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Enhancing Road Safety through Machine Learning for Prediction of
Unsafe Driving Behaviors

Akash Sonth

(ABSTRACT)

Road accidents pose a significant threat, leading to fatalities and injuries with far-reaching
consequences. This study addresses two crucial challenges in road safety: analyzing traffic
intersections to enhance safety by predicting potentially risky situations, and monitoring
driver activity to prevent distracted driving accidents. Focusing on Virginia’s intersections,
we thoroughly examine traffic participant interactions to identify and mitigate conflicts,
employing graph-based modeling of traffic scenarios to evaluate contributing parameters.
Additionally, we leverage graph neural networks to detect and track potential crash situa-
tions from intersection videos, offering practical recommendations to enhance intersection
safety. To understand the causes of risky behavior, we specifically investigate accidents re-
sulting from distracted driving, which has become more prevalent due to advanced driver
assistance systems in semi-autonomous vehicles. For monitoring driver activity inside ve-
hicles, we propose the use of Video Transformers on challenging secondary driver activity
datasets, incorporating grayscale and low-quality data to overcome limitations in capturing
overall image context. Finally, we validate our predictions by studying attention modules
and introducing explainability into the computer vision model. This research contributes
to improving road safety by providing comprehensive analysis and recommendations for

intersection safety enhancement and prevention of distracted driving accidents.



Enhancing Road Safety through Machine Learning for Prediction of
Unsafe Driving Behaviors

Akash Sonth

(GENERAL AUDIENCE ABSTRACT)

Road accidents are a serious problem causing numerous deaths and injuries each year. By
studying driver behavior, we can uncover common causes of accidents like distracted driving,
impaired driving, speeding, and not following traffic rules. New vehicle technologies aim to
assist drivers, raising concerns about driver attentiveness. It is crucial for car manufacturers
to develop systems that can detect and prevent accidents, especially in semi-autonomous ve-
hicles. This study focuses on intersections in Virginia and examines driver behavior within
vehicles to identify and prevent dangerous situations. We create models of different traffic
scenarios using graphs/networks and utilize machine learning to identify potential accidents.
Our objective is to provide practical recommendations for improving intersection safety. Fx-
isting datasets and algorithms for recognizing driver activities often fail to capture common
distractions like eating, drinking, and phone use. To address this, we introduce two challeng-
ing datasets specifically designed to capture distracted driving activities. Finally, we try to
understand the predictions bade by the chosen deep learning model by visualizing the inner

workings.
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Chapter 1

Introduction

1.1 Background and motivation

Globally, roads serve as common pathways for various modes of transportation, including
cars, buses, trucks, motorcycles, mopeds, pedestrians, animals, taxis, and other travelers.
The accessibility provided to various destinations by motor vehicles has played a crucial role

in fostering economic and social progress in numerous nations.

The unfortunate reality is that each year, vehicular accidents result in millions of fatalities
and injuries. Road traffic accidents pose a serious and urgent threat, given their profound
and far-reaching impacts, such as the tragic loss of lives, debilitating injuries, and extensive

property damage.

Every year, approximately 1.35 million individuals lose their lives in road accidents world-
wide [30]. On a daily basis, nearly 3,700 people fall victim to fatal crashes involving various
modes of transportation such as cars, buses, motorcycles, bicycles, trucks, or pedestrians.
Shockingly, more than half of these casualties consist of pedestrians, motorcyclists, or cy-
clists. These accidents have emerged as the eighth leading cause of death across all age
groups globally, and they claim the lives of children and young adults between the ages of 5
and 29 more frequently than any other cause, surpassing even HIV/AIDS-related deaths [2].

In terms of economic impact, it is projected that between 2015 and 2030, fatal and non-fatal
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crash injuries will incur a cost of approximately 1.8 trillion USD (measured in 2010) on the
global economy. To put this in perspective, this amount is equivalent to an annual tax of

0.12% on the gross domestic product (GDP) of the entire world [13].

The Virginia Highway Safety Office conducted a comprehensive analysis of car accidents
that occurred in the state in 2018 [67]. The study revealed several significant factors con-
tributing to these accidents. Among the primary causes, speeding and aggressive driving
were responsible for nearly 20% of all reported accidents. Distracted driving emerged as
the primary cause in approximately 18.5% of the accidents. Additionally, driving under the

influence of alcohol or drugs accounted for 5.4% of the accidents.

Several other common causes were also identified, including following too closely and rear-
end accidents, failure to yield, side-impact accidents, fatigued driving, falling asleep at the
wheel, as well as accidents caused by defective vehicles and vehicle parts. These factors

collectively contribute to the occurrence of car accidents in Virginia.

The most common reasons for collisions are distraction, misinterpretation of the environment,
and lack of reaction time. If the driver is warned 0.5 s earlier, 60% collisions could be avoided.
This reduction is raised to 90% if warned 1.5 s in advance [8]. By actively monitoring
traffic scenes and promptly identifying anomalies or potential risks, an advanced surveillance
system could play a crucial role in preventing numerous accidents. The pivotal component
of this prevention system would be its capability to accurately calculate a risk score for
every situation and effectively communicate this crucial information, thereby mitigating the
likelihood of any potential collisions. This proactive approach holds immense potential for
reducing collisions between multiple traffic participants. However, it is important to note
that this system may not be able to detect incidents where a vehicle deviates from the road

or collides with stationary objects due to the driver’s lack of attention.
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Of all the road accidents, those due to distracted driving are steadily increasing, with a
significant portion being attributed to mobile phone use while driving [63]. The National
Highway Traffic Safety Administration (NHTSA) defines distracted driving as any activity
that diverts attention from driving [64]. The Centers for Disease Control and Prevention
(CDC) has identified three major types of distractions - (a) visual: taking one’s eyes off
the road, (b) manual: taking one’s hands off the driving wheel, and (c) cognitive: taking
one’s mind off driving - with different driver behaviors having varying impacts on each
category [14]. Over-reliance on Advanced Driver Assistance Systems (ADAS) in modern
semi-autonomous vehicles is a prevalent cause of drivers not paying attention to the road,

thus highlighting the increasing importance of research on driver attention.

The classification of autonomous vehicles into six levels of autonomy, as defined by the
Society of Automotive Engineers (SAE) [59], provides a framework to understand their
capabilities. At Level 0 (L0), traditional cars lack automation, relying entirely on the driver’s
control. At Level 5 (L5), vehicles encompass full automation capable of handling all driving
tasks without human intervention, but are not yet a reality. These distinct levels of autonomy
underscore the need for drivers to remain vigilant and avoid complacency, particularly when

operating vehicles that offer varying degrees of automation.

The highest commercially available autonomous capability currently lies partially at Level
3 (L3). Level 3 denotes conditional automation, where the vehicle can autonomously han-
dle all driving tasks under specific conditions, typically on highways. However, the driver
must still remain prepared to take over control when alerted. Studies have indicated that
drivers often become distracted and engage in secondary activities when operating highly
automated vehicles. Therefore, it is crucial to comprehend the driver’s exact posture, level
of attentiveness, and readiness to regain control in order to ensure safe vehicle operations.

Camera-based methods have proven to be useful in assessing these factors. The readiness
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assessment encompasses a complex process and may involve multiple components, such as
monitoring the driver’s gaze attention, cognitive alertness, response time to assume con-
trol of the steering wheel, engagement in secondary activities, and time required to assume

control of the braking systems [56].

As the market sees a rise in commercial semi-autonomous vehicles, ensuring safe driving will
require the integration of traffic anomaly and driver distraction detection techniques. These
components are vital not only for the overall safety of the vehicles but also for activating
features in ADAS, particularly Collision Avoidance Systems (CAS) that necessitate planning
evasive actions. Although the transition to full automation will occur gradually, drivers will
still need to take control in uncertain situations. Consequently, driving will transform into

a shared activity between humans and machines in the foreseeable future.

To facilitate this transition, it will be crucial to monitor the traffic scenario for potential
risky maneuvers and convey pertinent information to drivers. Furthermore, the use of Driver
Monitoring Systems becomes essential in alerting distracted drivers. These systems will play
a pivotal role in monitoring traffic safety and facilitating a smoother and more dependable

transition to autonomous driving mode.

1.2 Problem Statement and Research Questions

Traffic scenes are complex and constantly changing environments where various elements
such as vehicles, pedestrians, and cyclists interact within the framework of road infrastruc-
ture, regulations, and traffic signals. These interactions offer valuable insights into the like-
lihood of accidents or unfavorable incidents. Typically, intersection infrastructure includes
traffic signals equipped with cameras that monitor vehicles following the corresponding sig-

nals. However, manually analyzing the raw video frames from these cameras can be a tedious
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and time-consuming process. To enhance the efficiency of analysis and extract meaningful
information, it is essential to present this intricate data in a streamlined and user-friendly

format.

As emphasized in Section 1.1, the issue of distracted driving has emerged as a significant
contributor to the rising number of road accidents in recent times. There are several traffic
cameras (that are basically video cameras) installed at various traffic signals, intersections,
and highway segments that can be used to monitor traffic conditions and enforce traffic laws.
While traffic cameras play a vital role in monitoring traffic violations, their ability to identify
the root causes of these infractions is limited. Therefore, it is crucial to adopt a proactive
approach to preventing potential collisions caused by distracted driving, rather than solely
relying on identifying accidents after they have occurred. In light of this, we propose the
installation of an in-cabin camera that monitors the driver and alerts them when distracted.
By implementing preventive measures, we can effectively mitigate the risks associated with

distracted driving before they escalate into actual accidents.

In recent years, the computer vision community has made enormous progress in video un-
derstanding. Activity recognition (alternatively action recognition) is an active subfield in
computer vision that identifies human actions from videos. Now, these methods are de-
veloped on datasets that contain hundreds of actions that a human can perform including
running, playing guitar, etc. Drivers’ secondary behavior in comparison is a much-limited
set of classes and often not included in the large-scale activity recognition pipeline. Also,
secondary behaviors are performed by drivers while seated behind a steering wheel, hence,
restricting the movement of the driver significantly compared to the diverse sets in traditional

activity recognition datasets like Kinetics-400 [40].

To address these problems, the following research questions will be investigated:
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e Can a traffic scenario be effectively represented in a simplified format while still pre-

serving the necessary and valuable information?

o What are the current limitations in sensing and how do they translate to annotation

and modeling?

o How well can the progress in activity recognition be translated to identify secondary

behavior for drivers?

« Do we have adequate resources including dataset and associated annotations for de-

termining driver distractions?

By exploring these research questions, we aim to enhance the analysis process of traffic
scenes, enable effective identification of secondary behaviors, improve safety assessments,
and contribute to the development of machine learning techniques in the context of traffic

modeling.

1.3 Scope and Objectives

In this study, our primary focus is on assessing the likelihood of hazardous scenarios that
may result in collisions. The objective is to enhance safety by proactively preventing vehicle-
vehicle or vehicle-pedestrian accidents, as well as near-crash incidents. Additionally, we
investigate the prediction of various driver distractions that could divert their attention

from the task of driving, potentially leading to risky situations.

Presently, there is a lack of datasets encompassing both in-cabin drivers’ videos and the
corresponding traffic scenarios observed from a “bird-eye” view. Consequently, we address

this limitation by independently examining two aspects: driver distraction within the cabin
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and potential collision situations in a traffic scenario based on the video feed from intersection

traffic cameras.

Our contributions are summarized as follows:

o Represented traffic scenarios at two intersections based on the video feed from traffic
cameras into an intuitive graph-based representation that captures essential details of

the traffic participants such as position, orientation, and interactions.

o Developed a new approach using Graph Neural Networks to assess traffic scenarios for

anomalous situations that could possibly lead to a crash.

o Updated two challenging datasets to support research involving the recognition of

drivers’ activities.
o Comparison is made between state-of-the-art CNN models and more recent video

transformer-based models that utilize attention modules.

