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Abstract. This work presents a study of the nature of expertise in geology,
which demands visual recognition methods to describe and interpret petroleum
reservoir rocks. In an experiment using rock images we noted and analyzed
how geologists with distinct levels of expertise described them. The study dem-
onstrated that experts develop a wide variety of representations and hierarchies,
which differ from those found in the domain literature. They also retain a large
number of symbolic abstractions for images. These abstractions (which we call
visual chunks) play an important role in guiding the inference process and inte-
grating collections of tacit knowledge of the geological experts. We infer from
our experience that the knowledge acquisition process in this domain should
consider that inference and domain objects are parts of distinct ontologies. A
special representation formalism, k-graphs®, is proposed as a tool to model the
objects that support the inference and how they are related to the domain ontol-
ogy.

Keywords: Knowledge acquisition, knowledge representation, expertise, visual
knowledge, petroleum exploration

1 Introduction

Knowledge about the evaluation of oil-reservoir rocks is crucial in petroleum explora-
tion, since it can substantially decrease the risks of exploration and increase the effi-
ciency of hydrocarbon production. Most of the data relevant for geological interpreta-
tion of oil reservoirs consist of visual information that cannot be described only
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through geometric components, such as size and format. Many of the aspects recog-
nized by a geologist during the interpretation task have no formal denomination and
are learnt through an implicit process during training and field experience.

The use of features without names in supporting problem-solving is a current prac-
tice in many natural domains. These objects constitute the implicit body of knowl-
edge, also called facit knowledge by Nonaka and Takeuchi [1] when referring to the
unarticulated knowledge that someone applies in daily tasks but is not able to describe
in words. The articulated or explicit knowledge refers to the consciously recognized
objects and how these objects are organized. This portion of knowledge in the context
of artificial intelligence is called onfology. Tacit and explicit knowledge should be
seen as two separate aspects of knowledge and not different sorts of it. Extracting the
ontology of a domain is one important objective of knowledge acquisition techniques;
sometimes, it is misunderstood to be the only one. Along with the ontology, which
represents the explicit part of knowledge, it is necessary to identify the tacit knowl-
edge applied by experts and propose knowledge representations for it.

In geology, as in many other natural domains, the role of tacit knowledge in the
expert problem-solving process has a dominating influence on the results achieved.
Therefore, it deserves special attention in knowledge engineering. This paper de-
scribes a study in the petroleum domain that identifies what kind of tacit knowledge is
applied by geologists in the evaluation of oil reservoirs, as part of the PetroGrapher
project for the development of an expert system to support reservoir-rock interpreta-
tion. The study acknowledges and identifies differences between the cognitive
mechanisms of novice and expert geologists during the rock interpretation process.
Further, we discuss how these differences can influence the choice and application of
knowledge-acquisition techniques.

2 Knowledge acquisition and knowledge elicitation techniques

Knowledge acquisition refers to the process of collection, elicitation, interpretation
and formalization of the data regarding the functioning of expertise in a particular
domain. Its objective is to reduce the communication gap between the expert or
knowledge worker and the knowledge engineer, allowing the knowledge to become
independent of its sources.
The main classes of knowledge acquisition techniques are described briefly below.
e Interviews, observation and protocol analysis: A grouping of many different tech-
niques that demand direct interaction with experts. In retrospective interviews, the
expert narrates a memory of how a problem was solved. This description com-
monly omits many crucial details. In concurrent interviewing, e.g. via observation
and protocol analysis, the expert verbalises his/her reasoning during the problem-
solving process while it is being recorded and observed. The result is more trust-
worthy, but the expert is usually unable to verbalize what he/she is doing when the
inference requires both a high level of abstract reasoning and a low (i.e. concrete)
level of sensorial activity. The collected information is commonly imperfect and
needs to be complemented through further techniques.
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e (Classification techniques aim to identify the terms and concepts of the domain and
how these concepts are organized in classes, groups or components, according to
the expert. These include card-sorting and multidimensional scaling techniques [2].

