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The advent of connected devices, such as smartphones, has had a transformative impact on the landscape of
recent years. Once privacy concerns have been addressed, data can be handled and analysed in a proficient
manner to gain insights into patterns and movements, thereby influencing urban policies. It is likely that mobility
and transport-related topics have been the subject of the most extensive investigation in the field of cell phone
big data. While the topic of commuting patterns has been extensively researched by numerous authors, there is a
paucity of literature on the monitoring of attendance during major motorsport events. Despite the predictability
of crowding (tickets are sold in advance and the schedule is fixed and rigid), multiday motorsport events are
disruptive in terms of traffic, overcrowding and uneasiness for hosting cities. This paper aims to address the
aforementioned gap by presenting a case study of monitoring attendance during the Formula One Emilia-
Romagna and Made in Italy Grand Prix, held in Imola, Italy, from 22nd to 24th April 2022. The results
demonstrated the potential of data to inform the prediction of mobility choices and the planning of appropriate
mobility-related policies, with the aim of reducing the impact of future events. This represents a significant

challenge for public administrations and stakeholders.

1. Introduction

The pervasive presence of connected IoT sensors and devices in
urban environments affords private and public authorities the oppor-
tunity to collect and process data, thereby enhancing policies in a range
of fields (Balduini et al., 2019), such as road safety (Battistini et al.,
2023; Ghasemi et al., 2020; Kontaxi et al., 2021; Mohammadi et al.,
2019; Warren et al., 2019) and transport-related issues, e.g., reduction
of congestion and parking policies (Neilson et al., 2019; Xiao & Lou,
2018). The term big data is typically used to describe this source of in-
formation. The term can be applied to a variety of data types, including
GPS traces (Battistini et al., 2022; Liguori et al., 2017; Shoman et al.,
2023), traffic loop records, naturalistic driving data (NDD) (Carneiro
Pereira & Prevedouros, 2022), Bluetooth traces, and social media con-
tents. A specific typology of big data is related to mobile phone records.
Such data is automatically recorded by telecommunications operators
for the purposes of billing, management and network maintenance (H.
Huang et al., 2021; Steenbruggen et al., 2015). Data from mobile phone
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network can be categorized into two typologies, depending on their
generative process (Calabrese et al., 2015; Chin et al., 2019; H. Huang
et al., 2021; Sadeghvaziri et al., 2016; Wang & Chen, 2018a, 2018b) and
their spatiotemporal resolution (Bonnetain et al., 2019). Event-driven
data are generated in response to specific events, such as a call, a
SMS, or an Internet access, while network-driven data result from the
continuous interaction between a connected device (e.g., a smartphone)
and the telecommunications network, independently from any user-
conscious actions. It can be argued that the latter typology is denser
than the former, both in terms of space and time, although the coverage
area may be affected by the surrounding environment. As observed by
Chin et al. (2019), in non-urban contexts, the coverage area is typically
wider, which may result in a less precise spatial resolution and subse-
quent localization process. In general, the production of ubiquitous,
geographically and temporally referenced information amounts to bil-
lions of records per individual user on a daily basis (Chin et al., 2019).
The potential drawbacks and limitations of this pervasive technology
have been matter of research (M. Chen et al., 2014; Nalin et al., 2024;
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Neilson et al., 2019; Parsafard et al.,, 2019; Pozdnukov & Waddell,
2016), and such factors may impact the analysis and interpretation of
results if the validation process is not properly addressed (Fekih et al.,
2021). Among others, the main discussions are related to the form of
data, specifically that big data is typically unstructured (Gandomi &
Haider, 2015), the integration with other source of data (Yang et al.,
2020), either official (Ricciato et al., 2017) or not, the presence of data
noise (Scannapieco et al., 2013) and the ping-pong effect (Fiadino et al.,
2012; Zahedi & Shafahi, 2018). Nevertheless, mobile phone data is
widely acknowledged as a valuable resource for gaining insight into how
individuals behave in terms of mobility, consumption and environ-
mental impacts. It offers a more comprehensive understanding of urban
phenomena than traditional survey methods, such as travel surveys,
which often have limited scope (Caceres et al., 2020; Calabrese et al.,
2015; Cik & Fellendorf, 2019). Furthermore, major events offer case
studies due to their capacity to attract considerable numbers of people.
While some of these, such as the Olympic Games and FIFA World Cup
venues, have been subjected to detailed analysis in terms of spectator
flows, recurring multi-day motorsport events such as MotoGP or For-
mula One (F1) venues have not been analysed yet. Formula One (F1) is
the most renowned single-seater car motorsport category (Gerard-
Reimer, 2020), and each team competes with two drivers racing two cars
(Aversa et al., 2015), in a growing environmental-aware championship
(Mourao, 2018). From the spectators’ point of view, as demonstrated
elsewhere (Mastromarco & Runkel, 2009), technological changes affect
the competitive balance. The mentioned changes can therefore influence
the satisfaction of fans (Schneiders & Rocha, 2022) and the number of
attendants at the venues.