Below are publications related to this thesis.

o Sonth, A., Sarkar, A., Bhagat, H., Abbott, L., 2023. “Explainable Driver Activity
Recognition Using Video Transformer in Highly Automated Vehicle.” In Proceedings

of the IEEE Intelligent Vehicles Symposium.



Chapter 2

Related Work

2.1 Traffic scene representation

In this section, we explore the existing literature for representing traffic scenes, distinct from
utilizing raw video frames. We focus on two types of data sources: cameras positioned at
traffic intersections or drones capable of capturing a bird’s-eye view of the scenario, and
cameras mounted on ego-vehicles facing the road. In the latter case, the traffic scenes are

represented from the perspective of the ego-vehicle.

Traffic scenes are complex situations where multiple participants interact and respond to
each other while following road structures, rules, and signs/signals. The modeling of traffic
scenarios has made significant progress by adopting a graph-based approach. This approach
shows great potential in simplifying and improving the analysis of intricate traffic scenarios
by representing participants as nodes and their interactions as edges in a graph. This rep-
resentation enables quicker analysis, facilitates the utilization of graph theory algorithms,
and enables the integration of contextual information. As a result, this advancement has
the power to transform traffic management, enhance safety measures, and optimize trans-

portation systems in the ever-growing congestion of urban environments.

A straightforward method for modeling a wide range of objects, including vehicles, buildings,

pedestrians, bicycles, and roadside elements, is presented in Mo et al’s work [48]. In this

8
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approach, each object type functions as a node within a network. Pedestrians and Bicy-
cles mainly exhibit topological relationships with Roadside elements. On the other hand,
Vehicles establish multiple relationships with different object types. These relationships
encompass various aspects, such as topological relations, relative orientation, relative tra-
jectories, relative speed, metric relations, and order relations. Additionally, vehicles also
establish connections with vertical structures (such as lane dividers, signboards, traffic sig-
nals, and guard rails), road segments (including zebra crossings, edge lines, stop lines, center
lines, etc.), roadsides, intersections, and road markings. By incorporating these diverse re-
lationships, the model provides a comprehensive representation of the intricate interactions

between vehicles and their surroundings.

A scene graph is created based on the video feed of a road-facing camera in the ego-vehicle
[46]. Mask R-CNN [35] is utilized for object identification within an image. Additionally,
the authors employ an inverse perspective mapping technique, commonly referred to as a
“birds-eye view” projection. This projection aids in estimating the positions of objects in
relation to the ego car, thereby facilitating the creation of three distinct types of pair-wise
relationships between objects: proximity, directional, and belonging relations. Consequently,
this process transforms each image into a comprehensive scene graph, where individual nodes

are initialized using one-hot vectors as embeddings.

Diehl et al. [19] construct a graph to represent car features such as position or velocity,
where nodes represent the vehicles. The edges of the graph are determined based on the

Euclidean distance of a vehicle with all nearby vehicles.

In [50], the nodes are depicted by various objects, such as vehicles, buildings, pedestrians,
bicycles, roadside elements, vertical structures (like lane dividers, signboards, traffic signals,
guard rails), road markings (such as zebra crossing, edge line, stop line, center line), road seg-

ments, and intersections. These objects are interconnected through different relationships,
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including topological (Region Connected Calculus 8 [17]), relative orientation, relative tra-
jectories, relative speed, quantitative distance, and order relations. To effectively handle the
size of the graph, two approaches are employed. The first approach involves dividing the
road into smaller sections, allowing the creation of multiple graphs. These individual graphs
can then be connected together, forming sub-graphs that collectively make up a larger graph.
The second approach involves dividing the road segment into non-overlapping sectors. This
division can be based on either the sector length or the road geometry itself. By imple-
menting this division, the road segment is explicitly represented as distinct bidirectional

carriageways, which may consist of single or multiple lanes.

In [11], the authors propose a method that utilizes ontologies to provide semantic descrip-
tions of traffic scenes. These descriptions are then utilized for situation classification. By
incorporating knowledge of road regulations, the authors are able to define rules and facil-
itate the classification process. In a separate study [74], the authors present a generative
model aimed at creating 3D urban scenes that offer insights into the structure, participants,
and traffic patterns. The authors employ a small amount of real data to train the model on
the underlying patterns and rules. Once trained, the model can generate new scenes based

on the learned information.

2.2 Traffic forecasting and safety analysis

Chen et al. [15] utilized high-resolution video feeds obtained from traffic cameras operated
by the Arizona Department of Transportation. These video feeds were subjected to a trans-
formation process, converting them into a “bird-eye” perspective. The transformed view was
then used for object detection and tracking purposes. The authors focused specifically on

analyzing small road segments where vehicles were moving in the same direction, primarily
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on highways rather than at intersections. However, it should be noted that the selection
of all vehicles in the region for calculating safety metrics may include vehicles that are not

necessarily relevant or required for the analysis.

The authors in [62] propose a computationally inexpensive method based on image pro-
cessing to predict vehicle speeds using monocular video feed obtained from fixed cameras.
They employ optical flow techniques to distinguish moving vehicles from the stationary back-
ground. By tracking the centroids of the vehicles, they monitor their movement throughout
the video footage. To convert the speed measurements from pixels per second to kilometers

per hour, a transformation factor is applied.

In [12], the researchers utilized a Graph Neural Network (GNN) to improve the accuracy of
vehicle trajectory prediction. By leveraging this advanced technique, they aimed to antici-
pate the future paths of vehicles more effectively. Subsequently, they employed the predicted
trajectories to calculate stochastic positions and assessed whether these positions would in-

tersect with any other vehicles, potentially leading to collisions.

In [32], three characteristic scores are defined for a traffic scenario: interaction, anomaly,
and relevance. Interaction represents the interplay of road users, anomaly highlights unusual
phenomena, and relevance is the product of interaction and anomaly. These scores are
combined across four layers: temporal punctual, track, spatial region, and overall. The
scores are obtained using trajectory data (velocity, acceleration, position, and orientation),
meta data (road user dimensions, type, and region usage permissions), and a semantic map

(infrastructure information like lanes, driving paths, speed limits, and walkways).

Vehicle information such as position and velocity is utilized to create features associated with
the corresponding nodes in [19]. The graph’s edges are formed by considering all vehicles in

the proximity of each vehicle. To exploit the graph structure, a Graph Attention Network
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(GAT) model is employed. The layers of the GAT model compute the next representation
for each node using an attention mechanism that takes into account information from all of
its neighbors. By applying attention mechanisms, the model can selectively focus on relevant

interactions and assign varying degrees of importance to different neighbors.

Another system described in [46] aims to determine the likelihood of a collision involving
the ego-vehicle by analyzing real-time video feed from a road-facing camera fixed inside the
ego-vehicle. The system consists of two main steps: scene-graph creation and spatiotemporal
embedding modeling. A scene graph, which visually represents the surrounding environment,
is constructed. Each node in the graph is assigned a color based on its attention score,
indicating its relative importance in assessing the collision probability. Nodes with higher
attention scores are considered more critical in predicting collisions. Multi-Relational Graph
Convolutional Network (MR-GCN) layers are employed to update the embeddings. This is
followed by Graph pooling and Graph Readout to obtain a single embedding for each frame.
A Long Short-Term Memory (LSTM) model aggregates the embeddings across multiple
timestamps, resulting in a final crash prediction classification that assesses the probability

of a collision occurring.

In the study by [48], a comprehensive framework is proposed for predicting trajectories
of multiple agents. The framework takes into account various factors such as individual
dynamics, interactions, and road structure. To overcome the challenge of coordinate shifting
and its impact on trajectory prediction, the authors adopt an approach where each agent is
placed in its own coordinate system. This ensures that the recorded states of an agent can
always be converted to its own coordinate system without affecting other agents, thereby

eliminating any discrepancies caused by coordinate shifting.

The authors of [38] introduce a novel approach for estimating risk based on time-to-collision

using a Gaussian Mixture Model. Additionally, they employ a Kalman filter to estimate
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the proportion of exposure to traffic conflicts. In another study for traffic safety [29], a
forecasting model for scenario safety is presented, which utilizes particle swarm optimization
and support vector machine techniques. The authors emphasize that this model is superior

to a neural network approach.

The paper [37] discusses recent advancements in spatio-temporal forecasting using deep learn-
ing techniques, specifically convolutional and recurrent neural networks. Previous studies
have utilized graph convolutional networks (GCNs) to capture spatial dependencies, but
these models have a constraint where the importance weights of neighboring nodes remain
fixed during information aggregation. This limitation leads to the neglect of diverse neigh-
boring information. To overcome this constraint, the authors propose a novel mechanism
called rank influence learning (RIL) that dynamically adjusts the weights of neighboring
nodes during aggregation in GCNs. They introduce a new model, called diffusion convolu-

tional recurrent neural network with rank influence learning.

2.3 Driver Action Recognition

The field of action recognition has undergone significant research advancements in recent
years, focusing on developing network architectures that effectively capture both spatial
and temporal information in videos. Omne notable architecture is the SlowFast network
[24], which comprises two parallel pathways: a “slow” pathway that processes one frame
out of every 16 frames, and a “fast” pathway that processes alternate frames. Although the
SlowFast network aims to capture both semantic and temporal information, it is not efficient

in extracting both simultaneously.

Another network architecture, known as the Temporal Spatial Network (TSN) [70], also

incorporates two parallel pathways. The spatial pathway receives random RGB frames from
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video clips as input, while the temporal pathway receives optical flow fields from the same
clips. The use of optical flow fields allows for more effective extraction of temporal infor-
mation compared to the SlowFast approach. However, capturing all temporal information

between frames often results in significant noise.

Recently, the Temporal Adaptive Network (TANet) [45] has been introduced, employing a
two-level adaptive modeling approach. This approach breaks down the video-specific tempo-
ral kernel into two components: a location-sensitive importance map and a location-invariant
aggregation kernel. By doing so, TANet improves the discrimination of temporal information
from a local perspective while also capturing the temporal relationships with a global view

of the video sequence.

The Video Swin Transformer [44] is a recent network architecture with higher model complex-
ity compared to most CNN-based methods. Its parallel processing capability significantly
speeds up computation time. Furthermore, it can process both spatial and temporal in-
formation using just one pathway, making it a promising approach for action recognition

tasks.

To support driver action recognition, several datasets have been established for training
and evaluating driver action recognition models. The Drive&Act dataset [47], recorded in
a driving simulator with a multi-view multi-modal camera setup, provides extensive all-
around data but may not be suitable for practical use in commercial vehicles. In contrast,
datasets like the State Farm Distracted Driver Detection dataset [49] and the Distracted
Driver Dataset [? | only contain still images of drivers, lacking temporal information. Other
similar datasets include the LISA Driver Gaze Dataset [68] and the Driver Attention Dataset

[60).

The SHRP2 dataset [20] is a large-scale dataset with relatively low resolution but contains a



2.4. TRANSFORMERS IN COMPUTER VISION 15

wealth of information, including secondary behaviors. Papakis et al. [52] present their work
on in-vehicle occupant detection using this dataset, while Osman et al. [51] perform binary
classification to detect the presence of secondary activities. This information is then used to
predict one of three activity labels: “cellphone talking”, “cellphone texting”, and “passenger
interaction.” They achieve an accuracy of 99.89% on the binary classification task and 82.3%
accuracy in determining one of the three activities. This work is the first to estimate driver

activities within the major 10 classes while also providing explainability using the SHRP2

dataset.

2.4 Transformers in Computer Vision

Transformers, originally introduced by Vaswani et al. [66], have emerged as the dominant
deep learning architecture in the field of Natural Language Processing (NLP) and are in-
creasingly being utilized in computer vision tasks. Their ability to capture long-range de-
pendencies while enabling parallel computation has made them highly valuable. One notable
application in computer vision is the Vision Transformer (ViT) proposed in [21], which has
shown promising results. However, ViTs face certain limitations, such as their quadratic
computational complexity with respect to input image size, which hinders their effectiveness
with high-resolution images. Moreover, the fixed token scale in ViT does not cater well to
vision tasks involving elements of varying scales. To address these limitations, [43] intro-
duced the Swin (Shifted Window) Transformer, which incorporates two innovative concepts:

hierarchical feature maps and shifted window attention.

