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Abstract 

The use of seismic methods was initially linked to the identification and pre-exploration of 

hydrocarbon reservoirs. To extend the exploration of the field, aligned with the technological 

advance, seismic reflection data acquired at different times (4D), have become a key tool for 

characterization and monitoring during a production phase of a reservoir. Thus, the objective of 

this project is to develop and implement a 4D seismic inversion method, implementing the Global 

Stochastic Inversion algorithm developed by CERENA (Center for the Study of Natural Resources 

and Environment). The Global Stochastic Inversion method is based on the perturbation and 

generation of elastic subsurface models, through Stochastic Simulation (Direct Sequential 

Simulation and Direct Sequential Co-Simulation). The convergence of the iterative process is 

based on the correlation coefficient, a trace-by-trace analysis, between real and synthetic seismic, 

according to a criterion that simultaneously considers all incident angles (partial angle stacks) and 

seismic acquisition times. The best acoustic and elastic impedance models, along with 

corresponding correlation coefficients, are then stored for generation of the next iteration models. 

The methodology was successfully applied in two synthetic models, the first being one-

dimensional for certification of the operation of the methodology, and the second three-

dimensional, where it was possible to analyze at larger scales, recreating models close to the real 

one. From the seismic inversion it is reported that the algorithm adequately simulated the 

properties studied, where the data produced had a great local and global correlation. It is also 

worth noting that the distribution patterns between correlated properties (acoustic impedance and 

elastic impedance) were reproduced according to the actual distributions observed. 

Keywords: Time-lapse seismic inversion; acoustic impedance; elastic impedance; direct 
sequential simulation; direct sequential co-simulation; global stochastic inversion 

Introductıon  

Traditionally, in the petroleum industry, geostatistics was related to reservoir modeling using data 

interpolation, to infer properties of interest (e.g., porosity). The geological analysis of a 

hydrocarbon reservoir always results in complex and heterogeneous structures, and therefore 

any model resulting from simulations will always present a simplification of the sub-surface 

geological reality. When modeling uses only well data, the generated models present even more 

uncertainties, since they are representative data of isolated and limited reservoir locations 

(Azevedo, 2013). With the advancement of technology, geostatistics has become essential for 

the integration of new data in the field characterization, such as the use of seismic reflection data 

(Azevedo, 2013). Unlike well data that allows only local characterization, the seismic reflection 

data cover a large area, and the integration of this data allows the creation of more detailed and 

reliable models in comparison to the models that only adopted the well data (Azevedo, 2013). 
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To improve the analysis, time-lapse seismic reflection data has becoming a key tool for 

hydrocarbon reservoir characterization and monitoring during the production stage of a given 

hydrocarbon field. Basically, time-lapse seismic reflection data comprises three-dimensional 

seismic reflection data acquired over the same spatial area in different periods of time, i.e. 

different seismic vintages. One of the main advantages of time-lapse seismic is the ability to 

monitor the evolution of reservoir properties during production, and traditionally, it has been used 

for the interpretation of fluid movement within the reservoir associated with both production of oil 

and/or gas and injection of fluids (e.g., water), and of most importance bypassed hydrocarbons, 

by interpreting the differences of amplitudes between consecutive time vintages.  

Inferring subsurface petro-elastic properties from indirect measurements, i.e. the time-lapse 

seismic reflection data, is a nonlinear inverse problem, ill-posed with non-unique solution 

(Tarantola 2005). So, besides its value, that are still challenges associated with use of time-lapse 

seismic data due to difficulties in repeatability of the acquisition survey and coherent data 

processing of the different vintages that may produce changes in the amplitude content and 

misalignments between the available seismic vintages not related with real changes of the 

properties of the subsurface (Labat, 2012).  

Many time-lapse methods have been developed, but one of the most developed methods involves 

the global inversion where all the acquisition times (base and monitoring) are reversed 

simultaneously (e.g. Lafet et al., 2005). 

This work introduces an iterative geostatistical seismic inversion methodology that is able to invert 

simultaneously all available seismic vintages, regarding all the seismic acquisition angles. The 

proposed approach was successfully applied in two synthetic models, the first being one-

dimensional for certification of the operation of the methodology, and the second three-

dimensional, where it was possible to analyze its performance in models close to the real scale. 

Methodology 

The proposed iterative global geostatistical time-lapse seismic inversion methodology is based 

on three main features: the model perturbation is performed by resorting on stochastic sequential 

simulation and co-simulation (Horta & Soares, 2010; Soares, 2001); the local correlation 

coefficient between real and synthetic seismic reflection data generated during the inversion 

procedure, and the corresponding acoustic traces are used as secondary variable to conditionate 

the models of the next iteration; the iterative procedure runs until a given global correlation 

coefficient is reached. 

The geostatistical seismic inversion methodology begins with the simulation of a set of acoustic 

impedance (Ip) models through direct sequential simulation, while the elastic impedance (Is) 

models are generated with the direct sequential co-simulation algorithm described by Horta and 

Soares (2010), with joint probability distribution from the existing well data for each time 
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considered in the 4D seismic reflection data. The simulation occurs independently for each 

available time in the 4D seismic reflection dataset. 

