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Abstract

Data is essential for effective urban planning and management. This chapter provides
a comprehensive overview of data and data collection techniques for pedestrian
planning, aiming to provide researchers and practitioners insights into selecting
suitable data and data collection techniques based on their specific pedestrian
planning needs. This chapter begins by outlining the taxonomy of data for pedestrian
planning, identifying the types of pedestrian behaviour, data types, and data features
that are important for pedestrian planning considerations. It specifically identifies four
types of data that are essential for pedestrian planning, namely environmental and
infrastructure data, traffic data, personal characteristics, and physiological data. This
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chapter provides a comprehensive overview of each type of data used in pedestrian
planning and where these data can be sourced. Moreover, this chapter provides an
in-depth overview of different data collection techniques used in pedestrian planning,
including sensors, crowd sourcing, and eXtended Reality. The advantages and lim-
itations of each technique are also discussed, offering practical insights for employing
them for data collection purposes. In summary, this chapter serves as a compre-
hensive guide to understanding the why, what, where, and how of using data to
enhance pedestrian planning. It offers the readers the knowledge to collect and use
data effectively, which ultimately supports the designing, planning, and management
of pedestrian-friendly urban environments.

1. Introduction

Walking is an essential mode of transportation in today’s urban
environments. The behaviour of pedestrians is complex and multi-
dimensional, as pedestrians interact continuously and dynamically with
their environment, consisting of their infrastructural surroundings and the
people in it. Pedestrian planning refers to the process of designing,
implementing, and managing infrastructure and policies that prioritize
and enhance the safety, accessibility and comfort of pedestrians in urban
areas. Another term often used in relation to pedestrian planning is
Transit oriented development (Qiang et al., 2022) integrating transit and
land-use. Pedestrian planning aims to create environments that encourage
walking as a primary mode of transportation, promote physical activity,
improve public health, reduce traftic congestion, and enhance the overall
liveability of cities and communities. Pedestrian planning relies on a
variety of data to eftectively design and manage pedestrian-friendly
environments. This does not only involve data on pedestrian counts,
demographic data, safety data, land use, and data on the various trans-
portation networks, but the comprehensive understanding of pedestrian
behaviour is of great significance.

This chapter begins with Section 2, which introduces the taxonomy of
data for pedestrian planning, covering essential pedestrian behaviour, types of
data, and critical data features. Following this, Section 3 delves into the four
key types of data crucial for urban planning, explaining their usage in
pedestrian planning and identifying where these data can be found. Section 4
presents the most commonly employed data collection techniques, discussing
their respective advantages and limitations. Finally, Section 5 provides a
summary of the chapter’s key points.
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2. Taxonomy of data for pedestrian planning

As indicated in the introduction, pedestrian planning consists of two
main elements, namely the design of pedestrian-friendly infrastructure and
the management thereof. Pedestrian planning starts with (the design of) the
land use and transport infrastructure. This infrastructure should be designed
such that its use, for all modes of transport including pedestrians, is safe and
attractive. The usage of infrastructure depends on its turn on pedestrian
behaviour, including user preferences, socio-economic factors and prio-
rities. In the following, we further detail this pedestrian behaviour, and
based on this we identify the requirements for the data and their features for
the pedestrian planning process.

2.1 Pedestrian behaviour

(Feng et al., 2021a) provides an overview of the types of pedestrian
behaviour. For pedestrian planning, chapter 6 identifies relevant beha-
viours, activity choice, destination choice, departure time choice, mode
choice, route choice, and operational movement choice. All these beha-
viours are related, not only to each other, but also to other elements of
pedestrian planning. Fig. 1 provides a conceptual model, that identifies
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Fig. 1 Conceptual model for pedestrian behaviour in relation to pedestrian planning.



62 Winnie Daamen and Yan Feng

these relations. Knowledge is needed on all elements of the conceptual
model, and that for the (pedestrian) planning for a specific area, the cor-
responding information (and thus data) is required.

2.2 Types of data

We distinguish in the remainder of this chapter three groups of data,
namely environment and infrastructure data, use of the infrastructure, and
personal characteristics (pedestrians and their demographics), and finally
physiological data. Each group in itself entails many different types of data,
corresponding to the large amount of data used in literature on pedestrian
planning (Qiang et al., 2022).

We can structure data sources along three dimensions: time, space, and
granularity (Daamen et al. 2020). The time scale ranges from several
microseconds (e.g. delay in propagation of information in autonomous
vehicles) to multiple years (e.g. changes of household composition). The
spatial scale ranges from a cross-section (e.g. lateral distance between
pedestrians) to a whole city (e.g. origin-destination patterns). Finally, the
granularity scale relates to the information available on the individual tra-
vellers, where low granularity implies little information (e.g. for social
media data), while high granularity implies a lot of information per person
(e.g. for people participating in a VR experiment). In a way, this granu-
larity is linked to the distinction between microscopic (individual) and
macroscopic (aggregate or flow) perspectives.

In pedestrian planning, both real-time and historical data play crucial
roles, each offering distinct advantages and serving different purposes.
Real-time data refers to information that is collected and available
immediately as events occur. In the context of pedestrian planning, this
includes live data on pedestrian movements, conditions, and incidents.
Real-time data is typically used for immediate insights and responses, safety
and emergency management and managing pedestrian flows. On the other
hand, historical data refers to information that has been collected over a
period and stored for analysis. This includes past records of pedestrian
counts, survey results, and incident reports. Applications of historical data
can be found in comprehensive understanding of long-term patterns and
trends, informed decision-making for future planning and the evaluation of
policies and interventions.

Experiments and field observations are two distinct methodologies used
to gather data and understand pedestrian behaviour. Experiments involve
manipulating certain variables in a controlled environment to observe the
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effects on pedestrian behaviour. This approach allows for precise mea-
surement and isolation of variables, the ability to establish causal relation-
ships and it provides a safe and ethical testing of potentially disruptive or
hazardous scenarios. Its limitations are the possible lack of validity and/or
real-world complexity, which makes it harder and sometimes even
impossible to generalize to real-world conditions. At the same time, it can
be resource-intensive and time-consuming. Field observations involve the
direct observation of pedestrian behaviour in real-world settings without
manipulating the environment. This approach provides rich, contextual
data about how pedestrians interact with their environment naturally. The
resulting data have a high validity, are cost-effective and relatively easy to
conduct. However, the researcher has limited control over external vari-
ables, making it harder to establish causality. Moreover, the data may have
potential observer bias and subjective interpretations, while it may require
extensive time and effort to gather sufficient data.

2.3 Data features

Understanding the features of data is essential for effectively collecting and
analysing different types of data to derive key information for under-
standing pedestrian behaviour.

