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Abstract   

Hydrocarbon production from unconventional reservoirs has become more common in the past 

decade, and there are increasing demands to understand and analyse the geochemical, petrophysical, 

and geomechanical properties of these resources.  

The recent developments in intelligent techniques, such as Machine Leaning techniques, Fuzzy Logic, 

and optimization algorithms, provided the scientists from different disciplines with a robust tool to 

analyse their data. These methods, similarly, can be used in the upstream industry to enhance the 

efficiency of field development.  

In this study, the Nene Marine field, as a high potential candidate for future developments in West 

Africa, will be analysed to find its best productive zones (sweet spots). Tight sandstones of Djeno 

formation, which are interbedded with shale layers, are the main productive zones in this field. 

Initially, the routine methods of reservoir evaluation will be applied to classify the reservoir and detect 

the sweet spot zones. For this purpose, various reservoir properties, including petrophysical, 

geochemical, and geomechanical parameters, will be calculated from the available data. To validate 

the results, the identified sweet spots will be compared with the available mobility data from Djeno 

formation. Afterward, a 3D model of the reservoir productive zones will be constructed. 

Development of tight sand reservoirs, in addition to a comprehensive study on reservoir’s properties, 

demands for a precise stimulation plan, in order to make the project economical. Therefore, a 

comprehensive Hydraulic Fracturing analysis for the Nene field will be proposed. 

To complement this, advanced artificial intelligent techniques, including supervised and unsupervised 

ML techniques (Fuzzy C-Means (FCM), Hierarchical clustering, K-Means, Logistic regression, K-Nearest 

Neighbors (KNN), Random Forest, and Boosting), along with Deep Learning (DL) methods will be 

employed to identify the sweet spots. In addition, a novel method (Quick Analyser) of reservoir 

classification, which works based on the cut-off values or optimum values, will be presented. 
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Application of this method will be considered for the Nene field and will be demonstrated for another 

field from Oman. After examination of the accuracy of the proposed methods for sweet spot 

identification, all of the methods will be compared and the best method will be determined.  

Another application of intelligent techniques in this study is the estimation of shear velocity wave (an 

important parameter for geomechanical analysis), which is performed by using an integration of fuzzy 

inference systems and optimization algorithms. Finally, the application of ML techniques 

(unsupervised learning) in reservoir classification, by using seismic SEGY data, for a North American 

oilfield will be illustrated. The results of this study show the huge potential of advanced AI techniques 

in petroleum industry. 
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Chapter 1: Introduction 

1.1 Motivation 

Reservoir analysis has always been a challenging process for the oil companies. The procedure of 

combining available data, including petrophysical, geochemical, and geomechanical parameters is 

time consuming and complicated and usually the final results showing a low accuracy. The recent 

advances in Artificial Intelligent (AI) techniques provide accurate methods for data analysis in every 

field of science, which can also be applied to reservoir analysis. In this study AI is applied in 

unconventional reservoirs development, where such novel tools can be of significant interest. 

1.2 Introduction 

Although some unconventional resources, such as heavy oil and oil sands, have been developed for 

some time, the large-scale production of oil and gas from deep unconventional resources, such as 

shale gas and shale oil, has occurred more recently. The success of the Barnett Shale in central Texas 

has led the way for a number of other successful shale plays in North America (Bowker, 2003; Parshall, 

2008; Alexander et al., 2011; Ratner and Tiemann, 2014), including the Fayetteville, Haynesville, 

Marcellus, Woodford, Eagle Ford, Montney, Niobrara, Wolfcamp, and Bakken. While shale plays have 

been in the spotlight in the last decade or so, unconventional resources are much broader. 

The main characteristics of unconventional reservoirs include low-to-ultralow permeability and low-

to-moderate porosity. As a result, hydrocarbon production from these reservoirs requires different 

extraction technologies compared to conventional resources. An unconventional reservoir must be 

stimulated to produce hydrocarbons at an acceptable flow rate to recover commercial quantities of 

hydrocarbons. Permeability for unconventional reservoirs is mostly below 0.1 mD, and reservoirs with 

permeability above 0.1 mD are generally considered to be conventional (Zou, 2013). 
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But this is not clear cut in practice because the permeability of a reservoir is never a constant value 

and the permeability heterogeneity of a reservoir, both conventional and unconventional, is generally 

high.  In most conventional reservoirs, shales are considered to be source rocks or seals as they have 

low permeability, but the Barnett Shale play has proved that shales can be important reservoirs. Shales 

are the most abundant sedimentary rock formations on Earth, but not all the shales are hydrocarbon 

plays, nor are all shale reservoirs made equally. There is no one unique geological or petrophysical 

parameter that can determine high hydrocarbon production in unconventional reservoirs, but two 

categories of variables are important: reservoir quality and completion quality (Miller et al., 2011; 

Cipolla et al., 2011). Completion quality measures potential for fracture initiation, which is determined 

by the geomechanical parameters required to effectively stimulate unconventional reservoirs. 

Reservoir quality is a measure of productivity and is determined by the petrophysical parameters that 

make unconventional reservoirs viable candidates for development, including TOC, thermal 

maturation, effective porosity, fluid saturation, gas in place, and pore pressure (Miller et al., 2011; 

Cipolla et al., 2011). 

Because of the tightness of unconventional formations, developing these resources is quite different 

from developing conventional reservoirs. Producing hydrocarbons from tight formations often 

requires not only drilling many more wells compared to developing a conventional reservoir, but also 

modern technologies, including horizontal drilling and hydraulic fracturing.  

The combination of horizontal drilling and multistage hydraulic fracturing has proven to be the key for 

economic production of hydrocarbons from many shale and other tight reservoirs. The important 

variables and parameters in these new technologies include horizontal well patterns, hydraulic 

fracturing design, stage count, and perforation clusters. Various well-spacing pilots are commonly 

used, and various hydraulic fracturing operation schemes are frequently tested for optimizing the well 

placement (Waters et al., 2009; Du et al., 2011; Warpinski et al., 2014). 
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1.3 Problem Statement 

The petroleum industry during the past few decades has developed technology that has provided the 

capability to drill longer laterals and complete more stages during the development of these reservoirs 

in onshore sedimentary basins. Although the development of new technologies has driven down the 

cost of extraction, pursuing hydrocarbons in unconventional reservoirs continues to be risky and 

capital intensive, (Ahmed and Meehan, 2016). These technologies can only produce less than 10% of 

shale oil, and the oil recovery in tight reservoirs is also low (Sheng et al., 2017).  

Production performance in unconventional resources is highly dependent on accurately placing 

horizontal wells and fracture stages in reservoir intervals that have quality rock properties and good 

production potential. However, because many operators do not characterize the reservoir, they drill 

and stimulate blindly. They drill and stimulate using a trial and error approach due to lack of better 

alternative, (Vasilis et al., 2012). 

Many don’t understand the reservoir’s fracture capability (shale brittleness, stress, and clay content) 

or if their wells were placed in organic-rich (high total organic content or hydrocarbons) zones.  

According to the recent reports (Welling and Company 2012 and Hart Energy E & P Magazine 2012) of 

US shale, 3 out of 10 shale gas wells are commercially successful and as much as 60% of fracture stages 

that are developed contribute to production, with the remaining 40% of the fracture stages 

contributing little, if any, production. Accordingly, 73% of operators admitted they didn’t know 

enough about the subsurface to develop an effective fracture design. In fact, less than 10% of the 

15,000 horizontal wells drilled annually in the US are logged (SPE Applied Technology Workshop 2012). 

Unconventional resource development is capital intensive and, as a result, operators need to have 

immediate cash flow. Many operators are already hard-pressed for time and money as they ramp up 

for a well-intensive development program.  A pilot program to obtain much needed reservoir data 

takes time, and the required technologies can increase initial capital expenditures. A common practice 

at present is to avoid logging altogether and rely instead on “statistical drilling” (placing a horizontal 
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well every 200 to 300 feet regardless of vertical and lateral heterogeneity) and “geometric fracturing” 

(evenly spacing stages along the lateral). 

In “statistical drilling” wells are often drilled without considering geology. For this a large number of 

horizontal boreholes are drilled across an area using the same pattern and completion methods. 

Statistical drilling practices have led to many wells being placed and completed in reservoir intervals 

with unfavourable mineralogy, rock properties producibility, contributing to lower than expected 

production performance and unnecessary costs related to excessive stage placement, horsepower, 

and proppant. These practices can lead to production that is inconsistent or lower than expected. 

These practices have been shown to be only partially effective when drilling costs are very low (Ahmed 

and Meehan, 2016).  

1.4 Research Questions 

➢ How can we use novel Artificial Intelligence (AI) techniques to improve unconventional field 

development? 

➢ Could inconsistent production be a direct result of poorly placed wells and fracture design? 

➢ Is it possible to reduce commercial and technical risk by gaining a better understanding of 

unconventional unique reservoir properties? 

➢ Could the factors that can prevent profitability be predicted and off-set? 

➢ Is it possible to demonstrate a multidisciplinary data-driven workflow using Artificial Intelligence 

(AI) technique to provide a comprehensive, cost effective practice in developing Unconventional 

Resource Play (UPR)? 

➢ Could a hydraulically fractured well maximize production by avoiding statistical drilling? 

➢ Is it possible to identify sweet spots and determine best intervals for stimulation by analysing all 

existing data through artificial intelligence? 
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➢ Can the factors which have the greatest influence on productivity be determined? 

➢ Is it possible to Land the lateral within the prospective interval and maintain placement within the 

prospective interval to target productive zones in order to increase drilling efficiency? (steer the 

well through the sweet spot zone to improve production)? 

➢ Can AI techniques outperform the routine methods of reservoir classification? 

1.5 Methodology 

To address the above questions, a data-driven workflow (multidisciplinary) was provided and 

modelling that delivers the ability to describe and validate the well architecture, address production 

forecasting in shale and tight formations as well as a practical platform for field development design 

and optimization while minimize the risks, uncertainties and costs associated with shale oil and gas 

developments. This methodology relies on modelling the propagation of stimulated rock volume from 

the near well bore vicinity to deep into the formation. This workflow (see Table 1.1 and Figure 1.1) 

identifies the link between petrophysics, completion, geology, geochemistry, geomechanics, 

economics and employs geological and engineering factors that can address rate performance in 

conjunction with geological description and operational condition in a manner to capture the 

important elements to understand and analyse unconventional resources. 
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Table1.1: PhD workflow (challenges, values and solutions). 

PhD Workflow (Data Driven Approach) 

Challenges Values Solutions 

Data availability and 

accessibility 

Characterize the reservoir to 

identify and prioritize prospective 

development locations. 

Understand the subsurface at regional 

level. 

Reservoir heterogeneity 

and low quality 
Identifying sweet spots 

Identify and quantify the areas of 

highest total organic content by  

applying  AI technique 

Validating hydrocarbons in 

place 

Finding the most significant 

factors in production performance 

Estimate the geomechanical properties 

and in-situ stress 

Characterize the rock mechanical 

properties and stress regime by using 

AI technique  

Determining optimal 

location to place wells and 

prioritizing drilling locations 

Determine optimal well 

placement, spacing, orientation, 

and lateral length. 

Determine the porosity, fluid 

saturation, and fluid type 

Determining prospective 

development locations, well 

spacing, orientation, and 

lateral length 

Identify fracture barriers and 

geohazards 

Determine the hydrocarbons in place 

and verify total organic content 

Validating hydrocarbon 

recovery 

Validate hydrocarbons in place 

and determine 

Calibrate the logging measurements 

with core samples to validate 

permeability, porosity, mineralogy, 

saturation, and lithology. 

Determining well spacing, 

orientation, and lateral 

length 

Optimize field development plan 

and economics 

Validate the hydrocarbons in place and 

recoverability and ability to produce. 

Optimize the field development plan 

by using AI technique 

Improve productivity  

Reducing cost and risks, 

Minimizing assumption Avoiding 

unnecessary complexities 

Refine the predictive reservoir models 

and economics through Artificial 

Intelligence (AI) 
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Figure 1.1: The multidisciplinary data-driven workflow. 

1.6 Aim  

The aim of this PhD research project is to demonstrate a single wellbore drilled in tight gas or shale 

gas formations that can be hydraulically fractured in such a way to maximize production rather than 

having to drill and hydraulically fracture numerous wells on a trial and error basis (statistical drilling). 

This is especially important in Europe where there is limitation in land mass and drilling restrictions.  

1.7 Objectives 

❖ To find and employ AI techniques to improve the development of unconventional reservoirs. 

❖ To understand and evaluate the complex characteristics of unconventional reservoirs, 

reservoir quality and completion quality in tight formations or shale formations. 

❖ To increase productivity and to optimise production performance (well performance) in tight 

gas or shale gas reservoirs by analysing and identifying critical reservoir properties such as 

petrophysics, geomechanics, geochemistry and geology in order to identify the best intervals 

for stimulation “sweet spot”. 



Chapter 1: Introduction 
P a g e  | 8 

 

8 
 

❖ To design an effective fracture treatment by optimizing stage placement and spacing, 

considering best engineering practise (completion / stimulation). 

❖ To demonstrate a multidisciplinary data-driven workflow by AI techniques that provide a 

comprehensive, cost-effective and efficient guideline for exploiting Unconventional Resource 

Play (UPR). 

1.8 Layout 

The layout of this thesis is presented below. In broad term, this work presents a multidisciplinary data-

driven workflow for hydraulic fracturing as well as providing a comprehensive guideline for 

Unconventional Resource Play (URP) development. Figure 1.2 exhibits the overall PhD project layout 

based on the available dataset. 

Figure 1.2: PhD research outline. 

Applying Quick Analyser 

method and AI techniques  

 

Quick Analyser 

Method 

Technical 

Multidisciplinary Data-Driven Workflow for 

Hydraulic Fracturing and utilizing AI 

Machine Learning 

(ML) Methods 

Deep Learning 

(DL) Methods 
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Chapter 2: Literature Review 

2.1 Introduction 

Coal was the main source of fuel supporting human growth through the 1800s, but this was vastly 

overtaken by oil and gas in the 1900s, (Ahmed and Meehan, 2016). As a result of more widely-available 

fuel in oil and gas as well as coal, there has been great progress made in science, technology and 

medicine, and a human population that has grown in density and dependence on such ready 

availability of fuel. However, these fossil fuels are present in the earth in limited amounts, and 

therefore there is much focus in the media on estimating when the earth’s fuel reserves will be used 

up. There are some who think all of the pools of oil and gas that are the easiest to access have already 

been discovered, and that future discovery and extraction of fuel is going to prove more challenging 

and expensive. However, there have been recent reports that demonstrate the resource base for fossil 

fuels will be ample to support growing levels of production. According to these reports, there are 

sufficient natural gas reserves for the next 60 years, oil for 50 years, and coal reserves for 130 years, 

(EIA, 2011). These reports do acknowledge a tight balance between supply and demand, leading some 

to question whether our current ratio of person to fuel usage is going to be difficult to sustain.  

There has been a dramatic rise since 2006/2007 in development and exploitation of unconventional 

resources, particularly shale (EIA, 2011). There has also been a revival of oil and gas production in both 

Canada and the United States due to technological advancements that make it possible for natural gas 

to be produced from unconventional formations, like shale, in an economical way. According to EIA 

report (2011), the United States became the world’s largest producer of natural gas in 2009 and this 

was very much down to application of these new technologies.  This success was due to two key 

factors: multistage hydraulic fracturing and horizontal wells (see Figure 2.1). This scenario, combined 

with slickwater fracturing fluid, maximized reservoir contact and allowed induced fracturing to 

intersect the natural formation fractures along the wellbore and away into the reservoir. 
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Figure 2.1: Multistage hydraulic fracturing (The US model) for shale development (Hydraulic 

Fracturing, 2011). 

Ratner and Teiman (2014) note that use of these technologies has contributed to the rise in US oil 

production over the last few years. In 2009, annual oil production increased over 2008, the first annual 

rise since 1991, and has increased each year since. Between October 2007 and October 2013, US 

monthly crude oil production rose by 2.7 million barrels per day, with about 92% of the increase from 

shale and related tight oil formations in Texas and North Dakota. Other tight oil plays are being 

developed and will help raise the prospect of energy independence, particularly for North America 

(see Figure 2.2).  Independent oil and gas companies dominated most of these activities in the US. 

Independents performed thousands of horizontal wells and hundreds of thousands of hydraulic 

fracturing stages and now several major national and international oil companies are involved. Most 

of the activity has been based statistically, and the use of knowledge, technology, and experience has 

been varied and involved certain levels of inconsistency. 
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Figure 2.2: Growth of the tight oil and shale gas production in five cases (Source: U.S. Energy 

Information Administration, Annual Energy Outlook 2016). 

The technology used by the oil and gas industry is cutting-edge, making it attractive to upcoming 

generations of engineers and geoscientists. There is currently an increase in both supply and demand 

of oil and gas and we are not due to run out of oil and gas anytime soon, nor will the industry be 

considerably replaced by wind, solar, or biofuels, (Ahmed and Meehan, 2016). It is a growing industry, 

and it is expected to continue to grow for some time. However, the controversial nature of drilling and 

hydraulic fracturing in the public eye could put the industry at risk, therefore it is important to work 

closely with the public and governmental entities in order to ensure that the environment is being 

respected and people are informed. As the shale revolution continues, it will ensure such benefits as 

abundant and affordable energy, jobs, and tax revenues, etc. 

Most nations across the globe are able to enjoy a high standard of living thanks to the availability and 

affordability of energy that the oil and gas industry provides. This can be seen especially in the US, 

Canada, and most of Western Europe, areas whose high standards of living relate directly to the 

amount of energy consumed per person. The ongoing shale revolution in the oil and gas industry offers 

many benefits such as jobs and increased tax revenue, and it has the ability to supply all the energy 

necessary to sustain economic growth across the globe as well as improve standards of living. Due to 
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the Social License to Operate (SLO), business is required to operate with the utmost safety and 

consideration for the environment.  

The oil and gas industry has adopted best practices in order to fulfil these requirements, and these 

practices are constantly being evaluated and modified.  Emerging markets are opening up across the 

globe as the shale revolution continues in North America, with some estimating that more than 

100,000 wells and up to two million hydraulic fracturing stages could be executed in the next eight to 

ten years (Ahmed and Meehan, 2016). This would result in spending across the industry approaching 

a total of one trillion dollars. Therefore, capable and experienced professionals will be required 

throughout all areas of exploitation and development in order to manage such activity. 

Looking ahead, the standard of living still needs to be raised in certain undeveloped nations, and 

world’s population will grow. This means that more energy will be required and, although some of the 

necessary energy can come from renewables, the majority will need to be hydrocarbons. It will be 

necessary for the oil and gas industry to work to meet the world’s needs and, in doing so, collaborate 

with local communities and governments as well as protect the environment. Technological 

improvements in the oil and gas industry are also ensuring the continuation of the shale revolution, 

with state-of-the-art techniques and breakthrough technologies being applied (Ahmed and Meehan, 

2016). 

2.2 Unconventional Resources 

Around ten years ago ‘oil and gas from shale’ was more or less unheard of, and the way we define 

unconventional resources has changed and will continue to change with the discovery of new 

hydrocarbon sources. Currently, the definition of unconventional oil and gas is, generally speaking, 

petroleum that is obtained by the use of techniques that are different from conventional well 

methods.  

Various reports and publications describe the category of unconventional oil and gas as including the 

following: shale oil and gas, oil sands-based synthetic crudes, extra-heavy oil, natural bitumen (oil 
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sands), kerogen oil, gas to liquid, coal to liquid, and more. Nevertheless, it cannot be expected that 

unconventional and conventional categories will remain fixed. Rather, the terms will evolve as 

technology develops and economic situations change. Put simply, unconventional resources can be 

considered tight oil and gas, shale oil and gas, coalbed methane (also called coal seam gas), heavy oil, 

oil shale, and gas hydrates (see Figure 2.3). The process of exploitation and development for coalbed 

methane, shale oil and gas, and tight oil and gas are similar, and therefore it is useful to group them 

together. 

2.2.1 The Resource Triangle 

The concept of the resource triangle was developed by John Masters, the founder of Canadian Hunter 

(see Figure 2.3). Using this concept, Canadian Hunter was able to locate tight gas in the deep basin in 

Alberta, as well as gas in the high-permeability Falher conglomerate. This case has demonstrated that 

both conventional and unconventional reservoirs should be expected when exploring a basin. 

Throughout nature, all resources are distributed log-normally; this includes minerals such as gold and 

silver as well as oil and gas (Ma et al., 2015).  

When it comes to conventional resources, like a pure vein of gold, these can be difficult to locate but 

the quality is high and the extraction fairly straightforward. Further into the resource triangle, 

however, it becomes more difficult to extract the resource in an economical way. Nevertheless, 

resources further down into the resource triangle are highly abundant, and there is much evidence to 

suggest there is a vast amount of natural gas in shales, oil in shales, and heavy oil. The resource triangle 

is almost certainly a highly accurate depiction of the energy potential in almost all oil and gas basins 

across the globe. 

The shale revolution, although present in North America, has shown us that any basin worldwide that 

has produced a significant amount of oil and gas in conventional reservoirs is very likely to contain 

even more oil and gas in unconventional reservoirs. Yet, in order to extract oil and gas from these 

unconventional reservoirs, certain measures need to be taken by the industry as well as the relevant 
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governmental bodies. This includes ensuring the extraction is economically viable and politically 

sound. Although in the 1990s it was impossible to predict the shale revolution and its enormous 

impact, nowadays it is clear that the shale revolution is here to stay. Furthermore, the unconventional 

reservoir revolution involves much more than shale (for example, tight sands, coal seams, etc.). As 

technology improves in the oil and gas sector, it will become easier to go further into the resource 

triangle and make use of these unconventional reservoirs (Ahmed and Meehan, 2016). 

 

Figure 2.3: The Unconventional Resource Triangle: The concept of the resource triangle applies to 

every hydrocarbon-producing basin in the world (Holditch 2006 after Masters 1979 and Gray 1977). 

2.2.2 Unconventional Vs Conventional  

Although some unconventional resources, such as heavy oil and oil sands, have been developed for 

some time, the large-scale production of oil and gas from deep unconventional resources, such as 

shale gas and shale oil, has occurred more recently.  The success of Barnett Shale in central Texas has 

led the way for a number of other successful shale plays in North America. (Bowker, 2003; Parshall, 

2008, Alexander et al., 2011), including the Fayetteville, Haynesville, Marcellus, Wood ford, Eagle ford 

etc. While shale plays has been in the spotlight in the last decade or so unconventional resources are 

much broader. It is worth systematically reviewing and classifying various hydrocarbon resource based 

on reservoir quality. There are significant differences between the evaluation of unconventional 

resources and conventional plays (see Table 2.1).   
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Conventional hydrocarbon resources typically accumulate in favorable structural or stratigraphic traps 

in which the formation is porous and permeable. These formations have good reservoir quality and 

generally do not require a large-scale stimulation to produce hydrocarbon (Ma et al., 2015). However, 

the exploitation of unconventional reservoirs which reside in tight formations such as tight gas sand, 

gas shales, heavy oil sands, coalbed methane, oil shales and gas hydrates which are of lower reservoir 

quality and more difficult from which to extract hydrocarbons. Because of the tightness of 

unconventional formations, developing these resources is quite different from developing 

conventional reservoirs.  

Producing hydrocarbons from tight formations often requires not only drilling many more wells than 

developing a conventional reservoir, but also modern technologies, including horizontal drilling and 

hydraulic fracturing. The combination of horizontal drilling and multistage hydraulic fracturing has 

proven to be the key for economic production of hydrocarbons from many shale and other tight 

reservoirs, (Ma et al., 2015).  The effectiveness of the hydraulic fracture treatment will control both 

well productivity and drainage area in unconventional reservoirs (Cipolla et al., 2008a).  

The key difference between the development of conventional and unconventional reservoirs is the 

importance of determining the effectiveness of the completion and the stimulation, rather than 

identifying boundaries, structure and water contacts and mapping permeability and fluid saturations. 

Once a potential reservoir has been identified, large hydraulic fracture stimulations are needed to 

enhance productivity, even in exploration and appraisal wells, to properly evaluate the play (Cipolla 

et al., 2011).   
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Table 2.1: Key differences between unconventional and conventional plays. 

Conventional  Resources Unconventional Resources 

Contain gas can flow naturally and easily 
Contain absorbed gas or free gas but due to low 

permeability make the flow not easy  

Migration (hydrocarbon migrate from source 

rock to reservoir rock, external HC sourcing 

Source rock behave like reservoir rock (no 

migration) ,self-sourced HC 

Hydrodynamic influence Minimal hydrodynamic influence 

The reservoir rock comprises: 

Fracture carbonate, limestone, dolomite, 

sandstone 

The source rock (reservoir rock) comprises: 

Shale oil/gas, CBM, tight oil &gas sandstone, tar 

sand, Methane hydrate  

Localized structural trap "Continuous-type" deposit 

Production by conventional methods e.g: 

Vertical well, Water injection, Artificial lift, Gas lift 

Minimal extraction effort 

Needs horizontal well and multistage fracturing  

Significant extraction effort 

 

Permeability > 1md 

Permeability ≠ function of pressure 

Permeability <<1md  

Permeability = function of pressure 

Porosity >10-15%, (Porosity important) Porosity <0-15%, (Porosity may not important) 

Traditional phase behavior (PVT) Complex (HP/HT) PVT 

Limited resources easy to develop Abundant resources , difficult to develop 

Important factors to consider developments 

Source rock, migration, reservoir rock, seal rock 

rock, porosity, permeability, water saturation 

reservoir quality, oil saturation, cap rock to be   

considered  

Important factors to consider developments: 

Total organic carbon (TOC), maturity, depositional  

mineralogy (clay contents, brittleness), 

geomechanics, thickness, gas-in place 

permeability, sweet spot, natural fracture 

Low cost development High cost development 

Higher reservoir quality  Lower reservoir quality  

Often late development life-cycle 

Develop plan on a field basis 

Early development life-cycle 

Develop plan on a well by well 
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Few wells for commerciality Many wells for commerciality 

Minimal transient (linear flow) followed by long 

boundary-dominated flow period  

Base reserves on volumetric 

Very long transient (linear flow) period that can 

extend many years 

Base reserves on analogs 

Boundary-dominated flow (months) No boundary-dominated flow 

From a traditional decline perspective, ‘b’ values 

initially equal 0 to 0.5 but can be somewhat 

larger, RF=50-90% 

From a traditional decline perspective, ‘b’ values 

initially equal  2.0 (indicting linear flow and then 

transition to <1 as boundary dominated flow 

becomes prevalent , RF=5-20% (sharp decline rate) 

Production more relatable to permeability and 

declining reservoir pressure  

Production more relatable to reservoir quality (RQ) 

and completion quality (CQ) 

Assess entire prospect before drilling Prospect driven by drilling 

 

2.2.3 Reservoir Quality (RQ) and Completion Quality (CQ) 

One of the most difficult aspects of evaluating well performance in unconventional reservoirs is 

separating reservoir quality (RQ) from completion effectiveness (Miller et al., 2011).  Unlike 

conventional reservoirs where reservoir quality is the primary factor that controls well productivity, 

completion effectiveness is an equal if not more important factor in unconventional well productivity 

(Ma and Holditch, 2015). Reservoir Quality is a measure of productivity and is determined by the 

petrophysical parameters that make unconventional resources viable candidates for development, 

including organic content, thermal maturation, effective porosity, fluid saturations, pore pressure, and 

Gas-In-Place. Completion effectiveness is controlled by two factors, completion quality (CQ) and 

completion efficiency (CE). Completion Quality measures potential for fracture initiation, and is 

determined by the geomechanical parameters required to effectively stimulate unconventional 

resources. The key geomechanical parameters that affect CQ are: near-wellbore and far-field stresses, 

mineralogy (clay content and type), and the presence, orientation, and nature of natural fractures 

(Cipolla et al., 2011). 
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Completion Efficiency (CE) measures the connection between the reservoir and the wellbore and the 

stimulation coverage of the target interval.  It is determined by parameters such as the distance 

between stages, number of perforation clusters, and/or distance between perforation clusters. For 

horizontal well completions, increasing the number of fracture treatment stages for a given lateral 

length will increase productivity, but completion costs will also increase. The objective of an efficient 

appraisal program for unconventional reservoirs is to quickly and reliably identify the key parameters 

that control all three components of productivity: reservoir quality, completion quality, and 

completion efficiency, (Cipolla et al., 2011). 

This requires gathering appropriate data, including: 

▪ 3D seismic to understand structure, large scale variations in rock properties and natural 

fracturing, and identify faults and geologic hazards  

▪ Specialized logging programs and core analysis in vertical or pilot wells to provide important 

information on the vertical variations in reservoir and rock properties. 

▪ Mud log measurements to determine mineralogy and identify gas shows 

▪ Appropriate open-hole logging programs to characterize variations in rock properties and 

stress, natural fractures, and reservoir quality along the lateral. 

2.2.4 Challenges 

There are three primary challenges:  

❖ Reservoir characterization  

❖ Reservoir heterogeneity  

❖ Understanding hydraulic fracture growth  

 



Chapter 2: Literature Review 
P a g e  | 19 

19 
 

2.2.4.1 Reservoir characterization  

Reservoir characterisation in unconventional reservoirs poses significant challenges. Characterizing 

the reservoir takes time. The required services (geoscience analysis) and technologies (logging and 

coring applications) increase initial capital expenditures, so operators rely heavily on 2D seismic plus 

any available offset logging and coring data to identify prospective drilling locations. Due to the very 

low permeability in these reservoirs pre-fracture well tests are either impossible or impractical in most 

cases. 

In addition, very complex porosity/permeability structures, rock fabric and diagenesis make it very 

difficult to accurately quantify matrix permeability using log measurements. The difficulty in 

determining permeability combined with the likely presence of natural fractures present significant 

obstacle to reservoir characterisation. After hydraulic fracturing, production data are readily available, 

but separating the effects of matrix permeability, natural fractures, hydraulic fracture geometry and, 

conductivity on well productivity is very difficult. The key to solving this very complex puzzle is the 

reservoir characterization of as many factors as possible and integration of numerous measurements 

and models. 

Reservoir characterisation can include: 

▪ Geological analysis 

▪ Geomechanical analysis 

▪ Petrophysical analysis 

▪ Geochemical analysis 

▪ Geoscience analysis (seismic reservoir characterizations) 
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Reservoir characterisation is a fundamental step in developing unconventional resources that can 

increase production efficiency by:   

▪ Identifying and prioritizing prospective development locations (targeting the sweet spots) 

▪ Creating an initial field development plan or pilot plan and initial economics. 

▪ Characterizing the rock mechanical properties and stress regime to design effective 

stimulation treatments that optimize reservoir contact, conductivity, and productivity 

▪ Estimating the resource potential and producibility to reduce commercial risk and costs as 

well as identifying regions with higher production potential. 

▪ Determining prospective development locations, well spacing, orientation, and lateral length 

▪ Determining the formation’s ability to produce 

▪ Optimizing field development plans and project economics 

▪ Validating hydrocarbons in place and characterize the ultimate recovery 

2.2.4.2 Reservoir Heterogeneity  

Another very important aspect of evaluating unconventional resources is understanding 

heterogeneity. A high degree of heterogeneity within many shale plays leaves the task of finding sweet 

spots, determining preferential drilling direction, and optimal completion strategy challenging. In 

unconventional reservoirs, vertical and lateral heterogeneity varies considerably from basin to basin 

and well to well. 

Shales diverge considerably vertically and laterally across very short distances. Due to the 

heterogeneous nature of unconventional reservoirs, it is often necessary to gather a significant 

amount of data to characterize vertical and lateral variations in reservoir, natural fracture, and rock 

properties to optimize stimulation designs and completion practices. Without sufficient information, 
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completion efficiency can vary significantly. Each shale play has a unique set of geologic properties 

and conditions governing production performance. Additionally, a substantial amount of 

heterogeneity exists within individual shale plays. No single attribute can be used as a prediction of 

success or failure in these plays. For many regions where subsurface data may be limited, history 

matching alone is often ineffective and fails to deliver reliable predictions. Acquiring additional data 

can provide the insight necessary to optimize operational decisions, reduce uncertainty, and increase 

economic success. During the development phase, there is little effort to characterize and understand 

the reservoir heterogeneity with an integrated petrophysical approach to determine optimal interval 

and orientation for horizontal wellbore and fracture stage placement  

2.2.4.3 Highly Variable Hydraulic Fracture Growth 

The complexity of the hydraulic fracture network is a primary factor affecting well productivity in 

unconventional reservoirs (Cipolla et al., 2008a; Warpinski et al., 2008). In addition, the conductivity 

distribution within the fracture network strongly controls well productivity (Cipolla et al., 2008a). The 

fracture geometry can range from relatively simple planar fractures to very complex 3D fracture 

networks. Hydraulic fracture complexity is controlled by the 3D stress state, orientation, distribution 

and mechanical controlled by the 3D stress state, orientation, distribution and mechanical properties 

of natural fractures, and stimulation fluids (Weng et al., 2011; Cipolla et al., 2008b). 

