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Abstract

This paper describes a prototype system for the prediction of parameters associ-
ated with a geological prospect, required for assessing the likelihood of hydrocarbons
at the prospect. A principle characteristic of expert reasoning in this domain involves
the recall and use of previous examples (‘exemplars’) of similar, already-drilled wells
in addition to the use of general rules concerning known parameters of the prospect.
Such reasoning is a common feature of human problem-solving, and involves gener-
ation and use of generalisations at run-time when a performance task is known, in
contrast to an exhaustive enumeration of generalisations from examples before the
performance task is known as performed by many rule induction systems. In this
paper we describe the mechanisms for such exemplar-based reasoning in the proto-
type system, and discuss the characteristics of the problem domain which suggest the
appropriateness of this approach.

1 Introduction

In the search for hydrocarbons such as oil and gas, the sites of potential prospects need
to be appraised to assess if there are likely to be hydrocarbons present, and if so in what
quantities. This task of prospect appraisal is large and complex. This paper describes the
application of exemplar-based reasoning methods to one of the sub-problems of this larger
task, namely that of determining various numerical parameters of the prospect such as
the thickness or porosity of the oil reservoir there, required for making the full appraisal.
The system has been developed as a simple prototype to investigate the application of
expert systems in this area, and identify potential directions and potential problems for
further development.

Rather than storing general rules for inferring porosity (say) from a prospect’s at-
tributes, we store specific examples (‘exemplars’) plus a mechanism for generalising from
those examples to the new prospect. It is this which characterises the exemplar-based
approach. In our case, the specific exemplars are the (already drilled) nearby wells. Given
a prospect to assess, a general explanation of exemplars most related to the prospect is
formed using a simple theory formation module, and then applied to the new prospect.
Note that the system does not permanently store the general rules for inferring porosity
(say) directly from a prospect’s attributes — instead the appropriate generalisations are
generated at run-time when a particular prospect is to be assessed, and discarded after
use.



The principle motivation for this approach follows from interviews with geological
experts, as it is a method of reasoning which they were found to use for this particular
task. Additionally, in order to offer explanations it is not sufficient simply to present
the general theories but also the justifications for the formation of those theories, also
requiring a modelling of this theory formation process. Finally, as new wells are drilled,
predictions at a prospect may change — for the system to be adaptable to such changing
circumstances a model of the theory formation process itself is required. We discuss these
motivations in more detail later.

2 Problem Description

For the appraisal of a geological prospect (ie. an undrilled site), there are three principle
sources of information:

e Seismic information
e well logs, ie. information about drilled sites
e Geological theory

Seismic data provides, amongst other things, information about cross-sectional slices of
rock stratain a region, helping experts to form a 3-dimensional model of how the different
rock layers lie. This information is noisy and approximate, and some information (eg.
what type of rock forms each layer) cannot in general be deduced solely from seismics.
Well logs are produced from well drillings, and provide detailed information about the
rock strata at different depths. They act as detailed but (often) sparse data points on
a map of a region. From this information, the experts are to produce an estimate of
the likelihood of there being hydrocarbons present at the prospect, and if so in what
quantities.

The task of appraising a geological prospect for hydrocarbons is formidable. Typically
it takes a small team of highly trained experts several weeks of work, involving the sifting
of a large amount of data, to produce a final estimate of the likelihood of there being
hydrocarbons present in the prospect. The appraisal process involves much reasoning
about spatial relationships, models of geophysical processes, and the ability to reason
with rich but sparsely placed reference points of well data plus large quantities of seismic
data. A large amount of experience is required to produce an accurate appraisal, and
even then experts themselves frequently disagree, resolutions occurring only after much
discussion. In addition, there is limited feedback from the results of actual drilling;
as experts predict probabilities of finding oil (typically < 0.4), the correctness of these
probability measures can only be judged for sets of wells rather than for individual wells.

Consequently, existing applications of expert systems to prospect appraisal only tackle
small parts of the problem, as to perform the entire appraisal task working from basic well
logs and seismic sections is beyond the scope of current technology. In figure 1 we present
a general description of the different levels of the appraisal task, to set a framework for
describing the roles of this and other systems applied to prospect appraisal.

Several existing expert system applications in prospect appraisal (and related fields)
address the higher level of this problem structure, requiring that high level information
(eg. fault sealing quality) has already been assessed. Examples of such systems are SPI1-2
[8], Prospector [6] (in the related field of assessing mineral deposits) and Explorationist
[12] (for assessing the amount of oil at a prospect). Prospector, for instance, takes as input
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Figure 1: Tasks in prospect appraisal
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the answers to questions such as “is there evidence for the local absence of sulphur-bearing
iron formation?”, or SPII-2 “what is the thickness of the source rock?”. In answering
these questions, a large amount of work is required of the expert to interpret seismic data
and well logs.

