure using direct 

sequential simulation (DSS) for the entire and defined regular inversion grid of Ns acoustic impedance 

models, just conditioned to the available impedance well-log data and a variogram model that 

reproduces the spatial distribution of the property; then, a set of Ns synthetic seismic volumes is 

generated through the convolution of the reflection coefficients (Equation (4)) with an estimated wavelet 

(i.e. forward modelling) for the available dataset. 

 

𝑹𝑪 =
𝑰𝒑𝟐 − 𝑰𝒑𝟏

𝑰𝒑𝟐 + 𝑰𝒑𝟏

     
(4) 

 

By computing the correlation coefficients between the synthetic seismic with the corresponding real 

seismic, the quality of the generated volumes can be evaluated. Each seismic trace of the corresponding 

synthetic volumes is compared with the real seismic from the same location in terms of correlation 

coefficient. The synthetic seismic that has the highest correlation coefficient when compared with the 

real seismic is going to be used as the basis for the new set of Ns acoustic impedance models using 

direct sequential co-simulation generated in the following iteration, conditioned to the available well-log 

data and the best impedance volumes used secondary variables to condition joint simulation. The 

process stops when the global correlation coefficient between real and synthetic volumes is above a 

certain threshold (Soares et al. 2007). 

Following is described the general framework of the geostatistical seismic inversion methodology 

(Figure 3), based on the algorithm proposed by Soares et al. (2007): 

i. Generation of a set of acoustic impedance models through direct sequential simulation for 

the entire seismic grid; 

ii. Calculation of the reflection coefficients from the previously simulated models followed by a 

convolution with an estimated wavelet to generate synthetic seismic volumes; 

iii. Compare the real with the synthetic seismic in terms of correlation coefficients to evaluate 

the quality of the produced seismic traces; 

iv. Selection of the models with the best local correlation; 

v. Build an image with the “best” parts of the models chosen in step iv. and use it for the next 

simulation step; 

vi. Use direct sequential simulation and co-simulation to generate a new set of impedance 

models using the model generated in step v., continuing the iterative process until a global 

correlation coefficient threshold is reached. 
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Figure 3. Global Geostatistical Seismic Inversion workflow. A set of acoustic impedance models are generated 

conditioned to seismic, well data and variograms. Synthetic seismic is derived from the previously generated 

models through the convolution of reflection coefficients with an estimated wavelet. The models will be compared 

with real seismic and the ones with best correlation coefficient will be used as the base for the generation of new 

models of the next iteration (Azevedo & Soares 2017). 

 

This specific methodology relies on the integration of different types of data for the generation of the 

impedance models. In stochastic approach, the spatial continuity model (i.e. variogram model) imposed 

while the inverse models of the properties of interest are being generated lead to the presence of much 

higher frequencies in the retrieved inverse models. Also, the integration of well data provides high 

vertical resolution that will be reflected in the higher frequency content of the retrieved models. This 

methodology is dependent of well data and seismic to be able to generate models of subsurface 

properties which is an advantage since the retrieved solutions will be conditioned to real measurements. 

On the other hand, the dependence on that data leads to some difficulties in cases where well-log data 

is scarce and with a sparse distribution. 

 

2.1.3. Geostatistical AVA Inversion 

With the increasing quality of the pre-stack seismic, the use of this type of data in early exploration 

stages has been growing, retrieving inverted models with lower uncertainty and providing a valuable 

tool for reservoir characterization. 

Stochastic seismic inversion methodologies for pre-stack seismic data encompass a wide range of 

algorithms based on different principles and frameworks. The geostatistical seismic AVA inversion is a 

particular type of methodologies that allows to invert pre-stack seismic data, in the angle gathers 

domain, for density (ρ), P-wave (Vp) and S-wave (Vs) velocity models, simultaneously (Azevedo et al. 

2018). 
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This iterative methodology uses DSS (Soares 2001) as the perturbation method for the model to 

generate Ns  density models conditioned to the available well-log data of the property as well as a 

variogram model that describes its spatial distribution pattern; then, Ns  Vp models are generated by co-

DSS with joint probability distribution technique (Horta & Soares 2010) which allows a co-simulation 

conditioned to the previously simulated Ns density models. Finally, a set of Vs models is co-simulated 

conditioned to the well-log data for the property as well as to the previously simulated model of Vp that 

is the secondary variable for the co-DSS with joint probability distributions technique. 

To guarantee that the well-log data is reproduced during the iterative inversion iterative procedure, a 

sequential simulation of the properties of interest is performed where the selection of the first property 

to simulate should have an homogeneous behaviour as well as a low uncertainty (Azevedo et al. 2018). 

 

Figure 4. Schematic representation of the iterative geostatistical AVA inversion methodology (Soares & Azevedo 

2018) . 

According to Azevedo & Soares (2017), the geostatistical seismic AVA inversion methodology (Figure 

4) can be described with the following general sequence of steps: 

i. Simulation of NS density models through stochastic sequential simulation considtioned to the 

available well-log data using DSS; 

ii. Co-simulation of NS P-wave models given the previously simulated NS density models (co-DSS 

with joint-distributions); 

iii. Stochastic sequential co-simulation of NS S-wave velocity models considering the previously 

simulated NS P-wave velocity model (co-DSS with joint-distributions); 

iv. Calculation of the NS synthetic pre-stack seismic cube with the simulated density, P-wave and 

S-wave models using Shuey’s (1985) three terms approximation; 

v. Compare each synthetic angle gather with the corresponding real gather, trace-by-trace; 

vi. Creation of NS local correlation coefficient gathers for each location within the seismic grid; 

vii. Select the areas of higher correlation value (based on a genetic algorithm), from the correlation 

cube between real and synthetic seismic reflection data to build the best density, P-wave and 

S-wave models. Use the models as secondary variables for the co-simulation of the elastic 

models generated during next iteration; 

viii. Iterate and start (i) until the matching criteria is reached - global correlation between the 

original and the synthetic pre-stack seismic reflection data. 
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CHAPTER 3. SEISMIC INVERSION WORKFLOWS FOR A 

QUANTITATIVE INTERPRETATION STUDY 

Back in 1960’s and 1970’s, seismic data was used mainly for the interpretation of geological boundaries 

and mapping structures with little application or knowledge of quantitative interpretation techniques. This 

resulted in most interpretation involving seismic amplitude mainly qualitative in application. However, in 

the last decades seismic data has been extensively used for quantitative interpretation due to the 

development of technology and constant challenges in reservoir characterization as the targets get more 

complex and harder to reach. Quantitative techniques for seismic interpretation, such as seismic 

inversion, are set to be a trend amongst other techniques used by the oil and gas industry since they 

allow the validation of hydrocarbon anomalies and provide additional information in prospect evaluation 

stages (Simm & Bacon 2014). 

For the development of this thesis, two different seismic inversion workflows were applied, according to 

the different methodologies. Input data, such as the seismic and the well-logs used to apply those 

methodologies were the same, but first, some pre-conditioning was applied to the seismic data in order 

to improve its quality. 

To develop this type of studies, it is important to have good quality seismic data. Besides primaries, 

noise and multiples are frequently present in the seismic record. Applying inversion algorithms without 

processing the data can mislead reservoir characterization process and for that reason, a quantitative 

interpretation project usually starts with some post migration processing whose aim is to recover the 

correct amplitude content, improving the signal-to-noise ratio and aligning the reflections correctly. 

Some of those steps are described as part of deterministic inversion workflow but this is a good practice 

regardless of the inversion methodology applied.  

 

 

 

3.1. Deterministic Inversion workflow 

The following schematic representation explains the main steps that were followed until the application 

of the deterministic algorithm, under the scope of this thesis. 
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Figure 5. Schematic representation of quantitative interpretation workflow followed to the application of 

deterministic seismic inversion approach. 

 

The process starts with some data post-migration processing which encompasses processes as the 

creation of angle stacks considering forward modelling at the wells to understand the best angle range 

to use: spectral balancing, statistical and Bayesian wavelet extraction and seismic-to-well ties. At the 

same time, rock physics analysis with depth trends building and the creation of PDF’s for the area are 

performed to, combined with the outputs from the previous processes, be used as input data to the 

inversion algorithm. The outputs from deterministic inversion include P-impedance, Vp/Vs and density 

volumes to which are going to be applied the previously built PDF’s, retrieving lithology prediction 

results. 

 

3.2. Geostatistical Inversion workflow 

Besides deterministic workflow, also geostatistical inversion workflow was applied to the data as shown 

by the following figure. 
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Figure 6. Schematic representation of the applied geostatistical inversion workflow. 