2.2.5 Resource amount 

The amount of oil and gas in place that is original remains fixed, and this total amount is what the oil 

and gas industry refer to as the resource. The technically recoverable resource, or TRR, is the volume 

of oil and gas that can be produced in a particular location according to the available technology. The 

amount of TRR can be calculated through the use of a reservoir simulator. The current prices of oil 

and gas must also be taken into account, and thus the economically recoverable resource, or ERR, 

must be calculated based on the approximate TRR. Studies have found that there is ample natural gas 

to last us the rest of this century and beyond, (see Figure 2.4). Calculations have not yet been done to 
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determine the amount of oil in tight formations or heavy oil, but it is clear that the same results may 

be expected and that the supplies available to us are more than enough, (Ahmed and Meehan, 2016). 

 

 

Figure 2.4: Map of basins with assessed shale oil and shale gas formation (EIA, 2013). 

Table 2.2 presents the median estimates of Original Gas In Place (OGIP) and technically recoverable 

gas for seven regions in the world. These regions are, in general, Asia Pacific (AAO), North America 

(NAM), Russia and Eastern Europe (CIS), Latin and South America (LAM), Middle East (MET), Western 

Europe (EUP), and Africa (AFR), (Dong, 2012). CBM in table 2.2 is abbreviation of Coal-Bed Methane. 

Table2.2: Estimation of median values of original gas in place and technically recoverable gas in 
place in seven regions of the word (Dong, 2012).
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Table2.3 illustrates the potential supply of natural gas using the values from Table 2.2. Currently, North 

America uses about 32 Tcf of gas per year, so there is over 250 years of technically recoverable gas 

remaining. The world uses around 118 Tcf per year, so we have over 400 years of technically 

recoverable gas supply for the world. This amount, however, describes the TRR and not ERR. The 

amount of ERR is lower due to problems with infrastructure, markets, governmental policy and other 

factors. Nevertheless, the supplies are there, (Dong, 2012). 

Table2.3: Estimation of gas supply using values of technically recoverable (TRR) gas and current 

gas use in North America and world (Dong, 2012). 

 

A lot of moving parts have to converge to convert even one-half of the technically recoverable 

resource to economically recoverable resource. Even though we believe the natural gas is there in 

each region and can be technically recovered with existing technology, only 20-50% of this TRR gas 

will be economically recoverable because of lack of infrastructure, markets and governmental policy, 

(Ahmed and Meehan, 2016). 

2.2.6 Major Shale Oil and Shale Gas Basins in North America 

According to the US Energy Information Administration (EIA) Report (2013), 7,299 trillion cubic feet 

(Tcf) of shale gas technically recoverable resources (TRR) and 345 billion barrels (bbl) of shale oil TRR 

exist in the world. The EIA covered the most prospective shale formations in 41 countries that 

demonstrated some level of relatively near-term promise and that had a sufficient amount of geologic 

data for a resource assessment (see Figure 2.5). 
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Figure 2.5: Map of basins with assessed shale oil and shale gas formations as of May 2013 (Source 

for US basin: EIA Report, 2013; other basins: ARI, 2013). 

 

In Figure 2.5, the red areas represent the basins with shale formations for which estimates of natural 

gas in-place and technically recovered resources were provided. The tan areas represent the basins 

that were reviewed but shale resource estimates were not provided because of lack of data necessary 

to conduct an assessment. The white areas were not assessed, and include significant omissions, 

including Saudi Arabia. 
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 Figure 2.6 and 2.7 show the top ten countries with shale gas and shale oil TRR respectively, (EIA, 

2013).  

       

Figure 2.6: World shale gas TRR, Tcf (Source: EIA Report, 2013). 

 

Figure 2.7: World shale oil TRR, bbl (Source: EIA Report, 2013). 
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2.2.7 US Shale Gas, Oil Plays, and Basins 

Approximately 180,000 producing shale wells exist in the US, and 18,000 new wells are drilled each 

year (Drilling Information Database 2014). Currently, in the US 665 Tcf of technically recoverable 

resources shale gas and 58 bbl of TRR shale oil exist. Figure 2.8 shows major shale gas and shale oil 

plays in the US. Table 2.4 exhibits a listing of the US shale and play well counts (oil and gas) and rig 

counts (oil and gas directed). 

Figure 2.8: The 23 significant US shale gas basins and plays in the US (Kennedy et al., 2012; EIA, 

2013; and Warlick International). 

Table 2.4: US shale play well counts and rigs running (Source: IHS and baker Hughes). 
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2.3 Unconventional Resource Life Cycle  

The rapid growth of unconventional resources in North America, especially shale gas and liquids, has 

generated both enormous enthusiasm and deep scepticism. Some have proclaimed that shale 

represents extremely low risk, manufacturing style opportunities, while others question whether it 

has or ever will truly yield the anticipated returns. The collapse in regional gas prices have driven home 

the marginal nature of these assets with their substantial exposure to commodity price risk. This, in 

turn, is forcing the debate around how to best allocate sparse capital between conventional 

exploration programs and unconventional resource projects, making the industry rethink how it 

characterizes unconventional reservoirs (Wood Mackenzie, 2016). With over a century of experience, 

the petroleum industry has widely adopted frameworks and tools for understanding and quantifying 

risk and rewards for conventional exploration opportunities. 

Conventional exploration prospects progress through distinct life cycle stages: exploration, appraisal, 

development, and production, with clear transitions for each stage (exploration well discovery, final 

investment decision, first production and abandonment), (see Figure 2.9). 

 

Figure 2.9: Unconventional Vs conventional life cycles. 

The transition between stages for unconventional resource plays is far less discrete compared to 

conventional prospects. Lowering project risk is a slower and more gradual process. Unconventional 

Resource Plays, require phase specific technology approaches in order to deliver economically 

sustainable incremental net present value (NPV) through cost efficient volume rate improvements and 

enhanced net formation hydrocarbon recoveries.  
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The economic driving force for the application of advanced applied technology is to enhance net 

present value (NPV) through reducing total net per hydrocarbon unit recovery full cycle economic cost 

(including environmental). Improved advanced technology reservoir characterisation methods, 

including that for reservoir quality and completion quality, is the foundation step for determining the 

most appropriate method (completion / stimulation) for improving per unit hydrocarbon recovery. 

Application of advanced completion technologies, that can provide improved net present value, is 

dependent upon fit for purpose reservoir characterisation. North America unconventional industry 

utilised dynamic pilot phase approaches within the three incremental stages (see Figure 2.10). 

▪ Pilot phase 

▪ Ramp up phase 

▪ Exploitation phase  

Pilots are required throughout each of these stages due to the expected need of a significant time 

frame of production data (at least12-18 months) in order to establish specific application net 

productivity, recovery, and net present value (NPV) improvements. 

Of note, even when unconventional resource plays undergo extended pilot efforts, they do not always 

emerge in their entirely as a commercial play. The north America Niobrara is a significant example of 

a play in which the reservoir heterogeneity has meant that only a subset of the pilots conducted in 

the play have led to commercial development. The pilot stage is often one of delineation of core areas 

and testing methods of improved producibility that are cost efficient, and even in largely homogenous 

plays, the percentage of acreage that is commercially viable is for less than 100%. An example success 

in the North America Eagle Ford is concentrated along the narrow gas-liquids “sweet spot” transition 

window that runs down the middle of the play. Current cost structures per unit recoverable volumes 

are not sufficient from an operator evaluation perspective to make those adjacent areas prospective 

at current and expected future product price levels. 
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Figure 2.10: North America Unconventional Resource Play Phases (Ahmed and Meehan, 2016). 

Within the ramp up and exploration phases, this continuing pilot “adaptation” approach helps 

accelerate the lowering of subsurface risk through the application of site specific well target zone 

placement and appropriate application of specific completion / stimulation technologies. Incremental 

recovered hydrocarbons per unit of expenditure improve capital investment returns. Specific 

technology application pilots within each project phase with help determine solutions of specific 

critical project Phase questions (Figure 2.10). Appropriate applied technology assures improved 

hydrocarbon rate and recovery, resulting in continued project investment. Unconventional 
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development phases in North America differ from conventional field development/project 

management technology, i.e.: 

Feasibility (exploration and general technical/economic feasibility) 

▪ Concept (appraisal drilling and production system/facilities concept section and optimization) 

▪ Definition (of production system/facilities; Basis of Design frozen) 

▪ Final Investment Decision (FID) point  

▪ Implementation (or “Execution”): detailed engineering, fabrication, construction, 

commissioning, development wells drilling  

▪ Start–up (and handover to Operations) 

▪ Production ramp–up to plateau 

In particular, the term “ramp-up” in this context is different from “Ramp Up phase” of Unconventional 

Resource Plays where significant project hurdles include the need for continuous improvement within 

completion technology and appropriates for achieving maximum Net Present Value (NPV) through 

improved rate and recovery through ongoing parallel pilot programs. Pilot phases within each of these 

development stages must carefully design to address incremental stages of technology application. 

Understanding production drivers as derived from reservoir characterization (such as an example 

specific natural fracture fabric system) in correlation to specific completion/stimulation practices 

needs to be carefully tested. 

Design of Experiments to gain maximum knowledge from Pilots from minimum experimental well cost 

is a critical value that needs to be delivered. “Data mining” approaches of evaluating extended data 

sets from play operators can also be an important component to evaluate pilot approaches. Defining 

reservoir and completion quality “variability” with respect to production results and linking to local 

spatial reservoir heterogeneity is a critical component of the need of the geologically proper spatial 
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location of completion approach pilots. Most often within unconventional resource play, “all 

correlations are local”, in that pilot projects apply their local area only, because of geological, 

geochemical, and geomechanical variability. That is a significant reason that site specific reservoir 

characterization is so important to maximizing the value (NPV) of the asset. 

 2.3.1 Concept Phase 

During the concept phase of a project, a company attempts to “identify prospective unconventional 

resource targets that do not have any production history (Codey, 2013). Generally, the greatest risk in 

this phase is play concept risk, the risk that a play will not yield any commercially viable acreage. This 

play concept has been shown to be commercially viable in the Fort Worth Basin and the Arkoma Basin. 

In the Black Warrior Basin and the Delaware Basin, it has not. In the Black Warrior Basin, the Floyd or 

“Neal” formation is too high in clay content to be effectively stimulated with hydraulic fracturing. In 

the Delaware Basin, the Barnett/Woodford formations can be over twice as deep as in the Fort Worth 

Basin, leading to well costs that are too high to make the play economic. 

The most obvious analogy to play concept risk is exploration or dry hole risk in a conventional project. 

However, this analogy has not been consistently drawn because these two risks are conceptually 

different. The risk of a dry hole in a conventional, accumulation model reservoir can be quite high.  

The risk of a dry hole in a shale play is practically non-existent. This has led to a misperception that 

there is no exploration or, more generally, finding risk for shale. There is. The geological reasons 

behind a dry hole and a failed shale concept are different, but the result is the same—no project. 

2.3.2 Pilot Phase 

To de-risk a concept, an operator must conduct a pilot program. During the pilot phase of a project, 

the parties will drill multiple wells and experiment with technologies in an effort to understand the 

geology of a play well enough to be able to deliver repeatable and economic results (Sweeney et al., 

2014). The aim of the pilot project is to validate a development concept by demonstrating optimized 

production and, to the extent possible, showing cost effectiveness of the well construction by moving 
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down the learning curve, to assist the operator in optimizing the unit’s technical costs (cost per mscf, 

or cost per BOE) for the pilot stage. The timing and scope of pilot projects can vary significantly 

depending upon the operating company and the operating environment. However, for an initial field 

development, this stage is a risk-reduction exercise that should be completed before development 

concepts are approved. 

In addition, the pilot project provides a “proof of commerciality”. As such, a pilot project generally 

follows the appraisal stage of a potential development, and constitutes, to a lesser or greater extent, 

the concept-selection stage. Additional pilot projects can be used to refine concepts and well designs 

further. Together, these pilots can precede the detailed design stage of a development. 

Unconventional play developments in North America use pilot projects in mature production areas to 

reduce drilling costs and optimize completion designs and stimulation practices, as well as to increase 

production and recovery through decreased well spacing (Ahmed and Meehan, 2016). This initial pilot 

project stage is becoming increasingly important as a project development stage as unconventional 

resource assessment grows in the international arena with the associated elevated cost structures and 

greater subsurface uncertainty, compared to the developments in North America. 

2.3.3 Ramp up  

After the conduct of a successful pilot program, the operator frequently begins a ramp-up phase in 

which financing is secured, rigs and other materials are obtained, and midstream and other 

infrastructure is built out (Codey, 2013). This phase typically signs the beginning of a significant 

increase in capital expenditures compared to the pilot. Operators have not typically thought of final 

investment decisions in terms of shale, since, among other things, the line between the pilot and 

ramp-up phases may not be especially distinct. However, a decision to enter the ramp-up stage of a 

shale project represents a shift in emphasis for the drilling program, from understanding and 

delineating the commerciality of acreage to achieving an efficient scale of operations and building 
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production quickly, such that operating cash flows can cover ongoing capital requirements (Sweeney 

et al., 2014). 

During this phase, operational risks come into play. These include problems that: 

▪ Cause higher than expected well costs  

▪ Cause a lower than anticipated rate of completing new producing wells 

▪ Extend the period between capital expenditure (Capex) on a well and its initial production 

After sufficient resources are met during the ramp-up phase, an unconventional project moves into 

the exploitation phase. During this stage, development drilling continues in order to maintain 

production until all viable well locations are exhausted (Sweeney et al., 2014). 

2.3.4 Exploitation Phase 

After sufficient resources are met during the ramp-up phase, an unconventional project moves into 

the exploitation phase. During this stage, development drilling continues in order to maintain 

production until all viable well locations are found (Codey, 2013). 

Risks during this stage are mix, to varying degrees, of the risks present during each of the previous 

phases, other than play concept risk, which presumably has been eliminated prior to a decision to 

spend the money fully developing the project. Supply chain difficulties (if a procurement decision was 

not taken to lock in supply and price during ramp-up) can significantly increase costs and decrease 

margin. Likewise, most operators continue to carry exploration risk during this period, as reflected by 

estimates of a developable percentage of its acreage (Sweeney et al,. 2014). 

2.4 Multidisciplinary Data-Driven Workflow 

The petroleum industry during past few decades has developed technology that has provided the 

capability to drill longer laterals and complete more stages during the development of these reservoirs 

in onshore US sedimentary basins. Although the development of new technologies has driven down 
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the cost of extraction, pursuing hydrocarbons in unconventional reservoirs continues to be risky and 

capital intensive, (Ahmed and Meehan, 2016). These technologies can only produce less than 10% of 

shale oil, and the oil recovery in tight reservoirs is also low (Sheng et al., 2017). In unconventional 

resources production performance is extremely reliant on accurately placing multistage hydraulic 

fracturing in reservoir intervals that have quality rock properties and good production potential. 

However, because many operators don’t characterize the reservoir, they drill and stimulate on trial 

and error approach due to lack of better alternative, (Vasilis et al., 2012).  Many don’t understand the 

reservoir’s fracture capability (shale brittleness, stress, and clay content) or if their wells were placed 

in organic-rich (high total organic content or hydrocarbons) zones and drill blindly. Many don’t 

understand the reservoir’s fracture capability (shale brittleness, stress, and clay content) or if their 

wells were placed in organic-rich (high total organic content or hydrocarbons) zones.  

Without evaluating the reservoir, operators can’t place wellbores in the most productive zones, 

selectively fracture the zones with the most production potential. These practices inhibit building an 

effective design for stimulation treatment that can prevent costly fracture-related consequences like 

higher-than-normal treatment pressure, screen-outs, and fracturing into offset wells and hazards.  

Additionally, without reservoir evaluation, there is no opportunity to improve stimulation 

effectiveness in real time and for future wells.  The result is a higher cost for completions, lower initial 

production and recovery, and drilling more wells than necessary to penetrate enough sweet spots to 

make the development economic. Unconventional resource development is capital intensive, mainly 

due to the large number of wells required to develop the oil and gas reserves.  

2.4.1 The Solution  

Unconventional Resource Plays (UPR) development requires input from many disciplines and the 

application of the right technology. What ties all of this together? It is the data driven workflow 

(multidisciplinary workflow) that integrates, people, processes, and technologies, by combining and 

describing all the parts that are included in any activity most workflows indicate the types of tasks 
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needed to reach the goal, list the inputs that are required, describe any decision points, and provide 

the outputs that are expected, for example.  Larger workflows can also incorporate smaller ancillary 

workflows as a way to manage and understand discrete activities, like services that are related to, or 

necessary for, the main workflow, (Ahmed and Meehan, 2016). Applying a data-driven, life-cycle 

workflow approach that encompasses upfront reservoir evaluation with well planning can provide 

more complete understanding of the reservoir. That insight can help operators to align engineering 

imperatives with project objectives across each phase of development. This approach can help 

operators to ensure they are using the most effective techniques with only the technology required 

to engage in continuous performance. As mentored above, production performance is highly 

dependent on accurately placing horizontal wells and fracture stages in reservoir intervals with 

favorable mineralogy, total organic content, and stress. Adequately characterizing the lateral provides 

insight into these reservoir properties. 

Data acquisition is an iterative process. At certain stages of development, critical datasets should be 

acquired (vertical science wells and horizontal laterals). This data can be used to refine reservoir and 

fracture models that support operational decisions for creating optimal development plans, fracture 

designs, and predictable production performance.  

The data-driven workflow approach (see Figure 2.23) combines the knowledge, technology, and 

technique necessary to: 

▪ Assess and invest in economically viable acreage.  

▪ Identify sweet spots and determine best intervals for stimulation.  

▪ Construct quality wellbores quickly and effectively.  

▪ Generate fractures that yield greater returns.  

▪ Extend the productive life of the well. 
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The result is a robust baseline for field development that reduces technical and commercial risk and 

establishes repeatable, more profitable recovery. Subsurface knowledge is the foundation to 

balancing the effectiveness and efficiency of an asset across the asset’s life-cycle. Good data is the 

basis for operational decisions that impact production effectiveness, such as: 

▪ Targeting the sweet spots  

▪ Identifying the ideal reservoir interval  

▪ Optimizing stage placement and spacing  

▪ Designing an effective fracture treatment 

Figure 2.11: Data driven approach: 12 steps to success (Ahmed and Meehan, 2016). 

Making data-driven decisions can optimize development by allowing operators to focus their drilling 

and completion efforts in areas with greater production potential. Data also allows them to map large-

scale horizontal well orientations for optimal pad placement and field planning. Each of the data-

driven solutions, listed below, has a direct impact on production as a whole and each solution 

influences the success of the others. 
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This knowledge helps operators keep costs down by: 

▪ Eliminating unnecessary infrastructure and wells  

▪ Decreasing rig time and rig moves  

▪ Avoiding unwarranted completion stages  

▪ Reducing stimulation footprint, horsepower, and proppant 

This data-driven, life-cycle-based approach provides the operator with enough insight about the 

reservoir to make confident decisions that can result in cost-effective field planning, optimal well 

placement, completion quality, and increased production and recovery. A multidisciplinary data-

driven workflow can optimally integrate all the available information; geological, petrophysical, 

geophysical, and geomechanical variables can be incorporated into the workflow, enabling better 

characterization of reservoir properties, ranking critical parameters, optimizing production, and 

managing the uncertainty (Ma et al., 2015).  

Unconventional resource development includes exploration, evaluation, drilling, completion, and 

production. Several geoscience disciplines are used in these processes, including petroleum system 

analysis, geochemistry, sequence stratigraphic interpretation, sedimentary analysis, seismic survey, 

wireline log evaluation, core analysis, geotechnical study, petroleum and reservoir engineering, 

production data analysis and many others.  In short, no single physical variable determines the quality 

of an unconventional reservoir, but many variables are important. Therefore, the evaluation of 

unconventional formations should use an integrated and multidisciplinary approach that includes 

studies of all the important parameters, whenever they are available, while considering their scales, 

heterogeneities, and relationship, (Ma et al., 2016). Figure 2.24 shows an example of multidisciplinary 

unconventional Characterization approach. Appendix A also presents important factors and 

parameters in evaluating and developing unconventional resources.        
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Producibility of unconventional resource play include the following steps: 

1. Reservoir characterization 

2. Drilling and completions Planning 

3. Production and External Factors (environment)  

Table 2.5: Presents important methods and parameters in evaluating and developing 

unconventional resources. 

Development 
stages 

Reservoir Characterization 

Drilling & Completion Production Geological, 
Geochemical Analysis 

Petrophysical, 
Geomechanical Analysis 

 

 

 

Disciplines 

and 

methods 

Petroleum system 

Analysis 

Regional geology 
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core 

Logging 

Geochemistry 

Seismic survey 

Core analysis 

Wireline 
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Geomechanics 

Integrated studies 

Mineralogy 

Lithofacies 

Horizontal/Vertical 

wells 

Geosteering  

Well placement 

Hydraulic fracturing 

LWD MWD 

Microseismic 

Drilling fluids 

Production 

logging 

Production data 

analysis and 

optimization 

Diagnosis 

Simulation 

 

 

 

 

 

Important 
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Sweet spots 

Transformation 
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Water 
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Figure 2.12: The multidisciplinary unconventional resources characterization (Ahmed and Meehan, 

2016). 

Unconventional reservoir characterization is currently considered to have at least sixteen (16) layers 

of reservoir characterisation (for reservoir and completion quality). Extensive reservoir 

characterization indices include developing and improving direct rock based (including geomechanical 

completion quality) and inversion of geophysical data with interpretational approaches that are 

unconventional reservoir target specific.  

Critical subsurface reservoir and completion quality risks and uncertainties can be assessed 

quantitatively or semi-quantitatively, to evaluate the impact of the variation of reservoir 

characterization on production performance. An example approach to identify measurable reservoir 

characterization layers is through a tornado plots example shown (see Figure 2.13). 

Reservoir characterization is the critical link toward defining appropriate completions practices (see 

Figure 2.14). Well producibility is a function of the net combination of these site-specific reservoir 

parameters with the application of the appropriate completion technology. 
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Figure 2.13: Class specific URP producibility factor tornado chart and sidebars (Ahmed and 

Meehan, 2016). 

Completion target selection (vertical selection lateral positioning and lateral stage positioning and 

lateral stage completions) requires advanced time/cost efficient reservoir characterization 

technologies. 

The tornado Chart & sidebars methodology represents a detailed “performance data driven” 

component with measurable indices utilized in order to assess spatially characterize reservoir and 

completion quality components (Figure above). Example specific indices are available for each specific 

layer of this characterization profiling methodology. These include interpretation integration of the 

foundation data sets required within these workflows. 
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Figure 2.14: Categories of reservoir characteristics required. 

2.4.2 Reservoir Static Modeling 

Fluvial systems are presently the most studied environments, because of their accessibility and their 

direct economic impact on human development. They represent the transition between upstream 

continental deposits and marine environments and are characterized by a large variability ranging 

from large fluvial plains to marine marginal areas. Fluvial reservoirs form a large part of hydrocarbon 

reservoirs currently produced worldwide. The major difficulty presented by fluvial deposits is the 

degree and wide range of complexity of the overall architecture and facies heterogeneity.  

The architecture of these reservoirs reflects the complex sedimentary processes occurred during 

floodplain aggradation and incision by the river flowing downstream. The resulting facies association, 

sand bodies geometry, 3D architecture is therefore dependent on several geomorphic and dynamic 

parameters such as slope, avulsion rate, aggradation rate, base level evolution etc. 
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2.5 Applications of Machine Learning in Upstream oil and Gas Industry 

Energy is one of the fundamental needs for sustaining modern human life. In the year 2016, global 

energy demand was 552 quadrillion British thermal units (quads). Out of this, 177 quads were supplied 

by oil, and 127 quads were supplied by gas. This indicates that 55% of global energy demand in 2016 

was supplied by the oil and gas industry (Pandey et al., 2020). 

It is also anticipated that by 2040, 57% of global energy demand will be fulfilled by the oil and gas 

industry. These numbers demonstrate the present and future impact of the oil and gas industry on 

our day-to-day lives. Currently, the industries across the globe are undergoing the fourth industrial 

revolution. This revolution is fueled by extraordinary growth in computing infrastructure, predictive 

techniques, data storage, and data processing capabilities.  

The fourth industrial revolution, sometimes denoted as the 4.0 version attached to the different 

industry names is being fueled by the following enablers. 

• Industrial Internet of Things (IIoT), which facilitates seamless connectivity between numerous 

devices in corporate and operational settings, and enables collaborative decision making. 

• Big data technologies, which harness distributed data storage and processing to store and 

process enormous amounts of data efficiently. 

• Cloud computing machines leveraging accelerated computing devices, such as graphics 

processing units (GPUs). 

The oil and gas industry is also undergoing a digital transformation, which is referred to as “Oil and 

Gas 4.0.” Oil and gas industry operations involve high-risk situations, both from human life, and 

environmental perspectives. 

As a result, the adoption of new technologies is possible only after a rigorous phase of validation to 

ensure that the health, safety, and environmental (HSE) standards are met appropriately. Despite the 

abundant caution exercised in new technology adoption, the oil and gas industry has remained open 

to new technologies for optimizing and streamlining the existing processes, (Pandey et al., 2020). 
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2.5.1 Major Oil and Gas Industry Sectors 

Oil and gas deposits are often located thousands of feet below the earth’s surface. The process of 

extracting oil and gas from these depths to the surface, and then converting it into a usable source of 

energy involves a large variety of operations. Figure 2.15 shows different life-cycle stages in the oil 

and gas industry operations. Broadly, the entire process of producing oil and gas is divided into the 

following three industry sectors. 

• Upstream industry 

• Midstream industry 

• Downstream industry 

 

 

Figure 2.15: Different life-cycle stages in a typical oil and gas industry operational environment 
 

2.5.2 The Upstream Industry 

The upstream oil and gas industry is also known as the exploration and production, or E&P, industry. 

Operations in the upstream industry are focused on identifying locations below the earth’s surface, 

which have the potential of producing oil and gas. Following the identification of a potential reserve, 

detailed planning of exploration, drilling oil wells, and producing oil and gas also comes under the 

upstream industry. Logically, upstream operations can be divided into the following activities. 
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• Exploration and appraisal 

• Field development planning 

• Drilling and completion 

• Production operations 

• Abandonment 

2.5.3 Digital Oilfields 

The global oil and gas industry has an impressive economic footprint. Based on the data available in 

the public domain, worldwide revenue of the oil and gas companies was approximately US $5.5 trillion 

in 2017, (World Economic Forum, 2017). Out of this, the top 10 companies shared almost half of this 

revenue (see Figure 2.16).  In recent years, almost all these companies have started investing in digital 

transformation efforts.  According to a report published by the World Economic Forum, digital 

transformation for the oil and gas industry may be worth from US $1.6 trillion to $2.5 trillion, between 

2016 and 2025, (World Economic Forum, 2017). These numbers give a glimpse of the sheer magnitude 

of oil and gas industry digitalization efforts. 

 

 

Figure 2.16: World-leading oil and gas companies and their share in the global revenue based on 

data for 2017 
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Digitalization is not new to the oil and gas industry. Computer-assisted connected oil fields date to the 

late 1970s. In the last two decades, the upstream oil and gas industry has faced an exponential 

increase in the use of real-time data, and field actuating devices, which have led to numerous digital 

oilfield implementations.  These have demonstrated value to drive operational efficiency, optimize 

production, and maximize hydrocarbon recovery factors. At the same time, digital oilfield 

implementations have facilitated better and faster decisions while reducing health, environmental, 

and safety risks. Formally, digital oilfield is a process of a measure-calculate-control cycle at a 

frequency which maintains the system’s optimal operating conditions at all times within the time 

constant constraints of the system, while sustainably 

• Maximizing production 

• Minimizing capital expenditure (CAPEX) /operational expenditure (OPEX) 

• Minimizing environmental impact 

• Safeguarding the safety of the people involved and the integrity of the associated equipment  

These objectives can be achieved by synchronizing four interrelated areas: people, automated 

workflows, processes, and technologies.  It should be noted that significant efforts are required to 

properly describe a work process that supports digital oilfield implementation. In a simplified way, 

digital oilfields are a collection of automation and information technologies that transform the 

philosophy of the way petroleum assets are managed and drive more efficient operating work 

processes, (Pandey et al., 2020). 

It involves orchestration of disciplines, data, applications, and workflow integration tools supported 

by digital automation (see Figure 2.17), which involves the following: 

• Field instrumentation 

• Telemetry 

• Automation 

• Data management 

• Integrated production models 
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• Workflow automation Visualization 

• Collaboration environments 

• Predictive analytics 

 

Figure 2.17: Different components of a Digital Oilfield (DOF) 

A successful digital oilfield implementation requires synchronization among all of these components. 

The predictive analytics component of a digital oilfield is responsible for generating data-driven insight 

for the present and future prospects of the oilfields. This component often hosts machine learning 

algorithms and is a key to successful digital oilfield implementation. 

2.5.4 Upstream Industry and Machine Learning 

The upstream industry has used machine learning for decades. However, it may have been referred 

to as artificial intelligence, or by other alternate names. Figure 2.18 shows a composite timeline of 

machine learning and oil and gas industry milestones. In the timeline, special emphasis has been given 

to the oil and gas industry milestones representing an advancement in data acquisition and 

digitalization.  Based on the nature of advancements in the timeline, we can group the timeline into 

distinct periods. The time up to the first decade of the twentieth century is the foundation for both 

industries. 
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Figure 2.18: Oil and gas industry and machine learning milestones. 
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Table 2.6 to 2.10 illustrate several applications of ML in the upstream oil and gas industry. 

Table 2.6: Shows application of ML in geoscience. 

Application of Machine Learning in Oil And Gas 

Discipline Applications 

 

 

 

Geoscience 

• Automated Fault Interpretation 

• Seismic Interpolation 

• Seismic Inversion 

• Geological Modeling 

• Petrophysical Modeling 

• Facies Classification 

• Geophysical Modeling 

 

Table 2.7: Shows application of ML in reservoir engineering. 

Application of Machine Learning in Oil And Gas 

Discipline Applications 

 

Reservoir Engineering 

• Field Development Planning 

• Production Forecasting 

• Reserve Estimation 

 

Table 2.8: Shows application of ML in drilling and completion 

Application of Machine Learning in Oil And Gas 

Discipline Applications 

 

    Drilling and Completion 

• Non-Productive Time (NPT) Minimization 

• Early Kick Detection 

• Stuck Pipe Prediction 

• Autonomous Drilling Rigs 

 

Table 2.9: Shows application of ML in production engineering. 

Application of Machine Learning in Oil And Gas 

Discipline  Applications 

 

 

Production Engineering 

• Production Optimization 

• Infill Drilling 

• Optimal Completion Strategy 

• Predictive Maintenance 
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2.5.5 Industry Trends 

Figure 2.19 shows some trends in the oil and gas industry and machine learning industry at large by 

analyzing research publication trends. There was a crossover in the dominance of the term artificial 

intelligence over the term machine learning in the general research community in 2008. A similar 

crossover was observed in the oil and gas community in 2018. This indicates that the oil and gas 

industry has adopted a machine learning lexicon with a delay of ten years. 

 

 

Figure 2.19: Trends from 1991 to 2019, based on the number of Google Scholar keyword search 

results for a) oil and gas industry, and b) all industries related machine learning, deep learning, 

and artificial intelligence publications. Citation count for 2019 is estimated based on data from 

March 2019. 
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After 2012, there was a steep decline in the popularity of the term artificial intelligence in the general 

research community. This decline fueled growth in the use of the terms machine learning and deep 

learning. The year 2019 may have marked the beginning of a similar trend for the oil and gas industry. 

The pattern observed for the general research community in 2010 for deep learning began to appear 

for the oil and gas industry around 2015, almost a five-year delay. 

For the general research community, machine learning showed a steep decline in 2017. Around the 

same time, the rise of deep learning continued. 

Based on these observations, the following conclusions may be drawn. 

• Adoption of machine learning and deep learning in the oil and gas industry has lagged by 

around five to ten years when compared with the general industry. 

• Currently, the adoption of machine learning and deep learning in the industry is on the rise. 

• In the near future, growth in machine learning and deep learning should continue. At some 

point, deep learning will take over machine learning in terms of popularity. 
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2.6 Machine leaning  

Data analysis consists of tools and methods in order to obtaining information from original data. 

These methods include the following: 

1. Artificial Inelegance (AI) 

2. Machine Learning (ML) 

3. Deep Learning (DL) 

Artificial Intelligence (Al) is algorithms that mimic human intelligence while Machine Learning is 

subset of AI that works based on training a model or learning a task based on extracted data that 

leans the pattern. Deep Leaning is also a subset of Machine leaning based on mimicking human 

neural system, (Aghabozorgi et al., 2016).   

Machine learning is the subset of Artificial Intelligence that (AI) gives "computers the ability to learn 

without being explicitly programmed. It builds a model that learns the pattern (Aghabozorgi et al., 

2016). Machine Learning influences society in a very influential way (Manaranjan et al., 2018). Here 

are some real-life examples: 

▪ Netflix and Amazon recommend videos 

▪ Customer segmentation in the banking field.  

