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Summary 

The petroleum industry is increasingly using geographic information systems (GIS) for 
mapping and spatial database needs as GIS is very useful to elucidate spatial relationships 
between geologic and geophysical data. However, the petroleum industry, in general, does 
not exploit the full potential of GIS in its exploration activities. Multi-criteria evaluation 
(MCE) combines various data showing areas best fulfilling specific criteria. MCE applied in 
a GIS environment would positively impact petroleum exploration activities by allowing the 
geologist to have a clear method to evaluate several data inputs to support a decision for 
exploration in an area. 

There are many MCE methods which are available for use via software or script. Because all 
MCE are subjective to the data and method, it is important to evaluate those available to 
determine the most appropriate MCE method. Petroleum exploration will require a method 
which is flexible for combining several data inputs, allows for the interpretive nature of data 
to be considered, is applicable for geology, and is also applicable for frontier exploration 
areas or areas where little information regarding probabilities or trends of petroleum are 
known. 

Any model should apply a sensitivity analysis in order to show how robust it is to changes in 
parameters. The sensitivity analysis should be chosen based on what in the model is being 
evaluated. An appropriate analysis method should be created and applied to the selected MCE 
method in order to show if the MCE method is robust and to what extent changes in 
parameters cause changes in outputs. 

This study successfully investigated, created, and applied an MCE method for petroleum 
exploration and investigated, created, and applied a sensitivity analysis for the MCE method. 
The MCE method is based on fuzzy logic which fulfills the requirements for combining data 
and is applicable for frontier exploration areas. It uses 16 subcriteria and 1 constraint which 
are combined in tiers to produce a final favorability map. A sensitivity analysis measures the 
changes in outputs by changing one input parameter at a time. The analysis also investigates 
the impact of changing operators in the framework.  

It is concluded that the proposed MCE method is useful for petroleum exploration by 
comparing known producing fields and one well to the favorability outputs of one non-
geologic age specific favorability map and three geologic age specific favorability maps. The 
sensitivity analysis attests to the robustness of the method and it indicates the input 
parameters (geochemical data and plays) which create the greatest difference in the output. 
The analysis also shows that changing a gamma value may be more influential than changing 
an FLO in the framework. 

It is recommended that the methodologies are repeated using industry level data. It is also 
recommended that other kinds of analysis are conducted on the MCE method, such as error 
propagation, that more than one input parameter is changed at a time, that more variations of 
the input data are evaluated (e.g. 20%, 30%, etc.), and that all fuzzy logic operators are 
changed in a sequence in a motivated way in order to create a very robust model. 
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1. Introduction  

Geographic information system (GIS) software packages have been commercially available 
since the late 1970’s, making it a technology that is more than thirty years old (Shahab, 
2008). GIS software packages are increasingly being incorporated into the petroleum industry 
for mapping needs and easy database access with the initial incorporation from the early 
1980’s (Coburn and Yarus, 2000a). GIS is a very useful tool for various types of analysis and 
elucidating the various spatial relationships between geologic, geophysical, and topographic 
data. However, GIS is a useful and important tool that goes beyond simple mapping and 
overlay analysis which can be applicable for petroleum industry needs in exploration. 

Geoscientists employed in the exploration sector of the petroleum industry must interpret 
various types of geologic data and make decisions pertaining to the locations of possible 
drilling sites in order to add to existing hydrocarbon reserves (refer to Gluyas and Swarbrick, 
2004, for a thorough treatment of exploration processes). These kinds of decisions rely on the 
collective knowledge and experience of the exploration team. It is common knowledge that 
geoscientists rotate often between different geographical exploration teams (e.g. southeast 
Asia, western offshore Africa, northern South America) and between oil companies (e.g. 
Shell, ExxonMobil, Chevron). This movement of personnel can have negative effects on a 
team’s geologic knowledge of a geographic area. It can also cause a loss of historical 
perspective or reasons and support for previous exploration decisions. 

Geoscientists use many different concepts, tools, and software packages to aid them in 
making decisions for exploration. While the geoscientist is more likely to use interpretation 
software (e.g. Schlumberger Petrel, Roxar RMS, Halliburton Landmark) in order to have an 
understanding of the subsurface, he/she may also use simple overlay of data in order to view 
relationships. The exploration geologist requires geologic data to be located precisely for 
these overlay relationships to be accurately interpreted. Geoscientists use data from different 
coordinate systems and with varying spatial data distribution. GIS would support these 
processes in an organized, repeatable, and data managed way.  

GIS is not widely used in petroleum exploration. Although this is considered common 
knowledge, it can be supported by a simple search of two of the most widely recognized 
geology associations which have petroleum exploration and production as a major focus of 
conferences and publications: the American Association of Petroleum Geologists (AAPG) 
and the European Association of Geoscientists and Engineers (EAGE). These two 
associations are highly regarded in the petroleum industry. AAPG published a special volume 
in 2000 focusing on GIS in the petroleum industry (Coburn and Yarus, 2000). This volume 
contains 22 chapters which discuss GIS in general, its history, its applications to geology and 
the petroleum industry, and several case studies or examples of applications. However, a 
search for “GIS” or “geographic information systems” in titles of abstracts, articles, book 
chapters, and books, published by AAPG yields only 223 results of 107,145 or just 0.20%. 
Despite this fact, there is a growing awareness of GIS applications as AAPG tends to have a 
special section in its annual conference on the topic. EAGE, however, does not have a special 
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session in its annual conference for GIS applications, but has almost 500 more publications 
related to GIS. A search using the same keywords yields 767 results. Unfortunately, EAGE 
does not give the total number of publications from which the search is made. This implies 
that GIS is not used to its full capabilities as an analysis tool, but as a support tool. This is 
partly due to the fact that oil companies have software with capabilities similar to GIS, but 
this software is not referred to as GIS. 

A short summary, which is not intended to be exhaustive, of some previous publications 
which exhibit the use of GIS in the petroleum industry follows. Barrell (2000a) showed an 
example of using GIS for petroleum applications by using imported seismic-derived data to 
calculate a reservoir net pay map from the super-imposing of top-of-reservoir, base-of-
reservoir, and net effective sand data; he also utilized database structures and calculations 
with spreadsheets. Barrell (2000b) mentions the fact that GIS replaces older technologies like 
light tables allowing management and duplication of data. Tjiptono (2003) presents a study 
using remote sensing and GIS to support environmental studies around oil and gas production 
in onshore and marine settings as part of exploration requirements made by governments to 
petroleum companies. Several authors (e.g. Barrell 2000b; Bonham-Carter, 2000; Coburn, 
2000; Coburn and Yarus, 2000b) point to the fact that petroleum exploration based on 
geosciences is geographic in nature so that GIS is an obvious tool with which to work. For a 
comprehensive list of references through 1999, the reader is referred to Yarka and Coburn 
(2000). 

Additionally, petroleum companies fund academic research consortia which have GIS 
databases or derivatives as either a main or sub-product. 80% of the industry funded consortia 
at the University of Texas Institute for Geophysics, for example, use GIS (c.f. 
http://www.ig.utexas.edu/industry/). The PLATES consortium, which was first established in 
1988, used Generic Mapping Tools (GMT) and in-house scripts for reconstructing plate 
tectonic motions through time. Gulf Basin Depositional Systems (GBDS) uses a toolbar 
which was written by their researchers which can create cross-sections, but an extensive 
database contains wells, subsurface data, faults, and growth structures, among others. 
Caribbean Basins, Tectonics, and Hydrocarbons (CBTH) uses GIS for storage and 
maintenance of an extensive petroleum and geology database created from literature and 
original research. Gulf of Mexico Intraslope Basins Project (GIB) uses GIS for storage and 
maintenance of data such as satellite data and well locations. PLATES and CBTH have 
worked together for 6 years to create a plate tectonic reconstruction of the Caribbean. 
Recently, the two consortia have used the Rothwell Group’s PaleoGIS ArcGIS extension 
which allows animations and reconstructions to be built in ArcGIS.  

In addition to the Rothwell Group, Lynx Information Systems and Neftex are businesses that 
provide information to petroleum companies using GIS. Similar to the academic research of 
CBTH, they aim to create extensive databases of geologic and petroleum data. IHS has a 
similar product but having access to more extensive and proprietary information on basins, 
IHS can deliver additional information regarding hydrocarbon reserves and exact locations of 
producing wells, for example. Given these many examples, the petroleum industry tends to 
use GIS for general or “simple” mapping purposes only. 
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1.1. Problem definition 

Possibly the best way to increase awareness of the potential uses of GIS in the petroleum 
industry is to show that GIS can be used to combine various kinds of data that are spatial or 
tabular and can be used for analysis of data that cannot be performed using interpretation 
software. This thesis aims to give such an example by creating a data evaluation process 
based on a series of user-defined inputs and criteria that can be used to show geographic areas 
that may or may not be of interest for further investigation for petroleum exploration. The 
data evaluation process will combine multi-criteria evaluation (MCE) and sensitivity 
analysis. This process differs from existing exploration processes by the incorporation of GIS 
skills and analyses and combining interpretation data as well as existing petroleum field data 
into a repeatable analysis. 

This thesis is aimed at creating a method for MCE and sensitivity analysis that can be used 
for decision-making support in petroleum exploration. Specifically, a petroleum-focused and 
GIS-based MCE method will be produced and a spatial model for sensitivity analysis will be 
produced. The goal is to have a sequence of activities such that the resulting sensitivity 
analysis can be used to understand the MCE results with the perspective of data influence. By 
using the results of the analysis, the geologist can support his reasons for requiring more or 
less investigation in a geographic region for future exploration. 

The thesis does not attempt to replace processes accepted as best methods already available in 
GIS software packages. The results of the analyses are not meant to pinpoint areas for drilling 
wells but rather direct the interest for petroleum exploration to a geographic area where 
further and more intensive investigation can be pursued. The method may be used to 
determine if a bid on a particular block is worthwhile. The geologist will need to look at 
additional information, such as subsurface structures, that cannot be put into this model to 
determine final drilling locations. 

1.2. Research objectives 

The main objective of this research is to create a method for integrating data for petroleum 
exploration by using MCE to locate areas for further investigation (addressed by objective 1) 
and analyze these results by using sensitivity analysis for spatial models (addressed by 
objective 2). It aims to support decision-making by using GIS, where predefined geologic and 
production data sets are created or imported and maintained (see Chapters 3 and 4). The 
developed method will include a logical sequence for selecting data and deciding how 
influential the data are, so that it can be a standard approach, but scalable for different 
petroleum exploration regions and adaptable depending on available data (Chapter 3 and 4). 
The research will produce a sensitivity analysis that can be applied to spatial models and 
implemented  so that analysis can be performed in an organized way so that results can be 
duplicated (Chapter 3 and 4). 

Specific research objectives include: 

• determining appropriate spatial MCE for petroleum-related information (Section 2.1); 
and 
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• adapting appropriate models for sensitivity analysis of spatial models (Section 2.2). 

1.3. Research questions 

Key questions of the research which may be derived from the first objective to be addressed 
in Sections 2.1 and 3.1 include: 

• Are classical MCE methods (e.g. weighted sum) appropriate for determining potential 
petroleum exploration areas? 

• What is the most appropriate method for petroleum exploration? 
• How can data be categorized into main data types (e.g., soft vs. hard data; geologic vs. 

geophysical vs. geochemical) for efficient customization of the chosen method? 

Key questions of the research which may be derived from the second objective to be 
addressed in Sections 2.2 and 3.2 include: 

• How can the MCE method be investigated for robustness of the model? 
• How can sensitivity analysis be applied to spatial data and spatial models so that the 

context of the spatial changes is shown? 

1.4. Significance of thesis 

This thesis study is significant because it will exhibit to petroleum companies that GIS 
software packages can be used throughout the exploration process as an analysis tool in a 
way that can be standardized and duplicated. The method proposed will be scalable for 
companies of any size whether they explore globally or only on a national level and it will be 
adaptable based on the available data to which a company has access. The results of the 
process (MCE and sensitivity analysis) can be used to help make and support decisions in 
petroleum exploration.  

Furthermore, this thesis proposes to build upon previous research in order to provide a spatial 
model for sensitivity analysis. 

The research presents a novel application of GIS for data integration and analysis for the 
petroleum industry. The research results will impact future research and applications of 
sensitivity analysis for spatial models and the petroleum industry’s application and use of 
GIS. 

1.5. Summary of thesis chapters 

Chapter 2 evaluates the literature of MCE methods concluding that fuzzy logic is the most 
appropriate method for frontier, petroleum exploration; the chapter continues with literature 
related to sensitivity analysis of spatial models and fuzzy logic MCE. This chapter concludes 
that the one-at-a-time sensitivity analysis is the most appropriate method for the fuzzy logic 
MCE.  

Chapter 3 specifically investigates proper methodology for a fuzzy logic MCE for a 
petroleum exploration model and the most appropriate sensitivity analysis to the MCE 
method as a spatial model and quantitative analysis. Motivations are supported by literature 
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and logical reasoning. The methodology is explained in general terms and a framework is 
proposed. 

Chapter 4 is a case study focusing on northern South America which applies the multi-criteria 
evaluation method from Chapter 3 using academic research material for four favorability 
models: non-geologic age specific, Cretaceous interval, Paleogene interval, and Miocene 
interval. The chapter ends with a sensitivity analysis which uses visual representation of 
results as well as quantitative analysis to conclude which input parameter changes cause the 
most changes in the output.  

Chapter 5 summarizes the conclusions as well as makes recommendations for future work.  

Several appendices are included which support the analysis and work. 
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2. Literature review 

This chapter reviews publications focusing on multi-criteria evaluation (section 2.1) 
sensitivity analysis (section 2.2). At the end of each section, the applicable method will be 
chosen. 

2.1. Multi-Criteria Evaluation 

Multi-Criteria Evaluation (MCE) is a subset of multidimensional decision and evaluation 
models which essentially are tools to evaluate the trade-offs between alternatives with 
different impacts (Carter, 1991). The goal of MCE is to evaluate the outcome of combining 
different criteria to fulfill one or more objectives which may possibly be conflicting (Carter, 
1991; Heywood et al., 2006). There are many different methods of MCE and each method 
uses different criterion evaluation and score assignments. It is important to understand that all 
types of MCE are subjective and different methods will give different results (e.g. Heywood 
et al., 1995). MCE is not strictly a spatial analytical model (e.g. Saaty, 1987; 
Andriantiatsaholiniaina et al., 2004). However, this thesis is only interested in MCE for 
spatial analysis, particularly with application to economic geology settings, such as mineral 
or petroleum exploration. Comprehensive and in-depth studies of MCE have been conducted 
by Voogd (1983), Carver (1991), and Bonham-Carter (1994). 

Table 2-1 lists several publications focusing on MCE. It lists the source, the MCE method, 
and the application. In general, MCE publications concentrate on site evaluation problems 
relating to (hazardous) waste, industrial, or urban planning. There are, however, several 
papers which relate to geology, both economic (i.e. mineral or petroleum exploration) and 
hazard (i.e. landslides, earthquakes, etc.). Only publications relating to economic geology are 
of interest to this thesis (indicated by yellow coloring). The publications of interest show two 
main types of MCE theories: Bayesian method and fuzzy logic. The Dempster-Shafer belief 
theory is a special case of Bayesian theory. Bayesian methods and fuzzy logic are 
knowledge-driven models which means they rely on the input from an expert (Bonham-
Carter, 1994). 
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Table 2-1. Spatial MCE publications. 

Source MCE Method Application 
Bonham-Carter et al. 
(1988) 

binary map analysis and Bayesian methods mineral exploration 

Aminzadeh et al. (1994) fuzzy logic and evidential reasoning† petroleum exploration 

An et al. (1994) Dempster-Shafer belief theory mineral exploration 

Heywood et al. (1995) 
weighted linear overlay and Saaty's 
analytical hierarchy process^ 

urban planning 

Wright and Bonham-
Carter (1996) 

fuzzy logic and Bayesian methods^ mineral exploration 

Barredo and Bosque-
Sendra (1998) 

precedence method and weighted sum^ urban planning 

Barredo et al. (2000) 
weighted sum and Saaty's analytical 
hierarchy process 

geological hazards 

Jiang and Eastman (2000) 
Boolean overlay, weighted linear 
combination, and fuzzy logic 

industrial planning 

Tangestani and Moore 
(2002) 

Dempster-Shafer belief theory mineral exploration 

Dixon (2005) fuzzy logic geological hazards 

Tounsi (2005) fuzzy logic petroleum exploration* 
Gomez-Delgado and 
Tarantola (2006) 

weighted sum and Saaty's analytical 
hierarchy process 

hazardous waste site location 

Aydöner and Maktav 
(2009) 

weighted linear overlay 
urban planning with respect to 
geological hazards 

Humphries et al. (2010) fuzzy logic conservation 
†Applied in vertical spatial context of seismic interpretation. ^Methods are not used in combination. *It is unclear from the paper if this is 
applied in a spatial environment.  

Bayesian method. The Bayesian method relies on a probability framework in which the 
modeler is required to calculate prior and posterior probabilities for each set of evidence 
used. Prior probability is the probability of an event occurring based on the history of the 
event; posterior probability is the prior probability multiplied by some factor (Bonham-
Carter, 1994). Posterior probability may become prior probability when another set of 
evidence is added to it (Bonham-Carter, 1994). The example presented in Bonham-Carter 
(1994) is represented here in slightly modified form for both its simplicity and clarity. Figure 
2-1 shows a thirty-day calendar in which there were ten days of rain. The prior probability of 
it raining today is ten out of thirty. However, the possibility that it will rain today depends on 
if it rained yesterday. This would be the factor which would be multiplied with the prior 
probability. 

 

Figure 2-1. 30-day calendar showing rain occurred 10 days. 
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The Dempster-Shafer belief theory uses the natural logarithm of odds (i.e. log odds or logits; 
Bonham-Carter, 1994; Tangestani and Moore, 2002). Dempster-Shafer belief theory is also 
known as weights of evidence (Bonham-Carter, 1994) and evidential belief theory (An et al., 
1994). Instead of using the prior and posterior probabilities, it uses the prior and posterior 
logit. The posterior logit is calculated by the prior logit added to a weight of evidence that is 
either the sufficiency ratio or the necessity ratio (Bonham-Carter, 1994). The sufficiency ratio 
is positive and is found by: 

�� �
���|�	

���|�
	
      (1) 

where P{B|D} is the probability of B given D occurs and P{B|�
} is the probability of B 
occurring where D is absent (Bonham-Carter, 1994). 

The necessity ratio is negative and is found by: 

�� �
���|�	

���|�
	
      (2) 

where P{� |D} is the probability of the absence of B and D occurs and P{� |�
} is the 
probability of the absence of both B and D (Bonham-Carter, 1994). The final posterior 
probability is the final result. 

The Bayesian methods are best suited for areas where sufficient amounts of data that are 
well-distributed are available. This method is not appropriate for frontier areas (i.e. new 
places for exploration; Bonham-Carter, 1994). 

Fuzzy logic. Fuzzy logic as described by Bonham-Carter (1994) uses five operators to 
combine a series of data sets for a final output map. Each data set or criteria and subcriteria 
are chosen because it is considered important to evaluate the favorability of a location. Each 
data set is composed of data points which are somewhere on the spectrum from “not 
favorable” to “most favorable” and need to be attributed in such a way. This attribution is 
called the fuzzy membership value. Fuzzy logic requires the attributes to be given values 
where 0 ≤ x ≤ 1 and x is the fuzzy membership value. A value of 0 is unacceptable while a 
value of 1 is the most favorable ideal. Gradations between the two extremes reflect the expert 
view of either less or more favorable, respectively. After the previous data have been defined, 
it is important to create a conceptual model for how these criteria and subcriteria will interact. 
Fuzzy logic operators (FLOs) must be chosen. First, it is important to understand the five 
operating functions that can be used in the method. The fuzzy logic operators are and, or, 
algebraic product, algebraic sum, and gamma operation as described by Bonham-Carter 
(1994). 

And is the FLO that selects the minimum value between two or more input maps as described 
by: 

�� � ������, ��, ��, … , ��      (3) 
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where µA is the membership value for Map A, µB is the membership value for Map B, µC is 
the membership value for Map C, MIN is the minimum value of the map inputs, and µc is the 
combined map value. If, for example, at a particular location the value for Map A is 0.4, Map 
B is 0.5, and Map C is 0.8, FLO and will select 0.4 for the resulting value. 

Or is the FLO that selects the maximum value between two or more input maps as described 
by: 

�� � ������, ��, ��, … , ��      (4) 

where MAX is the maximum value of the map inputs. If, for example, at a particular location 
the value for Map A is 0.4, Map B is 0.5, and Map C is 0.8, FLO or will select 0.8 for the 
resulting value. 

Algebraic product is a decreasive function. It multiplies the map datasets together. Because 
the input values are decimal values, the result will always be smaller than the smallest input 
value. Equation 5 summarizes this function: 

�� � ∏ ��
�
� !        (5) 

where �� is the fuzzy membership function of the i-th map and "=1,2,…,n maps to be 
combined. Using the same example as before, where at a particular location the value for 
Map A is 0.4, Map B is 0.5, and Map C is 0.8, the result would be 0.16. 

Algebraic sum is an increasive function. It multiplies the difference between 1 and the map 
value for all map data sets and then subtracts this product from 1. The result will always be 
larger than the largest input value. Equation 6 summarizes this function: 

�� � 1 $ ∏ �1 $ ���
�
� !       (6) 

where �� is the fuzzy membership function of the i-th map and "=1,2,…,n maps to be 
combined. Using the same example as before, where at a particular location the value for 
Map A is 0.4, Map B is 0.5, and Map C is 0.8, the result would be 0.94. 

The FLO gamma operation is used as a compromise between the algebraic sum and the 
algebraic product. Choosing an appropriate γ (gamma) will define the outcome of the 
operation. Equation 7 summarizes the function. 

�� � �1 $ ∏ �1 $ �����
� !

%
& �∏ ����

� !
�!�%�

     (7) 

where γ is a parameter in the range (0,1). Figure 2-2 is a graph showing the different gamma 
values and the resulting fuzzy membership. The minimum value is the algebraic product 
where a gamma value is 0; while the maximum value is the algebraic sum where a gamma 
value is 1. In the example, gamma values [0,0.52] are decreasive while gamma values 
[0.91,1.0] are increasive (Figure 2-2). The gamma values for decreasive and increasive 
behavior are data dependent. Zimmerman and Zysno (1980) provide a detailed account 
supporting the graph results. 
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Figure 2-2. Gamma value vs. fuzzy membership. Based on Bonham-Carter (1994). 

