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Abstract

Work zones, being a critical component of roadway transportation systems, can ben-
efit greatly from computer vision-enabled roadway infrastructures, specifically in con-
nected vehicle (CV) environments. Connected infrastructures, such as roadside units
(RSU) and on-board units (OBU), can greatly improve the environmental awareness
and safety of CVs driving through a work zone. In this regard, the contribution of
this thesis lies in developing a vision-based approach to generate work zone safety
messages in real-time, utilizing video streams from roadside monocular traffic cam-
eras that can be used by CV work zone safety apps on mobile devices to reliably
navigate through a work zone. A monocular traffic camera calibration method is pro-
posed to establish an accurate mapping between the image plane and Global Position
System (GPS) space. Real test scenarios show that our algorithm can precisely and
effectively locate work zone boundaries from a monocular traffic camera in real-time.
We demonstrate the capabilities and features of our system through real-world ex-
periments where the driver cannot see the work zone. End-to-end latency analysis
reveals that the vision-based work zone safety warning system satisfies the active
safety latency requirements. This vision-based work zone safety alert system ensures
the safety of both the worker and the driver in a CV environment.

Winter roads that are covered by snow or ice, as seen in Alberta, can cause severe
traffic accidents. Current winter road surface conditions (RSC) monitoring meth-
ods often generate incomplete RSC maps in city center areas. Cameras mounted
on CVs and traffic cameras can be used as sensors to detect RSC. In this case, the

contribution of this thesis focuses on developing automated RSC classification ap-
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plications using CVs and traffic cameras in Alberta. Three state-of-the-art machine
learning algorithms are trained and tested on RSC datasets. The pipeline of auto-
mated RSC classification applications in a CV environment is proposed. Comparisons
of our methods versus current methods in real-world scenarios reveal our method can
provide more detailed RSC maps in city center areas and narrow roads. Our RSC

methods ensure the safety of drivers on winter roads.
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Chapter 1

Introduction

1.1 Background

Roads that are covered by snow or have work zones can cause accidents according
to National Highway Tra ¢ Safety Administration (NHTSA) [1] and Alberta Trans-
portation [2{6]. Every day, at least one tra c-related injury occurs in one of 70 work
zones in North America [1]. Employees on highway construction and maintenance
projects are frequently placed in close proximity to moving tra c. Despite the fact
that various safety procedures are frequently taken to safeguard employees, these
precautions may occasionally be insu cient due to a range of environmental and
human variables, such as inattentive driving, severe weather, and poor road condi-
tions. Larger vehicles, such as trucks or buses, typically require more room to merge,
putting neighbouring cars and pedestrians in danger [7, 8]. Furthermore, cars behind
trucks lose their ability to determine the precise position of lane merges as well as the
appropriate speed to maintain, increasing the chance of rear-end collisions [9].
Drivers are constantly put in danger due to bad winter road conditions. When
there is snow or ice on the roads, driving becomes more di cult and dangerous.
Winter weather is recognized to be a major contributor to an increased chance of
collisions due to factors such as lower friction on the road surface [10]. According to
Alberta Transportation [2{6], slush, snow, or ice was involved in 27% of total casualty

collisions in total from 2015 to 2019. Monitoring the status of roads is critical for those



who manage winter roads as well as the public. Transportation o cials must organize
and coordinate several e orts to keep roads as clear of snow and ice as possible so
that automobiles may use the road network safely. Road Surface Condition (RSC) is
a measure that transportation authorities frequently use to identify the current state

of the road in terms of snow or ice coating, as well as a communication method.

Given that the majority of work zone-related accidents may be prevented with
early vehicle alerts, work zone safety research in a connected vehicle (CV) setting
is a developing topic of research [11]. Drivers can benet from greater situational
awareness regarding future risks or situations by leveraging wireless communications
such as Vehicle to Infrastructure (V2I), Vehicle to Vehicle (V2V), and Vehicle to
Everything (V2X) [12]. In recent studies including Han et al. and Schonrock et
al. [13, 14] of giving early work zone safety alerts to drivers, to locate the work
zone borders in a CV environment, special equipment such as smatrt tra ¢ cones and
wearable localization devices are necessary. Such sophisticated technology is di cult
and expensive to deploy. For example, it is doubtful that all personnel or tra ¢ cones
would be equipped with a localization device akin to a GPS sensor.

In terms of winter roads problems, recent studies including Carrillo et al., Wu et
al., Pan et al., Ramanna et al. [15{18] have concentrated on the use of machine learn-
ing methods to automatically categorize and monitor RSC by images collected from
cameras in vehicles or tra c cameras. However, little research has been conducted
in Alberta on machine-learning approaches for automatically classifying RSC images
in a CV environment. In Alberta, the major RSC monitoring methods are using the
data from stationary and mobile Road Weather Information Systems (RWIS) stations

[19], resulting in incomplete RSC maps, especially in city center areas.

1.2 Research Problem Statement

One of the problems of current research in the study of work zone alert systems in

a CV environment is the work zone localization equipment. For example, in work
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zone alert systems developed by Han et al. [13], every construction worker attached
a sensor that could provide accurate location in real-time. Although work zone alert
systems have proved to be e ective in some ways, installing such work zone alert
systems in real-world scenarios can be troublesome and expensive. Thus, a research
problem is how to safely navigate CVs through the work zone in a CV environment
without using too many localization sensors.

In addition, some rear-end crashes happened near work zones because the driver's
vision was blocked by front vehicles, such as large trucks [9]. If there is a way to
tell the driver there is a work zone ahead, these kinds of accidents can be avoided.
Sometimes large vehicles like buses or trucks need very early warnings of work zones
ahead since these large vehicles require more room to change tra c lanes [7, 8]. Itis
safer to give bus or truck drivers safety alert messages before they can even see the
work zone.

