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Abstract

The economic and social transformation has led to rapid growth in mobility demand leading to
a growth in vehicle usage, which has been further aggravated by ever increasing urban sprawl
and new commuting needs. Subsequently, several negative externalities of transportation systems,
including congestion, road crashes, and pollution arise, which are considered as fundamental chal-
lenges of modern times. According to a recent OECD report [1], the gross annual economic loss
from traffic fatalities and injuries is projected to be about $US 450 billion, or around 2% GDP of
OECD countries. Researches have been conducted across the world to achieve zero fatalities or
minimal severity on roads. Earlier studies have primarily depended on the historical crash reports
for the road safety assessment. However, they were not successful in capturing the actual crash
risk due to various limitations of the crash data. The proactive safety analyses, using an indicator
that captures easily detectable and frequent unsafe events as a surrogate to the crash, is a better
alternative for safety assessment.

Surrogate Safety Measures (SSMs) are widely used for the proactive assessment of potential
crash risk. The majority of the existing SSMs are fundamentally designed to capture the rear-end
collision risk. However, in reality, the traffic dynamics involve the simultaneous interaction of
multiple vehicles on a 2-dimensional (2D) surface, which results in a broad spectrum of collision
patterns, such as head-on, side-swipe, rear-end, angled, and run-off-road collisions. To capture
the overall risk, it is essential to reckon all crash occurrences, irrespective of their patterns. The
proactive safety analyses, with an indicator that can measure the transport facilities’ overall safety,
could allow effectively devising the road crash mitigation strategies to accomplish the zero fatality
goal.

Extensive but accurate trajectory data is a vital input for the proactive safety assessment. The
recent advances in computer vision and drone technology have inspired many researchers to collect
traffic videos to understand naturalistic driving behavior. However, the transformation of the traffic
videos into useful traffic data is challenging. Although several computer vision-based data extrac-
tion tools are available, many involve manual processing, or costly, or restricted to certain field
conditions or road geometries. The present study focuses on remediating the current challenges
of video-based microscopic traffic data extraction by developing a microscopic traffic data extrac-
tion tool named Semi-Automated VEhicle TRAjectory eXtractor (SAVETRAX). This tool would
enable the development of a vast trajectory database corresponding to various traffic facilities.

Nevertheless, deriving useful information from the observed trajectory data requires certain pre-
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processing to handle the noises added at several stages of the data collection. The present study pro-
poses an adaptive and data-driven path smoothing technique that can be universally applied to the
video-based path data obtained from any camera platform (either drone or fixed camera setup). The
proposed reconstruction framework works in three stages; in the first stage, the data is prepared by
resampling any missing data. Also, any outlier in the observed path data is identified and removed
at this stage. In the second stage, a Recursively Ensembled Low-Pass (RELP) filter is proposed to
handle the ‘heavily tailed’ noise found in the video-processing-based trajectory data, particularly
for drone videos. A robust adaptive Gaussian kernel smoothing is applied in the third stage to have
a localized reconstruction. For Kernel smoothing, the smoothing parameters such as the optimal
bandwidth and polynomial order are estimated using the proposed grid-search algorithm. The
parameter estimation process ensures that the bias and variance are perfectly traded-off to achieve
a smooth vehicle path. Since the noise pattern is different for the vehicle path’s longitudinal and
lateral components, the proposed method applies separate smoothing for these components. Not-
ably, the proposed approach does not cause any over/under-smoothing. Therefore, the critical
traffic incidents are not misinterpreted, which is crucial for proactive safety assessments.

An extensive and reliable trajectory dataset would be beneficial for a proactive safety assess-
ment at various road facilities. This study proposes a novel 2D SSM called Anticipated Collision
Time (ACT) to capture the overall risk. This study also introduces another safety indicator derived
from the ACT profile called Time of Evasive Action (TEA). TEA primarily captures the time at
which a vehicle commences to respond, in terms of deceleration, when it encountered an unsafe
situation. Such a measure helps to understand the response pattern of different vehicles/drivers to
a potential collision. We also derived Time Exposed ACT (TE-ACT) and Time Integrated ACT
(TI-ACT) from the ACT profile to capture the crash exposure and severity, respectively.

The potential of the proposed tool and measures, developed as a part of this research, was invest-
igated through four case studies. First, the safety during a lane change operation was estimated. To
this end, we developed a methodology to identify and classify interrupted and uninterrupted lane
changes. We found that these two types of lane change operations are characteristically different.
Further, the Powered Two Wheelers (PTWs) safety in an urban environment was analyzed with
trajectory data collected from a busy urban midblock section. The analyses have shown that the
likelihood of PTWs involving in a crash is double that of any other vehicle type. PTWs are found
more vulnerable to side-swipe collisions. The analysis of vehicles’ safety at horizontal curves su-
perimposed with vertical alignments revealed that the vehicles are more vulnerable to run-off-road
crashes at such geometries; thus, installing adequate crash barriers or warning systems is necessary
to reduce fatalities. The correlation analysis of different crash types with various road geomet-
ric variables shows that the design parameters exhibit a contradicting correlation when modeling
different crash types. Further, a network-level proactive safety assessment was performed. The
results indicate that it is essential to properly integrate the crash frequency, exposure, and severity
for identifying a hot-spot on a transportation network.

The results emphasize the capabilities of ACT and the other derived indicators to perform a
more comprehensive proactive safety assessment. It is apparent from the analyses that all the tools
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and measures developed in this research opens a new avenue for a comprehensive investigation of
the safety of various transport facilities, irrespective of the geometry and the traffic scenario.

This study has certain limitations that can be investigated in future studies. First, ACT’s ability
to quantify crash risk at various transportation network components is not validated. This needs
comprehensive trajectory data at various transportation network components, which would soon
be available thanks to technological advances. Second, the impact of trajectory data accuracy on
the crash risk statistics is unknown, which needs to be further investigated. Third, the trajectory
data sampling frequency might influence the derived quantities such as TE-ACT, TI-ACT, and
TEA, which need to be examined. Fourth, the compatibility of ACT with simulation packages
and collision warning systems has to be researched further. The outcomes of this study may serve
as a springboard for future CAV technologies to improve their safety and efficiency. A detailed
investigation is required to validate and adjust the proposed technique to make it deployable, which
is the future scope of this project.
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ẑd[k] Fourier coefficient of the interpolated feature map
λ Weight parameter
αj Exponentially decaying weight
γ Learning rate
hSG Bandwidth
fs Sampling frequency
εN Mean square approximation error
a Vector of polynomial coefficients
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Chapter 1

Introduction

1.1 General

Transportation plays a significant role in the day-to-day life of human beings. A high-quality
transportation system allows communities to access essential services, facilities, and employment
opportunities, thereby enhances life quality. Efficient transportation is a critical component of
every economy since it enables transporting resources from one place to another, allowing people
and societies to generate welfare. Despite the benefits, the transportation sector also faces some
unprecedented challenges. Some of them include loss of life and property damage due to road
crashes, noise and air pollution, and so on.

Road safety is one of the critical challenges faced by designers and policymakers, worldwide.
Figure 1.1 shows the global status report of road safety, and it demonstrates the intensity of the road
safety issues. Every year, almost 1.2 million people are killed in road crashes around the world. On
the other hand, the number of people injured is as high as 50 million – the population of five major
cities combined. This alarming number of road fatalities emphasizes that safety management is a
crucial component that needs to be strengthened with vision, direction, coordination, management,
funding, interventions, advocacy, monitoring, and evaluation. Although the key challenges vary in
scope between regions, they are common everywhere.

Despite the fact that road safety has significantly improved in many countries over the last half-
century, much more remains to be done to achieve a safer road environment. To bring the road
safety issues under control, policymakers and designers must clearly understand the magnitude of
the challenge. This should be achieved through assimilating the knowledge from past experiences
and close inspection of the real-field data corresponding to individual vehicles. The existing prac-
tices, which are either based on the historical crash events or proactive methods that only apply
to specific crash types, are inadequate to achieve such an understanding. In fact, studies have
widely reported the limitations of the safety assessment using the historical crash data. Neverthe-
less, ECMT, WHO, and the World Bank have acknowledged that a significant shift in road safety
thinking has taken place over the years. Some of them are summarized below [7–10]:
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Chapter 1. Introduction General

Figure 1.1: Global status report of road safety (Source: World Health Organization [2])

i Although it is challenging to avoid road crashes entirely, traffic injuries can be predicted and
minimized.

ii Scientific approaches and reliable data are essential for rational analysis and effective re-
medial action.

iii Traffic system providers should account the possible human errors while designing the traffic
facilities. Also, they should consider the road user vulnerability and acknowledge the import-
ance of speed management.

iv Road traffic injury is a social equity issue – equal protection to all road users should be
provided and avoid an unfair burden of injury and death for vulnerable road users, such as
pedestrians and Powered Two Wheeler (PTW).

v Technology transfer is most effective when it takes into account local issues, environments,
and traffic patterns.

These points suggest the need for a data-centric, advanced, but straightforward technique for a
strategic solution to road safety issues.

The ever-growing traffic injuries across the world indicate that the existing traffic injury pre-
vention practices are not adequate to accommodate the safety issues on the road. Therefore, it is
essential to have a deeper understanding of the mechanism behind the onset of a crash. Here, the
challenge is twofold. First, there needs extensive data to understand vehicle-vehicle and vehicle-
infrastructure interactions during safe and unsafe circumstances. Second, a more sophisticated
safety indicator needs to be devised to capture the overall crash risk at a transportation facility.

As mentioned by several past studies, the safety assessment using the historical crash data
known for its limitation. Therefore, researchers have used measures that proxy the actual crash
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event - known as Surrogate Safety Measures (SSMs). The existing SSMs are primarily developed
to capture the likelihood of specific crash category (mostly rear-end crash), or their application is
limited to certain road geometry. Therefore, these measures are not suitable for an overall safety
assessment at various road facilities. Due to this limitation, the existing proactive safety assessment
can underestimate the actual crash risk at a transportation facility. Thus, this study emphasizes that
the proactive safety evaluation necessitates a more sophisticated SSM that can work with different
vehicle types, crash types, and facilities.

Vehicle trajectory data is a digital replica of the field dynamics, which helps extract all relevant
information on vehicle kinematics and vehicle-to-vehicle interactions. In the context of the safety
analysis, such data would help in a comprehensive understanding of the crash generation mech-
anism and the evasive actions taken by the vehicles. However, owing to the difficulties associated
with the data collection, extraction, and standardization, achieving trajectory data for site-specific
safety analysis is challenging. Though several trajectory data extraction frameworks are avail-
able, many of them are manually operated, costly, or erroneous. Thus, it is essential to have a
cost-effective, user-friendly, and accurate data extraction platform for a comprehensive safety in-
vestigation at different locations.

One of the widely known issues with the field observed trajectory data is the embedded noise
added at the several stages of the data collection and extraction. If not adequately accounted
for, this noise would result in unrealistic vehicle kinematic characteristics, which significantly
influences the reliability of the inferences made. The recent advances in drone and computer-
vision techniques have attracted several researchers to collect the trajectory data using imaging
techniques. However, the pattern of the noise in such data is unknown and necessitates special
treatment. Therefore, there is a need for a more advanced trajectory reconstruction technique,
which is independent of the camera platform and the pattern of the noise.

1.2 Objectives of the study

Motivated by all the facts discussed above, the goal of this study is to perform a proactive safety as-
sessment of road traffic using trajectory data. With this goal, the objectives of the present research
work are defined as follows:

1. Development and Standardization of Vehicle Trajectory Database

1.1. Development of an image-based trajectory data extraction tool

1.2. Development of a methodology for the reconstruction of vehicle trajectory data to re-
move embedded noise

2. Development of a 2-Dimensional surrogate safety indicator for general application

3. Proactive safety assessment at various elements of the transport network

3.1. Lane change safety assessment
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3.2. Safety of Powered Two Wheelers (PTWs) in a multi-class, weak lane-disciplined traffic
stream

3.3. Vehicle safety at 3-Dimensional geometric elements

3.4. Network-level safety evaluation

1.3 Research Scope

The scope of this research work is as listed below:

1. The trajectory reconstruction method proposed in this study is tested only for the trajectory
data collected using imaging techniques. However, the proposed methodology can be used
with trajectory data from any source, but the applicability needs to be explored.

2. Safety issues addressed in this thesis are restricted to motion safety. Although the risk due
to system failure and the governing factors are relevant aspects of a vehicle’s safety, they are
out of the scope of this work.

3. All the safety analyses performed in this research work are for motorized vehicles. The
pedestrian/non-motorized vehicle’s safety is not addressed, and they are outside the scope of
this work. Nevertheless, all the contributions of this study are general and can be extended
to pedestrian safety also.

4. During lane change analysis, vehicles were expected to follow the lane discipline. So, the
LC identification method proposed in this study can only be used with lane discipline traffic
conditions. For weak lane disciplined traffic conditions, additional constraints need to be
added to identify the lane change events correctly, and it is outside the scope of this work.

1.4 Organization of the Thesis

Figure 1.2 graphically depicts the organization of this thesis. Each box represents a chapter, and
the arrow between the boxes indicates the relationship between the chapters. A detailed description
of the thesis organization is as follows.

Chapter 2 gives a critical review of the literature to highlight the gaps in the state-of-the-art.
This chapter primarily has four sections. Section 2.2 reviews the image-based trajectory extraction
tools. Section 2.3 reviews the importance of the noise reduction from the extracted trajectory
data. Section 2.4 discusses the proactive safety analysis and the limitation of the existing surrogate
safety measures. Section 2.5 presents the literature review corresponding to the four case studies
conducted in this study. This includes the lane-change scenario, PTW safety, vehicles’ safety at
3D road geometry, and the network-level safety assessment. Section 2.6 summarizes the literature
survey and highlights the research gaps.
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Chapter 1: Introduction

Chapter 2: Literature Review

Chapter 3: SAVETRAX: A 

Tool for Trajectory Data 

Extraction

Chapter 4: Vehicle Path Reconstruction 

using Recursively Ensemebled Low-

pass Filter (RELP)

and Adaptive Tri-Cubic Kernel 

Smoother

Chapter 5: Anticipated 

Collision Time (ACT)

Chapter 6: Application of Proposed Trajectory-Based Surrogate Safety Analysis at Various Traffic Scenarios

Chapter 7: Summary and Conclusions

Figure 1.2: Thesis structure and relations between chapters

Chapter 3 presents the trajectory data extraction tool, the SAVETRAX, developed as part of this
research work. Section 3.2 of this chapter explains the workflow of the developed application
and its modules. Section 3.3 presents the evaluation of SAVETRAX, and shown the accuracy of
trajectory data extracted using SAVETRAX. Section 3.4 summarizes the work.

Chapter 4 presents the trajectory reconstruction framework developed in this research work.
Section 4.2 gives the details of the proposed reconstruction methodology. Section 4.3 evaluates
the efficiency and reliability of the proposed framework. Section 4.4 summarizes the chapter.

Chapter 5 discusses the novel surrogate safety indicator developed as part of this research work.
Section 5.2 describes the derivation of ACT and a detailed methodology to estimate ACT. This sec-
tion also discusses the other SSMs derived from an ACT profile, such as Time Extended ACT (TE-
ACT), Time Integrated (TI-ACT), and TEA. Section 5.3 summarizes and concludes the chapter.

Chapter 6 presents the application of the proposed method at various traffic scenarios. Sec-
tion 6.1 presents the safety assessment of a lane change operation. This section emphasizes the
need to consider interrupted and uninterrupted lane changes separately while modeling and ana-
lyzing lane change dynamics. Section 6.2 performs the safety evaluation of the PTWs in an urban
environment. Section 6.3 presents the safety of vehicles traversing a horizontal curve superim-
posed with a vertical alignment. Section 6.4 presents a network-level safety evaluation.

Finally, Chapter 7 summarizes the thesis and recommends future research directions.
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Chapter 2

Literature Review

This chapter presents a detailed literature review, with an aim to identify the research gaps cor-
responding to the objective of this thesis work. Section 2.1 highlights the importance of the nat-
uralistic driving data in the empirical traffic flow studies. Section 2.2 reviews the image-based
trajectory extraction tools. This section highlights the limitations of the existing trajectory data
extraction tools and the need for a new tool. Besides, this section also discusses the desirable
properties for a novel trajectory data extraction tool. Section 2.3 reviews the importance of the
noise removal from the extracted trajectory data. This section also describes the properties of an
accurate trajectory data. Further, different trajectory reconstruction techniques employed in the
literature are presented, and highlighted the need for a novel trajectory reconstruction technique.
Section 2.4 discusses the proactive safety analysis and the limitations of the existing surrogate
safety measures. Section 2.5 presents the literature review corresponding to the four case studies
conducted in this study. This includes the lane-change scenario, Powered-Two-Wheeler safety,
vehicles’ safety at 3D road geometry, and the hotspot identification for the transportation network.
The last section summarizes the literature survey and highlights the research gaps.

2.1 Importance of Naturalistic Driving Data in Traffic Engineering

Rapid advances in vehicle position acquisition technologies such as Global Position Systems
(GPS), Radio Frequency Identification (RFID), location estimation of 802.11, smartphone sensors,
GSM beacons, infrared or ultrasonic systems, imaging techniques, and so on, have resulted in sev-
eral open-source trajectory databases [11–13]. A trajectory is typically defined as a sequence of
timestamped geographical locations of a moving object [12, 14]. A broad spectrum of transport
applications can benefit from trajectory data mining, if the data corresponding to all traffic scen-
arios are readily available. Some of the applications of the trajectory data include, but not limited
to, the scenario-based testing of autonomous vehicles [15,16], developing and validating the traffic
simulation models [17, 18], understanding the complex vehicle dynamics at various traffic facil-
ities [19–21], and promoting safe and green transportation strategies [22–26]. Furthermore, the
trajectory data is equally crucial for performing microscopic, mesoscopic, and macroscopic traffic
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flow analyses [27].

Trajectory data opens up several research avenues but, achieving large-scale trajectory data is
not a straightforward task [28]. The availability of an extensive trajectory database corresponding
to all traffic scenarios is limited due to the difficulties associated with the trajectory data collection,
extraction, and standardization. Accuracy and inhomogeneity vary among the trajectory databases,
due to the differences in the traffic conditions, road layouts, and the spatial and temporal range of
observations. Furthermore, the limited sharing of available data within the research community,
restricted a comprehensive understanding of many aspects of traffic flow theory [29]. Some of the
recent attempts of the trajectory data collection include, the Next Generation Simulation Models
(NGSIM), T-Drive [30,31], Mixed Traffic Trajectory Data [32], MIT Trajectory Data Set [33], New
York City Taxi Trip Data (2010-2013) [34], Mobile Century Data [35], GPS Trajectories Data Set
[36], SHRP2 data [37], HighD data [38], and pNEUMA data [39]. Although the release of these
trajectory datasets had led to a better analysis of various traffic dynamics, otherwise unknown
previously, we are still facing a shortage of high-quality trajectory data [38].

In the recent past, the researchers are more concerned about acquiring Naturalistic Driving
(ND) data. There have been several attempts to achieve ND data through various techniques; the
two most prominent techniques are through vehicle instrumentation [37], and imaging techniques
[39]. Some of the known limitations of data collection through vehicle instrumentation are;

1. This approach can attain only data corresponding to the instrumented vehicle

2. The driver is conscious that he/she is being monitored

3. Costly if need data at a higher penetration

The image-processing (IP) based technique can overcome most of these limitations, however, com-
promising the spatial range of the data. Nevertheless, being an extrusive data collection method,
the imaging technique can capture naturalistic driving behavior without the driver’s conscious-
ness. Moreover, the data corresponding to all the interacting vehicles can be extracted, rather than
only the instrumented vehicle. Although there are several benefits to using IP-based techniques
for trajectory data collection, it is not straightforward. The following section briefly discusses the
challenges of IP-based trajectory data collection and some of the existing practices.

2.2 Image-Based Trajectory Data Collection: History, Challenges, and the
Current Practices

The IP based traffic data extraction dates back to the 1960s, and the studies during that time mostly
relied on labor-intensive data extraction techniques. The IP based technique as a substitute to the
presence detectors was first investigated by the Federal Highway Administration (FHWA) in the
mid-1970s [40]. Later, Michalopoulos [41] has introduced a video-based traffic data collection
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system, the Autoscope, which has been widely used thereafter. However, the function of the Auto-
scope was similar to that of a presence detector, not trajectory data extraction. Due to the higher
cost and the laborious manual processing required in the office, IP based traffic data collection
was not the primary mode of traffic data collection during that time. In recent years, with the
advances in imaging technology, the availability of low-cost cameras, high-speed computers, and
various image-processing techniques, the IP based traffic data collection has become more prom-
inent among the other methods [42, 43]. The advantages of the IP-based traffic data collection
include:

1. The ability to make site-specific adjustments

2. Portability

3. Visual reproduction of the traffic stream

4. Availability of unlimited data forms

5. Manual and automatic data processing capability

Researchers have utilized various IP techniques in a multitude of traffic applications such as
the incident detection [44, 45], macroscopic traffic analysis [46–49], analysis of driver behavior
at different scenarios [50–52], risk assessment [53–58] and so on. However, for several reasons,
many of the above studies have reported that, transforming the video data into useful traffic data
is a challenging process. Albeit, video-based traffic data collection is widely employed in the field
of traffic engineering.

Achieving a better quantity and quality of ND data with sufficient information is undoubtedly
demanding, and requires an appropriate data processing tool that can efficiently and accurately
extract the data [59, 60]. Benefiting from the advances in computer vision and drone technolo-
gies, several attempts have recently been made to acquire ND data corresponding to various traffic
scenarios. [38, 39, 49, 59, 61–63]. However, many of them have compromised the quantity/quality
of the data, either to minimize the extent of human supervision required in the data extraction
process or the cost. To avail better quality data, generally manual data extraction was followed
[4, 32, 49, 64], which is, however, a backbreaking exercise [65, 66]. In the case of fully automated
data extractors, some researchers have reported significant error in the extracted trajectory data [4].
A reliable trajectory extraction tool should provide an optimal trade-off between the data quantity,
quality, extent of manual intervention, and the cost. It has already been reported that, achieving
high-quality and detailed vehicle trajectory data with minimal cost and manual interventions is
challenging even in the era of intelligent technologies and big-data, due to the lack of appropriate
data collection technology and devices [27, 67]. Notwithstanding all the progress made in recent
years, the trajectory data extraction problem still needs substantial improvement to achieve equit-
able access to better data for all researchers to participate in building efficient, safe, and green
transportation infrastructures.
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Figure 2.1: Review of trajectory based studies in the recent past; a) Data platform; b) Data extraction method

To understand the state-of-the-art of the IP based traffic flow analyses, the authors have reviewed
one-hundred-and-fifty trajectory-based studies published in the top tier Transportation Engineer-
ing journals between 2017 and 2020. It can be seen from Fig. 2.1a that, 18.87% of the studies have
used NGSIM data, even though Coifman et. al [4] have reported that the NGSIM data is highly
erroneous, and the existing trajectory reconstruction techniques are inadequate to deal with the
associated error. This indicates that the researchers depend on such data sources to minimize the
complexity associated with the collection and extraction of a new set of traffic data or the limited
availability of a publicly shared traffic database. In other words, there still lacks comprehensive,
high-quality, and publicly available traffic data to perform the research in the field of traffic engin-
eering. Further, 81.13% of the studies have used other than NGSIM data, out of which 70.75% have
used a fixed camera setup, and 10.38% have used Unmanned Aerial Vehicles (UAVs) for the data
collection. Though the studies that have utilized drones for traffic data collection are minimal, the
recent trend indicates that drone-based traffic data collection will overrule the fixed camera-based
traffic data collection [39,68–74]. For transforming the videos into useful traffic data, studies have
used various methods, which were broadly classified as manual, semi-automated, and automated.
It is to be noted that, even in the era of technological innovations, nearly 45% of the research-
ers have employed manual data extraction, indicating the lack of accessibility to more advanced
trajectory extraction tools.

Apparently, a cost-effective, reliable, and user-friendly tool that can incorporate the advances in
computer-vision techniques is imperative for high-quality traffic data extraction. It is noteworthy
that the absence of an appropriate tool to extract trajectories from a multi-class, disordered traffic
stream was a major constraint for a detailed analysis of the multi-class traffic dynamics prevalent in
most of the developing countries. Moreover, for the penetration of the autonomous driving systems
in the market of developing countries, it is essential to get more and more data from corresponding
traffic scenario. Similarly, the existing trajectory extraction tools are not suitable for extracting the
trajectory data from complex road geometries such as horizontal curves superimposed with a ver-
tical curve, as it violates the planar terrain assumption considered during coordinate transformation
in many trajectory extraction tools.
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2.2.1 Challenges of Video based Traffic Data Collection

The present-day computer-vision and drone technologies can extract high-quality vehicle traject-
ories from traffic videos with minimal supervision but are not easy to use for many researchers
working in traffic engineering. The latest object tracking algorithms possess higher tracking ac-
curacy and speed, and many are publicly shared. However, to utilize these tracking algorithms
developed in different programming languages (mostly in python or MATLAB), the users need to
make necessary modifications according to the study requirements. To make such modifications,
the users should have a better programming language proficiency and an advanced knowledge
of the computer vision algorithm flow. Nevertheless, the vehicle trajectory extraction involves
multiple advanced processing stages; thus, only access to the tracking algorithm will not serve
the purpose. The associated challenges in trajectory data extraction include the coordinate trans-
formation, compensating the camera movements, initial detection, classification, defining track-
ing boundaries to terminate a completed track, detection and correction of the failed tracks, and
compiling and exporting the data into a useful file format. As the computer-vision or advanced
computer programming is not the area of expertise for a traffic engineer, it would be hard to make
necessary modifications in the available code according to the requirements. Thus, only a lim-
ited studies could benefit from advances in object tracking techniques, and most researchers still
depend on the manual data extraction frameworks [75]. Moreover, for a traffic engineer, the re-
search interest may not be the extraction of the trajectory data but to infer the cause and effects
of several traffic dynamics and incidents from the trajectory data through various analyses. Re-
cently, there were several data extraction startups [76–81] that provide paid services for extracting
the traffic data from videos, and is often used by researchers [39]. However, the cost of the data
extraction/purchasing may not be affordable always for many of the researchers due to the lack of
research funding or restricted access [82,83]. Nevertheless, the data is indispensable; thus, there is
a necessity for an accurate and user-friendly data extraction tool with minimal user-interventions
and cost.

As discussed, numerous challenges arise at each level of the traffic data acquisition using ima-
ging techniques. At the stage of video recording, the viewing angle of the camera affects the accur-
acy of the collected trajectory data when extracted using some of the current trajectory extraction
tools. It is to be noted that, many of the current trajectory extraction tools demand a front facing
camera-view, aligned with the center-line of the road [3,84]. Such a consideration limits the traffic
data collection at the locations where a road-related infrastructure such as the foot-over-bridge is
available for mounting the camera [32, 49, 85, 86].

It was reported that the camera movement would add error to the trajectory data [13,74]. From
a controlled experiment using a small Unmanned Aerial Vehicles (UAVs or drones), Barmpoun-
akis et al. [68] have found that the accuracy of the speed data extracted from the drone video is
highly dependent on the camera stability and the geo-referencing procedure. Therefore, it is essen-
tial to perform necessary corrections to the extracted trajectories that nullify the effect of camera
movements. Since the vehicle trajectories were assumed to be on a Euclidean plane, minor devi-
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ations such as scaling, rotation, or translation (in 2 dimensions) could lead to a significant error
in the extracted trajectory data. Yet, only a few studies have considered the effect of the camera
movement on the extracted data accuracy. Kaufmann et.al [74] have collected vehicle trajectories
using a small-scale quadcopter camera, and they have reported a prolonged but permanent move-
ment of the camera, which impacts the data accuracy. To correct this error, they have evaluated the
camera position for each frame and applied a necessary adjustment to the tracked vehicle position
based on the shifted camera position. Kaufmann et.al [74] have reported that the measurements
in two neighboring video frames (with a frame rate of 25fps) have caused a significant error in
the speed that was about 1pixel/frame = 1m/0.04s = 90km/h. Similarly, several research-
ers have discussed the importance of video stabilization during drone-based traffic data collection
[68–70, 87, 88].

The detection and classification of a wide variety of vehicles in the traffic video is another
challenge associated with trajectory data extraction. Many studies have reported that this stage
is more prone to error compared to tracking. As the traffic composition and vehicle types differ
from region to region, it is not easy to train a detection or classification module considering all
the vehicle types. Moreover, to achieve better accuracy in vehicle detection and classification, the
image should contain sufficient vehicle features. For automated detection and classification, it is
essential to preserve the image quality to keep sufficient features of the object of interest. Studies
that employed the automatic detection and tracking of the vehicles have limited the height of the
camera/drone to maintain sufficient foreground information [38, 59]. It is apparent that, as the
height of the flight goes up, the foreground information in the traffic video would depreciate. In
such cases, the automatic processing fails more frequently with illumination changes, background
clutter, partial occlusions, high-speed moving target, moving camera, target deformation, and so
on [24, 59, 66]. On the other hand, when the height of the camera/drone is restricted, its spatial
coverage would decrease, resulting in shorter trajectory data. It is to be noted that the issues that
arise from an inferior quality video can be resolved with a little human supervision, rather than
compromising the quantity of the data. Moreover, the automated classification of vehicles limits
the application of such tools to the traffic stream that contains only the trained vehicle classes, and
user does not have the freedom to add vehicle classes of his/her study interest.

The transformation of the vehicle coordinates in pixels into real world coordinates is another
challenge related to IP based traffic data collection. Researchers have proposed various camera cal-
ibration techniques to transform the image coordinates into real world coordinates [89–93]. Fung
[89] proposed a two-vanishing-point technique, considering road lane markings as the reference
lines for calibration. The major drawback of this approach is the ill-conditioning effect that occurs
due to near-parallel lines. He et al. [90] proposed a calibration method using a single vanishing
point from the lane markings to overcome the errors caused by ill-conditioning. This method does
not assume any extrinsic parameters to be known a priori. Direct linear transform (DLT) is another
technique, which uses point to point correspondence for estimating the homography matrix [91].
However, the prime assumption of all the techniques mentioned above is the planarity of the real-
world region. Since the existing tools are limited to the planar region, most of the image-processing

11TH-2739_166104028



Chapter 2. Literature Review Image-Based Trajectory Data Collection

based trajectory extraction studies are restricted to the midblock sections falling in plain terrain or
straight road with a constant grade [32, 63, 84, 94, 95].

While developing a trajectory data extraction tool, it is essential to consider the above-listed
facts to achieve better quality and quantity of trajectory data. However, no method can eradicate
all the potential errors that can occur during trajectory data extraction. Therefore, the extracted raw
trajectory data should be post-processed to eliminate the noise. Section 2.3 addresses various noise
reduction techniques employed in the existing studies. Some of the commonly used trajectory data
extraction tools are presented in the following section.

2.2.2 Existing Tools for Image-Based Trajectory Data Extraction

The researchers have employed several trajectory extraction tools in the literature, and each one
has its own advantages and disadvantages. Table 2.1 lists some of the tools used to extract the
vehicle trajectory data from traffic videos, and their properties.

Table 2.1: Review of the image-processing based trajectory extraction tools

Author & Year Tool Manual Remarks

Wei et al.,(2005)
[95]

Vehicle Video-
Capture Data Collector
(VEVID)

X User manually picks the vehicle position at each frame. VEVID
outputs the trajectory data along with speed, acceleration, and
the gap between the targeted vehicles.

Mallikarjuna et al.,
(2009) [84]

TRAZER × Automatically detect, track, and classify the vehicles; TRAZER
outputs traffic characteristics such as the classified vehicle
flows, average vehicle speeds, average occupancies, vehicle tra-
jectories, lateral, and longitudinal spacing.

Munigety et al.,
(2014) [3]

Traffic Data Extractor
(TDE)

X Data can be extracted with fidelity of 0.1 sec with a manual
vehicle tracking at each frame; The real-world coordinates from
the two-dimensional image coordinates were obtained after
camera calibration using vanishing point-based technique.