At each iteration of the algorithm, there is a pre-defined number of simulations of Ip and Is for 

each time, which generate different models among each other. For the first iteration, because the 

data are conditioned only to the data of the wells, the generated models present great variability 

among each other, being this dependent on the amount of well data available, as the process 

evolves, the data generated in the previous iterations pass to condition the current iteration model, 

which results in the minimization of variability and, consequently, in the increase of local and 

global correlation coefficients. 

Since the perturbation of the model is based on the stochastic sequential simulation, all the elastic 

models simulated throughout the iterative process ensure the reproduction of the joint probability 

distributions between the impedances (acoustic and elastic) and their individual probability 

distributions, as estimated from the well data; still, guarantees the reproduction of the spatial 

continuity model imposed by the variogram for each property and time defined. For each pair of 

acoustic and elastic impedance models generated in the previous step, the reflection coefficients 

are computed according to the Fatti approximation (1). The resulting reflection coefficients are 

then convolved with a known wavelet to produce the respective synthetic seismic at each time. 

Each time corresponds to a set of partial angle stacks equal to the number of volumes in the 

original seismic reflection data set. 
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(1) 

 

After obtaining the volumes of synthetic seismic for all times, it is necessary to calculate 

correlation coefficient between the synthetic and the real data, in a trace-by-trace analysis, being 

this step fundamental to obtain good results. For the data of the initial time (T0) or base seismic 

reflection data, the set of acoustic and elastic impedance traces of a given realization that 

generated the seismic trace with the highest correlation coefficient is stored in an auxiliary volume. 

This evaluation process is performed for each location i, j (or common mid-point (CMP) of the 

cube, and thus the best impedance cubes and corresponding correlation coefficients are formed 

(Figure 1). 
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Figure 1 – Schematic representation of the selection of the best seismic trace 

For the seismic reflection data corresponding to the following acquisition times, instead of 

comparing only the seismic trace to the corresponding time, it is now also necessary to compare 

the seismic traces for the previous times before storing the best traces. For example, for the 

analysis of the time T1, we must compare the synthetic traces of T0 and T1, with the respective 

traces of the real seismic; for the analysis of time T2, we must compare the synthetic traits of T0, 

T1 and T2, and so on. This precaution should be taken for times other than the initial time to 

ensure that changes in properties between each time step have been observed, and most 

important, to ensure that the iterative process converges simultaneously for all times. Thus, the 

correlation coefficient for time Tn will correspond to the weighted average of the correlation 

coefficients of each time step, as in 2: 

 
𝐵𝑒𝑠𝑡𝐶𝐶𝑇𝑛

=
∑ (𝑊𝑖 ∗ 𝐶𝐶𝑇𝑖

)𝑁
𝑖=0

∑ 𝑊𝑖
𝑁
𝑖=0

, 𝑁 ≥ 0 
(1) 

Where, Wi corresponds to the weight assigned to the correlation coefficient between the seismic 

traces for time i, analyzed until the time N. 

At the end of each iteration, the cubes with the best impedance data and corresponding 

correlation coefficients are used as secondary variables, simultaneously with the well data, to 

condition the generation of the new acoustic impedance and elastic models of the next iteration. 

The iterative process is performed until a given global correlation coefficient is reached. 

In general, the model produced in the last iteration will present high local and global correlation 

coefficients between real and synthetic seismic data. Consequently, the resulting global variance 

will be low except for locations where real properties are not considered by available well data, or 

in areas where spatial continuity models are very complex. 
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The methodology developed and implemented within this thesis can be synthesized in the 

following sequence of steps (Figure 2): 

1) Stochastic simulation of the Ip and Is models, independently for each time step, conditioned to 

well log data using Direct Sequential Simulation (DSS) and co-DSS. 

2) Compute the reflection coefficients and convolution with a known wavelet for the generation of 

the synthetic seismic volume. 

3) Compare synthetic seismic with real seismic in terms of correlation coefficient (CC), 

considering the factor of dependence between times to identify and obtain the highest local CC 

for the correspondent time. 

4) Composition of the best volumes of Ip, Is and CC to be used in the next iteration as secondary 

conditioning variables. 

5) Generation of a new set of impedance models through Direct Sequential Co-Simulation (co-

DSS), conditioned by the impedance data of the wells and by the volumes of the secondary 

variables generated in the previous step. Return to step 2 until the overall correlation coefficient 

between the synthetic and actual seismic volumes reaches a predetermined value. 

 

Figure 2 - Schematic representation of the proposed geostatistical seismic time-lapse inversion 

Case studies 

1) 1D Synthetic model 

The 1D synthetic model presents a set of experimental data related to the spatial position of a 

well for the acoustic impedance (Ip) and elastic impedance (Is) properties, equally distributed 

along the 80 cells that make up the vertical axis (1x1x80 cells in the directions i-, j- and k-, 
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respectively). The impedances were defined for four time steps of data acquisition: before the 

start of production (T0), after ten (T1), twenty (T2) and thirty years (T3) of production. 

