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Abstract 

 

Joint integration of time-lapse seismic, time-lapse electromagnetic, and production data 

can provide a powerful means of characterizing and monitoring reservoirs. Those data 

contain complementary information about the changes in the reservoir during operation, 

and, thus, their proper integration can lead to more reliable forecasts and optimal 

decisions in reservoir management. This dissertation focuses on developing workflows 

to jointly integrate time-lapse seismic, electromagnetic, and production data because 

this task is significantly time-consuming and very challenging. 

The first part of the thesis addresses a quick and efficient method, which can 

provide a tool for locating the changes in the reservoir and assessing the uncertainty 

associated with the estimation quantitatively. The developed workflow, termed 

statistical integration workflow, utilizes well logs to link reservoir properties with 

seismic and electromagnetic data by building the joint probability distribution. A new 

upscaling method from well logs to the scales of seismic and electromagnetic 

measurements is established using multiple-point geostatistical simulation. The 

statistical integration workflow is applied to facies classification and the detection of 

depleted regions. 

Stochastic optimization is also investigated in this dissertation. As the joint 

optimization of time-lapse seismic, electromagnetic, and production data requires a 

huge amount of computational time, we formulate a new algorithm, the probabilistic 

particle swarm optimization (Pro-PSO). This algorithm is designed to alleviate the time-

consuming job by parallel computations of multiple candidate models and the 
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improvement of models based on information sharing. More importantly, any 

probabilistic priors, such as geological information, can be incorporated into the 

algorithm. Applications are investigated for a synthetic example of seismic inversion 

and flow history matching of a Gaussian porosity field, parameterized by its spatial 

principal components. The result validates the effectiveness of Pro-PSO as compared 

with conventional PSO. 

Another version of Pro-PSO for discrete parameters, called Pro-DPSO, is also 

developed where particles (candidate models) move in the probability mass function 

space instead of the parameter space. Then, Pro-DPSO is hybridized with a multiple-

point geostatistical algorithm, the single normal equation algorithm (SNESIM) to 

preserve non-Gaussian geological features. This hybridized algorithm (Pro-DPSO-

SNESIM) is evaluated on a synthetic example of seismic inversion and compared with 

a Markov chain Monte Carlo (MCMC) optimization method. The algorithms Pro-DPSO 

and Pro-DPSO-SNESIM provide not only optimized models but also optimized 

probability mass functions (pmf) of parameters. Therefore, it also presents the variations 

of realizations sampled from the optimized pmfs. 

Lastly, we introduce the specialization workflow of Pro-PSO algorithms for the 

joint integration of time-lapse seismic, time-lapse electromagnetic, and production data. 

In this workflow, the particles of Pro-PSO are divided into several groups, and each 

group is specialized in the evaluation of a particular type of data misfit. Dividing up the 

objective function components among different groups of particles allows the algorithm 

to take advantage of situations where different forward simulators for each type of data 

require very different computational times per iteration. The optimization is 
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implemented by sharing multiple best models from each type of data misfit, not by 

sharing a single best model based on the sum (or other combinations) of all the misfits. 

The “divide-and-conquer” workflow is evaluated on two synthetic cases of joint 

integration showing that it is much more efficient than an equivalent conventional 

workflow minimizing an integrated objective function. 
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Chapter 1 

Introduction 

 

Reservoir management is a critical decision-making procedure throughout the life cycle 

of oil and natural gas fields to manage the behavior of hydrocarbon and hence maximize 

its production and recovery. More efficient management can be achieved by increasing 

the accuracy of reservoir characterization. However, even if a reservoir is reasonably 

characterized and well understood, its state and contents are changing as it is depleted. 

Therefore, continuous data gathering and monitoring are necessary to update the current 

condition of the reservoir. 

Historical production data always emerge while developing and operating a 

reservoir. Correspondingly, as a common process of reservoir management, significant 

effort has been put into modifying reservoir models and establishing an agreement 

between the prediction of models and the observed data. This procedure is traditionally 

referred to as history matching. Production history matching is, however, a highly ill-

posed problem because hydrocarbon production is the dynamic consequence of 

subsurface flow and has limited information on spatial changes in reservoirs. Therefore, 

additional geophysical data has been measured for reservoir monitoring.  

Accordingly, time-lapse seismic monitoring has been used to keep track of 

changes due to production in many fields (e.g. Landrø, 2001; Lumley 1995; Lumley et 

al., 2003; Tura and Lumley, 1999). It involves multiple seismic measurements for the 
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same area at different times during production. The images generated by time-lapse 

seismic data can help to monitor fluid flow in reservoirs and reveal spatial and temporal 

variations in fluid saturation, pressure, and temperature if their changes produce 

observable differences in seismic attributes. However, substantial differences usually 

occur when hydrocarbon recovery in reservoirs considerably alters the elastic properties 

of the mixture of pore fluids. Also, reservoir rocks should not be too stiff to be 

insensitive to changes in pore fluids, for example, waterflooding of a gas reservoir in 

the soft rock formation. 

In recent years, electromagnetic imaging techniques, such as cross-well 

electromagnetic (Alumbaugh and Morrison., 1995; Wilt et al., 1995) or controlled-

source electromagnetic methods (CSEM) (Constable and Cox, 1996; Flosadóttir and 

Constable, 1996; MacGregor et al., 2001) have been used as key tools for reservoir 

monitoring. Electromagnetic images provide the distribution of electrical resistivity in 

reservoirs and thus specify fluid saturation and reservoir structure because of the 

excellent contrast of resistivity between brine-filled zones and hydrocarbon-filled zones. 

This electrical distinction can provide a useful means of monitoring the fluid changes 

in reservoirs even when the differences of time-lapse seismic data are not significant. 

The resolution of electromagnetic measurements, however, is generally not as good as 

seismic measurements by themselves. In addition, the electrical sensitivity to the 

pressure variations in reservoirs is elusive. Therefore, joint time-lapse monitoring using 

seismic and electromagnetic data can open new possibilities for identifying the changes 

during reservoir development. The question is how to combine these two data sources, 
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also with all other available data such as production data, core data, well logs, and 

geology 

In this work, two different approaches are proposed to integrate time-lapse 

seismic and electromagnetic data as well as production history for reservoir monitoring 

and management. The first approach is the statistical integration of time-lapse seismic 

and electromagnetic data, which can provide the probability distributions of reservoir 

properties and be incorporated as soft data into traditional history matching. The other 

approach is the statistical optimization of all the time-lapse and historical data. This 

workflow is, however, very time-consuming, so we develop a novel family of particle 

swarm optimization (PSO) algorithms, called probabilistic PSO (Pro-PSO) to benefit 

from parallel computation. 

 

1.1 Literature Review  

1.1.1 Joint Integration of Time-Lapse Seismic, Electromagnetic, and 

Production Data 

Not much research has been done to integrate time-lapse seismic and electromagnetic 

data jointly with production history matching. Liang et al. (2012) presented a gradient-

based inversion to jointly integrate time-lapse crosswell seismic, time-lapse croswell 

electromagnetic, and production data. They showed that the estimation of permeability 

and saturation improved when incorporating all those data into the inversion process. 

Liang et al. (2013) extended their research to the case where porosity and permeability 

need to be inverted simultaneously. 
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1.1.2 Joint Integration of Time-Lapse Seismic and Production Data 

While there have not been many studies on joint integration of time-lapse seismic, 

electromagnetic, and production data, many investigations have been conducted to 

integrate time-lapse seismic and production data because time-lapse seismic monitoring 

is becoming an essential tool for reservoir monitoring for decades. 

Landa (1997) applied gradient-based optimization to estimate the distributions 

of permeability and porosity. Time-lapse seismic data was treated as black and white 

constraints on where the changes in fluid saturation occurred. Gossenlin et al. (2003) 

also used a gradient-based technique with rock physics modeling to synthesize the 

seismic attributes from the fluid flow information to minimize the mismatch between 

measured production and time-lapse seismic data and simulated ones. Dong and Oliver 

(2008) used an adjoint method to compute the gradient of data mismatch and a quasi-

Newton method to compute the search direction. Beyond the above works, there have 

been many researchers who applied and adjusted gradient-based methods for joint 

integration. 

Although gradient-based techniques are quite computationally effective, there is 

no guarantee that the obtained model is the global minimum. Thus, global optimization 

methods have also been utilized for joint integration. Gomez et al. (2008) investigated 

the tunneling method as a global optimization method, which is an essentially 

deterministic method seeking a series of minima based on gradient information. Huang 

et al. (1997, 1998) approached the integration of time-lapse seismic and production data 

as a stochastic optimization problem. They created an initial reservoir model by a 

geostatistical simulation based on the base seismic survey and perturbed it by simulated 
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annealing to match time-lapse seismic and production data simultaneously. Waggoner 

et al. (2003) applied a similar method to a gas condensate reservoir, but with an 

algorithm where random perturbations are accepted only when the objective function 

decreases. Landa and Kumar (2011) applied the Monte Carlo sampling based on the 

Bayes’ theorem. The estimation of probability density functions was conducted using 

approximate proxy simulations. Castro (2007) used the probability perturbation method 

(PPM) to match time-lapse seismic and production data, and to be consistent with 

geological information. 

Stephen et al. (2006) used a global optimization method called the stochastic 

neighborhood algorithm (NA) to avoid local minima. They demonstrated that it was 

effective to run the forward simulations of multiple models in parallel, and used an 

algorithm to utilize all those misfits for sampling new models. Rotondi et al. (2006) also 

applied the NA algorithm for hydrocarbon production prediction and uncertainty 

quantification, and showed that a single matched model was not a good predictor of 

reservoir forecasting. Jin et al. (2009) proposed a new parallel learning-based algorithm 

based on very fast simulated annealing (VFSA) and a multi-resolution model 

parameterization scheme. The parallel learning-based VFSA showed better accuracy 

compared with a conventional method. Jin et al. (2012) compared PSO, VFSA, and NA 

for joint history matching of production and time-lapse seismic data. In their work, PSO 

has emerged as more effective compared with VFSA and NA. 

1.1.3 Time-Lapse Electromagnetic Monitoring 

As described earlier, electrical resistivity usually exhibits higher sensitivity to the 

changes of fluid saturation. Therefore, time-lapse electromagnetic measurements have 



 

6 

 

been explored to monitor hydrocarbon reservoirs. Hoversten et al. (2001) and Wilt and 

Alumbaugh (2003) demonstrated that crosswell electromagnetic measurements provide 

high sensitivity to changes in a waterflooding field over time. Bhatti et al. (2008) 

presented the result of the pilot test and showed the effectiveness of time-lapse 

electromagnetic data for highlighting interwell saturation changes 

Lien and Mannseth (2008) investigated the sensitivity of marine CSEM data for 

monitoring the flooding front during water injection and found that time-lapse CSEM 

data are enough to resolve small changes for monitoring purposes. Orange et al. (2009) 

also showed that CSEM responses exhibit measurable changes that are characteristic of 

depletion geometry in their research on the applicability of the CSEM method to 

reservoir monitoring problems. Andreis and MacGregor (2011) examined, for a gas 

reservoir, the possibility of time-lapse CSEM monitoring. Liang et al. (2011) presented 

the joint inversion of marine CSEM and production data for reservoir monitoring using 

a gradient-based method. 

1.1.4 Joint Integration of Seismic and Electromagnetic Data 

Substantial research has also been performed for integrating seismic and 

electromagnetic data to improve the quality of reservoir characterization because these 

two types of measurement are based on fundamentally different physics, so they are 

sensitive to different reservoir properties. Although most works have focused on the 

deterministic inversion of two data sources, there are some studies carried out from a 

statistical point of view. 

One way of performing joint inversion is the structural approach where 

structural constraints control the distribution of resistivity and seismic velocities. 
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Gallardo and Meju (2003) developed a two-dimensional inversion scheme incorporating 

the concept of cross-gradient of electrical resistivity and seismic velocities as structural 

constraints in complex near-surface environments. Hu et al. (2007, 2009) have shown a 

multi-physics frequency-domain data inversion method for solving the joint inversion 

of seismic and CSEM data through cross-gradient constraints that enforce the structural 

similarity between them. Colombo and De Stefano (2007) and Colombo et al. (2008) 

implemented joint inversion of seismic and magnetotelluric (MT) data in a prestack 

depth migration workflow. They applied the structural constraints by either cross-

gradient or empirical functions between electrical resistivity and seismic velocities 

derived from well log analysis. Moorkamp et al. (2011) presented three-dimensional 

joint inversion results for seismic, MT, and gravity data using large-scale optimization 

methods, where direct parameter coupling and cross-gradient coupling were compared. 

Although the structural approach has shown its validity in many studies, there are 

several shortcomings. For example, the knowledge of rock physics is ignored, and even 

the information from nearby boreholes is not used when using cross-gradient. 

Furthermore, it may be inadequate for time-lapse monitoring because hydrocarbon 

recovery in reservoirs can break an empirical relation between resistivity and velocities 

encountered in well logs or induce different directional changes in resistivity and 

velocities so that cross-gradient constraint interrupt the interpretation of fluid flow. 

The other approach is to use rock physics models for linking between electrical 

resistivity and seismic velocities based on the assumption that both parameters are 

functions of porosity and fluid saturation. This petrophysical approach is attractive since 

reservoir parameters are directly inverted, but it introduces additional uncertainty of 
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rock physics models. Hoversten et al. (2006) have shown a joint inversion algorithm 

using rock physics models to estimate reservoir parameters from seismic amplitude 

variation with angle incidence (AVA) data and marine CSEM data. Chen et al. (2007) 

developed a Bayesian model to jointly invert marine seismic AVA and CSEM data 

using Markov chain Monte Carlo (MCMC) methods in order to obtain not only the 

estimates of reservoir parameters but also uncertainty associated with the estimates. 

Chen and Hoversten (2012) have incorporated statistical rock physics relationships into 

the previously developed Bayesian method for jointly inverting seismic AVA and 

CSEM data using MCMC methods. Gao et al. (2012) presented a joint inversion 

approach for the direct estimation of in situ reservoir parameters such as porosity and 

fluid saturations by jointly inverting electromagnetic and full-waveform seismic 

measurement using a Gauss-Newton algorithm equipped with the multiplicative 

regularization and data-weighting scheme. 

 

1.2 Scope of Work 

The goal of this study is to develop the statistical workflow to integrate time-lapse 

seismic and electromagnetic data as well as production history. The advantages of joint 

integration of different geophysical data in reservoir characterization are also gained in 

reservoir monitoring by combining time-lapse seismic and electromagnetic data. In this 

work, our interest is in a stochastic approach to be able to get multiple reservoir models 

globally. 

Time-lapse seismic and electromagnetic data can be integrated on different 

levels. In other words, two geophysical data can be interpreted in advance as reservoir 
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properties (e.g. facies and porosity) and dynamic changes in reservoirs (e.g. saturation 

and pressure), which can be directly used to construct an initial model and compared 

with flow simulation results in history matching framework. On the other hand, seismic 

and electromagnetic forward simulations are conducted with flow simulation so that 

seismic and electromagnetic misfits between measured data and observed data are 

simultaneously optimized with production misfits. 

On the basis of these two approaches, the key research objectives for this work 

are: 

 Develop a quick and efficient method to integrate time-lapse seismic and 

electromagnetic data statistically. The method should estimate the reservoir 

properties and the changes in reservoirs before utilizing a flow simulator. 

Moreover, we should be able to incorporate the integration result easily into 

conventional history matching and to assess the uncertainty associated with the 

estimation. For these purposes, a new method is designed in the context of 

statistical rock physics. 

 

 Develop a global and stochastic optimization algorithm which enables the 

forward simulations of multiple models to be in parallel and the perturbation of 

current models to take advantage of all the misfits of multiple models. This 

strategy can be very effective in term of computation time. As described in the 

literature review, PSO is one of the promising algorithms in this category, so a 

novel PSO-based algorithm, named as Pro-PSO, is introduced. 
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 Address the problem of capturing geological structures in an optimization 

process. In reservoir monitoring applications, there is always prior geological 

information. If we apply optimization techniques without considering prior 

knowledge, the optimized results lose all the geological continuity and structures. 

Thus, this issue is also considered for both Gaussian and non-Gaussian random 

fields over this study. 

 

 Design a particular optimization workflow for the new PSO-based method. All 

the previous optimization techniques rely on some weighted sum of the misfits 

of time-lapse seismic, time-lapse electromagnetic, and production data. The 

workflow of having particles to specialize each misfit of different data is 

investigated for joint integration of a three-dimensional synthetic reservoir.   

 

1.3 Dissertation Outline 

In Chapter 2, as a quick integration method, we establish the workflow to statistically 

integrate time-lapse seismic and electromagnetic data by developing a new strategy to 

consider the scale differences between diverse data. The workflow constructs the 

multivariate probability distribution of field-scale seismic and electromagnetic data as 

well as reservoir properties from well logs and estimates reservoir properties from the 

measured seismic and electromagnetic data. The developed approach is tested in 

classifying facies: oil sand, brine sand, and shale of a synthetic reservoir. 
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In Chapter 3, we introduce the Pro-PSO algorithm by reformulating the 

equations of PSO from a probabilistic point of view. One of the biggest shortcomings 

of PSO is that PSO cannot incorporate probabilistic priors that are very common in 

reservoir characterization and monitoring problems. Therefore, the philosophy of PSO 

algorithms is changed from the behavior of moving particles to the equivalent sampling 

of particle positions. Pro-PSO calculates the probability density function of particle 

positions to combine any probabilistic form of prior information. The effectiveness of 

Pro-PSO is investigated for seismic inversion and flow history matching examples.  

In Chapter 4, we propose a different version of Pro-PSO for discrete parameters, 

termed Pro-DPSO. Pro-DPSO considers the probability mass function of a particle as 

the position of a particle, so it optimizes not only parameters but also the probability 

mass functions of parameters. We hybridize Pro-DPSO with the single normal equation 

algorithm (SNESIM) to capture complex, non-Gaussian structures in an optimization 

process. The hybridized algorithm is evaluated on a synthetic example of seismic 

inversion and compared with an MCMC method. 

Chapter 5 presents a new workflow for integrating time-lapse seismic, 

electromagnetic, and production data, which is particularly designed for a family of Pro-

PSO. The workflow divides particles into several groups in order to specialize each 

misfit of seismic, electromagnetic, and production data. The developed workflow is 

applied to a three-dimensional synthetic reservoir, and the behavior of each group is 

examined. 

In Chapter 6, we summarize and conclude this dissertation. Also, some aspects 

and recommendations are provided for future work. 
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Additionally, a large-scale data set is introduced in Appendix A. This appendix 

includes many aspects of generating synthetic data sets with the purpose of testing 

algorithms for joint integration of time-lapse seismic, electromagnetic, and production 

data. 
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Chapter 2 

Statistical Integration of Time-Lapse 

Seismic and Electromagnetic Data 

 

In this chapter, as a quick data integration method, a statistical integration workflow is 

suggested with a new upscaling scheme that takes into account the scale differences 

between seismic, electromagnetic, and well-log data. The developed method simulates 

the probability distribution of field-scale seismic and electromagnetic attributes as well 

as reservoir properties. The conceptual basis is that successful results can be expected 

when reservoir properties are estimated from the field-scale probability distribution of 

very analogous reservoirs to the target reservoir. Thus, geologically analogous 

reservoirs are generated using unconditional multiple-point geostatistical simulation 

and well log analysis. The field-scale data of the analogous reservoirs are then obtained 

by forward modeling and inversion techniques or filtering. 

 

2.1 Theoretical Background 

Multivariate probability distribution of reservoir properties and secondary data (seismic 

and electromagnetic data) can be utilized to assess the probability of discrete (facies) or 

continuous (fluid saturation or porosity) reservoir properties conditional to secondary 

data based on Bayes’ rule. This technique, often called statistical rock physics, has been 
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used in seismic reservoir characterization (Avseth et al., 2000, 2001a, 2001b; Eidsvik 

et al., 2004; Mukerji et al., 2001). In this work, we focus on facies classification. The 

joint probability distribution of facies C and multiple secondary data Y can be defined 

as 

 1, , , .nP C Y Y                                                 (2.1) 

The exact probability distribution in a reservoir is surely unknown, so we have to model 

it with diverse data. The following section presents a new methodology to model the 

joint probability distribution (Equation (2.1)). 

Once the joint probability distribution is modeled, a conditional probability of 

facies given seismic and electromagnetic data at a certain location in a reservoir is 

derived by the definition of conditional probability: 
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                     (2.2) 

According to Bayes’ rule, the conditional probability of facies given secondary data can 

be denoted as 

     1 1 1 1, ... , , ... , .n n n nP C Y y Y y P C P Y y Y y C                     (2.3) 

If the marginal probability of each facies is the same in a reservoir, facies classification 

can be made by the maximum likelihood as follows: 

 1 1, ... , .i n n iC c if P Y y Y y C c maximum                       (2.4) 
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Figure 2.1: The procedure of the statistical integration of seismic and electromagnetic data with a new 

upscaling method to consider the scale differences. 
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2.2 Methodology 

2.2.1 Modeling of Field-Scale Probability Distribution 

Figure 2.1 summarizes the procedure of statistical integration with a new scheme to 

simulate the field-scale probability distribution of seismic data, electromagnetic data, 

and facies. First of all, well logs, such as facies, porosity, seismic velocities, and 

electrical resistivity, are obtained from several wells, and appropriate rock physics 

models are identified. Then, the well-log data are extended by rock physics modeling 

and Monte Carlo simulation to possible values in the reservoir but not encountered in 

the wells; for example, the values for possible porosity and saturation. The extended 

well-log data give the well-scale joint probability distribution of seismic, 

electromagnetic data, and facies: 

 , , , ,well well wellP C AI EI R                                           (2.5) 

where AIwell and EIwell are, respectively, well-scale acoustic and elastic impedances, and 

Rwell is well-scale electrical resistivity. As the seismic and electromagnetic attributes of 

the joint probability distribution, we select acoustic impedance, elastic impedance, and 

electrical resistivity as examples. 

Since seismic and electromagnetic data carry information on reservoir properties 

at different scales with well logs, it can be very problematic that well-scale probability 

distribution is simply used for estimating reservoir properties from seismic and 

electromagnetic inversion results. In statistical rock physics for seismic reservoir 

characterization, this issue has been addressed from simple Backus averaging of layer 
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properties to creating pseudo-logs and synthetic seismograms (e.g. Takahashi, 2000). 

