Aalborg Universitet AALBORG

UNIVERSITY

Managing and Analyzing Big Traffic Data-An Uncertain Time Series Approach

Hu, Jilin

DOl (link to publication from Publisher):
10.54337/aau306584084

Publication date:
2019

Document Version
Publisher's PDF, also known as Version of record

Link to publication from Aalborg University

Citation for published version (APA):
Hu, J. (2019). Managing and Analyzing Big Traffic Data-An Uncertain Time Series Approach. Aalborg
Universitetsforlag. https://doi.org/10.54337/aau306584084

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.

- Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
- You may not further distribute the material or use it for any profit-making activity or commercial gain
- You may freely distribute the URL identifying the publication in the public portal -

Take down policy
If you believe that this document breaches copyright please contact us at von@aub.aau.dk providing details, and we will remove access to
the work immediately and investigate your claim.

Downloaded from vbn.aau.dk on: December 04, 2025


https://doi.org/10.54337/aau306584084
https://vbn.aau.dk/en/publications/9c871b82-3d77-443a-9209-32487d706daf
https://doi.org/10.54337/aau306584084




MANAGING AND ANALYZING
BIG TRAFFIC DATA—AN
UNCERTAIN TIME SERIES
APPROACH

BY
JILIN HU

DISSERTATION SUBMITTED 2018

({8

AALBORG UNIVERSITY
DENMARK






Managing and Analyzing
Big Traffic Data—An
Uncertain Time Series
Approach

Ph.D. Dissertation
Jilin Hu

Dissertation submitted December 2018



Dissertation submitted: December 2018

PhD supervisor: Prof. Christian S. Jensen
Aalborg University

PhD Co-Supervisor: Prof. Bin Yang
Aalborg University

PhD committee: Associate Professor Christian Thomsen (chairman)
Aalborg University

Professor Matthias Renz
Christian-Albrechts-Universitit zu Kiel

Professor Ira Assent
Aarhus University

PhD Series: Technical Faculty of IT and Design, Aalborg University
Department: Department of Computer Science

ISSN (online): 2446-1628
ISBN (online): 978-87-7210-364-8

Published by:

Aalborg University Press
Langagervej 2

DK — 9220 Aalborg @
Phone: +45 99407140
aauf@forlag.aau.dk
forlag.aau.dk

© Copyright: Jilin Hu. Author has obtained the right to include the published and ac-
cepted articles in the thesis, with a condition that they are cited and/or copyright/credits
are placed prominently in the references.

Printed in Denmark by Rosendahls, 2018



Abstract

We are witnessing a global trend towards urbanization that creates larger
and larger cities. This development results in increased demands for mobil-
ity. At the same time, it also brings with it increased congestion, increased
greenhouse gas emissions, and reduced air quality.

Meanwhile, with the increasingly digitalization of vehicular transporta-
tion, notably the deployment of GPS devices, e.g., in smartphones and vehi-
cle navigation devices, and sensors embedded in roads, massive volumes of
data are generated that capture the traffic state of a road network. This data
foundation and the above problems call for new data analysis techniques
that enable high-resolution vehicular transportation services that contribute
to addressing the problems.

In this thesis, we adopt an uncertain time series (UTS) approach to capture
both uncertainty and temporal dependency. We solve the following three
problems: 1) data sparseness in UTSs in a road network; 2) decision making
among several UTSs at each time interval; and 3) future forecasting for UTSs
with spatio-temporal correlations.

First, traffic data is uncertain and spatio-temporally sparse. It is com-
mon that one road segment may be traversed by several vehichles at different
speeds at the same time such that an uncertain or stochastic weight is the
most appropriate way of capturing the travel time. Yet, it is also normal
that some road segments have no vehicle traversals during some time peri-
ods, and it is an almost impossible task to collect enough traversal data to
cover all edges in a road network with stochastic weights at all times. All
time-dependent stochastic weights on edges can be modeled as UTSs, we call
this problem data sparseness in UTSs in a road network. To address this prob-
lem, we provide a general, data-driven Graph Convolutional Weight Com-
pletion (GCWC) framework to assign a stochastic weight to each edge. We
further improve the performance of GCWC by incorporating contextual in-
formation.

Second, UTSs on edges in a road network result in multiple UTSs for a
pair of an origin and a destination since multiple candidate paths exist for
the same pair. Therefore, we address the problem of selecting the optimal
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paths from the set of all candidates, which we call decision making among sev-
eral UTSs at each time interval. We develop techniques to find optimal paths
with non-dominated costs that take the risk preferences of users into consid-
eration. We investigate the relationships among risk preferences, categories
of utility function, and different kinds of stochastic dominance. To improve
the efficiency of comparing multiple UTSs, we propose a grouping strategy
and a merge-sort like procedure.

Finally, given a partitioning of a road network into regions, we construct
UTSs for Origin-Destination (OD) pairs. To estimate the future stochastic
weights of any OD pair, we consider the problem of future forecasting for UTSs
with spatio-temporal correlations. We propose a stochastic OD matrix forecast-
ing framework that encompasses factorization, forecasting and recovery. We
use machine learning techniques to address the data spareness problem in
historical OD matrices and temporal dynamics in forecasting; specifically, we
utilize Fully-Connected (FC) layers and Gated Recurrent Units (GRU), respec-
tively, in a basic generic framework. Finally, we propose a dual-stage graph
convolutional, recurrent neural network to better capture the spatio-temporal
correlations in an advanced framework.

We evaluate the proposed methods and frameworks by utilizing of five
real data sets, four of which are traffic data sets from three different countries,
specifically Denmark, China, and U.S.A., and four different places, specif-
ically Aalborg, Chengdu City, highway toll gate in China, and New York
City. Moreover, the data includes both GPS taxi data and loop detector data,
which are two important sources of traffic data. The experiments conducted
in each paper offer detailed insight into the efficiency and effectiveness of the
proposed approaches.



Resumé

Vi oplever en igangvaerende udvikling mod en urbanisering der skaber storre
og storre byer. Denne udvikling har resulteret i storre eftersporgsel til mo-
bilitet, og som konsekvens af dette forekommer en oget overbelastning,og en
storre meengde drivhusgasser udledes der reducerer luftkvaliteten.

I takt med digitaliseringen af keretojer skabes store maengder af data der
indkapsler tilstande for vejnetveerk. Dette er iser tilfeeldet gennem udbre-
delsen af GPS-enheder i eksempelvis smartphones og navigationsenheder,
samt vej-indlejrede sensorer. Dette data-fundament og ovenstdende prob-
lemstillinger skaber eftersporgsel efter nye analyseteknikker der muligger
koretejs- og transport-services af hej oplesning, som kan bidrage til at adres-
sere problemerne. I denne tese anvender vi uncertain time series (UTS) til at
indfange bdde usikkerhed og temporal afhaengighed. We lgser folgende tre
problemer: 1) Data sparsomhed i UTS for vejnetveerk; 2) Beslutningstagen pa
tveers af flere UTS for hvert tidsinterval; 3) Fremtidig prognose af UTS med
spatio-temporale korrelationer.

Forst og fremmest er trafikdata er usikkert og spatio-temporalt tyndt. Det
er normalt at et vejsegment bliver traveseret af flere koretojer med forskel-
lige hastigheder pa samme tidspunkt saledes at en usikker eller stokastisk
vaegt er den passende made at indfange rejsetid pd. Samtidig er det ogsa
typisk at nogle vejsegmenter ikke har opmadlte traverseringer over alle tidsin-
tervaller, og det er en neesten umulig opgave at indsamle nok data til at
daekke alle kanter i et vejnetveerk med stokastiske vaegte over alle tidsin-
tervaller. Alle tidsafheengige stokastiske veegte forbundet med kanter kan
modelleres som UTS, dette problem kaldes data sparsomhed i UTS for et
vejnetveerk. For at adressere dette problem praesenterer vi et generaliseret,
data-drevet Graph Convolutional Weight Completion (GCWC) framework til
at tildele en stokastisk veegt til hver kant. Derneest forbedrer vi GCWC'’s
ydeevne yderligere ved at inkorporere kontekstuelle oplysninger.

For det andet resulterer UTS pé kanter i et vejnetveerk i flere UTS’er for
hver kombination af kilde og destination da der findes mange valg af stier fra
A til B. Derfor lgser vi problemet med at udveelge den optimale sti fra et saet
af kandidater, som vi kalder beslutningstagen pé tveers af flere UTS’er over



hvert tidsinterval. Vi udvikler teknikker til at finde optimale stier med ikke-
dominerede omkostninger der tager hejde for brugerens risikopreeferencer.
Vi undersoger forholdet mellem risikopreeferencer, kategorier af hjelpefunk-
tionalitet, og forskellige typer af stokastisk dominans. For mere effektisk at
kunne sammenligne UTS’er udvikler vi en grupperingsstrategi og en merge-
sort-lignende procedure.

Endelig konstruerer vi UTS for Origin-Destination (OD) par ved hjeelp af
en partitionering af vejnetveerket. For at estimerer de fremtidige stokastiske
vaegte for et givet OD par, undersoger vi hvordan man kan lave prognoser for
fremtidige UTS’er ved hjeelp af spatio-temporale korrelationer. Vi foreslar et
stokastisk OD matrix prognose framework, der omfatter faktorisering, prog-
noser og genoprettelse. Vi bruger maskinleeringsteknikker til at adressere
datasparsomhed i historiske OD matricer og temporale dynamikker i prog-
noser; mere specifikt udnytter vi Fully-Connected (FC) lag, og Gated Recur-
rent Units (GRU) i et grundleeggende generisk framework. Til slut foreslar
vi et to-stadies Graph Convolutional, Recurrent neuralt netveerk for bedre at
kunne indfange de spatio-temporale korrelationer i et avanceret framework.
Vi evaluerer de foresldede metoder og frameworks ved at anvende fem aut-
entiske dataset, hvoraf fire af settene er fra tre forskellige lande, Danmark,
Kina og USA, og fire forskellige steder: Aalborg, Chengdu City, en beskat-
ningsport pa en motorvej i Kina, og New York City. Derudover inkluderer
dette data ogsa bade GPS taxi data, og loop detektor data, som er to vigtige
kilder til trafikdata. Eksperimenterne der udferes i hver artikel tilbyder de-
taljeret indsigt i effektiviteten af de foresldede tilgange og metoder.