Accuracy refers to how close the collected data points are to the true
values. The closer the collected data are to the true values, the higher the
accuracy. Validity refers to the extent to which the collected data repre-
sents the real-world phenomenon. Several aspects of validity are relevant
for pedestrian studies, which include ecological validity, content validity,
construct validity, and face validity (Deb et al., 2017). Controllability
relates to the extent to which the data collection process can be managed
and influenced by the researchers. This includes the ability to adjust con-
ditions and internal as well as external variables during the data collection
process. Another important aspect of data is confidentiality, that is collected
data should remain confidential and comply with legal and ethical reg-
ulations, such as General Data Protection Regulation (GDPR) (European
Parliament and Council of the European Union, 2016) and EU Cyber-
security Act (European Parliament and Council of the European Union,
2019). Representativeness reflects how well the data reflects the char-
acteristics of the population it is intended to investigate. Data with higher
representativeness ensures the derived insights are more generalizable to the
broader population. Bias refers to systematic errors in data collection that
lead to inaccuracies or unfair judgments (Pannucci and Wilkins, 2010).
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Reproducibility relates to the ability to replicate the data collection process
and collect consistent results regarding the data. Cost refers to the required
financial resources for data collection and storage.

3. Types of data for pedestrian planning

A wide variety of data are collected, both by governmental organi-
sations, but also by industry and research institutes and universities.
Nowadays, the number of publicly available data sets is keeps growing
rapidly, not only in general, but also dedicated to pedestrian planning. The
datasets are made available by many persons and organisations and are
provided in many different formats. Rather than providing links to existing
datasets (which will be outdated in no time), we will provide information
on where and how to look for these datasets, and we will give some
references of papers using these datasets.

Based on the conceptual model introduced in Fig. 1, we distinguish
four main types of data, namely the data on the environment and the
infrastructure, data on the use of the infrastructure (traffic), data on personal
characteristics and physiological data. In the following, each of these three
types of data will be discussed in more detail, including references to papers
identifying these data as important for pedestrian planning (first subsection
for each type of data). For each type of data, we also have identified
whether data sets already exist. If that is the case, we have added with
references of papers developing these datasets (second subsection of each

type of data).

3.1 Environment and infrastructure

This section introduces the data on the environment and infrastructure,
detailing their features and relation to pedestrian planning and pedestrian
behaviour. Section 3.1.1 further describes the sources related to the
environment and infrastructure, while Section 3.1.2 provides references to
existing data sets.

3.1.1 An overview of environment and infrastructure data

A walkability framework is often mentioned as a model that can be adopted
in pedestrian planning, not only for micro environments such as university
campuses (Abeysinghe et al., 2023), but also in macro environments such as
public transport catchment areas (Zeng et al., 2022) and cities as a whole.
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These walkability frameworks typically contain neighbourhood environ-
mental attributes and elements (Abeysinghe et al., 2023). Spatial config-
uration of land use and transport infrastructure does not only directly affect
walkability, but it also has a significant impact on mode choice
(Limtanakool et al., 2006; Nzss, 2012).

The environment and infrastructure cover different features, that can be
distinguished as objective and subjective or perceptive features. Where the
objective features of different areas can be compared easily, the perceptual
qualities of an environment depend on the (subjective) experiences of
pedestrians. (Lindelow et al., 2017) shows that this heterogeneity of pre-
ferences should be taken into account in pedestrian planning, as the het-
erogeneous preferences result in heterogeneous responses for among other
things walking frequency.

A wide variety of objective urban physical features that affect walk-
ability and as such pedestrian planning has been mentioned in literature.
Sidewalk width, tree canopy, building heights, weather (Abdelfattah and
Nasreldin, 2019); shading facilities, obstacle barriers, resting seats around
pedestrian walkways, convenience of overpasses and underpasses (Zeng
et al., 2022); architectural features such as building floor plans and local
landmarks (Durante et al., 2018). Though very relevant, these data are
difficult to acquire.

The urban environment is characterized by its richness and multi-
dimensionality of urban streets. The multidimensional nature of streets is
typically analyzed using Geographic Information Systems (GIS) due to
their ability to efficiently manage multiple layers of information (Orozco
Carpio et al., 2024). Recently developed approaches such as 3D modelling,
satellite images, and even gamification, allow users to evaluate physical
attributes of the urban environment (Gholami et al., 2022; Kumalasari
et al., 2023; Bassiri Abyaneh et al., 2021). In addition to simply map urban
spaces, point clouds are used to analyze urban environments, optimize
walkability, perform path planning and enhance safety when analyzing
lighting conditions (Xirui et al., 2022; Xu et al., 2023; Orozco Carpio
et al., 2024; Balado et al., 2019). A point cloud consists of numerous three-
dimensional (3D) points, each with one or more associated attributes, and is
often created using lidar scanners (Fernandez-Arango et al., 2022; Zhang
et al., 2021).

The environment has been shown to have various perceptual qualities:
imageability, legibility, complexity, coherence, enclosure, human scale,
linkage, transparency (Abdelfattah and Nasreldin, 2019), aesthetics
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(Bhattacharya et al., 2020). More individual reactions to the environment
are revealed by a sense of safety, a sense of comfort, and the level of interest
(Bereitschaft, 2017).

In addition to the environment, attention should be paid to the design
of the infrastructure network. According to (Southworth, 2005), six criteria
are relevant to design a successful pedestrian network: (1) connectivity; (2)
linkage with other modes; (3) fine grained land use patterns; (4) safety; (5)
quality of path; and (6) path context.

3.1.2 Existing data sources

(Wang and Yang, 2019) provide a review and bibliometric analysis on
neighborhood walkability. While they provide an overview of 136 papers
on the subject of walkability studies using geographical information systems
(GIS), they point out that there is a significant data scarcity in comparable
and street-level walkability indicators. In the following, some of the most
used data sources have been provided.

OpenStreetMap (2024) (OSM, (“Orozco Carpio et al., 2024)) is one of
the most widely used platforms for accessing open geographic data,
including pedestrian network information (Bessho et al., 2023; Shartova
et al., 2023). Most of the data in OSM originates from data of public
authorities (Rhoads et al., 2023) but its maintenance, and thus data addition
and data checking, is in hands of community of volunteers (‘mappers’) via
open collaboration. Given the increased importance of OSM leading to
many public and private actors relying on it, large corporations including
Microsoft and Apple have employed editors to increase the data coverage
in particular areas of interest (Anderson et al., 2019; Schroder-Bergen et al.,
2022). Especially in China, other maps such as Baidu map and Gaodu maps
(for Pols) are available as well (Qiang et al., 2022). In addition to the
geographic information, OSM also provides a variety of features (as used in
e.g., (Olivari et al., 2023)). However, this is often not enough information
for specific applications, such as accessibility research, or is incomplete for
residential or rural locations (Roper et al., 2022). For those purposes,
dedicated (open) platforms have been created, such as by (Bessho et al.,
2023) and (Bartzokas-Tsiompras et al., 2021).