However, seismic responses are not just upscaling of heterogeneities along the well 

paths but are the consequence of the spatial variation of reservoir properties. This scale 

issue is even more severe when it comes to additionally incorporating electromagnetic 

data into the probability distribution because the measurements scales are also different 

between seismic and electromagnetic techniques. Therefore, the following scheme is 

developed to resolve the scale discrepancy between seismic, electromagnetic, and well-

log data. 

First, geologically analogous reservoirs to the target reservoir are generated by 

a multiple-point geostatistical algorithm. In this research, the single normal equation 

simulation algorithm (SNESIM) (Strebelle, 2000, 2002) is applied. Note that the 

purpose of this approach is just to simulate the field-scale (the measurement scales of 

seismic and electromagnetic images) probability distribution of analogous reservoirs, 

and not to do sampling or match data, so only a few realizations are enough for this 

purpose using unconditional simulation.  

Well-scale seismic and electromagnetic attributes conditional to facies are 

randomly assigned to the analogous reservoirs using the well-scale probability 

distribution obtained from well log analysis (Equation (2.5)). To include geological 

continuity, a geostatistical algorithm could be applied when populating well-scale 

properties to the analogous reservoirs. The same forward modeling and inversion 

techniques used for the target reservoir are applied to get the field-scale data of the 

analogous reservoirs. Alternatively, appropriate filters, induced from comparison with 

the result of forward modeling and inversion, can be applied for quick simulation of 
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field-scale data. The field-scale probability distribution of the analogous reservoirs, 

finally, can be calculated with nonparametric or parametric assumptions because all the 

information is known everywhere of analogous reservoirs. Therefore, the obtained 

probability distribution is 

 , , , ,field field fieldP C AI EI R                                          (2.6) 

where AIfield and EIfield are field-scale acoustic and elastic impedances, Rfield is electrical 

resistivity. 

2.2.2 Incorporating Time-Lapse Data 

In reservoir monitoring, multiple seismic and electromagnetic measurements can be 

made about the same reservoir at different times. The simplest way of using time-lapse 

data would be to integrate the measurements at the same stage of production separately 

and compare the integration results at different times to locate the changes in the 

reservoir. However, in this research, we want to quantify the uncertainty of the spatial 

distribution of depleted regions. Therefore, we further the developed upscaling method 

to build the joint probability distribution of the differences in field-scale data. 

Figure 2.2 summarizes the procedure to simulate the field-scale probability 

distribution of the field-scale data differences during production. A similar procedure 

with Figure 2.1 is applied to integrate time-lapse seismic and electromagnetic data. The 

only difference is that it requires two different saturation profiles for each realization. 

At unchanged locations during production, we just assign the same acoustic impedance, 

elastic impedance, electrical resistivity. Small amounts of noises should be added if  
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Figure 2.2: The procedure of the statistical integration of time-lapse seismic and electromagnetic data 

with a new upscaling method to consider the scale differences. 

 

Gaussian mixture distribution, which is explained in the following section, is planned 

to be used for density estimation to avoid the error of ill-conditioned covariance matrix 

in modeling Gaussian mixture parameters. 
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When well-scale data are assigned at the same location for different saturations 

(depleted locations), they should be somewhat related to each other. Otherwise, the 

simulated probability distribution does not reflect the changes in the reservoir properly. 

Therefore, we first sample porosity given facies to the analogous reservoirs, and then 

seismic impedances and electrical resistivity are assigned conditional to facies and 

porosity using the well-scale probability distribution. This is based on the assumption 

that porosity does not change much during production. The same random seed should 

be used at the same location in Monte Carlo simulation because independent sampling 

of attributes at the same location for different saturations could produce the changes in 

attributes inconsistent with the changes in saturation. The obtained distribution is 

 , , , ,field field fieldP C AI EI R                                        (2.7) 

where AIfield and EIfield are the differences of field-scale acoustic and elastic 

impedances, Rfield is the difference of electrical resistivity. 

2.2.3 Estimation of Probability Distribution 

After the developed procedure is applied to analogous reservoirs, what we obtain is 

field-scale data, not the probability distribution of field-scale data. To estimate the 

unknown distribution from the simulated data, we either assume the type of a probability 

density function (a parametric approach) or use a certain inference method for 

nonparametric estimation. In this work, simple density functions (e.g. Gaussian) are 

ruled out as the simulated properteis show a complex shape of the distribution (see the 

following example). Thus, as a nonparametric approach, we compute the histogram of 



 

21 

 

field-scale data and then use a Gaussian kernel to apply a smoothing or interpolation of 

the data in each bin of the histogram. The details of nonparametric density estimation 

can be found in Avseth et al., (2005) and Silverman (1986). 

Although kernel-based density estimation can represent a complex distribution 

because it does not require any rigorous assumption about the form of the distribution, 

the classification of facies can fail just because there is no data point in well logs. This 

can be a problem especially when there are not many wells in a field. Therefore, we also 

use a multivariate Gaussian mixture model to estimate the field-scale joint probability. 

A Gaussian mixture distribution is simply the sum of several Gaussian distributions as 

follows: 

   
1

,
K

i i i

i

P N


x μ Σ                                              (2.8) 

where x is a vector of variables, i is the weight of the ith Gaussian distribution, i is 

the mean, and i is the covariance matrix, and K is the total number of Gaussian 

distributions. Since it is a parametric distribution, facies classification can always be 

made. Also, a complex shape of the distribution can be estimated with increasing the 

number of Gaussian distributions. 

 

2.3 Synthetic Example 

A two-dimensional cross section is chosen from the three-dimensional synthetic 

reservoir, Stanford VI-E (Appendix A) that includes time-lapse seismic attributes and 

electrical resistivity. Three facies: oil sand (So ≥ 0.5), brine sand (So < 0.5), and shale 
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Figure 2.3: Two-dimensional synthetic cross section: oil saturation (left) and facies (right). Red lines 

indicate two vertical wells. 

 

are determined based on saturation and mineralogy (Figure 2.3). Two vertical wells, 

indicated as red lines in the figure, are assumed. 

Various empirical formulae are used to create well-scale (geostatistical-scale) 

velocities (Avseth et al., 2000; Castagna et al., 1985, 1993; Gardner et al., 1974) and 

electrical resistivity (Archie, 1942; Waxman and Smits, 1968). The details of the 

formulae can be found in Appendix A. To generate synthetic, field-scale seismic 

properties, Born filtering (Mukerji et al., 1997) is applied. It approximates the seismic 

response function in the spatial spectrum domain for the given source-receiver geometry 

and signal bandwidth. This example assumes surface seismic reflection geometry with 

1 km source-receiver spread. Acoustic impedance is created with 10-60 Hz frequency 

bandwidth while elastic impedance is generated with 5-25 Hz at a 30° incidence angle. 

For the field-scale electromagnetic attribute, geometric moving average filtering is 

applied to horizontal electrical resistivity with a 25 m running window, and arithmetic 
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Figure 2.4: Seismic and electromagnetic properties of the synthetic cross section; acoustic impedance 

(top-left), elastic impedance (30°) (top-right), and electrical resistivity (bottom). 

 

moving average filtering is to vertical resistivity with a 15 m window (Alumbaugh et 

al., 2008). Figure 2.4 shows the field-scale acoustic impedance, elastic impedance, and 

electrical resistivity of the synthetic example. These field-scale properties are assumed 

as the inversion results of the target cross section shown in Figure 2.3.  

Figure 2.5 presents various logs at two vertical wells, including porosity, density, 

P-wave velocity, S-wave velocity, and electrical resistivity. Seismic impedances and 

electrical resistivity, which are acquired from well logs, are presented in Figure 2.6. 

Rock physics modeling and Monte Carlo simulation are applied to the well-log data to  
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Figure 2.5: Well logs at two wells in the cross section: the left well (top) and the right well (bottom). 

 

extend them to possible values in the reservoir but not encountered in the wells. The 

extended data are also plotted with the well-log data (Figure 2.6). 

Figure 2.7 displays three realizations that are generated by the unconditional 

multiple-point geostatistical algorithm (SNESIM) as analogous reservoirs to the target  
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Figure 2.6: Seismic impedances and electrical resistivity from well logs and the extended data by rock 

physics modeling and Monte Carlo simulation. 

 

    

 

Figure 2.7: Three realizations generated by the multiple-point geostatistics algorithm (SNESIM). 
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Figure 2.8: Well-scale acoustic impedance (top row), elastic impedance (middle row), and electrical 

resistivity (bottom row) of three realizations. 

 

cross section. Well-scale seismic impedances and electrical resistivity given facies are 

assigned to these realizations using the extended well-log data shown in Figure 2.6. 

As described earlier, field-scale parameters can be simulated through forward 

modeling and inversion techniques used for the target reservoir or appropriate filtering. 

In this synthetic example, the same Born filtering and the moving average filtering are 

applied to the generated realizations as to the target cross section. Figure 2.8 and 2.9 

present the well-scale and field-scale seismic impedances and electrical resistivity of 

three realizations. 
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Figure 2.9: Field-scale acoustic impedance (top row), elastic impedance (middle row), and electrical 

resistivity (bottom row) of three realizations. 

 

Figure 2.10 compares the distributions of the extended well-scale data, the 

simulated field-scale data of the realizations, and the true field-scale data of the target 

cross section. We can see clear differences between the distributions of well-scale 

properties and the field-scale properties. Furthermore, the distribution of the field-scale 

data of the realizations has a lot more similarity with the distribution of the true field-

scale data as compared to the extended well-scale data. 

Figure 2.11 presents the classification results with kernel density estimation. 

The figure compares the classified facies by the field-scale distribution of seismic and  
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Figure 2.10: The distributions of the extended well log data (top-left), the simulated field-scale data of 

three realizations (top-right), and the true field-scale data of the target cross section (bottom). The facies 

are not shown for the target cross section since they are unknown in classification. 

 

electromagnetic attributes using the suggested method and by the extended well-scale 

distribution without the scale consideration. The results classified with the field-scale 

distribution by only seismic data and only electromagnetic data are also presented. As 

shown in the figure, many regions in the cross section cannot be classified when the 

scale differences between well logs, seismic and electromagnetic data are ignored, 

whereas the classification result significantly improves with the developed upscaling 

method. Besides, this statistical integration approach reveals the advantages of two 

different geophysical data: differentiations between shale and sand by seismic data, and  
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Figure 2.11: Classification results with kernel-based density estimation by: the field-scale distribution of 

seismic and electromagnetic data (top-left), the well-scale distribution of seismic and electromagnetic 

data (top-right), the field-scale distribution of seismic data (bottom-left), and the field-scale distribution 

of electromagnetic data (bottom-right). 

 

between oil sand and the other facies by electromagnetic data. Table 2.1 summarizes 

the error ratio of each classification result: misclassification and unclassification. Tables 

2.2 provides the precision, recall and F1 scores of the classification results when the 

kernel-based density estimation is applied. 

Figure 2.12 presents the classification results with Gaussian mixture models 

consisting of 10 Gaussian distributions. Unlike the kernel-based estimation in Figure 
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Table 2.1: The error ratios of classification. 

Scale Data 
Probability 

estimation 

Misclassifica

-tion 

Unclassfica-

tion 
Total error 

Field 
Seismic & 

electromagnetic 
Kernel-based 0.1651 0.0288 0.1939 

Well 
Seismic & 

electromagnetic 
Kernel-based 0.3053 0.5313 0.8366 

Field Seismic Kernel-based 0.2315 0.0122 0.2437 

Field Electromagnetic Kernel-based 0.3043 0 0.3043 

Field 
Seismic & 

electromagnetic 

Gaussian 

mixture 
0.1446 - 0.1446 

Well 
Seismic & 

electromagnetic 

Gaussian 

mixture 
0.2283 - 0.2283 

Field Seismic 
Gaussian 

mixture 
0.2309 - 0.2309 

Field Electromagnetic 
Gaussian 

mixture 
0.2990 - 0.2990 

 

Table 2.2: The precision, recall, and F1 scores of the classification with kernel-based density estimation. 

Scale Data Facies Precision Recall F1 Score 

Field 
Seismic & 

electromagnetic 

Shale 0.9248 0.8525 0.8872 

Brine sand 0.6534 0.8280 0.7304 

Oil sand 0.7836 0.7700 0.7767 

Well 
Seismic & 

electromagnetic 

Shale 0.6887 0.9857 0.8108 

Brine sand 0.7569 0.2657 0.3933 

Oil sand 1.0000 0.0276 0.0537 

Field Seismic 

Shale 0.9368 0.8607 0.8971 

Brine sand 0.5060 0.5833 0.5419 

Oil sand 0.5428 0.6207 0.5791 

Field Electromagnetic 

Shale 0.9352 0.6363 0.7573 

Brine sand 0.4209 0.7293 0.5338 

Oil sand 0.6462 0.9015 0.7528 
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Figure 2.12: Classification results with Gaussian mixture models by: the field-scale distribution of seismic 

and electromagnetic data (top-left), the well-scale distribution of seismic and electromagnetic data (top-

right), the field-scale distribution seismic data (bottom-left), and the field-scale distribution of 

electromagnetic data (bottom-right). 

 

2.11, there is no unclassified location because the probability distributions are assumed 

to be parametric. The error ratios of the classification results are presented in Table 2.1. 

Tables 2.2 provides the precision, recall and F1 scores of the classification results when 

Gaussian mixture models are used. 

Overall, the classification with Gaussian mixture models is superior to that with 

kernel- based estimation in this example. The error is about 14% when the classification 

is performed by the field-scale distribution of seismic and electromagnetic data with 
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Table 2.3: The precision, recall, and F1 scores of the classification with Gaussian mixture models. 

Scale Data Facies Precision Recall F1 Score 

Field 
Seismic & 

electromagnetic 

Shale 0.9271 0.8851 0.9056 

Brine sand 0.7024 0.7741 0.7365 

Oil sand 0.7899 0.8360 0.8123 

Well 
Seismic & 

electromagnetic 

Shale 0.9113 0.8564 0.8830 

Brine sand 0.4701 0.7644 0.5822 

Oil sand 0.9598 0.4259 0.5900 

Field Seismic 

Shale 0.9356 0.8623 0.8974 

Brine sand 0.5147 0.5728 0.5422 

Oil sand 0.5339 0.6315 0.5786 

Field Electromagnetic 

Shale 0.9108 0.6541 0.7614 

Brine sand 0.4231 0.7201 0.5330 

Oil sand 0.6845 0.8734 0.7676 

 

Gaussian mixture models. Interestingly, the classification result with the well-scale 

distribution of seismic and electromagnetic data improves drastically by using Gaussian 

mixture distribution. 

This statistical data integration of seismic and electromagnetic data provides the 

probability maps of each facies conditional to the data, so we can assess the uncertainty 

associated with the classification and recognize the risk of the data integration result. 

Figure 2.13 exhibits the probability maps of facies with Gaussian mixture models based 

on the field-scale distribution of seismic and electromagnetic data. Also, the probability 

maps can be incorporated, as soft data, into geostatistical algorithms to reproduce small-

scale variability and, thus, be utilized in traditional history matching framework. 
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Figure 2.13: Probability maps of facies with Gaussian mixture models based on the field-scale distribution 

of seismic and electromagnetic data: shale (top-left), brine sand (top-right), and oil sand (bottom). 

 

Now, suppose that time-lapse seismic and electromagnetic measurements are 

carried out at the same cross section; one is for the initial condition, and the other is for 

10 years after production (Figure 2.14). The simplest way of using the time-lapse data 

in the statistical integration approach is to separately integrate the measurements at the 

same stage of production and compare the integration results to locate the changes in 

the reservoir as shown in Figure 2.14. The classification results by the Gaussian mixture 

model of the field-scale seismic and electromagnetic attributes are compared with the  
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Figure 2.14: Comparison between the true facies and the classification results with Gaussian mixture 

models: the true facies at the initial condition (top-left), the true facies at 10 years after production (top-

right), the classification result for the initial condition (bottom-left), and the classification result for 10 

years after production (bottom-right). 

 

true facies at the initial condition and 10 year after production. The depleted region can 

be identified by investigating the changes of facies. 

As mentioned above, the simple comparison between the classification results 

cannot provide any information about the uncertainty of the spatial distribution of 

depleted regions. Therefore, the methodology summarized in Figure 2.2 is employed to 

identify the depleted area of the cross section. First, the same three realizations are 

modified to have different saturation profiles as presented in Figure 2.15. The suggested  
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Figure 2.15: Three realizations with different saturation profiles: for initial conditions (top row) and after 

production (bottom row). 

 

    

Figure 2.16: The distributions of the simulated field-scale differences of three realizations (left), and the 

true field-scale differences of the target cross section (right). 

 

upscaling method (Figure 2.2) are then used to generate the field-scale distribution of 

the differences in seismic impedances and electrical resistivity. 
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Figure 2.17: Classification result (left column) and the probability map (right column) of depleted regions 

with Gaussian mixture models by: the field-scale distribution seismic and electromagnetic differences 

(error = 0.0933) (top row), the field-scale distribution of seismic differences (error = 0.0986) (middle 

row),  and the field-scale distribution of electromagnetic differences (error = 0.1503) (bottom row). 
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Table 2.4: The precision, recall, and F1 scores of the classification of depleted regions. 

Scale Data Facies Precision Recall F1 Score 

Field 
Seismic & 

electromagnetic 

Depleted 0.9657 0.9250 0.9449 

Unchanged 0.6213 0.7894 0.6953 

Field Seismic 
Depleted 0.9831 0.9016 0.9406 

Unchanged 0.5879 0.9006 0.7114 

Field Electromagnetic 
Depleted 0.9883 0.8361 0.9059 

Unchanged 0.4712 0.9364 0.6270 

 

Figure 2.16 compares the distributions of the simulated field-scale differences 

of the realizations and the true field-scale differences of the target cross section. As 

shown in the figure, we now classify the cross section into the depleted region and the 

unchanged region to locate the produced areas and quantify the probability associated 

with them. 

Figure 2.17 shows the classification results with Gaussian mixture models by 

the field-scale distributions of seismic and electromagnetic differences, only seismic 

differences, and only electromagnetic differences. Only 9.3% errors occur when both 

time-lapse seismic and electromagnetic data are utilized to monitor the spatial 

distribution of oil production. Tables 2.4 provides the precision, recall and F1 scores of 

the classification results of depleted regions when Gaussian mixture models are used. 

 

2.4 Summary 

In this chapter, the workflow for statistical integration of time-lapse seismic and 

electromagnetic data was introduced with a new upscaling method. The suggested 
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method simulates the joint probability distribution of field-scale seismic data, 

electromagnetic data, and reservoir properties using unconditional multiple-point 

geostatistics simulations. The application to facies classification in a two-dimensional 

cross section of a synthetic reservoir has proved that the statistical workflow can provide 

a new way of jointly integrating time-lapse seismic and electromagnetic data for 

reservoir characterization and monitoring. 

The developed approach has the following advantages; 1) a few realizations are 

enough; three realizations are used in the example case, 2) realizations do not have to 

be as large as a target reservoir, 3) time-lapse data can also be incorporated into the 

probability distribution, 4) probability maps can also be computed so they can be used 

for uncertainty quantification or as soft data for geostatistical algorithms, 5) the 

consideration of scale differences between diverse data is conducted in a consistent way 

with seismic and electromagnetic forward modeling and inversion, and 6) filtering could 

be utilized for a quick estimation. 

This work, however, uses the filtering methods consistently to generate the filed-

scale seismic and electromagnetic attributes and distributions. The filtering approach 

assumes a perfect reconstruction of parameters at field scale. For example, the Born 

filter represents a perfect diffraction tomographic reconstruction of impedances. 

The goal is not to obtain the parameters (impedances) but only the field-scale pdf of the 

parameters. This filtering approach may or may not create a bias in the pdf, depending 

on the distribution (pdf) of imperfections in the actual reconstructions. Therefore, a 

more thorough investigation needs to be performed with real data and inversion results 

to fully demonstrate the advantages 5 and 6.  



 

39 

 

Chapter 3 

Probabilistic Particle Swarm Optimi-

zation 

 

This chapter explains a new stochastic optimization method, named as probabilistic 

particle swarm optimization (Pro-PSO). This algorithm is designed to take advantage of 

parallel computing to reduce computational time as well as to utilize a probabilistic prior 

information common in reservoir monitoring problems.  

Particle swarm optimization (PSO) is a stochastic method to globally find 

optimal solutions by improving a population (swarm) of potential solutions (particles) 

iteratively. In recent years, PSO methods have been applied in many reservoir 

applications, such as seismic inversion, well placement optimization, and history 

matching. However, it is very difficult to utilize prior knowledge, especially 

probabilistic priors about the problem, in conventional PSO framework except for using 

it to determine the boundaries of search space. In this work, the equations in PSO are 

reformulated from a probabilistic point of view. The philosophy of PSO algorithms is, 

therefore, converted from the behavior of moving particles to the equivalent sampling 

of particle positions from the convolution of two independent uniform distributions. 

This probabilistic PSO can provide the means of incorporating any prior information, 

in the form of probability, into the PSO framework, by combining prior probabilistic 

information with the conditional probability determined in Pro-PSO. The proposed 



 

40 

 

algorithm is evaluated on seismic inversion and flow history matching of a two-

dimensional synthetic reservoir.  

 

3.1 Introduction 

As modern computational power is improving drastically, stochastic optimization 

methods are becoming increasingly important tools for reservoir characterization and 

management, by virtue of their features to provide multiple data-matched models and a 

range of predictions. Nevertheless, high computational expense is still the biggest 

stumbling block in the way of employing stochastic methods in reservoir applications 

because most problems are highly ill-posed and related forward simulations are time-

consuming. 

Particle swarm optimization (PSO) is an evolutionary computation algorithm to 

stochastically find optimal solutions by improving a population (swarm) of candidate 

members (particles) iteratively. The PSO algorithm was first introduced by Kennedy 

and Eberhart (1995) and originally intended for simulating social behavior to represent 

the movement of organisms in a bird flock or fish school. It differs from other 

evolutionary computation methods in that particles wander through the parameter 

hyperspace and share individual intelligence with one another. This main framework of 

PSO is strongly favorable for computing the fitness of each particle in parallel to 

alleviate time-consuming forward simulations, and the social characteristic makes PSO 

converge faster than other evolutionary methods. 

