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Abstract 

This thesis compares results obtained from deterministic and geostatistical seismic inversion 

methodologies when applied in challenging geological frameworks such as those associated with 

turbiditic sedimentary environments. Geostatistical seismic inversion methodologies are nowadays 

commonplace in both industry and academic, contrasting with deterministic seismic inversion 

methodologies which are becoming less used as part of the geo-modelling workflow. While the first set 

of techniques allows the simultaneous prediction of the best fit inverse model along with the spatial 

uncertainty of the subsurface elastic property, the second family of inverse methodology has proven 

results in predicting correctly the subsurface elastic properties of interest with comparatively less 

computational costs. This thesis summarizes the results of a benchmark study performed over a 

realistic three-dimensional synthetic dataset in order to assess the performance and convergence of 

different deterministic and geostatistical seismic inverse methodologies. It also compares and 

discusses the impact of the inversion parameterization over the exploration of the model parameter 

space. The results show that the chosen inverse methodology should always be dependent on the 

type and quantity of the available data, both seismic and well-log, and the complexity of the geological 

environment versus the assumptions behind each inversion technique. The assessment of the model 

parameter space shows that the initial guess of traditional deterministic seismic inversion 

methodologies is of high importance since it will determine the location of the best-fit inverse solution. 

 

Keywords: 

Seismic inversion, sparse spike, model-based, stochastic inversion, deterministic inversion, 

multidimensional scaling. 
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Resumo: 

Esta tese compara os resultados obtidos a partir de metodologias de inversão sísmica determinística 

e geoestatística, quando aplicadas em estruturas geológicas desafiantes, como as associadas a 

ambientes sedimentares turbidíticos. Actualmente, as metodologias de inversão sísmica 

geoestatística são comuns na indústria e no meio académico, em contraste às metodologias 

determinísticas de inversão sísmica que são cada vez menos usadas como parte do fluxo de trabalho 

de geo-modelação. O primeiro grupo de metodologias permite a previsão simultânea do modelo 

inverso mais ajustado juntamente com a incerteza espacial da propriedade elástica de referência; o 

segundo grupo de metodologias tem resultados comprovados em prever corretamente as 

propriedades elástica da superfície de interesse com custos computacionais bastante menores. 

Esta tese resume os resultados de um estudo de caso, aplicando as diferentes metodologias de 

inversão sísmica determinística e geoestatística a um reservatório sintético, tridimensional e realista, 

com o objectivo de avaliar o seu desempenho e a avaliar a sua convergência. Também compara e 

discute o impacto da parametrização da inversão sobre a exploração do espaço da incerteza do 

modelo inverso. Os resultados mostram que a metodologia de inversão sísmica escolhida deve ser 

dependente do tipo e quantidade de dados disponíveis (sísmica, dados de poços, etc.), da avaliação 

da complexidade do ambiente geológico e das suposições por trás de cada técnica de inversão 

sísmica. A avaliação do modelo inverso no espaço mostra que o palpite inicial das metodologias 

tradicionais de inversão sísmica determinística é de grande importância, pois determinará a 

localização do melhor modelo inverso. 

 

Palavras-chave: 

Inversão sísmica, sparse spike, model-based, inversão estocástica, inversão determinística, 

multidimensional scaling 
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Chapter 1. Introduction 

1.1 Motivation 

During my internship in the Petroleum Reservoir Modelling from CERENA, of Instituto Superior 

Técnico, I was asked to develop a synthetic reservoir model to mimic a set of amalgamated turbidite 

channels, segmented by faults and layered with different combinations of facies. From the synthetic 

reservoir, 14 wells were randomly sampled within the dataset.  

 

The main focus of this thesis is to recreate the dataset using the 14 wells and the true seismic 

reflection data by applying several seismic inversion methodologies and to benchmark the results 

provided by those methodologies. 

 

1.2 Structure of the thesis 

The thesis is divided into 6 chapters that will describe the methodologies and the case study 

developed to achieve the mentioned objectives. 

 

This chapter (Chapter 1) introduces the objectives of the thesis and its scope inside the seismic 

inversion problems. 

 

Chapter 2 introduces the theoretical basis of the selected deterministic and stochastic seismic 

inversion methods applied in the case study. Two different approaches are introduced: the 

deterministic and the Bayesian inference frameworks that can be stochastic or geostatistical. The 

deterministic methods to introduce are the Model-Based (Generalized Linear Inversion) (Cooke, et al., 

1983), and the Sparse Spike (Linear Programming) inversion (Oldenburg, et al., 1983). The stochastic 

methods are Global Stochastic Inversion (Soares, et al., 2007), Global Elastic Inversion (Nunes, et al., 

2012) and Geostatistical Seismic Amplitude Variation with Angle Inversion for Facies Estimation 

(Azevedo, et al., 2015). 

 

Chapter 3 introduces the synthetic dataset where the seismic inversion methodologies are applied and 

the parameterization of both deterministic and geostatistical seismic inversion techniques. 

 

Chapter 4 presents the results obtained by each methodology. 

 

Chapter 5 discusses the results from both deterministic and stochastic approaches and will introduce 

the Multidimensional Scaling technique as a way to visualize the uncertainty of the model space as a 

tool to assess the convergence of the applied inversion methods. 

 

Chapter 6 will be reserved for the final conclusions.  
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Finally, the work produced by this Master thesis project was the basis for a paper published in 

Geophysical Prospecting: Volume 65, Issue 5, pages 1333-1350, September 2017. 
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Chapter 2. Theoretical background 

2.1 Seismic inverse problem 

Seismic inversion tools have been developed over the last decades aiming to obtain the most 

accurate predictions of the Earth elastic and rock properties. 

 

During the last decades, the oil industry has seen a proliferation of new seismic inversion technologies 

due to the simultaneous improvement in the quality of the seismic reflection data and the increasing in 

computational power. Consequently, reservoir modelling and characterization are nowadays more and 

more based on subsurface petro-elastic models inferred from seismic inversion (Bosch, et al., 2010). 

Is it also a commonplace claiming that the most recent seismic inversion algorithms are able to 

retrieve more detailed and reliable subsurface elastic models allowing a better subsurface 

characterization. However, each seismic inversion procedure has different underlying assumptions 

when solving the seismic inverse problem solution.  

 

Seismic inversion problems may be mathematically expressed by equation (1): 

 𝐦 = 𝐅−1(𝐝𝒐𝒃𝒔) 
(1) 

 

where 𝐅−1 is not well defined and is often solved as an optimization problem, 𝐝𝑜𝑏𝑠  is the observed 

seismic reflection data and m are the n subsurface model parameters, 𝒎 ∈ 𝐑𝑛, that fit equally the 

observed data, 𝐝𝑜𝑏𝑠. Seismic inverse problems are ill-posed and with the non-unique solution due to 

bandwidth and resolution limitations of the recorded data, physical assumptions, and measurement 

errors. Independently of the technique used to solve the seismic inverse problem, the retrieved 

subsurface inverse models should reproduce the complexities and heterogeneities of the subsurface 

geology and able to take into account the intrinsic uncertainty of the seismic inversion problem 

(Tarantola, 2005). This uncertainty should be taken into account when integrating these models within 

the geo-modelling workflow in order to increase its reliability and usability within the decision-making 

process (Bosch, et al., 2010). Moreover, any inversion methodology should be able to integrate all the 

available information (e.g. well-log, seismic reflection data, prior geological knowledge) within the 

same framework. The integration of the available data within the geo-modelling workflow should be 

done in such a way that the differences in the scale support and the uncertainty related to each kind of 

data are not neglected, but on the other hand, integrated within the solution. 

