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ABSTRACT
We present a model which allows to define in an uniform
way information quality dimensions related to heterogeneous
types of information, such as structured data managed in
data bases, semi-structured and unstructured texts and im-
ages. We first define a set of concepts that allow to represent
several basic characteristics of such heterogeneous types of
information. Then, we introduce a general categorization
of quality dimensions and sub-dimensions, which are then
specialized to structured data, semi- and unstructured texts
and images. In so doing, we provide, to our knowledge, a
first attempt to unify the information quality issue for het-
erogeneous information types.

Keywords
data quality, information quality, structured data, semistruc-
tured data, unstructured text, image, quality dimension,
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1. INTRODUCTION
In last twenty years the concept of quality in organiza-

tions has been declined in several ways both in private con-
sultancy and academic research domains. Quality in an or-
ganization relates to the ability of the organization to fulfill
the needs and expectations of its customers and users, to
create value in an efficient and effective manner, to con-
trol and improve the performance of its processes and the
outcomes of its services. With the advent of office automa-
tion technologies, and of the digitalization of information
systems, organizational quality has increasingly been bound
and coupled with the quality of the data that an organi-
zation produces, holds and consumes to retain and retrieve
valuable information. Now more than ever, information is
available in different formats, media and resources and it
is accessed and exploited through multiple channels. Avail-
able information is not only textual, it is also represented by
pictures, videos and sound, all contributing to create the in-
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formation assets of an organization. Since all these kinds of
information are intertwined and can refer to the same con-
ceptual entities in complex and complementary ways, the
assessment of information quality should take all of them
into account, with appropriate dimensions and metrics. In
this paper, we address the problem of assessing information
quality when information can be carried by either structured
data, semi-structured and unstructured texts, or images. To
this aim a unified model for information quality is proposed.

The paper is organized as follows. In Section 2 we define
the basic concepts on which our model is grounded; in Sec-
tion 3 we define the quality model. Based on this approach,
and due to the multidimensional nature of information qual-
ity, in Sections 4, 5 and 6 we address each type of considered
information content in a separate way, i.e. structured al-
phanumeric data, semi- and unstructured texts and images.
Section 7 concludes the paper.

2. INFORMATION QUALITY
Formally, we refer to a digital information item as to an

atomic information unit in a considered context. A digi-
tal information item is constituted by a content, a carrier,
and possibly (this is not mandatory) by a schema (see Fig-
ure 1). A set of digital information items constitutes a digital
information resource, on which users can rely to get some
information. Any digital information resource must be rep-
resented in some way, by what we call a digital information
representation. Common examples of digital information
representation are databases, inverted indexes and raster
pictures. The content of a digital information item is con-
stituted by an essence and possibly by some metadata and
annotations associated with it. Essence is the real material
itself, the result of the creative process, what can be used to
produce value or to inform actors and their processes. Meta-
data may be associated with the essence in order to char-
acterize a set of its properties (like the name of the author
or the date of creation). Annotations constitute any addi-
tional and explanatory information that may be associated
with the essence. The content is then simply the combina-
tion of essence, metadata and annotations, i.e., the kernel of
information plus what describes and enriches it. While the
essence must exist for a content to exist, metadata and an-
notations can also be absent. The essence of a content can
be of different types: in this paper, we consider that essence
may be expressed in terms of i) alphanumeric data, namely
symbols, numbers and terms pertaining to a specific domain
of values; ii) texts, namely self-explanatory sentences, narra-



tive passages, or any written work; and iii) images, namely,
visual content which encodes information either about the
geometry of scenes and the properties of the objects located
within these scenes [15], or about a visual representation
of a non-visual information, like in the case of maps. Al-
phanumeric and textual content can be further classified
with respect to its level of structuredness, i.e., as structured
content, semi-structured content and unstructured content.
When considering alphanumeric content, this level of struc-
turedness varies according to the schema, e.g., whether data
types, domain types and semantic constraints are explic-
itly expressed or not. When considering texts, the level of
structuredness varies according to whether a schema exists
(as in the case of XML-marked up semi-structured text) or
whether a reader can recognize any meaningful structure
within the carrier.

Figure 1: The basic concepts of the paper and their
main relationships.

