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Abstract
This work proposes an environment implementing

a methodology for acquiring and exploiting the col-
lective perception of Points of Interests (POIs) in a
Smart City, which is meant to support decision mak-
ers in urban planning and management. This envi-
ronment relies upon semantic knowledge discovery
techniques and fuzzy computational approaches, in-
cluding natural language processing, sentiment anal-
ysis, POI signatures and Fuzzy Cognitive Maps,
turning them into a cohesive architectural blend in
order to effectively gather the realistic perception
of a user community towards given areas and at-
tractions of a Smart City. The environment has
been put to the test via a thorough experimentation
against a massive user base of an online community

with respect to a large metropolitan city (the City of
Naples). Such an experimentation yielded consistent
results, useful for providing decision makers with a
clear awareness of the positive as well as critical as-
pects of urban areas, and thus helping them shape the
measures to be taken for an improved city manage-
ment and development.

1 Introduction

Decision Support Systems (DSS), since their in-
troduction several decades ago, have progressively
gained popularity and momentum over the years and
have profited from the research products stemming
from a wide range of scientific areas, including arti-
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ficial intelligence, database systems, operational re-
search and, more recently, knowledge discovery and
the Semantic Web. As a matter of fact, plentiful
DSS proposals were filed in literature and a few
of them even succeeded in becoming commercial
applications [1, 2, 3, 4]. The ultimate purpose of
these systems is to complement the decision makers’
own insight, knowledge and intuitions with struc-
tured, rational models and approaches, so that the
overall decision-making process may be improved;
in addition, thanks to their computational and auto-
mated mechanisms, the improvement they produce
is not only reflected upon the effectiveness of the
process, but is also tangible in terms of its perfor-
mance, by reducing the time needed for making de-
cisions, increasing the satisfaction of their users and
providing better and more accurate motivations be-
hind the decisions themselves. This is also due to
the ever-increasing availability of information com-
ing from disparate sources that was put at these sys-
tems’ disposal in order to further enhance their accu-
racy. With the advent of the Semantic Web and the
explosion of social networks, a deluge of informa-
tion has flooded the Web and can now be exploited
by DSS as well for a variety of purposes and ap-
plications, thus potentially strengthening their suc-
cess and pervasiveness [5]. It is no wonder, then,
that decision support systems are becoming increas-
ingly pivotal even for the recent paradigm of Smart
City, as defined by IBM [6]. While DSS used within
such a context typically tend to rely on the data de-
rived from the range of sensors and logs that cap-
ture the “state” of the Smart City from a quantitative
perspective, a whole amount of subjective, qualita-
tive but nonetheless useful information can be found
scattered across social interactions among people on
the web and similar media. The idea that this work
wants to stress out is the fact that, by gathering and
taking advantage of social data from people and citi-
zens, the resulting discoveries could prove extremely

useful for decision makers to enact policies, imple-
ment measures and carry out actions upon an urban
area. That is why this work proposes an environ-
ment meant to acquire and exploit the collective per-
ception of people and citizens, as coming from so-
cial media, towards Points of Interest (POIs) of a
Smart City, relying upon an innovative combination
of techniques from different research areas, includ-
ing semantic knowledge discovery, natural language
processing, sentiment analysis, as well as fuzzy com-
putational approaches and the concept of POI and
Area signatures. This environment aims at providing
decision makers with an advanced system that might
be able to improve their decision processes and help
them shape the present and future of a Smart City.

The paper is structured as follows. In Section 2,
the methodological background of the proposed en-
vironment is reported. Section 3 describes the ar-
chitecture of the environment along with its enabling
technologies. In Section 4, an extensive experimen-
tation on a large metropolitan city is reported. Fi-
nally, in Section 6 conclusions are drawn.

2 Background

This section describes the methodological substrate
underlying the proposed environment, which in-
cludes the concepts of semantics-based knowledge
discovery, POI signatures and Fuzzy Cognitive Maps
for Smart Cities, as detailed respectively in the fol-
lowing subsections.