Video Transformers aim to capture spatiotemporal dependencies in video data. One key
advantage of Video Transformers is their ability to handle input sequences of varying lengths,

which is crucial for video data where sequence length can vary significantly. Additionally,
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the transformer architecture enables efficient parallel computation, making it well-suited for
processing large-scale video datasets. Recent studies by [7], [4], [23] have demonstrated that
Video Transformers achieve state-of-the-art performance on benchmark datasets for video
classification [1] and action recognition tasks [40], [33]. Moreover, Video Transformers have

been successfully applied to object detection in videos as well [75].



Chapter 3

Traffic Modeling

Significant progress has been made in modeling traffic scenarios through the adoption of a
graph-based approach. Graphs provide a versatile framework for representing and analyzing
complex relationships among different elements in a system. A graph-based representation

enables the depiction of entities as nodes and their interactions as edges.

By constructing a graph representation of a traffic scene, it becomes easier to capture the
spatial and temporal relationships between different participants. For instance, vehicles can
be represented as nodes, and the edges can denote their proximity or interactions, such as
overtaking or following. Pedestrians and cyclists can also be incorporated into the graph as

separate nodes, allowing for a comprehensive representation of the entire traffic ecosystem.

The graph-based approach offers several advantages for analyzing traffic scenarios. First,
it provides a more compact and structured representation compared to raw video frames.
Instead of processing every pixel in each frame, the focus shifts to analyzing the relationships
between nodes and edges in the graph, which reduces computational complexity. The graph-

based modeling thus enables faster analysis and extraction of relevant information.

Second, the graph-based representation allows for the application of algorithms and tech-
niques from graph theory to gain insights into traffic dynamics. For example, centrality
measures can identify influential vehicles or nodes with high traffic density. Graph-based

clustering algorithms can aid in identifying traffic patterns or anomalies. Additionally,

17
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graph-based simulations can predict the future behavior of traffic participants based on

their interactions and historical data.

Furthermore, the graph-based approach facilitates the integration of additional contextual
information, such as road infrastructure data, traffic regulations, and historical traffic pat-
terns. This enriched representation enhances the understanding of traffic scenarios and

enables more accurate analysis and decision-making processes.

3.1 Dataset

In this work, we present our analysis on the VT-CAST (Traffic Cameras for Advanced Safety
Technologies) 2020 dataset [6]. Traffic cameras spread throughout Virginia stream the live
video feeds on the VDO'T server. These streams are recorded in segments of 1-hour videos to
form the dataset. The cameras are strategically placed at intersections, highways, and other
roadways at several locations in Virginia. These cameras are positioned to capture a wide
field of view and offer an oblique perspective that allows for visibility of the surrounding
road area. While the cameras do not provide a top-down view, they ensure comprehensive
monitoring of traffic conditions. The cameras solely offer raw video feeds and do not provide
specific information regarding the kinematics or movement patterns of the traffic participants

in the observed scenario.

One major issue of the video feed from these cameras is the low quality of the videos, which
are typically recorded at a resolution of 320 x 240 pixels. This low resolution introduces

several limitations that impact the effectiveness of the system.

o Distant vehicles and pedestrians: Due to the low resolution, objects located far away

from the camera are not clearly visible. Objects located far away from the camera
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3.2

suffer from reduced visibility, resulting in difficulties for our detection and tracking
system. As a consequence, our approach fails to identify these distant objects accu-
rately, potentially compromising safety and leading to an incomplete analysis of the

traffic situation.

Jittering bounding boxes: The low-resolution videos can cause bounding boxes (used
to enclose and track objects of interest) to exhibit significant jittering or instability.
This instability can make it challenging to accurately identify and track participants,

such as vehicles or pedestrians, leading to less reliable data for further analysis.

Bad weather conditions and low-lighting: In adverse weather conditions or low-light
environments, the already diminished quality of videos presents additional obstacles
in extracting valuable information. The scarcity of discernible details and contrasting
elements poses significant challenges for object recognition and tracking algorithms,

thereby diminishing the accuracy and dependability of any subsequent analysis.

Feasibility of 3D object tracking: While 3D object detection and tracking could poten-
tially provide more accurate heading information for traffic participants, implement-
ing this approach is not feasible given the low-resolution videos. Creating precise 3D
bounding boxes typically requires more detailed and higher-resolution data, which is

not available with the current video feed quality.

Modeling traffic scenarios

In this section, we will discuss the methodology employed to create a graph-based represen-

tation of a traffic scenario.
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3.2.1 Object detection and tracking

Object detection and tracking play a crucial role in determining the locations of participants
through the identification of bounding boxes. However, in scenarios where the video quality
is poor, the object detection process is prone to generating both false positives and false
negatives. To overcome this challenge, it becomes necessary to explore and evaluate different

algorithms to obtain the most effective model.

The primary objective of object detection and tracking is to accurately identify and locate
participants within a given video. This task involves detecting objects of interest, such as
vehicles, pedestrians, or other relevant entities, and creating bounding boxes around them.
However, when the video quality is low, it becomes more difficult to distinguish between

true detections and false detections.

False positives refer to instances where the object detection algorithm erroneously identifies
an object that is not actually present. On the other hand, false negatives occur when the
algorithm fails to detect an object that is indeed present in the video. These inaccuracies

can significantly impact the reliability and effectiveness of the overall tracking system.

In this work, we used the widely popular YOLOvVT for object detection, followed by BoT-

SORT (Simple Online and Realtime Tracking) [3] for object tracking.

BoT-SORT (Simple Online and Realtime Tracking) [3] is an advanced multi-object track-
ing algorithm that seamlessly integrates object detection, association, and re-identification
techniques. With its exceptional accuracy across diverse datasets, BoT-SORT stands at the

forefront of state-of-the-art algorithms in this domain.

The functioning of BoT-SORT starts with the identification of objects within each frame of

a video. This is accomplished by leveraging a powerful pre-trained object detector, such as
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YOLOvT7 [69]. Notably, YOLOV7 excels in accurately detecting even small objects within
lower-resolution frames. Once the objects are detected, BoT-SORT employs a Bayesian
approach to associate them across frames, taking into account their appearance, motion,

and social relationships.

In order to accomplish object detection, we rely on the robust YOLOv7 pre-trained model.
This model has proven to be highly effective in identifying objects, even when dealing with
lower-resolution frames. Subsequently, the detected objects are linked across frames utilizing
the BoT-SORT algorithm, which is widely acclaimed as the most efficient and accurate
tracking method currently available. Results for object detection using YOLOvV7 on a sample
frame are shown in Fig. 3.1.

City of
Virginia Beach

(..5"}) FREE TRAFFIC INFO | 511virginia.org

Figure 3.1: Sample frame from the VT-CAST 2020 dataset showcasing object detection
using YOLOvT7. Every traffic participant is enclosed within a bounding box, with their
representative point denoted by the center of the bottom edge of each box.

The participant’s approximate position can be best estimated by identifying the point closest



22 CHAPTER 3. TRAFFIC MODELING

to the ground. When working with data from a monocular camera, it is difficult to construct
a 3D bounding box with a ground plane. Therefore, we obtain an estimation of each par-
ticipant’s position by considering the midpoint of the lowermost edge of the bounding box
(shown in Fig. 3.1). This approximation allows us to represent a participant with a single
point, minimizing noise. This approach is superior to using the centroid of bounding boxes,
as the centroid may be elevated from the ground, resulting in an inaccurate representation

of the participants’ positions.

3.2.2 Pixel-to-GPS transformation

Converting the pixel coordinates to GPS is a process that involves transforming an image
captured by a camera into geographic coordinates using GPS (Global Positioning System)
data. This technique is widely used in the field of remote sensing and allows researchers to
obtain geolocation information from satellite or aerial imagery. Figure 3.2 shows how GPS

location is represented in the geographic coordinate system.

In this study, we utilize the video feed obtained from cameras strategically positioned at dif-
ferent intersections across Virginia by the Virginia Department of Transportation (VDOT).
Our focus is on two intersections- one which has exhibited a comparatively high frequency of
crashes, and the other which has had a low frequency of crashes. To ensure optimal visibility
of the road structure and markings, we carefully select a frame that minimizes the presence
of vehicles. In addition to the camera footage, we incorporate the Google Earth (nadir) view
of the same area, leveraging the known locations of these cameras. By combining these two

perspectives, we perform pixel-to-GPS transformation to establish geospatial references.

The process of pixel-to-GPS transformation involves annotating the image captured by the

camera with key points that can be identified distinctively in the Google Earth view. Around
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PARALLELS OF LATITUDE AND MERIDIANS OF LONGITUDE

point located at North Pole

Latitude

© Encyclopaedia Britannica, Inc. Prime Meridian

Figure 3.2: Exploring the geographic coordinate System: Latitude angles range from 0 to 90
degrees north and south of the equator, while longitude angles span from 0 to 180 degrees
east and west of the prime meridian. Images credit: [10, 22]

20-30 points are chosen that are spread around the entire image so that the projection is
not biased towards a particular region of the image. Based on the pixel coordinates from
the camera view and the GPS coordinates from the Google Earth view of these key points,
a homography matrix is obtained. This homography matrix can now map any point visible
in the camera to the corresponding GPS coordinate. One additional requirement is that the
chosen point should be as close to the ground surface as possible. This is required since the

homography matrix does not take height into account.

The accuracy of pixel-to-GPS perspective projection depends on several factors, including
the quality of the GPS data, the stability of the camera’s orientation, and the quality of the
data captured by the camera. However, when these factors are carefully controlled, pixel-to-
GPS projection can produce highly accurate geolocation information, making it an essential

tool for many applications in remote sensing, including mapping and monitoring.
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Figure 3.3: Matching points are chosen manually in Google Maps “bird-eye” view (left) and
camera view (right) for homography computation.

To compute the homography matrix, we utilize the Random Sample Consensus (RANSAC)
algorithm [26]. This algorithm is widely used in computer vision and image processing for
estimating a transformation matrix between sets of corresponding points in different images.

It is particularly effective when dealing with data that contains outliers or errors.

The RANSAC algorithm works iteratively by randomly selecting subsets of the matching
points and estimating a homography matrix based on those subsets. The obtained matrix
is then used to evaluate the number of inliers, which are the points that align well with
the estimated transformation. This iterative process helps filter out outliers and provides a
robust estimation of the homography matrix. The below equation is used for transformation

after the homography matrix has been obtained:
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Here, x5 and y, are the x and y coordinates in the source (camera) coordinate system, and
xq and y, are the z and y coordinates in the destination (geographic) coordinate system.

The homography matrix is represented by H and is a 3 x 3 matrix, and w is a scaling factor.

Due to the lower quality of videos, the bounding box surrounding each participant tends
to vary and exhibit jitter. This also affects the trajectory of the tracked point post trans-
formation. To further enhance the smoothness of the participant’s trajectory, we apply a
Savitzky—Golay filter [58] on the tracked GPS point for each participant. This filtering tech-
nique helps reduce noise and irregularities in the participant’s movement pattern, resulting

in a more refined and consistent trajectory.

The GPS reference point is used to convert the GPS coordinates of all the participants in
terms of relative distance (in meters) along the z-axis and y-axis directions. These axes are

taken to be parallel to the image width and length.

3.2.3 OpenStreetMap for road layout

OpenStreetMap (OSM) [34] is an inclusive and collaborative mapping initiative that strives
to develop a broad, freely accessible map of the entire world. Its primary objective is to pro-
vide an open-source platform for individuals and organizations to contribute geospatial data,
encompassing essential elements like roads, buildings, and points of interest. Contributors
can utilize a variety of methods, including GPS devices, aerial imagery, and manual editing,
to contribute their data to the project. In this work, we use the JOSM (Java OpenStreetMap

Editor) software [39] for creating maps.

