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Abstract 
 

Reservoir modeling is the practice of generating numerical representations of reservoir 

conditions and properties on the basis of geological, geophysical and engineering data 

measured on the Earth’s surface or in depth at a limited number of borehole locations. 

Building an accurate reservoir model is a fundamental step of reservoir characterization and 

fluid flow performance forecasting, and has direct impact on reservoir management 

strategies, risk/uncertainty analyses and key business decisions.  Seismic data, due to its high 

spatial resolution, plays a key role not only in defining the reservoir structure and geometry, 

but also in constraining the reservoir property variations. However, integration of 3D and 

time-lapse 4D seismic data into reservoir modeling and history matching processes poses a 

significant challenge due to the frequent mismatch between the initial reservoir model, the 

reservoir geology, and the pre-production seismic data. The key objective of this thesis is to 

investigate, develop and apply innovative solutions and methods to incorporate seismic data 

in the reservoir characterization and model building processes, and ultimately improve the 

consistency of the reservoir models with both geological and geophysical measurements.  

In this thesis we first analyze the issues that have a significant impact on the (mis)match of 

the initial reservoir model with well logs and 3D seismic data. These issues include the 

incorporation of various seismic constraints in reservoir property modeling, the sensitivity of 

the results to realistic noise in seismic data, and to geostatistical modeling parameters, and 

the uncertainties associated with quantitative integration of seismic data in reservoir property 

modeling. 

Inherent uncertainties and noise in real data measurements may result in conflicting 

geological and geophysical information for a given area; a realistic subsurface model can then 

only be produced by combining the datasets in some optimal manner. One approach to solving 

this problem is by joint inversion of the various geological and/or geophysical datasets. In 

this thesis we develop a new multi-objective optimization method to estimate subsurface 

geomodels using a stochastic search technique that allows a variety of direct and indirect 

measurements to simultaneously constrain the model. The main advantage of our method is 

its ability to define multiple objective functions for a variety of data types and constraints, 

and simultaneously minimize the data misfits. Using our optimization approach, the resulting 
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models converge towards Pareto fronts (a set of best compromise model solutions). This 

approach is applicable in many Earth science disciplines: hydrology and ground water 

analyses, geothermal studies, exploration and recovery of fossil fuel energy resources, and 

CO2 geosequestration, among others.  

We adapt this new approach for creating reservoir models by combining geostatistical 

simulation and multi-objective optimization to improve static reservoir model estimation by 

simultaneously integrating multiple datasets including well logs, geologic information and 

various seismic attributes. We test our new approach on a 3D object-oriented reservoir model, 

where variogram-based simulation techniques typically fail to reproduce realistic models. We 

also demonstrate an application of our new method on a real case study from offshore Western 

Australia. Our results indicate that improved reservoir property models and flow-unit 

connectivity can be obtained with our new multi-objective optimization approach. 

Finally, we develop a new method for seismic reservoir property modeling based on an 

integrated analysis of 3D seismic data and hydraulic flow units, and apply it to an example of 

a producing reservoir offshore Western Australia. Our method combines hydraulic unit 

analysis with a set of techniques for seismic reservoir characterization including: rock physics 

analysis, Bayesian inference, pre-stack seismic inversion and geostatistical simulation of 

reservoir properties. We develop a probabilistic relationship between certain 3D seismic data 

attributes and the hydraulic units we determine at well locations. Since porosity and 

permeability distributions are estimated for each hydraulic flow unit as part of the process, 

we can use the 3D seismic probabilistic relationships to constrain geostatistical realizations 

of porosity and permeability in the reservoir, to be consistent with the flow unit analysis. 

Reservoir models jointly constrained by both 3D seismic data and hydraulic flow unit analysis 

can therefore help to improve the accuracy of dynamic reservoir flow predictions and 

production history matching. 

In summary, the research presented in this thesis develops and tests new methods to generate 

reservoir models that optimally match geological and geophysical data, to improve the 

processes of reservoir characterization, fluid flow performance forecasting and production 

data or 4D seismic history matching.  
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1 Introduction 
 

 

“Everything is simpler than you think and at the 
same time more complex than you imagine.”    

- John Wolfgang von Goethe 
 
 

   

1.1 Research objective 

Reservoir modeling requires an incorporation of data from a variety of sources, along 

with an integration of knowledge and skills from various disciplines. In particular, the 

incorporation of 3D and time-lapse 4D seismic data may provide a great deal of additional 

information about the spatial distribution and variation of geologic reservoir properties. 

The key objective of this thesis is to investigate, develop and apply innovative solutions 

and methods to incorporate seismic data in the reservoir characterization and model 

building processes, and ultimately improve the consistency of the reservoir models with 

both geological and geophysical measurements. This general thesis research objective 

comprises several specific goals: 

 To analyze the issues that have a significant impact on the (mis)match of the 

reservoir models with well logs and 3D seismic data. 

 
 To develop a new multi-objective optimization method to estimate subsurface 

geomodels by adopting a stochastic search technique that allows a variety of both 

direct and indirect measurements to simultaneously constrain the model, and 

adapt this method for creating reservoir models that simultaneously match seismic 

data, well logs and geological information. 
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 To develop a new method for seismic reservoir characterization and reservoir 

property modeling based on an integrated analysis of 3D seismic data and 

hydraulic flow units.  

 
 To demonstrate the applicability of our new methods and techniques by applying 

them to a field data example from a producing hydrocarbon reservoir offshore 

Western Australia.   

 

1.2 Background and motivation 

This section provides an overview of static and dynamic reservoir modeling, and outlines 

the key roles of 3D and time-lapse 4D seismic data in reservoir characterization and 

model-building. The review focuses on the methods and challenges in incorporation of 

seismic data into the reservoir modeling process.  

 

1.2.1 Why do reservoir modeling? 

Reservoir modeling is the process of generating numerical representations of reservoir 

conditions and properties on the basis of geological, geophysical and engineering data 

measured on the Earth’s surface or in depth at a limited number of borehole locations 

(Mallet 2008). Subsurface reservoir model estimation is a fundamental practice in many 

geoscience disciplines: hydrology and ground water analyses, geothermal studies, 

exploration and recovery of fossil fuel energy resources, and CO2 geosequestration, 

among others. During exploration, appraisal, development and production stages of any 

field life cycle, reservoir models are widely used to broaden the available knowledge of 

the geological, geophysical and engineering components of the reservoir. Yet the 

construction of physically plausible reservoir models based on limited data measurements 

at the Earth’s surface or in boreholes continues to challenge researchers and practitioners. 

A key motivation of the research presented in this thesis is to develop and apply method(s) 

to improve subsurface 3D reservoir model estimation by addressing specific challenges 

in the simultaneous integration of geological and geophysical data measurements in the 

modeling process.  

There are two categories of reservoir properties: first, time-independent static geologic 

properties such as porosity, lithology and shale content; and second, time-varying 
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dynamic fluid flow properties such as fluid saturation and pore pressure. Static reservoir 

models simulate time-independent reservoir properties; typically such models are 

constructed from static data that has been measured or interpreted on a single occasion 

(once in time); this includes well logs, core measurements, sedimentology and 

stratigraphy interpretations and pre-production 3D seismic surveys. Usually, such models 

are used for initializing the dynamic reservoir modeling process, which involves the 

dynamic simulation of fluid flow within a reservoir. Typical dynamic datasets in the 

hydrocarbon energy applications include historical production data (flow rates or 

volumes, and pressure data) and time-lapse 4D seismic data.  

 

1.2.1.1 Static reservoir modeling 

Generating a static reservoir model that is consistent with geological knowledge and pre-

production seismic data is a fundamental step of reservoir characterization and 

performance forecasting. Currently, 3D static reservoir models are commonly used in 

(Zakrevsky 2011): 

 reserves estimation 

 targeting new producer or injector locations 

 uncertainty and risk analysis 

 geosteering (i.e., well-path steering during drilling) 

 providing a basis for production forecasting and cost estimation when coupled 

with reservoir hydrodynamic simulators 

 providing a basis for rock mechanics modeling and fracture analysis.  

A typical workflow for generating a static reservoir model involves the following key 

steps (Dubrule et al. 1997; Caers 2005): (1) Define the geometric structure and framework 

of the reservoir; (2) Construct cellular grids within the reservoir, and (3) Create reservoir 

property models. 

Three-dimensional static reservoir models may include reservoir properties in two 

categories: discrete reservoir properties (e.g., lithofacies, fluid volume, hydraulic flow 

units) and continuous reservoir properties (e.g., net to gross, porosity, permeability and 

initial fluid saturations). As shown in Figure 1.1, construction of a static reservoir 

property model is typically performed in a two-stage sequential approach: reservoir 

lithofacies modeling to define the main lithologies and/or flow units, followed by 
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petrophysical property modeling to simulate the petrophysical properties facies-by-facies 

or layer-by-layer. Both of these steps can be performed using either deterministic or 

stochastic techniques (Doligez et al. 2007). However, it should be noted that deterministic 

techniques cannot effectively describe the reservoir conditions and interdependency of 

reservoir properties. This is mainly due to: (i) the complexity of reservoir heterogeneity 

and spatial variations of the reservoir properties; and (ii) sparseness in sampling of a 

reservoir at limited numbers of well locations, leading to incomplete information about 

the reservoir. In this context, stochastic methods provide a framework for generating a set 

of reservoir models (not merely one model, as is the case with deterministic methods) to 

account for the uncertainties and spatial variations in discrete and continuous reservoir 

properties (e.g. Dubrule 2003; Dutton 2003).  

 

FIGURE 1.1: A two-stage sequential approach for reservoir lithofacies and petrophysical 
property modeling. 
 

1.2.1.2 Dynamic reservoir modeling 

Dynamic reservoir modeling simulates the reservoir fluid flow behavior over production 

calendar time, and contributes to the optimization of reservoir future production in terms 

of the recovery and economics. In the context of dynamic reservoir modeling, the term 

“history matching” is frequently used. History matching is the process of adjusting the 

dynamic reservoir flow model to match the production data measured at wells. In other 

words, it evaluates the past and present behavior of the reservoir and forecasts its future 

Lithofacies modeling 

Deterministic methods Stochastic methods 

Step 1 

Step 2 

Geology, well & seismic data 

Petrophysical property modeling 

 Stochastic methods 

Geology, well & seismic data 
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performance on that basis. Conventionally, a static model is initialized to be consistent 

with the geological, geophysical and well log data for the reservoir, and then it is adjusted 

to match the historical production data in order to predict the future behavior of the 

reservoir as flow stimulation proceeds (Rwechungura et al. 2011). History matching 

process may be done either manually (e.g., Saleri and Toronyi 1988) or automatically, by 

using optimization algorithms (e.g., Gao et al. 2007). The main characteristics of these 

two approaches are summarized in Figure 1.2, which is adapted from Rwechungura et 

al. (2011).  

Much research has been done on addressing history matching problems in hydrocarbon 

energy applications. For instance, Fasanino et al. (1986) performed single fluid phase 

history matching in a gas reservoir using adjoint methods; Watson et al. (1994) studied 

history matching in a two-phase oil-water reservoir; and Li et al. (2003) considered 3D, 

three-phase oil-water-gas history matching studies.  

 

The quality of business decisions in reservoir management is highly dependent upon  

the quality of the history matching. However, it is notable that history matching is a time-

consuming, costly and ill-posed inverse problem and requires a large number of iteration 

runs, leading to non-unique predictions which make reservoir management decisions 

difficult (Dadashpour 2009). 

 

History Matching  

Automatic  
History Matching 

Manual  
History Matching 

- Construct a numerical model 
- Define an objective function 
- Use an optimization algorithm 

- Trial and error approach 
- Manually modifying parameters 

FIGURE 1.2: Manual versus automatic history matching. 
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1.2.2 Reservoir modeling and data integration  

The reservoir-specific input data for a modeling process is schematically presented in 

Figure 1.3. Such input data includes (Pyrcz and Deutsch 2014): 

 horizons and fault surfaces interpreted from 2D or 3D seismic data to define the 

size, shape and geometrical framework of the reservoir container (including the 

top and base of the different intervals) 

 geological information such as sedimentology maps and analogue outcrop data 

 forward sediment modeling datasets, such as geometrical data, stacking patterns 

and spatial information for porosity and permeability 

 complete well datasets, including wellhead coordinates, top markers, well paths, 

logs and interpretations 

 core measurements, where applicable 

 seismic data, including seismic amplitude maps and seismic attribute volumes (for 

reservoir property modeling) and seismic velocity cubes (for time to depth 

conversion process) 

 Other geophysical measurements (gravity, magnetic, etc.) 

 Engineering data, for example in the hydrocarbon energy applications this 

includes historical production, drill stem test (DST), repeat formation test (RFT). 

Despite the fact that there is a wide range of reservoir-specific input data for a 

modeling process, several challenging issues may lead to highly uncertain reservoir 

models: the sparseness in sampling of a reservoir at a limited number of borehole 

locations when compared to the large subsurface volume to be modeled; inherent 

uncertainties and noise in real data measurements; and the different scale of 

measurements (for example core data at centimeter scale vs. seismic data at 10’s meter 

scale), among others (e.g. Dutton et al. 2003; Eaton 2006; Saussus and Sams 2012). 

Inconsistencies between different data types may be minimized by interpreting each 

data type in light of the others (Pyrcz and Deutsch 2014). This implies that a realistic 

reservoir model calls for the simultaneous integration of all data types, both static and 

dynamic, in an optimal way (Castro 2007). A key objective of this thesis is to 

investigate and develop method(s) for simultaneously incorporating geological, 

geophysical and engineering datasets to improve connectivity estimation and reservoir-

property model-building processes (Emami Niri and Lumley 2015a, b and c). 
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FIGURE 1.3: Reservoir-specific datasets for a reservoir modeling process (adapted from 
Pyrcz and Deutsch 2014). 
1 Drill stem test (DST): a process of isolating and testing the pressure, permeability and productive capacity of a 
geological zone of interest during the drilling of a well. 
2 Repeat formation tester (RFT): A process of testing pressure and permeability of a geological zone of interest, 
operated by an electrically driven hydraulic system in the well. 
3 Stacking patterns: Sets of successive parasequences which may display consistent trends in facies composition and 
thickness. The parasequences can be separated into the following stacking patterns: progradational, aggradational, or 
retrogradational. 
 
 

1.2.3 Seismic data incorporation in static reservoir modeling 

Borehole measurements are often the main information source for reservoir modeling; 

however, boreholes are sparsely distributed and these measurements are not sufficiently 

informative to yield accurate and detailed representations of the whole 3D reservoir 

volume. There are many non-unique models that fit the sparse well data despite the huge 

challenge posed by extrapolating this data to an entire reservoir volume. Due to its 

excellent spatial coverage, seismic data plays a key role in defining the structure and 

Geological data 

 Stratigraphic interpretation 

 Analogue fields/outcrops 

Seismic/other geophysical data 

 3D surfaces/stratigraphy/fluid contacts 

 Attributes for porosity, facies 

 4D seismic for monitoring 

Well Logs and Core 

 Surface locations 

 Lithofacies/geological data 

 Porosity/permeability 

Engineering Data 

 DST1/RFT2 data 

 Historical production data 

 

Forward Sediment Modeling 

 Stacking patterns3 

 Geometric data for facies 

 Spatial information of Φ/K 

http://en.wikipedia.org/wiki/Permeability_(earth_sciences)
http://en.wikipedia.org/wiki/Oil_well
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geometry of the reservoir, and in setting constraints to variations in reservoir properties. 

The fundamentals of 2D, 3D and 4D seismic data are reviewed in Appendix-1 and the 

specific roles of the seismic method in the life cycle of a hydrocarbon field is provided in 

Appendix-2.  

To produce realistic models of reservoir lithofacies and corresponding petrophysical 

properties while at the same time avoiding non-physical results, seismic information 

should be actively incorporated into the reservoir-modeling process. Three main 

frameworks for deriving reservoir properties from seismic data (Ravalec-Dupin et al. 

2011) are described below. 

Deterministic relationships: First establish deterministic relationships between seismic 

attributes and reservoir properties at borehole locations, then employ those relationships 

in generating a 3D cube of the reservoir property (Figure 1.4) (e.g., Angeleri and Carpi 

1982). 

FIGURE 1.4: Schematic view of generating a static reservoir model based on 
deterministic relationships between seismic attributes and reservoir properties. 

 

Geostatistics: Incorporate seismic data (e.g., seismic amplitude map and inverted seismic 

attributes) as extra information for guiding geostatistical interpolation of the reservoir 

properties in areas far away from the wells, and produce multiple equiprobable realizations 

of the reservoir properties (Figure 1.5).  

Examples of geostatistical techniques for seismically-constrained reservoir property 

modeling include generalized regression methods such as cokriging (e.g., Doyen 1988; 

De Buyl 1989); kriging with locally variable mean (e.g., Cole et al. 2003); stochastic 

simulation; and geostatistical inversion (Haas and Dubrule 1994). 

AI 

AI 

Φ 

Φ 
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FIGURE 1.5: Schematic view of generating multiple equiprobable realizations of 
reservoir properties using geostatistical simulation. 
 

Seismic matching loop: The seismic response of the model is computed using a forward-

modeling operator; the synthetic seismic response is compared with the real seismic data, 

and the best match obtained by iteration (Figure 1.6). This process can be done manually 

or by using an optimization algorithm (e.g. Bornard et al. 2005). 

 

FIGURE 1.6: Schematic view of reservoir model building or updating by the  
seismic matching loop process. 
 

Recent developments have combined geostatistics and a seismic matching loop (from 

either deterministic or statistical rock-physics relations) to estimate reservoir properties 

from seismic data. This process may be performed (i) by using a sequential or multistep 

inversion scheme (e.g., Ravalec-Dupin et al., 2011; Emami Niri and Lumley 2015b), or 

(ii) based on a unified inversion scheme (Bosch et al. 2010).  
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A typical workflow for constructing a seismically constrained static reservoir model 

(consisting of three main stages: data preparation, reservoir property modeling, and seismic 

matching loop) are fully explained in Appendix-3.   

 

1.2.4 Seismic data incorporation in dynamic reservoir modeling  

Most of the data for reservoir surveillance and management studies comes from well 

measurements. In the hydrocarbon energy applications, this includes well production data 

(e.g., oil, gas and water flow rates), well-head and bottom-hole pressure measurements, 

production logging tools (PLTs), repeated logs (e.g., thermal decay time logs for water 

saturation changes) and so on. There are usually many reservoir model parameters but often 

there are only a few wells. Obviously, there can be many non-unique models that fit the 

sparse data at the wells, in part due to the huge challenge that is involved in extrapolating 

the well data to the entire volume of a reservoir. Other complementary dynamic datasets 

such as pressure interference tests and chemical tracers can provide useful information 

for the volumetric measurement of reservoir connectivities; however, such datasets cannot 

provide information on the location of reservoir heterogeneities (Johnston 2013). Four-

dimensional seismic data is considered to complement conventional reservoir surveillance 

techniques, and to reduce the level of uncertainty associated with the monitoring process 

(Lumley 2001; Calvert 2005). 

Time-lapse seismic data in conjunction with geological and fluid-flow history matching 

yields a reservoir description that is more efficient and produces a better prediction of 

reservoir performance. The basic philosophy of this process, which is usually known as 

“4D seismic history matching”, is illustrated in Figure 1.7. The reservoir history 

matching process itself may produce several reservoir models consistent with production 

data only (M_prodi). There are also several other reservoir models which match 4D 

seismic data only (M_seisi). Constraining the reservoir models to be consistent with both 

production data and time-lapse seismic data reduces the uncertainties associated with the 

history matching process by narrowing the range of possible outcomes (which ideally 

bracket the true reservoir model).  

Several authors have pointed out the benefits of incorporating 4D seismic data into a 

reservoir history matching procedure (e.g., Anderson et al. 1997; Burkhart et al. 2000; 

Lygren et al. 2003; Vasco 2004; Jourdan et al. 2006). Most of the published work in  
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this area used either synthetic data, or included 4D seismic data in a qualitative way. 

However, quantitative incorporation of 4D seismic in reservoir dynamic flow modeling 

has received considerable attention and is currently an active area of research in both 

academia and industry.  

 

 

 

 

 

 

 

 

 

 

FIGURE 1.7: The basic philosophy of integrating 4D seismic data into the  
reservoir history matching process. 
 

It is notable that integrating time-lapse 4D seismic data into the reservoir modeling and 

history matching processes poses a significant challenge due to the frequent mismatch 

between the initial reservoir model, the reservoir geology, and the pre-production seismic 

data. It is essential that synthetic 3D seismic data modeled from the initial static reservoir 

model closely matches the real baseline 3D seismic data. Without an initial 3D seismic 

match, risks are introduced into the subsequent use of 4D seismic datasets to update 

reservoir simulation models (Lumley and Behrens 1998; Le Ravalec-Dupin et al. 2011). 

This issue is one of the key motivations of the research presented in this thesis, whose 

objective is to generate a set of reservoir models that best match static data (well logs, 

geology and pre-production seismic data) to better initialize and accelerate production 

data history matching and 4D seismic analysis. 
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production data only (M_prodi) 

M_prod1 M_prod2 

M_prodP 

... 

... 

... 

... 

M_seis1 M_seis2 

M_seisK 

... ... 

... 

... 
        ....      ... 

Reservoir models consistent 

with both production  

and 4D seismic data 

True reservoir 

Model 

Reservoir models consistent with 

4D seismic data only (M_seisi) 
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1.2.5 Challenges in seismic data incorporation into reservoir models 

Integrating 3D and 4D seismic data into reservoir models presents several challenges and 

difficulties which are still at the forefront of R&D specialists. In this section, some of the 

challenges in incorporation of 3D seismic data in static reservoir modeling are reviewed. 

A discussion on challenges in 4D seismic data incorporation in dynamic reservoir 

modeling are provided in Appendix-4.     

     Reservoir modeling at seismic scale or at a finer grid scale: To model a reservoir, 

it is important to find a common grid scale that merges different data types at different 

scales. A common approach is either to scale up or scale down; however, even the most 

sophisticated (upscaling/downscaling) techniques necessarily eliminate some parts of 

data (Lumley and Behrens 1998). As an example, a reservoir containing highly porous 

and permeable layers about 1 m thick requires a fine-scale reservoir model. To integrate 

seismic data into such a model, the data must be scaled down accordingly. Different 

seismic downscaling techniques have been proposed but these are generally not physics-

based and suffer from simplifying assumptions about the seismic averaging process (e.g., 

Bahar et al. 2004).  

 In many parts of this thesis (especially in our field data application example), we use the 

following strategy to define an optimum grid scaling system. When choosing the lateral 

grid scale of a reservoir model, the seismic bin spacing is the best option since it preserves 

all the potential information that can possibly be extracted from the seismic data. 

However, the challenge is the choice of the vertical- or z-scale of the model. Seismic data 

typically has a lower resolution in the vertical direction than the other sources of 

information (e.g., well log data and core measurements). For modeling reservoir 

properties, the vertical scale should be related to the scale of the geological 

heterogeneities in the volume to be modeled. This scale is highly dependent upon the 

types of rock in the reservoir. It is essential to note that, while it is not the purpose of a 

reservoir model to include every small geological detail extracted from the geological 

analyses, neither is large-scale or regional information of interest in this context. The 

purpose of the model is to simulate a specific volume of reservoir rocks that allow fluid 

flow through it. Thus, the optimal vertical scale of a reservoir model depends on the scale 

of the reservoir flow unit, which may vary from one or two centimeters to several meters. 
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     Deterministic or stochastic seismic inversion: Deterministic inversion gives just one 

realization of any rock physical property, whereas stochastic inversion generates multiple 

equiprobable realizations. No single inversion technique is guaranteed to solve every kind 

of problem; every implementation of deterministic or stochastic inversion might be 

suitable, provided it is applied to the right case.  

     Cascaded seismic and petrophysical inversion or direct petrophysical inversion 

of seismic data: In this thesis, we use a two-step sequential approach to infer reservoir 

properties from seismic data: first, a seismic inversion is performed to estimate elastic 

properties; second, a petrophysical inversion is applied to predict reservoir properties 

such as lithology and porosity from the inverted seismic data. Some other techniques have 

been proposed for direct petrophysical inversion of seismic data (e.g., Bornard et al. 

2005). Although these techniques improve coherence between the reservoir property 

model and seismic data, the well calibration and quality control steps tend to be more 

complicated (Doyen 2007). 

    Reservoir model-to-seismic matching loop in amplitude time domain or in elastic 

depth domain: The reservoir model-to-seismic matching loop allows validation of the 

reservoir properties introduced into the reservoir model, by generating synthetic seismic 

impedance or amplitude data from the model and attempting to match them to real seismic 

data. The best domain in which to perform reservoir model-to-seismic matching loop is 

problematic: it is necessary to choose between the amplitude vs. elastic property domain 

and between the time and depth domain.  

The petro-elastic model gives absolute values of the elastic properties, whereas seismic 

inversion provides both absolute and relative values of the elastic properties. Therefore, 

in the elastic domain, it is necessary to first choose which form of the elastic parameters 

should be used for comparison: absolute or relative. It also should be noted that the low-

frequency model used in the seismic inversion and the background trend used in the petro-

elastic model are not the same. In addition, there is always uncertainty and instability in 

the seismic inversion process (Modin and Guilloux 2009). All of these challenging issues 

imply that the reservoir model-to-seismic matching loop in the elastic domain should be 

cautiously applied in order to reduce the risk of misinterpretation. 

In the amplitude domain, a key challenge is the correct positioning of the modeled 3D 

seismic data in time versus real seismic amplitude data. A possible solution is to stretch 
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the reservoir model in time between two interpreted horizons, for example by using petro-

elastic-derived velocities. In addition, since the modeled data usually does not match he 

real seismic data, using purely mathematical algorithms for comparison (e.g. subtraction, 

correlation) may not always work (Modin and Guilloux 2009). 

     Manual or assisted reservoir model-to-seismic matching loop: A key question in 

the reservoir model-to-seismic matching loop process is the possibility of employing an 

assisted process for reservoir model estimation. A reservoir model matched only with 

seismic data is not a comprehensive solution; this only provides a set of reservoir 

properties that are consistent with the seismic data but not necessarily with well log data 

and geological information. Similarly, a reservoir model that takes account of geological 

knowledge only is not necessarily consistent with seismic data. The ultimate goal of an 

assisted reservoir modeling process is to generate a set of reservoir models that best match 

all the available static data (well logs, geological and pre-production seismic data) to 

better initialize the subsequent history matching process. This thesis proposes a solution 

to this problem by developing a multi-objective optimization approach for the reservoir 

model estimation process. From our approach, the resulting reservoir property models 

not only satisfy the seismic response of the models, but also match the well log data and 

the geological information defined in the parallel objective functions. An ensemble-based 

stochastic optimization algorithm simultaneously reduces the mismatch in all objective 

functions and produces optimal reservoir models that are the best-compromise solutions 

for the defined objective functions (Emami Niri and Lumley 2015b and c). 

 

1.2.6 Reservoir modeling and joint inversion 

As discussed earlier, reservoir modeling requires the simultaneous incorporation of all 

available data types in a common framework. Mathematically this may be summarized 

as a reservoir modeling problem whose goal is to produce a reservoir model such that all 

static reservoir-specific information sources (geology, well logs, seismic, etc.) are 

incorporated, and the error in the obtained model is minimized. Reservoir modeling is 

then becomes a nonlinear optimization problem with multiple goals. Conventionally, 

there are two broad approaches to multi-objective modeling (Kozlovskaya et al. 2007): 

 Independent inversion of each dataset to obtain different self-directed models, which 

are then combined and correlated to produce the final model. 
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 Joint inversion of multiple datasets which directly produces the final model. 

Joint inversion of several different types of datasets or measurements acquired over a site 

may help to reduce some of the ambiguity inherent in the individual data type (Vozoff 

and Jupp 1975). A common approach to joint inversion of multiple datasets is to apply 

weighted summation of the objective functions defined for each subset of integrated 

datasets to obtain a global objective function, which is then optimized using  

a classical inversion technique to find the best-fit model (e.g., Tarantola 2005; Moghadas 

et al. 2010). For example, a regularized objective function for reservoir modeling problem 

may be written as (Ravalec-Dupin and Nœtinger 2002):   

obj(𝐦) =  ∑ wi(di
sim −  di

obs)
2

i + α∑ vi(mi –  m0i)
2

i .     (1.1) 

The first term, known as the likelihood constraint, evaluates the discrepancy between 

observed (dobs) and simulated (dsim) datasets. The second term, known as the prior 

constraint, measures the mismatch between reservoir model m and the prior reservoir 

model m0; w and v are the weighting coefficients for the likelihood and prior terms 

respectively, and α is a regularization factor that penalizes any departure from the prior 

geological model. Several challenges are involved in this approach: the difficulties in 

determining the correct weights for each of the objective functions, the need for several 

runs to find different solutions at each run, and difficulties in identifying the non-convex 

Pareto fronts; all these are subject to user bias (e.g., Hajizadeh 2011).  

In this thesis, we demonstrate that this kind of joint inversion problem for reservoir 

modeling can be addressed using an adaptation of a multi-objective optimization problem, 

such that multiple objective functions are defined for several sets of observed data. We then 

use an ensemble-based stochastic search technique to find the best-compromise model 

solutions among all of the components of the objective function vector in a single 

simulation run. The effectiveness of the proposed approach is illustrated for both a 3D 

reservoir test model (Emami Niri and Lumley 2015b) and a real case study in offshore 

Western Australia (Emami Niri and Lumley 2015c). 
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1.3 Approach - chapter descriptions 

This thesis consists of six chapters, including this introductory chapter (Chapter 1). The 

chapters are linked to describe the process of seismic data incorporation and multi-

objective optimization for building and updating reservoir models, including the 

developments and applications of new methods.  

Chapter 2 contains an investigation of the issues that have a significant impact on the 

(mis)match of the initial reservoir model with well logs and 3D seismic data. We address 

the following specific questions: 

 Which of the common constraining methods for variogram-based lithofacies 

modeling produces reservoir models that best match the pre-production 3D 

seismic data? 

 How are the results affected by the presence of noise in the observed data, and by 

the low vertical resolution of seismic data compared to the scale of geological 

heterogeneities? 

 To what extent do uncertain geostatistical variogram parameters affect the results? 

 What are the uncertainties and limitations in quantitatively incorporating 

deterministic seismic inversion results in reservoir lithofacies modeling? 

Part of this work has been presented at the 6th International Petroleum Technology 

Conference (IPTC) in Beijing, China (Emami Niri and Lumley, 2013a) and at the 13th 

International Congress of the Brazilian Geophysical Society (SBGF) in Rio de Janeiro, 

Brazil (Emami Niri and Lumley, 2013c). The full text of this chapter is to be submitted 

to the journal Exploration Geophysics.  

In Chapter 3 we present a new multi-objective optimization method to estimate 

subsurface geomodels using a stochastic search technique that allows a variety of direct 

and indirect measurements to simultaneously constrain the model. Inherent uncertainties 

and noise in real data measurements may result in conflicting geological and geophysical 

datasets for a given area; a realistic subsurface model can then only be produced by 

combining the datasets in a defined optimal manner. One approach to solving this 

problem is by joint inversion of the various geological and/or geophysical datasets, 

estimating an optimal model by optimizing a weighted linear combination of several 

separate objective functions which compare simulated and observed datasets. In the 
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present work, we have considered the joint inversion of multiple datasets for geomodel 

estimation, as a multi-objective optimization problem in which the separate objective 

functions for each subset of the observed data are defined, followed by an unweighted 

simultaneous stochastic optimization to find the set of best compromise model solutions 

that fits the defined objectives, along the so-called “Pareto front”. We demonstrate that 

constrained initialization of the algorithm improves convergence speed and produces 

superior geomodel solutions. We apply the new method to a 3D reservoir lithofacies 

modeling example which is constrained to comply with a set of geological and 

geophysical data attributes, and assess the sensitivity of the model inversions to changes 

in the parameters of the stochastic optimization algorithm and the presence of seismic 

noise. This approach may be applied in many Earth science disciplines: hydrology and 

ground water analyses, geothermal studies, coal and mineral exploration, subsurface 

reservoir modeling, petroleum system analysis and CO2 geosequestration, among others. 

