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Abstract: The paper analyses the characteristics of Volunteer Geographic Information (VGI) and the
need to assure and assess its quality for a possible use and re-use. Ontologies and soft ontologies
are presented as means to support quality assurance and assessment of VGI by highlighting their
limitations. A proposal of a possibilistic approach using fuzzy ontology is finally illustrated that
allows to model both imprecision and vagueness of domain knowledge and epistemic uncertainty
affecting observations. A case study example is illustrated.
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1. Introduction

Volunteered Geographic Information and neo-geography are nowadays common
synonymous terms used to indicate the practice of volunteers engaged in creating and
sharing information on the Web about observations relative to target objects or events in
various forms and with different nature, such as textual notes, pictures, sound recording,
videos, measurements of properties, by associating a geographic reference with them, i.e.,
a geographic footprints on the Earth surface, indicating where the object or event was
observed [1,2].

Generally, such practice was first adopted within “Citizen Science” (CS) collaborative
projects, carrying out some of the tasks by the involvement of a large number of volunteer
citizens [3,4]. Thanks to the Internet, and to the diffusion of smart applications on mobile
devices, a potential increase of the number of volunteers’ from worldwide with timely
contributions is nowadays possible. This makes CS a viable solution also for monitoring
processes, thus constituting a new challenge not only for science but even for collaborative
city management. Nevertheless, many users express criticism towards usability of VGI due
to its questionable quality.

In an attempt to improve the quality of VGI, CS projects introduced either ex-ante, ex-
post or hybrid methods to normalize the creation and selection of VGI based on controlled
vocabularies, ontologies and database integrity constraints checks [5–7].

By applying such methods, while VGI is made compliant with the project’s specifi-
cation for which was created, it can hardly be re-used for other projects having different
quality requirements: this is mainly due to the lack of metadata documenting both the
confidence of the volunteer in his/her understanding of the problem and the contextual
conditions of the observations, which may cause a degradation of VGI [6].

In facts, when creating VGI for a CS project, volunteers may be required to classify
some objects of interest according to a taxonomy or ontology. This may be uneasy when
volunteers do not have adequate knowledge of the problem, such as within the Space4Agri
project, in which they were asked to classify the crops growing in agronomic parcels and
their actual phenological stage by using a classic agronomic ontology [8]. In some cases,
they could not assign a single crop and/or a single phenological stage to an observation;
this uncertainty of volunteers was due to the imprecise and vague descriptions of shape
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characteristics of both crops and stages in the classic ontology, which observations did not
perfectly match. In some cases, the inability was also due to the not optimal observation
conditions, such as far point of view, which prevented them from distinguishing well the
characteristics. This is epistemic uncertainty affecting the observation.

In this paper, the use of fuzzy ontologies is analyzed to allow implementing both
ex-ante flexible quality assurance mechanisms and ex-post flexible fitness for use quality
assessment. Flexibility is meant as the ability to model imprecision, vagueness and uncer-
tainty. To this end, some limitations of current ontologies and soft ontologies are identified,
and specifically the need to distinguish, represent and reason in presence of both epistemic
uncertainty and imprecision/vagueness of domain knowledge.

In particular, possibilistic fuzzy databases [9,10] are suggested as a viable means to
model epistemic uncertainty affecting data of VGI observations, so that the uncertainty
expands the possible data values of VGI observations. Fuzzy ontologies are proposed to
represent imprecise/vague domain knowledge, and thus as a suitable means to describe
observations qualitatively [11]. Finally, fuzzy Description Logic (DL) is an appropriate
framework to perform reasoning on a fuzzy ontology [12]. A case study example will be
described to exemplify how these frameworks will be combined to define the proposal.

The next section introduces the problem of VGI quality assurance and assessment,
and the notions of ontologies and fuzzy ontologies. Section 3 discusses the limitations of
fuzzy ontologies and proposes a possibilistic method, drawn from fuzzy databases, that
exploits fuzzy ontologies and fuzzy DL; the discussion section illustrates the application of
the proposed method in a case study. Conclusions summarize the main contribution and
limitation of the work.

2. Materials and Methods

Many studies have been published to assess the quality of VGI based on either cross
comparison with authoritative geospatial data and remote sensing data [13], or by manual
moderation [14].

The quality assessment based on comparison to an authoritative dataset of the same
area (that is considered as ground-truth) uses different measurements to represent the
quality of VGI, such as the length of the common features and the difference between the
attribute values [6,15].

VGI quality assessment has been mainly investigated by considering as quality indi-
cators logical consistency, positional accuracy, temporal accuracy, thematic accuracy, and
completeness [16], formally standardized by ISO 19113 for spatial data quality [17]. A
comprehensive historic updated survey can be found in [18]. Some works expressed the
overall VGI quality by combining and integrating several measures such as [18–21]. For
example, the work in Ref. [18] proposes a comprehensive quality assessment framework
for VGI linear features that integrates novel quality metrics with other commonly used
geometric and topologic indicators.

Most works found that VGI quality is very heterogeneous, mostly affected by spatial
incompleteness or sparseness, thus the importance of evaluating completeness [16,22],
with greatest timeliness than official geospatial data in some localities [14]. For example,
quality assessment of VGI within the OpenStreetMap (OSM) project, has been carried out
in distinct localities and the results outline that urban areas can reach both higher positional
accuracy and greater completeness than the authoritative datasets with respect to rural
places [23]. Nevertheless, in general, it is difficult to draw a conclusion about the degree of
adherence to a specific set of data quality standards or to assess usability of VGI in the case
in which ground truth data are not available.

This is the reason why other approaches proposed to explore VGI quality assessment
by evaluating intrinsic VGI characteristics, such as the number of edits, the number of the
volunteers and volunteers’ trustfulness [24] or a combination of them [16,25]. For example,
ref. [26] found that the positional accuracy of OSM VGI increases with the number of
volunteers contributing in the same area. Other approaches assessed VGI quality mainly
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by evaluating extrinsic VGI characteristics, such as the volunteers motivations, experience
and recognition [27].

Finally, some approaches proposed to assess VGI quality by exploiting the consistency
of VGI with its geographic context [28], by relying on the Tobler’s first law of geogra-
phy stating that “all things are related, but nearby things are more related than distant
things” [29]. Very few works evaluated the semantic quality of VGI: for a rich survey on
the main methods of VGI quality assessment see [6,15].

In [30] a “consumer centric” multi criteria decision making approach to VGI quality
assessment was proposed based on the specification of flexible queries to a database storing
VGI quality indicators, representing both intrinsic and extrinsic quality characteristics of
VGI, in order to select VGI in decreasing order of its quality suitability, i.e., relevance to the
flexible query. This approach enables the VGI quality assessment conceived as evaluating
VGI “fitness for use”, and thus is adequate to enable the re-use of VGI.

