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Abstract—This paper presents a theoretical framework and
preliminary results for the assessment of uncertainty in soft data.
Soft data involves statements that contain incomplete, ambiguous
and biased information. Many of those statements are subjective.
For this work, an incremental model is developed to explore
dimensions of soft data uncertainty, such as ambiguities of natural
language, inaccuracies of reported information or even misleading
intentions. If some dimensions are specific to humans’ attitudes
and use of language, some others highlight limitations in their
perceptions or lack of knowledge. The model identifies conceptual
and linguistic characteristic of each dimension and provides a
richer description of soft data uncertainties in terms of vagueness,
ambiguity, self-confidence and weight of evidence. Furthermore,
a joint approach based on natural language techniques and
semantic analysis is used to estimate those criteria. This approach
was adopted to carry out a case study aiming at assessing the
uncertainty of HUMINT messages. The results reveal an overall
promising picture of the presence and the characterization of
uncertainty in soft data, suitable for high level information fusion.

Keywords—Information evaluation, uncertainty, soft data, on-
tology, defense and intelligence

I. INTRODUCTION

Modern applications of data fusion address varied areas
beyond the military field, and become more challenging as
they must be able to deal with large volumes of heterogeneous
data. A consequence of the ongoing proliferation of sensor
types and sensor modalities in both civilian and military
settings, the increased amount of data comes in a variety of
formats, is uncertain and ambiguous and often swamped by
irrelevant detail. For complex applications, soft sensors play
a key role, as the data they provide refer to critical aspects
to be considered such as activities and intentions of enemy,
guidelines of missions, doctrines or knowledge about political
context and social environment.

Soft data are based on human observations, they are
inherently ambiguous and subject to interpretation, thus the
first step before performing fusion strategies or using this
data to support decision making is the assessment of its
quality. Further processing has to incorporate the uncertainty
that captures the data imperfections and the level of this
uncertainty must be accounted for as data fusion progresses. In
the military field, NATO recommendations propose a twofold
uncertainty evaluation by considering the reliability of the
source and the credibility of information [1]. An attribute of
the information itself, the credibility is assessed by considering
both the notions of conflict and confirmation when analyzing
information items provided by distinct sources.

While this model keeps the distinction between source
related uncertainties and the quality of information, there are

various aspects of soft data to be considered. Thus, soft data
are ambiguous, as the language itself, vague when humans
lack precisions in their descriptions, inaccurate when they
misinterpret the scene or event, distorted when reported long
after or even false when humans deliberately lie. Moreover,
the analysis of information items in combination highlights
inconsistencies, contradictions or redundancies.

This paper introduces a theoretical framework intended to
aid in the understanding of soft data uncertainties, along with
the risk and opportunities they create for data analysis. The
framework presents an incremental model providing criteria
to capture the wide range of uncertainties that affect soft data
and a joint approach based on natural language techniques
and shallow semantic analysis to evaluate those criteria. The
model considers different features of soft data: confidence
and opinion of the source, bias of interpretation, lack of
knowledge and ambiguity of natural language. The overall
approach is illustrated thanks to a case study conducted to
assess uncertainty of HUMINT messages.

The remainder of the paper is organized as follows: section
II discusses several related approaches. Section III introduces
the incremental model proposed to describe soft data uncer-
tainties. Section IV presents an extension of shallow semantic
analysis developed to assess uncertainty criteria along with
their evaluation. Results of the case study are discussed in
section V. Conclusion and perspectives for future work end
this paper.

II. RELATED WORK

Soft data processing is currently a major issue for various
military applications such as asymmetric threat or homeland
security, whose overarching objective is to make sense out
of a glut of data. Soft data are collected in the form of
natural language statements, and is inherently uncertain. Prior
to its integration into the fusion process, there needs to be an
assessment phase highlighting dirty data including redundant,
incomplete, inconsistent or irrelevant items. The assessment
of soft data uncertainties is part of a more general problem,
aiming at describing the uncertainty for high-level information
fusion systems addressing levels 2 and 3 of the JDL model [2].

