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ABSTRACT 

Traffic cameras are those cameras operated with the purpose of observing traffic, often 

streaming video in real-time to traffic management centers. These camera video streams allow 

transportation authorities to respond to traffic events and maintain situational awareness. However, 

traffic cameras also have the potential to directly capture crashes and conflicts, providing enough 

information to perform reconstruction and gain insights regarding causation and remediation. 

Beyond crash events, traffic camera video also offers an opportunity to study normal driving. 

Normal driver behavior is important for traffic planners, vehicle designers, and in the form of 

numerical driver models is vital information for the development of automated vehicles. Traffic 

cameras installed by state departments of transportation have already been placed in locations 

relevant to their interests. A wide range of driver behavior can be studied from these locations by 

observing vehicles at all times and under all weather conditions. 

Current systems to analyze traffic camera video focus on detecting when traffic events 

occur, with very little information about the specifics of those events. Prior studies into traffic 

event detection or reconstruction used 1-7 cameras placed by the researchers and collected dozens 

of hours of video. Crashes and other interesting events are rare and cannot be sufficiently 

characterized by camera installations of that size. 

The objective of this dissertation was to explore the utility of traffic camera data for 

transportation research by modeling and characterizing crash and non-crash behavior in 

pedestrians and drivers using a captured dataset of traffic camera video from the Commonwealth 



 

 

of Virginia, named the VT-CAST (Virginia Traffic Cameras for Advanced Safety Technologies) 

2020 dataset. 

A total of 6,779,726 hours of traffic camera video was captured from live internet streams 

from December 17, 2019 at 4:00PM to 11:59PM on December 31, 2020. Video was analyzed by 

a custom R-CNN convolutional neural network keypoint detector to identify the locations of 

vehicles on the ground. The OpenPifPaf model was used to identify the locations of pedestrians 

on the ground. The location, pan, tilt, zoom, and altitude of each traffic camera was reconstructed 

to develop a mapping between the locations of vehicles and pedestrians on-screen and their 

physical location on the surface of the Earth. These physical detections were tracked across time 

to determine the trajectories on the surface of the Earth for each visible vehicle and pedestrian in 

a random sample of the captured video. 

Traffic camera video offers a unique opportunity to study crashes in-depth which are not 

police reported. Crashes in the traffic camera video were identified, analyzed, and compared to 

nationally representative datasets. Potential crashes were identified during the study interval by 

inspecting Virginia 511 traffic alerts for events which occurred near traffic cameras and impacted 

the flow of traffic. The video from these cameras was manually reviewed to determine whether a 

crash was visible. Pedestrian crashes, which did not significantly impact traffic, were identified 

from police accident reports (PARs) as a separate analysis. A total of 292 crashes were identified 

from traffic alerts, and six pedestrian crashes were identified from PARs. Road departure and rear-

end crashes occurred in similar proportions to national databases, but intersection crashes were 

underrepresented and severe and rollover cases were overrepresented. Among these crashes, 32% 

of single-vehicle crashes and 50% of multi-vehicle crashes did not appear in the Virginia crash 



 

 

database. This finding shows promise for traffic cameras as a future data source for crash 

reconstruction, indicating traffic cameras are a capable tool to study unreported crashes. 

The safe operation of autonomous vehicles requires perception systems which make 

accurate short-term predictions of driver and pedestrian behavior. While road user behavior can 

be observed by the autonomous vehicles themselves, traffic camera video offers another potential 

information source for algorithm development. As a fixed roadside data source, these cameras 

capture a very large number of traffic interactions at a single location. This allows for detailed 

analyses of important roadway configurations across a wide range of drivers. To evaluate the 

efficacy of this approach, a total of 58 intersections in the VT-CAST 2020 dataset were sampled 

for driver trajectories at intersection entry, yielding 58,180 intersection entry trajectories. K-means 

clustering was used to group these trajectories into a family of 45 trajectory clusters. Likely as a 

function of signal phase, distinct groups of accelerating, constant speed, and decelerating 

trajectories were present. Accelerating and decelerating trajectories each occurred more frequently 

than constant speed trajectories. The results indicate that roadside data may be useful for 

understanding broad trends in typical intersection approaches for application to automated vehicle 

systems or other investigations; however, data utility would be enhanced with detailed signal phase 

information. 

A similar analysis was conducted of the interactions between drivers and pedestrians. A 

total of 35 crosswalks were identified in the VT-CAST 2020 dataset with sufficient trajectory 

information, yielding 1,488 trajectories of drivers interacting with pedestrians. K-means clustering 

was used to group these trajectories into a family of 16 trajectory clusters. Distinct groups of 

accelerating, constant speed, and decelerating trajectories were present, including trajectory 

clusters which described vehicles slowing down around pedestrians. Constant speed trajectories 



 

 

occurred the most often, followed by accelerating trajectories and decelerating trajectories. As with 

the prior investigation, this finding suggests that roadside data may be used in the development of 

driver-pedestrian interaction models for automated vehicles and other use cases involving a 

combination of pedestrians and vehicles. 

Overall, this dissertation demonstrates the utility of standard traffic camera data for use in 

traffic safety research. As evidence, there are already three current studies (beyond this 

dissertation) using the video data and trajectories from the VT-CAST 2020 dataset. Potential future 

studies include analyzing the mobile phone use of pedestrians, analyzing mid-block pedestrian 

crossings, automatically performing roadway safety assessments, considering the behavior of 

drivers following congested driving, evaluating the effectiveness of work zone hazard 

countermeasures, and understanding roadway encroachments. 
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GENERAL AUDIENCE ABSTRACT 

Traffic cameras are those cameras operated with the purpose of observing traffic, often 

streaming video in real-time to traffic management centers. These video streams allow 

transportation authorities to maintain situational awareness and respond to traffic events. However, 

traffic cameras also have the potential to directly capture crashes, providing enough information 

to perform reconstruction and gain insights regarding causation and remediation. Beyond crash 

events, traffic camera video also offers an opportunity to study normal driving, which is vital 

information for the operation of automated vehicles. Traffic cameras installed by state departments 

of transportation have already been placed in thousands of locations around the country capturing 

traffic scenes relevant to their interests. A wide range of driver and pedestrian behavior can be 

studied from these locations by observing vehicles at all times and under all weather conditions. 

Current systems to analyze traffic camera video focus on detecting when traffic events 

occur, with very little information about the specifics of those events. Previous studies into traffic 

event detection or reconstruction used 1-7 cameras placed by the researchers and collected dozens 

of hours of video. Crashes and other interesting events are rare and cannot be sufficiently 

characterized by camera installations of that size. 

The objective of this dissertation was to explore the utility of traffic camera data for 

transportation research by modeling and characterizing crash and non-crash behavior in 

pedestrians and drivers using a dataset of statewide traffic camera video captured from the 

Commonwealth of Virginia. 
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A total of 6,779,726 hours of traffic camera video from live internet streams was captured 

from December 17, 2019 at 4:00PM to 11:59PM on December 31, 2020. This captured video was 

processed by a trajectory analysis system which determined the path on the ground for each visible 

vehicle and pedestrian in a random sample of the captured video. Additionally, 298 crashes visible 

in the traffic camera video were analyzed, comparing them to nationally representative crash 

datasets. With anticipated uses in traffic modeling and automated vehicle development, two 

additional potential use cases of the dataset were explored: cases where a driver enters an 

intersection, and cases where a driver interacts with a pedestrian. 
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1. INTRODUCTION 

There are several sources of crash data compiled in the United States at the state and 

national level. For example, national crash databases, collected by the National Highway Traffic 

Safety Administration (NHTSA) include the Crash Investigation Sampling System (CISS) (3), 

Crash Report Sampling System (CRSS) (4), Fatality Analysis Reporting System (FARS) (5), and 

older studies such as the National Motor Vehicle Crash Causation Survey (NMVCCS) (6). 

Nationally representative conclusions can be drawn from these databases, due to the sampling 

schemes of CISS, CRSS, and NMVCCS and the census nature of FARS. However, these databases 

each have their drawbacks when considering certain crash analyses. While CISS includes detailed 

injury information, scene diagrams, and event data recorder information for most cases, the limited 

annual sample size and short duration of the study limit the statistical analyses which can be 

performed. CRSS samples a larger number of cases, but relies heavily on police reports, which are 

not filled out by trained crash investigators and do not contain reliable injury information. Because 

FARS is a census with no sampling scheme, it is not subject to the same statistical limitations as 

CRSS and CISS. However, because it is derived from police reports the information available is 

not as detailed as CISS. The data in the NMVCCS study was in many cases collected directly from 

the crash scene while the vehicles were located in their final rest positions, allowing for full crash 

reconstructions. However, NMVCCS does not contain detailed injury information and was 

conducted from 2005 to 2007, before recent changes such as the broad adoption of smart phones 

and the introduction of modern active safety systems; limiting the generalization of recent and 

future analyses. 
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State databases of police reports, in contrast to federal datasets, cannot be used directly to 

make traffic safety claims applicable to the entire United States. However, state datasets often 

include all police reported crashes, allowing for higher statistical power in analyses. These 

databases, by only including police reports, are limited in the number of data elements and crashes 

cannot be reconstructed. Additionally, CISS, CRSS, and FARS require a significant amount of 

processing at NHTSA and there is a considerable delay from the time of the crash to its presence 

in the public dataset; at the time of writing this dissertation in early 2023, the most recent crash 

data available was from December 2021. In contrast, police report data from the Commonwealth 

of Virginia was available from October 2022. A tabular comparison of these databases is given in 

Table 1. To proactively study traffic safety, there exists an opportunity for a recently collected, if 

not continuously ongoing, large database with detailed information for crash reconstruction. 
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Table 1. Tabular comparison of modern crash datasets. † High-level FARS summary statistics are released quarterly. 

 

Cases Per Year 

(within study 

population) 

Study Population 

Crash 

Reconstruction 

Potential 

Data Availability 

CISS ~5,000 
Police Reported 

Towaway 
Possible 

12-14 month 

reporting lag 

CRSS ~50,000 Police Reported Not Possible 
12-14 month 

reporting lag 

FARS 
All cases 

included 
Fatality Not Possible 

12-14 month 

reporting lag† 

NMVCCS ~5,000 EMS Activation Possible 
Stopped 

collection in 2007 

VA State Police 

Reports 

All cases 

included 
Police Reported Not Possible 

3 months 

reporting lag 

This 

Dissertation 
59% of cases 

Crashes visible 

near traffic cameras 
Possible 

1 hour reporting 

lag 

 

Traffic cameras are those cameras operated with the purpose of observing traffic, which 

allow transportation authorities to respond to traffic events and maintain situational awareness. 

Traffic cameras have the potential to directly observe crashes, providing enough information to 

perform detailed reconstruction. Correlating these crashes with police reports would allow for the 

integration of occupant, vehicle, and environment information to analyze cases for injury risk 

modeling, active safety benefits estimation, developing driver models for applications such as 

autonomous vehicle development, and other study designs. 

Beyond crash events, traffic camera video also offers an opportunity to study normal 

driving. Traffic cameras installed by state departments of transportation have already been placed 
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in locations relevant to their interests. Traffic cameras in most states are located at regular intervals 

on interstate highways, and are often present at large intersections on non-access-controlled roads. 

A wide range of driver behavior can be studied from these locations by observing the large number 

of vehicles which pass through the observed roadway at all times and under all weather conditions. 

The objective of this dissertation was to capture streaming traffic camera video from the 

Commonwealth of Virginia and to evaluate efficacy for computing the trajectories of vehicles and 

pedestrians. Furthermore, this dissertation leveraged these trajectories to examine crash and non-

crash behavior in pedestrians and drivers to evaluate the ability of these data for safety and driver 

modeling analyses. The name of the dataset of traffic camera video is the Virginia Traffic Cameras 

for Advanced Safety Technologies 2020 dataset, or VT-CAST 2020. 

Prior Work 

Historical approaches to use camera data in traffic observation and automated driving 

focused on lane detection and vehicle detection and have been detailed by Kastrinaki, Zervakis, 

and Kalaitzakis (7). Lane detection focused on automated methods of determining the locations of 

lanes within the camera view for both infrastructure-mounted cameras and vehicle-mounted 

mobile cameras. Methods for lane detection considered three primary approaches: activity 

detection, feature detection, and model fitting. Activity detection relies on segmenting areas of the 

image with frequent and common movement, as these areas will likely be lanes from a fixed-view 

camera. Feature detection methods use contrast and brightness information to identify lane lines. 

Model fitting methods deform a template to minimize error between the template and the camera 

image. These techniques have the advantage that they operate in camera space without 
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transforming the image to a top-down view and are suitable for lane line detection in an unlimited 

number of locations. However, these methods cannot determine the true identity of a lane; i.e. they 

can identify a lane’s location and shape, but cannot connect this information to pre-existing 

highway maps. Vehicle detection as described by Kastrinaki, Zervakis, and Kalaitzakis has been 

completely supplanted by deep learning methods which were developed in the following years and 

used in this work. 

Other research groups have performed studies using stationary cameras to observe road 

vehicles. In Wu et. al. (8), the authors describe a computer vision based system for tracking 

vehicles on a circular course 260m in diameter for the purpose of studying driver behavior in 

traffic. The standard error of position measurement was 11cm and the standard error of velocity 

measurement was 9cm/s. Because of the controlled track, fixed camera, and fixed fleet of vehicles, 

a clustering algorithm using manually generated vehicle templates was effective at detecting and 

tracking vehicles over time. While demonstrating the potential of camera-based vehicle detection 

methods, the simplicity of their experimental design shows the limits of template matching 

approaches and the need for advanced methods, such as the deep learning methods in this work. 

