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Abstract. Although tourists generate a large amount of data (known as "big
data™) when they visit cities, little is known about their spatial behavior. One of
the most significant issues that has recently gained attention is mobile phone us-
age and user behavior tracking. A spatial and temporal data visualization ap-
proach was established with the purpose of finding tourists’ footprints. This work
provides a platform for combining multiple data sources into one and transform-
ing information into knowledge. Using Python, we created a method to build vis-
ualization dashboards aiming to provide insights about tourists’ movements and
concentrations in a city using information from mobile operators. This approach
can be replicated to other smart cities with data available. Weather and major
events, for instance, have an impact on the movements of tourists. The outputs
from this work provide useful information for tourism professionals to under-
stand tourists’ preferences and improve the visitors’ experience. Management au-
thorities may also use these outputs to increase security based on tourists’ con-
centration and movements. A case study in Lisbon with 4 months data is pre-
sented, but the proposed approach can also be used in other cities based on data
availability. Results from this case study demonstrate how tourists tend to gather
around a set of parishes during a specific time of the day during the months under
study, as well as how unusual circumstances, namely international events, impact
their overall spatial behavior.

Keywords: tourist behaviour; location data; data analytics; mobile phone sens-
ing; Internet of Things; smart cities.

1 Introduction

A network of actual, physical things that are linked to the Internet is known as the
Internet of Things (1oT) [1]. These things are able to gather and exchange information
about themselves and their environment. These data can be used to monitor and manage
the objects, as well as to understand and improve the systems they are part of. The loT
has the potential to transform the way we live and work and make our lives more con-
venient and comfortable. The loT can be used to collect big data, which can be used to
understand trends and patterns. It can also be used to improve the efficiency of systems



and to make better decisions. The physical objects of the 10T can range from wireless
sensor network [2] devices specifically designed for an application to more general ob-
jects such as vehicles [3] and mobile devices. The use of mobile devices to collect use-
ful data is also called mobile phone sensing [4]. The data that may be collected using
mobile devices includes location data, data from other internal sensors (e.g., accelerom-
eters, microphone, etc.), and data from wearable devices (e.g., a Bluetooth Low Energy
heart rate monitor).

In the context of smart cities, things have been done as exploring the application of
data-driven approaches and visualization techniques in order to support decision mak-
ers in urban settings by providing valuable insights and tools for them. Research have
been conducted in order to study areas like disaster management [5], [6], incident man-
agement [7], road accidents [8] and city-wide data analytics. The findings highlight the
potential benefits of leveraging data and advanced analytics to enhance urban planning,
enhance road safety, and develop effective strategies for disaster and incident manage-
ment. Ultimately there’s been a contribution to emphasizing the importance of data-
driven approaches in empowering decision-makers to create more efficient, sustainable,
and resilient urban environments.

This paper proposes an approach for understanding tourist mobility and its patterns,
using mobile phone location data, which allows to analyse people’s mobility quickly
and accurately in a city. This information can be useful to decision makers of tourism
infrastructure and marketing, as well as to negotiate with local businesses and tourism-
related organizations to ensure that the economic benefits of tourism are shared fairly
among all stakeholders. In addition, tracking tourist movement patterns can help cities
to better manage their resources and plan for the future. By understanding how tourists
are using the city, city planners can anticipate the demand for certain services and amen-
ities, such as public transportation, accommodations, and visitor centres, and allocate
resources accordingly. They can also identify areas of the city that may be experiencing
overcrowding or congestion due to high levels of tourist traffic and develop strategies
to mitigate the impact. Tracking tourist mobility can also help cities to better understand
and address the environmental impact of tourism. By analysing location data, city plan-
ners can identify areas of the city where tourists are likely to generate the most waste
or pollution and develop strategies to minimize these impacts.

The main contributions of this paper are: (1) provide platform that can merge multi-
ple data sources into one, transforming information into knowledge; (2) provide a data
visualization tool that enables all the stakeholders to interpret data in a more efficient
way; (3) build a decision support system that allows users to make data-driven decisions
based on a visualization component.