Lanelet2 [53] is an adaptable and all-encompassing library designed to handle and manip-
ulate map data specifically in the context of autonomous driving scenarios. As an integral

part of ROS2 (Robot Operating System 2), Lanelet2 focuses on processing high-definition
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Figure 3.4: Mapping created manually in the OpenStreetMap format for one of the intersec-
tions in Virginia with a high history of crashes. Blue lines delineate the boundaries between
roads and road surfaces, while green lines indicate the boundaries between non-road areas
and road surfaces.

(HD) maps, taking into consideration not only the geometric attributes of the road but also

semantic information such as lane regulations and traffic rules.

The core data structure in Lanelet2 is the “lanelet”, which represents an individual drivable
lane on the road. Fig. 3.4 shows the lanelet map created for an intersection in Virginia that
has experienced a higher frequency of traffic accidents. The map has been overlayed on Bing
Maps aerial imagery to better visualize the lanelets according to the actual road structure.
Each lanelet can be visualized as a segment of the road that includes its left and right
boundaries, determining the flow of traffic. Moreover, each boundary is assigned a property
of ‘virtual’ or ‘road boundary’. The property ‘virtual’ means that the boundary is between

two sets of lanes moving in the same or opposite direction. The property ‘road boundary’
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means that the boundary is between a road and a non-road surface. These boundaries are not
mere lines but are additionally annotated with relevant traffic rules associated with them.
This comprehensive annotation approach enables the Lanelet2 model to provide a nuanced

and thorough understanding of the road environment.

3.2.4 Semantic scene graph

A scene graph is a hierarchical data structure to represent a scenario. Unlike typical graphs,
scene graphs possess a specific structure with parent-child relationships, rather than arbi-
trary connections between nodes and edges. Each node represents a traffic participant and
typically contains information about its position, orientation, scale, and other attributes

that define its appearance and behavior in the scene.

Figure 3.5: Google Earth view for a road intersection in Blacksburg, VA. Intersection labeled
with the different road segments called “lanelets” in the OpenStreetMap format

A semantic scene graph, on the other hand, is a specialized type of scene graph utilized in
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computer vision to represent a 3D scene in terms of its semantics. In a semantic scene graph,
every node corresponds to an object present in the scene and is labeled with a category or

PR ENA4

class of object, such as “car”, “person”, “bicycle” and so on.

Diverging from a regular scene graph, which solely encodes spatial relationships between
objects, a semantic scene graph also captures functional and semantic relationships between
objects. For instance, it might indicate that a ‘person’ node is “adjacent” to a ‘car’ node or
that a ‘truck’ node is “behind” a ‘car’ node. This supplementary semantic information can
be leveraged to support a broad array of applications, including object recognition, scene

comprehension, and task planning.

Lanelet map and the road graph

In Fig. 3.5, we present the creation of a lanelet map by following the established protocol for
generating standard drone-based trajectory datasets such as [9, 27, 72, 73|. This mapping

has been overlayed over the Google Earth view for better visualization.

To construct the directed road graph depicted in Figure 3.6 automatically, we follow the
methodology outlined by Zipfl et al. [76]. Each lanelet has been assigned a unique character

for easy identification within the road graph.

The graph consists of three types of edges, distinguished by color. Consecutive edges indicate
that two road segments / lanelets / nodes are positioned consecutively, with one following
the other. These edges are unidirectional since traffic can only flow in one direction through
two consecutive road segments. Adjacent edges signify that two road segments are positioned
next to each other. These edges are bidirectional, allowing traffic to move in both directions.
Finally, overlapping edges represent road segments that overlap or cross over each other,

sharing a specific area of the road. These are also bidirectional in nature.
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Figure 3.6: Road graph for the intersection shown in Fig. 3.5. Each node represents an
individual road segment (lanelet). Different colored edges indicate edges representing various
relations- Consecutive, adjacent and overlapping

Projection to Frenet space

Now that we have established the road layout, our next step is to represent the participants
on the road. In Fig. 3.7, we additionally label the vehicles (alphabetically) to identify them
in the creation of a semantic scene graph. We utilize “Frenet Coordinates” [5] (Fig. 3.8),
which offer a more intuitive representation of a position on a road compared to the traditional
Cartesian Coordinates. In Frenet space, the centerline of each road segment corresponds to
one of the axes. By transforming the variables (z,y) from Cartesian coordinates to (s, d) in

Frenet space, we can accurately describe the position of a vehicle on the road.

In Frenet Coordinates, ‘s’ represents the distance along the road, also known as longitudinal

displacement. ‘d’ represents the side-to-side position on the road relative to the reference
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Figure 3.7: Example scenario demonstrating multiple vehicles along with their position and
heading with respect to the road structure shown in Fig. 3.5

path, also known as lateral displacement.

To determine the Frenet Coordinates for a given point in the vehicle frame, we need to find
the closest point on the reference path. The run length from the reference path points pro-
vides us with the ‘s’ coordinate of the transformed point. If the reference path is sufficiently
smooth, meaning it is continuously differentiable, the vector at that point will be orthogonal
to the reference path. The signed length of the perpendicular vector from the reference path

determines the ‘d’ coordinate.

By utilizing these concepts, we can represent the positions of vehicles on the road using

Frenet Coordinates.

Spatial abstraction

The pose of a vehicle in space can be influenced by various factors. In certain situations, a

participant may have projections onto multiple road segments, particularly when the vehicle
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Figure 3.8: Transformation from Cartesian to Frenet coordinates. The figure on the bottom-
left shows an example vehicle with the origin of cartesian coordinate frames aligned to it.
The figure on the bottom-right shows the same vehicle in Frenet space with the centerline
of the road as the ‘s’ axis. Figure on the top shows the transformation from Cartesian to
Frenet space. Images credit: [16, 28]

is changing lanes. This scenario is particularly common at intersections where multiple road
segments meet and overlap. To accurately represent these projections, each participant’s

projection is aligned with the corresponding road segment’s Frenet coordinates.

Semantic scene graph creation

In the proposed system, despite participants having multiple projection identities, each par-

ticipant is consolidated into a single object node. Let p,;, represent a path in the road graph

b
road

a

Groaa connecting two road segments vy,

g and v’ ., (represented as nodes in the graph) where
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Figure 3.9: Projecting traffic participants onto their corresponding lanelets. Vehicle ‘2’ has
multiple projections as it is partially present in multiple lanelets

two projection identities m! and m/ exist. If all edges in py; are labeled as “consecutive,” it

indicates a longitudinal relation between the two traffic participants ¢ and j.

When vehicles travel in adjacent lanes, they are linked in the scene graph through a lateral
relationship. This means that when a path p,; exists between v ; and v?,; in Gyeaa, Where
each edge in p,, has the “consecutive” attribute and exactly one edge has the “adjacent”
attribute, the corresponding traffic participants in the scene graph are labeled with the

attribute k..., = lateral.

Intersecting traffic participants ¢ and j (k. = intersecting) are those traveling in lanes
that will either overlap or merge. This condition is met when there exists a path p., € Groud
where each edge in pg, is labeled either “consecutive” or “adjacent,” and exactly one edge
is labeled “overlapping.” It is important to note that once an edge with the “overlapping”

attribute is included in pgy;, all subsequent edges must be reversed.

To maintain a realistic representation, the length of the path [p| is limited (usually set to

30 meters). This prevents the inclusion of edges between traffic participants that are signifi-
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cantly distant from each other. Figure 3.10 illustrates the final semantic scene graph created
based on the traffic scenario depicted in Figure 3.7. The corresponding graph’s adjacency
matrix representation is shown in Table 3.1. This method is carried out for the different
intersections and various scenarios automatically through the Python implementation pro-

vided by Zipfl et al. [76].

Figure 3.10: Semantic scene graph for the example scenario shown in Fig. 3.7. Each node
represents an individual traffic participant from the scene. Different colored edges indicate
edges representing various semantic relations- Longitudinal, lateral and intersecting

Table 3.1: Adjacency matrix representation for the graph structure in Fig. 3.10. The row at
the top corresponds to the tail of the edge, i.e., the starting node for the directed edge. The
column at the left corresponds to the head of the edge, i.e., the ending node for the directed
edge. Each element in the matrix represents the edge embedding which would store the
semantic and relational information. Detailed information regarding the edge embeddings
are presented in Section 4.3.1

Head | || Tail - | 1 2 3
1 - - €13
2 €21 - €23
3 €351 | €352 -




Chapter 4

Safety Analysis

4.1 Network Theory

Network theory is a field of study that focuses on analyzing and understanding complex
systems composed of interconnected elements. It has found numerous applications in various
domains, including transportation and traffic analysis. The structure of these networks,
referred to as topology, holds important information and can be useful in uncovering insights
about traffic patterns and flow. The goal of network analysis is to effectively manage the
complexity of the network and extract meaningful information about traffic behavior and

performance.

Networks can be used to depict various types of data. The nodes in these networks can
symbolize different components such as vehicles or pedestrians, and the edges between them

represent the connections or relationships between them.

The topological properties of these networks, including the arrangement of nodes and edges,
play a crucial role in identifying key structures and relationships within the network [42].
These properties can be applied to the entire network or specific nodes and edges to better

understand the traffic flow and optimize transportation systems.

34
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4.1.1 Node-level features

Node features provide information regarding the structure and position of nodes in the
network. By analyzing these node-level features, we can gain insights into the role and
importance of individual nodes in the network, as well as identify patterns and trends in the

network’s overall structure and behavior.

Node degree

Node degree refers to the number of edges connected to it. This parameter is a critical
factor that impacts various aspects of network analysis, including the centrality of a node.
In directed networks, nodes have two different degrees: out-degree and in-degree. Out-degree
represents the number of edges originating from a node, while in-degree refers to the number
of edges ending at a node. Nodes with high degrees are more connected to other nodes and
can have a greater influence on the network as a whole. On the other hand, nodes with low
degrees are less connected to other nodes and may have a smaller impact on the network as

a whole.

Centrality

There are various forms of centrality, each capturing a unique concept. Centrality can
be computed for nodes and edges and provides a measure of their importance in terms of
connectivity or information flow within the network. The degree of a node significantly
impacts many centrality measures, such as degree centrality. However, more advanced forms
of centrality, such as betweenness centrality, consider a wider range of factors and therefore

result in a reduced influence of node degree.

Eigenvector centrality also known as eigencentrality or prestige score is a measure of the
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influence of a node in a network. High-scoring nodes contribute more to the score of a node
in consideration. This is a recursive formulation as the score of a node is dependent on the
scores of its neighboring nodes, and so on. Rewriting this in a matrix form, and finding
the eigenvector corresponding to the largest eigenvalue gives the centrality. The following

equation shows the formulation and the matrix representation:

1
=7 Z cu & Ae = Ac (4.1)
u€N (v)
Here, A is the adjacency matrix such that A,, = 1 if u is a neighbor of v. A is the normal-
ization constant, and the eigenvector c¢,,,, corresponding to the largest eigenvalue \,,q; is

used for centrality.

A node with high eigenvector centrality is connected to other nodes that are also highly
connected and important in the network. This means that the node has a high influence
in the network and can spread information or influence throughout the network more effec-
tively. Conversely, a node with low eigenvector centrality is connected to nodes that are less

important in the network, and therefore has less influence on the network as a whole.

Betweenness centrality is used to determine the importance of a node within a network
based on its ability to connect other nodes. Specifically, it is calculated as the number
of shortest paths that pass through a node divided by the total number of shortest paths
in the network. This results in a score between 0 and 1. Nodes with high betweenness
centrality (close to 1) are considered to be critical in maintaining the flow of information
or resources throughout the network because they act as mediators or connectors. Nodes
with low betweenness centrality (close to 0) lie on fewer of the shortest paths between pairs
of nodes in the network, and therefore, are considered to have less control over the flow of

information or resources.
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Closeness centrality is used to determine the importance of a node within a network based
on its ability to reach other nodes in the network. Specifically, it calculates the reciprocal of
the sum of the shortest distances between a node and all other nodes in the network. Nodes
with high closeness centrality are considered to be important because they have a higher
ability to receive and disseminate information or resources within the network. Conversely,
nodes with low closeness centrality have a longer path to reach other nodes in the network,

and therefore have a lower ability to receive and disseminate information or resources.

