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Abstract Defining basic metrics that analyze human motion is important for urban
planning and population mobility forecasting. These metrics are applied to under-
stand extensive human mobility data generated from multiple sources. This means
that our understanding of the basic metrics governing human motion is conditioned
by integrating different data sources available. To the best of our knowledge, this
article is a comprehensive study of the characteristics and metrics of human mobility
patterns. Initially, it focuses on understanding common metrics in human mobility
research. Then, it compares metrics such as resilience, displacement, interval and
duration in different data types such as Wi-Fi, Call Detail Records (CDRs), Global
Positioning System (GPS) and Social Media collected from two individuals. Com-
paring the results, a variation in movement patterns in both individuals is found in
our study. Finally, we uncover a few interesting phenomena that lay a solid foundation
for future research.

1 Introduction

The growing rate of urbanization presents many challenges and opportunities. One
of the main challenges is how to provide infrastructure solutions that can cope with
the stress caused by this massive expansion of populations in concentrated spaces.
On the other hand, this population growth and interdependence on infrastructure
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systems have increased availability of mobile phone records, GPS data and other
datasets capturing traces of human movements.

Human mobility analysis has drawn much attention in many research fields rang-
ing from the individual level to the commuting fluxes at the collective level [4, 21].
For instance, the Internal Displacement Monitoring Centre’s (IDMC) 2020 Global
Report on Internal Displacement (GRID) found that new displacements as a result
of disasters in 2019 were three times the number of new displacements caused by
conflict[3]. Currently, in response to the coronavirus 2019 (COVID-19) pandemic,
several national governments have applied lockdown restrictions to reduce the in-
fection rate. For this reason, [11, 1] used walking data to investigate the impact
of government control measures on the decrease of human mobility. The results re-
vealed that practicing social and physical distancing and timely decisions on mobility
interventions are crucial to slow the spread of the pandemic.

A wide range of studies have established that there is a diversity of metrics
in modelling human mobility at different temporal and spatial scales (e.g, temporal
resolution of categorisation and aggregation, or spatial scale) [10, 14, 15, 7]. Another
metric to deal with human mobility phenomena is the shift from reactive to pro-active
policies focusing on resilience [13]. Commonly, human mobility is a critical role to
assess resilience [17, 19]. But based on other human mobility metrics we may also
understand social and economic activities associated with mobility. Understanding
human movements allows us to evaluate not only resilience but also displacement
of individuals, the time interval in displacements between two points, as well as the
trip duration of the individuals, developing plans for improving living standards and
so on.

This paper will focus on the challenges and solutions on human mobility phe-
nomena. For example, people are less likely to move the same way in emergency
situations, such as a hurricane, typhoon, earthquake and other natural or man-made
extreme events, as they do in normal conditions. Similarly this perturbation generates
limitation in the capture of data, once regularly busy area had a break in the data
collected on mobile phones or other types of devices and, consequently, the absence
of data that enables describing long-term human behaviour. Therefore, this study
mainly provides a set of metrics that not only bring useful insights for a variety of
applications but also its challenges, without comparing the metrics measurements
using records of two individuals from Wi-Fi, CDRs, GPS and Social Media datasets.

The rest of the paper is organized as follows. In Section 2, it defines the concept
of five common metrics in human mobility surveys. It analizes human mobility of
two individuals, using set metrics, from different data types in Section 3. Then, in
Section 4, it discusses the methodologies and techniques that can improve the analysis
of movements considering the set of proposed data. Finally, this paper shows that
metrics can be effectively used for future human mobility works.
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2 Understanding Common Metrics in Human Mobility Research

Based on the literature, we have chosen to focus on four common metrics. These
metrics can be applied to analyze the human tracking, looking at a large population of
free-will and autonomous decision-making individuals, or at any event that implies
a restriction in mobility. In addition, they can have a wide range of applications on
human mobility research.

