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ABSTRACT 

Carbonate reservoirs hold more than 60% of the world's oil and 40% of the world's gas 

reserves. These reservoirs are characterised by geological heterogeneity, petrophysical 

complexity, presence of naturally fractures, and mixed wettability, all of which contribute 

to significant uncertainty in volumetric estimation and fluid flow behaviour within the 

reservoir. 

In this thesis, a comprehensive 3D multiple deterministic scenario workflow was applied 

to compare and contrast how modelling decisions and geological uncertainties influence 

this reservoir's volumetric estimates and flow behaviour. Specifically, the uncertainties 

associated with the presence of fractures, the approach to reservoir rock type, and the 

modelling of the initial hydrocarbon distribution were examined. This workflow was 

applied to one of the giant complex carbonate reservoirs known to be fractured with a 

thick transition zone in the Middle East. The most significant findings of this work 

demonstrate that even minor changes in modelling decisions and reservoir rock typing 

have a substantial effect on the saturation model, resulting in up to a 28% change in 

STOIIP estimates, which may potentially mask the effect of other geological 

uncertainties. These models were validated using repeated and randomised blind tests. 

Such uncertainties must be carried forward in future reservoir management decisions and 

when estimating reserves. Additionally, some of these reservoir models led to 

significantly improved history match, especially for wells located in the transition zone 

of the reservoir. The best history matches were obtained once sparse, fault-controlled 

fractures were included in the reservoir model, using effective medium theory. The 

presence of fractures specifically improved the history matching quality for wells located 

close to the faults; these wells were very difficult to match in the past as fractures were 

not considered by the operator. 

This thesis demonstrates that a multi-deterministic scenario workflow is key to exploring 

the appropriate range of geological uncertainties and that, equally importantly, the impact 

of different modelling decisions (i.e., interpretation of the top structure, geostatistical 

parameters, reservoir rock type approach, saturation approach, and presence of fracture) 

must be accounted for when quantifying uncertainty during reservoir modelling. This is 

particularly applicable to giant carbonate reservoirs, where relatively minor changes in 



the workflow and data interpretation influence reserve estimates and subsequent history 

matching and forecasts. 
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Chapter 1 – INTRODUCTION 

The production of oil and gas continues to play a major role in the global economy, 

despite ongoing and much needed efforts to reduce the world’s dependency on fossil fuels 

and develop alternative green energy sources. According to the latest IEA World Energy 

Outlook 2021 (International Energy Agency, 2021), even if all countries that have 

previously committed to reducing greenhouse gas emissions adhere to their announced 

pledges on time, oil production will continue to grow slightly until 2030 (Figure 1-1). 

However, fulfilling these commitments in full and on time cannot be guaranteed. As a 

result, the IEA has introduced a new scenario known simply as "stated policies". The third 

IEA scenario, net zero emissions by 2050, is a normative scenario that would require 

massive investment and is hence not feasible. It should also be noted that the continued 

use of fossil fuels is possible if the corresponding CO2 emissions during production and 

consumption can be offset, for example during Carbon Capture Utilisation and Storage 

(CCUS). 

 

 

Figure 1-1. Forecasts for oil demand until 2030. Taken from the International Energy 

Agency (2021) 

 

Additionally, the World Energy Outlook 2021 report projects oil demand beyond 2030 

(Figure 1-2). Based on the stated policy scenarios, oil demand will remain mainly stable 

between 2030 and 2050. However, under the announced pledge scenario, oil demand will 
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have decreased by 10% from its current level in 2020 by 2050. Nonetheless, analyses 

show that in both scenarios the Middle East’s share of oil supply will increase by 2050 

from its current level in 2020. It is worth pointing out that other analyses, e.g. the BP 

World Energy Outlook (BP, 2020), come to very similar conclusions. 

 

Figure 1-2. Forecasts for oil demand by sector (left) and supply by region (right) 

between 2030 and 2050 for the three scenarios depicted in Figure 1-1. STEPS stands for 

stated policy scenarios, APS stands for announced pledge scenarios, and NZE stands for 

net zero scenario. Taken from the International Energy Agency (2021). 

 

To fulfil the global need for oil production, additional investment in the petroleum sector 

is necessary, including exploration, reservoir management for existing fields, and new 

technologies to enhance oil recovery, especially those that enable CCUS. 

The Middle East is the world's largest oil producer, accounting for 32% of global oil 

production, according to the OPEC Annual Statistical Bulletin (2021). In terms of 

reserves, Middle Eastern reservoirs hold the world's largest proven crude oil reserves 

(Figure 1-3), with 70% of them contained in carbonate reservoirs (Montaron, 2008).  
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Figure 1-3. World’s proven crude oil reserves by region in 2020. Taken from the OPEC 

Annual Statistical Bulletin (2021). 

 

A significant percentage of these oil reserves are contained in giant carbonate reservoirs, 

which have an average recovery factor of 30 to 35% (Sheng, 2013). However, such 

reservoirs are often geologically complex in terms of sedimentology, diagenesis, and 

structural deformation and hence can exhibit substantial variations in reservoir properties 

within a scale of a few metres (e.g., Choquett and Pray, 1970; Hollis et al., 2010; 

Burchette, 2012; Agar and Hampson 2014; Chandra et al., 2015). Additionally, these 

Middle Eastern reservoirs are known for their mixed wettability and frequently have large 

transition zones that can reach up to 100 metres in height in some low permeability 

reservoirs (Masalmeh, 2000; Harrison and Jing, 2001). The initial oil saturation and 

wettability can exhibit very strong spatial variations in the transition zone, which not only 

cause great uncertainties in oil-in-place estimates but also impact reservoir development 

and management decisions, especially if CCUS schemes such as water-alternating-gas 

(WAG) injection are planned.  

 

Furthermore, carbonate reservoirs often contain fractures. The flow behaviour of a 

fractured reservoir is generally more complex than that of an unfractured reservoir 

because fractures can enhance permeability, leading to bypassing of oil and possibly 

super-conductivity channels, all of which cause early water/gas breakthrough and low 

recovery factors as well as suboptimal WAG performance during CCUS (Nelson, 2001; 

Bourbiaux et al., 2002; Agada et al., 2016). Therefore, understanding and modelling the 

distribution and associated uncertainties of the petrophysical properties of these 

Middle EastLatin America

Africa

Russia

North America

Asia and Pacific
Other Europe
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reservoirs, including the transition zones, is crucial for reliable STOIIP estimation, well 

planning, and forecasting reservoir performance. 

 

However, when dealing with geological uncertainties it is common practice in reservoir 

modelling to generate a single base-case model to support and justify subsequent, and 

often predetermined, decision-making processes. This approach has been referred to as 

"modelling for comfort" (Bentley, 2016), and is contrary to the fundamental idea of using 

reservoir modelling to challenge our understanding of the reservoir by assessing different 

potential geological and development scenarios. This base-case model is frequently used 

as the starting point for generating high- and low-case end member models, as well as for 

possibly introducing multiple models between end members using multiple stochastic 

realisations. However, various (human) factors (e.g., interpretational biases arising from 

prior experience) can further bias the base case, leading to inadequate assessments of 

geological uncertainty and economic risks, as well as missed opportunities (Rankey and 

Mitchell, 2003; Baddeley et al., 2004; Bond et al., 2007; Bentley and Smith, 2008).  

 

An alternative workflow that aims to limit the impact of bias in reservoir modelling and 

explore a more realistic range of geological uncertainties is to consider multiple 

deterministic scenarios. The fundamental idea of a multiple deterministic scenario 

workflow is to challenge our understanding of the reservoir by generating an ensemble of 

geological models that can be used to assess the impact of uncertainty in the imperfect 

input data (Ringrose and Bentley, 2021).Hence different geological scenarios are 

explored which consider, for example, different interpretations of the same geological 

and petrophysical data, different modelling approaches, such as the decision which 

reservoir rock typing method to apply, or which probabilistic algorithm to use when 

modelling the spatial distribution of petrophysical properties.  

 

In the context of using multiple deterministic scenarios to quantify the impact of 

geological uncertainties, reservoir rock typing (RRT) schemes constitute a key concept 

that needs to be included. RRT comprises an essential element for any reservoir modelling 

workflow because it is used to propagate the variability of petrophysical properties 

beyond wellbores and impacts volumetric estimates and the predicted dynamic behaviour 

of the reservoir (Lucia, 1983; Amaefule et al. 1993). RRT can be defined as a way of 

categorising and grouping rocks with similar geological or/and petrophysical or/and 

dynamic characteristics. RRT for carbonate reservoirs is particularly challenging because 
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petrophysical properties are not only controlled by the depositional sedimentary fabric 

but also diagenetic and structural overprints that cross depositional facies boundaries 

(Gomes et al., 2008; Lalanne and Rebelle, 2014; Chandra, Barnett, et al., 2015; Skalinski 

and Kenter, 2015). 

 

The modelling of initial fluid saturation distribution is inextricably linked to RRT because 

RRT allows the assignment of a saturation height function for each rock type, which 

influences the 3D saturation model. The technique by which initial fluid saturations are 

modelled ultimately impacts oil-in-place estimates and the dynamic behaviour of the 

reservoir model.  

 

1.1 OBJECTIVES AND STRUCTURE OF THE THESIS  

This PhD thesis aims to implement, test, and apply a multiple deterministic scenario 

workflow to compare and contrast how modelling decisions and geological uncertainties 

influence the volumetric estimates in a real giant carbonate reservoir that contains a large 

transition zone and low permeability.  Multi-deterministic scenario workflows enable us 

to generate a wide range of possible geological scenarios instead of anchoring a model 

on a single base case and merely expressing key uncertainties through a limited sensitivity 

study (Ringrose and Bentley, 2021).  

 

The resulting uncertainties from these workflows (including the interpretational 

uncertainties with respect to the input data) must be captured and considered at any step 

of the field development, from primary depletion to enhanced oil recovery and CCUS 

approaches late in field life. The following is just one example of how different reservoir 

rock-typing workflows impact decision making: oil in place estimates for the field 

considered in this PhD thesis change by more than 28% (equivalent to a newly discovered 

field in a mature basin such as the North Sea) just by changing the rock-typing workflow 

but keeping all other parameters constant. 

 

Considering the uncertainties and inherent advantages and disadvantages of the different 

RRT and saturation modelling approaches, the aim of this study is to evaluate and 

quantify the impact of different RRT and saturation modelling decisions in a multi-

deterministic scenario workflow when estimating hydrocarbons in place and reservoir 

connectivity. It is hypothesised that the choice of the RRT scheme and saturation 
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modelling approach is a major source of uncertainty when calculating fluid volumes and 

ultimately influences preferential flow paths and hence reservoir dynamics in giant 

carbonate reservoirs. More specifically, this study analyses whether the choice of RRT 

and saturation modelling methods could mask other geological uncertainties in carbonate 

reservoirs with extensive transition zones. Therefore, the reservoir modelling workflow 

applied combines multiple deterministic scenarios and multiple stochastic realisations in 

a tight and giant carbonate reservoir from the Middle East with the specific objectives to: 

 

• Evaluate the impact on STOIIP estimates when using multiple deterministic 

scenarios compared to multiple stochastic realisations. 

• Explore how RRT and petrophysical modelling approaches alter the permeability 

model and reservoir connectivity. 

• Investigate how different saturation modelling methods impact the initial 

hydrocarbon distribution, particularly in the transition zone. 

• Demonstrate that this workflow can be used effectively to estimate the effective 

permeability of the matrix in combination with the fracture for a variety of matrix 

permeabilities and fracture properties by employing the effective medium theory 

(Sævik et al., 2013, 2014; Wong, F. Doster, et al., 2018) to capture low intensity 

fractures in the vicinity of faults, instead of using arbitrary permeability 

multipliers to improve the quality of the history match. 

To the best of my knowledge, this is the first time the effective medium theory workflow 

has been applied to a real giant carbonate reservoir in conjunction with a variety of 

reservoir rock types and different saturation modelling approaches. 

 

This thesis consists of seven chapters. The following is a brief summary of each 

chapter: 

 

• Chapter 1 is the current chapter. It provides a brief overview of carbonate reservoirs 

and highlights the importance of the Naturally Fractured Reservoirs (NFR), and it also 

explains the importance of the RRT and saturation height functions for carbonate 

reservoirs. The research objectives are then described in detail. 

• Chapter 2 provides a comprehensive review of the essential reservoir modelling 

workflows and their associated uncertainties. This chapter also reviews various 

reservoir rock typing approaches as well as different saturation height function 

methods. In addition, the chapter presents an overview of fractures in carbonate 

reservoirs and discusses how fracture networks can be integrated and upscaled into 
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reservoir models. Finally, there is a discussion of how to handle modelling uncertainty 

in carbonate reservoirs using multiple modelling workflows. 

• Chapter 3 presents a geological overview of Field X before going into the details of 

the data that has been made available for this study in the next section. Additionally, 

the chapter investigates the significant uncertainties associated with the operator's 

static and dynamic simulation models. 

• Chapter 4 discusses how the geomodelling workflow that combines multiple 

deterministic scenarios with multiple stochastic realisations used to investigate how 

geological uncertainties and the decision-making process during reservoir modelling 

impacts STOIIP estimates and predictions of reservoir performance in Field X. In 

particular, the focus is on the uncertainties related to defining reservoir rock types 

(RRT) and modelling the initial hydrocarbon distribution. This chapter is based on 

Al-Breiki et al. (2019). 

• In Chapter 5 expands the workflow presented in Chapter 4 to incorporate fractures in 

the reservoir model of Field X in order to improve the quality of the history match in 

multiple wells. This workflow calculates the effective permeability of the fracture and 

matrix analytically using the symmetric self-consistent Effective Medium Theory 

(EMT) (Sævik et al.,  2013), taking into account variation in fracture properties (i.e., 

aperture, length, orientation, and intensity). This chapter is based on AlBreiki et al. 

(2019). 

• Chapter 6 extends the investigation begun in Chapter 4 by challenging our current 

understanding of the reservoir and generating an ensemble of geological models using 

a multiple-deterministic scenario workflow. The workflow allows us to evaluate the 

impact of alternative structural interpretations and modelling decisions on STOIIP 

estimates and production performance. This chapter is based on AlBreiki et al. (2021). 

• Chapter 7 summarises the major findings and conclusions from the preceding 

chapters. Following that, recommendations are made for future research in this area. 
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Chapter 2 - LITERATURE REVIEW 

This chapter discusses the essential reservoir modelling workflows and their associated 

uncertainties. The chapter also introduces fundamental concepts, terminology, and ideas 

used throughout this thesis. To begin, we review the literature regarding reservoir 

modelling workflow for carbonate reservoirs, followed by a review of the various 

reservoir rock typing methods. The different methods for calculating the saturation height 

functions are then presented and discussed. Next, a brief review of fractures in carbonate 

reservoirs and the modelling techniques for representing them is presented. Finally, a 

discussion on how to deal with modelling workflow uncertainty in carbonate reservoirs 

follows. 

 

2.1 REVIEW OF RESERVOIR MODELLING WORKFLOW 

The geological model is an essential component of any reservoir study. A primary goal 

of the geological model is to accurately represent the reservoir’s geological architecture 

and petrophysical characteristics by incorporating good quality static and dynamic data. 

Reservoir modelling integrates diverse forms of data sources (e.g. seismic data, well logs, 

and cores) with vast differences in scale and orientation. The geological modelling 

workflow comprises a number of critical steps required to generate a three-dimensional 

reservoir model. The modelling process can be divided into the following steps (e.g., 

Labourdette et al., 2008; Shao et al., 2011). 

 

2.1.1 Structural Modelling  

The structural model is the first step in building the three-dimensional grid, and it 

represents the depth and scale of the reservoir architecture. It is typical to use seismic 

interpretation data and well logs to develop a three-dimensional structural and fault 

model. 

The process-based approach is an alternate method that attempts to capture depositional 

history in order to build more realistic rock architectures. There are a number of tools 

available for a process-based approach, such as SBEDTM and 3DMoveTM (Nordahl et al., 

2005; Zanchi et al., 2009).  
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2.1.2 Stratigraphic Modelling 

Stratigraphic modelling is used to divide the reservoir into smaller geological units 

(subzones) based on the vertical and lateral continuity of geological and petrophysical 

properties throughout the reservoir. Correlations between these subzones across the 

reservoir should be established using the existing data set (e.g., well logs, core data, and 

regional geology). It is worth mentioning that the reservoir’s optimal zonation is very 

important, since each subzone will utilise the same geostatistical model and trends 

throughout the reservoir. On the other hand, merging subzones or using the wrong 

stratigraphic correlation of two subzones could introduce complications to the dynamic 

model (e.g., failing to predict early breakthrough of the injected fluid) and mixing the 

well data incorrectly between zones. 

 

2.1.3 Facies Modelling  

At this stage, geostatistical methods are used to assign parameters to the generated 3D 

grid, either through pixel-based or object-based methods. Pixel-based modelling uses 

geostatistical algorithms to assign properties on a cell-by-cell basis. This method 

represents continuous variables such as porosity and permeability or discrete variables 

such as facies, whereas object-based modelling is used to model the discrete facies with 

different geometries and position the objects with varying aspects in a 3D model. 

Variograms are key tools in geostatistics, providing a statistical measurement of the 

dissimilarity between data pairs in a variogram. The following section presents the 

methods for facies modelling and petrophysical modelling (Isaaks and Srivastava, 1991; 

Olea, 1991; Jensen et al., 1997; Chambers et al., 2000; Carr, 2003; Yarus and Chambers, 

2006; Deutsch and Pyrcz, 2014; Ringrose and Bentley, 2015). 

 

The purpose of the facies model is to include the medium-scale reservoir heterogeneity 

described by sedimentary geology into the 3D model. Facies modelling can be done on 

either a deterministic or stochastic basis. Deterministically, the same set of inputs always 

produces the same single output, but stochastically, the same set of inputs might generate 

an infinite number of equiprobable outcomes. The most important methods for facies 

modelling, classified into deterministic and stochastic algorithms, are (Table 2-1): 

 

• Indicator kriging: This deterministic pixel-based method distributes a discrete 

facies model according to a predefined histogram. 
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• Object modelling: This is a stochastic object-based algorithm that allows the 

stochastic distribution of a discrete facies model by using a variety of body shapes 

and geometries (width, thickness, etc.). 

• Sequential Indicator Simulation (SIS): This stochastic pixel-based algorithm 

allows the stochastic distribution of a discrete facies model using a pre-defined 

histogram and variogram. 

• Truncated Gaussian Simulation (TGS): This method is similar to the SIS, 

except it is used to populate several facies in a sequentially ordered manner.  

• Multi-point Statistics (MPS): This is a stochastic pixel-based algorithm based 

on the Multi-Point Statistics technique to create facies models that look like object 

models. The core concept of MPS is the representation of the spatial correlation 

between one point and many points simultaneously, in contrast to the variogram, 

which is a two-point statistic (e.g., Stochastic Simulation or Kriging). The training 

image obtained depicts the sedimentary facies in their relative locations to one 

another (Strebelle, 2002; Liu et al., 2004; Zhang, 2008; Mariethoz and Caers, 

2014). 

 

Table 2-1. Stochastic and deterministic algorithms are used for facies modelling. 

Stochastic algorithms Deterministic algorithms 

Object Modelling Indicator Kriging 

Sequential Indicator Simulation  

Truncated Gaussian Simulation  

Multi-Point Statistics  

 

Finally, regardless of the method chosen, facies modelling should be carried out only 

when there is a strong understanding of the spatial distribution of facies within the 

reservoir and distinctive petrophysical properties associated with each facies are known; 

otherwise, the exercise is meaningless. Additionally, it is worth noting that most 

algorithms assume that there are no inter-well trends (stationarity), which means that 

spatial trends or changes in body thickness are not automatically preserved. 

 

2.1.4 Porosity Modelling  

The porosity model is a vital stage in the workflow of geological modelling because it 

defines the storage capacity of the reservoir and the implications for modelling other 

reservoir parameters. However, the approach employed to populate the porosity values 



 

11 

and distribute them in the 3D model can have various effects, as the porosity distribution 

determines the pore volume of the reservoir model, hence impacting STOIIP estimation. 

Furthermore, the porosity model is used to control the distribution of the permeability and 

saturation values in the model, which means that the distribution values of the porosity 

model influence the distribution of both permeability and saturation values. The porosity 

log should first be scaled up; scaling up is the process of averaging well log porosity 

values to obtain a single value for each grid cell. Each grid cell provides a starting point 

for the porosity modelling process. Various statistical techniques (arithmetic, geometric, 

and harmonic) are available for scaling up well log data, where the arithmetic mean is 

always used to scale up the porosity logs. The variogram analysis is then used to define 

the spatial continuity of the data. The following section summarises the most commonly 

used algorithms for petrophysical modelling, classifying them as deterministic or 

stochastic (Table 2-2) (Lantuéjoul, 2001; Deutsch and Pyrcz, 2014): 

 

• Kriging: Kriging is a deterministic estimation method (Figure 2-1 A). The values 

between the input data points are computed deterministically using the variogram 

and the input data it honours.  

• Moving average: Moving average is a deterministic interpolation method. This 

method calculates the average of each unsampled location and weights it based 

on the distance between the data points (Oliver, 1995). The method is quick and 

generates values for all cells. However, if the input data range is broad, it may 

cause a "bulls eye" effect, which concentrates higher values in a single spot. 

• Sequential Gaussian Simulation (SGS): SGS is a kriging-based stochastic 

method of interpolation (Figure 2-1 B). The algorithm can preserve distributions 

of input data, trends, and variograms. However, while populating the property, it 

will create local lows and highs between data input points that are aligned with 

the variogram. The input of a random seed number will decide the locations of 

these highs and lows. 

• Gaussian random function simulation (GRFS): This algorithm is faster and 

more accurate than SGS due to its non-sequential nature, which enables 

parallelization (Daly et al., 2010). 
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Figure 2-1. A deterministic porosity model was constructed using Kriging (A), and a 

stochastic porosity model was constructed using Sequential Gaussian Simulation (B). 

The deterministic and stochastic porosity models were created using the same input 

data. 

 

 

 

Table 2-2. Stochastic and deterministic algorithms are used for petrophysical modelling. 

Stochastic algorithms Deterministic algorithms 

Sequential Gaussian Simulation Kriging 

Gaussian Random Function 

Simulation 
Moving Average 

  

The deterministic algorithms always produce the same output when given identical input 

data and have a short run-time. The disadvantage is that these deterministic algorithms 

have a smoothing effect. In comparison, stochastic algorithms incorporate a random seed 

into the input data. As a result, using the same input data may result in similar average 

and histogram values, but different output models and the combination of output models 

will tend toward the mean. The stochastic algorithms are much more complex and take a 

significantly longer time to execute. The downside is that certain critical features of the 

model may be random, so it is necessary to do an uncertainty analysis using a large 

number of realisations of the property model generated with various seed numbers. 

Finally, these algorithms are based on the assumption that there are no lateral or vertical 

trends in the reservoir (stationarity). 

 

2.1.5 Permeability Modelling and Reservoir Rock Typing (RRT) 

This step is critical in the geological modelling workflow because it determines how much 

fluid can flow in a given region of the reservoir model. A linear regression formula, or 

power regression formula, is frequently used for creating a 3D permeability model as a 

function of porosity (porosity-permeability transformation). However, the permeability 
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model generated by this method would have a correlation between porosity and 

permeability. Consequently, variations in permeability values in a carbonate reservoir 

would not be preserved, which will affect predictions of fluid flow in the reservoir. On 

the other hand, many reservoir rock typing approaches can be used to improve the 

permeability modelling step; RRT will be discussed in greater detail in subsection 2.2. 

 

2.1.6 Saturation Modelling  

Water saturation modelling is crucial, since it is used to estimate STOIIP and define the 

hydrocarbon distribution, and it influences the prediction of the dynamic reservoir 

behaviour. Different methods to model the water saturation distribution will be covered 

in depth later in this chapter. 

 

2.2 REVIEW OF RESERVOIR ROCK TYPING SCHEMES 

Understanding the static and dynamic behaviour of the rock is essential to defining the 

appropriate RRTs (Hollis et al., 2010). RRT comprises an essential element for any 

reservoir modelling workflow, since it is used to propagate the variability of petrophysical 

properties beyond wellbores, affecting oil-in-place distributions, volumetric estimation, 

and, hence, the dynamic behaviour of reservoirs (Lucia, 1983; Amaefule et al. 1993). 

RRT can be defined as categorising and grouping rocks with similar geological, 

petrophysical, or dynamic characteristics. These categories can be based on small-scale 

(e.g. pore-scale) or large-scale data (e.g. log data or even seismic data).  

 

RRT for carbonate reservoirs is particularly challenging because petrophysical properties 

are not only controlled by the sedimentary fabric but also diagenetic and structural 

overprints that cross facies boundaries (Gomes et al., 2008; Rebelle and Lalanne 2014; 

Skalinski and Kenter 2015). Traditional RRT methods for carbonate reservoirs focus on 

depositional features (e.g., depositional environment, facies, or diagenesis). One of the 

first examples of such a classification was presented by Dunham (1962), who proposed a 

simple method used to describe rock textures based on depositional settings, while 

ignoring diagenesis. Another RRT approach is based on Lucia’s method (Lucia, 1983, 

1995, 1999), which divides the pore system in carbonate reservoirs into two main 

categories: interparticle porosity (pore space located between grains) and vuggy porosity 

(all other pore space). Flow Zone Indicators (FZIs) (Amaefule et al. 1993) or Global 

Hydraulic Elements (GHEs) (Corbett and Potter, 2004) define petrophysical groups using 
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the porosity and the permeability properties of the reservoir. As a result, different 

depositional environments could end up being grouped into one rock type and, hence, 

could introduce additional uncertainties in the reservoir model, for example, when the 

depositional environments that are grouped into a single rock type have different relative 

permeability and/or capillary pressure (Pc) curves (Gomes et al., 2008) (Figure 2-2). 

Figure 2-2. The time scale of rock typing schemes. 

 

Additional RRT approaches for carbonate reservoirs, such as Winland R35 (Kolodzie, 

1980) and Pittman (1992), can be based on the pore type characteristics obtained from Pc 

data and pore throat distributions. Hollis et al. (2010) incorporated depositional 

lithofacies. Chandra (2014) developed a multiscale workflow for near-wellbore rock 

typing and applied it to a giant carbonate reservoir where the small geological and 

petrophysical features were effectively captured and integrated into a reservoir simulation 

model. Tawfik et al. (2019) presented the ternary rock typing plot, which defines RRT 

groups by examining the relationship between porosity, permeability, and irreducible 

water saturation. The next sections discuss in more detail different rock typing schemes, 

which are classified into five major categories. 

 

2.2.1 Category 1: Classification According to Depositional Features  

2.2.1.1 Dunham (1962) 

The classification of limestones according to their matrix composition and major 

component grains has been continuously updated as new analytical techniques have been 

developed, revealing previously unknown details about the origin and depositional 

environment of carbonate rocks. The rapid evolution of limestone classifications occurred 
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around the time when Wolf (1961) published a comprehensive summary of the earlier 

carbonate classification methods. 

 

Two of the most widely used methods for classifying limestone are those proposed by 

Folk (1959, 1962) and Dunham (1962), which classify limestones principally according 

to their matrix composition. Folk (1954, 1959) classified detrital carbonates according to 

their mud-to-grain ratio, while Dunham’s classification (Dunham, 1962) and its amended 

versions (Embry and Klovan, 1971; James, 1984) focused on depositional texture. More 

specifically, Dunham (1962) used textural aspects and grain sizes of detrital carbonate 

materials for classifying limestones into mud-supported and grain-supported carbonates 

and established the concepts of grainstone, packstone, wackestone, and mudstone, based 

on the percentage of carbonate mud present in the rock (Figure 2-3). Additionally, he 

introduced the concept of boundstones that represent reefs and crystalline carbonate 

without a recognisable depositional texture. The mud-to-grain ratio provides an insight 

into the energy level present in the depositional environment (Scholle and Ulmer-Scholle, 

2003).  

  

 
Figure 2-3. Dunham’s classification according to depositional texture. Redrafted from 

Dunham (1962). 

 

Dunham’s classes have the following properties:  

• Grainstone: a carbonate rock with grain support with less than 1% mud 

• Packstone: a carbonate rock with grain-supported fabric containing around 1% 

mud  

• Wackestone: a mud-supported carbonate rock containing more than 10% grains 

• Mudstone: a mud-supported carbonate rock containing less than 10% grains  

• Boundstone: a carbonate sediment that was bonded during deposition  
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• Crystalline carbonate: a carbonate where recrystallisation makes it impossible to 

identify the original depositional fabric of a carbonate rock.  