For the last decade, PSO applications in engineering and computer science have 

grown near-exponentially for its simplicity and for the ease with which it can be adapted 
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to different application domains and hybridized with other techniques (Poli, 2008). 

Many researchers have also applied PSO to reservoir problems, such as well 

optimization, seismic inversion, and history matching. Onwunlau and Durlofsky (2010) 

used PSO and genetic algorithm (GA) to optimize the well type and location, and 

showed that PSO outperformed GA in all cases considered. Isebor et al. (2014) 

developed PSO hybridized with mesh adaptive direct search (MADS) for determining 

the optimal number and type of new wells, their locations, drilling sequence, and 

controls, and presented comparable solutions at much lower computational cost than 

branch and bound (B&B) global search procedure. Jin et al. (2012) compared PSO, very 

fast simulated annealing (VFSA), and neighborhood algorithm (NA) for joint history 

matching of production and time-lapse seismic data. In their work, PSO has emerged as 

more effective compared with VFSA and NA in obtaining history-matched models with 

fewer iterations. 

However, while PSO has been successfully applied in many well optimization 

and management cases, the geological reservoir model is fixed or a couple of different 

models, at most, are taken into consideration in most research. One of the main reasons 

to compromise with a few reservoir models is that it is difficult to utilize prior 

knowledge, especially probabilistic priors, which is obtained from geological survey, 

well logs, and geophysical measurements, in PSO algorithm. Le Ravalec-Dupin et al. 

(2011) optimized the parameters of the gradual deformation method (GDM) (Lin, 2000), 

instead of properties at each grid, using PSO in seismic inversion. Thus, the optimized 

reservoir models follow the variogram of initial geostatistical realizations well, but this 

approach limits itself to the combination of pre-selected realizations so the perturbation 
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for finding the solution can be insufficient. Fernández-Martínez et al. (2010) projected 

the optimization search space onto a subspace of much smaller dimension by principal 

component analysis (PCA), while keeping consistency with prior spatial geological 

features. Then they applied a family of PSO algorithms (Fernández-Martínez and 

García-Gonzalo, 2009) to finding optimal reservoir models by history matching of 

production and time-lapse seismic data. Suman et al. (2011) also implemented the same 

scheme for the Norne field in the Norwegian North Sea. The both works illustrate that 

it is important to define the search space of PSO in the way that is capable of 

representing prior knowledge as much as possible to make PSO more robust in reservoir 

applications. 

In oil and gas industry, diverse data from different sources are always in hand. 

The information obtained from one source a priori helps interpret the data from other 

sources, and the prior information often has a probabilistic form through statistical rock 

physics or geostatistics. Therefore, although the search space is well bounded, the prior 

knowledge is not fully utilized unless and until PSO is made able to access probabilistic 

information. 

In this research, PSO is first reviewed briefly. The equations in the original PSO 

are, then, reformulated from a probabilistic point of view. The philosophy of the PSO 

algorithm is converted from the behavior of wandering particles to the equivalent 

sampling of particle positions. This probabilistic PSO (Pro-PSO) provides the means of 

incorporating any probabilistic form of prior information into PSO framework using the 

method of combining two conditional probabilities (Journel, 2002). After presenting the 
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theory, two application examples with a parameterization technique are investigated in 

seismic inversion and flow history matching of two-dimensional synthetic reservoirs. 

  

3.2 Particle Swarm Optimization 

The PSO algorithm was originally designed to mimic the movement of a swarm of 

organisms (Kennedy and Eberhart 1995). Each organism (particle) constantly moves to 

a better position based on individual learning and social transmission from 

neighborhood’s learning so far. Fernández-Martínez et al. (2008) interpreted PSO as a 

particular discretization of a stochastically damped mass-spring system. On the basis of 

this finding, Fernández-Martínez and García-Gonzalo (2009) derived a family of PSO 

algorithms that have different stability regions and exploration versus exploitation 

capabilities, by taking various finite-differencing schemes. In this work, all the 

equations are described as the original PSO algorithm, which is called general PSO or 

centered-regressive PSO in a family of PSO algorithms, since the basic forms of Pro-

PSO do not change for the different members of the PSO family. 

In PSO, a swarm of S particles (S is the total population of the swarm) is 

distributed in the search space of the problem; N-dimensional space (RN) if the number 

of parameters to be optimized in PSO is N. Each particle has its own position x(t) and 

velocity v(t) at iteration t. The fitness, which is usually the misfit between observations 

and simulated data, is calculated for each particle of the swarm at the current iteration. 

And then particles move toward better positions at the next iteration based on the fitness. 

The new position of particle i at iteration t+1, denoted here as xi(t+1), is given by 
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     1 1 , 1, ...,      i i it t t t i Sx x v                              (3.1) 

where vi(t+1) is the velocity vector of particle i at iteration t+1, and t is a time 

increment and usually set to 1 in the original PSO algorithm. The velocity vector of 

particle i at iteration t+1 is determined by 

           1 ,i i p p i i g g it w t a t t t a t t t             v v R p x R g x  

1, ...,i S                                                      (3.2) 

where w, ap, and ag are inertia, personal acceleration, and global acceleration constants 

respectively. Rp and Rg are diagonal matrices with elements randomly drawn from a 

uniform distribution [0, 1]. The inertia forces the particle to move in the direction it was 

previously moving, with the idea of continuing to search in a promising direction. The 

second term in Equation (3.2) is called a cognitive term. It causes particle i to be 

attracted to its own previous best position pi(t) until iteration t. The personal acceleration 

constant ap determines the maximum amount of the attraction, and Rp carries a 

stochastic characteristic in determining the movement of particle i. The last term in 

Equation (3.2) is a social term to lead particle i to the global best position g(t). g(t) is 

the best position found through iteration t by any particle in the swarm (or, sometimes, 

all particles within a certain range of neighborhood). The global acceleration constant 

ag also determines the maximum amount of the global attraction, and Rg gives 

randomness. 

The behavior of PSO algorithms depends on the inertia and acceleration 

constants (w, ap, and ag). Many researchers have studied the stability and convergence 
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of PSO and suggested several combinations of the constants to improve optimization 

performance (Clerc, 2006; Clerc and Kennedy, 2002; Eberhart and Shi, 2000; Trelea, 

2003; van den Bergh and Engelbrecht, 2006). In addition, Fernández-Martínez and 

García-Gonzalo (2009) has given analysis for determining good combinations of 

constants based on the first-order and second-order stability regions. This chapter only 

sticks to the simple combination of PSO constants. 

 

3.3 Probabilistic Particle Swarm Optimization 

The PSO algorithm fundamentally assumes that parameter hyperspace is topologically 

even, which means that all positions in the hyperspace are equally possible to be visited 

by particles if there is no attractor like the personal and global best positions. However, 

it is obvious that PSO would be more efficient and yield more consistent optima with 

previous information if particles could explore more frequently in more probable areas 

where the solution exists indicated by prior knowledge. In this section, the equations in 

PSO are reformulated from a probabilistic point of view to incorporate any probabilistic 

form of information into the PSO system. 

3.3.1 Probabilistic Formulation 

Equations (3.1) and (3.2) are the central part of the PSO algorithm. The next position of 

particle i is described by simply combining the two equations as 

 

             1 ,i i i p p i i g g it t w t a t t a t t            x x v R p x R g x  
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1, ..., .i S                                                    (3.3) 

The time increment t is set to 1 for simplifying the following derivation, but it can be 

added to the resulting equations later if practitioners want to use a different value of t. 

Now, suppose that the number of parameters to be optimized in PSO is N. Particles, 

thus, move around in an N-dimensional space. Then the position of particle i in Equation 

(3.3) can be expressed as N one-dimensional equations 

             1 ,k k k k k k k

i i i p p i i g g ix t x t wv t a r p t x t a r g t x t              

1, ..., , 1, ..., ,i S k N                                             (3.4) 

where xi
k(t)and vi

k(t) are the coordinate and velocity of particle i along k-axis. pi
k(t) and 

gk(t) are the k-coordinates of the personal and global best positions. rp and rg are the 

random numbers. 

In Equation (3.4), the cognitive and social terms include the random numbers 

drawn from a uniform distribution [0, 1]. Therefore, the two terms can be rephrased as 

two different uniform distributions 

                 
1 , , ,k k k k k

i i i i p p min p max i g g min g max
x t x t wv t U u u U u u       

   
 

1, ..., , 1, ..., ,i S k N                                              (3.5) 

where Ui
k
(p) and Ui

k
(g) are the uniform distributions determined by the relative 

coordinates of the current position, the personal best position, and the global best 

position, as follows 
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Figure 3.1: Conceptual diagram of Pro-PSO in a one-dimensional situation. The next position of particle 

i is determined as the current position plus the sum of inertia and two random samples from two 

independent uniform distributions. 
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Figure 3.1 shows the conceptual diagram of Equation (3.5). The amount of the 

incremental movement of particle i is decided as the sum of the inertia term (wvi
k(t)), a 

random sample (xi
k
(p)) from the personal best distribution Ui

k
(p), and a random sample 

(xi
k
(g)) from the global best distribution Ui

k
(g). 

Mathematically, the probability density function (pdf) of the sum of two 

independent random variables can be calculated by the convolution of the two 

distributions with which the variables are associated. Thus, if a random variable Zi
k is 
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defined as the sum of xi
k
(p) and xi

k
(g), the probability density that Zi

k is equal to z can 

be represented as the following equation 

         
( )

( )

.
p max

k
i p min

u
k k

i g i pZ u
f z U z y U y dy                                    (3.6) 

Equation (3.6) results in a trapezoid-shaped or triangle-shaped pdf depending on the 

minimum and maximum values of the two uniform distributions. The detailed solution 

of Equation (3.6) is presented in Appendix C. Based on Equations. (3.5) and (3.6), the 

conditional pdf of the position of particle i at iteration t+1 given the information at 

iteration t is 

                       1 , , , 1k
i

k k k k k k k k

i i i i i i iZ
f x t x t v t p t g t f x t x t wv t      

                                                      
( )

( )

1 ,
p max

p min

u
k k k k k

i i ii g i pu
U x t x t wv t y U y dy      

 1,..., , 1,..., .i S k N                                            (3.7) 

Consequently, in N-dimensional space, the joint pdf of the position of particle i at 

iteration t+1 is defined as 

           
1

1 1 , 1,..., ,k
i

N
k k k

i i i i iZ
k

f t t f x t x t wv t i S


      x pso        (3.8) 

where psoi(t) denotes all vectors at iteration t, which affect the position of particle i at 

iteration t+1: xi(t), vi(t), pi(t), and g(t). Now the mathematical interpretation of the PSO 

algorithm is converted from the behavior of wandering particles (or stochastic spring- 
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Figure 3.2: Conditional pdfs of a particle position at iteration t+1 given the values at iteration t for one-

dimensional examples: xi(t) = 0, vi(t) = 0, pi(t) = 5, g(t) = 7 (left) and xi(t) = -2, vi(t) = 0, pi(t) = 3, g(t) = -

10 (right). 

 

mass systems as described in Fernández-Martínez et al. (2008)) to the equivalent 

sampling of particle positions from the conditional pdfs, which can be obtained by 

Equation (3.8). Figure 3.2 illustrates the conditional pdfs of the position of a particle at 

iteration t+1 given the values at iteration t for one-dimensional examples. 

3.3.2 Incorporating Prior Probabilities 

Since Pro-PSO provides the pdfs of the positions of a swarm of particles, any 

probabilistic form of prior information can be incorporated into the Pro-PSO algorithm. 

A necessary step for the incorporation is now to combine the conditional pdf to prior 

information and the conditional pdf obtained from Pro-PSO. 

Consider the assessment of an unknown event A from the conditional probability 

P(A|B, C) given two data events B and C of different sources. In most cases, the 

probabilities P(A|B) and P(A|C) can be evaluated while the direct evaluation of P(A|B, 

C) is not possible. This calls for such an integration function  that 
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     , , .P A B C P A B P A C                                    (3.9) 

One of the accepted ways of combining two conditional probabilities P(A|B) and P(A|C) 

is Journel’s combination method, often called tau model (Journel, 2002). It was 

proposed, as an alternative to traditional data independence hypotheses, based on the 

permanence of updating ratios and has been widely used in geostatistics. In this method, 

the resulting conditional probability P(A|B, C) is calculated by 
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where 
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b and c are the parameters that determine the influences of P(A|B) and P(A|C) on P(A|B, 

C). For example, the data B are ignored when b = 0, its influence decreases when b < 

1, and increases when b > 1. 

Similarly, when there is prior knowledge in the form of conditional pdf f(x|dprior), 

where dprior is the data obtained from other sources a priori, Equation (3.8) of Pro-PSO 

can be combined with f(x|dprior) using Equation (3.10). However, the tau model is 

designed for binary events. Continuous pdfs, thus, need to be discretized to employ the 

binary model as follows, 
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Figure 3.3: Combined pdfs of two examples in one-dimensional case with vi(t) = 0; xi(t) = 0, pi(t) = 5 and 

g(t) = 7 (left), and xi(t) = -2, pi(t) = 3 and g(t) = 10 (right). The conditional pdf given prior information is 

assumed as N(0,52). 
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f(x) can be assumed as a uniform distribution that is equally probable within the 

boundaries of parameter hyperspace. x is a subinterval in parameter hyperspace, which 

is small enough to make the following approximation valid, 
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Consequently, the particles of Pro-PSO explore more frequently in more probable areas 

by sampling the positions of particles from the combined pdf (Equation (3.11)). Figure 

3.3 presents the combined pdfs for two example cases shown in Figure 3.2, assuming 

that the prior distribution is a normal distribution with mean 0 and standard deviation 5. 

 

3.4 Application: Prior Information from Geostatistics 

3.4.1 Two-Dimensional Synthetic Reservoir 

Here we show a synthetic example as a simple test case for the purpose of comparing 

the Pro-PSO algorithm with the conventional non-probabilistic PSO algorithm. A two-

dimensional, vertical reservoir is generated using sequential Gaussian simulation 

(SGSIM) (Goovaerts, 1997; Deutsch and Journel, 1997) as shown in Figure 3.4. Density 

and seismic velocity are assumed to be linearly related to porosity for simplicity. Born 

filtering (Mukerji et al., 1997) is applied to create the seismic response. Figure 3.5 shows 

the acoustic impedance of the reservoir to be used in seismic inversion. 

 

Figure 3.4: Porosity distribution of the two-dimensional vertical reservoir. The numbers of X-axis and Z-

axis are cell numbers. x and z are 10m. 
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Figure 3.5: Seismic response (acoustic impedance) of the two-dimensional vertical reservoir obtained 

from Born filtering. 

 

Figure 3.6: Flow response (oil and water production rates) of the two-dimensional vertical reservoir 

obtained from a commercial flow simulate, ECLIPSE. 

 

Also, the flow response of the reservoir is obtained from a commercial flow 

simulator, ECLIPSE. Permeability is calculated from porosity based on a linear 

relationship between the logarithm of permeability and porosity. Figure 3.6 presents the 

oil and water production rates for 1,500 days. A vertical injection well is installed along 

z direction at x = 0 and a vertical production well is located at x = 50. 
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Pro-PSO and PSO algorithms are applied to solve seismic inversion and flow 

history matching problems respectively to verify the effectiveness of Pro-PSO. In both 

cases, the objective is to find optimal porosity models by minimizing the misfit between 

the responses of the actual reservoir and the simulated responses of particles: acoustic 

impedance in seismic inversion (Figure 3.5), and oil and water production rates in flow 

history matching (Figure 3.6). To reduce the dimensionality of the model space, PSO 

and Pro-PSO optimizes principal component scores after PCA, not directly the 

porosities. 

3.4.2 Dimension Reduction 

    

Figure 3.7: Cumulative contribution of principal component coefficients to the total variance of 2,501 

realizations (left), and the porosity reconstructed from the first 300 principal components of the true 

reservoir (right). 

 

As described in Fernández-Martínez et al. (2010) and Suman (2013), it is 

demonstrated that PCA can project the optimization search space onto a subspace of a 

much smaller dimension while keeping consistency with prior spatial geological feature. 
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Figure 3.8: Two-dimensionally projected search space defined from the PCA of geostatistical realizations. 

Black lines indicate the boundaries of the space, and red dots represent the position of the true particle 

(principal component scores of the true reservoir). 

 

Also, Sarma (2006) showed that kernel PCA can reduce model dimensionality with 

preserving more complex geological patterns than two-point geostatistics. In this 

example, since the synthetic reservoir is a Gaussian field, PCA is applied, and principal 

component scores are used as optimization parameters. 

2,501 realizations are generated by SGSIM based on the same variogram as the 

true reservoir, and, then, PCA is conducted for all the realizations to define the search 

space of principal component scores. Figure 3.7 shows the cumulative contribution of 

principal component coefficients to the total variance of realizations. 300 principal 

component coefficients capture about 90% of the variance so the first 300 principal 

component scores, corresponding to 300 principal component coefficients, are optimi- 
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Figure 3.9: Histograms of the 1st and 2nd principal component scores of the realizations. 

 

zed to reduce the number of parameters in the following applications. Figure 3.7 also 

presents the reconstructed reservoir from the first 300 principal components. This 

profile is the best reservoir which can be obtained ideally from an optimization process 

with the 300 principal components. 

Now, in PSO, particles fly through 300-dimensional search space to find an 

optimal solution. The position of a particle in hyperspace can be visualized onto two-

dimensional space by plotting the coordinate of each axis as y-coordinate along x-axis. 

Figure 3.8 shows the defined search space limited by the maximum and minimum score 

values for each principal component and the particle denoting true scores. Namely, the 

prior information from geostatistics is utilized to define the boundaries of the search to 

be more consistent with geological feature. 

There is, however, more information that can be extracted from prior 

geostatistical simulation results. The distributions of principal component scores of the 

realizations are also important knowledge to enable PSO to be more efficient (Figure 

3.9). This probabilistic prior information is the thing that Pro-PSO can bring into play 
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while conventional PSO cannot. After closely investigating the distributions of all 300 

principal component scores, it is considered that all the distributions are approximately 

normal and independent of each other in this simple reservoir. In the following sections, 

Pro-PSO, which utilizes the score distributions, and PSO results are compared for 

seismic inversion and flow history matching cases. In both PSO and Pro-PSO, 50 

particles are used for all the applications. The acceleration constants ap and ag are set to 

2, and the inertia constant w decreases from 0.9 to 0.6 gradually as the simulation iterates. 

Also, in the tau model of Pro-PSO, the tau parameter is set to 1 for PSO, and gradually 

decreases 1 to 0.4 for prior information. 

3.4.3 Seismic Inversion 

 

Figure 3.10: Convergence rates of PSO and Pro-PSO in seismic inversion. The minimum misfit is 0.0663 

in PSO and 0.0353 in Pro-PSO. Bold lines show the minimum misfit particle at each iteration. 
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Figure 3.11: Best fit models obtained by PSO (left) and Pro-PSO (right) in seismic inversion. 

    

Figure 3.12: Histograms of the best fit models obtained by PSO (left) and Pro-PSO (right) in seismic 

inversion, plotted with the true reservoir. 

 

In seismic inversion, each particle (model) is forward-simulated by Born filtering, 

compared with the acoustic impedance of the true reservoir (Figure 3.5), and moves  

towards a better position to minimize the seismic misfit. Figure 3.10 compares the 

resulting performances of PSO and Pro-PSO. The number of iterations is limited to 300. 

As shown in the figure, the convergence rate of Pro-PSO is much faster than that of 

PSO. The minimum misfit level of PSO over 300 iterations is accomplished only after  
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Figure 3.13: Variograms of the true reservoir, the true reservoir reconstructed with 300 PCs, 2,501 SGSIM 

realizations, and the best fit models from PSO and Pro-PSO in seismic inversion in the directions of 45° 

(left) and 135° (right). 

 

9 iterations in Pro-PSO. At the end of iterations, the minimum misfit is 0.0663 in PSO 

as compared to 0.0353 in Pro-PSO. The results show that Pro-PSO can be significantly 

more efficient by managing particles in the way of exploring more possible area when 

reliable prior information exists. 

Figure 3.11 presents the best fit models obtained by PSO and Pro-PSO, and 

Figure 3.12 shows the histograms of those models and the true reservoir. Both models 

represent the major direction of geological continuity (45°) of the true reservoir (Figure 

3.4) very well because the search space is well-defined from the knowledge of 

geostatistics. The distributions of porosity also look similar to the actual distribution. 

To investigate the reproducibility of geological features, the variograms of the 

best fit models are compared in the direction of major continuity (45°) and the direction 

perpendicular to major continuity (135°), as presented in Figure 3.13. The best fit model 

from Pro-PSO has similar variograms with the true reservoir, while the variograms of 
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Figure 3.14: The ranges of the 500 best particles of PSO onto the two-dimensionally projected search 

space. Black lines are boundaries, blue lines are the range of the 500 models (misfits < 0.0764), and red 

dots are the true coordinates. 

 

the best fit model from PSO are located nearly outside the variograms of total 2,501 

realizations. There are two strategies in PSO algorithm when a particle hits the 

boundaries; one is to stay at the edge for that iteration and then move at the next iteration, 

the other is to bounce back to the center. Without tuning the combination of PSO 

constants, the former tends to find optima around the boundaries first because particles 

visit there frequently. On the other hand, the latter tends to find optima in the center of 

the search space first. Since the former scheme is adopted in the applications of this 

work, the best fit model from PSO is currently identified as a model consisting of the 

values near the boundaries, which causes very different variogram with the actual one.  
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Figure 3.15: The ranges of the 500 best particles of Pro-PSO onto the two-dimensionally projected search 

space. Black lines are boundaries, blue lines are the range of the 500 models (misfits < 0.0424), and red 

dots are the true coordinates. 

 

Therefore, this result also shows that Pro-PSO can guide to more probable optima first 

based on prior knowledge, and lessen the burden on finding an optimal combination of 

PSO constants. 

In stochastic optimization, an important thing to examine is the range of data-

matched models. Thus, Figure 3.14 shows the ranges (from the 1st principal component 

to the 100th component) of the 500 best models that have misfit values less than 0.0764 

for the PSO result. Note that the minimum misfit of PSO is 0.0663. Black lines define 

the search space boundaries, blue lines denote the ranges of the 500 models, and red 

dots indicate true coordinates. Although the ranges capture most of true values, they 

seem to be quite broad in the context of optimization. It does not mean that PSO failed 
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to optimize the problem, but it is that PSO needs many more iterations to get closer to 

the solution.  