2.1 Semantic Knowledge Discovery

Knowledge discovery based on semantic techniques
has been progressively acquiring prominence within
the context of intelligent systems as a method to ex-
tract, as automatically as possible, meaningful in-
formation from unstructured or semi-structured tex-
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tual data sources and turn it into a cohesive repre-
sentation. In this regard, a number of methodolo-
gies and tools, either freely-accessible or covered by
commercial licenses, are nowadays available for per-
forming a variety of knowledge discovery tasks from
textual sources. In this work, CONCEPTUM [7]
and a custom-made Sentiment Analysis tool based
on SentiWordNet [8] have been used for carrying
out the tasks related to the extraction and build-
ing of the POI knowledge base and to the evalua-
tion of the sentiment (expressed in terms of positiv-
ity/objectivity/negativity) behind the words and ex-
pressions used to talk about a POI by the users of a
community. Further details on how such activities
are performed can be found in Section 3.

2.2 POI signatures

As mentioned in [9], POI signatures are defined as
follows. Given the following expressions (1) and (2)
related to users of a community:

bi =
# observations by the ith user

max # di f f erent observations by a user
(1)

UserActivity(u) = {bi

ui
} (2)

with i = 1, ..,n where n is the number of users, and
the following expressions (3) and (4) related to their
observations:

a j =
# times o j is used

max # users making a single observation
(3)

ObsPop(o) = {
a j

o j
} (4)

with j = 1, ...m where m is the number of observa-
tions, a POI signature is defined as:

POISignature(u,o) =UserActivity(u)×ObsPop(o)
(5)

As such, the concept of POI signatures allows to
characterize a given POI in terms of the observations
made by users with respect to it. These observations,
for the purposes of this work, are adjectives or ex-
pressions used or mentioned by users within the con-
text of their POI-related comments posted on online
discussion boards, forums or social networks.

2.3 Fuzzy Cognitive Maps for Smart Cities

Fuzzy Cognitive Maps (FCMs) [10] are graphs
meant to represent a variety of relationships among
concepts like events, processes or states FCMs al-
low qualitative reasoning on the states of complex
systems [11]. In a FCM, a node of the graph rep-
resents a concept Ci, connected via cause/effect re-
lationships to other concepts, and making up a key
factor of the modeled system. The strength of the re-
lationship between concepts Ci and C j is represented
by a weight wi j: negative weights represent inverse
causality, while positive ones mean direct causality.
The activation value Ai of concept Ci is given by:

Ak+1
i = f (Ak

i +
n

∑
j=1, j 6=i

Ak
jw ji) (6)

where Ak+1
i is the activation level of the concept Ci

at the k + 1 iteration, Ak
j is the activation level of

the concept C j at the k iteration, w ji is the weight
between concepts C j and Ci, and f is a threshold
function. Considering that a FCM represents cause-
effect relationships among different concepts, it has
been widely employed for supporting what-if anal-
ysis. Indeed, it is possible to consider an initial
scenario of simulation given by a activation vector
S0 =(s1, ...,sn) where si ∈ [0,1] is the activation level
of concept Ci. Starting from the activation vector S0

of the initial scenario, it is possible to compute the
activation values of the concepts in the following it-
eration of the map, resulting in a set of transitions
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A0→ A1→ .... When a limit cycle is found or a fixed
state is found, it is possible to know which is the new
state of the map or of specific concepts of interest. In
such a way, it is clear that, starting from a baseline
scenario, it is possible to simulate what will happen
when the state of a specific concept changes, thus
performing what-if analysis.

In the context of Smart Cities, many papers ex-
plored the use of FCMs as an analytical and decision-
support tool in different contexts like, for instance,
to support urban resilience analysis [12], green is-
sues [13], urban planning [14]. The authors in [9]
proposed the use of FCMs as means to model the
mental representations that communities of citizens
or experts have shaped with respect to urban issues.
In such a case, the urban planners and the decision
makers have a powerful tool to analyze the impact
of the collective perception that the citizens possess
about a specific city asset (e.g. quality of transporta-
tion, level of safety, etc.) and to understand how
such a perception may influence the other assets of
the city. In order to be able to activate the FCM with
the collective perception of the citizens, so as to per-
form scenario analysis, it is firstly needed to identify
high level objectives for the Smart City (i.e. why
are we performing such scenario analysis?). Start-
ing from such objectives, it is possible to define a set
of qualitative indicators related to the different city
assets (e.g. the level of safety as perceived by the
community, the quality of the urban area, etc.). Such
indicators, together with the above mentioned objec-
tives allow us to define a Fuzzy Cognitive Map sup-
porting the reasoning on different perspectives that
the stakeholders of the city have with regards to the
high-level objectives such as “improving quality of
life”, “improving safety”, “reducing pollution” and
so on. Further details on the definition and use of
Fuzzy Cognitive Map activated by the collective per-
ception can be found in [9]. In the evaluation section
(Section 4) a complete example of the use of an FCM

for performing what-if analysis in a real case will be
provided.

