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1 Pedestrian Data Collections

Gathering data about pedestrian origins, destinations and routes is difficult, in particular
indoor and on a large scale. Different sensors could be used, such as Bluetooth or GPS
signals from smartphones or cameras. Such data are important for route choice model-
ing, description of congestion, efficient design of new facilities, and travel guidance and
information systems.

According to a report by Cisco [1], there will be more than 7 billions smartphones
and tablets on Earth end of 2012. In this context, research has been done on digital
footprints on the smartphone for route choice [2] or real-time traffic monitoring [5]. Most
data collections are device-centric. In this paper, we focus on the network infrastructure

and the resulting digital footprints that exists in WiFi access points (APs) and cell towers.



Both WiFi and GSM traces allow for the localization of mobile devices, but they are
scarce and fuzzy. We propose a methodology to use these traces to generate pedestrian
OD matrices.

Using data from communication infrastructure has already been done, both with WiFi
and GSM traces. Calabrese et al. [4] propose an OD matrix for the Boston metropolitan
area based on data from the cell tower the mobile phone was connected to. Origins and
destinations are regions, they compare they results with existing statistics and they don’t
consider the mode nor the underlying network. A large literature exists about WiFi as
well, defining mobility models not as a tool to understand mobility itself, but in order
to improve the quality of the WiFi (minimizing the handoff delay incurred scanning for
available APs). The goal is to predict the next point-of-attachment of the user. Very often,
field studies are done on campuses, but a recent paper [7] also applied its methodology
to Municipal Wireless networks. In [7] and [8], the underlying mobility infrastructure is

considered. They consider as destinations either buildings [8] or APs [7].

2 Destination Generation Based on WiFi Traces

We propose to extend this work with a focus on mobility behaviors of pedestrians. Our
goal is not to improve the Wireless network, but to gather information on pedestrians from
these data. We use the underlying pedestrian network, but also information about latent
classes in the population, and information about potential destinations.

APs are usually not compliant with the behavior we would like to model. Thus, instead
of considering a group of APs or a single AP as a destination ([4], [7], [8]), we consider the
different points of interest around each AP as potential destinations, using the concept of
“domain of data relevance” (DDR) [3].

We use EPFL campus as a field study. Two different datasets are available. The first
one is based on the AP to which the device is connected. We have a signal every time
the device creates a connection with the AP (see Figure 3). The second dataset uses
triangulation from the signals received by all APs around the device. These data have
been collected in collaboration with Cisco, using their Context Aware Mobility Service and
are unique for this purpose to our knowledge. Both data collections are still running.

Based on the methodology developed in [6], we create both a structural and a measure-



Figure 1: EPFL Pedestrian network. Red links are 1st floor, blue links are 2nd floor. We

can see the shape of the buildings of the campus.

Figure 2: The Rolex Learning Center pedestrian network at EPFL. Contrarily to other

buildings, the structure of the network is not a grid.



ment model. The structural model defines the next-destination prediction, based on time
of the day, type of activities at destination and latent classes. It is independent from the
data. More precisely, a destination model predicts the next destination of the device and
for each destination both the arrival and departure time at this destination.

The measurement model gives a probability that a given list of destinations generates
the data. This probability is decomposed recursively by destination. Spanning paths
between destinations, we can compute the distance to the AP and thus the likelihood this
AP generated a signal.

Since the generation of lists of destinations is facing a combinatorial effect, we use the
domain of data relevance (DDR) to limit this generation to a tractable number of possible
states. For each signal, we define the DDR and connect all destinations in this DDR to
the previous destination. This process leads to the definition of intermediary destinations,
i.e., signals while moving, that we need to filter. Between intermediary destinations, we
assume the device to follow a weighted shortest path.

This framework gives the opportunity to use other data in the model. We can assume
that people with an office don’t have the same mobility patterns compared to students:
the first ones are always coming back to their office, while the second one are not. We
also know the proportion of students and employees on the campus, and thus we can use
latent classes (since we don’t know which signal correspond to which class). In the same
way, we can use data about the access to campus. A survey was done about the transport

mode used to reach the campus, and it gives an idea about the first destination of the users.

As a conclusion, we present a methodology for digital footprints of pedestrians, based on
behavioral foundations with real destinations, and on a unique data collection. It allows
us to explore the generation of OD matrices and route choices for pedestrians. These
advances will benefit city centers, transportation hubs or commercial centers dealing with

congestion, proposing travel guidance or planning a new pedestrian facility.
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Figure 3: Arrival times based on WiFi traces (first dataset, 10 consecutive working days).