▪ Loan application or credit cards approval 

▪ Games using face recognition 

▪ Insurance sales or fraud detection 

▪ Customer segmentation, Life Time Value (LTV) 
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Table 2.6 shows the difference between Artificial Intelligence (AI), Machine Learning (ML) and Deep 

Learning (DL).  

Table 2.6 illustrates differences between AL, ML and DL. 

 

The relationship between AI, ML, and DL shown in Figure 2.15 (Aghabozorgi et al., 2018).  

 

Figure 2.20: The relationship between AI, ML, and DL. 
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They all are algorithms, which are being applied for social and research problems. Machine learning 

manly divided into two section supervised and unsupervised, see Figure 2.16 (Aghabozorgi et al., 

2018). 

 

 

 

 

 

 

 

 

                                      

                                                  Figure 2.21: Machine Learning techniques (Zubarev, 2018) 

Table 2.7 illustrates a typical ML algorithm steps:  
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2.6.1 Supervised Leaning Algorithms  

In supervised learning the outcome or dependent variable is known unlike unsupervised learning and 

value of outcome depends on independent variables. Supervised algorithms learn from the pattern 

by using loss function, which is an important part of these algorithms. Loss function defines differences 

between the predicted value and actual value of outcome variable, (Manaranjan et al., 2018). 

Supervised learning occurs when the algorithm is taught to predict unknown outcomes. This is 

achieved by using a separate dataset and teaching the model by training it with some data from a 

training dataset (labeled dataset). Training dataset is the sample of data used to fit the model. The 

actual dataset is used to train the model (weights and biases in the case of a Neural Network). The 

model sees and learns from this data, (Shah, 2017). It is important to note that the data is labeled 

(Aghabozorgi et al., 2018). 

To train supervised learning models, data analysts usually divide a known dataset into training and 

testing sets. Usually the training dataset is between 60% and 80% of the big dataset and the test 

dataset is between 20% and 40% of the big dataset, See Figures 2.17 and 2.18 ( Manaranjan et al., 

2018). 
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Figure 2.22: Train, test, and optimize a model (Priyadharshini, 2021). 

 

Figure 2.23: This example is taken from the cancer dataset resource (Aghabozorgi et al., 2018). 

 

As it can be seen from Figure 2.18, there are some historical data for patients, and the class of each 

row has already been determined. There are two kinds of supervised learning methods. They are 

classification, and regression. Classification is the process of predicting a discrete class label, or 

category (see Figure 2.19). Regression is the method of predicting a continuous value as against to 

predicting a categorical value in classification, (see Figure 2.20), (Aghabozorgi et al., 2018). 
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Figure 2.24: Supervised classification method (Aghabozorgi et al., 2018). 

 

 

Figure 2.25: Supervised Regression method (Aghabozorgi et al., 2018). 
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2.6.2 Unsupervised Learning Algorithms  

In unsupervised learning the outcome or target is not known and dataset consists of input data only 

not output, (Manaranjan et al., 2018). In unsupervised learning, a program does not learn from labeled 

data. Instead, it attempts to discover patterns in the data, (see Figure 2.21). 

 

Figure 2.26: Unsupervided machine learning (Aghabozorgi et al., 2018). 

 

In case of datasets with no response variable, there is no help for learning from the predictor variables, 

in other words, the learning has to be unsupervised. The learning happens based on some measure of 

similarity or distance between each row in the dataset. The most commonly used technique in 

unsupervised learning is clustering, (Ramasubramanian and Singh, 2019). 

PCA, clustering, density estimation and market basket analysis are most important unsupervised 

technique. 

2.5.2.1 Dimension Reduction Technique (PCA) 

Dimensionality reduction, and/or feature selection, play a large role in this by reducing redundant 

features to make the classification easier (Aghabozorgi et al., 2018). One of the most wildly used 

technique for reducing the dimensions of data called Principal Component Analysis (PCA).  

Dimensionality reduction is motivated by several problems. First, it can be used to mitigate problems 

caused by the curse of dimensionality. Second, dimensionality reduction can be used to compress data 
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while minimizing the amount of information that is lost and process data before it is used by another 

estimator. Third, understanding the structure of data with hundreds of dimensions can be difficult; 

data with only two or three dimensions can be visualized easily (Hackeling, 2014).PCA is commonly 

used to explore and visualize high-dimensional datasets. It reduces a set of possibly-correlated, high-

dimensional variables to a lower-dimensional set of linearly uncorrelated synthetic variables called 

principal components. The lower-dimensional data will preserve as much of the variance of the 

original data as possible. Finally, Principal Component Analysis is also used to search for patterns in 

high-dimensional data, (Hackeling, 2014). 

2.6.2.2 Market basket analysis 

Market basket analysis is a modeling technique based upon the theory that if people buy a certain 

group of items, these people are more likely to buy another group of items. Density estimation is a 

very simple concept that is mostly used to explore the data to find some structure within it, 

(Aghabozorgi et al., 2016). 

2.6.2.3 Clustering 

Clustering is considered to be one of the most popular unsupervised machine learning techniques 

used for grouping data points, or objects that are somehow similar (see Figure 2.22). These algorithms 

generally work on simple principle of maximization of intracluster similarities and minimization of 

intercluster similarities.  The measure of similarity determines how the clusters need to be formed. 

Mostly these are unsupervised algorithms, which group the data for maximum commonality 

(Ramasubramanian and Singh,. 2019).  
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Figure 2.27: Unsupervised clustering (Jensen, 2020). 

Clustering is used mostly for discovering structure and pattern.  

Table 2.7 indicates the differences between supervised and unsupervised learning. 

Table 2.7: Comparison between Supervised and Unsupervised Learning. 

Supervised Vs Unsupervised Learning 

Supervised Learning Unsupervised Learning 

Classification 
Classified labeled data 

Clustering 
Finds patterns and groupings from 

unlabelled data 

Regression 
Predicts trends using previous labelled data 

Has fewer evaluation methods than 
supervised learning 

Has more evaluation methods than 
unsupervised learning 

Less controlled environment 

Controlled environment  
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2.6.3 Framework for Developing Machine Learning Models  

The framework for ML algorithm development can be divided into five integrated stages: problem and 

opportunity identification, collection of relevant data, data pre-processing, ML model building, and 

model deployment. The various activities carried out during these different stages are described in 

Figure 2.23. The success of ML projects will depend on how innovatively the data is used by the 

organization as compared to the mechanical use of ML tools. Although there are several routine ML 

projects such as customer segmentation, clustering, forecasting, and so on, highly successful 

companies blend innovation with ML algorithms (Manaranjan et al., 2018). The success of ML projects 

will depend on the following activities:   

 

 

Figure 2.28: Framework for developing machine learning models. 
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Table 2.8 show real world examples of classification technique. 

 

Classification Problems Real World Examples 

Sectors Challenges 

 

 

Petroleum Engineering 

• Reservoir Characterization 

• Identifying Sweet Spot (Productive Zones)  

• Geological facies classification  

• Rock Typing 

• Seismic Rock Properties 

• Rock physics Modeling 

 

Banking & Financial 

• Low-Risk or High-Risk Customers 

• Loan Defaults 

• Credit Ranking 

             

E-Commerce 

• Customer churn  

• Review customer feedbacks  

 

Health Services 

• Cancer detecting  

• Patient diagnostics 

• Patient appointment  

HR Department • Applicant Offer 

Crime • Image Recognition, Segmentation 

Agriculture • Image Recognition , Segmentation 
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There are manly two types of classification problems based on outcomes. 

1. Binary classification 

2. Multiple classification  

There are several methods applied in order to handle binary classification such a Decision Tree, 

Random Forest, Logistic Regression, KNN, etc. 

2.6.5 BINARY LOGISTIC REGRESSION  

Logistic regression is a type of Machine Learning algorithms that can be divided into binary or 

multiclass calcifications.  In Binary calcification, the outcomes are called positive and negative, 1 and 

0. In binary logistic , the target variable must be a discrete values however explanatory valuables can 

be either continuous or discrete. 

Equation 2.1 illustrates the probability of positive class P(y=1). 

𝑃(𝑌 = 1) =  
𝑒𝑧

1+𝑒𝑧                                                                                                               (Equation 2.1) 

Where 𝑧 =  𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 + 𝛽3𝑥3 + ⋯ + 𝛽𝑚𝑥𝑚Here X1, X2, …, Xm are the independent variables 

or features and βo, β1, β2, …, βm are intercept and coefficients, respectively.  

The sigmoid function in equation 2.1 has  s-shape and gives the probability of a record fits to a positive 

class, that is, P(Y=1). 

Figure 2.24 shows application of logistic regression classification in classifying a person with heart 

disease as a function of age, ( Manaranjan et al., 2018).  

The corresponding logistic function is given as: 

𝑃(𝐻𝑒𝑎𝑟𝑡 𝐷𝑖𝑠𝑒𝑎𝑠𝑒 = 1) =  
𝑒𝛽0+𝛽1𝐴𝑔𝑒

1+𝑒𝛽0+𝛽1𝐴𝑔𝑒                                                                        (Equation 2.2) 
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Figure 2.29: Logistic regression model for predicting probability of suffering from Heart Disease. 

Logistic Regression is used for classification. It is very similar to linear regression however, the aim in 

logistic regression is to predict categorical or discrete targets whereas in linear regression the aim is 

to predict numerical values. In logistic regression, independent variables should be continuous.  If 

categorical, they should be transferred to dummy or indicator coded.  This means, to transform them 

to some continuous value. The main objective of logistic classification is to build a model to predict 

the class probability of each sample, (Aghabozorgi et al., 2016). 

Figure 2.25 compares logistic regression with linear regression, (Manaranjan et al., 2018). 

 

Figure 2.30: Logistic regression vs linear regression (Linear Regression, 2018). 
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2.7 Deep leaning  

Deep Learning (DL) is a subfield of Machine Learning (ML) in artificial intelligence (AI) concerned with 

systems motivated by the structure and function of the brain to help machines with intelligence 

(Figure 2.26), (Moolayil et al., 2019). 

 

Figure 2.31: Relationship between AI and ML (Atul, 2020). 

Deep Learning (DL) involves of supervised or unsupervised learning techniques built on many layers 

of Artificial Neural Networks (ANNs) that are capable to learn hierarchical representations in deep 

designs (Deng et al., 2020).  

DL architectures consist of multiple processing layers. Each layer is able to produce non-linear 

responses based on the data from its input layer. The performance of DL is copied from the 

mechanisms of human brain and neurons for processing of signals (Chahal et al., 2019). Recently Deep 

learning (DL) architectures have obtained more attention compared to the other popular machine 

learning methods. Such methods are measured as being shallow-structured learning design types (i.e., 

a limited subset) of DL (Chahal et al., 2019).  

Figure 2.27 illustrates the searching trend of five popular machine learning algorithms in Google 

trends, in which DL is becoming more popular than the others. Although ANNs have been introduced 

in the past decades, the growing trend for Deep Neural Networks (DNNs) that is improvised neural 
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networks with many more layers, started in 2006 when G. Hinton et al. presented the concept of deep 

belief networks.  

Subsequently, the state of- the-art performance of this technology has been observed in different 

fields of AI including image recognition, image retrieval, search engines and information retrieval, and 

natural language processing (Mohammadi, et al., 2018). Deep Learning is obtaining much recognition 

owing to its superiority in terms of accuracy when trained with huge amount of data (Mahapatra et 

al., 2018). 

 

Figure 2.32: Google Trend showing more attention toward deep learning in recent years 

(Mohammadi et al., 2017). 

2.7.1 DL Vs ML  

 Although ML performs very well for a variety of challenges, it fails to surpass in some specific cases; 

Specially dealing with unstructured data types such as classifying an image as a cat or dog, 

differentiating an audio clip as of a male or female voice, etc. (Moolayil et al., 2019).  
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Due to this poor performance of ML, a motivation guided to the idea of imitating the human brain’s 

neural system, which is consists of numerous of neurons joined and well organized to adapt to learning 

new things. DL shined at the new edges where ML was lagging (Moolayil et al., 2019). 

At the present, DL is capable of performing all cases that were earlier resolved applying ML and 

anticipate to outperform in the future, as long as there is enough of data available.  

Another setback using ML methods is that ML methods would not be able to enhance functionality 

with increased training data after a certain limit, while DL was capable to leverage the extra data more 

effectively for improved threshold (Moolayil et al., 2019). 

 Figure 2.28 is an illustration to represent the overall idea of model performance with data size for the 

three aforementioned fields. 

  

Figure 2.33: DL performance vs ML and statistical modeling (Moolayil, 2019). 

All in all, AI is the field of inducing intelligence into a machine or system artificially, regardless precise 

programming.  ML is a field within AI where intelligence is induced regardless of precise programming. 

Finally, DL is a field within ML where intelligence is induced into systems regardless of programming 

using systems that have been motivated by the biological functioning of the human brain (Moolayil et 

al., 2019). 
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DL models are designed applying neural network architecture in its simplest form. Like the human 

brain, neural network refers to system of hierarchical organization of neurons with bonds to other 

neurons. These neurons transfer signal to other neurons based on the received input from previous 

neurons and develop an advanced neural system that learns with some feedback mechanism 

(Moolayil et al., 2019). 

2.7.2 Neural Networks vs Deep Learning Neural Networks 

Neural Network is a network that can use any network such as feedforward or recurrent network 

having 1 or 2 hidden layers. However, Deep Learning neural network evolves when the number of 

hidden layers increases, i.e., more than two. In order to carry out feature selection and feature 

engineering method, Neural Network needs more information. 

However, Deep Learning Neural Network does not need any information about features rather they 

show optimum model tuning and model selection on their own (Kaur Gill et al., 2016). Figure 2.29 

compares between simple Neural Network and Deep Learning. 

 

Figure 2.34: Neural Networks vs and Deep Learning (Kampakis, 2018). 

Deep Learning technique can be applied to solve higher complex problems involving of a huge number 

of nonlinear transformational layers, as it forms a hierarchy of low-level features to high-level 

features, (Kaur Gill et al., 2016). 
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One of the advantages for DL to ML is that DL does not need feature extraction unlike ML (Figure 2.30).  

 

Figure 2.35: Comparing deep learning with machine learning (Bhatt, 2019). 

Advantages of using deep learning to Machine Learning  

• Maximum utilization of unstructured data 

• Elimination of the need for feature engineering 

• Ability to deliver high-quality results 

• Elimination of unnecessary costs 

• Elimination of the need for data labelling 

2.7.3 DL Architecture 

The main elements in a DNN are: 

1. Input data,  

2. Neurons  

3. Activation functions  

4. Layer (i.e., group of neurons)  

5. Connections between neurons  

6.  A learning procedure (i.e., the backpropagation algorithm),  

7. The output layers. 
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2.7.3.1 Input Data 

The input data is just the dimension of the dataset. 

2.7.3.2 Neuron 

Neurons are essential part of DNN where computation for an output is performed. 

 A neuron receives one or more inputs from the neurons in the previous hidden layer. Neurons in the 

first hidden layer, will receive the data from the input dataset.  

In the biological neuron, an electric signal is given as an output when it receives an input with a higher 

influence (Figure 2.31). 

 

Figure 2.36: A biological and an artificial neuron (Nagyfi, 2018). 

To represent that performance in the mathematical neuron, it is essential to have a function that 

works on the sum of input multiplied by the related weights and responds with a right value based on 

the input. 

The output should be higher, if a higher-influence input is received and vice versa.  It is similar to the 

activation signal, once higher influencer received it activates the neuron, otherwise deactivates the 

neuron. The function that operates on the processed input data is called the activation function.  
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2.7.3.3 Activation Function 

An activation function is the function that calculates a “weighted sum” of its input, adds a bias and 

then decides whether it should be “activated” or not.  

𝑌 = ∑(𝑤𝑒𝑖𝑔ℎ𝑡 ∗ 𝑖𝑛𝑝𝑢𝑡) + 𝑏𝑖𝑎𝑠                                                                                      (Equation 2.3) 

Where, the value of Y can be anything ranging from -inf to +inf. 

 The activation function, decides whether neuron to be activated or deactivated (fired or not) by 

calculating the activation function on the combined input.  

There are several reasons why activation functions are used. Firstly, the value of the output can be 

anything ranging from -inf to +inf. 

Secondly and the most important feature in an activation function is the ability to add non-linearity 

into a neural network. if the activation function is a linear function (basically no activation), then the 

derivative of that function becomes 0. Hence, the network loses out on the learning ability with the 

backpropagation algorithm 

Therefore in order to get the neural network learn correctly, it would essential to use  a nonlinear 

activation function see Figure 2.32.  

There are several choices available to choose an activation function. For example, sigmoid and the 

ReLU (Rectified Linear Unit) are the most widely used activation functions (Moolayil et al., 2016). 
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Figure 2.37: Deep learning activation function. 

2.7.3.4 Sigmoid Activation Function 

A sigmoid function is defined as  
1

(1+𝑒−𝑧)
 which is a non-linear function and the output is between 

0 and 1 as shown in Figure 2.33. 

The nonlinear output (s shaped as shown) enhances the learning process very well, as the curve 

crosses 0.5 at z=0, which we can set up rules for the activation function, such as: If the sigmoid 

neuron’s output is larger than or equal to 0.5, it outputs 1; if the output is smaller than 0.5, it outputs 

0. If z is extremely negative, therefore the output is nearly 0; if z is extremely positive, the output is 

nearly 1. However, around z=0 where z is neither too large or too small (in between the two outer 

vertical dotted grid lines), we have relatively more deviation as z changes (Kang., 2017), see Figure 

2.33. 
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Figure 2.38: Sigmoid Activation Function. 

Similarly, the ReLU uses the function f(z)=max(0,z), which means that if the output is positive it would 

return output the same value, otherwise it would output 0. The function’s output range is shown in 

the following visual (Figure 2.34). 

 

Figure 2.39:  ReLU Activation Function. 
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ReLU is a valid nonlinear activation function and in fact operates very well was introduced in 2007. It 

has the following advantages: 

1. Improves the performance  

2. Significantly reduces the number of computations during the training phase 

This is due to result of the 0 value in the output when z is negative, thereby deactivating the neuron. 

However, owing to the horizontal line with 0 as the output, can produce severe problem during 

training as the weights will not easily get updated (Moolayil et al., 2016).  

Therefore, to resolve this problem a new activation function called Leaky ReLU was proposed. 

Through backpropagation process, it helps in updating the weights efficiently as the negative value 

outputs a slightly angled line instead of a horizontal (see Figure 2.35). By setting the value of alpha 

with a small constant, Leaky ReLU activation function can be directly used (Moolayil et al., 2019). 

 

Figure 2.40: Leaky ReLU Activation Function. 

There are many more activation functions that can be used in a DNN such tanh hyperbolic, Softmax, 

softplus, softsign, relu, tanh, sigmoid, hard_sigmoid, linear. 
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2.7.3.5 Model 

Keras that is the most popular high-level DL framework provides the easiest way to define a model by 

using the sequential model, which allows easy creation of a linear stack of layers. 

2.7.3.6 Layers 

A layer is the highest-level building block in deep learning. A layer is a container that usually receives 

weighted input, transforms it with a set of mostly non-linear functions and then passes these values 

as output to the next layer (Deng et al., 2020). 

2.7.3.7 Dense layer 

A dense layer is a regular deeply connected neural network in the previous layer. 

2.7.3.8 Dropout Layer 

The dropout layer in DL works very well to overcome overfitting problem by introducing regularization 

and generalization capabilities into the model. This technique reduces computation in the training 

process by killing the neuron (drops out a few neurons or sets them to 0).  

2.7.3.9 The Loss Function  

The loss function is a method of evaluating how well or poorly specific algorithm models the given 

data. It improves a network understand whether it is learning in the right direction. The loss function 

essentially measures the loss from the target.  

There are several standard loss functions defined in ML and DL based on the data type outcome. 

Here are some popular loss functions (Moolayil et al., 2016). 

1. For regression outcomes 

• Mean Absolute Error – The average absolute error between actual and predicted. 

• MAPE – Mean absolute percentage error 

• MSLE – Mean square logarithmic error 

2. For categorical outcomes  
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• Binary cross-entropy: Defines the loss when the categorical outcomes is a binary variable, 

that is, with two possible outcomes: (Pass/Fail) or (Yes/No)   

• Categorical cross-entropy: Defines the loss when the categorical outcomes is a nonbinary, 

that is, >2 possible outcomes: (Yes/No/Maybe) or (Type 1/ Type 2/… Type n)  

2.7.3.10 Optimizers, Batch, & Epochs  

The optimizer is the most important part of the model training. Optimizers are algorithms or systems 

applied to alter the attributes of the DL such as weights and learning rate in order to reduce the losses 

(Doshil, 2019).  

The loss function assists the DL network evaluate how well or poorly the current set of weights has 

done on the training dataset. The next step for the model is to decrease the loss. This is where the 

optimizer algorithms come into the picture. The optimizer algorithms help it understand what steps 

or updates it should perform on the weights or leaning rates to decrease the loss (Moolayil et al., 

2016).   

The optimizer algorithm uses derivatives, partial derivatives, and the chain rule in calculus to 

understand how much change the network will see in the loss function by making a small change in 

the weight (updating the weights) of the neurons. The change in the loss function helps in defining the 

way of the change needed in the weight or learning rates (Moolayil et al., 2016).   

Optimization algorithms are responsible for: 

1. Decreasing the losses  

2. Delivering the most accurate results possible 

The optimizer function helps the loss function understand what steps or updates it should perform on 

the weights to reduce the loss (Moolayil et al., 2016).   
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2.7.3.11 Advantages of increasing epochs  

The number of epochs is the number of complete passes through the training dataset (iteration). This 

is an iteration (i.e., passing of all training samples in a batch followed by a weight update in the 

network), (Moolayil et al., 2016). A batch is a collection of training samples from the entire input. The 

size of a batch must be more than or equal to one and less than or equal to the number of samples in 

the training dataset. The network updates its weights after processing all samples in a batch. 

 Weighs are randomly initialized at the beginning. Therefore, in each iteration (epoch), the DL network 

leverages the optimizer algorithms to make a small change to its weight in order to enhance the 

performance by reducing the loss function. Hence the network updates its weights and leaning rates 

and learns to make a correct prediction for the given training dataset, (Moolayil et al., 2019). As a 

starting point in our DL model, the initial epoch size of 3 was chosen. In DL, the model updates and 

evaluate weight and leaning rates after every epoch.  

It usually takes a fairly higher number of epochs for a basic DL model to learn properly as the updates 

are quite small resulting in increasing the computation runtime. In order to examine and assess the 

performance of the DL models as a part of this PhD project, epochs numbers were increased to 30 

from initial number of 3. Since this is quite small dataset, training with 30 epochs should not be a 

problem. It should execute in ~1 min on our model runtime..   

2.7.3.12 Metrics 

Keras provides three types of metrics to evaluate the performance the DL model based on validation 

dataset (unseen dataset). 

These options for metrics in Keras are as follows 

• Binary Accuracy – (keras.metrics.binary_accuracy) 

• Categorical Accuracy – (keras.metrics.caetogrical_accuracy) 

• Sparse Categorical Accuracy – (keras.metrics.sparse_categorical_accuracy) 
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2.8 Deep Learning Models  

In the petroleum engineering, sweet spots are defined as areas of a reservoir that represent best 

production potential. It is not always obvious which reservoir characteristics best determine the 

location, and influence the likelihood, of a sweet spot.  

The following Deep learning models were built to: 

1. Detect sweet spots as a supervised learning problem  

2. Compare the results with traditional machine learning methods such as (LR, KNN, DT, & RF).  

2.8.1 Identifying Potential Intervals  

The dataset used in this study, has been accumulated and captured and processed (Quick Analyser 

method) from Nene1 and their descriptive attributes which will be described in chapter 6. This source 

of data could be a gold mine of patterns that can help in identifying potential intervals (sweet spots). 

DNN (deep neural network) can be developed and learned from historic data attributes and 

operational interaction data to understand the deep patterns and predict whether a new interval will 

potentially be a sweet spot or not (Moolayil et al., 2016). 

Therefore, several DNN models developed and trained to learn the chances that an interval will be a 

potential sweet spot zone, using various data attributes and operational interaction attributes. 

Similar to Machine learning models the following steps were carried out before designing DNN 

models. 

• EDA (Explore data) 

• Data Preparation (Scaling, missing data imputation, Splitting data)  

• Build the Deep learning models 

• Compare the results based on accuracy and loss 

• Tune hyper parameters (avoiding overfitting) 

• Build the final model based on tune hyper parameters. 
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2.8.2 Defining Model Baseline Accuracy 

For all supervised classification use cases, the target variable would be a binary or multiclass (more 

than two classes) outcome. In our case, the outcome is either 0 or 1.  To validate the usefulness of a 

model, it is important to compare the result to what would have happened if there was not a model. 

In that case, the largest class would be as the prediction for all zones and check what the accuracy 

looks like. It is important to remember that the target in our use case (i.e., the outcome variable) has 

a good distribution of 1’s and 0’s. Here, the distribution of the outcome variable between 0 and 1 is 

0.785 and 0.214, respectively. 

So, with the preceding distribution, it can be said that if there was not any model and make all 

predictions as 0 (the largest class)—that is, predicting that none of the zones or intervals are potential 

zones or sweet spot then it would produce 79% accuracy.  

This is our baseline accuracy. If there is a model that delivers us an overall accuracy anywhere below 

our benchmark, then it would be of practically no use. 
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Chapter 3: Geological/Geochemical Analysis 

3.1 Introduction 

Initially, Petroleum Geochemistry was applied for exploration risk assessment only.  Source rock 

occurrence and maturity were the main focus area of the geochemists, many of whom evolved from 

a background in coal petrography. As a result, the oil generation process is still expressed in terms of 

vitrinite reflectance; a unit which is adequate for measuring coalification, but is less suitable for 

describing the chemical conversion of a petroleum source rock into liquid hydrocarbons. Today, 

hydrocarbon exploration is no longer the mainstay of the petroleum geochemist and Geochemistry is 

applied in all phases of the E&P lifecycle. Applications now deal with field appraisal and development, 

with production surveillance, field abandonment and CO2 sequestration. With the accelerating global 

demand for energy and the increased proportion of unconventional in the energy mix, the interest in 

geochemistry is likely to continue to grow.  

Since the development bloom in unconventional reservoirs in the North America, Total Organic 

Carbon (TOC) becomes a more essential parameter, as the indicator of these reservoirs’ efficiency. In 

this chapter, Geological description and TOC approximation in the subject field is presented. Passey’s 

(Passey et al., 1990), Issler’s (Issler et al., 2002), and Schmoker’s (Schmoker and Hester, 1983) methods 

were used as indirect wireline methods to estimate TOC content, along the studied wells. Afterward, 

NMR log data, as a direct method, used to provide more precise calculations of TOC. Both methods 

showed almost similar trends, with the NMR method indicating lower values of TOC. Afterward, an 

adjusted Schmoker equation proposed, which showed the best fit between NMR and conventional 

well logs results. By using the proposed equation, TOC content of the other wells, where NMR data 

was unavailable, is calculated. The results, afterward, will be used as an input to the proposed sweet 

spot identification model. 
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3.2 Location of the study area 

Nene Marine field is located 17 km offshore Congo (Brazzaville) in 28 m of water on the Marine XII 

block, Congo Basin (Figure 3.1). Congo Basin is located in the Western African margin, considered as 

an early Cretaceous basin where a pre-salt clastic formation exists. It is a large basin, which covers 

about 1.2 *106 𝑘𝑚2.  

Figure 3.1: Map of the northern part of the Congo basin, showing location of Nené marine field 

(Nene Marine starts up, 2015). 

3.3 Geological Setting 

In Nene Marine field, thick clastic sequence fluvial systems are deposited in a deep marine 

environment. Table 3.1 shows the main geological parameters of the subject field. Lithology consists 

mainly from sandstone, which named at the reservoir base as Vandji and at the upper units as 

Sialivakou and Djeno formations (see Figure 3.2). The Sialivakou comprise grey to black shale and less 

sandy mudstones, which probably show a debris flow (Harris, 2000). 
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Djeno Formation mainly comprise laminated dark grey shale, with turbidity sandstone intervals. Harris 

(2017), suggested that the TOC content of shales in the Congo Basin (Lower Cretaceous) is an example 

of interaction between soil development, rift topography, nutrient delivery, and bio-productivity and 

is not depended on water depth and anoxia. He also reported that through the active rift section, total 

organic carbon (TOC) averages of 2-3% and kerogen comprises the types I and III.  In late rift section, 

TOC averages 6%, which comprises alga and bacterial Type I kerogen. 
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Table 3.1: Nene field geological parameters. 

Nene Field Geological Parameters 

Country Congo 

Type Oil & Gas 

Estimated Reserves 1.2 billion barrels of oil and 30 billion cubic meters of gas in place 

Discovery date 2013 (Production began 16 months following the discovery) 

Production By the end of 2017 produce 20,000 barrels of oil equivalent each day 

(boed) but has the potential to reach 150,000 boed in the coming years 

Development Include the installation of production platforms and drilling of more 

than 30 wells 

Location 17 km offshore Congo (Brazzaville) in 28 m of water on the Marine XII 

block 

Spill point -2630 m  

Source rocks Early cretaceous lacustrine shales 

Net/Gross 0.545 

Reservoir rocks Lacustrine turbidite sandstone 

Porosity (%) 1-25 

Permeability mD 0.001-10 

Water saturation 25-70 

Crude oil gravity (API) 35 ° 

 Viscosity cp 0.4 

Oil Initial in Place (OIIP) 3X106 m3 

Seal types Fault seal, shale and salt 

Trap Faulted blocks, rollover anticlines/structures and growth faults 
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                      Figure 3.2: Stratigraphy and observed formations in the studied field. 

 

3.4 Total Organic Carbon (TOC) 

The organic matter content of a source rock that can be converted into hydrocarbons known as total 

organic carbon (Jarvie et al. 2007). It represents a qualitative measurement of source rock potential, 

(Ma and Holditch, 2015). In petroleum industry the TOC and kerogen terms are often used 

interchangeably, which is incorrect. In an oil-bearing source rock play, TOC is a combination of 

kerogen, bitumen and liquid hydrocarbon (Steiner et al., 2016). Kerogen is insoluble in organic solvent 

due to high molecular weight and comprises of mixture of organic chemical compounds. TOC can vary 

from very poor (lower than 0.5%) to excellent (higher than 12%) level of richness (Table 3.2).  

Table 3.2: Organic content of different source rocks (after Peters, 1986). 

Total Organic Carbon (%)  Kerogen Quality 

lower than 0.5  Very Poor 

0.5 - 1  Poor 

1 - 2  Fair 

2 - 4  Good 

4 - 12  Very Good 

higher than 12  Excellent 

Upper Djeno A 
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3.5 TOC Measurement 

In order to measure total organic carbon, direct measurement can be taken from cores and drill 

cuttings using pyrolysis. This method is relatively accurate; however, it’s usually associated with higher 

costs and longer measurement time. In addition, the results are non-continuous measurements, as 

there are limited samples (Alshakhs and Rezaee, 2017).  

Continues wireline logs can be used as an alternative TOC measurement method. There are several 

equations developed to link the wireline data and TOC parameter. Wireline methods for TOC 

measurement can be divided into “Direct” and “Indirect” categories. 

The indirect methods use conventional well logs, such as Density, Neutron Porosity, and Resistivity 

logs to predict TOC content (Schmoker and Hester, 1983; Passey et al., 1990; Issler et al., 2002). While, 

NMR log data can be used to calculate the TOC content, as a direct method (Gonzalez et al., 2013). 

Full description of each method is presented in the following subsections.  

There are also several studies available in the literature, which following enhanced techniques to 

measure TOC content. Tabatabaei et al. (2015), hybridized stochastic optimization algorithms with 

gradient optimization in structure of artificial neural network to estimate TOC from conventional well 

logs in Ahwaz oilfield. Their input data comprise gamma ray, sonic transit time, compensated neutron 

and resistivity logs.  

Mahmoud et al., (2017) developed empirical correlation based on conventional well logs and artificial 

neural networks, in order to determine the TOC content of Barnett and Devonian shale formations. 

Their model shown improved TOC estimation, comparing usual methods.  

Xiong et al. (2019) combined cores and well logs together, in order to provide a more accurate 

estimation of total organic carbon. They concluded that in estimation of TOC, there might be more 

efficient methods in the literature, such as machine learning techniques. 
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In the current study, Passey’s, Issler’s, and Schmoker’s equations, are used as indirect wireline 

methods to estimate TOC in four wells, drilled in one of the West Congo unconventional reservoirs. 

Available NMR log data, for one of the wells, is then used to directly measure TOC content and provide 

a coefficient to calibrate the estimated TOC in three other wells. The best linear fit between the 

indirect methods and NMR method, represented as an adjusted equation, which provides a 

continuous TOC measurement along well paths, where NMR is unavailable. Using the adjusted TOC 

measurement equation, provided a continuous measurement of TOC along the four wells, drilled 

within the reservoir.  Afterward, by using the results, a 3D model of TOC distribution within the 

reservoir was constructed. 

