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Abstract In this paper we argue that the model-

based development of knowledge-based systems built

to work in partially uncertain domains bene�ts from

the fusion of di�erent conceptualizations for certain

and uncertain parts of the required knowledge. We

present conceptualizations that have proven to be

useful, namely the KADS model of expertise and a

causal model of uncertainty that reects well known

approaches to uncertain reasoning like Bayesian be-

lief nets. We propose an extension of existing spe-

ci�cation languages that aims at an integration of

these conceptualizations in a common knowledge

model. We present parts of the analysis and speci�-

cation of a rock classi�cation problem as an exam-

ple demonstrating the demand for the combination

of di�erent conceptualizations.

Keywords: knowledge engineering, conceptualiza-

tion, uncertainty, rock classi�cation

1 Introduction

In real-world applications adjectives like 'prob-

able', 'possible' or 'incomplete' are attached to

domain knowledge and data. We summarize

these phenomena of non-categorical knowledge

as 'uncertainty'. Having recognized that uncer-

tainty plays an important role in the develop-

ment of knowledge-based systems we have to

�nd ways to deal with di�erent kinds of uncer-

tainty when building knowledge models. Inves-

tigating di�erent model-based knowledge engi-

neering approaches we found no sophisticated

formalism for the explicit representation of un-

certainty in any of their semi-formal or formal

knowledge models.

The problem is not that there are no ways

to deal with uncertain knowledge. There is a

huge amount of elaborated (numerical) calculi

for the representation and processing of uncer-

tain knowledge in application systems.

So what is the real problem that prevents

notions of uncertainty to be integrated in exis-

ting knowledge engineering approaches? In our

opinion the problem is that existing approaches

for handling uncertainty follow a conceptuali-

zation used to describe a knowledge domain

that is completely di�erent from the one used

in common knowledge engineering approaches.

Our previous work in the �eld of know-

ledge engineering aimed at bridging this gap

and resulted in a model of uncertain exper-

tise (ModE-U) [1, 2]. ModE-U is the core of

a methodology for the analysis, conceptualiza-

tion and formalization of certain and uncertain

knowledge. It has been developed as an ex-

tension of existing knowledge engineering ap-

proaches to cover those parts of human ex-

pertise that cannot be adequately formulated

using ordinary �rst-order logic.

2 Problem Statement

As an example for the need of such a combined

approach we use a slightly modi�ed version of

the Sisyphus III problem [3]. The Sisyphus ex-

periments of the knowledge acquisition com-

munity are an attempt of comparing and eva-



Table 1: Mineral content relation QAPF

Mineral content in %

Rock class quartz alkali plagi. feld.

granite 20..60 35..90 10..65 0

syenite 0..5 65..90 10..35 0

diorite 0..5 0..10 70..90 0

luating di�erent approaches used for the con-

struction of knowledge based systems (KBS).

The task of Sisyphus III is to build know-

ledge models to be used as a speci�cation of a

KBS solving the problem of classifying igneous

rocks. Figure 1 shows a snapshot of the classi-

�cation task from the Sisyphus III domain.
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Figure 1: Classifying igneous rocks

In our example the rock class of a hand

specimen can be determined through prede-

�ned classi�cation schemes. These schemes are

provided by so-called Streckeisen diagrams [4]

that allow for a classi�cation of a certain sub-

group of igneous rocks using knowledge about

their mineral contents. Table 1 shows a set

of mineral content relations (which have been

extracted from the diagrams) serving as asso-

ciations for classifying a hand specimen.

The selection of an appropriate scheme de-

pends on the specimens grain size which can be

estimated from a digital image of a thin section

of the specimen using common image analysis

techniques. Figure 2 depicts the connection

between visual properties and the grain size.

Determining the knowledge in use, we found

that the subtasks of the problem-solving pro-

cess are attached to di�erent kinds of certain

and uncertain knowledge.

As extracted from Streckeisen diagrams there

is no uncertainty attached to the mineral con-

tent relations beyond their interval-based na-

ture. Therefore these relations would be con-

ceptualized as certain knowledge with almost

no dissent.

On the other hand, the knowledge used to de-

termine the grain size has a highly heuristic

nature and is based on the (more or less un-

known) causal relations between the grain size

of the specimen and the image features of its

thin section. To compute the unknown grain

size from the given image features the other

way round we have to perform diagnostic rea-

soning using these heuristics.
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Figure 2: Determining grain size through im-

age analysis

In our work we have conceptualized the dif-

ferent types of certain and uncertain knowledge

within the di�erent parts of our common know-

ledge model.

Specifying a KBS for the given problem we

have to combine the classi�cation task which

is based on the mineral content relation with

the diagnosis of the grain size based on the

heuristics mentioned above. In that sense our

work presents a good example for the fusion of

certain and uncertain diagnostic/classi�cation

knowledge.