 

A key advantage of Dunham's classification is that geologists and sedimentologists can 

easily describe the rock, especially when characterising the core. However, it neglects the 

post-depositional diagenesis and fractures that are often inherent to carbonate rocks. In 

contrast, Folk’s classification is specifically applicable to thin section descriptions to 

analyse the impact of diagenesis on the texture. According to Folk’s and Dunham’s 

classifications, a high mud concentration indicates a low energy environment, whereas a 

high grain level indicates a high energy environment. To summarise the distinctions 

between Dunham's and Folk classifications, Dunham's classification emphasises the 

difference between mud- or grain-supported carbonates while Folk’s classification uses 

grain-to-matrix ratios. A rock with little matrix is referred to as a sparite by Folk, while it 

is referred to as a packstone or grainstone by Dunham. In addition, Folk refers to a rock 

rich in carbonate mud as a micrite, while Dunham refers to it as mudstone or wackestone. 

 

2.2.1.2 Lucia (1983) 

Lucia’s rock fabric classes (Lucia, 1983, 1995, 1999, 2007) are based on the concept of 

spatial pore-size distribution in non-vuggy carbonate rocks and identify three rock classes 

as a function of porosity, permeability, and particle size (Figure 2-4).  

 

 

Figure 2-4. Petrophysical classes based on grain size, porosity, and permeability. Taken 

from Lucia (2007). 
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Lucia’s approach provides a direct connection between interparticle porosity and 

permeability for the purpose of classifying rock types. Interparticle porosity is defined as 

the pore space between grains (Lucia, 1983). Rock Fabric Numbers (RFNs) are assigned 

to the classes based on depositional facies and petrophysical data. The rock fabric number 

can be determined by creating a cross-plot of porosity and permeability measurements 

from core plugs (Figure 2-5). Three classes exist: 

• Class 1: Grainstone or grain size > 100 μm (RFN from 0.05 to 1.5); 

• Class 2: Packstones, which are grain dominated or have grain size from 20 μm 

to 100 μm (RFN from 1.5 to 2.5); 

• Class 3: Mud dominated (fine particle) or grain size < 20 μm (RFN from 2.5 to 

4.0). 

 

 

Figure 2-5. Rock fabric numbers for different depositional facies as a function of 

porosity and permeability for non-vuggy limestones (left) and range of rock fabric 

numbers (right). Taken from Lucia (2007). 

 

Permeability values can be obtained from porosity values using Lucia’s classes, which 

provide relationships to estimate permeability as a function of porosity as follows (Lucia, 

1999):  

  

Class 1: 𝑘 = (45.35 × 108)𝜑8.537, Eq. 2-1 

 

Class 2: 𝑘 = (2.040 × 106)𝜑6.38, Eq. 2-2 

 

Class 3: 𝑘 = (2.884 × 103)𝜑4.275, Eq. 2-3 

  

where 𝑘 is permeability in millidarcies and 𝜑 is porosity as a fraction. 



 

18 

There are two limitations to Lucia’s classification.  First, the classes ignore diagenetic 

events. Second, the classification usually breaks down for more complex porous 

structures, such as carbonates containing abundant micro-porosity, implying that the 

uncertainty associated with permeability prediction might be significant in complex pore 

systems (Rebelle and Lalanne, 2014; Skalinski and Kenter, 2015).  

 

2.2.2 Category 2: Classification According to Pore Type 

2.2.2.1 Choquette and Pray (1970)  

Choquette and Pray (1970) classified porosity types and sedimentological facies into 

fifteen different porosity types (Figure 2-6). Their classification system considers four 

critical elements: 

1. Key porosity types and fabric selection;  

2. Porosity timing in its natural state and subsequent genetic alteration of porosity; 

3. The shape and size of the pores; 

4. The abundance of pores. 

 

 

Figure 2-6. Classification of carbonate porosity using Choquette and Pray’s criteria. 

Fabric-selective (left), non-fabric-selective (right), and variably fabric-selective (below). 

Taken from Choquette and Pray (1970). 

 

According to Choquette and Pray (1970), pore space can be classified into three major 

types. The first type is fabric selective, meaning that the pore system corresponds to the 

original depositional environment or diagenetic constituents. The second type is not fabric 

selective, which means that no connection between fabric and porosity can be found (e.g., 
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vugs and fractures). The third type may or may not be fabric selective and could be due 

to a variety of processes, including those caused by fauna and flora, such as boring and 

burrowing. Additionally, Choquette and Pray (1970) classified pore sizes into three 

categories: 

• Micropores: pore size diameters less than 1/16 mm; 

• Mesopores: pore size diameters ranging from 1/16 to 4 mm; 

• Megapores: pore size diameters ranging from 4 to 256 mm. 

Geologists and sedimentologists widely use the method of Choquett and Pray (1970) 

because it provides a detailed sedimentological description when determining the 

carbonate porosity types. However, the method does not link the classification of porosity 

types with petrophysical properties. 

  

2.2.2.2 Winland (1980) 

Winland (1980) introduced an empirical correlation, the so-called Winland R35 method, 

for defining RRT groups. This method was developed based on 26 carbonate and 56 

sandstone samples. Winland R35 uses mercury injection capillary pressure (MICP) 

curves and pore throat radii corresponding to the 35th percentile of mercury saturation to 

classify the RRT groups (Kolodzie, 1980). The Winland R35 equation is as follows 

 

𝑙𝑜𝑔(𝑅35) = 0.732 + 0.588 × 𝑙𝑜𝑔 𝑘 − 0.864 × 𝑙𝑜𝑔 𝜑, Eq. 2-4 

 

where 𝑘 is the air permeability in millidarcies, and 𝜑 is porosity in percentage.  

Winland R35 gained popularity in the oil and gas industry because it was simple to apply 

and produced satisfactory results in numerous cases. The approach is hence widely used 

for rock reservoir typing (Rushing et al., 2008; Burrowes et al., 2010; Bust et al., 2011; 

Moya et al., 2012; Gunte et al., 2014; Salimifard et al., 2015). However, the Winland R35 

equation is empirical, meaning that there is no scientific or physical basis for choosing a 

saturation of 35 percent. Another disadvantage is that carbonate rocks are assumed to 

have a unimodal distribution of pore throats; however, carbonates often show bimodal 

and multimodal distributions of pores and pore throats (Clerke, 2009). As a result, it has 

been argued that Winland R35 may not be universally applicable to all reservoirs, and 

other empirical models have been suggested, linking permeability to the size of the pore 

throats based on a different percentile of mercury saturation, together with other 

petrophysical parameters, (e.g., Pittman, 1992; Jaya et al., 2005; Rezaee et al., 2006; 

Nabawy et al., 2009; Ngo et al., 2015). Furthermore, there is still no universal percentage. 
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For example, Rezaee et al. (2006) demonstrated that R50 was more suitable for their 

particular case study, while Pittman (1992) suggested, R25 was more suitable for his 

dataset. 

 

2.2.2.3 Pittman (1992) 

Pittman (1992) proposed altering Winland R35 to improve the correlation by presenting 

regression equations for pore throat radii corresponding to mercury saturations ranging 

from 10% to 75%. Pittman (1992) developed this new correlation based on a database of 

202 sandstone samples from 14 different formations. Pittman’s equations (Table 2-3) 

follow a similar trend to Winland's (1980), but he demonstrated a strong correlation 

between the Klinkenberg-uncorrected air permeability and porosity, together with the 

pore-throat radii, which worked particularly well at low Pc. Although Pitman’s (1992) 

method offers more granularity when characterising porosity-permeability relationships, 

it is still not universally applicable. 

 

Table 2-3. Pittman’s (1992) empirical equations to calculate the pore-throat radii for 

different mercury saturations. 
Pittman empirical equations 

log(𝑟10) = 0.459 + 0.500 × log 𝑘 − 0.385 × log 𝜑 

log(𝑟15) = 0.333 + 0.509 × log 𝑘 − 0.344 × log 𝜑 

log(𝑟20) = 0.218 +  0.519 × log 𝑘 − 0.303 × log 𝜑 

log(𝑟25) =  0.204 +  0.531 × log 𝑘 − 0.350 × log 𝜑 

log(𝑟30) = 0.215 +  0.547 × log 𝑘 − 0.420 × log 𝜑 

log(𝑟35) = 0.255 +  0.565 × log 𝑘 − 0.523 × log 𝜑 

log(𝑟40) = 0.360 +  0.582 × log 𝑘 − 0.680 × log 𝜑 

log(𝑟45) = 0.609 +  0.608 × log 𝑘 − 0.974 × log 𝜑 

log(𝑟50) = 0.778 +  0.626 × log 𝑘 − 1.205 × log 𝜑 

log(𝑟55) = 0.948 +  0.632 × log 𝑘 − 1.426 × log 𝜑 

log(𝑟60) = 1.096 +  0.648 × log 𝑘 − 1.666 × log 𝜑 

log(𝑟65) = 1.372 +  0.643 × log 𝑘 − 1.979 × log 𝜑 

log(𝑟70) =  1.664 +  0.627 × log 𝑘 − 2.314 × log 𝜑 

log(𝑟75) = 1.880 +  0.609 × log 𝑘 − 2.626 × log 𝜑 

 

 

2.2.2.4 Lønøy (2006) 

Lønøy (2006) developed a new pore space classification using the descriptive 

terminology of Choquett and Pray (1970) and Lucia (1983, 1995). He identified twenty 

pore types based on the size and distribution of pores relative to the matrix. Furthermore, 

Lønøy’s approach considers the spatial variability of the pore space (patchy versus 

uniform) (Table 2-4). 
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Table 2-4. Lønøy’s (2006) porosity classification scheme. 

PORE TYPE PORE SIZE PORE DISTRIBUTION PORE FABRIC 

Interparticle 

Micropores (10-50 μm) 
Uniform Interparticle, uniform micropores 

Patchy Interparticle, patchy micropores 

Mesopores (50-100 μm) 
Uniform Interparticle, uniform micropores 

Patchy Interparticle, patchy micropores 

Macropores (>100 μm) 
Uniform Interparticle, uniform micropores 

Patchy Interparticle, patchy micropores 

Intercrystalline 

Micropores (10-20 μm) 
Uniform Interparticle, uniform micropores 

Patchy Interparticle, patchy micropores 

Mesopores (20-60 μm) 
Uniform Interparticle, uniform micropores 

Patchy Interparticle, patchy micropores 

Macropores (>60 μm) 
Uniform Interparticle, uniform micropores 

Patchy Interparticle, patchy micropores 

Interparticle - - Interparticle 

Molding 
Micropores (<10-20 μm) - Moldic micropores 

Macropores (>20-30 μm) - Moldic micropores 

Vuggy - - Vuggy 

Mudstone microporosity Micropores (<10 μm) 

 Tertiary chalk 

 Cretaceous chalk 

Uniform Chalky micropores, uniform 

Patchy Chalky micropores, patchy 

 

Although Lønøy’s classification provides valuable insight into sedimentological and 

diagenetic characteristics, it is impracticable for application with large data sets. 

 

2.2.3 Category 3: Classification According to Flow Unit (Partitioning) 

2.2.3.1 Amaefule et al. (1993) 

A modified version of the Kozeny-Carman method (Kozeny, 1927; Carman, 1937) using 

porosity and permeability from core plugs was proposed by Amaefule et al. (1993). The 

core porosity and permeability measurements are used to calculate the Reservoir Quality 

Index (RQI) and Flow Zone Indicator (FZI). This method is based on the idea that each 

hydraulic flow unit will have similar pore throat geometry and FZI values. Hydraulic 

Flow Units (HFU) are defined as the zones into which rocks with similar fluid flow 

behaviour can be mapped. The relationship between the FZI and RQI is given as  

𝑅𝑄𝐼 = 0.0314 √(𝑘/𝜑), Eq. 2-5 

and 

𝐹𝑍𝐼 = 𝑅𝑄𝐼/�̅� =
0.0314 √(𝑘/𝜑)

𝜑/(1−𝜑)
 , Eq. 2-6 

where �̅� is the normalised porosity.  
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Rocks with similar FZI values belong to a single hydraulic unit, i.e., they have the same 

flow properties. Therefore, a cross plot of porosity and permeability allows us to define 

the hydraulic flow units.  

 

Amaefule et al. (1993) claim that their method offers an enhanced prediction of 

permeability from wireline logs in cored and uncored wells. Furthermore, the hydraulic 

flow units have been successfully used for both carbonates (in West Texas and Canada) 

and clastics (in the Far East, Southeast Asia, East Texas, South America, and West 

Africa). 

 

The main disadvantages of FZI and RQI are that they are purely based on petrophysical 

groupings and are hence disconnected from sedimentological or diagenetic concepts, and 

also they do not account for the impact of fractures. Furthermore, the FZI boundaries 

appear to have been chosen arbitrarily and are not based on any petrophysical or 

geological data. Finally, due to the subjective nature of the FZI boundaries, these 

boundaries cannot be transferred between fields. 

 

2.2.3.2 Gunter et al. (1997) 

Gunter et al. (1997) proposed a graphical method to classify flow units and rock types 

based on Lorenz’s economic model (Lorenz, 1905). Initially, the Lorenz technique was 

designed to analyse a population’s wealth heterogeneity, which was later modified by 

Schmalz and Rahme (1950) for use in the oil industry. The Lorenz Plot is used to assess 

the vertical heterogeneity of the porosity and permeability data sets. This is obtained by 

plotting the normalised cumulative capacity of storage (porosity) against the normalised 

cumulative capacity of flow (permeability), where both have been sorted in descending 

order. After that, the Lorenz coefficient (Lc) is determined, which is defined as the area 

between the perfect quality line and the Lorenz curve (Figure 2 7). Lc ranges between 0 

and 1, with 0 indicating a perfectly homogeneous reservoir. 
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Figure 2-7. An illustration of the Lorenz Plot. The line with unit slope is referred to as 

the "perfect quality line", and any deviations from this line are due to heterogeneity. 

 

The second technique is the Modified Lorenz Plot (MLP), which compares normalised 

cumulative storage capacity with normalised cumulative flow capacity, but the data is 

sorted by depth. This method allows us to identify the most productive intervals, the 

number of flow units, and the rock types that need to be characterised (Figure 2-8). 

 

 

Figure 2-8. Example of a modified Lorenz Plot (Gunter et al., 1997) for a well from a 

real reservoir. The steeply sloped sections (red arrows) represent a part of reservoir 

where the flow capacity is significantly larger than the storage capacity. 

 

The advantage of the MLP is that it can be easily used with data obtained during routine 

core analysis to identify the number of flow units and their proportional contribution to 

flow capacity and storage. However, like the FZI and RQI approaches, the MLP does not 

link the observed result to any sedimentological input or depositional environment.  
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2.2.3.3 Corbett and Potter (2004) 

Corbett and Potter (2004) introduced the petrotyping approach based on porosity and 

permeability data from more than 3000 samples taken from 24 wells. Petrotyping uses a 

systematic sequence of FZIs to define ten Global Hydraulic Elements (GHEs). Petrotype 

is a term that refers to a predefined group of petrophysical rock types based on a set of 

GHEs. The boundaries between GHEs were arbitrarily chosen in order to obtain a wide 

range of possible combinations of porosity and permeability values (Table 2-5). As a 

result, petrotyping can be applied to carbonate and siliciclastic reservoirs quickly and 

efficiently by plotting porosity and permeability data on a pre-determined template for 

each well (Figure 2-9).  

 

Table 2-5. FZI boundaries for ten Global Hydraulic Elements (GHE) based on Corbett 

and Potter (2004). 
FZI GHE 

48 10 

24 9 

12 8 

6 7 

3 6 

1.5 5 

0.75 4 

0.375 3 

0.1875 2 

0.0938 1 

 

 

Figure 2-9. Porosity and permeability data from a Middle Eastern reservoir plotted on 

the predefined template of ten global hydraulic elements; note that the reservoir contains 

multi-petrotype classes, as it is distributed across more than one GHE class. Taken from 

Corbett and Potter (2004). 
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For each GHE, permeability can be estimated as a function of porosity for non-cored 

wells as  

𝑘 = 𝜑 (
𝐹𝑍𝐼 × (

𝜑
1 − 𝜑)

0.0314
)

2

. Eq. 2-7 

2.2.4 Category 4: Classification According to Log Type 

2.2.4.1 Serra and Abbott (1980) and Others  

The idea of log clustering is based on the use of wireline logs, individually or in 

combination with other data sets, to identify rock groupings that exhibit comparable log 

responses. Serra and Abbott’s (1982) study was one of the earliest attempts to employ 

computer technology and developments in digital petrophysics to assist with rock typing 

classification. The term "electrofacies" refers to the lithofacies derived from wireline logs. 

In other words, the electrofacies utilise the available logs to cluster or separate the 

reservoir into different zones. Subsequently, Wolff and Pelissier-Combescure (1982) 

attempted to develop an automated rock typing software application to describe facies 

using data from well-log signatures. 

 

More recently, Xu et al. (2012) developed a new technique for petrophysical rock 

classification in carbonate reservoirs that takes many well logs into account and highlights 

the mud-filtrate invasion signature. The mineralogy, porosity, and water saturation from 

well logs were all estimated concurrently using an inversion-based algorithm method. Xu 

et al. (2012) reported that their technique predicted rock types consistent with the 

lithofacies observed in the core data. 

 

Other studies characterised pore types by using MICP-calibrated nuclear magnetic 

resonance (NMR) T2 cutoffs (Al Arfi et al., 2006; Frank et al., 2005; Clerke et al., 2008; 

Smith et al., 2014). NMR is a technology that uses shorter pulses of electromagnetic 

energy to measure the hydrogen atoms’ relaxation time, which is highly dependent on the 

distribution of pore sizes in porous media. However, the pore typing technique has not 

been commonly applied, due to a lack of information about spatial distribution and has 

scaling issues when incorporating vugs and fractures. Despite these difficulties, pores are 

considered the most significant component of rock typing because they strongly influence 

the fluid flow of carbonate rock (Sung et al., 2013). 
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Elecrofacies clustering could be a powerful tool if adequately integrated with other tools 

(e.g., image logs, core description, thin section, and SCAL data). However, it is 

challenging and time-consuming to implement. 

2.2.5 Category 5: Integrated Classification 

2.2.5.1 Hollis et al. (2010)  

Hollis et al. (2010)  argued that it is necessary to characterise pore heterogeneity to 

accurately predict the reservoir flow behaviour and proposed a process for defining rock 

type schemes according to their pore geometry, depositional lithofacies, and diagenetic 

evolution. They demonstrated their method by analysing relative permeability 

measurements, MICP data, and sedimentological studies from a giant carbonate reservoir 

in Northern Oman. Although this approach offers a comprehensive and integrated 

classification of rock types in the core domain, it provides inadequate predictions in the 

log domain. 

 

2.2.5.2 Chandra et al. (2015)  

Chandra et al. (2015a; 2015b) introduced a unique method for near-wellbore rock-typing 

and upscaling in carbonate reservoirs to improve the integration of reservoir rock-typing 

and simulation. Based on high-resolution modelling of the near-wellbore region (Figure 

2-10), they developed novel workflows enabling the integration of multi-scale geological 

and petrophysical data from heterogeneous reservoirs into field-scale reservoir models. 

The proposed workflow took into account correlations between depositional and late-

burial corrosion features and their effect on reservoir fluid flow. Using a case study from 

an offshore carbonate reservoir in India, they demonstrated how their approach yields 

more robust volumetric estimates and much improved history matches (Chandra et al. 

2015a; 2015b). 
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Figure 2-10. Schematic overview of the integrated workflow for near-wellbore rock 

typing and upscaling proposed by Chandra et al. Taken from Chandra et al. (2015).  

 

2.2.5.3 Skalinski and Kenter (2015)  

Skalinski and Kenter (2015) suggested an integrated workflow consisting of eight steps 

(Figure 2-11) to determine the petrophysical rock types that influence the reservoir's static 

and dynamic properties while correlating them to the depositional diagenetic features. 

They also claim that the proposed procedure accounts for secondary pore types such as 

fractures and vugs and predicts spatial trends in petrophysical rock types. However, even 

though their proposed workflow is extensive and integrated, the implementation process 

can be difficult and time-consuming to complete (Skalinski and Kenter, 2015). 

 

 

Figure 2-11. Schematic illustration showing the eight-step procedure proposed by 

Skalinski and Kenter. Taken from Skalinski and Kenter (2015).  
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2.3 REVIEW OF SATURATION HEIGHT FUNCTION 

Water saturation (Sw) values can be obtained directly from cores (preserved cores) or 

calculated using a combination of conventional well logs. Sw values derived from core 

and log data interpretation can only represent the reservoir within a few metres of the 

borehole. These Sw values are inappropriate for interpolation into a 3D model since they 

are dependent on a number of parameters, including porosity, permeability, and height 

above free water level (HAFWL). As a result, geologists and reservoir engineers employ 

the saturation height function to predict reservoir saturation at a given HAFWL. It is 

always vital to compare the generated 3D saturation model against other independent data 

sources (e.g., Sw obtained from log and core), regardless of which saturation-height 

methods are employed to obtain the reservoir saturation distribution. The following 

section discusses some of the most frequently used approaches based on the saturation 

height function. 

 

2.3.1 Leverett (1941) 

Leverett (1941) suggested a dimensionless saturation function known as the J-function. 

Leverett’s J-function approach attempts to normalise all Pc data into a universal curve as 

a function of water saturation. The Leverett J-function equation given by Leverett (1941) 

is 

𝐽(𝑆𝑤) = 0.2166  
𝑃𝑐

𝜎 𝑐𝑜𝑠 𝜃
 √

𝑘

𝜑
 ,  Eq. 2-8 

where 𝑆𝑤 is the water saturation, 𝑃𝑐 is the capillary pressure, 𝜎 is the interfacial tension, 

and 𝜃 is the contact angle.  

 

This approach is widely used and simple; however, the averaging inherent in Leverett J-

functions produces imperfect results when the permeability range is large (Harrison and 

Jing, 2001). Nevertheless, this dimensionless Leverett J-function serves quite well in 

many cases to remove discrepancies in the Pc versus saturation curves and always keeps 

the original shape of the Pc curve, thereby providing a helpful method for classifying pore 

geometry. Finally, Pc data from each rock type must be collected to predict the saturation 

distribution of a reservoir adequately. 
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2.3.2 Aufricht and Koepf (1957) 

Aufricht and Koepf (1957) introduced the use of parametric curves to correlate core-

derived values of Pc and Sw with other rock properties. Although permeability was 

frequently chosen as the rock parameter, porosity was occasionally preferred. Heseldin 

(1974) refined Aufricht and Koepf’s (1957) method by using a family of parametric 

curves of constant Pc to relate porosity to hydrocarbon bulk volume (Vbh) rather than Sw. 

The link between Vbh, water saturation, and porosity is given by 

 

𝑉𝑏ℎ = 𝜑 (1 − 𝑆𝑤).     Eq. 2-9 

 

Alger et al. (1987) further improved on Heseldin’s (1974) method by suggesting a 

multilinear regression to correlate the Pc to the permeability or porosity, referred to as the 

Cap-log method. The link between Vbh and Pc, as well as the properties of rocks, is given 

by 

 

𝑉𝑏ℎ = 𝐴 + 𝐵 ∗ 𝑙𝑜𝑔 ℎ + 𝐶 ∗ 𝜑 + 𝐷 ∗ 𝑙𝑜𝑔 𝑘, Eq. 2-10 

 

where A, B, C, and D are constants, and h is height. One disadvantage of this method is 

that the water saturation fitting may be skewed, favouring the best quality rock. 

 

2.3.3 Johnson (1987) 

Johnson (1987) established a mathematical relationship between water saturation, 

permeability, and Pc. He observed that permeability and saturation have a stronger 

correlation than porosity and saturation. He thus created empirical functions that connect 

the parameters as straight lines at a specific pressure by empirically linking the 

permeability, Pc, and water saturation on a log-log scale plot. The Johnson function is 

given by 

 

𝑙𝑜𝑔 (𝑆𝑤) =  𝐵 . (𝑃𝑐)^𝐶 +  𝐴 . 𝑙𝑜𝑔 (𝐾), Eq. 2-11 

 

where coefficients 𝐴,  𝐵,  and 𝐶 can be derived using a series of cross plots. 

 

Johnson’s technique, which is also referred to as permeability averaging,  has an 

advantage over other methods in that it does not require prior estimation of irreducible 

water saturation. However, the disadvantage of the log-log plot relationship between 
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permeability and water saturation is that the concept is purely empirical and without a 

theoretical basis. Thus, the method is not universal (Wiltgen et al., 2003). Additionally, 

the process of developing the parameters required to produce the equation is time-

consuming, and the equation overestimates water saturation values for low Pc values 

(Harrison and Jing, 2001). Harrison and Jing also noticed an increase in water saturation 

estimation right above the free water level. Additionally, Biniwale (2005) found the 

approach was unsuitable for reservoirs with low permeability and gave a false reading 

close to the free water level (FWL). 

 

2.3.4 Sondena (1992) 

Sondena (1992) developed a saturation-height function on the basis of work by Wright 

and Wooddy (1955). The relationship between water saturation, Pc and permeability is 

given by 

𝑆𝑤 = 𝐴(𝑃𝑐)𝑐 + 𝐵(𝑃𝑐)𝐷 ∗  log(𝐾), Eq. 2-12 

where 𝐴  and 𝐵  can be derived using a series of cross plots. 

This method requires a series of cross-plots to be generated for the averaging technique. 

The water saturation is initially plotted against the logarithmic scale of permeability at 

constant Pc values. A straight line is then fitted to each Pc value. After plotting the slope 

and intercept values against Pc, the coefficients of Eq. 2-12 are obtained using a curve-

fitting procedure. 

 

Sondena’s (1992) methods perform poorly close to the FWL (low Pc values) because the 

equation uses the power-law function, which implies that a slight variation in Pc will 

result in a considerable variation in water saturation. 

 

2.3.5 Cuddy et al. (1993) 

Cuddy et al. (1993) studied a gas-sand reservoir in the southern region of the North Sea 

and proposed a wireline log-based method named “FOIL”. The method predicts the 

saturation on the assumption that the Bulk Volume of Water (BVW) is proportional to 

HAFWL. The relationship between porosity and water saturation and HAFWL is given 

by 

𝑙𝑜𝑔(𝜑. 𝑆𝑤) = 𝐴. 𝐿𝑜𝑔(ℎ) + 𝐵 , Eq. 2-13 
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where A and B are constants determined using regression. Cuddy et al.’s approach have 

the advantage of being simple to apply and performing well on both low and high porosity 

rock types found in gas reservoirs. However, this methodology lacks a theoretical 

foundation, and it does not take into account Special Core Analysis (SCAL) data. 

Moreover, Harrison and Jing (2001) found that this approach is inapplicable to the 

transition zone. They further found that hydrocarbon saturation is overestimated in rocks 

with poor reservoir quality, and that is why it frequently led to overestimates of the 

amount of hydrocarbon in place. 

  

2.3.6 Skelt and Harrison (1995) 

Skelt and Harrison (1995) suggested that a curve could be fitted to a set of saturation data, 

first fitting the curve to the Pc data and then fine-tuning the fit to the 

water saturation from the log data. Each data point can then be given a different weight 

during the regression analysis. 

 

This can be helpful when it is necessary to specify a large transition zone and use a 

weighting factor according to the amount of gross rock area for each data point. The Skelt 

and Harrison (1995) correlation is given by 

 

𝑆𝑤 = 1 − 𝐴. exp(−[𝐵/(ℎ + 𝐷)]𝐶),   Eq. 2-14 

where 𝐴 to 𝐷 are fitting parameters to generate a curve that matches the Pc data for each 

reservoir rock type. 

 

Zahaf et al. (2014) showed that Skelt and Harrison’s (1995) technique offered the best fit 

for modelling MICP for each rock type while modelling transition zones in a large 

carbonate reservoir. A clear advantage of this approach is that it can use log and SCAL 

data jointly or separately and utilises logarithms rather than linearising. Additionally, this 

technique provides a more realistic approach by preserving the non-linearity of parameter 

relationships (Harrison and Jing, 2001). On the other hand, this method requires more 

time to be applied compared to the other approaches. Furthermore, permeability, which 

is a fundamental characteristic of fluid flow, is not defined in the formulation of the 

approach (Biniwale, 2005). 
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2.3.7 Conclusion and Critical Review 

Harrison and Jing (2001) compared four widely used saturation height modelling 

methodologies in the North Sea using data from two fields. These approaches were those 

of  Leverett (1941), Johnson (1987), Cuddy et al. (1993) and  Skelt and Harrison (1995). 

Their investigation found no preferable method, as all produced comparable results within 

a close range. 