 

 

The geostatistical seismic inversion workflow starts with the data loading obtained from the data post-

migration conditioning already performed. After, it is necessary to build a regular inversion grid whose 

top and base were defined by a reference horizon. To use this model, the well-log data must be adjusted 

to it through the upscaling process, which consists in averaging the log values within a certain cell 

according to the algorithm that best suits the property to upscale, producing one log value for those 

cells. 

Besides using the upscaled well-log data, in the stochastic inversion workflow applied in this thesis 

(Figure 6) it is possible to add additional information regarding the spatial continuity pattern (i.e. 

variograms) of the properties to be inverted in both vertical and horizontal directions. By modelling this 

spatial behaviour, an important part of geological information is being considered to enrich the retrieved 

models. Then, the inversion is run to the acoustic and elastic domains and P-impedances are compared 

with solutions retrieved from deterministic algorithm. 

 

Lastly, an AVA seismic inversion was run within the geostatistical framework, obtaining Vp, Vs and 

density models. This is followed by the prediction of the lithologies from acoustic and elastic volumes 

(i.e. Vp/Vs and P-Impedance) through the application of the PDF’s. 
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CHAPTER 4. GEOLOGICAL SETTING 

The available dataset is composed by seismic and wells located in Prinos-Kavala basin, offshore 

Greece. This rift sedimentary basin has 450 km2  and was formed as a result of extensive movements 

during Palaeogene at the southern margin of the Rhodope Massif, controlled by NE-SW normal and 

NW-SE listric faults (Kiomourtzi et al. 2008). Figure 7 shows the present-day location of the basin. 

 

 

Figure 7. Lithologies and geological structures in Prinos-Kavala Basin. Wells drilled in different oils fields are also 

shown (adapted from Kiomourtzi et al. (2008)). 

 

The basin’s development started during Miocene, with the deposition of terrestrial conglomerates, 

sands, silts and clays, along with a salt layer in a restricted hyper saline environment, marking the 

deposition of the Pre-Evaporite sequence (Figure 8). The sedimentation was then marked by the 

deposition of rich organic matter deposits, clastics and carbonates overlaid by turbidites that correspond 

to the hydrocarbon reservoirs. The Prinos reservoir turbidite system is a deposit associated to sediment 

slides due to slope failures (Figure 9). 

 

During Messinian, the basin was exposed to dry climate and its isolation led to the deposition of a thick 

succession of evaporite layers which overlaid the turbidites. Those geological conditions allowed the 

formation of a good trap for hydrocarbons. During Pliocene-Pleistocene, the deposition of clastic marine 

deposits continued after the basin’s isolation until nowadays (Kiomourtzi et al. 2008). 
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Figure 8. Stratigraphy of the Prinos area and the corresponding lithologies. Prinos sequences are also described 

using the evaporites as a depositional reference (adapted from Karakitsios et al. (2017)). 
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Figure 9. Possible “Sea” reservoir turbidite system depositional model (adapted from Nichols (2009)). 

 

 

Below Prinos turbidites, the “Greece” sands are another formation that is thought to have some 

hydrocarbon potential. A complex barrier island system depositional environment is proposed for this 

formation (Tylor-Jones 2017) as shown in Figure 10. This type of depositional environments are 

characterized by the deposition of sands during storms pinch out into the edges of the lagoon. Also, if 

the seawater overtop the beach ridge, it may deposit washovers of reworked sediment from the barrier 

to the lagoon (Nichols 2009). 

 

 

Figure 10. Barrier island system depositional model proposed for Kazaviti sands (adapted from Nichols (2009)). 
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CHAPTER 5. INTEGRATION OF GEOPHYSICAL DATA FOR 

SEISMIC RESERVOIR CHARACTERIZATION 

5.1. Data description 

Figure A-1 shows the spatial extent of this thesis’ study area. The two main reservoir areas are delimited 

by the polygons. The results obtained are illustrated along the vertical well section represented by the 

yellow line in Figure A-1. 

The available dataset comprises a pre-stack seismic data volume from were four angle stacks were 

built, with mean reflection angles of 15°, 25°, 35° and 45° (Figure A-2). The corresponding wavelets for 

each angle stack were inferred as previously described (Figure A-9). A set of five well-logs composed 

by P- and S-Impedance, density, gamma-ray, P and S-Velocity and water saturation are also part of the 

available data. 

 

5.2. Seismic data and pre-conditioning 

Seismic amplitudes are a key information to assess the subsurface geological information. Interpreting 

seismic amplitudes require seismic data properly processed and from an amplitude interpretation point 

of view, there are some goals that should be achieved while processing the data such as, recover the 

correct amplitudes, improve the signal-to-noise ratio, enhance the data for a better amplitude 

interpretation through spectral balancing and bandwidth studies, imaging the data correctly by a good 

pre-stack time or depth migration and finally, align reflections across the gathers (Simm & Bacon 2014). 

The processing steps applied to the seismic data will influence directly the models obtained from the 

application of seismic inversion algorithms. The implementation of those algorithms requires the best 

data quality possible, being perhaps the most important issue faced in seismic reservoir characterization 

studies and particularly in quantitative interpretation workflows. The necessity of imaging properly the 

structures located in deeper domains keeps increasing as the targets get more complex and 

unreachable, demanding high quality seismic and well-log data. 

Seismic data is frequently used as partial stacks as an input to the inversion algorithms. Before the 

application of those methodologies, it is good practice to condition the gathers in order to remove noise, 

multiples and flatten events. Since seismic data was already processed and the processing workflow 

itself is out of the scope of this thesis, the following paragraphs will briefly describe the steps applied to 

do the final data conditioning (post-migration). 

The first step was applying Radon Transform which is a process currently used to remove undesired 

linear, parabolic or multiple energy considering the moveout behaviour (Thorson & Claerbout 1985). In 

this thesis, the Radon Transform was used with a denoise purpose, removing not just linear but also 

coherent noise. A high-resolution Parabolic Radon Transform (Figure 11) was applied instead of a linear 

one mainly due to better events coverage. 
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Figure 11. Schematic representation of the Parabolic Radon Transform. 

 

Moveouts of 20, 70, 100 and 200 ms were tested to understand which correction could remove most of 

the noise in the data without compromising the primary reflections. Considering this, a 100 ms moveout 

range was applied keeping most of the signal (Figure A-3). 

The difference between the input and the corrected gathers is shown in Figure A-4 and allows to 

understand the spatial distribution of the data that is being corrected. 

In order to determine the best angle ranges to use when creating angle stacks, forward modelling of the 

wavelets with P and S-velocity and density logs was performed at the wells at different angles of 

incidence (0 to 50° with 5° intervals) to create a synthetic seismic trace for each angle (A-5). This step 

allows the generation of a synthetic gather that can be compared to the real angle gather allowing to 

determine the best angle ranges to create the angle stacks. Moreover, this process also allows to 

determine what AVA to expect at known reservoirs level. The match between real and synthetic gathers 

as well as the start of very steep dips (introduction of noisy information) were the criteria to choose 30° 

as the farthest angle to be considered to the creation of angle stacks (Figure A-5). Above 30°, angles 

should not be considered since they are unreliable. 

Four angle stacks with a 10° angle range each within 0° to 40° interval, with mean angles of 5° (near 

stack), 15° (mid stack), 25° (far stack) and 35° (ultra-far stack) were produced from conditioned gathers 

in order to simplify the gradient calculation across the angles. Stacking the data has an important effect 

of improving the signal to noise ratio and allows to evaluate how the transform range is being applied 

throughout the space. In TWT versus offset domain, the signal will be characterized by a coherent 

seismic event while noise will appear as scattered events, with different TWT in the same offset. 

At this stage, the frequency content of each angle stack will be different because higher frequencies are 

less well preserved in larger offsets. As a result, the near angle stacks will have higher amplitudes in 

the higher frequencies compared to the far angle stacks. Therefore, it is necessary to ensure that the 

amplitude changes are only caused by angle of incidence variations, rather than frequency content. 

Spectral balancing process was applied so all the stacks have roughly the same bandwidth (Figure A-
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6). This process also tries to better align events across the stacks allowing a more reliable calculation 

of gradient. Mid-stack was chosen as the reference for the corrections to ensure the loss of as less 

information as possible. 

After the amplitude correction, if events in the gathers were not flat before stacking, they may still display 

a shift up or down across the angle stacks. Misalignments can lead to incorrect calculations of the 

gradient during inversion. Applying a stack alignment process ensures that the events across the angle 

stacks are shifted up or down in TWT so that they better match the events in a reference volume. 

Remaining misalignments were corrected with residual moveout correction (RMO) (less than +/- 10 ms) 

and applied to the pseudo gathers created from the combination of angle stacks. 

