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ABSTRACT

Current development decision-making practices in the oil and

gas

industry focus on detailed modelling of every decision parameter such

as

reservoir behaviour, oil and gas reserves, production schedule, facilities design,

costs and prices individualty without paying adequate attention to the
dependencies and interactions between these parameters. Modelling of
dependencies and interactions promotes the integration

of all the

relevant

parameters of petroleum project evaluation in a holistic manner. Separate and
sequential modelling of individual components of investment decisions limits the

ability to examine how changes in one component impact on other components of
the system. Literature review revealed that current oit and gas practices ignore
dependencies at reserves, project and portfolio levels.

This thesis first investigates the impact of dependencies at the reserves
level and tests the copulas approach as a nevv statistical tool for modelling
dependencies in reserves calculations. Secondly, it hypothesizes that modelling
dependencies and interactions should not be limited to estimating reserves, but

should be extended to model the total system representing the whole project.

Thirdly, it explores the impact of dependencies and interactions at the portfolio
level. Finally, this thesis compares the systems approach for investment decision
making, with the current industry practice of using decision tree analysis.

This thesis concludes that at the reserves level

dependencies are

significant, and the copulas approach proved to be a better method than the
envelope and regression methods, but yielded similar results as the Iman-

conover method.

At the project level, the impact of

dependencies and

interactions are significant. This is demonstrated by comparing the systems
approach which captures dependencies, to the sequential approach which
ignores them.

At the portfolio

level, including dependencies and interactions

leads to higher efficient portfolio frontier and yields greater returns at the same

level of risk. Finally, the systems approach proposed in this thesis is superior in

câpturing dependencies and interactions compared to the decision tree analysis
approach currently used in the oil and gas industry. This research concludes

that in the context of

dependencies

and interactions and the problem

investigated, the systems approach is the way forward for economic evaluations
of oil and gas projects.

1V

PUBLICATIONS

Peer reviewed J ournal Paners
Al-Harthy, M. Begg,

S.

Bratvold, R. Copulas: A New Technique to Model

Dependence in Petroleum Decision Making. Special issue: Oil and Gas

Exploration and Production Research in Australia 2005. fournal of Petroleum
Science ønd Engineeríng, 2006 (in Press). Accepted in 18 March' 2005.

Al-Harthy, M. Khurana, A. Begg, S. Bratvold, R. Sequential and Systems
Approaches

for

dependencies

Evaluating Investment Decisions: Influence

of

functional

and interactions. The Auslralían Pelroleum Production

Exploratìon Assocíation (APPEA) JournøL. Volume

46,partlr

and

7-11 May, 2006.

(in

press). Accepted in 21 September, 2005.

Conference Paners
Al-Harthy, M. Khurana, A. Begg, S. Bratvold, R. Sequential and
Approaches

for

Evaluating Investment Decisions: Influence

of

Systems

functional

dependencies and interactions. Presented at the Gold Coøst APPEA 2006. Gold
Coast,

Australíø

7-11 May,2006. Accepted

in 21 September,2005.

At-Harthy, M. Khurana, A. Portfolio Optimization: Systems vs. Sequential. SPE
101152 Asìa PaciJìc Oil

&

Gas Conference and Exhìbìtion to be held in Adelaide'

Auslrølía, 11-13 September, 2006. Accepted in 23 FebrüârY, 2006.

v

STATEMENT OF' ORIGINALITY
This work contains no material which has been accepted for the award of any
other degree or diploma at any university or other tertiary institution and, to the best

of my knowledge and belief, this thesis contains no material previously published or
written by another person, except where due reference has been made in the text.

thesis, when deposited in the University
being available for loan and photocopying.

I give consent to this copy of my

Signed:

Llbrary,

Date --!/-/-H-e-o--n-6,-

vl

TABLE OF CONTENTS

ACKNOWLEDGMENTS
ABSTRACT

111

PUBLICA.TIONS

V

STATEMENT OF ORIGINALITY

vi

TABLE OF CONTENTS

vii

LIST OF FIGURES

xi

LIST OF TABLES

xiv

NOMENCLATURE

xvi

CHAPTER

1.

WHY IS THIS RESEARCH IMPORTANT?

1.

Current challenges in petroleum industry
1.1. Investment performance of the upstream oil and gas industry
1.2. Current practice in oil and gas industry
1.2.1. Precision axis
1.2.2. Uncertainty axis
I.2.2.1,. Below and above ground uncertainties
1.2.2.2. Dependencies in an uncertain environment
1.2.3. Integration axis
I.2.3.L The narrow picture
L2.3.2. Missing interactions at the project levels
I.2.3.3.Interactions at the portfolio level
1.3. Current industry approach: decision tree analysis
1.4. Vision for the future, where we want to be
1.5. Objectives and scope of the research
1.6. How the thesis objectives contribute to the vision model
1.7. Outline of this thesis

I

)
6

6
7
7

t0
11

ll

11

I2
13
13

t4
t7
l8

vll

TABLE OF CONTENTS

CHAPTER 2.
DO STOCHASTIC AND INTEGRATED MODELS ADD YALUE?
2. Introduction
2.1. What are the chances of flrnding hydrocarbon?
2.2. What is the original oil (hydrocarbon) in place and how much can be
recovered?
2.3. What is the production forecasting?
2.4. How to develop?
2.5. Is it economically viable?
2.6. The value of integration through dependencies and interactions
2.7 . lntegration of people
2.8. Summary

2l
22

24
26
29

3l
35

37
38

CHAPTER 3.
TECHNIQUES FOR MODELLING STATISTICAL DEPENDENCE

3. Introduction

40

3.1 . Correlations and Dependencies

4l

3.LL

Pearson (linear) correlation

3.1.2. Spearman rank comelation
3.1.3. Kendall's tau (t ) correlation
3.1.4. The Envelope method
3.1.5. Iman -Conover method
3.1.6. Regressionfitting
3.2. Copulas
3.3. Construction of Archimedean copulas and simulation
3.4. Summary

4I
42
43

44
45
46
46
50
54

CHAPTER 4.

FUNCTIONAL DEPENDENCE AND SYSTEMS MODELLING AT
PROJECT AND PORTFOLIO LEVELS

4. Introduction

55

4.1. Systems approach
4.2. Sequential approach
4.3. Treatment of dependencies and interactions in the two approaches
4.3.L Example. l. Nofunctional dependence
4.3.2. Example. 2. Withfunctional dependence
4.4. Dependencies and interactions at the portfolio levels
4.5. Current portfolio modelling: what is missing?
4.6. Summary

56
51
58
58
61

63

64
67

vlll

TABLE OF CONTENTS

CHAPTER 5.

METHODOLOGY: CONSTRUCTION OF COPULAS AND SYSTEMS
APPROACH

5. lntroduction
5.1. The copulas methodology
5.1.1. The constructíon and simulation of copulas
5. 1. 1. 1. General analytical simulation technique
5.1.1.2. A numerical root finding simulation technique
5.1.2. The comparisons of copulas and other methods
5.1 .2.I. Non-parametric estimates
5 .l .2.2. Parametric estimates
5.2. The stochastic integrated model: A systems approach
5.2.1. Reserve section
5.2.2. Rig selection and drilling program
5.2.3. Production profile
5.2.4. Facility and Export section
5.2.5. Economic Section
5.2.5.1. Price models

68
69

69
69

7l
75
75

79
81

8l
84
85

92
95

96

CHAPTER 6.
TESTING COPULAS: MODELLING DEPENDENCE IN RESERVES
CALCULATIONS

6. Introduction
6.1. Reserves estimation: data and assumptions
6.2. Results

6.2.1. Iman- Conover Method
6.2.2. Envelope Method
6.2.3. Regressionfitting Method
6.2.4. Copulas Method
6.2.5. Summary and analysis
6.3. Discussion
6.4. Conclusion

100
100

t02
r02
103
103

104
104
110
118

CHAPTER 7.
SIGNIFICANCE OF CAPTURING FUNCTIONAL DEPENDENCIES
AND INTERACTIONS
7. úrtroduction
7.1. Experiments
7. L 1 . No functional dependence case
7.1.2. Inclusion offunctional dependence
7.2. Offshore development project: Data and assumptions
7.3. Results and discussion
7.3.1. The Nofunctional dependence case
7.3.2. Sensitivity analysis

120
120

t2l
122

r23
126
r27
131

IX

TABLE OF CONTENTS

7.3.3.

functional dependence case
7.3.3. 1.The functional dependence case: Thickness
7 .3.3.2.The functional dependence case: Permeability
7.3.3.3.The functional dependence case:'Water Saturation
7 .3.3.4.The functional dependence case: Porosity
7.3.3.5.The functional dependence case: Total number of wells
7.3.3.6. All functional dependencies combined
7.4. Conclusion
The

134

r34
r36
r37
138

r39

t4l
r44

CHAPTER 8.
PORTFOLIO OPTIMISATION: SYSTEMS
APPROACH
8. lntroduction
8.1. The mean

8.2.
8.3.
8.4.
8.5.

VS.

SEQUENTIAL
r46

variance model
Portfolio optimisation: constructing the efficient frontier
Experiments
Results and discussion
Conclusion

-

I4l
148

149

152
158

CHAPTER 9.
SYSTEMS APPROACH vS. DECISION TREE APPROACH: A
COMPARISON

9. Introduction
9.1. The hypothetical development decision
9.2. Decision tree analysis
9.3. The development decision using the systems approach
9.4. Decision tree and systems approach: comparison and impact
9.5. Results and discussion
9.5.L Number of uncertain variables (Complexity)
9.5.2. Account for uncertainties
9.5.3. Dependencies and interactions
9.5.4. Handling stochastic oil price
9.6. Conclusion

160
160
161

t67
r67
172
172

173

r74
175

r75

CHAPTER 10.

IN CONCLUSION..
10. Introduction
10.1. Conclusion
10.2. Recommendations for future work

REFERENCES
APPENDIX I: Decision tree analysis
APPENDIX II: Related publish work

177
177
184
185

192
198

X

LIST OF FIGURES

Chapter

1

Figure 1-1. Oil and gas performance metric, cost growth, schedule slip and
operability index
Figure l-2. "The model cube". Current industry practice: high precision,
medium integration and low to medium uncertainty
Figure 1-3. Use of decision-making techniques among UK companies
Figure 1-4. Use of decision tools in US.
Figure 1-5. "The model cube" the future vision: lower precision,
high integration and high uncertainty
Figure 1-6. Outline of this research and connected chapters
Chapter

J
6
8

9

t4
I9

2

Figure 2-1. Geological elements for oil accumulation

23

Chapter 3
Figure 3-1. Pearson correlation: minimum and maximum correlation
Figure 3-2. Envelope method
Figure 3-3. Two identical distribution x-N (0,1), y-N(O,1) and same
correlation = 0.7, but different dependence structure

42

44
49

Chapter 4
Figure
Figure
Figure
Figure
Figure
Figure
Figure
Figure

4-1. Systems approach
4-2. Sequential approach
4-3. Example 1: no functional dependence between systems
4-4. Sequential simulation for example 1
4-5. Systems approach for example I
4-6. Example 2: With functional dependence between systems
4-7. Systems stochastic model showing functional dependence
4-8. Sequential stochastic model showing lack of functional

57

s8
59
60
60

6I
62
63

dependence

Figure 4'9. Portfolio selection: Inter-dependence among projects
Figure 4-10. Portfolio selection: Intra- and inter-dependence within project

65

66

variables and among projects

x1

LIST OF FIGURES
Chapter
Figure
Figure
Figure
Figure
Figure
Figure
Figure
Figure
Figure

5

5-L. Gumbel simulation for area and thickness for 1000 iteration
5-2. Pseudo-observation for the first point
5-3. Pseudo-observation for the second point
5-4. Systems approach model with dependencies and interactions
5-5. Reserves elements
5-6. Production Model
5-7. GBM with a random price realization
5-8. A random realization of the mean revering price
5-9. Systems approach

Chapter

vs. water saturation
Figure 6-4. Sensitivity analysis for the technical reserves
Figure 6-5. Q-Q Plot Gumbel copulas
Figure 6-6. Q-Q Plot Regression fitting
Figure 6-7. Q-Q Plot Envelope method
Figure 6-8. Q-Q Plot Iman-Conover
Figure 6-9. Minimum Distance for all the dependencies methods
Figure 6-10. Envelope method: on the left with multiple lines and on the
right with two lines
Figure 6-11. Impact of envelope method with multiple lines
Figure 6-12. CDF's of technical reserves for dependency methods (upper

82

84
89

97
98
99

r02
t02
103

106

t07
r07
r07
t07
108
109
110

112

CDF's of technical reserves showing the upper tail
Positive dependency between net thickness and recovery factor
Q-Q Plot Clayton copul
Q-Q Regression fit
Q-Q Plot Envelope
Q-Q Plot Iman-Conover
Minimum Distance for all the dependencies methods for lower

tt2

6-20. CDF of technical reserves and dependency methods (lower tail)
6-21. CDF of technical reserves showing lower tail dependence

116

6-13.
6-14.
6-15.
6-16.
6-17.
ó-18.
6-19.

Chapter
Figure
Figure
Figure
Figure
Figure

77
78

6

Figure 6-1. Positive dependency between thickness and recovery factor
Figure 6-2. Negative dependency between porosity and water saturation
Figure 6-3. Envelope method net thickness vs. recovery factor and porosity

tail)
Figure
Figure
Figure
Figure
Figure
Figure
Figure
tail
Figure
Figure

75

113

It4

tl4
TI4

tt4
115

rt6

7

7-1. Systems approach; reproduction of Fig. 4-1
7-2. Sequential approach; reproduction of Fig 4-2
7-3. Technical reserves: sequential vs. systems approach
7-4.Production forecast: sequential vs. systems approach
7-5. NPV: sequential vs. systems approach

t2r

t2l
r27
128
130

x11

LIST OF FIGURES

Figure 7-6. NPV sensitivity analysis for sequential approach
Figure 7-7. NPV sensitivity analysis for systems approach
Figure 7-8. Thickness interaction: NPV sequential vs. systems approach
Figure 7-9 (a). Sequential approach: thickness interaction
Figure 7-9 (b). Systems approach: thickness interaction showing a clear

r32
133

r34
135

136

trend
7-10. Permeability interaction: NPV Sequential vs. Systems approach
7-11. Sw interaction: NPV sequential vs. systems approach
7-12 Porosity interaction: NPV sequential vs. systems approach
7-13. Mean reverting price model
7-l4,TotalNo. of wells interaction: Net Present Value
Sequential vs. Systems approach
Figure 7-15. Impact of all dependencies and interaction on NPV

Figure
Figure
Figure
Figure
Figure

136

r37
138

r40

t4l

r42

Chapter 8
Figure 8-1. Comparison of efficient frontier of sequential approach with and
without inter-dependence
Figure 8-2. Comparison of efficient frontier of systems approach with and
without inter-dependence
Figure 8-3. The impact of intra-dependence captured by systems approach at
the portfolio level
Figure 8-4. Both portfolio and systems approach capture inter- and intradependence compared to sequential approach

ts4
155

156
157

Chapter 9
9-1. Drilling decision
9-2. Development decision using decision tree
9-3. Decision tree CDF with variables vs. systems approach
9-4. Q-Q Plot for decision tree CDF's vs. systems approach
9-5. CDF of NPV comparison between decision tree and systems
approaches models
Figure 9-6. Number of scenario outcomes vs. number of uncertain variables
for a decision tree approach
Figure 9-7. Scenarios recognized and ignored by decision tree

Figure
Figure
Figure
Figure
Figure

t62
r63
168

169

17l
173
175

xlll

LIST OF TABLES
Chapter

2

Table 2-1. Reservoir uncertainties attributes
Table 2-2. Stochastic models for oil Prices

28
32

Chapter 3
Table 3-1. Archimedean copulas with their generators and ranges
Table 3-2. Kendall tau values as a function of theta for each family and their

50
51

ranges

Chapter 4
Table 4-1. Input values for example 1
Table 4-2. Result of examples I and 2

Chapter

59
62

5

Table 5-1. Input data
Table 5-2. Results of the pseudo observation
Table 5-3. Drilling selection matrix
Table 5-4. Capital expenditure profile as function of production start years

76
79
85

96

Chapter 6
Table 6-1. Input used for calculation of reserves
Table 6-2. Reserves (Million of barrels) mean and standard deviation and

101

105

dependency methods

Chapter 7
Table 7-1. Original Oil in Place input variables and distributions
Table 7-2. Recovery factor variable inputs
Table 7-3. Well productivity input variables and distribution
Table 7-4.Economic variable input and distribution
Table 7-5. Capital expenditure profile as function of production start up
Table 7-6. Production capacity vs. CAPEX
Table 7-7. Technical Reserves (Million barrels of oil)
Table 7-8. Production sum (Million barrels of oil)
Table 7-9. Net Present Value ($ Million)
Table 7-10. NPV ($ Million) Thickness interaction
Table 7-11. NPV ($ Million) Permeability interaction
Table 7-12. NPV ($ Million) Sw interaction
Table 7-13. NPV ($ Million) Porosity interaction

123

t24
124

t25
r26
r26
r28
129
131

135

r37
138

t39

xlv

LIST OF TABLES

Table
Table
Table
Table

7-14. NPV ($ Million) Total number of wells interaction
7-15. NPV ($ Million) All interactions
7-16.Linear function example input variable
7-17. Summary of results

T4I
142

t43
t43

Chapter 8
Table 8-1. Results
(Experiment 1)
Table 8-2. Results
(Experiment 2)
Table 8-3. Results
(Experiment 3)
Table 8-4. Results
(Experiment 4)

of sequential portfolio analysis without inter-dependence

152

of sequential portfolio analysis with inter-dependence

1s3

of systems portfolio analysis without inter-dependence

153

of systems Portfolio analysis with inter-dependence

t54

Chapter 9
Tabte 9-1. List of scenarios required for the calculation of each NPV
scenario for the decision tree approach
Table 9-2. Minimum values that shows which curve is closer to the systems
approach
Table 9-3. Comparison of decision tree and systems approaches model
NPV's ($ Million)

r64
r70

t7r

XV

NOMBNCLATURE
The following nomenclature is used in this thesis. Generally, only one meaning is
assigned to each symbol. In those cases where more than one definition is possible,
the correct one will be evident from the context in which is used.

A
a

a
Bo¡

b

C

C (u,v)
C,
Cu-t

C,
D

Area, acres
Half the major axis of the drainage ellipse, ft
Long term growth for oil price, fraction
Oil formation volume factor RB/STB
Intercept of a line
A copula
Copula function
The derivative of copula with respect to u
The inverse of the derivative of a copula

E,

Net capital cost per well, $ per well
Discount rate, fraction
Decline rate at a time t
Escalating or de-escalating factor, fraction per year
Net OPEX per well, $ per well

ER

Rccovery efficiency, fraction

Fl

First marginal distribution

F2

Second marginal distribution

Dt

E

f (x)
f '(t)
H
h

IRR
rl
e

K
Kc

Ktc

Function of a variable x
The derivative of a function

Joint distribution
Average thickness, ft
Internal Rate of Return
Reversion speed, years
Correlation parameter (theta)
Nonparametric estimate of the copulas
Parametric estimates for the copulas
The derivative of the parametric estimates

Ko

Absolute permeability, md

Kh

Horizontal permeability, md

KR

Reversion factor,l I y ear

K,

Vertical permeability, md

XV1

NOMENCLATURE

Lh

Length of horizontal well, ft

þo

Minimum distance
Correlated matrix
Slope of a line
Net Present Value ($)
Original Oil in Place (OOIP), STB
Normal distribution of zero mean and standard deviation of error
Number of samples
Oil viscosity at bubble point, cp

Po

Abandonment pressure, psi

Pb

Bubble point pressure, psi

Pd

Pn

Daily production rate, barrels per day
Productivity index, STB/daylpsi
Net oil price after all taxes and royalties, $/barrel

Po

First year oil price, $/banel

PPt

Natural log of the long-term price, $ibarrel

pP

P,t

Long term oil price, $/barrel
Total daily production or sum of all well daily production, barrels per
day
Natural log of the current price, $/barrel

Py,

Yearly production, barrels per year

O

Production Capacity = Facility limit, barrels per day or barrels per year

MD

M,
m

NPV
No

¡/(0, e)
n

PI

Pro

Ao

Initial production, barrels per day
Short term volatility of oil price, fraction per year
Technical Reserves (initial reserves), million barrels

Rl

Remaining Reserves, million barrels at time t

lR,

Rank of x values

R,

Mean of the rank of x values

Ry

Rank of y values

Ry

Mean of the rank of y values

R

r
r

Rank correlation matrix
Output distributions
Pearson correlation
Drainage radius of horizontal well, ft

rs

Spearman correlation

r

Wellbore radius, ft

s,¡

Initial water saturation, fraction
Abandonment time, years
The movement from point 2 to a reference point I

Q¡

o

Rand P
e

w

Tab

7,,

TI

Pseudo-observations for i values

xvlt

NOMENCLATURE

TP

t

î

o
ø

ø'
p t-r)
U
u,v,s and q

The movement of other points to a reference point
1. A variable between zero and.l (CDF)
2. Time
Kendall's tau correlation
Average porosity, fraction
Generator for the copulas

The first derivative of the generator
The inverse of the generator

wo

Uniform distribution
Uniform distributions
Total number of wells for the field
Initial number of wells. Number of wells for the first year

wt

Yearly number of wells

X¡

a

X

Mean of x values

X,Y and N

Input distributions

W

Y¡

Y
(Y,o*",),

point value

A point value
Mean of y value
Lowest possible value of Y, given X

X

(Yuoo",),

Highest possible value of Y, given

(Yror.) t

Sampled value from dimensionless normalized distribution

V

Normal distribution with N- (0,1)

xvl11

CHAPTER

\Mhy is this research

important?

1.

Current challenges in the petroleum industry
Current practices of investment decision-making in the

oil and gas industry

have many challenges that need to be addressed in order to improve performance.

Firstly, the current practice in oil and gas industry focuses on detailed, independent
modelling of each component of the investment (such as geology, reserves estimates
and production) without paying adequate attention to dependencies and interactions

that combine all the elements together. The approach proposed in this thesis avoids

the need for excessively detailed independent models and substitutes them with
simpler models that preserve the logic and physics of the real interactive behaviour.

Current research indicates that excessive details do not necessarily yield more
accurate results.

Secondly, current industry practice manifests in the modelling of uncertainties

in some parts of the petroleum system and not in others. Treating

some system parts

to be stochastic and others to be deterministic is basically ignoring the fact
uncertainty propagates through the system. For example, uncertainty

Note: * $ is US dollar unless stated other wise

that

in reserves

I
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estimates

will

impact uncertainty in production as well as economics, because the

economic value

of the field is

dependent on the uncertainty

in both reserves

and

production. Such an approach breaks down the system into components for analysis
and usually ignores dependencies and interactions between the parts. The breakdown

of the

system introduces the need

for systematic inclusion of

dependencies and

interactions at the reserves, project and portfolio levels.

In the context of this
closely related. Variable
affects the value

y

of y

x

research, the terms dependence and interactions are

is said to be dependent on variable

y if a change in x

and vice- a-versa. The form of the relationship between

x

and

is termed their mutual dependence. If two variables are dependent on each other,

they are also said to interact with each other.

Curent industry approach uses decision tree analysis and attempts to model
stochastic dependencies and interactions. However, this is not easy and, is therefore,
more often than not, is ignored to some extent.

The above challenges lead to the need for creating tools that are able to
capture stochastic dependencies and interactions.

1.1. Investment performance of the upstream oil and gas industry
The low investment performance of oil and gas industry was examined by

Merrow (2003). He analysed performance of upstream projects for the last several
decades and concluded that

the 1990's might be called a decade of unprofitable

growth for many upstream companies. Merrow analysed 1000 projects in exploration
and production; two thirds were offshore projects. These projects ranged

in size from

$1 million to more than $1 billion. Volatility in project outcomes shows that there is a

huge gap between the economic outcome of average industry projects, best practice

2
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and the disasters categories. Merrow, as shown in Figure

1-l defined disaster as those

projects, which carried at least two of the following three attributes:

1.

Cost growthof 30% over budget

2.

A schedule slip up to 35o/o or more

3.

And operability index of less than

50%o

of the plan in the first year

He defined best practice as those projects, which had cost within 6% of budget
estimate, a schedule close to estimated and operability within 80% of the plan in the

first year. Merrow found that one in eight of all major offshore developments fell into
the "disaster" category.
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Figure 1-1. Oil and

gas performance metric, cost growth, schedule

slip and operability index (Merrow, Personal communication)
This result indicates that the current decision tools are not good enough to get
the expected results. To uncover the reasons of the low performance of the upstream

oil and gas industry a panel

discussion was conducted

by Jerry Brashear,

John

Campbell, Truett Enloe, Craig Narum, Richard Rowe and Michael Walls (Poruban,
2000).
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The panel focused on the reasons for the low performance of many upstream
companies and concluded that the use of decision analysis tools would improve the

decision-making and would boost rates

of return on capital in

exploration and

production. Brashear pointed out that with the current practice there is an overstating

of expected values, understating of risk and misallocation of capital. Furthermore,
Narum indicated that there are many reasons why company returns are so low; the

primary reason being the poor link between uncertainty and returns. Campbell
however indicated that the tools are not the problem. The problem

is the

unwillingness of people and senior management to use risk and decision analysis
tools. Furthermore, Campbell proposed to overcome this problem by developing

a

visualization of how portfolio projects look as the key for managers to adopt the
process and gain more insights. Narum indicated that the implementation of risk and

portfolio techniques should take 2-3 years not 2-3 months. Walls pointed out the lack

of defining risk

tolerance and not being consistent every time a new project is

undertaken is one of the factors in the low performance of oil and gas projects.
The panel discussion pointed out the need to make investment decisions using

Decision and Risk Analysis (D&RA) tools in order to improve the performance of oil

firms. This is supported by Jonkman et al (2000) who discussed the best practices and

their relationship to performance in the peholeum industry. They showed that
companies that have been introduced to D&RA have performed better than others,
which were not exposed to the same methods.

Further evidence

is

reported

by Simpson et al (2000) who

discussed the

practice of using D&RA in the petroleum industry in the UK. They indicated, after

interviewing different

oil companies, that there is a non-parametric

relationship
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between using D&RA and the performance

of oil companies. Firms that are using

D&RA are better performers than those who are not.
The above discussed issues provide strong evidence that using D&RA will
lead to better performance. This is not

to suggest that

company failure or poor

performance is only due to the lack of the implementation of D&RA techniques. It

could be argued that there are many reasons why a company fails or has poor
performance. However, the fact

is that there is a

relationship between poor

understanding of risk and uncertainty and the poor performance of the oil companies.

Experience and literature review also shows that a competitive advantage in
decision quality can be gained by not focusing exclusively on technology and cost
reduction, but by also capitalising on the skills and knowledge of people, their ability
to process information and to act on it.
Good decision-making practices in complex and difficult situations are crucial

to a successful firm. In oil and gas investment projects, the difference between a good
decision and a bad one can be the difference between success and failure. Intuition
and rules of thumb are no longer sufficiently reliable. They are valuable
environments but once changes occur, these rules breakdown.

A

in

stable

good investment

decision-making process is one that is able to assess risk and uncertainty and is able to
manage these in a balanced manner. In order to improve performance through good

investment decisions, there is a need to know where the oil and gas industry currently

is in terms of its management of risk and uncertainty and what are the possible ways
to move forward to achieve quality investment decisions.
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1.2. Current practice in the oil and
Current practice

gas

industry

in the petroleum

industry

is

more focused on detailed

modelling (precision) and there is little effort in trying to integrate all the components
of petroleum projects as one unit, a holistic view as indicated by Begg et al (2001). It
lacks the balanced management of risk and uncertainty in all project components to

varying degrees. Bos (2005) further emphasized this idea and presented the current
practice on a "modelling cube" with three axes: precision, integration and uncertainty

(Figure

l-2).

Current practice

is

characterized

with high precision,

medium

integration and low to medium uncertainty modelling.

Current practice

n

Figure l-2."The model cube". Current industry practice: high precision, medium
integration and low to medium uncertainty (Bos, 2005)
1.2.1 Precision axis
The current practice puts too much detail into modelling components of the oil

industry projects such as geology, reserves, facilities and production without paying

6
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little attention to the overall holistic process of combining all the elements together
through dependencies and interactions. Consideration of dependencies helps define

the input needed to move the project evaluation from one function to

another.

Excessive details on a single component such as geology is not as important as
considering what input does a geologist need to convey to the reservoir engineer or to

the economist to achieve better decision quality. This emphasis should be based on
business not technological considerations.

It is also essential to point out that models that are too simple are not
recommended because the goal is to capture the main drivers of uncertainty.

model is too simple, then

it will be of no use as a petroleum

If

the

investment decision

support tool.

1.2.2. Uncertainty axis

Current practices put more emphasis on deterministic rather than uncertainty

models. The modelling of uncertainty is generally restricted to certain areas like

reserves. Introducing uncertainties over the deterministic models introduces new
challenges and opportunities in the modelling of dependencies and interactions.

1.2.2.1Below and above ground uncertainties

The current practice

is more concerned with

modelling below gtound

uncertainties while ignoring the above ground uncertainties. There is a need to model
reserves and incorporate subsurface uncertainties relating to rock and fluid properties.

For exploration projects, other factors such as source rock, migration and

seal

integrity also need to be considered. However, limiting views to below ground
uncertainties and ignoring above ground uncertainties such as price, production,

7
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development schemes, environmental concems and fiscal regimes can have a huge
impact on the overall value of the project. Brashear et al (1999) indicated that some
projects selected to have expected returns of 10 to
the region of 5

%o.

20%o ended

up yielding retums in

of

They attributed the poor outcomes to an inadequate appreciation

the above ground uncertainties.
Simpson et al (2000) conducted a survey of UK companies and concluded that

most of the companies (82.5% -16 companies) use Monte Carlo Simulation (MCS)

for reserves calculation recognizing uncertainties in input variables brú only 7.5%o
(three companies) used MCS

in

In

economic evaluations.

general, companies

assumed production, cost and economic parameters to be known deterministically

(Figure 1-3).
.{

Critcrir

c

E

D

F

E

I

H

G

t il

H

J

0

ñ-

P

R

a

T gl'

s

IrîEa

I

.l¿¡l:¡;ii

1

I

Ho:ii:u rieç'

I

Di:¡eu¡:Eic¡lh ¡'lu.r
Ri:ir iLå ËretI,!¡LîT dÊfiIlil'][ç
'I;ie

H(

fm p¡olu¡¡r ¡e¡enr;

I
l

+

I

for proi¡ec e¡oucuic:

0

pohrd+l nirr,'e i

Lie

H(

t'or

Lie

l{(

i'orwoáuu+u ¡r+no:ull

ü

$

ü

P,]tfc'ilo &Eon'

ÞeÞ*u¿Ihe<a"
Q,ultrdve ud

ç

Qu:trtiu

TÂJri

J

È

0

ì

1

I

1

I
I

El'L'.'.i¡ eri;iou rre

t

ü

0

I

lise If

ì

1

pi{t¡Ífpl\}

Taie

I

1

''!

I

¡

1

ì

,]

1

I
1

!

ì
I

1

I

l

t

0

û

ü

0

0

Ir

i

ü

0

0

i'

0

t

0

0

c

L

+

0

0

0

c

rj

(l

0

I t

I

rl

0

Ð

ü

ij

+

ú

0

0

þ

rl

(l

r¿

0

0

0

T

t

1t

Ir lû lf

ll l:

1l

¡

l

I
¡l

0

û

û
0

!¡j

1

9i.i

I

i

I

il.Í

l

I

:

1

:

I

l

I

û

I

t

1

û

t¡

1.5

9i.i

I

-1

!

I

0

ij

0

t

ù

il

I

û

ì

t

'J'

l
,l

I

I

û

']

l

:
I

|]

:

u

ç

,.

0

rl

¡-1

i

{

ôrt

J

4l.i

I

i,,.)

