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Abstracts

Due to its potential for anonymous vehicle tracking, vehicle reidentification (VRI) has
emerged as an effective approach for directly estimating freeway travel time. As real-time
video of traffic scenes contains a wealth of vehicle information that may not be available
from conventional detectors (e.g. inductive loops), there is a growing interest in devel-
opment of vision-based VRI system. To further improve the robustness of VRI system
against the potential changes in traffic condition, a self-adaptive time window component
is also required. To this end, the thesis aims to contribute to the development of a self-
adaptive vision-based vehicle reidentification (VRI) system for dynamic freeway travel

time estimation.

As a preliminary investigation, the thesis first considers developing a basic vision-based
VRI system under static traffic conditions. Various vehicle feature data (e.g. color, length
and type) are extracted from the video record, and a data fusion approach is then intro-
duced to combine these features to generate a probabilistic measure for reidentification
decision. The vehicle-matching problem is then formulated as a combinatorial problem

and solved by a minimum-weight bipartite matching method.

The proposed basic vision-based VRI system is then extended and applied for automatic
incident detection under free condition. The relatively high matching accuracy of basic
VRI would allow for a prompt detection of the incident vehicle and, hence, reduce the
incident detection time. An enhanced vehicle feature matching technique is adopted in
the basic VRI component to explicitly calculate the matching probabilities for each pair
of vehicles. Also, a screening method, which is based on the ratios of the matching prob-

abilities, 1s introduced to reduce the false alarm rate.

The basic VRI is also extended to the static case where multiple video cameras exist.
A hierarchical Bayesian matching model is then proposed to consider vehicle reidenti-
fication over multiple detectors as an integrated process such that the overall matching

accuracy could be improved.

For the dynamic traffic conditions, the thesis introduces an additional self-adaptive time
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window component into the basic VRI system to improve its performance in terms of dy-
namic travel time estimation. Specifically, an iterative VRI system with temporal adap-
tive time window constraint is proposed. To capture the traffic dynamics in real-time, the
inter-period/temporal adjusting based on exponential smoothing technique is introduced
to define an appropriate time window constraint for the basic VRI. To handle the non-
predictable traffic congestions, the modified basic VRI is performed iteratively (i.e. itera-

tive VRI) such that the improved VRI is capable of adjusting its parameters automatically.

Finally, the thesis focuses on developing an integrated self-adaptive VRI system for a
freeway with multiple video cameras under dynamic traffic conditions. The spatial de-
pendencies between the travel time over different freeway segments are utilized for the
further adjustment of the time window constraint. An iterative VRI system with spatial-
temporal adaptive time window constraint is then proposed to cope with the purpose of

dynamic travel time estimation.
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Chapter 1

Introduction and overview

1.1 Research motivation

The rapid population growth and worldwide urbanization have substantially increased the
travel demand and resulted in serious traffic congestion, which could produce a number
of negative effects on the drivers, the environment and the economy. According to the
2012 Urban Mobility Report ( ), congestion caused urban Americans
to travel 5.5 billion hours more and to purchase an extra 2.9 billion gallons of fuel for a
congestion cost of $121 billion in 2011. In addition to the high travel demand (i.e. traffic
demand exceeding the roadway capacity), the non-recurring traffic accidents could also
lead to traffic congestion and injuries ( ). Statistics also suggest the high
chance of a more severe secondary accident following the initial accident (

). In this case, expanding or building new traffic infrastructures (i.e. increasing the
traffic capacity) has been the natural and traditional response to the aforementioned con-
gestion problems ( ). However, it is becoming increasingly difficult to
undertake in practice because of the funding constraints, as well as political and environ-
mental issues arising from the construction. Also, the unpredictable traffic accidents pose

series challenges to the maintenance and management of traffic networks.

Recently, Intelligent Transportation Systems (ITS) have received considerable attention
due to their abilities to alleviate traffic congestion and improve the safety for traffic net-

works ( ). Simply put, ITS are strategies that aim to integrate



1.1 Research motivation

modern communication and information technologies into transportation to make more
efficient utilization of the existing transportation facilities. Recognized as one of the most
widely used ITS applications, the Advanced Traveler Information Systems (ATIS) provide
travelers with updated traffic information (e.g. travel time on a freeway segment) to help
them make better route decisions and, hence, avoid the congested road segments (

). In the meantime, by analyzing the real-time traffic information (e.g.
travel time, traffic flow), the Advanced Traffic Management Systems (ATMS) would al-
low the traffic operators to conduct efficient traffic incident management in the sense that
the traffic incident can be detected promptly and removed quickly, which could eventually

contribute to the alleviation of traffic congestion.

As illustrated above, one of the basic components of ITS applications (e.g. ATIS and
ATMS) would be the dynamic travel time estimation'. Unlike the traditional traffic pa-
rameters (e.g. vehicle speed, traffic flow, density), travel time cannot be directly mea-
sured through the pointer sensors (e.g. loop detector and magnetic sensor). In this case,
vehicle reidentification (VRI)* has emerged as an alternative approach due to its potential
for effective tracking of the individual vehicles. As opposed to analyzing the macro-
scopic/aggregated traffic parameters (e.g. traffic flow, density and average speeds), vehi-
cle reidentification focuses on matching the vehicle signatures (e.g. vehicle length, color
and waveform) derived from the detectors so that each individual vehicle could be tracked
in traffic network. And accordingly the travel time could be easily obtained by calculating

the difference of the vehicle arrival times at different locations.

Based on the above-mentioned principle, various VRI systems have been developed by
using different kinds of sensing technologies (e.g. inductive signature systems, magnetic
sensors, intelligent video surveillance system). Due to its ease of implementation and rel-
atively low cost, the inductive loop is the most widely used sensing technology for the
development of VRI systems ( ; ). Only a limited
number of studies have been conducted to utilize the emerging sensing technologies (i.e.
intelligent video surveillance). Compared with the inductive signature system, intelligent
video surveillance (IVS)® provides real-time and vivid image from which the human oper-
ators can gain better insight into the current traffic state. Moreover, IVS would also allow

for an automatic interpretation (e.g. vehicle detection, feature extraction) of the scenes by

"'We will introduce the problem of dynamic travel time estimation in detail in Section 2.1.

2 A more detailed introduction of VRI will be presented in Section 2.2.

3The overall framework of IVS can be found in Section 2.3, and a more detailed description of the image
processing techniques in IVS is presented in Chapter 3.



1.2 Research objectives

using the advanced image processing techniques. In light of this, this study attempts to
investigate the feasibility of developing a vision (i.e. intelligent video surveillance) based

VRI system for freeway travel time estimation.

Regardless of the sensing technologies, the existing VRI systems still suffer from two in-
herent limitations. First, mismatches caused by the non-uniqueness of vehicle signatures
are inevitable, which suggests that the following task of travel time calculation may not
be straightforward. To overcome this problem, a great deal of effort has been devoted
to improving the matching accuracy (i.e. reducing mismatches) by imposing stringent
assumptions on vehicles' traveling behaviors (e.g. no overtaking and no lane-changing).
Although these studies are theoretically enlightening and valuable, they are still not prac-
tically feasible for real-world application. Second, the stochastic and dynamic nature of
traffic network ( ) would eventually result in the dynamic
travel time, which also implies that the traffic condition may substantially change from
time to time (e.g. free flow to congested). However, most of the existing VRI systems
are specifically designed for a short time period (e.g. pre-defined time window, fixed sys-
tem initialization parameters) in which the traffic condition is relatively stable (i.e. static
condition)'. To sum up, most of the proposed VRI systems are concentrating on improv-
ing the vehicle matching accuracy and are subjected to adaptation at run-time due to the

potential changes in traffic conditions.

To this end, this dissertation research presents a self-adaptive vision-based VRI system for
dynamic freeway travel time estimation. From the viewpoint of travel time estimation,
the vehicle matching accuracy would not be the major concern. Therefore, this study
performs post-processing technique to filter out the erroneous travel time caused by the
mismatches. The self-adaptivity of this proposed system also allows it to automatically
adjust its initialization parameters (e.g. time window constraints and prior knowledge) in

response to the substantial changes in traffic conditions.

1.2 Research objectives

As explained previously, the ultimate goal of this dissertation is to develop a self-adaptive

vehicle reidentification system for freeway travel time estimation under dynamic traffic

!"This will be further illustrated in Chapter 4.



1.2 Research objectives

conditions. To be more specific, this study focuses on utilizing the emerging video surveil-
lance technology and investigating the feasibility of implementing the vision-based VRI
system for dynamic travel time estimation along a freeway. As shown in Figure 1.1, a
typical freeway system would be equipped with multiple video surveillance cameras. At
each station, a gantry-mounted video camera, which is viewed in the upstream direction,

would collect the traffic video image for further processing.

Figure 1.1: A freeway system equipped with intelligent video surveillance system

Therefore, the preliminary part of this study is to develop an efficient (i.e. high matching
accuracy) vision-based VRI system for the freeway system under static traffic conditions.

The detailed procedures can be described as follows:

I. Since the freeway segment between two consecutive camera stations is the basic
functional block of the freeway system (e.g. between 08A and 10A, the green sec-
tion in Figure 1.1), the first research objective would be to develop a basic VRI

subsystem by using the video surveillance technology.

II. As a further application and extension of the basic VRI subsystem, an automatic
incident detection algorithm (AID) is developed for free flow condition. The rela-
tively high matching accuracy of the basic VRI subsystem would allow for a prompt

detection of the incident vehicle and, hence, reduce the incident detection time.

III. Fora freeway segment with multiple video cameras, a hierarchical Bayesian match-
ing model is proposed for the development of VRI system so that the matching ac-

curacy can be further improved.

However, it is noteworthy that the high performance (i.e. high matching accuracy) of the

proposed VRI system is primarily due to the stable traffic condition (i.e. stead-state free
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flow or congestion). In order to handle the dynamic traffic conditions, we would further
develop an improved self-adaptive VRI system for dynamic travel time estimation, which
serves as the essential part of this study. The detailed procedures can be described as

follows:

IV. Based on the basic VRI subsystem developed in I, an iterative VRI subsystem
with temporal adaptive time window is proposed to improve its robustness against
the potential changes in traffic conditions. An appropriate strategy (e.g. post-
processing and adjustable time window) is devised to perform the basic VRI itera-
tively such that the new system is capable of adjusting its parameters automatically
under traffic demand and supply uncertainties (e.g. recurrent congestion, and non-

recurrent congestion).

V. For a freeway system with multiple video cameras, we introduce a spatial-temporal
adaptive time window component to further improve the performance of the sys-
tem developed in IV, which eventually gives rise to the iterative VRI system with

spatial-temporal adaptive time window.

1.3 Organization of the thesis

More specifically the overall framework of the thesis is described in Figure 1.2, in which
the presentation is divided into three major parts. After the brief introduction to the re-
search in Chapter 1, we proceed to consider the foundations for the development of vision-
based VRI system. Chapter 2 describes the problem statements (e.g. travel time estima-
tion problem, vehicle reidentification, and automatic incident detection) and reviews the
relevant literatures on these problems. Since this study focuses on utilizing the emerg-
ing video surveillance system, a comprehensive introduction to this sensing technology is
presented in Chapter 3. The associated image processing techniques that used for traffic
data collection (e.g. vehicle detection, and vehicle feature extraction) are described, and
some preliminary results are also presented in this chapter. Note that this study focuses on
using the existing image processing techniques for further development of VRI system.
Therefore, a complete introduction of the underlying theory of image processing is out the

scope of this thesis.

Within the second part of this thesis, we would formally deal with the development of VRI
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Figure 1.2: Overall framework of the thesis

system under static traffic condition. The central goal of this part is to devise vision-based

VRI system with relatively high matching accuracy, through which a large percentage of
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individual vehicles could be re-identified. The potential benefits of high matching accu-
racy are huge and obvious: reliable travel time estimates and efficient vehicle tracking.
In light of this, a basic vision-based VRI subsystem is developed in Chapter 4. Various
detailed vehicle features (e.g. vehicle color, length, and type) are extracted for the further
development of vehicle matching method. Due to its capability of efficient vehicle track-
ing in the freeway system, the basic VRI subsystem is further designed and improved for
incident detection under free flow condition (see Chapter 5). Chapter 6 further proposes a
hierarchical Bayesian matching model for vehicle reidentification by taking full advantage

of the vehicle feature data collected from multiple detectors.

For the dynamic traffic condition, a further improved self-adaptive VRI system is devel-
oped in the third part of this thesis. Chapter 7 presents a novel iterative VRI system with
temporal adaptive time window constraints. To capture the traffic dynamics in real-time,
the exponential smoothing technique (e.g. based on temporal traffic information) is uti-
lized to adjust the time window constraint from time period to time period. The additional
iterative process together with the post-processing technique is introduced to achieve re-
liable travel time estimates under non-predictable traffic condition (e.g. traffic incident).
In Chapter 8, a further improved iterative VRI system with spatial-temporal adaptive time
window is presented. This system is specifically designed for the freeway system with
multiple detectors. By utilizing the traffic information (e.g. spatial information) from
different pairs of detectors, we may obtain a more reliable time window constraint under

traffic demand and supply uncertainties.

Finally, Chapter 9 summarizes remarks and conclusions of this research. Some topics of

the future works are also highlighted in this chapter.

As a guide to the reader it should be remarked that the first part (see Figure 1.2) is the
building block of this research. Based on the emerging sensing technology (i.e. intelligent
video surveillance), we specifically design the self-adaptive VRI system to support the
ITS applications (e.g. ATIS and ATMS) under dynamic traffic conditions. Therefore, the
readers are firstly suggested to read Chapter 2 and Chapter 3 to get the major ideas of the
this study. The mutual dependencies and the logical connections between the three parts

will be further illustrated in Section 3.5 (also see Figure 3.7).
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1.4 Research contribution

In order to clarify the research contributions of this thesis, a brief overview of the main

methodologies and results presented in each of the different parts will be given.

Chapter 4

* A probabilistic fusion strategy is devised to integrate the various vehicle features
(e.g. color, length and type) obtained from intelligent video surveillance technology.
The logarithmic opinion pool (LOP) approach is utilized for generating an overall

posterior probability for vehicle matching decision-making.

* The vehicle matching problem is formulated as a combinatorial optimization prob-

lem and solved by the minimum-weight bipartite matching method.

 The proposed basic VRI system is tested on a 3.6-kilometer segment of the freeway
system in Bangkok, Thailand. The overall matching accuracy is about 54.75%. As
the developed vehicle matching algorithm dose not require lane sequence informa-

tion, it allows vehicle reidentification across multiple lanes.

Chapter 5

* An enhanced vehicle feature matching technique is adopted in the VRI component

for explicitly calculating the matching probability for each pair of vehicles.

* A screening method based on the matching probabilities is introduced for vehicle
matching decision-making such that the incident vehicle could be identified in a

timely and accurate manner.

* The proposed VRI based incident detection algorithm is tested on a 3.6-km segment
of a closed freeway in Bangkok, Thailand. The associated incident detection time
of the proposed method is substantially shorter than the traditional vehicle count
approach.

Chapter 6

* A hierarchical matching model is proposed such that vehicle matching over multiple
detectors is treated as an integrated process. A hierarchical tree structure is also

incorporated for representing the matching result over multiple detectors.
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* The associated hierarchical Bayesian model is introduced to describe the spatial
dependencies between vehicle feature distances, which would yield a more reliable

probabilistic measure for matching decision-making.

* The proposed method is tested on a 9.7-km freeway segment with three detectors.
The results show that the hierarchical matching method outperforms the pair-wise
VRI matching method.

Chapter 7

* The temporal adaptive time window component is introduced into the basic VRI
system for improving its robustness against the potential changes in traffic condi-

tions.

* A post-processing technique is performed on the raw results produced by basic VRI
system to rule out the erroneous travel time and, hence, obtain a more reliable mean

travel time estimator.

* An appropriate iterative process is developed to perform basic VRI iteratively (i.e.

iterative VRI) such that the non-recurrent traffic congestions can be captured.

» Several representative tests are carried out to evaluate the performance of the iter-
ative VRI system with temporal-adaptive time window. The results show that the

proposed method can perform well under dynamic traffic conditions.

Chapter 8

* Animproved spatial-temporal adaptive time window component based on shrinkage-
thresholding method is proposed to consider the spatial and temporal correlations

in travel time over multiple segments.

* The improved iterative VRI system with spatial-temporal adaptive time window is
tested on a 9.7-km freeway with two consecutive segments. The results justify the
potential advantages of the proposed method for capturing serious non-recurrent

traffic congestions.

This thesis was typeset using IATEX.



Part 1

Foundations of the study
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Chapter 2

Problem statements and literature

review

This chapter presents a formal description of the travel time estimation problem and ex-
plores the literature on the associated estimation methods. As one of the alternative ap-
proaches, vehicle reidentification (VRI) has emerged due to its potential for effective
tracking of the individual vehicles. Therefore, a general overview of the VRI system (e.g.
the underlying principle of VRI and the detailed vehicle matching process) is provided in
this chapter. Since this study focuses on developing the vision-based VRI system, a brief
review of the sensing technology (i.e. intelligent video surveillance) is then conducted.
Last but not least, this chapter provides a comprehensive review of the traffic automatic
incident detection (AID) algorithms, which could be beneficial to the development of new

AID algorithm under free flow condition (see Research Objective II).

2.1 Travel time estimation problem

Travel time, a period of time spent traveling between any two nodes of interest in the
traffic network ( ), is widely recognized as one of the best indicators of
the quality of traffic facilities, since it is easy for both the transportation engineers and the
travelers to understand. Traffic manager requires travel time to evaluate the performance

of the road network, while the individual traveler desires such information to make a better

11



2.1 Travel time estimation problem

route decision for their journeys. Therefore, it is of great importance for us to estimate
the travel time in an accurate and robust manner, which is also essential for the successful
implementation of the advanced traveler information systems (ATIS) in the framework of

intelligent transportation system (ITS) ( ).

2.1.1 Problem description

Travel time estimation is still a challenging problem for several reasons. One of which is
that travel time are by nature stochastic and dynamic ( ;

) due to the traffic network uncertainty ( ). Asnoted
in , traffic networks are primarily exposed to two sources of uncertainty,
1.e. uncertainty in traffic demand and supply. The demand uncertainty arising from the
temporal variation (e.g. time of the day, day of the week) of travel demand can poten-
tially cause recurrent traffic congestion and, hence, lead to travel time variability (

; ). On the supply side, some unpredictable traffic scenarios (e.g.
accidents, illegal parking and adverse weather) could disrupt the normal traffic flow and,
consequently, affect the road capacity and lead to non-recurrent congestion (

; ). Therefore, travel time are heavily dependent on current traffic,
physical, and environmental conditions that cause the travel time to exhibit stochastic and
time-variant (i.e. dynamic) behavior. Mathematically speaking, travel time are random
variables and the associated probability density distributions (PDF) vary with the time of
day (e.g. the particular time period). More specifically, the travel time can be modeled as
a discrete-/continuous-time stochastic process ( ). Let {TT(t),t € N}
denote a discrete stochastic process, where TT () is the travel time for vehicles arriving at
the downstream station during time period ¢ (e.g. a S-minute-period). For a specified time
period ¢, TT(t) is a continuous random variable with its PDF denoted by f(-,#). In view
of this, the dynamic travel time estimation problem would be to estimate the statistical
parameters of the travel time, i.e. {u(?),t € N}, where u(t) is the mean value of vehicle
travel time during time period ¢. Because of the dynamic nature of travel time, the mean
value u(f) may change substantially from time to time, which imposes a great challenge

on the development of estimation methods for real-time application.

Another critical issue is that travel time cannot be directly measured from the traditional
point sensors such as inductive loops and microwave sensors ( ). To

overcome this difficulty, a large number of studies focused on utilizing the macroscopic
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2.1 Travel time estimation problem

traffic parameters (e.g. traffic flow, density, and speed) to deduce the travel time be-
tween the discrete locations (which could be termed as indirect methods). These al-
gorithms could be roughly divided into two groups: spot-speed-based method (see Sec-
tion 2.1.2) and the flow-based method (see Section 2.1.3). Recently, considerable attention
has been paid to using the emerging sensing technologies (e.g. Bluetooth, global position-
ing system, license plate recognition, and cellular phones) to directly track the individual
probe vehicle for travel time estimation purpose, which eventually gives rise to the probe-
vehicle-based method (see Section 2.1.4).

Before proceeding to discuss the detailed estimation methods, the following two com-

ments should be taken into account.

* First, it is necessary for us to briefly explain the terms "travel time estimation" and
"travel time prediction". Travel time estimation calculates travel time u(f) based
on collected traffic information up to the current time point (i.e. period #), whereas
travel time prediction forecasts the travel time u(t + At) up to a time point (i.e.
t + At) in the future ( ). In this study, we focus on travel time estimation
on freeway system, i.e. we estimate how long it takes vehicles to travel along a

freeway route when they arrive at the downstream station.

* Since this study attempts to estimate travel time along a freeway, the network-wide
(i.e. link) travel time estimation is then out the scope of this research. As a mat-
ter of fact, link travel time estimation is a highly under-specified problem, where
the number of traffic detectors is typically much less than the number of unknown
parameters (i.e. mean travel time on each link) of interest. We will investigate this
problem and present some preliminary results in the future work (see Section 9.2.2).
Also, a detailed review regarding network-wide travel time estimation can be found
in Chapter 9.

2.1.2 Spot-speed-based method

The rational behind this method is quite straightforward. Given the distance L between

two consecutive detectors, the travel time is defined as

T== (2.1)
1%
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2.1 Travel time estimation problem

where v is the average speed between the two detectors. In such a case, the derivation
of the average speed v would be the major concern. As one of the most widely used
algorithm, the extrapolation method is then developed based on the assumption that spot-
speeds are representatives of the average travel speeds on the roadway segments (

). However, in practice the vehicle speeds may not remain constant (espe-
cially on the urban road network). Thus, some improved methods were proposed such as

half-distance approach and minimum speed approach ( ;

).

In a more complicated case (i.e. urban road network), stop-and-go situation usually oc-
curs and, hence, the vehicle speed would change dramatically in traveling. In this case,
the aforementioned extrapolation methods may not be applicable. To compensate for this,
the trajectory-based methods were proposed ( ; ;

). By utilizing some smoothing schemes (e.g. piecewise linear function,
quadratic function), it is possible for these approaches to reconstruct the hypothetical ve-
hicle speed trajectory as a function a space and time. The travel time of this vehicle can be

easily calculated through the associated vehicle speed trajectory (see Figure 2.1). The per-
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Figure 2.1: Demonstration of the trajectory-based method (source: ( )

formance of these methods is then heavily dependent on the accuracy of the collected spot
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speed and the adopted smoothing techniques. According to some literatures concerning
the vehicle speed estimation ( ; ), the accu-
racy of speed measurement from the inductive loops largely depends on the sampling rate
of the sensor and the length of the vehicle. Simply put, the traditional sensor (i.e. induc-
tive loops) may not be capable of measuring the speed of the "short" vehicles accurately.
In addition, some studies also suggested that the use of these spot-speed based methods

would result in large errors when it comes to a serious traffic congestion (

; )-

In light of the above-mentioned problems, some researchers tried to investigate the fea-
sibility of estimating travel time using other reliable macroscopic traffic parameters such
as traffic flow and volume. In the following part, the detailed review of the traffic flow-

based-method is presented.

2.1.3 Traffic-flow-based method

To handle the difficulties encountered by spot-speed-based methods, several studies were
conducted to estimate travel time by using the other traffic data (e.g. traffic flow and
density), which could also be readily extracted from the point sensors. An extensive liter-
ature review of these methods was conducted by

utilized a linear approximation of the flow-density relationship to estimate travel
time from dual loop detector data. In addition, a rich body of research utilized the macro-
scopic traffic flow model to represent the propagation of the traffic stream through the
road network ( ; ; ;

). By applying the principal of FIFO and flow conservation, the aggregated
travel time information could be obtained. Although these approaches appear promising
when traffic congestion is present, the successes of these methods are based on the strin-
gent FIFO assumption. In practice overtaking between vehicles, however, may frequently

exist and, accordingly, these methods may not work well under these scenarios.

Recently, considerable attention has been focused on utilizing the emerging sensing tech-
nologies (e.g. Bluetooth, global positioning system, license plate recognition, and cellular
phones) to track the individual probe vehicle such that the associated travel time can be
easily calculated (which can be referred to as probe-vehicle-based method). In what fol-

lows, a brief review regarding these methods is presented.
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2.1.4 Probe-vehicle-based method

As discussed previously, most of the indirect travel time estimation methods focused on
utilizing the traditional point sensors (e.g. inductive loops). In recent years, the rapid de-
velopment of information and communication technologies has provided us a chance to

measure the travel time of each probe vehicle directly. Various advanced sensing tech-

nologies, such as Bluetooth ( ; ;
), global positioning system ( ), license plate recognition tech-
nique ( ), and cellular phones ( ), have been incorporated to

assign an unique identity (e.g. media access control address, plate number, and wifi ad-
dress) to the probe vehicle. By the accurate matching of vehicle identities, the travel time
of probe vehicles can be easily calculated. Moreover, many researchers have proposed
various models to use this new source of data (i.e. probe-vehicle data) for other transport
applications. have included, in addition to link counts, the license
plate matching data for path flow estimation which was then formulated as a least square
problem. extended the bi-level DTA approach for dynamic
OD estimation by using the probe-vehicle data.

Despite their theoretical simplicity and ease of practical implementation, the probe-vehicle-
based methods still suffer from two serious limitations. First, the low-level of market pen-
etration of the probe vehicles would potentially lead to biased estimation of the mean travel
time ( ). The vehicles without proper probe equipment (e.g. GPS
receiver, Bluetooth and high-quality license plate image) cannot be tracked and, conse-
quently, a large amount of travel time data cannot be collected. In addition, the continuous

vehicle tracking based on the unique identity could also raise privacy concerns (

; )-

In this case, the vehicle reidentification (VRI) scheme, which neither intrudes driver's
privacy, requires installation of on-board tag/equipment, nor needs permission to obtain
the identification, provides an alternative way for travel time estimation. As opposed to
using the unique vehicle identities, VRI focuses on utilizing the non-unique vehicle signa-
tures (e.g. waveform, vehicle length, and vehicle color), which allows for anonymously
tracking the vehicles. Also, the penetration rate would be 100% in principle, since no
in-vehicle equipment is required (i.e. non-intrusive). As this study concentrates on de-
veloping a self-adaptive VRI system for dynamic travel time estimation, an overview of a

typical VRI system is presented in Section 2.2.
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2.2  Overview of vehicle reidentification (VRI)

Generally speaking, VRI is the process of matching vehicle signatures from one traffic de-
tector to the next in the road network. Along with the identification of individual vehicles
across several traffic detectors, the associated vehicle signatures can also be extracted. As
opposites of the vehicle identities in the probe-vehicle-based method (Section 2.1.4), the
vehicle signatures within the VRI framework are not unique. Therefore a robust and ef-
ficient vehicle signature matching algorithm is required for the practical implementation
of VRI. To sum up, a typical VRI system usually consists of two parts: vehicle signature

extraction and vehicle signature matching.

2.2.1 Vehicle signature extraction

It is quite obvious that the process of vehicle signature extraction is closely related to the
traffic sensors. Different traffic surveillance systems may result in different vehicle sig-
natures. and utilized
vehicle length measurement derived from inductive loops as the vehicle signature, while
directly used the inductive waveform for signature matching. Since the
length measurement as well as the waveforms from inductive loops is heavily dependent
on the vehicle velocity and sampling rate of loop detectors, the additional signature nor-
malization process is needed for eliminating the measurement errors'. In view of this,
investigated the feasibility of utilizing the speed invariant data (i.e.
peak value of magnetic signal) from magnetic wireless sensors for VRI. With the advance-
ment in image processing, several studies also developed VRI system based on the vehicle
color information (e.g. ; ). Due to the poor quality of
vehicle image and privacy concerns, some closely related research focused on utilizing
the partial number plate information for VRI purpose ( ;
). Also, some other emerging traffic sensors, such as microwave based detectors and

axle sensors, have been utilized for vehicle matching ( ;

).

By using the sensing technologies mentioned above, the associated vehicle signature (e.g.

"' A more detailed review of the history and evolution of the inductive-loop-based VRI could be found in
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length, color, axle space, and waveform) denoted as X, can be extracted. The following
task of VRI is then to make matching decision based on these vehicle signatures (i.e.

vehicle signature matching method).

2.2.2 Vehicle signature matching method

Consider a vehicle i arrives at downstream station, and its associated vehicle signature

and arrival time are, respectively, denoted as X and ” (see Figure 2.2). The vehicle

= Vehicle Signature Matching Method

Downs.trean‘l vehicle i on| / | Candidate upstream vehicles that arrive
(arrival time ¢P) _ / during the time interval: [t — Ub, ¢ — Lb]

B oot / 1 A

5 0
Travel time (secs)

> Time window constraints: [Lb, Ub]

Figure 2.2: Demonstration of the time window constraints in VRI system

signature matching method is then devised to find the corresponding vehicle (i.e. vehicle
with similar signature) at upstream station. For practical implementation, the time window
constraints are then introduced to rule out the unlikely candidate upstream vehicles for
improving the computational efficiency and matching accuracy. Based on the historical
travel time data, a time window, i.e. [Lb, Ub], is derived for setting the upper and lower
bounds of the vehicle travel time. In such a case, the search space §; (i.e. the set of the
candidate upstream vehicles) can be well defined as shown in Figure 2.2, and the signature
matching process can be performed between X and its search space §;. As a matter of
fact, the concept of time window (which is also referred to as search space reduction in

Jeng et al. (2010)) has been commonly adopted in the existing VRI systems.
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For the matching problem mentioned above, there already exists a broad field of well stud-
ied algorithms. Roughly speaking, vehicle signature matching algorithms can be divided
into two groups, i.e. distance-based methods and probabilistic methods. For the distance-
based methods, appropriate distance measures are incorporated to represent the similarity
d(i, j) between a pair of vehicle signatures {(X", XJP)| j € 8;}. The corresponding up-

stream vehicle for downstream vehicle i is then given by

argmin d(i, j) (2.2)
JES;
In other words, the downstream vehicle is matched to the upstream one with the smallest
signature distance (e.g. ; ; ). Because of
the non-uniqueness of the vehicle signatures, the distance-based methods, however, may
not work well under some circumstances, especially when the feature data is corrupted
by the potential noise. To account for the uncertainty involved in the vehicle signature,
the probabilistic approaches (e.g. ; ;
) are developed, in which the signature data are treated as random variables and
a probabilistic measure is incorporated for the reidentification decision. Mathematically
speaking, the signature distance d(i, j) is a random variable and the underlying statistical
model is built up from the training dataset. By applying Bayesian statistics, a matching
probability indicating the likelihood of each pair of signatures belonging to the same ve-
hicle, i.e. P(i matches j|d(i, j)), is then provided and the result is given by

argmax P(i matches j|d(i, j)) (2.3)

JES;
Simply put, within the framework of statistical matching approaches, the downstream
vehicle is matched to the upstream one with the highest "chance" given the observed sig-

nature distance.

2.2.3 Discussion of the existing VRI systems

Table 2.1 compares different types of VRI systems in terms of the sensing technologies
they relied on and the associated vehicle signature matching methods'. A number of com-

ments should be made with respect to the existing VRI systems.

!'The readers can refer to Section 4.1 for a more comprehensive review of the existing VRI systems.
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1. Asexplained in Section 2.2.2, the time window constraints are essential for the efficient
implementation of VRI system. However, it is noticed that normally the time window
is derived from historical travel time data (i.e. fixed time window), which cannot re-
ally reflect the current traffic condition. Under dynamic traffic condition, the recurrent
and non-recurrent traffic congestion may occur, which may eventually lead to the sub-
stantial changes in travel time. Therefore, a self-adaptive time window component is
required so that the VRI system can be applicable for dynamic travel time estimation

purpose (see Chapter 7).

2. It is also observed that most of the existing VRI systems are focusing on improving
the matching accuracy. Some research even imposed stringent assumptions on vehicle
traveling behavior (e.g. no overtaking and no lane-changing) so that the matching
accuracy can be improved. From the perspective of travel time estimation (i.e. mean
travel time), the matching accuracy, however, may not be the major concern. The mean
travel time can be obtained using a subset of vehicles that have "distinctive" signatures.
An appropriate selection strategy (e.g. sampling and thresholding) may potentially
contribute to the estimation accuracy.

3. Due to the worldwide deployment of inductive loop sensors, a large number of studies
focused on utilizing the measurements derived from the inductive loops. However, it
should be noted that the raw signature data obtained from loop detectors may be speed-
dependent, which means that a vehicle traveling at different speeds may generate dif-
ferent loop signatures. This phenomenon may potentially undermine the performance
of the VRI system.

To this end, this study aims to propose a VRI system based on the emerging intelligent
video surveillance technology (IVS), in which overtaking between vehicles as well as
the reidentification across multiple lanes are both allowed. With the development of the
image processing techniques and the network bandwidth, the intelligent video surveillance
technology plays a more and more important role in the transport applications for safety
and security purpose (e.g. ; ; ).
Compared with the traditional inductive loop sensors, IVS enjoys several advantages as
follows ( ).

* First, IVS technology is capable of monitoring multiple lanes and can function as

zone detectors rather than point sensors (e.g. magnetic sensors and inductive loops).
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2.3 Framework of intelligent video surveillance

* IVS can provide us the speed-independent vehicle signature. Various detailed and
vivid vehicle features (e.g. vehicle color, length, and type), which are independent
of the vehicle speed, can be extracted. However, it should also be noted that the
above-mentioned vehicle features are not readily obtainable from the video camera.
Various image processing techniques are then employed and performed on the video

image data to extract the desired information.

Since IVS plays a fundamental role in our research and serves as the main building block
for our VRI system, a brief review regarding the framework of intelligent video surveil-

lance is presented in Section 2.3.

2.3 Framework of intelligent video surveillance

As the name suggests, intelligent video surveillance (IVS) aims to provide real-time and
automatic interpretation of scenes (e.g. detecting, tracking and recognizing objects of in-
terest) by analyzing the images acquired from the video cameras. Therefore, IVS can
be viewed as a multidisciplinary field closely related to information and communication,
signal/image processing, computer vision and pattern recognition ( ). The ad-
vances in information and communication technologies has led to the worldwide deploy-
ment of the camera networks which provide the possibility for remote manual monitoring
and surveillance. Moreover, the rapid development of image processing techniques en-
ables us to efficiently and automatically extract the useful information from huge amount
of video records. The following high-level processing based on computer vision and pat-
tern recognition technologies would allow for better understanding of the scenes (e.g. ac-

tivity analysis) in the video record.