During processing, conservative approaches should be adopted aiming to preserve as much primary 

information as possible since that information correspond to true reflections from the subsurface 

geology. Those reflections correspond to the seismic amplitudes and will be the basis to horizon 

interpretation, defining different relevant geological layers. This layering will be important since it will 

work as a windowing model, not only as the basis for low frequency model building but also to be the 

boundaries for a regular grid required for geostatistical inversion algorithm, as previously referred. 

Horizons play an important role in inversion algorithms also because they are a relevant piece of a priori 

geological information that it is added to the process. 

Only after correcting events’ alignment in each of the stack volumes, it is possible to extract a statistical 

wavelet that matches the bandwidth of the seismic in order to create the best well ties possible (Figure 

A-7). The quality of this wavelet is also important since it will be used for low-frequency model building, 

as well as input for the Bayesian wavelet extraction and consequently in the inversion algorithm. 

Frequently, it is necessary to match the well-logs to the seismic, adjusting the time/depth curve. To 

correctly position the well in TWT, synthetic seismic traces were created at each well, which were then 

matched to the events in the angle stacks (Figure A-8). Well-ties are an important step since this 

information will also be used in low-frequency model building process and consequently play an 

important role in the inversion results. 

At this stage, it is important to estimate as best as possible a representative wavelet per volume that 

approximates not only the amplitude content, but also any phase rotation that might be present in the 

seismic data. Bayesian wavelet extraction encompasses a convolution between the estimated wavelets, 

and the angle-dependent reflection coefficients computed from the well-logs will allow the creation of a 

new wavelet that will be compared with the real seismic, generating the “most likely” wavelet for 1 second 

extraction time window. This comparison allows to retrieve a wavelet that adjusts better to the data as 

it’s compared with seismic and not just a synthetic one. This process used a prior that gives information 

regarding amplitude and frequency content (e.g. statistical wavelet). 

For both deterministic and stochastic inversion, the same wavelets were used to allow a fair comparison 

between the obtained results (Figure A-9). 
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5.3. Well-log data and rock physics 

Well-log data is an important input of real measurements that will enrich the inversion results. Generally, 

deterministic algorithms make use of well-log data in low-frequency model estimation, through the 

interpolation of all relevant wells while stochastic methodologies, particularly geostatistical seismic 

inversion, highly depend on well-log data to condition the inversion results. 

When this type of data is acquired, raw information is obtained and most of the times it is necessary to 

apply some filtering to remove data that may influence negatively posterior interpretation work. 

Conditioning this type of data is another important step to achieve the best inversion results possible 

and that is one of the reasons why during its acquisition, some procedures must be adopted to avoid 

measurement errors. Sometimes, some of those are associated to poor calibrations, incorrect scales or 

poor borehole conditions which are problems that with technological development have been minimized 

(Boyer & Mari 1994). To ensure that the measured values are consistent, it is common to compare with 

reference values in known and predictable beds.  

Some other aspects as fluid invasion and changes in drilling mud type can produce responses in well-

logs that must not be considered as true measurements. Also, considering responses that do not 

correspond to reality can have a negative impact in rock physics trends, during well-log responses 

interpretation for end-member picking and also in lithology prediction results, since the interpretation 

might be biased. 

Well-log data is also important to build depth trends as they provide information about the different 

elastic responses of each lithology and are a source of geological knowledge, especially for the 

deterministic algorithm. The signatures can be very diverse, and it is common to have multiple trends 

within a certain area. Local geological trends have a strong influence in rock elastic properties and even 

within the same sedimentary basin, temperature and sedimentation rate have considerable changes 

depending on the in-depth section being studied. Also, depositional environment and burial history 

define different geological conditions and consequently, define the quality of a possible reservoir. 

Therefore, understanding the behaviour of each lithology in depth will allow to have more knowledge 

about the geology which will be helpful in hydrocarbon prediction, particularly in areas with poor or no 

well control. 

Besides the previously referred conditions, lithology, mineralogy, diagenesis and fluid properties are 

other factors that contribute to complicated rock physics trends in depth. In areas with relatively good 

well control, depth trends can be built for different lithologies through linear regressions directly from 

well-log data, constraining the expected range of rock properties and seismic responses.  

To perform this characterization, all the relevant well-logs are interpreted (i.e. gamma-ray, density, 

resistivity, water saturation, sonic and P-Impedance) to identify and pick end-members which can be 

defined as intervals that correspond to the cleanest examples of any lithology recorded in well-logs, 

characterized by a distinct elastic properties signature (Figure 13). After being picked on well-logs, end-

member intervals’ elastic properties are upscaled using Backus approximation to form single values and 

then cross-plotted into the crossplot space to form depth-dependent trends (Ronghe & Locke, 2018). 
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The combination of those intervals will allow the calculation of the elastic properties at various depths, 

pressures and temperatures and with different fluid scenarios (Dræge 2016) contributing to reduce the 

uncertainty in seismic reservoir prediction. 

Depth-dependent trends define the relationship between depth and Vp, Vp to Vs Vp to Rho and, for 

reservoir lithologies, Vp to porosity. The trend equation for Vp-Rho relationship in non-reservoir 

lithologies is defined by a power law (Equation 5) while for the other relationships, the equations are 

linear functions (Equation 6) (GeoSolutions, 2019). 

 

For non-reservoir lithologies, the power law trends are defined by Equation 5: 

𝒇(𝒙) = 𝑨 × 𝒙𝑩 (5) 

 

 

The linear trends are defined by Equation 6: 

𝒇(𝒙) = 𝑨 × 𝒙 + 𝑩 (6) 

 

where terms 𝐴 and 𝐵 are constant while 𝑥 has different values depending on the relationship that is 

being considered. For instance, in linear trends such as Vp as a function of Depth, the 𝑥 will be the True 

Vertical Depth Below The Mud Line (TVDBML) but if the relationship studied is between a property and 

Vp, 𝑥 will be the Vp value. This framework is applied to reservoir and non-reservoir lithologies, except 

for density, which will use Equation 5. 

The statistical rock physics model defines a multidimensional distribution that captures the inherent 

scatter in elastic properties (Vp, Vs and density) at any depth. To capture uncertainty, two standard 

deviations are added either side on the mean depth trend (Figure 12). 

 

 

Figure 12. Example of end-member trend capturing distribution around the mean (adapted from Lamont et al. 

(2008)). 
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Lithology prediction is highly dependent on reliable geological information which is also provided by the 

well-log whose location is frequently sparse. However, this continues to be an important source of 

subsurface elastic properties measurements with the end-member picking (Figure 13) being the basis 

of rock physics trends. This will then allow to do stochastic forward modelling - build PDF’s that will help 

predicting the existing lithologies. 

 

Figure 13. End-members are picked, upscaled and crossploted to build a trend to each lithology. 

In order to build rock physics trends, some picks were made in DUG Rock® software based on the 

interpretation of all relevant logs from “Z”, “U”, “V” and “T” wells. 

The lithologies present in the studied area are generally sandstones, claystones and evaporites. 

Different end-member trends were obtained for the same lithology due to the distinct depositional history 

and named accordingly (Figure B-1 and Figure B-2). Depth trends of P-impedance and Vp/Vs were 

obtained for reservoir (Figure B-1) and non-reservoir lithologies (Figure B-2). 

 

5.3.1. Stochastic Forward Modelling 

From the previously build depth-dependent rock physics trends, PDF’s were built and plotted in P-

Impedance versus Vp/Vs domain. DUG Distill® was the software used to perform Stochastic Forward 

Modelling (SFM), where a range of parameters and different fluid and lithologies combinations were 

tested. From these tests it is expected to obtain geological consistent information about the behaviour 

of the lithologies in rock property space, displayed as ellipses (Figure B-3). This resulted in the 

generation of PDF’s which include uncertainty. 

Under the scope of this thesis, PDF’s were built considering an in-depth division of the study area in 

sections, considering the petroleum system elements. This division will be shown in further sections. 
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From the defined trends and PDF’s, it is possible to distinguish facies according to the density, Vs, and 

porosity responses in depth. According to Avseth et al. (2010), a facies can be defined as a rock unit 

with distinctive lithological features, including composition, grain size, bedding characteristics and 

sedimentary structures. This concept reveals a major importance when the aim of the study is to 

correlate sedimentary processes and depositional environments to the different facies that can be found 

within a specific geological context. 