The work in this chapter was presented at 23rd ASEG International Geophysical 

Conference and Exhibition in Melbourne, Australia (Emami Niri and Lumley, 2013b). 

The full text is currently undergoing peer review for the Journal of Applied Geophysics.  

In Chapter 4 we present a new method and a field data demonstration for constructing 

reservoir models that simultaneously match available seismic, borehole and geological 

data in an optimal sense. Our method combines geostatistical simulation with 

simultaneous nonlinear stochastic optimization of multiple objective functions, and does 

not require the selection of weighting schemes or multiple optimization runs. The main 

advantage of our method is its capacity to define multiple objective functions for a variety 

of data types and constraints, and simultaneously minimize the data misfits. Using the 

new optimization method, the resulting models converge towards Pareto fronts which 

represent sets of best-compromise model solutions for the defined objectives. We test our 

method on a 3D synthetic object-oriented reservoir model for which variogram-based 

simulation techniques typically fail to reproduce realistic models. We then show a field 

data application of our method on a producing reservoir offshore Western Australia. Our 

results indicate that the new method is capable of producing improved models of reservoir 

properties and flow-unit connectivity that are more consistent with known reservoir 

information, compared to previous methods. Part of this work was presented at the 76th 

EAGE annual meeting in Amsterdam, The Netherlands (Emami Niri and Lumley, 2014a) 

and at the 84th SEG annual meeting in Denver, Colorado, USA (Emami Niri and Lumley, 

2014c). Part of this work has also been presented at the 24th International Geophysical 
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Conference and Exhibition (ASEG-PESA 2015) in Perth, Australia (Emami Niri and 

Lumley, 2015e). The full text of this chapter is accepted to be published in the journal 

Geophysics.   

In Chapter 5 we present a new method of seismic reservoir characterization and reservoir 

property modeling based on an integrated analysis of 3D seismic data and hydraulic flow 

units, and apply it to an example of a producing reservoir offshore Western Australia. Our 

method combines hydraulic unit analysis with a set of techniques for seismic reservoir 

characterization, including rock physics analysis, Bayesian inference, pre-stack seismic 

inversion and geostatistical simulation of reservoir properties. We develop a probabilistic 

relationship between certain 3D seismic data attributes and the hydraulic units determined 

at well locations. Since porosity and permeability distributions are estimated for each 

hydraulic flow unit as part of the process, these probabilistic relationships can be used to 

constrain the geostatistical realizations of porosity and permeability in the reservoir such 

that they are consistent with the flow unit analysis. Reservoir models jointly constrained 

by both 3D seismic data and hydraulic flow unit analysis can potentially help to improve 

the processes of reservoir characterization, fluid flow performance forecasting and 

production data or 4D seismic history matching. The work in this chapter was presented 

at the SPE Asia Pacific Oil and Gas Conference (AOPGC) in Adelaide, Australia (Emami 

Niri and Lumley, 2014b) and has been presented at the 24th International Geophysical 

Conference and Exhibition (ASEG-PESA 2015) in Perth, Australia (Emami Niri and 

Lumley, 2015f). The full text of this chapter is currently undergoing peer review for the 

journal SPE Reservoir Engineering and Evaluation. 

Chapter 6 provides general discussion and conclusions of this study, contributions of the 

work presented in this thesis and recommendations for future research. 

 

 

 

 

 

 



 Chapter 1 
 

19 
 

 

 

Bibliography 

Anderson, R. N., A. Boulanger, W. He, L. Xu, P. B. Flemings, T. D. Burkhart, and A. R. Hoover, 
1997, 4D time-lapse seismic monitoring in the South Timbalier 295 Field Gulf of Mexico: 
Offshore Technology Conference, OTC-8312-MS. 

Angeleri, G. and R. Carpi, 1982, Porosity prediction from seismic data: Geophysical Prospecting, 
30, no. 5, 580-607. 

Bahar, A., O. Abdel-Aal, A. Ghani, F. Silva, and M. Kelkar, 2004, Seismic integration for better 
modeling of rock type based reservoir characterization: A field case example: Abu Dhabi 
International Conference and Exhibition, SPE-88793-MS. 

Bornard, R., F. Allo, T. Coleou, Y. Freudenreich, D. Caldwell, and J. Hamman, 2005, 
Petrophysical seismic inversion to determine more accurate and precise reservoir 
properties: SPE Europec/EAGE Annual Conference, SPE-94144-MS. 

Bosch, M., T. Mukerji, and E. F. Gonzalez, 2010, Seismic inversion for reservoir properties 
combining statistical rock physics and geostatistics: A review: Geophysics, 75, no. 5, 
75A165-175A176. 

Burkhart, T., A. R. Hoover, and P. B. Flemings, 2000, Time-lapse (4-D) seismic monitoring of 
primary production of turbidite reservoirs at South Timbalier Block 295, offshore 
Louisiana, Gulf of Mexico: Geophysics, 65, no. 2, 351-367. 

Caers, J., 2005, Petroleum geostatistics: Society of Petroleum Engineers Richardson. 
Calvert, R., 2005, Insights and methods for 4D reservoir monitoring and characterization: 

SEG/EAGE Distinguished instructor short course, 8. 
Castro, S. A., 2007, A probabilistic approach to jointly integrate 3D/4D seismic, production data 

and geological information for building reservoir models: PhD dissertation, Stanford 
University. 

Cole, J., E. L. Nebrija, M. M. Saggaf, A. N. Al-Shabeeb, L. den Boer, and P. M. Doyen, 2003, 
Integrated 3D reservoir modeling for Permian Khuff gas development in Ghawar Field, 
Saudi Arabia: The Leading Edge, 22, no. 7, 666-669. 

Dadashpour, M., 2009, Reservoir characterization using production data and time-lapse seismic 
data: PhD dissertation, Norwegian University of Science and Technology. 

De Buyl, M., 1989, Optimum field development with seismic reflection data: The Leading Edge, 
8, no. 4, 14-20. 

Doligez, B., H. Beucher, O. Lerat, and O. Souza, 2007, Use of a seismic derived constraint: 
Different steps and joined uncertainties in the construction of a realistic geological model: 
Oil and Gas Science and Technology-Revue de l'IFP, 62, no. 2, 237-248. 

Doyen, P. M., 2007, Seismic reservoir characterization: An earth modeling perspective: EAGE 
Publications bv, ISBN 978-90-73781-77-1. 

Doyen, P. M., 1988, Porosity from seismic data: A geostatistical approach: Geophysics, 53, no. 
10, 1263-1275. 

Dubrule, O., 2003, Geostatistics for seismic data integration in Earth models: SEG/EAGE 
Distinguished instructor short course, 6. 



Chapter 1 
 

20 
 

Dubrule, O., C. Basire, S. Bombarde, P. Samson, D. Segonds, and J. Wonham, 1997, Reservoir 
geology using 3-D modeling tools: SPE Annual Technical Conference and Exhibition, 
Society of Petroleum Engineers, SPE-38659-MS.  

Dutton, D., 2003, A New technique to improve 3-D fault geometry interpretation from a seismic 
dataset: an example from a Welded Growth Fault Family, Offshore Angola: AAPG 
Annual Meeting. 

Eaton, T. T., 2006, On the importance of geological heterogeneity for flow simulation: 
Sedimentary Geology, 184, no. 3, 187-201. 

Emami Niri, M. and D. Lumley, 2013a, Initializing dynamic reservoir models for history 
matching using pre-production 3D seismic data: 6th International Petroleum Technology 
Conference, IPTC-16650-MS. 

Emami Niri, M. and D. Lumley, 2013b, A multi-objective stochastic optimization approach for 
estimation of subsurface geomodels: ASEG Extended Abstracts, 2013 (1), 1-4. 

Emami Niri, M. and D. Lumley, 2013c, Uncertainty analysis in quantitative integration of 
inverted 3D seismic data for static reservoir modeling: 13th International Congress of the 
Brazilian Geophysical Society, 993-997. 

Emami Niri, M. and D. Lumley, 2014a, Reservoir model estimation by simultaneous optimization 
of multiple objective functions: 76th EAGE Conference and Exhibition, Extended 
Abstracts.  

Emami Niri, M. and D. Lumley, 2014b, Probabilistic reservoir property modeling jointly 
constrained by 3D seismic data and hydraulic unit analysis: SPE Asia Pacific Oil and Gas 
Conference and Exhibition, Society of Petroleum Engineers, SPE-171444-MS. 

Emami Niri, M. and D. Lumley, 2014c, A multi-objective optimization method for creating 
reservoir models that simultaneously match seismic and geologic data: 84th Annual 
International Meeting, SEG, Extended Abstracts, 2477-2481. 

Emami Niri, M. and D. Lumley, 2015a, Probabilistic reservoir property modeling jointly 
constrained by 3D seismic data and hydraulic unit analysis: SPE Reservoir Engineering 
and Evaluation, in review. 

Emami Niri, M. and D. Lumley, 2015b, Estimation of subsurface geomodels by multi-objective 
stochastic optimization method: Journal of Applied Geophysics, in review.  

Emami Niri, M. and D. Lumley, 2015c, Simultaneous optimization of multiple objective 
functions for reservoir modeling: Geophysics, accepted.  

Emami Niri, M. and D. Lumley, 2015d, Initializing reservoir models for history matching using 
pre-production 3D seismic data- constraining methods and uncertainties: Exploration 
Geophysics, to be submitted. 

Emami Niri, M. and D. Lumley, 2015e, Multi-objective reservoir model-seismic matching loop: 
proof of concept and field application: ASEG Extended Abstracts. 

Emami Niri, M. and D. Lumley, 2015f, Integrating 3D seismic data and hydraulic units to improve 
reservoir property models: ASEG Extended Abstracts. 

Fasanino, G., J. Molinard, G. de Marsily, and V. Pelce, 1986, Inverse modeling in gas reservoirs: 
SPE Annual Technical Conference and Exhibition, Society of Petroleum Engineers, SPE-
15592-MS. 

Gao, G., G. Li, and A. C. Reynolds, 2007, A stochastic optimization algorithm for automatic 
history matching:  SPE Journal, 12, no. 2, 196-208. 

Gunning, J. and M. E. Glinsky, 2004, Delivery: an open-source model-based Bayesian seismic 
inversion program: Computers and Geosciences, 30, no. 6, 619-636. 

Haas, A. and O. Dubrule, 1994, Geostatical inversion-a sequential method of stochastic reservoir 
modeling constrined by seismic data:  First Break, 12, no. 11, 561-569. 



 Chapter 1 
 

21 
 

Hajizadeh, Y., 2011, Population-based algorithms for improved history matching and uncertainty 
quantification of Petroleum reservoirs: PhD dissertation, Heriot-Watt University.  

Johnston, D. H., 2013, Practical applications of time-lapse seismic data: SEG Distinguished 
instructor short course, 16. 

Jourdan, J., F. Lefeuvre, and D. Dubucq, 2006, Integration of 4D seismic into the dynamic model: 
Girassol, deep offshore Angola: First Break, 24, no. 4, 51-58. 

Kozlovskaya, E., L. Vecsey, J. Plomerová, and T. Raita, 2007, Joint inversion of multiple data 
types with the use of multiobjective optimization: problem formulation and application 
to the seismic anisotropy investigations: Geophysical Journal International, 171, no. 2, 
761-779. 

Li, R., A. Reynolds, and D. Oliver, 2003, History matching of three-phase flow production data: 
SPE Journal, 8, no. 04, 328-340. 

Lumley, D., 1995, Seismic time-lapse monitoring of subsurface fluid flow: PhD thesis, Stanford 
University. 

Lumley, D. and R. Behrens, 1998, Practical issues of 4D seismic reservoir monitoring: What an 
engineer needs to know: SPE Reservoir Evaluation and Engineering, 1, no. 06, 528-538. 

Lumley, D., 2001, Time-lapse seismic reservoir monitoring. Geophysics, 66, no. 1, 50-53. 
Lygren, M., K. Fagervik, T. Valen, A. Hetlelid, G. Berge, G. Dahl, L. Sønneland, H. Lie, and I. 

Magnus, 2003, A method for performing history matching of reservoir flow models using 
4D seismic data: Petroleum Geoscience, 9, no. 1, 83-90. 

Mallet, J.-L., 2008, Numerical earth models: EAGE Publications bv, ISBN 978-90-73781-63-4.  
Modin, D. and Y. Guilloux, 2009, Geomodel to Seismic Feedback Loop–Method and Case Study: 

71st EAGE Conference and Exhibition, Extended Abstracts. 
Moghadas, D., F. André, E. C. Slob, H. Vereecken, and S. Lambot, 2010, Joint full-waveform 

analysis of off-ground zero-offset ground penetrating radar and electromagnetic 
induction synthetic data for estimating soil electrical properties: Geophysical Journal 
International, 182, no. 3, 1267-1278. 

Pyrcz, M. J. and C. V. Deutsch, 2014, Geostatistical reservoir modeling: Oxford University Press. 
Ravalec-Dupin, M. and B. Nœtinger, 2002, Optimization with the gradual deformation method: 

Mathematical Geology, 34, no. 2, 125-142. 
Ravalec-Dupin, L., G. Enchery, A. Baroni, and S. Da Veiga, 2011, Preselection of reservoir 

models from a geostatistics-based petrophysical seismic inversion: SPE Reservoir 
Evaluation and Engineering, 14, no. 05, 612-620. 

Rwechungura, R. W., M. Dadashpour, and J. Kleppe, 2011, Advanced history matching 
techniques reviewed: SPE Middle East Oil and Gas Show and Conference, Society of 
Petroleum Engineers, SPE-142497-MS. 

Saleri, N. and R. Toronyi, 1988, Engineering control in reservoir simulation: Part I: SPE Annual 
Technical Conference and Exhibition, Society of Petroleum Engineers, SPE-18305-MS. 

Saussus, D., and M. Sams, 2012, Facies as the key to using seismic inversion for modeling 
reservoir properties: First Break, 30, no. 7, 45-52.  

Tarantola, A., 2005, Inverse problem theory and methods for model parameter estimation: SIAM. 
Vasco, D. W., 2004, Seismic imaging of reservoir flow properties: Time-lapse pressure changes: 

Geophysics, 69, no. 2, 511-521. 
Vozoff, K. and D. Jupp, 1975, Joint inversion of geophysical data: Geophysical Journal 

International, 42, no. 3, 977-991. 
Watson, A., J. Wade, and R. Ewing, 1994, Parameter and system identification for fluid flow in 

underground reservoirs: Proceedings of the Conference Inverse Problems and Optimal 
Design in Industry, Springer. 



Chapter 1 
 

22 
 

Zakrevsky, K., 2011, Geological 3D modeling: EAGE Publications bv, ISBN 978-90-73781-96-
2. 

 



23 
 

 

 

 

2 Initializing reservoir models for history 
matching using pre-production 3D seismic 
data – constraining methods and 
uncertainties 

 

 

Part of the work in this chapter was presented at the 6th International Petroleum 
Technology Conference (IPTC) in Beijing, China, and another part at the 13th 
International Congress of the Brazilian Geophysical Society (SBGF) in Rio de Janeiro, 
Brazil. The full text of this chapter is currently undergoing peer-review in the Journal 
Exploration Geophysics.  
 

 

 

2.1 Abstract  

Integration of 3D and time-lapse 4D seismic data into reservoir modeling and history 

matching processes poses a significant challenge due to the frequent mismatch between 

the initial reservoir model, the reservoir geology, and the pre-production (baseline) 

seismic data. A fundamental step of a reservoir characterization and performance study 

is the preconditioning of the initial reservoir model to equally honor both the geological 

knowledge and seismic data. In this chapter we analyze the issues that have a significant 

impact on the (mis)match of the initial reservoir model with well logs and 3D seismic 

data. These issues include the constraining methods in reservoir lithofacies modeling, the 

sensitivity of the results to the presence of realistic noise in the seismic data, the 

geostatistical modeling parameters, and the uncertainties associated with quantitative 

incorporation of seismic data in reservoir lithofacies modeling. We demonstrate that in a 

geostatistical lithofacies simulation process, seismic constraining methods based on 
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seismic litho-probability curves and seismic litho-probability cubes yield the best match 

to the reference model, even when noise is present in the dataset. In addition, our analyses 

show that quantitative incorporation of inverted 3D seismic data in static reservoir 

modeling carries a range of uncertainties and should be cautiously applied in order to 

minimize the risk of misinterpretation. These uncertainties are due to the limited vertical 

resolution of the seismic data compared to the scale of the geological heterogeneities, the 

fundamental instability of the inverse problem, and the non-unique elastic properties of 

different lithofacies types. 

 

2.2 Introduction 

A depositional facies is a distinctive body of rock that forms under specific conditions of 

sedimentation and hence has particular characteristics (Reading 2009). This conceptual 

definition highlights that it is important to include facies modeling as a key part of static 

and dynamic reservoir studies. Porosity, permeability, clay content, degree of 

heterogeneity and connectivity are often simulated on the basis of facies distribution, and 

the distribution of facies mainly depends on the geological processes (Saussus and Sams 

2012; Pyrcz and Deutsch 2014). Geological knowledge about a given reservoir is always 

incomplete, however, because of limited well coverage and complex subsurface 

heterogeneity, among other factors (Dutton et al. 2003; Eaton 2006). In this context, 3D 

seismic data, due to its high spatial density, plays a critical role — not only by defining 

the reservoir structure and geometry, but also in constraining the reservoir property 

variations (Doyen 2007). To produce realistic models of the reservoir facies and 

corresponding petrophysical properties, and to avoid biased or non-physical results, 

seismic-related information should be simultaneously incorporated with all other 

available static and dynamic data in the model-building process. This can be achieved, 

for example, by using geostatistical simulation techniques (e.g., Deutsch and Journel 

1992; Araktingi and Bashore 1992; Behrens et al. 1998; Caers et al. 2001; Mukerji et al. 

2001).  

Geostatistical reservoir modeling has become standard practice in the energy industry, 

and is widely used for hydrocarbon reserve estimation, targeting new producer/injector 

locations, and production profile forecasting with flow simulators (Caers 2005; 

Zakrevsky 2011). Static reservoir models are typically built using time-independent static 
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reservoir data that has been measured once in time, including well logs, core 

measurements and pre-production 3D seismic surveys. These models are then updated in 

a history matching process to be consistent with dynamic reservoir data during the 

production phase (e.g., historical production data and/or time-lapse 4D seismic data). 

Reservoir history matching is a highly underdetermined and nonlinear inverse problem, 

and is therefore very sensitive to the initial starting model. In particular, when including 

4D seismic data in the reservoir history matching process, it is essential that the synthetic 

3D seismic data modeled from the initial static reservoir model closely matches the real 

baseline 3D seismic data. Without this initial match, the use of subsequent 4D seismic 

datasets to update reservoir simulation models introduces considerable uncertainty and 

risk (Lumley and Behrens 1998; Da Veiga and Le Ravalec-Dupin 2010; Le Ravalec-

Dupin et al. 2011).  

Despite the fact that seismic data is an excellent source of information beyond the wells, 

seismic reflection amplitudes do not often give a direct interpretation of reservoir 

lithofacies and petrophysical properties (e.g., Bornard et al. 2005). In this context, seismic 

inversion is conventionally used to transform seismic reflection amplitudes into 

subsurface elastic properties (e.g., velocities and impedances). The scope of seismic 

reservoir characterization, however, goes beyond simply inverting the seismic data to 

obtain the elastic parameters of the rock, and attempts to obtain the reservoir properties 

such as lithofacies and porosity from the seismic data; This may be performed (1) by 

using a sequential or multistep scheme (seismic inversion followed by estimation of 

reservoir properties from the seismic-inverted data), or (2) based on a unified inversion 

scheme (direct petrophysical inversion of seismic reflection amplitudes) (Bosch et al. 

2010; Grana et al. 2012). A common approach in reservoir lithofacies and petrophysical 

property modeling is the quantitative incorporation of various seismic elastic properties 

(e.g., inverted P- and S- impedances) as sources of additional information to 

guide/constrain geostatistical interpolation of reservoir properties away from the wells, 

thus producing multiple equi-probable realizations of reservoir properties to account for 

uncertainties and spatial variations. Many successful applications of this approach have 

been reported in the literature (Doyen 1988; Rossini et al. 1994; Nivlet et al. 2005; 

Delfiner and Hass 2005); however, the associated technical obstacles, such as the 

difference in scale at which measurements are made and the low-frequency content of the 
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seismic data, can lead to biased or non-physical results (Francis 2010; Saussus and Sams 

2012).  

In this chapter we investigate the issues of significant impact on the match of the initial 

reservoir model with well logs and 3D seismic data. Specifically, we address the 

following questions: 

 Which of the common constraining methods in variogram-based lithofacies 

modeling produces reservoir models that best match the 3D seismic data? 

 How are the results affected by the presence of noise in the observed data, and by the 

low vertical resolution of seismic data compared to scale of the geological 

heterogeneities? 

 What is the effect of uncertain geostatistical variogram parameters on the results? 

 What are the uncertainties and limitations in quantitatively incorporating 

deterministic seismic inversion results in reservoir lithofacies modeling? 

The remainder of this chapter is organized in three main sections as follows. Section 2.3 

is an overview of the test model construction. In Section 2.4 we describe our constraining 

methods applied in the reservoir lithofacies modeling process, followed by a discussion 

of the modeling results and the sensitivities to noise and variogram parameters. Finally, 

in Section 2.5 we analyze the uncertainties in the quantitative incorporation of 3D seismic 

data in reservoir lithofacies modeling, followed by a discussion of these uncertainties in 

which we address seismic resolution limitations and overlapping elastic properties of 

different lithofacies types. 

 

2.3 Test model 

We construct a synthetic dataset (for simplicity, two lithology types and one elastic 

property) to act as a basis for analyzing seismic constraining methods in geostatistical 

lithofacies modeling, and also for investigating the sensitivity of the results to (1) noise 

in the seismic data, and (2) differences in the parameters of the geostatistical variogram. 

We first construct a base reservoir lithofacies model, consisting of clean sand and shaly 

sand. The model covers an area of 6 km2 and the reservoir gross thickness is 100 m. Pure 

shale units, also 100 m thick, are the upper and lower boundaries. This 3D model contains 
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212  184  140 grid blocks with dimensions 12.5  12.5  1 m3.The clean sand and shaly 

sand distributions within the reservoir interval are modeled using the sequential indicator 

simulation (SIS) technique (Journel and Gomez-Hernandez 1993), with an exponential 

variogram range of 20 m in the vertical direction and 1000 m in the major and minor 

horizontal directions for both the clean sand and the shaly sand. The thickness of the clean 

sand bodies range from values less than seismic resolution to greater than seismic 

resolution. The lithofacies model generated in this way (Figure 2.1a) is assumed to be 

the true (reference) model. The small net-to-gross value (~20%) addresses the prediction 

uncertainties in zones of small net sand thickness. Seven well trajectories are then 

constructed at predefined positions within the reservoir framework, and the blocked litho-

logs are obtained by identifying the grid blocks intersecting the well trajectories. Within 

each facies, the porosity distribution is found using the sequential Gaussian simulation 

(SGS) technique (Deutsch and Journel 1992) from an exponential variogram with a 

vertical range of 10 m and horizontal range of 500 m in the principal directions.  

We use a petro-elastic model to compute the P-wave impedance volume for the reference 

lithofacies model, based on theoretical and experimental relationships (Appendix A). The 

elastic properties of the clean sand and shaly sand in the reservoir at initial conditions are 

given in Table 2.1. In addition, we assume a two-phase fluid (oil and water) to be present 

in the pore system; the fluid properties are given in Table 2.2. For the sake of simplicity, 

the oil–water contact is assumed to be flat (constant) in depth, with a constant distribution 

of the fluids within each of the fluid layers. Water saturation below the oil–water contact 

is assumed to be approximately equal to 1. Above the contact it is equal to the irreducible 

water saturation value (0.2 for clean sand; 0.7 for shaly sand); however, it is possible to 

simulate the irreducible water saturation using a geostatistical technique (e.g., SGS) or by 

flow simulation to improve the realism of the model. At this stage, we assume the 

computed P-wave impedance volume (Figure 2.1b) to be the reference (true) impedance 

volume that would result from a perfect inversion of the baseline seismic survey. 

Table 2.1: Petrophysical and elastic properties of clean sand and shaly sand 

Facies 
Φ 
(Porosity) 
(%) 

Km (rock 
matrix bulk 
modulus) 
(GPa) 

Gm (rock 
matrix shear 
modulus) 
(GPa) 

ρm (rock 
matrix 
density) 
(g/cm3) 

Фc 
(critical 
porosity) 
(%) 

Clean sand 27–32 36 45 2.6 40 
Shaly sand 13–19 30 20 2.4 50 
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Table 2.2: Elastic properties of reservoir fluids 

Fluid ρ (density) (g/cm3)  K (bulk modulus ) (GPa) 

Oil 0.84 1.5  

Water 1.018 2.15 

 

 

 

FIGURE 2.1: (a) Reference (true) lithofacies model; (b) corresponding P-wave 
impedance volume. 

 

Petro-elastic model gives a reasonable approximation of the elastic properties of rocks, 

but it cannot perfectly represent the real heterogeneities of the subsurface rocks. To 

increase the realism of the test model, and also to examine the robustness of the 

constraining methods in the presence of noise in the observed seismic data, following 

noise-variation options are considered: 

Noise0: Noise-free P-impedance volume.  

Noise1: Up to 20% bandlimited random noise added to the P-impedance values. 
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Noise2: To simulate the limited frequency range of the deterministic seismic inversion 

results and the low vertical resolution of seismic data compared to the scale of 

the reservoir model, we apply a moving-average smoothing filter to the 

impedance volumes, replacing the data in each cell of the 3D grid with the 

average of the data in neighboring cells. This is equivalent to low-pass frequency 

quarter-wavelength filtering of the 3D impedance volume. 

 

2.4 Constraining methods in geostatistical lithofacies modeling 

To construct reservoir lithofacies models using a geostatistical simulation technique, we 

employ four constraining methods in addition to the estimated variogram parameters from 

litho-logs. In method 1, we define an additional constraint from well log information. In 

methods 2, 3 and 4, we include seismic data as an extra dimension to generate seismically-

constrained lithofacies models. 
 

 
Method 1: Vertical probability curves of litho-logs. In this method, well data without 

knowledge of the seismic attributes is considered. Based on the litho-logs from seven 

wells (in our test model application), we generate the vertical probability curves (e.g., 

blue curve in Figure 2.2) that determine the proportions of clean sand and shaly sand in 

each layer of the reservoir interval. For example, in layer 1 one of the wells encountered 

clean sand and the other six wells encountered shaly sand. This implies that in layer 1 the 

probability of occurrence of clean sand and shaly sand are 15% and 85%, respectively. 

We repeat this process for all layers in the reservoir interval to generate the vertical 

probability curves of clean sand and shaly sand. We then use these proportions as an extra 

constraint, along with variogram parameters, to populate the facies indicators in the entire 

3D framework of the reservoir. Since seismic data is not incorporated in this process, the 

probability curve is identical for all noise varying options (Noise0, Noise1 and Noise2). 
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FIGURE 2.2: Vertical probability curve of litho-logs (blue curve for clean sand) used in 
constraining method 1: probability of lithofacies distribution given by vertical probability 
curve of litho-logs. 

 

Method 2: Seismic attribute litho-probability curves. In this method, the probability 

of facies distribution is obtained as a function of a seismic attribute property. We first 

analyze the relationship between lithofacies indicators and values of various seismic 

attribute properties at well locations to determine the most suitable link between seismic 

and geological properties. We then plot the probability density distributions, relating the 

selected seismic elastic property (P-wave impedance, in our test case) to the probability 

of each lithofacies type. The plot gives the probability of finding a particular lithofacies 

given a specific range of P-wave impedance values. This analysis produces a probability 

curve for each of the lithofacies types (e.g., blue curve in Figure 2.3 for clean sand) that 

gives the constraint values. We then use the generated seismic litho-probability curves, 

along with variogram parameters, to guide the process of lithofacies modeling in a 

geostatistical simulation technique. It may be readily understood that noise in the seismic 

data will affect this process and that the extracted litho-probability curves, and therefore 

the constraint values will be different for the Noise0, Noise1 and Noise2 options. 
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FIGURE 2.3: P-wave impedance sand-probability curve (blue curve) in Noise0 option 
used in constraining method 2: probability of lithofacies distribution given by seismic 
litho-probability curve. 

 

Method 3: Seismic attribute litho-probability cubes. To generate seismic litho-

probability cubes, we extract probability density functions, relating seismic elastic 

attributes to the probability of each lithofacies type. We then apply the derived functions 

in a Bayesian framework to the P-wave impedance volume to model 3D probability cubes 

for each particular lithofacies type. In general, Bayes decision theory is a well-known 

approach for probabilistic classification problems (Duda et al. 2001). In the energy 

industry it has become a widely used approach for describing the particular reservoir static 

or dynamic class or state that is of interest, such as lithofacies, saturation, pressure and so 

on (e.g., Mukerji et al. 2001; Coléou et al. 2006; Nivlet et al. 2007). Bayesian formulation 

is adapted to the present problem for calculating the posterior probability of each 

particular lithofacies, given a set of seismic attributes (Avseth et al. 2005): 

𝑝(𝑓|𝐴) =
𝑝(𝑓).𝑝(𝐴|𝑓)

𝑝(𝐴)
 , (2.1) 

where f is a lithofacies type; A is a vector of the seismic attribute;  𝑝(𝑓) is a prior 

probability of lithofacies f; 𝑝(𝐴) is the probability of seismic attribute A;  𝑝(𝐴|𝑓) is the 

probability of  attribute A given the lithofacies f; and 𝑝(𝑓|𝐴) is the probability of 

lithofacies f given the seismic attribute vector A. 
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In the test application there are two lithofacies types (𝑓 = {𝑐𝑙𝑒𝑎𝑛 𝑠𝑎𝑛𝑑, 𝑠ℎ𝑎𝑙𝑦 𝑠𝑎𝑛𝑑}) 

and one seismic elastic attribute(𝐴 = {𝐼𝑝}); therefore we generate two seismic litho-

probability cubes— one for clean sand (Figure 2.4) and one for shaly sand. These cubes 

represent the probability of each lithofacies at the seismic scale. We then use the litho-

probability volumes, along with variogram parameters, to guide the process of lithofacies 

modeling in a geostatistical simulation technique. Clearly, the modeled litho-probability 

cubes are different for each noise-variation option. 

 

 

FIGURE 2.4: 3D sand-probability cube in Noise0 option used in constraining method 3: 
probability of lithofacies distribution given by seismic litho-probability cube. 

 

Method 4: Seismic attribute litho-probability surfaces: In this method, the areal 

probability of facies distribution is given by the seismic attribute trend surfaces. We first 

analyze the relationship between lithofacies indicators and values of the selected seismic 

property (P-impedance in our test case) at well locations to determine the link between 

seismic and facies indicators. We then extract a surface map of the P-wave impedance at 

the top of the reservoir; this map is similar (but not identical) to the commonly-used 

seismic amplitude map at the top of the reservoir. We then normalize the P-wave 

impedance surface to extract the litho-probability trend surface (Figure 2.5). We use the 

seismic attribute litho-probability surfaces as 2D areal constraints together with the 

vertical probability curves of the litho-logs (introduced in method 1) as 1D vertical trends, 

in addition to variogram parameters, to guide the 3D lithofacies simulation process. As in 
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constraining methods 2 and 3, the extracted seismic attribute trend surface is different for 

each of the noise-variation options. 

 

FIGURE 2.5: P-wave impedance sand-probability surface in Noise0 option used in 
constraining method 4: probability of lithofacies distribution given by seismic litho-
probability trend surface. 