I
ü

ç'l

rl

+

I

l

I

I

li

0

I

I

l]

I

IO

0

i

I

I

lr li

Figure 1-3. Use of decision-making techniques among UK companies.
(Simpson,2000).
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Figure 1-3 shows the extent and intensity of decision criteria (technique) used

by the surveyed companies denoted by the letter A through T. A value of

zero

indicates no usage, a value of one indicates moderate and value of two indicates
frequent usage. The last column shows the usage level

of each criteria by all the

companies surveyed. Hence 100% would indicate that all the companies are using that
technique to its fullest where as 0%o would indicate that none are using that technique.

Furthermore, similar results from US companies

in using decision-making

tools were presented by Schuyler (1997). The results of Schuyler's are shown in
Figure 1-4. The first figure in each box is the mean followed by the standard deviation
and the sample size.

A

scale

of I to 5 was

chosen to measure the use of risk and

uncertainty methods (Monte Carlo and Decision Tree tools) where

I

represents

infrequent use and 5 represents common or frequent use.

Survey response as

x

(Mean), s (Standard deviation), n (Sample size)

A
1.

Decision Tree

2. Monte Carlo

3. Option Theory

Exploration

B
Production

C
Downstream

3.00,r.62,20

2.63, r.46,19

1.90,0.99,10

3.0, 1.60, 19

2.12, r.22, r7

r.33,0.71,9

1.11, 0.33, 9

0.89,0.33,9

0.80,0.45, 5

Figure 1- 4. Use of decision tools in US (Schuyler,1997)
From the above Figure it can be seen that there is a low level of application

of

risk and uncertainty in exploration, production and downstream. Analysing the results
and comparing between the

UK and the US it

seems the US is more acknowledging

of

the fact that uncertainty should be considered. However like the UK, the result
indicated very low application

of uncertainty in production,

costs and economic

parameters. The results of the UK survey indicated that the modelling of uncertainty

9
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is largely restricted to reserves while assuming that production, development cost and
economics are

all certain. This assumption clearly indicates a breakdown of the

system, where for example, reserves and production are treated independently by

introducing uncertainty in reserves whilst assuming a certain production profile. In
reality, variables that impact the uncertainty in reserves are the same variables that

impact the production profile. Modelling reserves stochastically and production
deterministically is implying that reserves and production are not interacting or not
dependent on each

other. In other words, the uncertainty in production is

not

dependent on the uncertainty in reserves.

1.2.2.2. Dependencies in an uncertain environment

Introducing complete modelling

of

uncertainty below and above ground

introduces another challenge, which is modelling stochastic dependencies among
variables that are correlated. Stochastic dependency is different from deterministic

not enough to capture

stochastic

is a need for other methods that are suitable for a

stochastic

dependency. Deterministic tools alone are
dependencies; there

environment. Stochastic dependencies can be applied in many places in the holistic
petroleum model. For example,

in calculating the Original Oil in

Place (OOIP),

porosity and water saturation are negatively related and ignoring this fact can have an
impact on the OOIP calculated.

Newendorp (1976) recommended that simulation programs should model
dependencies and considered

it to be a critical factor in prospect analysis.

Furthermore, dependencies and interactions should not only be considered

in

the

reserves but also should be extended to model dependency between other components

of the whole petroleum system.
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1.2.3. Integration axis
The challenge of investment decisions is to integrate all the components of the

petroleum model and avoid the narrow picture where the focus is only integrating
geology with reservoir or integrating production with economics. Integration implies

a holistic view looking at the petroleum model as one system from geology
economics.

In

addition, integration creates another challenge, that

to

of capturing

interaction among the components of the petroleum systems.

1.2.3.1 The narrow picture

Current petroleum investment decisions practice focuses primarily on
stochastically modelling uncertainties in the reservoir and ignoring other uncertainties

in cost, production, development and prices or at best dealing with those uncertainties
deterministically. Murtha (1993) presented a model that focuses on the calculation

of

OOIP and how its input affected the calculated OOIP. Murtha's model lacks the
complete modelling of uncertainties. It looks at a narrow picture instead of focusing
on the overall impact of all components on the whole project. However, years later in

a different paper (Murtha, 1997), stated clearly that there is a need for an integrated

will not only focus on reserves but also on other components such as

model that

production forecasts and both capital and operation expenses. This clearly shows the
need for an integrated model that deals with uncertainty in all of its components.

1.2.3.2 Missing interactions at the project levels

In

order

to

achieve integration between components such as reserves,

production and economic parameters,
uncertainty

it is not only important to account for

in all the components but also to account for dependencies and
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interactions among those components. The traditional approach lacks the inclusion of
dependencies and interactions. For example, the need

to

see

how a change in the

geologic success factor (a measure of the risk in the subsurface) impacts the Net
Present Value (NPV) is

vital. Small changes in the geologic success factor could lead

to large variation in NPV. This interaction between geology and economics could be
achieved in an integrated stochastic model. Other interactions should be considered as

well, such as reserves and production or production and development schemes.

l.2.3.3Interactions at the portfolio level
Current portfolio approaches take into account the impact of inter-dependence
between projects. For example, projects that arc from the same play will be correlated

with each other from a technical point of view by having similar geology.
Furthermore, on the economic level, these projects could be correlated by the same oil
price. However, none of the literature so far considered the impact of including intradependence

of projects at the portfolio level. This research argues that there is

a

potential value in combining both intra- and inter- dependence at the portfolio level.
The output from the integrated model such as mean and standard deviation

of

NPV could be used as an input to a portfolio optimisation model, which is a tool to
choose optimal

projects. There are two important points from the portfolio

optimisation that are essential to the valuation of projects. Firstly, an optimal portfolio

can only be achieved by recognizing correlation among projects. Secondly, the
economic value of a single project should not be judged alone but should be based on
how it contributes to the optimal portfolio of projects.

I2
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1.3. Current industry approach: decision tree analysis

The use of decision trees to incorporate risk and uncertainty is a common
method

in oil and gas investment

decisions. This method

is good for

evaluating

alternative scenarios and sequential decisions. However, this research argues that in
practice this method does not adequately incorporate the impact of dependencies and

interactions. The author believes that the value of using a method that captures
dependencies and interactions would be better than the current industry approach. A
detailed introduction and application of the decision tree approach is covered by Mian

(2000) and Newondorp and Schuyler (2000).

A

short introduction is provided in

Chapter 9.

1.4. Vision

In

for the future, where we want to be
order

to

overcome these challenges,

a vision for future models

was

proposed. Narum proposed a solution or a direction, indicating that

" Industry should keep moving toward fìnding

a way to integrate technical

tools with economic ones on a more dynamic simulation model such as through earth
modelling. To look at the physics of technical tools dynamically linked in a stochastic
way to the economic model- subsurface to surface, to different markets, different well
schemes, platform schemes- and being able

to optimise the entire solution with

the

technical end of the business would be the next big step" (Poruban, 2000).

Narum's vision supported the need for a stochastic integrated model that
captures uncertainty and integrates all the components of the petroleum system from

geology to economics. This is a key in investigating the impact of dependencies and
interactions at the project and portfolio levels.
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Both Begg et al (2001) and Bos (2005) propose a vision for the future where
models have lower precision; enough to preserve the physics and logic of the detailed

model and to fit the purpose of the decision being made. Furthermore, they encourage

maximum integration (holistic view) and maximum uncertainty modelling. The level

of precision required should be

determined

by the needs of the decision to

be

modelled (Figure l-5).

Vision

#

Current practice

Integra on

Figure 1-5. "The model cube" the future vision: lower precision, high integration and
high uncertainty, modified (Bos, 2005)

1.5. Objectives and scope of the research
The aim of this research is to contribute to the future vision model, specifically

to both the uncertainty and integration axes as well as the precision axis by using
simpler models that preserve the behaviour and physics of the detailed models. This
contribution to the three axes is captured in the value of modelling dependencies and
interaction at the reserves, project and portfolio levels.

The research hypothesis is that there is value in modelling dependencies and
interactions in the whole petroleum system. Dependencies and interaction should not
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only be considered in the reserves but should be extended to model dependency
between other components of the petroleum system in a single project and at the

portfolio levels. This should be done in a stochastic environment where all

the

components of the petroleum system can capture risk and uncertainty.
Furthermore, this research hypothesizes that an approach that is able to capture
stochastic dependencies and interaction at reserves and project level

will

add value to

the quality of investment decisions compared to the current decision tree approach
which is commonly used in the oil and gas industry.

This thesis will focus on investigating the impact of dependencies

and

interactions at three levels:

o

Dependencies at the reserves level

o

Dependencies at the project level

o

Dependencies at the portfolio level

o

And finally the systems and the decision tree approaches will be compared
with each others.

This research has the following objectives:

1. Build a stochastic

integrated asset model, which is called the systems

approach, that displays the following:

.

Coverage

of all

components

of a typical

petroleum project from

reserves to economics.

o

Ability to model above and below ground uncertainties;

o

A simple design of a stochastic model that avoids unnecessary details;

2. At the reserves level: To investigate

the impact of statistical dependencies

on technical reserves.
This objective has two specific sub-objectives:
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o

It focuses on the impact of the

dependence structure of the correlation

model on the technical reserves.

.

It compares and contrasts the current techniques in oil and gas project
evaluation with the copulas method as

a new statistical tool for

modelling dependencies in reserves.
The impact of statistical dependence is investigated only at the reserves

level. The decision to study the impact on reserves only was taken to reduce
the complexity of the problem and to focus on understanding the impact of
dependence structure and

the difference between dependence

methods.

Similarly, as discussed below, a decision was made to investigate functional
dependency at the project level.

3. At the project level: To investigate

the impact of functional dependencies

and interactions on the NPV of a development decision through

a

comparison of the systems and sequential approaches.
The statistical dependence can also be used to investigate the impact at

the project level. However, this research focuses on studying functional
dependency

at the project level, which

captures interaction between

components of the petroleum system. Impact of the functional dependency is

illustrated using the sequential (traditional) as well as the systems approach
developed in the first objective.

4. At the portfolio

level: To investigate the impact of dependencies and

interactions (intra-dependence)

for

^

mix of

development decision

projects.
This objective investigates the impact of intra-dependence for a mix of
development projects using the Markwitz mean-variance portfolio model.
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5.

And finally, Compare the impact of the systems approach and the current

industry approach (Decision tree analysis) on the NPV of an offshore
development decision.

This objective investigates the impact of evaluating a development
decision using the systems approach suggested in this research compared to
the decision tree approach which is common in the oil and gas industry.
1.6. How the thesis objectives contribute to the vision model

In terms of the Bos modelling cube, the first objective focuses on building
stochastic integrated asset model that addresses

a

all three axes by having simpler

models that represent maximum uncertainty and integration. The second objective
focuses on enhancing the uncertainty axis and specifically shows the impact of

statistical dependence between uncertain variables at the reserves level. The third
objective focuses on both the uncertainty and integration axes, by which

it

explores

the impact of functional dependencies or interaction among stochastic components

the petroleum model. On the uncertainty axis,

it

of

builds a complete model that

incorporates both above and below ground uncertainties. On the integration axis, it
focuses on the integration of all the components of petroleum system such as reserves,

production, drilling, facility and economic parameters through building interaction
and dependencies that link all the components of the petroleum system. The fourth
objective enhances the value of dependencies and interactions from individual project

level to a portfolio level. This contributes greatly to the uncertainty and integration
axes. The final objective compares this author's vision approach, called the systems
approach, with the current industry approach and shows the value added by using the
systems approach.
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1.7. Outline of this thesis
The outline of this research (Figure 1-6) is as follows:

In Chapter 1, the investment performance of the oil and gas industry for

the

last decade was characterised as mediocre and it was demonstrated that there is a need

to improve. In order to improve performance there is a need to know where we

are

with regard to the current practice of incorporating uncertainty and integration in the

oil and gas industry. Current industry

status and future vision of where we want to be

were defined.

The current practice is viewed

in three axes, precision,

uncertainty and

integration, Bos's cube model. Problems with the current practice were pointed out as
challenges. This research formulates these problems into objectives to be explored by

this thesis. And by exploring and achieving these objectives, this thesis will
contribute to the future vision of where we want to be. By viewing the current practice
through the three axes of precision, uncertainty and integration, Chapter 1 points out

two main problems:

o

Lack of using stochastic modelling over the entire petroleum project system.

o

The lack of integration through not modelling dependencies and interactions.
Chapter 2

will investigate

the two problems through literature review and show

that stochastic models are better than deterministic models in every discipline of the
petroleum process (geology, reserves, production, facilities and economics) and points
out that there is value in integration through modelling dependencies and interactions.

Furthermore, this Chapter

will

set the foundation for building the systems approach

which is stochastic and integrated.
Chapter 3

oil and

will introduce the literature review on the current methods

gas evaluations to model statistical dependencies. Further,

used in

it will
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Obiective 5. Compares the systems approach
with the decision tree

Systems approach as
an ¡ndustry approach

9:

Shows the impact of modelling a
development decision through the systems
approach vs. the decision tree approach

Chapter

Obiective 4. At Portfolio level. Impact of inter- and íntradependencies
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Obiective 2. At Reserves level. Impact of statistical dependencies
Chapter 3: Covers literature review on statistical dependency modelling
methods and introduces the copulas approach
Chapter

6: Tests the copulas approach and compares with other

dependency modelling methods at the reserves level

Obiective
Chapter
Chapter
Chapter

1.

Build a systems approach, which is a stochastic integrated model

2: Covers literature review on stochastic models and integration
5: Builds and constructs the systems approach model
7: Shows results of the systems approach

Figure 1-6. Outline of this research and connected Chapters
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introduce the copulas method, which is used in financial risk management, but not in

the petroleum industry. These methods are used to investigate dependencies at the
reserves level which is the second objective of this thesis.

Chapter 4

will

review the literature and present simple experiments which

illustrate the third and fourth objectives that are concerned with examining the impact
ofdependencies at the project and portfolio levels.
Chapter 5

stated above.

will

introduce the methodology used to investigate the objectives

By first introducing the methodology

used

in

construction and

comparison of the copulas model, and then showing an example of the construction

of

the simulation algorithm used. Furthermore, Chapter 5 introduces the construction

of

the stochastic integrated model; the systems approach suggested by this thesis.
Chapter 6

will

focus on the experiments, results of the statistical dependencies

model and provides a discussion and conclusion of the main findings of the impact of
statistical dependence through the importance of capturing dependence structure

of

the correlation variables at the reserves level.
Chapter 7 will illustrate the experiments and results of the impact of functional
dependencies on the development decision at the project level through the sequential
and systems approaches.

Chapter 8

will provide

the results and conclusions of the impact of inter- and

intra-project dependencies at the portfolio level.

In Chapter 9, the use of the systems approach developed in this research, and
used to capture dependencies and interactions through the previous objectives,

will

be

compared to the decision tree approach.

And finally, Chapter 10 will provide a summary and conclusion of all

the

findings focusing on recommendations and future work.
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CHAPTER

2

Do stochastic and
integ'"ï1,i.ïels add

2.Introduction

This Chapter presents the literature review that lays the foundation

and

explains the reasons why the first objective of this thesis should be attempted. The
literature review points out the need to develop a holistic, integrated stochastic model
that covers all the components of the petroleum system from reserves to economics as

well as the need to model above and below ground uncertainties. This holistic
stochastic integrated asset model has been termed the systems approach. The two key

words are stochastic þrobabilistic) and integrated (holistic). This research argues that
using a stochastic approach in every part of the petroleum process is only apart of the
solution. The other part is the integration of all the stochastic parts of the petroleum
system through dependencies and interactions.
The literature review

l.

will focus

on two main points:

The use of the probabilistic approach versus the deterministic approach in
estimating risk and uncertainty in every area or discipline in the petroleum
system, such as reserves, production, facilities and economic parameters.
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The value of integration in the petroleum system, the value of a holistic view,

and the need

for inclusion of

dependencies and interactions among the

components of the petroleum system.

The components of the petroleum development project evaluation

are

primarily focused on answering five main questions;

o

'What

o

What is the original oil (hydrocarbon) in place and how much can be

are the chances of

finding hydrocarbon?

recovered?

o

What is the production forecast?

o

How to develop?

o

And finally, is it economically viable?

The first part of this Chapter will focus on the current practices in the oil and
gas industry of using stochastic models to capture risk and uncertainty by answering

each one

of the

above questions. The second part

will

focus on the value of

integration of all the components of petroleum development project.
2.1.

\ilhat are the chances of finding hydrocarbon?
Several geological elements are essential for oil to accumulate in economical

quantities (Figure 2- 1). These elements include a source rock to generate oil or gas, a

migration pathway, a reservoir rock to contain and allow its production and a trap to
prevent

it from migrating. A geologist

describes these elements in a qualitative way

and then transfers the qualitative description into quantitative probabilities for each
element. The risk elements are then multiplied to get the probability

of geological

success.

Anders (1994) discussed the subjective and objective methods of determining the

probability of geological success. He indicated that a subjective method relies on
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intuition and personal experience. It has the advantage of being quick and simple but

it preforms poorly. On the other hand,

an objective method that uses frequencies and

distributions has the advantage of removing subjectivity and personal biases, but the

oll
iiaal

F{

r
e
f

Figure 2- 1. Geological elements for oil accumulation (Houston
geological society, 2003)

need to gather substantial amount of data is essential for its success. He concluded

that in order to improve exploration economics, uncertainty should be included in the
input variables using the objective method.

Otis and Schneidermann (1997) enhanced and encouraged the use of

the

probabilistic approach by presenting a checklist of the geological factors that need to

be

considered

for

determining

the probability of

existence

of

petroleum

accumulations. The checklist consists of four main areas; source rock, reservoir, trap

and migration and its

timing.

Furthermore, they provided a standard method for

transferring qualitative judgements on geologic risk to quantitative probability of
geologic success.
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2.2What is the original oil (hydrocarbon) in place and how much can be
recovered?

This question focuses on estimating Original Oil (hydrocarbon) in

Place

(OOP) and reserves. A model that focuses on the calculation of OOIP and how
various inputs affect the calculated OOIP was presented by Murtha (1993). He
assigned

to each input variable a distribution and then ran a Monte Carlo Simulation

(MCS) to produce an outcome distribution. Murtha concluded that by using field data
and the probabilistic approach, better results could be achieved and more insight
gained into the modelling of dependencies among input variables.

Behrenbruch et al (1935) discussed the estimation of hydrocarbon reserves
using probabilistic methods (such as MCS) applied to an offshore field in northwest

Australia. They explained in detail the probability distribution used for each input
variable in order to calculate the hydrocarbons in place. Furthermore, they indicated

that probabilistic methods are important
complex or

if

in situations where the system is

very

the various elements of the system have to be described in terms of

uncertainties due to incomplete information. They concluded that the MCS approach
has the advantage over the deterministic method in terms of the following:

o

Better handling of partial dependencies

o

Allows for realistic gross rock volumes distribution when
compared

to the deterministic approach and that it can be

achieved with less data preparation

o

Uses seismic and geological information more directly
compared to only mapping the most likely situation.
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And finally, allows for sensitivity evaluation of individual
parameters in order to see which ones have a higher impact on
the final output.

O'Dell and Lamers (2003) categorize subsurface uncertainties in gtoups based
on their study in Oman. The main categories were: gross rock volume, saturation,
reservoir architecture, faults and fractures, reservoir properties such as porosity and
permeability and their dependence on lithology and litho facies, relative permeability,

PVT data and finally compressibility and compaction. They concluded that this
approach helped

to identify and rank

uncertainties and that quantifying these

uncertainties would help to choose the best development options in order to maximize
the value of the project.
The use of experimental design and MCS to quantify reservoir uncertainties in

developing new fields was discussed by Kabir et al (2002). They indicated that when
many uncertain variables exist, it is better to perform an experimental design approach

first and produce a regression equation of the form Y= f (Xt, Xz,Xt, )Q)+ e, where
Xn's are the input variables and e is the random error. Once this equation is produced

then

it is easy to see which variables

have the biggest impact on the dependent

variable. Then the second stage is to use MCS on the regression equation. They
concluded that the experimental design is a quick, unbiased approach to identi$r the
significant input variables influencing the dependent variable.
lFroltz (1993) bridged the gap between geological factors and the calculation

of

hydrocarbon volumes. He showed how geological factors influence engineering
parameters such as area, net pay, porosity and

fluid saturation that are used to

calculate the hydrocarbons in place and reserves. He divided the geological scale into

three; megascopic, macroscopic and microscopic. For example, mega scale geologic
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features such as depositional system, trap types, and faulting correspond to
engineering parameters such

as reservoir size, drive mechanism and fluid

characteristics. He concluded that consideration of the inter-relationship between the
geological factors and reserves would improve the assessment of risk and uncertainty
and therefore produce more accurate reserves estimates.

The above literature review results clearly show that in reserves estimates, the

probabilistic approach is superior to the deterministic approach and there is a need to
model dependencies between geological parameters to estimate reserves.

2.3. What is the production forecast?
Once oil or gas are found and the technical reserves have been estimated, there

is a need to estimate how much could be produced economically, what would be the
production schedule and what are the uncertainty factors that affect production. The
use of probability distributions rather than a single production profile as a way to
account for risk and uncertainty in production forecasting was discussed by Spencer

and Morgan (1993). They developed

a

"choke model" where they

assigned

distributions to different input variables. For example, they represented well capacity

by a normal distribution truncated to eliminate non-physical values. Once all the
distribution inputs were specified, a simulation was run

to

forecast the annual

production schedule. They concluded that applying uncertainty to production is not an
academic exercise, but that

it helps to improve the accuracy of production

forecast

and results in a better understanding of the production model.

Venkataraman (2002) discussed the application

of

experimental design to

quanti$ uncertainty in production profiles. He used the following steps to implement
the experimental design; identify the key variables, conduct the experiment using
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MCS, validate and make predictions. He presented a case from the North Sea on a gas

project where he found that uncertainty

in production

arises from reservoir

permeability, transmissibility across a fault, the depth of the gas water contact and

finally the shale barriers within the formation. He concluded that the experimental
design improved the quantification of uncertainty because

it allowed for non-linear

dependence of the production profiles on the input parameters.

Salomao and Grell (2001) examined uncertainty in the production profile. First
they quantified uncertainty in oil in place using probability distributions. The recovery

factor was analysed as a function of different uncertainty variables such as vertical

and horizontal permeability, relative permeability, viscosity

of oil

and well

productivity. Each one of these variables was modelled as a distribution. Furthermore,
they used decline curve analysis to estimate the production forecast through MCS.
They concluded that using risk and uncertainty helped to make better decisions and to
define a better strategy to develop the field.
Steagall and Schiozer (2001) identified uncertainties that affect volume in
place and those that affect fluid flow. They identified uncertainties which have high,
moderate, low and no impact on the reservoir production forecasts (Table 2-1). These
uncertainties were assigned probability values and numerical simulation software was
used for production forecasting. They concluded that the use of numerical simulation

in the production forecasts
indicated that the reliability

improves the quality

of

of production forecasts

analysis.

In

addition, they

depends on the quality

of

uncertainty analysis and the probability distribution used. Finally, they found that risk

analysis

in

production forecasts requires specific knowledge

of the discipline of

geology, reservoir engineering and production engineering which implies the need for
a

multidisciplinary team.
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External Geometry, structure
Reservoir top
Zones, sub-zones top
Reservoir base
Reservoir limits
Faults
Porosity
Lythofacies distribution
Fluid contacts
Aquifer geometry
Absolute Permeability
Relative Permeability
Oil and gas Proprieties (PVT)
Capillary Pressure
Rock and Fluid compressibility
Fluid Formation Volume factor

H=Hieh

and Schiozer

attributes

Table 2-1. Reservoir
Attributes

M=Moderate

001

Volumetric

Fluid flow

Dependence

I)ependence

H

M
L
M
H

M
L
M
L
L

M

H

H
H
H
H
N

M

N
M
M
L
M

L=Low

H

M
M
H
H
H
M

M
L
N = None

Johannessen et al (1994) investigated the use of risk analysis by incorporating

probability distributions to well deliverability. Traditionally, a single flow rate is used

to

calculate well performance.

In addition, the flow rate is often

restricted by

completion configuration not by reservoir deliverability. They computed the well

deliverability as a probability distribution reflecting uncertainties relating to input
variables. They found that the use of probability distributions resulted in increasing

the tubing size which in turn led in increased flow rate and the pre-plateau period
being reduced quickly. The overall impact was a significant increase

in the Net

Present Value (NPV).

The above review shows that the stochastic approach yields better results than
the deterministic approach in production forecasting.
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2.4. How to develop?

Once technical reserves have been estimated and the production forecast
generated then the next step is to determine how to develop the

field. The petroleum

business is known for being a high capital-intensive industry. The cycle of cash flows

shows that the development stage is the most critical

in terms of the investment

involved. Large amounts of money are spent during this stage; a typical project
revenue distribution shows that capital expenditure during this stage can be as much

as

40%o

of the revenue. This stage involves the conceptual facilities design to extract

and process hydrocarbons.

Demirmen (2001) indicated that there are three types of development risk:

1. Opportunity loss: this is when a prospect is abandoned as uneconomic
while in fact it is economic. This could be the result of poor estimation of the
recoverable volume.
2. Uncommercial development: this is when an uneconomic field is developed
under the wrong assumption that it is economically viable.

3. Suboptimal development: this is when the development of a field yields less

than the maximum economic return that could be achieved with a more
appropriate reservoir model.

Suboptimal development results from a mismatch between the capacity of the
production facility and the volume of hydrocarbons in the reservoir. The facility could

be oversized or undersized, both of which lead to economic loss. Demirmen (2001)
showed that this is the most undetected type of risk in the development stage. He
showed an example from Asia where a water injection facility was oversized. In
another example, in the Gulf of Mexico, the facility was undersized and hence was
not able to capture the full production potential of the reservoir.
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Demirmen concluded that using the value of information analysis technique
and development scenarios helps provide an optimal development design that captures

uncertainties in the reserves and the development stage.

Further evidence by Etebar (1995) indicated the use of development scenarios

to capture reserves uncertainties. He showed a case from the North Sea where a field
discovered

in 1977 was unattractive with a conventional

development wells. Another look

in

plan of 200 conventional

1993 at the same field, using the new technology

of horizontal wells, and a more detailed look at development scenarios reduced

the

cost significantly. Better development scenarios consisting of using a V/ell Head
Platform and Floating Production, Storage and Offloading Vessel (FPSO) proved to
be significant. Estimated well capacity increased from 740 to 6500 barrels of oil per

day (BOPD). The use of development scenarios to capture reserves uncertainty
decreased costs estimated and increased estimated production significantly.

Coopersmith and Cunningham (2002) presented a decision analysis approach
to appraisal and development evaluation. They discussed the use of decision mapping

where each decision is defined and decision trees are used to map development
scenarios for an
areas; area

oil field. They presented a case study for developing two offshore

A has proved reserves of 50 Million barrels of Oil (MMBO) and

area B

has three reserves possibilities (30, 70 and 200 MMBO) with a 70Yo chance

of oil

being present in the area.

The question they sought to answer was: what is the best facility structure for

both areas and what is the optimum number of wells? The development facility
choice ranged from Tie back to Minimum Tension Leg Platform (Mini TLP) to a
SPAR.
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Using the decision tree analysis helps to produce different development
scenarios that

will

capture uncertainty in reserves and help to determine the facility

option yielding the highest economic NPV.

It is clear that the reserves will dictate which facility option to choose. This
indicates the importance of capturing uncertainty and how
development option. For the case study,

if

it impacts the choice of

the reserves of area

A&B are 120 MMBO

then the optimal choice is Mini TLP with 8 wells.

2.5. Is it economically viable?
In order to evaluate if an oil field is economically viable, we need to calculate
various economic indicators. One of the economic indicators is the NPV for the field.

In order to calculate the NPV we need values of oil prices and costs, both capital and
operating cost or CAPEX and OPEX, to develop the field. Modelling of oil prices

will

be explained first and then followed by costs.

The most uncertain variable in the economic model is the oil price. There are

no models that can predict prices perfectly. Most of the models of oil prices

are

discussed in the area of real options and finance (Table 2-2). Dias (1998) discussed

different types of stochastic price models that exist in the literature'
These models are:

1.

Geometric Brownian Motion,

2.

Pure Mean Reversion,

3.

Two and Three factors model,

4.

Reversion to Uncertain Long Run level

5.

And Mean Reversion with Jumps.
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Table 2-2. Stochastic models for oil prices, (Dias, 1998)

Type of Stochastic Name of the Model
Model

Main Reference

& Smith

Unpredictable
Model

Geometric Brownian Motion
(GBM)

Paddock, Siegel
(80's)

Predictable Model

Pure Mean-Reversion Model
(MRM)

Schwartz (1997, model

More Realistic
Models

Two and Three Factors Model

Reversion to Uncertain LongRun Level
Mean-Reversion with Jumps

l)
Gibson 8.
(1990), and

Schwartz
Schwartz

(models 2 and3)

Pindyck (1999) and
Baker, Mayfield &
Parsons (1998)

Dias & Rocha (1998)

The Geometric Brownian Motion model is the simplest model and Dias (1998)

indicated that it is a good approximation, but it is not adequate when spot prices are

far from the long run equilibrium. The Mean Reversion model is considered to be
better model because

it

argues that prices

will revert to the long run

which tends to make sense with market conditions. For example,

a

equilibrium,

if the long run

equilibrium is $20 per barrel and if prices increased to $35 per barrel then OPEC will
increase production to sell more oil and prices

will go down or revert to the long run

equilibrium. On the other hand, if price falls below $20 per barrel, then OPEC will
restrict production for the price of oil to go up and again the price

will revert to the

long run equilibrium.
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Gibson and Schwartz (1990) developed the Two-Factor model, which is the

mean reversion model with convenience yield

of oil

added. Schwartz (1997)

presented a two-factor model but without using convenience yield and he concluded

that

it performs better than the previous model. The Three-Factor model is the two-

factor model with interest rate added as a third stochastic variable following a mean
reverting process.

The Reversion to Uncertain Long Run is the Mean Reversion with the long
run equilibrium price modelled as Geometric Brownian Motion. The last model is the

Mean Reversion with Jumps, Dias looked at oil prices for the last 30 years and
indicated that oil prices tend to ju-p either up or down due to unexpected events such
as war, weather, market crashes or the state of the economy; boom or recession.

Edwards and Hewett (1994) looked at the management of oil and gas prices

and the quantification of production prediction. They estimated the impact of
managing or controlling

oil prices by hedging and what impact

does production

prediction have on hedging. They concluded the following: firstly, the risk and
uncertainty in oil prices can be reduced or controlled by the use of financial derivative
securities such as future, forward and options trading.
Secondly, the ability to manage oil and gas prices is dependent on the ability

to quantiff uncertainty in the production prediction. If the production profile is known

for sure, then the risk of oil price can be reduced or eliminated by hedging, but if the
production profile is uncertain then the hedging of oil prices is less than perfect. The
second conclusion is really important to this study where dependency and interaction
between models is important in terms of capturing uncertainty rather than looking at a
single model alone.
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Peterson and Murtha (1993) looked at risk analysis incorporating MCS to
estimate the Authorization for Expenditures (AFE) for drilling operations. They used

of

distributions instead of a single number to represent the uncertainties in the number

days of problem free time and problem time in order to calculate the total time for a

drilling operation. They concluded that the AFE estimates generated using MCS were

a better predictor of actual well days than the conventionally

generated AFE

estimates. Furthermore, the use of a probabilistic approach offered more insights into
the problem free and problem days in

drilling operations.

Wood (2001) discussed the use of the probabilistic approach to predict time
and cost of a project. He presented an example of a project involving the drilling of a

sidetrack

well and the installation of separation equipment. Each activity of

project has a cost and duration of how long

the

it will take. All the activities in the

project are connected by a critical path network, which determines the optimal path

the project.

A

distribution

is

assigned

to

of

each activity's cost, duration and

dependencies among activities that are related are also modelled. Then a MCS was

run to calculate the total cost and time for the whole project. He concluded that
producing an average of cost and time helps the project manager to achieve target
budgets.

In addition, it helps project

managers

to monitor progress and

establish

realistic project schedules.

All

the previous studies conclude that consideration of uncertainty

in

each

discipline or area rather than using single deterministic values is important for making
good decisions. The results of applying the probabilistic approach yield better results
than the traditional deterministic approach. However, all the previous studies focus on

exploring the impact of uncertainty in separate independent areas or disciplines by
themselves.