2.1 The Spirit of Heterogeneity

We argue that if it is necessary to deal with un-

certainty in complex domains one has to bridge

the gap between the di�erent conceptualiza-

tions.

On one hand we need a rather simple con-

ceptalization for models of uncertainty to en-

able uncertain reasoning. In our example we

are utilizing uncertain reasoning techniques for

estimating the grain size with respect to the

image features. However, from our point of

view the use of raw conceptualizations pro-

vided by these techniques should be restricted

to a minimum.

On the other hand we are not willing to give

up the more elaborate conceptualization of mo-

dels of expertise that has been proven to be

useful for analysis, model building, and reuse.

Regarding our example we try to cover as much

knowledge as possible within the structures of

a common model of expertise.

3 Di�erent

Conceptualizations

The basic idea of our approach lies in the exten-

sion of a common model of expertise wich in-

corporates explicit notions for uncertain know-

ledge items. Therefore we use the well known

KADS approach [5] and its speci�cation lan-

guages CML2 [6] and (ML)2 [7]. We proposed

extensions of these languages (CML2unc and

FLUE) which allow for the integration of un-

certainty in the di�erent informal, semiformal,

and formal levels of model-based knowledge en-

gineering. These extensions cover static as-

pects of the domain knowledge as well as dy-

namic ones of the problem-solving process.

In the following section we give an overview

of the basic concepts of our modeling approach.

Further details are given in [1, 2].

3.1 Conceptualization of Expertise

Conceptualizations of expertise knowledge are

typically subdivided into three kinds of know-

ledge: domain, inference, and task knowledge

as de�ned in the KADS model of expertise [5].

Subsequently we are describing this conceptua-

lization on an abstract level.

Those parts of the real world relevant to the

given task are described through their proper-

ties within the domain model. The formal spe-

ci�cation of this knowledge is realized by a set

of ontological primitives enabling the user to

de�ne complex structures: concepts, instances

of these concepts, attributes of and relations

between concepts.

Based on the modeled elements there are

inference actions performing single steps of

the problem-solving process. Inference actions

operate on elements from the domain layer.

These elements are described through input-,

output- and static roles which are placehold-

ers determining the role the element plays in

the problem-solving process and the type of

domain objects that can play this role.

The task layer contains knowledge about

how the elementary inference steps can be com-

bined and executed to achieve a certain goal.

This knowledge is organized in tasks which can

be decomposed into subtasks including control

knowledge about their execution in order to

achieve the goal of the main task. Primitive

tasks without any subtasks have a one-to-one

correspondence to knowledge sources within

the inference layer.

Together these three layers form a model of

expertise that claims to capture all aspects of

expert reasoning relevant to the development

of knowledge-based systems. A common model

is achieved by connecting the di�erent layers in

the sense that the roles of inferences are �lled

with domain knowledge. Tasks are executed

by applying inferences which produce a result

corresponding to the task's goal.

Within our approach we use these concepts

to specify the structural and certain knowledge

on the semi-formal level (CML2) as well as

on the formal level (ML2). On one hand the

integration of uncertainty is realized through

a direct extension of the di�erent concepts of

CML2. On the other hand we propose stand-

alone models of uncertainty on the formal level



which are realized through self-contained the-

ories following an extended ML2 notion.

3.2 Conceptualizing Uncertainty

One of the main ideas of our approach is the in-

tegration of di�erent types of uncertain know-

ledge into model-based speci�cation languages

for building KBS. Due to the di�erent levels of

speci�cation two related conceptualization of

uncertain knowledge can be indenti�ed in our

approach.

The syntactical integration is based on the

di�erentiation of several valuation1 categories:

� numerical valuations (like Bayes probabi-

lities)

� interval based valuations (like Dempster/

Shafer)

� user-de�ned terms (like fuzzy sets)

Based on these categories we are now able

to de�ne a basic ontology for the valuation of

uncertainty on the semi-formal level. Together

with the basic ontology of CML2 this ontol-

ogy forms the underlying basis for our language

CML2unc which is able to cover di�erent phe-

nomena of uncertainty within one single speci-

�cation.