 

2.4.1 Lithofacies modeling results 

This section sets out a quantitative comparison of the lithofacies modeling results in terms 

of the average misfit error between the simulated models and the true reference model. 

When a true model is available, the average misfit error is a useful tool for quantifying 

the performance of the prediction in supervised learning. After calculating the misfit error 

of each individual model from the number of grid-blocks whose assigned lithofacies 

indicators differ from the corresponding grid-blocks in the true model, we calculate the 

average misfit error for twenty realizations. We repeat this process for all the four 

constraining methods and the three noise varying options. The bar graph in Figure 2.6 

summarizes the results. 

Figure 2.6 shows that method 1 gives the highest average misfit error for all noise 

options; by contrast, methods 2 and 3 yield the least misfit error with the best match to 

the reference model. The average misfit error of the simulated models using constraining 

method 4 is greater than for methods 2 and 3, but is less than for method 1. The analyses 

also demonstrate that, although the presence of noise in the observed data increases the 

average misfit errors, incorporating seismic data into the reservoir model nevertheless 

improves the match, with methods 2 and 3 giving the best results. It is also evident that 
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error caused by the limited resolution of the seismic data produces a more adverse effect 

than added random noise. For instance, in method 2, the average misfit error increases 

from around 25.5% (Noise0) to more than 28.5% in Noise1 and 30% in Noise2. 

 

FIGURE 2.6: Quantitative comparison of lithofacies modeling results in terms of the 
average misfit error of the simulated models (20 realizations) compared to the true 
reference model for the four constraining methods and the three noise-variation options. 

 

The question arises about why constraining methods 2 and 3 simulate models with the 

least misfit error to the true reference model. This is because of the fact that methods 2 

and 3 provide a natural way of incorporating seismic data for 3D lithofacies simulation. 

Using these constraining methods we can define 3D seismic constraints more accurately 

(not only 1D vertical constraint as in method 1 or 2D areal constraint as in method 4) that 

can be easily incorporated in pixel-based lithofacies simulation process. It is also notable 

that although constraining method 2 gives similar misfit errors to method 3 in this test 

application, it should be cautiously applied especially in areas with fewer wells (fewer 

control points), such that there is not enough confidence to generate an accurate seismic 

attribute litho-probability curve. On the other hand, when there are more than two 

lithofacies types within the reservoir interval of interest or when the pre-stack seismic 

inversion (e.g., simultaneous elastic inversion (Fatti et al. 1994; Hampson et al. 2005)) 

has produced several seismic elastic properties such as P-impedance, S-impedance and 

density, method 3 might define the constraint more accurately in lithofacies modeling. 

This can be performed by the use of a combination of several seismic elastic properties 

to generate multivariate probability density functions for reducing ambiguity in Bayesian 

classification of each particular lithofacies type (e.g., Avseth et al. 2005). 
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It is also notable that in chapters 3 and 4, to highlight the impact of (1) the initial reservoir 

models (the individuals of the initial population) and (2) seismic data incorporation on 

the performance of our newly developed multi-objective geomodel optimization method, 

we have used the discussed constraining methods when generating the initial reservoir 

lithofacies models (see details in section 3.5.3 of chapter 3 and also in Emami Niri and 

Lumley (2015)). 

Thus far in the analyses, we have used an exponential variogram model (Equation 2.2) 

estimated from upscaled litho-logs, where the lateral and vertical ranges are defined as 

the separation distance at which the variogram model reaches 0.95 of its sill (Clayton and 

Andre 1992; Isaaks and Srivastava 1989): 

𝛾(ℎ) = 𝑐 (1 − 𝑒(
−3ℎ

𝑅
)), (2.2) 

where 𝑐 = 𝑠𝑖𝑙𝑙 − 𝑛𝑢𝑔𝑔𝑒𝑡 (in our case nugget = 0.2 and sill = 1); h = 0.95c; and R is the 

variogram range. The major and minor horizontal ranges are specified to be about 1000 

m (Figure 2.7); and the vertical range is specified to be about 20 m. 

 

                                
 
 
 
 
 

To study the effect of uncertain variogram parameters on the reservoir lithofacies 

modeling result, we consider the following variations: 

- Analysis 1: Long distances for variogram ranges 

- Analysis 2: Variogram ranges estimated from well logs 

- Analysis 3: Short distances for variogram ranges. 
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FIGURE 2.7: The major and minor horizontal ranges are specified 
to be about 1000 m in an exponential variogram. 
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Figure 2.8 shows the sensitivity of the geostatistical lithofacies modeling process to 

variogram parameters for constraining method 2. It is evident that higher variogram 

ranges yields unreasonable models, since they do not agree with either the well log data 

or the seismic attributes; however smaller variogram ranges result in the best match. This 

is mainly due to the fact that, by using short distances for variogram ranges, the input 

seismic constraint (the seismic attribute litho-probability curve, in this case) is fully 

respected — in other words, the extent of the heterogeneities of the reservoir lithofacies 

is no longer linked to the variogram, but rather it is largely controlled by the seismic 

constraint. This implies that small variogram ranges should be used only when the quality 

of the seismic data is highly reliable since, as illustrated in Figure 2.8, the misfit error 

rises considerably from Noise0 to Noise1 and Noise2. 

 

 

FIGURE 2.8: Effect of variogram parameters on the simulated lithofacies models using 
constraining method 2, in terms of the average misfit error of 20 realizations. 
 

Figure 2.9 shows that there is an excellent qualitative match between the true reference 

lithofacies model and a realization of the simulated models using short variogram ranges 

and constrained by method 2 in Noise0 option. According to analysis 3 of Noise0 option 

in Figure 2.8, the average misfit error between these two models is just 3%. It is notable 

that the excellent match between true and seismic-constrained models is an idealized 

situation that rarely obtainable in real cases. This is because of the fact that noise in the 

observed seismic data together with fundamental insatiability of seismic inverse problems 

results in the lack of confidence to use very short variogram ranges (to fully respect the 

input seismic constraint).  
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FIGURE 2.9: (a) Reference lithofacies model; (b) a realization of the simulated models 
by constraining method 2 and small variogram ranges in Noise0 option. Note the excellent 
qualitative match between simulated model and true reference model. 

 

2.5 Uncertainty analysis 

It is common current practice to incorporate 3D seismic information in reservoir 

lithofacies and petrophysical property modeling; however, the associated limits and 

uncertainties need to be clarified in order to minimize the risk of misinterpretation. This 

section describes an analysis of the uncertainties arising when deterministic seismic 

inversion results are incorporated in reservoir lithofacies modeling. These uncertainties 

are due to (1) limited seismic resolution compared to the scale of the geological 

heterogeneities, and (2) the non-unique elastic properties of the different lithofacies types. 

To analyze uncertainties, we use a similar approach to the one used by Sams and Saussus 

(2010). For the same base lithofacies model, we generate several P-impedance volumes 

using the SGS technique with an exponential variogram range of 10 m vertically and 1000 

m in the major and minor horizontal directions. We generate different impedance volumes 

to have various degrees of overlapping P-impedance properties for clean sand and shaly 

sand. The means of the distributions for all P-impedance models are assigned as constant 
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values: 6500 g/cm3.m/s for clean sand and 8500 g/cm3.m/s for shaly sand, as calculated 

from the petro-elastic model shown in Appendix A. However, the standard deviations of 

the distributions are varied for each separate P-impedance volume. In addition, to 

simulate the limited frequency range of the inversion results, we apply the Noise2 option 

(low-pass filter) to the P-impedance volumes. An example of the P-impedance histograms 

and high-resolution (noise-free) 3D impedance volume with a standard deviation of 

500 g/cm3.m/s is shown in Figures 2.10a and 2.10b. The effect of applying the Noise2 

option in the histograms and impedance volume is shown in Figures 2.10c and 2.10d. 

Comparing Figures 2.10a and 2.10c reveals that applying a low-pass filter to P-

impedance volume increases the overlapping area in the histograms of P-impedance 

distribution for clean sand and shaly sand, and therefore increases the uncertainty in 

incorporating inverted seismic data in reservoir property modeling, as we discuss 

hereafter.   

 

 

FIGURE 2.10: (a) Histograms of P-impedance distribution for clean sand and shaly sand; 
(b) high-resolution P-impedance volume; (c) histograms of P-impedance distribution for 
clean sand and shaly sand with Noise2; (d) P-impedance volume with Noise2. 
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For the uncertainty analysis, we choose constraining method 2 to define the seismic 

constraint for lithofacies modeling (although, of course, the same uncertainty analysis 

may also be performed using constraining method 3). As discussed in section 2.4, in 

constraining method 2 we extract a seismic litho-probability curve that provides the 

probability of each lithofacies as a function of the seismic attribute property (P-impedance 

in our test case). The extracted litho-probability curve depends upon the probability 

distribution function of P-impedance. Figure 2.11 shows the generated litho-probability 

curves (blue curves) for high-resolution (noise-free) and low-pass filtered P-wave 

impedance histograms (shown in Figures 2.10a and 2.10c). It is clear that the 

constraining method 2 can generate the most reliable litho-probability curve when there 

is a sufficiently large contrast between the elastic properties of the different lithofacies 

classes, and therefore in Figure 2.11 the uncertainty in the extracted litho-probability 

curve is directly related to the overlapping areas of the probability density functions of P-

impedance for each lithofacies class. For example, in Figure 2.12, E1 and E2 are the 

overlapping areas of the probability density functions of P-impedance for clean sand and 

shaly sand. If we make an assumption that a prior probability of occurrence of clean sand 

and shaly sand is the same, the probability of error in lithofacies classification 

(𝑃(𝑒𝑟𝑟𝑜𝑟)) may be addressed using the following relationship (Duda et al. 2001): 

              𝑃(𝑒𝑟𝑟𝑜𝑟) ∝ ∫ 𝑓(𝐼𝑃|𝑐𝑙𝑒𝑎𝑛 𝑠𝑎𝑛𝑑)𝑑𝑥
 

𝐸1
+ ∫ 𝑓(𝐼𝑃|𝑠ℎ𝑎𝑙𝑦 𝑠𝑎𝑛𝑑)𝑑𝑥,

 

𝐸2
               (2.3) 

where 𝑓(𝐼𝑃|𝑐𝑙𝑒𝑎𝑛 𝑠𝑎𝑛𝑑) and 𝑓(𝐼𝑃|𝑠ℎ𝑎𝑙𝑦 𝑠𝑎𝑛𝑑) are class-conditional distribution of P-

impedance given clean sand and shaly sand, respectively.  
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FIGURE 2.11: Litho-probability curves (blue curves) extracted from (a) the high-
resolution (noise-free) distribution of P-impedance, and (b) the distribution of P-
impedance with Noise2. 

 

 

FIGURE 2.12: Uncertainty in the extracted probability curve using constraining method 
2 and its link with overlapping areas E1 and E2. 

 

To identify uncertainties, following Sams and Saussus (2010), we first generate the net 

sand thickness map of the reference lithofacies model (Figure 2.13). This map represents 
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the actual net sand thickness within the reservoir interval. Second, we focus on the three 

impedance volumes for the same base lithofacies model. As discussed above, the mean 

values of the distributions for all three P-impedance volumes are constant, but the 

standard deviations of the distributions are varied, being 0 in the first model, to 500 and 

1000 g/cm3.m/s in the second and third models respectively (Figures 2.14a–c). We then 

separately use each of the three P-impedance volumes to build seismic-constrained 

lithofacies models using constraining method 2. Figures 2.14d–e shows the generated 

litho-probability curves (blue curves) for each case. Next, the corresponding net sand 

thickness maps are generated from the constructed lithofacies models. Crossplots of the 

actual net sand thickness versus predicted net sand thickness extracted from each 

lithofacies simulation give an estimate of the uncertainty and biased errors in the 

prediction of the net sand in the reservoir interval (Figures 2.14g–i). 

 

 

FIGURE 2.13: Net sand thickness map in reference lithofacies model. 

 

2.5.1 Discussion of uncertainties 

This section highlights the extent to which such factors as overlapping (non-unique) 

elastic properties of different lithofacies types and limited seismic resolution (which 

results in errors in estimating the elastic properties, and also increases the property 

overlap) affect the quantitative incorporation of the seismic elastic properties in 

lithofacies modeling. In Figure 2.14a it is seen that the standard deviation of the P-

impedance distribution is zero, meaning that there is no overlap between the P-impedance 

values of the different lithology types (an unrealistic case). The corresponding seismic 

attribute litho-probability curve (Blue curve in Figure 2.14d) indicates a robust 

discrimination between clean sand and shaly sand. The respective crossplot analysis 
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(Figure 2.14g) shows a small uncertainty in the estimation of the net sand thickness, with 

a small underestimation in the areas of greatest net sand thickness. In Figures 2.14b and 

2.14c the overlap of the elastic properties of clean sand and shaly sand increases and, as 

a result, the uncertainty in the extracted litho-probability curves also increases (Blue 

curves in Figures 2.14e and f). The corresponding crossplots in Figures 2.14h and 2.14i 

show that, with increasing overlap of the elastic properties of clean sand and shaly sand, 

the areas with lowest net sand thickness are overestimated and the areas of high net sand 

thickness are underestimated. An interesting point is that the corresponding errors in the 

net sand prediction are biased, the amount of bias varying with the degree of the non-

unique overlap in the elastic properties. 

 

 

FIGURE 2.14: (a–c) Histograms of P-impedance distributions for sand and shaly sand; 
(d–e) respective seismic attribute litho-probability curves, and (g–i) corresponding 
crossplots of actual vs. predicted net sand thickness. 
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The last stage of this study involves an investigation of the effects of the limited seismic 

resolution on the net sand thickness prediction process. To do this, we apply the Noise2 

option to a high-resolution P-impedance volume to mimic the effect of the low-

frequency content of the seismic data. It is clearly evident that, where the thickness of 

the sand areas is smaller than the seismic resolution, the errors in estimating the elastic 

rock properties increase. This produces a significantly increased area of overlap in the 

elastic properties (Figures 2.15a and 2.15b). The corresponding crossplots of actual vs. 

estimated net sand thickness (Figures 2.15c and 2.15d) indicate that the uncertainty in 

the predicted values increases as seismic resolution decreases. In particular, there is 

considerable over-prediction in the zones of low net sand thickness. 

 

                

FIGURE 2.15: (a and b) Histograms of P-impedance distributions for a high-resolution 
volume and a volume with Noise2; (c and d) crossplots of actual vs. predicted net sand 
thickness. 
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2.6 Conclusions  

Construction of reservoir lithofacies and petrophysical property models that are consistent 

with both geological knowledge and pre-production seismic data is a fundamental step of 

reservoir characterization and history matching. In this chapter, we analyze the issues of 

significant impact on the match of the reservoir lithofacies model with well logs and 3D 

seismic data. We also address the values, limits and uncertainties of incorporation of 

inverted seismic data, within a geostatistical framework, in reservoir characterization and 

model building process.  

We use a geostatistical simulation technique to test four constraining methods for 

lithofacies modeling. Of the four, those that adopted seismic attribute litho-probability 

curves and seismic litho-probability cubes are found to give the smallest misfit errors, 

even when realistic noise is introduced into the datasets. These methods perform well 

when there is a sufficiently large contrast between the elastic properties of the different 

lithofacies. In addition, for a given seismic constraint, a variogram parameter analysis 

shows that reservoir lithofacies can be accurately modeled provided a very short 

variogram range is used and the quality of seismic data is highly reliable. 

 We also address two fundamental uncertainties in incorporation of deterministic seismic 

inversion results for modeling reservoir properties: limited seismic resolution, and non-

unique overlap of elastic properties for different lithofacies types. Increasing the overlap 

of the elastic properties of different lithofacies increases uncertainty in the extracted 

seismic attribute litho-probability curves, resulting in overestimation in areas of small net 

sand thickness, and underestimation in areas of large net sand thickness. We have also 

demonstrated that errors in estimating the elastic rock properties increase if the sand 

thickness is smaller than the seismic vertical resolution, which in turn affects the degree 

to which the elastic properties overlap. As a result, sand thickness is considerably 

overestimated in areas of small net thickness. From this we conclude that the associated 

limits and uncertainties of incorporation of 3D seismic information in reservoir lithofacies 

and petrophysical property modeling need to be clarified in order to minimize the risk of 

misinterpretation. 
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2.7 Appendix A: Petro-elastic model 

Petro-elastic model comprises a series of theoretical equations and experimental 

relationships which links the reservoir properties such as porosity, clay content, fluid 

saturation and pore pressure to seismic elastic properties like P- and S-wave velocities 

and impedances (e.g., Falcone et al. 2004; Menezes and Gosselin 2006).  When rock is 

assumed to be an isotropic and elastic medium, it reacts to compressional and shear 

seismic waves in accordance with its elastic properties including bulk modulus (K), shear 

modulus (G) and density () (Mavko et al. 2009). 

 In our petro-elastic model, we calculate the dry rock bulk and shear moduli from (Nur et 

al. 1998): 

𝐾𝑑𝑟𝑦 = 𝐾𝑚(1 −
Ф
Ф𝑐
) ,   𝐺𝑑𝑟𝑦 = 𝐺𝑚(1 −

Ф
Ф𝑐
),  (2.A1) 

where 𝐾𝑚 and 𝐺𝑚 are bulk and shear moduli of the dry rock minerals, and Ф𝑐 is the 

critical porosity. 

Following Lumley (1995), we assume that Gassmann’s equation (Gassmann 1951) is 

suitable for the reservoir condition and its associated frequency range: 

𝐾𝑠𝑎𝑡 = 𝐾𝑑𝑟𝑦 +
(1−

𝐾𝑑𝑟𝑦

𝐾𝑚
)2

Ф
𝐾𝑓𝑙

+
1−Ф
𝐾𝑚

+
𝐾𝑑𝑟𝑦

𝐾𝑚
2

 ,   𝐺𝑠𝑎𝑡 = 𝐺𝑑𝑟𝑦 , (2.A2) 

where 𝐾𝑓 is the fluid bulk modulus and can be calculated using Wood’s formula (Wood 

1941) for multi-phase fluids in the pore space: 

1

𝐾𝑓𝑙
= ∑

𝑆𝑖

𝐾𝑖

3
𝑖=1 =

𝑆𝑜

𝐾𝑜
+

𝑆𝑤

𝐾𝑤
+

𝑆𝑔

𝐾𝑔
 ,  (2.A3) 
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where subscripts o, w and g stand for oil, water and gas. Saturated rock density is defined 

as the linear combination of matrix and fluid densities weighted by the corresponding 

volumes fractions as: 

𝜌 = (1 −Ф)𝜌𝑚 +Ф(𝑆𝑜𝜌𝑜 + 𝑆𝑤𝜌𝑤 + 𝑆𝑔𝜌𝑔).  (2.A4) 

Finally, we estimate P- and S-waves velocities and impedances of saturated rocks from 

the following well known equations: 

𝑉𝑝 = √
𝐾𝑠𝑎𝑡+

4
3⁄ 𝐺𝑠𝑎𝑡

ρ
 ,         𝑉𝑠 = √

𝐺𝑠𝑎𝑡

ρ
 . (2.A5) 

𝐼𝑝 = ρ𝑉𝑝,                         𝐼𝑠 = ρ𝑉𝑠 . (2.A6) 

The petro-elastic model should be applied, cell-by-cell, to the cubes of reservoir 

properties, in order to compute the elastic response of the true reference model. 

A further step of the modeling may be performed to compute the synthetic seismic traces. 

For example, each angle-dependent synthetic trace may be generated by convolution of 

the reflection coefficients (calculated from any form of Zoeppritz equations) and the 

estimated wavelet (Aki and Richards 1980):  

                                     𝑑(𝑡, 𝜃) = 𝑤(𝑡, 𝜃) ∗ 𝑅𝑃𝑃(𝑡, 𝜃),                                  (2.A7) 

where t and 𝜃 are travel time and angle, respectively. Angle-dependent trace and wavelet 

are denoted by d and w; and Rpp is the vector of reflection coefficients. 

 

 

 

 

 

 

 

 

 

 



       Chapter 2 
 

47 
 

 

 

 

Bibliography 

Aki, K., and P. Richards, 1980, Quantitative Seismology - Theory and Methods: W.H. Freeman 
and Company. 

Araktingi, U., and W. Bashore, 1992, Effects of properties in seismic data on reservoir 
characterization and consequent fluid-flow predictions when integrated with well logs: 
SPE Annual Technical Conference and Exhibition, SPE-24752-MS. 

Avseth, P., T. Mukerji, and G. Mavko, 2005, Quantitative seismic interpretation: Applying rock 
physics tools to reduce interpretation risk: Cambridge University Press. 

Behrens, R., M. MacLeod, T. Tran, and A. Alimi, 1998, Incorporating seismic attribute maps in 
3D reservoir models: SPE Reservoir Evaluation and Engineering, 1, no. 4, 122–126.  

Bornard, R., F. Allo, T. Coleou, Y. Freudenreich, D. Caldwell, and J. Hamman, 2005, 
Petrophysical seismic inversion to determine more accurate and precise reservoir 
properties: SPE Europec/EAGE Annual Conference, SPE-94144-MS. 

Bosch, M., T. Mukerji, and E. F. Gonzalez, 2010, Seismic inversion for reservoir properties 
combining statistical rock physics and geostatistics: A review: Geophysics, 75, no. 5, 
75A165–175A176.  

Caers, J., P. Avseth, and T. Mukerji, 2001, Geostatistical integration of rock physics, seismic 
amplitudes, and geologic models in North Sea turbidite systems: The Leading Edge, 20, 
no. 3, 308–312.  

Caers, J., 2005, Petroleum geostatistics: Society of Petroleum Engineers Richardson. 
Clayton, V. and G. Andre, 1992, GSLIB—Geostatistical software library and user’s guide: 

Oxford University Press. 
Coléou, T., J.-L. Formento, M. Gram-Jensen, A.-J. van Wijngaarden, A. N. Haaland, and R. Ona, 

2006, Petrophysical seismic inversion applied to the troll field: 76th Annual International 
Meeting, SEG, Expanded Abstracts, 2107–2111. 

Da Veiga, S., and M. Le Ravalec-Dupin, 2010, Rebuilding existing geological models: SPE 
Euorope/EAGE Annual Conference, SPE 130976-MS.  

Delfiner, P., and A. Haas, 2005, Over thirty years of petroleum geostatistics- Space, Structure and 
Randomness: Springer. 

Deutsch, C. V., and A. G. Journel, 1992, Geostatistical software library and users guide: Oxford 
University Press. 

Doyen, P., 1988, Porosity from seismic data: A geostatistical approach: Geophysics, 53, no. 10, 
1263–1275.  

Doyen, P., 2007, Seismic reservoir characterization: An earth modeling perspective: EAGE 
Publications bv. 

Dubrule, O., 2003, Geostatistics for Seismic Data Integration in Earth Models: EAGE 
Publications bv. 

Duda, R., P. Hart, and D. Stork, 2001, Pattern classification: John Wiley and Sons. 



Chapter 2 
 

48 
 

Dutton, S. P., W. A. Flanders, and M. D. Barton, 2003, Reservoir characterization of a Permian 
deep-water sandstone, East Ford field, Delaware basin, Texas: AAPG bulletin, 87, no. 4, 
609–627. 

Eaton, T. T., 2006, On the importance of geological heterogeneity for flow simulation: 
Sedimentary Geology, 184, no. 3, 187–201. 

Emami Niri M., and D. Lumley, 2015, Estimation of subsurface geomodels by multi-objective 
stochastic optimization method: Journal of Applied Geophysics, in review.  

Falcone, G., O. Gosselin, F. Maire, J. Marrauld, and M. Zhakupov, 2004, Petroelastic modeling 
as key element of 4D history matching– a field example: SPE Annual Technical 
Conference and Exhibition, SPE 90466-MS. 

Fatti, J. L., G. C. Smith, P. J. Vail, P. J. Strauss, and P. R. Levitt, 1994, Detection of gas in 
sandstone reservoirs using AVO analysis: A 3-D seismic case history using the Geostack 
technique: Geophysics, 59, no. 9, 1362-1376. 

 Francis, A., 2010, Limitations of deterministic seismic inversion data as input for reservoir model 
conditioning: 80th Annual International Meeting, SEG, Extended Abstracts, 2396–2400. 

Gassmann, F., 1951, Über die elastizität poröser medien: Vierteljahrsschrift der Naturforschenden 
Gessellschaft in Zurich, 96, 1-23. 

Grana, D., T. Mukerji, J. Dvorkin, and G. Mavko, 2012, Stochastic inversion of facies from 
seismic data based on sequential simulations and probability perturbation method: 
Geophysics, 77, no. 4, M53–M72. 

Hampson, D., B. Russell, and B. Bankhead, 2005, Simultaneous inversion of pre-stack seismic 
data: 75th Annual International Meeting, SEG, Extended Abstracts, 1633-1637. 

Isaaks, E. H., and R. M. Srivastava, 1989, An introduction to applied geostatistics: Oxford 
University Press. 

Journel, A. and J. Gomez-Hernandez, 1993, Stochastic imaging of the Wilmington clastic 
sequence: SPE Formation Evaluation, 8, no. 1, 33–40.  

Lumley, D., 1995, Seismic time-lapse monitoring of subsurface fluid flow: PhD thesis, Stanford 
University. 

Lumley, D., and R. Behrens, 1998, Practical issues of 4D seismic reservoir monitoring: What an 
engineer needs to know: SPE Reservoir Evaluation and Engineering, 1, no. 6, 528–538. 

Le Ravalec-Dupin, M., G. Enchery, A. Baroni, and S. Da Veiga, 2011, Preselection of reservoir 
models from a geostatistics-based petrophysical seismic inversion: SPE Reservoir 
Evaluation and Engineering, 14, no. 5, 612–620.  

Mavko, G., T. Mukerji, and J. Dvorkin, 2009, The rock physics handbook: Tools for seismic 
analysis of porous media: Cambridge University Press. 

Menezes, C., and O. Gosselin, 2006, From logs scale to reservoir scale: upscaling of the petro-
elastic model: SPE Europec/EAGE Annual Conference and Exhibition, Paper SPE 
100233-MS. 

Mukerji, T., P. Avseth, G. Mavko, I. Takahashi, and E. F. González, 2001, Statistical rock 
physics: Combining rock physics, information theory, and geostatistics to reduce 
uncertainty in seismic reservoir characterization: The Leading Edge, 20, no. 3, 313–319.  

Nivlet, P., F. Lefeuvre, and J. Piazza, 2007, 3D seismic constraint definition in deep-offshore 
turbidite reservoir: Oil and Gas Science and Technology- Revue de l'IFP, 62, no. 2, 249–
264.  

Nivlet, P., N. Lucet, T. Tonellot, E. Albouy, G. Bunge, B. Doligez, F. Roggero, F. Lefeuvre, J. 
Piazza, and E. Brechet, 2005, Facies analysis from pre-stack inversion results in a deep 
offshore turbidite environment: 75th Annual International Meeting, SEG,  Expanded 
Abstract, 1323–1326.  



       Chapter 2 
 

49 
 

Nur, A., G. Mavko, J. Dvorkin, and D. Galmudi, 1998, Critical porosity: A key to relating physical 
properties to porosity in rocks: The Leading Edge, 17, no. 3, 357–362.  

Pyrcz, M. J. and C. V. Deutsch, 2014, Geostatistical reservoir modeling: Oxford University Press. 
Reading, H. G., 2009, Sedimentary environments: processes, facies and stratigraphy: John Wiley 

and Sons. 
Rossini, C., F. Brega, L. Piro, M. Rovellini, and G. Spotti, 1994, Combined geostatistical and 

dynamic simulations for developing a reservoir management strategy: A case history: 
Journal of Petroleum Technology, 46, no. 11, 979–985. 

Sams, M. and D. Saussus, 2010, Uncertainties in the quantitative interpretation of lithology 
probability volumes: The Leading Edge, 29, no. 5, 576–583. 

Saussus, D. and M. Sams, 2012, Facies as the key to using seismic inversion for modeling 
reservoir properties: First Break, 30, no. 7, 45–52.  

Wood, A. B., 1955, A textbook of sound: being an account of the physics of vibrations with 
special reference to recent theoretical and technical developments: MacMillan. 

Zakrevsky, K., 2011, Geological 3D modeling: EAGE Publications bv. 



50 
 



51 
 

 

 

 

3 Estimation of subsurface geomodels by 
multi-objective stochastic optimization 
method  
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peer review in the Journal of Applied Geophysics.  

 

 

 

 

3.1   Abstract 

We present a new method to estimate subsurface geomodels using a multi-objective 

stochastic search technique that allows a variety of direct and indirect measurements to 

simultaneously constrain the earth model. Inherent uncertainties and noise in real data 

measurements may result in conflicting geological and geophysical datasets for a given 

area; a realistic earth model can then only be produced by combining the datasets in a 

defined optimal manner. One approach to solving this problem is by joint inversion of the 

various geological and/or geophysical datasets, and estimating an optimal model by 

optimizing a weighted linear combination of several separate objective functions which 

compare simulated and observed datasets. In the present work, we consider the joint 

inversion of multiple datasets for geomodel estimation, as a multi-objective optimization 

problem in which separate objective functions for each subset of the observed data are 

defined, followed by an unweighted simultaneous stochastic optimization to find the set 

of best compromise model solutions that fits the defined objectives, along the so-called 
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“Pareto front”. We demonstrate that geostatistically constrained initializations of the 

algorithm improves convergence speed and produces superior geomodel solutions. We 

apply our method to a 3D reservoir lithofacies model estimation problem which is 

constrained by a set of geological and geophysical data measurements and attributes, and 

assess the sensitivity of the resulting geomodels to changes in the parameters of the 

stochastic optimization algorithm and the presence of realistic seismic noise conditions. 

 

3.2 Introduction 

Subsurface geomodel estimation is a fundamental practice in many Earth science 

disciplines: hydrology and ground water analyses, geothermal studies, exploration and 

recovery of fossil fuel energy resources, and CO2 geosequestration, among others. Yet 

the construction of physically realistic subsurface models which “match” a finite set of 

data measurements at the Earth’s surface (or in boreholes) continues to challenge 

researchers and practitioners (e.g., Tarantola 1987; Schwarzbach et al. 2005). 

To model the subsurface conditions accurately in three dimensions, a variety of geological 

data (e.g., core measurements, well logs and geological maps) and geophysical data 

measurements (e.g., seismic, resistivity and gravity) is required. Even the most 

sophisticated algorithms may fail to produce convincing results, however, because each 

information source has its limitations (Friedel 2003; Kozlovskaya et al. 2007). We believe 

that a realistic subsurface model can only be obtained by reconciling several types of data 

measurement. For instance, geological data may describe the general distribution of 

subsurface rock properties, but other factors — the limited lateral coverage of wells and 

the associated heterogeneous nature of most of the properties, for example — may lead 

to highly uncertain models (Saussus and Sams 2012). In this context, geophysical data 

might add new information due to its high resolution spatial coverage, not only for the 

definition of the model framework and geometry, but also for both the discrete and 

continuous property modeling processes (Doyen 2007). Optimal results are achieved if 

the final geomodels simultaneously agree with the multiple objectives that incorporate 

each of the complementary datasets. Subsurface geomodel estimation then becomes a 

nonlinear optimization problem with multiple objective statements and data sets. 

Conventionally, there are two broad approaches to multi-objective optimization 

(Kozlovskaya et al. 2007): 
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 Independent inversion of each dataset to obtain different self-directed (individual) 

models, which are then combined and averaged to produce the final model result. 

 Simultaneous joint inversion of multiple datasets which directly produces the final 

model result. 

 

A common approach to joint inversion of multiple datasets is to apply weighted 

summation of the objective functions defined for each subset of the assimilated datasets 

to obtain a global objective function: 

𝐺𝑙𝑜𝑏𝑎𝑙 𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 𝐹𝑢𝑛𝑐𝑡𝑖𝑜𝑛 = ∑ 𝑤𝑖𝑖 𝑂𝑏𝑗𝑖 ,   (3.1) 

where Obji is the ith objective function statement, and wi is the corresponding ith weighting 

factor. The global objective function is then optimized using one of several classical 

inversion techniques to find the best-fitting model (Miettinen 1999; Moghadas et al. 