We directed our research to design a way to give drivers a warning that is not
reliant on the driver's vision. Sometimes the work zone appeared on Google Maps or
the 511 Alberta website [20] after the work zone had been there for hours or days.
The drivers were endangered on these roads without knowing there was a work zone
ahead. Thus, our research also focused on real-time work zone detection and warning
broadcasting.

In terms of the monitoring problems of winter road conditions, we directed our re-
search to use CVs and tra c cameras as sensors for detecting and classifying di erent
RSCs since current methods usually result in an incomplete RSC map. 511 Alberta
is the main source citizens can access and know which roads are covered by snow or
ice. The main data used by 511 Alberta is from Road Weather Information Systems
(RWIS) stations that are located in rural areas [19]. Thus the RSC maps provided
by 511 Alberta often have detailed RSC reports on highways, yet no or little RSC
reports on city center areas and some narrow, accident-prone roads. Tra c cameras

and cameras mounted on vehicles can be used as sensors to collect RSC information,



and with low latency communication like Dedicated Short Range Communications
(DSRC), Cellular Vehicle-to-Everything (C-V2X), as well as Fifth-Generation Wire-
less (5G), drivers can receive RSC reports in real-time. We directed our research to
RSC maps generated by CVs and tra c cameras.

The relationship between the work zone warning system and the RSC warning
system is that cameras can be used as sensors in both systems. In specic, atrac
camera in Edmonton can be used to detect work zones in the summer months and
classify RSC in the winter months. In a CV environment, the work zone or RSC
information detected by the tra c camera can be broadcast from RSU to OBU to

give drivers early warnings.

1.3 Research Objectives and Scopes

Considering the issues discussed in the previous section, the research needs to include
localizing work zone items without a Global Positioning System (GPS) sensor, real-
time work zone warning broadcasting, and RSC maps generated by CVs and trac
cameras. Re ecting on these major focuses, this research intends to design a video-
based road conditions (work zone and snow) alert system in accident-prone roads
under a CV environment. The overall objective of the research can be broken down
into two major objectives: (a) Designing the work zone safety alert system in a
CV environment. In contrast to earlier studies like Han et al. and Schonrock et
al. [13, 14], this model will require no GPS sensor attached to construction workers
and work zone items. We will select a real-time object detection algorithm to train
our dataset containing work zone images in a real-world scenario. A few work zone
localization strategies will be designed under di erent types of roads. The work zone
detection and localization accuracy will also be studied. Additionally, this study will
explore ways to broadcast lane closure information as well as work zone location to
drivers via C-V2X. We will also present latency tests from a system level in a CV

environment using C-V2X. The e ect of di erent weather and camera resolution on
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our method will also be discussed; (b) Using CVs and tra c cameras as sensors to
detect snow on roads and give RSC reports based on three main categories, including
bare, partly covered, and fully covered according to 511 Alberta. State-of-the-art
machine learning models will be studied and selected to train datasets that have
RSC images in Alberta. The advantages and drawbacks of our methods will also be
explored based on the comparisons with current in-use RSC monitoring methods by
511 Alberta.

The research scope will be restricted to roads in Alberta, Canada. The test site
for work zone warning systems will be approximately 1.5 kilometres (km) long on 118
street northwest near the University of Alberta South Campus. The studied roadway
has a static speed limit of 40 kilometres per hour (kph) and multiple tra c cameras,
as well as many Road Side Units (RSUs) installed. The data collected on the studied
roadway will be used to train the machine learning algorithm, verify the e ectiveness
of our work zone warning systems, and study the e ect of di erent weather and
camera resolutions. As for winter RSC classi cation problems, highways in Alberta
will be used to collect data to train and test machine learning algorithms. Live tra c
camera images from the 511 Alberta website will also be used as data sources to form

datasets to train and test algorithms.

1.4 Contributions

1.4.1 Research Contributions

The research contributions of this thesis include: (1) Designing a work zone warning
system using a monocular tra ¢ camera as an input data source. (2) Proposing two
work zone localization methods using a monocular tra c camera. (3) Investigating
the performance of localization methods using di erent tra c cameras. (4) Propos-
ing two automated RSC monitoring methods. (5) Investigating the performance of

automated RSC monitoring methods in di erent locations.



1.4.2 Practical Contributions

The practical contributions of this thesis include: (1) Creating a work zone dataset
with pixel-wise labels on tra ¢ cones, tra c barrels, tra c barricades, vehicles and
construction workers. (2) Implementing the communication framework for the work
zone warning system in a CV environment. (3) Constructing a RSC dataset with
image-wise labels on three categories, bare pavement, part snow-covered and full

snow-covered. (4) Implementing the automated RSC methods in di erent locations.

1.5 Organization of the Thesis

As stated previously, this research is focused on two major issues, including work zones
and snow on road detection, localization, and warning broadcasting, and the thesis
is formed keeping those issues in mind. Chapter 2 focuses on the literature review of
recent studies. We rst discuss work zone detection methods, work zone safety alert
systems in a CV environment, and standards for work zone information broadcasting
conducted by researchers in recent years, then investigate various research applying
machine learning algorithms to the problems of winter RSC classi cations. Chapter

3 starts by discussing the background of work zone issues faced by governments and
the public. The data collection is covered in terms of dataset collecting and labelling,
training and testing the machine learning algorithm, calibrations of our localization
methods, and localization error analysis. Then, a case study on 118 Street NW,
Edmonton, Alberta is explored with a detailed experiment setup, design, and results.
The limitations of our method are studied under di erent weather conditions and
camera resolutions. The lane closure information broadcasting is then explored by
di erent work zone standard messages and eld tests as well as latency tests using C-
V2X. Chapter 3 ends by summarizing the ndings of our work zone warning systems
in a CV environment. Chapter 4 begins by discussing the current issues and dangers

caused by slippery winter roads and methods we can use to ensure the safety of drivers.



