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Abstract
The data sets provided by Information and Communication Technologies have been
extensively used to study the human mobility in the framework of complex systems.
The possibility of detecting the behavior of individuals performing the urban mobility
may offer the possibility of understanding how to realize a transition to a sustainable
mobility in future smart cities. The Statistical Physics approach considers the statistical
distributions of human mobility to discover universal features. Under this point of
view the power laws distributions has been extensively studied to propose model of
human mobility. In this paper we show that using a GPS data set containing the
displacements of mobile devices in an area around the city Rimini (Italy), it is possible
to reconstruct a sample of mobility paths and to study the statistical properties of
urban mobility. Applying a fuzzy c-means clustering algorithm, we succeed to detect
different mobility types that highlight the multilayer structure of the road network.
The disaggregation into homogeneous mobility classes explains the power law
distributions for the path lengths and the travel times as an overlapping of
exponential distributions, that are consistent with a maximum entropy Principle.
Under this point of view it is not possible to infer other dynamical properties on the
individual mobility, except for the average values of the different classes. We also
study the role of the mobility types, when one restricts the analysis to the an
origin-destination framework, by analyzing the daily evolution of the mobility flows.

Keywords: Human mobility; Mobile phone data; Path length and duration
distributions; Multiscale road network

1 Introduction
Urban mobility is a key issue for the sustainability of the future smart cities [1] and the
project of a digital twin for the city. The development of a Mobility as a Service [2] that of-
fers different solutions to satisfy the citizen mobility demand has not only to cope with the
problem of building new infrastructures for innovative transportation means, but also to
understand the individual behavior in realizing the mobility demand in order to promote
the transition to a smart urban mobility. This goal requires to collect and analyze dynam-
ical data sets on the individual behavior and to build predictive models able to simulate
the individual dynamics in future scenarios [3]. From one hand one has to consider the re-
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strictions due to the privacy laws (especially in Europe) so that the availability of data sets
is limited and it is necessary to develop a statistical physics approach with a partial knowl-
edge of the microscopic dynamics. On the other hand the predictability of traffic models
is compromised by the chaotic and stochastic properties of traffic dynamics. The possi-
bility offered by the new Information and Communication Technologies (ICT) allowed
TIM, one of the leader telecommunication companies in Italy with � 30% of penetration
in the mobile phone population, to collect GPS data on the position of mobile phones
in an anonymous way, for a sample of the population present in a large area (MDT data
set [4–6]). In this way it is possible to reconstruct a sample of individual mobility paths
in a dynamical way [7]. The ICT data sets have been extensively used to understand the
statistical universal laws of human mobility [8–13] and the scaling laws of human mobility
have been proposed as emergent properties to understand the features of individual be-
haviors [14–18]. However, previous papers have studied GPS dynamical data sets for the
private car mobility [19–21] on an urban road network suggesting an exponential distribu-
tion for the path lengths and the travel times and pointing out the existence of a conserved
‘mobility energy’ on average [22]. The existence of conservation laws for human mobility
is also discussed in the paper [23]. Therefore the power law distributions observed for long
displacements [24], that correspond to the absence of characteristic spatial scales in how
people travel [11] can be explained by the availability of different transport networks that
introduce an non-homogeneity in the space [25–29]. The presence of different transporta-
tion networks is a property of the considered area and should introduce the same scaling
laws for all the individuals. Then, the multilayer structure of the road network may be de-
tected if it is possible to disaggregate the mobility data into homogeneous classes. Another
question is if the mobility on the different transport networks still contains information
on the origin-destination mobility or it is dominated by a random-like mobility. Finally, it
is not clear the relevance of these results in the case of urban mobility, where the spatial
scales are limited by the city dimension, and if a statistical physics approach would allow
to infer the dynamical properties of individual behavior: i.e. how individuals choose their
mobility paths or change their paths in case of under different traffic conditions or how
they behave performing multimodal mobility [30]. The research in urban mobility aims
to define a roadmap towards a sustainable mobility, so that it a key issue to model the
individual behaviors to reduce the congestion impact and to predict the impact of new
mobility infrastructures or the effect of new mobility policies. It is important to under-
stand the data quality required to cope with these problems: i.e. how effective can be a
statistical physics approach to understand the individual behavior or if we really need to
get the paths of a great number of individuals in each city with all the privacy issues that
entails.

In the paper we address these problems using the MDT data set collected during August
2020 in the area of Rimini province, the Italian city on the Adriatic sea well known for
the tourist activities. The data contain information on the mobility both of the residents
and the visitors. Even if the during the summer 2020 tourist activities were affected by
the consequences of the COVID19 epidemic (the presence of foreign tourists was greatly
reduced), there were more than 4 × 104 visitors who arrived in Rimini from the Emilia
Romagna region, and � 5 × 104 visitors who arrived in Rimini from the rest of Italy with
respect a resident population of 150,000 inhabitants (see Fig. 1 in the Additional file 1).
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Since the private car is the preferred transport means to reach the tourist locations in Italy,
the traffic and the traffic problems in the area are particularly relevant.