Clustering coefficient

The clustering coefficient is a measure used to determine the degree to which nodes in a
network are connected to each other. Specifically, it quantifies the extent to which a node’s
neighbors are themselves connected to each other. Nodes with high clustering coefficients are
said to form clusters or cliques, where each node is connected to multiple other nodes in the
cluster. The calculation of clustering coefficient involves determining the fraction of a node’s
neighbors that are also neighbors of each other. This value is then averaged over all nodes in
the network to give a score between 0 and 1, with higher scores indicating that the node is
part of a tightly-knit group or cluster within the network, where there are many connections
between nodes. A low score indicates that the node may not be part of a tightly-knit group

or cluster within the network, and there are fewer connections between nodes.

4.1.2 Link/edge level features

Link-level features provide information about individual edges or links in a graph, and can
be used to understand the relationships between nodes in the network. By analyzing these

link-level features, we can gain insights into the patterns and trends of relationships between
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nodes in the network, as well as identify influential edges and understand their role in the

network’s overall behavior.

Local neighborhood overlap

Local neighborhood overlap measures the similarity between the sets of neighbors of two
nodes in a network. If two nodes in a graph have many neighbors in common, then they are

likely to have a stronger relationship or influence on each other.

Jaccard’s coefficient measures the similarity between two sets of data. It is defined as
the ratio of the number of common neighbors of two nodes to the total number of neighbors
of the two nodes combined. A high Jaccard’s coefficient between two nodes signifies that
they have a significant number of common neighbors, indicating that they are likely to have
a stronger relationship or influence on each other. Conversely, a low Jaccard’s coefficient
between two nodes signifies that they have few common neighbors, indicating that they may

have a weaker relationship or influence on each other.

Adamic-Adar index is based on the idea that the importance of a shared neighbor between
two nodes is inversely proportional to the number of neighbors that the shared neighbor has
in the network. The Adamic-Adar index between two nodes is calculated by summing the
inverse logarithm of the degrees of all the shared neighbors of the two nodes. The degree of
a node is the number of edges that it has in the network. The formula for calculating the

Adamic-Adar index is shown below:

1
2 Togldeg(@) -

u€EN (v1)NN (v2

Here, deg(u) refers to the degree of node u that is a common neighbor of nodes v; and vs.
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A high Adamic-Adar index between two nodes indicates that they have many common
neighbors with low degree, which implies that their similarity is based on connections to less
important nodes in the network. In contrast, a low Adamic-Adar index between two nodes
indicates that they have few common neighbors with low degree, which implies that their

similarity is based on connections to more important nodes in the network.

Global neighborhood overlap

Global neighborhood overlap measures the similarity between the sets of neighbors of all
pairs of nodes in a network. It quantifies the extent to which nodes in the network have
similar sets of neighbors, and therefore reflects the overall structure and connectivity of the

network.

Katz index evaluates the relative importance of each node based on its direct and indirect
connections to other nodes. It counts the number of walks of all lengths between a pair of

nodes, and can be formulated as follows:

S=(I-BA) 1T (4.3)

Here, S is the Katz index matrix, S is the discount factor, I is an identity matrix, and A is

the adjacency matrix.

4.1.3 Results

In order to assess the traffic density of a specific traffic scene, we employ a simplified graph
representation. This approach is adopted due to the presence of multiple edges with distinct

properties between two nodes in the semantic scene graph, where network theory concepts



40 CHAPTER 4. SAFETY ANALYSIS

fail to differentiate between these various edge types. As a result, we employ a preliminary
method that establishes connections between a node and other nodes within its vicinity. In
this graph, each node represents a traffic participant, and edges are established between any

two distinct traffic participants (u, v) based on their Euclidean distance as shown here:

1, if dist(u,v) < margin
Cup = (4.4)

0, otherwise

This graph construction method is further illustrated in Fig. 4.1.
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dist(1,3) > margin

Figure 4.1: Euclidean distance based graph construction method: Edges exist between the
pairs ‘Car_ 1’ and ‘Car_2’, and ‘Car_2" and ‘Car_3’ as the Euclidean distance between
them is less than the set margin. There is no edge between the nodes ‘Car 1" and ‘Car_ 3’
as the distance margin is violated.

Tables 4.1 and 4.2 present the node and link features, respectively, for one of the unsafe
intersections in Virginia. This particular intersection has a documented history of a high
frequency of crashes. The node and edge features provided in the tables were obtained from
a H0-minute video feed captured during the afternoon at the intersection. The margin was

chosen as 10 meters for creating the graph. Based on the obtained graph, these features
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were calculated.

Table 4.1: Average values for various node-level features such as degree, centrality, and
clustering coefficient computed for one of the videos from the VDOT database

Centralit Clusterin
Node Count | Degree Eigenvector BetweennZss Closenness coefficien%
Car 8177 | 2.48659 0.18796 0.03496 0.24433 0.32658
Truck/bus | 3110 | 2.57098 0.21295 0.02449 0.25161 0.3795
Pedestrian 120 1.46054 0.10737 0.016178 0.18812 0.25529
Bicycle 23 4.81395 0.19966 0.05233 0.41798 0.42497
Motorcycle 23 2.6279 0.24813 0.05588 0.3293 0.40337

Based on the data presented in Table 4.1, it is evident that cars, trucks, and motorcyclists
typically have an average degree of approximately 2.5. This suggests that, on average, they
are surrounded by 2-3 other vehicles or traffic participants. On the other hand, bicyclists
have a higher degree because they share edges with both pedestrians and vehicles. However,
due to the narrower cycling lanes, there tend to be more traffic participants within a 10-
meter proximity to cyclists. Consequently, cyclists are generally at a higher risk as they have

a greater number of traffic participants in close proximity.

Moreover, among all the road users, bicyclists experience the least amount of safety. This is
primarily due to their higher exposure to nearby traffic participants and the inherent risks
associated with sharing the road with vehicles. In contrast, pedestrians typically walk on
sidewalks and thus have the fewest number of connections or edges with other participants.
Additionally, it appears that there are only a limited number of pedestrians captured in the

video data.

Eigenvector centrality measures a traffic participant’s significance within a network. Upon
analyzing the table, it becomes evident that pedestrians hold the lowest influence on the
network, while other participants exhibit relatively comparable levels of influence. Notably,

motorcyclists emerge as the group with the most substantial impact.
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Betweenness centrality quantifies the extent to which a traffic participant facilitates connec-
tions among other participants. In the context at hand, most of the betweenness centrality
values are in close proximity to zero. Bicycles and motorcycles exhibit the highest between-
ness centrality, indicating their significant role in connecting other participants. Conversely,
pedestrians exhibit the lowest betweenness centrality value, suggesting a comparatively lesser

influence on facilitating connections among traffic participants.

Closeness centrality is a measure that quantifies how close a traffic participant is to other
participants within a network. It is calculated based on the distances between the participant
and all other participants. The values of closeness centrality follow a similar trend as the

average degree for different traffic participants in the network.

The clustering coefficient is a measure that indicates the tendency of nodes in a network to
form clusters or groups. It is observed that bicycles exhibit the highest tendency to form
clusters, followed by motorcycles. In contrast, pedestrians have the least inclination to form

such clusters.

Table 4.2: Average values for various link-level features such as Jaccard’s coefficient, Adamic-
Adar index, and Katz index computed for one of the videos from the VDOT database

Average
Nodel Node2 Jaccard | Adamic-Adar
Bicycle Car 0.20755 0.85407
Bicycle Pedestrian | 0.05555 0.2103
Bicycle Truck/Bus | 0.19010 0.89363
Car Car 0.2341 0.82552
Car Motorcycle | 0.21041 0.72338
Car Pedestrian | 0.191915 0.5831
Car Truck/Bus | 0.25405 0.89782
Motorcycle | Pedestrian | 0.03809 0.16156
Motorcycle | Truck/Bus 0.2 0.63092
Pedestrian | Truck/Bus | 0.12771 0.43341
Truck/Bus | Truck/Bus | 0.29414 0.99186

Based on the local-overlap data (Jaccard’s coefficient and Adamic-Adar index) presented in
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Table 4.2, motorcycles and pedestrians, and bicycles and pedestrians have the least number
of edges with common traffic participants. This could be because most of the edges of traffic
participants are with cars given the high number of cars in the video. The values for the
various other node types are very similar. It is additionally observed that in the case when
two trucks/buses are present in the frame, there are more common traffic participants than

usual.

The Katz index is typically used in network analysis to measure similarity or overlap between
nodes based on their connectivity patterns within a network. It is commonly applied to social
networks, where nodes represent individuals and edges represent relationships between them.
In such networks, the Katz index can capture the degree of similarity or overlap in terms of

shared connections.

However, in a traffic network where nodes represent traffic participants and edges represent
proximity, the concept of similarity or overlap between nodes may not be meaningful in the
same way. In this context, the focus is on proximity and interaction between participants

rather than shared connections.

In traffic networks, other measures such as traffic flow, congestion, shortest paths, or cen-
trality measures like betweenness centrality or closeness centrality may be more relevant for

understanding the dynamics and efficiency of the network.

4.2 Traffic safety metrics

Overspeeding or driving too slow

Engaging in driving practices that significantly exceed or fall below the designated speed

limit poses inherent dangers [65]. To evaluate the severity of such deviations, we employ a
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simple method of calculating the variance between the prescribed speed limit and the actual
speed of the vehicle. This straightforward calculation allows us to gauge the extent of the

violation and its potential consequences on road conditions.

The roads leading to the selected Virginia Beach intersection have a prescribed speed limit
of 45 mph (miles per hour). In order to identify instances of deliberate reckless driving and
violation of the speed limit, we have established a speed threshold of 55 mph. Given that the
chosen intersection is equipped with traffic signals, we do not focus on very slow vehicles.
This is because vehicles approaching the intersection are expected to slow down and come
to a stop in accordance with the signalization. Thus, our focus is on monitoring situations

where vehicles exceed the speed limit by driving at speeds greater than 55 mph.

Accelerating or decelerating rapidly

Rapid acceleration presents a multitude of risks and hazards that demand recognition and
mitigation [19]. These hazards encompass the potential loss of control, reduced traction, and
an extended stopping distance. Similarly, rapid deceleration, commonly known as sudden
braking, entails its own set of dangers, such as whiplash injuries, compromised balance,
and an increased likelihood of rear-end collisions. Safeguarding individuals necessitates a
meticulous assessment of acceleration or deceleration, treating it as the rate of speed change.
Consequently, this parameter can be expressed in terms of the g-force experienced by each

participant, ensuring a comprehensive evaluation of safety measures.

We have established specific thresholds for acceleration and deceleration based on the gen-
erally accepted safe limits observed in most vehicles [57]. For acceleration, we have set the
threshold at 0.6g, indicating the capability to reach a speed of 60 mph from a standstill in

less than 5 seconds. This ensures a quick and efficient acceleration without compromising
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safety.

Similarly, for deceleration, we have set a threshold of 0.5g, which corresponds to the maxi-
mum force experienced during safe braking. This allows for effective and controlled deceler-

ation, ensuring the vehicle can come to a stop swiftly while maintaining safety standards.

Time-to-Collision (TTC)

The Time to Collision (TTC) is a critical measurement used to assess the probability of
a collision between two traffic participants. It provides a quantitative indication of the
time required for two participants to collide if their current trajectories remain unchanged.
The TTC metric plays a vital role in predicting and preventing accidents by enhancing
the effectiveness of collision avoidance systems. Typically, TTC is computed based on the
relative distance and velocities of the two participants. By estimating these parameters,
it becomes possible to determine the time remaining until the participants reach critical

proximity that could result in a collision.

The calculation of the TTC parameter is applicable when two participants are moving lon-
gitudinally, either in the same direction or opposite directions. The information about the
longitudinal relationship between a pair of participants is obtained from the semantic scene
graph. The TTC value is usually compared to a predefined safe threshold. If the calculated
TTC falls below this threshold, it is considered dangerous, indicating an increased likelihood

of an accident.