It is possible to characterize lithofacies directly from seismic or through a subsurface elastic model. For 

the first case, automatic seismic facies classification techniques have been frequently used in the 

industry interpretation workflows for the past few years. Those can be divided in supervised or 

unsupervised methods, depending on their exclusive dependence on the input data and unbiasedness 

by the expected output (Coléou et al. 2003). Research has been made in order to develop facies 

classification methodologies. Mukerji et al. (2001) propose a statistical rock physics approach to 

estimate reservoir rock properties from seismic data using a Bayesian classification; Rimstad & Omre 

(2010) use a hierarchical Bayesian methodology to fluid and lithology prediction and West et al. (2002) 

proposes an interactive classification using neural networks. 

Classifying facies from seismic data can be a hard task since the quality of the signal tends to decrease 

in depth. Besides this direct classification from seismic data, facies prediction can also be made through 

a different procedure, using a subsurface elastic model, as used under the scope of this thesis. 

 

5.4. Horizons and inversion grid 

To run the deterministic inversion, it was not necessary to define an inversion model but for the 

stochastic inversion methodology used, that is a requirement. The inversion grid geometry is 581 x 611 

x 325 in i, j and k directions, respectively. The cell size was defined to reproduce the original inline and 

crossline spacing (12,5 m) and the seismic sampling interval (4 ms). The vertical extents of the model 

were defined to encapsulate the reservoirs by using the most horizontal horizon available which was 

interpreted at the top of the seismic volume, the South Brown Marker (Figure B-4). In order to obtain a 

regular grid, the reference horizon was copied and shifted downwards in order to comprise all the area 

of interest. After the top and bottom boundaries of the area of interest were defined they were shifted 

upwards and downwards half a wavelet, respectively to ensure a good convolution within the target 

area.  

Well-logs were upscaled into the inversion grid following Backus approximation. The upscaled logs 

reproduce the main statistical parameters as computed from the high-resolution logs (Figure B-5). 
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5.5. Low-Frequency Model building 

Conventional seismic data is band-limited, lacking low- and high- frequency components. As a result, 

low-frequency models frequently act as information suppliers, providing elastic property information at 

frequencies below the resolution of seismic data, from zero to approximately 6 Hz typically. 

 

 

Figure 14. Seismic data and low-frequency model information shown in the frequency versus amplitude domain. 

The two types of data provide information to the inversion algorithm in different frequency domains (Lamont et al. 

2008). 

 

Low-frequency models are stable background models derived from horizon interpretation and logs. 

Between the wells, many different interpolation methods can be used being kriging (Deutsch & Journel, 

1998) one of those interpolation methods. This estimation is controlled by parametric functions with 

geological meaning including seismic horizons and velocity information. 

Using well-log data to low-frequency model estimation is an advantage since it often contains a full 

range of frequencies, from zero to values above the highest seismic frequencies and provides real 

measurements of P- and S-Velocity and density. 

Three different low-frequency models were built for P-Impedance (Figure B-6), S-impedance (Figure B-

7) and density (Figure B-8) using information from “Z”, “U” and “V” well-log data. To improve results and 

allow a better match in the wells, the velocity model with estimated velocities from pre-stack time 

migrated (PSTM) seismic data was used as a collocated volume with a user defined correlation of 0.5. 
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CHAPTER 6. REAL-CASE APPLICATION RESULTS 

This chapter is fully dedicated to the presentation of the results. Using post-migrated conditioned data, 

some understanding of the regional geology, and the estimated low-frequency model, it is now possible 

to apply deterministic and geostatistical seismic inversion algorithms. For the last algorithm, a study of 

the P-impedance behaviour in the acoustic and elastic domains were performed and then compared 

with the best-fit deterministic solution. Lithology prediction and total sands probability are also described 

within this chapter with a final comparison with the results retrieved from both inversion algorithms. 

The horizons used for inversion purposes were an initial version of the South Brown Marker, Top “Sea” 

and Top “Greece” which were then updated to a better limitation of each reservoir top. For interpretation 

purposes, a in depth division of the study area in three different regions was adopted using the repicked 

horizons, as shown in Figure C-1. 

 

6.1. Deterministic Inversion results 

Trace-by-trace deterministic inversion was used to predict P-impedance, density and Vp/Vs. Each 

inversion parameter was tested by calculating inversion results at the well for a range of parameter 

values. Then, a pilot area was used to perform an inversion in order to test the chosen parameterization. 

After visual quality control (QC) and parameters adjustment, an inversion for the full area can be run. 

A 3 seconds time gate was defined for the inversion and both seismic and the low-frequency model 

weight the same. The weight given to the stacks and the frequency information that will contribute to the 

inversion will be key elements to good inversion results. To run the inversion, the near, mid and far 

stacks contribute entirely to the process (100% weight), while the ultra-far stack only contributes with 

half of its weight (50%) for the final solution. The stacks weight is an important parameter to input in the 

inversion since it is where the algorithm will search for a considerable part of the information to retrieve 

the final solution. The frequency information from the stacks come from an interval within which the most 

part of the spectrum is encapsulated, ranging from 9 to 50 Hz with a 0.5 width for the upper and lower 

limit (Figure A-6). 

Besides the effect that the weights and frequency content from the stacks have on the inversion results, 

it was also necessary to insert some constraints on the physical properties by defining boundaries within 

which P Impedance and Vp/Vs are expected to vary, allowing to set hard constraints on the inverted 

volumes. Also, a velocity model was added as an input for the inversion as well as the extracted wavelets 

(Figure A-9). 

The rock physics trends previously built (Figure B-1 and Figure B-2) can also be included as an input to 

the deterministic inversion, adding the trend file and the best value for the Rock Physics AVO 

Covariance Constraint, amongst other parameters (water bottom horizon). The weighting of this 

parameter is not linear with reasonable values ranging from 100 to 100000. The behaviour of the 

background trends according to the attributed weight has a relation with its slope. Lower weights will 
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give to the background trend a too steep dip as a result of more noise from the larger range of gradient. 

On the other hand, giving higher weights to this constraint will allow the background trend to be 

consistent with rock physics expected responses and reduce the error added to it by the noise in the 

background trend. 

Figure C-2 and Figure C-3 show the inversion results and the lithology prediction at “Z” and “U” well 

locations. 

From Figure C-2, below Top “Sea” horizon, the general distribution of sands and shales is predicted in 

the inversion results but the thin intercalations of sands and shales present in the deeper sections of the 

well are harder to predict. The evaporites are predicted until the Top “Sea” horizon, as expected. 

From Figure C-3, the evaporites are a good match to the wells as well as the sands within this section. 

Below Top “Sea” horizon, the inversion results have a poorer match with the increasing depth. At deeper 

domains, sand prediction is harder since this area is characterized by thin intercalations of sands and 

shales, which is going to be reflected in the PDF’s at this depth. Generally, the inversion predicts the 

main distribution of sands and shales through the well. 

The best-fit P-Impedance volume, density and Vp/Vs models are shown in Figure C-4, Figure C-5 and 

Figure C-6, respectively along an arbitrary line through the wells. 

The P-Impedance result show a good match particularly in “U” and “T” wells through the evaporite 

section and “Sea” reservoir (Figure C-4). The match observed in “X” and “V” wells is still good but the 

values observed in the inverted model are a bit lower than the ones registered in the wells for “Sea” A 

sands. 

Going down into B and C “Sea” sands, the quantity of shales increases as the sand’s presence 

decrease. This can be observed in the high values of P-Impedances measured in “Z” which match with 

the inversion result. This change can also be observed through the bottom section of “V”. 

At “Greece” section, the match with the logs is good as a contrast in impedances is also registered at 

the base of “U” well, associated to the increase of the quantity of shale. 

The listric fault between the “Sea” reservoir base and Top “Greece” is defined as a sharp contrast in P-

Impedance signatures. Another well-defined contrast between lower and higher values is observed 

between the “Greece” section and the basement as the lithologies change from sedimentary to 

metamorphic (Karakitsios et al. 2017). 

Figure C-5 shows the density result retrieved from the deterministic inversion. This model is shown just 

as an example to be possible to observe the spatial distribution of this property as well as the range of 

predicted values since the direct detection of density is difficult for limited angles and typical seismic 

velocities. Using Fatti’s equation, it is possible to estimate changes in P-wave and S-wave impedance 

but the amplitude variation with offset effects are not sensitive to density changes in the most common 

seismic frameworks (Lines 1998).  
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The retrieved Vp/Vs deterministic solution (Figure C-6) is very consistent as a good match with the well-

logs is observed. Well “X” shows a poorer match with the inversion results in the initial section as it is 

improved closer to the bottom of the well. 

Through the evaporite section, all the wells show a good match with the inversion results and the same 

is observed for “Sea” reservoir. In A sands section, the retrieved inversion results match “Z” well-log and 

also “V” well. In B and C sands, the match is also good, particularly below C reservoir top marker. 