After a year of 2020 marked by a severe pandemic scenario in which Portugal reg-
istered a sharp drop in international tourism, there was a recovery in international tour-
ism starting in the second half of 2021 [9]. This trend continued in the first two months
of 2022, with a 769.2% increase in guests from abroad in February 2022 compared to
February 2021.

To get a better understanding of how international tourists move in a city, we col-
laborated with the Lisbon City Council, who provided us with location data (roaming
and non-roaming) from a mobile carrier company — Vodafone, in the city of Lisbon,



from September 2021 to January 2022. We also collected weather data from the Portu-
guese Sea and Atmosphere Institute (IPMA), a national meteorological organization, in
the same timeline and in the same city. In this study, we considered people using mobile
phones in roaming as possible tourists. Based on the raw data, this work analyses the
spatial-temporal behaviour of Lisbon tourists with the following goals:

e Being aware of the key tourist attractions, restaurants, and accommodations;

¢ Finding the main concentration points and how they changed during the study pe-
riod;

¢ Recognizing how variations in weather affect tourists’ mobility patterns;

o |dentifying peculiar mobility patterns in international events taking place in Portugal
during the study's months.

The remainder of this paper is structured as follows: Literature Review is presented
in Section 2. Section 3 introduce the methodology that we have used, as well as all the
methods used in this work. Then, in Section 4 we present the results of our work and
finally, Section 5 presents the conclusions.

2 Literature Review

In order to assess the relevancy of our study, we have conducted a literature review of
the last 5 years, where we have used a PRISMA (Preferred Reporting Items for Sys-
tematic Reviews and Meta-Analysis) [10] as our methodology for answering the fol-
lowing research question (RQ): What is the state of the art on tourists’ behaviour anal-
ysis and tourism mobility analysis in smart cities?

The database used for the search was Scopus, and the study took place between May
8 and 12, 2022; all the findings had to be publications published within the past five
years and written in English. Based on the data synthesis and analysis results mentioned
above, a qualitative evaluation was conducted.

The Scopus database was thoroughly searched for published work on topic related
with the concept “data analysis” or “behaviour analysis”, the target population “smart
cities” or “cellular network” or “tourist” or “roaming” and within the “mobility”” context
of the study. All keywords were searched using wildcards (such as “#” and “*”), which
are used to match variations of the keywords, allowing us to perform a better search.
The search query was built by intercepting all the columns, that is Concept AND Pop-
ulation AND Context, as depicted in Table 1. All the limitations have been applied.
This query resulted in 44 documents, from which 16 papers were retrieved after a man-
ual procedure was completed to determine major subjects on their research questions
and define the outcomes. Year, region, RQ topic, and a brief description were all factors
in our study systematization.

The trend line in Figure 1 shows that the issue we are examining is growing in pop-
ularity, demonstrating its importance.



Table 1. Search keywords and numbers of documents.
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Fig. 1. Evolution of eligible studies by year.

Figure 2 presents the percentage of documents on each topic. This figure shows that
most of the documents focus on behaviour analysis and/or used mobile phones / infor-
mation and communications technology (ICT) infrastructures.

The research work presented in this paper is also based on both concepts, since we
not only investigate people's behaviour using the communication infrastructure of a
mobile phone operator in the city of Lisbon, but we also analyse it, in order to compre-
hend it and build a strategy to meet their demands.
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Fig. 2. Research topics on the state of the art

After reading all of the publications, it was clear that the amount of behavioural research
on tourist mobility has expanded dramatically in recent years all over the world.

Authors from [11] present a method for estimating origin—destination (O-D) matri-
ces using passively obtained cellular network signalling data from millions of anony-
mous mobile phone users in the Rhdne—Alpes region of France, enhancing and revolu-
tionizing the field of travel demand and traffic flow modelling.