The MDT data set contains GPS quality data collected from the smartphone population
present in the area without any particular bias, but there an intrinsic difficulty to check the
representativeness of the data sample. If a monitored mobile phone performs an activity
connecting to the communication network, it is possible to reconstruct the dynamics of
a mobility path by georeferencing the data on the road network. We show how the ap-
plication of a fuzzy c-means clustering (FCM) algorithm [31] turns out to be effective in
classifying different types of mobility, that can be identified as a slow mobility, an urban
mobility, an extra urban mobility and a highway mobility. By using the paths associated to
the different classes, it is possible to detect the road sub-networks that show the expected
non homogeneous structure of the whole road network. We perform a statistical analysis
of the path lengths and travel time distributions to show that a power law provides a better
interpolation of the distributions, in particular of the path length distribution even if the
spatial dimension is limited. However, this behavior is an emergent property of the super-
position of exponential distributions since the corresponding distributions of the single
mobility classes are exponential-like and collapse if one normalizes each variable by the
average value of each class. In the case of the path length, the average values characterize
the different mobility types. On the contrary the average values for the travel times are
very similar suggesting that travel time could be used as a measure of the mobility energy.
Under this point of view, one can apply a maximum entropy (ME) Principle [32] since the
exponential distribution is the distribution that maximizes the uncertainty on the system
state using the Information Entropy constrained by existence of average values of the ob-
servables. This means that the statistical distributions computed in a stationary (or almost
stationary) situation, do not allow to infer dynamical properties of the individuals, except
for the existence of preserved quantities in average. Indeed the assumption that individ-
uals move independently in a random way performing paths of a given average length in
each road subnetworks, is consistent with the empirical statistical distributions computed
using the MDT paths. Since it is certainly true that each individual moves according to an
origin-destination (OD) logic, the empirical exponential distributions for the path lengths
and travel times in the case of a homogeneous mobility, imply that there is no other spa-
tial or time scale beyond the mean values. For a better understanding of the problem we
have analyzed the role of the different mobility types when one considers a specific OD
mobility demand. More precisely, we have studied how the different mobility types may
explain the observed mobility between the coastal area, where most of the tourist activi-
ties are concentrated, and the inland. This OD-mobility involves both people resident in
the Rimini, people coming from the nearby small towns and the visitors arriving in Rim-
ini for the mid-August holidays. The dynamical character of the MDT data set highlights
the daily mobility oscillations suggesting a correlation between the mobility demand, the
tourist activities time schedule and the traffic conditions. Our results show that the choice
of slow mobility is mainly affected by the distance from the destination, whereas the travel
time and the traffic problems do not discourage the use of private cars. We also study
the attractiveness dependence from the destination distance by means of the complemen-
tary cumulative distribution of the trip lengths. The trip frequency at a given distance can
be related to the existence of a visitation law, useful to quantify the attractiveness of an
area. In a recent work [33], the existence of a gravitational-like law to predict the mobility
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demand has been verified using large mobility data sets. Assuming an uniform people dis-
tribution in the inland (this is a reasonable assumption for the Po Valley area in Italy), we
infer that the empirical distribution for the trip lengths is consistent with a weak power
law dependence l–η with η � 1 for the probability to observe a path of length l toward the
coast, which is consistent with the gravitational-like law.

The paper is organized as follows: in the second section we describe the main features of
the MDT data set; in the third section we present the main results of the paper using the
possibility of disaggregating the mobility paths into different classes by a fuzzy c-means
clustering that highlight the multilayer structure of the road network. Then we explain the
power law distribution for urban mobility by applying the ME Principle to the detected
mobility classes. In the fourth section we study the relevance of mobility classes for a spe-
cific OD mobility and some conclusive remarks are reported in the last section.

2 The MDT data set
Taking advantage from the TIM MDT technology to record the GPS positions of mobile
devices in an anonymous way [4–6] when they are connected to the telecommunication
network, it is possible to detect individual paths in a large area. The data are related to
a sample of mobile phones connected using the Long-Term Evolution (4G-LTE) wireless
broadband communication recording the GPS positions at fixed time intervals and give
the GPS position each 5 seconds of the mobile device during its activity. An anonymous
id is associated to the activity, so that the same mobile phone can be localized by different
id. The MDT data set used in the paper refers to the data collected from 7 to 17 August
2020 in an area of the Rimini province containing the Rimini municipality (see Fig. 1).
We have estimated the sample penetration by comparing the MDT activities by compar-
ing the number of different activities and the total number of mobile phones present in
the area during the mid-August weekend estimated using another data set provided by
TIM-Olivetti that counts how many mobile phones are connected to the telecommunica-
tion network in the census areas (ACE) of Rimini each 15 minutes (TIM is one of the main
telecommunication companies in Italy with a coverage of � 30% of the market). Under the
assumption that the effects of repeated activities is not relevant at a time scale of 15 min.,
the estimated penetration of the MDT data set is � 8% of the total mobile phones. The
details of the analysis are reported first section of the Additional file 1 (cfr. Figure 2). The
restriction mobility policies due to the COVID-19 epidemic, reduces the number of for-
eigners present in Rimini, but many Italian people visited Rimini during the mid-August
holidays. Using the TIM-Olivetti data set, it is possible to estimate the presences of almost
105 visitors in Rimini, with respect to a resident population of � 1.5 × 105 people (cfr. Fig-
ure 1 of the Additional file 1). Then, we expect to detect also some effect due to the visitor
mobility in the MDT data set.