For example, the probabilistic approach was applied to

reserves
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estimating but not to production or economic parameters. None of the previous studies
discussed a complete stochastic integrated model from reserves to economics as one

unit or one system. Furthermore, the need for integration of all the disciplines from
reserves

to

economics requires the modelling

of

dependencies and interactions

between the disciplines.

The next section

will

show the value of integration through dependencies and

interactions and the need for a probabilistic approach to be applied in all the areas

of

the petroleum system (Geology, Reservoir Engineering, Production Engineering,
Facilities Engineering and Economics).

2.6. The value of integration through dependencies and interactions
The understanding of why projects fail

will

lead to a better understanding

of

the need for integration. For example, one could do a good job understanding the
description of the reservoir and not focus on wells and facility design, which may lead

to a suboptimal

solution. Decisions are often made

understand the impact

of

dependency

by individuals who do not

of one area to another, for example from

reservoir to facility design. Furthermore, it is not common to have an individual who

has

a

background

in all the required areas (Geology, Reservoir

Engineering,

Production Engineering, Facilities Engineering and Economics) and in general, teams
do better than individuals.

Chow et al (2003) stated the value of integration clearly, "...with a traditional
approach

to development planning, the reservoir engineer would commonly make

estimations

of the reserves in place and formation parameters (e.g., pressure and

permeability), then hand them off to the completions engineer to size production
tubing and determine flow rates. Then, the facilities engineers would be given the
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assumed production profiles to design the facilities. This approach severely limits any

ability to optimize the project interactively between the engineering disciplines or to
investigate the effect of changes in any one part of the system with corresponding
effects elsewhere in the system (e.g., reserve size, tubing size, completion technique,
or various facility options)."

Chow et al (2003) statement clearly shows that the lack of integration can be
seen as the lack of modelling dependencies and interaction among the parts of the

petroleum system.

If

dependencies and interactions were included in the model, then

it would be possible to see how

a change

in one part of the system will affect another.

Furthermore, the inclusion of dependencies will make

it

even easier to optimise the

entire solution.

Galon et al (2000), point out that in the traditional approach,

each aspect

of

the project is evaluated individually and optimised and then the results are carried to
the next level. For example, reservoir engineers

will study the subsurface and develop

a reseryoir model with production profiles. A single production profile case will be
given to the facility engineer to design the facility and the economic value will be
calculated based on the production profile and the CAPEX

of the facility.

The

problems with this approach as indicated by Gayton et al (2000) are:
1. The

direction of information flow is one way

2. Facllity concept is based on one single case of production profile, which
might lead to suboptimal design
3. The next arealdiscipline assumes that the information from previous area is
correct, which implies no uncertainties.

The traditional approach implicitly assumes that there is no interaction or
dependency among the components of the system. Furthermore, the lack of interaction
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in one component of the system has no effect on the next

one.

This lack of interaction implies that a change in reserves will not have an impact on
production or the choice of facility, which is not true.

The message from chow et al (2003) and Gayton et al (2000) is that
integration means the ability to see how a change in one part of the system affects

others and the ability

to

optimise the entire solution. This clearly leads

conclusion that the true value

of

is

integration

captured

to

the

in its ability to model

dependencies and interactions.

2.7 .

lntegration of people
One of the questions that could be asked is: How does creating a model that

incorporates

a

complete stochastic approach, systems approach, and integration

through the modelling

of

dependencies

and interactions affect

petroleum

professionals? The answer is that combining the treatment of reserves, production,

facilities and economics leads to the needs to create an integrated or multidisciplinary
team of geoscientists, reservoir engineers, production technologists, facility engineers
and commercial analysts.

Creating integration through modelling

of

dependencies and interactions

requires communication among the petroleum personnel. In this way, any change in
reserves estimates

will be communicated to all the people in the team. The author

believes that having the right integrated model
integrated team. This belief

innovative model

will

is

supported

by

will

Schrage (2000) who reports that an

create an innovative team.

stimulate the way individuals interact

lead to the creation of the right

If

the model does not change or

in the team then the model is not useful.

Effective models do more than change awareness, they change behaviour and the
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choices people make. Furthermore, Schrage (2000) indicated that managers should
not just ask what

will this model do? But how will this model affect the behaviour of

people? The right integrated model should be able to change behaviour and help the
team to innovate. And as indicated by Schrage,

it is behaviour, not knowledge,

or

insight that drives innovation.

2.8. Summary
The literature review in this Chapter addressed the first objective of this
research by addressing the need for a stochastic integrated model. This Chapter has
shown two important points;

The first part of this Chapter has described that the probabilistic/stochastic
approach can be applied

to every area in the petroleum system and yields

better

results than the deterministic approach.

The second part of this Chapter has indicated that the value of integration is

of

captured through the modelling of dependencies and interactions among the parts
the petroleum system.

Combining the first part with the second part showed clearly the value of

a

holistic stochastic integrated asset model as a means to achieve better results in
investment decisions in oil and gas economic evaluations.

Moreover, this Chapter has demonstrated that using the stochastic approach in
every part of the petroleum system is only part of the solution. The other part is the
integration of all the stochastic parts of the petroleum system through the modelling

of

dependencies and interaction among the components of the system. An advantage

of

integration

of all the

components into

a single model is that it will lead to

the
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integration of people from different disciplines, formation of multidisciplinary teams
and therefore lead to more innovation.
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stati

s

tical dep endenc e

3.Introduction
The previous Chapter discussed the value of the stochastic approach and the
need to model dependencies and interactions. This Chapter continues with the same
theme and focuses on introducing methods used to model statistical dependence. This
Chapter

will review the relevant literature with regard to the second objective of this

research, which is investigating the impact of statistical dependencies at the reserves

level. The objectives of this Chapter are to:

1.

Introduce the current techniques

in oil and gas evaluation to

model

statistical dependencies.

2.

Introduce

the copulas method, including an overview of

its

construction and simulation algorithm.

The copulas method is traditionally used in financial and risk management
industries, but has not been used
advantage

in petroleum industry. This technique has the

of capturing the dependence

shape or the pattern of the

structure. The dependence structure is the

joint distribution of two correlated variables.

40

Chapter 3. Techniques for modelling statistical dependence

3.1. Correlations and Dependencies

The terms correlation and dependence in the literature are often

used

interchangeably. Although this is not strictly correct, we will also do so in this thesis.

Although many associate the word "correlation" with a linear correlation
between two variables, there are many approaches to model dependencies. In order to
analyse dependence there are three measures; Pearson, Spearman and Kendall's tau.

These are data analysis techniques used to capture the direction and the magnitude of
the correlation.
3.1.1 Pearson correlation
Pearson (linear) correlation

is the most common method used to

dependence between two variables. The Pearson correlation coeff,rcient

measure

(r),

which

correlates two variables - X and Y - is defined by

r=

(1)

where X,andY, arepairofpoints, X andY aretheirmeans. ThePearson
correlation is appropriate for showing linear relationship between variables. It is
generally not invariant under monotonic non-linear transformation. For example the

correlation of X and Y is not the same as the correlation of Ln (X) and Ln (Y).

Another disadvantage with the Pearson correlation is that in some situations
the perfect negative correlation

(1)

and perfect positive correlation (+1) cannot be

attained (Iman and Conover, 1982) (Embricts et al, 1999). For example, consider that

variable X is lognormally distributed with a mean of zero and a variance of

lognormally distributed with

a mean

of zero and

a variance

I

and

Y

is

of sigma squared. For this

case the minimum and maximum correlation coefficient are calculated and plotted
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against sigma as shown in Figure 3-1 which shows that for a value of sigma

minimum correlation coefficient is approximately -0.38 and for sigma

=I

the

= 2, the

minimum correlation coefficient is approximately -0.15 and the maximum correlation
coefficient is 0.67. This clearly shows the inability of the Pearson correlation to attain
the perfect positive and negative correlation even

if

variables

X

and

Y

are perfectly

correlated (either negatively or positively).
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Figure 3 -1. Pearson correlation: minimum and maximum
correlation (Embricts et al, 1999)

3.1.2 Spearman rank correlation
Spearman rank correlation coefficient was developed by Spearman in the early

1900's. It is calculated using the rankings of the values, not the actual values as in the
Pearson correlation coefficient. Spearman's rank correlation is used as a measure

linear relationship between two sets

of ranked data clusters. Spearman's

of

rank

correlation coefficient, like other classical correlation coefficients, will take on values
between -1 and +1.

The Spearman correlation coefficient is calculated using the following
equation
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(&-&

r

-&)

(2)

s

Irq-&)'
where R, and

R,

are ranks

7Rr- Rr)'

of X andY respectively; R,

and R, are the means

of

the ranking variables.
Because the correlation is computed on the ranks, the method is known as a

"distribution free" approach as there are no assumptions regarding the underlying
distributions.

3.1.3 Kendall's tau correlation

Kendall's tau

(t ) correlation

is similar to Spearman's rank order correlation

in its assumptions. It does not require any assumptions about the distribution nor does

it require the relationship to be linear. As with Pearson and Spearman, the correlation
coeff,rcient takes on values between -1 and

+1. Kendall's tau can be calculated from

the following equation:
#
L_

(concordant pairs)-# ( discordant pairs)
n (n -l)

(3)

2

where n is the number of samples. Concordant pairs means the number of
pairs that are moving in the same direction and discordant pairs are those pairs that
are moving in the opposite direction to each other.

A major shortcoming of the Pearson correlation is that it is not invariant under
non-linear transformation. Both the Spearman and the Kendall approach overcome
this issue. However, none of the three methods discussed so far are able to capture the
dependency structure or correlation pattern. As it

will be illustrated later, the copulas

approach is able to capture and model the dependence structure.
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The Pearson, Spearman and Kendall's tau correlations are data analysis
techniques and as a stand-alone cannot be used to generate dependence in a stochastic

environment.

In order to model

generate the stochastic spread

dependence

in a stochastic form, technique

of data as well as the trend are required.

that

These

techniques are the Envelope method, the Iman-Conover method (which uses the
Spearman rank correlation) and the Copulas method (which uses the Kendall's tau

correlation).
3.1.4 The Envelope method
The Envelope method, sometimes called the box method, is a useful technique

for modelling partial dependencies. The method is well described by Newondorp and
Schuyler (2000), Mian (2002) and Murtha (2000) and uses an "envelope" (see Figure.

3-2) around the data to capture the partial dependency.

In order to capture the dependence structure two lines are estimated Y upper
and

a random

X value is generated and the

Y lower values for that X

are calculated. As shown in

Y lower (Figure 3-2). For a simulation,

corresponding Y upper and

equation

4,

together

with a normalized value, they are used to

correspondence value of

generate the

Y to an X.
I
Y upper
4

l0

5

10

Y lower
-6
-8

x

Figure 3-2. Envelope method
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Y, = (Y,o*",), tl(Y,or",),

- (Y,o*",),1(Y,',.),

(4)

where

(Y,o*",), = lowest possible value of Y, given X
(Yuor",), = highest possible value of Y, given X

(Yno,,), = sampled value from dimensionless normalized distribution
This approach, which may lack mathematical rigour, is very flexible and can
capture many structural patterns. Although the envelope method

is

conceptually

simple, its implementation may seem somewhat tricky and involved.

3.1.5 Iman -Conover method

The Iman-Conover method (Iman and Conover, 1982)) is the algorithm used

in the Monte Carlo Simulation software such as @Risktt and Crystal BallrM. To
model dependence between variables, the marginal distributions of each variable are
defined. Then the Spearman's rank order correlation is calculated. For a simulation
correlated variable

X

and

Y with a rank

of

correlation matrixR*: firstly, the method

generates an independent score matrix for each variable using the van der Waerden
scores. The use of van der Waerden scores is based on the inverse of the standard

normal cumulative distribution function. Secondly, it will correlate between the two
independent score matrices using the Cholesky decomposition to generate a correlated

matrix M. that is close to the rank correlation R*. Thirdly, it

generates independent

random samples from X and Y and finally, reaffanges X and Y so they will have the
same rank correlation matrix as

M*

.
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3.1.6 Regression

fitting

A simple regression approach finds the best-fit line using regression analysis.
The regression calculation not only finds the slope and intercept of the line but also

the standard error. The standard error is important for simulation because it defines
the standard deviations of the effors. The residual is defined as the difference between
the input data and the estimated data, based on the equation for the line
Y = mX

+b+

N(0,e)

where m is the slope of the regression line, b is the intercept and

(5)

N (0, e) is the

standard normal distribution with standard deviation e.

3.2. Copulas

The primary disadvantage of the dependency models discussed above is their

lack of ability to capture and model the dependence structure. In this section an
alternative is discussed in which

a

joint distribution is constructed using

a copula.

Even though copulas are well known in the insurance and finance industries,

their application in the petroleum industry is still in its early stages. According to
extensive research, only two papers have been published about the applications

of

copulas in the petroleum industry. Armstrong et al (2004) investigated the value of an

option to acquire new information in which Bayesian analysis was used to account for
new information. The traditional framework of the Bayesian analysis is based on the

joint normal distribution where the lower and upper tails are symmetrical. They
proposed an alternative Bayesian analysis that is based on Archimedean copulas
where the joint distribution does not have to be normal and there is flexibility to have
a lower

tail or upper tail dependence based on the specific type of copula.
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Accioly and Chiyshi (2004) also discussed the suitability of using copulas to
model dependence for non-Gaussian data. They presented two estimation procedures:
nonparametric and semiparametric,
sample

to

estimate copulas parameters. They used a

of 188 exploratory offshore wells drilled in the Gulf of Mexico and explored

the relationship between drilling duration and measured depth. They concluded that
the Clayton copula reproduced the pattern of the original data and recommended the
use of copulas to model the relationship between operating expenditure (OPEX) and

production, since cost elements are production dependent.

This Chapter introduces the copulas approach to model dependence in the
probabilistic reserves estimates. Chapter

6 will further elaborate on the potential

benefit of the copula approach by comparing it with current correlation approaches,
highlighting and discussing its relevance and advantages in petroleum applications.
The first step in this discussion is to introduce the copulas, their construction and how
to run simulations with them.

The essence of the copulas approach is that a joint distribution of random
variables can be expressed as a function of the marginal distributions. Sklar first
introduced the key theorem on copulas in 1959:

Let H be a joint distribution function with margins F, and
exists a copula C such

thatfor all

H(x,y)=
If

the margins F, and

the range of

F, x ,8,

F,

x,

F,

Then there

y, F,Fre R:

ClF,(*),r,(y)]

(6)

are continuous, then C is unique; otherwise, C is unique in

. Nelsen (1999)

This theorem and the characteristics of copulas are extensively discussed by
Nelsen (1999). Sklar's theorem is completely general for any type of distribution
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where a joint distribution can be constructed using the copula function. One of the
essential proper.ties of copulas is that the copula separates the marginal distribution

from the correlation and the copula itself can capture the dependence structure. This is
an essential property of copulas. To show how this property makes copulas superior to

the traditional dependence measures, Embrechts et al (1999) presented a fallacy,
which stated, "Marginal distribution and correlation determine the joint distribution".

This is true in the elliptical world in which normal distribution is one of elliptical
distribution. By having two marginal distributions and a linear correlation, there is
only one joint distribution that might fit. Yet, outside the elliptical distribution, there
are many

variables

joint distributions that might fit. This

can be seen clearly by simulating two

with the same marginal distribution that is

represented

by a

normal

distribution with a mean of zero and a standard deviation of 1. These two marginal
distributions have a linear correlation of 0.7 (Figure 3 -3).
The distribution on the left side of Figure 3-3 shows the case where the joint

distribution is normal and the dependence structure shape is elliptical. V/hile using the

same marginal distribution and the same linear correlation,

a

different joint

distribution can be constructed showing a completely different dependence structure

(right side, Figure 3-3). This illustrates the limited ability of linear correlations to
capture the dependence pattern. If the linear (Pearson) correlation was able to capture
the shape of the dependence structure, we would expect both dependence structures in

Figure 3-3 to be the same given that they have the same marginal distribution and the
same linear correlation as input.
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Figure 3- 3. Two identical distribution x-N (0, 1), y-N (0, 1) and same
correlation = 0.7, but different dependence structure

There are different classes and families of copulas but, for this study, we will

work with Archimedean copulas, because of their simplicity which are defined
C

t-rt (ø (")* (r))
for u,ve [0,1]
ø
@,r)- p

C fu,u) is the copula function with
generator

as:

(7)

u and v as uniform distributions, ø is

and p t-t) is the inverse generator.

the

Genest and Mackay (1986) presented

several properties of this class of copulas. The choice of generator determines the
copula family (Table 3-1).
The Archimedean copulas have different families. The popular ones are:

Clayton Family (Clayton, 1978) This family has lower tail dependence for

I

>0

and has the following function:
-l

c"to,yonfu,u)=

("- *r-t -t)7

(s)

Gumbel Family (Gumbel, 1960) This copula family has upper tail dependence for
0

2l

and

it has the following function:
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CGu.h"r

(u,r)= s*, - ft- tn u)' + (-rn ,)']å

(e)

Frank Famity (Frank, 1979). This copula family has a flexible

-æ(

d

that ranges

0 1* and has the following function:

Cr** fu,')

1

e

ln 1+

þ-e' -1)(, -" - 1)
e -0

(10)

I

Tabte 3-1. Archimedean copulas with their generators and ranges

Family

Generators

ø (t)

Clayton 1978

t -0

Gumbel 1960

(-tn r)'

Ranges

(0, ". )

1

Frank 1979

of

0

(t,
(-æ

-

)
æ

)

The relationship between the generator and the copula function is easily
identified. If the generator QQ) of Clayton copula from Table 3-

I

is substituted back

into the general form of the Archimedean copulas (Equation 7), we get the Clayton
copula (Equation 8). This means that the choice of the generator determines the
copulas family.
Once the types of copulas are identiflred then the next step is to construct and
simulate the copula.

3.3. Construction and simulation of Archimedean copulas
Genest and Rivest (1993) illustrated that Clayton, Gumbel and Frank copulas have the

following cumulative distribution functionKc (t)= P{C(u,v) < t\

.
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Kc (t)=

where

'

-

for

ffi

p (t) is the generator

and

anY

t rnlo'tl

ø'Q.) ir th.

(11)

derivative of the generator. Equation

(11) is known as the parametric estimate. In order to compare and simulate a copula,

the value of theta needs to be determined. Genest and Rivest (1993) proposed

a

relationship between the type of copulas and Kendall's tau and showed that through
this relationship the value of theta can be determined. This relationship is expressed in
the following theorem:
Let X and Y be random variables wíth an Archimedean copula C generated by

ø (t) , Kendall's
T,

tau of X and Y is given by:

=l*4'!ffidt

(12)

For example, for a Gumbel copula the Kendall's tau correlation can be expressed as a
function of theta:

t,
Hence

=L-l'! lnt dt= t -1e

by assuming a certain type of copula and calculating the Kendall's

tau

correlation using equation (3) the value of theta can be determined. Using equation
(12) the value of Kendall's tau for each family is shown in Table 3-2.

Table 3-2. Kendall's tau values as a function of theta for

each

family and their ranges
Family

Ranges

Clayton 1978

(0,

Gumbel 1960

(t,

-)

Frank 1979

(-

-, -)

Kendall's Tau
0

-)

0+2

1r

1

0

- !@,(- a )- r)
tÍ

Note: D¡ is the Debye function of the first order

D ,, = |
e

,n --!

",

_ |,

a,
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Once Kendall's tau is calculated and the value of theta is determined for each

copula, then the next step is to compare the dependency methods. Frees andYaldez
(1998) pointed out that to find the generator that fits the data one needs to compare
the parametric estimate Kc (t), by the procedure described earlier for generating the

copula,

with the

nonparametric estimate X

(t). The nonparametric

generated as follows according to Frees and Valdez (1998)

l.

2.

:

Define the pseudo-observations
number

Ti

estimate is

of (X , ¡ , X ,¡) such that

Xu 1X, and Xr,

1X,

Construct the estimate of K as

l(n-l) for i =1,.......,n.

(1

3)

K(/) =Proportionof T < t

To construct the nonparametric estimate, a pseudo-observation(f

) is estimated.

This pseudo-observation captures the movement of each point with the movement of
other points. It is possible to determine the correlation between variables in a similar

approach as used

in the Kendall's tau correlation

method. Then construct

a

cumulative distribution function of the pseudo observations(4.'s) for all the data
points. This process generates the nonparametric estimates, which are then compared

with the cumulative distribution function of the parametric estimates. For

each

generator chosen from Table 3-1, the value of theta is substituted into the parametric
equation (Equation l1) to be compared with the nonparametric

X (t). We then choose

the generator that best resembles the nonparametric results. The 'best' generator is
determined by calculating the Minimum Distance (MD):

MD=

llxrf,¡-KØl'dK(t)

(14)
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Another possible approach to determine the best generator is a QauntileQuantile (a-Q) plot, which plots the cumulative distribution function

of

the

nonparametric estimate against the cumulative distribution function of the parametric
estimates.

Once the optimal copula has been determined, it is used to generate the desired

correlated marginal distributions
Several types

U

and

V in the Monte Carlo Simulation

of simulation algorithms have been

proposed

model.

in the literature. A

general simulation algorithm was discussed by Mari and Kotz (2001):

1.

Generate two uniþrm and independent random variables u and q

2.

Calculate

,

= Cu-t (q), where C,

=NP
du

The second step is implemented by taking the derivative of the copula function

with respect to u. The next step is to find the inverse of the derivative C,-'
general this procedure works well where

C,-r

.Io

has a closed form expression and

where the inverse function can be solved analytically. This algorithm

for the Clayton but not for the Gumbel copula

because

it

will work well

has no closed form

expression for the inverse. To overcome this problem, another simulation procedure
can be used as suggested by Nelsen (1999):

L

simulate two independent random unífurm variables s and q on [O,t].

2.

Set t =

3.

Set u = Q

K" -'

(q)

,

Where Kc is the distribution function of C (u, v)

-' GQ Q)) and,

=Q

-' (

t-"V

k))

The second step in this simulation uses a numerical root finding method to
solve for the inverse of the parametric estimates. Once the value

substituted into the equations

in the third

step

of r is found, it

is

to derive the desired correlated
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variables

u

andv. This simulation is powerful and can be used to solve for all three

type of copulas; Gumbel, Frank and Clayton.

This section has introduced the copulas methods together with
construction and their simulation algorithms.

A

detailed explanation

comparisons, construction and simulation of the copulas methods

their

of

the

will be given in

Chapter 5.

3.4 Summary

In this Chapter, the current techniques to model dependencies used in the oil
and gas industry have been introduced. This Chapter shows that the Pearson (linear)

correlation cannot capture the dependence structure. Furthermore, this section has
discussed Regression fitting, the Envelope method and the Iman-Conover method,

which use the Spearman rank correlation as an input. In addition, the copulas
approach has also been explained, which has the advantage

of

capturing the

dependence structure.

The questions to be asked next are: How do the Regression Fitting, Envelope
and the Iman-Conover methods capture the dependence structure and how do they

differ from the copulas approach? What is the impact of this dependence structure and
does

and

it really matter? These questions pertain to the second objective of this research

will be investigated by testing

these techniques at the reserves level. The answer

to these questions will be presented in Chapter 6 followed by conclusions.
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CHAPTER
Functional dependence and
systems modelling at project
& portfolio levels

4
4.Introduction

The second Chapter showed that stochastic models yield better results than
deterministic ones and the value of integration can be achieved by the modelling of
dependencies and interactions. The third Chapter presented statistical dependence
methods for application at the reserves level. This Chapter focuses on explaining the

third and fourth objectives of this research and shifts the emphasis from statistical
dependency

to

functional dependency. This section

will

discuss the value of

modelling dependencies at the project and portfolio levels. The objectives of this
Chapter are to:

1.

Explain the third objective that this research proposes, which is the impact of
functional dependence on a development decision at a project level. This is
illustrated by:

a.

Showing what functional dependence means

b.

Defining what systems and sequential approaches are
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c.

Showing how both systems and sequential approaches treat functional
dependence.

2.

Explain the fourth objective of this research. That is the assessment of the
impact of dependencies and interactions at the portfolio level.

Terms used in this Chapter that require definition are:

Functional dependency is a dependency that relates two variables. For example, y =

f (x), then x has a functional

dependence

with y or x has a functional interaction with

v.

Sub-system is defined as more than two variables that have functional dependency on
each other.

System is a set of interdependent sub-systems.
4.1. Systems approach

The holistic, stochastic integrated asset model discussed in Chapter 2, termed

the systems approach, comprises different sub-systems which are related to

and

interact with each other. In order to capture the uncertainty in the model, a Monte

Carlo Simulation (MCS) is carried out for the whole system. Each iteration in

a

simulation takes samples from all sub-systems (Figure 4-1). Each variable is treated
as stochastic and is represented

by a probability distribution function.

The systems approach views a development decision holistically as

one

integrated system where a sample of reserves is estimated from the reserves model
and then used as an input into the production model to yield a production profile,

which in turn is used as an input into the economic model to calculate the Net Present
Value of the decision. This process is repeated until the NPV distribution is generated
based on the number of iterations chosen.
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MCS

Reserves

Economics

Production

\

7

NPV

\7

Figure 4-1. Systems approach

4.2. Sequential approach

A

sequential approach is defined as a set of sub models that are simulated

sequentially and the result of each sub-model is carried to the next sub-model which is
again simulated in isolation

with its result carried to the next sub-model (Figure 4-2).

This is known as the reductionist view, which decomposes a problem into smaller
parts, and is the traditional sequential oil and gas industry practice. A key difference
between the sequential approach and the common industry practice is that the current

oil and gas industry approach assumes some sub-models to be stochastic and others to
be deterministic. In this research, the sequential approach is used assuming that all
sub-models

of

petroleum development decisions aÍe stochastic.

To

analyse

a

hypothetical development decision using the sequential stochastic approach, a Monte

Carlo Simulation was run on the reserves model to determine a distribution of
technical reserves, which was then used as an input into the production model to
calculate a distribution of the production profile. The production profile generated
was used as input into the economic model, which incorporates costs and prices to
calculate the NPV. The key difference between the systems approach and sequential
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approach is that in the systems approach the individual samples are used in the next
step,

while in the sequential approach the whole distribution is carried from one sub-

model to the next.

MCS

MCS

+
Reserves

MCS

MCS

Economics

NPV

+
Production

Figure 4- 2. Sequential approach

4.3 Treatment of dependencies and interactions in the two approaches

To show how the systems and sequential
dependencies, two simple examples

approaches

fieat functional

will be considered, one without and the other

with functional dependence between sub-systems.

4.3.1 Example 1: No functional dependence

Let us assume that there are two systems as shown in Figure 4-3: system M
and system S. System M has three variables X,

Y and R, where R is a function of X

and Y. System S has three variables R, N and P where P is a function of R and N. R

output in system M is used as an input into system S as in example 1 (Figure 4-3).
Note that we cannot say that R has a functional dependence with itself; dependence
has to be between one variable and another. Clearly there is no functional interaction

between the two systems (M and S).
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System

M

System S

Figure 4-3. Example 1: no functional dependence between
systems

The functional forms in the example have arbitrarily been assumed to be

R=X*(-Ln(Y))

o-R'
N
where the variables X, Y and N are assumed to have triangular distributions defined
as

follows:

Table 4-1. Input values for

Variables
Minimum

X
Y
N

1

Values
Most

likely

Maximum

5

8

10

0.1

0.3

0.5

20

40

60

The sequential approach views example 1 as two sub-models with two
independent Monte Carlo Simulation runs used to characterise them (Figure 4-4). This
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approach executes the first simulation to generate an output distribution for R and

then uses that output distribution

in a second simulation together with input

distribution of variable N to generate the output distribution P.

R
P

R
N

Y

Figure 4-4. Sequential approach for example

1

The systems approach, on the other hand, views both system M and system S

as

one integrated system and uses a single integrated simulation. The process, shown in

Figure 4-5, is as follows: samples of X and Y are taken from their input distributions
and used to calculate a value of R. This ouþut value of R (not its distribution) is taken

with a sample from the input distribution of N to calculate

a possible

value of P. This

process is repeated for a large number of iterations to generate the output distribution

for

P.

X
R

Y

P

N

Figure 4-5. Systems approach for example

1
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4.3.2 Example 2: With functional dependence

The second example has the same input distributions for X and Y as in example

1.

The only difference is that the second example assumes P to be a function of R and Y,
instead of R and N leading to the deletion of N (Figure 4-6). The functional form of R
is the same as in example 1; the arbitrary functional form of P is

The difference between the two examples is that

in

P=+
Y

example 1 there

is

no

interaction or dependence between system M and system S, while in example 2 there
is an interaction between the two systems, as shown in Figure 4-6.

System

M

System

S

Figure 4-6. Example 2: With functional dependence between systems
The results from examples 1 and 2 are shown in Table 4-2, which shows that

for example 1 the systems and sequential approaches yield the same values for

the

mean and standard deviation of the final distribution for P.

The results from example 2, however, show a significant difference between

the two approaches. The mean and the standard deviation for the systems approach
are higher than the sequential approach by 17% and 70%o respectively. The systems

approach yields a higher value

of the standard deviation

because

it captures the

functional relationship between variables whereas the sequential approach ignores

of

them. In addition, the systems approach yields a higher value of the mean because
the non-linearity of the functional relationships as will be demonstrated in chapter 7.
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Table 4-2. Result of examples

1 and 2

Experiments

Approaches
Sequential

Example. I

Mean
Stand
Mean
Stand

Example.2

Systems

P

= 2.563

Dev

= 1.62

P

= 355
= 241

Dev

Mean
Stand
Mean
Stand

= 2.563

P

Dev

= 1.62
P
= 4I5
Dev = 410

The difference between the results of the sequential and systems approaches in
example 2 is due to incorporation of functional dependencies in the systems approach.

This can be observed by plotting the Y variable against P output (Figure 4-7). The
systems approach honours the negative functional dependency between

Y and P

whereas the sequential approach clearly ignores this functional dependency, as shown

in Figure 4-8. The conclusions

presented

in this section are for arbitrarily

chosen

functional relationships. Logic suggests that they should be valid regardless of the

form of the functional relationship and were found to be valid for various other
functional forms tested.
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0.4

0.5

0.6

Variable Y

Figure 4-7. Systems stochastic model showing functional dependence
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Figure 4-8. Sequential stochastic model showing lack of functional
dependence

The impact of the functional dependency can be seen indirectly presenting a

statistical dependence between

Y

and P. This statistical dependence could

be

measured to show its existence. For the systems approach, the Pearson correlation is
-0.7, while for the sequential approach the Pearson correlation is 0, this can clearly be
seen from Figure

4-7 and Figure 4-8.

The impact of the holistic stochastic integrated asset model, systems approach,

compared

to the sequential approach on

dependencies and interactions has been

investigated on a hypothetical offshore development decision. The results

of this

investigation are presented in Chapter 7.

4.4 Dependencies and interactions at the portfolio levels.

Harry Markowitz is known as the father of the portfolio theory. His work is

built on the concept of diversification among stocks (Markowitz, 1952). The key idea
of his work is that the interaction of the stocks is more important at the portfolio level
than the value of the stock alone. This is captured in his famous quote "Don't tell me

what a certain stock will do . .. . . ... tell me what will it do for my portfolio". The same
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analogy applies to petroleum projects. How projects interact with each other is more
important than the evaluation of single project alone. This means that a single project
should not be valued alone but the evaluation should be based on how it contributes to
the firm' s portfolio maximization.

The fourth objective of this research is intended to build on the third objective

of investigating the impact of systems and sequential approaches and carrying this
difference onto the portfolio level, thus showing how the difference in the systems

and sequential approaches impact decision-making at the portfolio level. br other
words, this section asks the question: whether the efficient frontier generated using

the systems approach to model projects is different from the efficient frontier
generated using the sequential approach

to model the same set of projects. The

objective is to show the impact of the difference between the systems and sequential
approaches at the portfolio level.

4.5. Current Portfolio modelling: what is missing?

The Markowtiz model recognizes the importance of interaction among
projects in the optimisation of the frrm's portfolio rather than the value of the project
alone. This model focuses on the interaction among projects as shown in Figure 4-9.

