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Abstract. Transportation is essential for economic and social development, and 
vehicle flow data can be used for safety monitoring, pollution analysis, and traffic 
flow management. Unfortunately, traffic management and control centres do not 
always comply with codified standards, making it difficult to obtain up-to-date data. 
This paper analyses open traffic datasets and Italian public traffic data sources 
available online, providing a knowledge base for transportation managers and 
researchers. Open traffic datasets are dimensionality-reduced and clustered. An 
event with 209,135 visitors is used to benchmark the public data sources, the time 
series of traffic flows are decomposed and a regression tree is used to identify 
different periods. The results suggest that the available Italian sensor grid is not fine 
enough to identify all incoming and outgoing traffic, more infrastructure 
investments are required or the available measurements should be coupled with 
other evaluation approaches capable of extending the punctual data through 
mathematical means. 
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1. Introduction 

Faced with the extreme variety and complexity of traffic phenomena on road networks, 
alongside a growing demand from users, the need for monitoring and controlling the flow 
of traffic is growing. Transport is crucial for the economic and social development of 
every nation, and it is difficult to imagine strong economic growth occurring in the 
absence of an efficient transport system [1, 2]. These circumstances pose a major 
challenge for traffic management and control centres, as traffic flow data do not always 
comply with codified standards. The use of open data is promoted by administrations 
around the world to tackle this problem, but data availability and access are not 
widespread [3]. As a result, the purchase of databases or the organization of dedicated 
monitoring campaigns is often necessary, making these activities expensive, redundant, 
and inefficient. Direct road traffic monitoring systems require the installation of traffic 
detection tools on roads managed (and financed) by local administrations or by agents 
with road concessions [4]. The complexity of the system can be described in terms of the 
territorial and spatial scope of investigations and the types of road infrastructure to be 
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monitored. Monitoring systems can be divided into manual detection techniques (which 
require the continuous presence of operators) and automatic techniques [5]. Manual 
systems are preferable for counting vehicles over short periods of time, and human 
operators can not only detect vehicles and recognize their type but also evaluate their 
manoeuvres and the drivers’ behaviours. However, human observers’ limitations can 
compromise data quality, especially for long-term campaigns. Automatic detection tools 
can instead operate continuously over long-term campaigns, but they are much more 
expensive. Automatic systems encompass different technologies used either in an 
intrusive (e.g., inductive loops and magneto-dynamic sensors) or in a nonintrusive way 
(e.g., infrared sensors, video images and satellite technologies). The use of unmanned 
aerial vehicles (UAVs) has also become widespread [6-8]. These elements make up an 
intelligent transportation system (ITS), an integrated system that implements existing or 
emerging computer, communication, information, and vehicle-sensing technologies [9] 
to coordinate transportation systems, monitor traffic conditions, control the traffic flow, 
and provide information about traffic conditions to the public [1, 10]. The 
implementation of road traffic monitoring systems appears appropriate for increasing 
traffic safety levels, for responding to multiple needs in territory management and for 
developing appropriate local policies and strategies. Some applications are listed below, 
representing only a few articles in a very large literature. The first operational application 
of road traffic monitoring is the analysis of the behaviour and regulation of traffic 
congestion, particularly in urban areas, at traffic light intersections or on high-flow road 
infrastructures [11-14]. Directly linked to this application is the opportunity to estimate 
and predict traffic flows [15-17]. A further application is represented by the control of 
parking and the management of tolls through monitoring parking lots and stall occupancy 
and facilitating access by users through an information system, as well as the 
management of parking fees [18-21]. Knowledge of road traffic behaviours provides 
driving assistance, increasing driving safety and improving driving effectiveness (e.g., 
by providing general information on traffic conditions) [22-25]. Monitoring tolls 
supports the battle against infringements and makes it possible to improve safety and 
dissuade illegal behaviour [26-28]. The data collected can be useful for technical and 
scientific research, supporting, for example, analyses of the impact of traffic on air 
quality and noise by studying the effect of tourist flows on the environment and on 
residents [29-32]. Furthermore, such data can support the development of policies and 
strategies for the regulation of vehicular traffic and the reduction of its environmental 
impacts [33-36], as well as the formulation of emergency and intervention plans, 
supporting the planning and management of emergency vehicle flows during emergency 
situations [37-40]. The objective of this paper is to provide information on open-data 
traffic monitoring sources, particularly for Italian roads. These data are also clustered 
and analysed through a practical application as in [41]: the evaluation of the effect 
induced by an international event in a northern Italian city. In the authors’ opinion public 
events are ideal to test for the effectiveness of traffic monitoring systems, as the incoming 
and outgoing flows can be differentiated from the systems’ baseline before and after the 
events. The paper is structured as follows: Section 2 provides a literature review on 
vehicular traffic in the context of tourism, the benchmark case of the case study, Section 
3 analyses the open datasets available on Kaggle [42], Section 4 analyses Italian public 
data sources, Section 5 proposes a case study to measure the effectiveness of those data 
sources, and Section 6 contains conclusions and outlines further research efforts. 
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2. Vehicular Traffic in the Context of Tourism 