 

Seismic inverse methodologies are classically formulated into two distinct frameworks depending on 

the a priori assumptions one wishes to make about the parameterization of the seismic inverse 

problem. Deterministic approaches are based on optimization algorithms, which aim for a single best-

fit solution, lacking a reliable assessment of the uncertainty associated with the intrinsic nature of the 
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seismic inversion problem and the available data. The only uncertainty that may be assessed over 

deterministic solutions is always a linearization around the best-fit inverse solution, which is normally 

retrieved by least squares, and in this sense, the uncertainty is strictly represented by a local 

multivariate Gaussian (Tarantola, 2005). 

 

Probabilistic approaches are frequently distinguished between Bayesian linearized and stochastic 

(Bosch, et al., 2010). An inverse solution retrieved from a Bayesian inference framework allows the 

assessment of the uncertainty, represented by the full posterior distribution of the model parameters, 

assuming a Gaussian or multi-Gaussian prior probability distribution and given a set of observed data. 

Linearized Bayesian solutions of seismic inverse problems (e.g. Buland, et al., 2003; Tarantola, 2005; 

Grana, et al., 2010) are mathematically tractable but lack the real exploration of the uncertainty space 

in lieu of exact prior information. On the other hand, stochastic methodologies, such as simulated 

annealing, genetic algorithms, and neighborhood algorithm (e.g Sen, et al., 1991; Sambridge, 1999; 

Soares, et al., 2007; Nunes, et al., 2012; Azevedo, et al., 2015) because do not assume any 

parametric a priori distribution function, search the uncertainty space considerably more but are 

computational expensive and not mathematical trackable. 

 

In this work, I introduced a highly non-stationarity and realistic three-dimensional synthetic dataset 

(CERENA-IV) built exclusively to assess the performance of different seismic inversion methodologies 

both deterministic and stochastic procedures in the reproducing the true elastic models. This work also 

comprises the assessment of how the model parameter space is explored by each inversion technique 

individually and how different initial guesses for deterministic inversion solutions impact these results 

following the methodology proposed by (Azevedo, et al., 2014). 

 

2.2 Model-Based inversion method 

The Model-Based inversion algorithm applied in this study was presented by Cooke & Schneider 

(1983) and it is commonly designated by Generalized Linear Inversion (GLI). It is a fairly simple 

inversion procedure and it is nowadays a standard in the industry being available in most of the 

traditional seismic reservoir characterization software packages:  

 𝑹𝑪𝒏 =
[(𝝆𝑽)𝒏+𝟏 − (𝝆𝑽)𝒏]

[(𝝆𝑽)𝒏+𝟏 + (𝝆𝑽)𝒏]
, 

(2) 

where 𝑹𝑪𝒏 is the normal incidence reflection coefficient of the interface between two adjacent layers, 

𝒏 + 𝟏 , and 𝒏  and (𝝆𝑽)𝒏  is the product of the layer’s density and velocity of the 𝒏 th layer, also 

designated as acoustic impedance (AI). Looking at a seismic trace as a reflectivity coefficient series, 

by knowing (𝝆𝑽)𝟎 one can know all impedances by applying equation (2).  
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The noise-free Forward Model can be written as: 

 𝒔(𝒕) = 𝒘(𝒕) ∗ 𝑹(𝒕), 
(3) 

where 𝒔(𝒕) is the synthetic trace, 𝒘(𝒕)  is the source wavelet, and 𝑹(𝒕)  is the reflectivity function. 

𝑹(𝒕) is generated by a recursive application in the Z-domain of the equation: 

 𝑹𝒋(𝒁) =
𝑪𝒋 + 𝑹𝒋+𝟏𝒁

𝟏 + 𝑪𝒋𝑹𝒋+𝟏𝒁
, 𝒋 = 𝒏 − 𝟏, 𝒏 − 𝟐, … , 𝟐, 𝟏, 𝟎. (4) 

 

For an earth model of 𝑛 + 2 layers, 0 is the index of the top layer and 𝑪𝒋 is the reflection coefficient of 

the 𝑗𝑡ℎ interface as given by equation (2). The recursive application of equation (4) starts one layer 

above the lowest layer in the model (Cooke, et al., 1983). 

 

The Earth’s impedance profile is a continuous function of time or depth hence it needs to be 

parameterized. Commonly, a discrete approximation is made to the continuous profile by sampling the 

impedance at certain intervals. The most common discrete sampling intervals are 1, 2 and 4ms. The 

advantage of discrete sampling is to describe the earth profile with fewer parameters (Figure 1). By 

using discrete sampling, the sensitive matrix will be smaller and that will increase the inversion 

stability. This method of parameterization will also constrain the intra-boundary random noise and 

make the knowledge of the source wavelet used in the forward model less critical (Cooke, et al., 

1983). 

 

 

Figure 1 – Earth profile parameterizat ion: continuous versus discrete interval parameterization 
(adapted from Cooke, et al. 1983). 

 

In real seismic data, there is no exact knowledge of the shape of the source wavelet. This way the 

wavelet must be treated as an unknown and must be solved the same way as the impedances. It is 

approached in the frequency domain and described by 4 frequencies that constitute a band-pass filter 
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and by a linear phase shift. This will give a good approximation to properly whitened and zero-phase 

wavelets. 

 

The scale factors of the seismic data must be solved too. The first scale factor is related to seismic 

attenuation. For this phenomenon, it is assumed that the energy loss was corrected during the 

processing of the seismic data. The second scale factor is related to the error associated with the 

seismic data recording and processing. This scale factor can be guessed and solved like the 

impedances. 

 

As a result of the previously described, to initiate GLI there’s a necessity for an Initial Guess model of 

the desired result. This guess is constrained by the chosen discrete interval parameterization. It is 

required that the impedance guess must have boundaries, and these boundaries must lie within a 

certain distance to the inverse solution. This distance is defined as one-half of the central lobe width of 

the source wavelet. The polarity at each impedance contrast should have the same polarity as the 

corresponding reflection on the seismic trace to be inverted. The constraints presented above form a 

region of convergence where the initial guess should lie to reach an acceptable solution. Under some 

initial assumptions, the GLI offers a unique solution: the best-fit inverse solution. 

 

In GLI the quality of a solution is assessed by comparing the observed seismic trace with the synthetic 

trace generated from the solution. Even if both are equal it doesn’t mean that the solution in the elastic 

domain is converged towards the real solution. 