The purpose of establishing a safe threshold for TTC is to define a clear criterion that
helps identify critical situations where there is insufficient time remaining before a potential
collision for appropriate actions to be taken. By defining this threshold, it becomes possible

to prompt timely responses and implement necessary measures to avoid accidents.
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One limitation of TTC as a safety measure in intersection scenarios is its tendency to gener-
ate a significant number of false violations, which may not necessarily indicate unsafe driving
behavior. This issue arises because vehicles often decelerate when approaching a stop sig-
nal, which can mistakenly trigger TTC calculations suggesting a potential collision with
the vehicle ahead. The fundamental assumption underlying TTC is that vehicles maintain
their velocities, which does not hold true in situations where vehicles slow down to stop or

accelerate to cross intersections, such as when encountering traffic signals.

In this work, we choose the threshold value for TTC as 2 seconds based on studies concerning
safe following distances and speed [18]. Tt is to be noted that only considering TTC as the
safety metric would lead to incorrect analysis, especially for intersections. We therefore,
take into consideration both the vehicle speed and braking along with TTC to consider a

situation as collision-prone (explained in Section 4.3.1).

In this study, we selected a threshold value of 2 seconds for Time-to-Collision (TTC) based
on research on safe following distances and speed [18]. While TTC is an important safety
metric, it alone cannot provide accurate analysis, particularly in the case of intersections.
Hence, we adopted an approach by incorporating factors such as vehicle speed, braking, and

TTC to identify collision-prone situations more effectively (explained in Section 4.3.1).

Post-Encroachment Time (PET)

PET is a crucial metric used to assess the risk of collisions in traffic scenarios. It represents
the time interval between one traffic participant leaving an encroached region and another
participant entering the same space thereafter. PET directly measures the amount of time
available for road users to react to potential hazards, making it a valuable indicator of

collision probability.
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To evaluate PET values, this study focuses on pairs of participants that exhibit either a
lateral or intersecting relationship, as determined by the semantic scene graph. Intersecting
relationships commonly occur at traffic intersections or when one road merges into another.
Lateral relationships, on the other hand, arise when two participants occupy adjacent lanes

and may potentially cross paths if one or both participants decide to change lanes.

Unlike previous metrics, the calculation of PET cannot be obtained through a straightfor-
ward formula. It necessitates the identification of instances where a current participant
intersects with a point previously traversed by another participant. Crucially, this calcu-
lation considers the requirement that the two participants share a lateral or intersecting
relationship. By accounting for these factors, PET provides a comprehensive assessment of

collision risk in traffic scenarios.

A threshold of 1.5 seconds has been established for the PET (Post-Encroachment Time)
metric, taking into account previous research on PET values for medium and high-risk
scenarios [54]. If the estimated PET value of two vehicles involved in a situation is less

than or equal to 1.5 seconds, it is considered unsafe.

4.3 Graph Neural Networks

Graph Neural Networks (GNNs) have gained widespread usage across various domains due
to their ability to learn from data modeled as graph or network data with nodes and edges.
Over the past few years, there has been a significant surge in the growth and application of
GNN models. However, the unique properties of graph data pose challenges for traditional

neural networks, making them less suitable for this type of data. Some key limitations are:

o Unlike images, graph data cannot be resized, reshaped, or padded to fit a predeter-
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mined input size. Consequently, conventional neural networks, which typically expect

fixed-size inputs, face difficulties when handling graph data.

o Isomorphism: Graphs that may appear dissimilar can actually possess identical struc-
tural properties. Consequently, algorithms designed to process graph data must exhibit
invariance to permutations, enabling them to handle graphs that have different node

ordering but equivalent structures.

o Graphs exhibit a non-Euclidean structure, which contrasts with the grid-like structure
of images or regular grid data. Consequently, machine learning techniques applied
to graph data are often referred to as Geometric Deep Learning, acknowledging the

geometric nature of the data and the need for specialized approaches.

GNNS5 are built upon the fundamental concept of message-passing layers. While there exist
various versions of GNNs, their differences primarily lie in the AGGREGATE and UPDATE
functions employed within the message passing layer. These functions play a crucial role in

information aggregation and updating representations throughout the graph network.

4.3.1 Building the data

In the VT-CAST 2020 dataset, we carefully chose two intersections for our study. One
of these intersections had a significant history of crashes, making it statistically notable.
On the contrary, the other intersection had a minimal record of past crashes. To ensure a

comprehensive analysis, we selected three videos from each intersection.

For the training subset, we utilized two videos from each intersection, while one video from
each intersection was allocated to the test subset. To maintain consistency, all videos were

recorded at a frame rate of 15 frames per second. Consequently, we obtained a frame
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(timestamp) at approximately every 66.67 seconds, which enabled us to carry out a thorough

examination of the intersections’ traffic behavior and safety patterns.

Given our specific focus on intersections, we determined that underspeeding had limited rel-
evance for our analysis. Instead, we concentrated on consolidating data related to overspeed-
ing, rapid acceleration, rapid deceleration, as well as the number of traffic rule violations
concerning Time-to-Collision (TTC) and Post-Encroachment Time (PET). These various
factors were combined to assign a binary label, either “Risky” or “Non-risky”, to each frame
in the dataset. The below equation shows the combination of the different safety parameters
used to define the “Risky” or “Non-risky” label. The variable c¢; denotes the class label for
a frame f from the video. A value of 1 denotes that the situation is “Risky”, and 0 denotes

that it “Non-risky”.

¢y = min(1, floor(0.5 X npgr + 0.25 X nrrc + 0.5 X ng + 0.5 X ng)) (4.5)

Here, we define the variables as follows: npgr represents the count of vehicles violating the
PET metric, and nppe represents the count of vehicles violating the TTC metric. It is
important to note that both npgr and nprc will always be multiples of 2, as these metrics
involve two vehicles. Additionally, we have ng and ng indicating the number of vehicles

engaging in rapid acceleration or deceleration and overspeeding, respectively.

The ratios for the different parameters are carefully selected to ensure that a single collision-
prone situation is enough to label the entire frame as unsafe. If there is even one violation
of the Time to Collision (TTC) metric, involving two vehicles, the situation is classified
as “Risky” regardless of the status of other metrics. However, TTC violation is taken into
account in conjunction with factors such as overspeeding, rapid acceleration, or deceleration.

This is because TTC violations commonly occur in intersection scenarios. If the TTC value
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is violated along with either excessive speed or abrupt acceleration, the situation can be

considered unsafe.

A graph is created to represent each frame of both the training and test dataset splits. To
create the Semantic Scene Graph structure, we adopt the method as proposed by [76] and
described in Chapter 3. Once the structure is established, we proceed to assign node and
edge features. In this graph, each traffic participant corresponds to a node, and we represent

each node embedding with a 9-dimensional feature vector.

The feature vector for each node consists of the following components: the first four elements
encode the participant class using one-hot encoding, representing pedestrian, bike, truck/bus,
or car. The remaining elements in the vector represent the magnitude of velocity, the x-
component of velocity, the y-component of velocity, as well as the length and width of the

participant. The below equation provides a clear representation of this feature vector.

e;sj = [i1sPed,isBike,isCar, isTruckBus, |v|, v,, vy, length, width] (4.6)

Additionally, the edges in the representation are characterized by a 6-dimensional feature
vector. Within this vector, the elements at odd indices serve as one-hot representations
indicating whether the edge is longitudinal or not, lateral or not, or intersecting or not.
On the other hand, the even indexed elements correspond to the distances between the two
participants specifically for each edge type. It is important to highlight that these distances
are not measured in terms of Euclidean distance, but rather they reflect the distances along
the curve of the road. If that type of edge does not exist, the corresponding distance value
in the feature vector is simply zero. The below equation provides a clear representation of

this feature vector.
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w; = [isLon, |dion|, isLat, |dia|, isInt, |din|] (4.7)

4.3.2 Model selection and evaluation

Selecting the appropriate Graph Neural Network (GNN) capable of integrating node and
edge embedding information is of utmost significance. In our research, we relied upon the

GNN cheatsheet offered by PyG [25] as a valuable reference for selecting the different models.

TransformerConv

TransformerConv is a novel attention-based model that was proposed in [61]. It is designed
to be more efficient and effective than traditional attention mechanisms for graph-structured
data. The graph transformer operator works by first computing a local attention score for
each pair of nodes in the graph. This score is based on the features of the two nodes and the
edges between them. The local attention scores are then used to compute a global attention
score for each node. This score is used to weight the features of the neighboring nodes when

updating the features of the current node.

The graph transformer operator has several advantages over traditional attention mecha-
nisms. First, it is more efficient because it only computes local attention scores, rather
than global attention scores. Second, it is more effective because it can capture long-range

dependencies between nodes in the graph.

Here is a more detailed explanation of the graph transformer operator: The process begins
with the computation of local attention scores. Each node in the graph is assigned a score
based on its own features and those of its neighboring nodes. These scores are subsequently

normalized, and the attention score for each node pair is obtained by multiplying the scores
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of the two involved nodes. Next, the global attention score is calculated for each node by
summing up the weighted local attention scores of its neighbors. The weights are determined
using a softmax function to ensure their sum is equal to 1. Finally, the features of a node
are updated using the global attention score. This entails computing a weighted sum of the

features of the node’s neighbors, where the weights correspond to the global attention scores.

GINEConv

GINEConv (Graph Isomorphism Network with Edges) [36] is a graph convolutional neural
network (GCNN) that uses a novel message passing mechanism to aggregate node features.
The message passing mechanism is based on the Graph Isomorphism Network (GIN) [71],
but it also incorporates edge features. This allows GINEConv to learn more complex repre-

sentations of graphs than GNNs that do not use edge features.

The GINEConv architecture consists of several key components. Firstly, the layer begins by
computing a per-edge representation, which is derived from both the node features and the
edge features. This process enables the layer to capture the intricate relationships between
nodes and edges in the graph. Subsequently, the layer aggregates these per-edge representa-
tions, combining them into a comprehensive per-node representation. By doing so, the layer
effectively summarizes the information obtained from neighboring edges and nodes for each
specific node. Finally, to generate the desired output node features, the layer applies a neu-
ral network to the per-node representation, leveraging its ability to learn complex patterns
and relationships within the data. Overall, the GINEConv architecture adeptly transforms

the initial input features into refined and informative node representations.
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Results

A hyperparameter search was conducted for both selected models, and the best results
obtained with the optimal hyperparameters are summarized in Table 4.3. All models were
trained for 100 epochs on a Linux machine with a 16 GB Nvidia V100 GPU.

Table 4.3: Comparison of performance on the VT-CAST 2020 dataset against two state-of-
the-art GNN-based methods

TransformerConv [61] | GINEConv [36]
Accuracy 72.9% 79.85%

An important hyperparameter to consider when optimizing a Graph Neural Network (GNN)
model is the number of layers. This parameter determines the extent to which a node
can gather information from its neighboring nodes and the corresponding edges. When the
number of layers is set to 1, the network can only aggregate information from its immediate
neighbors, which constitutes a one-hop neighborhood. On the other hand, if the number
of layers is set to 2, a node can gather information not only from its direct neighbors but
also from the neighbors of its neighbors, expanding the reach of information aggregation.
However, if the number of layers becomes excessively high, the network may suffer from
oversmoothing, where it aggregates information from all nodes in the network. Conversely,

having too few layers prevents nodes from capturing deeper interactions effectively.

In this work, we obtained the optimal number of layers as 3 for the GINEConv model,
and 2 for the TransformerConv model. This represents the optimal value at which peak
performance was achieved. Deviating from this chosen number of layers, either by increasing

or decreasing it, would result in a decline in performance.

Although attention mechanisms enable the model to selectively prioritize information from
node and edge embeddings, it has been observed that convolutional approaches yield sig-

nificantly superior performance. This discrepancy can be attributed to the relatively low
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dimensionality of the input data (node and feature embeddings).