2.1 Spatial resolution of categorisation and aggregation

With spatial resolution of categorisation, we obtain data about communities and they
are used to compute thematic maps of the territory. For example, unique locations
that are visited by a user might be defined by tile grids, tower catchment areas, or
GPS from points of interest for internal analysis. For each community researchers
retrieve all the cells associated to its nodes and join them in a cluster, i.e. a geometric
representation of the area covered by the community [9]. Areas corresponding to
different communities are rendered with different colours. Normally, there are holes
in this grid, since these cells don’t contain any human movement. The phenomenon
is more evident for smaller resolutions, as many small cells don’t contain roads,
streets, or any pedestrian walking way.

The spatial resolution of aggregation is necessary to define a finite set of places
visited by pedestrians, focused in description of the size of the regions of interest for
which data are aggregated before being shared. The recorded pedestrian positions
can hereby be distinguished in two different scenarios:

1. limited in a finite set of predefined positions (e.g, cells of a mobile phone network
or positions of sensors);

2. arbitrary positions received from mobile devices and capable of measuring abso-
lute spatial positions (e.g, GPS devices).

Regardless of the size of the dataset, the different positions should be aggregated.
In scenarios with large data, the spatial aggregation should across all users in an
area of interest (e.g, city or neighbourhood). Moreover, spatial data may give the
required set of points for aggregation. Often they are aggregated using arbitrary
divisions (e.g, administrative districts and regular grids), which do not respect the
spatial distribution of the data. Another method divides the spatial data into convex
polygons of approximately equal size based on the places [22].

2.2 Temporal resolution of categorisation and aggregation

In temporal resolution of categorisation the generated demand data is time-
dependent [6]. It aims to compute for each user the regularity, i.e., observe the
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data volume generated by the user during an interval time basis (e.g, hourly, daily,
monthly, etc) [5]. Moreover, it provides an opportunity to categorise every user’s
location. For example, the modal location that a user logs data in every hour. Simi-
larly, in order to take full advantage of this resolution, we should quantify the data
observed to estimate human movements demand. This method must balance trade
offs between small, but complete data for a short period of time and large, but in-
complete data over a longer period of time. In both cases noise and biases must be
carefully dealt with to produce valid measurements.

In temporal resolution of aggregation, it is important to address issues about
privacy challenges. In practice, it is often difficult to get access to this kind of data
for research purposes, privacy concerns being a major hindrance. Use of aggregation
by temporal resolution protects peoples’ identities [8]. Simultaneously, this kind of
aggregation describes the time window for which data is aggregated for all users
based on a specific region. For example, we might be interested in the average
number of locations visited by users in a specific region over the course of an interval
time window. However, human mobility data is scarce for developing countries.
Understanding the limitations of using time-averaged human mobility data and model
approximations to human movement is essential to guide the choice of mobility
measures in models and further development in this field.

3 Detailed Analysis of Human Mobility Patterns

In this section, we outline considerations for analysing aggregated data from several
devices, including representativeness, situational context, and modelling approaches
to capture human mobility. These devices gathered four main types of data: Wi-
Fi, GPS, CDR and Social Media. Then we define new detailed metrics that can be
applied in human motion analysis. Through analysis of these metrics and data fitness,
we obtain important conclusions about human mobility phenomena.

3.1 Data Collection

Wi-Fi, GPS, CDR and Social Media datasets collect traces of the different movements
of people, thus producing a network of people who are moving in different places,
trajectories, etc. In the case of Wi-Fi, we use the historical listing of LinkNYC Kiosks
that save their location, and the status of the Link’s wifi, tablet, latitude, longitude,
geometry point, type of kiosk, registry date and phone [16]. These devices are
connected daily for thousands of users within New York City. Although, the available
data was collected between January 2012 and December 2013, we consider only the
user interactions from January 2013 to October 2013.

