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ABSTRACT

Research on trajectory data mining relies on appropriate datasets,
including Gps-based geolocations, check-in data to points of interest
(Pois), and synthetic datasets. Even though some data are accessible,
the majority of mobility datasets are typically discovered through
ad-hoc searches and lack comprehensive documentation of their
generation process or source to reproduce curated or customized
versions of them. At the same time, there has been a growing in-
terest in a new type of mobility data, describing trajectories as
sequences of higher-order geometric elements like hexagons that
offer several benefits: (i) reduced sparsity and analysis at different
granularity levels, (ii) compatibility with popular machine learning
architectures, (iii) improved generalization and reduced overfitting,
and (iv) efficient visualization. To this end, we present Point2Hex, a
method and tool for generating higher-order mobility flow datasets
from raw trajectory data. We used Point2Hex to create higher-
order versions of seven popular mobility datasets typically em-
ployed in trajectory-related technical problems and downstream
tasks, such as trajectory prediction, classification, clustering, im-
putation, and anomaly detection, to name a few. To promote reuse
and encourage reproducibility, we provide the source code and doc-
umentation of Point2Hex, as well as the generated higher-order
mobility flow datasets in publicly accessible repositories.
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Figure 1: An example of a trajectory represented as a se-

quence of hexagon cells (higher-order mobility flow data).

1 INTRODUCTION

Motivation & Limitations. The proliferation of location-based
technologies, geo-enabled smart devices, and advanced global posi-
tioning systems has resulted in the accumulation of vast amounts
of trajectory or mobility data that includes information of an ob-
ject’s movement over time. Mining interesting patterns and ex-
tracting useful information from mobility data can find application
in diverse domains, including intelligent transportation systems
[8], urban planning and environmental monitoring [9], and public
health [15, 16]. Due to the broader impact, several trajectory-related
research problems have been of interest, including trajectory predic-
tion [19], simplification [1, 18], clustering [7], classification [3, 11],
and imputation [13]. While some mobility datasets are available for
research purposes, the majority of them are typically discovered
through ad-hoc searches and lack comprehensive documentation.
Moreover, researchers frequently resort to generating their own
synthetic datasets, which are often unpublished and lack details of
their generation process and potential reproducibility. Moreover,
working with mobility data presents its own challenges, due to its
large size, high sparsity, and complexity.
Our Approach & Contributions. To address these problems,
there has been a growing interest in a new type of mobility data,
describing trajectories using higher-order geometric elements [6].
First, a map is uniformly tessellated using a geometric element, say
hexagons, and then trajectories are represented as sequences of
hexagons (see Fig. 1). The representation provides some advantages:
it decreases sparsity and allows for analysis at varying granular-
ity based on map tessellation; it is compatible with well-known
machine learning models; and it promotes better generalization,
minimizes overfitting, and supports effective visual analytics, such
as heatmaps. Based on these observations, we contribute:
• We present Point2Hex, a method and tool for generating higher-
order mobility flow datasets from raw trajectory data.

• We use Point2Hex to create higher-order versions of seven pop-
ular mobility datasets typically employed in trajectory-related
research problems and downstream tasks.

• We provide the source code and documentation of Point2Hex,
as well as the generated higher-order mobility flow datasets in
publicly accessible repositories, Github and Zenodo, respectively.
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Figure 2: Impact of higher-order abstraction on sparsity.

Resource type: Datasets and Data Generation Tool
Source code: https://github.com/alifa98/point2hex
Dataset DOI: https://doi.org/10.5281/zenodo.7879595

Paper Organization. The remainder of the paper is organized as
follows. Section 2 provides the rationale for operating on higher-
order mobility flow data and preliminaries. Section 3 discusses the
data generation pipeline followed by Point2Hex. Section 4 provides
descriptions of the generated datasets, along with an insightful
discussion in section 5. Finally, we conclude in section 6.