Table 4.4: Confusion matrix for the GINEConv method evaluated on the VT-CAST 2020
Dataset. The ground truth labels are on the horizontal axis, and the predicted labels are on
the vertical axis

Predicted | || Ground-truth — | Risky | Non-risky
Risky 0.804 0.231
Non-risky 0.196 0.769

The confusion matrix presented in Table 4.4 provides valuable insights into the distribution
of predictions. To ensure a fair comparison, the elements in the confusion matrix have been
normalized by dividing them by the sum of the predictions in the corresponding column.
This normalization is based on the total number of videos with ground truth matching the

column label.

Given that each video contains approximately 40,000 frames, the inference results encompass
the analysis of around 80,000 frames (two videos, one classified as safe and the other as
unsafe, based on statistical information). The numbers within the confusion matrix reveal
a notable presence of false positive and false negative classifications. Such occurrences may
be attributed, in part, to the dataset’s inherent noise, stemming from resolution issues and
accumulating through various stages of object detection, homography transformation, and

safety metric estimation.

To enhance the accuracy of the model’s predictions, a potential solution could involve manu-
ally annotating risky scenarios rather than relying solely on numerical and temporal tracking-
based methods. By incorporating this approach, we may significantly improve the model’s

performance in this specific scenario.



Chapter 5

Driver Distraction Monitoring

While implementing risk analysis for transportation systems is crucial, understanding the
underlying causes of risky behavior in vehicles can pose challenges. One possible explanation
for such behavior is that the vehicle in question may be an emergency vehicle urgently try-
ing to reach its destination, which could account for overspeeding and breaking traffic rules.
Another possibility is that the vehicle is experiencing mechanical failures or technical issues
that are leading to dangerous driving. Additionally, reckless driving may be attributed to
the driver’s thrill-seeking tendencies or even involvement in criminal activities. Incidents
involving reckless driving and component failure often result in damage, injuries, and even
loss of life for law-abiding drivers. Therefore, it becomes imperative to alert other partic-
ipants in such scenarios about potential collisions that could be prevented. In such cases,
our objective is to analyze the situation and provide warnings to all parties involved a few

seconds before an imminent unwanted event occurs.

The system proposed in Chapter 4 focused on assessing the risk level of various scenarios,
particularly in cases where the cause is unknown. One specific type of accident that has
witnessed a surge in recent times is those resulting from distracted driving. It is important to
note that these drivers do not intentionally flout rules or seek to cause accidents. We strongly
believe that by addressing the issue of distracted driving at its core, we can effectively prevent

such accidents.
To accomplish this objective, we propose a highly efficient approach that entails the use

95
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of a camera system to monitor the driver’s behavior. This system is designed to promptly
issue appropriate alerts to the driver whenever necessary, thereby proactively mitigating the
risks associated with distracted driving. In this chapter, we introduce a methodology for
estimating secondary driver activity that distracts the driver from the primary activity of
driving. We utilize a low-resolution monocular video feed captured by a camera positioned

to face the driver.

5.1 Approach

In this section, we present a detailed description of our advanced action recognition model
for driver distraction detection, which is built upon a transformer neural network framework.
This model showcases exceptional performance in identifying and classifying various driver

distractions.

The Video Swin Transformer [44] is a transformer neural network model, specifically designed
for handling video recognition tasks like action recognition. Building upon the success of the
Swin Transformer [43], which initially focused on spatial image understanding tasks such as
object detection and instance segmentation, the Video Swin Transformer extends its capabil-
ities to handle temporal information as well. By incorporating temporal understanding into
the original Swin Transformer architecture, the Video Swin Transformer enables the effective
analysis of video sequences. This powerful spatiotemporal model can efficiently process and
recognize actions within videos. It leverages the strength of the Swin Transformer, which
is known for its ability to capture long-range dependencies and contextual information in

images, and extends it to video domains.

There are several variants of the Video Swin Transformer based on the depth and size of

the network. In this paper, we use the Swin-B (Base) version as it has a marginally lower
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Figure 5.1: Overall architecture of the Video Swin-B Transformer. Here, T denotes the
temporal dimension, which represents the sequence of frames in a clip. The dimensions H,
W, and C refer to the height, width, and number of channels of each frame in the clip,
respectively. Attention maps from the intermediate layers are overlayed over the original
frames for better understanding and visualization. The early layers in a network are seen to
identify textual and low-level features, whereas the deeper layers in a network learn high-
level object and part-based features. The final layer discards spatial information and acts as
a learned global pooling operation.

accuracy than Swin-L (Large) on the Kinetics-400 [40] action recognition dataset, while
having substantially less complexity. A preview of the architecture is shown in Fig. 5.1.
The 3D patch partitioning layer splits the input 3D tensor into 16x56x56 3D tokens, each
comprising a 96-dimensional feature. These features are then projected to 128 dimensions
using a linear embedding layer. The architecture is made up of four stages, each containing
one or more pairs of consecutive Video Swin Transformer Blocks. The first block in each set
is made up of a 3D window-based multi-head self-attention (3D W-MSA) module, followed
by a feed-forward network (FFN). Before each MSA module and FFN, layer normalization
(LN) is applied, and a residual connection is applied after each module. The second block in
each set takes as input the output from the residual connection following the FFN layer of
the first block. The architecture of the second block is very similar to that of the first block,

except that the 3D W-MSA module is replaced by a 3D shifted window-based multi-head
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self-attention (3D SW-MSA) module.

The model pre-trained on Kinetics-400 was used as a starting point. The classifier layer (i.e.
the layer after the Stage-4 module in Fig. 5.1) was replaced by a new layer with randomized
weights and the number of output nodes was set equal to the number of classes (S). All the
layers were set as trainable, and the entire model was trained on our dataset (Section 5.2.1).
During training, 32 frames from the input clip are sampled at a time with a stride of 2, and
then resized to 224 x 224. All the hyperparameters are kept the same as for the when the

model was trained on the Kinetics-400 dataset.

During inference, we follow the procedure from Liu et al. [44] by using 4 x 3 views. A video
is uniformly sampled in the temporal dimension as 4 clips, and for each clip, the shorter
spatial side is scaled to 224 pixels. Three crops of size 224 x 224 are taken that cover the
longer spatial axis. Taking multiple crops from the input image also allows for higher spatial
resolution. The final score is computed as the average score over all the views. For the
purpose of visualization, the attention maps are extracted from various intermediate layers
of the network. Different layers and channels provide varied information for a set of frames,

and they collectively determine the class of a video clip.

5.2 Experiments

5.2.1 Datasets

This section introduces the details of two datasets that we used to demonstrate our results.
The VITIMLPO1 dataset is an RGB dataset with 640 x 480 resolution that was collected
in a testing facility. The SHRP2 dataset is comparatively more challenging in nature. The

dataset contains videos sampled from more than 3000 vehicles with unconstrained camera
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extrinsics. The video frames from the face view camera are grayscale in nature and with a

resolution of 320 x 240 which can be considered low-quality.

VTTIMLPO1 (VTTI Machine Learning Pose) [41]

This dataset consists of videos of 25 participants performing eight activities on the VTTI
“smart road”, which is a restricted experimental facility. Each driver was asked to perform six
secondary behaviors, and two baseline driving behaviors in static and dynamic experimental
conditions. The secondary behaviors were eating, drinking, talking on a cell phone, texting
on a cell phone, changing the radio, and adjusting the sun-visor. The static scenario signifies
that the car was stationary when the participants were performing the eight tasks. We also
added two classes ‘nothing’ and ‘reaching’ The class ‘nothing’ corresponds to not being
involved in any secondary activity. The class ‘reaching’ refers to the action performed by
the driver when they extend their hand or arm in order to obtain an object. This particular
action often precedes engaging in additional activities commonly associated with “eating” or
“drinking”. The baseline driving behavior included driving with one hand and driving with
two hands. During the driving scenario, the driver was driving on the VITI “smart road”
while performing the tasks. An in-vehicle experimenter instructed the driver to perform the
tasks. During the tasks, the drivers were not restricted to performing any tertiary tasks
including gazing outside, talking to the passenger, or pointing at things at the outside scene.
The collection was repeated for two different vehicles. A driver-facing camera was used to

capture the behavior of the driver as shown in Fig. 5.1.

We annotated this dataset following the protocol used by standard action recognition datasets
such as Kinetics-400 [40] and Something-Something V2 [33]. Each video is manually anno-
tated to define the start and the end time of each secondary behavior. For this dataset, we

segmented the full videos into smaller segments of 6 seconds and 10 seconds. We found that
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creating a dataset with the length of each video clip as 6 seconds leads to better performance

than when each clip’s length is 10 seconds (demonstrated in the next subsection).

The training set consists of actions performed by 23 drivers, whereas the testing is composed
of actions by the remaining 2 drivers. The classes for the secondary behavior in this dataset

along with the distribution are shown in Table 5.1.

Table 5.1: Number of clips for each activity label in the Training and Testing dataset split
for the VITIMLPO1 and SHRP2 datasets

Class VTTIMLPO1 SHRP2
Training | Testing | Training | Testing

No secondary action 734 36 600 1400
Reaching for something 98 7 521 60
Cellphone talking 424 34 476 53
Sun visor adjusting 393 26 - -
Center stack adjusting 387 27 547 63
Eating 736 75 249 29
Drinking 727 52 123 16
Cellphone texting/using 455 34 600 61
Personal hygiene - - 468 o4
Smoking - - 163 19
Interaction - - 1320 2356
Total 3954 291 499/ 4111

SHRP2 (Strategic Highway Research Program 2) [20]

This dataset contains data collected from real-world drivers and vehicles. It is considered
the largest naturalistic dataset available for public use. The diversity of this data is much
larger than the VI TIMLPO1 dataset. It is a low-quality dataset with videos of drivers during
both day and night time. The SHRP2 dataset also includes manual annotations of nearly
42000 event epochs from crash, near crash, and baseline events. In this work, we specifically
looked at the secondary behavior based annotations. For each epoch, the manual annotator

identifies the engagement of the driver from a total of 56 secondary behaviors [55]. Multiple
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activities are also annotated with their start and end times. One additional challenge for this
dataset is that the duration of each of the annotations and the durations of actions are not
equal. They generally vary between less than one second to 6 seconds. We chose segments
between 2 seconds and 6 seconds. Also, this dataset had high class imbalance. We therefore
combined several fine-grained activity labels into 10 labels following the recommendations by
Sarkar [55]. The classes for the secondary behavior in this dataset along with the distribution

are shown in Table 5.1.

Upon analyzing the table, it becomes evident that the training dataset of SHRP2 still exhibits
a significant class imbalance. Specifically, the ‘Interaction’ class contains a large number of
samples, while the ‘Eating,” ‘Drinking,” and ‘Smoking’ classes are severely underrepresented
with very few samples. To address this issue, a weighted loss function is employed during the
training process. This loss function aims to mitigate misclassifications by assigning higher
class weights to the minority classes and lower class weights to the majority classes. The

formulation of this approach is defined as follows:

1 Nsamples (5 1)

w = ]
Nelasses X nsamples

Here, w' is the weight assigned to the output node corresponding to class I. Nggsses is the

l

samples 15 the number of samples in class [. These

number of classes in the dataset, and n
weights are multiplied by their respective nodes’ softmax activation before computing the

classification loss.
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5.2.2 Results

In this section, we compare the performance of the Video Swin Transformer against state-
of-the-art CNNs for action recognition. The Top-1 and Top-3 accuracy for all the models on
SHRP2 and VITTIMLPO1 datasets are summarized in Table 5.2. Since the number of classes
is at most 10 in either dataset, we chose to use the Top-3 accuracy metric instead of the
commonly used Top-5 accuracy. It can be seen that Video Swin has a Top-1 performance
that is better or comparable to state-of-the-art CNNs, while the Top-3 accuracy is better in

all cases.