Apeltauer (2015)
[96]

Vehicles’ Trajectory
Extraction from Aerial
Video Data Captured
Using UAV

× Detection is based on Boosting technique. To increase the ro-
bustness to changes in illumination and to accelerate the train-
ing phase, Multi-scale Block Local Binary Patterns (MB-LBP)
was employed. A sequential particle filter has been adopted. A
gradually updated rectangular template represented the target.

Lee et al., (2008)
[94]

Trajectory Extractor X The video images are displayed frame by frame according to
the given processing interval; tracking is by mouse-click on the
vehicle at each frame. The screen coordinates of the mouse-
clicks are then converted to the real-world coordinates.
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Babinec et al.,
(2015) [97]

Automatic Vehicle Tra-
jectory Extraction from
Aerial Video

× Vehicles were detected using the AdaBoost classifier construc-
ted of Multi-Scale Block Local Binary Patterns features. The
vehicle tracking is done by multi-target tracker based on a set of
intra-independent Bayesian bootstrap particle filters specialized
in dealing with environmental occlusion, multi-target overlap,
low resolution and feature salinity of targets and the changes in
their appearance

2.3 Trajectory Data Reconstruction

Raw trajectory data are complex and often contain noise and errors [5,13,27,29,64,98–100]. Prior
to using the trajectory data for any analysis, it is essential to filter out abnormal/erroneous data
and standardize it. If not properly accounted for, the resulting speeds and accelerations would be
inconsistent and may have significant implications on practical applications [29]. A trajectory re-
construction method should retrieve all the kinematic features of the vehicle motion conforming to
the actual vehicle dynamics. Therefore, before developing any trajectory reconstruction technique,
it is crucial to know the properties of a meaningful trajectory.

2.3.1 Properties of a Meaningful Vehicle Trajectory

Vehicle trajectories are the most detailed empirical data available to investigate the traffic dynamics
[29]. The accuracy of the trajectory data is ensured through various consistency analyses such as
internal consistency, platoon consistency, and physical consistency. Internal consistency deals
with the kinematics of a single-vehicle, while platoon consistency verifies the coherence of inter-
vehicle spacing of vehicles in car-following. The physical consistency ensures the realism of
the macroscopic traffic dynamics, considering the distribution of the speed and acceleration of
the vehicles. These properties are derived from various physical and dynamic constraints of the
vehicle motion.

At any time instance, a moving vehicle will have a well-defined speed and acceleration, which
are the first and second derivatives of the position with respect to time, respectively. That is,

dx

dt
|(ti,xi) = vi

d2x

dt2
|(ti,xi) = ai

Where xi is the position of the vehicle at time ti; vi is the instantaneous speed; ai is the instantan-
eous acceleration. This property makes the trajectory data to be continuous as well as differenti-
able. Besides this, vehicle trajectories should give meaningful speed and acceleration values that
satisfy the equations of motion [101].

x(ti) = x(t0) +

∫ ti

t0

v(t)dt (2.1)
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v(ti) = v(t0) +

∫ ti

t0

a(t)dt (2.2)

Equations 2.1 and 2.2 can be used to check the internal consistency of a trajectory [102], and any
reconstructed trajectory should satisfy these conditions. Treiber et. al [103] have stated that the
internal consistency conditions are the primary kinematic constraints of the vehicle trajectories.
The internal consistency ensures the agreement between the position, speed, and the acceleration
values [32]. Montanino et al. [5] have considered the internal consistency as a constraint in the
non-linear optimization problem, for the local reconstruction of the vehicle trajectory. Punzo et al.
[29] have found that the internal consistency considerations alone may not ensure the exactness of
inter-vehicle spacing in case of falsely tracked vehicles.

Platoon consistency is an important aspect to be considered if the data acquisition method leads
to false detection of the vehicles. False detection is one of the major issues associated with the NG-
SIM data, and this leads to unrealistic acceleration or deceleration of the vehicles [5]. The concept
of platoon consistency was introduced by Punzo et al. [101] to ensure non-overlapping vehicle
trajectories. Punzo et al. [104] claimed that this analysis is necessary since the trajectory data are
intended not only for studying the individual vehicle dynamics, but also for understanding micro-
scopic traffic dynamics. Trajectory data collected on several vehicles should satisfy the platoon
consistency which deals with the integrity of the inter-vehicle spacing [29]. This consistency eval-
uation is derived from the car-following behavior and ensures that the trajectory data do not result
in unrealistic headways. Kanagaraj et al. [32] have also mentioned that, ensuring the platoon
consistency avoids the overlapping of the estimated trajectories. In case of the semi-automated
trackers, the possible noise in the trajectory data could be the White Gaussian. The possibility
of false tracking rarely occurs with semi-automated trackers because of the direct human inputs.
Hence, the issue of platoon inconsistency may not arise. Even in case of the false detection, the
equations of platoon consistency, as proposed by Punzo et al. [104], are not applicable for the
heterogeneous traffic streams due to the multiple leader-follower combinations and parallel move-
ments. Within the existing setup of the platoon consistency, it is not possible to incorporate such
microscopic constraints to the trajectories obtained from heterogeneous, no lane-disciplined traffic
stream.

Figure 2.2: Speed and acceleration distributions estimated from the observed data (extracted using Traffic
Data Extractor (TDE) software [3]); a) Frequency distribution of the speeds estimated from the observed
trajectory data; b) Frequency distribution of the accelerations estimated from the observed trajectory data
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Physical consistency can be applied to the entire set of trajectories, and it verifies whether the
speed and acceleration distributions are within the realistic range. Figure 2.2a shows the frequency
distribution of the speed data of about 155 vehicles observed over a 100-meter road stretch during
a 120 second period. It can be seen from the figure that there are negative speeds. Also, it is evident
from the Figure 2.2b that, there are several unrealistic acceleration values exceeding 3m/s2 and
the deceleration exceeding 5m/s2 [5].

Another property that can be conveniently assumed is that the vehicle trajectories are a com-
bination of piece-wise lower order polynomials. The real world driving patterns result from the
instantaneous decisions taken over the physical driving environment [105] and also depends on
the safety, convenience, and comfort aspects. According to Hamdar et al. [106], driving is not
anymore a discrete process, but a story divided into multiple episodes. This continuous story is
characterized by the probability of terminating a given episode based on the driving experience
encountered. Various driving patterns of a driver can be considered as, stopped condition, constant
speed motion, acceleration, and deceleration. Acceleration and deceleration processes result in the
non-linear portions of the trajectory, whereas the other two actions result in the linear portions.
The degree of non-linearity depends on the rate of acceleration/deceleration. The rate of change of
acceleration is termed as the jerk, which is proportional to the rate of change of force [107]. It can
be an apparent behavior of any driver that he/she always tries to minimize the rate of change of
force to keep them on a safe and comfortable side while executing the acceleration, deceleration,
and lane change maneuvers. Hence, these non-linear portions can be conveniently represented
with the lower degree polynomials.

The above-discussed characteristics of the vehicle trajectories need to be considered in the re-
construction framework. Trajectory data are collected in different ways, and the corresponding
errors are entirely different. As mentioned earlier, the reconstructed trajectories must exhibit in-
ternal, platoon, and the physical consistency. Some of the approaches consider these properties
as constraints in the reconstruction methodology [5]. Many researchers have not included these
properties in the reconstruction methodology but used for the validation of the reconstruction meth-
odology [108, 109]. Any primary approach used for smoothing need to consider the internal con-
sistency implicitly in the smoothing approach. The representation of trajectories with continuous,
piece-wise lower order polynomial functions will always satisfy the internal consistency condi-
tions.

2.3.2 Various Trajectory Reconstruction Techniques Generally Practiced in Traffic Engin-
eering

With the advent of NGSIM dataset [63] where a vast amount of trajectory data made publicly
available, a series of trajectory reconstruction techniques were developed [5,29,99,100,106,108–
111]. Except a few, many of the trajectory reconstruction techniques reported in the transportation
literature were mainly meant for and customized to NGSIM data. Without checking the adequacy,
some of the studies have employed off-the-shelf smoothing techniques with an arbitrarily chosen
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smoothing parameters, and invariantly applied across different vehicle trajectories. It is apparent
that the nature of noise for each trajectory would be different due to several reasons as discussed
in the later part of this chapter. In the case of NGSIM trajectories, a major emphasis was on the
error resulted due to the tracker malfunctioning, owing to the low quality of the NGSIM videos
(resolution 640 × 480 pixels), and the extreme angular view of the camera [5]. Nevertheless, in
the modern era of traffic data collection, the researchers could collect high-quality traffic videos
(e.g., at 4k (4096 × 2160) resolution) at a bird-eye view, thanks to the drone technology. By
virtue of the advances in computer-vision techniques, the process of trajectory extraction was also
revolutionized, thereby achieved an accuracy level comparable to the manual trajectory extraction.
Unlike the error pattern observed with the fixed camera setup, a new sort of error pattern is found
in the trajectory data extracted from drone videos, which is unknown and cannot be sufficiently
attenuated using the existing filtering techniques.

The contemporary traffic data collection using the drone videography is more complicated com-
pared to the stationary or fixed camera system [112]. Moreover, the information on the accuracy
and reliability of the extracted data from drone video is very minimal [68]. In order to handle
various errors generated while collecting the trajectory data, researchers have employed several
filtering/smoothing techniques. Table 2.2 lists some of the recent studies based on trajectory data
and the corresponding filtering strategy. It is apparent from the table that the trajectory smoothing
problem is highly disparate and offhand in terms of its implementation. Though it is well-known
that the smoothing results would significantly affect the study output, many studies have not given
significant importance to the efficacy of the smoothing techniques. It is to be noted that the selec-
tion of smoothing parameters has an evidential impact on the accuracy of the reconstructed path
and the reliability of all the derived quantities including, speed, acceleration, Time-to-Collision
(TTC), headway, and gap. However, the smoothing parameters considered in most of the studies
were arbitrarily chosen and were invariant across different vehicles’ trajectories. Many of the re-
cent studies have employed the moving average method, which is known for the lag produced in
the output data when a larger filter window is used [113]. A few studies have applied a correc-
tion to the imposed lag through correlation analysis; however, majority studies have not addressed
this issue. It is apparent that, such a lag can significantly affect the result of the time-series ana-
lyses or derivation of time-dependent attributes, such as TTC. Moreover, the use of inappropriate
smoothing parameters would lead to over/under-smoothing of the data, which may cause a mis-
representation of the actual vehicle kinematics. The over smoothing may subside the effect of
the harsh events on the kinematic quantities, such as the acceleration and jerk, and would lead to
the under-representation of potential crash events. The under-representation of the possible crash
events is, however, a problem for vulnerable road users [114, 115]. On the other hand, the under-
smoothing of the data would lead to jerky vehicle actions that may underrate the quality of the
service. Thus, an appropriate estimation of smoothing parameters to achieve adequate smoothing
is crucial in the case of traffic studies.

Table 2.2: Review of trajectory smoothing techniques employed in the transportation literature
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Author Data Smoothing/
Filtering
Technique

Remarks

Barmpounakis
et al. [39]

Data collected using a
swarm of UAVs (10 UAVs)
from an urban road network
covering 1.3km.

Kalman filter Mentioned that the filter was able to filter out
the noise in the measurement upto a level of 3.3
cm. No information on smoothing parameters is
provided.

Li et al. [116] NGSIM I-80 and I-101 Moving aver-
age filter

No information on the filter width. A negative
vehicle movement was reported due to the mov-
ing average filtering.

Durrani et al.
[117]

NGSIM (US-101) Symmetric
exponen-
tial moving
average filter

Chosen a smoothing window of 0.5 second for
position, 1 second for speed, and 4 seconds for
acceleration.

Gu et al. [71] Data was collected using
UAV at a merging area
of Maqun interchange in
Nanjing, China.

Moving aver-
age filter

A window size of 2 seconds, and a sampling rate
of 4Hz was considered for filtering. All traject-
ories were filtered with the same filter configur-
ation. A lag is clearly visible with the smoothed
data shown in Fig. 5 of Gu et al. [71], but no
measure has been taken.

Mohammed
et al. [118]

Trajectories are extracted
from the video data col-
lected at Brooklyn bridge,
USA, for two hours.

S-G filter Used S-G filter with seven time-step window
(7/15 sec) for all trajectories. The method is val-
idated using the average speed measured using
the known distance and time-spend.

Tian et al.
[119]

25 car platoon experiment
data

Moving aver-
age filter

Used a constant window size of 1 second, for
all trajectories. Time delay is corrected using
correlation analysis.

Wang et al.
[56]

Data from ten urban signal-
ized intersections collected
using a drone. A total of 4hr
data.

Cubic spline No further information on the implementation
of smoothing technique.

Wei et al.
[120]

Video based trajectory data
collected at a 4-legged inter-
section

Kalman
smoothing

No information on smoothing parameters. The
boundary effect is visible in the presented accel-
eration and jerk profile (Ref. Fig. 9 in Wei et al.
[120])
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Wu et al. [22] Data from a controlled ex-
periment with 19-22 cars

Spline
smoothing

Each trajectories were reconstructed using a
fourth-order B-spline. The choice of fourth-
order spline was to achieve smoothness in ac-
celeration. The weights are chosen such that the
acceleration estimates obtained from the second
derivative of B-spline are within the physically
reasonable bound. Additionally, a parameter
called tolerance was used to control the length
of every single fitting window.

Xing et al.
[57]

Trajectory data collected
from a toll plaza using UAV.
The total duration of data
was 1.5hr, and the length of
the road stretch covered was
400m.

Moving aver-
age filter

Reported that the UAV flying in the air would
have jitter due to the impact of wind, which
causes an error in the extracted trajectory. No
information on the smoothing parameters used.

Krajewski et
al. [38]

HighD Dataset Rauch-Tung-
Striebel (RTS)
Smoothing

RTS was basically developed for state estima-
tion of linear dynamic systems in the presence
of additive Gaussian noise.

van Beinum et
al. [61,72,73]

Used empirical trajectories
from 14 sites in the Nether-
lands. Trajectories are col-
lected using a camera moun-
ted on a helicopter. The
length of the road covered
was 1200-1500m

Polynomial
regression
filter

No information on the polynomial order and
window size used for smoothing.

Fard et al.
[109]

NGSIM (I-80) A two-step
approach
based on
wavelet
analysis

Step 1: outliers are identified locally and mod-
ified through applying the Gaussian kernel re-
gression. Step 2: raw trajectory data is de-
composed into three levels using DWT and
Haar wavelet as the basis function. The de-
noising process is then conducted by defining a
threshold for the detail coefficients. At last, the
vehicle trajectory data is reconstructed by em-
ploying an inverse DWT. The smoothing tech-
nique is difficult to implement or not available
for direct use.

Saifuzzaman
et al. [121]

NGSIM (US-101) Weighted
moving
average filter

Used a constant window size of 1 second, for
all trajectories. An artificial time lag was intro-
duced, thus used a two-sided weight function.
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Zhou et al.
[122]

NGSIM (I-80) Moving aver-
age filter

Used a constant window size of 0.8 second, for
all trajectories. Negative vehicle movements
due to MA filtering were set to zero. Further re-
fined the acceleration to a range of (-3.41,3.41).

Montanino et
al. [5]

NGSIM A four-stage
reconstruc-
tion process

Step 1: outlier removal using a natural cubic
spline with ten reference points before and after
the sequence of outliers; Step 2: noise removal
using a Butterworth filter of order one and cut-
off frequency of 1 Hz; Step 3: Local weighted
reconstruction using a fifth-degree polynomial
function; Step 4: residual noise removal by ap-
plying same lowpass filter in step two. This
method is customized to NGSIM trajectories
and hard to implement.

Zaki et al.
[123]

Trajectory data were col-
lected from two locations
in North America and the
Middle East using a fixed
camera setup near junctions.

Savitzky-
Golay (S-G)
filter

Utilized a second-order S-G filter for all the tra-
jectories. No information available on the filter
size used.

Ahn et al.
[124]

NGSIM (I-80, I-101) S-G filter The filter window was 1 second for all the tra-
jectories.

Bagdadi et al.
[125]

200 passenger car data Weighted
exponential
smoothing

Weighted averaging with a 3 point moving win-
dow, and a weighting constant of 0.4 for all the
vehicles.

Thiemann et
al. [99]

NGSIM Symmetric
exponen-
tial moving
average filter

Chosen a smoothing window of 0.5 seconds for
the position, 1 second for speed, and 4 seconds
for acceleration based on the visual comparison
of the smoothing results with different window
sizes

Regardless of the availability of a customized smoothing technique for NGSIM data [5, 100,
109], researchers are still using the basic, off-the-shelf filtering techniques, without further veri-
fying the smoothing accuracy. Such a practice could be due to the difficulty in implementing the
multi-stage algorithms developed for NGSIM data compared to the off-the-shelf smoothing tech-
niques. However, for enhancing the quality of transportation researches using vehicle trajectory
data, it is desirable to develop an appropriate smoothing technique that can be easy to use for the
researchers.

A preliminary analysis of the data collected using the fixed camera system and UAV clearly
distinguish the difference in the error pattern (see Fig. 2.3). The extracted trajectories from aerial
videos have shown a large and unrealistic variance with heavy tails for acceleration distribution
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Figure 2.3: Observed acceleration distribution from drone and fixed camera setup; a) Acceleration distri-
bution for drone based traffic data collection; b) Acceleration distribution for fixed camera setup (NGSIM
data)

(Fig. 2.3a), compared to the fixed camera system (Fig. 2.3b).Thus, it is apparent that the observed
trajectory data from drone videos would contain the error that has a large variance, and follows
a heavy-tailed distribution. "Heavy tails" means that for large values of error ε, the density, f(ε),
approaches zero more slowly than the Gaussian [126]. One of the possible causes of heavy tailing
in the error distribution could be the camera shakiness. Generally, the camera shakiness is induced
either from the mechanical vibrations, or the drift of drone due to the prevalent weather conditions
and an associated repositioning of drone to the original position using the embedded position-
ing technology (e.g., Vision or GPS positioning), which is available in most of the high-end drones
(e.g., DJI-Inspire, DJI-Phantom). It is to be noted that the listed models of the drone are commonly
used for traffic data collection [38, 39, 71], thus, a heavy tailed error pattern could be expected in
the extracted trajectory data. Though the researchers have employed several video stabilization
techniques, all of them can only minimize the camera movements or smooth out the camera trans-
itions. No stabilization technique can altogether remove the camera movements; thus, certain
camera movements, mostly Gaussian, are expected to remain. Yet, a sub-pixel level movement of
the camera can add a significant error to the extracted vehicle path in the real-world coordinate
system, which might also vary with the height of the flight, and video resolution. Apart from the
camera shakiness, the jump of the bounding box around the subject vehicle during the tracking
process can also lead to heavy tailing in the error distribution. It is to be noted that, during the
time of camera jitter or jump of the bounding box, the noise in the extracted trajectory data would
be non-Gaussian and has much heavier tails than the Gaussian. The treatment of heavily tailed
error is a challenging task since an inappropriate reconstruction of such data would lead to local
artifacts, thereby unrealistic estimation of kinematic quantities. Thus, it is indispensable to have
a novel trajectory reconstruction technique to address the heavily tailed error pattern, associated
with the current trajectory data collection methods.
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2.3.3 Importance of a Separate Smoothing for Lateral and Longitudinal Components of a
Vehicle’s Path

In the literature, the vehicle dynamics are represented using one-dimensional space trajectories
due to the prominence of one-dimensional traffic flow theories [127–130], and the lateral dy-
namics were studied and modeled separately [131–136]. However, the state-of-the-art studies are
mainly focusing on the two-dimensional vehicle dynamics due to the prominence of autonomous
driving technology, and also for a more realistic explanation of traffic dynamics [137–143]. In
fact, understanding the lateral dynamics such as lane changing, overtaking, in association with the
longitudinal dynamics, or the vehicle dynamics at intersection, roundabouts, or curves, the two-
dimensional trajectories are inevitable. To clearly distinguish the dimensional difference, hereafter,
we would use the time-series of two-dimensional position as the vehicle path. The existing recon-
struction techniques mainly discuss the trajectory reconstruction [5, 29, 64, 100, 102, 109]; and,
the path smoothing is underrated. The challenges in smoothing the path data include the added
non-linearity due to steering, apart from the non-linearity due to acceleration/deceleration and the
dissimilar error pattern in the longitudinal and lateral direction of the path.

As presented in Table 2.2, most of the existing trajectory smoothing techniques have considered
invariant smoothing parameters for all the vehicle trajectories with an assumption that the noise is
similar in every case. We conjecture that the level of noise in the extracted trajectories would vary
from vehicle to vehicle and can have local artifacts in the form of tiny spikes with a wide range
of amplitudes. Such a noise can be due to the nonuniform jittering of drone video, and a vari-
able tracking accuracy across the vehicles based on the lighting condition, the number of features
available, background clutter, etc. Furthermore, the existing trajectory smoothing techniques have
either neglected the reconstruction of the lateral position of a vehicle or applied the same level of
smoothing for both the longitudinal and lateral positions. By saying ‘the same level of smoothing’
we mean that the smoothing parameters are invariant for longitudinal and lateral directions. But, it
is very likely to have a dissimilar error pattern for the longitudinal and lateral positions irrespective
of the camera platform. The difference in the pixel dimension along and across the road, perspect-
ive distortion, the difference between optical flow and the pixel directions, the difference in the
magnitude of camera vibration in each direction, vehicle localization error while tracking, are a
few reasons to name. From the foregoing discussion, it is evident that the nature of noise is differ-
ent for different vehicle paths and also different for their lateral and longitudinal components. To
capture such an extensive heterogeneity of error in the observed path data, an adaptive smoothing
needs to be performed for each vehicle path and each direction according to the level of noise.

2.4 Trajectory-Based Proactive Safety Analysis

It is estimated that more than 90% of road crashes are due to human error [144]. As such, the
observation and generalization of hazardous events is a real challenge. In the past, the steps taken
to improve road safety were mostly dependent on the crash data analyses and modeling. However,
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such steps were not fully successful in improving road safety due to several issues related to the
crash data. The primary issues concerning the crash data are [145–148]: (i) traffic crashes are quite
exceptional compared to other traffic incidents as they are the product of a sequence of unpleasant
realizations of many small probabilities; (ii) a long period of data collection time is often needed to
obtain adequate crash data for statistical modeling; (iii) not all traffic crashes are recorded, and the
degree of under-reporting depends on the crash severity and the categories of road users involved;
(iv) information on the behavioral aspects preceding the crash is rarely accessible. Besides, the
available traffic crash reports typically describe injury levels as discrete variables [149]. Also,
the biases caused by missing data in crash database with incomplete records frequently hampered
the estimation of crash contributors’ effect on crash severity and the prediction of crash severity
outcomes [150].

The proactive safety assessment has been reported as a powerful tool to assess the crash risk
probabilities on various transport infrastructures [24, 54]. An extensive set of accurate trajectory
data would allow to proactively assess the safety at various transportation facilities, thereby imple-
menting appropriate mitigation strategies. In the last 40 or more years, a large body of literature
has accumulated to identify and develop measures relating to ’crash proximity,’ typically called
crash surrogates. The idea is to identify the circumstances that may lead to a traffic crash and
assess the likelihood and severity. As the road crashes are rare events, the primary role of safety
surrogates is to indicate the opportunities for enhancing road safety without focusing on individual
crash occurrences. It also helps to recognize places that have not undergone historical crashes but
can predict potential instances of future crashes [151]. Thus, several researchers have postulated
that road safety analyses would surely benefit from reliable measures that use detectable non-crash
events as a surrogate to crashes [152,153]. The following section presents a detailed review of the
existing SSMs.

2.4.1 Review of Existing Surrogate Safety Indicators

Owing to the well-known drawbacks of the reported crash data, researchers have realized the need
to use some surrogate safety measures (SSMs) that can capture the crash risk. The SSM would
allow one to:

1. Assess road traffic safety more effectively and in a shorter time;

2. Elaborate the link between design elements and risk;

3. Fully understand the relationships between driving behavior and the associated risk; and,

4. Gain a better understanding of the mechanisms that characterize regular traffic and critical
events such as crashes.

Past studies have introduced numerous surrogate safety measures. In search of existing sur-
rogate safety indicators, the present study have identified 17 indicators that are widely discussed.
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Broadly, these surrogate safety measures can be classified into three categories: temporal, spatial,
and acceleration-based SSMs. Table 2.3,2.4,&2.5 present some of these indicators. The tables
also present the advantages, disadvantages, and the suitability of SSMs in evaluating different
crash types. It is evident from the table that there is no single measure that can capture all crash
risks, irrespective of the road geometry, crash type, and traffic condition.

The most common types of crashes on the freeway are the rear-end and sideswipe collisions
[154]. When compared to the number of studies on rear-end collisions, research on sideswipe
crashes is rather limited [155–157]. While several safety indicators are available to quantify the
crash risk, most of them primarily focus only on the rear-end collision risk. Furthermore, the
applicability of these safety indicators towards addressing overall crash risk during driving, or at a
road facility is questionable [146, 153, 158]. Presently, no safety indicator is available to capture
the crash risk corresponding to all possible crash occurrences. It is a major gap of the surrogate
safety analysis reported by several studies [115, 159, 160].

Traffic dynamics at crossings, roundabouts, curves, and vehicle operations such as lane-changing,
overtaking, and merging are unique and involve interaction between multiple vehicles on a 2-
dimensional (2D) surface. Under these conditions, a broad spectrum of collision patterns, such as
head-on, side-swipe, rear-end, and angled collisions, are possible. An SSM that could comprehend
these wide-ranging collision patterns, and include them under a common severity hierarchy, needs
to be developed for a more reliable proactive safety analysis. Since many of the existing SSMs are
1-dimensional (1D), as per definition, and assumes the kinematic quantity of vehicle motion to be
a scalar, they cannot be used explicitly in all the traffic scenarios [161]. In reality, the vehicle states
are vector quantities, and their usage in a scalar proximity calculation is non-trivial [26, 161].

It is to be noted that, among the existing SSMs, the temporal proximity indicators are the most
popular measures since they integrate spatial proximity and speed. In the generation of temporal
proximity measures, the Time-to-Collision (TTC) is a widely used surrogate safety indicator with
several extensions [160, 162, 163]. More generally, TTC can be defined as the time left for a
potential crash if two vehicles continue their states [164]. The conventional TTC measure as-
sumes a car-following situation where the collision course is conformed with the lateral overlap
of the vehicles. Notwithstanding the potential benefits of TTC in practice, this measure has sev-
eral limitations, and some of them are [160, 162, 165]: (i) highly customized to rear-end conflict
type, therefore, other conflict sequences are not captured; (ii) the conflicting vehicle’s movement
is restricted to either right-angled or parallel to each other; (iii) since collision course detection is
conditional, TTC estimation limited only to specified cases; (iv) it is difficult to achieve a common
severity hierarchy.
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Table 2.3: List of surrogate safety indicators that measure temporal-proximity of vehicles

Indicator Definition Limitations Advantages Suitability for collision
type

Time-to-Collision (TTC)
or Time-Measured-to-
Collision (TMTC)

TTC is the time remaining
for two vehicles to collide
if they continued on their
course at the same rates.

TTC ignores several potential con-
flicts due to acceleration or de-
celeration discrepancies; TTC can
provide the magnitude of crashes
but not their severity;

TTC is used in practice than other
SSMs; TTC is more informative
than PET; Many automobile colli-
sion avoidance systems or driver as-
sistance systems use TTC.

Rear-end, turning/weaving,
hit objects/parked vehicle,
crossing and hit pedestrian.

Time Exposed Time-to-
Collision (TET)

Summation of all moments
that a driver approaches a
front vehicle with a TTC-
value below the threshold
(TTC*).

It does not provide information on
the severity of a crash.

TET can be estimated for different
vehicle classes separately. It gives
an idea, on average, how long a
vehicle is exposed to crash risk.

Same as TTC.

Time Integrated Time-to-
Collision (TIT)

Integral of the TTC-profile
during the time it is below
the threshold (TTC*).

It is difficult to interpret; Estimation
is not straightforward;

Severity levels of a vehicle collision
can be understood; Allow to per-
form safety of transport facilities in
terms of probable collision severity.

Same as TTC.

Modified Time-to-Collision
(MTTC)

A modified TTC version that
considers all the potential
longitudinal conflict scen-
arios due to the accelera-
tion or deceleration discrep-
ancies.

Not fit for angled or side-swipe col-
lisions; Does not reflect the severity
of a collision.

More general than TTC; Consider
driving discrepancies; Severity of
the collision could be weighted us-
ing CI indicators.

same as TTC
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Table 2.3 continued from previous page

Indicator Definition Limitations Advantages Suitability for collision
type

Crash Index (CI) Influence of the speed on
kinetic energy involved in
collisions.

CI describes only the safety inform-
ation about two vehicles at a partic-
ular time and place. Not fit for side-
swipe or angled collision.

CI quantifies the severity of a po-
tential crash; Severity and the like-
lihood of a potential conflict could
be interpreted.

Same as MTTC.

Headway (H) Time elapsed between the
successive arrival of two
vehicles

Mainly applicable to read-end col-
lision in lane-based traffic environ-
ment; Not applicable for other crash
types.

Easy to measure; Level of safety
could be distinguished.

Rear-end collision

Time-to-Accident (TA) Time-to-Accident (TA) is
the time that remains to an
accident from the moment
one vehicle starts an evasive
action if they continue their
speed and directions.

Often criticized for relying heav-
ily on the subjective judgment of
speed and distance. Mainly rely on
vehicle’s evasive action.

Widely used; Easy to measure; Can
be done by both manually or by
Video analysis, Couple of manu-
als have been developed in different
countries.

Same as TTC.

Post-Encroachment Time
(PET)

The time between the mo-
ment that a vehicle leaves
the location of a potential
collision and the other road
user arrives at that location.

Only useful in the case of trans-
versal (i.e., crossing) trajectories
(Right angle collision); Cannot re-
flect changes with the dynamics of
safety-critical events over a larger
area; Levels of severity as well as
the impact of a conflict are not taken
into account.

PET is more appropriate than TTC
for intersecting conflicts; PET can
be easily extracted; Can be easily
estimated using photo-metric ana-
lysis in video or simulated environ-
ment; PET represents the driver be-
haviors.

Mainly for right angle
or crossing crash. Mer-
ging/diverging, head on (to
a certain extent).
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Table 2.4: List of surrogate safety indicators that measure spatial-proximity of vehicles

Indicator Definition Limitations Advantages Suitability for collision
type

Potential Index for Colli-
sion with Urgent Decelera-
tion (PICUD)

Distance between the two
vehicles when they com-
pletely stopped state.

Mainly applicable in lane changing
condition when leading vehicle ap-
ply emergency break; Threshold
value needs to be set manually; Do
not take into account lateral con-
flicts.

PICUD is more suitable to evalu-
ate the collision risk of consecutive
vehicles of similar speeds. PICUD
can detect the change in traffic con-
dition and conflicts more sensitively
than TTC.

Same as TTC.

Proportion of Stopping Dis-
tance (PSD)

Ratio between the distance
remaining to a potential col-
lision point and the min-
imum acceptable stopping
distance.

Estimated based on evasive actions;
PSD provide higher percentage of
vehicles interaction and time ex-
posure to conflict than TTC and
DRAC.

Single vehicle conflict with fixed or
unfixed objects can be evaluated;
Easy for observation and calcula-
tion.

Hit object (on road or road
side), overturning.

Margin to Collision (MTC) Ratio of summation of the
inter-vehicular distance and
the stopping distance of the
preceding vehicle and the
stopping distance of the fol-
lowing vehicle.

Same as Stopping distance. In addi-
tion, it does not consider a response
delay of the following vehicle. A
non-dimensional parameter.

It provides the possibility of conflict
when the preceding and following
vehicles abruptly decelerate at the
same time.

Same as Stopping distance.

Unsafe Density (UD) Level of “unsafe” in the rela-
tion between two consecut-
ive vehicles on the road for a
determined simulation step.

UD could be used only for compar-
ison purposes; fit for only rear-end
collision analysis; Applicable only
for a lane based traffic situation.