In Figure 3.15, the range of the 500 best models in Pro-PSO is presented with 

the true coordinates. The 500 models correspond to misfit values less than 0.0424 while 

the minimum misfit of Pro-PSO is 0.0353. The best models of Pro-PSO show much 

smaller ranges around the truth than those of PSO. In other words, Pro-PSO reduces 

uncertainty around the true parameters better than PSO. The comparison of the results 

shows that Pro-PSO significantly outperformed PSO in the example seismic inversion. 

The influence of prior information can be adjusted by the tau values in Equation 

(3.10). If one has inaccurate and bad priors, those should not be used in optimization. 

Without using priors, Pro-PSO is the same algorithm with PSO, expressed by the 

different formulation. 

3.4.4 Flow History Matching 

In the flow history matching example, flow simulation is conducted for each particle 

(model) using ECLIPSE, and the oil and water production rates are compared with those 

of the actual reservoir (Figure 3.6). Figure 3.16 compares the resulting performances of  

PSO and Pro-PSO. The convergence rate of Pro-PSO is still much faster than PSO. 

Since the flow response, as compared to the seismic response, is much more highly 

nonlinear with the spatial distribution of reservoir properties, the misfit fluctuations over 

iterations are fairly large. The minimum misfit level of PSO over 300 iterations is 

accomplished after 7 iterations in Pro-PSO. At the end of iterations, the minimum misfit 

is 0.0482 in PSO and 0.0182 in Pro-PSO. In Figure 3.17, the oil and water production 

rates of the best fit models are presented with the actual production rates. 
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Figure 3.16: Convergence rates of PSO and Pro-PSO in flow history matching. The minimum misfit is 

0.0482 in PSO and 0.0182 in Pro-PSO. Bold lines show the minimum misfit particle at each iteration. 

    

Figure 3.17: Flow responses (oil and water production rates) of the best fit models in PSO (left) and Pro-

PSO (right). 

 

Figure 3.18 presents the best fit models obtained by PSO and Pro-PSO. Both 

models reproduce the major direction of geological continuity well, thanks to the well-  
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Figure 3.18: Best fit models obtained by PSO (left) and Pro-PSO (right) in flow history matching. 

 

defined search space from the geostatistical simulation. Nevertheless the best fit models, 

even in Pro-PSO, look rather different, in terms of the spatial distribution of highs and 

lows, with the true model although the flow responses are very similar. This also 

illustrates how dangerous deterministic optimization techniques would be. 

Figure 3.18 presents the best fit models obtained by PSO and Pro-PSO. Both 

models reproduce the major direction of geological continuity well, thanks to the well-

defined search space from the geostatistical simulation. Nevertheless the best fit models, 

even in Pro-PSO, look rather different, in terms of the spatial distribution of highs and 

lows, with the true model although the flow responses are very similar. This also 

illustrates how dangerous deterministic optimization techniques would be. 

The range of the best 500 models (the corresponding misfit is 0.1178) is 

presented in Figure 3.19. Except for the 1st principal component, PSO could not really 

narrow down the range of possible solutions as shown in Figure 3.19. The range of the 

best 500 models is literally the same with the search space boundaries for most of the 

components. 
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Figure 3.19: The ranges of the 500 best particles of PSO onto the two-dimensionally projected search 

space. Black lines are boundaries, blue lines are the range of the 500 models (misfits < 0.1178), and red 

dots are the true coordinates. 

 

Figure 3.20: The ranges of the 500 best particles of Pro-PSO onto the two-dimensionally projected search 

space. Black lines are boundaries, blue lines are the range of the 500 models (misfits < 0.0424), and red 

dots are the true coordinates. 
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In Figure 20, the ranges of the 500 best models in Pro-PSO are presented with 

the true coordinates. The models that have misfit values less than 0.0452 are used. This 

value is smaller than the minimum misfit of PSO (0.0482). The ranges of the best 

models are much smaller than the search space, unlike the PSO result. 

As mentioned above, the flow response is a highly nonlinear function of the 

spatial distribution of reservoir properties. Therefore, it is extremely difficult to 

characterize a reservoir by matching production data without the help of prior data from 

other sources. In that sense, Pro-PSO can have a head start compared to conventional 

PSO as demonstrated with the simple, two-dimensional reservoir. 

 

3.5 Summary 

In this research, the key equations of the general PSO were reformulated from a 

probabilistic point of view. The derived Pro-PSO can utilize any probabilistic form of 

prior information in the optimization process and, therefore, the benefits from prior 

information can lead Pro-PSO to more probable search area and help optimize more 

quickly. Seismic inversion and flow history matching examples were illustrated, and the 

results verified the effectiveness of Pro-PSO as compared to ordinary PSO in terms of 

not only convergence rate but also the quality of optimized models. In this work, we 

only focused on the derivation of Pro-PSO and a few applications, but this probabilistic 

view can give some insight into the performance and stability of PSO, which have been 

studied heuristically. 
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Chapter 4 

Pro-PSO for Discrete Parameters and 

Hybridization with Multiple-Point 

Geostatistics 

 

In Chapters 3, we introduced the probabilistic particle swarm optimization (Pro-PSO). 

Those algorithms are inherently designed for continuous parameters, such as porosity 

and permeability. In this chapter, a novel PSO method for discrete parameters and its 

hybridized algorithm with multiple-point geostatistics are presented. This stochastic 

algorithm is designed for complex geological models, which often require discrete 

facies modeling before simulating continuous reservoir properties.  

In the following sections, we first develop a new PSO method for discrete 

parameters (Pro-DPSO) where particles move in the probability mass function (pmf) 

space instead of the parameter space. Then Pro-DPSO is hybridized with the single 

normal equation simulation algorithm (SNESIM), one of the popular multiple-point 

geostatistics algorithms, to ensure consistency with prior geological features. This 

hybridized algorithm (Pro-DPSO-SNESIM) is evaluated on a synthetic example of 

seismic inversion, and compared with a Markov chain Monte Carlo (MCMC) method 

as a stochastic optimization technique. Also, the samples obtained from Pro-DPSO-
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SNESIM are compared with rejection sampling. The results show that the new 

algorithm generates multiple optimized models with a convergence rate much faster 

than the MCMC methods. In addition, it can provide numerous samples with much less 

computational cost than rejection sampling. 

 

4.1 Introduction 

Seismic characterization and flow history matching of complex non-Gaussian 

geological models such as sinuous channels are much more challenging than Gaussian 

models because the delineation of discrete facies requires multiple-point geostatistics. 

This discrete modeling makes it demanding to utilize techniques that have been applied 

to continuous problems; e.g., ensemble Kalman filter (EnKF) and gradient-based 

methods. Many researchers have suggested various transformation or parameterization 

methods to overcome this difficulty. These include discrete wavelet transform (Sahni 

and Horne, 2005), discrete cosine transform (Jafarpour et al., 2010), kernel PCA (Ma 

and Zabaras, 2011; Sarma, 2006; Sarma et al., 2008;), optimization-based PCA (Vo and 

Durlofsky, 2014), and level-set function (Lorentzen et al., 2012). Inherently, all 

parameterization methods, however, require additional pre-processing and post-

processing to capture geological features and map continuous parameters to discrete 

parameters. 

Another approach to invert for complex geological models is stochastic 

optimization or sampling techniques in which a candidate model is built from a 

multiple-point geostatistics algorithm, and then perturbed iteratively to obtain optimized 

models based on some objective function criteria. Markov chain Monte Carlo (MCMC) 
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methods are the most widely used sampler in this category. Amongst many others, 

Mariethoz et al. (2010) and Jeong et al. (2011) proposed a MCMC method with iterative 

spatial resampling (ISR) that preserves geological characters by conditional simulation. 

Jeong et al. (2012) suggested a MCMC method with adaptive spatial resampling (ASR) 

to improve the convergence rate. Caers and Hoffman (2006) introduced a probability 

perturbation method (PPM) that does not rely on the traditional Bayesian decomposition 

of MCMC methods. Although stochastic methods generate multiple optimized models 

with complex geological features, they may require many thousands of forward 

simulations, which is extremely time-consuming in practical cases. 

As already explained in Chapter 3, particle swarm optimization (PSO) (Kennedy 

and Eberhart, 1995) is a metaheuristic optimization algorithm to find optimal solutions 

globally by iteratively improving a population (swarm) of candidate solutions (particles). 

Additionally, it has been demostrated that PSO is usually faster than other evolutionary 

methods because of its social behavior, whereby every candidate utilizes not only its 

own fitness evaluation but also the neighborhood’s evaluation. Therefore, PSO can save 

computational time significantly as the computations can be done in parallel. In this 

work, we first introduce a new PSO method formulated for discrete problems and then 

hybridize it with a multiple-point geostatistics algorithm. Thus, the proposed algorithm 

creates potential solutions by multiple-point geostatistics processes and improves them 

in the PSO framework. 
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4.2 Probabilistic Discrete Particle Swarm Optimization 

Many variants of PSO have been suggested for extending the applicability of original 

PSO to discrete problems. (e.g., Sha and Hsu, 2006; Chen et al., 2010). They are, 

however, of little use for reservoir problems where we often have some probabilistic 

priors obtained from diverse sources. Thus, a new method, referred to as probabilistic 

discrete PSO (Pro-DPSO), is designed from a probabilistic point of view to incorporate 

probabilistic information into PSO easily. Note that probabilistic PSO for continuous 

parameters are described in Chapter 3. 

The principal difference between Pro-DPSO and original PSO is that particles 

move in the probability mass function (pmf) space instead of the parameter space. 

Suppose that we have the case in which a parameter can be one of the three discrete 

values (classes); A, B, and C. In pmf space, each axis represents the probability of each 

value as illustrated in Figure 4.1. Accordingly, the coordinates of particles i, Pi, are the 

  

 

Figure 4.1: Three-dimensional probability mass function (pmf) space where the coordinates of a particle 

represent the probabilities of three discrete values; A, B, and C. 
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probabilities of three discrete values that is the pmf of a parameter: 

     , , 1,2,...,i i i iP A P B P C i S    P                              (4.1) 

where S denotes the total number of particles. The actual parameter value of particle i 

is sampled from Pi, then the sampled parameter xi is expressed as one of the following 

coordinates depending on the sampled value: 

     1, 0, 0 , 1, 0, 0 , or 1, 0, 0i x                                      (4.2) 

Then, the next position of particle i is determined by the usual equations of the original 

PSO algorithms: 

      , 1, 2,...,i i it t t t i S      P P v1 1                         (4.3) 

where t is iteration number, vi is the velocity vector of particle i, and t is a time 

increment and is usually set to 1. The velocity at iteration t+1 is calculated by 

            ,p g

i i p p i i g g it w t a t t t a t t t             v v R x x R x x1  

1, 2,...,i S                                                  (4.4) 

where w, ap, and ag are inertia, personal acceleration, and global acceleration constants 

respectively. Rp and Rg are diagonal matrices with elements randomly drawn from a 

uniform distribution [0, 1]. The personal best xi
p(t) is the best xi of particle i encountered 

so far until iteration t and the global best xg(t) is the best x found through iteration t by 
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any particle. This equation differs from original PSO in that the two accelerations are 

determined by the coordinates of sample values x, not by the coordinates of particles P. 

There are two constraints to utilize the coordinates of particles as the pmf of a 

parameter: 

,i

class

P i  1                                                 (4.5) 

0 1, ,iP class i                                              (4.6) 

The dimension of the actual space in which particles move around always becomes the 

dimension of classes minus one by the first constraint; e.g., a two-dimensional plane for 

three classes as shown in Figure 4.1. Equations (4.3) and (4.4) ensure that the first 

constraint is always satisfied if the initial coordinates of particles meet the constraint. 

However, the second constraint is not always guaranteed especially early in the 

simulation. In original PSO, when particles reach boundaries, they are assumed either 

to stop at the boundaries for that iteration or to rebound. In Pro-DPSO, it is more 

reasonable to halt particles at the boundaries because rebounding causes probabilities to 

change in the direction opposite to the direction in which it was moving. 

Pro-DPSO is a general algorithm that can be applied to any discrete problem. 

The most important feature of Pro-DPSO is that it provides not only optimized 

parameters but also optimized pmfs of parameters. This advantage allows Pro-DPSO to 

be hybridized with geostatistical algorithms smoothly. 
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4.3 Hybridization with Multiple-Point Geostatistics 

 

Figure 4.2: Flow chart of Pro-DPSO-SNESIM algorithm. Blue boxes are Pro-DPSO, and red boxes 

indicates the processes inspired by SNESIM. 

 

Now Pro-DPSO is hybridized with single normal equation simulation (SNESIM) 

(Strebelle, 2000; 2002), one of the popular multiple-point geostatistics algorithms, to 

preserve complex geological structures during optimization. In SNESIM (Strebelle, 

2000; 2002), a training image, which captures geological structures and patterns of the 

formation, is scanned once, and then all conditional proportions for a given search 

template size are stored in a search tree data structure. Hence the conditional 

probabilities of facies given neighboring data or previously simulated values can be 

readily retrieved. 

Figure 4.2 presents the flow chart of the Pro-DPSO-SNESIM algorithm. The 

blue boxes are the Pro-DPSO algorithm, and the red boxes indicate the processes 
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inspired by SNESIM. The fundamental idea of hybridization is to implement Pro-DPSO 

sequentially just like many geostatistical algorithms do. The steps for the Pro-DPSO-

SNESIM algorithm are as follows; 1) we generate the initial pmfs of parameters (the 

coordinates of particles) for Pro-DPSO and construct a search tree from the training 

image for SNESIM, 2) define a random path along which the algorithm is applied 

sequentially, 3) along the path, retrieve conditional probability from the search tree in 

SNESIM and combine it with the pmf in Pro-DPSO, 4) sample a discrete parameter 

from the combined probability, 5) iterate until all cells are visited along the random path, 

6) evaluate misfits, 7) update the pmfs in Pro-DPSO, and 8) iterate the steps 2 to 7 until 

the data is matched. 

The key step in the algorithm is to combine the probabilities from the pmfs 

optimized by Pro-DPSO and the conditional probabilities retrieved from the training 

image by SNESIM. Again, we apply the tau model (Journel, 2002): 
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In Pro-DPSO-SNESIM, thus, the parameter values of particles are sampled from the 

combined probability P(x|Pro-DPSO, SNESIM) by Equations (4.7). 
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Figure 4.3: Alternative flow chart of Pro-DPSO-SNESIM algorithm. 

 

There is an alternative way to implement the hybridization algorithm if one has 

a nice geostatistical program that can incorporate soft data, such as SGeMS. The idea is 

to let, instead of Pro-DPSO, the geostatistical program sample realizations. The pmfs of 

Pro-DPSO can be considered as the probability maps of discrete classes. Therefore, the 

coordinates of particles are transferred to the geostatistical program as soft data. Then, 

the geostatistical program will generate realizations, which are equivalent to the 

sampled discrete values from the combined probabilities. The alternative flowchart is 

shown in Figure 4.3. 

 

4.4 Synthetic Example 

The developed algorithm is evaluated on a synthetic example as a simple test for the 

purpose of verifying the workability and effectiveness of Pro-DPSO and Pro-DPSO- 
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Figure 4.4: Training image of a synthetic example (150×120). 

 

SNESIM and are compared with a MCMC method and rejection sampling. Figure 4.4 

shows a training image that represents the vertical section of multiple channels. This 

training image is used to create the true facies and is also used in the optimization. In 

Figure 4.5, the created true facies, which is considered to be unknown, and the seismic 

response are shown. P-wave velocity is assumed to be constant for simplicity: 3.5km/s 

for shale and 2.5km/s for sand. The seismic response is approximated by a frequency-

domain Born filter (Mukerji et al., 1997) that accounts for surface seismic reflection 

geometry with a 10-40 Hz bandwidth. 

Pro-DPSO and Pro-DPSO-SNESIM algorithms with 50 particles are applied to 

find optimal facies models by minimizing the misfit between the seismic response of 

the true facies and the simulated responses of candidate models (particles). The MCMC 

method with ISR (Mariethoz et al., 2010; Jeong et al., 2011) is also implemented for 

comparision. In the MCMC framework, one needs to create a chain of dependent 

realizations, that is a model mi+1 at iteration i+1 should be drawn from the proposal  
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Figure 4.5: True facies (50×50) (left) and seismic response (right). The seismic response is obtained by a 

Born filter with a 10-40 Hz bandwidth. 

 

density Q(m|mi), where mi is the previous model in the chain. The ASR method 

constructs a Markov chain by a conditional geostatistical simulation with utilizing the 

randomly selected points of the previous realization as hard data. The details of ASR 

can be found in Mariethoz et al. (2010). 

Figure 4.6 compares the resulting performances of Pro-DPSO and Pro-DPSO-

SNESIM. The number of iterations is limited to 300. The result demonstrates that the 

newly proposed Pro-DPSO definitely works as an optimization tool for discrete 

parameters. The convergence rate of Pro-DPSO-SNESIM is, however, much faster than 

that of Pro-DPSO. The minimum misfit of Pro-DPSO over 300 iterations is 

accomplished only after 58 iterations in Pro-DPSO-SNESIM. This result shows that 

SNESIM helps to manage particles in the way of exploring more feasible area based on 

the prior information of a training image in non-Gaussian problems. 
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Figure 4.6: Convergence rates of Pro-DPSO and Pro-DPSO-SNESIM. The thick lines denote the best 

misfit until each iteration. The minimum misfit is 0.0278 in Pro-DPSO and 0.0136 in Pro-DPSO-SNESIM. 

 

Figure 4.7: Convergence rates of MCMC-ISR and Pro-DPSO-SNESIM. The thick lines denote the mean 

misfit of 50 particles or chains. The minimum misfit is 0.0513 in MCMC-ISR and 0.0136 in Pro-DPSO-

SNESIM. 
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Figure 4.8: True facies (top-left) and the best fit models by Pro-DPSO (top-right), Pro-DPSO-SNESIM 

(bottom-left), and MCMC-ISR (bottom-right). 

 

Figure 4.7 compares the convergence performances of MCMC with ISR and 

Pro-DPSO-SNESIM. For the MCMC method, 50 Markov chains are implemented, and 

0.5% resampling ratio is used for ISR. As indicated by Mosegard and Tarantola (1995), 

the chains of ever-improving realizations are applied to use the MCMC method as an 

optimization tool. In other words, a new realization is accepted only when the likelihood 

improves. The convergence rate of MCMC is very slow compared to that of Pro-DPSO-

SNESIM although it is applied as an optimization tool. Small misfit variations of  
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Figure 4.9: Seismic responses of true facies (top-left) and the best fit models by Pro-DPSO (top-right), 

Pro-DPSO-SNESIM (bottom-left), and MCMC-ISR (bottom-right). 

 

candidate models, which are caused by the low quality of the seismic response and low 

entropy of the test example, severely restrict the performance of the MCMC method. 

Figure 4.8 presents the true facies and best fit models obtained by Pro-DPSO, 

Pro-DPSO-SNESIM, and MCMC with ISR. Although Pro-DPSO optimizes the 

problem faster than MCMC-ISR, the best fit model naturally loses complex geological 

structures because Pro-DPSO does not include any process to preserve them. The best 

fit model of MCMC-ISR method reproduces the geological features of channels but 

does not match with the true facies very well. On the other hand, the best fit model of  
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Figure 4.10: The ensembles of the optimized pmfs of 50 particles after 25 iterations (left) and 50 iterations 

(right). 

 

Pro-DPSO-SNESIM is very similar to the truth and conserves the channelized 

characters. 

Figure 4.9 shows the seismic responses of the best models obtained by Pro-

DPSO, Pro-DPSO-SNESIM, and MCMC-ISR with the true response. Note that the 

seismic response of the best model from Pro-DPSO is very similar to the actual response 

even though the best model does not have any geological structure. This reminds us of 

the importance of incorporating prior geological knowledge into the optimization 

procedure. 

As mentioned earlier, one of the most important feature of Pro-DPSO and Pro-

DPSO-SNESIM is that they provide not only optimized parameters but also optimized 

pmfs of parameters. Therefore, one can create numerous realizations with geostatistical 

algorithms using the optimized pmfs of parameters as soft data. This approach can be 

considered as a new method of uncertainty quantification with Pro-DPSO-SENSIM. To 
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this end, the ensembles of the pmfs of 50 particles after 25 and 50 iterations are 

illustrated in Figure 4.10. 

Rejection sampling (von Newmann, 1951) is the only method to sample the 

posterior rigorously in Bayesian framework, but practically inefficient because it 

requires a huge number of forward simulations. However, we use the rejection sampler 

as a reference to validate the result of Pro-DPSO-SNESIM. 200 unconditional 

realizations are generated only with the training image (Figure 4.4) as the prior. Then 

the probability maps (Figure 4.10) are included as soft data to generate another 200 

realization as the posterior. In addition, the rejection sampling is conducted until 200 

realizations are accepted. 

To visualize the uncertainty and variability of porosity realizations, classical 

multidimensional scaling (MDS) (Torgerson, 1952) and t-distributed stochastic 

neighbor embedding (t-SNE) (van der Maaten and Hinton, 2008) are employed. Since 

the classical MDS (Torgerson, 1952) is a linear dimensionality reduction technique in 

which eigendecomposition is applied to the dissimilarity matrix of high-dimensional 

data, it is not sufficient to visualize complex geological models on a two-dimensional 

map. Thus, a nonlinear MDS method (t-SNE) is also conducted. 