Still on the subject, the authors of study [12] can identify pedestrian hotspots and
provide future traffic signal and street layout information to make the city more pedes-
trian-friendly, as well as apply the knowledge gained to other data sets, such as bicycle
traffic, to guide city infrastructure initiatives.

In a similar vein, but focusing on behaviour analysis, study [13] identifies a number
of metrics for determining whether a person on the move is stationary, walking, or rid-
ing in a motorized private or public vehicle, with the goal of providing city users with
personalized assistance messages for, among other things, sustainable mobility, health,
and/or a better and more enjoyable life. This work was applied to the cities of Tuscany
and Florence. The authors in [14] study and compare the density of users in Shanghai
city using Weibo geolocation data and univariate and bivariate density estimation ap-
proaches, such as point density and kernel density estimation (KDE), where the main
findings are based on characteristics of users' spatial behaviour, such as the centre of
activity based on check-ins, and the feasibility of using check-in data to explain the
relationship between users and their social media accounts. Continuing in this vein, the
research in [15], based on long-term mobile phone data (from 2007 to 2012) of Beijing
participants, gives a means to visualise individual mobility patterns.

The authors in [16] aim to provide a taxonomy of 5G Core Network (CN) mobility
prediction frameworks, from data gathering to model provisioning, while taking into
account the 3GPP architecture and interfaces. The authors provide two critical use cases
in 5G CNs, in which the benefits of mobility predictions are assessed using information



from real networks, whereas study [17] focuses on building a mobile sequential recom-
mendation system to assist auto services (e.g., taxi drivers).

On the subject of behavioural analysis, the authors in [18] present an urban travel
behaviour model and assesses its feasibility for creating a greener, cleaner environment
for future generations, whereas the study in [19], based on a trip survey from the S&o
Paulo metropolitan area, one of the world's busiest traffic locations, supplements a cur-
rent bundling approach to enable multi-attribute trail datasets for the visual study of
urban mobility, aiding in the identification and analysis of urban mobility.

In terms of quality of life, the authors in [20] aim to investigate the structural equa-
tion model of smart city elements that influence global management of world heritage
sites, as well as the quality of life for Thai tourists and inhabitants in Ayutthaya prov-
ince.

Focusing on tourism and behaviour analysis, the authors in [21] use machine learn-
ing to determine the most relevant parameters influencing COVID-19 transmissions
across different Chinese cities and clusters. The authors used a data-driven hierarchical
modelling technique, with the “number of tourists” as one of the variables. Following
the same line, the work in [22] has the goal of assessing the structure of tourist flows
and examine the variables that impact their regional distribution. Similarly, the authors
in [23] examine distinct intercity transportation patterns across different holidays and
evaluate driving factors utilizing geographical and statistical analytic tools, in order to
optimize city hierarchical structure and allocate transportation resources. The authors
in [24] used machine learning and ICT to offer a position prediction system that takes
into account both the spatial and temporal regularity of object movement. The object's
historical trajectory data is utilized to derive personal trajectory patterns in order to
determine possible future placements.

Using Airbnb data, the authors in [25] examine how visitors use local public transit
in connection to the locations they visit. They employ a big data analysis of the factors
influencing tourists' mobility behaviour and use of public transportation in various tour-
ist sites to assess the attractiveness profile of 25 prominent tourist attractions through-
out the world.

In [26], the authors present novel techniques for studying pedestrian mobility aspects
over the whole road network using ICT and study the influence of visitor flows on the
quality of life of locals and maintaining cultural resources. This study was performed
in the city of Venice.

After reading all these publications, it was clear that the amount of behavioural re-
search on tourist mobility has expanded dramatically in recent years all over the world.
However, no study explores the use of mobile phone location data to create spatial or
temporal graphs considering the correlation with rainy weather conditions and big
events.