With the term schema we denote the way in which the
structure of the content and its semantics are explicitly de-
clared in terms of formats, types, constraints and relation-
ships between either the values (e.g., in structured data),
fields (e.g., in structured and semi-structured text), sections
(e.g., in unstructured but formatted text) or partitions (e.g.,
in images) of the digital content. The concept of carrier of
the content of a digital information item is strongly related
with the concept of schema.

We introduce an example to clarify the concepts previ-
ously defined. Let us consider a digital information item
constituted by an XML file (document). The schema of such
an information item is constituted by the XML schema. An
example of content is the name ‘Valentino Rossi’ embed-
ded in a tag defining names as alphabetic strings of max
25 characters. In this case the carrier is the tag ‘name’ de-
fined in the XML file and whose inner value is ‘Valentino
Rossi’. Metadata and annotations are not mandatory. An
example of metadata would be the ‘creation date’ and ‘file
dimension’ of the above mentioned XML file. An annota-
tion would be any external resource that, after the creation
of the XML file, is linked to the XML file for later reference
and addition. Readers can also refer to Figure 2 for more
examples.

From the above general perspective, any digital informa-
tion item can be seen as a content, whose characteristics
change depending on either the context of use, the repre-
sentational medium, or the goal of use. In this context, by
Information Quality (IQ) we refer to the capability of a set
of digital information items to meet a set of requirements,
either explicitly or implicitly expressed, pertaining to their
use in a given context under specific conditions. The quality
of a digital information item can be assessed with respect to
its content, and according to a specific schema, if any. This
means that quality can be assessed with respect to both the
essence of an information item, as well as to its metadata and
annotations. Hence, the overall quality of a digital informa-
tion item can be the composition of assessments carried out
for different types of content. Moreover, even with respect
to content, IQ can be assessed in different ways according
to the type of content.

Figure 2: Examples of schema and content in the
digital domain.

In this paper, we aim to contribute to the development of
a comprehensive approach to IQ modeling of digital infor-
mation items such as multimedia documents, i.e. documents
composed by alphanumeric structured data, text, and im-
ages. Hence we aim to define a general model of information
quality that can be used to conveniently assess and improve
the quality of information produced, used and exchanged in
any organizational domain. The proposed model can help
analysts and users in keeping track of the quality factors
that are of interest in the domain of digital information.

In what follows, more specific definitions will be proposed
for each content type in order to characterize the related
quality dimensions. To our knowledge, our contribution
is a pioneering one, although similar approaches are being
carried out by standardizing bodies world-wide. Accord-
ingly, we refer to the comprehensive Data Quality Model
that is under development within the ISO project SQuaRE
(Software Product Quality Requirements and Evaluation).
At the present moment, this model is denoted as ISO/IEC
FCD 25012.2 standard. Currently, the development of the
ISO/IEC 25012 standard is at the enquiry stage (i.e., its
current Draft International Standards is on ballot). In what
follows, we will briefly denote this standard as the ‘ISO stan-
dard’.

In the research literature, IQ is modelled in terms of what
are usually called dimensions or characteristics. All IQ di-
mensions can be traced back to three macro-categories: in-



trinsic, external and contextual [19]. These approximately
correspond to the internal, external and in-use categories of
the ISO standard. Intrinsic dimensions depend on the infor-
mation itself and its schema (if any), irrespectively of where
and how it is used. External dimensions depend on the
technological environment and tools where/by which the in-
formation is used, and on the technological properties of the
information system that encompasses it (either at the soft-
ware or hardware level). Contextual dimensions depend on
the actual environmental, organizational and socio-technical
context where information is accessed, used and produced.

Dimensions and sub-dimensions related to intrinsic qual-
ity provide criteria upon which to guarantee, assess and
improve the quality with respect to either the values (i.e.,
essence) and the schema (if it exists). Aspects related to
the external quality regard properties of the components of
the system that manages and provides access to information
(e.g., the software that indexes and retrieves unstructured
text). Contextual dimensions regard the capability of infor-
mation to enable users to achieve their own objectives, and
to add values into their activity in a specific context. Intrin-
sic and external aspects are usually measured by means of
quantitative and objective metrics. Contextual dimensions
are usually expressed in terms of the subjective point of view
of actual users by their degree of satisfaction with respect
to how data fulfill their operative needs.

