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ABSTRACT
Data generators have been heavily used in creating massive trajec-
tory datasets to address common challenges of real-world datasets,
including privacy, cost of data collection, and data quality. However,
such generators often overlook social and physiological character-
istics of individuals and as such their results are often limited to
simple movement patterns. To address these shortcomings, we
propose an agent-based simulation framework that facilitates the
development of behavioral models in which agents correspond to
individuals that act based on personal preferences, goals, and needs
within a realistic geographical environment. Researchers can use
a drag-and-drop interface to design and control their own world
including the geospatial and social (i.e. geo-social) properties. The
framework is capable of generating and streaming very large data
that captures the basic patterns of life in urban areas. Streaming
data from the simulation can be accessed in real time through a
dedicated API.
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1 INTRODUCTION
Trajectory data capturing human mobility is valuable in many ap-
plications, including the inference of popular routes [23], traffic
prediction [12], and ride-sharing applications [26]. However, hav-
ing a large set of real-world trajectory data raises serious concerns
regarding the spatial privacy of users. For example, Apple’s pri-
vacy policy allows sharing the spatio-temporal location of their
users with “partners and licensees” [1]. Studies on location privacy
based on trajectories have already shown that such data allows
inferring the identity of individuals based on their locations using
taxi trajectories [24], Twitter check-ins [18], and call detail records
[7].

In addition to the privacy challenge, the cost of data collection
and data quality hinders the broad research community in exploit-
ing real-world trajectory data sets. In particular, publicly available
real-world trajectory data sets are highly limited in quality and
quantity [10]. For example, existing vehicle trajectories may only
report GPS samples in a minute-scale frequency [25] and microblog-
ging data (e.g., Twitter) may have users share their location less
than once per day. This data sparsity makes high-fidelity mobil-
ity analysis more than challenging [21]. Another type of mobility
data used recently by the GIS community is Origin-Destination
data, such as provided by the New York City Taxi and Limousine
Commission [3]. But, the lack of actual traces, as well as the inabil-
ity to capture multiple trips by the same user, make this type of
data inapplicable for many applications (e.g., Why does a person
go from A to B? Why was one route chosen over another etc.).
Moreover, non-spatial properties of individuals such as age, occu-
pation, and preference, which are critical to understand causality
between mobility and behavior, are omitted for the sake of privacy
protection.

While there are numerous limitations with respect to publicly
available data sets, imagine the research possibilities with trajectory
data that have none of these shortcomings. Having a large data
set with high-quality mobility traces, the users’ home and work
locations, as well as the users travel motivation, will allow one to
address many research questions in traffic prediction, urban planing,
and location privacy. Along with the need for enriched mobility
data, our work has been motivated by the following observations.

https://doi.org/10.1145/3347146.3359106
https://doi.org/10.1145/3347146.3359106


SIGSPATIAL’19, November 2019, Chicago, Illinois, USA J.-S. Kim et al.

Figure 1: Causality in human behavior

• Trajectory data generators have been proposed in the past [5,
17, 19, 20] as an alternative method to create trajectories conve-
niently and inexpensively. These data generators, however, often
overlook non-spatial properties of individuals. They tend to focus
on mimicking the mobility phenomena without deep understand-
ing of the intrinsic motivations of why people move. For example,
existing data generators specify origin and destination regions,
and simulate moving objects (or agents) between these regions
on shortest paths. This oversimplification of human behavior
leads to generating data that is inexplicable and implausible.

• Agent-based simulation is a flexible paradigm commonly applied
in computational social science research to study complex social
and spatial phenomena, such as the outbreak of riots, the disease
spread, and or slum emergence in urban environments (see [6] for
a review). Such simulations consider the motivations that drive
individual agents based on socially plausible rules and theory. In
addition, analysis can be carried out at an aggregate level, such
that there is no need for large-scale data generation [6]. While,
urban environments and places significantly influence citizens
[14], such environments including buildings and spatial networks
are often simplified or abstracted in agent-based simulations [6].
These observations drive us to identify the requirements for

a geo-social data generator: flexibility, scalability, and a spatially
explicit realistic representation. First and foremost, the genera-
tor should be equipped with a set of atomic building blocks with
the flexibility to develop various behaviors of agents. Thus, the
generator needs to easily facilitate changes to the model logic. Sec-
ond, the simulator should be scalable to generate and stream very
large geo-social datasets to support data-driven research. Instead
of downloading data, users should be able to simply download the
generator and run their model. Finally, the simulation should be
spatially aware, allowing simulated agents to choose and travel to
different locations depending on their characteristics and motiva-
tion.