3 Methodology

The development of this study was conducted by the Cross Industry Standard Process
for Data Mining (CRISP-DM) methodological approach, which is a common approach



for creating data mining projects to lower costs, boost dependability, and manageabil-
ity, making the data mining process more effective [27]. However, for this study, given
the data in question and our main goals, we opted for a different version of this meth-
odology consisting of 4 phases, as shown in Figure 3: 1) Data Understanding; 2) Data
Preparation; 3) Data Integration; and 4) Data Visualisation.

The data was provided by a mobile operator in Lisbon, worked in Python and visu-
alised in Microsoft Power BI.

Data Data Data Data
Understanding Preparation Integration Visualisation

Fig. 3. Development methodology used in this paper.

3.1 Data Understanding

In order to fully understand the potential of our data and how we could optimize the
added value of this study, we meticulously investigated each variable once we had col-
lected the data for our study.

As stated previously, our main goal was understanding mobility patterns in tourists.
To achieve that, the Lisbon City Council provided some data related to the mobility of
people (roaming and non-roaming) in the city of Lisbon based on anonymized mobile
phone data supplied by VVodafone, a British multinational telecommunications com-
pany. The data, which were collected from people who have Vodafone as a mobile
carrier, was anonymized through the removal of all data related to personal information.
To provide a more accurately reflect of the mobility of all the people who circulated in
Lisbon between September 2021 and January 2022, Vodafone extrapolated the data,
resulting in the dataset we have used (VVodafone dataset). This extrapolation was based
on market share of the three operators available in Lisbon.

To get more accurate insights on the mobility of international tourists and how
weather conditions change their mobility patterns, we reached out to the Portuguese
Sea and Atmosphere Institute (IPMA) and requested data on the weather conditions in
Lisbon between the months of September 2021 and February 2022. Therefore, there are
two different datasets (\Vodafone dataset and IPMA dataset), so they are addressed sep-
arately.

The dataset provided by Vodafone was divided into several files in CSV format sep-
arated by months. From this data, we selected 14 variables (see Table 2) and
126 443 863 records in total. As for the number of observations per month, Table 3.

Table 2. Metadata from used variables from the Vodafone dataset.

ID Variable Variable Description
Name

Variable
Type




0 Grid_ID | Number of grid cells — There are 3743 squares of 200 by 200 Nominal
meters in order to cover the metropolitan area of Lisbon

1 Datetime | Time and date of occurrence Datetime

2 C1 Number of distinct mobile phone terminals counted on each Numeric
grid cell — Measured every 5 minutes

3 C2 Number of distinct terminals in roaming counted on each grid Numeric
cell during the 5 minute period — Measured every 5 minutes

4 C3 Number of distinct terminals that remained in the grid cell Numeric
counted at the end of each 5 minute period

5 C4 Number of distinct terminals in roaming that remained in the Numeric
grid cell counted at the end of each 5 minute period

6 C5 Number of distinct terminals entering the grid cell Numeric

7 C6 Terminals leaving the grid cell- These are the distinct termi- Numeric
nals that left the grid cell; the calculation is made using the
previous 5-minute interval as reference, also considering the
crossings of the grid in the same interval

8 C7 Number of entries of distinct terminals, in roaming, in the grid Numeric
cell

9 C8 Number of exits of distinct terminals, in roaming, in the grid Numeric
cell

10 C9 Total number of distinct terminals with active data connection Numeric
in the grid cell — Measurement every 5 minutes

11 C10 Total number of distinct terminals, in roaming, with active Numeric
data connection in the grid cell — Measurement every 5
minutes

12 Cl1 Number of voices calls originating from the grid cell Numeric

13 C12 Number of devices that for 5 minutes enter the 11 street sec- Numeric

tions considered for analysis; for this purpose, a section of
track is considered to be a route with a few km which begins
outside and ends inside the Municipality of Lishon.

Table 3. Number of observations per month (Vodafone dataset).