Nevertheless, the prerequisite for the applicability of this approach is the possibility to
compute quality indicators of the single dimensions of VGI, which can denote both intrinsic
and extrinsic characteristics. For this reason, in [5] we analyzed the possible causes of VGI
quality degradation by identifying some relevant dimensions of VGI that may impact on
quality assurance.

One first aspect that influences VGI quality degradation is due to the means by which
VGI is created. Ex-ante approaches are generally provided with the objective of supporting
volunteers with easy to access resources for a correct creation of information, and automatic
mechanism for controlling data entry. These resources include templates with automatic
error checking capabilities to enforce better data creation practices; controlled vocabularies;
geographic gazetteers, and ontologies in the specific scientific domain of the project. A
review of the policies adopted by citizen science projects for regulating, constraining,
filtering and correcting the data entered by volunteers, so as to reduce, as much as possible,
the uncertainty of their interpretation due to errors, ambiguities, incompleteness and
inaccuracy can be found in [5,6,31].

Ex-ante semantic support for creating VGI has been addressed in two distinct ways:
either by relying on domain ontologies [32,33] or by adopting the Semantic Web and Linked
Data framework [34].

The use of gazetteers and ontologies is particularly diffused in CS projects that ask
volunteers to identify objects of interest and to categorize them on the basis of the provided
domain ontology [31]. These projects may tolerate inaccuracies about the objects geoloca-
tion while demanding certainty of the classifications of the observed objects. For example,
in the inaturalist project (https://www.inaturalist.org) (accessed on 9 September 2021) the
tolerance of the geo-localization of the observed object can be defined by specifying an
uncertainty radius around a point identified by geographic coordinates. On the other side,
in order to achieve a high quality in the classification of the observed objects, an hybrid
approach for quality improvement is adopted. Ontologies enriched with visual information
in the form of pictures and drawings of the species are provided to help volunteers create
correct classifications of observations, for which they have to upload a photo that is then
submitted to the possible revision by the community.

In addition, CS projects in which the positional accuracy is important, such as Open-
StreetMap (OSM), started exploring the possibility of creating a semantic schema of the
concepts by organizing them into ontologies [15]. For example, LinkedGeoData [34] en-
riches OSM data with other semantic datasets such as DBPedia or GeoNames and publishes
them in a semantic form, and OSMonto [35], although designed for a specific application,
organizes OSM concepts within an ontology with a rich number of relationships.

In order to improve VGI quality, once VGI has been already created and stored in
the project database, ex-post approaches have been defined which clean errors, normalize
data and discard VGI not satisfying integrity constraints, by the aid of external knowledge
provided as ground truth data, authoritative information from administrative and com-
mercial datasets, such as land cover, land use, Digital Elevation Models, or gazetteers and

https://www.inaturalist.org
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ontologies in the specific scientific domain [36,37]. Ex-post approaches are generally used
to achieve semantic interoperability of VGI from different sources [38]. In facts, semantics
is fundamental to understanding the meaning of data. The Semantic Web has developed
methods and techniques to support semantic interoperability among applications [39,40].

Nevertheless, VGI creation by using classic ontologies cannot completely avoid VGI
quality degradation. In facts, one import aspect of VGI creation is data contextualization,
that means explaining the context in which data have been created [6]. Data contextualiza-
tion implies explaining the conditions in which an observation has been taken, for instance,
far point of view, presence of fog, low sun light, which may affect the quality of data with
epistemic uncertainty. Another aspect of contextualization is explaining the meaning of the
project and of the important concepts. Within the Space4Agri project for the improvement
of the agronomic sector in northern Italy, we experienced the difficulties of volunteers to
identify the crops and their actual crop growth stage when observing agronomic parcels
by using a classic ontology [8]: they found difficulties, since crops may have different
appearance from place to place within the same parcel, and this appearance may not
correspond to a unique growth stage as described in the classic ontology of reference. This
motivated our proposal of defining a fuzzy ontology in order to represent the fuzziness of
crops growth stages to support the ex-ante creation of VGI [32].

On the other side, VGI consumers need to select VGI based on their specific quality
needs. By taking ideas from [36], in which an ontology driven VGI filtering was pro-
posed for disaster management, in the following sections we analyze the appropriateness
of using current ontologies and soft ontologies to support both VGI quality assurance
and assessment.

Ontologies and Soft Ontologies

When data are distributed or shared among various data producers and consumers,
as it happens for geo-referenced data created by the crowd and shared on the Web, it
is necessary to have either a shared semantics through a common vocabulary to specify
entities, concepts, and relationships (a domain ontology), or mapping rules between
different local vocabularies (ontology alignment). To this aim, the role of ontologies
is growing in significance with the growth of the social Web and the diversity of user
generated contents.