Walkability tools such as OS-WALK-EU (Fina et al., 2022) and Col-
ouring Australia (Roper et al., 2022) typically use more than only the
geographic data. Satellite imagery e.g., by the European Copernicus, pro-
vided in the Global Human Settlement Layer (“GHSL - Global Human
Settlement Layer,” 2024) is a source that provides more information about
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the environment, among other things about the height contours (both of the
landscape and the buildings), but also about the built-up surfaces and height,
and the distribution of the population (residence density (Fina et al., 2022)).

3.2 Traffic data

This section introduces the traffic data, detailing their features and relation
to pedestrian planning. Section 3.2.1 further describes the different types of
traffic data, while Section 3.2.2 provides references to existing data sets.

3.2.1 An overview of traffic data

Traffic related environmental stimuli are shown to impact decision making
and the ability of pedestrians to navigate unfamiliar spaces (Durante et al.,
2018). These stimuli can be quantified using traffic data, which are related
to the use of the infrastructure, both by pedestrians (crowding) and other
modes. Chapter 3 (on pedestrian flow and crowd operations) and Chapter
5 (on empirical facts on pedestrian flow) show the data related to pedestrian
traffic dynamics, such as flow, speed, and density. These data types can also
be used to describe cars, whereas in public transport the time table and the
routes become more relevant, including among other things number of
stops, frequency and routes (Qiang et al., 2022). Most important type of
pedestrian data is the counts of pedestrians at different locations in the
urban area (Carter et al., 2020).

3.2.2 Existing data sources on traffic data
There are several data sources on traffic available for researchers, ranging
from open datasets to proprietary and sensor-based data. As each country
has their dedicated datasets, we will only give here a subset of data sources.
A search in the country at hand will provide more specific data sources.
Data sources can either contain a static data set that has been collected in
the past and does not undergo further changes, or a real-time data set that is
continuously increasing by adding the most recent data. With respect to the
first type, we distinguish open data sources and sensor and crowdsourced data.
Some examples of this type of data are Google Open Traffic Data (Mostafi
and Elgazzar, 2021) and national transportation data archives such as the
National Transportation Data Archive (NPMRDS) (Turner and Koeneman,
2018), the UK Department for Transport (Chatterton et al., 2015) and the
European Data Portal (Kirstein et al., 2019). Many transportation agencies use
highway sensors such as loop detectors to provide traffic volume and speed
data. In the Netherlands, NDW (National Data Warehouse, n.d.) maintains
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the NDW portal, which gives access to a wide variety of road data, including
cars and bicycles. For real-time traffic data, governments and dedicated
companies typically provide so-called APIs (application programming
interface), which is a connection between computer programs allowing to
access the data.

3.3 Personal characteristics data

This section introduces personal characteristics data, outlining their features
and relevance to pedestrian behaviour. Section 3.3.1 first describes key
components of personal characteristics data, and Section 3.3.2 lists several
existing data sets.

3.3.1 An overview of personal characteristics data

Personal characteristics are one of the most important factors influencing
pedestrian behaviour, which includes socio-demographics, attitude, and
habit (Gotschi et al., 2017).

Socio-demographics typically include age, gender, education level,
income, occupation, ethnicity, and migration background. In literature,
studies have investigated the influence of age and gender on activity choice,
destination choice, and mode choice (De Vos and Alemi, 2020; Figueroa
et al., 2014; Patterson et al., 2005; Rosenbloom, 2004), as well as walking
speed (Pinna and Murrau, 2018; Rahman et al., 2012; Willis et al., 2004);
education level on activity choice and mode choice (De Paepe et al., 2018;
Dingil, Esztergar-Kiss, 2022; Limtanakool et al., 2006); income and
occupation on mode choice and activity choice (Dieleman et al., 2002; Ko
et al., 2019; Zegras and Srinivasan, 2007); and ethnicity and migration
background on mode choice (Blumenberg and Evans, 2010; Mattioli and
Scheiner, 2022; Tal and Handy, 2010).

Attitudes are considered an important factor in determining travel
behaviour (Mehta, 2008; Nicolas et al., 2017). It is defined as “learned
predispositions to respond in a consistently favourable or unfavourable way
towards a given object, person, or event” by social psychologists (Hayes
1993). Many studies have examined the relationship between attitudes
toward travel modes and mode choice, such as cost, flexibility, availability,
comfort, privacy, and car ownership (Arroyo et al., 2020; Elias and Shiftan,
2012; Etminani-Ghasrodashti et al., 2018; Lin et al., 2017).

Habits are broadly defined as patterns of behaviour that are acquired
through learning and serve to achieve particular goals or outcomes
(Verplanken and Aarts, 1999). Pedestrian behaviour or general travel behaviour
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can become habitual and lead to automatic performance with less need for
decision-making processing when actions are repeated (Ouellette and Wood,
1998). A number of studies have examined the effect of travel-related habitual
behaviour on activity choice and mode choice (Hoang-Tung et al., 2017;
Murtagh et al., 2012; Ralph and Brown, 2019).

Besides individual characteristics, the social environment of a person,
including household, social contacts, and neighbourhood, plays an
important role in pedestrian travel behaviour. Studies have found that
household variables, such as household size, household income, housing
source, presence of children and elderly, and car ownership (Zhou and
Wang, 2019), have a significant impact on activity choice and planning, as
well as mode choice (e.g., Srinivasan and Ferreira, 2002; Chakrabarti and
Joh, 2019; Dieleman et al., 2002). Social contacts refer to the various social
connections that potentially shape an individual’s travel choices, including
family members, friends, colleagues, and the broader population. For
instance, studies have examined how the size, composition, and mode
choice of an individual’s social networks influence activity choice and
mode choice (Lin and Wang, 2014; Kowald et al., 2015; Phithakkitnukoon
et al,, 2017). Many studies have examined the relationship between
neighbourhood variables, including land use types (e.g., commercial versus
industrial), employment levels, housing demographics, service accessibility,
and economics (e.g., average dwelling value) (Manaugh et al., 2010), and
travel behaviour such as mode choice and activity choice (Kitamura et al.,
1997; Cao et al., 2009; Voulgaris et al., 2017; Aditjandra et al., 2012). A
more detailed discussion of the impact of social environment on pedestrian
behaviour can be found in Chapter 6: Pedestrian travel choice behavior
and Chapter 9: Calibration, Validation & Verification.