The question of how to evaluate various uncertainties
representations or how to estimate performances of systems
exploiting those representations as part of a high-level infor-
mation fusion has attracted increasing attention within data
fusion community, [33] and [34], or other research domains,
[38]. Several research efforts aiming to evaluate expert systems
provide a first set of criteria. Hence, [28] compares four mod-
els of uncertainty representations according to : their ability
to model partial information and imprecise assessments, the



consistency of models and underlying inferences the feasibility
of both assessments and computations and the clarity of their
interpretation. For information fusion, [27] and [31] give some
insight into developing an appropriate set of measures to eval-
uate the fusion process in terms of effectiveness, information
gain, quality and robustness. Authors identify various criteria
for low/ high level information fusion, in relation with existing
evaluation standards.

To achieve high-level information fusion, both sensor-based
and soft data should be considered. When combining or fusing
heterogeneous data, one must develop suitable methods to
preserve and update the uncertainty associated to data. In
[30] the foundation of an emerging framework for hard-soft
information fusion based on Dempster-Shafer (DS) theory
is described. The solution takes into account inherent data
uncertainties such as reliability and credibility and uses the
conditional approach, an extension of DS frame to handle soft
data.

A graph-based representation is proposed in [26] to pro-
cess uncertainties of soft data for the purpose of situation
assessment. An attributed data graph is created to represent
intelligence information, where nodes represent entities and
the arcs correspond to relationships. A template-graph is used
to specify a situation of interest, and uncertainties correspond
to an inexact matching of those structures.

From a different perspective, various approaches propose
solutions for hard-soft data fusion by using Controlled Natural
Languages (CNL). CNL 1 are subsets of natural languages,
obtained by restricting the grammar and vocabulary in order to
reduce or eliminate ambiguity and complexity. Among them,
Preece and colleagues [35] developed Controlled English, a
controlled natural language readable by English speakers to
represent information in a structured and unambiguous form.
This representation provides a unified frame to integrate textual
information and it is used to support sharing of tasks and assets
between different actors of a coalition environment.
In the military field, BML (Battle Management Language)
[24], [25] was developed based upon the Joint Consultation,
Command and Control Information Exchange Data Model
(JC3IEDM). It provides a standardized representation to com-
municate orders, request and reports, and it is sufficiently
expressive to formulate both military and non-military data
exchanges for a variety of tasks.

While approaches based on controlled language provide
an accurate and unambiguous representation of sentences,
different solutions use semantics as a means to ensure a
shared meaning to the information being communicated from
one actor to another. Those efforts gave rise to probabilistic
ontologies [36] that are explicit and formal representations of
domain knowledge augmented with associated uncertainties.
Such ontologies are represented in PR-OWL, an extension of
OWL [37], and they provide a useful tool for information
fusion while assessing levels of uncertainty [32], [29].

In a previous work we described an incremental model
for soft data uncertainty [21]. For this work, we develop
quantitative metrics for each criteria of this model and we
illustrate a practical use of the model for HUMINT messages
evaluation.

1Cf. wikipedia

III. MODELING UNCERTAINTY IN SOFT DATA

In the context of soft data fusion, the notion of uncertainty
incorporates a full spectrum of uncertainty states, ranging from
doubt to complete conviction in the truth of an item and
seems to fall inherently into dimensions. First, uncertainty
is intrinsic in soft data and due to ambiguities of natural
language, at least those that are significant in the interpretation
of events or scenes, such as identifiers referring to different
entities. Second, the uncertainty is related to sources and the
importance of assessing how certain authors are about their
statements is evident, especially in the stream of constantly
updated human reports. The third dimension accounts for the
relevance of an information item with respect to the amount
of information already available.

In order to obtain a preliminary sense of the nature of
uncertainty in soft data, an incremental model was developed.
The model (fig. 1) is intended to capture the quality of soft
data with respect to their content, the additional information
provided by human sources and the set of existing information
items. Hence, when considering an information item i in iso-

Fig. 1. Dimensions of uncertainty in soft data

lation its uncertainty is described by ambiguity and vagueness.
Self-confidence is a measure of the degree of uncertainty as
expressed by the source and weight of evidence highlights
items potentially more relevant for the task to be achieved.
Further on those types of uncertainty are discussed.

A. Intrinsic uncertainties

Ambiguity and vagueness are criteria corresponding to
intrinsic uncertainties in soft data.