In light of the aforementioned premises, the objective of this paper is
to illustrate the capacity of mobile phone data to identify attendees at a
multi-day, recurring event held annually, such as a F1 race weekend,
and to discern their behaviours. The results will be of interest to those
responsible for the planning and organisation of transport services for
participants, with the aim of minimising disruption to the transport
network and services. Given that the majority of F1 venues are situated
in urban or peri-urban settings, this is a matter of particular significance.
In contrast, F1 venues situated in non-urban or rural locations have been
subject to criticism for lacking convenient access to essential facilities,
leading to their replacement by alternative venues in urban areas. A
comprehensive examination of the behaviours exhibited during the
2022 F1 Grand Prix held in Imola, Italy, will be conducted through the
utilisation of a set of cell phone data from one of three principal mobile
phone operators within the Italian market. The paper is organized as
follows: Section 2 will provide a literature review about mobile phone
data applications. In Section 3 a brief overview of case study context (i.
e., Imola circuit and the schedule of the F1 weekend) is drawn. In Sec-
tion 4, applied methodology will be described. In Section 5, a detailed
overview of results will be presented, and it will be discussed in Section
6. Section 7 contains conclusions with possible future research streams.

2. Literature review

Several applications of mobile phone data can be identified across a
diverse range of fields. In general, mobile phone data was able to trigger
new research streams in several fields, as it enabled new methodological
approaches in studying the behaviours of people, either visualized as the
space-time prism or the space-time cube (Thevenin & Vuidel, 2021).
Such applications include disaster response and recovery (Yabe et al.,
2022), urban vibrancy detection (Zhang et al., 2021), the analysis of
mobility patterns (Wang et al., 2017; Yang et al., 2020) with different
levels of regularity (Wang & Chen, 2018a), the distribution of people in
relation to urban points of interest (H. Chen et al., 2021) and activity
patterns (Widhalm et al., 2015; Zahedi & Shafahi, 2018), and the cor-
relation analysis of tourism and transportation facilities (Qian et al.,
2021). It can be argued that the field of mobility-related research rep-
resents the most extensively investigated area of cell phone data
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applications, considering the ability of predicting and modelling
mobility patterns (Pozdnukov & Waddell, 2016). COVID-19 outbreak
was a turning point, as mobile phone data has been considered a valid
tool to trace people behaviours and hence the virus spread
(Hasselwander et al., 2021). The research interest on mobility has
concentrated on commuting patterns at both the macro level (Caceres
et al., 2007; Doyle et al., 2014; Fekih et al., 2021; Hadachi et al., 2020)
and the urban level (Sevtsuk & Ratti, 2010), with some focuses on route
choice behaviour modelling (Bwambale et al., 2019). Furthermore, the
topics of identifying the mode of transport and the multimodal itiner-
aries have been introduced as a subject for investigation (Berlingerio
etal., 2013; Bonnetain et al., 2019; H. Huang et al., 2019; Wischer et al.,
2023), with a focus on collective means of transportation (Demissie
et al., 2016; Ma et al., 2018). Moreover, as Z. Huang et al. (2018)
observed, some research has focused on the integration of disparate data
sources to facilitate the study of human space-time activity patterns,
such as GPS phone data (Afandizadeh Zargari et al., 2021; Sadeghvaziri
et al., 2016).

The use of mobile phone data records in monitoring pre- and post-
event flows, is evidenced by a body of existing literature including
cultural, musical, and sporting events (Altin et al., 2022; Bao et al.,
2023; Calabrese et al., 2010; Cik et al., 2017; Mamei & Colonna, 2016;
Marques-Neto et al., 2018). With specific regards to sport events, the
majority of attention has been focused on recurring events, such as
soccer matches during the regular season of championships, or major
events, such as the Olympics (Gonzalez et al., 2017; Pintér & Felde,
2021; Ponieman et al., 2015; Xavier et al., 2012). This is due to the fact
that the legacies and impacts of similar events are typically considered
by analysts and administrators. A further area of potential interest is the
examination of other major sporting events, such as motor racing Grand
Prixes (GPs), with a particular focus on Formula One (F1) venues. It is
beyond doubt that they can be classified as major sport events
(Chamberlain et al., 2019; Kim et al., 2017; Lefebvre & Roult, 2013;
McCartney, 2005; Miiller, 2015; Roult et al., 2020; Smith, 2012), and
that the organisational phase of a GP is a matter of concern for public
authorities and administrators (Gezici & Er, 2014; Lefebvre & Roult,
2013; Liu & Gratton, 2010; Lowes, 2018; Mourao, 2017), as they seek to
be competitive against competing candidate venues (Lefebvre & Roult,
2011). Analyses about economic legacies have been conducted in both
European and non-European countries (Fairley et al., 2011; Kim et al.,
2017; Storm et al., 2019). In addition, it is important to consider other
aspects of major motorsport events that have been identified in the
literature. These include the rules and procedures that privatise the
urban space several days before the race (Roult et al., 2020) and the
number of non-resident individuals involved, either directly or indi-
rectly. These include spectators, visitors, members of the press, mar-
keting personnel and members of the competing teams.