Ball and Savage (1999) discussed the main sources of interaction and

dependencies

among projects as follows:

Places: The NPV's of two projects in a similar

anea, meaning similar

geological setting, will produce positively correlated NPV's, which implies, according

to the portfolio theory, less diversification. While two projects in different geological
settings may be negatively correlated and hence lead to a more diversified portfolio.
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Prices: Oil prices in the world market tend to be the

same and therefore

positively correlated, which leads to less diversification. However, gas prices are not

or at most weakly correlated with each other or with oil prices. So a portfolio with

two oil projects will have less diversification compared to a portfolio with two
projects when one is oil and the other is gas.

Profiles: The timing of the cash flows and production profiles are

also

important in the construction of the portfolio. Two positively correlated cash flows
from two projects will lead to less diversification compared to two cash flows that are
less correlated.

A lower correlation

between cash flow profiles leads to more stable

cash flows and hence more diversification.

Project

Project

1

2

Reserves

Reserves

Production

Production

Economics

Economics

Figure 4-9. Portfolio selection: lnterdependence among projects

Politics: Political uncertainties are also significant in

portfolio

will

have less

characterization. For example, an haqi firm with two projects in haq
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diversification compared to one project in haq and another in Australia. Different
political climates create

diversified portfolio model then similar ones.

a more

The portfolio model clearly emphasizes the dependencies and interactions
among projects. This study argues that portfolio models should not only recognize the

impact

of

inter-dependence, but also the impact

of

intra-dependence

within

each

project as well. Furthermore, it is author's belief that the combination of both interand intra-dependence

will

lead to better portfolio optimisation models, as shown in

Figure 4-10. The idea is to move away from Figure 4-9 that considers only interproject dependence to Figure 4-10, which considers the impact of both intra- and
inter-project dependence. The results of this investigation are discussed in Chapter 8.

Project

I

Reserves

Production

Economics

Project

2

Reserves

Production

Economics

Figure 4-10. Portfolio selection: intra- and interdependence within project variables and among
projects
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4.6. Summary

This Chapter has discussed the third and fourth objectives of this research.
Concerning the third objective,

it

has explained the difference between a sequential

and a systems approach. In addition,

it

illustrated how both approaches can capture

the functional dependence when an interaction exists between two systems. The
second part

of this Chapter investigated the impact of including intra- and inter-

project dependence using the systems approach compared

to the conventional

portfolio approach of including inter-project dependence only. The focus of the two
objectives is to show the impact of dependencies and interactions at the project

as

well as at the portfolio level.
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CHAPTER

5

Methodology:
Construction of copulas
and systems approach

5.Introduction
Chapter 3 introduced the oil and gas industry techniques to model statistical

of

dependence. In addition, the copulas method was introduced. The second objective

this research is to explore the impact of the statistical dependence methods on reserves
estimates. Since the copulas method is not traditionally used in the petroleum industry
there is a need to outline the detailed steps of how to construct and simulate copulas.

In order to investigate the impact of functional dependence at the project and
portfolio level, Chapter 2

and

4 illustrated the need for a holistic stochastic integrated

model called the systems approach. This model should therefore be able cover all
petroleum components from reserves to economics. In addition, the systems approach

model should be able to capture both above and belowground uncertainties with
simple designs that avoid unnecessary details. This Chapter is divided in two sections;

the first section will introduce the methodology and the equations used to develop,

construct and simulate

the copulas. The second section will introduce

the

methodology used for the holistic stochastic integrated model, called the systems
approach.
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5.1 The copulas methodology

This section is divided in to two main parts. The first part focuses on how to
construct copulas that could be used to describe stochastic dependency. The second

part focuses on comparison of copulas with one another and with other dependency
description methods.
5.1.1 The construction and simulation of copulas

In Chapter 3, two simulation procedures were introduced to construct

and

simulate copulas. This section shows step by step how to build and simulate these two
procedures.

5.1.1.1 General analytical simulation technique

Analytical solution means being able to solve for one variable in terms of
others without iteration.

A

general simulation procedure introduced in Chapter 3 by

Mari and Kotz (2001) which uses the distribution function of

o

a copula is as

follow:

First step: Generate two random variables s and q independent and
uniform on (0,1)

o

Second step: Calculate

v-Cu-t@).

The

distribution. Knowing that C, =òC\u'v)

pair (s,v)

has the desired

.

du

The (s, v) is the desired correlated marginal distribution where, for example,

v

will

show

how this procedure works using the Clayton copula as an example. The

same

s

could be the area and

could be the reservoir thickness. This section

procedures can be used for the Frank copula, but not for the Gumbel copula as

will

be

shown later. The following are the detailed steps for using general analytical
simulation technique to simulate the Clayton copula:
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-l

1.

The distribution function for the Clayton copulas is C(u,v) = (u-t + v-0

a

-l¡

,

this is equation (8) in Chapter 3.

2.

Find the derivative of the copulas with respectto u
/,a _ðc(u,v)
,,
=T,

'òu---#

= (u-t +v-o

L.. =

3.

which is equal to

-l)e

'u-e-t

(1)

.

Set q =Cu, since the inverse is expressed in term
step to relate the correlated variable

of q. This is an important

v in term of the uniform variable q

as

shown in the second step in the general analytical simulation technique where,

,

= Cu-' (4). Therefore equation (1) is set as:
-(r +o)

q=(u-e +v-t

4.

-l¡ o u-@+t)

Solve for the inverse
equation (2),

it

of C,

can be seen

and therefore solve

(2)

for v = C,-'(q). Looking

at

that y could be solved analytically without using

numerical root finding methods.

5.

Simplify equation (2)b1raising both sides by the power of

- ,?
I+0;

and solve

for variable v
-0

v-'

6.

=(+-u-e
u

+l)

Raising both sides

of

(3)

equation (3) by the power of

I
0

The

generated

-0

equation

forv variable with Clayton copula is v = (+-r-t
u

+l¡i

(4)
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For simulation the value of theta
discussed in Chapter 3, Table 3-2, with

following equation: Kendall's

(á) is determined for Clayton copula as

it's relation with Kendall's tau through

ta\=#t,

the

by calculating the Kendall's tau a value of

theta can be determined.
Once the value of theta is determined and two random variables
generated then Equation (4) generates the desired pair(s,v), which

desired Clayton copula

s

and

q

are

will provide the

for area and thickness as an example. Unfortunately this

procedure only works for copulas with analytical solutions or copulas that do not

require a numerical root finding method.

It

does not work for copulas such as the

Gumbel copula. Furthermore this can be seen

,, ={#

if

we try to derive the derivative

for the Gumbel copula.

5.1.1.2 A numerical root finding simulation technique

Since an analytical solution cannot be found for the Gumbel copula, another

simulation algorithm that is capable of handling numerical root finding is suggested
by Nelsen (1999):

Step 1: Simulate two (Jniform random numbers s - U (0, 1) and q
Step 2: Set t

=

Step 3: Set u =

Kr-t

ø'

(t), K,

-

U (0'

I)

is the copula distribution

G Q(r)), u = ø'

((l-s) ø (l)

To illustrate how to construct this algorithm a Gumbel copula will be used

as

an example. However, this method can also be applied to the Clayton and the Frank
copulas even though they can be solved analytically. The reason for using the general

analytical simulation for the Clayton and Frank copulas

is simplicity.

Detailed

explanation of the steps required in the numerical simulation follows:
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Step 1: Simulate two (Jniform random numbers s - U (0,

l)

and q

-

U (0, 1)

The preliminary steps required prior to generating two uniform distributions are:

1.

Calculate the Kendall's tau using the following equation:

_

#(concordant pairs)-#(discordant pairs)

"\r-t)
2

This is the same as equation (3) in Chapter 3.

2.

Next calculate the value of theta (d), from Table

3-2in

Chapter 3. When

using the Gumbel Copula there is a relationship between Kendall's tau and
theta, Kendall's tau =
then the value

Step

2:

Set t =

t = F;.

of 0 canbe

Kr-'(t), K"

Once the value of Kendall's tau is calculated

estimated.

is the copula distribution

For the second step the following equations are needed.
The parametric estimate distribution is

Kc =,

'

The generator for the Gumbel copulas is Q Q) =
The first derivative of the generator ø

þ

(-ln(/))d,

to find

r.

(7)

'0=, -tln!t).

Kc

The next step is to solve for the inverse

= Kc-' (/). It is known

(6)

Table 3-1

'(t) = -1ln(l))'-' 1t

Substitute (6) and (7) into (5) and we get

t

(s)

- ! '(t)
l)^

of K" which

(8)

means to solve for

t,

from algebra that equation (8) cannot be solved anal¡ically

Therefore, numerical root finding must be used to solve for t

.

Although,

there are many methods for numerical root finding, the Newton method was chosen.
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Other methods might work as well. The Newton method can be derived from the first
order Taylor expansion or from two points and a tangent line.
The Taylor expansion is expressed as

/(x)

=

f (x,) + f

t

(x,)(x,*,

- r,)

.

In order to solve for the root x, the function is set f(x)=0, and the formula
calculate the value

x¡*r = xi

-

of x,*, using

to

the Newton method is

f (x,)
.f '(r,)

(e)

Using equation (9), to solve for the numerical root, the following steps and criterion
are required:

l.

An initial guess of x

2.

The first derivative

3.

A convergence criterion, say

of f (x) which is f t (x)

The procedures is as follow

f @) < 0.0000000001.

,

1.

Start with the

2.

The next step is to find x,, using is x, =

3.

Then x,

4.

Continue this process until the value

-

initial guess of x, = xo and calculate

xt

#"and

x,

- xz

f ' (*)

,o" -ßo)"f '(*r)

ffiand

.

.

so on.

of f (x) < 0.0000000001 is reached.

Now using equation (8) we include the q generated by uniform distribution of U (0,
in the first step as follows Kc =,

-"1'' - n .

Based on the root finding method we need the first derivative

which is Kt c =

-

llt

ee-1+ t .

1)

(10)

of K" with

respect to

t

(l l)
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Now it is possible to solve t = K"-' (r) for the Gumbel copula, with an initial

of x. =lo =0,

guess

using equation (10) and (11) and substituting them in equation (9).

This process can be done in Excel or with Visual Basic Application (VBA), the latter
being easier and faster

Step 3: Set u =

øt (t ø (t)), v = ø-' ((l-

s) ø (t))

The final step is to get the desired correlated marginal distribution of u and v

Set

,

ø

(12)

=ø-t(s QQ\ and

= Q-' ((l

-s) ø (t)).

(

For the Gumbel copula, the generator is

/

(r) =

Numerical root finding is used to solve for

t

(-ln(l))d

13)

as given in equation (6).

and find Q-1, which is given by
(14)

ø" (t) -- exp(-t)o

Now equation (14) can be substituted back in equation (12) with s generated
from the first step and

t

estimated from second step, a value

then repeating the same process

will

solve

of a is estimated, and

for v. This will

generate the desired

correlated marginal distribution (ø, v) using the Gumbel copula. An example, Figure

5-1, shows the correlation between atea and net thickness generated by using a Monte
Carlo Simulation (MCS) of 1000 iterations for the Gumbel copula.
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Figure 5-1. Gumbel simulation for area and thickness for 1000 iteration
5.1.2 The comparisons of copulas and other methods
Once the simulation procedure, described above, is set up for the copula, then
a MCS can generate correlated distribution resulting in the generation of a plot such
as Figure 5-1. The remaining question is how to determine

which dependency method

can best reproduce the original data? The answer lies in comparing the parametric and

non-parametric estimates. Reviewing the parametric and non-parametric estimates is

a way to

suggested as

compare copulas and

to

compare copulas

with

other

dependency methods, such as Regression fitting, the Envelope method and the ImanConover method.
5.1.2.1. Non-Parametric Estimates

According

to

Frees and Yaldez (1998) the nonparametric estimate,

K(t),

is

determined as follows:

1.

f-

First, define the pseudo-observations

of (X,¡,Xr¡) such that
l(n -I) for i =1,.......,n.
Xt¡ 1X, and Xr¡ 1X,
number

(1s)
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2.

Second, construct the estimate of

K as K(/)

-

proportíon of T, 3 t

Pseudo-observation captures the movement of the other points with respect to
a reference point. This reference point is then changed and the movement is captured

according to the new reference point.

A simple

example is provided to demonstrate

how the pseudo-observation measure is calculated. Let's assume two variables, X,
and

X,

are given

with three paired points (n = 3) as shown in Table 5-1. This set of

data could be the original data or

it could be the data generated from the simulation of

the dependency method.

To calculate the pseudo-observation measure the following assumptions are made:

o If the movement of a point relative to a reference point is upward

(positive

direction) then T, = I.

o

If the movement of a point relative to a reference point is downward (negative
direction)then

Z

=0.

The two assumptions can be mathematically represented as an IF logic function from
Excel spreadsheet as follows:

IF( logical test,value-if true ,value-ilfalse)

as

IF ( movement direction is upward, upward (positive)= l, downward (negative)= 0)

Table 5-1.Input data for pseudo
observation
Sample (n)
Yariable
Variable X,
1

2

-)

2

4

5

J

7

8

X,
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The following steps are then carried out:

First step: first point is the reference point, so point
reference point and

I

l,

(2, 3), will be the first

will capture the movement of other points with respect to this

point (Figure 5 -2).

10

I
Point

Polnt 2

6
N

Point I

x
4

o

2

a

0
0

2

6

4

I

xl
Figure 5- 2. Pseudo-observation for the first point
The movement from point 2 to point
function as follows: IF (AND (4<2,5< 3),

l,

|

(Tr,) is captured through the logic

0), the result of this is Tr, = 0. The logic

test of (4<2, 5< 3) is only used to show how equation (15) works. Since 4 is not less
than 2 and 5 is not less than 3, this is a negative direction movement and thus the

result

of

Tr, = 0. Also Figure 5-2 shows that the movement from point 2 to point I is

downward (negative direction) and therefore Tr, = 0.

Then the movement from point 3 to point

I (Tu) is captured through the logic

function as follows: IF (movement upward, 1, 0), the result of this is Zr' = 0.
Therefore Tr, = Tzr

And,

{

¡ Tt =0 + 0 = 0.

= To,l (n-1)=0/(3-l)=0.
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The (n-1) factor is an adjustment for a number of points. The value of T,= 0 means
that the movement from the other points (point 3 and point 2) to the reference point

1

is negative or in the opposite direction. This is how the pseudo-observation estimate
captures the movements of points according to each other's position.

Second step: now the second point is set as the reference point, so point 2,

be the reference point and the value for T,

will

(4,5),w1ll

capture the movement of the other

points with respect to this point as shown in Figure 5-3.
The movement from point 1 to point 2 (Trr) is captured through the logic function as

follows: IF (movement upward, 1, 0), the result of this
from Figure 5-3

as the movement

from point

isl,

=

1. This a gain be seen

I to 2 is upward.

Then the movement from point 3 to point 2 is captured through the logic function

as

is Tr, = 0 (downward

follows: IF (movement upward, 1, 0), the result of this
movement).

10

a

I
Point 2
6

Point I

4

a

ñt

x

2

a

Point

0

4

2

0

xl

6

3

I

Figure 5-3. Pseudo-observation for the second point

Therefore Trz

=

Trr.

t

Trr= 1 * 0 =

1,

and Tr= Torl(n-1) = 1/ (3-1) = 0.5.
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Repeating the same process for the third point we

will arrive at Tor= 2 and T, = I-

The summary of the all the pseudo-observations is given in Table 5-2

Table 5- 2. Results of the
Sample (I)
Variable X,

I

Yariable X,

2

Tí

J

0

2

4

5

0.5

J

7

8

I

Once the values of the

to show how this

are calculated, then a cumulative distribution

{.'s

function (CDF) is developed for the
here

observation

I

values. The IF.. AND logic function are used

approach works, but

in order to do this a Visual Basic

Application (VBA) code was developed which made this process easier to carry out in
Excel. This is very useful especially when a simulation is run for 1,000 or 10,000
iteration which means repeating the above procedures

for

1,000

instead of the 3 points shown in the above example. This process

CDF of

{'s

or 10,000 points
will

generate the

for the original data or for the data generated through the simulation of

dependency methods. The CDF of

f

's is called the non-parametric estimate of rK(r).

5.1.2.2. Parametric Estimates

Once the

!'s

are developed for any two variables, then the parametric estimate is

compared with the non-parametric estimate for any copula. The parametric equation

/

tis: Kc (t)=
\

4.

ø'lt)

Once the T,'s

.for any t in the range

ane

of 10,\

t for I

in equation

andits derivative ø

t(r) for each

developed we substitute each value

(16) and then by substituting for the generator Q

þ)

(16)

of

copula. This process will derive the parametric estimates of Kc (r).
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Once the parametric and non-parametric estimates are developed then

a

comparison between the two approaches can be made. This is achieved by calculating
the Minimum Distance (MD) using the following equation:

MD=

llrrftl -

KQ)l'

dK(t)

(rt)

This is taking the sum of the square difference between the parametric and
non-parametric estimates. Graphically, this is achieved by plotting the CDF of the
non-parametric estimate and the CDF of the parametric estimate. The original data

will be estimated by the non-parametric and the copulas by the parametric method.
The graph resulting from plotting the two CDF's is known as the Quantile- Quantile

(Q-Q Plot. The copula that produces the minimum distance is the one that
reproduces

the original data. The results and the application of the

best

copula

methodology and other dependency methods will be discussed in Chapter 6.
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5.2 The stochastic integrated model: A systems approach
This section of the Chapter will describe the development of the stochastic
integrated model as a holistic approach that

will combine

reserves, production,

facility

and economics data for an asset. This model is called the systems approach. An Excel
spreadsheet and

VBA

codes

will be used to build the model and link all the elements

from reserves to economics. Then the input variables for the model are defined

as

distributions in order to capture uncertainty. Once the inputs are verified a simulation
package such as @Risk will be used to perform Monte Carlo Simulation. Each section

will

describe the specific techniques that are used in the model.

Furthermore, this section

will

show the integration and mutual dependence

of

the decision parameters such as reserves, production profile, drilling rig selection,
production facility selection, price and costs (Figure 5-4). The modelling process will
be explained by discussing one complete iteration in a Monte Carlo Simulation of the
entire system.
5.2.1 Reserve section
Reserves are calculated as a product

of Original Oil in Place (OOIP) and

recovery factor using a volumetric calculation of the OOIP and the API recovery
factor equation (Arps, 1968) as shown in (Figure 5-5). The OOIP samples stochastic

input distributions of the component parameters which are: area, net thickness,
porosity, water saturation and the inverse of formation volume factor. Simultaneously,

in recognition of the existence of functional dependencies of both OOIP and recovery
factor on porosity and water saturation, samples generated for input into the OOIP
calculation are also used with other inputs, such as permeability, for calculating the

recovery factor. The value calculated for OOIP and the corresponding value of
recovery factor are both used to calculate a colresponding value ofreserves.
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Figure 5-4. Systems approach model with dependencies and interactions
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The reserve calculation assumes a tank model with constant thickness where
net thickness is equal to gross thickness. The equation to calculate OOIP is as follows:

No

7759* A* h* O * (l

-

S,, )

(18)

Bo¡

No

=OOIP,STB

A

= Area, acres

h

= Average thickness, ft

(Þ

= Average porosity, fraction

S,¡

= Initial water saturation, fraction

Bo¡

= Oil formation volume factor, RB/STB.

This model assumes that the amount of gas produced is small, therefore it will be
flared and the model will focus on oil reserves only. The recovery factor for the model
is based on the assumption of a solution gas drive and uses the following equation.

E

n=

4l'8I

'[?)o'u''*[*)"''''*(^S')o.,,,,-[+)"''*'

ER

= Recovery factor =Recovery efficiency, fraction

O

= Average porosity, fraction

s wt

= Initial water saturation, fraction

BOI

= Oil formation volume factor RB/STB

Ko

= Absolute permeability, md

þo

= Oil viscosity at bubble point, cp

Pb

= Bubble point pressure, psi

(1e)
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Po

= Abandonment pressure, psi

As shown in Figure 5-5, Technical Reserves

(.Ro

= OOIP * E*,

)

x

(20)

1/ (Form ation
Volum s

Factor)

e(1-sw)

Net Pay

Area

=

OOIP

Reserves= ootPXRF

Figure 5- 5. Reserves elements

It is important to point out that this thesis

computes technical reserves using

the technical parameters of the reservoir. However, once the stochastic integrated
model is developed, reserves are defined as commercially recoverable oil and are an

output of the economic model, not an input, since they are a function of many
economic parameters such as oil price and operating costs

Each one

of the variables used to

calculate the OOIP

is

modelled

stochastically. The same applies for variables that are used to calculate the recovery
efficiency. This results in the calculated technical reserves being a distribution.
5.2.2 Rig selection and drilling program

Rig selection and drilling programs are a function of water depth, costs, rig
capability as shown in Table 5-3 as well as rig availability. For example, at water
depths above 1000

ft, the decision maker would have three choices: semi sub 3'd

generation, semi sub 4th generation or

drill ship. Next costs are incorporated and the

least expensive is chosen, the semi sub 3'd generation based on the assumed costs

will

be chosen.
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Table 5-3. Drilli selection matrix
Riq type
Water depth (ft)
Jack up
250
Jack up
Semi sub 3rd oeneration
Semi sub 4th qeneration
Drill ship (DP)

350
1 000
1000
1000

In addition to rig

Gosts ($/dav)

selection, the number

40.000
60.000
70,000
I 15,000
150,000

of wells drilled in any year

1s a

function of rig availability. The model is able to cater for single or multiple rig-

drilling schedules, which in turn affects the production schedule.
Rig availability is modelled

as

two choices:

= 1, is limited to only one rig

=

Multiple, 2 or more rigs.

To determine the number of wells drilled by a rig per year the following two
equations are used as average estimates:
Number of days to drill a well = drílling depth (ft) I daily rate (ft I day)
Number

of

wells drilled by a rig I year = (30* 12) I Number

This means that

if

of

days to

(21)

drill a well (22)

one rig is available then only a certain number of wells can

be drilled in a year, but if more rigs are available then more wells can be drilled, as in
an acceleration program. For example,

if rig availability is limited to only

one rig and

the number of days to drill a well is 49 days, then this rig can approximately drill only

7 wells in a year. Therefore, the total number of wells in any year is constrained by
the number of wells that can be drilled by a rig and the number of rigs available.

5.2.3 ProductÍon Profile

This model assumes that all the wells are horizontal and have the same initial
production capacity, with the functional dependency between OOIP and initial well
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rate arising from the fact that both are functions of net reservoir thickness. The same

sample

of net thickness

corresponding value

used

to

calculate the OOIP

is used to

calculate

a

of the initial well rate. Furthermore, due to the functional

dependency between the recovery factor and the initial rate, both being dependent on

permeability, the model uses the same penneability sample generated for calculating
the recovery factor as an input into calculating a conesponding value of initial well

rate. Initial rate per well was calculated using the Joshi method (Economides et al,
1994) as follows:

Horizontal well flow (Joshi's Method) (barrels per day)

0.00708 *

PI=
þo* Bo,*

a = (Lh

Q, =

K

,Fh

(23)

0+ a'-çrofz¡'
Lo12

þþ.s + 0.25+lzr"frr¡4 ï'

PI * (P- P,r)

(24)

where

h

= Average thickness, ft

Kh

= Horizontal permeability, md

K

= Vertical permeability, md

v

Lh

= Length of horizontal well, ft

re

= Drainage radius of horizontal well, ft

rw

='Wellbore radius, ft
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a

= Half the major axis of the drainage ellipse, ft

Bo¡

= Oil formation volume factor RB/STB

Ito

= Oil viscosity, cp

PI

= Productivity index, banel/daylpsi

Q¡

= Initial production,banellday
Once a value of reserves and a value of initial well rate are generated for a

single iteration they are used to calculate the production prohle of the field. This
model ignores the build up phase of production. The model also assumes that the well
production capacities

will start declining immediately

as production starts from that

well. Maintaining plateau production, therefore, requires combined well capacities to
exceed the plateau rate. The rate of production decline for each well is a function

of

the depletion level of the entire reservoir. Therefore, the initial rates of all future

wells are functions of the remaining reserves of the total reservoir. The calculated
values of reserves and the initial well rate are used
generate the production

in a feedback mechanism

profile. At the beginning of production, the initial

are the same as the remaining reserves, and the well rate is the same as the

to

reserves

initial well

rate. In the second year, the remaining reserves are calculated using the production in
the previous year and the initial reserves estimate. Then, the decline rate is calculated
based on the reserves remaining and the

initial reserves estimates. This process yields

a decline rate that is similar to the exponential decline rate. This decline rate affects

the production in the second year, which in turn affects the total production. This
cycle is repeated until the economic limit is reached. This process is mathematically
described as follows and is shown in Figure 5-6.
where

a

= Production capacity = Facility limit, barrel per day or barrels per year
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Rt

= Remaining reserves, million barrels at time t

Ro

= Technical reserves (initial reserves), million barrels.

Pd

= Daily production, barrels per day

Pro

= Total daily production or sum of all well daily production, barrels per day

P,,

= Yearly production, barrels per year

Dl

= Decline rate at a time t

wo

= Number of wells for the first year or at the beginning of plateau

wt

= New additional wells for a given year.

Assume that t = 0, is the current time, or the year production

1. At t =0,40 =R,,therefore

2'

P¿o

3.

Pr¿, = Q,* wo, where wo =

4.

Pyo

=

=

will

start

Do =1, where D, = R, I Ro

Q¡

Prdo

Ql

Q,

* 365

At t =1,

l, R, = Ro -P"o

5.

Calculate remaining reserves atyear

6.

Calculate decline rate, D, = Ar /Ro

7.

Calculate daily well rate in second year, Po, = Q,* Dt

8.

*
Calculate Total daily Production rate at year 2, Pr¿t = Pr, * wo + Po, wo

9.

Calculate Total daily Production rate
Pr¿, =

Min (Q,Pu,* wo * Por*

*r)

10. Total yearly production atyear

11.

At t = 2, Continue

at year 2 that will reach plateau,

2,

Pyr =

Prat*365

the process and go back to step 5 again
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This process in general is as follow:

a.

Starting with remaining reserves R,*, = Rs

b.

Calculate Decline rate D,*, = R,*, /Ro

c.

Calculate daily well rate in t years, Pd,*, = 8,* D,*,

- Py,

d. Calculate Total daily Production rate at year
Pra,*t = Po,*, * wo
e

I

I

Pa,*r* rdo, where wo = Q I Q,

will

Calculate Total daily Production rate at year t that
Prd,*r =

f.

I

t,

reach plateau,

Min (Q,Po,*r * wo * Po,*r* r,*r)

Total yearly production at year t,

Pyt+r

= Prd,*, * 365

,
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Figure 5-6. Production Model
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This model assumes that the decision maker will assign a production capacity

or facility limit based on the expected value of reserves. This process of using the
calculated individual value

of

reserves, initial

well rate and drilling

parameters

generates a production proflrle (Figure 5-4). The production start-up time

is

also

interlinked with economics to show the impact of production start-up timing on NPV.
F.achyear, the number of additional wells (w,) to be drilled is determined as a

function of the shortfall in production from existing wells relative to facility capacity
and the initial rate of the new wells, which declines due to the overall reservoir
depletion.

If the combined capacity of the current wells exceeds the facility

capacity

then no additional wells are drilled. Otherwise, more wells are added to maintain
production at facility capacity. Number

of wells is mathematically calculated

as

follows:
1.

Number of wells per year to maintain plateau (w, ) .

In order to calculate this value, the following assumed conditions need to be

met,

other assumptions can also be made:

o

Number of wells per year should be less than, or equal to, the number of wells
that can be drilled by Rig availability.

o

Number of wells per year should be less than, or equal to, the total number of
wells required to produce the whole field.

Number of new wells in a given year (w,) =

(Q-

previous yearly production)/4,.

2. Total number of wells for the freld (W ).

In the systems approach model, the total number of wells is a function of
reserves, initial well rate, capital cost per well, operating cost per well and net oil

price after tax (Cunningham et al, 2004). Assuming everything else is constant

if
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reserves increase (decrease), total number
(decrease) accordingly. Also,

of wells would be expected to

increase

if well rate capacity is higher (lower), total number of

wells would be lower (higher) again assuming everything else is constant. The same
analogy is applied with Oil price;

if oil prices are higher,

an increase in number

of

wells would be expected to gain more profit, this is simply an acceleration program.
Another way to view dependency between total number of wells and reserves, initial

well rate, capital cost per well, operating cost per well and net oil price after tax is as
an optimisation problem where the objective is to find the optimum number of wells

for the field. The following equations and conditions are used to calculate total
number of wells:

This model has two options to model total number of wells for the field:

1.

Deterministic where the decision maker chooses the total number of wells

to produce the whole f,reld based on the expected value. This is done for
the sequential approach.

2.

Total number of wells

(W)

canbe a function of reserves, production, costs

and oil price using the following equation (Cunningham et aI,2004):

u'

',-o*

Q¡

-

C**D,+E-&*E*
Q¡

(2s)

C**D,+E-ü*8.
4¡

q = (It D,)-'oo
I

¡

= Oil production, barrels per well per year þroduction

model)

R

= Technical reserves, million barrels (reserves model)

Pn

= Net oil price after all taxes and royalties, $/barrel (economic model)
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D,

= Discount rate, fraction (economic model)

C*

= Net capital cost per well, $ per well (economic model)

E.

= Net OPEX per well, $ per well (economic model)

Tab

= Abandonment time, years (economic model)

Cunningham et

al (2004) derived equation (25) using the

assumption

of

exponential decline analysis, which this model is using. This equation fits the model

well.

If

any of the input parameters are changed, the number of wells

will

change

accordingly.

The systems approach model sums all the production from all the wells and
provides the production profile for the field

At this stage the systems model has options such

o

Changing production start time.

o

Changing production capacity.

as:

In addition, the systems approach model will calculate the following as an ouþut:

.

Daily and yearly production at Plateau

o

Number of years at Plateau

o

Yo

of Reserves produced at Plateau

5.2.4 Facility and export section

The value of reserves, calculated earlier and used as input into the production
model, is also used as input into the facility model which uses simple rules of thumb

to determine the appropriate facility's type as a function of reserves, water

depth,

drilling and storage options. The hypothetical oil field of this study has the expected
value reserves of 63 million barrels, is remote and in water depth of 1000 ft. In these
circumstances

the model chooses an FPSO with shuttle tankers for exporting
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production. More sophisticated facilities selection processes and stochastic facilities
capacity estimating models can also be incorporated. The process

of choosing

the

FPSO and shuttle tanker is as follows:

A production facility choice will depend on the following factors:

o

Reserves volumes

o

Number of wells

o

Water Depth

o

Distance to infrastructure

o

Storage and

drilling facilities

Based on the above factors, then

a choice of facility will be used for

each

development scenario and the optimal solution chosen.

A decision matrix was developed using the following arbitrary guidelines:
Reservoir volumes:

If

reserves are less than 250 million barrels, then SPAR and

Tension leg Platform (TLP) facility will not be chosen because of their high costs.
Water depth: If water depth is greater than 1000 feet, no fixed facility will be used due

to the high cost of installin g it at this depth based on the current literature.
Number

o.f

wells If the number of wells

is greater than 5 wells then min-TLP

be used, this is a technical limitation. Furthermore,

will not

if number of wells is greater than

20 then SPAR cannot be used. Based on the current literature most of the SPARs used
have a technical limitation of 20 wells. However, this could be easily changed in the
model with the increased use of better technologies.

Distance; This impacts the decision of which export mechanism to choose. There are

two options: a pipeline or using a shuttle tanker taking account of initial CAPEX and
ongoing OPEX. On this basis a shuttle tanker was chosen for this analysis.
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Storage and drilling.facilities: This is based on whether the facility requires drilling or

not and whether the facility requires storage.

If

the facility requires storage, then an

FPSO or SPAR might be a suitable choice. And

if

a facility requires drilling then

FPSO cannot be chosen. A semi-submersible has two types, one with drilling and the
other without drilling.

For this study an offshore field development case was used with the following inputs:
Reserves expected

Water

value

Depth

Number of
Requires

= 63 million barrels

= 1000 ft

wells

-7

storage

= Yes

Distance

= 60 miles from nearest location.