Ontology is a formal and explicit specification of a shared conceptualization [41].
It constitutes a common context model and plays a key role in inferring semantics of
user generated contents. “Conceptualization” refers to an abstract model of some part
of the world that identifies the relevant concepts and relations. “Explicit” means that
the type of concepts, the relationships between concepts, and the constraints on their
usage, are explicitly defined. “Formal” refers to the fact that ontology should be defined
in a machine-readable form. Finally, “shared” means that the ontology should reflect
the understanding of a community. Specifically, in the Semantic Web context, ontologies
provide a knowledge representation shared between agents, in order to understand each
other in communication. Ontologies subsumes taxonomies, since, besides the hierarchical
organization of concepts through inheritance relationship (“IsA”), they represent other
kinds of relationships, such as “part of”. There are several formal languages that can be used
for expressing ontologies. The Web Ontology Language OWL and its extensions (OWL-2 a
more expressive version of OWL) is the W3C recommendation for coding ontologies for the
Web. The basis for OWL is Description Logics (DL) for representing structured knowledge
and decidable reasoning based on a well-defined theoretic semantics [42]. OWL allows
for intensional definition of classes (concepts in the formalism of DL), and properties,
that is, binary relationships between classes (named roles in DL). Classes and properties
constitute the Terminological Box (TBox) of a knowledge base of concepts. OWL also
allows for the definition of instances (individuals), the extensional definition of classes
and properties, which constitute the Assertional Box (ABox), i.e., the set of facts. Finally,
OWL allows for role-centric definition of modeling features (the RBox). Specifically, the
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recommendation defines three levels of extensions of OWL characterized by different
trade-off of expressiveness and computational efficiency [43]. OWL-DLs can be viewed as
machine-processable representation of DL, suitable for interoperability and scalability of
systems, that promotes reuse of data and reasoning over the Web. The power of OWL-DL
ontologies resides in the sound inference, i.e., reasoning, that is applied on the basis of
the axioms in the knowledge base. The two basic inference on concepts expressions in
DL are subsumption, i.e., C v E, the problem of checking whether the concept E is more
general (includes) the concept C, and satisfiability, i.e., the problem of checking whether
a concept is not the empty concept. For example, a deductive reasoning task uses the
knowledge about a domain in the TBox in order to produce a classification of instances
described in terms of observed properties in an ABox. Notice that OWL DL allows for
representing the world in terms of binary membership of instances to crisp concepts (sets)
and binary relationships among instances. In particular, a given statement can be either
true or false. As a consequence, OWL is suitable to modelling domains in which concepts
or relationships have a precise definition, and thus are not imprecise and vague by their
very nature [11]. Nevertheless, there are concepts and relationships of the real world that
are intrinsically imprecise and fuzzy, due to their gradual nature [44,45]. For instance, in
the sentence “Most climbing trails are narrow”, the concepts “most” and “narrow” involve
some fuzziness for which a crisp definition is impossible or does not make sense. What
is the width of a trail that makes it “narrow”? This is a matter of degrees depending on a
subjective or collective interpretation and, certainly, there is not a crisp transition between
a “narrow” and a “wide” trail that may be agreed upon by all. By the term “most” it is
meant that there are exceptions, for instance, there are climbing trails which are “wide”.
Furthermore there may be cases in which one needs to define a fuzzy concept hierarchy, i.e.,
a fuzzy taxonomy, in which a class is a specialization to a degree of several super classes
such as “In Italy churches besides being (1) places of worship are often (0.8) historical buildings“.
Finally, it may be also necessary to define fuzzy relationships between concepts such as
“bell towers are very close to churches”.

Probabilistic ontologies have been defined in order to be able to represent weighted
relationships in an ontology: for example, “A is a small subclass of B”, “A and B are largely
overlapped with each other”. BayesOWL [46] extends OWL based on Bayesian networks.
It provides a set of rules and procedures for automatic translation of an OWL ontology
into a Bayesian network, that is a directed acyclic graph. Algorithms are defined that
incorporate probabilistic information about both classes and inter-class relationships into
the conditional probability tables of the Bayesian network. One main problem of the
probabilistic approach is that it heavily relies on the availability of probabilistic information
for both translation of ontology to Bayesian network and ontology mapping, which is
hardly available from domain experts.

An alternative to probabilistic ontologies are fuzzy ontologies, defined with several
purposes, depending on the kind of imperfection they need to represent and manage
in the application [47]. Samani and Shamsfard [48] distinguish the definitions of fuzzy
ontologies into three main categories: those including just fuzzy relationships [49–52] or
fuzzy attributes [53]; those including both fuzzy attributes and fuzzy relationships [54];
and those including fuzzy attributes, fuzzy relationships and fuzzy axioms defined by
fuzzy IF-THEN rules admitting a degree of truth [12,55].

Much research has fuzzified the existing Description Logics (DL) and have defined
fuzzy DL reasoners (see [12] for a review). The most up-to-date and complete fuzzyDL
ontology reasoner has been proposed in [11,12,56] which supports an expressive language
defined as a fuzzy extension of OWL 2. A useful plugin of the formal ontology software
Protégé, named Fuzzy OWL, has been developed allowing to define fuzzy data types, fuzzy
modifiers, fuzzy concepts and fuzzy axioms having degrees of truth in [0, 1] denoting a
lower bound for the degrees of satisfaction of the axiom. This plugin is associated to a fuzzy
reasoner, named FuzzyDL, which allows to compute degrees of truth of fuzzy propositions
by choosing one among three fuzzy logics: Łukasiewicz logic, Gödel logic, and Zadeh logic.
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In this proposal, the degree of truth of an axiom does not represent epistemic uncertainty
modeling defects and limitations of the observations and observation means (for instance
far point of view, variability of observed instances) but it expresses a degree of preferences
or importance of an axiom.

In order to model epistemic uncertainty, soft ontologies have been defined within the
possibilistic framework [57,58], that deals with certainty and possibility degrees of truth.
Possibilistic ontologies aim at modeling the epistemic uncertainty characterizing experts’
subjective knowledge and evaluation of the certainty of this knowledge. To this end,
several possibilistic DL reasoners have been defined [57,58] which allows representation
and reasoning on uncertain statements such as “It is possible that this trail is a climbing
trail”. To this end each concept, relationships and axiom is associated to a real value α in
(0, 1] representing its certainty level. Nevertheless, no soft ontology has been proposed for
reasoning in presence of both fuzziness and epistemic uncertainty in the same framework.

3. Results

When creating VGI, a possible source of imperfection occurs when the volunteer is not
completely sure about his/her observation, which is the case of epistemic uncertainty. This
may happen because he/she does not have adequate knowledge of the problem or because
of deficiencies in the means of observation. This may also happen when the domain
knowledge is encoded into a precise ontology. For example, consider the description of
a trail “as a path with a width greater than 1 mt”. For an observer, it might be impossible to
measure the width precisely. In such situations it might be questionable to state the precise
data axioms about the trail width, while one could state an imprecise fact, for example
that the trail width is small. Another possibility would be to associate a degree b in [0, 1]
to a precise statement “the path width’s is 1 mt” expressing the confidence, belief, on its
truth. Finally, there are more complex situations that may involve both imprecise, fuzzy
and incomplete knowledge on one side, when encoding domain knowledge, and epistemic
uncertainty and imprecision of volunteer on the other side, when creating VGI instances.

