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Abstract

Human movement in urban areas is a complex phenomenon to analyze and
understand. The geographical spread of human movement, described by locations
between which individuals tend to travel, varies from city to city. The geographical
spread of such locations within a city would also vary with time. This research
explores how to formally analyze and understand human mobility using large sets of
real-world data from ride-sharing services for more than a dozen cities and to derive
succinct characterizations for large urban areas which account for both geographical
and temporal changes.

A wide range of machine learning problems require immense amounts of data.
To overcome this issue for human mobility, we propose a framework which includes
a stochastic graph model, and adversarial networks to generate synthetic human
mobility data which conforms with the geographical and temporal characteristics
observed in real data.

Deriving interesting insights from large sets of data and applying those to real-
world applications can be challenging. Here we also highlight how formal character-
izations can be applied to applications like ride pooling and vehicle placement. We
also derive performance bounds for online algorithms using city level characteriza-
tions.

Finally, we provide an open-source framework to understand properties of human
movement, generate synthetic human mobility data, and apply it to different what-if
scenarios for real-world applications. Using such a framework would help public
entities and researchers alike to thoroughly understand a complex and highly relevant
phenomenon.















iv






Report Structure

Part 1: Temporal and
Spatial Properties

Part 2: Synthetic Gen-
eration of New Datasets

Part 3: Example Appli-
cations & Useful Tools

Chapter 2
Chapter 3

Chapter 4

Chapter 5
Chapter 6

Table 1.1: Overall summary of structure of the report

1. Temporal and Spatial Properties: The study of statistical properties and models that

govern the generation and evolution of human mobility patterns. Evolution of human
movement in a city is viewed as a graph over time to study the collective behavior of
movements within a city. The static properties of the graph and its variation over time
help to design models and understand the temporal and static patterns of real-world human
mobility.

Graphs over time, do not capture the spatial information of mobility. Even for a static
graph, the spatial distribution is not encoded in it. We examine the spatial distribution
using Fractal Dimensionality. The structural information gathered with fractal dimension
is devised to understand how efficiently can algorithms perform.

. Synthetic Generation of New Datasets: The study of generating city-scale human mobility
data which closely matched properties of real-world data. We look at real-world data sets of
human mobility from fifteen cities across the globe. Millions of movements captured every
week in each city are important to consider potential scalability issues in data generation,
and to discover patterns which may not otherwise be visible in smaller and less granular
data sets. We demonstrate the value of large data by quantifying temporal and spatial
structure where most of the existing work focused on small networks of several hundreds
of mobility data points. Qualitative analysis of the generative models using temporal and
spatial properties validates and provides basis to look at real-world applications based on
large datasets of human mobility.

. Example Applications and Useful Tools: The study of multiple what-if scenarios related
to human mobility and making a framework available for the wider research community. We
consider two problems — ride pooling and vehicle placement for considering how synthetic
data generated can be used to evaluate different what-if scenarios. In the vehicle placement
case, we also highlight the benefits of using the properties discovered in human mobility
patterns. Using the two applications and synthetic generation, we provide a customizable
framework capable of learning patterns and providing metrics for quick feedback.









1.2.2 Part 2 — Synthetic Generation of Datasets: Scalable and efficient
approach for synthetic data generation and validation

How can we generate city-scale synthetic realistic datasets of human mobility? (Chapter 4)

Using Generative Adversarial Networks and Graph Generators we provide a novel model for
generating synthetic human mobility data. GANs which are known for modeling natural image
distribution by forcing generated samples to be similar to natural images help to capture spatial
distribution of ride requests without requiring to embed geographical information about an urban
area like water bodies, and parks where ride requests would never originate or end. GANSs also
allow to simplify the process of running simulations or experimentation by not providing access
to real data which would otherwise be a privacy concern but rather allow us to obfuscate the
locations of origin, destination, and also time of ride requests. The approach for GANs here
involves viewing human mobility as a (temporal) sequence of (spatial) images of origin and
destination locations of ride requests used to train the GANs with discretized time buckets as
labels. By dealing with large amount of data for many cities and long training times for GANs, we
also propose an effective way to parallelize and scale the training runs using cluster of machines on
AWS. With such scaling, we highlight how real-time inputs of the mobility patterns phenomenon
can be used to predict future city-wide mobility patterns.

How do we validate real and synthetic datasets? (Chapter 4)

For fifteen cities around the globe, we provide comparative analysis of real and synthetic data sets
for a week of mobility data based on densification power law and correlation fractal dimension
properties. These statistical properties provide insights for both high and low granularity of time
and space human mobility patterns.

1.2.3 Part 3 — Example Applications and Toolkit Framework: How can we
use city-scale data for different what-if scenarios?