Tourist destinations are often very crowded and, for this reason, they can be used to 
outline traffic congestion problems and test traffic monitoring systems. Congested 
beaches, endless queues to access tourist attractions, perpetually congested traffic and 
blocked historic centres are some of the effects that visitors and residents of tourist 
resorts suffer from all over the world. Today, more than ever, the evolution of tourism is 
affected by the influence of global events and trends. These include the evolution of 
mobility, demographic changes, and digitization, as well as increasing urbanization, 
which pushes an increasing number of people into urban areas. The control of vehicle 
flows makes it possible to support better management of tourist destinations, improving 
their quality, competitiveness, and attractiveness, with a view towards sustainability. 
Contextualized to mountain environments and natural areas, [43] applied spatial data to 
analyse the effect of vehicle quotas meant to limit their negative impacts in natural tourist 
destinations through the combination of agent-based modelling and standards of quality. 
[44] analyse the effect of the expansion of road networks and increases in traffic and 
their effect on protected areas and biodiversity, while [45] analyse the tourism experience 
in alpine areas, studying the application of the mobility as a service (MaaS) model in 
terms of its contribution to the definition of sustainable transport services. In a study by 
[46], the flow of the non-resident population at a destination is used to understand the 
effect of the non-resident population on traffic congestion. Regression analyses based on 
traffic flow, speed data and congestion were applied. [47] study the sustainability of 
tourism development models through an analysis of the effect of private vehicles for 
tourist or residential purposes, demonstrating how private vehicle use is more intensive 
in residential destinations than in vacation destinations. In the research conducted by [2], 
various macroscopic models are combined to detect congested situations. [48] apply the 
ecological footprint approach to assess the use of road transport on the island of 
Lanzarote and to assess its implications for the development of sustainable tourism. [49], 
analysing the road network of the islands considered, identify alternative routes to diffuse 
tourist flows. [50] address the problem represented by transport infrastructures, 
highlighting shortcomings in the current system with respect to the detected flows. [51] 
specifically study rural tourism, with the Austrian situation being dominated by car 
transport. By applying mobility data to the assessment of air pollution induced by tourist 
flows, [52] evaluate the opportunity to improve fuel efficiency and reduce CO2 emissions 
for a fleet of vehicles in the largest ski resort in Ontario (Canada). [53] empirically 
investigate the spatial and direct spill-over effects of tourism development on air 
pollution in China. Finally, in the context of events, [36] investigate the traffic 
management plans used for sporting events with objective and quantitative data over a 
five-year period, while [54] analyses the need to manage vehicular traffic during sporting 
events and, applying simulation approaches, evaluates various alternative solutions. In 
the context of theme parks, [55], apply a multiple regression model to forecast tourism 
traffic volume. 

3. Open Datasets 

Kaggle [42] is a data science community whose users provide open datasets for analysis 
and machine learning, a subset of which contain traffic data. The datasets of interest were 
identified by searching on Kaggle with the keyword “traffic” and by manually removing 
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the off-topic datasets (e.g., related to data traffic). The remaining datasets were analysed 
and categorized according to the following features: Time step, the target time step 
between data points on the same road; Time frame, the time difference between the most 
recent and the oldest data points; Location, the location of the dataset roads; Starting year, 
the year of the oldest data point; Size, the dataset size not considering accessory text and 
PDF files; Road identifiers, a flag indicating if the road is identifiable by its name or 
unique identifier; GPS coordinates, a flag indicating if the road is identifiable through 
GPS coordinates; Data type, the type of data available. Those with only a few data points 
for each road, no road identifiers, no time references, a focus on public transportation 
(e.g., busses), or a focus on alternative means of transportation (e.g., bicycles) were 
removed and only those listed in Table 1 remain. A categorization of the selected datasets 
is proposed in Table 2, most of which refer to roads in the United States. The datasets’ 
quantitative features, time steps, time frames, starting year, and size were then 
standardized. Isomap [56] with a neighborhood of size 3 was used to depict the 
standardized data in a dimensionality-reduced space, presented in Figure 1. Readers 
interested in replicating these results can refer to [57] for the specific MATLAB toolbox 
used. The same developer provides a comparative review of dimensionality reduction 
methods in [58] and is also one of the authors of the popular t-SNE method [59]. Data 
visualization was leveraged in selecting three clusters for the following K-means 
algorithm [60,61]. The clusters are also depicted in Figure 1 with a different marker for 
each cluster. These three groups separate one sizeable dataset with historical data and 
fine-grained time steps, two datasets with historical data and course-grained time steps, 
and nine datasets with more recent data and fine-grained time steps. 
Table 1. Kaggle datasets 