In Liu, Weinert, and Amin (9), the authors collected traffic camera video from seven 

cameras over 53 days between November 6, 2017 and January 31, 2018. Cameras recorded frames 

every three minutes, and a total of 259,830 frames were collected. The Google Cloud Vision 

service was used to annotate these images with keywords, and trends in these keywords over time 

were used to analyze traffic and weather events. This study demonstrates how informative analysis 

of video streaming from pre-existing cameras can be; however the analysis method is simple and 
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opaque, relying entirely on a proprietary service for analysis. This motivates the transparent and 

advanced vehicle detection method in this work. 

In Kanhere et al. (10), the authors describe a system for detecting motorcycles from 

stationary cameras for the purpose of traffic volume estimation. A total of 1.5 hours of video was 

collected from two cameras. Traffic count accuracy was at most 6% for motorcycles and 3.6% for 

all vehicle types, demonstrating a clear need for additional improvement. 

In Tiezzi et al. (11), the authors describe a system for detecting stationary vehicles located 

along a roadway, stationary vehicles at the moment they leave, vehicles driving the wrong way, 

and crashes from traffic cameras located along highways in Italy. A total of 10.3 hours of video 

was collected from 130 cameras. The F1 score of detecting an event in a one-minute video clip 

ranged from 0.82 to 0.98, suggesting that event detection directly from traffic camera video can 

be effective. However, this method simply detects the events without any additional information, 

like waiting time for stationary vehicles, speed and behavior of wrong-way vehicles, or crash 

severity information for crash vehicles. While promising for detecting real traffic events, it only 

considers a limited data collection interval. 

In Wu et al. (12), the authors describe a system for identifying vehicle-pedestrian near-

crashes from a roadside LIDAR sensor. Two LIDAR sites collected two hours of data. Trajectories 

were extracted for each vehicle and pedestrian. A total of nine events were identified as either 

crash-relevant conflicts or near-crashes (using the same definitions as the SHRP 2 NDS (13)) or 

events where the driver broke Nevada law. The study shows a promising application of vehicle-

pedestrian event detection in trajectory data which could be performed using the VT-CAST 2020 

dataset. 
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In the CICAS-V project (14, 15), the authors instrumented six stop sign controlled 

intersections with radar and camera units. A total of 7,318 hours of data were collected, and models 

were developed to predict the likelihood of drivers failing to stop at an intersection for use in 

Intersection Collision Avoidance Systems (ICAS). While effective, the study of pre-existing traffic 

cameras has the potential to collect similar information with a greater diversity of collection sites. 

In Xing et al. (16), the authors observed a single toll plaza from an overhead UAV. A total 

of 1,103 vehicles were tracked by in the study, and statistical modeling was used to analyze pairs 

of vehicles using each vehicle’s speed, initial and target lanes, and other factors to predict TTC as 

a proxy for crash risk. Vehicles were manually labeled and tracked by a template matching tracker.  

In Ismail et al. (17), the authors describe a system for automatically capturing pedestrian-

vehicle conflicts from video data. Twenty hours of video were captured from one location. 

Approximately 7,000 vehicles and 2,100 pedestrians were observed at a potential conflict point. 

Behavioral metrics such as Time to Collision (TTC) and Post-Encroachment Time (PET) were 

computed for each potential collision pair. A projection was developed between the camera view 

and an orthographic view of the road surface to determine pedestrian and driver position using 

matching points in both views. Features on pedestrians and vehicles were identified using a custom 

feature detector and tracked using the standard KLT tracker (18, 19). The system was able to 

predict approximately 90% of conflicts and 72% of important events as compared to a human 

evaluator using the FHWA observer’s guide. However, almost 55% of normal non-conflict events 

were identified as important events, suggesting the system performance as a conflict/important 

event detector is poor. This study is strong but limited by the number of sites where data collection 
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occurred. By considering streaming video from pre-existing traffic cameras, a more complete 

range of infrastructure and driving situations could be considered. 

Beyond stationary cameras, researchers have considered vehicle mounted cameras to study 

the behavior of the ego vehicle (the vehicle to which the camera is mounted) and other surrounding 

vehicles. The largest of these studies are naturalistic driving studies (NDS), where participants 

receive data collection equipment, including exterior-facing and interior-facing cameras, in their 

personal vehicles which records their normal driving for the duration of the study. The largest 

naturalistic driving study conducted at the time of this dissertation was the Second Strategic 

Highway Research Program (SHRP 2) NDS (13, 20). The SHRP 2 NDS collected approximately 

1.4 million hours of data from 3,362 participant vehicles, containing considerably more data than 

the previously mentioned static camera studies. SHRP 2 data collection concluded in 2013, and 

therefore did not capture any significant effects of automated vehicle technologies entering the US 

market. Additionally, telematics providers for large trucks offer datasets of crash events, such as 

those from SmartDrive and Lytx. Teoh (21) considered a dataset of 38,463,692 hours of driving 

which contained 2,058 crashes in class 8 trucks equipped with SmartDrive telematics and 

concluded that Automatic Emergency Braking and Forward Collision Warning reduce the 

occurrence of front-to-rear crashes by 41% and 44%, respectively. Soccolich and Hickman (22) 

found 201,810 safety-critical events from approximately 10,000 drivers using the Lytx driver 

monitoring system over a 90-day period. These datasets unfortunately are not publicly available. 

A summary of these prior studies in comparison with this dissertation is given in Table 

Table 2. VT-CAST considers a large selection of cameras while allowing similar analyses to 
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previous static camera studies and SHRP 2. No study to date has been identified which uses pre-

existing traffic camera installations to generate traffic safety outcomes. 

Table 2. Tabular comparison of camera-based vehicle studies. 

 
Study 

Year 

Study 

Cameras / 

Location 

Pre-

existing 

Camera 

Study 

Hours 

Vehicle 

Information 

Pedestrian 

Information 

Wu et al. 2018 
1 

Fixed 
No Unknown Trajectories None 

Lui, Weinert, and 

Amin 
2019 

7 

Fixed 
No 4.8 None None 

Kanhere et al. 2010 
2 

Fixed 
No 1.5 Counts None 

Tiezzi et al. 2018 
130 

Fixed 
Yes 10.3 Events None 

Wu et al. 2020 
2 LIDAR 

Fixed 
No 2 Trajectories Trajectories 

Doerzaph 2007 

6 Camera 

+ Radar 

Fixed 

No 7,318 Trajectories None 

Xing et al. 2020 
1 

Fixed 
No Unknown Trajectories None 

Ismail et al. 2009 
1 

Fixed 
No 20 Trajectories Trajectories 

SHRP 2 NDS 2013 
3,362 

Mobile 
No ~1,370,000 Trajectories Trajectories 

Teoh 2021 
Unknown 

Mobile 
No 38,463,692 Trajectories None 

This Dissertation 2020 
1,263 

Fixed 
Yes 6,779,726 Trajectories Trajectories 
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Traffic Camera Installations in the United States 

There are no federal standards describing the required capabilities of traffic camera 

systems, and not all states provide the same level of service. To characterize variations in traffic 

camera installations across the United States, in 2021 the motorist information portal for each state 

was identified and the available traffic camera images and video were evaluated, when present. A 

summary of state traffic camera capabilities is given in Figure 1. Fifteen states offered traffic 

camera video for public consumption, and a further 27 states and territories offered still images of 

traffic. Nine states offered no traffic camera video for public consumption. These data demonstrate 

the growing opportunity for recording traffic cameras, as many states already have pre-existing 

cameras, and future states may expand their systems with the proliferation of intelligent 

transportation systems. 
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Figure 1. State traffic camera capabilities. Oklahoma offered very slow video (two frames per second).
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2. METHOD TO CAPTURE TRAFFIC CAMERA VIDEO IN VIRGINIA 

Methods 

The source of video in this work was the Virginia Traffic Information System (VTIS) (23). 

A total of 1,263 individual cameras streaming data into the internet were available at the time of 

data recording. Approval from the Virginia Department of Transportation (VDOT) was obtained 

for capturing this database. All cameras in VTIS were included in the study. The underlying codec 

for all video streams was H.264. Streams were delivered using the RTMP protocol. Streams could 

also be delivered using RTSP or HLS, but RTMP was found empirically to be the most stable 

delivery format and required the least computational resources. Not all video streams had the same 

frame rate, resolution, and bit rate, but most were approximately 15 frames per second, 320x240 

Figure 2. An image from the camera located at the intersection of Kings Highway and Richmond Highway in Alexandria, Virginia. 

This image was captured at approximately 2:44:34PM on March 22, 2020. A pedestrian is visible crossing the center concrete 

divider on Richmond Highway, highlighted in the orange circle. 
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(QVGA) resolution, and 200 kb/s. An example frame is shown in Figure 2. Video from all Virginia 

cameras was recorded from 4:00PM on December 17, 2019 until 11:59PM on December 31, 2020. 

One year of data collection was chosen to capture any seasonal variation in driver behavior which 

may occur. 

The initial motivation for this endeavor was basic curiosity of the naisent research method, 

so the first attempt at the recording system was a low-cost off-the-shelf video recording solution. 

The FFmpeg (24) command line tool was used to record each stream of video individually, but 

this process was overly resource intensive for the available hardware, as the overhead for each 

process was too high. To rectify this issue, a custom tool was written using Python to record video 

from multiple streams per process. This was more performant than using discrete FFmpeg 

processes, but the number of concurrent streams which could be recorded was limited by the 

Python interpreter. After taking these steps, the Python application was re-written in C++ to 

efficiently use the FFmpeg C API. The C++ application was able to record approximately 200 

streams concurrently per recording host. An analysis of the traffic camera URLs showed that seven 

servers were distributing video data from VDOT. To balance the load from each recording host to 

each VDOT server, the traffic cameras served from each VDOT server were evenly distributed 

across the six recording hosts. Video stream processing was performed using the libav suite of 

open source libraries (25). Due to the network data load associated with beginning an RTMP 

stream, video recording was “stagger started” so the number of streams opening per recording host 

was limited to two per second. In addition, at startup, streams were opened from each VDOT server 

in round-robin order to further limit the stream opening rate seen by a single VDOT server. The 



14 

 

 

total data recording rate of the system under nominal conditions was approximately 203Mbits/s or 

2.2TB per day. 

Video data was stored using the MPEG-4 (MP4) container. Midway through the data 

collection interval, video was stored using the Matroska (MKV) container, as this format was more 

resilient to failures in the capture process. Video recording stopped three minutes before the end 

of each hour to ensure each file was closed properly and all data was written to disk. After the 

implementation of the MKV container format, 90 seconds were allotted to this closeout process to 

record more video, as the close-out process was less resource intensive for MKV than MP4. Then, 

at the beginning of the next hour, video streams were re-opened and recording would begin again. 

Video files were roughly one hour in length and roughly 80MB. This was sufficiently large to 

bypass “small file” limitations in most filesystems but small enough to facilitate manual video 

scrubbing and limit the amount of lost video if corruption or failure occurs. Video recording was 

restarted if a problem with the camera stream was identified. To avoid triggering rate limiting or 

cause excessive load, a cooldown period was required to limit the frequency at which a given 

stream would be restarted. A cap of 30 restarts per hour was applied to each stream to limit the 

retry behavior for unrecordable streams. 

These system design choices were made for performance or resource usage reasons. 

System performance was important for the video capture application because it had to run in real 

time, directly capturing video from the VTIS. Because the system was operating on a normal Linux 

kernel, normal network buffer sizes were available, which would quickly fill due to the volume of 

data. Because of this, only the smallest lapses in realtime performance could be absorbed by 

network buffers, and any performance variation due to disk access, system scheduler contention, 
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kernel time, or other system processes would result in lost video data. Common optimization 

techniques such as caching were unsuitable for the streaming processing in the recording hosts, as 

new, unique data was constantly processed. 

At the beginning of the data collection project, the video capture system was deployed to 

the Virginia Tech Advanced Research Computing (VT ARC) on-campus cloud. Six virtual 

machines (VMs) were provisioned as the recording hosts. The ARC Gluster file system was 

accessible to each node through an NFS-GFS bridge. Data was stored on the Gluster file system 

over the course of one recording day. A total of 20TB of storage space was available on the Gluster 

file system, allowing several days of recording to be held temporarily. After this space was 

exahusted, the video from the oldest stored day of recording was manually packaged into an 

uncompressed tar (26) archive. GZIP compression was attempted, but compression could not be 

completed in real time, and no storage space gains were achieved because of the highly compressed 

nature of H.264 video. Each tar archive was moved onto the VT ARC tape backup system for long-

term storage. 

The data collection scheme had to be modified in April 2020 because of resource 

limitations at VT ARC. In the updated data collection scheme, tar archives of each day of video 

were split into 100GB video chunks and copied to Google Drive. At the time of this project Google 

offered unlimited storage to Google for Education customers, such as Virginia Tech. At the time 

of this project Google Drive maintained a 750GB per account upload limit. Because roughly 2.2TB 

of camera data was generated each day, four Google accounts were used, and the video chunks 

were uploaded to each account in round-robin order. The data was uploaded to each Google 

account concurrently using several instances of the rclone (27) software application. One recording 
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day (~2.2TB) could be uploaded to Google Drive in roughly 4.5 hours, preserving the real time 

nature of the process. Upload to Google Drive occurred at the same time new video was recorded. 