Month Observation Numbers
September 2021 17 233 318
October 2021 32 627 337
November 2021 21 619 292
December 2021 33 121 658
January 2021 33344 624




3.2  Data Preparation

After acquiring a better understanding of the data, we moved to the second phase, which
consists of four subphases: data selection, data cleaning, resource selection and data
integration. Originally, the Vodafone dataset was spread over several files in CSV for-
mat, each month consisting of four to nine files with the same format. To handle the
data more efficiently on personal computers and to proceed with preparation of the data,
we decided to merge the CSV files by months, rather than compiling all the files pro-
vided into one file. Later, we did the same to the IPMA dataset, which was divided by
months.

Vodafone Dataset

Location data was obtained based on the radio waves that are sent and received by the
telecommunications base station. The mobile network operators immediately save this
data in their log files or memory, in this case Vodafone. When a mobile phone is reg-
istered in a country but used in another one, its user can be seen as a potential tourist,
and the corresponding information, such as the country of origin and location coordi-
nates, are registered as mobile roaming.

In the data selection subphase, the information provided by Vodafone was aggre-
gated over 3743 squares of 200 by 200 meters, with no values of less than 10 devices
reported, and collected in 5-minute periods. The data becomes available after a pro-
cessing period of approximately 45 minutes. This information is very important to study
the mobility of tourists.

In the data cleaning subphase, we discarded missing values and removed duplicate
rows.

In the resource selection subphase, one of the first things we did was selecting the
variables which were not of interest to our goal and removing them from the dataset.
Thus, the original dataset identified in Table 2, was reduced to only a few variables of
interest for our objectives. Subsequently, we created a new dataset with only the mo-
bility data of people in roaming (foreign tourists) from the VVodafone dataset. This was
achieved by keeping only the variables related to people in roaming.

As the goal of our work focuses on the mobility of people, it was also important to
have information about holidays and weekdays/weekends in our dataset. To do this we
have built a function to identify which days there was a holiday. Only holidays on
weekdays have been marked, since at the weekend they do not have much impact on
mobility in general.

To check some events during the different times of the day, a column with distinct
time intervals was also created.

We coupled a grid dataset to the VVodafone dataset to have information about the
parish and latitudes and longitudes of each Grid_ID. From the merge of these datasets,
it was possible to build new columns to facilitate posterior data analysis and visualisa-
tion in Microsoft Power BI. A column with zones of Lisbon was then created, in which
the 24 parishes of Lisbon were grouped into 5 distinct zones according to the adminis-
trative reorganization of the parishes in 2012, namely [28]:
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o North Zone (Green Zone) - Santa Clara, Lumiar, Carnide, Sd0 Domingos de Benfica,
Benfica;

e Western Zone (Yellow Zone) - Alcantara, Ajuda, Belém;

e Center Zone (Orange Zone) - Campolide, Alvalade, Avenidas Novas, Santo Ant6-
nio, Arroios, Areeiro;

o Historic Downtown Area (Purple Zone) - Campo de Ourique, Estrela, Misericordia,
Santa Maria Maior, S8o Vicente, Penha de Franca;

o Eastern Zone (Blue Zone) - Beato, Marvila, Olivais, Parque das Nagoes.

From the variable that represents the TOP10 of country of origin of equipment (mo-

bile phone), by order of representativeness, a split was applied in order to separate the
countries that belonged to that column by distinct columns: TOP1 to TOP10, and then
decreasing from TOP10 to only TOP3 of representativeness of the countries in that
location, so that instead of creating 10 additional columns, only 3 columns were created,
making data manipulation more efficient.
To facilitate the visualisation of the mobility of tourists through the city of Lisbon, the
countries were grouped by territorial zones, except the main nationalities of tourists in
Portugal: Spain, France, Germany and United Kingdom [29]. Three new columns were
then created (zonasnacionalidadel, zonasnacionalidade2 and zonasnacionalidade3),
which represent the TOP1, TOP2 and TOP3, respectively, of different nationality
groups.