Figure 4.11 presents the two-dimensional MDS maps of 601 realizations: the 

truth, 200 priors, 200 Pro-DPSO-SNESIM posteriors, and 200 rejection sampling 

posteriors, when the ensembles of the optimized pmfs at 25 and 50 iterations are used 

as soft data. The likelihood functions are adjusted respectively to have the similar misfit 

levels with posterior models at 25 and 50 iterations. The first two eigenvectors are not 

enough to represent the dissimilarity between the models (about 16% of total variance).  
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Figure 4.11: The MDS maps of the prior of 200 unconditional realizations, the posterior of 200 

conditional realizations by Pro-DPSO-SNESIM, and the posterior obtained from rejection sampling: for 

25 iterations (top) and 50 iterations (bottom). 
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Figure 4.12: The t-SNE maps of the prior of 200 unconditional realizations, the posterior of 200 

conditional realizations by Pro-DPSO-SNESIM, and the posterior obtained from rejection sampling: for 

25 iterations (top) and 50 iterations (bottom). 
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For this reason, it can be misconceived that the truth and the posteriors are located 

outside the priors, and rejection sampling does not include the truth in Figure 4.11. 

t-SNE is one of the nonlinear MDS technique that produces a very good 

visualization map of two-dimensional or three-dimensional spaces for high-dimensional 

data or images. In t-SNE, the generalized t-student kernel is applied to compute the 

similarity between models and then optimization is performed to minimize the 

mismatch between the similarity in high-dimensional data and that in low-dimensional 

representation. For the details of t-SNE, refer to van der Maaten and Hinton (2008). In 

Figure 4.12, the two-dimensional t-SNE map is presented. Each point represents a single 

realization, and a distance indicates the dissimilarity between realizations. The 

conditional realizations of Pro-DPSO-SNESIM cover the similar area to the realizations 

from the rejection sampling method although the density distributions of two posteriors 

in t-SNE maps are different. This approach is not a rigorous uncertainty quantification 

method like rejection sampling, but Pro-DPSO-SNESIM can provide as many 

realizations as one wants to generate, not just 200, using the optimized pmfs. In addition, 

one can easily assess some information about the uncertainty of reservoir models with 

any misfit level by using the pmfs of the iteration that corresponds to that level, whereas 

rejection sampling requires numerous evaluations to sample the posterior. 

Figure 4.13 displays the MDS and t-SNE maps of the prior and the posterior 

realizations by Pro-DPSO-SNESIM obtained by the pmfs at 25, 50, and 100 iterations. 

These maps visualize how Pro-DPSO-SNESIM reduce the uncertainty around the truth 

and optimizes the problem. 
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Figure 4.13: The MDS (top) and t-SNE (bottom) maps of the prior 200 unconditional realizations, the 

posterior of 200 conditional realizations by Pro-DPSO-SNESIM for 25, 50 and 100 iterations. 
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4.5 Summary 

In this research, we proposed a novel particle swarm optimization method for discrete 

problems (Pro-DPSO) in which particles move around in the probability mass function 

space of each parameter. This method is a general discrete optimization technique, 

which can provide not only optimized parameter but also optimized probability mass 

functions of parameters. Then, we introduced the Pro-DPSO-SNESIM algorithm that is 

designed especially for facies modeling of complex geological structures. The synthetic 

example of seismic inversion demonstrates that Pro-DPSO works well as a discrete 

optimization tool and Pro-DPSO-SNESIM generates non-Gaussian models optimized 

at a convergence rate much faster than a MCMC method. The optimized maps of pmfs 

can be used to create numerous geological models representing the posterior distribution 

that is closely matched with data. 
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Chapter 5 

Specialization Workflow of Pro-PSO 

for Joint Integration 

 

In the previous chapters, we developed various PSO-based algorithms (Pro-PSO, Pro-

DPSO, and Pro-DPSO-SNESIM) and evaluated them on simple seismic inversion or 

flow history matching examples. The test results demonstrate that the developed Pro-

PSO algorithms are very efficient for finding multiple optimized models, as compared 

to a common stochastic algorithm: Markov chain Monte Carlo (MCMC) run as an 

optimizer. This chapter applies one of the algorithms with nonlinear parameterization 

to joint integration of time-lapse seismic, electromagnetic, and production data of a 

three-dimensional synthetic reservoir. A newly designed workflow for Pro-PSO is 

proposed to accelerate the efficiency of Pro-PSO. 

 

5.1 Synthetic Reservoir  

A three-dimensional synthetic reservoir is created for the purpose of testing algorithms 

for joint integration of time-lapse seismic, electromagnetic, and production data. A 

larger-scale reservoir, Stanford VI-E is also generated and explained in Appendix A. 

Figure 5.1 presents a training image that represents channelized reservoirs. This training 

image is used to create the facies of the synthetic reservoir using the single normal 
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Figure 5.1: Training image of channelized reservoirs (100×100×15). 

 

Figure 5.2: Facies model of the synthetic reservoir (50×50×20); the dimensions of the cell are 25 m in the 

horizontal direction and 5 m in the vertical direction.  

 

equation simulation (SNESIM) (Strebelle, 2000, 2002). Figure 5.2 shows the created 

facies of the reservoir, which has 50×50×20 cells. The dimensions of the cell are 25 m 

in the horizontal directions (x and y) and 5 m in the vertical direction (z). 

Porosity is independently simulated for each facies. The sequential Gaussian 

simulation (SGSIM) algorithm is used, and then a cookie-cutter approach is applied to 

create the porosity model as shown in Figure 5.3. The distribution of porosity in the  
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Figure 5.3: Porosity model of the synthetic reservoir (left) and histogram of porosity (right). 

    

Figure 5.4: Well locations in a three-dimensional space (left) and a top view (right). P1 to P4 are 

production wells, I1 is an injection well, and E1 and E2 are exploration wells. 

 

reservoir is also presented in Figure 5.3. Permeability is assumed based on a simple 

linear relation between the porosity and the logarithm of permeability. 

Figure 5.4 presents the locations of wells in the reservoir. There are 4 production 

wells (P1 to P4), 1 injection well (I1), and 2 exploration wells (E1 and E2). Production 

and injection do not occur at the exploration wells, but it is assumed that there are well 

logs so that the information from those wells is included as hard data in an optimization  
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Figure 5.5: Oil saturation at the initial condition (left) and 200 days after production (right). 

 

    

    

Figure 5.6: Oil and water production rates at production wells: P1 (top-left), P2 (top-right), P3 (bottom-

left), and P4 (bottom-right). 
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process. 200 days of oil production is simulated by a commercial software, ECLIPSE. 

Figure 5.5 shows the oil saturation at the initial condition and 200 days after production, 

and Figure 5.6 presents the oil and water production rates for the production wells. 

Various empirical formulae are used to simulate the elastic properties (Gardner 

et al., 1974; Castagna et al., 1985; Avseth et al., 2000) and electrical resistivity (Archie, 

1942; Waxman and Smits, 1968). The details of rock physics modeling are summarized 

in Appendix A. Seismic responses are generated by Born filtering (Mukerji et al., 1997) 

for surface seismic reflection geometry with 2.5 km source-receiver spread. Acoustic 

impedance is created with 10-60 Hz frequency bandwidth while elastic impedance is 

generated with 5-25 Hz at a 30° incidence angle. The target depth is 2,550 m.  

Moving average filtering is applied to electrical resistivity (Alumbaugh et al., 

2008) with a 75 m running window in the vertical direction and a 125 window in the 

horizontal direction. In Figure 5.7, the simulated acoustic impedance, elastic impedance, 

and electrical resistivity are shown for the initial condition and 200 days after production 

of the reservoir. Any artificial error is not included in this test. 

Therefore, oil and water production rates as 4 wells (Figure 5.6) and seismic and 

electromagnetic responses (Figure 5.7) at two different times are used as the observed 

data for joint integration in this chapter. 
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Figure 5.7: Acoustic impedance (top row), elastic impedance (middle low), and electrical resistivity 

(bottom row) at the initial condition (left column) and 200 days after production (right column). 
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5.2 Parameterization 

5.2.1 Kernel Principal Component Analysis 

In the previous chapters, we introduced Pro-PSO with PCA for Gaussian random fields, 

and Pro-DPSO-SNESIM hybridization algorithm for non-Gaussian random fields. 

Since the synthetic reservoir is a non-Gaussian field, this chapter applies another 

approach for non-Gaussian reservoirs, which consists of Pro-PSO and nonlinear 

parameterization, kernel principal component analysis (kernel PCA). 

Kernel PCA is a very popular technique in the machine learning discipline since 

Schölkopf et al. (1998) introduced the technique. It is a nonlinear version of PCA, where 

data sets are nonlinearly mapped to a space of much higher dimensions, called feature 

space, and then PCA is applied to the mapped data sets. The beauty of this technique is 

that one does not have to do actual mapping to perform PCA in the feature space. In the 

following, we summarize kernel PCA equations briefly and introduce a simple strategy 

to avoid the pre-image problem. The detailed derivation of kernel PCA can be found in 

Schölkopf et al. (1998), Schölkopf and Smola (2002), and Sarma et al. (2008). 

Suppose that there are multiple date sets xi and they are centered, that is 

1

0,
M

N

i i

i

 x x R                                            (5.1) 

where M is the total number of data sets. PCA diagonalizes the covariance matrix of 

data sets, C: 
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 C x x                                               (5.2) 
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And the following eigenvalue decomposition needs to be solved to do that, 

  , v C                                                      (5.3) 

where is an eigenvalue and v is an eigenvector of C. Then, we can reduce the number 

of parameters by choosing only those principal components that have large eigenvalues, 

thus representing large variations along the corresponding eigenvector. 

Similarly, nonlinear parameterization can be achieved after mapping original 

data sets to a higher-dimensional space F: 

   : ,N F  R X x                                        (5.4) 

where F is referred to as the feature space and could have a very large dimensionality. 

Therefore, nonlinear and complex data sets are linearized in the feature space. The 

covariance matrix in the feature space is now: 
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  C x x                                      (5.5) 

Again, the mapped data sets are assumed to be centered in this derivation: 

   
1

0.
M
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i

  x                                               (5.6) 

To apply PCA in the feature space, we need to solve the following eigenvalue equation: 

  , V C                                                    (5.7) 
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However, this is extremely difficult, or sometimes impossible, to calculate because the 

covariance matrix in F has a huge dimensionality. 

Kernel PCA can do this more effectively by defining a kernel matrix K: 

      : .ij i jK   K x x                                       (5.8) 

Now, the eigenvalues of Equation (5.7) can be obtained by solving the following 

eigenvalue problem instead: 

  ,M α αK                                                  (5.9) 

where M is an eigenvalue and  is an eigenvector of K. Since the size of K is usually 

much smaller than the covariance matrix in F, the eigendecomposition of Equation (5.9) 

is easier than solving Equation (5.7). The extraction of principal components are 

computed as follows: 

        
1

.
M

k k

i i

i




   V x x x                                   (5.10) 

where Vk denotes the k-th eigenvector of the covariance matrix in F, and k
i is the i-th 

element of the k-th eigenvector of K.  

To compute K, kernel representations, such as a Gaussian kernel or a polynomial 

kernel, are used, 

       , ,k   x y x y                                      (5.11) 
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This allows us to calculate the principal component scores and eigenvalues of Equation 

(5.7) without knowing the mapped values of x in F.  

Kernel PCA is especially powerful in classification problems because one does 

not have to reconstruct data sets (patterns) in the original space. However, optimization 

or sampling problems always require original patterns from the principal component 

scores in F. This is called the pre-image problem. Traditionally, nonlinear optimization 

has been applied, but it is not trivial in terms of computation. Schölkopf and Smola 

(2002) suggested the fixed-point iteration algorithm for a Gaussian kernel. Sarma et al. 

(2008) developed a similar formulation for polynomial kernels. Kwok and Tsang (2004) 

developed the algorithm based on distant constraints. However, all these algorithms 

provide an approximation of the pre-images of principal component scores. Park (2011) 

showed that these approximations are often very different from the actual pre-image. 

In this work, we suggest to use only an odd polynomial kernel so that the unique 

and exact pre-image can be easily inverted. Given the set of principal component scores 

k in the feature space, the nonlinearly mapped vector of a certain pattern z is 

     .k

k

k

 z V                                           (5.12) 

Based on Equation (5.1),  
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When ej is any orthonormal basis of the input space (j = 1, …, N), 

            , .j i i j i i j

i i

k 
 

      
 
 z e x e x e                   (5.14) 

Thus, if we use an odd-order polynomial kernel, for example d, the dot product between 

z and ej in the input space can be calculated as follows: 
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Therefore, the pre-image of the principal component scores, k is 

    
1

.
N

j j
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 z z e e                                              (5.16) 

Equation (5.16) enables us to avoid any difficulty in estimating pre-images because it 

always gives a unique and exact image. 

5.2.2 Application to the Synthetic Reservoir 

In order to apply kernel PCA, 100 realizations are created by SNESIM based on the 

training image (Figure 5.1). Porosity is also generated for each realization by SGSIM 

and the cookie cutter approach as the target reservoir (Figure 5.3). Figure 5.8 shows two 

example realizations. 

100 porosity models are, thus, parameterized by kernel PCA as explained above. 

In Figure 5.9, the cumulative contribution of principal component coefficients to the 

total variance of realizations is presented. True principal component scores are also 
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Figure 5.8: Porosity realizations generated by SNESIM, SGSIM, and the cookie cutter approach. 

 

    

Figure 5.9: Cumulative contribution of kernel principal component coefficient to the total variance of the 

realizations (left) and two-dimensionally projected search space defined from the kernel PCA and the true 

values (right). 

 

plotted with the maximum and minimum values obtained from the realizations. As 

presented in Chapter 2, the distributions of principal component scores are incorporated 

into Pro-PSO as prior knowledge in the following examples. To validate the derived 

equations for the pre-image problem, two sets of scores are sampled from the 

distributions of the principal component scores of 100 realizations. Then, they are  
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Figure 5.10: Porosity realizations that are sampled in the space of 3rd-order polynomial kernel PCA. 

 

reconstructed by Equations (5.12) to (5.16) with 3rd-order polynomials. Figure 5.10 

provides the reconstructed reservoirs. As seen from the reservoirs, the channelized 

structures are well preserved with 3rd-order polynomials. 

 

5.3 Specialization Workflow for Pro-PSO 

Conventionally, when one addresses the joint integration of diverse data, the workflow 

usually relies on some weighted sum of all misfits, regardless of whether it is a 

deterministic or a stochastic workflow. This section reviews a typical workflow for joint 

integration of time-lapse seismic, electromagnetic, and production data, and provides 

more efficient and time-saving workflow designed for Pro-PSO. 

Figure 5.11 illustrates a series of computations which each candidate model 

(particle in Pro-PSO) needs to go through in a typical workflow. As the number of data 

sets to be incorporated increases, this workflow requires tremendous time to evaluate 

each model and perturb to a better model. Also, since the date sets are obtained from  
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Figure 5.11: Typically required computations of each candidate model (particle) in conventional 

workflow for joint integration of time-lapse seismic, electromagnetic, and production data. 

 

diverse sources, it gives rise to additional challenges such as upscaling and downscaling. 

After all the computations finish, the following type of a total misfit is evaluated: 

   

2 2 2

2 2 2
1 2 32 2 2

2 2 2

observed simulated observed simulated observed simulated

observed observed observed
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o

W S E
  

  
     (5.17) 

where ’s are weighing parameters, W’s are well data such as production and bottom 

hole pressure, S’s are seismic data, and E’s are electromagnetic data. In this workflow, 

two aspects may cause inefficiency in joint integration. 

First, the information of production, seismic, and electromagnetic misfits is 

summed up just as a single value after all the complex computations. Using a total misfit 

is more caused by convenience rather than effectiveness because, in general, stochastic 

methods need one misfit to calculate likelihood and deterministic methods also require  
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it for gradient calculation. However, each problem is already a complex and ill-posed 

problem, so a simple summation may make the shape of the objective function more 

complex, delay optimization, and prevent the algorithm from taking advantage of 

diverse data. Therefore, in applying Pro-PSO, we suggest a “divide-and-conquer” 

workflow that shares the best models from each type of data misfit, rather than summing 

all the misfits.  

Second, practically, there is no possibility that the computational speed of 

seismic, electromagnetic, and flow simulations are exactly the same. In conventional 

workflow, each model has to be evaluated by seismic, electromagnetic, and flow 

simulation to obtain a total misfit. However, if we share the best models, not misfits, we 

can let each simulator keep on calculating continuously, not waiting for other slower 

simulations. 

Therefore, in the newly developed workflow for Pro-PSO, named specialization 

workflow, particles are divided into several groups. In each group, particles are 

specialized in a certain misfit and parameter space. For example, a group of particles 

evaluate only seismic misfits and search for a solution based on only seismic misfits. 

These particles are called seismic-seismic particles in the convention of this dissertation. 

Another group consists of the particles that evaluate seismic misfits but update their 

positions based on the personal best seismic misfit and the global best electromagnetic 

misfit. Thus, these particles look for a solution in the probable parameter space indicated 

by electromagnetic results. We call these particles seismic-EM particles. In the 

following sections, specialization workflow is investigated more closely. 
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5.4 Joint Integration of Seismic and Electromagnetic Data 

 

Figure 5.12: Specialization workflow for joint integration of seismic and electromagnetic data. 

 

To investigate the effect of the first aspect, joint integration of seismic and 

electromagnetic data is conducted. Figure 5.12 presents a suggested scheme. The 

computational speed of seismic and electromagnetic simulations are forced to be the 

same, so we can compare the differences caused by only the fact that we use a total 

misfit or share the best models. As illustrated in the figure, if we have computational 

resources to operate 30 particles in parallel, only 15 particles keep evaluating seismic 

misfits, and the other 15 particles keep evaluating electromagnetic misfits. Among 15 

seismic particles, 5 particles utilize the global best position of electromagnetic particles, 

not seismic particles. Thus, these particles are assigned to communicate wi th 

electromagnetic particles and to search for a good seismic misfit in the area where a  
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Figure 5.13: Convergence rates of seismic misfits for conventional workflow and specialization workflow. 

The minimum misfit is 0.1140 in conventional workflow. In specialization workflow, the minimum 

misfits are 0.0750 for seismic-seismic particles and 0.0945 for seismic-EM particles. Bold lines show the 

minimum misfit particle at each iteration. 

 

good electromagnetic misfit was already found. The same thing applies to 5 

electromagnetic particles that take advantage of the global best seismic misfit. 

Figure 5.13 compares the convergence rates of seismic misfits for Pro-PSO with 

conventional workflow and Pro-PSO with specialization workflow. In the conventional 

workflow, 30 particles evaluate both seismic and electromagnetic misfits and update 

their positions based on the total misfit. Note that one iteration in conventional workflow 

takes time twice because we assume that the computational speed of two simulators is 

the same. Therefore, the number of iterations of Pro-PSO with specialization workflow 

is twice larger than Pro-PSO with conventional workflow. In this case, both seismic- 
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Figure 5.14: Convergence rates of electromagnetic misfits for conventional workflow and specialization 

workflow. The minimum misfit is 0.1974 in conventional workflow. In specialization workflow, the 

minimum misfits are 0.1502 for EM-EM particles and 0.2038 for EM-seismic particles. Bold lines show 

the minimum misfit particle at each iteration. 

 

seismic particles and seismic-EM particles provide better seismic misfits than 

conventional workflow. At the end of iterations, the minimum misfits are 0.0750 and 

0.0945 for seismic-seismic particle and seismic-EM particles respectively. The particles 

of conventional workflow reach the minimum misfit of 0.1140. Although seismic-

seismic particles work only with seismic misfits, the information about electromagnetic 

data spreads to them when seismic-EM particles discover the global best position as it 

happens around 35 iterations. 

In Figure 5.14, the convergence rates of electromagnetic misfits are compared. 

EM-EM particles achieve a better electromagnetic misfit (0.1502) than conventional 

workflow (0.1974) while the minimum misfit of EM-seismic particles (0.2038) is  
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Figure 5.15: Convergence rates of total misfits for conventional workflow and specialization workflow: 

seismic particles (top) and electromagnetic particles (bottom). The minimum misfit is 0.3129 in 

conventional workflow. In specialization workflow, the minimum misfits are 0.2939 for seismic-seismic 

particles, 0.2524 for seismic-EM particles, 0.2512 for EM-EM particles, and 0.2811 for EM-seismic 

particles. Bold lines show the minimum misfit particle at each iteration. 
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larger than the conventional workflow. The results show that using a total misfit in 

conventional workflow can decelerate the optimization although it will honor both data 

eventually. 

In specialization workflow, the total misfits of particles are not calculated 

because each group of particles evaluates different models. In other words, conventional 

workflow evaluates the seismic and electromagnetic misfits of 3,000 models while 

specialization workflow evaluates the seismic misfits of 3,000 models and the 

electromagnetic misfits of different 3,000 models. Therefore, if one really wants to 

know total misfits, additional computation is necessary. However, this can be performed 

only for a few good models that are not found in conventional workflow. Also, if we 

iterate only 100 times in this example, we have enough time to do the additional 

computation for total misfit and still have better models than conventional workflow. 

Nevertheless, the total misfits of the particles in specialization workflow are calculated 

for comparison. Figure 5.15 presents the convergence rates of total misfits. All four 

groups accomplish smaller misfits than the particle in conventional workflow. 

Figure 5.16 compares the true reservoir and the best models in terms of total 

misfits obtained by conventional workflow and specialization workflow. The figure also 

shows the best models by seismic misfits and electromagnetic misfits in the 

specialization workflow. All the models are quite similar to the true reservoir. It is 

difficult to assess the best fit models visually. 

To visualize the variability of porosity models, t-distributed stochastic neighbor 

embedding (t-SNE) (van der Maaten and Hinton, 2008) is employed with the Euclidean 
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Figure 5.16: Porosity models of the true reservoir (top-left) and the best models obtained by conventional 

workflow (top-right) and specialization workflow (middle-left). In specialization workflow, the best 

models of seismic particles (middle-right) and electromagnetic particles (bottom-left) are also presented. 
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Figure 5.17: The t-SNE maps of the particles in conventional workflow and specialization workflow: at 

50 iterations (top) and 100 iterations (bottom). 
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distance between porosity models at 50 and 100 iterations. Figure 5.17 shows the t-SNE 

maps. Both the seismic best model and the electromagnetic best model in specialization 

workflow are closer to the true reference model than the best model in the conventional 

workflow. At 100 iterations in specialization workflow, the seismic best model is really 

close to the true reservoir, and this leads EM-seismic particles to search for an 

electromagnetically good model in the vicinity of the true reservoir. On the other hand, 

the particles of conventional workflow are far from the truth and seem to converge to 

the true reservoir slowly, as compared to the ones in specialization workflow. 

Note that Figure 5.17 compare all the models at 50 and 100 iterations, which 

means that the models of the conventional workflow have better misfits than the two 

groups of the specialization workflow, among four groups. Nevertheless, the models of 

the specialization workflow are closer to the true reservoir in terms of the distance of 

porosity models.  