Through “Greece” section, a contrast in Vp/Vs values is observed in “U” well from the beginning of the 

section until the bottom of the well which is successfully matching the inversion results. “T” also registers 

the sharp contrast in Vp/Vs values also with a good match with retrieved result. 

6.1.1. Lithology Prediction 

Facies were predicted using the P-Impedance and Vp/Vs volumes retrieved from the deterministic 

inversion. Figure C-7 shows the result of the most likely lithology prediction throughout the area for “Sea” 

reservoir and “Greece” section. 

Lithology prediction at “Sea” show a good match with “Z”, “V” and “T” wells. The results predict a 

considerable presence of shale throughout the area, showing a good match with the well-logs. “Sea” 

sands show a good match with the Vsand logs, with the A sands being more present at the top of the 

reservoir. The shales have a good match at the bottom of “Z” well, still in “Sea” reservoir. 

Lithology prediction through “Greece” section shows a general good match in “U” and “V”. Sands are 

harder to predict within this section because data quality in deeper domains is poorer and the layers are 

thin intercalations of sand and shale. This makes the individualization of sands more challenging. In “V”, 

a progressive increase of shales is registered throughout the well, from top to bottom with matches the 

retrieved solution. 

Even though lithology prediction at the evaporite section lithology prediction is out of the scope of this 

work, it was still attempted and the match with the logs is good. Sands, clays and evaporites were 

predicted within this section but only sands and shales match will be evaluated. “U” and “T” wells show 

a good match with the inversion result while “Z” Vsand log shows a good match with the predicted sands. 

Figure C-8 shows the sand prediction result obtained from the inverted models.  

From Figure C-8 it is possible to observe that the sands are present throughout the entire area with a 

higher occurrence through “Sea” Reservoir and in deeper domains, at “Greece” section. 

High sand probabilities are found in “Sea” reservoir and match the well logs (“Z”, “T” and “V”). Through 

the “Greece” section there is lower sand probability which is associated to the difficulty in predicting thin 

layers of sands (below seismic resolution) at deeper domains. Another reason for the challenge to 

predict these sands is the complex depositional environment that is associated to “Greece” Sands – 

barrier island system (Tylor-Jones 2017). 
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Simple average total sand probability maps were built in order to understand the spacial distribution of 

the sands in “Sea” reservoir (Figure C-9) and “Greece” section (Figure C-10). Those maps were built 

using the obtained total sand probability volume retrieved from the classification of P-Impedance and 

Vp/Vs mean inverted models. The simple average was calculated considering the values within a 30 ms 

window, with Top “Sea” or Top “Greece” horizons as the upper boundary. 

From Figure C-9 it is possible to understand that the sands in the “Sea” section are predicted as a body 

with considerable spatial extent. This can be explained by the turbidite system that characterize this 

formation. Turbidites are deposited by turbiditic currents composed by mixed sands and mud flows 

which can spread throughout several meters.  

Regarding “Greece” Sands distribution (Figure C-10), it is possible to interpret that the sand bodies have 

a different behaviour from the “Sea” reservoir sands (as observed in the map from Figure C-9). The 

spatial distribution of “Greece” sands is smaller than the one predicted for the “Sea” Formation. Also, it 

shows a main NW-SE trend that might be explained by the island barrier depositional environment 

(Tylor-Jones 2017). 

 

6.2. Global Stochastic Inversion Results 

6.2.1. Acoustic domain 

Geostatistical seismic inversion (GSI) (Section 2.1.2) was ran to the acoustic domain in order to study 

the P-impedance spatial behaviour throughout the area, both vertically and horizontally. This analysis 

was performed following a simple workflow. First, vertical variograms with one, two and three structures 

were modelled with specific parameters where P-impedance spatial behaviour at very small- (nugget), 

medium- and large-scale was studied. The two other scenarios included the addition of a low-frequency 

model in the inversion and also the assumption of different regions, modelling a variogram per zone. 

Those scenarios applied to the different acoustic inversions with different a priori conditions can be 

summarized as the following: 

1. Three different vertical variogram models assuming stationarity of the property; 

2. Assume a regionalization model where different non-stationary variogram models are modelled 

for the different regions. 

a. Test inversion with different blind-wells using the previously modelled variograms; 

b. Include a low-frequency model weighting 25% and 75% in the inversion considering the 

regionalization model. 

The results for the previously described scenarios are presented in the following sections. 
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6.2.1.1. GSI with variograms with one, two and three structures 

Vertical variograms with one, two and three structures were modelled and applied in three different 

inversion runs with 6 iterations and 32 simulations each. To run this inversions, well “T” was used as 

blind well. The obtained mean P-impedance models that are shown in Figure D-1, Figure D-2 and Figure 

D-3. 

The following pictures show the vertical (Figure 15) and horizontal variograms (Figure 16) used to run 

the different acoustic inversions. The variogram parameters description can be found in Table F-1, in 

Annex F. 

Experimental vertical variograms were computed from P-Impedance upscaled log data as each 

variogram try to model different structures in order to represent the behaviour of this property at different 

scales (Figure 16). 

 

Figure 15. Vertical variograms modelled with one (a), two (b) and three structures (c). The dashed lines 

represent the structures range. Orange dashed lines represent the first structures and green dashed lines 

represent the second structure. In the third variogram, the third structure is represented by the nugget effect. 

 

The variogram model with one structure attempts to represent the medium scale variability. The 

adjustment was achieved by fitting the exponential variogram model to the initial points. The variogram 

modelled with two structures tries to represent two different spatial scales that are associated to a 

complex spatial behaviour observed in the well-logs: large packages of shale with sand intercalations. 

The first structure attempts to represent the small-scale variability (sands), while the second structure 

contributes with a bigger weight and range trying to represent the large-scale variability (shales). 

Finally, the third variogram scenario aims to model three different spatial scales (small, medium and 

large) represented by three different structures. In this case, the small-scale variability is represented 

by the nugget effect. Both variograms with two and three structures were fitted to the exponential 

theoretical variogram model. 
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Experimental horizontal variograms were computed from seismic amplitudes which are proxies for P-

Impedance. 

 

Figure 16. Horizontal variograms used to run the GSI. 

 

The previous obtained model is a good match with the wells used to constrain the inversion. In the 

evaporite section it is noticed an intercalation of higher and lower values of P-Impedance which matches 

the “Z”, “U” and “T” wells. 

Through “Sea” reservoir, a good match in “Z” and “X” is observed and a difference in P-impedance 

values is observed from A sands to B and C sands. Values around 9 600 𝑚 ∙ 𝑔/(𝑠 ∙ 𝑐𝑚3) are retrieved 

for the A sands. Moving deeper in the reservoir, higher values of P-Impedance are retrieved and range 

from 10 500 and 12 000 𝑚 ∙ 𝑔/(𝑠 ∙ 𝑐𝑚3). 

In “Greece” section, the inversion result is a good match with “U” and “T” wells. An intercalation between 

higher and lower values is retrieved in the model, matching the information in “U” well. In “T” well, lower 

P-impedance values match the values retrieved by the inversion results. 

From the inversion result with a two structures variogram, the observations are similar to the previous 

model. Generally, the model is a good match in all the wells.  

The variogram with two structures attempts to represent the small-scale variability which adds some 

differences to the final inverted P-Impedance model compared with the model from Figure D-1. This 

variability can be observed in the models through some variations in the spatial continuity pattern as 

observed closer to the deeper section of “U” well. 

Running the inversion with a three structures variogram retrieves similar P-impedance results as 

observed in the previous models. Generally, the inversion result is a good match in the wells but in this 

model even more variability is observed. This can be explained by the addition of the nugget effect that 

combined with the other two structures will attempt to model the small-scale variability. 

From the previous inversion results, it is possible to understand that the ranges used to model the 

variograms will influence the final P-Impedance models. Capturing the small-scale variability is not 

possible by modelling the variogram just with one structure (with high range) Figure 15a) while modelling 

a variogram with three structures, add considerable differences in the spatial continuity of the retrieved 

inverted models (very small scale variability modelled by the nugget effect) Figure 15c). 

To evaluate the quality of the results in the blind well, a plot of P-Impedance versus two-way travel time 

is presented in Figure D-4. 
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Generally, the inversions’ realizations (grey lines) using variograms modelled with one, two and three 

structures encapsulate the P-impedance logs and are globally located between P10 and P90 as well as 

the mean models (blue line) retrieved from the geostatistical inversion. The deterministic results for the 

three scenarios show an approximation to the mean values of P-Impedance in a smoother curve (pink 

line) while the geostatistical inversion tries to capture the extreme values shown by a spikier curve (blue 

line). In the left plot, the well-log is not very well constrained within the realizations because the 

variogram with one structure might not capture the behaviour at smaller and larger scales. This scenario 

shows the highest correlation coefficient (Figure F-5, in Annex F) but it does not ensure a match on the 

elastic properties because the solution is not unique. From the middle to right plots, the P-Impedance 

log is progressively more constrained within the realizations space because from left to right, more 

geological constraints were added, and different variability scales are modelled. 