According to the decision matrix explained above the FPSO is the suitable choice

with

a shuttle tanker as an export mechanism.

It is important to indicate that the above arbitrary assumptions about

reserves

volumes, water depth, number of wells, distance and process selection are based on
the current literature and simplified as rules of thumb. The objective of this study is to

simplify a detailed model so that

it

captures the main parameters and shows the

process of decision-making.
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5.2.5 Economic Modelling

Economic calculations are divided into two groups: cost and revenue. As the
calculated realisation of the production profile is generated,

it is directly linked to

operating expenditure (OPEX), which is divided into fixed and variable costs, with
the latter being dependent on the production rate (Figure 5-4). The capital expenditure

(CAPEX) associated with production and export facilities together with the number of
wells drilled per year are used to calculate the annual capital expenditure (CAPEX).
CAPEX dependence on production capacity is input in tabular form. Abandonment
costs are incurred when the field operating costs are greater than revenues. Fixed and

variable OPEX as well as all components of CAPEX are stochastic. The following are
used as an input into the calculation of CAPEX and all are presented as stochastic

o

Exploration well costs ($ Million per well)

o

Dry hole costs ($ Million per well)

o

Production well costs ($ Million per well)

o

Floating Production Storage and Offloading (FPSO) costs ($Million)

o

Export system: Cost of shuttle tanker or pipeline ($Million)

o

Sub-sea equipment &installation

o

Other costs, administration and management ($Million)

o

Production Capacity costs ($Million)

($Million)

The sum of all the inputs above is the total CAPEX, which is modelled in the
year that it is incurred. For this model a CAPEX matrix was assumed, as function of
number of years to start production as shown in Table 5-4.
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Table 5-4. Capital expenditure profile as a function of production start years
CAPEX, 7o of Total
Production
Start, years
Year
Year 4
Year 3
Year 2
Year 1
Year 3

40

60

Year 4

40

40

Year

40

20

5

Production start

up

+
20

+

20

20

5

+

$

The CAPEX for the wells is incurred when the wells are drilled. This is

modelled through

a

direct relationship between production and well cap\tal

expenditure.

Revenue calculations use production and

oil

prices as inputs. Finally the

model calculates the NPV using production, price, costs, discount rate and taxes

as

inputs (Figure 5-4).
The economic section is mainly focused on calculating the Net Present Value

(NPV). NPV is defined mathematically by the following formula:
Net Present Value

(NPÐ =

I

t=1

Net Cash flow = Income

Net Cash Flow,

(I+ Discount Rate)'

(21)

- Taxes

Income t = Revenue t - CAPEX t - OPEX

(26)

(28)

r

Taxes = 0.34 x fncome, This model assume 347o tax rate.

(2e)

Revenue t = Yearly Production r x Oil Price

(30)

t

Discount rate is assumed tobe l57o per year.
5.2.5.1,

Price models
The model provides five options to predict oil price:

1.

Deterministic.

2. Increasing or decreasing oil price with time
P, = Po (1+ E;o-"r

(3 1)
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I : Time (years)
Po :

E

First year oil price ($/banel)

: Escalating or de-escalating factor (%)

3. Stochastic oil price

Assuming price could have a normal, lognormal

or any other type of

defined

distribution.
4. Geometric Brownian Motion (GBM)
P,*, =Po (exp(ø -0.5o2)t

+@"1ùw

a

:Longterm growth, fraction

o

: Short term volatility, fraction per year

Q2)

/ : Time (years)
V/

i

Normal distribution with mean of zero and variance of 1, N- (0, 1).

One realization of the geometric brownian motion oil price model is shown in Figure
5-7.

Geometric Brownian Motion
Price Model
23

22.5
22

It

èo

zr.s

o

'=.

o

21

zo.s
20

19.5
0

10

20

30

40

years

Figure 5-7. GBM with a random price realization
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5. Mean Reversion

A sample of one realization of the mean reversion is shown in Figure 5-8 and
is derived using the following equations:

p, = p,,exp(-Kr) + ppr(t- exp(Kr)) + (1- exp(-2Kt))<fi>>",

P,*t =exp(P,

P,,

- 0.5(1 -

(33)

exp(-2KtÐ(#D

Q4)

=ln(P,): Natural log of the current price ($/banel), this is deterministic

Pr,=ln(p,): Natural log of the

long-term price ($/barrel)pr,, this

is

deterministic

o

: Short term volatility (fraction per year)

/ : Time (years)
W

:

Normal distribution with mean of zero and variance of N- (0, 1)

ry

i

Reversion speed (Years)

K =ln2: Reversion factor (per year)
rl

Mean Reverting
40
35

^30
t¡
è25
.Ë, zo

1rs
õ

.,0

MR price

5

-

-

0

0
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long term price

20
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Figure 5-8. A random realization of the mean revering price
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The output of the economic section for the systems approach model is the following:

o

Net Present Value (NPV)

o

Internal rate of Retum (IRR)

o

Payback period

o

Statistical measures such as P10, P50 and P90 values of NPV.

The preceding sections; reserves,

rig selection and drilling

program,

production profile, facility and export and economics describe one iteration of the
systems approach model (Figure 5-4)

to calculate the value of NPV, taking

dependencies into account. The model then goes back and carries out another iteration

by picking new samples of inputs required to calculate the NPV and repeats the whole
process. The iterations are continued until

a stochastic representation of NPV is

generated. This process is presented in a simplified version in Chapter

4

and is shown

in Figure 5-9 below.

In contrast as shown in Figure 4-2, the sequential approach calculates

the

distribution of each of the decision parameters independently of each other and then
combines these distributions to arrive at the NPV.

MCS

Reserves

Production

Economics

NPV

Figure 5-9. Systems approach
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CHAPTER
Testing copulas: Modelling
dependence in reserves

calculations

6.Introduction
This Chapter builds on Chapter 3 which introduced the statistical dependency
methods including the Copulas approach and Chapter

5 which illustrated the

construction and simulation of Copulas. This Chapter illustrates the potential benefits

of using copulas to model dependencies in oil and gas applications with a particular
focus on estimating reserves. The copulas method has been applied to a simple
reserve calculation and the results are compared and contrasted with the results

of

some of the more commonly used approaches to model dependence. The comparisons

show that the traditional methods have problems
dependence structure

in

accurately reproducing the

in the tails of the variable distributions. Finally, this Chapter

illustrates how the dependence structure can be captured and modelled using the
copulas approach.

6.1. Reserves estimation: data and assumptions

The example this study

will

discuss

is an oil reservoir with a focus on

technical reserves, which are estimated using the volumetric equation and a recovery

factor. The focus is on probabilistic reserves, so area, net thickness, porosity, water
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saturation, formation volume factor and recovery factor are all treated as uncertain.

The reserves estimates are for a new oil discovery with limited data to conduct

a

probability analysis. Data were collected from nearby oil producing fields that have

similar geology to the discovered f,reld. That data for each variable such as area,
thickness and porosity were input into a Best FitrM software (Palisade group, 2004) to
determine the best fit distribution using the chi square measure "goodness of fit".

In addition to finding the best fit

distribution, the software was used to

estimate the statistical parameters for each variable. For example, area was best fitted

with a lognormal distribution with a mean of 700 acres and a variance of 220

acres.

This process is carried out for all the variables and summarizedin Table 6-1. A plot of

net thickness versus recovery factor shows a positive correlation (Figure 6-1).
Furthermore, as shown in Figure 6-2, porosity and water saturation are negatively
correlated. These inputs are correlated and the objective is to explore the impact of the
choice of correlation model.

Table 6-1. Input used for Calculation of reserves

OriginalOil in Place
(OOIP) and reserves
Minimum

Most likely

Maximum

input:

Distribution

Area (acres)

Lognormal

Thickness (ft)

Triangular

40

170

300

Porosity (%)

Triangular

0.2184

0.35

0.4653

Water saturation (Sw) (%) Triangular

0.1 91 5

0.30184

0.4969

Mean

700

Variance

22Q

Formation Volume Factor
(FVF)

Triangular

1.1

1.15

1.2

Recovery factor (fraction)

Triangular

04

37

37

Note: Lognormal distribution for area is truncated between 400 and 1200 acres
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Figure 6-2. Original data with negative
dependency between porosity and water

Figure 6-1. Original data with positive
dependency between thickness and
recovery factor

saturation

6-2. Results

To investigate the impact of dependency methods, the data in Table 6-l were
used to calculate the Original Oil in Place (OOP). Furthermore, each dependency

method was used

to model the positive

dependence between net thickness and

recovery factor and the negative dependence between porosity and water saturation.

The multiplication of original oil in place and recovery factor yielded the technical
reserves distribution.

6.2.1 Iman

-

Conover Method

To model the correlation between net thickness and recovery factor using the
Iman-Conover method, triangular distributions were found to be the best

fit for both

variables. The Spearman correlation for net thickness and recovery factor is 0.67.

Triangular distributions were also found to be the best
saturation with a Spearman correlation of

-

fit for porosity

and water

0.388.
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6.2.2ßnvelope Method
Lower and upper bounding lines were estimated for both of the two sets of
dependent variables and were used for simulation of the variables as shown in Figure

6-3. For the recovery factor and net thickness a multiple line envelope was used to
capture the shape

of the dependence

structure while

for the porosity and

water

saturation a classic two lines envelope method was used.
6.2.3 Regression fitting method

A

Regression analysis was used

to find the best fit line for both the net

thickness and the recovery factor and for porosity and water saturation dependence
structure. The standard error was also estimated for both sets of dependent variables.
The regression gave the following equation to correlate net thickness and the recovery
factor.
Recovery factor = 0.1267 + 0.000721 (Net Thickness) + Normal(0,0.0622)
where Normal (0, 0.0622) is the normal distribution with a mean of zero and standard

deviation equal to the standard error ofthe recovery factor and net thickness.
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0.5

0.3

Ê,
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o
o
ß 0.25

è
o

o
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L
(¡,

o

o 0.15
It

o 0.2
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É,

0.1

0.1
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0

0
0

100
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PorositY

Figure 6-3. Envelope method net thickness vs. recovery factor and
porosity vs. water saturation
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Note that the above equation was modified to eliminate the possibility of a negative
recovery factor. A cut-off for recovery factor of 0. 10 was used, which is the minimum
value in the original data.

6.2.4 Copula Method

To model dependence using copulas, Kendall's tau was calculated using the
following equation:
_

_ #(concordant pairs)-#(discordant pairs)

n\n-u
2

The Kendall tau

is

0.51 for net thickness versus recovery factor

and

c = -0.283 for porosity versus water saturation. The Gumbel copula was chosen for
the net thickness and the recovery factor as the best fit among the copulas. The reason

for the choice will be explained further later. The next step was to calculate the value
of theta; 0 = 2.04. For porosity and water saturation the Frank copula was chosen to
reproduce the original correlation and the value of theta is 0 = -2.72. This is because

of the ability of the Frank copulas to model positive and negative dependency
whereas the Gumbel and Clayton copulas are suitable for positive dependencies only.

6.2.5. Summary and analysis

Table 6-2 shows the mean and standard deviation of reserves distribution
using the four correlation models.
assuming no dependency.

It

also shows the mean and standard deviation

In the last column of Table 6-2, which includes both

dependencies, a significant impact can be seen on both the mean and the standard

deviation of the reserves estimates compared with the no dependency case. This
confirms that dependencies do matter and should be included in any simulation to
ensure capturing the appropriate statistical distribution of computed results to support

optimal decision-making.
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Table 6-2. Reserves (Million of barrels) mean and standard deviation and dependency
methods
Net thickness Both (1)
Porosity and Water
No
and RF onlv (2) and (2)
Saturation onlv (1)
Methods
Measure Deoendencv
55.83
55.70
53.59
Mean
53.52
lman-Conover
SD

Envelope

Mean
SD

Mean

53.52
27.67
53.52

SD

27.67

Reoression fittinq Mean
SD

Cooulas

All of the models

31.80
47.15
28.52
48.57
29.25
55.84
32.68

28.16
53.93

27.67
53.52
27.67

29.23
53.73
28.31

53.62
28.11

32.17
47.06
30.05
48.58
30.60
55.92
32.67

indicated that dependencies have a large.r impact on the

standard deviation than on the mean. The difference in the means, comparing the no-

dependency results with the correlated results ranged between

4

and 12 Y".

It ís

important to point out that conclusion based on the mean apply equally to the P50
since this is a common industry measure. The standard deviation, however, increased

by 8 to 18 % in the correlated versus no-dependency cases. This confirmed what other
authors have shown: ignoring dependence might lead to a significant underestimation

of the uncertainty in the simulated results.

From the cases where only one dependency lvas included at a time,

it is

observed that the dependence between net thickness and recovery factor has a larger

impact on both the mean and standard deviation than the dependence between
porosity and water saturation. This is supported by a tornado plot (Figure 6-4), which
showed that net thickness and recovery factor have a larger impact on the reserves

estimation than porosity and water saturation. This confirms that

important

to include dependencies

it is particularly

between those variables that have the largest

impact on the output. Therefore, the analysis

will focus on the dependency between

the net thickness and the recovery factor since they had the largest impact on technical
reserves
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0.792

Thlckness
Recovery Factor

0.735

Area

0.422

Poroslty

0.245
-0.136

Water Saturation

Formation volume

-0.018

factor

1

-0.8 -0.6 -0.4 -0.2 0

0.2 0.4 0.6 0.8

1

Correlation Coefficients

Figure 6-4. Sensitivity analysis for the technical reserves

The next important question this study addresses is: Which one

of

the

correlation models best represents the original data? The answer to this question will
show which method clearly reproduces the dependence structure of the original data
(Figure 6-l) and will also quantify the impact of capturing the dependence structure.
The Frees approach with both graphical and quantitative analysis to find the
best fit was used. Figure 6-1 shows that the original data correlation pattern has strong

upper tail dependence. Upper tail dependence means that at higher values of net
thickness, an increase

in net reservoir thickness will lead to a higher increase in

recovery factor compared to the case of lower values of net thickness.
The Q-Q Plots (Quantile-Quantile plots )represent the x-axis with Cumulative

Distribution Function (CDF) of the original data and the y-axis with CDF of the
dependency methods.
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Fig.6-6. Q-Q Plot Regression

Fig. 6-5. Q-Q Plot Gumbel
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Fig. 6-8. Q-Q Plot Iman-Conover

Fig.6-7. Q-Q Plot Envelope

In Figures 6-5 to 6-8, the 45-degree line represents the original data and

the

points are the modelled dependency methods. Using a Q-Q plot to analyse the
correlation in particular above the 50th percentile (Figures 6-5 to 6-8),

it was found

that the Gumbel copula gave the best match with the original data.

Reviewing the Q-Q plots
regression fitting methods,

it

for the Iman-Conover, the envelope and the

was very difficult to find a significant difference

between the three models.

A quantitative approach confirmed the graphical interpretation. The difference
between the original data and the data generated using the dependency method was

quantified by using the minimum distance, equation 17 in Chapter 5. The Minimum
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Distance (MD) is defined as the sum of the square difference between the two sets
data. Quantitative analysis showed that the Gumbel copula,

of

with a Minimum Distance

(MD) of 0.0417 as shown in Figure 6-9, was the best dependence method that
reproduces the original data among Archimedean copulas where the Frank copula had

a MD of 0.098 and the Clayton copula had a MD of 0.17. The second best is the
Envelope method with a MD of 0.064. The third is the Iman-Conover method with a

MD of 0.08 and the fourth, Regression fitting with a MD of 0.081. This confirmed
that the Gumbel copula fitted the original data best. These results confirm
assertion that the Gumbel copula

is particularly

suited

to

the

capturing upper tail

correlation patterns. None of the more commonly used methods, the Iman-Conover,
Envelope and Regression fitting methods, were able to capture the upper tail structure
as

well as the Gumbel copula.

Clayton
Frank

Regression fitting
lman-Conover
Envelope
Gumbel
0

0.05

0.1

0.15

Minimum Distance (MD)

Figure 6-9. Minimum distance for all the dependencies methods

The Envelope method is very flexible and powerful. With the appropriate
subjective choice of bounding lines and the distribution to use to sample between
these lines,

it can be tailored to capture almost any dependence structure. In modelling
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dependency for the envelope method two lines were initially used. This was not
enough to capture the shape of the dependence structure and, consequently, more lines

were added. It was found that by adding multiple lines the envelope method yielded
better results and the MD could be reduced from 0.117 to 0.064. It was this multiple
lines envelope method, which was used for the comparison with the other dependency
methods, not the classical two-line model (Figure 6-10).

Furthermore, the process of constructing two lines only makes sense if the

joint distribution is normal, or in the general case, if the

shape

of the

dependence

structure is an ellipsoid. However, with a dependence structure that has a lower or an

upper tail pattern,

it

was found out that constructing an envelope using more lines

yields better results. The challenge,

of

course,

is to subjectively pick the most

appropriate bounding lines for the various points in the correlation structure.
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Figure ó-10. Envelope method: on the left with multiple lines
and on the right with two lines

In the study example, using the standard approach with two lines to capture
the dependence structure led to an underestimation of the mean by 13% and

an
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underestimation of standard deviation by 17% compared with the use of multiple lines

(Figure 6-11).
1

0.8

0.6

o
o
0.4

lines

-Two
---" Multiplelines

o.2

0
100

50

0

150

Reserves ( Millions)

Figure 6-11. Impact of envelope method with multiple lines
6.3. Discussion

This research has investigated how well various correlation models represent
the original distributions of the input variables.

'When

the Monte Carlo simulation is

initiated, the dependence methods would be expected to reproduce the original
dependence pattern as

well as to maintain the original distribution of the input

variable. The Iman-Conover and copulas retain the same triangular distribution as the

original while the regression-fitting model simulates a normal distribution (recovery
factor). This illustrates that irrespective of what the input distribution is, using the
regression fitting method, the simulation

will always result in a normal distribution.

This should be expected since the design of the equation has a normal distribution
assumption embedded in it as the standard error is normally distributed.

The envelope method tends to retain the original distribution shape only in a

weak form.

If multiple bounding lines are not used, the envelope

method tends to

produce other distributions such as a normal distribution.
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Compared

with the copula approach; the Iman-Conover, envelope

and

regression fitting models all fail to capture upper tail dependence pattern.

It can be concluded

that the Gumbel copula fitted the original data best.

Although this, in itself, is interesting, the key question is whether the choice of
correlation model

will influence the decision

metrics (Technical reserves). Let us

define the percentile of data from 0 - 0.2 as a lower tail and the percentile of data
from 0.8 -

I

as

aî upper lail. Note that

an ascending cumulative distribution function

to define the percentiles is used.

Figure 6-12 shows two significant results. Firstly, the Gumbel and Iman

-

Conover methods seem to have the same results and the Envelope and Regression

fitting methods seem to have similar results. Both the Gumbel and the Iman- Conover
methods yield higher reserves

for a given probability than the Envelope

and

Regression fitting methods in the range of 10-15 million barrels. Secondly, examining

the upper portion, the Gumbel copula gives the highest reserves in the upper tail
(Figure 6-13). This is because it captures the correlation between thickness and the
recovery factor in the high probability data. For example, at the 90th percentile, the

difference between the Gumbel copula and both the Envelope method and the
Regression fitting methods is approximately 15 million barrels. This is a significant

difference amounting to

16%o

of the total estimates, which shows the superiority of the

copulas approach in capturing original data upper tail dependence structure based on
the minimum distance measure. However when compared with the Iman-Conover the

difference is only 1- 2 million barrels (2%). This is a very small difference suggesting

that the impact of capturing the dependence structure is really not significant when
compared with the Iman- Conover method
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In

conclusion, even though the copulas approach captured the upper tail

dependence structure and the Iman- Conover did not, the impact

of capturing the

upper tail dependence structure via the use of the copulas when compared to ImanConover is not material.

It did not significantly

change the results of the decision

matrices.
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Figure 6-12. CDF's of technical reserves for dependency methods (upper tail)
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Figure 6-13. CDF's of technical reserves showing the upper tail
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The previous analysis explored the upper tail dependence but
investigate how the different dependence methods

will

perform

in order to

for lower

tail

dependence a different dependence structure for net thickness and recovery factor is
created (Figure 6-14). This dependence structure had the same marginal distributions

(net thickness with triangular distribution and recovery factor with triangular
distribution) and the same rank correlation (spearman rank correlation = 0.67) as the
previously used correlation in the original data (Figure 6-1) and Table 6-1. The only
difference is the shape of the dependence structure which is a lower tail dependence
structure.

0.400
0.350
o

a

a

0.300

a

(.t
(ú

lt 0.250

à
o

a

0.200
o
(.t
o

É,

Ô

.t.

tt.t

o a

a
a

tao'oo
a
a

aa

0.1 50

ao

0.1 00

0.050

0

s0

100

150

200

250 300

350

Net thickness

Figure 6- 14. Positive dependency between net thickness and
recovery factor
The graphical (Q-Q plots) approach (Figures 6-15 to 6-18) indicates that the
Clayton copula fitted the original data best, whilst the other methods showed large
discrepancies,

in

particular below the 40th percentile probability. Among the

Archimedean copulas the Clayton copula seems to best

fit with a MD of 0.0287

compared to the Gumbel copula with a MD of 0.12 and the Frank copula with a MD
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of 0.092 (Figure 6-19). The Gumbel copula, as expected in this

case was the worst

it is designed to capture upper tail dependence, not lower tail dependence.

because

1
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Figure 6-16. Q-Q Regression fit

Figure 6-15. Q-Q Plot Clayton
copula
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Figure 6-18. Q-Q Plot Iman-Conover

Among the dependency methods, the quantitative analysis showed that the
Clayton copula had a MD of 0.0287, the Envelope method a MD of 0.052, the ImanConover method a MD of 0.042, and the regression fitting had a MD of 0.063

as

shown in Figure 6-19. Again, a copula model captured the dependence in the lower

tail better than the other models.
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Figure 6-19. Minimum Distance for all the dependencies methods for lower
tail
The next step was to investigate the impact of the different techniques on the

technical reserves. As shown in Figure 6-20, below the 20th percentile, all of the
dependency methods seem

difference

to have similar results to the copulas with a

of 1 to 3 million barrels; while

range

above the 50th percentile the difference

grew to 8 million barrels for the envelope and regression fitting. ln this case the Iman-

Conover and the copulas again seem to be closer
techniques. Investigating the lower

tail

to each other than the other

dependence

by zooming in at the 5'h

percentile, Figure 6-21, the copulas approach responded best

to the lower tail

dependency but, when compared with the Iman- Conover, the difference is only 2 to 3

million barrels, which is very small. This showed that the copulas approach

is

superior for capturing lower tail dependence structure compared with the existing
methods. Yet the impact of capturing the dependence structure, is low compared to
the lman- Conover method.

115

Chapter 6. Testing copulas: Modelling dependence in reserves calculations

1

0.8

0.6
l!

o
o
0.4

f-

o.2

-

_e-

II

,r-

Regression fit

''o-

Copulas (Clayton)

-_+- Enwlope

lC

0

-

0

r00

50

Reserves (Mllllons

150

)

Figure 6-20. CDF of technical reserves and dependency methods
(lower tail)

0.14

---E- Regression fit

0.12

-s-lC
-

0.1

¡

----e._

L .>

lr
o
o

Copulas (Clayton)
Envelope

0.08

0.06

0.04

0.02

0
0

5

.t0

15

20

Reserves ( Millions)

Figure 6-21. CDF of technical reserves showing lower tail dependence

116

Chapter 6. Testing copulas: Modelling dependence in reserves calculations

It is important to rcalize that Figure 6-14 has the same distribution with

same

mean and standard deviation as Figure 6-1. Furthennore, the rank correlation is the
same. Only the dependence structure is different. lndicating that, for the data with

important upper tail characteristics (Figure 6-1) and data with important lower tail
characteristics (Figure 6-14) the Iman-Conover results are essentially the same. The

Iman-Conover method does not capture the correlation pattem as the copulas methods
do it and does not distinguish between upper and lower tail dependency structures. It
uses a

joint distribution that

does not represent the original distribution

for either

lower or upper tail dependence structure. Regression fitting, in both cases, assumes
that the dependence structure is joint normal no matter what the dependence pattem

is; whereas the Envelope method can be tailored to capture various

dependence

structures. However, the subjectivity in drawing the bounding envelope makes it more
cumbersome, less rigorous and appealing than the copula approach. Copulas should
be the choice where upper or lower tail dependency patterns are important. However,

in our example, the impact of the dependency structure is small and it is not
significant with a difference of only 1 to 3 million barrels (2%) between the ImanConover and the copula method.

It is important to point out that this thesis has chosen to investigate the impact
of statistical dependence at the reserves level only. The result obtained at the reserves
level can be generalized at the project level as well. We believe that at the project
level the impact of copulas and Iman-Conover methods will be close to each other for
Archimedean copulas similar to that at the reserves level.
approach

will outperform

In addition the copulas

the Envelope and Regression fitting methods at the project

level similar to that at the reserves level.
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6.4 Conclusion

This Chapter has illustrated the potential impact of the choice of dependence
models in the probabilistic simulation of reserves and discussed the issue of modelling

dependence

in the probabilistic reserves estimates. The analysis

compared and

contrasted the most commonly used approaches for correlation modelling with the
newer copulas models.

Firstly, this study has confirmed that dependencies are important and can have

a large impact on the metrics used for

decision-making, particularly

for

those

variables that impact on the output the most.

Secondly,

the copulas approach is technically superior in

capturing

dependency patterns in the lower and upper tail based on their ability to reproduce
stochastically the original data with lower and upper tail dependence.

Thirdly, this Chapter has illustrated that the most commonly used methods in
the oil and gas industry (Iman-Conover, Envelope and Regression fitting methods)

fail to capture the upper and lower tail
significant effors

in the simulated

dependency patterns. This can lead to

results when comparing copulas with the

Regression fitting and the Envelope method. However, when compared with the Iman

-

Conover model, the impact

of the

dependence structure was not significant, the

difference in estimates being less than 3 million barrels (2%).
From a theoretical point of view, the priority of the methods to model dependencies is
seen as:

1. The

copulas method, because

it

captures dependence structure,

provides technically more accurate results.
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2.

The Iman-Conover method is the second choice because although it
does not capture dependence structure as

well as copulas, it still

provides quite accurate results.

3.

The Envelope method with multiple lines is the third choice because it

has the flexibility

of producing very good results and captures the

dependence structure. However

4.

it is subjective

Finally, the Regression fitting is ranked fourth because it changes the
input distribution. Nevertheless, it produces reasonable results.

From a practical point of view, The Iman- Conover method is easier to run
because the software to do this already exists. Using the copulas method needs more

understanding of mathematics and modelling skills. If no software were available, the
Regression fitting or Envelope methods could be used because they are very easy to
construct in an Excel spreadsheet.
Based on the results of the impact of dependence structure and the copulas

with oil and gas

dependence methods at the reserve levels. These results at the

reserves level can be generalized for Archimedean copulas at the project level.
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CHAPTER

7

Significance of capturing
functional dependencies and
interactions

7. Introduction
Chapter

2

introduced the difference between stochastic and deterministic

approaches and demonstrated that the stochastic approach

is better in

evaluating

investment decisions. Chapter 4 built on this by introducing two integrated stochastic
process approaches: the sequential approach and the systems approach. Furthermore,

simple examples were used

to show how both the

sequential and the systems

approaches capture the existence and non-existence of functional dependence. This

Chapter uses the systems approach discussed

in

Chapter

5 and introduces the

experiments, results and conclusions of comparing this approach with the sequential
approach for computing NPV of a hypothetical development decision. Specifically,

this Chapter presents the model developed for the first objective and addresses the
third objective of this research.

7.1 Experiments
In order to investigate the third objective, that is evaluating the impact of
functional dependencies and interactions, the following two experiments were
conducted:
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l.

No functional dependence case

2.

Inclusion of functional dependence.

Both experiments were conducted for both the sequential and the systems approaches.

7.1.1 No functional dependence experiment

This experiment focuses on answering the following question: what is the
difference between the systems (Figure 7-1) and the sequential (Figure

7-

2)

approaches on the NPV of a development decision?

MCS

Reserves

Economics

Production

NPV

\-

Figure 7-1. Systems approach; reproduction of Fig. 4-l

MCS

MCS

+
Reserves

MCS

MCS

Economics

NPV

+
Production

Figure 7- 2. Sequential approach, reproduction of Fig 4-2
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7.1.2 Inclusion of functional dependence

This experiment also compares the sequential approach to the
approach,

systems

but this time including functional dependence among the individual

parameters of a development decision. Specifically, this experiment investigates the

functional dependence within the reserve components as well as the functional
dependence between the reserves and production parameters. Finally, functional
dependence among parameters that are related to reserves, production and economics

were also considered.

For parameters that are related between reserves and production, the following two
functional dependencies were used.

a. Original Oil in

Place (OOIP) and well productivity both being

dependent on net reservoir thickness

b.

Recovery factor and well productivity, both being dependent on
permeability

For parameters within the reserves calculation, the following functional dependencies
were used:

c.

Original Oil in Place (OOIP) and recovery factor both being dependent
on water saturation

d.

Original Oil in Place (OOIP) and recovery factor both being dependent
on porosity

For parameters that are related between reserves, production and economics the
following functional dependencies were investigated:

e.

Total number of wells as a function of production, reserves, well cost
and

oil price
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7.2 Offshore

development project: data and assumptions

The example used for the experiment is assumed to be an oil reservoir in an
offshore freld. The characteristics of this field are similar to those of an oil field in the

North V/est shelf in Australia. The data used are representative of the oil reservoir.
This is an oil field with low gas oil ratio. In this study, only oil production is modelled
and gas production is ignored since it is small. The model includes four key elements:

technical reserves, production, facilities and economic parameters. The input
parameters for all the four key elements are the same for both the sequential and the
systems approaches. The parameters listed in Table

7-l were used

as an input into the

calculation of the Original Oil in Place (OOIP).

Table 7- 1. Original Oil in Place input variables and distributions
Variables
Area

Distribution

Minimum

Most

Likely

Maximum

Lognormal

(acres)

Thickness

(ft)
Porosity
(fraction)
Water
Saturation
(fraction)
Formation
volume
factor
(RB/ STB)

Mean
1000

Triangular

50

160

2s0

Triangular

0.3

0.3s

0.4

Triangular

0.3

0.3s

0.4

Triangular

1.l s

1.18

r.2

Standard

Deviation
300

In order to calculate reserves, the inputs listed in Table 7 2 were used as an
input into the recovery factor calculations using the API correlation.
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Table 7- 2.
Variables

Viscosity (cp)
Permeabilitv (md)
Porosity (fraction)
Bubble point
pressure (psi)
Abandonment
pressure (psi)
V/ater Saturation
(fraction)
Formation volume
factor (RB/STB)

factor variable
Most

Maximum

Distribution

Minimum

Trianzular
Trianzular
Trianzular

1.65

r.7

1.75

40
0.3

70

200
0.4

Likely

0.3s

Constant

4000
300

Triangular

0.3

0.35

0.4

Triangular

1.1s

1.18

t.2

This model assumes that all the wells have an initial average production and the
inputs listed in Table 7-3 were used in calculating well productivity.

Table 7-3. \ilelt productivity input variables and distribution
Variables
Thickness (ft)
Permeabilitv (md)
Vertical Permeability
(md)
Length of horizontal
section (ft)
Drainage radius (in)
Wellbore radius (in)
Formation volume
factor (RB/STB0
Average reservoir
pressure (psi)

Wellbore flowing
pressure (psi)

Most

Distribution

Minimum

Trianzular
Trianzular

50

160

40

70

2s0
200

Triangular

20

35

50

Likely

Maximum

Constant

2s00

Uniform

1000

Trianzular
Trianzular

2000
0.3

0.328

3960
0.3s7

Triangular

1.15

r.18

r.2

2980

Constant

4000

Constant

3300

Drilling
Drilling assumptions are: number of days to drill

a

well is 49 days and there is only

one rig available.
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Production

Production starts

in the third year. This is

assumed and deterministic.

Optimum number of wells for the field is six. Plateau production capacity was
deterministically assumed to be 75,000 barrels per day.