A general observation arising from the literature review is that
research about F1 GPs has identified social and economic aspects of
venues, whereas the analysis of mobility patterns of spectators remains
an untapped area of investigation. The involvement of thousands of
people is the most tangible and intuitive evidence of a racing weekend,
and this is the only significant similarity with other major sporting
events. However, while events such as the Olympics and the FIFA World
Cup are regarded as ’once-in-a-lifetime events’ (Ramasamy et al., 2020)
and the transportation supply at hosting locations is usually addressed
(Pereira, 2018), F1 GPs are recurrent events. Consequently, F1 venues
represent a notable case study in terms of crowd monitoring, given that
they are typically held on an annual basis. This implies that the event
itself can have a disruptive effect on the transportation network
(Kwoczek et al., 2014; Leilei et al., 2012), even if for a short period
(typically less than a full week). However, externalities can be
adequately assessed in preparation for the subsequent event
(McCullough et al., 2020; Preuss, 2006).
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3. Context description

A typical Formula One (F1) weekend is characterised by several
competitive events. Some free practice sessions are held on Fridays and
Saturdays. During the free practice sessions, the drivers are permitted to
test the set-ups and additional mechanical or aerodynamic variations.
On Saturday afternoons, drivers compete to obtain the fastest laps and
the pole position during the qualifying session, which determines the
race starting grid. In 2021, an additional short race (lasting 100 km) was
introduced on some weekends, called *Sprint’ race. The main race takes
place on Sunday afternoons. Collateral categories, such as Formula 2
(F2), Formula 3 (F3) and Porsche SuperCup, are held during F1 week-
ends. The schedule of the agonistic events is reported in Table 1. For the
first time, the ‘Sprint’ race was held in Imola, so the traditional agonistic
activity was rearranged. Consequently, Friday became an appealing
agonistic day due to the modified programme. Furthermore, the
schedule for the qualifying session on Friday (17:00-18:00 local time)
was modified to optimise television audience and attendance by spec-
tators on weekdays. With regard to weather conditions, Friday and
Saturday were characterised by rainfall, while Sunday was characterised
by sunshine. The abovementioned details are useful for the results’
interpretation, so they will be recalled in Section 5.

Imola was the first European venue and the fourth in general in 2022
F1 calendar. The racetrack was constructed in the 1950 s and has hosted
F1 races since the 1980 s. Following the tragic events of the 1994 racing
weekend, during which Roland Ratzenberger and Ayrton Senna lost
their lives during the qualifying session and race respectively, the track
layout was significantly altered to enhance safety. Following a 15-year
hiatus, the F1 returned to Imola in 2020. The Imola racetrack is ho-
mologated by the FIA as a first-category circuit and has achieved the
third “three star” level of the FIA Environmental Accreditation Program.
The Autodromo (see Fig. 1) has permanent stands with a capacity of
35,000 spectators and some large lawn areas. In addition, during major
events, the installation of additional stands is planned. Fig. 1 shows the
study area and the location of the grandstands around the racetrack. The
circuit is located in close proximity to the city centre of Imola. Conse-
quently, the F1 venue may be considered an urban event, and several
traffic control measures have been implemented to mitigate the impact
of the event on local traffic, including temporal traffic closures and the

Table 1
Schedule of Gran Premio del Made in Italy e dell’Emilia-Romagna.
Friday (22/4/2022)
Time Event
9:55-10:40 F3 practice session
11:05-11:50 F2 practice session
13:30-14:30 F1 first practice session
15:00-15:30 F3 qualifying session
15:55-16:25 F2 qualifying session
17:00-18:00 F1 qualifying session*
18:30-19:15 Porsche SuperCup practice session*

*: Due to bad weather, this session was delayed

Saturday (23/4/2022)

Time Event

10:35-11:20 F3 sprint race

12:30-13:30 F1 second practice session
14:00-14:30 Porsche SuperCup qualifying session
16:30-17:00 F1 sprint race

17:55-18:45 F2 sprint race

Sunday (24/4/2022)

Time Event

8:50-9:40 F3 feature race

10:20-11:25 F2 feature race

12:05-12:40 Porsche SuperCup race

13:00-13:30 F1 drivers’ parade

14:44-14:48 National Italian anthem; Frecce Tricolori flight over
15:00-17:00 F1 race, followed by podium ceremony
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pedestrianization of the city centre (Comune di Imola, 2022b).
Furthermore, temporary parking areas have been realized in the prox-
imity of the racetrack (Comune di Imola, 2022a).

4. Materials and methods

The analysis was based on data provided by Vodafone Italia, one of
the three main mobile phone operators in Italian market. With regards to
the data typology, they could be ascribed among the network-driven
events mentioned in Section 1. According to AGCOM, the Italian au-
thority for the communication, the monitored sample consisted in 20
million SIMs (Subscriber Identity Module) approximately, which cor-
responds to one third of Italian population, and foreign users when are
roaming-connected to Vodafone Italia network. The data processing is in
full compliance with the national legislation on data protection and the
provisions of the GDPR regulation. The workflow steps of analysis are
presented in Fig. 2.

In general, telecommunications analytics are based on network logs,
which are records of the position of mobile phones in relation to the
antennas to which they are connected. The objective is therefore to
assign the user to a known location, and different techniques are
available (Calabrese et al., 2015). The antennas are georeferenced and
provide one or more coverage areas. With regard to the technical aspects
of this analysis, further details are provided in Table 2.

It is important to note that the coverages typically overlap to avoid
areas that are not adequately covered and are optimized using simula-
tion software that can estimate ideal coverage areas through the use of
heuristics. In order to pursue the scope of this analysis and to best render
the attendants’ behaviours, the antennas reported in Table 2 were
classified in accordance with their position and coverage areas. The
classification was as follows: (a) some antennas covered the effective
circuit area, (b) some antennas located within Imola have been used to
distinguish between resident and non-resident spectators, (c) the an-
tennas located outside Imola have been employed to detect the prove-
nance of visitors. Prior to proceeding, a pre-processing phase was
completed in order to manage the hysteresis cycles, which have the
potential to affect the final estimation of location. Moreover, to prevent
erroneous redundancy (e.g., double counting) or misleading estimates,
non-mobile phone SIMs, such as those used for the Internet of Things
(IoT), have been excluded from the dataset. With regard to Fig. 1 and
Table 2, it is noteworthy that the circuit was covered by the permanent
telecom network, and no additional supporting antennas were installed.
This limitation of the study design precludes the possibility of splitting
the study area into smaller partitions, such as the main entrances and
grandstands.