3. INFORMATION QUALITY DIMENSIONS,
SUB-DIMENSIONS AND METRICS

In this section, we present the basic, well established ap-
proach we adopt for defining a unified model for the assess-
ment of IQ of digital multimedia information items. Based
on this approach, and due to the multidimensional nature of
IQ, in Sections 4, 5 and 6 we address each type of considered
information content in a separate way, although complying
to the same basic model.

As mentioned in Section 2, quality dimensions identify sig-
nificant and possibly inter-dependent aspects concurring to
the assessment of information quality. Based on the well es-
tablished approach to the definition of quality dimensions in
the context of IQ, the attributes of digital information items
are categorized into main IQ dimensions, which are further
classified into IQ sub-dimensions, in their turn decomposed
in lower-level and measurable IQ metrics.

We introduce three high-level dimensions, namely sound-
ness, usability and portability ; these are called high-level di-
mensions, to distinguish them from quality sub-dimensions
that refine the high-level ones.

Soundness is the characteristic of being free from defects,
good, accurate, complete and reliable. This dimension is re-
lated to the extent a content can satisfy either some stated
or implicit requirements when used under specified condi-
tions. Soundness can be measured either subjectively or
objectively, by either comparing the content to some “gold
standard” (e.g., the original version of a text, a target im-
age), which is assumed to be perfect and as sound as pos-
sible, or by considering no reference but by taking into ac-
count a correlating model (e.g., a perceptual model of human
vision or a set of grammatical and orthographic rules) be-
tween a specific sub-dimension and the value of soundness.
Soundness can be seen either from an intrinsic perspective,
when the requirements are independent of any technological

system; or from an external point of view, when the speci-
fied conditions of use involve using some actual technological
system.

Usability is related to the characteristic of being of some
utility to some user. In other words, this dimension is re-
lated to the extent a content can satisfy the actual needs of
either who (user) or what (process) exploits it. Usability de-
pends both on the system used to either reproduce or access
the content, and on the purpose underlying its use, repro-
duction and access. Usability is related then to the semantic
aspects of a content, i.e., what it means, what objects of in-
terest it represents for a specific aim. Usability encompasses
characteristics that pertain to both external and contextual
aspects. That is, this is a dimension the value of which de-
pends on the technological layer that makes data usable, as
well as on the context of production/use and re-use of the
content. Accordingly, usability is usually measured in terms
of subjective and user-centered assessments, although also
objective measures could be related to usability under sim-
ple assumptions (e.g., the more a content is used, in terms
of number of accesses and time of use, the more it is usable).

Portability is related to the extent the content is useful
also outside the original context of production and use, i.e.,
the extent to which the content can satisfy the needs of users
across specific boundaries, such as cultural, professional,
organizational and geographic boundaries. Portability de-
pends on the system of transmission, the interoperability
platform which transports, translates and conveys content
across a distributed environment. Portability, like usability,
can be considered from either an external and contextual
point of view. Portability is usually measured in terms of
subjective and user-centered assessments. In the following,
being portability a technological issue, we will not address
it.

3.1 Quality Sub-dimensions
Several sub-dimensions can be identified in order to fur-

ther refine the concept of information quality with respect
to soundness and usability.

The quality of each type of content (alphanumeric struc-
tured data, text, image) can be characterized in terms of
sub-dimensions that are peculiar to the considered type of
content. Their names and their definition can also differ
with respect to the application domain (e.g., usability of
images in medical imaging differs from usability of images
for e-commerce applications).

The most frequently mentioned sub-dimensions are ac-
curacy, consistency, completeness, accessibility, and time-
related dimensions, like timeliness and currency, since they
are likely significant in every application domain. A number
of these core sub-dimensions can be applied to both text-
based content and images: to this aim, the definitions that
have been given in the literature for a specific type of data
must be adjusted to be sufficiently generic to be applicable
also to the other kinds of content.

In the following, we focus on accuracy, completeness and
readability, and provide general definitions according to the
domain of analysis.