Three state-of-the-art machine learning algorithms are then selected for training and
testing. Then we explain the location, device, and methods we used to establish
our winter RSC datasets in Alberta. The training and testing on di erent machine
learning algorithms are explored, with performance comparisons in terms of accuracy
and processing time. The applications of our methods using CVs and tra c cameras
are then explained and tested on roads in Alberta. Chapter 4 ends by summarizing
the ndings of automated RSC classi cations using machine learning algorithms.
Chapter 5 is the last chapter of this thesis, covering conclusions, limitations, and the

direction of future research.
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Chapter 2

Literature Review

In this Chapter, work zone-related studies will be discussed rst, then RSC classi cation-

related studies will be investigated.

2.1 Work Zone-Related Studies

In this section, we will look at the current literature on work zone detection methods,
work zone safety-related research in a CV environment, and work zone safety message

requirements.

2.1.1 Work Zone Detection Methods

Existing work zone detection research is primarily concerned with identifying the
existence or absence of a work zone. Their detection results are generally vague
and lack work zone boundary information. Abodo et al. (2018) nd work zones
by employing a CNN to identify work zone photos [21]. Seo et al. (2015) use the
vehicle's camera to recognize tra c signs [22]. This approach then identi es work
zone signs and utilizes them to indicate the starting and ending point of a work zone
road segment. Mathibela et al. (2012) also identify tra ¢ signs and tra c cones
[23]. This method employs the detection ndings as characteristics to calculate the
likelihood that the vehicle is in a work zone. Kunz et al. (2017) create a Bayesian

network for detecting a work zone [24]. The Bayesian network uses identi ed tra c
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objects and vehicle statuses as input to forecast the likelihood of a work zone at
various distance bins. None of these studies infer detailed geometric properties like
work zone areas and borders. Knowing the work zone geometry is crucial for CVs to
drive safely.

Graf et al. (2012) investigate a more limited example in which temporary lane
markers assist drivers through a work zone [25]. This method monitors the lanes
even if both temporary and original lane markers are present. As a result, it al-
lows the vehicle to follow the lanes in a work zone. However, such a strategy is
reliant on lane marking regulations and is unable to deal with regular work zones
that lack temporary lane markers. Shi et al. (2021) [26] develops work zone de-
tection, which detects and locates the boundaries of a work zone. They give many
baseline implementations utilizing various sensor combinations, such as camera and
LiDAR. Several cutting-edge deep learning-based object detection strategies, such
as the Region-Convolutional Neural Network (R-CNN) [27], Fast RCNN [28], Faster
R-CNN [29], Single Shot MultiBox Detector (SSD) [30], and You Only Look Once-
Version 5 (YOLOV5) [31], are used for real-time applications, taking advantage of
high-performance GPU-enabled computing devices. The YOLOvV5 outperforms all
previous state-of-the-art object detection deep learning models [31, 32], with higher
detection accuracy and lower detection time. Unfortunately, all of the studies men-
tioned in this subsection do not have the capability of determining the precise location
of a work zone in terms of latitude and longitude in real-time.

In order to address these research gaps in work zone detection methods, we in-
troduce a YOLO-based work zone detection and localization method in Chapter 3.
We contribute to the existing work zone detection methods by precisely positioning
a work zone area, and then broadcasting work zone safety messages to nearby CVs

in a CV environment.
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2.1.2 Work Zone Safety-Related Studies in a CV Environ-
ment

Researchers began to think about how CVs may be combined with work zone safety
as they became more prevalent. Vehicles that are connected can communicate with
the driver, other vehicles on the road (V2V), roadside infrastructure (V2I), and the
cloud server (V2C) via various communication methods through DSRC, Wi-Fi, and
cellular communication technologies [33, 34]. DSRC technology has reduced connec-
tion latency less than existing Wi-Fi and Cellular LTE technologies, making it a far
faster two-way communication alternative for information sharing [35].

Vehicles may now be viewed as integrated components of a system rather than as
independent actors on the road, thanks to the incorporation of communication tech-
nologies. When the e ects of CVs on safety performance are investigated in a work
zone context, Abdulsattar et al. (2018) [36] reveals that V2V/V2] communication can
increase work zone safety performance at low tra ¢ ow rates. Genders et al. (2015)
[34] also investigated how employing CVs in a network with work zones a ected traf-

c safety. The Michigan Department of Transportation and 3M [37] constructed the
rst connected work zone in the United States. In this connected work zone setting,
orange barrels with 2D barcodes were supplied by 3M, and the CV's infrared devices
sent information to the vehicle and the driver by reading the barcode. Han et al.
(2019) [13] designs a connected work zone alert system with wearable localization
devices that can be placed on workers in work zones. This method monitors the po-
tential danger between CVs and workers by calculating the collision risks from both
CVs and workers' trajectories. Schonroack et al. (2015) [14] developed a tra ¢ cone
with GPS and communication sensors that can be placed at a work zone boundary to
give the location of a work zone in a CV environment. In this approach, the location
of this special tra c cone is sent to a central server and then broadcast to nearby
CVs. Mishra et al. (2021) [38] developed work zone alert systems from work zone

intrusion technologies and Qiao et al. (2017) [39] used a cell phone app to give drivers
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early warnings of work zones. The development of location sensing technologies and
CVs have made it possible to gather data from all parties involved in a work zone,
including vehicles, equipment, and workers on foot, and use it to ensure the safety of
the work zone. However, current research in the localization of work zones for a CV
environment usually requires localization devices, including GPS sensors attached to
construction equipment, tra ¢ cones, or workers, which makes it costly and di cult

to set up.