3.5.1 Indirect wireline methods 

Direct and indirect wireline methods measure TOC content continuously along the well path. Table 

3.3 showing the well-known wireline methods that introduced for TOC measurement, along with their 

limitations. While measurement with core test methods is limited on both the discrete rock samples 

and high costs. The used wireline methods are described below. 

Table 3.3 : Limitations of TOC measurement methods, using wireline data. 

 

 

 

Methods Limitation References 

 

Δlog R 

Maturity sensitivity; considering same values for 

baseline and organic-rich depths; clay interference 
Passey et al. (2010) 

Gross gamma-ray (g) Reacts mostly to Uranium, rather than kerogen Schmoker (1981) 

 

Bulk density 

Underestimation of TOC content in clays and 

carbonates 

Schmoker and 

Hester (1983) 
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The Passey's method (∆logR) estimates the TOC based on the separation between deep resistivity log 

(RES) and Sonic (DTC), Density (RHOB), and Neutron (NPHI) well logs, due to presence of organic 

matter (Passey et al., 1990). Equations (1) to (6), showing the relationships available for TOC 

estimation based on Passey’s method.  

𝑇𝑂𝐶(𝑆) = 𝑆𝐹 ∗ 𝑆𝑙𝑜𝑔𝑅 ∗ 100.297–0.1688∗𝐿𝑂𝑀                                                                              (Equation 3.1) 

𝑆𝑙𝑜𝑔𝑅 = 𝑙𝑜𝑔 (
𝑅𝐸𝑆

𝑅𝐸𝑆𝑏𝑎𝑠𝑒
) + 0.02 ∗ (𝐷𝑇𝐶– 𝐷𝑇𝐶𝑏𝑎𝑠𝑒)                                            (Equation 3.2) 

𝑇𝑂𝐶(𝐷) = 𝑆𝐹 ∗ 𝐷𝑙𝑜𝑔𝑅 ∗ 100.297–0.1688∗𝐿𝑂𝑀                                                                             (Equation 3.3) 

𝐷𝑙𝑜𝑔𝑅 = 𝑙𝑜𝑔 (
𝑅𝐸𝑆

𝑅𝐸𝑆𝑏𝑎𝑠𝑒
) − 2.5 ∗ (𝑅𝐻𝑂𝐵– 𝑅𝐻𝑂𝐵𝑏𝑎𝑠𝑒)                                                        (Equation 3.4) 

𝑇𝑂𝐶(𝑁) = 𝑆𝐹 ∗ 𝑁𝑙𝑜𝑔𝑅 ∗ 100.297–0.1688∗𝐿𝑂𝑀                                                                            (Equation 3.5) 

𝑁𝑙𝑜𝑔𝑅 = 𝑙𝑜𝑔 (
𝑅𝐸𝑆

𝑅𝐸𝑆𝑏𝑎𝑠𝑒
) + 4.0 ∗ (𝑁𝑃𝐻𝐼– 𝑁𝑃𝐻𝐼𝑏𝑎𝑠𝑒)                                                       (Equation 3.6) 

Where; 

• TOC (S, D, N) are total organic carbon from Passey’s equations (Sonic, Density, Neutron) 

• 𝑆𝑙𝑜𝑔𝑅, 𝐷𝑙𝑜𝑔𝑅, and 𝑁𝑙𝑜𝑔𝑅 are Passey numbers from sonic, density, and neutron logs, respectively 

• LOM is the level of maturity (10.5 as default) 

SF is scale factor (0.6 as default). 

The TOC calculations from Passey’s relationships are illustrated in Figure 3.3, which all exhibiting a 

similar trend for TOC content and an average of 2.38. In order to simply comparing the results with 

other methods, an average of Passey’s three output logs is created, (see Figure 3.4-A). 
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Figure 3.3: Estimated TOC in well #1, using Passey’s method equations. 

Figure 3.4: Results of TOC measurement in well #1, using wireline indirect methods (A) and direct 

NMR method (B). 

The Schmoker method uses bulk density log (RHOB) and considers the change in formation density as 

presence or absence of low-density organic matter (Schmoker and Hester, 1983). Equation 3.7 is the 

proposed formulae. 

𝑇𝑂𝐶𝑆𝑐ℎ𝑚𝑜𝑘𝑒𝑟  =  (
154.497

𝑅𝐻𝑂𝐵
) − 57.261                                                                                 (Equation 3.7) 

Issler’s method is based on the crossplots of density (DENS) or sonic against resistivity (RES) (Issler et 

al., 2002; Crain, 2019). The method is presented in equation (3.8). 

𝑇𝑂𝐶𝐼𝑠𝑠𝑙𝑒𝑟 = 𝑆𝐹 ∗ −0.1429 ∗
𝐷𝐸𝑁𝑆–1014

𝑙𝑜𝑔(𝑅𝐸𝑆)+4.122
+ 45.14                                                         (Equation 3.8) 

Where; 𝑇𝑂𝐶𝐼𝑠𝑠𝑙𝑒𝑟 is total organic carbon from Issler’s method (weight fraction) and SF is the scale 

factor (considered 0.8). 
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Figure 3.4-A illustrates the calculated TOC from Passey’s, Schmoker’s, and Issler’s methods, which 

showing an average of 2.38%, 4.3% and 1.9%, respectively. 

3.5.2 Direct wireline method 

Generally, TOC measurements by direct wireline methods are more precise than the indirect methods. 

Carbon subtraction, NMR, and pulsed neutron spectral gamma ray are the well-known direct wireline 

methods (Gonzalez et al., 2013).  

An integration of NMR and density log can be utilized, in order to measure kerogen volume via 

following equation (Gonzales et al., 2013): 

𝑉𝑘 =
𝜌𝑚𝑔−𝜌𝑓

𝜌𝑚𝑔−𝜌𝑘
−

Φ𝑁𝑀𝑅∗(𝜌𝑚𝑔−𝜌𝑓)

𝐻𝐼𝑓(𝜌𝑚𝑔−𝜌𝑘)
                                                                                  (Equation 3.9) 

Where, 𝑉𝑘 is the kerogen volume; 𝜌𝑚𝑔 is apparent matrix density; 𝜌𝑘 is kerogen density; 𝜌𝑓 is pore 

fluid density; Φ𝑁𝑀𝑅 is total NMR porosity; and 𝐻𝐼𝑓 is hydrogen index of fluid.  

The conversion of kerogen volume into the TOC content, can be achieved using the following equation 

(Tissot and Welte, 1978). 

𝑇𝑂𝐶 =
𝑉𝑘

𝐾𝑣𝑟
∗

𝜌𝑘

𝜌𝑏
                                                                                                                    (Equation 3.10) 

Where 𝐾𝑣𝑟 is the kerogen conversion factor and generally is close to 1.2 (Gonzales et al., 2013) and 𝜌𝑏 

is the bulk density. Also, by plotting core grain density versus the TOC weight percent, Kerogen density 

can be obtained.  

By applying equations 3.9 and 3.10 and using the values from table 3.4, the direct measurement of 

TOC content for well #1 is performed. Figures 3.4-B illustrates the TOC calculated from NMR method 

for well #1. The calculated TOC from this method was between 0.0 and 6.4% with an average of 1%. 
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Table 3.4: Density measurement formulae for the Matrix, TOC, and Kerogen. 

 

Due to lack of NMR log in the other three wells of the studied field, we developed a relationship 

between the calculated TOC from NMR and indirect wireline methods. Comparing the measured TOC 

from different methods, Schmoker method shown the highest correlation with NMR results with a 𝑅2 

of 0.49 (Table 3.5). Afterward, in order to find the best fit between Schmoker and NMR method and 

reduce the Mean Square Error (MSE), the following linear relationship is proposed; 

𝑇𝑂𝐶𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 = (0.46 ∗ 𝑇𝑂𝐶𝑆𝑐ℎ𝑚𝑜𝑘𝑒𝑟) − 0.9                                                                     (Equation 3.11) 

Using this adjusted equation, the MSE between calculated TOC from indirect and NMR methods, 

reduced to 0.58, which was the lowest MSE achieved (Table 3.5).  

Figure 3.5 illustrates the measured TOC from the adjusted Schmoker’s and NMR method. A cross-plot 

of this measurements is also provided in figure 3.6.  

Table 3.5: Correlation between TOC measure from NMR and indirect methods. 

 

 

 

 

 

 

Parameters formulas Values Equation Number 

Matrix Density (𝝆mg) 𝜌mg =1 / INTCPT 2.63 g/cc (3.9) 

TOC density ( 𝝆toc ) 
ρ toc = 1 / (100 * SLOPE + 

INTCPT) 
1.28 g/cc (3.10) 

Kerogen Density (𝝆k) 𝜌k = ρ toc / 0.8 1.42 g/cc (3.11) 

Method 𝑹𝟐 𝑴𝑺𝑬 

Passey 0.26 3.57 

Schmoker 0.49 11.65 

Issler 0.29 13.15 

Schmoker (adjusted) 0.49 0.58 
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Figure 3.5: Measured TOC from NMR and the best indirect method fit (Adjusted Schmoker method). 

Figure3.6: Cross-plot between TOC measured from NMR and Adjusted Schmoker method. 

By using the adjusted equation (equation 3.11), TOC distribution for the other three wells were 

calculated. Figure 3.7 illustrates the calculated TOC for all of the four drilled wells. As the final step, by 

employing seismic interpreted horizons and faults and well tops data available for the studied wells, 

a 3D model of TOC distribution, within the reservoir, has been built. “Upper Djeno A” and “Middle 

Djeno A” shown the highest TOC content, among the different zones and subzones.  Figure 3.8 shows 

the 3D model and the wells location. The mentioned subzones can be considered as the depths with 

the highest productivity potential, in further development stages.  
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Figure 3.7: The calculated TOC content in 4 wells drilled in the field. 
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Figure 3.8: Constructed 3D model of TOC distribution within the reservoir. (A) Horizontal section 

and (B) vertical section. 
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Chapter 4:  

Petrophysical/Geomechanical Analysis 

4.1 Introduction  

Unconventional resources are geologically and petrophysically complex that must be hydraulically 

fracture-stimulated to produce gas or oil at economic rates. Increasingly these hydrocarbon resources 

are being developed and produced using horizontal laterals. The dominant clay matrix particle size of 

these reservoirs include heterogeneous compositional components that may include varying amounts 

of extrabasinal (terringenous fluid or airborne origin) clastics (quartz, feldspars, clays, and reworked 

rock fragments that include carbonate, igneous and metamorphic and volcanic rock fragments), and 

intrabasinal sedimentary particles (biologic origin silica, and calcite and preserved and altered 

kerogens), and diagenetically or chemically altered origin chert, dolomite, siderite, clays, and pyrite, 

(Ahmed and Meehan, 2016).  

These complex reservoirs possess complex pore systems that are dominantly nanoscale (extremely 

small-sized) inorganic, and organic interparticle, inter-crystalline and intraparticle pores (Loucks et al. 

2012).  In order for these reservoirs to produce hydrocarbons, the reservoir must exhibit very high 

hydrocarbon saturations  (oil saturation or gas saturation),  and very low irreducible to sub-irreducible 

water saturations. Natural fracture systems can also occur, either sub-vertical (of tectonic origin) or 

horizontal (of petroleum system origin).  

Permeability is extremely low, often in the nanodarcy range. Movable hydrocarbons may be present 

within the pores (identified as free gas) but are also present as adsorbed or absorbed hydrocarbons 

to the kerogen and clay surfaces (identified as adsorbed gas). These very complex and nanoscale 

varying reservoir characteristics pose significant formation evaluation challenges. Successful 

formation evaluation of reservoir characterization requires the acquisition and analysis of high-

definition, first-order technical data from many sources.  



Chapter 4: Petrophysical/Geomechanical Analysis 
P a g e  | 94 

94 
 

4.2 Petrophysical Analysis 

The traditional method followed by petrophysicists is to calculate formation evaluation properties by 

following a series of stepwise calculations. The following processing chain is used in our study: 

• Calculate shale volume 

• Calculate porosity 

• Reservoir rock/fluid substitutions 

• Core data depth matching 

• Rock typing 

• Permeability estimation 

• Pore structure investigation 

• Visualize output data 

It is possible to choose from several alternative methods at each step; thus, the volume of shale could 

be calculated from several response equations, including either a simple gamma ray or any other 

methods. After this, the second step is executed, and the porosity calculated is dependent on the 

volume of shale previously calculated. The calculation of water saturation, is dependent again on 

results (porosity and volume of shale) already determined from the previous steps. A summary of the 

analysis in this section presented in Table 4.1.  
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Table 4.1: Summary of the petrophysical analysis performed in Nene Marine field 

Petrophysical Analysis Acquired Parameters 
Applied 

software 

Shale volume calculation Shale (Clay) volume (VSH) Geolog 7.4 

Porosity calculation Total porosity (PHIT), Effective porosity (PHIE) Geolog 7.4 

Reservoir rock/fluid 

substitutions 

Mineralogy, Water saturation (SW), 

Hydrocarbon saturation 
Geolog 7.4 

Core data depth 

matching 
Depth matched core porosity/permeability Techlog 2017 

Rock Typing 
Rock Quality Index (RQI), Flow Zone Index 

(FZI), Hydraulic Flow Units (HFU) 
Excel 

Permeability estimation 
NMR Permeability, Stoneley permeability, 

Permeability log equation 
Geolog 7.4, Excel 

Pore structure 

investigation 

VDL, Pore type, Capillary Pressure (Pc), Pore 

pressure, J function 
Geolog 7.4, Excel 

Visualize output data Layouts, Charts, Tables Techlog 2017 

 

4.2.1 Available Data 

Available data for the petrophysical analysis of the studied field include conventional well logs (from 

five wells) and Routine Core Analysis (RCAL), (from two wells). In Table 4.2, the available data is 

presented in details. The shear wave velocity log (DTS), which is a crucial parameter for geomechanical 

analysis, was not available for wells NNM-3 and Banga-M1. Fuzzy inference system in integration with 

optimization algorithms, as a powerful artificial intelligence technique, was used to estimate the 

absent DTS data in these wells. The procedure will be described in section 6.2. 
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Table 4.2: Available data for petrophysical analysis. 

 

4.2.2 Shale volume calculation 

The shale (clay) volume will be estimated from spectral GR, if available. This parameter also can be 

determined from one of the appropriate methods from neutron, density, sonic or resistivity logs 

(Crain, 2019). The XRD data can also be used to for calibration of determined clay volume values. Used 

methods for calculating shale volume in this study include Gamm Ray (GR), Neutron-Sonic (NS), 

Density-Neutron (DN), and Density-Sonic (DS). The equations related to each method are summarized 

in Table 4.3. Afterward an arithmetic mean of all the used method, considered as the shale volume 

for each of the wells. Calculated shale volume for well# NNM-1 can be seen in Figure 4.1. 

Table 4.3: used methods in calculation of reservoir shale volume. 

Methods Equations 

VSH_GR 𝑉𝑆𝐻_𝐺𝑅 =
𝐺𝑅 − 𝐺𝑅_𝑚𝑎

𝐺𝑅_𝑆𝐻 − 𝐺𝑅_𝑚𝑎
 

VSH_NS 
𝑁𝑃𝐻𝐼 = 𝑁𝑃𝐻𝐼_𝑚𝑎 ∗ (1 − 𝑉𝑆𝐻 − 𝑃𝐻𝐼𝐸) + 𝑁𝑃𝐻𝐼_𝑓 ∗ 𝑃𝐻𝐼𝐸 + 𝑁𝑃𝐻𝐼_𝑆𝐻 ∗ 𝑉𝑆𝐻 

𝐷𝑇 = 𝐷𝑇_𝑚𝑎 ∗ (1 − 𝑉𝑆𝐻 − 𝑃𝐻𝐼𝐸) + 𝐷𝑇_𝑓 ∗ 𝑃𝐻𝐼𝐸 + 𝐷𝑇_𝑆𝐻 ∗ 𝑉𝑆𝐻 

VSH_DN 
𝑅𝐻𝑂 = 𝑅𝐻𝑂𝑚𝑎 ∗ (1 − 𝑉𝑆𝐻 − 𝑃𝐻𝐼𝐸) + 𝑅𝐻𝑂_𝑓 ∗ 𝑃𝐻𝐼𝐸 + 𝑅𝐻𝑂_𝑆𝐻 ∗ 𝑉𝑆𝐻 

𝑁𝑃𝐻𝐼 = 𝑁𝑃𝐻𝐼_𝑚𝑎 ∗ (1 − 𝑉𝑆𝐻 − 𝑃𝐻𝐼𝐸) + 𝑁𝑃𝐻𝐼_𝑓 ∗ 𝑃𝐻𝐼𝐸 + 𝑁𝑃𝐻𝐼_𝑆𝐻 ∗ 𝑉𝑆𝐻 

VSH_DS 
𝑅𝐻𝑂 = 𝑅𝐻𝑂_𝑚𝑎 ∗ (1 − 𝑉𝑆𝐻 − 𝑃𝐻𝐼𝐸) + 𝑅𝐻𝑂_𝑓 ∗ 𝑃𝐻𝐼𝐸 + 𝑅𝐻𝑂_𝑆𝐻 ∗ 𝑉𝑆𝐻 

𝐷𝑇 = 𝐷𝑇_𝑚𝑎 ∗ (1 − 𝑉𝑆𝐻 − 𝑃𝐻𝐼𝐸) + 𝐷𝑇_𝑓 ∗ 𝑃𝐻𝐼𝐸 + 𝐷𝑇_𝑆𝐻 ∗ 𝑉𝑆𝐻 

 

CALI GR Density Neutron Resistivity PEF DTCO DTS DTST CMR Gas Shows MDT/XPT RCAL

NNM-1 * * * * * * * * * * * *

NNM-2 * * * * * * * * *

NNM-2_Hor * * * * * * * * *

NNM-3 * * * * * * * *

Banga-M1 * * * * * * *

Available Data (Nene Field)Well 

Number

* Available

Unavailable
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4.2.3 Porosity calculation 

The porosity is a measure of the rocks capacity to store fluids. Porosity is calculated as the pore volume 

of the rock divided by its bulk volume (Tiab and Donaldson, 2015). Total porosity defined as the ratio 

of the entire pore space in a rock to its bulk volume. A total porosity is calculated from Neutron, 

Density, and Sonic logs. Effective porosity is the total porosity less the fraction of the pore space 

occupied by shale or clay (Crain, 2019). An average of the used methods (PHIT_S and PHIT_ND), 

considered as the total porosity for each of the available wells. As an example, calculated total porosity 

and effective porosity for NNM-1, are illustrated in Figure 4.1. The equation related to each method 

presented in Table 4.4. 

Table 4.4: Applied methods in calculation of reservoirs porosity. 

Methods Equations 

PHIT_D ∅total =
𝜌𝑚𝑎 + 𝜌𝐵

𝜌𝑚𝑎 + 𝜌𝑓
 

PHIT_S ∅total =
∆𝑡 + ∆𝑡𝑚𝑎

∆𝑡𝑓 + ∆𝑡𝑚𝑎
 

PHIT_N Read the value directly from the log 

PHIT_ND ∅total = √
∅N

2  + ∅D
2

2
 

PHIE ∅𝑒𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 = ∅𝑡 × (1 − 𝑣𝑠ℎ) 

 

4.2.4 Reservoir Rock/Fluid Substitutions 

Reservoir lithology and fluid substitution (Oil/Water Saturation) had been determined by using 

available well logs (Gamma ray, Density, Neutron, Sonic, Resistivity) in the Geolog software’s multimin 

tab. Multimin (Multi Mineral and Multi Fluid analysis) is a rock and fluid modelling tool, which can be 

used to build a model of different minerals in the well (Geolog Users Guide, 2015). Results of this part 

are illustrated in the last two columns of Figure 4.3. 
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Figure 4.1: Calculated porosity, shale volume, fluids saturation, and minerals fractions for NNM-1. 

4.2.5 Depth Matching 

As in the coring process, there is usually some errors in the determined core depth and the actual 

depth, it is required to perform a depth matching step. For this purpose, the measured core data can 

be correlated with the available log data, in order to find the best match. In our case, core porosity 

data plotted against the obtained porosity log. By changing the core depth manually, it turns out that 

the core depth needs to be increased 254 cm. The process illustrated in Figure 4.2. 
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Figure 4.2. Core porosity plotted on log porosity data, used to perform depth matching. 

4.2.6 Rock Typing 

Porosity-permeability relationships in the framework of hydraulic flow units can be used to 

characterize heterogeneous reservoir rocks (Kadkhodaie-Ilkhchi and Amini, 2009). Hydraulic flow units 

(HFU) are defined as correlatable and mappable zones within a reservoir which control fluid flow 

(Ebanks, 1987). Each flow unit is characterized by a flow zone indicator (FZI), which can be understood 

in terms of the relationship between the volume of void space (ε), and the geometric distribution of 

pore space (Reservoir Quality Index, RQI) as follows (Amaefule et al., 1993): 

𝐿𝑜𝑔 𝑅𝑄𝐼 =  𝐿𝑜𝑔 𝐹𝑍𝐼 +  𝐿𝑜𝑔 𝜀 (1)                                                                                      (Equation 4.1) 

Where,  𝜀 =  𝜑 / 1 −  𝜑                                                                                                             (Equation 4.2) 

RQI and FZI can be calculated using the following equations (Kadkhodaei and Amini, 2009): 

After Depth 

Matching 

Before Depth 

Matching 
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𝑅𝑄𝐼 = 0.314 ∗ √
𝑘

𝜙
                                                                                                                       (Equation 4.3) 

𝐹𝑍𝐼 =  
𝑅𝑄𝐼 

ε
=  

0.314∗√
𝑘

𝜙

(
𝜙

1−𝜙
)

                                                                                                                (Equation 4.4) 

Where k is permeability in mD and φ is fractional porosity. Rocks with a narrow range of FZI values 

belong to a single hydraulic unit, i.e. they have similar flow properties (Prasad, 2003).  

By employing available core test permeability data, for wells NNM-1 and Banga-M1, the RQI, FZI, and 

HFU had been determined. A log–log plot of RQI versus normalized porosity is a primary tool for 

determining the flow unit numbers (Figures 4.3 and 4.4). Samples with similar FZI values lie close 

together on a straight line with a unit slope (Ghiasi-Freez et al., 2012).  

As another efficient method, also a Probability plot of Log FZI established (Figures 4.5 and 4.6). In this 

regard, six HFUs were distinguished. This is consistent with the results of the previous method, which 

indicated the reliability of the applied method. The range of Log FZI of each hydraulic flow units, are 

presented in Tables 4.5 and 4.6, for wells NNM-1 and Banga-M1, respectively. 

 

Figure 4.3: Log–log plot of RQI vs normalized porosity, illustrates numbers of flow units in NNM-1. 
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Figure 4.4: Log–log plot of RQI versus normalized porosity illustrates numbers of flow units in 

Banga-M1. 

 

Figure 4.5: Probability plot for calculated FZIs in NNM-1. According to the figure, six HFUs can be 

discriminated. 
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Figure 4.6: Probability plot for calculated FZIs in Banga-M1. According to the figure, six HFUs can 

be discriminated. 

Table 4.5:  Identified flow units and Log FZI values range for NNM-1. 

 

Table 4.6: Identified flow units and Log FZI values range for Banga-M1. 

 

  

HFU 1 Log FZI < -1.4

HFU 2 -1.4 < Log FZI < -1

HFU 3 -1 < Log FZI < -0.7

HFU 4 -0.7 < Log FZI < -0.45

HFU 5 -0.45 < Log FZI < 0.05

HFU 6  Log FZI > 0.05

HFU 1 Log FZI < -0.9

HFU 2 -0.9 < Log FZI < -0.7

HFU 3 -0.7 < Log FZI < -0.3

HFU 4 -0.3 < Log FZI < -0.15

HFU 5 -0.15 < Log FZI < 0.15

HFU 6  Log FZI > 0.15
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4.2.7 Permeability Estimation 

Permeability is one the main parameters, which will be used to identify electrofacies for available wells 

(Chapter five). As the NMR log and Stoneley wave velocity along with core permeability data are 

available for NNM-1, this well considered as the key well for permeability determination. By using rock 

typing results from the previous section, SDR and Timur-Coates equations, and Stoneley wave, several 

permeability logs been generated.  

By comparing the calculated permeabilites from each method with available core permeability data, 

it turns out that the generated permeability from plotting porosity/permeability by consideration of 

rock types, showing the best results. Afterward, by using this method, a permeability log was 

generated for each of the available wells. Figure 4.16 illustrates the results of each method, compared 

by core data. Following describes each method in detail. 

4.2.7.1 Permeability from Porosity-Permeability Relationship 

There are many methods were developed to estimate permeability based on the correlation between 

core porosity and permeability and sometimes water saturation (Alsinbili et al., 2013). In this study, 

the core permeability and porosity cross plots were produced for each flow unit and the relevant 

equations defined (Figure 4.7). 

After estimation of permeability log from the generated equations for each flow unit, the following 

equation generated as the general relationship between permeability and porosity log in non-cored 

wells: 

 𝐾 = 0.00004𝑒57.117∗𝑃𝐻𝐼𝐸                                                                                                       (Equation 4.5) 

Where K is permeability in mD and PHIE is effective porosity log. 
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Figure 4.7. Core porosity/permeability plot. The generated equations, regarding each flow unit, 

presented next to them. 

4.2.7.2 NMR Permeability 

The most important property of CMR measurement is the ability to record a continuous log of 

permeability. The Timur-Coates and Schlumberger Doll Research (SDR) equations were used to 

calculate formation permeability as follows (Tiab and Donaldson, 2015). 

The Schlumberger Doll Research (SDR) equation is represented as follow: 

 

𝐾 = 𝐶1 ∗ 𝑇2𝐿𝑀
𝑎1 ∗ 𝜑𝑁𝑀𝑅

𝑏1                                                                                                     (Equation 4.6) 

where: 

T2LM = logarithmic mean T2 

𝜑𝑁𝑀𝑅 = NMR porosity (V/V) 

C1, a1, b1 = coefficients 
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The Timur-Coates equation is represented as follow: 

𝐾 = 𝐶2 ∗ (
𝐹𝐹𝐼

𝐵𝑉𝐼
)

𝑎2

∗ 𝜑𝑁𝑀𝑅
𝑏2                                                                                                     (Equation 4.7) 

where: 

FFI = free-fluid volume 

BVI = bound volume irreducible 

𝜑𝑁𝑀𝑅= NMR porosity (p.u.) 

C2, a2, b2 = coefficients 

The coefficient values are commonly set so that c1=4, a1=2, b1 =4, c2 =1, a2 =2 and b2=4 (Trevizan et 

a., 2015). The coefficients c, a and b can also be adjusted to match core permeability data. Coefficients 

a and b are usually determined using NMR core analysis data. Because of differences between the 

laboratory and the wireline measurement, C, which is used to scale the estimate to units of 

millidarcies, is often “tweaked” for the log until there is a good match with core permeability. Figures 

4.8 and 4.9, illustrate the generated permeability versus log porosity for each method. 

 

Figure 4.8. KSDR permeability/porosity relationship, in well# NNM-1. 
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Figure 4.9: KTIM permeability/porosity relationship, in well# NNM-1. 

4.2.7.3 Stoneley Permeability 

Calculating Stoneley permeability index (KIST)  

KIST is calculated as the ratio of Stoneley slowness to Stoneley slowness in non-permeable zone as 

follows (Winkler and Johnson, 1989; Rastegarnia and Kadkhodaei, 2013). 

𝐾𝑖𝑠𝑡 =
𝐷𝑇𝑆𝑇

𝐷𝑇𝑆𝑇𝐸
                                                                                                                                   (Equation 4.8) 

Where KIST is the Stoneley permeability index (fractional, range = 0 to 1), DTST is the Stoneley wave 

slowness of formation, and DTSTE is the Stoneley wave slowness in non-permeable zone. By averaging 

the Stoneley wave slowness in non-permeable zones, DTSTE determined as 292 µs/ft for non-

permeable zones, in our study.  

Calculating Stoneley FZI 

Since fluid movement is a function of pore throat distribution, pore shape, and pore size, the Stoneley 

permeability index is a tortuosity index only. These factors can be combined in a concept called Flow 

Zone Index (FZI). Stoneley permeability index is a direct measurement of FZI.  

Since FZI approaches to zero when Stoneley permeability index approaches to 1 in non-permeable 

zones, and both of them approach to infinity when permeability approaches to infinity, then a simple 

relationship can be derived between FZI and Stoneley permeability index as following:  
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𝐹𝑍𝐼 =  𝐼𝑀𝐹 (𝐾𝑖𝑠𝑡 –  1)                                                                                                             (Equation 4.9) 

Where, FZI = Flow Zone Index, IMF = Index Match Factor, and Kist = Permeability Index. 

Since the grain modulus has an effect on Stoneley slowness, the IMF can be computed as follows:  

𝐼𝑀𝐹 =  𝛴 (𝐼𝑀𝐹𝑖 𝑉𝑖)                                                                                                                 (Equation 4.10) 

Where, IMF = Index Match Factor, IMFi = Each Mineral IMF, Vi = Each Mineral Probabilistic Volume 

(ft3/ft3). 

IMF is computed by summing the volume weighted IMF for each individual mineral in the model. Using 

equation 4.10, we calculated the index matching factor for different depths so that the best match is 

achieved between the core permeability and permeability index. 

Calculating Stoneley Permeability   

 

After conversion of KIST to FZI, the following equation was used to estimate KST-FZI stoneley 

permeability by using effective porosity and FZI with the following equations (Winkler and Johnson, 

1989):  

𝑘 =  1014 ∗  𝐹𝑍𝐼2 ∗  (𝜙𝑒3 /(1 −  𝜙𝑒)2)                                                                         (Equation 4.11) 

Where; K = Permeability (md), 𝜙𝑒 = Effective Porosity (v/v), and FZI = Flow Zone Index. 

Finally, the results of permeability estimation, from all the methods, are compared in figure 4.10. 
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Figure 4.10: Generated permeability logs from each method, compared by core permeability. 

4.2.8 Pore Structure Investigation 

Using the available data, including conventional well logs, NMR log data, and generated permeability 

logs, we tried to find some of the reservoir pores properties. These properties include pore type, pore 

size, and capillary pressure parameters. The following describes the procedure to achieve each 

parameter. 

4.2.8.1 Pore Type 

Reservoir pore types can be classified into three categories by generating Velocity Deviation Log (VDL). 

VDL is a synthetic log used to determine pore types in reservoir rocks based on a combination of the 

sonic log with neutron-density logs. The log can be used to trace the downhole distribution of 

diagenetic processes and to estimate trends in permeability (Anselmetti and Eberli, 1999).  
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The following equation can be used to compute VDL: 

𝑉𝐷𝐿 = 𝑉𝑑𝑡 − 𝑉𝑅𝑜𝑐𝑘 =
1

𝑑𝑡
− [

1−𝜑

𝑉𝑀𝑎𝑡𝑟𝑖𝑥
+

𝜑

𝑉𝐹𝑙𝑢𝑖𝑑
]                                                                          (Equation 4.12) 

Where 𝑑𝑡 is the sonic log measurement and 𝜑 is Neutron-Density porosity.  

The final results would be interpreted as one of the following classes (Kosari et al., 2015): 

1. Class I (VDL > +500𝜇𝑠−1): indicates intraparticle and moldic or vug pore types. 

2. Class II (VDL = ±500𝜇𝑠−1): indicates microporosity, interparticle and intercrystalline pore types. 

3. Class III (VDL < −500𝜇𝑠−1): indicates fracture pore type. 

Figure 4.11: Computed Velocity Deviation Log for NNM-1. 

After calculation of VDL for the available wells, the pore types mostly categorized as interparticle type 

and in depths with higher quantity of quartz mineral, fracture pore type can be seen (Figure 4.11). As 

the studied field is a siliciy-clastic reservoir, no vugy or moldic pore type was observed. 

4.2.8.2 Pores Size  

Pore throat size can be calculated by using Winland R35 method (Kolodzie, 1980). The equation is 

follows: 

𝐿𝑜𝑔 (𝑅35)  =  0.732 +  0.588𝐿𝑜𝑔 (𝐾) –  0.864𝐿𝑜𝑔 (Φ)                                       (Equation 4.13) 

Class I 

Class II 

Class III 
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Where; 

K: core permeability (md) 

Φ: core porosity (% or dec) 

R: pore throat size (micron) 

By using the mentioned method, pore size distribution for the five available wells were calculated. As 

an example, in Figure 4.12, the calculated pore size values for well NNM-1 is illustrated. 

 

Figure 4.12: Calculated pore size for NNM-1. 

4.2.8.3 Capillary Pressure  

By employing NMR log data, the capillary pressure can be calculated as follow (Altunbay et al., 2001): 

 𝐾 = 𝑃𝑐/𝑇2−1                                                                                                                             (Equation 4.14) 

Where, K=3 psi and T2 come as a logarithmic mean (T2LM). 