 

2.3 Sparse Spike inversion method 

Sparse spike inversion was originally developed by Oldenburg, et al. (1983) introduces a recursive, 

single trace inversion. The developed algorithm uses a linear programming method is based on the 

L1-norm minimization (a mathematical optimization technique). The objective of the Sparse Spike 

inversion is to obtain a high-resolution impedance profile from the low resolution or band-limited 

seismic data. 

 

To reduce the non-uniqueness of the inversion solutions, Oldenburg, et al. (1983) proposed using a 

layered geological model as a way to provide more information to the inverse problem. The layered 

model reflectivity, 𝒓(𝒕), can be written as: 

 𝒓(𝒕) = ∑ 𝒓𝒋𝜹(𝒕 − 𝝉𝒋), 𝑤ℎ𝑒𝑟𝑒 {
𝛿 = 0 𝑖𝑓 𝑡 ≠ 𝜏𝑗

𝛿 = 1 𝑖𝑓 𝑡 = 𝜏𝑗

𝑵𝑳

𝒋=𝟏

 
(5) 

where 𝑵𝑳 is the total number of layers in the model, and, 𝒓𝒋 is the corresponding reflection coefficient 

for each layer. 𝑵𝑳 is much smaller than the 𝑵 (the number of samples in recorded seismic), and this 

http://en.wikipedia.org/wiki/Mathematics
http://en.wikipedia.org/wiki/Optimization_(mathematics)
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reduces the degree of freedom, constraining the inverse solution better. 𝜹(𝒕 − 𝝉𝒋) defines that the 

reflection coefficient will be zero everywhere except at times where 𝝉𝒋 corresponds to the two-way 

travel time (TWT) to the 𝒋th layer. 

From all possible earth models that honor the observed seismic data, the chosen models are those 

that: 

• Honor the well-log data for the low frequencies – this is the requirement of low-frequency 

constraint;  

• Honor the assumed layered geology for the high frequencies – this is the requirement of 

sparse reflectivity, which assumes that the earth model consists of homogenous layers; the 

one with fewer layers will be chosen (Li, 2002). 

 

2.4 Global Stochastic Inversion 

Soares, et al., 2006 proposed a stochastic inversion algorithm based on sequential simulation 

(Soares, 2001). It’s an iterative process that can be resumed in 5 steps (Figure 2): 

 

1) Based on the initial well-log data, the algorithm would generate a set of acoustic impedance (AI) 

models using direct sequential simulation (DSS); 

2) Convolution of the reflectivity coefficients with the known wavelet to generate the synthetic seismic 

models; 

3) Correlate the synthetic seismic models with the real models, by computing and storing local 

correlation coefficient as auxiliary data; 

4) Select the best parts from the best models and compose an auxiliary AI model to be used on the 

next iteration; 

5) Using direct sequential co-simulation conditioned to the auxiliary models created before and to the 

well-log data, a new set of models is created, and the process returns to step 2. 

The iterative process will terminate when the global correlation coefficient between synthetic and real 

seismic models is above the defined threshold. 

As an iterative method based on global simulations and co-simulations, each model generated 

reproduces the well-log data, the statistical properties of the log data and the spatial continuity pattern 

as revealed by a three-dimensional variogram model. 
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Figure 2 – General outline for iterative Global Stochastic Inversion (adapted from Soares, et al., 
2007). 

 

2.5 Global Elastic Inversion 

The general framework of this methodology is very well described by Nunes, et al., 2012 (Figure 3): 

 

1) Simulation of a set of AI models with DSS conditioned to well-log AI data, for each AI model a 

Shear Impedance (SI) model is generated with co-DSS with joint-probability distributions (Horta, et al., 

2010) conditioned to available well-log SI data and using the previously simulated AI model; 

2) Convolution between RC models with the angle-dependent wavelets: synthetic seismic is then 

compared to real seismic; 

3) At each location, the pair of AI and SI that generated the best correlation coefficient is retained and 

stored as auxiliary data, along with the coefficient correlation cubes; 

4) The next iteration uses the above auxiliary data and the correlation cubes as secondary information 

for the co-simulation of the next AI and SI pairs: AI models are co-simulated with the previous (point 4) 
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AI model as secondary information, then the SI models are generated with co-DSS with joint 

probability distributions conditioned to the previous iteration simulated AI model. 

 

 

Figure 3 – Schematic representation of Global Elastic Inversion (adapted from Nunes, et al., 2012). 

 

As an iterative methodology, the obtained AI and SI models, as the correlation cubes, that meet the 

joint distribution and the variograms, are stored. These sored models will be used on the next iteration 

assuring the convergence in the direction of the best solution. 

 

2.6 Geostatistical Seismic AVA Inversion directly to facies models 

This approach includes, besides the best-fit elastic models, a petrophysical model (e.g. facies model) 

as part of the inverse solution. Azevedo, et al., 2015 summarizes it as: 

 

1) Identify the facies of interest from available well-log data in the elastic domain (using for example 

density versus Vp/Vs ratio as the intermediate property); 

2) Stochastic simulation of a set of density models with DSS conditioned to well-log data; 

3) Stochastic co-simulation of the intermediate property with co-DSS (with joint distributions), 

conditioned to well-log data and the previous simulated set of density models; 

4) Probabilistic facies classification of each pair of models (density and intermediate property), 

creating a set of facies models; 
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5) Stochastic simulation of a set of P-wave velocity models with a modified DSS algorithm using the 

set of facies models as an auxiliary; 

6) Stochastic co-simulation with co-DSS (with joint distributions) of S-wave velocity models using the 

previously P-wave models as an auxiliary; 

7) Compute the pre-stack synthetic seismic models (using the previous triplets of density, Vp, and Vs) 

and comparison with real pre-stack seismic data; 

8) Trace-by-trace comparison of each synthetic angle gather with the real gather; 

9) Compute local correlation gathers for each location inside the seismic grid; 

10) By using a genetic algorithm, the areas of higher correlation values between the synthetic and the 

real seismic are used to build the best density, P-wave and S-wave models. These models are then 

used as secondary variables for the co-simulation of the elastic models for the next iteration (step 2); 

 

This method allows us to retrieve elastic models and also a facies model of the subsurface (Figure 4). 

 

 

Figure 4 – Schematic representation of Geostatistical Seismic AVA Inversion directly to facies 
models methodology (adapted from Azevedo, et al., 2015). 
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Chapter 3. Methodology 

The CERENA-IV synthetic dataset mimics a real turbiditic reservoir dataset and comprises the true 

elastic and rock properties, pre- and partially stacked seismic data, a group of angle-dependent 

wavelets, and a set of wells distributed along the study area. The true seismic reflection data used as 

input for the several inversion examples were computed following the convolution model without 

adding noise. This dataset was then used to benchmark the following inverse methodologies: model-

based generalized linear inversion (GLI; Cooke, et al., 1983); sparse-spike inversion (SS; Oldenburg, 

et al., 1983); global stochastic inversion (GSI; Soares et al. 2007); Global Elastic Inversion (GEI; 

Nunes et al. 2012); and Geostatistical Seismic AVA Inversion directly to facies models (GAVAFAC; 

Azevedo et al. 2015).  