3 An environment for extracting
and evaluating the users’ percep-
tion of POIs

The environment proposed in this work is a software
architecture made up of a number of different com-
ponents, whose fundamental purpose is to find infor-
mation related to POIs among online sources and un-
derstand how such POIs are perceived by users. As
such, the environment includes the following com-
ponents:

1. a Knowledge Extractor and Builder module
(KEB), which encapsulates software compo-
nents for crawling texts from online sources and
processing them via lexical analysis, NLP and
wikification techniques, as well as for building
taxonomies from the texts themselves;

2. a Sentiment Detector and Analyzer module
(SDA), whose purpose is to find textual refer-
ences to POIs from online messages and eval-
uate their sentiment values in terms of the pos-
itivity, negativity or neutrality of the opinions
expressed by online users;

3. a Collective Perception Identifier module (CPI),
meant to produce the POI signatures for each
POI, or the Area signature for an entire area
containing more than one POI, thus evaluating
the collective perception (CP) of the community
with respect to the POIs or the Area. The CP is
then used in order to perform scenario analysis
by using Fuzzy Cognitive Maps.

The conceptual architecture of the proposed envi-
ronment is depicted in Figure 1.
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Figure 1: Conceptual architecture of the environ-
ment.

3.1 Extraction and building of the POI
knowledge base

The Knowledge Extractor and Builder module
(KEB) is responsible of acquiring information about
the POIs to be considered and turning it into a struc-
tured taxonomy of relevant concepts. Given a POI,
such a module implements the procedure made up of
the following steps.

3.1.1 Text crawling and extraction

Textual repositories containing relevant information
about the POI are crawled. Specifically, at this stage
of the work the Wikipedia page (article) describing
the POI is the one considered. This choice was made
to provide the system with an information summary
for the selected POI, given the general availability

of Wikipedia articles and the user-driven knowledge
usually contained within them. Thus, the automatic
crawling of this information overcomes the need to
manually identify relevant tags for the specific POI
and painstakingly annotate it accordingly. Besides,
the user-driven nature of such information makes the
subsequent phases of the whole process easier, es-
pecially concerning the gathering of users’ observa-
tions (as described later in Section 3.2) and specifi-
cally the detection of POI references from the user
community (Section 3.2.1), since users may be in
principle more inclined to use similar terms or ex-
pressions as those found within the corresponding
Wikipedia article.

Since the length of an article may vary and a del-
uge of potentially irrelevant information may flood
the system, in order to minimize the possibility of
ending up with an excessive number of irrelevant
terms, only the introduction paragraph of the page
is currently taken into account. In the event that an
introduction paragraph is not present, the first section
(with the exception of the “History” section) is con-
sidered; it might be also worth mentioning that, when
considering a sufficiently small number of POIs, a
supervision of this mechanism may be employed so
that only the most relevant blocks of text are actually
used and passed to the system.

Further developments of this work may come to
include specific information pages from additional
official and informal sources, including the tourism
websites of the city, province or region where the
considered POI is located.

3.1.2 Conceptualization

A conceptualization phase is carried out upon the re-
trieved text, by using the corresponding service pro-
vided by the CONCEPTUM system [7]. This phase
performs natural language processing upon the given
text and returns the semantically most relevant con-
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cepts from the text by cross-referencing a common-
sense knowledge base (Wikipedia). As such, the
identified concepts are not necessarily those with
the highest number of occurrences within the text:
the number of their occurrences is weighted against
their relevance score according to their respective
presence and affinity in documents (articles) of the
common-sense knowledge base. Specifically, this
conceptualization phase processes the retrieved text
as follows:

• the text is preliminarily cleaned by removing
punctuation, stop-words etc.;

• the cleaned text is tagged with Part-Of-Speech
(POS) tags and lemmatized accordingly;

• a shallow syntax parsing is performed upon the
text;

• the information from POS tagging and syntax
parsing, along with some language-dependent
proximity rules, is used to compose terms (e.g.
adjective + noun, contiguous upper-case nouns
etc.)