 

Sohrabi et al. (2007) compared the performance of the models proposed by Leverett 

(1941), Johnson (1987), Alger et al. (1987), Sondena (1992), Cuddy et al. (1993) and  

Skelt and Harrison (1995) in a North Sea reservoir. They concluded that the model 

developed by Skelt and Harrison might be the most appropriate choice for this type of 

North Sea reservoir. In a further study, Kamalyar et al. (2011) extended Sohrabi et al.'s 

(2007) work by utilising core and log data from a South Iranian reservoir to investigate 

the performance of similar saturation-height equations. They concluded that the method 

of Skelt and Harrison (1995) provided the best match in this example, whereas the 

Leverett-J function provided the most inadequate match. 

 

2.4 FRACTURES IN CARBONATE RESERVOIRS  

Natural fractures are found in the majority of sedimentary and nearly all basement 

reservoirs, and their existence has an impact on hydrocarbon production and recovery 

(Figure 2-12). As a result, it is commonly stated that "all reservoirs should be considered 

fractured until proven otherwise" (Narr et al., 2006). Developing reservoirs without 

considering fracture effects may result in an inappropriate reservoir management scheme 

and costly remedial activities during the field life cycle. As a result, the impact of fractures 

should be assessed early in the field development plan to maintain the production profile 

and hence maximise recovery. 
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Figure 2-12. A carbonate outcrop at Jebel Madmar in Oman depicting the size and 

extent of complex natural fault and fracture networks. Taken from Finkbeiner et al. 

(2019). 

 

Naturally Fractured Reservoirs (NFR) are described as reservoirs with a considerable 

number of naturally occurring fractures that influence fluid flow (Nelson, 2001). 

Fractures can change the porosity and/or permeability of a reservoir, resulting in more 

complicated fluid flow than in unfractured reservoirs. Natural fractures can impact 

reservoir performance positively, negatively, or not at all (Pirson, 1953; Huskey and 

Crawford, 1967; Berkowitz, 2002; Gilman, 2003; Narr et al., 2006; Bourbiaux, 2010; 

Spence et al., 2014). When natural fractures have a negligible influence on fluid flow, the 

fractured formations may not be classified as NFR (Aguilera, 1998; Nelson, 2001). 

Fractures that develop as a result of drilling, coring, or subsequent handling are referred 

to as "induced fractures". Therefore, it is important to exercise caution when identifying 

fractures using core data (Kulander et al., 1990). 

 

Naturally fractured reservoirs are estimated to contain more than 40% of the world's 

known oil and gas reserves (Zimmerman, 2018). The vast majority of these reserves are 

trapped within carbonate fractured reservoirs, including the Middle East's giant carbonate 

reservoirs (Daniel, 1954). In fact, based on information from a global database (C&C 

Reservoirs, 2020), Gillespie et al. (2021) suggest that carbonate reservoirs account for 

72% of the 314 fractured oil and gas reservoirs listed globally. 
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Figure 2-13. Global prevalence of fractured oil and gas reservoirs classified by lithology 

type, using a sample of 314 fractured oil and gas reservoirs. Carbonate reservoir rocks 

include limestone, dolomite, and chalk. Taken from Gillespie et al. (2021). 

 

For example, the uneven advance of a water front and early water breakthrough during 

peripheral water injection has been attributed to natural fractures in a giant carbonate 

reservoir in the Middle East (Cosentino et al., 2001). The water front advances more 

rapidly and irregularly on the field's eastern flank compared to the western flank, owing 

to the prevalence of connected fractures in the eastern flank (Figure 2-14). Such complex 

displacement patterns emphasise the importance of identifying and understanding the 

fracture network in the reservoir before any field development to prevent investment 

risks. 

 

Figure 2-14. A schematic illustration of the irregular advance of the water front in a 

giant carbonate reservoir in the Middle East. The water-oil contact's original position is 

shown by grey bands, while blue lines represent the current position. Green squares 

represent oil producer wells, whereas blue circles represent watered-out wells. Taken 

from Cosentino et al. (2001). 
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2.4.1 Classification of Naturally Fractured Reservoirs 

Nelson (2001) classified naturally fractured reservoirs into four categories based on the 

contribution fractures make to fluid flow compared to the matrix (Figure 2-15). He 

defined the following four types: 

• Type I: Fractures provide the essential reservoir porosity and permeability. 

Typically, Type I reservoirs are found in tight carbonates and basement rocks. 

These reservoirs can be depleted using a small number of wells, as fractures 

control flow. 

• Type II: Fractures provide the flow capacity, and the matrix provides the essential 

storage. In Type II reservoirs, hydrocarbons are produced through permeable 

fracture systems, as hydrocarbons flow from the matrix to the fracture system. 

• Type III: Fractures enhance reservoir permeability but do not dominate it. Along 

with permeable fractures, Type III reservoirs have an adequate matrix 

permeability for fluid production. 

• Type IV: Fractures are filled with minerals (so-called veins) and reduce reservoir 

permeability and porosity. Type IV reservoirs have fractures that are less 

permeable than the matrix (acting as barriers or baffles). 

 

 

Figure 2-15. Classification of a naturally fractured reservoir. Taken from Nelson (2001). 

 

Carbonate reservoirs exhibit a wide range of characteristics, ranging from those in which 

the matrix plays a minor role in fluid storage (Type I) to those with very good matrix 

qualities such that fractures have almost no effect on overall permeability (Type III). 

Before delving into fracture modelling methods for each type, it is necessary to 

understand how fracture networks are characterised. 
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2.4.2 Characterising Fracture Networks 

Fractures can be identified using various data, including seismic data, borehole images, 

cores, and outcrops. The information acquired from these sources can be used to 

understand the fracture network better and build the reservoir model inputs. The 

following geological characteristics need to be constrained when modelling naturally 

fractured reservoirs (Nelson, 2001): 

• Fracture orientation: Fracture orientation is defined by its dip and strike. The 

dip of a fracture is the angle it forms with regard to a horizontal plane. The strike 

is the direction of a fracture measured with reference to the north, which is a 

perpendicular vector to the fracture plane. The orientation of individual fractures 

and a fracture set in a reservoir are typically characterised using image logs or 

orientated cores. These two data sources can be augmented using outcrop 

analogue data where available. Fracture orientations can be visualised using 

stereonets (Figure 2-16). 

 

Figure 2-16. Example of a stereonet showing the orientation of a fracture set in a real 

reservoir.  

 

• Fracture aperture: Porosity and permeability of fractures are proportional to the 

aperture of the fracture (Snow, 1965). The fracture permeability can be estimated 

using the parallel plate law (Witherspoon et al., 1980), in which a conductive 

fracture is represented by an open channel between two parallel plates separated 

by an aperture and is given by 
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𝑘𝑓 =
𝑎2

12
 , Eq. 2-15 

where 𝑘𝑓 is fracture permeability, and 𝑎 is aperture. 

Fracture apertures can be measured using image logs, cores, or outcrops. 

However, these measurements have a significant degree of uncertainty 

(Etchecopar et al., 2007). For example, recovery of the core is usually poor in a 

highly fractured interval and the original stress state is no longer preserved. On 

the other hand, borehole images have limited resolution. Fractures observed in 

outcrops are subject to weathering and are also not representative of the in-situ 

stress of the reservoir (Mäkel, 2007; Bisdom et al., 2016). In practice, fracture 

apertures are frequently estimated using one of three methods: empirical 

correlations such as the Barton-Bandis model (Bandis et al., 1983), power scaling 

laws from outcrop observation (Hooker et al., 2014), or sublinear length aperture 

scaling from elastic fracture mechanics (Olson, 2003). Bisdom et al. (2016) 

demonstrated that these three techniques result in significantly different aperture 

distributions for the same fracture network, which results in various hydraulic 

responses when flow simulations are performed. 

• Fracture size and shape: Well data cannot usually provide information on 

fracture size since most fractures extend beyond the borehole. Fractures are also 

sub-seismic, so seismic data cannot provide information on fracture size and 

shape, only on the general trends of fracture sets. Outcrops can provide 

information on fracture sizes and shapes if suitable analogues are available. 

Fractures are therefore often represented using idealised shapes such as 

rectangles, circles, or ellipses (Cruden, 1977; Priest, 1993). However, attempts 

have been made to obtain fracture lengths from boreholes by correlating fracture 

length to fracture aperture (Özkaya, 2003). In practice, fracture sizes are 

statistically described using a combination of outcrop studies and assumed 

fracture shapes (Priest, 1993). 

• Fracture density: Fracture density can be expressed in terms of fracture intensity 

or fracture frequency. Fracture density is a critical parameter for characterising 

the fracture network because it substantially impacts the fluid flow in the 

reservoir. Fracture density can be expressed as a function of length, area, or 

volume (Table 2-6) (Dershowitz and Herda, 1992). The fracture density is 

frequently estimated using sonic or electric image logs (Hsu et al., 1987; Luthi 

https://www.sciencedirect.com/topics/engineering/fracture-frequency
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and Souhaité, 1990), geophysical methods (e.g. seismic attributes) (Barton et al., 

1995; Sahimi and Hashemi, 2001) or petrophysical logs (Tokhmchi et al., 2010). 

 

Table 2-6. Measures of fracture density. Adapted from  Dershowitz and Herda (1992).  

 

 

• In-situ stress: The orientation and magnitude of the in-situ stress influence the 

fracture aperture and hence the fracture permeability. Fractures along the direction 

of maximum stress usually remain open and tend to have higher permeabilities 

than fractures oriented differently in relation to the maximum stress and are hence 

more likely to be closed (Barton et al., 1995; Nelson, 2001). In situ stresses can 

be estimated using geological data (e.g., tectonic history, borehole breakouts, and 

faults) (Figure 2-17) or based on field measurements (e.g., sonic logs and image 

logs) or a combination of both. 

 

 

Figure 2-17. World Stress Map depicting the current orientation of main stress. Taken 

from Heidbach et al. (2018). 
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2.4.3 Integrating Fractures into Reservoir Model 

Bourbiaux et al. (2002) suggested a framework for incorporating fractures into reservoir 

models (Figure 2-18). This framework considers the scale, continuity, and connectivity 

of the fracture network compared to the size of the grid cells in a reservoir model. 

Furthermore, it considers the timescales of fluid flow in the fracture, matrix, and for the 

fracture-matrix fluid exchange. Bourbiaux et al. (2002) suggested modelling fractures 

implicitly as a single porosity system when the intensity of the fractures is low, and 

fractures are small compared to the grid cells in the reservoir model. If fractures are large 

compared to the grid cell of the reservoir model, they should be represented as dual-

porosity or dual-permeability models depending on the time scale and flow rates in the 

matrix. Warren and Root (1963) developed the first mathematical model to characterise 

flow in fractures using a dual-porosity model, based on the theoretical foundation 

established by Barenblatt et al. (1960), and more recently, a triple-porosity model (Huang 

et al., 2015; Sang et al., 2016).  

 

 

Figure 2-18. Methodology for selecting the flow modelling approach. Taken from 

Bourbiaux et al. (2002). 

 

The Discrete Fracture Network (DFN) method can be used to statistically generate a set 

of discrete fracture objects in order to estimate fracture properties, i.e., fracture porosity 

and permeability (Dershowitz et al., 2000). The critical feature of the DFN method is that 

it allows for the construction of several fracture modelling scenarios from a single dataset, 
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as shown in Figure 2-19. For example, the fracture intensity in a given reservoir may be 

modelled uniformly throughout the reservoir or clustered in the vicinity of the fault. 

 

 

Figure 2-19. Two scenarios for fault-related fractures in a given reservoir are based on 

the same dataset but with different interpretations. 

 

2.4.4 Fracture Permeability Upscaling 

A classical way to calculate the fracture permeability tensor from a network of fractures 

is Oda's (1985) method. Oda’s (1985) method is analytical and assumes that the matrix is 

impermeable and that each fracture is an infinitely large plane, i.e., all fractures are 

connected. The fracture permeability can be calculated as 

 

𝑘𝑖𝑗 = {
𝑀(𝐹𝑘𝑘𝛿𝑖𝑗 − 𝐹𝑖𝑗) − 𝑀𝐶(𝐹𝑘𝑘𝛿𝑖𝑗 − 𝐹𝑖𝑗)    𝐶 > 𝐶0

0    𝐶 ⩽ 𝐶0

, Eq. 2-16 

where 𝐹𝑘𝑘 defines the principal directions of permeability, 𝐹𝑖𝑗 is the permeability tensor, 

and 𝛿𝑖𝑗 is fracture orientation relative to the control volume,  M is Oda’s correction 

multiplier, and 𝐶0 is the fracture connectivity threshold. This method is commonly 

referred to as Oda's Gold Method (Golder-Associates, 2010) and is available in several 

commercial fracture modelling packages. A drawback of Oda’s (1985) method is that the 

evaluation of fracture connectivity can lead to inaccurate results. Specifically, Oda’s 

method assumes that each fracture is infinitely large, and hence disconnected fractures 

still contribute to the effective fracture permeability. 

 

In contrast to Oda’s (1985) approach, the Effective Medium Theory (EMT) (Sævik et al., 

2013) allows for the computation of the effective permeability of both the fractures and a 

permeable matrix. Thus, it is well adapted for cases where the fractures and matrix can 
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be interpreted as a single porosity system (Figure 2-18). The symmetric, self-consistent 

EMT (Sævik et al., 2013) is an implicit analytical method for estimating the effective 

permeability in a heterogeneous medium consisting of a permeable matrix and ellipsoidal 

inclusions. By setting one of the dimensions of the ellipsoids to zero, the fractures can be 

approximated as disc-shaped features (Figure 2-20).  

 

 
Figure 2-20. Illustration of the Effective Medium Theory used to estimate the effective 

permeability 𝑘𝑒 of a fractured porous medium with fracture permeabilities 𝑘𝑓 and 

matrix permeability 𝑘𝑚. Figure courtesy of Sebastian Geiger. 

 

The fractures can be divided into N sets, each with their own set of properties in terms of 

size, intensity, shape, orientation, and permeability. The effective permeability 𝑘𝑒 of the 

fractured porous media can be calculated as 

𝑘𝑒 = 𝑘𝑚 +
4

3
𝜋 ∑    

휀𝑖

𝜙0

(𝜆𝑖𝛣𝑖 + 𝐼)−1 𝛣𝑖𝑅𝑚
−1,   

𝑁

𝑖=1

 Eq. 2-17 

where 𝑘𝑚 is the permeability of matrix, 𝜙0 is the volume fraction of each fracture, 𝛣𝑖 is 

a tensor that is a function of 𝑘𝑒and parametrised according to the orientation and shape 

of the fractures in set 𝑖, and 𝑅𝑚 is a tensor that avoids fracture apertures close to zero and 

thus improves numerical convergence. 휀𝑖 is the dimensionless fracture density and 𝜆𝑖 is 

the dimensionless fracture permeability, which can be calculated as 

 

휀𝑖 = 𝑃31,𝐼𝑟1,𝑖,      
3                 Eq. 2-18 

𝜆𝑖 =
𝑟1,𝑖

2

𝑟2,𝑖𝑟3,𝑖𝑘𝑖
,    Eq. 2-19 

where the shape of the fracture is defined by an ellipsoid with three principal axes with 

𝑟1 ≥ 𝑟2 ≥ 𝑟3, and 𝑃31 is defined as the fracture density given by the number of fractures 

per unit volume.  
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Sævik et al. (2013) and Wong et al. (2018) have demonstrated that EMT is accurate and 

computationally fast. For a more in-depth discussion of EMT and its various solution 

approaches, refer to Wong (2019).  

 

2.5 HANDLING MODELLING UNCERTAINTY 

2.5.1 Sources of Uncertainty in Reservoir Model 

The reservoir model is subject to various types of uncertainty due to a variety of factors, 

including inherent uncertainties in the geological data, data bias due to over/under-

sampling (e.g., drilling wells in high-permeability zones or high-permeability zones being 

more fragile and thus under-represented in core data), interpretation bias due to anchoring 

or prior experience, and the choice of specific modelling decisions (Baddeley et al.  2004; 

Bond et al. 2007; Bentley and Smith 2008; Hollis et al. 2010; Chellingsworth et al. 2011; 

Refsgaard et al. 2012; Arnold et al. 2013; Deveugle et al. 2014; Chandra et al. 2015; 

Wellmann and Caumon 2018; Costa Gomes et al. 2019). Biases can be classified as 

follows: 

• Motivational bias: Information can be biased since it is provided by an expert 

who is motivated by self-interest. For example, a consultant, whose employment 

depends on his knowledge, may behave over-confidently to show their level of 

understanding. Motivational bias can be mitigated by establishing environments 

that emphasise the importance of an honest assessment over the “correct” answer. 

• Cognitive bias: This bias is caused by an improper interpretation or processing 

of the data when an expert judgement is made. Cognitive biases are subject to 

various factors, including the ability of the expert to remember how commonly 

the event is evaluated or how accurate their first guess is then, adjust it locally in 

light of new information rather than re-evaluating the estimate entirely. Cognitive 

biases are generated by our natural tendency to use shortcuts to simplify difficult-

to-solve problems in order to make quick decisions. The combination of 

motivational and cognitive bias can result in overconfidence in the model’s 

predictability. 

• Group bias: This bias originates from the interaction of specialists in groups who 

discuss ideas and exchange knowledge. Individual bias along with the 

misunderstanding of ideas, can lead to the herding behaviour of groups toward 

one of a relatively small number of commonly accepted ideas, as specialists 

frequently incorporate the knowledge of others into their own. An excellent 
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example of experts being overconfident was demonstrated by Rankey and 

Mitchell (2003). Six professionals were given the task of interpreting seismic data 

from a carbonate reservoir and expressing their confidence in their interpretations. 

Each of them claimed that their interpretation was more accurate and closer to 

reality, since the field was easily interpretable. However, the reservoir's top 

structural surface was poorly defined in some parts of the reservoir, introducing 

significant variability in the volumetric estimations that reached up to a 20% 

difference in gross rock volume, despite the fact that the remainder of the field 

was identical for all interpretations. In addition, Bond et al. (2007) demonstrated 

that when the identical seismic cross-section was sent to 412 different geologists, 

the resulting structural interpretations varied significantly based on their prior 

knowledge and experience (Figure 2-21). The difference in interpretations could 

be caused by motivational or cognitive bias, or a mix of the two. 

 

 

Figure 2-21. Pie chart showing the respective proportions of interpretations for each 

tectonic setting. Only 21% of participants correctly identified inversion as the correct 

interpretation. Taken from Bond et al. (2007). 

 

2.5.2 Multiple Modelling Workflows 

Before delving into the multiple modelling workflows, it is necessary to clarify the terms 

used throughout this discussion: 

• Scenario refers to a specific interpretation of geological and petrophysical data 

used to build a model as well as the modelling approach chosen for each modelling 

step (e.g., a new top horizon is used as input for building the structural model with 

different saturation height modelling approaches, which would lead to different 
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reservoir forecasts). In other words, scenarios are "a set of reasonably plausible, 

but structurally different futures" (Heijden, 1998).  

 

• Model refers to a specific combination of data and modelling approaches used to 

represent a scenario into a 3D grid. Many modelling approaches may be used in 

any modelling step in the workflow (e.g., RRT could be modelled using Lucia or 

GHE). 

• Realisation refers to equiprobable versions of the same scenario that were 

generated by varying the seed number in the stochastic component of the 

modelling process. 

• Anchoring is a term that relates to the presence of numerous models of 

uncertainty that are tied to a single based case. 

 

In reservoir modelling, a single base case (also referred to as mid-case) model has been 

traditionally used. The base case is commonly considered as the anchor point for defining 

the high- and low-case end members, as well as for generating additional stochastic 

realisations of the base case to address geological uncertainties. However, as mentioned 

previously, the base case might be biased by several factors. 

 

An alternative workflow that aims to limit the impact of bias in reservoir modelling and 

explore a more realistic range of geological uncertainties is to consider multiple 

deterministic scenarios. The fundamental idea of a multiple deterministic scenario 

workflow is to challenge our understanding of the reservoir by generating an ensemble of 

geological models that assesses the impact of uncertainty in the imperfect input data 

(Bentley and Smith, 2008; Ringrose and Bentley, 2015). Hence different geological 

scenarios are explored, which consider, for example, different interpretations of the same 

data, different modelling approaches such as the decision regarding which reservoir rock 

typing method to apply or which probabilistic algorithm to use when modelling the spatial 

distribution of petrophysical properties. A true scenario-based approach is distinguished 

by the absence of an initial base case (the base case gets chosen at the end). Figure 2-22 

illustrates the conceptual differences between a workflow that aims to perturb a single 

base-case model and a workflow that considers multiple deterministic scenarios. While 

the latter workflow can yield a broader range of reservoir performance forecasts that need 

to be constrained as production data become available using the appropriate history 
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matching techniques such as Bayesian methods (Christie et al., 2006), it is also more 

likely to include the actual performance of the reservoir behaviour. 

 

 

Figure 2-22. Illustration of the conceptual differences between reservoir modelling 

workflows that consider stochastic perturbations around a single base case and 

workflows that consider multiple deterministic scenarios. Modified after Bentley 

(2016). 

 

A variety of contrasting approaches to uncertainty handling can be broadly classified into 

three categories (Figure 2-23) (Ringrose and Bentley, 2015): 

• Rationalist approaches: These approaches use a preferred model as the base 

case.  The model is considered the best technical guess and may have a predefined 

uncertainty range with respect to the best guess. This uncertainty can be expressed 

as a percentage of the model’s output (e.g. +/-25% of the base case oil in place). 

This approach is what is referred to as the ‘traditional’ deterministic approach. A 

single deterministic model has been frequently used to represent the geology 

where there is limited knowledge of the subsurface (Beven, 1993; Royse, 2010), 

mainly through the use of a single model realisation, based on a single scenario 

for each modelling step (e.g. build a single geological model based on a single 

interpretation of the horizon without considering alternate interpretations) (e.g., 

Kaufmann and Martin, 2008; Fischer et al., 2015). This base case is commonly 

considered as the anchor point for defining the high- and low-case end members. 

However, Neuman (2003) points out that using a single model, i.e. base case, does 

not adequately capture the underlying geological uncertainty inherent in each 

reservoir. 

• Multiple stochastic approaches: These approaches use geostatistical simulations 

for generating a large number of probabilistic models  (Coburn et al., 2006; Caers, 
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2011).  Multiple stochastic approaches are employed to generate an ensemble of 

realisations that result from varying one or more parameters of the base case 

model (e.g., seed numbers, structure depth etc.), referred to as an ensemble of 

geological models.  

• Multiple deterministic approaches: These approaches avoid selecting a base 

case. Instead, this technique develops a small number of model concepts, each 

corresponding to a certain understanding and/or interpretation of the subsurface 

geology. The advantage of this method is the lack of anchoring during the 

uncertainty quantification.  

 

 

Figure 2-23. Graphic illustration of alternative modelling approaches to uncertainty 

handling. Taken from Ringrose and Bentley (2015).  
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Chapter 3 - THE GIANT CARBONATE FIELD, FIELD-X 

3.1 INTRODUCTION 

This chapter begins with a geological overview of the reservoir employed in this study. 

In this thesis, I will refer to this reservoir as Field X. Field X is considered one of the 

giant carbonate reservoirs in the Middle East. The data from the operator company for 

Field X is analysed first, starting with quality assurance and quality control for each data 

type, and concludes with an evaluation of the operator model that was provided for this 

study. Finally, I explore and highlight the most significant uncertainties associated with 

Field X. 

 

Please note that unless otherwise stated, the data for Field X discussed in this thesis was 

sourced from confidential reports by the operating company. 

 

3.2 GEOLOGICAL OVERVIEW OF FIELD X 

3.2.1 Introduction  

Field X is a giant heterogeneous carbonate reservoir in the United Arab Emirates with a 

low-relief anticlinal structure. The Field X reservoir was deposited in a carbonate ramp 

during the lower Cretaceous period; it formed inside the Kharaib formation, a member of 

the Thamama group (Figure 3-1). The reservoir is characterised by six subzones with poor 

rock quality, with an average porosity of 19% at the crest and 12% at the flank, and 

permeability ranging from 5 to 10 millidarcies at the crest and between 1 to 4 millidarcies 

at the flank (Figure 3-2). The reservoir is around 150 feet thick, with a significant 

transition zone reaching 80 feet in thickness. The six subzones were divided based on five 

dense stylolite intervals (Figure 3-3), which can be correlated across the field. The 

stylolites are well developed towards the south of the field and could act as permeability 

baffles, while they are poorly developed at the crest and in the north-eastern parts of the 

field. The field is located in a coastal area covering land, Sabkha and shallow marine 

environments, with sea depths varying from 0 to 8 metres.  
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Figure 3-1. The Kharaib formation in the context of the hydrocarbon habitat and 

stratigraphy of the central Abu Dhabi ridge. Taken from Grötsch et al., (2003). 

 

Field X was initially produced under natural depletion for ten years. The strategy for field 

development was modified later to include eleven inverted 5-spot miscible gas injections 

at the crest and Miscible Water Alternating Gas (MWAG) injections in the flank, with 

nine wells and two water injectors. These injection designs were intended to extend the 

life of Field X by an additional 25 years. The gas produced during the oil production was 

reinjected into the reservoir. The sensitive information regarding Field X, such as well 

names, depths, and locations, as well as the actual values of reserves and production data, 

have been omitted in this thesis. 
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Figure 3-2. Porosity and permeability data for Field X (Unfiltered). 

 

 

Figure 3-3. Example of a typical log of the reservoir. Based on this data, the reservoir 

can be divided into six subzones. 

 

3.2.2 Depositional Setting 

The Field X lithofacies scheme was generated based on one well as documented in the 

operator company report. Fourteen lithofacies have been recognised, although many of 

these are relatively minor. The individual lithofacies have been organised into three 

Lithofacies Associations (LA) LA1, LA2 and LA3, which relate to the key depositional 
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environments within a carbonate ramp depositional system (inner, mid and clay-prone 

distal mid-ramp deposition, respectively) (Figure 3-4 and Figure 3-5).  

 

 

Figure 3-4. Generalised facies distributions on carbonate ramps (Taken from Nichols, 

2009). 

 

 

Figure 3-5. The Paleobathymetrical Profile depicts the interpreted depositional 

environment of each of the Kharaib formation's lithofacies types (Taken from El Wazir 

et al., 2015). 

 

LA are groups of lithofacies with a common genetic origin and environmental relevance 

(Walker and James, 1992). However, it is important to note that individual lithofacies are 

not necessarily unique to specific LA as they may locally occur in different depositional 

environments. The key characteristics of the lithofacies associations are briefly discussed 

below (Table 3-1). 
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• Inner ramp association: LA1 is made up of peloidal skeletal packstones/ 

grainstones, mollusc floatstones/rudstones and Bacinella floatstones. The 

lithofacies are consistent with deposition in a moderate to high-energy, inner-

ramp environment and are indicative of deposition in a fully marine, shallow 

water environment (Banner and Simmons, 1994). 

• Mid-ramp association: LA2 is volumetrically dominated by peloidal skeletal 

packstones and peloidal skeletal wackestones with relatively minor clay-prone 

(argillaceous) peloidal skeletal wackestones. The mainly mud-supported textures 

that dominate the remainder of LA2, together with the biota described above, 

indicate that deposition occurred in a low-energy and fully marine environment. 

LA2 suggests a slightly deeper, proximal mid-ramp setting. 

• Clay-prone distal mid-ramp association: LA3 is made up of argillaceous (clay-

prone) skeletal wackestones, lime mudstones and argillaceous lime mudstones. 

The mud-supported, grain-poor textures and fauna that characterise LA3 indicate 

that deposition occurred in a low-energy and fully marine environment. On this 

basis, it is possible that deposition occurred in an outer ramp setting. LA-3 has not 

been examined petrographically, and consequently, this description and 

interpretation are based on core data only. 

 

Table 3-1. An example of thin-section description for LA1 and LA2 from Field X 

reservoir. 
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Field X has been subjected to a variety of subsurface diagenesis processes. In general, 

most diagenetic processes have a negative impact on the reservoir quality of Field X 

except for dolomitisation, fractures, and leaching. Recall that the term “diagenetic 

processes” refers to any biological, physical, or chemical event that occurs in sedimentary 

rock after it has been deposited. Table 3-2 summarises the diagenetic processes of Field 

X. 

 

Table 3-2. The main diagenetic processes that occur in Field X. 