The virtual machines used at first for data collection were considered “ephemeral” and 

their contents could be re-built at any time using the Ansible system configuration management 

tool. Rebuilding a capture VM took approximately 30 minutes from provisioning through VT ARC 

to the start of live data capture. After the switch to Google Drive for data storage, a change was 

made to package the data capture application using the Singularity HPC application framework. 

Data capture was then performed on normal ARC nodes using the SLURM scheduler. This reduced 

the support burden on ARC personnel to manage the virtual machines and application performance 

increased, as the capture system was running on an unvirtualized kernel. A network proxy was 

used, as ARC compute nodes did not have direct access to the Internet in the cluster used. 

Video could not be recorded from each camera throughout the entire study period. Cameras 

were not functional at all times, and some cameras were added to and removed from the VTIS 

during the course of the dissertation. Cameras added to the VTIS during the dissertation were 

enrolled in data collection once their addition was noticed. In addition, VT ARC storage was not 

functional at all times and recording could not take place when the storage was not available. 

In addition to the video data, crash data was also captured from the Virginia Traffic 

Information System. Traffic data in GeoJSON format (28) used to generate the publicly visible 

crash map layer was polled every ten seconds for the duration of video recording using a program 

written in Python. 



17 

 

 

Results 

 A total of 6,779,726 hours of video were captured from 4:00PM on December 17, 2019 to 

11:59PM on December 31, 2020. If all cameras were captured at all times, a total of 11,528,664 

hours of video would have been captured, resulting in a capture completeness of 58.8%. Video 

was lost as a result of issues relating to computational limitations, camera stream availability, 

storage downtime, time spent switching between capture systems, and the general performance of 

the capture application. With refined methods based on the work described herein, greater uptime 

could be achieved for future data collection efforts. 

A map of camera locations is given in Figure 3. The route assigned by VDOT to each 

camera is given in Table 3. Most cameras (62%) were located on Interstate highways. A further 

19% were located on US routes, and 11% were located on Virginia routes. The remaining 8% were 

located on small local roads maintained by VDOT. 

 

Figure 3. VT-CAST 2020 camera locations in the Commonwealth of Virginia. 
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Table 3. Camera Locations in the VT-CAST 2020 dataset. 

 Number of 

Cameras 
% 

All Cameras 

  All Cameras 1,263 100% 

Primary Route 

  Interstate 780 62% 

  US Route 234 19% 

  Virginia Route 143 11% 

  Local Route 106 8% 

 

It is important to note the heterogeneity of the cameras; cameras were installed and 

decommissioned as needed, using the cameras available at the time of purchase; the whole system 

therefore represents a wide variety of camera abilities, technologies, and system parameters. The 

bitrate of the video streams is given in Figure 4. The bitrate was within 10% of 200 kb/s for 69.8% 

of cameras, and a greater proportion of cameras had lower bitrates than higher bitrates. The video 

resolutions and frame rates observed are detailed in Table 4. The vast majority of video resolutions 

(93%) were 320 pixels in width and 240 pixels in height. Most videos (77%) were within 10% of 

15 frames per second (fps) nominally. A total of 18% of the videos were variable frame rates under 

15 fps nominally, however, the true frame rate for many of these video clips was often 15 fps. 
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Figure 4. The bitrate of camera streams in the VT-CAST 2020 dataset. 

Table 4. Camera resolutions and frame rates present in the VT-CAST 2020 dataset. 

 Number of 

Cameras 
% 

All Cameras 

  All Cameras 1,263 100% 

Dimensions (WxH) 

  320x240 1,169 93% 

  240x180 39 3% 

  Unknown 37 3% 

  352x240 7 1% 

  352x288 6 0% 

  720x480 2 0% 

  320x180 2 0% 

  704x480 1 0% 

Nominal Frame Rate 

  Less Than 15 fps 228 18% 

  15 fps 967 77% 

  25 fps 3 0% 

  30 fps 25 2% 

  Unknown 40 3% 
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The distribution of the concurrent number of cameras recorded is given in Figure 5. For 

more than half of the study interval, at least 800 cameras were recorded concurrently. At no time 

were all 1,263 of the cameras recorded simultaneously. This was because some cameras listed by 

VDOT as publicly available were added during the study, and thus not available at the start, while 

some cameras were removed during the study, so at no point were all cameras available. The 

presence of a time-related bias was investigated in Figure 6. No particular day of week or hour of 

day showed a significant deficit or surplus in hours recorded. 

 

Figure 5. Cumulative distribution of the number of traffic cameras recorded concurrently. The red line indicates 1,263 cameras, the 

total number of cameras presented by VDOT. 
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Figure 6. Hours captured by day of week and hour of day. 

Discussion 

The traffic cameras in this study were installed by VDOT and are only present on roads 

they maintain. This means that small and low-traffic roads which are maintained by counties and 

municipalities are not captured in camera video. A small number of county and municipal roads 

cross state roads or appear in the background of some camera views, but these roads are not 

covered deliberately or in any systematic way. However, some roads were maintained by VDOT 
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but were considered for census purposes to be local roads and had traffic cameras. VDOT does not 

provide any information or justification to describe why the camera locations were chosen. The 

distribution of camera locations in VT-CAST 2020 is repeated below in Table 5, along with the 

distribution of road miles in Virginia (29), and those road miles weighted by their last measured 

average annualized daily traffic (AADT) (30). Local roads represented the vast majority of 

roadway miles in Virginia (84%) but a small proportion of traffic camera locations (8%). Interstate 

cameras were also overrepresented among miles installed in Virginia, as there was 2.5 times less 

interstate mileage than US route and VA route mileage, but 2.1 times more interstate cameras than 

US route and VA route cameras. However, when weighting for AADT we can consider the miles 

traversed in Virginia, in contrast to the miles installed. A greater proportion of cameras were 

installed on interstates (62%) than the proportion of AADT-miles traveled on interstates (41.5%). 

US Routes were underrepresented among cameras installed (19%) as compared to AADT-miles 

traveled (58%), but Virginia Routes were significantly overrepresented, consisting of 11% of 

traffic cameras but only 0.7% of AADT-miles. AADT was not measured everywhere and 

information was only available for state roads, so a comparison could not be made to the AADT 

of county and local roads. The proportion of roads without AADT information was not known. 
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Table 5. Comparison of Virginia traffic camera locations to the roadway inventory in Virginia. 

 Number of 

Cameras 
% 

Virginia 

Miles  
% 

Virginia 

AADT-Miles 
% 

All Cameras     

  All Cameras 1,263 100% 30,427 100% 176,439,368 100% 

Primary Route     

  Interstate 780 62% 1,366 4.5% 73,171,334 41.5% 

  US Route 234 19% 
3,365 11.1% 

101,902,855 57.8% 

  Virginia Route 143 11% 1,365,179 0.7% 

  Local Routes 106 8% 25,696 84.4% - - 

 

A significant amount of available traffic camera video was not recorded (41.2%, or 

4,748,938 hours). The failures in capture were mostly random, or linked to software or hardware 

failure in the VDOT camera and public video distribution system. A random subset will be taken 

of the dataset for computational reasons in future tasks. If the recording failures are interpreted as 

a random sub-setting procedure, they should not significantly limit the scientific value of the 

dataset. A future study could reduce the amount of unrecorded video by applying the following 

remedies: 

• Overprovision the video recording servers so that capture failures on one server do not cause 

total loss of video for all the cameras handled by that server; 

• Use diverse storage servers or automatically upload to Google Drive to eliminate the 

requirement for large institutional storage systems which do not have uptime guarantees; 

• Coordinate with VDOT to understand camera failures and potentially integrate directly with 

camera systems, bypassing the public system intended for the motoring public; and/or 
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• Automate the capture software provisioning so that manual restarts are unnecessary. This must 

be coupled with automated reporting and analytics to ensure that a bad system state is identified 

and rectified quickly. 

Conclusion 

This chapter described the recording of the VT-CAST 2020 dataset. The VT-CAST 2020 

dataset contains approximately 6.22 million hours of video from 1,263 traffic cameras in the 

Commonwealth of Virginia, collected from December 17, 2019 to December 31, 2020. This 

dataset represents an incredible resource to study normal driver behavior in a variety of situations. 

The extent of data collection means that rare events such as near-crash and crash behavior were 

captured as well. Using Virginia AADT-miles on state-maintained roads as a baseline, cameras 

were overrepresented on interstates, underrepresented on US Routes, and overrepresented on 

Virginia Routes. It should be noted that in general, the location of the cameras was likely motivated 

by VDOT’s specific needs for monitoring traffic coupled with a variety of practical factors (for 

example, availability of power and network communications) rather than the purpose of capturing 

a statewide representative video sample. Analysis and intersection of these data has been 

performed with this limitation in mind. 
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3. ANALYSIS OF TRAFFIC CAMERA VIDEO TO DETERMINE VEHICLE 

TRAJECTORIES 

Introduction 

The objective of this chapter was to process the traffic camera video captured using the 

method described in the previous chapter to determine the time series trajectory of each visible 

vehicle and pedestrian in the dataset. This process was decomposed into a series of self-contained 

software tasks which were independently tested. The four components of the video analysis 

pipeline were: 

1. The vehicle and pedestrian detection component, which determined the locations of vehicle 

and pedestrian keypoints in each frame of video,  

2. The coordinate transformation component, which determined the real-world location of 

vehicle keypoints, using camera tracking information,  

3. The tracking component, which determined the most likely time-series trajectory of each 

vehicle given a series of position measurements, and 

4. The camera tracking information component, which determined the most likely extrinsic 

and intrinsic camera parameters for each camera over time. 

Methods 

Pipeline 

The full pipeline of the traffic camera video analysis procedure is given in Figure 7. Traffic 

camera video was only directly processed by two components: the vehicle and pedestrian detection 

component and the camera tracking component. The vehicle and pedestrian detection and camera 
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tracking information processed by these software components was used by the coordinate 

transformation component to observe the locations of vehicles on the ground. Then, the tracking 

component determined the mostly likely set of real vehicle trajectories explained by observations 

across multiple frames. 

 

Figure 7. Pipeline for analysis of traffic camera video data to find vehicle trajectories. 

Vehicle and Pedestrian Detection Component 

The purpose of the vehicle and pedestrian detection component was to identify the keypoint 

locations of each vehicle and pedestrian visible in each video frame. The keypoints for each vehicle 

were defined to be the four locations along the perimeter of the vehicle where the lateral extreme 

of each tire (point farthest from the vehicle centerline) touched the ground. For vehicles with more 

than two axles, the tires on the front-most and rear-most axles were used. The entire truck-trailer 

unit was considered together for articulating vehicles, as the centroid of the front truck axle and 

rear trailer axle provide a more meaningful representation of the location of the truck than 
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considering the truck or trailer separately. These keypoints were chosen as they are directly on the 

ground and easily identifiable. Points on the ground were necessary as the keypoint locations were 

combined with a terrain model in a later step to determine their physical location on the roadway. 

Generally speaking, the 3D location of points in space cannot be directly measured from a single 

camera view. Prior work has considered 2D bounding boxes, which are the smallest rectangle 

drawn on the image that contains the vehicle. While convenient to draw and relevant for computer 

vision research, the sides and corners of the bounding boxes are not related to any physical location 

and cannot be used for accurate trajectory reconstruction of vehicles. Research systems have been 

developed which directly predict 3D bounding boxes from 2D views (31–33). Because it is not 

actually possible to determine 3D information from a single viewpoint 2D image, these methods 

estimate depth from the images using visual cues. These systems are highly sensitive to the 

intrinsic parameters of the camera(s) used in training and do not generalize well to other cameras, 

which would be unsuitable for use with the traffic cameras in Virginia. The Virginia traffic cameras 

vary considerably and can vary intrinsic parameters (such as zoom level and distortion) while 

operating. The keypoints for each pedestrian were defined to be the center of the left and right 

ankles. These points were chosen for their proximity to the ground and inclusion in previously 

developed human pose estimation models. While one could have considered detecting the centroid 

of the vehicles and pedestrians directly, the centroid does not identify a physical point on a vehicle 

or pedestrian and would have been impossible to verify a correctly labeled point by inspection. 

Vehicle detection was performed using a custom neural network keypoint detector based 

on the Detectron2 (34) R-CNN (35) architecture. No suitable pre-existing vehicle detector existed 

at the time of model development; this represents a novel approach to vehicle detection, motivated 
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by the reasons stated above. The network was trained on a manually labeled dataset of 1,006 

images. Images were labeled by an undergraduate researcher and manually verified. For most 

viewpoints, the body of the vehicle obscures one or more keypoints. The positions of these 

obscured keypoints were manually estimated in the manually labeled dataset, and the neural 

network was trained to generate similar estimates. In cases where two keypoints were occluded, 

this estimation served to also approximate track width and/or wheelbase. Researchers conducting 

the manual labeling process were instructed to label each point within three pixels of accuracy, 

knowing it was not possible to evaluate this concretely for obstructed labeling points. 

Person detection was accomplished using OpenPifPaf (36) human pose estimation model. 