Defining a quality dimension implies to associate it with
a set of related metrics. By the term metrics, we refer to
the definitions given within both the ISO standard 9126-1
and the ISM3 framework [2], and hence we refer to a set
of elements encompassing both a measurement procedure,



i.e., an algorithm that takes the element to measure and
associates it with a measure (be it ordinal or interval value),
and a proper unit of measure, i.e., the domain of values
returned by the measuring procedure. In general, several
metrics can be associated with each quality dimension.

Indeed, a quality dimensions can be described and char-
acterized both at a semantic and a syntactic level. These
two levels are obviously related but lead to slightly different
definitions and ways to assess and measure a given dimen-
sion of a given information representation. We consider as
semantic the level of description of a dimension that charac-
terizes a representation with respect to a phenomenon in the
represented reality of interest. We define syntactic the level
at which a dimension characterizes a representation with re-
spect to a reference representation (value or structure) in
the same domain of representation. This twofold character-
ization of the concept of quality dimension is common to all
types of information. For instance, an image can be assessed
either intrinsically, as a stand-alone entity that can not be
matched to any reference image or sound, or with respect to
a reality that such content is intended to represent, e.g., the
face of a person. The same can be said for a database record
of a table representing the employees of an organization: its
accuracy (as composition of the accuracy of each item) can
be assessed both with respect to a reference vocabulary (syn-
tactic accuracy) and with respect to the actual community
of employees of that organization. The two assessments of
the same entity (the record) can be quite different from each
other, as in the case where, e.g., ‘John’ is an accurate item
with respect to the set of all English names but no John is
actually working at that particular organization.

4. QUALITY DIMENSIONS FOR ALPHANU-
MERIC STRUCTURED DATA

We notice that no general agreement exists either on which
set of dimensions defines the quality of alphanumeric data,
or on the exact meaning of each dimension. For a compre-
hensive discussion on this issue see [5].

Several definitions are provided for the term accuracy. [21]
define accuracy as ”the extent to which data are correct,
reliable and certified”’. [9] specify that data are accurate
when the data values stored in the database correspond to
real-world values. In [17], accuracy is defined as a measure
of the proximity of a data value v to some other value v’ that
is considered correct. In general, two types of accuracy can
be distinguished, syntactic and semantic, which we adopt in
the following.

Syntactic accuracy is the closeness of a value v to the
elements of the corresponding definition domain D. In syn-
tactic accuracy, we are not interested in comparing v with
its real-world value v’; rather, we are interested in check-
ing whether v is any one of the values in D, or how close
it is to values in D. For example, v = ’Jean’ is considered
syntactically accurate even if v’ = ’John’.

Semantic accuracy is the closeness of value v to the cor-
responding true (real-world) value v’. While it is reasonable
to measure syntactic accuracy using a distance function, se-
mantic accuracy is measured with a boolean <yes, no> or
a <correct, not correct> domain. Consequently, semantic
accuracy coincides with the concept of correctness. In gen-
eral, techniques assessing and improving semantic accuracy
are considerably more complex than techniques addressing

syntactic accuracy.
Completeness is defined as the degree to which a given

data collection includes the data describing the correspond-
ing set of real-world objects.

In the research area of relational databases, completeness
can be referred to any type of structure in the model, re-
sulting in:

• a value completeness, to capture the presence of null
values for some fields of a tuple;

• a tuple completeness, to characterize the completeness
of a tuple with respect to the values of all its fields;

• an attribute completeness, to measure the number of
null values of a specific attribute in a relation;

• a relation completeness, to capture the presence of null
values in a whole relation.

In all these cases, completeness is related to the meaning
of null values defined in the model. A null value has the
general meaning of missing value, i.e. a value that exists in
the real world but is not available in a data collection. In
order to characterize completeness, it is important to un-
derstand why the value is missing. A value can be missing
either because it exists, but is not known, or because it does
not exist, or because it is not known whether it exists (see
[3]).

Let us consider the table reported in Figure 3, with at-
tributes Name, Surname, BirthDate, and Email. If the person
represented by tuple 2 has no email, tuple 2 is complete. If
the person represented by tuple 3 has an e-mail, but its value
is not known then tuple 3 presents an incompleteness. Fi-
nally, if it is not known whether the person represented by
tuple 4 has an e-mail or not, incompleteness may or may
not occur, according to the two cases.