Acknowledgments

First, I would like to express my gratitude to my supervisor Chistian S. Jensen
for giving me the opportunity to be one of his Ph.D. students. His dedication
to academics is admirable. I am quite impressed by his attention to details
and pursuit of perfection. All of these teach me how to be an excellent person.
I feel very grateful for his instructions on my Ph.D. study.

Next, I would like to express my gratitude to my co-supervisor Bin Yang for
recruiting me. I am so proud of being a member of such a great research
group. Apart from my own office, Prof. Yang’s office is my most frequently
visited place in AAU. I am very appreciative of the time he has spent provid-
ing suggestions on my work, which are quite instructive. Without his help, I
cannot have these publications and thesis.

Then, I would like to express my gratitude to Alexandre Bayen for giving
me the opportunity to study at UC Berkeley, which is of great help to my
research. I appreciate the funding from Otto Mensteds Fond for this period
of study. Also, I am really grateful to the Obel Family Foundation that funds
my whole Ph.D. study.

Moreover, I would like to express my gratitude to all my colleagues at Daisy
for providing such a cozy and friendly working environment. The life of a
Ph.D. student is full of toughness and loneliness. It is really nice to have
their company. I want to thank my co-authors, Chenjuan Guo, Jian Dai,
Robert Waury, and Lu Chen, for giving me the chance to work with them
and learn from them. Specifically, I want to thank Chenjuan for her dedica-
tion to revising my papers and teaching me how to write a good research
paper. Moreover, I want to thank Simon Aagaard Pedersen for translating
the Danish abstract of this thesis. I also thank the administrative personel in
AAU who have made my Ph.D. life easier.

Lastly, this thesis would not become a reality without the support from my
family and friends, especially my parents who raised me and my girlfriend
who is always there to encourage me. I thank them for their patience. I am
lucky to have all of you around me.

vii






Contents

Abstract

Resumé

Acknowledgments

I

1

Thesis Summary

Introduction
1.1 Background and Motivation . . . . . ... ... ... ... ..
1.2 ThesisStructure . . . . . . . . . . . .. e

Stochastic Weight Completion
2.1 Problem Motivation and Statement . . . . .. ... ... ... ..
2.2 Stochastic Weight Completion . . . . .. ....... ... ...,
2.3 Graph Convolutional Weight Completion . . . . . .. ... ...
2.4 Context Aware Graph Convolutional Weight

Completion . ... .. ... ... .. .. .. .. ... . . ...
2.5 Experimental Evaluation . . . . . ... ...... .. .. .....

Stochastic Optimality Analysis for UTS

3.1 Problem Motivation and Statement . . . . . ... ... ... ...

3.2 Stochastic Optimality . . . . ... ... ... ... ... ...,
3.2.1 Decision Making under Uncertainty . . . . .. ... ...
3.22 Stochastic Dominance . ... ................
3.2.3 Temporal Dominance Query . .. ... ..........

3.3 Checking Stochastic Dominance . .. ...............
3.3.1 Checking SSD between Two Random Variables . . . . .
3.3.2 Checking SSD between Two UTSs . . . . ... ... ...
3.3.3 Checking SSD among multiple UTSs . . . ... ... ..

3.4 Experimental Evaluation . . . . ... .. .... ... .. .....

ix

iii

vii



Contents

4 Stochastic Origin-Destination Matrix Forecasting 31
4.1 Problem Motivation and Statement . . . . . ... ... ... ... 31
4.2 Stochastic Speed Forecasting . . ... ............... 34
4.3 Forecast with Spatial Dependency . . ... ............ 35

43.1 Spatial Correlation . . ... ..... ... ... .. .... 35
43.2 Spatial Factorization . . . . ... ... ... ........ 36
43.3 Spatial Forecasting . . . ... ................ 36
434 LossFunction .. ... .. ... .. ... . ... . ... 37
44 Experimental Evaluation . . . . ... .. ..... .. .. ..... 37

5 Conclusions and Future Work 39
51 Conclusions . ... .. ... .. ... .. ... 39
52 FutureWork . . ... ... ... ... .o o oo 40

References 41

II Papers 45

A Stochastic Weight Completion for Road Networks using Graph Con-
volutional Networks 47
A1l Introduction . ... ....... ... ... ... .. .. ... 49
A2 RelatedWork . .. ... ... ... ... ... . . L. 51
A.3 Preliminaries and Problem Formulation . . . . .. ... ... .. 52

A31 Road Network ... ........ .. .. .. .. ..... 52
A3.2 Stochastic Weights . . ... ................. 53
A3.3 Problem Formulation . ................... 54
A34 SolutionOverview . .. ... ................ 54
A4 Graph Convolutional Weight Completion . . . . ... ... ... 55
A4.1 Intuitions and Framework Overview . . ... ... ... 55
A42 Convolutional Layer . . . ... ............... 56
A43 PoolinglLayer . . ... ... ... ... ... ... ..... 57
Ad4 OutputLayer . ... ....... ... ... ... ...... 57
A45 LossFunction . . ... ... ... ... .......... 58
A5 Context Aware Graph Convolutional Weight Completion. . . . 58
A5.1 Context Aware Graph Convolution Neural Network . . 58
A.52 Context Embedding Module . ... ............ 60
A53 BayesianInference . .. ... ... ... ... .. .. ... 62
Ab54 LossFunction . ... ..................... 63
A6 Experiments . . ... ... .. ... ... ... ... ... 63
A.6.1 Experimental Setup . ............. .. ..... 63
A.6.2 Experimental Results. . . ... ............... 70
A7 Conclusions and Outlook . . . ... ................ 74



Contents

References . . . . . . . . . . .. 75

Risk-Aware Path Selection with Time-Varying, Uncertain Travel Costs—

A Time Series Approach 79
B.1 Introduction . . ... .. ... ... ... ... .. 81
B.2 Preliminaries. . . . . . . . . . ... ... 84
B.2.1 Uncertain Time Series . . .. ... .. ... ... ..... 84
B.2.2 Constructing UTSs from Trajectory Data . . ... .. .. 84
B.2.3 Problem Definition . . ... ... ... ... ........ 85
B.3 Stochastic Optimality . . . . .. ... ................ 86
B.3.1 Decision Making Under Uncertainty . . . . .. ... ... 86
B.3.2 Stochastic Dominance . .. ................. 88
B.3.3 Temporal Dominance Query . ............... 92
B.4 Checking Stochastic Dominance . . ... ............. 93
B41 CheckingFSD . . ... ... ... ... .. .. .. .. ... 93
B42 CheckingSSD . . . ... ... ... ... .. . 97
B.43 CheckingSCSD . . ... ..... ... ... ... ..... 100
B.5 Finding Temporal Dominance . . . . .. ... ........... 101
B.5.1 Naive Algorithm . . .. ... ... ... .. .. .. ... 101
B.5.2 A General Grouping Framework . . . . . ... ... ... 102
B.5.3 Dominance Checking for Groups . . ... ........ 104
B.54 Checking Multiple UTSs. . . . ... ... .. ... ... 109
B.5.5 User Defined Constraints . . ... ............. 109
B.6 Empirical Study . . ... ........ ... ... oL 110
B.6.1 Experimental Setup . ............. .. .. ... 110
B.6.2 Efficiency . .. ... .. ... .. ... 112
B.6.3 Effectiveness. . . . . . .. ... .. ... ... ... ... 116
B.7 Related Work . . ... ... . . . . . ... ... 118
B.8 Conclusions and Outlook . . ... ................. 119
References . . . . . . . . . . e 120

Stochastic Origin-Destination Matrix Forecasting Using Dual-Stage

Graph Convolutional, Recurrent Neural Networks 123
C.1 Introduction . . ... ... ... ... 125
C2 Related Work . ... ... ... ... .. . ... ... ... 128
C.2.1 Travel Cost Forecasting . .. ................ 128
C.2.2 Graph Convolutional Neural Network . ... ... ... 128
C3 Preliminaries. . . . . .. .. ... .. .. 129
C.3.1 OD Stochastic Speed Tensor . . . . .. ... ........ 129
C.3.2 Problem Definition . . . . . ... .............. 130
C.4 Basic Stochastic Speed Forecasting . . . . ... ... ... .... 130
C4.1 Framework and Intuition . . .. ... ... ........ 130
C4.2 Factorization . ... ..... ... ... ... ..., 131

Xi



Contents

C43 PForecasting . .............. ... ... ..... 132
C44 Recovery . .. . ... ... 132
C45 LossFunction . ... ..... ... ... ... ........ 133
C.5 Forecast with Spatial Dependency . ... ... .......... 133
C.5.1 OSpatial Factorization . . .. ... ... ... ... ..... 133
C.5.2 Spatial Forecasting . . . .. ... .............. 136
Cb53 LossFunction . ... ..................... 137
C.6 Experiments . ... ................... ... ..., 137
C.6.1 Experimental Setup . ............. .. .. ... 137
C.6.2 Experimental Results. . . . ... .... ... ....... 141
C.7 Conclusions and Outlook . . . ... ... ... .. .. ..... 145
References . . . . .. ... ... ... 146

Xii



Thesis Details

Thesis Title: Managing and Analyzing Big Traffic Data-An Uncertain
Time Series Approach

Ph.D. Student: Jilin Hu

Supervisors: Prof. Christian S. Jensen, Aalborg University

Co-Supervisors: Prof. Bin Yang, Aalborg University
The main body of the thesis consists of the following papers.

[A] Jilin Hu, Chenjuan Guo, Bin Yang, Christian S. Jensen, “Stochastic
Weight Completion for Road Networks using Graph Convolutional Net-
works,” ICDE 2019, 12 pages (to appear).

[B] Jilin Hu, Bin Yang, Chenjuan Guo, Christian S. Jensen, “Risk-aware
path selection with time-varying, uncertain travel costs: a time series
approach,” VLDB J. 27(2): 179-200 (2018).

[C] Jilin Hu, Chenjuan Guo, Bin Yang, Christian S. Jensen, Lu Chen, “Stoc-
hastic Origin-Destination Matrix Forecasting Using Dual-Stage Graph
Convolutional, Recurrent Neural Networks” (under review).

In addtion to the above papers, I have coauthored the following five papers
as part of my Ph.D. studies, which are not included in the thesis.

[D] Jilin Hu, Bin Yang, Christian S. Jensen, and Yu Ma, “Enabling time-
dependent uncertain eco-weights for road networks,” Geolnformatica,
21(1): 57-88 (2017).