Each activity consists in a sequence of GPS points at a time sampling of 5 sec. but we
have specific algorithms to select the activities that can be associated to a mobility path.
These algorithms have been developed for another MDT data set in Venice [7] and they
allowed to reconstruct the mobility paths on the road network of the Opens Street Map
cartography [34] (more details are reported in the Sect. 2 of the Additional file 1). The
MDT data set contains ∼ 1.8 × 106 activities per day, but the amount of records that can
be correctly georeferenced reduces to � 1.5 × 106 per day. In Fig. 1 we show the georef-
erenced data distribution, that shows a concentration of points not only inside the urban
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Figure 1 The grey area corresponds to the Rimini municipality, whose linear extension of the coast is � 25
km (the spatial scale is reported on the left bottom angle) and the vertical axis is oriented along the North.
The red dots show the distribution of the GPS mobile phone data set recorded in the considered area. We
observe a concentration of points inside the urban settlements (in particular along the Adriatic sea coast
Rimini and Riccione are the main cities), and along the main country roads. A small town (Santarcangelo di
Romagna) is also visible in the inland on the left. The blue line corresponds to the railway that is a natural
border between the coastal area, where most of the tourist activities are located, and the inland

settlements, but also along the main country roads where many small towns are located.
The filtering algorithms to detect the mobility paths provide � 40000 paths per day.

To check the capacity of the MDT data set to reproduce the real mobility in the area, we
have computed the hourly traffic flows along the main country roads average on the con-
sidered period by using the dynamics of the reconstructed paths. Then we have compared
the estimated traffic flows with the real traffic flows recorded by magnetic coils along three
roads. The results are reported in the Additional file 1 (cfr. Figure 5) and measure a pene-
tration of the MDT traffic flows of ≥ 1.5% of the total traffic flows, but with a quite good
reproduction of the daily evolution of the real traffic flows. Then, despite of the low pene-
tration of the MDT sample, the reconstructed paths contain relevant information on the
mobility observed in the area and they allow to perform a statistical physics approach to
study the mobility features.

The data sets analysed in the paper are not publicly available since they are subjected to
data use agreements, but the aggregated data to generate all the figures are available on
request from the corresponding author.

2.1 Statistical properties of the mobility paths
To understand the statistical properties of the observed mobility, we start from the path
length and the travel time distributions (see Fig. 2) that have been also considered by sev-
eral authors. Since we expect that the MDT data set contains the contribution of differ-
ent types of mobility, we consider the problem of studying the effect on the behavior of
the statistical distributions. Various papers suggest the existence of power law interpola-
tions [8, 14, 21] for these mobility distribution functions. In Fig. 2 a power law interpola-
tion ρ(x) ∝ x–α is proposed for both the path length and travel time distributions with ex-
ponents α = 1.0 (for the path length) and α = 1.54 (for the travel times) [24]. The power law
turns out to be more effective than an exponential interpolation for both the distributions,
even if the limited spatial and temporal extension of our data (one order of magnitude for
both the path length and the travel time) does not allow to draw a definitive conclusion,
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Figure 2 Left picture: path length distribution of the activities in the MDT data set using a semilog scale: the
dotted lines refers to a power law interpolation ∝ L–1.0 and the vertical dotted line corresponds to the mean
value L̄ = 2.8 km. Right picture: travel time distribution of the activities in the MDT data set using a semilog
scale: the dotted lines refers to a power law interpolation ∝ T–1.54 and the vertical dotted line corresponds to
the mean value T̄ = 18. min

and the tail of the travel time distribution seems to decay exponentially. However the mul-
timodal distribution for the average velocity of the reconstructed detected paths (see Fig. 3
(left)) clearly suggests that the MDT data set contains different types of mobility. Differ-
ent authors [25–29] suggest that the power law distributions of the urban mobility could
be considered an emergent property of the urban mobility explained by the heterogeneity
of the transportation networks present in the area, and not to a specific property of the
individual dynamics: i.e. it is not justified to relate the mobility power law distributions
to the individual dynamics since they are explained by the inhomogeneity of the urban
space. This approach follows the theoretical framework explained in the paper [35] and it
is consistent with the results of the paper [11]. The exponential distribution plays a central
roles in Statistical Physics since it can be derived from a ME Principle [32] for a system in
a equilibrium state. As described in the papers [3, 19] the ME Principle assumes that the
stationary distribution ρ(x) where x is a microstate, maximizes the Information Entropy