2010). This approach poses several challenges: firstly, the difficulty in determining the 

optimal set of weights for each of the objective functions; secondly, the need for several 

optimization-runs to find a different solution for each set of trial weights; and finally the 

difficulties in identifying non-convex Pareto fronts (Hajizadeh 2011). All of these issues 

may be subject to user bias. 

In this study, we demonstrate that a joint inversion problem of this kind for subsurface 

geomodel estimation can be solved as a simultaneous multi-objective optimization 

problem. The proposed method consists of two steps. First, all relevant problem domain 

knowledge and prior information is assimilated in order to generate an ensemble of 

possible initial geomodels. Second, a multi-objective optimization problem is designed 

to update the initial ensemble of geomodels such that multiple objective functions are 

defined and tested against several sets of observed data. An ensemble-based stochastic 

search technique is then used to find the best compromise model solutions among all of 

the components of the objective function vector (found along the optimal Pareto front), 

in a single optimization run. 

 

Multi-objective optimization problems are commonly found in computer science (e.g., 

Ferrer et al. 2012; Balaprakash et al. 2014), physics (e.g., Di Barba et al. 2014), economics 

(Bamufleh et al. 2013) and various engineering disciplines (e.g., Yildiz and Solanki 2012; 

Asadi et al. 2012; Ahmadi et al. 2013; Dehghanian et al. 2013). Many earth science 
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inverse problems are nonlinear optimization problems with multiple constraining 

objective function statements and data sets that cannot be solved efficiently using a single-

objective optimization approach. This is mainly due to the difficulty of choosing an 

optimal weighting scheme for each term in the weighted summation of the objective 

functions. Due to such limitations in traditional optimization approaches, various multi-

objective optimization methods have been developed to solve complex geoscience 

inverse problems, especially if they do not require specification of objective function 

weights (e.g., Ray and Saker 2007; Carbone et al. 2008; Heyburn and Fox 2010; Han et 

al. 2011). In this study, we use an evolutionary algorithm to address the multi-objective 

geomodel estimation problem. Historically, algorithms of this type have been 

successfully implemented in a number of geological and geophysical inversion problems 

(Wilson and Vasudevan 1991; Gallagher et al. 1991; Sen and Stoffa 1992). Combining 

the multi-objective concept with evolutionary algorithms leads to powerful global 

optimization algorithms that have attracted considerable attention from researchers in 

various fields due to their ability to find a set of optimal solutions (Singh et al. 2008). 

Some examples of the application of multi-objective evolutionary algorithms in various 

geoscience disciplines have been reported; for example, Moorkamp et al. (2007) 

implemented a particular kind of multi-objective evolutionary algorithm for the joint 

inversion of teleseismic and magnetotelluric datasets. We note that other bio-inspired 

heuristic optimization techniques have been reported in the context of multi-objective 

optimization problems (Lobato et al. 2014). Representative methods include particle 

swarm optimization (e.g., del Valle et al. 2008; Srivastava and Agarwal 2010), artificial 

immune systems (Coello and Cortés 2005), ant colony optimization (Guntsch 2004), bee 

colony algorithms (Pham et al. 2006) and firefly colony algorithms (Yang 2010). 

In this chapter we demonstrate the applicability of our method using the example of a 3D 

reservoir lithofacies modelling problem conditioned to seismic attributes (P- and S-wave 

impedance volumes) and prior geological knowledge. Since valuable information is 

contained in both P- and S-wave velocity and/or impedance datasets, we develop and test 

a multi-objective optimization method to find the best compromise geomodel solutions 

that simultaneously honor these two sets of inverted seismic attributes, in addition to the 

prior geological information.  

This chapter is structured as follows. First, we review the basic concepts of multi-

objective optimization problems in Section 3.3.1 and evolutionary algorithms in Section 
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3.3.2, then illustrate the properties of multi-objective evolutionary algorithms in Section 

3.3.3. We introduce our new multi-objective optimization method for geomodel 

estimation and discuss its associated characteristics in Section 3.4, followed by its 

application to a 3D test model in Section 3.5. Finally, we present qualitative and 

quantitative analyses of the results in Section 3.6, and in Section 3.7 we summarize the 

conclusions of this study. 

 

3.3 Theory 

3.3.1 Multi-objective optimization 

Given a set of real-valued objective functions  𝑓𝑖(𝐱) dependent on a real-valued decision 

variable x, the general form of a multi-objective optimization problem can be written as:  

Optimize     𝑓𝑖(𝐱),                         i = 1,… , 𝑘;

subject to   ℎ𝑝(𝐱) = 0,               𝑝 = 1,… , 𝑃;

                      𝑔𝑚(𝐱) ≥ 0,              𝑚 = 1, . . , 𝑀;

                   𝑥𝑗
𝐿 < 𝑥𝑗 < 𝑥𝑗

𝑈,          𝑗 = 1,… , 𝑛. }
 
 

 
 

                                                           (3.2) 

These expressions state that a multi-objective optimization problem can be defined as 

finding a set of solution parameters (or decision variables)  𝐱 = [𝑥1, 𝑥2, … , 𝑥𝑛] T which 

optimizes (minimizes or maximizes) a set of objective functions 𝐟(𝐱) =

[𝑓1(𝐱), 𝑓2(𝐱),… , 𝑓𝑘(𝐱)]
T subject to P equality constraints ℎ𝑝(𝐱) = 0, and M inequality 

constraints 𝑔𝑚(𝐱) ≥ 0, where n is the number of solution parameters and k is the number 

of the objective functions. The variable bounds constrain each solution parameter 𝑥𝑗 to 

take a value within a lower 𝑥𝑗𝐿 bound and an upper 𝑥𝑗𝑈 bound. The restrictions imposed 

by the constraint functions and variable bounds define the feasible region 𝐅 within the 

search space 𝐒 such that (𝐅 ⊆ 𝐒), and any 𝐱 ∈ 𝐅 yields a feasible solution (Miettinen 

1999; Deb 2001).  

The concept of optimality in multi-objective optimization problems differs from that used 

in single-objective optimization problems; for the latter there is usually one global 

optimum solution; however, in multiple objective optimization problems, many optimal 

solutions are possible, depending on the relative importance (weight) of each objective. 

A unique optimum solution (𝐱∗) for a multi-objective optimization problem (Figure 3.1, 
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grey solution) is a notional concept that is seldom obtainable in practical situations. As a 

result, it is necessary to be clear about what ‘optimal solution’ means in the case of 

multiple objectives: rather than searching for a single optimal solution, in practice it may 

be more appropriate to search for the set of optimal solutions that represents the best 

compromise or ‘trade-off’ between all of the feasible solutions (Coello et al. 2007). 

In the context of multi-objective optimization problems, three important concepts should 

be defined (Deb 2001; Mohamed et al. 2012): 

1) Domination: A solution 𝐱1 is said to dominate another solution 𝐱2 if both of the 

following conditions exist: 

- 𝐱1 is no worse than 𝐱2 for all objectives: 

 𝑓𝑖(𝐱𝟏) ≤ 𝑓𝑖(𝐱𝟐), ∀ 𝑖 = 1,2, … , 𝑘.  (3.3) 

- 𝐱1 is better than 𝐱2 for at least one objective: 

 𝑓𝑖(𝐱𝟏) < 𝑓𝑖(𝐱𝟐), ∃ 𝑖 = 1,2, … , 𝑘.  (3.4) 

2) Pareto optimal: A solution  𝐱∗ ∈ 𝐅   is ‘Pareto optimal’ if it is a non-dominated 

solution in the feasible region (Figure 3.1, black solutions); that is, if no other 

solution 𝐱 ≠ 𝐱∗ ∈ 𝐅 exists which reduces some objectives without simultaneously 

increasing one or more of the other objectives. 

3) Pareto front: A best set of optimal solutions 𝐱∗ for the multi-objective 

optimization problem is defined as a Pareto optimal set. The corresponding set of 

objective function values define the Pareto optimal front in objective function 

space. Note that it is not possible to improve any of the solutions on the Pareto 

front without degrading at least one other objective function.   

 

In general, multi-objective optimization problems differ from single-objective 

optimization problems in terms of (Deb 2001; Singh et al. 2008): 

- the number of objective functions (two or more) 

- the type of solution. In single-objective optimization problems, there is a single goal 

(the global optimum solution) to be found, whereas multi-objective optimization 

problems by nature have a set of optimal solutions which ideally (i) converge to the 

Pareto front; and (ii) preserve the solution diversity along the Pareto front 
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- operating with multiple spaces. In multi-objective optimization problems, the 

decision-variable space is related to the objective-function space through a distinctive 

mapping. However, this mapping is often non-linear and the properties of two spaces 

are not exactly the same (e.g., closeness of two solutions in the objective-function 

space does not necessarily mean a closeness in the decision-variable space, and vice 

versa).  While the search is usually performed in the decision-variable space, it is 

essential to choose the space in which the solution diversity must be attained. 

 

 

 

 

 

  

 

 

 

 

 

 

 

An important aspect of multi-objective optimization algorithms is the quantitative 

performance metrics used for analyzing the optimality of different model solution sets. It 

is worth noting that in the design of multi-objective optimization performance metrics, 

three essential criteria (capacity, convergence and diversity) should be considered (e.g., 

Okabe et al. 2003). Jiang et al. (2014) categorizes performance metrics into four main 

groups: 

1. Capacity metrics: quantify the ratio or number of non-dominated solutions in the 

obtained solution set that satisfies predefined requirements.  

2. Convergence metrics: measure proximity of the obtained model solution set to 

those in true Pareto front. 

𝑓2(𝐱) 

𝑓1(𝐱
∗) 

𝑓2(𝐱
∗) 

Feasible region (F) 

Ideal solution (x*) 

Pareto front 

Non-dominated 

solutions 

Dominated 

solutions 

𝑓1(𝐱) 

FIGURE 3.1: A bi-objective optimization problem. The feasible 
solution region, Pareto front, ideal, dominated and non-dominated 
solutions are shown in the objective function space. 
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3. Diversity metrics: measure the distribution and spread of the obtained model 

solution set. 

4. Convergence-diversity metrics: indicate the quality of the obtained model solution 

set in terms of both convergence and diversity on a single scale.  

 

3.3.2 Evolutionary Algorithms 

An evolutionary algorithm is a stochastic search method which mimics evolutionary 

processes in nature (natural selection, reproduction and mutation) to find solutions to an 

optimization problem (Eiben and Rodolph 1999). Although such an algorithm simplifies 

the evolutionary processes in nature, it has been shown to be highly effective for solving 

complex nonlinear optimization problems (Back 1997; Ashlock 2006). An evolutionary 

algorithm typically starts with a set of random initial solutions (the ‘initial population’) 

and proceeds in the following manner. Every individual model solution in the initial (or 

previous) population is evaluated or tested, and a fitness value is assigned to it. The 

natural selection step chooses a subset of the solutions which have the best values of the 

objective function (selection). From this subset of the initial population, a new population 

is generated by combining pairs of the individuals (crossover). Then, in order to help 

avoid local optima, mutation is applied to the new population by randomly changing some 

of the model parameters (genes) for each individual in the population. The recombined 

and mutated solutions are then added to the fittest subset to obtain the new population for 

the next iteration (reproduction) (Pohlheim 1999). These steps (selection, crossover, 

mutation and reproduction) are repeated until a ‘stopping criteria’ is met, such as the 

maximum number of generations, or a predefined value of a progress indicator, is reached 

(e.g., Wagner et al. 2011). 

Evolutionary algorithms offer the following benefits: (i) they are a class of nonlinear 

stochastic global search techniques; (ii) they do not require the derivatives of the objective 

function to be computed, unlike gradient methods; and (iii) they find global minimum 

solutions to optimization problems with nonlinear and non-smooth objective functions. 

Disadvantages of the algorithms include the fact that they often converge more slowly to 

an optimal solution than gradient techniques, and they can be computationally prohibitive 

if the forward modeling problem is expensive. 
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In this study, we used binary tournament selection, arithmetic crossover and Gaussian 

mutation operators to implement the evolutionary algorithm (Pohlheim 1999). The binary 

tournament selection operator randomly chooses two individuals from a population and 

selects one of them based on their assigned value ranks to participate in the generation of 

the next population. Arithmetic crossover to generate two children from two parents is 

given by: 

𝐜𝟏 = 𝐩𝟏 + 𝑟𝑎𝑛𝑑 × 𝑅 × (𝐩𝟐 − 𝐩𝟏),  (3.5) 

𝐜𝟐 = 𝐩𝟐 − 𝑟𝑎𝑛𝑑 × 𝑅 × (𝐩𝟐 − 𝐩𝟏),  (3.6) 

where 𝐜𝟏 and 𝐜𝟐 are the generated children, 𝐩𝟏 and 𝐩𝟐 are the parents, rand is a random 

number and R is a ratio. If R takes a value between 0 and 1, the generated children will 

have model solution values that lie between the parents’ model values; otherwise the 

children’s model values may extend beyond the parents’ model values, which may lead 

to divergence. 

Gaussian mutation, in general, adds a random component (via a Gaussian normal 

distribution) to each decision variable, based on: 

𝐜 = 𝐩 + 𝑠𝑑𝑒𝑣 × [1 − 𝑠ℎ𝑟𝑖𝑛𝑘 × (
𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝑔𝑒𝑛

𝑀𝑎𝑥 𝑔𝑒𝑛
)] × 𝑟𝑎𝑛𝑑 × 𝑅 × (𝑢𝑏 − 𝑙𝑏),              (3.7) 

where c and p are child and parent individuals respectively; sdev is the standard deviation 

of the Gaussian distribution; rand is a Gaussian random number; shrink determines the 

mutation range; and ub and lb are the upper and lower bounds for each variable.  

 

3.3.3 Multi-objective evolutionary algorithms 

As stated previously, optimization problems with two or more objective functions suffer 

from the difficulty of choosing an optimal weighting scheme for each term in the 

weighted summation of the objective functions; hence the resulting solution is a function 

of the specific set of weights chosen. Solving multi-objective inverse problems using 

stochastic evolutionary algorithm techniques and the concept of solution dominance is a 

powerful approach which does not require specification of objective function weights (An 

2004). Since evolutionary algorithms deal with a population of candidate solutions, they 

can be extended to search for a Pareto-optimal solution set while maintaining solution 

diversity along the non-dominated fronts. An Evolutionary algorithm works with the 
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following two-step principle in solving a multi-objective optimization problem (Branke 

et al. 2008):  

Step 1. Find multiple non-dominated model solutions as close to the optimal Pareto front 

as possible, with a wide range of trade-off among objectives. 

Step 2. Choose one of the obtained model solutions using higher-level information. 

Over the past two decades, different multi-objective evolutionary algorithms have been 

proposed, including the multi-objective genetic algorithm (MOGA) (Fonseca and 

Fleming 1993), the non-dominated sorting genetic algorithm (NSGA) (Srinivas and Deb, 

1994), the strength-Pareto evolutionary algorithm (SPEA) (Zitzler and Thiele 1999), the 

niched Pareto genetic algorithm (NPGA) (Erickson et al. 2002), the non-dominated 

sorting genetic algorithm-II (NSGA-II) (Deb et al. 2002),  the ε-domination based multi-

objective evolutionary algorithm (ε-MOEA) (Deb et al. 2005), multi-objective 

evolutionary algorithms based on decomposition (MOEA/D) (Zhang and Li 2007), 

Hybrid sampling strategy based multi-objective evolutionary algorithms (HSS-EA) 

(Zhang et al. 2012) and multi-objective evolutionary algorithms to mine quantitative 

association rules (QAR-CIP-NSGA-II) (Martín et al. 2014). 
 

Our multi-objective geomodel optimization method is based on NSGA-II, for which its 

useful properties for geomodel estimation are the incorporation of elitism in the non-

dominated sorting of the solutions (elitism prevents the loss of a good model solution 

once it has been found by providing the elite model solution a possibility to be directly 

incorporated into the generation of the next population), and preserving the diversity of 

model solutions along the same non-dominated Pareto front. In this algorithm, elitism and 

diversity are achieved by assigning two parameters to the individuals of each population: 

‘non-domination rank’ and ‘crowding distance’. The non-domination rank is assigned to 

ensure that the solutions converge towards the Pareto optimal set. The crowding distance 

is assigned according to the distance of each individual from its neighbors, in order to 

maintain diversity along each identified Pareto front (Figure 3.2). Between two 

differently ranked individuals, the solution with the lower rank is preferred. When the 

ranks are the same and the individuals belong to the same Pareto front, the solution having 

the greater crowding distance is selected (Deb et al. 2002). 

It should be noted that when performing multi-objective optimization, we are looking for 

the “best possible Pareto front (discrete) approximation”, since the true Pareto front is 



Chapter 3 
 

61 
 

usually unknown. In multi-objective evolutionary algorithms, “pertinency” also plays a 

major role, since the measures to define the “best possible Pareto front approximation” 

are primarily related to convergence and diversity. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

A common drawback of multi-objective evolutionary algorithms is their slow speed and 

consequent high computational cost. One reason for this is the ‘blindness’ (random 

initializing) of the algorithm. To address this problem and improve the effectiveness of 

the algorithm, we incorporate problem-specific knowledge into the initialization of the 

starting model population. This does not affect the generality of the technique but, by 

constraining the initial population of subsurface geomodels, it reduces the parameter 

search space and accelerates convergence towards the Pareto front of optimal solutions. 

It is worth noting that another drawback of multi-objective evolutionary algorithms is 

their replicability, as with any other stochastic optimization algorithm. Randomness and 

chance may affect the analysis of the optimization results. To assess whether the model 

solutions obtained with a stochastic algorithm are reliable, statistical tests are necessary 

(e.g., Derrac et al. 2011; Arcuri and Briand 2014). In our test experiment, 20 independent 

optimization runs provide a reasonable estimate of the statistical variability; however, it 

is recommended to use a high number of optimization runs whenever possible. 

      Solution with rank 1  𝑓2(𝐱) 

True Pareto front 

   Solution with rank 3 

     Solution with rank 2  

Front 1 

Front 2 

Front 3 

P-1 

P 

P+1 

Cuboid 

𝑓1(𝐱) 

FIGURE 3.2: Schematic diagram of non-domination ranking and crowding 
distance in a bi-objective minimization problem. Individuals on the first 
identified front are assigned rank 1 and are temporarily discarded. Then 
members on the second non-dominated layer receive rank 2; this procedure 
continues until all individuals in the population are ranked. Crowding 
distance is a measure of the density of solutions around each individual in 
the population. 
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Finding a Pareto optimal set does not completely solve a multi-objective optimization 

problem. The decision-maker may need to choose a single model solution, or set of 

solutions, from the Pareto optimal set for further analysis. A significant issue in multi-

criteria decision making is how to incorporate the decisions to be made (preference 

information) into the search process (Coello 2007). This can include three different 

strategies (Horn 1997): 1) a priori approaches (before the search); 2) interactive 

approaches (during the search); and 3) a posteriori approaches (after the search).  

Regardless of the level at which preferences are provided into a multi-objective 

evolutionary algorithm, the aim of the multi-criteria decision making is to concentrate the 

search process on a specific part of the Pareto front by favoring some objectives (or trade-

offs) over others. It is also worth mentioning that multi-criteria decision making normally 

requires a significant amount of computational time (sometimes more than the search and 

optimization stage) (Colson and Bruyn 2014; Anderson et al. 2015). 

 

3.4  Multi-objective optimization for geomodel estimation 

In this study we demonstrate a multi-objective ensemble-based optimization method that 

obtains a best set of geomodels which simultaneously satisfies the available geophysical 

and geological information. Our approach consists of two sequential steps: (i) problem-

specific domain knowledge and prior information are integrated to generate a set of 

constrained initial models; (ii) a multi-objective stochastic optimization problem is 

designed and solved to converge to a final set of Pareto-optimal geomodels. 

 

Successive steps in the multi-objective geomodel optimization are (Figure 3.3):  

1) Generate N realizations of the starting models {𝐦1
(0),𝐦2

(0), … ,𝐦𝑁
(0)} based on 

problem-specific domain knowledge. 

2) Initialize the multi-objective inversion algorithm with the constrained starting models 

as the individuals of the initial population (instead of randomly initializing the 

algorithm). 

3) Apply forward-modelling operators to the initial model population to compute the 

forward responses (simulated datasets) for each of the models. The number of forward 

modelling operators depends on the number of objective functions. 

4) Define K objective functions {𝑂𝑏𝑗1, 𝑂𝑏𝑗2,… , 𝑂𝑏𝑗𝑘}. 
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5) Choose the appropriate selection, crossover and mutation operators and parameters 

for the multi-objective evolutionary algorithms. In this study, we use binary 

tournament selection, arithmetic crossover and Gaussian mutation. 

6) Generate the offspring population and combine it with parent population to obtain a 

set of models of size 2N. 

7) Apply the elitist and non-dominated sorting strategies to select N members of the new 

population. 

8) Repeat steps 3 to 8 until the maximum number of generations is reached, or when a 

heuristic stopping criteria is met, for example the preferred values of single or 

multiple performance indicators during the run of the multi-objective optimization are 

obtained (e.g., Goel and Stander 2010; Wagner et al. 2011).  

9) The individuals of the Mth generated population {𝐦1
(𝑀),𝐦2

(𝑀), … ,𝐦𝑁
(𝑀)}  are the 

best compromise model solutions that simultaneously satisfy the defined multiple 

objectives. 

 

 
FIGURE 3.3: Flow chart describing the main steps of multi-objective 
geomodel optimization. 
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The characteristics of our multi-objective optimization method for subsurface geomodel 

estimation may be summarized as follows: 

 We account for prior information in the geomodel estimation process in multiple 

steps. First, by conducting geostatistical modelling with geological and geophysical 

constraints to guide the prior expectation of the geomodel properties, and second — as 

part of the multi-objective optimization — by computing the forward response of each 

model in order to minimize the mismatch with the observed data. 

 Since this is a multi-objective optimization method, the resulting geomodels are 

the best compromise geomodel solutions for the defined objectives. By using this 

approach we obtain geomodels that are simultaneous geologically and geophysically 

constrained.  

 It is possible to initialize the process with an ensemble of geomodels to represent 

different geological scenarios as interpreted by (different) geoscientists. This essentially 

helps the inversion algorithm to use problem-specific domain knowledge to guide the 

optimization in a focused direction, rather than initializing the algorithm randomly and 

blindly searching a large parameter space with no domain knowledge. 

 In a full optimization run, the process results in an ensemble of geomodels, not a 

single geomodel. All of the resulting geomodels honor the defined objectives with respect 

to the geological, geophysical and other objective function terms at the desired level. 

Evaluating multiple geomodels in a single optimization run also provides an estimate of 

the a posteriori uncertainties associated with the inverted model parameters, which can 

be useful for decision-making based on the geomodel results. 

 At each iteration step of the optimization, the properties of the whole 3D 

geomodel (not just a few samples from the model) are updated in the process. This allows 

the unknown parameters to be simultaneously updated during inversion at each grid block 

of the 3D geomodel. 

 Typically there are far fewer objective functions than model variables; thus the 

uncertainty and the accuracy of the inversion results may be examined rationally within 

the objective function space rather than in the model parameter space, by plotting the 

geomodel solutions in the objective function space and analyzing the convergence of the 

solutions towards the Pareto optimal set during successive generations / iterations. 
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3.5 Experiment  

3.5.1 Test model 

The application of our multi-objective geomodel optimization method is now presented 

in a 3D geomodel test study. This is done to illustrate the underlying steps in our new 

method, and to demonstrate its validity.  

This synthetic case study is purposefully conducted at the scale of seismic data resolution. 

First, we create a reference reservoir lithology model, consisting of 55% sand and 45% 

shaly sand (Figure 3.4a). This 3D model contains 12 × 12 × 10 grid blocks (total 1440) 

with dimensions of 12.5 × 12.5 × 7 m3. The sand and shaly-sand distributions are first 

obtained using the sequential indicator simulation (SIS) technique (Journel and Gomez-

Hernandez 1993) using exponential variogram parameters with the ranges 7 m vertically 

and 120 m horizontally for both lithology types. The generated lithofacies model 

(Figure 3.4a) is assumed to be the true reference reservoir lithofacies model for this 

synthetic example. The porosity distribution is defined within each facies using the 

sequential Gaussian simulation (SGS) method (Deutsch and Journel 1992), using an 

exponential variogram with the ranges 5 m vertically and 100 m in both the major and 

minor horizontal directions. Five pseudo-well trajectories are then constructed at pre-

defined positions within the 3D reservoir framework. Blocked litho-logs are generated by 

extracting properties from the grid blocks that intersect the well trajectories. To compute 

P- and S-wave impedance volumes for the reference lithofacies model, we adopt a rock 

physics model based on theoretical and experimental relationships (Appendix A). At this 

point, these volumes (e.g., Figure 3.4b) are assumed to be the reference (true) impedance 

volumes that would result from a perfect inversion of noise-free 3D seismic data. 
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FIGURE 3.4: (a) Reference (true) lithofacies model and pseudo-wells, and (b) 
corresponding reference (true) P-wave impedance cube. 

  

3.5.2 Optimization 

The unknown model parameters for the inversion may be any of the discrete or continuous 

reservoir properties. In this study, we concentrate on deriving the correct lithofacies 

models, i.e., the unknown reservoir property in the optimization problem is a lithofacies 

indicator at each grid block of the 3D model framework. Based on the number of facies 

types observed at wells, we define the variable bounds to constrain each model solution 

parameter. For example, when we have only two types of the observed lithofacies at wells, 

we define the variable bounds as: 0 < 𝑥𝑗 < 3. In addition, we geostatistically constrain 

the individuals of the initial population, as we discuss later in this paper.  

For multi-objective geomodel estimation, the choice of objective functions is vital. We 

define a set of objective functions for each of the multiple input data sets in order to 

construct lithofacies models that are geologically and seismically reasonable.  In the 

examples presented, we specify an L2 norm misfit to match inverted seismic attribute 

volumes, and estimate geomodels from the prior geologically constrained model. The first 

two objective functions account for the mismatch between the model-predicted synthetic 

P- and S-wave impedance cubes (Ip and Is) and the reference (observed) Ip and Is cubes. 
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Here, the forward modelling operator is the rock physics model described in Appendix 

A, defined to convert the reservoir model parameters to seismic elastic attributes. In our 

reservoir geomodel optimization method, at each generation and for every model in the 

ensemble population, the Ip and Is responses of the 3D geomodel are predicted from the 

rock physics model. The objective functions are then defined in a least-squares sense from 

Equations 3.8 and 3.9, which give the sum of the mismatch between the reference 

impedance and the predicted impedance for every grid block: 

𝑂𝑏𝑗1(𝐱) = ∑
(𝐼𝒑𝑖
𝑠𝑖𝑚(𝐱)−𝐼𝒑𝑖

𝑜𝑏𝑠)2

𝜎𝑝𝑖
2

𝐾
𝑖 , (3.8) 

𝑂𝑏𝑗2(𝐱) = ∑
(𝐼𝒔𝑖
𝑠𝑖𝑚(𝐱)−𝐼𝒔𝑖

𝑜𝑏𝑠)2

𝜎𝑠𝑖
2

𝐾
𝑖 , (3.9) 

where Obj1 and Obj2 are the objective functions; x is the unknown reservoir property; K 

is the number of grid blocks in the 3D model; 𝐼𝑝𝑖
𝑜𝑏𝑠  and 𝐼𝑠𝑖

𝑜𝑏𝑠 are the observed P- and 

S-wave impedances; 𝐼𝑝𝑖
𝑠𝑖𝑚 and 𝐼𝑠𝑖

𝑠𝑖𝑚 are the simulated (model-predicted) P- and S-wave 

impedances; and 𝜎𝑝𝑖
2 and 𝜎𝑠𝑖

2 is the estimated variance of the noise (error) in the inverted 

P- and S-wave impedance volumes.  

The third objective function, Equation 3.10, evaluates the least-squares difference 

between the estimated geomodels from the prior geologically constrained model. In this 

objective function, 𝐦𝟎 is the geomodel generated from the prior geological knowledge 

(e.g., sedimentological and stratigraphical interpretation, outcrop analogue data, well-log 

data and variograms, etc.), and 𝐦𝒊 is the geomodel produced at each iteration of the 

optimization process. This objective function helps to ensure that the resulting geomodels 

remain consistent with prior geological knowledge. 

𝑂𝑏𝑗3(𝐱) = ∑
(𝐦𝑖(𝐱)−𝐦0)

2

𝜎𝑚𝑖
2𝑖 . (3.10) 

 

3.5.3 Sensitivity to optimization parameters 

We quantitatively analyse the sensitivity of the model solutions to changes in the 

parameters of the optimization algorithm, by computing the corresponding average misfit 

error for each set of the lithofacies models. We calculate the misfit error of every single 

model by counting the number of grid blocks whose assigned facies indicator differ from 
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the indicator in corresponding grid blocks in the true model. When a true model is 

available, the average misfit error is generally a useful tool for quantifying the 

performance of the prediction in supervised learning. We now discuss the sensitivity of 

the model solutions to the following parameters in the evolutionary algorithm: initial 

population, population size, crossover fraction and mutation fraction.  

 

3.5.3.1 Initial Population 

There are two important issues in the initialization phase of any multi-objective 

optimization problem: population size and the composition of the initial population. 

Generally, multi-objective evolutionary algorithms commence with a random population 

of predefined size. In this study, to highlight the impact of the initial population on the 

performance of our geomodel optimization method, we employ a geostatistical simulation 

technique to integrate the prior information when generating the initial reservoir 

lithofacies models (the individuals of the initial population). ). This process usually 

requires multiple stages (to test different geostatistical techniques and/or constraining 

methods) to generate the best possible initial population. In the present work, to construct 

the initial lithofacies models, two constraints on the lithofacies simulation process are 

defined in addition to variogram parameters estimated from the litho-logs, using the 

following methods: in method 1, an additional constraint is defined on the basis of well 

logs; in method 2, seismic data are included as an extra dimension when generating 

seismically-constrained lithofacies models. 

 Constraining method 1: Probability of lithofacies distribution given by vertical 

probability curves of litho-logs. In this method, well data without knowledge of 

the seismic attributes is considered. Based on the litho-logs, a vertical probability 

curve (blue curve in Figure 3.5a) is generated to determine the proportions of 

sand and shaly sand in each layer of the reservoir interval. These proportions are 

then used as an additional constraint in the conditional simulation-based technique 

to populate the facies indicators in the entire 3D framework of the reservoir. 

 Constraining method 2: Probability of lithofacies distribution given by P-wave 

impedance litho-probability curve. A cross-plot analysis of lithofacies indicators 

vs. seismic attribute values (P-wave impedance, in the present case) is first 

performed at well locations to determine the most suitable link between seismic 

and geological properties. This analysis produces a probability curve (blue curve 
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in Figure 3.5b) that can be used as a constraint. We then obtain the 3D reservoir 

lithofacies realizations by constraining the geostatistical modeling with the 

produced P-wave impedance litho-probability curve. 

 

 

 

 

 

 

Figure 3.6 indicates the effect of the initial population composition on the average misfit 

error of the resulting model solutions compared with the true reference lithofacies model 

in an “overall optimization run” sense. It should also be noted that these results are the 

output of a statistical test for 20 independent experiments (full optimization runs) for each 

of the initialization methods. When the algorithm is initialized by the outcomes of method 

2, the average misfit error is far smaller than for either of other two initialization methods. 

Generally, if no prior information about the solution space is available, random 

FIGURE 3.5: Constraining methods incorporating prior information 
in generating initial population: (a) Method 1: probability distribution 
of lithofacies obtained from vertical probability curves of litho-logs; 
(b) Method 2: probability distribution of lithofacies obtained from P-
wave impedance litho-probability curve. 
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initialization of the multi-objective evolutionary algorithms may be reasonable; however, 

the sensitivity analysis confirmed that in our geomodel optimization method, integration 

of problem-specific knowledge into the generation of the initial population may 

accelerate convergence and result in better model solutions. In particular, incorporating 

seismic data into the lithofacies modelling procedure can significantly improve the 

performance of the multi-objective geomodel optimization method. 