[E] Bin Yang, Jian Dai, Chenjuan Guo, Christian S. Jensen, Jilin Hu, “PACE:
a PAth-CEntric paradigm for stochastic path finding,” VLDB J. 27(2):
153-178 (2018).

[F] Chenjuan Guo, Bin Yang, Jilin Hu, Christian S. Jensen, “Learning to
Route with Sparse Trajectory Sets,” ICDE 2018: 1073-1084.

[G] Robert Waury, Jilin Hu, Bin Yang, Christian S. Jensen, “Assessing the
Accuracy Benefits of On-the-Fly Trajectory Selection in Fine-Grained
Travel-Time Estimation,” MDM 2017: 240-245.

xiii



Thesis Details

[H] Jian Dai, Bin Yang, Chenjuan Guo, Christian S. Jensen, Jilin Hu, “Path
Cost Distribution Estimation Using Trajectory Data,” PVLDB 10(3): 85-
96 (2016).

This thesis has been submitted for assessment in partial fulfillment of the
Ph.D. degree. The thesis is based on the submitted or published scientific
papers listed above. Parts of the content of the papers in the main body of
the thesis are used directly or indirectly in the extended summary part of
the thesis. As part of the assessment, co-author statements have been made
available to the assessment committee and are also available at the Faculty.
The permission for using the published and accepted articles in the thesis
have been obtained from the corresponding publishers with the condition
that they are cited and copyright are placed prominently in the references.
In reference to IEEE copyrighted material which is used with permission in
this thesis, the IEEE does not endorse any of Aalborg University’s products
or services. Internal or personal use of this material is permitted. If inter-
ested in reprinting/republishing IEEE copyrighted material for advertising
or promotional purposes or for creating new collective works for resale or re-
distribution, please go to http://www.ieee.org/publications_standards/
publications/rights/rights_link.html to learn how to obtain a License
from RightsLink. If applicable, University Microfilms and/or ProQuest Li-
brary, or the Archives of Canada may supply single copies of the dissertation.

Xiv


http://www.ieee.org/publications_standards/publications/rights/rights_link.html
http://www.ieee.org/publications_standards/publications/rights/rights_link.html

Part I

Thesis Summary






Chapter 1

Introduction

1.1 Background and Motivation

Transportation is an integral part of our daily lives. With the rapidly expan-
sion of cities and sharply increasing populations, many more traffic induced
problems are likely to occur in cities all around the world, e.g., traffic conges-
tion [1], greenhouse gas (GHG) emissions [2], and degraded air quality [3].
In 2014, traffic congestion has caused citizens of 370 urban regions in U.S.A.
to spend a total of 6.9 billion extra hours to travel, which amounts to a 159
billion dollar congestion cost [4].

Meanwhile, massive transportation data is being generated from GPS de-
vices in vehicles and by traffic sensors in roads that capture the travel of
people. This data is a very valuable information source: if we are able to
successfully analyze this data, this can offer a foundation for more intelligent
transportation. Recently, there has been many innovations in transportation,
e.g., mobility-on-demand services, autonomous vehicles, and advanced trav-
eler information systems (ATIS) [1], that all seek to address these traffic in-
duced problems.

In most previous studies [5-7], a road network is modeled as a graph [23],
and the average travel cost of a road segment, e.g., travel time or speed, is
specified as a weight of the corresponding graph edge. However, this ap-
proach is not accurate since it ignores the presence of uncertainty. The uncer-
tainty comes from the randomness in the underlying data. Notably, different
cars on the same road segment have different travel speeds, sensor measure-
ments may be imprecise and map matching methods may be imperfect [8].
Moreover, traffic data also shows strong temporal dynamics, i.e., current data
is correlated with the data that is generated before and after.

These two characteristics, uncertainty and temporal dynamics, are funda-
mental to the research topic of this thesis—uncertain time series (UTS). We



Chapter 1. Introduction

construct an UTS for each road segment such that a travel cost distribution is
used to describe the travel cost, e.g., travel time or fuel consumption, during
different intervals of time.

Example 1.1.1 (Road Network and UTS)

Figure 1.1(a) shows a road network that consists of 5 vertices and 5 di-
rected edges. We have two paths, P = {es,e1,e3} and P, = {e5,ez,¢e4,€3},
from A to E. Based on historical observations, we can have two corre-
sponding travel time distributions for the two paths: Path P, has a travel
time histogram {[40,50) : 0.3, [50,60] : 0.7} which means that P, offers 0.3
probability of arriving within 40 to 50 minutes and 0.7 probability of arriv-
ing within 50 to 60 minutes; thus, the expected travel time is 52 minutes.
Path P; has histogram {[40,50) : 0.6,[50,60) : 0.3,[60,70] : 0.1}, and the
expected travel time is 50 minutes. Therefore, if we only consider the ex-
pected travel time, P; is the best path because it has the shorter expected
travel time. However, if a user needs to arrive at vz within 60 minutes, the
user runs a risk of arriving late if choosing P;, while P, can guarantee an
on-time arrival.

Figure 1.1(b) illustrates the travel time UTS of edge e5s. We can observe
that the probability that the travel time falls into [15, 25) minutes is increas-
ing gradually after 8:15 since the morning peak hour ends. This example
also illustrates how traffic data demonstrates temporal dynamics.

(a) Road Network.

p p p
0.5 0.5 0.6
0.4 0.4 03
0.1 ol 0.1 TT 01 1y
| 15253545 | 15253545 | 15253545 | Departure
Time
8:00 8:15 8:30 8:45

(b) UTS for es.
Fig. 1.1: Motivating Example(p denotes probability and TT denotes travel time in minutes).

In this thesis, we address the following three problems.
1) Data Sparseness. A necessity condition for enabling high-resolution
travel costs for all road network paths is that every edge in the road network

4



1.1. Background and Motivation

graph has a stochastic weight at each considered time interval such that it can
capture uncertain traffic dynamics [2, 9]. To enable such time-dependent and
stochastic weights on each edge, different kinds of traffic data, e.g., GPS data,
loop detector data, and traffic camera data, can be collected [10, 11]. Yet, it
is still an almost impossible task to cover all edges with stochastic weights at
each time interval due to two reasons. First, GPS data is skewed [12, 13]. It is
quite normal that there always are taxis on downtown roads, while there is
barely any taxi appears in a given suburban area; Second, loop detectors are
only deployed on some roads. Since a loop detector needs to be embedded
into the road, it is expensive to install and maintain loop detectors, so these
can only provide data for a small portion of edges [7]. Furthermore, if we
split the available data temporally, e.g., split it into 15 minutes intervals, the
data spareness problem becomes much more severe [14].

p p
0.5 ') :
0.4 . 0.3
1 TT 0.1 T
15253545 15253545 Departure
] ] ] L_pp-Time
8:00 8:15 8:30 8:45
(a) UTS for e;.
p p
I) 0
0.
L] 0.
4wt g
40506070 ™ 40506070 ™ Departure
] ] ] ] »Time
8:00 8:15 8:30 8:45
(b) UTS for ep.
p
0.6
? 0 ?
TT
515 25 Dep_arture
! ! ! ! we
8:00 8:15 8:30 8:45

(c) UTS for ey.

Fig. 1.2: Examples of Data Sparseness in UTS(p denotes probability and TT denotes the travel
time in minutes).

Example 1.1.2 (Data Sparseness)

In Figure 1.2, several time intervals are marked with because they do
not have any observations. This illustrates the data sparseness problem.
Consider the time interval 8:15-8:30. In this interval, the stochastic travel

“uy
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time (in minutes) for edge e, can be represented as {[40, 50): 0.2, [50, 60):
0.4, [60, 70]: 0.4}, which means that there is 0.2 probability that the travel
time falls into [40, 50), 0.4 probability that it falls into [50, 60), and 0.4
probability that it falls into [60, 70], and the stochastic travel time for edge
ey is {[5, 15): 0.4, [15, 25]: 0.6}. Yet, there is no stochastic weight for ¢; since
no observations are available.

2) Decision Making under Uncertainty. When we have filled the gaps
in the edge weights in a road network, we can construct an uncertain travel
cost for any path. The question is how to select the optimal path under
uncertainty, which is different from selecting the optimal path in a setting
with deterministic travel costs.

Example 1.1.3 (Path Selections)

Figure 1.3 shows UTSs for paths P; and P, from A to E. Both UTSs have
stochastic travel times for all time intervals. Example 1.1.1 describes the
situation shown here for the time interval from 8:30 to 8:45, where the
two paths do not dominate each other. So, what is the optimal choice for
each of the two time intervals? The answer is P; because it stochastically
dominates P,. No matter what deadline is considered, P; always has a

higher probability of arriving on time.
p p p
0. '
2 03 3
02 T TT 01 j
. . 40506070 e

40506070 40506070
1
: >Time

8:00 8:15 8:30 8:45
(a) UTS for p;.

p p p
06 0
0.
03 0.
01 17 0.2 T T
L

oo O

405060 70 405060 70 405060 70 Departure

. . — Time
8:00 8:15 8:30 8:45

(b) UTS for py.

Fig. 1.3: Example of UTSs for Paths(p denotes probability and TT denotes the travel time in
minutes).

3) Spatio-Temporal Correlations. Traffic data is spatio-temporally corre-
lated. It is quite intuitive that if an accident happens on one edge, this may
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P p p
, o- ?
o4 03 0. .
02 T 1T 0. T
1 1 1

40506070 40506070 40506070 Departure

L L—P» Time
8:00 8:15 8:30 8:45 9:00

Fig. 1.4: Example of UTSs Forecasting of Path P; (p denotes probability and TT denotes the travel
time in minutes).

affect the future travel costs of the neighbor edges. Similarly, this correlation
is also embedded in the traffic data from region to region. However, such
spatio-temporal correlations are quite complex and are hard to capture in a
well-defined model [15].

Example 1.1.4 (Spatio-Temporal Correlations)

Figure 1.4 shows an example of forecasting the stochastic travel time of
path P; at 8:45-9:00. It is a safe bet that it is better to consider the historical
observations on el, ey, and e4 together than considering those of ¢; and
e4 independently, since their observations during 8:00-8:15, 8:15-8:30, and
8:30-8:45 are incomplete. We need to take into account spatio-temporal
correlations to enable better forecasting.