 

5.5 Joint Integration of Time-Lapse Seismic, Electromagnetic, 

and Production Data 

Now, the concept of specialization is applied to joint integration of time-lapse seismic, 

electromagnetic, and production data. In this case, the speed of flow simulation is much 

slower than those of seismic and electromagnetic simulations, but the speed of seismic 

and electromagnetic computation are assumed to be the same for simplicity. 

Figure 5.18 summarizes the workflow. Groups of 10 particles are assigned to 

seismic, electromagnetic, and flow simulations respectively. Since we have two seismic  
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Figure 5.18: Specialization workflow for joint integration of time-lapse seismic, electromagnetic, and 

production data. 

 

and electromagnetic data at different times. In the naming convention of particles, the 

base surveys are called seismic 1 and electromagnetic 1 while the other data are called 

seismic 2 and electromagnetic 2. 

Among 10 seismic particles, only 4 particles are seismic1-seismic1 particles, so 

they evaluate the misfits of the base seismic data and are updated based on only those 

misfits. 3 particles are seismic1-EM1 particles, and the last 3 particles are seismic1-

seismic2 particles. Seismic computation iterates until flow simulation finishes. Once a  

flow simulator obtains the production data of flow particles, they move to search for a 

solution in the vicinity of the flow best position (4 particles), the base seismic best 

position (3 particles), and the base electromagnetic best position (3 particles). 
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Figure 5.19: Convergence rates of the first seismic misfits for specialization workflow. The minimum 

misfits are 0.0727 for seismic1-seismic1 particles, 0.0789 for seismic1-EM particles, and 0.0829 for 

seismic1-seismic2 particles. Bold lines show the minimum misfit particle at each iteration. 

 

Seismic particles now calculate the misfits of the second seismic survey of the 

flow particles. Note that there is no group for the second seismic survey. The misfits 

can be calculated only when we know saturation, so the base seismic particles calculate 

the misfits of the second seismic survey of the flow particles while flow simulation runs 

its own iterations. This is just designed to save computational time because flow 

simulation is the most time-consuming job. After the calculation of the second survey 

is finished, seismic particles return to its own loop. 

The same workflow is applied to electromagnetic particles. 4 particles are EM1-

EM1 particles, 3 particles are EM1-seismic1 particles, and 3 particles are EM1-EM2 

particles. In this workflow, the second surveys are not optimized directly but are  



 

113 

 

 

Figure 5.20: Convergence rates of the first electromagnetic misfits for specialization workflow. The 

minimum misfits are 0.1316 for EM1-EM1 particles, 0.1455 for EM1-seismic1 particles, and 0.3411 for 

EM1-EM2 particles. Bold lines show the minimum misfit particle at each iteration. 

 

included in the optimization of the base surveys, and then, hopefully, propagated to flow 

particles through seismic and electromagnetic particles. The workflow can be modified 

depending on the speed of each simulator, the computational resources, and the quality 

of data. The important thing of the workflow is the concept of specializing particles in 

the certain data sets.  

Figure 5.19 compares the convergence rates of the first seismic misfits. The 

number of flow iterations is limited to 100. During that time, 572 seismic iterations 

occurred. The result demonstrates that the optimization of seismic particles accelerates 

by searching the probable area based on the other complementary data. Seismic1-

seismic1 particles collapsed after 100 iterations, but they started to move for better  
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Figure 5.21: Convergence rates of flow misfits for specialization workflow. The minimum misfits are 

0.0555 for flow-flow particles, 0.2482 for flow-seismic1 particles, and 0.0929 for flow-EM2 particles. 

Bold lines show the minimum misfit particle at each iteration. 

 

solutions once seismic1-seismic2 particles found a better global best position around 

160 iterations. A similar thing happened when seismic1-EM1 particles found the global 

best position around 340 iterations. 

In Figure 5.20, the convergence rates of the first electromagnetic misfits are 

shown. Again, EM1-EM1 particles are accelerated by EM1-seismic1 particles. 

However, EM1-EM2 particles do not converge. This tells us that the misfits of the 

second seismic survey of flow particles are not very much improved yet. 

Figure 5.21 compares the convergence rates of the flow misfits. The number of 

flow iterations is limited to 100. Unlike seismic and electromagnetic cases, we can see 

that the flow particles using other misfits do not converge very well because production  
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Figure 5.22: Convergence rates of the second seismic misfits for specialization workflow. The minimum 

misfit is 0.1023. Bold lines show the minimum misfit particle at each iteration. 

 

Figure 5.23: Convergence rates of the second electromagnetic misfits for specialization workflow. The 

minimum misfit is 0.9204. Bold lines show the minimum misfit particle at each iteration. 
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Figure 5.24: Porosity models of the true reservoir (top-left), the best model for the first seismic misfit 

(top-right), the best model for the first seismic misfit (middle-left), the best model for flow production 

(middle-right), the best model for the second seismic misfit (top-right), the best model for the second 

electromagnetic misfit (middle-left) by specialization workflow. 
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data are not directly correlated to seismic and electromagnetic data. Nonetheless, flow-

seismic1 particles and flow-EM1 particles contribute to finding the best global position 

and accelerating the flow-flow particles; for example the flow-EM1 particles found a 

better global best position at 8 and 26 iterations. 

In Figures 5.22 and 5.23, the convergence rates of the second seismic and 

electromagnetic misfits of flow particles are presented. As mentioned above, these data 

are not directly optimized and can be evaluated only for flow particles. The second 

seismic misfits converge well while the electromagnetic misfits do now show much 

improvement. Therefore, this is related to the fact that EM1-EM2 particles have not 

found a good model yet. 

Figure 5.24 presents the porosity models of the true reservoir, the best model for 

the first seismic misfits, the best model for the first electromagnetic misfits, the best 

model for flow production, the best model for the second seismic survey, and the best 

model for the second electromagnetic survey. All the models are very similar to the true 

reservoir except for the best model for the second electromagnetic survey. 

In Figure 5.25, the oil and water production rates of the best flow models are 

presented with the actual production rates. The production rates of the initial 10 flow 

particles are also plotted. The optimized production rates are similar to the actual ones. 

The production at well 3 shows relatively larger discrepancy. 

Again, to visualize the variability of porosity models, the t-SNE maps are created 

for 25, 50 and 100 iterations using the Euclidean distance as shown in Figure 5.26. At 

25 iterations, all the best models are distributed over the map while the best models of 

the first electromagnetic data and the second seismic data are close to each other. At 50  
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Figure 5.25: Oil and water production rates of the true reservoir, the best flow model, and the initial 

models at production wells: P1 (the first row), P2 (the second row), P3 (the third row), and P4 (the fourth 

row) (next page). 
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Figure 5.25: Oil and water production rates of the true reservoir, the best flow model, and the initial 

models at production wells: P1 (the first row), P2 (the second row), P3 (the third row), and P4 (the fourth 

row) (continued). 

 

iterations, the best models of the first and second seismic data and the first 

electromagnetic data gather in a similar area. The flow best model is changed to the area 

where the best model of the first electromagnetic data existed. This happens because 

flow-EM1 particles found a better position in terms of production data after 25 iterations. 

At the last 100 iterations, the best models of the first and second seismic data 

and the first electromagnetic data move even closer to the true reservoir. The location 

of the best flow model changes a little, but we can expect that flow-EM1 particles could 

find the better position because they are searching for the area close to the truth. The 

best model of the second electromagnetic does not show much improvement, as it is 

shown in the convergence rates (Figure 5.23) and the best model (Figure 5.24). 
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Figure 5.26: The t-SNE maps of the particles in specialization workflow: at 25 iterations (top), 50 

iterations (middle), and 100 iterations (bottom) (next page). 
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Figure 5.26: The t-SNE maps of the particles in specialization workflow: at 25 iterations (top), 50 

iterations (middle), and 100 iterations (bottom) (continued). 

 

5.6 Summary 

In this research, Pro-PSO is applied to the joint integration of seismic and 

electromagnetic data and the join integration of time-lapse seismic, electromagnetic, 

and production data. To reduce the number of parameters and preserve the non-Gaussian, 

channelized reservoir, kernel PCA is employed with odd-order polynomials kernels. 

With the derived equations, this nonlinear parameterization can avoid the pre-image 

problems and also capture complex structures. 

The newly designed workflow of Pro-PSO is introduced in which particles are 

divided into several groups and assigned to be specialized in certain data sets. The 



 

122 

 

applicability and effectiveness of this specialization workflow are demonstrated to be 

significant in joint integration of diverse data. 

The specialization workflow requires a specific design such as the number of 

particles, the number of groups, and how to propagate the misfits of other types of data 

to each group depending on the speed of each simulator, the computational resources, 

and the quality of data. This aspect needs to be studied more closely. Also, the behavior 

of particles in the specialization workflow needs to be investigated at the much smaller 

level of misfit and compared with the conventional workflow. 
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Chapter 6 

Conclusions and Future Work 

 

6.1 Conclusions 

Joint integration of diverse data is a significantly time-consuming and computationally 

challenging problem. This issue may be the highest in integrating time-lapse seismic 

data, time-lapse electromagnetic data, and flow history. In this thesis, we established 

two different approaches for this application. The first approach is the statistical 

integration of time-lapse seismic data and electromagnetic data based on statistical rock 

physics. The second approach is the stochastic optimization of all the time-lapse and 

historical data. To accomplish this, the three different kinds of probabilistic particle 

optimization algorithms (Pro-PSO) were developed.  

The key contributions of the statistical integration workflow are as follows: 

 The statistical integration workflow can be used to quickly estimate reservoir 

properties and dynamic changes in reservoirs only by combining time-lapse 

seismic and electromagnetic data statistically. The developed workflow contains 

a new method to upscale the properties obtained from well logs to the scales of 

seismic or electromagnetic measurements. It is shown to be very effective to 

obtain the field-scale probability distribution of reservoir properties from well 

logs. 
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 The developed workflow provides the probability distributions of reservoir 

properties as well. This gives a measure of assessing the uncertainty related to 

the estimation. Also, those distributions can be incorporated into traditional 

history matching process as soft data. Therefore, the results obtained from this 

method can be utilized further in reservoir management, although this was 

intended to be a quick and simple method. 

 

The main contributions of the stochastic optimization workflow are as follows 

 As a solution of mitigating the time-consuming task of joint integration, this 

work focused on the parallel computations of multiple candidate models and the 

improvement of models based on information sharing. For this purpose, we 

adapted the main idea of PSO algorithm, which inherently use multiple particles 

and share their intelligence. 

  

 Pro-PSO algorithm was developed to incorporate any probabilistic priors into 

PSO framework, which cannot be achieved in conventional PSO algorithms. 

Prior information is very often in hand in reservoir monitoring and management. 

Thus, the derived algorithm can utilize that knowledge in the optimization 

process to find solutions more quickly. 

 

 A Pro-PSO application with PCA was illustrated for reducing the number of 

parameters and capturing the Gaussian geological continuity in optimization. 
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The Pro-PSO algorithm employs the distributions of principal component scores 

obtained from geostatistical realizations.  

 

 Pro-DPSO was designed as a general optimization algorithm for discrete 

parameters. Complex and non-Gaussian reservoirs require the delineation of 

discrete facies with multiple-point geostatistics. Thus, Pro-DPSO can deal with 

those problems. Also, Pro-DPSO provides not only optimized models but also 

optimized probability mass functions of parameters.  

 

 Pro-DPSO-SNESIM was developed to preserve non-Gaussian structures in 

applying Pro-DPSO to reservoir applications. Pro-DPSO uses the conditional 

probability obtained from a training image by SNESIM so it can replicate the 

geological structures. 

 

 Application of Pro-PSO with kernel PCA was introduced. Kernel PCA also 

conserves complex geological structure, but it has the pre-image problem that 

requires additional computation and is troubled with non-uniqueness. The 

directly invertible equation for odd-order polynomials was derived, and its 

applicability was validated with joint integration problems. 

 

 Lastly, we introduced the specialization workflow of Pro-PSO algorithms for 

the joint integration of time-lapse seismic, time-lapse electromagnetic, and 

production data. In this workflow, the particles of Pro-PSO are divided into 
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several groups, and each group is specialized in the evaluation of a particular 

type of data. The optimization is implemented by sharing the best models not by 

summing all the misfits. The workflow was evaluated on the cases of joint 

integration and proven that it was much effective than conventional workflow. 

 

 

6.2 Future Work 

There are some possible improvements and recommendations on the basis of the 

findings from this dissertation. 

 

 In this thesis, we applied the statistical integration workflow only for facies 

classification. However, the approach can be applied continuous parameters 

such as porosity and saturation. Also, a traditional history matching with using 

the simulated probability distributions as soft data is worth to be investigated. 

 

 In Pro-DPSO-SNESIM, the tau model is applied to combine the probability 

obtained from Pro-PSO with the conditional probability from geostatistical 

algorithms. However, there may be other techniques to combine two 

probabilities. 

 

 The specialization workflow can be modified depending on the speed of each 

simulator, the computational resource, and the quality of data. First of all, it 

needs to investigate the case in which candidate models are sampled conditional 
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to base seismic and electromagnetic surveys, and only time-lapse data and 

production data are optimized. 
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Appendix A 

Stanford VI-E Reservoir 

   

A hydrocarbon reservoir is a complex earth system delineated by various types of 

characteristics, for example geological, petrophysical, geophysical, and fluid dynamic 

properties. It is, however, not possible to access and measure all the truth about the 

reservoir due to its expense and technological limitations. Therefore, synthetic data are 

very useful to enable extensive testing of any proposed algorithms for reservoir 

modeling, characterization, forecasting, and management before applying them to real 

cases. 

Over the past few decades, the Stanford Center for Reservoir Forecasting (SCRF) 

created several synthetic reservoirs with the purpose of testing algorithms suggested by 

the research groups of SCRF, such as the Stanford V (Mao and Journel, 1999) and the 

Stanford VI reservoir (Castro et al., 2005). Especially, the Stanford VI reservoir exhibits 

a smooth structure with more realistic dimensions for present-day models and provides 

exhaustive sampling of petrophysical properties and seismic attributes originally for the 

evaluation of upscaling and downscaling methods. Additionally, it contains time-lapse 

seismic data generated by using a flow simulator. 

Although the Stanford VI has been widely used for various research in SCRF, 

this data set is not enough to be used for time-lapse seismic monitoring algorithms due 

to imperfection in rock physics models. Moreover, it does not contain electrical 



 

129 

 

resistivity or conductivity for electromagnetic imaging algorithms. Therefore, the 

Stanford VI-E reservoir, an updated version of the data set, is generated with improved 

rock physics models, electrical resistivity, and more realistic fluid simulation to study 

field management algorithms using time-lapse electromagnetic and seismic data. This 

appendix describes the workflow used for building the Stanford VI-E reservoir, as well 

as a detailed description of each step. 

 

A.1 Workflow 

The workflow for creating the Stanford VI-E reservoir data set is summarized in Figure 

A.1. In principle, this workflow is similar to the one provided by Castro et al. (2005), 

but several steps are modified and added. In Figure A.1, gray boxes indicate that the 

same data of the Stanford VI are used in building the Stanford VI-E reservoir. The 

updated reservoir properties are shown in blue boxes, and the newly created properties 

are presented in red boxes. 

The Stanford VI-E reservoir uses the same structure and stratigraphy with the 

Stanford VI reservoir. In the Stanford VI, the facies model was created by using the 

commercial software SBED and the single normal equation simulation algorithm 

(SNESIM) (Strebelle, 2000, 2002). Porosity was simulated using the sequential 

Gaussian simulation algorithm (SGSIM) (Goovaerts, 1997; Deutsch and Journel, 1997), 

and then permeability was co-simulated with co-located porosity using the sequential 

Gaussian co-simulation algorithm (COSGSIM) (Goovaerts, 1997; Deutsch and Journel, 

1997). The Stanford VI-E maintains the porosity model simulated in the Stanford VI 

but adjusts the permeability model to induce fluid to flow mostly through sandstone. 
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Figure A.1: The workflow of the Stanford VI-E reservoir. Gray boxes denote the same data of the Stanford 

VI. Blue boxes show the updated data from the Stanford VI, and red boxes indicate the newly created 

data in the Stanford VI-E. 
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P-wave velocity and S-wave velocity are obtained from the simulated porosity 

using well-known rock physics models. Elastic attributes (acoustic impedance, S-wave 

impedance, elastic impedance, Lamé’s parameters, and Poisson’s ratio) are computed 

using mathematical expressions. Electrical resistivity model is newly generated by using 

Archie’s method (1942) for sands and Waxman-Smits model (1968) for shaly-sands. 

In order to obtain the change in fluid saturation, flow simulation is conducted 

using the commercial software ECLIPSE. The initial state of the Stanford VI-E reservoir 

is assumed that all the sand facies are oil-saturated (residual brine saturation condition: 

Sbrine = 0.15 and Soil = 0.85) while all the shale facies are fully brine-saturated (Sbrine = 

1). 

Subsequently, all the elastic and electromagnetic properties are computed at 

different times during oil production based on the flow simulation result. In the Stanford 

VI-E, all the data are represented at the point scale (geostatistical scale), so any filtering 

and smoothing are not applied to create the data at the seismic or electromagnetic scale. 

This can give flexibility in choosing forward modeling methods or using just a small 

part of the reservoir. The following sections of this appendix explain the details of each 

step of the workflow presented in Figure A.1.  

 

A.2 Stanford VI Reservoir 

The Stanford VI-E reservoir is generated based on the structure, stratigraphy, and 

porosity of the Stanford VI reservoir. Although permeability is changed for realistic 

flow behavior, a new co-simulation was not conducted, so it is explained in this section. 
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A.2.1 Structure and Stratigraphy 

    

Figure A.2: Perspective view of the top surface of the Stanford VI from the south-west (left) and from 

the south-east (right). The color indicates the depth to the top surface (Modified from Castro et al. (2005)). 

 

The structure of the Stanford VI reservoir is an asymmetric anticline, which is a classical 

oil trap, with axis N15°E. Figure A.2 shows the structure and depth of the top surface 

of the reservoir. The structure has a different dip on each flank, and the magnitude of 

the dip decreases slowly towards the northern part of the reservoir. The maximum dip 

of the structure is 8°. The shallowest depth of the top surface is about 2,500 m and the 

deepest one is 2,730 m. 

The Stanford VI reservoir is represented as a three-dimensional regular 

stratigraphic model with 150×200×200 cells. The dimensions of the cell are 25 m in the 

horizontal directions (x and y) and 1 m in the vertical direction (z). So the size of the 

reservoir is 3,750 m along the east-west axis and 5,000 m along the north-south axis 

with the thickness of 200 m. It consists of three layers, and each layer is 80 m, 40 m, 

and 80 m thick respectively. 
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Figure A.3: Stratigraphic model of the Stanford VI (top-left), layer 1 (top-right), layer 2 (bottom-left), 

and layer 3 (bottom-right). (Modified from Castro et al. (2005)). 

 

Stratigraphically, the Stanford VI reservoir corresponds to a fluvial channel 

system prograding into the basin located toward the north of the reservoir. Deltaic 

deposits (layer 3) were formed first, and meandering channels (layer 2) and then sinuous 

channels (layer 1) were deposited in this fluvial channel system. The layer 1 and 2 are 

represented by four facies: floodplain (shale deposits), point bar (sand deposits that 

occur along the convex inner edges of the meanders of channels), channel (sand 

deposits), and boundary (shale deposits). The layer 3 consists of two facies: floodplain 

and channel. To model the stratigraphy of the Stanford VI, the commercial software 
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SBED was used for the layer 1 and 2 while the multiple-point statistics algorithm 

SNESIM was applied for the layer 3. Refer to the paper about the Stanford VI (Castro 

et al., 2005) for the detailed methodologies and model parameters. Figure A.3 shows 

the resulting stratigraphic (facies) model. 

A.2.2 Porosity 

    

    

Figure A.4: Histogram of porosity for each facies in the Stanford VI. 

 

Porosity was independently simulated for each facies by assuming that the entire 

reservoir consists of only one facies. The SGSIM algorithm conditioned to reference 

target distributions and variograms was used in the Stanford VI reservoir. The details of 
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Figure A.5: Porosity model of the Stanford VI (Modified from Castro et al. (2005)). 

 

the target distributions and variograms used for the simulation can be found in Castro 

et al. (2005). After the porosity was simulated, a cookie-cutter approach, in which 

porosity was selected among the simulated porosity of each facies corresponding to the 

stratigraphic model, was applied to create the porosity model for the Stanford VI. Figure 

A.4 shows the histogram of the porosity in the Stanford VI and the resulting porosity 

model is presented Figure A.5. 

A.2.3 Permeability 

In the Stanford VI reservoir, the logarithm of permeability was co-simulated using the 

simulated porosity as secondary information with a linear correlation coefficient of 0.7 

between two variables. The COSGSIM algorithm was applied with a Markov-type 

model (Almeida 1993; Almeida and Journel, 1994) instead of a full model 

coregionalization. Permeability was also simulated independently for each facies and 

then the cookie-cutter approach was used to merge the permeability simulated for each 

facies into a single permeability model. 
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The reference target distributions of permeability for COSGISM were obtained 

by transforming the target distributions of porosity using the Kozeny-Carman relation 

(Carman, 1937), 
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                                              (A.1) 

where k is permeability,  is tortuosity (assumed as 2.5),  is porosity, and d is the 

diameter of particles (assumed as 180 m for sand facies and 130m for shale facies). 

However, the assumed particles sizes are typical values of fine sand. 

 

    

    

Figure A.6: Histogram of permeability for each facies in the Stanford VI-E. 
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Figure A.7: Permeability models of the Stanford VI-E (left) and Stanford VI (right). 

 

Furthermore, Bourbié et al. (1987) experimentally investigated the Kozeny-

Carman relation and suggested a more general form of the relation, 

2

nk

d
                                                        (A.2) 

with the factor n = 4 or 5 for natural materials and even larger than 7 for low-porosity 

materials. And they observed that the Kozeny-Carman relation with n = 3 is appropriate 

only for very clean sandstone. Also, Mavko and Nur (1997) showed that percolation 

porosity, which is usually large for shale, should be considered to retain n = 3 in 

applying the Kozeny-Carman relation. Percolation porosity is the threshold where the 

remaining porosity is disconnected and does not contribute to the flow. 