3.3.2 Existing data sources on personal characteristics

There are several open-source statistical databases that provide data on indivi-
duals and their social environment, including demographics, socioeconomic
factors, health, and mobility. Global and regional statistics can be found in the
World Bank Open Data (https://data.worldbank.org/), United Nations Data
(UNdata, http://data.un.org/), OECD Data (https://www.oecd.org/en.html),
Eurostat (https://ec.curopa.eu/eurostat/) and Gapminder (http://gapminder.
org/). Many countries also have open government data initiatives providing
social statistics, such as USA (data.gov), UK (https://ukdataservice.ac.uk/),
Germany (https://www.destatis.de/), Canada (https://www.statcan.gc.ca/en/
start) and the Netherlands (https://www.cbs.nl/en-gb/our-services/open-data).
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There are several national surveys around the world that collect travel
behaviour data along the personal characteristics data. For instance, the
Dutch National Travel Survey (ODIN in Dutch) contains detailed data
regarding travel behaviour (e.g., travel trips, travel time, travel modes,
and travel purposes) and personal characteristics (e.g., age, gender,
income, level of education) of the Dutch population aged 6 years and
over. Participants are invited by letter to complete an online ques-
tionnaire, which results in an annual sample of over 45,000 respondents
(Mobility; per person, modes of travel, purposes of travel and regions,
2024). Similarly, the Netherlands Mobility Panel features travel beha-
viour of a fixed group of individuals and households in the Netherlands
over several years (MPN data, 2024). Other Dutch mobility panels are the
Verplaatsingspanel (NVP) and the CBS Safety monitor. In the United
Kingdom, the National Travel Survey collects data on personal travel by
residents of England via interviews and a seven-day travel diary. It con-
tains information on travel mode, travel purposes, destination choice, and
individual information such as age, gender, social and economic infor-
mation, occupation, household variables, and vehicle information.
Approximately 16,000 individuals participate in the survey per year,
(National Travel Survey, 2024). Additionally, the National Travel Atti-
tudes Study data, which is derived from a panel survey of people who
have completed the National Travel Survey, runs twice a year and col-
lects data on travel attitudes (National Travel Attitudes Study, 2024). In
the United States, the National Household Travel Survey collects data on
daily non-commercial travel including travel modes, travel purposes, and
travel time, along with personal characteristics, such as age, gender, and
household composition (National Household Travel Survey, 2024).
Similar datasets are often made available by other countries with similar
setups of surveys, such as the National Travel Survey in Canada (National
Travel Survey, 2024), the Household Travel Survey in Australia
(Household Travel Survey, 2021), and the Mobility Panel in Germany
(Mobility Panel Germany, 2024).

There are also several datasets that focus on the impact of personal
characteristics on pedestrian movement dynamics. For instance, (Subaih,
Maree, Chraibi and Awad, 2018) investigated the impact of gender com-
positions on pedestrian movement dynamics in a corridor. The movement
trajectories of 47 participants (26 females and 21 males) were recorded
under different densities and gender compositions. Similarly, (Pactzke
et al., 2021) focused on the impact of gender compositions on pedestrian
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movement speed in single-file movement. A total of 40 females and 40
males participated in the experiment and their movement trajectories of the
left and right oval were recorded for each experimental run.

3.4 Physiological data (Yan)

This section introduces physiological data and their relevance to pedestrian
behaviour. Section 3.4.1 first describes key components of physiological
data, and Section 3.4.2 lists several existing datasets that relate to physio-
logical data.

3.4.1 An overview of physiological data

Physiological data is another type of data source to provide insights into
pedestrian behaviour with respect to their stress level, cognitive load,
emotional response, and physical exertion. Generally, physiological data
can be categorized into biological measurements related to cardiac
activity, skin response, muscle engagement, and motion movement (Ahn
et al., 2019).

Electrocardiography (ECG) and photoplethysmography (PPG)
are the most commonly used indicators to reflect cardiac activity. Literature
often uses Heart Rate (HR) and Heart Rate Variability (HRV) to measure
the impact of environmental factors in the built environment on pedestrian
stress level (Ahn et al., 2020; Kim et al., 2020, 2019; Lajeunesse et al., 2021).

Electrodermal activity (EDA) refers to autonomic changes in the
electronic properties of the skin, which commonly features Skin Conductance
Response (SCR) and Skin Conductance Level (SCL) (Braithwaite et al., 2013).
EDA is widely used as an indicator of arousal and activation of the sympathetic
nervous system. Studies have used EDA data to examine the impact of
environmental stimulus (Birenboim et al., 2021; Kim et al.,, 2020), road
infrastructure (Lajeunesse et al., 2021), and crowd density (Engelniederhammer
et al., 2019) on pedestrian emotional responses.

Electroencephalography (EEG) measures the electrical activity of
the brain recorded by electrodes and it is well established that EEG data can
reflect cognitive load and attention (Antonenko et al., 2010). EEG is often
used in accessing pedestrian spatial awareness, cognitive processes, and
perceptual attention during wayfinding and evacuation (Occhialini et al.,
2016; Erkan, 2018; Kalantari et al., 2022; Mavros et al., 2022).

Electromyography (EMG) captures the electrical potentials created
by skeletal muscle cells during their contractions (Chen et al., 2011). It is
commonly used to reflect obvious or unapparent movement intentions



72 Winnie Daamen and Yan Feng

during pedestrian walking, such as stride frequency, stride lengths, and
walking patterns (Chen et al., 2011; Courtine and Schieppati, 2003;
Gasparini et al., 2020; Wang et al., 2013).

Advanced motion tracking technologies, such as eye tracking and
full-body motion capturing, provide new possibilities to analyze pedestrian
virtual attention and physical movement. Eye tracking data (e.g., gaze
patterns, gaze time, and gaze sequences) are widely used to analyze the
information acquisition process during wayfinding and evacuation process
(Bae et al., 2020; Beek et al., 2024a; Feng et al., 2022b; Wiener et al.,
2012). The full-body motion-capturing system records the three-dimen-
sional movement of individuals. While its usage is still in its infancy,
(Feldmann et al., 2024) used 3D motion data to understand the human
body’s reaction to impulses in a crowd regarding inter-person distance,
forward velocity, and the margin of stability.