Jiang and Eastman (2000) present a case to use weighted linear combination as a fuzzy 
operator. While they conclude this is possible, this thesis does not utilize it because no 
exploration publication has used this in its case. Further, Jiang and Eastman (2000) only 
recognize and and or as possible fuzzy logic operators resulting in the need for some average 
operator. However, the gamma operation fulfills this need with more flexibility as can be 
seen by Figure 2-2. 

Fuzzy logic, as presented by Bonham-Carter (1994) and supported by publications from 
Wright and Bonham-Carter (1996) and Tounsi (2005) will be the choice MCE method for 
investigating petroleum favorability because: 

• it is applicable for frontier areas; 
• it has been successfully used in mineral exploration; and 

• it is acceptable for petroleum exploration. 
The proposed method will be further explained in Chapter 3. 

2.2.  Sensitivity Analysis 

All models have a certain amount of uncertainty that is inherent in them. This is because 
models are a simplified representation of the real world. GIS models and MCE methods are 
also subject to inherent uncertainty. 
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MCE method uncertainty has many aspects. Heywood et al. (1995) list four separate sources 
of uncertainty: method uncertainty, problem definition, data uncertainty, and accessibility. 
Method accessibility relates to the problem that the user of an MCE does not fully understand 
the chosen method, particularly if the method relies on statistics or other mathematics that are 
not commonly practiced (Heywood et al., 1995). That is not to say these methods cannot or 
should not be used, but that the user must understand the mathematical background of the 
chosen method. This can only be solved by the modeler and his/her colleagues making sure 
they understand the different MCE options and the final method.  

Choosing applicable criteria is detrimental to the success of the MCE by including all the 
necessary information and leaving out extraneous data (i.e. problem definition, Heywood et 
al., 1995). This is solved by experience but also through uncertainty and sensitivity analyses. 
Uncertainty analysis is essentially an analysis to determine how uncertain the results of an 
analysis are; sensitivity analysis determines what data inputs are causing the uncertainty 
(Saltelli and Annoni, 2010). In general, the two analyses are referred together as sensitivity 
analysis. Performing a sensitivity analysis allows the modeler to see if the method may be 
simplified in some way as not all data inputs may be relevant (Gomez-Delgado and 
Tarantola, 2006). 

Data uncertainty is common in a GIS environment where the user relies on many different 
sources for data, especially if data is older or the original source is unknown. Sources of data 
uncertainty are (Heywood et al., 2006): 

• bias in data collection or processing; 
• level of accuracy in data collection; 

• level of precision in data collection; 
• data completeness for time and space; 
• data resolution; 

• generalizations for model; 
• errors in source data; and 

• errors from digitizing data. 
 
There are two main types of sensitivity analysis: one-at-a-time and global. Table 2-2 lists 
reviewed publications in which sensitivity analysis was applied to MCE using fuzzy logic, 
regardless if the application was in a spatial environment. It is apparent that the commonly 
used sensitivity analysis for fuzzy logic MCE is one-at-a-time. 

Table 2-2. Sensitivity analysis types for fuzzy logic MCE. 

Source Type of Sensitivity Analysis Spatial environment 
Andriantiatsaholiniaina et al. (2004) one-at-a-time No 
Dixon (2005) one-at-a-time Yes 
Baraldi et al. (2009) one-at-a-time No 
Humphries et al. (2010) one-at-a-time Yes 
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One-at-a-time sensitivity analysis. The one-at-a-time method (OAT) is a straight-forward 
and simple analysis in which the data inputs are individually analyzed for its impact on the 
MCE result. In application to fuzzy logic, the results are assessed by the impact of either 
leaving out a data set or by varying the value of the data set by ±10% (c.f. 
Andriantiatsaholiniaina et al., 2004). When OAT is applied to other MCE methods, such as 
weighted linear sum, the weights are individually changed, but data is not left out (e.g. ESRI, 
2009a). Because OAT varies data input individually, it does not take into account the 
possibility that certain factors affect each other. According to Saltelli and Annoni (2010), 
OAT is inefficient and often-times an ineffectual method for determining the source(s) of 
uncertainty because there are only individual variations. 

Global sensitivity analysis. Global sensitivity analysis varies all of the model’s inputs at the 
same time (Baraldi et al., 2009). Global sensitivity analyses are built upon numerical models. 
Two commonly referred to numerical models in the literature are the Sobol’ technique and 
extended Fourier amplitude sensitivity test (E-FAST).  

The Sobol’ technique and E-FAST calculate first-order sensitivity indices and total sensitivity 
indices (first-order and higher) based on the variance of a factor and total variance of the 
model (Gomez-Delgado and Tarantola, 2006). E-FAST is computationally more efficient 
than the Sobol’ technique because it requires a single computation to calculate “the pair of 
indices related to the factor” (Gomez-Delgado and Tarantola, 2006, pg. 452). 

Sensitivity analysis for spatial models. Few reviewed publications combine a spatial model 
with sensitivity analysis. Table 2-3 shows that the majority use global sensitivity analysis; 
however, these are not applied to a fuzzy logic MCE method but weighted linear sum. 

Table 2-3. Sensitivity analysis applied to a spatial model. 

Source Sensitivity analysis 
Dixon (2005) one-at-a-time 
Lilburne et al. (2006) global 
Gomez-Delgado and Tarantola (2006) global 
Lilburne and Tarantola (2009) global 
Humphries et al. (2010) one-at-a-time 

 

This thesis will apply the one-at-a-time method for sensitivity analysis because one-at-a-time 
can be applied to fuzzy logic models and there are no known instances of global sensitivity 
analysis applied to fuzzy logic models. The method is described in Chapter 3 and applied to a 
case study in Chapter 4. 
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3. Methdology 

In Chapter 2, the most appropriate MCE method and sensitivity analysis were chosen. In this 
chapter, a method using fuzzy logic MCE will be outlined for application to petroleum 
exploration such that the investigating geologist may choose a geographic area for further and 
more intense investigation for proposed hydrocarbon drilling locations. This method will not 
pinpoint locations for drilling; rather it should be viewed as a tool to help provide support for 
investigating a geographic region for petroleum. The method can be applied to geologic age-
specific data (e.g. Cretaceous interval, Paleogene interval, etc.) or to non-age specific data by 
combining all of the available age-specific data. A sensitivity analysis is proposed based on 
the MCE method. The methods will be applied in Chapter 4 to a case study.   

3.1. MCE method for petroleum exploration 

The final goal of this chapter is to create a framework which details all of the possible criteria 
and subcriteria for a fuzzy logic multi-criteria evaluation including the appropriate operators 
to combine the criteria. Figure 3-1 shows an example from mineral exploration. This example 
shows a series of geologic input deemed necessary by the authors for predicting areas 
favorable for mineral exploration (Wright and Bonham-Carter, 1996). The data is gradually 
combined by tiers. 

 

Figure 3-1. Favorability method for volcanic-hosted massive sulphide (VMS). Geologic 
inputs are combined in tiers using fuzzy logic operators. From Wright and Bonham-Carter 
(1996). 
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3.1.1. Defining the method 

The MCE method can be described in seven general steps. These steps would be appropriate 
for any MCE methodology. Chapter 2 addressed the first step, choosing an MCE method. 
This chapter will explain steps two through seven. Figure 3-2 shows the steps in a workflow. 

 

Figure 3-2. Methodology work flow. 

3.1.2. Step 2: Defining criteria and subcriteria 

With any MCE method, a listing of criteria must be established. The criteria defined here are 
meant to serve as a broad framework from which different petroleum companies may choose 
their own unique data sets for the analysis (Table 3-1). Ideally, all criteria and subcriteria will 
be defined and provided by the appropriate management personnel (in the case of the 
economic and political criteria) and the geological personnel (in the case of the remaining 
criteria) in any analysis. However, the case may be that not all data is available to the 
geologist and he/she will have to use what data is available to him/her. The four main criteria 
can be summarized as: economic and political; hard data; seismic-derived data; and other 
geologic features data. Constraints, which are criteria, should also be determined. In the 
following section, these criteria are explained in more detail to define the subcriteria.  

It is at this stage that the modeler should decide if he/she will look at non-age specific or age-
specific favorability. Non-age specific favorability will indicate whether the area in general, 



15 

 

regardless of possible exploration targets (age intervals of subsurface sediments), is of low to 
high favorability for exploration. Age-specific favorability will indicate whether an area at a 
specific subsurface sequence is of low to high favorability for exploration. Not all age 
intervals will have the same favorability in the same area (i.e. Cretaceous is low but Miocene 
is high for area Q). 

Table 3-1. Criteria for proposed MCE method. 

Criteria Subcriteria 

Economic and Political Costs 

 
Risks 

Safety 

Seismic Derived Data Fault interpretation 

 

Diapirs 

Isopachs/Isochrons 

Plays 

Hard Data Geochemical data 

 

Oil and gas fields 

Oil and gas wells 

Oil and gas seeps 

Other Geologic Features Source rock 

 

Reservoir rock 

Traps 

Surface geology 

Subsurface lithologic features 
Constraints Sedimentary basins 

 

Economic and political criteria. Economic and political criteria will vary the most between 
different companies. Three broad subcriteria can be defined: costs, risks, and safety. These 
data are spatially and temporally dependent as described below. Changes in subcriteria 
favorability do not necessarily occur at political boundaries and are not necessarily constant 
within a political boundary. Furthermore, data should be kept up to date as these criteria 
change over time. Many variables influence the favorability of the subcriteria which are 
further discussed below. 
 
Different geographic regions will entail different combinations of these factors and different 
companies will be willing to compromise in different variations among them. Costs are the 
overall costs associated with the license agreement. A lease block, which is a geographic 
region an oil company leases in order to explore for petroleum, will require a certain payment 
to the country and each country has its own requirements for investment related to 
infrastructure, exploration, drilling, and support to the local community. Costs may also be 
greater if a discovery is made in a new basin because the company will need to build the 
required infrastructure to transport the hydrocarbons from the well(s) to refining facilities 
(Gluyas and Swarbrick, 2004). A costs map in vector format for a specific country could be 
created in a series of steps such as this hypothetical situation: 
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1. Company X is interested in drilling in Country U. 
2. Company X acquires a map from Country U showing all of the current highways, roads, 

railways, ports (if applicable), refineries, pipelines, etc. 
3. Company X acquires a map from Country U showing the lease block boundaries. 
4. Company X acquires contract and bid information from Country U detailing the 

investment and timeline expected from Company X. 
5. Company X reviews reports regarding specific lease blocks and chooses a lease block on 

which to bid. 
6. Company X determines what infrastructure and facilities will need to be built, replaced, 

or upgraded, if necessary, should a discovery occur in a particular lease block. 
7. Company X combines data from Step 4 and Step 6 to have an indication of costs which 

can vary by lease block. 
 
Safety refers to how safe a region is for a company’s employees to work. Some areas of the 
world are safer than others. For example, some remote areas of Colombia have been known 
to be a dangerous place for working because of illicit activities by rebel groups (e.g. 
Anonymous, 2011). More currently, Nigeria has been the scene of many hijackings and other 
criminal activities toward industry employees and Libya has experienced unrest which 
resulted in the evacuation of foreign petroleum personnel (e.g. Anonymous, 2010b; 
Werdigier and Donadio, 2011). Other areas of the world have fewer safety risks such as the 
Gulf of Mexico in the United States, the North Sea in Norway, northern Colombia, and 
Australia. A safety map could be created in vector format by evaluating areas of habitual 
threat which depending on the source of the threat will influence how large of an area and at 
what rate the threat will decrease. Within a country, safety will generally not be a constant 
value either spatially or temporally. 

Risk is inherent in both the costs and safety subcriteria, but also includes others such as 
political risks. For example, in 2007, the government of Venezuela changed the structure of 
petroleum ventures in such a way that some, but not all, companies withdrew from the area 
(Hays, 2007). This kind of risk is different from cost or safety because the workers’ lives 
were not in danger, and while the costs were increased to some degree, the inability to predict 
or rely on a contract based on politics became too high for some companies. A risk map may 
be created based on the country so that one country has a constant value. Such a risk map 
could be created in raster format if the analysis is only covering the one country; otherwise, a 
vector format should be used to differentiate between countries in a more precise way. 
However, countries with varying amounts of corruption within local governments may have 
varying amounts of risks. Such a risk map may be created in vector format. 

Most recently, petroleum exploration in Iraq combines all three subcriteria in both positive 
and negative ways. Because it is a new market, there are possibilities for large payoffs even 
though the initial costs may be larger due to any lack of infrastructure (Gluyas and Swarbrick, 
2004; Associated Press, 2011). Safety and risks, on the other hand, may have more negative 
impact because of terrorist attacks on wells and pipelines. Clearly, some companies have 
decided that exploration in places with possible risks of varying natures is worth the trade-
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off. These subcriteria will be determined by the management and executive levels of 
companies. They may be based on information from the host country (where exploration is 
conducted) and from the home country (where the company is incorporated). 

Hard data criteria. Hard data is an important factor when investing for potential petroleum 
exploration sites. The considered subcriteria are: geochemical analysis, oil and gas fields, oil 
and gas wells, and oil and gas seeps. 
 
Petroleum companies and service companies pay for geochemical analysis on cores and well 
samples. These analyses can help the geologist understand the potential for oil maturation in 
an area. Other information that is useful when determining the prospective potential of an 
area are the known locations of oil and gas seeps, oil and gas wells, and oil and gas fields. 
Seeps are natural phenomena which occur at the surface. Seeps are basically “leaks” of oil 
and gas that have followed migration pathways, either along faults or through permeable 
rock. Seeps do not necessarily point to an oil or gas reservoir directly below the location on 
the surface but they are considered positive indicators for the presence of a hydrocarbon 
reservoir and a working petroleum system (Gluyas and Swarbrick, 2004). See Figure 3-3 for 
an example of how seeps may reach the surface. 

 

Figure 3-3. Migration of seeps. Hydrocarbon seeps migrate from source or reservoir rock 
along fractures in the seal and then through permeable layers to the surface. Modified from 
Gluyas and Swarbrick (2004). 

After a company has leased a lease block and began drilling wells, an assessment of the well 
location is made. In general terms, these wells can be classified as dry, show, or producing. A 
dry well does not have any sign of oil or gas in the rocks penetrated. A well with shows has 
some oil and/or gas but not in an amount large enough to be commercially producible. A 
producing well has a sizeable amount of oil and/or gas that is commercially profitable. These 
three types of wells are important. Extents of producing fields are determined based on 
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subsurface data and drilled wells (Gluyas and Swarbrick, 2004). Some fields are very small 
and some are very large.  

Geochemical analysis would be associated to specific well log or core samples. Analysis 
results would vary from sample to sample. An example of geochemical analysis is the 
amount of total organic content (TOC) which is an indicator of hydrocarbons (Gluyas and 
Swarbrick, 2004). These results, as well as seep locations and well locations would be point 
data. Vector format would be the most appropriate original data type. Fields, however, could 
be in vector format or raster format since they cover areas. However vector format would 
delineate boundaries in a crisper manner than raster format. 

Seismic derived data. Petroleum exploration is highly dependent on the capture, processing, 
and interpretation of 2D and 3D seismic data. Seismic data shows the stratigraphy and 
structure of the subsurface by using acoustic waves, so it is an indirect form of measurement. 
The clarity of the seismic data is dependent upon the processing applied to the raw data. 
Figure 3-4 shows a simplified cartoon of a 2D seismic line and a 3D seismic volume. The 
subcriteria for seismic derived data are fault interpretation, diapirs, sediment packets, 
isopachs/isochrons, and plays. 
 
A geologist has been trained to understand the structures and interpret what they mean. From 
seismic data, a geologist interprets surfaces based on age or facies and he/she can also 
interpret where these surfaces are cut by faults. Faults in the subsurface are considered more 
favorable for petroleum exploration as they act as migration pathways and can, under the 
right conditions, act as traps. Traps are either stratigraphic or structural features in the 
subsurface that promote the accumulation of hydrocarbons. A trap created by a fault is a 
structural trap (Gluyas and Swarbrick, 2004). Faults are shown in the seismic interpretation in 
Figure 3-4. Additionally, diapirs may be interpreted from seismic data (Figure 3-4). Diapirs 
are structures that include salt, mud, and shale, which may create structural traps.  
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Figure 3-4. Simplified seismic data from offshore eastern Trinidad. A. Cartoon of interpreted 
2D seismic line. B. Simplified map showing interpreted 3D seismic surface. After Garciacaro 
et al. (2011). 
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Isopachs and isochrons are much more interpretive in nature. Isopachs and isochrons are 
created as a second derivative from seismic line interpretation. After a loose or dense grid of 
seismic lines has been interpreted, the surfaces resulting from the interpretation are 
interpolated to produce a continuous grid. These surfaces are subtracted from each other to 
calculate the thickness of sediments between two interpreted surfaces. Isopachs are measured 
in meters or other length, while isochrons are measured in two-way-time, usually 
milliseconds as they are derived from seismic data. Depending on data density, the software 
package, and the geologist, a different grid may result. The isopachs and isochrons indicate 
areas where thicker sediments are located, which may include sandstones, carbonates, or 
shales. These areas are called depocenters. Figure 3-5 shows a simplified example of an 
isochron with depocenters.  

 

Figure 3-5. Simplified isochron map from eastern offshore Trinidad. After Garciacaro et al. 
(2011). 

The geologist can conduct further analysis in which he identifies particular areas called 
“plays.” Plays are considered to be the potential locations, including depth, where oil and/or 
gas may be present in commercially profitable volumes (Gluyas and Swarbrick, 2004). Figure 
3-6 shows an example of a play map. Plays are measured in risk of discovery failure; thus 
low risk areas are considered good plays for exploration, while high risk areas are considered 
less desirable areas (Mudge and Holdoway, 2005). 
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Figure 3-6. Play map of the North Sea. After Mudge and Holdoway (2005). Pink areas are 
considered good plays. 

Other geologic features criteria. The last general criteria are other geologic features. This 
criterion consists of five subcriteria which have a more interpretive character than the 
previous (sub)criteria. They are source rock, reservoir rock, seals or traps as an extent, 
subsurface lithologic features, and surface geologic units. 
 
In order for oil and gas to be able to be produced, a source rock and a reservoir rock must 
first exist. A source rock has the proper potential to generate hydrocarbons if maturation 
conditions are reached. The hydrocarbons then migrate to the reservoir rock. In order for the 
hydrocarbons to stay in the reservoir rock there must be some kind of seal and trap. The 
geologist can interpret this information from expertise, previous knowledge, and work using 
different types of data (e.g. well logs, seismic data, etc.).  

Areas that are considered favorable for potential petroleum exploration sites include ancient 
or paleo- deltas and other sediment locations because these environments may have produced 
reservoir rocks in the geologic past (Gluyas and Swarbrick, 2004). The paleoenvironments 
(e.g. mountainous, coastal, shelfal, and deep water areas, etc.) may help indicate locations of 
sedimentary basins and areas with large quantities of reservoir rocks. These locations can be 
interpreted through paleogeographic studies which incorporate dating information (i.e. fission 
track dating, magnetic reversals) and plate tectonic studies (the movement of the Earth’s 
plates over time) to understand paleoenvironments on the scale of millions of years. These 
studies suggest where different environments were located in the geologic past. From 
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paleogeographic maps, lithology (rock types) can be inferred for past ages or times which are 
reflected in the subsurface. Sandstone, limestone, shale, and combinations thereof are ideal 
rock types for petroleum exploration. 

Surface geologic units are created from a series of samplings of outcrops and field mapping. 
These units can be identified as sedimentary, igneous, metamorphic, or a combination in 
character. Sites that are metamorphic or igneous in character are less likely to contain 
hydrocarbons. Additionally this information can be used as analogs for the subsurface, 
especially in combination with paleogeography and subsurface data. 

Constraints. The final criteria to be defined are constraints. In this case, the only constraint is 
that hydrocarbon exploration must take place in a sedimentary basin. A map showing the best 
estimation of the sedimentary basin boundaries is required. Because of the possibility for 
ambiguity in some areas, a buffer zone should be included. The buffer zone is based on the 
method by which the sedimentary basin boundaries were created. A less precise method 
should include a larger buffer zone while a more precise method should include a narrower 
buffer zone.  

3.1.3. Step 3: Data formats 

Step 3, which entails selecting the data format and preparing the data, is a critical step as the 
criteria data will be available in many different data formats originating from the seismic 
interpretation software, the seismic interpretation analysis software, the GIS software, tables, 
and text documents. The final format for analysis is dependent on two factors: the nature of 
the data and the type of analysis. 

First, the nature of the data is geological. Many of the data are available in raster format 
because of interpolating data sets or to show other continuous data (e.g. isochrons). Chung 
and Fabbri (1993) suggest that raster is the appropriate data format due to its “practical 
representation for statistical interpretation and analysis” (pg. 124). Further, it is appropriate 
that all data sets are in the same format. Thus, vector data should be converted to raster 
format following accepted conventions in various GIS software packages. Polylines and 
polygon boundaries will be converted to a blocky pattern and point data will assume the 
entire cell. Figure 3-7 shows an example of converting polygon vector data to a raster where 
the maximum area of the polygon is used to determine how the cells in the raster are assigned 
from the polygon. 
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Figure 3-7. Example of how a polygon vector data set may be converted to a raster data set 
using the maximum area of the polygon. The cell is assigned the value from the polygon 
which covers most of the cell area. The polygon boundaries are illustrated by the heavy black 
line. Thin black lines show the grid spacing. Shaded grid cells represent the assigned 
polygon: blue – A, yellow – B, red – C. 

Other methods of converting vector data to raster data exist. The most appropriate method for 
making this conversion must be established based on the available software and the scale of 
the analysis. If the analysis is on a regional scale with the purpose to show areas that are 
favorable for exploration, then trends in data are most appropriate. If the analysis is on a 
basinal scale with the purpose to identify the “best” lease blocks for bidding or to identify the 
“best” locations for drilling, specific data on a large scale is most appropriate. In the latter 
case, if the software used allows, a cell can be shown as having a specific percentage to the 
vector data which made up the cell area. For example, in Figure 3-7, the upper-left corner cell 
would no longer be completely classified as A, but as 60% A and 40% B; the central cell 
would be classified as 65% B, 30% A, and 5% C. Additionally, if the main purpose is to 
understand the area on a detailed level, the modeler may also convert the polygons to raster 
using a small cell size (where small may be 1km or 10m, depending on the purpose) and then 
aggregate the cells to a larger cell size. Other possible methods for converting polylines and 
point data to raster include density functions or frequencies within the cell size. The modeler 
will need to investigate the possible options available to him/her with the available software 
keeping in mind the main purpose of the analysis. 