This formula, however, works in a situation that pores are saturated fully with water (SW=1). At the 

presence of hydrocarbons, a Pseudo_T2 needed to be calculated, as follow (Geolog user’s guide, 

2014): 

𝑇2𝐿𝑀𝑃 = 10
(0.772∗(𝑙𝑜𝑔10(

1−𝑆𝑊𝑖𝑟𝑟
𝑆𝑊𝑖𝑟𝑟

)+𝑆𝑐𝑎𝑙𝑎𝑟))
                                                                              (Equation 4.15) 
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Where, Scalar is defaulted to 1.5 and SWirr is the irreducible water saturation. As the NMR log data 

was available for well NNM-1, the capillary pressure for the well calculated, which is illustrated in 

Figure 4.13. 

Figure 4.13: Calculated capillary pressure from NMR log data, in an interval of NNM-1. 

4.3 Geomechanical Analysis 

4.3.1 Introduction 

Knowing rock mechanical properties (Young’s modulus, Poisson’s ratio, shear modulus, bulk modulus, 

etc.) is an essential task in overall lifecycle of oil and gas fields. These rock elastic properties play a 

vital role in geomechanical applications, especially in hydraulic fracturing, well-bore stability analysis, 

casing design, and sand production (Ranjbar et al., 2014). However, calculation of these parameters is 

one of the problems that petroleum geologists and engineers are always facing.  

Rock elastic properties can be obtained in two different manners: laboratory tests, which allow 

measurements of strength parameters and elastic behaviour with core plugs and downhole 

measurements using compressional and shear velocities which are called static and dynamic moduli, 
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respectively (Tiab and Donaldson, 2003; Mavko et al., 2009). In Table 4.7, the calculated 

geomechanical parameters for Nene field and the used formulae are summarized. 

Table 4.7: Summary of the geomechanical parameters analysis and used equations, for each section. 

Geomechanical 

Parameters 
Equations References 

Overburden Pressure 

Pressure Gradient 

Pore Pressure (Theory) 

Effective pressure 

phi_Theory 

PP_computed 

OverPressure 

Mud density 

Normal Pressure 

Matrix stress 

σhmin 

σhmax 

Fracture pressure (min) 

Fracture pressure (max) 

= (Density ∗ 1000) ∗ 9.8 ∗ (Depth) ∗ 0.000145037738 

= Overburden Pressure/(Depth ∗ 3.28084) 

= (1 ∗ 1000) ∗ 9.8 ∗ Depth ∗ 0.000145037738 

= Overburden Pressure − Pore Pressure 

= 0.4 ∗ 10^(−0.0002 ∗  Effective pressure) 

= Over Pre − (1/0.0002) ∗ 𝐿𝑁(0.4/𝜑𝑇ℎ𝑒𝑜𝑟𝑦) 

= (PP_computed –  Pore Pressure) 

= Pressure Gradient/0.052 

= 0.433 ∗ (Depth ∗ 3.28084) 

= Overburden Pressure − Pore Pressure 

= Matrix stress/3 

= Matrix stress/2 

= (Overburden Pressure + (2 ∗ Pore Pressure))/3 

= (Overburden Pressure +  Pore Pressure)/2 

Zoback (2007); 

 

Samuel (2010) 

 

Young’s modulus (E) 

Poisson’s Ratio (υ) 

Bulk modulus (K) 

Shear modulus (G) 

Pwave modulus (M) 

Brittleness Indicator (BI) 

= 𝜌 ∗ 𝐷𝑇𝑆^2 ∗ ((3 ∗ 𝐷𝑇𝐶^2) − (4 ∗ 𝐷𝑇𝑆^2))/((𝐷𝑇𝐶^2) − (𝐷𝑇𝑆^2)) 

= ((𝐷𝑇𝐶^2) − (2 ∗ (𝐷𝑇𝑆^2)))/(2 ∗ ((𝐷𝑇𝐶^2) − (𝐷𝑇𝑆^2))) 

= 𝜌 ∗ (𝐷𝑇𝐶^2) − (4 ∗ 𝑅𝐻𝑂 ∗ (𝐷𝑇𝑆^2)/3) 

= 𝜌 ∗ (𝐷𝑇𝑆^2) 

= 𝜌 ∗ (𝐷𝑇𝐶^2) 

=  𝐸 ∗ ( 𝜐 /((1 +  𝜐) ∗ (1 − (2 ∗  𝜐)))) 

Zoback (2007); 

 

Kosari et al. 

(2015) 

Dynamic Young Modulus 

into Static (Es) 
= 0.74 ∗ 𝐸𝑑 − 0.82 

Eissa and Kazi 

(1988) 

UCS 

Tensile Strength 

Internal Friction angle (𝜱) 

= (2.28 + (4.1089 ∗ 𝐸𝑆)) 

= 0.08 ∗ 𝑈𝐶𝑆 

= 57.8 − 105 ∗ 𝜑 

Chang and 

Johnson (2006);  

 

Weingarten and 

Perkins (1995) 
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4.3.2 Pressure Analysis 

In this section, our main input data are Density (RHOB) and Compressional wave velocity (DTC) well 

logs. The overburden pressure can be calculated as: 

 𝑃 = 𝑅ℎ𝑜 ∗ 𝑔 ∗ ℎ                                                                                                              (Equation 4.16) 

Where, 𝜌 is the average density measured until that depth. 

The studied field is an offshore with a water depth of 28 m. Therefore, we considered 1 g/cm3 as the 

water density for the first 28 m. Density log is available from 665 m downward. For the depth without 

data (28-665), a density of 2.3 g/cm3 considered as the default density. Other parameters, being 

calculated by using the equations, cited in Table 4.7. The results of pressure analysis in well# NNM-1, 

is illustrated in figure 4.14. 

Figure 4.14: Pressure analysis results in NNM-1. 

The following parameters obtained by using mud density and sonic log data, in Geolog 7.4 software. 

Fracture pressure, which is the Injecting fluids with a pressure higher than that produces hydraulic 

fractures. Formation pressure, is the pressure of fluids within the pores of a reservoir. 
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Normal pressure is the pore pressure of rocks that is considered normal in areas in which the change 

in pressure per unit of depth is equivalent to hydrostatic pressure (Schlumberger glossary, 2019).  

4.3.3 Rock Elastic Parameters 

 Fairhurst (1963) defines rock mechanics as “the fields of study devoted to understanding the basic 

processes of rock deformation and their technological significance”. The importance of this 

deformation process is very high for petroleum engineers. For example, in exploration phase knowing 

the mechanical behaviour of underground formations is an important tool to avoiding borehole 

instability. In order to predict the solid production and hydraulic fracturing, it is necessary to know the 

rock elastic properties of the reservoir rocks.  

The main elastic constants are Young’s modulus and Poisson’s ratio that are defined as ratio of stress 

to strain and ratio of lateral expansion to longitudinal diminution of a rock under a tensile or 

compressive force, respectively (Howard, 1970). Shear modulus, also known as the modulus of rigidity, 

represents the amount of sample’s resistance against shear deformation. Another important elastic 

modulus, which is defined as the ratio of hydrostatic stress relative to the volumetric strain, is the bulk 

modulus (Fjaer et al., 2008). Shear and bulk modulus have very important role in sand production 

analysis.  

Rock elastic properties can be obtained from two different sources including direct measurements of 

elastic behaviour with recovered cores (static) and determination of the elastic constants using sonic 

wave velocities and density values from well logs (dynamic).  

By using 𝑉𝑝, 𝑉𝑠 and 𝜌, dynamic elastic parameters were calculated from the following equations: 

𝐸𝑑 = 𝜌𝑉𝑠
2 3𝑉𝑠

2−4𝑉𝑠
2

𝑉𝑝
2−𝑉𝑠

2                                                                                                              (Equation 4.17) 

𝜐𝑑 =
𝑉𝑝

2−2𝑉𝑠
2

2(𝑉𝑝
2−𝑉𝑠

2)
                                                                                                                     (Equation 4.18) 

𝐾𝑑 = 𝜌𝑉𝑝
2 −

4

3
𝜌𝑉𝑠

2                                                                                                            (Equation 4.19) 
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𝐺𝑑 = 𝜌𝑉𝑠
2                                                                                                                            (Equation 4.20) 

𝐵𝐼 = 𝑌 ∗
𝑃𝑅

((1+𝑃𝑅)∗(1−2∗𝑃𝑅))
                                                                                               (Equation 4.21) 

𝑀 = 𝜌𝑉𝑃
2                                                                                                                             (Equation 4.22) 

Where 𝐸𝑑  is dynamic Young’s modulus in Gpa, r is bulk density in gr/cm, Vs is shear wave velocity in 

km/s, Vp is compressional wave velocity in km/s, 𝜐𝑑 is dynamic Poisson’s ratio (unitless), 𝐾𝑑 is dynamic 

Bulk modulus, 𝐺𝑑  is dynamic shear modulus, BI is Brittleness Indicator, and M is Pwave modulus. In 

Figure 4.15, for example, calculated Young’s modulus, Poisson’s Ratio, and Brittleness Indicator for 

well#NNM-1 are illustrated. 

 

Figure 4.15: Various rock elastic parameters calculated for well#NNM1. 
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4.3.4 Static Young's Modulus  

Because of small strain range at the well site, static mechanical parameters are always smaller than 

the dynamic values (Ranjbar, 2014). The difference between dynamic (well log) mechanical values and 

static (lab) values can be quite large. What makes this worse is that fracture design software has been 

calibrated to static (lab derived) values, so dynamic data has to be transformed to equivalent static 

numbers. 

Advantages of the dynamic values including being non-destructive, more cost effective, time efficient 

and covering much more the reservoir intervals make this method an economic method between 

reservoir engineers between reservoir engineers. 

For converting the well log acquired Young’s modulus into static values, many equations are proposed. 

In our study, we investigated 5 different equations which was proposed for various lithologies. Among 

the examined equations, only the following formula, which was proposed by Eissa (1988), showed 

better physical meaning for the calculated static young’s modulu; therefore, it was chosen for the 

future calculations. 

𝐸𝑠 = 0.74 ∗ 𝐸𝑑 − 0.82                                                                                                                  (Equation 4.23) 

Where, 𝐸𝑠 is static Young modulus and 𝐸𝑑 is dynamic Young modulus. 

4.3.5 Rock Strength Parameters 

By using developed equations, we can obtain the unconfined compressive strength (UCS), Tensile 

strength, and Internal Friction angle, as the main rock strength parameters. The following, provide a 

brief description for each parameter. 

4.3.5.1 Unconfined Compressive Strength (UCS) 

The unconfined compressive strength (UCS) is the maximum axial compressive stress that a right-

cylindrical sample of material can withstand under unconfined conditions. 
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The table below shows various empirical equations between UCS and rock mechanical parameters in 

sandstones. We used the Bradford (1988) relationship for computation of UCS (see Table 4.8). 

Empirical relationships between unconfined compressive strength (UCS) and other physical properties in 
sandstone 

Eq. no. UCS (MPa) Region where 
developed 

General comments Reference 

1 0.035Vp−31.5 Thuringia, 
Germany 

 ----------------------------------------- Freyburg 
(1972) 

2 1200exp(−0.036Δt) Bowen Basin, 
Australia 

Fine grained, both  consolidated 
and unconsolidated sandstones 
with all porosity range 

McNally 
(1987) 
 

3 1.4138× 107 Δt-3 Gulf Coast Weak and unconsolidated 
sandstones 

McNally (1987 

4 3.3 × 10−20ρ2 Vp4 [(1 
+ν)/(1−ν)]2 
(1−2ν) [1 + 0.78Vclay] 

Gulf Coast  Applicable to sandstones with 
UCS>30 MPa 

Fjaer et al. 
(1992) 

5 1.745× 10−9 ρV2p-21 
 

Cook Inlet Alaska Coarse grained sandstones and 
conglomerates 

Moos et al. 
(1999) 

6 42.1exp(1.9× 10−11 ρVp2 Australia  Consolidated sandstones with 
0.05<ϕ>0.12 and UCS>80 MPa 

Moos et al. 
(1999) 

7 3.87exp(1.14 × 10−10 
ρVp2 ) 

Gulf of Mexico ----------------------------------------- Moos et al. 
(1999) 

8 46.2exp(0.027E) --------------------- -------------------------------------- Moos et al. 
(1999) 

9 2.28 + 4.1089E Worldwide -------------------------------------- Bradford et al. 
(1998) 

10 254 (1−2.7ϕ)2 Sedimentary 
basins Worldwide 

 
Very clean, well-consolidated 
sandstones with ϕ>0.3 

Vernik et al. 
(1993) 

11 277exp(−10ϕ) -------------------- Sandstones with  <UCS<360MPa 
and 0.002<ϕ<0.33 

Vernik et al. 
(1993) 

 

4.3.5.2 Tensile Strength 

Tensile strength is the maximum strength of the material when tension is applied, usually at the 

moment when the material fails completely. 

The tensile strength (St) obtained from  UCS by the following formula (Crain, 2019): 

𝑆𝑡 =  𝑎 ∗  𝑈𝐶𝑆                                                                                                                              (Equation 4.24) 

Where St is the tensile strength (psi) and 𝑎 is a coefficient between 0.08 to 0.10. 
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4.3.5.3 Internal Friction Angel (Φ) 

The angle of internal friction is another strength parameter necessary to estimate rock strength at 

depth. The effect of uncertainty in the Φ value in estimating rock strength is not as significant as 

uncertainty in the UCS value. The Internal Friction angel computed by using the following equation, 

proposed by Weingarten and Perkins (1995) for Sandstones. 

𝛷 =  57.8 − 105 φ                                                                                                                 (Equation 4.25) 

Where, φ is the rock porosity. 

4.4 Sweet Spots Identification 

4.4.1 Introduction 

In this study, a novel method was used. Initially, by using main petrophysical parameters an 

electrofacies model was designed. Six different rock types considered for the Djeno reservoir, as was 

previously determined using core data. In the next step, by employing neural network classification 

method, which is supervised by the elecrofacies model, several new parameters are added to the 

procedure. The final results were compared with mobility parameter, which measured by Modular 
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Dynamics Formation Tester (MDT). After getting a suitable correlation, the results had been used to 

build the 3D model of sweet spots, in the structural framework of Nene field. The workflow is 

schematically illustrated in Figure 4.16 and discussed below in detail. 

Figure 4.16: Designed workflow for sweet spots identification and 3D modeling. 

4.4.2 Initial Electrofacies Modeling (Initial EFAC) 

Regarding the rock typing results from core data, 6 different rock types considered for the Djeno 

reservoir. Effective Porosity (PHIE), Permeability (K), Effective Water Saturation (SWE), and Shale 

Volume (VSH) were the input data for training the Electrofacies model. Figure 4.17 shows the 

histograms of input data and Figure 4.18 illustrates the input data cross-plots. Effective porosity (PHIE) 

and permeability (K) which define main rock quality have a high correlation with productive zone 

unlike water saturation (SWE) and shale volume (VSH) which indicating unproductive zones. As it can 

be seen, the input data show a normal distribution. In addition, based on Figure 4.18, the input data 

mostly show a low correlation, which means they contain some information that the other input data 

are not presenting (Geolog Users Guide, 2015). After removing the out-layer data, Multi-Resolution 

Graph-Based Clustering (MRGC) used as the method for clustering the input data. After performing 

the clustering method, a total number of six Electrofacies are defined, in a way that Facies_1 shows 

the lowest reservoir rock quality and Facies_6 shows the highest rock quality, (see Figure 4.19). Table 

4.9 shows the mean value of the input data for each of the defined Electrofacies. 
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Figure 4.17: Histograms showing the distribution of input data. 
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Figure 4.18: Cross-plots of used input data for electrofacies modeling. 

Figure 4.19: Defined electrofacieses. Facies_1 showing the lowest rock quality and Facies_6 shows 

the highest quality. 

Table 4.9: Mean values of the input data in each electrofacies. 
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4.4.3 Final Electrofacies Modeling (Final EFAC) 

Besides of the primary parameters that used in the first step, Total Organic Carbon (TOC), Young’s 

Modulus (E), Poisson’s Ratio (PR), Brittleness Indicator (BI), Pore Size, Pore Type, and Pressure data 

also were used, in order to improve the initial model. An Artificial Neural Network (ANN) algorithm, 

which been Supervised by the initial EFAC, used as the classification method in this step. 

As it seen in Tables 4.10 and 4.11, among the available data, Pressure parameter (measured by MDT) 

shows a low correlation with the other parameters, therefore it been removed from the modeling 

process. As an example, Figure 4.20 shows the effective porosity map at the top of “Upper DjenoTop 

A” horizon along with wells position and reservoir coordination. Also, the 2D maps of all the 

parameters are show in Figures 4.21 and 4.22, which presenting top of the “Upper DjenoTop A” and 

“Middle Djeno”, respectively. As  will be discussed in next sections, these two horizons showing top 

of the best zones in the field. Final results of sweet spot modelling for all of the available wells in Nene 

field are shown in Figure 4.23.  

The well# NNM2-Hor is a horizontal well and it wasn’t possible to show it along the other wells, in 

Figure 4.23, completely. The complete Well track of NNM2-Hor is shown separately in Figure 4.24. 

Table 4.10: Linear correlation coefficients (Pearson’s coefficients) 
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Table 4.11: Non-linear correlation coefficients (Spearman’s coefficients). 

 

Figure 4.20: Effective porosity map along with wells position, at the top of “Upper DjenoTop  A”. 
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Figure 4.21: 2D maps of the used parameters and the modeled Sweet Spot, in “Upper DjenoTop  A”. 
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Figure 4.22: 2D maps of the used parameters and the modeled Sweet Spot, in “Middle Djeno”. 
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Figure 4.23: Final results of sweet spot modeling for all of the available wells in Nene field. 

Figure 4.24: Sweet spots model in the well# NNM2-Hor. 
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4.4.4 Validation of The Final EFAC, Using Mobility Data 

Mobility data, from Modular Dynamics Formation Tester (MDT), which is permeability divided by 

viscosity, was available for wells# NNM-1, NNM-2, and NNM-3. It’s a logarithmic parameter which 

quantifies the fluid movability in the subject reservoir, as milidarcy/centipoise. It is expected that the 

higher quality rock types accompany with higher mobility measurements. 

Figure 4.25 illustrates the available Mobility data along with the modelled sweet spots for the 

mentioned wells. The rock types 5 and 6 that show the higher quality reservoir rocks, are frequently 

accompany with higher mobility values. On the other hand, low quality depths (rock types 1,2, and 3), 

are linked with low mobility values (mostly below 0.1 md/cp). The main thicknesses with high quality, 

lies in two main zones: “Upper DjenoTop A - Upper DjenoBottom A” and “Middle Djeno - Middle Djeno 

B” 

 

Figure 4.25: Correlation of modeled sweet spots with Mobility data
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Chapter 5:  

Sweet Spot Modeling and Hydraulic Fracturing Analysis 

5.1 Introduction 

In this chapter, the workflow for creating the reservoir 3D model will be fully described. The existing 

1D sweet spot model (from chapter 4) will be populated within the 3D structural model. Afterward, 

quality of the 3D sweet spot model will be validated using a well which was not used in the modeling 

process. Also, production analysis and the optimum hydraulic fracturing for the reservoir will be 

presented. 

5.2 Reservoir 3D Modeling Workflow 

The main steps for building a 3D static model of petroleum reservoirs, using petrel software, are 

illustrated in Figure 5.1. These steps can be categorized into three main steps, which will be described 

in the following subsections: 

1. Data importing: 

• Input data and quality check 

• Well correlation 

2. Structural modelling: 

• Fault Modeling 

• Pillar gridding 

• Layering 

3. Property modelling: 

• Scale up well logs 

• Petrophysical modelling  

• Facies modeling 
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Figure 5.1: Main steps of reservoir 3D modeling in Petrel software. 

 

5.3 Data importing 

5.3.1 Input Data and Quality Check 

As the first step, the available data, of any kind, will be imported into the software. This includes the 

available well heads data, structural surfaces (Horizons and Faults), well logs, and the 1D sweet spots 

data from chapter 4, (EFAC). Available wellhead data, for example, illustrated in Figure 5.2. The 

imported data, afterward, will be automatically normalized by the software, to be properly used in 

the next steps. As an example, the effective porosity (PHIE) data from the well #NNM-1 is represented 

in Figure 5.3, which showing a normal distribution. 

Figure 5.2: Imported well head data for the studied field. 
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Figure 5.3: Normalized distribution of PHIE in well #NNM-1. 

5.3.2 Well Correlation 

Well correlation has been applied as a relatively easy method to give an idea about the wells and allow 

a simple visualization of thickness changes, within Djeno units. The Gamma ray log is commonly used 

for well correlation. Figure 5.4 shows the Gamma Ray (GR) response in all of the available wells, within 

the reservoir, compared together. 

Figure 5.4: Gamma ray response of the various units of Djeno reservoir in each well. 



Chapter 6: Applying Machine Learning Techniques 
P a g e  | 131 

131 
 

5.4 Structural Modeling 

Structural modelling consists of fault modelling, pillar gridding, and vertical layering. All three options 

are tied together into one single three-dimensional grid. The structural model represents a skeleton 

of the study area from which all other models are built. 

Within the structural and reservoir framework, the general architecture of the reservoir will be 

determined. This is the stage at which large scale structures are determined. The depositional and 

geostatistical framework will address the facies distribution and petrophysical information. Seismic 

surfaces data is used to determine the top/bottom of each layer and the location of fault blocks. Also, 

well tops data used to local Pillar gridding is the first step in building a geological model in Petrel in 

the traditional modeling workflow. 

The way the Corner point gridding process is performed is unique in Petrel. We should consider 

creating a fault model, pillar gridding, and make horizons in the grid as one stage in the model building 

process. Pillar gridding is heavily dependent upon a high-quality fault model and many of the problems 

that can occur in the pillar gridding stage are not apparent until horizons are built within the grid 

(Petrel user’s manual, 2019). 

5.4.1 Fault Modeling 

In this step, faults are modelled from their inputs into individual smoothed surfaces. Each one is bound 

by a tip loop which represents the edge of the fault. This tip loop edge is computed from the input 

fault interpretation with an optional amount of extrapolation, which allows each fault to be modelled 

at or beyond its initial interpretation (Petrel user’s manual, 2019). In a 3D model, the fault surfaces 

can be considered as the boundaries of the structural model. 

In the studied field, there are 3 fault surfaces available, which are used in the structural modeling, as 

shown in figure 5.5. 
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Figure 5.5: Fault surfaces in Nene Marine field, after fault modeling process. 

5.4.2 Pillar Gridding 

Pillar gridding is the process of generating the grid, which represents the base of all modeling. The 

skeleton is a grid consisting of top, mid, and base skeleton grids. The result from pillar gridding is the 

main skeleton in top, mid and base skeletons, as shown in figure5.6.  

Figure 5.6: Constucted skeleton for the structural 3D model of Nene Marine field. 
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5.4.3 Layering 

The next step in structural modeling is to insert the stratigraphic horizons into the pillar grid, honoring 

the grid increment and the faults. “Make horizons” process step was used in defining the vertical 

layering of the 3D grid in Petrel. This present a true 3D approach in the generation of 2D surface, which 

was gridded in the same process, taking the relationships between the surfaces into account. Figure 

5.7 represents the 9 horizons of the Djeno reservoir. 

Figure 5.7: The main horizons of Nene Marine field. 

This step, also, involves building of stratigraphic horizons, zones, and layers into the 3D grid. The 

horizons were defined from seismic surfaces and used as the input data. Zonation is the process of 

creating the different zones of the reservoir from the surfaces. Layering is defined as the internal 

layering reflecting the geological deposition of a specific zone. Layers sub-divide the grid between the 

zone-related horizons. Each layer, also, can be divided into several sub-zones. Figure 5.8 shows the 

final structural 3D model, after performing all of the necessary steps. 
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Layering within the models was done with the following hierarchy: 

1. Division between horizons (8 zones among 9 horizones).  

2. Subdivision of the zones into sub-zones, based on minimum vertical thickness of the key 

lithofacies in the wells (Table 5.1).  

Figure 5.8: The final structural model of Nene Marine field. 

The next step in building the structural framework is to define the thickness and orientation of the 

layers between horizons of the 3D Grid. These layers in conjunction with the pillars define the cells of 

the 3D Grid that are assigned attributes during property modelling. Modern geology requires accurate 

representation of layered volumes. Three-dimensional (3-D) geologic models are increasingly the best 

method to constrain geology at depth. Each Djeno unit in the field has been divided into many layers 

depending on the thickness and petrophysical properties. For example, Zone G (between Middle 

Djeno and Middle Djeno B horizons) is divided into 64 sub-zones, as it is the thickest zone among the 

others and, also, it has a high petrophysical heterogeneity. While, Zone C (Between “Upper Djeno-

Bottom A” and “Upper Djeno-Top B” horizons) does not contain any subzone, due to its very narrow 

thickness and its lithology, which only consists of shale (Table 5.1).  
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Table 5.1. Defined zones and subzones for the model. 

Name Interval Subzones 

Zone A Upper Djeno - Upper DjenoTop  A 3 

Zone B Upper DjenoTop  A - Upper DjenoBottom A 8 

Zone C Upper DjenoBottom A - Upper DjenoTop  B 1 

Zone D Upper DjenoTop  B - Upper Djeno.3 8 

Zone E Upper Djeno.3 - Bottom Upper Djeno 14 

Zone F Bottom Upper Djeno - Middle Djeno 1 

Zone G Middle Djeno - Middle Djeno B 64 

Zone H Middle Djeno B - Lower Djeno 14 

 

5.5 Property Modeling 

Property modeling is the process of filling the cells of the grid with petrophysical properties. The layer 

geometry given to the grid during the layering process follows the geological layering of the model 

area. These processes are therefore dependent on the geometry of the existing grid. When 

interpolating between data points, Petrel software propagates property values along the grid layers. 

Property modeling used for modeling in Petrel is divided into two separate processes:  

1. Petrophysical Modeling: Interpolation of continuous data such as permeability. The purpose of 

property modeling is to distribute properties between the wells such that it realistically preserves 

the reservoir heterogeneity and matches the well data. 

2. Facies Modeling: Interpolation of discrete data such as facies. 
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5.5.1 Upscaling of input Data 

The process of input data upscaling, averages the values to the cells in the 3D grid that are penetrated 

by the wells. Each cell gets one value per up scaled log. These cells are later used as a starting point 

for property modelling (Petrel user’s manual, 2019). When modelling petrophysical properties, a 3D 

grid cell structure is used to represent the volume of the zone. The cell thickness will normally be 

larger than the sample density for well logs. As a result, the well logs must be scaled up to the 

resolution of the 3D grid before any modelling based on well logs can be done. This process is also 

called blocking of well logs. There are many statistical methods used to scale up such as (arithmetic, 

harmonic, and geometric method). The porosity, Shale volume, water saturation, permeability, etc., 

in the current model, have been scaled up using the (arithmetic average). Figure 5.9, as an example, 

shows the Effective Porosity (PHIE) log, before and after scaling up, for well# NNM-1. 

Figure 5.9: Effective Porosity, before and after upscaling, in well# NNM-1. 
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5.5.2 Petrophysical Modelling 

Petrophysical property modelling is the process of assigning petrophysical property values to each cell 

of the 3D grid. Petrel offers several algorithms for modelling the distribution of petrophysical 

properties in a reservoir model. Petrophysics model was built using geostatistical methods. 

Petrophysical models, such as PHIE, Water saturation, Permeability, etc., were built depending on the 

results of Petrophysical values. Gaussian Random Function Simulation (GRFS) algorithm was used as a 

statistical method to estimate the values for cells between the wells. Results of petrophysical models 

were shown in section 4.4 (Figures 4.23 and 4.27). Although, the method that can be used to make a 

3D model of sweet spot distribution is facies modeling, which will be described at the following 

subsection. 

5.5.3 Facies Modeling 

The main process in our study, in order to create a 3D model of sweet spot distribution, is facies 

modeling. Facies modeling is a means of distributing discrete facies throughout the model grid. The 

process involves many different facies modeling approach such as Object Modeling – mostly used for 

facies modeling to populate discrete facies models with different bodies of various geometry, facies 

code and fraction.  

In this study, six fundamental facies types were defined in the Nené Marine field, as sweet spots 

model, which were described in section 4.4. Here, those results were used and populated to create 

the 3D model of sweet spots in Nene Marine field. The following section, describes the process of 

sweet spot 3D modeling, in the studied field. 

5.6 Sweet Spot 3D Modeling 

By finding a strong correlation, between modelled EFAC and Mobility measurements, it is time to 

distribute the defined sweet spots, three dimensionally. In other words, the results at each 1D well 

should be propagated in a way that each cell between these wells, take a value. For this purpose, 

Sequential Indicator Simulation method from the facies modeling tab of Petrel software had been 
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used. Sequential indicator simulation is a stochastic modeling technique where the result depends on 

(Petrel user’s manual, 2019): 

• Upscaled well log data; 

• Defined variogram; 

• Frequency distribution of upscaled data points; 

• Trends in 1D, 2D, or 3D. 

As described in section 5.4.3, a total number of 8 zones and 113 subzones, defined for the model 

(Table 5.1). More subzones will help to model thick layers with a higher accuracy. For each layer, facies 

modeling was performed separately to enhance the 3D model. In addition, as a post-process step, the 

facies grid was smoothed by using a distance weighted algorithm, so the upscaled cells match better 

with the neighbour cells. 

With After investigation of the results, it turns out that among the defined zones, zone B and zone G 

have the potential to be considered as the main sweet reservoir layers at the studied field. Figure 5.10. 

illustrates 3D modelled sweet spots at the studied field (A). 

Figure 5.10: 3D modeled sweet spots of the studied field (A); an intersection with a dip of 10° (B). 
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5.6.1 Validation of the Sweet Spot 3D Model 

As a final step, the 3D model was checked to see if it agrees with the real calculation. For this purpose, 

the well# NNM-2 that was kept out of the 3D modeling process, now it can be used for validation of 

the model. Figure 5.11 shows the real calculation of sweet spot for well# NNM-2, compared with the 

values from the model, in well location. 

 

 

Figure 5.11. Correlation of the modeled sweet spots and the real calculation for well #NNM-2. The 

left track shows the predicted model and the right track is the real model calculated from well 

logs.  

Best  Reservoir  

Very Good Reservoir  

Good  Reservoir  

Moderate  Reservoir  

Poor Reservoir  

Bad  Reservoir  
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Figure 5.11 shows results of the sweet spot mapping. As it can be seen, it harmonize well with the real 

model calculated from well logs (right track). However, in some depths e.g. around 2330m, “Best” 

region is mainly matched to “Bad” and show disagreement. In overall, a correlation coefficient of 0.55 

can be seen between them. 
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5.7 Production Analysis  

In order to target productive zones that were identified by our sweet spot mapping technique in 

chapter 3 & 4 and validate the results, production performance  analysis was conducted. 

The overall workflow for production analysis followed as below: 

I. Design hydraulic fracture in Mfrac software; 

II. Determine optimum fracture parameters such as fracture length, height, width and 

dimensionless fracture conductivity (Cfd) in MFrac; 

III. Create vertical fracture in Reveal/Petrel using Mfrac outputs; 

IV. History match the vertical well performance in Reveal/Petrel; 

V. Develop well trajectories; 

VI. Model multistage hydraulic fractures stimulations; 

VII. Generate production forecasts based on reservoir classification targeting poor, good, and best 

reservoir; 

VIII. Comparing the well performance results. 

5.7.1 Fracture Design   

The first step for simulate hydraulic fracturing modelling was to design a vertical fracture by using 

MFrac software. This stimulation model maximizes the value of your frac job by helping you target 

your most productive zones with the most effective fracture treatments for your formation. 

Therefore, the following geomechanical and petrophysical parameters were used as inputs data to 

generate optimum fracture parameters such as fracture, length, width, height and dimensionless 

fracture conductivity (Cfd), (see Table 5.2). 
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Table 5.2: Inputs (geomechanical and petrophysical parameters) and output results from Mfrac. 

Hydraulic Fracturing Modelling 

INPUT DATA OUTPUT DATA 

Geomechanical 

Overburden stress, Fracture half-Length,  100ft 

Fracture pressure Fracture half- height 60ft 

Young’s’ modulus C
fd
 7 

Poisson ratio Net Pressure 190 (psi) 

Petrophysical 

Lithology Slurry Volume 13217 (U.S. gai) 

Permeability Fracture Efficiency 0.065 

Porosity Fracture width  0.04 

Net/Gross Liquid Volume 18326 (U.S. gai) 

 

Figure 5.12 & 5.13 show fracture factors (fracture conductivity and fracture width) generated in Mfrac, 

using table 5.2 inputs. 

 

Figure 5.12: Fracture width designed by Mfrac (using Table 5.2 inputs). 
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Figure 5.13: Fracture conductivity designed in Mfrac. 