In the remainder of this paper, we present our flexible, scalable,
and spatially aware agent-based simulation framework to gener-
ate and stream large geo-social data. Specifically, in Section 2 we
present the design of our framework which allows researchers
to develop simulations based on user-specified human behavior
concepts. Section 3 describes features and implementation of the
demonstrator to be showcased at ACM SIGSPATIAL 2019, and Sec-
tion 4 concludes the paper and discusses future research directions.

2 CONCEPTS AND ARCHITECTURE
Most human actions are triggered by a cause and have conse-
quences/effects [6]. Ranging from simple repetitive behaviors like
eating to a more complex behavior such as learning how to use

Figure 2: Architecture of framework

a tool, this simple fact allows us to capture the patterns of daily
human life (e.g., commuting to and from work, eating, sleeping,
etc.) in a reflexive way. This forms the basis of our human behavior
model along with human motivation theories [4, 8, 15, 16]. In sim-
ple terms, we define four concepts to capture the necessary factors
and effectors of human behavior in our framework. Our framework
allows us to define and combine each of these four concepts to
create unique simulation and data generators.
• Trigger is a mechanism that is initiated by a change or event in
internal or external factors. Internal factors include one’s needs,
beliefs, and characteristics, while external factors include the
environment or other individuals. For example, a trigger called
hunger can be defined as an agent having a food level less than a
specified threshold.

• Behavior is a construct that is directly initiated by a trigger. For
instance, we assume that eating is a behavior because it is directly
initiated by the trigger of hunger. Inside a behavior, one can define
multiple actions that make up the lifetime of the behavior.

• Action is the process of performing certain step(s) that directly
produce an output once it reaches the defined goal. Sticking
with the eating behavior example, each process leading towards
becoming full is considered an action. For instance, deciding
whether eating at home or outside is a one-step action that gen-
erates a decision. Similarly, the process of grocery shopping is
an action with multiple steps.

• Goal is simply the end condition for an action, such as an agent
reaching a food level of 100%.
Fig. 1 depicts how these concepts relate to each other. A trigger

initiates a behavior, which is composed of a set of actions. Each
action could provide an output that feeds into the next action and
involves one or multiple steps that are executed until an explicitly
defined goal is met.

An agent may have multiple behaviors that are executed in order.
One challenge is to determine the priority of competing behaviors.
A hypothesis based on Maslow’s hierarchy of needs [15] is one
approach to this challenge. Our framework allows users to identify
the priorities of behaviors so that they can customize their models
to their own research needs.

We capture the above concepts in an extensible architecture
(cf. Fig. 2) consisting of three parts: the Model Builder, the Model
Component Library, and the Simulator.
• The Model Component Library is a library that contains essential
model components (i.e., function blocks) to define agent-based
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(a) Morning (6:00am) (b) Rush hour (7:00am) (c) Working (8:30am) (d) Going for lunch (12:00pm)

Figure 3: Several screenshots from the simulator

models including behaviors, actions, needs, and characteristics.
It provides a common library for both the Model Builder and the
Simulator to import components.

• The Model Builder enables users to focus on the logic of agent-
based models and eases programming efforts for modeling. Ba-
sically, all components a model developer builds shall be in the
library. The Encoder encodes models into files so that they can
be exchanged between the Model Builder and the Simulator.

• The Simulator loads all model components and configurations
from model files through the Decoder. The Simulator generates
agents and runs simulation with them. Data generated by agents
(such as check-in data at locations, transactions such as purchas-
ing food, and meetings with other agents) is written on an output
device, which can be a file or a stream.