The following example shows the CML2unc

speci�cation of the local image feature

anisotropy (anisotropy per region) and the

globalized parameter globalized-anisotropy

(normalized anisotropy). The uncertainty

stemming from the application of a speci�c im-

age operator is represented informally in terms

of fuzzy membership functions.

concept anisotropy;

description: \Relation between horizontal

and vertical extension of an image region";

sub-type-of: local-feature;

properties:

value: number-range(0,1);

membership-functions:

1A valuation attaches a degree of certainty or truth

to con�gurations of variables/statements.

function-value-oval:

if value > 0.7 then value

(globalized-anisotropy) = oval[0]

else if 0.3 <= value <= 0.7 then

oval[-2.5*(value-0.3)+1]

else if value < 0.3 then oval[1]

end if ;

function-value-round:

if value < 0.3 then value

(globalized-anisotropy) = round[0]

else if 0.3 <= value <= 0.7 then

value (globalized-anisotropy)

= round[(2.5*x)-0.75]

else if value > 0.7 then value

(globalized-anisotropy) = round[1]

end if ;

end concept anisotropy;

The required connection between the local

image feature and the grain size of the speci-

men (see �g. 2) is realized through a norma-

lization. Again, we make use of semi-formal

speci�cations for the fuzzy membership func-

tions.

concept globalized-anisotropy;

description: \Globalized relation between

horizontal and vertical extension of all

regions of an image";

sub-type-of: global-feature;

properties:

value: foval, roundg :: fuzzy-val;

membership-functions:

function-grainsize-coarse: ...

function-grainsize-�ne: ...

end concept globalized-anisotropy;

In the same sense we extended the dynamic

parts of CML2. In previous work we proposed

uncertain knowledge roles as well as special in-

ferences working on uncertain domain know-

ledge items.

By using these enriched speci�cation tech-

niques we are able to cover all relevant aspects

of the certain and uncertain domain know-

ledge required for the problem-solving process

in early stages of a KBS development.

3.2.1 Uncertainty on the Formal Level

As proposed in [1] the conceptualization of

uncertainty on the formal level consists of



three basic concepts, which are derived from

Shenoy's valuation based systems (VBS) [8]

and Pearl's model of causality [9]:

(1) A set of hypotheses is a variable,

whose values denote di�erent hypotheses

concerning the same assertion. The hy-

potheses are assumed to be conicting in

the sense that only one of the hypotheses

can be true at a time. Variables are de-

noted by small letters. If v is a variable

then Wv represents the set of all possible

values for v.

(2) A valuation function [8] attaches a de-

gree of certainty taken from a set of truth

values denoted as 	 to con�gurations of

hypotheses. Valuation functions are de-

noted by capitals corresponding to a val-

uated variable:

V : Wv ! 	 (1)

A set of hypotheses and a valuation func-

tion over this set form a basic modeling

element for uncertain domain knowledge

which is denoted as phenomenon of un-

certainty. A phenomenon of uncertainty

UP is a pair consisting of a set Wv of hy-

potheses and a valuation function V on

this set.

UP = (Wv; V ) (2)

(3) Causal relations [9] are special valu-

ation functions de�ned on di�erent phe-

nomena of uncertainty mapping one or

more phenomena of uncertainty and a spe-

cial value set indicating the strength of the

causal inuence on a target phenomenon.

Such a causal relation determines the va-

luation function of the target phenomenon

using the valuations of the source phenom-

ena and the strength of the causal rela-

tion. Let UP be the set of all phenomena

of uncertainty, then a causal relation is a

function C de�ned as follows:

C : UPn
�	! UP (3)

This conceptualization can be used to de-

scribe di�erent calculi for handling uncertainty

in a graph-based setting [10] and therefore pro-

vides a useful approach for the speci�cation of

uncertain knowledge.

4 Heterogeneous Speci�cation

on the Formal Level

For the formal model of uncertainty described

above to be used for the speci�cation of uncer-

tainty in a problem-solving process, the reason-

ing process has to be described formally. This

can be done by using an extension of an exis-

ting speci�cation language.

4.1 Integrating Di�erent Conceptu-

alizations

We assume that uncertainty is present in the

model of expertise (see chapter 3.1) in the sense

that terminological knowledge is available, but

some assertions cannot be determined due to

uncertainty. These gaps in the model can be

bridged in a three step approach using the for-

mal model of uncertainty.

Formal Model 
of Expertise

Formal Model 
of Uncertainty

Terminology

Assertions

Causal Structure

Valuations

Inference
translation

?

reference
mapping

semantical
mapping

Uncertainty Calculi

VBS

Figure 3: Integrating the models

Determination of the language to be

used in the formal model of uncertainty is the

�rst step. For this purpose, the di�erent phe-

nomena of uncertainty are explicitly connected

to terminological constructs in the model of ex-

pertise through reference mappings. The re-

ferred concepts provide a language to describe

the meaning of the phenomena.

Uncertain inference is the second step in

which inference is carried out within the model



of expertise deriving valuations of previously

unknown phenomena. Almost all existing cal-

culi for processing uncertainty for which a de-

scription in terms of a VBS is available can be

used for this purpose, because inference in the

model is equivalent with inference in VBS.

In previous evaluations we tested triangu-

lar norms as a more general approch for an

implementation of the corresponding inference

algorithm [2].