3.4.2 Existing data sources on physiological data

Compared to other data types, there are relatively few available datasets that
feature physiological data that is relevant for pedestrian behaviour and
planning. For instance, (1J1 Nardo et al., 2024) provides a dataset composed
of long-lasting surface electromyographic signals from 2011 and 2018
during ground walking from 31 young able-bodied subjects (ages 20 to 38
years old). (De Winter et al., 2022) used a Tobii Pro Glasses 2 eye-tracker
to record eye movement data of 43 participants (21 females, 22 males) who
walked a short route in a parking garage. This study aimed to understand
what pedestrians look at when walking through a parking garage. In total, a
total of 12,996 fixations were recorded with an average of 302 fixations per
participant. Another study aimed to understand how pedestrians react to an
external force and how pushes propagate along a row (Feldmann et al.,
2022). In this study, motion suits and cameras were used to record
pedestrian movement. Five participants, aged 19 to 55 years old, wore
Inertial Motion Capturing (MoCap) suits from Xsens and their head tra-
jectories were also recorded with an overhead and side-view camera. The
MoCap data was then combined with the head trajectories to gain a
complete dataset of each participant’s 3D full-body motion in space.
Additionally, the intensity of each push was recorded using a pressure
sensor LX210:50.50.05 from Xsensor. (Usten and Sieben, 2021) recorded
the heart rate and heart rate variability data using EcgMove 4 to investigate
the effects of interruptions on individuals from both psychological and
crowd dynamics perspectives.
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4. Data collection techniques

Effective data collection plays a vital role in collecting data for the
purpose of understanding pedestrian behavior and pedestrian planning.
Various data collection techniques have been employed to collect the
above-mentioned different types of data. This section categorizes the most
commonly applied data collection techniques in the field of pedestrian
studies into three main groups, namely sensors (Section 4.1), surveys
(Section 4.2), social media (Section 4.3), eXtended Reality (Section 4.4)
and laboratory experiments (Section 4.5). The specific techniques within
each category are further detailed, discussing their advantages and limita-
tions to highlight their roles in collecting diverse types of data. This also
covers some practical insights into how these data collection techniques can
be effectively employed for data collection purposes, providing a com-
prehensive overview for researchers and practitioners in the field. The last
subsection relates to data analyses, as sometimes data is collected for a
different purpose, but with post processing, it can be used as input for
pedestrian planning or to monitor pedestrian flows.

4.1 Sensors

Early pedestrian and bicycle monitoring relied on counting methods and
travel surveys, with site counting being the most traditional approach (Lee
and Sener, 2020). Manual site counting by human observers used to be the
main method to collect pedestrian traffic volumes (Ryus et al., 2014), but
more advanced techniques have been developed since (Lee and Sener, 2020).

The Global Positioning System (GPS) is the only viable option for
outdoor positioning (Abdulateef and Makki, 2023). GPS offers the
advantage of precise location tracking, which is crucial for real-time
visualization and crowd management (Blanke et al., 2014; Kapoor and
Brar, 2023; Wirz et al., 2012). The position information can be used to
calculate crowd count movement data, density, velocity, turbulence, and
pressure. The drawback is that signal loss may be experienced in dense
urban areas (Ma et al., 2024) or indoors (Abdulateef and Makki, 2023),
which can potentially diminish its accuracy and reliability in different
environments.

Electromagnetic and radio frequency analysis (Donelli et al., 2021;
Fadhlullah and Ismail, 2016; Progri et al., 2007), as well as Bluetooth
(Christoe et al., 2021; Fadhlullah and Ismail, 2016; Weppner and
Lukowicz, 2013) and WiFi (Garcia-Villalonga and Perez-Navarro, 2015;



74 Winnie Daamen and Yan Feng

Kurkcu and Ozbay, 2017; Li et al., 2014; Wu et al., 2016) are different
ways of signal tracking. All three sensing techniques may offer data on
crowd signal density and movement patterns, including origin-destination
matrices. However, these techniques can only be applied in environments
with wireless infrastructure, which makes it less suitable for indoor infra-
structure such as underground parking (Piao et al., 2023). While electro-
magnetic and radio frequency observe the pedestrians directly, Bluetooth
and Wi-Fi signal tracking detects devices, which then needs to be translated
into crowd counts. The detection process of both Bluetooth and WiFi
devices operates in cycles where the sniffer transmits messages across var-
ious frequencies and waits for devices to respond. (Michau et al., 2014)
found that Bluetooth devices need to remain in discoverable mode for
approximately 10s within the detection zone to be identified. The
detection rate is however rather low, around 2 % as reported by (Lesani and
Miranda-Moreno, 2018). Compared to Bluetooth, WiFi has a shorter
discovery time, allows distance estimation from the sensor based on signal
strength, and is considered a more suitable standard for pedestrian data
collection (Abedi et al., 2013). The observation methods leverage existing
infrastructure and personal devices to gather data, making them cost-
effective and less intrusive than other alternatives. However, privacy
concerns may arise since individuals might not be aware their devices are
being used for data collection. Moreover, the accuracy of these methods
may vary depending on device density, the specific technical setup of the
sensors, physical conditions as well as weather (Michau et al., 2014).

CCTV footages (Ahuja and Charniya, 2019; Cho et al., 1999;
Gerogiannis and Bode, 2024; Sindagi and Patel, 2018; Wang et al., 2022;
Zhang et al., 2018). Footages can be either derived from a fixed mounted
device, or from mobile devices on vehicles or drones (Jiang et al., 2021;
Xiao et al., 2021). CCTV and drone footage offer visual data of the crowd.
The advantage of these technologies is that the sensors typically cover large
areas, which makes it possible to detect, and thus monitor, abnormal
patterns quickly, being essential in crowd monitoring for safety purposes.
The implementation or application of these visual tools entails substantial
setup and maintenance costs. Moreover, they pose significant privacy
concerns, as continuous surveillance is often regarded as intrusive by the
public. uB-VisioGeoloc (Scalvini et al., 2024) is a data set consisting of
pedestrian navigation (image) data sequences combining visual and spatial
information for encountered by a pedestrian walking in an urban outdoor
environment.
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Stereo vision cameras are traditionally used in autonomous vehicles to
track pedestrians around the vehicle (Nguyen et al., 2019). Stereo cameras
are used to generate noisy point cloud data (Eppenberger et al., 2020), after
which data analytics (typically deep neural networks) are applied to identify
static and dynamic objects in the data that can be tracked over time
(Mueller and Wuensche, 2017; Konrad et al., 2018; Zhong et al., 2020).
Compared to monocular cameras, stereo vision provides the depth infor-
mation, allowing for accurate pedestrian localization and distance mea-
surements. This depth information also helps to distinguish pedestrians
from the background and other topics. While the stereo vision cameras
produce large amounts of data, the resulting depth image is privacy proof,
as personal information is omitted from the images. While better than
monocular cameras, stereo vision still struggles with heavy crowd occlu-
sions compared to overhead sensors.