1.2 Thesis Structure

The thesis adopts an UTS approach to analyzing big traffic data, the goal be-
ing of providing a foundation that can contribute to enabling high-resolution
intelligent transportation applications, such as risk aware path selection, stoc-
hastic travel time prediction, and eco-routing. As already mentioned in the
previous section, we aim to address three challenges in the thesis, whose
overall structure is illustrated in Figure 1.5. First, we propose a generic data-
driven deep learning stochastic weight completion framework to associate a
stochastic weight with each road network edge, which addresses the data
sparseness problem. Assuming that the costs of different candidate paths are
modeled as UTSs, we conduct a stochastic optimal analysis over the UTSs to
identify the optimal paths during different intervals. Finally, we construct an
OD matrix to represent the stochastic travel costs, e.g., travel speed or travel
flows, between any pair of regions, i.e., a cell in the OD matrix contains
stochastic weights that capture travel from an origin region to a destination
region. Then we solve the stochastic OD matrix forecasting problem to con-
tend with spatio-temporal correlations.
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Managing and Analyzing Big Traffic Data—an UTS Approach

Stochastic Weight
Completion

Stochastic Optimality
Analysis for UTSs

Stochastic OD
Matrix Forecasting

Fig. 1.5: Thesis Structure. Paper A proposes a stochastic weight completion framework to ad-
dress the data sparseness problem in a road network. To obtain the optimal paths from a set
of paths with different UTSs, Paper B proposes a risk-aware path selection method. Further,
assuming that we use an OD matrix to store the UTSs of the optimal paths, we investigate the
problem of stochastic OD matrix forecasting while taking spatio-temporal correlations into con-
sideration. The recommended order to go through the thesis is Paper A then Paper B then Paper
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Chapter 2

Stochastic Weight
Completion

This chapter gives an overall introduction of Paper A [14]. The chapter reuses
content from the paper when that was considered most effective.

2.1 Problem Motivation and Statement

We first consider the problem setting. Given a road network where a subset of
edges have stochastic weights, our goal is to associate all edges with accurate
stochastic weights. We call this the stochastic weight completion problem. The
following example is reproduced from [14].

Example 2.1.1 (Example of Stochastic Weight Completion)

Continuing with Example 1.1.2, Figure 2.1 shows the stochastic weight
completion process. To ease the process, the prior information is converted
into a matrix representation where each row denotes the stochastic weight
of an edge such that we get a stochastic weight matrix W € R®*3, whose
first four rows are denoted as “?” due to data sparseness for eq,--- ,es
and the stochastic weights for e5 and ¢4 are displayed in the last two rows.
We aim to estimate the stochastic weights for eq,- - - ,e4 such that we ob-
tain a new matrix W that contains meaningful stochastic weights for all the
edges.

Existing studies have focused on the data sparseness problem in road net-
works and have converted it into a regression problem [7, 16, 17]. Those
studies try to learn the discrepancies of the weights among adjacent edges

9
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Directed Road Network Matrix .
Representation - Representatmn_) Completetion

[5, 10) [10, 15) [15, 20) [5, 10) [10, 15) [15, 20)
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Fig. 2.1: Example of Stochastic Weight Completion [14]. (© 2019 IEEE

by using regression, so that the weights of the edges covered by traffic data
can be propagated to their adjacent edges that are not covered by traffic data.
However, due to the data being sparse, the dependencies among edges can-
not be captured accurately by only considering similarities of weights among
adjacent edges. Moreover, these existing studies only consider determinis-
tic weights, e.g., average travel speeds, and converting these into stochastic
weights, e.g., travel speed distributions, is not a trivial task [14].

To cope with the above mentioned problems, in Paper A, we propose
a data-driven framework to address the problem using graph convolutional
neural networks (GCNN) [14]. Specifically, we first utilize a GCNN to encode
the sparse stochastic weights embedded in a road network in a latent space
using spectral graph theory [18]. Then we recover stochastic weights for all
edges in this latent space. To satisfy the problem definition, we construct loss
functions on the edges with data in the input only such that learning occurs in
a unsupervised /semi-supervised manner [14]. When the training data is big
enough, the relationships between latent feature and all edges can be learned
such that it can be employed to accomplish the task of stochastic weight com-
pletion. Moreover, we can consider additional contextual information, e.g.,
peak/off-peak hour, weekdays, and weather, to improve the performance of
this framework [14].

The contributions of this work can be characterized as follows.

e A stochastic weight completion problem is formalized;

e A data-driven framework is proposed to address the problem by using
graph convolution neural networks;

e Additional contextual information is included into the framework to
further improve accuracy;

¢ Extensive experiments with different data sources, specifically GPS data

10



2.2. Stochastic Weight Completion

and loop detector data, are conducted to offer insight into the frame-
work and its effectiveness.

2.2 Stochastic Weight Completion

We first need to represent the relationships between edges in the content
of graph, so we derive an edge graph from a road network. The following
definitions and examples in this section are reproduced from [14].

Definition 2.2.1

A road network is a directed graph H = (V,E), where V = {vy,--- , oy} is
a vertex set contains all road intersections in the road network; E C V x V
is an edge set, where an edge ¢, from vertex v; to vertex v; is represented as
ex = (v;,vj), where 1 <i,j < |V[and 1 <k < |E|.

Definition 2.2.2

An edge graph is an undirected graph G = (E, A), where E is an edge set
that has the same definition as above, and A € RIEI*IEl is an adjacent matrix
that describes the connectivity between edges. Specifically, if ¢; and ¢; are
connected—either from ¢; to ¢; or the other way around—then A;; = 1; oth-
erwise, A;;j = 0. Thus, A is a symmetric matrix, which also indicates that the
edge graph is undirected.

Directed Road Network ﬁ Edge Network Adjacency Matrix

€,6,€;€,6¢5€¢
ejo 01110
€,0 00010
e;1 000 01
€, 1 000 O01
es1 1. 0000
€0 01 100

Fig. 2.2: Road Network and Its Edge Graph [14]. © 2019 IEEE

Example 2.2.1 (Constructing Edge Graph)

Figure 2.2 gives an example of how to construct an undirected edge graph
and its corresponding adjacent matrix from a directed road network. For
instance, after going through edge e5, e; can be a consecutive edge meaning
that ey and e5 are connected in the edge graph [14], i.e., Ays = A5y = 1.
However, e; and e, cannot be consecutive edges for each other, so Ay; =
Al,Z =0.

To capture the temporal dynamics of traffic, we accumulate the data in
every 15 minute interval as stochastic weights and obtain 96 intervals for a

11
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day. Our end goal is to have one stochastic weight function as follows, which
is reproduced from [14].
F:EXTI— D,

where TI is set of time intervals that we are interested in, and D is the corre-
sponding stochastic weights. Specifically, F (e;, Tj) gives the stochastic weight
for edge ¢; in time interval T;.

Due to data sparseness, given a time interval T}, we first partition all edges
into two subsets: E. and E,;, which denote the edges covered by data and
the edges not covered (“missing”) by data, respectively. They are mutually
exclusive and collectively exhaustive, i.e., E. UE; = E and E. N E;, = @ [14].
In the example in Figure 2.1, E; = {es,e¢} and E,, = {e1,ep,€3,e4} at [8:15,
8:30], so F(es, [8:15, 8:30]) and F(eq, [8:15, 8:30]) can be instantiated, while
this is not possible for the edges in E;; [14]. Therefore, our main problem can
be converted to that of instantiating F (e, T]), Ve, € E,, [14].

Definition 2.2.3

An equi-width histogram is a set, HIST = {(by,p1), -, (bm, pm)}, where
pair (b;, p;) denotes a bucket and the corresponding probability, and m is
the total number of buckets in the histogram. Bucket b; = [li, u;) is a range,
where [; and u; are the lower and upper bounds, respectively. If we fix the
buckets, the histogram can be represented as a vector of size m: [p1,- -+, Pm]-

Example 2.2.2 (Construct Stochastic Weight)

In Figure 2.1, we can observe that the probability that the speed falls into
[5, 10) is 0.3, [10, 15) is 0.5, and [15, 20] is 0.2 meaning that the speed
histogram of edge es is {([5,10),0.3), ([10,15),0.5), (][15,20),0.2)}. If we
use the same buckets for all edges, the stochastic speed for e5 can be given
by [0.3, 0.5, 0.2].

Paper A uses equi-width histograms and same bucket size to represent
the stochastic weights for all edges such that we can use a vector to represent
the stochastic weight for an edge. Assume that the number of edges in the
road network is #n and number of bucket is m. Then we can use a matrix
W € R™™ to represent the the stochastic weights of all edges in interval
T;, where each row vector w;. corresponds to the stochastic weight for edge
e; [14]. If an edge ¢; € E;;, then w;. is an empty vector [14]. Therefore, the first
four rows in W in Figure 2.1 that are marked with “?” are empty vectors.
Paper A uses the zero-vector, i.e., the vector where all values are zero, to
capture missing edges.

12
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Problem Formulation

The Stochastic Weight Completion problem can be formulated as follows, which
is reproduced from [14]: given a time interval T; and an incomplete stochastic
weight matrix W whose rows have spatial correlations, we aim to produce a
full stochastic weight matrix W that contains meaningful stochastic weights.

2.3 Graph Convolutional Weight Completion

Graph Graph Clustering
Convolution Based Max Pooling

Fully Connected Softmax

€,€,6,€,6.€,
01110

F YYYYY

0
0
€41
1
1
0

orooo
»roooo
roooo
cocoor
corro

z w
Input: Encoder Decoder‘;Oulput

Fig. 2.3: System Architecture for GCWC [14]. © 2019 IEEE

As mentioned above, we construct an edge graph to describe the spatial
correlations among edges. The intuition behind Paper A is that the stochastic
weights on one edge can be propagated to its connected edges [7, 19] such

that a set of latent space features C = {Ci}{zl can be encoded from the incom-
plete stochastic matrix W [14]. We can then decode the latent features C to
obtain a full stochastic weight matrix 1 [14]. This process is called an auto-
encoder [20, 21]. Using this approach, we construct a basic model called Graph
Convolutional Weight Completion (GCWC) to solve the stochastic weight
completion problem [14], whose system architecture is shown in Figure 2.3.
In this architecture, we take as input an incomplete stochastic matrix
W and an adjacency matrix A that describes the spatial correlations among
rows [14]. The input is processed by the GCNN to map useful features from
edges with data to the edges with no data, through which we generate a total
number of f feature maps. The feature maps are then encoded via graph
clustering based max pooling to generate a set of encoded features C. In the
decoding process, we utilize a fully connected layer to determine the relation-
ship between the encoded state C and the prior-output state Z. We call the
latter a prior-output state because it does not meet the requirement of being
a stochastic weight matrix: (1) for each w;; € W,0< w;; <1,withl1<i<n
and 1 < j < m; (2) L;@;; = 1 [14]. Therefore, we apply a softmax function to
Z such that we have an output W that satisfies the above-mentioned property.