S[ρ] = –k
∫

ρ(x) lnρ(x) dx (1)

(k is a suitable constant that can be set to k = 1) with the constraint of the existence of an
average conserved quantity. The justification of the ME Principle lies in the unique prop-
erties of the definition (1) as a measure of the amount of uncertainty represented by the
probability distribution ρ(x). The maximum entropy distribution turns out to be the most
probable distribution for the considered quantity consistent with the existence of the con-
straint in the average of the conserved quantity. From a physical point of view, the entropy
is a state function that can be correctly defined when a statistical system is in equilibrium
state, however the stochastic thermodynamics [36] has shown the possibility to extend
the entropy concept to stochastic dynamical systems and to study the relaxation process
to a stationary state using the entropy production. The application of the ME Principle to
human mobility assumes the possibility of describing the mobility as a random walk in a
homogeneous space with a cost function associated to the path length (or the travel time).
In this case all the individuals move as independent particles and the probability ρ(L, t) to
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observe a path of length L after a time t is described by the Fokker–Planck equation

∂ρ

∂t
= c

∂ρ

∂L
+ D

∂2ρ

∂L2 , (2)

where c is the cost of a path per unit length and time and D is the diffusion coefficient in
the considered area. If c = 0 (i.e. there is no cost for a path lenght) then the distribution
ρ(L, t) is a Gaussian function whose variance increases as 2Dt. A direct computation using
the definition (1) provides the stationary solution

c
∂ρ

∂L
+ D

∂2ρ

∂L2 = 0 ⇒ ρ(L) ∝ exp

(
–

c
D

L
)

that coincides with the extremality condition of the functional (1) with the constraint

∫ ∞

0
Lρ(L) dL = L̄ =

D
c

,

where L̄ is the average value. The existence of a mobility cost has been considered by var-
ious authors after the seminal paper [22], and the complexity of the individual behavior
implies that the stochastic effects in the urban mobility are more relevant than the deter-
ministic effects, due to the existence of common origin-destination areas. This does not
mean that individuals behave as random particles, but that the uncertainty of the individ-
ual dynamics implies that the statistical properties of the urban mobility are the same as
the individuals move as random particles. The possibility of assuming a stationary con-
dition can be justified when we consider a time average over a sufficiently long period.
Therefore the exponential distribution is explained by a ME Principle when one considers
a homogeneous mobility, even if each individual moves according to a best path strategy
toward his destinations. Under this point of view, we remark that the understanding of
the statistical distributions does not allow to infer any prediction on the system evolution
when external perturbations introduce non-equilibrium conditions and the properties of
individual dynamics become relevant.

If different transportation networks are present, the homogeneity assumption is no more
justified, since the mobility cost may depend on the transportation network: for pedes-
trian mobility the cost is directly the energy required by the walking activity, for the urban
mobility the cost may be represented by the time spent in traffic and for the extra-urban
mobility the cost could be related to the path lengths. However if it is possible to disag-
gregate the urban mobility into different homogeneous mobility classes to which the ME
Principle can be applied, the power law distributions can be explained by an overlapping
of exponential distributions [20] and they characterize the degree of non-homogeneity of
the urban space and how individuals use the different transportation network (in average)
to realize their mobility demand.

In the next section we will show that disaggregating the data set into homogeneous mo-
bility classes allows to justify the previous argument.

3 Detecting different mobility types
To highlight homogeneous mobility classes, we apply a fuzzy c-means clustering algo-
rithm [31]to the MDT data set with a soft threshold. The original algorithm has been
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Table 1 Percentage of the selected paths for each class defined by the fuzzy c-means clustering,
average values for the path length, the travel time, the velocity and the sinuosity of the paths: the
statistical error on the parameter values is implied in the last digit

Class % of selected paths Lm(km) Tm (min.) Vm (km/h) Sinuosity

0 19.4% 0.99 18.8 4.4 0.74
1 22.7% 2.95 14.5 16.4 0.78
2 43.7% 6.64 13.3 36.0 0.88
3 14.2% 14.37 7.8 113.1 0.97

modified to classify the MDT paths [37]. The algorithm proves efficient to classify almost
all the reconstructed trajectories (� 96% of the selected paths) (more details on the appli-
cation of fuzzy c-means clustering algorithm to the MDT paths are reported in the Sect. 3
of the Additional file 1). The classification procedure is based on the following four fea-
tures of each path:

• The average velocity defined by the ratio of path length (i.e. the sum of the distance
between consecutive points) and travel time;

• The maximum velocity: the maximum among the instantaneous speeds measured
using two consecutive georeferenced points;

• The minimum speed of path: the minimum among the instantaneous speeds;
• The sinuosity: the ratio of the Euclidean distance between the first and last record of a

path and the length measured as the sum of all record distances (this value can be a
maximum of 1.0 and indicates how curvy the path is: the smaller the sinuosity, the
more tortuous is the chosen path).