Dataset Link (available in November 2020) 
US Traffic, 2015 https://www.kaggle.com/jboysen/us-traffic-2015 
UK Traffic Counts https://www.kaggle.com/sohier/uk-traffic-counts 
Radar Traffic Data https://www.kaggle.com/vinayshanbhag/radar-traffic-data 
2016 NYC Real Time Traffic Speed 
Data Feed 

https://www.kaggle.com/crailtap/nyc-real-time-traffic-speed-data-feed 

2011 - 2013 NYC Traffic Volume 
Counts 

https://www.kaggle.com/hanriver0618/2011-2013-nyc-traffic-volume-counts 

Motorway traffic in Luxembourg https://www.kaggle.com/fabmob/motorway-traffic-in-luxembourg 
NY Traffic Volume Counts (2012-
2013) 

https://www.kaggle.com/new-york-city/ny-traffic-volume-counts-2012-2013 

Chicago Traffic https://www.kaggle.com/nhoues1997/chicago-traffic 
NYC DOT Traffic Data https://www.kaggle.com/caseyworks/dot-file 
Highway Traffic M03A Taiwan https://www.kaggle.com/phlinhng/highway-traffic-m03a-taiwan 
NYS Annual Average Daily Traffic 
(AADT) 

https://www.kaggle.com/new-york-state/nys-annual-average-daily-traffic-aadt 

NY_traffic_data https://www.kaggle.com/dawaasuren/ny-traffic-data 

Table 2. Kaggle dataset categorization 

Dataset Time step Time frame Location Starting 
year 

Size Road 
identifier 

GPS 
coordinates 

Data type 

US Traffic, 2015 1 hour 8759 hours United States 2015 2.183.839.608 
byte 

yes yes number of 
vehicles 

UK Traffic Counts 1 year 16 years United 
Kingdom 

2000 1.028.520.087 
byte 

yes yes number of 
vehicles 

Radar Traffic Data 15 
minutes 

1270980 
minutes 

 City of 
Austin 

2017 404.097.819 
byte 

yes yes number of 
vehicles 

2016 NYC Real 
Time Traffic Speed 
Data Feed 

5 minutes 527073 
minutes 

New York 
City 

2016 721.872.569 
byte 

yes yes speed 
travel time 

2011 - 2013 NYC 
Traffic Volume 
Counts 

1 hour 10991 hours New York 
City 

2012 1.436.453 
byte 

yes no number of 
vehicles 
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Motorway traffic in 
Luxembourg 

5 minutes 53395 
minutes 

Luxembourg 2019 382.188.337 
byte 

yes yes speed 
number of 
vehicles 

NY Traffic Volume 
Counts (2012-
2013) 

1 hour 4655 hours New York 
City 

2012 1.555.550 
byte 

yes no number of 
vehicles 

Chicago Traffic 10 
minutes 

1117001 
minutes 

City of 
Chicago 

2018 664.722.821 
byte 

yes yes speed 
number of 
vehicles 

NYC DOT Traffic 
Data 

5 minutes 46410318 
minutes 

New York 
City 

1930 6.625.968.064 
byte 

yes yes speed 
travel time 

Highway Traffic 
M03A Taiwan 

5 minutes 382485 
minutes 

Taiwan 2017 3.638.203.664 
byte 

yes no number of 
vehicles 

NYS Annual 
Average Daily 
Traffic (AADT) 

1 year 38 years State of New 
York 

1977 23.570.265 
byte 

yes no number of 
vehicles 

NY_traffic_data 1 minute 262079 
minutes 

New York 
City 

2016 191.352.763 
byte 

yes yes travel time 
between 
locations 

Figure 1. Kaggle dimensionality-reduced and clustered datasets. 