MmWave radars gained recently significant attention (Gu et al., 2023;
Wang et al., 2023) To prevent privacy issues, occlusions and lower accuracy
at lower light conditions. mmWave radar sensors are single-chip radar sensors
with extremely high resolution and low power consumption (Bhatia et al.,
2021). mmWave sensors use software to analyse the reflected signals, hence
providing activity sensing, people positioning, and object detection.
Simultaneous Localization and Mapping (SLAM) algorithms have been
recently used to improve the accuracy of ubiquitous positioning. Among
SLAM algorithms, GraphSLAM is the most efficient algorithm for the offline
SLAM problem (Schuster et al., 2016). GraphSLAM has been further
improved for indoor environments resulting in MMGraphSLAM, which
reaches a mean accuracy of 0.52m (Piao et al., 2023). Also here, further
improvements in accuracy have been acquired by combining mmWave
sensors with other sensors such as camera vision (Yang et al., 2023).

More recently, also Light Detection and Ranging (LiDAR) sensors are
used to detect and track pedestrians (Tanida et al., 2024; Tarko et al.,
2018), as they provide a 3D map of their environment. LIDAR is a method
for determining distances between an object and the sensor by directing a
laser at an object or surface and measuring the time it takes for the reflected
light to return to the receiver. Lidar can operate in a fixed direction (e.g.,
vertical) or scan multiple directions, in which case it is referred to as lidar
scanning or 3D laser scanning. The result of the scanning is a point cloud of
all objects in its scanning range, for which post-processing is needed to
classify the objects (Wu et al., 2020; Zhao et al., 2018), which makes its
accuracy dependent on the accuracy of those post-processing algorithms.
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Infrared sensors detect infrared (IR) radiation emitted by humans or
animals and convert this optical signal into an electronic one. While this
technology is advantageous for nighttime surveillance compared to video
cameras, it can produce inaccurate results due to occlusions or similar
textures (Kristoftersen et al., 2016). Additionally, the camera is cumber-
some and has high power consumption. Some of these drawbacks have
been accounted for by passive infrared sensors (PIR, (Akhter et al., 2019)).
These low-cost, low-power passive sensors respond when an infrared (IR)
emitting subject such as (humans or animals) passes through the field of
view of a Fresnel lens (Mukhopadhyay et al., 2018). PIR sensors do not
violate human privacy. (Akhter et al., 2019) have developed an intelligent
algorithm to convert pedestrian detection into pedestrian count, which
provides highly accurate results: more than 90 % accurate compared to
manual counting.

4.2 Surveys

Traditionally, surveys are the main way to collect data on pedestrians in
urban environments (Ryus et al., 2014). Various types of surveys can be
utilized to collect (Abeysinghe et al., 2023; Aden et al., 2020; Kumari,
2021). These surveys aim to understand pedestrian behaviours, preferences,
and needs, which can inform the design and improvement of pedestrian
infrastructure. Typically, the users of the urban environment are targeted
for the distribution of surveys, but several researchers also address expert
groups (Stangl, 2011), to get more specific background information on the
planning process. The primary types of surveys for pedestrian planning
include (references are given to examples of studies using these types of data
in pedestrian planning):

e Pedestrian intercept survey (Buckley et al., 2017). These surveys gather
real-time data on pedestrian experiences, travel patterns, preferences, and
perceptions of the walking environment. The surveys are typically
conducted by interviewing pedestrians at key locations such as inter-
sections, public spaces, or transit stops.

¢ Household travel surveys (Choi and Guhathakurta, 2024; Kweon et al.,
2023). These surveys aim to understand overall travel behaviour,
including walking trips, trip purposes, and mode choices. To this end,
daily travel diaries or related questionnaires are administered to house-
holds to collect detailed information on travel behaviour (including
walking trips) and patterns over a specified period.
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e Focused questionnaires. These questionnaires are designed to analyze
pedestrian specific travel behavior in detail, often with a focus on one of
the aspects of this behavior, such as walkability perception (Moura et al.,
2017; Aromal and Naseer, 2022), safety concern (Bazargan et al., 2020;
Park and Garcia, 2020) or route choice (Basu et al., 2023; Barros et al.,
2015). The questionnaires are typically shorter than household travel
surveys, address a smaller and more targeted sample and use on-line forms.

o Walking audits (Annear et al., 2024; Ma et al., 2021). Walking audits are
assessments conducted by individuals or groups walking through specific
areas to evaluate the pedestrian infrastructure and environment. These
audits may cover a wide variety of evaluations concerning e.g., sidewalk
conditions, street crossings, lighting, and accessibility features. Dedicated
audit tools have been developed (Arellana et al., 2020; Moura et al., 2017).

e Focus groups (Penerbit, 2023; Yadav and Kumari, 2024). Focus groups
consist of group discussions with selected participants to gather in-depth
insights on specific pre-determined issues. It is a thorough research
approach to explore attitudes, motivations, and detailed opinions about
walking experiences and infrastructure.

o Public workshops and community meetings (Labbé et al., 2023). Inter-
active sessions with community members can be organised to discuss
pedestrian planning issues and gather feedback. This way, the community
can be engaged in the planning process and qualitative data on pedestrian
needs and preferences can be collected. Especially when it is not yet clear
which data needs to be collected, a workshop has a sufficiently broad
setup to collect a wide range of data.

Each of these survey types offers unique insights and can be selected
based on the specific goals and context of the pedestrian planning project.
One of the potential drawbacks is that the surveys are mainly targeted
towards local residents of urban districts and typically have a homogeneous,
older audience (Hausmann et al., 2017). Modern means of communica-
tion, such as mobile applications and web apps to engage pedestrians while
walking are therefore a valuable alternative (Hausmann et al., 2017).

4.3 Social media

By leveraging social media data, pedestrian planners can gain a compre-
hensive understanding of pedestrian behaviors, preferences, and needs
(Aman et al., 2022; Gong et al., 2018). As such, there is a wide variety of
applications for social media data:
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o Identifying popular routes and areas (Al-Kodmany, 2019; Zhang et al., 2020).

¢ Understanding public sentiment (Aman et al., 2022; Gong et al., 2019).

e Crowdsourced data collection (He and He, 2023; Yang et al., 2024).

o Temporal analysis of pedestrian activity (Lai and Kontokosta, 2017;
Rybarczyk et al., 2018).

o Identifying crowd composition (Gong et al., 2019).