It is therefore necessary to consider the reported value as an aggre-
gated figure. Although this approach may result in the loss of informa-
tion regarding the detailed mobility patterns of spectators, it allows for
the delineation of homogeneous groups that are sufficiently large to
avoid being masked due to privacy and time thresholds. The processed
data are of high resolution in both space and time and pertain to in-
teractions conducted via the Packet Switch (PS) protocol. The protocol
allows for the collection of data at an average frequency of between two
and three minutes per user per day, which equates to approximately 40
million records per minute. PS logs can be utilised to ascertain certain
information, including the unique user ID, which is inherently anony-
mised, the timestamp, and the unique antenna ID. The interactions can
be classified into three principal categories: single and georeferenced
records, which are captured in real time and originate from the traffic
between cell phones and the network; data usage by cell phones; and
other types of events that are not included in the aforementioned cate-
gories. Prior to undergoing processing, the data underwent irreversible
anonymisation and aggregation. Following the anonymisation and ag-
gregation of the datasets, they were expanded to the entire population
through the use of an inferential model and appropriate calibration al-
gorithms. The algorithms took into account a number of factors,
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Fig. 1. Grandstand location map. Own elaboration.
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Fig. 2. Analysis workflow.

Table 2
Main details about mobile phone network coverage in the study area (Imola +
Autodromo).

Technology Number of masts Number of antennas Average radius (m)
2G 21 53 720 m
4G 36 207 650 m

including the market share of the operator (i.e., local by place and age
class; national for foreign SIMs that are roaming on the network; by
business or consumer SIM type) and socio-demographic characteristics
of users (i.e., official statistics such as the National Statistics Institute-
—ISTAT census data). The data allowed for the identification of analo-
gous and homogeneous mobility behaviours, thus facilitating the
construction of user profiles. A significant variable is the minimum
temporal threshold above which a mobile phone user detected within a
given area can be classified as an event attendee or not. This parameter
has the potential to influence all subsequent analyses, as it determines
the distinction between individuals who should be considered event
attendees and those who should be considered passers-by. The following
sections provide a concise overview of the configurations utilized during
the analysis.

4.1. Attendance

The principal objective of the analysis was to monitor all individuals
present at the event, including spectators, personnel and members of the
press, within the designated study area. The attendance analysis
permitted an investigation of users’ behaviours with respect to the dy-
namics of their participation, including arrival and departure times and
the time spent at the event. Furthermore, the analysis permitted an
investigation of the geographical origins of users, which were cat-
egorised as either national or international. The time threshold was set
at 60 min of consecutive time spent within the analysed area, namely the
circuit. Individuals who did not meet the minimum 60-minute threshold
within the defined area were excluded from the dataset.

4.2. Origin

The analysis provided an overview of the attendees’ origin and
revealed the international and national scale of the event. With regard to
Italians, a retrospective analysis of the 12 months preceding the event
was conducted to ascertain the location where each user had spent the
majority of their nights. This resulted in a precise, yet anonymised,
indication of the places where the spectators had previously resided. It
should be noted that this does not necessarily correspond to the regis-
tered residence. Consequently, it represents a valuable and ground-truth
information source for studying, for instance, the distance an attendee is
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willing to travel to participate in the event. Foreign nationals are allo-
cated to a specific country based on the Mobile Country Code (MCC) of
their SIM cards, which constitutes part of the metadata available when
they connect to the Vodafone Italia network. Moreover, this analysis
permitted the distinction between residents of Imola and other users
who were categorised as tourists, defined as individuals who spent at
least one night within the study area. To include spectators who did not
spend any night within the study area and, therefore, could not be
labelled as residents nor tourists, a new category, that of daily visitors,
was introduced. This classification was the only feasible option avail-
able, given the lack of additional data that could be used to distinguish
between fans, media reporters, and teams’ workers. Additionally, as a
preliminary constraint, analyses were conducted using a single day as
the time reference, which prevented the investigation of individuals who
attended more than one day.

4.3. Arrival and departure

The analysis of arrivals and departures is designed to provide insights
into the general attractiveness of the event and the dynamics of inflow
and outflow. The result of this analysis is a distribution of arrival and
departure times, classified into 30-minute slots and divided according to
the profiles of users, including residents and tourists. This classification
is in accordance with the definitions set forth in Section 4.2. Users were
allocated a specific time slot for arrival and departure based on the
single first or last moment in which they were registered in the area,
respectively.

4.4. Dwell time

The dwell time analysis was developed as a method for further
examining the appeal of the event and its success. The result was a
distribution of several dwell times. The initial category of dwell time,
which spans a duration of between one and four hours, was deemed
appropriate for the identification of attendees at F1 events. The second
category, which lasts between four and six hours, was designed to
identify individuals who arrived at the event with significant advance
notice and thus attended prior events. The third category, which lasts
between six and eight hours, was designed to identify attendees who
participated in most the event’s activities. The fourth category, which
lasts for more than eight hours, was designed to identify attendees who
participated in the entire event as spectators or insiders. This category
includes members of the event’s organising crew, journalists, and other
relevant personnel.