 

FIGURE 3.6: Impact of initial population on multi-objective geomodel optimization 
performance for 20 independent full optimization runs. 

 

3.5.3.2 Population size 

In general, population size needs to be defined on the basis of the nature of the 

optimization problem, and often has a great impact on the performance of multi-objective 

evolutionary algorithms. A large population size helps to maintain the diversity of the 

final solutions; however, it increases the computational time considerably. On the other 

hand, a population that is too small reduces the chance of obtaining diverse and elite 

model solutions. Thus, it is important to find an optimum population size that will both 

accelerate convergence and preserve solution diversity. 

Figure 3.7a compares the elapsed computational times for model population sizes of 50, 

100 and 200 for 20 independent optimization runs. It is clear that the large population in 

this example requires a large number of models to be evaluated, hence significantly 

increasing computational time (linearly, in this case).  Figure 3.7b also illustrates the 

effect of population size on performance in an “overall optimization run” sense for 20 
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independent experiments, showing that there is not an appreciable difference in the 

average misfit error for the three population sizes. This suggests that a modest population 

size coupled with appropriate domain knowledge, prior information and model diversity 

may result in solutions that are as good as, or possibly better than those derived from 

larger populations. 

 

 

 

 

 

 

3.5.3.3 Crossover and mutation fractions 

Figure 3.8  illustrates the effect of the crossover and mutation parameters (used for the 

combination and mutation operators) on the average misfit errors of the resulting model 

Population size (50) Population size
(100)

Population size
(200)

High 2450 4975 10190
Low 2244 4620 9804
Average 2316 4800 10034

0

2000

4000

6000

8000

10000

12000

El
ap

se
d 

co
m

pu
ta

tio
na

l t
im

e 
(s

) (a) Sensitivity to population size: compute time

Population size (50) Population size (100) Population size (200)
High 22.4 21.7 20.8
Low 15 14.9 14.2
Average 18.1 18.4 17.9

10

12

14

16

18

20

22

24

26

A
ve

ra
ge

 m
is

fit
 e

rr
or

 (%
)

(b) Sensitivity to population size: average misfit error

FIGURE 3.7: Impact of population size on the multi-objective 
geomodel optimization performance for 20 independent runs in terms of 
(a) elapsed computational time, and (b) average misfit error. 
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solutions compared to the reference model in an “overall optimization run” sense for 20 

independent experiments for each of the crossover and mutation fractions. From the 

graphs we can see that increasing the crossover fraction improves the objective function 

match whereas the mutation fraction does not have a significant impact on the results; in 

fact, higher mutation factors led to slight increases in the mismatch between the solutions 

and the true model, probably caused by weaker convergence rates or even possible 

divergence. Recall that mutation adds randomness to the model solutions to avoid 

becoming trapped in local minima, and thus it is not necessarily guaranteed to improve 

the objective function match. 
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FIGURE 3.8: Impact of (a) crossover fraction, and (b) mutation fraction on 
multi-objective geomodel optimization performance for 20 independent 
optimization runs. 
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3.6  Results and discussions 

Having defined the objective functions and obtained the optimum parameters of the 

evolutionary algorithm (population size, initial population members and crossover- and 

mutation fractions), we now perform the multi-objective geomodel optimization. Figure 

3.9 shows how the geomodel solutions converge towards the best possible Pareto front 

approximation in the bi-objective function space with successive generations. As 

discussed, there are generally far fewer objective functions in multi-objective 

optimization problems than there are model parameters; therefore, plotting solutions in 

the objective function space rather than in the model space is a useful tool for quality 

control of the geomodel solutions. This feature of multi-objective geomodel optimization 

procedure increases its efficiency by allowing the non-uniqueness and uncertainty of the 

results to be quantitatively evaluated. 

 

FIGURE 3.9: Geomodel solutions in bi-objective function space. Note that the 
geomodel solutions converge towards the best possible Pareto front approximation with 
successive generations. 
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We design a performance metric to measure the convergence towards a known Pareto 

optimal model solution set (reference data). We calculate the minimum Euclidean 

distances of each estimated solution from the solutions on the optimal Pareto front, and 

their average value is a measure of convergence performance. Smaller mean values of the 

performance metric indicate better convergence towards the optimal Pareto front; thus a 

metric value of zero would imply that all the obtained solutions lie exactly on the optimal 

model solutions (Deb et al. 2002; Jiang et al. 2014). All members of the populations 

obtained at the end of generations 1 to 120 are used to compute this convergence metric. 

We analyze the mean and variance of this metric for 20 independent optimization runs. 

The comparison of the results indicates 46% improvement (on average) at the end of 

generation 90 compared to initial lithofacies models (initial population). No further 

significant enhancement in the mean value of the convergence metric is observed after 90 

generations. In addition, qualitative analysis of the results for diversity of the obtained 

model solutions in the objective function space shows a reduced distribution and spread 

of the obtained model solutions after 90 generations. It should also be noted that a 

diversity metric can also be computed to quantitatively measure the distribution and 

spread of the obtained model solution set.  The misfit errors of the geostatistically 

initialized geomodels were 27–37%, which decreased to 14–18% after 90 generations of 

the multi-objective geomodel optimization (misfit error are averaged for 20 optimization 

runs). Figure 3.10 shows the best possible Pareto front approximation by generation 90 

in a three-objective function space.  

To highlight the performance of our geomodel optimization method, applications of the 

weighted-summation of the three objectives were also investigated. Figure 3.11 

summarizes the results in terms of the average misfit error of the resulting model solutions 

compared to the true reference lithofacies model, for 20 independent optimization runs 

for each case. We can see that the average misfit error between the reference model and 

the initial geomodels generated by the constrained geostatistical simulation is 32%. When 

differently weighted summations of Obj1, Obj2 and Obj3 are applied separately, this 

figure dropped to 21%, 24% and 23%. But when simultaneous three-objective 

optimization (Obj1 and Obj2 and Obj3) is applied, the average misfit error of the obtained 

model solutions drops from 32% in the initial reservoir models to 16% in the final set of 

models. 
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FIGURE 3.11: The average misfit errors of the reservoir lithofacies model solutions 
compared with the true reference model, in three different applications of weighted-sum-
objective optimization, and simultaneous three-objective optimization. 
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FIGURE 3.10: The compromise geomodel solutions in three-objective-function 
space, which are all found along the best possible Pareto front approximation. 
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Figure 3.12 shows the average realization of the final set of models after the multi-

objective geomodel optimization process, compared to the true reference geomodel. The 

figure also highlights the improvements obtained in the final models by showing an 

average realization of the initial geomodels. It is clear that there is an acceptable visual 

match between the true reference model and the estimated geomodel obtained by our 

multi-objective optimization; we will quantify these results in the following discussion. 

 

 

FIGURE 3.12: (a) Reference (true) lithofacies model; (b) an average realization of 
geostatistically constrained initial models before multi-objective optimization and (c) an 
average realization of the final set of models after multi-objective optimization. 
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The final step in this study is to test the sensitivity of our geomodel optimization method 

to the following ‘noise conditions’ in order to investigate its robustness in the presence 

of noise and/or errors in the observed data and uncertainties in the forward model 

operator. 

Noise1: Error in rock physics model. 

Noise2: Error in rock physics model plus 20% band-limited noise in the seismic data (i.e., 

seismic S/N=5). 

Noise3: Error in rock physics model plus errors due to low vertical resolution of seismic 

data. In this case, to simulate the limited frequency range of the seismic inversion results 

and the low vertical resolution of the seismic data compared to the scale of the reservoir 

model, a moving-average smoothing filter based on the dominant seismic wavelength is 

applied to the impedance volumes, replacing the data in each cell of the 3D volume with 

the average of the data in neighboring cells. This process is equivalent to low-pass 

frequency filtering of the 3D impedance volume. 

The presence of different kinds of noise in the seismic data primarily influences the 

starting geomodels, as the seismically derived litho-probability curve discussed in 

constraining method 2 (Section 3.5.3.1) is affected. 

The results of the noise sensitivity tests are expressed in terms of a confidence matrix 

(e.g., Grana et al. 2012) to quantify the performance of the optimization results with 

respect to the different noise conditions. The diagonal elements of the confidence matrix 

indicate what percentage of each lithofacies is correctly reconstructed by the multi-

objective optimization. All members of the population obtained at the end of generation 

90 are used to compute this confidence matrix and the results are averaged over 20 

optimization experiments.  We can see from Table 3.1 that for Noise1, 78% of the sand 

and 89% of the shaly sand are correctly estimated, whereas the percentage of the correct 

predictions falls to 75% and 86% in Noise2, and 74% and 83% in Noise3. It is clear that, 

although the presence of different kinds of noise and error in the seismic data increases 

the uncertainty of the multi-objective optimization results, the estimated geomodels seem 

fairly robust to realistic seismic noise and resolution conditions.  
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Table 3.1: Confidence matrix after multi-objective geomodel optimization  
(Ref = reference; Sim = simulated). 

 

 

 

 

 

 

3.7 Conclusions 

We present a new method to estimate optimal subsurface geomodels using a combination 

of geostatistical simulation techniques and multi-objective optimization algorithms. The 

method provides for improved geomodel estimation by simultaneously matching 

constraints from multiple datasets representing different geological and/or geophysical 

information in the same area. We present an example of a 3D reservoir lithofacies model 

estimation problem to validate the method, to obtain a set of reservoir lithofacies models 

conditioned by prior geological knowledge, and P- and S-wave impedance volumes 

derived from seismic data.  

Qualitative and quantitative analyses of the optimization results demonstrate an 

improvement over other common approaches, by comparing the best compromise 

geomodel solutions with respect to the defined objectives and a true reference geomodel. 

A sensitivity analysis confirms that our approach of incorporating problem-specific 

knowledge into the generation of the initial population (using geostatistical simulation 

techniques) makes the procedure computationally more efficient and yields improved 

results. In particular, incorporating seismic data into the lithofacies model estimation 

process is found to significantly improve the performance of the multi-objective 

geomodel optimization method. The robustness of the geomodel solutions to the presence 

of different types of seismic noise and error demonstrates that our method can produce 

robust solutions for realistic noise conditions. 

 

 

 

 Sim-Sand Sim-Shaly Sand 
Noise 1   

Ref-Sand 0.78 0.22 
Ref-Shaly Sand 0.11 0.89 

Noise 2   
Ref-Sand 0.75 0.25 

Ref-Shaly Sand 0.14 0.86 
Noise 3   

Ref-Sand 0.74 0.26 
Ref-Shaly Sand 0.17 0.83 
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3.8 Appendix A: Rock physics modeling  

A rock physics model comprises a series of theoretical equations and experimental 

relationships for converting the reservoir model parameters to seismic elastic properties 

(Mavko et al. 2009). 

 Our rock physics model is designed such that the dry rock bulk and shear moduli for each 

lithofacies is estimated by (Nur et al. 1998): 

𝐾𝑑𝑟𝑦 = 𝐾𝑚(1 −
Ф

Ф𝑐
) ,   𝐺𝑑𝑟𝑦 = 𝐺𝑚(1 −

Ф

Ф𝑐
),  (3.A1) 

where Km is the bulk modulus of the dry rock minerals; Gm is its shear modulus; and Ф𝑐 

is the critical porosity. 

Following Lumley (1995), we assume that the Gassmann equation (Gassmann 1951) is 

suitable for the reservoir conditions and the associated seismic (low) frequency content: 

𝐾𝑠𝑎𝑡 = 𝐾𝑑𝑟𝑦 +
(1−

𝐾𝑑𝑟𝑦

𝐾𝑚
)2

Ф

𝐾𝑓𝑙
+
1−Ф

𝐾𝑚
+
𝐾𝑑𝑟𝑦

𝐾𝑚
2

 ,   𝐺𝑠𝑎𝑡 = 𝐺𝑑𝑟𝑦 , (3.A2) 

where Kf l is the fluid bulk modulus calculated from Wood’s formula (Wood 1941) for 

multi-phase fluids: 

1

𝐾𝑓𝑙
= ∑

𝑆𝑖

𝐾𝑖

3
𝑖=1 =

𝑆𝑜

𝐾𝑜
+

𝑆𝑤

𝐾𝑤
+

𝑆𝑔

𝐾𝑔
 ,  (3.A3) 

where subscripts o, w and g represent separate fluid phases, for example oil, water and 

gas. In our test model, a two-phase fluid (oil and water) in the pore space is assumed. 

Saturated rock density is defined as the linear combination of matrix and fluid densities 

weighted by the corresponding volume fractions: 
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𝜌 = (1 − Ф)𝜌𝑚 +Ф(𝑆𝑜𝜌𝑜 + 𝑆𝑤𝜌𝑤 + 𝑆𝑔𝜌𝑔).  (3.A4) 

Finally, the P- and S-wave velocities and impedances of saturated rocks are estimated 

from the following well-known equations: 

𝑉𝑝 = √
𝐾𝑠𝑎𝑡+

4
3⁄ 𝐺𝑠𝑎𝑡

ρ
 ,         𝑉𝑠 = √

𝐺𝑠𝑎𝑡

ρ
 . (3.A5) 

𝐼𝑝 = ρ𝑉𝑝,                         𝐼𝑠 = ρ𝑉𝑠 . (3.A6) 

The derived rock physics are applied, cell-by-cell, to the cubes of reservoir properties, in 

order to compute the elastic response of the models in each iteration of the multi-objective 

geomodel optimization procedure. It should be noted that this example is a deterministic 

rock physics model expressed in terms of equations. However, our method is also 

generalizable to a statistical rock physics model expressed in terms of probability density 

functions (e.g., Mavko and Mukerji 1998; Mukerji et al. 2001). 
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chapter is accepted to be published in the Journal GEOPHYSICS.   

 

 

 

4.1 Abstract 

We present a new method, a synthetic validity test, and a field data demonstration for 

constructing reservoir models that simultaneously match available seismic, borehole and 

geological data in an optimal sense. Our method combines geostatistical simulation with 

simultaneous nonlinear stochastic optimization of multiple objective functions, and does 

not require the selection of weighting schemes or multiple optimization computational 

runs. Since each geological and geophysical dataset has its own strengths and weaknesses, 

realistic models are best obtained by simultaneously matching all of the multiple data 

constraints.  We define a set of objective functions for each of the multiple data sets that 

is used to constrain the reservoir modeling optimization.  In the examples presented, we 

specify an L2 norm misfit to match inverted seismic attribute volumes, an L1 norm to 

match lithofacies and porosity logs, and the Hausdorff metric to match image patterns in 

geologic map-based information. We use a geostatistical technique to initialize a 

population (ensemble) of starting models, and run a nonlinear evolutionary algorithm to 

drive the ensembles of model solutions toward the Pareto optimal front, along which 
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represents the best-compromise set of model solutions that simultaneously satisfy all of 

the multiple objectives.   We test our method on a 3D synthetic object-oriented reservoir 

model for which variogram-based simulation techniques typically fail to reproduce 

realistic models. We show a field data application of our method on a producing reservoir 

offshore Western Australia. Our results indicate that the new method is capable of 

producing optimal models of reservoir properties and flow-unit connectivity that are 

consistent with known reservoir information, including dynamic production data such as 

pressure interference tests, and 4D seismic monitoring data. 

 

4.2 Introduction 

Reservoir modeling requires an integration of data from a variety of sources, along with 

an integration of knowledge and skills from various disciplines. Initial reservoir models 

are typically constructed using time-independent static reservoir data that has been 

measured or interpreted on a single occasion, including well logs, core measurements, 

local geologic information and pre-production seismic data. These initial models are then 

updated in an iterative history-matching process to more accurately predict the time-

varying dynamic reservoir data measured over production time (e.g., fluid production 

data, reservoir pressure, and time-lapse seismic data). However, reservoir history-

matching is an underdetermined nonlinear inverse problem, and therefore highly 

sensitive to the initial static reservoir model (Castro 2007; Rwechungura et al. 2011). In 

particular, when time-lapse 4D seismic data is included in the reservoir history matching 

process, it is important that the synthetic seismic data modeled from the initial static 

reservoir model closely matches the pre-production seismic data; otherwise, the history-

matched model-updating process may not converge to an accurate reservoir model, or 

may possibly diverge (Lumley and Behrens 1998). 

A key step in reservoir characterization and reservoir performance forecasting is the 

preconditioning of the initial static reservoir model so that it is consistent with both the 

geological knowledge and the pre-production seismic data. Geological knowledge and 

borehole data help constrain the distribution of reservoir properties, but other factors (e.g., 

sparseness in sampling of a reservoir at a limited number of well locations, inherent 

uncertainties and noise in real data measurements, and complex geologic heterogeneity) 

may result in highly uncertain reservoir models (Dutton et al. 2003; Eaton 2006; Pyrcz 

and Deutsch 2014). In this context, 3D seismic data, due to its high spatial resolution, 
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plays a key role not only in defining the reservoir structure and geometry, but also in 

constraining the reservoir property variations (Doyen 2007). To produce reasonable 

models of the reservoir lithofacies and petrophysical properties, and to avoid generating 

non-physical results, seismic information should be actively integrated into the reservoir 

modeling process; however, the estimation of reservoir properties from seismic data is a 

complex nonlinear inverse problem in its own right (Tarantola 2005; Bosch et al. 2010; 

Grana et al. 2012).  

Broadly, there are three main frameworks for deriving reservoir properties from seismic 

data (Ravalec-Dupin et al. 2011): 

 Deterministic relationships: Establish and apply direct deterministic relationships 

between seismic attributes and reservoir properties (e.g., Angeleri and Carpi 1982). 

 Geostatistics: Use seismic data (e.g., seismic amplitude map and inverted seismic 

attributes) as constraints to guide a geostatistical interpolation of reservoir properties 

measured at wells into a full 3D volume, and thus produce a set of equi-probable 

model realizations (e.g., Doyen 1988; Emami Niri and Lumley 2015b). 

 Seismic matching loop: Compute the seismic response of a given reservoir model 

using the appropriate forward modeling operator, compare the synthetic seismic 

response with the real seismic data, and carry out an optimization procedure to update 

the reservoir model in order to obtain an improved seismic data match (e.g., Tarantola 

2005; Bornard et al. 2005; Emami Niri and Lumley 2015a). 

Constructing a reservoir model with seismic data alone does not produce a comprehensive 

solution since, although it helps to obtain a set of reservoir properties consistent with 

seismic data, the resulting model may not be consistent with well log data and/or 

geological information. Similarly, a reservoir model that is created from geological 

knowledge in the area is not necessarily quantitatively consistent with the seismic data 

(e.g., Nivlet et al. 2007; Modin and Guilloux 2009; Saussus and Sams 2012). The ultimate 

goal of the new method presented in this chapter is to generate a set of reservoir models 

that best match the multiple objectives presented by the static data (well logs, geology 

and pre-production seismic data), and which may subsequently be used to improve 

production data history-matching and 4D seismic analysis. Our method is based upon an 

adaptation of a general multi-objective optimization algorithm (Deb et al. 2002), and the 

resulting reservoir property models quantitatively match the seismic data, in addition to 

the borehole data and prior geological knowledge. The new method combines a 
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geostatistical technique with a multi-objective data-matching loop to create a set of best-

compromise models (found along a Pareto front) by optimizing multiple unweighted 

objective functions within a single optimization run.   

This chapter is organized as follows. We first briefly review the basic theory of multi-

objective optimization problems and multi-objective evolutionary algorithms. We next 

introduce our new method for reservoir modeling and discuss its characteristics, followed 

by a proof of concept test using a 3D synthetic object-oriented reservoir model. Finally, 

we present a field data application of our method to a producing reservoir offshore 

Western Australia, and summarize the conclusions drawn from the findings of this study. 

 

4.3 Theory 

We first briefly describe the basic concepts of multi-objective optimization problems, and 

multi-objective evolutionary algorithms (as discussed more fully in Chapter 3 and also in 

Emami Niri and Lumley (2015a)).   

 

4.3.1 Multi-Objective Optimization Problem  

A multi-objective optimization problem can be defined as finding a set of solution 

variables or parameters 𝐱∗ = [𝑥1
∗, 𝑥2

∗, … , 𝑥𝑛
∗] which optimizes a set of objective 

functions 𝐟(𝐱) = [𝑓1(𝐱), 𝑓2(𝐱),… , 𝑓𝑘(𝐱)] subject to P equality constraints ℎ𝑝(𝐱) = 0,

𝑝 = 1,2, … , 𝑃, and M inequality constraints 𝑔𝑚(𝐱) ≥ 0, 𝑚 = 1,2, . . , 𝑀, where n is the 

number of solution parameters and k is the number of the objective functions. The 

restrictions imposed by the constraints hp and gm define the feasible region 𝐅 within the 

search space 𝐒 such that (𝐅 ⊆ 𝐒), and any 𝐱 = [𝑥1, 𝑥2, … , 𝑥𝑛] ∈ 𝐅 yields a feasible 

solution. A specific solution 𝐱∗ represents a non-unique optimal solution that satisfies the 

multiple objectives. A best set of optimal solutions 𝐱∗ for the multi-objective optimization 

problem is defined as a Pareto optimal set. The corresponding set of objective function 

values 𝐟(𝐱∗) define the optimal Pareto front in objective function space.  Note that it is 

not possible to improve any of the solutions on the Pareto front without degrading at least 

one of the other objective functions (Deb 2001; Singh et al., 2008). 

The concept of optimality in multi-objective optimization problems differs significantly 

from single-objective optimization problems. With a single objective function, there is 

typically a single global optimum solution; however with multiple objective functions, 
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there are many optimal solutions possible depending on the relative importance (weight) 

of each objective to the others. Finding a single optimum solution for a multi-objective 

optimization problem is an idealized situation that rarely occurs for real optimization 

problems. As a result, it is necessary to consider what an optimal solution means for the 

case of multiple objectives. In practice, rather than searching for a single optimum, it may 

be more appropriate to search for a set of optimal solutions which represent the best 

compromises or ‘trade-offs’ among all feasible solutions for the defined objectives 

(Coello et al. 2007; Ferrer et al. 2012). 

 

4.3.2 Multi-Objective Evolutionary Algorithm  

A multi-objective evolutionary algorithm combines the concepts of the multi-objective 

optimization problem and an evolutionary algorithm. As evolutionary algorithms deal 

with a population (ensemble) of candidate solutions, they may be extended to search for 

the Pareto-optimal set of solutions for a multi-objective optimization problem. In this 

study, we adapt a specific kind of multi-objective evolutionary algorithm — the non-

dominated sorting genetic algorithm-II (NSGA-II) of Deb et al. (2002) — to implement 

our multi-objective reservoir modeling method. Properties of NSGA-II include the 

incorporation of elitism when sorting non-dominated solutions, and preserving diversity 

along the same non-dominated Pareto front. The practical aspects of multi-objective 

optimization problems in general, evolutionary algorithms and NSGA-II are reviewed in 

Emami Niri and Lumley (2015a). 

 

4.4 Problem formulation 

Reservoir modeling can be posed as the simultaneous integration of many available data 

sets and types within a common inverse theory framework. Mathematically, this may be 

summarized as a reservoir modeling problem whose goal is to produce a reservoir model 

m that incorporates all static reservoir-specific geologic, well log and seismic etc. 

information, such that the total objective function error  is minimal when comparing all 

of the real data with the model-predicted data; that is,  

min ε = ‖∆ 𝑠𝑒𝑖𝑠𝑚𝑖𝑐‖p + ‖∆ 𝑙𝑜𝑔‖p + ‖∆ 𝑔𝑒𝑜𝑙𝑜𝑔𝑦‖p +⋯ , (4.1) 
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where in general,  ‖…‖p is the Lp norm, seismic is the seismic data mismatch, etcetera.  

Supposing that we intend to satisfy prior geological knowledge, well logs and seismic 

attributes in order to construct an optimal reservoir model, we can define the global 

objective function (for example in an L2 norm least-squares sense) to be: 

min ε  =  (∆ 𝑠𝑒𝑖𝑠𝑚𝑖𝑐)2 + (∆ 𝑙𝑜𝑔)2 + (∆ 𝑔𝑒𝑜𝑙𝑜𝑔𝑦)2 +⋯ . (4.2) 

To invert multiple incorporated datasets jointly, one approach is to apply a specific 

weighted sum of the individual objective functions to obtain a global objective function 

(e.g., Moghadas et al. 2010): 

𝑂𝑏𝑗 = 𝑤1 (∆ 𝑠𝑒𝑖𝑠𝑚𝑖𝑐)
2 + 𝑤2(∆ 𝑙𝑜𝑔)

2 + 𝑤3(∆ 𝑔𝑒𝑜𝑙𝑜𝑔𝑦)
2. (4.3) 

Equation 4.3 may be optimized using a classical inversion technique (conjugate gradients, 

for example) to find the best-fitting model solution. However, this approach presents 

several challenges: difficulties in determining the correct weighting functions wi for each 

of the objective functions; the need for several optimization computational runs to assess 

various weighting schemes, each giving an alternative solution; and difficulty in 

identifying the non-convex optimal solution Pareto fronts — all challenges which are 

susceptible to user interpretation and bias (e.g., Hajizadeh 2011).  

It is worth noting that in classical least-squares inversion approaches the weights wi  are 

not variables in the inversion, but instead are directly dependent on modeling and data 

uncertainties via their corresponding covariance matrices (e.g., Tarantola 2005; Bosch 

2010).   However, in practice, for many geophysical inverse problems the model and data 

covariances are difficult to calculate accurately.  Furthermore, covariance calculations do 

not explicitly determine how one objective should be weighted relative to another 

objective.  Of interest, lexicographic ordering methods may allow one to estimate a 

reasonable set of weights by first prioritizing the objectives and/or constraints that are 

most inexpensive to simulate, before addressing the more expensive ones (e.g., Djikpéssé, 

et al. 2011). 

In the present work, the complex and non-unique nature of reservoir models that require 

simultaneous integration of several geological and geophysical datasets is the motivation 

for developing a multi-objective data-matching loop method. We demonstrate that the 

joint inverse problem for our reservoir modeling process can be tackled by an adapted 

multi-objective optimization algorithm. In this case, in order to integrate prior geological 
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knowledge with well log data and seismic attributes in the reservoir modeling process, 

we define three separate objective functions, for example using the L2 norm, as: 

𝑂𝑏𝑗1 =  (∆ 𝑠𝑒𝑖𝑠𝑚𝑖𝑐)2, (4.4) 

𝑂𝑏𝑗2 =  (∆ 𝑙𝑜𝑔)2, (4.5) 

𝑂𝑏𝑗3 =  (∆ 𝑔𝑒𝑜𝑙𝑜𝑔𝑦)2, (4.6) 

where data = (real data – model-predicted data). We then use an ensemble-based 

stochastic search technique to find the best compromise model solutions that are most 

consistent with all the components of the non-weighted objective function vector  f = 

[Obj1, Obj2, Obj3]  in a single optimization computational run.  

 

4.4.1 Workflow 

The overall workflow of our new method is shown in Figure 4.1.  

 

 
FIGURE 4.1: Key steps in our new reservoir modeling workflow, (Obs = observed; Sim 
= simulated). 
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The method comprises the following steps:  

• The relevant problem-domain knowledge and prior information, including geology, 

seismic, well logs and any other available constraining datasets are integrated within 

a geostatistical framework to generate an ensemble of initial starting reservoir models.  

• A separate objective function is defined for each subset of the integrated datasets.  

• Multi-objective optimization is designed and implemented to simultaneously reduce 

the mismatch in all objective functions and find the optimum reservoir models which 

are the best-compromise model solutions along the resulting Pareto front. 

The various steps in the multi-objective optimization approach for a general subsurface 

geomodel estimation problem are discussed in chapter 3 and also in Emami Niri and 

Lumley (2015a). The specific characteristics of our new method include the following: 

• incorporates seismic information, including multiple seismic attributes 

• converges to reservoir models that are the best-compromise solutions for the defined 

objective functions (i.e., it converges to the Pareto region) 

• uses a nonlinear stochastic optimization method which does not require the calculation 

of gradients at all;  so we can use general Lp norms or mixed Lp norms (where p=1,2,..., 

etc.) in the definition of the objective functions  

• the optimization algorithm is customized to use problem-specific domain knowledge 

to guide the optimization in the required direction 

• produces multiple best-fitting reservoir models in a single optimization run 

• properties of the entire 3D reservoir model are updated at each optimizing iteration  

• quantitative uncertainty analysis of the resulting model can be performed in the 

objective function space rather than the model parameter space. 

 

4.4.2 Objective Functions 

The definition of the objective functions is an important step in our reservoir property 

modeling workflow. In this study, we use a nonlinear stochastic optimization method 

which does not require the calculation of objective function gradients; so, based on the 

nature (content) of each specific input dataset, we are free to choose different norms or 

mixed norms in the definition of the objective functions. We use the L2 norm when 

defining objective function-1 (seismic term). This objective function accounts for the 

mismatch between the inverted and simulated seismic attribute data (e.g., acoustic 

impedance). Since the inverted seismic attribute data is usually well-constrained and does 
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not contain large outliers, a conventional L2 norm is an appropriate choice. We use the L1 

norm when defining objective function-2 (well log term). This is because of the fact that 

well logs often contain many large data outliers (spikes). In this case, the L1 norm is our 

preferred choice since it is not adversely affected by large outliers. Finally, in the 

definition of objective function-3 (geology term), we used an image-based misfit function 

based on the Hausdorff distance to compare the image patterns in the prior reservoir 

geology model to the simulated geology models in a multidimensional image space. This 

measure of image pattern similarity arises from the fact that the Hausdorff distance 

measures the similarity of ensembles of multiple image points to each other, instead of a 

classical point-to-point correlation such as a variogram. 

 

4.4.2.1 Objective function-1 (seismic term) 

Objective function-1 updates the reservoir models to match the estimated seismic 

attribute (e.g., acoustic impedance) as closely as possible. A key step in producing a 

successful seismic matching loop is to accurately define a petro-elastic model that links 

the reservoir properties to the seismic data (e.g., Menezes and Gosselin 2006). The loop 

that matches the reservoir model to seismic information may be performed at different 

levels — for example, in the seismic time domain (e.g., Bornard et al. 2005) and/or in the 

elastic depth domain (e.g., Ravalec-Dupin et al. 2011). In the present study, we choose to 

perform the seismic data-related matching loop in the elastic depth domain. At each 

generation step, and for every individual model in the ensemble population, the seismic 

response (P-wave impedance, in the present case) of the 3D model is predicted on the 

basis of a well-defined petro-elastic model. Objective function-1 is then defined in a least-

squares sense from Equation 4.7, which gives the sum of the mismatch between the 

inverted (real) impedance and the simulated impedance values for every grid block: 

𝑂𝑏𝑗1(𝐱) = ∑
(𝐼𝒑𝑖
𝑠𝑖𝑚(𝐱)−𝐼𝒑𝑖

𝑜𝑏𝑠)2

𝜎𝑝𝑖
2

𝐾
𝑖 ,  (4.7) 

where Obj1 is the objective function; x is the unknown reservoir property (e.g., lithofacies 

indicator, porosity, etc.); K is the number of grid-blocks in the 3D model; 𝐼𝑝𝑖
𝑜𝑏𝑠 is the 

observed P-wave impedance; 𝐼𝑝𝑖
𝑠𝑖𝑚 is the simulated P-wave impedance; and 𝜎𝑝𝑖

2 is the 

estimated variance of the error (noise) in the reference inverted impedance volume.  