Second, the type of analysis to be applied is fuzzy logic on spatial data sets and thus requires 
map algebra to be performed. Map algebra is not applicable on vector datasets unless those 
datasets have been converted to a raster. 

All data should be in a uniform GIS-based format. All tables and text documents required for 
the analysis must in some way be converted for geographic display. The subcriteria for the 
economic and political criteria must be converted to spatial representation if it does not 
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already exist. Depending on the analysis area, these data sets may have more or less detail. 
An analysis on a regional level (an entire country or multi-countries) would be more 
generalized in order to give a “big picture” while the analysis on a basinal or sub-basinal 
level would be more detailed in order to have a clearer understanding of the favorability of 
the area and of the likelihood to support a lease block bid. 

Furthermore, all data should be in the same projection. Even though many GIS software 
packages are able to “project on the fly,” it is still desirable to perform all analyses and 
calculations using the same projection. This also allows the process of creating uniform 
resolutions easier since the modeler does not have to try to convert meters to decimal degrees 
or feet, etc. The map algebra process requires that all input datasets have the same grid 
spacing (Sawatzky et al., 2009), therefore the same projection and resolution is required 
which may mean that some data sets are generalized and others are interpolated. 
Generalization is applicable for data sets which are converted to a smaller scale while 
interpolation is applicable for data sets which are converted to a larger scale. This is highly 
dependent on the area being analyzed. Generalized data sets will lose information. This can 
impact the results especially in cases where outliers or small features are important. 
Interpolated data sets will contain some amount of error and this is dependent on the method 
of interpolation, the sample size, the spatial distribution of sample locations, and the final 
area for interpolation. 

Rasterization can introduce errors in the data set. This is due to topological errors and grid 
orientation (Heywood et al., 2006). Topological errors are created when the rasterization 
process loses connectivity or creates false connectivity between features (Figure 3-8). This 
includes the loss of small polygons when the cell size chosen is too large. Grid orientation 
causes errors in which the grid cells are not parallel to the coordinate system. Overlapping the 
rasters may show that there is a discrepancy in the placement of cells. One way that the 
modeler can check the rasterization is to see if the total area of the original polygons of a 
specific attribute (if applicable) is similar to the total area of the matching attribute in the 
raster. If there are gross differences, the modeler should reevaluate the rasterization processes 
chosen. 

 

Figure 3-8. A. Topological errors classified as loss of connectivity and false connectivity. B. 
Topological errors classified as loss of data. Modified from Heywood et al. (2006). 

3.1.4. Step 4: Assigning fuzzy membership value 

Once the criteria, subcriteria, and constraints have been defined, the geologist may assign 
fuzzy membership values to the attributes of each subcriterion. The geologist will base these 
values on his/her own experience and he/she will also attempt to reflect the company’s 
priorities, values, and policies as well as reflect the particular geologic phenomena of a 
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region. Thus, it is important to note that value assignments will differ between geologists and 
between companies. The economic and political criteria will differ the most based on 
company, while the remaining criteria will differ by geologist. 

Fuzzy logic uses multiplication in each of its operators. If zero is used as a fuzzy membership 
value, the entire cell value will become zero regardless of the other inputs. Therefore, this 
thesis suggests that zero is not used for areas where no data is available. Rather, a small 
number should be used. This small number should be smaller than the smallest non-zero 
fuzzy membership value assigned to the data set. This is because an unknown location value 
should not be more influential than any known location value. For instance, zero is 
appropriate to assign to dry wells, but it would be inappropriate to assign zero to locations 
where no known wells exist. In this way, unknown locations are not excluded from the 
analysis, which is highly important, especially in frontier exploration studies.  

3.1.5. Step 5: Plan the Framework 

The next step in the method is to determine how to connect the criteria and subcriteria with 
the fuzzy logic operators (FLOs). A conceptual model can be created like that from Wright 
and Bonham-Carter (1996; Figure 3-1). By using tiers or grouping the datasets, which in turn 
build up to submaps and are then used together for the final map, the user can identify where 
the different influences are coming from. The framework proposed in this thesis will use tiers 
of datasets to combine the subcriteria up to the criteria level (Figure 3-9). 

FLOs should be chosen based on several factors: 
• Should all data sets be included in the result? 
• Should the result fall in the decreasive, compromise, or increasive zones of the FLOs? 
• How interpretive are the data sets? 

By answering these questions, the most appropriate FLO and gamma, if used, can be assigned 
for each of the tier combinations. This thesis uses a straight fuzzy logic method; it will not 
use weights as proposed by Jiang and Eastman (2000) or create a hybrid MCE combining 
weighted linear sum and fuzzy logic. If data sets are more interpretive or the source data is 
less certain, they should have less influence on the result, thus a decreasive or compromise 
FLO should be chosen. The FLOs will be chosen and supported by a brief discussion in this 
section. 

The framework is built with large amounts of data in mind, but it is acceptable if there are 
some data sets that are missing. Depending on the amount of work which has preceded the 
favorability mapping or what data the geologist has available, the input datasets may differ. 
These data sets and operator combinations are simply omitted or rasters of constant cell value 
may be inserted. Because MCE is a subjective analysis, it will be noted that different 
companies will have different policies that will influence the choice of fuzzy logic operators 
or gamma values. Different combinations will be more suitable to different companies’ 
policies. However, the overall framework can be used as a basic method.  
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Figure 3-9. Framework showing hierarchy and tiers of criteria. No FLOs have been assigned. 

Economic and political criteria. The subcriteria identified previously for the economic and 
political map are costs, risks, and safety. Because these subcriteria are dealing with the lives 
and safety of the company employees as well as the profit of the company, it would be better 
to have a conservative value for the output data. The reasoning is that an optimistic value 
may give the perception of a more favorable environment than what may be realistic. The use 
of FLO and or algebraic product allow for conservative or pessimistic outcomes. However, 
the company management should be able to have more flexibility in taking all subcriteria into 
account which and does not and algebraic product is the smallest output possible. Because of 
this, FLO gamma operation will be used to allow the company to choose its own gamma 
value to determine how pessimistic or optimistic they would like to be depending on the 
region for exploration (Refer to Chapter 2 for FLO summaries; Equation 8).  

µ'( � �1 $ �1 $ µ���1 $ µ*��1 $ µ+��% & �µ� & µ* & µ+��!�%�   (8) 

where µEP is the combined economic and political criteria, µc is the cost subcriteria value, µr 
is the risk subcriteria value, µs is the safety subcriteria value, γ = gamma value. 
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Hard data criteria. The subcriteria for hard data are geochemical information, oil and gas 
fields, seeps, and wells. This information will be combined in two steps. First the oil and gas 
fields, seeps, and wells will be combined using FLO or so that the highest value will be the 
most influential (Equation 9). The oil and gas fields and wells are associated with each other. 
If there is a dry well, there will not be a field. However, the database may not be complete 
with respect to well coverage or field coverage. Therefore, whichever data has a value will be 
reflected. Seeps do not have to occur near or within fields or wells. These are indicators of 
existing hydrocarbons below the surface. 

µ,�1 � ����µ-, µ+., µ/�      (9) 

where µHD1 is the hydrocarbon data output, µf is the fields subcriteria value, µs is the seeps 
subcriteria value, and µw is the wells subcriteria value. 

The hydrocarbon data output map is combined with the geochemical data. These data sets are 
the only “hard” datasets so the output should be more influential and take all data inputs into 
account. Thus, an increasive operator is preferred. In this case, FLO algebraic sum will be 
used since the output will be larger than the use of FLO or and equal to the largest gamma 
operation result (Equation 10). 

µ,� � 1 $ �1 $ µ,�1��1 $ µ0�    (10)  

where µHD is the hard data criteria and µg is the geochemical data subcriteria value. 

Seismic derived data criteria. Using the subcriteria defined previously (Section 3.1.2), a 
three-step calculation will give a seismic derived data output map. Fault interpretation and 
diapirs can be directly correlated to the seismic data. This is the first seismic derivative. 
Although these data are soft, they can be tied back to the seismic data; therefore the first 
seismic derivative data should be given more influence than FLO or can provide. However, 
the interpretation may be more or less reliable depending on the experience of the interpreter; 
therefore, the gamma operation will be incorporated for combining these data (Equation 11). 
A larger gamma would represent more confidence in the interpretation than a smaller gamma.  

µ1�1 � �1 $ �1 $ µ-"��1 $ µ2��% & �µ-" & µ2��!�%�  (11) 

where µSD1 is the first seismic data derivative, µfi is the fault interpretation subcriteria value, 
and µd is the diapirs subcriteria value. 

The second step of combining seismic derived data is to calculate the relationship for 
isopachs/isochrons and plays. Either isochrons or isopachs are used, but not both since they 
relate similar information. While isopachs are eventually required for drilling plans, they are 
not required for this general favorability analysis. Isopachs/isochrons and plays are the results 
of analyzing the first seismic derivative output, so this data is a second seismic derivative 
output. Play data represents a further analysis of data than the isopachs/isochrons; therefore, 
it is preferred to use the FLO or value (Equation 12). This would ensure that the play data, 
which would have a higher value most likely, would be selected in the output data. 
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µ1�2 � ����µ", µ4�     (12) 

where µSD2 is the hydrocarbon data output, µi is the isopach/isochron subcriteria value, and 
µp is the plays subcriteria value. 

The third step requires combining the values from the first and second seismic derivative 
maps. It is better to have a conservative value overall for the seismic data because it is 
interpreted and dependent on the individual interpreter. Using the FLO and operator will give 
a conservative value but not as small a value as the FLO algebraic product. However, all data 
inputs should be reflected, so using the gamma operation should be used (Equation 13). It is 
up to the modeler if the gamma should be in the decreasive or compromise range depending 
on the reliability of the data. The decreasive and compromise ranges of the gamma are data 
dependent; thus the data should be investigated prior to assigning a gamma value. 

µ1� � �1 $ �1 $ µ1�1��1 $ µ1�2��% & �µ1�1 & µ1�2��!�%�  (13) 

where µSD is the seismic data criteria value. 

Other geologic features. The fourth map to be created combines the subcriteria for other 
geologic features: subsurface lithology, surface geology, source rocks, reservoir rocks, and 
trap data. The subcriteria are highly interpretive in nature; therefore a conservative 
calculation is required. And is conservative but does not take all inputs into account. 
Algebraic product is considered overly conservative although it takes all inputs into account. 
Therefore, a small gamma should be applied in the gamma operation so that a result is within 
the decreasive range (Equation 14). 

µ56 � �1 $ �1 $ µ+7��1 $ µ*.��1 $ µ8��1 $ µ+9��1 $ µ+0��% & �µ+7 & µ*. & µ8 & µ+9 &

µ+0��!�%�    (14) 

where µOG is the other geologic features criteria value, µso is the source rock subcriteria 
value, µre is the reservoir rock subcriteria value, µt is the trap subcriteria value, µsl is the 
subsurface lithology subcriteria value, and µsg is the surface geology subcriteria value. 

Combined criteria. The favorability map must then combine the four criteria maps for a 
combined criteria map. FLO and and or are not considered appropriate measures for this 
combination because they do not properly take all factors into account. While FLO algebraic 
sum and algebraic product do take all factors into account, they are considered extreme 
endpoints of the available operators. Therefore, the gamma operation is considered to be the 
most appropriate function. The choice of a gamma value allows the geologist to decide if the 
supporting data is more or less interpretive. If the geologist is more confident in the 
interpretation and supporting work, he/she may choose a larger gamma. However, if the 
geologist is less confident, he/she may choose a smaller gamma. It is suggested that the 
gamma value would be near 0.95 as this value will probably be increasive and reflect the 
decision-making process of a geologist (Bonham-Carter, 1994). Previous models used 0.95 
and 0.975 for geologic models (An et al., 1991; Wright and Bonham-Carter, 1996). If γ=1, 
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the process is the same as FLO algebraic sum; if γ=0, the process is the same as FLO 
algebraic product (Bonham-Carter, 1994). Equation 15 would be used for this step. It can be 
rewritten to clearly identify the inputs and functions. 

µCC= (1-((1-µEP)*(1-µHD)*(1-µSD)*(1-µOG)))0.95*(µEP*µHD*µSD*µOG)0.05
   (15) 

where µCC is the combined criteria and γ = 0.95. 

Final favorability map. The constraint can be applied in various ways. The most simple is 
an overlay of the sedimentary basin extent on top of the combined criteria map. A slightly 
more advanced method would be to cut the resulting map by the extent and shape of the 
buffered sedimentary basin layer. Additionally, the constraint can be incorporated into the 
method using FLO and as a last step after the final gamma operation has been completed. 
The sedimentary basin layer as a raster would have 0 where there are no basins and 1 where 
there are basins. Using the FLO and would select 0 where the sedimentary basin is not 
located and a non-zero value less than one where the sedimentary basin is located (Equation 
16). This is the preferred method. The entire fuzzy logic method for petroleum exploration is 
shown as a flowchart in Figure 3-10. 

µ:: � ����µ�, ����     (16) 

where µFF is the final favorability value, µC is the constraints criteria value, and µCC is the 
combined criteria value. 
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Figure 3-10. Petroleum exploration MCE method using fuzzy logic operators. The first level 
shows the input data sets (subcriteria) which are combined to create the criteria maps. The 
four criteria maps are combined with the gamma operation. The final step of the method is 
combining the constraints and the combined criteria map to result in the petroleum 
favorability map. 

3.1.6. Step 6: Evaluate 

Once the criteria have been defined, the data prepared, and the framework has been planned, 
the method can be applied. Chapter 4 will apply the method to a case study.  
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3.1.7. Step 7: Verifying outcomes 

Once the final favorability map is created, it is important to verify the output. Following 
Wright and Bonham-Carter (1996), a table is then created showing the input maps and the 
values for particular locations (Figure 3-11). The values are calculated as percentiles so they 
can be compared to each other. By using known producing locations to see how accurate are 
the results of the analysis, the verification process acts as a check that known fields (or in this 
example mineral deposits) would be indicated as favorable. It is possible that the area of 
exploration is truly frontier without known producing locations. In this case, producing 
locations cannot be used; however well or seep data can be used for an indication. If there are 
no wells drilled, whether industry or academic (such as through the Ocean Drilling Project or 
Deep Sea Drilling Project) and no seep locations have been identified, the verification 
process cannot be conducted and a sensitivity analysis should be conducted.  

Wright and Bonham-Carter (1996) did not present a full analysis of the verification results. 
However, half of the overall scores for the known locations of volcanic-hosted massive 
sulphide deposits which were investigated for mineral exploration in the study are in the 90th 
percentile; 12 of the 16 verification locations are at least in the 75th percentile. This 
verification shows that the framework could successfully indicate locations for mineral 
exploration. After comparing the methodology results to the known locations, several 
modifications to the method may be initiated if there is a gross and consistent difference. 
These modifications may include steps 2, 3, 4, or 5 (Figure 3-2). However, it is suggested that 
a full uncertainty and sensitivity analysis is conducted (refer to Section 3.2 for methodology 
and Chapter 4 for case study). 

 

Figure 3-11. Favorability verification. Verification of favorability results to known locations 
of volcanic-hosted massive sulphide deposits from Wright and Bonham-Carter (1996). 

3.2. Sensitivity Analysis for Spatial Models 

This section focuses on sensitivity analysis for spatial models by using the one-at-a-time 
(OAT) method. It begins by reviewing why OAT is appropriate; then it formulates the OAT 
model to be applied to a fuzzy logic MCE; this section ends with a conceptual model to be 
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applied to the fuzzy logic MCE model proposed in the previous section. Chapter 4, a case 
study, will show the method in use. 

3.2.1. Choosing a method 

Section 2.2 reviewed several publications and two main methods for sensitivity analysis. The 
one-at-a-time method will be applied because one-at-a-time can be applied to fuzzy logic 
models. The analysis aims to understand how changes in the input values influence the output 
of the model in order to understand how sensitive the model is to changes in input data sets. 
A classic OAT model will be performed in which one parameter is changed and evaluated at 
a time. 

3.2.2. OAT for fuzzy logic MCE 

Generally, OAT methods change the input values by ±10% of the original value (c.f. 
Andriantiatsaholiniaina et al., 2004; ESRI, 2009a). The analysis may also continue by 
increments of ±5% or ±10%. This is appropriate for fuzzy logic models as long as the highest 
input value is not greater than one, because this is the largest value possible in a fuzzy 
membership value set. Therefore, the operation to increase the input values of a data set 
should only be performed on those cells that are less than one. In this way, no cell value will 
be greater than one. Cells which have a value equal to zero will not change by adding 10%. 
When decreasing the input values by 10% there is no similar problem because the new input 
value will never be less than zero or greater than 1. Table 3-2 shows the relationship of input 
values to output values by a change in ±10%, where x is the original input value. 

Table 3-2. Fuzzy membership value changes for increasing or decreasing input values by 
10%, where x is the original value. 

Input value % change New input value 

0≤x<1 +10 1.1x 

x=1 +10 1 

0≤x≤1 -10 .9x 

 

Each input data set will be changed systematically so that only one data set is changed either 
by adding 10% or subtracting 10% of the original fuzzy membership value (Figure 3-12). The 
fuzzy logic model will be evaluated after each change. The final favorability output map will 
then be changed in some amount. Using map algebra, the new maps will each be subtracted 
from the original map. A second set of maps will be created showing the differences. All new 
output maps will be compared to each other in order to see which changes in the input data 
sets caused the most changes in the output map. These maps can be compared to show which 
changes to input data sets cause the uncertainty in the output data sets and where. The maps 
which show the greatest amount of change are those that show the most uncertainty for 
changes in the input data sets. However, if there is little change in the output “then the model 
is considered robust” (ESRI, 2009b, “Geoprocessing”). 
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Figure 3-12. Flow chart showing the sequence of steps for increasing and decreasing the 
input values one at a time, followed by reevaluating the model, computing the difference 
between the new output and the original output, and finishing with comparing all of the new 
outputs. 1+ refers to one map that was increased by 10%; 2+ would indicate the second map 
that was increased by 10%; 1- follows the same representation; n is the number of input data 
sets which will be changed. 

Once the maps have been created and visually evaluated for any geographic trends and to see 
where changes occur, a quantitative analysis can be conducted (Figure 3-13). The maximum 
change in value of the maps can be determined as well as the number of affected cells. By 
calculating the percentage of cells changed, the modeler can see what percent of the map was 
changed the most. However, the maximum change in value may be anomalous. Therefore, 
the data set can be analyzed for the most frequent change in value. The percentage of the map 
that is changed by the most frequent change in value can be calculated. This will show if the 
map is most affected by a small, medium, or large change in value. The most frequent change 
in the map may be a small value, thus not affecting the map overall. However, this may also 
be misleading to the modeler as the second most frequent change may be a large change 
whereas the first most frequent change may be a small change, or vice-versa. By plotting a 
histogram of all the individual input changes, the modeler can have a better understanding of 
how the output was changed. Mean changes over the map are not calculated because this is 
not an indication of a cell-by-cell basis, but all of the cells within the data set. The mean can 
therefore be skewed by very large differences that occur in few instances. 
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Figure 3-13. Quantitative comparison flow chart. Data sets are produced; maximum values of 
the new maps are compared by showing the maximum change in value, the number of cells 
affected, and the percentage of the map that is changed; most frequent value comparison of 
maps shows similar information; histograms of the changes are analyzed; the data set is 
determined to cause uncertainty or not. 

The data set that caused the most occurring large changes is the data set which causes the 
most uncertainty in the output in terms of input value changes. This uncertainty is not 
indicative of uncertainty within the data sets from collection, processing, interpretation, etc. 
These uncertainty types are not investigated but the modeler can take into account known 
uncertainty in the application of the gamma value. If a data set has many small changes, it is 
not very uncertain. Changes in final favorability values less than 0.005 are considered small; 
changes in final favorability values between 0.005 and 0.01 are considered medium; changes 
in final favorability values greater than 0.01 are considered large. These changes are 
applicable to fuzzy membership values that were assigned at the 1/10 position. Any change 
that is at least 10% should be considered large; values that are between 5% and 10% are 
considered medium; values that are less than 5% are considered small. If fuzzy membership 
values were assigned at the 1/100 position, a different change classification would be more 
suitable. 

It is certain that changes in gamma values will change the output values. Depending on how 
dramatically gamma values are changed, the output values may change in more or less 
degrees (refer to Section 2.1 for mathematical theory). Figure 3-14 shows a hypothetical 
example of a model that has 2 input values (0.4 and 0.8). If the modeler chooses an increasive 
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gamma value, it must be in the range of 0.9 to 1.0. If the modeler changes the gamma value 
to 0.8, the output then decreases between 0.1 and 0.2 fuzzy membership values. Therefore, 
when gamma values are chosen, the modeler must understand how he/she wants the gamma 
value to perform (i.e. in an increasive, decreasive, or compromise manner). Depending on 
how interpretive the data sets are, how much the modeler believes or can rely on the 
interpretation, and company policies which influence the amount of acceptable risk, the 
gamma value may be chosen to be more or less influential. The smaller/larger the gamma 
value, the smaller/larger the output value of the gamma operation. Furthermore, section 3.1.5 
explains what kind of gamma value (decreasive, compromise, increasive) should be used in 
each of the five instances that the gamma operation is used. Because the gamma value is data 
dependent, the gamma values should be chosen based on evaluating the data. The gamma 
value for the other geologic features criteria will be changed in the case study as an example 
of how the final favorability map results may change. 
 

 
Figure 3-14. Example of 2 data inputs. Grey point = algebraic product; brown line = gamma 
operation; pink point = algebraic sum; green line = minimum input, also FLO and; purple 
line = maximum input, also FLO or; grey area = decreasive gamma values; blue area = 
compromise gamma values; purple area = increasive gamma values. 