Process Description 
Impact on 

quality 
Distribution 

Cementation 

Calcite cement is commonly 
found around the grains and the 

shell fragment 
Reduce 

Common across 
the reservoir  

Dolomitisation 

When limestone comes into 
contact with magnesium-rich 

water, limestone is altered into 
dolomite 

Enhance Lower subzones 

Leaching 

Carbonate minerals are 
dissolved, thus creating and 

modifying pore space and Vugs 
Enhance 

Common across 
the reservoir  

Stylolitisation 
Pressure solution inhibiting 

porosity 
Reduce 

Common across 
the reservoir  

Fracturing 
Enhancing porosity and 

permeability if open. 
Enhance 

In the vicinity of 
the fault 

 

3.2.3 Tectonic History of Field X 

Several studies on the petroleum geology of the United Arab Emirates have been 

conducted (e.g., Alsharhan, 1989; Johnson et al., 2002; Sirat et al., 2007). According to 

these studies, the region was affected by two major compressive events. Obduction of the 

Semail Ophiolites was the first compressive event, which took place between the Late 

Cretaceous and the Eocene-Miocene, and was triggered by the emplacement of the Oman 

ophiolite. The Zagros Orogeny, which lasted from the late Eocene to the present, was the 

second compressive event that impacted the region (Searle et al., 1990; Sirat et al., 2012b; 

Hijleh et al., 2016; Noufal et al., 2016) (Figure 3-6). These stresses are mainly responsible 

for the dome-like shape, and faulting of Field X. Two different strike-slip fault patterns 

with strike directions of 75º northwest (N75W) and 45º northwest (N45W) were identified 
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in the area using 3D seismic analysis, which will be addressed in the next chapter. The 

effectiveness of fault sealing is unknown, given that the vast majority of drilled wells are 

located in areas with fewer faults. Fractures are present but not widespread across the 

reservoir; the majority of fractures are often found associated with faults.  

 

 
Figure 3-6. Tectonic map of Abu Dhabi (Noufal et al., 2016). 

 

3.3 FIELD X DATABASE 

The proprietary data for this study were collected from more than 100 wells in Field X, 

and includes conventional well logs, routine core analysis (RCA), special core analysis 

(SCAL), and image logs. In addition, data from more than ten well tests, including fall-

off and build-up tests, and a 3D pre-stack depth migration (PSDM) cube were available. 

Field X has a good quality and reliable dataset, except for the seismic cube. The seismic 

data has poor data quality and low vertical resolution caused by the complex surface 

topography as the field is located in a coastal area covering land sabkha and shallow 

marine environments. 

 

As noted above, an extensive dataset was made available for this study. All this 

information was obtained through proprietary company reports. Quality assurance and 
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quality control were performed on this dataset before it was used in the study. The 

available data for this study is described in the sections that follow.  

 

3.3.1 Well Logs 

The log data for this study were derived from 146 boreholes. These logs include the 

following:  

• Gamma-ray (GR), used to establish stratigraphic correlations; 

• The neutron log and density log, used to calculate the porosity of the formation; 

• The resistivity log, used to estimate oil and water saturation of the formation; 

• The sonic log (acoustic log) is mainly used for seismic calibration and 

measuring the formation’s porosity. 

Following the quality control procedure, 19 boreholes were eliminated from the dataset 

due to depth discrepancies or log measurement errors (e.g., defective instruments, tool 

calibration, environment’s influence on the measurement, etc.). 

 

 

Figure 3-7. Example of a well that was eliminated as a result of measurement errors in 

the porosity measurement and water saturation calculation. 

 

3.3.2 Core Data 

Cores were recovered from 16 boreholes located throughout the reservoir. These cores 

cover the field from crest to flank. However, cored wells are typically spaced between 2 
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and 4 kilometres apart due to the field’s size. Table 3-3 summarises the calibrated core 

porosity and permeability values for 16 wells in Field X. 

 

Table 3-3. Summary table of the calibrated core porosity and permeability of Field X. 

 

 

The core data were calibrated in three steps:  

1. Overburden correction: The porosity and permeability measurements are typically 

conducted at ambient conditions, while a limited number of samples are also tested at 

elevated pressure. The decision is mainly driven by cost, with ambient samples being 

much less expensive. To begin, it is necessary to build correlations for porosity and 

permeability using a smaller data set that includes measurements taken at ambient and 

high pressure. Following that, the relationships are used to correct the ambient data 

set. Figure 3-8 shows a good correlation between the ambient and overburden 

porosity, and Figure 3-9 shows a good correlation value between the ambient and 

overburden permeability. The porosity reduction is around 5%, whereas the 

permeability reduction is around 22%. The reduction in permeability due to the 

overburden is usually more significant than that of porosity, since an increase in 

confining stress has a significant effect on the size of the pore throats and may result 

in complete closure of the flow channel. 

Count sample Well No. MIN Arithmetic Geometric MAX MIN. Arithmetic k Geometric k MAX.

119 1 1 16 14.3 26 0.01 8.7 1.16 532

122 2 0.6 15 12 32 0.01 5.2 1.02 59

139 3 6 19 18.7 27 0.02 3.8 1.61 35

138 4 8 18 14.4 26 0.06 3.4 1.96 41

120 5 1 19 17.1 30 0.02 3.1 1.47 34

181 6 8 20 20 29 0.06 2.6 1.82 18

118 7 6 17 16.4 27 0.02 2.5 1.15 49

147 8 10 19 18.7 28 0.1 2.4 1.39 49

142 9 0.4 16 13.3 23 0.01 2.3 0.79 23

121 10 0.6 13 11.1 23 0.04 2.2 0.9 46

39 11 4 16 15 24 0.01 1.9 0.69 15

145 12 1 16 14.2 24 0.01 1.8 0.91 15

19 13 6 15 14 26 0.03 1.5 0.56 9

74 14 0.4 14 9.6 23 0.01 1.5 0.47 5.4

149 15 2 14 12 24 0.01 1.2 0.6 14

105 16 0.3 14 10.4 23 0.01 1.2 0.46 11

Porosity (%) Permeability (mD)
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Figure 3-8. Linear overburden correction for the porosity of Field X. 

 

 

Figure 3-9. Linear overburden correction for permeability of Field X. 

 

2. Permeability correction: The Klinkenberg correction (Klinkenberg, 1941) was used 

to adjust gas permeability measurements, as gas tends to overestimate the core 

permeability due to the slippage effect, especially in low permeability rock. Figure 

3-10 shows an example of this correction for one of the wells of Field X. 
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Figure 3-10. Example of the Klinkenberg correction applied to the gas permeability 

measurements in one of the wells of Field X. 

 

3. Depth correction: The measurements of porosity and permeability were acquired at 

driller depth, whereas the model is at log depth. As a result, cored data will be 

inconsistent with the model unless depth shifting is performed. Therefore, the porosity 

and permeability data from the cored well were evaluated and shifted in order to 

correspond to the reference depth of the porosity log (Table 3-4), as shown in Figure 

3-11. 

 

Table 3-4. A summary of the depth shift performed on the wells for which core data was 

available. 
Well Depth shift 

1 +5ft 

2 +5ft 

3 -12ft 

4 0 ft 

5 -3ft 

6 +8 to +11ft 

7 +8ft 

8 +29ft 

9 +6ft 

10 +19.5ft 

11 +19ft 

12 +7ft 

13 -11ft 

14 +26ft 

15 +35ft 

16 +17 to +20ft 
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Figure 3-11. Comparison of the core porosity in four wells before and after carrying out 

a depth correction to ensure those core measurements are consistent with the log data. 

The green colour represents the core porosity measurement after the depth shift, while 

the blue colour represents the core porosity measurements before the depth shift. The 

black line represents the porosity log. 

 

The SCAL dataset contains 246 capillary pressure curves from three wells acquired using 

two separate techniques, porous plate methods and mercury injection capillary pressure 

(MICP). The capillary pressure dataset is summarised in Table 3-5. 

 

Table 3-5. Summary of the capillary pressure datasets available for Field X. 

Well Mercury injection Porous plate 
D1 77 18 
D2 80 NA 
D3 71 NA 

Total 228 18 
 

3.3.3 Image Logs  

Borehole image data can be obtained using acoustic and electrical (micro-resistivity) 

techniques. Recent advances in borehole imaging quality have yielded growing uses of 

this technology. For this study, micro-resistivity formation images in water-based mud 

were acquired for nine wells using the full-bore formation micro-imager (FMI) available. 

Figure 3-12 Shows an example of a resistivity image log intersected by multiple fractures 

and a single fault in Field X. 
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Figure 3-12. Example of the resistivity image log of Field X. 

 

3.3.4 Well Test Data 

Pressure transient data from 12 well tests were available for study. The majority of these 

well tests were conducted on wells located within the oil zone, with only a few wells 

placed in the transition zone. Figure 3-13 Shows an example of the pressure build-up test 

of Field X. 

 

 

Figure 3-13. Example of pressure build-up test of Field X. 
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3.3.5 Other Data 

This study also had access to 25 years of field production and injection history, including 

well rates, pressure data, modular formation dynamics tester (MDT), and tracer tests. This 

data was not directly used in this PhD research but was key to the work of PhD student 

Saeeda Al-Ameri (AlAmeri, 2020), who used the reservoir models produced in this study 

for a detailed history-matching and optimisation study. This study did not have access to 

mud logging reports, details on the facies and depositional environments, or other 

geological reports.  

 

3.3.6 Evaluating the Operator Model 

The operating company provided the initial static and dynamic reservoir model, which 

will be referred to as the first operator model in this study. The number of grid cells in 

the operator model are 280 x 240 x 28. Each cell is 125m x 125m in size and varies in 

thickness to represent the vertical heterogeneities of the subzones. 89 boreholes were used 

to create the first operator model based on six rock types (RRT) that were determined 

using data from one well. The rock quality index (RQI) was used to identify each rock 

type (Table 3-6). This index was calculated by combining the porosity and permeability 

values from RCA. The initial water saturation was then modelled using the height above 

the free water level curve for six RRTs (Figure 3-15); these curves were created using the 

MICP data from only one well. 

 

Table 3-6. Ranges of RQI used to create the reservoir rock types of the operator model. 

Rock type RQI (Minimum) RQI (Maximum) 

RRT 1 6.017 Greater than 6.017 

RRT 2 4.283 6.017 

RRT 3 3.066 4.283 

RRT 4 2.530 3.066 

RRT 5 1.993 2.530 

RRT 6 Less than 1.993 1.993 
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Figure 3-14. Saturation-height functions for the operator model based on six RRTs 

(Table 3-3). The colour indicates the permeability value. 

 

3.3.7 Issues with the Operator Model  

Several uncertainties were found in the operator’s existing geological model, which arise 

from new datasets that were collected over the last seven years and have not been 

incorporated. For example, 57 new wells were drilled during this period, core data from 

five new wells became available, and as well as SCAL data from two new wells.  

To obtain an acceptable history match for the first twenty years of production data using 

the operator model, local horizontal permeability multipliers ranging from 0.5 to 100 had 

to be applied to 46% of the wells and local vertical permeability multipliers ranging from 

0.5 to 100 to 44% of the wells; these local modifications led to a reservoir model that was 

no longer consistent with the geological understanding and indicated that there was 

“missing permeability” in some areas of the field. Using an additional further five years 

of production data for Field X, AlAmeri (2020) performed another history match with the 

operator model and found that data for numerous wells underestimated gas-oil ratio 

(GOR), water cut (WC), and well bottom hole pressure (BHP).  Figure 3-15 illustrates an 

example of a mismatch between WC and GOR for two wells. 
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Figure 3-15. Example history matching results showing a mismatch between the GOR 

at well R (left) and the water cut at well S (right). 

 

In addition to the history matching challenges, the existing operator model also exhibits 

a poor match of the saturation model compared to the log data observed in the field, 

notably throughout the transition zone. Recall that the transition zone in Field X can be 

up to 80 feet thick at its thickest point. An example of the mismatch between the saturation 

model and log data is shown in Figure 3-16. 

 

 

Figure 3-16. Saturation model from four wells in Field X and comparison to the log data 

(red line). Note the poor agreement, especially in the transition zone. 

 

3.4 MODELLING UNCERTAINTIES IN FIELD X 

3.4.1 What are We Modelling For? 

When designing a geological model, it is necessary to challenge our understanding of the 

inherent geological uncertainties and propagate them effectively through the modelling 
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process in order to use the model reliably for reservoir development and management 

decisions, rather than modelling for comfort, in which we develop models to support 

previously made decisions for the sake of the decision-makers comfort (Bentley, 2016). 

 

Building a geological model should begin with a thorough understanding of the model’s 

essential parameters, expected value ranges, and related uncertainty. Subsurface 

uncertainties were assessed early in this study using the data provided by the operator as 

a starting point. Examining these uncertainties early in the study was crucial to focus on 

the most significant uncertainties that may affect reservoir performance, volumetric 

estimation, and final oil recovery in Field X 

 

3.4.2 Structure  

Uncertainty in the reservoir structure was associated with the aforementioned ambiguity 

inherent in the acquisition of the seismic data and the construction of velocity models. 

Hence, uncertainties occur when identifying the seismic horizons in the 3D seismic cube 

for building the structural model. To address this issue, a deterministic scenario for the 

geological structure was generated using the revised top structure based on a new velocity 

model provided by the operator. Additionally, stochastic scenarios for the geological 

structure have been generated using an error map. The error map was calculated based on 

the difference between the actual and the predicted depth of the drilled wells and taking 

into account the discrepancy in the deviation survey accuracy of the highly deviated well 

between the measurements while drilling (MWD) and the wireline Gyro surveys. This 

aspect will be covered in further detail in Chapters 4 and 6.  

 

3.4.3 Zonation and Layering  

Correlation serves as the foundation of all geologic modelling, and hence a reliable 

reservoir characterisation relies on consistent well correlation across the reservoir. One 

uncertainty to asses is therefore to analyse if any geologic correlation could be 

incompatible with the reservoir’s properties and could lead to an inaccurate representation 

of different flow units. According to the available data for Field X, increasing the subzone 

has a minor effect on volumetric estimation. An increased vertical resolution adds 

additional processing time, as the current layering scheme includes 41 layers with vertical 

resolution ranging from 1ft to 6ft and an average resolution of 3.5ft. In contrast, 
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decreasing the number of subzones and layers may alter the distribution of properties and 

hence the volumetric estimation. 

 

3.4.4 Petrophysical Properties  

In Chapter 2, it has been discussed that the petrophysical properties of carbonate rocks 

can be influenced by a multitude of geological processes, which usually increases the 

geological uncertainties inherent to carbonate reservoirs compared to their clastic 

counterparts. Field X has been influenced by a diagenetic process that has resulted in the 

overprinting of the initial pore system, making it difficult to predict the distribution of the 

depositional facies across the reservoir without a detailed analysis of the diagenesis and 

depositional environment in the reservoir.  Instead, reservoir rock typing was used to 

guide the estimation of the distribution of the petrophysical properties using a different 

approach, which significantly influenced volumetric estimation and hence the dynamic 

behaviour. This aspect will be covered in further detail in Chapters 4 and 6.  

3.4.5 Water Saturation  

It is critical to accurately model water saturation variation in transition zones in reservoir 

geological and simulation in order to estimate volumetric and hence design an appropriate 

development plan for the field. The existing operator model fails to represent the water 

saturation distribution of the significant transition zone in the Field X reservoir model 

(Figure 3-17). 
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Figure 3-17. An illustration of the water saturation model across the transition zone. 

 

3.4.6 Fluid Contact  

The gas-oil contact in Field X was approximated using data from multiple wells that 

penetrated the gas cap with an uncertainty of +/-15ft. The gas cap was confirmed using 

density-neutron log separation (Figure 3-18). Logging companies designed the density-

neutron log overlay as a technique of estimating the effective porosity that was free of 

any lithology-related effects. However, the overlay quickly gained popularity due to 

another aspect (gas effect or gas crossover). This occurs as a result of the gas reducing 

the apparent porosity as measured by a neutron log and increasing the apparent porosity 

as measured by a density log.  Additionally, the MDT data which was obtained from 

different wells, was used to define the fluid contacts. Initially, the MDT data were 

subjected to quality control in order to obtain representative pressure gradients within the 

wells. Excessive pressure readings (supercharging) are quite common in low-

permeability reservoirs and should be eliminated from the estimation. The MDT agrees 

with log measurement and shows an uncertainty of +/-15ft in the gas-oil contact (Figure 

3-19), while the free water level was calculated based on MDT data collected from 

various wells, with an uncertainty of +/-10ft difference in depth. However, we assume 

constant fluid contacts in this study; these simplifications enable us to analyse the impact 

of modelling decisions on STOIIP estimates and reservoir prediction more thoroughly. 
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Figure 3-18. Density and neutron log separation for well T of Field X indicates the gas 

effect. The green line represents the neutron porosity log, while the red one represents 

the density log. 

 

 

Figure 3-19. An illustration of the pressure gradient interpretation in Field X was used 

to determine the gas-oil contact. The depths and pressure values have been altered to 

account for confidentiality. 

3.4.7 Fracture  

A detailed examination of the data for the wells in the region of the faults suggests a high 

probability of the presence of fault-related fractures with low-intensity fractures. Diffuse 

fractures, which seem to be open or partially open natural fractures, have been recognised 

in both the image logs and the core data. The operator model does not include any 

representation of the fractures. 
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3.4.8 Other Uncertainties  

Additional uncertainties in Field X include the following: The presence of high 

permeability streaks, the ratio of vertical permeability (Kv) to the horizontal permeability 

(Kh), Lastly, there is uncertainty regarding fluid properties. For example, lateral and 

vertical variations in PVT properties, gas-oil ratio, scaling, H2S concentration, bubble 

point, corrosion, and wettability alteration are present in Field X. 

 

3.5 SUMMARY 

Field X is a giant limestone reservoir with 25-years of field production and injection 

history. Significant anomalies have been found in the current operator’s model, including 

poor history match quality for WC, GOR, and BHP. The discrepancy persists even when 

they use an arbitrary multiplier range of up to 100 that was not based on geological 

observations. Additionally, there is a poor representation of the water saturation model 

across the transition zone (Figure 3-20). 

 

 
Figure 3-20. The main challenges of Field X. The existing operator model exhibits a 

poor match of the saturation model compared to the log data and poor history match. 

 

The geological model needed to account for the major geological heterogeneities 

affecting the hydrocarbon distribution, especially in the transition zone and fluid flow 

across the reservoir. Chapter 4 details the process for assessing and incorporating different 

RRT and different saturation height approaches into the model. Chapter 5 demonstrates 

how integrating the fracture into the reservoir using the Effective medium theory 

approach enhanced the quality of the history match in Field X.  

 

In addition to permeability, substantial degrees of uncertainty was associated with 

STOIIP estimation in Field X. Chapter 6 demonstrates how employing multiple 
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deterministic workflow scenarios to generate ensemble models of Field X improves the 

reliability of STOIIP estimation with high quality of history matching. 
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Chapter 4 - THE IMPACT OF A SINGLE GEOLOGICAL CONCEPT 

ON RRT AND SATURATION MODELLING 1 

4.1 INTRODUCTION 

As described in Chapter 3, modelling transition zones in giant carbonate reservoirs such 

as Field X remains challenging. These reservoirs often exhibit complex geological 

heterogeneities (e.g., fractures, poor effective porosity, or low matrix permeability) but 

hold large quantities of oil in the transition zones, which can have a thickness of up to 80 

ft.  

 

This chapter describes a geomodelling workflow that combines multiple deterministic 

scenarios with multiple stochastic realisations to understand how geological uncertainties 

and the decision-making process during reservoir modelling impact STOIIP estimates 

and predictions of reservoir performance in Field X. In particular, the focus is on the 

uncertainties related to defining reservoir rock types (RRT) and modelling the initial 

hydrocarbon distribution. The impact of this study reaches beyond the STOIIP estimates, 

as the assumptions about the initial saturation distribution also impact the modelling of 

reservoir flow behaviour in the transition zone (e.g., due to hysteresis) and, ultimately, 

the planning of reservoir development strategies.  

As discussed in Chapter 2, the primary concept behind a multiple deterministic scenario 

workflow is to challenge our understanding of the reservoir by constructing an ensemble 

of geological models that evaluate the impact of uncertainty arising from the imperfect 

input data (Bentley and Smith, 2008; Ringrose and Bentley, 2015). Hence, different 

geological scenarios are explored, which consider, for example, different interpretations 

of the same data, different modelling approaches, such as the choice of reservoir rock 

typing method, the choice of modelling method for saturation height, or different 

probabilistic algorithms to model the distribution of petrophysical properties. 

 
1 This chapter is contains material from ’AlBreiki, M., Geiger, S., Corbett, P. W., and AlAmeri, S. (2019). 
Assessing The Uncertainty In Hydrocarbon Distributions In The Transition Zone Of A Giant Carbonate 
Reservoir. First EAGE Reservoir Characterization and Modelling Workflows for Giant Carbonate Field 
Developments of the Middle East. https://doi.org/10.3997/2214-4609.20190019’ 
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4.2 METHODOLOGY 

A reservoir model should adequately describe the geological architecture and 

petrophysical properties of the reservoir, as well as the uncertainties associated with them. 

For Field X, a deterministic multi-scenario reservoir modelling workflow was employed 

to evaluate our understanding of the static and dynamic reservoir processes. The Field X 

reservoir model was designed to be flexible for various modelling scenarios (Figure 4-1).  

 

 

Figure 4-1. Schematic overview showing the modelling workflow for generating the 

different geological scenarios for Field X. 
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The workflow for modelling Field X was divided into six major components, namely: 

a) The creation and quality control of the database were the first steps in the workflow. 

The geological and geophysical data were then imported into a commercial reservoir 

modelling software (Petrel®).  

b) The seismic horizon corresponding to the reservoir’s top surface was calibrated to the 

stratigraphic markers of the wells. The geometry of the fault model was then analysed 

in conjunction with data from well logs, production and injection history and MDT 

pressure measurement to identify any potential reservoir compartments and different 

fluid contacts in the reservoir. The presence of reservoir compartments could 

significantly impact the outcome of dynamic simulations and, consequently, the 

development strategy. The grid of the structural framework was then generated by 

integrating seismic interpretation, structural analysis, and stratigraphic correlation. 

Zones and layers were created in the model, in line with the stratigraphic data.  

c) Effective porosity values derived from well log data were scaled up (arithmetic as 

average method) to the grid cells in order to determine their spatial distribution using 

variograms and trend analysis, then stochastically distributed throughout the model 

using Gaussian Random Function Simulation (GRFS).  

d) Since reservoir rock typing (RRT) and permeability modelling are critical steps in the 

geomodelling workflow for carbonate reservoirs, as they have a significant impact on 

oil-in-place distributions (Skalinski and Kenter, 2015), three reservoir rock type 

approaches were employed to produce the permeability model: 

1. Porosity and permeability transforms for each subzone; 

2. Global hydraulic elements (GHE) (Corbett and Potter, 2004);  

3. Lucia’s classes (Lucia, 1995). 

e) The permeability models obtained from each RRT approach were then used as input 

data for building the water saturation models using three different methods: 

1. A moving average interpolation is used to interpolate Archie’s water 

saturation values from logs (Archie, 1950) to the 3D model;  

2. Leverett J-functions derived from the core using the J-function equation 

(Leverett, 1941); 

3. A combination of Leverett J-functions derived from the core and J-functions 

derived from the log (O’Meara, 2019). This technique is available in dedicated 

commercial software (Geo2Flow). The Geo2Flow software generates a 3D 

saturation model that honours the corresponding saturation logs exactly and 

can be readily applied to carbonate reservoirs. Figure 4-2 provides an 
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overview of the procedures taken to integrate these data sets using Geo2Flow. 

Initially, the capillary pressure curves were subjected to a quality assurance 

check. Next, using the Leverett equation, capillary pressure data was 

converted to dimensionless Leverett J-functions, as discussed in Chapter 2. 

The average, maximum, and minimum curves were then defined for the 

Leverett J-function before converting the log water saturation values from the 

depth domain to the log-derived Leverett J-function’s domain. A 3D Leverett 

J-function model was then generated by combining the core-derived Leverett 

J-function with the log-derived Leverett J-function. Finally, synthetic 

saturation logs were calculated that honoured the saturation from the log- and 

core-derived Leverett J-function and the 3D model was populated using 

geostatistical interpolations of the synthetic saturation log. 

 

 
Figure 4-2. Illustration of the saturation modelling workflow in Field X using the 

Geo2Flow software, which combines core-derived and log-derived J-functions to model 

the saturation distribution in a reservoir. 

 

f) Finally, these models were subjected to several validation procedures. The structural 

and stratigraphic grids were validated by ensuring that all horizontal well trajectories 

were modelled in the corresponding subzone. The core permeability was compared 

with the modelled permeability at each well. Then, the permeability models were 

validated by comparing the average permeability in the drainage area of a specific 

well to the average permeability found in the corresponding well test. All the 

generated saturation models were then validated with the water saturation log from 

the Archie equation while taking into account the uncertainty of the Archie 

parameters 𝑚 and 𝑛 (Figure 4-3). Importantly, this comparison between the saturation 

logs and the saturation model would be inappropriate for the approach that combines 

the core- and log- derived J-functions since the saturation log is used as an input in 

this approach. For this reason, three blind tests were conducted for the saturation 
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model generated for the core- and log-derived J-functions method by randomly 

selecting 70% of the available wells as input data for the modelling process and 

quality checking the resulting model by comparing the modelled saturations to the 

remaining 30% of the wells. This process was repeated several times to avoid any bias 

in the validation process. At the end of the process, a detailed history-matching and 

optimisation study was performed by PhD student Saeeda Al-Ameri to validate the 

generated models using dynamic data from 25 years of production (AlAmeri, 2020). 

 

Figure 4-3. The uncertainty ranges for Archie parameters for 𝑚 (left) and 𝑛 (right). 

 

4.3 RESULTS AND DISCUSSION 

A 3D geological model of Field X was constructed using a commercial geomodelling 

software based on the available data, as mentioned earlier in Chapter 3, which comprises 

a 3D seismic dataset, conventional logs from 146 wells, routine core analysis from 16 

wells, seven image logs, and three SCAL datasets (Figure 4-4).  

 

 

Figure 4-4. The 3D static model of Field X (top structure). The colour represents the 

depth. Note that the model dimensions are not shown due to the proprietary nature of 

the underlying data. 
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The combination of multiple deterministic scenarios with multiple stochastic realisations 

provides the ability to evaluate and assess how various geological scenarios and different 

modelling decisions impact STOIIP and reservoir performance. This section will discuss 

the effect of the workflow on the modelling outcomes for key reservoir properties. The 

workflow is subdivided into five distinct steps (e.g., structural modelling, property 

modelling, saturation modelling, STOIIP estimates and dynamic modelling validation). 

The workflow (Figure 4-1) is subdivided into five distinct steps (e.g., structural 

modelling, property modelling, saturation modelling, comparison of STOIIP estimates, 

and dynamic modelling validation). Next, the impact of each step of the workflow on 

pore volume, STOIIP, and history match is discussed.   

 

4.3.1 Structural Modelling 

4.1.1.1 Top Horizon 

As discussed in Chapter 3, the reservoir’s top surface appears to be highly undulated due 

to the poor seismic quality of the field. Figure 4-5 illustrates a misleading feature in the 

seismic section; this issue should have been corrected during the data processing step 

known as "static correction". Static correction refers to shifting the entire seismic trace 

up or down in time. This essential procedure becomes much more critical when dealing 

with complex terrains, such as Field X. It corrects for near-surface velocity anomalies and 

ensures that the source and receivers are aligned with a flat datum. 

 

 
Figure 4-5. Deceptive features that run from the top to the bottom of the seismic section. 

These artefacts should have been eliminated during seismic processing through static 

correction. 
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Surface attributes were used to adjust and smooth the reservoir’s top surface while 

maintaining the reservoir’s primary structural features. These attributes include dip 

azimuth and dip angle of the top surface. Figure 4-6 and Figure 4-7 allow a comparison 

between the original surface and the improved surface. The improved surface was used 

as the input when building the structural model. It can be seen that the improved surface 

is smoother and more representative of the reservoir’s geology. 

 

 

Figure 4-6. Comparison of Field X’s original and improved top surfaces. These are 

comprised of the dip’s azimuth, the dip angle, and the depth map. 
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Figure 4-7. Cross-section of Field X from north to south, comparing the original 

undulated top surface to the improved surface. The other coloured lines represent well 

trajectories. 

 

A structural model was created based on the interpreted seismic horizons, formation tops, 

and 81 interpreted faults, with two primary faults directions of N75W and N45W. The 

structural model was built with a grid size of 350x300x41, with each grid block having 

an aerial dimension of 100 x 100 metres. As illustrated in Figure 4-8, the grid cell was 

rotated ten degrees clockwise to the east to correspond to the orientation of the major 

faults. The grid resolution of 100m x 100m was designed to provide at least five grid cells 

between injector and producer pairs. In addition, the grid resolution was intended to keep 

the simulation process within reasonable computation time. The generated models were 

used for the dynamic simulations (history matching and performance forecast) by Saeeda 

Alameri (AlAmeri, 2020) using a fully compositional model. The challenge here is to 

maintain computationally efficient models while demonstrating that ensemble models 

bring value to decision-making. 