A Pragmatic Approach to Model Both Epistemic Uncertainty and Imprecision/Vagueness of VGI in
a Fuzzy Ontology

In the context of possibilistic fuzzy databases, it is important to distinguish impre-
cision/vagueness from epistemic uncertainty [59]. As stated previously, there is often a
misunderstanding on the modeling of uncertainty and imprecision or fuzziness [56]. Under
uncertainty theory statements are either completely true or completely false but we do not
know if they are true of false, so we define a probability or possibility distribution over the
worlds. For example, the statement “x is a trail” is a crisp one: x can be either a trail or not,
it cannot be partially a trail, the degree that we can associate to this statement is relative to
our knowledge on the truth about x being a trail, which may depend on some deficiency
of the observation. Conversely, imprecision/fuzziness of a proposition are modelled by
fuzzy concepts represented by fuzzy sets defined on the domain of possible worlds, so
that the more values of the domain with not-null membership degree to the fuzzy set, the
more the concept is imprecise/fuzzy [45]. We can model observations affected by some
deficiency by alternative statements: for example, by observing a flower from a far point
of view one could either specify the uncertainty on the truth of a precise predicate such
as: a) “I am only 0.2 certain that x has 5 Petals”, or both an uncertain and fuzzy predicate
such as: b) “I am 0.7 certain that x has 4 or 5 Petals”, or equivalently a certain and fuzzy
predicate such as: c) “I am sure that x has less than 10 Petals”. In all these statements we can
notice that the certainty degrees (0.2, 0.7, and 1 in statements (a), (b) and (c), respectively)
are increasing and are directly proportional to the amount of imprecision of the property
values (5 petals is precise, 4–5 petals is imprecise, less than 10 petals is highly imprecise).
One can guess that the specificity [60] of the possibility distributions defining the property
values in the three cases decreases with the increase of the certainty, where the specificity
of a possibility distribution measures the degree to which the distribution allows one and
only one element as its manifestation [60].
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In fuzzy databases the occurrence of both uncertainty and imprecise/fuzzy values V
has been modeled by combining the uncertainty u with the membership function µV (µV:
X→[0, 1]) of the fuzzy value, so as to derive a modified membership function:

µV’(x)= i(u, µV (x)), where i is an implication function the effect of which is to expand
the imprecision/fuzziness of the fuzzy value V based on the uncertainty degree u by
increasing its unspecificity [9,10]. Within a possibilistic framework the modification is
defined as follows: i(u, µV (x)) = max (u, µV (x)) [61]. This way, in presence of an uncertainty
u, all values of the domain of x are possible values of V at least to a degree u.

Level-2 fuzzy set have been defined in order to allow the explicit representation of
both fuzziness/imprecision and epistemic uncertainty represented by belief of truth [59].
Given a fuzzy set A defined on a universal set D with µA: D→[0, 1], given ℘(D) the set of
all fuzzy sets defined on D, a level-2 fuzzy set
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01DC ǜ \textdieresisgrave{u}
\`{\"u}

LATIN SMALL LETTER U WITH DIAERESIS AND GRAVE

01DD ǝ \M{e}
\inve
\texteturned
\textinve

LATIN SMALL LETTER TURNED E

01DE Ǟ \textdieresisoverline{A}
\={\"A}

LATIN CAPITAL LETTER A WITH DIAERESIS AND MACRON

01DF ǟ \textdieresisoverline{a}
\={\"a}

LATIN SMALL LETTER A WITH DIAERESIS AND MACRON

01E0 Ǡ \textdotoverline{A}
\"{\.A}

LATIN CAPITAL LETTER A WITH DOT ABOVE AND MACRON

01E1 ǡ \textdotoverline{a}
\"{\.a}

LATIN SMALL LETTER A WITH DOT ABOVE AND MACRON

01E2 Ǣ \={\AE} LATIN CAPITAL LETTER AE WITH MACRON

01E3 ǣ \={\ae} LATIN SMALL LETTER AE WITH MACRON

01E4 Ǥ \B{\G}
\textGslash

LATIN CAPITAL LETTER G WITH STROKE

01E5 ǥ \B{\g}
\textcrg
\textgslash

LATIN SMALL LETTER G WITH STROKE

01E6 Ǧ \v{G}
\capitalcaron{G}

LATIN CAPITAL LETTER G WITH CARON

01E7 ǧ \v{g} LATIN SMALL LETTER G WITH CARON

01E8 Ǩ \v{K}
\capitalcaron{K}

LATIN CAPITAL LETTER K WITH CARON

01E9 ǩ \v{k} LATIN SMALL LETTER K WITH CARON

01EA Ǫ \k{O}
\capitalogonek{O}

LATIN CAPITAL LETTER O WITH OGONEK

01EB ǫ \k{o}
\capitalogonek{o}

LATIN SMALL LETTER O WITH OGONEK

01EC Ǭ \textogonekoverline{O}
\={\k O}

LATIN CAPITAL LETTER O WITH OGONEK AND MACRON
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= {(A; µ

USV Symbol Macro(s) Description
01CB ǋ \Nj LATIN CAPITAL LETTER N WITH SMALL LETTER J