Facitity

An FPSO with a shuttle tanker as an export mechanism was

assumed

to be

economically more attractive.
Economics
The following input and assumptions were made for economic variables

Table 7- 4.Economic variable input and distribution
Variables

Development
well

Distribution Minimum

Most

Likely

Maximum Constant

Triangular

10

t2

l5

Exploration
well

Triangular

l

8

9

Dry well

Triangular

Units
$

Million/well
$

Million/well
5

6

7

$

Million/well
Discount rate
Tax rate
Shuttle tanker

Cunent Oil
price
FPSO
Fixed OPEX
Variable
OPEX
Abandonment
Subsea

Equipment
Other Capex

rs%
34%

Percent
Percent

45

$Million

25

$/barrel

Triangular
Triangular

50

r00

200

l0

15

18

$Million
$Million/year

Triangular

0.1

0.5

0.6

$/banel

Trianzular

7

10

I4

$Million

Triangular

40

60

80

$Million

Trianzular

J

5

10

$Million
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Capital Expenditure (CAPEX) before Production
Table 7-5 indicates what percentage of the capital expenditure will be spent
according to the number of years prior to the start of production. This is done for three
cases, 3 years,4 years and 5 years.

Table 7-5. Capital expenditure profile as function of production start up
CAPEX,

Production
Start, years

Year
40
40

Year 3
Year 4
Year 5
Production start up

Year 2
60
40
40

1

*

Production Capacity

\Ã/as assumed

%o

lèar

of Total
Year 4

3

+

20
20

Year

5

t

20

to be a function of CAPEX: Table 7- 6 lists

each production capacity (barrels per day) with the amount of CAPEX to build the

production facility.

Table 7- ó. Production
Capacity vs incremental
CAPEX
Production Capacity
CAPEX
per
Barrel
dav
$Million
15,000

15

20,000
30,000
40,000
50,000
75,000
90,000
120,000
150,000

30
45
60
95
11s
160
180

200

7.3 Results and discussion

This section will discuss the results from each of the experiments introduced
previously for both the sequential approach and the systems approach. Furthermore, it

will present step by step how the results were computed.
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7.3.1 The no functional dependence (Interaction) case

Monte Carlo Simulations were used to generate the probabilistic reserves
estimates from the sequential and the systems approaches. The sequential approach
generates a separate distribution for OOIP using stochastic distributions of area, net

thickness, porosity, water saturation and formation volume factor and

a separate

distribution for the recovery factor, then multiplying those two distributions together

to calculate a distribution for reserves. The systems approach, however, generates a
reserves distribution

by

sampling

all the variables simultaneously. The two

approaches produced essentially the same technical reseryes distribution as shown in

Figure 7-3 and Table 7-7 for all the main statistical parameters; mean, standard
deviation, P10, P50 and P90. This clearly shows that there is no major difference in

the probabilistic reserves estimates between the systems and sequential approaches,
when dependencies are not taken into account.
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Figure 7-3. Technical Reserves: sequential vs. systems approaches

* Vertical axis: Probability

Density Function (PDF) is the relative
frequency value divided by the width of the bin (@Risk manual,
Palisade group)
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Table 7-7. Technical Reserves (Million

barrels of oil)
Parameter/ Approach

Sequential

Systems

Mean

63.6

63.7

Std Deviation

24.7

24.9

10% Percentile

34.1

33.9

50% Percentile

60.5

60.5

90% Percentile

97.9

97.3

As the second step in the experiment, production profiles for both

the

sequential and the systems approaches were generated. In the sequential approach, the

output distribution of reserves was used as input to generate the production profiles.

For the systems approach all original variables contributing to production were
sampled.

25
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Figure 7-4. Production forecast: sequential vs. systems approach
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Figure 7-4 compares the production profiles for the P10, P50 and P90
probability levels while Table 7-8 shows the ultimate recovery and illustrates that
both the systems and sequential approaches produce the same production profiles,
when no dependencies are involved.
Table 7-8. Production sum (Million barrels of

oil)
Parameters/Approach

Sequential

Systems

Mean

63.8

63.9

Std Deviation

24.3

24.5

10% Percentile

35.0

34.9

50% Percentile

60.5

60.5

90% Percentile

97.8

97.3

As the third step in the sequential approach, the output production profile is
used as an input into the economic model. Stochastically, this is not an issue for the
systems approach and for the sequential approach

However,

it is difficult if done stochastically,

each year

is

related

to the cumulative

it is easy to model deterministically.

because the production distribution

in

recovery and therefore the production

distributions in the preceding years. This is due to the fact that the production capacity

is a function of the depletion level of the reservoir and implies that production in

a

given year cannot be modelled independently of the production in the preceding years.

To overcome this problem with the sequential approach, the complete range of
production profiles (from Io/o to

99%o

probability ranges) was linearly proportioned to

generate the production profiles for various probability levels. Each production profile

generated

is

used

to calculate NPV.

However, another problem

is that other

parameters in the economic model such as FPSO CAPEX, development well CAPEX

and abandonment costs are all stochastic. Again to overcome the problem of using
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production percentiles with stochastic costs, proportionally distributed percentiles of

all the costs were generated and used with the corresponding percentile production
profile to generate percentiles of NPV. The final challenge was that even with this, the
multiplication of all PlO inputs together does not generate the P10 of the output.

So

using the Capen approximation (Rose, 2001) to relate between input and ouþut
percentiles, as an example, an output with three uncertain variables the multiplication

of the three P10's is

equal

to P1.3 (Pl0*P10*Pl0 = Pl.3).Using this

Capen

approximation the corresponding NPV values were generated and then used to
construct the NPV distribution to be compared with the NPV distribution calculated
from the systems approach.

As stated previously, none of these complications are relevant for the systems
approach. The results clearly show that

in the absence of interactions there is

no

significant difference between the NPV distribution produced by the sequential and

the systems approaches (Figure 7-5) and Table 7-9 shows the main statistical
parameters for both approaches.
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Figure 7-5. NPV: sequential vs. systems approach
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Table 7- 9. Net Present Value ($Million)
rarameters/Approach

Sequential

Systems

Mean

107

107

Std Deviation

133

135

10% Percentile

-55.7

-58.3

50% Percentile

93.0

95.2

l0% Percentile

287

286

The sequential approach uses a sample of area, thickness, porosity, water
saturation and the formation volume factor to generate an ouþut distribution of OOIP

through multiple iterations. It then independently produces an output distribution for

well productivity by sampling all the inputs such as net thickness, peÍneability and
viscosity. In the sequential approach, there are two simulations independent of each

other. In the system approach, there is only one simulation, which concurrently
generates distributions

for OOIP and well productivity by sampling the common net

thickness variable independently for the two calculations. However, because there is
no interaction between the net thickness used for OOIP and well production capacity,
both the sequential and systems approaches produce the same results. The same logic
applies for economic calculations.

This is a very important conclusion because

it

shows logically and quantitatively

that the systems approach without interaction is equivalent to the sequential approach.

7.3.2 Sensitivity analysis

After generating the net present values for both approaches, a sensitivity
analysis was conducted for both results to identi$, the variables, that have the greatest

impact on the NPV using the advanced analytical capabilities of @RiskrM. Figure 7-6
and 7-7 show the correlation coefficient between input variables and the computed
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NPV. The sequential approach generates a sensitivity analysis, which shows that
OOIP is the most uncertain variable affecting the NPV, followed by well productivity,
FPSO CAPEX and recovery factor. Other parameters have minor impact (Figure 76). For the systems approach, thickness, area and permeability are the most important
factors affecting the NPV followed by FPSO CAPEX, porosity and the length of the
horizontal wells. The rest of the variables have minor impacts (Figure 7-7).

ootP
Well productivity
FPSO Capex

0.416
-0.207
0.083

Recovery Factor
Subsea equipment Capex

-0.052

Fixed Opex

-0.027

Development well Capex

-0.019

variable opex

-0.016

other costs

-0.009

Exploration well capex

0.004

Dry hole capex

-0.004

1 -0.8 -0.6 -0.4 -O.2 0

0.2 0.4 0.6 0.8

1

Correlation Coefficients between input variables
and NPV

Figure 7-6. NPV sensitivity analysis for sequential approach
The systems approach is better at identifying the basic variables that have the
biggest impact on NPV. This is an important aspect in field development planning,
because there is a need to know which variables have the most impact on the NPV.
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Thickness
Area

0.51

Permeability

0.423

FPSO Capex

-0.177

Porosity

0.132

Length of the horizontal well

0.074

.0.047

Subsea equipment Capex

-0.033

drainage radius

-0.029

Water saturation (Sw)
Fixed Opex

-0.024

Development well Capex

-0.016

variable opex

-0.013
-0.01I

oil viscosity

-0.006

other costs

-1 .0.8 -0.6 -0.4 -0.2 0

0.2 0.4 0.6 0.8

1

Correlation Coefficients between input variables
and NPV

Figure 7-7. NPV sensitivity analysis for systems approach
Whereas the systems approach clearly shows the impact of each individual variable
on the NPV, the sequential approach only shows the sensitivity of the sequential steps

carried for the analysis. For example, for the sequential approach,

it is clear that the

OOIP is the most sensitive variable that impacts the NPV, but looking at the tornado

chart

it is not possible to know

most to this impact,

it

which variables in the OOIP calculation contribute

could be porosity, area or thickness (Figure 7-6).

lt is also

important to point out that at a higher sequential step, the decision maker will not be
able to observe any parameters that relate to reserves or well performance. At a higher

sequential steps only yearly production profile and economic parameters

will

be

observed. The systems approach, however, clearly shows that thickness and area are
the most sensitive variables that impact the NPV (Figure 7-7).
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7.3.3 The functional dependence

case

We now introduces the functional dependencies described on section 7.L2 and
compare the results using the methods described by Figure

section

will

investigate the impact

7-l

and Figure 7-2. This

of introducing each functional

dependence and

interaction and see how that impacts upon the output.
7.3.3.1 The functional dependence case: Thickness

This case investigates the impact of the interaction between OOIP and well
productivity (which are both functions of reservoir thickness) using the same process
as discussed before, for both the sequential and the systems approaches. There is a

marked difference in the resulting NPV probability density function between the two
approaches, as shown in Figure 7-8 and Table 7-10.

The interaction between OOIP and well productivity results in an increase in

the mean and standard deviation of the NPV distribution. The sequential approach
underestimates the mean by 6 % and the standard deviation by 12 % in this example.

The higher standard deviation of the results of the systems approach shows that it
captures more of the uncertainty range than the sequential approach. The difference in
the P10 and P90 range between l0

-21

o/o

between the two approaches.
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Figure 7-8. Thickness interaction: NPV sequential vs. systems approach
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Table 7-10. NPV ($ Million) Thickness interaction
Parameters/ Approach

Sequential

Systems

Mean

106.69

1

13.13

Std Deviation

133.09

148.97

10% Percentile

-58.67

-74.06

50% Percentile

96.03

102.59

90% Percentile

285.91

315.78

Figure 7-9 (a) shows the calculated values of well productivity when the
values of net reservoir thickness are sampled independently of the OOIP calculations.

Figure

l-9 (b) on the other hand shows a similar plot of the calculated well

productivity versus net reservoir thickness when the net reservoir thickness values
used are the same as those used for OOIP calculations. Figure 7-9 (a) clearly shows

no trend when the interaction is ignored (the sequential approach). The results of the
systems approach however Figure 7-9 (b) show a clear logical trend, which takes the

interaction into account.
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Figure 7-9 (a). Sequential approach: thickness interaction
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Figure 7-9 (b). Systems approach: thickness interaction showing
a clear trend

7.3.3.2 The functional dependence case: Permeability

In this case the interaction between the recovery factor and well production
capacity, both being functions of permeability is investigated for both approaches.
The results are shown on Figure 7-10 and Table 7-11.
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The sequential approach underestimates the mean by 6% and the standard
deviation by 9%. Because of the higher standard deviation, the extreme values are
captured well with the systems approach rather than with the sequential approach. The

difference in P10, P50 and P90 values between the two approaches ranged from 512%.

Table 7-11. NPV ($ Million) Permeability interaction
Parameter/ Approach

Systems

Sequential

Vlean

106.78

1

Std Deviation

133.44

145.59

10% Percentile

-56.71

-63.67

50% Percentile

94.33

99.00

90% Percentile

288.04

310.69

7.3.3.3 The functional dependence case:

13.08

\ilater saturation

This case investigates the impact of interaction between OOIP and recovery
factor, water saturation being an input into both calculations. There is very little
difference in the result as shown in Figure

7-II

and Table

7-12. This is due to the fact

that the recovery factor is a very weak function of water saturation in the API
equation (RF
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r37

Chapter 7. Significance of capturing functional dependencies and interactions

Table 7-12. NPV ($ Million)
Parameter/ Approach

Sun

interaction
Sequential

Systems

Mean

106.46

107.33

Std Deviation

133.28

135.27

10% Percentile

-56.12

-59.27

50% Percentile

95.52

95.83

90% Percentile

284.80

289.49

7,3.3.4 The functional dependence case: Porosity

This case focuses on the interaction between OOIP and the recovery factor

with porosity being the interaction parameter. Once again the two approaches show
very little difference as shown in Figure 7-12 and Table 7-13. This small difference is,

again, due

to the fact that recovery factor is a weak function of

porosity

(RFa (o¡o 'u'' ) in the API equation.
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Figure 7-12. Porosity interaction: NPV sequential vs. systems approach
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Table 7-13. Porosity interaction NPV ($ million)
Parameter/ Approach

Sequential

Systems

Mean

107.24

106.50

Std Deviation

134.25

133.44

10% Percentile

-58.16

-57.68

50% Percentile

96.97

94.72

90% Percentile

286.25

284.02

7.3.3.5 The functional dependence case: Total number of wells

The sequential approach assumes that the number of wells are determined
once and used from that point forward in the simulation. This is due to the nature

of

the sequential approach where each discipline input is evaluated individually and
separately. The systems approach assumes that the number of wells is a function

of

the reserves, well productivity, well costs (both capital and operating) and oil price.

A

mean reversion

oil price model uses the current oil price, long-term oil

price, volatility and reversion factor which brings the oil price from its high or low
values to the mean at the end of the assigned time period. This model attempts to

mimic the OPEC price management policy as explained in Chapter 2

The price was modelled using the Mean Reverting technique with

an

assumption that a current price of $25 per barrel and a long term price of $40 per
barrel with a minimum volatility of l5o/o, most likely volatility of 30%, and maximum

volatility of 40o/o and a reversion half life that lies between 1-2 years (Figure 7-13).
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Figure 7-13. Mean reverting price model

Figure 7-13 shows one realization of the oil price with fluctuations both above
and below the mean target

oil price bandwidth

generated through the mean reversion

oil price model.
The results of the systems and sequential approaches for the total number

of

wells interaction are markedly different, with the NPV distribution for the systems
approach shifting to the right (Figure 7-I4) and Table 7-I4. The sequential approach
underestimates the mean by 40% and the standard deviation by 29% compared to the

systems approach

in our

example.

In addition, the systems approach captures the

uncertainty on the high side better than the sequential approach. The difference in the
P10 and P90 ranges between 0 - 34% between the two approaches.
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sequential vs. systems approach

Table 7-14. NPV ($ Million) Total number of wells
interaction
Parameter/ Approach

7.3.3.6

Systems

Sequential

Mean

154.14

106.39

Std Deviation

173.07

133.99

10% Percentile

-56.87

-57.30

50% Percentile

137.64

95.73

90% Percentile

386.33

287.74

All functional dependencies combined
All the interactions discussed above (i.e. OOIP with initial well rate, recovery

factor with initial well rate, OOIP with recovery factor and total number of wells with
reserves, production, CAPEX and

oil price) were combined together, and another

simulation was run to compare the impact of including or excluding them. The results

show that ignoring interactions underestimates the mean NPV

by 54 %

and

t4r
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underestimates the standard deviation

by 44% (Figure 7-15). Furthermore, the Pl0,

P50 and P90 values of NPV are all underestimated by approximately 20o/o, 50o/o and
50olo respectively (Table 7-15). These results clearly show that

the impact of

dependencies and interactions can be very significant.
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Figure 7-15. Impact of all dependencies and interactions on NPV

Table 7-15. NPV ($ Million) All interactions
Parameter /Approach

Systems

Sequential

Mean

164.63

106.38

Std Deviation

193.29

134.36

10% Percentile

-70.04

-58.28

50% Percentile

144.24

95.21

l0% Percentile

428.36

285.33

Generally,

it might be expected that the difference

between the systems and

the sequential approaches with interaction present could be attributed also to the non-

linearity of the functional form. This was investigated and found that even with

a
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linear function, in the presence of interaction, the results between the systems and the
sequential approaches are different. An example to illustrate this is shown. Given X
and

Y are triangular distributed (Table 7 -16)

Table 7- 16. Linear function example input variable
Minimum

Most likely

Maximum

X

50

80

100

Y

100

300

500

Variables/values

where the functional forms are linear and given by

R_X +Y
P=R+Y
Table 7-17. Summary of Results

ExperimenlApproaches

Sequential

Systems

Mean P

= 676

Mean P

= 676

SD

= 163

SD

= 118

Linear function results

Clearly, this example shows that the even if the functional form is linear, while

the mean is almost the same, the standard deviation is different (Table 7-17). This
example, indicates that the functional form does not have

to be non-linear for

sequential and systems approaches to yield different results.
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7.4

Conclusions

This Chapter has discussed the impact of input parameter dependencies and
interactions on NPV through the analysis of a hypothetical offshore field development
and concludes the following:

o

The impact of dependencies and interactions on NPV can be significant and
could be material to development decisions. The systems approach captures
interactions and dependencies while the sequential approach ignores them.

Ignoring interactions underestimates the mean as well as the

standard

deviation (by 5a% and 44%o respectively in our example). Furthermore, the
P10, P50 and P90 values of NPV are all underestimated by 20o/o, 50Yo and
500/o

respectively in the sequential approach. The wider standard deviation of

the systems approach shows that

it

honours the increased uncertainty when

interaction occurs.

o

In the systems approach the standard deviation and the mean value of

the

output are greater than the corresponding values calculated using

the

of

the

sequential approach. The systems approach yields higher values
standard deviation because

it

captures the uncertainty and the functional

dependency between variables whereas the sequential approach ignores them.

The systems approach also yields higher values of the mean due to the non-

linearity of the functional relationship as discussed
shown

in

in section 7.3.3.6 and

Table 7-17. Where the functional dependencies are linear, the

calculated mean values using either the systems approach or the sequential
approach are almost the same but the standard deviation

for the systems

approach is still higher.
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a

In a

stochastic environment, where functional dependence and interaction

amongst input parameters are ignored, both the sequential and the systems
approaches yield almost identical results. The difference is merely statistical.

In the presence of

functional dependence and interaction, the systems

approach is superior in capturing their impact.

The impact of the functional dependence and interaction on the mean and
standard deviation of the development decision depends upon:

i. The modelling approach, the systems

approach captures

interaction where as the sequential approach does not.

ii.
iii.

The functional form of the interaction.

The sensitivity of a variable. Variables that have higher impact
on the output will have a higher interaction impact compared to
variables that have lower impact on the ouþut variables.

iv. Even if

the functional form of the interaction is linear

the

systems and the sequential approach yield different results.

r45

CHAPTER

Portfolio optimisation: systems

8

vs. sequential appro ach

S.Introduction
As discussed in previous Chapters, traditional investment decisions in the oil
and gas industry often ignore modelling

of

dependencies and interactions among

decision parameters such as reserves, production, facilities and costs. This limits the

ability to examine how a change in one parameter may affect the others. It

was

demonstrated that for a single project, the systems approach better captures the impact

of dependencies compared to the sequential approach. In reality, however, companies
are not only faced

with evaluating single projects but with many projects that compete

for funds. The decision maker must choose

a

portfolio of projects, which balance risk

and reward and together contribute most to the organization's profit.

This Chapter presents the results of the fourth objective of this research, which
investigates the impact of the systems and sequential approaches at the portfolio level

and shows how the difference in the approaches impacts the decision-making at the

portfolio level.

This research argues that portfolio models should not only recognize the
impact of inter-dependence of properties due to parameters such as geological and
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political environment but also simultaneously recognize the impact

of

intra-

dependence of calculated parameters within each project. The author believes that the

combination

of both inter- and intra-dependence will lead to

better portfolio

optimisation models.

8.1 The mean

ln

-

variance model

1952, Nobel laureate Harry Markowitz established the basis and foundation

of the modern portfolio theory (Markowitz, 1952). A portfolio can be characterized

by two measures; the central tendency or the expected return and a measure of
dispersion or the standard deviation of the expected retum. The objective of portfolio

optimisation is

to maximize returns given a

standard deviation or minimize the

standard deviation of the portfolio given an expected return. Markowitz showed that
the standard deviation of a portfolio could be reduced through an understanding of the

relationship between projects.

If

stocks move in the same direction then they create

less diversification compared to stocks moving in the opposite direction, which tend

to have more diversification. This is similar to the idea of spreading one's bets in
order to reduce risk.

Markowitz's model was initially developed for stocks, but many authors have
implemented it in the oil and gas industry (Hightower and David (1991), Orman and
Duggan (1998) and Ball and Savage (1999). The calculation of the mean -variance

model involves estimating the expected net present value E(NPV) and the standard
deviation of the NPV's (SD). The expected net present value of the portfolio is the
weighted average of the expected net present value of the individual projects

as

shown in the following equation:
n

E(NPV p) =lx,E(NPV,)

(1)

i=l
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Where

(x,) is the participation level of the i'h project. The standard deviation of the

portfolio o o is defined as follows
I

o, =l fi*,*,o,
¡=t j=l

(2)

]'

where õü = a, õ ¡pu,

and

p,

is the correlation coefficient between projects

ø, is the standard
project

(3)

deviation of a project

i

and

i

o,

and

j

is the standard deviation of

j

Both the expected net present value for each project E(NPV.) and the
deviation

oi

standard

are output from the Monte Carlo Simulation model for both the systems

and sequential approaches.

8.2 Portfolio optimisation: constructing the efficient frontier

As mentioned above, the mean-variance model aims to maximize the expected

NPV or minimize the standard deviation of the expected NPV. This problem can be
solved for a single objective by setting the other objective as constant. For example,

let us consider the case where the objective is to minimize standard deviation of the
expected NPV while holding expected NPV constant and repeating the process to
generate the efficient frontier. Before constructing the efficient frontier

it is important

to set the constraints defining the minimum risk standard deviation and maximum
expected NPV. These two values set the boundaries for the efficient frontier. The
optimisation process for the efficient frontier is as follows:

148

Chapter 8. Portfolio optimisation: systems vs. Sequential approach

Minimize
I
n

o,

n

IIi=l j=l xixjoü ]'

(4)

Subject to:

E(NPVp¡

=fx,E(NPV¡),

this is equation (1)

t=l

M(Rp)

=f

(s)

x,M(R,) 3 B,

i=l

0(x¡ (1
Where

M(Rr)

project and

B

is the cost of the portfolio and

(6)

M(R,) is the individual

cost for each

t, is the budget constraint. The total cost of the portfolio has to be less

than or equal to the available budget. The second constraint is important because for

every optimisation we need to set E(NPV p) as constant. The third constraint is
basically setting the participation levels to be between zero and

1

8.3 Experiments

In order to investigate the difference between the systems and the sequential
approaches at the portfolio level, this thesis considered five hypothetical offshore

projects, all modelled using the systems and the sequential approaches.
assumed that

It

has been

all of the 5 projects are oil related and are located in the same play or

have similar geologic characteristics. As demonstrated in Chapter 7, the systems
approach captures intra-dependence within single projects compared to the sequential
approach, which ignores them. The intra-dependencies within the five projects have
been assumed to be:
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o

Functional dependency between OOIP and initial well rate, both being
dependent on reseryoir net thickness.

a

Functional dependency between recovery factor and initial well rate,
both being dependent on permeability.

a

Functional dependency between OOIP and recovery factor, both being
dependent on porosity and water saturation.

a

Total number of wells being dependent upon reserves, production, well
CAPEX and oil price.

a

Functional dependency between reserves

and facility

capital

expenditure.

The inter-dependence between the five projects, has been assumed to be due to:
o
a

Porosity representing similar geological setting.

Operating expenditure (OPEX), which depends upon intrinsic costs
and geographical location. Since all the five projects are offshore with

similar locations, the operating costs per barrel are similar on average.
Conceptually, this is the same as setting a single operating cost per

barrel distribution for the northern North Sea or deepwater Gulf of
Mexico fields.
a

Oil price as one of the cash flow elements that is coÍtmon to all
projects.

It is very important to note that in portfolio analysis, the same variables may
affect both the inter-dependence in a portfolio as well as intra-dependence in specific

projects. For example,

in a given portfolio porosity may be an inter-and

intra-
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dependence parameter concurently. Conversely, there may be parameters which only

relate to either intra-dependence or inter-dependence.

Once

all the inter-and intra-dependencies were set the following

four

experiments were run:

o

Experiment

l:

The five projects were sequentially evaluated without

inter-dependence correlations.

o

Experiment

2:

The f,rve projects were sequentially evaluated with

inter-dependence correlations.

o

Experiment 3: The five projects were evaluated using the systems
approach without inter-dependence correlations.

o

Experiment

4:

The five projects were evaluated using the systems

approach with inter-dependence correlations.

Comparison of the results of experiments

I

and 2 and comparison of results

of

experiments 3 and 4 show the impact of project inter-dependence for Markowitz's

portfolio concept. In addition, the comparison of the results of experiments 1 and
and experiments

2

and

4 show the impact of the systems approach

3

versus the

sequential approach at the portfolio level. Comparison of results of experiments 1 and

4 show the impact of combining both intra- and inter-dependence together with a case
that ignores them. Each one of the experiments was run in an Excel model, which
interfaces with @Risk (Monte Carlo Simulation software).
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8.4 Results and discussion

Each experiment consists of five projects that were run in a Monte Carlo
Simulation and then the output was recorded for the mean and the standard deviation

of the NPV and the expected cost for each project. Furthermore, the NPV's for

each

of the individual projects were extracted from the simulations and a correlation matrix
was developed for each experiment.
as an input into the

All of these ouþuts from simulations were

used

portfolio model to generate the efficient frontier.

The results of the portfolio analysis for experiments 1,

2,3 and4 are shown

on Table

8- 1 through to Table 8-4.

Table 8-1. Results of sequential portfolio analysis without inter-dependence
(Experiment 1)
Participation levels
E (NPV)
($ Million)

E (SD NPV) E (costs) Proiect I Proiect 2 Proiect 3 Proiect 4 Proiect 5
($ Million) ($ Million) Fraction Fraction Fraction Fraction Fraction

1,248

435

1,500

1.308
1.368

444
464

1.s00

1.428

487

1.500
1.500

1.488
1,548
1,608
1,668

513

I,500

541
571

1.728

636
679

1,500
1,500
1.500
1.500
1.500
1,500
1,500
1,500
1.500
1.500
1,500

1,788
1.848
1,908
1,968
2.O28
2.088

2.148

602

730
788
851

918
988

1,012

1.00
1.00
1.00
1.00

0.92
0.74
0.57
0.34
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00

1.00
1.00

0.80
0.59
0.41

0.25
0.10
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00

0.90
0.83
0.85
0.89
0.93
0.97
1.00
1.00
1.00

0.95
0.88
0.80
0.73
0.65
0.58
0.93

0.63
0.56
0.58
0.60
0.62
0.65
0.68

0.17
0.25
0.28
0.32
0.35
0.37

0.71

0.44
0.50
0.58
0.66
0.74
0.83

0.70
0.61

0.54
0.47
0.41

0.34
0.27
0.00

o.41

0.91

0.99
1.00
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Table 8-2. Results of sequential portfolio analysis with

inter-dependence

(Experiment 2)
E (NPV)

lS Million)
1.127
'1.192

1.257
1,322
1,387

Participation levels
Proiect 1 Proiect 2 Proiect 3 Proiect 4 Proiect 5

E (SD NPV) E (costs)
($ Million) ($ Million)
1,500
695

702
716
736

1.517

757
780
803

1.582

828

1.647

1.972

855
883
917
955
998
1.043

2.037

1,O92

2,102

1,146

1,452

1,7',12

1.777

1,842
1,907

1,500
1,500
1,500
1.500

1,500
1,500
1.500
1,500
1,500

1,500
1.500
1.500
1.500

1,500
1,500

Fraction

Fraction

Fraction

Fraction

Fraction

1.00
1.00

1.00
1.00
1.00
1.00

1.00
1.00

0.81

0.00
0.09
0.18
0.22
0.25
0.29
0.32
0.36
0.40
0.47
0.56
0.65
0.74
0.83
0.92

0.98
0.49
0.30
0.14
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00

0.82
0.66
0.49
0.27
0.06
0.00
0.00
0.00
0.00
0.00
0.00
0.00

0.92
0.94
0.99
1.00
1.00
1.00
1.00
1.00

0.99
0.90
0.81
0.71

0.62
0.93

Table 8-3. Results of systems portfolio analysis without

0.67
0.60
0.61

0.64
0.69
0.74
0.78
0.82
0.74

0.6r
0.55
0.48
0.41

0.35
0.00

1.00

inter-dependence

(Experiment 3)
E (NPV)

($ Million)
1,277

1.352
1.427

1,502
1,577

1,652
1,727

1.802
1.877

1.952
2,027

2,102
2,177

2.252
2.327

2.402

Participation levels
Project 1 Proiect 2 Proiect 3 Proiect 4 Proiect 5

E (SD NPV) E (costs)
($ Million) ($ Million)
1.500
404
1.500
416
433
1,500
1,500
456
1.500
484
514
1.500
1.500
547
1,500
583
1,500
624
1,500
673
729
1,500
79'.L
1.s00
1.500
857
1,500
926
1,500
998
1,500
1,071

Fraction
1.00
1.00
1.00

0.98
0.83
0.69
0.54
0.21

0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00

Fraction

Fraction

Fraction

Fraction

1.00

0.70

0.48

0.94
0.73
0.53
0.36
0.20
0.04
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00

0.71

0.51

0.73
0.74
0.77
0.79
0.82
0.82
0.76
0.65
0.54
0.44
0.33
0.22

0.53
0.56
0.59
o.62
0.64
0.66
0.66
0.62
0.59
0.56
0.52
0.49
0.46
0.43

0.16
0.20
0.24
0.27

0.11

0.00

0.31

0.34
0.38
0.42
0.48
0.55
0.63
0.70
0.78
0.85
0.93
1.00

1s3

Chapter 8. Portfolio optimisation: systems vs. Sequential approach

Table 8-4. Results of systems Portfolio analysis with

inter-dependence

(Experiment 4)
Participation levels
Expected NPV E SD of NPV E costs Proìect 1 Proiect 2 Proiect 3 Proiect 4 Proiect 5
($ Millionl (S Million) Fraction Fraction Fraction Fraction Fraction
($ Million)
906
1.006
1 .106

651

1.206

683

1,306
1,406
1,506
1,606
1.706
1.806
1.906
2,006

705

1.500
1.500
1,500
1,500
1,500
1,500
1.500
1.500
1,500
1,500
1,500
1,500
1,500
1.500
1.500
1,500

647

665

729
757

786
81B

855
897

945
997

2.106
2,206
2,306
2.406

1,052
1.111
1.170

1.00
1.00
1.00

0.87
0.66
0.46
0.25
0.04
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00

The resulting efficient frontiers for experiments

0.63
0.76
0.83
0.85
0.89
0.92
0.95
0.99
0.99
0.84
0.68
0.52
0.36
0.20
0.05
0.00

1.00
1.00
1.00
1.00

0.89
0.ô7
0.46
0.25
0.00

0.00
0.00
0.00
0.00
0.00
0.00

0.00

I

0.00
0.00
0.03
0.07
0.12
0.16

0.30
0.43
0.52
0.55
0.60
0.64
0.68
0.72
0.75
0.72
0.69
0.65
0.62
0.59
0.56
0.43

0.21

0.26
0.31
0.41

0.50
0.60
0.70
0.80
0.90
1.00

and 2 are shown on Figure 8-1,

where as the efficient frontiers resulting from experiments 3 and

4

are shown in

Figure 8-2.
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Figure 8-1. Comparison of efficient frontier resulting from the
sequential approach with and without inter-dependence
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Figure 8-2. Comparison of efficient frontier resulting from the systems
approach with and without inter-dependence

1 and 2 shows the impact of portfolio modelling

A comparison of experiment

which accounts for inter-dependence. This result shows that the inclusion of interdependence causes the efficient frontier curye to shift down and move to the right.