Figure 2.3 shows the overall framework of the intelligent video surveillance system. In
general, a typical IVS consists of three critical components, i.e. video sensor networks,
low-level processing and high-level understanding. Video sensor networks are respon-
sible for real-time monitoring and collection of the raw video record, while low-level
processing focuses on digitalizing the collected image in a form suitable for further com-
puter processing, such as image enhancement, image denoising and image deblurring.
The video stream after preprocessing would be fed into the component of video analyt-

ics (see Figure 2.3) for high-level understanding. Single camera analytics, also referred
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2.3 Framework of intelligent video surveillance

Intelligent Video Surveillance System

Low-level processing High-level understanding
¢ Video capture & encoding
*  Image digitalization &
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= Single camera analytics
- Object detection
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=  Multi camera analytics
- Object re-identification
- Activity analysis (i.e., incident detection)

Digital video records (DVR) | |

Sensor Networks

Figure 2.3: General framework of [VS

to as intra-camera analytics, deal with the video stream within the single camera view.
Various image processing techniques are explored in an attempt to detect the object of
interest and its associated features. Since the view of single camera surveillance is finite
and limited, the multi camera analytics, which aim to monitor a wider area (e.g. tracking
vehicle/pedestrian across the traffic network), are required. Therefore, one of the essen-
tial capabilities of the multi camera analytics is being able to re-identify the object across
different cameras (i.e. object reidentification). The following activity analysis would en-
able us to gain a better understanding of the monitored area (e.g. travel time estimation,

incident detection).

It is noted that the introduced high-level IVS is closely related to our research topic, i.e.
vehicle reidentification based on video image data. As a matter of fact, the proposed VRI
system can be viewed as an application and variant of the object reidentification (ORI).
This section focuses on presenting a brief review of the first two components of IVS (i.e.
video sensor networks, and low-level processing). A more detailed discussion on the high-
level IVS (e.g. image processing techniques used for vehicle feature extraction) can be
found in Chapter 3. Also, the readers can refer to two recent review papers, i.e. Valera
and Velastin (2005) and Wang (2013) for a more comprehensive review of the history and

evolution of IVS.
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2.3 Framework of intelligent video surveillance

2.3.1 Video sensor networks

As the basic component of IVS, the video sensor networks are devised to capture all pos-
sible information (i.e. raw video) from the physical environment at the key locations (i.e.
nodes) by utilizing the video cameras. In this sense, the video sensor networks are com-
monly comprised of a set of sensor nodes, and the communication infrastructures/devices

that are responsible for the transmission of video data between the nodes (

).

Generally speaking, a sensor node consists of a camera for video capturing and an as-
sociated video encoder to compress the video for transmission. Due to the advantages
in capturing high-quality image, the digital charge-coupled device (CCD) has been used
in the surveillance cameras (e.g. CCTV system ( ) and Autoscope
( )). However, it is worthwhile to notice that the CCD based cameras
are power consuming and relatively costly. Recently, the complementary metal-oxide
semiconductor (CMOS) image sensors ( ) have received considerable
attention because of the energy-savings opportunities and the economically feasibility they

present for large-scale application.

With the advancement of information and communication technologies, the communica-
tion rates between the sensor nodes increase dramatically, which eventually gives rise to
the development of the wireless video sensor network (e.g. ;

). Therefore, the specific dedicated communication infrastructure may
not be absolutely necessary in the future. Nevertheless, it should be noted that a higher
communication rates would lead to a higher energy cost. In this case, how to improve the

energy efficiency would become the major concern for the video sensor networks.

To sum up, there are still two problems need to be tackled for the video sensor networks,
namely (1) the need of improving the video quality, and (2) the need of improving the
energy efficiency for large-scale application. Actually, these two problems are closely
related to each other. The high video image quality would inevitably lead to the transmis-
sion of massive video data and, hence, increase the energy cost. Note that this study does
not attempt to resolve these two problems since we aim to utilize the existing video sen-
sor networks. The main contribution of this study is developing the generic VRI system,

which would still be applicable when the video quality is poor.
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2.3 Framework of intelligent video surveillance

2.3.2 Low-level image processing

Upon completion of the collection of the raw video record from the video sensor net-
works (Section 2.3.1), a further low-level processing is performed so that the collected
image stream could be digitalized for computer processing (i.e. image digitalization) and

improved in terms of the image quality (e.g. image denoising and deblurring).

According to , an image would constitute a spatial distribution of the irradi-
ance at the plane, which means that image digitalization is the process of measuring the
irradiance across the image plane. However, it is worthwhile to notice that computers
cannot deal with continuous images but only arrays of digital numbers, which eventually
leads to the concept of digital image ( ). As shown in Figure 2.4, a digital
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Figure 2.4: Digital image representation

image is usually represented by a two-dimensional matrix of intensity samples, each of
which is represented by using a limited precision. A point on the two-dimensional (e.g.
M x N) grid (i.e. the left-hand-side of Figure 2.4) is called a pixel and the associated
pixel value is denoted as f;;. In such a case, the gray digital image is then represented
by the intensity matrix F,,,y (i.e. the right-hand-side of Figure 2.4), where the element
value f;; is quantized into 256 gray values (i.e. 1 < f;; < 255). For a color digital image,
The RGB color model ( ) where red, green, and blue light are added together
to reproduce the colors, is utilized. Mathematically speaking, the color digital image is
then jointly represented by three matrix, i.e. {F,(é?< v F ,ifl N> F,(‘f:< ~ 1> Where each of them
respectively represents the red, greed, and black channel of the image.

Before proceeding to the high-level understanding of the video image, various preprocess-
ing techniques (e.g. image contrast enhancement, image denoising and image deblurring)

need to be performed on the digitalized image in the hope of improving the overall image
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2.3 Framework of intelligent video surveillance

quality. Due to the reduced and perhaps nonlinear image amplitude range, the poor con-
trast between the foreground object (i.e. vehicle) and background often exists in the digital
image. In such a case, the necessary image enhancement, such as histogram equalization
(e.g. ; ) would greatly contribute to the high-level
processing (e.g. object detection and feature extraction) at the later stages. Also the digital
image may tend to suffer from two inherent problems, namely (1) the occurrence of the
potential noise in the image (e.g. electrical sensor noise and channel transmission errors),
and (2) the presence of image blur (e.g. lens blur, Gaussian blur and motion blur caused by
subject movement) during the recording of a digital image. Therefore, the reconstruction
(i.e. image denoising and deblurring) of the original image I,,, 5 from the contaminated

measurement F,. , plays an important role in the low-level IVS.

For the image denoising problem, the underlying mathematical model can be described
by
F=I+¢ (2.4)

RMN

where F € is the vectorized grayscale image and I is the original image, whereas €

is the white noise. Since noise added to an image generally has a higher-spatial frequency

spectrum, the simple low-pass filtering technique ( ) is employed to re-
move the noise. Later on, the other filters (e.g. mean filter ( ), winner
filter ( ) and adaptive filter ( )) have also been intro-

duced for image denoising. With respect to the image deblurring problem, the underlying

mathematical model can be described by
F=KI+e¢ (2.5)

where the K € RMN*MN represents the blurrring (i.e. convolution) operator. It is easily
observed that this is an inverse problem, which is to recover as much information (i.e. I)
as possible from the given data (i.e. F). As a matter of fact, this inverse problem has
been widely studied and solved as the large-scale (e.g. with extremely large image size)
optimization problem (e.g. ; ). Figure 2.5 shows one
illustrative example of the traffic image deblurring. Due to the motion blur, the collected
traffic image may be of generally poor quality. The essential image preprocessing is then

required for eliminating the potential noise and image blurry (Figure 2.5).

As illustrated above, it is expected that the richness of traffic data provided by IVS (i.e.

vivid traffic image) could potentially contribute to the development of the vision-based
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Figure 2.5: Illustrative example of image deblurring caused by motion blur

VRI system (see Chapter 4). Also, the proposed VRI method together with the video
surveillance technology enable us to handle the non-recurrent traffic incidents more effi-
ciently in the sense that the incidents can be promptly detected and validated through the
video image data (see Chapter 5). In what follows, we briefly review the traffic incident

detection algorithms.

2.4 Traffic incident detection algorithms

One major problem associated with the rapid growth of large cities is the increase in traffic
congestion and incidents. In these congested traffic networks, one minor incident could
cause serious traffic delays and have far-reaching consequences for safety, congestion and
pollution. In addition, statistics also suggested the high chance of a more sever secondary
accident following the initial incident (particularly on a high-speed network, e.g. free-
way). Therefore, in order to overcome the aforementioned difficulties, considerable effort
has been devoted to the development of an efficient traffic incident management system
(TIMS). The roles of TIMS are to efficiently detect the incident and then provide a series
of traffic information to drivers to alleviate the impact/delay caused by the incident. In
general, TIMS includes the following steps, i.e. 1) incident detection, ii) incident response,
and iii) incident clearance (Chang and Su, 1995; Ozbay and Kachroo, 1999). As the first
step, incident detection plays a critical role in incident management. It affects consequent
actions of the following steps and determines the efficiency of the whole system. To this
end, this review focuses on the comparison and evaluation of available incident detection

algorithms for both congested traffic conditions and light traffic conditions.
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2.4 Traffic incident detection algorithms

2.4.1 Incident detection system

An incident detection system primarily consists of two components: traffic data collec-
tion and data mining approach. Data collection is the process of measuring traffic pa-
rameters from the traffic surveillance technologies (e.g. loop detectors, magnetic sensor,
GPS-based sensor, intelligent video surveillance). Data mining approaches refer to the
algorithms that are utilized for detecting incidents through analyzing the traffic data col-
lected from the traffic sensors. It is quite obvious that the success of incident detection
system relies on the effectiveness of data collection and the robustness of the correspond-
ing data mining approaches. Therefore, a combined consideration of the available sensing
technologies and their corresponding data mining algorithms is necessary for the thorough
evaluation of the incident detection systems. In the following parts, the incident detection
algorithms regarding two specific traffic conditions (i.e. heavy and light traffic) will be

discussed.

2.4.2 Incident detection algorithms for congested traffic condition

Most existing algorithms were developed specifically for detecting incidents under heavy
traffic conditions (e.g. the California algorithm series). The assumption behind these algo-
rithms is that the traffic parameters (e.g. travel time, traffic flow, and traffic delay) would
change dramatically when incidents occur under congested traffic. Generally speaking,
these algorithms can be broadly into five groups: 1) comparative algorithms; 2) statistical
algorithms (e.g. Bayesian networks); 3) filtering algorithms; and 4) dynamic traffic mod-
eling algorithm. Because of the worldwide deployment of inductive loop sensors, most
studies focuses on detecting incidents using the data collected from the loop detectors.
Nevertheless, some other algorithms (e.g. image processing method) also consider the

emerging traffic surveillance technologies.

Owing to their computational and theoretical simplicity, California algorithms (

; ) are the most widely known comparative al-
gorithms. The underlying assumption of these algorithms is that an incident would nor-
mally result in a substantial increase in upstream occupancy while simultaneously reduc-
ing downstream occupancy. Thus, a direct comparison between the upstream and down-

stream occupancy data obtained from the consecutive loop detectors would enable us to
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2.4 Traffic incident detection algorithms

determine the occurrence of an incident. An incident alarm is issued if the difference be-
tween the occupancy exceeds an predefined threshold. In order to reduce the false alarm
rate, the decision tree technologies were also introduced. Several occupancy differences

were discussed and analyzed in a decision tree structure (see Figure 2.6). It is quite obvi-
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Figure 2.6: The basic California algorithms (source: ( )

ous that the success of the comparative algorithms is heavily dependent on the accuracy
of the traffic sensor technologies. However, it is unavoidable that the traffic data contains

potential noise, especially under the congested conditions.

To compensate for this, the so-called statistical incident detection algorithms are proposed.
These approaches adopt standard statistical technique to determine whether the collected
traffic data (i.e. occupancy) differ "statistically" from the estimated traffic parameters.

utilized Bayesian statistics to compute the likelihood of an in-
cident. Within the Bayesian framework, it is assumed that the collected traffic data is a
random variable and follows a statistical distribution. Some prior knowledge (prior distri-
bution) about the likelihood of an incident happening are also calibrated from the historical
data. Based on the aforementioned statistical model, a posterior probability regarding the

likelihood of an incident is then obtained.
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2.4 Traffic incident detection algorithms

The filtering algorithms (e.g. ;

) are also designed to remove the noise from the collected traffic data. As
opposed to introducing a statistical model to represent the uncertainties of the traffic data,
these filtering algorithms use the typical filters (e.g. low-pass filter, Kalman filter) to
eliminate noises directly from the data. After the filtering process, some comparative

algorithms are utilized to determine the occurrence of incidents.

However, the accuracy of those algorithms stated above, relies on the availability and di-
versity of the incident data, which requires a dense deployment of the traffic sensors along
the traffic network. Besides, those approaches also fail to consider the temporal evolution
and temporal/spatial correlation of the collected traffic data. In order to overcome these
difficulties, several researches focused on the development of dynamic traffic modeling
algorithms for incident detection (e.g. ; ;

). These algorithms utilize the dynamic traffic flow models (e.g. queue model,
cell transmission model (CTM)) to capture the dynamic nature of traffic and estimate the
traffic parameters (e.g. travel time, speed, traffic flow). By comparing the real-time mea-
surements and estimation of these traffic parameters, the abrupt changes may be identified

in real time and, hence, the incident occurrence may be recognized.

2.4.2.1 Incident detection algorithms for light traffic conditions

Incident detection under light traffic condition is difficult as a drop in the traffic capacity
due to an accident (e.g. one lane blocking) may not cause any delay for traffic passing
through that location. Therefore, it is not feasible to detect an incident under light traffic

condition based on measuring the abnormal delay or sudden change in traffic flow pattern.

To this end, some studies focused on utilizing the emerging traffic surveillance technolo-
gies (i.e. intelligent video surveillance) to detect a stationary or slow-moving vehicle (see
Figure 2.7) in the traffic network so as to detect the incident (e.g. ;

). These image processing algorithms, however, require an extensive deploy-

ment of video cameras at all key locations.
On the other hand, for a closed highway system if one can trace all vehicles along des-

ignated points on the highway, a disappearance of a certain vehicle movement from one

point to another can be detected and identified as a potential accident. Based on this prin-
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Figure 2.7: Image processing method

ciple, Fambro and Ritch (1979) designed an incident detection algorithm for low volume
traffic condition using vehicle count data obtained from the loop detectors. When a vehi-
cle passed the upstream detector, the corresponding speed and arrival time of the vehicle
is recorded. Accordingly, the projected arrival time of this vehicle at downstream site was
also calculated based on the assumption that the vehicle's speed remains constant over
short segment of freeway. Under incident-free condition, we can expect the appearance
of this vehicle during its arrival time interval at downstream site (i.e. the link counts would
increase during this time period). Thus a disappearance of this vehicle would imply a po-
tential accident. Owning to its computational efficiency and theoretical simplicity, this
algorithm works well under some special circumstances. However, the performance of
this approach is greatly dependent on the accuracy of the link count data and the estima-
tion of the projected arrival time. In general case, the unreliability of the traffic data and
the frequent overtaking between vehicles would seriously undermine the performance of

this incident detection algorithm in terms of the incident detection time.
In light of this, this study attempts to investigate the feasibility of utilizing the VRI scheme

(see Section 2.2) for tracking and identifying the "missing" vehicle such that the incident
could be detected promptly. The detailed work is presented in Chapter 5.
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Chapter 3

High-level intelligent video surveillance

In this chapter we introduce and explain the high-level intelligent video surveillance (IVS),
which consists of two critical components, i.e. single-camera analytics (Section 3.2) and
multi-camera analytics (Section 3.3). The detailed image processing techniques involved
in each component will be presented in the context of transportation analysis (e.g. vehicle
detection, tracking, and feature extraction). Section 3.4 further clarifies the relationship
between high-level IVS and the associated vision-based VRI system. As the ultimate
goal of this study is dynamic travel time estimation, Section 3.4 also explains the two
possible research directions in the development of VRI, which eventually lead to the work
presented in Part II and Part III of this thesis, respectively.

3.1 Introduction

High-level intelligent video surveillance not only provides real-time monitoring (e.g. traf-
fic data collection) by analyzing images from single camera, but also performs activity
analysis by utilizing continuous video sequences from adjacent/multiple cameras. In other
words, the high-level processing of IVS is comprised of two parts, i.e. single-camera an-

alytics and multi-camera analytics.

From the viewpoint of intelligent transportation system, the objects of interest in a video

record would be the vehicles. Therefore, the first step of single-camera analytics is the
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3.1 Introduction

vehicle detection, which is also referred to as the foreground object detection in image
processing. Then the continuous detection of the very same vehicle (i.e. tracking) in the
single camera ( ) would allow for the further collection of the extrinsic
vehicle data, such as vehicle speed, and its arrival time. Also, following the vehicle de-
tection process, the intrinsic vehicle feature data (e.g. vehicle color, length, and type) can

also be extracted by applying various image processing techniques.

With regard to multi-camera analytics, the major task would be object reidentification
(ORI), which aims at re-identifying the same object appearing in adjacent cameras by only
using its visual features extracted from the single-camera analytics ( ).
Following the concept of ORI, various studies have been conducted to match the individ-
ual pedestrians (i.e. people reidentification) in public places (e.g. airport and road net-
work) relating to safety and security (e.g. ;

). In such cases, the matching accuracy associated with the multi-camera analytics
would be the major concern. The mismatches caused by the pose variations of objects and
illumination changes in different cameras could seriously undermine the performance of

multi-camera analytics in terms of safety and security.

Although vision based VRI and people reidentification (PRI) may share some common
features (e.g. feature extraction process, underlying matching method), there are still sev-
eral major differences between them. One of witch is that the ultimate goal of VRI is
to estimate dynamic travel time, whereas PRI only focuses on improving the matching
accuracy. From the perspective of travel time estimation, the high matching accuracy of
individual vehicles is sufficient but not necessary for obtaining reliable travel time esti-
mates'. This phenomenon provides us an alternative way to estimate travel time through
the "proper" usage of the VRI system. In other words, the proposed self-adaptive vision-
based VRI system, which can also be viewed as a variant of PRI, is specifically tailored

for dynamic travel time estimation purpose.

In what follows, the detailed introduction and explanation regarding each component of
high-level IVS will be presented. Section 3.2 introduces the various image processing
techniques that used for vehicle detection and feature extraction within the single-camera
environment. A further explanation of the tasks and the applications (PRI) of multi-camera

analytics is presented in Section 3.3. In Section 3.4, a preliminary comparison between

"Under some circumstances, a suitable post-processing on the individual travel time data can also enable
us to accurately estimate the mean travel time.
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PRI and VRI is conducted so that two possible research directions have been pointed out.

Finally, we close this chapter with conclusion remarks.

3.2 Single-camera analytics

In general single-camera analytics is performed in two stages, namely (1) object detection,
and (2) feature extraction. As the name suggests, object detection is responsible for iden-
tifying the object of interest from the video record (e.g. moving vehicle), whereas feature
extraction is the process of collecting the associated object features for further analysis in

multi-camera analytics.

3.2.1 Object detection

Object (e.g. vehicle) detection from video record plays a fundamental role in single-
camera analytics. The success of object detection largely depends on the degree to which
the moving object (e.g. vehicle) can be distinguished from its surroundings (i.e. back-
ground). Thus the first and foremost step is background estimation, which is completed by
calculating the median of a sequence of video frames ( ). The foreground
object (vehicle) can then be obtained by performing background subtraction and automatic
image segmentation ( ). Figure 3.1(a) shows the gray image of the background
of a freeway station, while Figure 3.1(b) demonstrates a video frame in which the detected
vehicles are surrounded by bounding boxes. Once the individual vehicle crosses the red
horizontal line (see Figure 3.1(b)), the vehicle image in the associated surrounding box

will be clipped from the video record and stored for further feature extraction.

Also, an additional vehicle tracking process based on Kalman filter (
) will be employed such that the detected vehicle can be continuously tracked in the
single camera view. This tracking process would then allow for efficient collection of the

extrinsic vehicle data, such as vehicle speed, and its arrival time.

To sum up, the preliminary object detection provides us the detailed vehicle image' I, its

Iwhich can be jointly represented by three matrix (i.e. matrix representation of digital image) as ex-
plained in Section 2.3.2.
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(a) (b)

Figure 3.1: (a) Background estimation; (b) Effect of object detection

associated arrival time ¢ and the vehicle spot speed v. Moreover, the normalized height of

vehicle image can be adopted for representing vehicle length L.

3.2.2 Feature extraction

Upon completion of object detection, various image processing techniques can be applied
on the object image for feature extracting. It is noted that different objects of interest
may lead to totally different features. As this study focuses on utilizing high-level IVS
for transportation analysis, the vehicle feature extraction would be our major concern.
Generally speaking, vehicle features can be divided into two groups, i.e. global feature
and local feature. The global features characterize the overall appearance of the individual
vehicle (e.g. vehicle color, length, and type), while the local features (which can also be
referred to as interest point features) describe the appearance at distinctive locations (e.g.

conners and T-junctions of front window of the car) in the vehicle image.

3.2.2.1 Vehicle color recognition

Vehicle color is one of the most essential features for characterizing vehicles. However,
recognizing vehicle color from a given image is not a straightforward task because color
may vary dramatically in response to illumination and weather changes. To overcome

this difficulty, the hue saturation value (HSV) color space model, which is believed to be
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illumination invariant (Back et al., 2007), is then utilized to represent the vehicle image.
In the HSV model, the hue and saturation values of a pixel remain almost constant un-
der different illumination conditions, making HSV representations more reliable and less

sensitive to lighting changes.

Vehicle color recognition is conducted in two steps. First, the general red-green-blue color
images (see Section 2.3.2) are converted into HSV color model-based images (Oleari et
al., 2013). Hue and saturation values are then exploited for color detection, and value
information is separated out from the color space. Second, a two-dimensional color his-
togram is formed to represent the distribution (frequency) of different colors across the
whole image. More specifically, the hue and saturation channels are divided into 36 and
10 bins, respectively. Thus, a color feature vector (C) with 360 elements is obtained (see
e.g. Figure 3.2 and Figure 3.3).
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Figure 3.2: Another example of vehicle color recognition
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Figure 3.3: Example of vehicle color recognition

3.2.2.2 Vehicle type recognition

Vehicle type feature also provides important information to describe a vehicle. In this part,
we adopt a template matching method (e.g. ) to recognize vehicle
type. This method uses L, distance metric to measure the similarity between vehicle image
and template images. Specifically, vehicles are classified into six categories. And for each

category, the corresponding template image is built for each lane.

In order to remove the useless color information while preserving the structural properties
of a vehicle image, we first convert the image from RGB style to gray scale (I). Then the
process of thresholding is fulfilled to subtract the background from the images (see Figure
3.4). Finally, the normalized similarity value for kth template image (T) is given by

M=

M
Z |I(m’n)_T(m’n)|2
S(k) = aT 3.1

,_.
Il
—_

where G denotes the maximum gray level (255); M and V' are dimensions of the template
images. Thus vehicle type S is a 6-D vector that consists of the similarity score for each

template (see Figure 3.5).

To sum up, a vehicle signature, i.e. X = {C, S, L}, is generated for each detected vehicle,

where C and § are the normalized feature vector and type (shape) feature vector, respec-

37



3.2 Single-camera analytics
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0.9164 0.7720 0.8138 0.7261 0.7464

Figure 3.5: Similarity score for each template

tively; L denotes the vehicle length. As mentioned previously, the associated arrival time
t and spot speed v are also obtained during the detection process. Therefore, the individual

vehicle record can then be represented as (¢, v, X). Table 3.1 summarizes the notations'

Iwhich are used throughout the thesis unless otherwise specified.

38



3.3 Multi-camera analytics

and the associated descriptions of the extracted vehicle data through IVS technology.

Table 3.1: Extracted vehicle data based on IVS

Notation \ Vehicle data description

Arrival time of the vehicle

Spot speed of the detected vehicle Extrinsic vehicle data

Normalized vehicle length
Color distribution in the vehicle image | Intrinsic global features
Type vector of the detected vehicle

hAQN|c ~

3.3 Multi-camera analytics

Since the video sensor networks in IVS could provide the real-time monitoring at discrete
locations (see Section 2.3), a further integration and analysis (i.e. multi-camera analyt-
ics) of these single-camera-information would allow for a more efficient network-wide

surveillance.

3.3.1 Object reidentification (ORI)

As one the most essential tasks in multi-camera analytics, object reidentification (ORI)
has received considerable attention during recent years. The basic idea, which is quite
straightforward, is to match objects of interest (e.g. pedestrians and vehicles) in different
camera views by only using the visual information extracted by single-camera analytics
( ). The underlying assumption of ORI is that the visual features (e.g. color,
length and type) of the observed objects in different camera views may remain unchanged.
By simply comparing these visual features (i.e. calculating the feature distances), the
matching results can then be obtained. In this sense, the selection of an appropriate feature

distance measure becomes critical for the development of ORI.

From the perspective of transportation analysis, the distance measure are specifically se-
lected based on the vehicle features (i.e. color, length, and type). Let (X7, X jD ) denote

a pair of vehicle signatures respectively observed at upstream and downstream stations,
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3.3 Multi-camera analytics

where X" = {C, S/, L} and X = {CP, SP, L?} are upstream and downstream vehi-
cle feature data (see Table 3.1), respectively. For a pair of color feature vectors (CV, C jD )",
the Bhattacharyya distance ( ), which has been widely used in research
of feature extraction ( ) and image processing ( ), 18

employed to calculate the degree of similarity between these two histograms®, i.e.

360 172
dcolor(i’j) = [1 - Z C,U(k)CjD(k)] (32)
k=1

where k denotes the kth component of the color feature vector, and the value of d_,..(i, j)
ranges from O to 1. The L, distance measure is introduced to represent the difference
between the type feature vectors (S7, S7), i.e.

6
dypelis ) = D 1SV (k) = SP(K)] (3.3)
k=1

The length difference is given by
dlength(i’j) = |L1U - Lf)l (34)

Strictly speaking, the necessary camera calibration (normalization) should be performed
before the comparison between vehicle features. Different camera parameters (e.g. focal
length of camera, camera height and angle of camera view) may potentially lead to dif-
ferent properties of video record. In this thesis, however, the author would not explicitly

explain the camera calibration process for several reasons:

* The freeway in Bangkok, Thailand is equipped with Autoscope system, of which the
cameras follow the standard configuration (i.e. same intrinsic parameters, camera
angles and heights). Therefore, we did not strictly follow the normal calibration pro-
cedures. Instead, we are more concerned with the normalization of vehicle features

across different cameras.

» With respect to the detailed vehicle features (e.g. color, type and length), the nec-

essary normalization is carried out in the study:

I'The vehicle feature C is a 360-D vector (see Section 3.2.2.1).
2Since color histogram is robust to change in camera viewing angle and to partial occlusion, the differ-
ence between vehicle colors can be quantified by directly comparing the histograms (

).
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3.3 Multi-camera analytics

— As color histogram is robust to change in camera viewing angle and to par-
tial occlusion ( ), the color normalization is not

necessary.

— To normalize the vehicle type vector, the template vehicle image is indepen-
dently built up for each camera (see Section 3.2.2.2). Therefore, the camera

angles and heights would not affect the type vectors (theoretically speaking).

Based on the aforementioned distance measures, one may make the final matching de-
cision in an "optimal" way (e.g. minimum feature distance). As illustrated above, ORI
attempts to match objects solely based on the visual features, which may not be practically
applicable when the feature information change dramatically due to the pose variations
and environmental changes (e.g. illumination changes). Also, the large candidate set to
be matched could impose a heavy burden on the computational resources (e.g. massive
computation of the distance measures). In this sense, the preliminary investigation of ORI
based on the visual features should be further integrated with spatial and temporal rea-
soning (e.g. time window constraint, prior knowledge on the activity model) at the later
stages to reduce the size of the candidate set and improve the overall computational ef-
ficiency. As a direct application of ORI, the problem of people reidentification (PRI')
has been well-studied due to the increasing demand for video surveillance in public areas
where pedestrians are the objects of interest. In what follows, a brief review on PRI is

presented.

3.3.2 People reidentification (PRI)

As the name suggests, people reidentification (PRI) focuses on matching pedestrians across
different cameras. Compared with the other objects of interest (e.g. vehicles), the pedes-
trians may have more "distinctive" features, such as clothes, shape, and facial features,
which could potentially lead to a higher matching accuracy. Therefore, a large amount
of studies (e.g. ; ; ;

; ) have been conducted to re-identify people by simply

borrowing the idea from ORI (i.e. comparing the associated appearance-based features).

However, it is noted that the above-mentioned studies on PRI only utilized the visual

'which can also be viewed as an improved version of ORI
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feature observed in the single-camera. In real-world application, the individual may walk
randomly in public areas, which makes it difficult and challenging to predict where and
when the same person will appear in the next camera. This phenomenon imposes a great
challenge on the matching process that solely based on visual feature. In this case, the
essential spatial (i.e. where) and temporal (i.e. when') reasoning is required such that the
candidate set can be pruned and consequently the matching accuracy could be improved.

utilized the social force model to simulate the desire of
people traveling to specific interest point/camera station (which can be classified as spatial
reasoning), while introduced kernel density estimators to estimate the
probability of the objects arriving at the next camera station with a certain travel time
(which could be classified as temporal reasoning). By employing the spatial and temporal
constraints, the improved PRI is expected to outperform the ORI that solely based on the

appearance comparison.

Since PRI is mainly designed for the safety and security in public areas, the matching ac-
curacy of the system would be of utmost importance. As a variant of PRI, the vision based
vehicle reidentification (VRI) was originally designed to match the vehicles across differ-
ent cameras such that the associated travel time can be collected. Although vision based
VRI and PRI may share some common features such as visual appearance comparison and
time window constraints ( ), there are still several major differences be-
tween them. In Section 3.4, a preliminary comparison between VRI and PRI is conducted,
and two possible research directions of the development of VRI for dynamic travel time

estimation are pointed out.

3.4 Vehicle reidentification: A variant of PRI

In this section, we will clarify the major differences between the classical PRI mentioned
in Section 3.3.2 and the VRI system we intend to propose in this study. As explained
previously, PRI systems are specifically designed for public safety and security and, con-
sequently, the matching accuracy of the individual pedestrian would be the major concern.
On the other hand, the ultimate goal of the development of VRI systems is to estimate the

dynamic travel time on freeway.

'Time window constraint
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3.4 Vehicle reidentification: A variant of PRI

In principle, the high matching accuracy of the individual vehicle could eventually lead to a
reliable travel time estimator. In light of this, improving the matching accuracy would still
be a possible research direction of the development of VRI system. The methodologies
utilized in PRI (e.g. feature comparison, spatial and temporal reasoning mentioned in
Section 3.3.2) are also readily applicable to VRI. However, it is worthwhile to notice that

the matching accuracy of RPI is usually higher than that of VRI system for several reasons.

« First, in comparison with vehicle features (e.g. color, length, type), the visual fea-
tures of pedestrians (e.g. color, shape, and facial feature) are more "distinctive"!,
which allows for a better matching accuracy of PRI. With regard to VRI systems,
the mismatches are inevitable due to the potential noise (e.g. image blurry caused by
long-distance transmission) involved in data collection and the non-uniqueness of
the vehicle features. As shown in Figure 3.6, a large number of vehicles may share
similar features, which imposes a great challenge on the development of associated

matching method.

b

Downstream vehicle

I "
- W)

Candidate vehicle set to be matched

Figure 3.6: Similar vehicle feature

» Second, compared with pedestrians, vehicles tend to travel at a much higher speed,
which could potentially result in larger variety of the travel time and, consequently,

yield a larger candidate vehicle set to be matched. Based on our experiments, the

!'To some extent, the visual features can be viewed as unique (i.e. facial features).
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size of the candidate vehicle set would increase dramatically when the traffic condi-
tion changes from free flow to congested (i.e. dynamic situation). And accordingly,
the matching accuracy of VRI system is expected to decrease significantly regard-
less of the matching methodologies used (see Chapter 7). Therefore, additional data
processing is required to improve the performance of VRI in terms of mean travel

time estimation under dynamic traffic conditions.

From the viewpoint of travel time estimation, the high matching accuracy, however, is
sufficient but not necessary for obtaining reliable travel time estimates. A suitable post-
processing (e.g. thresholding and sampling) technique would allow us to select those
vehicles with "distinctive" features, which can then be "accurately" reidentified. To han-
dle the dynamic traffic conditions, the flexible time window constraints (i.e. temporal
reasoning) are also required such that the VRI system can adapt well against the potential
traffic changes. To sum up, the second research direction of the study would be to furnish
the basic VRI! with additional post-processing component and self-adaptive time window

constraint for travel time estimation purpose.

3.5 Conclusion remarks

Following the two research directions illustrated in Section 3.4, two separate but closely
related tasks, namely the development of VRI under static and dynamic traffic conditions,
have been performed in this study. Figure 3.7 shows the overall thesis architecture focus-
ing on demonstrating the mutual dependencies and the logical connections between the

three parts in the thesis.

As the building blocks of this study, intelligent video surveillance systems provide the
real-time traffic data, which are essential for the further development of VRI systems.
Single camera analytics allows for the efficient vehicle detection and feature extraction,
whereas the multi camera analytics is responsible for the preliminary feature comparison

(e.g. feature distance calculation).

The first pillar of this study follows the traditional method for developing VRI system,

Iwhich focuses on improving the vehicle matching accuracy, and is applicable under static traffic con-
ditions
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Figure 3.7: Thesis architecture demonstrating the mutual dependencies and the logical con-
nections between the three parts

which focuses on improving the vehicle matching accuracy. Basic vision based VRI sys-
tem has been developed by the statistical fusion of various vehicle features (Chapter 4).
Due to the capability of efficient vehicle tracking in the freeway system, the basic VRI

subsystem is then revised and improved for incident detection purpose (Chapter 5). In
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3.5 Conclusion remarks

this case, the high matching accuracy of basic VRI system is beneficial to the prompt
and accurate detection of traffic incidents under free flow conditions. To further improve
the matching accuracy when there are multiple detectors along the freeway, the hierarchi-
cal Bayesian model is proposed (Chapter 6). Note that the aforementioned VRI systems
are designed under static traffic conditions, which suggests that they are only applicable
during a short/stable time period.

The second pillar of this study concentrates on improving the self-adaptivity of the basic
VRI in response to the dynamic traffic conditions. A novel iterative VRI system with
temporal adaptive time window constraints is proposed to capture the traffic dynamics in
real-time (Chapter 7). The additional iterative process together with the post-processing
technique is introduced to achieve reliable travel time estimates under non-predictable
traffic condition (e.g. traffic incident). A further improved iterative VRI system with
spatial-temporal adaptive time window is specifically designed for the freeway system
with multiple detectors (Chapter 8). By utilizing the traffic information (e.g. spatial in-
formation) from different pairs of detectors, we may obtain a more reliable time window

constraint under traffic demand and supply uncertainties.