Gives more accurate information
than typical micro-simulation out-
puts; Comparative study between
road network links can be done.

Rear-end, merging and di-
verging or lane changing.
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Table 2.4 continued from previous page

Indicator Definition Limitations Advantages Suitability for collision
type

Difference of Space dis-
tance and Stopping distance
(DSS)

Difference of the spacing
and stopping distance.

Provide information on the num-
ber of unsafe vehicles but cannot
provide the degree of danger and
the duration.

The calculation formula and dan-
gerous threshold value are simple
and clear.

Rear-end, hit object and
turning.

Time Integrated DSS
(TIDSS)

Total time integral of gap
between DSS and the dan-
gerous threshold value.

Mainly suitable for rear-end con-
flict.

Consider the degree and the dura-
tion of danger.

Same as DSS

Table 2.5: List of surrogate safety indicators based on the deceleration behavior

Indicator Definition Limitations Advantages Suitability for collision
type

Deceleration Rate to Avoid
the Crash (DRAC)

Differential speed between
a following/response vehicle
and its corresponding sub-
ject/lead vehicle (SV) di-
vided by their closing time.

Fails to accurately identify the po-
tential traffic conflict situation; Not
suitable for lateral movement.

Explicitly considers the role of dif-
ferential speeds and decelerations
in traffic flow.

Rear-end, Hit object/parked
vehicle, Hit pedestrian, Mer-
ging and diverging man-
oeuvres.
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Table 2.5 continued from previous page

Indicator Definition Limitations Advantages Suitability for collision
type

Crash Potential Index (CPI) Probability that a given
vehicle DRAC exceeds its
maximum available deceler-
ation rate (MADR) during a
given time interval.

Not suitable for lateral movement;
mainly applicable at intersection.

Address some of the issues found in
DRAC like vehicle braking capab-
ility for prevailing road and traffic
conditions.

Same as DRAC

Criticality Index Function
(CIF)

Multiplication of vehicle
speed with the required
deceleration

Like TTC, it considers constant
speed of consecutive vehicle; Fur-
ther evaluation is needed using ad-
ditional field date for validation.

Chance of occurrence and severity
could be measured.

Crashes at turning, Right
angle crashes
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Furthermore, Generalizing the TTC to the planar (2D) case is surprisingly challenging [161].
Till recently, for situations other than car-following, there were no safety indicators available ana-
logous to TTC. Ward et. al., [161] proposed an Extended Time-to-collision (ETTC) formulation
for unconstrained/planar motion of vehicles. They applied a unique ’Loom-gating’ method to filter
out the collision courses. ’Loom-gating’ is based on a parameter called ’loom-rate’, which takes
into account the rotational behavior of the possible conflicting vehicles to check if the collision
could take place or not. In the work of Xing et. al., [57], a simpler version of the above ETTC
formula was used to study conflicts upstream of a Toll Plaza, with many lane-changing maneuvers
in a restricted space and time. However, we found that the available 2-Dimensional extensions
of safety indicators are overestimating the risk. It is primarily because of the overestimation of
vehicles’ closing-in rate due to the improper projections of the velocity vectors.

The proactive safety metric that can be extended to all traffic situations and road geometries
will have a wide range of applications. Some common applications, but not limited to, would be
safety critical assessment of transport network operation, VRU safety analysis, and real-time crash
risk estimation for CAVs. Several researchers have reported that vehicle-to-vehicle and vehicle-to-
infrastructure communication with the help of the latest sensor technologies enable the exchange
of state information to improve the safety and efficiency of transport networks [161, 166–168].
Also, the real-time crash risk monitoring aid in understanding the crash precursors, thereby im-
plementing proactive traffic safety management strategies to mitigate unsafe traffic conditions
[24, 169, 170]. At present, predicting crash risk in real-time, irrespective of road geometry and
traffic scenario, is still limited within an idea that is not yet ready for deployment [170]. The liter-
ature also reveals that, though several traffic conflict severity indicators have been developed over
the past decades [152, 171, 172], they are not suitable for a network-level safety assessment as the
road geometry, conflict types, and traffic scenarios are heterogeneous on a transportation network.

2.5 Scenario-Specific Proactive Safety Analysis Using Trajectory Data

It has been widely reported that surrogate safety indicators could be the most suitable alternatives
for a proactive assessment of risk at various transport components and traffic facilities. In this
study, we have analyzed the crash risk corresponding to four traffic scenarios, which are the most
highlighted areas of research in the transportation literature. The scenarios selected for safety
assessment in this study are:

1. Lane-changing (LC) maneuver

2. Powered Two-Wheelers in an urban environment

3. Vehicles traversing 3-Dimensional road geometry

4. Identification of hotspot on a road transportation network
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The following sections give a comprehensive review of the literature corresponding to each scen-
ario.

2.5.1 Lane Change Dynamics and the Associated Risk

LC is one of the complicated driving tasks as it comprises multiple vehicle interactions, tactical
decision-making, and low-level trajectory planning [173,174]. During an LC, a driver goes through
several stages: decision-making, preparation, execution, and interaction with other vehicles [19,
175]. Any mistake made during any of these stages may put the driver in danger or cause dis-
comfort. It has been reported that the LC maneuver during unsafe traffic conditions develops con-
flict scenarios with different surrounding vehicles, thereby increasing the risk of a potential crash
[19, 176]. The LC activities has a significant impact on the traffic system’s safety and capacity
[177, 178].

The crashes during LC maneuver account for about 4% to 10% of all traffic crashes [179]. Al-
though this value is low, the delay due to LC crashes accounts for 10% of the total delay due to
all traffic crashes [180]. Nonetheless, any crashes must be avoided because they result in the loss
of life or impose a financial burden. To ensure safety, potentially risky LCs must be identified
in advance [176, 179]. Furthermore, due to the negative consequences of LC crashes, researches
on developing control/warning strategies for dangerous LC behavior has received much attention
[181,182]. Although LC safety has been researched for decades, most studies were focused on de-
termining the overall safety during LC using historical data [154]. Such studies have ignored how
the interaction between the LC vehicle and its surrounding vehicles impacts the crash likelihood
and severity [176,183,184]. Therefore, a comprehensive LC safety research is still lacking, which
is vital in preventing LC crashes, reducing property damage and life loss [176].

The instantaneous risk estimation of lane change is a complex problem because lane change
safety varies greatly depending on vehicle velocity and traffic conditions [176]. The current LC
models, which are predominantly deterministic and rule-based [185–188], can capture presumed
cognitive driving behaviors, but they do not necessarily correspond to reality [189]. In reality, the
LC dynamics could be highly stochastic and involve multiple vehicle interactions both in longitud-
inal and lateral directions, simultaneously. Until recently, studies have only considered the impact
of the leader vehicle in the current and the target lane to evaluate the LC risk [180]. Many studies
have already reported that, during an LC, the lag vehicle in the target lane poses a greater risk than
the leader vehicles in the current or target lane [179, 180, 190–192].

The interruptions due to the surrounding vehicles during LC can cause significant differences
in the LC behavior compared to the uninterrupted LC [143]. Moreover, to the knowledge of the
authors, only a few studies differentiated the Uninterrupted LC (ULC) and interrupted LC (ILC) for
a comprehensive understanding of LC dynamics [193]. Due to the absence of relevant literature
on ILC, this review primarily focuses on the microscopic aspects of LC operation, which have
been used to characterize ILC and ULC. To understand and model different aspects of the LC
dynamics, researchers have used various attributes of LC. For example, comfort and safety are
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Figure 2.4: Field observed lateral position, speed, and acceleration profiles corresponding to LC maneuver
(NGSIM, US-101 data); a & d) Lateral position profiles; b & e) lateral speed profiles; c & f) lateral acceler-
ation profiles; corresponding to vehicle IDs Car-242 and Car-1210, respectively

the main attributes considered while developing a dynamic lane change path planning algorithm
[143]. The LC duration is an important input for LC modeling [194]. To extract various attributes
from LC trajectories, the time window of LC operation needs to be identified accurately. Table 2.6
shows some of the parameters used to identify LC window from the trajectory data. It is to be
noted that, many past works [194, 195] followed a manual detection of LC window, which could
be erroneous due to human error. Evidently, the method used to determine the LC window has a
significant impact on the LC analyses, especially on the LC duration (Table 2.7). Thiemann et al.
[99] have stated that "since the real beginning of a lane change—the decision for making the lane
change—is impossible to measure, and the physical beginning—the moment at which the driver
starts to turn the wheel—is very difficult if not impossible to measure...". The difficulty associated
with the LC window estimation is evident from this statement.

Table 2.6: Parameters used to identify LC window

Author & Year Parameter

Jin et al., (2010) [135]; Toledo et al., (2007) [194] The curvature of lateral position profile of LC vehicle

Balal et al., (2014) [195] Time at which LC vehicle touches the lane marker

van Winsum et al., (1999) [196] Steering angle

Wang et al., (2014) [197]; Balal et al., (2016) [198] Lateral speed profile
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Most studies treat LC as an instantaneous process or consider a constant LC duration across
all vehicles for simplicity [19, 197]. In reality, the LC duration varies from one LC to another
due to vehicle interactions and driver preferences. Since the LC duration is a critical variable in
various LC-related studies, including safety studies, operational analysis [194,199,200], trajectory
planning [143], decision-making [201], and microscopic simulation, it is vital to determine the
necessity of separate duration modeling for ILC and ULC.

2.5.2 Proactive Safety Assessment of Powered Two Wheeler (PTW)

Powered two-wheelers (PTWs) are becoming more popular worldwide as a viable alternative to
cars, especially in congested traffic situations [206, 207]. PTWs occupy less space and offer al-
ternate means of transport for low-income commuters or where a less established transit system
is in operation [208]. The key attractions of PTWs are their flexibility, lightweight, affordabil-
ity, and the comfort to park. Despite these benefits, the PTW riders are much more sensitive to
the changes in the surrounding traffic conditions than the rest of the vehicles, and they frequently
move and avail the available inter-vehicle spacing for a faster movement. Owing to their narrower
width, PTW trajectories and riding behavior vary significantly from those of other vehicles in a
multimodal urban environment. This behavior of PTWs is more prominent during overtaking,
lane-sharing, and tailgating [207, 209–212]. On the other hand, these unpredictable navigation
patterns often cause inhomogeneity in the traffic stream, altering traffic flow characteristics at both
the microscopic and macroscopic levels [207, 213].

Studies have already mentioned that the PTWs pose a significant threat to road safety [2, 206,
207,214]. Each year, more than 286,000 PTW users die worldwide, accounting for roughly 23% of
all road traffic fatalities [214]. This alarming number of potentially avoidable deaths emphasizes
the importance of paying greater attention to PTWs and their usage in road safety policy. It is
noteworthy that the use of PTWs increases year after year worldwide and is expected to increase
in the future also [207, 215, 216]. However, despite substantial traffic safety changes for all road
users, motorcycle riders’ exposure to road risk has increased. As per reports, global road fatalities
reduction from 2001 to 2016 for other road users was 53%, whereas for PTW, fatalities reduction
was 37% [206]. Though PTW fatalities concern societies almost everywhere, the high percentages
and absolute numbers of PTW fatalities in Southeast Asia, China, and India necessitate more
efforts to improve PTW safety [217]. To effectively reduce PTW injuries in a specific region,
it is vital to identify the most frequent collision patterns and crash configurations in that region
[217, 218].

Considerable research has been performed on PTW crashes [216,219–223]; however, there has
always been a debate among practitioners regarding the types of crashes that should be targeted
first and how resources for preventive measures should be prioritized. To prepare and execute
highway safety improvement programs, it is essential to recognize factors that influence crash
injury severity and their causal relationship. The number of studies on crash severity prediction
is growing with time [224–227], showing how important this topic is to the scientific community.
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Table 2.7: LC duration reported in various studies

Author & Year Duration Statistics

Toledo et al., (2003) [202] LC duration ranges from 1.0 to 13.3 sec, with a mean of
4.6 sec.

Thieman et al., (2008) [99] 5 to 6 sec as an average LC duration

Ahmed et al., (2019) [203] Average LC duration of 5.5sec.

Olsen et al., (2002) [204] Average LC duration of 6.28sec with a standard deviation
of 2.0sec

Wang et al., (2020) [205] LC duration ranges from 1.6 to 20sec, with a median of
6.6sec, a mean of 7.0sec, and a standard deviation of 2.1sec

Yang et al., (2019) [19] LC duration varied from 0.7sec to 16.1sec

There is also a need to recognize the PTW crashes that pose a higher safety risk to riders based
on the frequency and severity of the crashes [216]. However, the crash categories used in crash
databases provide an oversimplified description of crashes. More specifically, the majority of the
existing crash reports only offer details of the crash severity based on a predefined severity level
(e.g., head-on crashes are the most severe and rear-end crashes are the least severe), which is not
adequate for a comprehensive understanding of the actual crash scenario [216]. Consequently,
there is almost no information on how a crash-generating process can be handled. A confluence
of factors causes a significant proportion of conflicts, and most of the time, more than one factor
leads to a crash [228,229]. Moreover, all these factors play a significant role during various stages
of crash progression and influence the frequency or severity of crashes [229]. Studies have shown
that the PTW riders filtering on urban roads are at risk of crashes almost four times higher (3.94
times higher) than riders on general traffic lanes [230,231]. Passenger cars were reported to be the
most common collision partners for a PTW, with the most common configuration being a car front
colliding with the PTW’s side [217].

Several studies have already reported the limitations of current proactive safety approaches in
studying PTW safety due to the infinite conflict configurations that arise from the higher flexibility
of PTWs [115]. Nevertheless, a detailed understanding of the risk-taking behavior of PTWs is
essential to enhance the overall safety of a traffic stream [206,232]. It is also essential to recognize
the PTW crashes that pose a higher safety risk to riders based on the frequency and severity of the
crashes [216].

2.5.3 Safety of Vehicles Traversing the 3D road Geometries

Highways passing through hilly terrain typically have complex geometry features, such as steep
gradients or sharp curves, resulting in a significantly different driver behavior and vehicle per-
formance than non-mountainous highways [150]. It has already been reported that the hilly terrain
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poses significant challenges for drivers while controlling a vehicle, based on the perceived geo-
metry [233, 234]. Though there were studies that estimated the crash likelihood at curve sections,
most studies have combined all the crash types during the safety assessment. Bagdadi et. al., [235]
has stated that the hazardous situations for a vehicle can be classified into several types based
on the severity of the situation, the type of evasive action, and whether the other road users are
involved or not.

Crash occurrence and its severity are often the result of complex interactions between factors
such as driver characteristics, vehicle characteristics, roadway geometry, and environmental condi-
tions [236]. According to EU statistics, rural roads account for most of the crashes (54%), despite
having a significantly lower traffic volumes than urban areas [237]. More than 60% of all crashes
on rural roads are single-vehicle collisions, with approximately 32% occurring in horizontal curves
[238]. Studies have shown that, up to 72% of crashes at the curves are caused by improper speed
selection or failure to maintain a proper lateral position [239–241]. Surprisingly, similar figures
can be seen in different countries’ crash reports; thus, it is a worldwide scenario indicating the
importance of research on the vehicle’s safety at 3D geometries.

Contemporary road safety strategies include proactive approaches to improve road infrastruc-
ture design, vehicle safety systems, legislation, and traffic participants’ awareness [242]. The
"self-explaining roads" is one of the most well-known concepts related to road infrastructure that
encourages the drivers to adopt a behavior consistent with the road design naturally [243]. The
concept aims to communicate information about the upcoming situation to drivers easily and intu-
itively, using various measures, such as road markings and traffic signs [244,245]. Misperceptions
of speed and curvature and attentional failures can compound drivers’ inability to maintain proper
lane position through the curve, resulting in a loss-of-control, head-on, or other types of crashes
[239]. Wider lanes and shoulders have been suggested to make curves more forgiving, but this
can also increase drivers’ speeds, negating overall safety gains [239, 246]. Typically, the warning
signs are placed ahead of a horizontal curve to alert drivers about the upcoming changes in the
alignment, thereby eliminating the surprise element. Unfortunately, the impact of curve warning
signs on drivers’ risk perceptions was minimal and could achieve only a 6% increase in overall
safety [247]. Shinar et al. [248] have installed curve warning signs on two high-crash prone curves
but failed to change drivers’ entry speed significantly. It has been suggested that one of the reasons
for their limited effectiveness is their overuse, especially in low-risk situations [247].

Several studies have already reported the dependency of curve geometry on the frequency and
severity of crashes [249–251]. Different crash types are possible at horizontal curves, which are:
angled, rear-end, side-swipe, and Run-Off-Road (ROR) collisions. Nevertheless, limited studies
have investigated the likelihood of different crash types on horizontal curves owing to the lack of
a detailed crash data. It is also to be noted that, lack of adequate trajectory data extraction tools
for complex geometry along with effective surrogate safety measures has restricted the proactive
safety assessment at complex road geometries. To date, most studies have depended on speed based
safety and geometric design consistency evaluation, which may not be helpful to quantify the risk
exposure and severity of crashes. Given these considerations, it is necessary to comprehend the
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significant contributors to crash likelihood and severity to improve mountainous freeway design,
operation, and management, more effectively [150].

2.5.4 Transportation Network-Level Safety Analysis

The road network safety assessment consists of four essential interconnected components: iden-
tification of sites needing safety examination, diagnosis of safety problems, adoption of feasible
treatments for potential treatment candidates, and prioritization of treatments, given limited budget
[252]. In general, the transportation network components such as road segments, intersections,
ramps, interchanges do not perform consistently in terms of safety. In fact, there is heterogen-
eity in crash frequencies and rates due to differences in the driving population, roadside features,
weather, traffic conditions, and design considerations [253]. Road safety professionals have at-
tempted to identify and improve the "high risk" locations through various techniques based on the
crash history, to provide a safe driving environment. However, the inability to distinguish between
sites that are truly risky and sites that have experienced random "up" fluctuations in crashes during
a period of observation, is a challenge [253–255].

Identification of high risk locations, also known as the sites with promise, hotspots, black spots,
crash-prone locations, or priority investigation locations, is an essential and routine exercise for
enhancing roadway networks’ overall safety [253, 256]. It has been achieved through various
network screening techniques. The primary goal of network screening is to evaluate the roadway
network by ranking and recognizing locations with the highest crash likelihood for implementing
countermeasures [257]. There is a vast literature that concentrated on developing techniques for
hotspot identification (HSID) [253, 256]. It is very important that the methods used to recognize
sites requiring safety investigation should be effective. Otherwise, resources could be wasted on
sites incorrectly identified as unsafe, and truly unsafe sites could go untreated if they are missed in
this process [252, 255].

Although federal road agencies and transport departments seek to minimize crash counts across
their road networks, safety enhancement programs focus mainly on preventing fatal and severe
injury crashes as the cost associated with the fatal and severe injury crashes is significantly higher
than that of minor and non-injury crashes [258]. Moreover, society’s aggregate social cost of
crashes is significantly higher than individual social costs [259]. Consequently, the high-risk sites
must be identified considering both crash severity and crash frequency [260]. Previous research
has shown that approaches based on the simplistic ranking of crash counts or crash rates generate
a significant number of false positives due to the random fluctuation of crashes from year to year,
which resulted in safety improvement implementation at relatively safe places [253].

Identifying sites that require investigation for possible safety treatment is one of the most crit-
ical aspects of infrastructure safety management. Extensive research has been conducted on this
process to improve the efficiency of black spot detection techniques [252]. As most safety enhance-
ment programs concentrate on avoiding fatal and severe injury crashes, recognizing high-risk sites
must ideally involve estimating the severity and frequency of crashes [260, 261]. Previous stud-
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ies have reported that the current hotspot identification methods are inconsistent in most cases
[257]. Particularly, the traditional reactive approaches were ineffective in a low-volume road net-
work with sparse crash occurrences [262]. To choose candidate locations for safety improvements,
most highway agencies use some form of statistical analysis [263]. The quality control and crash
severity methods, which involve actual or observed crash frequency, are the most commonly used
methods for this purpose [261]. It was reported that the overall network safety funding criteria are
sensitive to the method used for identifying hotspots besides the economic assessment criterion
[261]. Highway agencies are expected to seek safety-need estimation more frequently in the near
future, based on a more rational and accountable basis, such as maximizing some system-wide util-
ity (such as average crashes saved per dollar), rather than the current approach based on historical
spending levels [261].

In recent years, road network evaluation systems were introduced to track road safety standards
as well as to demonstrate the need for improvements. Such systems follow predictive ratings that
examine the safety of various road network and retrospective components, including risk mapping
and performance monitoring. Road geometry data and historical crash data were mainly used to
rate possible risk elements of a transport network. Nevertheless, due to the shortcomings of the
existing safety evaluation systems, the transport network safety administrators are eager to switch
to proactive network safety management approaches [264, 265]. It is mainly because the current
approaches have to wait for crashes or need extensive real crash data for the safety assessment
[262]. Therefore, constructive safety evaluation of transportation networks, leveraging appropriate
surrogate safety metrics, will give more insight into the predictive rating.

2.6 Summary

It is evident from the review that there exist several gaps in the state-of-the-art corresponding to
trajectory data collection and standardization, as well as in the area of trajectory-based proactive
safety analyses. The major gaps identified in the literature by virtue of this review are:

1. There is a need for an image-based trajectory data extraction tool that can work irrespective
of camera platform, terrain type, traffic condition. Besides, such a tool should provide highly
accurate data with minimal manual interventions.

2. The observed trajectory data contains inevitable noise, added at several stages of data collec-
tion and extraction. This noise needs to be adequately removed for an accurate assessment of
traffic dynamics. The existing trajectory reconstruction techniques pose certain limitations.
Therefore, we need a new method that can accurately reconstruct vehicle trajectories.

3. The existing surrogate safety indicators are not suitable for assessing the overall safety of a
road transportation system. Many of them could be applied only to specific scenarios. For a
comprehensive and overall safety analysis at various transportation facilities, a new indicator
needs to be developed, irrespective of crash type, traffic facilities, and traffic conditions.
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4. To avoid unsafe situations, the vehicles perform evasive actions before encountering an un-
safe situation by perceiving the risk in advance. There are no indicators that can capture the
vehicles’ evasive actions, and such knowledge is essential during collision warning systems
development.

5. The existing studies on lane change safety do not consider the difference between interrupted
and uninterrupted LCs. It is essential to know their characteristic difference for better mod-
eling of LC. However, there is no method available to identify and classify the interrupted
lane changes.

6. A comprehensive, proactive safety analysis is lacking, which would give an overall under-
standing about the safety of vulnerable road users (e.g., PTWs), or safety at various traffic
facilities (e.g., horizontal curve superimposed with a vertical curve, transportation network).

This research work addresses the gaps listed above. The following chapters discuss contribu-
tions of this research work that fills the gaps in the state-of-the-art.
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Chapter 3

SAVETRAX: A Tool for Trajectory Data
Extraction

This chapter describes the trajectory data extraction tool, SAVETRAX, which has been developed
as part of this research work. SAVETRAX is an image-processing-based, semi-automated vehicle
trajectory extractor, which can be used for extracting trajectories from traffic video collected us-
ing any camera platform and from any traffic scenario. Section 3.2 provides a comprehensive
discussion on each component of SAVETRAX. Section 3.3 presents the details of the controlled
experiment carried out to test the reliability of SAVETRAX and the major findings. Section 3.4
summarizes the important finding corresponding to the proposed tool.

3.1 Introduction

This chapter deals with the first objective of this thesis work, which is the development of a Semi-
Automated VEhicle TRAjectory eXtractor (SAVETRAX), and to create an extensive, publicly avail-
able trajectory database by sharing this tool with prospective users. SAVETRAX is a reliable tra-
jectory data extraction tool, which is independent of road geometry, traffic scenario, require min-
imal human interventions. The SAVETRAX comprises three modules; namely the Pre-processor,
Tracker, and the Analyzer. A detailed description of each module is given in Section 3.2. In
order to evaluate the reliability and performance of SAVETRAX, a controlled experiment with an
instrumented vehicle and a drone was performed. The SAVETRAX was tested for its reliability
to extract trajectory data from the videos collected from both planar and non-planar terrain types.
The vehicle kinematic data extracted from a high-end GPS device attached to a test vehicle was
compared with the data for the same vehicle, extracted from the drone video, using SAVETRAX.
The comparative analyses signify the potential of SAVETRAX in collecting accurate traffic data for
various transportation research applications.
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3.2 Semi Automated Vehicle Trajectory Extractor (SAVETRAX)

Considering the limitations of the existing image-based trajectory extraction framework, a novel
framework that incorporates separate modules to resolve the above limitations was developed .
The tool was developed and compiled as a MATLAB application, and named as Semi-Automated
VEhicle TRAjectory eXtractor (SAVETRAX). Unlike the existing trajectory data extraction frame-
works, SAVETRAX has several merits; i) it is unaffected by the camera angle; ii) independent of ter-
rain type (e.g., plain terrain, hilly terrain); iii) independent of road geometry (e.g., mid-block sec-
tion, horizontal/vertical curves, intersections, round-about); iv) user can define the vehicle classes
apart from the pre-defined vehicle classes such as Auto Rickshaw, PTW, Bus, Car, Light Commer-
cial Vehicle (LCV), Multi-Axle vehicles, Non-Motorized Vehicles (NMV), Truck, and Pedestrian;
v) it works under all traffic conditions (e.g., free-flow, congested); vi) the lighting and weather
conditions have minimal impact on the tracking accuracy. Moreover, unlike the existing trajectory
extraction tools, SAVETRAX has a well-designed user-feedback process about the possible errors
while extracting the trajectory data, which expedites the trajectory extraction task for the prospect-
ive users. Figure 3.1 shows the screenshot of the user-interface of SAVETRAX.

3.2.1 Components of SAVETRAX

SAVETRAX has three modules; namely, Pre-processor, Tracker, and Analyzer. Each module is
designed to perform specific tasks, which are of utmost importance to achieve accurate trajectory
data. The design of SAVETRAX and its features were decided after interacting with several re-
searchers who work on image-based traffic analysis, besides the authors’ experiences. A detailed
description of the functionality of each module is described in the following subsections.

3.2.1.1 Pre-Processor

The primary functions of this module are to define tracking boundary and homography estimation
for coordinate transformation. Many tracking algorithms were developed for long-term tracking
applications, which will indefinitely search for the reappearance of the tracking object even if it
goes out of the camera view, without terminating the tracking task. However, the trajectory data
extraction from traffic videos needs to terminate a tracking task once the vehicle departed from
the region of interest. In SAVETRAX, it is achieved by defining a tracking boundary by drawing
a polygon on the video-frame. Adding the tracking boundary to the tracking algorithm helps to
automatically stop the vehicle from tracking once it exits the predefined tracking boundary. Such
a consideration would prevent tracker failure due to the departure of the vehicle from the camera
view. The camera calibration was also performed in this module by mapping 2D point correspond-
ence between the image plane and the real-world plane. A transformation/homography matrix is
estimated at this stage using a minimum of four known points in the field and the correspond-
ing pixel coordinates. The present study considers the Direct Linear Transformation (DLT) to
estimate the point-point correspondence. In order to extend the application of SAVETRAX to a
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Figure 3.1: Screen short of SAVETRAX

non-planar terrain, multiple homographies were estimated after considering the non-planar terrain
to piece-wise planar grids. Later, the homography matrix would be used to transform the vehicle
trajectories in pixel coordinates to real-world coordinates.

Homography Estimation: Figure 3.2a shows a graphical representation of the real-world plane
and image plane from a drone perspective. It is to be noted that the coordinates in the real-world
system xi are projected as x′

i in the image/pixel coordinate system. Between these homogeneous
coordinate systems, a linear transformation matrix could be estimated as a non-singular 3×3 mat-
rix using the relation x′

i ∼ Hxi, where ∼ indicates equality up to scale. This equation may be
expressed in terms of the vector cross product as x′

i × Hxi = 0, which would enable to derive a
simple linear solution for H as a minimization problem.

Figure 3.2: Point-point correspondence between real world and image plane; a) plain terrain type; b) non-
planar terrain type
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If the jth row of H is denoted by hjT , and by writing x′
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Since hjTxi = xT
i hj for j = 1, 2, 3, this gives a set of three equations, which may be written in the

following form 
0T −w′ixiT y′ixi

T

w′ixi
T 0T −x′ixiT

−y′ixiT x′ixi
T 0T




h1

h2

h3

 = 0 (3.2)

These equations have the form aih = 0, where ai is a 3×9 matrix, and h is a nine-element vector
made up of entries of the matrix H. In Equation (3.2), only two rows are linearly independent, thus
it is common to omit the third equation while solving for H [266]. Then, the Equation (3.2) can be
represented as;  0T −w′ixiT y′ixi

T

w′ixi
T 0T −x′ixiT




h1

h2

h3

 = 0 (3.3)

In this form, ai is a 2× 9 matrix. Given an estimate h, the quantity ‖aih‖ is the algebraic error of
the ith datum. Thus the homography matrix H can be estimated by minimizing the sum of squared
algebraic errors as,

ĥ = argmin
h

N∑
i=1

‖aih‖2= argmin
h

‖Ah‖2 s.t. ‖h‖ = 1 (3.4)

Where A ∈ R2N×9 is obtained by stacking ai vertically corresponding to all i. A norm constraint
is added to prevent trivial solutions since the homographic transformation has only 8 degrees of
freedom. Here the solution is the least significant right singular vector of A and is obtained through
Singular Value Decomposition (SVD). Using the homography matrix H that is reshaped from h,
the vehicle position x′ in pixel coordinate in the trajectory data could be transformed to real-world
coordinates x by

x = Hx′
(3.5)
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As the DLT based homography estimation is valid only for a planar region, it essential to con-
sider certain modifications to make it work for non-planar terrain. One straightforward way is
to convert the non-planar region into piece-wise planar grids and estimate homography for each
grid separately [267]. A non-planar road section can be effectively divided into piece-wise planar
regions, as shown in Figure 3.2b. Since each planar region is sharing common vertexes, a smooth
transition of the homography is achieved. Based on the position of the vehicle, the homography
matrix can be chosen for coordinate transformation. SAVETRAX performs this task by automat-
ically identifying the grid occupied by the vehicle.

3.2.1.2 The Tracker Module

The main tasks performed in this module include initial detection of the vehicle, classification,
and tracking. The initial detection of the vehicle was done by drawing a bounding box around
the subject vehicle when it first appeared in the frame. While constructing the bounding box,
the vehicle class is also defined either by selecting from the drop-down menu in the SAVETRAX
interface or by pressing the keyboard short-keys assigned to each vehicle class. Once the bounding
box is drawn, a vehicle identification number is automatically generated to distinguish the vehicles.
The user can fine-tune or delete the bounding box if it is not correctly defined.

The tracking algorithm considered in SAVETRAX is the ‘Efficient Correlation Operators (ECO)
for Tracking’ [268]. The selection of ECO as the tracking algorithm was after considering the
following benefits; i) it works on both CPU and GPU; ii) Tracking accuracy and speed are adequate
for traffic data extraction applications; iii) Minimal system requirements compared to the other
recent tracking algorithms. A detailed description of the ECO algorithm is given in the following
section.

Efficient Correlation Operators (ECO) for Tracking: The ECO tracker was developed from the
foundations of Continuous Convolution Operator Tracker (C-COT) [268]. In this formulation, a
correlation filter was designed to learn from available negative data by including all shifted versions
of the training sample. The convolution filter was discriminately learned from a collection of M
training samples, {xj}M1 ⊂ X . Each feature layer

{
xdj
}
∈ RNd has an independent resolution, Nd.

Considering an interpolation model, the feature map is projected to a continuous spatial domain
t ∈ [0, T ] by introducing an operator, Jd, as,

Jd
{
xd
}

(t) =

Nd−1∑
n=0

xd[n]bd

(
t− T

Nd

n

)
(3.6)

Where, bd is an interpolation kernel with a period T > 0. The resulting Jd
{
xd
}

is the continuous
T-periodic function of the interpolated feature layer. The entire interpolated feature map is denoted
as J {x}, where J {x} (t) ∈ RD. In the C-COT formulation, a continuous T-periodic multichannel
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convolution filter f =
{
f 1, f 2, f 3, ..., fD

}
was trained to predict the detection score.