4
3
2
1
ID

NULL01/01/1936WhiteAnthony
11/20/1955

02/03/1967
03/17/1974
BirthDate

NULLMonroeEdward

NULLCollinsMarianne

smith@abc.itSmithJohn
EmailSurnameName

4
3
2
1
ID

NULL01/01/1936WhiteAnthony
11/20/1955

02/03/1967
03/17/1974
BirthDate

NULLMonroeEdward

NULLCollinsMarianne

smith@abc.itSmithJohn
EmailSurnameName not existing

existing
but unknown

not known
if existing

Figure 3: Null values and data completeness

In logical models for databases, such as the relational
model, there are two different assumptions on the complete-
ness of data represented in a relation instance r. The closed
world assumption (CWA) states that only the values ac-
tually present in a relational table r, and no other values
represent facts of the real world. In the open world assump-
tion (OWA) we can state neither the truth nor the falsity of
facts not represented in the tuples of r.

From the four possible combinations emerging from (i)
considering or not considering null values, and (ii) OWA
and CWA, we consider the two most interesting cases:

1. model without null values with OWA;

2. model with null values with CWA.



In a model without null values with OWA, in order to
characterize completeness we need to introduce the concept
of reference relation. Given the relation r, the reference re-
lation of r, called ref(r), is the relation containing all the
tuples that satisfy the relational schema of r, i.e., that rep-
resent objects of the real world that constitute the present
true extension of the schema.

On the basis of the reference relation, the completeness of
a relation r is measured in a model without null values as
the fraction of tuples actually represented in the relation r,
namely, its size with respect to the total number of tuples
in ref(r):

C(r) =
|r|

|ref(r)|
In the model with null values with CWA, specific def-

initions for completeness can be provided by considering
the granularity of the model elements, i.e., value, tuple, at-
tribute and relations.

Concerning readability, intuitively a database, or also, its
schema, is readable whenever it represents the meaning of
the reality represented by the schema in a clear way for
its intended use. This simple, qualitative definition is not
easy to translate in a more formal way, since the evaluation
expressed by the word clearly conveys elements of subjectiv-
ity. In models, such as the Entity Relationship model, that
provide a graphical representation of the schema, called dia-
gram, readability concerns both the diagram and the schema
itself.

Another aspect related to readability is the property that
every aspect of the real world is represented by a specific
single database structure; this characteristics results in the
relational model in the concept of normalization. The prop-
erty of normalization has been deeply investigated, espe-
cially in the relational model, although it expresses a model-
independent, general property of schemas. In the relational
model, normalization is strictly related to the structure of
functional dependencies. Several degrees of normalization
have been defined in the relational model, such as first, sec-
ond, third, Boyce Codd, fourth, and other normal forms.
The most popular and intuitive normal form is the Boyce
Codd normal form, BCNF (see [3]). A relation schema R

is in BCNF if for every non trivial functional dependency
X -> Y defined on R, X contains a key K of R, i.e., X is a
superkey of R. The interpretation of BCNF is that the re-
lational schema represents a unique concept, with which all
nontrivial functional dependencies are homogeneously asso-
ciated, and whose properties are represented by all non-key
attributes. For more details on the BCNF and other normal
forms, see [3] and [10].

5. QUALITY DIMENSIONS FOR TEXTUAL
INFORMATION

5.1 Dimensions and metrics for Textual Infor-
mation

In this section, we define a set of quality dimensions that
can be applied to describe relevant aspects of textual infor-
mation, be it either semistructured – as in an XML file – or
unstructured – as in any narrative text. For each dimension,
we provide an operative definition, and for some of them we
either suggest or define a quantitative metric. To this aim,
we consider the main structures conveying textual informa-