 

Due to the very different nature of these inversion methodologies (deterministic versus stochastic) 

each of these inverse methodologies ran with the closest parameterization as possible in terms of type 

and number of constraining data and spatial distribution pattern imposed for the elastic property of 

interest as revealed by a variogram model. Then, the resulting inverted elastic models (acoustic and 

shear impedances) are compared and the corresponding synthetic seismic data against the reference 

seismic and true elastic models. The comparison was performed in terms of the spatial distribution of 

the inverted properties and the reproduction of the main statistics as inferred from the available 

experimental data.  

 

Finally, it is assessed how well the impedance models generated by these inversion techniques 

explore the model parameter space after converging each inversion procedure towards the reference 

seismic reflection data. The retrieved elastic models along with the true elastic model were plotted into 

a multidimensional space (MDS; Azevedo, et al., 2014). In this step, and since deterministic 

approaches result in a single best-fit inverse model, the parameterization of the initial low-frequency 

model (initial guess model) was changed in order to access the impact of this model in the exploration 

of the model parameter space. 

 

3.1 The CERENA-IV dataset 

The CERENA-IV is a highly non-stationarity synthetic dataset built exclusively for this benchmark 

study. The entire reservoir grid is composed of 121x200x250 cells in the i, j, k directions, respectively. 

It mimics a real compartmentalized turbiditic reservoir with three normal faults and three different 

vertical zones with thicknesses of 75m, 100m, and 75m, respectively from top to bottom. Each vertical 

zone intends to represent a different sedimentary depositional environment (Table 1). 
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The different depositional environments were modelled by generating different facies (coarse sand, 

fine sand, levees, and shales) per zone, generated by object modelling. 

 

The reservoir is oriented North-South with dimensions of 5000m north-south, 3025m east-west, and 

250m thick (depth). It has 3 different vertical zones with thicknesses, from base to top, of 75m, 100m, 

and 75m, respectively. The reservoir is compartmented by three faults with the following orientations 

and dips (Figure 5): 

• F1: E-W; 45ºN – displacement of 50m; 

• F2: E-W; 45ºN – displacement of 50m; 

• F3: N75ºE; 45ºS – displacement of 100m; 

 

 

Figure 5 – Structure of the reservoir: 3 layers and 4 segments.  

 

In terms of the sedimentary environment, the reservoir has three distinct zones with different 

configurations on the shape and types of channels (Table 1 and Figure 6). 

 

It has 4 different facies groups distributed along with the reservoir space accordingly to Table 2. 

Their simplified lithological composition is: 

• Facies 1: is mainly composed of conglomerates and coarse grain sandstones; 

• Facies 2: represents fine to coarse grain sandstones with stratification; 

• Facies 3: has fine grain sandstones alternated with siltstones and represent the composition 

of the channel levees; 

• Facies 4: shales group that involves the other facies groups as the background sedimentation. 

 

  

F1 
F2 

F3 

Layer 1 

Layer 2 

Layer 3 
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Facies 1, 2 and 3 are considered having reservoir characteristics (high porosities); and Facies 4 is 

considered non-reservoir (low porosities). 

 

Table 1 – Channels' main sedimentary characteristics. 

Layer Layer 1 Layer 2 Layer 3 

Main direction (azimuth) 34⁰ 18⁰ 16⁰ 

Quantity of channels 21% layer’s volume 46 18 

Average thickness 14m 22m 32m 

Average width 260m 386m 675m 

Levees average thickness 0.5 x channel thickness 0.5-0.8 x channel 

thickness 

N/A 

Levees average width 0.5 x channel width 0.5 x channel width N/A 

Background Facies Facies 4: Shales Facies 4: Shales Facies 4: Shales 

 

Table 2 – Facies proportions within each layer for the entire reservoir model. 

Facies proportion per 

Layer (%) 

Layer 1 Layer 2 Layer 3 Whole Model 

Facies 1: Sands1 0.00 25.08 37.53 21.29 

Facies 2: Sands2 16.97 5.93 0.00 7.46 

Facies 3: Levees 4.55 9.92 0.00 5.33 

Facies 4: Shales 78.48 59.07 62.47 65.91 

 

 

 

Figure 6 – Reservoir’s facies model: Sands1 in yellow, Sands2 in orange, levees in pink and shales 
in gray (a); base layer (b); middle layer (c); top layer (d).  
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The reservoir was conceived to have 2 different fluids (oil and brine) in Facies 1, 2 and 3. The Facies 

4 was fully saturated with brine. The OWC was set to coordinate k=210 (210m deep) (Figure 7).  

 

 

Figure 7 - Facies model with different fluid saturations. 

 

Finally, the P-wave and S-wave velocities were modelled for the entire reservoir. The elastic 

properties of the reservoir are displayed in Figure 8.  

 

 

Figure 8 – Resulting elastic models after the petrophysical modelling for (a) density; (b) P-wave 
velocity; (c) S-wave velocity. (d) Joint distributions between the true models of density versus Vp and 
(e) joint distribution between the true models of Vp versus Vs.  
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In order to add some realism to the reservoir model, random white noise was added accordingly to 

Table 3. This noise generates seismic models with some noise as will be seen in the following 

sections. 

 

Table 3 – Random noise added to density, P-wave and S-wave velocities to each facies before the 
assembling of the final model. 

Property Facies 1 
(sands 1) 

Facies 2 
(sands 2) 

Facies 3 
(levees) 

Facies 4 
(shales) 

Density +/- 0.5% +/- 0.5% +/- 0.5% +/- 0.5% 

Vp +/- 1.0% +/- 1.0% +/- 1.0% +/- 3.5% 

Vs +/- 0.5% +/- 0.5% +/- 0.5% +/- 2.5% 

 

The angle-dependent reflection coefficients were obtained by using the Aki & Richards’ approximation 

of the Zoeppritz equations. The resulting reflection coefficients were convolved with an angle-

dependent wavelet (Figure 9) for the 25 reflection angles equally spaced from 0⁰ to 40⁰. 

 

 

Figure 9 – Angle-dependent wavelet variation used to compute the synthetic seismic data. 

 

The resulting pre-stack seismic data, with a fold of 25, was stacked in partial angle stacks resulting in 

four seismic cubes (Figure 10): full-stack (sum of all offsets); the near-stack (stack of offsets with 

angles 0⁰ to 20⁰); mid-stack (stack of offsets with angles 10⁰ to 30⁰); and the far-stack (stack of offsets 

with angles 20⁰  to 40⁰). 
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Figure 10 - Seismic cubes: a) full-stack; b) near-stack; c) mid-stack; d) far-stack. 

 

To run the inversion methodologies benchmarked under the scope of this thesis a constraining dataset 

of 14 randomly distributed wells along the reservoir grid was considered. The original properties of the 

model were used to create a set of elastic well-log data (Figure 11): 

• Density; 

• P-wave velocity; 

• S-wave velocity; 

• Acoustic Impedance; 

• Shear Impedance; 

• P/S waves ratio; 

• Facies. 