• while the above mentioned language processing
is performed, a Wikification process of the orig-
inal text, based on Wikipedia Miner [15] and
originally applied in [16, 17] is carried out in
order to produce a number of topics from the
Wikipedia common-sense knowledge base that
are semantically relevant to the given text;

• a matching is performed between the composed
terms from the language processing step and
the common-sense topics from the wikification
step, by using syntactical distances (e.g. Leven-
shtein, Jaccard) and synonym expansion. Each
match is thus assigned a matching score: those
matches scoring higher than a given percentage
threshold (currently 70%) are deemed good;

• the resulting good matches (composed term-
topic pairs) correspond to the most relevant se-
mantic concepts from the input text; specifi-
cally, the topic element from the pair is selected
as the concept to be returned for each match.

3.1.3 Taxonomy building and enrichment

A knowledge base is created from the returned con-
cepts. Currently, the generated knowledge base for
each POI is a one-level taxonomy including among
its terms the concepts obtained from the previous
step. Furthermore, a subsequent enrichment step
is performed in order to associate with the POI’s
name a list of potential synonyms or correspond-
ing alternate spellings: this is done via another
Wikification-based process provided by CONCEP-
TUM, which returns a number of “alternate” senses
for the POI’s name, as featured in the Wikipedia
knowledge base. For instance, for the “Subterranean
Naples” POI, synonyms and additional terms re-
turned include “Subterranean Caves”, “Underground
Naples”, “Naples City Caves”, etc. A refinement that
is under research in this regard is related to the cre-
ation of a multi-level taxonomy or a full-fledged on-
tology, by taking advantage of another service pro-
vided as a beta version by CONCEPTUM, which
detects a subset of relationships (namely hypernymy,
relatedness and hierarchy) for the identified concepts
of each POI, in order to generate a small semantic
graph containing them.

3.2 Gathering and analysis of users’ obser-
vations from online sources

Once the knowledge bases for the considered POIs
are created, the Sentiment Detector and Analyzer
module (SDA) takes care of scanning users’ com-
ments from online forums, message boards or social
networks, in order to (i) find adjectives and expres-
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sions related to the considered POIs and (ii) under-
stand and quantify their positivity/negativity values.
These two activities are detailed below.

3.2.1 Detection of adjectives and expressions re-
lated to POIs

The first activity revolves around the identification of
comments, posts and texts uploaded by users where
the considered POIs are mentioned, either explicitly
or implicitly. The bulk of such texts is therefore
crawled and scanned in order to detect the presence
of a POI “reference”, i.e. either a POI’s explicit name
along with its synonyms/alternate spellings, or some
of the concepts associated with it via the generated
taxonomy. For each sentence containing a POI ref-
erence, adjectives directly linked to the reference, as
well as expressions as predicative nominals linked by
copulas to the reference, are detected and retrieved
via syntax parsing. The result of this activity pro-
duces a map structure whose keys are the POIs ref-
erenced within the scanned texts and whose values
are the corresponding adjectives and expressions re-
ferring to them.

3.2.2 Analysis of the sentiment associated with
the detected adjectives and expressions

The map produced by the previous activity is then
passed to the submodule responsible for the senti-
ment check. Specifically, for each POI, the adjec-
tives and expressions related to it are checked against
a lexicon annotated with sentiment values in order to
establish their potential positive, negative or objec-
tive value. The lexicons currently used by the sys-
tem are SentiWordNet [8] for the English language,
and the one used in [18] as a byproduct of three
lexicons (SentiWordNet, MultiWordNet and Word-
Net itself) for the Italian language. The submodule
returns, for each adjective/expression, values in the

[0,1] range that represent the adjective/expression’s
positivity, negativity, or neutrality, whose sum total
is 1. As such, for the i-eth POI, its corresponding
positivity (Spi), negativity (Sni) or neutrality (Sui)
values are computed as follows:

Spi =
∑

K
k=1 pk

K
(7)

Sni =
∑

K
k=1 nk

K
(8)

Sui =
∑

K
k=1 uk

K
(9)

where K is the total number of adjec-
tives/expressions found and evaluated, and pk,
nk and uk are the k-th positivity, negativity and
neutrality value, respectively, for the k-th adjec-
tive/expression.