13
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During training, we take matrix W as input and output label to make our
framework perform unsupervised/semi-supervised learning. We define the
loss function used in the framework as the average KL-divergence between
W and W on the edges with data [14]. Then, back-propagation is applied to
learn the parameters in the framework.

2.4 Context Aware Graph Convolutional Weight
Completion

To further improve the performance of the GCWC, we propose an advanced
model called A-GCWC that takes into account contextual information [14];
the framework is shown in Figure 2.4.

Context Space

v v v

(Pzix))  (Pzix)] (Pzixo]

5 I :
| : I Time Day of Row |
i A+W ! | Interval X: Week Xo Flag X= |
| T ! |
o) (8] (B ;
: | :
: W=p(z) |: (rex) ) (e ) (P )
: |
! I | r v |
@ | | CP-CNN | | cP-CNN | [ CP-CNN | |
! ! |
! ! |
! ! |

(using Eq. 10)

: ;
i _ I
(W = P(Z|Xr, Xo, Xa) T~

Fig. 2.4: Context Aware Graph Convolution Neural Network [14]. © 2019 IEEE

1
i= Bayesian Inference ﬁ
I
I

Since the stochastic weight matrix W is instantiated by giving a time inter-
val Tj, we can derive two kinds of time-related contextual information: time
of the day Xt and day of the week Xp [14]. In addition, we can use row flag
XR as another context to indicate whether a row in W is empty or not. The
following example shows the construction of these contextual information
which is reproduced from [14].
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Example 2.4.1 (Construct Contextual Information)

If we select 15 minutes as the interval length, we get 96 intervals in one day,
which can be represented as a one-hot vector with 96 bits, X1 € R%. Sim-
ilarly, we can use another one-hot vector Xp € R’ with 7 bits to represent
the day of the week. For example, we need to instantiate a stochastic weight
for [0:15, 0:30), Thursday. Then, X7[2] = 1 and Xp[4] = 1, and all other
positions in the two vectors are zero. In the example in Figure 2.1, where
only e5 and e, are covered with data in W, we have Xz = [0,0,0,0,1,1].

In Figure 2.4, the A-GCWC is composed of three modules: a Latent Space
module, a Context Space module, and a Bayesian Inference module. The La-
tent Space module is identical to what we already presented in the GCWC
framework. The intuition here is to learn initial stochastic weight without
contextual information [14]. In the Context Space module, we convert the
one-hot vectors into probability vectors, e.g., P(Xt), P(Xp) and P(Xg), via
an embedding layer or a fully connected layer followed by a softmax layer,
which can be regarded as the prior probability for the corresponding contex-
tual information [14]. To ease the process, we make the dimensionality of the
probability vectors the same as that of P(Z), the output from the Latent Space
module. Next, we process P(Z) with P(Xr) via a conditional probability
CNN (CP-CNN) operation to generate the posterior probability of stochastic
weight Z on the time of the day context, P(Z|Xt) [14]. The same process is
applied to P(Xp) and P(XR) to obtain P(Z|Xp) and P(Z|XR), respectively.

Finally, all the outputs from the Latent Space and Context Space modules
are taken as input to the Bayesian Inference module [14]. The equation we
adopt is displayed in Equation 2.1, whose mathematical derivation is given
in Paper A; this equation corresponds to Equation 10 in Paper A [14] and Eq.
10 in Figure 2.4.

P(Z|X1)P(Z|Xp)P(Z|XR)

P(Z|Xr,Xp, Xg) = PP ,

1)
According to Equation 2.1, we can obtain more accurate stochastic weights

given all the types of context from the A-GCWC, denoted as P(Z| X, Xp, XRr),
which is different from W = P(Z) returned from the GCWC.

2.5 Experimental Evaluation
To study the effectiveness of GCWC and A-GCWC, we use two real traffic

data sets: Highway Tollgate Network (HW) and City Road Network (CI) [14]. In
all the experiments, we use eight buckets for histograms, with each bucket
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having length 5 m/s, thus covering the range [0, 40]. Then, we compare
our proposed frameworks GCWC and A-GCWC with 6 baseline methods:
1) Historical Average (HA): we use all the historical travel speed records on
that edge from the training data to construct its corresponding histogram; 2)
Gaussian Process (GP): a Gaussian process regression model; 3) Random For-
est (RF): a random forest regression model; 4) Latent Space Model (LSM) [7]:
the state-of-the-art method to complete the deterministic missing weights in
a road network; 5) Convolutional Neural Network (CNN): a classical convo-
lutional neural network that replaces GCNN with CNN in GCWC; 6) Diffu-
sion convolutional Recurrent Neural Network (DR) [15]: the state-of-the-art
method in predicting deterministic edge weights in a network [14].

We first evaluate that accuracy of the results from GCWC and A-GCWC
for stochastic weight estimation and prediction, respectively. To quantify
the differences among different methods, we introduce two measurements:
Mean Kullback-Leibler divergence Ratio (MKLR) and Fration of Likelihood
Ratio (FLR) [14]. The detailed definitions for the two metrics are found in
Paper A [14]. For MKLR, a lower value is prefered, and for FLR, we prefer
a higher value. We show the results of estimation on CI data set for both
metrics in Tables 2.1 and 2.2, respectively. We can observe that A-GCWC and
GCWC outperform other baselines by a clear margin in all the settings with
different removal ratios rm.

rm | G RF LSM CNN DR GCWC A-GCWC

05 (100 09 108 055 085 0.48 0.48
06 | 1.00 097 117 059 0.68 0.50 0.49
07 {100 098 126 058 055 0.50 0.49
08 100 09 135 066 0.61 0.49 0.49

Table 2.1: MKLR for the CI Dataset, Estimation [14]. (© 2019 IEEE

rm | GP  RF LSM CNN DR GCWC A-GCWC

05052 061 010 078 075 0.84 0.85
06 | 052 061 011 078 075 0.83 0.84
07 {051 060 010 081 0.81 0.83 0.84
08 052 060 011 077 078 0.85 0.83

Table 2.2: FLR for the CI Dataset, Estimation [14]. (© 2019 IEEE

We can change the input and output a little bit to adapt to the setting
of prediction which is detailed introduced in Paper A. We show the MKLR
results when performing prediction using the CI data set in Table 2.3. We
observe that A-GCWC and GCWC are the best methods in this setting [14].
However, the performance of DR and CNN are much better than the estima-
tion setting, which are close to those of our methods.

Finally, we modify our framework by replacing the two softmax functions
with sigmoid functions to support the estimation of missing deterministic
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rm | GP. RF LSM CNN DR GCWC A-GCWC
05| 109 097 418 050 048 045 0.43
06 | 112 097 415 050 049 046 0.46
0.7 | 116 098 416 054 054 049 0.48
08 | 124 098 430 059 053 050 0.49

Table 2.3: MKLR for the CI Dataset, Prediction [14]. © 2019 IEEE

values. The result when using the CI data set is shown in Table 2.4, where
the mean average percentage error (MAPE) is used to quantify the accuracy—
the lower the better [14]. We observe that A-GCWC performs overall the best
across all removal ratios.

rm ‘ LSM CNN DR GCWC A-GCWC
05 | 31.0% 109% 11.3% 11.6% 10.8%
06 | 37.3% 11.2% 125% 122% 11.2%
07 | 447% 11.5% 13.6% 12.2% 11.4%
0.8 | 521% 13.0% 11.5% 12.1% 11.5%

Table 2.4: MAPE for the CI Dataset, Average [14]. (© 2019 IEEE
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Chapter 3

Stochastic Optimality
Analysis for UTS

This chapter gives an introduction to Paper B [23] and reuses content from
the paper when that was found to be most effective.

3.1 Problem Motivation and Statement

To satisfy the increasing needs of making path selection decisions algorith-
mically and optimally, it is desirable to be able to take the time varying and
uncertain nature of travel costs of candidate paths into account [10, 23]. The
underlying applications include autonomous vehicles, mobility-on-demand,
efficient logistics, etc.

Origin-destination (OD) matrices [22] are widely used in logistics and
transportation companies. To support the use of OD matrices, we partition a
road network in a city or country into N zones such that we obtain a matrix
with dimensionality N x N in which an element (i, j) contains the “best” path
from zone i to zone j [23].

As explained in the previous chapter, the sparseness of vehicle travel data
in a road network can be addressed by the A-GCWC and GCWC frameworks.
In particular, given an origin and a destination (i, ), it is possible to derive
time-dependent, stochastic weights for several candidate paths from the ori-
gin to the destination. We need to find the best paths for each (7,j). It is
desirable to model the travel costs of path as being time varying and uncer-
tain [19, 23, 24], which is also the topic of this Ph.D. thesis—uncertain time
series (UTS): 1) we select 15 minutes as the time interval length such that
we have 96 intervals in one day; 2) the travel costs of a path within a time
interval are collected to construct a travel cost distribution that captures the
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Probability UTS for P,
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8:00 8:15 8:30 8:45

Fig. 3.1: Motivating Example [23]. (© Springer 2018

uncertainty in the travel costs.

It is common that logistics companies need to arrange deliveries, and flex
transportation companies receive travel requests at any time during a day.
Therefore, identifying efficiently the paths with the best stochastic weights
at any time during a day is important functionality. For example, find the
“best” path among P;, P5, and P; at all the time intervals is illustrated in
Figure 3.1. The following example is reproduced from [23].

Example 3.1.1 (Motivating Example)

Figure 3.1 shows an example of three candidate paths P;, P, and P that
go from zone i to zone j. We can see that each path has different travel
time histograms for different departure time periods, e.g., [8:00, 8:15), [8:15,
8:30), and [8:30, 8:45) [23]. Of course, the discrete distributions can be
replaced with continuous distributions, e.g., Gaussian mixture models [24].

To obtain the “best” paths for different intervals, it is quite intuitive to
compare the three paths at each time interval separately. Take time interval
[8:00, 8:15) as an example. The stochastic travel times of P;, P,, and P; are
listed in Table 3.1.