IPMA Dataset

IPMA is the national meteorological, seismic, sea and atmospheric organization of Por-
tugal. It generates data about the weather conditions in real time. These data were then
grouped into datasets to be studied and analysed by professionals qualified to know the
weather and its variations, to aid in prediction models, e.g., time series. In this case, the
IPMA data were used to complement the main Vodafone dataset, due to their im-
portance in understanding the mobility pattern of tourists.

To clean this dataset, we discarded missing values, removed duplicate rows, and
deleted all rows which had an observation with the number -99 (Error Code). After that,
we moved to the resource selection subphase, where we eliminated the variables that
were not of interest to our goal and the variables that had no variance. Thus, the original
dataset was reduced to only a few variables of interest (see Table 4), the most relevant
ones being humidity, wind intensity, accumulated precipitation, and temperature.

Table 4. Remaining variables (IPMA Dataset).

ID Variable Name Variable Description Variable Type
0 Day Day of observation Datetime
1 Hour Hour of observation Numeric
2 Month Month of observation Numeric
3 Month_txt Month of observation in text format Nominal
4 Station Station where the data was collected from Nominal
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5 Position Coordinates of the Station Coordinates
6 Humidity Relative Humidity in % Numeric

7 Humidity txt Categorized version of the variable Humidity Categorical
8 WindIntensity Wind intensity Index used by IPMA Ordinal

9 WindlIntensity txt Categorized version of the variable WindIntensity Categorical
10 | WindIntensityKm Wind Intensity in km/h Numeric
11 | PrecAccumulated Accumulated Precipitation in mm Numeric
12 | PrecAccumulated_txt | Categorized version of the variable PrecAccumulated | Categorical
13 | Temperature Temperature in °C Numeric

14 | Temperature_txt Categorized version of the variable Temperature Categorical

3.3 Data Integration

We have created new columns that were the categorical version of our numeric varia-
bles of interest (see Table 5), basing our categories in the metadata from IPMA and the
measuring system of each variable, i.e., name and measurement unit, and created a text
version of the month variable to aid in the visualisation.

Table 5. New categorical variables (IPMA dataset).

Variable Name Categories Scale

Humidity_txt No humidity 0-5 (%)
Low humidity 6-20 (%)
Moderate humidity | 21-60 (%)
High humidity 61-100 (%)

WindIntensity_txt No wind

0-1

(Index used by IPMA | Low wind 1-4

from 0 to 12) Moderate Wind 4-7
Intense wind 7-12

AccPrecipitation_txt | No rain 0-5 (%)
Low rain 6-20 (%)
Moderate rain 21-60 (%)
Abundant rain 61-100 (%)

Temperature_txt Very Cold -5-0 (°C)
Cold 1-20 (°C)
Pleasant 21-28 (°C)
Warm 29-40 (°C)
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4 Results

In this stage, we represented the data in graphical form, as graphs and charts let us
explore and learn more about it, providing a quick way to see trends and patterns in the
mobility of the tourists and to focus on the most important points [30]. Good data vis-
ualisation also makes it easier to communicate our ideas and insights to other people
[30]. With Power Bl we represented each parish and used the data available to visualise
the movement of tourists and to identify major patterns.

41  Overview

As shown in Figure 4, of the four months under review, October had the most tourists.
Therefore, this month was selected for an analysis of the spatial distribution of tourists
in the various periods of the day, as shown in the next figures.

le6

Ne of Turists per Month

0 5 10 15 20 25 30
Day of the Month

Fig. 4. Tourists in Lisbon by day, in millions, during the months of October 2021 to January
2022.

Figure 5 presents an analysis of the parishes frequented by tourists at lunchtime and
afternoon. As shown in the figure, in the lunch hour period, the parishes that tourists
frequent the most are Belém, Alvalade and Parque das Nagdes, whereas in the afternoon
and evening periods, the most visited parishes are Belém, Alvalade and Avenidas No-
vas; finally, during the early morning hours the most frequented parishes are Avenidas



13

Novas, Belém and Arroios (see Figure 5 b)). This is aligned with the suggested places

to eat available from tourist literature, such as TripAdvisor [31].