3.3 An environment for extracting and eval-
uating the users’ perception of POIs

3.3.1 Evaluation of the collective perception for
POIs via POI signatures

The Collective Perception Identifier module (CPI) is
responsible for the computation of the collective per-
ception starting from the observations and the senti-
ment identified by the SDA module described in the
previous section. Starting from the map structure
containing POIs and observations referred to them,
the CPI module computes the POI Signature for each
POI mentioned in the analyzed comments. Indeed,
by aggregating all the observations that refer to a
same POI, it is possible to define the POI Signature,
as described in Section 2.

In order to evaluate the collective perception re-
lated to a single POI, a Fuzzy Inference System (FIS)
is used, whose rule base is reported in Table 1, so
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Table 1: If-Then rules to achieve CP (in case of
O=Low)

P O N CP
R1 H L L VP
R2 H L M P
R3 H L H N
R4 M L L P
R5 M L M N
R6 M L H B
R7 L L L N
R8 L L M B
R9 L L H VB

Figure 2: Fuzzy variables and membership of the FIS
for computing the collective perception

that it is possible to obtain the value of the CP start-
ing from the sentiment scores Spi, Sni and Sui of the
POI computed by the SDA module with the formulas
in Eq. 7 - 9.

Such scores are intended as the inputs of the FIS
and their membership functions are reported in Fig-
ure 2. The FIS allows us to obtain a value for the
collective perception, obtained by defuzzifying the
output of the FIS.

The CP value helps us with the estimation of the
perception that a community has with respect to the
analyzed POI. Depending on the type of the selected

comments as well as on the characteristics of the
considered community, such CP can refer to differ-
ent, specific assets of the city, allowing us to execute
several kinds of what-if analysis as mentioned above.
For instance, such collective perception may refer to
wider concepts like the quality of the urban space as
perceived by the community, or it can refer to more
specific assets like the quality of the transportations
or the perceived safety. In such cases, it is required
that the comments processed by the SDA module are
related only to that specific asset. By leveraging the
taxonomy created by the KEB module, it is possible
to select only those comments that are relevant for
the kind what-if analysis chosen and the related city
assets.

3.3.2 Area Signature

In most cases, the evaluation of the collective per-
ception of a whole geographical area, instead of a
single POI, is of relevance. The collective percep-
tion of a whole area is computed by aggregating the
POI Signatures of all the POIs that are located in that
area. To group the POI Signatures the approach pro-
posed in [19], based on the Ordered Weighted Aver-
age (OWA) operator [20], is used:

AreaSignature(ui,o j) =

OWALQ
POIm∈Area(POISigPOIm(ui,o j))

(10)

Different linguistic quantifiers LQ lead to differ-
ent characterizations of the selected area. A coarse-
grained characterization will be obtained if the quan-
tifier is LQ = max, while a narrower characteriza-
tion will be obtained with the quantifier LQ = min
as only the most common pairs (ui,o j) will be in-
cluded in the Area Signature. Roughly speaking, the
Area Signature associates a bag of observations to
the area so as to reflect the perceptions and the opin-
ions of the community on its POIs. To transform this
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bag of observations into the value of Collective Per-
ception, the same approach used for a single POI is
employed. The sentiment scores of all the observa-
tions included in the Area Signature are computed by
the SDA module. The positive, negative and neutral
scores of each observation are aggregated in order to
obtain three values (P,O,N) which characterize the
whole area. Next, the Fuzzy Inference System com-
putes the value of the CP for the area.

Please note that there are two degrees of freedom
to modify the characterization of the area:

• by changing the linguistic quantifier LQ in Eq.
10

• by changing the α-cut in Eq. 5. Indeed, by
using a lower value of the α-cut, the POI Sig-
nature will contain less frequent pairs (ui,o j)
as well, leading to a wider and less precise
characterization of the area, but also revealing
meaningful observations although not so popu-
lar. With greater values of α-cut a dual behavior
is obviously obtained.