For similar reasons, it is certain that changes in operators will change the output values. This 
is also illustrated in Figure 3-14. If the modeler first chooses FLO and, the data output in the 
example would be 0.4. If the modeler changes the operator to gamma with a compromise 
value, assuming that the gamma value will be greater than ~0.22, the output may increase 
anywhere from a very small number to as much as 0.4 fuzzy membership values higher. 
Thus, it is important that the modeler understands the fuzzy logic operators and how data is 
combined in order to properly choose the operators for the model. If the modeler is uncertain 
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of the data output, then he/she should make a simple analysis and plot a set of input data 
values and the possible fuzzy logic operator outputs on a single graph similar to the example 
shown here. Furthermore, section 3.1.5 clearly indicates why specific fuzzy logic operators 
should be used for combining the subcriteria and criteria data sets. However, an example 
from the case study will be illustrated by changing the gamma operation for combining the 
economic and political subcriteria to FLO algebraic product. 
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4. Case Study: Northern South America 

Chapter 3 developed the methodology for the multi-criteria evaluation using fuzzy logic and 
the sensitivity analysis. This chapter focuses on applying the methods to a case study of 
northern South America (Figure 4-1). The data used in this case study were provided by the 
Caribbean Basins, Tectonics, and Hydrocarbons industry-funded consortium (CBTH: 
http://www.ig.utexas.edu/research/projects/cbth). This case study area was chosen because 
northern South America has a large amount of oil and gas that has been discovered; however, 
it can be considered a frontier area due to the lack of extensive exploration in the offshore 
areas. 

 

Figure 4-1. Northern South America. Case study area shown by red rectangle. 

The case study will look at four favorability maps for petroleum exploration. Three maps will 
be age specific, focusing on the Cretaceous, Paleogene, and Miocene; the fourth map will not 
be age specific and will combine all data sets regardless of age. The three ages were chosen 
because they are known age intervals of hydrocarbon production in the study area. The age 
intervals in millions of years ago are: 

• Cretaceous: 145 – 65; 

• Paleogene: 65 – 23; and 
• Miocene: 23 – 5. 

The three age intervals reflect a vertical relationship such that the older interval(s) is(are) 
deeper than the younger interval(s). The specific age interval favorability maps are not 
necessary for the overall regional favorability. The fourth map, non-age specific, is important 
because it will combine all data regardless of the possible reservoir rock age. This is to 
support the overall lease block bid decision because an oil company has rights to all of the 
subsurface intervals in a lease block. A geologist may wish to only perform this favorability 
calculation. This case study is simply showing the possibility of more refined favorability 
maps based on age intervals. 
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4.1. Fuzzy logic MCE 

4.1.1. Data sets  

The data sets, 26 total, were processed and prepared for use in this thesis by the author and in 
some instances with the help of the project’s post-doctoral researcher (Wenxiu Yang) or co-
principal investigator (Alejandro Escalona). A brief summary of the data preparation follows: 

• Costs: data set was created by CBTH researchers based on knowledge and experience; 
it is a highly general map and is intended to reflect relative general costs only. 

• Risks: data set was created by CBTH researchers based on knowledge and experience; 
it is a highly general map and is intended to reflect relative general risks only. 

• Safety: data set was created by CBTH researchers based on knowledge and 
experience; it is a highly general map and is intended to reflect relative safety levels 
only. 

• Fault interpretation: faults were interpreted from 2D seismic data and converted to 
lines as part of the CBTH consortium; fault interpretation is sorted by horizon level; 
densities are calculated by horizon level for 10,000 square kilometers; there are 4 
horizon levels: Cretaceous, Paleogene, Miocene, surface/seafloor. 

• Diapirs: data sets were collected from several sources (Kugler, 1959; Valery et al., 
1985; Brown and Westbrook, 1988; Beltran, 1993; Deville et al., 2003; DM2 Project, 
2005; Sullivan, 2005; ANH, 2007; Duerto, 2007) and may include (remobilized) 
mud/shale diapir/field/structure. 

• Isochrons: data sets were calculated from interpolation of 2D and 3D seismic data 
interpretation as part of the CBTH consortium; there are 3 isochrons: 
basement/Cretaceous-Paleogene; Paleogene-Miocene; Miocene-Recent/surface. 

• Plays: actual data is unavailable; a general map showing play risks was created by 
CBTH researchers based on knowledge and experience. 

• Geochemical data: data set is unavailable; a general map showing total organic 
content was created by CBTH researchers based on knowledge and experience. 

• Oil and gas wells: data sets were collected from several sources (French and Schenk, 
2004; DM2 Project, 2005; Wood McKenzie, 2006; Staatsolie, 2007; EPIS and ANH, 
2008) and compared to each other to remove duplicates; French and Schenk (2004) 
data set was compared to Wood McKenzie (2006) fields data set as some wells were 
actually fields; attributes were edited to be uniform. 

• Oil and gas fields: data sets were collected from several sources (DM2 Project, 2005; 
Castellanos et al., 2006; Wood McKenzie, 2006; Staatsolie, 2007; EPIS and ANH, 
2008) and compared to each other to remove duplicates; attributes were edited to be 
uniform. 
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• Oil and gas seeps: data sets were collected from several sources (DM2 Project, 2005; 
Staatsolie, 2007; EPIS and ANH, 2008) and were compared to each other to remove 
duplicates; attributes were edited to be uniform. 

• Source rock: source rock interpretive extents are based on several publications (Curet, 
1992; Ysaccis, 1997; Di Croce et al., 1999; Sanchez, 2001; Kroehler, 2007; Yang and 
Escalona, in press) created as part of CBTH database; there are two source rock data 
sets: Cretaceous and Lower Cenozoic. 

• Reservoir rock: reservoir rock interpretive extents are based on expert opinion 
supported by data integration created as part of CBTH database; there are three 
reservoir rock data sets: Cretaceous, Paleogene, and Miocene. 

• Traps: data set is unavailable; a general map showing trap presence/absence was 
created by CBTH researchers based on knowledge and experience. 

• Lithology: data sets created within CBTH consortium based on paleogeographic 
maps; there are three lithologic data sets: Cretaceous, Paleogene, and Miocene. 

• Surface geology: data sets were collected from several sources (Geologisch 
Mijnbouwkundige Dienst, 1977; Walrond, 1987; Saunders and Snoke, 1998; Schenk 
et al., 1999; French and Schenk, 2004; Garrity et al., 2006; Gomez Tapias et al., 2007) 
and combined as set out by Bingham and Escalona (in revision – First Break). 

• Sedimentary basins: data set edited from Fugro Data Services, AG. (2005) to better 
match known data from CBTH consortium; a buffer of five kilometers was applied. 

4.1.2. Data set preparation 

This section will detail the decisions in the case study related to scales and metadata; 
software and data format; projection; cell size; and rasterization. 

Scales and metadata. The data sets were collected from varying scales and in some 
instances this information was not available due to inclusion of data sets with incomplete or 
missing metadata. The CBTH consortium relies on publicly available information and 
information provided to the project from sponsoring companies or by data sharing 
agreements. Therefore, the data quality is known to vary greatly. All data sets may be 
assumed to have more detail and higher accuracy within an oil company because of 
proprietary data access rights. Table 4-1 lists all of the data sets used in the study with the 
scale information and if metadata was available. The last column is included to help identify 
sources and any information that may be useful to understand the lineage of the data. 
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Table 4-1. Data sets and metadata availability. 

Data set Scale Metadata 
available 

Additional information 

Costs ~ 1:11,000,000 Yes Hand drawn areas on a map. 
Risks ~ 1:11,000,000 Yes Hand drawn areas on a map. 
Safety ~ 1:11,000,000 Yes Hand drawn areas on a map. 
Fault interpretation N/A Yes Seismic grid is dense in some areas and sparse 

in others. 
Diapirs Unknown Yes Diapirs were digitized from several sources; not 

all original digitized files are available. 
Isochrons N/A Yes Seismic grid is dense in some areas and sparse 

in others 
Plays ~ 1:11,000,000 Yes Hand drawn areas on a map. 
Geochemical data ~ 1:11,000,000 Yes Hand drawn areas on a map. 
Oil and gas wells Varying; 

~1:13,000,000 to 
~1:44,000,000; 
GPS points (?) 

Some 
available 

Data from EPIS and ANH (2008) were provided 
as latitude-longitude locations; possibly GPS 
points. Data from Wood McKenzie (2006) and 
Staatsolie (2007) were digitized. Data origins 
from French and Schenk (2004) and DM2 
Project (2005) are unknown; provided as 
shapefiles. 

Oil and gas fields Varying; 
~1:4,000,000 to 
~1:44,000,000; 
Unknown 

Some 
available 

Data from Wood McKenzie (2006) and 
Staatsolie (2007) were digitized. Data from 
other sources (DM2 Project, 2005; Castellanos 
et al., 2006; EPIS and ANH, 2008) were  
provided as shapefiles and origins are unknown. 

Oil and gas seeps Unknown; 
~1:4,000,000 

Some 
available 

Data origins from DM2 Project (2005) and  
EPIS and ANH (2008) are unknown as data was 
provided as shapefiles. Data from Staatsolie 
(2007) were digitized.  

Source rock ~ 1:11,000,000 Yes Hand drawn areas on a map. 
Reservoir rock ~ 1:11,000,000 Yes Hand drawn areas on a map. 
Traps ~ 1:11,000,000 Yes Hand drawn areas on a map. 
Lithology ~ 1:11,000,000 Yes Hand drawn areas on a map. 
Surface geology Varying; 

1:100,000 - 
1:7,500,000; 

Yes Data digitized from maps (Geologisch 
Mijnbouwkundige Dienst, 1977; Walrond, 1987; 
Saunders and Snoke, 1998). Data provided as 
shapefiles (Schenk et al., 1999; French and 
Schenk, 2004; Garrity et al., 2006; Gomez 
Tapias et al., 2007). 

Sedimentary basins Unknown Yes Data provided in shapefile format. 

 

Software and data format. Choosing the format for analysis is partially dependent on the 
chosen software for analysis. In this thesis, ArcGIS™ 9.3.1 will be used with a freeware 
toolbox, Spatial Data Modeller (Sawatzky et al., 2009). In ArcGIS™, all of the fuzzy logic 
operators can be used in the raster calculator, however using the Spatial Data Modeller 
enables the use of the ArcGIS™ Model Builder which can be easily modified if, for example, 
a user would like to change gamma values or input data sets rather than return to the raster 
calculator and hand enter the model equation. Additionally, multiple models can be built and 
saved as a toolbox which can then be shared. Although this thesis uses ArcGIS™ 9.3.1 and 
the Spatial Data Modeller toolbox, other software program options include, among others: 
IDRISI™ GIS software program available through Clark Labs or scripts using the applicable 
language for the desired GIS software program or spatial computational program such as 
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PCRaster. It is assumed that any GIS software package is able to perform the fuzzy logic 
operators in a script, a calculator, or other similar interface. 

Projection. Before the fuzzy membership values can be applied to the data sets, the data sets 
must be converted to raster format in the same projection and cell size. First, the data sets will 
be reprojected into a consistent projection. The case study approximately extends from 80ºW 
to 55ºW and 3ºN to 15ºN. The study area is relatively close to the Equator and has a large 
horizontal distance (> 2,500 kilometers); given the type of analysis, it is deemed most 
important to try to preserve as much as possible the relative distance and area. Therefore, the 
most appropriate projection is a customized Albers projection (USGS, 1989). The central 
meridian is defined as 67.5W; the two standard parallels are 7ºN and 11ºN; the datum used is 
WGS1984 because many of the datasets use this datum and it is an acceptable and accurate 
datum. The linear unit of the projection is in meters. The projected study area is shown in 
Figure 4-2. Comparing Figure 4-2 to Figure 4-1, the shape of the study area has been 
transformed from rectangular to trapezoidal. The country outlines have also changed shape 
similar to the study area outline.  

 

Figure 4-2. Northern South America. Study area using customized projection. Study area 
shape is now trapezoidal. 

Cell size. The total study area covers over 2.5 million square kilometers. A large cell size is 
appropriate for this study because the data sets used are generally from small scale creation 
and do not contain the kind of detail necessary for a basin or lease block analysis; and the 
goal of the MCE is to have a general idea of favorable exploration areas rather than 
pinpointing drilling sites. In this case, a cell size of 25 square kilometers which will produce 
rasters with 100,695 cells will be used. The number of cells in the raster is important to take 
into account for an idea of how taxing the model process will be on the computer. In this case 
study, the computer used has 3 GB of RAM and 2.27 GHz duo core processor.  

Rasterization. Once the raster cell size has been chosen, the data sets can be converted to 
raster. Only the isochron data set originated in a grid because this is the nature of the data set. 
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The isochrons are exported from the interpretation software as ASCII files in XYZ format. 
These files are then converted to the ArcGIS™ raster format. This data set was reprojected 
and resampled from 1000 meter cell size (a default cell size from the grid data) to the 
corresponding cell size. Most of the data sets were easily transformed to raster format using a 
polygon to raster transformation in ArcGIS™ Toolbox. There are three options for polygon 
to raster conversion: cell centered, maximum combined, or maximum area. Cell centered 
conversion assigns the cell value based on the polygon that corresponds to the center of the 
cell. This conversion method does not take into account the size of the central polygon. It is 
possible that the polygon at the center of the cell is actually small or narrow and does not 
reflect the majority of the area.  
 
The second option, maximum area, assigns the cell value based on the single polygon that 
covers the most area of the cell. This method does not take into account several smaller 
polygons which may reflect the overall character of an area and which may have a total larger 
area than one single “large” polygon. Instead, if one single polygon is larger by even a 
miniscule amount than any two polygons which as a sum characterize the area, the larger 
polygon will be used for the value of the cell.  
 
The third option, maximum combined, assigns the cell value based on the summation of 
individual areas of like-attributes to create one large area; whichever summed area is the 
largest is used to assign the cell value. This option was used for the majority of the data sets 
because maximum area only takes a single polygon area into account. Additionally, several 
of the data sets in vector format were created on a small scale with only general trends shown 
(i.e. costs, risks, safety, traps, etc.); therefore the detail of these data sets are not high enough 
to warrant concern regarding multiple small polygons in a cell to characterize the area. 
Maximum combined was used for polygon to raster conversion for the following data sets: 

• costs, 
• risks, 
• safety, 
• geochemical data, 
• diapirs, 
• plays, 
• source rock, 
• reservoir rock, 
• traps, 
• lithology, 
• surface geology, and 
• sedimentary basins. 

Oil and gas fields were converted from polygon to raster using the cell centered method 
because the other two methods (maximum area and maximum combined area) lost too much 
data. Figure 4-3 shows the differences between the three methods. Maximum combined area 
converted many of the polygons to raster cells. However, in the western portion of the area 
(Colombia) several fields were not included; there are also several fields not included in the 
eastern offshore area (Trinidad) (Figure 4-3B). Maximum area shows many of the same 
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problem areas but shows slightly fewer fields than the maximum combined area (Figure 
4-3C). The cell centered method converted the most polygons to raster cells (Figure 4-3D). 
Although all three methods converted the majority of the fields in the central area 
(Venezuela), only the cell centered method converted the most. Problem areas from the other 
two methods have significantly more fields in the cell centered method. Because of the large 
cell size, some fields were lost completely. This would be rectified by using a smaller cell 
size; however reasons have already been established for using the large cell size in this study. 
It was also investigated if aggregating cells from a smaller cell size to a larger cell size would 
improve the rasterization; however, this proved to introduce a significantly large amount of 
“false” polygons and the method was rejected. 
 
Wells and seeps are problematic for representation in raster format for the scale of the case 
study. Data density could be used but it would not take into account the type of well or seep 
which is important to the study. A point to raster conversion has only two possible options for 
string data (which are used for the attributes of these data sets): most frequent and count. 
Most frequent assigns the cell value based on the attribute that is most frequently occurring 
within the cell. Count assigns the cell value based on the number of points within the cell. 
Count does not consider the attribute itself, therefore most frequent will be used.  
 
The final data set to convert to raster is fault interpretation. The relative density of faulting is 
important (refer to Chapter 3). The fault density is calculated for each horizon level for each 
fault feature being counted once and the search radius is 10,000 square kilometers.  

All data sets were converted to raster using the ArcGIS™ Toolbox Polygon to Raster tool. 
Appendix I shows the original data sets and the converted rasters. 
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Figure 4-3. Comparison of three polygon rasterization methods. A. Original shapefile. B. Maximum combined area. C. Maximum area. D. Cell 
centered. Legend and scale at bottom of figure for all parts. 
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4.1.3. Fuzzy membership value assignment 

Based on expert opinion for the region, fuzzy membership values were assigned. Table 4-2 
lists the subcriteria with the attributes and corresponding fuzzy membership value. The fuzzy 
membership value is assigned based on the attributes of the data set. In some instances, Table 
4-2 lists attributes of low, medium, or high, but in the attributes of the data sets, “medium-
high” is designated. In such instances, the median value of the two attributes is used. For 
example, in the safety data set, there are designations of “low to intermediate” and 
“intermediate to high” (Figure 4-4). According to Table 4-2 for the safety data set, low has a 
fuzzy membership value of 0.3; intermediate has a fuzzy membership value of 0.5; thus “low 
to intermediate” has a fuzzy membership value of 0.4. The fuzzy membership value of high is 
0.9; therefore “intermediate to high” has a fuzzy membership value of 0.7.  

 

Figure 4-4. Safety data set attributes with designations of “low to intermediate” and 
“intermediate to high”. 
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Table 4-2. Fuzzy membership values. Value applied in case study. 

Subcriteria Attribute FM 
value 

 Subcriteria Attribute FM 
value 

Costs 

Very Low 1.0 
Diapirs 

Present 0.7 
Low 0.7 Absent 0.3 
Intermediate 0.5 

Isochrons 

0 – 1000 0.3 
High 0.3 1000 – 3000 0.5 
Very High 0.1 >3000 0.7 

Risks 

Very Low 1.0 No Data 0.1 
Low 0.7 

Plays 

Low 0.9 
Intermediate 0.5 Medium 0.5 
High 0.3 High 0.2 
Very high 0.1 No Data 0.1 

Safety 

Very Low 0.1 
Source rock 

Present 1.0 
Low 0.3 No data 0.1 
Intermediate 0.5 Reservoir 

rock 
Present 1.0 

High 0.9 No data 0.1 
Very High 1.0 

Traps 
Present 1.0 

Geochemical 
data 

Low TOC 0.1 No data 0.1 
Medium TOC 0.5 

Lithology 

Sandstone 0.8 
High TOC 0.9 Shale 0.8 

Oil and gas fields 
Present 1.0 Carbonate 0.8 
No Data 0.1 No Data 0.1 

Oil and gas wells 

Dry well 0.0 Other 0.3 
Water well 0.0 Unknown 0.2 
Show 0.7 No deposition 0.1 
Producing 1.0 

Surface 
geology 

Igneous 0.1 
Other 0.1 Metamorphic 0.1 
No data 0.1 Sedimentary 0.9 

Oil and gas seeps 

Other seep 0.5 Mix 0.5 
Oil or gas seep 0.9 Sedimentary 

basins 
Present 1.0 

No data 0.1 Absent 0.0 

Fault density 
(subsurface) 

0.0 – 0.02 0.1 

Fault 
density 

(surface) 

0.0 – 0.02 0.9 
0.02 – 0.07 0.3 0.02 – 0.07 0.7 
0.07 – 0.12 0.5 0.07 – 0.12 0.5 
0.12 – 0.42 0.7 0.12 – 0.42 0.3 
0.42 + 0.9 0.42 + 0.1 
No data 0.1 No data 0.1 

 

The only times a fuzzy membership value of 0 is assigned are when the well is classified as 
either dry or water or to designate a non-sedimentary basin. All other less favorable minimum 
values are 0.1 so that the area is not nullified in the model. This is especially important for 
highly interpretive data sets such as reservoir rock or source rock location, but also 
subsurface lithology types. Furthermore, a non-age specific model should not contain 0 for 
unfavorable attributes of age-specific data sets; although, the designation of 0 for age-specific 
data in an age-specific model can be justified. The fuzzy membership values may be altered 
for application to other regions. Other geologists may prefer a different fuzzy membership 
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scheme based on his/her experience, supporting data, or company. It is not necessary that 
each subcriterion has continual fuzzy membership value ranges, especially if the nature of the 
data and the attribute being converted does not reflect a continual nature. Appendix II shows 
individual fuzzy membership charts and fuzzy membership value maps for each data set used 
in the analysis. 

4.1.4. Applying MCE method 

Using the MCE method with fuzzy logic as explained in Chapters 2 (theory) and 3 
(methodology), the data sets described in Section 4.1 will be input into the framework (Figure 
4-5). This section will demonstrate the results of combining the data at the criteria and higher 
levels. First, the economic and political criteria map will be analyzed; then the hard data 
criteria map will follow; then the seismic derived data map will be explained; next the other 
geologic features criteria map will be shown; the combined criteria map will be shown prior 
to applying the constraints; finally, the petroleum favorability map will be analyzed for the 
non-age specific favorability and the three age specific favorabilities. 

Using the Spatial Data Modeller (Sawatzky et al., 2009), a model was built in ArcGIS™ 
9.3.1 using the Model Builder (Appendix III). This step converted the conceptual model 
(Figure 4-5) into a working model. The model represents all age intervals to have a regional 
non-age-specific favorability map. This is to support the overall lease block bid decision.  

Chapter 3 notes that a conservative operation to combine the economic and political data is 
important when handling matters concerned with employee safety and predictable business 
continuity. Because the gamma operation is data dependent, the data must be analyzed for the 
appropriate gamma value. Thus the gamma operator that combines the economic and political 
subcriteria was made equal to 0.5 because it produces results within the decreasive region of 
the gamma operation (Figure 4-6). This value was chosen on the basis that the maximum 
input for two data sets was 1.0 (maximum input 1 - Figure 4-6) while the third data set had a 
maximum input value of 0.7 (maximum input value 2 - Figure 4-6). As shown in Figure 4-6, 
the maximum algebraic product is equal to maximum input 2 and the maximum algebraic 
sum is equal to the maximum input 1. Therefore, any gamma value will result in a 
compromise where no gamma value will render a decreasive or increasive output. 
Additionally, the minimum input for one data set was 0.3 and 0.1 for the remaining two data 
sets. These are shown in Figure 4-6 as minimum input 1 and minimum input 2, respectively. 
For the minimum inputs, a gamma value less than 0.7 produces decreasive results which will 
produce a more conservative output. Because 0.7 is the largest gamma which is in the 
decreasive range for the minimum inputs, it was decided to use 0.5 which is an almost exact 
compromise for the maximum inputs. 
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Figure 4-5. Conceptual model of fuzzy 
logic MCE method for petroleum 

exploration. Gamma value selection is 
discussed in the text. 
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Figure 4-6. Gamma value versus fuzzy membership value for economic and political 
subcriteria. Red dashed line = maximum input 1; blue dashed line = maximum input 2; green 
solid line = maximum gamma operation output; yellow dashed line = minimum input 1; 
orange dashed line = minimum input 2; blue solid line = minimum gamma operation output; 
pink dot = maximum algebraic sum; black dot = maximum algebraic product; purple dot = 
minimum algebraic sum; grey dot = minimum algebraic product; transparent grey area is 
approximate decreasive zone; transparent blue area is approximate compromise zone; 
transparent purple area is approximate increasive zone; black dashed line = applied gamma 
value. 