5. Results

The diverse range of metrics and aggregation techniques employed
in the analysis of the dataset permitted the generation of a variety of
analyses. The following paragraphs will present the main results, de-
tailing the trends and offering a comprehensive overview of attendance,
arrival, departure and dwell times at the circuit, with respect to the
schedule reported in Table 1.

5.1. Trends in attendance

Overall presences are reported in Fig. 3 and accounted on Friday
36,000 people, 61,000 on Saturday and 89,000 on Sunday, totalling
186,000 spectators, while Fig. 4 reports the cumulative attendant
amount. It is worth noting that, while the previous sums all the at-
tendees, both spectators and workers, and could be considered as the
sum of all those who have been detected for at least 60 min within the
study area, the latter should be interpreted as the ‘effective’ presence per
each time slot (i.e., sum of arrivals and departures per each 30-minutes
interval, as described in Section 4.3). According to the analysis by
spectator categories in Fig. 3, “Inhabitant” labelled spectators amounted
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13 % of the overall crowd and they attended as follow: 7,430 people on
Friday (21 %), 8,602 on Saturday (14 %) and 8,520 on Sunday (9.5 %).
Unlike inhabitants, presences labelled as ‘tourists’ and ‘daily visitors’,
grew with a higher increasing rate. With regards to Fig. 4, a noteworthy
overlap in trends could be detected on Saturday and Sunday until early
afternoon, while the Sunday drop at 16:30-17:00 time slot should be
interpreted as the end of race.
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Fig. 5. Arrival time at circuit; spectators’ profile-Friday.
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5.2. Overview of arrival time at circuit

Fig. 5 shows the arrival time detailed by day, spectators’ profile and
time slots on Friday. On the first day of agonistic activities, the most—
frequented time slots were 11:30-12:00 (2,055 users, 90 min before the
start of F1 free practice session), followed by the slot 9:30-10:00 (2,036
users, during the F3 free practice session) and 9:00-9:30 (1,987 users,
time slot without any scheduled agonistic activity). On Saturday the
most frequented slots were 10:00-10:30 (4,421; just before the F3 Sprint
Race start), 10:30-11:00 (4,364; during the F3 Sprint Race) and
9:30-10:00 (4,109; time slot with no agonistic activity) (Fig. 6). On
Sunday the three slots with the most entries were 10:00-10:30 (6,687;
just before the start of F2 Feature Race), 11:00-11:30 (6,418; end of F2
Feature Race) and 9:30-10:00 (6,278; during the F3 Sprint Race)
(Fig. 7).

5.3. Overview of departure time at circuit

On Friday time slots with the highest value of registered users were
19:00-19:30 (5,731; during the Porsche SuperCup free practice session)
and 18:30-19:00 (5,553; after the F1 qualifying session, which ended
late due to some suspensions) (Fig. 8).

On Saturday the most-frequented time slots were 17:00-17:30
(10,877; at the end of the ‘Sprint’ race, lasted just 30 min and won by
Red Bull driver Max Verstappen followed by Charles Leclerc on Ferrari
and Sergio Perez on Red Bull), 17:30-18:00 (8,723; in the immediate
vicinity of the F2 Sprint Race start) and 18:30-19:00 (7,076; at the end
of F2 Sprint Race) (Fig. 9). With details on attendant profile, 22 % of
‘daily’ spectators (5,530) left the track at the end of the F1 ‘Sprint’ race,
while another 2,914 left during the 18:30-19:00 time slot. Similar
attitude, albeit with different proportions, was detected for ‘tourists’:
4,541 (15 % of the total) left at the end of the F1 ‘Sprint’ race and 3,864
during the 18:30-19:00 time slot. On the other hand, there has been a
significant drop in departures in the 18:00-18:30 time slot, corre-
sponding to the F2 Sprint race. With detail on the geographical origin,
adding the ‘inhabitants’ and Italian profiles, the most-frequented time
slot was 17:00-17:30 (8,275), followed by 17:30-18:00 (6,697) and
18:30-19:00 (4,897). Similar trend for “foreigners”: 2,602 departures in
the 17:00-17:30 range, 2,179 in the 18: 30-19:00 range and 2,026 in the
17:30-18:00 range. Sunday outflows was reported in Fig. 10. Timeslots
with the highest number of departures from the track were 17:00-17:30
(16,219, after the end of the F1 race and the podium ceremony), fol-
lowed by 16:30-17:00 (13,732, immediately after the chequered flag)
and 17:30-18:00 (9,432). Focusing on Fig. 11, which highlights the time
slots during the race, and considering the sum of ‘inhabitants’ and
Italians profiles, which could be supposed to support Ferrari in majority,
the time slot 17:00-17:30 counted 13,243 departures, while
16:30-17:00 slot 11,145. In addition, an increase in departures was
detected during the time span 16:00-16:30, when the Ferrari’s driver

«=@==Daily Inhabitants Tourists Total

5000
4500
4000

2000 o— —o—o

1500 “ \’V\

1000 -

500 Tt

0 =

D D DN @

Fig. 6. Arrival time at circuit; spectators’ profile-Saturday.
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Fig. 7. Arrival time at circuit; spectators’ profile-Sunday.
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Fig. 9. Departures from at circuit; spectators’ profile-Saturday.