Resting on these two pillars, the so-called self-adaptive VRI system could be developed

for dynamic freeway travel time estimation.
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Part 11

VRI system under static traffic

conditions

47



Chapter 4

Basic vision-based VRI system

This chapter aims to propose a probabilistic vehicle reidentification algorithm for estimat-
ing travel time using the video image data provided by traffic surveillance cameras. Each
vehicle is characterized by its color, type, and length, which are extracted from the video
record using image processing techniques. A data fusion rule is introduced to combine
these features to generate a probabilistic measure for reidentification (matching) decision.
The vehicle matching problem is then reformulated as a combinatorial problem and solved
by a minimum-weight bipartite matching method. To reduce the computational time, the
algorithm also utilizes the potential availability of the historical travel time data to define

a potential time-window for the vehicle reidentification.

This probabilistic approach does not require vehicle sequential information and, hence,
allows vehicle reidentification across multiple lanes. The algorithm is tested on a 3.6-
km-long section of the freeway system in Bangkok, Thailand. The travel time estimation

result is also compared with the manual observation data.

4.1 Introduction

Travel time is widely recognized as one of the best indicators of the quality of traffic
facilities as it is easy for both the transportation engineers and the travelers to understand.

However, travel time estimation is still a challenging issue. Traffic detectors can estimate
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4.1 Introduction

traffic information at discrete points, but the detectors can not provide information about
the link between detectors, which means that the travel time cannot be measured directly.

also pointed out that the estimates from point detection of average speeds
are inaccurate when it comes to congested traffic conditions. Under this circumstance,
vehicle reidentification method may be a promising way to infer travel time between two

point detectors.

Generally speaking, vehicle reidentification is the process of matching vehicle signatures
from one point detector to the next one in road network. Once a vehicle detected at one
sensor is re-identified (i.e. matched) at another point, the travel time of the vehicle is
simply the difference between its arrival times at two consecutive detectors. In this case,
two key issues need to be considered during the development of an effective vehicle rei-
dentification system: first, a suitable traffic detection system that allows the accurate and
efficient extraction of traffic data is needed; second, a robust algorithm, which aims at

improving the vehicle matching accuracy, must be developed.

With respect to traffic detection system, various technologies have been investigated such
as image-based sensors, Bluetooth-based sensors, magnetic sensors, and inductive sig-
nature systems. Because of the worldwide deployment of inductive loop sensors, many
studies focused on re-identifying vehicles using the measurements from loop detectors.
explicitly compared vehicle lengths derived from loop de-
tectors. The length measurement resolution, however, largely depends on the vehicle ve-
locity and sampling rate of loop detector. Thus it would be impossible for single loop
detectors to measure the lengths of most passenger vehicles accurately under free flow
condition. To compensate for this, tried to only re-
identify those vehicles with distinct length measurements (i.e. the long vehicles).
performed vehicle reidentification by utilizing the sensor waveforms from
inductive loops. The waveforms are first transformed to be speed invariant based on the
assumption that the vehicle speed is constant. Thus the measurement would be rather un-
reliable if a vehicle were accelerating or decelerating when it crossed the loop detectors.
Some researchers also investigated the feasibility of a vehicle reidentification scheme us-
ing the data from magnetic wireless sensors. extracted the vehicle
signatures from the peak values of magnetic signal and the peak values are independent
of vehicle speed. Although this approach is relatively reliable, it requires the deployment
of a magnetic sensor at each lane, and hence monitoring a complete intersection is expen-

sive. An automatic license plate number reader system that provides the unique license
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number for each vehicle ( ), could make the reidentification problem
trivial. However, this technique may not be applicable in some cases because of privacy
concerns and technical limitations in image processing. estimated
travel time by utilizing the emerging Bluetooth detection technology. Since the Bluetooth
sensor would generate a unique 48 bit media access control (MAC) address for the vehi-
cle containing a Bluetooth device, the vehicle reidentification can be easily performed by
matching the MAC addresses. Although this technology appears promising for travel time
estimation, it requires an efficient deployment of in-vehicle Bluetooth devices. An alter-
native detection system is intelligent video surveillance system (IVS"). In this chapter, we

aim to investigate the feasibility of utilizing IVS for the development VRI system.

A variety of well-studied vehicle reidentification algorithms exist that can be broadly di-
vided into distance-based methods and probabilistic methods. Distance-based methods
incorporate distance measures (e.g. Bhattacharyya distance’ and L, distance) to repre-
sent the similarity between each pair of vehicle signatures, and then an upstream vehicle
is matched to the most "similar" downstream vehicle (i.e. the vehicle with the minimum
vehicle signature distance). These approaches, however, have several weaknesses. First
and most significantly, the vehicle signature derived from the detector is not unique, and
hence the distance measure can not really reflect the similarities between the vehicles.
Second, it is unavoidable that traffic data contain potential noise, and thus uncertainty
from the vehicle signatures must be considered. To overcome these limitations and im-
prove the matching accuracy, some studies tried to reidentify a platoon of vehicles rather
than an individual vehicle. compared the lengths of vehicle platoons at
the consecutive detectors based on the assumption that platoons of five to ten vehicles do
not change lanes. utilized the data fusion technique to combine the mea-
surements from various traffic detectors and built one single similarity score to reidentify
vehicle platoons. However, these last two methods would not be applicable in the presence
of vehicles that change lanes frequently. In probabilistic approaches, the vehicle signa-
ture is treated as a random variable, and a probabilistic measure is incorporated for the
reidentification decision. proposed a probabilistic model to reiden-
tity vehicles with a maximum posterior probability. Their approach, however, is limited

to the case with only one lane arterial, and assumed no overtaking between vehicles.

This chapter presents a probabilistic vehicle matching approach to estimate the travel time

A detailed introduction of IVS can be found in Section 2.3.
2Equation (3.2)
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distribution from video image data (i.e. basic vision-based VRI system). The method
extends the probabilistic framework for vehicle reidentification illustrated by

to a more general case in which overtaking between vehicles as well as the
reidentification across multiple lanes are both allowed. Since various vehicle features
such as color, shape and size could be derived from the video image data using image
processing techniques, a probabilistic fusion technique of vehicle features is introduced to
provide a probabilistic measure (i.e. posterior probability) for reidentification decision.
The vehicle reidentification method illustrated in this chapter is performed in two stages.
In the first stage, a probabilistic measure based on probabilistic data fusion technique is
introduced to evaluate the likelihood of a vehicle being matched with the other vehicles
given their feature distances. In the second stage, a bipartite matching method is adopted to
solve the vehicle reidentification as an assignment problem. The study also evaluates the
performance and accuracy of the probabilistic reidentification approach using the video

record data of a section of the expressway system in Bangkok, Thailand.

The rest of the chapter is organized as follows. Section 4.2 presents the overall framework
of basic VRI system using intelligent video surveillance technology. The description and
analysis of the vehicle reidentification methodology are proposed in the following two
sections (i.e. Section 4.3 and Section 4.4). Some test results regarding travel time esti-
mation and reidentification accuracy are discussed in Section 4.5. Finally, we close this

chapter with the conclusions (see Section 4.6).

4.2 Overall framework of the travel time estimation sys-

tem

This section presents the overall framework of the vision-based basic VRI system. Since
the travel time for each vehicle is simply the difference between arrival times at two con-
secutive sites, the success of our estimation system lies in the effectiveness of data collec-
tion (e.g. vehicle detection and feature extraction explained in Section 3.2) from intelligent

video surveillance technology and the robustness of vehicle reidentification algorithm.

The test site of our system is a 3.6-km section of the closed three-lane expressway system
in Bangkok, Thailand, as shown in Figure 4.1. At each station a gantry-mounted video

camera using upstream viewing functions as a traffic detector and two hours of video
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Figure 4.1: Test site in Bangkok, Thailand.

record data were collected between 10 a.m. and noon on March 15, 2011. The frame rate
of the video record is 25 FPS, and the still image size is 563 X 764.

Various traffic data such as vehicle color, type and length could be extracted from the
video record data (i.e. single-camera analytics). Traffic data collection from video im-
age data involves two main steps. First, the raw video record is digitized and stored in
the computer (i.e. low-level image processing explained in Section 2.3.2). Background
estimation technology is then utilized to detect the moving object (i.e. individual vehi-
cle) from the video. The still image regarding the individual vehicle is stored for further
application. Second, myriad image processing techniques such as equalization and tem-
plate matching are performed on the vehicle images to extract the feature vectors. Upon
completion of the traffic data collection, the length, color, and type feature vectors are
obtained for each vehicle. The probabilistic formalization of the vehicle reidentification

problem is described in detail below.

Consider a multi-lane link demonstrated in Figure 4.1. Let U = {1,2, ..., N} denote the
N vehicles crossing the upstream site during a time interval. D = {1,2,..., M} is a set
of candidate downstream vehicles that are selected within a predefined time window (this
action is discussed in Section 4.3.1). Let X IU = {CiU, Sl.U , LIU} denote the signature for
the ith upstream vehicle, where C" and SV are the normalized color feature vector and
type (shape) feature vector, respectively. LY denotes the normalized length of vehicle i.
Accordingly, X JP = {C?, SJ.D , LJD } represents the signature for the jth downstream vehi-
cle. For each pair of signatures (X7, X J.D ), distance measures are incorporated to represent

the similarities between the feature vectors (see Section 3.3). Thereby the difference be-
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tween the two signature sets XV and X? could be represented in the form of three N x M

distance matrixes, i.€. Deojors Diype AN Diepgin-

type
In other words, the vehicle reidentification problem is to find the corresponding pairs be-
tween upstream vehicle set U and downstream set D. Herein we introduce the assignment

function y between the sets of U and D using the definition

{12, N} > {1,2,..., M}
v i-j, i=12,...,N, j=12,....M

where y (i) = j indicates that upstream vehicle i is the same as downstream vehicle j.
In practice, it is necessary to deal with complex situations in which the upstream vehicle
does not necessarily correspond to any downstream vehicle. Due to the detection error of
the IVS system or some other reasons (e.g. the existence of on/off-ramps), the upstream
vehicle i may not be detected at the downstream site. In this case, the assignment function

v is modified as follows:

4.1)

(L2 N) > (L2, M. 1)
v i-j, i=12,...,N, j=12,....M,7

where y (i) = 7 means that upstream vehicle i does not match any downstream vehicle.
Therefore, the vehicle reidentification problem is equivalent to finding the assignment

function y based on some decision rules.

In this research, the maximum a posterior probability (MAP) rule is used to estimate the
assignment function. The optimal solution to the vehicle reidentification problem is then
given by

w* = argmax P (Wcholor’Dtype’ Dlength) (4.2)

W
A two-stage method for problem (4.2) is adopted. First, a probabilistic data fusion rule
is introduced to estimate the posterior probability of an assignment function y being the

ground truth, i.e. P(W|Dqoiors Diype> Diengmn)- In the second stage, the reidentification prob-

type>
lem is formulated and solved by the bipartite matching method.

Figure 4.2 depicts a block diagram for the implementation of the basic VRI system. Note
that the traffic data acquisition component, which can also be referred to as the high-level
intelligent video surveillance, has already been discussed in Chapter 3. In what follows,

the vehicle signature matching method is explained in detail.
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Figure 4.2: Overall framework of travel time estimation system.

4.3 Probabilistic fusion of vehicle features

This section presents a probabilistic fusion strategy to integrate information from multi-
ple vehicle features (e.g. color, type and length). Three individual statistical models are
constructed corresponding to the three feature distances. Bayesian rule is then employed
to generate a posterior probability of the assignment function y from the feature distance

matrix (i.e. P(W|Deoior» Diypes Diengtn) )- In the concluding step the three posterior proba-

type>
bilities are fused for the final vehicle reidentification (i.e. data fusion).

4.3.1 Time window constraint

Before proceeding to consider the vehicle features fusion strategy, it is necessary to ex-
plain the concept of time window constraint, which has been commonly utilized in the
existing VRI systems. As demonstrated in Section 4.2, three feature vectors regarding the
individual vehicle are extracted. To quantify the difference between each pair of upstream
and downstream vehicle signatures, i.e. the difference between XU = {CY, S, LY} and
XP ={CP, 8P, L7}, several distance measures (e.g. Bhattacharyya distance and L, dis-
tance) are then incorporated and the associated vehicle feature distances (i.e. dg,. (i, j),
diype(is j) and d,,0, (i, j)) can be calculated on the basis of Equations (3.2), (3.3), and (3.4).
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However, in practice, it is unnecessary to compute the distances between all pairs of up-
stream and downstream vehicle signatures. A time window constraint, which sets the
upper and lower bounds of travel time, is introduced to rule out the unlikely candidate

vehicles and improve the overall computational efficiency.

Given an upstream vehicle i, the available historical travel time is used to define a time-
window for it. This time-window constraint is used to identify the potential matches for
vehicle i and rule out the vehicles with unreasonable travel times at downstream site.
Specifically, the set of potential matches at downstream site for vehicle i is defined as
follows

D, = {jlt] +tn <17 <1 +1 4.3)

max }

where 7, and ., are the minimum and maximum vehicle travel time based on the histor-
ical data; ¢V and tf denote the arrival time at upstream and downstream site, respectively.
For a sequence of upstream vehicles U = {1,2,..., N}, the set of the candidate down-
stream vehicles is given by

(4.4)

max }

D= (It + 1, <10 <% +1

Having selected the downstream set D = {1, 2, ... M }, to each pair of signatures (X ,U , X jD )

the feature distance {d ., (i, j), diype(i, J)s diengn (i, J)} can be assigned, obtaining three

type
N X M distance matrices D, Iglzype and Dyeyep- Since the scales and distributions of
feature distances are unlikely to be the same, the three distance matrixes can not be com-
bined directly using linear combination method ( ). To overcome this prob-
lem, the authors propose a probabilistic data fusion approach to integrate information from

multiple vehicle features.

4.3.2 Probabilistic modeling of feature distance

We start with the introduction of a statistical model which allows the probabilistic de-
scription of feature distance. Without loss of generality, we only describe the probabilistic
modeling of color feature distance.

For each pair of color feature vectors (CZ.U, DJD), the distance measure d

color(i> ) 1S as-

sumed to be a random variable. We also assume that conditional on knowing the ground
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truth y, {d (@, j),i = 1,2,...,N,j =1,2,..., M} are independent of each other. The
conditional probability of d_,,,(i, j) is then given by

. Pl ) iy =)
d , = 4.5
Pl D) {pz(dcolm(i,j» ity E) o wiy=r

where p, and p, are two probability density functions (pdf). p, denotes the pdf of obtaining

distance d., (i, j) when color feature vectors C; and D, belong to the same vehicle, while

color

p, 1s the pdf of obtaining distance d_,.,(i, j) between different vehicles.

color
Based on the independency assumption, the likelihood of obtaining the feature distance

matrix D, allows the following factorization:

N M N M

PPeoiorl¥) = [T T 2@eorori- DIv) = [T ] 2(eoiori- DIw () (4.6)
=1 =1

i=1 i=1

From Equation (4.5), we have

p (dcoor(i’j)) M . . . ..
; Hp2(dc010r(l’k)) lfllj(l) =J.J= 1,2,...,M

M . .
] p(deoroni. DIw (i) = Ig(dcolor(w)) i
<1 kl:[1 Po(d 1, (i, K)) ) = 1

.. Py (dcolor(i’ -])) M . . M .
Let Acolor(l’ .]) - — L. H p2(dcolor(l, k)) and A’COIOI'(Z’ T) = H p2(dcolor(l» k))’ then
pZ(dcolor(l’ J)) k=1 k=1

we may have

M .
) ) Acotor(s J) ify(i)y=j,j=12,.... M
I I d .1 = . 4.7
1 p( color(l )lll/(l)) { ﬂcolor(l‘, ’L') lf l[/(l) - ( )

By substituting Equation (4.7) into Equation (4.6), we may calculate the pdf of obtain-
ing the color feature distance matrix. Similarly, we could also construct the probabilistic
models for the type feature distance and length feature distance. Since the calculation
of the likelihoods largely relies on pdfs p, and p,, the estimation of the pdf's statistical

distribution is required.
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4.3 Probabilistic fusion of vehicle features

4.3.3 Probability distribution estimation

Here we are mainly concerned with the estimation of pdf p, and p, for the color feature
distance. Due to the complexity and flexibility of the probability distribution, we utilize
finite gaussian mixture model (e.g. ) to approximate p, and p,.

In gaussian mixture modeling, the pdf p, can be written in the form

2 2
pZ(dcolor) = Z ”kgk(dcolor; ek’ Gk)’ Z T = 1 (48)
k=1

k=1

where g, (d 0., 0,) 1s the kth component gaussian density function, 6, and o, are the

color?

mean and standard variance, respectively. x, denotes the weight associated with the kth

component.

Collecting reliable training sample is a major challenge for estimating the unknown param-
eters {(m;,0,,0,), k = 1,2}. In this study, the ground-truth matches (i.e. actual matching
result) were verified by the human operators viewing the video record frame by frame,
and a training dataset that contains a number of pairs of correctly matched vehicles is built

up. From this dataset we could obtain the feature distances (e.g. d_,,.) between the cor-

color
rectly matched and mismatched vehicles, respectively. Then we apply the well-known
Expectation Maximization (EM) algorithm (e.g. ;

) to solve the parameter estimation problem.

As shown in Figure 4.3, pdfs p, and p, are estimated by fitting gaussian mixture model to

a training dataset which contains 449 pairs of correctly matched vehicles.

4.3.4 Calculation of posterior probability

From the estimates of the likelihood, the posterior probability of the assignment function
y being the ground truth, i.e. P(y/|Dgjor» Diyper Diengin)» could be calculated directly. By

applying the Bayesian rule, we have

p(Dcolor’ Dty e’ Dlen thll//)P(W)
P(Wcholor’ Dtype’ Dlength) = L - (49)
p(Dcolor’ Dtype’ Dlength)

57



4.3 Probabilistic fusion of vehicle features

2 . 10001 25

D2 | I Frequency
D1 I Frequency 8ooor — pof

30 — pdt 16

60001

Frequency
pdf
Frequency

40001

20001

0 0
o L - o2 03 o = 22 -02 0 02 o4 05 08 1 12
Feature distance (deor0r) Feature distance (dcotor)

Figure 4.3: The pdfs p, and p, estimated by gaussian mixture model

where p(Deoiors Diypes Diengtn W) 18 the likelihood function; P(y) is the prior knowledge

type>
about the assignment function without observing the detailed vehicle feature distances.
Based on Equation (4.9), it is easily observed that the calculation of the posterior proba-
bility is dependent on the deduction of the likelihood function and the definition of prior

probability (i.e. P(y)).

In the following we discuss the definition of the prior probability P(y). With the inde-

pendency assumption, we have

N
Py) =[] Pawan (4.10)
i=1

Foreachi € {1,2,..., N}, P(y(i)) is a discrete probability distribution and the random
variable y (i) can only take on the values j = 1,2,..., M and 7. P(y (i) = j) denotes the
probability that upstream vehicle i matches downstream vehicle j, whereas P(y (i) = 7)
is the probability that vehicle i does not match any downstream vehicle. In this study,
we use the continuous historical travel time distribution f(-) to approximate discrete prior
probability P(y(i)). Given a pair of vehicles (i, j) and their arrival time difference #(i, j),
if the values of f(#(i, j)) is sufficiently large, then we are more willing to believe that

vehicle i matches vehicle j (this is also referred to as the prior knowledge).

The remaining part is then to use f(¢(i, j)) to approximate P(y(i)) such that it satisfied
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4.3 Probabilistic fusion of vehicle features

the definition of discrete probability definition, i.e.
M
2 Py =j+Pyi)=1)=1
j=1

Py(i)=1) =«

(4.11)

where « is the pre-defined probability that vehicle i does not match any candidate vehicles.
As explained in last paragraph, we also believe

Ply() =j) _ @G, J)
Pw(i)=k)  f(tG, k)

Vj,ke{l,2,...,M} (4.12)

By simple mathematical manipulation, we may obtain the following equations regrading

the prior probability.
(1-x) u
Py()=)) = f@@ ), j=12, M5 n= ) fG,) (4.13)
j=1
Ply(iy=1) = « (4.14)

It is noted that the definition of the prior probability varies with different strategies and
application scenarios. After all, prior probability stands for the prior knowledge (or "opin-
ion") on vehicle matching. Different people may have totally different "opinions" regard-
ing the matching result.

4.3.5 Data fusion rule

Since the ultimate goal is to calculate the posterior probability P(w|D oo Diypes Diength)
in Equation (4.9), a data fusion technique is then required to combine the multiple vehicle

features such that the joint probability density function p(Dcgiors Diypes Diengtn W) could be

type>
inferred. Assuming that the observed feature distance matrixes are conditionally statisti-

cally independent, we may have

p(Dcolor’ Dtypea Dlength |W) = p(Dcolorll//)p(Dtype |W)p(Dlength | W) (4 1 5)

where p(Dojor ) P(Diypely), and p(Dieng [w) are the likelihood functions of observing
each feature distance matrix (see Section 4.3.2). Due to its theoretical simplicity, Equa-

tion (4.15), which is also referred to as the product rule ( ), has been
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4.3 Probabilistic fusion of vehicle features

widely used in research of data fusion. To further indicate the degree of contribution of
each probability measure, the logarithmic opinion pool (LOP) approach (e.g.

; ) is applied in this study. The LOP is evaluated as
a weighted product of the probabilities and the fusion equation is given by

1 «
p(Dcolor’Dtype’ Dlengthll//) = 7 p(Dcolorll//) p(Dtype|W)ﬂp(@length|l//)y’
LOP

a+pf+y=1 (4.16)

where a, f and y are the fusion weights of the feature distances, which can also be cal-
ibrated from the training dataset; Z, , is the normalizing constant. One important and
desirable property of the LOP rule is that zeros in the logarithmic opinion pool are vetoes;
i.e. if any likelihood function of the feature distance is close to zero (€.g. p(Dyypelw) = 0),
then the overall likelihood is also zero (i.€. p(Deoiors Diype> Diengn W) = 0) regardless of the
likelihoods of other two feature distances. To be more specific, a low matching likelihood
of one vehicle feature will lower the overall matching probability, which could eventually
come to a conclusion that vehicle i cannot be matched to vehicle j. This behavior of the

data fusion approach is exactly what we are expecting.

By substituting Equations (4.13), (4.14) and (4.16) into Equation (4.9), we have

p(Dcolorll//)ap(Dt ellp)ﬁp(Dlen thll//)yp(l//)
P(Wlpcolow Dtype’ Dlength) = el < (4 1 7)
ZLOP p(Dcolor’ Dtype’ Dlength)

Therefore the optimization problem (4.2) can be reformulated as follows:

I’Ilv?.X p(Dcolor | lI/)ulp(‘Z)type | W)ﬂp(Dlength | l//)y P(W) (4 1 8)

In practice it is more convenient to work with the negative logarithm of the objective

function in problem (4.18), i.e.
mu}n[—a ln(P(Dcolorll//)) - ﬁ ln(P(Dtype|W)) -7 ln(P(Dlength|W)) —In P(W)] (419)

On the basis of Equations (4.6) and (4.7), the term In(P (D, |w)) in Problem (4.19) can
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4.3 Probabilistic fusion of vehicle features

be expressed as follows:

i

IN(P(Deoior¥)) = D) D I(Aegronis 7N (i) = j)
J

(4.20)
+ ) I0(gioris 28w (i) = 7)

where 6(+) is the indicator function, and 6(y (i) = j) = 1 if upstream vehicle i matches
downstream vehicle j. Likewise, the terms In(P(Dyy.|y)) and In(P(D)epen |w)) can also
be obtained, and In P(y) is given by

1—
In(P(y)) = Z z ln(( nK)f(t(i,j)))5(w(i)=j)+ Z In()é(w () =7)  (4.21)
i i

i

By replacing the terms in Problem (4.19) with Equations (4.20) and (4.21), we obtain the

following optimization problem:
i L, J))o(w (i) =j)+ L, T)o(w (i) = 4.22
min Z Zj: @ (i, )3 (i) = j) Z @ (i, )W (i) = 7) (4.22)
where w(i, j) and w(i, 7) are the associated coefficients defined as follows:

w(i,j) = — aln(Ag, (i, ) = FIn(Ay, (i, /) = 7 In(Aingn (7 /)

u ; ) £t )

— In(

@ (i, 7) = =@ IN(Aegioris 7)) = BIN(Aypeis 7)) = ¥ Ay (i 7)) — In(k)

Vehicle reidentification problem (4.22) is an unconstrained combinatorial optimization
problem. The solution to Problem (4.22) might not be feasible in practice. For example,
two different upstream vehicles may be matched to the same downstream one. In this case,
some constraints should be introduced to guarantee a feasible solution, and a polynomial-
time algorithm is required to solve the constrained optimization problem. The next section

presents a bipartite matching method for Problem (4.22).
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4.4 Bipartite matching method

In this section a weighted bipartite graph representation for the feasible solution set of
the Problem (4.22) is proposed, and a well-known polynomial-time method based on

minimum-weight bipartite matching is also discussed.

4.4.1 Reduction to a weighted bipartite graph

We now consider a bipartite graph G = (U, D, E) (see Figure 4.4) whose vertices can
be divided into two disjoint sets U and D such that every edge connects a vertex in U

to one in D. Given the two sets of vehicles U and D, a weighted graph representation

Figure 4.4: Bipartite graph representation

G = (U, D, E) can be constructed as follows: thenodes inset U, indexedbyi =1,2,... N
denote the vehicles at the upstream site, whereas the first M nodes in set D denote the
vehicles at the downstream site and the next N nodes are the "dummy" vehicles. Each edge
e(i,j),i=1,...,N;j=1,..., M, corresponds to a potential match between the upstream
vehicle i and the downstream one j. The edge e(i, j),i =1,...,N;j=M+1,..., M+ N,
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4.4 Bipartite matching method

indicates that upstream vehicle i does not match any downstream vehicle'. The weight

associated with each edge is defined as follows:

j)  i=12.. . N:ij=12...M
w(i,j)={ @by / (4.23)

w(i,7) i=1,2..,N;j=M+1,....M+N

Obviously, the graph structure arising in such a case is capable of representing the con-
straints on the vehicle matching problem (e.g. ; ). In
practice, the matching allows no duplicate, which means that each vehicle can only have,
at most, one matched vehicle at downstream site. This bipartite graph matching is consid-

erably simpler, and can be solved in polynomial time.

4.4.2 Formulation as a minimum-weight bipartite matching problem

By substituting Equation (4.23) into Problem (4.22), the optimization problem can be

reformulated as follows:

N M+N

min 3 > (i )sw() = j) (4.24)
i=1 j=1

st s(p(i)=j)€{0,1}, Vie{l,2,....,N},je{l,2,....M+N}  (4.25)
M+N
D swi)=j)=1, Vie(l,2,..,N) (4.26)
j=1
N
Y swi)=j)<1, Vje({l2,...M+N} (4.27)
i=1

Objective (4.24) is to minimize the overall weight in the bipartite matching graph. Con-
straint (4.25) ensures that the 6(-) are indicator variables (i.e. binary integers). Constraint
(4.26) requires that an upstream vehicle must be matched to a downstream vehicle or a
dummy vehicle (see Figure 4.4), whereas Constraint (4.27) guarantees that an downstream

vehicle, can have, at most, one matched upstream vehicle.

"Note that this situation may arise when the freeway segment has on/off-ramps. The vehicles detected at
upstream station may not necessarily arrive at downstream station. As there are no video cameras installed
at on/off-ramps, we use y (i) = 7 to represent this scenario (see Equation (4.1)). However, we show in Ap-
pendix 4.A that the bipartite graph representation can still be applied to this situation (i.e. freeway segment
with on/off-ramps under the surveillance of video cameras).

63



4.5 Test results

The constrained optimization problem described above is equivalent to a minimum-weight
bipartite matching problem: given the weighted bipartite graph G (see Figure 4.4), the
problem is solved by computing the max cardinality minimum weight matching (see Fig-

ure 4.5). The minimum-weight bipartite matching problem has been widely studied in the

Edge weight
1 2 oo - .en
i M +N
+ N > cen cen
: | N AN
1 | N 4 | N e N 7 |
2 i 1
1 |
| |
1
/ 1
o pmmenneenees oo, )i |
,,,,,,, |
i N | | |
: <:> W N ; »
1
| ® © ® o
1 M +N
N | | N

e e cee cee
Compute the max cardinality :>
minimum weight matching

M +N

Figure 4.5: Bipartite matching procedure

field of computer science and a wealth of algorithms has been developed for it (e.g.
; ; ). In this research, we adopt the
successive shortest path algorithm which is an efficient method for solving the bipartite

matching problem ( ), and the computation complexity is O(N>M).

4.5 Test results

In this section, the performance and accuracy of the basic vision-based VRI system is
presented. In order to validate the matching accuracy, the ground-truth matches were

determined by a human operator viewing the video record frame by frame.

Our system starts with the probability parameter estimation from the historical data. Here

we utilize a training dataset which contains 449 pairs of correctly matched vehicles to
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estimate the probability parameter as well as the historical travel time distribution (see
Figure 4.6(a)).

0.1 T T T T T 016 0.25

0.14F +0.014 manual (true)
I Frequen .
equency —+— Estimated
pdf 0.2F

0.151

Frequency
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Figure 4.6: Travel time distribution: (a) the pdf of historical travel time distribution; (b)
estimated and manual observed travel time distribution.

4.5.1 Travel time distribution

Upon completion of the vehicle detection, 574 vehicles are detected at upstream site in
10 minutes. By applying our vehicle reidentification method, 271 vehicles are correctly
matched, while 79 vehicles does not correspond to any downstream vehicle. Thus the
matching accuracy is 271/(574 — 79) = 54.75%. From the matched vehicles one could
obtain the travel time distribution. As shown in Figure 4.6(b), the measured travel time
histogram is computed directly from our system, while the manual observed distribution is
obtained by calculating the time differences between the 271 pairs of correctly matched ve-
hicles. To validate the reliability of our travel time estimation system, Root Mean Square

(RMS) error is applied as performance index. The equation of RMS error is given by:

2
= 0.2387 (4.28)

*
i i

RMS error = 1 Z

where n indicates the number of the bins of the histogram, Y; is the estimated frequency of
travel time and Y;* is the manual observed (true) frequency. The relative small RMS error
suggests that these two travel time distributions are "statistically" similar. In addition to

the RMS error, we could also obtain the differences between the two means and the two
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stand deviations:

difference between the two mean travel times: |175.2934 — 177.4331| = 2.1397 secs
difference between the two standard deviations: |30.7744 — 33.7277| = 2.9533

Based on these performance indices, we can draw a conclusion that our travel time esti-

mation system is reliable.

4.5.2 Performance of probabilistic feature fusion approach

Table (4.1) shows the performance of our vehicle reidentification algorithm for different
features, namely, color, type and length individually, as well as for the probabilistic fusion
cases. The first three rows indicate that the reidentification accuracy of color, type and
length, when used individually, is 36.04%, 23.58% and 17.39%, respectively. From these
results, we observe that the performance for color feature is much better than the other two
features. This is reasonable due to several reasons. First, the color information regarding
each vehicle is represented by a 360-dimensional vector. Thus our system is very sensitive
to the difference between vehicle colors. Second, although the vehicle length measure-
ment is accurate, it is not enough for us to distinguish the vehicle from others. Actually,
we can only re-identify those "long vehicles" when only the length information is used.
Third, due to the limitation of image processing techniques, the vehicle type recognition

is not so successful, which results in the low reidentification accuracy.

The last two rows in Table (4.1) show that the reidentification accuracy after fusion in-
creased to 48.57% and 54.75%, respectively. Therefore, we could observe that the prob-

abilistic fusion approach clearly outperforms other three vehicle features.

Table 4.1: Performance of Vehicle Re-Identification Algorithm Regarding Different Fusion
Weights

Color weight a ‘ Type weight g ‘ Length weight y ‘ Matching accuracy

1 0 0 36.04%
0 1 0 23.58%
0 0 1 17.39%
0.7143 0 0.2857 48.57%
0.4680 0.3062 0.2258 54.75%
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4.5.3 Vehicle reidentification across multiple lanes

As was previously mentioned, our system does not require vehicle platoon information to
perform reidentification. Therefore it can be applied across multiple lanes, which means
that the vehicles changing lanes can also be re-identified (see Figure 4.7). Among the 271

Upstream vehicle Corresponding downstream vehicle
\ ‘

L —

Lane3 Lane 1; Travel time: 187 365

Figure 4.7: Vehicle matching across multiple lanes

pairs of correctly matched vehicles, there are 63 pairs of vehicles changing lanes. From
the test result we can conclude that the number of lane changes amounts for 25% of the
traffic. Since the length of the test section of the expressway system is only 3.6 kilometers,
it can be expected that lane changes will become more frequent on certain longer sections
of the roadway. Thus, the development of an algorithm that allows reidentification across
multiple lanes is of great importance.
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4.6 Conclusion remarks

This chapter examines the fusion of vehicle features in a probabilistic framework for ve-
hicle reidentification and travel time estimation. Three feature vectors are extracted from
the video image data based on various image processing techniques. Since the vehicle
reidentification algorithm does not require lane sequence information, it can be applied to
re-identify vehicle across multiple lanes. The approach is tested on a 3.6-kilometer seg-
ment of the freeway system in Bangkok, Thailand. The overall reidentification accuracy
is about 54.75%. For travel time estimation purpose, the result shows that the travel time

distribution estimated by our system is reliable.

For the proposed basic VRI system, the following two comments should be taken into

account.

« First, it is observed that the basic vision-based VRI heavily depends on the specifi-
cation of the time window constraint (Section 4.3.1) and the prior probability, both
of which are derived from the historical travel time data and remain unchanged dur-
ing the vehicle matching process. The above-mentioned phenomenon also implies
that the basic VRI system is specifically devised for a short time period in which
the traffic condition is relatively stable. And the travel time estimator is expected
to be reliable under static traffic condition, as the prior knowledge will not deviate
dramatically from the ground-truth traffic information. For travel time estimation
under dynamic traffic conditions, an improved self-adaptive VRI system is devel-
oped in Part III of the thesis.

» Second, the basic VRI focuses on improving the overall matching accuracy, which
could be potentially beneficial to the efficient traffic incident management (see
Chapter 5). As explained in this chapter, the performance of VRI system relies
on the quality of the feature data and the robustness of the matching method. The
high quality of feature data (e.g. high resolution of vehicle length) would greatly re-
lieve the burden of the matching method. And accordingly, a simple distance-based
method would satisfy the need for vehicle reidentification. However, the feature
data obtained from various sensing technologies may be of poor qualities in prac-
tical implementation. In our experience, IVS technology is subject to the effects
of inclement weather (e.g. rain, snow) and illumination changes. Under these cir-

cumstances, the quality of the video image will decrease dramatically and hence
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undermine the effectiveness of vehicle data extraction. Therefore, this study uti-
lizes the statistical matching method such that the uncertainties of the feature data

are explicitly considered (see Section 4.3.2).
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Appendix

4.A Freeway segment with entry/exit ramps

Consider a freeway segment with entry/exit ramps along which the video cameras are in-
stalled (see Figure 4.8). It is observed that a vehicle could enter this freeway segment
through the upstream station or the entry ramp. And accordingly, this very vehicle could
appear at downstream station or leave the freeway through the exit ramp. Therefore, the
associated VRI problem can be viewed as a network-wide matching of the vehicle sig-
natures. In this part, we would demonstrate that the proposed bipartite matching method
(Section 4.4) can still be applied to this network case.