The algorithm identifies four classes numbered from 0 to 3, that we are able to interpret
as a slow mobility (a mix of pedestrian and bike mobility), the urban traffic mobility, the
extra-urban traffic and the highway traffic. In the Table 1 we report the average statistical
values characterizing each class, together with the percentage of the selected paths be-
longing to the class and the average sinuosity index. We remark that average velocity and
the sinuosity are used by the fuzzy c-mean algorithm and take different values for the dif-
ferent classes, whereas the average path length and the travel time are emergent properties
of the detected classes. We remark as the velocity is the main feature that characterizes
the mobility type: indeed the first class 0 contains paths with an average velocity 4.4 km/h
that is a typical velocity for a slow mobility, whereas the other three classes have average
velocities that can be associated to private car mobility in different contexts. The average
velocity of 16.5 km/h of the class 1 is typical of an urban traffic and the class 3 velocity is
clearly related to the highway traffic that is present in the area. The class 2 has an average
velocity of 36 km/h and we associate this class with the extra-urban traffic. The percent-
age associated to the different classes measures the relevance of each classes to explain
the mobility in the considered area: the first two classes mainly refer to the urban mobil-
ity, that is divided between the slow mobility and the urban traffic in a similar percentage.
The extra-urban mobility represents the largest class suggesting that is probably due to
the mobility demand from the inland toward the coastal area. Finally the highway traffic
(the smallest class) is mainly due to traffic crossing the area.

The average path length changes among the four classes consistently with our interpre-
tation. An average path length of 1 km for the slow mobility is a typical spatial scale for
a mixed pedestrian and bike mobility. The private cars are used to perform relative small
paths in a urban context, and a value of � 3 km is consistent with the urban path length
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obtained using different data sets [19]. Finally, we observe that the path length of the high-
way traffic is of the same order of the spatial dimension of the considered area, so that the
corresponding paths could be part of longer paths crossing the area. Regarding average
travel times Tm, we observe that for the highway traffic, the travel time and the average
path length satisfy the relation TmVm � Lm denoting a small variability in the path velocity
according to the interpretation that the highway traffic is crossing the area. Considering
the first three classes, the travel time has a limited variation, suggesting that it could be
related to a mobility cost function [19, 22, 38]: the individuals seem to organize their mo-
bility using a typical time budget and this fact could also influence the decisions to use of
different transportation means. Of course, in the case of the slow mobility there is a pro-
portionality between the travel time and the fatigue during the mobility, but also driving
in congested condition can introduce a fatigue effect. We observe that for the mobility
classes 0,1,2 the ratio Lm/Tm is always smaller than the average velocity Vm, that could
be explained assuming that the fluctuations in the average velocity are mainly due to the
travel time fluctuations δT . For a given length Lm we have

Vm =
〈

Lm

Tm(1 + δT/Tm)

〉
� Lm

Tm

〈
1 –

δT
Tm

+
(

δT
Tm

)2〉
,

where δT/Tm are the relative travel time fluctuations (i.e. < δT >= 0). Then we get the
relation

Vm � Lm

Tm

(
1 –

〈δT2〉
T2

m

)
<

Lm

Vm
(3)

The travel time fluctuations could be related both to the individual heterogeneity and to
traffic conditions in the cities. Indeed, for the urban mobility the reduction factor is ≤ 0.75
that suggests a greater relevance of the fluctuations in the traffic dynamics due to the het-
erogeneity in the population or to congestion effects. In Fig. 3 (right), we show how the
average velocity for the detected the MDT mobility paths can be recovered by using the
overlap of velocity distributions for the classes 0,1,2, if we neglect the highway traffic. We
observe that as the distribution of the slow mobility (the class 0) is very narrow due to
the obvious upper limit in the pedestrian velocity, with a right tail that probably corre-
sponds to the bike mobility. The urban traffic mobility (class 1) is a bell shaped skewed
distribution, which distinguish the left part (near zero) that is probably affected by the
traffic rules and the congestion effects. Finally the extraurban traffic (class 2) provides a
symmetric bell shaped distribution. The results shown in Fig. 3 suggest that the selected
classes represent a homogeneous mobility performed in the area and the increasing of the
sinuosity parameter for the different classes (see Table 1) could be related to the existence
a multilayer structure in the road network [39]. To check the previous conjecture and to
highlight the road sub-networks underlying each mobility class, we have georeferenced
the mobility paths on the road network and applied an algorithmic procedure that con-
siders a ranking distribution of the roads according to the number of crossing paths for
each class, and connects all the roads in the ranking up to a given threshold, defined us-
ing the standard deviation of the frequency distribution of the crossing paths [7]. In Fig. 4
we show the four road sub-networks associated to the mobility classes. The differences
among the road networks of the classes are clear. The sub-network of the class 0 contains
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Figure 3 Left picture: average velocity distribution of the MDT mobility paths associated to the mobile
phone activities: the dotted vertical line gives the average value of the distribution. Right picture: the average
velocity distributions of the MDT paths belonging to classes 0,1,2: the vertical lines denote the average value
for each class