This results in a decrease in the expected NPV and an increase in the standard
deviation. This is true in our case because all of the inter-dependence variables such
as porosity, OPEX and

oil price have positive correlations which lead to increases in

the standard deviation compared to those cases that ignore them. The same effect is
observed when comparing the systems approach with and without inter-dependence.

In conclusion these results confirm what we would expect in a portfolio model with
only inter-dependence.
Comparing the resulting

of

experiments

2 and 4 illustrates the impact of

systems approach in the context of portfolio analysis, as shown in Figure 8-3. This

result is very important because

it

clearly shows the value of including intra-
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dependence which the systems approach captures but the sequential approach does

not. It shows that for the same level of risk, a higher expected net present value results
when using the systems approach compared to the sequential approach. Furthermore,

for a smaller level of risk the difference between the sequential and the

systems

approach is smaller. As the level of risk increases the difference between the two
approaches grows

from 8 to

to the impact of

dependencies and interactions as shown

l5o/o difference

in expected NPV. This can be attributed

in Chapter 7, where

a

systems approach for a single project has a higher mean NPV and standard deviation

compared

to the sequential approach. The results shown in Figure 8-3 clearly

demonstrate the importance of the systems approach and its ability to capture intradependence that a portfolio model using the sequential approach is not able to.

2,500

2,200

c 1,900

:
@ 1,600
fL

z
]IJ

1,300

-f->

1,000

Sequential with inter- dependence
Systems with inter- dependence

700

500

600

700 800 900 ,000 ,100
1

1

1

,200

SD of NPV ($ Million)

Figure 8-3. The impact of intra-dependence captured by the systems
approach at the portfolio level
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In order to investigate the impact of including or ignoring both inter and intradependence, we compare the sequential approach

with no inter-dependence with the

systems approach with inter-dependence (Figure 8-4).
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Figure 8-4. Both portfolio and systems approaches capture inter and
intra-dependence compared to sequential approach

The inability of the sequential approach to capture both inter- and intradependencies at the lower level of risk leads to overestimate of the expected return for

the same value of risk up to 30% at the lower levels as shown in Figure 8-4. At higher

levels of risk the systems approach outperforms the sequential approach by capturing
more expected NPV for the same level of risk that the sequential approach is not able

to achieve. This clearly shows that ignoring dependencies at the lower level of risk
tends to give an optimistic view and a pessimistic view at higher levels of risk.
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The portfolio model has the advantage of capturing inter-dependence among
projects, thus interaction among projects is more important than single projects alone.
However, the systems approach is also designed to capture intra-dependence in single
projects, which sometimes could be the same as inter-dependence. Combining both
the portfolio and the systems approaches produce better results than compared to each

approach separately. Use

of both

approaches captures both inter-dependence and

intra-dependence among the projects and within the projects themselves.

8.5 Conclusion

This Chapter addressed the question whether the eff,rcient frontier resulting
from using the systems approach to model a portfolio is different from the efficient
frontier generated using the sequential approach. The conclusions are:

o

Markowtiz portfolio model captures interaction and

dependencies

between projects and leads to lower expected net present value and
higher standard deviation when inter-dependencies are included. This
result was observed when comparing the results of both the sequential
and the systems approach with and without inter-dependence'

o

The systems approach captures the intra-dependence within a project
and leads to a higher expected net present value for a given level of
risk when compared to the sequential approach at the portfolio level.

o

Combination of the portfolio model using the systems approach is able

to

capture both intra- and inter-dependence within

a project

and

between the projects in the portfolio set. The results show that ignoring

both inter- and intra-dependence leads to overestimation of expected
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net present value at lower levels of risk and underestimation of the
expected net present value at the higher levels of risk.
O

The portfolio and the systems approaches complement each other by

capturing both inter-and intra-dependence and can add significant
value to petroleum project investment decision-making at a portfolio
level.
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CHAPTER

9

Systems approach
vs.

Decision tree
approach: A comparison

9.Introduction
This chapter presents the results and conclusions for the fifth objective of this
research, which is to compare the systems approach, introduced in this research,

with

the industry approach of using decision trees for analysing investment decisions using
a

hypothetical offshore development decision as an example.

9.1 The hypothetical development decision

Results of the decision tree and the systems approach were compared by
investigating their impact on the expected NPV of the offshore development decision
example introduced in chapter 5, and the assumptions and data used in chapter 7. The

objective is to use the tried and tested decision tree approach to show the validity

of

the systems approach and to show that with the incorporation of an infinite number

of

outcomes, decision tree analysis results would approximate the results of the systems
approach.
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9.2 Decision tree analysis

Decision trees are important in solving complex problems where these problems

involve subsequent decisions. A tree consists of decision, chance and terminal nodes
connectedbybranches. These nodes are represented as shown in Figure 10-1.

l.

A square symbol, l,

2.

A circle symbol,O

i.

,

a decision node

is a chance node which represents uncertain outcome

3. A terminal node, {

, is the end node which represents the outcome values

ofthat branch.
This thesis uses the term "Decision tree" to include the term " Event tree". Where
a tree is used without a decision along its branches,

it is considered to be an event

tree.

Decision trees are often used to calculate the Expected Monetary Value (EMV).

A decision tree can be solved using the backward induction (sometimes

called

rollback) method. In order to calculate the EMV, two inputs are required:

o

Probabilities have to be assigned to each uncertain variable knowing
that the sum of probabilities at every chance node must equal to one.
This is called the normalizationprocess.

o

Value outcome for each branch terminal node. In our case

it is the

NPV of each outcome.
The example shown in Figure 9-1 depicts the decision node to drill or not drill.

The chance node represents the uncertainty in the outcome of deciding to drill with
input probabilities and three possible outcomes; dry hole, 20 MMSTB or 50 MMSTB.
The end nodes represent the input NPV values of -$20 million, $50 million and $100

million for each scenario outcome. The EMV is $51 million and, given that this is
positive, the decision is to drill.
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End Node

-20000000

-$20,000,000

Chance Node

Drill

51

000000

20 MMSTB

50.0%

0.5

50000000

$s0,000,000
50 MMSTB

30.0%

0.3

$100,000,000
Decision Node

Pro bability

0.2

20.0o/o

Dry hole

1

00000000

Decis ion
51

000000

Don't Drill

Figure 9-1. Drilling decision

In order to use a decision tree, we need to determine the decision nodes
together with their possible outcomes. The second step is to determine the choice or

the uncertain variables. For simplicity, this analysis assumes that reserves, initial
production, FPSO capital expenditure and price will be treated stochastically and the

will be treated deterministically.

These stochastic

variables have the tendency to impact the net present value the most.

All the uncertain

rest of the variables in the model

variables that are used in the calculation of reserves were represented by the reserves

variable.

A similar assumption

was made for initial production.

It is important to

point out that the decision maker can choose to have any number of variables,
stochastic.

All

as

the 29 variables in the development decision analysis could be treated

as uncertain when modelling using the decision tree approach. However, this would

become extremely cumbersome to evaluate.

The third step is to assign the input values and the probabilities associated

with each scenario. The decision tree approach does not use stochastic continuous
distributions but uses discrete values that represent a continuous distribution. To
convert from the stochastic continuous distribution to discrete values, the Swanson-

Megill approximation was used for the distribution of reserves. This approximation
converts the continuous distribution into

3

discrete values

by assigning a

30Yo
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weighting to a Pl0 outcome, 40o/oweíghting to a P50 outcome and30o/o weighting to

a P90 outcome. The Swanson-Megill approximation is very good for converting a
continuous distribution

to discrete values. This was

production, FPSO CAPEX and

done

for

reserves, initial

price. The rest of the variables were

treated

as

deterministic. Reserves, initial production, FPSO CAPEX and price were each
represented

by three discrete outcomes as shown on Figure 9-2. The same set of

equations used

for calculating NPV for the systems approach were used for

the

decision tree model in order to have a fair comparison of the two approaches. The fact

that four variables were uncertain and each one of these variables was represented
with three nodes requires the whole decision model to have 8l scenarios (34 = 81).

Reserves

Initial

Facility

Production

Capex

Oil price

P90

P90

P90

P90

P50

P50

P50

P50

P10

Pl0

Pl0

Pl0

Figure 9-2. Development decision using decision tree
The fourth step is to calculate the NPV value of each outcome scenario. In
order to calculate these the reserves tree nodes Pl0, P50 and P90 were assigned three

values I,

2

and 3. The same was done

for initial production, FPSO CAPEX and oil

price. Assigning these values helped to calculate the NPV for each outcome scenario.

For example, the first scenario will take the following numbers 1, 1, 1, 1'

These
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numbers represent the P10's of reserves, initial production, FPSO CAPEX and oil

price. This is the first scenario as shown on Table 9-1.
The calculation of NPV for the first scenario involves using the P10 of
reserves as an input and the PlO of initial production. Based on these two variables
and other deterministic variables, the decision tree model

will calculate

the production

profile and the number of wells required for this specific P10 reserves and P10 initial
production. Once the production profile is generated the model

will pick the P10 of

FPSO CAPEX and the P10 of oil price to calculate the NPV of the first scenario.

Table 9- 1. List of scenarios required for the calculation of
each NPV scenario for the decision tree approach

Scenarios
Scenario
Scenario
Scenario
Scenario
Scenario
Scenario
Scenario
Scenario
Scenario
Scenario
Scenario
Scenario
Scenario
Scenario
Scenario
Scenario

Scenario
Scenario
Scenario
Scenario
Scenario
Scenario
Scenario

1

2
3

4
5
6
7
8
9
10

Reserves lnitial Production FPSO Capex Price
1

1

1

1

1

1

1

1

1

1

1

1

I

1

1

1

1

1

1

1

1

1

11

1

12
13
14
15
16

1

75
76
77
78
79
80

3

81

3

1
1

1
1

3
3

3
3
3

2
2
2
2
2
2
2

3
3
3
3
3

3
3

2
2
2
3
3
3

1

2
3
1

2
3
1

2
3

1

1

1

2
3

1

2
2
2
3

1

2
2
2
3
3
3

1

2
3
1

3
1

2
3
1

2
3
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The same steps need to be repeated to calculate the NPV value for the second
outcome scenario. The calculation of EMV of the development decision requires 81
scenarios, which

if

conducted manually would require a lot of work and time. To

overcome this, we have used the power of Monte Carlo Simulation to calculate the

NPV's for all the scenarios. To do this a variable was created, which is called a
choice value, which is a uniform integer distribution with three values {1.,2,3},

which represent the P10, P50 and P90 of a given variable. Then for uncertain
variables in the decision tree model, such as reserves, a VLOOKUP function was
created to pick up the choice value from the uniform distribution and assign the
corresponding value to it. For example,

if

the choice value is 1, then the VLOOKUP

function will pick P10, which corresponds to 33 million barrels. As the choice value
changes the reserves value

will

change accordingly. This process was done for the

initial production, FPSO capex and oil price

as they represent the uncertain variables

in the decision tree model. The next step is to create a function that identihes

the

choice values generated for each scenario and the corresponding NPV for them. Using

Table 10-1, for each scenario generated, an IF (AND) logic function was used to
match the NPV's and the scenarios. For example, from Table 10-1 the first scenario is

1, 1,

l,

1 , the IF (AND) function

will match the choice values with the calculated

NPV for that scenario; if they match it will record the NPV otherwise it will find the
appropriate corresponding scenario and record

it. The NPVs recorded are directly

input into the Precision TreerM software as an input along with their calculated
probabilities. For example, the probability of getting the NPV of the first scenario is

0.0081 (0.3*0.3*0.3*0.3), which

is the multiplication of the four

variables

probabilities of P10's. Running a Monte Carlo Simulation for this process will
generate all the scenarios in less than 5 minutes. This research has found that using
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the above-described procedure is really simple, very polverful and

time, assuming

a

it saves a lot of

scenario table has been created. This process

is strongly

recommended for decision tree analysis with multiple scenarios.

After generating all the NPV's with their distributions, the EMV value

is

calculated by folding the tree back. The results is an EMV = $166 million using the

Precision TreerM software. The decision tree therefore supports the conclusion to
develop the

field. The complete decision tree for the example

development decision

model is attached in Appendix I.
The output from the decision tree approach is the EMV, which is the mean of
the NPV of the analysis. The systems approach provides the ouþut as a continuous

distribution with all the statistical parameters required. This is a very important
element in the decision making process. The focus should not only be on the mean,

but also on the standard deviation, percentiles, and the probability of achieving a
certain NPV. For example, what is the probability that the NPV's
zero? Or what

will be greater than

is the probability of the low or high side NPV's? These types of

questions cannot be answered by the decision tree approach. If the decision maker is

concemed with statistical parameters other than the EMV value then the systems
approach is the method to use.

Relying on the mean only as the judging criteria for the difference between the
systems approach and the decision tree approach is not sufficient. To have a complete

comparison of the whole NPV distribution ouþut, a cumulative distribution function
was generated using the NPV's calculated and their corresponding probabilities in a
Monte Carlo Simulation. This process made it easy to compare the two approaches.
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9.3 The development decision using the systems approach

Chapter 5 introduced the construction of the systems approach, which was
compared with the sequential approach

in chapter 7. The systems approach was

constructed using 29 uncertain variables. The dependencies and interactions were
modelled as indicated and results were presented in chapter 7.

9.4 Decision tree and systems approach: comparison and impact

The decision tree approach has been used, tested and validated in the oil and
gas industry. The aim here is to compare the results

of the two approaches and show

that the systems approach produces similar results. In order to validate the systems
approach, four experiments were conducted with the decision tree model:

o

Experiment I used only one uncertain variable (reserves)

o

Experiment

2

used two uncertain variables (reserves and initial

3

used three uncertain variables (reserves, initial

production)

o

Experiment

production and FPSO CAPEX)

o

Experiment

4 used four uncertain variables (reserves, initial

production, FPSO CAPEX and Oil price)
The results of these experiments are presented graphically and quantitatively.

Graphically, Figure 9-3 shows the cumulative distribution function (CDF) for the four
experiments. As we move from once uncertain variable to four uncertain variables,

the decision tree results are getting closer to the systems approach results. It is also

very interesting to note that as we move from one to four uncertain variables, the
difference in the mean value stays close to the mean found for the decision tree with

four variables. In other words, the mean NPV does not change significantly from one
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to four uncertain variables. Other statistical parameters such as standard deviation
change significantly as the number of uncertain variables increases.
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Figure 9-3. Decision tree CDF with variables vs. systems approach
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A Q-Q plot was developed by calculating the cumulative distribution

values

for the x-axis in Figure 9-3 and then plotting the curves again. The results show that
once again the decision tree approach with four uncertain variables is similar to the
systems approach as shown in Figure 9-4.

1.0

0.8

0.6

0.4

0.2

0.0

+
-)ê

0.4

0.2

0

DT:one variable
DT:three variables

+
4

0.6

0.8

1

DT:two variables

Systems
DT:four variables

Figure 9-4. Q-Q Plot for Decision Tree CDF's vs. Systems approach

The Q-Q Plot made it easier to show the result quantitatively by summing the
square difference between each curve and the systems approach. As we would expect,

the curve that produces the minimum value is the one that is closest to the systems
approach. This is the same concept as the minimum distance approach presented in
the copulas methodology section. The quantitative results are summarized in Table 92, which clearly shows that the results of decision tree analysis with four variables are

close to the results

of the systems approach.

These results validate the systems

approach compared to the tried and tested decision tree approach. Furthermore, the
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results show that the decision tree approach used by the industry is just a subset or

part of the systems approach. As the number of uncertain variables increases, the
results

of the decision tree approach

converges

with the results of the

systems

approach. Specifically, as the experiments move from one uncertain variable to four

uncertain variables, the distance between the decision tree approach and the systems
approach gets smaller. This clearly indicates that the decision tree approach is a subset

of the systems approach.

Table 9- 2. Minimum values that shows which curve is
closer to the systems approach

Decision Tree Curves

Minimum values

Decision tree with one variable

0.t2

Decision tree with two variables

0.09

Decision tree with three variables

0.07

Decision tree with four variables

0.012

Now that we have validated the systems approach, the next issue to address is the
impact of using the systems approach compared to the decision tree approach on the

NPV of

a development decision.

The results obtained are very interesting because they clearly show that even
though both approaches use the same set of equations, the results are different. The
mean NPV (EMV) generated from the decision tree approach compared to the mean

value generated from the systems approach shows that these two values

are

approximately the same. However, the decision tree approach tends to underestimate
the low side NPV's (P5 and P10's) by 30 - 47% (Figure 9-5). While on the high side
(P90 and P95's) the decision tree tends to overestimate the NPV by more than30Yo.It

shows that the project has a higher upside potential than the actual potential. The
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mean values for both approaches are close to each other with a difference

of

5Yo,

while the standard deviation has a difference of 20Yo. The result of this comparison is
shown in Figure 9-5 and Table 9-3.
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Figure 9-5. CDF of NPV comparison between decision tree and systems
approach models

Table 9- 3. Comparison of decision tree and systems
approaches model NPV's ($ million)
Parameter/
Approach
Vlean
Std Dev

10% Percentile
50% Percentile
90% Percentile

Decision tree Systems approach
164.77

223.18
-102.75
123.17

530.22

156.81
1

85.1

I

-69.43
138.26
410.90
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9.5 Results and discussion

The results above clearly indicate that the decision tree approach tends to
underestimate the

low side by showing it is worse than it actually is. It

also

overestimates the high side by showing that it looks higher than it actually is. V/hilst

the difference between the two approaches is large away from the mean,

it is very

small closer to the mean. The difference in results of the two approaches arises due to
the difference in their core characteristics:

9.5.1 Number of uncertain variables (Complexity)

In this example, the decision tree analysis considers only four variables that
are stochastic while the systems approach considers all29 variables to be stochastic.

The assumption to limit the number of stochastic variable to four was made because
adding more uncertain variables to the decision tree approach

of

branches

will

cause the number

to grow exponentially as the number of variables increases. In

the

decision tree approach, just assuming four variables with three nodes leads to 81
scenarios.

If the decision tree approach was to use 29 variables

as used

in the systems

approach there would be 69 trillion scenario outcomes of the decision tree as shown
on Figure 9-6. From a practical point of view, this is very difficult to accomplish and
there is no point in doing

it since the systems approach can achieve similar results in

less than 5 minutes of computation.

It is important to indicate here that if

the 29 uncertain variables modelled by

the systems approach could be modelled by a decision tree, we would expect the
results of both approaches to be almost identical. It is also important to point out that

not all the 29 uncertain variables are important because some have a minor impact
compared to others.
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uncertain variables for a decision tree approach

9.5.2 Account for uncertainties

In our example, the decision tree approach only accounted for uncertainties in
four variables; reserves, initial production, FPSO CAPEX and oil price. The rest of
variables rwere assumed certain. In reality, uncertainty exists in all the parameters.
Part of the difference in the result between the systems approach and the decision tree
approach is due to the ability of systems approach to account for uncertainty in all the

variables compared to the limited number of uncertain variables typically accounted

for in decision tree analysis for practical reasons.
Furthermore, the decision tree approach assumes three discrete values for
reserves, initial production and FPSO CAPEX. For example, a decision tree scenario

could be middle reserves, low production, low FPSO CAPEX and low oil price. These

low values represent the P10's of the last three variables and the middle

value

represents the P50 of reserves. By doing this the decision tree analysis ignores all

173

Chapter 9. Systems approach vs. decision tree approach: A comparison
scenario outcomes that may exist between the three discrete points as shown in Figure
9-7

P90

Recognized by Decision Tree

oaooaaao
ooaooaoa
oo oooaaoo
o

oaoaoo
ooaaoo

Ignored by Decision Tree

ooo

P10

Figure 9-7. Scenarios recognized and ignored by decision tree

9.5.3 Dependencies and interactions

Even with a complete modelling of 29 uncertain variables using decision tree
analysis, the final results of the decision tree
approach. This

is

will not be the same as the systems

because the decision tree approach ignores dependencies and

interactions. For example, the modelling

of

dependencies between area and net

thickness, porosity and water saturation are completely ignored. Decision trees do not

easily allow the use of dependency modelling technique such as the Copulas and
Iman-Conover methods. They are not designed

to

capture statistical stochastic

dependencies unlike the systems approach. Furthermore, functional dependencies are

also difficult to achieve in decision tree. For example, as net thickness increases,
reserves increase and initial well production increases because of the dependency
between net thickness and production. Also as permeability increases, recovery factor

increases and this also aligns with higher initial well production. These types of
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dependencies are
are

difficult to incorporate in the decision tree approach. However, they

built into the systems approach and are incorporated in every iteration.

9.5.4 Handling stochastic oil price models.

Decision trees are not good in capturing dynamic behaviour. For example, it is

very difficult to capture the Mean Reversion oil price model or the Geometric
Brownian Motion model using the decision tree approach because the distributions
are continuous and each current price is a function of

volatility, reversion factor, long-

term price and previous year price. These prices have two elements: an uncertainty

which is captured in a continuous distribution and another element, which represents
the dynamic behaviour. These types of price models clearly cannot be handled by the
decision tree approach while the systems approach can handle them easily.

9.6 Conclusion
The objective of this chapter is to compare and contrast the systems approach,

introduced by this research, and the decision tree approach. This research shows that

in the experiments conducted the decision tree results differs by 5% for the mean and
20Yo for the standard deviation when compared to the systems approach. The decision

tree approach tends to underestimate the low side and also overestimates the high
side. This difference is due to the following factors:

o

Complexity (Number

of

uncertain variables) as the number of

uncertain variables increases, the decision tree approach yields results

which are closer to the systems approach. However, as number of
uncertain variables increase, the problem becomes complex and very

difficult to handle by decision tree approach.
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a

Uncertainty can only be represented by discrete branches, generally
three chosen are P10, P50 and P90 and everything in between, below

or

above

is

ignored with the decision tree approach, while all

uncertainties are accounted for with the systems approach.

Dependencies and interactions are not captured by the decision tree

approach. Decision trees are

not designed to capture

statistical

stochastic dependency methods such as the Copula and the ImanConover methods.
o

Model output. The systems approach produces an output distribution

with all the statistical parameters such as the standard deviation
percentiles

to help understand uncertainty while the

and

decision tree

approach produces a single measure, the EMV.
a

Tolerate changes: The systems approaches can handle changing
variables from deterministic

to

stochastic easily compared

to

the

decision tree approach.
a

Stochastic oil price models. Clearly the systems approach is better
designed to deal with dynamic and continuous behaviour models, such
as the Mean Reversion

oil price model, compared to the decision tree

approach.

In the context of
accounting

investment decision making

in the oil and gas industry

for complexity, uncertainty, dependency and interaction, and dynamic

behaviour is important. This research concludes that the systems approach is superior
to the decision tree approach in addressing these.
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CHAPTER

In Conclusion...

10.

Introduction
This chapter presents a summary of all the conclusions of this study. It

examines the objectives of this research stated in Chapter

I

and combines the main

findings and conclusions to address these objectives. Furthelrnore, it presents some
recommendations for implementation and future work in the area of dependencies and
interactions using the systems approach.

10.1 Conclusion

The research hypothesis is that there is value in modelling dependencies and

interactions

at

each

of

reserves, project and portfolio levels. Furthermore, it

hypothesizes that the systems approach developed in this research is superior to the

current decision tree analysis used by the oil and gas industry. This research has

theoretically and experimentally confirmed these hypotheses

by

addressing the

objectives proposed of this study.
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1.

Objective 1: Build a stochastic integrated asset model (called the systems
approach).

The fully stochastic integrated model (systems approach) has

been

developed. The construction of this model is explained in detail in chapter

5 and the application of this model is shown and explained in chapter

7.

The model is able to integrate all components of the petroleum system

from reserves to economics including above and below

ground

uncertainties. It is also able to capture dependencies and interactions.

2.

Objective 2z

At the

reserves level: Investigate the impact

of statistical

dependencies on the technical reserves.

This objective addresses two points:

a) It focuses on the impact of the dependence

structure of the correlation

model on reserves.

This research has concluded that the copulas approach is
superior in capturing dependency patterns in the lower- and upper-tail
dependence structure compared

to the existing dependency methods

such as the Iman-Conover, Regression fitting and the Envelope
method.

b) It

compares and contrasts the current techniques

in oil and gas

evaluations with the copulas method

This research has confirmed that dependencies are important
and can have a large impact on the metrics used for decision-making.

Furthermore, this research has shown that the copulas methodology is
superior to regression fitting and the envelope method, which tend to
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underestimate the mean and the standard deviation. However when
compared to the Iman- Conover method the impact of the dependence
structure is not significant. Furthermore, the concept of multiple lines

to construct the envelope method has been introduced. This performs
better

in

capturing the dependence structure than the traditional

approach. However, it is still not as good as the copulas method.

The result obtained at the reserves level can be generalized at
the project level as well. At the project level the impact of copulas and

Iman-Conover methods

will be close to each other for Archimedean

copulas similar to that at the reserves level.
approach

will outperform the Envelope

In addition the copulas

and Regression

at the project level similar to that at the reserves level.

fitting methods

It is important to

point out that the conclusions related to the mean value apply equally
to the P50 value since this is a common industry measure.

This research recommends the following from a theoretical point of

view as methods to be used in modelling statistical dependencies in order of
importance;

L The Copulas method should be preferred, because it

captures

dependence structure and provides accurate results.

2.

Next in line is the Iman-Conover method because its results are almost
as the results of the copulas method even though

it

does not capture

dependence structure.

3.

The Envelope method with multiple lines is third because captures the
dependence structure and generally produces reasonable results.
However, its use can be very subjective
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4. And finally, Regression fitting is ranked fourth because it

has

theoretical reasoning behind it and produces reasonable results.

From practical point of view, the Iman- Conover method is easier to apply
because the software to do this already exists. The Copulas method needs more

understanding
available

of

mathematics and modelling skills. Where

no software is

it is recommended that the Regression fitting or the Envelope methods

be used because they are very easy to construct in an Excel spreadsheet.

3.

Objective 3:

At the project level: Investigate the impact of functional

dependencies and interactions

on a development decision through

a

comparison of the systems and sequential approaches.
This objective investigates the impact of dependencies and interactions on

NPV through the analysis of a hypothetical ofßhore field development

and

concludes the following:

o

The impact of dependencies and interactions on NPV is significant and

could be material to the development decision. The systems approach
captures interactions and dependencies while the sequential approach
ignores them. Ignoring interactions underestimates the mean as well as the

standard deviation

(by 5a% and 44o/o respectively in our

example).

Furthermore, the Pl0, P50 and P90 values of NPV are underestimated by

20yo, 50o/o and 50olo respectively

in the sequential approach in

our

example.

o

In a stochastic environment, where functional dependence and interaction
amongst input parameters are ignored, both the sequential and the systems
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approaches

yield almost identical results. The difference is merely

statistical. ln the presence of functional dependence and interaction, the
systems approach is superior in capturing their impact.

The impact of the functional dependence and interaction on the mean and
standard deviation of the development decision depends upon:

i. The modelling approach, the systems approach captures
interaction where as the sequential approach does not.

ii.

The functional form of the interaction.

iii.

The sensitivity of a variable. Variables that have higher impact
on the ouþut

will have a higher interaction impact compared to

variables that have lower impact on the output variables.

iv. Even if

the functional form of the interaction is linear the

systems and the sequential approach yield different results.

4.

Objective 4z At the portfolio level: Investigate the impact of dependencies

and interactions (intra-dependence) for a mix of development decisions
projects.

This objective questions whether the results obtained from the efficient

frontier using the systems approach produces different results from the
efficient frontier generated using the sequential approach when modelling the
same set of projects. This research concludes the following:

o

Markowtiz portfolio model captures interaction and

dependencies

between projects and leads to lower expected net present value and

higher standard deviation. This result was observed when comparing
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both the sequential and the systems approach with and without interdependence.
a

The systems approach captures the intra-dependence within a project
and leads to a higher expected net present value for a given level of
risk when compared to the sequential approach at the portfolio level.

a

Combination of the portfolio model using the systems approach is able

to

capture both intra- and inter-dependence within

a project

and

between the projects in the portfolio set. The results show that ignoring

both inter- and intra-dependence leads to overestimation of expected
net present value at lower levels of risk and underestimation of the
expected net present value at the higher levels of risk.
a

The portfolio and the systems approaches complement each other by
capturing both inter-and intra-dependence and can add significant
value to petroleum project investment decision-making at a portfolio
level.

5.

Objective 5: Compare impact of the Systems approach and the current

industry approach, Decision Tree Analysis, on the NPV of an offshore
development decision.

This objective compares and contrasts the systems approach, introduced by

this research, and the decision tree approach. This research shows that in the
experiments conducted the decision tree differs by 5% for the mean and 20Yo for the

standard deviation when compared

to the systems

approach. The decision tree

approach tends to underestimate the low side and overestimates the high side. This

difference is due to the following factors:
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o

Complexity (Number of uncertain variables) as the number of
uncertain variables increases, the decision tree approach yields
results which progressively get closer to the systems approach.

However, as the number

of

uncertain variables increases, the

problem becomes complex and very diffrcult to handle by the
decision tree approach.

o

Uncertainty can only be represented

by discrete branches,

generally three chosen are P10, P50 and P90. Values in between,

below or above are gerLerally ignored with the decision

tree

approach, while all uncertainties are accounted for with the systems
approach in a continuum.

o

Dependencies and interactions are not captured by the decision
tree approach. Decision trees are not designed to capture statistical
stochastic dependency methods such as the Copula and the ImanConover methods.

In addition, the systems approach has the following advantages over decision
tree analysis:

o Model output. The systems approach

produces

an output

distribution with all the statistical parameters such as the standard
deviation and a continuous probability distribution of the results to

help understand uncertainty while the decision tree

approach

produces a single measure, the EMV.

o

Tolerate changes: The systems approach can handle changing
variables from deterministic to stochastic easily compared to the
decision tree approach.
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a

Stochastic oil price models. Clearly the systems approach is better
designed to deal with dynamic and continuous behaviour models,

such as the mean reversion

oil price model, compared to

the

decision tree approach.

10.2 Recommendations for future work

This research recommends the following two areas for further research:

1.

Even though it was found that the Copulas method provided similar results to
the lman-Conover method; it is recommended that the impact of copulas at the

portfolio level be explored further. For example, the inter-dependence among
projects could be modelled using a copula instead

of using the Pearson

correlation. This could be interesting because the impact of diversification is
based on the correlation and one could investigate whether the choice

of

the

correlation model matters at the portfolio level.

2.

It is recommended that the simple systems approach model built
research be extended to incorporate the appropriate level

programmed

in a

user-friendly windows format

multidisciplinary team with functional expertise

as part

of this

of sophistication and

via the use of

a

in each of the key input

variables. We believe that the use of such a model would enhance the quality

of investment decision making in the oil and gas industry.
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Abstract

A key

step in valuing petroleum investment opportunities is to construct a

model that portrays the uncertainty inherent in the investment decision. In almost all

such cases, several

of the random

variables that are relevant

for the model are

correlated. Properly accounting for and modelling these correlations is essential in
deriving reliable valuations for decision support.
The Envelope method and the Iman - Conover method are popular approaches

to model dependency in the petroleum industry. Although these models work well in
many cases, there are situations where they fail to accurately account for important
characteristics of the correlations.

In many

cases the structure

of the dependence between two random variables

is important. The approaches typically used to model

dependence

in oil and gas

evaluations often fail to address the dependence structure. The copulas technique,

which is well known in financial risk management and insurance applications,

*

Corresponding author. Email : mansoor.alharthv@adel ai de. edu.au
Tele +618 83038041, þ'¿¡¡ + 618 83038030'
Australian School of Petroleum, The University of Adelaide
South Australia 5005

2tl

has

proven to be a superior tool for modelling dependency structures. Yet, to our
knowledge, it has rarely been used in petroleum applications.