In summary, Table 2.1 shows comparisons of di erent warning systems in a CV
environment and three commercially available warning systems analyzed by Mishra
et al. [38] are compared and explained in Table 2.2. These methods utilize pressure,
radar sensors, or additional equipment to recognize incoming tra c. Unfortunately,
such equipment usually costs a lot and has poor mobility. In comparison, our method
uses a camera for object detection, which has two main advantages. First, it can rec-
ognize various types of objects than tra c, including cones, barrels, vehicles, people,
etc. Due to the nature of computer vision, we can feed our YOLOvV5 models with as
many object types as desired. Second, Our method has a lower expense and higher
mobility than other proposed method devices. The only device we need onsite is the
camera. The device is easy to obtain, move around, and adapt to work zones with
di erent shapes and environments.

To overcome the limitations of current research in localizing work zones, we provide
a framework in Chapter 3 to increase work zone safety using a vision-based deep
learning technique, assuming that workers, construction equipment, and tra c cones

do not have a localization device.

2.1.3 Standards for Work Zone Safety Messages

The SAE J2945 standard [41] de nes the work zone safety messages for safety data
communication between the work zone and other associated components (e.g., vehicle

and tra c signals). Although the work zone safety messages standard is de ned
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by SAE J2945, the format, and structure of the message, data frames, and data
components for sharing data between work zones and vehicles, as well as between
work zones and infrastructure, are de ned by SAE J2735 [42]. In contrast, the SAE
J2945 considers all of the data items established in the SAE J2735. Work zone safety
messages data items are shown in Table 2.3.

Work Zone Activity Data (WZAD) { Data Dictionary Report [43], developed as
part of the Federal Highway Administration's Work Zone Data Initiative Project,
de nes and standardizes digital descriptions of work zone activities, allowing trans-
portation authorities and third-party providers to describe and communicate work
zone information. Work zone activities data structure based on WZAD is shown in

Figure 2.1.

Figure 2.1: Work Zone Activities Data Structure Based on WZAD.

2.2 RSC Classi cation-Related Studies

Considerable research had been conducted using deep-learning models to classify

weather conditions. Elhoseiny et al. [44] used ImageNet (a large dataset contain-
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ing usual objects) [45] to train a Convolutional Neuron Network (CNN) to categorize
weather photos as sunny or cloudy. Lu et al. [46] propose a collaborative learning
strategy that uses innovative weather variables to categorize a single outdoor photo-
graph as sunny or cloudy. To extract characteristics, a CNN was employed, which
was then input into an SVM framework to generate individual weather features. A
data augmentation strategy was also applied to supplement the training data. Lin et
al. [47] constructed a multi-class benchmark dataset with six common categories for
sunny, overcast, rainy, snowy, hazy, and thunder weather. To identify visual concur-
rency on area pairs of weather categories, a region selection and concurrency method
were presented. A deep-learning framework was used to test this model. Carrillo et
al. [15] created a CNN with a basic architecture from scratch and compared its results
in terms of classi cation accuracy to automatically categorize winter RSC pictures
(from stationary RWIS cameras) to other pre-trained CNN models. This experiment
was conducted with three categories of RSC: dry/wet, partly snow-covered, and to-
tally snow-covered. The results supported CNN's e cacy in detecting RSC using
imaging, as all CNN models provided high classi cation accuracy, with the author's
model being the best. However, the authors cautioned that the results might only be
informative for their unique application.

Zhu et al. [48] developed severe weather characteristics and recognition mod-
els from a large-scale extreme weather dataset in which over 16,000 extreme weather
photos with complex scenarios were classi ed into four classi cations including sunny,
rainstorm, blizzard, and fog. Pre-training and ne-tuning are used to create an ex-
treme weather identi cation model. Rain-Fog-Snow (RFS) Dataset is a new open-
source weather conditions dataset published by Guerra et al. [49] that consists of
photos illustrating three types of weather: rain, snow, and fog. A unique approach
that uses superpixel delimiting masks as a kind of data augmentation has also been
suggested, yielding respectable results in comparison to 10 CNNs. Li et al. [50]

proposed a method for data augmentation based on generative adversarial networks
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(GAN). It can augment and complete picture data diversity. The author built a sys-
tem that uses a deep convolution generative adversarial networks (DCGAN) model
as a generator to generate pictures to balance the unbalanced data and a CNN model
as a classi er to check the classi cation results. The author also presented an assess-
ment approach on three benchmark datasets as a comparison experiment to validate
the performance of DCGAN. The empirical results showed that high-quality weather
images can be created on weather data sets using DCGAN. Weather recognition was
considered by Zhao et al. [51] as a multi-label classi cation challenge, in which a
picture was assigned many labels based on the exhibited weather conditions. Then,
a multi-label classi cation strategy based on CNN-RNN was presented. To extract
the most associated visual information, the CNN was enhanced with a channel-wise
attention model. The Recurrent Neural Network (RNN) analyzed the information
further and discovered the correlations between weather types.

Wu et al. [16] suggested a novel method for autonomously designing RSC CNN ar-
chitecture without sacri cing classi cation accuracy. The suggested method employed
a weighted sum method, which allowed for the selection of the relative relevance level
between accuracy and e ciency. The ndings of this study bridged a gap in existing
CNN design approaches that do not account for the tradeo between accuracy and
e ciency, while also o ering insight into the impact of di erent architectures on CNN
model performance. Ramanna et al. [18] used cutting-edge CNNSs to categorize pho-
tos captured by street and highway cameras across North America. To identify photos
by road condition, road camera images were used in studies with several deep learning
frameworks. These studies employed photos labelled as dry, wet, snow/ice, poor, and
o ine as training data. The trials evaluated the suitability of six CNNs in various
con gurations. The identi ed photos were then utilized to create a map of real-time
road conditions across North America at various camera sites. By Pan et al. [17, 52],
photographs from stationary weather/tra c cameras or in-car electronics were used

to train and ne-tune four state-of-the-art CNN models. The results of their studies
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demonstrated that CNN was a promising method for addressing the RSC recognition
issues and can be useful in assisting winter road maintenance decision-making. Sim-
ilar ndings were also revealed by a number of other researchers including Linton et
al. [53, 54], Kuehnle et al. [55] and Zhang et al. [56]. However, there is no public
RSC dataset collected in Alberta and little automated RSC classi cation application
in a CV environment in Alberta.