 

The logs retrieved from those properties were upscaled into the Reservoir grid using the simple 

average method of all samples within a reservoir cell. The upscaling method reproduces the original 

statistics from the original well logs to the scaled-up logs. As expected, the distribution for the 

properties of interest as inferred from the well-log data (Figure 12) does not reproduce exactly the 

distribution of the true three-dimensional models. This bias tries to reproduce the uncertainty 

associated with the distribution of the subsurface properties of interest as exist in real case studies. 

Often the elastic properties of interest are biased towards the sand-prone facies due to the location of 

real wells. 
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Figure 11 – Spatial location of the wells and one graphical example from the logs retrieved. 

 

  

  

Figure 12 – Comparison of the distributions of the real models and the hard data samples retrieved 
from the well-logs: a) density; b) P-wave velocity; c) S-wave velocity. 

 

3.2 Parameterization of deterministic seismic inversions methodologies 

Deterministic seismic inversion methodologies, such as model-based and sparse-spike, need the 

definition of an a priori low-frequency model in order to fill in the low-frequency band missing from the 

observed seismic reflection data (frequently between 0 and 10 Hz for conventional seismic reflection 

data). This initial guess is a very smooth representation of the subsurface properties of interest and is 

normally built by interpolating (e.g. with kriging) the available well-log data of the subsurface elastic 

property of interest or derived from a velocity cube generated during the seismic processing. In this 

benchmark study, I assessed the impact of five different initial models (Figure 13). 
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Figure 13 – Low-frequency initial P-Impedance models. From left to right: Model 01, Model 02, Model 
03, Model 04 and Model 05. 

 

The different low-frequency models were built by interpolating well-log data with different techniques 

(Table 4) and after being filtered within a range of frequencies between 5 and 12 Hz. This range of 

frequencies was selected by computing the frequency spectrum of the wavelet used to generate the 

true full-stack seismic volume. The same wavelet was also used for all the seismic inversion 

procedures of full-stack inversion considered in this study (Figure 14).  

 

 

Figure 14 – Amplitude spectrum of the mean wavelet used to estimate the low pass filter that will be 
used in the Model-Based and Sparse-Spike inversion methods. 

 

The five different initial models vary the interpolation technique between wells and the layering 

definition of the inversion grid based on different horizon interpretations (Table 4). Three different 

seismic interpretations were considered: interpretation 1) consisting in picking of the main seismic 

events (Models 01, 03, 04); interpretation 2) forcing horizon layering (model 02); interpretation 3) a 

simple definition of two horizontal and parallel horizons to define the model’s top and base surfaces 

(Model 05). All five low-frequency models were used as prior information for both the SS and the MB 

inversions in order to assess how deterministic inversion techniques are sensitive to this initial guess. 

The interpolation of acoustic and shear impedances between wells was performed with quadratic 

inverse interpolation (Model 01) and kriging and co-kriging with the same variogram model, as inferred 
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from the set of initial wells (Models 02 to 05). To generate the different initial models, I used the set of 

fourteen wells mentioned in the dataset description. The exact same set of wells was used as 

conditioning data for the geostatistical seismic inversions.  

 

In terms of Horizon Interpolation, in Model 01 and 02, the layering was set to be conformable (i.e., no 

erosion is considered and layers are continuous throughout the entire model); for Models 03, 04 and 

05 the layering was set to be base lapping the bottom surface. These scenarios try to mimic the 

uncertainty related to the seismic interpretation and with the geological knowledge of the study area in 

real case studies. 

 

The maximum allowed impedance change (up and down in percentage) for the model-based inversion 

was set to twenty-five percent (25%) from the initial guesses considered for each scenario in Table 4. 

 

Table 4 – Low-frequency / Initial Guess models configurations used in the deterministic inversions. 

Initial Model Model 01 Model 02 Model 03 Model 04 Model 05 

Grid 121x200 121x200 121x200 121x200 121x200 

Domain Time: 0 to 996ms 

(TWT) 
Sampling rate: 

4ms 

Time: 0 to 996ms 

(TWT) 
Sampling rate: 

4ms 

Time: 0 to 996ms 

(TWT) 
Sampling rate: 

4ms 

Time: 0 to 996ms 

(TWT) 
Sampling rate: 

4ms 

Time: 0 to 996ms 

(TWT) 
Sampling rate: 

4ms 

Well 
Interpolation 

Inverse Distance 
Power 

(24 neighbors; 

error in well tie 
0%; inverse 

distance 

exponent=2) 

Kriging 
Variogram 
Structure: 

Spherical 
Range=30 

Nugget=5% 

Kriging 
Variogram 
Structure: 

Spherical 
Range=30 

Nugget=5% 

Cokriging with 
Seismic Velocity 

CC=0.91 

Velocity type: 
interval; 

Velocity field: 

Well_01; P-wave 

Kriging 
Variogram 
Structure: 

Spherical 
Range=30 

Nugget=5% 

Seismic Horizon 
Interpretation 

Main events picks 
(interpretation 1) 

Forced horizon 
layering 

(interpretation 2) 

Main events picks 
(interpretation 1) 

Main events picks 
(interpretation 1) 

2 horizons: Top 
(0ms); 

Base (996ms) 
(interpretation 3) 

Horizon 
Interpolation 

Conformable Conformable Base Lap Base Lap Base Lap 

Smooth (filters) High cut: 
5 to 12Hz 

High cut: 
5 to 12Hz 

High cut: 
5 to 12Hz 

High cut: 
5 to 12Hz 

High cut: 
5 to 12Hz 
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3.3 Parameterization of the geostatistical seismic inversion methodologies 

The spatial continuity pattern imposed on the stochastic sequential simulation, that are an integral part 

of the geostatistical seismic inversion methodologies, was parameterized in terms of variogram model 

and range. The variogram models were set as those used to create the low-frequency models for the 

deterministic examples (Table 4). 

The variogram models were parameterized considering the size and spatial distribution of the real 

geological features of interest. In this way, the low-frequency model used for the deterministic 

inversions is not only related to background trends but also reflects real geological features. Also, the 

number of wells used for the generation of the low-frequency models for the deterministic inversions 

was kept the same as conditioning data (i.e. hard-data) for the geostatistical seismic inversions.  

 

However, it is important to remark that none of the geostatistical seismic inversion methodologies 

include an initial guess model. The main assumptions behind each of the stochastic inversion 

methodologies considered are related to the number and location of the conditioning data (i.e. the 

well-log data), the spatial continuity pattern of the property to be inferred (i.e. the variogram model 

used as part of the stochastic sequential simulation) and the a priori probability distribution function 

derived from the set of constraining data, i.e. the distribution as inferred from the set of available wells. 

 

The grid geometry for the geostatistical seismic inversion was set in order to reproduce the original 

spatial and temporal resolution of the true seismic reflection data, i.e. the grid size in i, j, direction as 

the distance between in-lines and cross-lines and k as the initial sampling rate of 4ms. Also, the 

inversion grid was parameterized in order to have its top and base parallel and parallel layering 

between both surfaces corresponding to the sampling rate of the original seismic. 

