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Spatio-temporal statistical analyses for risk
evaluation using big data from mobile phone
network
Analisi statistiche spazio-temporali per la valutazione del
rischio utilizzando big data dalla rete di telefonia mobile

Selene Perazzini, Rodolfo Metulini and Maurizio Carpita

Abstract In this short paper we summarize the ongoing work pertaining the use and
combination of mobile phone data to characterize the spatio-temporal dynamic of
the presence and the movements of people in the context of smart cities. We develop
ad-hoc statistical approaches with the aim of developing small area indicators and
forecasting traffic flows. The application of these strategies is related to the evalua-
tion of flood risk in urban areas.

Key words: Vector autoregressive model; model-based functional cluster analysis;
T-mode principal component analysis.

1 Introduction

Mobile phone data allow for a dynamic and fine-grained representation of human
activities in urban systems. They are particularly suitable for the analysis and the
mapping of the density of people’s presences [1, 11] and movements [16, 12]. For
this reason, they are increasingly adopted for the analysis of smart cities [2]. Some
recent statistical applications can be found in [5, 4, 6, 9, 10].

Different sources of mobile phone data exist and might be used for different pur-
poses. Here, we overview our ongoing work related to the development of statisti-
cal modeling and classification methods aimed at characterizing the spatiotemporal
dynamic of people’s presences and movements. The presented works concern the
region of the Mandolossa (in the northwest outskirt of Brescia, Italy), which is an
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interesting case study because, being exposed to the risk of flooding, local authori-
ties need several accurate information about people in the area. We restrict our at-
tention to applications connected to three United Nations Sustainable Development
Goals: 9 - Industry, innovation, and infrastructure; 11 - Sustainable cities and com-
munities; 13 - Climate action. In particular, we focus on human exposure to flood
risk, which is constituted by both the individuals staying in and those passing by the
area. An accurate representation of human exposure should therefore account for
the phenomena’ static and dynamic characteristics. We show that the two aspects
can be captured using different sources of mobile phone data. Their adoption allows
for a multifaceted representation of human exposure at the small-area level, there-
fore providing a level of accuracy so high that it is rarely achieved by other types of
data. We dedicate particular attention to the monitoring of traffic networks, which
is a goal of Mission 3 of the Italian National Recovery and Resilience Plan (part
of the Next Generation EU Programme). Furthermore, we show some examples of
how different mobile phone data sources can be combined with each other’s or with
other types of data for the analysis of traffic.

2 Mobile phone data

We consider three types of mobile phone data:

• Crowding data (MPD), representing the Mobile Phone Density - i.e., the average
number of mobile phone SIM cards in a squared cell of a pixel grid of dimension
150×150 meters in a 15-minute interval;

• Flows data (OD), representing the Origin-Destination flows - i.e., the number of
SIM cards moving from one of the “Aree di CEnsimento” (ACE) of the Province
of Brescia shown in the left map of Figure 1 to another in a 1-hour interval;

• Signals data (MDT), representing the data collected using the “Minimization of
Drive Tests” technology that registers radio measurements of signals (i.e., phone
calls, text messages, internet browsing, or technical operations on the network)
transmitted over the 3G/4G mobile network from/to terminal devices with GPS
enabled. The signals are collected in 15-minute intervals and geo-referenced on
a grid of pixels measuring 10 meters per side. Though the MDT data only repre-
sents a sample of users, the accurate geolocation allows for small-area estimation.
Since a mobile phone can produce multiple signals in 15 minutes, we refer to the
number of grid cells from which MDT signals originated in an area.

The three types of data concern users subscribed to TIM and cover different peri-
ods and partially different (but overlapping) areas (see the left map of Figure 1). The
MPD data was provided by the Municipality of Brescia in the context of a territo-
rial monitoring project between 2014 and 2016. For this reason, they collect phone
signals from April 1st, 2014, to August 11th, 2016. The OD and MDT data have
been provided by Olivetti S.p.A. (www.olivetti.com) with the support of FasterNet
S.r.l. (www.fasternet.it) for the MoSoRe Project 2020-2022. The OD data cover the
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period between September 2020 and August 2021, while the MDT data refer to 5
days of November 2021 (namely Wednesday 10th, Friday 19th, Saturday 20th, Sun-
day 21st , and Monday 22nd). Indeed, MDT data require particular technologies to be
activated and tested before data collection. For this reason, the data collection pro-
cess is costly and takes time, and the produced MDT datasets typically cover short
periods and small areas (see the right map of Figure 1). To overcome this issue, days
for MDT data collection have been chosen in such a way as to represent a typical
week.

It is worth noticing that, while the MPD and the OD data have already found
applications in statistics, the MDT data have been very recently released and have
been almost exclusively adopted in network engineering.