3 DEMONSTRATION
In our demonstration, we will show three aspects of our data gen-
eration framework: (1) the Model Builder, which allows users to
customize the logic for a model, (2) the Simulation and Data Gener-
ator to visualize the simulation using a graphical user interface, and
(3) the Streaming Interface allowing users to connect, subscribe,
and obtain a stream of generated data.

Model Builder: Fig. 4 illustrates the model builder with our
sample model which will be demonstrated. It is implemented in
Java based on JGraphX[2], a Java Swing diagramming library. Users
can simply drag-and-drop components from the template panel
to the drawing canvas. Our sample model consists of two triggers
(food, sleep), eight properties (money, wage, workHour, buildings,
homeLocation, workLocation, destination, currentLocation), and four
behaviors (eating, sleeping, working, doNothing). Fig. 4 demonstrates
how to edit the HUNGRY trigger in the eating behavior. In this
example, an agent feels hungry when the strength of need for
food is greater than 50, and looks for restaurants and determines
one of them as a destination. Then, the agent performs an action
of traveling to the restaurant along the shortest path in the road
network. Afterwards, the agent eats food by fulfilling the need for
food until achieving the goal untilFULL. After the meal, he/she will
pay his/her bill using the money property. Modelers can save their
working files and export model files that can load in our simulator.

Figure 4: Layout of model builder and sample model

Simulation and Data Generation: Our framework leverages
the open source simulation framework MASON [13] and its geospa-
tial extension GeoMASON [22]. Fig. 3 shows screenshots of simula-
tions with 10,000 agents, reflecting highly stylized daily patterns
of life. The spatial environment uses synthetic data (14,181 road
segments) created by a spatial network and place generator [11].
We captured several screenshots from the simulator representing
different times of the day. In the simulation, we visualize hunger
levels of agents with color: red means hungry while blue denotes
full. In Fig. 3a, around 6 a.m., agents are still at home, distributed
in a suburb of the city. Agents go to work in the morning and ex-
perience traffic congestion as shown in Fig. 3b. Fig. 3c implicitly
depicts the spatial distribution of the workplace. We can notice that
restaurants are evenly distributed compared to workplaces (see Fig.
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Figure 5: Analysis using Zeppelin + Spark Streaming

3d). While running the simulation, an expected daily routine and
the variation of states of all agents over time are observed. However,
such results only provide a visual validation. Empirical validation
such as trace validation [9] can be conducted as well.

Streaming Interface: Our running simulation streams geo-
social data of agents such as agent ID, time stamp (both in simu-
lation time and ticks), current location, and current status of the
agent. Our framework streams data using the ZeroMQ client library.
We demonstrate a use case of streaming data analysis on our own
stream on a Zeppelin instance using Spark Streaming as shown in
Fig. 5. Supplementary materials including a demo video and sample
data can be found at http://sigspatial19demo.joonseok.org.

4 CONCLUSION
We present an agent-based simulation framework for geo-social
data generation. Our framework allows users to easily develop and
customize the logic of agent behaviors for different applications,
run the simulation to generate geo-social data, and explore the
generated datasets. During the demonstration users will be able
to test the Model Builder, as shown in Figure 4and to see how
changes of agent logic are reflected in the simulation visualization.
Attendees can also explore their own generated data. We hope
that our simulation framework will be used to generate large sets
of synthetic data for experimentation in many domains and that
simulation settings will be shared to regenerate identical data sets
for reproducible experimentation.

Our future work plans are three-fold. (1) We will enrich the
atomic elements of the model builder to allow for expressing more
complex behaviors, e.g., blocks that are related to agent interactions
and social network will be added. (2) We will employ distributed
computing systems to further the scalability of our framework.

Such an addition is planned to be abstracted from model design
so the framework users should not be affected by it. (3) Once the
model builder is enriched, we will develop a patterns of life model
that produces plausible behaviors of mobility. We will share the
generated datasets with the scientific community.
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