 

6.2.1.2. GSI including a low-frequency model 

In this scenario, the inversion ran with 6 iterations and 32 simulations each, considering the previously 

modelled low-frequency model. 

This inversion result is a good match with the wells but considerable differences can be noticed from 

the previous three P-impedance models. In this case, less variability in the spacial continuity is observed 

and a more continuous layering seems to be observed. 

To evaluate the quality of the results, a blind well assessment for “T” well of P-impedance versus two-

way travel time is presented in Figure D-6. 

From Figure D-6, it is possible to draw some conclusions regarding the low-frequency model influence 

on the geostatistical inversion results. The deterministic and the mean geostatistical solution are now 

closer and the extreme values are less captured by the this algorithm because a low-frequency model 

is used to constrain the inversion results. However, the P-impedance real log values are encapsulated 

within the geostatistical realizations and those are constrained within P10 and P-90 interval. 

 

6.2.1.3. GSI with a regionalization model 

In this scenario, different variograms were adjusted to each of the zones of the model (Figure D-7). This 

division was made based on the reservoir and non-reservoir lithologies present in each of the regions. 

The inversion ran with 6 iterations and 32 simulations each. The variogram parameterization can be 

found in Table F-2, in Annex F. 

Modelling a variogram per zone retrieved a different inversion model, comparing with the results from 

Figure D-1, Figure D-2 and Figure D-3. This separate modelling allows to assign a spatial continuity 

pattern to each region, based on the assumption of non-stationarity of the property throughout the area 

which might help reproducing the subsurface geology more accurately. 
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Since the regionalization model retrieves more geologically consistent results, several tests with 

different blind wells (“Z”, “V” and “T”) were performed but just “Z” well result will be discussed since this 

well crosses the main reservoir and has a good vertical extent (Figure D-8). Results for “V” and “T” are 

similar to “Z” result and can be found in Figure F-3 and Figure F-4, both in Annex F as well as the global 

correlation coefficient evolution for the three inversion runs (Figure F-5). All the inversions ran with 6 

iterations and 32 simulations. 

The previous inverted model (Figure D-9) is generally a good match with the wells, particularly for “T”, 

“U” and “V”. At the blind well location (“Z”), the values retrieved by the model in the evaporite section 

are matching the well-log. In “Sea” reservoir, the values retrieved in the model are slightly lower than 

the real well-log values from “Z”, which might be explained by the fact that this well was not used to 

constrain the inversion, while in “X” the values retrieved are higher than the real well-log values. 

A plot of P-impedance versus two-way travel time was built to evaluate the quality of the results at “Z” 

blind well, as shown in Figure D-10. 

Generally, the P-Impedance well-log is encapsulated within the realizations from geostatistical acoustic 

inversion although that is not observed in some sections of the well.  

As “Z” is a long well and crosses the reservoir, it was chosen to be the blind well to run the acoustic 

inversion with different weights assigned to the low-frequency model as shown in Figure D-11 and Figure 

D-12. 

The P-Impedance model with a 25% weight is a good match with the wells and the results is similar to 

the previously discussed model with different blind wells, particularly with the result from Figure D-9. 

When the low-frequency model weight is increased, in this case to 75%, the retrieved model show 

considerable differences, throughout all the sections but has also a good match with the wells. This 

model shows less variability inside the layers as the geology seems to be described by larger packages. 

The spatial distribution of the P-Impedance values is similar to the observed in the low-frequency model. 

In this result, the match at the bottom of “U” and “X” top is better than the observed for the bottom of “T” 

even though t still captures the range of impedances registered at the well-logs. 

The evolution of the global correlation coefficient for these two scenarios can be found in Figure F-7, in 

Annex F. 

A similar blind well evaluation for “Z” was made for the two scenarios with different weights assigned to 

the low-frequency model as shown in Figure D-13. 

From Figure D-13 it is possible to observe that generally the realizations from both scenarios 

encapsulate the real P-impedance logs. The realizations are comprised within the P10 and P-90 interval 

as well as the mean geostatistical model retrieved from the inversion. Including the low-frequency model 

will drive the results depending on the weight that is assigned to it the inversion parameterization. As 

observed in Figure D-13, when a weight of 75% is assigned to the low-frequency model, the algorithm 

will have less space to predict the extreme values, constraining more the results to the low-frequency 
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model. If 25% is assigned to this model, the algorithm is still able to capture more the extreme values 

from the P-Impedance log response since the low-frequency model has a lower weight in the inversion 

process. This can be observed around 990 ms and 1090 ms were the realizations are able to predict 

the P-Impedance well-log extreme values. 

 

As previously referred, adopting a regionalization model has advantages because it allows assessing a 

spatial continuity pattern for each region individually, instead of assuming the same P-Impedance 

behaviour throughout the vertical extent of the area. Considering this, the deterministic P-Impedance 

result (Figure C-4) will be compared with the geostatistical P-Impedance model with the low-frequency 

model weighting 25% (Figure D-11) since this is the model that is a good match in the wells, retrieves a 

geological consistent solution (the main responses from different lithologies in each zone), is slightly 

constrained by the low-frequency model, allowing a fair comparison with the deterministic result and has 

the highest global correlation coefficient. 

From both figures, it is possible to observe a clear difference in the spatial continuity pattern. In the 

geostatistical acoustic result, the behaviour through the three different zones seems to have more 

variability inside the layers compared with the deterministic P-Impedance result. While this result 

retrieves more continuous P-impedance distribution through all the sections, geostatistical P-Impedance 

inverted model retrieves a different solution as P-Impedance seems to be distributed in thinner and more 

variable layers with considerable differences in P-Impedance values through the three different sections. 

Generally, both geostatistical and deterministic P-Impedance solutions are a good match in the wells. 

Geostatistical P-Impedance inverted model has a good match through the wells in the evaporite section 

(“Z”, “U” and “T”) while the deterministic P-Impedance solution is a good match in “Sea” reservoir (well 

“X”) and “Greece” section (well “U”). 

 

6.2.2. Elastic domain 

For this domain, the geostatistical AVA inversion (Section 2.1.3) was ran to study the predicted spatial 

behaviour of Vp, Vs and density. These properties were used for further lithology prediction through the 

area. Two different elastic inversions were run in order to access the influence of the low-frequency 

model in the stochastic inversion results. Therefore, two different scenarios were considered to perform 

this analysis: 

1. Inversion run without an explicit low-frequency model; 

2. Inversion run with and explicit low-frequency model weighting 30%. 

For all the runs, “Z” was used as blind well since it is a long well that crosses the reservoir. 

The inversion results for the previously described scenarios are presented in sections 6.2.2.1 and 

6.2.2.3 including the lithology prediction results for each scenario (Sections 6.2.2.2 and 6.2.2.4). 
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6.2.2.1. AVA inversion without low-frequency model 

In this scenario, the inversion ran with 6 iterations and 32 simulations each. Figure E-1 and Figure E-2 

show the inversion results and lithology prediction through “Z” and “U” wells, respectively. 

From Figure E-1, and regarding the properties at each well, geostatistical results predict lower P-

Impedance and density values below Top “Sea” horizon compared with deterministic inversion results. 

Regarding the lithology prediction at the well, a good match is observed between the predicted and the 

real petrophysical interpretation. Above Top “Sea” horizon, evaporites and sands are predicted 

accordingly to the real interpretation. 

Below Top “Sea” horizon, the result is a poorer match since more shales are predicted through the final 

section of the well. At deeper domains, sand prediction is harder since this area is characterized by thin 

intercalations of sands and shales, which is going to be reflected in the PDF’s at this depth. Generally, 

the inversion predicts the main distribution of sands and shales through the well. 

Throughout U well (Figure E-2), slight differences between geostatistical and deterministic inversion P-

Impedance results are observed in above and below Top “Sea” horizon, with geostatistical results 

retrieving lower P-Impedance values. Regarding density and Vp/Vs, some differences are observed 

through the well, particularly above Top “Sea”. 

Regarding the lithology prediction at this well, the result is a good match with the real petrophysical 

interpretation, with the main distribution of sand and shale being predicted. The evaporites are predicted 

in the correct places and as the shale proportion increases, the prediction of sands is harder. At deeper 

domains (“Greece” section), the thin intercalations of sand and shale are difficult to individualize which 

is reflected in the PDF’s at this depth. 