Other systems have addressed the intermediate level of the prospect appraisal task
shown in figure 1, namely that of calculating basic parameters required to assess a
prospect, but assume that the low level interpretation of well logs and seismic sections has
already been performed. For example, the system Mendel [15] assesses the probability of
different rock formations being present, and the system Denvad [16] assesses the paeleo-
depositional environment of a given rock formation, both taking as input interpreted well
log data.

This intermediate level is the level which the prototype system described here ad-
dresses. As input, the system takes interpreted well logs and seismic information, and as
output produces predictions of various parameter values associated with the hydrocarbon
reservoir at the prospect. The particular parameter values we have focused on have been
the reservoir thickness and porosity at the prospect site.

Finally, expert systems have also been applied to the lowest level of interpretation,
working directly with the well logs and seismic sections. Examples are the systems Litho
[2] and Dipmeter Advisor [5]. These systems include pattern recognition modules which
interpret the well log plots directly, and produce output about the stratigraphic features
at the wells. In the case of Litho, its output was directly used as input to Denvad (above)
for further interpretation.

3 The Exemplar-Based Approach

3.1 Concept Representation

Any system which is to reason about concepts needs to have some representation of those
concepts within them. Two complementary theories of concept representation, arising
in part from work in philosophy, have been particularly studied in artificial intelligence
research. Intentional theories advocate that concepts be represented by general state-
ments, identifying the important characteristics of concept members. Such statements



might be expressed as production rules (eg. in the system R1 [10]) or statements in
logic (eg. in Marvin [13]). This form of representation forms the basis of many expert
systems. Extensional theories, however, advocate that a concept be represented by the
set (or a subset) of ezamples (‘exemplars’) of it plus a mechanism for generalising from
those specific cases to new cases as they arise.

In many expert system applications such as medical diagnosis [14], conclusions about
a patient (say) are reached by using general rules to reason about the known symptoms
of the patient, without reference to other previously diagnosed patients who may have
had similar symptoms (though whether medical experts themselves reason solely in this
general way is a question for debate). This reasoning method is in contrast to that which
our geology experts used for assessing prospect parameters, where the comparison with
nearby, already drilled wells played a crucial role. It is this very process of comparison
with and generalisation from particular nearby wells to the new prospect’s site which
constituted the main problem to be solved to allow predictions to be made.

Thus, rather than solely modelling the use of generalisations for assessing prospect
parameters, we are modelling the formation of those generalisations from specific similar
cases. This was the task which we found most occupied the experts; having formed a co-
herent theory explaining the nearby wells’ parameter values, its application by the experts
to the new prospect site was straightforward. We use the word ‘theory’ in this context to
refer to a geologically plausible explanation for known exemplar well parameters which
can then be applied to a new prospect to determine parameter values there.

It should be noted that the exemplar-based approach does still involve the formation
and use of theories. However, the approach is characterised by the formation of such
theories at run-time rather than beforehand, and the discarding of such theories after
their use.

3.2 Motivation for the Exemplar-based Approach

Why is it that in domains such as medical diagnosis comparison of new patients (say) with
previously encountered similar patients is rare, whereas in assessing prospect parameters
such as porosity the comparison with similar nearby wells plays a central role? As a
contrast, consider alternative strategies which do not use nearby exemplar wells directly
in calculating porosity — for example we could (but did not) find experts using a general
mathematical function of a reservoir’s depth, x & y co-ordinates to find porosity, or
applying a set of rules to these known parameters to conclude porosity. We briefly
examine two characteristics of our problem domain which lead to the exemplar-based
approach being adopted, which we term ‘concept variability’ and ‘concept volatility’.

1. Concept Variability: Of principle difficulty to the formation of overall generali-
sations is the high variability in parameters such as reservoir porosity with respect
to changes of other parameters. For example, a tiny change in the location of a
prospect site may cause a large change in porosity, and there are many discontinu-
ities caused by geological faulting and other phenomena.

As a consequence, when experts form a theory explaining the porosity of nearby
wells, such theories tend to be confined to highly localised areas. The site of the
prospect forms a focus for such theories, and small changes in site location require
that predictions and their justifications be reassessed. In other words, the gains to
be made by storing particular explanations are limited due to their specificity, and



most new sites will require a separate assessment to be made rather than re-using
theories formed for other sites.