 

 
Figure 4-8. A time-slice through Field X illustrating the model’s boundary and faults 

(left) and the 81 faults identified from the seismic cube and the located in the model, 

which has been rotated 10° to the east (right). 
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4.1.1.2 Fault Modelling  

All data from the seismic survey, conventional logs, image logs, and pressure 

measurements were reviewed to verify that the model represented all faults that could 

possibly impact reservoir dynamics. First, a fault throw analysis was conducted to 

calculate the throw displacement of each fault in the model and thus to determine the 

presence of any potential compartments (Figure 4-9). Any fault with a throw 

displacement of more than 50 feet was highlighted as a potential segment at this stage.  

 

 
Figure 4-9. Fault throw analysis for all the 81 faults. 

 

In addition, regional trends in the data by area were also investigated. Initially, wells were 

grouped in many regions to investigate if there were lateral changes in log response. As 

an illustration, Figure 4-10 shows that Field X has been subdivided into several regions 

using three different approaches. The subdivisions comprised twelve regions based on the 

current fault model, three regions based on the fluid contacts, and six regions which were 

defined from east to west, based on the regional sea-level orientation at the time of 

deposition. However, on closer inspection, only the southeast area of the reservoir was 

found to have a significant difference in log response compared to the rest of Field X. 

 

 

Figure 4-10. Subdividing the reservoir into several regions to investigate lateral 

differences in log response shows twelve regions that have been identified based on the 

fault model (A), three regions are based on fluid contacts (B), and six regions are based 

on the regional sea-level orientation at the time of deposition (C). 
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As a result of this investigation, two potential reservoir segments were identified (Figure 

4-11). The first segment (segment-NE) was modelled on the field’s northeast side. 

Although the segment is located in an undeveloped part of the field, it will affect any 

future wells proposed in this area. The second segment (segment-SE) was modelled in 

the southeast region of the field. This segment was defined after a full assessment of the 

available data, including the following items of evidence. Firstly, the wells in this 

segment indicate that the free water level is deeper than the remainder of the wells (Figure 

4-12). Secondly, there was no evidence that the injectors in segment-SE provided pressure 

assistance to the producer on the other side of the fault after three years of injection (the 

distance between the producer and the injector is less than 1000 metres) (Figure 4-13). 

Thirdly, the reservoir saturation tool, which is used to estimate the water saturation behind 

the casing, was employed in a nearby observer well on the other side of the fault; no 

change in saturation was detected throughout the three years of injection in segment-SE 

(Figure 4-14). Based on these three findings, this region was segmented to better assess 

the area during the simulation run. However, additional future investigations are required 

to determine whether the faults compartmentalise the reservoir or not.  It is worth 

mentioning that this segment-SE only accounts for approximately 1.2% of the entire field 

STOIIP. Although 1.2 percent may seem like a small amount of uncertainty for Field X, 

this amount could be equal to the entire reserve for another field somewhere else in the 

world. 

 

 
Figure 4-11. An illustration of the model for Field X contains two new segments to 

allow for greater flexibility during a simulation run (e.g., alter the fault transmissibility 

and assign different fluid contacts). The colour represents the depth. 
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Figure 4-12. Compared to the rest of the field, the free water level in the southeast area 

surrounding Well-R and Well-V are located deeper than the main free water level at 

XX75. 

 

 
Figure 4-13. Log derived J-functions showing oil saturation below the free water level 

of two wells (R and V) located in the southeast area (segment-SE), indicating the 

presence of deeper oil saturation when compared to fluid field contact (left), and new 

segments in the vicinity of these two injector wells, with a nearby observer well on the 

other side of the fault. The colour represents the water saturation (right).  
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Figure 4-14. Reservoir saturation tool testing was carried out on the other side of the 

fault, which showed no saturation change throughout the three years of injection. 

 

Many faults in Field X are classed as sub-seismic since their fault displacement is less 

than 25 feet. The operator company interprets these faults using specialised algorithms 

designed to detect faults based on seismic attributes. All interpreted faults were integrated 

into the grid and modelled as zig-zag faults in order to maintain regularly orthogonal 

uniform cartesian grids along the faults (Figure 4-15). Furthermore, the fault throw 

analysis discussed previously identified two new reservoir segments in the new grid. 

Finally, no additional work was undertaken in this study to predict static fault 

characteristics because that was deemed beyond the scope of the study. 

 

 
Figure 4-15. Model of Field X showing all interpreted faults. Note that faults were 

modelled as zig-zag features to adhere them to the cartesian grids. The green colour 

represents the skeleton of the 3D grid. 
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4.1.1.3 Reservoir Zonation 

The reservoir zonation of Field X was established using core and well log data, paying 

specific attention to avoid the challenges discussed in Chapter 2, which are often 

encountered when creating the zonation. Field X was subdivided into 16 subzones; the 

sub-zoning was established in accordance with the rock characteristics (porosity, 

permeability, and lithofacies). The isochore map for each subzone was created using the 

well top markers, based on the reservoir’s stratigraphic correlation (Figure 4-16), thus 

establishing comparable subzone characteristics while maintaining an adequate thickness 

for each zone (Figure 4-17). 

 

 

Figure 4-16. An illustration of the well correlation throughout Field X. The first track 

represents the gamma-ray log. The effective porosity log with core porosity data is on 

the second track. The neutron-density logs are on the third track. The fourth track shows 

the core permeability data. The fifth track display calculates water saturation. The last 

track represents the subzone log. 
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Figure 4-17. Isochore maps were generated from the vertical and deviated wells in Field 

X. These maps were used to create the sixteen main subzones. The colour represents the 

thickness. 

 

Quality checks for the zonation process in the model were conducted by examining all of 

the horizontal well trajectories and confirming that they were completed in the correct 

subzone, as the majority of wells are horizontal and have been drilled to lengths of more 

than 4000ft. Some of these wells were drilled throughout multiple subzones, meaning that 

manual editing of subzone depths was frequently required for each well. This process was 

accomplished by creating pseudo vertical wells along the horizontal hole trajectories in 

order to preserve the structure and the subzones’ thicknesses over the horizontal well 

trajectory (Figure 4-18). In addition, the thickness of the subzones across the model and 

surrounding the fault were examined to prevent subzone collapse, which could introduce 

anomalies such as induced pinch out that do not exist. Furthermore, if there is a slight 

depth discrepancy between these wells, even if it is less than one foot, issues in the 

structure model could arise. Figure 4-19 illustrates an example when more than one 

borehole is positioned within the same cell (e.g., a side-track). Typically, the well with 

the best log quality was chosen for the upscaling of the logs in these situations. 
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Figure 4-18. Example of a quality check for horizontal well trajectories in the model. 

Pseudo vertical wells were inserted across the horizontal well with the goal of 

preserving the structure and subzones thickness throughout the horizontal well. 

 

 
Figure 4-19. Illustration of two wells that are located in the same cell (e.g., side-track). 

Despite the fact that they are only a few metres apart, the new well penetrated the top 

structure 5ft deeper than the previous well. This resulted in the introduction of artefacts 

into the model. 
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4.1.1.4 Layering 

The reservoirs in Field X have a high degree of lateral continuity within the field structure 

and, as a result, the layering within each zone was designed to be proportional layering, 

which means that the subzone will be divided into layers with identical thicknesses 

depending on the selected number of layers. An analysis of the layering of each reservoir 

subzone was carried out to determine the optimal layering scheme (Table 4-1). The grid 

resolution for the layering schemes was designed to be as consistent as possible with the 

vertical resolution of a logging tool. The final layering consists of 41 layers (Figure 4-20). 

This number of layers captures the bed thickness seen in the core and variations in 

porosity. Vertical resolution varies among the layers but can be as low as one foot, 

considering the geological heterogeneity and the oil reserves in each subzone. A 

secondary aim of the layering exercise was to avoid upscaling the grid and keep the 

workflow as simple as possible while still capturing the reservoir low/high permeability 

architecture.  

 

Table 4-1. Detailed statistics of the layering scheme in Field X. 

Subzones 

Contribution to 

total pore 

volume (%) 

Average 

porosity (%) 

Average 

subzone 

thickness (ft) 

Layer count 

per subzone 

Average layer 

thickness (ft) 

MSZ-1 1% 4% 5 1 5 

MSZ-2 2% 3% 10 1 10 

MSZ-3 6% 15% 8 4 2 

MSZ-4 4% 14% 6 4 1 

MSZ-5 3% 13% 5 2 2 

MSZ-6 1% 11% 3 2 1 

MSZ-7 15% 17% 18 6 3 

MSZ-8 2% 14% 4 1 4 

MSZ-9 16% 17% 18 6 3 

MSZ-10 2% 14% 3 2 2 

MSZ-11 20% 18% 22 4 6 

MSZ-12 2% 12% 4 1 4 

MSZ-13 8% 15% 11 4 3 

MSZ-14 2% 12% 3 1 3 

MSZ-15 11% 15% 14 1 14 

MSZ-16 3% 6% 11 1 11 

Total /Avg. 100% 14% 144 41 5 
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Figure 4-20. Illustration of the zonation and layering scheme for Field X. 

 

4.3.2 Porosity Modelling 

The effective porosity from the 146 wells was used to create the porosity model. The 

effective porosity was calculated using the combination of the neutron and density logs. 

These logs have been blocked (scaled up) into the 3D grid using arithmetic averaging. 

The cell thickness is around 2 to 4 ft, which is sufficient to reflect the porosity variations 

in the logs (Figure 4-21).  

 

 
Figure 4-21. Example of an upscaled porosity log at Field X. The red curve represents 

the porosity logs, whereas the background colour represents the upscaled values. 

Following that,  the variogram is used to analyse and model the variance between two 

spatial points derived from the upscaled porosity data (Deutsch and Journel, 1998). The 

following observations may be made about the results (Figure 4-22):  

• The major distances range from 2500 metres to 11000 metres, and the orientations 

range between N60 degrees west and N10 degrees east. 
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• A simple spherical model was used to fit each semivariogram, with nugget effects 

ranging between 0 and 0.1. 

• The vertical semivariogram’s range was estimated to be between 2 and 15 feet. 

 

 
Figure 4-22. Semivariogram for the porosity in one of the subzones of Field X (A) and 

histogram of the porosity distribution for the same subzone (B). 

 

The upscaled porosity data were thoroughly examined at the subzone level to capture both 

spatial variation and data distribution. Different approaches exist in commercial software 

packages such as Petrel to model the statistical distribution of porosity, namely: a) fitting 

the porosity model values to the upscaled porosity log values, b) fitting the porosity model 

values to the original porosity log values, c) fitting the porosity model values to a normal 

distribution. Although a slight difference in pore volume was found when these three 

procedures were applied to Field X, the fit to the original porosity log values was chosen 

since it is the most representative of the data distribution (Figure 4-23). It is worth noting 

that increasing the number of layers improves the fit to the porosity histogram but has no 

effect on the pore volume of Field X and may increase the computation time (Figure 

4-24). 
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Figure 4-23. Modelling the porosity distribution in Field X by fitting the distribution to 

the upscaled well logs (A), fitting the curve to the original well logs (B), and fitting the 

distribution to the normal distribution (C). 

 

 
Figure 4-24. An illustration demonstrates how increasing the number of layers in four 

subzones improves the match between the histogram and modelled data while having a 

negligible effect on the overall pore volume. 



 

88 

After ensuring the reliability of the data analysis, the Gaussian Random Function 

Simulation was used to create multiple equiprobable realisations that adhered to the 

predefined histogram and variogram (Figure 4-25 and Figure 4-26).  Gaussian random 

function simulation is more accurate and faster than sequential Gaussian simulation in 

reproducing distributions due to its parallel computing architecture (Daly et al., 2010). 

 

 

 
Figure 4-25. Example of porosity models for two subzones of Field X and their 

corresponding histograms. The porosity model was created using Gaussian Random 

Function Simulation. 
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Figure 4-26. Illustration of the vertically averaged porosity maps for the sixteen 

subzones of Field X. 

Additionally, multiple stochastic realisations of the porosity distribution were generated 

using different seed numbers (Figure 4-27). Finally, all outcomes were subjected to 

quality assurance and validation using a blind test. The blind test was repeated to 

eliminate bias in the selection process of the well, with 37% of the wells containing 

porosity data reserved for eventual cross-validation and blind testing of each model 

(Figure 4-28). Figure 4-29  to 4-31 show examples of modelled porosity logs based on 

different blind testing results and compare them to the measured porosity logs. 
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Figure 4-27. Examples from two wells comparing the porosity model and the actual 

porosity logs (black lines) for different stochastic realisations (i.e., different seed 

numbers). 

 

 
Figure 4-28. Illustration of the wells that have been removed from the original data 

when building the porosity model for two subsequent blind tests where the porosity 

model is compared to the data from these wells.  
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Figure 4-29. Example from the porosity log for blind test 1 (horizontal wells). The blind 

test model is depicted on the left track by the red line, and the black line is the actual 

porosity log. 

 
Figure 4-30. Example from the porosity log for blind test 2 (vertical well). The blind 

test model is depicted on the left track by the red line, and the black line is the actual 

porosity log. 

 
Figure 4-31. Example from the porosity log for blind test 2 (horizontal well). The blind 

test model is depicted on the left track by the red line, and the black line is the actual 

porosity log. 
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The pore volumes of the blind test models were calculated in an area with a radial distance 

of 200 and 400 metres around the wells and compared to porosity data for the same well 

using the porosity model that was built using all the available wells (Figure 4-32). The 

advantage of this calculation is that it allows us to emphasise any slight variation in the 

pore volume surrounding the wells, which might be less noticeable when compared to the 

total pore volumes to each other. 

 

 

 
Figure 4-32. The pore volumes of the blind test porosity model were calculated for an 

area surrounding the wells with a radial distance of 400 metres (left). The pore volumes 

of the blind test porosity model were calculated for an area surrounding the wells with a 

radial distance of 200 metres (right).  

 

The results from these analyses (Figure 4-33 and Table 4-2) show that there is negligible 

variation in pore volumes (i.e., less than 0.5%), and hence the porosity models are robust, 

and the porosity itself has little influence on the STOIIP estimates. The consistent 

estimates of pore volumes are not particularly surprising, given the fact that the study has 

access to porosity logs from more than 100 wells, and the logs showed a reliable 

correlation when calibrated to the core porosity.  



 

93 

 
Figure 4-33. A comparison of the pore volume per subzone at a radius of 200m between 

a porosity model produced using all wells and two porosity models constructed using 

the wells set of blind test 1 and well set of blind test 2. Due to confidentiality concerns, 

no unit was specified. 

 

Table 4-2. Comparison of pore volume statistics. Due to confidentiality concerns, no 

units were specified. 

 

4.3.3 Reservoir Rock Typing and Permeability Modelling 

 Lorenz plots and modified Lorenz plots (Schmalz and Rahme, 1950; Gunter et al., 1997) 

were calculated for each cored well to quantify the reservoir heterogeneity and flow units 

in Field X (Figure 4-34). The results indicate that the reservoirs exhibit a wide range of 

vertical heterogeneity, indicated by the Lorenz coefficients ranging from 0.3 to 0.8 (Table 

4-3). 
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Figure 4-34. Modified Lorenz plots, the sections with steep slopes account for a greater 

proportion of reservoir flow capacity than storage capacity (A) and Lorenz plots (B) for 

two example wells in Field X. 

 

Table 4-3. Summary of Lorenz coefficients for the cored wells of Field X. 
Well Lc Sampling per foot 

A1 0.81 0.8 

A2 0.61 0.8 

A3 0.54 0.8 

A4 0.53 0.8 

A5 0.51 0.9 

A6 0.48 1 

A7 0.45 1 

A8 0.45 0.8 

A9 0.45 1 

A10 0.41 1 

A11 0.37 1 

A12 0.36 0.7 

A13 0.34 1.2 

A14 0.3 0.5 

 

The conclusion were drawn from the analyses of the Modified Lorenz plot and Lorenz 

coefficients, which revealed a great deal about the reservoir heterogeneity as well as the 

presence of potentially high permeability streaks in some areas within the reservoir.  

 

Following this analysis, the permeability models were created using three RRT 

approaches, each of which has its own advantages. The first approach used cloud 

transforms to estimate the permeability as a function of porosity (Ghedan et al., 2003). 
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These transforms were generated based on a porosity-permeability relationship that 

captures the spread of the data points for each subzone. In the cloud transform, a specific 

porosity value may correspond to a range of permeability values that can vary up to two 

orders of magnitude. The following processes were used in order to generate cloud 

transforms for each subzone: 

1. Core porosity and core permeability cross-plots were created for each subzone;  

2. A power-law regression equation was then used to obtain the best-fit line; 

3. A list of pseudo porosity values covering the range of actual porosity values was 

generated (e.g., the porosity increment is 0.0001, corresponding to 100 points for 

every one porosity unit).  

4. The initial pseudo permeability 𝑘𝑖𝑝 is determined by solving for the trendline 

equation.  

5. The final pseudo permeability is calculated using the NORMINV function, which 

is an Excel statistical function. The NORMINV function is used to compute the 

normal cumulative distribution’s inverse. The final pseudo permeability given  

𝑃𝑠𝑒𝑢𝑑𝑜 𝑝𝑒𝑟𝑚𝑒𝑎𝑏𝑖𝑙𝑖𝑡𝑦 = 𝑁𝑂𝑅𝑀𝐼𝑁𝑉 (𝑃, 𝑥, 𝜎)  + 𝑘𝑖𝑝, Eq. 4-1 

where 𝑃 is the probability between 0 and 1 that is generated randomly, 𝑥  is the mean 

assumed to be 0, and 𝜎 is the standard deviation between 0.2 and 0.5 depending on the 

data variance. This method resulted in the creation of 16 distinct plots and corresponding 

transforms, one for each subzone mimicking the reservoir’s natural heterogeneity (Figure 

4-35). The transforms were then imported into geomodelling software (Figure 4-36).  

 

 
Figure 4-35. Example of porosity-permeability cloud transforms for one subzone in 

Field X. The blue dots correspond to the measured porosity and permeability from the 

core data, and the yellow dots represent the replicated porosity and permeability data for 

each subzone. 
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Figure 4-36. Illustration of the pseudo porosity–permeability points that were imported 

into the geomodelling software for all subzones. These points are used to create a 

permeability model using the bivariate distribution approach. 

 

These porosity-permeability clouds from each subzone were then employed to generate 

permeability distributions in the model, using a bivariate distribution method based on 

the porosity model as a secondary variable to control the spatial permeability distribution.   

 

Note that one of the drawbacks of this method is that cloud transforms frequently replicate 

rather than explain the porosity–permeability scatter. A subzone with a limited number 

of data points may not be statistically representative in the cloud transform, giving the 

appearance of a more heterogeneous permeability distribution than is actually the case. 

 

The second approach was based on the Global Hydraulic Elements (GHE) method 

(Corbett and Potter, 2004). The definition of FZI boundaries (see Equation 2-6) was 

arbitrarily chosen in order to achieve a wide range of possible combinations of porosity 

and permeability values (Table 4-4). Figure 4-37shows the porosity and permeability data 

from Field X plotted on a pre-determined GHE template, which is less time-consuming 

than calculating hydraulic units for each well. Field X porosity and permeability data 

were analysed using GHE templates, and it was found that Field X data were dispersed 

throughout five petrotypes. Figure 4-38 illustrates the porosity and permeability data 

analysis for one subzone of Field X, which reveals that it corresponds to GHE 3. 
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Table 4-4. Flow zone indicator (FZI) boundaries of Field X for the 10 different Global 

Hydraulic Elements (GHE). 

GHE FZI (min) FZI (max) 

10 30 60 

9 15 30 

8 7.5 15 

7 3.75 7.5 

6 1.88 3.75 

5 0.94 1.88 

4 0.47 0.94 

3 0.23 0.47 

2 0.12 0.23 

1 0.06 0.12 

 

 
Figure 4-37.  All porosity and permeability data are plotted on the ten predefined Global 

Hydraulic Elements (GHE) for Field X. 

 
Figure 4-38. An example from one subzone showing the porosity and permeability data 

plotted on the ten predefined Global Hydraulic Elements (GHE) for Field X. 
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In the last permeability modelling approach, the permeability was categorised according 

to the pore fabric classes defined by Lucia (Figure 4-39). Figure 4-40 shows that the 

majority of the porosity-permeability data follows the lower reservoir quality class 3 of 

the Lucia rock fabric classes for one subzone as an example of Field X (Lucia, 1995, 

1999, 2007). 

 

 

Figure 4-39. Porosity and permeability data for Field X compared to the pore fabric 

classes of Lucia (1995). 

 
Figure 4-40. Porosity and permeability data for Field X compared to the pore fabric 

classes of Lucia (1995) for one subzone.  
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The results from these three RRT approaches yield different permeability distributions 

and averages for the reservoir model of Field X, although the permeability model inherits 

the porosity model’s spatial continuity (Figure 4-41). Synthetic permeability logs were 

generated at the wellbores for the 3D permeability model for each RRT approach. These 

synthetic logs allowed us to compare the model with the permeability data from the cores 

(Figure 4-42).  

 

Note that the cloud transformation was applied to each of the 16 subzones while the GHE 

model was split into five different petrotype groups, and only two groups were identified 

based on Lucia’s (1995) classes. As a result, the permeability distribution in the cloud 

transformation model shows more vertical heterogeneity for each subzone; this method 

also yields the lowest average permeability compared to the GHE method and Lucia’s 

(1995) classes (Table 4-5). It is worth noting that regardless of the method adopted, 

careful interpretation of the underlying geology and petrophysical data and a valid 

geological concept are required to develop a geological model that accurately represents 

reservoir dynamic flow behaviour. 

 

 
Figure 4-41. Comparison of the resulting permeability models arising from the three 

different RRT approaches. Note the differences in vertical heterogeneity. 
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Figure 4-42. Comparison of core and log porosity (left track) and core and log 

permeability for the different RRT methods (right track) for three example wells in 

Field X.  

 

Table 4-5. Statistical analysis of the permeability models arising from the different RRT 

methods in Field X. 

Statistics 
Minimum 

permeability (mD) 

Maximum 

permeability (mD) 

Mean permeability 

(mD) 

Standard deviation 

(mD) 

Cloud transform 0.01 65.9 1.1 1.7 

Lucia classes 0.01 14.7 1.2 1.1 

Global Hydraulic 

Elements 
0.01 11.0 1.3 0.9 

 

Related to the permeability model, another critical property for history matching and 

reservoir forecasting is the anisotropy ratio (Kv/Kh)  (Ringrose and Corbett, 1994). The 

core dataset and modular formation dynamics tester provide measurements of vertical 

permeability to estimate the Kv/Kh ratio (Figure 4-43). As predicted, there are significant 

differences between the different measurements, which is most likely due to vugs and 

other small-scale heterogeneities in the reservoir. The majority of the measurements are 

made on plugs, which are often too small to capture the vertical permeability variations 

that might occur due to laminations or stylolites. In addition to the tests on plugs, vertical 
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permeability measurements were obtained from the whole core sample at 1 ft intervals 

(Figure 4-44 A). Vertical interference testing was also conducted in a few wells using the 

flow control module of the modular formation dynamics tester to determine horizontal 

and vertical permeability values, including anisotropy (Figure 4-44 B). 

 

 

Figure 4-43. Relationship between horizontal and vertical permeability from the plug 

samples. 

 

 
Figure 4-44. The relationship between horizontal and vertical permeability from the 

whole core samples (A), and the vertical interference tests (B). 

 

4.3.4 Saturation Modelling 

Three different methods were used to create the saturation model based on available data 

(e.g., water saturation estimated from the well logs, saturation height function using 

capillary pressure, or a combination of both). First, a log-based interpolation of water 

saturation, second, Leverett J-functions derived from the core data, and third a 

combination of log- and core-derived Leverett J-functions. Not that the wells employed 

in the saturation modelling and validation process were mainly pre-production wells and 
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were considered to be in their native condition to accurately represent the initial fluid 

distribution.  

 

4.3.4.1 Log-Based Interpolation of Water Saturation 

The Archie water saturation logs from Field X were interpolated using the moving 

average. This method takes the average of the input data and weights it based on the 

distance between wells. The water saturation values obtained from vertical and deviated 

wells were horizontally interpolated across the cells with reference to the vertical 

elevation to provide the saturation value for each cell. The algorithm generates saturation 

values for all cells and does not provide values greater or less than the input data’s 

minimum or maximum saturation values. Both were employed (Figure 4-45 and Figure 

4-46). 

 

 

Figure 4-45. Water saturation of Field X for all well logs. 
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Figure 4-46. Cross-section of the water saturation model for Field X that was generated 

by interpolating the Archie water saturation logs using a moving average. 

 

Water saturation interpolation from logs using a moving average is a relatively robust 

method that does not require any adjustments for height or porosity (Oliver, 1995). 

However, the water saturation model generated from well logs is subject to uncertainties 

(e.g., depth measurement errors, logging conditions, and Archie parameters). The moving 

average is also particularly susceptible to local changes caused by other anomalous or 

incomplete well logs, resulting in the generation of a “bulls’ eye” effect (Arnold, 2008). 

Therefore, the water saturation model generated from the log approach was only used as 

a quick-look tool to analyse STOIIP uncertainty and not for dynamic simulation purposes 

(Figure 4-47). It is worth mentioning that the volumetric estimation based solely on the 

water saturation interpolations from log data indicates a 3% increase in STOIIP when 

compared to the operator model. 
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Figure 4-47. Water saturation map for Field X was created by interpolating the water 

saturation log using a moving average. 

 

4.3.4.2 Leverett J-Functions Derived from The Core Data 

246 capillary pressure curves from three wells are included in the dataset, which were 

obtained using two different measurements, porous plate methods and mercury injection 

capillary pressure (MICP). Table 4-6 and Figure 4-48 provide a summary of the capillary 

pressure dataset. Initially, the entire dataset was subjected to a quality assurance process 

such as correcting for dead volumes or converting air-mercury data to oil-water data.  

 

Table 4-6. Summary of the capillary pressure datasets available for Field X. 

Well Mercury injection Porous plate 
D1 77 18 
D2 80 NA 
D3 71 NA 

Total 228 18 
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Figure 4-48. Capillary pressure curves were obtained from 18 samples using the porous 

plate method (left), and capillary pressure curves were obtained from 228 samples using 

the mercury injection method (right). 

 

The capillary pressures acquired from the porous plate measurements were used to 

populate the water saturation in the model. This decision was made for a variety of 

reasons. First, the porous plate method uses reservoir fluid to measure the capillary 

pressure and does not require any conversion from air-mercury to reservoir fluids, like 

the MICP data, which appeared to have a discrepancy in some parameters (e.g., interfacial 

tension and contact angle) and hence was less reliable. Furthermore, the porous plate 

method can measure capillary pressure curves more reliably than the MICP method 

(Greder et al., 1997; McPhee et al., 2015). However, the MICP data was still used in 

Chapter 6 for further uncertainty analysis.  

In this scenario of building the saturation model using a core-derived J-function, the data 

from all capillary pressure samples of the porous plate measurements were converted into 

a single J-function curve using the J-function equation (Equation 2-9). Figure 4-49 shows 

the resulting correlation. 
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Figure 4-49. Resulting J function for all porous plate measurements from Field X. 

 

Figure 4-50 illustrates the water saturation models built using the J-function from Figure 

4-49 for the porosity and permeability models generated by the cloud transform approach.  

 

 
Figure 4-50. Top view (left) and cross-sectional view (right, east to west) of the 

saturation model for Field X. 

 

Figure 4-51 compares water saturation predictions based on the Leverett J-function 

(Figure 4-49) for the three different reservoir rock types (poro-perm transform, Lucia, 

and GHE) to the saturation observed at different well logs. This comparison reveals that 

the degree of variation in the saturation model varies significantly as a function of the 

chosen RRT method, which obviously influences the permeability distribution (Figure 
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4-41). The largest variations are apparent in the transition zone because the J-function is 

sensitive to changes in permeability and porosity.  

 

 
Figure 4-51. Comparison of water saturation models from five wells employing a single 

J-function (Figure 4-49) to the permeability models resulting from the three different 

reservoir rock type approaches. The red line represents the water saturation log 

measured at the wells. 

 

4.3.4.3 Combination of Log- and Core-Derived Leverett J-Functions 

The third approach constructed the initial water saturation model using commercial 

software (Geo2Flow). This approach uses both water saturation values obtained from log 

data and capillary pressure curves obtained from core data. As described in Chapter 2, the 

Leverett J-function equation converted the capillary pressure data from Field X to 

dimensionless J-functions and defined the maximum and minimum curves, as illustrated 

in Figure 4-52. The saturation log values were then converted from the depth domain to 

the log-derived Leverett J-function domain (Figure 4-53). 
 

 

Figure 4-52. A single J-function curve fitted to 18 capillary pressure measurements 

obtained using the porous plate method (left) and the maximum and minimum Leverett 

J-function curves (right). 
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Figure 4-53. Archie water saturation values measured at the well converted to a log-

derived Leverett J-function (left) and the synthetic saturation log matching both the 

core- and log-derived J-functions and corresponding to three minimum, maximum, and 

middle J-functions (Figure 4-52). 
 