The geostatistical seismic inversion methodologies were set following the next configurations: 

• Same variogram model (spherical, 5% nugget; horizontal range 8 cells; vertical range 3 cells) 

• Hard data/conditioning data retrieved from the 14 well logs 

• Distribution functions created from well log data 

• Well location/positioning 

• 6 iterations with 32 realizations per iteration 
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Chapter 4. Results 

This chapter shows the results of applying MB and SS inversion techniques for the five scenarios 

introduced in the methodology section followed by those obtained for the GSI, GEI, and GAVAFAC. 

4.1 Deterministic inversions 

The Model-Based inversion technique was applied to the true full-stack seismic reflection data in order 

to retrieve subsurface acoustic impedance models. I ran five different inversions, one for each of the 

scenarios considered (Table 4). 

All the synthetic seismic volumes output from the inversion procedure have a high global correlation 

coefficient with the true seismic reflection data (Table 5). While MB Model 02 and MB Model 04 are 

the ones with the higher correlation coefficient, MB Model 05 is the one with the lower global 

correlation coefficient. 

 

Exclusively assessing the global correlation coefficient between synthetic and real seismic data is not 

enough due to the intrinsic nature of the seismic inversion problem, i.e. considerably different acoustic 

impedance models can generate very similar seismic reflection data. Globally, the retrieved acoustic 

impedance models for each scenario (Figure 15) are able to reproduce the main channelized features 

as interpreted from the true acoustic impedance model. It is also clear that the initial guess does have 

an impact on the retrieved subsurface models. The inverted MB Model 04 is considerably different and 

smoother when compared against the ones retrieved for the other scenarios. However, it is important 

to highlight that the global correlation coefficient between synthetic and real seismic is approximately 

the same (Table 5). 

Table 5 – Correlation coefficients between true and synthetic full-stack seismic using a Model-Based 
deterministic inversion methodology for each scenario considered. 

Inverted Model MB Model 01 MB Model 02 MB Model 03 MB Model 04 MB Model 05 

Corr. Coeff. 0.9798 0.9801 0.9800 0.9802 0.9765 

 

Finally, the predicted acoustic impedance models for all scenarios are not able to reproduce the 

extreme low and high values of the property of interest as they are interpreted from the true acoustic 

impedance field. It is worth mentioning that reproducing extreme values on the subsurface Earth 

models is of the utmost importance when assessing uncertainties, risks and quantifying reserves.  

 

Then Sparse-Spike inversion methodology was tested by inverting the true full-stack seismic volume 

for impedance considering the five initial guess models and using the general parameterization as 

discussed in the methodology section. The global correlation between the true and the synthetic 

seismic reflection data for each scenario is shown in Table 6. Interpreting the results based exclusively 

on the global correlation coefficient, which results are very similar for all the scenarios, one may think 

that the inferred acoustic impedance models are also similar. However, when comparing the acoustic 
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impedance models resulting from the SS inversion for the five scenarios (Figure 16) it is possible to 

identify very different models both in terms of the spatial continuity pattern and the range of values of 

the inferred subsurface elastic models. Once again, the model retrieved from scenario 04 is much 

smoother when compared with the ones retrieved from the other scenarios. It is clear, that taking into 

account exclusively the correlation coefficient between real and inverted synthetic seismic is not 

enough to assess the match between the inverted and real subsurface elastic properties. As a 

deterministic approach, the inverted acoustic impedance models for all the scenarios fail to match the 

absolute extreme values as interpreted from the true impedance model since the well-log data are not 

directly integrated within the inversion procedure. Far from the wells’ locations, it is expected that the 

inverted models tend to the initial low-frequency model. As expected, the retrieved inverse models are 

largely impacted by the initial guess model provided. 

 

 

Figure 15 – Horizontal slices from the Ip model retrieved from the MB inversion with different initial 
models. From top left to bottom right: MB Models 01, 02, 03, 04, 05, and the real Ip model; k-section, 
k=160. 
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Table 6 – Correlation coeff icients between true and synthetic full -stack seismic using a Sparse-Spike 
deterministic inversion methodology for each scenario considered. 

Inverted Model SS Model 01 SS Model 02 SS Model 03 SS Model 04 SS Model 05 

Corr. Coeff. 0.9779 0.9781 0.9780 0.9776 0.9783 

 

 

Figure 16 – Horizontal slices from the Ip model retrieved from the SS inversion with different initial 
models. From top left to bottom right: SS Models 01, 02, 03, 04, 05, and the real Ip model; k-section, 
k=160. 

 

4.2 Stochastic seismic inversions 

Contrary to the deterministic solutions, only one of these inversion methodologies inverts full-stack 

seismic data – the GSI (Soares, et al., 2007). The GEI (Nunes, et al., 2012) inverts partial angle 

stacks simultaneously for acoustic and shear impedance models while the GAVAFAC (Azevedo, et al., 

2015) inverts both pre-stack and partially stacked seismic reflection data simultaneously for P-wave 

and S-wave velocities, density, and facies. Nevertheless, for a reliable comparison between inversion 
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procedures only the acoustic impedance models computed from the inverted elastic models were 

considered. All the stochastic sequential simulations generated during each inversion methodology 

used the same variogram model as the one imposed for the modelling of the low-frequency models for 

the deterministic inversions (Table 4). 

 

The GSI ran with six iterations, where on each iteration thirty-two realizations of acoustic impedance 

were generated. The realization with the highest correlation coefficient between the real and synthetic 

seismic volumes of 0.88, was generated at iteration number 6 (Figure 17). In fact, all the realizations 

created during the last iteration generated highly correlated synthetic seismic data with the real one, 

with global correlation coefficients above 0.80. The evolution of the global correlation between real 

and synthetic seismic data shows that the convergence of this iterative methodology reached a 

plateau. 

 

Figure 17 – Global Correlation Coefficient evolution from iteration 1 to iteration 6, obtained with the 
GSI. 

 

The best-fit inverted impedance model (Figure 18) is able to reproduce the main statistics, mean, 

variance and extreme values as interpreted from the set of conditioning data. While the main trends of 

the channelized features can be interpreted in the retrieved impedance model, it is clear that the 

methodology struggles to reproduce the continuity of the real channels. This lack of reproduction is 

mainly due to the use of a single variogram model to express such a non-stationary spatial pattern. As 

expected, this effect is enhanced if by computing the mean model of the ensemble of AI models 

generated during the last iteration of the inversion procedure. The mean model is closer to a smoother 

representation of the subsurface elastic properties as provided by deterministic inversion solutions. 
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Figure 18 – Elastic models obtained from GSI. From left to right: the best-fit inverse model of Ip; 
mean of Ip models generated during the sixth iteration; real Ip model; variance computed from an 
ensemble of models generated during the s ixth iteration; k-section, k=160. 

 

While the match in reproducing true channels is not as good as in the deterministic solutions, by using 

a stochastic approach it is possible to assess the spatial uncertainty related to the inverted property. 

For example, this uncertainty may be assessed by computing the variance between the ensemble of 

realizations generated during the last iteration (Figure 18). It is clear that the locations with higher 

variance, i.e. high spatial uncertainty, are related to the borders of the inferred channels. 