To analyse the social media data, which consists of text and/or pictures,
a variety of tools and techniques have been developed, among which
Natural Language Processing (NLP, to analyze text data and understand
sentiments, themes, and topics discussed by pedestrians) (Aman et al.,
2022), computer vision (CV) to analyze the figures in social media data
(Aman et al., 2022), geospatial analysis to visualize and analyze location-
based data, identifying spatial patterns and trends (Rybarczyk et al., 2018;
Suvannadabha et al., 2022), Machine Learning Algorithms to detect pat-
terns, classify data, and predict pedestrian behaviors based on social media
activity (Tang et al.,, 2022; Yang et al., 2024) and sentiment analysis to
gauge public opinion and sentiment towards pedestrian infrastructure and
policies (Gong et al., 2019).

4.4 eXtended reality (XR)

eXtended Reality (XR) is an umbrella term that covers Virtual Reality
(VR), Augmented Reality (AR), and Mixed Reality (MR), which are
commonly used terms to describe how technologies create or modify
reality via utilizing computer simulation and immersive sensory experi-
ences (Rauschnabel et al,, 2022). XR has been increasingly used in
pedestrian research due to its advantage of complete experimental control
while automatically collecting accurate pedestrian behavioural data.
Additionally, XR can collect advanced physiological data with the inte-
gration of other biosensors. Furthermore, XR allows participants to be
virtually immersed in (dangerous) environments without exposing them to
real physical dangers (Feng et al., 2021b).

AR integrates 2D information or 3D virtual objects into a real envir-
onment in real time (Azuma, 1997). For example, Google AR glasses display
2D information on the glasses to provide notifications and Pokémon GO
game overlays 3D virtual characters onto real-world locations through a
smartphone camera. AR can be available through a variety of devices,
including mobile phones, headsets, and smart glasses. Mobile AR captures
live video feeds of the real-world environment and integrates other sensor
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data to process and overlay digital content in real time. In contrast, head-
mounted-display (HMD) AR requires users to wear a headset (such as
Microsoft HoloLens) or smart glasses (such as Magic Leap). There are built-
in cameras and sensors in the HMDs to capture and analyse the real-world
surroundings of the users. Digital contents are projected directly onto the
lenses of the headsets or smart glasses, which allows for a hand-free and more
immersive experience. With the ability to project digital content into the real
world, AR has been increasingly applied to study pedestrian behaviour and
training in the context of emergency evacuations and wayfinding. They can
be categorised into two groups, including:

e pedestrian evacuation behaviour, such as evacuation time (Rehman and
Cao, 2017; Wada et al., 2021) and evacuation route choice (Ahn and
Han, 2012)

e evacuation training (Iguchi et al., 2016; Catal et al., 2020; Paes et al., 2024)
and wayfinding performance training (Qiu et al., 2024; Xu et al., 2024)

In contrast to AR, VR commonly immerses users in a simulated virtual
environment that can sense the user’s position and actions and replace or aug-
ment feedback to one or more senses (Sherman and Craig, 2018). For instance,
Feng, Duives and Hoogendoorn (2022a) created a virtual replica of a real-life
building, allowing participants to immerse themselves and navigate through the
entire building. Based on the level of immersion, VR can be generally cate-
gorized into non-immersive VR and immersive VR. In non-immersive VR,
the virtual environment is displayed on a device like a desktop monitor, and
users interact with it using a mouse, keyboard, or joystick (e.g., Feng, Duives
and Hoogendoorn, 2021). In immersive VR, the virtual environment immerses
participants via sophisticated sensory interfaces, who interact with it using spe-
cialized control devices like joysticks or gloves, alongside motion tracking
hardware such as eye, head, and motion tracking devices (e.g., Feng, Duives and
Hoogendoorn, 20222). VR has been widely applied to collect data that record
pedestrian timestamps, movement coordinates and choice that feature:

e pedestrian route and exit choice (Kobes et al., 2010; Feng, Duives and
Hoogendoorn, 2021, 2022a; Zhang et al., 2023; Beek Van Duives et al., 2024)

o pedestrian movement dynamics and performance (Fink et al., 2007; Sanz
et al., 2015; Feng, Duives and Hoogendoorn, 2022a; Beek Van Duives
et al., 2024)

e social influence on pedestrian behaviour (Kinateder, et al., 2014, 2018;
Fu et al., 2021)
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Suitability and validity are two important aspects of utilising VR for
pedestrian behaviour studies and are receiving increasing attention.
Suitability refers to which VR mode (non-immersive or immersive VR) is
best suited for studying specific types of pedestrian behaviour. For instance,
Duives and Hoogendoorn (2022b) and Dai et al. (2024) compared the
adoption of different VR technologies for pedestrian wayfinding studies,
such as non-immersive versus immersive VR and 2D versus 3D virtual
environments. Validity refers to whether the behavioural results gathered
through VR accurately reflect real-world pedestrian behaviour. For
instance, Kobes et al. (2010), Kinateder and Warren (2016) and Arias et al.
(2022) compared pedestrian evacuation behaviour between a physical and
VR experiment; Beek et al. (2024) provided a direct comparison of
pedestrian wayfinding behaviour between a field and an identical VR
experiment.

MR can be seen as a mix of real and virtual objects within a single display
on a spectrum between a fully real and a fully virtual environment (Milgram,
2012). For example, Microsoft HoloLens enables users to interact with
holographic objects overlaid onto the real world. Compared to the extensive
body of studies that applied VR and AR to study pedestrian behaviour, there
are only a few studies that have applied MR to investigate pedestrian
behaviour in the context of evacuations (Chen et al., 2022).

Opverall, XR provides high accuracy in data collection because it col-
lects data at a high frequency automatically through XR devices (Feng
et al., 2021a). Regarding validity, XR provides relatively high validity for
pedestrian behaviour at strategic and tactical levels. For instance, (Suma
et al., 2010; Li et al., 2019; Ewart and Johnson, 2021; Feng, Duives and
Hoogendoorn, 2021; Beek et al., 2024) has shown that results generated
via XR are consistent with real-life situations. For pedestrian movement
dynamics, AR and MR offer improved ecological validity compared to
VR because pedestrians can move within real-life situations. Meanwhile,
VR enhances internal validity as it offers a more immersive experience.
Similarly, because VR allows researchers to create and modify any virtual
environments, it provides a higher level of controllability compared to AR
and MR, which are still influenced by real-world surroundings. In terms of
representativeness and reproducibility, VR has the advantage since data
collection is not restricted to location or time. This allows for conducting
the same data collection repetitively at different locations and times (Feng
et al., 2021a).
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4.5 Laboratory experiments

The previous sections have discussed different techniques to collect
data. These techniques can be applied in real-world situations, but also
in laboratory settings. Laboratory experiments are often applied to get
insights into specific pedestrian behaviours, while real-world studies
provide broader insights. Laboratory experiments provide controlled,
replicable conditions, where external variables (think of weather, traffic,
distractions) can be eliminated (Daamen and Hoogendoorn, 2003). This
also makes it possible to repeat the experiments under identical con-
ditions, improving the reliability of the results. Finally, detailed data
collection can be performed, using motion capture, eye tracking or
tracking sensors (as described earlier in this chapter), while the settings
of the sensors can be optimized for the situation at hand (Shi et al., 2018;
Feng et al., 2021) provides a systematic literature review on data col-
lection experiments for pedestrian behaviour study. Although experi-
ments are not entirely natural since participants are aware they are being
observed, they still involve real human interactions within a physical
environment. Overall, experiments offer a reasonable balance between
control, measurement accuracy, and realism (Feliciani and Nishinari,
2018; Geoerg et al., 2021) and are particularly effective for studying
pedestrian locomotion (Bode et al., 2015; Liao et al., 2017; Wagoum
et al., 2017).