As a result, the simulated values for the permeability of shale facies (floodplain 

and boundary) are much higher than typical values of shale permeability. Therefore, the 

shale facies in the Stanford VI significantly contributes to the flow of hydrocarbon in 

flow simulation rather than works as a flow barrier that is usually the case in real 
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reservoirs. 

Thus, to make the flow behavior more realistic in the Stanford VI-E reservoir, 

the shale permeability in the Stanford VI is divided by the factor of 100, rather than 

constructing a reasonable target distribution and co-simulating permeability again. 

Figure A.6 shows the histogram of the permeability of the Stanford VI-E reservoir. 

Figure A.7 compares the permeability models of the Stanford VI and Stanford VI-E 

reservoirs. 

 

A.3 Petrophysical Properties 

Based on the facie and porosity of the Stanford VI, the petrophysical properties (density, 

P-wave velocity, and S-wave velocity) of the Stanford VI-E are created. 

A.3.1 Density 

The bulk density of rock is a simple volumetric average of the densities of rock 

constituents and, thus, can be calculated by using porosity  as follows: 
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                                           (A.3) 

where f is the density of pore fluids, fm(i) is the volume fraction of the mineral 

constituent i within the solid phase of the rock, and m(i) is the density of the mineral 

constituent i. 

Table A.1 shows the fractions of rock minerals for each facies, and Table A.2 

presents the density and elastic properties of minerals used in the Stanford VI-E. The 
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Table A.1: Mineral fractions of each facies in the Stanford VI-E. 

                      Facies 

 Mineral 
Floodplain Point bar Channel Boundary 

Clay 0.85 0.0 0.0 0.9 

Quartz 0.15 0.7 0.65 0.1 

Feldspar 0.0 0.2 0.2 0.0 

Rock fragments 0.0 0.1 0.15 0.0 

 

Table A.2: Density and elastic properties of minerals (source: Mavko et al., 2009). 

Mineral Density (g/cc) 
Bulk modulus, 

K (GPa) 

Shear modulus, 

G (GPa) 

Clay 2.5 21 9 

Quartz 2.65 36.6 44 

Feldspar 2.63 75.6 25.6 

Rock fragments 2.7 80 20 

 

mineral density and fractions of shale facies are different with those of the Stanford VI 

not to violate the Hashin-Shitrikman bounds (Hashin and Shtrikman, 1963). 

The Stanford VI-E has brine and oil as its pore fluids. The properties of brine 

and oil are obtained from Batzle and Wang (1992). Mostly based on empirical 

measurements, Batzle and Wang (1992) summarized important properties of reservoir 

fluids such as brine, oil, gas, and live oil as a function of pressure, temperature, and 

composition. In the Stanford VI-E, the brine and oil properties for pore pressure of 20 

MPa and temperature of 85 °C are used. Table 3 presents the brine and oil properties 

and the composition assumed for obtaining those properties from the Batzle and Wang 

relations. 

As the initial state of the Stanford VI-E reservoir, it is assumed that all the sand 

facies (point bar and channel) are oil saturated (residual brine saturation condition; Sbrine 
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Table A.3: Brine and oil properties and composition (source: Batzle and Wang, 1992). 

Fluid 
Density 

(g/cc) 

Bulk 

modulus, 

K (GPa) 

Salinity 

(NaCl 

ppm) 

Gravity 

(API) 

Gas-oil 

ratio 

(L/L) 

Gas 

specific 

gravity 

Brine 0.99 2.57 20,000 - - - 

Oil 0.70 0.50 - 25 200 0.7 

 

= 0.15 and Soil = 0.85) while all the shale facies (floodplain and boundary) are fully brine 

saturated (Sbrine = 1). When two fluids are present with different partial saturation, they 

can be replaced with a single effective fluid to model the state of two phases. The density 

of the effective fluid is computed with the following mixing formula: 

   

2

1

f f i f i
i

S 


                                                (A.4) 

where f is the effective density of the fluid mixture, f(i) is the density of the individual 

fluid i, and Sf(i) denotes its saturation. 

Since the density is mathematically calculated, its relationship with the porosity 

simply shows only one continuous function for each facies. Therefore, 0.5 % of uniform  

  

Figure A.8: Porosity versus density in the Stanford VI-E. 
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Figure A.9: Density model for the initial state of the Stanford VI-E. 

 

random variability is added to the simulated density to give some scatter to the synthetic 

data. Figure A.8 presents the cross-plot between the porosity and density of the initial 

and brine-saturated conditions, and Figure A.9 shows the density model for the initial 

state of the Stanford VI-E reservoir. 

A.3.2 Seismic Velocity 

A.3.2.1 P-wave Velocity 

Numerous researchers have suggested the relationships between seismic velocity and 

porosity based on laboratory experiments (Wyllie et al., 1956; Raymer, et al., 1980; 

Tosaya and Nur, 1982; Han et al., 1986) or theoretical models (Dvorkin et al., 1994, 

Dvorkin and Nur, 1996) and all of them are constructed for certain rock types or 

depositional conditions. Therefore, a rock physics model for creating seismic velocity 

from porosity should be carefully selected among them. 

Avseth et al. (2000) suggested the constant cement model for poorly-cemented 

sandstone by combining a contact cementation theory (Dvorkin et al., 1994) with the  
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Figure A.10: Constant cement model (Avseth et al., 2000), contact cement model (Dvorkin and Nur, 

1996), and Hashin-Shtrikman lower bound (Hashin and Shtrikman, 1963) for brine-saturated channel 

facies. 

 

Hashin-Shtrikman lower bound (Hashin and Shtrikman, 1963). As the Stanford VI-E 

reservoir is a prograding fluvial channel system, which does not exhibit a wide range of 

depths, we can assume that porosity is controlled more by sorting than cementing or 

digenesis. Therefore, the constant cement model is applied to create the P-wave velocity 

(Vp) for sand facies in the Stanford VI-E. 

The constant cement model is a theoretical model that predicts the bulk modulus 

K and shear modulus G for dry sandstone with a constant amount of cement deposited 

at grain surface. With the assumption of homogeneous, isotropic, and elastic media, the 

P-wave velocity of seismic waves is given by 

4

3
pV K G 

 
  

 
                                               (A.5) 

The equations of the constant cement model for porosity  are as follows: 
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                      (A.7) 

where b is the porosity at which the contact cement trend turns into the constant cement 

trend (Figure A.10). Note that b is smaller than critical porosity c. Elastic moduli with 

subscript s are the moduli of the solid phase of the rock, and elastic moduli with 

subscript b are the moduli of the rock at porosity b. These moduli are calculated from 

the contact cementation theory (Dvorkin et al., 1994) with  = b. The equations of the 

contact cementation theory are in Appendix B. 

Table 4 summarizes the input parameters of the constant cement model used in 

the Stanford VI-E reservoir. 1% of calcite cement is assumed for the sand facies. Figure 

A.10 compares the constant cement model (Avseth et al., 2000), contact cement model 

(Dvorkin and Nur, 1996), and Hashin-Shtrikman lower bound (Hashin and Shtrikman, 

1963) for the brine-saturated channel in the Stanford VI-E. 

The elastic modulus of the solid phase in the rock is obtained from the Voigt- 

Reuss-Hill average (Hill, 1952) of the mineral constituents (Tables A.1 and A.2). This 

 

Table A.4: Parameters of the constant cement model. 

Critical 

porosity, 

c 

Constant 

cement 

starting 

porosity, 

b 

Coordi- 

nation 

number, n 

Calcite Cement 

P-wave 

modulus, 

Mc (GPa) 

Shear 

modulus, 

Gc (GPa) 

Possion’s 

ratio, 

c 

0.38 0.37 9 120.9 32 0.32 
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is simply the arithmetic average of the Voigt upper bound (Voigt, 1928) and Reuss 

lower bound (Reuss, 1929): 

2

V R
VRH

M M
M


                                               (A.8) 

where MV is the Viogt upper bound of elastic modulus and MR is the Reuss lower bound 

of elastic modulus as denoted by the following equations: 
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M f M

M M 

    

fm(i) is the volume fraction of the mineral constituent i within the solid phase of the rock, 

and Mm(i) is the elastic moduli of the mineral constituent i. Note that M can be any elastic 

modulus. 

After having computed Kdry and Gdry using the constant cement model, 

Equations (A.9) and (A.10) are applied to obtain Ksat and Gsat for the fluid-saturated 

condition of the sand facies in the Stanford VI-E reservoir: 
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dry f dry s f

sat s

f s f dry s

K K K K K
K K

K K K K K

 

 

   
  

    

                            (A.9) 

sat dryG G                                                   (A.10) 

where the subscript s means the solid phase in the rock and f means the pore fluid. These 

equations correspond to one form of the Gassmann’s fluid substitution (Gassmann, 1951) 

which is explained in the subsequent section. 
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Figure A.11: Porosity versus P-wave velocity in the Stanford VI-E. 

 

Figure A.12: P-wave velocity model for the initial state of the Stanford VI-E. 

 

For the shale facies in the Stanford VI-E reservoir, the power-law form of 

empirical relation between P-wave velocity and density suggested by Gardner et al. 

(1974) is used: 

f

pdV                                                     (A.11) 

where  is the bulk density of the rock in g/cc, Vp is the P-wave velocity of the rock in 

km/s, and the constants d = 1.75 and f = 0.265, which are typical values for shale 

(Castagna et al., 1993). Figure A.11 presents the cross-plot between the porosity and P-
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wave velocity, and Figure A.12 shows the P-wave velocity model of the Stanford VI-E 

reservoir. 

A.3.2.2 S-wave Velocity 

For creating the S-wave velocities (Vs), the empirical relations between P-wave and S-

wave velocities suggested by Castagna et al. (1985, 1993) are applied. Although the 

constant cement model provides S-wave velocities for the sand facies as well, those 

values are not used in the Stanford VI-E because empirical Vp-Vs relations from 

laboratory or log data are usually more reliable. 

The famous mudrock line of Castagna et al. (1985) is used for the shale facies: 

 0.862 1.172s pV V km s                                      (A.12) 

And the following relation of Castagna et al. (1993) for brine-saturated sandstone is 

used for the sand facies: 

 0.804 0.856s pV V km s                                      (A.13) 

   

Figure A.13: Porosity versus S-wave velocity in the Stanford VI-E. 
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Figure A.14: S-wave velocity model for the initial state of the Stanford VI-E. 

 

Figure A.15: P-wave velocity versus S-wave velocity in the Stanford VI-E. 

 

Note that Equations (A.11), (A.12) and (A.13) are for brine-saturated rocks, thus P-

wave and S-wave velocities for brine-saturated condition are first computed and then 

the velocities for the initial saturation are obtained using the Gassmann’s fluid 

substitution (Gassmann, 1951). Figure A.13 presents the cross-plot between the porosity 

and S-wave velocity, and Figure A.14 shows the S-wave velocity model of the Stanford 

VI-E reservoir. The cross-plot between P-wave and S-wave velocities is also shown in 

Figure A.15. 
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A.3.2.3 Fluid Substitution 

Seismic velocity depends on pore fluid in rock because it is a function of elastic modulus 

and bulk density of the rock, which vary with the existing pore fluid. Intuitively, a rock 

with less compressible fluid is stiffer than the same rock with more compressible fluid 

Thus, it is more resistant to wave-induced deformation, and its seismic velocity is faster. 

To obtain the P-wave and S-wave velocities of oil-saturated rocks from those of 

brine-saturated rocks, the Gassmann’s relation (Gassmann, 1951) is applied in the 

Stanford VI-E reservoir. The Gassmann’s relation is a mathematical transformation that 

predicts how the elastic modulus of rock changes when one pore fluid in the rock is 

replaced with another pore fluid. 

The procedure to calculate the seismic velocity of the rock saturated with fluid 

2 from the velocity with fluid 1 by using Gassmann’s fluid substitution is as follows. 

Firstly, the bulk and shear moduli of the rock saturated with fluid 1 is computed from 

the density, P-wave and S-wave velocities: 

       
2 2

1 1 1 1

4

3
p s

K V V
 

  
 

                                       (A.14) 

     
2

1 1 1s
G V                                                   (A.15) 

where K(1) and G(1) are the bulk and shear moduli, (1) is the bulk density, and Vp(1) and 

Vs(1) are the P-wave and S-wave velocities of the rock saturated with fluid 1.  

And then the Gassmann’s relation is applied to obtain the bulk and shear moduli 

of the rock saturated with fluid 2: 
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                 (A.16) 

   2 1
G G                                                     (A.17) 

where K(2) and G(2) are the bulk and shear moduli of the rock saturated with fluid 2, Ks 

is the bulk modulus of the solid phase of the rock, Kf(1) is the bulk modulus of fluid 1, 

Kf(2) is the bulk modulus of fluid 2, and  is porosity. 

The bulk density of the rock with fluid 2 is computed by 

        2 1 2 1f f
                                            (A.18) 

where (2) is the bulk density of the rock saturated with fluid 2, f(1) is the density of 

fluid 1, and f(2) is the density of fluid 2. Consequently, the P-wave and S-wave 

velocities of the rock saturated with fluid 2 are calculated as 

           2 2 2 2

4

3
p

V K G 
 

  
 

                                     (A.19) 

     2 2 2s
V G                                                 (A.20) 

where Vp(2) and Vs(2) are the P-wave and S-wave velocities of the rock saturated with 

fluid 2. 

The Gassmann’s relation is based on the assumption that a monomineralic rock 

is changing from full saturation with one pure fluid to another pure fluid. Therefore, the 

bulk and shear moduli of the solid phase in the rock are obtained from the Voigt-Reuss-
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Hill average of the mineral constituents as denoted by Equation (A.8). Also, the 

effective fluid concept is used to model the state with two fluids. The bulk modulus of 

the effective fluid is calculated with the Reuss lower bound (or average): 
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1

1 f i

if f i

S

K K

                                                (A.21) 

where Kf is the effective bulk modulus of the fluid mixture, Kf(i) is the bulk modulus of 

the individual fluid i, and Sf(i) denotes its saturation. This equation describes an iso-stress 

situation and gives the exact modulus of uniformly mixed fluids at fine scales. 

A.3.2.4 Random Variability 

3% of uniform random variability for the bulk modulus of the shale facies and 5% for 

the bulk modulus of the sand facies are added in the Stanford VI-E reservoir. 5% of 

uniform random variability is also incorporated into the shear modulus of the shale and 

sand facies. Then the P-wave velocity (Figures A.11 and A.12) and S-wave velocity 

(Figures A.13 and A.14) for the initial state are computed with the density with random 

variability (Figures A.8 and A.9). 

As a reference data set, we want to create the Stanford VI-E reservoir as error-

free data with natural variability. Thereby users can test algorithms with the data without 

errors, or add any amount and distribution of errors to the data and then test algorithms 

for their own purposes. In order to do that, the data with random variability for the initial 

state are kept for creating time-lapse data so they can be reversible with fluid 

substitution. This is an important aspect in creating time-lapse seismic data without 

errors because errors are inevitable if the seismic data are calculated at different times 
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during production and random variability is added to the time-lapse seismic data for 

each time step separately. 

The Hashin-Shtrikman bounds give the narrowest range of elastic moduli in 

which an isotropic, linear-elastic composite can exist. If the synthetic moduli with 

random variability violate the Hashin-Shitrikman bounds, the moduli values of different 

fluid saturation obtained by the Gassmann’s relation tend to be non-physical (complex-

valued), thus time-lapse seismic data cannot be computed. Since the Hashin-Shtrikman 

bounds are for elastic moduli, it is much easier to remain within the bounds when adding 

variability to elastic moduli than to seismic velocities. The independent variability of 

the P-wave and S-wave velocities can cause the larger amount of randomness in the 

bulk modulus (Equation (A.14)). Therefore it can easily violate the bounds, particulary 

the lower bound for small porosity. 

 

A.4 Elastic Attributes 

Elastic attributes derived from seismic data can provide more accurate and sensitive 

indicators to the structural, stratigraphic, lithological and fluid features of a reservoir 

than traditional seismic images in reservoir characterization. Among various attributes 

that have been computed and used from seismic data, the following is a list of elastic 

attributes contained in the Stanford VI-E reservoir: acoustic impedance, S-wave 

impedance, elastic impedance, Lame’s parameters, and Poisson’s ratio. 

In the Stanford VI-E, elastic attributes are calculated from mathematical 

expressions of the density, P-wave and S-wave velocities based on elasticity theory. 

These attributes are, therefore, represented at the point scale (geostatistical scale). In 
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real reservoir characterization, seismic inversion is performed to transform seismic data 

to elastic attributes so we can only obtain the seismic-scale attributes. Nonetheless, we 

do not perform any explicit inversion or any filtering and smoothing to create the 

seismic-scale data. This can give flexibility in choosing a forward modeling method or 

using a small part of the reservoir. 

A.4.1 Acoustic Impedance and S-wave Impedance 

The impedance of an elastic medium is the ratio of the stress to the particle velocity 

(Aki and Richards, 1980) and is given by the product of density and wave propagation 

velocity. Acoustic impedance (AI) or P-wave impedance is the product of density and 

P-wave velocity: 

pAI V                                                    (A.22) 

And S-wave impedance (SI) is the product of density and S-wave velocity: 

sSI V                                                     (A.23) 

A.4.2 Elastic Impedance 

Elastic impedance (EI) is a pseudo-impedance attribute for non-zero incidence angles 

(Connolly, 1999; Mukerji et al., 1998). This pseudo-impedance is the far-offset 

equivalent of the conventional zero-offset or near-offset acoustic impedance. Since the 

far-offset stacks depend not only on P-wave velocity and density but also on S-wave 

velocity, the elastic impedance carries information about Vp/Vs ratio. 

Mukerji et al. (1998) defined the elastic impedance in terms of the elastic P-P 



 

153 

 

reflection coefficient at an incidence angle : 

 
 2 R dt

EI e


                                              (A.24) 

where R() is the elastic P-P reflection coefficient at . The exact expression for R() is 

described by the Zoeppritz equation (Zoeppritz, 1919). However, various authors have 

presented approximations to this equation due to its complexity (Bortfeld, 1961; Shuey, 

1985). By using one of the approximations by Aki and Richards (1980), Mukerji et al. 

(1998) provided the following expression for the elastic impedance: 
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                                (A.25) 

As expected, the elastic impedance is a function of P-wave velocity, S-wave velocity, 

density, and incidence angle . This attribute is typically obtained by inversion of the 

far-offset stacks. Accordingly, the elastic impedance in the Stanford VI-E reservoir is 

calculated for  = 30°. 

A.4.3 Lamé’s Parameters 

Lamé’s parameters  and  have also been used as seismic attributes to discriminate 

lithology and detect hydrocarbon (Goodway et al., 1997; Gray et al., 1999). These 

parameters are fundamental elastic constants in linear elasticity theory and can be 

directly related to seismic velocities and density as follows: 

 2 22p sV V                                              (A.26) 
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2

sV                                                    (A.27) 

The second Lamé’s parameter  is the same with shear modulus G. 

A.4.4 Poisson’s Ratio 

As an indicator of fluid type, Poisson’s ratio  can be obtained by pre-stack inversion 

of multi-offset data (Avseth et al., 2005). It can be expressed in terms of seismic 

velocities as follows: 
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                                                (A.28) 

Figure A.16 provides the models of the elastic attributes for the initial state of 

the Stanford VI-E reservoir. Some cross-plots are also presented in Figure A.17 to show 

how they discriminate fluids and lithology. 

 

A.5 Electrical Resistivity 

The electrical resistivity of rock formations is one of the basic petrophysical logs 

to estimate lithology and fluid saturation in reservoirs. It indicates how strongly the 

formations resist the electric current. Electrical conductivity is the reciprocal quantity 

of the electrical resistivity, which measures the ability to conduct the electric current. 

Recently, some electromagnetic imaging techniques have been applied in reservoir 

monitoring, for example, cross-well electromagnetic methods (Alumbaugh and 

Morrison, 1995; Wilt et al., 1995) or controlled-source electromagnetic methods 

(CSEM) (Constable and Cox, 1996; Flosadóttir and Constable, 1996; MacGregor et al.,  
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Figure A.16: Elastic attribute models for the initial state of the Stanford VI-E: acoustic impedance (top-

left), S-wave impedance (top-right), elastic impedance (middle-left), Lamé’s parameter  (middle-right), 

Lamé’s parameter  (bottom-left), and Poisson’s ratio (bottom-right). 
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Figure A.17: Cross-plots between elastic attributes in the Stanford VI-E. 

 

2001). Since electrical resistivity strongly depends on pore fluids, electromagnetic 

methods, which estimate the distribution of electrical resistivity in reservoirs, can be 

very useful to specify fluid saturation and hydrocarbon-filled zones 

In the Stanford VI-E reservoir, electrical resistivity is newly created based on 

the well-known empirical relationships (Archie, 1942; Waxman and Smits, 1968) to 

study reservoir management algorithms using time-lapse electromagnetic and seismic 

data. 

A.5.1 Sandstone 
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Most crustal rocks are made up of minerals that are semiconductors or insulators 

(silicates and oxides). Conducting electric currents in fluid-saturated rocks caused by an 

applied DC voltage arise primarily from the flow of ions within the pore fluids (Mavko 

et al., 2009). Therefore, many studies have attempted to develop empirical relationships 

between porosity, saturation, electrical resistivity of pore fluid, and electrical resistivity 

of rocks. Archie (1942) published an empirical relation for brine-saturated clean 

sandstone, which is still the most widely used in interpreting resistivity logs. This 

method, sometimes referred to as the Archie’s law, is used to generate the electrical 

resistivity for the sand facies in the Stanford VI-E. 

Formation factor F is defined as the ratio of the bulk resistivity of the fully 

saturated rock to the resistivity of the pore fluid: 

0

0

w

w

R
F

R




                                                   (A.29) 

where R0 and 0 are the electrical resistivity and conductivity of the rock fully saturated 

with the pore fluid and Rw and w are the electrical resistivity and conductivity of the 

pore fluid. 

Archie’s first law relates the formation factor to the porosity of fully brine-

saturated sandstone as follows: 

mF a                                                   (A.30) 

where  is the porosity of the rock, a is the tortuosity constant, and m is the cementation 

exponent. By combining Equations (A.29) and (A.30), the electrical resistivity of fully 
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brine-saturated sandstone is given by 

0

m

wR a R                                                  (A.31) 

For partially brine-saturated sandstone, Archie’s second law provides the relationship 

between brine saturation and electrical resistivity: 

0

n t
w

R
S

R

                                                      (A.32) 

where Sw is the saturation of brine, n is the saturation exponent, Rt is the electrical 

resistivity of the partially saturated rock at the brine saturation Sw, and R0 is the electrical 

resistivity of the same rock that is fully saturated with brine. Therefore, the resulting 

equation for obtaining the resistivity of the sand facies in the Stanford VI-E is 

n m

t w wR aS R                                                (A.33) 

Table A.5 summarizes the parameters of the Archie’s law in the Stanford VI-E. 