Sf{x} = f ∗ J{x} =
D∑
d=1

fd ∗ Jd{xd} (3.7)

Danelljan et al. [268] have observed that many of the filters, fd, have negligible energy, which
is apparent for high dimensional deep features. The contribution of such filters towards target
localization is minimal and adversely affect the training time. To overcome the above, a factorized
convolution operator, on a small set of basis filters f 1, ...., fC , where C < D, was considered
instead of learning separate filter for each feature channel d. The filter corresponding to the feature
layer dwas then constructed as a linear combination of the filters f c and a set of learned coefficients
pd,c as,

C∑
c=1

pd,cf
c (3.8)

The coefficients can be represented compactly as a D×C matrix, P = (pd,c). The new multichan-
nel filter is nothing but the matrix-vector product, Pf . Then the factorized convolution operator
is,

SPf {x} = Pf ∗ J {x} =
∑
c,d

pd,cf
c ∗ Jd

{
xd
}

= f ∗ P TJ {x} (3.9)

The factorized convolution (Eq.3.9) could alternatively be viewed as a two-step operation, where
the feature vector J {x} (t) is first multiplied with the matrix P T at each location t. The result-
ing feature map with dimension C is then convolved with the filter f . The matrix P T acts as a
linear dimensionality reduction operator where the filter f and the matrix P jointly learned in a
discriminative fashion, by minimizing the classification error (Eq.3.10) of the factorized operator
(Eq.3.9).

E(f) =
M∑
j=1

αj ‖SPf{xj} − yj‖2
L2 +

D∑
d=1

∥∥wfd∥∥2

L2 (3.10)

The corresponding loss in the Fourier domain for considering the factorized operator (3.9) is,

E(f, P ) =
∥∥∥ẑTP f̂ − ŷ∥∥∥2

l2
+

C∑
c=1

∥∥∥ŵ ∗ f̂ c∥∥∥2

l2
+ λ ‖P‖2

F (3.11)

Where the ẑd[k] = Xd[k]b̂d[k] is the Fourier coefficient of the interpolated feature map, z =

J{x}. The Frobenius norm of P in Eq.3.11 acts as a regularization term, controlled by the weight
parameter λ. Here the loss function (Eq.3.11) is a non-linear least squares problem. Due to the
bi-linearity of ẑTP f̂ , the loss function is similar to a matrix factorization problem. Here, the
parameter optimization is based on the Gauss-Newton method, and the quadratic sub-problems
are optimized using the Conjugate Gradient method. The Gauss-newton method was derived by
linearizing the residuals in Eq.3.11 using a first-order Taylor series expansion.

Generally, the DCF trackers add one training sample xj in each frame j with an exponentially
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decaying weight αj ∼ (1− γ)(M−j) controlled by the learning rate γ. The samples with the smal-
lest weights are replaced when the number of samples reaches the maximum limit Mmax. A larger
sample limit needs to be set to obtain a representative sample-set. Moreover, collecting a new
sample at each frame may lead to massive redundancies in the sample sets. The problem of sample
redundancies due to continuous sampling strategy was tackled by considering a probabilistic gen-
erative model. For a given joint probability distribution p(x, y) of the sample feature-map (x) and
corresponding desired output score (y), a filter that minimizes the expected correlation error was
identified. A predetermined Gaussian function was considered for the desired correlation output y
from the sample x. This formulation has reduced the model complexity by reducing the number
of training samples.

Usually, the DCF based trackers update after every addition of the features. In ECO, a sparser
model updating scheme was considered instead of updating the filter at every frame, which is gen-
erally considered in the non-DCF trackers. In the ECO formulation, instead of explicitly searching
for the objective change, the model was updated by performing optimization at every N th

s frame.
Danelljan et al. [268] have reported that, a moderately infrequent update of the model withNs ≈ 5

resulted in a significant improvement in the tracking result.

3.2.1.3 The Analyzer Module

This module performs mainly the following four tasks.

1. Identification and correction of faulty tracks

2. Camera motion compensation

3. Reconstruction of vehicle path data

4. Estimation of kinematic variables

Identification and Correction of Faulty Tracks: No vision tracking algorithm can perform the
tracking task flawlessly. It is essential to identify and rectify such instances where the tracker
fails and leave error in the extracted trajectories. The Analyzer module is an avenue to identify and
correct such error in the trajectories. This module is capable of automatically identifying erroneous
trajectory and inform the users for possible corrections through re-tracking. However, the users
can also inspect the tracks manually to identify the tracking failure by playing the video with the
annotations. For any situation where the annotated bounding box deviates from the vehicle could
be re-positioned and re-tracked.

For all tracked vehicles, different consistency evaluation are performed and those trajectories
not satisfying any of the conditions would be listed as a faulty track. The validation criteria con-
sidered are;
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1. Failed by meeting maximum track duration (τmax): The tracking algorithm was constrained
to track maximum for a user-defined duration, which can be estimated using the average
traffic speed (vavg), maximum traveled distance (lmax), and maximum delay (wmax).

τmax = α×
(
vavg
lmax

+ wmax

)
where α is a factor greater than one. The consideration of maximum track duration was
to restrict the continuation of an unexpectedly failed track. All the tracks that were active
till τmax would be considered as failed track. Users can later verify the track and perform
necessary action.

2. Internal consistency analysis: It is already known that the vehicle kinematics should satisfy
the laws of physics. Once there is a tracking failure, there could be an unrealistic acceler-
ation event. This study assumes that all the tracks that show an acceleration/deceleration
value outside the 97 percentile acceleration/deceleration value of all the vehicles could be
corresponding to the tracker failure. All such vehicles are reported to the user for manual
inspection.

3. Trajectory overlap: This is similar to the platoon consistency analysis performed by Montanino
et al. [5] in their trajectory reconstruction procedure. The platoon consistency concept was
proposed to tackle the scenario of false tracking that leads to trajectory overlapping, indic-
ating a potential crash occurrence that might not occur in reality. However, the platoon
consistency only looks for longitudinal overlap of vehicles. In our case, we extended the pla-
toon consistency into a two-dimensional space and look for any overlap of trajectories both
in longitudinal and lateral directions. The longitudinal and lateral spacing between vehicles
was evaluated and verified for overlap by considering a minimum spacing threshold of 0.5m
and 0.3m, respectively, for longitudinal and lateral direction.

Camera Motion Compensation: Unlike the video stabilization provided by different packages, the
stabilization demanded by the trajectory data extraction problem is different. The camera move-
ment would add a systematic bias to the extracted trajectories due to the superimposition of the
camera trajectory with the vehicle/pedestrian trajectory. We have compensated the camera move-
ments by projecting all the frames in the video to the orientation of a reference frame where the
homography for coordinate transformation was estimated, using a global homography/projection
matrix estimated using DLT. A planar projective transformation is a linear transformation on ho-
mogeneous vectors represented by a non-singular 3×3 matrix:

x
′
1

x
′
2

x
′
3

 =


h11 h12 h13

h21 h22 h23

h31 h32 h33




x1

x2

x3

 (3.12)
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The 3×3 matrix in Equation (3.12) represents the homography matrix used to transform the image
views. The Direct Linear Transformation (DLT) method, already discussed in Section 3.2.1.1, is
used for the estimation of global transformation/homography matrix [269, 270]. The SIFT key
points were detected and matched for a pair of input images using the VLFeat library [271]. Mis-
matches among the point pairs

{
xi, x

′
i

}N
i=1

were removed using the Random Sample Consensus
(RANSAC) algorithm [272]. The DLT approach has been used to estimate homography between
the reference frame and all other frames considering the matched inlier point features. All the
tracked positions in a frame are transformed to the orientation of the reference frame considering
the estimated homography. Figure 3.3 shows the path of a moving camera and the path obtained
after motion compensation.

Trajectory Reconstruction: It is already known that the observed trajectory data would always
be embedded with certain noise. Therefore, it is essential to remove the noise for the final ap-
plications. Reconstructing the observed vehicle trajectories to a continuous, uniformly sampled,
and noise free form is essential for several microscopic analyses. Several trajectory reconstruction
methods are available in the literature [5, 64, 102, 109], but many are not suitable for a general
application. In SAVETRAX, we incorporated one of the latest trajectory reconstruction method.
The reconstruction method considered here is an adaptive, data-driven path smoothing technique
that is independent of the camera platform (either drone or fixed camera setup), traffic state, or
vehicle dynamics. A detailed description of the smoothing technique is provided in Chapter 4

It is a three-phase reconstruction process, and at every phase, the estimation of smoothing para-
meters is subject to the noise level in the observed path data. In the first stage, a resampling of path
data is performed to retrieve any missing information. It was reported that the spline interpolation
gives better results compared to the other interpolation techniques for retrieving missing data of
vehicle trajectories (more details given in Chapter 3). It is also evident that as the size of occlusion
increases, the prediction accuracy gets depreciated. Thus it is advisable to avoid occlusion of more
than 10m while collecting the data to keep the trajectories accurate up to 5cm. The outliers were
also identified and removed at this phase. In the second phase, a Recursively Ensembled Low-Pass
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Figure 3.3: Comparison of the original and the stabilized camera paths
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Figure 3.4: Result of smoothing of tracked data

filter (RELP) was used to curtail the heavy-tailed error, which adaptively denoise the gradient of the
path. After this stage, the vehicle path would fulfill the internal consistency requirements to meet
reasonable vehicle kinematics. The third stage performs the local reconstruction of the vehicle
path using a tri-cubic kernel smoother. The optimal smoothing parameters, such as bandwidth and
polynomial order, for local reconstruction was estimated through a grid-search algorithm. Fig-
ure 3.4 shows the results of the smoothing of the erroneous path data using the method considered
in SAVETRAX.

Estimation of Microscopic Variables: In addition to the position data, SAVETRAX allows the
users to export a wide variety of kinematic features from the traffic video. It includes the speed
and its component in the longitudinal and lateral directions, acceleration and its component in
longitudinal and lateral directions, and heading angle. The speed and acceleration are estimated
using the numerical differentiation of the reconstructed position data. After estimating all the
microscopic variables, the data can be exported as a .csv file.

3.3 Performance Evaluation

The accuracy of the trajectory data extracted using SAVETRAX was evaluated using a controlled
experiment. A vehicle instrumented with V-Box was driven on a test bed, and monitored parallelly
using a drone that has good gimbal support (DJI-Inspire 1). The height of flight of drone was 120m.
The test setup is shown in Figure 3.5. The kinematic features of the test vehicle such as the speed
and acceleration are extracted from the V-Box, using the RACELOGIC 2.13.5 (Build 211) 2003
software. In order to perform the comparison of the data from GPS logger and SAVETRAX, it is
essential to synchronize the data. To synchronize the logged data, we have performed a correlation
analysis to find the lag between the data. After estimating the time lag, one of the data was time-
shifted for the synchronization. The synchronized speed and acceleration data obtained from both
V-Box and SAVETRAX are presented in Figure.3.6. It is evident that the speed and acceleration
obtained from SAVETRAX is closely matching with those obtained from high-end GPS device,
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which indicates the higher accuracy of SAVETRAX.

Figure 3.5: Experimental setup for validating the accuracy of SAVETRAX; a) test bed and the instrumented
vehicle; b) V-Box

Further, we have quantified the accuracy of SAVETRAX, considering the data from an high-
end GPS device as bench-mark. As sampling rate for V-Box (10Hz) and SAVETRAX (25Hz)
were different, the error estimation was not straightforward. Therefore, the SAVETRAX data was
downsampled to 10Hz, and estimated the mean deviation. It has been found that the mean differ-
ence of the reconstructed and the benchmark speed was observed as 0.495 m/s with a variance of
0.161 m2/s2.
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Figure 3.6: Comparison of speed and acceleration obtained from V-Box and SAVETRAX; a) speed; b)
acceleration

We have performed another experiment to highlight the applicability of SAVETRAX for 3D
geometries. The test vehicle was driven on a 3D geometry shown in Figure 3.7. For an accurate
projection of the 3D geometry, the multiple homography was estimated as discussed earlier. For
this purpose, the road stretch was divided into multiple cells and measured the corner coordinates
using Total Station. The video was captured using a drone and extracted the trajectory of the
test vehicle using SAVETRAX. In order to highlight the potential of the multiple homography
approach, we have presented the estimated trajectories using single homography at different cell
positions. It is evident from Figure 3.8 that the multiple homography approach estimates vehicle
speed accurately. The comparison with the speed profile obtained from V-Box devise indicates that
the mean error in speed is less than 0.44kmph. However, the consideration of single homography
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led to a higher error, and it increases as the vehicle moves away from the cell used for homography
estimation. For example, it is evident from Figure 3.8 that the speed obtained from V-Box and
that from SAVETRAX matches inside the cell considered for homography estimation (the cell
boundaries are represented using doted vertical lines in Figure 3.8a, b, & c, and a letter ’C’ to
represent the cell interior).

Figure 3.7: The test road passing though non-planar terrain

In addition, we tested SAVETRAX’s performance in a variety of traffic conditions, camera
angles, and illumination settings. The scenario and the retrieved trajectory are shown in Figure 3.9.
The results show that SAVETRAX can extract vehicle trajectories with reasonable accuracy in a
wide range of conditions.

3.4 Summary

The present study has developed a semi-automated, image-processing based vehicle trajectory ex-
traction tool, the SAVETRAX, to achieve a better quantity and quality data with minimal manual
efforts. This study has outlined several technical challenges associated with image-based trajectory
data collection, devised necessary solutions, and integrated them into SAVETRAX. SAVETRAX
consists of three modules, namely, the Pre-Processor, Tracker, and the Analyzer. In the Pre-
processor, camera calibration can be performed apart from defining the tracking boundary. The
vehicle detection, classification, and tracking are performed in the Tracker module. Various cor-
rections to the tracked vehicle path can be applied in the Analyser module, such as identification
and correction of faulty tracks, camera movement compensation, reconstruction of the vehicle path
to remove embedded noise, and estimation of various vehicle kinematic variables. One important
feature of this module is the automatic identification of incorrect tracks based on the internal con-
sistency of the vehicle’s path. Such a consideration would ensure the extracted trajectory data is
error-free. Some of the notable merits of SAVETRAX include; i) it is unaffected by the camera
angle; ii) independent of terrain type (e.g., plain terrain, hilly terrain); iii) independent of road geo-
metry (e.g., mid-block section, horizontal/vertical curves, intersections, round-about); iv) user can
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Figure 3.8: Comparison of the speed obtained from V-Box and from SAVETRAX corresponding to single
cell (C) homography and multiple homography conditions; a,b,&c) Comparison of the speed obtained using
single homography (at different locations on the curve) with the V-Box data; d) Comparison of the speed
obtained using multiple homography and from V-Box

define the vehicle classes apart from the pre-defined vehicle classes such as Auto Rickshaw, Bike,
Bus, Car, Light Commercial Vehicle (LCV), Multi-Axle, Non-Motorized Vehicles (NMV), Truck,
and Pedestrian; v) it works under all traffic conditions (e.g., free-flow, congested); vi) the lighting
and weather conditions have minimal impact on the tracking accuracy. Moreover, the optimal and
compact design of the SAVETRAX, making the traffic data extraction process simple and reliable.
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a)

b)

c)

d)

e)

Figure 3.9: Performance of SAVETRAX at various traffic, camera, and lighting conditions; a) at different
traffic states; b) with glare; c) bad weather; d) low light condition; e) bird-eye view (a-d corresponds to
various camera angles)
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Chapter 4

Vehicle Path Reconstruction using
Recursively Ensemebled Low-pass Filter
(RELP) and Adaptive Tri-Cubic Kernel
Smoother

Accurate information of paths followed by vehicles is essential for improving traffic systems’ safety
and efficiency. Recently, the availability of such data is plenty, thanks to the advancements in drone
and computer-vision technologies. Nevertheless, extracting useful information from the observed
data requires certain pre-processing to handle the noises added at several stages of the data col-
lection. This chapter presents an adaptive and data-driven path smoothing technique that can be
universally applied to the video-based path data obtained from any camera platform (either drone
or fixed camera setup). Section 4.1 introduce the research problem. Section 4.2 discusses the
detailed methodology of the reconstruction technique. Section 4.3 highlights the potential of the
reconstruction technique through a performance evaluation. Finally, Section 4.4 summarizes the
chapter.

4.1 Introduction

Trajectory data is an inevitable ingredient for developing and validating various Intelligent Trans-
portation Systems (ITS) applications. However, the accuracy of such data significantly influences
the performance of the models or tools developed/validated using such data. Benefiting from the
advancements in computer vision and drone technologies, researchers have collected abundance of
high fidelity vehicle path information, in fact at a broader spatiotemporal region [38,39,61,72,73].
Subsequently, access to a vast amount of trajectory data has unlatched a new avenue of research
where various previously unknown vehicle dynamics and interaction patterns, at diverse driving
conditions, could be explored. Nevertheless, extracting useful information from the observed data,
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from any camera platform, requires certain pre-processing that can handle the noises added at
several stages of the data collection. The direct use of the noisy trajectory data for deriving the
attributes of vehicle kinematics and dynamics, such as speed, acceleration, jerk, or gap, would lead
to unrealistic values, thereby leading to a misinterpretation of traffic dynamics.

Numerous methods have been developed to handle the noise added at several stages of traject-
ory data extraction, of which pros and cons are already discussed in Chapter 2. In this study, a
novel reconstruction technique was developed to handle the unique feature of the error pattern
found in the trajectory data collected using the latest technologies. The proposed reconstruction
framework is an adaptive, data-driven, and camera platform independent approach. In this frame-
work, the smoothing parameters’ estimation is subject to the noise level in the observed path data.
It is a three-stage reconstruction method; in the first stage, the time-series path data is resampled
by retrieving any missing information or removing any repeated observations. Any outlier in the
observed path data is also removed at this stage. The second stage curtails the heavy-tailed er-
ror function using the proposed Recursively Ensembled Low-Pass filter (RELP) technique, which
adaptively denoise the gradient of the path. This stage ensures the internal consistency of the
vehicle’s path, thereby a reasonable vehicle kinematics. The third stage performs the local recon-
struction of the vehicle path using a tri-cubic kernel smoother. A grid-search algorithm was also
proposed to estimate the optimal smoothing parameters such as bandwidth and polynomial order.
The performance and reliability of the proposed reconstruction framework were evaluated using
different datasets. Further, the efficiency of the proposed framework was evaluated and reported
through the consistency analyses.

4.2 Three Stage Method of Vehicle Path Reconstruction

We propose a three-stage framework for vehicle path reconstruction from the observed time-series
of position, and an overview of the proposed reconstruction algorithm is shown in Fig. 4.1. The
details of each stage of the reconstruction technique are described in the following sections.

Figure 4.1: Algorithm flow chart for the proposed vehicle path reconstruction technique
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4.2.1 Re-sampling the Time-Series Path Data

Sensor malfunctioning or occlusion during the vehicle path data collection would leave missing
information in the observed path. Nevertheless, a uniformly sampled, but high fidelity data is es-
sential for the microscopic car-following or lane-changing model calibration, training an autonom-
ous car, and also for the data denoising using a low-pass filter. Thus, the missing data needs
to be retrieved to make the observed data into a useful form. The present study uses the spline
interpolation method to restore any missing information in the observed path data. The choice
of interpolation method was made after a comparative assessment of different interpolation tech-
niques, as presented in Fig. 4.6. Moreover, the spline interpolation is often preferred over the other
polynomial interpolation methods due to the least interpolation error, even with a low degree poly-
nomial spline [273]. It is also worth noting that the use of splines for the interpolation can avoid
the so-called Runge’s phenomenon, which leads to the oscillation between the points when higher
degree splines are used for interpolation. Since our focus in this study is primarily to denoise the
vehicle path data, we are limiting the further discussion on spline interpolation. However, more
details about the spline interpolation technique can be found in the study of de Boor et al. [274].

Fig. 4.2 shows the algorithm flow chart of the missing data retrieval process considered in the
present study. The performance of the retrieval process was evaluated using the manually extracted
trajectory data reported by Coifman et al. [4], and the same is discussed in Section 4.3. After
retrieving all the missing data, if any, the outliers in the observed path were removed by applying
a median filter with a 1-second window. Further, RELP was used to achieve a kinematically
consistent vehicle path. A detailed description of RELP is given in the following section.

Figure 4.2: Algorithm flow chart of missing data retrieval process

4.2.2 Recursively Ensembled Low-Pass Filtering (RELP)

The observed vehicle path data are generally superimposed upon the indistinguishable errors,
which are characterized as noises regardless of their source. The superimposed noise would alter
vehicles’ kinematic characteristics, making it inconsistent with the fundamental equations of mo-
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tion. Nevertheless, the reconstructed vehicle path needs to follow the kinematic equations, which
is often referred to as internal consistency. It is imperative to the traffic engineers that the removal
of noise from the trajectories should be as much as possible, at the same time, retain the whole of
the underlying information. We have already seen that the existing smoothing techniques consider
a fixed window size, which may lead to over-smoothing or under-smoothing based on the window
size. It is known that a larger window size leads to over-smoothing and deflections at boundaries,
thereby the loss of important information on vehicle dynamics. However, the smaller window size
can not handle errors of higher amplitude that are most common in drone-based trajectory data
collection. Thus, it is essential to achieve a path smoothing, which can attenuate the localized,
high amplitude errors, without losing the vital information of vehicle dynamics. To overcome this,
we propose a Recursively Ensembled Low-Pass Filtering (RELP) framework, which recursively
attenuates the noise in the observed vehicle path through a backward rectification of position error
using the kinematic equation of motion (Eq.4.1a), and filtered path gradient.

x(t) = x(t0) +

∫ t

t0

v(t) dt (4.1a)

v(t) = v(t0) +

∫ t

t0

a(t) dt (4.1b)

The RELP is primarily a low-pass filter; however, it has certain additional features. A low-
pass filter (LPF) is generally designed to attenuate frequencies in the input signal higher than a
user-defined cut-off frequency, at the same time, to preserve the frequencies lower than the cutoff
frequency. The frequency response of the filter depends on the filter design. In the path recon-
struction problem, as discussed before, the filter needs to be designed for each vehicle separately
based on the noise characteristics. As, either the error frequency or frequency of the signal-of-
interest is unknown, the design of filter with appropriate cut-off frequency for different vehicles
is cumbersome. We resolve this issue through recursive ensembling strategy added in RELP. The
Savitsky-Golay (SG) low-pass filter was considered as the base filter for RELP, with a bandwidth
(hSG), which is the reciprocal of sampling frequency (fs).

hSG =
1

fs

The selection of one-second window for the base filter was based on the assumption that in a
one-second window, the vehicle dynamics can be modeled using a lower order polynomial.

SG filter is the most frequently used digital filters in spectrometry due to its wide range of
mathematical properties [275]. SG filter works on the method of least squares, however, it may
be used without additional computation complexity, and with considerable improvement in the
information obtained [276]. The main attraction of SG filter, as shown by Savitzky et al. [276] is
that, fitting a polynomial to a set of input samples and then evaluating the resulting polynomial at
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a single point within the approximation is equivalent to discrete convolution with a fixed impulse
response, which is depicted in Figure 4.3.

Figure 4.3: Illustration of S-G filter; denotes the input samples; denotes the filtered sample; denotes the
effective impulse response sample (weighting constant); and ∗ denoted the convolution operation

Before endeavoring into the formulation of RELP, let us begin with the conceptualization of an
SG filter. Let p(n) be the N th order polynomial fitted to 2M + 1 samples centered at n = 0 from
a sequence of samples x[n], then,

p(n) =
N∑
k=0

akn
k (4.2)

Where ak, k = 0, 1, .., N , are the coefficients of the polynomial p(n). The coefficients are
generally estimated as a minimization problem, where the mean square approximation error (εN )
is minimized,

εN =
M∑

n=−M

(
N∑
k=0

akn
k − x[n]

)2

(4.3)

From the fitted polynomial function, the filtered point is evaluated corresponding to x[n = 0] (the
central point), which is nothing but p(0),

x̂[0] = p(0) = a0

This process is repeated to all the sample points by shifting the filter window, to produce x̂[n].

The original paper by Savitzky et al. [276] observed that the output sample can be computed
by discrete convolution of the form,

x̂[n] =
M∑

m=−M

h[m]x[n−m] =
n+m∑

m=n−m

h[n−m]x[m] (4.4)

where, Eq.4.4 replaces the polynomial fitting at each sample described in Eq.4.2 with a single
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evaluation. The equivalency of least square estimation and single convolution of impulse response
is proved in Theorem 1.

Theorem 1. For discrete observations x[n], the least square polynomial estimation of smoothed
version x̂[n] using a least-square polynomial approach with polynomial order N and window size
2M + 1, where N ≤ 2M , is equivalent to estimating a single finite impulse response (FIR).

Proof. To prove, let us begin with the least square polynomial estimation. The optimal coefficient
of polynomial (Eq.4.2) could be determined by differentiating εN in Eq.4.3, with respect to each
of the unknown coefficients and setting the corresponding coefficient to zero. This yield for i =

0, 1, ..., N ,
∂εN
∂ai

=
M∑

n=−M

2ni

(
N∑
k=0

akn
k − x[n]

)
(4.5)

by interchanging the order of summation, Eq.4.5 becomes a set of N + 1 equations with N + 1

unknowns;

N∑
k=0

(
M∑

n=−M

ni+k

)
ak =

M∑
n=−M

nix[n], i = 0, 1, ...., N (4.6)

Eq.4.6 is known as the normal equation in the least square approximation problem.

For additional insight, let us represent Eq.4.6 in the matrix form. Let us define a design matrix
A of dimension (2M + 1)× (N + 1) as,

A =



(−M)0 (−M)1 . . . (−M)N

(−M + 1)0 (−M + 1)1 . . . (−M + 1)N

...
...

...
...

1 0 ... 0

...
...

...
...

(M − 1)0 (M − 1)1 . . . (M − 1)N

(M)0 (M)1 . . . (M)N


which is nothing but the Vandermonde matrix. Let the vector of input sample be,
x = [x[−M ], ..., x[−1], x[0], x[1], ..., x[m]]T , and define a = [a0, a1, ..., aN ]T as the vector of
polynomial coefficients. The Eq.4.6 in matrix form would be,

ATAa = ATx (4.7)
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then the solution of the polynomial coefficients is,

a =
(
ATA

)−1
ATx = Hx (4.8)

where H =
(
ATA

)−1
AT . Now, note that the output for the group of samples centered at n = 0 is

y[0] = a0; i.e., we only need to obtain the coefficient a0. Which means that, we are only interested
in the 0th row of the (N + 1)× (2M + 1) matrix H. By the definition of matrix multiplication, a0

is nothing but the linear combination of (2M + 1) elements of the (2M + 1)× 1 column vector of
x.

y[0] = a0 =
M∑

m=−M

h0,mx[m]

Where hi,n denotes the elements of the (N + 1)× (2M + 1) matrix H and, h0,m is an element of
the 0th row. Consequently, comparing this equation to the second term of Eq.4.4 with n = 0, we
observe that,

h[−m] = h0,m, −M ≤ m ≤M

It is noteworthy that H depends only on M and N , and independent of the input samples. There-
fore, the same weighting coefficients will be obtained at each group of 2M + 1 input samples,
hence we can think of least square smoothing as a shift-invariant discrete convolution process.

Since the weighting matrix h0,m is independent of the input sample x, it can be estimated
corresponding to a unit impulse centered at −M ≤ m ≤ M , and solve for all the coefficients of
corresponding polynomial approximation.

Let ã be the approximation of coefficient vector for the unit impulse input d, then,

ã =
(
ATA

)−1
ATd (4.9)

where d = [0, ..., 0, 1, 0, ..., 0]T is a (2M + 1) × 1 column vector impulse. Then, for the impulse
input ATd is a (N + 1)× 1 column vector. Let,

(
ATA

)−1
=



ã0 ã1 . . . ãN

ã1 • . . . •

...
... . . .

...

ãN • . . . •


where matrix entries denoting • do not enter into the computation of ã. From the definition of
matrix multiplication, the 0th row of the matrix H =

(
ATA

)−1 is,

[h0,−M , h0,−M+1, . . . , h0,0, . . . , h0,M ] = [p̃(−M), p̃(−M + 1), . . . , p̃(0), . . . , p̃(M)]
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where p̃(n) is the polynomial fit to the unit impulse,

p̃(n) =
N∑
k=0

ãkn
k, −M ≤ m ≤M (4.10)

Then, the impulse response of the SG filter is,

h[−n] = h0,n = p̃(n) (4.11)

Equation 4.11 gives h[−n] since the impulse response is flipped around n = 0 while evaluating
the discrete convolution. The convolution formulation of SG filter could be easily implemented
in MATLAB. In our formulation, we implemented Eq.4.4, as the impulse response formulation in
Eq.4.11, recursively. At every iteration, the resulting x̂[n] ensembled with the input x[n] as,

x̂i[n] =
n+m∑

m=n−m

h[n−m]

(
x̂i−1[m] + x̂i−2[m]

2

)
, i = 1, 2, ... (4.12)

with x̂i[n] = x[n] if (i− 1) ≤ 0 or (i− 2) ≤ 0, where i is the index of iteration. The recursion is

continued till reaching the stopping criteria, which is; |Sin − Sout| =
fs

5× L
, where Sin and Sout

are the input and output signals, respectively. An algorithm flowchart of the proposed RELP is
shown in figure 4.4.

Figure 4.4: Algorithm flow chart of RELP

To address the dissimilar error in the longitudinal and lateral directions, the RELP filter is
applied individually to the longitudinal and lateral gradient of the vehicle path. The gradient is
estimated from the time-series position data through numerical differentiation. Let, (T,X, Y ) be
the time-series of vehicles’ path data, then the lateral and longitudinal components of the gradient
are,

Gx =
dX(t)

dt
, Gy =

dY (t)

dt

The noise-free gradient of the path is nothing but the speed of the vehicle (i.e., Gx = vx, and
Gy = vy). It is obvious that an exact and physically pertinent vehicle path can only be obtained
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through ascertaining a realistic and reasonable speed profile along the path. Thus it can be stated
that the primary function of RELP is to achieve the speeds vx and vy from the noisy gradient
data Gx and Gy. It is to be noted that, due to the applied filtering, there could be deformations
at the boundaries of time-series data. In order to handle this, the boundaries are padded using
the reflection method in the formulation of RELP. In the reflection methods, the boundaries are
extended by replicating the values along the ends, i.e., G(N + 1), (G(N + 2), .. are replaced using
G(N), G(N − 1), ..... This would help in minimizing the boundary effects. Using the speed
obtained after RELP, the vehicle position is adjusted using the kinematic equation of motion given
in Eq.4.1a, by which an internally consistent vehicle path is achieved. However, certain white
Gaussian noise could remain in the path data, and the same is removed using an adaptive tri-cubic
kernel smoothing. A detailed description of Kernel smoothing is provided in the following section.

4.2.3 Adaptive Tri-Cubic Kernel Smoothing

Even after the first two steps, which would be ensuring equispaced time-series of path and con-
ditions of internal consistency, certain white Gaussian noise would be remaining in the path data.
The data need to be free from such noises to achieve a smooth and continuously differentiable
vehicle path. Kernel smoothing techniques are desirable to handle the white Gaussian noise after
an appropriate selection of the smoothing parameters such as the bandwidth and polynomial or-
der. Compared to the filtering based trajectory/path smoothing technique that suffers from severe
boundary effects, the kernel-based technique could automatically maintain the same bias order at
the interior and boundaries [277]. We consider a tri-cubic Kernel function in our method, due to
its better shape-preserving property while smoothing, as reported by Cleveland et al. [64, 278].
However, the impact of the shape of the kernel on smoothing is minimal compared to the other
parameters, such as the bandwidth and polynomial order. The choice of bandwidth and polyno-
mial order, to a great extent, results in the under-smoothing or over-smoothing of the data. Thus,
we propose a grid-based search algorithm for an appropriate choice of bandwidth and polynomial
order by trading-off the bias and variance.