We contribute to the existing RSC classi cation methods by proposing a RSC mon-
itoring pipeline using onboard and tra ¢ cameras as input data, and ML algorithms
trained by datasets collected in Alberta and Ontario to automatically classify RSC

in Chapter 4.
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Author Real- | Lane Level | Special Local- | Summary
Time Localization ization Device
Han et al | Yes Separate a sin-| Wearable local- | Using risk score to calculate the
[13] gle line into four | ization devices | collision risks from both CVs
zones for detec-| that can be | and workers' trajectories. The
tion. placed on work- | algorithm can also be used in
ers in work | the vehicle turning and work-
zZones. ers from di erent categories have
their own risk score.
Schonroack | Yes By extending | Trac cone | The location of these 16 special
et al. [14] smart trac with  GPS and | trac cones is sent to a cen-
cone (STC) | communication | tral server and then broadcast to
using the GNSS| sensors. nearby CVs.
model, the posi-
tion accuracy is
in the sub-meter
range.
Qiao et al. | Yes N/A No extra device | Pre-installed application detects
[39] needed. the approaching construction
zone based on geo-location in
a phone to give drivers early
warnings of work zones.
Islam et al. | Yes Not at lane | Site camera| Generate PSMs using real-time
[40] level. and personal | video streams collected from
safety mes-| a trac camera. Train the
sages(PSMs) YOLOv3 model with the video
devices carried| data from a roadway section to
by roadside | detect pedestrians.
users.
Genders et| N/A N/A N/A Build a control simulation of a
al. [34] network with a work zone to

simulate various market penetra-
tions of 20%, 40%, 60%, 80%
and 100% connected vehicles tq
determine their eect on the
safety of the network.

Table 2.1: Comparisons of Recent Studies
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Method Real-Time Lane Level Lo- Special Local- Note
calization ization Device

Intellicone Yes Not at lane level. | Need trac cone | Results are in-
mounted sensor| consistent and
and portable site | not available in

alarm. the US.
Advanced Warn- | Yes Lane intrusion | Onsite sentry | Warning equip-
ing and Risk system (not yet | needed. ment is worn by
Evasion available for personnel  and
evaluation). sentry in front of
the work zone.
Worker Alert | Delayed Not at lane level. | A pneumatic | Workers and
System trip hose sensor| pedestrians are

with a signal | alerted when
transmitter, a | sensors on the
Portable Alarm | ground  detect
case, personall vehicle pressure.
safety device.

Table 2.2: Commercially Available Methods

Data Element Purpose

Road Segment Store complete description including road Geometry allowed nav-
igational paths, and any current disruptions such as a work zone
or incident event.

Road Sign ID Used to provide a precise location of one or more roadside signs.

Traveler Data Used to send a single message in traveller information message.
It uses the ITIS encoding system to send well-known phrases bu
allows limited text for local place names.

Public Safety and Road | Used to describe the type of activity a worker or workers are
Worker Activity engaged in.

Speed Limit Type Relates the type of speed limit to which a given speed refers.

Personal Safety Message | Used to broadcast safety data regarding the dynamic state of var-
ious types of Vulnerable Road Users (VRU), such as pedestrians,
cyclists, or road workers.

Table 2.3: Data Elements for Work Zone Safety Messages Based on SAE J2945 and
SAE J2735.
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Chapter 3

Vision-Based Work Zone Safety
Alert System In a
Connected-Vehicle Environment

3.1 Introduction

Transportation authorities and the public are concerned about safety in work zones
on highways. According to the National Highway Tra c Safety Administration
(NHTSA) [1], there is at least one tra c-related injury in 70 work zones daily. Ad-
ditionally, NHTSA shows that work zone collisions have greater mortality rates than
crashes outside of them. It is common for employees on highway construction and
maintenance projects to be in close proximity to moving tra c. Although many safety
precautions are routinely taken to protect workers, these precautions may be insuf-
cient owing to a variety of environmental and human variables, such as distracted
driving, bad weather, and poor road conditions.

Work zones typically feature advanced warning zones with visual warning signs to
alert oncoming vehicles. Static signs are the most prevalent type of warning system.
Furthermore, dynamic warning systems are frequently utilized to improve trac ow
in work zones [57]. Because diverse operating characteristics of arriving vehicles and
their relative positioning near a work zone are rarely considered in the design phase

of these alerts, they typically fail to adequately aid drivers. Larger vehicles, such as
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trucks or buses, usually require more space to merge, endangering adjacent vehicles
and pedestrians [7, 8]. Furthermore, vehicles behind trucks lose their ability to dis-
cern the precise location of lane merges and the proper speed to maintain, increasing
the likelihood of rear-end collisions. Rear-end collisions are the most prevalent kind
of crash in a work zone's advanced warning area, according to Garber et al. (2002)
[9]. According to Garber et al. (2002) [9] and Nemeth et al. (1978) [58], the advanced
warning region accounts for 10%-35% of all work zone collisions. Furthermore, com-
parative accident evaluations conducted by Hall and Lorenz (1989) and Rouphail et
al. (1988) [59, 60] demonstrated that rear-end collisions are more likely in work zones
than in non-work zones.