e Collecting cases: A general label for all techniques that exploit recorded cases in
knowledge acquisition, such as scenario analysis, event recovering, and the analy-
sis of legacy cases for use in case-based reasoning systems.

e Extracting cause-effect relations. This includes techniques used to extract causal
relations among concepts of the domain (such as evidence for conclusions, or prob-
lems and their applicable solutions). Variations on repertory grids [3], rule-
extraction, knowledge graphs [4, 5] and conceptual graphs [6] belong in this class.

e Identifying the reasoning path. Problem-solving methods (PSM) [7] and inference
structures [8] are graphical representations of the inference process involved in
problem solving, described at an abstract (though not generic) level.

The accepted knowledge acquisition techniques are effective in revealing the on-
tology (explicit knowledge) underlined in expert reasoning. However, little progress
on elucidating the unarticulated parts of expert knowledge has occurred, e.g. visual
recognition or the integration of sensorial objects in the domain ontology. These is-
sues are the main focus of the present work.

3 Investigation of the cognitive abilities of experts in petrography

Geological interpretation is strongly based on visual interpretation of features im-
printed in rocks or landscape by physical phenomena. Since this process is improved
mainly by practical experience, and not by supervised learning, geology is one of the
areas in which experts develop themselves as strategic sources of knowledge.

The most familiar achievements in knowledge acquisition for geological domains
are the development of the PROSPECTOR system [9]; the XEOD expert system to
identify detrital depositional environments [10]; and the knowledge acquisition pro-
ject SISYPHUS III, concerning igneous petrography [11]. The influence of the do-
main on the efficacy of the knowledge acquisition technique is significant, as was
discussed by [12]. The common aspect of all these projects is that they have drawn
attention to the development of dealing with visual diagnostic features and also have
shown the necessity of representing the objects that support inference within a sepa-
rate ontology.

In the present study, our intention has been to elucidate the cognitive process and
objects that support the expertise in sedimentary petrography, by using tests similar to
those found occasionally in cognitive psychology, e.g. in [13].

The investigation was conducted over a group of 19 geologists with distinct levels
of expertise in sedimentary petrography. The group was selected among lecturers,
undergraduate and graduate students of the Geosciences Institute of UFRGS and
geologists from a petroleum company. Practical experience, instead of only theoreti-
cal knowledge, was a fundamental prerequisite for the selected group. The members
of this group were first classified as novices, intermediates or experts. Novices were
students or geologists who had received at least 100 hours of training in sedimentary
petrography. Intermediates were geologists who used petrography as a daily tool in
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their work. Experts possessed at least 10 years of experience in the subject and di-

rectly utilized sedimentary petrography for more than 10 hours per week.

The group was requested to carry out 5 different tests, based on the presentation of
images from rocks, using a high-definition video system attached to an optical micro-
scope. The first experiment was designed to evaluate long-term memory. They were
requested to describe fully a thin section that had been examined one hour before. The
second test requested a full description of a thin section without time restriction, in
order to evaluate the richness of technical vocabulary. The third test investigated
short-term memory, by requiring description of a rock image shown just previously
for a very short time. In the fourth experiment, recall of a first set of pictures of com-
mon objects (animals, landscapes and people) and a second set of sedimentary rocks
was requested just after these had been shown for a short time. In the fifth experiment,
the geologists were asked to divide another set of pictures into subsets (i.e., classify
them) and explain their criteria for this subdivision. The pictures were basically reser-
voir images under microscope and, in a second experiment, common scenes, such as
people, landscapes, etc.