Example 3.1.2 (Stochastic Weights at [8:00, 8:15))

In Table 3.1, the distribution for path P; indicates that it gives 0.25 probabil-
ity of arriving after 80 minutes of travel which is the shortest time among
the three paths, a probability of 0.5 of arriving after 90 minutes, and 0.25
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probability of arriving after 120 minutes, which yields a “wide” distribu-
tion. In contrast, the distribution for path P, is “narrow” and offers 0.5
probability of arriving after 90 minutes of travel and 0.5 probability of ar-
riving after 100 minutes. Therefore, P, offers a more stable travel time but
is slower than P;. Path P; needs at least 100 minutes to arrive with 0.5
probability, and arrival after 120 minutes of travel has 0.5 probability.

| Travel time (mins) [ 70 | 80 [ 90 | 100 [ 110 [ 120 |
025]050 ] 0 [ 0 [0.25

0
P, 0 0 050 | 050 | O 0
0 0 0 050 | 0 | 0.50

Table 3.1: Uncertain Travel Times, [8:00, 8:15) [23]. (© Springer 2018

Different users may have different preferences: risk-loving users may pre-
fer an early arrival with a risk of a late arrival, while risk-averse users may
prefer a more predictable arrival time [23]. For example, in order to catch an
early flight, it may be preferable to choose a so-called risk-loving path, while
some users may choose a risk-averse path to be sure to catch the last flight of
the day [23].

Moreover, emergency services such as ambulances may choose risk-loving
paths [23, 25, 26], while risk-averse paths may be preferable when transporting
perishable goods [27]. Example 3.1.3 shows an example of how to choose
paths for different risk preference users, which is reproduced from [23].

Example 3.1.3 (Example of Path Selection)

In the example in Table 3.1, P; is for risk-loving users while P, is for risk-
averse users. A risk-neutral user may choose either P; or P,. Path P is not
interesting to any user, risk-loving, risk-averse, or risk-neutral, as it offers
no benefits over paths P; and P;.

We model the stochastic weights for a path P; as an UTS that is reproduced
from [23]:
T, = <X»(1)/X(2)r' . ’Xi >/

1 1
where Xi(j ) is the stochastic weight of P; in the j-th time interval, N is the
length of, or total number of intervals in, T;.

Then, UTSs from all candidate paths can be collected as TS = {Ty, T», .. .,
Ty}, where k is the number of candidate paths [23]. Next, a set RVSU) =

{Xy),Xéj ), ...,X,Ej )},1 < j < N represents all paths” stochastic weights in
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the j-th time interval [23]. Further, Ox(RVS(j )) denotes the optimal choices
among RVS (") regarding to a risk preference x.

Example 3.1.4 (Example of Optimal Choice)

Figure 3.1 shows a set of UTS collections TS = {Ty, T, T3} for paths Py,
P,, and P;. Next, we select 15 minutes as the time interval length to get
3 time intervals from 8:00 to 8:45. Then RVS™) = {x{V), x{V x{I} is a
set of stochastic weights for path Pj, P>, and P3 at the first time inter-

val. According to Example 3.1.3, O; (RVS(j)) ={ Xil)} for risk-loving users,
04(RVSW) = {xV} for risk-averse users, and O, (RVSW) = {x\V, x{V}
for risk-neutral users.

Paper B first provides a comprehensive analysis of stochastic dominance,
user risk preferences, and utility functions [23]. Next, it proposes efficient
methods for checking stochastic dominance between two random variab-
les [23]. Further, paper B offers two random variable grouping methods
to efficiently compute temporal dominance queries on multiple UTSs [23].
Finally, extensive experimental evaluations with one real world and one syn-
thetic UTS collections are covered that suggest that effectiveness and effi-
ciency of the proposed methods [23].

3.2 Stochastic Optimality

3.2.1 Decision Making under Uncertainty

We first introduce the notion of utility function that we use to capture a user’s
risk preferences. Since low travel times are preferred in our problem setting,
a utility function should be non-increasing. We employ the expected utility
principle [28, 29] to contend with the stochastic weights as follows, which is
reproduced from [23]:

X;.max

Eu(X;) :/ ou(x) - fx, (x)dx, (3.1)
X;.min

where u(x) is a utility function, fx,(x) is a probability density function (con-
tinuous case) or probability mass function (discrete case) of stochastic weight
X;, and X;.min and X;.max are the minimum and maximum values in the
range of X;, respectively.

Here is a reproduced example from [23] of how to compare paths P;, P,
and P; from Table 3.1 by taking advantage of the utility function, u(x) =
120 — x as follows.
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u, (x) = —(x—70) +2500

ue(x)=(x-120 )2
| |
| |
| X i X
70 120 70 120
(a) Convex (b) Concave (c) Other

Fig. 3.2: Categorization of Utility Functions [23]. (© Springer 2018

Example 3.2.1 (Expected Utility of Py, P,, and P3.)

According to Equation 3.1, the expected utility of P;, P,, and P; can be
calculated as follows: Ey(Py) = 0.25- (120 — 80) + 0.5 - (120 — 90) + 0.25 -
(120 — 120) = 25, Eyy(P,) = 25, and Ey;(P3) = 10. Therefore, P; or P, are
optimal since their expected utility values are the highest.

As is suggested in Section 3.1, the risk preferences of different users can
be classified into three categories: risk-loving, risk-averse, and risk-neutral [23].
Next, we investigate the relationships between risk preferences and different
categories of utility functions: convex utility functions are for risk-loving
users, concave functions are for risk-averse users, and risk neutral users only
care about the non-increasing property of utility functions, which we name
other [23]. Three examples of the different categories of utility functions are
shown in Figure 3.2.

Example 3.2.2 (Expected Utility Values for Different Utility Functions)
To better exemplify the relationships between risk preferences and utility
functions, we show the expected utility values of P;, P, and P; for different
utility functions (in Figure 3.2) in Table 3.2, where the optimal values are
highlighted in bold.

Here, we observe that we have conclusions that align with exam-
ple 3.1.3. P; has the largest expected utility value for uc(-) and is the
best option for risk-loving users, P, has the largest expected utility value
for uy(-) and is the most favorable option for risk-averse users. P; is not
interesting to any user and does not have the best expected utility value
for any of the three utility functions.

Further, we introduce a notion of stochastic dominance to compare stoch-
astic weights. We introduce a stochastic dominance relationship for each of
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P, [ P, | P3| Optimal |

uc | 850 650 | 200 P

uy | 1650 | 1850 | 800 P,

uop 450 450 200 P1, P2

Table 3.2: Expected Utilities for Paths Py, P>, and P; [23]. © Springer 2018

F(x)
—P

e
e e
0.50 =

0.25

1 I I 1 1 1 X

70 80 90 100 110 120 130

(a) cdf, Fx,(x) (b) Integral of cdf, fxi(x) (c) Integral of cdf, fxi (x)
Fig. 3.3: Distributions of P;, P, and Pz [23]. (© Springer 2018

the three different categories of utility functions and associate their relation-
ships with different risk preferences. Table 3.3 shows the relationships.

’ Risk Attitudes \ Utility Functions \ Stochastic Dominance ‘

Risk-neutral Non-increasing First order
Risk-loving Non-incr., Convex | Second convex order
Risk-averse Non-incr., Concave | Second concave order

Table 3.3: Risk preferences, Utility Functions, and Stochastic Dominance [23]. (© Springer 2018

To ease the understanding of the following definitions and theorems, we
declare three probability functions from [23] and show the corresponding
example paths P, P>, and P; from Figure 3.3:

1) Fx(x), the cumulative distribution function (cdf) of X;
2) Fx(x) = [ Fx(t)dt, the integral of cdf Fx from 0 to x;
3) Fx(x) = [ Fx(t)dt, the integral of cdf Fx from x to +co.

3.2.2 Stochastic Dominance

We define three kinds of stochastic dominance. The following definitions,
theorems, and lemmas are reproduced from [23].

Definition 3.2.1

First Order Stochastic Dominance (FSD). Given two random variables X; and
X,, if Va € RT, Fx,(a) = Fx,(a), Xy first order stochastically dominates Xj,
denoted by X 74 Xo.

Theorem 3.2.1
Given a non-increasing utility function u(a) where a € R, if X; ¢4 Xo then
the expected utility of X; is no smaller than that of X, i.e., Ey(Xy) > Ey(Xa).
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3.3. Checking Stochastic Dominance

The proof of Theorem 3.2.1 is provided in paper B. The theorem demon-
strates that the expected utility value of X; is always larger than or equal to
that of X as long as the utlity function is non-increasing [23]. We say that X
first order stochastic dominates Xp, i.e., X1>fX2. Recall the running exam-
ple with paths P;, P», and P; in Table 3.2. This theorem provides theoretical
support for the finding that Ps is of no interest because P; and P; first order
stochastic dominate P; [23].

Definition 3.2.2
Second Convex Order Stochastic Dominance (SSD). Given random variables X;

and X,, if Va € RT, fxl (a) > ﬁxz (a), Xy second convex order stochastically
dominates X5, denoted by X1 >4 X>.

Definition 3.2.3

Second Concave Order Stochastic Dominance (SCSD). Given two random vari-
ables X; and X, if Va € RT, ?Xl (a) > sz (a), X1 second concave order stochas-
tically dominates X5, denoted by Xj >4 X0.

Based on the definitions of SSD and SCSD, we are able to derive theorems
that guarantee the following: (1) A user with a risk-loving utility function,
i.e., a convex function, is not interested in choosing Xp if X; >sy Xp, no
matter the specific form of the convex function [23]. (2) A user with a risk-
averse utility function, i.e., a concave function, is not interested in choosing
Xp if X7 >4sq X2, no matter the specific form of the concave function [23].
In our example, P; is the optimal choice for risk-loving users, and P; is the
optimal choice for risk-averse users [23].

3.2.3 Temporal Dominance Query

On the basis of the above-mentioned concepts, we formulate our problem as
a temporal dominance query as follows, which is reproduced from [23]:

Q:xXRxTS—gq,

where x is a stochastic dominance relationship, which can be mapped to a
risk preference of a user, R = [s,e] is the time interval from s to e, and TS
is the set of UTS collections. Next, g = (4(9),461. ..., 4(©) is the output of
the query, where 1) = 0,(RVS'Y),s < j < e, which means that g0) is a set
of optimal (i.e., non-dominated) stochastic weights w.r.t. the given stochastic
dominance relationship x among all stochastic weights in RVS ) [23].