Typical values are assumed for the parameters a, n, and m. The electrical resistivity of 

brine is estimated based on the salinity (20,000 NaCl ppm) of the Stanford VI-E. Keller 

(1987) gives an excellent summary of typical parameters of the Archie’s law and 

electrical resistivity of minerals and fluids. 

A.5.2 Shale 

Unlike silicates and oxides, clay minerals offer additional conductivity through a diffuse 

double layer that forms around clay particles. The thickness of the double layer depends 

on the salinity, i.e. brine conductivity (resistivity). Hence, this contribution of clay 



 

159 

 

minerals should be considered in estimating the electrical resistivity of shaly-sands and 

shale. Numerous formulations have been developed to model the electrical resistivity of 

shaly-sands (Simandoux, 1963; Waxman and Smits, 1968; Poupon and Leveaux, 1971; 

Clavier et al., 1984), and almost all of them modify the Archie’s model and incorporate 

the additional conductivity introduced by clay minerals into it. 

Among those models, the Waxman-Smits model (Waxman and Smits, 1968) is 

used to generate the electrical resistivity for the shale facies in the Stanford VI-E. For 

fully brine-saturated shale, the equation of Waxman-Smits model is given by 

 0

1
w vBQ

F
                                               (A.34) 

where 0 are the electrical conductivity of the shale that is fully saturated with brine, F 

is the formation factor denoted by Equation (A.30), w are the electrical conductivity of 

brine, B is the equivalent conductance of sodium clay exchange cations, and Qv is the 

cation exchange capacity per unit pore volume. B and Qv are obtained by the following 

equations: 

 
 1.3 1

4.6 1 0.6 ,w s

v

CEC
B e Q

  



 
    

where CEC is the cation exchange capacity,  is the porosity, s is the density of the 

solid phase in shale. 

For partially brine-saturated shale, the Waxman-Smits model provides the 

following equation: 
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                                          (A.35) 

where t is the electrical conductivity of the partially saturated shale at the brine 

saturation Sw. Therefore, the resulting equation for obtaining the resistivity of the shale 

facies in the Stanford VI-E is 

11
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                                  (A.36) 

The same values with the sand facies are assumed for the parameters a, n, and m (Table 

A.5). 

In order to compute Qv, the cation exchange capacity (CEC) is estimated based 

on the assumption that illite is the clay mineral in the Stanford VI-E. Carroll (1959) 

reported 10-40 meq./100g as the CEC of illite, and we assume that our illite has the CEC 

of 30 meq./100g. By combining with the mineral fractions and densities (Tables A.1 

and A.2), the CEC of the shale facies is obtained by the following equation: 
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                                  (A.37) 

 

Table A.5: Parameters of the Archie’s law and Waxman-Smits model. 

Tortuosity 

constant, a 

Cementation 

exponent, m 

Saturation 

exponent, n 

Brine 

resistivity, 

Rw (·m) 

CEC (meq./g) 

Floodplain Boundary 

1.0 1.8 2.0 0.25 0.253 0.268 
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Figure A.18: Porosity versus electrical resistivity in the Stanford VI-E. 

 

Figure A.19: Electrical resistivity model for the initial state of the Stanford VI-E. 

 

Figure A.18 presents the cross-plot between the porosity and electrical resistivity, 

and Figure A.19 shows the electrical resistivity model of the Stanford VI-E reservoir. 

10% of random variability is added to the simulated electrical resistivity. 

 

A.6 Flow Simulation 

Flow simulation is an important tool for predicting fluid flow, forecasting hydrocarbon 

production, and developing the optimal recovery plans in reservoir management. It is a 
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numerical simulation solving flow equations in a porous medium using flow properties 

and two basic petrophysical properties: porosity and permeability. From the simulated 

porosity and permeability in the Stanford VI-E, flow simulation is performed to obtain 

production data, which can be potentially used for history matching algorithms, and 

fluid saturation changes to create time-lapse electromagnetic and seismic data. 

A.6.1 Upscaling of the Reservoir Model 

The Stanford VI-E reservoir consists of 6,000,000 cells (150×200×200), which are 

usually not feasible in conventional flow simulators with typical computing power. 

Therefore, upscaling of the reservoir properties is necessary to reduce the size of the 

reservoir to a manageable level in terms of flow simulation. 

The same upscaling technique used in the Stanford VI, which is referred to as 

the flow-based upscaling technique, is applied in the Stanford VI-E reservoir. This 

technique produces effective permeability to replicate the fine-scale behavior in overall 

flow rate by using a single-phase pressure solver, FLOWSIM (Deutsch, 1989). When 

upscaling isotropic permeability, the resulting effective permeability becomes 

anisotropic, so three effective permeabilities in each direction x, y, and z are obtained 

for the upscaled reservoir. Figure A.20 shows the resulting effective permeability kx, ky, 

and kz with the original-scale permeability. 

Porosity is upscaled simply using a linear block average. Since the porosity of 

the Stanford VI is used in the Stanford VI-E, the upscaled porosity is also the same 

(Figure A.21). 
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Figure A.20: Original-scale permeability and upscaled effective permeability: original-scale k (top-left), 

effective kx (top-right), effective ky (bottom-left), and effective kz (bottom-right). 

 

     

Figure A.21: Original-scale (left) and upscaled porosity (right) (Modified from Castro et al. (2005)). 
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A.6.2 Flow Simulation 

The flow simulation is performed using the commercial software ECLIPSE. A fully-

implicit and three-dimensional black oil simulator is used. In the Stanford VI-E, there 

exist only two phases; brine and oil, and we inject brine at a certain time during oil 

production. Table A.6 summarizes the density and PVT properties of brine and oil. 

Figure A.22 shows the relative permeability used in the flow simulation. No capillary 

pressure is considered (Pc = 0). 

In the Stanford VI, the flow simulation was conducted for the situation that the 

entire reservoir is oil saturated regardless of facies; with the water-oil contact at 9,840 

ft (3,000 m) depth. This is an unusual case in real reservoirs. With the relatively high 

permeability of the shale facies of the Stanford VI, the flow of hydrocarbon is 

unrealistically uniform, and the time-lapse data are not quite useful for testing reservoir 

monitoring algorithms. Therefore, as the initial state of the Stanford VI-E reservoir, it 

is assumed that all the sand facies (point bar and channel) are oil saturated (Sbrine = 0.15 

and Soil = 0.85) while all the shale facies (floodplain and boundary) are fully brine 

saturated (Sbrine = 1). And, as described before, the shale permeability is reduced by the 

factor of 100 in the Stanford VI-E reservoir. 

 

Table A.6: Brine and oil density and PVT properties in flow simulation.  

 

Density (lb/ft3) 

PVT  properties 

Pressure 

(psia) 

Viscosity 

(cP) 

Formation 

volume factor 

Brine 61.80 14.7 0.325 1.0 

Oil 45.09 
14.7 1.16 1.012 

10,000 1.2 0.95 
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Figure A.22: Brine and oil relative permeability curves (Modified from Castro et al. (2005)). 

 

The net to gross value (NTG) of pore volume is also introduced in the flow 

simulation to lead the fluid flow to occur mostly through the sand facies. This means 

that only a part of the pore volume (NTG ×) contributes to the flow. The net to gross 

values of 0.05 and 1 are assigned to the shale facies and the sand facies respectively in 

the Stanford VI-E. Thus, only 5% of shale volume can bear oil during production. 

The initial saturation and net to gross values also need to be upscaled to the size 

of flow simulation. Since both variables are volumetric ratios, they are upscaled as 

porosity-weighed block averages as denoted by Equations (A.38) and (A.39): 
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                                          (A.39) 

where Sbrine(u) is the upscaled brine saturation, Sbrine(i) is the brine saturation of the point-

scale cell i that is united as one cell in flow simulation, (i) is the porosity of cell i, NTG(u) 

is the upscaled net to gross, NTG(i) is the net to gross of cell i, and N is the number of 

the point-scale cells which are represented as one cell after upcaling; In this case N = 8. 

Figures A.23 and A.24 present the upscaled initial oil saturation and net to gross with 

the original-scale values. 

Except for permeability, initial saturation, and net to gross explained above, the 

other conditions for the flow simulation are the same with the Stanford VI. A constant 

flux aquifer exists below the reservoir, and its water inflow rate is 31,000 STB/day. 

Production starts with 6 production wells in January 1975 (primary production) and 

continues for 30 years with 31 oil production wells and 15 water injection wells. The 

location map of the injectors and producers is shown in Figure A.25. 

    

Figure A.23: Original-scale (left) and upscaled (right) initial oil saturation. 
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Figure A.24: Original-scale (left) and upscaled (right) net to gross values. 

 

Figure A.25: Location maps of production wells (left) and injection wells (right). The color represents 

the top depth of wells (ft) (Castro et al., 2005). 

 

A summary of the production schedule is given in Table A.7. Not all wells start 

producing oil or injecting water at the same time, as is typical of an actual reservoir 

development where new wells are constantly added. Production wells are controlled by 
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constant liquid production rate with a bottomhole pressure (BHP) constraint of 2,700 

psia, while injector wells are controlled by constant water injection rate. For the 

producer P21 through P28, an economic limit is set such that they are converted to water 

injectors after they reach the water cut higher than 0.5. Figure A.26 shows the oil 

saturation at different times (5, 15, and 30 years after production) during production 

obtained by the flow simulation result. 

 

Table A.7: Summary of the production schedule (Modified from Castro et al., 2005).  

Data Operation 

Jan. 1975 Start primary oil production with P1 to P6. 

Jan. 1979 P22 and P24 are open to production. 

Jan. 1981 P26, P28, and P30 are open to production. 

Jan. 1983 P21, P23, P25, P27, P29, and P31 are open to production. 

Jan. 1986 
P7, P9, P11, P13, P15, P17, and P19 are open to production. 

Start water injection with I32, I33, I34, I36, I37, I38, I41, I43, and I45. 

Jan. 1989 
P8, P10, P12, P14, P16, P18, and P20 are open to production. 

I35, I39, I40, and I42 are open to injection. 

Oct. 1989 I44 and I46 are open to injection. 

Jan. 1995 
Increase production rate of P1 to P6. 

Increase injection rate of I36, I42, I43, I44, I45, and I46. 

Jan. 1998 Increase production rate of P7 to P20. 

Jan. 2001 Increase production rate of P1 to P6. 

Mar. 2003 Increase production rate of P8, P10, P12, P14, P16, P18 and P20. 

Mar. 2005 End of the flow simulation 
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Figure A.26: Oil saturation at 5 (top), 15 (middle), and 30 (bottom) years after production obtained from 

flow simulation (left) and the downscaled saturation (right). 
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A.7 Time-Lapse Data 

Time-lapse data are simply multiple data sets at different times over the same area to 

examine changes in the subsurface during reservoir development. The same procedures 

described above are applied to generate time-lapse seismic and electromagnetic data 

based on the change in saturation obtained from the flow simulation. 

A.7.1 Downscaling of Saturation 

Before calculating the petrophyscal properties, we first downscale fluid saturation at the 

flow simulation scale (coarse scale) to the geostatistical scale (fine scale). Since the net 

to gross values are introduced in the flow simulation, the following procedure is applied. 

Suppose that Sbrine(u,NTG) is defined as the brine saturation only in active pore 

volum: 

 
   

,brine u NTG

u u

Brine volume within active pore volume
S

Active pore volume NTG V



                 (A.40) 

where Sbrine(u,NTG) is the brine saturation only considered in active pore volume of a 

upscaled (coarse-scale) cell, NTG(u) is the upscaled net to gross, (u) is the upscaled 

porosity, and V is the total volume of a coarse cell. 

By assuming that the fluid in inactive pore volume is 100% brine (only shale 

facies has inactive pore volume in the Stanford VI-E), the brine saturation can be 

described as follows: 

        ,
1

brine u brine u NTG u u
S S NTG NTG                            (A.41) 
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where Sbrine(u) is the brine saturation of a coarse cell. Thus, Sbrine(u,NTG) is expressed as 
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1
brine u u

brine u NTG
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S NTG
S

NTG

 
                                  (A.42) 

If we assume that the brine saturation in active pore volume is the same for all the fine-

scale cells represented by one coarse cell, Sbrine(u,NTG) is constant in those fine-scale cells. 

Therefore, the brine saturation of a fine-scale cell is given by 

        ,
1

brine i brine u NTG i i
S S NTG NTG                              (A.43) 

where Sbrine(i) is the brine saturation of a fine-scale cell i, and NTG(i) is the net to gross 

of a fine-scale cell i. 

In combination with Equation (A.42), the brine saturation at the fine scale is 

computed from the brine saturation at the coarse scale as follows: 

 

    
 

    
1

1
brine u u

brine i i i

u

S NTG
S NTG NTG

NTG

 
                     (A.44) 

Note that ECLIPSE directly gives Sbrine(u,NTG) as saturation. Figure A.26 shows the oil 

saturation at 5, 15, and 30 years after production obtained by the flow simulation result 

and the downscaled saturation. 

A.7.2 Petrophysical Properties 

The density, P-wave velocity, and S-wave velocity are computed using the Gassmann’s 
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fluid substitution (Equations (A.14) to (A.20)) at different times (2 to 30 years after 

production). Figures A.27, A.28, and A.29 show the petrophysical properties at initial 

state and 5, 15, and 30 years after production based on the downscaled saturation. As 

mentioned earlier, the Stanford VI-E reservoir is designed as an error-free data set with 

natural variability. So the density, P-wave and S-wave velocities with random 

variability for the initial state are used to calculate the time-lapse petrophysical 

properties. 

 

    

    

Figure A.27: Density at the initial state (top-left) and 5 (top-right), 15 (bottom-left), and 30 (bottom-right) 

years after production. Color scales are matched. 

  



 

173 

 

 

 

 

 

    

    

Figure A.28: P-wave velocity at the initial state (top-left) and 5 (top-right), 15 (bottom-left), and 30 

(bottom-right) years after production. Color scales are matched. 
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Figure A.29: S-wave velocity at the initial state (top-left) and 5 (top-right), 15 (bottom-left), and 30 

(bottom-right) years after production. Color scales are matched. 
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A.7.3 Elastic Attributes 

Elastic attributes are also computed using the density, P-wave velocity, and S-wave 

velocity at different times. Figures A.30, A.31, and A.32 present the acoustic impedance, 

S-wave impedance, and elastic impedance at the initial state and 5, 15, and 30 years 

after production. Figures A.33 and A.34 show the Lamé’s parameters. And Figure A.35 

presents the Poisson’s ratio. Those figures indicate that the attributes mainly related to 

S-wave velocity: S-wave impedance and Lamé’s parameter  (shear modulus) are not 

much sensitive to the change in saturation. 

    

    

Figure A.30: Acoustic impedance at the initial state (top-left) and 5 (top-right), 15 (bottom-left), and 30 

(bottom-right) years after production. Color scales are matched. 
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Figure A.31: S-wave impedance at the initial state (top-left) and 5 (top-right), 15 (bottom-left), and 30 

(bottom-right) years after production. Color scales are matched. 
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Figure A.32: Elastic impedance at the initial state (top-left) and 5 (top-right), 15 (bottom-left), and 30 

(bottom-right) years after production. Color scales are matched. 
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Figure A.33: Lamé’s parameter  at the initial state (top-left) and 5 (top-right), 15 (bottom-left), and 30 

(bottom-right) years after production. Color scales are matched. 
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Figure A.34: Lamé’s parameter  at the initial state (top-left) and 5 (top-right), 15 (bottom-left), and 30 

(bottom-right) years after production. Color scales are matched. 
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Figure A.35: Poisson’s ratio at the initial state (top-left) and 5 (top-right), 15 (bottom-left), and 30 

(bottom-right) years after production. Color scales are matched. 
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A.7.4 Electrical Resistivity 

Time-lapse electrical resistivity is also constructed based on the downscaled saturation 

obtained from the flow simulation. As mentioned above, 10% of random variability is 

added to the electrical resistivity for the initial state of the Stanford VI-E reservoir. 

Again, to create an error-free data set with natural variability, the initial random 

variability should be maintained when computing the electrical resistivity at different 

times during oil production. The following procedure is used to obtain the electrical 

resistivity of the rock with saturation condition 2 from the resistivity with initial 

saturation condition 1. 

For the sand facies, the formation factor F is computed as: 

 

 

1
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w w

R
F

R S 
                                                  (A.45) 

where R(1) is the electrical resistivity of the rock with the brine saturation Sw(1), and Rw 

is the brine electrical resistivity. Then the new electrical resistivity with the saturation 

condition 2 is obtained by the following equation: 
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                                  (A.46) 

where R(2) is the electrical resistivity of the rock with the brine saturation Sw(2). This 

procedure is basically the Archie’s law based on the assumption that the formation 

factor, thus tortuosity and cementation, varies randomly but the saturation dependence 

of electrical resistivity does not change. 
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Figure A.36: Electrical resistivity at the initial state (top-left) and 5 (top-right), 15 (bottom-left), and 30 

(bottom-right) years after production. Color scales are matched. 

 

In case of shale facies, with the same assumption, the following equations can 

be used based on the Waxman-Smits model. The formation factor F is computed using 

the electrical resistivity with the saturation condition 1 as follows: 

      1

1 1 1

n n

w vw w
F R S BQ S                                       (A.47) 

where w are the brine electrical conductivity, B is the equivalent conductance of sodium 

clay exchange cations, and Qv is the cation exchange capacity per unit pore volume. B 

and Qv are obtained by the following equations: 
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where CEC is the cation exchange capacity,  is the porosity, s is the density of the 

solid phase in shale. Consequently, the electrical resistivity of shale with the saturation 

condition 2 is given by 
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                             (A.48) 

where R(2) and (2) are the electrical resistivity and conductivity of the rock with the 

brine saturation Sw(2). 

Figure A.36 shows the electrical resistivity at initial state and 5, 15, and 30 years 

after production. As shown the figure, the electrical resistivity gives excellent contrast 

between the rocks saturated with different pore fluids. 

 

A.8 Summary 

A large-scale data set (6,000,000 cells) named as the Stanford VI-E reservoir is 

generated with the purpose of testing any proposed algorithms for reservoir modeling, 

characterization, forecasting, and management. Based on the original structure and 

stratigraphy of the Stanford VI (Catro et al., 2005) reservoir, the petrophyscial 

properties and elastic attributes are created by using the improved rock physics models 

in the Stanford VI-E reservoir. Furthermore, the well-known empirical relations, 

Archie’s method (1942) and Waxman-Smits model (1968) are applied to create 
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electrical resistivity for sand and shale facies due to the need of testing electromagnetic 

imaging algorithms. 

The complete and realistic two-phase flow simulation is performed for the 

situation that the sand and shale facies are saturated with different fluids. 30 years of oil 

production are simulated on an upscaled reservoir (75×100×100 = 750,000 cells) with 

an active aquifer below the reservoir. To make flow behavior and time-lapse data 

realistic, shale permeability is adjusted to more typical values. Also, the net to gross 

value of pore volume is introduced in flow simulation to lead flow to occur mostly on 

the channel. 

From the change in saturation obtained by the flow simulation, the 

pertrophysical properties, elastic attributes, and electrical resistivity are recomputed at 

different times during production. Random variability is carefully added to ensure that 

the Stanford VI-E reservoir is an error-free data set with natural variability. 
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Appendix B 

Contact Cementation Model 

 

Dvorkin and Nur (1996) and Mavko et al. (2009) provide the statistical approximation 

of the rigorous solution of the contact cementation theory (Dvorkin et al., 1994), which 

is called the contact cement model. The equations are as follows: 

 1

6

c c n

dry

n M S
K


                                              (B.1) 

 3 3 1

5 20

dry c c

dry

K n G S
G


                                         (B.2) 

where n denotes the coordination number that is the average number of contacts per 

grain, c represents the critical porosity above which grains fall apart and become a 

suspension, and Mc and Gc are the P-wave modulus and shear modulus of the cement 

respectively. The constants Sn and S are given by the following equations: 

2

n n n nS A B C     

1.3646 0.89008 1.98460.024153 , 0.20405 , 0.00024649n n n n n nA B C          

2S A B C        
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where Gs and s are the shear modulus and the Poisson’s ratio of the solid phase of the 

rock, Gc and c are the shear modulus and the Poisson’s ratio of the cement, and  is the 

ratio of the radius of the cement layer to the grain radius for the case that cement is 

deposited evenly on the grain surface, termed Scheme 2 by Dvorkin and Nur. (1996). 
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Appendix C 

Convolution of Uniform Distributions 

 

This appendix summarizes the solution of the equation (3.6) in probability particle 

swarm optimization (Pro-PSO); the convolution of two uniform distributions.  

Suppose that there are two random variables x and y from two different uniform 

distributions: 

   
1,

,
0,

min max

X min max

if x x x
f x U x x

otherwise

 
  


                      (C.1) 

   
1,

,
0,

min max

Y min max

if y y y
f y U y y

otherwise

 
  


                     (C.2) 

When the random variable z is the sum of x and y, the probability density function of z 

is: 

     Z X Yf z f z y f y dy



                                      (C.3) 

Since fY(y) = 1 only if ymin ≤ y ≤ ymax, this becomes 

     
max

min

y

Z X Y
y

f z f z y f y dy                                     (C.4) 

Let fX(x) be the uniform distribution that has larger range, that is (ymax - ymin) ≤ (xmax - 
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xmin). The solution of the above equation is as follows: 

If xmin + ymin ≤ z < xmin + ymax, 

 
  

min min
Z

max min max min

z x y
f z

x x y y

 


 
                                   (C.5) 

If xmin + ymax ≤ z ≤ xmax + ymin, 

 
1

Z

max min

f z
x x




                                             (C.6) 

If xmax + ymin < z ≤ xmax + ymax, 

 
  

max max
Z

max min max min

x y z
f z

x x y y

 


 
                                  (C.7) 

Otherwise, 

  0Zf z                                                    (C.8) 
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