Figure 6 presents an analysis of the nationalities of the tourists that frequented the

Lisbon parishes at two different periods: night and dawn.

a) % of Tourists by parishes of Lishon at Lunchtime - October 2021
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Fig. 5. Distribution of Lisbon tourists by parishes at lunchtime and afternoon in October 2021.



11,11%

10.14%:

10,98%

14

a) % of Tourists by parishes of Lisbon at Night - October 2021
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®Germany
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b) % of Tourists by parishes of Lisbon at Dawn - October 2021
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@ France
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Fig. 6. Distribution of tourists’ nationalities in Lisbon at night and dawn.

4.2  Case 1 - Mobility Patterns in Different Weather

One interesting case is the influence of tourists’ movements based on weather condi-
tions and the destinations they choose to visit when it is raining or sunny. When we
looked at the tourist’s nationalities, we discovered that during the months of October,
November, and December the most common nationality in Lisbon was Spanish, fol-
lowed by South American, French and Irish and English (see Figure 7). In January 2022
the nationalities remained with similar representations except for the South American
nationality, which had the most representation in Lisbon with an increase of more than

6% over the previous month (see Figure 7, d)).

a) % of Tourists by Nationality - October 2021
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b} 96 of Tourists by Nationality - November 2021
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Fig. 7. Tourists by nationality in Lisbon in October — January 2022.

In Figure 8 we represented tourists’ movements on sunny and rainy weeks. When it is
raining, tourists tend to concentrate in certain places (the historic downtown area, the
airport, near Carnide, where we found a lot of hostels and apartments for rent, and in
the Eastern zone). Tourists tend to stick to monuments, their places of stay and shopping
centres on rainy days (see Figure 8 a)). When it is sunny, rather than concentrating in
some places, tourists tend to spread out more and visit more areas than just the
“hotspots” (see Figure 8 b)). The effects of the weather on the mobility of tourists are
clearly visible in these results.

Rainy Week in December
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Fig. 8. Tourists” mobility on a rainy week in December (a)) vs a sunny week in October (b)).

These heat maps about tourists’ location go from deep blue (high concentration of tourists) to
light blue (low concentration).

4.3  Case 2 — The Effect of Big Events: Web Summit

The Web Summit is an annual technology conference held in Lisbon, Portugal, and the
biggest in Europe [32]. In 2021, while still under the effects of the COVID-19 pan-
demic, the event gathered over 40,000 visitors. This influx of people allowed us to vis-
ualise the impact that the event had in the area where it was held (FIL — Lisbon Inter-
national Fair).

To analyse this, we mapped the movement of roaming users and considered those
who were staying in the same grid for more than 5 minutes when the event was taking
place, putting those results side by side with the remaining days of the month. On the
Web Summit period (1st — 4th November 2021), we were able to register an average of
2852 tourists at any given time in the event area, compared to the 262 for the rest of the

month of November (5th — 30th November 2021). It’s a 987% increase in tourist activ-
ity, Figure 9.
Nogembal: eXCfpt Web Summit
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Fig. 9. Comparison of tourist distribution outside of Web Summit (left) and during the Web
Summit (right).

4.4  Case 3 — Big Events Monitor Process — Case of a Football Game Day

Football tourists are those who travel to attend a football event, usually a game. The
proposed method enables for real-time surveillance of tourist movements around the
city. Since the UEFA Champions League games create big movements of people from
around the world, we tracked 4 major games in Lisbon.

From the four games (UEFA Champion League in Lisbon, Benfica-Barcelona, Ben-
fica-Bayern Munich, Sporting-Besiktas and Sporting-Dortmund) we monitored, we
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chose the one that brought more tourists from a less common nationality (Turkey) to
Lisbon during the course of the study. This aspect allowed us to monitor the football
fans' movements a lot more effectively and clearly than if we had a considerable num-
ber of tourists just visiting the city in general.