01CC ǌ \nj LATIN SMALL LETTER NJ

01CD Ǎ \v{A}
\capitalcaron{A}

LATIN CAPITAL LETTER A WITH CARON

01CE ǎ \v{a} LATIN SMALL LETTER A WITH CARON

01CF Ǐ \v{I}
\capitalcaron{I}

LATIN CAPITAL LETTER I WITH CARON

01D0 ǐ \v{i}
\v{\i}

LATIN SMALL LETTER I WITH CARON

01D1 Ǒ \v{O}
\capitalcaron{O}

LATIN CAPITAL LETTER O WITH CARON

01D2 ǒ \v{o} LATIN SMALL LETTER O WITH CARON

01D3 Ǔ \v{U}
\capitalcaron{U}

LATIN CAPITAL LETTER U WITH CARON

01D4 ǔ \v{u} LATIN SMALL LETTER U WITH CARON

01D5 Ǖ \textdieresisoverline{U}
\={\"U}

LATIN CAPITAL LETTER U WITH DIAERESIS AND MACRON

01D6 ǖ \textdieresisoverline{u}
\={\"u}

LATIN SMALL LETTER U WITH DIAERESIS AND MACRON

01D7 Ǘ \textdieresisacute{U}
\'{\"U}

LATIN CAPITAL LETTER U WITH DIAERESIS AND ACUTE

01D8 ǘ \textdieresisacute{u}
\'{\"u}

LATIN SMALL LETTER U WITH DIAERESIS AND ACUTE

01D9 Ǚ \textdieresiscaron{U}
\v{\"U}

LATIN CAPITAL LETTER U WITH DIAERESIS AND CARON

01DA ǚ \textdieresiscaron{u}
\v{\"u}

LATIN SMALL LETTER U WITH DIAERESIS AND CARON

01DB Ǜ \textdieresisgrave{U}
\`{\"U}

LATIN CAPITAL LETTER U WITH DIAERESIS AND GRAVE

01DC ǜ \textdieresisgrave{u}
\`{\"u}

LATIN SMALL LETTER U WITH DIAERESIS AND GRAVE

01DD ǝ \M{e}
\inve
\texteturned
\textinve

LATIN SMALL LETTER TURNED E

01DE Ǟ \textdieresisoverline{A}
\={\"A}

LATIN CAPITAL LETTER A WITH DIAERESIS AND MACRON

01DF ǟ \textdieresisoverline{a}
\={\"a}

LATIN SMALL LETTER A WITH DIAERESIS AND MACRON

01E0 Ǡ \textdotoverline{A}
\"{\.A}

LATIN CAPITAL LETTER A WITH DOT ABOVE AND MACRON

01E1 ǡ \textdotoverline{a}
\"{\.a}

LATIN SMALL LETTER A WITH DOT ABOVE AND MACRON

01E2 Ǣ \={\AE} LATIN CAPITAL LETTER AE WITH MACRON

01E3 ǣ \={\ae} LATIN SMALL LETTER AE WITH MACRON

01E4 Ǥ \B{\G}
\textGslash

LATIN CAPITAL LETTER G WITH STROKE

01E5 ǥ \B{\g}
\textcrg
\textgslash

LATIN SMALL LETTER G WITH STROKE

01E6 Ǧ \v{G}
\capitalcaron{G}

LATIN CAPITAL LETTER G WITH CARON

01E7 ǧ \v{g} LATIN SMALL LETTER G WITH CARON

01E8 Ǩ \v{K}
\capitalcaron{K}

LATIN CAPITAL LETTER K WITH CARON

01E9 ǩ \v{k} LATIN SMALL LETTER K WITH CARON

01EA Ǫ \k{O}
\capitalogonek{O}

LATIN CAPITAL LETTER O WITH OGONEK

01EB ǫ \k{o}
\capitalogonek{o}

LATIN SMALL LETTER O WITH OGONEK

01EC Ǭ \textogonekoverline{O}
\={\k O}

LATIN CAPITAL LETTER O WITH OGONEK AND MACRON
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(A)) | ∀ A∈℘(D):µ

USV Symbol Macro(s) Description
01CB ǋ \Nj LATIN CAPITAL LETTER N WITH SMALL LETTER J

01CC ǌ \nj LATIN SMALL LETTER NJ

01CD Ǎ \v{A}
\capitalcaron{A}

LATIN CAPITAL LETTER A WITH CARON

01CE ǎ \v{a} LATIN SMALL LETTER A WITH CARON

01CF Ǐ \v{I}
\capitalcaron{I}

LATIN CAPITAL LETTER I WITH CARON

01D0 ǐ \v{i}
\v{\i}

LATIN SMALL LETTER I WITH CARON

01D1 Ǒ \v{O}
\capitalcaron{O}

LATIN CAPITAL LETTER O WITH CARON

01D2 ǒ \v{o} LATIN SMALL LETTER O WITH CARON

01D3 Ǔ \v{U}
\capitalcaron{U}

LATIN CAPITAL LETTER U WITH CARON

01D4 ǔ \v{u} LATIN SMALL LETTER U WITH CARON

01D5 Ǖ \textdieresisoverline{U}
\={\"U}

LATIN CAPITAL LETTER U WITH DIAERESIS AND MACRON

01D6 ǖ \textdieresisoverline{u}
\={\"u}

LATIN SMALL LETTER U WITH DIAERESIS AND MACRON

01D7 Ǘ \textdieresisacute{U}
\'{\"U}

LATIN CAPITAL LETTER U WITH DIAERESIS AND ACUTE

01D8 ǘ \textdieresisacute{u}
\'{\"u}

LATIN SMALL LETTER U WITH DIAERESIS AND ACUTE

01D9 Ǚ \textdieresiscaron{U}
\v{\"U}

LATIN CAPITAL LETTER U WITH DIAERESIS AND CARON

01DA ǚ \textdieresiscaron{u}
\v{\"u}

LATIN SMALL LETTER U WITH DIAERESIS AND CARON

01DB Ǜ \textdieresisgrave{U}
\`{\"U}

LATIN CAPITAL LETTER U WITH DIAERESIS AND GRAVE

01DC ǜ \textdieresisgrave{u}
\`{\"u}

LATIN SMALL LETTER U WITH DIAERESIS AND GRAVE

01DD ǝ \M{e}
\inve
\texteturned
\textinve

LATIN SMALL LETTER TURNED E

01DE Ǟ \textdieresisoverline{A}
\={\"A}

LATIN CAPITAL LETTER A WITH DIAERESIS AND MACRON

01DF ǟ \textdieresisoverline{a}
\={\"a}

LATIN SMALL LETTER A WITH DIAERESIS AND MACRON

01E0 Ǡ \textdotoverline{A}
\"{\.A}

LATIN CAPITAL LETTER A WITH DOT ABOVE AND MACRON

01E1 ǡ \textdotoverline{a}
\"{\.a}

LATIN SMALL LETTER A WITH DOT ABOVE AND MACRON

01E2 Ǣ \={\AE} LATIN CAPITAL LETTER AE WITH MACRON

01E3 ǣ \={\ae} LATIN SMALL LETTER AE WITH MACRON

01E4 Ǥ \B{\G}
\textGslash

LATIN CAPITAL LETTER G WITH STROKE

01E5 ǥ \B{\g}
\textcrg
\textgslash

LATIN SMALL LETTER G WITH STROKE

01E6 Ǧ \v{G}
\capitalcaron{G}

LATIN CAPITAL LETTER G WITH CARON

01E7 ǧ \v{g} LATIN SMALL LETTER G WITH CARON

01E8 Ǩ \v{K}
\capitalcaron{K}

LATIN CAPITAL LETTER K WITH CARON

01E9 ǩ \v{k} LATIN SMALL LETTER K WITH CARON

01EA Ǫ \k{O}
\capitalogonek{O}

LATIN CAPITAL LETTER O WITH OGONEK

01EB ǫ \k{o}
\capitalogonek{o}

LATIN SMALL LETTER O WITH OGONEK

01EC Ǭ \textogonekoverline{O}
\={\k O}

LATIN CAPITAL LETTER O WITH OGONEK AND MACRON
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(A) > 0} and A = {(d; µA (d))|∀ d∈D: µA (d) > 0} (1)

The membership degree µ

USV Symbol Macro(s) Description
01CB ǋ \Nj LATIN CAPITAL LETTER N WITH SMALL LETTER J