4.4.2.2 Objective function-2 (well log term) 

When defining objective function-2, the lithofacies or porosity logs are examples of the 

observed data and the lithofacies indicators or porosities extracted from the simulated 
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models at well locations are the modeled values. In this context, the objective function 

for every model in the population is given by Equation 4.8, which is the sum of the L1 

norm absolute value (or in general Lp norm) distances between the observed and 

simulated well log datasets for every grid-block that crosses a well trajectory:  

𝑂𝑏𝑗2(𝐱) = ∑
|𝑚𝑜𝑑𝑒𝑙𝑙𝑒𝑑 𝑙𝑜𝑔𝑠(𝐱)−𝑤𝑒𝑙𝑙 𝑙𝑜𝑔𝑠|

𝝈𝒍𝑖
𝑖  , (4.8) 

where Obj2 is the objective function; x is the unknown reservoir property; and 𝜎𝑙𝑖 is the 

L1 norm estimator of dispersion (mean absolute deviations) for uncertainties in the well 

log measurements (e.g., Tarantola 2005).  

 

4.4.2.3 Objective function-3 (geology term) 

This objective function evaluates the mismatch of the simulated reservoir models and the 

reservoir model described by prior geological knowledge, helping to ensure that the 

resulting models are constrained by the prior geological information while preserving 

spatial continuity. At each generation, and for every individual model in the ensemble 

population, we define an image-based objective function based on Hausdorff distance 

(originally introduced by Felix Hausdorff (1914)) to compare the prior reservoir model 

and simulated models in a multidimensional image space: 

𝑂𝑏𝑗3(𝐱) = ∑ 𝐻𝐷{𝐦𝑖
sim(𝐱),𝐦0}

𝑄
𝑖=1 , (4.9) 

where Obj3 is the objective function; HD is the Hausdorff distance; 𝐦𝟎 is the 3D prior 

image (an estimation of the geological features) generated from prior geological 

knowledge (sedimentological and/or stratigraphical interpretation, outcrop analogue data, 

geological training image and so on); mi is the reservoir model produced at each iteration 

step of the reservoir model optimization process; and Q is the total number of layers in 

the z-direction. 

The Hausdorff distance is often used in content-based image pattern detection problems 

and has been successfully applied in object matching (Kwon et al. 2001), image-based 

learning (Borgefors 1986) and robust face detection (Jesorsky et al. 2001). It measures 

the similarity between two ensembles of point sets. Given two finite point sets 𝐚 =

{𝑎1, 𝑎2, … , 𝑎𝑝} and 𝐛 = {𝑏1, 𝑏2, … , 𝑏𝑞}, the Hausdorff distance (HD) is defined as:  

𝐻𝐷(𝐚, 𝐛) = max{ℎ(𝐚, 𝐛), ℎ(𝐛, 𝐚)}, (4.10) 
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where ℎ(𝐚, 𝐛) is the directed Hausdorff distance, expressed as: 

ℎ(𝐚, 𝐛) = max𝑎∈𝐚min𝑏∈𝐛‖𝑎 − 𝑏‖, (4.11) 

in which || … || is the underlying norm (e.g., L2 norm) on the point sets a and b. Intuitively, 

ℎ(𝐚, 𝐛) finds the point a in set a that is furthest from any point in set b, and computes the 

distance from point a to its nearest neighbor in set b. The directed Hausdorff distance 

from set a to set b (ℎ(𝐚, 𝐛)) and from set b to set a (ℎ(𝐛, 𝐚)) can be different 

(Huttenlocher et al. 1993). It should also be emphasized that Hausdorff distance is an 

image similarity comparison technique more sophisticated than simple point-to-point 

correlation and may be applied both to 2D and 3D object-comparison problems (Suzuki 

and Caers 2006). The metric properties of Hausdorff distance (HD) (non-negativity, 

symmetry, triangle inequality etc.) render it a powerful similarity measure in imaging 

(Baudrier et al. 2008). 

In the present application, we consider the prior reservoir lithofacies model and the 

simulated lithofacies models at each generation as point sets in a space. We then measure 

the similarity between the prior (reference) model and each of the simulated models in 

terms of Hausdorff distance to determine the extent of the difference between the 

reference model and each simulated model in space; thus it measures the (dis)similarity 

between a pair of models in a visual sense — a smaller Hausdorff distance between two 

models implies that they look more alike. Figure 4.2 shows an example of the Hausdorff 

distance between a 2D reference lithofacies model and three different realizations of the 

simulated lithofacies models. As the figure illustrates, the Hausdorff distance gives a 

reasonable measure of the similarity of the shape and location of the channel sands 

(shown in red) in the three pairs. 
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4.5 Proof of concept on a test model 

4.5.1 3D Test Model 

To test our new method for constrained lithofacies and porosity modeling, we create a 3D 

synthetic object-oriented reference (true) reservoir lithology model consisting of 38.5% 

channel sand and 61.5% shaly sand. The object-based model is such that the channel 

sands create three potential flow units (Figure 4.3a). Within each facies, we generate 

porosity distributions using the sequential Gaussian simulation (SGS) method (Deutsch 

and Journel 1992) and construct six pseudo-well trajectories at predefined positions 

within the 3D framework of the reservoir. The blocked litho-logs are then obtained by 

identifying the grid blocks that intersected the well trajectories. The key model parameters 

are listed in Table 4.1. 

 

 

 

 

 

 

 

 

 

Reference model  HD=5.83  HD=9.32 HD=2.73  

Distance to Reference model 
Channel Sand  

Shaly sand  

FIGURE 4.2: Hausdorff distance as a measure of (dis)similarity. Note the relationship between 
Hausdorff distance and similarity between pairs of the reference and simulated models. Lower 
HD (distance) values indicate models that are more similar to each other. 
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Table 4.1: Three-dimensional model parameters. 

Area of interest 500 m  480 m 

Reservoir interval gross thickness 50 m 

Grid type Parallel to stratigraphic layering 

Grid block length  20 m 

Grid block width 20 m 

Grid block thickness in reservoir interval 5 m 

No. of grid blocks 6000 

Model dimensions 25  24  10 

 

We calculate the P-wave impedance volume for the reference lithofacies model shown in 

Figure 4.3b using a petro-elastic model (Emami Niri and Lumley 2015a). The elastic 

properties of the sand and shaly sand at reservoir initial conditions are given in Table 4.2. 

In addition, two-phase fluids (oil and water; see Table 4.3) are assumed in the pore system. 

For the sake of simplicity, the water–oil contact is assumed to be a horizontal surface at a 

fixed depth, with a uniformly distributed fluid within each fluid layer. Water saturation is 

assumed to be approximately equal to 1 below the water–oil contact, and equal to the 

irreducible water saturation (0.2 in sand, 0.8 in shaly sand) above the contact; note, 

however, that in real case studies, for a reservoir at initial conditions, in the transition zone 

above the water contact the irreducible water saturation can be computed from the 

capillary pressure and relative permeability curves. 

 

Table 4.2: Elastic properties of sand and shaly sand. 

Facies Km (GPa) 

(rock matrix 

bulk modulus) 

Gm (GPa) (rock 

matrix shear 

modulus) 

ρm (g/cm3) (rock 

matrix density) 

Фc (critical 

porosity) 

Sand 36  45  2.6 40 

Shaly sand  30 20 2.4 50 

 

Table 4.3: Elastic properties of reservoir fluids. 

Fluid ρ (g/cm3) K (GPa) 

Oil 0.84 1.5  

Water 1.018 2.15 
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The petro-elastic model generally provides a reasonable approximation of the elastic 

properties of reservoir rocks but it typically cannot represent the real heterogeneities of 

subsurface rocks. Thus, in order to generate more realistic datasets and simulate the 

limited frequency range of the seismic inversion results and the practical resolution of 

seismic data (10-80 Hz) compared to the scale of the reservoir model, we apply a moving-

average smoothing filter to the P-impedance volume, replacing the data in each cell in the 

model with the average values in neighboring cells. This process is equivalent to high-cut 

frequency filtering of the 3D impedance volume. 

 

 

 

 

 

4.5.2 Geostatistical Initialized Models 

If no prior information is available for the solution space, random initialization may be 

suitable. However, in the present case, we integrate available problem-specific 

knowledge when generating the initial ensemble population (starting reservoir models). 

Due to a limited number of wells, in addition to the vertical variograms, we constrain 

geostatistical simulations with 3D seismic attribute data and the “seismic attribute litho-

probability curves” estimated at well locations. In this approach, the probability of facies 

FIGURE 4.3: (a) Reference (true) lithofacies model; (b) corresponding 
reference P-impedance volume. 
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distribution is obtained as a function of the seismic attribute property (P-wave impedance, 

in our test case). We plot the probability density distributions, relating the P-wave 

impedance to the probability of each lithofacies type. The plot gives the probability of 

finding a particular lithofacies given a specific range of P-wave impedance values. This 

analysis produces a probability curve for each of the lithofacies types. We then use the 

resulting seismic attribute litho-probability curves, along with variogram models 

calculated from the pseudo-wells, and the 3D seismic attribute data, to guide the process 

of geostatistical modelling. This has the advantage that convergence is accelerated and 

better model solutions are produced. 160 lithofacies realizations are generated using the 

sequential indicator simulation (SIS) technique (Journel and Gomez-Hernandez 1993), 

and 200 porosity models are generated by SGS method, all serving as individuals of the 

initial ensemble population for the subsequent multi-objective reservoir modeling 

process. Figure 4.4 shows four of the SIS results; although the distributions of sand (red) 

and shaly sand (blue) are all constrained with variograms and seismic attribute litho-

probability curves, considerable differences in spatial distribution are evident. 

 

 

FIGURE 4.4: Four realizations of the starting lithofacies models produced by the SIS 
technique. 
 

 

4.5.3 Analysis of Results  

The reservoir model parameters to be estimated or updated in the proposed reservoir 

modeling method might be any of the discrete or continuous petrophysical properties of 
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the reservoir. In the test model, we first concentrate on establishing the lithofacies models, 

then, using the best of those, we next estimate the porosity models. 

 

4.5.3.1 Lithofacies modeling 

After defining the multiple objective functions, we quantitatively evaluate the sensitivity 

of the model solutions to changes in the parameters of the evolutionary stochastic 

optimization algorithm. We perform the sensitivity analysis (discussed in chapter 3 and 

also in Emami Niri and Lumley (2015a)) by evaluating the effects of the initial population 

composition, population size, cross-over and mutation fractions on the elapsed 

computational times and average misfit errors of the resulting model solutions compared 

to the true reference model. We calculate the misfit error of every single model in the 

population by counting the number of grid blocks whose assigned facies indicator differ 

from the indicator in corresponding grid blocks in the true reference model. Once the 

optimum evolutionary optimization parameters are selected, we perform multi-objective 

optimization for reservoir modeling.  

 

Figure 4.5 shows solutions in the objective function space, from which it is clearly 

evident that the solutions to successive generations converge towards the Pareto optimal 

region. Since there are always considerably fewer objective functions than model 

parameters in the multi-objective optimization process, for quality control of model 

solutions it is useful to plot solutions in the objective function space rather than in the 

model space. This additional feature of the proposed method allows both qualitative and 

quantitative analysis of uncertainties in the results. The simplest form of quantitative 

uncertainty analysis for the resulting models in the objective function space is by 

measuring the extent of the convergence to a known Pareto optimal set for different 

parameter settings and the successive generations (e.g., Deb et al. 2002). 
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FIGURE 4.5: Lithofacies model solutions in a three-objective-function space. The 
lithofacies model solutions move towards the Pareto optimal region with successive 
generations. 
 

In addition, Figure 4.6 shows the evolution of the objective functions for this three-

objective optimization problem with respect to the generation (iteration) number. The 

final set of model solutions shows a considerable reduction by 37%, 100% and 24% in 

the objective function misfits for the first, second and third objective functions 

respectively.  

 

 

FIGURE 4.6: Evolution of the objective functions in three-objective optimization. 
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To highlight the performance of this optimization method, applications of single-

objective, bi-objective and a weighted-summation of the three objectives are also 

investigated. Figure 4.7 summarizes the results in terms of the average misfit error of the 

obtained model solutions with the true reference reservoir lithofacies model. We can see 

that the average misfit error between the reference model and the initial models generated 

by the constrained geostatistical simulation is 33.5%. When single-objective 

optimizations using Obj1, Obj2 and Obj3 are applied separately, this figure dropped to 

17.6%, 24.8% and 24.5%, respectively. Applying differently weighted summations of 

Obj1 and Obj2 do not reduce the mismatch substantially. Figure 4.7 also shows that 

applying simultaneous bi-objective optimization (Obj1 and Obj2) reduces the average 

misfit error slightly but, when simultaneous three-objective optimization (Obj1 and Obj2 

and Obj3) is applied, the average misfit error of the resulting model solutions drops from 

33.5% in the initial reservoir models to 9.7% in the final set of models. 

 

 

FIGURE 4.7: The average misfit errors of the produced reservoir models with the 
reference model, in different applications of single-objective, bi-objective, weighted-
sum-objective and three-objective optimizations. 
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To visualize the quality of the results for each set of lithofacies models, we compute the 

confidence matrix (e.g., Kohavi and Provost, 1998) before and after three-objective 

optimization (Table 4). Generally, the confidence matrix is a useful tool for quantifying 

the performance of predictions in supervised learning (when a true model is available). 

For the present application, rows in the confidence matrix represent the reference 

lithofacies and columns represent predicted values. The diagonal elements of the matrix 

indicate the success rate of the algorithm in reconstructing the reference model. We see 

that the success rate in sand prediction, which is 67% before three-objective optimization, 

improves to 84% after optimization. The success rate for shaly sand increases from 82% 

to 96%. This is clear evidence that a satisfactory rate of lithofacies prediction is obtained 

by the proposed three-objective optimization. 

 

Table 4.4: Confidence matrix before and after three-objective optimization  
(Ref = reference; Sim = simulated). 

 

 BEFORE AFTER 

Sim-Sand Sim-Shaly Sand Sim-Sand Sim-Shaly Sand 

   Ref-Sand 0.67 0.32 0.88 0.12 

   Ref-Shaly Sand 0.18 0.82 0.04 0.96 

 

 

In the next step, we assess the success or failure of each approach in identifying the 

potential connected flow units. Figure 4.8 provides a map view of the connectivities in 

reference model and an initial realization of the models, and by models obtained from 

single-objective (Obj1), weighted sum objective function (0.9*Obj1+0.1*Obj2), bi-

objective (Obj1 and Obj2) and three-objective (Obj1, Obj2 and Obj3) optimization. It is 

clear that, of these approaches, only the three-objective optimization correctly identifies 

the potential connected units. 
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Figure 4.9 shows the mean realization of the final set of models after applying three-

objective optimization. To emphasize the improvements in the final models, the true 

reference model, lithofacies model described by prior geological knowledge, and mean 

realization of the initial reservoir lithofacies models are also shown. It is evident that the 

lithofacies model obtained from our three-objective optimization method matches the 

reference model much more closely than the initial prediction.  

 

FIGURE 4.8: A map view of connectivities in (a) the true reference model; (b) in an initial 
geostatistical model realization; (c) after single-objective optimization (Obj1); (c) after bi-
objective optimization (Obj1 and Obj2); (d) after weighted sum optimization 
(0.9*Obj1+0.1*Obj2); and (f) after three-objective optimization (Obj1 and Obj2 and Obj3). 
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FIGURE 4.9: (a) Reference lithofacies model; (b) lithofacies model described by prior 
knowledge; (c) mean realization of the initial models; and (d) mean realization of final 
models after multi-objective optimization. 
 
 

4.5.3.2 Porosity modeling 

 Figure 4.10 shows the evolution of the objective functions for porosity modeling in a 

dual-objective function space, where the first objective function is the seismic term and 

the second objective function is the well log term. The final set of model solutions falls 

in the Pareto optimal region and shows a considerable reduction in objective function 

misfits. 
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FIGURE 4.10: Porosity model solutions in a dual-objective-function space. The 
solutions converge towards the Pareto optimal region with successive model generations 
(note scale change). 

 

We design a performance metric to measure the convergence towards the reference data 

(optimal solutions). The minimum Euclidean distances between each estimated solution 

and the true solution are computed and their average value is a measure of convergence 

performance. Smaller mean values of the performance metric indicate better convergence 

towards the true solution; thus a metric value of zero would imply that all the obtained 

solutions lie exactly on the optimal solutions (Deb et al. 2002). The comparison of the 

mean values of this metric for the initial porosity models and the final sets of porosity 

models show 42% improvements in the porosity estimation after 100 generations. Figure 

4.11a shows the porosity histograms of the reference model and the average realizations 

of the initial models and Figure 4.11b shows the porosity histograms of the reference 

model and average realization of the final sets of models. It is evident that the porosities 

obtained by the multi-objective optimization approach produces the much better match to 

the reference porosity model.  
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FIGURE 4.11: Comparative porosity histograms of the reference model and the mean 
realization of (a) the initial models, and (b) the final models after multi-objective 
optimization. 

 

4.6 Field data example 

4.6.1 Stybarrow Field Description 

The Stybarrow field is located in the Exmouth sub-basin within the larger Carnarvon 

Basin, offshore Western Australia (The location map of the Stybarrow Field is shown in 

Figure 5.3 of chapter 5). The approximate water depth over the field location is 800 m. In 

the Stybarrow reservoir structure, biodegraded oil is trapped in high-quality sandstones of 

the Macedon Formation. The intersection of normal faults trending E–W and NE–SW 

have created a triangular oil trap. Top, base and bounding-fault seals are provided by 

juxtaposed siltstones and claystones of either overlying or underlying formations 

(Ementon et al. 2004; Hill et al. 2008).  

Prior to applying our multi-objective optimization method to Stybarrow data, three 

preliminary steps required: lithofacies classification, petro-elastic analysis and seismic 

elastic inversion. 
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4.6.2 Lithofacies Classification  

A number of different facies have been identified within the Stybarrow reservoir. 

However, the high net-to-gross ratio, along with the small variations in petrophysical 

properties in the reservoir interval of interest, encouraged simplification of the Stybarrow 

reservoir into a Net and Non-net facies system — Net: facies with reservoir quality 

(Hurren et al. 2012). We classify lithofacies on the basis of well log data (gamma-ray, 

density and P- and S-wave sonic logs) at four wells. We use scatter plots of seismic elastic 

attributes, color-coded by shale volume, to classify the reservoir into a Net and non-Net 

facies system. All well-log data points having a shale volume smaller than 0.4, P-wave 

impedance less than 6900 g/cm3.m/s, and density smaller than 2.3 g/cm3, are classified as 

Net facies. Figure 4.12a shows the gamma-ray, P-wave impedance and density logs 

around the interval of interest in one of the wells at Stybarrow field. The corresponding 

crossplot of the P-wave impedance versus density displays clusters of Net and Non-net 

facies, color-coded by gamma-ray values (Figure 4.12b).  

 

 
 

 

 

FFIGURE 4.12: (a) Gamma-ray, P-wave impedance and density logs around the interval 
of interest in one well at Stybarrow field. (b) Corresponding crossplot of P-wave 
impedance versus density (color-coded by gamma-ray) with identified Net and Non-net 
facies clusters. 
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4.6.3 Petro-elastic Analysis  

We derive a petro-elastic model for the Stybarrow reservoir based on a series of 

theoretical relationships and empirical laws. Fluid moduli and densities at reservoir 

conditions are first estimated from fluid samples and property correlations. As discussed 

earlier, comprehensive elastic log analysis prompted us to define two separate populations 

with different lithofacies assigned to each. We define a lithofacies-based petro-elastic 

model to compute more accurate seismic elastic attributes from the modeled reservoir 

properties; for example, the best regression fits of Gardner’s sandstone equation (Gardner 

et al. 1974) for Net (a=1.66 and b=0.262) and Gardner’s shale equation for Non-net 

(a=1.81 and b=0.275) for the relationship between P-wave velocity and density log data 

points in the interval of the interest are shown in Figure 4.13. 

            𝜌 = 𝑎𝑉𝑝𝑏, (4.12) 

where ρ is density and 𝑉𝑝 is the P-wave velocity.  

 

 

FIGURE 4.13: Gardner’s equations for Net and non-Net facies in the Stybarrow 
reservoir. 

 

To relate the dry and saturated elastic moduli of Net facies to variables of interest 

(lithofacies and porosity, in the present case), three well-known rock-physics models — 

the friable sand model (Dvorkin and Nur 1996), the contact-cement model (Dvorkin and 

Nur 1996) and the constant-cement model (Avseth et al. 2000) — are examined. We 

analyze the fit of these models to well log data points after correcting to a common 
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saturation value (100% water) using the Gassmann fluid substitution (Figure 4.14). The 

constant-cement model is eventually selected for calculating the dry rock elastic 

properties for Net facies in the interval of interest. This model relates the elastic moduli 

of the sediments to mineralogy, porosity and cement percentage. At porosities lower than 

critical porosity, we use a modified lower Hashin-Shtrikman bound (Mavko et al. 2009; 

Dvorkin et al. 2014) to compute the elastic properties of the dry rock frame. A sensitivity 

analysis is performed to choose the most appropriate parameters for our model. For 

example, Figure 4.15 shows the variations in the constant-cement model due to variation 

in cement percentage and coordination number in a crossplot of dry rock bulk modulus 

versus porosity.  
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FIGURE 4.14: The fit of friable sand model, contact-cement model and 
constant-cement model to well log data points of Stybarrow reservoir. 
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Following Lumley (1995), once the effective dry rock bulk and shear moduli have been 

estimated, we used the following well-known relationships to derive P- and S-wave 

velocities and impedances: 

Saturated bulk and shear moduli (Gassmann 1951):  

𝐾𝑠𝑎𝑡 = 𝐾𝑑𝑟𝑦 +
(1−

𝐾𝑑𝑟𝑦

𝐾𝑚
)2

Ф
𝐾𝑓𝑙

+
1−Ф
𝐾𝑚

+
𝐾𝑑𝑟𝑦

𝐾𝑚
2

 ,   𝐺𝑠𝑎𝑡 = 𝐺𝑑𝑟𝑦 ,     (4.13) 

Fluid mixture bulk modulus (Wood 1955): 
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FIGURE 4.15: Sensitivity analysis for cement percentage and coordination 
number in the constant-cement model for the Stybarrow reservoir. 
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1

𝐾𝑓𝑙
= ∑

𝑆𝑖

𝐾𝑖

3
𝑖=1 =

𝑆𝑜

𝐾𝑜
+

𝑆𝑤

𝐾𝑤
+

𝑆𝑔

𝐾𝑔
 , (4.14) 

where subscripts o, w and g represent oil, water and gas.  

Bulk density of the fluid-saturated rock: 

𝜌 = (1 −Ф)𝜌𝑚 +Ф(𝑆𝑜𝜌𝑜 + 𝑆𝑤𝜌𝑤 + 𝑆𝑔𝜌𝑔). (4.15) 

P- and S-waves velocities and impedances of the fluid-saturated rock:  

𝑉𝑝 = √
𝐾𝑠𝑎𝑡+

4
3⁄ 𝐺𝑠𝑎𝑡

ρ
 ,        𝑉𝑠 = √

𝐺𝑠𝑎𝑡

ρ
 . (4.16) 

𝐼𝑝 = ρ𝑉𝑝,                         𝐼𝑠 = ρ𝑉𝑠 .   (4.17)  

The derived petro-elastic model is then applied cell-by-cell to the cubes of reservoir 

properties to compute the elastic response of the simulated property models.  

It is worth noting that, in this application, we derive a deterministic petro-physics model 

expressed in terms of the equations. However, our methodology can be generalized to a 

statistical rock physics model expressed in terms of probability density functions (e.g., 

Mukerji et al. 2001). 

 

4.6.4 Seismic Inversion 

A complete set of well logs at four wells and a set of three migration angle stack seismic 

volumes were available for this study. A rock physics analysis using well log data 

indicates that P-impedance, Vp/Vs and density are the best seismic elastic attributes for 

discriminating between different lithofacies classes in the Stybarrow reservoir. Cross-

plots of the rock elastic properties including P-wave impedance, Vp/Vs ratio and density 

color-coded by Net and Non-Net facies are shown in Figure 4.16. Therefore, we perform 

simultaneous elastic parameter inversion (Fatti et al. 1994; Hampson et al. 2005) using 

near-angle (10–20°), mid-angle (20–35°) and far-angle (35–50°) stack volumes for the 

Stybarrow field (Figure 4.17a–c). The prestack inversion process generates volumes of 

seismic elastic attributes. Figure 4.17d–f are snapshots of inverted P-impedance, density 

and Vp/Vs; note the excellent correlation between the seismic inversion properties and the 

corresponding measured well-log data. Simultaneous elastic inversion of the Stybarrow 

seismic data is discussed more fully in Chapter 5 and also in Emami Niri and Lumley 

(2015b). 
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4.6.5 Application 

4.6.5.1 Starting models 

We use a geostatistical simulation technique to integrate the prior information (well logs 

and anisotropic variograms) to generate a set of 100 initial reservoir models which are 

used as an initial model population to start the multi-objective optimization process. 

 
 
4.6.5.2 Objective functions 

In this case study, the focus is on creating reservoir lithofacies models. We defined four 

objective functions. The first and second objective functions measure the mismatch 

between the inverted and synthetic density and P-impedance seismic data volumes, 

respectively, in a least-squares sense using Equation 4.7; this ensures that the resulting 

models are constrained to match the seismic property data. The third (image-based) 

objective function measures the mismatch of the simulated reservoir models and the 

reservoir model described by prior geological knowledge as in Equation 4.9, which 

ensures that the resulting models are constrained by interpreted geological features and 

patterns. The fourth objective function measures the mismatch between the litho-logs and 

the extracted facies indicators from the simulated reservoir models at well locations as in 

Equation 4.8, helping to ensure that the resulting models are constrained by well log 

information. 

 

4.6.5.3 Results and discussion 

Having defined the multiple objective functions (four, in this example) and selected the 

stochastic optimization parameters, we perform the reservoir model optimization loop. In 

Figure 4.18, the Stybarrow reservoir model solutions are plotted in a three-objective 

space. It shows that the initial solutions move towards the best possible Pareto front 

approximation in the objective function space during successive generations. 
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FIGURE 4.18: Lithofacies model solutions of the Stybarrow reservoir  
in three-objective function space (note that axes are variable in scale). 
 

 

 

Figure 4.19a shows the average of the initial Stybarrow reservoir model realizations, 

Figure 4.19c shows the reservoir lithofacies model described by prior geological 

knowledge, and Figure 4.19e shows the average of the final set of optimal models after 

applying the multi-objective optimization. To better appreciate the improvements in the 

final models, the corresponding connected volumes of the Net facies for each of the 

average initial, priori and final models are shown in Figure 4.19b, 19d and 19f 

respectively.  
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A number of reservoir dynamic datasets have been collected at the Stybarrow field in the 

past several years of production, including pressure interference tests, chemical tracer 

injection and two seismic monitor surveys (Hurren et al. 2012). Hereafter, we compare 

the pressure interference test and the first monitor seismic survey outcomes with our 

multi-objective modeling results for quality control purposes. 

FIGURE 4.19: (a) Average of initial lithofacies models before model optimization; 
(b) connected volumes of Net facies in average of initial models; (c) lithofacies model 
described by prior geological knowledge; (d) connected volumes of Net facies in prior 
model; (e) average of final lithofacies models after model optimization; and (f) 
connected volumes of Net facies in average of final models (which are consistent with 
dynamic production data estimates of connectivity). 
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Pressure interference: A pressure interference test was conducted prior to Stybarrow 

field start-up. As demonstrated in Figure 4.20a, pressure transients initiated in injector 

wells Sty-5 and Sty-6 were monitored in producers Sty-7H, Sty-10H and Sty-11H. In 

addition, water injection in Sty-9 was recorded in Sty-7H, Sty-8H, Sty-10H and Sty-11H. 

This analysis indicates that the Stybarrow reservoir is effectively connected in the 

southern part of the reservoir (Yellow-solid oval area). This is consistent with our 

modeling results for the connected volumes in the southern part of the reservoir, as 

illustrated in Figure 4.19d.  

4D seismic data: At the time of the first monitor seismic survey (following one year of 

field production), producers Sty-7H, Sty-8H, Sty-10H and Sty-11H and injectors Sty-5, 

Sty-6 and Sty-9 had been in operation. The amplitude difference map (monitor minus 

baseline) in Figure 4.20b shows clear 4D responses related to changes in saturation and 

pressure due to production/injection. The southern and central parts of the reservoir show 

acoustic hardening, indicating increased water saturation due to water movement from 

injectors to producers. Conversely, down dip from injectors Sty-5 and Sty-6 (Yellow-

dashed oval area), reservoir pressure had increased but the oil had not yet been replaced 

by the injected water (since there was not a producer in northern part of the reservoir at 

the time of the monitor survey). This means that there is no barrier to fluid flow in this 

part of the reservoir and it is therefore connected to the southern part. This confirms that 

our multi-objective optimization method properly detected the connected volumes of Net 

facies in the northern part of the reservoir (Figure 4.19d). 

It can be concluded that evidence from reservoir dynamic data collected at Stybarrow, 

such as interference tests and 4D seismic, indicates that the connected flow units are better 

represented in the reservoir models after the multi-objective optimization than in the 

initial geostatistical reservoir models, the latter of which are not consistent with the 

information from the dynamic datasets.  

 

Note that in this study we have used dynamic production data for quality control 

assessment of our modeling results. However, the multi-objective reservoir property 

modeling method discussed in this paper can also intuitively be extended to match 

dynamic production data as well as static data. 
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4.7 Conclusions 

We have introduced a new method for reservoir modeling by combining geostatistical 

simulation and multi-objective optimization. It is used to improve static reservoir model 

estimation by simultaneously integrating multiple datasets, including well logs, 

geological information and seismic derived attributes (e.g., P-wave impedance and 

density). We design a test case with a three-objective optimization problem in order to 

construct an object-oriented reservoir model. Qualitative and quantitative analysis of the 

results show an improved match between the estimated model solutions and the true 

reference model. Three-objective optimization models show significant improvement 

over the single- and bi-objective optimization models in terms of reducing the average 

misfit error and detecting potential connected flow units. 

We also apply our new multi-objective optimization method to estimate reservoir models 

for an Australian oilfield by simultaneously integrating seismic data, geological 

information and well logs acquired at the field. We obtain a set of reservoir models that 

reproduced the seismic inversion volumes derived from pre-production 3D seismic data, 

geological knowledge and well log data. A qualitative analysis shows that our multi-

objective modeling results are consistent with the interpretations of the dynamic 

production data observations in the field. 
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5.1 Abstract 

We present a new method for seismic reservoir characterization and reservoir property 

modeling based on an integrated analysis of 3D seismic data and hydraulic flow units, 

and apply it to an example of a producing reservoir offshore Western Australia. Our 

method combines hydraulic unit analysis with a set of techniques for seismic reservoir 

characterization including: rock physics analysis, Bayesian inference, pre-stack seismic 

inversion and geostatistical simulation of reservoir properties. Hydraulic units are 

geologic layers and zones characterized by similar properties of fluid flow in porous 

permeable media, and are defined at well locations based on logs, core measurements and 

production data. However, the number of wells available for hydraulic unit analysis is 

often extremely limited.  In comparison, the lateral coverage and resolution of 3D seismic 

data is excellent, and can thus be used to extend hydraulic unit analysis away from well 
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locations into the full 3D reservoir volume. We develop a probabilistic relationship 

between optimal 3D seismic data attributes and the hydraulic units we determine at well 

locations. Since porosity and permeability distributions are estimated for each hydraulic 

flow unit as part of the process, we can use the 3D seismic probabilistic relationships to 

constrain geostatistical realizations of porosity and permeability in the reservoir, to be 

consistent with the flow unit analysis. Reservoir models jointly constrained by both 3D 

seismic data and hydraulic flow unit analysis have the potential to improve the processes 

of reservoir characterization, fluid flow performance forecasting and production data or 

4D seismic history matching. 