We also study the GPS dataset using a dataset that was obtained through a Freedom
of Information Law (FOIL) request from the New York City Taxi & Limousine
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Commission (NYCT&L). The NYCT&L display trip data of Uber pickups in New
York City [20]. This dataset consists of over 4.5 million Uber pickups from April
2012 to September 2013, and 14.3 million more Uber pickups from January to June
2013. For this article, we use the data from January to June 2013.

Another dataset that we use is CDR dataset. It is associated with a phone that
made a voice call with the locations (latitude and longitude) of the cellular towers and
reconstructs the spatio-temporal data of a mobile phone. Our research use 311 calls
or service requests in New York City from January 2011 to December 2014 [18].

Finally, Gowalla is a location-based social networking website where users share
their locations by checking-in. The friendship network is undirected and was col-
lected using their public API [23], and consists of 196,591 nodes and 950,327 edges.
We have collected a total of 6,442,890 check-ins of these users over the period of
February 2009 - October 2010. However, this dataset stores a huge amount of data
and we only consider data from March 2010 to October 2013.

3.2 Exploring Human Mobility Metrics

As we mentioned, we can illustrate the differences in the human mobility behaviors
of individuals based on datasets represented in Subsection 3.1. However, we need to
refine our metrics. In other words, we can use data types and suitable methods, so
that we know the influence between data type and metrics in human movements as-
pects. Therefore, we leverage four metrics to analyze human mobility: Displacement,
Resilience, Duration and Interval.

3.2.1 Displacement

To the best of our knowledge, Haversine formula, shown in Eq. 1, is suitable for
human mobility analysis because given a pair of points (latitude and longitude),
this formula calculates the great-circle distance between two points within a time
interval.

𝑑𝑖 𝑗 = 2𝑟 × 𝑠𝑖𝑛−1
(√︂

𝑠𝑖𝑛2
(Φ2 −Φ1

2

)
+ 𝑐𝑜𝑠(Φ1)𝑐𝑜𝑠(Φ2)𝑠𝑖𝑛2

(_2 − _1
2

) )
(1)

where 𝑟 is the radius of earth (6371 km), 𝑑 is the distance between two points,
𝜙1 = 𝜙𝑖+1, 𝑗 , 𝜙2 = 𝜙𝑖, 𝑗 is latitude of the two points and _1 = _𝑖+1, 𝑗 , _2 = _𝑖 𝑗 is
longitude of the two points respectively.
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3.2.2 Resilience

Previously, several concepts of resilience have been proposed. [12] have reviewed
the methods of defining and quantifying resilience in various fields. In its turn, [2]
developed a framework for measuring resilience considering four dimensions: (𝑖)
robustness reflecting the strength or ability of the system to reduce the damage; (ii)
rapidity representing the rate or speed of recovery; (iii) resourcefulness reflecting
the ability to apply materials and human resources by prioritizing goals when an
event occurs; and (iv) redundancy representing the capacity to achieve goals by
prioritizing objective to restrain loss and future disruptions. Here, using Bruneau’s
approach, we calculate the loss of resilience which is equivalent to the size of
dysfunction/degradation of human mobility.

𝑅𝐿 =

∫ 𝑡1

𝑡0

[100 −𝑄(𝑡)]𝑑𝑡 (2)

where, 𝑅𝐿 denotes Resilience Loss, 𝑄(𝑡) denotes a Quality function for infras-
tructure service at time t and (𝑡1 − 𝑡0) is the recovery time. However, this formula
needs many variables which are difficult to collect in the context of human mobility
because it involves a large geographical area. In addition, measuring resilience, in a
mobility context, has been difficult due to the lack of appropriate metrics over longer
time periods.