 

Figure 4-54 summarises the findings of each modelling step used to generate the 

saturation model using the core and log derived Leverett J-function approach. 
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Figure 4-54 Generation of a permeability model for the entire reservoir using a given 

RRT method (A), creation of a 3D J-function model that contains the data from the core 

and log J-functions in Geo2Flow based on the porosity and permeability models (B), the 

definition of a  J-facies model to classify the J-function into three groups (C) and the 

final 3D saturation model constructed using these J-facies, porosity, permeability, and 

height above free water level (D). 
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One of the most important advantages of using the log- and core-derived Leverett J-

function approach is that the saturation profile observed in the well logs of the transition 

zone is represented significantly better compared to the core-derived Leverett J-functions. 

It is worth noting that the log saturations are presumed to be correct because they were 

validated using a Dean-Stark extraction method from two cores (Dean and Stark, 1920).  

For the purpose of evaluating the generated modelling quality in the transition zone area, 

the model was filtered to 100 ft above the free water level (Figure 4-55). Obviously, the 

moving average method produces the best match when compared to well log data, but 

keep in mind that this method does not account for rock quality. Then, the saturation 

models derived from the log- and core-derived J-functions using different RRT 

approaches show very good quality in honouring the well log saturation compared to the 

core-derived J-functions. Additionally, the saturation model created using the log- and 

core-derived Leverett J-function approach was validated by a series of blind tests, which 

will be discussed in further detail below. 

 

 

Figure 4-55. The saturation models were filtered to a height of 100 feet above the free 

water level in order to evaluate and compare the accuracy of the models with well log 

obtained in the transition zone area (right). Comparison of the saturation model 

developed using the moving average approach with the saturation from the well log in 

the transition zone area (left). 
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Figure 4-56. Comparison of saturation models derived from core J-functions developed 

using different RRT approaches with the saturation logs for the transition zone area only 

(upper). Comparison of saturation models derived from the log- and core-derived J-

functions developed using different RRT approaches with the saturation logs for the 

transition zone area (lower). 

 

Figure 4-57 shows three permeability models and six saturation models developed using 

different RRT and saturation modelling approaches. For comparison, the saturation model 

for the original operator model is shown in Figure 4-58. Recall from the discussion in 

Chapter 3 that this model was generated using six capillary pressure curves and hence has 

significantly less variability in saturation compared to the updated saturation modelling 

approach (Figure 4-59). 
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Figure 4-57. Comparison of three example permeability models and six example 

saturation models generated using different RRT approaches and saturation methods. 

Note the significant differences in saturation distribution and movable water. 

 

 
Figure 4-58. Illustration of the saturation distribution of the original operator model 

above the free water level. The colour represents the permeability values. 
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Figure 4-59. Comparison of six example saturation distributions above the free water 

level was for the different combinations of saturation models and permeability models. 

The colour represents the permeability values. 

 

Figure 4-60 shows a comparison of two saturation models at two wells to illustrate the 

variability in the saturation distribution. The saturation model generated using the core J-

functions is dependent on porosity, permeability, and height above free water level 

(HAFWL). In contrast, the log- and core-derived Leverett J-functions that are used to 

populate the saturation model are intended to honour the saturation log data at the well 

location and depend on the porosity, permeability, and HAFWL observed at the wells. 

 

 
Figure 4-60. Comparison of the water saturation models in two wells using the different 

saturation modelling approaches. 
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The blind tests for the saturation model were carried out by randomly selecting 70% of 

the wells as input data for the modelling process and predicting the properties of the 

remaining 30% of the wells. This procedure was performed several times in order to rule 

out any possibility of bias in well selection during the validation process. Figure 4-61 

shows an example of the static validation procedure for the generated saturation model 

using blind testing with 70% of the available well data. Additionally, Figure 4-62 

illustrates cross-validation of the saturation model by comparing modelled water 

saturations to log saturations for both core- and log-derived Leverett J-functions and for 

core-derived Leverett J-functions only.  

 

 
Figure 4-61. Examples of the resulting saturation models for blind-tested wells. The 

data from these wells is organised into five log tracks, which are as follows: Sw of the 

operator model, Sw from the log- and core-derived J-function, Sw from the core J-

function using the poro-perm transform, Sw from the core J-function using Lucia and 

Sw from the core J-function using GHE. The red line represents the Archie water 

saturation log. 
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Figure 4-62. Comparison of saturation models derived from the log- and core-derived J-

functions with the saturation logs using the Geo2Flow software (left), and comparison 

of saturation models derived from core J-functions with the saturation logs (right).  

 

4.3.5 Comparison of STOIIP Estimates  

Figure 4-63 shows that the use of different RRT methods in combination with different 

saturation modelling approaches significantly impacts the estimation of STOIIP. The 

STOIIP estimate can increase by up to 17% or decrease by 7% compared to the operator 

estimates, depending on the chosen modelling approach. It is important to note that 

changing individual components such as porosity modelling, permeability modelling, or 

the saturation height function technique may not lead to significant variations, but the 

combination of the three would result in a significant change in STOIIP estimates. The 

porosity-permeability cloud transforms using the Leverett J-function yielded the lowest 

STOIIP estimate because the permeability model of this approach has the lowest average 

permeability values in some subzones (Figure 4-64). The porosity-permeability cloud 

transforms use a unique relationship for each subzone to model the permeability, which 

has a direct effect on the Leverett J-function equation and, hence, the saturation 

distributions. On the other hand, the saturation model generated from the combination of 

log- and core-derived Leverett J-functions yields more consistent STOIIP estimates 

across all permeability models arising from the three RRT methods. In particular, the 

combination of log- and core-derived Leverett J-functions takes into account the 

saturation logs throughout the modelling process and adjusts for errors based on 

predefined values for irreducible water, Archie exponents, and permeability, which 

suggests that the STOIIP estimates arising from these saturation models might be the most 

reliable. 
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Figure 4-63. Variations in STOIIP estimates for Field X with reference to the operator 

estimate across the six different saturation models based on the different RRT and 

saturation modelling approaches. 
 

 
Figure 4-64. STOIIP estimates for the 16 subzones for Field X using the log- and core-

derived J-function in combination with the permeability models from the different RRT 

approaches (left) and STOIIP estimates for the 16 subzones of Field X using the core 

derived J-function in combination with the permeability models from the different RRT 

approaches. Note the marked reduction in STOIIP estimates when using the 

permeability from the cloud transforms with the core derived J-function in several 

subzones. 

 

4.3.6 Dynamic Model Validation  

Further validation of the updated reservoir models was carried out by comparing dynamic 

simulation results to the production data from Field X data for a period of 25 years.  The 

history matching and performance forecast were performed by Saeeda Alameri (AlAmeri, 

2020). A history match was conducted for all models (e.g., different permeability models 

were generated using various RRTs approaches and different saturation height modelling 

approaches) using a fully compositional model and a commercial reservoir simulator 

(GEM and CMOST by CMG Ltd). The choice of the RRT method to create the 
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permeability model and the saturation modelling approach directly impacted the quality 

of the history match on a well-by-well basis. For example, Figure 4-65 shows a difference 

in saturation logs for two wells arising from the different modelling approaches, and 

Figure 4-46 shows the corresponding predictions of the water cut. 

 
Figure 4-65. Comparison of saturation models for two wells using different saturation 

modelling approaches. The left track of each well represents the core-derived Leverett 

J-functions of the operator model. The right track of each well represents the core- and 

log-derived Leverett J-functions of the new model. 

 

 
 

Figure 4-66. Comparison of the history matched water cut at the two wells depicted in 

Figure 4-65, showing the results from the operator model and the core- and log-derived 

Leverett J-functions with the cloud transform method for permeability modelling.  

 

Overall, the best improvement in the quality of the history matches could be observed for 

the log- and core-derived Leverett J-functions with cloud transform method for 

permeability model (AlAmeri, 2020). However, not all wells show acceptable history 

matches (Figure 4-67). The reasons for causing these mismatched wells, and ways to 

improve the quality of the match in a geologically consistent manner, will be investigated 

further in Chapter 5. 
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Figure 4-67. Examples of wells that still have a mismatch in various dynamic 

properties, despite the overall improvement of the history match quality due to an 

improved saturation model. GOR refers to the gas-oil ratio and BHP to bottom hole 

pressure. 

 

4.4 SUMMARY 

This chapter discusses how different permeability models, arising from different RRT 

methods, in combination with different saturation modelling approaches significantly 

impact the 3D saturation distributions and subsequent oil-in-place estimates in Field X. 

It is noted that changing a single component of the modelling workflow, such as porosity 

modelling, permeability modelling, or the saturation height function technique, does not 

always result in significant changes in oil-in-place estimation. However, the combination 

of these components can have a substantial impact on oil-in-place and even cause the 

entire field’s development strategy to be re-evaluated. 

 

Furthermore, the saturation model generated using the core- and log-derived Leverett J-

functions in combination with three permeability models (i.e., Cloud transform, Lucia, 

and GHE) honours the saturation logs for all wells because it integrates the water 

saturation logs and capillary pressure curves. This saturation model also shows the most 

improved history match, suggesting that it yields the most realistic oil-in-place estimates. 

The changes in oil-in-place estimation are substantial and may be compared to the 

discovery of a new field in a mature basin such as the North Sea. 

 

In general, the quality of the history matches improved significantly in most wells when 

the log- and core-derived Leverett J-functions were combined with the cloud transform 

method to generate the permeability model (AlAmeri et al., 2020) (Figure 4-68). 

However, several mismatched wells were observed. The following chapter will analyse 

the causes of these mismatches and propose the most effective methods for improving the 

match’s quality in a geologically consistent manner. 
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Figure 4-68. Summary of the improvement of the new model in comparison to the 

existing operator model. 
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Chapter 5 - THE PRESENCE AND IMPACT ON RESERVOIR 

FLOW OF LOW-INTENSITY FRACTURES IN FIELD-X2 

5.1 INTRODUCTION 

As discussed in Chapter 4, the quality of the history matches improved significantly in 

most wells when the log- and core-derived Leverett J-functions were combined with the 

cloud transform method. However, it was also observed that several wells remained 

mismatched. Hence, this chapter investigates how the model could be updated in light of 

the available geological data and published research in order to propose an effective 

technique for improving the quality of the history match in a geologically consistent 

manner. 

 

The existing reservoir data (e.g., seismic data, core data, image logs, and geological 

reports) indicate that it is necessary to account for the presence of low-intensity fractures 

in the vicinity of faults. Traditionally, faults are represented as single planar structures in 

a reservoir model but, in fact, are complex 3D structures that contain, among other 

features, fractures and deformation bands in damage zones surrounding the planes where 

geological layers have been offset (Figure 5-1) (Aydin and Schultz, 1990; Peacock et al., 

2000; Faulkner et al., 2010). The fracture intensity decreases as the distance from the fault 

plane increases (Goddard and Evans, 1995). 

 
Figure 5-1. A schematic representation of the variation in deformation inside a fault 

zone. It is worth noting that the fracture intensity gradually decreases with increasing 

distance from the fault core. Taken from Choi et al. (2016).  

 
2 This chapter contains material from ‘Al Breiki, M., Geiger, S., Corbett, P. W., and Al Ameri, S. (2019). 
Assessing the Uncertainty in Hydrocarbon Distributions in the Transition Zone of a Giant Carbonate 
Reservoir. First EAGE Reservoir Characterization and Modelling Workflows for Giant Carbonate Field 
Developments of the Middle East. https://doi.org/10.3997/2214-4609.20190019’ 
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This chapter investigates a new method for incorporating low-intensity fractures into the 

reservoir model for Field X, as the presence of disconnected fractures could be one of the 

most significant uncertainties impacting the quality of history matching and thus 

production forecasting. A novel approach is proposed, in which the effective permeability 

of the fracture and matrix is calculated analytically using the symmetric self-consistent 

Effective Medium Theory (EMT) approach proposed by Sævik et al. (2013). To the 

researcher’s knowledge, this is the first time a workflow incorporating EMT upscaling 

with various fracture intensities, various RRT approaches, and various saturation 

modelling approaches has been applied to a giant carbonate reservoir. As will be shown 

in this chapter, this new workflow improved the quality of the history match, resulting in 

a more reliable dynamic model for well planning and reservoir performance forecasts 

while considering a key geological and petrophysical uncertainty. 

 

5.2 METHODOLOGY 

Following the methodology outlined in Chapter 4, the reservoir models should be 

subjected to several validation steps. This chapter introduces a new step to increase the 

overall quality of the history match (Figure 5-2). In particular, it explains how a range of 

data sources, including seismic, geological, and dynamic data, were used to assess the 

presence of fractures in Field X. Borehole images were used to characterise fracture 

properties such as fracture aperture and volumetric fracture intensity (P32). To quantify the 

influence of low-intensity fractures on reservoir permeability and fluid flow, a Discrete 

Fracture Network (DFN) model was built to represent the three-dimensional fracture 

network. Furthermore, multiple fracture model scenarios were created to account for the 

inherent uncertainty in the fracture data. 
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Figure 5-2. An overview of the reservoir modelling workflow for Field X to account for 

the presence of fractures. 

 

Each DFN was upscaled using the EMT approach rather than employing Oda’s (1985) 

method to calculate the effective permeability of the fracture and rock matrix combined. 
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As discussed in Chapter 2, EMT enables us to calculate the effective average permeability 

of matrix and fractures analytically, with accurate result and a short computation time 

(Sævik et al., 2013; Wong et al., 2018). Recall that the EMT workflow assumes that 

fractures are elliptical in shape, have a single orientation, and the fracture aperture is 

proportional to fracture size, according to a power law. The ratio of the effective 

permeability 𝑘𝑒 for fracture and matrix to the original matrix permeability 𝑘𝑚 was 

calculated using an in-house code and then re-calculated for various fracture intensity 

scenarios. The MATLAB code is provided in Appendix. The ratio of 𝑘𝑒 to 𝑘𝑚 generates 

geologically consistent permeability multipliers for any given matrix permeability value; 

that is, these multipliers are not arbitrary but are determined by key fracture properties 

such as intensity, orientation, and aperture. Fracture intensities were assumed to be higher 

near the fault plane and assumed to decrease with increasing distance from the fault plane.  

 

The following steps summarise how EMT was used to re-calculate the enhancement of 

reservoir permeability that might be caused by low-intensity fractures (Figure 5-3): 

 

1. Evaluate the history match model and identify the mismatched wells with 

respect to BHP, WC, and GOR; 

2. Identify wells that may have fractures depending on their proximity to a fault; 

3. Determine the ranges of fracture properties based on image and core data (i.e., 

intensity, orientation, aperture, and length) to provide the input for equations 2-

18 and 2-19; 

4. Calculate the effective permeability for the matrix and fracture using EMT 

(equation 2-17), based on the fracture properties determined in step 3; 

5. Update the permeability model to account for the increase in effective 

permeability caused by the presence of low-intensity fractures in the vicinity of 

the fault; 

6. Repeat the history match for the updated model. 
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Figure 5-3. Workflow involving the use of EMT to update the reservoir permeability in 

areas where wells have a poor history match quality and fractures are likely to be 

present. 

 

5.3 RESULTS AND DISCUSSION 

5.3.1 Identifying the Presence of Fractures in Field X 

Although the quality of the history match improved on a well-by-well basis when a 

saturation model based on a log- and core-derived Leverett J-functions was used, several 

wells located in the vicinity of the faults still showed unsatisfactory history matches 

(Figure 5-4), as discussed in Chapter 4. 

 

As mentioned in Chapter 3, the operator model made extensive use of arbitrary local 

multipliers for the permeability values in order to improve the quality of the history 

match, without presenting an explanation for this practice. It is worth noting that Field X 

has a 25-year production history, including image logs, core data, and pressure test data. 

However, some data were only obtained after the operator model was constructed. Hence 

all of the available data were re-evaluated and integrated in order to determine the root 

cause for the wells that still had a poor history match after updating the saturation model. 

The following section discusses the most significant findings from each source. 
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Figure 5-4. Examples of wells that continued to exhibit poor history match after the 

updated saturation model. Note that most of these wells are located near faults. 

 

5.3.1.1 Regional Geology  

Published research on the regional structural evolution (Glennie et al., 1973; Hacker et 

al., 1996; Melville et al., 2004; Johnson et al., 2005; Sirat et al., 2007, 2012a; Fournier et 

al., 2011; Rollinson et al., 2014) provide a better understanding of the relationship 

between key tectonic events and their influence on the creation and reactivation of faults 

and associated fracture sets, considering that the majority of the Middle East’s carbonate 

reservoirs are fractured and the dominant fractures are more likely to be associated with 

faults and folds (Sirat et al., 2012). 

 

As discussed in Chapter 3, field X underwent structural deformation between the Late 

Cretaceous to Eocene by a compressional stress regime (Oman Mountain Nappes 

emplacement) from the east and the NE towards the west and SW, respectively. The 

second major compressional event occurred during the Late Eocene to the present, when 

the N-S to NW-SE Zagros stress occurred. The fractures observed in Field X can be 

classified as fault-related fractures, fold-related fractures, and fractures associated with 

stylolites (Grover et al., 2016). 

 

5.3.1.2 Seismic Data 

As discussed in Chapter 4, the operator’s 3D seismic interpretation confirmed the 

presence of two strike-slip fault patterns in Field X, trending N75W and N45W (Figure 

5-5). That stage of the study did not attempt to detect or characterise fractures using 

seismic data. 



 

126 

 

Figure 5-5. An example of fault patterns in Field X based on 3D seismic interpretation. 

 

5.3.1.3 Core Data 

Vertical to sub-vertical open fractures were detected using core data in eight wells. Figure 

5-6 depicts the location of the wells that show clear evidence of fractures in the core and 

image logs. Induced fractures in the core of Field X are common and may be caused by 

coring or handling. Therefore, attention must be paid when identifying fractures in the 

core data, to make sure all these smaller induced fractures are excluded (Figure 5-7). 
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Figure 5-6. Map showing the location of wells with clear evidence of fractures in the 

core and image logs. The colour scheme indicates the distance to the fault plane. Note 

that all wells are located close to the faults. 

 

 
Figure 5-7. An example of drilling-induced fractures observed in cores of Field X.  

 

5.3.1.4 Borehole Image Data 

The borehole image logs, which include resistivity and sonic measurements, were 

available for nine wells. Four of the nine wells revealed indicators of fracture presence, 

and it is interesting to note that most of these wells were located near the main fault pattern 

in Field X (Figure 5-6). Furthermore, based on the information provided, these wells show 
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low fracture intensities. Borehole image logs were used to determine fracture properties, 

such as aperture, orientation, and dip azimuth (Figure 5-8 and Figure 2-16). 

 

 
Figure 5-8. Example image log for Field X and associated interpretation of fracture 

properties. The operating company provided the image log interpretation. 
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Figure 5-9. Rose diagram showing the dominant NW-SE orientation of the fracture 

network in Field X. The fracture network depicted in red was mainly formed by the 

Oman stress, while the fracture network in green was mainly formed by the Zagros 

stress. 

 

5.3.1.5 Dynamic Data 

Pressure transient analysis data indicates that around 25% of the fall-off and build-up tests 

may show dual-porosity behaviour, suggesting the occurrence of natural fractures in the 

reservoir (Kuchuk and Biryukov, 2015). In addition, pressure transient analysis data show 

negative skins in multiple wells (Figure 5-10), which could be a result of fractures being 

present near the wellbore. However, it is also possible that well stimulation was 

undertaken in these wells during completion to enhance well productivity. Accordingly, 

we should proceed with caution when interpreting negative skin as an indicator of natural 

fractures being present in these wells.  
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Figure 5-10. Histogram illustrating the skin factor in 46 wells in Field X. 

 

Additionally, a tracer test was carried out at the crest, with eleven distinct chemical tracers 

being injected into eleven different injectors. Although tracers were first detected in 

producers located near the faults (Figure 5-11 and Figure 5-12), this observation may not 

be conclusive evidence of fractures being present.  

 

 

Figure 5-11. Tracer response at the first four wells in Field X where tracer has broken 

through. 
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Figure 5-12. 3D view of Well H in the vicinity of a fault; tracer breakthrough was first 

observed at this well. 

 

Production Logging Tool (PLT) tests had also been carried out on 21 horizontal wells in 

Field X. The PLT data show that flow inflow in some wells is concentrated in a short 

section compared to the rest of the well (Figure 5-13), which could imply variation in 

permeability or the presence of fractures along the horizontal well. Recall that some 

horizontal wells have lengths of up to 4000 ft. 

 

 

Figure 5-13. An example of PLT data showing the flow contribution across a horizontal 

well in Field X. 

 

In summary, after reviewing all the information presented above, the fractures observed 

at Field X can be classified into the following three categories (Grover et al., 2016), and 

their properties are summarised in Table 5-1: 

• Fault-related fractures: These types of fractures are more likely to form in 

parallel to the NW-SE strike-slip fault. The majority of these shear fractures are 

found in the vicinity of the fault plane, and the fracture becomes less intense away 
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from the fault plane (Figure 5-14). These fractures may affect the lateral and 

vertical communication of reservoir fluids near the fault zone. 

 

 
Figure 5-14. Idealised illustration of the effect of fault zones on fracture density 

and permeability. A single fault is surrounded by a fracture zone (a) vs. several 

faults with complex interactions of the surrounding fracture zones and 

permeability distributions (b). Taken from Faulkner et al. (2010). 

 

• Fold-related fractures: These types of fractures were created when Field X 

developed structurally during the Late Cretaceous. The fractures are perpendicular 

to the long axis of the longitudinal anticline (NE-SW). However, these fractures 

are few in number due to the structure’s low dip angle (less than 2 degrees) and 

low vertical closure (200 ft). As a result, it is assumed that these fracture patterns 

have a negligible effect on fluid mobility in Field X. 

 

• Fractures associated with stylolites: Some fractures have been observed that are 

perpendicular to the stylolites’ planes. It is minor vertical fractures that are likely 

to increase the horizontal permeability of the reservoir wherever they occur. 

However, their effect on the fluid flow in Field X is unclear. Figure 5-15 depicts 

an example of the stylolites in Field X. 
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Figure 5-15. Core from Field X showing an interval containing stylolites. 

 

Table 5-1. Summary of fracture properties in Field X. 

Fracture Set 
Orientation Fracture length Fracture Aperture 

Average Average Maximum Average Maximum 

Set 1 135 5 m 50 m 0.3 mm 1mm 

Set 2 45 5 m 50 m 0.1 mm 0.5 mm 

 

5.3.2 Modelling Fractures for Field X 

A DFN was developed in Petrel to model the fractures in the vicinity of the faults and 

evaluate different fracture intensity scenarios to account for uncertainty. Figure 5-16 

shows an example of fault-related fractures modelled along the fault planes. Figure 5-17 

shows an example DFN model for Field X with two different fracture sets. This DFN 

model assumes an average fracture length of 5 metres and a maximum length of 50 

metres. The fractures are rectangular and have an aspect ratio of two. 

 

 
Figure 5-16. Two fault planes as interpreted from seismic data (left) and the related 

fractures modelled along the fault planes (right). 
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Figure 5-17. Fractures of Field X are represented as a 3D DFN model, with fractures 

coloured according to their fracture set. 

 

To address uncertainties in the fracture properties, six fracture scenarios were developed 

that consider variations in the width of the fault corridor, and the intensity, length and 

aperture of each fracture set. Table 5-2 summarises these scenarios and the corresponding 

input data. The bounds for the fracture lengths and apertures came from analogue fields 

in the region. The fracture intensity of the reservoir was modelled as a function of distance 

from fault corridors, considering that the fractures are largely fault-related in Field X. 

Example DFNs for these scenarios are depicted in Figure 5-18 to Figure 5-20. Note that 

the fractures are generally sparse and not well connected, and fractures are small 

compared to the size of a reservoir model grid block. These observations strongly suggest 

that the fractures are likely to belong to Type III according to Nelson (2001); that is, they 

enhance but do not dominate the reservoir permeability. Bourbiaux et al. (2002) 

recommend that these kinds of fractured reservoirs are best modelled as a single-porosity 

system. 
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Table 5-2. Fracture scenarios to account for uncertainties in fracture properties when 

generating the DFNs for Field X. 

Case Number 

(Intensity) 

Set 

Number 

Orientation  Fracture length Fracture Aperture 

Average Average Maximum Average Maximum 

Case-1 500m 

(0.005) 

Set 1 135 2 m 50 m 0.3 mm 1 mm 

Set 2 45 5 m 25m 0.3 mm 1 mm 

Case-2 500m 

(0.01) 

Set 1 135 5 m 50 m 0.3 mm 1 mm 

Set 2 45 5 m 50 m 0.3 mm 1 mm 

Case-3 500m 

(0.05) 

Set 1 135 7 m 50 m 0.3 mm 1 mm 

Set 2 45 7 m 50 m 0.1 mm 1 mm 

Case-4 1000m 

(0.005) 

Set 1 135 5 m 50 m 0.3 mm 1 mm 

Set 2 45 5 m 25 m 0.1 mm 0.5 mm 

Case-5 1000m 

(0.01) 

Set 1 135 5 m 50 m 0.3 mm 1 mm 

Set 2 45 7 m 50 m 0.1 mm 0.5 mm 

Case-6 1000m 

(0.05) 

Set 1 135 7 m 50 m 0.3 mm 1 mm 

Set 2 45 10 m 50 m 0.2 mm 1 mm 
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Figure 5-18. P32 maps for Field X to address uncertainties in the fracture intensity 

(rows) and width (columns) of fracture zone in the vicinity of the faults. See Table 5-2 

for input data. The intensity maps were used as input when generating each DFN. 
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Figure 5-19. Six DFN models for Field X correspond to the variability in fracture 

intensity displayed in Figure 5-16. 
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Figure 5-20. Fracture orientation (left), fracture length (middle), and fracture aperture 

(right) for one of the DFNs for Field X.  

5.3.3 Fracture Permeability Upscaling 

Since the reservoir considered in this study contains fault-controlled fractures with low-

intensity fracture, the reservoir was treated as a single-porosity system where fractures 

enhance matrix permeability but do not dominate reservoir performance. EMT is well 

suited to calculate these permeability enhancements in a reliable way. Additionally, the 

availability of fracture data does not justify the development of a complex dual-

permeability reservoir model, which would also have rendered the subsequent history 

matching and optimisation work of AlAmeri et al. (2020) more challenging.  

To apply EMT for calculating the effective fracture and matrix permeability, some further 

assumptions had to be made. Firstly, each fracture set as a fixed mean orientation. 

Secondly, the fractures were assumed to be elliptical in shape. Thirdly, fracture aperture 

𝑎 and fracture size 𝑠 were related as 

𝑎 = 𝛽𝑠, Eq. 5-1 

where 𝛽 is a scaling constant. 

 

The EMT-based upscaling was performed using the in-house code of Wong (2019). Since 

EMT is based on semi-analytical calculations, the effective permeability for fractures and 

matrix can be obtained in a matter of seconds. Figure 5-21 shows the resulting 𝑘𝑒/𝑘𝑚 

ratio as a function of 𝑘𝑚. This relationship enables us to compute the required increase in 
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matrix permeability within the reservoir model for any given fracture intensity, i.e. the 

EMT method provided a geologically consistent permeability multiplier as a function of 

fracture intensity and matrix permeability. The resulting relationship to compute these 

permeability multipliers was used in Petrel to update the permeability model, which leads 

to a marked but geologically consistent increase in the reservoir permeability near the 

faults (Figures 5-21 to 5-23). Note that the matrix permeability is increased by up to a 

factor of 10, which is a similar value needed to improve the history matches in the original 

operator model and consistent with the observation of Freites et al. (2019), who showed 

that disconnected fractures increase the reservoir permeability measured in well tests by 

a factor 5 to 10 compared to the matrix permeability. 

 

 

Figure 5-21. Ratio of 𝑘𝑒 to 𝑘𝑚 as calculated using EMT for different matrix 

permeabilities and fracture intensities for Field X. 
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Figure 5-22. Permeability enhancement in the vicinity of faults, based on the EMT-

calculation for a 500m wide damage zone and an average P32 of 0.005 m-1 (left) and 

0.01 m-1 (right). 

 

 
Figure 5-23. Permeability enhancement in the vicinity of faults, based on the EMT-

calculation for a 1000m wide damage zone and an average P32 of 0.005 m-1 (left) and 

0.01 m-1 (right). 
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Figure 5-24. Illustration of the permeability enhancement in the vicinity of the faults 

when using EMT to estimate the effective permeability for the rock matrix in the 

presence of low-intensity fractures. 

 

Additional fracture models for the fold-related fractures and fractures associated with 

stylolites have been generated but were not pursued further and not subjected to history 

matching, as the fault-controlled fracture scenarios have already led to a significant 

further improvement of the history match, as will be discussed next. 