Ambiguity is an inherent feature of natural language. Auger
and Roy provide in [4] an overview of linguistic ambiguities
by considering the semiotic triangle proposed by Ogden and
Richards, [3]. The triangle is a three-fold linguistic-semiotic
system, see fig. 2, explaining how linguistic symbols are
related to the objects they represent. This model draws a
distinction between a symbol, also called signifier, carrying
a meaning attached to a concrete thing, or object of the world.
Linguistic ambiguities (blue line, in fig. 2) appear as the
same symbol can be related to several different meanings.
Polysemy - the capacity for a signifier to have different and
non related meanings, and homonymy - words having different
meanings while sharing the same spelling and pronunciation-



Fig. 2. Semiotic triangle [Ogden and Richards, 1923]

are the main sources of linguistic ambiguities. For instance the
statement

Civilian 4x4 parked on access road to zone (S1)

is ambiguous if zone is a concept having several instances.
The triangle also shows referential ambiguities (red line, in
fig. 2) due to socio-cultural aspects. They appear and the
meaning of an item is also gathered from the context and
often there are differences between the unique context of text
production, including features such as space, time, author,
etc., and the interpretation context. For linguistic data, other
forms of ambiguities are related to surface phenomena, such
as incomplete sentences, spelling variations and errors.

Vagueness is a consequence of the information being
produced as a result of both observation and interpretation and
it appears as observers have incomplete knowledge of the facts
and events reported, see for instance sentences hereafter:

Several vehicles on road to parking area (S2) or Unknown
vehicles moving west (S3).

Since an observer can never have complete knowledge
of the scene under observation, there is always a range of
interpretive features which are used to interpret the scene in
a plausible fashion. Thus, vague information is created as
observers never know exactly which of those features used to
forge the interpretation are relevant. In some cases, vagueness
can also be related to epistemic phenomena, when speakers
have inexact knowledge of the language used to report events.

B. Source-related uncertainties

Soft data are a mix of both facts and opinions, as human
sources often provide their own judgments and beliefs when
reporting information. More particularly, uncertainty indicates
a lack of commitment to the statement and expresses caution
or reveals skepticism about a sentence. Therefore, uncertainty
is a dimension of subjectivity in natural language [5], whereas
the subjectivity is the linguistic expression of private states
and statements are considered as subjective if they contains a
significant expression of emotion, evaluation, opinion, or spec-
ulation attributes to either the writer or someone mentioned
in the text [6].

Traditionally, the term associated to linguistic uncertainty
is hedging, and according to various authors it refers to words
whose job is to make things more or less fuzzy [39], or any
linguistic means used to indicate either a lack of commitment

to the truth value of a statement or a desire not to express that
commitment categorically, according to [40]. From a linguistic
standpoint, uncertainty is exhibited by a variety of means, such
as subjectivity expressions [7], evidentials, reporting verbs,
modalities [8], approximates or intensifiers, called explicit
uncertainty markers, for instance:

Possible unknown object on roadside (S4).

Those different lexical devices can be combined with
each other to create specific patterns that can be learned [9].
Although the commonly used declarative mood to expressing
facts and opinions may have an implicit uncertainty level, they
are not discussed under this uncertainty model.

For the purpose of this study, the model introduces self-
confidence, a criterion intended to capture the author’s uncer-
tainty about his own statements.

C. Relational uncertainties

Relational uncertainty accounts for overlappings, confir-
mations or contradictions highlighted when analysing a va-
riety of information items in combination. The uncertainty
model introduces weight of evidence, a concept intended
to capture the intuition that some information items convey
more evidence and their exploitation can be more effective to
support hypothesis or to achieve a task, as shown by sentences
hereafter.

Bus moving east (S5), Bus moving east towards
convoy(S6).

Weight of evidence is a concept tackled in various do-
mains, whose commonality is the need to integrate different
sources or lines of evidence to form a conclusion or a decision.
It is largely used in the medical domain, in relation with the
rise of a new trend of medical practices known as evidence
based medicine 2 promoting clinical solutions supported by
practical experience for which scientific support is not (yet)
available. In low and policy domain the concept supports the
intuition that the value of evidence must be above a critical
threshold to support decisions or conclusions [12].