A copula is a statistical concept that relates random variables. It is a function
that links the marginal distributions to the joint distribution. A copula can model the
dependence structure given any

tlpe of marginal distribution, which is not possible

with other correlation measures. This is illustrated by the fact that the copula approach
is able to separate the marginal distribution from the correlation.

The objective of this paper is to illustrate the potential benefits of using
copulas to model dependencies in oil and gas applications with a particular focus on

the reserves problem. This paper introduces the copulas method and then compares

and contrasts it with some of the more commonly used approaches to model
dependence. We then show that the traditional methods have problems in accurately

revealing the dependence structure in the tails of the variable distributions. Finally, we

illustrate how the dependence structure can be captured and modelled using the
copulas approach.

Key words: Copulas; Correlations; Probabilistic Reserves Estimation; Risk and
Decision Making

l.Introduction
The performance of oil and gas upstream projects for the last decade has been
less than stellar for many upstream companies. Merrow (2003) concluded that one in

eight of all major offshore developments fall into the "disaster" category. It is our

belief that inaccurate reserve estimates is one of the major contributors to the poor
performance of the industry. Studies on North Sea fields (UK and Norway) show that
the official estimates of reserves are changing considerably, in some cases as much as

fourfold, during field life. The same trend has been observed in the Gulf of Mexico

2t2

(Demirmen, 2005). One

of the most common problems in

exploration and

development projects is the failure to estimate the low end such as proven reserves
(Rose, 2001). Rose also points out the problem of overestimating the low sides and
underestimating the high sides. For example, knowing the high potential is essential in

making decisions about the sizing of the production capacity. This is particularly
relevant for development projects where the extreme values are important. Demirmen

further indicates that the concept of reduction in reserves uncertainty throughout the

life of the field is rarely observed in practice due to many factors that impact the
estimates over

time. One of these factors is that the rules of

statistics are not

honoured; specifically, dependencies are not properly accounted for in the calculation

ofreserves.

This paper deals with modelling dependencies in probabilistic

reserves

estimates. Ignoring these dependencies may lead to erroneous estimates of proven and

probable reserves, which in tum lead to poor estimates of Net Present Values (NPV).

The outline of the paper is as follows: Section 2 will discuss dependence measures
that are used to analyse statistical dependence and then introduce the data generating
methods that are used in oil and gas evaluations to model dependencies. Section 3 will

introduce the copulas, their construction and how to run simulations with them.
Section 4 introduces a simple reserves estimates problem to investigate the impact
using these dependency methods. Sections

5,6

and 7 consist

of

of the results, discussion

and conclusions resulting from this investigation.

2. Coruelations and Dependencies
The terms correlation and dependence are often used interchangeably in the literature.

Although this is not strictly correct, for clarity we will also do so in this paper.
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Although many associate the word "correlations" with linear correlations,
there are many approaches to model dependencies. There are three common measures
used to analyse statistical dependence: Pearson, Spearman and Kendall's tau' These
are data analysis techniques designed to capture the direction and the magnitude of a

correlation.

Pearson's (linear) correlation is the most common method used to measure
dependence between two variables. The Pearson correlation coefficient ( r

), which

correlates two variables - X and Y - is defined by

(x,-

r

x)(Yt

Itx, - x)'
where

x,

-Y)
(Y,

-Y)'

and Y,are pah of points,

regression correlation

is

appropriate

(1)

x

and

Y

are

their means. The Pearson

for showing the linear relationship

between

variables. The Pearson correlation is generally not invariant under monotone nonlinear transformation. For example, the correlation between X and Y is not the same
as the correlation between

Ln (X) and Ln (Y).

Spearman's rank correlation coefficient was developed by Spearman in the
early 1900s. It is calculated using rankings of values rather than actual values (as the
Pearson correlation coeffîcient). Spearman's rank correlation is used as a measure

of

linear relationship between two sets of ranked data clusters around a straight line.
Spearman's rank correlation is similar to the Pearson correlation method in that it
takes on values between

-l and +1.

The Spearman correlation coefficient is calculated as follows:

(2)

rs
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Where R* and

R,

arc the ranks

of X

and

Y respectively; R" and R, are the mean

rank ofthe variables.
Because the correlation is computed on the ranks, the method is known as a

"distribution free" approach as there are no assumptions regarding the underlying
distributions. This also means that the Spearman rank order correlation doesn't
require that the relationship between two variables is linear.

Kendall's tau (ø) correlation is similar to the rank order correlation in its
assumptions.

It

does not require any assumption about the distribution nor does it

require the relationship to be linear. As with Pearson and Spearman, the correlation

coefficient takes on values between -1 and +1. Kendall's tau can be calculated from
the following equation:

-

#(concordant paírs)-#(discordant pairs)
n \n- r)

(3)

2

Where n is the samples size and concordant pairs means the number of pairs

that are moving in the same direction and discordant pairs are those pairs that

are

moving in the opposite direction to each other's.
Spearman's rank correlation is more widely used because

it is much

compute than Kendall's tau. Another interpretation of Kendall's tau is that

easier to

it is the

difference between probability of concordant and discordant pairs. As a result of this

interpretation,

it

tends to have better statistical properties than the Spearman rank

correlation.

A major shortcoming of the Pearson correlation is that it is not invariant under
non-linear transformation. Both the Spearman and the Kendall approach overcome

this deficiency. However, none of the three methods discussed so far are able to
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capture the dependency structure. As we

will illustratelater, the copulas

approach is

able to capture and model the structure.

The Pearson, Spearman and Kendall's tau are data analysis techniques and

they cannot, as stand-alone approaches, be used to generate dependence in

a

stochastic environment. In order to model dependence in a stochastic form, techniques

for generation data correlations are required. The most common techniques are the
Envelope method, the Iman-Conover method, which uses the Spearman rank
correlation, the regression fitting method, and the Copulas method, which uses the

Kendall's tau.

The Envelope method, sometimes called the box method, is a useful technique for
modelling partial dependencies. The method is well described by Newendorp and
Schuyler (2000), Mian (2002) and Murtha (2000) and uses an "envelope" around the
data to capture the partial dependency.

I
Y upper

6
4

5

10

t_

10

Y lower

€

s
x
Fig.

1. Envelope method

In order to capture the dependence structure two lines are estimated Y upper
and

Y lower (Fig.l).

For a simulation, a random X value is generated and
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the

coffesponding Y upper and Y lower values for that X are calculated. Together with a

normalized value are used

to

generate the correspondence value

of Y to an X

(Equation 5). This approach, which may be lacking in mathematical rigour, is very

flexible and can capture many structural pattems. However, although the envelope
method is conceptually simple, its implementation may seem somewhat tricky and
involved.
Y, = (Y,o*",), +f(Yuoo",),

(5)

- (Y,o*",) 'l(Y,',,),

where

(Y,o*",), = lowest possible value of Y, given X
(Yuro",), = highest possible value of Y, given X

(Y,o,^), = sampled value from dimensionless normalized distribution

Iman -Conover method
The Iman-Conover (Iman and Conover, 1982) is the algorithm used in Monte

Carlo Simulation software such as @Riskt* and Crystal BallrM. To model
dependence between variables the marginal distributions of each variable are defined.

Then the Spearman's rank order correlation
correlated variable

X

and

is

calculated. For

a simulation of

Y with a rank correlation matrix R*: first, the Iman-

Conover generates an independent score matrix for each variable using the van der
'Waerden

scores. The use of van der Waerden scores is based on the inverse of the

standard normal cumulative distribution function. Second,

it will

correlate between

the two independent score matrices using Cholesky decomposition to generate
correlated

matrix M'that is close to the rank correlation R-. Third, it
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a

generates

independent random samples from

will

X

and

Y and finally, reaffanges X and Y so they

have the same rank correlation matrix as M*

.

Regression fitting

A simple regression approach finds the best-fit line using regression

analysis.

The regression calculation not only finds the slope and intercept of the line but also

the standard error. The standard error is important for simulation because it defines

the standard deviations of the effors. The residual used in estimating the standard
error is defined as the difference between the input data and the estimated data. For
simulation the regression fitting method

will

generate the correlated variables based

on the following equation.

Y=mX+b+N(0,e)

(6)

Where m is the slope of the regression line, b is the intercept and
standard normal distribution

N (0,e) is the

with standard deviation (e).

3. Copulas

The primary disadvantage of the dependency models discussed above is their

lack of ability to capture and model the dependency structure or pattern. In this
section an alternative is discussed in which a joint distribution is constructed using a

copula. Although copulas are well known in insurance and finance, their application

in petroleum is still in its early stages. To the best of our knowledge, there are only
two papers discussing petroleum applications. Armstrong et al. (2004) investigated
the value of an option to acquire new information in which Bayesian analysis was
used to account for new information. The traditional framework of the Bayesian
analysis is based on the joint normal distribution where the lower and upper tails are

symmetrical. Armstrong et al. (2004) proposed an alternative Bayesian analysis that is
based on Archimedean copulas where the
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joint distribution does not have to

be

normal and there is flexibility to have a lower tail or upper tail dependence based on
the specific type of copula.

Accioly et al. (2004) also discussed the suitability of using copulas to model
dependence

for

non-Gaussian

data. They

nonparametric and semiparametric
sample

presented two estimation procedures:

to estimate copulas

parameters. They used a

of 188 exploratory offshore wells drilled in the Gulf of Mexico and explored

the relationship between drilling duration and measured depth. They concluded that
the Clayton copula reproduced the pattern of the original data and recommended the
use of copulas to model the relationship between operating expenditure (Opex) and
production, since cost elements are production dependent.

This paper illustrates how copulas can be used to model dependence in the
probabilistic reserves estimates. Furthermore, it will show the potential benefit of the
copula approach by comparing

it with

current correlation approaches, highlighting

and discussing its relevance and advantages in petroleum applications. The first step

in this

discussion is

to introduce the copulas, their construction and how to run

simulations with them.

The essence of the copula approach is that a joint distribution of random
variables can be expressed as a function of the marginal distributions. The key
theorem on copulas is by Sklar (1959):

Let H be a joint distribution function with margins F, and
exists a copula C such that

ClF,(*),rr(y)f

If the margins F, and F, are continuous,

F, x F,

Then there

for all x, y F, Fr e R:

H(x,y)=

the range

F,.

Q)

then C is unique; otherwise, C is unique on

.
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This theorem and the characteristics of copulas are extensively discussed in
Nelsen (1999). Sklar's theorem is completely general. For any type

of

marginal

distribution a joint distribution can be constructed using the copula function. The
copula separates the marginal distribution from the correlation and the copula itself

can capture the dependence structure. This is an essential property of copulas. To

show how this property makes copulas superior

to the traditional

dependence

measures. Embrechts et al. (1999) presented a fallacy, which stated, "Marginal
distribution and correlation determine the joint distribution". This is only true in the
case

elliptical distribution, which the normal distribution is one. In these cases, having

two marginal distributions and a correlation, there is only one joint distribution that
might fit. Yet, outside the elliptical distributions, there are many joint distributions
that might

fit.

This can be seen clearly by simulating two variables with the same

marginal distribution, represented by a normal distribution with a mean of zero and
standard deviation

of

1. These two marginal distributions have a linear correlation

0.7 (Fis.2).
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Fig. 2. Two identical distribution x-N (0,1), y-N(0,1) and same correlation
= 0.7, but different dependence structure
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of

The distribution on the left side shows the case where the joint distribution is

normal and the dependence structure shape is elliptical and constructed using

a

normal copula. While using the same marginal distribution and the same linear
correlation, a different joint distribution can be constructed showing a completely
different dependence structure. The distribution on the right side is constructed using
a Clayton copula. This illustrates the limited ability of linear correlation to capture the
dependence pattern for non-elliptical distributions.

There are different classes and families of copulas but, for this study, we

work with Archimedean copulas, which is defined
C
C

fu,r)- p t-tt (ø (")*

ø

generator

as:

(r)) for u, ve [0,1]

@,r) is the copula function with u and v
and ø Í-t) is the inverse

will

(8)

as uniform distributions,

ø

is

the

generator. Genest et al. (1986) presented several

properties of this class of copulas. The choice of generator determines the copula

family (Table 1). The Archimedean copulas have different families and the popular
ones afe

Clayton Family (Clayton, 1978) This family has lower tail dependence for

I

>0

and has the following function
-l

C"oron @, ,)=

(u-t +v-t

1

(e)

0

Gumbel Family (Gumbel, 1960) This copula family has upper tail dependence for
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and

it has the following function:

c G,,b"t (u,v)

=*o

{-

ft-

n r)' + (- h

")'

];}

Frank Famity (Frank, 1979). This copula family has a flexible theta that

- æ ( 0 1*

and has the following function:

22t

(10)

ranges

Co,",o (u,v)

Table

I
0

rr,[r*

\

("-" --r)G-"
e -r

-t)"1

l: Archimedean copulas with their generators
Generators

Family

)
and ranges

ø Q)

Clayton 1978

t-s

Gumbel 1960

(-tn r)'

(1 1)

Ranges

-l

of

theta

(0, "" )

(l "")

Frank 1979

(- -, -)

The relationship between the generator and the copula function is easily
identified.

If the generator QQ) of Clayton

copula from Table 1 is substituted back

into the general form of the Archimedean copulas (Equation. 8), we get the copula
function

of Clayton (Equation. 9). This means that the choice of the

generator

determines the copulas family.
Once the types of copulas are identiflred then the next step is to construct and
simulate the copula.

3.1.

Construction and simulation of Archimedean copulas

Genest et al. (1993) illustrated that these types
distribution functionKc (t)= P{C(u,v) < t}

Kc(t)=,-ffi
Where

p (t) ts the generator

for

have the following

.

any

and ø' Q. )

of families

t tnfO,tf

(r2)

i. ttr. derivative of the generator. Equation

(12) is known as the parametric estimate. In order to compare and simulate a copula,
the value of theta needs to be determined. Genest proposed a relationship between the
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type of copulas and Kendall's tau and showed that through this relationship the value
of theta can be determined. This relationship is expressed in the following theorem:
Let X and Y be random variables with an Archimedean copula C generatedby Q

þ)

,

Kendall's tau of X and Y is given by:

r" =r*

o'¡!9 a,

(r3)

¿ þ'lt)

For example, for a Gumbel copula the Kendall's tau correlation can be expressed as a
function of theta:

î =r*!'1,lnt

¡e

Hence

by

assuming

dt=

t

-1

a certain type of copula and calculating the Kendall's

tau

correlation using equation (3) the value of theta can be determined. Using equation
(13) the value of Kendall's tau for each family is shown in Table 2.

Table 2: Kendall tau values as a function of theta for each family and their ranges

Family
Clayton

Tau

Ranges

1978

0
(0,

-)

(t

oo

0+2
1

Gumbel 1960

Frank 1979

1

e

)

(-ææ
)
)

r|@,(-a )-r)

Note: D¡ is the Debye function of the first order

D

,= l'¡ e'

t

- |

dt

Once Kendall's tau is calculated and the value of theta is determined for each

copula, then the next step is to compare among dependency methods. Frees and
Yaldez (1998) points out that to find the generator that fits the data one needs to

223

compare the parametric estimate Kc
generating the copula,

(t), by the procedure

with the nonparametric

estimate

described earlier for

X (t). The nonparametric

estimate is generated as follows:

1.

Define the pseudo-observations
number

T¡

2.

of (Xr¡,Xr,)

Xu 1X, and Xr¡

such that

1X,

Second, construct the estimate of

l(n

(14)

-l) for i =I,.......,k.

K as K(/) =Proportionof T. < t

To construct the nonparametric estimate, a pseudo-observation(4) is estimated.
This pseudo-observation captures the movement of each point with the movement of
other points. In this way we determine the correlation between variables in a similar
approach as used

in the Kendall's tau correlation method. 'We then

construct a

cumulative distribution function of the pseudo observations(4.'s) for all the data
points. This process generates the nonparameffic estimates, which are then compared

with the cumulative distribution function of the parametric estimates. For

each

generator chosen from Table 1, the value of theta is substituted into the parametric
equation (Eq. 12) to be compared with the nonparametric X (t).We then choose the
generator that best resembles the nonparametric results. The 'best' generator is
determined by the Minimum Distance MD =

[lX"fr¡- K(t)]' dK(t)

.

Another possible approach to determine the best generator is a Q-Q plot, which

plots the cumulative distribution function of the nonparametric estimate against the
parametric estimates.

Once the optimal copula has been determined,

marginal distributions

it is used to generate the desired

U and V that will be used in the Monte Carlo
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Simulation

model. Several types of simulation algorithms have been proposed in the literature. A
general simulation algorithm was discussed by Mari et al, (2001):

1.

Generate two uniform and independent random variables u and q

2.

Calculate

, = C,-'(q),

where C.,uòu
=àC\u'')

.

The second step is implemented by taking the derivative of the copula function with
respect

to u . The next step is to find the inverse of the derivative C u-' . In general

this procedure works well where

C,-r

has a closed form expression and where the

inverse function can be solved analytically. This algorithm

will work well for

the

Clayton but not for the Gumbel copula because it has no closed form expression for

the inverse. To overcome this problem, another simulation procedure can be used
(Nelsen, 1999):

l.

Simulate two independent random uniform variables s and q on [O,t].

2.

Set I =

3.

Set ¿r= Q

K"-t

(q),Where Kc is the distribution function of C (u, v)

-' ßQ(r)) ana r=Q -' (t-"1ø(r))

The second step in this simulation uses a numerical root finding method to solve for
the inverse of the parametric estimates. Once the value of

r is found, it is substituted

into the equations in the third step to derive the desired correlated variables

u

and v.

This simulation is powerful and can be used to solve for all three type of copulas;
Gumbel, Frank and Clayton.
The previous sections introduce the dependency methods such as Envelope,
Iman-Conover, Regression fitting and how they are used in simulation. This section
has introduced the copulas methods, the construction and the simulation algorithm.
The next step is to explore which of these dependency methods captures dependence
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structure and what impact this has on a decision variable. The example used to
investigate this is an oil reserves estimation problem

4. Example - Reserves Estimation

will

The example we

discuss is an

oil reservoir with a focus on

technical

reserves, which are estimated using the volumetric equation and a recovery factor.
The focus is on probabilistic reserves, so area, net thickness, recovery factor, porosity,

water saturation and formation volume factor arc all treated as uncertain.

The

stochastic inputs used in calculating the Original Oil in Place (OOIP) are listed in
Table

3.

These inputs are correlated and the objective is to explore the impact of the

choice of correlation model. Data were collected from nearby producing fields, and a

plot of net thickness versus recovery factor shows a positive correlation (Fig.
Furthermore, as shown

in Fig. 4, porosity

3).

and water saturation are negatively

correlated. The best distribution for the input variables is derived by using the chi
square measure.

Table 3. lnput used for Calculation of Original Oil in Place (OOIP)

OriginalOil in Place
IOOIP) inout:

(acre)
Thickness (ft)
Porosity (%)

Area

Water saturation (Sw) (%)

Distribution Minimum

Most

likelv Maximum Mean
700

Lognormal

Triangular

170
0.2184 0.35

0.4653

Triangular

0.1915 0.30184

0.49ô9

Triangular 40

300

Formation Volume Factor

(FVF)

Triangular 1 .1

1

.15

1.2

Note: Lognormal distribution is truncated between 400 and 1200 acre

226

Variance
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5. Results

To investigate the impact of dependencies methods, the data in Table 3 were used to
calculate the Original Oil in Place (OOIP). Furthermore, each dependency method
was used to model the positive dependence between net thickness and recovery factor

and the negative
multiplication

dependence between porosity

and water saturation.

The

of original oil in place and recovery factor yielded the technical

reserves

Iman

- Conover Method
To model the correlation between net thickness and recovery factor using the

Iman-Conover method, triangular distributions were chosen as the best

fit for both

variables. The Spearman correlation for net thickness and recovery factor is 0.67.

Triangular distributions were also found to be the best f,rt for porosity and water
saturation with a Spearman correlation of -0.388.
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Envelope Method

Lower and upper lines were estimated for both of the two sets of dependent variables
and were used for simulation of the variables as shown in Fig.5. For the Recovery

factor and net thickness a multiple line envelope was used to capture the shape of the
dependence structure while for the porosity and water saturation a classic two lines
envelope method was used.
Regression Fitting

A regression analysis was used to find the best line for both net thickness

and

recovery factor and for porosity and water saturation dependence structure. The
standard error was also estimated for both of the two sets of dependent variables. The
regression gave the following equation to correlate net thickness and recovery factor.

Recov ery Factor = 0.1267 + 0.000721 (Net Thiclcness) + Normal(0,0.0622)

Note that the above equation was modified to eliminate the possibility of a negative
recovery factor.

A cut-off for the recovery of 0.10 was used, which is the minimum

value in the original data.
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Copula Method

To model

dependence using copulas, Kendall's tau was calculated using

equation (3) giving

î = 0.51 for net thickness versus recovery factor and t = -0.283

for porosity versus water saturation. The Gumbel copula was chosen for the net
thickness and recovery factor as the best

fit

among copulas as

it will be explained

later. The next step was to use Table 2 to calculate the value of theta - e - 2.04 . For
porosity and water saturation the Frank copula was chosen as the best fit and the value

of theta is 0 = -2.72. This is explained because of the ability of Frank copula to
model positive and negative dependency where as Gumbel and Clayton are suitable
for positive dependencies.

Table
models.

'We

4

shows the mean and standard deviation using the four correlation

also show the mean and standard deviation assuming no dependency.

In the last column of Table 4, which includes both dependencies, we see a
significant impact on both the mean and standard deviation of the reserves estimates
compared with the no dependency case. This confirms that dependencies do matter
and should be included in any simulation to ensure optimal decision-making.

Table. 4. Reserves (Million of barrels) mean and standard deviation and dependency methods
Porosity and Water
Saturation only (1)
53.59
28.16
53.93
29.23
53.73

No

Methods

Measure Dependency

lman-Conover

Mean

Envelope

SD

Mean
SD

Regression fitting Mean

Copulas

SD

Mean
SD

53.52
27.67
53.52
27.67
53.52
27.67

28.31

53.52

53.62

27.67

28.11
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Net thickness Both (1)
and RF only (2) and (2)
55.83
55.70
32.17
31.80
47.06
47.15
28.52
30.05
48.58
48.57
29.25
30.60
55.92
55.84
32.68
32.67

All of the models

indicated that dependencies have a larger impact on the

standard deviation than on the mean. The difference in the means, comparing the nodependencies with the correlated results ranged between

deviation, however, increased by 8 -18
cases.

o/o

4 - 12 %o. The standard

in the correlated

versus no-dependencies

This confirmed what other authors have shown: ignoring dependence might

lead to a significant underestimation of the uncertainty in the simulated results. From

the cases where we only include one dependency at a time, we see that positive
dependence has

a larger impact on both the mean and standard deviation

than

negative dependence except for the Envelope and regression fitting approach. This
was further supported with a tornado plot (Fig. 6), which showed that thickness and

recovery factor have a larger impact on the reserves simulation than porosity and

water saturation. This confirms that

it is

particularly important

to

include

dependencies between those variables that have the largest impact on the output.

From this point our analysis focussed on the dependency between thickness and
recovery factor since they had the largest impact on technical reserves.

o.792

Thickness

Recovery Factor

0.735

0.422

Area

o.245

Poroslty

-0.136

Water Saturation

Formation volume

-0.018

factor
1

-0.5

0.5

Correlation Coefficients

Fig. 6. Sensitivity analysis for the technical reserves
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The next question we wanted to address was: V/hich one of the correlation
models best represents the original data?

The Frees approach with both graphical and quantitative analysis to f,rnd the
best

fit

was used. From Fig. 3, we see that the original data correlation pattern has

strong upper tail dependence. Using a Q-Q plot to analyse the correlation in particular
above the 50th percentile (Figs. 7

-

I0), we saw that the Gumbel copula gave the best

match with the original data.
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From Q-Q plots of the Iman-Conover, envelope and linear regression methods,

it was very diff,rcult to see a significant difference

between the three models. The

quantitative approach confîrmed the graphical interpretation. Quantitative analysis
showed that the Gumbel copula, with a Minimum Distance (MD) = 0.0417, was the

best dependence method that reproduces the original data among Archimedean
copulas where the Frank copula had an MD = 0.098 and the Clayton copula with an

MD = 0.17. Second is the Envelope MD = 0.064. Third is the Iman-Conover method
with MD = 0.08 and finally, Regression fitting with MD = 0.081. This confirmed that
the Gumbel copula fîtted the original data best. This was not surprising since the
Gumbel copula is particularly suited to capture upper tail correlation patterns. None

of

the more commonly used methods, the Iman-Conover, Envelope and linear regression
methods, were able to capfure the upper tail structure.

Clearly, the Envelope method

is very flexible and powerful. With

the

appropriate, subjective choice of bounding lines and the distribution to use to sample

between these lines,

it

can be tailored to capture almost any structure.

In

our

approach, two lines in the initial model were used. This was not enough to capture the
shape

of the dependence structure and, consequently, more lines were added. V/e

found that this process yielded better results and the MD was reduced from 0.117 to
0.064. This multiple lines envelope method was used for the comparison with other
dependency methods (Fig. 11). Furthermore, the process

of constructing two

lines

only makes sense if the joint distribution is normal, or in the general case if the shape
of the dependence structure is an ellipsoid. However, with a dependence structure that
has a lower or an upper tail pattern we found out that constructing more lines yield

better results. The challenge, of course, is to subjectively pick the most appropriate
bounding lines for the various points in the correlation structure.
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Using the standard approach with ¡wo lines to capture the dependency structure led to
an underestimation of the mean

by 13% and an underestimation of standard deviation

by 17% compared with the use of multiple lines (Fig.

12).
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Fig.12.Impact of envelope method with multiple lines
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6. Discussion

We have investigated how well various correlation models represent

the

original distributions of the input variables. The Iman-Conover and Copulas methods
retain the original distribution of the input variable. For example, recovery factor had
the best fit with a triangular distribution in the original data. The Iman-Conover and
copulas retain the same triangular distribution as the original while the regression

fitting model simulates the recovery factor as a norrnal distribution. This illustrates
that irrespective of what the input distribution is, using the linear regression method,

the simulation will always result in a normal distribution. This should be expected
since the design of the equation has a normal assumption embedded in

it

as the

standard error is normally distributed.

The envelope method tends to retain the original distribution only in a weak
form.

If multiple

bounding lines are not used, the envelope method tends to produce

other distributions such as normal distribution.
Compared with the copula approach, the Iman-Conover, envelope and linear
regression models all fail to capture upper tail dependence pattem.
'We

have now concluded that the Gumbel copula fitted our original data best.

Although this, in itselt is interesting, the key question is whether the choice of
correlation model

will influence the decision metrics (Technical reserves). Let us

define the percentile of data from 0 - 0.2 as alower tail and the percentile of data

from 0.8

-

1 as an upper tail. Note that here we use the ascending cumulative

distribution function to define the percentiles.
Looking at Fig. 13, we see two main results. First, the Gumbel and Iman -Conover
seem to have same results and the Envelope and Regression

fitting also seem to have

identical results. Both Gumbel and Iman- Conover results yield higher reserves than
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the Envelope and Regression flrtting in the range of 10- 15 million barrels. Second,

if

we zoom on the upper portion, the Gumbel copula gives the highest reserves in the
upper tail (Fig. 14). This is because it captures the correlation between thickness and
recovery factor in the high percentile data. For example, at the 90th percentile, the
difference between the Gumbel copula and both the envelope method and the linear
regression method is approximately 15 million barrels. This is a significant difference

amounting to l6Yo of the total estimates, which shows the superiority of the copulas
approach. However when compared with the Iman-Conover the difference is only 1- 2

million barrel. This is a very small difference suggesting that the impact of capturing
the dependence structure is really not significant when compared with the ImanConover method.

This part concludes that even though the copulas approach captured the upper

tail dependence structure and the Iman- Conover did not, the impact of the upper tail
dependence structure

of copulas when compared to Iman- Conover does not really

matter. It did not have any significant results on the decision matrices.
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Fig. 13. Technical Reserves for dependency methods
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The previous analysis explored the upper tail dependence but
investigate how the different dependence methods

in order to

will perform for lower

tail

dependence we started with a different dependence stfl,rcture for net thickness and

recovery factor (Fig.

l5).

This dependence structure had the same marginal

distributions and the same rank correlation as the previously used correlation (Fig. 3).
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The graphical (Q-Q plots) approach (Figs. 16-19) indicated that the Clayton

copula fitted the original data best, whilst the other methods showed

a

larger

discrepancy, in particular below the 40th percentile. Among the Archimedean copulas

the Clayton copulas seems to fitted best with an MD =0.0287 compared to

the

Gumbel with MD =0.12 and Frank with MD =0.092. The Gumbel copula as expected

in this case was the worst because it is designed to capture upper tail dependence not
lower tail dependence.
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Fig.16. Q-Q Plot Clayton copula
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1

Among the dependency methods, the quantitative analysis showed that the
Clayton copula had an MD = 0.0287, Envelope MD = 0.052,Iman-Conover MD =
0.042, and regression fitting had MD = 0.063. Again, the copula model captured the
dependence in the lower tail better than the other models.

The next step was to investigate the impact of the different techniques on the
technical reserves. Below the 20th percentile all of the dependency methods seemed to
have similar results to the copulas with a range difference of 1-3 million barrel while
above the 50th percentile the difference grew to 8 million barrel for the envelope and
regression fitting. In this case the Iman- Conover and copulas again seem to be closer

to each other than the remaining techniques (Fig. 20). Investigating the lower tail
by zooming in at the

dependence

5th

percentile the copulas approach respond best to

the lower tail dependency but, when compared with the Iman- Conover, the difference

is only 2 million barrels which is very small (Fig. 21). This showed that the copulas
approach is superior for capturing lower tail dependence structure better than the
existing methods. Yet the impact that capturing that dependence has is low compared
to the Iman- Conover.
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In understanding these results, it is important to realize that Fig. 15 has the
same distribution

with same mean and standard deviation as Fig. 3. Furthermore, the

rank correlation is the same while the dependence structure is different, indicating

that, for the data with important upper tail characteristics (Fig. 3) and data with
important lower tail characteristics (Fig 15) the Iman-Conover results are the same.
The Iman-Conover method does not capture the correlation pattem as the copulas
method and does not distinguish between upper and lower tail dependency structures.

It uses a joint distribution that does not represent the original distribution for either
lower or upper tail dependence structure. The regression fitting, in both
assumes the dependence structure is

cases,

joint normal no matter what the dependence

pattern is where as the Envelope can be tailored to capture various dependence
structures. However, the subjectivity

in drawing the bounding box makes it
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more

cumbersome and less rigorous and appealing than the copula approach. Copulas
should be the choice where upper- or lower tail dependency patterns are important.
However, in our example, the impact of the dependency structure is small and it is not
significant with a difference of 1-3 million barrels between the Iman-Conover and the
copulas method.

7. Conclusion

In this paper we have illustrated the potential impact of the choice of
dependence models in the probabilistic simulation of reserves and discussed the issue

of modelling dependence in the probabilistic reserves estimates. We compared and
contrasted the most commonly used approaches for correlation modelling with a more
recent approach, the copula model.

Firstly, we have confirmed that dependencies are important and can have

a

large impact on the metrics used for decision-making, particularly for those variables
that impact on the ouþut the most.

Secondly, we have shown that the copulas approach is superior in capturing
dependency patterns in the lower- and upper tail.

Thirdly, we have illustrated that the most commonly used correlation models
in oil and gas evaluations fail to capture the upper and lower tail dependency patterns.

This can lead to significant errors in the simulated results when comparing copulas

with regression fitting and the envelope method. However, when compared with the
Iman - Conover model, the impact of the dependence structure was not significant, the
difference in estimates being less than 3 million barrel. This indicates that, for our
example, the Iman

- Conover

model is doing a good job in capturing the dependency

structure.
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Based on these results, we believe that the copula approach has several

benefits compared with the more commonly used correlation approaches and we
encourage further research into and use of these models in

oil and

gas evaluations. We

strongly recommend using copulas as an alternative measure
dependence in economic

oil and

of

modelling

gas evaluations. The fact that the current software

such as @Risktt and Crystal BallrM uses Monte Carlo Simulation should further
encourage the use of copulas in the

oil industry.
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