 

5.3.4 Impact on History Matching 

A repeated history match (AlAmeri et al., 2020) for the reservoir models containing not 

only the updated saturation model but also an updated permeability model that accounts 

for the presence of fault-controlled fractures showed considerable improvement on a 

well-by-well basis. Case 5 showed an improvement in the history matching quality in 

most of the wells when compared to the other cases (Figure 5-25). The increased 

permeability improves reservoir connectivity and, hence, the quality of history matching 

for WC, GOR, and BHP. In contrast, Case 6 demonstrated a poor history match quality 
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for water cut, especially for wells in the transition zone. The poor history match quality 

could be related mainly to the higher fracture intensity and larger average aperture in Case 

6, which increased the permeability and connectivity in the reservoir too much. 

Furthermore, Case 1 led only to a small improvement in the quality of the history match 

discussed in Chapter 4, which indicates that the fracture connectivity and hence reservoir 

permeability was still too low. 

 

Figure 5-25 shows that the increase in history match is much improved across all wells 

compared to the original operator model. Wells are considered to have a “good” match if 

the error is less than 10%. It is important to note that this new history matched model is 

likely to lead to new reservoir performance forecasts, which could have a major impact 

on the field development strategy.  

 

 
Figure 5-25. Example of well-by-well improvement in the history matching quality after 

updating the permeability model to account for the presence of low-intensity fractures 

(top). All wells are located in the vicinity of faults (bottom). 
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Figure 5-26. Summary of the improvement in history matching quality for all wells in 

Field X compared to the operator model. A well is considered to be “matched” if the 

error between simulated and observed data is less than 10%.  

 

5.4 SUMMARY  

This chapter has discussed the application of the effective medium theory (EMT) to Field 

X, which allowed the calculation of the permeability enhancement of the matrix due to 

the presence of low-intensity fractures in the vicinity of the fault using a geologically 

consistent approach rather than arbitrarily multipliers. The effective medium theory 

calculations are semi-analytical and can hence be carried out in a matter of seconds to 

obtain permeability values for fractures and matrix for Type III reservoirs, i.e. cases 

where the fractures enhance but do not control the reservoir permeability.  

 

The updated reservoir models demonstrate a considerable improvement in the quality of 

the history match compared to the operator model, because the reservoir connectivity has 

increased, which is likely to lead to new reservoir performance forecasts that could impact 

the field development strategy. This chapter therefore emphasises once more the need to 

carefully consider reservoir modelling decisions and geological uncertainties through the 

appropriate multi-deterministic geomodelling workflow. 
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Chapter 6 - ANALYSING THE IMPACT OF THE GEOLOGICAL 

UNCERTAINTY AND MODELLING DECISIONS USING 

MULTI- DETERMINISTIC WORKFLOW3 

6.1 INTRODUCTION 

We demonstrated in Chapter 5 how applying the effective medium theory to calculating 

the effective permeability of a fractured porous medium improved the history matching 

quality in numerous wells in Field X. As a result, in order to improve decision-making, 

we must assess any potential sources of uncertainty that may affect STOIIP estimates and 

production forecasts.  

In this chapter, the multiple deterministic scenario workflow was employed to evaluate 

the effect of geological uncertainties and modelling decisions. This workflow aims to 

limit the impact of reservoir modelling bias and to investigate a broader range of 

geological uncertainties. As discussed in Chapter 2, the core concept of a multiple 

deterministic scenario workflow is to challenge our current understanding of the reservoir 

by generating an ensemble of geological models that assesses the influence of uncertainty 

in the imperfect input data. Hence, various geological scenarios and modelling decisions 

are investigated for Field X, including alternative interpretations of the same data and 

alternative modelling approaches, such as which reservoir rock typing method to use or 

which probabilistic algorithm to use when modelling the spatial distribution of 

petrophysical properties. In contrast to Chapter 4, this chapter also discusses the 

development of ensemble models and the corresponding results, using the same dataset 

as Chapter 4 but with alternative structural interpretations and modelling decisions. Other 

uncertain parameters were investigated in this chapter, including the uncertainty of Field 

X's top structure, employing stochastic and deterministic approaches. Moreover, the Skelt 

and Harrison (1995) approach was used to build saturation height functions, and Winland 

(1980) was used to generate five RRT and evaluate their impact on STOIIP estimates. 

Additionally. The influence of the porosity model's variogram parameters on pore volume 

was explored. Finally, the developed models were compared and validated using well log 

and well test data. 

 
3This chapter is contains material from ’AlBreiki, M., Geiger, S., & Corbett, P. (2021). Impact of modelling 

decisions and rock typing schemes on oil in place estimates in a giant carbonate reservoir in the Middle 

East. Petroleum Geoscience, petgeo2021-028. https://doi.org/10.1144/PETGEO2021-028’ 
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6.2 METHODOLOGY 

A deterministic multi-scenario reservoir modelling workflow was employed for Field X, 

which considers a hierarchy of uncertainty and makes use of the data that was available 

at the time (Figure 6-1). Recall that the term “scenario” refers to a specific interpretation 

of geological and petrophysical data used to build a model as well as the modelling 

approach chosen for each modelling step. The model can be constructed using a variety 

of alternative interpretations of the available data and various modelling methodologies 

(i.e., different RRT and saturation height functions). The term “realisation” refers to 

equiprobable versions of the scenario that are generated by altering the seed number 

during the stochastic stage of the modelling process. 

The multi-scenario reservoir modelling workflow began with examining the structural 

uncertainty associated with the ambiguity inherent in the seismic data acquisition and the 

construction of velocity models. Hence, the uncertainties in the 3D seismic cube arise 

when identifying the seismic horizon corresponding to the top of the reservoir. This 

horizon was used to build the first scenario for the structural model. The second structural 

scenario was then generated deterministically using the same seismic horizon but with a 

revised velocity model. The third and fourth structural scenarios were generated using an 

error map that consisted of an ensemble of 1200 stochastically generated structural 

models. The error map was calculated based on the difference between the actual and the 

predicted depth of the drilled wells. Four different structural model scenarios were 

generated this way. Porosity model realisations were generated using Gaussian Random 

Function Simulation (GRFS) for each structural model scenario.  

Next, as in Chapter 4, three different RRT approaches, namely, porosity-permeability 

cloud transforms, global hydraulic elements, and Lucia pore fabric classes were applied 

to each structural model scenario to create the RRT models and corresponding 

permeability distributions. This modelling step resulted in 12 different permeability 

models. For each permeability model, the water saturation was modelled using three 

different approaches, namely Leverett J-functions from core data (Leverett, 1941), a 

combination of Leverett J-functions from the core and log data (O’Meara, 2019), and the 

Skelt and Harrison method, which involves fine-tuning an empirical correlation to fit 

capillary pressure curves for each rock type (Skelt and Harrison, 1995). The combination 

of permeability and saturation models resulted in 36 reservoir models. Finally, the 

robustness of all 36 reservoir models was analysed using cross-validation, blind testing, 



 

146 

and through comparison with well-test data. Each step of the workflow will be described 

in more detail below. 

 

 
Figure 6-1. Overview of the deterministic multi-scenario reservoir modelling workflow 

for Field X. 
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6.2.1 Structural Modelling  

Four structural models of Field X were created to represent different geological scenarios. 

These models were generated based on the uncertainty in the depth analysis of the top 

horizon in the 3D seismic cube, arising, as noted in Chapter 3, from the uncertainties in 

the velocity model itself, as well as the poor quality of the seismic data caused by the 

complex topography and the combination of different types of equipment during the data 

collection process. The first two structural model scenarios were generated 

deterministically based on two different velocity models (old and revised velocity 

models); they are called structural Scenario A and B, respectively. 

Additionally, an uncertainty envelope was created for the top horizon of structural 

Scenario A in order to capture uncertainties in the depth of individual reservoir tops away 

from the seismic well ties. This envelope was estimated stochastically by calculating the 

standard deviation between the predicted and actual well tops (well markers) for the 

reservoir top of structural Scenario A. In total, the envelope contains 1200 stochastically 

generated top horizons. Two of these 1200 models have been selected to quantify the 

effect on STOIIP estimates; these are referred to as structural Scenarios A1 and A2, and 

correspond to the P10 and P90 end members, respectively (Figure 6-2).  

 
Figure 6-2. The cross-section for structural scenario A displaying 1200 stochastically 

generated reservoir tops, two of which were selected to create structural Scenarios A1 

and A2. The thin vertical and horizontal lines are the well trajectories.  

The model zonation was constructed based on the vertical heterogeneity and lateral 

continuity of petrophysical parameters following an exhaustive review of all available 

data. As discussed in Chapter 4, the Lorenz plot and Lorenz coefficients were used to 

assess the heterogeneity in the core data. Following the correlation of over 100 wells 

across the field, the reservoir was subdivided into sixteen stratigraphic subzones.  
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6.2.2 Property Modelling  

Multiple stochastic realisations were used to develop porosity models for each scenario, 

i.e. equiprobable models were generated by Gaussian Random Function Simulation 

(GRFS) based on a variogram analysis for each zone. The variogram has been calculated 

using the upscaled porosity data to describe the spatial continuity of the porosity data. By 

changing the seed number and variograms parameters, 4200 different porosity model 

realisations were generated. Furthermore, the input well selection was changed several 

times randomly, with 37% of the wells containing porosity data reserved for eventual 

cross-validation and blind testing of each model. This procedure was repeated several 

times in order to eliminate bias in the selection of wells. The resulting 3D porosity models 

were designed to honour the porosity logs at the wells. It is worth noting that the upscaled 

porosity log in each realisation was calculated from the density-neutron logs, which were 

calibrated and validated with core data.  

Permeability models were then generated by correlating porosity to permeability using 

different RRT approaches as described in Chapter 4, namely 

1. Porosity-permeability cloud transforms (cloud); 

2. Global hydraulic elements (GHE);  

3. Lucia’s pore fabric classes. 

 

In addition, the Winland R35 method (Kolodzie, 1980) was employed to model the water 

saturation, which will be addressed in detail later; however, this method was not used for 

permeability modelling due to the high degree of uncertainty associated with assigning 

Winland R35 groups to uncored wells and intervals. Using a subset of the data from 20 

cored wells and clustering nearly 300 corresponding mercury injection capillary pressure 

data, five-rock types were identified based on Winland R35 (Table 6-1 and Figure 6-3). 

The water saturation for each rock type was then calculated using Skelt and Harrison’s 

(1995) method. The rock types based in Winland R35 are as follows:  

•   RRT1 is considered to have the best reservoir rock quality because it is a coarse-

grained peloidal skeletal grainstone that suggests a high energy depositional 

environment (inner ramp).  

• RRT2 and RRT3 consist of fine- to medium-grained peloidal skeletal 

wackestone/packstone with a coarser fraction of coarse-grained to granule-size 
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skeletal fragments (e.g., orbitolinids), deposited in a moderate to high-energy, 

shallow-subtidal environment. 

• RRT4 is a heterogeneous packstone texture, and the grain composition suggests a 

moderate to high energy environment (shallow subtidal); it represents moderate 

to poor reservoir quality. 

• RRT5 is the lowest quality reservoir rock with moderate to low porosity and low 

permeability below 1 mD. 

 

The Winland 35 boundaries for each rock type are given by Equation (2-4) and have been 

calculated for each scenario using the porosity and permeability models and the data listed 

in Table 6-1. As mentioned before, there are no detailed studies related to diagenesis 

and/or facies distributions that could be used as input for distributing the reservoir rock 

types. 

Table 6-1. Boundaries for each reservoir rock type based on the Winland R35 

classification.  

RRT/R35 Min Max 

RRT1 >1 - 

RRT2 0.32 1.00 

RRT3 0.20 0.32 

RRT4 0.10 0.20 

RRT5 0.00 0.10 
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Figure 6-3. Five reservoir rock types for Field X based on the Winland R35 method. 

The porosity-permeability plot (left) with capillary pressure curves (middle) shows the 

RRT scheme’s clustering effect for each rock type. 

 
Figure 6-4. Map view shows the five Winland R35 rock types in one of the reservoir 

layers. 
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6.2.3 Saturation Modelling 

Three different approaches were employed for modelling the initial fluid saturations, i.e. 

Leverett J-functions from core data (Leverett, 1941), a combination of Leverett J-

functions from the core and log data (O’Meara, 2019), and the Skelt and Harrison (1995) 

method.  

 

As discussed in Chapter 4, a single J-function curve is used for the entire reservoir at this 

stage to evaluate the impact of averaging the J-function on the STOIIP estimate. It should 

be noted that this model used the capillary pressure curve of primary drainage because 

there is no evidence of further tectonic processes occurring in the reservoir after the 

hydrocarbon charge. In the second approach, Geo2Flow software is used to generate a 

model of the initial water saturation by combining the water saturation from log data and 

capillary pressure curves from the core data, as discussed in detail in Chapters 2 and 4. 

The last approach generated saturation height functions for the five Winland R35 

reservoir rock types using Skelt and Harrison (1995) (Figure 6-5). The fitting parameters 

of the Skelt and Harrison (1995) correlation (Equation 2-15) have been adjusted to 

generate a curve that matches the capillary pressure data for each reservoir rock type 

shown in Figure 6-3.  

 
Figure 6-5. Saturation height functions for the five Winland 35 reservoir rock types 

based on the Skelt and Harrison (1995) method. 
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For simplicity, three other uncertainties in the reservoir data were ignored. First, a 

constant formation volume factor of 1.39 RB/STB is assumed, but note that the formation 

volume factor varies between 1.3 and 1.75 due to fluid composition variations across the 

reservoir (see Chapter 3). Second, a constant free water level is assumed, which varies 

between ±10ft across the reservoir. Third, a constant gas-oil contact is assumed, which 

varies between ±5ft across the reservoir. These simplifications allow us better to analyse 

the impact of modelling decisions on STOIIP estimates. 

6.3 MODEL COMPARISON AND VALIDATION 

The porosity models were compared and validated using three different approaches. First, 

the impact of the stochastic nature of the GRFS on the model’s pore volume was 

quantified by running the algorithm multiple times for different seed numbers; the 

resulting porosity models are referred to as PHIE_SEED_1, PHIE_SEED_2, and 

PHIE_SEED_3. Secondly, repeated blind tests were performed by excluding 37% of the 

wells containing saturation data from the input data and using the remainder of the data 

to model the porosity distribution. The porosity logs predicted by the model for the 

excluded well data were then compared to the available data for validation. This process 

was repeated randomly several times in order to remove any bias during the selection of 

the wells. The resulting porosity models are referred to as PHIE_Blind_1, PHIE_Blind_2, 

and PHIE_Blind_3. Lastly, the GRFS was re-ran multiple times for model PHIE_Blind_1 

to quantify the impact of the stochastic nature of this algorithm again; the resulting 

porosity models are referred to as PHIE_Blind_1_SEED_1, PHIE_Blind_1_SEED_2, 

and PHIE_Blind_1_SEED_3.  

The permeability models were validated in two ways. First, permeability model 

predictions were compared to the core permeability data for each well where such data 

existed. Secondly, the geometric average was calculated for the permeability model over 

the drainage radius for each well where a well-test was carried out and compared the 

resulting value to the permeability obtained from the well-test. It is important to note that 

such comparisons are only semi-quantitative because permeability data from different 

scales are compared. However, this exercise still provides an indication if there are 

significant inconsistencies between the permeability model and the available static and 

dynamic reservoir data.  
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The saturation models were compared to the water saturations obtained from the well 

logs. The water saturation log was calculated using Archie’s equation and validated with 

core samples using the Dean-Stark method (Dean and Stark, 1920); therefore, water 

saturations from well logs are assumed to be correct and used as a reference to estimate 

the error. The saturation models were also validated through repeated and randomised 

blind tests, where 30% of the wells containing saturation data were held back for 

validation purposes, and the other 70% of the wells provided the input data. Saturation 

logs predicted by the model for the excluded wells were then compared to the available 

data for validation. As with the porosity models, this process was repeated in order to 

remove any bias during the selection of the wells. 

Two error norms were selected to calculate the model accuracy and the average error 

value of the porosity and saturation models for all the scenarios. The mean absolute 

percentage error 휀 given by 

휀 = (
1

n
∑

|(X)𝑚𝑜𝑑𝑒𝑙−(𝑋)𝑙𝑜𝑔|

|(𝑋)𝑙𝑜𝑔|

𝑛
𝑖=1 ) × 100.              Eq. 6-1 

 
Additionally, the root mean square error 𝑅𝑀𝑆𝐸 was utilised and was calculated by 

 

𝑅𝑀𝑆𝐸 = √∑ ((X)𝑚𝑜𝑑𝑒𝑙𝑖−(𝑋)𝑙𝑜𝑔𝑖
)

2
𝑛
𝑖=1

𝑛
 ,                Eq. 6-2 

 

where 𝑋 is porosity or saturation value, and 𝑛 refers to the number of grid blocks (grid 

intersected by the well). 

 

6.4 RESULTS AND DISCUSSION  

This section presents the results obtained from the structural modelling, porosity 

modelling, RRT and permeability modelling, and from modelling the saturation 

distributions. The impact on the estimation of the reservoir and fluid volumes will be 

discussed. To facilitate understanding, Table 6-2 summarises the number of scenarios and 

realisations for each stage of the modelling process employed in this study. 
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Table 6-2. Summary of the modelling scenarios and realisations for Field X. 

Structure 

There are 1202 structural horizons: 

• 1200 stochastic realisations with limited impact on gross rock 

volume, P90 and P10 have been chosen for geological modelling 

scenarios (Scenarios A1 and A2). 

• One deterministic model was built based on the initial velocity 

model (Scenario A). 

• One deterministic model was built using a revised velocity model 

that considerably affects gross rock volume (Scenario B). 

Thickness 
Not considered as the reservoir has a layer-cake formation (changes +/-4ft 

across the reservoir) 

Porosity 

There are 4206 porosity models: 

• 3000 realisations are made by varying the seed numbers. 

• 1200 realisations were created by changing the variogram 

parameters (major and minor direction, vertical and azimuth). 

• Three porosity models were created for the blind test. 

• Three porosity models were created by changing the seed number 

of the blind test model. 

RRT and 

Permeability 

There are 12 permeability models: 

• One deterministic permeability model was built based on the Cloud 

transform approach for each modelling scenario. 

• One deterministic permeability model was built based on the GHE 

approach for each modelling scenario. 

• One deterministic permeability model was built based on the Lucia 

approach for each modelling scenario. 

Saturation 

There are 36 saturation models: 

• One deterministic saturation model was built based on the Core J-

function approach for each modelling scenario. 

• One deterministic saturation model was built based on the Core and  

Log J-function approach for each modelling scenario. 

• One deterministic saturation model was built based on the Skelt-

Harrison approach for each modelling scenario. 

Other parameters 

To emphasise the influence of modelling decisions on STOIIP estimates, the 

following uncertainty parameters were ignored: 

• Constant formation volume factor. 

• The free water level remains constant. 

• Gas-oil contact remains constant. 

 

6.4.1 Structural Model  

The variation in pore volumes resulting from the geological uncertainties encountered 

during the structural modelling is summarised in Figure 6-6. The calculation of the pore 

volume was limited to the reservoir volume between the gas-oil contact and the free water 

level. Recall that the fluid contacts are assumed to be fixed to eliminate any impact of the 

uncertainty in the precise location of the fluid contact. There is only a ±5% variation in 

the pore volume calculated across all 1200 different structural models where the reservoir 

top was varied stochastically between the wells (Figure 6-2). This relatively minor 
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variation is due to the fact that all these stochastically generated reservoir tops were 

anchored to a single base case model (Scenario A). In contrast, creating a different 

deterministic structural scenario while honouring the same well data (Scenario B) yields 

an increase of 12% in pore volume. This result may be explained by the fact that while 

much of the reservoir top is constrained by more than 100 wells, the area of high pore 

volume mainly lies in the undeveloped part of the field where the seismic quality is poor 

and less well data is available, which leaves more room for different interpretations and 

therefore results in more significant changes in pore volume. 

 
Figure 6-6. Variability in pore volume estimates resulting from the different structural 

models. Note that Scenario B represents a single different deterministic scenario while 

the distribution reflects the uncertainty arising from modelling the location of the 

reservoir top in Scenario A away from the well. 

6.4.2 Porosity Model 

The different stochastic realisations for the porosity models show that the seed number 

has a minimal impact on pore volume calculation; the total pore volume variability is less 

than 1.5% when changing the seed number 3000 times (Figure 6-7). Similarly, when 1200 

realisations were generated by altering the variogram parameters (major and minor 

direction, vertical and azimuth) (Figure 6-8), the effect on pore volume calculation was 

minimal (Figure 6-9). It is worth noting that, although changing the seed number and 

variogram parameters hardly changes the total pore volume, it changes the spatial 

distribution of the pore volumes, which then influences the permeability distribution, and 

hence impacts the dynamic simulation and forecasting. 
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Figure 6-7. Variation in pore volume when seed numbers are varied 3000 times. 

 

 
Figure 6-8. Sensitivity runs in variogram directions major, minor, vertical, and azimuth 

varied 1200 times for subzone 4. 

 

 
Figure 6-9. Variation in pore volume when the variograms major, minor, vertical, and 

azimuth varied 1200 times. 
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During the blind tests where only 63% of the wells containing porosity data were used as 

input, the variability in total pore volumes was less than 1%; this variability was caused 

by using random combinations of different wells as the input data. When the seed number 

was varied together with the blind test, the variability in the total pore volumes increased 

to approximately 2%. Figure 6-10 summarises the variability in pore volumes for the 

different porosity modelling approaches. Table 6-3 summarises the error metrics for the 

porosity model. The absolute error 휀 can be as high as 8%, but the RMSE was always 

below ~0.02 (i.e., two porosity units). This relatively small variability in total pore 

volume was expected because of the high well density. The wells are also relatively 

evenly distributed across the developed part of the field, which provides more reliable 

input data for porosity modelling and hence reduces uncertainty. Figure 6-11 gives an 

example of a 3D porosity model, and Figure 6-12 compares the seven porosity models 

across Well F by changing the seed numbers (i.e., for different stochastic realisations) 

and selecting different input wells during blind testing. 

 
Figure 6-10. Comparison of the relative changes in pore volumes for the porosity model 

of Scenario A using all the wells and the porosity models created from different 

stochastic realisations by changing the seed number (PHIE_SEED), the porosity models 

created for the blind testing (PHIE_Blind), and the porosity models created for a 

combination of blind testing and different seed numbers (PHIE_Blind_SEED). 

Table 6-3. Summary of the error metrics for the porosity model in structural Scenario A. 
Porosity method RMSE ε (%) Input well (%) 

PHIE (base-case) 0 0.0% 100% 

Porosity_SEED1 0 0.0% 100% 

Porosity_SEED2 0 0.0% 100% 

Porosity_SEED3 0 0.0% 100% 

Porosity_Blind_test1 0.02 6.8% 63.0% 

Porosity_Blind_test2 0.02 6.4% 64.2% 

Porosity_Blind_test3 0.01 1.9% 63.6% 

PHIE_Blind_test_1_ SEED_1 0.02 7.8% 63.0% 

PHIE_Blind_test_1_ SEED_2 0.02 8.0% 63.0% 

PHIE_Blind_test_1_ SEED_2 0.02 8.0% 63.0% 
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Figure 6-11. Example porosity model for structural Scenario A.  

 

 
Figure 6-12. Representative comparison of the porosity model predictions for a single 

well (Well F) in structural Scenario A using different stochastic realisations 

(PHIE_SEED 1,2 and 3) and during the blind testing (PHIE_Blind 1,2 and 3). 

 

Additionally, Table 6-4 to Table 6-7 summarise the variance of the porosity data change 

across different scales, and it appears to be a negligible difference. Based on the 

observation that the total pore volume hardly changes, a single porosity model for each 

structural scenario was taken forward for the subsequent permeability and saturation 

modelling steps. 
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Table 6-4. Statistics for the core porosity (Core data). 

Name Min Max Delta N Mean Std Var Sum 

Plug  0.00 0.30 0.30 1885 0.166 0.057 0.0033 313.3 

 

Table 6-5. Statistics for the porosity model (One layer). 

Name Min Max Delta N Mean Std Var Sum 

Property 0.00 0.26 0.26 105000 0.158 0.032 0.0010 16617 

Upscaled 0.00 0.24 0.24 256 0.169 0.031 0.0009 43 

Well logs 0.00 0.26 0.26 47894 0.169 0.029 0.0008 8072 

 

Table 6-6. Statistics for the porosity model (One subzone). 

Name Min Max Delta N Mean Std Var Sum 

Property 0.00 0.27 0.27 420000 0.156 0.034 0.0011 65556 

Upscaled 0.00 0.24 0.24 964 0.163 0.033 0.0011 158 

Well logs 0.00 0.27 0.27 165452 0.165 0.033 0.0011 27278 

 

Table 6-7. Statistics for the porosity model (Entire model). 

Name Min Max Delta N Mean Std Var Sum 

Property 0.00 0.29 0.29 4304996 0.147 0.046 0.0021 631339 

Upscaled 0.00 0.25 0.25 6203 0.152 0.045 0.0021 945 

Well logs 0.00 0.31 0.31 765395 0.157 0.044 0.0019 120040 

 

6.4.3 The RRT and Permeability Model  

Figure 6-13 shows the resulting permeability models that were created from the porosity 

model using the three different RRT approaches, i.e. the cloud transfer, the GHE method, 

and Lucia’s (1995) method. Recall that more than 20 wells were available with relevant 

porosity and permeability measurements and well-log data for this modelling step. As in 

Chapter 4, it is not surprising that the different RRT approaches lead to different 

permeability distributions, which ultimately will impact reservoir performance 

predictions during dynamic modelling. 
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Figure 6-13. Three illustrative permeability models were obtained from three different 

RRT approaches. 

 

The permeability models inherit the porosity model’s spatial continuity. Additionally, as 

in Chapter 4, synthetic permeability logs are generated at wellbore locations using the 

generated 3D permeability of each RRT approach to compare, and quality control the 

core data collected from the wellbore (Figure 6-14). 
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Figure 6-14. A comparison of four wells in Field X. The porosity core data was 

compared to the porosity logs on the left track, while the permeability core data was 

compared to the permeability generated from three RRT approaches on the right track. 

 

Table 6-8 and Figure 6-15 show the variation and averages of the 3D permeability data. 

The permeability distribution obtained through the use of the porosity-permeability cloud 

transforms retains some of the heterogeneity of the data. Recall that the cloud transforms 

resulted in 16 unique porosity-permeability relationships compared to the five petrotype 

groups in GHE and the three Lucia classes. This is one of the unique features of the cloud 

method. The cloud method distributes the permeability throughout the 3D grid using 

sixteen distinct clouds of data (one for each subzone), whereas the Lucia and GHE 

methods do so by averaging and smoothing data into a smaller number of groups. For 

example, if a single grid cell has a porosity value of 18%, the cell’s permeability can be 

1.7 mD using GHE and 2.4 mD using Lucia within the same subzone; however, the cloud 

transform reflects the dataset’s variability, and the corresponding permeability can range 

from 1 to 4 mD depending on which cloud transform was used based on the underlying 

core data. 

  

Table 6-8. Arithmetic permeability average �̅� for each of the three RRT approaches for 

each structural model scenario. 
Structural Model �̅� Cloud �̅� Lucia �̅� GHE 

A 1.18 1.24 1.31 

A1 1.18 1.24 1.31 

A2 1.18 1.24 1.31 

B 1.17 1.23 1.31 
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Figure 6-15. Permeability histograms for each of the three RRT approaches for each 

structural model scenario. 

 

The permeability distributions in one of the high-quality subzones using the three 

different RRT approaches are depicted in Figure 6-16. The cloud transforms in this 

subzone have a broader range of values than the other approaches but also have the lowest 

average permeability of the entire model, as the cloud transform employs a unique 

relationship (cloud) to link porosity and permeability for each subzone. 

 

 
Figure 6-16. Permeability distributions in one of the subzones using the three different 

RRT approaches. 

 

Additionally, Table 6-9 and Table 6-10 summarise the variance change of the 

permeability data across different scales. 

 

Table 6-9. Statistics for the core permeability (core data). 

Name Mean Standard Deviation Variance 

Plug 2.56 4.73 22.44 
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Table 6-10. Statistics for the permeability models (Entire model). 

Name Mean Standard Deviation Variance 

Cloud 1.18 1.78 3.16 

Lucia 1.24 1.12 1.26 

GHE 1.31 0.99 0.99 

 

Figure 6-17 compares the geometrically averaged model permeability to the permeability 

obtained from the well tests that were carried out for 12 wells. These well tests data were 

used for qualitative comparisons only as both, the permeability averaging and the well-

test data are prone to uncertainties. The well test was affected by several factors, namely: 

• The limited-time available for well test data acquisition, which most likely did not 

reach the linear flow region in a horizontal well, and/or pressure gauge issues. 