tion. The smallest data structure (information unit) that we
consider significant in the domain of textual information is
the word. Words can be considered atomic elements to our
practical purposes and can be either simple or compound :
in the latter case, two or, less likely, more words are con-
sidered as an unity. Words are usually separated by spaces
in texts; blanks can be considered as the simplest delim-
iters of words. The first level of words aggregation that we
take into consideration is the sentence level. Sentences are
grammatical units of one or more words, bearing syntactic
relation to the words that precede or follow it. Sentences
are usually separated by punctuation symbols, such as peri-
ods, semicolons and other terminal punctuation marks. We
are not concerned with the meaning of sentences, nor with
its either intrinsic or contextual quality; this is the object
of study of the discipline called linguistics, whose concern is
quite far from the scope of this paper. The next structure
to which we apply the typical quality dimensions seen in the
previous section is text. For the notion of text, we assume
the common sense definition of set of sentences that can be
considered as unitary as a single and meaningful body of
matter in a manuscript, book, newspaper, etc. The next
and last level we consider is that of collection of texts, i.e.,
a group of single texts that are gathered into one location,
for some purpose or as a result of some process. With refer-
ence to Figure 1, we consider texts represented in any digital
form as our digital information items (in which words are
the atomic information units), and collections of texts as our
digital information resources.

5.2 Specific dimensions and Related Metrics
for Textual Information

According to [16], accuracy is the foundation measure of
the quality of data. Moreover, its impact on the overall qual-
ity is significant, since if one makes grammatical mistakes,
other aspects like conciseness and elegancy are of little im-
portance. As in the case of structured alphanumeric data
– as seen in Section 4 – the concept of accuracy of an in-
formation item can be declined in terms of both a syntactic
accuracy and a semantic accuracy. In the case of texts, we
adapt the definition provided for alphanumeric data by first
applying it to atomic information units, and then generaliz-
ing it to a whole information item (text). This means that
if a word that is used in a text belongs to a reference dic-
tionary or word list, it may be considered accurate, leaving
its meaning out of consideration. Syntactic accuracy is then
first assessed with respect to single words, then generalized
to texts and their collections, since its conceptual assessment
is scalable (e.g., by simple composition or aggregation) and
its factual assessment can be carried out in quantitatively
and automatic manner. Conversely, semantic accuracy re-
gards how well a word, a text or passage, describes, i.e.,
is faithful to a real situation or phenomenon of the reality
of interest. In this case, we should take into account the
meaning of words, as well as their relationships, and also
the reality they intend to represent accurately. This is an
aspect that is very difficult to assess either automatically or
quantitatively. That said, we propose the following defini-
tions of accuracy related to textual information.

Syntactic Accuracy is the degree to which the reported
information item is in conformance with the elements of a
reference language vocabulary V . Intuitively, a quantitative
metrics to assess syntactic accuracy of a textual information



item should count the number of words that are correct from
the spelling point of view, and compare such number with
the total number of the words contained in the text.

Semantic accuracy is the degree to which the reported in-
formation value is in conformance with the true or accepted
value [6]. In this case, subjective metrics must be adopted
as the only feasible approach. These metrics can differ a
lot in the domain design and measure method, but they are
basically based on the qualitative assessment carried out by
a group of human readers, which are either expert of the
subject the text is about, or not. Another approach could
consider how many specific words are used in a sentence (or
text, collection). Yet, it is not a trivial task to consider how
specific a word is. Intuitively, a word is specific if, in a given
thesaurus no other word specializes its intended meaning.
For instance, if in a sentence it is used the term ‘thing’ to
refer some object, e.g., a table, and in another describing
the same situation it is used the more specific term ‘table’
or even ‘pool-table’, the latter sentence would be considered
more accurate than the former. The metrics adopting this
approach have to rely on a semantic lexicon for the given lan-
guage used in the text, which provides for each noun, verb,
adjective and adverb their synonym sets, each representing
a single underlying lexical concept (e.g., such as WordNet).