3.3 Checking Stochastic Dominance

We first propose efficient means of checking the three kinds of stochastic
dominance between two random variables [23]. Then, we further improve the
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Chapter 3. Stochastic Optimality Analysis for UTS

performance of checking the stochastic dominance between two UTSs [23].
For brevity, we exemplify the core ideas of checking SSD for both cases. Pa-
per B offers details on checking FSD and SCSD between two random vari-
ables [23]. The following lemmas are reproduced from [23] and we omit their
proofs, which can be found in Paper B.

3.3.1 Checking SSD between Two Random Variables

Lemma 3.3.1
If X1 =454 X2 then Xq.min < Xp.min and E(Xy) < E(X3).

Lemma 3.3.1 offers an initial checking method by exploiting its contrapos-
itive lemma:

Lemma 3.3.2
If Xq.min > Xp.min or E(Xy) > E(Xp) then Xy ¥y Xo.

Thus, X; cannot second convex order stochastic dominate X if it meets one
of the two conditions.

Next, we propose a speed-up algorithm to check the SSD relationship be-
tween two random variables , which follows the idea of divide-and-conquer [23].

(a) Case 1 (b) Case 2
Fig. 3.4: Speedup Algorithm for Checking SSD [23]. (© Springer 2018

The speed-up algorithm first takes as input X;, X, and a range [s,e].
Then, we graph Fy, (x) and Fy, (x) within [s,e] in one figure. According to
Definition 3.2.3, the curve of fxl(x) should always be above sz (x) if X3
is to dominate X, w.rt. SSD. For ease of describing the intuition, we in-
troduce four endpoints that correspond to Fx, (x) and Fx,(x), respectively:
A = (s,Fx,(s)), B = (e, Fx,(e)), CA: (s,Fx,(s)) and D = (e, Fx,(e)) [23].
Next, we construct a line I[4: y = Fg(l(s)(x —s) through point A and line
lg:y = 1?5(1 (e)(x —e) through point B. Thus, we obtain an intersection point
E = (xp,yg) of I4 and Ip. Further, we define a point M = (xg, Fx,(xg))
on [g. On the basis of these points, we derive the following lemma that is
reproduced from [23].
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3.3. Checking Stochastic Dominance

Lemma 3.3.3
If yg > Fx,(xg) then Fx, (x) > Fx,(x),Vx € [s,e].

Figure 3.4 gives an example of how to use this lemma with two cases:

Case 1: Figure 3.4(a) shows exactly the situation described in Lemma 3.3.3:
Point E is above M, and thus we can safely say X; dominates X, w.r.t. SSD.

Case 2: Figure 3.4(b) exemplifies the other situation: Point M is above E. It
does not satisfy Lemma 3.3.3’s condition such that we cannot get a conclusion
in [s,e]. Therefore, we divide [s,e|] by xg into two sub-ranges: [s, xg] and
[xE,e] [23]. Afterwards, we apply the the speed-up algorithm using [s, xg]
and [xg, e] as range input.

3.3.2 Checking SSD between Two UTSs

The speed-up algorithm enables checking of SSD between two random vari-
ables. An additional step is needed to be able to check SSD between two
utss Ty = (x\V, x® o xMyand 1, = (xIY, xP, ..., xIN) [23]. The
most intuitive idea is to treat two UTSs as N separate pairs of random vari-
ables, Xi] ) and Xéj ), 1 <j < N, and then apply the speed-up algorithm to
each pair independently. However, such approach is not efficient, especially
when N is large.

To better contend with the situation of large N, we propose the idea of
grouping: we first split the N pairs of random variables into several groups
based on some criteria, and then we compare the groups separately. Specifi-
cally, if the lower boundary curve of Fx(x) for one group is always above the
upper boundary curve of Fx(x) for another group then all the random vari-
ables in former group dominate all the random variables in the latter group,
and we do not need to determine the dominance relationships for multiple
intervals separately, which improves the efficiency [23].

Example 3.3.1 (Intuition for Grouping.)

We have two UTSs with three time intervals: T; = <X£1),X§2),X§3)) and
T, = <X§l), Xéz), Xf’)). Figure 3.5(a) shows an example of how each l?)((]l) (x),
i =12andj = 1,23, looks. Intuitively, we can pick out XF) and Xég)

since 1?)((31) (x) and 1?)((12)(36) intersect. Then the remaining two pairs can be

assigned to one group: (X;l), Xél)) and (ng), ng)), which is shown in Fig-

ure 3.5(b). In this group, we can clearly observe that the worse interval ng)

in Ty (dashed and red color) dominates the better interval Xél) in T; (solid
(1) (1)

and blue color). Therefore, we can conclude that X;"’ dominates X, ’ and
that X§2) dominates ng) w.r.t. SSD, without checking them independently.
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A Bt

XK, XX % %o XK X%
(a) Naive (b) Grouping
Fig. 3.5: Intuition for the Grouping Strategy [23]. (© Springer 2018

Next, we design a general grouping framework that is capable of identify-
ing groups with appropriate sizes. We then propose two techniques to check
the dominance relationships between two groups—boundary checking and
checking using lower and upper bounds. Paper B provides more details [23].

3.3.3 Checking SSD among multiple UTSs

Finally, we offer insight into the problem of checking dominance among a
collection TS that have multiple UTSs, |TS| > 2. Two methods are proposed
to address this problem: (1) Checking every pair using the already covered
means of checking SSD between two UTSs; (2) Employing a merge-sort-like
procedure to compare UTS pairs and use the intermediate comparison re-
sults to construct the final result [23]. The following example is reproduced
from [23].

Example 3.3.2 (Checking SSD with multiple UTSs)

Considering TS = {Ty, T, T3, T4 }, the first method checks the dominance
relationships for every pair: (Ty, To), (T, T3), (T1, Ta), (T2, T3), (T2, Tu),
and (T3, Ty). The second method first checks (Ty, T») and (T3, Ty), whose
results are utilized to construct the final result.

3.4 Experimental Evaluation

Setup: We consider two different collections of UTSs: real UTSs (RU) and
synthetic UTSs (SU) [23]. For RU, we use a large GPS data set in Denmark
from January 2007 to December 2008, which contains more than 180 million
GPS records [23]. For SU, we construct UTSs from a publicly available deter-
ministic time series data set!.

Methods: To evaluate the efficiency of our methods on random variables, we
consider the following 4 methods: (1) NAI: the naive algorithm that follows

lacademic.udayton.edu/kissock/http/Weather
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3.4. Experimental Evaluation

the definition only; (2) NAI+IC: the naive algorithm that also takes advantage
of Lemma 3.3.1; (3) SPE: the speed-up algorithm; (4) CPS: a linear program-
ming method using the CPLEX package? [23, 30].

To evaluate our grouping methods, we consider the following four meth-

ods: (1) NAI: applies the naive method on each interval independently;
(2) SPE: applies the speed-up method on each interval independently; (3) GRP:
uses the grouping strategy but does not use the merge-sort-like procedure;
(4) MSG: uses both the grouping strategy and the merge-sort-like proce-
dure [23].
Results: First, we investigate the checking SSD between two random vari-
ables. For brevity, we only report results w.r.t. the number of histogram bins,
b; more details can be found in paper B. Figure 3.6 shows that the proposed
speed-up algorithm, SPE, has the lowest runtime. In addition, SPE also has
stable performance and is insensitive to b [23].

1 «-—o— "
: ?;::mz -
-~ 0 —e— CPS -~
an 10 —a— NAI °E‘
£ NAI+IC £ 10° —— CPS
Tl eo—o—-o—-o—3—SBE,
S0 e Nan
—e— SPE
10° 10"
100 300 500 700 900 100 300 500 700 900
b b
(a) RU (b) SU
Fig. 3.6: Efficiency, Random Variables [23]. (C) Springer 2018
10’ 0.6
6 ~~
10 ././*——'—_. S o
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EW0 2
- 3 -
£10 § 0.2
E gt l—— =
10 =
10' 0.0
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(a) Runtime of SSD (b) Effectiveness

Fig. 3.7: Efficiency and Effectiveness, UTS, RU [23]. (© Springer 2018

Next, we evaluate the performance of checking SSD among multiple UTSs.
Figure 3.7(a) shows the runtime of the different methods w.r.t. the cardinality
of UTSs, |TS|, on RU [23]. GRP and MSG that adopt the grouping strategy
are over one order of magnitude faster than SPE and over three orders of
magnitude faster than NAI These findings offer evidence of the efficiency of

Zhttps:/ /www-01.ibm.com/software/commerce /optimization/cplex-optimizer/
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our grouping strategy [23]. Further, MSG performs better than GRP when
the cardinality increases, which indicates that the merge-sort-like procedure
can further improve performance.

Finally, we use the ratio %W to evaluate the effectiveness of the
proposed temporal dominance queries, where Non-Dominated indicates the
number of non-dominated random variables and Total indicates the total
number of random variables [23]. Thus, the lower the better. Figure 3.7(b)
shows that the ratios w.r.t. FSD and SSD go down when the cardinalities of
the UTSs increase [23]. We can observe when the cardinality is larger than 2,
more than half of the random variables can be pruned safely on average [23].
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Chapter 4

Stochastic Origin-Destination
Matrix Forecasting

This chapter gives an introduction to Paper C [31]. The chapter reuses content
from the paper when that was found to be most effective.

41 Problem Motivation and Statement

In the previous chapter, we addressed the problem of finding stochastic op-
timal UTSs among several candidates from zone i to zone j. Here, we in-
vestigate a follow-up question: how to capture the temporal dynamics of
the optimal UTSs from any zone i to any zone j in an OD-matrix. We call
this problem stochastic origin-destination matrix forecasting: we need to forecast
future OD-matrices on the basis of historical stochastic OD-matrices. The
following example illustrates this problem and is reproduce from [31].

Example 4.1.1 (OD Matrix Forecasting)
Figure 4.1(a) shows an example of using three historical stochastic OD-
matrices for intervals T(=2), T(=1) and T(*) to predict three future stochas-
tic OD-matrices for intervals T(H1), T(H42) and T(+3) where a three-
dimensional tensor is employed to represent one stochastic OD-matrix.
Figure 4.1(b) shows an example of one stochastic OD-matrix being a
R8*8x3 tensor: 8 origin regions occur in the first dimension, 8 destination
regions occur in the second dimension, and 3 stochastic weights occur in
the third dimension. In this example, the stochastic weights is constructed
with three speed ranges (km/h): [10, 20), [20, 30), and [30, 40]. There-
fore, the stochastic speed from region 7 to 8 can be represented as a vec-
tor [0.3, 0.5, 0.2] that represents the travel speed histogram {([10,20),0.3),
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I ([20,30),0.5), ([30,40],0.2)}.