the roads along the coast where the tourist activities are concentrated and the roads in
the Rimini historical center where there are traffic restriction rules. The sub-network of
the class 1 is mainly composed by the most busy urban roads that rule the traffic mobility
around the historical center and toward the coastal area, whereas the road sub-network
of the class 2 contains the country roads of the area. This subnetwork can explain both
the mobility due to the visitors that arrive to the coast by car and the mobility due to the
commuters. Finally, we remark as that the paths of the last class are mainly concentrated
along the highway and they probably correspond to a mobility crossing the area.

3.1 Power law distributions and the maximum entropy Principle
To understand the power law interpolations shown in Fig. 2 as the consequence of the
existence of a mulilayer structure for the road network [27, 40], we decided to restrict our
analysis to the first three classes. 0,1,2. To explain the mobility statistical distribution of
Fig. 2, we consider if each mobility class can be interpreted as a statistical system in a maxi-
mal entropy equilibrium state, so that the path length and the travel time distributions are
exponential distributed according to the existence of a mobility energy [20, 22]. This is
certainly not true for the highway mobility since the paths are mainly concentrated along
a single road (the highway). According to this approach, the average path lengths Lm and
the average travel time Tm of the classes 0,1,2 (see Table 1) should completely character-
ize the corresponding distribution functions. Therefore, if one considers the normalized
variables L/Lm and T/Tm for each class, the corresponding distributions should collapse
to a single exponential distribution function ρ(x) ∝ exp(–x). The normalized distributions
are plotted in Fig. 5, where a collapse is indeed observed for the three classes. The main
differences are observed for short or long activities but this is expected since short paths
and short travel times are certainly depressed for the extra-urban mobility and the slow
mobility respectively. Furthermore the long path number is affected by the finite extension
of the considered area. We also observe as the collapse of the average travel time distribu-
tions seems to hold for a larger interval, suggesting that travel time is the best candidate for
the definition of a mobility cost. The results of Fig. 5 are consistent with our assumptions
and they should explain the power law interpolation of the distributions shown in Fig. 2.
A heuristic argument to derive a power law distribution is the following: if the probability
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Figure 4 In the plots a,b,c,d we highlight the road subnetwork underlying the mobility classes 0,1,2,3 (the
spatial scale is reported on the left bottom angle). The colored roads are the most used roads for each class
according to a ranking distribution, that considers values up two times the standard deviation of the
corresponding frequency distribution. We observe that the mobility in the class 0 mainly uses the roads inside
the Rimini historical center and along the coast, whereas the subnetwork of class 1 includes the most busy
roads in the city of Rimini. The class 2 subnetwork contains the main country roads connecting the cities in
the area and the paths of the class 3 are concentrated along the highway that crosses the area

Figure 5 Left picture: normalized path length distribution for the mobility classes 0 (circles), 1 (squares) and 2
(triangles) using a semilog scale. Right picture: normalized path duration distribution for the mobility classes 0
(circles), 1 (squares) and 2 (triangles) using a semilog scale

of observing a path of length L is the overlap of exponential functions one gets

ρ(L) ∝
kmax∑
k≥1

exp

(
–

L
Lk

)
, (4)

where the exponential measures the cost of the path L when performed in the k-class and
L–1

k is the cost for unit length. If there exists a spatial multilayer structure in the system,
there should exists a scaling law for the path cost of the different classes

L–1
k = kaL–1

max a > 0
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Table 2 Average values for the path length, duration, velocity distributions and sinuosity of the
selected paths for the mobility classes 0,1,2 considering the OD mobility from hinterland to the
coastal area

Class Lm(km) Tm (min.) Vm (km/h) Sinuosity

0 1.77 33.9 4.4 0.75
1 4.26 27.8 12.4 0.76
2 8.79 25.8 23.3 0.82

We remark that this scaling is certainly not valid for small L since one has also to consider
the convenience to use a transportation network (for example the car is not convenient
for short trips due to parking problem). Then, by approximating the sum with an integral
it is possible to estimate the L-dependence in the validity interval of the distribution (4)

ρ(L) ∝
∫ kmax

1
exp

(
–ka L

Lmax

)
dk = a

(
L

Lmax

)–1/a ∫ uast

L/Lmax

u(a–1)/a exp(–u) du,

where the last integral in almost independent from L when Lmax > L. Finally we get

ρ(L) ∝
(

L
Lmax

)–1/a

(5)

Comparing the empirical distribution shown in Fig. 2 we infer the exponent a = 1 for
the path length distribution that means a relation among the average path lengths of the
classes reported in Table 1 whixh would imply a strong dependence of the path cost on the
mobility class. In the case of travel time distribution, where the power law interpolation is
less effective, one estimates a = .65 that implies a weak dependence of the travel time cost
from the mobility class. This is consistent with the limited changes of Tm in Table 1. How-
ever a more in-depth analysis is necessary to prove the previous heuristic argument. The
previous result is could be interpreted as a lacking of complexity in the human mobility,
but the real complexity of the human mobility could emerge in not stationary situations
or when critical states appears and there are necessary data sets able to detect small scale
dynamical phenomena on large areas.