The set of experiments was conceived in order to measure the association of 3 in-
dicators with the predefined class of expertise. The indicators were:

1. amount of significant information in the description obtained after or during image
exposition: it was expected that experts knew more about the domain and that their
knowledge would be expressed through the use of technical and precise vocabu-
lary;

2. intensity of use of interpreted features, instead of features having objective geomet-
rical properties: it was expected that experts would develop image recognition at a
more abstract level than novices and would be able to demonstrate this in recogniz-
ing features that needed only a short process of inference for their identification;

3. efficiency of organization and indexing of the domain: it was expected that experts
would be more effective in grouping and classifying new information related to the
domain and could demonstrate this ability in experiments involving their memory.
In the results of the experiment, we found no relation between the quantities of

words or even of significant words (which are the words really related to the domain)
in descriptions produced by experts and by novices. On the average, experts record
more efficiently the details of the rock inspected, but the overall relation is not so
simple: some novices exhibit an expert level of performance and some experts per-
form like novices.

When considering the use of interpreted features in the description, experts clearly
demonstrate a higher average, as shown in Fig 1. The vertical axis in this figure indi-
cates how many clearly interpreted features were used in describing the rock. The
general pattern was the same in the short-term memory experiments involving sedi-
mentary rock samples: the faster the expert is requested to classify or interpret rocks,
the more he/she will try to recognize diagnostic features.

Our experimental picture changes completely when another kind of rock is used,
such as a metamorphic rock sample. The result can be seen in Fig 2, where no relation
between level of expertise and interpreted features can be identified. The sample here
includes a professor of metamorphic petrology, classified as a novice in the context of
sedimentary petrography. As expected, the geologist exhibited an expert pattern of
behaviour in his own domain of knowledge.
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Another significant result was obtained from the experiments with the set of im-
ages. Experts show a worse memory for common photographs than the novices, but
obtain excellent results when the pictures concern their domain of expertise.

Evidence for the ontological support for memorisation was demonstrated when ex-
perts were requested to organise pictures of common objects and rocks. In the classi-
fication of rock pictures, the experts utilised evidently interpreted aspects of the rock,
such as the quality of porosity or the kind of cementation. The novices organised the
pictures mainly in terms of colour, texture or abundance of minerals. The organisation
of the domain in the expert’s mind relies on aspects that make the problem-solving
process easier or more effective, rather than the taxonomy commonly used for teach-
ing of students.

Fig 1. Relation between the level of expertise and the usage of interpreted features in infor-
mation extracted from thin-section rock images by geologists in their descriptions of rock
samples. The bars indicate the number of interpreted features and the line represents the me-
dian for each class (experts (E), intermediate (I) and novices (N))

6
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Short-memory

experiment
37 with a
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2+ rock thin-
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Fig 2. The same experiment as covered in Fig 1, but using a metamorphic rock sample. The
relation between expertise and amount of features is not longer perceived. The highest bar
refers to a professor of metamorphic petrology, who exhibits an expert behaviour in this ex-
periment.

The experiments were able to identify that experts apply interpreted features more
often than novices do in the problem-solving process. These features not only provide
ontological support which improves memorisation of pictures concerning the domain
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of expertise, but also make the expert’s problem-solving process more effective, even
though in most instances the geologist can not give them a proper name. Given the
observed importance of these cognitive objects for the process of interpretation, fur-
ther cognitive research to establish methods tuned specifically for acquisition
and representation of such knowledge is desirable.

4 The knowledge acquisition process

The experiments showed clearly that the domain has more than one level of mental
model. One, more connected with the communication process among geologists, is
most easily elicited with the interviews and classification techniques mentioned in
Section 2. The knowledge applied in rock interpretation, however, is mainly uncon-
scious and can scarcely be extracted during conventional interviews.

In this project, the main source of knowledge was an expert in diagenesis of silici-
clastic rocks with more than 15 years of experience in reservoir evaluation. The
knowledge-acquisition process was carried out in two distinct phases. In the first
phase, traditional knowledge-engineering techniques were used, such as bibliographic
immersion, interviews using retrospective and concurrent protocols, and card-sorting.
The main goals of this phase were the identification of the user's expectations for the
system and the specification of the object hierarchy of the domain that would com-
pound the domain knowledge in sedimentary petrography. At this phase the schemata
of the knowledge base was generated.