Consider a time series of position (T,X ) of a vehicle , where T is the vector of sampling
time instances, and X is the matrix of vehicle position coordinates. We assume the underlying
vehicle path is smooth and continuous, and can be represented using a regression function f(t0) =

E(X|T = t0) locally, and its derivatives f ′(t0), f ′′(t0), ..., f p(t0) exist. Suppose that (p + 1)th

derivative of f(t) at t + t0 exists, we then approximate the unknown regression function f(t)

locally by a polynomial order p. A taylor expansion for f(t) in the neighborhood of t0 is,

f(t) ≈ f(t0) + f ′(t0)(t− t0) +
f ′′(t0)

2!
(t− t0)2 + ...+

fp(t0)

p!
(t− t0)p (4.13)

This polynomial is fitted locally by a weighted least square regression problem that minimizes,

min

n∑
i=1

[
Xi −

p∑
j=0

βj (Ti − t0)j
]2

Kh (Ti − t0) (4.14)

60TH-2739_166104028



Chapter 4. Vehicle Path Reconstruction Three Stage Method of Vehicle Path Reconstruction

where, h is the bandwidth controlling the size of the local neighborhood, and Kh (·/h) /h with K
as a Kernel function assigning weight to each data point. We have considered a tri-cubic weight
function (Eq.4.15) in our formulation due to its better local adaptive property required to capture
the local path variations.

K (u) =

(1− |u|3)
3
, if |u| ≤ 1.

0, otherwise.
(4.15)

Let β̂j be the solution vector of the least square problem described in Eq.4.14. It is clear from
the Taylor expansion in Eq.4.13 that f̂p = p!β̂p is an estimator for fp(x0), p = 0, 1, ..., P . To
estimate the entire function f (p)(·) we solve the above weighted least square problem for all points
x0 in the domain of interest.

The design matrix of the problem described in Eq.4.14, denoted by Ψ, is :

Ψ =



1 (T1 − t0) ... (T1 − t0)p

. . . .

. . . .

. . . .

1 (Tn − t0) ... (Tn − t0)p


(4.16)

and put

x =



X1

X2

.

.

.

Xn



and β̂ =



β̂0

β̂1

.

.

.

β̂p


Further, let W be the n× n diagonal matrix of weights:

W = diag {Kh (Ti − t0)} (4.17)
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Then the weighted least squares problem in Eq.4.14 can be written as,

min
β

(x−Ψβ)′W (x−Ψβ) (4.18)

with β = (β0, .., β0)′. The solution vector is provided by the weighted least square theory, and is
given by

β̂ = (Ψ′WΨ)
−1

Ψ′Wx (4.19)

Here, as discussed before, the choice of bandwidth parameter h plays a crucial role. A too large
bandwidth under-parameterize the regression function causing a large bias, while a too small band-
width over-parameterize the unknown function and results in erroneous estimate. Ideally, the the-
oretical choice of bandwidth is easy to obtain, however, it is not directly usable since it depends on
unknown quantities. In fact, finding a practical procedure for selecting the bandwidth parameter is
one of the most important tasks [277].

Apart from bandwidth, the other unknown parameter for local polynomial fitting is the order of
the polynomial function. Since the bandwidth primarily controls the modeling bias, the polynomial
order is less crucial in kernel smoothing. However, for a given bandwidth h, a large value of p
would expectedly reduce the modeling bias but would cause a large variance and a considerable
computational cost. To reckon the optimal smoothing parameter, we propose a grid-search method,
which would estimate the optimum bandwidth-polynomial-order combination that trade-off the
bias and variance to get the desired smoothing. The following section describes the grid-search
algorithm in detail.

4.2.3.1 Grid-Search Algorithm for Estimating the Optimal Kernel Parameters

While dealing with the bandwidth selection problem, a key issue is to have a good insight into
the bias and variance of the estimators. Generally, the criteria for selecting the bandwidth is the
trade-off between bias and variance, which nevertheless is a multi-objective optimization problem.
For a locally weighted polynomial regression, the selection of optimal bandwidth and polynomial
order can be defined as a derivative-free, unconstrained multi-objective optimization with a dis-
crete domain of objective. It is discrete because the window size can take only an integer value,
preferably odd. Though the polynomial could be of fractional order, it is not recommendable to
use the entire real line. In view of the foregoing discussion, the estimation of optimal bandwidth
and polynomial order can be defined as a grid-based, derivative-free, evolutionary multi-objective
optimization problem. Generally speaking, an evolutionary multi-objective optimization problem
would share more than one goal, but often conflicting. In our case, the minimization of variance
leads to a larger bias and vice-versa. Without loss of generality, let us define a multi-objective
optimization problem as follows;

Minimize F (Φ) = (Φ1(α),Φ2(α), ....,Φm(α)) ; Subject to: α ∈ Ω (4.20)
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Where, α denotes a solution vector in the feasible solution space Ω, and Φi, (i = 1, 2, ...,m) is the
ith objective to be minimized.

In our formulation, we defined the domain of optimization problem as a Cartesian grid made of
bandwidth and polynomial order, as shown in Fig. 4.5. At the start, a sparse grid is defined with a
bandwidth ranging from five to size of the data (N ), with an equally spaced ten bandwidths. The
range of polynomial order within the grid is set from two to five with a unit increment. We assume,
based on the literature that the vehicle path can be represented using piece-wise polynomials of
order that might vary, in a vague sense, between [2, 5]. At each grid-coordinate that intersects a
bandwidth-polynomial order pair, the cost of the objective was defined using the Mean Squared
Error (MSE), Absolute Mean Error (AME), and Error Variance (VAR). Initially, the cost is defined
only using MSE and VAR. AME is used in the final stage of optimization to choose the optimal
window size and polynomial order from the optimal grid. The proposed algorithm successively
refined the grid by removing the grid-coordinates of higher costs. The grids of higher costs are
identified by looking for the 75th percentile value of cost for the entire grid. The selection of 75th

percentile cost was to ensure that the convergence and diversity are maintained during optimiza-
tion. A too fast convergence may be possible with a lower percentile value of cost; however, it
reduces diversity. At each stage of refinement, the grid spacing in the direction of bandwidth is
reduced until the spacing between the grid is unity. The grid with unit spacing for bandwidth is re-
ferred to as Grid of Interest (GOI), from where the direction of grid refinement would be reversed,
and the grid spacing is reduced to half in the direction of polynomial order, till the spacing is 0.25.
This process would reinforce the selection pressure towards the optimal grid. Once we achieve
the optimal grid, the optimal bandwidth-polynomial pair is identified for the minimum AME. The
optimal bandwidth (hopt) and polynomial order (popt), obtained after grid-search, is used in the
minimization problem (Equation 4.18) to get the coefficients β̂ of local polynomial function.
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Figure 4.5: Graphical representation of the Grid-search algorithm

The three-stage vehicle path reconstruction technique described in this section can be applied
to each vehicle data to achieve a smooth and continuously differentiable vehicle path that satisfies
the conditions of internal and physical consistency. Next section presents the validation of the
proposed reconstruction technique using the field data.

4.3 Performance Evaluation of the Proposed Reconstruction Technique

This section evaluates the reliability of the proposed reconstruction technique using an experi-
mental and naturalistic vehicle path data. We also use the manually extracted NGSIM trajectory
data reported by Coifman et al. [4], particularly to evaluate the performance of the missing data
retrieval process.

4.3.1 Retrieval of Missing Data

As discussed earlier, the data loss during the sensor-based data collection is quite a common phe-
nomenon, and the missing information needs to be retrieved efficiently for an effective microscopic
traffic analysis. There are several effective interpolation techniques available to retrieve the miss-
ing information from time-series data. However, the main challenge in evaluating the performance
of the retrieval process is that the actual data is unknown. To evaluate the efficacy of interpolation
methods, we considered the manually extracted NGSIM (I-80) data reported by Coifman et al.
[4]. We have synthesized the situation of data loss corresponding to occlusion by a fixed object
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by removing certain observations at different sections along the roadway (Fig. 4.6a). The missing
data were reconstructed, across 2283 vehicles using different interpolation methods such as linear,
cubic, modified akima, pchip, and spline. Fig. 4.6b shows the comparison of different interpolation
methods. It can be seen from the figure that the spline interpolation gives better results compared
to the other interpolation techniques. It is also evident that as the size of occlusion increases, the
prediction accuracy gets depreciated. To limit the error in the position within 5cm, it is advisable
to select the data collection site so that the maximum possible occlusion is within 10m.

Figure 4.6: Performance evaluation of the missing data retrieval process; a) Manually extracted NGSIM
data reported by Coifman et al. [4], with the synthesized occlusion conditions; b) Comparison of different
interpolation techniques for the missing data retrieval

4.3.2 Reconstruction of Observed Vehicle Path

Potential of the proposed reconstruction method evaluated by performing a controlled experiment.
A test vehicle equipped with a high-end GPS device (V-Box, Racelogic) (Fig. 3.5b) was driven at
different speed levels on a testbed, where a ring road environment was set up (Fig. 3.5a). The speed
of the instrumented vehicle was extracted from the V-Box file using RACELOGIC 2.13.5 (Build
211) 2003 software. At the same time, the test vehicle was video-graphed using a drone that has
good gimbal support (DJI-Inspire 1). Further, the collected video footage was stabilized to a tripod-
mode condition by transforming all video frames to the orientation of a reference frame using the
Stabilizer tool. From the stabilized video footage, the vehicle path and the other derived quantities
such as speed and acceleration were extracted using the trajectory extraction tool, SAVETRAX.

The observed vehicle path and the reconstructed path are shown in Fig. 4.7a. It is evident
from the figure that the observed path carries unwanted noise as undulations (represented using the
black line). The proposed reconstruction technique has significantly reduced the noise from ob-
served data, moreover resulted in a smooth vehicle path, as shown in Fig. 4.7a (represented using
red line). It is apparent that the smoothing technique has removed all the unwanted undulations
in the observed vehicle path without significantly altering the observed vehicle path. Furthermore,
we compared the speed obtained from V-Box (benchmark speed) and speed derived from the re-
constructed path through numerical differentiation. Fig. 4.7b shows the comparison of speeds,
and they are acceptably matching. The mean difference of the reconstructed and the benchmark
speed was observed as 0.495m/s with a standard deviation of 0.401m/s. The comparison clearly
shows that the proposed reconstruction framework is trustworthy, and can be directly used for path
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smoothing and for an accurate derivation of kinematic quantities such as speed, acceleration, and
jerk.

a) b)

Figure 4.7: Performance evaluation of the proposed reconstruction technique using the data from a con-
trolled experiment; a) Comparison of the reconstructed path and the observed path; b) Comparison of re-
constructed speed with the benchmark speed

To elaborate on the performance at each stage of the proposed reconstruction method, results
from each stage have been analyzed. Coming to the proposed RELP algorithm, the main em-
phasis was to get a kinematically consistent vehicle path. Fig. 4.8a shows the distribution of the
acceleration after applying the RELP (the observed distribution is shown in Fig. 2.3a). It can be
seen from the figure that the acceleration is not distributed within the realistic range, indicating
the presence of noise. The Kernel smoothing is applied to the path to remove this noise using the
estimated smoothing parameters. The acceleration distribution after Kernel smoothing is presen-
ted in Fig. 4.8b, which is well within the realistic range for acceleration. Figure Fig. 4.8c shows a
comparison of two stages mentioned above and the benefit.
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Figure 4.8: Physical consistency analysis of the estimated acceleration; a) Distribution of acceleration after
RELP (ranges between −50m/s2 to 50 m/s2); b) Distribution of acceleration after Kernel smoothing
(ranges between −3.5 m/s2 to 2.5 m/s2); c) Cumulative Frequency (in %) distribution after RELP and
Kernel smoothing

It can be seen from Fig. 4.9a that RELP has efficiently denoised the speed data, though the error
amplitude was non-uniform across the profile. Fig. 4.9b and c show the increasing benefit of the
proposed method in speed and acceleration profile at consecutive stages of reconstruction.
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Figure 4.9: Increasing benefit of the proposed reconstruction technique, a) Performance of RELP in denois-
ing the gradient of vehicle path b) Improvement in speed after each stage of reconstruction, c) Improvement
in acceleration after each stage of reconstruction

Further, the performance of the proposed method was evaluated using the NGSIM trajectories,
and compared with the reconstructed NGSIM trajectory reported by Montanino et al. [5]. For the
comparison, we have selected the vehicle with ID 1929, which is commonly used in many of the
trajectory reconstruction related studies.

 Observed
 Proposed
 Montanino

a) b) c)

Figure 4.10: The performance of the proposed method on the NGSIM I-80 dataset presented on a sample tra-
jectory (Vehicle ID 1929) and a comparison with the method proposed by Montanino et al. [5] (a)Trajectory,
(b) Speed profile, and (c) acceleration profile.

It is evident from the Fig. 4.10 that the proposed method could reconstruct the vehicle trajectory,
realistically. The studies using naturalistic driving data [279–281] have reported that the safety-
critical events, such as the crashes or near crashes, could occur when the longitudinal acceleration
is higher than the threshold of −0.6g (≈ 5.88m/s2). The acceleration profile corresponding to the
raw data indicates a crash event, but the crash has not occurred in reality. It is to be noted that the
acceleration profile obtained after applying the proposed method maintains the acceleration profile
within the no-crash range.
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a) b)

Figure 4.11: A 90 degree near-crash, a) Vehicles involved in the near-crash (circled in the figure), b) Piled-up
vehicles due to the bottleneck created by the near-crash (highlighted in the figure)

We have also analyzed the trajectory corresponding to a vehicle that has undergone a near-
crash situation. It was a 90-degree near-collision by a PTW (Fig. 4.11a) to a car that entered from
a minor road. The incident also resulted in the piling up of vehicles behind (Fig. 4.11b). Fig. 4.12a
shows the observed trajectory of PTW (PTW 1) and the piled up cars (shown only the first four of
them), and their speed and acceleration profiles (Fig. 4.12 b and c, respectively). The reconstructed
trajectories, speed, and acceleration profiles are shown in Fig. 4.12 c, d, and e, respectively. It is
to be noted that PTW 1, the vehicle that has undergone near-collision, shows a deceleration rate of
−5.07m/s2, which indicates the occurrence of an incident. However, the deceleration rate of the
piled-up vehicles was well within the realistic range, which is expected as they have enough time
for a smooth deceleration (Fig. 4.11). Hence, it is clear that the proposed method is not causing
any over-smoothing, thus not misinterpreting the events, which is essential for safety-related traffic
analyses.

Figure 4.12: Position, speed, and acceleration profiles of the vehicle involved in near-crash (PTW 1) and
the piled-up vehicles (Car 1, Car 2, Car 3, and Car 4), (a,b,c) Observed position, speed, and acceleration
profiles, (d,e,f) Reconstructed position, speed, and acceleration profiles.

As discussed, the difficulty associated with the implementation of the advanced smoothing tech-
niques compels the researchers to use off-the-shelf smoothing techniques. In order to avert such
a situation, and for direct use of the proposed smoothing framework, we developed an application
with a user-friendly interface. The application was developed and tested on MATLAB®2019b, in
Windows 10® platform. The intended user can directly install the application into the MATLAB
interface following the general procedure of app installation in MATLAB [282]. The observed
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path data can be directly loaded into the interface, with predefined column headings, for smooth-
ing. After smoothing, the smoothed path and the derived quantities such as speed and acceleration
can be exported from the application. Fig. 4.13 shows the screen-shot of developed user-interface
of the smoothing application.

Figure 4.13: User interface of MATLAB application developed for vehicle path smoothing

4.3.3 Residual Analysis

In order to characterize the error generated during the drone-based traffic data collection, the resid-
ual between the observed path and the reconstructed path were analyzed. The residual was adopted
as a proxy to the measurement error based on the assumption that the reconstructed trajectories are
a better estimate of the actual than the observed data. Fig. 4.14 shows the distribution of error
observed in the position, speed, and the acceleration in both the longitudinal and lateral directions.
It is evident from the figure that the residuals are distributed as non-Gaussian, but has a zero mean.
We verified that the residuals are distributed with zero mean through the t-test with a 99% confid-
ence. The test results shown in Table 4.1 signifies that the residuals are distributed with a mean of
zero for the position, speed, and acceleration in both the longitudinal and lateral directions. This
indicates that the vehicle path data is free from systematic error, by virtue of the tracking accuracy
achieved in the recent past as well as the advantage of camera stabilization.
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Figure 4.14: Distribution of residuals and a fitted Gaussian function

Though visually it is evident from Fig. 4.14 that the residuals are not Normally distributed, we
have performed the Anderson-Darling Normality test to verify this statistically. The test stat-
istics, along with the descriptive statistics of the residuals, are given in Table 4.2. The Nor-
mality test results at 95% confidence level show the non-Normality of residuals for the pos-
ition, speed, and acceleration. The 95% tolerance interval of residuals in the discrete obser-
vation of longitudinal position (at every 0.0417 seconds) was found as (−0.755 m, 0.611 m),
and for lateral position (−0.091 m, 0.114 m), which imply an error magnitude of significant
effect. Further, an unacceptable amplification and propagation of the error can be seen in the
derived quantities such as speed and acceleration. The 95% tolerance interval for longitudinal
speed was (−10.149 m/s, 10.493 m/s) and (−1.719 m/s, 1.703 m/s) for lateral speed. The
acceleration has shown an extremely outlying values of (−201.225 m/s2, 220.214 m/s2) and
(−34.809 m/s2, 31.666 m/s2) for longitudinal and lateral acceleration, respectively.

One of our postulations about the characteristics of the error in the drone-based trajectory data
was the heavy-tailed distribution. Kurtosis is generally considered as a measure of the "tailedness"
of the probability distribution function of a real-valued random variable. The data sets with high
Kurtosis tend to have heavy tails or outliers. For a Normal distributed random variable, the Kurtosis
would be 3. The Kurtosis value obtained for the residuals, shown in Table 4.2, clearly indicates
the heavy tailedness with a magnitude which is much higher than three.

Another claim from this study was about the difference in the level of smoothing required for
different vehicles’ paths due to the dissimilar noise contamination. We validated this claim by
analyzing the time-series of mean position error per frame, which is presented in Fig. 4.15a. It
is evident that the average error in the position per frame is not uniform across the length of the
video, but highly random. Further, we verified that the residuals are not auto-correlated throughout
the observation using the partial auto-correlation analysis of the mean error (Fig. 4.15). This
clearly postulates that the vehicles entering the monitoring area at different observation times are
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Table 4.1: Results of t-test to verify the zero mean of residuals

Null hypothesis H0 : µ = 0

Alternative hypothesis H1 : µ 6= 0

Sample t-Value P-Value

Longitudinal Position 0.00 >0.99

Lateral Position 0.00 >0.99

Longitudinal Speed -0.00 >0.99

Lateral Speed 0.00 >0.99

Longitudinal Acceleration -0.23 0.818

Lateral Acceleration 0.03 0.979

Table 4.2: Residual statistics and the Normality test results

Residual
Anderson-Darling Normality Test

Mean Standard Deviation Variance Skewness Kurtosis
p-Value A

Longitudinal Position (m) <0.005 5790.96 0.000 0.327 0.107 -1.446 18.262

Lateral Position (m) <0.005 2105.82 0.000 0.054 0.003 0.133 88.082

Longitudinal Speed (m/s) <0.005 4890.43 0.000 4.562 20.814 -0.003 8.718

Lateral Speed (m/s) <0.005 3095.51 0.000 0.807 0.652 1.199 56.052

Longitudinal Acceleration (m/s) <0.005 4422.54 -0.06 92.480 8551.9 0.530 7.749

Lateral Acceleration (m/s2) <0.005 2559.98 0.001 15.836 250.765 -0.414 22.895
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contaminated with dissimilar noise levels; therefore, they need different levels of smoothing.

Further, we have analyzed the difference in the level of noise contamination in the longitudinal
and lateral direction and the need for separate smoothing parameter estimation for these compon-
ents. We validated the claim by testing error variance in the longitudinal and lateral directions to
see whether they are statistically different. The test results are shown in Table 4.3. It is evident
from the table that, at 5% significance, the variance of error in the longitudinal and lateral direc-
tions is significantly different. Thus the current practice of invariant smoothing of longitudinal and
lateral dynamics would result in inappropriate smoothing of the data.

Figure 4.15: a) Time-series of mean error per frame; b) Partial auto-correlation analysis

The residual analyses clearly indicate the need of a novel reconstruction technique to deal with
the noises generated during the contemporary traffic data collections. The present study fulfills
this necessity by proposing the adaptive, and data driven smoothing technique. We further evalu-
ated the reliability of the proposed reconstruction technique by verifying the internal and physical
consistency of the reconstructed path.

4.3.4 Consistency Analyses

The reliability of the proposed reconstruction technique was evaluated through internal and phys-
ical consistency analyses. For this purpose, we considered two datasets; one was collected using
a quadcopter drone (DJI-Phantom 4), from a rural highway covering 730m, for 15 minutes. The
other data were collected using a fixed camera setup placed on a vantage point near an urban
midblock section covering 100 meters and recorded for 30 minutes. The path data corresponding
to all the vehicles were extracted from the videos using SAVETRAX, and applied the proposed
smoothing technique. We have also considered some of the off-the-shelf smoothing techniques for
comparative analysis. The internal consistency of the reconstructed path using different techniques
was estimated using Equations 4.1a&b, respectively, for position and speed. Fig. 4.16a&b show
the comparison of the internal consistency of position, and speed, respectively, using different
reconstruction methods, for the drone data. Similarly, Fig. 4.16c&d show the internal consist-
ency analysis results corresponding to the data from a fixed camera setup. It is evident from the
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Table 4.3: Test for equal variance of residuals in longitudinal and lateral directions

Null hypothesis H0: All variances are equal

Alternative hypothesis H1: At least one variance is different

Significance level: α = 0.05

95% Bonferroni Confidence Intervals for Standard Deviations

Sample N Standard Deviation Confidence Interval

Longitudinal Position 107863 0.326532 (0.321555, 0.331592)

Lateral Position 107863 0.053907 (0.052189, 0.055682)

Individual confidence level = 97.5%

Tests for Equal Variance

Method Test Statistics P-Value

Multiple comparisons 17735.4 0

Levene 33126.34 0

figure that the internal consistency is well-maintained for the trajectories reconstructed using the
proposed method, compared to any other off-the-shelf methods. The maximum error in the lon-
gitudinal position was close to zero in the case of the proposed method, but the Moving Average
and Gaussian filter have produced an error close to half a meter for the observed instance. This
would be further amplified while estimating speed and acceleration through numerical differenti-
ation. It is to be noted that, as presented in Section 2.3, the Moving Average technique is widely
used for trajectory reconstruction. Furthermore, the Savitzky-Golay filter and LOESS methods
have produced relatively less error that was less than 15cm. Similarly, the proposed method has
outperformed all other methods (ref. Fig. 4.16b&d) in terms of the error in the longitudinal and lat-
eral speed. The results indicate that the path data reconstructed using the proposed method closely
follows the fundamental kinematic equations of motion.

In the physical consistency analysis, we have compared the acceleration profiles obtained after
applying different smoothing techniques. The results of the physical consistency analyses are
shown in Fig. 4.17. The consistency of longitudinal acceleration corresponding to different smooth-
ing techniques are shown in Fig. 4.17a-f and m-r, respectively for drone data and fixed camera
setup. Corresponding to the lateral acceleration, the distribution is shown in Fig. 4.17g-l and s-x,
respectively for drone data and fixed camera setup. It is apparent from the figures that the pro-
posed reconstruction technique maintains the vehicle accelerations within the realistic range of
comfortable driving corresponding to uninterrupted traffic conditions observed on a rural highway.
However, the acceleration distribution obtained after applying other methods (Fig. 4.17c-f ) clearly
indicate an unrealistic acceleration values. Similarly, for the lateral acceleration, the proposed
method is giving realistic ranges for the study site. Lateral acceleration obtained after applying the
other methods corresponds to aggressive driving, but such a behavior was hardly observed during
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Figure 4.16: Internal consistency analysis of the proposed method and comparison with some of the off-the-
shelf smoothing techniques

the data collection. The acceleration distribution observed from the fixed camera setup also gives
satisfactory results for the proposed smoothing technique (Fig4.17h&t). The range of acceleration
is relatively higher for data from fixed camera setup compared to drone, and is obvious since the
data is from an urban environment.

From the internal and physical consistency analyses, it is evident that the proposed method
outperforms most of the existing smoothing techniques. Moreover, the reconstructed path from the
proposed method ensures the realistic driving behavior and strictly follows the physics of vehicle
movement.

4.4 Summary

The present study proposes a trajectory reconstruction framework that is capable of handling a
wide range of noises produced while collecting the trajectory data using the recent advances in
drone technology and computer vision. The first and foremost merit of the proposed reconstruction
technique is its adaptiveness contingent to the underlying noise characteristics. In this study, we
have noticed that the noises in the observed vehicle path follow a heavy-tailed distribution, which
often needs a special treatment. Consequently, the direct use of the existing smoothing techniques
may not ensure sufficient smoothing of the observed data. We also found that the noise in the
vehicle paths corresponding to different vehicles and directions shows unique characteristics, thus
needing a separate smoothing for each vehicle and the longitudinal and lateral directions. However,
the existing practices of vehicle trajectory reconstruction have used invariant smoothing parameters
across different vehicle trajectories, and the lateral component of the path. Highlighting the need
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for a separate smoothing, the present study proposed the trajectory reconstruction technique that is
capable of handling the above challenges.
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Figure 4.17: Physical consistency and Frequency spectrum analysis of acceleration

The proposed method comprises three stages that collectively perform the attenuation of the
noises associated with the contemporary trajectory data collection. During the sensor-based data
collection, it is expected to have a possible data-loss due to several factors, such as sensor mal-
functioning or occlusion. In the first stage of our trajectory reconstruction method, all the missing
information was retrieved using the spline interpolation technique, which has shown an accuracy
up to 5cm when occluded for about 10m. The selection of the interpolation technique was made
after an extensive comparison of different interpolation techniques using a synthesized data-loss
condition due to occlusion. In the second stage, we proposed a Recursively Ensembled Lowpass
(RELP) filter, which is capable of handling the heavy-tailed noise distribution by recursively ap-
plying low-pass filtering to the path data, till the stopping criterion is achieved. RELP is built on
the well-known Savitzky-Golay filter, which has the property that it is equivalent to a discrete con-
volution with a fixed impulse response. RELP was applied to the gradient of the path, to achieve
a realistic and reasonable speed profile across the vehicle path. The main advantage of this stage,
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apart from dealing with the heavy-tailed noise, is the ability to inherently ensure the internal con-
sistency requirements of the path followed by the vehicles. However, this stage does not ensure
complete denoising of the observed path data. Even after RELP, there could be certain white
Gaussian noise remaining in the observed data. To cope up with this, we considered an adaptive
tri-cubic kernel smoothing, where the smoothing parameters are estimated using a grid-search al-
gorithm, which is also a proposal of the present study. In the grid-search algorithm, the smoothing
parameters were tuned in such a way that they would trade-off the bias and variance of the estim-
ate. After this stage, the vehicle path would be smooth and continuously differentiable and ensure
the physical consistency of the vehicle path.

To validate the proposed method, we have performed a controlled experiment, where an instru-
mented vehicle was monitored using a drone. The error associated with the path data extracted
from the drone video has shown the heavy tailedness, which is primarily due to the unwanted
camera movements. The speed estimated after applying the proposed reconstruction method was
compared with the speed obtained from V-Box device. It was found that both the speeds are match-
ing with a mean difference of 0.495 m/s, with a standard deviation of 0.401 m/s. The analysis of
the residuals has shown that the noise in the data has a zero-mean distribution, which can be at-
tributed to the tracking accuracy achieved in the recent past. Moreover, the kurtosis of the noise
distribution is significantly higher than three, indicating a heavy tailedness. The mean error in
the position of vehicles at each frame was found to be statistically different and is not partially
auto-correlated, which indicates that the vehicles entering the monitoring area at different times of
observation contaminated with dissimilar levels of noise and need a different smoothing. The error
variance of longitudinal and lateral positions of a vehicle was found statistically different, which
indicates that the underlying errors are dissimilar.

Further, we have considered the field data collected using a drone as well as the fixed camera
setup to ensure the reliability of the proposed method. The internal and physical consistency ana-
lyses have clearly shown that the proposed method is capable of achieving a better internal and
physical consistency compared to any of the off-the-shelf smoothing techniques. Moreover, the
application of the proposed method to the trajectory corresponding to a vehicle that has undergone
a near-crash situation revealed that the proposed method is preserving the actual vehicle dynamics,
which indicates the adequacy of the proposed method in safety-related studies. Accuracy levels
required for the path data used in training and validating the path planning models for autonomous
driving are stringent, and the proposed approach could cater such needs. Towards this direction,
there are three major contributions; i) the proposal of a novel filtering technique, RELP, which
would ascertain the underlying vehicle dynamics by inherently ensuring the internal consistency
requirements of the reconstructed paths, ii) a method to identify an optimal set of smoothing para-
meters to reconstruct each vehicle path towards an optimal smoothing, iii) highlighted the need for
separate smoothing of lateral and longitudinal components with an independent parameter estima-
tion. For direct use of the proposed smoothing framework for the prospective users, we developed
a MATLAB application and is publicly available.
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Chapter 5

Anticipated Collision Time (ACT)

This chapter discusses a 2D surrogate safety indicator called Anticipated Collision Time (ACT)
developed as part of this research. The detailed procedure of automatically detecting the conflict
situations, extracting ACT profiles, and identifying the crash-types from the input trajectory data.
This chapter also presents another safety indicator derived from the ACT profile called Time of
Evasive Action (TEA). Other derived indicators, such as Time Exposed ACT (TE-ACT) and Time
Integrated ACT (TI-ACT), which capture crash exposure and severity, are also described. Sec-
tion 5.2 describes the derivation of ACT and a detailed methodology to estimate ACT. This section
also discusses the other SSMs derived from an ACT profile, such as Time Extended ACT (TE-ACT),
Time Integrated (TI-ACT), and TEA. Section 5.3 summarizes and concludes the chapter.

5.1 Introduction

Approximately 1.35 million people die annually from road traffic crashes, which is ranked as the
eighth leading cause of global mortality by World Health Organization [2]. According to the
’Vision-Zero’ initiative [283], "it can never be ethically acceptable that people are killed or ser-
iously injured when moving within the road transport system". Taking this into account, many
researchers and organizations are actively working to assess and mitigate the road fatality risk
[24,26,161,170,172,284]. All these attempts are envisioned to accomplish a sustainably safe road
transport system with zero fatalities or no severe injuries [285–287]. The contributions of these
researches are evident from the declining trend of the annual road crash rates across countries. Nev-
ertheless, road fatalities are still a serious issue worldwide, particularly at complex traffic facilities
and mixed traffic scenarios with a considerable proportion of Vulnerable Road Users (VRUs).

To date, however, there is no overarching and unifying framework available for a comprehens-
ive safety analysis across various transportation facilities [159,161]. The key challenge associated
with developing such a measure is the 2D nature of the vehicle dynamics and the collision scen-
arios. Moreover, the observation and generalization of all the possible conflict scenarios from a
trajectory database is a real challenge. To bridge the gap in the prevailing SSM-based safety as-
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sessment methods, the present study proposes a novel surrogate safety indicator called Anticipated
Collision Time (ACT). ACT can be applied to all scenarios irrespective of collision types, road
geometry, and vehicle state configurations. For the vehicles that are on a collision course, the
ACT estimation procedure considers the shortest distance between the vehicles and the closing-in
rate in the shortest distance direction. In addition to providing a safety measure, ACT also offers
information about the collision types such as head-on, rear-end, side-swipe, angled, and Run-Off
road. Unlike the existing SSMs, the ACT estimation simultaneously considers all the vehicles
interacting with the subject vehicle. Apart from ACT, this study proposes another SSM, derived
from the ACT profile, and termed as Time of Evasive Action (TEA). This is the time at which
the vehicle initiates an evasive action once found itself in an unsafe situation. To date, there is no
SSM that can capture the drivers’ response to a collision situation, which is vital while designing
an effective collision warning system. TEA is such a measure that can help improve the design of
existing collision warning systems and make them more customized to the user behavior.