What are some real-world applications which can benefit from human mobility data?
(Chapter 5)

We introduce a rigorous formulation of the dynamic ride pooling problem and suggest several
approaches, or methods, for dynamic ride pooling. We explore the design space for different
pooling methods, and different configuration of these methods based on trade offs involving
several key parameters like maximum number of pooled riders, temporal and distance limits
within which a ride should be eligible for pooling. We show dynamic ride pooling can produce
societal benefits, in reducing total travel distance and the total vehicle count for a city. Human
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mobility and transportation is a major issue for many large urban areas in the world. In this work
we take a data-driven approach to investigate the subject of real-time dynamic ride pooling.

Reducing wait times to below two minutes is a challenging problem that requires real-time
vehicle placement. The real-time nature of this problem introduces two challenges: first, to
minimize wait times, drivers should proactively predict where future pickup requests will be
located and go to these locations in anticipation of future pickup requests, thus eliminating any
travel time to the request location. Yet to accurately predict future pickup requests, drivers must
account for not just overall patterns in ride requests, but also real-time temporal and geo-spatial
request fluctuations, which are influenced by human mobility dynamics. Second, these vehicle
placement decisions must be made quickly and cannot require any significant coordination,
e.g., drivers can view this information in their mobile application. We highlight a distributed
placement algorithms that allow each driver to independently decide where to go after dropping
off a passenger.

How can we use a parameterized framework and associated toolkit to study different what-if
scenarios? (Chapter 6)

We provide a framework and associated toolkit to generate city scale urban mobility data
for a large number of cities around the globe. The framework is based on spatial and temporal
insights without compromising the identity and privacy of both the riders and drivers. Apart from
generation of datasets, the proposed framework provides tools to determine whether the generated
data depicts normal patterns of urban mobility or not. This validation is done by analyzing the
temporal and spatial characterizations of the city from both real and synthetic datasets. Since
these patterns vary for each city we also depict how our framework can be extended for any other
city not covered in this paper.

Our parameterized framework and toolkit use different generative techniques which provide
insights into how and why mobility patterns develop between different areas of a city. Such
models are also useful to reason about the structure and its evolution with time. The framework
allows to customize geographical space, density, and time for data generation.

With models for space and time characterization and algorithms for pooling and driver
placement, ours is a holistic framework to aid intelligent transportation studies and decision
making for city planning.
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Figure 2.5: DPL plots from real data for multipllél cities. The red line is the least square fit of the
form y = Cx®, where y and x are number of edges and nodes respectively. R> ~ 1.00 for all of
them.
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Figure 2.5: DPL plots from real data for multiple cities. The red line is the least square fit of the
form y = Cx®, where y and x are number of edges and nodes respectively. R? ~ 1.00 for all of
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Figure 2.6: Average node degree plots using New York’s ride-hailing and yellow cab datasets
for a week. For most days there is a rise in the mean with increase in human activity. For
yellow-cab dataset there is a slight decrease in mean during mid-day; we suspect this is due to an
inherent property of its ridership.
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Figure 2.7: Community Coefficient variation over a week in New York.
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Chapter 3

Spatial Distribution & Evolution of Human
Mobility

How do we formally interpret the spatial distribution of human mobility data? Given the dynamic
nature of the human mobility phenomenon, is there a way to characterize the distribution of points,
like locations between which individuals tend to travel, for any urban area? Also, how does the
spatial distribution vary with time? With increase in human mobility during certain times of a
day, how does the spatial distribution of geographical coordinates representing drop-off locations
differ from pickup locations? In the previous chapter we looked at the temporal evolution of
human mobility in the form of graphs. Here we shift focus to the spatial distribution and its
variations with respect to time. In RRGs, the temporal variations was with respect to how the
connections between locations were evolving; here it is with respect to spatial distribution.

3.1 Introduction

We use the proposed Ride Request Graph to study the dynamics of human movement with respect
to time. The dynamics included nodes signifying geographic locations and how nodes would
densify with increase in edge degree relative to time. In the graph itself, we do not address how
separated or dispersed are the nodes relative to each other; how does the spread of nodes change
from one time snapshot to the subsequent ones. Note the edge weight in the RRG represented
the number of ride requests having the same origination and destination nodes; the underlying
metric of how far are two nodes was not being captured in the graph or the high level statistic,
Densification Power Law.

The spatial properties proposed in this chapter provide a statistical model to understand the
evolution of human mobility across geographical space. By studying how the spatial connections
are made, using RRGs, combined with understanding of spatial distribution of origin and desti-
nation points for any time snapshot and its evolution with time, we would have most of the tools
to formally characterize the pattern of human mobility in both temporal and spatial dimensions
for any urban region.
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Figure 4.1: Ride requests for a small region of downtown San Francisco for a typical week day.
Each figure shows the aggregated ride-locations (red dots) over a period of an hour. Each red dot
may represent one or more ride-locations. Ride density varies spatially and temporally.
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