Human pose estimation is a well explored area, especially in the years since the task was included 

in the 2016 COCO (37) challenge. Runtime performance, suitability for traffic camera imagery, 

and detection performance were considered when selecting this model. 

Sources of uncertainty in vehicle and pedestrian keypoint estimation include the wide range 

of scales present in traffic camera video and the detection confidence of the neural network. By 

estimating mean and standard deviation instead of a simple value, uncertainty information was 

made available to downstream processes. Uncertainty information was computed by assuming 

detection error was modeled by gaussian noise, where 95% of detected keypoints were within three 

pixels of the true location, as this was the stated error goal in the manual keypoint labeling 

procedure. This uncertainty, transformed into a coordinate system on the ground, was 

characterized using a cumulative distribution to evaluate the choice of tolerable keypoint labeling 

error on vehicle trajectories. 
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Camera Tracking Component 

The traffic cameras in this study were primarily pan-tilt-zoom cameras and used by VDOT 

to maintain situational awareness and examine particular roadside features. The purpose of the 

camera tracking component was to identify the orientation (pan and tilt), focal length (zoom), 

physical location, and altitude of each camera. The coarse physical location and altitude for each 

camera was assumed to be fixed for the data collection interval (pan, tilt, and zoom were not). The 

VTIS contained information about the coarse latitude and longitude for each camera. Some 

indicated camera positions were significantly incorrect (hundreds of meters in positional error), so 

a manual review was conducted to correct each camera location by checking satellite imagery. A 

3D model of the environment around each camera was constructed by combining orthoimagery 

from the Virginia Base Mapping Program (38, 39) and elevation data from the USGS 3D elevation 

program (40). A region 0.002 degrees (7.2 seconds of arc, or approximately 720 feet) around each 

camera was considered, as this contained enough descriptive landscape features to locate the 

camera without processing an unreasonable amount of data. 

Features in the terrain model were manually aligned with locations from each camera video 

in its “reference” state. Automatic alignment was tested using ORB (41), SIFT (42), and BRISK 

(43) features but was unsuccessful. An example of this alignment is given in Figure 8. Any features 

were used where a specific point could be clearly identified on the ground in both satellite imagery 

and camera video. Features used included but were not limited to transitions between pavement 

types, guardrail end terminals, painted road lines, the bases of signs, and manhole covers. Most 

VDOT traffic cameras remain in one location, and automatically return to that location after some 

time if the operator ceases to move the controls. A LM-BFGS minimizer (44) was used to 
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determine the most likely altitude, pan angle, tilt angle, and zoom ratio given the camera-terrain 

point correspondences using the cost function in Equations 1-4, where 𝑧 was the altitude of the 

traffic camera in meters on the WGS84 ellipsoid, 𝜃 was the pan angle of the camera in radians 

with East as the reference angle, 𝜙 was the tilt angle in radians with horizontal as the reference 

angle, 𝑓 was the zoom ratio of the camera (unitless), with 240 pixels as the reference zoom level, 

𝑢𝑘 was the easting value of point 𝑘, 𝑣𝑘 was the northing value of point 𝑘, 𝑄𝑢,𝑘 was the easting 

value of the projection of point 𝑘 onto the surface of the earth, 𝑄𝑣,𝑘 was the northing value of the 

projection of point 𝑘 onto the surface of the earth, 𝑠 was the dimensionless scaling factor of the 

projective mapping, 𝑈 was the width of the camera frame in pixels, 𝑉 was the height of the camera 

frame in pixels, 𝑅 was the rotation matrix of the camera, 𝑇 was the transformation matrix of the 

camera, and 𝑃𝑘 was a row vector representing the location on the surface of the earth of point 𝑘. 

With this information, the projective mapping between each pixel in the reference camera view 

and the 3D terrain location could be determined. This second step mapped the features captured in 

the reference state to the real-world physical locations in the orthoimagery. 
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Figure 8. Satellite and camera imagery near mile marker 194.3 on I-64 Westbound in Henrico County, VA. Corresponding points 

are shown with matching colors. 
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𝑇 = [
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] (4) 

Because some of the cameras can pan, tilt, and zoom, it is necessary to know how each 

camera moved to accurately map all of the video to real-world physical locations. This information 

was used to determine the location of each camera at all times through the dataset. For each frame 

of video in the VT-CAST 2020 dataset, ORB features were identified. These features were then 

matched with those found in the reference image. These features did not necessarily appear in the 

same location as the reference image, because a VDOT operator could have moved the camera, or 

the camera could have moved due to thermal expansion of an underlying bridge or wind. The pan, 

tilt, and zoom values which best explain the difference in position between the reference image 

and video frame were determined using a numerical minimizer. This measures the pan, tilt, and 

zoom of the camera in each frame. To determine the maximum likelihood values of these dynamic 

parameters, a Rauch-Tung-Striebel (RTS) smoother with a 2nd order dynamics model was used. A 

2nd order model was appropriate as the pan, tilt, and zoom were all achieved using physical 

mechanisms with electronic velocity control that was smoothly moved by a manual operator. 

Coordinate Transformation Component 

The vehicle detection component detected the pixel locations of each vehicle in each video 

frame, and the camera tracking component determined the relationship between the camera view 

and the real world. The objective of the coordinate transformation component was to determine 

the real-world position of each vehicle in each frame. This was accomplished by casting a ray from 

the camera location through the location of each keypoint (Figure 9). The intersection of that ray 
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with the terrain model surrounding the camera represented the physical location on the surface of 

the Earth where that keypoint was present. 

The ray casting procedure was performed using the Mitsuba (45, 46) research renderer. 

The digital terrain model and camera were combined in a Mitsuba scene, and a view from the 

camera was rendered using the Mitsuba Arbitrary Output Variable integrator to determine the X, 

Y, and Z map position for each point in the camera view. This served as a lookup table for each 

camera view, where the value of the lookup table at the position of a keypoint was its position on 

the Earth. 

After keypoints were mapped onto the terrain model, the centroids of the vehicles and 

pedestrians were computed. As the coordinate transformation is a nonlinear process, the centroid 

of the keypoints in the video frame transformed onto the terrain model was not equivalent to the 

centroid of the transformed keypoints, the latter more closely representing the centroid of the real 

pedestrian or vehicle. 

 

Figure 9. A pixel location shown in the camera view at the left is projected through the ray shown at the right until it intersects the 

terrain at the location shown. The right image is a screenshot of Google Earth in the area around the traffic camera. The origin of 

the ray is the location of the traffic camera. 
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Casting a ray from the camera to each vehicle and pedestrian location represents a non-

linear transformation, so the uncertainty information encoded by the vehicle and pedestrian 

detectors cannot be used directly. The unscented transform (47) was used to determine the 

covariance of the keypoint measurements on the surface of the Earth. 

Tracking Component 

The purpose of the tracking component was to combine all observations of all vehicle and 

pedestrian keypoints to determine the most likely set of real vehicles and pedestrians which existed 

at the time of video capture and determine their maximum likelihood trajectories. 

First, vehicle detections were modified to remove poor quality corners. A common failure 

mode of the vehicle detector was to report one significantly incorrect corner prediction and three 

correct ones. Given that the four corners of a vehicle trace out a rectangle, it was possible to remove 

the incorrect corner and recompute its likely location based on the locations of the other three 

corners. 

Subsequently, invalid vehicle and pedestrian detections were filtered out. Vehicle and 

pedestrian detections below a confidence threshold were not considered. Vehicle detections were 

not considered for trajectory generation if they were less than 2 meters in width or wheelbase, 

more than 4 meters in width, or more than 27 meters in wheelbase; a common failure mode of the 

vehicle detector was to detect vehicles of near-zero or wheelbase with a confidence above the 

threshold. When vehicles left the area of the lookup table generated by the coordinate 

transformation component, the effect was to report a very large vehicle, so these were filtered out. 

Vehicles have fixed parameters, wheelbase and track width, which we assume did not 

change while the vehicle was visible. Vehicles also had dynamic parameters, position and heading, 
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which changed over time but were constrained by vehicle dynamics. For each vehicle, an RTS 

smoother Kalman filter was used to determine the maximum likelihood values of the fixed and 

dynamic parameters. A 0th order model for the fixed parameters and a point-mass model for the 

dynamic parameters was used. The Munkres assignment (“Hungarian”) algorithm (48) was used 

to associate vehicle keypoint detections across frames. Covariance information was used from the 

coordinate transformation component to optimally consider information from the camera view due 

to the properties of the Kalman filter. Because traffic cameras generally view the ground at a 

glancing angle, a tighter state covariance estimate was possible across the field of view than into 

the field of view, thus measurements were weighted more heavily across the field of view and the 

dynamics model was weighted more heavily into the field of view. 

Pedestrians were tracked in a similar manner to vehicles. An RTS smoother Kalman filter 

was used to determine the maximum likelihood value of the position on the ground of the center 

of mass of the pedestrian. A 2nd order point-mass model was used for the position of the pedestrian. 

While stance width could be computed analogously to vehicle track width by comparing the 

locations of the left and right ankle positions, this value would be poorly measured because 

pedestrian feet frequently lift off the ground, violating the ray-casting assumption made in the 

coordinate transformation component. 

These vehicle and pedestrian trajectories were the final processed outcome of the analysis 

pipeline. They encode rich information about driver and pedestrian behavior, are time correlated 

with the behavior of surrounding vehicles and pedestrians, and include detailed information about 

measurement uncertainty. 
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Results 

A total of 35,080 vehicle miles traveled and 139 pedestrian miles traveled were 

reconstructed from approximately 36,487 and 49,267 hours of video, respectively. This is a 

random subset of 3.5% of the video from cameras with full projective mappings between camera 

image locations and physical locations on the ground. Example detections and trajectories are 

given in Figure 10. Computation occurred using systems at the Virginia Tech Transportation 

Institute and across the United States using resources in OSPool (1, 2). The entire traffic camera 

dataset was not processed due to limited available computing resources. A common failure mode 

of the vehicle and pedestrian detectors was to permute the keypoint locations; detecting the front-

left tire in the location of the rear-right tire, for example. Trajectories were generated from the 

centroid of the vehicle, so this failure did not significantly impact the number of available 

trajectories. However, this failure served to limit the value of the heading, wheelbase, and track 

width information. 

 
Figure 10.Vehicle keypoints (left) and trajectories (right) from 9:00AM to 10:00AM on January 1, 2020 at the intersection between 

Commerce Rd and Hull St (US-360) in Richmond, VA. Only trajectories longer than one second are shown. 
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The manual alignment process for the camera tracking component could not be completed 

for all camera views due to the absence of distinguishing features along some very straight or 

lightly curved road sections. In practice, many road sections only had lane lines as distinguishing 

features, which repeat regularly along the surface and cannot be used as a position reference. 

Additionally, alignments between the camera image and the digital terrain model could not be 

made in cases where road construction was occurring, as the terrain model and traffic camera 

would not be describing the same visual information, or when bridges were present in the video, 

as bridges and other manmade structures were not present in the terrain model. An example of a 

failure in manual alignment is given in Figure 11. A total of 154 camera views had complete 

manual reconstructions. In addition, the numeric minimizer which used the manual reconstruction 

information to determine the camera position, altitude, and intrinsic parameters could not converge 

for all cameras. A total of 78 camera views (6.2% of all cameras) had a full projective mapping 

between camera image positions and physical locations on the Earth. Trajectory information was 

only available from these camera views, which we will refer to as trajectory cameras. The locations 

of these cameras are given in Table 6, alongside the camera locations in the full dataset. Interstate 

highways has the smallest proportion of camera views with reconstructions, as these roads had the 

most failures in the manual alignment process due to the lack of identifying landmarks on the 

roadway and the frequent presence of bridges which could not be used for keypoints. Many US 

route and local route cameras were placed at intersections, so the manual reconstruction process 

was more successful. A greater proportion of these cameras (13.2% and 24.5%) were trajectory 

cameras. 
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Table 6. Quantity and proportion of trajectory cameras by route type. 

 
Number of 

Cameras 

(Total) 

Number of 

Trajectory 

Cameras 

Proportion of 

Cameras with 

Trajectories 

All Cameras  

  All Cameras 1,263 78 6.2% 

Primary Route  

  Interstate 780 16 2.1% 

  US Route 234 31 13.2% 

  Virginia Route 143 5 3.5% 

  Local Route 106 26 24.5% 

 

 

Figure 11. The relatively featureless area around the camera labeled “MMBT1130” made it unsuitable for reconstruction. 
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The distribution of trajectory time spans is given in Figure 12. The median trajectory had 

a duration of eight frames, or 533 milliseconds at 15 fps. Vehicles were typically visible on screen 

for several seconds, so this indicates a significant amount of vehicle re-identification, a failure 

mode of the tracking component where the relationships between vehicle detections across frames 

were “forgotten” and previously labeled vehicles were given new identifiers. Some vehicles were 

identified for very long periods; these were typically parked vehicles. 

 

Figure 12. Distribution of trajectory lengths detected in VT-CAST 2020. 

 

The distribution of uncertainties in vehicle position detection are given in Figure 13 and 

pedestrian position detection in Figure 14. The median vehicle centroid detection had a standard 

error of 37 cm and the median pedestrian centroid detection had a standard error of 26 cm. 
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Uncertainty was characterized by the square root of the larger (first) eigenvalue of the covariance 

matrix, which corresponds to the major radius of the confidence interval ellipse (49). Confidence 

intervals tended to be highly eccentric ellipses, as the ability to resolve a vehicle or pedestrian’s 

position was high across the field of view of the camera but low along it. The pedestrian error was 

thought to be lower because pedestrians are smaller than vehicles, so the median detected 

pedestrian was closer to the camera than the median detected vehicle, and their position could be 

measured more accurately. The distribution of velocity errors is given in Figure 15. The median 

velocity error was 0.50 m/s, and error was roughly uniformly distributed from 0.37 m/s to 0.62 

m/s. 