5.2 The Anticipated Collision Time

In this study, we propose a new method for temporal conflict-proximity estimation, and the corres-
ponding safety indicator is termed as Anticipated Collision Time (ACT). ACT is similar to TTC by
definition, but functionally different. The shortest distance between the vehicles and the closing-in
rate in the ‘shortest distance direction’ are the primary inputs to estimate ACT. ACT estimation
considers the vehicles’ closing-in rate to remain constant during the time left to collision. The
closing-in rate amalgamates all the state variables that affect the likelihood of a potential conflict,
thereby generalizing the ACT for extensive safety analysis.

Figure 5.1: Simplified illustration of the concept of Anticipated Time to Collision (ACT); a) Closing-in of
two vehicles till collision; b) Factors influencing the closing-in rate of two vehicles

The closing-in rate captures the rate at which vehicles approach each other. Fig. 5.1a illustrates
a conflict scenario involving two vehicles. Let the shortest distance between the approaching
vehicles at a time instance t1 be δ, and the rate at which the vehicles approach each other (closing-
in rate) is ∂δ

∂t
. The vehicles would collide after T seconds if they retain the closing-in rate. In

other words, after T seconds, the shortest distance between the vehicles would be zero. From this
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interpretation, the closing-in rate of the vehicles can be estimated as:

∂δ

∂t
=
δ(t1)− δ(tT )

tT − t1
=
δ

T
(5.1)

Here, T is the Anticipated Collision Time (ACT) indicating the time at which a potential colli-
sion would occur. Rearranging Equation 5.1, we can write the equation for ACT as:

ACT =
δ(
∂δ
∂t

) (5.2)

It is evident from Eq.5.2 that ∂δ
∂t

should be strictly greater than zero for a conflict to occur. A
negative value of ∂δ

∂t
indicates that the vehicles are shying-away. Therefore, more precisely, the

equation for ACT can be written as;

ACT =


δ

( ∂δ∂t )
, if ∂δ

∂t
> 0

∞, otherwise
(5.3)

The factors determining the closing-in rate of two vehicles are their speed, acceleration, heading
angle, and yaw rate. Therefore, the closing-in rate of a pair of vehicles can be determined by taking
the resultant of speed, acceleration, and steering in the direction of the shortest distance between
the vehicles. Fig. 5.1b schematically represents the components that decide the closing-in rate
of a pair of vehicles. The closing-in rate between these vehicles would be the summation of the
resultant speed, acceleration, and yaw rate. Mathematically, it can be described as:

∂δ

∂t
= Rel(~v1−2, ~v2−1) + Rel(~a1−2,~a2−1)× t+ Rel(θ̇1, θ̇2)× δ (5.4)

Where, ~v1−2, ~a1−2 are the components of speed and acceleration of vehicle-1 towards vehicle-2
in the direction of the shortest distance. ~v2−1, ~a2−1 are the components of speed and acceleration
of vehicle-2 towards vehicle-1 in the direction of the shortest distance. θ̇1,θ̇2 are the steering rates
of vehicle-1 and vehicle-2, respectively. Here, Rel is an operator that takes the vector sum of the
quantities.

Broadly, the procedure for estimating ACT can be described as follows;

1. Get the state parameters of the vehicle pairs for which ACT is to be estimated.

2. Orient the vehicles based on their heading angles.

3. Estimate the shortest distance δ, between the vehicles.

4. Get the components of the vehicles’ state vector in the direction of shortest distance (δ) and
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estimate the rate at which vehicles are closing-in
(
∂δ
∂t

)
.

5. Estimate ACT inputting δ and
(
∂δ
∂t

)
in Eq.5.3

Figure 5.2: The state of a vehicle i at a time instance t in GCS

5.2.1 Procedure for Orienting Vehicles, Distinguishing the Vehicles on a Collision Course,
and Identifying the Collision Type

The input for estimating the ACT is the vehicle state data XXX =
[
t,x,y,vx,vy,ax,ay,θ, θ̇

]
,

where t is the time, x is the longitudinal position, y is the lateral position, vx and vy are the
longitudinal and lateral speeds, ax and ay are the longitudinal and lateral accelerations, θ is the
heading angle, and θ̇ is the yaw rate. It should be noted that the vehicle’s state is measured with
reference to a Global Coordinate System (GCS). Fig. 5.2 represents the state of a vehicle i at a
particular time instance t.

If the heading angle information is not available, which is the case with the existing trajectory
data, it can be estimated using the available state information. The heading angle θ(t) of a vehicle
at a time instance t can be estimated using the following equation,

θ(t) = tan−1

(
vy(t)

vx(t)

)
(5.5)

5.2.1.1 Orienting the Vehicle based on the Heading Angle

This section presents a procedure to orient the vehicle in such a way that it makes an angle (θ)

with reference to GCS. The following rotation matrix (Rz) (Eq.5.6) can be used to achieve a yaw
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of (θ) with GCS:

Rz =


cos(θ) − sin(θ) 0

sin(θ) cos(θ) 0

0 0 1

 (5.6)

Figure 5.3: Procedure for orienting the vehicles in the 2D space according to the heading angle; a) Base
orientation; b) Rotation; c) Translation

Initially, it was assumed that the vehicle is oriented, as shown in Fig. 5.3a, with its centroid as
the origin and heading angle aligned with the X-direction of GCS. The corner coordinates of the
vehicle can easily be estimated based on the known vehicle dimension (length l, and width b). The
vehicle was rotated from the basic orientation to actual heading angle using the rotation matrix Rz

(Fig. 5.3b). After this step, the corner points of the vehicle are super-positioned to match with its
actual position (based on any of the known point, say the centroid (x, y)), as shown in Fig. 5.3c.
For example, the actual corner points (xc, yc) (Fig. 5.3b) of the vehicle can be estimated from
(x′c, y

′
c) (Fig. 5.3c) as,

xc = x′c + x

yc = y′c + y

5.2.1.2 Estimating the Shortest Distance Between the Vehicles

Once the vehicles are oriented with respect to their heading angle, it is essential to know the
shortest distance between the vehicles. Fig. 5.4b presents the logic used to estimate the shortest
distance. First, the nearest corners of the vehicles on a collision course were identified by checking
the Euclidean second norm of all the corner point pairs, using the following equation:xc1 yc1

xc2 yc2

 = min (‖P1 −P2‖2) (5.7)
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where, (xci , yci), i = 1, 2 are the closest points between the subject and the interacting vehicles, P

is the vector of boundary points of vehicle i. It is to be noted that, to estimate the shortest distance,
the collision points must be known. The collision point can be estimated from the known closest
corner points using the following procedure.

Figure 5.4: Estimation of shortest distance between vehicles; a) a general orientation of vehicles; b) Al-
gorithm flowchart of closest point estimation

For this purpose, first let’s assume a general case of the conflicting vehicles’ orientation as
shown in Fig. 5.4a. Let (xp, yp) be the nearest corner points of the subject vehicle from the con-
flicting vehicle. Let (x1, y1) and (x2, y2) be the corner points constituting the nearest edge of the
vehicle to (xp, yp). In order to estimate the shortest distance, it is essential to know (xδ, yδ). Then
the shortest the distance δ is,

δ =

√
(xp − xδ)2 + (yp − yδ)2 (5.8)

As (xδ, yδ) is the right angle intersection of the vehicles’ edge line and the shortest distance
line, it can be estimated by solving the equations of both the lines simultaneously. Considering the
known end points, the equation of edge line (in the parametric form, y = α × x + β. where, α is
the slope, and β is the intercept) is,

y = α× x+ β1 (5.9)

Where, α =
(
y2−y1
x2−x1

)
and β1 = y1 − α1 × x1
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Similarly, the equation of the shortest distance line would be,

y =
−1

α
× x+ β2 (5.10)

Where, β2 = yp +
xp
α

.

It is to be noted that the slope of the shortest distance line would be the negated inverse of
the slope of edge line since they are intersecting at right angles. Solving Eq.5.9 and Eq.5.10 for
intersection point yields (xδ, yδ):

xδ =
β2 − β1

α +
1

α

(5.11)

yδ =
α× (β2 − β1)

α +
1

α

(5.12)

Then the shortest distance between the vehicles can be estimated by substituting Eq.5.11 and
Eq.5.12 into using Eq.5.8.

Figure 5.5: State configuration of vehicles involved in angled collision scenario; a) Vehicles are closing-in;
b) Vehicles are shying away

5.2.1.3 Checking whether the Vehicles are on a Collision Course

In the basic TTC formulation, the collision course was identified based on the speeds of vehicles
in car-following. Later, Ozbay et. al., [288] have expanded the condition for a collision course and
tabulated the possible scenarios between the car-following vehicles to involve in a collision course.
Fundamentally, these criteria indicate whether the vehicles are either closing-in or shying-away.
For vehicles to be on a collision course, they have to close-in on each other. The vehicle pair shown
in Fig. 5.5a corresponds to a closing-in movement, where there is a potential of future collision. In
contrast, the vehicle pair in Fig. 5.5b shies-away as they move forward, thus no chance of collision.
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Therefore, the necessary condition for vehicles to be on a collision course is a positive closing-in
rate of vehicles. The sufficient condition is that the vehicles’ movement must intersect.

In the case of rear-end collisions, the intersecting vehicles are generally identified by checking
the lateral overlapping of the vehicle bodies [284], assuming that the vehicles are aligned in such
a way that their centerlines are parallel (as shown in Fig. 5.6a). The criterion for the overlapping
of vehicles (gy) is identified using the following equation:

gy = |yl − yf | −
wl
2
− wf

2
(5.13)

where (xl, yl) and (xf , yf ) are the front center coordinates of the leader and follower vehicles,
respectively. wl and wf are the width of the leader and follower vehicles, respectively. If gy < 0,
vehicle bodies are overlapping laterally, and if they have a positive closing-in rate, they are on a
collision course. However, in the real field, the rear-end collision can happen even though there
is no overlap between the vehicles in the lateral direction (see Fig. 5.6b). Such a scenario could
be observed during a lane change operation, overtaking, merging, and so on. Similarly, there
can be scenarios such as no rear-end collision, even though there is a lateral overlap between the
vehicles (see Fig. 5.6c). Here, the distinguishing factor is the vehicles’ orientation. Therefore, the
orientation of vehicles needs to be appropriately considered for collision risk estimation.

Figure 5.6: State configuration of vehicles in rear-end collision scenario; a) Conflict scenario of overlapping
vehicles with parallel center-line; b) Conflict scenario for non-overlapping vehicles with angled center-line;
c) Non-conflict condition for overlapping vehicles with angled center-line; d) Criteria for rear-end conflict

To generalize the sufficient condition for vehicles to be on a collision course, we introduced the
following procedure. A collision happens only when the line drawn from the approaching vehicle’s
closest corner crosses through either of the other vehicles’ corner points (Fig. 5.6d). The condition
for a line to pass between a pair of points is stated as follows: A line L passes between two points
(xl1, y

l
1) and (xr2, y

r
2) iff the y-offset of the points from the line have opposite sign. Mathematically,

it can be proved as follows. Let the equation of the line L be:

yL = m2xL + c2
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If the line passes through any of the corner points, then:

yl1 −m2x
l
1 + c2 = 0, or (5.14a)

yr2 −m2x
r
2 + c2 = 0 (5.14b)

If the line is not passing through a point, the two possibilities are either the point is above the line
or below the line. Manifestly, when the pair of points lie on both sides of a line, the y-offset of
the points from the line would have opposite sign. Therefore, the condition for the line to pass
between the points can be formulated as:

sign(yl1 −m2x
l
1 + c2)× sign(yr2 −m2x

r
2 + c2) ≤ 0 (5.15)

Therefore, the vehicle pair on a collision course can be identified considering the criteria given
in Equation 5.15 and a positive closing-in rate.

5.2.1.4 Determination of the Collision Type

The ability to differentiate various crash types is one of the unique attributes of ACT. Such an
additional information on crash types enables the researchers to perform a comprehensive behavior
modeling of different crash types. Besides, gaining more knowledge about different collision
types allows for developing a more effective collision warning systems, incorporating all forms
of collision possibilities into the existing rear-end collision warning systems. We found that the
position of the impact point on the vehicle-body and the nature of vehicles’ relative motion are
the traits that determine the collision type. The condition used for the intersecting movement
identification, presented in Section 5.2.1.3, could be used to identify the conflict point. Table 5.1
lists various collision types and the corresponding combinations of the impact points and relative
movement characteristics. This decision table helps a straightforward classification of collision
types. A line from the nearest corner, with a slope that equals its heading angle, is projected onto
the interacting vehicles’ body and identifies the edge through which it passes (using Eq. 5.15).
Upon identifying the impact point, the information on vehicles’ relative motion was used to get the
crash type from the decision table. For example, in case of a rear-end collision, it is essential that
the extended line from the follower vehicle to pass through the leader vehicle’s rear-end corner
points. It is to be noted that the vehicles should have the same direction of motion for rear-end and
side-swipe collisions. Whereas, for angled and head-on collisions, the vehicles should approach
each other. A run-off-road collision is a single-vehicle crash where the vehicle crosses the road
boundary.

5.2.2 Other Crash Surrogates Derived from ACT-Profile

The ACT profile of a vehicle can be used to derive several other safety indicators. This section
presents three other surrogate safety measures derived from ACT, namely the Time of Evasive
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Table 5.1: Criteria for classification of conflict types

Action (TEA), Time Exposed ACT (TE-ACT), and Time-Integrated ACT (TI-ACT).

5.2.2.1 Time of Evasive Action (TEA)

Time of Evasive Action (TEA) is defined the time at which the vehicle starts to respond, in terms
of an evasive action, to a perceived potential conflict situation ahead. TEA is one of the new SSMs
of its kind, which measures the drivers response pattern during an unsafe situation. Some of the
main applications of TEA are, but not limited to, (i) user specific customization of autonomous
vehicle control algorithm; (ii) designing collision warning system with sufficient buffer time to
respond; (iii) crash specific and vehicle type specific analyses of response pattern to enhance the
safety at various road facilities. Fig. 5.7 shows the TEA estimation procedure using the ACT and
acceleration profiles. First, the time instance at which the vehicle enters into an unsafe situation
(tunsafe) is identified from the ACT profile considering an ACT threshold (ACT ∗). If the crash
frequency data are available, ACT ∗ can be estimated by mapping the estimated crash frequency
to the actual. In the absence of crash data, it is convenient to assume ACT ∗ as 3sec as suggested
by several past studies [289, 290]. The collision would happen ACT ∗ seconds later from the time
instance at which the vehicle enters into an unsafe situation (tunsafe). Once the tunsafe is estimated,
a look-back procedure can be performed from the instance tunsafe to a prior time instance where
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the vehicle started to decelerate (Fig. 5.7b). This is nothing but the time at which the vehicle started
taking an evasive action, in terms of deceleration (tdeceleration). Then, TEA can be estimated as the
summation of ACT ∗ and the average absolute difference of tunsafe and tdeceleration. i.e.,

TEAi =
1

n

n∑
k=1

|tkunsafe − tkdeceleration|+ ACT ∗ (5.16)

It is noteworthy that the TEA measure gives an idea about, on an average, how early a vehicle/driver
is responding to a potential collision situation. Estimating TEA for different drivers, vehicle
classes, and facilities would enable an effective design of warning mechanism to alert the users
ahead of an unsafe situation, with a sufficient buffer time to respond.

Figure 5.7: Estimation of TEA from ACT and acceleration profiles; a) ACT profile with safe and unsafe
regions separated by ACT ∗; b) Acceleration profile showing acceleration and deceleration regions

5.2.2.2 Time-Exposed and Time-Integrated ACT

Using ACT profile, two other safety indicators termed as Time-Exposed ACT (TE-ACT) and Time-
Integrated ACT (TI-ACT) were also derived. TE-ACT measures the duration for which the vehicle
is exposed to an unsafe scenario. Whereas, the TI-ACT measures the severity of the potential
collision. TE-ACT and TI-ACT are similar to Time-Extended TTC (TET) and Time-Integrated
TTC (TIT), but TET and TIT consider only rear-end collision risk, whereas TE-ACT and TI-ACT
consider all collision scenarios encountered while driving. Fig. 5.8 shows an ACT profile divided
into two parts: safe and unsafe region, demarcated by ACT ∗. The ACT profile segments falling
in the unsafe zone (highlighted with yellow color in Fig. 5.8) determines the risk exposure and
severity of a potential crash. Once all the ACT segments falling in the unsafe region are abstracted
and combined, the resulting total time gives the duration of crash exposure (TE-ACT), and the
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resulting total area of the yellow regions represents the crash severity (TI-ACT). Mathematically
they can be expressed as follows:

Figure 5.8: Estimation of TE-ACT and TI-ACT from ACT profile

TEACTi =
T∑
t=0

τi(t)×∆t (5.17a)

τi(t) =

1, if ∀ 0 ≤ ACTi(t) ≤ ACT ∗

0, Otherwise
(5.17b)

TIACTi =

∫ T

0

(ACT ∗ − ACTi(t)) dt, ∀ 0 ≤ ACTi(t) ≤ ACT ∗ (5.18)

5.2.3 Comparison of ACT with TTC

Many current surrogate safety analysis techniques and the majority of collision warning systems
are based on the TTC measure. To emphasize the benefits of ACT in safety assessment studies,
we performed a comparative assessment of ACT with TTC. Fig. 5.9 shows the distribution of
duration of crash exposure and and severity derived from ACT and TTC. It is evident from the
figure that the quantification of crash exposure and crash severity using the conventional TTC
measure underestimates the risk levels. Table 6.7 shows the descriptive statistics of the exposure
and severity obtained from ACT and TTC. The average duration of crash exposure and crash
severity values obtained from ACT and TTC are significantly different. It can be seen from the
table that the average duration of crash exposure estimated from TTC (TET) and ACT (TE-ACT)
differ by 7.17 sec, indicating that TTC significantly underestimates the crash exposure experienced
by PTWs. Similarly, the severity of the potential crashes estimated using ACT (TI-ACT) is nearly
twice that obtained from TTC (TIT), which also highlights the limitation of TTC in capturing the
overall crash risk. In order to statistically verify the difference of crash exposure and severity
estimated from ACT and TTC, a two-sample t-test was performed. Table 5.2 shows the test results
at 95% confidence level. Test results indicate that the crash exposure and severity estimated from

88TH-2739_166104028



Chapter 5. Anticipated Collision Time (ACT) The Anticipated Collision Time

TTC and ACT are statistically different. The primary cause of the underestimation of the risk is
owing to the inherent limitation of TTC that it can only capture the rear-end crash risk. However,
in the real field, rear-end crash is among the several other crash types. Therefore, while evaluating
the safety levels at different traffic facilities, it is imperative to consider ACT instead of TTC since
the conflict types are not only the rear-end collisions.
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Figure 5.9: Comparison of distributions of crash exposure and severity estimated from ACT and TTC; a)
Distribution of duration crash exposure derived from ACT and TTC; b) Distribution of crash severity derived
from ACT and TTC

5.2.4 Comparison of Actual and Estimated Crash Frequencies

It is to be noted that the ACT captures all the interactions that happen in a traffic stream. However,
all interactions may not end up in a crash. One obvious fact is that if the time remaining between
two vehicles is short, they are more likely to collide. Therefore, it can be considered that the
vehicles with shorter time-proximity are prone to a crash. The ACT* helps to categorize safe
and unsafe interactions based on time proximity. There are several arguments on selecting an
appropriate ACT* for demarcating safe and unsafe scenarios in the literature. The authors believe
that it is vital to map the actual crash events to the estimated ones to identify the ACT*. However,
researchers assume particular ACT* (1,1.5,2,3,4 sec are some of the commonly chosen ACT*
values) in the absence of actual crash data.

The comparability of the collision estimates from SSMs with the actual crash occurrences was
always been a debate in the proactive safety studies. The threshold value has a significant role in

Table 5.2: Statistical comparison of duration of crash exposure and crash severity estimated using TTC and
ACT using two sample t-test

Parameter Condition t Statistic DF Prob>|t|

Exposure
Equal Variance Assumed

-33.94 6250 6.22E-232

Severity -23.53 6250 2.32E-117

Exposure
Equal Variance NOT Assumed (Welch Correction)

-33.94 3392.30 1.12E-217

Severity -23.53 4836.94 5.46E-116
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Figure 5.10: Estimation of the ACT-threshold using the simultaneous optimization; a) Error minimization;
b) Comparison of the actual and estimated conflicts using the optimal ACT-thresholds.

the projection of the estimated collisions to the actual crash scenario of the study sites. Theoret-
ically, the estimated crash frequency should be mapped to the actual for estimating an appropriate
threshold value that can replicate the field scenario. We highlight that ACT can replicate the actual
field scenario after optimally selecting the threshold values for different crash types. In order to
prove this, we used data from a location where both crash history and trajectory data are available
(Shillong bipass, NH-48 connecting Guwahati and Shillong). The threshold values were estim-
ated using a simultaneous optimization method. Fig. 5.10a shows the error minimization at each
iteration, and Fig. 5.10b shows the collision frequency estimated using the optimal threshold val-
ues. The optimal threshold values achieved after the optimization for each conflict type were:
ACT ∗RearEnd = 5.58, ACT ∗SideSwipe = 4.31, ACT ∗Angled = 0.47, and ACT ∗ROR = 1.78. Notably,
rear-end crashes account for only 10% of all crashes in the study area; thus, using TTC to assess
crash risk would significantly underestimate the risk.

5.3 Summary and Conclusion

This study developed a novel surrogate safety indicator, the Anticipated Time to Collision (ACT),
which is independent of the collision type, road geometry, and the traffic scenario. With this
contribution, the present study opens up a new avenue for proactive safety analyses, where the
overall crash risk could be estimated without relying on historical crash data. The ACT comparison
with TTC reveals that the latter underestimates the crash risk as it may not be applicable to all the
crash types.

The key benefits of the proposed method include:

1. It works for all collision types, regardless of the angle of approach

2. This method can be applied to estimate the crash likelihood at various transportation infra-
structures such as junctions, curves, mid-blocks, and also at transport network-level

3. A common severity hierarchy can be achieved, since the proposed approach works equally

90TH-2739_166104028



Chapter 5. Anticipated Collision Time (ACT) Summary and Conclusion

across all conflict situations and transport facilities

4. In addition to the safety measure, this approach offers conflict-type detail, such as the head-
on, rear-end, side-swap, angled, and Run-Off-Road (ROR) crashes

5. Several other indicators can be derived to quantify the crash exposure, crash severity, and the
time at which vehicle respond to an unsafe situation

6. The conflict that involves multiple vehicles can be evaluated

The Time of Evasive Action (TEA) is one of the important contributions of this research work.
This indicator enables a detailed understanding of the response patterns of vehicles towards an un-
safe situation. A comprehensive knowledge of vehicle response patterns toward an unsafe situation
is essential to design reliable control strategies for autonomous vehicles and develop better colli-
sion warning systems. To capture the crash exposure and severity, two other measures were also
derived from ACT profile, which are TE-ACT and TI-ACT, respectively. All the measures together
give a clearer picture of crash occurrences in terms of their frequency, exposure time, severity, and
evasive actions.

This study also highlights the importance of choosing an appropriate ACT threshold value ac-
cording to the study purpose. Different threshold values for different vehicle classes needs to be
considered to estimate the crash likelihood corresponding to a predefined crash exposure or sever-
ity. Whereas, a single threshold value for all vehicle types is useful while comparing the crash
severity or exposure.
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Chapter 6

Application of Proposed Trajectory-Based
Surrogate Safety Analysis at Various Traffic
Scenarios

This chapter presents some of the applications of the proposed trajectory-based proactive safety
analysis. First, the safety and comfort during an LC maneuver were assessed. In this regard,
we proposed a method to automatically identify the LC vehicles and the time window in which
LC occurs. Further, the LC maneuvers were classified into interrupted (ILC) and uninterrupted
(ULC) LCs, and estimated risk and discomfort, separately for each LC type. Second, powered-
Two-Wheelers (PTWs) safety in an urban environment was evaluated and compared to that of
other vehicle types. Third, the safety of vehicles traversing a 3-Dimensional road geometry was
evaluated and studied the impact of the road geometric features on the vehicle’s safety. Last, we
evaluated the safety at various components of a transportation network and identified the high-risk
sites in terms of crash frequency, exposure, and severity.

6.1 Microscopic Outlook of the Lane-Change Dynamics

A comprehensive understanding of lane changing dynamics is important for developing realistic
simulation tools, autonomous LC systems with improved safety and comfort, or proactive LC
safety assessment tools. The LC maneuver is generally considered as a continuous process from
the original to the target lane, without any intermediate interruptions. Such an assumption helps in
a deterministic and straightforward LC modeling and trajectory planning. However, recent studies
have shown that LC dynamics are not necessarily continuous but disrupted intermittently [143,
189, 291]. The disruptions could be attributed to the intermittently perceived risks or discomfort
and the associated evasive actions by the driver. The risks could arise due to the closing-in of lag
vehicle in the target lane faster than the anticipated rate, emergency braking of the leader vehicle,
or personal preference of LC drivers. Excessive lateral acceleration, steering, or frequent braking,
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might result in driver discomfort. These interruptions and the evasive actions cause a longer LC
duration, compared to an uninterrupted LC operation.

Traffic simulation models consider the lane-changing as either instantaneous or a process per-
formed during a fixed period, disregarding the intermediate actions. Similarly, in autonomous
LC applications, the trajectory planning depends predominantly on an S-shaped parametric curve
(Fig. 2.4d) or a sinusoidal lateral acceleration profile (Fig. 2.4f ). A preliminary investigation into
the real-field LC scenarios has revealed that the above assumptions are highly restrictive. Fig. 2.4
shows two LC trajectories, which are different in terms of their profile and duration. The existing
LC studies primarily assume all LCs to be similar to Fig. 2.4a. But, for an effective modeling of
LC operation, it is necessary to differentiate and gain a detailed understanding of the two types
of LC operations shown in Fig. 2.4. The benefits of such an understanding are, but not limited
to, i) train the CAVs to understand interrupted LC operations of human drivers in a mixed traffic
environment; ii) development of a more dynamic LC trajectories in the case of autonomous LC;
iii) realistic simulation of LC operations.

The present study performs a detailed investigation of LC operations and proposed to classify
them into interrupted LC (ILC) and uninterrupted LC (ULC), besides highlighting their charac-
teristic differences. The scope of this study is limited to a single lane change operation, and the
dynamics of multiple LCs are not addressed. Here, we make three major contributions. First, a
methodology to identify the time window (referred to as LC window here on) within which the
LC maneuver takes place. The lateral speed profile of the LC vehicle was segmented to identify
the LC window. Second, a method to classify the LC trajectories into ILC and ULC, based on the
interruption levels during an LC. The interruption level was quantified based on the cumulative
distance traversed by an LC vehicle during the deceleration and acceleration phases, respectively.
Third, highlighting the characteristic difference of ILC and ULC. The risk and comfort during ILC
and ULC were compared to quantify the characteristic differences. This study has shown that the
ILC takes more time compared to ULC, to complete the LC operation. Therefore, it is necessary
to develop separate LC duration models for ILC and ULC.

6.1.1 Data Preparation and Filtering

To investigate the characteristics of ILC and ULC, we used the Next Generation Simulation (NG-
SIM) trajectories. The trajectory data collected from both I-80 and US-101 were considered for
the study. There was a total of 45 minute data from each location, covering 640 meters in the
case of US-101, and 500 meters for I-80. All of the trajectories were reconstructed to remove the
embedded noise using the method proposed in this research work [13, 64]. The kinematic vari-
ables, such as speed and acceleration, in lateral and longitudinal directions, were estimated from
the reconstructed path data.
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Figure 6.1: Locations of the trajectory data collection

6.1.2 Identification of the Time Window Corresponding to Lane Change Operation

Unlike the existing methods, this study proposes an automated method for defining the LC window
as follows:
Let Xj = pj1,p

j
2, ...,p

j
Nj

be the trajectory of jth vehicle, where Nj is the length of the trajectory.
In this work we considered each point pji = [tji , x

j
i , y

j
i , v

j
y,i, a

j
y,i] as a vector in five dimensional

space, where tji corresponds to time, xji , y
j
i , v

j
y,i, and ajy,i correspond to the longitudinal position,

lateral position, lateral speed, and lateral acceleration of the vehicle, respectively. Xj is the input
for both LC widow detection as well as LC classification.

In the first stage, all the trajectories involving LC operation were identified using the lane oc-
cupancy count, and the maximum lateral displacement. Here, the lane occupancy count is the
number of lanes occupied by the vehicles while traversing the study road stretch. The trajectories
with lateral displacements more than 1.5 times the vehicle width were identified, and then verified
for the lane occupancy count. It is noteworthy that occupying multiple lanes can be corresponding
to either LC or overtaking operations. In this study, we consider only the cases corresponding to
single lane change. Therefore, the trajectories corresponding to overtaking operations and mul-
tiple lane changes are separated and excluded from the further analysis. Equation 6.1 shows the
conditions for grouping the lateral maneuvers:

Maneuver Type =


1 (Single LC), if ∆yj > 1.5× wj & Φ(lj) = 2 & lj(1) 6= lj(Nj)

2 (Multiple LC), if ∆yj > 1.5× wj & Φ(lj) > 2 & lj(1) 6= lj(Nj)

3 (Overtaking), if ∆yj > 1.5× wj & Φ(lj) > 1 & lj(1) = lj(Nj)

(6.1)

where, ‘Maneuver Type’ is a categorical variable; ∆yj is the maximum lateral displacement for
vehicle j; wj is width of vehicle j; lj is the vector of lane occupancy indicator; and Φ is a function
that returns the size of the unique values in lj . Further, the LC window corresponding to each LC
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trajectory is defined as follows:

Definition 6.1.1. LC Window: LC window is the time interval where the following conditions are
satisfied. 1) the lateral speed of the vehicle increases from zero state, reaches the maximum, then
decreases back to zero. 2) within this time frame, the vehicle must be occupying exactly two lanes.
3) Maximum lateral displacement during this period should be more than 1.5 times of the vehicle
width.

Figure 6.2: Method of lateral speed segmentation for LC window identification

Each LC vehicle trajectory is segmented based on the lateral speed profile, and analyzed for
the conditions corresponding to LC window. Fig. 6.2 shows a schematic representation of the LC
window identification procedure. To be specific, for each trajectory Xj , the lateral speed profile vy
is segmented as vsy = vy(sl : sm), where sl and sm are the start and end times of the segment. The
criteria for segmentation are as follows:

v
sl,m
y = vy(sl : sm) ⊂ vy | sl < sm ∀l,m = 1, 2, ..s, and

|vsl,my (k)| > 0 ∀ sl < k < sm
(6.2)

From the identified segments, the LC window is selected if the following criterion (Equation 6.3)
is satisfied.

LC Segmentj = {Φ(lj((sl : sm)) == 2 & ∆yj > 1.5× wj} (6.3)

Applying Eqns. 6.2 & 6.3, the LC windows corresponding to all the LC operations were iden-
tified. Fig. 6.3a shows an example of the identified LC window, and Fig. 6.3b shows some of the
identified (normalized) vehicles paths.
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Figure 6.3: a) An example of LC window detected using the proposed method; b) Normalized lateral posi-
tion profiles of a few vehicles within the LC window (ULC (black), ILC (red))

6.1.3 Classification of LC Trajectories into ILC and ULC

LC trajectories presented in Fig. 6.3b clearly shows two patterns: a smooth and S-shaped curve
and the other is with a stair-like profile. It is to be noted that a continuous, s-shaped LC profile
corresponds to ULC (highlighted using black color in Fig. 6.3b). In contrast, the stair-like profiles
correspond to ILC (highlighted using red color in Fig. 6.3b). The stair-like profile of ILC could be
due to intermittent interruptions. Most of the LC path planning studies have used S-shaped para-
metric curves [199, 292, 293], such as B-spline, polynomial, circular, spiral, trapezoidal, clothoid,
Bezier’s, and hyperbolic tangent [294]. However, these models cannot capture the interrupted LC
operations [143]. In order to capture the intermediate interruptions, studies have considered dy-
namic methods that optimize safety and comfort [143, 166]. Thus, it is essential to separate ILC
and ULC and develop separate models.