4. Public Data Sources 

Italian regional data sources were identified by searching Google [62] with the following 
keywords for each region: “dati traffico region name”, “dati viabilità region name”, “dati 
mobilità region name”, “open data region name”, and by searching through the mobility 
datasets in the Italian public administration datasets repository [63] and in the Italian 
territorial datasets repository [64]. Table 3 lists the sources identified, while Figure 2 
depicts the regions with available data in black and those not providing traffic data in 
white. A categorization similar to the one proposed in Table 2 is provided in Table 4. 
Some of the sources provide both historical and live data. 
Table 3. Regional data sources 

Region Link 
Emilia-
Romagna 

https://servizissiir.regione.emilia-romagna.it/FlussiMTS/ 

Lazio https://ceremsslazio.astralspa.it/ceremss/DatiStatistiche/FCD 
Piemonte http://www.dati.piemonte.it/catalogodati/datielenco.html?parextra=tag***%22Reti%20di%20trasporto%22 
Toscana 
Dataset 1 

https://www.regione.toscana.it/-/dati-di-traffico-sulle-strade-regionali 

Toscana 
Dataset 2 

http://dati.toscana.it/dataset?groups=infrastrutture-e-trasporti 
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Figure 2. Regional data sources. 

Table 4. Regional data source categorization 

Dataset Time 
step 

Time 
frame 

Starting 
year 

Road 
identifier 

GPS 
coordinates 

Data type 

Emilia-
Romagna 

1 day 4292 days 2008 yes no number of 
vehicles 

Lazio 1 month 28512 
hours 

2017 yes no number of 
vehicles 

Piemonte 1 year 5 years 2014 no no number of 
vehicles 

Toscana 
Dataset 1 

1 month 31392 
hours 

2009 yes no number of 
vehicles 

Toscana 
Dataset 2 

1 day 43800 
hours 

2015 yes yes number of 
vehicles 

Italian provincial and municipal data sources were also identified by searching 
Google with the following keywords for each province and municipality: “dati traffico 
province/municipality name”, “dati viabilità province/municipality name”, “dati mobilità 
province/municipality name”, and “open data province/municipality name”, and by 
searching through the mobility datasets listed above. Tables 5 and 7 list these data 
sources; of the municipalities, only those at the provincial level were considered. Tables 
6 and 8 provide categorizations identical to those proposed in Table 4. 
Table 5. Provincial data sources 

Province Link 
Alessandri
a 

http://www.provincia.alessandria.gov.it/index.php?ctl=news&fl=singola&id=4429&idbl=5
5 

Asti https://www.provincia.asti.it/it/page/rilevamento-del-traffico-veicolare 
Belluno http://www.provincia.belluno.it/nqcontent.cfm?a_id=4344 
Bolzano http://www.provincia.bz.it/it/servizi-a-z.asp?bnsv_svid=1003861 
Macerata https://istituzionale.provincia.mc.it/dati-traffico/ 
Torino http://www.provincia.torino.gov.it/territorio/strat_strumenti/distr_dati/dbtrf.html 
Trento https://dati.trentino.it/dataset?tags=traffico 
Treviso https://www.provincia.treviso.it/index.php/conosci-la-sede-della-provincia/sede/edificio-

8?id=10198:programmazione-e-autorizzazioni-stradali 
Varese http://www.provincia.va.it/code/11373/Flussi-di-Traffico 
Vicenza http://www.provincia.vicenza.it/ente/la-struttura-della-provincia/servizi/statistica/dati-

statistici/viabilita_trasporti/traffico 
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Table 6. Provincial data source categorization 

Dataset Time 
step 

Time 
frame 

Starting 
year 

Road 
identifier 

GPS 
coordinates 

Data type 

Alessandria 1 month 25536 
hours 

2016 yes no number of vehicles 

Asti 1 month 68664 
hours 

2012 yes no number of vehicles 

Belluno 1 year 8 years 2000 yes no speed 
number of vehicles 

Bolzano 1 hour 35040 
hours 

2016 yes no number of vehicles 

Macerata 1 month 8016 hours 2005 yes no number of vehicles 
Torino 1 hour 37608 

hours 
1999 yes no number of vehicles 

Trento 1 day 13148 days 1980 yes no number of vehicles 
Treviso 1 year 8 years 2010 yes no number of vehicles 
Varese 1 year 10 years 2007 yes no number of vehicles 
Vicenza 1 year 8 years 2000 yes no number of vehicles 