The best-fit P-Impedance, density and Vp/Vs models are shown in Figure E-3, Figure E-4 and Figure 

E-5, respectively along an arbitrary line through the wells. The volumes have been resampled to 1 ms 

and a structurally oriented filter was applied as a post inversion denoise process.  

The previous P-Impedance, density and Vp/Vs results are a good match with the wells. In deeper 

sections it is harder to predict the properties as “U” and “T” are the wells that show the best match. 

Through the blind well (“Z”), the match is good for the three properties with Vp/Vs model being the best 

match for this well. 

 

6.2.2.2. Lithology Prediction 

Facies were predicted using the P-Impedance and Vp/Vs volumes retrieved from the geostatistical AVA 

inversion. Figure E-6 shows the result of the most likely lithology prediction throughout the area for “Sea” 

reservoir and “Greece” section. 

 



37 
 

Most likely lithology prediction at “Sea” show a good match with all the wells, predicting a considerable 

presence of shale throughout the area. This model shows variability in the spatial continuity pattern 

since different scales are being modelled in the variogram. 

“Sea” sands show a good match with the Vsand logs, with the A sands having a higher prediction. The 

shales have a good match at the bottom of “Z” well still in “Sea” reservoir. 

Lithology prediction through “Greece” section shows a general good match in “U” and “V”. Sands are 

harder to predict within this section because data quality in deeper domains is poorer and the layers are 

thin intercalations of sand and shale, making the sands characterization more challenging. In “V”, a 

progressive increase of shales is registered throughout the well, from top to bottom which matches the 

retrieved solution. 

Even though lithology prediction in the evaporite section is out of the scope of this work, it was still 

attempted and the match with the logs is good. Sands, clays and evaporites were predicted within this 

section but only sands and shales match will be evaluated. “Z”, “U” and “T” Vsand logs have a good 

match with the inversion result for those lithologies. 

Figure E-7 shows the sand prediction result obtained from the inverted models.  

From Figure E-7 it is possible to interpret that the sands are present throughout the entire area with a 

higher occurrence through “Sea” Reservoir and in deeper domains, at “Greece” section. Sands within 

the evaporite section, even out of the scope of this thesis are worth to reference, as some sandy 

component is observed. 

High sand probabilities are found in “Sea” reservoir and match the well logs (“Z”, “T” and “V”), and a 

clear difference is noticed from the A sands to B and C sands, where the sands probability is lower 

possibly due to a thin layering and the difficulties associated to predictions at deeper domains.  

Through the “Greece” section there is lower sand probability which is associated to the difficulty in 

predicting thin layers of sands (below seismic resolution) at deeper domains. Another reason for the 

challenge to predict these sands is the complex depositional environment that is associated to “Greece” 

Sands – barrier island system (Tylor-Jones 2017). 

Simple average total sand probability maps were built in order to understand the spacial distribution of 

the sands in “Sea” reservoir (Figure E-8) and “Greece” section (Figure E-9). Those maps were built 

using the obtained total sand probability volume retrieved from the classification of P-Impedance and 

Vp/Vs mean inverted models. The simple average was calculated considering the values within a 30 ms 

window, with Top “Sea” or Top “Greece” horizons as the upper boundary. 

From Figure E-8 it is possible to understand that the sands in the “Sea” section are predicted as 

scattered body with a considerable spatial extent. This can be explained by the turbidite system that 

characterize this formation. Turbidites are deposited by turbiditic currents composed by mixed sands 

and mud flows which can spread throughout several meters which might explain this behaviour. It is 
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also important to mention that those sands follow a main NW-SE trend and are constrained within the 

main faults found in the area. 

Regarding “Greece” Sands distribution (Figure E-9), it is possible to interpret that the sand bodies have 

a different behaviour from the “Sea” reservoir sands (as observed in the map from Figure E-8). The 

spatial distribution of “Greece” sands is narrower and the amount of predicted sands is smaller than the 

predicted sands for the “Sea” Formation. Also, “Greece” sands show a main NW-SE depositional trend 

that might be associated to an barrier island system depositional environment (Tylor-Jones 2017). 

 

6.2.2.3. AVA inversion with low-frequency model weighting 30% 

In this scenario, the inversion ran with 6 iterations and 32 simulations each. Figure E-10 and Figure E-

11 show the inversion results and lithology prediction through “Z” and “U” wells, respectively.  

From Figure E-10, the geostatistical inversion retrieves results slightly different from the ones previously 

discussed as higher values of P-Impedance are retrieved through the evaporite section. Regarding 

density and Vp/Vs, a good approximation to the real well-log data is achieved by the geostatistical 

results. Some differences to deterministic results are noticed throughout the wells, but generally the 

main trend shown by the well-log values is reproduced in both inversion results. 

At this well, the lithology prediction is a good match between the predicted and the real petrophysical 

interpretation. Above Top “Sea” horizon, evaporites and sands are predicted accordingly to the real 

interpretation. 

Below Top “Sea” horizon, the result is a poorer match as more shales are predicted through the final 

section of the well than the observed in the petrophysical interpretation. At deeper domains, sand 

prediction is harder since this area is characterized by thin intercalations of sands and shales, which is 

going to be reflected in the PDF’s at this depth. Even though, the inversion result predicts the main 

distribution of sands and shales through the well. 

Throughout U well (Figure E-11), slight differences between geostatistical and deterministic inversion 

P-impedance results are observed in above and below Top “Sea” horizon, with geostatistical results 

retrieving lower P-impedance values. Regarding density and Vp/Vs, some differences are observed 

through the well, with Vp/Vs showing most significative differences. 

Regarding the lithology prediction at this well, the result is a good match with the real petrophysical 

interpretation, with the main distribution of sand and shale being predicted. The evaporites are predicted 

in the correct places and the prediction of sands throughout the well becomes harder in depth as the 

amount of shale increases. At deeper domains (“Greece” section), the thin intercalations of sand and 

shale are difficult to individualize which is reflected in the PDF’s at this depth. 
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The best-fit P-Impedance, density and Vp/Vs models are shown in Figure E-12, Figure E-13 and Figure 

E-14 respectively, along an arbitrary line through the wells. The volumes have been resampled to 1 ms 

and a structurally oriented filter was applied as a post inversion denoise process.  

The previous P-Impedance, density and Vp/Vs results are a good match with the wells with a clear 

difference in the properties observed for the three zones. In deeper sections it is harder to predict the 

properties as “U” and “T” are the wells that show the best match. Through the blind well (“Z”), the match 

is good for the three properties with Vp/Vs model showing the best match. 

An interesting comparison can be made between the P-Impedance obtained from the geostatistical AVA 

inversion and the same model retrieved from the deterministic inversion (Figure C-4). The model 

retrieved from the inversion with the low-frequency model weighting 30% was chosen to do this 

comparison since it is considered the best P-Impedance model retrieved from the geostatistical AVA 

inversion. The criteria to this selection is the use of the low-frequency model to constrain the inversion, 

allowing a fairer comparison with the model retrieved from the deterministic inversion. 

One of the differences that is found between the two models is the difference in the variability within the 

layers. While geostatistical results retrieves thinner layers with a spatial continuity that represent 

different variability scales, the deterministic solution retrieves more homogeneous and larger layers 

were some variability is also predicted, but at a larger scale. 

The match in the wells for both solutions is good, with geostatistical AVA inversion P-Impedance model 

being a good match to the evaporite section and the deterministic inversion is a better match through 

deeper sections of the area. 

It is important to mention that running an acoustic inversion to obtain P-Impedance through the GSI 

methodology (Figure D-13) retrieves a different result from obtaining this property from the geostatistical 

AVA inversion methodology. In the GSI methodology, the P-Impedance is calculated using a full-stack 

and the well-log information from P-Impedance, considering normal incidence to the calculation of the 

reflection coefficients. In the geostatistical AVA seismic inversion, the calculation of P-Impedance 

(Figure E-3) considers the different partial stacks and information from the logs, not only from the P-

Impedance but also from density and velocities (P-velocity in particular). In this case, the amplitude 

variation with angle is being considered instead of the normal incidence, which contributes with more 

information to the calculation of the reflection coefficients, retrieving richer results as can be observed 

in Figure E-3. 
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6.2.2.4. Lithology Prediction 

Most likely lithology prediction at “Sea” (Figure E-6) show a good match with all the wells, predicting a 

considerable presence of shale throughout the area. This model shows variability in the spatial continuity 

pattern since different scales are being modelled in the variogram but the influence of the low-frequency 

model is observed in the results as the sands are retrieved as more homogeneous and continuous 

bodies. 

“Sea” sands show a good match with the Vsand logs, with the A sands having a higher prediction. The 

shales have a good match at the bottom of “Z” well still in “Sea” reservoir, with the A and B sands being 

harder to predict with the increasing depth. 