An LC operation can be divided into two phases. First, a laterally accelerating phase till it
reaches the maximum lateral speed (vmaxy ) at time τ ∗. In the second phase, the vehicle laterally
decelerates till its lateral speed is zero. In ideal conditions, the lateral speed profile corresponding
to LC would be perfectly concave (Fig. 2.4e). Considering this feature, The present study proposes
a method to distinguish the ILC and ULC.

Figure 6.4: Schematic representation LC interruptions reflected in the lateral speed profile
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Let tstartLC be the starting time of the LC operation, and tendLC corresponding to the end. The
acceleration phase ∆taccLC can be defined as,

∆taccLC = ti | tstartLC ≤ ti ≤ τ ∗, i = 1, 2, ..., and

|∆taccLC | = τ ∗ − tstartLC

(6.4)

Similarly, the deceleration phase, ∆tdecLC can be defined as,

∆tdecLC = ti | τ ∗ ≤ ti ≤ tendLC , i = 1, 2, ..., and∣∣∆tdecLC

∣∣ = tendLC − τ ∗
(6.5)

Within ∆taccLC , ideally, it is expected that the vehicle continuously accelerates laterally till the
lateral speed is maximum by time, τ ∗. Yet, when there is an interruption to the LC maneuver, the
vehicle would decelerate to avoid any potential crash risk with any of the surrounding vehicles or
to achieve the desired comfort. Fig. 6.4 shows that, from time t1 to t2 and t3 to t4, the LC vehicle
is interrupted by the surrounding traffic. Similarly, within ∆tdecLC , the LC vehicle is expected to
decelerate continuously from τ ∗ to a near-zero lateral speed. However, Fig. 6.4 indicates that from
time t5 to t6, the LC vehicle accelerated probably due to perceived danger or discomfort.
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Figure 6.5: Lane change trajectories corresponding to; a) ULC; b) ILC

It is hypothesized that, in the case of an interrupted LC, the vehicle covers some extra distance
in order to minimize the crash likelihood or to gain comfort. The proposed method uses the ex-
tra cumulative distance traversed by LC vehicles during the lateral acceleration and deceleration
phases to classify LC into ILC and ULC. Moreover, this quantity could be used as an indicator
for the level of interruption. Shaded rectangles in Fig. 6.4 represent this measure graphically. The
level of LC interruption is nothing but the total area of the rectangles. Mathematically the level of
interruption (ΥLC) can be defined as follows,

ΥLC =
n∑
i=1

∆vi ×∆ti︸ ︷︷ ︸
Acceleration phase

+
m∑
j=1

∆vj ×∆tj︸ ︷︷ ︸
Deceleration phase

(6.6)
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For a perfectly uninterrupted LC operation, ΥLC = 0. But, in reality, there could be certain
deviations. We found that a threshold of Υthreshold

LC = 0.05, which was selected after a detailed in-
vestigation of the ULC profiles, could be more appropriate for distinguishing ILC and ULC. After
grouping the LC trajectories into ILC and ULC, an automatic verification is performed by compar-
ing the LC duration, and the extra distance traveled, to rectify the incorrect classifications. If an
LC is classified as uninterrupted, but the duration is higher than 25 seconds and the area is close to
Υthreshold
LC , then it is reclassified as ILC. An ILC with the area close to Υthreshold

LC and the duration
less than 6 second is reclassified as ULC. Such a fine-tuning would help to minimize the effect
of the pre-set threshold value on the classification process. Fig. 6.5a shows the ULC trajectories
extracted using the proposed measure, and Fig. 6.5b shows the trajectories corresponding to ILC.

6.1.4 Characteristics of Interrupted and Uninterrupted Lane-Changes

This section presents the characteristics of ILC and ULC such as the crash likelihood and the
discomfort of the driver. Further, the LC duration was compared and separate duration models
were developed for ILC and ULC.

6.1.4.1 Risk and Discomfort Associated to ILC and ULC

This study conjunctures that the crash likelihood as well as discomfort level may differ for ILC
and ULC. To prove this, we have estimated the crash risk corresponding to ILC and ULC, using
ACT,TE-ACT, and TI-ACT.

Figure 6.6: Histogram of a) TE-ACT; b) TI-ACT; and c) Acceleration Noise

TE-ACT estimates the duration for which the LC vehicle is exposed to a safety critical scenario
during the course of LC. Whereas, TI-ACT gives an idea about the severity of a potential crash
during LC. A higher TE-ACT or TI-ACT value indicates a higher crash exposure or crash severity,
respectively.

The discomfort during LC was quantified using the Acceleration Noise (AN), which is one of
the commonly used measures of driver discomfort [295]. The acceleration noise was estimated
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using the following equation:

AN =

√(
1

n
(ai − ā)2

)
(6.7)

Where, ai is the acceleration of LC vehicle at ith instance, and ā is the average acceleration of the
vehicle. A higher AN indicates a higher discomfort.

TE-ACT, TI-ACT, and AN distributions were compared to demonstrate the difference in risk
and driver comfort associated with ILC and ULC. Figure 6.6a, b, & c show the distribution of
ILC, ULC, and AN, respectively. In the case of ILC, the figure clearly shows that the probability
corresponding to longer exposure periods to an unsafe situation is relatively higher (Figure 6.6a).
Similarly, in the case of ILC, the vehicle is more likely to undergo a severe crash (Figure 6.6b).
Using the maximum log-likelihood criterion, the best fitting distributions to all these attributes
were identified. It was found that the TE-ACT follows Nakagami distribution for both ILC and
ULC. Similarly, TI-ACT follows Generalized Pareto Distribution, for both ILC and ULC, and AN
follows Gamma distribution for both ILC and ULC. Table 6.1 shows the fit statistics along with
the parameters. Though the distributions were similar for all the attributes corresponding ILC
and ULC, the parameters were different. This indicates that the risk and discomfort probabilities
associated to ILC and ULC are different. Therefore, while probabilistic estimation of overall
risk during LC activity, as in the study of Park et. al., [296], it essential to consider different
probabilities for ILC and ULC.

Further, the Kruskal-Wallis ANOVA test was conducted to highlight the difference between ILC
and ULC in terms of crash exposure, crash severity, and driver discomfort. The test hypothesis is
as stated below:

H0: The samples come from the same population

Table 6.2 shows the test statistics. At 95% confidence, the Kruskal-Wallis ANOVA test proves that
the safety and comfort during ILC and ULC are significantly different. Moreover, the average TE-
ACT value for ILC and ULC indicates that, during ILC the vehicles undergo a prolonged exposure
to risk compared to ULC. Similarly, average TI-ACT values indicate that the crash severity is
significantly higher for ILC compared to ULC.

Although the distributions for AN corresponding to ILC and ULC are statistically different,
their average values do not give any insight into the driver discomfort levels. Therefore, the present
study considered another measure to quantify the driver’s discomfort during LC. Notably, a part of
the discomfort during LC could have resulted from excessive braking or steering. Braking events
can be quantified as the number of sign changes in the longitudinal acceleration profile. Simil-
arly, the steering events can be quantified as the number of sign changes in the lateral acceleration
profile. Ideally, in the case of ULC, it was expected to have a single sign change for both the
lateral and longitudinal accelerations. While for ILC, there can be multiple sign changes in both
lateral and longitudinal acceleration profiles, due to the driver’s evasive actions to reduce the per-
ceived risk. Figure 6.7a presents the average number of sign changes for lateral and longitudinal
acceleration profiles corresponding to ILC and ULC. Similarly, Figure 6.7b presents the modes

99TH-2739_166104028



Chapter 6. Case Studies Microscopic Outlook of the Lane-Change Dynamics

Table 6.1: Probability Distribution of various LC attributes capturing safety and comfort

Attribute LC Type Distribution NLogL BIC AIC AICC Parameters

Acceleration Noise
ILC

Gamma
618.45 1249.59 1240.89 1240.92

shape (a) = 2.90

scale (b) = 0.48

ULC 389.48 790.93 782.96 782.99
shape (a) = 4.33

scale (b) = 0.34

TE-ACT
ILC

Nakagami
1164.74 2341.37 2333.48 2333.52

shape (µ) = 0.76

scale (ω) = 117.92

ULC 1321.83 2656.19 2647.66 2647.68
shape (µ) = 0.83

scale (ω) = 41.76

TI-ACT
ILC

Generalized Pareto
1534.74 3087.43 3075.47 3075.53

shape (k) = -0.24

scale (σ) = 22.19

threshold (θ) = 2.22E-15

ULC 1862.82 3744.69 3731.64 3731.68

shape (k) = -0.21

scale (σ) = 11.74

threshold (θ) = 2.22E-15

Duration
ILC

Log Normal
1412.90 2838.50 2829.90 2829.90

log location (µ) = 2.57

log scale (σ) = 0.31

ULC 880.01 1776.20 1768.00 1768.00
log location (µ) = 2.10

log scale (σ) = 0.25
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Table 6.2: The Kruskal-Wallis ANOVA test statistics

Attribute LC Type Average Standard
Deviation

Mean Rank Sum Rank Chi-Square p-Value

TE-ACT
ILC 9.3 s 5.6 s 560.58 213579.5

110.09 9.37E-26

ULC 5.7 s 3.1 s 375.79 197291.5

TI-ACT
ILC 17.9 s2 14.5 s2 583.08 232067.5

81.91 1.43E-19

ULC 9.8 s2 8.1 s2 417.60 238867.5

AN
ILC 1.6 m/s2 0.7 m/s2 513.05 204195

6.53 0.01

ULC 1.4 m/s2 0.8 m/s2 466.33 266740

Duration
ILC 13.43 s 5.26 s 611.90 307175.5

392.54 2.31E-87

ULC 9.63 s 3.06 s 264.65 108240.5

corresponding to the number of sign changes. It is evident from these figures that, during ILC, the
vehicle undergoes a relatively higher number of sign changes, for both the lateral and longitudinal
accelerations. This indicates that during ILC, there would be a frequent braking and steering to
ensure safe and comfortable LC operation. Nevertheless, it is most likely that the ULC to have a
single sign change.
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Figure 6.7: a) Average number of sign changes in the lateral and longitudinal acceleration profiles; b) Mode
of number of sign changes in the lateral and longitudinal acceleration profiles

101TH-2739_166104028



Chapter 6. Case Studies Microscopic Outlook of the Lane-Change Dynamics

6.1.4.2 Duration of ILC and ULC

Further, the LC durations corresponding to both ILC and ULC were compared. Many studies have
shown that LC duration follows a Log-Normal distribution [194,195,197]. In line with the literat-
ure, this study found that the LC duration for both ILC and ULC follows Log-Normal distribution,
though with different parameters. The duration histogram and a probability plot with 95% confid-
ence bound are shown in Fig. 6.8c and d, respectively for ULC and ILC. The duration distribution
parameters of ULC and ILC and the test statistics are shown in Table 6.1 & 6.2, respectively.
From the analysis, it is evedent that the LC duration for ILC and ULC are statistically different.
Therefore, it is inevitable to model the duration corresponding to ILC and ULC separately.
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Figure 6.8: LC duration distribution; a) ILC; b) ULC; c) probability plot of Log-Normal distribution of ILC
duration; d) probability plot of Log-Normal distribution of ULC duration

Lane-Change Duration Modeling Since the duration is non-negative, the present study has con-
sidered the Log-Linear function to model the LC duration.

ln(∆tLC) = βX + ε (6.8)

where,

∆tLC = Lane change duration

X = Vector of explanatory variables
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β = Coefficient vector

ε = Error term

Now, the main challenge is the selection of the explanatory variablesX to develop the duration
model. It is evident from Fig. 6.9 that the LC vehicle has a direct interaction with multiple vehicles
(leader and follower vehicles in the current and target lanes). Table 6.3 shows the characteristics of
the surrounding vehicles commonly considered in the LC studies. The descriptive statistics of the
variables presented in this table indicate a wide range of conditions under which the LC maneuvers
were observed.

Figure 6.9: Schematic diagram of a lane-changing process

This study considers the stepwise multiple linear regression to identify the most significant
variables for the LC duration modeling. The p-value of an F-statistic was used to test the mod-
els with and without a potential explanatory variable. The multi-collinearity of the explanatory
variables was also checked using the Variable Inflation Factor (VIF). The most commonly used
rule of thumb, V IF ≥ 10, was used to avoid the possible cases of multi-collinearity [297]. Con-
sidering the most significant explanatory variables, a multiple linear regression was performed to
estimate the model parameters. Table 6.4 presents the test statistics and the model parameters cor-
responding to ULC, ILC, and combined LC duration models. ANOVA was performed to test the
significance of these models. The test results show that all the models are statistically significant
at 1% significance.

Though a few explanatory variables are common among the models, each model is different, as
indicated by the standardized coefficients. In the case of ULC, the gap between the lead vehicles in
the current and target lanes contributes more to the prediction. This variable has a positive weight
in the model, indicating that if there is a more gap available in the target lane, the LC vehicle takes
relatively more time in the case of ULC. Such a behavior could be attributed to the driver’s choice
to perform a more comfortable LC, in terms of steering, with minimal/no interruption from the
lead vehicle in the target lane. However, the lag vehicle’s speed in the target lane is negatively
correlated with the LC duration. This indicates that the driver would be cautious about the lag
vehicle’s speed in the target lane, thus completes LC operation quickly. Similarly, the lag vehicle’s
acceleration in the current lane also shows a negative correlation with the ULC duration. This
could be due to the LC vehicle’s perception of a relatively higher risk of being in the current lane
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Table 6.3: Descriptive statistics of variables influencing LC duration for ULC and ILC

Variables
Mean Std Median Min Max

ULC ILC ULC ILC ULC ILC ULC ILC ULC ILC

LC duration(∆tLC (s)) 9.63 13.43 3.06 5.26 9.30 12.55 4.10 5.60 25.70 40.50

Speed of LC vehicle(vLC (m/s)) 9.12 9.53 3.65 3.73 8.94 9.51 0.00 0.00 18.00 21.00

Desired speed of LC vehicle(vd,LC (m/s)) 12.83 13.21 3.80 3.72 12.33 12.96 4.60 4.58 26.77 24.80

Normalized speed of LC vehicle(vnormalizedLC ) 0.71 0.72 0.21 0.21 0.74 0.75 0.00 0.00 1.66 1.23

Acceleration of LC vehicle(aLC (m/s2)) 0.15 0.12 0.56 0.56 0.16 0.10 -1.86 -1.54 2.00 2.65

Speed of lead vehicle in the current lane(vcurrlead (m/s)) 9.07 9.44 3.58 3.67 9.01 9.29 0.00 0.00 21.31 21.48

Acceleration of lead vehicle in the current lane(aleadcurr (m/s2)) 0.06 0.02 0.49 0.54 0.07 0.04 -1.58 -2.20 2.09 1.55

Spacing with lead vehicle in the current lane(∆xcurrlead (m)) 6.22 6.59 3.50 3.21 5.44 5.92 1.47 1.01 36.65 33.25

Relative speed with lead vehicle in the current lane(∆vcurrlead (m/s)) 0.02 0.03 0.39 0.49 0.01 0.03 -2.14 -2.51 1.94 2.05

TTC with the lead vehicle in the current lane(TTCcurrlead (m/s)) 76.75 77.12 161.21 220.86 29.96 28.98 4.35 0.80 1405.00 2633.00

Speed of lag vehicle in the current lane (vcurrlag ) 8.89 9.14 3.49 3.59 8.74 8.99 0.00 0.02 17.11 17.92

Acceleration of lag vehicle in the current lane (acurrlag ) 0.13 0.13 0.48 0.49 0.08 0.08 -1.83 -1.67 2.56 1.89

Spacing with lag vehicle in the current lane (∆xcurrlag ) 6.84 7.14 3.31 3.19 6.30 6.49 0.79 1.65 23.61 22.67

Relative speed with lag vehicle in the current lane(∆vcurrlag ) 0.07 0.12 0.38 0.37 0.09 0.11 -1.30 -1.06 1.26 1.50

TTC with lag vehicle in the current lane (TTCcurrlag ) 74.97 68.79 179.74 150.71 25.05 27.15 0.62 2.71 1333.50 1614.75

Speed of lead vehicle in the target lane (vtarglead ) 10.35 10.20 3.63 3.73 10.41 10.08 0.00 0.34 25.30 20.00

Acceleration of lead vehicle in the target lane (atarglead) 0.17 0.18 0.50 0.51 0.16 0.16 -1.66 -2.20 1.92 1.89

Spacing with the lead vehicle in the target lane (∆xtarglead) 5.26 6.39 4.77 6.23 3.87 4.78 0.01 0.00 24.19 44.92

Relative speed with the lead vehicle in the target lane (∆vtarglead ) -0.38 -0.20 0.74 0.77 -0.35 -0.26 -5.94 -2.85 1.85 3.51

TTC with the lead vehicle in the target lane (TTCtarglead ) 39.89 51.50 152.49 372.33 9.27 10.42 0.01 0.00 2160.00 6878.00

Speed of lag vehicle in the target lane (vtarglag ) 9.22 9.23 3.66 3.62 9.20 9.36 0.00 0.00 19.66 19.58

Acceleration of lag vehicle in the target lane (atarglag ) 0.21 0.19 0.53 0.45 0.16 0.15 -4.23 -1.52 2.76 1.75

Spacing with lag vehicle in the target lane (∆xtarglag ) 6.55 7.15 4.53 5.41 5.68 5.92 0.06 0.01 28.46 40.83

Relative speed with the lag vehicle in the target lane (∆vtarglag ) -0.03 0.09 0.82 0.81 0.00 0.07 -4.10 -2.72 2.27 3.01

TTC with lag vehicle in the target lane(TTCtarglag ) 42.76 49.78 141.31 161.86 12.45 13.66 0.04 0.01 1749.00 1739.00

Gap in the target lane (Gtarg) 10.98 11.37 5.52 7.03 9.86 9.66 0.04 0.09 34.72 54.90

Relative speed of lead and lag vehicles in target lane (∆vtarg) 0.34 0.29 0.55 0.60 0.31 0.27 -1.94 -1.76 3.32 3.06

Gap between lead vehicles in the current and target lanes(∆Glead) 1.62 1.68 5.76 7.31 2.29 2.35 -16.79 -38.82 31.75 30.06
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Table 6.4: Statistics of LC duration models

Model Variables

Unstandardized

Coefficients

Standardized

Coefficients
t Sig.

Collinearity Statistics

B Std. Err. Beta Tolerance VIF

ULC

(Constant) 2.215 .038 59.036 .000

aLC -.079 .024 -.167 -3.335 .001 .858 1.166

∆xcurrlead -.030 .006 -.443 -4.662 .000 .238 4.193

∆xtarglead .035 .006 .664 5.467 .000 .146 6.845

acurrlag .057 .027 .108 2.129 .034 .834 1.199

vtarglag -.016 .003 -.225 -4.670 .000 .924 1.082

∆Glead .032 .006 .744 5.616 .000 .123 8.154

ILC

(Constant) 2.750 .044 62.371 .000

vLC -.037 .004 -.437 -8.571 .000 .619 1.614

∆xtarglag .012 .003 .203 4.159 .000 .676 1.479

∆vtarglag .051 .020 .130 2.525 .012 .610 1.640

atarglead -.078 .026 -.126 -3.029 .003 .927 1.079

∆Glead .007 .003 .164 2.848 .005 .487 2.054

∆xtarglead .012 .003 .220 3.420 .001 .389 2.573

Gtarg -.007 .003 -.143 -2.209 .028 .387 2.585

∆xcurrlag .010 .005 .099 2.192 .029 .788 1.270

LC

(Constant) 2.579 .036 71.787 0.000

vtarglag -.030 .003 -.299 -8.828 .000 .789 1.267

∆xtarglag .014 .003 .192 4.380 .000 .474 2.109

atarglag -.073 .023 -.099 -3.125 .002 .907 1.102

∆Glead .014 .004 .237 3.869 .000 .242 4.133

∆xtarglead .025 .004 .371 6.774 .000 .303 3.301

∆Gtarg -.011 .003 -.181 -3.243 .001 .291 3.437

∆xcurrlead -.010 .005 -.094 -2.161 .031 .476 2.102

aLC -.062 .023 -.090 -2.685 .007 .803 1.245

∆vcurrlead -.064 .027 -.075 -2.341 .019 .878 1.139
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compared to the target lane, therefore performs the LC quickly.

In the case of ILC, the LC vehicle’s speed contributing more to the prediction. Moreover,
the LC vehicle’s speed correlated negatively to the LC duration. This can be explained with the
following hypothetical situation. When a LC vehicle changes lanes with a slower speed, the lag
vehicle in the target lane may not yield, assuming that the LC vehicle enters the target lane only
after his/her passage. This would lead to a longer LC duration since the maneuver involves evasive
actions to avoid conflicts. But, when the LC vehicle is maneuvering at a higher speed, the lag
vehicle would yield to avoid a potential crash; thus, the vehicle can complete the maneuver in a
lesser time period. The speed difference with the lag vehicle in the target lane is another critical
variable that positively affects the ILC duration. It can be inferred that, as the speed difference
increases, the lag vehicle driver would be more confident about his/her passing, thereby delaying
the LC maneuver. Another important observation is the impact of the lead vehicle’s acceleration
in the target lane. It is to be noted that the lead vehicle’s acceleration in the target lane has a
negative impact on the LC duration. If the lead vehicle in the target lane decelerates at a rate that
can cause a potential rear-end collision, the LC vehicle might get interrupted. To avoid an unsafe
situation, the LC vehicle is forced to perform evasive actions, leading to a higher LC duration. A
major observation from this modeling is that, in the case of ILC, the lag vehicles’ kinematics in the
target lane mainly control the LC duration. Therefore, it is essential to give more importance to the
interaction with the lag vehicle in the target lane while LC trajectory planning for an autonomous
system, with proper sensing of the lag vehicle’s kinematics.

In the combined model, the gap with the leader vehicle in the target lane contributes more to
the model. Most of the variables in the combined model are part of either the ULC model or the
ILC model, except the lag vehicle’s acceleration in the target lane and the relative speed with the
lead vehicle in the current lane. RMSE corresponding to the combined model is relatively high,
indicating a more extensive scattering of the response variable. To better understand the model
performance, the relative importance of the model variables was compared through sensitivity
analysis.

Sensitivity analysis gives an idea about how the predicted LC duration’s uncertainty can be
divided and allocated to different sources of uncertainty in the explanatory variables. Changing one
variable at a time (OAT) to see its effect on the output is one of the easiest and most popular ways
to perform sensitivity analysis [298]. The other variables are held at their baseline (nominal) while
one input variable is changed, and the dependent variable’s change is then evaluated. Fig. 6.10
shows the results of the sensitivity analysis. It is evident from the figure that the response variable’s
sensitivity in the duration models corresponding to ILC, ULC, and combined cases is not identical.
The combined model, which is commonly used in the existing practices, leads to an unrealistic
prediction of LC duration for the ULC maneuver. For example, the explanatory variables common
to all three models, such as the gap with the leader vehicle in the target lane (∆xtarglead) (Fig. 6.10c),
and the gap between the lead vehicle in the current and target lanes (∆Glead)(Fig. 6.10f ), affect the
LC duration in a differential manner. Therefore, it can be said that the combined model is biased
towards the ILC condition, and is significantly away from ULC.
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Figure 6.10: Sensitivity analysis of explanatory variables of LC duration models

6.1.5 Summary and Conclusion

To summarize, this study microscopically examined the characteristics of LC dynamics, after clas-
sifying LC into ILC and ULC. To that end, we proposed a methodology to automatically identify
and classify LC operation into ILC and ULC. In addition, the characteristic differences between
ILC and ULC were explored by comparing different LC attributes. We pointed out that, interme-
diate interruptions during an LC maneuver could increase the crash likelihood, driver discomfort,
and duration of the operation.

The main conclusions drawn from this analysis are;

• The method used for detecting the LC window has a significant impact on the estimated LC
duration.

• Field data indicates that the LC process was not always continuous. The surrounding vehicles
interrupt the LC vehicle, which can be seen from the lateral position, speed, and acceleration
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profiles. We recommend a classified analysis of LC to replicate the real field scenario in LC
models.

• The interruption level in terms of extra cumulative distance traversed by an LC vehicle in the
acceleration and deceleration phases can be used as a criterion for classifying LC scenarios
into ILC and ULC.

• Following are the characteristics of ILC and ULC:

– Compared to ULC, ILC has a higher crash likelihood. The average risk exposure meas-
ured using TE-ACT was found higher during ILC. On an overage, during ILC, the
vehicle exposed to unsafe situation for 9.3sec, whereas during ULC it is 3.1sec.

– Similarly, when compared the TI-ACT values, the crash severity was also found higher
for ILC. On an average, during ILC, the crash severity is 17.9s2, whereas for ULC it is
9.8s2. The crashes during ILC shows a severity level double as that of ULC.

– During ILC, the drivers undergo a higher discomfort owing to the frequent braking
and/or steering operations.

– The time needed to complete ILC was found higher than that for ULC. Average duration
of ILC is 13.43sec, whereas for ULC it is 9.63sec. The duration distributions corres-
ponding to ILC and ULC were statistically different. Since duration is an important
variable in most LC models, separate duration models for ILC and ULC needs to be
considered for a better representation of the ground truth.

– While probabilistic estimation of overall risk during LC activity, it is essential to con-
sider corresponding risk and discomfort probabilities for ILC and ULC.

– From the duration models developed in this study, explanatory variables for ILC and
ULC were found to be different. Also, the sensitivity of common explanatory variables
in ILC and ULC models was not the same.

– A major observation from the LC duration modeling is that, the lag vehicles’ kinematics
in the target lane mainly control the LC duration for ILC. Therefore, it is essential to
give more importance to the interaction with the lag vehicle in the target lane while LC
trajectory planning for an autonomous system, with proper sensing of the lag vehicle’s
kinematics.

The results from this research illustrate the need for separate analyses of ILC and ULC dy-
namics in LC studies. Such consideration would enhance LC simulations’ accuracy, collision alert
systems, and the performance of human-like autonomous LCs.
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6.2 Analysis of Powered Two Wheeler Safety in Urban Environment Using
ACT

The increasing use of PTWs poses a variety of road safety concerns. It is evident from Fig. 6.11 that
the VRUs are involved in around 49% of crashes, of which 47% involve PTWs. In the recent past,
most of the developing countries’ urban centers are flooded by PTWs, which significantly alters
the traffic stream’s expected behavior. The challenges related to the integration of PTWs into the
traffic system are complex and varied. Addressing the safety and mobility issues associated with
the PTW riders necessitates a comprehensive investigation to recognize the means for effective
action. These include considering the current risk exposures for riders and the severity analysis of
the potential crashes.

This section presents an approach to proactively assess the safety of PTWs in an urban envir-
onment, using the trajectory data and several surrogate safety indicators. The analyses presented
in this section provide insight into the potential PTW crash pattern in an urban environment. We
evaluated the prominent crash types among PTWs, and their frequency, severity, and exposure
time. Besides, we investigated the crash generation process and different evasive actions taken by
the PTWs.

6.2.1 Data

For this analysis, we considered the trajectory data collected from a busy urban mid-block section
with mixed traffic and weak lane discipline. The mid-block is located in the Christian Basti area of
Guwahati city, Assam, India. Fig. 6.12 shows the study area. The traffic video data were collected
using a fixed camera setup mounted over a vantage point. Later the trajectories were extracted
from the traffic videos using SAVETRAX. All the trajectories were processed to remove any noise
embedded during the data collection and extraction process, using the method proposed in this
research work. A total of 6291 vehicle trajectories were analyzed, out of which 3297 were PTWs.

6.2.2 Results

The proposed approach was applied to all the vehicle trajectories to estimate the ACT profiles.
The conflict circumstances involving PTWs were separated to compare PTW safety with respect
to other modes. Fig. 6.13 displays ACT-histograms for PTWs and for the other vehicle classes, sep-
arately. In order to distinguish safe and unsafe scenarios, an ACT threshold of 3 sec was selected.
It can be seen from Fig. 6.13 that the total number of instances at which the ACT profile goes be-
low the threshold value is almost double for PTWs compared to all other transport modes together.
It is also evident that regardless of the ACT threshold, PTW crashes have a higher probability
than all the other crash occurrences involving other vehicles types together. From the analysis, the
PTWs were found to be responsible for 68.4% of the total occurrences of unsafe events (Fig. 6.13).
Moreover, it corroborates with the actual field scenario in the study area, where PTWs constitute
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Figure 6.11: The number of fatalities among Vulnerable Road Users around the world (Source:World Health
Organization [6])

Figure 6.12: Study area
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58.5% of the total road traffic fatalities [299].

6.2.2.1 Analysis of Time of Evasive Action (TEA)

In order to highlight how effectively the ACT captures the unsafe driving scenario, we presented
the ACT profiles corresponding to some of the PTWs in Fig. 6.14. To distinguish safe and un-
safe scenarios, we set an ACT threshold (ACT*) of 3sec, and all the instances that go below the
threshold value (corresponding to unsafe situations) were represented using a solid line (Fig. 6.14).
ACT profiles shown in the figure indicate a smooth recovery from an unsafe situation through per-
forming some evasive actions such as braking or steering with comfort. However, in some cases
the ACT profile jumps from unsafe region to safe region (see Fig. 6.14g), indicating an immediate
recovery through sudden breaking or cut-in action to avoid a potential crash. It is evident from
these figures that the ACT could be used to assess the vehicles’ evasive actions to avoid crashes
comprehensively.

Further, to better understand the evasive actions taken by PTWs during an unsafe scenario, the
acceleration profile was compared with the ACT profile. Fig. 6.15 shows the profiles correspond-
ing to ACT, speed, and acceleration for two PTWs. This figure indicates that the vehicles perform
evasive actions to avoid unsafe scenarios or to minimize the severity of a potential conflict. The in-
stances when the acceleration profile changes its sign were identified and projected to ACT profile.
The acceleration and deceleration instances are shown with different colors for better understand-
ing (Fig. 6.15). It is evident from the figure that the vehicles decelerate at every unsafe situation.
A comparison of the instances at which the vehicle enters an unsafe situation (ACT<ACT*) and
the start of deceleration has shown that the vehicles react to unsafe situations well before meeting
them. In order to capture the driver’s response pattern to unsafe situations, we used Time of Evas-
ive Action (TEA). TEA for all PTWs and cars was calculated to see how early a PTW user detects
the risk, compared to cars. Fig. 6.16 shows the TEA-histogram corresponding to PTW and cars.
Table 6.5 shows the descriptive statistics of TEA estimated for cars and PTWs. It can be seen from

Figure 6.13: ACT-histogram of PTWs and other vehicles
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Figure 6.14: ACT profile of PTWs (black line). The thick black line portions in the profile indicate the
unsafe region. The red line shows the ACT threshold;

Figure 6.15: Comparison of ACT, speed, and acceleration profiles; (a) and (b) are the profiles corresponding
to different PTWs
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the table that, compared to PTWs, cars respond to an unsafe situation early, which indicates the
risk-taking behavior of PTWs. Further, we verified whether the difference in the mean TEA for
cars and PTWs is statistically significant. The t-test result shown in Table 6.6 indicates that they
are statistically different.

6.2.2.2 Analyses of Crash Exposure and Severity with an Emphasis on the Importance of ACT ∗

Another critical aspect of safety analysis is identifying the severity and exposure time to a potential
crash scenario. Considering the ACT profile and the Eqs. 5.17&5.18, the TE-ACT and TI-ACT
were estimated for PTWs and the other vehicle classes, separately. It is evident from Fig. 6.17a
that, PTWs are exposed to a higher TE-ACT compared to the other vehicle classes. For example,
the 75th percentile of crash exposure time for PTWs is 8sec, whereas, for other vehicle classes, it
is 6sec. The comparison of TE-ACT reveals that the average duration for PTWs exposed to unsafe
circumstances is relatively higher. This implies the risk-taking behavior of PTW’s vis-à-vis the
other vehicle types. Similarly, the TI-ACT was analyzed to assess the severity levels of PTWs
and the other vehicle types. Fig. 6.17b shows that PTWs have a relatively higher TI-ACT values
compared to the other vehicle classes. This indicates that the proportion of PTWs undergoing
severe crashes is higher compared to the other vehicle classes. For instance, the proportion of
PTWs having TI-ACT value higher than 10 s2 is 51.7%, whereas it is 40.9% for the other vehicle
classes.