Various researches in information fusion considered weight
of evidence in relation with source’s reliability. Among them,
[13] proposes a probabilistic approach for information fusion
where information items are weighted with respect to the
accuracy or reliability of their source. While this solution
considers only independent information items, an approach
adapted to correlated information is described in [14].

In the field of evidential reasoning, the discounting opera-
tion introduced by Shafer, [15] allows us to consider knowl-
edge about the reliability of information sources. Smets and
colleagues propose a method for learning sensor’s reliability,
at various detail levels defined by users described in [16]. This
method is generalized in [17] by Mercier and colleagues, by
introducing the contextual discounting.

Our uncertainty model considers weight of evidence as an
attribute of information, describing the capacity of an item to
add new and valuable evidence in support of decision-making.
Although relevant for relational uncertainty, inconsistency in
data or contradiction are not investigated for this work.

2http://www.cebm.net



D. From model to criteria

Those different dimensions of uncertainty in soft data are
captured by a subset of criteria developed within the Uncer-
tainty Representation and Reasoning Evaluation Framework
(URREF), [23]. Hereafter an approach extending the principles
of shallow semantic analysis allows us to build lexical and
conceptual descriptions of uncertainties and to estimate values
of associated criteria.

IV. SOFT DATA PROCESSING AND ASSESSMENT OF
UNCERTAINTY CRITERIA

As they are intrinsically heterogeneous and unstructured,
soft data integration is based on natural language processing
techniques, supplied with formal semantics in the form of
ontologies. To assess uncertainties of soft data, we adopted
the principles of shallow semantic analysis (SSA), improved
in order to take into account relevant linguistic information.

A. Shallow semantic analysis

For this work, SSA is considered as defined by Ferrandez
and colleagues, cf. [18], and consists of using ontologies to
model domain knowledge and performing soft surface analysis
of data already represented as sets of ontological entities. Gru-
ber defines an ontology as a formal and explicit specification
of a shared conceptualization, [19]. Formally it is defined as:
O =< C,R, Ic, Ir >, where:

• C is the set of concepts

• R is the set of relations

• Ic : C → C concepts inheritance

• Ir : R→ R relations inheritance.

A number of primitives define concepts, relations, inheritance,
equivalence or disjoint relations and reversed roles. There
are two main advantages of using SSA to process textual
information. First, ontologies offer a means to handle the
linguistic variety, as they model domain knowledge by taking
into accounts both conceptual and linguistic levels. Second,
performing shallow analysis of ontological entities, based on
surface exploration of properties enhances the capacities of
formal reasoning, while maintaining a reasonable level of
calculus complexity. To apply SSA textual data are represented
as sets of ontological entities.

We propose an extension of the classical SSA approach, by
considering information extracted thanks to linguistic patterns.
Hence, soft data are translated into a threefold representation,
by specifying: ontological entities, context-specific elements
and features of linguistic uncertainty. The processing chain
allowing this transformation is described hereafter.

B. Processing textual data

Fig. 3 illustrates the overall processing cycle developed
to translate soft data into collections of ontological entities,
elements of context and features of uncertainty. The entry
set is composed of a collection of soft data, in electronic
format, such as HUMINT reports or messages, etc.. The
transformation of data is carried out by a chain composed of:

Fig. 3. Construction of a three-fold representation of texts

lexical normalization, linguistic pre-processing, linguistic and
semantic analysis.

The goal of the lexical normalization is to identify and
remove lexical heterogeneity, which appear as the same type
of information id provided under different lexical forms. They
concern namely: date/ time expression (ex. 11 November 2011
vs. 11/11/2011); currency; geographical coordinates; metric
units (ex. M vs. inch); expression of quantifiers (ex. two
vehicles vs. 2 vehicles) and abbreviations (ex. poss. and
possible).The heterogeneity is removed by adopting a unique
format for date/time, currencies, geographical coordinates and
quantifiers. Also, a referential metric system is chosen and
abbreviations are replaced by corresponding words. The output
of this phase is a homogeneous corpora, from a lexical
standpoint.

Linguistic pre-processing concerns the identification of
sentences boundaries. This step performs tokenizing, part-of-
speech(POS) tagging along with identification of words stems
and named entities (NE) recognition. The output is a POS
annotated corpus to be used by both linguistic and semantic
analysis. TreeTagger3 annotation is illustrated in fig 4.