The resulting map for the economic and political criteria shows that the majority of the 
onshore areas are favorable (Figure 4-7). The blue and green areas are the most favorable; the 
yellow areas are intermediate; and the orange and red areas are the least favorable. The large 
red area in the southern portion of the map is the least favorable but most of this area will be 
outside of the final favorability map as it is not within a sedimentary basin. 
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Figure 4-7. Economic and political criteria map. Resulting map from combining costs, risks, 
and safety subcriteria. Color scale represents more to less favorable, where red is least 
favorable and dark blue is most favorable. 

The hard data criteria map combines subcriteria using the or function and the algebraic sum 
function. Figure 4-8 shows the resulting map. The majority of the onshore areas are blue 
indicating a high favorability. The orange area is lower favorability. The red area reflects low 
favorability. However, this does not necessarily mean “low favorability” in this instance, but 
rather lack of data. The majority of the area is highly dependent on the geochemical data set, 
while other areas it is easy to identify the locations of fields, wells, or seeps (although parsing 
the three data is not easy). The large color swaths are due to the way in which the 
geochemical data set was created. It is noted that a petroleum company would have a higher 
detailed data set which is unavailable at the university research level due to the high costs of 
collecting and analyzing the data. On the other hand, this data set is appropriate for an overall 
indication of the hard data criteria character of the area. 
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Figure 4-8. Hard data criteria map. Resulting map from combining geochemical data, fields, 
wells, and seeps subcriteria. Color scale represents more to less favorable, where red is least 
favorable and dark blue is most favorable. 

The seismic derived criteria map used the gamma operation to combine the first derivative 
data using a gamma value equal to 0.9 resulting in an increasive output (refer to Chapter 2 for 
mathematical theory and Chapter 3 for motivation for increasive output). This value was 
chosen based on the data inputs. Figure 4-9 illustrates the motivation for choosing the gamma 
value equal to 0.9. The minimum value for all three subcriteria of the first seismic derivative 
is equal to 0.1. The maximum values are 0.7, 0.9, and 1.0. Analyzing the possible outputs of 
the fuzzy logic operators for these minimum and maximum values shows that a gamma value 
equal to 0.9 will result in an increasive to compromise zone depending on the combinations 
of input values. 

The gamma operation was also used to combine the first and second derivative data with a 
gamma value equal to 0.75 resulting in a compromise output (refer to Chapter 2 for 
mathematical theory and Chapter 3 for motivation for compromise output). These values 
were chosen in the same way as the gamma value for the economic and political map and the 
first seismic derivative data. Figure 4-10 illustrates the maximum input values and minimum 
input values from the first and second seismic derivative data. By selecting a gamma value in 
the blue shaded area, the output is certain to be within in the compromise zone.  

Figure 4-11 shows the seismic derived data output. Yellow to red areas indicate lower 
favorability which may be due to a lack of data coverage (Figure 4-12). However, some areas 
may truly have low favorability. Blue areas are the most favorable based on the input data 
set; yellow to green areas indicate increasing favorability. If the input data sets change 
substantially with increasing 2D seismic data, then it can be stated that a lack of data is the 
cause for a low favorability. It is assumed that areas of high favorability will not decrease, but 
it is possible that more data will cause a reinterpretation of existing data. 
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Figure 4-9. Gamma value versus fuzzy membership value for first seismic derivative 
subcriteria. Red dashed line = maximum input 1; blue dashed line = maximum input 2; 
yellow dashed line = maximum input 3; brown solid line = maximum gamma operation 
output; orange dashed line = minimum input; green solid line = minimum gamma operation 
output; pink dot = maximum algebraic sum; black dot = maximum algebraic product; purple 
dot = minimum algebraic sum; grey dot = minimum algebraic product; transparent grey area 
is approximate decreasive zone; transparent blue area is approximate compromise zone; 
transparent purple area is approximate increasive zone; black dashed line = applied gamma 
value. 
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Figure 4-10. Gamma value versus fuzzy membership value for seismic derivative criteria. 
Red dashed line = maximum input 1; orange dashed line = maximum input 2; brown solid 
line = maximum gamma operation output; blue dashed line = minimum input 1; yellow 
dashed line = minimum input 2; green solid line = minimum gamma operation output; pink 
dot = maximum algebraic sum; black dot = maximum algebraic product; purple dot = 
minimum algebraic sum; grey dot = minimum algebraic product; transparent grey area is 
approximate decreasive zone; transparent blue area is approximate compromise zone; 
transparent purple area is approximate increasive zone; black dashed line = applied gamma 
value. 
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Figure 4-11. Seismic derived data criteria map. Resulting map from combining fault 
densities, diapirs, isochrons, and plays. Color scale represents more to less favorable, where 
red is least favorable and dark blue is most favorable. 

 

Figure 4-12. 2D seismic data coverage for the study area. 

The fourth criteria map, other geologic features criteria which combines source rock, 
reservoir rock, traps, subsurface lithology, and surface geology, also used the gamma 
operator to combine the input data sets. Following the same procedure as before, a gamma 
value equal to 0.8 was chosen in order to produce a conservative output. As reflected in 
Figure 4-13, the highest output is 0.540. If a lower gamma value is used, this criterion will 
have even less influence on the final map. However, more influence could be created using a 
higher gamma value. Given the highly interpretive nature of the data sets, it is not considered 
“good” to use a higher gamma value. Red, orange, and yellow indicate areas of low 
favorability; green and blue areas indicate relatively higher favorability. However, the input 
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data sets had large areas of “no data” values (Appendix II) which if defined could increase 
the overall favorability.  

 

Figure 4-13. Other geologic features criteria map. Resulting map from combining source 
rocks, reservoir rocks, traps, subsurface lithology, and surface geology. Color scale represents 
more to less favorable, where red is least favorable and dark blue is most favorable. 

Next, the four criteria maps are combined using a gamma value equal to 0.9 as established in 
Chapter 3 and based on mineral exploration studies (e.g. Wright and Bonham-Carter, 1996; 
Figure 4-14). Mineral exploration studies use a high gamma value greater than or equal to 
0.9, but less than 1.0 (Bonham-Carter, 1994). The map has few red and orange areas 
indicating that the area, overall, is favorable for petroleum exploration. However, the 
constraints have not been applied at this step. 
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Figure 4-14. Combined criteria map. Resulting map from combining economic and political 
criteria, hard data criteria, seismic derived data criteria, and other geologic features criteria. 
Color scale represents more to less favorable, where red is least favorable and dark blue is 
most favorable. 

Finally, sedimentary basins constrain the area for which petroleum can be explored. Once 
these are applied to the combined criteria map, a more complete regional, non-age-specific 
favorability can be analyzed. Figure 4-15 shows the final favorability map for all age 
intervals, thus it is not age-specific. The map shows known exploration areas by double grey 
lines that are in the high favorability range, dark blue areas. The green to light blue areas 
indicate favorable areas for exploration. Many of these areas may be considered potential 
new areas. Yellow areas indicate low to medium favorability. These areas should be 
investigated further. The dark orange areas should not be interpreted as unfavorable; rather 
they should be interpreted as lacking sufficient data for a decision. By reviewing the criteria 
maps (Figure 4-7-Figure 4-13) and the input data sets (Appendix I and Appendix II), it can be 
concluded which data sets should have more data included.  
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Figure 4-15. Final favorability map. Map resulting from applying sedimentary basins 
constraint to the combined criteria map. Color scale represents more to less favorable, where 
red is least favorable and dark blue is most favorable. 

Age is important when defining drilling targets. The overall favorability may not necessarily 
reflect the favorability of a specific geologic age interval. The model from Figure 4-5 was 
adapted to reflect three age specific intervals: Cretaceous, Paleogene, and Miocene. These 
age intervals are known to be important for petroleum in the northern South America region.  

First, the model was edited to exclude data sets that are age specific and not related to the 
Cretaceous interval (i.e. Paleogene and Miocene data sets are excluded; non-age specific data 
are included; Appendix III). All gamma values that were established in the first model are 
maintained here. The resulting favorability map shows some of the same trends as the non-
age specific map (Figure 4-16). One known Cretaceous producing field area is shown as a 
confirmed area (double grey line). Four potentially new producing areas are shown in grey 
dashed lines. These high favorable areas are displayed in dark blue shades. Except for the 
small new area in the eastern portion of the study area, all other areas have producing fields, 
but not from the Cretaceous interval to the knowledge of the author. Green to light blue 
shaded areas indicate favorable areas. Red and dark orange areas indicate areas for further 
investigation because there is not enough support for a decision. Light orange to yellow areas 
indicate areas of low to medium favorability for the Cretaceous interval. However, it is 
concluded that seismic derived data could be improved with more 2D and 3D seismic data 
which may show these low favorable areas as more favorable (see Figure 4-12 for seismic 
data coverage). 
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Figure 4-16. Resulting Cretaceous-specific favorability map. Color scale represents more to 
less favorable, where red is least favorable and dark blue is most favorable. Double grey line 
indicates confirmed area of Cretaceous producing fields. Grey dashed line indicates potential 
area of Cretaceous producing fields. 

Next, the model was edited for the Paleogene interval in the same manner that it was also 
edited for the Cretaceous interval (Appendix III). The resulting output map confirms four 
producing areas (double grey line) of the Paleogene interval and four potential new areas for 
exploration (grey dashed line); these areas are shaded dark blue (Figure 4-17). Areas of green 
to blue are considered good favorability. Red to dark orange areas reflect the same 
interpretation as prior maps - insufficient information; light orange to yellow indicates 
possible improvement from seismic data. 

 



59 

 

 

Figure 4-17. Resulting Paleogene-specific favorability map. Color scale represents more to 
less favorable, where red is least favorable and dark blue is most favorable. Black dashed line 
indicates confirmed area of Paleogene producing fields. Grey dashed line indicates potential 
area of Paleogene producing fields. 

Lastly, the model was again edited to reflect one age interval, this time for the Miocene 
(Appendix III). Figure 4-18 shows the resulting favorability map for the Miocene interval. 
Four high favorability areas are considered confirmed areas (shown with double grey line) 
and five areas are shown as potential new areas (shown with grey dashed line). The other 
areas follow the same interpretation as the previous maps. Red and dark orange areas lack 
sufficient data; light orange to yellow areas may be improved with more seismic data; green 
to blue areas are considered good favorability. 
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Figure 4-18. Resulting Miocene-specific favorability map. Color scale represents more to less 
favorable, where red is least favorable and dark blue is most favorable. Double grey line 
indicates confirmed area of Miocene producing fields. Grey dashed line indicates potential 
area of Miocene producing fields. 

4.1.5. Outcome verification 

Now that the favorability maps have been produced, the results can be compared to known 
production locations. Four fields and one well were chosen for the verification process 
(Figure 4-19). The four fields were chosen because they represent a variety of locations 
within the study area. The well was chosen because it is a newly discovered well where the 
field location is not included in the database. 

 

Figure 4-19. Locations of four fields and one well used in the outcome verification. Size is 
exaggerated for visibility. 
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Percentiles were calculated through a multi-step process: 

1. For each of the field locations, a central point was created; the well is already a point. 
2. Extract the raster value for each of the 20 favorability maps (4 criteria maps and 1 

final favorability map for non-age specific and 3 ages) to the point location using 
ArcGIS™ ArcToolbox Spatial Analyst “Extract Values to Points tool.” 

3. Convert point data attribute tables to text space delimited format. 
4. Convert rasters to ArcView™ ASCII format. 
5. Using a python script which uses the SciPy 0.9.0 library (Appendix IV), percentiles 

were calculated for each raster value of the point locations. 

Table 4-3 shows the output values as percentiles for each of the four criteria and the final 
favorability value. All of the percentiles for the economic and political criteria stay constant 
regardless of the time interval investigated because these data are not age dependent but 
rather geographic dependent. All of the percentiles for the hard data criteria also stay constant 
regardless of the time interval investigated because this study does not differentiate between 
time-related geochemical information.  

All of the verification features for the non-age specific maps are all at least in the 50th 
percentile; 1 field is in the 73rd percentile; 1 field is in the 87th percentile, and 2 fields are in 
the 98th and above percentiles. By investigating the percentiles of the criteria for each of the 
verification points, it can be determined that La Perla field (with overall percentile of 53) is 
most impacted by the economic and political criteria. This is due to the fact that it is located 
in a high cost and high risk area. Interestingly, the highest overall percentile is for a field in a 
low cost and high risk area (Maracaibo field). There is an obvious trend between the lower 
percentile locations which correspond to offshore locations and higher percentile locations 
which correspond to onshore locations. This is to be expected as there are more costs and less 
data for offshore areas according to the database used in the study. 

The Cretaceous interval verification produces the same overall pattern as the non-age specific 
map. That is to say, all locations are above the 50th percentile for the overall favorability; 
Maracaibo field has the highest ranking percentile; La Perla has the lowest ranking percentile 
due to the very low economic and political criteria ranking. Upon investigating the criteria 
data, the seismic derived data are significantly higher for La Perla from the non-age specific 
map (57 vs. 76) and higher than the Chuchupa field which is in a high cost but low risk area. 
The Copa Macoya and Manicou fields increase significantly for the seismic derived data 
when only the Cretaceous interval is assessed. However, the other geologic features criteria 
decrease in both instances. However, the overall percentiles stay similar or the same. This 
indicates that the Cretaceous interval is important for petroleum exploration in the area. 
Unfortunately, it is not known if the fields produce from the Cretaceous interval; however, 
the data seems to indicate this. 

The same relative hierarchy of overall percentiles of the verification locations is observed in 
the Paleogene interval. However, the Chuchupa field has increased dramatically from the 
Cretaceous interval data due to a large increase in the other geologic features criteria. The 
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overall Paleogene interval percentile for the Chuchupa field is almost the same as the non-age 
specific, thus indicating that the Paleogene interval is important for exploration in this area. It 
is unknown if the Paleogene is the producing interval for the field. La Perla well is at the 
same overall percentiles; however the seismic derived data has decreased from the 
Cretaceous interval, but the other geologic features has increased from the Cretaceous 
interval. The Maracaibo field is at a slightly lower overall percentile due to a much lower 
other geologic features criteria percentile. This indicates that the Paleogene may be important 
for exploration here. The Copa Macoya field results in almost the same percentiles for the 
Paleogene as the Cretaceous, indicating that the Paleogene is as important as the Cretaceous 
for this area. The Manicou field has a similar overall percentile for the Paleogene as the 
Cretaceous; the seismic derived data decreased by one percentile and the other geologic 
features decreased by thirteen percentiles. Based on the available data, these results indicate 
that the Paleogene is also important for this area for exploration.  

The Miocene interval shows the same trends in overall hierarchy as the other three 
favorability maps. The Chuchupa field has the highest overall percentile ranking for the 
Miocene interval, indicating that this interval is important for exploration in this area. La 
Perla has a similar overall ranking as its ranking in the other intervals (52nd percentile); the 
seismic derived data and other geologic features criteria percentiles are similar to the 
Paleogene interval. The Maracaibo and Copa Macoya fields have the same percentile 
rankings for the Miocene interval. While these rankings are the highest in the group and 
overall at the 95th percentile, these rankings are the lowest for these fields for all intervals, 
indicating that this interval is the least important for these areas; however, exploration is still 
important at this interval. The Manicou field has its highest overall ranking for the Miocene 
interval, as well as its highest overall ranking for the seismic derived data and other geologic 
features criteria. This indicates that the Miocene interval is important for this area. 

Based on the outcome verification, it appears that the method is sufficient for general 
favorability analysis and for investigating specific age intervals. Ideally, a sensitivity analysis 
will follow the MCE. This is addressed in the following section. 
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Table 4-3. Outcome verification of 4 known fields and 1 known well. 

Non-age Specific 

Field 
Economic and 

Political 
Hard 
Data 

Seismic Derived 
Data 

Other Geologic 
Features Overall 

Chuchupa 65 98 51 80 73 

La Perla* 12 98 57 65 53 

Maracaibo 94 98 98 99 100 
Copa 

Macoya 94 98 80 97 98 

Manicou 100 98 80 74 87 

Cretaceous Interval 

Field 
Economic and 

Political 
Hard 
Data 

Seismic Derived 
Data 

Other Geologic 
Features Overall 

Chuchupa 65 98 49 57 60 

La Perla* 12 98 76 57 52 

Maracaibo 94 98 99 100 100 
Copa 

Macoya 94 98 94 92 97 

Manicou 100 98 95 61 87 

Paleogene Interval 

Field 
Economic and 

Political 
Hard 
Data 

Seismic Derived 
Data 

Other Geologic 
Features Overall 

Chuchupa 65 98 53 77 72 

La Perla* 12 98 48 77 53 

Maracaibo 94 98 99 90 99 
Copa 

Macoya 94 98 93 90 96 

Manicou 100 98 94 48 86 

Miocene Interval 

Field 
Economic and 

Political 
Hard 
Data 

Seismic Derived 
Data 

Other Geologic 
Features Overall 

Chuchupa 65 98 58 98 76 

La Perla* 12 98 47 75 52 

Maracaibo 94 98 93 87 95 
Copa 

Macoya 94 98 93 87 95 

Manicou 100 98 95 75 94 

*Well           
 

4.2. Sensitivity Analysis 

Following the method laid out in Chapter 3, a sensitivity analysis was conducted for the case 
study (Figure 3.1 and Figure 3.2). The input parameters were analyzed for this sensitivity 
analysis. All of the data inputs included in the MCE method from Section 4.1 were varied by 
±10% in a sequential manner. The output is known to be sensitive to the FLOs and the output 
is known to be sensitive to the gamma values as the gamma operation output is dependent on 
the input values and the gamma value; however, one example of each change (a change to 
FLO and change to gamma value) will be investigated.  
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Input variation by +10%. The non-age specific model was adapted to add 10% for one 
input data set. This variation of the model was repeated for all 26 input data sets which fulfill 
the 16 subcriteria of the proposed method.  

After the +10% maps were created, each map was then subtracted from the non-age specific 
favorability map (Figure 4-15). These maps were then reviewed for the maximum difference 
and how much of the original map was affected by the maximum difference. Table 4-4 shows 
the maximum difference values between each +10% map and the non-age specific map in 
column 2 and the number of cells which contain the maximum value. It can be seen that the 
maximum changes affecting the largest area are produced by the Cretaceous reservoirs and 
traps data sets which each change more than 0.1% of the map. The maximum difference thus 
only affected very small portions of the map. 

Table 4-4. Maximum difference values between +10% maps and non-age specific 
favorability map, cell count containing the maximum value, and percentage of the map that 
changed by this value. 

Input data set Maximum difference Number of cells Percentage change 
costs -0.0074 2 0.0020% 
risks -0.0089 9 0.0088% 
safety -0.0089 9 0.0088% 

geochemical data -0.0290 7 0.0068% 
oil and gas fields -0.0037 10 0.0098% 
oil and gas wells -0.0167 1 0.0010% 
oil and gas seeps -0.0243 1 0.0010% 

basement fault density -0.0023 1 0.0010% 
Paleogene fault density -0.0036 1 0.0010% 
Miocene fault density -0.0037 1 0.0010% 
seafloor fault density -0.0055 6 0.0059% 

diapirs -0.0013 10 0.0098% 
basement-Paleogene isochron -0.0156 1 0.0010% 
Paleogene-Miocene isochron -0.0148 10 0.0098% 

Miocene-Recent isochron -0.0152 1 0.0010% 
plays -0.0168 16 0.0157% 

Cretaceous source rock -0.0016 18 0.0176% 
Lower Cenozoic source rock -0.0017 54 0.0528% 

Cretaceous reservoirs -0.0017 197 0.1927% 
Paleogene reservoirs -0.0017 1 0.0010% 
Miocene reservoirs -0.0016 15 0.0147% 

traps -0.0020 108 0.1057% 
Cretaceous lithology -0.00269 1 0.0010% 
Paleogene lithology -0.0021 1 0.0010% 
Miocene lithology -0.0022 1 0.0010% 
surface geology -0.0028 1 0.0010% 

 

An example of the costs data set increased by 10% is shown in Figure 4-20. (Appendix V 
contains all of the +10% output and non-age specific difference maps.) It shows that areas 
outside of the constraints (the sedimentary basins with applied buffer) show no change as 
expected. Within the constraints, there are three areas that show no changes. These areas 
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originally had a fuzzy membership value equal to one thus the values could not increase 
further (see Appendix II). The areas with the greatest change in value are shown in red 
(Figure 4-20Figure 4-21). In this example, this value is extremely small (0.007; Table 4-4).  

 

Figure 4-20. Visual representation of the difference between a sample +10% map (costs) and 
the non-age specific map. Warmer colors indicate a larger difference in values. Dark blue 
areas indicate no change. Outside of the constraints boundary are only areas of no change. 

Table 4-5 shows the most frequent difference value for each of the favorability maps with the 
data sets increased by 10% and the non-age specific favorability map. The majority of the 
input data sets, including the costs data set, affect 1603 cells or ~1.57% of the output map. 
This indicates that the model is not highly affected by varying the input by +10%. The cells 
containing the most frequent change occur in the far western portion of the study area. This is 
not surprising as most of the data sets have “no data” values for this area (Figure 4-21). 

 

Figure 4-21. Map showing the cells with values equal to the most frequent change (shaded 
pink) for the costs input data set. 
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Table 4-5. Most frequent difference values between +10% maps and non-age specific 
favorability map, cell count containing most frequent value, and percentage that changed by 
this value. 