As can be seen in Figure 10 a), we were able to identify the time of arrival of the
football fans at Lisbon airport at 9 am on the day of the match (marked in the figure).

During the day, these tourists went mainly to the historic downtown area, arriving
there as 2 pm, as shown in Figure 10 b). Then at the game time, we identify around
5000 tourists from Turkey at the Sporting stadium, as shown in Figure 10 c). After the
game, since there are no flights, they returned to the historic downtown area (Figure
10 d)), and in the next day, around 9 am, they went back to the airport to depart from
Lisbon (Figure 10 e)). This case highlights the importance of this analysis for parishes
to understand tourists’ movements and to better manage big events.

Lisbon airport /
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Fig. 10. Turkish tourist’s movements during the football match in Lisbon, a) to d) represents the
match day and e) the day after when they left the country.

Also for authorities can be useful to monitor football away fans activity to prevent
confrontations between them and the local fans. Unfortonately a common event.

45  Case 4 — The Effect of Events — Shopping Activity

Shopping activity can be monitored using the communication antennas that cover a
shopping mall. The number of tourist visitors is useful information for authorities and
store owners. Visit patterns and abnormal behaviour during promotion days (e.g., dur-
ing Black Friday) are examples of useful information that can be extracted from the
data. We can check where tourists shop more and see if the promotions influence their
behaviour. The data collected shows this influence, and it is possible to witness this
behaviour based on the nationality. Figure 11 and Figure 12 show this effect and the
main places where tourists’ shop. Promotions increase concentration in shopping areas,
even for tourists.

Outside of Black Friday During Black Friday
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Fig. 11. Effect of Black Friday in Colombo Mall.
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Outside of Black Friday During Black Friday

Fig. 12. Effect of Black Friday in Vasco da Gama Mall.

5 Conclusions

This work presented an analysis of Lisbon tourists' mobility patterns, allowing decision
makers to perform better and more efficient decisions considering the dashboards. Mo-
bile operators' availability on the market enables the representation of a city's popula-
tion. The approach described in this paper can be replicated to other cities using similar
mobile phone location data. From the provided data visualisation, it is possible to see
that tourists visit the central, historic downtown district and travel to the interesting
coastal regions.

Our strategy began with data cleaning and processing created in Python, followed
by data visualisation created in Microsoft Power Bl in the form of maps and dashboards.
It is possible to replicate this in other locations, and it is a useful tool for city manage-
ment authorities to comprehend tourist concentrations and movements and modify fa-
cilities and processes.

The research presented in this paper provides comprehension of tourist patterns and
movements as they relate to events, weather, and nationality. Results demonstrate that
tourists are deterred from exploring the city attractions by the rain. They frequently stay
in "hotspots" like the city's centre and historic downtown, where they may visit attrac-
tions like museums and shopping centres or simply relax in the comfort of their accom-
modations. When its sunny, tourists behave differently, spreading out more throughout
the city and stopping in more places. Major international events draw a lot of tourists
to the host city and particularly the neighbourhood.

Public policy must consider the spatial spread of urban tourism. In locations with a
high concentration of tourists, local authorities should take measures to improve the
tourist experience, such as setting up new tourist information centres, constructing pe-
destrian-only lanes, extending walkways, or expanding the availability of public spaces
with free Wi-Fi hotspots. The real time insight supplied by current developed work may
enable local authorities to understand the peoples’ movements to improve both the vis-
itors and the local inhabitants experience, as well as to generate security alerts in case
of harmful concentrations in major events.
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Another critical topic is the modelling of tourist behaviour, which might be done in
future research with a time-series analysis. This research can also be improved by in-
cluding an anonymous ID in the data to track actual human mobility patterns, allowing
researchers to determine the most frequently utilized city entrances and exits, design
decongestion tactics, and understand the affluence of people at bus terminals. This
study could be improved by having more months of data to compare tourist mobility
and patterns by season.
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