= 2 L[ v
Upstream Station Exi Downstream Station

Figure 4.8: Conceptual test site

Specifically, all the nodes (i.e. the stations under the surveillance of video cameras) in the
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4.A Freeway segment with entry/exit ramps

"network" can be divided into two parts, i.e. origins and destinations. In this particular
case, the set of origins O consists of the upstream station and entry ramp, while the set
of destinations D comprises of exit ramp and downstream station (see Figure 4.9). All
the vehicles detected at origins (e.g. node 1 and node 2) will be indexed based on their
arrival times and the origin vehicle set can still be defined as O = {1,2,...}. Likewise,
the candidate vehicle set D can be derived based on the time window constraint. The

posterior probability between these two sets is then given by

p(Dcolorv Dtype’ Dlengthll//)P(W)
p(Dcolor’ Dtype’ Dlength)

P(Wcholor’ Dtype’ Dlength) = (429)

Downstream Exit

(b)

Figure 4.9: (a) Topological structure; (b) Bipartite graph representation

In this case, the definition of the prior knowledge is of great importance to the success of
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4.A Freeway segment with entry/exit ramps

network matching. Several additional factors should be considered for the formation of

the prior knowledge P(y):

» Time difference (i.e. historical travel time distribution): for each route (e.g. path
from node 1 to node 3), the historical travel time distribution can be utilized for
defining the prior probability (i.e. temporal reasoning), which can be found in Equa-
tions (4.13) and (4.14).

* Route choice model (e.g. historical origin-destination matrix): the presence of mul-
tiple origins/destinations would give rise to multiple routes. In such case, an appro-
priate route choice model (i.e. spatial reasoning mentioned in Section 3.3.2) would
allow for the efficient prediction of the vehicle's destination. We suggest utilizing
the historical origin-destination matrix to approximate the likelihood of traveling on
specific route.

Theoretically speaking, the bipartite matching method proposed in basic VRI is equally

applicable to the network case. However, it still suffers from two serious limitations.

* First, the computational time of vehicle matching would increase dramatically when
it comes to the network case. The size of the candidate vehicles would increase due
to the existence of multiple origins, and consequently lead to the massive computa-

tion in the process of bipartite matching.

» Second, the definition of the prior probability becomes much more difficult when it
comes to large network. The estimated route choice may deviate dramatically from
the actual route decision, which could eventually undermine the performance of the

vehicle matching.

To sum up, the network-wide matching of vehicle signatures is still challenging in practical
implementation and the matching accuracy would decrease significantly with respect to
the increase in the size of the traffic network.
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Chapter 5

VRI based incident detection under free

flow condition

This chapter proposes a vehicle reidentification (VRI) based automatic incident algorithm
(AID) for freeway system under free flow condition. An enhanced vehicle feature match-
ing technique is adopted in the VRI component of the proposed system. In this study, ar-
rival time interval, which is estimated based on the historical database, is introduced into
the VRI component to improve the matching accuracy and reduce the incident detection
time. Also, a screening method, which is based on the ratios of the matching probabilities
and arrival time windows, is introduced to the VRI component to reduce false alarm rate.
The proposed AID algorithm is tested on a 3.6-km segment of a closed freeway system in
Bangkok, Thailand. The results show that in terms of incident detection time, the proposed

AID algorithm outperforms the traditional vehicle count approach.

5.1 Introduction

Traffic incidents have been widely recognized as a serious problem for its negative ef-
fects on traffic congestion and safety. Under heavy traffic condition, one minor incident
could result in gridlock and hence serious traffic congestion. In addition, traffic injuries
are likely to be more severe if incidents occur at higher speeds (e.g. free flow condition).

Statistics also suggest the high chance of a more sever secondary accident following the
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initial incident on freeway (e.g. ; ;

). An ability to detect incident in a timely and accurate manner would
allow the traffic manager to efficiently remove the incident, to notify the follow-up traffic
of the incident and the corresponding impacts, and to better manage the traffic for mini-
mizing impact caused by the incident. Therefore, considerable research efforts have been
dedicated to the development of automatic incident detection (AID) algorithms by utilizing
the traditional detectors (i.e. inductive loops) over the past few decades (e.g. the Califor-
nia algorithm series ( ), McMaster algorithm ( ).
The underlying assumption of these algorithms is that the aggregated traffic parameters
(e.g. travel time, traffic flow) would change dramatically when incidents occur under con-
gested situation. By comparing the real-time traffic data with the incident-free data, one
can determine the likelihood that an incident has happened. Based on the above-mentioned
principle, various advanced data mining approaches (e.g. neural network, Bayesian net-
work, Kalman filter) are adopted for detecting the abnormal traffic delay or abrupt change
in traffic flow pattern ( ; ). However, most
of the existing incident detection algorithms are specifically designed for congested traffic

conditions' and may not be applicable for free flow situations.

Detecting incidents under free flow condition is difficult as it faces the following two
major challenges. First, the conventional traffic sensors (i.e. single inductive loops) are
not able to provide traffic data with satisfactory quality under free flow condition. Due to
the limitation of the sampling rate of single inductive loops, the passenger vehicle data (e.g.
vehicle speed and vehicle length) cannot be collected accurately if a vehicle is traveling
at high speed ( ). Such inaccurate traffic data causes a
serious problem for developing the aforementioned data mining based incident detection
algorithm. Second, under the free flow condition, a drop in traffic capacity due to an
incident (e.g. one lane blocking) may not cause any traffic delay or change in the traffic
flow pattern. Therefore, it is not feasible to detect the incident through analyzing the
macroscopic traffic parameters. To handle the aforementioned challenges,

conducted a study to detect the incident by identifying non-moving vehicle (i.e.
caused by an incident) from vide records by using image processing techniques. Although
this method appears to be theoretically sound, the deployment of such system requires the
installations of camera at all key locations along the freeway, which is not practically

feasible for monitoring a long distance freeway. In this case, the approaches that focus

' A more detailed review regarding the incident detection algorithms for congested traffic conditions can
be found in Section 2.4.2.
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on the continuous tracking of individual vehicles across consecutive detectors provide a
promising way for incident detection. The rational behind this idea is straightforward. For
a closed freeway system, if one can track all the vehicles along the designated points, a
disappearance of any vehicle movement between consecutive points can be classified as a
potential incident. Based on this principle, designed a "vehicle
count approach" to trace and identify the "missing" vehicle through the vehicle count data
obtained from the loop detectors. Given the vehicle speed at upstream, the arrival time
window at downstream could be estimated. By comparing the vehicle counts in this arrival
time window with the corresponding vehicle counts in the upstream, one may be able to
identify the missing vehicle (if any) for incident detection. However, the performance
of this approach is largely dependent on the accuracy of the vehicle count data and the
estimated arrival time window. Also, the overlapping of arrival time windows of different
vehicles would lead to a significant increase in the detection time (this will be discussed in
more detail in Section 5.3). To further reduce the incident detection time, much attention
has been paid to track the vehicle by utilizing the emerging automatic vehicle identification
(AVI) systems': automatic number plate recognition ( ), or Bluetooth
identification technology ( ). Although the AVI technologies enable
a more efficient tracking of vehicles across multiple points by accurately matching their
unique identity (e.g. plate number, media access control address), the success of these
systems relies on the high level of market penetration of the AVI-equipped vehicles (in
principle 100% of penetration rate is required). Also, the AVI technologies may raise
privacy issues. In this case, the vehicle re-identification (VRI) scheme, which does not
intrude driver's privacy, provides a tool to devise a more practical and effective incident

detection algorithm under free flow condition.

Generally, vehicle re-identification is a process of matching vehicle signature (e.g. wave-
form, vehicle length, etc) from one detector to the next one in the traffic network. The
non-uniqueness of the vehicle signature would allow the VRI system to track the vehicle
anonymously ( ). During the past few years, extensive researches were
carried out to develop VRI systems based on conventional loop detectors (

; ; ). As presented in Chapter 4, the basic VRI
system based on the emerging video surveillance technology (see Chapter 3) is developed.
Various detailed vehicle features (e.g. vehicle color, length and type) are extracted and a

probabilistic data fusion rule was then introduced to combine these features to generate a

'The AVI systems also contribute to the development of probe-vehicle-based methods introduced in
Section 2.1.4.
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matching probability for the re-identification purpose. To account for the large variance
in travel time, basic VRI also introduces a fixed time window constraint to reduce the
computational time of the vehicle matching problem. However, it is noteworthy that the
aforementioned VRI systems are specifically designed for the purpose of traffic data col-
lection (e.g. travel time). To our knowledge, very few studies were explicitly conducted to
investigate the potential feasibility of utilizing VRI system for incident detection. Also, as
the existing VRI system cannot guarantee an accurate matching due to the non-uniqueness
of the vehicle signatures, the mismatches between the upstream and downstream vehicles

may potentially lead to false alarms in the incident detection system.

To this end, this paper aims to propose a VRI-based automatic incident detection algorithm
under free flow condition. The revised VRI system adopted in the proposed incident al-
gorithm is based on basic VRI (see Chapter 4) with several major changes to cope with

the purpose of incident detection (i.e. incident-detection-oriented VRI).

* Note that in basic VRI a unified and fixed time window constraint (i.e. [7,;,, 1] 10
Section 4.3.1) is imposed on all the vehicles. However, the vehicle would maintain
a relatively stable speed under free flow condition, which allows for the estimation
of a flexible time window for each individual vehicle. Therefore, this incident-
detection-oriented VRI would introduce a flexible time window to further improving

the matching accuracy and reduce the incident detection time.

+ Rather than finding the matching results between two sets of vehicles (i.e. bipartite
matching method in Section 4.4), the incident-detection-oriented VRI attempts to
make an instant matching decision for each individual vehicle such that the "miss-
ing" vehicle can be identified promptly. In other words, the matching probability

for each pair of vehicle signatures is explicitly calculated.

* Last but not least, a screening method, which is based on the ratios of the matching
probabilities, is introduced to screen out the mismatched vehicles for reducing the

false alarm rate.

The rest of the chapter is organized as follows. Section 5.2 describes the traffic dataset
collected for the algorithm development and evaluation. In Section 5.3, the overall frame-
work of the proposed automatic incident detection system is introduced. The description

and analysis of the incident-detection-oriented VRI system under free flow condition are
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proposed in the following two sections (Section 5.4 and Section 5.5). In Section 5.6, sim-
ulated tests and real-world case studies are carried out to evaluate the performance of the
proposed AID system against the traditional vehicle count approach. Finally, we close

this chapter with the conclusion remarks.

5.2 Dataset for algorithm development and evaluation

The test site is a 3.6-km-long section of the closed three-lane freeway in Bangkok, Thai-
land (the green section in Figure 5.1). At each station (i.e. location 10B and 08B in
Figure 5.1) a gantry-mounted video camera, which is viewed in the upstream direction,
is installed and two hours of video record (10 a.m. and noon on March 15, 2011) was
collected. The frame rate of the video record is 25 FPS and the still image size is 563 X
764.

Figure 5.1: Test site in Bangkok, Thailand

As the detailed traffic data (especially the individual vehicle data) are not readily obtain-
able from the raw video record, the intelligent video surveillance (IVS) is then employed
for extracting the required information (e.g. vehicle feature data and spot speed). De-
tailed implementation of the IVS for traffic data extraction can be found in Section 2.3
and Chapter 3. In the following, a formal description of the dataset obtained from IVS is
presented.
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5.2.1 Dataset description

IVS provides a large amount of traffic data to develop and validate the automatic inci-
dent detection algorithms proposed in this chapter. Let U = {1,2,..., N} denote the
N vehicles detected at upstream station during the time interval. D = {1,2,..., M} is
the set of downstream vehicles. In addition, tl.U and vf] are the associated arrival time
and the spot speed of the ith upstream vehicle, respectively. Accordingly, 7” and v” are
the corresponding arrival time and spot speed of the jth downstream vehicle. As dis-
cussed in Section 3.2, for each detected individual vehicle, the intrinsic feature data (e.g.
color, size, length) are also obtained. Let X! = {C”,S”, LY} denote the signature of
the ith upstream vehicle, where C and SV are the normalized color feature vector and
type (shape) feature vector, respectively. LY denotes the normalized the length of ve-
hicle i. Similarly, X JP = {CjD S jD , LJD } is the signature of the jth downstream vehicle.
To sum up, dataset from the IVS during a time interval consists of the upstream vehicle
dataset {(1{,vf ,.X{),i = 1,2,..., N} and the downstream vehicle set {(t],v7,X"),j =
1,2... M }. In order to quantify the difference between each pair of upstream and down-
stream vehicle signatures, several distance measures are then incorporated. Specifically,

for a pair of signatures (X", XJP), the Bhattacharyya distance is utilized to calculate the

1

degree of similarity between color features:

360

172
dcolor(i’j) = [1 - Z V C,U(k)CjD(k)] (51)
k=1

where k denoted the kth component of the color feature vector. The L, distance measure

is introduced to represent the difference between the type feature vectors:

q
dypelin ) = ) 1SV (k) = SP (k)| (5.2)
k=1

where ¢ is the number of vehicle type template and is taken as 6 in this study. The length
difference is given by
dlength(i?j) = |L1U - Lle (53)

Based on the video record collected at the test site, 3,628 vehicles are detected at both
stations (10B and 08B) during the two-hour video record. For the purpose of the algo-
rithm development and evaluation, these 3,628 pairs of vehicles are manually matched

(i.e. re-identified) by the human operators viewing the video record frame by frame. In
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5.3 Overall framework of automatic incident detection system

other words, the ground-truth matching results of the 3,628 pairs of vehicles are obtained
in advance. The mean travel time is 170.9 seconds. The first 800 pairs of vehicle data
are used for the model training and calibration (which are discussed in the following sec-
tions), while the rest of the vehicle dataset are used for the simulation test of the proposed

automatic incident detection algorithm.

5.3 Opverall framework of automatic incident detection

system

The basic idea of incident detection under free flow condition is to track the individual
vehicle so as to identify the missing vehicle due to an incident. Owning to its compu-
tational and theoretical simplicity, the vehicle count approach ( )
is the most well-known free-flow incident detection algorithm. Thus, it is necessary to

revisit this method in detail.

5.3.1 Vehicle count approach

The basic operation of the vehicle count approach is illustrated in Figure 5.2. When
a vehicle U, arrives at upstream station at time ¢, the expected arrival time window

[tf] + Lb,, tf/ + Ub,] of this vehicle at downstream station is estimated, where Lb; and
U b, respectively represent the lower and upper bounds of the vehicle's travel time. If an-
other vehicle U; is detected at upstream station, the corresponding arrival time window
[ty + Lb,, ty + Ub,] can also be obtained. Unsurprisingly, there may be overlap between
these two time windows, and both of these two vehicles are likely to arrive at downstream
during time interval [¢] + Lb;,t/ + Ub,]. The incident would then be detected by com-
paring the collected vehicle count data to the expected number of vehicles in the time
interval. In the case that vehicle U, is missing, if vehicle U, arrives at downstream during
time interval [tg.j + Lb,, tf] + U b,], then the incident alarm will not be triggered until time
tg.] + Ub;, which is clearly later than the upper bound of the arrival time of vehicle U,
(i.e. tY + Ub,). Because of the overlapping between the time windows, the vehicle count
approach, which is solely based on comparing the vehicle counts data, cannot promptly
detect the incident (i.e. delay in incident detection). In general, the incident detection time
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would significantly increase with respect to the increase in size of vehicle platoon at the
upstream detector, which increases the number of overlapping in arrival time intervals at

the downstream detector.

Upstream ﬁ Downstream

d I |-
:Distance U
t]v + Ubj
|
Time :
|
= t + Ub;
| ffgjn
Upstream | y tg-J + Lbj
Platoon |
/e
- |
U [ S | tV + Lb;
(NS = .y I
U, vo—o I
N 7
~ e — e —— —— —— — — —— — — — — —

Upstream vehicle
dataset
(e.g., color
distribution, type,
length)

Modified VRI
system

Figure 5.2: Illustrative example of vehicle count approach

To reduce the detection time, this research proposes a noval incident detection algorithm
by incorporating the vision-based VRI system. As shown in Figure 5.2, vehicle U, and U,
are detected and their detailed feature data (e.g. color, type and length) are also extracted.
Once a vehicle is detected at downstream site, the proposed VRI system is performed to
find a matched upstream vehicle based on the vehicle feature data. In the case that vehicle
U, is missing, if the downstream vehicle could be matched to the vehicle U; based on the
vehicle feature, an incident alarm would be triggered at time t¥ + U b,, as vehicle U, is not
re-identified during time window [tV + Lb,,tY + Ub,]. As shown by this "toy" example,
the additional VRI component could potentially reduce the incident detection time to some
extent. However, it is also observed that the basic VRI proposed in Chapter 4 is not readily
transferable to the field of incident detection and several modifications should be made

regarding the vehicle matching process.

* First, instead of finding the matching result for upstream vehicle, the incident-detection-
oriented VRI attempts to match the vehicles at downstream site such that proposed AID

algorithm can be implemented in real-time.

» Second, once a vehicle passes the downstream station, the incident-detection-oriented
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VRI should be capable of making matching decision immediately such that the missing
vehicle (i.e. the vehicle does not appear at downstream) could be promptly identified,
which means that the bipartite matching method may not be applicable. Therefore,
this study calculates the matching probability for each pair of vehicles on which the
following screening method could be imposed to further reduce the false alarm rate.

The overall framework of the proposed algorithm is presented in the following subsection.

5.3.2 AID algorithm based on VRI system

The detailed implementation of the VRI-based incident detection system is summarized
in the following flowchart (Figure 5.3). First, the system will initialize the timestamp,
t, and check whether a vehicle is detected at the upstream and/or downstream station.
If a vehicle is detected at upstream detector, the expected arrival time window of this
vehicle at downstream station will be estimated based on the historical data. The record
of the detected vehicle at upstream will be stored in the database as unmatched upstream
vehicle. On the other hand, if a vehicle is captured at the downstream station, the system
will perform the incident-detection-oriented VRI subsystem to check whether this detected
vehicle match with any of the unmatched upstream vehicle. The time window constraint
is utilized to identify the potential matches for this vehicle detected at downstream station.
Once the match is found, the matched vehicle data will be removed from the list of the

unmatched upstream vehicles.

After the previous two steps for handling the detected vehicles at upstream and down-
stream stations, the system will proceed to determine whether there is an incident occurs
on the monitored segment. For incident detection, the system will screen through the list
of unmatched vehicles. If the current time (7) is out of the expected arrival time window
(i.e. greater than the upper bound of the arrival time interval) of the unmatched vehicle,
an incident alarm will be issued. If not, ¢ will be set to # + 1 and the system will move
forward to the next time step. It could be easily observed that the performance of the inci-
dent detection system is heavily dependent on two critical components, i.e. flexible time

window constraint and incident-detection-oriented VRI system.

For the aforementioned framework, the following three comments should be taken into

account.
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Figure 5.3: Overall framework of AID system

e First, the detection error is not considered in this study. In other words, it is assumed
that all the vehicles cross the video cameras will be detected. This is achievable under
free flow condition, as there is no occlusion between the vehicles and, consequently,

IVS performs generally well and are able to detect most of the individual vehicles.

e Second, under free flow condition, the traveling behavior of the individual vehicle is
more predictable. This phenomenon enables the estimation of the flexible arrival time
window for each individual vehicle based on the current spot speed and the historical
data. It is expected that the accurate estimation of the arrival time window could poten-
tially lead to an improved matching accuracy of the VRI method, and hence reduce the

incident detection time.

e Third, it should be noted that the proposed VRI cannot guarantee an accurate matching
because of the non-uniqueness of the vehicle signatures. Instead, the proposed VRI
scheme in this paper can only provide the matching probability between the downstream
and upstream vehicles. Therefore, some of the mismatches resulted from the matching
probability could potentially lead to false alarms. To handle this, a ration method is

introduced to screen out those mismatches for reducing the false alarms.
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5.4 Flexible time window estimation

Under free flow condition, each individual vehicle would maintain in a relatively stable
speed (i.e. low variance in travel time). In this case, the arrival time of the vehicle at
downstream station could be estimated based on the spot speed and historical data. Let U,
represent an upstream vehicle detected at time 77, and the associated upstream spot speed

is denoted as v”. The expected arrival time Arr of vehicle U, is given by

[

Arr = tU + —
b0.50Y +0P)

(5.4)
where [ is the distance between the upstream and downstream detectors; v) is the estimated
vehicle speed at downstream detector based on the historical speed database. To account
for the error in estimating the downstream spot speed, the upper and lower bounds of v?

are provided by the following equations

U
! Ui

vh =0,%xXVP (1)x T (5.5)
/ UU

vh =0, X VD (1) X W (5.6)

where UZ) and Uﬁ) are respectively the upper and lower bounds of the vehicle at downstream
detector; V'V is the current average speed of the upstream detector; 6,, > 1 and 6, < 1 are

> Yub =

respectively the associated upper and lower bound factors; V;?

Wis 18 the historical average
ist

speed of the downstream detector at time f . The time ¢ is chosen such that it is matched
with the arrival time, which is estimated by a linear speed profile of the modeled section,
at the downstream detector. The estimation of downstream spot speeds can be viewed
as a prediction-correction process. First, the historical average speed Vh’i)s t(t,) is adopted
to predict the speed of this vehicle at downstream site. Then this prediction is corrected
by the factor v”/V'Y for the better representation of the current traffic condition. Finally,
the upper and lower bound factors (o, and ¢,,) are applied for determining the upper of
lower bounds of the downstream spot speed. With the estimated downstream speeds, the

corresponding upper and lower bounds of the travel time of vehicle U, can be calculated

as follows:
l
e 5.7
C0.50Y +ub) G-D
b ! (5.8)

0.5(f + vh)
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However, it should be noted that the proposed incident detection system is not confined
to the above method for estimating the time window. Any other estimation methods are
equally applicable to the proposed AID algorithm. With the estimated time windows,
vehicles on the monitored freeway section could be "partially" tracked and re-identified

in a timely and accurate manner.

5.5 Incident-detection-oriented VRI

As explained previously, the proposed VRI system is devised based on the video image
data provided by IVS technology. By applying myriad image processing techniques, the
detailed vehicle feature data (e.g. color, type and length) could be obtained. The vehi-
cle matching process is then performed by comparing these vehicle feature data. In this
section, the methodologies involved in the incident-detection-oriented VRI system are

presented.

5.5.1 Reidentification problem

For a vehicle D, arrives at downstream station at time tf , the vehicle signature, denoted
as X,? = {CP, S,?,LkD}, is then obtained from the IVS. A search space, S(k), which
represents the potential matches at upstream station for vehicle D,, is determined based

on the calculated arrival time window. Specifically, S(k) is given by
S(ky={U,eU |t} +Lb, <1? <1/ +Ub,} (5.9)

where U, represents the vehicle detected at upstream station; [Lb,, Ub,] is the associated
travel time window. The vehicle reidentification problem is to find the corresponding up-
stream vehicle for D, through the search space S(k). Herein we introduce the assignment

function y to represent the matching result, i.e.

o { D, — {U,eSk))i=12,...N} 5.10)

k—i, i=12,....N

where y (k) = i indicates that vehicle D, is the same as U,. Recall that for each vehicle

U, € S(k), one may assign to the pair of signatures (X, X ) the distances d,,(i, k),
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diype(is k) and d,,00, (i, k) based on Equations (5.1), (5.2) and (5.3). In this case, one sim-
ple method (i.e. distance-based method) is to find the matched upstream vehicle with
the minimum feature distance. However, it should be noted that the vehicle signatures
derived from IVS contain noise and are not unique. Therefore the distance measure can-
not really reflect the similarities between the vehicles. Instead of directly comparing the
feature distances, this study utilizes the statistical matching method. Based on the calcu-
(i, k), diype
dyenem) between vehicles U; and D, is provided for the matching

lated feature distances, i.e. d,
P(W(k) = ildcolor’d

decision making.

(i, k) and Aiengn(is k), a matching probability

olor

type?

5.5.2 Calculation of matching probability

The matching probability, also referred to as the posterior probability, plays a fundamental
role in the proposed VRI system. By applying the Bayesian rule, we have
p(dcolor’ dtype’ dlengthlq/(k) = Z)P (W(k) = i)

P(W(k) = ildcolor’ dtype’ dlength) = p(d d d ) (511)
color> “type® “length

where p(doior diypes Aiengn [W (k) = i) is the likelihood function; P(y (k) = i) is the prior
knowledge of the assignment function. To obtain the explicit matching probability, the

denominator in Equation (5.11) can further be expressed as

p(dcolor’ dtype’ dlength) = p(dcolor’ dtype’ dlengthllrU(k) = i)P(wk = i)
+p(dcolor’ dtype’ dlengthll//(k) 7é i)P(l//k ?é i)

(5.12)

On the basis of Equations (5.11) and (5.12), it is easily observed that the calculation of the
matching probability is dependent on the deduction of the likelihood function and the prior
probability. In this particular case, the prior probability is defined as P(y (k) = i) = 0.5,
which suggests that the matching is solely based on the comparison between the vehicle

feature data. The calculation of the likelihood function is completed in two steps.

 First, individual statistical models for the three feature distances are constructed

and the corresponding likelihood functions are also obtained (i.e. p(d W (k)),
p(dtypellll(k)) and p(dlength |llj(k)))'

* Second, a data fusion rule is employed to provide the overall likelihood functions
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(1.e. p(d gior Aigpes diengn | W (K))) in Equations (5.11) and (5.12).

5.5.2.1 Statistical modeling of feature distance

Without loss of generality, only the probabilistic modeling of color feature distance is de-
scribed. In the framework of statistical modeling, the distance measure is assumed to be a
random variable. Thus, for a pair of color feature vectors (CiU , C,f) ), the distance d (i, k)
follows a certain statistical distribution. The conditional probability (i.e. likelihood func-

tion) of d, (i, k) 1s then given by

pl(dcolor(i’ k)) if W(k) =1

. (5.13)
pZ(dcolor(i’ k)) if W(l) ?I: i

P (degrori Oy (K)) = {
where p, denotes the probability density function (pdf) of distance d_,.,(i, k) when color
feature vectors C’ and C,f belong to the same vehicle, while p, is the pdf of the distance
d..1o:(i, k) between different vehicles. A historical training dataset that contains a number
of pairs of correctly matched vehicles is built up for estimating the pdfs p, and p,. Finite
Gaussian mixture model is used to approximate the pdfs and the well-known Expecta-
tion Maximization (EM) algorithm is applied to solve the associated parameter estimation

problem'. Likewise, the likelihood functions for the type and length distances can also be

obtained in a similar manner.

5.5.2.2 Data fusion rule

In this study, the logarithmic opinion pool (LOP) approach (see Section 4.3.5) is employed
to fuse the individual likelihood functions. The LOP is evaluated as a weighted product

of the probabilities and the equation is given by

1 a
p(dcolop dtype’ d]ength | W(k)) = Topp(dcolor | llj(k)) p(dtype | lI/(k))ﬁp(dlength | ll/(k))ya

a+pf+y=1 (514)

where the fusion weights, a, f and y are used to indicate the degree of contribution of

each likelihood function. The weights can also be calibrated from the training dataset. By

'A detailed explanation on Finite Gaussian mixture model can be found in Section 4.3.2.
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substituting Equations (5.12), (5.13) and (5.14) into (5.11), the desired matching proba-
bility for each pair of vehicles (U, D,) could be obtained. For the sake of simplicity, let
P, denote the matching probability between the vehicle U, and D, . In this case, we may
obtain a set of probabilistic measures { P, |i = 1,2, ..., N} to represent the likelihood of
a correct match between D, and the vehicles in the search space S(k). The final matching
decision-making based on these matching probabilities, becomes the major concern in the

following subsection.

5.5.3 Ratio method for final matching decision

An intuitive decision-making process (i.e. the greedy method) is to sort the matches via the
matching probability { P, |i = 1,2,..., N} and choose the vehicle U; with the maximum

matching likelihood, i.e.
wk)=i, it P, <P, Vje{l,2,...,N} (5.15)

However, it is noteworthy that the proposed VRI system is utilized for incident detection
purpose, the final matching decision would produce significant impacts on the perfor-
mance of the AID system. Based on the greedy method (5.15), the potential false alarms
would be triggered. As shown in Figure 5.4, the downstream vehicle D, arrives at time
10:39:39 a.m. U, and U, are respectively the two candidate vehicles with the largest and
second largest matching probabilities with the downstream vehicle D, (i.e. P, = 0.9295
and P, = 0.8392). Although vehicle D, actually matches with vehicle U, (based on the
manual matching), the greedy method yields the matching result yw (k) = j, which could

lead to a false alarm at time t” + Ub,.

To reduce the false alarms mentioned above, a ratio method is then introduced for the final
matching decision-making. Let { P.|i = 1,2, ..., N} denote the set of matching probabil-
ities in descending order. The ratio method proposed in this study involves two major
steps. First, by imposing a threshold z on the value of the ratio between the neighboring
probabilities in the ordered set { P.|i = 1,2, ..., N}, one may be able to screen through
the search space and rule out those unlikely matches. The screening process is described
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Figure 5.4: Illustrative example of a false alarm

as follows.

Procedure 5.1: Screening process
Input: A finite set { P,|i = 1,2, ..., N} of matching probabilities in descending

order
Output: The set of unlikely matches for downstream vehicle D,
110« 1;
2 whilei < N -1AP/P,, <7do
3 t i—i+1;

areturn {i+1,i+2,...,N};

The underlying implication of Procedure 5.1 is that if the ratio (i.e. P/P,,,) is sufficiently
large, then it could come to a conclusion that vehicles {i + 1,i + 2, ..., N} are the un-
likely matches due to their relatively smaller matching probabilities. Otherwise, if the
ratio P/P,, < 7, then we may declare that vehicle i and i + 1 are not distinctive from each

other and a matching decision cannot be made at current stage.
Upon the completion of the above screening process, unlikely matches could be ruled

out and the search space is further reduced. The second step is then to make a matching

decision based on the remaining search space Sg(k). Let Sgp(k) = {U,|m = 1,2,...,i}
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(clearly i < N), the matching result is then given by

wk)=m*, ift] +Ub >10. +Ub,., VI€({1,2,...,i} (5.16)
It is obvious that vehicle D, is matched to the vehicle in Sz(k) with the smallest upper
bound in the predicted arrival time window. The rational behind this approach is that a
matching decision could not be made based on the matching probabilities (as the matching
probabilities for vehicles in S x(k) are not significantly different from each other). In this
case, the vehicle D, is matched to upstream vehicle with smallest upper bound in the
predicted arrival time window to avoid the potential false alarms. As a matter of fact, the
second step could be viewed as a standard vehicle count approach in which only the counts

data is utilized.

To sum up, the matching decision-making process of the incident-detection-oriented VRI
is a hybrid of the vehicle feature comparison and the classic vehicle count approach. The

overall procedure for the matching decision-making is given by

Procedure 5.2: Final matching decision-making
Input: Aset {P|i =1,2,..., N} of matching probabilities and the set

{tY +Ub,li = 1,2,..., N} of upper bounds in arrival time interval

Output: The final matching decision for vehicle D,

1i«1;
2 whilei <N —1AP/P_, <7do Screening
3 ti<—i+1; Method
" . U .
s5m <—arglmln{tl +UDb |l € Sr(k)}; Vehicle Count
6 return y (k) = m*; Approach

5.6 Test results

In this section, the performance of the proposed AID algorithm is evaluated against the

classical vehicle count approach in terms of mean time-to-detect and false alarm rate (i.e.
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false alarms per hour). As the performance of the proposed AID system relies on its two
critical components (i.e. flexible time window estimation and incident-detection-oriented
VRI), different sizes of time window and thresholds for final matching decision are tested
in this section. The dataset described in Section 5.2 are used to perform the simulated
tests for the algorithm evaluation. Also, the real-world case studies are carried out in this

section.

5.6.1 Simulated tests

For calibrating and testing the proposed AID system, the 3,682 pairs of vehicle matching
results from the collected dataset are divided into two parts. First, a dataset of 800 pairs
of correctly matched vehicles are used for model calibration and training. The upper and
lower bound factors for time window estimation (i.e. ¢,, and ¢,,) are calibrated by the us-
ing the travel time data of the 800 vehicles and the historical averaging speed on Thursday,
which is the same as the test day (i.e. 16/2/2012, 23/2/2012, 1/3/2012 and 8/3/2012). In
addition, the parameters of the statistical model (i.e. p, and p,) are estimated by utilizing
the feature data extracted from the captured images of these 800 pairs of vehicles. Second,
the remaining 2,828 pairs of vehicles detected at both upstream and downstream detectors
are fed into the calibrated AID system for model evaluation. In order to mimic an incident
between the upstream and downstream detectors, the record of vehicle at downstream site
is intentionally removed to simulate the situation that the vehicle has passed the upstream
detector but not the downstream one. In the testing of the proposed AID system, the AID
algorithm is run for 2,828 times, which for each run the record of one of the 2,828 vehicles
at downstream detector is removed, for determining the mean detection time. Specifically,
the incident detection time is defined as

T, =t v (5.17)

incident

Since we do not know the exact time when the incident happened, the incident detection
time is then defined as the difference between the time when an alarm is issued (i.€. #;,;gent)

and the arrival time of incident vehicle at upstream station (i.e. V).
By setting the threshold value equals to 2 (i.e. 7 = 2), the mean detection time of the

proposed AID algorithm is 203.2 seconds, whereas the mean detection time of the classi-

cal vehicle count approach is 644.1 seconds. As it is expected, the mean detection time
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is reduced substantially by incorporating the modified VRI system. Figure 5.5 shows the
performance of the VRI-based incident detection algorithm for different threshold values
adopted in final matching decision. It could be observed that the false alarm rate reduces
as the threshold value increases. When the threshold value equals to one, the VRI system
will always match the downstream vehicle to the upstream one with the largest matching
probability. Therefore, it would lead to a large number of false alarms (see Section 5.5.3).
With the increase in threshold value, the modified VRI system is more relied on the tra-
ditional vehicle count approach, and results in a decrease in the false alarm rate. On the
other hand, as the proposed VRI system is more relied on the traditional vehicle count ap-
proach (e.g. 7 — o0), the mean detection time also increases (see Section 5.3.1). To sum
up, for the proposed VRI system, the lowering of the false alarm rates is at the expense
of incident detection time. Thus, a balance should be struck between the rapid incident

detection and low false alarm rate.
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Figure 5.5: Mean detection time and false alarm rate

The estimation of arrival time window also has a significant impact on the performance
of the proposed AID algorithm. It is not difficult to understand that a small time window
size would result in faster incident detection. To test the performance of the proposed AID
algorithm under different time window sizes, a time window with fixed size is assigned for
each individual vehicle. Figure 5.6 shows the mean detection of the algorithm for different
time window sizes. The mean detection time of the vehicle count approach increases

dramatically as the size of the time window grows. It is also observed that the vehicle

91



5.6 Test results

count approach is not capable of detecting the missing vehicle as the size of time window
is larger than 50 seconds. To sum up, for the simulation that a large arrival time window

is applied, the proposed AID algorithm clearly outperforms the vehicle count approach.
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Figure 5.6: Comparison between the proposed AID algorithm and vehicle count approach

5.6.2 Real-world case study

Apart from the above-mentioned simulation tests, two real-world case studies are also
carried out. Based on the record from the freeway authority, the first incident is reported
on 13-Jun-2012 at 16:03. The reported incident location is at 20+600 westbound, which
is in the section between camera 7A/8A and 9A/10A (see Figure 5.1). Based on this
information, the research team has screened through the captured videos for identifying
the incident vehicle. It is found out that on 13-Jun-2012, the incident vehicle has passed the
upstream detector (7A/8A) at 15:55 (Figure 5.7(a)) and has an incident before it reaches the
downstream detector (9A/10A). Four minutes later, a tow-truck, which is probably called
by the driver of the incident vehicle, has passed the upstream detector (Figure 5.7(b)) and
towed the incident vehicle to pass the downstream detector at 16:09 (Figure 5.7(c)).