Input data set Most frequent Number of cells Percentage change 
costs -0.002607793 1603 1.5683% 
risks -0.003760636 1603 1.5683% 
safety -0.002898842 1603 1.5683% 

geochemical data -0.002913237 1603 1.5683% 
oil and gas fields -0.002913237 1603 1.5683% 
oil and gas wells -0.002913237 1603 1.5683% 
oil and gas seeps -0.002913237 1603 1.5683% 

basement fault density -0.000704408 1604 1.5693% 
Paleogene fault density -0.000704408 1604 1.5693% 
Miocene fault density -0.000704408 1604 1.5693% 
seafloor fault density -0.004564703 1603 1.5683% 

diapirs -0.000704408 1603 1.5683% 
basement-Paleogene isochron -0.001892626 145 0.1419% 
Paleogene-Miocene isochron -0.001892626 145 0.1419% 

Miocene-Recent isochron -0.001892626 145 0.1419% 
plays -0.004267156 1603 1.5683% 

Cretaceous source rock -0.00054118 1603 1.5683% 
Lower Cenozoic source rock -0.00054118 1603 1.5683% 

Cretaceous reservoirs -0.00054118 1603 1.5683% 
Paleogene reservoirs -0.00054118 1603 1.5683% 
Miocene reservoirs -0.00054118 1603 1.5683% 

traps -0.00054118 1603 1.5683% 
Cretaceous lithology -0.00054118 1603 1.5683% 
Paleogene lithology -0.00054118 1603 1.5683% 
Miocene lithology -0.00054118 1603 1.5683% 
surface geology -0.00054118 1603 1.5683% 

 

Histogram analysis of varying input by +10%. As indicated previously, there may be less 
but highly frequent value changes which should be investigated. Therefore, the histograms 
should be plotted and investigated. The histograms were plotted for each difference map 
(Appendix V) by using a script (Appendix VI). The script was written in python 2.6 using 
matplotlib 1.0 and NumPy 1.5.1. The script allowed for quick and automatic evaluation of all 
of the output data sets after the ArcMap™ rasters were converted to ArcView™ ASCII 
format. Data from Table 4-4 through Table 4-7 were extracted using the script. Change 
values greater than -0.005 are considered small; change values between -0.005 and -0.01 are 
considered medium; change values smaller than -0.01 are considered large. These changes 
are applicable to the fuzzy membership sets used in the model. The fuzzy membership values 
were assigned at the 1/10 position. Any change that is at least 10% of that should be 
considered large; values that are between 5% and 10% are considered medium; values that 
are less than 5% are considered small. 

Figure 4-22 is a histogram produced from the script using matplotlib. It shows that the 
maximum value change occurs very infrequently; the most frequent value change is small; 
the second most frequent value change is medium. However, the majority of changes fall in 



between these two values. It can be concluded that changing the costs data set by +10% 
causes changes in the output, however the
repeated for each of the input data sets (see Appendix 
datasets, the histogram of the geochemical data
map output because the majority of the changes are >|0.01|

Figure 4-22. Histogram of difference values between costs +10% favorability map and non
age specific favorability map. Each colu
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between these two values. It can be concluded that changing the costs data set by +10% 
causes changes in the output, however these overall changes are small. This process was 

input data sets (see Appendix V). From the analysis of all of the 
datasets, the histogram of the geochemical data is considered to be the most influential on the 

majority of the changes are >|0.01| (Figure 4-23). 

 

. Histogram of difference values between costs +10% favorability map and non
age specific favorability map. Each column represents individual values. 

 

between these two values. It can be concluded that changing the costs data set by +10% 
se overall changes are small. This process was 

From the analysis of all of the 
considered to be the most influential on the 

. Histogram of difference values between costs +10% favorability map and non-



Figure 4-23. Histogram showing individual difference values between non
and geochemical +10% map. 
the middle to upper spectrum of changes; although, the most frequent changes are in the 
lower portion. Overall, changes are medium to large, indicating that this data set does 
influence the output. 

Input variation by -10%. Once the +10% maps were a
created by varying input data sets by subtracting 10%. This is a much simpler adjustment 
than increasing the values by 10% because no value will be changed so that it could be 
outside of the fuzzy membership value bounds (i.e. 

After the -10% favorability maps were created, each map was then subtracted from the non
age specific favorability map (
maximum difference. Table 4
map and the non-age specific map in column 2 and the number of cells which contain the 
maximum value. According to
Paleogene, and Miocene reservoirs, the Cretaceous lithology, and to a lesser extent, the plays. 
The changes, however affect a very small percentage of the map.
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Histogram showing individual difference values between non
 Increasing the data set by 10% causes a majority of cha

the middle to upper spectrum of changes; although, the most frequent changes are in the 
lower portion. Overall, changes are medium to large, indicating that this data set does 

Once the +10% maps were analyzed, -10% maps were also 
input data sets by subtracting 10%. This is a much simpler adjustment 

than increasing the values by 10% because no value will be changed so that it could be 
outside of the fuzzy membership value bounds (i.e. 0.9x not > 1.0).  

maps were created, each map was then subtracted from the non
age specific favorability map (Figure 4-15). These maps were then reviewed for the 

4-6 shows the maximum difference values between each 
age specific map in column 2 and the number of cells which contain the 

maximum value. According to Table 4-6, the most influential data sets are the Cretaceous, 
Paleogene, and Miocene reservoirs, the Cretaceous lithology, and to a lesser extent, the plays. 
The changes, however affect a very small percentage of the map. 

 

Histogram showing individual difference values between non-age specific map 
Increasing the data set by 10% causes a majority of changes in 

the middle to upper spectrum of changes; although, the most frequent changes are in the 
lower portion. Overall, changes are medium to large, indicating that this data set does 

10% maps were also 
input data sets by subtracting 10%. This is a much simpler adjustment 

than increasing the values by 10% because no value will be changed so that it could be 

maps were created, each map was then subtracted from the non-
). These maps were then reviewed for the 

shows the maximum difference values between each -10% 
age specific map in column 2 and the number of cells which contain the 

al data sets are the Cretaceous, 
Paleogene, and Miocene reservoirs, the Cretaceous lithology, and to a lesser extent, the plays. 
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Table 4-6. Maximum difference values between -10% maps and non-age specific favorability 
map, number of cells containing the maximum value, and percentage of map that changed by 
this value. 

Input data set Maximum difference Number of cells Percentage change 
costs 0.01093 9 0.0088% 
risks 0.00936 9 0.0088% 
safety 0.00936 9 0.0088% 

geochemical data 0.02905 7 0.0068% 
oil and gas fields 0.02573 1 0.0010% 
oil and gas wells 0.02128 1 0.0010% 
oil and gas seeps 0.02439 1 0.0010% 

basement fault density 0.00236 1 0.0010% 
Paleogene fault density 0.00362 1 0.0010% 
Miocene fault density 0.00377 1 0.0010% 
seafloor fault density 0.00564 6 0.0059% 

diapirs 0.00292 1 0.0010% 
basement-Paleogene isochron 0.01574 1 0.0010% 
Paleogene-Miocene isochron 0.01491 10 0.0098% 

Miocene-Recent isochron 0.01538 1 0.0010% 
plays 0.01688 16 0.0157% 

Cretaceous source rock 0.00197 1 0.0010% 
Lower Cenozoic source rock 0.00244 1 0.0010% 

Cretaceous reservoirs 0.00188 54 0.0528% 
Paleogene reservoirs 0.00188 54 0.0528% 
Miocene reservoirs 0.00188 54 0.0528% 

traps 0.00320 2 0.0020% 
Cretaceous lithology 0.00285 1 0.0010% 
Paleogene lithology 0.00223 1 0.0010% 
Miocene lithology 0.00236 1 0.0010% 
surface geology 0.00301 1 0.0010% 

 

A map of the data from Table 4-6 also relates whether the maximum difference is an 
anomalous feature of the data sets. An example of the costs data set decreased by 10% is 
shown in Figure 4-24. (Appendix V contains all of the -10% output and non-age specific 
difference maps.) It shows that areas outside of the constraints (the sedimentary basins with 
applied buffer) show no change as expected. Within the constraints, there are no areas that 
show no changes. The areas with the greatest change in value are shown in red (Figure 4-24). 
In this example, this value is on the considered border of large (0.011). Table 4-6 shows that 
this value corresponds to only nine cells affecting 0.009% of the map.  
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Figure 4-24. Visual representation of the difference between a sample (costs) -10% map and 
the non-age specific map. Warmer colors indicate a larger difference in values. Dark blue 
areas indicate no change. Outside of the constraints boundary are only areas of no change. 

Table 4-7 shows the most frequent difference value for each of the favorability maps with the 
data sets decreased by 10% and the non-age specific favorability map. The majority of the 
input data sets, affect 1603 cells or ~1.57% of the output map, indicating that the model is not 
highly affected by varying the input by -10%. These cells correspond to the same area as the 
+10% favorability map most frequent changes (Figure 4-21). 
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Table 4-7. Most frequent difference values between -10% maps and non-age specific 
favorability map, cell count containing most frequent value, and percentage that changed by 
this value. 

Input data set Most frequent Number of cells Percentage change 
costs 0.00277 1603 1.5683% 
risks 0.00387 1603 1.5683% 
safety 0.00304 1603 1.5683% 

geochemical data 0.00294 1603 1.5683% 
oil and gas fields 0.00151 548 0.5361% 
oil and gas wells 0.00222 28 0.0274% 
oil and gas seeps 0.00418 58 0.0567% 

basement fault density 0.00077 1603 1.5683% 
Paleogene fault density 0.00077 1603 1.5683% 
Miocene fault density 0.00077 1603 1.5683% 
seafloor fault density 0.00460 1603 1.5683% 

diapirs 0.00077 1603 1.5683% 
basement-Paleogene isochron 0.01546 9 0.0088% 
Paleogene-Miocene isochron 0.01491 10 0.0098% 

Miocene-Recent isochron 0.01444 7 0.0068% 
plays 0.00438 1603 1.5683% 

Cretaceous source rock 0.00059 1603 1.5683% 
Lower Cenozoic source rock 0.00059 1603 1.5683% 

Cretaceous reservoirs 0.00059 1603 1.5683% 
Paleogene reservoirs 0.00059 1603 1.5683% 
Miocene reservoirs 0.00059 1603 1.5683% 

traps 0.00059 1603 1.5683% 
Cretaceous lithology 0.00059 1603 1.5683% 
Paleogene lithology 0.00059 1603 1.5683% 
Miocene lithology 0.00059 1603 1.5683% 
surface geology 0.00059 1603 1.5683% 

 

Histogram analysis of varying input by -10%. As indicated previously, there may be less 
but highly frequent value changes which should be investigated. Therefore, the histograms of 
these data sets should also be plotted and analyzed for any patterns or trends in value 
changes. The histograms were plotted for each difference map following the same method as 
the other histograms (Appendix V) by using a script (Appendix VI). Change values less than 
0.005 are considered small; change values between 0.005 and 0.01 are considered medium; 
change values greater than 0.01 are considered large. 

Figure 4-25 is a histogram produced from the script using matplotlib. It shows that the 
maximum value change occurs very infrequently; the most frequent value change is small; 
the second most frequent value change is medium. However, the majority of changes fall in 
between these two values. It can be concluded that changing the costs data set by -10% 
causes changes in the output, however these overall changes are small. This process was 
repeated for each of the input data sets (see Appendix V). From the analysis of all of the 
datasets, the histograms of the geochemical data and plays are considered to be the most 
influential on the map output (Figure 4-26 - Figure 4-27). The histograms of the isochrons 



(basement-Paleogene, Paleogene
change, but these changes affect few cells (
wells and seeps show that not only do they have small affect, they 
(Figure 4-31 - Figure 4-32). 

Figure 4-25. Histogram of difference values between costs 
age specific favorability map. Each column represents individual values.
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Paleogene, Paleogene-Miocene, and Miocene-Recent) also show large amounts of 
change, but these changes affect few cells (Figure 4-28 - Figure 4-30). The histograms of the 
wells and seeps show that not only do they have small affect, they affect only few cells 

 

. Histogram of difference values between costs -10% favorability map and non
vorability map. Each column represents individual values. 

 

Recent) also show large amounts of 
). The histograms of the 

affect only few cells 

10% favorability map and non-



Figure 4-26. Histogram showing individual difference values between non
and geochemical -10% map. Decreasing the data set by 10%
the upper spectrum of changes; although, the most frequent changes are in the lower portion. 
Overall, changes are large, indicating that this data set does influence the output.

Figure 4-27. Histogram showing individual difference values between non
and plays -10% map. Decreasing the data set by 10% causes a majority of changes in the 
medium portion. Small changes are also prevalent but are less than medium c
large changes are present. Overall, changes indicate that this data set does influence the 
output. 
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Histogram showing individual difference values between non-
Decreasing the data set by 10% causes a majority of changes in 

the upper spectrum of changes; although, the most frequent changes are in the lower portion. 
Overall, changes are large, indicating that this data set does influence the output.

 

. Histogram showing individual difference values between non
10% map. Decreasing the data set by 10% causes a majority of changes in the 

medium portion. Small changes are also prevalent but are less than medium c
large changes are present. Overall, changes indicate that this data set does influence the 

 

-age specific map 
causes a majority of changes in 

the upper spectrum of changes; although, the most frequent changes are in the lower portion. 
Overall, changes are large, indicating that this data set does influence the output. 

. Histogram showing individual difference values between non-age specific map 
10% map. Decreasing the data set by 10% causes a majority of changes in the 

medium portion. Small changes are also prevalent but are less than medium changes. Some 
large changes are present. Overall, changes indicate that this data set does influence the 



Figure 4-28. Histogram showing individual difference values between non
and basement to Paleogene isochron 
sporadic pattern of changes along the spectrum between small and large changes. Overall, 
changes are medium, indicating that this data set does influence the output but in tota
many cells are changed. 

Figure 4-29. Histogram showing individual difference values between non
and Paleogene to Miocene isochron 
sporadic pattern of changes along the spectrum between small and large changes. Overall, 
changes are medium, indicating that this data set does influence the output but in total not 
many cells are changed. 
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. Histogram showing individual difference values between non
asement to Paleogene isochron -10% map. Decreasing the data set by 10% causes a 

sporadic pattern of changes along the spectrum between small and large changes. Overall, 
changes are medium, indicating that this data set does influence the output but in tota
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and Paleogene to Miocene isochron -10% map. Decreasing the data set by 10% causes a 

radic pattern of changes along the spectrum between small and large changes. Overall, 
changes are medium, indicating that this data set does influence the output but in total not 
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10% map. Decreasing the data set by 10% causes a 

sporadic pattern of changes along the spectrum between small and large changes. Overall, 
changes are medium, indicating that this data set does influence the output but in total not 

. Histogram showing individual difference values between non-age specific map 
10% map. Decreasing the data set by 10% causes a 

radic pattern of changes along the spectrum between small and large changes. Overall, 
changes are medium, indicating that this data set does influence the output but in total not 



Figure 4-30. Histogram showing individual difference values between non
and Miocene to Recent isochron
pattern of changes along the spectrum between small and large changes. Most chan
medium and large, indicating that this data set does influence the output
cells are changed. 

Figure 4-31. Histogram showing individual difference values between non
and wells -10% map. Decreasing the data set by 10% causes almost all changes to occur in 
the lower spectrum of changes. Several anomalously high changes were calculated. Because 
zero values were ignored in the histogram, fewer data points were includ
set did not cause many changes overall.
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Histogram showing individual difference values between non
and Miocene to Recent isochron -10% map. Decreasing the data set by 10% causes a sporadic 
pattern of changes along the spectrum between small and large changes. Most chan
medium and large, indicating that this data set does influence the output but in total not many 

 

Histogram showing individual difference values between non
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Figure 4-32. Histogram showing individual difference values between non
and seeps -10% map. Decreasing the data set by 10% causes
in the lower spectrum of changes. Several anomalously medium and high changes were 
calculated. Because zero values were ignored in the histogram, fewer data points were 
included. Thus, this data set did not cause many chan

Framework variation. In order to investigate and illustrate the dependency of the 
methodology to the proposed framework, two examples of changes are analyzed: changing a 
gamma value and changing an FLO. 

The first change is to a gamma operator
features subcriteria, the gamma operator was chosen because it will combine the subcriteria 
taking all data inputs into account. Because the other geologic features subcriteria are highly 
interpretive, Section 3.1.5 suggests the use of a gamma operator in the decreasive zone of the 
gamma operation. The case study originally chose 0.8 as the gamma value. By changing the 
gamma value to 0.99 so that it is within the increasive zone, b
sum, the output will be among the highest possible. The entire framework was then 
reevaluated and compared to the original output favorability map. The differences are shown 
in Figure 4-33. As evident fro
are considerably larger than the original output. Almost all of the changes within the 
sedimentary basins have a favorability at least 0.1 greater than the original.
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Figure 4-33. Gamma value change affect on the output favorability map. 

The second change is to an FLO. The methodology proposed in Section 3.1.5 combines the 
economic and political subcriteria using the gamma operator with a gamma value in the 
decreasive or compromise zone. The case study used a compromise operator (Figure 4-6). By 
changing the gamma operator to FLO algebraic product, the smallest possible value will 
result when combining the economic and political subcriteria. The entire framework was then 
reevaluated using the new FLO. Figure 4-34 shows the differences of the output values 
between the original output favorability map with the proposed method and the output 
favorability map with a change to an FLO. This map shows that the highest difference is 
~0.117 and that the largest differences are located along the Venezuelan-Colombian border, 
offshore northwestern Colombia, and offshore Trinidad (Figure 4-35). 

 

Figure 4-34. FLO operator change affect on the output favorability map. 
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Figure 4-35. Largest differences resulting from changing an FLO in the framework. 

Sensitivity result. Based on the tables, maps, and histograms presented previously and 
contained in Appendix V, it is concluded that the proposed MCE fuzzy logic model is most 
sensitive to changes in the geochemical data and plays. The geochemical data is combined 
with other hard data subcriteria using FLO algebraic sum. This produces the largest output 
possible; thus, any change should be noticeable upon review. The plays are combined with 
FLO or, thus, choosing the higher plays value over isochrons/isopachs. If changes to the 
plays data set decrease the value to be less than the isochrons/isopachs, the output will then 
change. However, the results should be considered suspect as these two data sets were drawn 
by hand on a 1:11,000,000 scale map because actual data is not available for the study. 
Therefore, using industry data, these two data sets may not cause as much sensitivity in the 
output.  

Sources of error in the data sets used in the study and are also applicable sources of error for 
industry data are: 

• incorrect data interpretation: incorrectly interpreting data can lead to a different result 
(e.g. incorrectly interpreting faults on seismic data may lead to too many or too few); 
the only way to avoid this is by the experience of the interpreter and his/her geologic 
understanding of the geographic area; and 

• overly general data sets: using data sets that are overly generalized (e.g. no variation 
in plays data set) can lead to overly optimistic (where the fuzzy membership value is 
high) or overly pessimistic (where the fuzzy membership value is low) results. 

By changing the input values by ±10% and plotting the differences of the results from the 
original favorability map to the changed map on a histogram, the overall trend of the changes 
for each varied parameter is similar (i.e. +10% costs histogram appears to be a mirror image 
of -10% costs histogram). Map data sets with the majority of fuzzy membership values equal 
to 1 will not show large amounts of variation in the results when increasing the input data set 
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fuzzy membership values by a percentage, but will show variation in the results when 
decreasing the input data set fuzzy membership values by a percentage. 

Changes made to the other geologic features subcriteria gamma value overall resulted in large 
changes throughout the study area. The change of the gamma value from 0.8 to 0.99 
considerably increased the favorability. Thus, this supports the need for understanding the 
combined data when using the gamma operation; otherwise, too much influence may be 
assigned to a group of data sets. With less confidence in the combined data sets whether the 
lack of confidence is due to source, interpretation, accuracy, etc., a smaller gamma value 
should be used. 

Changes made to the economic and political subcriteria FLO, however, overall resulted in 
small changes throughout the study area. There were large changes (>0.1) but they did not 
cover large areas. Thus, changes to FLOs do not change the output considerably. 
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5. Conclusions 

This thesis set out to determine the most appropriate MCE method for petroleum exploration 
and to apply a sensitivity analysis to the MCE method in a spatial manner. Chapter 2 
reviewed the theory behind MCE methods and supported the use of fuzzy logic for petroleum 
exploration; Chapter 2 also concluded that one-at-a-time sensitivity analysis is appropriate for 
fuzzy logic models. Chapter 3 presented methodologies for the MCE and sensitivity analysis 
based on the literature of Chapter 2 and the data deemed appropriate for inclusion in the 
analysis. Chapter 4 applied the proposed methodologies to a case study. 

The analysis of the applied MCE method shows that it is useful for determining areas of 
potential exploration interest as the location verification results supported the results. The 
method is more detailed when age specific data sets are used because fewer data sets are 
included in order to show an age interval. The results are highly dependent on the quality of 
the input data sets (e.g. geochemical data, are the coverages so uniform?). The results are also 
highly dependent on the fuzzy membership values, the fuzzy logic operators, and the gamma 
value. The numerous examples throughout the thesis show this (see Figure 2-2, Figure 3-14, 
Figure 4-6, Figure 4-9, and Figure 4-10). Furthermore, the results are also dependent on data 
density which will vary from one company to the next. Interpretation of data and fuzzy 
membership value assignment will vary between geologists. Aside from the inherent 
subjectivity of the MCE method like all MCE methods, the method applied here has been 
shown as useful for general favorability by the verification locations supporting the output 
(see Table 4-3). The data sets can be improved in particular by using real data for plays, 
geochemical data, and traps, since in the model applied here, these were estimated values 
based on professional experience and knowledge of the Co-PI of CBTH. Incorporating more 
seismic data will also improve the seismic dependent data sets. If seismic data are included in 
non-covered areas, then a more complete data set would be available (see Figure 4-12). 

It is important to emphasize that this case study is highly dependent on the input data sets. 
The data sets are provided from CBTH, a university-based research consortium, which relies 
on publicly available data and data donated from petroleum companies for use in the 
consortium. Therefore, data density is not necessarily ideal in all cases and some petroleum 
companies may have more data within their proprietary access means. When analyzing the 
results of the fuzzy logic combinations, the possible lack of data must be accounted for. 