For comparison, the cumulative distribution of Global Position System (GPS) Standard 

Positioning Service (SPS) error is given by a red line, computed by comparing the GPS SPS 

position to the surveyed position of markers at several airports within the United States (50). The 

median position standard deviation for vehicles or pedestrians was smaller than the median GPS 

error of 79 cm. While error and standard deviation are not directly comparable, this suggests that 

the position measurements made using traffic cameras are similar or better accuracy than those 

made by GPS. 

However, when compared to GPS Wide Area Augmentation System (WAAS), shown in 

green, the performance of traffic camera position measurements was comparable or poorer than 

those made by GPS WAAS. Error was measured (51) in a similar manner to GPS SPS error. 

WAAS is a system to broadcast GPS correction data to the entire United States. This system is 

intended for aircraft, so the presence and availability of WAAS corrections may suffer in urban 
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environments at ground level. Other augmentation systems exist for GPS which offer comparable 

gains in accuracy. 

 

Figure 13. Cumulative distribution of the principal eigenvalue of the covariance matrix of vehicle centroid locations. The red line 

gives the error distribution for GPS SPS. The green line givens the error distribution for GPS WAAS. 
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Figure 14. Cumulative distribution of the principal eigenvalue of the covariance matrix of pedestrian centroid locations. The red 

line gives the error distribution for GPS SPS. The green line givens the error distribution for GPS WAAS. 
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Figure 15. Cumulative distribution of the principal eigenvalue of the covariance matrix of vehicle centroid velocities. 

Future Work 

A future study could improve upon the VT-CAST 2020 analysis pipeline in the following 

areas: 

• Aggressively optimize software performance of the video processing components to make 

the best use of scarce computing resources. 

• Consider new sources of information for the terrain model which would contain accurate 

geometry from man-made structures, such as USGS Point Clouds (52) or Google Earth 3D 

Data. These data sources would be challenging to use, as USGS Point Clouds are 

unprocessed sensor scans, and Google Earth 3D Data is not licensed for use in research 

projects. 
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• Consider new methods for determining the extrinsic and intrinsic parameters of the traffic 

cameras, possibly coupled with the new data sources mentioned above. 

• Increase the performance of the tracking component, enabling downstream tasks to use a 

larger proportion of the detected trajectories and minimize the significant impact of 

vehicles which were assigned multiple identifiers. 
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4. ANALYSIS OF POLICE REPORTED AND UNREPORTED CRASHES IN VIRGINIA 

TRAFFIC CAMERA VIDEO 

Introduction 

Traffic cameras, operated by states for the good of the public, have the potential to directly 

observe crashes, providing an untapped source of information to perform reconstructions. 

Correlating these crashes with police reports would allow for the integration of occupant, vehicle, 

and environment information to analyze cases for injury risk modeling, active safety benefits 

estimation, and other study designs. Such capabilities may allow for proactive safety evaluations 

that provide an ability to identify and remediate safety deficiencies faster than traditional crash 

databases. 

Analysis of traffic camera video can uncover information about vehicle behavior 

comparable to that which is available from event data recorders (EDRs). Modern crash datasets 

such as CISS contain information from the EDR when retrievable. However, in crashes where 

EDRs are available from multiple vehicles, little information is present to synchronize the time 

series data between EDRs and the moment of impact, limiting the accuracy of crash 

reconstructions. Because traffic cameras record position information for all vehicles 

simultaneously, information such as acceleration, travel speed, and braking magnitude can be 

compared between vehicles and pedestrians in multivehicle crashes and related to a common 

moment of impact. EDRs record a fixed, limited amount of pre-crash information at a low sample 

rate, required by federal law to be at least 1 Hz, typically 2 Hz, and 10 Hz in some vehicles. 

Because the traffic camera video was recorded continuously, the amount of pre-crash information 
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was only limited by the time each vehicle was visible, and most traffic cameras recorded at 15 Hz, 

providing enhanced information for highly dynamic events. Not all vehicles are equipped with 

EDRs; in 2022 63% of registered vehicles had an EDR accessible by the Bosch CDR tool (53). 

The Bosch CDR tool reads most vehicle EDRs and is used for collecting EDR information in 

CISS. In traffic camera video, the vehicle make/model/model year does not affect the availability 

of trajectory information. Finally, EDRs only permanently save information if an impact delta-v 

greater than 5 km/h is recorded or the airbags are deployed. EDR data is not routinely collected 

for minor crashes, and if collected, the desired information may not be saved in the EDR memory. 

Because traffic camera trajectory information is available in crashes of all severities, traffic camera 

data offers a method to determine trajectories in low severity and near-crash cases. Additional 

context, such as traffic density, lighting levels, weather, the behavior of non-crash vehicles, and 

other information is available which is not present in EDRs or traditional crash databases. Because 

of these factors, a large number of crash attributes which could typically only be obtained by 

recovering the vehicle EDR are available to study in crashes observed by traffic cameras. 

Dash cams, commercial telematics systems, and naturalistic driving studies, such as 

SmartDrive, Lytx, and the SHRP 2 NDS, have the ability to capture much of the same information 

as EDRs in crashes by recording forward-facing video and vehicle electronic data. The primary 

limitation of these systems is the imbalance of data; the front of the subject vehicle is well captured, 

but video from other areas is often limited or nonexistent. Among crash vehicles in police-reported 

cases, 47% did not have an initial contact point in the front of the vehicle (defined to be clock 

points 11, 12, and 1) (54), and thus critical information may not be recorded. Traffic cameras, with 
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their overhead perspective, have the ability to capture more context and a greater proportion of 

pre-crash information. 

National and state crash databases only contain police reported crashes. By directly 

observing the roadway, traffic cameras do not rely on police reports and have the ability to capture 

detailed information about non-police reported crashes. Previous studies have investigated 

unreported crashes. The MDAC study (55) surveyed a nationally representative sample of 

households in 2010 for those which had a crash in the preceding year. They estimated 

approximately 30 percent of crashes were unreported. Blincoe et al. (56) expanded upon this 

analysis to conclude that in total 7,546,213 crashes (53%) were unreported to police in 2019. In 

these studies, information about the crash mode was unknown. Understanding crash mode is 

critical to evaluating the future crash safety problem, as new and proposed crash prevention 

systems are designed to activate for specific crash modes. By using traffic cameras, we can 

characterize the types of unreported crashes found in Virginia. National estimates of total crashes 

can then be estimated by crash type. 

The objective of this chapter was to identify non-police-reported crashes in traffic camera 

video and compare them to police reported crashes. With the analyses described, this dissertation 

establishes traffic camera data as a viable method for substantively increasing the data available 

for a variety of future work. 

Methods 

 The source of video in this work was the VTIS (23) described in Chapter 2. Videos were 

stored in hour-long segments for each camera. Some video files were missing or shorter than one 
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hour in cases where the cameras or video capture system were not functioning; however, the 

overall sample captured remains sufficiently large to support statistically robust analyses. 

Crash Identification 

The source of data for crash identification was the crash map layer in the Virginia Traffic 

Information System, described in Chapter 2. When an event with the text “crash” or “accident” in 

the description was found in the crash map layer for the first time, the location of this event as 

indicated by VDOT was compared to the locations of the traffic cameras in the dataset. If an event 

was found to have occurred within 800 feet of a traffic camera, the entire hour-long segment for 

that traffic camera was marked as a candidate video segment. A candidate crash distance of 800 

feet was chosen as vehicle behavior was found to be visible no further than 800 feet from most 

cameras. 

Each hour-long segment was then manually reviewed for crashes. A crash was included in 

this study if the type of crash and moment of crash were clearly discernable. A crash was defined 

to be any event where the body of a vehicle (excluding the tires) contacted the environment, 

another vehicle, a pedestrian, or an animal. Crashes which were occluded by vehicles or 

infrastructure were not included, and crashes which occurred too far away from the camera to 

determine the crash type were not considered. Loss of control events which did not result in road 

departure were not considered crashes. While VDOT did not have clear publicly-stated criteria for 

what was considered a crash at the time of data collection, it appeared to include any roadway 

event which affected the flow of traffic, so not all events identified by VDOT were included in the 

dataset for this chapter. 
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A separate analysis was performed to identify pedestrian impacts. Because pedestrian 

impacts typically do not affect the flow of traffic, no VTIS events were pedestrian impacts at 

intersections. In order to study pedestrian impacts, PARs from the Commonwealth of Virginia 

during the study period were queried. PARs were selected where a pedestrian impact occurred 

within 800 feet of a traffic camera. These candidate PARs were manually reviewed to determine 

if a pedestrian impact was visible. 

Crash Data 

For each crash, the crash type for the first event was coded using the same categories as 

the ACCTYPE variable in the NASS/CDS (57). Additionally, the number of ambulances which 

responded to the crash was coded. This was used as a proxy for severity that was directly 

observable in the video. The presence of ambulances could not be identified for video clips where 

these vehicles arrived after the video clip ended, which occurred in 17% of cases. Finally, the 

presence of rollover was coded for any vehicles in each case. When possible, a Virginia PAR was 

matched with each identified crash using its time and location and KABCO crash severity was 

extracted. Cases where no PAR could be matched were considered unreported crashes. 

Reported and Unreported Crash Estimation 

The total number of crashes was estimated in the United States by using the reporting rate 

and the formula given below, where 𝐶𝑅𝐾 was the total number of crashes of type 𝑘, 𝐶𝑅𝑆𝑆𝑘was 

the number of crashes in CISS of type 𝑘, and 𝑃𝐴𝑅𝑘 was the proportion of VT-CAST 2020 crashes 

of type 𝑘 which had police reports. CRSS did not use the ACCTYPE system in NASS/NDS, so 

the ACCTYPE value for each crash was re-encoded to the equivalent manner of collision 

(MANCOL) value in CRSS. 



50 

 

 

𝐶𝑅𝑘 =
𝐶𝑅𝑆𝑆𝑘

𝑃𝐴𝑅𝑘
 

Results 

A total of 13,969 candidate video segments were identified from the Virginia Traffic 

Information System and manually reviewed for crashes. During September and October 2020, the 

event reporting system was deactivated without the authors’ knowledge, and a new web page 

presenting similar information was identified in November 2020. This created a gap in time where 

no crashes were identified. 

Despite the relatively infrequent placement and narrow field of view of traffic cameras, 

some cameras were “in the right place at the right time” and a total of 292 crashes were identified 

within the traffic camera dataset using the VTIS method. Only 2.1% of candidate video segments 

contained crashes. For the other cases, the crash did not occur within the camera view or the event 

identified by VDOT was not considered a crash for the purposes of this chapter. An example frame 

showing a crash involving heavy vehicles is depicted in Figure 16. A total of 134 pedestrian impact 

PARs were found within 800 feet of a traffic camera. After manual review, six pedestrian impacts 

were visible. 

The crash types identified in the dataset are described in Table 7. The most common crash 

types identified were road departure, rear-end, angle/sideswipe, and intersection. Forward impact 

crashes, fixed object, and pedestrian crashes were less common. In 2019, single-vehicle crashes 

represented 28% of police reported crashes nationally in CRSS 2019 (58) compared to the 38% of 

road departure crashes identified in this dataset. Rear-end crashes represented 36% of crashes in 

both CRSS 2019 and this dataset. This suggests that this dataset could be representative of road 
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departure and rear-end crashes as they occur nationally. However, intersection and intersection 

related crashes represented 9% of the cases in this dataset and 45% of the cases in CRSS 2019; 

likely as a consequence of camera location. 

 

Figure 16. A crash between two tractor-trailers which occurred at the intersection between US 58 and US 501 in South Boston, VA 

at 10:31AM local time. The tractor on the left was turning across the intersection and had the right of way while the tractor on the 

right was traveling left and ran the light. 

The proportion of crash types which had police reports is also detailed in Table 7. 

Approximately 41% of crashes identified through traffic cameras were police reported. The police 

reporting rate was 32% among single-vehicle crashes and 50% among multi-vehicle crashes, and 

strikingly the rate among intersection crashes was 100%. Blincoe et al. (56) estimated that 40.3% 

of property damage only crashes and 68.1% of injury crashes were reported to police. 

In CRSS 2019, 6.5% of crash occupants were transported from the scene of the crash to a 

medical facility. However, in this dataset, ambulances were present in 31.8% of cases, although 

whether any individual used the ambulances for medical transport was unknown. This suggests 

that there were many cases where ambulances did not transport crash participants, or that the 

crashes identified in this dataset could be more severe than the national sample of police reported 
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crashes identified in CRSS. Rollover occurred in 6.9% of cases in this dataset. In CRSS 2019, 

3.2% of cases involved a rollover. 

Table 7. Crash types identified in traffic camera video, and the proportion of cases in each crash type which were reported to police. 

The percentages of police reported crashes are computed for each crash type and do not add up to 100%. † Pedestrian crashes were 

found directly from police reports. 