Charles Leclerc crashed.

5.4. Dwell time at circuit

Dwell time analysis can offer some prospects about the attendance
preferences, the willingness to staying within the circuit and the ‘loy-
alty’ of spectators to the agonistic events, which can be used to mar-
keting purposes (e.g., merchandising, collateral events such as fan zone
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Fig. 10. Departures from at circuit; spectators’ profile-Sunday.
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Fig. 11. Departures from circuit; focus on as-supposed Ferrari’s fans-Sunday.

sizing and placement, etc.). Even if these topics are not related to the
main focus of the paper, an overview of dwell time will be briefly re-
ported as follow. By computing dwell time with arrival and departure
time, different thresholds were applied (Table 3): 1to4h;4to6h;6to 8
h; More than 8 h. Time classes are described in Section 4.4.

In detail, on Friday, 15,423 spectators (equal to 43 % of the pres-
ences registered on the day) attended the racetrack for at least 8 h.
Despite the working day, 4,320 ‘inhabitants’ (58 % of the global number
for this profile) remained in the circuit for at least 8 h. As regards the
geographical origin, foreigners (‘daily’ + ‘tourists’) remained in the

Table 3
Dwell time comparison with regards to day and spectators’ profile.

Friday (22/4/2022)

Dwelltime  Daily Inhabitants Tourists Total

1-4h 4,276 (45 %) 1,930 (20 %) 3,302 (35 %) 9,508 (100 %)
4-6h 2,573 (56 %) 538 (12 %) 1,493 (32 %) 4,604 (100 %)
6-8h 3,326 (55 %) 643 (11 %) 2,055 (34 %) 6,024 (100 %)
>8h 3,624 (23 %) 4,320 (29 %) 7,479 (48 %) 15,423 (100 %)

Saturday (23/4/2022)

Dwelltime  Daily Inhabitants Tourists Total

1-4h 7,219 (43 %) 2,347 (14 %) 7,205 (43 %) 16,771 (100 %)
4-6h 4,315 (45 %) 696 (7 %) 4,772 (48 %) 9,783 (100 %)
6-8h 5,573 (46 %) 850 (7 %) 5,654 (47 %) 12,077 (100 %)
>8h 6,974 (31 %) 4,709 (21 %) 11,097 (49 %) 22,780 (100 %)
Sunday (24/4/2022)

Dwelltime  Daily Inhabitants Tourists Total

1-4h 11,203 (39 %) 2,347 (8 %) 15,331 (53 %) 28,881 (100 %)
4-6h 6,921 (40 %) 758 (4 %) 9,557 (56 %) 17,236 (100 %)
6-8h 6,792 (38 %) 787 (4 %) 10,301 (58 %) 17,880 (100 %)

>8h 6,595 (26 %) 4,627 (18 %) 13,992 (56 %) 25,214 (100 %)

Case Studies on Transport Policy 18 (2024) 101287

racetrack in proportion more than Italians: 45 % for at least 8 h
compared to 35 % of Italians. It should be noted that on Friday, due to
the prohibitive weather conditions, the F2 free practice session was
cancelled, therefore the most assiduous spectators suffered a long
interruption from 10:40 (end of F3 free practice session) at 13:30 (start
of first F1 free practice session). With regards to Saturday, spectators
who spent at least 8 h in the circuit were 22,780, equal to 37 % of the
total recorded on the day; one out of two (11,097) was ‘tourist’, while
just under one out of four (6,974) was ‘daily’. As regards the
geographical origin, 34 % of Italians against 32 % of foreigners spent at
least 8 h in the racetrack. On Sunday, 28,881 spectators attended the
activity on the track for a period of time between one hour and four
hours (32 % of the total) against 25,214 assiduous (28 %). compared to
the other days, spectators of this time interval constituted 26 % of the
total on Friday and 27 % on Saturday. However, the values are uneven if
we consider the ‘daily’ and ‘tourists’ profiles for Italians and foreigners.
Overall, ‘tourists’ foreigners, as an absolute value ten times the ‘daily’
foreigners, attended a period of time including between one hour and
four hours were 7,276 (39 % of the total for the day), while ‘daily’
Italians who remained at the racetrack for a period of time between one
hour and four hours were 10,133 (34 % of the total).

5.5. Origin of attendance

Italian attendance over the weekend was 141,105 spectators (24,844
on Friday, 45,332 on Saturday and 70,929 on Sunday). Analysing the
origin by place, spectators from Emilia-Romagna constituted the largest
group (59,747 in the three days, 42 % of the total), followed by Lom-
bardy (16,060), Veneto (10,406), Lazio (9,556) and Tuscany (8,544).
With regards to provinces, Bologna counted 37,374 spectators over the
three days (of which 24,552 ‘inhabitants’) equal to 62 % of the people
coming from Emilia-Romagna region and 26 % of Italians. The
following provinces were Rome (7,081), Modena (6,101), Milan (5,971)
and Ravenna (5,937). The other provinces of Emilia-Romagna totalled
22,373 spectators as follows: 2,841 Reggio Emilia, 2,414 Forli-Cesena,
1,959 Ferrara, 1,819 Parma, 894 Rimini, 408 Piacenza respectively.
With details of foreigners, 45,073 presences were recorded in the three
days of competitions (10,701 on Friday, 16,083 on Saturday and 18,289
on Sunday). Table 4 shows the most-represented countries with regards
to agonistic day, while choropleth map in Fig. 12 highlights the total
number of foreign spectators.