2 HIGHER-ORDER MOBILITY FLOW DATA

In this section, we present the rationale for working with higher-
order mobility flow data and its advantages.
Rationale. Workingwith raw trajectory datasets (either in the form
of GPS data points or POI check-ins) is challenging because (lon-
gitude, latitude) geo-coordinates: (i) are sparse and large amounts
are needed to learn meaningful relationships, and (ii) are not very
compatible (as input) to popular machine learning architectures,
due to their continuous nature. We therefore propose to resort
to a higher level of abstraction for representing trajectories. This
transformation is done by first obtaining the routes by connecting
raw trajectory data points through publicly available routing algo-
rithms1. Then, the trajectory is represented as a sequence of the
higher-order elements (hexagons) traversed by the route.
Advantages. The benefits of such a transformation are multi-fold.
First, the sparsity will be decreased, as multiple data points (or
checkins) will belong to the same higher abstraction element (e.g.,
hexagons). For instance, Fig. 2 illustrates the impact of higher-
order representations on decreasing the sparsity on two benchmark
datasets (Foursqare-Nyc and Foursqare-Tky [20]). We observe
about a 1% decrease in sparsity when using higher-order check-ins,
and more than a 5% decrease in the case of higher-order mobility
flow. Furthermore, trajectories can now be treated as sequences
of a predefined set of higher abstraction elements (e.g., hexagons),
which are compatible (as input) to popular machine learning mod-
els, such as sequence models and Transformer-based models. In
addition, the higher-order mobility flow data represents continuous
routes/paths between location data points. While these routes are
not representing the actual path an object has followed (this is
unknown), they can capture implicit information and other seman-
tics that lie in-between the different data points. The premise of
operating on higher-order mobility data is that the deep learning
models can avoid overfitting and generalize better as it simplifies
the data in a way that omits specific details.

1https://developers.google.com/maps/documentation/directions

Figure 3: An illustrative example of higher-order mobility

flow datasets of varying resolutions – 7, 8, 9 respectively.

2.1 Definitions and Notations

Definition 1 (Map). Let M be a map over a predefined, finite, and
continuous geographical area.
Definition 2 (Poi). Let P = {𝑝1, 𝑝2, . . . , 𝑝 |𝑃 | } be a set of points of
interests (Pois) on a map M.
Definition 3 (Visits or Check-ins). In location-based services, a
visit or check-in of a person to a location or place at a particular
time is a record represented by a quadruplet 𝑟 = (𝑢, 𝑙, 𝑡, ⟨𝑥,𝑦⟩), for
user 𝑢, location ID 𝑙 , time of visit 𝑡 , and longitudinal-latitudinal
tuple ⟨𝑥,𝑦⟩. We represent the set of all visits or check-ins by 𝑅. In
this research, we use the term visit or check-in interchangeably.
Definition 4 (Gps Trace Points). A Gps trace point can similarly
be defined using a triplet 𝑠 = (𝑜, 𝑡, ⟨𝑥,𝑦⟩), for object 𝑜 , timestamp 𝑡 ,
and geocoordinate tuple ⟨𝑥,𝑦⟩. We denote the set of all traces by 𝑆 .
Definition 5 (Trajectory). A temporarily ordered sequence of a
user’s visits to places (or traces), observed during a time period,
can be used to describe a trajectory 𝑇𝑟 = {𝑟1, 𝑟2, ...., 𝑟𝑚} (for check-
ins) or 𝑇𝑟 = {𝑠1, 𝑠2, ...., 𝑠𝑚} (for trace points), where𝑚 represents
the trajectory’s length. We denote the set of all trajectories by T .
Specifically for check-ins, each record relates to a specific Poi 𝑝 ∈ P;
a trajectory can therefore be represented by a sequence of Pois
𝑇𝑟 = {𝑝1, 𝑝2, ..., 𝑝𝑚}, where 𝑝𝑖 is a Poi at location 𝑙 of the record 𝑟𝑖 .
Definition 6 (Grid). Let G ∈ {𝑔1, 𝑔2, . . . , 𝑔𝑛} be a set of (regular)
disjoint grid cells that can fully tessellate map M, filling the plane
with no gaps and thus forming a regular tiling. For the map tes-
sellation, we opt for hexagons. Hexagons are preferable over other
shapes, such as squares or triangles, when tessellating a map for
various mobility data analysis tasks (e.g., trajectory’s movement
paths, connectivity, etc.). This is because hexagons are “circularly-
shaped” polygons that enable a natural representation of curvatures
in trajectory data, thereby reducing sampling bias in mobility data
that is due to the edge effects of a grid map’s shape [4]. Note as well
that the tessellation can happen at different levels of resolution, by
defining different sizes of the hexagons. The smaller the hexagon
size, the higher the resolution. Table 1 shows the size properties of
each hexagon for each resolution considered.
We are now in a position to define ‘higher-order’ geometric ele-
ments that embody a more abstract representation of the trajectory.
Definition 7 (Higher-order check-ins). SinceM is fully tessel-
lated, each check-in/Poi 𝑝 ∈ P there is a 𝑔 ∈ G, s.t. 𝑝 is in 𝑔.
Definition 8 (Higher-order Gps traces). Similarly, with M fully
tessellated, for every 𝑠 ∈ 𝑆 there is a 𝑔 ∈ G, such that 𝑠 is in 𝑔.
Definition 9 (Higher-order trajectories). Since every 𝑝 ∈ P
(for check-ins) or 𝑠 ∈ 𝑆 (for Gps traces) belongs in a 𝑔 ∈ G, we
can translate every trajectory 𝑇𝑟 = {𝑝1, 𝑝2, ..., 𝑝𝑚} (for check-ins)

https://github.com/alifa98/point2hex
https://doi.org/10.5281/zenodo.7879595
https://developers.google.com/maps/documentation/directions
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Figure 4: The pipeline for generating higher-order mobility flow data from either Gps trace or Poi check-in input data.