4 Experimentation of the system

After a preliminary evaluation carried out earlier in
order to assess the feasibility of the proposed ap-
proach (as described in [9]), a more comprehen-
sive experimentation has been performed upon the
Metropolitan City of Naples, Italy.

4.1 Data

In this regard, an area of Naples, downtown, was se-
lected, upon which decision makers may want to per-
form their research. The area, depicted in Figure 3,
has an extension of 1.57 km2, and includes eight
tourist attractions: the Royal Palace of Naples, the
San Carlo Theater, Piazza Plebiscito, Castel Nuovo,

Figure 4: The POIs of the considered area cho-
sen for the experimentation, namely Subterranean
Naples (“Napoli Sotterranea”) and Piazza Plebisc-
ito [strongly attractive POIs], and the Gardens
of Molosiglio (“Giardini di Molosiglio”) and the
Church of Santa Maria Francesca (“Chiesa di Santa
Maria Francesca”)[weakly attractive POIs].

The Molosiglio Gardens, Galleria Umberto I, Sub-
terranean Naples, the Basilica of San Francesco di
Paola and the Church of Santa Maria Francesca.

From these eight POIs, a representative sample of
4 points was selected:

• 2 strongly attractive POIs (according to the
evaluations the POIs received on Google
Maps): Subterranean Naples and Piazza
Plebiscito;

• 2 weakly attractive POIs: Gardens of
Molosiglio and the Church of Santa Maria
Francesca;

The position of the four POIs is depicted on the map
featured in Figure 4.

The user community considered was “NapoliDa-
Vivere”, an Instagram group with more than 22000
followers and 30 users (who are the administrators
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Figure 3: Area of Naples, downtown, chosen for the experimentation, with an extension of 1.57 square
meters.

of the group). 30 comments for each POI were an-
alyzed in order to construct the POI signatures and
then evaluate the collective perception of the selected
area.

4.2 Method

4.2.1 POI Signature

Following the approach described in Section 3, the
Knowledge Extractor and Builder (KEB) module
generates a taxonomy of the most relevant concepts
related to the selected POIs. The Sentiment Detector
and Analyzer (SDA) module scans the users’ com-
ments for the selected POIs in order to identify the
most relevant observations (adjectives and expres-
sions) which refer to important concepts related to
the POI. In this process, the SDA leverages the tax-
onomy of concepts created by the KEB for under-

standing whether an adjective or an expression actu-
ally refers to the POI. The identification of all the ob-
servations for the POIs allows the system to compute
the POI Signatures. Figures 5 thru 8 show the pairs
of users and observations (ui,o j) for each POI. Users
are listed along the rows of the tables, while the ob-
servations along their columns. A “1” in the cell
(ui,o j) indicates that the user ui expressed the ob-
servation o j in his/her comment regarding that POI.
In the last column, the values of the UserActivity
(Eq. 2) are reported, indicating the degree of activ-
ity of the user (i.e. how many observations he/she
used) with respect to all the other users. In the last
row, the values of ObsPop (Eq. 4) are listed, repre-
senting the popularity of the observation among the
users.

The value of the POI Signature is evaluated by us-
ing Eq. 5 for the four POIs. In this experimentation
scenario, two different values of α-cut are used: α-
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Figure 5: POI Signature for POI1 (Subterranean Naples)

Figure 6: Signature for POI2 (Church of Santa Maria Francesca)
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Figure 7: Signature for POI3 (Piazza Plebiscito)

Figure 8: Signature for POI4 (Gardens of Molosiglio)
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cut > 0.5 to select the most common pairs of users
and observations, and α-cut > 0.3 to select a larger
number of pairs, even if they are less frequent. In
this way, it is possible to show the effect of the α-cut
on the collective perception value.

The SDA module computes the sentiment scores
for each observation. From these, the observations
that are too objective (i.e. with a value of objective-
ness O > 0.5) are removed, since they do not con-
tribute to the value of collective perception.