Given that the majority of work zone-related events can be avoided with early
alerts to vehicles, safety research relating to work zones in a CV environment is an
emerging area of research [11]. Through vehicle-to-infrastructure (V2I) communica-
tion, enabling a low latency communication channel, such as dedicated short-range
communication (DSRC) [12] and upcoming 5G technology, may dramatically improve
work zone safety. The drivers of CVs are alerted to potential collision hazards using
work zone early warning messages provided by the DSRC or 5G-enabled V2| com-
munication. Through communicated proactive decision-making aids using in-vehicle
displays, also known as the Human Machine Interface (HMI), drivers can bene't
from increased situational awareness about upcoming hazards or conditions by utiliz-
ing wireless communications such as: V2I, vehicle-to-vehicle (V2V), and vehicle-to-
everything (V2X). The transmission of early warnings is one bene t that CVs can use.
For instance, early in-vehicle lane closure alerts can be used to meet the demands of
heavy truck drivers who need to move to the available lane in the work zone, well in
advance of the lane closure area [61]. Signi cantly, a survey conducted by Benekohal
et al. (1995) [62] revealed that over half of truck drivers preferred that warning signs
for work zones be put up to 3 to 5 miles in advance of the work zone.

In current research studies of work zone alert systems in a CV environment, special
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equipment including smart tra ¢ cones (tra ¢ cones mounted with a GPS sensor)
and wearable localization devices (mobile tags that can be placed on the worker with
a localization sensor) are required to locate the work zone boundaries [13, 14]. Such
specialized equipment is di cult to deploy and expensive. For instance, all workers
or tra c cones are unlikely to attach a localization device similar to a GPS sensor.

To solve the research question of how connected infrastructures can help vehicles
to navigate through a work zone, the objective of this study is to provide CVs with
work zone safety alerts in real-time. We provide a system for generating work zone
safety alerts, utilizing real-time video feeds gathered from tra c cameras, in order
to get around these restrictions and improve work zone safety. The contribution of
this study is the real-time generation (every 100 milliseconds) of safety warnings and
work zone safety messages in accordance with the Society of Automotive Engineers
(SAE) J2945 standards [41]. The roadside infrastructure generates and broadcasts
work zone safety alerts to approaching CVs using work zone information (such as
location). No localization device attached to workers or work zone boundaries (tra c
cones) is necessary for our work zone boundaries localization method. We evaluate
the accuracy of generated work zone safety messages by comparing them with eld-
collected ground truth data. Furthermore, we validate our vision-based approach at
the system level in the real-world road environment eld test.

The remainder of the chapter is organized as follows. We begin by discussing
the real-time vision-based work zone safety message-generating method, which is not
dependent on work zone localization devices. The evaluation of the vision-based
work zone safety message generation is then presented. Then, we discuss the system-
level validation utilizing the vision-based system's generated work zone safety alerts.

Finally, we go over the study's ndings and potential directions for further research.
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3.2 Work Zone Safety Alerts Systems

We created a system that used a real-time camera feed to produce work zone safety
messages by YOLOvV5 and provided a safety warning in the event of a probable vehicle-
work zone collision. The primary data elements of the work zone safety messages were
the work zone geometry, including the work zone starting point, ending point, and
lane closures as given in Figure 2.1. Furthermore, positional accuracy was determined
by the precision of work zone positioning information (i.e., longitude and latitude).
Thus, after correctly identifying a work zone, the localization of the work zone must
also be correct in order to create work zone safety messages. To locate a work zone,
we created a mathematical technique for converting an image's pixel coordinates to
global coordinates. After determining a work zone's position, we built the work zone
safety messages in accordance with the SAE J2945 standard and WZAD outlined in
the preceding section.

In our system, the monocular tra c camera served as our primary data source.
The ethernet, which is a wired communication method, transmitted real-time video
data to the central server. The video data was then processed by the central server
using YOLOVS5 to identify tra ¢ cones, which are commonly used to de ne work zone
boundaries, and to convert pixel coordinates to global coordinates. The RSU then
received the work zone position information by ethernet and transmitted it to the
CV's OBU by DSRC. The HMI developed in this system was a work zone warning
app that could be used on a driver's cellphone or tablet. This app, connected to
OBU's WIFI, was meant to show the driver real-time work zone safety messages.
The communication topology in this system and the experiment setup are shown in
Figure 3.1 and Figure 3.2 respectively.

Localization for work zone boundaries (tra c cones) is vital to generate work
zone safety alerts. But normally, monocular tra c cameras have poor localization

ability compared to LIDAR sensors. Inspired by other research including Islam et
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Figure 3.1: Communication Topology in the Vision Based Work Zone Alert System.

Figure 3.2: Experiment Setup for the Vision-Based Work Zone Alert System in CV
Environment.

al. and Wen et al. on object localization from monocular tra ¢ cameras [40, 63],
we developed a low-cost monocular tra ¢ camera calibration method for work zone
boundaries localization without knowing the camera'’s intrinsic parameters. First,
the tra c camera image plane was converted into a top-down view by perspective
transformation (PT) in Equation 3.1. PT is a technique to obtain a di erent view
from an image. We developed Equation 3.2 to convert from pixel coordinates into
GPS coordinates by linear transformation (LT). The methodology to locate a work
zone from monocular tra ¢ cameras is shown in Figure 3.3.

Perspective transformation (PT): convert from pixel coordinates (gpy) in a traf-

c camera image plane into pixel coordinates (p,py) in the top-down view image
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Figure 3.3: Method Used to Transform Pixel Coordinates to GPS Coordinates.

(a) The tra c camera image plane before (b) The tra c camera image plane after
PT. PT.

