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Abstract Research on pedestrian behavior requires empirical field studies. A num-
ber of methods for data acquisition are available. However, a low-budget approach
that can be applied to measure pedestrian destination choice in large-scale uncon-
trolled field studies is still missing. The measurement of destination choice patterns
is important for validating strategic models, which describe in which order pedes-
trians visit locations to perform activities. We propose a Raspberry Pi setup for
WiFi-based tracking of pedestrians by their handhelds in an anonymized manner.
The method is useful for recording the microscopic and macroscopic crowd dy-
namics of large-scale uncontrolled field studies, e.g. public events. Furthermore, we
provide a concept for strategic model validation that is based on the measurements.

1 Introduction

In pedestrian dynamics research, empirical data is used to validate computational
models of pedestrian behavior. Validation is a process that evaluates if a computa-
tional model can forecast or simulate specific features of the real world with certain
accuracy.

Models that describe strategic pedestrian behavior [11] are used for simulating
destination choices of pedestrians in complex environments (e.g. transport hubs or
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public events). Hence, strategic models describe how pedestrians repetitively find
destinations to visit. The resulting visiting patterns are the spatial choice sequences
in which people perform activities [9]. In order to validate models that simulate the
strategic decision making in complex environments, data of a large spatiotemporal
coverage is mandatory.

The method of choice to acquire raw data for strategic model validation purposes
is to measure the WiFi-signatures of the mobile devices of pedestrians in large-scale
studies [4, 6]. The analysis of the signatures provides the localization and unique
identification of individuals. Furthermore, the method can measure the duration the
devices stayed at a location. In contemporary research, WiFi-signature are measured
by exploiting the local network infrastructure [6] or utilizing commercial devices
[4]. Unfortunately, applying such methods in uncontrolled field studies is seldom
possible. Many environments do not provide a network infrastructure (e.g. open air
festivals) or the existing infrastructures may not be accessed due to security reasons.
Furthermore, the application of commercial WiFi-measuring devices in large-scale
field studies can generate high costs. To overcome these issues, we provide a solu-
tion for WiFi-signature measuring based on Raspberry Pi computers. The approach
enables researchers to set up a low-budget measuring infrastructure in large-scale
uncontrolled field studies to capture WiFi-signature of people that have mobile de-
vices with active WiFi. The WiFi-signatures enable to analyze the pedestrian visiting
patterns for validating strategical models of pedestrian dynamics.

2 Related work

Modeling pedestrian behavior is typically approached in a behavior concept com-
prising a strategic, a tactical, and an operational behavioral layer [11]. Each layers
can comprise different models that describe pedestrian behavior and each model
needs to be validated to proof its practical applicability amd validity.

Operational behavior models address the movement of pedestrians. The valida-
tion criteria of operational models are typically based on the fundamental diagram
[3] and observable crowd-behavior phenomena [10].

Tactical behavior models typically address directed wayfinding behavior [12].
Wayfinding models are validated based on data that captures the route choices of
pedestrians from GPS-based studies [2] or laboratory experiments [7].

Strategical behavior describes how pedestrians solve the destination choices
problem [9, 11, 13]. This means that a pedestrian repetitively selects a location to
visit. After a destination choice, the pedestrian walks to the location and performs
the activity at the destination. Typical activities are buying a coffee, waiting for
the bus, or enjoying a street performance. However, strategic pedestrian behavior is
complex in the sense that multiple personal and environmental factors influence and
guide the destination choice process of pedestrians [9, 13].

The process of validating strategic models needs large data sets of visiting pat-
terns. Such data can only be acquired by large-scale uncontrolled field studies, e.g.
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public events. Furthermore, laboratory experiments that use virtual worlds are not
suited for strategic data acquisition because the interaction of a large number of
pedestrians in a complex environment demands an extremely high number of inter-
acting participants over multiple hours.

The challenges in measuring data for strategic model validation purposes is to
reach a high-level of data coverage and data accuracy. In contemporary research, the
analysis of WiFi-signatures of pedestrians’ mobile devices is a method to approach
this challenge [5, 6]. WiFi-signatures are especially suited for validating strategic
models because they can provide information about the localization and identifica-
tion of individual WiFi-devices over a long time period.

A WiFi-signature comprise the unique MAC-address (Media-Access-Control-
Address) of the mobile devices and the RSSI (Received Signal Strength Indicator)
of the signal [1]. The RSSI is a relative parameter of a signal for which large values
indicate a better signal strength. The free-space path loss function [8] can estimate
the distance between a WiFi-sender and a receiver by means of the RSSI. Unfortu-
nately, all obstacles introduce damping and decrease the RSSI values. This damping
leads to a bad noise to signal ratio, which can distort distance estimations.