In the second phase we tried to elicit the knowledge that actually supported the
rock interpretation. The expert's reasoning in conducting the rock-sample interpreta-
tions was tracked using retrospective protocols, in which the expert showed that to
suggest the interpretations, he would make associations of characteristics visualised in
the rock samples. In conclusion, although these features were not fully described in
the ontology, there was a relation between visual petrographic features and the sug-
gested interpretation.

In order to extract this causal relation we used the knowledge graphs or k-graphs
first proposed for a different purpose by Ledo in [5]. Knowledge graphs were created
as a tool for knowledge elicitation in the Cardiology domain problem, specially con-
ceived to represent causal relations between symptoms and diseases. A knowledge
graph can be built as a tree, following the specifications below:

e The root node represents an interpretation hypothesis;
e The leaf nodes are the pieces of evidence that indicate some diagnosis;
o The intermediate nodes group those pieces and associate them with the hypothesis.

formed:

o Descriptions of a large number of rock samples were provided by the expert. A
rock-sample description contains (i) the petrographic features that can be visualized at
the microscope and (ii) the interpretation given by the expert to the rock.

_ | Comentario: Inclua a explica-

cao sobre o novo Kgraph aqui.
Verifique cada ocorréncia depois.




How to model visual knowledge: a study of expertise in oil-reservoir evaluation 7

e A set of possible interpretations to the diagenetic environment of some rock was
collected from the descriptions;

e The expert was requested to indicate which petrographic information could support
each of the interpretations, and these were then ordered according to their order of
significance to the interpretation;

e The hypothesis of interpretation was located in the root of the tree and the pieces of
evidence associated with the hypothesis were linked graphically to the root node;

o Significance indexes were attributed to each of the concepts supporting a hypothe-
sis. These expressed the confidence of the expert in the evidence, i.e. the relevance of
the evidence in supporting the diagnosis.

Some k-graphs could be elicited, but the eventual gaps in the domain ontology
were identified: the rock-sample descriptions did not always exhibit the pieces of
evidence that would have supported the interpretation indicated, and, when it did,
these items were not the petrographic features described with the ontological vocabu-
lary. The expert used interpreted, expert-level features to support the suggestion of his
preferred interpretation rather than the ontological user-level features.

This procedure made evident that the ontology does not include the description of
the relevant features. We therefore conclude that there is a significant gap that must
be treated between the information that is described and the one that really supports
inference (Fig 3(a)). This gap must be handled because a knowledge-based system that
provides means drawn from artificial intelligence for suggesting rock interpretations
will have user interfaces that should utilize information in the user-level vocabulary.

K-graph K-graph+

evidence
A gap between evidences and concepts in ontology

Ontology,

a) The concepts applied in the

image description are not the same . . )

used to justify the inference. b) A third level in the k-graph defines
the relationship between visual chunks
and concents in the ontoloay.

Fig 3. Filling the gap between the information that is described and the information that ac-
tually supports inference

As a knowledge acquisition tool, k-graphs are conceived to capture the knowledge
at the expert level of reasoning. At this level, the evidential items constructed by ex-
perience are more "dense" objects, in the sense that they capture a much greater
amount of useful information about of the domain than that a novice can understand
and manipulate. For an expert, these items are not complex objects, but units of in-
formation that support all the understanding of the domain. We call these units visual
chunks, in the sense used by VanLehn [14]. Thus, in order to model these visual ob-
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jects, and fill the gap between them and the concepts in the ontology, we have devised
an enhancement over the "knowledge graphs" scheme of Ledo [5], which we have
called knowledge graphs+ or k-graphs”.

The k-graphs of Ledo were modified to obtain this enhancement by replacing evi-
dence in the model by visual chunks, which are expressed as logical combinations of
instances of the concepts in the domain ontology. In image-based reasoning models, a
visual chunk has the fundamental role of mapping (or adapting) the expert-level
knowledge — the tacit knowledge — to a novice level of knowledge, represented by the
simplified (or geometric) domain concepts in the domain ontology. Visual chunks
also allow driving the expert-level inference over a problem described by users in
novice or intermediate level terms. According to [15], the process of chunking is
crucial to the development of expertise. The stimuli that are frequently recognized
together tend to assume a peculiar meaning, especially if associated with a particular
situation or event. These associated stimuli are used as a cognitive trigger to recall the
situation. By doing this, the graphs represent the association between the objects that
can be recognized by non-experts users and the objects that support inferences at the
expert level.