Complex pedestrian walking behaviours range from uni-directional to
multi-directional movement behaviours. (Duives et al., 2013) presents
eight crowd motion base cases and states that the combination of these
cover the full range of pedestrian movements. Laboratory experiments are
thus often focused on one or more of these motion base cases.

Several papers have been written with overviews of performed
laboratory experiments (Shi et al., 2018; Haghani, 2020; Dong et al., 2019).
In these papers, more details on the different experiment can be found,
including suggestions on how to set them up and best practices.

5. Data analytics and data fusion

Data analytics refers to the process of collecting, processing, ana-
lyzing, and interpreting data to extract meaningful insights, patterns, and
trends. It involves techniques such as statistical analysis, machine learning,
and visualization to support decision-making. This way, existing data
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sources can be used to get more insights into pedestrian behaviour. Some of
these data analytics also increase the accuracy of a sensor, think of smart
sensors and beacon systems as described below.

Smart sensors are the combination of data analytics and regular video
footage. Using dedicated software applications precise crowd count, size,
density, and flow can be derived from video images, but also individual
trajectories. The maximum accuracy for outdoor application is 85%
(Barthélemy et al., 2019). In addition, the accuracy of detection, tracking and
classification is sensitive to external factors, such as weather and lighting
conditions (Fu et al., 2015; Thi et al., 2008; Yoneyama et al., 2005). The
advantage of smart sensors over traditional CCTV footage is the lower
privacy concerns, as the images are directly analysed on the sensor, and only
the anonymised derived data leaves the sensor and will further be processed.

To solve the drawback of signal loss in micropositioning, beacon sys-
tems can be used, especially for locations that are semi-indoor or where
surrounding infrastructure limits signal accessibility. Dedicated systems such
as FinderX (Hasan and Hasan, 2021) have been developed, which also
reduce the time to find the amenities. For indoor positioning, these bea-
cons are often combined with postprocessing software (machine learning,
dead reckoning, Kalman filters) to make the positioning more accurate
(Liu et al., 2015; Sung et al., 2018; Wang et al., 2019). These beacon
systems suffer from the fact that they need reference points, and the
underlying software assumes that the infrastructure remains fixed. In more
dynamic environments, a combined system of beacons and CCTV could
be used to overcome those problems (Lee et al., 2022).

Data fusion is the process of integrating data from multiple sources to
produce more accurate, consistent, and useful information than what
would be obtained from individual sources alone. Especially in ITS
application a wide variety of methodologies exists to enrich the data
(Ounoughi and Yahia, 2023). While applications for indoor pedestrian
positioning (Zhao et al., 2019; Huang et al., 2019) and for urban planning
(Kashinath et al., 2021; Zou et al., 2025) exist, dedicated examples for
pedestrian planning are scarce (Li et al., 2021).

6. Summary

Walking is crucial in urban transportation, where pedestrian beha-
viour is influenced by the infrastructure and the environment. Pedestrian
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planning involves designing and managing infrastructure to ensure safety,
accessibility, and comfort for pedestrians, encouraging walking, enhancing
public health, reducing congestion, and improving urban liveability. This
chapter discusses the data that are needed for the design and management of
pedestrians in the urban environment.

To identify which data are needed, a conceptual model has been
developed for pedestrian behaviour in relation to pedestrian planning.
From this conceptual model, four types of data can be derived:

o Environment and infrastructure data, containing details of land use,
transport infrastructure, and their impact on pedestrian safety and
attractiveness. More specifically, these are data on walkability, urban
physical features, and perceptual qualities of environments. Sources
include OpenStreetMap and walkability tools like OS-WALK-EU.

e Data on the use of Infrastructure, or traffic data. These data provide
information on pedestrian, cyclist and vehicle flow, public transport
timetables, vehicle occupancy and routes.

e Data on pedestrian characteristics. Socio-demographic information,
attitudes, habits influencing pedestrian behavior, collected through var-
ious studies and surveys.

o Physiological data. These data consist of biological measurements like
heart rate, skin response, brain activity, and muscle engagement to assess
pedestrian stress, cognitive load, and physical exertion.

The data can be structured in several ways. First of all, data for
pedestrian planning can be structured along three dimensions: time (ran-
ging from microseconds to several years), space (from cross-sections to
whole cities) and granularity (ranging from the individual level (high
granularity) to aggregated levels (low granularity)). Another distinction is
the difference between real-time and historical data, where real-time data
are available immediately (used for managing pedestrian flows, safety, and
emergency responses), while historical data is collected over time (used for
understanding long-term trends, decision-making, and policy evaluation).
The last distinction that has been introduced is the difference between
experiments and field observations. Where experiments cover controlled
environments to manipulate variables and observe pedestrian behaviour,
allowing for precise measurement and establishing causal relationships,
provide field observations real-world settings to observe natural pedestrian
behaviour, providing rich contextual data with high validity.
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Essential features for effective data collection and analysis include accu-
racy, validity, controllability, confidentiality, representativeness, bias, repro-
ducibility, and cost. The different types of data that have been distinguished
before have varying degrees of these features. Table 1 shows a comparative
overview of the above-mentioned features for different types of data, namely
environment and infrastructure data, traffic data, personal data, and physio-
logical data. Additionally, we provide a quantitative assessment of these
features for each data type, ranking them as low, medium, and high based on
their relative prominence. This assessment helps in understanding the
strengths and limitations of each data type.

The last part of the chapter provides a comprehensive overview of the
types and features of data used in pedestrian planning, highlighting the
importance of accurate, valid, and representative data for effective urban
planning and management. Moreover, it focuses on the techniques that can
be used to collect the data, showing references to both data collection and
how to apply the data for pedestrian planning.
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