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1 Introduction

Location-Based Service (LBS) data, collected from personal mobile
devices, have enabled significant advances in understanding hu-
man mobility patterns over the past decade. Extracting insights
from these datasets typically involves using complex data-mining
algorithms to detect, filter, and cluster stay locations. However,
LBS datasets are often massive—ranging from tens to hundreds of
gigabytes per day—posing serious computational challenges for
traditional data processing tools. Libraries such as Pandas operate
in a single-machine environment and require the entire dataset
to fit into memory, making them unsuitable for processing LBS
data at scale [3]. sparkmobility allows students and researchers
to process large LBS dataset with improved memory management.

Since its release in 2012, Apache Spark has emerged as the de
facto standard for big data analytics. Its distributed computing
model allows large datasets to be processed in parallel across mul-
tiple machines. Key features like lazy evaluation, in-memory com-
putation, and resilient distributed datasets (RDDs) enable Spark
to overcome memory limitations and handle iterative and large-
scale data transformations efficiently. In this paper, we introduce
sparkmobility, a Spark-based framework designed to perform
scalable processing and analysis of LBS data using these capabili-
ties.
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2 Software Architecture

Shown in Fig. 1, Sparkmobility is composed of two components: a
Scala-based backend ! and a Python front end 2. The data processing
pipelines are implemented in Scala, Spark’s native language, and
compiled into a Java Archive (JAR) file. The Python library serves
as a lightweight interface to this backend, which allows the users to
access the compiled pipelines without having to interact with the
underlying Scala code or compiling locally. In addition to serving as
a wrapper, the Python library also includes human mobility models
that can directly consume the processed outputs within Uber’s H3
spatial framework.

Developers can contribute to either the Scala repository or the
Python interface, while end-users primarily interact with the Python
API. To streamline setup, the JAR file is hosted on Google Cloud
Storage (GCS) and is automatically downloaded when the Python
package is loaded in a Python environment for the first time. This
eliminates the need for users to compile the pipelines locally. Fur-
thermore, sparkmobility-py automatically retrieves and installs
a compatible version of Apache Spark upon its first use.
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Figure 1: Overall software architecture. Developers interact
with both the Scala and Python code space but users only
interact with the Python code space.

!https://github.com/humnetlab/sparkmobility-scala
Zhttps://github.com/humnetlab/sparkmobility-testing
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h3_index|
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|00069388667631742... | 1| 2019-01-01 02:49:06|2019-01-01 03
|00069388667631742. .. | 2| 2019-01-01 04:51:29|2019-01-01 04
|00069388667631742. .. | 3| 2019-01-01 05:58:02|2019-01-01 08
|00185451363399505. .. | 0| 2019-01-01 07:43:07|2019-01-01 09
|00185451363399505. .. | 1| 2019-01-01 10:56:00|2019-01-01 11

13
12
12
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:31:
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N

:50|INTERVAL '0 00:00...|613221929790210047|2018-12-31 19:38:50|8829A189D9FFFFF |
41|INTERVAL 'Q 00:42...]613221929314156543|2018-12-31 20:49:06 |8829A18813FFFFF |
:29|INTERVAL 'Q 00:00...|613221929314156543|2018-12-31 22:51:29|8829A18813FFFFF|
:14|INTERVAL 'Q 02:40...|613221929314156543|2018-12-31 23:58:02|8829A18813FFFFF |
:28|INTERVAL '@ 01:45...|613220280510185471|2019-01-01 01:43:07|88298989CDFFFFF |
:56 | INTERVAL '@ 00:28...|613220280510185471|2019-01-01 04:56:00|88298989CDFFFFF |

Figure 2: Sample output of the stay detection pipeline. The raw records are filtered and aggregated into stay points within each

region defined by h3_index in the output.

2.1 Data Processing Pipelines

The data processing pipelines, implemented in Scala using the Spark
framework, are designed for efficient and scalable processing of
large-scale mobility datasets. A mobility data set is defined as a
collection of spatial-temporal observations, where each record is a
tuple r = (i, £, x, y): i denotes the user identifier, ¢ is the timestamp,
and (x,y) represents the longitude and latitude coordinates. The
primary objective of the pipeline is to extract stay points and infer
the home and work locations of each user.

We adopt the stay detection method proposed by Zheng et al.
[5]. Raw records are first filtered using spatial-temporal criteria:
consecutive records within 5 minutes and 300 meters are grouped
into a candidate stay point. The duration of a candidate stay is
computed as the time span between the earliest and latest records
in the group. A hierarchical mapping algorithm is then applied to
aggregate candidate stay points into final stay points using a grid
system at a specified resolution. To allow convenient indexing and
processing of areas and locations, we use the hexagonal grid system
defined in the H3 package instead of the square grid used in the
original algorithm in [5]. Figure 2 shows an example output of the
stay detection pipeline.

2.2 Human Mobility Models

Human mobility models are used to characterize the human mobil-
ity patterns that exist in the underlying human mobility datasets.
These models often use statical laws and machine learning tools to
describe the movement of individuals and then generate realistic tra-
jectories following the discovered patterns [3] . sparkmobility-py
hosts the implementation of human mobility models that are im-
plemented within the H3 framework. We include exploration and
preferential return (EPR) [4], gravity model [1], and TimeGeo [2]
in the release.

3 Experimental Results

To demonstrate the computational advantage of sparkmobility
in processing large-scale human mobility data, we compare the exe-
cution time of the stay detection algorithm described in Section 2.1
with the C++ implementation by Jiang et al.[2]. The evaluation uses
a test dataset provided by Veraset, covering approximately 2.5 mil-
lion daily users in the US. As shown in Fig. 3A), sparkmobility
achieves an order of magnitude reduction in computation time
compared to the C++ baseline. For all but the smallest sample size
(approximately 1% of users), the improvement made by Spark’s
processing implementation outweighs the initial overhead cost. To
validate the resulting stay points in sparkmobility, we examine

the distribution of the number of daily visited locations. Figure 3 B)
shows that the result from sparkmobility is consistent with the
C++ implementation.
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Figure 3: Experimental results. A) Comparison of execution
time between the C++ implementation and sparkmobility.
B) Distribution of the number of daily visited locations.
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