 

The GEI allows the simultaneous inversion of n partial angle stacks directly for acoustic (Ip) and shear 

impedance (Is) models (Azevedo, et al., 2014). The best-fit pair of Ip and Is models generate a global 

correlation between all the synthetic partial angles and all the real partial angle stacks of about 0.78 

(Figure 19). When comparing this result with the GSI it is expected a lower global correlation 

coefficient since the number of variables within the objective function used to converge the iterative 

procedure increases, i.e. the number of n partial angle stacks available for the geostatistical inversion. 

However, the retrieved Ip model is very similar to the one inferred from the GSI. The best-fit inverse 

model is able to reproduce the large-to-medium scale channels in the right position. However, Ip and 

Is values are underestimated when compared with the real models (Figure 20). 

 

From the inverse methodologies tested under the scope of this work, this last example from 

GAVAFAC was the one that performed the worst in terms of the global correlation coefficient between 

synthetic and the real seismic data (Figure 21). This inversion algorithm allows retrieving individual 

models for P-wave and S-wave velocities, density and facies from pre-stack seismic data. The 

retrieved facies models are highly dependent on the calibration at the well locations and the training 

data used for the facies classification. The Ip and Is models computed from the best-fit inverse model 

of density and P-wave and S-wave velocities (Figure 22) are far from the true impedance models.  

While the location of the main channelized features is in the right place, the medium-to-small scale 

features are not reproduced properly in the retrieved impedance models. The retrieved inverse models 

for Ip and Is are much more discontinuous than the true ones. It is clear that the convergence reached 

is not satisfactory after six iterations. 
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Figure 19 – Global Correlation Coefficient evolution from iteration 1 to iteration 6, obtained with the 
GEI. 

 

 

Figure 20 – Ip and Is models obtained by GEI. (a) Best fit model of Ip; (b) mean model computed 
from all Ip realizations of iteration six; (c) real Ip model; (d) variance model computed from the 
ensemble of Ip models generated during iteration six ; (e) best fit model of Is; (f) mean model 
computed from all Is realizations of iteration six; (g) real Is model; (h) variance model comp uted from 
the ensemble of Is models generated during iteration six; k-section, k=160. 
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Figure 21 – Evolution from iteration 1 to iteration 6 of the global correlation coefficient  obtained with 
GAVAFAC. 

 

 

Figure 22 – Results from GAVAFAC. (a) Computed Ip from best-fit inverse models of Vp and Density; 
(b) mean model of Ip calculated from the mean model of Vp and Density models computed from the 
ensemble generated during the last iteration; (c) real Ip model; (d) computed Is from the best inverse 
models of Vs and Density; (e) mean model of Is calculated from the mean model of Vs and Density 
models computed from the ensemble generated during the last iteration; (f) real Is model ; k-section, 
k=160. 
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Some reasons exist for the low global correlation coefficient achieved by this geostatistical seismic 

inversion. First, this is a pre-stack seismic inversion of angle gathers with a fold of twenty-four, 

ensuring that the match between synthetic and real is fairly similar for all the angles. Also, a spatial 

continuity pattern is imposed as revealed by a single variogram model during the sequential simulation 

of density, P-wave and S-wave velocity. The use of a variogram model is clearly a limitation for very 

complex non-stationary sedimentary environments such as this one. 

 

Finally, the facies classification is a key step of the proposed geostatistical seismic inversion 

methodology in retrieving reliable subsurface petro-elastic models. This classification is based on the 

elastic domain defined by density versus Vp/Vs ratio. In this domain, the original geological facies as 

interpreted form the real petro-elastic models are very difficult to distinguish separately (Figure 23). 

There is a clear overlap between facies 1, 2 and 3 that is going to affect the convergence of the 

retrieved inverse models, since the simulation and co-simulation of P-wave and S-wave velocity 

models are conditioned by the classification from the generation of the density and Vp/Vs ratio models 

(Azevedo, et al., 2015). 

 

 

Figure 23 – Comparison of the facies classification using the Vp/Vs ratio versus density from the 
best-inverted model (left) and the real model (right).  
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Chapter 5. Discussion 

The previous chapter shows impedance models inverted using five different initial scenarios for two 

different deterministic inversion methodologies and three distinct geostatistical seismic inverse 

procedures, over a synthetic seismic dataset that mimics a very non-stationary sedimentary 

environment. Each methodology has its own assumptions and limitations. The deterministic 

approaches, in this case, Model-Based and Sparse-Spike inversion, assume a single best-fit solution 

for a given initial guess, i.e. the low-frequency model that fills in the low-frequency band missing from 

the seismic reflection data. The parameterization of this initial guess is of utmost importance since it 

will dictate how close the final Ip model reproduces the true one (Figure 15 and Figure 16). The closer 

this initial model is to the real subsurface geology the better the inversion results will be. The 

examples shown in the previous section indicate that even if the global correlation coefficient between 

the real seismic data and the synthetic generated from the best-fit inverse model is high (Table 5 and 

Table 6), the corresponding impedance models may be considerably different. The well-log data may 

only be included during the modelling of the initial guess models. Therefore, the inverted elastic 

models do not reproduce the well-log data at the well locations (Figure 24). Figure 24 also shows one 

of the main differences when comparing models inverted with deterministic procedures against those 

inferred from geostatistical approaches: there is a considerable difference in terms of the vertical 

variability between the results of both techniques. While the deterministic solutions are smooth 

representations of the elastic property of interest, geostatistical models, depending on the type and 

range of the vertical variogram, have a higher vertical variability due to the integration of the well-log 

data within the inversion procedure. Due to this reason here the full bandwidth of the inverted models 

is shown contrary to the traditional approach where models are compared within the bandwidth of the 

original seismic reflection data. 

 

As for the deterministic approaches, the inversion process results in a single best-fit solution that can 

be interpreted as a smooth representation of the true elastic subsurface reality. Inferring a single best-

fit inverse solution limits the ability of these seismic inversion methodologies for uncertainty 

assessment. Also, the retrieved impedance models lack in reproducing the extreme impedance values 

as interpreted from the real models. Notice, that the extreme absolute values are those associated 

with a higher impact during risk assessment and reserve calculation (e.g. during fluid flow simulation). 

 

On the other hand, the geostatistical seismic inversion methodologies presented in the previous 

chapter do integrate the well-log data directly into the inverted models, i.e. the well-log data is 

reproduced at the location of the wells (Figure 24). However, they do not reach a global correlation 

coefficient between inverted and real seismic data as high as the deterministic approaches. The GSI 

method that inverts full-stack seismic data directly for Ip models, is able to properly retrieve reliable 

inverted models (Figure 18). However, and as expected, when compared against the models resulting 

from deterministic solutions, the Ip models retrieved from this geostatistical inversion technique look 

noisier. This is due to the stochastic nature of the inversion procedure. The good match between the 
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real and inverted Ip models is an unexpected result since the stochastic sequential simulation 

algorithms used as part of the inversion procedure use a variogram model (based in bi-point statistic) 

to express the spatial continuity pattern of the study area. For highly non-stationary and channelized 

areas the variogram model is clearly a limitation in describing the spatial continuity pattern. Seismic 

inversion methodologies based on stochastic simulation with multi-point geostatistics (González, et al., 

2008) are more suitable for these kinds of environments. Nevertheless, the models retrieved using the 

GSI are able to reproduce the main small and large-scale channelized features.  