4 Study of a specific OD mobility demand
The Statistical Physics approach can be used to study the relevance of the detected mobil-
ity classes in the realization of a specific mobility demand. At this purpose we consider the
paths related to the OD mobility between the inland and the coastal area where are located
the main tourist attractions. An ideal boundary to distinguish the inland from the coastal
area is the railway that crosses the center of Rimini (see Fig. 1), and we select the mobility
paths with a starting point on one side and the ending point on the other side of the rail-
way. In the Table 2 we report the average values for the path length, travel time, velocity
and the sinuosity for these paths. A comparison with the values reported in Table 1 shows
as the average length is slightly increased for all classes since the OD character of the mo-
bility reduces the presence of the small paths, and the average travel time is almost double.
There is a direct proportionality between the path length and the travel time increase for
the slow mobility since the average velocity is not changed, whereas we have a reduction of
the average velocity for the private car mobility, suggesting that the efficiency of this class
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Figure 6 The histograms show the Complementary Cumulative Distributions of the path lengths for the
mobility from the inland to the coastal area (the plots a,b,c refer to the classes 0,1,2 respectively). The activity
frequency is reported on the left axis: the small fluctuations in the curve are consequence of the path length
discretization. The blue dotted curves give the empirical increase of the Euclidean distance (right vertical axis)
from the initial point and the real path length averaged on the paths in the corresponding bin. An
interpolation by a straight line is proposed, whose angular coefficient is the sinuosity reported in Table 2

to perform the OD mobility is considerably reduced even if the sinuosity value of the traf-
fic mobility decreases. To study the possible causes of the efficiency reduction for the car
mobility, in Fig. 6 we plot the Complementary Cumulative Distribution (CCD) of the path
lengths for the different mobility classes. The number of paths for the slow mobility and
the urban mobility is approximately the same consistently with the percentage reported
in Table 1, suggesting that the slow mobility plays a relevant role in the OD mobility from
the Rimini historical center to the coast, despite of the increase of the average path length.
In the case of the slow mobility (cfr. Figure 6a), we see an exponential like behavior in the
CCD, so that the path length distribution is consistent with the corresponding distribu-
tion plotted in Fig. 5, but with an increased average value. Conversely, for the urban traffic
(Fig. 6b), after the initial sharp peak, that is probably an artifact due to how people use
the mobile phones, a flat behavior is observed for trip lengths ≤ 1 km followed by a de-
creasing that is approximately linear up to a distance � 4 km. The initial flat part means
that the cars are little used for short trips, whereas, assuming that the attractiveness of
the coastal area is constant in the urban area, the decrease observed in the CCD of urban
traffic can be consequence of the decreasing of the population density as one leaves the
city and the distance from the coast increases. We remark that 4 km is the linear dimen-
sion of Rimini and, when one considers path lengths ≥ 4 km, the CCD slope decreases,
suggesting that the corresponding paths could belong to the extra urban class. In the case
of the extra urban mobility, the CCD (Fig. 6c) shows a linear decreasing from l = 1 km
up to l = 16 km, after the initial peak of short activities. We also observe that number of
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Figure 7 Daily evolution of the mobility flows (i.e. N. of detected paths) during 14 August 2020. The blue lines
with triangles up refer the flows towards the coastal area and the red lines with triangles down refer to the
floes from the coastal area. The plots a, b and c show the flows of the mobility class 0, 1,2 respectively.
According to the analysis in the Sect. 1 of the Additional file 1 (cfr. Figure 3), the extra urban traffic is affected
by the visitor flows arriving in the coastal area during the afternoon, so that there is a net incoming flow

paths is of the same order as for the slow and urban mobility, i.e. almost a factor 2 lower
than the percentage of the extra urban mobility class with respect to the total mobility (cfr.
Table 1). This could be a consequence that the distance reduces the visitation frequency
of the coastal area. According to the results in the paper [33], for a linear decreasing CCD,
one expects that the product lf , where f is the frequency of the visit of the population, is
constant. We observe that the considered area can be divided into two zones: the coastal
zone where the main cities (i.e. Rimini and Riccione) are located and the hinterland where
the population is distributed in the small towns near the main country roads (see Fig. 1).
This can be also seen from the georeferenced distribution of the initial and ending points
of the paths (see Fig. 8 in the Additional file 1). Therefore the population density can be
assumed constant for the extra urban mobility and the visitation frequency towards the
coastal zone decays f ∝ l–1.