3 Methodology

In this section, we provide the methodological aspects of setting up a WiFi-signature
measuring network for validating strategic models of pedestrian behavior based on
Raspberry Pi computers. Figure 1 shows the general approach of the methodology.
We explain each aspect of the method in the following subsections.
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Fig. 1 This schema shows the core aspects of the paper’s approach. Initially, the hardware and
software are assembled. The assembly has to be setup for multiple devices. In a field study, the de-
vices are placed at the activity locations of the scenario. Therefore, the scenario has to be analyzed
first. After the study, the measured data is post-processed. The validation of a pedestrian behavior
simulation with focus on strategic behavior can be done with the processed data.
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Fig. 2 This figure shows
hardware in a waterproof
box. The setup comprises a
power bank, a USB-power-
connector, a WiFi-dongle, a
microSD-card, and a Rasp-
berry Pi.

3.1 Device assembly

Here, we provide information for the software and hardware assembly of the mea-
suring devices.

A goal of this research is to use a set of low-cost hardware devices that read WiFi-
signals from pedestrians’ mobile devices in field studies. Typically, all locations of
a scenario where pedestrians can perform activities are points of interest and need to
be equipped with at least a single measurement device. Furthermore, all measuring
devices have to operate power-independent because it is not guaranteed that every
point of interest provides a stable power supply.

Our solution to the aforementioned requirement is to use a Raspberry Pi hard-
ware, a portable USB-based power bank with ≥10400 mAh, and a microSD-card
with a Linux operating system. Each device reads WiFi-signals via a low-cost USB-
WiFi-dongle that is able to operate in the so-called monitor mode. This mode
changes the operative behavior of the dongle to listening. Thus, the dongle will
capture all incoming signals. The availability of the monitor mode is hardware and
driver dependent. Any USB-WiFi-dongle that supports monitor mode can be used.
However, every dongle-type provides different physical WiFi-properties. Finally,
most large-scale field studies are conducted in open-air conditions. Therefore, we
used waterproof boxes to protect the hardware. Figure 2 shows the hardware setup.

The basis of the software is the ArchLinux operation system. Furthermore, we
utilize the scapy and the hashlib Python libraries. The scapy library provides code
to access received WiFi-signals. Each read signal comprises the RSSI and the MAC
address of an incoming signal. We encrypt received MAC addresses by computing a
SHA-256 hash before storing data in a file. In large-scale field studies, multiple mea-
suring devices are used. Hence, all devices use the identical private-key for hashing.
This provides the identical hash value for the same MAC address.

The time at which the signal was received is the device’s system time and is also
stored in the data file. The used Raspberry Pi computers do not provide an internal
real-time clock. Thus, we applied a time-server concept so that the devices reads the
current time if connected a setup computer. Another solution is to set the internal
time of the devices by the command line. The clock on all used devices needs to be
synchronized for good analysis results.
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Fig. 3 The figure shows the
layout of the music festival
field study based on data
from VABEG Event Safety
Limited. The positions of
the measuring devices are
indicated as blue circles. Sta-
tionary obstacles are indicated
with gray lines and polygons.
Visitors can interact with
areas (e.g. buy food) which
shown in dark pink. Other
areas are explicitly named.
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3.2 Use in uncontrolled field studies

The setup of a measuring network in uncontrolled field studies starts with analyzing
the scenario. In this process, we used maps, layouts, and general information pro-
vided by the organizer and operator of the area of the study. The analysis focuses
on identifying locations where pedestrians can perform activities. These are for ex-
ample shops, restrooms, dedicated entrances, or leisure areas. At least all spatially
clearly distinguishable locations should be equipped with measuring devices.

We tested the WiFi-measuring method in two open-air case studies: a music fes-
tival and a Christmas market. Figure 3 shows the layouts and test positions of the
measuring devices for the music festival. Details of the Christmas market study are
given in [15].

The power supply enables to run the devices approximately 12 hours. Therefore,
we activated all devices and started the measuring procedure via Ethernet connection
before mounting the devices at available spaces at the locations. It is recommended
to find mounting positions with a minimum of obstacles towards the area where
the crowd will perform activities at the destination and with some distance to the
ground. We also marked the different locations on a map and via GPS.

3.3 Post-processing

The measured WiFi-data comprises the encrypted MAC address, the date and time
of measuring, the RSSI, and the number of the Raspberry Pi device, which did the
measurement. The post-processing of the data includes following operations:

1. Extract the data of all devices and merge all data files into a single file.
2. Remove duplicate data entries by deleting data entries with a smaller (worse)

RSSI value if all other data elements of the signal are identical.
3. Sort the data based on the encrypted MAC address, the date, and the time.
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4. Compute the free-space path loss for all RSSI values for the data. This provides
the estimated distance for each measurement.