Fig. 1 Left: map of the ACEs of the Province of Brescia (black), and the areas captured by the
MPD data (green) and by the MDT (red) datasets. Right: map of the ACEs (black) in the MDT
dataset (red) and of the flood risk map with time to return equal to 20 years (blue).

3 An overview of statistical analyses

As a first step, we show that mobile phone data can be used to produce small-area
indicators. In this regard, in [13] we use the MPD and the MDT data to represent
respectively crowding and traffic intensity in the “Sezioni di CEnsimento” (SCE)
(which are subdivisions of the ACEs) within the area captured by the MDT database.
To this scope, since the MPD data are defined over a grid of quite large pixels, the
number of users in each cell is distributed among the SCEs proportionally to the
fraction of the area of the cell overlapping each of them:
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MPD jt = ∑
k

MPDkt ·
Area(SCE j ∩Cellk)

Area(Cellk)
(1)

where j indicates a SCE and t a time interval. As far as the traffic intensity is con-
cerned, the MDT database is compared to a street map and is restricted to the phone
signals originating from streets. Then, we count the number of cells of the MDT
pixel grid corresponding to streets for each SCE j and each time interval t, and the
obtained values are divided by the area of the street network in the j-th SCE:

MDTjt =
Number(Streets Cells jt)

Area(Streets j)
. (2)

The two resulting sets of data (eq. 1 and 2) are analyzed and spatial patterns are
investigated. At last, two indicators are defined using two T-mode principal compo-
nent analyses [3] (see the left map of Figure 2 for an example). Given the strategic
role of the road network in flood emergency management, three indicators captur-
ing the main characteristics of the streets in the SCEs are also defined based on
the available street maps. The joint analysis of the two mobile-phone-based and
the three street-map-based indicators might be used to identify the areas with high
concentrations of people or major connecting routes.

Mobile phone data can also be used for estimation and forecasting. In this re-
spect, in [12] we use the OD data to analyze the traffic flows linked to the ACEs
overlapping the flood risk map (see the right map of Figure 1). In that paper, a vec-
tor autoregressive model with dynamic harmonic components capturing complex
seasonality [7] has been defined to forecast traffic flows:

FFFlllooowwwt = ννν +
p

∑
h=1

AAAhFFFlllooowwwt−24×h +BBBxxxt + εεε t (3)

where FFFlllooowwwt is a vector of length 3 containing the flows to, from, and within the
ACEs exposed to floods. ννν is a constant vector of length 3, p is the autoregressive
parameter, AAAh is a 3×3 matrix of coefficients to be estimated, εεε t is the 3×1 vector
of the error terms at time t, xxxt is the vector of the l exogenous variables at time
t, and BBB is the 3× l matrix of coefficients of the exogenous variables. The vector
BBBxxxt is modeled using proper dynamic harmonic regression components. Despite the
partial autocorrelation function of the estimated residuals showing significant first-
order autocorrelation and a leptokurtic distribution with heavy tails, by means of a
k-folds cross-validation we find that the model achieves satisfactory performance in
forecasting both the number of people moving (see figure 2, that shows true versus
fitted values for randomly chosen validation days) and the level of traffic intensity.

Then, in [14] we show that the estimation can be improved by combining the
OD data with the MDT. We use the MDT data to estimate the proportion of traffic
flows related to the flood-prone area in an ACE. The resulting ratios are then applied
to the OD data as weights, in such a way as to obtain the traffic flows at risk. The
combination of these two pieces of information allows us to produce statistical es-
timation and forecast of traffic flows for short time intervals at the small area level.
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Fig. 2 Results of the analyses. Left: map of the traffic intensity indicator. Right: Observed (black)
versus forecasted (colored) internal traffic flows. Validation days: Saturday February, 13th, 2021
(top), Tuesday July, 13th, 2021 (bottom).

This information can be used by local authorities to promptly activate traffic control
actions aimed at preventing human losses and injuries.

4 Discussion and future developments

In this paper, three modern sources of mobile phone data have been presented, and
their potential in the analysis of people’s presence and movements has been shown
through the discussion of some applications. We showed that the combination of dif-
ferent mobile phone databases can improve the accuracy of estimation. This aspect
is still part of our current research. For example, we are working on a VARX model
for forecasting traffic flows in risky areas, including traffic intensity and crowding
indicators as regressors. Moreover, we presented some examples of how mobile
phone data can be combined with other data sources to provide a multifaceted rep-
resentation of a complex phenomenon. Nowadays, we are extending our research by
introducing further data sources in the analysis and exploring the dynamics that link
them. For example, in the context of the project “Data Science for Brescia”, we are
jointly analyzing mobile phone data and expenditure indices defined on Mastercard
payment data to monitor the social and economic impacts of cultural events in the
city of Brescia.
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