01CC ǌ \nj LATIN SMALL LETTER NJ

01CD Ǎ \v{A}
\capitalcaron{A}

LATIN CAPITAL LETTER A WITH CARON

01CE ǎ \v{a} LATIN SMALL LETTER A WITH CARON

01CF Ǐ \v{I}
\capitalcaron{I}

LATIN CAPITAL LETTER I WITH CARON

01D0 ǐ \v{i}
\v{\i}

LATIN SMALL LETTER I WITH CARON

01D1 Ǒ \v{O}
\capitalcaron{O}

LATIN CAPITAL LETTER O WITH CARON

01D2 ǒ \v{o} LATIN SMALL LETTER O WITH CARON

01D3 Ǔ \v{U}
\capitalcaron{U}

LATIN CAPITAL LETTER U WITH CARON

01D4 ǔ \v{u} LATIN SMALL LETTER U WITH CARON

01D5 Ǖ \textdieresisoverline{U}
\={\"U}

LATIN CAPITAL LETTER U WITH DIAERESIS AND MACRON

01D6 ǖ \textdieresisoverline{u}
\={\"u}

LATIN SMALL LETTER U WITH DIAERESIS AND MACRON

01D7 Ǘ \textdieresisacute{U}
\'{\"U}

LATIN CAPITAL LETTER U WITH DIAERESIS AND ACUTE

01D8 ǘ \textdieresisacute{u}
\'{\"u}

LATIN SMALL LETTER U WITH DIAERESIS AND ACUTE

01D9 Ǚ \textdieresiscaron{U}
\v{\"U}

LATIN CAPITAL LETTER U WITH DIAERESIS AND CARON

01DA ǚ \textdieresiscaron{u}
\v{\"u}

LATIN SMALL LETTER U WITH DIAERESIS AND CARON

01DB Ǜ \textdieresisgrave{U}
\`{\"U}

LATIN CAPITAL LETTER U WITH DIAERESIS AND GRAVE

01DC ǜ \textdieresisgrave{u}
\`{\"u}

LATIN SMALL LETTER U WITH DIAERESIS AND GRAVE

01DD ǝ \M{e}
\inve
\texteturned
\textinve

LATIN SMALL LETTER TURNED E

01DE Ǟ \textdieresisoverline{A}
\={\"A}

LATIN CAPITAL LETTER A WITH DIAERESIS AND MACRON

01DF ǟ \textdieresisoverline{a}
\={\"a}

LATIN SMALL LETTER A WITH DIAERESIS AND MACRON

01E0 Ǡ \textdotoverline{A}
\"{\.A}

LATIN CAPITAL LETTER A WITH DOT ABOVE AND MACRON

01E1 ǡ \textdotoverline{a}
\"{\.a}

LATIN SMALL LETTER A WITH DOT ABOVE AND MACRON

01E2 Ǣ \={\AE} LATIN CAPITAL LETTER AE WITH MACRON

01E3 ǣ \={\ae} LATIN SMALL LETTER AE WITH MACRON

01E4 Ǥ \B{\G}
\textGslash

LATIN CAPITAL LETTER G WITH STROKE

01E5 ǥ \B{\g}
\textcrg
\textgslash

LATIN SMALL LETTER G WITH STROKE

01E6 Ǧ \v{G}
\capitalcaron{G}

LATIN CAPITAL LETTER G WITH CARON

01E7 ǧ \v{g} LATIN SMALL LETTER G WITH CARON

01E8 Ǩ \v{K}
\capitalcaron{K}

LATIN CAPITAL LETTER K WITH CARON

01E9 ǩ \v{k} LATIN SMALL LETTER K WITH CARON

01EA Ǫ \k{O}
\capitalogonek{O}

LATIN CAPITAL LETTER O WITH OGONEK

01EB ǫ \k{o}
\capitalogonek{o}

LATIN SMALL LETTER O WITH OGONEK

01EC Ǭ \textogonekoverline{O}
\={\k O}

LATIN CAPITAL LETTER O WITH OGONEK AND MACRON
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(A) of the level-2 fuzzy set is called ‘outer-layer’ member-
ship grade, and is interpreted as degree of belief about the truth of the proposition, whereas
the membership degrees µA(d) of the elements d∈D are called ‘inner-layer’ membership de-
grees, and are used for modelling imprecision/fuzziness of concepts. Thus, by means of level-2
fuzzy sets, we can represent explicitly the belief on the truth of an imprecise/fuzzy predicate.

An uncertain and fuzzy proposition denoted by (Is.A(x); b) can be defined by a level-2
fuzzy set with D being a concrete domain, and A being a fuzzy set on D:

(Is.A(x); b) = {(Is, b = µIs(A),)|A = {(d, µA(d))|d∈D}} (2)

µIs(A) = b defines the belief degree that A is the actual (imprecise/fuzzy) value of a
property p of instance x. This fuzzy and uncertain proposition can be transformed into a
certain and less specific proposition (Is.Ab(x); 1) as follows:

(Is.Ab(x); 1) = {(Is, 1)|Ab = {(d, µAb(d)) = max(1 − b, µA(d)) ∀d∈D}} (3)

which can be rewritten in a simpler form as a normal fuzzy set:

Ab = {(d, µAb(d))|µAb(d) = max(1 − b, µA(d))∀d∈D}

It can be seen that the degree of belief b is used to generate a possibility distribution
Ab with greater unspecificity than A: µAb(d) ≥ µA(d) ∀d∈D, i.e., A ⊆ Ab.

In case of full belief, µIs(A) = 1, nothing is changed, and the level-2 fuzzy set notation
can be replaced by normal fuzzy set notation; in the case of null belief, µIs(A) = 0 any value
d is fully possible, and we have maximum unspecificity.

As pointed out in [9,10], although these proposals can be useful in many applications,
unfortunately they are inappropriate when reasoning in possibilistic fuzzy databases. In
fact, it is reasonable to think that a small uncertainty on a value means that one cannot
exclude as possible some near values, but still one can exclude as possible the far values,
i.e., very dissimilar values, from V.

To model this desired behavior, a pragmatic approach is to constrain the modification
of a possibility distribution by relaxing it within an envelope so as to limit the values of the
domain that are possible, i.e., with possibility degree above zero.

Following this idea, we propose to constrain Formula (3) within an envelope of the
support of µA defined depending on the value of b = µIs(A) as follows (see an example of
modification in Figure 1):

Is.Ab(x); 1) = {(Is, 1)|Ab = {(d, µAb(d) = max(1 - b,µA(d)) ∀d∈env(Ab, α) and µAb(d) = 0 otherwise } (4)

where env(Ab, α) = [d1, d2] ⊆ D with α ≥ 0 and

d1= Argmind∈D (µA(d) > 0) − (1 − b)*α, d2 = Argmaxd∈D(µA(d) > 0) + (1 − b)*α (5)
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Figure 1. Uncertain and fuzzy proposition (Is.width.medium; 0.4) in orange and its semantically
equivalent certain and fuzzy proposition (Is.width.medium0.4; 1) in yellow, obtained by applying
the simple transformation defined in Formula (4) with α = 0.