3.2.3 Interval

The interval is the time spanning the two reference points. An interval of a year, for
example, means that we are interested in whether an individual’s location at time 𝑡

is different than their location at time 𝑡 + 𝑋𝑦𝑒𝑎𝑟 . In order to avoid double counting
observations, we can constrain the duration so that it is always less than or equal to
the interval. So in the case where we want to know the human mobility rate given
an interval of 𝑋 and a duration of 𝑌 (𝑋 and 𝑌 are measured by time units), we infer
each individual location at time 𝑡 using the time frame [(𝑡˘𝑌𝑑𝑎𝑦𝑠), (𝑡 +𝑌𝑑𝑎𝑦𝑠)] and
at time 𝑡 + 𝑋𝑦𝑒𝑎𝑟 using the time frame [(𝑡 + 𝑋𝑦𝑒𝑎𝑟˘𝑌𝑑𝑎𝑦𝑠), (𝑡 + 𝑋𝑦𝑒𝑎𝑟 +𝑌𝑑𝑎𝑦𝑠)]
and then we can see if the two locations are the same.

3.2.4 Duration

Duration (the length of time spent in a destination) is another important evaluation
metric and closely tied to trip displacement. Studies investigated the spatial distribu-
tion of human mobility conditioned on trip duration and found distinct differences
between short and long duration trips. In short-trip duration travel networks, trips
are skewed towards urban destinations, compared with long-trip duration networks
where human mobility is more evenly spread among locations. To perform trip
duration calculation we should consider the Eq.3.
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𝑤
′
𝑖 𝑗 = [(𝑤𝑖 𝑗 |𝑡1, 𝑡2)/𝑚𝑎𝑥(𝑤𝑖 𝑗 )] × 100 (3)

Each sub-network contained only trips where duration of travel (𝑡) was within
the interval [𝑡1, 𝑡2] and is scaled by the overall maximum edge weight observed in
the full travel network 𝑚𝑎𝑥(𝑤𝑖 𝑗 ). However, network topology changes on account
of trip duration. To further explore this phenomenon, we can use a subset data into
𝑋 duration-restricted subnetworks reflecting intervals of trip duration with duration
intervals continuing up to 𝑌 days, months, years, etc.

4 Results and Discussion

Based on the set of data types represented in Subsection 3.1 we calculate the displace-
ment, resilience and duration metrics. However, firstly, we define some requirements.
In this work, we mine the data to avoid privacy issues. All declared personal infor-
mation of users was anonymized to ensure privacy protection. Then, we remove
irrelevant attributes, focusing only on essential attributes in our research such as
geo-locations, register data and username (anonymized attribute). Another factor we
take into account was to filter data. Although, we have chosen data within a specific
time interval, to simplify the analysis, we consider the data regarding 1 day (14
June 2012) and consider only 100 coordinates of two users (User A and User B),
discarding the rest of the line informations. Then, we constructed a API in Python,
so that to calculate and compare the metrics presented in Subsection 3.2 using the
pre-processed data. Table 1 provides a summarized comparison outcome of different
metrics in data types.

Table 1: Different metrics in human mobility analysis.

Data Type User Displacement (km) Resilience (%, hours) Interval (hours) Duration (hours)

Wi-Fi
A 2.29 Min(15, 2) & Max(70, 4) 0.75 1

B 1.36 Min(5, 3) & Max(64, 5) 0.4 1

GPS
A 36.10 Min(13, 2) & Max(30, 2) 2.2 8

B 16.70 Min(24, 2) & Max(15, 3) 1.7 4

CDR
A 10.10 Min(21, 1) & Max(78, 2) 0.4 1.1

B 5.51 Min(1, 1) & Max(42, 2) 0.1 0.1

Social Media
A 0.7 Min(22, 5 ) & Max(84, 7) 0.1 0.1

B 3.1 Min(11, 6) & Max(90, 8) 0.2 0.2

Observing the results, in Wi-Fi dataset the user A presents a major displacement
within same interval than user B. Moreover, if we compare the behaviour of these
users with other dataset, the Wi-Fi presents the second lowest displacement mea-
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surement. This can mean that recording data from wi-fi is more abundant than from
other data sources. In fact, LinkNYC platforms are accessible and spread throughout
many places in New York City, allowing users to be connected anytime and any-
where. However, Social Media dataset shows the lowest displacement. Abundance
of data and close displacement points in a small space are key factors that contribute
to these results. Moreover, alongside CDR dataset, it can be used to track and iden-
tify migration patterns at the sub-regional level or city. On the other hand, greatest
displacement values were recorded in users in the GPS dataset. Based on them, we
can conclude that this data type can help to assess human mobility movements in
country-level.