Lithology prediction through “Greece” section shows a general good match in “U” and “V” wells. Sands 

are harder to predict within this section because data quality in deeper domains is poorer and the 

geology is characterized by thin intercalations of sand and shale, making the sands characterization 

more challenging, particularly at the bottom section of “U” well. In well “V”, a progressive increase of 

shales is registered throughout the well, from top to bottom which matches the retrieved solution. 

Even though the lithology prediction in the evaporite section is out of the scope of this work, it was still 

attempted and the match with the logs is good. Sands, clays and evaporites were predicted within this 

section but only sands and shales match will be evaluated with “Z”, “U” and “T” Vsand logs having a 

good match with the inversion result for those lithologies. 

The most likely model previously obtained can be compared with the same model retrieved from 

deterministic solution (Figure C-7) since this is the solution that has a better match in the wells. 

Comparing the two models, it is observed that less evaporites are predicted through the evaporite 

sections in the deterministic solution compared with the geostatistical solution. On the other hand, 

through “Sea” reservoir, more A sands are predicted in the deterministic result while the geostatistical 

solution predicts some B and C sands at the bottom of “Sea” reservoir. 

Generally, both results are a good match in the wells but some considerations can be done regarding 

particular sections. Sands through well “T” are a better match in the well than the observed for the 

deterministic solution, while deterministic results shows a better match through the bottom section of 

well “U”. At deeper domains it is harder to predict the sands distribution due to some possible PDF’s 

overlap and also the decrease of the signal-to-noise ratio. 

Figure E-7 shows the sand prediction result obtained from the inverted models.  

From Figure E-7 it is possible to interpret that the sands are present throughout the entire area with a 

higher occurrence through “Sea” Reservoir and in deeper domains, at “Greece” section. Sands within 

the evaporite section, even out of the scope of this thesis are worth to reference, as some sandy 

component is observed. Through this model, the low-frequency model influence is noticed as the 

predicted sand bodies seem more continuous and homogeneous closer and away from well control. 
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High sand probabilities are found in “Sea” reservoir and match the well logs (“Z”, “T” and “V”), and a 

clear difference is noticed from the A sands to B and C sands, where the sands probability is lower 

possible due to a thin layering and the difficulties associated to predictions in deeper domains.  

Through the “Greece” section there is lower sand probability which is associated to the difficulty in 

predicting thin layers of sands (below seismic resolution) at deeper domains. Another reason for the 

challenge to predict these sands is the complex depositional environment that is associated to “Greece” 

Sands – barrier island system (Tylor-Jones 2017). Besides a high sand probability being predicted at 

the bottom of U, this might be an overprediction associated to a possible overlap in the PDF’s. 

This result can be compared with the obtained total sand probability through deterministic inversion 

(Figure C-8). From the comparison of both results, a considerable difference in the spatial distribution 

of sands through the three section can be observed. Both solutions predict sands inside the evaporite 

section but with different spatial distribution and variability and the same is observed for “Sea” reservoir. 

In this section, not only the spacial distribution is different, with the geostatistical inversion predicting a 

higher B and C sands probability contrasting with the higher A sand probability predicted from 

deterministic inversion. 

A difference in sand prediction close to “T” well is also observed, with geostatistical AVA solution being 

a better match with this well, predicting a higher sand probability in the mid-section of this well. 

In “Greece” section a considerable difference in the distribution of sands throughout the area is observed 

with deterministic solution being a good match in “V” and “U” wells. Some overprediction of sands that 

might be present in the geostatistical AVA solution could be associated to a possible PDF overlap. 

Simple average total sand probability maps were built in order to understand the spacial distribution of 

the sands in “Sea” reservoir (Figure E-8) and “Greece” section (Figure E-9). Those maps were built 

using the obtained total sand probability volume retrieved from the classification of P-Impedance and 

Vp/Vs mean inverted models. The simple average was calculated considering the values within a 30 ms 

window, with Top “Sea” or Top “Greece” horizons as the upper boundary. 

From Figure E-8 it is possible to understand that the sands in the “Sea” section are predicted as 

scattered body with a considerable spatial extent. This can be explained by the turbidite system that 

characterize this formation. Turbidites are deposited by turbiditic currents composed by mixed sands 

and mud flows which can spread throughout several meters which might explain this behaviour. It is 

also important to mention that those sands follow a main NW-SE trend which is coincident with the main 

faults found in the area. 

Comparing this map with the “Sea” simple average total sand probability map obtained from 

deterministic inversion (Figure C-9), it is possible to observe that a different spatial distribution of the 

sands is observed for both results. Generally, both results predict a sand distribution constrained within 

the fault system with a general depositional NW-SE trend but the map from geostatistical result show a 

more scattered sand body compared high the more homogeneous behaviour from sands predicted 

through deterministic inversion. 
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A lower sand probability is predicted by the deterministic results close to the boundaries of “Sea” field 

while the geostatistical AVA inversion might be overpredicting the sands located outside the boundaries 

of the field. 

Through “Z” well, both geostatistical and deterministic solutions predict a high sand probability which is 

correct since this is a location of a currently producing oil field. 

Regarding “Greece” Sands distribution (Figure E-9), it is possible to interpret that the sand bodies have 

a different behaviour from the “Sea” reservoir sands (as observed in the map from Figure E-8). The 

spatial distribution of “Greece” sands is narrower and the amount of predicted sands is smaller than the 

predicted sands for the “Sea” Formation. Also, “Greece” sands show a main NW-SE depositional trend 

that might be associated to an barrier island system depositional environment (Tylor-Jones 2017). 

Comparing this result with the simple average total sand probability map retrieved from deterministic 

inversion (Figure C-10), considerable differences are observed, particularly in the spatial sands 

distribution. The map obtained from deterministic solution predicts a higher sand probability close to well 

“V” while the map retrieved from geostatistical result predicts some sands away from the wells. 

Generally, both maps show that this formation has a main depositional NW-SE trend. 
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CHAPTER 7. FINAL REMARKS AND FUTURE WORK 

Deterministic and geostatistical seismic inversion methodologies were applied successfully to the 

dataset. Both methodologies retrieve different solutions for the elastic subsurface properties that are 

possible solutions for the subsurface properties (P-Impedance, Vp, Vs and density) and lithologies. 

In the geostatistical acoustic domain, the best P-Impedance prediction is obtained using a 

regionalization model were a variogram is modelled for each zone. This result show a good match with 

the wells and the model shows a clearly different P-Impedance response through the three zones which 

is consistent with the different lithologies found in each section. This model has some differences from 

the P-Impedance model retrieved from the deterministic inversion particularly in the values’ variability 

throughout the layers. 

Both deterministic and geostatistical acoustic inversion results show good matches with the wells (“Z” 

and U) as P-Impedance obtained from the different methodologies are close to the real well-log data. 

Predicting P-Impedance using only the property’s information in the acoustic domain is different from 

predicting it from the combined information of density and P-velocity. Calculating P-Impedance from 

these models with retrieve richer results because more information is being considered, particularly the 

amplitude variation with angle, as can be observed from P-Impedance model retrieved from 

geostatistical AVA inversion. Comparing this model with the deterministic P-Impedance result, some 

differences are observed, particularly in the variability inside the layers and spatial continuity pattern 

shown by this property. 

From the geostatistical AVA inversion scenarios, the low-frequency model weighting 30% was the 

chosen result to compare with the deterministic elastic solution since both have the incorporation of the 

low-frequency model and the match in the wells is good. Generally, deterministic and geostatistical 

seismic inversion predict sands within “Sea” reservoir, as a difference is observed between A, B and C 

sands prediction. While deterministic total sand probability predicts a higher probability of A sands, 

geostatistical result retrieves a higher sand probability of B and C sands. Similar differences can be 

observed throughout other sections, with some difficulties in sands prediction at deeper domains, due 

to decrease of signal-to-noise ratio and possible PDF overlap. 

Generally, both methodologies retrieve average maps that show a similar depositional NW-SE trend for 

“Sea” and “Greece” sands. “Sea” and “Greece” sands’ spatial continuity obtained through the two 

different methodologies is different which might be associated to the information used to constrain the 

inversion. However, the obtained simple average maps retrieve sands distribution that are according to 

the geological depositional environment of both formations. 

As future work, a review on the rock physics trends and detailed study on the PDF’s for both “Sea” and 

“Greece” sands should be performed in order to evaluate and possible reduce the overlap between the 

lithologies ellipses. Also, different proportions should be tested when applying the Bayesian 

classification to lithology prediction aiming for some improvements, particularly at deeper domains.  
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