6. Discussion

A noteworthy relation between in- and outflows and the schedule of
the weekend reported in Table 1 was identified. Furthermore, a com-
parison of the number of attendees revealed a discernible but predict-
able upward trend. Additionally, dwell time analysis revealed several
key insights into the behaviour of attendees and the appeal of the event.
In general, the number of attendees on Friday and Saturday was lower
than on Sunday, but those who did attend were more assiduous (i.e.,
they spent a greater amount of time at the event), while on Sunday the
audience was larger but less attentive. With regard to Sunday, the dwell

Table 4
Most-represented countries with regards to day.

Country Friday (22/4/ Saturday (23/4/ Sunday (24/4/ Total
2022) 2022) 2022)

United 2,971 3,572 3,917 10,460
Kingdom

The 1,392 2,054 2,199 5,645
Netherlands

Germany 1,167 1,565 1,685 4,417

France 581 864 1,008 2,453

Spain 508 859 912 2,279

USA 317 792 1,066 2,175




A. Nalin et al.

Most-represented countries
(Number of spectators)

[J19-32
[132-100

[ 100- 320
[ 320 - 1000
[ 1000 - 3200
[ 3200 - 10000
I 10000 - 10460

Case Studies on Transport Policy 18 (2024) 101287

Fig. 12. Most-represented countries (zoom: European countries). Own elaboration.

time was found to be proportionately lower than on the other days.
Indeed, the proportion of spectators who attended solely the F1 race was
considerably higher than on other days. This finding is consistent with
previous research efforts (Hall et al., 2010), as the joint analysis of
arrival, departure and dwell time revealed the presence of a group of
loyal fans. As they are expected to maximise the time spent at the venue
location, they have specific transportation needs (Martins et al., 2022),
such as early and late collective transportation services, secure and
accessible parking lots, multi-day fares for public transportation.

A detailed examination of the arrival times at the circuit reveals a
symmetry throughout the weekend, despite the varying schedule of the
competitive sessions. The majority of spectators arrived at the circuit
within the first half of the day, even on Sunday when the weekend’s
main event (i.e., the F1 race) was scheduled for 3p.m. This finding is
consistent with the trends observed in other major sporting events
(Leilei et al., 2012). The time slot that recorded the highest number of
entrants was 10:00-10:30, with 13,000 accesses to the tribunes over the
three days. It should also be noted that the gates were opened every day
at 8:00. The analysis of spectators’ profiles revealed that those who
identified as ‘inhabitants’ exhibited a more attenuated presence at the
racetrack compared to ‘daily’ and ‘tourist’ attendees. This was evi-
denced by the fact that the time slot with the highest number of en-
trances was 16:30-17:00. The data revealed that the highest number of
attendees arrived at the racetrack at 15:00 on Friday (immediately
before the start of the qualifying session), 15:30-16:00 on Saturday
(before the ‘Sprint’ race, time slot without any scheduled agonistic ac-
tivity) and 11:00-11:30 on Sunday (three and a half hours before the
green light of the F1 race and during the F2 Feature Race). With regard
to departures, the analysis revealed that the Sunday schedule did not
include any competitive or entertainment events at the conclusion of the
F1 race and found evidence on the disappointing weekend for the
Italian-based team Ferrari and for both the drivers. Charles Leclerc
finished in sixth place after making a significant error in the latter stages
of the race (54th lap out of 63), while Carlos Sainz retired his vehicle
during the initial lap due to a crash. The unsatisfactory result for Ferrari
was confirmed by the outflows, which reached their highest values at the
immediate end of the race, as reported in Fig. 10. A significant, albeit

empirical, relation between Ferrari’s disappointing racing results and
the departures is evident even when analysing the geographical origin of
attendees and their mobility patterns, as shown in Fig. 11, which
highlights the frustration of supporters. With regards to the origin of
attendants, the majority of foreigners came from countries with a
longstanding tradition of motorsport. In fact, 10,460 (equivalent to 23 %
of total foreign attendance) came from the United Kingdom. Subse-
quently, 5,645 individuals came from the Netherlands (12.5 %), the
country of the world champion Max Verstappen, who is likely to benefit
from a considerable following of Dutch fans. Germany (9.8 %) and Spain
(5 %) followed with 4,417 and 2,543 spectators, respectively. Finally,
the United States of America (4.8 %) accounted for 2,175 attendees. In
general, however, European spectators remain in a clear majority
compared to non-Europeans, even in the context of the travel re-
strictions following the COVID-19 pandemic.

The argument presented here can be interpreted as a robust result of
the analysis and is a topic worthy of further discussion. As previously
acknowledged, the necessity for updated information on people be-
haviours during major events is important for an effective management
of flows, and hence to reduce the externalities on the transportation
systems and the hosting locations (McCullough et al., 2020), especially
in urban areas (Giuliano & Lu, 2021) or when the attendance is signif-
icantly higher than the local population (Not, 2021). The most evident
externalities are the non-recurrent congestion along the roads (Bao
et al., 2023; Giuliano & Lu, 2021; Rabadi et al., 2015), the saturation of
the parking lots (Bao et al., 2023), the increased travel times for at-
tendees (Bao et al., 2023) and the increased risk of crashes (Cigognetti
et al., 2024). This is exemplified by the presented case study, given that
the racetrack is situated in close proximity to the city centre of Imola, a
small town (69,000 registered inhabitants). Given the spatial and tem-
poral resolution of mobile phone data and the time span of this analysis
(i.e., 30 min), the results provide a response to the issues raised by Leilei
etal. (2012) and Kwoczek et al. (2014). In fact, an analysis based on cell
phone data is able to provide real data when modelling or predicting the
demand behaviours of individuals when approaching or departing from
the event location (Bao et al., 2023; Kwoczek et al., 2014, 2015).
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7. Conclusions and future works