Determination of assertional knowledge

is the last step that uses the results of uncertain

inferences to state axioms about knowledge to

be used in the problem-solving process. This

step depends on a semantical mapping deter-

mining the meaning of elements in the model

of uncertainty in relation to the model of ex-

pertise.

4.2 Integrating the Dynamics

Following the integration concept mentioned

above �gure 4 gives an insight into the connec-

tion of the di�erent inference actions used to

formalize the overall problem-solving process.
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Figure 4: Integrated inference scheme

The transition from the image analysis to

the estimation of the grain size is achived by

an evidence that determines a valuation func-

tion over the image features. The result of

the uncertain reasoning process (in our exam-

ple a valuation of the hypotheses coarse/�ne)

is handed over to the certain model for deter-

mining the appropriate classi�cation diagram

by using an acceptance criterion [11].

5 Speci�cation Language

FLUE

The interaction described above has been used

to develop a speci�cation language for uncer-

tain expertise, FLUE (Formal Language for Un-

certain Expertise). To integrate uncertainty

aspects smoothly into the existing parts of the

language (ML)2 [7], a textual description of

our formal model of uncertainty has been de-

veloped which is based on the semantical map-

ping between this model and (ML)2 theories.

These theories consist of a signature describing

the language used and a set of axioms. The

overall structure of a speci�cation is build up

via import-relations.

The language FLUE adopts this scheme.

Each phenomenon of uncertainty is speci�ed in

its own theory. The signature of this theory is

given by concepts from the model of expertise

the phenomenon refers to. Instead of logical

sentences, the set of axioms de�nes the valu-

ation function over the hypothesis space of the

phenomenon and the structure equation deter-

mining the phenomenon. The connection to

the relevant context, which is a parameter of

the structure equation is established through

import-relations as used in (ML)2.

5.1 Formal Model of Grain Size De-

termination

The speci�cations given below describe a for-

mal model of uncertainty for the problem of

grain size determination from visual features

using FLUE. It identi�es relevant features,

captures them in a causal structure and relates

them with knowledge from the domain model.

To establish a formal model of uncertainty

for the determination for the grain size for a

rock specimen, the visual features on which



this process is based have to be speci�ed. They

are represented as sets containing qualitative

descriptions of the possible results of the im-

age analysis.

The �rst feature represented is anisotropy.

The speci�cation refers to the attribute of the

same name that belongs to an image. The cor-

responding concept description is `snapshot'.

The set of hypotheses connected to anisotropy

contains the elements oval and round. The val-

uations for these hypotheses are generated by

a normalization over the anisotropy of all re-

gions contained in the analyzed image. The use

of a normalization operator is denoted in the

axioms that describe the valuation function.

uncertain-domain-module anisotropy

import normalize

type simple

signature

hypotheses round, oval

object sample� picture : snapshot

link has� global� anisotropy : image

! [0; 1]

axioms

cert(anisotropy = round)

= evidence(normalize; anisotropy; round)

cert(anisotropy = oval)

= evidence(normalize; anisotropy; oval)

end-uncertain-domain-module

The next module de�nes a primitive infer-

ence action that can be used to calculate valu-

ations for the di�erent hypotheses concerning

the grain-size of the hand specimen.

uncertain-pia estimate grain-size

input anisotropy, relative-size, coarseness

result grain-size

assume max

hypotheses coarse-grained, �ne-grained

signature

pia-predicate determine-grain-size

object specimen : rock

link grain� size : rock

! fcoarse� grained; fine� grainedg
axioms

end-uncertain-pia

The result of this calculation has to be in-

terpreted and integrated into the certain mo-

del for further reasoning. Special assumption-

inferences are used for this purpose, which ap-

ply an acceptance criterion to the calculated

valuations. In our case we simply use a maxi-

mum operator which is accepting the hypothe-

ses with the highest valuation to reect the

true state of the world.

6 Conclusions

The work done so far focussed on the deve-

lopment of semi-formal and formal models and

speci�cation languages for uncertain know-

ledge items and their relations to existing mo-

dels of expertise. The results allow for a com-

plete analysis and conceptualization of hetero-

geneous problem-solving knowledge regarding

both certain and uncertain knowledge types.

From our point of view the advantage of our

approach lies in the separation and - simultane-

ous - integration of di�erent knowledge types.

To draw a conclusion from the example we are

able to specify the processing of uncertain in-

put from image data utilizing simple knowledge

structures while being able to represent exis-

ting classi�cation schemes in a highly struc-

tured model of expertise.

Furthermore, the introduced methods are

o�ering the ability to apply the elaborated

principles of established knowledge engineering

approaches (reuse, knowledge level modelling,

knowledge typing) to di�erent kinds of uncer-

tain knowledge.

The approach gives implications to further

research. One of the most challenging one is

the operationalization of uncertain expertise,

which has been investigated very super�cial,

so far.
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