or 𝑇𝑟 = {𝑠1, 𝑠2, ..., 𝑠𝑚} (for Gps traces) to a sequence of grid cells
𝑇𝑟 = {𝑔1, 𝑔2, ..., 𝑔𝑚}, where every 𝑔𝑘 ∈ G.
Definition 10 (Higher-order mobility flow). Given a higher-
order trajectory 𝑇𝑟 = {𝑔1, 𝑔2, ..., 𝑔𝑚}, we can define a higher-order
mobility flow as a new trajectory:

𝑇𝑟 = {𝑔1,G[1,2] , 𝑔2,G[2,3] , ...,G[𝑚−1,𝑚] , 𝑔𝑚}
where each G[𝑖,𝑖+1] ⊂ G, for 𝑖 = 1, ...,𝑚−1, represents the sequence
of grid cells traversed between 𝑔𝑖 and 𝑔𝑖+1 of the original trajectory.

3 THE DATA GENERATION PIPELINE

In this section, we discuss the general pipeline for generating
higher-order mobility flow data from original trajectory datasets.
Fig. 4 shows the various steps involved in transforming trajectory
data points into sequences of hexagons. Although the procedure
is straightforward, it is not trivial and can sometimes be time-
consuming. This is primarily due to the involvement of specialized
algorithms, such as routing, map-matching, and computationally
intensive geometry tasks. We further elaborate on these issues.
The Input. Trajectory datasets are typically becoming available
either in the form of GPS trace data, such as the following:
taxi_id, date_time, longitude, latitude
1, 2008-02-02 15:36:08, 116.51172, 39.92123
1, 2008-02-02 15:46:08, 116.51135, 39.93883

or, in the form of Poi check-in data, such as the following:
userId, venueId, venueCategoryId, venueCategory, lat, lon, time
589, 4d646c, 4bf5d8, Gym, 35.6099, 139.8256, Apr 03 20:09:41 2012
290, 4b535e, 4bf5d8, Park, 35.7495, 139.5865, Apr 03 20:14:18 2012

Map-Matching. Regardless of the input’s form, the original dataset
needs to be adequately pre-processed to connect together tempo-
rally ordered data points and form raw trajectory sequences. Note,
however, that these sequences do not reflect the actual movement
of the objects on the road network. To transform these sequences to
sequences of road segments on the road network traversed by the
objects, map-matching is used that can accurately identify the path
an object has taken [14]. While popular methods, such as Ivmm [23],
exist for map-matching, one can use a routing machine like Osrm
[10] to first find the shortest paths between consecutive intermedi-
ate data points, and then concatenate (in the same sequence) the
output shortest paths to form the map-matched trajectory of 𝑇𝑟 .
Computational Geometry. To transform a map-matched trajec-
tory to a sequence of hexagons, we rely on computational geom-
etry methods. More specifically, every trajectory is modeled as a
linestring shape type, and every hexagon as a polygon shape
type. Then, their intersection can be computed using off-the-shelf
methods of popular computational geometry libraries. Recall that a
mapM can be tessellated using hexagons of a different size, which
defines the map’s resolution. The datasets we provide are available
in different resolutions, namely {6, ..., 10}. Table 1 shows the size

Resolution Edge Length (Km) Area (Km
2
)

Hex@6 3.725 36.129
Hex@7 1.406 5.161
Hex@8 0.531 0.737
Hex@9 0.201 0.105
Hex@10 0.076 0.015

Table 1: Size properties of a hexagon at various resolutions
2
.

of each hexagon for each resolution. Fig. 3 provides an illustrative
example of higher-order mobility flow data projected on an area
of a map that has been tessellated using three different resolutions.
The figure shows how higher-order mobility data captures a city’s
road infrastructure and physical constraints (e.g., bridges). It also
shows how different resolutions can be useful in diverse problems
and applications, as they allow for analysis at a different level of
granularity, ranging from microscopic to macroscopic [15].
The Output. The final output comprises continuous hexagon se-
quences representing each trajectory.