According to the above information of the incident vehicle, a 35-minutes video record data
(from 15:33 to 16:08 on 13-Jun-2012) of locations 8A and 10A are extracted and input
into the proposed AID system for free flow condition. In this case, apart from the incident
vehicle, 739 vehicles are detected at both stations during the 35-minute video record. By

setting the threshold value of the ratio of matching probabilities equals to 8.5, the time of
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(a) (b) (©)

Figure 5.7: Real-world case study #1: (a) Incident vehicle passes the upstream detector; (b)
Tow truck passes the upstream detector; (c) Incident vehicle and truck passes through the
downstream detector

incident detection and the false alarm rate for this case study are found to be 15:58:22,
and 3.42 false alarms per hour, respectively. Compared with the classic vehicle count
approach, which would trigger an incident alarm at 16:01:28, the proposed AID system

performs better in terms of the incident detection time.

The incident vehicle of the second real-world case study is shown in Figure 5.8. This

(a) (b)

Figure 5.8: Real-world case study #2: (a) Incident vehicle passes the upstream detector; (b)
Incident vehicle and truck passes through the downstream detector

incident is reported on 17-Jun-2012 at 10:31 a.m. and its detailed location is at 19+300A
westbound (between 7A/8A and 9A/10A). By setting the threshold value of the ratio of
matching probabilities equals to 8.5, the time of incident detection and the false alarm rate
for this case study are found to be 10:28:22, and 2 false alarms per hour, respectively.

Compared with the classic vehicle count approach, which would trigger an incident alarm
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at 10:33:50, the proposed AID system still performs better in terms of the incident detec-

tion time.

On the basis of these two real-world studies, we may observe that the time of incident
detection of the proposed AID algorithm is largely dependent on the actual information
associated with the incident vehicle (e.g. distinctiveness of the incident vehicle feature
and the size of the vehicle platoon). In real-world case study #2, the incident vehicle
has "distinctive" vehicle color distribution (see Figure 5.8(a)), and consequently, the dis-
appearance of this very vehicle can be identified earlier than the classical vehicle count
approach. The size of vehicle platoon may also have significant impact on the perfor-
mance of the AID algorithm. The larger the platoon size is, the more likely it is that the
arrival arrival time windows of these vehicles may overlap each other at the downstream

site and, hence, leads to the significant increase in incident detection time.

5.7 Conclusion remarks

This chapter investigates the feasibility of utilizing the vehicle reidentification system for
incident detection on a closed freeway section under the free flow condition. A modified
vision-based VRI system is proposed to partially track the individual vehicle for identify-
ing the "missing" vehicle due to an incident. A flexible arrival time window is estimated
for each of the individual vehicle at upstream station to improve the matching accuracy.
To reduce the potential false alarms, a screening method, which is based on the ratios of
the matching probabilities and arrival time windows, is introduced to rule out the potential

mismatches.

The proposed AID algorithm is tested on a 3.6-km segment of a closed freeway in Bangkok,
Thailand. Based on the test results, it is found out that the detection time of the proposed
AID algorithm is substantially shorter than the traditional vehicle count approach. Also,
there is a tradeoff between the false alarms rate and detection time for the proposed AID
algorithm. Therefore, a balance should be struck between the rapid incident detection
and low false alarm rate by adjusting the thresholding value z. As demonstrated in Pro-
cedure 5.2, the proposed AID algorithm is a hybrid of the vehicle feature comparison
method and the classical vehicle count approach, and the threshold value = can be viewed

as a switch between these two methods. Therefore, the selection of ¢ may be of great
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importance to the proposed AID algorithm. In this study, we adjust the threshold value
manually based on the reliability of VRI system (the performance of the VRI system in
different time period may be slightly different due to the changes in outdoor environment,
and the threshold value 7 should be adjusted accordingly). Some other automatic thresh-
olding processes (e.g. ) will be investigated in our future works.

Note that the proposed AID algorithm is specifically devised to detection incident on
closed freeway system under free-flow conditions. As a natural and necessary extension,
the ability of detecting incidents on freeway segment with entry/exit ramps is required for
the further development of incident detection system. We would show in Appendix 5.A
that the AID algorithm proposed in this chapter is equally applicable to the case where the

freeway has entry/exit ramps.
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Appendix

5.A Incident detection on freeway segment with entry/exit

ramps

As demonstrated in Appendix 4.A, the basic VRI system (i.e. probabilistic vehicle feature
fusion and bipartite matching method) could be readily extended to the "small" network
case where the freeway segment may have entry/exit ramps (see Figure 5.9). In this part,
we would illustrate that the incident-detection-oriented VRI proposed in Chapter 5 can

also be applied to this particular case for incident detection purpose.

Upstream Station Exi Downstream Station

Figure 5.9: Conceptual test site

Assume that the freeway segment in Figure 5.9 can be represented by a link-node formu-
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5.A Incident detection on freeway segment with entry/exit ramps

lation, as depicted in Figure 5.10. Denote the upstream station as node 1, and the entry as
node 2. Likewise, node 3 and node 4, respectively, represent the exit and downstream sta-
tion. The basic principle of incident detection is then to "partially" track and identify the
"missing" vehicle across this camera "network". Unlike the incident-detection-oriented
VRI proposed in Chapter 5, the vehicle feature comparison should be performed simulta-
neously across the network. In other words, all the vehicles detected at the source nodes
(i.e. node 1 and node 2) will be labeled as the upstream vehicle, whereas the vehicles
detected at the destination nodes (i.e. node 3 and node 4) will be categorized as the down-
stream vehicles. In this case, the matching probability for each pair of vehicle signatures
can be obtained based on the method proposed in Section 5.5.2, and the final matching
decision-making can follow the same procedure as described in Procedure 5.2. The con-
ceptual framework for incident detection on freeway segment with entry/exit ramps is

illustrated as follows.

Downstream station

Figure 5.10: Topological structure

First, the system will initialize the timestamp, ¢, to check whether a vehicle is detected
at the sources (node 1 and node 2, etc) and/or destinations (node 3 and node 4, etc). If a
vehicle i is detected at source detectors, the expected arrival time window of this vehicle

at the destinations will be estimated based on the historical data and current spot speed.
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Let [Lbfm), Ubfm)] and [Lbfm), U bfv(4)] respectively denote the arrival time at node 3
and node 4. The record of vehicle i (e.g. color, type and length) will then be stored in
the database as unmatched upstream vehicle. On the other hand, if a vehicle k is cap-
tured at the destinations (node 3 and/or node 4), the system will perform the Vision-based
VRI subsystem to check whether this detected vehicle match with any of the unmatched
upstream vehicle. Once the decision is made, the matched vehicle data will be removed
from the list of the unmatched upstream vehicles. In particular, a search space, S(k),
which represents the potential matches, is determined based on the time window. The
diypes Diengn)» Which indicates the likelihood of
vehicle i € §(k) matching with vehicle k, is obtained from the VRI system. The associ-

matching probability, P(y (k) = i|d
ated ratio method is performed to reach a final matching decision. After performing the
vehicle feature comparison, the system will screen through the list of unmatched vehicles.
If current time (7) is out of the expected arrival time window of the unmatched vehicle i
(1e. max{UbfVG), Ubfm)) < t}, an incident alarm will be issued. For the aforementioned

framework, two comments should be taken into account.

* First, it is expected that the incident detection time should be longer than that for
closed corridor case. Give a vehicle i detected at the source nodes (e.g. node 1 or
node 2), the arrival time of this vehicle at the possible destinations can be denoted

as [Lb:m), U b;v(3)] and [Lb:v(4), U b;v(4)], respectively. In the case the vehicle i is
N@)
}.

i

missing, the incident alarm will not be issued until time max{ Ubfm) ,Ub

* Second, the false alarm rate would also increase accordingly due to the complex
topological structure of the traffic network. Since we do not know the actual route
choice for each vehicle, the size the search space S (k) would be much larger than that

for closed corridor case and, consequently, leads to a large number of mismatches.
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Chapter 6

Hierarchical Bayesian model for VRI

on freeway with multiple detectors

This chapter proposes a hierarchical Bayesian model for vehicle reidentification on free-
way with multiple detectors. To take full advantage of the traffic information (e.g. vehicle
color, length, and type) obtained at multiple detectors, a hierarchical matching model is
proposed such that vehicle matching over multiple detectors is treated as an integrated pro-
cess. To further improve the vehicle matching accuracy, a hierarchical Bayesian model is
introduced to describe the spatial dependencies between feature distances. The posterior
probability in the hierarchical structure is then calculated for the final matching decision-
making. The proposed method is tested on a 9.7-km segment of a freeway system in
Bangkok, Thailand. The results show that hierarchical Bayesian matching method could

further improve the matching accuracy on the freeway segment with multiple detectors.

6.1 Introduction

The continuous tracking of individual vehicles is potentially beneficial to the development
of intelligent transportation systems ( ). The extrinsic vehicle
data such as vehicle speed and its arrival time at different locations are considered essential
in advanced traveller information system (ATIS) for providing the updated traffic infor-

mation (e.g. traffic flow, speed and travel time). Moreover, the additional intrinsic vehicle
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data (e.g. vehicle color, type and length) would contribute to the development of efficient
traffic incident detection algorithms (see Chapter 5), which is recognized one of the crit-
ical components of advanced traffic management systems (ATMS). In light of this, the
basic vision-based VRI (Chapter 4) is devised to re-identify the individual vehicles across
two consecutive detectors (i.e. video camera stations). Despite the encouraging results

and its ease of implementation, the basic VRI still suffers from two serious problems.

First, the performance (i.e. matching accuracy) of basic VRI is heavily dependent on the
quality of vehicle feature data extracted from the IVS technology. Although the statistical
approach has been adopted to explicitly consider the uncertainties of vehicle feature data,
the matching accuracy still may not be satisfactory when the outdoor environment (e.g.
weather condition and illumination conditions) changes significantly. Second, the com-
plex topological structure may also impose a great challenge on the performance of the
basic VRI. As explained in Appendix 4.A, the vehicle matching accuracy may decrease
on a freeway segment with on/off-ramps due to vehicles' unobservable route choices and
the potentially large set of candidate vehicles. The above-mentioned two problems may
get worse when the distance between the two consecutive detectors becomes extremely

long.

For a long-distance freeway segment, the outdoor environment (i.e. illumination condi-
tions) at two detectors may be different from each other, which may result in high variance
in the feature distance' ( ) and, consequently, undermine
the performance (i.e. decrease the matching accuracy) of the VRI system. Also, a much
larger time window is imposed to cope with the purpose of vehicle matching on long-
distance freeway and, accordingly, the size of the candidate vehicle set would increase
dramatically, which eventually leads to the significant decrease in matching accuracy (e.g.

; ). To deal with truck reidentification over long
distances, introduced an additional screening/thresholding process to
match the trucks with distinctive features (e.g. axle weight and axle spacing) without con-
sidering the other vehicles. Although this approach may be applicable for some specific
purposes (e.g. estimation of truck travel time over long distance), it still can not solve the
basic problems arising from the vehicle matching over long distance (i.e. large variance
in feature distances and large size of candidate vehicle set). In this case, an alternative

approach to the long-distance VRI would be to install additional video cameras at the

!'The variance in the feature distance indicates the degree of uncertainty associated with the feature data
(see Figure 4.3).
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intermediate locations along the freeway segment (e.g. camera station B in Figure 6.1),
which eventually gives rise to the problem of vehicle reidentification (VRI) on freeway
corridor with multiple detectors. A natural and straightforward response to this problem is
to apply the basic VRI to each individual detector pair (i.e. pair-wise vehicle matching pro-
cess). For the freeway segment demonstrated in Figure 6.1, there are three detector pairs,
i.e. A-to-B, B-to-C, and A-to-C. As we explained before, the direct vehicle matching on
pair A-to-C is not practically applicable due to the long distance from A to C. Therefore,
by performing the basic VRI method independently to detector pairs A-to-B and B-to-C',
we may still "efficiently” track/reidentify the individual vehicle on the freeway segment.

Although the aforementioned detector-pair-wise matching process appears promising for

Figure 6.1: Freeway segment with multiple detectors

reidentification over long distance, it tends to suffer from two inherent problems.

* First, the pair-wise matching process is highly sensitive to the mismatches gener-
ated by each basic VRI component’. Once a vehicle is mismatched over a detector
pair, the final matching result regarding this vehicle would not be correct even if this
vehicle is correctly matched over the other detector pairs. As the basic VRI for each
detector pair is performed independently, the matching results of the same vehicle
over different detector pairs may be totally irrelevant and, hence, results in the de-
crease in matching accuracy on the freeway segment. In view of this, an additional
hierarchical matching model is proposed in this study to simultaneously match the

vehicle across the multiple detectors.

 Second, the pair-wise VRI method fails to consider the interdependence of the fea-
ture distances between different detector pairs (i.e. interdependence of feature dis-
tance over space). As shown in Figure 6.1, the detector pairs A-to-B and B-to-C
share a common camera station (i.e. station B), at which the vehicle feature data are
extracted and utilized for both basic VRI systems (i.e. VRI on A-to-B and B-to-C).

!These two detector pairs have relatively shorter distance, and accordingly the matching accuracy on
these two pairs would be relatively higher.
2This will be further discussed and illustrated in Section 6.2.
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Therefore, the associated feature distances on these two detector pairs should be
correlated with each other. Mathematically speaking, a statistical model consider-
ing the interdependence of feature distances over space (i.e. consecutive segments)

is required.

To sum up, this study attempts to deal with the aforementioned problems arising from the
pair-wise VRI matching process. To be more specific, we furnish the pair-wise VRI with
additional hierarchical Bayesian matching model in the hope of refining and improving the
matching results. Rather than performing basic VRI independently, the proposed method
considers the vehicle matching over multiple detectors as a integrated process in which a
more suitable statistical model is introduced to describe the spatial dependencies between

the vehicle feature distances.

The remainder of this chapter is organized as follows. Section 6.2 presents the overall
framework of the pair-wise VRI process. The problems arising from this process are fur-
ther illustrated. The formal description and analysis regarding the hierarchical matching
model are then proposed in Section 6.3. Section 6.4 explains the underlying hierarchical
Bayesian model of feature distances. Some preliminary test results regarding the vehi-
cle matching accuracy are discussed in Section 6.5. Finally, we close this chapter with

conclusion remarks.

6.2 Pair-wise VRI process

As the name suggests, pair-wise VRI aims to apply basic VRI independently to each de-
tector pair. In this sense, the task would be considered "trivial" due to basic VRI's ease of
implementation. However, it is noteworthy that pair-wise VRI provides preliminary in-
sight into the tacking/reidentification of vehicles across the multiple detectors, which may
be beneficial for the following hierarchical matching model. Therefore, it is necessary to
present a formal description of pair-wise VRI model. To facilitate the presentation of the
essential ideas without loss of generality, we consider the case where the freeway segment

has three detectors (i.e. two consecutive detector pairs).
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6.2.1 Basic VRI subsystem

Consider a freeway corridor with three traffic detectors (i.e. video cameras) demonstrated
in Figure 6.2. The associated pair-wise VRI model is comprised of two independently
operated basic VRI subsystems, i.e. basic VRI on A-to-B and B-to-C. Each basic VRI
subsystem is performed such that the vehicles at the downstream stations (i.e. station C of
pair B-to-C and station B of pair A-to-B) are reidentified at the corresponding upstream
stations. Without loss of generality, only the basic VRI subsystem for detector pair of
B-to-C is described.

A-to-B B-to-C
=1 =1 =
A T BT C
o o T,
Vehicle & Vehicle j Vehicle ¢

Figure 6.2: Conceptual freeway corridor

For a vehicle i arrives at downstream station (i.e. station C) at time ¢” (Figure 6.2), the
vehicle signature, denoted as X l.D = {CI.D , SiD , LZ.D }, is then obtained from IVS!. A search
space, S (i), which represents the potential matches at upstream station (i.e. station B) for
vehicle i, is determined based on the pre-defined time window. Given a candidate vehicle
Jj € S8(i), we may compute the associated feature distance vector, which can be denoted
as (deotor(Js 1)s diype(Js 1), diengn(J+ 1)) Also, we introduce an indicator variable to represent
the matching result between each pair of vehicle signatures, i.e.

{ 1, downstream vehicle i matches upstream vehicle j € S(i) 6.1)
X, = .

0, otherwise

The matching probability, also referred to as the posterior probability, is then calculated

to represent the possibility of each pair of vehicles being the same one given their feature

!The detailed explanation on the extraction of vehicle signature data (C,.D and SiD are the normalized

color feature vector and type feature vector, respectively; LID denotes the vehicle length) can be found in
Section 3.2.
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distances. By applying the Bayesian rule, we may have

p(dcoor’d e’den |x'i = I)P(xz = 1)
P (X - lldcolor’ type?® dlength) 1 o e - (62)
p(dcolor’ dtype’ dlength)

To obtain the explicit matching probability, the denominator in Equation (6.2) can be fur-
ther expressed as

p(dcolor’ dtype’ dlength) = p(dcolor’ dtype’ dlengthl'xji = 1)P(xji = 1)
+ p(dcolor’ dtype’ dlengthlxji = O)P(xji = 0)

(6.3)

The prior probability, i.e. P(x;;), is approximated by the historical travel time distribution

P(x,;=1)= @ x 0.5 (6.4)
P(x,;=0)=1- @ x 0.5 (6.5)

where f(.) denotes the historical travel time distribution, #(j, i) is the time difference be-
tween upstream vehicle i and downstream vehicle j, and # is the normalizing factor. Note
that the deducing of the matching probability in this chapter is slightly different from that
in Chapter 4. In this chapter, we attempt to "explicitly" calculate the matching probability
based on the observation of the feature distances of only one pair of vehicle signatures,
which may be more suitable for the following processing (e.g. bipartite matching and
thresholding).

The calculation of the likelihood function, i.e. p(d = 1), generally

color? type’ dlength |x; ji
follows the same procedure described in Chapter 4. First the statistical model for each
feature distance over the detector pair is built up. For example, the conditional probability
of d . (j, ) 1s given by

pl(dCOlor(ja l)), lf le. =1

S (6.6)
pZ(dcolor(J’ l))’ liji =0

p(dcolor(j, l)lle) = {
where p, denotes the probability density function (pdf) of distance d_ . (j, ) when the
color feature vectors belong to the same vehicle, whereas p, is the pdf of the distance
between different vehicles. Second, the logarithmic opinion pool (LOP) is employed to

fuse the individual likelihood functions in Equation (6.6), and the fusion equation is given
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by

1 «
p(dcolor’ dtype’ dlengthlxji) = %p(dcolorhﬂ) p(dtype|le.)ﬂp(dlength|xﬁ)”,

a+pf+y=1 (6.7)

where the fusion weights «, f and y are used to indicate the degree of contribution of each
likelihood function, and Z; , 1s the normalizing constant. By substituting Equations (6.7)
and (6.3) into Equation (6.2), the desired matching probability can be obtained. In com-
mon with the basic VRI, the bipartite matching method (see Section 4.4) is introduced to
find the matching result (i.e. x ;) such that the overall matching probability between the

downstream and upstream vehicles is maximized.

6.2.2 A discussion on pair-wise VRI

Basically, pair-wise VRI is simply the combination of multiple basic VRI systems. Each

(BC) _ (AB) _
= landxkj =1,

which respectively indicate that vehicle j matches vehicle i over B-to-C, and vehicle i

basic VRI subsystem would generate its own matching result, e.g. x

matches k over A-to-B as shown in Figure 6.2. The connection between these two basic
VRI subsystems can be built up by screening through the vehicle records detected at the
common station (i.e. camera station B) and the final vehicle matching result across the

(AC) A x(AB) BC) _

multiple detectors can be obtained (i.e. x;;~ = x;; x;;~ = I). The detailed screening

procedure is given as follows

Procedure 6.1: Screening process

Input: Index i and k; matching results xX*® and x® from basic VRI

. : (AC)
Output: Matching result x,

1 8G) «—{1,2,... M} /* Search space at station B */;
2 j <1

3 while j < M A xf:;.B)x;lfC) == 0 do

s | i

5 return xgjc) 2 xfj.B)xﬁfc);

For the aforementioned pair-wise VRI, the following two comments should be taken into

account.
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* As the basic VRI subsystem (e.g. basic VRI over A-to-B and B-to-C) is performed
independently, the associated matching results (e.g. xX“® and x®®) may be incon-
sistent. Given the vehicle feature vector K, = {C,, S, L;} of vehicle i detected at
station C, basic VRI over B-to-C may match it to vehicle j (with feature vector
F = {C;,S,,L;}) at station B (i.e. X9 = 1), whereas basic VRI over A-to-B

Ji
may wrongly match vehicle j to vehicle k (with feature vector K, = {C, S, L, })

(AB) _

at station A (i.e. x;; = 1). According to the screening process described in Pro-

cedure 6.1, we may come to the wrong conclusion that vehicle i matches vehicle
k, i.e. xg;.\c) £ xg;B)xﬁ.l?C) = 1. This inconsistency arising from the pair-wise VRI
process may frequently exist when the matching accuracy of basic VRI over some
detector pairs decreases significantly. In other words, the pair-wise VRI is highly
sensitive to the mismatches generated by each basic VRI subsystem. To this end,
we propose an additional hierarchical matching model in which the VRI processes
over multiple detector pairs are considered simultaneously and the matching result
of basic VRI is further adjusted/refined to improve the overall matching accuracy

along the freeway segment.

* The pair-wise VRI method also fails to consider the interdependence of the feature
distances between different detector pairs. It is noticed that the consecutive freeway
segments (e.g. A-to-B and B-to-C) may share a common camera station, at which
the extracted vehicle feature data are utilized by both basic VRI subsystems. Let E,
F; and F,, respectively, denote the feature vectors extracted at the stations A, B, and
C. The corresponding feature distance vectors, e.g. d(i, j) and d(j, k), are expected
to be correlated with other. Within the framework of hierarchical matching model,
we may gain additional benefits (i.e. improving the matching accuracy) by further

considering the spatial correlation of feature distances.

To sum up, this chapter aims to propose an additional hierarchical Bayesian matching
model to further refine the preliminary matching results generated by basic VRI subsys-
tem. Also, a novel statistical model considering the interdependence of feature distances
over space is built up for further improving the matching accuracy. In what follows, the

detailed introduction regarding hierarchical matching model will be presented.
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6.3 Hierarchical matching model

In order to analyze all the detector pairs simultaneously, an integrated framework (i.e.
hierarchical matching model) is developed such that each individual vehicle can be rei-
dentified across multiple detectors. As a matter of fact, the idea of hierarchical matching
has already been evaluated with several other applications in the field of computer vision
(e.g. ; ). In this section, the presentation of the hierar-
chical matching model is completed in three steps. First, a new hierarchical structure for
representing the vehicle matching result is built up (Section 6.3.1). Second, the detailed
methodologies for constructing the vehicle tree structure is introduced (Section 6.3.2).
Last but not least, the unified statistical framework is proposed to calculate the overall
posterior probability based on the observation of a sequence of feature distances along

the freeway segment (Section 6.3.3).

6.3.1 Hierarchical structure for vehicle matching

It is easy to understand that the matching results of VRI over multiple detectors can be
represented by a hierarchical tree structure demonstrated in Figure 6.3. Given a vehi-
cle i detected at station C, the associated vehicle record (i.e. K = {C,,S,,L;}) is then
represented as a root node in the tree (Figure 6.3). By imposing the time window con-
straint based on the arrival time of vehicle i, its corresponding search space S(i) at the
intermediate station B can be obtained and, accordingly, all the vehicle records in search
space S(i) are classified as the children nodes (i.e. level 1 nodes) of the root in the tree
structure. For a vehicle j € S(i) at station B, several distance measures can be incorpo-
rated to calculate the difference between feature data F; and its father node's feature F,.
Let d; = {d 10 1) digpe
of the tree structure. Likewise, the level 2 of the tree structure in Figure 6.3 can also be

(J, 1), diengn(J, 1)} denote the feature distance vector at level 1

established. This process will continue until it reaches the first camera station (i.e. station
Al/level 2 in Figure 6.3).

In such a case, the problem of VRI over multiple detectors is equivalent to finding a path
from the root (i.e. vehicle i) to the leaf level node (i.e. the node at level 2) in the tree
structure (Figure 6.3). In other words, each path in the tree structure corresponds to a

potential matching result for vehicle i, and different path searching strategies may result
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Vehicle ¢ ! N ‘ Station C, Level 0

Fxl 3 EJ Station A, Level 2
| .

Vehicle k

Figure 6.3: A hierarchical structure of vehicle matching across multiple detectors

in different VRI methods. The pair-wise VRI method proposed in Section 6.2 attempts to
find the path level by level from top to bottom in the tree structure. Rather than making
a matching decision instantly and independently on each level, this study proposes a new
path searching algorithm based on the hierarchical structure such that the observations of

a sequence of feature distances (e.g. d, and d,) are considered simultaneously.

6.3.2 Construction of vehicle tree structure: Preliminary clustering

Before proceeding to introduce the detailed path searching algorithm, it is essential to
refine the vehicle tree structure in Figure 6.3 so that the overall computational and search-
ing efficiency of hierarchical vehicle matching can be improved. Note that the number
of the nodes in the tree structure would increase dramatically with respect to the increase
in the number of detectors (i.e. the number of levels in the tree), which may undermine
the efficiency of the searching algorithm. Therefore, this study incorporates a preliminary
clustering/thresholding approach based on the pair-wise VRI to further refine the vehicle
tree.
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As the name suggests, the refinement of vehicle tree is completed by reducing the size of
the candidate vehicle size (i.e. the size of the associated search space §). In this sense, a
preliminary clustering/thresholding method based on the matching probabilities obtained
from pair-wise VRI is then introduced to eliminate those unlikely matches. Given a vehicle
i and its search space S(i) = {1,2, ..., N}, the associated matching probabilities are calcu-
lated on the basis of Equations (6.2), (6.3) and (6.7)". Let {P;lj=1,2,..., N} denote the
set of matching probabilities in descending order. By imposing a threshold = on the value
of the ratio between the neighboring probabilities in the ordered set { P;|j = 1,2,..., N},
one may be able to screen through the search space and rule out those unlikely matches.

The screening process is described as follows.

Procedure 6.2: Preliminary clustering based on pair-wise VRI
Input: A finite set { P;|j = 1,2, ..., N'} of matching probabilities in descending

order
Output: The set of remaining matches for vehicle i, i.e. Sz(i)
1j<1;
2 while j < N -1AP/P,,, <7do
NINEVERE
a4 return Sx(i) 2 {1,2,....j};

Figure 6.4 shows the overall framework for the construction of the vehicle tree struc-
ture, which is of great importance to the following development of hierarchical matching
method. On one hand, the proposed hierarchical matching method serves as a correction
step on the matching results generated by pair-wise VRI. On the other hand, the pair-wise
VRI provides preliminary insight (e.g. refined candidate vehicle set) into the task of VRI
over multiple detectors.

6.3.3 Statistical framework for hierarchical matching

As previously explained, the task of VRI over multiple detectors is equivalent to find the
"optimal" path from root node to the leaflevel node. One natural approach would be to find
the path with the minimum feature distance, which can also be referred to as distance-based

method. Consider a vehicle tree structure (see Figure 6.4), where the root node represents

!'The readers can refer to Section 6.2.1 for a more detailed explanation on the calculation of the matching
probabilities.
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Figure 6.4: Illustrative example of the construction of vehicle tree

the record of vehicle i, and the set of leaf nodes is denoted as £ = {1,2,..., M}, which
implies that there are M paths from top level to bottom level. In addition, we may also
obtain a sequence of feature distances (dﬁk), d(zk), ...) for each vehicle k € L. Within the
framework of distance-based method, the final matching result for vehicle i is then given
by
: (k)

ar%er?m Z d, (6.8)
where k denotes the index of the vehicle in the leaf level and d;k) is the associated feature
distance observed at /th level. Despite its computational efficiency and ease of imple-
mentation, distance based method fails to consider the uncertainty of the feature distance
and the interdependence of feature distances over space (i.e. different levels in the vehicle
tree). In view of this, this study proposes a Bayesian framework for hierarchical matching

decision-making.

For each node (vehicle j at level /) in the tree structure, a binary state random variable

(’) € {1,0} is introduced to represent the matching results:

X

0 _ { 1, the vehicle matches the root vehicle i 6.9)

0, otherwise

Given a specific vehicle j at level /, the corresponding path from root node (i.e. vehicle
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i) to this node is also obtained. For simplicity, let d(lj:)l £ {dg) }/ . denote the associated

w=1
measurements of feature distances from top level to level / along this particular path. By
building up appropriate statistical models for feature distances over space, we may be able
to calculate the posterior probability (i.e. P(xlm = lld(lj:),)) of vehicle j being matched to
the root node (i.e. vehicle i) given the observations of a sequence of feature distances
d(lj:)l. Likewise the posterior probability for other nodes can also be obtained. Within the

framework of statistical matching method, the matching result is then given by

argmax P(x\” = 1]d}") (6.10)

kel
In other words, the hierarchical matching problem is solved by finding the "optimal" path
from the root to the leaf level node, such that the a posterior probability of a correct match
(i.e. xﬁk) = 1) at particular leaf node, given the feature distances along the path, is max-
imized. In the remainder of this study, a hierarchical Bayesian framework is introduced

for calculating the posterior probability in Equation (6.10).

6.4 Hierarchical Bayesian modeling on feature distances

For the sake of simplicity, letd,., = {d,,}. _, denote a sequence of feature distance mea-
surements along a particular path (i.e. the path from the root node to the node of interest
at level /) in the tree structure. Also, the matching result of the node of interest at level /
is denoted as x,. By applying Bayes rule on Equation (6.10), we may have

P(x, = 1)pd,./|x, =1)

P(x, =1]d,.) = @) (6.11)

where x;, = 1 indicates that the node of interest at level / matches the root node (i.e.
vehicle 7). To obtain the explicit posterior probability, the denominator in Equation (6.11)

can further be expressed as

pd,.) = P(x;, = Dpd,.|x, =1)+ P(x, =0)p(d,.,|x, =0) (6.12)
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By substituting Equation (6.12) into Equation (6.11), we may obtain

P(x;, = Dpd,. |x, =1)
P(x;, = Dpd,.,|x, =1)+ P(x, =0)p(d,.,|x, =0)
1 (6.13)
P(x, =0)p(d,.,|x, =0)
P(x, = 1)pdd,. |x, =1)

P(x, =1/d,.) =

As illustrated in Equation (6.13), the calculation of the posterior probability is dependent
on the deducing of the likelihood function (i.e. p(d,.;|x,;)) and the prior probability (i.e.
P(x,)). In what follows, the calculation of the likelihood function would become the major

concern.

6.4.1 Hierarchical model of a sequence of feature distances

Within the framework of hierarchical modeling, the joint distribution of observing a se-

quence of feature distances d, ., can be represented as products of conditionals, i.e.
pdylx) =[] pd,ld;., 1. x) (6.14)

where d , is the observed feature distance at level w. The implication of Equation (6.14)
is that the feature distances observed at different levels are correlated with each other
(i.e. spatial dependencies exist), and it is mathematically tractable to express full joint
probability (i.e. left-hand side of Equation (6.14)) with the hierarchical model.

To further simplify the hierarchical model mentioned above, an assumption of Markov
property of the feature distances along the path from the root to the node of interest is
imposed. Specifically, the observation of a sequence of feature distances d, ., is considered
as a first order homogeneous Markov process ( ), and it has the

following property
pd,|d,.,_,)=pd,d, ) Yoe{l,2,..,1} (6.15)

which means that the observation of the feature distance d,, at level w is only dependent
on the distance d,_, at level w — 1. The physical interpretation of Equation (6.15) is that

only the feature distances observed at two consecutive segments are considered correlated
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with other!.