With an α-cut > 0.5, the following bags of obser-
vation for each POI are obtained:

• POI1 Subterranean Naples: {wonderful, un-
comfortable, worthful}

• POI2 Church of Santa Maria Francesca:
{criminal, beautiful, noise, dangerous, emo-
tional}

• POI3 Piazza Plebiscito: {wonderful}

• POI4 Gardens of Molosiglio: {wonderful, abu-
sive, vagabonds}

By using α-cut > 0.3, other observations are
added to the four bags:

• POI1 Subterranean Naples: {wonderful, un-
comfortable, worthful, suggestive, charming}

• POI2 Church of Santa Maria Francesca:
{criminal, beautiful, noise, dangerous, emo-
tional, amazing}

• POI3 Piazza Plebiscito: {wonderful, dirty}

• POI4 Gardens of Molosiglio: {wonderful, abu-
sive, vagabonds, dirty, suggestive, worthful,
charming}

The Collective Perception Identifier module (CPI)
computes the arithmetic mean of the sentiment

Table 2: Collective perception of the four POIs with
α-cut > 0.5 and α-cut > 0.3

POI CP
α-cut > 0.5

CP
α-cut > 0.3

Subterranean Naples 0.69 0.72
Church 0.36 0.47
Piazza Plebiscito 0.83 0.63
Gardens Molosiglio 0.33 0.5

scores of all the observations for a same POI, with
the two different values of α-cut. Such average val-
ues of the sentiment scores become the input of the
Fuzzy Inference System for computing the collective
perception. The values of the collective perception of
the four POIs are reported in table 2.

By analyzing the obtained results, it becomes clear
that the most attractive POIs (Subterranean Naples
and Piazza Plebiscito) are positively perceived by
the community, confirming that they are two of the
most important touristic attractions in Naples. On
the other hand, the perception on the Church is re-
ally poor, and this is mainly due to the presence of
observations like “criminal” and “dangerous”. This
is because the Church lies in a neighborhood of the
city that is considered dangerous due to frequent rob-
beries. With respect to Piazza Plebiscito (POI3), it is
possible to notice a decrease in the CP when consid-
ering α-cut > 0.3. In this case, in fact, observations
like “dirty” contribute to a bad perception of the area
and refer to a situation of dirt and disorder that some
users of the community begin to perceive in a nega-
tive way. This shows that it is useful to evaluate the
collective perception at different values of α-cut in
order to identify hidden issues in the analyzed area.

4.2.2 Area Signature and Fuzzy Cognitive Map

The Area Signature is useful for evaluating the col-
lective perception (CP) of the whole area and it can
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Figure 9: Fuzzy Cognitive Map for the evaluation
scenario (from [9])

be used in what-if analysis scenarios based on Fuzzy
Cognitive Maps. The Area Signature for the selected
area of Naples downtown is evaluated by using the
Eq. 10. An arithmetic mean is used as the aver-
age function. The collective perception of the whole
area with α-cut > 0.5 is CP = 0.64, whereas with
α-cut > 0.3 is CP = 0.5.

Figure 9 shows the FCM used for the what-if anal-
ysis. This map is built by integrating the maps pro-
posed in [12] and [21]. It contains the causal rela-
tionships between some important concepts and as-
sets related to the management of a city, like environ-
ment, transportation, social assets and government.
The CP of the area is used as the activation level of
the “Quality of Urban Space” concept in this map.
This is motivated by the fact that the Quality of Ur-
ban Space is a faceted concept which includes as-
pects such as quality of buildings, cultural and tourist
attractions, safety, transportations and so on. For the
objective of this evaluation scenario, only one indica-
tor for the Quality of Urban Space is considered, i.e.
the quality of tourist attractions, specifically of the
four considered POIs. It is reasonable to state that
very positive perception of urban areas match with
higher levels of Quality of Urban Space.

In order to evaluate the impact of the collective
perception on the concepts of the FCM, a baseline
scenario with which to compare the obtained results
is needed. Therefore, the equilibrium states of the
map is chosen as a baseline scenario. The activation
levels of the concepts of the map at the equilibrium
are reported in Figure 10 and 11 in the Scenario 1
column.

Considering the value of CP = 0.64, and using it
as Quality of Urban Space, the activation levels of
the map change as reported in column Scenario 2 in
Figure 10. It can be noticed that, in order to face a
decrease in the value of the Quality of Urban Space
(from 0.657 given by the equilibrium state to 0.64
given by the collective perception), an increase in the
public policies of 0.85% is required. Thus, the FCM
can help the decision makers understand which as-
set, among the main assets of the city, they need to
intervene on for responding to a slight decrease of
the collective perception regarding the quality of the
urban space.