 

 

Figure 24 – Comparison between real and inverted Ip traces for 4 different wells . The left track 
shows the comparison between the real and inverted Ip for all the geostatistical inversion 
methodologies. The middle track shows the comparison between the real and inverted Ip for all the 
sparse spike scenarios. The right track shows the comparison between the real and inverted Ip for all 
the model-based scenarios. 

 

The other two geostatistical seismic inversion methodologies used in this benchmark study also 

properly produce reliable subsurface Ip and Is models. The models retrieved from the GEI method are 

able to reproduce the location of the large-to-medium scale channels (Figure 20) in both domains. 

Notice that by integrating the well-log data along with the partially stacked seismic reflection data it is 

possible to simultaneously invert for acoustic and shear impedances allowing for a better description 

of the real petro-elastic properties of the subsurface geology.  
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The GAVAFAC inversion procedure fails to reproduce in detail the channelized features of interest 

(Figure 22). It is clear that when the number of variables to match increase, from four partial angle 

stacks to pre-stack angle gathers with twenty-four traces each, the correlation achieved by the 

geostatistical seismic inversion methodologies decreases. This effect may be mitigated by increasing 

the number of realizations per iteration and/or the maximum number of iterations of the inversion itself. 

It is also worth mentioning that these inverse methodologies comprise a sequence of stochastic 

sequential simulations and co-simulations when on each it is imposed a spatial model as controlled by 

a variogram. A single variogram model is clearly not suitable for these kinds of geological 

environments since it is a simple continuity measurement based on bi-point geostatistics. Finally, the 

elastic models retrieved by this inversion technique are highly dependent on a facies classification 

step performed in the elastic domain defined by density versus Vp/Vs ratio. By attempting to invert for 

the original four facies of interest (Figure 23), it limits the inversion results due to the overlap between 

different facies in this elastic domain and the limited angle range of the reference seismic data. In fact, 

a different facies classification would probably increase the correlation between the real and inverted 

petro-elastic properties.  

 

One of the advantages of the GAVAFAC inversion technique is the inference of individual density, P-

wave and S-wave velocity and facies models due to the use of pre-stack seismic data with large 

reflection angles. The resulting models allow a better characterization of the petro-elastic subsurface 

properties of interest since a facies model is directly inverted, and conditioned, simultaneously to the 

available seismic reflection and well-log data.  

 

For complex non-stationary datasets such as this one, the results obtained show that more complex 

geostatistical inversion struggle to retrieve reliable inverse models, with much more computational 

costs, when compared with simpler deterministic inverse methodologies that are driven by the real 

seismic data. This fact is due to the number of variables that are needed to match at each step of the 

iterative procedure. However, it is important to understand that increasing this cost allows the 

inference of more elastic properties besides acoustic impedance. Ultimately, determining additional 

subsurface elastic properties allow for better reservoir modelling and description.  

 

From the results discussed in the previous chapter, it is also worth noting that for this complex non-

stationary geological environment, geostatistical seismic inversion methodologies based on bi-point 

statistics, i.e. that use a variogram model to describe the spatial continuity pattern of the elastic 

property of interest, struggle to retrieve reliable elastic models. 

 

A major benefit of geostatistical seismic inversion procedures is the ability to simultaneously condition 

the inverted elastic models to the available seismic reflection and well-log data (Figure 24) and the 

possibility to assess the spatial uncertainty of the retrieved elastic property (Figure 18 and Figure 20). 

This uncertainty is related to the potential that each method shows to explore fully the model 
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parameter space. Plotting the best-fit elastic model generated by the deterministic inversions, for the 

five initial scenarios for both methods considered, with the best-fit model of each iteration for the 

geostatistical seismic inversion methodologies along with the real elastic model in a multidimensional 

scaling (MDS) space allows assessing how well the model parameter space is being explored 

(Azevedo, et al., 2014). This MDS space was constructed over a dissimilarity matrix computed with 

the Euclidean distance between each model. In this space, models structurally similar will be plotted 

closed to each other while distinct models will be plotted farther apart. 

 

The first three dimensions of the MDS space allow explaining about 60% of the initial variance of the 

ensemble of models considered. By plotting the best-fit models in these three dimensions (Figure 25) 

it is easy to interpret that the deterministic solutions are closer to the real model than the best-fit model 

from the sixth iteration of any the stochastic inversion considered. Figure 26 shows a normalized 

Euclidean distance of each individual model against the real model considering all the dimensions of 

this MDS space. It is also possible to interpret that the model-based inversion performs better than the 

sparse-spike. However, our five distinct scenarios do not allow a real exploration of the model 

parameter space, i.e. all the best-fit models are plotted within the same region. In order to properly 

sample this space and assess a reliable uncertainty over the deterministic best-fit solution a lot more 

distinct initial guess models would be needed. 
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Figure 25 – MDS plot for all the best-fit models generated under the scope of this study for both 
deterministic and stochastic inversion methodologies. (a) Dimension 1 versus Dimension 2; (b) 
Dimension 2 versus Dimension 3. The first 3 dimensions explain about 60% of the variance from the 
initial ensemble. 
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Figure 26 – Normalized Euclidean distance between each best-fit inverse model and the true Ip 
model on the MDS space. 

 

In respect to the geostatistical inversions, it is possible to interpret the convergence path of each 

methodology from iteration to iteration (Figure 25). It is expected that the models generated at each 

iteration sample the model parameter space around this best-fit model. The methodology that 

achieves a better global result in converging towards the real Ip model is the GEI method. Both the 

GSI and the GAVAFAC inversion routines achieve best-fit models with a larger distance to the real 

one (Figure 26). However, it is worth noting that the three geostatistical methodologies achieve a 

distance towards the real model within a range of 10% (Figure 26). Besides, the different level of 

complexity of these three inversion methodologies, they are robust enough to reach structurally similar 

models. It is also clear that MDS is a reliable quantitative tool to measure the similarity between 

models. Comparing Figure 18, Figure 20 and Figure 22 is not enough to properly assess the 

convergence of each methodology. 
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Chapter 6. Conclusions 

This thesis built a very challenging and non-stationary synthetic dataset (CERENA-IV), which 

comprises the full set of petro-elastic properties and pre-stack seismic reflection data. Due to its 

complex spatial patterns, this dataset can be used to assess the performance of different seismic 

inversion methodologies. Then, it compares deterministic and geostatistical seismic inversion 

methodologies. Due to the assumptions behind each inverse methodology, not all are able to reach 

the same performance. The final decision should be related between the computational costs versus 

the gain of using a given methodology.  

 

Finally, an MDS space assessment shows the performance in terms of convergence of each 

methodology and how these can explore the model parameter space. In real case studies, blind-well 

tests may be used to perform multidimensional scaling. 
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