Fig. 4. Part-of-speech (POS) annotation

3http://www.cis.uni-muenchen.de/ schmid/tools/TreeTagger/



Linguistic analysis is carried out in order to identify
instances of linguistic patterns able to highlight uncertainty
expression and features of context. This phase requires addi-
tional information, in the form of linguistic patterns previously
defined, and used pattern-matching approaches to retrieve their
instances within texts. The first output of this phase is a set
of linguistic information relevant for uncertainty assessment.
The second output of this phase is a set of context-specific
features, composed of named entities describing locations,
events, persons involved, organizations, etc.

Semantic analysis uses domain ontologies in order to create
a semantic representation of textual data. During this phase,
words are replaced by concepts and roles of which they
are the linguistic expression. At the end of this phase, texts
initially represented as bag of words are represented as sets
of ontological entities, which allow further processing going
behind the lexical level of information, see tab I.

TABLE I. SEMANTIC REPRESENTATION OF TEXTS

Vehicle 4x4 parked on MSR
Concept InstanceOf Role InstanceOf
Vehicle Vehicle Parking Zone

This is a translation of free-form sentences into a semantic
structure, normalized with respect to an existing ontology.

C. A three-fold representation of soft data

The processing chain described above creates a three-fold
representation of textual data as follows:

I(i) =

{
O1, O2, ..., On

C1, C2, ..., Cm

U1, U2, ..., Up

}
(1)

where: i is an information item,
Eo = {O1, O2, ..., On} is the set of ontological entities,
Ec = {C1, C2, ..., Cm} is the set of context specific features
U = {U1, U2, ..., Up} are linguistic markers tagging uncer-
tainty levels.

The identification of ontological entities and context fea-
tures is illustrated hereafter (fig. 5). The set of context specific

Fig. 5. Identification of ontological entities and context features

features is composed of named entities, which are instances of
concepts and can be added to the ontology thanks to InstanceOf
relations. The extension of shallow semantic analysis is carried
out by taking into consideration linguistic markers able to
highlight uncertainties.

D. Estimation of uncertainty criteria

Several metrics for uncertainty evaluation are proposed by
using the three-fold representation of soft data created thanks
to linguistic and semantic-based processing. Thus, it becomes
possible to assign a numerical value to uncertainty criteria by
using linguistic patterns and semantic reasoning approaches.

a) Ambiguity: Ambiguity of an information item i can
be evaluated by considering the maximal number of instances
corresponding to concepts assigned to i.

A(i) =
max(I(Ci))

max(I(O))
(2)

where max(I(Ci)) is the highest number of instances of con-
cepts assigned to i, and max(I(O)) is the highest number of
instances of concepts of the ontology O. Values of ambiguity
range from 0, when instances are not assigned to concepts of
i, to 1, when the most ambiguous concept of the ontology is
assigned to i. This definition corresponds to a task-oriented re-
striction of ambiguity and concepts are considered ambiguous
according to the number of their instances. The homonymy is
not considered, as ontologies are domain-oriented and allow
the identification of the appropriate meaning.

b) Vagueness: To evaluate how vague an information
item is we consider the specificity of concepts. The depth of a
concept C is defined as the length of path relying C to the top,
the more important the depth, the more specific the concept is
considered. Having D the maximal depth of O, and D+1 the
depth of named entities, we define vagueness as:

V (i) = 1− 1

1 +D
∗
∑

depth(Ci) + p ∗ (D + 1)

m+ p
(3)

where Vi is the vagueness of an item i, Ci is a concept and
depth(Ci) its depth, m is the number of concepts, and p is
the number of named entities. p = |Ec|, while m ≤ |Eo|,
as roles can also be assigned to i. Values of vagueness range
between 0, when i is composed of named entities only, and
1, corresponding to an extreme case when the i is composed
of the top concept. Vagueness decreases as concepts of i are
more specific.

c) Self-confidence: Self-confidence captures the intu-
ition that soft data convey both information and some kind of
evaluation done by the human source. Sometimes, this evalu-
ation appears explicitly, in the form of certainty/ uncertainty
expression (possible, probable, likely).