Since the reservoirs, in general, have anisotropic dispersion pattern, it is necessary to introduce 

data related to the spatial continuity patterns of the properties. For this, the models were 

generated using the exponential variogram for the vertical direction (Figure 3), with a range of 3 

cells for the acoustic impedance and 4 cells for the elastic impedance. 

 

Figure 3 - Variograms of acoustic impedance and elastic impedance in the vertical direction, respectively 

Results 

The geostatistical inversion was successfully applied to the 1D synthetic data. The iterative 

procedure converged after 6 iterations, where in each iteration 32 simulations were performed for 

sets of elastic models (acoustic impedance and elastic impedance), through direct sequential 

simulation and co-simulation. The final global correlation coefficient between a synthetic seismic 

derived from the best fit and real seismic inversion models is 0.82 (Figure 4). 

 

Figure 4 - Evolution of the global correlation coefficient at the end of each iteration 

In the Figure 5 it can be observed that all analyzed properties, resulting from the simulation (blue), 

present great correspondence with the real data (black). 
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Figure 5 – Real data (black line) x synthetic data (blue line) – Acoustic impedance (top left), elastic 

impedance (top right), nearstack (bottom left) and farstack (bottom right) 

The algorithm of seismic inversion applied to the 1D scale was able to converge the generated 

elastic models towards corresponding real models of acoustic impedance and elastic impedance, 

and an approximation was verified, as synthetic seismic also presented high correlation with the 

original data. The algorithm is able to reproduce a joint distribution between acoustic impedance 

and elastic impedance, and the spatial continuity models for Ip and Is respect the original data. A 

reproduction of the data is extremely importantly for a characterization of the reservoirs as reliable 

as possible, minimizing errors and allowing a better interpretation for strategic decision making. 

2) 3D Synthetic model 

The synthetic model CERENA-I corresponds to a representative version of carbonate 

sedimentation environments, formed by three layers with approximately 100m thick each, its 

structure has two normal N-S direction faults with slopes between 45º and 60º.  
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The model used in 4D geostatistical inversion has 45x42x300 cells in the i-, j-, and k-, respectively.  

Three times were defined for the experimental data: before the beginning of the production (T0 = 

Year 2014), after thirteen years (T1 = Year 2017) and after 31 years (T3 = 2045) years of 

production, and 5 wells with experimental data for restricting geostatistical historical 

correspondence and seismic inversion. From the real Ip and Is elastic models for these time steps 

we computed pre-stack seismic data up which was then stacked in near and farstack volumes for 

each vintage (referred from now on as rea, or observed, seismic reflection data). Each stack 

volume has a mean incident angle of five and thirty-five degrees respectively. 

Results 

The inversion ran with twelve iterations where on each ensemble of thirty-two pairs of Ip and Is 

for each time steps were generated. The final global correlation coefficient between a synthetic 

seismic derived from the best fit and real seismic inversion models is 0.79 (Figure 6). 

 

Figure 6 - Evolution of the global correlation coefficient at the end of each iteration 

The proposed approach is based on the simulation and co-simulation of Ip and Is (and differences 

of Ip and Is) and therefore ensures the reproduction of the main statistical measures as inferred 

from the existing well-log data in all the models generated during the iterative procedure. Figure 

7 shows the mean model of Ip computed from the models co-simulated during the last iteration in 

the original impedance domain, and it’s possible to verify that the reproduction ensures the 

identification of the central zones where the main impedance changes occur. The Is models follow 

the same trend as interpreted for the Ip. 
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Figure 7 - Vertical time slices extracted from (on the top) real models of Ip for: (a) first time step; (b) after 

13 years of production and (c) after 31 years of production. The mean model of Ip generated during the 

last iteration is displayed on the bottom row.

Figure 8 - Well logs for original data (WO1) and remote location (W1) for acoustic and elastic impedances 
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As a principle of sequential simulation, the experimental data were reproduced (WO1 in Figure 8) 

in their proper locations, where the wells and seismic data used in the input data adequately 

delimited the entire simulation process. The algorithm was able to reproduce the joint distribution 

between acoustic impedance and elastic impedance, this factor is fundamental for validation of 

the simulation method and sequential co-simulation. Reproducing numerically the original data 

does not guarantee that the synthetic model will be representative of the actual model, in order 

to certify the adequacy of the models generated, besides the statistical distribution, these must 

respect the spatial dispersion that define the reservoir according to the experimental variograms. 

These expected results were reached for all properties throughout the iterative process. 

Final remarks 

The results are promising for application in more complex (real) models, with the possibility of 

refining and implementing the process of selection of seismic traces to achieve simultaneous 

convergence between all times. In parallel, other methodologies can be tested and compared for 

sensitivity analysis of the model generated. In future works we can simulate production processes 

for historical correspondence and thus analyze the results obtained between the simulation and 

modeling processes. 
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