The next stage was to generate hydraulic fractures for stimulation scenarios for the well performance 

study in Petrel and Reveal software. Therefore, a hydraulically fractured well as well as multistage 

hydraulic fractures were created for the history matching and fracture stimulations purposes. 

Initial fracture dimensions were based on fracture evaluation on the vertical well study obtained by 

previous step in Mfrac. Table 5.3 shows initial fracture dimensions used for history matching and 

multistage hydraulic fracturing. Also, figure 5.14 is a cross-section showing the fracture generation 

point @ 2200m TVD for the vertical well (using Table 5.3 dimension). Figures 5.14 and 5.15 show the 

proposed sidetrack orientation wells (with and without hydraulic fractures). 

Table 5.3: Initial fracture parameters designed in MFrac. 

Fracture Descriptions Symbol Unit Value 

Half height ht m 18.30 

Half length hx m 30.48 

Dimensionless Fracture 
Conductivity 

(Cfd)  7 

Fracture width wf cm 0.02 
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Figure 5.13: Fracture Cross-sectional view in Reveal for Vertical Well. 

 

Figure 5.14: Horizontal 600m, no fracs in Reveal. 

 

Figure 5.15: Horizontal 1000m, 8 fracs in Reveal. 
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5.7.2 History Match on the Vertical Fractured Well  

The basic idea of history match is that the model inputs are adjusted so that they can be matched by 

actual production history. Hence for this work, well was placed on the oil rate control. The history 

matching phase included obtaining and verifying production performance oil rate and cumulative oil. 

This included inserting existing well properties, fracture properties and three years of production 

history (oil rate and cumulative oil) and running the simulation for three years during 2013-2016. 

As it can be seen from, figure 5.16 production commenced in November 2013 through a hydraulically 

fractured vertical well and continued for about 3 years. Production started at rate of 12 m3/day (peak) 

in end of November 2013. A dramatic decline was started since then so that in three years in August 

2016 production reached to its minimum rate of 4 m3/day. This well was shut by the end of 2016. 

The history match of reservoir production rate and total production (cumulative oil production) are 

shown in Figures 5.17 and 5.18 respectively. As it can be seen a good match was obtained for oil 

production rate and cumulative oil produced. After running three years of production, the oil rate and 

cumulative oil were matched by choosing oil rate control as well constraint. 

 

Figure 5.16: The field production history. 
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Figure 5.17: History match result compared to actual production rate. 

 

 

Figure 5.18: Shows history match result comparing actual production cumulative. 
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5.7.3 Well Performance 

The next step was to investigate well performance (production analysis) by targeting three different 

zones, poor, good, and best (sweet spot) reservoirs, obtained from previous analysis. Tables 5.4 and 

5.5 shows the petrophysical and geomechanical parameters in each zone. These tables also confirm 

that even in a low-quality heterogeneous reservoir, characterizing of the reservoir in order to targeting 

sweet spot interval would result in higher production rate and NPV. 

A hydraulically fracture vertical well NNM-1 perforated in above zones. Figures 5.19 and 5.20 show 

production performances of NNM-1 with fracture and without fracture in 3 different zones.  

Table 5.6 compares production performance of a vertical well (with and without fracture) targeting 

each zone along the NNM-1 history match well performance. As it can be seen vertical well with 

fracture in the best zone (productive zone) showed the higher oil rate and cumulative oil production 

and recovery factor among all cases examined.  

Table 5.4: Used petrophysical parameters. 

Petrophysical Parameters 

Zones Perm 
(md) 

Poro (%) Oil Sat 
(%) 

Water 
Sat (%) 

Shale Vol 
(%) 

Pore Type  Pore size 
(micron) 

Quarts 
(%) 

Best 1-10 0.3 65 35 28 2 3-4 >70 

Good 0.1-0.5 0.2 55 45 33 2 0.5-1 45 

Poor 0.001 0.01 20 80 75 3 <0.2 25 
 

Table 5.5: Used geomechanical parameters. 

Geomechanical Parameters 

Zones Young’s modulus (psi) Poisson ratio (%) Brittle  Index (%) UCS TOC (%) 

Best 8-10*10^6 0.12 60-75 100-200 5-10 

Good 3-4*10^6 0.22 45-55 50-70 1-2 

Poor 1-2*10^4 0.29 10-20 1.25-2 0.01-0.1 
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Figure 5.19: Production performance of all zones (vertical well with No fracture). 

 

Figure 5.20: Production performance of all zones (vertical well with fracture). 
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Table 5.6: production performance of each zones. 

Forecast 
Fracs 

Number 

Peak Oil 

Rate (m3/d) 

Cumulative Oil 

x1000 (m3) 

Recovery 

Factor (%) 

NPV 

Mm U$$ 

Good Zone 
0 5 12 0.4  

1 14 21 0.7 6.3 

Poor Zone 
0 0.8 2 0.06  

1 2 4.2 0.14 0.9 

Best Zone 
0 9 20.4 0.68  

1 18 34.9 1.1 8.8 

History match  1 12 18 0.48 5.1 

 

5.7.4 Multi-Stage Fracturing  

The multi-stage hydraulic fracturing technology is widely used in horizontal wells for the economical 

production of fossil fuels. This technology can reduce the operational costs by simultaneously creating 

multiple hydraulic fractures (Zhao et al., 2016). The numbers of fractures along the length of horizontal 

wells (multi-stage fracturing) is one of the key factors which have huge impact on the deliverability of 

hydraulically fractured reservoir. The productivity of these reservoirs hugely is influenced by the 

number of hydraulic fractures and fracture spacing. Hence, due to the high cost of hydraulic fracturing 

technique determining the required number of hydraulic fractures is very essential. To evaluate the 

influence of different number of fractures used in horizontal wells to maximize hydrocarbon recovery 

the following scenarios were considered (Table 5.7). 

The process consists of modelling different fractures numbers (3, 5, 7) along the 300m, 500m and 

1000m horizontal well lengths. The effect of multi-stage fracturing on production is shown in Figures 

5.21 through 5.23. 
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Table 5.7: Horizontal well cases with fracs. 

Horizontal Well Length (m) Number of Fracs 

300 3 

300 5 

300 7 

500 3 

500 5 

500 7 

1000 3 

1000 5 

1000 7 

 

 

Figure 5.21: Production performance of 300m horizontal well with 3, 5, 7 factures. 
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Figure 5.22: Production performance of 500m horizontal well with 3, 5, 7 factures. 

 

Figure 5.23: Production performance of 1000m horizontal well with 3, 5, 7 factures. 
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Figure 5.21 to 5.23 illustrate the performance of different number of fractures (3, 5, 7) along the 300m, 

500m and 1000m horizontal well lengths. An increase in total oil production and hence hydrocarbon 

recovery is observed by increasing the number of the fractures along horizontal length for all cases.  

However, increasing number of fractures and horizontal length in not productive zones would results 

in lower recovery and higher cost regardless of increasing number of fractures. This could be due to 

the common practice applying “statistical drilling” and “geometric fracturing”, which is placing a 

horizontal well with multistage fractures every 200-300m regardless of lateral and vertical 

heterogeneity and evenly spacing stages along lateral. In addition, increasing number of fractures can 

cause interaction among closely spaced hydraulic fractures that could results in oil recovery reduction 

due to affecting the fracture geometry (Bunger et al., 2017). 

In continue with previous assessment to find out the optimum fracture numbers, all the sensitivities 

were analysed in terms of the expected daily oil rate and cumulative oil production as well as recovery 

factor. As it can be seen from Figures 5.14 through 5.16 with 7 fracs stages showed the higher oil rate 

and cumulative oil production among all cases examined. Comparing 7, 5 and 3 fractures for each case 

(1000m, 500m, 300m) showed increasing the expected cumulative oil production by nearly 30%, 28 

%and 26 % respectively during the 22 years of production.  

With Regards to expected daily oil rate, 7 fractures stages also showed the higher expected oil rate 

compare to the other cases tested. The 1000m horizontal well in conjunction of 7 fracs stages started 

at the highest oil pick rate had the higher production rate of around 95 m3/d before experiencing the 

similar sudden decline in production and falling gradually to around 2 m3/d by the year 2039. The 

other cases showed the same pattern only with lower productivity.  At the end of this stage, the 

recovery factor was taken into consideration, comparing all cases to assess the effectiveness of the 

recent changes. 

 



Chapter 6: Applying Machine Learning Techniques 
P a g e  | 153 

153 
 

The results shown in Table reaffirmed the effectiveness of implementing 1000m horizontal well with 

7 fractures stage through which a 3.22 % recovery factor was obtained. The 500m and 300m horizontal 

well with 8 fracs stages showed recovery factors of 3.19 % and 3.15 % respectively. Tables 5.8 to 5.10 

summarize hydraulic fracturing multistage scenarios.  

Table 5.8: Scenario of 2-300m horizontal well. 

Scenario 2-300m horizontal well 

Forecast 
Frac 

Numbers 
Peak Oil rate, 

m3/d 
Cumulative Oil x1000 

(m3) 
Recovery Factor 

(%) 
NPV 

mm$$ 

300m 

0 24 49.8 1.65 12.1 

3 42 70.9 2.36 16.2 

5 47 71.5 2.38 16.6 

7 52 75.4 2.52 18 

Table 5.9: Scenario of 3-500m horizontal well. 

Scenario 3-500m horizontal well 

Forecast 
Frac 

Numbers 
Peak Oil rate, 

m3/d 
Cumulative Oil x1000 

(m3) 
Recovery Factor 

(%) 
NPV 

mm$$ 

500m 

0 32 67.2 2.24 14.4 

3 52 75.4 2.52 18 

5 58 76.9 2.56 19 

7 64 85.9 2.83 23 

Table 5.10: Scenario of 4-1000m horizontal well. 

Scenario 4 -1000m horizontal well 

Forecast 
Frac 

Numbers 
Peak Oil rate, 

m3/d 
Cumulative Oil x1000 

(m3) 
Recovery Factor 

(%) 
NPV 

mm$$ 

1000m 

0 70 85.9 2.86 23.1 

3 80 94 3.15 25.3 

5 85 95.9 3.19 26.7 

7 95 96.7 3.22 27.2 

 



Chapter 6: Applying Machine Learning Techniques 
P a g e  | 154 

154 
 

Table 5.11 compares results of 7 fractures forecasting with FBHP constraint @ 40 bars only with no 

well rate constraint, along horizontal wells 300,500, and 1000m respectively. Therefore, 1000m 

horizontal well with 7 fractures were selected as the best sensitivity case for further fracture spacing 

analysis due to higher oil recovery factor and NPV. 

Table 5.11: All with 7 fractures. 

Forecast No Fracs 
Recovery 

factors 
(%) 

Cumulative 
oil production 

Oilx1000m3 

Peak initial oil rate 
(m3/d) 

300m 7 2.52 74.5 52 

500m 7 2.83 86 64 

1000m 7 3.22 96.7 95 

 

5.7.5 Fracture Spacing  

Hydraulic fracturing spacing was another sensitivity parameter which was conducted. The spacing 

between fractures along the length of the wellbore has a huge influence in productivity of hydraulically 

fractured reservoir. Numbers of fractures and the length of the reservoir control the spacing between 

fractures. The spacing between fractures is thought to be a major factor in the success of horizontal 

well completions (Liu et al., 2015). To study the effect of different fractures spacing on oil recovery 

and obtaining the optimum fracture spacing the following cases were examined along 1000m 

horizontal well with 7, 12, 14 fracs carried out (see Table 5.12). 

Table 5.12: Horizontal well length- Spacing cases. 

Horizontal Well Length (m) Number of Fracs Spacing (m) 

1000 7 140 

1000 12 80 

1000 14 70 
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Figure 5.24 presents the impact of different fracture spacing and sweet spot model (5 fracs) on 

production performance; cumulative oil production and oil production rate respectively. The results 

indicated a higher cumulative production when the fractures were further apart from each other.This 

could be due to contacting more reservoir area and less fracture interference. This is evident from 

Figure 5.24, when the fractures were spaced 140 m away from each other the cumulative production 

was around 97,000 m3 by 2039. The other two cases followed the same pattern with 80m and 65m 

spacing having a cumulative production of 85,000 m3 and 65m spacing with 84,000 m3 total oil 

produced. As it can be noticed from  

Figure 5.24 horizontal well with 7 fractures of 140m spacing produced at higher rate of 95 m3/d among 

the rest; 80m and 65m spacing. These observations suggest that reduction in the spacing between 

fractures causes decrease in production rate and cumulative oil produced (due to fracture 

interference).  Similar with other cases, the recovery factor was assessed with the all cases applied. 

The 140m case had a recovery factor of 3.22 % whilst the 80m and 65m cases had 2.55 % and 2.81 % 

respectively.  

Comparing all cases with sweet spot model (5 fractures) in Figure 5.24 showed higher production 

performances with cumulative production (cumulative 119,000 m3, oil rate 120 m3/day) as well as 

increased recovery factor of 3.96 compares to other sensitivities (see Figure 5.24 and Table 5.14). This 

result shown in Table 5.14 confirmed the efficiency of sweet spot model with 5 fractures stage through 

which a 3.96% recovery factor was obtained.  Tables 5.14 and 5.15 summarize the results of horizontal 

well spacing and sweet spot modelling. Figure 5.25 compares the BHP changes with reservoir pressure, 

during 22 years of production 
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Figure 5.24 Production performance of 1000m horizontal well spacing and sweet spot model. 

 

Table 5.13: Scenario 5 spacing. 

   

Table 5.14: Scenario 6. 

Scenario 6 -Sweet Spot Hydraulic Fracturing 

Forecast 
Number of  

Fracs 
Initial Peak Oil rate, 

m3/d 
Cumulative Oil 

x1000 (m3) 
Recovery Factor 

(%) 
NPV 

mm$$ 

1000m 5 132 119.3 3.96 35.2 

 

Scenario 5_Spacing 

Forecast 
Optimum 
spacing 

NO 
Fracs 

Spacing 
(m) 

Average 
Initial  Peak 

Oil rate, 
m3/d 

Cumulative Oil 
x1000 
(m3) 

Recovery 
Factor 

(%) 

NPV 
mm$$ 

1000m 

7 142 95 96.7 3.22 27.2 

12 83m 85 85.6 2.85 19.1 

14 71m 82 84.1 2.81 17.4 
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Figure 5.25: BHP changes with reservoir pressure during 20 years of production. 
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Chapter 6:  

Applying Machine Learning Techniques 

6.1 Introduction 
 

Mapping sweet spot benefits the horizontal well drilling and the selection of perforation clusters that 

can result in the best production and recovery in unconventional resources. Traditionally, 

geoscientists determine sweet spots from the well-logging interpretation. Classification problems are 

an important category of problems in analytics in which the outcome variable or response variable (Y) 

takes discrete values. Primary objective of a classification model is to predict the probability of an 

observation belonging to a class, known as class probability, (Manaranjan et al., 2018). 

In this chapter, a group of prevalent Machine Learning classification algorithms such as Logistic 

Regression, Decision Tree, Random Forest, K-Nearest Neighbors, and Boosting were used in 

conjunction with a novel method, Quick Analyser (QA), to determine sweet spots or productive zones. 

6.2 Quick Analyser Technique 

Reservoir characterization using subsurface or sweet spot modelling during exploration and appraisal 

characterizing the reservoir is a time-consuming process and chore and heavily relies on 2D and 3D 

modelling. Quick Analyser (QA) technique which is a data-driven, approach combines subsurface 

petroleum engineering disciplines such as geomechanics, petrophysics, geochemistry, drilling, 

production, etc. that reduces technical and commercial risk and establishes repeatable, more 

profitable recovery.  

This method identifies the ideal reservoir interval and targeting the sweet spots (productive zones) 

similar to sweet spot modelling. However, this method is much quicker and simpler than sweet spot 

mapping and provides initial key information about the subsurface without using any traditional 2D, 

3D simulation with robust results for field development.  
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The QA method uses optimum value for each parameter to characterize and evaluate the reservoir. 

Therefore, it can be applied in both types of reservoirs, conventional and unconventional,  and utilising 

real time data. 

Applying Quick Analyser (QA) method can provide: 

▪ Initial and vital  information about the subsurface quickly and with high accuracy  

▪ More complete understanding of the reservoir on using real-time data  

▪ Cost effective field planning and optimal well placement (identify location of sweet spots 

benefits the horizontal well drilling and the selection of perforation easily) 

In General, to apply Quick Analyser (QA) technique the following steps were taken: 

1. Export all available data from logs for petrophysics analysis   

2. Export all calculated data for geomechanics analysis 

3. Export all calculated data for geochemistry analysis 

4. Using cut-off values or optimum values for all above parameters  

5. Integrate all of this values to detect productive zones 

6. Carryout validation by conducting sensitivity analysis or machine learning analysis  

For example, applying Quick Analyser (QA) method can identify and evaluate resource potential with 

depth, thickness, porosity, permeability, water saturation, oil saturation, total organic carbon, and to 

identify the productive zone or sweet spots, (see Tables 6.1 through 6.5). 
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Tables 6.1 through 6.5 demonstrate classification and characterization of geological subsurface factors 

using QA technique. This is based on classifying and characterising each parameter according to their 

optimum (cut-off) values. 

Table 6.1: Permeability classification in QA method. 

Permeability range Classification  Permeability and colour key 

0.01< Very low quality 4 

0.01-1 Low 3 

1-10 Mid quality  2 

10-100 Good quality  1 

100 < Extremely Good  0 
 

 

 

 

 

Table 6.2: Porosity classification in QA method. 

 

 

 

Table 6.3: Shale volume classification in QA method. 

Shale volume Classification Shale Colour key 

0.5> High 2 

0.5< low 1 

 

Table 6.4: Oil saturation classification in QA method. 

Oil Saturation Classification Oil Sat colour code 

0.5 < High 2 

0.5 > low 1 

Table 6.5: Water saturation classification in QA method. 

Water Saturation Classification Water Sat colour key 

0.6 < High 2 

0.6 > low 1 

 

Porosity range Classification Porosity and colour key 

0.1 Very low quality 3 

0.2 Mild 2 

0.3 Good quality 1 
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Table 6.6 demonstrate the output of QA method. The Results column shows that If all the conditions 

for the optimum values for each parameter are met (Equation 6.1) it will show 1, (sweet spot) 

otherwise 0 (not productive zone). 

𝑰𝑭(𝑨𝑵𝑫(𝑲 <= 𝟑, 𝝓 < 𝟑, 𝑽𝑺𝒉 = 𝟏, 𝑺𝒐 = 𝟏, 𝑺𝒘 = 𝟏), "𝟏", "𝟎")                                       (Equation 6.1) 

Where, 𝐾 is permeability, 𝜙 is porosity, 𝑉𝑆ℎ is shale volume, 𝑆𝑜 is Oil saturation, and 𝑆𝑤 is water 

saturation. 

Table 6.6: A demonstaration of QA method inputs and results for well# NNM-1. 

  

The dataset is based on geological parameters and characteristics of an unconventional basin (tight 

sandstone) based on Quick Analyser (QA) method. The data has several features related to the 

potential zones (sweet spot) and whether the zones are sweet spot or not. The objective, in this case, 

is to predict which zones are sweet spot or potentials and to determine which parameters play 

important role in order to detect these zones from unproductive zone (feature importance). The 

response variable Y = 1 implies that the productive zone and 0 otherwise. 
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In order to validate Quick Analyser (QA) results (our dataset) the following steps were taken: 

1. Oman Field (case study 1 ) 

2. Comparing Quick Analyser (QA) results with MDT log and sweet spot mapping from chapter 5 

(case study 2 ) 

3. Comparison with unsupervised method and MDT log and poresize distribution  

6.2.1 A Case Study from Oman Field 

In order to demonstrate the efficiency of the proposed Quick Analyser method, a case study from an 

Oman oilfield was undertaken. Figure 6.1 shows the results for this case study. The results clearly 

matches with SLB Techlog results and the following conclusion can be drawn. 

• Red colour in the last column in Figure 6.1 represents the productive zones (Sweet spots) 

detected by Quick Analyser (QA) and the blue colour show the non-productive zones. 

• There have been two perforations in the intervals of 4800-4825m and 4895-4905m 

(highlighted). 

• The QA clearly detected the areas of higher porosity and permeability and lower shale volume 

and water saturation in the mentioned intervals. 

•  As it shown in Figure 6.1, QA detected a thin non-productive zone (blue colour) in the 

perforated depth of 4815. By investigating the well performance reports, it turned out that 

the mentioned depth was cemented after perforation. This could have been avoided by using 

the QA, prior to the perforation process. 
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Figure 6.1: Results of proposed Quick analyser (QA) method on an oilfield from Oman. 
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6.2.2  Nene Marine field (NNM1), Sweet Spot Mapping & MDT Log   

The MDT Modular Formation Dynamics Tester log (mD/cP) provides fast and accurate pressure 

measurements and high-quality fluid sampling. It can also measure permeability anisotropy, reservoir 

heterogeneity and reservoir quality. The MDT log (mD/cP) is able to acquire most of the data 

requirements needed for accurate and timely decision-making.  

Therefore the following conclusion can be drawn, (see Figure 6.2): 

• Comparing QA results with sweet spot mapping and MDT log from a west African tight oil field 

(NNM1), shows that upper Djeno A formation matches with sweet spot mapping, from 

available software in oil industry, and higher MDT reading (green colours). 

• In addition, in Middle Djeno formation, QA correctly detected non-productive zone (brown 

colour). 

• In other regions, QA also shows a strong relationship with sweet spot mapping and MDT 

readings. 
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Figure 6.2: Comparison of MDT reading, sweet spot mapping and Quck Analyser (QA), NNM1 . 

 

 

 

 

 

 

 

 

 

 

 

Productive  

Non-

Productive  



Chapter 6: Applying Machine Learning Techniques 
P a g e  | 166 

166 
 

 

6.2.3 Quick Analyser Vs Machine Leaning (Unsupervised) and Poresize Distribution  

  

Figure 6.3 illustraes the comparison of several unsupervided methods, comprising FCM, Kmeans, 

Hierarchial, Geolog software results, and QA results (Cutoffs), with MDT data, and poresize 

distirbution. Green regions show productive zones (sweet spots) while red area shows non-productive 

zones. Similar to case 1 and 2, QA shows high correlation with unsupervised methods with poresize 

distirbution and MDT reading.Even in some depths, QA shows  better and more accurate results. 

 

 

Figure 6.3: Comparison of all of the used methods for sweet spot detection, compared by mobility 

and poresize distirbution. 
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                                                   Figure 6.4: shows MDT and different Rock Types. 
 

Figure 6.4, illustrates the mobility (MDT) parameter distribution in each defined rock-type. As it can 

be seen, the defined productive samples (rock-types 1,2, and 3) have a higher mobility, comparing to 

non-productive depths. 
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6.3 Machine Learning Techniques for Reservoir Classification 

6.3.1 Exploratory Data Analysis (EDA) 

EDA was the first stage to conduct Machine Leaning (ML) method. It is a way of visualizing, 

summarizing and interpreting the information that is hidden in rows and column format. EDA helps to 

bring out points from datasets that may not be analyzed by standard data science algorithms.  The 

dataset contains 140 records and 11 columns. Table 6.7 shows the first 10 columns. Column super RT 

is our target variable (Y) and contain 0 and 1 values, 0 for non-productive zones and 1 for productive 

zone or sweet spot.  
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Table 6.7: Available data illustration. 

 

 

 

To find the number of observations in the dataset for productive zones (sweet spot) and for non-

productive zones, column SuperRT will provide the information. EDA Analysis confirmed that there 

are around 78% observation of unproductive zone and 21% observation of productive zone. Dataset 

has 140 data points and there is no missing data, datatype of our variables is float and integer. There 

are no categorical variables. 

Figure 6.5 provides information about each variable distribution (histogram) with respects to the 

target variable SuperRT. It can be seen that TOC and porosity showed normal distribution. However, 

some variables like poresize distribution and K_FZI (which is permeability-prosody indicator) are left 

skewed and needs some treatments prior to analysis. For this purpose, techniques such as 

Normalization or Standardization can be used (Bhandari, 2020). 

In normalization, values are shifted and rescaled so that they end up ranging between 0 and 1 

(Equation 6.2). 

𝑋′ =
𝑋−𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥−𝑋𝑚𝑖𝑛
                                                                                                              (Equation 6.2) 

Dependent Variable  

(Target)  
Independent Variables  
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Standardization, however, is another scaling technique where the values are centered around the 

mean with a unit standard deviation (Bhandari, 2020). This means that the mean of the attribute 

becomes zero and the resultant distribution has a unit standard deviation (Equation 6.3). 

𝑋′ =
𝑋−𝜇

𝜎
                                                                                                                           (Equation 6.3) 

Where, 𝜇 is the mean of the feature values and 𝜎 is the standard deviation of the feature values. 

 

Figure 6.5:Histogram of the input varibles. 
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Figure, 6.6 indicates information about each variable distribution with respects to the target variable 

SuperRT. For example, increasing values of SuperRT and TOC indicating good zone or sweet spot.  On 

the other hand, increasing values of shale (shale volume) indicates non-productive zones. 

 

Figure 6.6: Density distribution of each varibles in regards to the target varible. 

  

Good Zone  

 Unproductive 

Zone 
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Table 6.8 provides important inferential stattical parameters such as  minimum and maximum, 

median, first and third qurtiles, etc. of each varibles. 

Table 6.8: Inferential statitical analysis 

 

 

Figure 6.7 provide heatmap and correlation plot of all the varibles.  Correlation plot is used for 

measuring the strength and direction of the linear relationship between two continuous random 

variables. It is a statistical measure that indicates the extent to which two variables change together. 
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A positive correlation means the variables increase or decrease together; a negative correlation means 

if one variable increases, the other decreases.  

1. The correlation value lies between −1.0 and 1.0. The sign indicates whether it is positive or 

negative correlation.  

2. −1.0 indicates a perfect negative correlation, whereas +1.0 indicates perfect positive 

correlation 

Figure 6.7 shows that porosity, permeability and TOC are positively correlated with the targets zone 

(SuperRT) whereas mechanical properties such as Brittleindex and Young modulus and poison’s ratio 

as well as shale volume are not so strongly correlated. 

 

Figure 6.7: Correlation and heat map plot  of each varibles 
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Linear Regression with Kennel Density Estimate (KDE) plot show how much one variable is affected by 

presence of another and how these two variables are correlated to the target zone. Figure 6.8 

indicates relationship between porosity and permeability (K_FZI), very highly correlated with target 

zone. The higher these variables, indicating productive zones. 

 

 

Figure 6.8: Shows relationship between porosity and k_FZI 

 

Figure 6.9 indicates relationship between Brittleindex and Poisson ratio. As it can be seen, they are 

highly correlated with each other and reversely with the target zone (sweet spot).  
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Figure 6.9: Shows relationship between Brittleindex and Poisson ratio 

 

Figure 6.10 indicates relationship between TOC and porosity, very highly correlated hence good 

indicator of target zone (sweet spot).  

 

 

Figure 6.10: Shows relationship between TOC  and porosity 
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Boxplot is another standardized way of displaying the distribution of data based on a five-number 

summary (“minimum”, first quartile (Q1), median, third quartile (Q3), and “maximum”). It tells about 

the outliers and what their values are. It can also indicate if the data is symmetrical, how tightly the 

data is grouped, and if and how the data is skewed. Figure 6.11 through 6.13 show the boxplot for 

some of the input variables, compared to the target zones 0 (not productive zone) and 1 (Sweet spot).   

 

 

Figure 6.11: Porosity Boxplot. 

 

Figure 6.12: TOC Boxplot. 
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Figure 6.13: Brittleness index Boxplot. 

 

Before the model was build, the dataset was split X:Y to create a training and test dataset (with 70:30 

ratio). The model will be built using the training set and tested using the test set. X_train and y_train 

contain the independent variables and response variable values for the training dataset, respectively. 

Similarly, X_test and y_test contain the independent variables and response variable values for the 

test dataset, respectively (Manaranjan et al., 2018). 
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6.3.2 Logistic Regression Model & Results 

Logistic Regression is one of the supervised machine learning algorithms used for classification. In 

logistic regression, the dependent variable is categorical, (Swaminathan et al., 2018). Logistic 

regression is a statistical model in which the response variable takes a discrete value and the 

explanatory variables can be either continuous or discrete. If the outcome variable takes only two 

values, then the model is called binary logistic regression model.  The outcomes are called positive 

(usually coded as Y=1) and negative (usually coded as Y=0). Then the probability that a record belongs 

to a positive class, P(Y=1), using the binary logistic model is given by sigmoid function which converts 

the input into range 0 and 1. There are three types of logistic Regression, namely, binary, multinomial 

and ordinal logistic regression. 

To understand how many observations the model has classified correctly and how many has not, a 

cut-off probability needs to be assumed.  Assumed that the cut-off probability is 0.5; then all 

observations with predicted probability of more than 0.5 will be predicted as productive zones (class 

1) and rest all as non-productive zones (class 0). 
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Table 6.9 shows the probability values for test cases. 

Table 6.9 shows probablity of each class ( 0 and 1)  . 

 

  

 

The actual column in Table 6.10 depicts the actual lable of the SuperRT in the test  dataset, while 

predicted column depicts what the model has predicted by taking 0.5 as cut-ff probability value. For 

obesrvation10, the model predicteds very low probability (0.2) of being a non-prodcutive zone 

whereas it is actually a prodcutive zone. The model has wrongly classified this one. Similariliy, for 

observation of 104, the model predicted high probability (0.7) of being a prodcutive zone whereas it 

is actually a non-prodcutive zone. The model has wrongly classified this one either. However, the 

model predicts high probability (0.9) of being a productive zone for obzervation 0, which is actually a 

productive zone. The model corectly predicted the class in this case. 

  

Probability of Classes 

0            1 

 

Misclassification  
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Table 6.10 shows  actual, predicted probability and predicted outcome. 

 

It can be noticed from actual and predicted columns (above table) that some classifications are 

correct and some are wrong. For a better understanding of this, it is better to look at a confusion 

matrix. 

 The next step was to use confusion matrix in order to check the actual values and predicted values 

of observations in the dataset, see Figure 6.14.  

 

Figure 6.14: Logistic regression confuction matix. 

Correct 

Classification  

Misclassification  

Misclassification  
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In the confusion matrix in Figure 6.14, the columns represent the predicted label (class), while the 

rows represent the actual label (class), (Manaranjan et al., 2018). For example, out of 11 (i.e., 5+ 6 ) 

Good zones (productive zones), only 6 have been  classified correctly as productive zones  and rest 5 

have been classified as poor zones when the cut-off  probability is 0.5.  Each row represents the actual 

sweet spot and unproductive zones observations present in the test dataset and each column 

represents predicted values of outcome variable. It can be noted the following:   

 

6.3.2.1 Measuring Accuracies   

In classification, the model performance is often measured using concepts such as sensitivity, 

specificity, precision, and F-score. The ability of the model to correctly classify positives and negatives 

is called sensitivity (also known as recall or true positive rate) and specificity (also known as true 

negative rate), respectively, (Manaranjan et al., 2018). 

Sensitivity or Recall (True Positive Rate, TPR)   

Sensitivity is the conditional probability that the predicted class is positive given that the actual class is 

positive. Mathematically, sensitivity is given by: 
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Sensitivity = TP / TP + FN 

Specificity (True Negative Rate, TNR)   

Specificity is the conditional probability that the predicted class is negative given that the actual class 

is negative. Mathematically, specificity is given by: 

Specificity = TN / TN + FP 

Precision   

Precision is the conditional probability that the actual value is positive given that the prediction by the 

model is positive. Mathematically, precision is given by 

Precision = TP / TP + FP 

F-Score   

F-Score is a measure that combines precision and recall (harmonic mean between precision and 

recall).  Mathematically, F-Score is given by  

F-Score = 2 × Recall x Precision / Recall Precision 

Table 6.11 gives a detailed report of precision, recall, and F-score for each class. Recall for positive 

cases (Y=1) are only 55%, which suggests some of the cases were predicted as negatives. 

Table 6.11: Logistic regression calssification Report 
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The model is very good at identifying the unproductive zone (Y = 0) with F1 score of 91%, but not very 

good at identifying productive zones (Y=1) with recall score of 55%. Overall accuracy based on logistic 

regression is 86%. This is the result for cut-off probability of 0.5%.  

Figure 6.15 depicts the distribution of predicted probability values for productive and non-productive 

zones to understand how well the model can distinguished non-productive zones from productive 

zones. Larger the overlap between predicted probabilities for different classes higher will be the 

misclassification. 

 

Figure 6.15: Distribution of predicted probability values by the model for both productive and 

unproductive zones. 

6.3.2.2 Receiver Operating Characteristic (ROC) and Area Under the Curve (AUC) 

ROC and AUC are two important measures of model performance for classification problems at various 

threshold settings. Receiver operating characteristic (ROC) curve can be used to understand the 

overall performance (worth) of a logistic regression model (and, in general, of classification models) 

and used for model selection. ROC curve is a plot between sensitivity (true positive rate) on the vertical 

axis and 1 - specificity (false positive rate) on the horizontal axis. 
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ROC is a probability curve and AUC represents the degree or measure of separability. It tells how much 

the model is capable of distinguishing between classes. Higher the ROC and AUC, the better the model 

is at distinguishing between zones with the productive and non-productive zone. 