We also quantify the loss of resilience using these four datasets. Since resilience
changes over time, the analysis of this metric was carried out based on graphs. Due
to space restrictions we decided to present the maximum and minimum resilience
values for each user in function of the data type. These graphs show that resilience
results vary from individual to individual. The 𝑚𝑖𝑛 and 𝑚𝑎𝑥 values are not similar
in the datasets.

Interval metric is another important human mobility metric. It presents different
values (hour) to understand the average time spanning the two reference points of
two users. The availability of devices in the capture of user data has an influence on
the displayed values. If we compare the interval time to displacement, versus source
data location, LinkNYC (Wi-Fi dataset), Uber pickups (GPS dataset) and Gowalla
(Social Media dataset) present low average values.

To explore the impact of trip duration on human mobility patterns, we assessed
travel by trip duration of four datasets. The short-duration trips can be characterized
by a high proportion of trips to nearby and densely populated areas in Wi-Fi, CDR
and Social media. These patterns can change incrementally when assessed over a
more continuous set of duration-restricted subnetworks reflecting long-duration trips
such as we can interpret based on the values presented of GPS dataset.

5 Conclusions

In this work, we propose a set of metrics to analyze the characteristics of human
mobility in different data types. In the initial phase, the approach utilizes common
metrics in human mobility research to fit the patterns of human movement. Then we
reviewed the state of the art in these metrics and illustrated their characteristics and
limitations. Furthermore, we explored seven basic types of human mobility metrics
and discussed their principles.

We also discussed data types based on different sources that have been used
on several human mobility surveys. Then, a range of real data sets (i.e Wi-Fi,
CDRs, GPS and Social Media) were analyzed based on a spectrum of mathematical
models. We did a summary of different data types in human mobility analysis where
proposed datasets present privacy issues. On the other hand, a ubiquitous occurrence
of mobile devices and social media has made human behaviors more closely linked to
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social networks, maybe sparking a new driving force for modeling human mobility.
Although this new data source has challenges in extracting useful insights, social
media data is the most promising in the literature of human mobility.

Finally, we explore other metric trends to understand the dynamical behaviors
of human mobility. Through the integration of displacement, resilience, duration,
and interval metrics in data, this data may provide valuable insights for policy
decision-makers. We also described the characteristics of these metrics and how
they contribute to modeling human mobility. We hope that they enable a deeper
understanding of the literature of human mobility and give rise to new research
interests in this field.

In future work, we plan to introduce more users/individuals records in our re-
search, investigating urban community patterns. Although, we only use human mo-
bility metrics on the individual level, we should analyze human mobility movements
adding a larger number of individuals in order to reach crowd-level mobility data.
This kind of data provides a better understanding of human mobility phenomena,
helping create policies aimed to build resilient communities. Additionally, other
metrics can be used to research human movements with accuracy. For example,
using CDR data to confirm individuals’ movements that can be detected by ana-
lyzing the footprint left by the user in the places they called from. We can choose
an algorithm cluster the cell towers points, which were first sorted in a descending
order. Datasets with multiple attribute such as Wi-Fi and CDR dataset can use Deep
Learning techniques. In its turn, an approach usually applied in Social Media data
is cluster techniques. They are formed by connecting neighboring grid points that
have a relative duration larger than a threshold percentage. Therefore, appropriate
strategies or techniques to manage the Wi-Fi, GPS, CDR and Social Media datasets
can be useful on understanding dynamic human mobility from individual-level to
community-level.
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