Type Count % 
Police 

Reported 

Police 

Reported % 

Road Departure 111 37.5% 36 32.4% 

Rear-End 104 35.1% 39 37.5% 

Angle or Sideswipe 29 9.8% 14 48.3% 

Intersection 25 8.4% 25 100.0% 

Forward Impact 10 3.3% 3 30.0% 

Pedestrian 6 2.0% 6 100.0% † 

Other/Unknown 6 2.0% 2 33.3% 

Struck Fixed Object 6 2.0% 2 33.3% 

Total 298 100.0% 127  

 

Among crashes with police reports, the distribution of KABCO severity is given in Table 

8. Property damage only crashes (those with no apparent injury) occurred most frequently (63% 

of cases). Minor injury cases were less common (24.2% of cases), followed by serious injury cases 

(6.7% of cases) and possible injury cases (4.2% of cases). The dataset included two cases with 

fatal injuries as determined by police officers. The proportion of KABCO scores represented in 

the VT-CAST 2020 dataset was comparable to the proportion of KABCO scores across all Virginia 

PARs during the period which traffic camera video was collected. This suggests that an unbiased 

distribution of Virginia crash severities was sampled. 
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Table 8. Injury severity in crashes with police reports identified by the VTIS method, compared to the proportion of KABCO scores 

in all Virginia crashes during the study interval. 

Severity Count % All VA PARs % 

O – No Apparent Injury 76 63.3% 67.1% 

C – Possible Injury 5 4.2% 8.0% 

B – Suspected Minor Injury 29 24.2% 19.1% 

A – Suspected Serious Injury 8 6.7% 5.2% 

K – Fatal Injury (Killed) 2 1.7% 0.7% 

 120 100.0% 100.0% 

 

To relate the crash outcomes in this dataset to national databases, the ratio between CRSS 

2019 manners of collision and manners of collision in this dataset was computed (Table 11). 

Assuming the reweighting factor to be 1.00 in cases where it could not be computed, the total 

number of reported and unreported estimated crashes in 2019 is given in Table 12. Approximately 

14,928,545 crashes occurred in 2019, considering the reweighting factors computed from traffic 

camera crashes. This compares favorably to the estimate in Blincoe et al. (56) for 2019 of 

14,193,727 total crashes. However, this estimate contains information about the crash mode: While 

front-to-rear crashes and single-vehicle crashes still represent the most common manners of 

collision, the third most common manner of collision among police reported crashes was angle 

crashes, while the third most common manner of collision estimated among all crashes was 

sideswipe – same direction crashes. 

Table 9. Comparison of CRSS 2019 Manner of Collision and VT-CAST 2020 Manner of Collision in cases identified by the VTIS 

method. 

Manner of Collision 

(MANCOL_IM) 
CRSS 2019 

VT-

CAST 

2020 

VT-CAST 2020 

% Police 

Reported 

Reweighting 

Factor 𝑪𝑹𝒌 

Single-Vehicle 28.3% 43 35.2% 2.84 

Front-to-Rear 32.5% 42 36.8% 2.71 

Front-to-Front 2.7% 0 0.0% - 

Angle 22.1% 25 100.0% 1.00 
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Sideswipe – Same Direction 11.4% 14 48.3% 2.07 

Sideswipe – Opposite Direction 1.6% 0 0.0% - 

Rear-to-Side 0.9% 0 0.0% - 

Rear-to-Rear 0.1% 0 0.0% - 

Other 0.6% 2 33.3% 3.00 

Total 100.0% 292 - - 

 

Table 10. Total estimated crashes in 2019 by manner of collision using the reweighting factors computed from VT-CAST 2020. 

Manner of Collision 

(MANCOL_IM) 

CRSS 2019 

Police Reported 

Total 

Estimated 

Crashes 

Front-to-Rear 2,194,966 5,957,765 

Single-Vehicle 1,909,264 5,416,982 

Sideswipe – Same Direction 770,185 1,595,383 

Angle 1,492,532 1,492,532 

Front-to-Front 179,532 179,532 

Other 38,495 115,485 

Sideswipe – Opposite Direction 108,291 108,291 

Rear-to-Side 58,964 58,964 

Rear-to-Rear 3,865 3,865 

Total 6,755,841 14,928,545 

 

Discussion 

This chapter showed that rare events such as crashes could be analyzed in video form by 

capturing massive amounts of video and filtering. A large number of crashes were observed and 

studied for this analysis which were not reported to police, particularly single-vehicle crashes. It 

is important to consider the distribution of camera locations given earlier in Table 5 from Chapter 

2; if a certain crash mode was disproportionately unreported to police on local roads, for example, 

the reweighting factor 𝐶𝑅𝑘 would be underestimated. This might occur if lower severity crashes 

occurred on local roads. 
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Automotive stakeholders such as manufacturers, safety advocates, ratings agencies, 

NHTSA, state DOTs, and others prioritize their actions based on the relative occurrence and 

severity of crashes. Not all actions apply to every crash mode, so an understanding of the relative 

occurrence of crash modes is essential. This work suggests that sideswipe crashes occur more 

frequently than angle crashes, in opposition to nationally representative samples of police reports, 

because angle crashes are well covered by police reports and sideswipe crashes are not. As such, 

these data may provide a better estimate of overall crash prevalence and distribution for a specified 

location than traditional PAR-based databases. Stakeholders should consider this difference when 

evaluating their priorities and applying the traffic camera research methods. 

Future work could expand the scope of data collection. The fifteen states which offer traffic 

video (Figure 1, Chapter 1) had 15,302 traffic fatalities in 2020, 39% of all traffic fatalities that 

year (59). A more nationally representative understanding of crashes could come from considering 

these camera installations across the United States, not just in Virginia. Because many of the 

cameras are placed at regular intervals along highways, they are not necessarily placed to capture 

areas which have a disproportionate number of crashes. By investing in camera installations, state 

transportation agencies have the ability to capture a greater number of crashes and perform 

analyses beyond that which is possible from police reports. 

Conclusion 

The objective of this chapter was to directly observe crashes found in Virginia Traffic 

camera video. A total of 298 events were successfully identified from traffic camera video. Road 

departure and rear-end crashes occurred in similar proportions to national databases, but 
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intersection crashes were underrepresented and severe and rollover cases were overrepresented. 

This shows promise as a future data source for crash reconstruction, particularly for specific 

geolocations which are equipped with traffic cameras. Among these crashes, 32% of single-vehicle 

crashes and 50% of multi-vehicle crashes did not appear in the Virginia crash database. An 

estimated 14.9 million police reported and unreported crashes occurred in the United States in 

2019, concurring with previous estimates but uncovering the underlying distribution of crash 

types. The distribution of all crashes was similar to that of police reported crashes, with the 

distinction that sideswipe crashes occur more often than expected from police reports, outranking 

angle crashes in incidence. 
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5. PROOF OF CONCEPT QUANTITATIVE CHARACTERIZATION OF DRIVER 

BEHAVIOR IN INTERSECTION TRAVERSALS 

Introduction 

 Automated vehicles, in general, operate model predictive control (MPC) schemes, where 

information from the environment is gathered to inform short-term predictions of their own 

behavior and that of surrounding traffic actors. The optimal control signals (throttle position, 

indicator lamp status, brake pressure, steering torque, etc.) to achieve short-term navigation goals, 

obey the law, and avoid collisions are chosen based on these predictions. Computing accurate 

short-term predictions of traffic actors is therefore an essential component of these systems. 

Road user behavior can be directly observed by driving the instrumented vehicles (often 

the automated vehicle with or without automation active), collecting data, and synthesizing models 

from the sensor data captured. Public road user data directly observed by driving automated 

vehicles has been released by Waymo (60) and other developers. Such methods are useful; 

however, another way to collect this road user behavior is to study traffic camera video. Traffic 

cameras are installed in a variety of locations, allowing the analysis of highway driving, surface 

street driving, pedestrian walking, and cycling. The large volume of traffic camera video available 

allows for significant statistical power and the ability to validate road user behavior in rare 

situations at a much lower cost than acquiring a comparable volume of information from vehicle-

based collection. Clusters of driver behavior can be determined by computational methods in a 

data-driven way, considering the full range of behavior analyzed in the VT-CAST 2020 dataset 

and capturing the natural variation and multitude of influences on driver behavior. 
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 The objective of this chapter was to investigate the efficacy of traffic camera data for 

understanding driver behavior. As a proof of concept, this analysis developed a family of curves 

to describe the behavior of drivers traversing intersections with the aim of creating a process and 

reference dataset for developers of automated vehicle control systems. 

Methods 

Trajectories  

The source dataset for this task was the trajectories determined from Chapter 3. Only 

camera views with trajectory information were considered; these were further filtered to only 

consider those camera views which covered intersections. Segments of vehicle trajectories were 

selected where drivers entered an intersection and at least two seconds of trajectory information 

was available both before and after entering the intersection. 

The intersection boundary was manually annotated using the JOSM software package (61). 

The intersection boundary when entering the intersection was defined to be the location of the stop 

bar for the purposes of this chapter. In the absence of the stop bar, asphalt seams, road wear, and 

the positions of vehicles in reference satellite imagery were used to estimate the typical location 

where stopped drivers would stop. Dashed lines at the edge of a traffic circle were used as the 

intersection boundary in those cases. 

Model Development 

 To develop a family of curves describing driver behavior, the k-means statistical clustering 

technique was used as implemented in scikit-learn (62). The dataset for the clustering algorithm 

was the vehicle velocity sampled at 15 Hz for both two seconds before and after intersection entry, 
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along with the moment of intersection entry. Each timestep represented a distinct model feature, 

so 61 model features were present. Two seconds was chosen to balance the extent of the vehicle 

trajectory with the availability of contiguous trajectories. The number of long-duration trajectories 

was limited by the performance of the vehicle tracking component in Chapter 3. The number of 

clusters was selected so that the RMS error of individual trajectories to their assigned clusters, on 

average, was equal to the median velocity measurement error determined in Chapter 3. Increasing 

the cluster count further would serve primarily to capture measurement noise. 

Results 

 After considering camera views of intersections with trajectory information, 59 

intersections were included in the analysis for this chapter. All intersections were signalized, 

except for one traffic circle. An exemplar image from the traffic circle camera, located on US-58 

in the Virginia Beach area, is available in Figure 17. The number of lanes of traffic present at each 

intersection are given in Figure 18. Most intersections had between five and eight lanes. 

 

Figure 17. An exemplar frame from the only traffic circle included in the dataset. 
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Figure 18. Distribution of the number of lanes at each intersection considered for analysis in this chapter. 

 

A total of 58,180 eligible vehicle trajectories were found from the selected camera views. 

Approximately 36,990 hours of video were considered. To model driver behavior, 45 clusters were 

selected. The family of trajectories (centroids of the k-means clusters) is given in Figure 19. Each 

trajectory in the source data was associated with a cluster. The largest cluster represented 6,099 

trajectories, 10.5% of all trajectories considered. The smallest cluster represented 154 trajectories, 

0.3% of all trajectories considered. 
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Figure 19. Centroids of the algorithmically generated clusters found in the velocity of vehicles entering intersections. 

Three gross behaviors were demonstrated: vehicles which decelerated, vehicles which 

traveled at approximately the same speed, and vehicles which accelerated. These categories are 

presented separately in Figure 20. Trajectories with an average acceleration between -0.1 m/s2 and 

0.1 m/s2 were considered to have constant speed. Vehicles which decelerated at the time of 

intersection entry were generally traveling lower speeds than those accelerating into the 

intersection, suggesting those vehicles started slowing earlier than two seconds before intersection 

entry. The relative frequencies of these three trajectory modes are given in Table 11. Accelerating 

and decelerating trajectories occurred in similar proportion to each other, and more often than 

constant speed trajectories. 
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Figure 20. Centroids of the algorithmically generated clusters found in the velocity of vehicles entering intersections. 

Table 11. Relative frequency of trajectory types. 

 Number of 

Trajectories 
% 

Accelerating 24,507 42.1% 

Constant Speed 11,762 20.2% 

Decelerating 21,911 37.7% 

Total 58,180 100.0% 

 

Discussion 

Arguably the most significant factor in driver behavior around signalized intersections is 

the phase of the light experienced during the intersection approach. Signal phase information was 

not available directly in this study. However, for some camera views, the traffic signals themselves 

were visible. An example of this is given in Figure 21. In this example, the signal was not visible 
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for the intersection approach that was visible; the northbound signal was visible, but the 

southbound road was visible. There were no camera views where an intersection approach was 

visible alongside the signal controlling that approach. A future study could algorithmically observe 

the traffic camera video to determine which traffic signal is lit and further analyze driver behavior 

in the limited population of traffic camera views with signal phase information, considering that 

signal information is only indirect, like in Figure 21. A significantly better approach would be to 

directly receive signal phase and timing data streams from the signal controllers. Such information 

was not readily available at the time of data collection; however, it may be feasible to obtain such 

data in the future as Virginia is migrating to a statewide signal system. Substantially more 

meaningful analyses of the vehicle approach trajectories could be performed if the exact signal 

phase and timing synchronized with each trajectory was treated as a covariant. 

 

Figure 21. A camera image from the intersection between Main Street and Chain Bridge Road in Fairfax, VA. 

The method of aligning driver trajectories used in this chapter was most useful at 

characterizing driver behavior when vehicles stop at the intersection boundary. Drivers frequently 
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stop before, near, or beyond this location, and future work could consider alternate trajectory 

alignment points. 