Thus, in order to elicit the associations of ontological features that formed the
chunks, the expert was faced with a number of rock descriptions and was asked to
explain why a specific solution was chosen instead of another and which domain
features supported his decision. The relationship between the pieces of evidence de-
scribed in the k-graphs and the concepts of the ontology is, thus, filled by intermedi-
ate nodes, which describes how those concepts are combined to compose an inter-
preted visual object (Fig 3(b)). This approach allows us to introduce the visual chunks
as a new abstract conceptual type, defined as an aggregation of geometric features
described within the domain ontology.

5 K-graphs as a knowledge-representation formalism

We add to the original knowledge-graph model the idea of "visual chunk" as a new
primitive for the representation of visual knowledge. Then, k-graphs” have the role of
mapping objects that are described at the user level to the cognitive objects (chunks)
applied for inference and, also, expressing how the chunks can support some particu-
lar interpretation, producing a knowledge-representation formalism. We detail the
characteristics of this representation in [15-18] and present a full example below.

In order to compose the chunk, the domain features were structured in triples con-
cept-attribute-value (CAV) chosen from the shared domain ontology and combined
by the logical connectives AND and OR, so as to represent the domain expressions
abstracted by the expert when recognizing a visual chunk. The AND connective
means that every feature is required for the chunk to be recognized, while the OR
connective means that any one feature is enough.

Example of k-graph™. Fig 4(a) presents the implication relation between the diage-
netic environment interpretation of the rock formation (Continental Meteoric
Eodiagenesis Under Wet Climate) and the visual chunks (e.g., kaolinization dis-
placive, siderite). In Fig 4(b), each chunk is decomposed into a group of geological
features described in terms drawn from the ontology as concept-attribute-
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value (CAV) triples. For example, one feature that a geologist can visualize in a rock
sample is that its main Constituent Name is Siderite. As this information is part of the
Diagenetic Composition of the rock sample, the whole information is modelled as a
feature, that is, a CAV, like "DiageneticComposition. ConstituentName = Siderite".
The grey nodes represent AND connections and the black nodes are OR connections.
In order to recognize the chunk named Siderite, all the features and the possible alter-
native values need to be described by the user.

(a) Continental Meteoric (b) Siderite
Eodiagenesis under Diagenetic icroscopic
Wet Climate Composi

Constituent
Name

acking

matrix.k
1)
X k.displacive IronOxide-
3) (6) shydrox-
. idec
k.replacive siderite  (3) . .
) ) siderite rim blocky Nfergran. intergran. ,,c6 heterogen.

discplacive pore-fillling

Fig 4. Morphology of knowledge graphs” employed to Petrography

6 Conclusion

The study of expert skills in the geological domain has demonstrated that experts
develop a wide variety of representations and hierarchies - which, moreover, differ
from what is found in the domain literature. Experts also retain a very large number of
symbolic abstractions of images, which we call visual chunks. The chunks hold links
with the internal hierarchical arrangement of knowledge, and play an important role in
guiding the inference process. These cognitive resources integrate the collection of
tacit expert knowledge in geological reservoir characterization.

An association of k-graphs and case analysis has turned out to be an effective tool
in helping to make explicit and acquire the declarative knowledge and causal relations
of the domain, which were not evident in elicitation sessions conducted on a tradi-
tional knowledge-acquisition basis.

The domain model, in this work, expresses knowledge over two levels: the exter-
nalization level, which describes the concepts at an intermediate (between novice and
expert) stage of expertise, and the expertise level, which has the meaning given
above. We have introduced the concept of visual chunk as a primitive for representa-
tion. We believe that it should be included in the armoury of any good framework for
knowledge acquisition, e.g. the CommonKADS library.
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