The diagonal line in Figure 6.16 represents the case of not using a model (no discrimination between 

positive and negative); the area below the diagonal line is less than 0.5. 

The line above the diagonal line in Figure 6.16 captures how sensitivity and (1- specificity) change 

when cut-off probability is changed. Model with higher AUC is preferred and AUC is frequently use for 

model selection. The higher ROC curve, the better the model. As it can be seen in Figure 6.16, the ROC 

curve for the logistic model was 89%.  

 

Figure 6.16: ROC Curve for Logistic Regression method 

AUC of at least 0.7 is needed as general-principles for practical application of the model. Generally, 

AUC score greater than 0.9 indicades a good model. In imbalanced where dataset has less than 10% 

positives caution should be taken while selecting models based on AUC. As the AUC may be very high 

( greater than 0.9) , yet either specifity or sensitivity values may be poor. The AUC of the logistc 

regression model is 89%, which implies the model is fairly good. 
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6.3.2.3 Finding Optimal Classification Cut-off 

While using logisitc regression model, one of the decisions that a data scientis has to make is to choose 

the right classification cut-off probability (Pc).The overal accuracy, sensitivity and secificity will depend 

on the choosen cut-off probability. The following two methods are used for selecting the cut-off 

probability: 

 

Youden’s index  

As the cut-off probabilty changes, senstitivity and specifity also change .Youdens’ index is a 

classification cut-off probability for which the following function is maximized. 

 

Youden’s index =Max [Sensitivity(p)+Specificity(p)-1]                                                               (Equation 6.4) 

 

Sensivity is known as True Possetive Rate (TPR) and specificity is known as True Negative Rate  (TNR). 

That is the cut-off  probability for which (TPR +TNR-1) is maximum.  Table 6. 12 shows fpr, tpr and 

thresholds (coressponding cut-off probabilities) and diff (difference of tpr and fpr) .  According to 

Equation 6. 4, the optimum cut-off value, should be the maximum threshold value. 

Table 6.12: show tpr,fpr, threshold and diff based on Youden’s index approach. 
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From the above results, the optimal cut-off is 0.23. Therefore, all the observation beyond 0.23 

predicted probability can be classified as prodcutive zones (Y=1) and others as non-prodcutive zones 

(Y=0). 

Cost Function  

As the cost of false negatives and false posetives is not same, the optimal classification cut-off 

probability can also be determined using cost-based approach, which finds the cut-off where the total 

cost is minumum. In the cost-based approach, penalty cost applies for misclassification of positives 

and negatives and find the total cost for a cut-off probability. 

Total cost=FN*C1 + FP* C2 

C1=cost of false posetive 

C2= cost of false negative 

The optimal cut-off probability is the one which minimizes the total penalty cost. 

The penalty cost for each cut-off probability values can be calculated and it lies between 0.1 and 0.5 

with incremental values of 0.01. Similar to Youden’s index, cost-based approach also showed optimal 

cut-off probability value of 0,23 (the lowest cost), see Table 6.13. 

Table 6.13: shows results of cost-based approach 

 

Minimum Cost  
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Figure 6.17 and Table  6.14 show new confusion matrix with optimal cut-off using Yodens’ index and 

cost function (P= 0.23). With cut-off probability of 0.23, the model is able to classify the prodcutive 

zones better and F1-score and Recall for prodcutive zones (Y=1) has imporved to 0.77 and 0.91 from 

76% and 55 % respectively. 

 

Figure 6.17: confusion matrix with optimal cut-off using Yodens’ index. 

 

Table 6.14 :  New Logistic regression calssification reort based on cut-off value of 0.23 
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6.3.3 Decision Tree Technique   

Decision tree is one of the most important and powerful predictive analytics methods applied for 

generating business rules. It use tree-like structure to predict the value of an outcome variable. The 

algorithm use the complete data and start with the root data then splits the notes into multiple 

branches. (Manaranjan et al., 2018).In this technique, the data is divided into subsets in order to 

create more uniform branches (children nodes) (Manaranjan et al., 2018). 

Table 6.15 shows the following steps are used to generate classification and regression trees:   
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Figure 6.18: Designed Decision Tree. 
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Decision tree results from Figure 6.18 are summarized in Table 2.16  

Table 2.16 Decision Tree Results 

 

One of the rules can be interpreted as: If the zone does have TOC values above 0.7 and volume of 

shale below 0.4 and Brittleindex is below 0.218, it then there is high probability of being a productive 

zone. There are 17 records in the dataset that satisfy these conditions and 2 of them have 

unproductive zones. 

Another rule: If TOC values is below 0.6, shale volume is above 0.2, and brittle index is below 0.067, 

then there is high probability of being an unproductive zone. There are 78 samples in the datasets and 

74 records of which in the dataset that satisfy these conditions and 4 of them have productive zones. 

Parameters such as TOC, Volume of shale, SWE (water saturation) and Brittleindex are most important 

parameters to identify productive zones or sweet spots  

0.7 
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6.3.3.1 Decision Tree Accuracy 

Figure 6.19 provides ROC AUC score of the decision tree model. As Shown in Figure 6.19, DT model 

has AUC score of 69 % and is lower than the LR model. 

 

Figure 6.19: ROC Curve for Dection Tree model  
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6.3.3.2 DT Confusion matrix  

Figure 6.20 and Table 6.15 provide confusion matrix and classification report of the decision tree 

model. As it can be seen recall for the positive cases (Y=1, productive zones) is 0.55, suggesting some 

misclassification.  

 

Figure 6.20: DT model, confusion matrix. 

Table 6.15 : DT calssification reort based on defult values  
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6.3.3.3 Finding Optimal Criteria and Max Depth  

In order to determine optimum values of the hyperparameters (criteria and maximum depth), 

GridSearchCV method, (10 fold CV), was conducted and optimum values were chosen based on ROC 

and AUC score. Therefore, the tree with entropy criteria and maximum depth of 4 is the best model. 

Figure 6.21 & 6.22 and Table 6.16 provide ROC curve, confusion matrix and classification report of the 

tuned decision tree model based on GridSearchCV results. 

 

Figure 6.21: ROC Curve for Tunned DT model 
 

 

 

 

 

 

 



Chapter 6: Applying Machine Learning Techniques 
P a g e  | 194 

194 
 

 

Figure 6.22:  Tuned DT model, confusion matrix. 

 

Table 6.16: Tuned DT model classification report of based on GridSearchCV results. 

 

 

Compared to the previous DT model, tuned DT model accuracy has been increased to 0.79 from 0.76. 
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6.3.4 K-Nearest Neighbors (KNN) 
 
The KNN algorithm assumes that similar things exist in close proximity. In other words, similar things 

are near to each other (see Figure 6.23). 

 

Figure 6.23: Image showing how similar data points typically exist close to each other,source 

Wikipedia, 

KNN captures the idea of similarity (sometimes called distance, proximity, or closeness) with some 

mathematics, calculating the distance between points on a graph, (Aghabozorgi et al., 2016).  

There are other ways of calculating distance, and one way might be preferable depending on the 

problem. However, the straight-line distance (also called the Euclidean distance) is a popular and 

familiar choice, (Manaranjan et al., 2018). 

The K-Nearest Neighbors algorithm is a classification algorithm that takes a bunch of labeled points 

and uses them to learn how to label other points. This algorithm classifies cases based on their 

similarity to other cases. In K-Nearest Neighbors, data points that are near each other are said to be 

neighbours. K-Nearest Neighbors is based on this paradigm. Similar cases with the same class labels 

are near each other. Thus, the distance between two cases is a measure of their dissimilarity. 
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6.3.4.1 KNN Accuracy 

As Shown in Figure 6.24 KNN has AUC score of 91% and is better than two previous models LR and DT 

with 89% and 73% respectively.  

 

Figure 6.24:  ROC AUC curve for KNN model . 

6.3.4.2 KNN Confusion matrix  

Figure 6.25 and Table 6.17 provide confusion matrix and classification report of KNN model. As shown 

in Table xx the recall of positive cases has improved from 0.45 (DT model) to 0.73 in KNN model. The 

above model accuracy is obtained by considering default number of neighbours (k=5). As it can be 

seen, Recall has been increased significantly  comparing with LR and DT models. Resulting in prediction 

improvement in positive cases (Y=1). 
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Figure 6.25: KNN Confusion matrix results using default values 

Table 6.17: KNN  model classification report using default values 
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6.3.4.3 KNN Hyperparameters Tuning  

Hyperparameter tuning is a technique used in ML and DL in order to find optimal value for 

hyperparameter. GridSearchCV method can be used in ML algorithms such as DT, KNN, LR, RF, etc. in 

order to find optimum values of hyperparameters. Hence, for KNN algorithm in order to identify the 

most optimal  value of K (number of neighbours) and metric (for distance calculation) for classification 

in this case GridSearchCV method was used. GridSearchCV will evaluated all possible combination of 

hyperparameters.  Also to measure the robustness of the model each set of value will be evaluated 

by K-fold cross validation, (Kumar et al., 2018). 

GridSearch suggests the best combination of parameters is K (neighbours) of 7, Canberra distance, 

and the corresponding roc_auc score is 89. Finally, a new model was built based on optimal 

hyperparameter tuning. The result in Figure 6.26 and Table 6.18  show improvement for increasing F1 

score and recall of class 1 compared with pervious KNN model using k=5. As it can be seen this model 

has higher percentage of true positive compare to previous KNN model. In business context, the 

objective is to build a model that will have a high number of true positive. 

 

 

Figure 6. 25: Tuned KKN Confusion matrix results 
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Table 6.18 : Tuned  KNN  model classification report of  based on GridSearchCV results. 
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6.3.5 Random Forest Technique 

Random forest is one of the most popular ensemble techniques used in the industry due to its 

performance and scalability. A random forest is an ensemble of decision trees (classification and 

regression tree), where each decision tree is built from bootstrap samples (sampling with 

replacement) and randomly selected subset of features without replacement. The decision trees are 

normally grown deep (without pruning), (Kumar et al., 2018). The number of estimators or models to 

be used in Random Forest can be tuned to increase the model accuracy. 

The hyperparameters in a Random Forest model are: 

1. Numbers of decision trees  

2. Numbers of samples 

3. Depth and search criteria called Gini impurity  index or entropy  
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6.3.5.1 Random Forest Accuracy  

The plot of ROC curve is shown in Figure 6.26 .The corresponding AUC value for the RF model is 91%. 

 

Figure 6.26: ROC AUC curve  for Random forest 

AUC for the random forest model is 90% (Figure 6.26) and better compared to the DT and LR models. 

However, the accuracy still can be improved by using grid search by fine-tuning the hyperparameters. 

Figure 6.27 and Table 6.19 show confusion matrix and classification report for the RF model. The 

model detects 6 out of 11 productive zones with recall 55 %. The overall accuracy of the model is 76%. 
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Figure 6.27: Random Forest confuction matix. 

Table 6.19: Random Forest calssification Report 
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6.3.5.2 Grid Search for Optimal Parameters   

Similar to the previous models, GridSearchCV technique was conducted  to find the optimal values for 

hyperparameters. Therefore parameters such as max_depth, n_estimators and max_features of 15, 

sqrt, 10 respectively were calculated as best model. AUC score has reached 0.92 with the following 

optimal values for the hyperparameters see Figure 6.28. 

 

 

Figure 6.28 Improved Random forest ROC curve 

 

 

 

 

 

 



Chapter 6: Applying Machine Learning Techniques 
P a g e  | 204 

204 
 

6.3.5.3 Random Forest Confusion Matrix  

Figure 6.29 and Table 6.20 provide confusion matrix and classification of random tuned forest 

model. 

 

Figure 6.29: Confusion matrix of tuned Random Forest model. 

As shown in Table 6.20 the precision, recall and F1 score for positive cases are 0.78 and 0.64. 0.70 

respectively which are better than what was obtained by two previous models, RF model (default 

model) and DT model namely. The overall accuracy of tuned random forest model also improved from 

76% to 86%. 

Table 6.20: Classification report of tuned Random Forest model. 
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6.3.5.4 Finding Important Features 

Random forest algorithm reports feature importance by considering feature usage over all the trees 

in the forest. This gives good insight into which features have important information with respect to 

the outcome variable, (Kumar et al., 2018). It uses “Gini impurity reduction” or “mean decrease 

impurity” for calculating the importance.  Feature importance is calculated for a feature by multiplying 

error reduction at any node by the feature with the proportion of samples reaching that node.  Then 

the values are averaged over all the trees to find final feature importance. Figure 6.30 shows the tuned 

random forest model feature importance. 

 

Figure 6.30: Feature importance results (random forest). 

The top 5 features (Figure 6.30) are TOC, Pore size, K_FZI, SWE and Brittle index. The importance score 

is normalized and reveals the relative importance of features. The cumulative sum of features 

importance can show the amount of variance explained by the top five features, (see Table 6.21).  
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Table 6.21: Cumulative sum of features importance.

 

The top five features provide 80 % of the information in the data with respect to the outcome variable.  

This technique can also be used for feature selection. Random forest being a black box model, cannot 

be interpreted. Yet it can be used to choose a subset of features using feature importance criteria and 

build simpler models for interpretation.   
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6.3.6 Boosting 

Boosting is another important ensemble method, which bring together multiple weak classifiers into 

a single strong classifier and Initial classier is built by giving equal weights to each sample, (Kumar et 

al., 2018). 

There are two most important boosting algorithms: 

 

6.3.6.1 AdaBoost   

In the training set AdaBoost appoints weight to each record, which decides the probability that a 

specific record is selected for training a classifier. The weights of all samples will be uniform for first 

classifier. However after training the first classifier, AdaBoost enhances the weight for the  

misclassified records (Kumar et al., 2018).  

𝐹(𝑋) = 𝑠𝑖𝑔𝑛{∑ ∝k  𝑓𝑘(𝑋𝑖}                                                                                                        (Equation 6.5)                                                                            

 

where K is the total number of classifiers, f k (Xi) is the output of weak classifier k for input feature set 

Xi,  ak is the weight applied to classifier k and is given by : 

 ∝k   =
1

2
ln (

1−𝜖

𝜀
)                                                                                                                                                                                                    (Equation 6.6)                                                    
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Here  is based on the classifier’s error rate k, which is the number of misclassified records over the 

corrected training dataset divided by total training dataset records. The final output F(Xi) is a  linear 

arrangement  of all of the weak classifiers, and it varies on the sign of this sum (Kumar et al., 2018). 

For instance, if the model predicted 78 of 100 training records  the error would be (78-100)/100 or 

0.22%. Similar to the KNN model the AdaBoost model has AUC score of 0.91%, (see Figure 6.31). 

 

 

Figure 6.31: AdaBoost ROC curve 
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Figure 6.32 and Table 6.22 provide confusion matrix and classification of AdaBoost model. 

 

Figure 6.32: Confusion matrix of AdaBoost model 

Table 6.22: Classification report of AdaBoost model 

 

As it can be seen form, Table 6.22 the F1 score and recall for positive cases are 0.29 and 0.18, which 

are far lower than the previous models. The model detects 11 out of 42, productive zones with recall 

reaching 18%, which is the lowest among all models. 
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6.3.6.2 Gradient Boosting   

Gradient Boosting emphasis on residuals from previous classifiers and fits a model to the residuals, 

whereas AdaBoost focusses on the misclassified examples in subsequent classifiers. It influences the 

pattern in residuals and increase the model prediction and accuracy and uses decision tree as base 

classier (Kumar et al., 2018). 

 

The following steps are used in gradient boosting:   

 

𝐹(𝑋) = {∑ ∝k  fk(𝑋𝑖}                                                                                                             (Equation 6.7)                                                                                                                                            

Where 𝛼k is the learning rate or accuracy of model k.   
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The ROC curve of gradient boosting is shown in Figure 6.33. The corresponding AUC is 0.69.  

 

Figure 6.33: Gradient Boosting ROC  AUC curve 

 Figure 6.34 and Table 6.23 illustrate Gradient Boosting confusion matrix results and classification 

report. 

 

Figure 6.34: Shows Gradient Boosting model confusion  matrix  

  



Chapter 6: Applying Machine Learning Techniques 
P a g e  | 212 

212 
 

Table 6.23: Classification report of Gradient Boosting model 

 

The model detects 11 out of 42 sweet spot cases with recall reaching 55%. Comparing to AdaBoost 

model Gradient boosting model showed a better performance in detecting the positive cases (Y=1), 

with Recall and F1 score of 55% and 57% compared to 18% and 28%  respectively. The overall accuracy 

of the Gradient boosting model is 79%.  

Like random forest algorithm, the boosting algorithm also provides feature importance based on how 

each feature has contributed to the accuracy of the model. Gradient boosting also selected the 

poresize, SWE and VSH and PHE as well as TOC as top features (Figure 6.35), which have maximum 

information about whether a zone is sweet spot or not.  

 

Figure 6.35: Features sorted by their importance values in the gradient boosting model. 
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6.3.6.7 Comparison of All ML Techniques 

Comparing the performance of all methods is shown in Figure 6.36. Random Forest (RF) and KNN 

models showed the highest accuracy (~86%), while boosting algorithms AdaBoost and Gradient 

Boosting models showed the lowest accuracy 76% and 79 % respectfully  among others. 

 

Figure 6.36: Comparison of the used methods. 
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6.4 Estimation of Shear Wave Velocity (DTS) 

DTS estimation, by using Artificial Neural Network (ANN) was another application of Artificial 

Intelligence (AI) techniques, in this PhD thesis. The shear wave velocity log (DTS), which is a crucial 

parameter for geomechanical analysis, was not available for wells NNM-3 and Banga-M1. In this 

section, Artificial Neural Network (ANN) and Fuzzy Inference System (FIS) in integration with 

optimization algorithms, were used to estimate the absent DTS data in the mentioned wells.  

For this purpose, Gamma Ray (GR), Compressional wave velocity (DTCO), and Neutron porosity (NPHI), 

were used as the optimum input well logs. The available data from wells# NNM-1 and NNM2-Hor, 

were used as the training data and the available data from well# NNM2-Vertical used as the test data.  

6.4.1 Shear Wave Estimation Applying ANN 

Figure 6.37 exhibits the used Artificial Neural Network (ANN) structure, with 2 hidden layers 8 

neurons, in estimation of shear wave. In addition, Figure 6.38 shows the predicted DTS from ANN 

method, compared to real DTS. The estimation with this method provides a coefficient of 

determination (R2) equal 0.78 and RMSE equal 6 (Table 6.24). 

Figure 6.37: Emplayed Neural Network structure in DTS estimation. 
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Figure 6.38: Predicted DTS vs. real DTS, using neural network. 

6.4.2 Shear Wave Estimation Applying Fuzzy Logic 

The next intelligent method that being used for DTS estimation was Fuzzy Inference Systems (FIS). In 

this technique a formulation between the inputs and output will be conducted and by defining a set 

of IF-THEN rules, the estimation will be performed. In addition, in order to increase the accuracy of 

the designed FIS, Genetic Algorithm and Teaching-Learning Based Optimization (TLBO) algorithms, 

were used as two different approaches, to improve the Fuzzy structure, by tuning the fuzzy 

parameters. Figure 6.39 illustrates the results of FIS in combination with these two algorithms. 

Implementation of Fuzzy method enhanced the accuracy, comparing to ANN method.  

Table 6.24 represents the accuracy of all the methods. It turns out that the combination of FIS and 

Genetic algorithm provides a R2 equal 0.84 and outperforms the other techniques. Figure 6.40 shows 

the estimated DTS plotted against the real measurement, in the test well (Well#NNM2-Vertical). 

Afterward, by using the designed fuzzy structure, a DTS log for the other well were estimated. 
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Figure 6.39: Estimated DTS vs real DTS, using FIS combined with Genetic Alcorithm (A) and TLBO (B). 

Table 6.24: Comparing the accuracy of used methods. 

Method R2 RMSE 

ANN 0.78 6 

TLBO-FIS  0.76 8.6 

GA-FIS 0.74 8.6 

 

Figure 6.40: Estimated DTS in well#NNM2-Vertical plotted against real measurements. 
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Table 6.25: Provides advantages and disadvantages of all ML models used in this study. 

ML Techniques Advantages Disadvantage 
 
 
 
 
 

Logistic Regression 
(LR) 

Logistic regression is easier to 
implement, interpret, and very 
efficient to train. 
 
 
Makes no assumptions about 
distributions of classes in feature 
space. 

If the number of observations is lesser 
than the number of features, Logistic 
Regression should not be used; 
otherwise, it may lead to overfitting. 
 
The major limitation of Logistic 
Regression is the assumption of 
linearity between the dependent 
variable and the independent 
variables. 

 
 
 
 
 

KNN 

No Training Period 
 
Since the KNN algorithm requires 
no training before making 
predictions, new data can be 
added seamlessly which will not 
impact the accuracy of the 
algorithm. 
 
KNN is very easy to implement 

Does not work well with large dataset: 
 
Does not work well with high 
dimensions 
 
Need feature scaling: 

 
 
 

Decision Tree 

Clear Visualization 
 
Simple and easy to understand: 
 
Decision Tree can be used for 
both classification and regression 
problems 

Overfitting 
 
High variance 
Unstable 
  
Affected by noise 
  
Not suitable for large datasets 

 
 
 
 
 
 

SVM 

SVM works relatively well when 
there is a clear margin of 
separation between classes. 
 
SVM is more effective in high 
dimensional spaces. 
SVM is effective in cases where 
the number of dimensions is 
greater than the number of 
samples. 
 
SVM is relatively memory efficient 

SVM algorithm is not suitable for large 
data sets. 
 
SVM does not perform very well when 
the data set has more noise i.e. target 
classes are overlapping. 
 
In cases where the number of features 
for each data point exceeds the number 
of training data samples, the SVM will 
underperform. 

 
 
 
 
 

 
Random Forest 

• It reduces overfitting in decision 
trees and helps to improve the 
accuracy. 

• It is flexible to both classification 
and regression problems. 

• It works well with both categorical 
and continuous values. 

• It automates missing values 
present in the data. 

 

It requires much computational power 
as well as resources as it builds 
numerous trees to combine their 
outputs.  
It also requires much time for training 
as it combines a lot of decision trees to 
determine the class. 
Due to the ensemble of decision trees, 
it also suffers interpretability and fails to 
determine the significance of each 
variable. 
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Boosting 

 
Advantages 

 

 
Disadvantages 

 
 
 
 
 

AdaBoost 

it is easier to use with less need 
for tweaking parameters unlike 
algorithms like SVM 
 
AdaBoost is not prone to 
overfitting though 

Boosting technique learns 
progressively, it is important to ensure 
that you have quality data.  
AdaBoost is also extremely sensitive to 
Noisy data and outliers so if you do plan 
to use AdaBoost then it is highly 
recommended to eliminate them. 
 
AdaBoost has also been proven to be 
slower than XGBoost. 

 
 
 

Gradient boosting 

Helps in reducing variance and 
bias in a machine learning 
ensemble 
 
Simple and easy to understand: 
They automate trading to generate 
profits at a frequency impossible to 
a human trader 

It is sensitive to outliers since every 
classifier is obliged to fix the errors in 
the predecessors. Thus, the method is 
too dependent on outliers.  
 
Another disadvantage is that the 
method is almost impossible to scale up 

  



P a g e  | 219 

 

219 

 Chapter 7  

Well-Plan Optimization Using Fault Attribute Constraints 

7.1 Introduction  

As a part of my PhD thesis, this project was done in conjunction with Haliburton. Well planning in 

conventional and unconventional fields requires a robust understanding of both overburden faulting 

and smaller-scale faults in the reservoir interval. Manual fault interpretation is time consuming and 

subjective, and so fault-sensitive seismic attributes are potentially of great value for assisting the well 

planning process. This project investigated novel applications of seismic attributes for generating 

outputs that are of high downstream value for maximizing the safety and efficiency of drilling 

operations, and will implement the identified solutions in cloud-native software using unsupervised 

machine learning algorithms. 

The seismic SEGY data used in this project is from a North America oilfield (Figure 7.1), which covers 

part of the Eagleford unconventional shale play located in Texas. There are many intervals in the 

subsurface that are of interest for oil and gas exploration and development (Figure 7.2). 

 

Figure 7.1: Barnett unconventional shale play, USA (Crowne energy, 2013). 
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Figure 7.2: Eagleford unconventional shale play formations (Crowne energy, 2013). 

The vertical seismic profile of the studied field is shown in figure 7.3. Various seismic attributes were 

available for the study (figure 7.4), which are described in table 7.1. 

As the first step, the available seismic attributes were analysed to choose the best input for our model. 

 

Figure 7.3: The seismic profile of the studied field. 
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Figure 7.4: Available seismic attributes. 

 

Table 7.1: Specification of the available sersimic attributes. 

Seismic attribute specifications 

Curvature 
* Will pick up curves within reflectors or horizons (solid line). 

* The second order derivative of the surface. 

Discontinuity 
* How similar is one seismic trace to another. 

* Each algorithm is more thorough and reduces influence from noise. 

Fault likelihood 

* Based on the semblance algorithm. 

* Included is a test of the planar orientation and extent of features by 
varying the directions of test for the algorithm. 

Isotropy 

* Based on the structure tensor eigenvalues (i.e. smoothed products 
of an image gradients). 

* Smaller eigenvalues(/)directions in which eigenvalues are highest. 

dip discontinuity 
* Measures the dip from horizontal for the maximum direction of the 
structural tensor 

Instantaneous 
frequency 

* Wave propagation through faults and fractures can be attenuated 
and as such frequency can decrease 
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7.2 Utilizing Machine Learning Techniques 

Unsupervised Machine Learning can be used to: 

• Easily identifies trends and discover patterns in unlabeled dataset; 

• No human intervention needed (automation); 

• Handling multi-dimensional and multi-variety data; 

• Labelling, unlabeled dataset data;  

• Wide Applications. 

The Business impact of the project were: 

• Enable oil and gas operators to save time and money during planning and drilling of wells, 

with the focus here on identification of subsurface hazards; 

• Examine the computing power of Landmark’s cloud-native software (Figure 7.5). 

The Project focuses on: 

• An automated method to identify subsurface hazards relating to structures (e.g. faults and 

fractures, salt dome); 

• Also, of interest could be identification of hazards relating to shallow gas, H2S prediction, 

certain lithology variations (Figure 7.6); 

• A workflow that can incorporate a range of data types for creation of an integrated subsurface 

hazard volume. 
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Figure 7.5: Seismic Attribute Computation using the Seismic Engine. 

 

Figure 7.6: Hazard ranking. 

Figure 7.7 provides details of machine learning workflow (unsupervised) during this project. Several 

unsupervised algorithms were used for clustering seismic features and accuracy of the used 

unsupervised ML methods were compared and shown in Figure 7.8.  

Moreover, Correlation Matrix were carried out as a part of this project (Figure 7.9). 
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Figure 7.7: Details of the machine learning workflow. 

 

 

Figure 7.8: Accuracy of the used Unsupervide ML methods. 
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 Figure 7.9: Provided correlation matrix. 

As mentioned earlier, several unsupervised algorithms were applied in this study such as Fuzzy C-

means clustering (FCM), self-organizing map (SOM), PCA, etc. The following sub-sections describe 

each method. 

7.2.1 Fuzzy C-means Clustering (FCM) 

One of the most widely used fuzzy clustering algorithms is the Fuzzy C-means clustering (FCM) 

Algorithm. The fuzzy c-means algorithm is very similar to the k-means algorithm: 

Choose a number of clusters. 

• Assign coefficients randomly to each data point for being in the clusters. 

• Repeat until the algorithm has converged: 

• Compute the centroid for each cluster (shown below). 

• For each data point, compute its coefficients of being in the clusters. 

FCM Plot overlayed to check the match the original Fault Likelihood seismic attribute (black lines). 

Here, cluster #1 is used to assess the R2 with the Fault Likelihood (R2=0.91), (see Figure 7.10).  
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 Figure 7.10: FCM results. 

7.2.2 Principal Component Analysis (PCA) 

Principal Component Analysis (PCA) was another algorithm which was used in this study. PCA were 

used to: 

• Reduce Dimensionality 

• Find the Clusters 

• Visualize and Interpret the Clusters 

To carryout PCA, data were normalized. Figure 7.11 compare data with normalization and without 

normalization. AT the first step, the input data have been normalized between 0 and 1. Normalization 

of the input data, provided us with an enhanced resolution (Figure 7.11). 
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Figure 7.11: PCA results when data normalized vs non-normalized. 

As it can be seen from Figure 7.12 , principle components 1,2 and 3 describe (first 3 blue bars) more 

than  percent off our dataset  and only four attributes namely  isotropy, discontinuity, dip discontinuity 

and fault likelihood  provide more information (High variance) which can be used for further analysis 

(dimension reduction), (see Figure 7.13). 

 
Figure 7.12: PCA Components. 

 

Principle Component 

1, 2, 3   
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Figure 7.13: PCA Feature reduction. 

 

PCA Usually used by geoscientists to initially identify the reservoir’s stratigraphy. However, this 

method, might cause us to lose some vital information; as it only uses high variance variables, for 

example fault likelihood, discontinuity, isotropy (right hand corner of above Figure) and ignore the 

rest which might hold vital information. 

7.2.3 K-Means Clustering 

K-Means Clustering is powerful algorithm in data science and the most commonly used clustering 

method for splitting a dataset into a set of k groups. Clustering is the process of dividing the entire 

data into groups (also known as clusters) based on the patterns in the data. K-Means Clustering allows 

for identify which observations are alike, and potentially categorize them based on number of 

neighbours (K). 

Generality speaking, k-means clustering is a method of vector quantization, originally from signal 

processing, that aims to partition n observations into k clusters in which each observation belongs to 

the cluster with the nearest mean (cluster centers or cluster centroid), serving as a prototype of the 

In K-Means method, it is needed to determine clusters number before start. Optimum Cluster 

Variables 

Use by   

PCA  
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Number, in this project determined to be 6 (Figure 7.14). The final result of this technique is illustrated 

in figure 7.15. 

 

Figure 7.14: Results of K means algorithm number of k. 

 

 

Figure 7.15: K means results. 
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7.2.4 Self-Organizing Map (SOM) 

A self-organizing map (SOM) or self-organizing feature map (SOFM) is a type of artificial neural 

network (ANN) that is trained using unsupervised learning to produce a low-dimensional (typically 

two-dimensional), discretized representation of the input space of the training samples, called a map, 

and is therefore a method to do dimensionality reduction. Self-organizing maps differ from other 

artificial neural networks as they apply competitive learning as opposed to error-correction learning 

(such as backpropagation with gradient descent), and in the sense that they use a neighborhood 

function to preserve the topological properties of the input space. 

Results are from Self Organizing Map (SOM), using three input data (The Best Method) has shown in 

Figure 7.16. It provides a high-quality result detecting faults, geology variations, salt dome and provide 

very good comparison between Petrel Seismic processing and Python Unsupervised Machin Learning. 

 

Figure 7.16: Results of the classification, using Self-Organizing Map (SOM). 
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Chapter 8 

Deep Learning Application  

8.1 Introduction  

Application of Deep Learning (DL) methods for classification including low-level deep learning models, 

high–level deep learning models, tuning and deploying deep neural networks, overfitting problem, 

standardization/normalization of the dataset, etc. were investigated as a part of this PhD project.  It 

was highlighted strengths and shortcomings of each method. In particular, techniques to avoid 

overfitting which is a common problem in ML and DL such as L1, L2 regulation and dropout techniques. 

It was also illustrated solutions where aiming at increasing the performance of these by optimizing for 

precision and hyperparameter tuning as well as a clear methodology on how to apply deep learning 

techniques for any classification problems. 

8.2 DNNs Architecture for Classification 

The following DNN models were built and results were compared based on accuracy and loss in order 

to find the best model (see Table 8.1). 

Table 8.1: DL Models. 

 
DNN Models 

 
Number of 

Neurons 

 
Number 
of layers 

 
Epochs /batch size 

Metrics 

Accuracy Loss 

Small (1layer) 256 1 3/64 0.79 0.61 

Small (2 layers) 256 2 3/64 0.79 0.52 

Medium (1 layer) 512 1 3/64 0.79 0.6 

Medium (2 layers) 512 2 3/64 0.79 0.46 

Medium (scaled) 512 1 3/64 0.82 0.58 

Medium (scaled) 512 2 3/64 0.93 0.29 

Large(scaled) 1024 2 3/64 0.89 0.25 

Medium (scaled) 
2 Layers 

512 2 15/64 0.93 0.21 
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8.3 DNNs Results  

8.3.1 Small 1 Layer (Without Scaling) 

The results from the training output, Figures 8.1 & 8.2, it clearly shows that the overall accuracy for 

training as well as validation datasets was around 0.79 (79%), which is equal to our baseline accuracy. 