α ≥ 0 models the extent of maximum tolerable unspecificity. In the cases in which
b = 1, full belief, nothing is changed and (4) reduces to (3). In the case of null belief, b = 0,
all values in the envelope become fully possible:

µA(d) = 1 ∀d∈[Argmin d∈D (µA(d) > 0) − α, Argmax d∈D (µA(d) > 0) + α] (6)

Notice that, when α tends towards infinite Formula (4) reduces to Formula (3).
Conversely, when α = 0, [d1, d2] ≡ [Argmin d∈D (µA(d) > 0), Argmax d∈D (µA(d) > 0)],

thus only values in the support of A are rewarded with an increase of possibility.
Formula (4) can be applied also in the case in which A is defined on a discrete ordinal

scale. In this case the relaxation is applied to an envelope defined by a selected subset DS
of D (DS ⊆ D). DS can be defined by considering a similarity between the domain values.

As discussed above, given that we can transform any uncertain and fuzzy predicate
into a certain and fuzzy predicate with greater unspecificity, we can then infer new knowl-
edge by applying fuzzy reasoning based on the fuzzy ontology framework and fuzzy DL
without epistemic uncertainty [12]. This means that we can explicit all implicit knowledge
by computing the closure of the set K of fuzzy predicates (which represent both the ground
facts and knowledge) that in the worst case has a complexity equal to O(|K|2), with |*|
indicating the set cardinality [11]. Then, any fuzzy query can be answered as in a fuzzy
database by returning VGI items ranked in decreasing order of their possibility to satisfy
the query [9,11,59].

4. Discussion

The proposed approach can thus reuse the framework of fuzzy ontologies and fuzzy
DL [12] by modeling epistemic uncertainty on fuzzy facts. In our proposed approach,
domain knowledge is represented by a belief base, that is a fuzzy knowledge base or fuzzy
ontology in which all fuzzy concepts and fuzzy relationships between concepts relevant
in the domain are defined, while a volunteer stating an observation “x is A”, where A is
a concept defined in the fuzzy ontology, is an agent with an epistemic state, who has to
answer the question “Am I sure that “x is A” is true on the basis of the belief base in which
A is defined?.

While the fuzzy ontology uses normal fuzzy sets to represent fuzzy concepts [45],
fuzzy and uncertain assertion axioms, i.e., uncertain and fuzzy facts, are represented by
level-2 fuzzy sets [59]: the outer-layer membership degrees are the degrees of belief on
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the truth of the fuzzy axioms (necessity), while the inner-layer membership degrees are
the possibility degrees by which the values of a concrete domain may be the values of the
property, which are defined in the fuzzy ontology. Level-2 fuzzy sets are thus stored in
a database to represent the fuzzy values of observed properties of VGI items with their
associated belief degree.

In order to apply approximate reasoning, such as in a fuzzy ontology framework
based on fuzzy DL [12], first we need to transform uncertain observations, into certain
and fuzzy observations with greater unspecificity by applying the transformations method
described in the previous section through application of Formula (4).

This approach can serve an ex-post quality assurance approach modeling “fitness-for-
use” [30]. Filtering is activated by a user who specifies the maximum tolerable levels of
uncertainty on the VGI items of interest.

In the following subsection an illustrative case study is discussed to exemplify
the proposal.

Case Study Example

Let us consider a collaborative project that collects VGI items on the characteristics of
paths in a region for sharing useful and rich information to hikers, climbers, cyclists, and
tourists in general. Since it can be questionable for a volunteer to directly classify the path
as either a climbing trail, a hiker’s trail or a cycle trail, the idea is to collect observations of
properties of the paths guided by a fuzzy ontology, such as the simple one illustrated in
Figure 2. This ontology defines three types of trails by means of fuzzy concepts inclusion
axioms: climber trails, hiker trails and cycle trails, and provides the definitions of the
fuzzy concrete predicates, aka linguistic values of properties, through their membership
functions as reported in Table 1.

Figure 2. The fuzzy ontology defines the concepts climbing trail, hikers trail, and cycle trail by means
of fuzzy predicates on the properties’ usage, slope, surface, width, and tortuosity which can assume
fuzzy/imprecise linguistic values, whose meaning is specified by fuzzy sets. At the bottom of the
figure the image shows a path and an uncertain and fuzzy observation.
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Table 1. TBox of the fuzzy ontology and membership functions of the fuzzy concrete predicates depicted in Figure 2.

1. Is.climbingTrail v Is.Trail u (∃ usage.(climbing ∨ strolling ∨ walking) u (∃ slope.high) u (∃ surface.(rocky ∨ gravelly) u
(∃ width.small) u (∃ tortuosity.high)

2. Is.hikersTrail v Is.Trail u (∃ usage.(strolling ∨ walking) u (∃ slope.variable) u (∃ surface.(stony ∨ muddy) u (∃ width.medium) u
(∃ tortuosity.average)

3. Is.cycleTrail v Is.Trail u (∃ usage.(biking∨ riding ∨ walking) u (∃ slope.low) u (∃ surface.(pebbly ∨ gravelly ∨ paved) u
(∃ width.large) u (∃ tortuosity.low)

Membership functions definitions

width.small(x) =

{
e−

(x−5)2
3 f or x > 5

1 f or x ≤ 5
width.medium(x) = e−

(x−10)2
3 f or ∀x ∈ R+ width.large(x) =

 e−
(x−15)2

3 f or x < 15

1 f or x ≥ 15

slope.low(x) =

{
10−x

10 f or x < 10

0 f or x ≥ 10
slope.variable(x) = 1 ∀x ∈ [0, 100] slope.high(x) =


0 f or x ≤ 5

x−5
5 f or 5 < x < 10

1 f or x ≥ 10

tortuosity.low(x) =
{

e−
−x2
0.05 f or x > 0 tortuosity.average(x) = e−

(x−0.5)2
0.05 ∀x ∈ R+ tortuosity.high(x) =

{
e−

(x−1)2
0.05 f or x < 1

In the literature [62], the manual elicitation of the membership functions from domain
experts can be performed by applying one of the six common methods such as polling (do
you agree that trail 01 is “muddy”? (Yes/No)); direct and reverse rating (How much trail
01 is muddy?/ which trail is muddy to degree 0.6?); interval estimation (give an interval in
which you think the wideness of trail 01 lies); pairwise comparison, and direct membership
function exemplification, which can use computer graphics to give exemplar membership
functions to be modified by the experts. To achieve agreed definitions, averaging or
aggregation of the responses from several experts’ assessments is performed. Finally,
semi-automatic approaches can exploit clustering [63] of a set of data to identify groups
whose property values are characterized by both an ideal value and a variability, which are
submitted to the experts’ revision and validation.