Table 7. Municipal data sources 

Municipality Link 
Cesena http://dati.unionevallesavio.it/opendata/12284 
Cremona https://www.dati.lombardia.it/Statistica/Comune-di-Cremona-Rilievi-traffico/92py-

znjr 
Firenze https://opendata.comune.fi.it/?q=metarepo/datasetinfo&id=rilevazione-sperimentale-

continua-dati-traffico-veicolare-serie 
Milano 
Dataset 1 

https://www.cittametropolitana.mi.it/vecchio_viabilita/Traffico/index.html 

Milano 
Dataset 2 

https://www.dati.lombardia.it/browse?tags=traffico 

Table 8. Municipal data source categorization 

Dataset Time 
step 

Time 
frame 

Starting 
year 

Road 
identifier 

GPS 
coordinates 

Data type 

Cesena 1 day 1460 days 2012 yes no number of 
vehicles 

Cremona 1 year 9 years 2009 yes no number of 
vehicles 

Firenze 1 year 2 years 2015 yes no number of 
vehicles 

Milano 
Dataset 1 

1 day 544 days 2015 yes no number of 
vehicles 

Milano 
Dataset 2 

1 day 544 days 2015 yes no number of 
vehicles 

5. Case Study 

The Emilia-Romagna data source listed in Table 4 was used to extract traffic flows for a 
2018 [65] event in Rimini. Figure 3 depicts the selected measurement stations close to 
the city and along major roads, providing daily data on light vehicles coming through 
Station 182, Station 188, Station 350, and Station 354. Data were collected from the 10th 
of January 2018 to the 17th of April 2018, inclusive, while the event took place from the 
20th of January 2018 to the 23rd of January 2018, inclusive. Such a data series was 
selected to identify long-term patterns and compare them with patterns during the event 
days; the event itself registered 209,135 visitors. 
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Figure 3. Traffic measurement stations. 

The data were decomposed [66] with moving average and seasonality both equal to 
7. The overall incoming and outgoing flow is depicted in Figure 4. 

 
Figure 4. Incoming and outgoing flow. 

There is no significant traffic increase during the event days, which might be due to 
use of public transportation (e.g., train), or use of major roads not equipped with sensors 
(e.g., highways). On the other hand, a significant flow reduction is measured in the 
subsequent month. This unexpected flow reduction, most likely due to a heavy snowfall, 
is uncovered by splitting the errors through a regression tree [67] in MATLAB, with 
minimum parent size before a split and maximum number of splits both equal to 2. The 
regression tree input is, in this case, the period, and its output the decomposed error. It 
should be noted that the regression tree in not directly used for prediction purposes, its 
leaves are instead used to identify periods characterized by different traffic behaviours. 
Figures 4 outlines with vertical lines the regression trees splits, those same splits can be 
found in Figures 5 where the regression trees are depicted. 

  
Figure 5. Incoming and outgoing flow regression trees. 

Figure 6 shows the snow cover (purple) in the regional territory during the period 
characterized by the sharp decline in vehicular traffic. The data were provided by the 
Hydro-Meteo-Climate Service [68]. 
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Figure 6. Snow cover (purple) during the last days of February 2018. 

6. Conclusion 

Traffic data are important for mobility planning, and the availability of open data sources 
allows public agents and mobility managers to act on them without incurring recurring 
expenses. This paper analysed and categorized some open datasets, finding that their 
quality varies considerably, and they mostly refer to roads in the United States. Italian 
public data sources were also analysed, and it was found that only a few regions provide 
traffic data and that the quality of the few provincial and municipal datasets is subpar. In 
a case study, an event with 209,135 visitors was analysed from a traffic flow standpoint 
using regional data to test the data’s effectiveness. Such an experiment highlights the 
need for a finer grid of stations, in particular pinning down the major highways, and for 
interoperability with public transportation data. Further research efforts will be devoted 
to identifying which cities are already equipped with an array of sensors fine enough to 
identify major incoming and outgoing traffic flows and which, in our opinion, require 
further infrastructural investments. Alternatively, the information provided by the 
monitoring networks can be extended to portions of the road network not covered by 
sensors through modelling approaches. Obviously, the uncertainty associated with the 
estimated data is strongly influenced by the quality of the inputs and the extent of the 
investigated area. 
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