The assessment of soft intelligence by using linguistic
patterns was addressed early by Kent in 1962, [11] who created
a standardized list of words of estimative probability 4. This list
was intended to become a common basis to be used by analysts
to produce uncertainty assessments. Kesselman describes in
[10] a study conducted to analyze the way the list was used
by analysts over the past, identifies new trends to convey
estimations and proposes a new list having the verb as a central
element.

While authors above used probabilities for the mapping
of qualitative estimations to numerical values, Druzdzel intro-
duces the concept of subjective probability to translate beliefs
of the source onto a real number between 0, if the source
considers the event impossible and 1, when the source believes
it will certainly occur, as described in [22].
For this work, self-confidence is a qualitative criterion, whose
values are possible/impossible/unknown.

F : {U} → {possible, impossible, unknown} (4)

4Available at: www.cia.gov/library/center-for-the-study-of-intelligence/csi-
publications/books-and-monographs/sherman-kent-and-the-board-of-national-
estimates-collected-essays/6words.html.



Self-confidence can be assessed by exploiting the set of lin-
guistic markers and by providing strategies to combine them.

d) Weight of evidence: Weight of evidence (WoE) is a
criterion corresponding to the capacity of an information item
to convey more or less evidence. Intuitively, richer information
items should be considered more valuable to support decisions.
WoE can be evaluated as follows:

WoE(i, j) =
|Ei

o| − |Ei
o ∩ Ej

o |
|Ei

o ∪ Ej
o | − |Ei

o ∩ Ej
o |

(5)

where: i and j are information items, Ei
o is the set of

ontological entities of i, Ej
o is the set of ontological entities

of j, |Ei
o| and |Ej

o | are the numbers of entities of items i and
j respectvely, |Ei

o ∩ Ej
o | is the number of entities shared by

both items, and |Ei
o ∪ Ej

o | is the overall number of entities.
WoE is an asymmetric measure, ranging from 0, value as-
signed by definition when items are composed of identical
entities to 1, when Ej

o is included in Ei
o.

V. EXPERIMENTS AND ANALYSIS

A case study was conducted in order to obtain a preliminary
picture of uncertainty in soft data as depicted by our model.
The goal of this experimentation was to provide an overview of
data characterization according to ambiguity, vagueness, self-
confidence and weight of evidence and to better understand
the way those criteria can complement each other.

A. Corpora

Data used for this experimentation is composed of 81
HUMINT messages. The topics of the sample messages varied,
and include reports on 6 different events, occurring during 3
days in different geographical locations. Messages are stored
as XML files whose tags provide additional information on
geographical area of the event, time of information delivery
or the level of protection assigned to each message. First, the
collection is classified thanks to spatio-temporal correlation
and 27 classes are created, composed of events occurred in
the same area and delivered almost simultaneously, fig.6. Each

Fig. 6. Classes of messagess

class is composed of at least 2 and at most 27 of potentially
related messages. Second, we look at the characterization of
messages inside each class by assessing criteria independently.

B. Domain model: the ONTO-CIF ontology

ONTO-CIF [20] was used to support this experimentation.
ONTO-CIF is a military intelligence ontology, providing a
standard model of domain entities along with relationships.

The ontology was created by exploiting various knowl-
edge supports thanks to a construction process composed of:
specification, conceptualization and formalization phases. The
specification allows us to identify the purpose of the ontology
and to explain its intended use. ONTO-CIF was created in
order to describe the military intelligence field according to a
functional point of view and to support reasoning mechanisms.
The conceptualization step identifies entities along with their
relations and models concepts, relations and axioms. The
ontology is composed of 58 concepts, clustered in 6 main cat-
egories, describing: entities (i.e. vehicles, persons), locations
(i.e. geographical area), and structure (hierarchical), status of
entities (natural, man-made), goals (function of entities) and
events (actions involving several entities). Fig. 7 sketches the
main concepts of ONTO-CIF.

Fig. 7. OntoCIF

Concepts are connected by 55 relations such as: specializa-
tions (Organization, Social Grouping), compositions (Organi-
zation, Person), equivalences (Installation, Place) and domain
specific relations: has-goal (Organization, Function). Axioms
of ONTO-CIF highlight 4 pairs of equivalent classes, 6 pairs
of disjoint classes and 4 pairs of reversed roles. ONTO-CIF is
represented in OWL DL, a sub-language of OWL, [37].