According to the law of total probability, we may obtain

pd, lx, =) =pd,.,|x, =1L x_, =DPx_, =1lx,=1)
+pd,.,|x,=1,x_, =0)P(x,_, =0|x,=1)

(6.16)

Also, we have P(x,_, = 1|x; = 1) = 1, which suggests that if a child node at level / is a
correct match to the root node (i.e. x;, = 1), then its parent node at level / — 1 should also

match the root node (i.e. x,_; = 1). Therefore, Equation (6.16) can be reformulated as

d,|x,=1)=pd,,|x,=1,x,_,=1)
pd;|x pd;|x -1 (6.17)

=pd)|dy.;_,x; = 1,x,_, = Dp(dy.;_ |, = 1)

Based on the above-mentioned Markov assumptions (Equation (6.15)), we may have
pdy,lx, =1 =pdld_;,x;=1,x,_, = Dp(d,,_[x,_, =1) (6.18)

By applying Bayes rule, we may further obtain

P(x,_; = 1|d;.,_)pd,.,_)
P(x,_,=1)
_ pdld,_;,x;=1,%x_, =Dpld,.,_,)
B P(x,_; =1)

p(dlzllxl =1) =p(d1|d1_1, X = 1, X;_1 = 1)

(6.19)

P(x,_, = 1|d1:l—1)

where P(x,_, = 1|d,.,_,) is a posterior probability of the its parent node at level / —
1 being matched to the root node, given a sequence of feature distance measurements
d,.,_; pd|d,_;,x; = 1,x,_; = 1) is the conditional probability, which is introduced for
characterizing the spatial dependencies of the feature distances. Given P(x,_; = l|x, =

1) =1, we get

P(xl—l = 1|xl = l)P(xl =1 _ P(xl =1
PG, =1lx,; =1) P(x; = l|x,_, = 1)

Pix_, =1)= (6.20)

On the basis of Equations (6.19) and (6.20), the term P(x; = 1)p(d,.;|x, = 1) in Equa-

I'The two consecutive segments may share the common camera station (detailed explanation can be found
in Section 6.2.2.)
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tion (6.13) can be expressed as

P(x; = Dp@, ., |x, =1) =pd,|d,_;,x, = 1,x,_; = Dp(d,.,_)P(x; = 1]|x,_; = 1) (6.21)
P(x,_y =1|d;,_y)

Likewise, p(d,.,|x, = 0) can also be calculated as follows:

pd,.|x, =0)=p(d,,|x, =0,x,_, = DP(x,_; = 1]x, = 0)
+ p(d,.,|x, =0,x,_, = 0)P(x,_, =0]x, = 0)
=p(d|d,_;,x,=0,x,_, = Dpd,.,_,|x,_;, = DP(x,_, = 1|x, =0)
+p(d,ld,_;,x;, =0,x,_, =0)pd,.,_|1x,_, = 0)P(x,_, =0]x, =0)

By applying Bayes rule, we may obtain

pld,ld,_1,x; = 0,x,_; = D)p(d;.,_;)
pd,.,|x, =0)= —P(x,_, = 1|x, =0)
1:01% PG, =1 -1 i
pldld,_,x, = 0,x,_, = 0)p(d, ;) (6.22)
P(x,_, =0)

Py =1ld., )+

Then, the term P(x, = 0)p(d,.,|x, = 0) in Equation (6.13) can be reformulated as

P(x; =0)p(d,|x, = 0) =p(d,|d,_,x, = 0,x,_; = Dp(d,.,_,)
P(x, =0|x,_, = D)P(x,_, = 1]|d,.,_,)
+pdld_,x; = 0,x,_, = 0)p(d,;,_,)
P(x,_, =0ld;;;_p)

(6.23)

Therefore, by substituting Equations (6.21) and (6.23) into Equation (6.13), we may get

P(x, = 11d,.) = ﬁ (6.24)
1

where ¢, is defined as

abdld_,x;=0,x,_; =1P(x; =0|x,_; = 1)
YUpd)d,_,x, = 1,x,_, = DP(x; = 1]|x,_, = 1)
pdld_,x,=0,x,_;, =0)P(x,_, =0[d;,,_,)
pdld,_,x, =1,x_, =1)P(x, = 1|x,_, = DP(x,_, = 1|d,.,_,)

(6.25)
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It is easily observed that &, is the function of P(x,_, = 1|d,.,_,) and the associated condi-
tional probability density function p(d,|d,_,, x,, x,_,). Therefore, the posterior probability
along a particular path (i.e. the path from the root node at top level to the node of interest
at level /) can be recursively calculated using the recursion Equations (6.24) and (6.25).
For the aforementioned recursion equations, the following four comments should be taken

into account.

* The term P(x,|x,_,) in Equation (6.25) can be viewed as the prior knowledge for
conducting hierarchical vehicle matching. In this study, the prior probability is de-
fined as P(x,|x,_,;) = 0.5, which suggests that the hierarchical matching is solely
based on the comparison between the vehicle feature data. Since the set of candi-
date vehicles has already been refined by performing pair-wise VRI (Section 6.3.2),
the additional prior knowledge may not be beneficial for the hierarchical matching

process.

* The term P(x,_,|d;.,_,) in Equation (6.25) indicates that the matching probability
at current level / is dependent on the probability at previous level in the vehicle tree,
which also implies that the vehicle matching across multiple detectors is considered

simultaneously.

» Although the recursion equations are derived based on the assumption of first or-
der Markov property of the feature distances (see Equation (6.15)), a higher order

Markov model is equally applicable to the hierarchical matching process.

» The conditional probability density function p(d,|d,_,, x,;, x,_,) 1s another critical
component in the hierarchical Bayesian modeling. By considering the spatial de-
pendencies between feature distances, the proposed hierarchical model is expected
to outperform the pair-wise VRI method in terms of the matching accuracy. In what
follows, a statistical model, which allows the probabilistic description of feature

distances over space, is introduced.

6.4.2 Probabilistic modeling of feature distances over space

By applying Bayes rule, the conditional probability p(d,|d,_,, x,, x,_,) can be expressed as

pld;, d;_(1x),x,_1) _ p(d;,d;_(1x),x,_1)
pd;_y|x;, %) pld_y1x,_y)

pld)ld,_y, x;, x,_y) = (6.26)
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For the denominator (i.e. p(d,_,|x,_,)) in the right-hand side of Equation (6.26), we utilize
the same statistical model (see Equation (6.6)) that proposed in Section 6.2.1. The readers
can also refer to Section 4.3.3 for a more detailed explanation on the calibration of this
statistical model (e.g. finite Gaussian mixture model and estimation of the model parame-
ters). In this case, the estimation of the joint probability density function p(d,, d,_,|x;, x,_;)

would become the major concern.

As the feature distance d, consists of multiple vehicle feature distances (e.g. color, length,
type), the logarithmic opinion pool (same as Equation (6.7)) is then employed to fuse the

information and, accordingly, the joint probability can be reformulated as

1 %) -1 (OI(ES)!
p(d),d;_|x;, %) = 7 P(dcolor, dcolor I, x;_ )ap(dtypea dtype 1%, x;_ )ﬁ
LOP (6.27)

O} (=1
p(dlength’ dlengthlxl’ xl—l)y’ @+ ﬁ +y= 1

where dif))lor and digolr) denote the observed color feature distance at level / and level / — 1,
respectively; the fusion weights a, f and y are used to indicate the degree of contribution
of each joint probability function, and Z| ., is the normalizing constant. To facilitate
the presentation of the essential ideas without loss of generality, we only consider the

estimation of joint probability for color feature distance. For the sake of simplicity, denote
O]

color®

d, as the color feature distance d

First, let us consider the definition of the joint probability p(d,,d,_,|x, = 1,x,_, = 1) by
revisiting the framework of hierarchical matching (Figure 6.4). Assume that vehicles i, j
and k are the same vehicle appearing at three stations. Therefore the associated distance
measures d, and d, can be obtained and the multivariate statistical model (i.e. multivariate
normal distribution) can be calibrated from these training data. To be more specific, a
training database containing sequential records of 600 vehicles is built up. Figure 6.5
shows the calibration result of the joint probability density function (pdf of multivariate
normal distribution) of d, and d,. Mathematically speaking, the formula can be expressed
as follows:

fd,p,%) = e 2@-W"E d-p) (6.28)

V27z|Z|

where d = (d,, d,)" is the random color feature vector and y = (u,, u,)" is the associated
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Figure 6.5: Multivariate histogram and the fitted normal distribution

the mean value. By applying the maximum likelihood estimation method, we may have:

0.3032 0.0074 0.0020
= and ¥ = (6.29)
0.2925 0.0020 0.0056

The correlation coefficient p, is then given by:

COU(dla dz) _ 0.0020
0,0, 1/0.0074 x 0.0056

P = =0.3107 (6.30)

where o, and o, are the standard deviations of d, and d,, respectively. The fact that
p1, # 0 indicates that the color feature distances d, and d, are actually correlated with
each other. Similarly, the other joint probabilities, such as p(d,,d,_;|x, = 0,x,_;, = 1)
and p(d,,d,_;|x, = 0,x,_, = 0) in Equation (6.25), can also estimated. On the basis of
the calibrated statistical model of feature distances over space, the posterior probability
at each node along a particular path in the vehicle tree could be calculated. The final
solution for the hierarchical matching can then be obtained by solving the optimization
Problem (6.10). In the next section, we will present the preliminary test results regarding

the performance of the hierarchical Bayesian matching model.

6.5 Test results

In this research, the performance of the proposed hierarchical Bayesian matching model

is evaluated against the pair-wise VRI method in terms of the matching accuracy over

117




6.5 Test results

multiple camera detectors.

6.5.1 Dataset for algorithm evaluation

Before presenting the experimental results, a brief introduction of the dataset that are uti-
lized for algorithm evaluation is presented. The test site is a 34.9-kilometer-long three-lane
freeway segment in Bangkok, Thailand (see Figure 6.6). At each station a gantry-mounted
video camera, which is viewed in the upstream direction, is installed, and two hours of
video record were collected between 10 a.m. and noon on June 20, 2012. The frame rate
of the video record is 25 FPS, and the still image size is 563 X 764. Two consecutive
segments (i.e. the green section in Figure 6.6) are chosen for algorithm evaluation: 1) a
4.2-kilometer-long segment (i.e. between 02A and 04A); 2) a 5.5-kilometer-long segment
(i.e. between 04A and 06A). As the detailed vehicle feature data are not readily obtainable

from the raw video record, the intelligent video surveillance (IVS) is then employed for

extracting the required information'. Based on the video record collected at the test site,

Figure 6.6: Test site in Bangkok, Thailand

1406 vehicles are detected at there camera stations (i.e. 02A, 04A and 06A) during the
two-hour video record. For the purpose of model calibration and algorithm evaluation,
these 1406 vehicles are manually matched/reidentified by the human operators viewing
the video record frame by frame. In other words, the ground-truth matching results of
the 1406 vehicles are obtained in advance. Sequential records of the first 600 vehicles

are used for model training and calibration (see Section 6.4.2), while the rest of vehicle

"Detailed implementation of the IVS for traffic data extraction can be found in Section 2.3 and Chapter 3.

118



6.5 Test results

dataset are utilized for the test of the proposed hierarchical Bayesian matching model.

6.5.2 Comparison between pair-wise VRI and the improved method

As discussed in Section 6.2, the fundamental component of the pair-wise VRI is the basic
VRI subsystem. In this particular case, two basic VRI subsystems are applied indepen-
dently such that the matching result on each segment can be obtained and, consequently,
the matching accuracy of pair-wise VRI over three detectors can be easily calculated.
Meanwhile, the construction of vehicle tree structure (threshold value 7 = 3) can be com-
pleted based on the results of basic VRI subsystem (see Section 6.3.2). By performing
the hierarchical matching method on the vehicle tree structure (see Equations (6.24) and

(6.25)), the improved matching results are then obtained.

Table 6.1: Comparison between pair-wise VRI and the improved method

Detector pair a b
Matching method 06A-04A" 04A-02A 06A-02A° 06A-04A-02A
Basic VRI 4491%° 62.28%  28.98% ---
Pair-wise VRI -—- -—- -—- 34%
Improved method* -—- -—- -—- 41.19%

& Match vehicle from 06A to 04A.

b Match vehicle from 06A to 02A regardless of the information obtained at intermediate point (i.e. 04A).
¢ Matching accuracy of the proposed method.

4 Hierarchical Bayesian matching method.

Table 6.1 compares the performances (i.e. matching accuracies) of different vehicle match-
ing methods. The first row of Table 6.1 indicates that the performance of basic VRI sub-
system would gradually decrease with respect to the increase in the length of freeway
segment (which has already been explained in Section 6.1). The primary reason for low
matching accuracy (i.e. 28.98%) of basic VRI over 06A-to-02A is that we did not take
full advantage of the vehicle feature data observed at the intermediate station (i.e. sta-
tion 04A). By applying pair-wise VRI, the connection between two basic VRI subsystems
(e.g. VRI over 06A-04A and 04A-02A) can be built up (see Procedure 6.1) and, hence, a
higher matching accuracy over multiple detectors can be expected (i.e. 34% in the second
row of Table 6.1). The proposed hierarchical Bayesian matching method further considers
the vehicle matching over multiple detectors as a integrated process, and proposes a suit-
able statistical model to describe the spatial dependencies between the feature distances.
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Therefore, the matching accuracy is further improved to 41.19%.

Figure 6.7 shows the matching results for a vehicle at station 06A by respectively applying

the pair-wise VRI and hierarchical matching method. Note that basic VRI subsystem over

Pair-wise VRI

Hierarchical Bj

Figure 6.7: Illustrative matching example

04A-02A produces a mismatch'. As pair-wise VRI performs basic VRI independently,
the mismatches of a single subsystem could fail the whole system. On the other hand,
the proposed hierarchical Bayesian matching method could correct/refine the matching

results by considering the spatial correlations between the feature distances.

I'The reason for generating this mismatch is still unknown. The most likely explanation is that the vehicle
image at 04A becomes extremely blurry and, hence, the calculated feature distance is less reliable, which
eventually leads to the mismatch.
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6.6 Conclusion remarks

This chapter aims to develop an additional hierarchical Bayesian model for vehicle rei-
dentification on freeway segment with multiple detectors. A hierarchical matching com-
ponent is introduced so that vehicle matching over multiple segments is treated as an in-
tegrated process. By utilizing the preliminary information (i.e. refined candidate vehicle
set) obtained from basic VRI, the hierarchical tree structure is built up. A statistical model
considering the spatial dependencies between feature distances is also incorporated to fur-
ther improve the matching accuracy. The hierarchical matching problem is then solved by
finding the optimal path in the hierarchical tree structure, such that the posterior probabil-
ity of a correct match given a sequence of feature distances along this path, is maximized.
This novel method is further evaluated against the pair-wise VRI in terms of matching

accuracy over multiple detectors.
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Self-adaptive VRI system under

dynamic traffic conditions
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Chapter 7

Iterative VRI system with temporal

adaptive time window

This chapter proposes an iterative vehicle reidentification (VRI) system with temporal
adaptive time window to estimate the mean travel time for each time period on the freeway
under traffic demand and supply uncertainty. To capture the traffic dynamics in real-time
application, inter-period adjusting based on the exponential smoothing technique is intro-
duced to define an appropriate time window constraint for each time period (i.e. temporal
adaptive time window). In addition, an intra-period adjusting technique (i.e. iterative
VRI) is also employed to handle the non-predictable traffic congestions. To further re-
duce the negative effect caused by the mismatches, a post-processing technique including
the thresholding and stratified sampling, is performed on the travel time data derived from
the VRI system. Several representative tests are carried out to evaluate the performance of
the proposed VRI against the potential changes in traffic conditions, e.g. recurrent traffic
congestion, freeway bottlenecks and traffic incidents. The results show that this method

can perform well under traffic demand and supply uncertainty.

7.1 Introduction

As one of the best indicators for evaluation of the performance of traffic system, accu-

rate travel time data are crucial for efficient traffic management and transport planning.
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Therefore, it is of great importance to estimate the mean travel time in a robust and accu-
rate manner. Because of the worldwide deployment of inductive loops, a large number of
studies focused on utilizing the traffic data (e.g. spot speed, traffic flow) obtained from the
traditional sensors to indirectly measure the mean travel time' (e.g.

; ). Despite their computational efficiency and analytical simplicity,
these indirect methods based on traditional sensors would result in large errors when it
comes to serious traffic congestion ( ). To overcome this difficulty, consid-
erable attention has been paid to use the emerging sensing technologies to directly track
the individual probe vehicle and hence collect the associated travel time (which could be
termed as probe-vehicle-based method®). Various advanced technologies, such as Blue-
tooth ( ), Global Positioning System technologies (

), license plate recognition technique ( ) and cellular phones (

) have been incorporated to assign a unique identity (e.g. plate number, media access
control address and radio frequency identification tag) to the probe vehicle. By the accu-
rate matching of the vehicle identities, the travel time of probe vehicle can be measured
directly. Although these probe-vehicle-based approaches appear promising for travel time
estimation, their successes rely on a high penetration rate of probe vehicles. Also, vehicle
tracking based on the unique identity could raise privacy concerns. In this case, the ve-
hicle reidentification (VRI) scheme, which does not intrude driver's privacy, provides an

alternative way to measure the travel time.

As explained in Chapter 4, VRI is a process of matching vehicle signatures (e.g. wave-
form ( ), vehicle length ( ), vehicle color (

), and partial plate number ( )) from one detector to the
next one in the traffic network. On one hand, the non-uniqueness of the vehicle signature
would allow the VRI system to track the vehicle anonymously. Also, the penetration rate
is 100% in principle as no in-vehicle equipment is required. On the other hand, this prop-
erty of very non-uniqueness imposes a great challenge on the development of the vehicle
signature matching method. To improve the matching accuracy, com-
pared the lengths of vehicle platoons (i.e. vehicle platoon matching method). To further
consider the noise as well as the non-uniqueness of vehicle signature,
proposed a statistical matching method in which the vehicle signature is treated as random
variable and a probabilistic measure is introduced for matching decision-making. The

aforementioned approaches, however, are limited to the case with only one lane arterial,

!'The readers can refer to Section 2.1.2 and 2.1.3 for a more comprehensive review of indirect travel time
estimation methods.
2A detailed introduction regarding this method can be found in Section 2.1.4
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and have a set of stringent assumptions on vehicle traveling behaviors (e.g. no overtaking,
no lane-changing). The basic vision-based VRI proposed in Chapter 4 extends the statis-
tical signature matching method to a more practical case in which overtaking between
vehicles as well as the vehicle matching across multiple lanes are both allowed. A prob-
abilistic data fusion rule is then introduced to combine these features derived from IVS
systems to generate a matching probability (posterior probability) for matching decision-
making. Basic VRI system also introduces a prior (fixed) time window, which sets the
upper and lower bounds of the travel time in the hope of ruling out the unlikely candidate
vehicles and, hence, improving the matching accuracy, which, in turn, would yield a more
reliable travel time estimator. However, it is noteworthy that this basic VRI was specif-
ically designed for a short time period in which the traffic condition is relatively stable
(i.e. steady-state condition) and may not be applicable for "real-time" application under

dynamic traffic conditions (see Section 4.6).

The development of VRI system for "real-time" implementation under dynamic traffic
conditions is still difficult as it faces the following two major challenges. First, due to
the traffic demand and supply uncertainty (e.g. fluctuation in travel demand, bottleneck
effect and traffic incidents), the traffic conditions may substantially change from period
to period (i.e. free flow to congested). Under these circumstances, the fixed time-window
constraint may compromise the performance of the basic VRI system. Thus, instead of
explicitly incorporating the time window, utilized the travel time in-
formation estimated from the spot speed data and proposed a combined estimation model
to reidentify the vehicles. As previously discussed that the travel time estimated from
spot speed data is not reliable, this approach may not perform well under demand and
supply uncertainty. Second, vehicle mismatches, which are caused by the non-uniqueness
of vehicle signatures and the complex topological structure of the traffic network, are to
be expected. This situation could get worse when a traffic incident happens. Therefore, a
robust post-processing technique regarding the individual travel time obtained from VRI
system is required. suggested a data clustering method to filter out
the erroneous individual travel time caused by the mismatches. For practical implemen-
tation, however, it may still be difficult to distinguish between the correct and erroneous
travel time under "abnormal" traffic conditions (e.g. the occurrence of an incident or the
bottleneck effect).

To this end, the objective of this chapter is to propose an improved self-adaptive VRI

system to cope with the purpose of real-time travel time estimation under dynamic traffic
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conditions. Specifically, this study aims to estimate the mean travel time for each time pe-
riod (e.g. 5-min period) on the freeway under traffic demand and supply uncertainty. The
proposed VRI system is based on basic vision-based VRI with two major improvements

as follows.

* First, to filter out the erroneous travel time caused by the mismatches, a threshold-
ing process based on the matching probability' is performed. A stratified sampling
technique based on vehicle type is then introduced to reduce the bias in the mean

travel time estimates.

» Second, a self-adaptive time window component (i.e. inter-period and intra-period
adjusting) is introduced into the basic VRI system to improve its robustness against
potential changes in traffic conditions. Inter-period adjusting of time window (i.e.
temporal adaptive time window) based on exponential smoothing technique is adopted
to capture the traffic dynamics from period to period ( ),
whereas the intra-period adjusting (i.e. iterative VRI) is employed to handle the
non-predictable traffic congestion (e.g. caused by traffic incidents or the bottleneck
effect).

After the theoretical development, various numerical tests are conducted to demonstrate
the application of the improved VRI system. The first simulation test investigates the
feasibility of utilizing the improved VRI system to estimate the mean travel time for a
closed freeway segment containing recurrent congestions due to exceeding traffic demand.
In the second simulations, the method is evaluated on a freeway corridor with on- and off-
ramps. A freeway bottleneck then arises due to the high merging demand and lane drops.
The simulation results show that the proposed method performs well under bottleneck
effect. The third simulation test is then conducted to test the performance of the algorithm

under non-recurrent congestions (caused by traffic incidents).

The rest of the chapter is organized as follows. Section 7.2 presents a brief review on the
simplified version of basic VRI system. In Section 7.3, the post-processing technique (e.g.
thresholding and stratified sampling) regarding the individual travel time obtained from
the VRI system is introduced. The detailed description and analysis of the self-adaptive

time window component is proposed in the following section. In Section 7.5, simulated

!'The matching probability is this chapter is explicitly calculated for each pair of vehicle signatures (see
Section 7.2.2), which is slightly different from that in Chapter 4.
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tests are carried out to evaluate the performance of the proposed system. Finally, we close

this chapter with the conclusions and future works.

7.2 Simplified version of basic VRI

The basic vision-based VRI with fixed time window is devised to estimate the mean travel
time under static traffic conditions (e.g. a steady-state of free flow/congestion). In line
with the other traditional VRI schemes, the basic vision-based VRI also involves two ma-
jor steps: 1) vehicle feature extraction; 2) vehicle signature matching method. As the
detailed traffic data (especially the vehicle feature data) are not readily obtainable from
the raw video record, the intelligent video surveillance (IVS) system is then employed for
extracting the required information (e.g. various vehicle feature data). Detailed imple-
mentation of the IVS for traffic data extraction can be found in Section 2.3 and Chapter
3. In what follows, a formal description of vehicle feature data obtained from IVS is

presented.

7.2.1 Vehicle feature data

IVS provides a large amount of vehicle feature data (e.g. vehicle color, length, and type)
for system development and evaluation. The intrinsic vehicle signature, X = {C, S, L},
is generated for each detected vehicle, where C and .S are the normalized color feature
vector and type (shape) feature vector, respectively; L denotes the vehicle length. To be
more specific, the color feature (i.e. frequencies of different colors across the vehicle
image) is represented by a 360-dimensional vector C, the type/shape feature .S is a 6-
dimensional vector that consists of the similarity score for each template, and vehicle
length L is simply represented by the height of vehicle image. Also, the extrinsic vehicle
data, such as the vehicle's arrival time ¢ and spot speed v, are obtained during the detection

process. Therefore, the individual vehicle record can then be represented as (¢, v, X).

For practical implementation, the vehicle records detected at upstream station will be
stored in the upstream database. Let U, = (tf/, vf],X,.U) denote the record of the ith
upstream vehicle, where X IU = {CI.U, SZ.U, L,U} represents the associated vehicle signa-

tures (i.e. color, type, and length). In this case, the upstream database is denoted as
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U = {U;li = 1,2, ...}, which could be updated with time propagation. Let D = { D;|D; =
(tf , vf’ X J.D ),j =1,2,... M} denote the M vehicle records generated at downstream sta-
tion during a specific time period (e.g. 5-min period). The VRI is to find the correspond-
ing upstream vehicles for these M downstream vehicles based on the generated vehicle

signatures.
In order to quantify the difference between each pair of upstream and downstream vehi-
cle signatures, several distance measures are then incorporated. Specifically, for a pair

of signatures (X", X jp ), the Bhattacharyya distance is utilized to calculate the degree of

similarity between color features, i.e.

360 172
dcolor(i7j) = [1 - Z C,U(k)CJD(k)] (71)
k=1

where k denotes the kth component of the color feature vector. The L, distance measure

is introduced to represent the difference between the type feature vectors, i.e.

6
dypelin ) = ) 1SV (k) = SP (k)] (7.2)
k=1

The length difference is given by
dyengn(i J) = | L] = L7 (7.3)

However, in practice it is unnecessary to compute the distances between all pairs of up-
stream and downstream vehicle signatures. To rule out the unlikely candidate vehicles
at upstream database and improve the overall computational efficiency, a time window

constraint is then introduced for vehicle signature matching.

7.2.2 Vehicle signature matching method

7.2.2.1 Time window constraint

A time window, which sets the upper and lower bounds of travel time, is introduced to

define the search space (i.e. set of potential upstream matches) for the downstream vehicle.
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Given a downstream vehicle j € {1,2,... M}, its search space, S(j), is given by:

max — i min} (74)

SG) = {ilt? =t <17 <17 —1

wheret,  and?,,, are, respectively, the upper and lower bounds of the time window. Fora
sequence of downstream vehicles {1, 2, ... M }, the set of the candidate upstream vehicles,

i.e. S is defined as

M
s=Jsw (75)
j=1

t. ] can be calibrated from the avail-

min> *max

Under static traffic condition, the time window [¢

able historical travel time data.

With the associated search space S, the vehicle signature matching method is equivalent to
finding the correspondence between {1,2, ... M } and §. Herein we introduce an indicator

variable to represent the matching result, i.e.

(7.6)

X, =

1, downstream vehicle j matches upstream vehicle i € §
0, otherwise

Recall that for each pair of vehicle signatures, (XZ.U, ij), ied,je{l,2,... M}, one may
compute the distance (g (i /): diype(is j)s diengin(is j)) based on Equations (7.1), (7.2)
and (7.3). A simple solution (i.e. distance-based method) is then to find the matching
result x;; with the minimum feature distance. However, it should be noted that the vehi-
cle signatures contain potential noise and are not unique. Therefore the distance measure
cannot really reflect the similarities between the vehicles. Instead of directly compar-
ing the feature distances, this study utilizes the statistical matching method. Based on
the calculated feature distance (dojor(is)s diype(is j)s diengn(is j)), @ matching probability

P(x;; = 1d 105 dyypes Aiengen) 18 provided for the matching decision-making.

type?

7.2.2.2 Calculation of matching probability

The matching probability, also referred to as the posterior probability, plays a fundamental

role in the proposed VRI system. By applying the Bayesian rule, one may have

p(dcolor’ dtype’dlengthlxij = 1)P(xij =1)

P(xi' = lldcolor’d e’dlen h) =
’ oP . p (dcolor’ dtype’ dlength)

(7.7)
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where p(dojor digpes diengm|X;; = 1) 1s the likelihood function; P(x;; = 1) is the prior
knowledge about the matching result without observing the detailed vehicle feature data.

In addition, one may also have

p(dcolor’ dtype’ dlength) = p(dcolor’ dtype’ dlengthlxij = 1)P(xij = 1)
+ p(dcolor’ dtype’ dlengthlxij = O)P('xij = 0)

(7.8)

On the basis of Equations (7.7) and (7.8), it is observed that the calculation of the matching
probability is dependent on the deduction of the likelihood function and the prior proba-
bility. In this particular case, the prior probability is approximated by the historical travel

time distribution

_ ) s

P(x, =1) (7.9)

SA@ID) o5

P(x;=0)=1- ,

(7.10)
where f(.) denotes the historical travel time distribution, #(i, j) is the time difference be-

tween upstream vehicle i and downstream vehicle j, and # is the normalizing factor.

The calculation of the likelihood function is completed in two steps. First, individual sta-
tistical models for the three feature distances are constructed and the corresponding likeli-
hood functions are also obtained (i.e. p(dgoyo|X;; = 1), p(dyypelx;; = 1), and p(dyepem|x;; =
1)). Then a data fusion rule is employed to provide an overall likelihood function used in

the posterior probability (7.7).

7.2.2.3 Statistical modeling of feature distance

Without loss of generality, only the probabilistic modeling of color feature distance is de-
scribed. In the framework of statistical modeling, the distance measure is assumed to be a
random variable. Thus, for a pair of color feature vectors (CI.U, ij ), the distance d_,,.(i, j)
follows a certain statistical distribution. The conditional probability (i.e. likelihood func-
tion) of d,,.(i, j) 1s then given by

P1leoior(is ), ifx;; =1

T (7.11)
pZ(dcolor(l7 .]))’ lfxl-j =0

P10 (i j)lx,'j) = {
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where p, denotes the probability density function (pdf) of distance d_, (i, j) when color

color
feature vectors C and C J.D belong to the same vehicle, whereas p, is the pdf of the distance
d . 1.:(i, j) between different vehicles. A historical training dataset that contains a number
of pairs of correctly matched vehicles are utilized for estimating the pdfs p, and p,. Like-
wise, the likelihood functions for the type and length distances can also be obtained in a

similar manner.

7.2.2.4 Data fusion rule

In this study the logarithmic opinion pool (LOP) approach is employed to fuse the individ-
ual likelihood functions. The LOP is evaluated as a weighted product of the probabilities
and the equation is given by

1
p(dcolor’ dtype’ dlengthlxij) = Z—p(dcolorlxij)ap(dtype|xij)ﬁp(dlength|xij)y’
LOP

a+f+y=1 (7.12)

where the fusion weights a, f and y are used to indicate the degree of contribution of
each likelihood function, and Z, , is the normalizing constant. The weights can also be
calibrated from the training dataset. By substituting Equations (7.8), (7.9) and (7.12) into
(7.7), the desired matching probability can be obtained. For the sake of simplicity, let P;

denote the matching probability between upstream vehicle i € § and downstream vehicle

J-

Note that the aforementioned matching probability in Equation (7.7) is slightly different
from that (see Equation (4.9)) in chapter 4. In this chapter, we attempt to "explicitly"
calculate the posterior probability based on the observation of the feature distances of
only one pair of vehicle signatures, whereas the basic VRI is trying to calculate an over-
all posterior probability based on the observations of feature distances between two sets
of vehicles (i.e. upstream set and downstream set). Therefore, the simplified equation
(Equation (7.7)) could provide an explicit matching probability for each individual pair of
vehicles, which may be more suitable for the following processing (i.e. post-processing

in Section 7.3).
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7.2.2.5 Bipartite matching method

Recall that the basic VRI system is to find the matching result x;; between the downstream
vehicleset {1,2, ... M} and its search space S (assume that there are N candidate vehicles)
simultaneously based on matching probability { P, j|i =1,2,...N;j=1,2,... M}. The
signature matching problem is then formulated as

N M
min ' Y —Px, (7.13)
X =1 =l
st.x; € (0,1}, VieS,je(l,2,..,M) (7.14)
N
Y ox;=1, Vie(l.2,..M) (7.15)
i=1
M
Y x;<1, vies (7.16)

~
1l
—_

Objective (7.13) is to maximize the overall matching probabilities between the two sets.
Constraint (7.14) ensures that the decision variables are binary integers. Constraint (7.15)
requires that a downstream vehicle can have one matched vehicle at upstream station,
whereas constraint (7.16) guarantees that an upstream vehicle can have, at most, one
matched vehicle at downstream (normally N > M). This combinatorial optimization
problem is equivalent to a minimum-weight bipartite matching problem, which has al-
ready been widely studied and can be efficiently solved by the successive shortest path
algorithm with computational complexity of O(M?N). This optimization problem is also
different from the original one (Equation (4.22)) in Chapter 4. The formulation of the
original optimization problem is strictly based on the MAP (i.e. maximum a posterior
probability) rule, whereas the simplified problem just intuitively maximize the overall
matching probability. Although the basic VRI is simplified to some extent, it provides
essentially the same results (i.e. matching accuracy) as our original work in Chapter 4.

The potential benefits for the simplification is presented in Section 7.3.

7.2.2.6 A discussion on the application of the basic VRI system

The detailed implementation of the basic VRI for mean travel time estimation (e.g. from

10:00 a.m. to 10:05 a.m.) is summarized in the following flowchart (Figure 7.1). First, the
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system will initialize the time stamp ¢ and check whether a vehicle is detected at the up-
stream and/or downstream stations. The generated upstream vehicle records are stored in
upstream vehicle database. Once a vehicle is detected at downstream station, the candidate
vehicle set will be selected based on the time window constraint. Meanwhile, the match-
ing probability for each pair of vehicles is calculated. When the current time ¢ reaches
10:05 a.m., the bipartite matching process based on matching probability will begin and
the travel time data can be obtained. Detailed implementation of this system can be found

in Chapter 4. For the aforementioned framework, the following four comments should be

(Start (t=10:00 AM))

etection of vehicle at
downstream at time t

Detection of vehicle @
upstream at time t

Time window constraint [«

Upstream
vehicle sets

[
Candidate Vehicles

Matching probability
(posterior probability)

Bipartite Matching
Method (raw matching
result)

Set t=t+1

Figure 7.1: Illustrative example of the basic VRI system for real-time implementation

taken into account.

* First, it is noteworthy that the calculation of matching probability can be simulta-
neously performed along with the vehicle detection process at downstream site (i.e.
during the 5-min time period). In addition, the bipartite matching process can be
carried out efficiently as explained before. Thus, the basic VRI can be implemented

in real time (which will be explained in detail in Section 7.5.1).

* Second, it is observed that the basic VRI heavily depends on the specification of
the time window. When a large time window is applied, search space § would
include too many candidate vehicles, which could lead to a significant increase in

computational time. On the other hand, a relatively smaller time window may enable
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the algorithm to find the corresponding vehicle more efficiently, but it may also
wrongly exclude the correct match from search space S.

* Third, by using the historical travel time distribution to approximate the prior knowl-
edge (P(x;; = 1)), one may obtain a more reliable matching probability. In a word,
the basic VRI accepts the predefined time window and the historical travel time dis-
tribution as exogenous inputs and then perform the vehicle matching method. Both
of these two inputs can be derived from the mean travel time data (which will be

explained in Section 7.4).

* Fourth, the basic VRI cannot work well under traffic demand and supply uncer-
tainty, as the time window and prior knowledge may not be well-defined. From
the perspective of mean travel time estimation, two novel components (i.e. post-
processing and self-adaptive time window) can be incorporated to improve the over-

all performance.

7.3 Post-processing technique

Upon completion of the basic VRI system, the raw travel time for the jth, j € {1,2,... M’}
downstream vehicle during the evaluation period can be obtained and denoted as 7. Thus
the mean travel time without post-processing is given by
| M
i RS (7.17)
j=1
As the mismatches due to the non-uniqueness of vehicle signature are inevitable, the raw
travel time may include erroneous information. Hence, accordingly, the estimator ;" may

not be reliable in practice.

7.3.1 Stratified sampling technique

One natural method is to perform thresholding on the raw travel time data based on the
explicit matching probability (which is provided by the simplified basic VRI) in an at-

tempt to rule out the mismatches. However, another problem (i.e. biased estimation) may
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arise along with this thresholding process. It is commonly believed that the travel time of
vehicles of different types (e.g. small cars, long trucks) are significantly different. Figure
7.2 shows the travel time of different vehicle types fitted by a normal distribution, where
vehicle type 1 denotes the smaller cars and vehicle type 2 represents the long trucks. These
ground truth travel time data are collected from a freeway segment in Bangkok, Thailand.
The authors also conducted various hypothesis tests (i.e. t-tests) to validate this assump-
tion:
Hy @ fgper = Hygper V8- Hy 0 Pgper F Higper

where p . and py,,., are respectively the mean travel time of small cars and long trucks.

The results show that the null hypothesis should be rejected, which means that the travel

times of different types of vehicles are "statistically" different. In view of this, to further
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Figure 7.2: Travel time for different vehicle types.

reduce the bias in mean travel time estimation, the stratified sampling technique (

) based on vehicle type is proposed. Specifically, the raw travel time data
{t)lj = 1,2,... M} are divided into two strata (i.e. small car stratum and long truck
stratum). The thresholding processes are performed independently on these two stratums.
The final mean travel time y is then computed as the weighted average of the mean travel

time over all vehicle type strata. The equation is then given as

ny

2
ﬂ=z%(n121jk) (7.18)
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where M, is the number of vehicles of type k; n, denotes the sample size of vehicles of
type k after the thresholding process; 7, is the travel time of the jth vehicle of type k after
thresholding process. The design of thresholding process becomes the major concern in

the following section.