Figure 3.4: Perspective Transformation (PT).

plane by transformation matrix M shown in Equation 3.1. Where M is calculated

from four pairs of matching points (shown in Figure 3.4) by python using the func-

tion cv2.getPerspectiveTransform. Shown in Figure 3.4a, the four red dots are the
intersection points of the road margin and vision margin and they are chosen to
be matching points. First, the pixel coordinates of the four matching points were
recorded in the tra c camera plane and then we changed the pixel coordinates in
the x-axis (horizontal direction) of the lower two matching points so that the four

matching points formed a rectangle. This method assumes that the road is straight
and the camera is horizontally placed. The new pixel coordinates of the four match-
ing points were recorded. Then M was calculated from the original and the new pixel

coordinates of the four matching points.

0Pyl =M [ppy AT (3.1)
Linear transformation (LT): convert from pixel coordinates (px,py) in top-down

view image plane into GPS coordinates (longitude,latitude) by transformation matrix

L shown in Equation 3.2. Where L is calculated from calibration points with measured
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(P'x,pYy) in the top-down view image plane and GPS coordinate (longitude,latitude)
by python using the function np.linalg.Istsq. The detailed steps to calculate L will be

covered in Section 3.3.3.

llongitude; latitude] = [py; py; 1] L (3.2)

The road touching point of a tra ¢c cone can be approximated by the bottom center
of the detected bounding box from YOLOV5 illustrated by the black point in Figure
3.5.

Figure 3.5: Road Touching Point of a Tra ¢ Cone.

To locate a tra c cone, we took the road touching point (p,py) from YOLOV5
to obtain the pixel coordinate in top-down view (py,py) by PT shown in Equation
3.1, and then used (,py) to get the GPS coordinate (longitude,latitude) by LT
shown in Equation 3.2. Then work zone safety alerts were generated from the GPS

coordinates of tra c cones used to form work zone boundaries.

3.3 Data Collection

Field data is collected for: 1) training and testing of YOLOV5 to ensure a high level of
tra c cone detection accuracy; 2) calibrating the distortion in the top-down view from

PT to valid the transformation M; 3) calibrating the linear transformation matrix L

in Equation 3.2 to transform pixel coordinates to GPS coordinates; 4) localization
error analysis on vision-based work zone boundary localization method to measure

the localization accuracy.
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3.3.1 Training and Testing YOLOvV5

Phase One

In phase one of the experiments, we focused on training and testing YOLO to detect
small tra ¢ cones shown in Figure 3.5.

According to the o cial documentation of YOLOV5 [31], the recommended num-
ber of training images to detect an object is 1200 images. We placed tra ¢ cones
randomly in the vision range of tra ¢ cameras at 118 Street NW, Edmonton under
di erent weather conditions. The tra c cameras captured images to form a dataset to
train and test YOLOv5. We annotated each tra c cone in every image of the dataset
with a bounding box to generate ground truth data. Then, some dataset prepro-
cessing techniques were applied to decrease training time and increase performance
by applying image transformations to all images in this dataset. The preprocessing
techniques [31] used in this dataset were: 1) auto-orientation, to correct a mismatch
between the annotation and the image; 2) reducing the size of the image to train
faster throughout the training phase.

Dataset augmentation techniques were then used to create new training examples
for YOLOV5 to learn from, by generating augmented versions of each image in the
training dataset. Figure 3.6 shows the dataset augmentations used in this dataset.
The dataset augmentation techniques [31] used in this dataset were: 1) horizontal
ip: to help YOLOV5 be insensitive to subject orientation; 2) crop: to add variability
to positioning and size to help YOLOvV5 be more resilient to subject translations and
camera position; 3) brightness: to add variability to image brightness to help YOLOvV5
be more resilient to lighting and camera setting changes; 4) blur: to add random
Gaussian blur to help YOLOvV5 be more resilient to camera focus; 5) noise: add
noise to help YOLOV5 be more resilient to camera artifacts; 6) cutout: add cutout to
help YOLOV5 be more resilient to object occlusion; 7) bounding box brightness: add

variability to bounding box brightness to help YOLOV5 be more resilient to lighting
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on work zone boundary object (tra c cone). The dataset after augmentations had

1,200 images for training, 150 images for validation and 150 images for testing.

Figure 3.6: Dataset Augmentations Used in This Dataset.

The work zone boundary detection accuracy was measured using the following
parameters and metrics: 1) True Positive (TP): YOLOV5 successfully recognized the
presence of a tra c cone; 2) False Positive (FP): YOLOVS5 incorrectly recognized the
presence of a tra c cone; and 3) False Negative (FN): YOLOVS5 failed to recognize the
presence of a tra ¢ cone. Using the above de nitions, two key parameter values were
calculated, and the following de nitions were used to determine the parameter values:
1) precision given by Equation 3.3 is the fraction of correct recognition instances out
of total recognitions; and 2) recall given by Equation 3.4 is the fraction of correct
recognition instances retrieved over total expected recognitions. The training result

regarding precision and recall is shown in Figure 3.7.

L TP
P recision = TP+ FP (3.3)
TP
Recall = m (34)
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Figure 3.7: Training Result on YOLOVS to Detect Tra ¢ Cones.