Previous work by Noble et al. and Scanlon has considered the trajectories of vehicles at 

intersections in the 100-car NDS (63, 64). This chapter considered a greater number of trajectories 

(58,180 vs. 41,479), however the Noble et al. and Scanlon studies considered a significant number 

of intersections with stop signs. No such intersections were present in the dataset of cameras 

considered for this study. This study improves upon the work by Noble et al. and Scanlon by 

considering a larger dataset and a family of driver trajectories, each of which closely aligns with 

the behavior of a distinct group of driver trajectories, in contrast to developing a single ‘master’ 

trajectory with high statistical variance. 

Three gross behaviors were characterized in this analysis: accelerating, constant speed, and 

decelerating trajectories. To physically interpret the causation of these behaviors and more finely 

divide them, future work could consider signal phase, ultimate destination of the vehicle, traffic 

volume, intersection size, and other environmental factors. 

Expansion of the trajectory dataset developed in Chapter 3 could enable an updated version 

of the study presented in this chapter. Many vehicles were re-assigned identifiers as they traveled, 

instead of receiving one stable identifier. Reducing vehicle re-identification would increase the 

proportion of trajectory data amenable to this analysis. A future version of this study could also 

consider the effects of lead vehicles on the behavior of drivers; one might expect drivers to behave 

differently between car following situations and free driving. The number of k-means clusters 

selected was limited by the detection accuracy of the camera system. A future study with better 

vehicle detection algorithms or higher resolution video could potentially include more clusters and 
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model more subtle driver behaviors. Future work could additionally consider the following factors 

in intersection driver behavior: 

• time of day (day/dawn/dusk/night); 

• weather; 

• the action taken by the driver (traveling through, turning left, turning right); 

• and the size of the intersection and lane of travel of each vehicle. 

Conclusion 

The objective of this chapter was to investigate the efficacy of traffic camera data for 

understanding driver behavior. As a proof of concept, this analysis developed a family of curves 

to describe the behavior of drivers traversing intersections with the aim of creating a process and 

reference dataset for developers of automated vehicle control systems. A total of 58,180 

trajectories of intersection entry were grouped into 45 trajectory clusters. Distinct subgroups of 

accelerating, constant speed, and decelerating trajectories were present. Accelerating and 

decelerating trajectories each occurred more frequently than constant speed trajectories. This study 

improves upon the work by Noble et al. and Scanlon by considering a larger dataset and a family 

of driver trajectories, each of which closely aligns with the behavior of a distinct group of driver 

trajectories, in contrast to developing a single ‘master’ trajectory with high statistical variance. 

Future work should consider signal phase and timing, environmental factors which would explain 

the causes of driver behavior, time of day, weather, and other factors. Higher quality trajectories 

developed in future work could enable more fine-grained clusters. 
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5. PROOF OF CONCEPT: QUANTITIVE MODEL OF DRIVER-PEDESTRIAN 

INTERACTION AT CROSSWALKS 

Introduction 

Future automated vehicle systems will need an understanding of pedestrian behavior to 

perform normal driving and prevent collisions. Traditionally, information on pedestrian behavior 

has come from observational studies in which pedestrians were observed at a fixed number of 

locations for a fixed period of time. Bosina and Weidmann (65) present a detailed review of 

pedestrian observational studies. Capturing the paths and intentions of pedestrians is not only 

important for road safety work, but is also central to planning walkways, movement in public 

spaces, and evacuation scenarios. Kerridge et al. (66) discuss a method for automatically collecting 

pedestrian trajectories using several linear thermal imaging sensors. Trajectory information was 

available at 30 Hz for up to 10 people, and the update rate was lower when more pedestrians were 

visible. No accuracy information was given. 

Previous observational studies (65–67) have relied on positioning cameras or observers 

near pedestrian crossing locations and observing behavior. Because the researchers in these studies 

position the cameras themselves, the selection of data collection sites can be driven by convenience 

or other operational concerns. In this work we propose to overcome this limitation by observing 

pedestrian behavior using pre-existing traffic cameras in the Commonwealth of Virginia. These 

traffic cameras are located across the commonwealth and no physical setup is required for their 

use. This allows the locations to be easily selected and changed as part of the sample design, and 

a larger number of cameras were available for analysis than for any one study. 
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The objective of this chapter was to demonstrate a methodology to determine a family of 

curves describing the behavior of drivers in the presence of pedestrians using traffic camera video 

at crosswalk crossings. 

Methods 

Pedestrian and Vehicle Trajectories 

 In a similar method as the previous chapter, the source dataset for this task was the 

trajectories determined from Chapter 3. Only camera views with trajectory information were 

considered; these were further filtered to only consider those camera views which covered 

crosswalks. All valid vehicle and pedestrian trajectories were considered where drivers could react 

to the pedestrian. We defined this to be cases where, at any point during the trajectory, a pedestrian 

was contained within a sightline arc 180 degrees wide and 40 meters in radius pointed along the 

centerline and centered at the front of the vehicle. A radius of 25 meters was used at night, to match 

pedestrian detection range estimates by Haus and Bhagavathula (68, 69). Valid trajectories were 

those where at least one second of trajectory data was available. Trajectories with fewer data points 

were often mis-detections or could not be fully smoothed by the Kalman filter. One second was 

chosen to balance the extent of vehicle trajectory with simultaneously available vehicle and 

pedestrian trajectories. For those trajectories where vehicles and pedestrians were on a collision 

course, Time to Collision (TTC) was computed. TTC was defined as the ratio between the distance 

to the shared collision point and the velocity of the vehicle. 
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Model Development 

 To develop a family of curves describing driver behavior in the presence of pedestrians, 

the k-means statistical clustering algorithm was used as implemented in scikit-learn (62). Both 

vehicle clusters and pedestrian clusters were identified. The dataset for the clustering algorithm 

was the vehicle or pedestrian velocity sampled at 15 Hz for 0.5s before and after the pedestrian 

proximity point, along with the pedestrian proximity point itself. The pedestrian proximity point 

was defined to be the point in the trajectory where the driver was closest to a pedestrian. Each 

timestep represented a distinct model feature, so 15 model features were present. The trajectory 

duration was chosen to balance the number of trajectories available with the amount of context 

available in each trajectory. Vehicle velocities were lower when vehicles were interacting with 

pedestrians, necessitating a different cluster quantity cutoff from the one used in Chapter 5. The 

number of clusters was selected so that the RMS error between individual trajectories and their 

assigned cluster was less than 5% of the mean vehicle velocity in each trajectory. This served to 

reduce the acceptable error for trajectories at low speeds and fully capture their behavior. Also, the 

difference between each velocity point and the mean velocity was considered instead of the true 

velocity at each point; this normalized the large range of velocity values considered. 

Results 

After considering camera views of crosswalks with trajectory information, 35 camera 

views were included in the analysis for this chapter. A total of 1,488 driver-pedestrian encounters 

were found from approximately 13,238 hours of traffic camera video. Using the method described 

in the previous paragraph, 16 vehicle trajectory clusters were selected. The family of trajectories 
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(centroids of the k-means clusters) is given in Figure 22. Each trajectory in the source data was 

associated with a cluster. The largest cluster represented 595 trajectories, 40.0% of all trajectories 

considered. The smallest cluster represented 9 trajectories, 0.6% of all trajectories considered. 

 

Figure 22. Centroids of the algorithmically generated clusters found in the velocity of vehicles interacting with pedestrians near 

crosswalks. 

In a similar manner to the analysis in Chapter 5, three gross behaviors were shown: vehicles 

which accelerated, vehicles which traveled at approximately the same speed, and vehicles which 

decelerated. These categories are presented separately in Figure 23. Trajectories with an average 

acceleration between -0.1 m/s2 and 0.1 m/s2 were considered to have constant speed. Interestingly, 

one centroid with a mean acceleration near zero shows a significant slowing around the pedestrian 

of 2 km/hr; the deceleration prior to and acceleration after encountering the pedestrian was 1.1 

m/s2. This centroid represented 9 trajectories, or 0.6% of all trajectories considered. Other 
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trajectories also showed a slowing around the pedestrian. The relative frequencies of these three 

trajectory modes are given in Table 12. Constant speed trajectories occurred the most often, 

followed by accelerating trajectories and decelerating trajectories. 

 

Figure 23. Categories of the centroids of the algorithmically generated clusters found in the velocity of vehicles interacting with 

pedestrians near crosswalks. 

Table 12. Relative frequency of trajectory types. 

 Number of 

Trajectories 
% 

Accelerating 466 31.3% 

Constant Speed 717 48.2% 

Decelerating 305 20.5% 

Total 1488 100.0% 

A total of eight pedestrian trajectory clusters were identified. The distribution of pedestrian 

instantaneous velocities is given in Figure 24. A cutoff of 1.7 km/hr was used to differentiate 
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motionless pedestrians from those who are moving. This corresponds to the 1st percentile 

pedestrian speed across all non-stairs datasets considered by Bosina and Weidmann (65). The 

median velocity across all time points was 1.0 km/hr. Approximately 56% of pedestrian time was 

spent motionless. Among moving pedestrians, the median velocity was 3.4 km/hr. The median 

reference speed of a North American pedestrian given by Bosina and Weidmann was 5.0 km/hr, 

faster than that found in this dataset. We propose two possible explanations of this: 1) because 

these instantaneous velocities include the time some pedestrians spend accelerating and 

decelerating before and after their motion across the roadway, respectively, a greater proportion 

of slower motions are included, and/or 2) as these pedestrians are interacting with vehicles, they 

may not achieve their free-flow velocity. The family of pedestrian trajectories is given in Figure 

25. The largest cluster represented 895 pedestrian trajectories, or 60.1% of all trajectories 

considered. The smallest cluster represented 10 pedestrian trajectories, 0.7% of all trajectories 

considered. Most trajectories (81%) were approximately constant speed (less than 0.1 m/s^2 of 

acceleration/deceleration). Approximately 15% of trajectories were accelerating faster than 0.1 

m/s^2, and the remainder (4%) of trajectories were decelerating. The trajectory labeled X5 depicts 

a pedestrian slowing prior to the proximity point; this occurred in 0.6% of cases. 
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Figure 24. Distribution of instantaneous velocities of pedestrians observed interacting with vehicles near crosswalks. The black 

line indicates all velocities; the red line indicates all moving velocities (those greater than 1.7 km/hr). 
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Figure 25. Centroids of the algorithmically generated clusters found in the velocity of pedestrians interacting with vehicles near 

crosswalks. 

For those vehicle-pedestrian pairs on a collision course (1,316 pairs), the distribution of 

TTC values is given in Figure 26. TTC values were uniformly distributed from approximately 

TTC=1s to TTC=15s, and infrequent below that threshold. 
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Figure 26. Distribution of minimum TTC values for vehicle-pedestrian pairs which were on a collision course. 

Discussion 

Similar work was performed by Ismail et al. in 2009 (17). This chapter considered a similar 

number of pedestrians (2,218) as their study (2,100). However, this chapter considered a larger 

number of sites (35 vs. 1). 

Arguably the most significant factor in driver behavior around intersections and crosswalks 

is the phase of the light and pedestrian walk sign. Signal phase information was not available 

directly in this study. However, for some camera views, the traffic signals or pedestrian signs 

themselves were visible. An example of this is given in Figure 27. While the pedestrian signals are 

visible in this case, the eggcrate pattern and small size of the signal makes the walk/stop status 

unidentifiable from the traffic camera image. There were no cameras where the pedestrian 
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walk/stop status was clearly visible. A future study would have to consider an alternate source for 

signal phase information or use higher resolution video to clearly identify pedestrian signal status. 

As discussion in the previous chapter, obtaining streams of signal and crosswalk phase information 

is increasingly feasible as the deployment of advanced signal controllers and intelligent 

transportation system networks proliferates. 

 

Figure 27. Camera view from the intersection between Carlin Springs Road and the Route 50 exit/entrance ramps. 

Expansion of the trajectory dataset developed in Chapter 3 could enable an updated version 

of the study presented in this chapter. Many vehicles and pedestrians were re-assigned identifiers 

as they traveled, instead of receiving one stable identifier. Reducing vehicle and pedestrian re-

identification would increase the proportion of trajectory data amenable to this analysis and would 

allow expanding the time horizon considered for each encounter. A future version of this study 

could also consider the effects of lead vehicles on the behavior of drivers; one might expect drivers 

to behave differently between car following situations versus directly interacting with a pedestrian. 

The number of k-means clusters selected was limited by the detection accuracy of the camera 

system. A future study with better vehicle detection algorithms, pedestrian detection algorithms, 
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or higher resolution video could potentially include more clusters and model more subtle driver 

behaviors. Analogously to the previous chapter, future work could additionally consider the 

following factors in driver-pedestrian behavior: 

• time of day (day/dawn/dusk/night), beyond the inclusion or exclusion of cases; 

• weather; 

• the action taken by the driver (traveling through, turning left, turning right); 

• and the action of the pedestrian (walking across the vehicle path, walking along/opposite 

the vehicle path). 