 

5.2 Introduction 

Numerical reservoir models play a central role in the appraisal, development and 

production phases of any oil and gas field. They are widely used in hydrocarbon reserves 

estimation, targeting new producer/injector locations, geosteering of wells during drilling, 

and production forecasting when coupled with reservoir fluid flow simulators (e.g., 

Lippmann et al. 1984; Satter and Thakur 1994; Doyen 2007; Zakrevsky 2011). To 

construct an accurate reservoir fluid-flow model, the quality of the available input data is 

important to ensure meaningful realizations of the reservoir flow properties. Input data 

are often measured at a sparse number of well locations, sampling a small fraction of the 

full reservoir volume. Therefore, it is difficult to make an accurate estimation of the 

reservoir properties far away from the wells (Haldorsen and Damsleth 1990; Hossain et 

al. 2009). In the early stages of reservoir studies, 3D seismic data are often the only source 

of information measured away from the wells. We can take advantage of the excellent 

spatial coverage and resolution of 3D seismic data, and use it to constrain realizations of 

reservoir property models (e.g., Behrens and Tran 1999; Grana et al. 2013).  However, 

seismic amplitudes do not give a direct estimation of reservoir facies and petrophysical 

properties (Bornard et al. 2005). There are a variety of algorithms and workflows for 

seismic inversion and reservoir characterization which attempt to estimate reservoir 

properties such as lithofacies, porosity, pressure and saturation from the seismic data (e.g., 

Tura and Lumley 2000; Lumley et al. 2003; Bosch et al. 2010; Kemper 2010; Grana et 

al. 2012). 
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Estimating spatial permeability and fluid-flow paths/barriers are key challenges in 

building realistic reservoir static and flow models. The challenges are mainly due to the 

geologic complexity of porous-permeable rocks found in oil and gas reservoirs. 

Inaccurate permeability distributions and poorly defined flow regions may lead to 

incorrect history matching, and hence incorrect predictions of reservoir performance. 

Many theoretical and empirical models exist to establish relationships between porosity 

and permeability. These porosity-permeability transforms can be divided into two broad 

categories: i) geologic/facies zone-dependent transforms and ii) pore-system-dependent 

transforms. Shenawi et al. (2009) showed that widely used traditional porosity-

permeability transforms, constrained by facies or geologic zones, often do not create 

accurate permeability distributions for reservoir static and dynamic simulations.  In 

contrast, pore-system-dependent models like the transform using the Winland technique 

(Gunter et al. 1997) and the pore geometry transform (Davies and Vessell 1996) have 

shown improved permeability estimation and fluid flow description.  These techniques 

require advanced core analyses including special descriptions of capillary pressure. Rock 

typing by hydraulic units is another type of pore-system-dependent transform. This 

technique was first introduced by Amaefule et al. (1993) to improve reservoir description 

and estimate permeability in un-cored intervals/wells. There are several examples of 

successful application of this technique in reservoir characterization and flow simulation 

studies (e.g., Shenawi et al. 2007; Nooruddin and Hossain 2011). 

Since log and core data lack the spatial sampling that seismic data provides, correlations 

between seismic attributes and well/core-derived hydraulic units are of key importance. 

However, relationships between seismic data and flow properties have been difficult to 

establish. Using a collection of core-derived velocity, porosity, and permeability data, 

Prasad (2003) has shown that, by grouping them in different hydraulic units based on pore 

space properties, a positive correlation between velocity and permeability can be 

established. Emami Niri et al. (2009) have also demonstrated this concept on a producing 

oil reservoir by establishing highly correlated (R2 > 90%) relationships between core-

derived P-wave and S-wave velocities and permeability within classified hydraulic units. 

Thus, by defining hydraulic units for a specific reservoir, spatial variations in flow 

properties have been predicted accurately by combining hydraulic unit values with 

seismic velocity data.  
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However, it is a much more challenging task to determine hydraulic flow properties from 

3D seismic data, including the uncertainties associated with the errors in the observed 

data, different scales of measurements from laboratory to field data, and uncertainties 

associated with the implemented methodologies and algorithms for reservoir 

characterization. To overcome these challenges, we develop a probabilistic relationship, 

in a Bayesian framework, between each of the hydraulic units defined at well locations, 

and the 3D seismic information. We use this approach to extend hydraulic unit analysis 

away from well locations into the full 3D reservoir volume. Since porosity and 

permeability distributions are obtained for each hydraulic unit as part of the process, we 

can use the estimated 3D seismic probabilistic relationships as constraints to 

geostatistically simulate porosity and permeability within the 3D reservoir, consistent 

with defined hydraulic flow units. 

This chapter is structured as follows. First, we discuss the theory and methodology of 

hydraulic unit analysis from well data.  Next we present our methodology for Bayesian 

classification of hydraulic units and 3D seismic data, and introduce our new probabilistic 

reservoir modeling method.  Finally, we present a field data application of our new 

workflow in a step-by-step case study example from offshore Western Australia, and 

summarize with conclusions from this study. 

 

5.3 Hydraulic unit analysis 

A hydraulic unit, also referred to as a flow unit, is a well-recognized concept to petroleum 

geoscientists and engineers. Several definitions of a hydraulic unit have been proposed 

by different authors (e.g., Bear 1972; Hearn et al. 1984; Ebanks 1987; Gunter et al. 1997; 

Tiab and Donaldson 2011). For example, Hearn et al. (1984) defined a hydraulic unit as 

a reservoir zone/interval that is vertically and laterally continuous and has similar 

petrophysical properties (e.g., permeability and porosity) and geologic bedding 

characteristics.   

The existing techniques for hydraulic unit analysis consist of two main categories: static-

based and dynamic-based (flow-based). Static-based techniques can be performed by 

either of the following approaches: 
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i) Developing relationships between the reservoir and fluid-flow properties 

especially core and/or log derived porosity and permeability (e.g., Faruk 2003; 

Shedid 2001). 

ii) Optimizing the statistical measurement of permeability heterogeneities within 

a reservoir. This approach can be considered as a type of stochastic modeling 

(e.g., Younis and Caers 2002; King et al. 2006). 

In contrast, dynamic-based techniques rely on dynamic fluid-flow data for a reservoir. 

These techniques usually include numerical hydrodynamic simulation of a reservoir to 

identify a hydraulic unit as a reservoir zone where the reservoir flow properties change 

based on the simulation results (e.g., Schatz and Heinemann 2007).   

In this study, we use static-based hydraulic unit analysis based on the methodology 

proposed by Amaefule et al. (1993).  

Classical relationships between the logarithm of permeability k and porosity ф (e.g., 

𝑙𝑜𝑔𝑘 = 𝑎∅ + 𝑏) are traditionally used to estimate permeability in uncored/no-well zones 

of a reservoir. But there is limited theoretical support for these kinds of empirical 

relationships. In fact, porosity may or may not be directly related to permeability (Nur et 

al. 1980). This means that a high porosity zone in a reservoir can be either high or low 

permeability depending on the pore space characteristics. Kozeny (1927) and Carman 

(1937), by taking into account the pore geometry and using Darcy’s and Poisseuille’s 

Laws, derived a relationship between porosity and permeability which is known as 

Kozeny-Carman equation:  

𝑘 = [
∅𝑒

3

(1−∅𝑒)2
] [

1

𝐹𝑠𝜏2𝑆𝑉𝑔𝑟
2],    (5.1) 

where: k = permeability, e =effective (connected) porosity,  =tortuosity,    sF =shape 

factor which indicates the shape of the pores, can be calculated from the microscopic 

images of pore space and usually measured jointly with tortuosity, VgrS =specific surface 

area of porous media which defines as the ratio of the pore surface area to the total volume 

of the grain. 

To simplify Equation 5.1, Amaefule et al. (1993) defined three new parameters: ϵ 

(normalized porosity), RQI (Reservoir Quality index) and FZI (flow zone indicator) and 

rearranged Equation 5.1 to the flowing formula: 



Chapter 5 
 

130 
 

log 𝑅𝑄𝐼 = log 𝐹𝑍𝐼 + log 𝜀,   (5.2) 

where: 

𝜀 = [
∅𝑒

1−∅𝑒
]     (5.3) 

𝑅𝑄𝐼 = 0.0314√
𝑘

∅𝑒
    (5.4) 

𝐹𝑍𝐼 =
1

√𝐹𝑠𝜏𝑆𝑉𝑔𝑟
     (5.5) 

By substituting Equation 5.4 into Equation 5.2, FZI can also be expressed as: 

𝐹𝑍𝐼 =
𝑅𝑄𝐼

𝜀
=

0.0314

𝜀
√
𝑘

∅𝑒
    (5.6) 

where k is in units of milliDarcy (mD) and RQI and FZI are in units of µm.  

Equation 5.6 implies that FZI can be calculated from a set of measured/computed porosity 

and permeability datasets within a reservoir. Also, Equation 5.5 shows that FZI is a 

parameter which characterizes the porous nature of the rock, since the pore space 

parameters ( sF ,   and VgrS ) are gathered together to define FZI . Therefore, FZI becomes 

a useful parameter to define hydraulic units at a reservoir interval pore scale, in a such a 

way that rocks with similar FZI values will have similar flow characteristics and hence 

belong to a same hydraulic unit (Prasad 2003). 

 

5.4 Bayesian classification of hydraulic units 

Bayes decision theory is a well-known approach for probabilistic classification problems 

(Duda et al. 2000). In the energy industry it has become a widely used approach to 

describe the reservoir static or dynamic class/state of interest such as lithofacies, 

saturation, and pressure (e.g., Mukerji et al., 2001; Coléou et al. 2006). A common usage 

of the Bayesian classification technique in a geophysical context is related to data clusters 

as indicators of different reservoir classes in a seismic attribute plane, e.g. P-wave and S-

wave impedance plane (Duda et al. 2000). In practice we can model class-conditional 

probability density functions from a given training dataset. The training dataset can be 

derived either from the well logs over a known interval of a reservoir, or from inverted 
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seismic elastic attributes around the well locations.  Bayes formula can then be employed 

to calculate the posterior probability of each particular class/state of interest given a set 

of seismic attributes (Avseth et al. 2005; Doyen 2007). 

We use the Bayesian approach to classify the 3D reservoir volume into different hydraulic 

units using seismic information. To do this, we estimate probability density functions for 

each of the hydraulic units in a seismic attribute space. From the probability density 

functions, at every single point we compute the probability of hydraulic units using Bayes 

theorem. For example at the green circle point in Figure 5.1a, the posterior probability 

of Hydraulic Unit 1 (HU1) and Hydraulic Unit 2 (HU2) is schematically shown in Figure 

5.1b.  We use the following Bayes equation to calculate the probability of each of the 

hydraulic units, given a group of seismic elastic attributes: 

𝑝(𝐻𝑈𝑖|𝑆𝑒𝑖𝑠𝐴) =
𝑝(𝐻𝑈𝑖).𝑝(𝑆𝑒𝑖𝑠𝐴|𝐻𝑈𝑖)

𝑝(𝑆𝑒𝑖𝑠𝐴)
 ,    (5.7)          

where 𝐻𝑈𝑖 is a particular hydraulic unit class; 𝑆𝑒𝑖𝑠𝐴 is a vector of seismic 

attributes; 𝑝(𝐻𝑈𝑖) is a prior probability of 𝐻𝑈𝑖 ; 𝑝(𝑆𝑒𝑖𝑠𝐴) is probability of seismic 

attribute𝑠 𝑆𝑒𝑖𝑠𝐴;  𝑝(𝑆𝑒𝑖𝑠𝐴|𝐻𝑈𝑖) is the probability of attributes 𝑆𝑒𝑖𝑠𝐴, knowing we are 

in 𝐻𝑈𝑖  and 𝑝(𝐻𝑈𝑖|𝑆𝑒𝑖𝑠𝐴) is probability of 𝐻𝑈𝑖 given by a seismic attribute vector. 

Finally, if desired, we apply Bayes’ decision rule to classify the hydraulic 

interval/zone/volume of interest as: 

𝐻𝑈𝐾 𝑖𝑓 𝑃(𝐻𝑈𝐾|𝑆𝑒𝑖𝑠𝐴) > 𝑃(𝐻𝑈𝑖|𝑆𝑒𝑖𝑠𝐴) 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑖 ≠ 𝐾.          (5.8) 

 

 FIGURE 5.1: Extraction of probability of each of the hydraulic flow unit 
classes at every single point. 
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5.5 Methodology 

Our methodology is schematically illustrated in Figure 5.2. The input data required for 

the method are: core measurements, well logs and angle gathers or a set of partial angle 

stack 3D seismic volumes. Our method consists of following main steps: 

Step 1: hydraulic unit analysis: We assess core/log-derived petrophysical properties 

with regard to hydraulic unit identification based on the methodology given by Equation 

5.1 to Equation 5.6. 

Step 2: rock physics analysis: To determine which of the seismic elastic attributes best 

discriminate different hydraulic unit classes, we perform a rock physics analysis using 

elastic log data and core measurements.  

Step 3: seismic inversion: We next perform a 3D elastic seismic inversion to derive 

required seismic elastic attributes (e.g., P-wave impedance, Vp/Vs, etc). 

Step 4: determining probability density functions for hydraulic units: We construct 

class-conditional probability density functions for each of the hydraulic units from a 

training dataset. We derive this training data set either from the well logs over a known 

interval/zone of a reservoir, or from inverted seismic elastic attributes around the well 

locations.   

Step 5: Generation of hydraulic unit probability cubes: We employ Bayes formula to 

calculate the posterior probability of each particular hydraulic unit given a set of seismic 

attributes. We use the computed posterior probability of hydraulic units over the 3D 

volume to generate the probability cubes for different hydraulic units. 

Step 6: Geostatistical simulation: We geostatistically simulate the reservoir 

petrophysical properties in such a way that seismic-derived probability volumes of 

hydraulic units are used to constrain the process.  
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5.6 Field Application 

The Stybarrow Field is located in the Exmouth sub-basin of the Carnarvon Basin, offshore 

Western Australia (Figure 5.3). The approximate water depth over the field location is 

800 m. In the Stybarrow structure, oil is trapped in the high quality sandstones of the 

Macedon Formation. The intersection of the E-W and NNE/NE trending normal faults 

have created a triangular oil trap. Top, base and bounding-fault seals are provided by 

siltstones and claystones of either overlying or underlying geologic formations (Ementon 

et al. 2004, Hill et al. 2008).  

FIGURE 5.2: Workflow for our probabilistic seismic – hydraulic flow unit 
method for reservoir property modeling. 

 



Chapter 5 
 

134 
 

 

FIGURE 5.3: Location map of the Stybarrow Field. 

 

Hereafter, we show the application of our new method on the Stybarrow Field, step-by-

step, in the following five sections: 

 Static-based hydraulic unit analysis 

 Rock physics analysis 

 Seismic inversion 

 Seismic driven probabilistic classification of hydraulic units  

 Geostatistical simulations of reservoir porosity and permeability 

 

5.6.1 Static-based hydraulic unit analysis 

We use core-derived porosity and horizontal permeability at three wells to construct a 

training database for hydraulic unit discrimination defined by Equation 5.1 to Equation 

5.6. In this study, we perform an extra mathematical manipulation of Equation 5.6 to 

generate discrete values of hydraulic units (Equation 5.9). This is mainly because discrete 

values of hydraulic units, compared to continuous values of FZI, are easier to deal with 

in 3D grid blocks of reservoir volume. 

𝐻𝑈 = 𝑅𝑜𝑢𝑛𝑑(2 ln(𝐹𝑍𝐼) + 2)    (5.9) 
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Since the number of core samples is limited, we use a combination of classification 

techniques to build a robust determination of hydraulic units. In particular, we employ 

techniques such as histogram and normality tests, cumulative probability analysis, cluster 

analyses and log-log plot of RQI versus normalized porosity to classify hydraulic units. 

It is possible to classify the interval under study up to as many as four hydraulic units 

(intervals with same FZI values). However, high net-to-gross, low variation in 

petrophysical properties within the studied interval and our primary objective to link the 

classified hydraulic units to 3D seismic data, lead us to define just two major hydraulic 

units, HU1 and HU2. As summarized in Table 5.1, HU1 and HU2 correspond to low and 

high reservoir quality, respectively.  

 

Table 5.1: hydraulic unit classes and corresponding properties 

 

 

 

 

Figure 5.4a shows a cross-plot of the porosity-permeability variations in the data points 

of the interval studied. The dashed line is a regression fit to all data points, as in traditional 

porosity-permeability analysis. In Figure 5.4b, the data samples are color-coded based 

on the defined hydraulic units. The different colors correspond to different hydraulic units 

as illustrated in the legend. HU1 and HU2 are separated based on the calculated FZI 

values. The dashed lines in Figure 5.4b are regression fit lines between porosity and 

permeability within a hydraulic unit. There is a good correlation between porosity and 

permeability within each of the hydraulic units. It is worthy to note that samples with the 

same porosity but higher FZI have higher permeability and, therefore likely higher flow 

characteristics. Figure 5.5 shows the porosity logs and classified hydraulic units in wells 

1, 2 and 3 in the studied field. It is clearly seen that there is a meaningful relation between 

porosity log and HU1 and HU2. 

HU classes Reservoir Quality Log(FZI) range 

HU1 LOW -0.75 - 0.25 

HU2 HIGH 0.25 - 1.25 
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5.6.2 Rock physics analysis 

Which seismic inversion technique is more suitable for hydraulic unit identification in the 

study area? And what are the best seismic elastic attributes to discriminate different 

hydraulic units? To provide answers to these types of questions, we perform a rock 

physics analysis using core and log data from three wells of the Stybarrow Field. We 

analyze crossplots of various rock elastic properties including P- and S-wave velocities 

and impedances, Vp/Vs ratio and Density as a function of measured vertical depth and 

FIGURE 5.4: Porosity-Permeability relation: (a) without color codes, (b) with color 
codes according to the defined hydraulic units. 

FIGURE 5.5: Porosity log and classified hydraulic units in wells 1, 2 and 3. 
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with respect to log (FZI) to determine the most suitable rock elastic properties to 

discriminate different hydraulic units. 

As shown in Figure 5.6a and Figure 5.6b, P- and S-wave velocities for high and low 

values of log (FZI) overlap and consequently, these attributes are not suitable to 

differentiate HU1 from HU2 in the studied interval.  A crossplot of P-impedance with 

respect to vertical depth and log (FZI) (Figure 5.6c) indicates that HU2 can be isolated 

from HU1. However, it is clear that in some parts of the reservoir, samples with high and 

low log (FZI) values overlap and therefore it is not possible to efficiently identify different 

hydraulic units using only the P-wave impedance attribute. Figure 5.6d shows that there 

is no clear contrast between S-wave impedance for different FZI values, and therefore, 

this attribute cannot discriminate HU1 from HU2.  On the other hand, crossplots of Vp/Vs 

(Figure 5.6e) and density (Figure 5.6f) with respect to vertical depth reveal that samples 

with higher log (FZI) values (indicating HU2) have lower Vp/Vs and lower density 

compared to samples with lower log (FZI). This implies that Vp/Vs and especially 

Density could have high hydraulic unit discrimination capability in the study area.  

This analysis suggests that Vp/Vs, Density and P-wave impedance, or any combination 

of these seismic attributes, would be the best seismic properties to discriminate between 

the different hydraulic units identified at this field. Moreover, the rock physics analysis 

reveals that post-stack inversion methods capable of solving only for P-wave impedance 

may be able to discriminate different hydraulic unit classes in shallower part of the 

reservoir, but are not likely to differentiate hydraulic units in the other parts of the 

reservoir. Pre-stack seismic inversion techniques for elastic properties which are able to 

solve for Vp/Vs and Density, should have a better capability to distinguish hydraulic units 

over the whole reservoir interval. 
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5.6.3 Seismic inversion 

In the next step of the study, we perform simultaneous elastic inversion (Fatti et al. 1994; 

Hampson et al. 2005) to produce volumes of seismic elastic attributes using near (10-

20°), mid (20-35°) and far (35-50°) partial angle stacks of Stybarrow Field (Figure 5.7). 

Prior to inversion the seismic data had been carefully processed. However, we do some 

further seismic data conditioning on partial angle stacks to obtain high quality results for 

the prestack seismic inversion. The seismic data conditioning steps include amplitude 

balancing, time and phase balancing, and residual move-out corrections. 

 

 

 

 

 

 

FIGURE 5.6: Rock physics analysis- relationships between hydraulic units and elastic 
rock properties. Points are colored as high (red) and low (blue) values of hydraulic fluid 
flow from log (FZI) analysis. 
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Some additional important steps that we perform helps to obtain more accurate seismic 

elastic inversion, including:  

 Angle-dependent wavelet extraction: In this study, we statistically extract three 

wavelets representative of three partial angle stacks (Figure 5.8). This helps to 

take account of the NMO-stretch and absorption in frequency that usually results 

in lower frequency in far angle wavelet compared to near angle wavelet.  

 

FIGURE 5.8: (a) Statistically extracted wavelets representative of near angle stack 
(blue), mid-angle stack (red), and far angle stack (orange), and (b) their corresponding 
frequency bandwidths. 

 

 Well-to-seismic partial angle stack calibration: To avoid biased and erroneous 

inversion results, an accurate well-to-seismic tie is required. Prior to inversion, we 

use extracted angle-dependent wavelets to calibrate well and partial angle stacks. 

We obtain >90 percent cross-correlation between well and seismic data at all three 

wells (e.g., Figure 5.9). 
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FIGURE 5.9: Well-to-seismic tie at well 1(blue=Synthetic seismic; red=observed 
seismic). 

 

 Scaling of angle-dependent seismic data: Statistically extracted angle-dependent 

wavelets have known shapes, but not absolute amplitudes. In addition, seismic 

traces often have an arbitrary scaling caused by acquisition and/or processing 

steps. The overall scaling of the 3D angle stacks may adversely affect the 

inversion results if the scaling factor is not estimated correctly. Prior to inversion, 

we compute separate scaling factors for each set of the partial angle stacks to scale 

the relative amplitudes. This is done by multiplying the angle-dependent traces by 
RMSsyn

RMSobs
, where RMSsyn is the average root-mean-square amplitude of the synthetic 

seismic traces (calculated using well logs), and RMSobs is the average root-mean-

square amplitude of the observed seismic traces. 

 

 Initial (prior) model construction: We use elastic well logs and interpreted 

horizons to construct the starting P-impedance, Vp/Vs and Density base models 

(Figure 5.10). The seismic inversion process cannot update the low frequency 

information; and therefore, these prior models are of great of importance to 

constrain the inversion results at frequencies below the measured seismic 

bandwidth.  
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FIGURE 5.10: (a) Initial P-impedance, (b) initial Vp/Vs model, and (c) initial Density. 

 

 Background trends between Ip & Is, and between Ip & Density: For simultaneous 

elastic inversion, in some inversion tools, there is a requirement to derive 

background trends between P- and S-wave impedances as well as P-impedance 

and Density. We derive these trends using well log data points (Figure 5.11). 
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FIGURE 5.11: Background trends (a) between ln(Ip) & ln(Is), and (b)between ln(Ip) & 
ln(Density). 

 

 Quality control of the inversion results: As a quality control tool, we compare the 

joint inversion results with original logs at well locations. The inverted and 

original logs highly matches at well locations. Also, the comparison of the near, 

mid and far synthetic and real seismic traces results in negligible error, meaning 

that the derived seismic elastic attributes match reasonably at well locations 

(Figure 5.12). 

 

 

 

FIGURE 5.12: (a) Inversion results are compared with original logs at the 
location of well 3, (b) the near, mid and far synthetic and real seismic traces, and 
the negligible difference errors for each set of the angle-dependent traces. 
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Once all of the steps above are completed, we perform the simultaneous elastic inversion. 

In Figure 5.13 the snapshots of the inverted P-impedance, Density and Vp/Vs are shown; 

note the good correlation of the seismic inversion properties with the measured well log 

data around interval of interest. 

  

FIGURE 5.13: (a) Inverted P-impedance, (b) inverted Vp/Vs and (c) inverted Density. 
Corresponding P-impedance, Vp/Vs and Density logs at wells 1 and 2 are displayed for 
quality control purposes. 
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5.6.4 Seismic driven probabilistic classification of hydraulic units  

In this step of the method, we apply the Bayesian classification technique to map 

hydraulic units using the 3D seismic data. As discussed previously, the rock physics 

analysis for this data example reveals that a combination of P-wave impedance, Vp/Vs 

and Density can help to accurately map the hydraulic units in the study area. In a sense, 

using multiple seismic attributes reduces the uncertainty and ambiguity in the seismic-

based hydraulic unit classification process.  We first upscale the well logs (using the 1D 

Backus method) to match the limited vertical resolution of the seismic data. We then 

construct training datasets from the upscaled log data points over the depth intervals of 

interest. These training datasets include the crossplots of the selected elastic attributes 

colored-coded by hydraulic units (Figures 5.14a-c). We then describe each of the color-

coded data clouds on the crossplots by a probability density function (Figures 5.14d-f). 

To increase the realism in the estimation of the probability density functions, we do not 

make any statistical assumptions (e.g., Gaussian) regarding the shape of the density 

functions. In Figures 5.14d-f, blue and red curves are iso-probability contours for HU1 

and HU2, respectively. It is worthwhile to note that well-separated probability density 

functions imply a higher probability for a better identification of the hydraulic units based 

on the inverted seismic attributes. 

From the probability distributions, at every single point we compute the probability of 

each of the hydraulic units using Bayes theorem (Equation 5.7). By applying this process 

on the seismic inverted attribute cubes, we calculate the posterior probability of hydraulic 

units over the whole 3D volume. As a result, we generate two separate probability cubes 

for HU1 and HU2 (Figure 5.15). These cubes give the probability of the distribution of 

each particular hydraulic unit at the seismic scale.  
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The probability map/cube of the HUs could be extremely useful compared to traditional 

seismic amplitude maps or seismic elastic attributes. This is due to the fact that it is easier 

to understand and more direct to interpret, in particular for reservoir modelers and 

engineers who are not experts in seismic data analysis and/or the elastic properties of the 

rocks. In addition, the probability map/cube provides valuable information about the 

potential fluid-flow connectivities within the reservoir, which may not be readily 

quantified from seismic amplitude maps.  In Figure 5.16 the probability of HU2 (high 

reservoir-quality area) and the corresponding seismic amplitude map at the top of the 

reservoir is shown. It can be seen that the high probability area for HU2 suggests better 

connected regions compared to the seismic amplitude map, especially in the lower part 

of the reservoir. These results are consistent with the interpretations from dynamic 

datasets acquired over the field as we discuss later. 

FIGURE 5.14: Extracted training datasets and corresponding probability density 
functions. 
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Finally, to assess the quality of the probability cubes, we extract the seismically predicted 

hydraulic unit values at the well locations and compare them with the observed hydraulic 

units. We quantify the performance of the Bayesian classified hydraulic units in terms of 

the confidence matrix.   The diagonal elements of this matrix indicate what percentage of 

the each hydraulic unit is correctly reconstructed by our methodology. From Table 5.2, 

we can see at wells 1, 2 and 3, hydraulic units HU1 and HU2 are correctly estimated 97% 

and 89% of the time respectively, meaning that the success rate for our seismic estimation 

of the hydraulic units is highly reliable in this field data application example.  

 

Table 5.2: Confidence matrix at well locations 1, 2 and 3 

 

 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

  Classified 

  HU1 HU2 

Observed 
HU1 97% 3% 

HU2 11% 89% 
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5.6.5 Geostatistical simulations of reservoir porosity and permeability 

In the final step of our method, we quantitatively integrate seismically-derived probability 

cubes for hydraulic units into the reservoir property modeling process. Since the 

resolution of the probability cubes for hydraulic units is the same as the seismic data, we 

use an integrated approach to model the reservoir properties in a geostatistical framework.  

We first construct a 3D structural framework for the reservoir model using the depth-

converted horizons and faults. We then define the zones between the horizons and the 

layers within each zone. We next construct a geocellular grid with dimensions of 25m  

25m  1m. In addition, we convert the hydraulic unit probability volumes into the 

reservoir geocellular framework. The derived probability cubes are then used as 

constraints to model hydraulic units and reservoir properties in three-dimension. Within 

each hydraulic unit, porosity and permeability value ranges are known a priori from the 

hydraulic unit definition/classification step. Therefore, the final porosity and permeability 

models will have the same distributions as obtained from the hydraulic unit analysis step. 

So we are able to simulate the petrophysical properties by use of geostatistical methods 

such as sequential Gaussian simulation (SGS) (Deutsch and Journel, 1992).  

Because of the limited number of wells and high quality of seismic data in our field data 

example, we use small correlation ranges in major and minor lateral directions. This is 

mainly due to the fact that, by using short distances for variogram ranges, the input 

seismic constraint (HU probability cubes, in this case) is respected in the lateral 

direction— in other words, the extent of the heterogeneities of the reservoir properties is 

no longer linked to the well-log-derived variogram (because it is uncertain in x- and y- 

directions due to the limited number of wells), but rather it is largely controlled by the 

input seismic constraint. In addition, for correlation ranges in vertical direction, we rely 

on the well-log-derived variogram model (because of the high vertical resolution of the 

well data). We also condition the simulation process with porosity and permeability 

profiles at well locations.  

Finally, we independently model porosity and permeability for each hydraulic unit over 

the 3D reservoir volume. We generate several stochastic realizations of the porosity and 

permeability to account for natural geological uncertainties. The porosity and 

permeability models, shown in Figures 5.17a and 5.17b, are the averages of an ensemble 

of realizations for porosity and permeability, respectively. These individual or averaged 
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realizations of porosity and permeability can be selected as the static reservoir model 

properties to initialize a subsequent history matching process. 

 

 

FIGURE 5.17: The average of a set of realizations for (a) porosity, and (b) permeability, 
produced from seismic derived hydraulic unit analysis. 
 

5.6.6 Dynamic datasets 

As discussed partially in chapter 4, following several years of field production, a number 

of reservoir dynamic datasets have been collected at Stybarrow field, including: pressure 

interference tests, chemical tracer injection, pressure transient analysis (PTA) and two 

seismic monitor surveys (Hurren et al. 2012). The dynamic datasets provide valuable 

information relating to the reservoir connectivities. To highlight the consistency of our 

seismic-derived hydraulic units with the dynamic datasets, we compare our results with 

the interpretations from pressure interference test, chemical tracers and the first monitor 

seismic survey. 
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Regarding pressure interference tests, pressure transients were initiated in injectors Sty-5 

and Sty-6 and were recorded in producers Sty-7H, Sty-10H and Sty-11H, and pressure 

transients initiated in Sty-9 were monitored in Sty-7H, Sty-8H, Sty-10H and Sty-11H 

(Figure 5.18a). Additionally, the injection of chemical tracers in Sty-9 were detected in 

Sty-7H, Sty-8H, Sty-10H, and chemical tracers from Sty-6 were monitored in Sty-10H 

and Sty-11H, and from Sty-6 were recorded in Sty-11H (Figure 5.18b). These two 

dynamic datasets indicate that the Stybarrow reservoir high quality sands (highly porous 

and permeable sands) behave as a well-connected system in the central and southern parts 

of the reservoir. This agrees with our results for the HU2 as demonstrated in Figures 

5.15b and 5.16a, and the overall trends in porosity and permeability models as clearly 

distinguishable in Figures 5.17a and b.  

 

  

FIGURE 5.18: (a) Pressure interference test time, and (b) chemical tracer travel time at 
Stybarrow Field (reproduced from Hurren et al. 2012). Note that Sty-5, 6 and 9 are 
injectors and Sty-7H, 8H, 10H, 11H and 12H are producers (source: Hurren et al. 2012).  

 

At the time of the first 4D seismic monitor survey (after a year of field production), 

producers Sty-7H, Sty-8H, Sty-10 H and Sty-11H and injectors Sty-5, Sty-6 and Sty-9 

had been in operation. The 4D Amplitude difference map (monitor minus baseline) in 
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Figure 5.19, shows clear 4D seismic responses related to changes in the reservoir fluid 

saturation and pressure due to production and/or injection (Hurren et al. 2012). The 

southern and central parts of the reservoir show acoustic hardening, meaning that there is 

an increase in water saturation due to water movements from injectors to producers. On 

the other hand, down dip from the injectors Sty-5 and Sty-6, reservoir pressure had 

increased but injected water had not yet replaced oil (since there was no producer in the 

northern part of the reservoir at the time of the first monitor survey), indicating pressure 

communication between highly porous and permeable reservoir sands of the northern area 

with the central and southern parts. This is also consistent with our modeled HU2 and its 

corresponding petrophysical properties (shown in Figures 5.15b, 5.16a, 5.17a and b).  
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FIGURE 5.19: 4D seismic amplitude difference map, blue corresponds to acoustic 
hardening and red relates to acoustic softening. The yellow-dashed oval shows an area of 
acoustic softening in the northern part of the field. Green symbols and pathways are 
producers and white symbols and lines are injectors.   