The YOLOVS5 used the 410416 input images and reached 98% precision and 99%
recall on our validation dataset. We trained the network from a checkpoint that is pre-
trained in the MS-COCO dataset [64] using our training dataset. All the detection
results indicated the overall result is above 90%, which is an adequate detection

accuracy for any safety-critical work zone detection applications.
Phase Two

In phase two of the experiments, we repeated the training and testing procedure in
phase one, but this time YOLO is trained on our improved dataset with labelling
(Figure 3.8a) on not only small tra c cones, but also all common work zone objects
like tra c barrels, tra c barricades, construction workers, as well as vehicles. We
used drones to capture images of real-world work zone setup by ATS tra c shown
in Figure 3.8b. The drones were controlled to y over from the starting point to the
ending point of the work zone so that the camera on the drones could see everything
within the work zone. We only labelled objects that were not too small on the images
since YOLO has di culty detecting and distinguishing extremely small objects in
images according to YOLO o cial release documents [31]. For example, we did not
label some tra c cones that were too far away from the camera where its bounding
box length or width is less than 3 pixels on a 640-pixel by 640-pixel image. The
whole dataset was split into three parts including a training set, validation set, and
test set. Then all images in the dataset were resized to 640 pixels by 640 pixels

before some data augmentation techniques including horizontal ip and brightness
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variation introduced in phase one were applied. The dataset after augmentations
had 1,600 images for training, 200 images for validation and 200 images for testing.
Yolo was later trained on these data using 16 batches and 300 epochs with Stochastic
Gradient Descent (SGD) optimizer of 0.01 learning rate, and took 2 hours to complete
training. Yolo reached 98% precision and 95% recall on our validation dataset. Google
Colab was used to train the model since we had driver issues on our lab computer
with NVIDIA RTX3090. We utilized a Robo ow.ai [65] notebook that is based on

YOLOV5 and employed pre-trained weights trained by the COCO dataset.

(a) Example of data labelling. (b) Example of work zone image.

Figure 3.8: Dataset Images.

Figure 3.9 shows various performance measures for both the training and validation
sets in each epoch during the whole training process and depicts three forms of loss:
box loss, objectness loss, and classi cation loss. The box loss quanti es how e ectively
the algorithm can detect an item's center and how well the anticipated bounding box
covers an object. Objectness loss is simply a measure of the likelihood of nding an
item in a particular zone of interest. Classi cation loss indicates how successfully the
algorithm predicts the proper class of an item. Around epoch 100, accuracy, recall,
and mean average precision stop improving rapidly and the box, objectness, and
classi cation losses evaluated in the validation set stop declining dramatically. We
chose the best weights by the evaluation in the validation set. The confusion matrix
in Figure 3.10 is also an important metric to measure performance, where the values

in the diagonal show that the model predicted correctly while other values indicate
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that model made wrong predictions. We can see that the model made more wrong
predictions in detecting tra c cones than other objects, which is expected since small

object detection is one of the di culties that YOLO has.

Figure 3.9: YOLO Training Results.

Figure 3.10: Confusion Matrix.
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(&) The top-down view image obtained (b) The ground truth top-down view im-
by PT. age.

Figure 3.11: Global Distortion of PT.

(a) The top-down view image with grid (b) The image after performing inverse
lines. PT.

Figure 3.12: Local Distortion of PT.

3.3.2 Calibration of the Distortion in the Top-Down Image

This subsection is to check if the correct perspective transformation matrix was ob-
tained. First, we compared our top-down view image obtained from PT with the
satellite image at the same road as ground truth, to check the distortion globally in
our top-down view image obtained from PT, illustrated in Figure 3.11. Then, we
added grid lines to our top-down view image obtained from PT and performed an
inverse PT to check the distortion locally, shown in Figure 3.12. The results reveal
that the global and local distortion in the vertical road of the top-down view from
PT is acceptable as there is no visible distortion in Figure 3.11 and Figure 3.12. If
the perspective transformation matrix was incorrect, the road margin would not be

vertical.
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3.3.3 Calibration of the Linear Transformation Matrix

The accuracy of GPS sensors is important to establish high-precision localization
from the image plane. However, a normal commercial GPS sensor is unsuitable for
our use, as it has a position error of about 20m. In our experiment, we used the
GNSS [66] sensor that has a position error within 1m from the OBU as GPS ground
truth. The calibration procedure for calibration of the linear transformation (LT)
matrix L in Equation 3.2 is as follows. We measured each point's GPS coordinates
(longitude,latitude) with the GNSS sensor on the road, and this point's pixel coordi-
nate (px,py). Then we performed PT to get the transformed pixel coordinate (p,p y)
from (px,py). We recorded each point's (,py) and (longitude,latitude) to calculate
LT matrix L by python using the function np.linalg.Istsq. Figure 3.18 shows example
data. The calibration results are shown in Figure 3.13 where the blue points are
GPS ground truth data and the orange points are GPS coordinates calculated from

Equation 3.2 using LT matrix L.

Figure 3.13: Calibration Results of LT.

3.3.4 Localization Error Analysis

The performance of a vision-based work zone alert system depends on the accurate

localization of a work zone boundary from the tra c camera. The experiment setup
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is shown in Figure 3.14.

Figure 3.14: Experiment Setup to Measure Localization Error.

We used the OBU's GNSS data as GPS ground truth data in this experiment to
calculate the localization error of our vision-based system. We also compared our
localization performance with a GPS app on a cellphone that the work zone site
manager would use to provide the work zone location.

On each section of the road, we placed a tra c cone and moved the OBU's GNSS
sensor next to the tra ¢ cone to obtain GPS ground truth data for 15 minutes under
good reception conditions. From the vision-based work zone boundary localization
method, we can obtain the GPS data estimated by the proposed localization. Our
team member stood next to the tra ¢ cone recording the data from the GPS app
on a cell phone. We then calculated the root mean square error (RMSE) based on
Equation 3.5. Here Gis the GPS ground truth data, L is the location estimated by

the proposed localization, and N is the number of data points.

X

<

RMSE = (Gi  Lj)2=N (3.5)

i=1
Testing points used in this experiment are green points shown in Figure 3.15. We

calculated RMSE on each testing point and obtained localization error analysis results
shown in Figure 3.16. RMSE is the localization performance evaluation metric in this
experiment.

From Figure 3.16, we can see our proposed localization method outperformed the

GPS app on the cellphone. Our proposed method had an average RMSE of 0.40m and
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