The sensitivity analysis showed that the model is sensitive to two input data sets, 
geochemical data and plays, which have been noted as needing improvement. The analysis 
was conducted in a spatial environment and results were related in map format. However, 
histograms from the map values were created for visual understanding of the quantifiable 
data. The produced maps (Appendix V) show that there is not a predictable spatial pattern for 
changes. Some data sets show the greatest change offshore (e.g. geochemical data, basement-
Paleogene isochron; Appendix V) while others show the greatest change onshore (e.g. costs, 
Cretaceous reservoir rock; Appendix V). In other cases, data sets show variation both onshore 
and offshore (e.g. Miocene fault density, traps; Appendix V); however, the data sets are not 
varying in the same locations between them. Only in the case of the oil and gas fields do the 
changes only occur onshore when the input is increased by 10% and only offshore when the 
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input is decreased by 10% (Appendix V). The seeps data set is similar in changing only 
offshore when the input is decreased by 10%; however, increasing the data set by 10% results 
in changes both onshore and offshore. 

It is important that the fuzzy membership values are chosen in a reliable manner and that the 
most reliable and accurate data is used. Choosing the most appropriate fuzzy logic operators 
for combining the data sets is highly important. The modeler must understand how the 
operators will perform. It is also important that the gamma values chosen for the gamma 
operations are chosen based on the input values and not an idealized value. Thus, the model 
operator must understand and be familiar with his/her data. If the proposed framework is 
used, however, the modeler can use the same fuzzy membership values, framework, and 
gamma values for his/her data sets (see Table 4-2 and Figure 4-5). 

This thesis concludes with possible future research topics from this study. Future research 
should include further sensitivity analysis such as: 

• varying input data sets by more than ±10% (i.e. ±15%, ±20%) in order to see further 
impact of the data sets because many data sets showed only small changes in the 
output (<5% change in the total favorability) by changing input values by ±10%; 

• varying more than one input data set at a time in order to investigate how data sets 
interact and if there are data dependencies; 

• removing data sets to determine if the data sets are not required in the model; 

• changing all fuzzy logic operators in a motivated way (i.e. not random; replace high 
gamma value operations with algebraic sum); and 

• varying more than one fuzzy logic operator in a motivated way at a time. 

Other directions of future research may include error propagation which was considered 
outside the scope of this thesis. Additionally, the methods proposed should be modeled using 
industry-level proprietary data since this thesis used academic-level data which is not as 
complete. However, the data allowed a good example of combining economic, political, 
geologic, and exploration data sets using fuzzy logic in a spatial environment which has not 
been accomplished before in applications for the petroleum industry. 
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Appendix I 

Original data sets and rasterized data sets used within the thesis. Refer to Chapter 5 for methods chosen to convert from vector format to raster 
format. In some instances, the data was already available in a raster format (noted as “Not Applicable” under the “Original data set” column). 

Original data set Rasterized data set 
Costs 
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Original data set Rasterized data set 
Risks 

  
Safety 
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Original data set Rasterized data set 
Geochemical data 

  
Oil and gas fields 
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Original data set Rasterized data set 
Oil and gas wells 

 
 

Oil and gas seeps 
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Original data set Rasterized data set 
Fault interpretation - basement 

 
 

Fault interpretation - Paleogene 
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Original data set Rasterized data set 
Fault interpretation - Miocene 

 
 

Fault interpretation – Surface/Seafloor 
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Original data set Rasterized data set 
Diapirs 

  
Isochron – Basement to Paleogene 

Not applicable. 
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Original data set Rasterized data set 
Isochron – Paleogene to Miocene 

Not applicable. 

 
Isochron – Miocene to Recent (Surface/Seafloor) 

Not applicable. 
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Original data set Rasterized data set 
Plays 

  
Source rock - Cretaceous 
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Original data set Rasterized data set 
Source rock – Lower Cenozoic 

  
Reservoir rock - Cretaceous 
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Original data set Rasterized data set 
Reservoir rock - Paleogene 

  
Reservoir rock - Miocene 
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Original data set Rasterized data set 
Traps 

  
Lithology - Cretaceous 
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Original data set Rasterized data set 
Lithology - Paleogene 

  
Lithology - Miocene 
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Original data set Rasterized data set 
Surface geology 

  
Sedimentary basins 
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Appendix II 

Fuzzy membership values in chart representation and applied to raster data sets (refer to Appendix I for original attributes) used in this. In all 
cases, the y-axis of the fuzzy membership value chart is the fuzzy membership value; the x-axis is the attribute of the data set. The fuzzy 
membership raster was used in the MCE fuzzy logic model. These are the subcriteria and constraints. 

Fuzzy membership value chart Fuzzy membership value raster 
Costs 
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Fuzzy membership value chart Fuzzy membership value raster 
Risks 

  
Safety 
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Fuzzy membership value chart Fuzzy membership value raster 
Geochemical data 

 
 

Oil and gas fields 
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Fuzzy membership value chart Fuzzy membership value raster 
Oil and gas wells 

 
 

Oil and gas seeps 
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Fuzzy membership value chart Fuzzy membership value raster 
Fault interpretation - basement 

 
 

Fault interpretation - Paleogene 
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Fuzzy membership value chart Fuzzy membership value raster 
Fault interpretation - Miocene 

 
 

Fault interpretation – Surface/Seafloor 
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Fuzzy membership value chart Fuzzy membership value raster 
Diapirs 

  
Isochron – Basement to Paleogene 
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Fuzzy membership value chart Fuzzy membership value raster 
Isochron – Paleogene to Miocene 

  
Isochron – Miocene to Recent (Surface/Seafloor) 
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Fuzzy membership value chart Fuzzy membership value raster 
Plays 

 
 

Source rock - Cretaceous 
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Fuzzy membership value chart Fuzzy membership value raster 
Source rock – Lower Cenozoic 

  
Reservoir rock - Cretaceous 

  
 

  



111 

 

Fuzzy membership value chart Fuzzy membership value raster 
Reservoir rock - Paleogene 

  
Reservoir rock - Miocene 
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Fuzzy membership value chart Fuzzy membership value raster 
Traps 

  
Lithology - Cretaceous 
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Fuzzy membership value chart Fuzzy membership value raster 
Lithology - Paleogene 

  
Lithology - Miocene 
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Fuzzy membership value chart Fuzzy membership value raster 
Surface geology 

  
Sedimentary basins 
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Appendix III. 
MCE fuzzy logic conceptual model shown in the ArcGIS™ Model Builder format. 

Model used for non-age specific favorability map. All data sets, regardless of age interval, are included in the calculation. 
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Model used for Cretaceous specific favorability map. All data sets of the Cretaceous age interval and non-age specific data sets are included in the calculation. 
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Model used for Paleogene specific favorability map. All data sets of the Paleogene age interval and non-age specific data sets are included in the calculation. 

 

 

 

 

 

 

 

 



118 

 

Model used for Miocene specific favorability map. All data sets of the Miocene age interval and non-age specific data sets are included in the calculation. 
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Appendix IV 

Script used to automate percentile production from ArcView™ ASCII files (Section 5.1). 
Script was written using python 2.6 (http://python.org/) and SciPy 0.9.0 (http://scipy.org/). 
Scripts written by A. Bingham. 

'''percentiles.py 
 
Read a population and a series of test values from files. For each 
test value, print that value followed by its percen tile in the 
population. 
 
[script name] [population file] [value file] 
''' 
 
import sys 
import scipy.stats as stats 
 
def read_population_file(filename): 
    '''Read the z-values from a file. 
 
    6-line header followed by space-delimited float  values. 
    Ignore values 0 and -9999. 
    ''' 
 
    result = [] 
 
    with open (filename, 'r') as f: 
        #skip header 
        for _ in range (6): f.readline() 
 
        #read each line in the file 
        for line in f: 
                #break the line up on spaces 
                line = line.split() 
 
                #read each individual value in the line 
                for val in line: 
                        val = float(val) 
 
                        #skip 0 and -9999 
                        if val == 0 or val == -9999 : 
                            continue 
 
                        #the value to our results a fter converting to a 
float 
                        result.append(val) 
    return result 
 
def read_values_file(filename): 
    '''Reads a series of data values from a file. 
 
    The format of the file is four columns: 
 
     x y value column-id 
 
    with any number of entries.  
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    This returns a list of the values. 
    ''' 
 
    result = [] 
    with open(filename, 'r') as f: 
        for line in f: 
            line = line.split() 
            result.append( 
                float(line[2])) 
    return result 
 
def run(): 
    if len(sys.argv) < 3 or '-h' in sys.argv: 
        print('usage: {0} <population filename> <va lues 
filename>'.format(sys.argv[0])) 
        sys.exit(0) 
 
    with open ('perc.txt', 'a') as perc_file: 
        perc_file.write('POPFILE VALFILE VALUE PERC ENTILE') 
 
        # Extract the filenames from the command-li ne arguments 
        population_filename = sys.argv[1] 
        value_filename = sys.argv[2] 
 
        # Read the population data from the file 
        population = read_population_file(populatio n_filename) 
 
        # Read the values from the file 
        values = read_values_file(value_filename) 
 
        # At this point you have two lists, `popula tion` and `values`. 
For 
        # each value we want to determine its perce ntile in the 
        # population. 
        #  
        # To do this we use the `scipy.stats.percen tileofscore` 
        # function: 
        # 
        #    
http://docs.scipy.org/doc/scipy/reference/generated /scipy.stats.percent
ileofscore.html?highlight=percentile#scipy.stats.pe rcentileofscore 
        #  
        # This is the in `scipy` module (closely re lated to 
        # `numpy`) which you can get from scipy.org  if you don't 
already 
        # have it. 
 
        for value in values: 
            pctl = stats.percentileofscore(populati on, value) 
            print('{0}\t{1}'.format(value, pctl)) 
 
            perc_file.write('{0} {1} {2} 
{3}\n'.format(population_filename, value_filename, value, pctl)) 
 
if __name__ == '__main__': 
    run() 
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Appendix V 

This appendix contains the results of comparing the non-age specific favorability map with 
modified maps by changing each input data set by ±10%. With each map set, the 
corresponding histogram of value differences is included. 

Histograms: The histograms show individual differences, thus each frequency count is for 
one value. +10% map histograms have the maximum value change on the left. Changes that 
are greater than -0.005 are considered small; changes between -0.005 and -0.01 are medium; 
changes less than -0.01 are considered large. -10% map histograms have the maximum value 
change on the right. Changes that are less than 0.005 are considered small; changes between 
0.005 and 0.01 are medium; changes greater than 0.01 are considered large. The frequency of 
0 is not included in the histograms. 

Impact of data set +10%: This map indicates the differences between the non-age specific 
map and the data set increased by 10%. Negative values indicate that the increased data set 
caused changes to be greater than the original data set. This is always the case unless there 
was no difference. 

Impact of data set -10%: This map indicates the differences between the non-age specific 
map and the data set decreased by 10%. Positive values indicate that the decreased data set 
caused changes to be less than the original data set. This is always the case unless there was 
no difference. 

Misleading results: It is important to keep in mind that the non-sedimentary basin areas are 
always equal to zero. Thus all of the maps appear to have large portions which were 
unchanged. The frequency of zero values cannot be relied upon alone.  

Data analysis was summarized in Section 4.2. 

  



Costs 
Histogram showing individual difference values between non
+10% map. The majority of the changes occur between the two most frequent value changes. 
Overall changes are small. Changes of +10% of this data set do not cause great variation in 
the output. 

Histogram showing individual difference values between
-10% map. The majority of the changes occur between the two most frequent value changes 
which are in the small and medium portions, but are concentrated in the small portion; there 
are few large changes. Overall changes are small.
cause great variation in the output.
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Histogram showing individual difference values between non-age specific map and costs 
The majority of the changes occur between the two most frequent value changes. 

Overall changes are small. Changes of +10% of this data set do not cause great variation in 

 

Histogram showing individual difference values between non-age specific map and costs 
The majority of the changes occur between the two most frequent value changes 

which are in the small and medium portions, but are concentrated in the small portion; there 
are few large changes. Overall changes are small. Changes of -10% of this data set do not 
cause great variation in the output. 

 

 

age specific map and costs 
The majority of the changes occur between the two most frequent value changes. 

Overall changes are small. Changes of +10% of this data set do not cause great variation in 

e specific map and costs  
The majority of the changes occur between the two most frequent value changes 

which are in the small and medium portions, but are concentrated in the small portion; there 
10% of this data set do not 
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Risks  
Histogram showing individual difference values between non
+10% map. Increasing the risks data set by 10% causes a majority of changes in th
spectrum of changes. Overall, changes are small, indicating that this data set does not highly 
influence the output. 

Histogram showing individual difference values between non
10% map. Decreasing the risks data set by 
spectrum of changes with many changes in the medium portion. Overall, changes are small, 
indicating that this data set does not highly influence the output.
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Histogram showing individual difference values between non-age specific map and risks 
Increasing the risks data set by 10% causes a majority of changes in th

spectrum of changes. Overall, changes are small, indicating that this data set does not highly 

 

Histogram showing individual difference values between non-age specific map and risks 
Decreasing the risks data set by 10% causes a majority of changes in the lower 

spectrum of changes with many changes in the medium portion. Overall, changes are small, 
indicating that this data set does not highly influence the output. 

 

 

age specific map and risks 
Increasing the risks data set by 10% causes a majority of changes in the lower 

spectrum of changes. Overall, changes are small, indicating that this data set does not highly 

age specific map and risks -
10% causes a majority of changes in the lower 

spectrum of changes with many changes in the medium portion. Overall, changes are small, 
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Safety 
Histogram showing individual difference va
+10% map. Increasing the data set by 10% causes a majority of changes in the middle to 
lower spectrum of changes. Overall, changes are small, indicating that this data set does not 
highly influence the output. 

Histogram showing individual difference values between non
10% map. Decreasing the data set by 10% causes a majority of changes in the middle to 
lower spectrum of changes. Overall, changes are small, indicating that this data 
highly influence the output. 
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Histogram showing individual difference values between non-age specific map and safety 
Increasing the data set by 10% causes a majority of changes in the middle to 

lower spectrum of changes. Overall, changes are small, indicating that this data set does not 

 

Histogram showing individual difference values between non-age specific map and safety 
Decreasing the data set by 10% causes a majority of changes in the middle to 

lower spectrum of changes. Overall, changes are small, indicating that this data 

 

 

age specific map and safety 
Increasing the data set by 10% causes a majority of changes in the middle to 

lower spectrum of changes. Overall, changes are small, indicating that this data set does not 

age specific map and safety -
Decreasing the data set by 10% causes a majority of changes in the middle to 

lower spectrum of changes. Overall, changes are small, indicating that this data set does not 
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Geochemical data 
Histogram showing individual difference values between non
geochemical +10% map. Increasing the data set by 10% causes a majority of changes in the 
upper spectrum of changes; although, the most frequent changes are in the lower portion. 
Overall, changes are large, indicating that this data set does influence the output.

Histogram showing individual difference values between non
geochemical -10% map. Decreasing the data set by 10% causes a majority of changes in the 
upper spectrum of changes; although, the most frequent changes are in the lower portion. 
Overall, changes are large, indicating that this data set does influence the output.
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Histogram showing individual difference values between non-age specific map and 
Increasing the data set by 10% causes a majority of changes in the 
s; although, the most frequent changes are in the lower portion. 

Overall, changes are large, indicating that this data set does influence the output.

 

Histogram showing individual difference values between non-age specific map and 
creasing the data set by 10% causes a majority of changes in the 

upper spectrum of changes; although, the most frequent changes are in the lower portion. 
Overall, changes are large, indicating that this data set does influence the output.

 

 

age specific map and 
Increasing the data set by 10% causes a majority of changes in the 
s; although, the most frequent changes are in the lower portion. 

Overall, changes are large, indicating that this data set does influence the output. 

age specific map and 
creasing the data set by 10% causes a majority of changes in the 

upper spectrum of changes; although, the most frequent changes are in the lower portion. 
Overall, changes are large, indicating that this data set does influence the output. 
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Oil and gas fields 
Histogram showing individual difference values between non
+10% map. Increasing the data set by 10% causes changes in the lower spectrum of changes. 
Overall, changes are small, indicating that this data set does not highly

Histogram showing individual difference values between non
10% map. Decreasing the data set by 10% causes the majority of changes in the lower 
spectrum of changes. There are some changes in the medium t
changes are small, indicating that this data set does not highly influence the output. The map 
supports this conclusion. 
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Histogram showing individual difference values between non-age specific map and fields 
Increasing the data set by 10% causes changes in the lower spectrum of changes. 

Overall, changes are small, indicating that this data set does not highly influence the output.

 

Histogram showing individual difference values between non-age specific map and fields
Decreasing the data set by 10% causes the majority of changes in the lower 

spectrum of changes. There are some changes in the medium to large portions. Overall, 
changes are small, indicating that this data set does not highly influence the output. The map 

 

 

age specific map and fields 
Increasing the data set by 10% causes changes in the lower spectrum of changes. 

influence the output. 

age specific map and fields -
Decreasing the data set by 10% causes the majority of changes in the lower 

o large portions. Overall, 
changes are small, indicating that this data set does not highly influence the output. The map 
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Oil and gas wells 
Histogram showing individual difference values between non
+10% map. Increasing the data set by 10% causes almost all changes to occur in the lower 
spectrum of changes. Some anomalously high changes were calculated. Overall, changes are 
small, indicating that this data set does not highly influence the output.

Histogram showing individual difference values between non
10% map. Decreasing the data set by 10% causes almost all changes to occur in the lower 
spectrum of changes. Several anomalously high changes were calculated. Because zer
values were ignored in the histogram, fewer data points were included. Thus, this data set did 
not cause many changes overall.
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Histogram showing individual difference values between non-age specific map and wells 
Increasing the data set by 10% causes almost all changes to occur in the lower 

spectrum of changes. Some anomalously high changes were calculated. Overall, changes are 
small, indicating that this data set does not highly influence the output. 

 

istogram showing individual difference values between non-age specific map and wells 
Decreasing the data set by 10% causes almost all changes to occur in the lower 

spectrum of changes. Several anomalously high changes were calculated. Because zer
values were ignored in the histogram, fewer data points were included. Thus, this data set did 
not cause many changes overall. The map supports this conclusion. 

 

 

age specific map and wells 
Increasing the data set by 10% causes almost all changes to occur in the lower 

spectrum of changes. Some anomalously high changes were calculated. Overall, changes are 

age specific map and wells -
Decreasing the data set by 10% causes almost all changes to occur in the lower 

spectrum of changes. Several anomalously high changes were calculated. Because zero 
values were ignored in the histogram, fewer data points were included. Thus, this data set did 
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Oil and gas seeps 
Histogram showing individual difference values between non
+10% map. Increasing the data set by 10% causes almost all changes to occur in the lower 
spectrum of changes. Except for a minimal number of large changes, overall, changes are 
small, indicating that this data set does not highly influence t

Histogram showing individual difference values between non
10% map. Decreasing the data set by 10% causes the majority of changes to occur in the 
lower spectrum of changes. Several anomalously medium and high change
Because zero values were ignored in the histogram, fewer data points were included. Thus, 
this data set did not cause many changes overall. The map supports this conclusion.
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Histogram showing individual difference values between non-age specific
Increasing the data set by 10% causes almost all changes to occur in the lower 

spectrum of changes. Except for a minimal number of large changes, overall, changes are 
small, indicating that this data set does not highly influence the output. 

 

Histogram showing individual difference values between non-age specific map and seeps
Decreasing the data set by 10% causes the majority of changes to occur in the 

lower spectrum of changes. Several anomalously medium and high change
Because zero values were ignored in the histogram, fewer data points were included. Thus, 
this data set did not cause many changes overall. The map supports this conclusion.

 

 

age specific map and seeps 
Increasing the data set by 10% causes almost all changes to occur in the lower 

spectrum of changes. Except for a minimal number of large changes, overall, changes are 

age specific map and seeps -
Decreasing the data set by 10% causes the majority of changes to occur in the 

lower spectrum of changes. Several anomalously medium and high changes were calculated. 
Because zero values were ignored in the histogram, fewer data points were included. Thus, 
this data set did not cause many changes overall. The map supports this conclusion. 
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Basement fault density 
Histogram showing individual differe
fault density +10% map. Increasing the data set by 10% causes 
spectrum of changes. Overall, changes are 
influence the output. 

Histogram showing individual difference values between non
fault density -10% map. Decreasing the data set by 10% causes all changes in the lower 
spectrum of changes. Overall, changes are small, indicating that this data set does 
influence the output. 
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Histogram showing individual difference values between non-age specific map and basement 
Increasing the data set by 10% causes all changes in the lower 

spectrum of changes. Overall, changes are small, indicating that this data set does

 

ogram showing individual difference values between non-age specific map and basement 
Decreasing the data set by 10% causes all changes in the lower 

spectrum of changes. Overall, changes are small, indicating that this data set does 

 

 

age specific map and basement 
changes in the lower 

, indicating that this data set does not 

age specific map and basement 
Decreasing the data set by 10% causes all changes in the lower 

spectrum of changes. Overall, changes are small, indicating that this data set does not 
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Paleogene fault density 
Histogram showing individual difference values between non
Paleogene fault density +10% map.
lower spectrum of changes. Over
influence the output. 

Histogram showing individual difference values between non
Paleogene fault density -10% map. 
lower spectrum of changes. Overall, changes are small, indicating that this data set does not 
influence the output. 
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Histogram showing individual difference values between non-age specific map and 
Paleogene fault density +10% map. Increasing the data set by 10% causes all changes in the 
lower spectrum of changes. Overall, changes are small, indicating that this data set does not 

 

Histogram showing individual difference values between non-age specific map and 
10% map. Decreasing the data set by 10% causes all changes in th

lower spectrum of changes. Overall, changes are small, indicating that this data set does not 

 

 

age specific map and 
Increasing the data set by 10% causes all changes in the 

all, changes are small, indicating that this data set does not 

age specific map and 
Decreasing the data set by 10% causes all changes in the 

lower spectrum of changes. Overall, changes are small, indicating that this data set does not 
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Miocene fault density 
Histogram showing individual difference values between non
fault density +10% map. Increasing the data set by 10% causes all changes in the lower 
spectrum of changes. Overall, changes are small, indicating that this data set does not 
influence the output. 