Defining a threshold value for the safety indicator to distinguish safe and unsafe situations is
vital for surrogate safety studies. Several studies have reported that the traffic conflict evaluation
results may vary significantly depending on the preferred threshold of surrogate indicator [300]. In
the past studies, the selection of threshold value was either by mapping the actual crash occurrences
with the estimated one or adapting the threshold value generally considered in the literature, such
as 3 sec. Besides, studies have highlighted the need to consider different thresholds for different
conflicting vehicle pairs [301]. It is also essential to consider different threshold values to estimate
the likelihood of different vehicle classes to involve in a collision of the same severity level or with
the same crash exposure. However, the effect of threshold value on the crash exposure and severity
for different vehicle classes is not well understood. Here, we investigated the variation of crash

Table 6.5: Descriptive statistics of TEA estimated for cars and PTWs

N Mean SD SEM Median

PTW 2529 9.14 4.11 0.08 8.6

Car 1775 9.70 4.47 0.11 9

Difference -0.55 0.13

Overall 4304 9.37 4.27 0.07 8.8

*Standard Error of Mean (SEM) of difference is computed under the condition that equal variance is assumed.
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Table 6.6: Statistical comparison of TEA corresponding to PTWs and Cars using two sample t-test

Condition t-Statistic DF Prob>|t|

Equal Variance Assumed -4.21 4302 2.63E-5

Equal Variance NOT Assumed (Welch Correction) -4.15 3613.91 3.44E-5

2 4 6 8 10 12 14 16 18 20 22
0.00

0.02

0.04

0.06

0.08

0.10

TEA (Sec)

 
 

D
en

sit
y

 PTW

a) b)

2 4 6 8 10 12 14 16 18 20 22
0.00

0.02

0.04

0.06

0.08

0.10

TEA (Sec)

 

 

D
en

sit
y

 Car

Figure 6.16: Statistical comparison of TEA for cars and PTWs using two sample t-test

Figure 6.17: Comparison of collision risk of PTWs and other vehicle classes; a) Duration of exposition to
safety critic situation (TE-ACT); b) severity of the collision (TI-ACT)
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severity and exposure for different vehicle classes with the threshold value of ACT. Fig. 6.18 shows
the impact of the threshold values of ACT (ACT ∗) while analyzing the PTW safety compared to
the other vehicle classes. Fig. 6.18a&b show the variation of average TE-ACT and TI-ACT with
the ACT threshold value. At a given ACT threshold, the average TE-ACT and TI-ACT for PTWs
and other vehicle classes show a clear difference. Also, this difference increases with ACT ∗.
For instance, it can be seen from Fig. 6.18a that the average exposure of PTWs corresponding to
a threshold of 3sec was 4.6sec, whereas, for other vehicle classes, it is 3.2sec. Similarly, from
Fig. 6.18b, the average severity level for PTWs at 3sec threshold is 10.5sec, whereas, for the other
vehicle classes, it is 7.9sec. For comparing crash exposure and severity for different vehicle types
single threshold could be used. Nevertheless, for comparing the frequency of crashes with similar
severity and exposure, one needs to choose a different threshold for different vehicle classes. For
example, to get the frequency of crashes at a 10sec severity level, one has to choose a threshold of
2.8sec for PTW and 3.2sec for the other vehicle classes. Similarly, for comparing crash frequency
at a crash exposure level of 4sec, ACT* should be 2.5sec for PTWs and 3.75sec for the other
vehicle classes. The above analysis clearly indicates the need to consider different threshold values
for different vehicle classes to estimate the crash likelihood corresponding to a particular crash
exposure or severity. Considering a single threshold value for all vehicle types, on the other hand,
is useful while comparing the crash severity or exposure among the vehicle types. The procedure
presented here can be utilized to estimate the likelihood of a vehicle class being involved in a
crash with a certain degree of severity or exposure compared to other vehicle classes. In this study,
therefore, we highlight the necessity to take enough care while selecting AC threshold values
considering the purpose of the analysis.

Figure 6.18: The impact of threshold value (ACT*) on TE-ACT and TI-ACT

6.2.2.3 Comparison of Various Crash Types

As mentioned earlier, ACT enables crash type-specific traffic safety analyses as it reveals the col-
lision type along with the safety indicator. To understand the prominent crash type among the
PTWs, we evaluated the frequency of various types of collisions. Fig. 6.19a shows the relative
frequency of angled, rear-end, and side-swipe collisions for PTWs. It has been observed that the
side-swipe collision is the most prominent collision type for PTWs in the study area compared
to the other collision types. Out of all potential collisions estimated in the study area, 57% were
side-swipe. The proportions of rear-end and angled collisions were found to be 36%, and 7%,
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Table 6.7: Descriptive statistics of the crash exposure and severity estimated using TTC and ACT

N Mean SD SEM* Median

Exposure
TTC 3126 2.68 2.39 0.04 2.044

ACT 3126 9.85 11.56 0.21 9

Severity
TTC 3126 15.31 17.48 0.31 8.81

ACT 3126 30.65 32.01 0.57 28.93

*Standard Error of Mean (SEM) of difference is computed under the condition that equal variance is assumed.

respectively. This finding is commensurate with the crash type-wise frequency reported by sev-
eral other studies [302]. The filtering behavior of PTWs in the urban environment, as reported
by Clabaux et. al., [230], can be attributed to the higher sideswipe collision probability in the
study area. Further, we investigated the severity and crash exposure for different crash types, and
presented in Fig. 6.19b&c, respectively . It was found that the side-swipe collision has higher
severity and exposure compared to other crashes in the case of PTW. Manifestly, ACT enables
crash-specific proactive safety analysis, thereby allowing for the implementation of appropriate
mitigation strategies for high-probability crash types.

Figure 6.19: Analysis of the occurrence of different crash types for PTWs; a) Frequency of different crash
types; b) Exposure time to different crash types; c) Severity of different crash types

6.2.3 Summary and Conclusion

In this section, a detailed investigation of PTW safety in an urban environment was performed.
The major findings from various analyses are:

1. The likelihood of PTWs encountering unsafe situations is double compared to other vehicle
types. It was observed that the PTWs are responsible for 68.4% of the total occurrences of
unsafe events.

2. The response pattern of PTWs and cars towards an unsafe situation is statistically different.
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The cars respond to an unsafe situation relatively early, indicating a relatively higher risk-
taking behavior of PTWs.

3. The duration for which the PTWs are exposed to the unsafe situation is higher than the other
vehicle classes. On average, there is a difference of 2 sec in the average exposure time
between PTWs and other vehicle classes.

4. A higher proportion of the PTWs is showing higher crash severity compared to the other
vehicle classes. 51.7% of PTW crashes are high severity (TI − ACT > 10s2), whereas for
all the other vehicle classes together, it is 40.9%.

5. For analyzing the crash likelihood of specific severity or exposure across vehicle types, or
road facilities, it is essential to consider different threshold values.

6. 57% of the potential PTW collisions were found to be side-swipe collisions. Whereas the
rear-end and angled collisions are 36% and 7%, respectively. This study has also found that
the side-swipe collisions are more severe for PTWs. Similarly, the PTWs are exposed to
side-swipe collisions for an extended period, compared to the other collision types.
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6.3 Proactive Safety Assessment at 3D Road Geometries

Horizontal curves allow for a smooth transition between two tangent parts of a highway. They
allow vehicles to change their travel directions gradually. However, the horizontal curves often
raise safety concerns, as the driver may misperceive the geometry, thereby committing mistakes
[233,234]. Such an error is more prone to occur if the horizontal curve is superimposed with a ver-
tical alignment. Therefore, understanding the risk factors associated with the 3-Dimensional road
geometry is crucial for deploying suitable safety countermeasures. Existing research has attemp-
ted to investigate the safety concerns associated with horizontal curves considering the geometry,
speed, and historical crash data. However, they were limited to a relatively small-scale investiga-
tions due to the difficulties of collecting sufficient field data.

According to crash data from the various parts of the world collected at various road facilities,
horizontal curves are one of the most vulnerable locations for crashes. Though there were stud-
ies that estimated the crash likelihood at curve sections, most studies depended on the historical
crash data. Moreover, a crash type-specific study is limited due to the insufficient data corres-
ponding to each crash type, therefore combine all the crash types during the safety assessment.
This study investigates crash risk at horizontal curves proactively, using vehicle trajectory data
collected at various horizontal curves superimposed with vertical alignment. A classified analysis
of all the crashes was performed to understand the most prominent crash types on the 3D geomet-
ries. Further, the correlation between the crash likelihood and geometric variable was performed.
This study also identifies the point of high crash likelihood on a curve, which is essential while
designing and implementing crash mitigation measures.

6.3.1 Data

In order to understand the likelihood of different crash types at complex road geometries, the traffic
videos were collected from a two-lane undivided rural highway (Shillong Bypass connecting NH-
40 and NH-44) passing through hilly terrain. The highway was spanning over a 48km stretch,
along which there is a maximum elevation difference of 461.93m. The traffic videos from nine
curves were continuously monitored for one hour each. A fixed camera setup was used for this
purpose. The vehicle trajectories were extracted from all the videos using SAVETRAX along with
the other kinematic variables, such as position, speed, and acceleration. A total of 1762 vehicles
were tracked from all the locations, out of which 1067 were trucks, 535 were cars, 132 were light
commercial vehicles, and 21 were motorbikes. The geometric details of the each curve under study
was collected from National Highway Authority of India (NHAI). Table 6.8 presents the geometric
design features of the selected curves.

Apart from the trajectory and geometry data, the historical crash data was also collected from
the study area. The crash reports were obtained from the Guwahati regional office of NHAI,
corresponding to December 2013-September 2018 period. The crash report is a police-prepared
narrative of crashes that occurred at the study location. It includes all pertinent information re-
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Figure 6.20: Some of the curve sections where data is collected

Table 6.8: Geometry of the curves considered in the study

Curve
no.

Speed
(Kmph)

DirectionType R
(m)

Lc
(m)

e ∆ DC Trans.
Length
(m)

Lat(m)Let(m)G1

(%)
G2

(%)
G3

(%)
G4

(%)
G5

(%)
Lv K-

value
%
HC
in
VC

L0(m)

127 50 Right Up-
grade

100 33.90 0.10 45.21 17.47 45 63.68 53.49 4.75 4.75 4.75 4.75 4.75 0 0.00 0.00 0.00

171 50 Left Up-
grade

90 78.81 0.10 82.00 19.41 50 50.82 95.70 5.50 5.50 5.50 5.50 3.56 0 0.00 0.00 0.00

179 50 Left Down-
grade

200 58.70 0.06 23.98 8.74 25 37.55 14.22 -
6.00

-
6.00

-
6.00

-
6.00

-
6.00

0 0.00 0.00 0.00

183 50 Right Hog 80 58.81 0.10 81.51 21.84 55 14.35 103.33 0.50 -
1.45

-
2.75

-
4.05

-
6.00

150 23.08 39.21 0.70

189 50 Right Up-
grade

100 56.53 0.10 58.17 17.47 45 24.98 98.68 4.60 4.60 4.60 4.60 4.60 0 0.00 0.00 0.00

221 50 Left Down-
grade

80 64.11 0.10 85.30 21.84 55 123.48 54.93 -
4.80

-
4.80

-
4.80

-
4.80

-
4.80

0 0.00 0.00 0.00

227 40 Right Sag 80 54.63 0.09 67.78 21.84 40 1.00 5.00 -
3.90

-
3.88

-
3.68

-
3.50

-
3.50

60 150.00 91.06 2.08

238 50 Right Down-
grade

80 113.41 0.10 120.61 21.84 55 123.21 43.75 -
5.00

-
5.00

-
5.00

-
5.00

-
5.00

0 0.00 0.00 0.00

245 50 Left Hog 150 83.01 0.07 43.17 11.65 30 262.09 44.72 -
2.50

-
2.50

-
3.70

-
4.75

-
4.75

60 26.67 100.00 1.68

R = Radius; Lc = Length of the curve; e = Superelevation; ∆ = Deflection angle; DC = Degree of curve; Lat = Length of approach tangent; Let
= Length of exit tangent; G1 = Gradient at approach tangent; G2 = Gradient at start of curve; G3 = Gradient at middle of the curve; G4 =

Gradient at the end of curve; G5 = Gradient at exit tangent; Lv = Length of vertical curve; K-Value = Rate of vertical curve; %V C in HC =
Percentage of vertical curve in a horizontal curve; L0 = Distance between the mid-points of horizontal and vertical curves

garding the crash, such as the vehicle involved, the reason of the crash, the severity of the injuries,
and the driver demography. The classified crash occurrence at the study location is presented in
Figure 6.21a. It is evident that the most common crash types in the study area are the Run-Off-
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Road, angled, side-swipe, and rear-end crashes. Nevertheless, these are the most common crash
types that typically occur on horizontal curves. In the study area, most crashes were non-injury
or minor (see Figure 6.21b); however, the frequency is considerably high. Moreover, as shown in
Figure 6.21c, the vehicle class involved in the majority of crashes was truck. Note that the inform-
ation contained in the crash report was not adequate for a detailed review of various crash events
as the number of incidents for certain forms of the crash is not sufficient for statistical modeling.
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Figure 6.21: Details of the reported crash events for the study area from December 2013 to September 2018
corresponding to curves; a) Relative frequency of the occurrence of different crash types; b) Severity of
crashes; c) Vehicles involved in crashes

6.3.2 Results

Considering the extracted vehicle trajectories, ACT was estimated for all conflicting vehicles using
Eq.5.3. All conflicts were classified into angled, rear-end, side-swipe, and ROR crashes. Using the
ACT profile, the duration of exposure to a crash as well as the severity was also investigated for
each crash type, separately using equations 5.18&5.17, respectively.
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Figure 6.22: Cumulative probability density crash exposure ad crash severity for different crash types; a)
TET; b) TIT

Considering the estimated ACT, TE-ACT, and TI-ACT values, a comprehensive assessment of
the crash frequency, duration of exposure to crash, and crash severity was performed. Figure 6.22
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shows the cumulative probability density of crash exposure and crash severity of all curves to-
gether. It is evident that both the crash severity and crash exposure are significantly high in the
case of ROR crashes, compared to all other crash types. It is, however, supports the crash pattern
observed in the study area. The mean duration of exposure to a ROR crash was 4.56sec, whereas
for rear-end, side-swipe, and angled collisions, its 1.15s, 1.48s, and 1.63s, respectively. The mean
severity of the crashes was found as 12.14s2, 3.81s2, 3.99s2, and 1.81s2, respectively for ROR,
rear-end, side-swipe, and angled collisions. It is therefore evident that ROR crashes are having
higher probability of occurrence with a higher severity.
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Figure 6.23: Correlation of TE-ACT and TI-ACT with geometric variables; a) Angled collision, TE-ACT;
b) Angled collision, TI-ACT; c) Rear-end, TE-ACT; d) Rear-end, TI-ACT; e) Side-swipe, TE-ACT; f) Side-
swipe, TE-ACT; g) ROR, TE-ACT; h) ROR, TI-ACT
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A correlation analysis was performed to see how different crash types were correlated to the
curve geometry. For the analysis, we have considered four geometric variables such as curve
length, deflection angle, degree of curve, curvature change rate. The correlation of the crash expos-
ure with the geometric variables and the correlation of crash severity with the geometric variables
were analyzed and presented in Figure 6.23. Correlation analysis demonstrates some interesting
facts regarding the relationship of curve geometry and crash type. Apparently, the curve geomet-
ric variables have dissimilar impact on different crash types. It can be seen that the severity and
exposure to ROR crashes are highly correlated to all the geometric variables positively. Whereas,
in the case of angled collision, no significant correlation with geometric variables was observed.
The severity of a rear-end crash was found negatively correlated to the degree of the curve. The
duration of exposure to side-swipe collision was found negatively correlated to the curve length,
but the severity is negatively correlated to deflection angle, degree of curve, and CCRs. Evidently,
geometric redesign to alleviate a particular crash type may lead to the occurrence of other crash
types. Therefore, the geometric design practice should consider optimal trade-off of the occur-
rences of all the crash types, for safe design of the alignment. As the improvement of geometric
elements is not always the only strategy to ensure safety, it would be more appropriate to add
adequate protective measures (e.g., crash barriers) or installing warning systems to minimize the
crashes or their severity.

The spatial configuration of crash likelihood is a crucial information while determining the
location for installing effective protective measures or warning systems for safety improvements.
Therefore, this study has estimated the spatial distribution of the conflict frequency along the hori-
zontal curve. Figure 6.24 shows the spatial density of different crashes for different curve geomet-
ries. For explanation purpose, we presented two examples for spatial distribution of the density
of estimated conflicts for horizontal curve with a constant grade and the other with a vertical
curve. Each column in the figure represents different crash types, respectively the angular colli-
sion, rear end collision, sideswipe, and ROR crashes. The rows in the figure show different type
of curves. The first and second rows represent the horizontal curve superimposed with a straight
vertical grade. Whereas the third and fourth rows correspond to horizontal curve superimposed
with hog/sag vertical curve.

The spatial distribution of the crash occurrences revealed that the angled collisions are more
likely to occur at entry point of the curve, in the case of a horizontal curve superimposed with a
straight downgrade. Similarly, for a horizontal curve with a sag curve, the vehicles at entry points
of the curve have shown higher probability of angled collision. In the case of a horizontal curve
superimposed with a hog curve, the vehicle leaving the summit point was found more prone to
angled collision. It is evident that the likelihood of rear-end crashes is more near the middle of
the curve for all the curve types. It could be due to the lower speed of the vehicle near the middle
of the curve compared to the vehicles entering the curve. However, comparing to the actual crash
information, the rear-end crashes is relatively less in the study area (ref. Fig. 6.25). It can be
seen from the figure that the side-swipe collision is more likely to happen near the exit of a curve.
This is expected due to the acceleration behavior of the vehicles while leaving a curve, and the
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tendency to overtake a slow moving vehicle at the exit of the curve. The ROR crashes were more
likely to occur at the entry and exit regions of a curve in the downgrade direction. This could be
attributed to the higher speed of the vehicle at the entry of the curve. As shown in Figure 6.25,
the comparison of the actual and estimated relative likelihood of different crash types reveals a
similar trend. This indicates that the risk estimations are in line with the actual crash scenario of
the study area. According to actual and expected crash events, ROR crashes are the major crash
type in the study area; thus, installing adequate crash barriers or warning systems is necessary to
reduce fatalities due to ROR crashes.

Figure 6.25: Comparison of relative likelihood of observed and estimated crashes

6.3.3 Summary

This section proactively investigated the vehicle’s safety on a 3D road geometry, using the nat-
uralistic driving data. For this purpose, this study compared the spatial distribution, the average
duration of exposure to a crash situation, and the crash severity corresponding to different crash
types. The correlation of different crash types with various road geometric variables was also ex-
amined. According to actual and expected crash events, ROR crashes are the major crash type in
the study area; thus, installing adequate crash barriers or warning systems is necessary to reduce
fatalities due to ROR crashes.

From the proactive safety analyses, the main conclusions drawn are;

1. The vehicles are more prone to ROR crashes on a horizontal curve superimposed with a
vertical curve, probably due to misperception of road geometry.

2. The spatial distribution of the crashes indicates that the point of crash occurrence is not the
same for all crash types.

3. The duration of exposure to crash as well as crash severity has contrasting correlation with
the geometric variables for different crash types. Therefore, geometric redesign to alleviate
a particular crash type may lead to the occurrence of other crash types.
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Figure 6.24: Spatial distribution of the crash frequency along the curve; first and second rows corresponding
to horizontal curve superimposed with a constant grade and third and fourth corresponding to horizontal
curve superimposed with vertical curve; Each column represents a crash type, such as the angled collision,
rear-end collision, side-swipe, and ROR, respectively
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6.4 Network-Level Proactive Safety Assessment for Identification of High-
Risk Spots

As discussed earlier, the proactive safety assessment of a transportation network allows for identi-
fying high-risk sites without relying on historical crash events. The lack of an appropriate safety
indicator that can capture the transport network’s overall risk was a major hurdle for such an
analysis. Nevertheless, ACT brings an opportunity to perform the network-level proactive safety
analysis, thereby identifying the high-risk sites. We use the recently published network-level tra-
jectory data for performing this analysis. The details of the data and the applied pre-processing are
discussed in the following subsections.

6.4.1 Data

This study utilizes the recently published network-level trajectory database, called pNEUMA data,
for proactive safety analysis of a transportation network. pNEUMA is an open-source, large-scale
dataset of naturalistic trajectories of half a million vehicles collected using a swarm of drones in the
congested downtown area of Athens, Greece. A unique observatory of traffic stream, with a scale
of the data higher than what was available until now, allows researchers from different disciplines
worldwide to develop and test their models [39].

Figure 6.26: Study area and the drone coverage

A swarm of 10 drones was hovering over the study area for multiple days to record traffic
streams. The total area covered by all the drones was 1.3km2. It covered more than 100 km-
lanes of the road network, around 100 busy intersections (signalized or not), and many bus stops.
Fig. 6.26 shows the study area, and the drone coverage. The pNEUMA project has outsourced the
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video analysis to a start-up called DataFromSky [78]. The final data include detailed trajectories of
the tracked vehicles, which are calibrated in the WGS-84 system. The time-frequency of the data
was 0.04s, which is the maximum frequency possible for the given frame rate of the video. The
pNEUMA team have claimed that the detectability of the tracking algorithm was over 98.8%, and
the output was manually reviewed to eradicate any false positive and false negative identifications.

To illustrate the potential of the proposed proactive safety assessment method, we have only
presented the results corresponding to the sample dataset collected between 10:00-10:30 AM at
the junction of Alexandras and 28is Oktovriou avenue. We have transformed the data coordinate
from WGS-84 to UTM for a straight-forward analysis, taking into account the geometric zone
(34 S) of the data collection site. All trajectories have been reconstructed using the methodology
proposed in this study, which effectively eliminates the embedded noise. Fig. 6.27 shows the
transportation network under analysis and the superimposed vehicle path data.

6.4.2 Results

Figure 6.27: pNEUMA Trajectory data

The ACT, TE-ACT, and TI-ACT were estimated using the trajectory data. Further, an ACT
threshold of 3sec was selected to distinguish safe and unsafe situations. All instances correspond-
ing to the unsafe scenario were projected on the spatial coordinates of the network. Later, the
density of the unsafe instances across the network was plotted as a heatmap. The high-density
location can be considered as the locations with a high probability of crash occurrences. Fig. 6.28
shows the result of crash frequency analysis. The heatmap of crash frequency reveals that the
junctions where multiple movements intersect have a maximum number of conflict occurrences,
as anticipated. Moreover, traffic congestion during the data collection period would have resulted
in the highest conflict frequency near 23.733oE longitude. It is evident that the traffic volume has
a significant influence on the frequency of conflict situations. Therefore, consideration of only the
conflict frequency may not give an actual picture of the hot spots in the study site.
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Figure 6.28: Spatial distribution of conflict frequency

In order to see how consistent is the unsafe situations, the relative exposure time to an unsafe
situation was compared across different locations in the network. This analysis helps to understand
the relative crash exposure across the network, on average. For this, we utilized the TE-ACT meas-
ure. All the Exposure time was projected on the spatial region, with the coordinate corresponding
to the point of minimum ACT. In Fig. 6.29, the bubbles represent the unsafe situations, and the
bubble size indicates the exposure time. It can be seen from the figure that some of the high crash
frequency locations are having negligible crash exposure. The vehicles are showing high crash
exposure near junctions, where turning movements are present.

Further, the relative spatial distribution of the crash severity was performed to see what crash
severity can be expected at different locations. To identify the locations of high severity crash
occurrences, the TI-ACT was used. Similar to TE-ACT, all the values of TI-ACT were projected
on the network. In Fig. 6.29, the bubble color indicates the crash severity. It can be seen from the
figure that the location close to junctions shows higher severity crashes.

6.4.3 Summary and Conclusions

To summarize, the suggested approach can be used to conduct a proactive network-level traffic
safety evaluation. The hot-spot in the transportation network can be identified in terms of collision
frequency, duration of exposure, and severity. Here, it is to be noted that, we have presented
individual conflict instances and their distribution on the spatial regime. However, it is essential to
integrate all the conflict scenarios for identifying the hot-spot, considering the frequency, exposure,
and severity. Development of such measure is not the scope of this study, therefore kept it as the
future scope.
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Figure 6.29: Spatial distribution of exposure and severity of potential crashes
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Chapter 7

Summary and Recommendations

7.1 Summary

This thesis put forward novel solutions to evaluate overall safety of a road transportation system.
The key findings derived from the various sections of this thesis may be beneficial to related re-
searchers and industries. In Chapter 1, we established three research objectives. In this section,
we reflect on the extent to which these objectives were addressed by the findings of this thesis.
Unanswered and newly identified questions are proposed for future work.

Objective 1 - Development and Standardization of Vehicle Trajectory Database: Through a rigor-
ous literature survey presented in Chapter 2, we highlighted the demand for an advanced tool for
trajectory extraction from traffic videos. In the same section, we highlighted the requirement for an
appropriate methodology for removing the embedded noise in the observed trajectory data, added
at several stages of data collection and extraction. These two research problems are taken as the
two tasks to accomplish the first objective of this research work.

To meet the first task of the first objective, we developed a semi-automated, image-processing
based vehicle trajectory extraction tool, the SAVETRAX, which allows to achieve a better quant-
ity and quality data with minimal manual efforts. To be noted, SAVETRAX minimizes the effort
required to collect the trajectory data, thereby enhancing empirical traffic flow research. Besides,
SAVETRAX opens new possibilities to investigate traffic flow dynamics at complex road geomet-
ries microscopically.

The first objective’s second task was to develop a trajectory reconstruction framework to elim-
inate the noise from the observed trajectory data. It is known that the noise in the data has a
significant impact on the study result; hence, the reliability of the trajectory reconstruction tech-
nique is of prime importance. The proposed methodology is capable of handling a wide range of
noises produced while collecting and extracting the trajectory data.

We believe the SAVETRAX would offer the researchers immense opportunities to perform
site-specific studies by collecting a vast amount of trajectory data. The trajectory reconstruction
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method would help achieving more accurate trajectory data thereby more reliable research output.

Objective 2 - Development of 2-Dimensional Surrogate Safety Indicator for General Application:
The literature review presented in Chapter 2 has revealed various limitations of the existing pro-
active safety analysis methods. For a comprehensive safety analysis at various road facilities, we
have developed a novel surrogate safety indicator, the Anticipated Collision Time (ACT), which is
capable of capturing overall safety.

ACT is independent of the collision type, road geometry, and traffic scenario. Several other
safety indicators are derived from the ACT profile. The Time of Evasive Action (TEA) is one of
the important contributions of this research work. This indicator allows for a more in-depth ana-
lysis of vehicle reaction patterns in the event of an unsafe situation. A thorough understanding of
vehicle reaction patterns during unsafe situations is needed to design reliable control strategies for
autonomous vehicles and improve collision warning systems. Two other measures, TE-ACT and
TI-ACT, were extracted from the ACT profile to capture crash exposure and severity, respectively.
All the measures together give a clearer picture of crash occurrences in terms of their frequency,
exposure time, severity, and evasive actions.

Objective 3 - Proactive Safety Assessment at Various Elements of the Transport Network: With this
objective, we aimed to demonstrate the potential of the different tools and measures developed
as part of this research. We have conducted four case studies, which are: i) safety during an LC
process; ii) PTW safety in an urban environment; iii) vehicle’s safety at 3D road geometries; and,
iv) a network-level safety assessment.

In the LC study, we microscopically examined LC dynamics after classifying LC into ILC
and ULC. To that end, the present study proposed a methodology to identify and classify LC
operations into ILC and ULC, automatically. Besides, the characteristic differences between ILC
and ULC were explored by comparing different LC attributes. We pointed out that, intermediate
interruptions during an LC maneuver could increase the crash likelihood, driver discomfort, and
duration of the operation. The results from this research illustrate the need for a separate analyses
of ILC and ULC dynamics in LC studies. Such a consideration would enhance the accuracy of LC
simulations, collision alert systems, and human-like autonomous LCs. Besides, incorporating the
finding of this study into LC models would allow more dynamic LC modeling.

The analyses of PTW safety in an urban environment have revealed that the likelihood of PTWs
encountering unsafe situations is double compared to other vehicle types. The response pattern of
PTWs and cars towards an unsafe situation is statistically different. The cars respond to an unsafe
situation relatively early, indicating the risk-taking behavior of PTWs. The duration for which
the PTWs are exposed to an unsafe situation was higher than the other vehicle classes. Similarly,
the severity of the crashes involving PTWs is higher than the crashes involving any other vehicle
classes. It is important to set different threshold values for different vehicle types when comparing
the likelihood of a crash with specific severity or exposure time across vehicle types. This study has
shown that most crashes involving PTWs are the side-swipe collisions, and have more exposure
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time and severity.

The safety assessment of the vehicles traversing a horizontal curve superimposed with vertical
alignment has shown that the most probable crash type on such geometry is the ROR. Correspond-
ing to different crash types, the spatial distribution of the crash occurrences, the average duration
of exposure to a crash situation, and the crash severity were compared. The correlation of differ-
ent crash types with various road geometric variables was also examined. The correlation analyses
have revealed that the design characteristics stimulating a crash occurrence vary across crash types.
Therefore, improving the geometric design to alleviate one particular crash type might boost other
crash types. According to actual and expected crash events, ROR crashes are the major crash type
in the study area; thus, installing adequate crash barriers or warning systems is necessary to reduce
fatalities due to such crashes.

The network-level safety assessment has shown that the hot-spot identification process needs to
integrate the frequency, exposure, and severity of crash occurrences for a more efficient ranking of
the hot spots. In this analysis, we highlighted that the high-frequency conflict locations might not
be the location of higher severity crashes or the locations where the vehicles are exposed to a crash
risk for a more extended period.

7.2 Major Contributions

The main contributions of this research work are:

1. Developed an image-based trajectory data extraction tool, which can be used for extracting
traffic data from any road geometry

2. Developed a method to reconstruct the trajectory data to remove the embedded noise. The
proposed approach does not cause any over/under-smoothing. Therefore, the critical incid-
ents are not misinterpreted, which is crucial for proactive safety assessments.

3. Developed a 2D SSM, termed as ACT, which can be used independent of crash type and road
facility

4. Developed criteria to perform crash-type specific, crash-severity specific, and crash-exposure
specific proactive safety analyses

5. Developed a new safety indicator, Time-of-Evasive-Action (TEA), which captures the re-
sponse pattern of vehicles toward an unsafe situation.

6. Developed method to automatically classify the LC operation into ILC & ULC

7. Proposed a criteria to identify the high-risk sites on a transportation network
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7.3 Future Scope

This research opens tremendous future research possibilities to understand various traffic dynamics
and crash generation processes. SAVETRAX and the trajectory reconstruction methods enable
collecting vast trajectory data at various transportation facilities, allowing for a comprehensive
understanding of various traffic dynamics.

To produce a more accurate trajectory database, further research could go into, but not limited
to; i) a detailed investigation into the nature of the error observed in the trajectory data collected
using the image processing based techniques, using different camera platforms. ii) Improvements
to the missing data retrieval process that could handle prolonged-occlusion scenarios. iii) Formu-
lation of appropriate camera stabilization technique that could minimize the heavy tailedness of
the noise to some extent.

Some of the specific research problems for the future research work are:

1. Proactive PTW safety assessment for Advanced Rider Assistance Systems (ARAS) design

2. Simulator experiments to prove the realism of the proposed surrogate safety measures

3. Development of geometric design consistency evaluation method based on proactive safety
measures

4. Hot-Spot Identification (HSID) on a transportation network using proactive safety measures

5. Interrupted lane change modeling for Autonomous LC applications
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