. Concept Volatility: A second characteristic of the problem domain is the volatil-

ity of concepts involved. In medicine a patient whose symptoms defy the general
theory is unlikely to cause major changes in that theory and consequent re-diagnoses
of patients with similar symptoms. However, in prospect assessment the addition
of new data from a newly drilled nearby well may cause a dramatic change in pre-
dicted values. This sensitivity in prospect assessment is again due to the concept’s
complexity, where variations are predictable within only a small area. As a result,
geological knowledge about a region comprises of a large number of local theories,
rather than a single global theory. Due to these ‘local theories’ being mainly based
on only a relatively small number of exemplar wells, the addition or deletion of a
single exemplar can cause a large change in prediction.

In addition, the state of general geological knowledge (as opposed to detailed knowl-
edge about specific geological sites) is constantly changing, and predictions which
would have been made ten years ago would differ from those made today even given
exactly the same data. This fact also contributes to the volatility of concepts.

As a result, experts are constantly reassessing predictions made for various prospects
as new data and theories emerge. These factors act against the formation of stable,
long-term descriptions of prospect parameter variation in a given area, and instead
promote the exemplar-based approach of working directly from examples.

4 System Description

We now proceed to describe the prototype system.

4.1

Representation of Input Information

The input to the prototype system consists of interpreted well and seismic information,
and in this section we briefly describe how this information has been represented. Inter-
preted well log information is stored simply as a vector of attribute-value pairs.

An example of an attribute-value set for a particular well is as follows:

Well name: 31/03

Position: 40’ lat, 30’ long

Reservoir depth: 10000 ft

Reservoir thickness: 100 ft
Net to Gross Ratio: 13}

Porosity: 15}

Other features: drilled 1972

For the prototype, the only seismic information used is that which deals with faults and

lithography changes, as these features were particularly influential in the prediction of

reservoir thickness and porosity. For a fully developed system we would like to include

more seismic information. Fault and lithography boundaries are again represented by

vectors of attribute-value pairs in the above manner. This interpreted well and seismic
data is provided by the user via an interface allowing both graphical and textual input.

An example of a graphical display of a simple configuration of faults, wells (solid circles)



Figure 2: Map of a geological region
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and prospect sites (hollow circles) is shown in figure 2. Other data associated with each
object is stored in its associated vector.

4.2 The Exemplar Selection and Transformation Model

Given the location of a prospect, the expert is to assess the values of various parameters
such as reservoir thickness or porosity at the prospect using the information he or she
has available. Following from our interviews, the general method which the experts use
can be described loosely as follows:

1. Find a theory (ie. geologically plausible explanation) for the known values of the
parameter in question (eg. thickness) at nearby wells

2. Apply this theory to the new prospect to find the desired parameter value there
In order to form the ‘best’ theory, two principle questions need to be addressed:

1. Which wells are most relevant to consider when assessing the new prospect?

2. How should the information at these wells be transferred to the new prospect?

A measure of ‘relevance’ of nearby wells is important for two purposes. Most im-
portantly, theories rarely fit the data perfectly and consequently some measure of which
data points should have most weight placed on them is necessary. Secondly there is
also an efficiency consideration - expending resources explaining irrelevant observations
is wasteful.

It should be noted that we do not simply assign to the new prospect the characteristics
of the most relevant well. Instead, we search for an appropriate transformation by which
these characteristics can be ‘deformed’ to apply to the new prospect (hence our use of the
word ‘relevance’ rather than ‘similarity’). This is an important feature, and distinguishes
this system from other exemplar-based systems which simply pass characteristics from the
most similar exemplar to a new instance unchanged (eg. [1], [7]). Instead, our approach



can be viewed as an application of the ‘prototype plus deformation’ technique, as used in
the Taxman-II system [9].

The appropriate transformation to use is determined by the theory which is selected
to explain the data at wells relevant to the new prospect. As a simple example, an
expert may form a theory that a stratigraphic layer of sand (serving as an oil reservoir) is
gradually getting thinner along a line in a particular direction. This theory will be formed
and confirmed by the known sand thicknesses observed at different wells, and defines a
simple linear transformation expressing how thickness varies with position. Using this
transform, we can use the known position of the new prospect site to form a prediction
of the thickness there.

Both these processes — of assessing the relevance of nearby wells and of forming a
theory to explain their data and hence predict values at the site of a new prospect — are
complex, knowledge-based tasks. We proceed to describe how they have been addressed
in the prototype system.