7.3.2 Thresholding process

For each individual vehicle stratum, the thresholding process is performed independently.

As explained before, one of the outputs of basic VRI is the matching result x, ;, whereas the

other output is the associated matching probability P;;. The overall idea of thé thresholding
is to apply a certain rule to these outputs (i.e. x;; and P,;) in order to identify the associated
erroneous travel time. For a downstream vehicle j in vehicle stratum k, the matched
upstream vehicle i* = {i € S|x;; = 1} and the associated matching probability is P, .
One naive approach to rule out those mismatches would be to impose a threshold value
on the matching probability. If P,.; is greater than the threshold value, then the travel time
data regarding this vehicle j would be retained for the following stratified sampling (see
Equation (7.18)). However, in practical implementation, we find that the single matching
probability cannot really reflect the correctness of the matching. It is quite possible that

the other matching probability P; ~ P.;,I € §;1 # i*, which means that the VRI system

i*jo
cannot distinguish between the candidate vehicles. To account for this problem, this study
proposes a new measure to represent the distinctiveness of the vehicle. For this specific

vehicle j, the distinctiveness value is defined as follows

P p?
@’
j

is the second largest matching probability of { P;|Vi € S} (7.19)

Recall that the proposed bipartite matching method finds the matching result with the
overall maximum probability (see Equation (7.13)). In this case, for certain downstream
vehicle, it may not be matched to the upstream vehicle with the maximum likelihood.
Therefore by calculating the distinctiveness value, one may get more information about

the matching result, i.e.

P > 1, vehicle j matches upstream vehicle with maximum probability
i*j

@ -
P!

=1, vehicle j matches upstream vehicle with the second largest probability

< 1, vehicle j matches the other ones
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If vehicle j and upstream vehicle i* are true matches, then the ratio between P,.; and Pj(z)
are expected to be relatively larger. Based on this basic idea, a predefined threshold value

7 > 1 is then imposed on this distinctiveness value, i.e.

(7.20)

P.;/ Pj(z) > 7, travel time 7, is retained for stratified sampling
Otherwise,  travel time 7, is discarded

By applying the rule (7.20), the erroneous individual travel time data are expected to be

identified and ruled out.

7.4 Self-adaptive time window constraint

Although the basic VRI is improved to some extent by imposing the post-processing tech-
nique on the raw travel time data (see Section 7.3), it still cannot perform well under traffic
demand and supply uncertainty (some preliminary results are presented in Section 7.5).
As mentioned in Section 7.2, the basic VRI heavily depends on the specification of two
exogenous inputs, i.e. time window and prior knowledge. Therefore, to further improve
the robustness of VRI system against the potential changes in traffic conditions, these two

inputs should be adjusted accordingly (i.e. self-adaptive).

Intuitively, the time window can be derived from the travel time data (i.e. travel time
distribution). Given the mean value y, and the variance o7 of the travel time distribution
during time period ¢, a suitable time window [ Lb,, U b,] could be easily obtained. Assume
that the travel time follows normal distribution N (4,, 6,), then the tolerance interval with

95% confidence level can be utilized to define the time window, i.e.
[Lb,Ub,] = [pu, — 1.960,, u, + 1.960,] (7.21)
Given the coefficient of variation (CV) ¢, the time window constraint can be rewritten as
[Lb,Ub,]=[(1—-196¢)u, (1+1.96¢)u,] (7.22)

Moreover, the prior knowledge can be approximated by the normal distribution N (y,, pu,).
Therefore, both of these two critical inputs of basic VRI can be derived from the predic-
tion of the mean travel time in time period z. In other words, the self-adjusting of the

time window as well as the prior knowledge can be completed by iteratively predicting

137



7.4 Self-adaptive time window constraint

the mean travel time for each time period. In this research, the self-adjusting of the time

window for real-time application involves two major steps as follows.

* Inter-period adjusting: Based on current traffic information (e.g. average spot speed)
and the mean travel time value in previous time period (i.e. obtained from VRI
system), one may predict the mean travel time value for the next time period (i.e.
inter-period adjusting), from which the time window is derived. The exponential
forecasting technique integrated with the average spot speed information is adopted

during the inter-period adjusting process (i.e. temporal adaptive time window).

* Intra-period adjusting: Since the non-recurrent traffic congestion (e.g. caused by
incident) is not predictable, the additional intra-period adjustment (i.e. iterative
process) is required for providing an appropriate time window under these extreme
circumstances. An iterative bipartite matching method is proposed for adjusting the

time window, in which the basic VRI is iteratively solved (i.e. iterative VRI).

Note that the purpose of predicting the mean travel time is to derive an appropriate time
window, and the accuracy of the prediction is not our major concern. As a matter of fact,
the estimated mean travel time is obtained from the VRI system with post-processing

technique.

7.4.1 Inter-period adjusting: Temporal adaptive time window

We introduce time series theory for short-term travel time prediction. As a classical sta-
tistical approach, time series forecasting has already been evaluated with several other
applications in transportation, such as short-term traffic flow prediction ( )

and traffic speed forecasting ( ).

In this chapter, the underlying model equation for the mean travel time data is assumed
as:
=i e, (7.23)

where y, is the mean travel time calculated from the VRI system, u; represents the ground
truth data and ¢, is the white noise error term. Our goal is to roughly forecast the mean

travel time in period ¢ + 1 (i.e. short-term prediction). Therefore, the exponential smooth-
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ing technique integrated with spot speed information is employed for this particular pur-

pose.

7.4.1.1 Exponential smoothing technique

The smoothing (forecasting) equation is given as follows:

Hewr = B+ @(p, — fi,) (7.24)

N A

Hiri = 0 p M+t (7.25)
Vi Vi

where fi,,, and /i, denote the forecasters of the mean travel time in time period ¢ + 1
and period ¢, respectively; @ represents the smoothing parameter that is calibrated from
the historical data; V,Y and V;? are the average speed at upstream and downstream sta-
tions, respectively, during time period ¢; and likewise, Vlffl and th , are the average speed
at upstream and downstream stations, respectively, during time period ¢ + 1. Equation
(7.24) serves as a simple exponential estimation based on the estimates from previous
steps, whereas Equation (7.25) is a correction step by utilizing the average spot speed.
The rationale behind (7.25) is as follows. If the average spot speeds at both stations (i.e.
upstream and downstream) decrease from period 7 to period ¢ + 1, the mean travel time
during time period ¢ + 1 is expected to be larger. Following the prediction of f,,,, the time

window for period ¢ + 1 is given by:

[Lby, Ub,y il = [(1 = 1.96¢)f, 1, (1 + 1.96¢),,,] (7.26)

Based on these recursive formulas, one may be able to predict the mean travel time as well
as the time window from period to period (i.e. inter-period/temporal adjusting). However,
it should be noted that a "bad" prediction could potentially lead to low matching accuracy
of VRI system and, hence, unreliable travel time estimates. Thus, the additional intra-

period adjusting method (i.e. iterative process) should be developed.

7.4.2 Intra-period adjusting: Iterative VRI

From time period ¢ + 1, the predicted time window [Lb,.,,Ub,, ] and fi,,, are derived

during the inter-period adjusting process and then fed into the basic VRI system, from
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Figure 7.3: Detailed implementation of the improved VRI system.

which the raw travel time data can be obtained. By performing the post-processing tech-
nique (e.g. thresholding and stratified sampling), an improved mean travel time estimator,
ie. ﬁt(i)l, is then calculated. In practice, the initial prediction of time window may not be

reliable (especially when incident happens), which could significantly decrease the per-

(6]

formance of the VRI system. Thus it is expected that f,

would not be accurate. In light
of this, an iterative process is devised to solve the basic VRI problems iteratively with dif-
ferent exogenous inputs (i.e. time window and prior probability). To be more specific, a
new time window, [(1 — 1.96(,1));2231, (1+1.96¢) ﬁfi)l], is calculated based on the estimated
mean travel time ﬁt(l)l. Then the basic VRI and the associated post-processing technique
are performed again using this new time window. This iterative process will continue until
the relative change of the estimated mean travel time is sufficiently small. In this research,

the error for stopping tolerance of the convergence is given by:
A A(n—1
1% -t <7 (7.27)
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where the superscript n represents the iteration number and 7 is the stopping tolerance
(See Figure 7.3).

To sum up, the inter-period/temporal adjusting is designed to capture the traffic dynamics
from period to period, whereas the intra-period adjusting (i.e. iterative process) is intro-
duced to handle the non-predictable traffic conditions (e.g. traffic incidents and bottleneck
effect).

7.5 Experimental results

To verify the effectiveness and feasibility of the proposed improved VRI system, various
simulation-based experiments are conducted. In this research, a VISSIM-based simulation
model is devised to simulate freeway system operations under traffic demand and supply
uncertainty (e.g. free flow, congestion, bottleneck effect and traffic incident)

7.5.1 Simulation model configuration and calibration

Figure 7.4: Test site in Bangkok, Thailand.

Before presenting the experimental results, the detailed procedures for simulation model
development and calibration are introduced. The test site for this research is 34.9-kilometer-
long three lane freeway system in Bangkok, Thailand (see Figure 7.4). At each station a
gantry-mounted video camera, which is viewed in the upstream direction, is installed, and
the associated video record are collected. Two segments are chosen for simulation model

development: 1) 3.6-kilometer-long closed segment (i.e. between 08A and 10A, the green
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section in Figure 7.4); 2) a 4.2-kilometer-long corridor with on-/off-ramps (i.e. between
02A and 04A). The simulation model is then configured based on the exact roadway ge-
ometric feature, including the length of the segment, location of on-/off-ramps, and the

number of lanes.

To guarantee realistic representations of the simulated experiments, model calibration is
required. With the video record collected at the test site, the individual vehicle can be
detected and manually reidentified across multiple stations. Accordingly, the ground truth
data, such as vehicle counts, traffic demand and travel time data can be obtained for model
calibration. The correctly matched pairs of vehicle images are stored in the image database

for further application.

Upon completion of the simulation model configuration and calibration, the travel be-
havior and characteristic of each individual vehicle (e.g. speed, vehicle type, and arrival
time at each station) can be collected. As the very heart of the proposed method is the
vision-based VRI, a vehicle image, which is randomly selected from the image database,
is assigned to the vehicle record generated from the simulation model. These newly cre-

ated vehicle records are then fed into the improved VRI system.

To sum up, we simulate all traffic conditions (recurrent and non-recurrent traffic con-
gestion) using VISSIM and implement the proposed method in MATLAB. To be more
specific, the experiments are performed under Windows 7 Home Premium and MATLAB
v7.14 (R2012a) running on a Dell desktop with an Intel(R) Core(TM) i3 CPU at 3.20GHz
and with 4.00 GB of memory. It is easily observed that the computational time of the pro-
posed method largely depends on the number of intra-period iteration steps and the CPU
time of the basic VRI system (see Figure 7.3). Some preliminary experiments also show
that the average CPU time used by bipartite matching method in basic VRI under free flow
condition is 0.0896 seconds, whereas the average CPU time under congested situation is
about 0.3294 seconds. Therefore, it is reasonable to believe that the improved VRI system

can be implemented for real time application.

7.5.2 Preliminary comparison between basic VRI and improved VRI

To conduct the comparison of the basic VRI and the improved VRI system, a Vissim-based

simulation model is designed for the closed segment between 08A and 10A (Westbound).
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During the 4-h simulation time period, approximately 16,000 pairs of vehicle records are
generated. These vehicles can roughly be categorized into two types (see Section 7.3):
70% of small cars and 30% of long vehicles. For this specific segment, the associated
image database, which includes 6,280 pairs of vehicle images, is built up. Therefore, a
complete record for vehicle i can be denoted as (ID,, ¢;, v;, X,), where ID, is the unique
identity derived from the simulation model; ¢, and v, are, respectively, the arrival time
and spot speed of vehicle i; and X, represents vehicle feature data extracted from the
vehicle image. Based on these simulation data, the proposed VRI system is performed
and evaluated in terms of the matching accuracy and the effectiveness of mean travel time

estimation.

For the closed freeway segment, each vehicle can be detected at both stations. There-
fore, it is expected that the matching accuracy should be relatively higher, especially for
a static time period (i.e. 5-min interval). However, for real-time application, the potential
changes in traffic condition would lead to dramatic decrease/increase in matching accu-
racy. Figure 7.5 shows the effectiveness of the basic VRI by employing the temporal-
adaptive time window. As the traffic volume increases significantly during the second
hour of the simulation experiment, the corresponding traffic condition changes from free-
flow to congested case. It is quite obvious that the fixed time window cannot handle this
complicated situation (i.e. significant drop in matching accuracy from period 12 to 26),
whereas the VRI system with temporal-adaptive time window can maintain a relatively

stable matching accuracy (around 60% of matching accuracy).
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Figure 7.5: Effectiveness of temporal-adaptive time window.

On the other hand, given the fixed time window, a proper post-processing technique (i.e.

thresholding and stratified sampling) can still improve the model performance from the
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travel time estimation purpose. As shown in Figure 7.6, the performance of the basic VRI
decays significantly under congested case due to the decrease in matching accuracy. How-
ever, it is worthwhile to notice that the accuracy in mean travel time estimation improves

a lot by imposing the post-processing technique.
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Figure 7.6: Effectiveness of post-processing technique under fixed time window.

7.5.3 Performance evaluation under recurrent traffic congestion

To further evaluate the performance of the improved VRI system (i.e. with post-processing
and self-adaptive time window) under recurrent traffic congestion (due to exceeding traffic
demand), the three-lane closed segment (between 08 A and 10A) is chosen for test site. The

stochastic vehicle inputs of the VISSIM-based simulation model are defined as

4000 veh/h, 0 <t < 60 min;
7000 veh/h, 60 <t < 120 min;

0= ' (7.28)
8000 veh/h, 120 <t < 180 min;

4000 veh/h, 180 <t < 240 min;

The vehicle inputs are chosen such that all the traffic states ranging from free-flow to
congested can be activated. The freeway segment operates under free-flow condition in the
first stage (i.e. first hour). Congestion may be observed when the vehicle inputs switch to
the second stage. Then the traffic tends to a steady-state of congestion during the following
two hours. In the fourth stage, congestion dissolve will be observed and the traffic will

gradually be cleared from the freeway system. Table 7.1 shows descriptive statistics for
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the outputs from the vissim-based simulation model. To validate the overall performance

Table 7.1: Descriptive statistics from simulation outputs

Simulation outputs

Time: Vehicle Inputs No. of small No. of long Upstream mean Downstream mean
(0 min - 240 min) (veh/h) vehicles vehicles speed (km/h) speed (km/h)
First hour 3982 2786 1196 82.7 73.3
Second hour 5964 4203 1761 68.0 69.1
Third hour 6214 4390 1824 47.3 65.1
Fourth hour 3934 2746 1188 80.7 72.7

of the improved VRI system, we run the method 50 times based on the simulation outputs.
For each run, the vehicle image is randomly selected from the database and assigned to the
vehicle record generated from the simulation model. The root mean square error (RMSE)
and the mean absolute percentage error (MAPE) are applied as performance indices. The

equation of RMSE is given by

RMSE = Z Z (u ’“) ) (7.29)

slt

where y;, is the estimate for the ith time period and the sth run; I indicates the total
number of time periods; u represents the ith ground truth data. The MAPE is calculated

as follows:

50 I
1 l(s) 1
MAPE = X 100 7.30

By simple calculation, the RMSE and MAPE of the improved VRI system for 5-min ag-
gregation interval are 3.28 seconds and 1.0%, respectively, while the RMSE of the basic
VRI is 14.61 seconds. It is observed that the improved VRI clearly outperforms the basic
VRI. Figure 7.7 shows the mean travel time estimates from one experiment. By integrat-
ing the average spot speed information (see Table 7.1), the inter-period/temporal adjusting
can capture the traffic dynamics well, which could contribute to the following intra-period

adjusting (i.e. less intra-period iteration steps).

7.5.4 Performance evaluation under bottleneck effect

As one of the major causes for freeway traffic congestion, the freeway bottleneck can arise

from many conditions, such as high merging and diverging demand at on-/off-ramps and
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Figure 7.7: Performance of the proposed method with exceeding traffic demand

lane drops. In this part, we will evaluate the performance of the proposed method under
bottleneck effect. A 4.6-kilometer-long three-lane freeway segment between 02A and
04A (see Figure 7.4) is chosen as the test site. As shown in Figure 7.8, one two-lane on-
ramp (2 kilometers away from upstream station) and one two-lane off-ramp are distributed
along this segment. We will ignore the off-ramp at this location since it does not affect the
bottleneck area. The vehicle inputs at upstream station are the same as Equation (7.28)

and we assume the following distribution of vehicle flows

* 02A to 04A: 100%.
» Off-ramp: 15% of the vehicle flow will exit from the two-lane off-ramp.

* On-ramp to the freeway segment: 25% of the vehicle flow will enter the freeway
system through on-ramp (different flow distribution will be tested in the experi-

ment).

With respect to the above simulation outputs, we run the proposed method 50 times. Fig-
ure 7.9 shows the estimation results from one experiment. Compared with the basic VRI,
the proposed method provides more reliable estimates of the mean travel time. In general,
the bottleneck effect cannot be detected through the average speed at upstream and down-
stream stations, which means that the inter-period/temporal adjusting cannot capture the
traffic dynamics (congestion) well. Therefore the number of iteration steps of iterative

VRI would increase accordingly (see Figure 7.9).
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Figure 7.9: Performance of the proposed method (on-ramp vehicle flow distribution: 25%)

Table 7.2 also shows the performance of the improved VRI system under different vehicle

flow distributions (i.e. on-ramp vehicle flow distribution). Since the test site is a freeway
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corridor with on-/off-ramps, the vehicle arrives at upstream station may not necessarily
appear at downstream. Also, some vehicles may enter this corridor through the on-ramp.
Thus, it is expected that the matching accuracy of the proposed method is relatively lower.
With the increase in the vehicle flow from on-ramp, the performance would gradually
decay. However, it should be noted that the proposed method can still perform well against
the bottleneck effect.

Table 7.2: Performance of the proposed method with different vehicle flow distributions

Performance indices

On-ramp vehicle flow distribution (%) RMSE (secs) MAPE (%)
(4

15% 3.62 1.3%
25% 5.50 1.9%
35% 5.54 1.8%
50% 9.42 2.8%

7.5.5 Performance evaluation under non-recurrent traffic congestion

As the non-recurrent congestion is largely produced by traffic incidents, this research will
investigate the performance of the proposed method under traffic incidents. The test site is
also a three-lane closed segment (between 08A and 10A) and with the same vehicle inputs
as Equation (7.28). To mimic the situation of incident happening, a parking lot locating
at lane 1 (2 kilometers away from the upstream station) is utilized to simulate the incident
vehicle (see Figure 7.10). When incident happens (i.e. incident starts from 90 minutes),
a vehicle would stop in the parking lot and the partial route is activated to simulate the

driving behavior under incident condition.

The proposed algorithm is further tested with different incident durations (e.g. 10 min, 15
min, 20 min and 30 min). Due to the unpredictability of the traffic incidents, the inter-
period adjusting cannot generate a suitable time window. Therefore, it is expected that
the steps of intra-period/temporal iteration would increase significantly, especially when
traffic incident occurs. Figure 7.11 shows the mean travel time estimates from one ex-
periment when incident duration is 10 minutes. It is observed that the mean travel time
increases sharply during time period 20 (i.e. from 100 min to 105 min). And accordingly,
the number of iteration steps of iterative VRI during this time period increases signifi-
cantly. Figure 7.12 also illustrates the adjustment of the time window constraint for each

iteration step. On the other hand, the basic VRI system cannot adapt well to the sudden
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Parking Lot

Figure 7.10: Incident simulation

changes in traffic condition when incident happens (See Figure 7.11). Due to the fixed
time window constraint, the matching accuracy of basic VRI drops to 0% during time pe-

riod 20, which eventually leads to a totally unreliable estimate of the mean travel time.
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Figure 7.11: Performance of the proposed method (incident duration: 10 min; starts from 90
min)

Parallel to the previous experiments, we also run the method 50 times based on the sim-
ulation outputs for different incident durations (e.g. 10 min, 20 min and 30 min). The

detailed estimation results are shown in Table 7.3. With the increase in incident durations,
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Figure 7.12: Adjustment of time window constraint

the RMSE and MAPE increase as well. With the time propagation, it is also observed
that the variance of travel time increases dramatically (period 21 and 22). The "abnormal”
vehicle (seriously delayed by the incident at lane 1) and those normal vehicles may arrive
at downstream during the same time period. In this case, it renders a heavy burden on the
processing of the improved VRI system (e.g. larger time window, more candidate vehi-
cles and of course low matching accuracy). Therefore the results shown in Table 7.3 are

reasonable.

Table 7.3: Performance of the proposed method with different incident durations

Performance indices
RMSE (secs) MAPE (%)

Incident durations (min) (%)

10 min 5.61 1.5%
20 min 22.41 2.3%
30 min 25.63 2.8%

7.6 Conclusion remarks

This chapter aims to develop an improved VRI system based on the basic VRI to estimate
the real-time travel time under traffic demand and supply uncertainty. A self-adaptive
time window component (e.g. temporal adaptive time window and iterative VRI) is intro-
duced into the basic VRI system to improve its adaptability against the potential significant
changes in traffic conditions. Also, the associated post-processing technique (i.e. thresh-

olding based on matching probability and stratified sampling based on vehicle type) is
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employed to identify and rule out the erroneous travel time data. The proposed method
is evaluated by conducting various representative simulation tests. Some performance in-
dices such as RMSE and MAPE are also introduced to quantify the performance of this
method.

Further research will be focused on the real-world application of this proposed method.
It is undeniable that the video image processing (VIP) systems are subject to the effects
of inclement weather (e.g. rain, snow) and illumination changes. Under these circum-
stances, the quality of the video image will decrease dramatically and hence compromise
the effectiveness of vehicle feature extraction. During evening hours, the vehicle may
still be partially identified by detecting the vehicle headlight and taillight. But the color
information and vehicle type may not be obtained from the image. In this case, improving
the external lighting condition at each station may be a promising way for vehicle feature

extraction.

As validated by the simulated tests, the proposed VRI system for travel time estimation
performs well under different scenarios (e.g. recurrent traffic congestions, freeway bot-
tlenecks and minor traffic accidents). However, it is noteworthy that the proposed method
may not work well under extremely abnormal traffic conditions (e.g. severe traffic ac-
cident with longer incident duration). As explained in Section 7.5.5, the longer incident
duration would inevitably lead to a larger time window, low matching accuracy of the
proposed VRI system, and hence unreliable travel time estimator. Therefore, future ef-
forts should be dedicated to overcome these drawbacks. As the lane blocking caused by
incidents would produce significant impact on the travel time experienced by the vehicles
at different lanes, one possible way is then to perform stratified sampling based on vehicle

lane position.
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Chapter 8

Iterative VRI system with

spatial-temporal adaptive time window

This chapter aims to propose an improved iterative VRI system with spatial-temporal
adaptive time window to estimate the dynamic travel time for each time period on the
freeway with multiple segments. By fully utilizing the spatial and temporal traffic infor-
mation along the freeway system, the time window for each segment could be adjusted
in a more efficient and timely manner. In addition to exploring the temporal changes in
traffic information, the shrinkage-thresholding method is employed to further integrate
the spatial traffic information from other freeway segments (e.g. sudden changes in travel
time estimators on other freeway segments). The proposed iterative VRI system with
spatial-temporal adaptive time window is tested on a freeway with two consecutive seg-
ments in Bangkok, Thailand. The preliminary results justify the potential advantages of
the proposed VRI system over the original one proposed in Chapter 7 for capturing serious

non-recurrent traffic congestions.

8.1 Introduction

Due to the stochastic and dynamic nature of traffic network ( ), travel
time may exhibit stochastic and time-variant (dynamic) behavior (see Section 2.1.1), which

imposes a great challenge on the development of a robust VRI system for dynamic travel
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time estimation. Since travel time is by nature stochastic, the mean value of travel time
during a time period (e.g. 5-min period) would be the desired information for the develop-
ment of advanced traveller information systems (ATIS) and advanced traffic management
systems (ATMS). In this sense, the high matching accuracy of VRI would not be the ma-
jor concern. A suitable post-processing (e.g. thresholding and sampling) technique would
allow us to select those vehicles with "distinctive" features, from which a reliable mean
travel time estimator could be obtained. To handle the time-variant travel time arising from
the dynamic traffic conditions (e.g. recurrent and non-recurrent congestion), the flexible
time window constraint is required for improving the self-adaptivity of basic VRI system.
Based on the above-mentioned principles, an iterative VRI system with temporal adaptive
time window constraint is proposed in Chapter 7. Despite its encouraging experimental

results (see Section 7.5), the proposed VRI system still suffers from two limitations.

First, the proposed VRI system is specifically designed for a single freeway segment with
two consecutive detectors. And accordingly, the time window adjustment is completed
by exploring the temporal changes of traffic information (e.g. average traffic speed) ob-
served on the single segment (i.e. temporal adaptive time window). For a freeway with
multiple detectors (i.e. multiple segments), the strategy of time window adjustment may
not be suitable as it fails to consider the additional spatial traffic information (e.g. traffic
information on other freeway segments). Second, the proposed VRI system in Chapter 7
still cannot perform well for serious non-recurrent traffic congestions (i.e. caused by se-
rious traffic incident with long duration). Although the iterative process (i.e. intra-period
adjusting) of VRI is designed to capture the sudden changes in traffic conditions, the ex-
tremely long incident duration would disrupt the normal traffic flow and, hence, lead to
an unreliable travel time estimator (see Section 7.5.5). The primary reason for this failure
is that the temporal adjustment of time window cannot provide a suitable prediction of the
mean travel time when serious traffic congestion occurs. Therefore, the strategy of time
window constraint should be redesigned so that the derived VRI system can be practically

applicable to the freeway with multiple detectors.

For a freeway with multiple detectors demonstrated in Figure 8.1, there are two consecu-
tive detector pairs (two freeway segments), i.e. A-to-B and B-to-C. Naturally, the dynamic
travel time on these two segments (i.e. segment AB and BC) can be obtained by perform-
ing the VRI system proposed in Chapter 7 independently to the associated detector pairs
(e.g. detector pairs A-to-B and B-to-C). In this case, the adjustments of time window of

VRI system for each detector pair are also independent. Although this approach appears
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Figure 8.1: Freeway with multiple detectors

to be simple and straightforward, it fails to consider the temporal and spatial dynamics
of travel time ( ; ), which may provide potential advan-
tages for time window adjustment. Due to the spatial-temporal evolution of traffic flow
(e.g. freely flowing to congested conditions), travel time may be correlated (i.e. interde-
pendent) in both space and time domains. A serious traffic congestion on segment BC
in Figure 8.1 would incur a backward propagating congestion wave (

; ; ), which may eventually lead to the in-
crease in travel time on segment AB in the future time period. In this case, the traffic
information (e.g. sudden change in travel time) derived from VRI system on detector pair
B-to-C may be potentially useful for the VRI system on detector pair A-to-B. A better
mean travel time prediction may be achieved by considering the additional spatial infor-
mation, which would yield a more reliable time window constraint and prior knowledge',
and eventually improve the performance (i.e. the accuracy of mean travel time estimation)

of the proposed VRI system under serious non-recurrent traffic congestions.

To sum up, this chapter aims to propose an enhanced self-adaptive VRI system for es-
timating dynamic travel time on freeway with multiple detectors. To be more specific,
a spatial-temporal adaptive time window component is introduced to take full advantage
of both temporal and spatial traffic information (e.g. vehicle spot speed and travel time
estimators from spatially distributed VRI system). By exploring the temporal changes
in vehicle's average speed, a preliminary prediction regarding the mean travel time for
each time period is obtained. By integrating spatial information from other VRI system
(e.g. sudden changes in travel time estimators), the time window constraint is further
adjusted based on the shrinkage-thresholding method. The proposed iterative VRI sys-
tem with spatial-temporal adaptive time window is then evaluated against the VRI system

presented in Chapter 7 under serious non-recurrent traffic congestions.

The rest of the chapter is organized as follows. Section 8.2 briefly review the strategy of

!The time window constraint and the prior knowledge can be derived from the prediction of mean travel
time for each time period (see Section 7.4).

154



8.2 Basic temporal adaptive time window

temporal adjustment of time window, which serves as the building blocks for this research.
Section 8.3 presents the improved spatial-temporal adaptive time window component in
which the detailed methodology, i.e. shrinkage-thresholding method, is described. In
Section 8.4, simulated testes are carried out to evaluate the performance of the proposed

system. Finally, we conclude this chapter in Section 8.5.

8.2 Basic temporal adaptive time window

Before proceeding to discuss the detailed spatial-temporal adaptive time window compo-
nent, it is necessary to briefly review the strategy of temporal adjustment of time win-
dow. Mathematically speaking, a freeway with multiple detectors can be divided into
i=1,2,...,1 sections, where I is the most downstream section, and y,() is the desired
mean travel time of freeway section i for time period ¢. A natural response to this problem
is to apply the original VRI system presented in Chapter 7 independently to each free-
way section i and, accordingly, the mean travel time estimator y,(¢) can be obtained. The
original VRI is comprised of two critical components, i.e. iterative process of basic VRI
and the temporal adaptive time window constraint (see Figure 8.2). Given the mean value
u,(t) and the variance cf,.(t)2 of the travel time distribution on freeway section i during time
period ¢, a suitable travel time window [Lb,(¢), U b,(¢)] could be easily obtained. Assume
that the travel time follows normal distribution N (u,(), 0,(t)), then the tolerance interval

with 95% confidence level can be utilized to define the time window, i.e.
[Lb,(t), Ub,(t)] £ [u;(t) — 1.960,(2), u;(t) + 1.960,(1)] (8.1)

By feeding the above-mentioned travel time window into the iterative VRI component
(i.e. the block of intra-period time window adjusting in Figure 8.2), the basic VRI is
performed iteratively in the hope of capturing the non-recurrent traffic congestions. Also,
it is noteworthy that the success of iterative VRI is highly dependent on the initialization
of time window (i.e. the block of temporal time window adjusting in Figure 8.2) for each

time period. In this case, the temporal adaptive time window component is introduced as
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Figure 8.2: Temporal adjustment of time window

follows'

i+ 1) = G0 + o (1) — (1) (8.2)
_ VPo+vPo
VUG D+VPa+ D

Mi(t +1)

t+1) (8.3)

where fi;(t + 1) and fi,(¢) denote the forecasters of the mean travel time in time period ¢ + 1
and period ¢, respectively; @ represents the smoothing parameter which is calibrated from
the historical data; V;V(r) and V;?(¢) are respectively the average spot speed at upstream
and downstream stations on freeway section i during time period #; likewise, V;Y(t + 1)
and V,”(r + 1) are respectively the average spot speed at upstream and downstream stations
during time period #+ 1. Equation (8.2) serves as a simple exponential prediction based on

the estimates from previous steps, whereas Equation (8.3) is a correction step by exploring

IThe readers can refer to Section 7.4 for a more detailed explanation regarding the temporal adaptive
time window constraint.
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the temporal changes in the average spot speed.

This adjustment strategy based on the temporal information is proven to be effective for
capturing recurrent traffic congestions due to exceeding traffic demand. For those un-
predictable traffic scenarios (e.g. serious traffic incident), the time window may not be
able to adjust in an efficient and timely manner (see Section 8.1). The primary reason
is that the original VRI is performed independently (i.e. the system is isolated) for each
freeway section without considering/utilizing the spatial traffic information on its neigh-
boring freeway sections. In what follows, a novel spatial-temporal adaptive time window
component is introduced such that the isolated VRI system on each freeway section can
be connected and, hence, the performance of the proposed VRI system could be further

improved.

8.3 Spatial-temporal adaptive time window

In this section, we first recall some basic facts on exploring the spatial and temporal cor-
relations in travel time, which serves as the motivation for this research direction. Then
we propose a shrinkage-thresholding method to integrate the spatial information such that
a spatial-temporal adaptive time window constraint is generated. Finally, we present the
overall framework of the improved iterative VRI system with spatial-temporal adaptive

time window.

8.3.1 Spatial and temporal correlation in travel time

Over the last decades, a rich variety of traffic flow theories, such as car following model
( ), kinematic wave theory ( ), cell trans-
mission model ( ) and stochastic cell transmission model (

), have been developed towards modeling the propagation of traffic flow on a trans-
port network, which eventually governs the network performance in terms of travel time
( ). In this sense, the spatial-temporal dependency of traffic flow (

) may give rise to the spatio-temporally correlated travel time. Based on the above-
mentioned principle, several studies were also conducted to predict link travel time by

utilizing the spatial-temporal correlation (e.g. ; ). As ex-
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plained in Section 8.2, the adjustment of time window is completed by roughly predicting
the mean travel time for each time period. Therefore, a "better" prediction of travel time

could be obtained by exploring the spatial-temporal correlation.

However, it should be noted that this research does not attempt to propose any traffic flow
model to accurately predict the travel time. Instead we just revisit some basic facts on the
propagation of traffic flow (i.e. especially the propagation of congestion wave), which

may potentially contribute to our development of spatial-temporal adaptive time window:

» Backward propagation of congestion waves: In a traffic network, it is observed
that traffic congestion (e.g. recurrent and non-recurrent) on freeway segment i may
propagate backward to its upstream segment i — 1. Due to traffic queue build-up,
the traftic flow may propagate backward with a certain speed (i.e. backward speed),
which means that the travel time on segment i — 1 may increase in the near future.
Figure 8.3 shows that ground truth travel time on two consecutive segments when
incident occurs on segment 2. It is observed that the peak value of mean travel time
on segment 2 occurs during time period 19, whereas the peak value on segment 1
appears after time period 20. In such a case, the time window on segment 1 can be
adjusted in a more efficient and timely manner based on the traffic information (e.g.

occurrence of congestion) on segment?2.
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Figure 8.3: Ground truth travel time on two consecutive segments with incident happening
on segment? (incident duration: 10 minutes)
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* Dissipation of traffic congestion: Roughly speaking, traffic congestion dissolve will
be observed through the decrease in the travel time. As shown in Figure 8.3, the
traffic congestion on freeway segment 2 is gradually cleared from time period 20,
whereas the traffic congestion on segment 1 is cleared from period 22. Therefore,
this addition spatial information on segment 2 (e.g. clearance of congestion) can

also be utilized for adjusting the time window on segment 1.

» Forward propagation of traffic flow with free-flow speed: Since the existing VRI
system can perform well under free flow condition, we may not benefit from this
information. Therefore, we will not consider the forward wave in the development

of time window adjustment.