Histogram showing individual difference values between non
fault density -10% map. Decreasing the data set by 10% causes all changes in the lower 
spectrum of changes. Overall, changes are small, indicating that this data set does not 
influence the output. 
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Histogram showing individual difference values between non-age specific map and Miocene 
Increasing the data set by 10% causes all changes in the lower 

spectrum of changes. Overall, changes are small, indicating that this data set does not 

 

Histogram showing individual difference values between non-age specific map and 
Decreasing the data set by 10% causes all changes in the lower 

spectrum of changes. Overall, changes are small, indicating that this data set does not 

 

 

age specific map and Miocene 
Increasing the data set by 10% causes all changes in the lower 

spectrum of changes. Overall, changes are small, indicating that this data set does not 

age specific map and Miocene 
Decreasing the data set by 10% causes all changes in the lower 

spectrum of changes. Overall, changes are small, indicating that this data set does not 
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Seafloor fault density 
Histogram showing individual difference values between non
fault density +10% map. Increasing the data set by 10% causes change in the lower portions 
of the spectrum of changes. Overall, changes are small, indicating that this data set does not 
highly influence the output. 

Histogram showing individual difference values between non
fault density -10% map. Decreasing the data set by 10% causes change in the lower portions 
of the spectrum of changes. Overall, changes are s
highly influence the output. 
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dual difference values between non-age specific map and seafloor 
Increasing the data set by 10% causes change in the lower portions 

of the spectrum of changes. Overall, changes are small, indicating that this data set does not 

 

Histogram showing individual difference values between non-age specific map and seafloor 
Decreasing the data set by 10% causes change in the lower portions 

of the spectrum of changes. Overall, changes are small, indicating that this data set does not 

 

 

age specific map and seafloor 
Increasing the data set by 10% causes change in the lower portions 

of the spectrum of changes. Overall, changes are small, indicating that this data set does not 

age specific map and seafloor 
Decreasing the data set by 10% causes change in the lower portions 

mall, indicating that this data set does not 
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Diapirs 
Histogram showing individual difference values between non
+10% map. Increasing the data set by 10% causes all changes in the lower spectrum 
changes, indicating that this data set does not highly influence the output.

Histogram showing individual difference values between non
10% map. Decreasing the data set by 10% causes all changes in the lower spectrum of 
changes, indicating that this data set does not highly influence the output.
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Histogram showing individual difference values between non-age specific map and diapirs 
Increasing the data set by 10% causes all changes in the lower spectrum 

changes, indicating that this data set does not highly influence the output. 

 

Histogram showing individual difference values between non-age specific map and diapirs 
Decreasing the data set by 10% causes all changes in the lower spectrum of 

hanges, indicating that this data set does not highly influence the output. 

 

 

age specific map and diapirs 
Increasing the data set by 10% causes all changes in the lower spectrum of 

age specific map and diapirs -
Decreasing the data set by 10% causes all changes in the lower spectrum of 
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Basement to Paleogene isochron
Histogram showing individual difference values between non
to Paleogene isochron +10% map.
changes in the lower spectrum of changes. Some medium to large changes are present. 
Overall, changes are small, indicating that this data set does not highly influence the output.

Histogram showing individual difference values
to Paleogene isochron -10% map.
changes along the spectrum between small and large changes. Overall, changes are medium, 
but in total not many cells are 
output. 
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Basement to Paleogene isochron 
Histogram showing individual difference values between non-age specific map and basement 
to Paleogene isochron +10% map. Increasing the data set by 10% causes a majority of 
changes in the lower spectrum of changes. Some medium to large changes are present. 
Overall, changes are small, indicating that this data set does not highly influence the output.

 

Histogram showing individual difference values between non-age specific map and basement 
10% map. Decreasing the data set by 10% causes a sporadic pattern of 

changes along the spectrum between small and large changes. Overall, changes are medium, 
but in total not many cells are changed, indicating that this data set does not influence the 

 

 

age specific map and basement 
by 10% causes a majority of 

changes in the lower spectrum of changes. Some medium to large changes are present. 
Overall, changes are small, indicating that this data set does not highly influence the output. 

age specific map and basement 
Decreasing the data set by 10% causes a sporadic pattern of 

changes along the spectrum between small and large changes. Overall, changes are medium, 
indicating that this data set does not influence the 
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Paleogene to Miocene isochron
Histogram showing individual difference values between non
Paleogene to Miocene isochron +10% map.
of changes in the lower spectrum of changes. Some medium to large changes are present. 
Overall, changes are small, indicating that this data set does not highly influence the output.

Histogram showing individual difference values between
Paleogene to Miocene isochron
pattern of changes along the spectrum between small and large changes. 
medium, but in total not many cells are changed,
influence the output. 
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Paleogene to Miocene isochron 
Histogram showing individual difference values between non-age specific map and 
Paleogene to Miocene isochron +10% map. Increasing the data set by 10% c
of changes in the lower spectrum of changes. Some medium to large changes are present. 
Overall, changes are small, indicating that this data set does not highly influence the output.

 

Histogram showing individual difference values between non-age specific map and 
Paleogene to Miocene isochron -10% map. Decreasing the data set by 10% causes a sporadic 
pattern of changes along the spectrum between small and large changes. Overall, changes are 
medium, but in total not many cells are changed, indicating that this data set does not 

 

 

age specific map and 
Increasing the data set by 10% causes a majority 

of changes in the lower spectrum of changes. Some medium to large changes are present. 
Overall, changes are small, indicating that this data set does not highly influence the output. 

age specific map and 
Decreasing the data set by 10% causes a sporadic 

Overall, changes are 
indicating that this data set does not 
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Miocene to Recent isochron
Histogram showing individual difference values between non
to Recent isochron +10% map.
in the lower spectrum of changes. Some medium to large changes are present. Overall, 
changes are small, indicating that this data set does not highly influence the output.

Histogram showing individual difference values between non
to Recent isochron -10% map.
changes along the spectrum between small and large changes. 
but in total not many cells are changed,
output. 
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Miocene to Recent isochron 
Histogram showing individual difference values between non-age specific map and Miocene 
to Recent isochron +10% map. Increasing the data set by 10% causes a majority of changes 
in the lower spectrum of changes. Some medium to large changes are present. Overall, 
changes are small, indicating that this data set does not highly influence the output.

 

vidual difference values between non-age specific map and Miocene 
10% map. Decreasing the data set by 10% causes a sporadic pattern of 

changes along the spectrum between small and large changes. Overall, changes are medium, 
not many cells are changed, indicating that this data set does not influence the 

 

 

age specific map and Miocene 
Increasing the data set by 10% causes a majority of changes 

in the lower spectrum of changes. Some medium to large changes are present. Overall, 
changes are small, indicating that this data set does not highly influence the output. 

age specific map and Miocene 
Decreasing the data set by 10% causes a sporadic pattern of 

Overall, changes are medium, 
indicating that this data set does not influence the 
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Plays 
Histogram showing individual difference values between non
+10% map. Increasing the data set by 10% causes a majority of changes 
medium spectrum of changes. Some large changes are present. Overall, changes are small
lower medium, indicating that this data set does not highly influence the output.

Histogram showing individual difference values between non
10% map. Decreasing the data set by 10% causes a majority of changes in the medium 
portion. Small changes are also prevalent but are less than medium changes. Some large 
changes are present. Overall, changes indicate that this data set d
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Histogram showing individual difference values between non-age specific map and plays 
Increasing the data set by 10% causes a majority of changes 

spectrum of changes. Some large changes are present. Overall, changes are small
, indicating that this data set does not highly influence the output.

 

Histogram showing individual difference values between non-age specific map and plays 
Decreasing the data set by 10% causes a majority of changes in the medium 

portion. Small changes are also prevalent but are less than medium changes. Some large 
changes are present. Overall, changes indicate that this data set does influence the output.

 

 

age specific map and plays 
Increasing the data set by 10% causes a majority of changes in the lower and 

spectrum of changes. Some large changes are present. Overall, changes are small-
, indicating that this data set does not highly influence the output. 

fic map and plays -
Decreasing the data set by 10% causes a majority of changes in the medium 

portion. Small changes are also prevalent but are less than medium changes. Some large 
oes influence the output. 
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Cretaceous source rock 
Histogram showing individual difference values between non
Cretaceous source rock +10% map.
lower spectrum of changes. Overal
highly influence the output. 

Histogram showing individual difference values between non
Cretaceous source rock -10% map.
lower spectrum of changes. Overall, changes are small, indicating that this data set does not 
highly influence the output. 

154 

Histogram showing individual difference values between non-age specific map and 
Cretaceous source rock +10% map. Increasing the data set by 10% causes all changes in the 
lower spectrum of changes. Overall, changes are small, indicating that this data set does not 

 

Histogram showing individual difference values between non-age specific map and 
10% map. Decreasing the data set by 10% causes all changes i

lower spectrum of changes. Overall, changes are small, indicating that this data set does not 

 

 

age specific map and 
Increasing the data set by 10% causes all changes in the 

l, changes are small, indicating that this data set does not 

age specific map and 
Decreasing the data set by 10% causes all changes in the 

lower spectrum of changes. Overall, changes are small, indicating that this data set does not 
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Lower Cenozoic source rock
Histogram showing individual difference values between non
Cenozoic source rock +10% map.
lower spectrum of changes. Overall, changes are small, indicating that this data set does not 
highly influence the output. 

Histogram showing individual difference values betwee
Cenozoic source rock -10% map.
lower spectrum of changes. Overall, changes are small, indicating that this data set does not 
highly influence the output. 
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Lower Cenozoic source rock 
Histogram showing individual difference values between non-age specific map and Lower 

ource rock +10% map. Increasing the data set by 10% causes all changes in the 
lower spectrum of changes. Overall, changes are small, indicating that this data set does not 

 

Histogram showing individual difference values between non-age specific map and Lower 
10% map. Decreasing the data set by 10% causes all changes in the 

lower spectrum of changes. Overall, changes are small, indicating that this data set does not 

 

 

age specific map and Lower 
Increasing the data set by 10% causes all changes in the 

lower spectrum of changes. Overall, changes are small, indicating that this data set does not 

age specific map and Lower 
Decreasing the data set by 10% causes all changes in the 

lower spectrum of changes. Overall, changes are small, indicating that this data set does not 
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Cretaceous reservoir rock
Histogram showing individual difference values between non
Cretaceous reservoir rock +10% map.
the lower spectrum of changes. Overall, changes are small, indicating
not highly influence the output.

Histogram showing individual difference values between non
Cretaceous reservoir rock -10% map.
the lower spectrum of changes. Overall, changes are small, indicating that this data set does 
not highly influence the output.
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us reservoir rock 
Histogram showing individual difference values between non-age specific map and 
Cretaceous reservoir rock +10% map. Increasing the data set by 10% causes all changes in 
the lower spectrum of changes. Overall, changes are small, indicating that this data set does 
not highly influence the output. 

 

Histogram showing individual difference values between non-age specific map and 
10% map. Decreasing the data set by 10% causes all changes in 
es. Overall, changes are small, indicating that this data set does 

not highly influence the output. 

 

 

age specific map and 
Increasing the data set by 10% causes all changes in 

that this data set does 

age specific map and 
Decreasing the data set by 10% causes all changes in 

es. Overall, changes are small, indicating that this data set does 
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Paleogene reservoir rock 
Histogram showing individual difference values between non
Paleogene reservoir rock +10% map.
lower spectrum of changes. Overall, changes are small, indicating that this data set does not 
highly influence the output. 

Histogram showing individual difference values between non
Paleogene reservoir rock -10% map.
lower spectrum of changes. Overall, changes are small, indicating that this data set does not 
highly influence the output. 
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Histogram showing individual difference values between non-age specific map and 
Paleogene reservoir rock +10% map. Increasing the data set by 10% causes all changes in the 
lower spectrum of changes. Overall, changes are small, indicating that this data set does not 

 

Histogram showing individual difference values between non-age specific map and 
10% map. Decreasing the data set by 10% causes all changes in the 

lower spectrum of changes. Overall, changes are small, indicating that this data set does not 

 

 

age specific map and 
he data set by 10% causes all changes in the 

lower spectrum of changes. Overall, changes are small, indicating that this data set does not 

age specific map and 
Decreasing the data set by 10% causes all changes in the 

lower spectrum of changes. Overall, changes are small, indicating that this data set does not 
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Miocene reservoir rock 
Histogram showing individual difference values between non
reservoir rock +10% map. Increasing the data set by 10% causes all changes in the lower 
spectrum of changes. Overall, changes are small, indicating that this data set does not highly 
influence the output. 

Histogram showing individual difference values between non
reservoir rock -10% map. Decreasing the data set by 10% causes all changes in the lower 
spectrum of changes. Overall, changes are small, indicating t
influence the output. 
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dividual difference values between non-age specific map and Miocene 
Increasing the data set by 10% causes all changes in the lower 

spectrum of changes. Overall, changes are small, indicating that this data set does not highly 

 

Histogram showing individual difference values between non-age specific map and Miocene 
Decreasing the data set by 10% causes all changes in the lower 

spectrum of changes. Overall, changes are small, indicating that this data set does not highly 

 

 

age specific map and Miocene 
Increasing the data set by 10% causes all changes in the lower 

spectrum of changes. Overall, changes are small, indicating that this data set does not highly 

age specific map and Miocene 
Decreasing the data set by 10% causes all changes in the lower 

hat this data set does not highly 
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Traps 
Histogram showing individual difference values between non
+10% map. Increasing the data set by 10% causes all changes in the lower spectrum of 
changes. Overall, changes are small, indicating that this data set does not highly influence the 
output. 

Histogram showing individual difference values between non
10% map. Decreasing the data set by 10% causes all changes in the lower spectrum 
changes. Overall, changes are small, indicating that this data set does not highly influence the 
output. 
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Histogram showing individual difference values between non-age specific map and traps 
Increasing the data set by 10% causes all changes in the lower spectrum of 

hanges are small, indicating that this data set does not highly influence the 

 

Histogram showing individual difference values between non-age specific map and traps 
Decreasing the data set by 10% causes all changes in the lower spectrum 

changes. Overall, changes are small, indicating that this data set does not highly influence the 

 

 

age specific map and traps 
Increasing the data set by 10% causes all changes in the lower spectrum of 

hanges are small, indicating that this data set does not highly influence the 

age specific map and traps -
Decreasing the data set by 10% causes all changes in the lower spectrum of 

changes. Overall, changes are small, indicating that this data set does not highly influence the 
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Cretaceous lithology 
Histogram showing individual difference values between non
Cretaceous lithology +10% map.
lower spectrum of changes. Overall, changes are small, indicating that this data set does not 
highly influence the output. 

Histogram showing individual difference values between non
Cretaceous lithology -10% map.
lower spectrum of changes. Overall, changes are small, indicating that this data set does not 
highly influence the output. 
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Histogram showing individual difference values between non-age specific map and 
Cretaceous lithology +10% map. Increasing the data set by 10% causes all changes in the 
lower spectrum of changes. Overall, changes are small, indicating that this data set does not 

 

Histogram showing individual difference values between non-age specific map and 
10% map. Decreasing the data set by 10% causes all changes in the 

lower spectrum of changes. Overall, changes are small, indicating that this data set does not 

 

 

age specific map and 
he data set by 10% causes all changes in the 

lower spectrum of changes. Overall, changes are small, indicating that this data set does not 

age specific map and 
Decreasing the data set by 10% causes all changes in the 

lower spectrum of changes. Overall, changes are small, indicating that this data set does not 
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Paleogene lithology 
Histogram showing individua
Paleogene lithology +10% map.
lower spectrum of changes. Overall, changes are small, indicating that this data set does not 
highly influence the output. 

Histogram showing individual difference values between non
Paleogene lithology -10% map.
lower spectrum of changes. Overall, changes are small, indicating that this data
highly influence the output. 
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Histogram showing individual difference values between non-age specific map and 
Paleogene lithology +10% map. Increasing the data set by 10% causes all changes in the 
lower spectrum of changes. Overall, changes are small, indicating that this data set does not 

 

Histogram showing individual difference values between non-age specific map and 
10% map. Decreasing the data set by 10% causes all changes in the 

lower spectrum of changes. Overall, changes are small, indicating that this data

 

 

age specific map and 
Increasing the data set by 10% causes all changes in the 

lower spectrum of changes. Overall, changes are small, indicating that this data set does not 

age specific map and 
Decreasing the data set by 10% causes all changes in the 

lower spectrum of changes. Overall, changes are small, indicating that this data set does not 
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Miocene lithology 
Histogram showing individual difference values between non
lithology +10% map. Increasing the data set by 10% causes all changes in the lower spectrum 
of changes. Overall, changes are small, indicating that this data set does not highly influence 
the output. 

Histogram showing individual difference values between non
lithology -10% map. Decreasing the data set by 10% causes all changes
of changes. Overall, changes are small, indicating that this data set does not highly influence 
the output. 
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Histogram showing individual difference values between non-age specific map and Miocene 
Increasing the data set by 10% causes all changes in the lower spectrum 

Overall, changes are small, indicating that this data set does not highly influence 

 

Histogram showing individual difference values between non-age specific map and Miocene 
Decreasing the data set by 10% causes all changes in the lower spectrum 

of changes. Overall, changes are small, indicating that this data set does not highly influence 

 

 

age specific map and Miocene 
Increasing the data set by 10% causes all changes in the lower spectrum 

Overall, changes are small, indicating that this data set does not highly influence 

age specific map and Miocene 
in the lower spectrum 

of changes. Overall, changes are small, indicating that this data set does not highly influence 
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Surface geology 
Histogram showing individual difference values between non
geology +10% map. Increasing the data set by 10% causes all changes in the lower spectrum 
of changes. Overall, changes are small, indicating that this data set does not highly influence 
the output. 

Histogram showing individual difference values between non
geology -10% map. Decreasing the data set by 10% causes all changes in the lower spectrum 
of changes. Overall, changes are small, indicating that this data set does not highly influence 
the output. 
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Histogram showing individual difference values between non-age specific map and surface 
Increasing the data set by 10% causes all changes in the lower spectrum 

of changes. Overall, changes are small, indicating that this data set does not highly influence 

 

Histogram showing individual difference values between non-age specific m
Decreasing the data set by 10% causes all changes in the lower spectrum 

of changes. Overall, changes are small, indicating that this data set does not highly influence 

 

 

age specific map and surface 
Increasing the data set by 10% causes all changes in the lower spectrum 

of changes. Overall, changes are small, indicating that this data set does not highly influence 

age specific map and surface 
Decreasing the data set by 10% causes all changes in the lower spectrum 

of changes. Overall, changes are small, indicating that this data set does not highly influence 
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Appendix VI 

Script used to automate histogram production from ArcView™ ASCII files (Appendix V) 
and statistical counts (Section 4.2). Script was written using python 2.6 (http://python.org/), 
matplotlib 1.0 (http://matplotlib.sourceforge.net/), and NumPy 1.5.1 (http://numpy.scipy.org/). 
Scripts written by A. Bingham. 

import matplotlib.pyplot as plt 
import glob 
 
def read_file(filename): 
    '''Read z-values from a file. 
    The format is a 6-line header followed by a bun ch of space-
delimited float values. 
 
    Ignore 0 and -9999. 
    ''' 
 
    result = [] 
 
    with open(filename, 'r') as f: 
        # skip header 
        for _ in range(6): f.readline() 
 
        # read each line in the file 
        for line in f: 
            # break the line up on spaces 
            line = line.split() 
 
            # read each individual value in the lin e 
            for val in line: 
                val = float(val) 
 
                # skip 0 and -9999 
                if val == 0 or val == -9999: 
                    continue 
                 
                # the value to our results after co nverting to a float 
                result.append(val) 
 
    return result 
 
def summarize(values): 
    '''Convert a series of values into a dictionary  mapping the value 
to the count of the values. 
    ''' 
    counts = {} 
    for v in values: 
        if v not in counts: 
            counts[v] = 0 
        counts[v] = counts[v] + 1 
    return counts 
     
def plot(counts): 
    '''Draw a plot of the results of a call to `sum marize()` 
    ''' 
    keys = counts.keys() 
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    keys.sort() 
    values = [counts[k] for k in keys] 
    plt.plot(keys, values) 
    plt.xlabel('Difference') 
    plt.ylabel('Count') 
    #plt.show() 
 
def find_mf_count(counts): 
    '''Find the value with the greatest count in th e results of 
`summarize()`. 
    ''' 
    max_count = 0 
    max_val = 0 
    for value,count in counts.items(): 
        if count > max_count: 
            max_count = count 
            max_val = value 
    return max_val, max_count 
 
def find_max_value(counts): 
    '''Find the maximum value and its frequency 
    ''' 
    mv = max(counts.keys()) 
    return mv, counts[mv] 
 
def find_min_value(counts): 
    '''Find the minimum value and its frequency 
    ''' 
    nv = min(counts.keys()) 
    return nv, counts[nv] 
 
def run(): 
    import sys 
 
    with open('stats.txt', 'a') as stats_file: 
        '''MF means most frequent; MF_count is the frequency that the 
value appears; MAX is the maximum value in the data  set 
            glob allows the wildcard to work 
            mfv and mfc correspond to the most freq uent value and 
count, respectively 
            mv and mvc correspond to the maximum va lue and count, 
respectively - required for -10% maps 
            nv and nvc correspond to the minimum va lue and count, 
respectively - required for +10% maps 
        ''' 
        stats_file.write('FILENAME MF_VALUE MF_COUN T MAX_VALUE 
MAX_VALUE_COUNT MIN_VALUE MIN_VALUE_COUNT\n') 
        for dirname in sys.argv[1:]: 
            print("directory", dirname) 
            for filename in glob.glob('{0}\*.txt'.f ormat(dirname)): 
                print('Processing', filename) 
                '''the try exception will allow the  program to continue 
if there is a problem reading a file. glob is only choosing txt files. 
                    if error occurs, verify it is n ot a file that 
should be processed. 
                ''' 
                try: 
                    values = read_file(filename) 
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                except Exception: 
                    print('Error processing {0}'.fo rmat(filename)) 
                    print(sys.exc_info()) 
                    continue 
                 
                counts = summarize(values) 
                mfv, mfc = find_mf_count(counts) 
                mv, mvc = find_max_value(counts) 
                nv, nvc = find_min_value(counts) 
                stats_file.write('{0} {1} {2} {3} { 4} {5} 
{6}\n'.format(filename, mfv, mfc, mv, mvc, nv, nvc) ) 
             
                plot(counts) 
                plt.savefig('{0}.png'.format(filena me)) 
                plt.close() 
 
if __name__ == '__main__': 
    run()  
 