• The test assumes the entire 1km open-hole section of the horizontal well is 

contributing to the flow. 

• The estimated reservoir thickness that contributed to the flow from the well test 

ranged between 10 and 40 feet, depending on the well trajectory. 

• The estimated drainage radius varies between 250 metres to 1000, given the length 

of the well. 

• Two-phase flow may have impacted the well test in some regions when compared 

to single-phase permeability results. 

It is worth noting that more consistent modelling approaches exist that aim to use well-

test data to calibrate reservoir models (Hamdi et al., 2014; Egya et al., 2021). The 

arithmetic permeability average was calculated based on the estimated reservoir thickness 

and the drainage radius, which contribute to the flow during the well test for each well. 

The drainage radius has been defined as a circular shape (vertical well) or ellipsoid shape 

(horizontal well) around the wellbore and varies between 250 metres to 1000 metres. The 

correlation between the well test permeability and the averaged model permeability in the 

vicinity of the wells is variable, and there are some noticeable outliers where the averaged 

permeability overpredicts the well-test permeability or vice versa. These outliers occur at 

wells where there is uncertainty in the input parameters for the well test (e.g. estimating 

the actual reservoir thickness contributing to the flow, not allowing enough testing time 

to reach the linear flow region in a horizontal well, or poor calibration for the pressure 

sensors). Furthermore, some wells intersect regions where the reservoir contains 

disconnected fractures, which can lead to higher well-test permeabilities, and the matrix 

permeability must be adjusted to account for the presence of such fractures (AlAmeri et 

al., 2020). 
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Figure 6-17. Comparison between the averaged modelled permeability from the three 

RRT methods to the observed well test permeability obtained at 12 wells. Note that the 

most significant outliers are caused by the presence of fractures as discussed in Chapter 

5 or uncertainties in the well-test analysis itself. 

 

6.4.4 Saturation Modelling  

Thirty-six different saturation models were generated for every possible combination of 

the structural models, RRT, and saturation modelling approaches. The resulting nine 

different saturation models for structural Scenario A are shown in Figure 6-18. Figure 

6-19 shows a comparison of these nine saturation models at three wells to illustrate the 

variability in the saturation distribution. The saturation model generated using the core J-

functions is dependent on the porosity, permeability, and height above free water level 

(HAFWL). In contrast, the log- and core-derived Leverett J-functions that are used to 

populate the saturation model are intended to honour the saturation log data at the well 

location and depend on the porosity, permeability, and HAFWL observed at the wells. 

Finally, the Skelt-Harrison saturation model is dependent on the HAFWL and Winland 

R35 RRT groups, which define the porosity and permeability of the RRT. Figure 6-20 

depicts the results of an example blind test in which 30% of the wells containing 

saturation data were not used when constructing the reservoir model but instead were 

used to analyse how accurately the different permeability and saturation models predict 

the properties of these wells. Note that the saturation logs that were generated using the 

combination of the log- and core-data derived Leverett J-functions yielded a better 

prediction during the blind test than the saturation logs generated using the Skelt-Harrison 

and core-data derived Leverett J-functions. 
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Figure 6-18. Nine different saturation models for structural Scenario A arising from the 

different possible configurations of saturation models and RRT methods. 

 

 
Figure 6-19. Comparison of the nine saturation models at three illustrative wells (A, B 

and C). The background colour with the black line represents the saturation measured in 

the logs. The first track depicts the saturation model derived from three different RRT 

approaches employing the core- and log-derived J-functions, which always honour the 

saturation logs, and hence there is no difference between the saturation model and the 

well log. The second track depicts the saturation model derived from three different 

RRT approaches employing the Skelt-Harrison method. The third track depicts the 

saturation model derived from three different RRT approaches employing the core-data 

derived J-functions.  
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Figure 6-20. Results of an example blind test in which 30% of the wells containing 

saturation data were excluded from the saturation modelling process for validation 

purposes. The resulting tracks compare the saturation models from the log- and core-

derived Leverett J-functions and the Skelt-Harrison approach to the available log data at 

three illustrative wells that were held back from the saturation modelling process. 
 

Figure 6-21 illustrates the water saturation model generated using the log- and core-J 

function approach for five randomly selected blind test wells from the crest to the flank; 

recall that these wells were not included as input during the prediction process. 

Additionally, this approach populates the saturation model using the saturation height 

function (SHF) Leverett J function from the core as well as the log data. The SHF 

calculation takes into account porosity, permeability, and depth. 
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Figure 6-21. Structural cross-section of the water saturation using the log- and core J 

functions approach. These wells were excluded from the saturation modelling process in 

order to validate the saturation distributions in the transition zone (blind test wells). 

 

As in Chapter 4, the saturation models that combine the log- and core-derived Leverett J-

functions show an excellent agreement between the wells’ modelled saturation and the 

logs’ saturation data (Figure 6-22). This approach also shows a more consistent saturation 

profile in the transition zone compared to the saturation data at the wells that were 

modelled using core-derived Leverett J-functions or the Skelt-Harrison method.  
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Figure 6-22. Comparison of the water saturation data observed at the well logs and the 

predicted water saturation models for structural Scenario A. 

 

 
Figure 6-23. Comparison of water saturation data observed at the well logs and the 

predicted water saturation for the blind-tested wells using a saturation model based on 

core- and log-derived Leverett J-functions. The underlying permeability model is based 

on the cloud transform. 
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Saturation models using a combination of log- and core-data derived Leverett functions 

have the lowest errors (Table 6-11), with RMSE and 휀 both below 0.04 and 2%, 

respectively. The reason for this excellent agreement is that this particular method 

honours the saturation logs by altering the permeability, irreducible water saturation, and 

Archie exponent based on the predefined error range from the available data.  For 

permeability, these input ranges vary by approximately one order of magnitude, while the 

irreducible water saturation ranges vary between 0.05 to 0.15, and the Archie exponents 

ranges vary between 1.8 to 2.2. In contrast, RMSE and 휀 are above 0.1 and 25%, 

respectively, for the Skelt-Harrison method and the core-data derived Leverett J-

functions, which are based on independent data sources from the well logs with their own 

underlying assumptions. Therefore, a combination of log- and core-data derived Leverett 

functions is considered the most robust saturation modelling approach. Further blind tests 

were carried out using the porosity-permeability cloud transform with a combination of 

log- and core-data derived Leverett saturation methods; again, only 70% of the wells 

containing saturation data were used as input for the saturation model and data for the 

remaining 30% of the wells was used for validation. In this blind test, the RMSE remains 

below 0.07, but  휀 increases to 7%, which is still significantly lower than the RMSE and 

휀 values for the Skelt-Harrison method and core-data derived J-functions.  

 

Table 6-11. Summary of the error metrics for the saturation models of structural 

Scenario A. 

M
o

d
el

 A
 

Saturation model RRT approach RMSE Ԑ  (%) 

Log- and core-data derived J-functions Lucia 0.02 1.3% 

Log- and core-data derived J-functions GHE 0.02 1.4% 

Log- and core-data derived J-functions Cloud 0.04 1.9% 

Log- and core-data derived J-functions 

(Blind test) 

Cloud 0.07 6.9% 

Skelt-Harrison Lucia 0.16 24.4% 

Skelt-Harrison Cloud 0.16 26.1% 

Skelt-Harrison GHE 0.16 24.9% 

Core-data derived J-functions GHE 0.17 29.6% 

Core-data derived J-functions Lucia 0.19 36.0% 

Core-data derived J-functions Cloud 0.18 40.2% 

 
In all other structural scenarios, the saturation models that use core-data derived Leverett 

J-functions show the highest errors because the broad range of capillary pressure curves 

inherent to this reservoir is averaged into a single J-function for each rock type. This 

observation is also apparent in the relative lack of sensitivity of the Skelt-Harrison method 

to the choice of the RRT approach in comparison to the core-data derived Leverett J-

function. Detailed error metrics for the different scenarios and models are provided in 

Table 6-12, Table 6-13 and Table 6-14. 
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Table 6-12. Summary of the error metrics for the saturation models for structural 

Scenario B. 

M
o

d
el

 B
 

Saturation model RRT approach RMSE Ԑ  (%) 

Log- and core-data derived J-functions Lucia 0.04 2.4% 

Log- and core-data derived J-functions GHE 0.04 2.2% 

Log- and core-data derived J-functions Cloud 0.04 2.3% 

Skelt-Harrison Lucia 0.16 26.7% 

Skelt-Harrison Cloud 0.15 27.6% 

Skelt-Harrison GHE 0.15 26.4% 

Core-data derived J-functions GHE 0.18 32.0% 

Core-data derived J-functions Lucia 0.20 39.9% 

Core-data derived J-functions Cloud 0.18 41.4% 

 

Table 6-13. Summary of the error metrics for the saturation models for structural 

Scenario A1. 

M
o

d
el

 A
1
 

Saturation model RRT approach RMSE Ԑ  (%) 

Log- and core-data derived J-functions Lucia 0.06 2.5% 

Log- and core-data derived J-functions GHE 0.05 2.4% 

Log- and core-data derived J-functions Cloud 0.06 2.5% 

Skelt-Harrison Lucia 0.16 24.8% 

Skelt-Harrison Cloud 0.16 25.9% 

Skelt-Harrison GHE 0.17 25.4% 

Core-data derived J-functions GHE 0.16 32.5% 

Core-data derived J-functions Lucia 0.18 39.5% 

Core-data derived J-functions Cloud 0.17 40.6% 

 

Table 6-14. Summary of the error metrics for the saturation models for structural 

Scenario A2. 

M
o

d
el

 A
2
 

Saturation model RRT approach RMSE Ԑ  (%) 

Log- and core-data derived J-functions Lucia 0.06 2.6% 

Log- and core-data derived J-functions GHE 0.05 2.4% 

Log- and core-data derived J-functions Cloud 0.05 2.4% 

Skelt-Harrison Lucia 0.16 24.7% 

Skelt-Harrison Cloud 0.16 25.8% 

Skelt-Harrison GHE 0.16 25.3% 

Core-data derived J-functions GHE 0.16 32.5% 

Core-data derived J-functions Lucia 0.18 39.4% 

Core-data derived J-functions Cloud 0.17 40.5% 

 

6.4.5 STOIIP estimates  

Figure 6-18 shows the different saturation models which will, of course, impact STOIIP 

estimates. Figure 6-24 summarises the relative changes in STOIIP estimates across all 36 

different saturation models. STOIIP estimates increased by up to 27% (Structural 

Scenario B) or decreased by up to 7% (Structural Scenario A2) compared to the operator’s 

current STOIIP estimate. The absolute difference between the maximum and minimum 

STOIIP estimates ranges between 25% and 28% in each structural scenario. 
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Figure 6-24. Variations in STOIIP estimates across the 36 different saturation models, 

which consider the uncertainty in the structural model, the RRT approach, and the 

saturation modelling method. These changes in STOIIP estimates are with reference to 

the current operator estimate. 

 

Structural Scenario A contains one model where the STOIIP estimates decrease by 7% 

and another model where the STOIIP estimate increases by 18% compared to the operator 

estimate. The differences in these two models, that is a change of 25% in STOIIP 

estimate, are only caused by the different choices made during the modelling workflow 

and the inherent assumptions of a given workflow, not in the underlying reservoir data. 

Similarly, structural Scenarios A1 and A2 predict a minimum STOIIP that is 

approximately 7% below the operator estimate and a maximum STOIIP that is 19% and 

21%, respectively, above the operator estimate. In contrast, for structural Scenario B, the 

minimum STOIIP is only 1% below the operator estimate, while the maximum STOIIP 

is 28% above the operator estimate. In all cases, this significant range in STOIIP estimates 

is only caused by the different choices made during the reservoir modelling workflow. 

 

The impact of choosing a certain RRT approach on the variability in the STOIIP estimates 

is comparatively small when using GHE or the Lucia classes. Depending on the chosen 

saturation modelling approach, the absolute difference between the maximum and 

minimum STOIIP estimate is between 24% and 14% for GHE, and between 25% and 9% 

for the Lucia classes for the different structural scenarios. This difference is in stark 

contrast to the RRT approach where porosity-permeability cloud transforms are used; 
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here the absolute difference between the maximum and minimum STOIIP estimate is 

28% depending on the choice of saturation model.  

 

The variability in STOIIP estimates is small for the saturation modelling approach that 

combines log- and core-data derived Leverett J-functions; the absolute difference 

between the maximum and minimum STOIIP estimates is between 3% to 4%, depending 

on the choice of RRT method. This difference increases to approximately 7% for 

saturation models based on the Skelt-Harrison method and 23% for saturation models 

based on core-data derived Leverett J-functions. 

The saturation model using a porosity-permeability cloud transform and the core-data 

derived Leverett J-functions yields the lowest STOIIP estimates in all four structural 

scenarios. This is because the porosity-permeability cloud transforms have the lowest 

permeability ranges in each grid cell compared to the other permeability modelling 

methods and use a single average J-function curve, which shifts the water saturation to 

higher values and decreases STOIIP estimates. On the other hand, the same porosity-

permeability cloud transforms yield the highest STOIIP estimates when the saturation 

model is based on a combination of log- and core-data derived Leverett J-functions. As 

discussed in Chapter 4, the log- and core-data derived Leverett J-functions use a range of 

Leverett J-functions instead of a single J-curve and alter the permeability value based on 

a predefined error range to match well log saturation. 

This analysis confirms the hypothesis which is central to this thesis, namely that the 

choice of RRT and saturation modelling approach is the first-order uncertainty when 

calculating fluid volumes in giant carbonate reservoirs and could potentially mask other 

geological uncertainties. Importantly, the choice of RRT and saturation modelling 

approach also directly influence preferential flow paths and the quality of the history 

match, as shown by Al-Ameri et al. (2020) for the same reservoir. 

6.5 SUMMARY 

The multi-deterministic scenario workflow allowed us to explore a broader range of the 

uncertainties related to the geological assumptions and modelling approaches (i.e. 

commonly used RRT methods and saturation height function models) in a giant carbonate 

reservoir. The uncertainties inherent to the decisions made during the reservoir modelling 
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workflow and its inherent assumptions significantly impact the STOIIP estimates, with 

the absolute difference between the lowest and highest STOIIP estimates being as high 

as 28%. Such uncertainties could potentially mask other geological uncertainties inherent 

to the reservoir description, such as defining alternative correlations, considering the 

presence of fractures, etc. The uncertainties related to reservoir modelling decisions are 

also expected to significantly influence the resulting reservoir dynamics, as indicated by 

AlAmeri et al. (2020). 

For this particular reservoir, the combination of core- and log-derived Leverett J-

functions results in the lowest error in the saturation model and generally yields the 

highest STOIIP estimates, independent of the chosen RRT approach. If the saturation 

model is based on core-data derived Leverett J-functions, the saturation model always has 

the highest error and yields the lowest STOIIP estimates when combined with porosity-

permeability cloud transforms. Permeability models generated using the GHE methods 

show smaller variations in STOIIP estimates than permeability models based on Lucia’s 

classes or porosity-permeability cloud transforms.  

While it is not clear if our observations are universally applicable to other carbonate 

reservoirs and the root causes of the variability in STOIIP estimates need to be analysed 

case by case, our work highlights the need to design an appropriate multi-deterministic 

modelling scenario that carefully considers both, uncertainties inherent to the geological 

data and reservoir description, and the uncertainties inherent to the choice of reservoir 

modelling workflows. Finally, it is worth noting that the uncertainty analysis discussed 

here can be readily linked to other uncertainty quantification workflows such as the 

Monte-Carlo based workflows of Athens and Caers (2019) and Yin et al. (2020), which 

provide a probabilistic framework to quantify uncertainties in individual model scenarios 

but have previously mainly been applied to a single base case, not a range of different 

model scenarios developed here. 
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Chapter 7 - SUMMARY, CONCLUSIONS AND FUTURE WORK  

7.1 SUMMARY AND CONCLUSIONS  

Carbonate reservoirs are estimated to contain 60% of global oil reserves and 40% of 

global natural gas reserves (Montaron, 2008). Hydrocarbon production from carbonate 

reservoirs can be particularly challenging due to the fact that carbonate reservoirs are 

likely to be very heterogeneous, have mixed wettability, and can be fractured; all of these 

features lead to a low recovery rate during primary or secondary recovery techniques. 

This thesis has demonstrated, using a case study for Field X, that a multi-deterministic 

scenario workflow can be successfully applied to giant fractured carbonate reservoirs to 

quantify the impact of geological uncertainty, resulting in more realistic oil-in-place 

estimates and an improved history matching quality. The main outcomes from the three 

scientific chapters are as follows: 

 

Chapter 4 discussed how different permeability models, arising from different RRT 

methods, in combination with different saturation modelling approaches, significantly 

impact the 3D saturation distributions and subsequent oil-in-place estimates in Field X. 

It was noted that changing a single component of the modelling workflow, such as 

porosity modelling, permeability modelling, or the technique for saturation height 

function modelling, does not always result in significant changes in oil-in-place 

estimation. However, the combination of these components together can have a 

substantial impact on oil-in-place and even cause the entire field’s development strategy 

to be re-evaluated. Furthermore, the saturation model generated using the core-and log-

derived Leverett J-functions in combination with three permeability models (Cloud 

transform, Lucia, and GHE) honours the saturation logs for all wells because it integrates 

the water saturation logs and capillary pressure curves. This saturation model also shows 

the most improved history match, suggesting that it yields the most realistic oil-in-place 

estimates. The changes in oil-in-place estimation arising from the different workflows are 

substantial and may be compared to the discovery of a new field in a mature basin such 

as the North Sea. In general, the quality of the history matches improved significantly in 

most wells when the core-and log-derived Leverett J-functions were combined with the 

cloud transform method to generate the permeability model (AlAmeri et al., 2020). 

However, several mismatched wells were still observed.  
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Chapter 5 discussed the application of the effective medium theory (EMT) to Field X, 

which allowed the calculation of the permeability enhancement of the matrix due to the 

presence of low-intensity fractures in the vicinity of the fault using a geologically 

consistent approach rather than using arbitrary multipliers. The effective medium theory 

calculations are semi-analytical and can hence be carried out in a matter of seconds to 

obtain permeability values for fractures and matrix for Type III reservoirs, i.e., cases 

where the fractures enhance but do not control the reservoir permeability. The updated 

reservoir models obtained demonstrate a considerable improvement in the quality of the 

history match compared to the operator model because the reservoir connectivity has 

increased, which is likely to lead to new reservoir performance forecasts that could impact 

the field development strategy. Therefore, the findings in this chapter emphasise the need 

to carefully consider reservoir modelling decisions and geological uncertainties through 

the appropriate multi-deterministic geomodelling workflow. 

 

Chapter 6 discussed the multi-deterministic scenario workflow that allowed a broader 

range of the uncertainties to be explored, which are related to the geological assumptions 

and modelling approaches (i.e., commonly used RRT methods and saturation height 

function models) in a giant carbonate reservoir. The uncertainties inherent in the decisions 

made during the reservoir modelling workflow and its inherent assumptions significantly 

impacted the STOIIP estimates, with the absolute difference between the lowest and 

highest STOIIP estimates being as high as 28%. Such uncertainties could potentially 

mask other geological uncertainties inherent in the reservoir description, such as defining 

alternative correlations and considering the presence of fractures. The uncertainties 

related to reservoir modelling decisions are also expected to significantly influence the 

resulting reservoir dynamics, as indicated by AlAmeri et al. (2020). For this particular 

reservoir, the combination of core-and log-derived Leverett J-functions resulted in the 

lowest error in the saturation model and generally yielded the highest STOIIP estimates, 

independent of the chosen RRT approach. If the saturation model was based on core-data 

derived Leverett J-functions, the saturation model always had the highest error and 

yielded the lowest STOIIP estimates when combined with porosity-permeability cloud 

transforms. Permeability models generated using the GHE methods showed smaller 

variations in STOIIP estimates than permeability models based on Lucia’s classes or 

porosity-permeability cloud transforms.   
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Finally, it is not clear if these observations for Field X are universally applicable to other 

carbonate reservoirs and the root causes of the variability in STOIIP estimates; therefore 

need to be analysed case by case. Additional approaches, not limited to those discussed 

in this study, may need to be investigated for different reservoirs. For this particular 

reservoir, we found that the combination of core- and log-derived Leverett J-functions 

causes the lowest error in the saturation model and generally yields the highest STOIIP 

estimates. The present work highlights the need to avoid “modelling for comfort” 

(Ringrose and Bentley, 2015) and instead design an appropriate multi-deterministic 

modelling scenario that carefully considers both the uncertainties inherent to the 

geological data and reservoir description and the uncertainties inherent in the choice of 

reservoir modelling workflows. Figure 7-1 summarises the uncertainty in Field X 

resulting from this study. 

 

 
Figure 7-1. Summary of geological uncertainties and their impact on reservoir 

understanding and subsequent geological model construction in Field X. 
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7.2 FUTURE WORK 

This thesis has focused on an improved approach for quantifying the impact of geological 

uncertainty. In addition, it has considered modelling decisions in terms of static and 

dynamic reservoir models in fractured carbonate reservoirs. However, there is the 

potential for further improvement regarding other areas of this work. The following points 

emphasise such aspects: 

  
• Chapter 6 presented the methodology followed to develop an ensemble of geological 

models to account for the uncertainty inherent in geological and petrophysical 

properties. The challenge was to find the right balance between computing efficiency 

and optimisation. It is suggested to perform reservoir model clustering and ranking in 

order to reduce the number of ensemble models required for simulation. Clustering 

and ranking must take both static and dynamic properties into account (Scheidt and 

Caers, 2009). 

• It would be interesting to link the uncertainty analysis discussed in Chapters 4 and 6 

to other uncertainty quantification workflows, such as the Monte-Carlo based 

workflows of Athens and Caers (2019) and Yin et al. (2020), which provide a 

probabilistic framework to quantify uncertainties in individual model scenarios but 

have previously mainly been applied to a single base case, but not to a range of 

different model scenarios, as developed here. 

• Geological restoration studies could be performed in the context of tectonic processes 

caused by various structural events. This approach would provide additional insight 

into and understanding of the development of Field X’s reservoir 

compartmentalisation, faults, and fracture distribution (Maerten and Maerten, 2006). 

• In the work described in Chapter 5, image logs were used to characterise the fractures 

in this study. Further studies are suggested to investigate various seismic inversion 

approaches for detecting fractures in the reservoir. Moreover, these approaches would 

assist in determining the fracture’s characterisation (Ajaz et al., 2021). This 

investigation would strengthen the existing research findings and provide additional 

data for better modelling of the fracture network characteristics. 

• The workflow described in Chapter 5 demonstrated history matching after calculating 

the effective permeability of the matrix and fracture through the use of the EMT 

approach. Another aspect worth examining and comparing is the effect of using a 

different analytical upscaling method, such as that used by Oda (1985). 
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APPENDIX 

We present here an example of a MATLAB code that employed to upscaled fracture 

along with a matrix using the EMT code developed by Sævik et al. (2013). 

 
A ={}; 
% Range of P32 
P32set=0.001:0.005:0.2;  
Keff_over_K0=zeros(length(P32set),3); 
% Range of k matrix  
kmatrix =[0.4 0.6 0.8 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 
34 35]; 
% Matrix permeability: 10 milli Darcy 
km=kmatrix*(1e-3)*(9.8692e-13);  
Kmset = km; 
for T=1:length(Kmset)  
  km=Kmset(T); 
for i=1:length(P32set)  
 
    %% Fracture Set 1 Inputs 
    tol=10^-5; 
    % P32=0.01/meter; 
    P32=P32set(i); 
    lmin=5; lmax=50; exponent=2.1; 
    ADratio1=(0.001)/(50); % assume ADratio = max_aperture/max_length 
    elongationratio=2; 
    azimuth=pi/2;     % azimuth = 90 degree   
    dip=80*pi/180; 
    numsets1=1000; 
     %% Generate representative families for fracture set 1 
    % Calculate equivalent elliptical radii using conservation of area 

    rmin_eq = 2*sqrt(lmin*(1/elongationratio)*lmin/2/pi); 

    rmax_eq = 2*sqrt(lmax*(1/elongationratio)*lmax/2/pi); 
    % Calculate e1, e2 and e3 

    e1=[0 1 0]; 

    e2=[1 0 0]; 

    e3=[0 0 1]; 

    Rdip=[cos(dip) 0 -sin(dip); 

        0 1 0; 

        sin(dip) 0 cos(dip)]; 

    Razi=[cos(azimuth-pi/2) sin(azimuth-pi/2) 0; 

          -sin(azimuth-pi/2) cos(azimuth-pi/2) 0; 

          0 0 1]; 

    e1=e1*Rdip'*Razi'; 

    e2=e2*Rdip'*Razi'; 

    e3=e3*Rdip'*Razi'; 

     

    set1 = powerlawsets(exponent,P32,[rmin_eq rmax_eq],[rmin_eq rmax_eq],... 

        elongationratio,numsets1,tol,100*ones(3,1),'e1',e1,'e2',e2,'e3',e3); 

 
    %% Fracture Set 2 Inputs 

    tol=10^-5; 
    % P32=0.01/meter; 

    P32=P32set(i); 

    lmin=5; lmax=50; exponent=2.1; 

    ADratio2=(0.0005)/(50); % assume ADratio = max_aperture/max_length 

    elongationratio=2; 

    azimuth=0; 

    dip=80*pi/180; 

    numsets2=1000;     
    %% Generate representative families for fracture set 2 
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    % Calculate equivalent elliptical radii using conservation of area 

    rmin_eq = 2*sqrt(lmin*(1/elongationratio)*lmin/2/pi); 

    rmax_eq = 2*sqrt(lmax*(1/elongationratio)*lmax/2/pi); 

     
    % Calculate e1, e2 and e3 

    e1=[0 1 0]; 

    e2=[1 0 0]; 

    e3=[0 0 1]; 

    Rdip=[cos(dip) 0 -sin(dip); 

        0 1 0; 

        sin(dip) 0 cos(dip)]; 

    Razi=[cos(azimuth-pi/2) sin(azimuth-pi/2) 0; 

          -sin(azimuth-pi/2) cos(azimuth-pi/2) 0; 

          0 0 1]; 

    e1=e1*Rdip'*Razi'; 

    e2=e2*Rdip'*Razi'; 

    e3=e3*Rdip'*Razi'; 

        set2 = powerlawsets(exponent,P32,[rmin_eq rmax_eq],[rmin_eq rmax_eq],... 

        elongationratio,numsets2,tol,100*ones(3,1),'e1',e1,'e2',e2,'e3',e3); 

 
 
%% Analytical Upscaling 

    sets=[set1;set2]; 

    sizerep=cellfun(@(x) x.size, sets); 

    P31=cellfun(@(x) x.P31, sets); 

    interval=cellfun(@(x) x.interval,sets,'UniformOutput',false); 

    interval=vertcat(interval{:}); 

    epsilon=P31.*(sizerep.^3); % dimensionless fracture density 

    fdens=sum(epsilon); % total dimensionless fracture density 

    distr=epsilon/fdens; % fraction of total density 

    e1=cellfun(@(x) x.e1,sets,'UniformOutput',false); e1=vertcat(e1{:}); % direction 1 

    e2=cellfun(@(x) x.e2,sets,'UniformOutput',false); e2=vertcat(e2{:}); % direction 2 

    e3=cellfun(@(x) x.e3,sets,'UniformOutput',false); e3=vertcat(e3{:}); % direction 3 

    eta=cellfun(@(x) x.axisratio,sets); 

    aperture=sizerep*2.*[repmat(ADratio1,numsets1,1);repmat(ADratio2,numsets2,1)]; 

    kf=(aperture.^2)/12; 

    aspect=0.75*aperture./(sizerep*2); 

    lam=km./(kf.*aspect); 
 % H0 is for symmetric self consistent method. Keep as I 

    H0=eye(3); 
% dir is the output direction. Keep as I 
    dir=eye(3); 
% kap is only used for closed fractures. repmat Inf 2*numsets 

    kap=inf(size(sizerep)); 

     type='ssc'; 

    Keff_over_K0(i,:) = effective_medium(fdens, type, distr, e1, e2, e3, kap, lam, eta, H0, dir); 

end 

km_darcy= km /((1e-3)*(9.8692e-13)); 

col1 = repmat(km_darcy,length(Keff_over_K0),1); 

INT= P32set'; 

A{end+1} = [col1 INT Keff_over_K0]; 

end 
%wanted = 

[A{1,1};A{1,2};A{1,3};A{1,4};A{1,5};A{1,6};A{1,7};A{1,8};A{1,9};A{1,10};A{1,11};A{1,12};A{1,

13};A{1,14};A{1,15}]; 

K_Matrix= wanted(:,1); 

KE_P32= wanted(:,2); 

KE_X= wanted(:,3); 

KE_y= wanted(:,4); 

KE_Z= wanted(:,5); 
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