Completeness refers to the extent an information item/
resource has all parts or elements that are needed for a cer-
tain task or with respect to a certain schema. These two
cases can be somehow related to the case of semantic and
syntactic completeness, respectively. In regard to syntactic
completeness, in semistructured textual resources, such as
XML files, a schema exists and is explicit. In this case, the
metrics to assess completeness can be borrowed from the
field of alphanumeric structured data, and be based on the
simple count of fields (tags) that are filled in, with respect to
the total number of tags of the whole sentence, text or col-
lection of texts. On the other hand, in case of unstructured
texts, completeness can be assessed with respect to under-
lying requirements or explicit constraints. For instance, an
abstract of a conference paper is usually something that is
considered either complete or not according to a word limit
fixed by the organizing committee. The convention that
holds here is that the word limit is to be intended not as
an upper limit, but rather as the advisable number of words
needed to let the reviewers and readers understand what the
paper is about. In such cases, completeness can be expressed
in terms of a ratio between the number of terms used and the
number of terms considered optimal for a given task (mind
that in this case, also values higher than one are possible,
although not always desirable).

A similar approach can be adopted also regarding the dis-
tinction between completeness under the closed world as-
sumption and the open world assumption. In the former
case, the only way to assess the completeness of a textual in-
formation item is to count the number of omissis, i.e., terms
of the text deliberately left out and substituted by some
place-holder (e.g., three dots, a black label). Completeness
would be assessed as the ratio between the number of omissis
present in a sentence (or text, collection) and the sum be-
tween this number and the overall word count. In the open
world assumption, only qualitative and subjective metrics
can be adopted, as in the case of semantic accuracy. In this
case a panel of human experts should be consulted in order
to understand whether the read text describes the object of

description in a complete manner or not.
Readability is the extent to which a text is easy to be

read and understood for its targeted audience. To assess
readability we may use, among others, the Gunning fog in-
dex [12], which measures the level of reading difficulty of
any documents. The main idea of this method is that the
higher the complexity of each sentence and the bigger the
words used in it, the higher is difficulty to read the text.
The resulting number is an indicator of the number of years
of education a reader requires to easily understand the text
at a first reading. The “standard” score is 7 or 8; and a
text with score above 12 is considered hard to read for most
people. The Gunning fog index may be calculated by the
following algorithm:

1. Select a short passage of the text (usually around 100
words) and count the number of words. For a lengthy
document, select several passages and average the Fog
index.

2. Count the number of sentences.

3. Count the number of complex words, i.e. words with
three or more syllables, not including proper nouns (for
example, ‘Frederick’), compound words like “newspa-
per”, or common suffixes such as -es, -ed, or -ing as a
syllable, or familiar jargon.

4. Calculate the average sentence length (i.e., divide the
number of words by the number of sentences).

5. Calculate the percentage of complex words.

6. Add the average sentence length and the percentage
of complex words, and multiply the result by 0.4

The complete formula is as follows:

0.4 ∗
((

words

sentence

)
+ 100

(
complex words

words

))
(1)

6. QUALITY DIMENSIONS FOR IMAGES

6.1 Dimensions and metrics for images
In general, image quality dimensions can be assessed ei-

ther for an image seen in isolation (e.g. readability) or for an
image seen together with the reference (e.g. semantic accu-
racy). Depending on the image data and application, qual-
ity dimension assessment can be done by psychological ex-
periments involving human observers or computing suitable
metrics directly from the digital image, these metrics can
be eventually combined as proposed in [4] and [11]. Stan-
dard psychophysical scaling tools for measuring subjective
image quality are available and described in specific stan-
dards, such as ITU-R BT.500-11 [20], [13]. The involvement
of real people that view the images to assess their quality
requires that all the factors that influence perception are
taken into account and strict protocols are adopted. Sub-
jective image quality assessment necessarily involves taking
into account both the Human Vision System characteristics
and the image rendering procedure, subjects’ characteristics
and the perceptual task. Subjective image quality may be
assessed only when the image is viewed by an observer. Ob-
jective image quality measures not requiring human inter-
action can be broadly classified in two classes: signal-based



Figure 4: Low syntactic accuracy.

metrics, such as the root mean square error; and perceptu-
ally based metrics, which relate image signals to perceived
quality. These metrics include simplified models of the hu-
man vision system, such as the visible differences predictor
model [8].