Formula One (F1) is regarded as the pinnacle of motor racing due to
the advanced engineering and the exceptional abilities of the drivers.
Since the inaugural races in the 1950 s, Formula One has ascended to
become one of the most-watched sports worldwide, rivalling the
Olympics and the FIFA World Cup in terms of global popularity. The
season calendar typically comprises approximately 20 races held in
various locations around the globe. It is notable that European countries
continue to play a significant role in the hosting of these events. In light
of the increasing interest in hosting F1 races, the competition is intense,
necessitating that prospective hosts guarantee the highest standards.
This encompasses the implementation of ongoing infrastructural im-
provements, the involvement of a diverse range of stakeholders, and the
development of an effective marketing strategy. From the perspective of
crowd management in urban settings, a F1 venue could be considered an
intermediate event between ongoing events throughout the season, such
as football matches, and the ‘once-in-a-lifetime’ events such as the
Olympics. Indeed, they are analogous to the former due to their repet-
itiveness, although they occur only once per consecutive year. More-
over, monitoring the movements of individuals is crucial for
understanding their behaviour in reaching the venue, their spatial dis-
tribution, and, from a more general perspective, the economic impact of
the event itself. A fundamental element of assessing the influence of
significant occurrences in urban environments is the accurate estimation
of the actual number of attendees and individuals directly involved. It
should be noted that this figure may differ from the official number
provided by ticket sales, as it does not account for workers (e.g. crews,
journalists, etc.) or complimentary and promotional tickets.

This study offers a comprehensive examination of the patterns and
mobility behaviours exhibited during the 2022 F1 Emilia-Romagna and
Made in Italy Grand Prix, held in Imola, Italy. The data was obtained
from a set of mobile phone records belonging to Vodafone Italia, one of
three principal mobile phone operators in the Italian market. The data
processing, which was based on inferential statistics and in compliance
with privacy laws, revealed the actual number of attendees, their
characteristics (i.e., whether they were residents of Imola, tourists or
visitors), their movements (when they entered the circuit’s gates; when
they left; how long they remained) and their origin. In general terms,
this research can be categorised as descriptive analytics, although it is
not as far removed from diagnostic analytics (H. Huang et al., 2021) as
one might expect. Moreover, thanks to the repetitiveness of this event (i.
e., contracts between local Authorities and F1 management are usually
signed for more than one year) and the a-priori knowledge of the
schedule of planned activities (e.g., agonistic sessions), it is possible to
predict the mobility choices and hence plan adequate mobility-related
policies in order to minimize the impacts of the following events.

The results were consistent with the weekend schedule, the expected
behaviour of attendees, and the tickets sold. Additionally, consistency
with the existing literature on attendees’ trends during major sport
events was found. This work is intended to be a relevant case study in
demonstrating how big data, and in particular mobile phone traces, can
be a decisive source of information in implementing effective in- and
outflow policies, even for other events. While the F1 race can be
considered the most significant event in an annual programme, the
Imola Autodromo hosts other major events, such as other motorsport
races and concerts. Widening the gaze, the described approach and
methodology could be useful in monitoring flows during similar racing
venues, such as car or motorcycle races held in both street circuits and
urban contexts. Some examples of the previous typology include the F1
venues of Monte Carlo, Monaco, Singapore, and Albert Park in Mel-
bourne, Australia; some of the IndyCar Series tracks; the Formula E
circuits. Indeed, permanent racetracks in dense urban environments,
such as Monza, Italy; Interlagos, Brazil; and Zandvoort, The
Netherlands, can benefit from the application of this methodological
approach.
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In the lights of the findings, the authors considered a number of
additional topics. Given the pervasive presence of connected devices, it
would be appropriate to conduct analyses on the modal share in getting
to Imola and the circuit. This can be aimed in order to gain a detailed
overview of attendance flows and plan outflow strategies to avoid
congestion issues. In particular, the use of collective means of transport,
such as public transportation lines or shuttle buses, which is a common
practice during a major event (Ceder & Perera, 2014; Chirieleison &
Scrucca, 2017), can be further assessed and managed. The majority of
the future developments can be achieved by integrating cell phone data
with additional sources of data, such as traffic loops or real-time feeds
from public transportation agencies (e.g., Automatic Passenger Counter,
Automatic Vehicle Location), and by overcoming the technical limita-
tions outlined in Sections 4.2 and 5. This can be achieved by modifying
the aggregation thresholds or improving the telecommunications
network in the vicinity of the circuit, even temporarily, for instance by
installing additional antennas. This latter consideration is a key
component in order to achieve a better spatial-temporal resolution and
enhance the potential of telecommunications data in monitoring large
crowds during major events. Moreover, in light of the taxonomy pro-
posed by H. Huang et al. (2021), enhancements can be made to achieve
*predictive’ or ’prescriptive analytics’, thereby enabling the triggering
of new analyses and the enhancement of insights and value.
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