Each VGI item created by a volunteer is georeferenced, with metadata of the author,
and represented by a row in a relation such as the one in Table 2, in which the properties
that are reported are those used in the fuzzy ontology to define the three distinct types of
trails, plus a picture and a textual description.

A VGI database collects all observations of paths: the values of the paths’ properties
observed by volunteers are associated with a belief degree b ∈ (0, 1] expressing their
confidence on the fact that the reported value of the property is true. For example, the item
01 in Table 2, is believed to degree 0.7 that one can ride or to degree 0.5 that one can walk
on it, its slope is variable with belief 0.9, its surface is muddy with full belief 1, its width is
medium and its tortuosity is low both with belief 0.4.

The representation of each uncertain and fuzzy fact, i.e., a level-2 fuzzy set, is inter-
preted by the reasoner so as to modify the membership function of the concrete fuzzy
predicate, defined in the fuzzy ontology, based on the degrees of belief b by applying
Formula (4). This step allows to generate certain fuzzy facts, aka an ABox of fuzzy assertion
actions, so that given the fuzzy ontology TBox, it is possible to adopt a fuzzy SHOIN(D) rea-
soning framework [56] to associate each VGI items to each type of trail with a satisfiability
degree as reported in Table 3.

Let us follow a simple numeric example. In the case of the uncertain properties,
<Is.width. medium(01); 0.4> with the membership function defined in Table 1, by applying
the transformation in Formula (4) we obtain the yellow membership function in Figure 1.
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Table 2. Relation representing VGI items in a database of paths descriptions.

VGI
Items Usage Slope Surface Width Tortuosity Picture Textual

Description

01 riding 0.7
walking 0.5 variable 0.9 muddy 1 medium 0.4 low 0.4 Muddy public

footpath.

02 walking 0.9 high 0.8 paved
0.3 small 0.8 average 0.2

Mountain path,
quite steep, that

runs along an
overhang

03 biking 1,
riding 0.8 low 0.8 gravelly 1 large 0.8 low 0.7

Scenic country
route disclosed to

the sun

04 climbing 0.8,
walking 1 low 0.3 rocky 1,

stony 1 medium 0.5 high 0.4

Spectacular path,
partly dug directly
into the limestone

rocks

05 walking 1 variable 0.9 stony 0.5,
pebbly 0.9 medium 0.5 average 0.7

World Heritage
Site by Unesco,

“Sentiero Azzurro”
Cinque Terre, Italy

Table 3. VGI items of Table 1 as uncertain instances of the three concepts in the fuzzy ontology.

VGI Items Climbing Trail Hikers Trail Cycle Trail

01 0 1 0
02 0.7 0.2 0
03 0 0 1
04 0.5 0.6 0
05 0.3 1 0.5

Indeed, <Is.width. medium(01); 0.4> represents an uncertain and vague assertion. The
user states by the degree 0.4 the level of belief of the assertion, while the semantics of
medium for the property width is defined in the fuzzy ontology as a concrete fuzzy predicate
with the membership function µwidth.medium on the basic domain of positive real values.
Within possibility theory [61], this assertion is equivalent to <Is.width. medium(01); 1>
having full belief and relaxed membership function µwidth.medium = max (µwidth.medium, 0.6).
By this relaxation, all values of the basic domain can be possible values of width at least to
degree 0.6, due to the uncertainty (1–0.4) in the original assertion. Similarly to possibilistic
fuzzy databases, our proposal limits the relaxation of the membership function to an
envelope as defined by Formula (4), so as to include the support of µwidth.medium. This way
some values of the basis domain can be excluded as possible values proportionally to the
degree of belief, a greater belief determines a greater number of impossible values. By
assuming this interpretation, the reasoner translates uncertain and vague assertions to
certain and vague assertions so as to use fuzzy DL for further reasoning.

The same transformation is applied to all uncertain values of observed properties of
item 01 so that their membership functions are modified according to the respective degrees
of belief. These modified membership functions constitute the fuzzy ABox to perform the
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reasoning task over the fuzzy TBox in Table 1. The result is a fuzzy classification of the
VGI items into the three types of trails, where the membership degree is interpreted as
the degree of belief that the VGI item belongs to the type of trail and can be stored in the
database so as to ease VGI filtering based on “fitness for use”.

Coming back to the example, let us consider the needs of a bike sharing company that
wants to collect descriptions and pictures of trails suitable for cycling with a maximum
tolerable uncertainty equal to 0.5.

A quality filtering is applied that selects all “cycle trails” in the database whose belief
degree is equal-above 0.5, thus retrieving VGI items 03 and 05 in decreasing order of their
associated belief degrees 1 and 0.5, respectively.

5. Conclusions

This work analyzed several aspects of imperfection affecting VGI. More closely, it
discussed how VGI quality assurance can be modeled by means of an ontology and a fuzzy
ontology to constrain VGI creation, the latter employed to cope with imprecise and fuzzy
knowledge. Finally, a practical semantic approach that allows to model both epistemic
uncertainty affecting volunteers’ observations and imprecision fuzziness of knowledge
was proposed. This approach adopts the possibilistic framework of fuzzy databases to
generate fuzzy assertion axioms from the uncertain and fuzzy observations by means of a
relaxation of the membership functions of the fuzzy concrete predicates. The adoption of
this method offers several advantages with respect to previous approaches:

• it models both precise and uncertain creation of VGI, so coping with the limitations of
the observation means and context;

• it supports unexperienced volunteers who are unable to interpret the meaning of some
concepts in the ontology by allowing them to select imprecise and fuzzy concepts;

• when analyzing the created VGI stored in a database, users we can filter VGI items based
on the maximum levels of uncertainty they can tolerate for their application needs.

The proposed method is then suitable for implementing a quality-based “fitness for
use” assurance and assessment mechanism.

The approach is practical since it reuses the frameworks of fuzzy DL and fuzzy
databases. While reusing a formal framework is an advantage, since it guarantees consis-
tency of the reasoning task, it also inherits its limitations which are mainly questionable
efficiency when the fuzzy ontology is complex.

Moreover, the proposal relies on the availability of domain knowledge represented by
means of a fuzzy ontology, with membership functions defined to represent the semantic
of concrete fuzzy predicates. This may be seeing as the main obstacle to the applicability of
the approach, since generally domain knowledge is hardly represented by fuzzy ontologies.
Generally, methods to construct ontologies and fuzzy ontologies still require manual
intervention, that can be a burden task for domain experts. However, with the progress of
machine learning, the research on automatic or semi-automatic ontology development is
flourishing [64]. Thus, methods to automatically help experts to elicit their knowledge and
to represent it by means of fuzzy ontologies are being defined, for example, to learn fuzzy
data types by using clustering techniques [63].
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