 

 

5.7 Conclusions 

A key challenge in static and dynamic reservoir modeling is the estimation of flow 

regimes within a 3D reservoir volume. Inaccurate porosity/permeability models and 

poorly defined flow regions may lead to inaccurate history matching and subsequent 

predictions of reservoir performance, with possible adverse impacts. In this study, we 

present a new methodology to combine hydraulic flow unit analysis with a set of seismic 

reservoir characterization techniques to produce probabilistic reservoir property models. 
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In our method, we use seismically derived probability cubes for hydraulic units to 

constrain the distribution of reservoir properties using stochastic simulation methods. 

Rock typing by hydraulic unit analysis is a practical method to classify the reservoir 

interval/zone into different fluid flow units at well locations. In our method, we take 

advantage of excellent spatial coverage of 3D seismic data to map hydraulic units over 

the full 3D volume of the reservoir. The use of 3D seismic data to model hydraulic units 

and their corresponding reservoir properties could be helpful to minimize the uncertainty 

in the geostatistical simulations of static and dynamic reservoir properties. In fact, it 

allows us to generate 3D non-stationary realizations of porosity and permeability 

consistent with measured flow units and associated reservoir properties. Our new method 

can therefore be used as an alternative technique to conventional workflows for reservoir 

modeling. Reservoir models created using our method, compared to current widely used 

workflows, may give similar static oil-in-place or net-pay results. However, our method 

generates reservoir models which are constrained by both 3D seismic data and hydraulic 

flow unit analysis, and therefore have the potential to improve the subsequent processes 

of reservoir characterization, fluid flow performance forecasting and production data or 

4D seismic history matching. A field application of our method on a producing oil 

reservoir is shown step-by-step. We have demonstrated the consistency of our results with 

the engineering interpretations of dynamic datasets such as pressure interference tests, 

chemical tracer injections and 4D seismic. 
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6 Conclusions and future research 
 

 

“Keep your dreams alive. Understand to 
achieve anything requires faith and belief in yourself, 
vision, hard work, determination, and dedication. 
Remember all things are possible for those who 
believe.” 
                                                             -    Gail Devers 

 

 

 

6.1 Summary of conclusions 

Generating an accurate reservoir model that is consistent with geological knowledge and 

pre-production seismic data is a fundamental step of reservoir characterization and fluid 

flow performance forecasting. Poorly defined reservoir models may lead to inaccurate 

history matching and subsequent predictions of reservoir performance, with possible 

adverse business impacts. Seismic data are often the only source of information measured 

away from the wells. We can take advantage of the excellent spatial coverage of 3D 

seismic data, and use it to constrain realizations of reservoir lithofacies and petrophysical 

property models. Throughout this thesis, we investigate, develop and apply innovative 

solutions and methods to incorporate seismic data in the reservoir characterization and model 

building processes. We also highlight the importance of simultaneous integration of 

various geological and geophysical data types in a reservoir modeling problem, which we 

achieve with multiple-objective optimization methods. 
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In chapter 2, we analyze the issues that have a significant impact on the (mis)match of 

the initial reservoir model with well logs and 3D seismic data. We use a geostatistical 

simulation technique to test four constraining methods for lithofacies modeling. Of the 

four, those that adopted seismic attribute litho-probability curves and seismic litho-

probability cubes are found to give the smallest misfit errors, even when realistic noise is 

introduced into the datasets. These methods perform well when there is a sufficiently 

large separation between the elastic properties of the different lithofacies. In addition, for 

a given seismic constraint, a variogram parameter analysis shows that reservoir lithofacies 

can be accurately modeled provided a small variogram range is used and the quality of 

seismic data is highly reliable. Moreover, we address two fundamental uncertainties in 

incorporation of deterministic seismic inversion results for modeling reservoir properties: 

limited seismic resolution, and non-unique overlap of elastic properties for different 

lithofacies types. As expected, increasing the overlap of the elastic properties of different 

lithofacies increases the uncertainty in the predicted net sand thickness, resulting in 

overestimation in areas of small net sand thickness, and underestimation in areas of large 

net sand thickness. Also, we have shown that if the elastic properties of the different 

lithofacies do not overlap, large net sand thicknesses are underestimated by a small 

amount. This trend is reversed as the overlap area increases. From this we conclude that 

the errors in the net sand prediction are biased, and that the bias increases with the degree 

of non-unique overlap of elastic properties. We have also demonstrated that errors in 

estimating the elastic rock properties increase if the sand thickness is smaller than the 

seismic vertical resolution, which in turn affects the degree to which the elastic properties 

overlap. As a result, sand thickness is considerably overestimated in areas of small net 

thickness. These new results have been presented at the 6th International Petroleum 

Technology Conference (IPTC) and at the 13th International Congress of the Brazilian 

Geophysical Society (SBGF). The full text of chapter 2 is in review for the journal 

Exploration Geophysics.  

 

In chapter 3, we present a multi-objective optimization approach using a stochastic search 

technique to address the subsurface geomodel estimation problem. It provides improved 

geomodel estimation by means of simultaneous incorporation of multiple datasets 

acquired by several different geological and/or geophysical techniques in the same area. 

We present an example of a 3D reservoir lithofacies modeling problem to validate the 

approach, obtaining a set of reservoir lithofacies models conditioned by prior geological 
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knowledge and base P- and S-wave impedances derived from pre-production seismic 

data. Qualitative and quantitative analyses of the results demonstrate an acceptable match 

between the best compromise geomodel solutions with respect to defined objectives and 

a true reference geomodel. A sensitivity analysis confirm that integrating problem-

specific knowledge into the generation of the initial population makes the procedure 

computationally more efficient and yields improved results. In particular, we demonstrate 

that incorporating seismic data into the lithofacies modeling process significantly 

improves the performance of our multi-objective geomodel optimization approach. The 

sensitivity of the geomodel solutions to the presence of different categories of seismic 

noise indicates that our approach produces acceptable solutions, even for noisy data. 

These new results have been presented at the 23rd ASEG-PESA International 

Conference. The full text of chapter 3 is in review for the Journal of Applied Geophysics.  

 

In chapter 4, we have introduced a new method for reservoir modeling and seismic data-

matching by combining geostatistical simulation and multi-objective optimization. It is 

used to improve static reservoir model estimation by simultaneously incorporating 

multiple datasets, including well logs, geological information and seismic data. We 

design a test case with a three-objective optimization problem in order to construct an 

object-oriented reservoir model. Qualitative and quantitative analysis of the results show 

an improved match between the estimated model solutions and the true reference model. 

Three-objective optimization models show great improvement over the single- and bi-

objective optimization models in terms of reducing the average misfit error and detecting 

potential connected flow units. We also apply our new multi-objective optimization 

method to improve reservoir models for an Australian oilfield by simultaneously 

incorporating seismic data, geological information and well logs acquired at the field. We 

obtain a set of optimal reservoir models that reproduce the seismic inversion volumes 

derived from pre-production 3D seismic data, geological knowledge and well log data. 

An analysis of the results shows that known connected flow units are better represented 

by our new reservoir modeling method. These new results have been presented at the 76th 

EAGE annual meeting, the 84th SEG annual meeting and at the 24th ASEG-PESA 

International Conference. The full text of chapter 4 is accepted to be published in the 

Journal GEOPHYSICS.   
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A key challenge in static and dynamic reservoir modeling is the estimation of flow 

regimes within a 3D reservoir volume. In chapter 5, we present a new methodology to 

combine hydraulic flow unit analysis with a set of seismic reservoir characterization 

techniques to produce probabilistic reservoir property models. In our method, we use 

seismically derived probability cubes for hydraulic units to constrain the distribution of 

reservoir properties using stochastic simulation methods. Rock typing by hydraulic unit 

analysis is a practical method to classify the reservoir interval/zone into different fluid 

flow units at well locations. In our method, we take advantage of excellent spatial 

coverage of 3D seismic data to map hydraulic units over the full 3D volume of the 

reservoir. The use of 3D seismic data to model hydraulic units and their corresponding 

reservoir properties could be helpful to minimize the uncertainty in the geostatistical 

simulations of static and dynamic reservoir properties. In fact, it allows us to generate 3D 

non-stationary realizations of porosity and permeability consistent with measured flow 

units and associated reservoir properties. The new method can also be used to update 

conventionally generated reservoir models. Reservoir models created using our new 

method, compared to traditional methods, may give similar static oil-in-place or net-pay 

results. However, our new method should, at minimum, improve dynamic reservoir 

property estimates such as flow connectivity and flow performance, which we plan to 

demonstrate in future work.  A field application of the new method on a producing oil 

reservoir is shown step-by-step. The results of our case study indicate that accurate 

reservoir models can be obtained using our new method. Evidence from dynamic 

production data collected at Stybarrow such as interference tests and 4D seismic indicates 

that the connected flow units and corresponding petrophysical properties are better 

modeled using our new methodology. These new results have been presented at the SPE 

Asia Pacific Oil and Gas Conference (AOPGC 2014) and at the 24th ASEG-PESA 

International Conference. The full text of chapter 5 is in review for the Journal SPE 

Reservoir Engineering and Evaluation. 

 

6.2 Future research 

 Hydrodynamic flow simulation and history matching  

To further highlight the validity of our newly developed methods for creating reservoir 

property models that optimally match the geological, geophysical and engineering data 

(discussed in chapters 4 and 5), it might be helpful to perform a fluid flow simulation and 
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history matching of our field data example (Stybarrow Field). This can be performed by 

initializing the history matching process with our generated lithofacies, porosity and 

permeability models, and evaluating the match of the dynamic reservoir fluid flow 

behavior to both historical production and time-lapse 4D seismic datasets. 

 

 Additional parameterization techniques 

We can extend our multi-objective reservoir model optimization method (discussed in 

chapters 3 and 4) to take advantage of some parameterization techniques such as pilot-

block method, pilot-point method, GDM (gradual deformation method) or probability 

perturbation method. These parameterization methods reduce the number of model 

parameters (and hence reduce the computational time), and might be helpful in preserving 

the spatial variability of the reservoir properties. However, these parametrization 

techniques should be cautiously applied in order to minimize the risk of generating biased 

or non-physical results.  

 

 Extending the multi-objective optimization method to the 4D seismic history 
matching problem 

The multi-objective optimization method discussed in this thesis (chapters 3 and 4) can 

intuitively be extended to the 4D seismic history matching problem. The majority of 

applications of multi-objective optimization in history matching are limited to matching 

the fluid-flow production data only. For example, by defining one objective function for 

the match of the measured and simulated production water-cut data, and another parallel 

objective function for the match of the measured and simulated oil volume rates, and then 

trying to find the best trade-off reservoir models for these production data-based objective 

functions. On the other hand, a joint quantitative matching of fluid production and 4D 

seismic data consists of minimizing a global objective function which is a combination 

of two terms: a first term for the fit between flow-simulated and measured production 

fluid-flow data, and a second term for the match between the real (observed) and synthetic 

(simulated) seismic data.  It would be an interesting research area to extend multi-

objective optimization to the 4D seismic history matching problem in such a way that one 

(or more) objective functions can be defined for the match of the measured and simulated 

historical production data, and another one (or more) objective functions to be defined for 
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the fit of the observed and simulated time-lapse seismic data. Then the multi-objective 

optimization technique could be used to find the best compromise reservoir model 

solutions that simultaneously honor both the fluid-flow production and time-lapse seismic 

datasets.  
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Appendix-1:  
2D/3D/4D seismic fundamentals 
 

The main objective of seismic exploration is to provide an accurate representation of 

subsurface geological features. Seismic reflection data is typically acquired by transmitting 

energy into the specific portion of the Earth and recording the reflected energy from the 

subsurface geological boundaries (Figure A.1). When processed, this data produces 

images that effectively evaluate the potential targets. Two-way travel times and amplitudes, 

or any other attributes, of the reflected energy can also be used to derive useful 

information about subsurface geological features and their properties. 

 

 

 

 

 

 

 

FIGURE A.1: Seismic reflection data are typically acquired by transmitting energy into 
the Earth, and recording the reflected energy from subsurface geological boundaries. 

 

2D and 3D seismic  

Seismic surveys conventionally involve two-dimensional (2D), and three-dimensional 

(3D) surveys. Two-dimensional seismic data is typically acquired along a single seismic 

recording line; therefore it is displayed as a single vertical cross-section through the 

subsurface (e.g., Figure A.2a). The nearest seismic recording line may typically be 

kilometers away. Two-dimensional seismic data is generally used for regional or large-area 

assessments, and provides information about the location and orientation of subsurface 

geological features (Sheriff and Geldart 1995). The critical problems with 2D seismic 

surveys are: (i) coverage problem: 2D seismic data only covers thin cross-sections of the 
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subsurface; and (ii) sideswipe or off-line reflection problem: 2D seismic cannot distinguish 

features which are not in the plane of the 2D seismic section (e.g., Onajite 2013).  

Three-dimensional seismic surveys solve both the coverage and the sideswipe problems 

(Yilmaz 2001). They are typically designed with multiple source and receiver lines to 

enable the acquisition of large volumes of seismic data. In other words, 3D surveys use 

closely spaced grids of shot lines such that the data is acquired at the surface over an area 

on which several seismic recording lines are located; the interpreted data is displayed as 

a 3D volume or cube which may then be sliced into multiple cross-sections (e.g., Figure 

A.2b). Three-dimensional seismic intuitively provides a more precise and spatially 

continuous image of the subsurface geological structure. 

FIGURE A.2: (a) A 2D post-stack seismic section; (b) A 3D seismic visualization along 
an in-line, an x-line and a time slice. 

 

Seismic attribute: A seismic attribute is a quantity derived from 2D or 3D seismic data 

that can be analyzed in order to extract or enhance information that might not otherwise 

be visible in the seismic images, leading to a better geophysical or geological 

interpretation of the seismic data (Chopra and Marfurt 2005). Time, frequency and 

amplitude are examples of seismic attributes. 

Seismic inversion: Transformation of seismic reflection data into subsurface physical 

properties such as elastic parameters is called seismic inversion (Tarantola 2005). There 

are two classes of seismic inversion techniques (Kemper 2010): (i) deterministic 

inversion, which gives one single realization of the physical properties of the rock (e.g., 

P-wave impedance); (ii) stochastic inversion, which generates multiple equiprobable 
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realizations of the subsurface physical properties of the rock. Colored inversion 

(Lancaster and Whitcombe 2000), sparse-spike inversion (Debeye and Riel 1990) and 

simultaneous elastic inversion (Fatti et al. 1994; Hampson et al. 2005) are common 

examples of deterministic seismic inversion techniques. Geostatistical inversion (Haas 

and Dubrule 1994), and Bayesian inversion (Gunning and Glinsky 2004) are two main 

types of stochastic seismic inversion.  

 

4D seismic  

Four-dimensional seismic data is a series of 3D seismic datasets acquired over a 

producing reservoir in a calendar time period. It is used for imaging fluid movements, 

fluid contacts, monitoring flow paths and barriers, locating bypassed oil, placing new 

wells, identifying sealing faults, and mapping pressure compartmentalization and heat 

effects (Lumley 1995; Lumley 2001; Calvert 2005; Johnston 2013). In general, there are 

two categories of reservoir properties which affect 3D seismic images: (i) time-

independent geological properties such as lithology and porosity, and (ii) time-varying 

fluid-flow properties such as fluid saturation and pore pressure. The difference between 

two consecutive 3D seismic survey images approximately cancels out the static properties 

(since, in effect, these do not change in that period of time); thus the resulting image 

difference is caused only by dynamic property changes (Lumley and Behrens 1998).  

Figure A.4 is a schematic outline of the physical principle of time-lapse seismic reservoir 

monitoring. If survey-1 data is acquired before production or injection in an oil and gas 

field, and survey-2 data is acquired afterwards, then production/injection has resulted in 

changes to the reservoir fluid saturations and pressures (e.g., Figure A.3), and hence to 

the seismic compressional and shear wave velocities and density; ideally no change has 

occurred in the upper and lower bounding formations during this time. Changes in the 

elastic properties of the reservoir interval may then be inferred from the observed changes 

in the timing and amplitude of the seismic traces of monitor survey (δt and δA). Thus each 

subsequent time-lapse seismic survey captures a new snapshot of the changes that have 

occurred in the reservoir in a given production time period. This simplified description 

explains how 4D seismic surveys help to identify the production-induced changes. 
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FIGURE A.4: The physical principle of time-lapse seismic reservoir monitoring. 
Production or injection results in changes in P- and S-wave velocities and density, which 
appear as changes in amplitude and timing in the monitor seismic survey (adapted from 
Calvert 2005). 
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FIGURE A.3: Schematic map of the reservoir pressure (a) before and (b) 
after production. Green circles are the producer locations. 
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Appendix-2:  
Role of seismic in the life cycle of a hydrocarbon field 
 

Figure A.5 shows the key stages in the life cycle of a hydrocarbon field. Successful 

application of seismic methods during each stage of the life cycle minimizes the 

associated costs, and also reduces the risks and uncertainties, as field moves to the next 

stage.  

 

FIGURE A.5: Key stages in the life cycle of a hydrocarbon field. 

 

In the exploration and appraisal stages, seismic data provides a reliable source of 

information for defining, evaluating and characterizing a reservoir. Seismic data might be 

used for identifying the shape, structure and volume of a reservoir, determining the 

vertical and lateral extent of the hydrocarbon accumulation and, when coupled with well 

data, recognizing the reservoir thickness and fluid-flow limits. In addition, seismic data 

along with exploration and appraisal borehole data may contribute to the evaluation of 

the commercial value of the field, and decrease the associated risks to the development 

stage of a field’s life cycle (e.g., Neidell and Beard 1984; Nestvold 1987; Davies 2004; 

Cipolla et al. 2010).     
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The primary goals of the development stage are to determine the depletion mechanism, 

select producer/injector well locations and define drilling strategy. Three-dimensional 

seismic data, because it gives a high spatial coverage than well data, provides excellent 

information on the spatial distribution of the reservoir properties and contributes to 

improved estimations of reservoir lithology and petrophysical properties, mapping fluid 

contacts, analysis of reservoir fracture distribution, and so on; all of these are essential 

information for improving field development planning (e.g., Lippmann et al. 1984; De 

Buyl 1989; Johnston 2013).  

The ultimate objective of the production stage is to enhance hydrocarbon recovery, 

maximize efficiency and minimize associated costs. Time-lapse 4D seismic data is an 

adjunct to conventional reservoir surveillance techniques and often reduces the 

uncertainties associated with reservoir monitoring and performance forecasting, thereby 

contributing to optimized recovery and profitability (e.g., Lumley and Behrens 1998; 

Staples et al. 2002; Guderian et al. 2003; Huseby et al. 2008). 
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Appendix-3:  
Seismic-constrained static reservoir modeling 
 

A typical workflow for constructing a seismically constrained static reservoir model is 

summarized in Figure A.6. It consists of three main stages: data preparation, reservoir 

property modeling, and seismic matching loop. Details of each step are described below.  

Data preparation: This is the first stage in the workflow; all the required input data, 

including the geology, geophysics, petrophysics, rock physics and engineering data, is 

transferred to a common framework. A 3D structural framework for the model in the 

depth domain is constructed; this requires the interpreted horizons and faults to be 

converted from time to depth, using an accurate velocity model derived from seismic 

velocities and calibrated to well logs. The zones between the horizons and the layers 

within each zone are defined. In addition, the cubes of the depth-converted seismic 

inverted attributes (if available) should be rescaled to the reservoir model grid size. 

Typically, multiple log datasets are available at some wells: measured depth, true vertical 

depth, lithology, porosity, resistivity and so on, which also need to be rescaled to fit the 

cellular framework of the model. If core measurements, well test analysis (e.g., pressure 

transient) and other static and dynamic datasets are also available, they should be rescaled 

appropriately. 

Reservoir property modeling: The second stage in the workflow is reservoir property 

modeling. This is usually carried out in a geostatistical framework and is based on two 

sequential steps: 

First, reservoir lithofacies/flow units are drawn from the input data. There are two main 

classes of geostatistical technique for lithofacies modeling: object-based and pixel-based. 

Pixel-based methods offer more effective (or natural) ways of incorporating seismic data 

into a reservoir lithofacies model. Lithofacies modeling using a Bayesian classification 

technique is an example of a pixel-based simulation (Avseth et al. 2005; Coulon et al. 

2006). In this thesis, we use a Bayesian classification technique to estimate hydraulic 

flow unit probability cubes calculated point-by-point from the inverted seismic attributes, 

in order to improve reservoir connectivity estimation and the property modeling 
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processes (Emami Niri and Lumley 2015a). Other seismic-constrained lithofacies 

modeling techniques are sequential indicator simulation (SIS) with seismic constraints 

(e.g., Pyrcz 2002); the truncated Gaussian simulation (TGS) method (e.g., Doligez et al. 

2007); and pluri-Gaussian simulation (PGS) (Chilès and Delfiner 1999). 

Second, petrophysical properties such as porosity and net to gross are simulated facies-

by-facies by utilizing some other class of geostatistical methods, such as sequential 

Gaussian simulation (SGS) (Deutsch and Journel 1992). In practice, SGS coupled with 

collocated cokriging is widely used, in the sense that a seismic attribute such as 

impedance is used as a secondary variable in the cokriging part of the SGS (Caers 2005; 

Doyen 2007). 

FIGURE A.6: A typical workflow for seismic-constrained static reservoir modeling. 

 

Seismic matching loop: The main objective of the seismic matching loop is to update 

the reservoir models to replicate the real seismic data as closely as possible. A key step 

in a successful seismic matching loop is the definition of an accurate (deterministic or 

statistical) petro-elastic model (e.g., Emami Niri and Lumley 2015b) that enables the 

reservoir properties to be inferred from the seismic data, and vice versa. In the workflow, 

the seismic response of the reservoir models is iteratively determined using a well-
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designed petro-elastic model, and then compared with the real seismic data to evaluate 

the match. Any resulting discrepancy is then used to guide the updating process of the 

reservoir models. As shown in Figure A.6, the seismic matching loop can be performed 

at different levels: level 1, the seismic time domain (e.g., Bornard et al. 2005); and level 

2, the elastic depth domain (e.g., Ravalec-Dupin et al. 2011; Emami Niri and Lumley 

2015c). 
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Appendix-4:  
Challenges in 4D seismic data incorporation in dynamic 

reservoir modeling 
 

Integrating time-lapse 4D seismic data into the reservoir modeling and history matching 

processes poses a significant challenge due to the frequent mismatch between the initial 

reservoir model, the reservoir geology, and the pre-production seismic data. It is essential 

that synthetic 3D seismic data modeled from the initial static reservoir model closely 

match the real baseline 3D seismic data. Without such initial 3D seismic match, risks are 

introduced into the subsequent use of 4D seismic datasets to update reservoir simulation 

models (Lumley and Behrens 1998; Le Ravalec-Dupin et al. 2011). This issue is one of 

the key motivations of the research presented in this thesis, whose objective is to generate 

a set of reservoir models that best match static data (well logs, geology and pre-production 

seismic data) to better initialize and accelerate production data history matching and 4D 

seismic analysis. 

Many other challenges are posed by quantitative incorporation of 4D seismic data into 

the reservoir dynamic flow modeling process; for instance: 

     Determining which type of seismic data is the most suitable for comparison, and 

at what level it can be best incorporated into the history matching process 

(Fahimuddin et al. 2010): According to Figure A.7, the joint seismic history matching 

problem can be performed at any one of three different levels (Waggoner 2001): Level 1: 

Amplitude level, in which the seismic amplitude or waveform data (forward-modeled 

from flow simulator outputs using a petro-elastic model and wavelet convolution) is 

compared with real 4D amplitudes or waveforms (e.g., Huang et al. 1997; Landa and 

Kumar 2011). Level 2: Impedance level, in which the elastic impedances (forward-

modeled from a flow simulator using a petro-elastic model) are compared with inverted 

seismic impedance values (e.g., Gosselin et al. 2004; Dong and Oliver 2008). Level 3: 

Pressure or saturation level, in which flow simulator outputs are directly compared with 

saturation and pressure values computed from the seismic inversion by using a petro-

elastic model (e.g., Landa and Horne 1997).  
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     Weighting misfits: Since reservoir production and 4D seismic datasets each have a 

different sample density and accuracy, weighting the corresponding misfits in the global 

objective function is a challenging issue. 

     Data calibration: Usually, the observed time-lapse seismic attributes are derived as a 

relative property, and therefore they require calibration to be compared with reservoir 

properties. 

    Scaling issues: Observed data and simulated outputs have different scales; consequently, 

scaling either down or up is compulsory for a correct comparison. 

  Discrepancy in optimum parameters suggested by 4D seismic compared to 

production data: This can be related to calibration or rescaling, or to the seismic 

modeling process itself (Stephen 2013).  

Amplitude 

Impedance 

Saturation & 

Pressure 

Forward modelling  

Forward modelling 

Amplitude 

Impedance 

Saturation & 

Pressure 

Inversion 

Inversion 

ϵ 

ϵ 

 

SEISMIC DATA 

Production DATA 

Fluid flow 

simulation 

Level 1 

Level 2 

Level 3 

FIGURE A.7: Joint seismic history matching can be performed at three 
different levels: Amplitude, impedance or pressure/saturation. 

 



Appendices  

180 
 

References 

Dong, Y. and D. S. Oliver, 2008, Reservoir simulation model updates via automatic history 
matching with integration of seismic impedance change and production data: 
International Petroleum Technology Conference, IPTC-12550-MS. 

Fahimuddin, A., S. Aanonsen, and J.-A. Skjervheim, 2010, Ensemble based 4D seismic history 
matching–integration of different levels and types of seismic data: SPE Europe/EAGE 
Annual Conference and Exhibition, SPE-131453-MS. 

Gosselin, O., S. Aanonsen, I. Aavatsmark, A. Cominelli, R. Gonard, M. Kolasinski, F. Ferdinandi, 
L. Kovacic, and K. Neylon, 2004, History matching using time-lapse seismic: Journal of 
Petroleum Technology, 56, no. 4, 66-67. 

Huang, X., L. Meister, and R. Workman, 1997, Reservoir characterization by integration of time-
lapse seismic and production data: SPE Annual Technical Conference and Exhibition, 
Society of Petroleum Engineers, SPE-38695-MS. 

Landa, J. L. and R. N. Horne, 1997, A procedure to integrate well test data, reservoir performance 
history and 4-D seismic information into a reservoir description: SPE Annual Technical 
Conference and Exhibition, Society of Petroleum Engineers, SPE-38653-MS.  

Landa, J. L. and D. Kumar, 2011, Joint inversion of 4D seismic and production data: SPE Annual 
Technical Conference and Exhibition, Society of Petroleum Engineers, SPE-146771-MS. 

Lumley, D. and R. Behrens, 1998, Practical issues of 4D seismic reservoir monitoring: What an 
engineer needs to know: SPE Reservoir Evaluation and Engineering, 1, no. 06, 528-538. 

Ravalec-Dupin, L., G. Enchery, A. Baroni, and S. Da Veiga, 2011, Preselection of reservoir 
models from a geostatistics-based petrophysical seismic inversion: SPE Reservoir 
Evaluation and Engineering, 14, no. 05, 612-620. 

Stephen, K. D., 2013, Seismic history matching with saturation indicators combined with multiple 
objective function optimization: SPE Europe/EAGE Annual Conference and Exhibition, 
SPE-164857-MS. 

Waggoner, J., 2001, Integrating Time-Lapse 3D (4D) seismic data with reservoir simulators: 63rd 
EAGE Conference and Exhibition, Extended Abstracts. 

 


	Abstract
	Acknowledgments
	Publications and statement of candidate contribution
	1 Introduction
	1.1 Research objective
	1.2 Background and motivation
	1.2.1 Why do reservoir modeling?
	1.2.1.1 Static reservoir modeling
	1.2.1.2 Dynamic reservoir modeling

	1.2.2 Reservoir modeling and data integration
	1.2.3 Seismic data incorporation in static reservoir modeling
	1.2.4 Seismic data incorporation in dynamic reservoir modeling
	1.2.5 Challenges in seismic data incorporation into reservoir models
	1.2.6 Reservoir modeling and joint inversion

	1.3 Approach - chapter descriptions

	2 Initializing reservoir models for history matching using pre-production 3D seismic data – constraining methods and uncertainties
	2.1 Abstract
	2.2 Introduction
	2.3 Test model
	2.4 Constraining methods in geostatistical lithofacies modeling
	2.4.1 Lithofacies modeling results

	2.5 Uncertainty analysis
	2.5.1 Discussion of uncertainties

	2.6 Conclusions
	2.7 Appendix A: Petro-elastic model

	3 Estimation of subsurface geomodels by multi-objective stochastic optimization method
	3.1   Abstract
	3.2 Introduction
	3.3 Theory
	3.3.1 Multi-objective optimization
	3.3.2 Evolutionary Algorithms
	3.3.3 Multi-objective evolutionary algorithms

	3.4  Multi-objective optimization for geomodel estimation
	3.5 Experiment
	3.5.1 Test model
	3.5.2 Optimization
	3.5.3 Sensitivity to optimization parameters
	3.5.3.1 Initial Population
	3.5.3.2 Population size
	3.5.3.3 Crossover and mutation fractions


	3.6  Results and discussions
	3.7 Conclusions
	3.8 Appendix A: Rock physics modeling

	4 Simultaneous optimization of multiple objective functions for reservoir modeling
	4.1 Abstract
	4.2 Introduction
	4.3 Theory
	4.3.1 Multi-Objective Optimization Problem
	4.3.2 Multi-Objective Evolutionary Algorithm

	4.4 Problem formulation
	4.4.1 Workflow
	4.4.2 Objective Functions
	4.4.2.1 Objective function-1 (seismic term)
	4.4.2.2 Objective function-2 (well log term)
	4.4.2.3 Objective function-3 (geology term)


	4.5 Proof of concept on a test model
	4.5.1 3D Test Model
	4.5.2 Geostatistical Initialized Models
	4.5.3 Analysis of Results
	4.5.3.1 Lithofacies modeling
	4.5.3.2 Porosity modeling


	4.6 Field data example
	4.6.1 Stybarrow Field Description
	4.6.2 Lithofacies Classification
	4.6.3 Petro-elastic Analysis
	4.6.4 Seismic Inversion
	4.6.5 Application
	4.6.5.1 Starting models
	4.6.5.2 Objective functions
	4.6.5.3 Results and discussion


	4.7 Conclusions

	5 Probabilistic reservoir property modeling jointly constrained by 3D seismic data and hydraulic unit analysis
	5.1 Abstract
	5.2 Introduction
	5.3 Hydraulic unit analysis
	5.4 Bayesian classification of hydraulic units
	5.5 Methodology
	5.6 Field Application
	5.6.1 Static-based hydraulic unit analysis
	5.6.2 Rock physics analysis
	5.6.3 Seismic inversion
	5.6.4 Seismic driven probabilistic classification of hydraulic units
	5.6.5 Geostatistical simulations of reservoir porosity and permeability
	5.6.6 Dynamic datasets

	5.7 Conclusions

	6 Conclusions and future research
	6.1 Summary of conclusions
	6.2 Future research

	Appendix-1:
	2D/3D/4D seismic fundamentals
	Appendix-2:
	Role of seismic in the life cycle of a hydrocarbon field
	Appendix-3:
	Seismic-constrained static reservoir modeling
	Appendix-4:
	Challenges in 4D seismic data incorporation in dynamic reservoir modeling