Historical Sparse OD-matrices Future Full OD-matrices

S Ana
R

&20 30 [10, 20)[20, 30) [30, 40]
[1 20) . /4,/4 03] 05[] 02 |
7 ? ?
6 ?
o [10, 20) [20, 30)[30, 40]
3 T3 )} ——{_02] 03] 05 ]
20 1112
1 ?

12345678 ®

Fig. 4.1: Stochastic Origin-Destination Matrix Forecasting [31].

Therefore, our problem can be stated as follows. Given s sparse OD
stochastic speed tensors M(t*SH), e, M) during s historical time intervals
Tt=s+1) Tt we aim to predict the stochastic speeds for the next h time
intervals T(+1), ., T+ in the form of h full OD stochastic speed tensors

MED L, M) by learning the following function f [31].
FERLY IS v (O V [C bR V (G0l

It is not trivial to solve this problem, due to the following two reasons.

(1) Data Sparseness. We need substantial trajectory data for each region
pair during a time interval to construct a stochastic OD-matrix [31]. As men-
tioned in Section 1.1, however, data sparseness is prevalent in traffic data
since GPS data is skewed and loop detectors are deployed only on some
roads. Given even massive trajectory data, as this data is invariably spatially
and temporally skewed [1, 5, 6, 13, 32], it is an almost impossible task to
collect enough data to cover all region pairs for all intervals [31]. Here is a
reproduced example from [31] as follows.

Example 4.1.2 (Sparseness Problem in NYC data.)
New York City taxi data set' that we use in paper C contains more than
14 million trips occurred on Manhattan during November and December
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2013. Yet, this large trip set is unable to cover all “taxizone” pairs that are
obtained by splitting Manhattan into 67 subregions, resulting in a total of
67 x 67 = 4489 pairs. Specifically, only 65% of these pairs can be covered
with data. If we distribute this data to different time intervals, e.g., 15
minute interval, the data spareness will be far more severe.

Figure 4.1(b) shows an example of data sparseness, with missing elements

marked with “?”. Our task is to forecast future full OD-matrices by taking
advantage of historical sparse OD-matrices [31].
(2) Spatio-temporal Correlations. It is easy to understand that traffic data is
spatio-temporally correlated [31]. For example, if one region has congestion
during a time interval then regions next to it have a high probability of being
congested in the previous and subsequent time intervals. So we need to take
both spatial and temporal correlations into consideration to achieve accurate
stochastic OD forecasting. Figure 4.2 shows two ways, grid-based partition-
ing and road-based partitioning, of partitioning a region into sub-regions.
Regardless of which partitioning method is utilized, we cannot guarantee
that the region identifiers of two adjacent regions are consecutive, e.g., re-
gions 1 and 4 are adjacent in Figure 4.2(a), and regions 4 and 7 are adjacent
in Figure 4.2(b) [31]. Therefore, we need to invent a mechanism that allows
spatial correlations to be taken into account for both the origin and the des-
tination dimensions in the OD matrix. Furthermore, we need to capture the
temporal dynamics to achieve better forecasting.
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(a) Grid-based Partition (b) Road-based Partition

Fig. 4.2: Partition a City into Regions [31].

To forecast future full OD-matrices, in paper C, we propose a data-driven,
end-to-end deep learning framework that addresses the problems of data
sparseness and spatio-temporal correlations [31].
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Fig. 4.3: Framework Overview [31].

4.2 Stochastic Speed Forecasting

The basic framework for stochastic origin-destination matrix forecasting is
shown in Figure 4.3, which is composed of three steps: Factorization, Forecast-
ing, and Recovery. We take as input s sparse OD matrices M(t=5t1), . M)
that are instantiated from historical time intervals T(t’”l), ..., T®) [31]. For
each input tensor M~1) we first utilize a fully connected layer to factorize
it into two smaller tensors R(~it1) ¢ RNxpxK gng cl-i+l) ¢ RExN'xK
respectively, where 1 < i < s and B < N,N’ [31]. Next, the resulting
smaller tensors are fed into two gated recurrent unit neural networks (GRUs)
) ¢ RB*N'xK
) —

to forecast corresponding tensors R & RN*BxK and €
1 < j < h [31]. Then, we employ matrix multiplication to recover M(
R x €' To make each cell Mgt;:] ) e RIXK meaningful, it should meet
two requirements: 1) Mgt;,{) € [0,1], Vk € [1,K]; 2) Z,Ile Mgt;]{) =1, we
apply a softmax function to Mgt;:j ), defined as follows, which is reproduced
from [31].

My = softmax(M{!;7), Vo € [L,N], Vd € [N, Vi € [Lh].  (41)

The loss function £(-) is defined as the sum of the errors between the
recovered future tensor and the ground-truth future tensor plus the regular-
R ang ¢t

ization errors of the predicted factors as follows, which is

reproduced from [31].
et 2 el 2
((F,b) = ) MRV +ACT 3+
j=1 (4.2)

; N ()
1QE) o (M) — @2,
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where F and b are training parameters in the framework, A is a regularization
parameter, Q) e RNXN'*K jg an indication tensor, where Q(t+] ) = 1 if

0,d,k
M(()t;:] ) is not empty, which means it contains the ground truth [31]. Further,

o denotes element-wise multiplication, and || - || is the Frobenius-norm.
4.3 Forecast with Spatial Dependency

Slicing GCNN Concatenation
K

(ti+1)

(t-i+1)
=

B,

(b) GCNN

Fig. 4.4: Spatial Factorization for R [31].

We proceed to explain how to account for spatio-temporal correlations in
the framework.

4.3.1 Spatial Correlation

To capture the spatial correlations among origin regions and destination re-
gions, we employ the notion of a proximity matrix [15, 31]. For brevity, we
only demonstrate this idea on the origin regions; the same applies to the
destination regions.

Since we have N origin regions, we can construct an adjacency matrix
A € RN*N to capture connectivity, i.e,, A,, = 1 if origin region i and j
share a boundary; otherwise, A, , = 0 [31]. Next, we can derive a weighted
proximity matrix W(®?) € RN*N where « is a parameter that captures adja-

cency hops and ¢ denotes standard deviation. In particular, WLE,“Z,’U) = ¥/
if region u can reach v in & hops, where x is the centroid distance between
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(o,

u and v; otherwise, W, ; ) — 0. It is obvious that W(®?) s symmetric and
non-negative [31].

4.3.2 Spatial Factorization

After obtaining the weighted proximity matrix, we perform factorization via
the GCNN such that spatial correlation can be taken into consideration. Fig-
ure 4.4 shows an example of the operations for obtaining row factoriza-
tion R~ from MU=+ [31]. In Figure 4.4(a), we first slice M¢~7+1) ¢

RN*N"*K into N matrices along the origin dimension, i.e., slice(M{~1)) =

[Mgf::iﬂ), e, M(t i+1) ] [31]. Next, we apply the same GCNN s to each sliced
matrix to obtain the result [R gt: :1+1), ,Rl(\t]/:fﬂ | [31]. Then, we obtain
RU-I+D) ¢ RNxp'*K through concatenation. Figure 4.4(b) exemplifies the

GCNNSs operation on a sliced matrix M(t i+1)

M](.t,.lﬂ) € RN into R](t : #1) ¢ RK*F via Filtering and Pooling [31].

, j € [1,N], which transforms

e

4.3.3 Spatial Forecasting

To better contend with spatio-temporal correlations, we construct a spatial
forecasting that employs three GCNNs within each GRU, yielding CNRNNS.
Since the signals encoded in R® and C*) are different, we utilize different
CNRNN:Ss to process each factorization. For example, the processing of R(®)
at time interval T() can be formulated as follows, which are reproduced
from [31].

g(t+1) _ 7(Gg ® [H(t) . R(t)} + bs) (4.3)
U = o(Gy @ [HY : RY] + by) (4.4)
HY = tanh(Gy ® [RY : (SEHD o H)] + byy) (4.5)
ﬁ(t-‘rl) _ U(H_l) o R(t) + (1 - U(H—l)) o H(t-‘rl), (46)
where Gs, Gy, and Gy are graph convolution filters; R() and R are the

input and output of a CNRNN cell at time interval T(t>, respectively; s
and U(") are reset and update gates, respectively; symbol ® denotes graph
convolution whose definition can be found to be Definition 8 in [31]; sym-
bol o denotes the Hadamard product between two tensors; o (-) is a sigmoid
function and tanh(-) is a tanh function [31].

Similarly, we apply the other CNRNN to C*). Therefore, we have the fol-

lowing spatial forecasting results: [R R H) ces, ﬁ(Hh)] and [é(tﬂ), e E(Hh)]

which have the same dimensionality as mtroduced in previous section [31].
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4.4. Experimental Evaluation

Finally, we use the same recovery operation as in previous section and

obtain / future full OD stochastic speed tensors: h7|(t+1), el h7l(t+h) [31].

4.3.4 Loss Function

Similar to Equation 4.2, we define the loss function as follows, which is re-
produced from [31].

h . X
~(t+ ~(t+
0(G,b) = Y AR, + Al 12+
- 4.7)

, N ()
100 o (Mt — @2,

where G and b denote the GCNN weights parameters and || - |[3, is the
Dirichlet norm under proximity matrix W. Other symbols are explained in
the context of Equation 4.2.

4.4 Experimental Evaluation

Setup: We consider two taxi trip data sets to study the proposed framework:
the New York City Data Set (NYC) and the Chengdu Data Set (CD). NYC
contains 14 million taxi trips collected from 2013-11-01 to 2013-12-31 in Man-
hattan, New York City [31]. CD contains 1.4 billion GPS records from 14,864
taxis collected from 2014-08-03 to 2014-08-30 in Chengdu, China? [31].
Methods: We evaluate the effectiveness of our proposed basis framework
(BF) and advanced framework (AF), while considering also five baselines: (1)
Naive Histograms (NH): we construct a histogram for each OD pair using
all the travel speed records on the corresponding OD pair in the training
set, which is then utilized to be the future forecasting results [31]. Next,
we consider three time series forecasting methods: (2) Support Vector Re-
gression (SVR) [33], (3) Vector A