On the basis of the facts mentioned above, a heuristic approach (i.e. shrinkage-thresholding
method) is then introduced to integrate the spatial information for generating a spatial-

temporal adaptive time window constraint.

8.3.2 Shrinkage-thresholding method

The shrinkage/soft-thresholding method has already been widely studied and used in the
field of image processing (e.g. ; ;
). In this chapter, the shrinkage-thresholding operator is employed for

integrating the spatial information (i.e. spatial adaptive time window).

For each freeway segment i, the mean travel time y,(r + 1) during time period ¢t + 1 is
affected by the past traffic conditions on its neighboring segments (correlated in spatial
domain), i.e. the traffic conditions on segment i+1 during time period ¢ (see Section 8.3.1).
In addition, mean travel time y,(t + 1) is also dependent on its previous state (correlated
in temporal domain). Therefore, the associated spatial and temporal adjusting factors, i.e.

F,p and F,, are introduced into the spatial-temporal adaptive time window component.

First, the equations (i.e. Equations (8.2) and (8.3)) for temporal adaptive time window are

reformulated as follows

at+ 1) = i) + @(u, (1) — F (1) (8.4)
A+ 1) = Fii(t + 1) (8.5)
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where F,, = % is the temporal adjusting factor. Second, the additional spatial
factor F, is then introduced based on a shrinkage-thresholding operator:
o
Fo=1+0, (”'+—1()—1> (8.6)
Hin(@—1)

where k is the appropriate shrinkage value, and ®, : R — R is the shrinkage operator
defined by
@ (x) = sgn(x) max(|x| — x,0) (8.7)

where sgn(x) is the sign function defined as follows:

-1 ifx<0
sgn(x) =4 0 if x=0 (8.8)
1 if x>0

The rational behind Equation (8.6) is as follows. If the mean travel time on segment
i + 1 in current time period 7 is larger than that during the previous time period # — 1 (i.e.
Mg O/, — 1) > 1), then traffic congestion may potentially be generated and, conse-
quently, be propagated backward, which also suggests that travel time on segment i will
increase in near future, i.e. time period 7+ 1. In such a case, the shrinkage and thresholding
process is performed (i.e. max(|x| — «, 0) in Equation (8.7)). Since the congestion wave
may have a relatively slower backward speed, the shrinkage step mentioned above is nec-
essary. On the other hand, if the mean travel time on segment i + 1 in current time period
t is smaller than that during the previous time period r — 1 (i.e. py;,;(O)/p; (2 — 1) < 1),
the dissipation of traffic congestion on segment i + 1 may be observed and, accordingly,

the travel time on segment ,(t + 1) will decrease.

To sum up, the spatial-temporal adaptive time window for segment i is expressed by the

following equations:

pit + 1) = [g,(0) + o(u, (1) — fg,(1) (8.9)
A+ 1) = Fy ot (1 + 1) (8.10)
The overall framework for the proposed iterative VRI system with spatial-temporal adap-
tive time window constraint on freeway segment i is illustrated in Figure 8.4. First,

the system will initialize a time period #, the associated travel time window constraint

[Lb,(t), Ub,(1)], and the corresponding prior probability. Then the iterative VRI com-
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Figure 8.4: Overall framework of the proposed VRI system

ponent in Figure 8.4 will accept these initialized exogenous inputs and perform vehicle
matching method repeatedly until the satisfactory travel time estimator y,(¢) for time pe-
riod ¢ is obtained. By applying the proposed spatial-temporal adaptive time component, a
new prediction regarding the mean travel time for time period 7 + 1 is obtained and, ac-
cordingly, the iterative VRI component will be activated again such that the mean travel

time estimator y;(f + 1) will be produced.

8.4 Preliminary Results

To verify the effectiveness and feasibility of the proposed spatial spatial-temporal adaptive
time window component, various simulation-based experiments are conducted. In this
research VISSIM-based simulation model is devised to simulate freeway system (i.e. with

two consecutive segments) operations under serious non-recurrent traffic congestions.

8.4.1 Simulation model configuration and calibration

Before presenting the experiments, the detailed procedures for simulation model develop-

ment and calibration are introduced. The test site for this research is 34.9-kilometer-long
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three lane freeway system in Bangkok, Thailand (see Figure 8.5). At each station a gantry-
mounted video camera, which is viewed in the upstream direction, is installed, and two
hours of video record were collected between 10 a.m. and noon on June 20, 2012. The
frame rate of the video record is 25 FPS, and the still image size is 563X 764. Two consecu-
tive segments (i.e. the green section in Figure 8.5) are chosen for simulation model devel-
opment: 1) a 4.2-kilometer-long corridor with on-/off-ramps (i.e. between 02A to 04A),
which is referred to as segment 1; ii) a 5.5-kilometer-long corridor with on-/off-ramps
(i.e. between 04A to 06A), which is referred to as segment 2. The simulation model is
then configured based on the exact roadway geometric feature, including the length of the

segment, location of on/off-ramps, and the number of lanes. To guarantee realistic repre-

Figure 8.5: Test site in Bangkok, Thailand

sentation of the simulated experiments, the model calibration is required. As the detailed
vehicle feature data are not readily obtainable from the raw video record, the intelligent
video surveillance (IVS) is then employed fro extracting the required information. Based
on the video record collected at the test site, 1406 vehicles are detected at three camera
stations (i.e. 02A, 04A and 06A) during the two-hour video record. These 1406 vehicles
are then manually matched/reidentified by the human operators viewing the video record
frame by frame. In other words, the sequential records of 1406 correctly matched vehicles

are obtained and stored in the image database for further application.

8.4.2 Performance evaluation under serious non-recurrent traffic con-

gestion

As this study is specifically designed to capture the non-recurrent traffic congestions

caused by serious traffic incidents on freeway with multiple detectors (i.e. multiple seg-
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ments), we will investigate the performance of the proposed method under traffic incidents
with long incident durations. To mimic the situation of incident happening and the back-
ward propagation of the congestion wave, a parking lot locating at lane 1 of Segment 2
(2 kilometers away from station 04A) is utilized to simulate the incident vehicle'. When
incident happens (i.e. incident starts from 90 minutes), a vehicle would stop in the park-
ing lot and the partial route is activated to simulate the driving behavior under incident
condition. The stochastic vehicle inputs of VISSIM-based simulation model are defined

as follows:

4000 veh/h, 0 <t < 60 min;
7000 veh/h, 60 <t < 120 min;

0= Ve, U= 1= AT 8.11)
8000 veh/h, 120 <t < 180 min

4000 veh/h, 180 <t < 240 min;

The vehicle inputs are chosen such that all the traffic sates ranging from free-flow to con-
gested can be activated. The proposed method is further tested with different incident

durations (e.g. 10 min, 20 min, 30 min).

As demonstrated in Section 7.5.5, the performance of the original method (i.e. temporal
adaptive time window) would gradually decrease with the increase in incident durations
(see Table 7.3). By incorporating the improved spatial-temporal adaptive time window
component, it is expected that the proposed VRI may produce a more accurate travel time
estimator. Figure 8.6 shows the mean travel time estimates of segment 1 from one ex-
periment when incident duration is 20 minutes. It is evident that the original method
(see Chapter 7), which is solely based on the temporal adjustment of time window, cannot
adapt well against the dramatic change of traffic conditions, whereas the proposed method
with spatial-temporal adaptive time window can still perform well. The additional spatial
information of its downstream segment (i.e. segment 2) enable us to obtain a "better" pre-
diction of the mean travel time for segment 1, which eventually lead to a more accurate
travel time estimator. The similar results can also be found when the incident duration is
10 minutes (see Figure 8.7). Note that the primary advantage of the proposed VRI in this
chapter over the original one in Chapter 7 is that it can capture the serious non-recurrent
traffic congestion during the congestion period (e.g. time period 22 in Figure 8.6, and time
period 21 in Figure 8.7). For the other time periods in which the traffic conditions remain
stable, the performances of the methods proposed in Part III of this thesis are "equally"
good. Therefore, the potential advantages of the prosed VRI system in this chapter can-

I'The readers can refer to Section 7.5.5 for a more detailed introduction regarding the simulation model
for traffic incident.
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not not reflected in the root mean square error (RMSE) and the mean absolute percentage
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error (MAPE)'.

In contrast to segment 1, segment 2 does not have its own downstream segment, which
means that there is no available spatial information that can be utilized. In this case,
the spatial-temporal adaptive time window component is equivalent to the original one

proposed in Chapter 7 and may not work well for segment 2 (see Figure 8.8).
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Figure 8.8: Performance of spatial-temporal adaptive time window (incident duration: 20
minutes; Segment 2)

8.5 Conclusion remarks

This chapter extends the self-adaptive VRI system proposed in Chapter 7 to a more general
case where multiple detectors exist. An improved spatial-temporal adaptive time window
component is introduced to take full advantage of both temporal and spatial traffic infor-
mation such that the time window can be adjusted in a more efficient and timely man-
ner. In addition to exploring the temporal changes in traffic information, the shrinkage-
thresholding method is employed to further integrate the spatial traffic information from

other freeway segments (e.g. sudden changes in travel time estimators on other freeway

IThe detailed definition of RMSE and MAPE can be found in Section 7.5.3.
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segments). The proposed iterative VRI system with spatial-temporal adaptive time win-
dow is tested on a 9.7-kilometer-long freeway with two consecutive segments in Bangkok,
Thailand. The preliminary results justify the potential advantages of the proposed method

for capturing serious non-recurrent traffic congestions.

166



Part 1V

Conclusions and future works
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Chapter 9

Summary of the thesis and future

research topics

9.1 Summary of the thesis

The main objective of this study were to develop a self-adaptive vision-based vehicle
reidentification system for dynamic freeway travel time estimation. A brief summary of

this thesis is given as follows.

Chapter 2 described the basic problem statements (e.g. travel time estimation problem,
vehicle reidentification and automatic incident detection) and reviewed the relevant liter-

atures on these problems.

As this study focused on utilizing the emerging video surveillance system, a compre-
hensive review on this sensing technology was presented in Chapter 3. Various image
processing techniques involved in intelligent video surveillance (IVS) for vehicle feature
extraction (e.g. vehicle color, length and type) were also discussed. Two research direc-
tions (e.g. improving the matching accuracy, and introducing self-adaptive time window
component) were pointed out, which eventually lead to the work presented in Part I and
Part II1.

Within the second part of this thesis, a basic vision-based VRI system was developed under
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static traffic condition. Chapter 4 provided a comprehensive framework regarding the
basic VRI system. The main contributions of this chapter were as follows. First, IVS was
investigated for the purpose of extracting a rich body of disaggregate data such as vehicle
color, type, and size. Second, a probabilistic fusion strategy was devised to integrate the
obtained vehicle feature data. Specifically, the logarithmic opinion pool (LOP) approach
was utilized for generating an overall posterior probability for vehicle matching decision-
making. Third, the vehicle signature matching was then formulated as a combinatorial
optimization problem and solved by the minimum-weight bipartite matching method. As
a by-product of the basic VRI system, various traffic data including vehicle counts, speed,
and travel time, could be derived. The approach was tested on a 3.6-kilometer segment
of the freeway system in Bangkok, Thailand. The overall reidentification accuracy was
about 54.75%. For travel time estimation purpose, the result shows that the travel time

distribution estimated by our system is reliable under static traffic conditions.

Due to its potential for efficient vehicle tracking in the freeway system, the basic VRI
system was further designed and improved for automatic incident detection purpose. A
VRI based incident detection algorithm under free flow condition was presented in Chapter
5. The main contributions of this chapter were as follows. First, an enhanced vehicle
feature matching technique was adopted in the VRI component for explicitly calculating
the matching probability for each pair of vehicles. Second, A screening method based on
ratio of the matching probabilities was introduced for vehicle matching decision-making
such that the incident vehicle could be identified in a timely and accurate manner. The
performance of the proposed algorithm was evaluated against the classical vehicle count
approach in terms of mean time-to-detect and false alarm rate. Also, the real-world case
studies were carried out to demonstrate the potential advantages of the proposed algorithm

for reducing the incident detection time.

To handle the task of vehicle reidentification over multiple detectors, an additional hier-
archical Bayesian matching model was proposed such that the vehicle matching accuracy
could be further improved (see Chapter 6). The main contributions of this chapter were
as follows. First, a hierarchical matching model was proposed such that vehicle match-
ing over multiple detectors could be treated as an integrated process. A hierarchical tree
structure was also employed for representing the matching result over multiple detectors.
Second, the associated hierarchical Bayesian model was introduced to describe the spatial
dependencies between vehicle feature distances, which would yield a more realiable prob-

abilistic measure for matching decision-making. The proposed method was then tested on
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a9.7-km freeway segment with three detectors. The results suggested that the hierarchical

matching method outperforms the pair-wise VRI matching method.

For the dynamic traffic conditions (i.e. the third part of this thesis), an iterative VRI
system with temporal adaptive time window constraint was proposed to improve its self-
adaptivity in response to the substantial changes in traffic conditions (see Chapter 7). The
main contributions of this chapter were as follows. First, a temporal adaptive time window
component was introduced into the basic VRI system. Also, the post-processing technique
was performed on the raw results produced by basic VRI to rule out the erroneous travel
time and, hence, obtain a more reliable mean travel time estimator. Second, an appropriate
iterative process was developed to perform basic VRI iteratively with different exogenous
(e.g. time window constraint and prior knowledge) such that the non-recurrent traffic
congestions can be captured. Various numerical tests were conducted to demonstrate the
application of the proposed VRI system under dynamic traffic conditions. The first sim-
ulation test investigated the feasibility of utilizing the proposed VRI to estimate the mean
travel time for a closed freeway segment containing recurrent traffic congestions. In the
second simulation was evaluated on a freeway corridor with on- and off-ramps. The exper-
imental results suggested that the proposed method performs well under bottleneck effect.
The third simulation test was then conducted to test the performance of the algorithm under

non-recurrent congestions.

In Chapter 8, a further improved self-adaptive VRI system with spatial-temporal adaptive
time window constraint was proposed to handle the serious non-recurrent traffic conges-
tions (e.g. occurrence of a traffic accident with extremely long incident duration) on a
freeway system with multiple segments. By fully utilizing the spatial and temporal traffic
information along the freeway system, the time window for each segment could be ad-
justed in a more efficient and timely manner. In addition to exploring the temporal changes
in traffic information, the shrinkage-thresholding method was employed to further inte-
grate the spatial traffic information from other freeway segments (e.g. sudden changes
in travel time estimators on other freeway segments). The proposed iterative VRI system
with spatial-temporal adaptive time window was tested on a freeway with two consecutive
segments in Bangkok, Thailand. The preliminary results justified the potential advantages

of the proposed VRI system for capturing serious non-recurrent traffic congestions.
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9.2 Future works

The future works will concentrate on the following aspects with special attention paid to

the network-wide travel time estimation using partial VRI data.

9.2.1 Extension of the VRI system to a network case

As explained in Chapter 4 and Appendix 4.A, the complexity of the vehicle matching
problem would increase dramatically when it comes to the network case where multiple
video cameras exist. Although the typical bipartite matching method still can be applied
to reidentify the vehicles simultaneously across the whole network, the extremely long

computational time would render it impractical for application in large-scale network.

In view of the above mentioned problems, we will propose a priority-based searching
scheme for solving the VRI problem in a network with multiple cameras. Unlike the
corridor case, each upstream camera has a number of corresponding downstream cameras
(one-to-many) in the network. The priority-based searching scheme serves as a strategy to
perform VRI iteratively across each pair of cameras. For the one-to-many (downstream)
camera network, we will assign a priority value to each downstream camera based on the
historical travel time (camera-to-camera) data and covariance information (e.g. path-flow
information). In general, the camera with a shorter travel time will be assigned a relatively
higher priority value. To be specific, once a group of vehicles are detected ad upstream
camera, the proposed search method will be utilized to find the downstream camera with
the highest priority value. The the basic VRI system (see Chapter 4) will be preformed
on this pair of detectors. The matching result together with the matching accuracy will be
generated. By comparing the matching accuracy with the predefined threshold value (i.e.
typical threshold accepting mechanism), we will be able to determine whether vehicles
are re-identified at the downstream site. After eliminating the matched vehicles and the
respective downstream camera, the priority value of the remaining downstream cameras

will be updated according to the matching result.

By performing the proposed searching method iteratively, we would be able to handle the

network case with multiple detectors more efficiently.
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9.2.2 Network-wide travel time estimation using partial VRI data

It is noteworthy that the proposed self-adaptive VRI systems in this thesis were devel-
oped to estimate detector-to-detector journey time. As a natural and necessary extension,
the network-wide/link travel time estimation is required for the further development of
Intelligent Transportation Systems (ITS). However, the task of network-wide travel time
estimation is far from straightforward. The primary reason is that the network-wide travel
time estimation is a highly under-specified problem, where the number of traffic detec-
tors (e.g. AVI detector, image-based sensors) is typically much less than the number of
unknown parameters of interest ( ). Due to the complex topological
structure of the traffic network and the limitation of resources in practice, it is not possible
for us to install the detectors at all key locations. Therefore, in order resolve this identifia-
bility problem, an equilibrium assignment component is included and the link travel time
estimation is formulated as a bi-level optimization problem (e.g. ;

). In these models, the upper level model is generally a least square problem for
fitting the model outputs with the observed journey times on partial links/paths, whereas
the lower level models are various kinds of equilibrium assignments.
estimated the network-wide travel times with AVI data on partial links by exploring the
variance-covariance relationships between the link travel times. It should be noted that
the success of the above mentioned algorithms relies on knowing the exact travel times
on partial links and/or paths. However, in practice, there could be multiple paths between
two detectors and thus the specific path travel time cannot be deducted directly from the
AVT system.

In view of this, we attempt to address these issues using the maximum likelihood based
approach to estimate the static link travel time from the VRI data (i.e. detector-to-detector
journey time data). The proposed algorithm dose not require the additional traffic infor-
mation on specific links/paths (i.e. partial link/path travel time) and, hence, is expected
to be more suitable for real-world application. As a classical statistical approach, maxi-
mum likelihood estimation (MLE) has also been evaluated with several other applications,
such as the OD estimation in transport networks (e.g. ;

) and communication network tomography (e.g. ; ). The
basic principle of MLE is quite straightforward. Given a set of detector-to-detector travel
times (obtained from VRI data), a statistical model is proposed to describe the uncertainty
of these observed data. The MLE problem is then formulated as to find the underlying

parameter values (i.e. mean/variance of the link travel time) which would be most likely
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(i.e. maximum likelihood) to give rise to the detector-to-detector travel times. Although
the theoretic basis is simple, a number of detailed issues need to be carefully considered

during the development of MLE method.

Principal amongst them is that we should propose an appropriate and flexible statistical
model to represent the detector-to-detector travel times. As a matter of fact, different
topological structures of the network requires different statistical models. For the most
simple corridor case, an univariate normal distribution would be able to represent the
random journey times. However in practice multiple routes may exist between the two
detectors (i.e. two-detectors-parallel-routes situation), and the route travel time cannot be
observed directly without knowing the detailed routing information. To this end, an indi-
cator ("missing data") variable will be introduced to represent the actual route choice of
each vehicle, and the joint distribution of the missing data and observed journey time data

will be derived.

Following the model formulation, we should also consider the identifiability problem
when it comes to the network case. As one of the most simple network, i.e. two-detector-
with-common-link, the link travel times are unidentifiable (i.e. non-unique) by solely
using the detector-to-detector travel time. This lack of identifiability is partially due to
the rank deficiency of the incidence matrix, and there is no unique mapping of the route
travel time to the link travel time. The other reason is that we haven't fully exploited the
available VRI data (i.e. vehicle arrival time). As part of the VRI data, the arrival time of
each vehicle provides an opportunity to collect more informative statistics, and to some

extent it could resolve the problem of identifiability.

9.2.2.1 Notation and model assumption

To facilitate the representation of the basic idea, the notations are listed as follows unless

otherwise specified:
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G=W,,A) A traffic road network in which V' is the node sets and A the

link (arc) set.

N Total number of DD journey times that could be observed dur-
ing a predefined observational time window.

v, i=12,- N The observed detector-to-detector travel times of vehicle i.

t, i=12,- N The observed arrival time of vehicle i at the upstream detector.

W= {p, tyy ey HR) The vector of mean travel time on each route between two de-
tectors.

E=1{&,.&, .84} The mean travel time on each link in a road network.

p The parameter of the logit route choice model.

In general, we make the following assumptions:

Al.

A2.

A3.

The link travel time estimation problem is considered in a static framework. In other
words, the common length of the observed time period is sufficient long so that we
may ignore the possibility of journeys that is only partially completed during the

observational time window.

Vehicles travelling from Detector A to Detector B choose independently of one an-
other which of the R available routes to follow. Given the N vehicles observed at de-
tector A, the probability of any randomly selected vehicle choosing to travel on route
r is given by a discrete choice model based on the so-called route choice parameter
p. To simplify the model formulation, we specifically assume that this probability

of a given vehicle choosing route r between two detectors is given by a logit model

solely based on the mean route travel times p = {4, 4, -+, Ug}:
exp(—pu,)
(s p) = - F>0,r=12,.,R) 9.1

; exp(_ﬁl’{s)

The detector-to-detector journey times for vehicles using route r follows a normal
distribution (independent between routes), which is independent of the arrival time
at the Detector A. By introducing an additional assumption on mean-variance rela-

tionship: 62 = Au,, we may obtain this probability density function:

N2
1O Mr)> 92)

1
fi ) = ——=exp <
276, 2 Op,
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9.2.2.2 Two-detector-parallel-route situation

Consider a two-detector-parallel-route network (as shown in Figure 9.1), in which two
camera detectors are mounted at location A and B, respectively. R is denoted as the num-
ber of parallel routes that exist between the two detectors. Lety = (y,, ,, -:-, yn) repre-
sent the random vector of observed detector-to-detector journey times. Without knowing
the exact routing information of each vehicle, it is difficult for us to propose a statistical

model to describe the stochastic behavior of random vectory. In view of this, we introduce

Route 1
Detector A Detector B

l l

Route 3

Figure 9.1: Conceptual network

the following unknown indicator variables to represent the actual route choice:

(9.3)

ir —

1 if " vehicle used route r
0 1if this vehicle used a route other than r

where i € {1,2,---, N}, and r € {1,2,--, R}. Therefore we can think of there being
two kinds of random variables, i.e., the random vector z; = (z,,,r = 1,2, -+, R) that tells
us which route vehicle i travels on, and the y, variable which tells us the journey time
experienced by vehicle i between detectors. The joint knowledge of all the (y,,z;) vari-
ables provides an opportunity to track all the vehicles along the routes. Let (y;, z;) denote
the "complete information" of each vehicle. Therefore, the joint probability density/mass
function (pdf) of the "complete information" (y;, z;), given the model parameters which

we collect together in vector form as (f, 8, u), is given by:

R _ 2 Zir
9oz 6.0, =[] {pr(ﬂ;ﬂ); exp <—%u> } 94)

=1 270u, Ou,

It should be noted that the indicator variable z;, is not observable in practice. By summing

this probability distribution over all possible combinations z; would yield the probability
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density function of observing the "incomplete data" y;:

PG 8.0, ) =) 4% B, 0, 4 9.5)

In this parallel-route situation, we assume that the observation of each individual detector-
to-detector journey time {y;,i = 1,2, -+, n} is mutually independent. Thus the incomplete-

data likelihood of observing the random sample {y,,i = 1,2, ---, n} is given by:

N
L(B,0, w;y) = [ | Pis 8.6, ) (9.6)
i=1

Within the framework of maximum likelihood estimation, this estimation problem is equiv-

alent to findind the parameter values which maximize the likelihood function (9.6), i.e.

N

L(B,0, u;y) = P(y;; B0, 9.7
max L(,0, ;) g(yﬂ 1) (9.7)

Obviously, the direct maximization of (9.6) would yield the estimator (f, 8, u). To improve
the computational efficiency, the well-known expectation and maximization (E&M) al-

gorithm will be utilized to solve this MLE problem.

Since our ultimate goal is to estimate the link travel time in a network, we need to gen-
eralize the model formulation so as to apply to a link-based specification as opposed to a
route-based one. A natural first step would be to assume that the travel time on link a fol-
lows a Normal distribution N (&,,0¢&,), fora = 1,2, ---, A (mutually independent between
links). If the 0/1 indicator &, takes the value 1 if link a is part of route r, and O other-
wise, then this amounts to assuming that the travel time on any route r is also a normal

distribution, with

A A
mean value y, = Z 6,¢,, ~variance o, = Z 06,¢,. (9.8)

a=1 a=1

By substituting (9.8) into the incomplete-data likelihood function, we may also obtain a
likelihood function of new parameters, as L(f, 8, &;y). Accordingly, the link travel time
estimator can be obtained by maximizing this new likelihood function.

Although this simple extension appears to be sound at first glance, the problem of identifi-

ability (i.e. non-uniqueness) of the parameter estimates arises under this statistical model.
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For the parallel route situation mentioned above, this problem is trivial since there is a
unique mapping of the route travel time to link travel time. However, for a more compli-
cated network case (see Figure 9.2), there will be an infinity of solutions for the maximum
likelihood estimation. Note that we can still treat it as a parallel-route situation and hence
estimate the associated route travel time. Unfortunately, this model is incapable of esti-
mating the link travel time due to the rank deficiency of incidence matrix. As shown in
Figure 9.2, link 1 is a common link between the two routes. It is quite reasonable for us
to assume that the travel times on these two routes are correlated with each other because
of the common link. Nevertheless, the statistical model mentioned above fails to take into
account the correlation factor between the routes. To overcome this difficulty and fully
exploit the collected VRI data, the additional platoon information (i.e. arrival time data)

will be utilized for the purpose of link travel time estimation.

Detector B

|

Detector A

Route 1

Y

Y

Route 2

Figure 9.2: Two-detectors-with-common-links network

9.2.2.3 Two-detector-with-common-link situation

In this part, we are going to estimate the link travel time by explicitly considering the
correlation (i.e. covariance) factor between the route travel times. Recall that the VRI
data consists of two parts: a set of journey times {y, : i = 1,2, ---, n} and their associated
arrival time {¢#; : i = 1,2,---,n}. As a matter of fact, the arrival time data also provide
an opportunity to collect more informative statistics. By our observation, a number of
vehicles tend to travel in a platoon. Accordingly, it is expected that the vehicles in the same
platoon would experience the same travel time on the common link (where covariance

arises).
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To be more specific, for a given interval of time, detector A in Figure 9.2 captures a
number of vehicles at certain time {t, : i = 1,2,---,n} (see e.g. Figure 9.3). Based
on their arrival time, we may calculate the time-headway between the vehicles and hence
define the associated vehicle platoons. In this case, the measured VRI data will be divided

into two groups: the individual observation (e.g. y;, y;) and the platoon observation (e.g.

D> Vo))

Vi Vi
- \ ,V?Pigle— Pl_atgog / Vi
m¢ e h Ag:m
. 9 o ( ==py= ﬁ/) D— 0O

<

—~ — p—

Arrival time at
detector A

Figure 9.3: Vehicle platoon information

For the individual observation, the independency assumption is still reasonable because
of the sufficiently large time-headway between the vehicles. And we can still utilize the
statistical model proposed in Section 9.2.2.2. Therefore,the joint probability density func-
tion (pdf) of (y;, z;) is given by:

R _ 2 Zir
4,325 B0, &) = H {pr(ﬂ; ﬁ); exp (—%M> } (9.9)

=1 270u, Ou,

A
where y, = Y 6,&,. By summing this probability distribution over all possible combi-

a=1
nations z; would yield the probability density function of observing the "incomplete data"

Vit
P](yl’ﬁ’g’ é)zzq(yz’zl’ ﬁ70’ g) (910)

And accordingly, the likelihood function of the individual observation is given as follows:

Ny
L0, &y) = [[ PGs 6.0, 8 (9.11)
i=1

in which N, represents the number of the individual observations.
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With respect to the vehicle platoon observation (y,, y,,), as explained above they are not
independent but following a multivariate normal distribution (MVN). In our particular

case shown in Figure 9.2, knowing the routing information(z,, z,,), the platoon observation

Vi V) ~ MV N (1, )) (9.12)

For example, assuming that vehicle k and m are traveling on route 1 and route 2, respec-

tively, then we may have:

0&, +0¢&, 0¢,
s V) ~ MV N +&,6, +&1),
(yk V) <(‘f1 52 51 53) ( 051 ‘961 +9§3 )>

In this case, the joint probability density function (pdf) of (y,,z,; y,,. Z,,) 1S given by:

R R
000710 7 B0, &) = [T TT{ 2,0 P2, e MY NGt Y 17 0.13)

re=1r,=1

By summing this probability distribution over all possible combinations z, and z,, would

yield the probability density function of observing the "incomplete data" (y,, y,,):

Py 3 B0, 8) = D0 D 60(i Zao Yo T B, 0, &) (9.14)

Zy Zy

Again, we may obtain the likelithood function of the platoon information, L,(f, 0, &;Yy).
The overall likelihood function is then given by:

Upon completion of the statistical model formulation, the upcoming task is estimate the
link travel times by maximizing the likelihood function (9.6) and/or (9.15). As discussed
earlier, the direct optimization method may not be mathematical tractable because of the
potentially massive computational load. In the following part, we would apply the expec-
tation and maximization (E&M) algorithm to solve the MLE problem.
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9.2.2.4 Preliminary numerical results

To demonstrate the properties of the model formulation, we perform a series of simulation

tests using the conceptual network in Figure 9.1 and Figure 9.2.

The test network shown in Figure 9.1 consists of three parallel routes and two VRI detec-
tors. In this case, our goal is to estimate the unknown parameters (u,, u,, i, f, 0) through
the observed the VRI data. In this research, we utilize Monte Carlo simulation approach
to generate the VRI data using the statistical model described in Section 9.2.2.2. In our
simulation test, the actual mean route travel time is g = (30,32, 34). The actual route
choice parameter § = 0.5, whereas the mean-variance parameter § = 0.1. As mentioned
before, the performance of proposed EM algorithm is highly dependent on the initial pa-
rameter. Therefore, we utilize the random initialization technique to generate a number of

initial points.

Table 9.1: Performance of random initialization technique

Initial parameters Estimated parameters log-likelihood
Hy Ho M3 p 0 My Mo Hs p 0
29.46 32.07 3431 0 0.07 | 2993 31.35 33.84 0.39 0.10 -2190.6
29.87 33.09 3536 0.11 0.06 | 29.93 31.36 33.84 0.39 0.10 -2190.6
29.82 32.82 35.03 041 0.07]30.11 3220 3429 0.56 0.10 -2190.5
29.51 3255 36.38 0.31 0.08|30.03 31.96 34.19 0.50 0.10 -2190.4

As shown in Table 9.1, the EM algorithm starting at different initial points would give rise
to different solutions. The major reason for this phenomena is that the objective function
is non-concave. In this case, the global maxima may not be guaranteed. By applying
the proposed random initialization technique, we may achieve a "sub-optimal" estimate.
The last row in Table 9.1 shows that a more reasonable estimate with relatively larger
incomplete-data log-likelihood is obtained. We also calculate the scaled root mean squared
error to indicate the accuracy the estimation. To be more specific, we first generate 50 sets
of VRI data (the sample size of each set of data is 1000) using Monte Carlo simulation

approach. Then the scaled root mean squared error is given by:

SRMSE =

50 3
1 1 (i) _
il %Z}Z{(yj — p;)? = 0.0125 (9.16)

=1l j=
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where ﬁy) denotes the estimate for the jth route based on the ith data set.

To verify the asymptotic properties of the estimators, we apply this statistical estimation
approach to a number of VRI data sets with different sample sizes. Assume that all the
EM procedures start at the same initial point (,uio), ;450), ,uéo), . 6©), then we may obtain

the following results:

Table 9.2: Asymptotic properties of the estimators

Estimated parameters .
Sample size
Hi Hy H3 p 0
29.4720 31.7402 34.3533 0.3484 0.0549 100
30.1222 32.3078 35.2306 0.5451 0.1107 200
30.0192 31.4881 33.5846 0.4541 0.0982 500
30.0310 31.9604 34.1854 0.5005 0.1003 1000

As shown in Table 9.2, the estimates become more and more accurate with the increasing
of the sample size of the observed VRI data. This phenomena is quite reasonable as the

maximum likelihood estimator is asymptotically unbiased and efficient.

Another test network shown in Figure 9.2 consists of 3 links and two routes. link 1 is
the common link between the two routes. In our experiment, the actual mean link travel
time is & = (20, 10, 14). The actual route choice parameter § = 0.5, whereas the mean-
variance parameter & = 0.1. By adopting the statistical model proposed in Section 9.2.2.3,
we may generate the observed data through Monte Carlo simulation. Recall that by solely
utilizing the individual observation, we may not achieve an unique solution. Therefore,
two sources of data are explored: individual information and platoon information. In
this test, the sample size of individual information is denoted by N, while the platoon

information (i.e. number of pairs of vehicles) is N,.

Table 9.3: Performance of the link travel time estimation

Estimated parameters
S & < p 0
18.9620 11.4027 16.0387 0.4084 0.0849 | 900 | 100
19.2482 93078 15.6732 0.5687 0.0845 | 800 | 200

19.8702 10.6504 14.2408 0.5402 0.1003 | 500 | 500
20.0271 9.98464 14.1002 0.4995 0.0981 | 200 | 800

NN
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Table 9.3 demonstrates the performance of our estimation approach by utilizing two sources
of VRI data. It is evident that the unique solution can be obtained by incorporating the pla-
toon information. With respect to the increase of N,, the estimates are becoming more and
more accurate. This result is expectable, since the platoon information provide us more
informative statistics. One interpretation for this result is that the individual information
enable us to estimate the statistically independent route travel times, whereas the supple-
mentary platoon information describe the covariance between different routes (here we
assume the covariance results from the overlapping between routes). The combined us-
age of these two sources of data provide us a chance to resolve the identifiability problem.
However, it should also be noted that incorporation of the platoon information would in-
evitably increase the complexity of the objective function (see Equation (9.13)) and hence
the computational time. In other words, there is a trade-off between the estimation accu-

racy and computational efficiency.

9.2.2.5 A discussion on the proposed method

Several comments should be made on the proposed method. First, due to the non-concavity
of the incomplete likelihood function (Equation (9.6)), we may not be able to obtain an
"optimal" estimate. In this case, we suggest starting the E&M algorithms at a number of
random initial points to avoid being "trapped" at the local maxima. Second, when it comes
to a network case with multiple detectors, the growing complexity of the complete-data
likelihood function and the large number of parameters to be estimated will be the ma-
jor computational consideration. Third, in practice we may not achieve perfect matching
through the VRI system. Thus, we should also consider the possible random error of the
Detector-to-Detector journey time produced by this VRI system. Recall that the VRI sys-
tem would also provide us a probability measure to represent the matching accuracy (see
Chapter 4). In such case, we suggest that the joint likelihood function proposed earlier
should also be modified by multiplying this additional factor (i.e. matching accuracy) to

represent the reliability of the observed travel time data.
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