It can be therefore concluded that training this model further might not be a fruitful idea.  Therefore, 

the next step is to try a deeper network for the same number of neurons. So, one more layer with the 

same number of neurons was added and everything else remained unchanged. 

 

Figure 8.1: Model training & validation accuracy. 
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Figure 8.2: Model training & validation loss. 

8.3.2 Small 2 Layers (Without Scaling) 

Again, as it can be seen from Figure 8.3 & 8.4, the initial results are not at all promising. The training 

and validation accuracy from the deeper network are not improving and are equals to baseline 

accuracy (79%), even though the loss improved a bit, reducing from 61% to 52%. Instead of trying 

another deeper network with, say, three to five layers, in the next step a bigger (medium-sized) 

network was trained.  In this model new architecture with just one layer but 512 neurons were used. 

 

Figure 8.3: Model training & validation accuracy. 
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Figure 8.4: Model training & validation loss. 

8.3.3 Medium 1 Layer, 512 Neurons (Without Scaling) 

Similarly, the medium-sized network returned disappointing results, see Figures 8.5 & 8.6. The training 

and validation accuracy from the medium-sized network are not really improving to what it would be 

expected (higher than 79%). In addition, loss of this model has increased back to 58%. The next step 

is to try increasing the depth for the medium-sized network to see if the results improve.  

 

Figure 8.5: Model training & validation accuracy. 

 

Figure 8.6: Model training & validation loss. 
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8.3.4 Medium (2 Layers) 

As it can be seen from Figures 8.7 & 8.8 that the results have improved, but only by a small amount. 

(Loss decreased to 46% from 62%). It shows an accuracy of around 79% for the training and validation 

datasets, but these results are again not great, though better than what our previous model. 

 

Figure 8.7: Model training & validation accuracy. 

 

Figure 8.8: Model training & validation loss. 
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8.4 Revisiting data scaling  

The initial attempts to build a model with decent results have failed. The size and the depth of the 

network can further increase but this would only marginally increase the network performance.  

Therefor another option is to consider improving the data for training.  

There are two primary options here.  

1. Standardize the input data with a ‘Standardscaler’  

2. Minmaxscaler  

It is a good practice to normalize, standardize, or scale the input values before training. Normalizing 

the values will bring all values in the input tensor into a 0–1 range, and standardization will bring the 

values into a range where the mean is 0 and the standard deviation is 1.  This helps to reduce 

computation, as the learning improves by a great margin and so does performance, as the activation 

functions (covered in the following) behave more appropriately. Hence, standaization or 

normalization of data would be the next step. Therefore, in order to improve our model performance, 

the data was standardized.  

In standardization, transform the data into a form where the mean is 0 and the standard deviation is 

1. The distribution of the data in this form is a great input candidate for our neuron’s activation 

function and therefore improves the ability to learn more appropriately. 

8.4.1 Medium1 layer (scaled)  

As it can be seen from Graph 8.9 & 8.10 there is a drastic improvement in the performance of the 

network in providing the standardized datasets. There is about 89% accuracy on the training and 86% 

on validation datasets. The next step is to improving the architecture by building a medium-sized 

deeper network to see if the results are better than with the medium-sized network. 
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Figure 8.9: Model training & validation accuracy. 

 

Figure 8.10: Model training & validation loss. 

8.4.2 Medium 2 layers (scaled) 

Figures 8.11 and 8.12 illustrated improvement in the performance of the network by using the 

standardized datasets.  The training accuracy has improved even further to 90% and validation 

accuracy is around 86%. This small increase with just three epochs provides confidence in the 

performance for the model with the architecture. 
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Figure 8.11: Model training & validation accuracy. 

 

Figure 8.12: Model training & validation loss. 

Many more architectures can be built; however, the next step is to build a larger model and deeper 

network and see the results with 3 epochs. In case there is only small improvements, it was used the 

same architecture for 15 epochs and use the model for our final predictions. 



 
Appendix 

P a g e  | 239 

239 
 

8.4.3 DNN Large 1 layer (scaled) 

As it can be seen from Graph 8.13 & 8.14 an overall accuracy on the validation dataset as 78% and for 

the training dataset is 86%. Accuracy in both training and validation dataset has also been decreased 

in comparing to the previous model (medium +2 layers). The large model also shows overfitting 

around ~1 epoch (see Figure 8.13). 

 As it can be seen from graph 8.13 , around 1 epoch validation dataset  accuracy decreasing  while 

training dataset accuracy increasing indicating overfitting . So, there is not a significant improvement 

in the performance of the model due to increasing the size from a medium (512-neuron) to a larger 

(1024-neuron) architecture. With these results validating our experiments, a medium-sized (512-

neuron) deep network with two layers for 15 epochs was trained as our final model. 

 

 

Figure 8.13: Model training & validation accuracy. 

OVERFITTING 
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Figure 8.14: Model training & validation loss. 

8.4.4 Final Model (Medium 2 Layers +15 Epochs) 

The final model with a medium-size architecture of 512 neurons and two layers gave great 

performance results on the training and validation datasets accuracy of ~93% and ~86% respectively 

(see figure 8.15 and 8.16). Comparing to the early models, it demonstrated a better performance and 

higher accuracy, increasing from 79% to 86%. 

As it can be seen from graph 8.16 decreasing loss across both datasets. However, around ~6 epochs 

overfitting can be observed. In scenarios, it was observed a huge gap between the training and the 

validation data for any metric, it would be an indication of an overfitting model. 

In such cases, the model performs very well on the training dataset but performs very poorly on the 

unseen data (i.e., validation as well as test dataset). Similarly, by looking at the accuracy metric during 

the model training, the accuracy metric for the training is higher than validation datasets which 

indicates overfitting. Both plots (the accuracy and loss for training and validation), as it can be seen 

from Figures 8.15 & 8.16, were considered in each epoch (15 in total for this model).  
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Figure 8.15: Model training & validation accuracy. 

 

Figure 8.16: Model training & validation loss. 

  

OVERFITTING 

OVERFITTING 
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8.5 Tuning and Deploying Deep Neural Networks 

In this section, different methods were explored in order to increase the performance and avoiding 

overfitting. Therefore, the following methods were investigated: 

• Regularization 

• Dropout 

• Hyperparameters Tuning 

8.5.1 The Problem of Overfitting 

In the process of developing and training ML and DL models often come across a scenario where the 

trained model seems to perform well on the training dataset but fails to perform similarly on the test 

dataset. In data science, this phenomenon is called “overfitting” (Figure 8.17).  

 

 

Figure 8.17: The concept of overfitting and underfitting (Bhande, 2018). 

 

When a DL model learns from the noise and accommodates by adjusting the weights to suit the noise, 

it overfits the data.  This problem becomes serious, since learning noise results in a significant decrease 

in model performance. That is the reason you would observe a large gap between the performance of 

a model on training data and the performance on unseen data. 
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Therefore, in order to overcome overfitting some techniques should be used such as: 

• Regularization (L1, L2) 

• Dropout Regularization 

• Batch normalization 

8.5.2 Regularization 

In simplest terms, regularization is a process to reduce overfitting. It is a mathematical way of inducing 

a warning into the model’s learning process when it accommodates noise. To put it simply, it is a 

method to penalize the model weights in the event of overfitting. In DL, the weights of the neuron 

connections are updated after each iteration. When the model encounters a noisy sample and 

assumes the sample is a valid one, it tries to accommodate the pattern by updating the weights aligned 

with the noise, (Moolayil et al., 2016). 

The procedure of regularization adds the weights of the edges to the defined loss function and 

holistically represents a higher loss.  The network then tunes itself to reduce the loss and thereby 

makes the weight updates in the right direction; this works by ignoring the noise rather than 

accommodating it in the learning process. The process of regularization can be demonstrated as: 

𝐶𝑜𝑠𝑡 𝐹𝑢𝑛𝑐𝑡𝑖𝑜𝑛 = 𝐿𝑜𝑠𝑠 (𝑎𝑠 𝑑𝑒𝑓𝑖𝑛𝑒𝑑 𝑓𝑜𝑟 𝑡ℎ𝑒 𝑚𝑜𝑑𝑒𝑙) + 𝐻𝑦𝑝𝑒𝑟𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟 × 𝑊𝑒𝑖𝑔ℎ𝑡𝑠              (Equation 8.1) 

Based on how the weights are added to the loss function, there are two different types of 

regularization techniques: L1 and L2. 

8.5.2.1 L1 Regularization 

In L1 regularization, the absolute weights are added to the loss function. To make the model more 

generalized, the values of the weights are reduced to 0, and therefore this method is strongly 

preferred when trying to compress the model for faster computation, (Moolayil et al., 2016). 
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The equation can be represented as: 

𝐶𝑜𝑠𝑡 𝐹𝑢𝑛𝑐𝑡𝑖𝑜𝑛 = 𝐿𝑜𝑠𝑠(𝑎𝑠 𝑑𝑒𝑓𝑖𝑛𝑒𝑑) +
𝜆

2𝑚
∗ ∑‖𝑊𝑒𝑖𝑔ℎ𝑡𝑠‖                                                   (Equation 

8.2)According to Figure 8.18 and 8.19, it illustrates that using L1 regularization did not improve the 

model and sill experienced overfitting. 

 

Figure 8.18: L1 Regularization accuracy. 

 

Figure 8.19: L1 Regularization loss. 
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8.5.2.2 L2 Regularization 

In L2 regularization, the squared weights are added to the loss function. To make the model more 

generalized, the values of the weights are reduced to near 0 (but not actually 0), and hence this is also 

called the “weight decay” method. In most cases, L2 is highly recommended over L1 for reducing 

overfitting (see Figures 8.20 & 8.21). 

 

Figure 8.20: L2 Regularization accuracy. 

 

Figure 8.21: L2 Regularization loss. 

Similar to L1, using L2 Regularization also show some degree of overfitting and performance did not 

improve significantly. 
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8.5.2.3 Dropout Regularization 

In addition to L1 and L2 regularization, there is another popular technique in DL to reduce overfitting. 

This technique is to use a dropout mechanism. In this method, the model arbitrarily drops or 

deactivates a few neurons for a layer during each iteration. Therefore, in each iteration the model 

looks at a slightly different structure of itself to optimize (as a couple of neurons and the connections 

would be deactivated).  

The idea of dropout can be visually understood using the following Figure 8.22. It can be seen that the 

regular network has all neurons and connections between two successive layers intact. With dropout, 

each iteration induces a certain defined degree of randomness by arbitrarily deactivating or dropping 

a few neurons and their associated weight connections (Moolayil et al., 2016). 

 

Figure 8.22: Dropout Regularization Concept (Morton,2020). 
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Figure 8.23 and 8.24 show the results of dropout regularization. 

1. One Dropout Layer  

 

 

 

Figure 8.23: Model training & validation accuracy. 

 

Figure 8.24: Model training & validation loss. 
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2. Two dropout layers  

 

 

Figure 8.25: Model training & validation accuracy. 

 

Figure 8.26: Model training & validation loss. 
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According to Table 8.2, using only one dropout layer did not affect that much, however, applying two-

dropout layers decreased validation loss from 30% to 21%. This technique also revealed as an effective 

and important method to avoid overfitting. 

 

Table 8.2: Dropout results comparison. 

Dropout 
layer 

Accuracy Loss 

Dropout 
layer (1) 

86% 30% 

Dropout 
layer (2) 

86% 21% 

 

8.5.3 Batch Normalization 

Batch normalization was another technique to be used in this PhD project to improve the performance 

and reducing overfitting. Figures 8.27 and 8.28 illustrated results of two batches normalization 

compare to one batch normalization (see Figures 8.29 & 8.30). 

Table 8.3, also, compares the results. As it can be seen, batch normalization did not show any 

improvement and very large degree of overfitting. Overall, comparing the above techniques, L1, L2 

Regularization, batch normalization and dropout, confirmed that dropout technique would increase 

accuracy and performance better as well as reducing overfitting among other techniques.  
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Figure 8.27: Model training & validation accuracy (two batches). 

 

Figure 8.28: Model training & validation loss (two batches). 
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Figure 8.29: Model training & validation accuracy (one batch). 

 

Figure 8.30: Model training & validation loss (one batch). 

Table 8.3: Batch normalization results comparison. 

Batch Normalization 
Number of 

batches 
Accuracy Loss 

Batch (1) 1 93% 42% 

Batch (2) 2 79% 48% 

 

8.5.4 Hyperparameter Tuning 

Hyperparameters are the parameters that define a model’s holistic structure and thus the learning 

process. Hyperparameters also can be related as the metaparameter for a model. It differs from a 

model’s actual parameters, which it learns during the training process (say, the model weights). Unlike 

model parameters, hyperparameters cannot be learned; therefore, it needs to tune them with 

different approaches to get improved performance (Moolayil et al., 2016). Hyperparameters 

optimization is a big part of deep learning. The reason is that neural networks are notoriously difficult 

to configure and there are a lot of parameters that need to be set. On top of that, individual models 

can be very slow to train, (Jason et al., 2019). 
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There are several hyperparameters available for a DL model such as: 

• Number of Neurons in a Layer 

• Number of Layers 

• Number of Epochs 

• Weight Initialization 

• Batch Size 

• Learning Rate 

• Activation Function 

• Optimization 

Selecting the most appropriate value for a hyperparameter based on the data and the type of problem 

is more of an art.  The process of hyperparameter tuning in DL is almost always slow and resource 

intensive.  

However, based on the style of selecting a value for hyperparameter and further tuning model 

performance, it can be divided different types of approaches into four broad categories (Moolayil et 

al., 2016): 

1. Manual Search 

2. Grid Search 

3. Random Search 

4. Bayesian Optimization 

8.5.4.1 Number of Neurons in a Layer 

For most classification and regression cases using tabular cross-sectional data, DNNs can be made 

robust by playing around with the width of the network (i.e., the number of neurons in a layer) 

(Moolayil et al., 2016). Generally, a simple rule of thumb for selecting the number of neurons in the 
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first layer is to refer to the number of input dimensions. If the final number of input dimensions in a 

given training dataset (this includes the one-hot encoded features also) is x, should use at least the 

closest number to 2× in the power of 2.  

For example, in our dataset, there is 10 input dimensions in the training dataset: preferably start with 

2 × 10= 20, and take the closest power of 2, so 16. It is good to have the number of neurons in the 

power of 2, as it helps the computation of the network to be faster. Also, good choices for the number 

of neurons would be 8, 16, 32, 64, 128, 256, 512, 1024, and so on. Therefore, to find the optimum 

number of neurons the following neuron numbers were used and models: 1, 128, 10, 16, 20, 32, 512.  

As it can be seen from Table 8.4, by comparing all the scores, 512 neurons provided the highest 

accuracy (~ 89%). Therefore, in the first layer 512 neurons were used in input layer. Table 8.4 

Comparison of the scores of each neurons number. 

Number of Neurons Best Scored 

1 0.849985 

10 0.842 

16 0.842 

20 0.833 

32 0.845 

128 0.872 

512 0.887 

1024 0.850 

  

8.5.4.2 Number of Layers 

Adding a few more layers will generally increase the performance, at least marginally. However, the 

problem is that with an increased number of layers, the training time and computation increase 

significantly. Moreover, it would need a higher number of epochs to see promising results. Not using 

deeper networks is not an always an option; in cases when you have to, try using a few best practices. 

It has recommended that for large network of DL to try using a tapering size architecture (i.e., gradually 

reduce the number of neurons in each layer as the depth increases), see Figure 8.31. For the last 
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hidden layer (not the output layer), try keeping the number of neurons to at least around 30-40% of 

the input size. Figure 8.31 can be used as an example. 

Alternatively, the wider networks (i.e., not reducing the number of neurons in the lower layers), is 

used it has also recommended to use L2 regularization or dropout layers with a drop rate of around 

30%. The chances of overfitting are highly reduced. 

 

Figure 8.31: Sample targeting network architecture (Moolayil et al., 2019). 

Therefore, based on Figure 8.31, two layers with 512 and 150 neurons were used in the first and 

second layer respectively in the final DL model. 

8.5.4.3 Number of Epochs and Batch Size. 

Sometimes, just increasing the number of epochs for model training delivers better results, although 

this comes at the cost of increased computation and training time. In order to find the optimum batch 

size and epochs numbers the following sensitivities were run (see tables 8.5 and 8.6). 
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Table 8.5: Batch size. 

Batch Size Accuracy (%) 

28 0.88 

32 0.88 

64 0.90 

 

 

Table 8.6: Number of epochs. 

 Epochs Accuracy (%) 

15 0.86 

30 0.90 

60 0.87 

 

The grid search results (Tables 8.5 and 8.6) illustrated that batch size and epochs of 64 and 30 scored 

the highest accuracy, hence they were chosen as the best among other sensitives carried out. 
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8.5.4.4 Weight Initialization 

Initializing the weights for the network also has an impact on the overall performance.  A good weight 

initialization technique not only speeds up the training process but also circumvents deadlocks in the 

model training process (Moolayil et al., 2016). 

By default, the Keras framework uses glorot uniform initialization, also called Xavier uniform 

initialization. The weights can be initialized for a layer using the kernel initializer parameter as well as 

bias using a bias initializer (Moolayil et al., 2016). 

8.5.4.5 Learning Rate and Momentum  

Learning rate is defined in the context of the optimization algorithm. It defines the length of each step 

or, in simple terms, how large the updates to the weights in each iteration can be made. The default 

value is 0.001, and this is a great choice for most scenarios. However, as a part of this research project 

the following sensitives for learning rate and momentum were used (Tables 8.7 & 8.8). 

Table 8.7: Comparing different Learning rates to find the optimum value (Optimum value bolded). 

Learning rate Accuracy (%) 

0.001 0.850139 

0.01 0.871415 

0.1 0.835954 

0.2 0.835800 

0.3 0.871261 
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Table 8.8: Comparing different Momentums to find the optimum value (Optimum value bolded). 

Momentum Accuracy (%) 

0.0 0.864323 

0.2 0.85723 

0.4 0.871415 

0.6 0.850139 

0.8 0.857231 

0.9 0.850139 

 

Tables 8.7 & 8.7 confirm that learning rate of 0.01 and momentum of 0.4 were selected as the 

optimum values. 

8.5.4.6 Activation Function 

There are plenty choices of activation functions for the neurons. In most cases, ReLU works well. Using 

ReLU as an activation for most cases will give favorable results.  In cases where ReLU does not perform 

as well as expected, experimenting with PReLU is an alternative option (Moolayil et al., 2016). The 

following activation functions ([Softmax, softplus, softsign, relu, tanh, sigmoid, hard_sigmoid, linear]) 

were used and the results based on accuracy were compared (Table 8.9). 

As it can be seen from Table 8.9, Relu activation function provided the highest accuracy of 88%. Hence, 

relu was chosen for further analysis. Based on the above tables Learning rate and momentum of 0.01 

and 0.4 were selected respectively for further analysis. 
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Table 8.9: Activation Function. 

Best Score Activation 

0.88 'Relu' 

0.84 'Softmax' 

0.86 'softplus' 

0.86 'softsign' 

0.85 'tanh' 

0.85 'sigmoid' 

0.87 'hard_sigmoid' 

0.87 'linear' 

8.5.4.7 Optimization 

There are several optimization algorithms available for deep learning model similar to activation 

function. The following optimizers (SGD, RMSprop, Adagrad, Adadelta, Adam, Adamax, and Nadam) 

were modelled and compared the results based on accuracy. As it can be seen from Table 8.10 

Adagrad activation function provided the highest accuracy of 88%. Hence, it was chosen for further 

analysis. 

Table 8.10: Activation functions performance. 

Best Score Optimizer 

0.85 'SGD', 

0.86 'RMSprop', 

0.88 'Adagrad' 

0.87 Adadelta' 

0.86 'Adam' 

0.86 'Adamax' 

0.85 'Nadam' 
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After carried the above sensitivities, the following optimal value were used in final DL model, (see 

Table 8.11).  

 

Table 8.11:  The optimum values for Hyperparameters 

The optimum values of Hyperparameters 

Number of neurons  512 

Number of layers 2 

Activation Function 'Relu' 

Batch size 64 

Epochs 30 

Optimizer 'Adagrad' 

Kernel Initializer Uniform 

Learning Rate 0.01 

Momentum  0.4 

Weight Initialization Xavier uniform 
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8.6 Final Model 

Final model was built based optimum values in Table 8.11. The results showed an increased accuracy 

of 97% and loss around 18% (see Figures 8.34 & 8.35). 

 

 

Figure 8.34: The Final Model training & validation accuracy. 

 

 

Figure 8.35: The Final Model training & validation loss. 
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Figure 8.36 illustrates the performance of all DL models.  

 

Figure 8.36: Comparison of performances of all the DL models. 

Figure 8.37 shows the comparison between all DL and ML models in this study. 

 

Figure 8.37: DL Vs ML models. 

Unscaled Models 
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Table 8.12:  Provides DL hyperparameter turning guidelines.  

Hyper Parameter Tuning  
 

Hyperparameter Recommendations 

 
 

Dataset 

For any hyper-parameter that has an impact on the effective 
capacity of a learner, it makes more sense to select its value 
based on out-of-sample data (outside the training set), e.g., a 
validation set performance, online error, or cross-validation error. 
The larger data size improves the accuracy of model. The 
threshold of above 50 data points is a good start. 

 
 
 
 

Number of neurons 

The first hyperparameter to tune is the number of neurons in 
each hidden layer. 
In this case, the number of neurons in every layer is set to be the 
same. It also can be made different. 
The number of neurons should be adjusted to the solution 
complexity.  
The task with a more complex level to predict needs more 
neurons.  
The number of neurons range is set to be from 10 to 100 

 
 

Number of  hidden layers 

The number of hidden neurons should be between the size of the 
input layer and the size of the output layer. The number of hidden 
neurons should be 2/3 the size of the input layer, plus the size of 
the output layer. The number of hidden neurons should be less 
than twice the size of the input layer 

 
 
 
 
 
 

Epochs 

A too-small number of epochs results in underfitting because the 
neural network has not learned much enough. The training 
dataset needs to pass multiple times or multiple epochs are 
required.  
 
On the other hand, too many epochs will lead to overfitting where 
the model can predict the data very well, but cannot predict new 
unseen data well enough. 
 
The number of epoch must be tuned to gain the optimal result. 
This demonstration searches for a suitable number of epochs 
between 20 to 100. 
 
The dimensions are less than or equal to 4 

 
 
 
 
 

Batch size 

Smaller values of batch size may benefit from more exploration in 
parameter space and a form of regularization both due to the 
“noise” injected in the gradient estimator, which may explain the 
better test results sometimes observed with smaller batch size. 
 
On the other hand, the batch size increases, the number of 
updates per computation done decreases, which slows down 
convergence (in terms of error vs number of multiply-add 
operations performed) because less updates can be done in the 
same computing time. 
 
The dimensions are less than or equal to 4 

 
 
 
 

Learning rate 

A higher learning rate makes the model learn faster, but it may 
miss the minimum loss function and only reach the surrounding 
of it. A lower learning rate gives a better chance to find a 
minimum loss function. As a tradeoff lower learning rate needs 
higher epochs, or more time and memory capacity resources. 
 
The proportion that weights are updated; 0.01 is a good start 
 
The dimensions are less than or equal to 4 



 
Appendix 

P a g e  | 263 

263 
 

Chapter 9 

Summary, Conclusion and Future Work 

9.1 Conclusions 

This thesis presents novel method in conjunction with AI techniques to evaluate the complex 

characteristics of unconventional reservoirs in order to increase productivity and to optimise 

production performance of these resources while also developing new methodology and guideline for  

development of  unconventional resources. The main results are summarised as:  

 

1. Demonstrated a multidisciplinary data-driven workflow that provides a comprehensive, cost 

effective and efficient guideline for exploiting Unconventional Resource Play (UPR). 

2. The well performance results, based on sweet spot mapping, showed increasing oil recovery 

factors which can avoid unnecessary hydraulic fractures hence reducing cost and affecting 

environment. 

3. Reservoir characterization using subsurface or sweet spot modelling during exploration and 

appraisal characterizing the reservoir is a time-consuming process and chore and heavily relies on 

2D and 3D modelling. However, Quick Analyser (QA) method provides results, which are robust 

and quick baseline for field development that reduces technical and commercial 

4. Quick Analyser (QA) technique, which is a data-driven approach, integrate all subsurface 

parameters to identify the productive zone and it is applicable for any type of reservoir. This 

method can optimize filed development by reduces technical and commercial risk and establishes 

repeatable, more profitable recovery without any traditional 2D and 3D modelling 

5.  Applying Quick Analyser (QA) method can provide: 

➢ Initial and vital information about the subsurface quickly and with high accuracy  

➢ More complete understanding of the reservoir on using real-time data on the site  
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➢ Cost effective field planning and optimal well placement (identify location of sweet spots 

benefits the horizontal well drilling and the selection of perforation easily) 

6. Different machine learning algorithms were used in this study in order to detect sweet spots as a 

supervised learning problem and used tools and methodology from machine learning to build 

data-driven sweet spot classifiers 

7. Unsupervised machine learning techniques are quick to utilize, allow many datasets to be 

combined and assessed together, and highlights subsurface variability 

8.  DL models performed  better than ML models, emphasizing the importance of deep learning 

model 

Based on the achievements outlined above, a detailed summary is provided in the following section. 

9.1.2 Geological/Geochemical Analysis (Chapter 3) 

 

1. TOC content was approximated, using both direct and indirect wireline techniques. As NMR log 

was only available for one well, we attempted to find the best correlation between the calculated 

TOC from indirect methods and NMR method 

2. An adjusted Schmoker’s method turns out to be the best fit, regardless of its simplicity. Using the 

adjusted equation, the TOC was calculated for other wells within the field and a 3D model of TOC 

was constructed. Moreover, the following conclusions can be made: 

➢ Upper Djeno A and Middle Djeno A determined to be the subzones with the highest 

potential of productivity, based on Geological/Geochemical parameter 

➢ Observed TOC trend from Indirect wireline methods comprising Passey’s, Schmoker’s, 

and Issler’s methods, despite their limitations, showed good agreement with NMR 

method 

3. Implementation of NMR log method, can be useful to improve the estimated TOC from 

conventional well logs, by calibrating their results 
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9.1.3 Petrophysical/Geomechanical Analysis (Chapter 4) 

1. The shale (clay) volume  was  measured by Gamm Ray (GR), Neutron-Sonic (NS), Density-

Neutron (DN), and Density-Sonic (DS). Afterward an arithmetic mean of all the used method, 

considered as the shale volume for each of the wells  

2. Permeability was measured by the NMR log and Stoneley wave velocity along with core 

permeability data are available for NNM-1, this well considered as the key well for 

permeability determination. By using rock typing results from the previous section, SDR and 

Timur-Coates equations, and Stoneley wave, several permeability logs been generated 

3. The porosity was calculated based on Neutron, Density, and Sonic logs. An average of the used 

methods (PHIT_S and PHIT_ND), considered as the total porosity for each of the available 

wells. As an example, calculated total porosity and effective porosity for NNM-1 

4. Reservoir lithology and fluid substitution (Oil/Water Saturation) had been determined by 

using available well logs (Gamma ray, Density, Neutron, Sonic, Resistivity) in the Geolog 

software’s multimin tab 

5. By employing available core test permeability data, for wells NNM-1 and Banga-M1, the RQI, 

FZI, and HFU had been determined. A log–log plot of RQI versus normalized porosity is a 

primary tool for determining the flow unit numbers .Samples with similar FZI values lie close 

together on a straight line with a unit slope  

6. As another efficient method, also a Probability plot of Log FZI established. Therefore , six HFUs 

were distinguished. This is consistent with the results of the previous method, which indicated 

the reliability of the applied method.  

9.1.4 Sweet Spot Modeling and Hydraulic Fracturing Analysis (Chapter 5) 

1. Although the development of new technologies has driven down the cost of extraction, 

pursuing hydrocarbons in unconventional reservoirs continues to be risky and capital 

intensive 
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2. Very little emphasis is placed on reducing subsurface uncertainty.  Instead of gathering 

pertinent reservoir data for well control, operators rely heavily on offset data to economically 

appraise prospect-drilling locations, determine horizontal well placement and design fracture 

operations. This strategy has proven to be only partially effective 

3. Production performance is highly dependent on accurately placing horizontal wells and 

fracture stages in reservoir intervals that have quality rock properties and good production 

potential (sweet Spots) 

4. However, because many operators do not characterize the reservoir, they drill and stimulate 

blindly. Many don’t understand the reservoir’s fracture capability (shale brittleness, stress, 

and clay content) or if their wells were placed in organic- rich (high total organic content or 

hydrocarbons) zones 

5. Without evaluating the reservoir, operators can’t place wellbores in the most productive 

zones, selectively fracture the zones with the most production potential 

6. Sweet spots modelling can result in is a lower cost for completions, higher initial production 

and recovery, and drilling less wells to penetrate enough sweet spots to make the 

development economic This can save operators considerable amount of unnecessary time 

and investment 

9.1.5 Applying Machine Learning Techniques (Chapter 6) 

1. It was observed that all methods considered need some sort of pre-processing or additional 

tuning to attain practical utility 

2. While the application of KNN and random forest show a fair degree of promise, scoring the 

highest 86%, boosting algorithms AdaBoost and Gradient Boosting models exhibited the 

lowest accuracy of 76% and 79 % respectfully  among  all sensitivities 

3. Feature importance used by random forest and Gradient Boosting showed an important role 

in a predictive modeling project, including providing insight into the data, insight into the 
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model, and the basis for dimensionality reduction and feature selection that can improve the 

efficiency and effectiveness of a predictive model on the problem 

4. The Decision tree model was very intuitive and easy to explain and interpret.  

5. Finding optimal cut off value in logistic regression and  hyperparameter tuning technique  

showed an important method to increase predicting positive cases (Y=1) and  accuracy 

6. All in all, using Machin Learning Techniques in Oil and Gas Industry will provide us with: 

➢ Higher Accuracy; 

➢ Faster Performance; 

➢ Avoiding license costs. 

9.1.6 Well-Plan Optimization Using Fault Attribute Constraints (Chapter 7) 

1. Subsurface drilling hazards can be evaluated and visualized together in one subsurface volume 

using this workflow 

2. The results could be (semi-)automated by using supervised machine learning techniques when 

the geoscientist has classified the nodes/clusters 

3. Halliburton novel technique that using cloud technology showed a powerful, quick, and 

versatile technology for maximizing the safety and efficiency of drilling operations 

4. Personally, I believe in necessity of bridging between emerging technologies and oil industry. 

5. As they say: “Early adoption will save time and money in the future”! 

9.1.7 Deep Leaning Application (Chapter 8) 

1. Similar to ML methods, it was observed that all DL methods considered need some sort of 

preprocessing or additional tuning to attain practical utility 

2. All scaled scenarios increased the accuracy from unscaled scenarios this indicates the 

importance of scaling or normalization both Deep Learning and ML techniques 

3. The greatest increase in accuracy comes from models increasing the layers rather than 

increasing neurons 
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4. A medium size deep learning model with 512 neurons, 2 layers, 30 epochs and 64 batch size 

shows a much better accuracy compared to the others, indicating that tuned model in Deep 

Learning can increase the accuracy and performance 

5. Hyperparameter tuning plays an important role in increasing performance and accuracy 

6. Dropout technique also shows an efficient method to tackle overfitting problem. 

7. Keras which is an high-level API for building and training deep learning models showed very 

powerful and versatile tools to carryout deep learning models  

9.2 Future Work 

Considerable amount of work was made in this study to evaluate unconventional reservoir in tight oil  

reservoirs; however, further attempts could be made to improve the overall understanding of 

evaluation and stimulation of unconventional  reservoirs some of which are recommended below as 

future work: 

1. Use of Deep leaning and CNN & GAN techniques in predicting sweet spots could help to 

improve on the predictions in unconventional reservoirs.  

2. Use of QA in predicting productive zones in conventional  and unconventional  reservoirs 

3. Improve performance and accuracy of QA in conjunction with AI. To achieve this, a database 

of unconventional reservoirs is essential, because training the network to be able to predict 

accurately the productive zone relies heavily on having available data. The main challenge will 

be with obtaining reliable data for such training and prediction by the network 

4. The effect of heterogeneity should also be investigated more to understand the  productivity 

of unconventional reservoir  

5. Finally, consideration of hydraulic fracturing in conjunction with AI techniques in order to 

improve hydraulic fracturing optimization, lowering cost and increasing productivity by 

targeting potential zones  
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Figure A.1: Swarm plot, K_FZI. 

 

Figure A.2: Swarm plot, Young's modulus. 

 

Figure A.3: Strip plot, TOC. 
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Figure A.4: Shows TOC histogram distribution. 

 

Figure A.5: shows Brittleindex distribution. 

 

Figure A.6: Poresize distribution. 

 

Figure A.7: TOC distribution. 

Appendix  



 
Appendix 

P a g e  | 279 

279 
 

 

 

Figure A.8: Shows SWE distribution. 

 

 

Figure A.9: Shows Brittleindex distribution. 

 

Figure A.10: Shows K_FZI distribution. 

 

Figure A.11: Shows VSH distribution. 
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