When using α-cut > 0.3, the value of CP = 0.5 is
used as the activation level of the FCM. Figure 11
reports the activation levels in this case with respect
to the equilibrium state of the map. Here, the signifi-
cant decrease of the Quality of Urban Space requires
a greater improvement of the public policies (about
10.58%). Besides, also the transportation might need
some interventions (1.11%).

5 Discussion

5.1 Theoretical Implications

This work proposes the adoption of a new deci-
sional paradigm which is complementary to the tra-
ditional decisional approaches used in urban plan-
ning and government. Indeed, even if the traditional
approaches use the opinions of experts, they rarely
consider the perception that the citizens have of an
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Figure 10: Comparison between the two scenarios (equilibrium and CP = 0.64 with α-cut > 0.5)

Figure 11: Comparison between the two scenarios (equilibrium and CP = 0.50 with α-cut > 0.3)

entire area, and even more rarely the impact that it
may have on the different assets of the city, like pub-
lic policies, safety and transportation. The ultimate
purpose of the proposed environment is to increase
the awareness of decision makers related to the per-
ception that a community has about a specific area of
interest in the city. Such an awareness becomes sys-
tematic in the decisional processes for urban plan-
ning and development. Moreover, this environment
allows to consider the opinions and the points of
view of citizens and communities in a way that is
less invasive as possible, since it considers observa-
tions and comments that the users have published for
a completely different purpose. Consequently, it re-
duces the difficulty in the realization of decision sup-
port systems that need to involve a community.

5.2 Managerial Implications

The proposed environment supports different stake-
holders in taking decisions with systems that are eas-
ily to configure and use. Its approach allows users to
set different parameters to fine-tune the process, thus
providing a high level of flexibility in the decision
analysis. In fact, it is possible to analyze the same
data at different levels of granularity, by consider-
ing less or more numbers of POIs and observations.
Specifically, the al pha−cut value can be considered
as a tool for the decision maker to understand what
happens to the collective perception (or to the other
assets of the city) when considering or eliminating
some observations. This enables decision makers to
easily uncover hidden observations and critical as-
pects that may help improve their awareness with re-
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spect to specific issues of the city, whereas with other
approaches based on sentiment analysis techniques a
similar result is not so easy to obtain.

Another degree of freedom is given by the linguis-
tic quantifier used in the evaluation of the Area Sig-
nature. The decision maker may choose to weigh in
different ways the positive or the negative observa-
tions, or to give a different importance to the most re-
cent observations with respect to older observations.

6 Conclusion

In this work, an environment for helping decision
makers within the context of a Smart City has
been introduced. This environment implemented a
methodology meant to acquire and exploit the collec-
tive perception of Points of Interest in a Smart City,
based on an innovative combination of techniques,
including semantic knowledge discovery, sentiment
analysis, Fuzzy Cognitive Maps and POI signatures,
which is unprecedented in this domain. As such, this
methodology exploits the concepts of shared percep-
tion and awareness, enabling decision makers to take
into account the different, often heterogeneous, per-
spectives of a wide range of stakeholders (citizens
included) with respect to relevant city events and
phenomena and to the city as a whole. A signif-
icant application of this process is testified by the
reported experimentation of the proposed environ-
ment, carried out against a massive user commu-
nity discussing the large metropolitan city of Naples,
Italy. Results yielded in similar contexts may prove
significantly useful for providing decision makers
with a clearer awareness of the positive and/or criti-
cal aspects of urban areas, thus helping them find or
refine the measures to be taken for better managing
the city itself and boost its development.

Further refinements of the methodology imple-
mented and of the environment itself include the ex-

tension of the POI knowledge base according to the
availability of public touristic repositories of infor-
mation related to city attractions and points of inter-
est. Also, additional experimentations against other
urban contexts and cities, as well as with respect
to different concepts aside from the quality of ur-
ban space, are expected to be carried out in order
to further extend the conclusions of this work and
strengthen the effectiveness of the proposed environ-
ment.
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