5. Remove all data entries that exceed a maximal estimated distance threshold d.
This provides an estimated maximal distance to the measuring devices.

6. Remove all data entries that exceed a minimal estimated distance threshold k and
cover a time-span of s. This deletes data of staff members near the devices.

7. Remove all data entries if the number of entries for a single MAC address is
smaller than a threshold z. This reduces data from passers-by.

8. Aggregate the data for each device and each encrypted MAC address.

Typical study dependent parameters we applied in the field studies are: d1 = 10m,
d1 = 5m, k = 2m, s = 120min, and z = 10.

3.4 Strategic model validation

The post-processing of the WiFi-measurements provides a data set for each Rasp-
berry Pi device and each encrypted MAC address. Both data sets are sorted regard-
ing the time and date of each signal. Figure 4 provides data samples of the music
festival field study. We use this data to describe two validation principles of strategic
pedestrian behavior models.

Strategic models that are implemented in microscopic pedestrian simulations de-
termine the sequence in which each pedestrian visits locations. Therefore, the micro-
scopic decisions of pedestrians lead to macroscopic properties of the crowd. These
properties describe the number of pedestrians at any destination over time.

The first validation approach addresses the macroscopic properties of strategic
models and uses the device-based data of the WiFi-measurements. If the strategic
model predicts the destination choice dynamics of a crowd correctly, the number
of pedestrians at destinations over time will correspond to the measured data. We
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Fig. 4 The figure provides example data of the music festival study. (a) shows the number of WiFi-
devices with an estimated maximal distance of 10 m from the measuring devices over time in hours.
We applied a discrete 1D-Gaussian filter of size 5 for smoothing. (b) shows the visiting sequence
of a pedestrian with an estimated maximal distance of 5 m to the measuring devices. Leisure areas
are close to restrooms. Diagonal lines indicate inaccuracies due to missing data.
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propose a comparison metric for the data that is based on grouping the data into the
operational phases of a field study, e.g. rush-hour, music performance, or entry. The
method compares the mean number of pedestrian of the study and of the simulation
in each phase at each destination.

The second validation focuses on the microscopic visiting patterns of simulated
pedestrians and uses the encrypted MAC address data. The data provides an esti-
mator for the destination visiting sequences of pedestrians. The validation evaluates
if the visiting sequences of individual people of the study and the simulation cor-
respond. The comparisons should use categories of destination, e.g. group shops
with the same goods. Thereafter, the procedural conformity of the simulated and
measured activity-sequences can be compared.

4 Accuracy discussion

The WiFi-method to acquire data of the pedestrian dynamics of a large-scale sce-
nario provides a method to validate strategic models of pedestrian behavior. How-
ever, we have to be aware of important inaccuracies in measuring WiFi-signals:

• The percentage of people p% that have a handheld with active WiFi is unknown.
We applied the value p= 81.43% based on the Christmas market field study [15].

• The mobile devices check for WiFi-networks in intervals. The duration between
two checks is dependent on the devices’ hardware and the operating system.

• The estimated distance is computed via the free-space path loss function. In field
studies, this function provides a quite inaccurate estimator for the real distance
between a mobile device and a measuring device [1]. The research field on WiFi-
localization [14] provides improvements for the distance estimations.

• Each WiFi-receiver and -sender does have different wave propagation and signal
strength properties. In order to improve the accuracy of the measurement, the
properties of the devices have to be identified accurately. We conducted a labora-
tory experiment with different mobile devices to evaluate the wave propagation
properties of the applied USB-WiFi-dongles and measuring device positioning.

5 Conclusion

In this paper, we presented a WiFi-based method to acquire pedestrian visiting pat-
terns in large-scale uncontrolled field studies for strategic model validation. The
method is based on Raspberry Pi computers and is a low-cost approach that does
not require an WiFi-infrastructure. The measured data is anonymized via encryption
and provides the number of pedestrians with an active WiFi-device in proximity to
measurement devices and the location visiting sequences of pedestrians.

Strategic models describe the destination choices of pedestrians. Hence, these
models provide an approach to simulate the pedestrian dynamics of complex large-
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scale environments. We explained a microscopic and a macroscopic validation ap-
proach for validating strategic models based on post-processed WiFi-data.

The method still needs to be improved regarding the accuracy of the measure-
ments but provides a unique approach for validating strategic models by data of
large-scale uncontrolled field studies.
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thesis