4 THE DATASETS

We provide the higher-order mobility flow of the following datasets
(see Table 2 for a summary of the datasets’ statistics):
T-Drive [21, 22]. Taxi trajectory datasets on the Beijing road net-
work that reaches ∼9 million kilometres in total.
Porto [12]. Trajectories of Portuguese taxis that operate through a
dispatch central & uses mobile data terminals installed in the taxis.
Rome [5]. Consisting of recorded traces of taxi cabs in Rome, Italy.
Geolife [24–26]. Collected from several users’ Gps-based devices
during their outdoor activities (a total distance of ∼1.2 million km)
Nyc-Taxi [17]. Taxi cab trajectory dataset recorded by digital
devices installed in the vehicles of New York City.
Foursqare [20]. Poi check-ins recorded by the phones of several
users in the city of New York and Tokyo.

5 DISCUSSION

5.1 Broader Impact

In this section, we provide insights into how the new datasets
(potentially with other datasets) can be used in diverse domains.
Transportation Systems and Urban Planning. Our datasets can
be used to create illustrative heatmaps, such as in Fig. 3, that depict
the density in a particular area or route of the map. These heatmaps
can be used to visually analyze traffic patterns, congestion levels
and travel times. They can also allow urban planners to design and
optimize public transit networks and infrastructure.

2https://h3geo.org/docs/core-library/restable/

https://h3geo.org/docs/core-library/restable/
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Dataset # Objects # Trajectories Time Period Resolutions File Size

G
p
s
t
r
a
c
e
s

Ho-T-Drive 9,987 65,117 02/02/08 – 02/08/08 {6, ..., 10} 379 mb
Ho-Porto 442 1,668,859 07/01/13 – 06/30/14 {6, ..., 10} 370.2 mb
Ho-Rome 315 5,873 02/01/14 – 03/02/14 {6, ..., 10} 16.6 mb
Ho-Geolife 57 2,100 04/01/07 – 10/31/11 {6, ..., 10} 3 mb

v
i
s
i
t
s

Ho-Foursqare-Nyc 1,083 49,983 04/12/12 – 02/16/13 {6, ..., 10} 12.3 mb
Ho-Foursqare-Tky 2,293 117,593 04/12/12 – 02/16/13 {6, ..., 10} 29.3 mb
Ho-Nyc-Taxi N/A 2,062,554 01/01/16 – 06/30/16 {6, ..., 10} 341.4 mb

Table 2: Statistics of the higher-order mobility flow datasets that we provide (the original datasets are prefixed by ‘Ho-’).

Environmental Monitoring and Conservation. Another po-
tential application of higher-order mobility data is in the form of
assessing environmental impact (e.g., emissions, air quality, etc.).
This helps evaluate the effectiveness of eco-friendly initiatives (e.g.,
relating to transportation) and supports sustainability planning.

Public Healthcare. Microscopic modeling of spatiotemporal epi-
demics dynamics research [2, 15] can benefit healthcare practition-
ers and researchers in surveying and monitoring disease spread
through individual mobility behaviors. This can also inform pub-
lic policy about the effectiveness of targeted actions that aim to
mitigate the epidemic spread compared to horizontal measures.

5.2 Privacy and Ethics

The provided datasets have been anonymized to ensure privacy and
ethical considerations. They have all been derived from publicly-
available sources and have undergone necessary preprocessing to
meet specific research requirements. Moreover, the original datasets
are publicly available and are free of use (for research intent pur-
poses), as outlined by their respective curators, and were deemed
to be collected with proper informed consent and ethical approvals.
We also followed all terms and conditions of use as specified by
the dataset providers; this includes properly attributing and citing
their works. By sharing these higher-order mobility datasets, we
aim to encourage further research and innovation while upholding
privacy and ethics standards. Datasets are to be used responsibly
and adhere to relevant legal and ethical guidelines.

6 CONCLUSIONS

Many existing raw trajectory datasets, whether in the form of Gps
traces or check-in visits, are noisy and sparse, and learning from
these data directly using deep learning models can be challenging.
The lack of available preprocessed and clean datasets has motivated
us to contribute to this important resource dataset. The goal is to
reduce sparsity and to express trajectories as statements/sentences.
We do so by providing higher levels of abstraction of seven popular
mobility datasets, called higher-order mobility flow data. This type
of dataset(s) can find application in urban planning, transporta-
tion systems, environmental conservation, and public healthcare,
to name a few. As such, we encourage its use, following ethical-
observing guidelines. The code for generating these datasets has
been well-documented, and the procedure followed is clearly ex-
plained, so anyone can generate their own higher-order mobility
flow dataset. Our higher-order datasets are available for download
on Zenodo, and our code and documentation are on GitHub.
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