Finally, we have studied how the role of the different mobility types changes during the
day to try to highlight the individual mobility choices: in Fig. 7 we show the evolution
of the daily mobility demand each 15 min. during 15 August 2020. We observe as the
mobility evolution has the expected daily behavior for all the classes, with an incoming
flow in the morning and return flow late in the afternoon. The contribution of the slow
mobility is similar to that of the urban traffic, whereas for the extra urban mobility there
is a net incoming flux. A possible explanation can be based on the analysis of the mobile
phone presences in the ACE areas along the coast reported in Fig. 3 of the Additional file 1
where using the TIM-Olivetti data set it is possible to disaggregate the presence into four
categories: the residents, the commuters, the visitors from the Emilia–Romagna region
and from the other Italian regions. The data show a clear increase of the visitors from the
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Emilia–Romagna that could be the cause of the difference between the incoming and the
returning flows.

It is interesting to remark some differences among the classes that may highlight indi-
vidual behaviors. In the urban traffic, we have exchange flows between the city center and
the coastal area during the morning, with a net incoming flows due to the summer activ-
ities. A similar behavior is observed for the extra urban mobility, but the peaks are more
pronounced early in the morning. The slow mobility has an incoming flow in the morning
and a well defined peak just before lunch. This peak is not present for then other mobility
classes, suggesting that the slow mobility is preferred when one has to cope with parking
problems. In the evening we have a peak in all the mobility classes probably due to the
people coming back from the beaches, but the slow mobility shows other two peaks after
dinner, that can be related to evening activities and the closure to traffic of the coastal area.

5 Discussion
The use of GPS quality data sets to study the urban mobility offers new perspectives for
the modeling of mobility at a microscopic (i.e individual) level, but it has to face the prob-
lem of the privacy laws so that it could be difficult and expensive to collect big data sets
containing information on the individual mobility in all the European cities. A possible
approach is to apply the statistical physics techniques to extract universal features of ur-
ban mobility that hold for any city. In this paper we take advantage from the MDT data
set that contains the GPS positions of a sample of mobile phones collected in the Rimini
province during the summer 2020 (7-17 August). Rimini is one of the most famous city in
Italy for its tourist activities and even if some social restriction policies due to the COVID-
19 epidemic were still enforced, there have been many visitors from Italy, as shown by the
TIM-Olivetti data set on the mobile phone presences in the first section of the Additional
file 1. The MDT data set allows to reconstruct the dynamics of individual mobility paths
on the road network when the duration of the mobile phone activity is sufficiently long.
By comparing the reconstructed hourly traffic flows using the MDT paths and the data
recorded by magnetic coils on three country roads, the penetration of the MDT sample
was estimated ≥ 1.5%, and the daily changes of the traffic flows were well reproduced
on average (see Sect. 2 in the Additional file 1). We have verified that even in an urban
context the path length distribution and the travel time distribution can be reproduced
by a power law as proposed by various authors at larger spatial scales [14–18]. However,
the MDT paths can be disaggregated into homogeneous classes applying FCM clustering
algorithm. The features of each class and the identification of the underlying road sub-
networks allow to associate the detected classes to different mobility types, defined as the
slow mobility, the urban traffic, the extra-urban traffic and the highway traffic. The sta-
tistical distributions of MDT paths in each class turn out to be exponential and tend to
collapse in a single curve if one normalizes the variables by their average values. Therefore,
an application of the ME Principle can explain the exponential distributions by the exis-
tence of a mobility energy and it allows to understand the power law distributions as the
consequence of the multilayer structure of the road network, and not of specific dynamical
features of individuals performing urban mobility. Under this point of view, from one hand
it is possible to highlight the relevance of the different mobility types in the area, but from
the other hand one cannot infer the individual behavior from the statistical distributions
and no other spatial or temporal structures emerge except the average values.
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To detect some features of the individual behavior we have considered a specific OD
mobility (from the inland to the coast and vice versa). Our results show that the slow
mobility can play a relevant role even when the path length increases probably because
pedestrian and cycle paths are present and traffic restriction rules are applied in the area.
Moreover, for the extra-urban mobility the results are consistent with the existence of a
gravitational-like law [33] for the attractiveness of the coastal zone, where most of the
tourist activities are located. The hourly changes of the different mobility types highlight
that the slow mobility is favored by the limited availability of parking places and by the
existence of pedestrian zones, whereas the private car is mainly used during the rush hours
in the morning and in the evening by commuters and incoming visitors.

Our results prove that the existence of GPS quality data sets (like the MDT data set) on
individual mobility can highlight the multilayer structure of the road network involved in
the mobility, that is a property of the considered urban context, but it is not sufficient to
understand the dynamics of individuals to make predictions when changes occur. A pos-
sible approach is to study transient situations using the results of the Non-Equilibrium
Statistical Physics [36]. This issue requires data sets able to detect individual dynamics
with a sufficient statistical penetration. Only in this way the complexity science could pro-
vide useful tools to stakeholders to develop policies for the realization of a sustainable
mobility [41].
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