6.2 Specific Dimensions and Related Metrics
for Images

Following [5], we can define the syntactic accuracy of an
image as its closeness to an image in the chosen application
domain. For example, if the application is a biometric au-
thentication system based on face detection and recognition,
any image that does not contain a detectable/recognizable
face should be considered outside the application domain
and thus discarded. Syntactic accuracy can be assessed ei-
ther by visual inspection or by pattern recognition tech-
niques [14]. An example is shown in Figure 4, related to
a face-based biometric recognition system. In such systems
the detection of a face in an image can be used to discrim-
inate between syntactically accurate images (first three im-
ages from the left) and other images (right). In this case,
automatic determination of the syntactic accuracy of the im-
ages can be accomplished using a face detection algorithm
[22]. In the rightmost image the face recognition fails.

Image semantic accuracy can be defined as the degree of
matching (fidelity) of the digital image with respect to the
corresponding (measured) external reference in the reality
of interest, i.e. the original scene or source data we want to
represent. If the image is synthesized from non-image data,
its semantic accuracy is obviously related to the semantic
accuracy of the data itself. Figure 5 shows an example of
images with different levels of semantic accuracy (fidelity)
with respect to the reference image. The background of the
middle image is noisy while the color and the logo text of
the left image are wrong. In this figure, the middle and right
images are examples of low semantic accuracy with respect
to the reference image (depicted on the left).

In some cases, semantic accuracy could be assessed by a
human viewer without requiring the availability of the ex-
ternal reference. In these cases we can define a ”reduced”
semantic accuracy as the degree of apparent match of the
image with the viewer’s internal references [15]. Examples of
image requiring a high degree of naturalness are those seen
on journals. Naturalness plays a fundamental role when the
image to be evaluated does not exist in the reality, such as
in virtual reality domains. In Figure 6 we see two exam-
ples of images, that, despite being faithful with respect to
the original scene (left) or the source data (right), lack of
naturalness.

In regards to completeness, we can adapt the definition
of completeness provided for alphanumeric data and texts
as follows: a digital image is complete if it depicts all the

Figure 5: Low semantic accuracy.

Figure 6: Lack of naturalness.

information that it must convey. There are several causes
for the lack of completeness and they can be related to i)
acquisition or production process that generate the image
(e.g. Figure 7) or to ii) the represented phenomenon (real or
synthesized) being intrinsically incomplete (e.g. Figure 8).

Figure 7 shows a subject acquired with a 3D laser scan-
ner. It can be seen that the image exhibits several holes
where the scanner has been not able to correctly acquire the
model surface. The 3D representation of the model is thus
incomplete.

Figure 8 shows a partially occluded face. The incomplete-
ness of this image is related to the incompleteness of the
information in the acquired scene. In this case the image
depicts the entire scene’s visible information but the scarf

Figure 7: First example of incompleteness.



Figure 8: Second example of incompleteness.

occludes other information concerning the traits of the sub-
ject’s face.

The definition of completeness given above can be applied
both to a single image as well as to a set of images intended
to capture a single phenomenon. For example, the acqui-
sition of a large painting at high resolution is usually done
by topologically subdividing it into small tiles that are in-
dividually acquired at the required resolution. An example
of this acquisition technique can be found in [1] where the
mural painting “The Last Supper” of Leonardo da Vinci was
acquired using 1,677 tiles resulting in a virtual image of size
172,181 x 93,611 pixels. This set of tiles must be complete
to be properly combined to provide the whole painting.

We finally define readability of an image as the lack of
distortions or artifacts that reduce the accessibility of its
information contents. Some of the most frequent artifacts
are: blurriness, graininess, blockiness, lack of contrast and
lack of saturation. To detail each of these terms falls out
of the scope of the paper. In Figure 9, we provide some
examples of artifacts that may reduce the readability of an
image. The readability can be assessed either directly by
human visual inspection or indirectly by automatically es-
timating the presence and the strengths of these artifacts.
The estimation’s process requires the modeling of the visual
effects that an artifact produces on the image in terms of
distortions of low level visual features, such as color, edge,
texture.

7. CONCLUSIONS AND FUTURE WORK
In this paper we made a first attempt to establish a unified

approach to information quality for heterogeneous types of
information. We have focused on three quality dimensions,
namely, accuracy, completeness and readability. Much work
has to be done to formally express such model in terms of a
complete classification of quality dimensions that encompass
all types of qualities mentioned in the literature [5], and
to extend the approach to other relevant information types
such as maps [18] and sounds [7].
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