Conclusion 

The objective of this chapter was to demonstrate a methodology to determine a family of 

curves describing the behavior of drivers in the presence of pedestrians using traffic camera video 

at crosswalk crossings. From 35 crosswalks in the VT-CAST 2020 dataset, all vehicle and 

pedestrian trajectories were considered where drivers could react to the pedestrian, yielding 1,488 

trajectories of driver-pedestrian interaction. K-means clustering was used to group vehicle and 

pedestrian trajectories into 16 and eight trajectory clusters, respectively. Distinct subgroups of 

accelerating, constant speed, and decelerating trajectories were present, including trajectory 

clusters which described vehicles slowing down around pedestrians. Constant speed trajectories 

occurred the most often, followed by accelerating trajectories and decelerating trajectories. This 

analysis demonstrates the efficacy of analyzing pedestrian and vehicle interactions at crosswalks 

using traffic cameras. This potentially powerful research method will enable the study of a very 

large number of interactions at specific intersection locations at a very low cost relative to 
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instrumented vehicles or other methods. With the addition of signal phase and timing data, the 

method will provide detailed information for a variety of applications with a particular opportunity 

for developing driver/pedestrian models which may be used in automated vehicle or other 

technology development efforts (e.g., advanced signal systems). 
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6. CONCLUSION 

 There exists a need for a database of crashes and normal driving collected recently with 

detailed information to enable crash and driving reconstruction. In this work, 6,779,726 hours of 

video from publicly available internet streams were recorded from 1,263 traffic cameras in the 

Commonwealth of Virginia. The trajectories of vehicles and pedestrians in the video were 

automatically determined using computer vision techniques. A total of 35,080 vehicle miles 

traveled and 139 pedestrian miles traveled were reconstructed. Within the dataset, 298 crashes 

were observed. Road departure and rear-end crashes occurred in similar proportions to those in 

national databases, but intersection crashes were underrepresented while severe and rollover 

crashes were overrepresented. Among these crashes, 32% of single-vehicle crashes and 50% of 

multi-vehicle crashes did not appear in the Virginia crash database. An estimated 14.9 million 

police reported and unreported crashes occurred in the United States in 2019, concurring with 

previous estimates but uncovering the underlying distribution of crash types. The distribution of 

all crashes was similar to that of police reported crashes, with the distinction that sideswipe crashes 

occur more often than expected from police reports, outranking angle crashes in incidence. 

Furthermore, two proof of concept analyses were performed to explore and demonstrate 

the potential of these data as a large-scale robust source for future safety analyses. First, a total of 

58,180 intersection entries were examined and grouped into a family of 45 trajectory clusters. The 

relative occurrences of these clusters were considered, capturing rare driver behaviors which 

occurred in 0.3% of traversals. A similar analysis was conducted for driver-pedestrian interactions. 

A total of 1,488 driver-pedestrian interactions were examined and grouped into a families of 16 

vehicle trajectory clusters and eight pedestrian trajectory clusters. The relative occurrences of these 
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clusters were considered, capturing rare driver-pedestrian interactions which occurred in 0.6% of 

cases. 

 The primary benefit of a dataset is to enable a wide range of research, including study 

designs the dataset authors could not have considered. As evidence, there are already three studies 

currently in progress (beyond this dissertation) which use the VT-CAST 2020 dataset: 

• “Modeling driver behavior and I-ADAS in intersection traversals”, which uses the vehicle 

trajectory information to study traffic conflicts in a manner similar to Chapter 5. 

• “Real time risk prediction at signalized intersection using graph neural network”, which 

uses the traffic camera video with alternative algorithm to the one presented in Chapter 3 

to ultimately develop a near real-time risk score for a traffic scene (70). 

• “Methods to encourage slow-moving trucks to travel only in designated lanes”, which aims 

to understand the prevalence of commercial motor vehicles using the left lane in situations 

violating Code of Virginia § 46.2-803.1, and the impact this may have on other motorists 

who are driving behind these vehicles by determining the level of impedance. 

Limitations of Work 

A significant amount of available traffic camera video was not recorded (41.2% of potential 

recordable hours); failures in capture were mostly random and linked to software and/or hardware 

failures in the VDOT camera and public video distribution system. This means that not all possible 

events, such as crashes, were contained in the dataset. Significant improvements in performance 

are possible based on the lessons learned within this work; particularly if the research team closely 
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collaborates with the road operator to maximize camera data availability (little direct collaboration 

was exercised in this case, rather the publicly available data streams were captured via the internet). 

The vehicle tracking and coordinate transformation algorithms assumed that the roadway 

was located on the USGS digital terrain model. This means that vehicles traveling over bridges or 

in tunnels were not tracked. Additionally, the manual alignment process for the camera tracking 

component could not be completed for cameras views of road construction or camera views with 

no distinguishing features. 

The median trajectory had a duration of eight frames, or 0.53 seconds at 15 fps. This means 

that long-term vehicle tracking could only be performed on a small subset of the data, and a naïve 

count of traffic would significantly overestimate the number of cars and pedestrians at each 

location, as most vehicles were assigned multiple identifiers. Despite these limitations which 

reduce the amount of available data, the source dataset of video was so large that the studies in this 

dissertation could still be completed. Future work which uses the trajectory data must consider 

these issues. 

Due to limitations on available computational resources, not all valid video clips have 

trajectory information for vehicles or pedestrians. Future studies can complete more computation, 

and future computing systems (both CPUs and GPUs) may have the ability to complete the 

trajectory analyses in a shorter period of time, enabling studies designs with higher statistical 

power that consider more rare behaviors. 

The trajectory analyses in this work would be substantially more meaningful with precise 

signal phase and timing information, for both vehicles and pedestrians. This information is 

valuable for understanding driver and pedestrian behavior around intersections. With the increased 
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prevalence and integration of statewide intelligent transportation systems (ITS), especially in 

Virginia, future studies should consider capturing all relevant ITS data, such as signal phase and 

timing, pedestrian walk sign phase and timing, and highway variable sign text. Generally, tighter 

integration with systems provided by the roadway operator could allow for higher quality video, 

more camera views, better uptime, more data, and other benefits. 

Potential Study Designs for Future Work 

 At the onset of this work, little prior research had leveraged traffic cameras for safety 

research. However, traffic camera networks are increasingly common across the United States, 

with many road operators developing regional and statewide systems which capture hundreds to 

thousands of cameras within a single platform. In some instances, these platforms will also contain 

various additional data, such as signal phase and timing, roadway weather, and other potential data 

content of interest. While this study verified the efficacy of the method, there are a number of 

potential studies which could be conducted using the VT-CAST 2020 dataset and comparable 

future datasets: 

• One potential area of future study is to consider the effect of mobile phone use for 

pedestrians. Hatfield and Murphy (71) previously performed an observational study in 

which researchers directly observed 270 female and 276 male pedestrian crossings. Female 

pedestrians engaged in more dangerous behaviors while using a cell phone, such as 

crossing the street more slowly and observing oncoming traffic less frequently. Male 

pedestrians crossed the street more slowly at unsignalized crossings when using a mobile 

phone. A similar analysis could be performed using the dataset in this study. While mobile 
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phone use was not automatically annotated in the VT-CAST 2020 dataset, some traffic 

cameras could be selected with pedestrians large enough in the field of view to determine 

mobile phone use by manually reviewing the video. The advantages of this study design 

compared to the Hatfield and Murphy study would be ease of selecting a representative 

sample and potential sample size. A random selection of traffic camera data would provide 

representative distributions of light level, time of day, weather, road surface condition, and 

other factors without the logistical hurdle of organizing numerous data collection events. 

Since the traffic camera video is pre-recorded, times where no pedestrians are visible could 

be skipped, allowing researchers to consider more pedestrians for their time and conduct a 

larger study. 

• The STRIDE 2012-016S project (72) aimed to understand vehicle-pedestrian interaction at 

midblock crossings. Data was collected from 27 sites across North Carolina, Florida, and 

Alabama. Sites were chosen across urban and university locations. Sites with more than 

three lanes, raised crosswalks, or infrequent pedestrian crossings were not considered. 

Posted speed limits varied from 15 to 40 mph. Researchers manually coded pedestrian-

vehicle interactions on a written form. A radar speed gun was used to measure the speed 

of the potential conflict vehicle. Video recording of the conflict event was later reviewed 

to measure the duration of pedestrian crossing and review any details which may have been 

missed at the moment of the event. A separate driving study was also conducted in this 

project, where researchers installed cameras and datalogging equipment in participant 

vehicles. The participants were then instructed to drive around one of two routes on a 

university campus. Similar data elements as the pedestrian study were coded from the 
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video. A total of 975 vehicle-pedestrian interactions were considered, in which 53.3% of 

interactions resulted in pedestrian yielding and the remainder resulted in vehicle yielding. 

State flow diagrams and binary logit models were developed to model the decision process 

of the driver and pedestrian and the likelihood of accepting a vehicle gap for crossing, 

respectively. Then, traffic microsimulation models were developed for VISSIM. A similar 

analysis framework could be applied to the VT-CAST dataset. The VT-CAST dataset 

would allow for much larger statistical power due to the larger number of cameras. Many 

of the VT-CAST 2020 cameras would meet the requirements of the STRIDE 2012-016S 

project, and 25 out of the 30 explanatory variables considered in this study could be 

determined from the VT-CAST data without any additional manual annotation. With 

additional manual annotation, it may be possible to determine the other five variables: 

whether the oncoming vehicle was a heavy vehicle, approximate age of the pedestrian, 

pedestrian distraction, presence of business attire on the pedestrian, and pedestrian gender. 

• Another potential application of the dataset is to automatically perform roadway safety 

assessment, using rating scales such as the US Road Assessment Program. Previous 

methods have shown the ability to perform this analysis automatically from panoramic 

images (73, 74). 

• Drivers have been found to be more aggressive immediately after congested driving on 

freely-moving roads (75). In that study, drivers in a simulator spent ten minutes in heavy 

traffic followed by ten minutes in light traffic, or the reverse. Drivers in light traffic 

following an experience in heavy traffic were found to travel at higher speed, accelerate 

faster, and change lanes more often. This study, however, was limited in scope due to the 
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number of participants which could be recruited. Additionally, the relationship between 

simulator behavior and real-life driving could be questioned due to the absence of real-life 

stressors caused by travel delays which were not present in the study design. A follow-up 

study could be conducted using the VT-CAST 2020 dataset. Periods of heavy, congested 

traffic could be identified from traffic cameras located on interstates. Camera views would 

then be included in the study design by selecting those which are immediately downstream 

of the congestion, either on interstates, highways, or secondary roads. Heading rate, 

velocity, lateral and longitudinal accelerations, and lane position would be compared 

between the post-congestion driving and normal driving at other times. This would improve 

upon the Li et al. study by considering a much larger number of drivers, seasonal variation, 

urban vs. rural traffic behavior, and other real-world factors which would not be present in 

a simulator. 

• In Thapa et al. (76), a method was described to evaluate the effectiveness of work zone 

signage, including variable message signs. The SHRP 2 NDS was used to identify 299 time 

series traces across 25 work zones. The authors found that the ends of lanes, speed limit 

signs, and variable message signs reduced the speed of drivers as they passed the point at 

which they were legible. The video capture method in this dissertation could be used to 

perform a similar study while the work zone is active and report effectiveness to state 

DOTs. This would allow states to take action to adjust or supplement signage which does 

not meet standards of effectiveness. 

• The Hutchinson and Kennedy (77) and Cooper (78) studies represent some of the best 

available measurements of encroachment events, those where drivers leave their lane of 
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travel and depart the road. These studies were conducted in 1966 and 1980, respectively. 

Vehicles and roadside design have evolved significantly since this time, so there exists the 

need for an updated dataset of encroachment events. Encroachments could be detected at 

each of the 1,263 camera locations in the VT-CAST 2020 dataset, significantly more than 

the five sites in the Hutchinson and Kennedy study or the 59 sites in the Cooper study. 

Departure angle, re-entry angle, departure speed, and other departure relevant factors could 

be automatically determined from vehicle trajectories. Other studies (79) have considered 

encroachments in the SHRP 2 NDS. A complementary study performed using the VT-

CAST 2020 dataset would allow a more detailed analysis of the roadside hardware present 

for each encroachment, as a fixed, smaller amount of roadside hardware would be 

considered. 

Final Thoughts 

In summary, a large dataset of publicly available streaming traffic camera video from the 

Commonwealth of Virginia was recorded using a system limited by the software and hardware 

available. From this, the trajectories of vehicles and pedestrian in the video were automatically 

determined using computer vision techniques, limited by the software and hardware available. The 

video was also manually reviewed to find crashes, limited by the manual review time available. 

The proof-of-concept analyses of intersection and driver-pedestrian behavior were limited by the 

trajectories available (software and hardware limits) and the resolution of the video. Technological 

progress is rapid; this alone bodes well for future attempts at similar projects. 
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7. PUBLICATION SUMMARY AND PLAN 

The following studies were presented as a part of my PhD program: 

• “Method to Capture Naturalistic Pedestrian Behavior in Virginia Traffic Camera Video”, 

presented at the 2020 AAAM Annual Conference. 

• “Properties of Virginia Crashes Directly Observed in Traffic Camera Video”, presented at 

the 2021 AAAM Annual Conference. 

The following publications and presentations are proposed: 

• “Analysis of Virginia Crash Kinematics Directly Observed in Traffic Camera Video” 

• “Numerical Models of Driver Behavior at Intersections in Virginia” 

• “Numerical Models of Pedestrian-Driver Interactions in Virginia”. 

• “System for Real-Time Analysis of Vehicle Trajectories, Enabling Real-Time Crash 

Detection”, presentation to VDOT. 
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