4.2.1 Exemplar Selection and Relevance

Rather than simply select a number of nearby wells to use with equal weight as the basis
of our prediction and ignore the others, a sliding scale of importance or ‘relevance’ of
nearby wells to the new prospect’s prediction is applied. A high relevance for a well
means that the parameter values of that well are particularly important to account for
in any theory about the parameter values at the prospect site.

The relevance of a well’s data to a new prospect is not simply dependent on the
distance between the two. The data of a nearby well may have little influence on that at
a prospect (eg. if there is major faulting between the two), whereas wells a relatively long
distance away may be important (eg. if the rock strata between them and the prospect
are flat and uninterrupted). Both seismic data and well logs are important in assessing a
well’s relevance.

We have adopted a simple numerical representation of relevance, namely a number
between 0 (completely irrelevant) and 100 (most relevant), and the assessment of a well’s
relevance to a particular prospect is modelled by a small, backward-chaining rule-based
system. The well is initially assigned a relevance of 100, and then rules in the rule-
base subsequently ‘modify’ this by assessing various factors which tend to decrease well
relevance.

Two examples of the rule-base are:

% Major faults

rulel ::

if fault(F) is between_prospect_and_well
and fault(F) isnt postdepositional

and type of fault(F) is major

then major_fault(F) modifier = 40.

% Distance rule

rule2 ::

if position of prospect is PPos

and position of well is WPos

and line(PPos to WPos) has_length D
then distance(D) modifier = 100 - D*5.



(A modifier is calculated using the equation in the rule’s conclusion, unless the equa-
tion evalutes to less than zero in which case the modifier is set to zero). Some of the
<condition> parts of these rules will have been concluded by other rules. Each modi-
fier which is concluded by the rule-base acts as a (percentage) multiplying factor for the
overall relevance. For example, if the distance D between the prospect and well was 5km,
and there was also a major fault between them, then the resulting relevance of the well
to the prospect would be:

Well Relevance = 100 x (40/100) x (75/100) = 30

where 100 is the initial relevance, and the modifiers 40 and 75 result from the two rules
above firing.

Because the relevance of a well to a prospect is not a simple function of (say) their
distance apart, we adopted a rule-based approach for making this assessment. One advan-
tage of this approach is that the system is able to offer an explanation of its conclusions,
and it facilitates easy correction and updating of the rule-base should the user disagree.
A simple ‘learning apprentice’ module, modelled loosely on the Teiresias rule acquisition
system [4], has been added to allow the user a dialog with the system to examine its
reasoning, and correct it should he or she disagree.

4.2.2 Exemplar Transformation and the Formation of Theories

Forming a geologically plausible theory to explain the data observed at nearby wells
is a skilled task, involving the use of detailed but sparse data points (wells), seismic
information, spatial reasoning and geological experience gathered over several years.

Theories express a relationship between parameters describing wells. For example,
a theory might include a statement that a stratigraphic layer of sand (acting as an oil
reservoir) is gradually getting thinner in a particular direction (expressing a relationship
between position and reservoir thickness), or another might include a statement that the
deeper the reservoir, the lower its porosity will be (expressing a relationship between depth
and porosity). At the simplest level, these theories can be suggested by making plots or
cross-sectional sketches using the exemplar wells as data points, and then seeing how well
a straight line (say) fits the data. However, experts often go beyond this simple approach,
altering and refining their theories, in particular including extra seismic information into
the theory. For example faults may introduce discontinuities in a plot or cross-sectional
sketch, or the rising and sinking of rock layers over time might explain particular poorly
fitting data points.

In the prototype system, due to the complexity of the theory formation task, we
have not attempted to automate this process fully but instead provide tools to assist
the expert in forming theories. For the purposes of the prototype, only theories involv-
ing simple mathematical relationships (eg. linear, exponential) between parameters are
representable. The expert is able to investigate these relationships by making plots of
the parameters involved, and from the plots predictions at the prospect can be made.
Each well provides a point on the graph, weighted by its associated relevance. The user
is able to ignore points or change relevances should he or she wish to experiment with
details of a particular plot. In this way, the expert can explore basic theories using the
tools available, and examine quickly whether they fit well or more sophisticated analysis
is needed. For a more fully developed system, this area of theory formation should be
extended.