Table 5.2: Comparison of performance on VITIMLP0O1 and SHRP2 datasets against state-
of-the-art methods

Accuracy on VITIMLPO1 | Accuracy on SHRP2
Method Top-1 Top-3 Top-1 Top-3
SlowFast [24] 71.48% 87.97% 59.86% 83.36%
TSN [70] 76.19% 88.54% 53.54% 77.48%
TAM [45] 80.41% 90.72% 68.38% 90.85%
Video Swin [44] | 80.20% 92.78% 71.49% 94.65%

The confusion matrices for all classes on both SHRP2 and VI TIMLPO1 datasets are shown
in Fig. 5.2. The class label ‘Nothing’ corresponds to when no secondary activity is being
performed and the driver is solely focused on driving. The elements in the confusion matrix
have been divided by the sum of the predictions in the corresponding row (i.e, the total
number of videos with ground-truth as the row label). This normalization greatly facilitates

the comparison of classwise performance.

After analyzing both datasets, it is evident that there is significant confusion between the
classes ‘Reaching’, ‘Smoking’, ‘Centerstack adjusting’, ‘Eating’, and ‘Drinking’ with the class
‘Nothing’ These particular classes may only involve activity for a few frames, while the driver

predominantly appears to be engaged in driving for the majority of the video frames.
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In the SHRP2 dataset, some confusion arises between the classes ‘Nothing’ and ‘Interaction’
‘Interaction’ refers to instances where the driver is merely moving their mouth to speak
with passengers while maintaining focus on driving. Since this activity does not involve any
external objects, it becomes challenging to distinguish it from other activities. The absence

or presence of an object significantly aids in identifying most of the other activities.

The classes ‘Cellphone talking’ and ‘Cellphone texting/using’ stand out as highly distinguish-
able in both datasets. They involve the presence of an external object along with noticeable

changes in the hand pose and possibly the head pose.

It is worth noting that the ‘Reaching’ class in the VITIMLPO1 dataset experiences a high
misclassification rate. This is partly because no explicit recordings were made for this class,
unlike in the SHRP2 dataset. Consequently, there is considerable confusion between ‘Reach-
ing” and ‘Eating’ since reaching for something is typically associated with the act of eating.
Additionally, there is some misclassification between ‘Reaching’ and ‘Nothing’ due to the
dataset labeling, which indicates that any action starts after the driver has finished reaching

for the object and acquired it.

Comparitive analysis of video length

Next, we perform a study to see how the duration of the input sequence affects the perfor-
mance of both CNN and Transformer based methods. Table 5.3 shows the comparison using

different clip lengths for VI TIMLPO1.

The dataset videos are created by trimming the video such that the activity is centered in
the clip. We see that creating either dataset with the length of each video as 6 seconds
leads to better performance than when the length is 10 seconds. Both of the secondary

activity datasets (SHRP2 and VTTIMLPO01) have a few hundred videos for each label which
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Figure 5.2: Confusion matrices for the SHRP2 (left) and VITIMLPO1 (right) datasets for
all classes- the ground truth labels are on the vertical axis, and the predicted labels are on
the horizontal axis. (Labels on the respective horizontal and vertical axes match.)

is much lower than what more common action recognition datasets have. Moreover, there is
an imbalance in the number of videos for different classes. During training and testing, long
videos are processed by splitting each video into multiple fixed-sized clips by the model. The
predictions from the clips are then combined to produce a prediction for the video. Reducing
the video size to 6 seconds increases the number of distinct videos by almost double, thus
leading to better training. We cannot reduce the dataset length any further as then each

clip would be really short for the network to learn any useful information from the dataset.

Table 5.3: Performance comparison on using 6-second clips vs. 10-second clips on VT-

TIMLPO1
VTTIMLPO1 (10 sec) | VITIMLPO1 (6 sec
Method Top-1 T(gp-3 ) Top-1 To(p-3 )
SlowFast [24] | 61.90% 82.99% 71.48% 87.97%
TSN [70] 71.14% 86.39% 76.19% 88.54%
TAM [45] 72.79% 89.52% 80.41% 90.72%
Video Swin [44] | 74.91% 90.56% 80.20% 92.78%
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5.2.3 Explainable action recognition

Graph Neural Networks (GNNs) excel at analyzing graph structures by leveraging aggre-
gation and message-passing mechanisms among neighboring nodes. This allows for a clear
understanding of how GNNs perform graph analysis. However, the same level of clarity
cannot be attributed to Transformers when it comes to extracting information from video
sequences. It is not immediately apparent what specific elements the neural network focuses
on to extract relevant information for action recognition. In this section, we aim to shed
light on the attention layers of transformer neural networks within the context of secondary

action recognition.

Figure 5.3: Sequentially from left to right- The figure shows the shifting of attention from
the mouth to the hand as the driver moves one of his hands to pick up the bag of chips

Vision transformers preserve spatial context in most of the layers up to the final layers. They
capture the texture and low-level information similar to CNNs [31]. As we go deeper into
the network, the Transformer network is able to collate information to understand high-
level information. Finally, the last layer captures global information as it proceeds to the
classification layer. This is considered to be analogous to the global pooling operation in
CNNs. Attention maps at various steps of the network can be seen in Fig. 5.1. The attention
is shown in a heatmap scale where red color indicates the highest attention, and blue color

indicates the least attention.
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Figure 5.4: Variation in attention across various channels from the same layer of the network
for class ‘Cellphone talking” The top row shows the network focusing on the hand, cellphone
(object), face, and steering wheel. Bottom row shows attention towards various joints (wrist,
fingers, elbow, hip, and knee) of the driver that help in determining the pose.

Following the ideas of [31], we only visualize the attention maps after Stage 2 and Stage
3. In Fig. 5.3 we can see the variation of the attention with time for one channel of the
network. Initially, the model has some attention to the mouth and hand area and classifies
the activity as ‘eating’ as there is motion in the mouth. But with time, the driver moves his
hands to reach for the packet of chips and the model now classifies the activity as ‘reaching’
as there is also no mouth movement. There is also some attention on a part of the steering
wheel which shows that the model is trying to determine if the driver’s hand is on or off the

wheel.

Fig. 5.4 shows the attention for various channels for the same frame of a video clip with the

class label ‘Cellphone talking’. The first image in the top row has attention spread around the
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face and hand area. The network is able to understand that there is movement in the mouth
and perhaps the head, while the hand is very close to the face. The second attention map
particularly focuses on the hand and phone indicating the presence of an external object,
and that one of the hands is used for this activity. The third image further adds to it by
indicating an area of the steering wheel where the hand should have been present. The
second and third attention maps would thus most likely contribute to determining that one
hand is off the steering wheel. The bottom row focuses more on various body joints which
are crucial in determining body pose. The first image in the bottom row focuses on one of
the hands (elbow joint, wrist joint, palm) and the limb-hip joint. The second image shows
spread-out attention over the torso area with high attention on the keypoints of the other
hand. Finally, the last image shows strong attention over the torso, shoulders, and the hand
holding the cellphone. The upper body pose is crucial in determining if the body pose is off
normal. Although only the upper limbs are visible in the body, the lower body would hardly

change pose to a large extent.



Chapter 6

Conclusion and Future Directions

The development of road infrastructure on a global scale has led to a significant increase
in the number of accidents, which has a detrimental impact on the safety of cyclists and
pedestrians. Unfortunately, they are the ones who bear the brunt of this situation, often

lacking adequate safety measures.

One major contributing factor to these accidents is driver distraction, which has emerged as
the primary cause of roadway incidents and fatalities in recent years. This trend has raised
concerns about the evolving nature of distraction in advanced automobiles. As automation
and driving assistance systems continue to advance, it is crucial for the research community

to refocus its efforts on understanding driver attention.

This work aims to address the issue of secondary behaviors and their complexity. Our
initial focus was on evaluating the maturity level of current computer vision methods in
automatically identifying various secondary behaviors. We compared the performance of a
transformer-based architecture with state-of-the-art convolutional neural networks (CNNs)
for secondary driver activity recognition, utilizing two challenging naturalistic driving datasets.
The results of our study clearly demonstrate the effectiveness of our approach, leading to

the development of multiple high-performing secondary action recognition models.

It is important to note that different secondary behaviors have varying impacts on drivers’

attention. To design an effective distraction mitigation system and accurately determine

68
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the driver’s takeover time in safety-critical situations within highly automated vehicles, it
is necessary to understand each of these secondary behaviors individually. This work is
groundbreaking in that it introduces explainability in driver action recognition tasks and

utilizes tools to highlight the complexity of secondary behaviors.

Furthermore, we have shown that traffic scenarios can be represented in a simpler manner
using graphs while retaining the relevant information. By employing a distance-based edge
construction method, we can analyze traffic density and flow more effectively. Semantic
scene graphs enable us to leverage road structure information and the relative positions of

vehicles to one another within the scene.

In summary, this work addresses the adverse effects of increased accidents resulting from
road infrastructure development. It emphasizes the importance of understanding driver
distraction and secondary behaviors, presenting a successful approach to secondary action
recognition. Additionally, it introduces the concept of using graphs and semantic scene
graphs for analyzing traffic scenarios, providing valuable insights into traffic density and

flow patterns.

There is significant potential for future research in this field, particularly in the area of
traffic analysis and surveillance. To further explore this potential, conducting analyses of
multiple intersections at various times of the day and under different weather conditions is
recommended. Such a comprehensive examination of the variations in traffic density would

provide valuable insights into the dynamics of traffic flow.

In order to enhance both the analysis capabilities and safety during surveillance for violators,
it is advisable for the Virginia Department of Transportation (VDOT) to consider installing
high-quality cameras at intersections. Unclear footage often proves insufficient as evidence

when apprehending suspects, thus improving camera quality would greatly contribute to the
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effectiveness of monitoring efforts. High-resolution cameras can capture clearer and more

detailed images, improving the accuracy and reliability of the evidence collected.

Additionally, the creation of mapping systems for multiple intersections would be benefi-
cial. By mapping and creating graph representations of the different intersection videos,
researchers can gain a better understanding of the complex interactions that occur. Man-
ual annotation of the scenes can provide more robust data, allowing for a deeper analysis
of the interactions that may not be fully captured by pre-defined safety metrics. This ap-
proach would enable researchers to uncover nuanced patterns and identify potential areas

for improvement in traffic management and safety measures.

Overall, by conducting thorough analyses of traffic patterns, implementing high-quality
surveillance cameras, and leveraging manual annotation techniques, future research in this

field can yield valuable insights that contribute to improved traffic management and safety.
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Appendix A

Semantic Scene Graph

We present another example of semantic scene graph creation in complex scenarios such as

in Fig. A.1. The road segments (lanelets) have been labeled for reference.

( s

<

Figure A.1: Drone footage for a road intersection in Blacksburg, VA. Intersecion labeled with
the different road segments called “lanelets”. (Turning lanes have been colored differently
for clarity.)

The road graph based on the road intersection in Fig. A.1 has been shown in Fig. A.2.
Since the selected intersection has several road segments leading into and going out of the

intersection, the resulting road graph has several nodes.

83



84 APPENDIX A. SEMANTIC SCENE GRAPH

i
R < .'..‘--‘
LAN
/S 'é" )
R

=

= —

< "’I ;’; 1 -lf'::r'é-"‘;"

Figure A.2: Road graph for the intersection shown in Fig. A.l. Different colored edges
indicate different types of edges- Consecutive, adjacent and overlapping
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In Fig. A.3 we additionally label the vehicles by alphabets. Object detection is first used
to obtain the bounding boxes of various traffic participants. Each traffic participant is then

further represented by the centroid of the bounding boxes.

Figure A.3: Vehicles labeled for one of the frames from the intersection drone footage from
Blacksburg, VA. We assume that each traffic participant only has projections in the lanelet(s)
the bounding box centroid lies in.

Finally, in Fig. A.4 we create the semantic scene graph where each node is a traffic partici-

pant, and the edges represent various semantic relationships.
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Figure A.4: Semantic scene graph for the frame shown in Fig. A.3. Different colored edges
indicate different types of edges- Longitudinal, lateral and intersecting
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