C. Results and discussion

The results were analyzed manually and the most relevant
cases are discussed hereafter. Hence, fig. 8 illustrates that a
message is ambiguous as soon as it makes use of a concept
having several instances: in our data, zone is a concept having
3 instances. The second statement is more precise, as it clearly
indicates the direction of the movement (from west to east).

Fig. 8. Ambiguity (1/2)

A similar case is depicted in fig. 9, when using the concept
vehicle introduces ambiguity, while using its instance (4x4)
makes a non ambiguous statement.



Fig. 9. Ambiguity (2/2)

Fig. 10 shows a high value of vagueness, due to the use of
the concept vehicle, more abstract that any of its instances.

Fig. 10. Vagueness(1/2)

Fig. 11. Vagueness(2/2)

As shown in fig. 11, the values of vagueness decreases
when the concept vehicle is replaced by one of its instances,
as instances are on the lowest level of the ontology.

In fig. 12., self-confidence is flagged as a boolean value
when explicit markers of uncertainty are identified.

Fig. 12. Self-confidence

Fig. 13 illustrates weight of evidence, whose values in-
crease with additional information provided by the second
(toward NAI nord 10) and the third statements (and five
persons).

Fig. 13. Weight of evidence

The uncertainty model developed for this work provides
a set of independent criteria, that can by assessed as such.
Nevertheless, as the following example shows, low values of
ambiguity are often associated with low values of vagueness,
both of which can be further combined with self-confidence.
Thus, in fig. 14 the second statement is more valuable as its
weight of evidence is significant, but also because the self-
confidence of the first statement shows a low confidence of
the source.

Fig. 14. Weight of evidence and self-confidence

Figures 15 and 16 show a tree-fold description of the same
sentences, according to values of ambiguity, vagueness and
self-confidence.

Fig. 15. Ambiguity and self-confidence

Fig. 16. Vagueness and self-confidence

The second sentence is more ambiguous, as the concept
radar has several instances within our data set; it is also vaguer
than the first sentence, as the use of MLRS, an instance of
radar, also reduces vagueness. And finally, in the case of both
sentences the source is not certain about the type of the device
identified. As examples from 14 to 16 show, a more complex
analysis of information items, under the light of several criteria
is suitable to provide a richer description of the uncertainty.

D. Limitations of ontology-based uncertainty assessment

This paper describes an incremental model to analyze
uncertainty in soft data whose criteria are assessed by using an
ontology-based approach. Different stages of shallow analysis
require semantic representations of soft data in order to esti-
mate degrees of vagueness, ambiguity and weight of evidence.
A major drawback when using ontological approaches is
related to the use of a closed-world model of the application
field. As the domain changes, the model should be adapted
in order to keep an up-to-day description. Another limitation
when using exclusively semantic-based solutions occurs as
linguistic phenomena are not taken into account. For instance,
contradictions are also highlighted by negations, which are
ignored when performing an ontology-based analysis.

VI. CONCLUSION

This paper discusses different dimensions of uncertainty
in soft data and introduces a theoretical framework developed
to capture and assess each dimension, leading to enhanced
analysis of soft data imperfections. In this framework, an
incremental model provides a set of criteria to characterize the
uncertainty and the evaluation of those criteria is carried out by
extending the principles of shallow semantic analysis. Criteria
are assessed by taking into account both linguistic features and
domain knowledge, while the overall process is supported by a
domain ontology. First, this ontology facilitates the translation
of free-form texts as sets of ontological entities, and then
it provides a basis for enhanced reasoning mechanisms. An
experimental study carried out to assess the uncertainty of
HUMINT reports demonstrated the reliability and usefulness
of the overall approach to create an in-depth characterization
of soft data.

Future work includes the development of assessment guide-
lines, able to gradually take into account values of uncertainty
criteria at different stages of the fusion process. Vague, incon-
sistent or ambiguous information items can be early identified



and ignored thereafter. Since there are roles for domain experts
and analysts like experience and intuition based decision
making which are extremely difficult to integrate in the form of
uncertainty criteria, the whole uncertainty evaluation process
still requires human intervention and therefore it should be
designed as a semi-automatic procedure.
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