Figure 3: Modelling a linear variation between reservoir porosity and depth
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As an example, figure 3 illustrates an example plot of reservoir depth vs. porosity,
with well points weighted by their relevances derived by applying the rule-based system.
The map on the right shows a plan view of the region, with wells as solid black circles.
The three numbers shown next to each well in this map are the depth (feet), porosity
(percentage) and relevance to prospect 1 (percentage) respectively. Points for each well
are are plotted on the graph on the left, and weighted by their appropriate relevance to
prospect 1 (centre of the map). The numbers attached to each point on the plot is the
calculated relevance. Note that wells b and e have high relevance (85), well a has lower
relevance (30) and wells ¢ and d have lowest relevance (25 each) although they are all
approximately the same distance from prospect 1. The variation in relevance, concluded
from the rule base, is mainly due to the presence of faults between prospect 1 and wells
a, ¢ and d, and also due to the differing size of the faults. The relevances determine the
weights to place on the points when finding the best fit line.

From this plot, the (unknown) porosity of prospect 1 can be inferred from its (known)
depth of 6800 feet, producing a prediction of porosity being 15%. The dash-dotted lines
on the plot refer to this interpolation.

Should the plot not fit well, other plots (eg. log plots) might be tried. Wells which are
poorly fitting may suggest to the expert to search for an explanation for the discrepancy,
and hence may have their relevances changed.

Note that inductive tools such as ID3 [11] or CN2 [3] are not appropriate to our
problem of forming a general theory from examples because we are predicting a numeric
value rather than membership of a class, we are working with few (<10, usually) examples
and we wish to give different weights to the examples. In addition, in future we wish to
incorporate more domain knowledge into this theory formation process.

5 Discussion and Conclusion

We have been addressing the problem of predicting the values of various parameters, such
as reservoir thickness and porosity, at the sites of potential geological prospects. These
parameters are characterised by being highly sensitive to variations in other parameters,



Figure 4: Complex theories about reservoir thickness
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and the prediction of that variability being often localised to small areas and sensitive
to the addition of new data and theories. We found as a consequence that experts,
given a prospect to assess, took an approach based on the selection of relevant wells, the
formation of a theory to explain their data, and the application of that theory to the new
prospect. It is this approach which characterises exemplar-based reasoning, and which
we have attempted to model at a simple level in the prototype system developed.

One limitation of the prototype system as it stands is the small range of theories
explaining correlations between well parameters which are representable. Currently the
system is confined to the representation of linear correlations between pairs of parameter
values, and this representational side should be extended in future applications.

A second constraint is the limited seismic data which is used by the system — contour
information, in particular, plays an important role in understanding parameter variations
in a region, but it is only represented at present by point depths of reservoir layers at
drilled wells.

As a brief illustration of the sort of theories we would like to incorporate, figure 4
provides an example. Given the sketch map shown in (a), plus additional seismic infor-
mation, an expert may produce a cross-sectional slice (b), giving a plot (c) of thickness
vs. position along this section. This plot incorporates seismic knowledge about the top
reservoir contour and fault, plus geological knowledge about the effect of faulting on
reservoir deposits. Hence, a simple straight line plot through these three points is a poor
approximation to this much more complex theory about the reservoir thickness variation
in the region.

There are two further characteristics of the reasoning of experts in the field which are
difficult to model and would be an difficult problem for future development:

e Spatial Reasoning: There is considerable spatial reasoning involved in prospect
appraisal, a form of reasoning in which people are particularly able but which is
still a source of difficulty in computing. For example, even the seemingly simple
concept “on the other side of a fault boundary” is complicated by fault boundaries
not being straight and having poorly defined start and end points (eg. in figure
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Figure 5: Two wells on the same side of a fault boundary
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5, an expert would consider wells a and b to be on the same side of a fault). In
interviews, experts were easily able to form two- and three-dimensional models of
the different rock layers in a prospect’s vicinity using available well and seismic data,
whilst also accounting for the various physical processes which could have given rise
to the predicted structures. Thus the experts’ theories include not only reasoning
about static two and three dimensional structures, but also about the dynamics of
physical processes and how they interact with such structures. Such reasoning is
important in understanding a potential prospect, but difficult to model.

e Reasoning with Uncertainty: A second related difficulty is that often there will

be several plausible theories, requiring sophisticated reasoning with uncertainty to
select between them — again a well-known area where expert system technology
often has difficulty. The important role of reasoning with uncertainty is indicated
by the fact that experts themselves will often disagree about predictions relating to
a prospect, the disagreement only resolved by considerable debate (and sometimes
not even then), symptomatic of the complexity of the task.

Given the difficulty of some of these problems, we see the role of a further developed

system (as indeed for the prototype itself) to be of an expert’s assistant, acting as a
suggester and recorder of theories about a region, allowing theories to be tested and
previous theories to be examined as new information arrives, but essentially acting as an
‘intelligent’ tool to be used by the expert in the prospect appraisal task.
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